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Version 0: 

Reviewer comments: 

Reviewer #1 

(Remarks to the Author) 

Deng et al. present a new method to improve the efficiency of phylogenetic sequence placement. It does so by first
determining what clade a new sequence belongs to, then identifying parts of the sequences that are informative, and finally
performing alignment and sequence reconstruction for the clade and the informative parts of the sequences. The first two
steps are performed by a new method based on neural networks, while the alignment and phylogenetic reconstruction are
performed by existing methods. The pipeline is tested on a database of plant sequences, and is found to perform better than
other deep learning approaches, but not as well as standard sequence placement methods. 

I found the manuscript clear overall, although I do have a few comments below on clarity in specific parts of the manuscript. I
am not sure the title of the manuscript is clearly conveying what the method does. The term "Phylogenetic inference" to me
really means the reconstruction of a phylogenetic tree from sequence data, but that's not what the method accelerates. The
method accelerates a particular phylogenetic pipeline, where a reference taxonomy is available, some sequences/taxa need
to be added to it, and only taxonomic identification seems to matter (e.g., the branch lengths do not seem to matter). 

The method presented here, BERTPhylo, is more accurate than other machine learning approaches for taxonomic
identification, but is less accurate than traditional methods. We don't know if the traditional methods are slower or faster than
BERTPhylo. 

The manuscript does not quantify how accurate the reconstructed phylogenys is. We are shown phylogenies obtained with
high- or low-attention regions, but we don't know how the phylogeny updated by BERTPhylo compares to a phylogeny in
which all sequences are analyzed at once. The authors could compute standard metrics like the Robinson-Foulds distance
or the Kuhner-Felsenstein distance to compare the two trees, and they could also include standard approaches to place
sequences in phylogenies. 

The ability to identify regions of the sequences that are most informative seems one of the most interesting novelties in the
manuscript. However, I had a few questions about the results. Are the high attention regions always the same across clades,
in which case one could simply use them and ditch other parts of the sequences from the start? Are the high attention
regions characterized by specific features: for instance do they evolve faster, do they have a higher or lower amino acid
diversity per column? The authors did look at Fst and heterozygosity, but these statistics are mostly relevant for recent
divergence, at the genus and species level. 

I was wondering how representative is PlantSeqs of potential use cases of the method? In particular, I feel that Kraken is
often used with microbial data. I think it would be useful to discuss how much we can extend the results obtained here on
plants to other clades and other genes. 

I was able to download the code and setup the conda environment. I did not try to reproduce the results in the paper with the
command provided on github. Perhaps it would be useful to provide a smaller test set, possibly one that could be run on
CPU, for users who do not have access to a good GPU but would still want to test the method. 

Minor comments: 



l66: "focusing on accelerating and parallelizing calculations have been developed, such as DupTree [21]" : I would not
include DupTree in this list as it does not take sequence data as input, but gene trees containing events of gene duplication
and loss. 
l110: "ETE3 [43],": I find it strange to include ETE3 here, because it is a library for handling phylogenetic trees and, to a
small extent, alignments. 
l202: "This analysis is further corroborated by combining MMseqs2 with BERTPhylo, leading to additional enhancements
across almost all metrics, notably a 5.04% increase in macro-F1 at the class rank.": it is not clear to me how MMseqs2 and
BERTPhylo are combined, and so how this results in an improvement. 
l243: "while in the topography constructed": I'm not sure what topography means here. 
l273: "where heterozygosity serving as a measure": serves 
l328: "Embyrophyta": Embryophyta 
l350: "Drawing inspiration from the taxonomy we use should reflect shared ancestry (i.e. phylogeny)": weird sentence 
l669: "an specific input sequence" : a specific 
Fig. S6: "high-attention regions (right) versus low-attention regions (left).": it's the opposite. 
Fig. S7: the legend does not explain what the grey stripes represent (in the legend of Fig. 7 it is explained). Fig. S7 would be
easier to read if the x scales matched between the heatmap and the line plots, as in Fig. 7. 

(Remarks on code availability) 
I only checked that it installed properly, but did not test that it ran, as it requires a (big) GPU. 

Reviewer #2 

(Remarks to the Author) 
The manuscript be Deng and co-authors presents a new method for integration of deep learning, in particular DNA language
models (DLMs), into phylogeny reconstruction. This is a growing field of research that definitely warrants extensive
researchers’ attention. Despite the claim that is made in the abstract, introduction and a large part of the results section, I
failed to find a detailed description of the procedure of integrating DLMs into the actual phylogeny reconstruction in the
Methods section, see my comments below. On the other hand, the application of attention mechanisms to find important
genomic markers caught my eye as a very elegant approach. Additionally, I have further critiques and suggestions that are
also outlined below. 

Major comments. 

1. As mentioned, the Methods section does not contain a full description of the methods. From what I understood, the deep
neural net is used merely to identify the correct taxon (at the level of genus, family, order or class), essentially solving a
classification problem. To do the actual phylogenetic reconstruction, I imagine, one needs to apply some traditional
sequence-based method, but the Methods section gives no details on this. If I am correct, the statement in the main part of
the manuscript that BERTPhylo integrates DL into the phylogenetic reconstruction pipeline is overstated and misleading. 

2. The manuscript lacks proper benchmarks. Essentially, all results are obtained for only one dataset from PlantSeqs. If the
method is supposed to be generally applicable, as it is alluded to in the introduction, one needs a thorough benchmark on
different phyla, as well as on simulated data where the ground truth is known. 

3. Comparison with traditional methods for phylogenetic reconstruction (e.g. RAxML, BEAST, Mash) is missing. One needs
to present the comparison of the quality of reconstruction, as well as of the needed compute resources. 

4. Results of the taxonomic assignment with BERTPhylo (Table 1) are worse than with the traditional methods (in particular,
Kraken2). Where is the advantage of using BERTPhylo? Additionally, in Table 1, I see that the genus-level assignment is
predicted better that class-level, which is counter-intuitive to me – I would imagine that higher-level taxa are easier to predict.
Could the authors comment on this? 

5. How was split into the training/validation/test sets performed during the model training? What was the training goal? 

Minor comments. 

1. Lines 53-55: This makes an impression that people do classical alignment-based phylogenetic reconstruction on whole
genomes, which is not the case anymore. Please consider rephrasing. 

2. Lines 56-71: I find the distinction of methods into distance-based vs. character-based unusual. I am more used to
classifying phylogenetic methods into alignment-based and alignment-free. All character-based methods, as defined by the
authors, would fall into the alignment-based category, but distance-based methods are a mix of the both types. 

3. Table 1: Elapsed times for all methods should be provided. 

4. Lines 180-199: I strongly recommend using MCC (Matthew’s correlation coefficient) as a measure of quality of
classification, since this is the most unbiased measure. 

5. Section 2.2: No details of application of DNABERT or BERTax or any of the traditional methods are given neither here nor



in the Methods section. This is particularly important for DNABERT, which is a DNA foundation model with many
downstream tasks, so here I am completely at a loss how it was applied. For traditional tools, on the other hand, parameters
may be extremely important: for example, for Kraken2, the choice of the database may play a crucial role in its performance. 

6. Wording is strange at some places, e.g. I would recommend changing ‘equitably’ to ‘equally’ (line 259) or ‘heightened’ to
‘increased’ (line 298). 

7. Section 4.4: What is sentence? Was some sliding window applied for longer sequences? 

(Remarks on code availability) 
The repository is there and it looks reasonable. There are installing and running instructions. However, the code itself is not
commented. I have not tried to rerun it, but I think it will be possible, but not super straight-forward. 

Reviewer #3 

(Remarks to the Author) 
Deng et al. proposed BERTPhylo, an approach for updating an existing phylogenetic backbone tree with new taxa using a
BERT-based pretrained DNA language model. Their method identifies appropriate subtrees/clades to which the new
sequences belong, and finds “valuable” regions within a sequence that they use for the update process. These contributions
notably improve the speed of phylogenetic updates. While the paper presents an interesting and potentially valuable
technique, I have several concerns regarding the evaluation of the proposed method: 

1. The method involves identifying suitable clades for placing new sequences into an existing backbone tree. It is not clear
how many new sequences are handled at a time. Does the method process sequences one by one, or can it handle multiple
sequences simultaneously? More importantly, what happens when the input sequences belong to different taxonomic levels
(e.g., genus, order, or family)? Can BERTPhylo assign multiple sequences to different clades? For example, in Figure 2, the
three new sequences are all from the order Fabales. What if these sequences belong to different clades? An evaluation
under such scenarios would strengthen the paper's contributions. 

2. The authors compiled a dataset containing sequences of land plants to train and test their method. Given that
phylogenomic datasets are often heterogeneous, a model trained on a specific dataset may not generalize well to others. It
is essential to test BERTPhylo on unseen datasets from different lineages or taxonomic groups to assess its robustness and
generalizability. 

3. The novelty detection aspect of the model is innovative, but it may struggle with cases where sequence data is highly
divergent from the training set. In such cases, the model could misclassify or fail to place taxa accurately within the
phylogeny. Further exploration with examples of how the method performs with divergent sequences would be valuable. 

4. The method identifies valuable regions in the sequences based on attention scores from the model. However, the
decision-making process of the deep learning model, specifically how it identifies high-attention regions, may lack biological
interpretability. This is a significant drawback for researchers seeking to understand the biological basis behind the model’s
predictions. Can the authors provide more evidence or case studies demonstrating the biological relevance of these high-
attention regions? 

5. The authors mention that they divide sequences into three regions and then identify the high-attention regions. Does this
imply that the attention regions are contiguous, corresponding to one of these three predefined divisions? If so, why must
they be contiguous? 

6. BERTPhylo depends heavily on the pretrained DNABERT model, and as a result, any limitations of DNABERT are likely
to propagate into BERTPhylo. For instance, pretrained models like DNABERT typically truncate input sequences to a
maximum length (e.g., 1024 bp). Is this also the case for BERTPhylo? Can the proposed method handle arbitrarily long
sequences, and if not, how does it manage longer sequences? 

7. May BERTPhylo’s reliance on existing taxonomic classification limit its ability to identify new evolutionary relationships? It
would be useful for the authors to discuss the model's potential to discover clades or evolutionary patterns that do not fit
within the taxonomic classification framework used in BERTPhylo. 

8. Although BERTPhylo outperforms other deep learning based methods, it generally falls short when compared to
traditional approaches like MMseq2 and BLAST. This is understandable, as methods like BLAST are more computationally
intensive. However, the model conditions under which the comparisons were made (Tables S1 and S2) seem to be very
easy as the precision, recall and F1-scores are close to 100%. I believe the evaluation would benefit from the inclusion of
more challenging model conditions. 

(Remarks on code availability) 

Version 1: 



Reviewer comments: 

Reviewer #1 

(Remarks to the Author) 
I have read the new version of the manuscript and the reply to our comments. The authors have adressed my comments
satisfactorily. I only have some minor wording comments below. Congratulations to the authors for their work. 

l24: "accelerate phylogenetic updates using a pretrained DNA language model": I don't think "phylogenetic update" is very
clear; perhaps seomething like "add taxa to an existing phylogenetic tree using a pretrained language model" 
l73: Another approach that may be worth citing in this paragraph is this: https://doi.org/10.1101/2024.06.17.599404 
l194: "BERTPhylo process multiple sequences": processes 
l263: "had a closer or equal RF distances to the full-sequence trees than those constructed using low-attention regions": this
is not very well said: a distance is not "close" or "equal" to a tree, but it can be small. 
l295: "the two nulcear markers": nuclear 

(Remarks on code availability) 
I have opened the google collab notebook, and the github repository, and have skimmed their contents. I have not seen
anything problematic. I have not tried to execute any code. 

Reviewer #2 

(Remarks to the Author) 
The authors have significantly improved the manuscript in response to my comments. In fact they have satisfactorily
addressed all of them but one: No benchmarking on simulated data has been performed. I consider this a valuable exercise,
since in this case the ground truth is known, and also the tree topology and clade distribution can be modelled freely. 

(Remarks on code availability) 

Reviewer #3 

(Remarks to the Author) 
I would like to thank the authors for their effort in revising the manuscript. My concerns were mostly about the generalizability
of the pre-trained model and the evaluation/benchmarking of the proposed methods. Although the authors improved the
manuscript with additional experiments, I still have some questions and concerns. 

1. Regarding the evaluation of your model's generalizability, I was expecting to see the performance of the already trained
model on unseen data. That means, the model trained on the PlantSeqs dataset should be evaluated on the new microbial
data. Following this, you could fine-tune your model using the new microbial data and assess the performance again. This
approach would allow you to evaluate how your pre-trained model performs on unseen data with and without fine-tuning.
However, it is not clear whether you fine-tuned the model based on the microbial data or trained it from scratch using the
microbial data. 

The authors mentioned that they used two HLPs to adapt to the new dataset. How does your model perform with only one
HLP layer (as you used for the PlantSeqs dataset)? This suggests that the model was not fine-tuned based on the microbial
data; instead, a slightly different architecture with two HLP layers was trained for the microbial dataset. This is concerning,
as it indicates that the architecture may lack the expected generalizability of a pre-trained model. Moreover, how would a
user determine whether such adaptations in HLP layers are necessary for a new dataset? Pre-trained models are usually
fine-tuned with new datasets while maintaining the same architecture. 

I understand the challenge, as I mentioned in my original comment, that phylogenomic dataset are heterogeneous. But a
systematic assessment of your proposed model in this regard is essential. 

2. As for benchmarking, thank you for your clarification regarding my original Comment 8. However, I believe it is important
to make direct comparisons to traditional phylogenetic inference methods (like RAxML) with an entire set of sequences. You
have provided comparisons between the performance with full-length sequences and high/low-attention regions (Fig 6).
However, it is equally important to compare the results when considering all the sequences together and estimating trees
using a traditional approach (e.g., RAxML) versus your approach of updating the existing tree with a new sequence. While
the updating approach makes the overall pipeline faster, readers need to understand its accuracy compared to traditional
approaches when applied to the entire set of sequences. 

3. I appreciate that the authors have changed the title of the manuscript by indicating that it “updates” an existing tree.
However, I feel that the name “BERTPhylo” may not be appropriate and could be an overstatement. The authors are using
DNABERT to identify the subtree to be updated and to identify high-attention regions in sequences. That does not make this
method a BERT-like method. However, the name “BERTPhylo” suggests a BERT-like (eg., DNABERT, ProtBERT) model



for phylogenetic tree estimation, which is not the case for your method. 

Minor comments: 

In section 4.2, the authors added a new sentence, “PlantSeqs dataset is fine-tuned based on DNABERT.” But a dataset
cannot be fine-tuned. Did you mean to say that DNABERT was fine-tuned based on PlantSeqs dataset? 

(Remarks on code availability) 

Version 2: 

Reviewer comments: 

Reviewer #2 

(Remarks to the Author) 
The authors have satisfactorily addressed my comments. 

(Remarks on code availability) 

Reviewer #3 

(Remarks to the Author) 
I would like to thank the authors for their thorough revisions and for addressing my previous comments. The manuscript has
been improved, and the new analyses provide important insights. Regarding the newly added Figure 2a, I have two
suggestions to further strengthen the interpretation of the results. 

Currently, Figure 2a shows the RF distances between the trees inferred using the proposed method (for both high-attention
regions and full-length sequences) and the tree inferred from the complete set of sequences using RAxML. While this
comparison is useful, a more informative approach would be to evaluate the methods directly against the true species tree,
since this is a simulated dataset with a known ground truth. Otherwise, it is difficult to interpret the accuracy of the proposed
method compared to RAxML. Specifically, I recommend revising Figure 2a to include the following: 1) RF distances between
the trees obtained by your approach (high attention region) and the true tree, 2) RF distances between the trees obtained by
your approach (full length) and the true tree, and 3) RF distances between the trees obtained from all sequences using
RAxML and the true tree (this will be just a horizontal line as in Fig 2b since varying the number of sequences is not relevant
here). 
My second suggestion is to briefly discuss the RF distances of the high attention region approach. The authors observed
that as the number of sequences increases, the RF distance between their method and RAxML increases (as I expected).
But they reported the RF distances (0.007, 0.023 and 0.014) for only full-length sequences. For high attention region
approach, the RF distances are even higher (more than 25% for 100 sequences). This is what I anticipated, and the authors
should report and discuss this (but with respect to true trees as I suggested above). 

(Remarks on code availability) 



Open Access This Peer Review File is licensed under a Creative Commons Attribution 4.0 International License, which
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate
credit to the original author(s) and the source, provide a link to the Creative Commons license, and indicate if changes were
made.
In cases where reviewers are anonymous, credit should be given to 'Anonymous Referee' and the source.
The images or other third party material in this Peer Review File are included in the article’s Creative Commons license,
unless indicated otherwise in a credit line to the material. If material is not included in the article’s Creative Commons
license and your intended use is not permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
To view a copy of this license, visit https://creativecommons.org/licenses/by/4.0/



Rebuttal of BERTPhylo: An Efficient Method to1

Accelerate Phylogenetic Inference Using a2

pretrained DNA Language Model3

We sincerely appreciate your insightful and constructive feedback on our manuscript.5

We have carefully considered your suggestions and conducted additional experiments6

using the bacterial dataset from the Bordetella genus to further demonstrate the7

applicability of BERTPhylo across diverse datasets beyond plants. Additionally, we8

have revised the manuscript accordingly, with all changes highlighted in red. We hope9

the following point-to-point responses address your concerns and further clarify our10

contributions.11

Additional Experiments on the Bordetella Genus

4 Dear reviewers, 

12

BERTPhylo can leverage any pre-trained DNA language model to accelerate updates13

to a given phylogenetic tree. To evaluate the generalizability of BERTPhylo to non-14

plant clades and genes, we extended our experiments to microbial data, specifically15

focusing on the Bordetella genus. The dataset for this experiment was derived from the16

Nature Communications article, "A comprehensive resource for Bordetella genomic17

epidemiology and biodiversity studies" [1]. From this dataset, we selected 140 core18

genes with the highest coverage in all Bordetella species as the basis for our analysis.19

Below is a summary of the setup and findings:20

1 Experiment Setup21

We selected sequences from a subset of species to construct the initial phylogenetic22

tree, with these species considered as "known" and the others as "unknown." For23

new sequences (from both known and unknown species), BERTPhylo was used to24

identify the smallest taxonomic units and extract high-attention regions from the25

branching sequences. Existing tools were then applied to rebuild the clades based on26

these high-attention regions.27

1



clade species #training #validation #test

clade1

B._bronchiseptica_I-1 151 19 50
B._bronchiseptica_I-4 165 20 50
B._bronchiseptica_II 465 56 50
B._pertussis 116 14 50
unknown (1)⋆ - - 50

clade2

B._avium 96 11 50
B._hinzii 129 16 50
B._trematum 121 14 50
Genomic_species_1 119 14 50
Genomic_species_5 107 13 50
unknown (2)⋆ - - 50

clade3

B._bronchialis 112 13 50
Genomic_species_2 116 14 50
Genomic_species_7 112 13 50
Genomic_species_9 121 14 50
unknown (1)⋆ - - 50

outgroup unknown (4)⋆ - - 50

1,930 231 850
Updated Table S4. The taxonomic structure and statistics of Bordetella dataset
used in experiment. unknown (X)⋆: X denotes the number of unknown species covered
by the test sequences.

1.1 Taxonomic Structure and Training/Test Set Splitting28

Out of the 39 species in the dataset, 13 were designated as "known species" for training29

and testing, while the remaining species were treated as "unknown" for testing. Fol-30

lowing the phylogenetic hierarchy outlined in [1], we divided the 39 species into three31

clades and one outgroup. Each clade included both known and unknown species, while32

the outgroup contained only unknown species. For the known species, 50 sequences33

per species were randomly selected for the test set. The remaining sequences were34

split into training and validation sets, with 45% of sequences for training and 5% for35

validation, sampled from individual isolates. For the unknown species, 50 sequences36

were randomly selected from each clade and from the outgroup, resulting in a test set37

consisting of 850 sequences, including fully known, partially known (species known38

but clade unknown), and completely unknown sequences. The detailed taxonomic39

structure and dataset statistics are summarized in Table S4.40

1.2 Model Architecture and Training Configuration41

BERTPhylo was adapted for the Bordetella dataset using DNABERT-S as the pre-42

trained backbone. We appended a two-layer hierarchical linear probes (HLPs) to43

DNABERT-S [2] for identification of the smallest taxonomic unit. One layer performed44

2



novelty detection and classification at the clade level, while the other layer operates at45

the species level. DNABERT-S overcomes the input length limitation of the original46

DNABERT model [3], enabling it to handle arbitrarily long sequences. We fine-tuned47

the model using the two-step training protocol described in the Section 4.3:48

• Phase 1: The BERT backbone was frozen, and only the HLPs were trained for 1049

epochs.50

• Phase 2: All layers were unfrozen, and the entire model was fine-tuned for an51

additional 5 epochs.52

The model was trained with a weighted cross-entropy loss to account for class53

imbalances.54

2 Experimental Results55

2.1 Identification of the Smallest Taxonomic Unit56

Identifying the smallest taxonomic unit of a new sequence involves two key tasks:57

novelty detection and taxonomic classification. Table S5 compares the performance58

of BERTPhylo and MMseqs2 on these two tasks. For a fair comparison, we used the59

Bordetella training set as the reference database for MMseqs2. BERTPhylo achieved60

an AUPR value of over 95% at both clade and species levels, demonstrating its supe-61

rior ability to detect sequences from unknown taxa. In contrast, MMseqs is limited to62

identifying the most similar sequences and cannot ensure consistency across all taxo-63

nomic levels between the identified and query sequences, which significantly restricts64

its performance on test sets containing unknown taxa compared to BERTPhylo.65

Method Rank Novelty Detection (↑) Taxonomic Classification (↑)

AUROC AUPR ACC MCC F1 P R

BERTPhylo clade 89.73 99.28 88.38 83.30 87.49 89.42 87.84
species 87.10 95.08 60.31 61.02 54.51 55.07 60.31

MMseqs2 clade - - 85.29 79.25 65.77 85.83 67.98
species - - 47.18 45.44 49.81 48.92 57.29

Updated Table S5. The experimental results (%) of identifying the smallest tax-
onomic unit on the Bordetella test set. ACC, MCC, F1, P, R represent accuracy,
Matthews correlation coefficient, precision and recall, respectively.

2.2 Phylogenetic Tree Construction Using High- vs. Low-Attention66

Regions67

We next compare the phylogenies constructed from high- and low-attention regions.68

In this experiment, we divided the sequences into 12 regions, ranking each region69

by the average attention score from the final layer of the BERT model. The top M70

regions with the highest and lowest attention scores were selected to form the high-71

3



Updated Figure 8. Phylogenetic trees constructed from high-attention
regions show greater similarity to full-length sequence trees compared
to those built from low-attention regions. (a) Difference in Robinson-Foulds
(RF) distance between trees constructed from high-attention and full-length sequences
(RF(high, full)) versus those constructed from low-attention and full-length sequences
(RF(low, full)). High- and low-attention regions are defined by dividing the sequence
from the Bordetella dataset into 12 segments and selecting the top M (1, 2, 3, and
4) regions with the highest and lowest attention scores, respectively. (b) Compari-
son of phylogenetic tree topologies of clade1 constructed from high- and low-attention
regions at different M values.

and low-attention regions, respectively. We quantified the accuracy of the phyloge-72

nies constructed from high- and low-attention regions formed with various M values73

(1, 2, 3, and 4) by calculating the Robinson-Foulds (RF) distance between these trees74

and the tree constructed using full-length sequences. As illustrated in Figure 8, the75

differences in RF distances are non-positive in most cases, indicating that trees con-76

structed with high-attention regions are more similar to the full-length trees than77

those built with low-attention regions. This suggests that high-attention regions tend78

to provide more informative loci for tree reconstruction. In Clades 2 and 3, however,79

both high-attention and low-attention regions produced trees identical in topology to80

the full-length tree. This is likely due to the simplicity of these clades’ tree struc-81

tures, where even arbitrarily chosen regions contain sufficient phylogenetic signals to82

construct accurate topologies.83

2.3 Analysis of Attention Regions84

To further investigate the utility of attention weights for phylogenetic tree construc-85

tion, we compared the average attention scores with heterozygosity, substitution rate,86

fixation index (FST), and absolute divergence (DXY) values (Figure S11). Consistent87
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with findings from the PlantSeqs dataset, regions with higher attention scores tended88

to exhibit elevated levels of heterozygosity, substitution rate, FST, and DXY. Pear-89

son correlation analysis between average attention and these genetic metrics revealed90

positive correlations for most cases, with the highest correlation observed between91

average attention and substitution rate. We speculate that the high substitution rate92

may make these regions valuable for addressing systematic and evolutionary issues.93

Moreover, high-attention regions in both the Bordetella and PlantSeqs datasets were94

concentrated in the anterior, with those in Bordetella being closer to the 5’ end.95

This may be related to the finding that the 5’ region contains more variable sites, as96

suggested in [4].97

BORD002966 BORD003161 BORD003227

Updated Figure S11. Average attention, heterozygosity, substitution rate, fix-
ation index (FST), and absolute divergence (DXY) curves for the BORD002966,
BORD003161, and BORD003227 genes in Bordetella dataset using BERTPhylo. The
blue shaded area denotes the peak region of attention.

Although all genetic metric showed positive average correlation coefficients, some98

genes had p-value greater than 0.1 (Supplementary Table S6). This observation may99

stem from the Bordetella dataset, which contains a significantly larger number of100

genes (approximately 16 times more than PlantSeqs), but with fewer sequences per101

gene (fewer than 20 sequences per gene). This limitation likely affects the model’s102

generalization capacity. Addressing the challenge of effectively applying pretrained103

LLMs to datasets with limited sample sizes but a high number of genes will be an104

important avenue for future research.105

106
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For Reviewer #1,107

We would like to express our sincere gratitude to Reviewer #1 for taking the time to108

carefully read our manuscript and for providing such insightful and constructive feed-109

back. We greatly appreciate the recognition of the novelty and potential impact of our110

method, particularly the identification of the most informative regions of sequences,111

which was highlighted as a key innovation. Below, we provide point-by-point responses112

to the reviewer’s comments, which we hope will address the concerns raised and further113

clarify the contributions of our approach.114

Comment 1115

Deng et al. present a new method to improve the efficiency of phylogenetic sequence116

placement. It does so by first determining what clade a new sequence belongs to,117

then identifying parts of the sequences that are informative, and finally performing118

alignment and sequence reconstruction for the clade and the informative parts of the119

sequences. The first two steps are performed by a new method based on neural net-120

works, while the alignment and phylogenetic reconstruction are performed by existing121

methods. The pipeline is tested on a database of plant sequences, and is found to per-122

form better than other deep learning approaches, but not as well as standard sequence123

placement methods.124

Response 1125

Thank you for highlighting this important point.126

As you correctly noted, the primary contributions of our method are the identifi-127

cation of the clade to which a new sequence belongs and the pinpointing of the most128

informative regions of sequences. These capabilities are not present in tradi-129

tional methods, such as MMseqs2 or Kraken2. While these tools can identify130

the most similar sequence, they cannot confirm that the identified sequence and query131

sequence are consistent across all taxonomic levels. Table 1 in the original manuscript132

only reports the performance for sequences belonging to known taxa in PlantSeqs.133

When sequences from unknown taxa are included, traditional methods134

exhibit significant performance drops, as shown in the Updated Table S1.135

To better highlight the strengths of BERTPhylo and the limitations of traditional136

methods, we have revised the manuscript (lines 137-152) to clarify the distinction137

between identifying the smallest taxonomic unit and traditional taxonomic classifi-138

cation. Additionally, we improved the description of smallest taxonomic unit results139

(lines 215-249) to reduce confusion between the two.140

Comment 2141

I found the manuscript clear overall, although I do have a few comments below on142

clarity in specific parts of the manuscript. I am not sure the title of the manuscript143

is clearly conveying what the method does. The term "Phylogenetic inference" to me144

really means the reconstruction of a phylogenetic tree from sequence data, but that’s145

not what the method accelerates. The method accelerates a particular phylogenetic146
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Macro Precision Macro Recall Macro F1

Method Class Order Family Genus Class Order Family Genus Class Order Family Genus

MMseqs2 89.58 93.42 95.95 99.22 93.81 94.75 97.43 99.20 89.77 93.54 96.41 99.20
BLAST 89.16 93.55 95.96 99.24 90.40 94.09 97.16 99.20 87.60 93.24 96.25 99.21
Kraken2 93.79 94.71 95.66 99.13 89.01 92.47 95.87 97.78 90.17 93.10 95.44 98.42

(a) Performance on test sequences belonging to known taxa.

Macro Precision Macro Recall Macro F1

Method Class Order Family Genus Class Order Family Genus Class Order Family Genus

MMseqs2 78.92 88.06 84.81 74.80 78.28 92.17 95.98 98.24 69.40 87.58 87.92 82.46
BLAST 79.46 88.62 85.60 75.23 78.49 92.33 95.95 98.26 69.92 88.13 88.50 82.85
Kraken2 82.61 88.44 85.40 75.92 77.87 91.43 94.96 96.98 75.82 89.34 88.74 83.08

(b) Performance on all test sequences, including those from unknown taxa.

Updated Table S1. Performance comparison of traditional classification methods on
the PlantSeqs test set. The training set of PlantSeqs serves as the reference database,
and all metrics are calculated using macro-averaging. Results clearly highlight that
classification performance significantly declines when test set contains unknown taxa.

pipeline, where a reference taxonomy is available, some sequences/taxa need to be147

added to it, and only taxonomic identification seems to matter (e.g., the branch lengths148

do not seem to matter).149

Response 2150

Thank you for your thoughtful feedback and for pointing out potential confusion151

regarding the manuscript title.152

As you pointed out, BERTPhylo focuses on the process of updating an existing153

phylogenetic tree with newly collected sequences, rather than reconstructing a tree154

from scratch. To better reflect the focus and objectives of our method, we have revised155

the title to: "BERTPhylo: An Efficient Method to Accelerate Phylogenetic156

Updates Using a Pretrained DNA Language Model." We hope this updated157

title more clearly convey the scope and contributions of BERTPhylo.158

Additionally, our current version of BERTPhylo primarily leverages taxonomic159

information to fine-tune the pretrained DNA model for the identification of the160

smallest taxonomic units and the extraction of high-interest regions. However, as we161

mentioned in discussion section, how to better utilize the modeling prowess of large162

language models (LLMs) to enhance phylogenetic tree construction is worth further163

investigation. Incorporating more information, such as branch lengths, to fine-tune164

the model is a direction worth exploring.165

Comment 3166

The method presented here, BERTPhylo, is more accurate than other machine167

learning approaches for taxonomic identification, but is less accurate than tradi-168

tional methods. We don’t know if the traditional methods are slower or faster than169

BERTPhylo.170
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Response 3171

Thank you for raising this important point.172

As discussed in Response 1, traditional methods cannot identify the173

smallest taxonomic unit as BERTPhylo does. These methods fail to ensure con-174

sistency across all taxonomic levels between the identified and query sequences, leading175

to a significant performance degradation when sequences from unknown taxa are176

included (Updated Table S1). Supplementary experiments on the Bordetella dataset177

demonstrated similar outcomes, where traditional methods underperformed compared178

to BERTPhylo in identifying the smallest taxonomic unit (Updated Table S5).179

Regarding computational efficiency, BERTPhylo takes an average inference time180

of about 0.013 seconds per sequence using 8 A100 GPUs, compared to MMseqs2,181

which requires around 0.005 seconds per sequence. Notably, BERTPhylo’s pri-182

mary contribution lies in accelerating the process of updating phylogenetic183

trees. For instance, the time required for aligning and updating the subtree of the184

order Malpighiales takes only 0.33% (240 seconds) of the total time required by the185

standard pipeline (Figure 3 in the manuscript). Furthermore, BERTPhylo’s inference186

time is significantly lower than the time required for tree construction.187

We hope this response clarifies the computational aspects, and we have revised188

the manuscript to highlight these points (lines 210-212).189

Comment 4190

The manuscript does not quantify how accurate the reconstructed phylogenys is. We191

are shown phylogenies obtained with high- or low-attention regions, but we don’t192

know how the phylogeny updated by BERTPhylo compares to a phylogeny in which193

all sequences are analyzed at once. The authors could compute standard metrics194

like the Robinson-Foulds distance or the Kuhner-Felsenstein distance to compare the195

two trees, and they could also include standard approaches to place sequences in196

phylogenies.197

Response 4198

Thank you for your valuable suggestion.199

In response, we have quantified the accuracy of phylogenies reconstructed using200

high- and low-attention regions by calculating the Robinson-Foulds (RF) distance. We201

compared the RF distances between trees constructed using high- and low-attention202

regions and those built using the full sequence in the Plantseqs datase, with the203

comparison expressed as RF(high, full) - RF(low, full). Out of the 20 orders in the204

PlantSeqs dsataset, we report comparisons for 19, as the order Porellales with only one205

individual. As shown in the Updated Figure 6a, nearly 90% of the trees con-206

structed using high-attention regions had a closer or equal RF distances to207

the full-sequence trees than those constructed using low-attention regions.208

This suggests that when there is a need to improve tree-building efficiency due to209

the length of input sequences, using high-attention regions as a substitute for full210

sequences is an excellent option.211
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Updated Figure 6. Phylogenetic trees constructed using high-attention
regions perform better. (a) Difference in Robinson-Foulds (RF) distance between
trees constructed from high-attention and full-length sequences (RF(high, full)) ver-
sus those constructed from low-attention and full-length sequences (RF(low, full)). (b)
Phylogenetic trees constructed for the angiosperm order Rosales using high-attention
(left) and low-attention regions (right) of sequences extracted by BERTPhylo, respec-
tively.

Moreover, while the RF distance differences between the order Malpighiales and212

Poales suggest that trees constructed using low-attention regions are more similar to213

those based on full-length sequences, trees built with high-attention regions exhibit214

better clustering of individuals within the same genus (Supplementary Figure S6).215

Notably, regardless of whether high-attention, low-attention, or full-length regions216

were used, the resulting topologies of Malpighiales and Poales differed significantly217

from those reported in prior studies [5, 6]. This highlights the inherent gap between218

gene trees constructed from different genes—or even different segments of the same219

gene—and the species tree [7]. It also suggests that comparison with full-length220

sequences is only a reference to assess whether high-attention regions can replace them221

and does not fully reflect topology accuracy. For taxonomic groups with unstable222

topologies, careful consideration is needed in selecting appropriate markers or genetic223

regions to ensure reliable phylogenetic reconstruction [8].224

We appreciate your suggestion and have incorporated this additional analysis into225

the manuscript (lines 258-283).226

Comment 5227

The ability to identify regions of the sequences that are most informative seems one228

of the most interesting novelties in the manuscript. However, I had a few questions229

about the results. Are the high attention regions always the same across clades, in230

which case one could simply use them and ditch other parts of the sequences from the231

start?232
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Response 5233

Thank you for this insightful question.234

As shown in Updated Figures S7, S8, S9, while high-attention regions are typi-235

cally concentrated in the 5’ regions of the sequences, there are some differences across236

different molecular markers. For instance, the matK and 5S rRNA markers exhibit237

high-attention regions concentrated in the middle of the sequence. Our supplemen-238

tary experiments on the Bordetella dataset further revealed that, while high-attention239

regions tend to cluster at the 5’ end, in some cases the most highly attended regions240

are located elsewhere in the sequence (Figure S11). For example, in the three clades241

we tested, the most highly attended regions are located within the first 1/12 of the242

sequence, but when considering the top three regions, 3.6%, 3.6%, and 18.7% of genes243

from each clade do not fall within the top 3/12 of the sequence. Specifically, the region244

with the third highest attention for BORD003783 gene is located around 10/12 of245

the sequence.246

These findings indicates that while there are general patterns, high-247

attention regions are not identical across all clades and genes. Therefore, it248

would not be advisable to discard other parts of the sequence entirely from the outset.249

Updated Figure S7. Attention heatmaps as well as average attention, heterozygos-
ity, substitution rate, FST, and DXY curves of three coding genes (atpB, matK and
rbcL). The blue shaded area denotes the peak region of attention.
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Updated Figure S8. Attention heatmaps, average attention, heterozygosity, sub-
stitution rate, FST, and DXY curves of three intergenic spacer regions (rpl32-trnL,
trnL-trnF and trnH-psbA). The blue shaded area denotes the peak region of attention.

Updated Figure S9. Attention heatmaps, average attention, heterozygosity, substi-
tution rate, FST, and DXY curves of 5S rRNA, 28S rRNA and ITS. The blue shaded
area denotes the peak region of attention.
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Comment 6250

Are the high attention regions characterized by specific features: for instance do they251

evolve faster, do they have a higher or lower amino acid diversity per column? The252

authors did look at FST and heterozygosity, but these statistics are mostly relevant253

for recent divergence, at the genus and species level.254

Response 6255

Thank you for your constructive suggestion. To further investigate the evolutionary256

features of high-attention regions, we expanded our analysis by incorporating two257

additional metrics:258

• Absolute divergence (DXY): Reflecting the more ancient divergence between259

sequences [9].260

• Nucleotide substitution rate: Representing the evolutionary rate of different genetic261

regions [10].262

We did not calculate amino acid diversity per column because the markers we selected263

are nucleotide sequences, and only three out of the nine sequences are protein-coding264

genes. The remaining sequences are non-coding and are not translated into proteins.265

Therefore, in the revised version, we focused on heterozygosity, nucleotide substitution266

rate, FST, and DXY to assess the evolutionary characteristics of the regions. However, if267

you believe that calculating amino acid diversity is necessary, we are more than willing268

to perform this analysis for the three coding genes. Below are the brief conclusion for269

the analyses of DXY and substitution rate.270

As shown in the updated Figure 7 and Figures S7, S8, S9, we found that271

regions receiving heightened attention often show relatively high levels of272

DXY, and substitution rate, which is consistent with the patterns observed273

for heterozygosity and FST. We also calculated the Pearson coefficient between the274

average attention and these genetic metrics, and found that most of correlations are275

positive, particularly the substitution rate, suggesting that the rapid evolutionary rate276

may make these regions valuable for evolutionary studies. However, in some markers,277

the correlation was not significant (with p-value greater than 0.1, Supplementary Table278

S7). Therefore, we propose that the model’s attention, which is not directly279

equivalent to other genetic metrics, can be considered an independent280

genetic parameter for reference in future research. It highlights the regions the281

model deems most informative for downstream tasks, rather than directly reflecting282

traditional genetic variations. This makes attention a distinct and complementary283

measure that provides additional insight into sequence variability and evolutionary284

relevance.285

We have updated the manuscript (lines 309-316) to include these additional286

findings and appreciate your suggestion to explore this aspect further.287
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Updated Figure 7. Visual analyses of BERTPhylo based on nine molecu-
lar markers of the PlantSeqs dataset. (a) Comparison of the average AUROC
for four taxonomic ranks of different markers in novelty detection. | (b-d) Compari-
son of the average precision (b), recall (c) and F1-score (d) for four taxonomic ranks
of different markers in taxonomic classification. | (e) Pearson correlation coefficient
between average attention, heterozygosity, the fixation index (FST), absolute diver-
gence (DXY), and substitution rate based on nine molecular markers. | (f) Attention
heatmap of 1, 000 DNA sequences of the chloroplast marker matK using BERTPhylo.
The red box highlights the attention peak region for the majority of sequences, with
an example of the corresponding DNA sequences displayed above it. | (g) Average
attention, heterozygosity, substitution rate, FST, and DXY curves of matK. The blue
shaded area denotes the peak region of attention.
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Comment 7288

I was wondering how representative is PlantSeqs of potential use cases of the method?289

In particular, I feel that Kraken is often used with microbial data. I think it would290

be useful to discuss how much we can extend the results obtained here on plants to291

other clades and other genes.292

Response 7293

Thank you for raising this important question.294

To explore the generalizability of BERTPhylo to non-plant clades and genes, we295

conducted supplementary experiments on a microbial dataset derived from the Bor-296

detella genus. Compard with the PlantSeqs dataset, the Bordetella dataset presents297

a more challenging scenario, with approximately 16 times more genes but fewer298

sequences per gene (fewer than 20 sequences per gene). Additionally, the sequence299

similarity between the test and training sets is lower, with MMseqs achieving only300

47.18% classification accuracy at the species level.301

We evaluated and analyzed BERTPhylo in three aspects, including identifica-302

tion the smallest taxonomic units, comparison the phylogenies quality using high-303

and low-attention regions, and analysis of the relationship between average attention304

scores and genetic diversity metrics. Detailed information and results are provided305

in Additional Experiments on the Bordetella Genus. Our results, as illustrated in306

Table S5 and Figure S11, demonstrate that BERTPhylo effectively iden-307

tifies the smallest taxonomic units as well as key regions for efficient308

phylogeny reconstruction even under these more extreme conditions. These309

findings highlight BERTPhylo’s applicability to diverse datasets beyond plants.310

We appreciate your suggestion and have added the supplementary experiments on311

the Bordetella genus into the manuscript (lines 351-381).312

Comment 8313

I was able to download the code and setup the conda environment. I did not try to314

reproduce the results in the paper with the command provided on github. Perhaps315

it would be useful to provide a smaller test set, possibly one that could be run on316

CPU, for users who do not have access to a good GPU but would still want to test317

the method.318

Response 8319

Thank you for your helpful feedback and suggestion. Given that BERTPhylo relies on320

a pretrained DNA language model that requires GPU resources for efficient execution,321

we acknowledge that users without access to GPUs may face challenges in reproducing322

our results. To address this, we provide a Colab link (https://colab.research.google.323

com/drive/1l2EdbAehS79a5GSy4PyGoVZv-nwjJ4Lt) that allows users to reproduce324

our results with the help of high-performance GPU resources provided by Google.325

This should enable a wider range of researchers to test the approach.326
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Minor comments327

l66: "focusing on accelerating and parallelizing calculations have been developed, such328

as DupTree [21]" : I would not include DupTree in this list as it does not take sequence329

data as input, but gene trees containing events of gene duplication and loss.330

Response: We have removed DupTree from the list of tools aimed at accelerating331

and parallelizing calculations.332

l110: "ETE3 [43],": I find it strange to include ETE3 here, because it is a library for333

handling phylogenetic trees and, to a small extent, alignments.334

Response: We have reconsidered this inclusion and removed ETE3 from the list.335

l202: "This analysis is further corroborated by combining MMseqs2 with BERTPhylo,336

leading to additional enhancements across almost all metrics, notably a 5.04% increase337

in macro-F1 at the class rank.": it is not clear to me how MMseqs2 and BERTPhylo338

are combined, and so how this results in an improvement.339

Response: we have revised the manuscript (lines 137-152) to clarify the distinction340

between BERTPhylo and MMseqs2, and also updated the description of smallest341

taxonomic unit results (lines 215-249) to reduce confusion between the two.342

l243: "while in the topography constructed": I’m not sure what topography means343

here.344

Response: This has been corrected to "topology".345

l273: "where heterozygosity serving as a measure": serves346

Response: We have corrected the typo, changing "serving" to "serves".347

l328: "Embyrophyta": Embryophyta348

Response: This typo has been corrected to "Embryophyta".349

l350: "Drawing inspiration from the taxonomy we use should reflect shared ancestry350

(i.e. phylogeny)": weird sentence351

Response: We have revised this sentence for clarity: "Since taxonomic classifications352

reflect shared ancestry, we leverage this principle to infer the smallest taxonomic unit353

of a sequence based on its position within the taxonomic hierarchy".354

l669: "an specific input sequence" : a specific Response: We have corrected the typo,355

changing "an" to "a".356

Fig. S6: "high-attention regions (right) versus low-attention regions (left).": it’s the357

opposite.358

Response: We have corrected the description in the figure legend to match the actual359

visualization: "high-attention regions (left) versus low-attention regions (right)".360

Fig. S7: the legend does not explain what the grey stripes represent (in the legend of361

Fig. 7 it is explained). Fig. S7 would be easier to read if the x scales matched between362

the heatmap and the line plots, as in Fig. 7.363
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Response: We have updated the figure legend to include an explanation of the grey364

stripes, and adjusted the layout of the figure so that the x-axis scales of the heatmap365

and the line plots align for better readability. Additionally, we also added the curves366

of DXY and substitution rate for each molecular marker.367

368
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For Reviewer #2,369

We would like to sincerely thank Reviewer #2 for taking the time to carefully review370

our manuscript and provide valuable and constructive feedback. We greatly appre-371

ciate the reviewer’s recognition of our approach to leveraging attention mechanisms372

for identifying important genomic markers, which was described as a very elegant373

approach. In response to the reviewer’s critiques and suggestions, we provide point-374

by-point replies below. We hope that these responses and the corresponding revisions375

will address the raised concerns and further clarify the contributions of our method.376

Comment 1377

As mentioned, the Methods section does not contain a full description of the methods.378

From what I understood, the deep neural net is used merely to identify the correct379

taxon (at the level of genus, family, order or class), essentially solving a classification380

problem. To do the actual phylogenetic reconstruction, I imagine, one needs to apply381

some traditional sequence-based method, but the Methods section gives no details on382

this. If I am correct, the statement in the main part of the manuscript that BERT-383

Phylo integrates DL into the phylogenetic reconstruction pipeline is overstated and384

misleading.385

Response 1386

Thank you for pointing out the need for a clearer and more complete description of our387

methodology. We have clarified the contributions of BERTPhylo and its integration388

into the phylogenetic reconstruction pipeline as follows:389

1. Clarification of BERTPhylo’s contributions and workflow390

BERTPhylo utilizes pretrained DNA language models to identify the small-391

est taxonomic unit for new sequences and extract high-attention regions most392

useful for phylogenetic updating. Subsequently, existing tools such as MAFFT (for393

sequence alignment) and RAxML (for tree inference) are used to update the subtree394

topology based on these high-attention regions. The workflow of BERTPhylo is illus-395

trated in Figure 1a of manuscript. This hybrid approach combines the efficiency and396

precision of deep learning in preprocessing with the reliability of traditional methods397

for phylogenetic reconstruction. Moreover, BERTPhylo represents the first attempt398

to leverage the attention of genomic large language models to accelerate phylogenetic399

updating and provides a feasible solution.400

2. Distinction from classification tasks401

Given a phylogenetic tree, a new sequence may belong to an unknown taxon at the402

genus rank but align with a known taxon at a higher rank. Therefore, identifying403

the smallest taxonomic unit of a new sequence goes beyond standard clas-404

sification; it requires determining the lowest rank at which the sequence405

can be classified into a known taxon. Traditional methods, such as MMseqs, can406

identify the most similar sequences, but fail to ensure consistency across all taxonomic407

levels between the identified and query sequences. As illustrated in the Updated Table408
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Figure 1. Pipeline explanation, model architecture and training proto-
col of BERTPhylo. (a) In contrast to standard pipelines, BERTPhylo prompts a
novel pipeline which is tailored to enhance computational efficiency concerning both
sequence number and length. Leveraging existing taxonomic classification systems,
BERTPhylo narrows the input to alignment (e.g. MAFFT) and tree inference tools
(e.g. RAxML) by restricting updates to designated subtrees and pinpointing poten-
tially valuable regions in subtree sequences. | (b) The BERTPhylo model architecture
adapted to the PlantSeqs dataset comprises a Transformer-based BERT model along
with hierarchical linear probes (HLPs) across four taxonomic ranks (class, order, fam-
ily, genus) to identify the taxonomic unit of new sequences and extract high-attention
regions as potentially valuable regions. | (c) Training protocol of BERTPhylo. This
utilizes a BERT framework pretrained on DNA sequences, starting with linear prob-
ing of randomly initialized HLPs via the first ten layers, followed by fine-tuning of the
full network.

S1, traditional methods exhibit significant performance drops when sequences from409

unknown taxa are included.410
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Macro Precision Macro Recall Macro F1

Method Class Order Family Genus Class Order Family Genus Class Order Family Genus

MMseqs2 89.58 93.42 95.95 99.22 93.81 94.75 97.43 99.20 89.77 93.54 96.41 99.20
BLAST 89.16 93.55 95.96 99.24 90.40 94.09 97.16 99.20 87.60 93.24 96.25 99.21
Kraken2 93.79 94.71 95.66 99.13 89.01 92.47 95.87 97.78 90.17 93.10 95.44 98.42

(a) Performance on test sequences belonging to known taxa.

Macro Precision Macro Recall Macro F1

Method Class Order Family Genus Class Order Family Genus Class Order Family Genus

MMseqs2 78.92 88.06 84.81 74.80 78.28 92.17 95.98 98.24 69.40 87.58 87.92 82.46
BLAST 79.46 88.62 85.60 75.23 78.49 92.33 95.95 98.26 69.92 88.13 88.50 82.85
Kraken2 82.61 88.44 85.40 75.92 77.87 91.43 94.96 96.98 75.82 89.34 88.74 83.08

(b) Performance on all test sequences, including those from unknown taxa.

Updated Table S1. Performance comparison of traditional classification methods
on the test set containing unknown taxa from the reference database. All metrics
are calculated using macro-average methodology, highlighting a significant decline in
classification results when unknown taxa are included.

To enhance clarity, we have moved the description of the BERTPhylo method from411

Section 4.1 to Section 2.1 and provided a more detailed explanation of BERTPhylo’s412

methodology (lines 125-169). We hope that these changes, along with the example413

shown in Figure 1, will make the workflow clearer for readers.414

Comment 2415

The manuscript lacks proper benchmarks. Essentially, all results are obtained for only416

one dataset from PlantSeqs. If the method is supposed to be generally applicable,417

as it is alluded to in the introduction, one needs a thorough benchmark on different418

phyla, as well as on simulated data where the ground truth is known.419

Response 2420

Thank you for highlighting the need for broader benchmarking.421

To explore the generalizability of BERTPhylo to non-plant clades and genes, we422

conducted supplementary experiments on a microbial dataset derived from the Bor-423

detella genus. Compard with the PlantSeqs dataset, the Bordetella dataset presents424

a more challenging scenario, with approximately 16 times more genes but fewer425

sequences per gene (fewer than 20 sequences per gene). Additionally, the sequence426

similarity between the test and training sets is lower, with MMseqs achieving only427

47.18% classification accuracy at the species level.428

We evaluated and analyzed BERTPhylo in three aspects, including identifica-429

tion the smallest taxonomic units, comparison the phylogenies quality using high-430

and low-attention regions, and analysis of the relationship between average attention431

scores and genetic diversity metrics. Detailed information and results are provided432

in Additional Experiments on the Bordetella Genus. Our results, as illustrated in433
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Table S5 and Figure S11, demonstrate that BERTPhylo effectively iden-434

tifies the smallest taxonomic units as well as key regions for efficient435

phylogeny reconstruction even under these more extreme conditions. These436

findings highlight BERTPhylo’s applicability to diverse datasets beyond plants.437

We appreciate your suggestion and have added the supplementary experiments on438

the Bordetella genus into the manuscript (lines 351-381).439

Comment 3440

Comparison with traditional methods for phylogenetic reconstruction (e.g. RAxML,441

BEAST, Mash) is missing. One needs to present the comparison of the quality of442

reconstruction, as well as of the needed compute resources.443

Response 3444

Thank you for raising this important point. We have addressed this issue as follows:445

1. Comparison with traditional methods for reconstruction446

The role of BERTPhylo is not to replace traditional phylogenetic methods but to447

enhance them by identifying clades and extracting high-attention regions. Although448

our experiments used RAxML for phylogenetic reconstruction, it can be used in449

conjunction with other tree-building methods.450

2. Reconstruction quality451

In Section 2.4 of the manuscript, we have evaluated the quality of phyloge-452

netic reconstruction, demonstrating that high-attention regions yield superior453

phylogenetic resolution. In the revised manuscript, we further quantified the454

quality of phylogenetic reconstruction using the Robinson-Foulds (RF) distance, com-455

paring trees constructed with high-attention and low-attention regions to trees built456

with all sequences. As shown in the Updated Figure 6a, nearly 90% of the457

trees constructed using high-attention regions had a closer or equal RF dis-458

tances to the full-sequence trees than those constructed using low-attention459

regions. This suggests that when there is a need to improve tree-building efficiency460

due to the length of input sequences, using high-attention regions as a substitute for461

full sequences is an excellent option.462

3. Comparison of computational resources463

In Figure 3 of the manuscript, we have provided a comparison of compute resource464

requirements between the standard pipeline and the BERTPhylo-based pipeline. The465

runtime of BERTPhylo depends on the size of the subtree and the length of the high-466

attention regions. For instance, when the updated sequence belongs to an unknown467

taxon of the order Malpighiales, and using high-attention regions reduced to one-468

third of the original length, aligning and updating the subtree takes only 4 minutes,469

representing just 0.33% of the time required by the standard pipelines.470

We hope these clarifications addresse your concerns and highlight the efficiency471

benefits of BERTPhylo compared to standard pipeline.472
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Updated Figure 6. Phylogenetic trees constructed using high-attention
regions perform better. (a) Difference in Robinson-Foulds (RF) distance between
trees constructed from high-attention and full-length sequences (RF(high, full)) ver-
sus those constructed from low-attention and full-length sequences (RF(low, full)). (b)
Phylogenetic trees constructed for the angiosperm order Rosales using high-attention
(left) and low-attention regions (right) of sequences extracted by BERTPhylo, respec-
tively.

Comment 4473

Results of the taxonomic assignment with BERTPhylo (Table 1) are worse than with474

the traditional methods (in particular, Kraken2). Where is the advantage of using475

BERTPhylo? Additionally, in Table 1, I see that the genus-level assignment is pre-476

dicted better that class-level, which is counter-intuitive to me – I would imagine that477

higher-level taxa are easier to predict. Could the authors comment on this?478

Response 4479

Thank you for your valuable comments. We provide the following clarifications:480

1. Clarification of Table 1 performance and the advantages of BERTPhylo481

As noted in Response 1, the identification of the smallest taxonomic unit accom-482

plished by BERTPhylo is not a standard classification task, it involves determining the483

lowest rank at which the sequence can be classified into a known taxon. Traditional484

methods lack the ability to confirm whether the identified sequence and485

the query sequence are consistent at the taxonomic level, so they cannot486

complete this task.487

Table 1 in the manuscript only reports the performance for sequences belonging to488

known taxa in the PlantSeqs dataset. However, when sequences from unknown taxa489

are included, traditional methods exhibit significant performance drops, as shown in490

the Updated Table S1. Supplementary experiments on the Bordetella dataset demon-491

strated similar outcomes, where traditional methods underperformed compared to492

BERTPhylo in identifying the smallest taxonomic unit (Updated Table S5).493
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2. Explanation for genus-level assignment outperforming class-level494

assignment495

The seemingly counterintuitive result that genus-level predictions out-496

perform class-level predictions arises from differences in the test sequence497

distributions across taxonomic ranks. Table 1 reports performance exclusively for498

sequences belonging to known taxonomic units in the PlantSeqs dataset. A sequence499

may belong to a known class but not to a known genus, leading to a varying number500

of test sequences across taxonomic ranks.501

Specifically, as shown in Figure 9 of manuscript, the PlantSeqs dataset includes502

five types of sequences:503

➀ Known genus,504

➁ Unknown genus but known family,505

➂ Unknown genus and family but known order,506

➃ Unknown genus, family, and order but known class, and507

➄ Completely unknown taxa in all ranks.508

This variation causes the proportion of in-distribution (ID) versus out-of-509

distribution (OOD) sequences to change across taxonomic levels. As detailed in Table510

2 of manuscript, coarser taxonomic levels have more ID test sequences from known511

taxonomic units (e.g., 14, 700 for class vs. 10, 000 for genus). Because Table 1 reports512

performance solely for ID sequences, coarse taxonomic levels may show seemingly513

poorer performance due to the higher proportion of ID test sequences.514

Notably, Table 1 highlights the challenge of correctly classifying partially known515

sequences (e.g., sequences known at the family level but unknown at the genus level).516

This challenge underscores the added value of BERTPhylo in identifying the most517

informative taxonomic level rather than merely finding the closest match.518

We appreciate your suggestion and have revised the manuscript (lines 137-152)519

to better highlight the strengths of BERTPhylo and the limitations of traditional520

methods. Additionally, we improved the description of smallest taxonomic unit results521

(lines 215-249) to reduce confusion.522

Comment 5523

How was split into the training/validation/test sets performed during the model524

training? What was the training goal?525

Response 5526

Thank you for your question.527

1. Training/Validation/Test Set Split528

The data split process is explained in Section 4.1, with Figures 8a and 8b illus-529

trating how the training, validation, and test sets were created. It is important to530

note that only sequences with known genus were used for training and testing, and531
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other types of sequences were only used in the testing phase. The number of sequences532

across different taxonomic ranks for each set is also provided in Table 2.533

2. Training Goal534

The training goal of fine-tuning was to enable the model to correctly classify535

each sequence at every taxonomic level. In classification tasks, cross-entropy loss is536

commonly used to quantify the difference between the predicted and actual probability537

distributions. We fine-tuned the model by minimizing this difference during training.538

To address class imbalance, we employed a weighted cross-entropy loss. The detailed539

formula and training protocol are provided in Section 4.3 of manuscript.540

We hope these clarifications address your concerns regarding the experimental541

datasets and model training.542

Minor comments543

1. Lines 53-55: This makes an impression that people do classical alignment-based544

phylogenetic reconstruction on whole genomes, which is not the case anymore. Please545

consider rephrasing.546

Response: We have removed "up to entire genomes" to avoid confusion.547

2. Lines 56-71: I find the distinction of methods into distance-based vs. character-based548

unusual. I am more used to classifying phylogenetic methods into alignment-based549

and alignment-free. All character-based methods, as defined by the authors, would550

fall into the alignment-based category, but distance-based methods are a mix of the551

both types.552

Response: We divided methods into distance-based and character-based methods,553

following references [11, 12]. To avoid confusion, we have added relevant citations554

when introducing these classifications.555

3. Table 1: Elapsed times for all methods should be provided.556

Response: Thank you for your valuable suggestion. The comparison of computa-557

tional efficiency is discussed in lines 200-212. The average inference time per sequence558

for BERTPhylo is about 0.013 seconds(s), while MMseqs, BLAST, and Kraken2 takes559

about 0.005, 0,008, 0.01 s. Notably, BERTPhylo’s primary contribution lies in accel-560

erating the process of updating phylogenetic trees. For instance, the time required for561

aligning and updating the subtree of the order Malpighiales takes only 0.33% (240 s)562

of the total time required for the standard pipeline (Figure 3 in the manuscript). Fur-563

thermore, BERTPhylo’s inference time is significantly lower than the time required564

for tree construction.565

4. Lines 180-199: I strongly recommend using MCC (Matthew’s correlation coefficient)566

as a measure of quality of classification, since this is the most unbiased measure.567

Response: Thank you for your valuable suggestion. We have added MCC to568

classification-related evaluations, including the Updated Table 1 for the PlantSeqs569

23



dataset, and Table S5 for the supplementary experiments. BERTPhylo shows better570

MCC performance than the baseline on both datasets.571

5. Section 2.2: No details of application of DNABERT or BERTax or any of the tradi-572

tional methods are given neither here nor in the Methods section. This is particularly573

important for DNABERT, which is a DNA foundation model with many downstream574

tasks, so here I am completely at a loss how it was applied. For traditional tools, on575

the other hand, parameters may be extremely important: for example, for Kraken2,576

the choice of the database may play a crucial role in its performance.577

Response: Thank you for your valuable suggestions. We describe how to apply578

DNABERT, BERTax, and traditional methods to the PlantSeqs dataset in lines 186-579

189 of the original manuscript: "For a meaningful comparison, traditional methods use580

the training set of PlantSeqs as reference database, while deep learning-based meth-581

ods leverage their respective open source pretrained models to fine-tune randomly582

initialized hierarchical linear probes (HLPs) on the same dataset." Lines 224-226 of583

the revised manuscript also describe how the baseline DNABERT was adapted to584

PlantSeqs dataset.585

6. Wording is strange at some places, e.g. I would recommend changing ’equitably’ to586

’equally’ (line 259) or ’heightened’ to ’increased’ (line 298).587

Response: Thank you for your suggestion, we have changed "equitably" to "equally"588

and "heightened" to "increased".589

7. Section 4.4: What is sentence? Was some sliding window applied for longer590

sequences?591

Response: Thank you for your question. We have changed "sentence" to "sequence"592

to keep the context consistent and avoid confusion. Additionally, we used a 3-mer593

with sliding window 3 on the PlantSeq dataset. Due to the input restrictions of the594

pretrained model DNABERT, PlantSeqs filtered out sequences longer than 1,530 bp595

(lines 438-441). However, it is important to note that the framework of BERTPhylo596

is designed to be adaptable to any BERT-based large language model. This flexibility597

helps address the limitations of specific pretrained models, such as sequence length598

restrictions. For example, in the newly added experiment, we used DNABERT-S,599

a pretrained model that removes the sequence length restriction, to fine-tune the600

Bordetella dataset. With DNABERT-S, BERTPhylo is capable of handling arbitrarily601

long sequences, demonstrating its ability to adapt to more advanced DNA models.602

603
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For Reviewer #3,604

We would like to express our sincere gratitude to Reviewer #3 for taking the time605

to carefully read our manuscript and for providing such insightful and constructive606

feedback. We greatly appreciate to the reviewer for assessing our method as interesting607

and potentially valuable. Below, we provide point-by-point responses to the reviewer’s608

comments, which we hope will address the concerns raised and further clarify the609

contributions of our approach.610

Comment 1611

The method involves identifying suitable clades for placing new sequences into an612

existing backbone tree. It is not clear how many new sequences are handled at a time.613

Does the method process sequences one by one, or can it handle multiple sequences614

simultaneously? More importantly, what happens when the input sequences belong to615

different taxonomic levels (e.g., genus, order, or family)? Can BERTPhylo assign mul-616

tiple sequences to different clades? For example, in Figure 2, the three new sequences617

are all from the order Fabales. What if these sequences belong to different clades? An618

evaluation under such scenarios would strengthen the paper’s contributions.619

Response 1620

Thank you for your thoughtful questions. BERTPhylo can process multiple sequences621

simultaneously, with no theoretical upper limit. However, for efficiency, we cap the622

number of sequences processed at a time to 16. These sequences can originate from623

the same or different taxonomic levels. BERTPhylo outputs sequence sets based on624

whether their clades overlap:625

• Overlapping clades: A unified sequence set is generated to reconstruct the largest626

evolutionary clade.627

• Non-overlapping clades: Separate sequence sets are generated for each clade to628

reconstruct individual clades.629

For example, in Figure 2, BERTPhylo processes five sequences and outputs two630

sequence sets:631

• Fabales clade sequence set (Figure 2i): Includes the high-attention regions of632

the three new Fabales sequences and all original Fabales sequences.633

• Primulina clade sequence set (Figure 2ii):, Includes the high-attention regions634

of the two new Primulina sequences and all original Primulina sequences.635

If three new sequences in Figure 2i belong to different orders, BERTPhylo operates636

as follows:637

• No overlap with the Primulina clade: Four sequence sets will be generated,638

one for the Primulina clade and one for each of the three new sequences.639

• Overlap with the Primulina clade: Three sequence sets will be generated,640

among which the set of the overlapping order containing both the new sequence641

belonging to the order level and the two newly added sequences in Figure 2ii.642
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We have clarified in the revised manuscript how BERTPhylo handles multiple643

sequences at different taxonomic levels or clades (lines 194-200). Thank you again for644

your insightful feedback, which has helped us better explain the method’s capabilities!645

Comment 2646

The authors compiled a dataset containing sequences of land plants to train and test647

their method. Given that phylogenomic datasets are often heterogeneous, a model648

trained on a specific dataset may not generalize well to others. It is essential to test649

BERTPhylo on unseen datasets from different lineages or taxonomic groups to assess650

its robustness and generalizability.651

Response 2652

Thank you for this constructive question. We address your concerns about the653

robustness and generalizability of BERTPhylo under the following two scenarios:654

1. Testing on unseen datasets from different lineages or taxonomic groups655

A key advantage of BERTPhylo is its ability to detect sequences that do not656

belong to known taxonomic units through novelty detection scores. For test sequences657

from lineages or taxonomic groups distinct from the training data, BERTPhylo is658

likely to classify them as out-of-distribution (OOD) at the coarsest levels. These659

sequences can be treated as outgroups to update the existing phylogenetic tree. We660

have explored this scenario in the PlantSeqs dataset, where sequences at all taxo-661

nomic ranks belong to unknown taxa. As shown in the Table 1a and Figure 4 of662

revised manuscript, BERTPhylo effectively identifies these test sequences663

that differ significantly from the training data.664

2. Generalizability to non-plant datasets665

The framework proposed by BERTPhylo, which leverages pretrained large lan-666

guage models (LLMs) to accelerate phylogenetic tree updates, is not limited to667

land plant lineages. For non-plant datasets, the pretrained model can be fine-tuned668

using the training strategy outlined by BERTPhylo, enabling the identification of669

taxonomic units and extraction of high-attention regions. Supplementary exper-670

iments on the microbial dataset derived from the Bordetella genus671

demonstrate how BERTPhylo can be applied to non-plant clades (details672

in Additional Experiments on the Bordetella Genus), which highlights BERTPhylo’s673

generalizability across diverse datasets and lineages.674

It is also important to note that the performance of pretrained LLMs on down-675

stream tasks depends on the representational capacity of the LLM, as well as the676

quantity and complexity of data used for the downstream task.677

Comment 3678

The novelty detection aspect of the model is innovative, but it may struggle with679

cases where sequence data is highly divergent from the training set. In such cases, the680

model could misclassify or fail to place taxa accurately within the phylogeny. Further681
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exploration with examples of how the method performs with divergent sequences682

would be valuable.683

Response 3684

Thank you for acknowledging the innovative aspects of our novelty detection approach.685

We address your concerns regarding highly divergent test sequences under the686

following two scenarios.687

1. Test sequence belongs to an unknown taxon.688

As noted in Response 2, one of BERTPhylo’s key advantages over traditional clas-689

sification methods is its ability to avoid forcing a test sequence into an incorrect690

taxon. Instead, BERTPhylo provides a novelty detection score for each test sequence691

at every taxonomic level. A high score suggests that the sequence likely belongs to an692

unknown taxon at that level, rather than erroneously assigning it to a known taxon.693

For instance, the PlantSeqs dataset includes sequences from unknown taxa across694

all taxonomic ranks (Figure 9a). These sequences differ significantly from the training695

data due to their greater phylogenetic distance. However, as demonstrated in Table 1696

and Figure 4 of revised manuscript, BERTPhylo achieves higher accuracy in detecting697

novelty even for highly divergent sequences, reinforcing its effectiveness in this context.698

2. Test sequence belongs to a known taxon but derives from a molecular699

marker with limited training data coverage.700

The figure below shows the proportion of training sequences corresponding to701

different molecular markers in the PlantSeqs dataset. Combined with the novelty702

detection and taxonomic classification performance for different molecular markers703

(Figure 7a,b,c,d), it is evident that markers like atpB, rpl32-trnL, and trnH-psbA,704

which have lower representation in the training data, exhibit comparatively weaker705
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performance. Conversely, 28S rRNA, despite having the lowest representation, per-706

forms robustly in both tasks. This may be due to attributed to its genomic proximity707

to ITS, a highly represented nuclear marker, allowing the model to effectively capture708

nuclear marker characteristics.709

Indeed, when the model encounters sequences from the same taxon as710

the training data but with high divergence, the performance would be711

affected. Expanding training dataset to include a broader range of sequences can712

further improve the model’s generalization and robustness in such cases.713

Comment 4714

The method identifies valuable regions in the sequences based on attention scores715

from the model. However, the decision-making process of the deep learning model,716

specifically how it identifies high-attention regions, may lack biological interpretability.717

This is a significant drawback for researchers seeking to understand the biological718

basis behind the model’s predictions. Can the authors provide more evidence or case719

studies demonstrating the biological relevance of these high-attention regions?720

Response 4721

Thank you for emphasizing the importance of biological interpretability. We fully agree722

that understanding and validating the high-attention regions identified by BERTPhylo723

is critical. To address this concern, we performed an analysis of these regions in relation724

to heterozygosity and FST, as detailed in Section 2.4 and 2.5 of the manuscript. Our725

findings indicate that regions receiving high attention generally exhibit726

elevated levels of heterozygosity and FST.727

Building on this foundation and incorporating Reviewer #1’s suggestions, we728

expanded our analysis by incorporating two additional metrics:729

• Absolute divergence (DXY): Reflecting the more ancient divergence between730

sequences [9].731

• Nucleotide substitution rate: Representing the evolutionary rate of different genetic732

regions [10].733

As shown in the Updated Figure 7 and Figures S7, S8, S9, we found that734

regions receiving heightened attention often show relatively high levels of735

DXY, and substitution rate, which is consistent with the patterns observed736

for heterozygosity and FST. We also calculated the Pearson coefficient between the737

average attention and these genetic metrics, and found that most of correlations are738

positive, particularly the substitution rate, suggesting that the rapid evolutionary rate739

may make these regions valuable for evolutionary studies. However, in some markers,740

the correlation was not significant (with p-value greater than 0.1). Therefore, we741

propose that the model’s attention, which is not directly equivalent to742

other genetic metrics, can be considered an independent genetic parameter743

for reference in future research. It highlights the regions the model deems most744

informative for downstream tasks, rather than directly reflecting traditional genetic745
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Figure 7. Visual analyses of BERTPhylo based on nine molecular markers.
(a) Comparison of the average AUROC for four taxonomic ranks of different markers
in novelty detection. | (b-d) Comparison of the average precision (b), recall (c) and
F1-score (d) for four taxonomic ranks of different markers in taxonomic classification.
| (e) Pearson correlation coefficient between average attention, heterozygosity, the
fixation index (FST), absolute divergence (DXY), and substitution rate based on nine
molecular markers. | (f) Attention heatmap of 1, 000 DNA sequences of the chloroplast
marker matK using BERTPhylo. The red box highlights the attention peak region
for the majority of sequences, with an example of the corresponding DNA sequences
displayed above it. | (g) Average attention, heterozygosity, substitution rate, FST, and
DXY curves of matK. The blue shaded area denotes the peak region of attention.

variations. This makes attention a distinct and complementary measure that provides746

additional insight into sequence variability and evolutionary relevance.747

Comment 5748

The authors mention that they divide sequences into three regions and then identify749

the high-attention regions. Does this imply that the attention regions are contiguous,750
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corresponding to one of these three predefined divisions? If so, why must they be751

contiguous?752

Response 5753

Thank you for your thoughtful question.754

To clarify, the division of sequences into three regions is a specific choice for the755

PlantSeqs dataset. The high-attention regions identified by BERTPhylo are756

not necessarily contiguous or confined to any single predefined divison.757

Instead, the following points highlight the flexibility of this approach:758

1. Non-contiguity of high-attention regions:759

High attention regions can consist of multiple small segments and do not need to760

be continuous within a given division. For example, the sequence can be divided into761

K regions, and the top M (<K) regions with highest attention scores can be selected762

as high-attention regions. In the supplementary experiment, we tested the effect of763

dividing sequences into 12 regions and selecting different numbers of high-attention764

regions (Figure S11).765

2. Selection of the number of regions:766

The choice of dividing sequences into K regions and selecting M high-attention767

regions is not arbitrary. For the PlantSeqs dataset, we chose to split the sequences768

into three regions for two main reasons:769

• High-attention regions in most sequences were concentrated (Figure 7 and Figure770

S7, S8, S9).771

• The shortest sequence in the PlantSeqs dataset is about 300 bp, so dividing it772

into three regions ensures that high-attention regions are of sufficient length for773

validation.774

For longer sequences or when model attention is more distributed, we recommend775

using a larger number of divisions to better capture high-attention regions.776

We hope this explanation clarifies the role of the sequence divisions and the flexibil-777

ity in identifying high-attention regions. Thank you again for your insightful questions,778

we have expanded this explanation in the revised manuscript (lines 167-169).779

Comment 6780

BERTPhylo depends heavily on the pretrained DNABERT model, and as a result,781

any limitations of DNABERT are likely to propagate into BERTPhylo. For instance,782

pretrained models like DNABERT typically truncate input sequences to a maximum783

length (e.g., 1024 bp). Is this also the case for BERTPhylo? Can the proposed method784

handle arbitrarily long sequences, and if not, how does it manage longer sequences?785

30



Response 6786

Thank you for your insightful question. You are correct that BERTPhylo, as it787

leverages DNA pretrained models, inherits certain limitations of the under-788

lying models. For instance, when we used DNABERT with a 3-mer tokenization to789

fine-tune PlantSeqs, the maximum input sequence length was limited to 1, 530 bp.790

Consequently, PlantSeqs filterd out sequences longer than 1, 530 bp to accommodate791

the input length limit of the pretrained model (lines 438-441).792

However, the BERTPhylo framework is designed to be highly adapt-793

able and compatible with any BERT-based model. This flexibility addresses794

the limitations of specific pretrained models, such as sequence length restrictions. For795

example, in the newly added experiment, we used DNABERT-S, a pretrained model796

without sequence length limitations, to fine-tune the Bordetella dataset. By lever-797

aging DNABERT-S, BERTPhylo is capable of handling arbitrarily long sequences,798

demonstrating its ability to adapt to more advanced pretrained LLMs.799

This adaptability underscores BERTPhylo’s potential to evolve in tandem with800

advancements in DNA pretrained models, ensuring its utility across diverse datasets801

and scenarios. We appreciate your thoughtful question and hope our response802

effectively addresses your concerns.803

Comment 7804

May BERTPhylo’s reliance on existing taxonomic classification limit its ability to805

identify new evolutionary relationships? It would be useful for the authors to discuss806

the model’s potential to discover clades or evolutionary patterns that do not fit within807

the taxonomic classification framework used in BERTPhylo.808

Response 7809

Thank you for raising this thought-provoking question.810

BERTPhylo’s reliance on existing taxonomic classifications as a framework for811

determining the appropriate clades for new sequences may indeed limit its abil-812

ity to independently identify novel evolutionary relationships outside the predefined813

taxonomy. To address this concern, we highlight the following points:814

1. Potential for identifying inconsistencies or anomalies:815

Although BERTPhylo is grounded in existing taxonomic classifications, it has the816

capability to detect inconsistencies or anomalies during the classification process. For817

instance, when a sequence exhibits a high novelty score at a particular taxonomic818

level, two scenarios are possible:819

• Unknown Taxon: The sequence may belong to an entirely unknown taxon,820

reflecting high distributional uncertainty.821

• Known Taxon with Significant Divergence: Alternatively, the sequence may822

belong to a known taxon but exhibit significant divergence from existing sequences,823

indicating high data uncertainty.824

31



The latter scenario may highlight new lineages or evolutionary patterns not cap-825

tured in the current taxonomic framework. BERTPhylo’s ability to flag such anomalies826

provides opportunities for further exploration and phylogenomic analysis to uncover827

new relationships.828

2. Focus on high-attention regions:829

BERTPhylo identifies regions of high phylogenetic importance through its atten-830

tion mechanism. By analyzing these high-attention regions, researchers can explore831

whether they reveal patterns that deviate from the expected taxonomic relationships.832

This analysis could shed light on novel clades or evolutionary paths that challenge833

the current taxonomy.834

3. Adapting to expanded taxonomic frameworks:835

The BERTPhylo framework is inherently flexible and can adapt to revised or836

expanded taxonomic classifications. For instance, as new evolutionary relationships837

are identified and incorporated into the backbone phylogenetic tree, BERTPhylo can838

be re-applied to refine and expand phylogenetic analyses, ensuring its relevance as839

classifications evolve.840

4. Future extensions:841

While the current version focuses on efficiently updating existing phylogenies,842

future iterations of BERTPhylo could include unsupervised approaches for clustering843

sequences. Such approaches would allow the model to identify entirely new evolution-844

ary relationships without relying on predefined taxonomic classifications, enhancing845

its ability to discover novel patterns.846

In summary, while BERTPhylo currently depends on existing tax-847

onomies, it serves as a valuable tool for detecting anomalies, refining848

phylogenies, and even contribute to the discovery of novel evolutionary849

relationships in collaboration with other methodologies. We appreciate your850

insightful suggestion and expand the discussion of this point in the revised manuscript851

(lines 409-414).852

Comment 8853

Although BERTPhylo outperforms other deep learning based methods, it generally854

falls short when compared to traditional approaches like MMseq2 and BLAST. This is855

understandable, as methods like BLAST are more computationally intensive. However,856

the model conditions under which the comparisons were made (Tables S1 and S2)857

seem to be very easy as the precision, recall and F1-scores are close to 100%. I believe858

the evaluation would benefit from the inclusion of more challenging model conditions.859

Response 8860

Thank you for your thoughtful feedback.861

We would like to clarify that the identification of the smallest taxonomic unit by862

BERTPhylo is not a conventional classification task. Instead, it involves determining863
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the lowest rank at which the sequence can be classified into a known taxon. Tra-864

ditional methods like MMseqs2 or BLAST lack the capability to verify865

whether the identified sequence and the query sequence are consistent at866

each taxonomic level. Therefore, they cannot accomplish this task.867

To further explore the generalizability of BERTPhylo on more challenging868

datasets, we conducted supplementary experiments on the Bordetella genus. Com-869

pard with the PlantSeqs dataset, the Bordetella dataset contains approximately870

16 times more genes but fewer sequences per gene (fewer than 20 sequences871

per gene). Additionally, the sequence similarity sbetween the test and training872

sets is lower, with MMseqs achieving only 47.18% classification accuracy at the873

species level. Detailed information and results are provided in the Section of874

Additional Experiments on the Bordetella Genus. Our results, as illustrated in875

Table S5 and Figure S11, demonstrate that BERTPhylo effectively iden-876

tifies the smallest taxonomic units as well as key regions for efficient877

phylogeny reconstruction even under these more extreme conditions. These878

findings highlight BERTPhylo’s applicability to diverse datasets beyond plants.879

We have incorporated these supplementary experiments on the Bordetella into the880

manuscript (lines 351-381). Thank you for your suggestion, which has strengthened881

our work!882

References883

[1] Bridel, S. et al. A comprehensive resource for bordetella genomic epidemiology884

and biodiversity studies. Nature Communications 13, 3807 (2022).885

[2] Zhou, Z. et al. Dnabert-s: Learning species-aware dna embedding with genome886

foundation models. ArXiv (2024).887

[3] Ji, Y., Zhou, Z., Liu, H. & Davuluri, R. V. DNABERT: pre-trained bidirectional888

encoder representations from transformers model for DNA-language in genome.889

Bioinformatics 37, 2112–2120 (2021).890

[4] Hilu, K. W. & Liang, g. The matk gene: sequence variation and application in891

plant systematics. American journal of botany 84, 830–839 (1997).892

[5] TCH, C. Malpighiales phylogeny poster (2023).893

[6] Wang, H., Wu, Z., Li, T. & Zhao, J. Phylogenomics resolves the backbone of poa-894

les and identifies signals of hybridization and polyploidy. Molecular Phylogenetics895

and Evolution 200, 108184 (2024).896

[7] Szöllősi, G. J., Tannier, E., Daubin, V. & Boussau, B. The inference of gene trees897

with species trees. Systematic biology 64, e42–e62 (2015).898

[8] Li, Y.-X. et al. Phylogenomics of bivalvia using ultraconserved elements reveal899

new topologies for pteriomorphia and imparidentia. Systematic Biology syae052900

(2024).901

33



[9] Nagylaki, T. Fixation indices in subdivided populations. Genetics 148, 1325–902

1332 (1998).903

[10] Nei, M. Molecular evolutionary genetics (Columbia university press, 1987).904

[11] Yang, Z. & Rannala, B. Molecular phylogenetics: principles and practice. Nature905

Reviews Genetics 13, 303–314 (2012).906

[12] Kapli, P., Yang, Z. & Telford, M. J. Phylogenetic tree building in the genomic907

age. Nature Reviews Genetics 21, 428–444 (2020).908

34



*0:876:0 ;7 9010900: 179 )3=57+<60" #6 %!.406;

'0;37/ ;7 #..0509-;0 )3=572060;4. ,8/-;0: ,:462

- )90;9-460/ $(# &-62<-20 '7/05

U^ lbg\^k^er Ziik^\bZm^ rhnk mahkhn`a ^oZenZmbhg h_ hnk k^obl^] fZgnl\kbim Zg]
ma^ bglb`am_ne. \hglmkn\mbo^ _^^][Z\d ikhob]^]0 U^ Zk^ `kZm^_ne _hk rhnk k^\h`gbmbhg h_
ma^ bfikho^f^gml fZ]^0

Rh Z]]k^ll \hg\^kgl k^`Zk]bg` [^g\afZkdbg` Zg] `^g^kZebsZ[bebmr. p^ aZo^ \hg/
]n\m^] Z]]bmbhgZe ^qi^kbf^gml hg lbfneZm^] ]ZmZl^ml mh oZeb]Zm^ ma^ _^Zlb[bebmr Zg]
kh[nlmg^ll h_ hnk ZiikhZ\a Z\khll oZkrbg` l^jn^g\^ jnZgmbmb^l0 Enkma^kfhk^. p^ aZo^
k^obl^] ma^ fZgnl\kbim Z\\hk]bg`er mh [^mm^k Zkmb\neZm^ ma^ \hgmkb[nmbhgl h_ hnk
f^mah]0 @ee fh]b$\Zmbhgl Zk^ ab`aeb`am^] bg k^] _hk \eZkbmr0

U^ ahi^ maZm hnk ihbgm/[r/ihbgm k^lihgl^l [^ehp Z]^jnZm^er Z]]k^ll rhnk \hg\^kgl
Zg] _nkma^k \eZkb_r ma^ lb`gb$\Zg\^ h_ hnk phkd0 RaZgd rhn Z`Zbg _hk rhnk mbf^ Zg]
\hglb]^kZmbhg0

.BD 3:H>:I:D #1#

U^ phne] ebd^ mh ^qik^ll hnk lbg\^k^ `kZmbmn]^ mh P^ob^p^k #- _hk ma^ f^mb\n/
ehnl ^oZenZmbhg Zg] \hglmkn\mbo^ _^^][Z\d hg hnk k^obl^] fZgnl\kbim Zg] k^lihgl^0
Ra^ k^ob^p^k+l ihlbmbo^ \hff^gml Zk^ ]^^ier ^g\hnkZ`bg`0 U^ aZo^ bfie^f^gm^] Zee
ln``^lm^] phk]bg` bfikho^f^gml pbma \Zk^_ne Zmm^gmbhg. Zl hnmebg^] [^ehp0

,B@@:AF &

0@<K <EE K@OD@P@KL$

e46< 'Z\\^e^kZm^ iareh`^g^mb\ ni]Zm^l nlbg` Z ik^mkZbg^] CM@ eZg`nZ`^ fh]^e'< H ]hg+m
mabgd 'iareh`^g^mb\ ni]Zm^' bl o^kr \e^Zk= i^kaZil l^hf^mabg` ebd^ 'Z]] mZqZ mh Zg
^qblmbg` iareh`^g^mb\ mk^^ nlbg` Z ik^mkZbg^] eZg`nZ`^ fh]^e'0

3:ECBAE: &

U^ Ziik^\bZm^ ma^ k^ob^p^k+l oZenZ[e^ ln``^lmbhg k^`Zk]bg` m^kfbgheh`b\Ze \eZkbmr0
Eheehpbg` mabl k^\hff^g]Zmbhg. p^ aZo^ k^obl^] ma^ l^gm^g\^ mh<

"accelerate the integration of novel taxa into an existing phylogenetic tree using a

pretrained DNA language model".



,B@@:AF '

e95< @ghma^k ZiikhZ\a maZm fZr [^ phkma \bmbg` bg mabl iZkZ`kZia bl mabl< ammil<
11]hb0hk`132033231424602803907;;626

3:ECBAE: '

U^ Zk^ `kZm^_ne mh ma^ k^ob^p^k _hk ab`aeb`ambg` mabl lb`gb$\Zgm phkd0 @_m^k k^Z]bg`
ma^ f^mah] ik^l^gm^] bg ma^ \bm^] lmn]r. p^ aZo^ bg\hkihkZm^] ma^ k^_^k^g\^ bg ebg^l
9:!:20 Rabl ZiikhZ\a hnminml ^ohenmbhgZkr ]blmZg\^l [^mp^^g Zee l^jn^g\^ iZbkl hg
ma^ mk^^. ma^k^[r jnZeb_rbg` Zl Z ]blmZg\^/[Zl^] ]^^i e^Zkgbg` f^mah]0

,B@@:AF (

e3;6< 'ADPROareh ikh\^ll fnembie^ l^jn^g\^l'< ikh\^ll^l

3:ECBAE: (

U^ maZgd ma^ k^ob^p^k _hk b]^gmb_rbg` mabl mrih`kZiab\Ze ^kkhk0 Ra^ m^qm aZl [^^g
\hkk^\m^] _khf 'ikh\^ll' mh 'ikh\^ll^l'0

,B@@:AF )

e485< 'aZ] Z \ehl^k hk ^jnZe PE ]blmZg\^l mh ma^ _nee/l^jn^g\^ mk^^l maZg mahl^ \hg/
lmkn\m^] nlbg` ehp/Zmm^gmbhg k^`bhgl'< mabl bl ghm o^kr p^ee lZb]< Z ]blmZg\^ bl ghm '\ehl^'
hk '^jnZe' mh Z mk^^. [nm bm \Zg [^ lfZee0

3:ECBAE: )

RaZgd rhn _hk ihbgmbg` hnm mabl bfik^\blbhg0 U^ aZo^ k^obl^] ma^ l^gm^g\^ mh 'lfZee^k
hk ^jnZe PE ]blmZg\^l'. pab\a fhk^ Z\\nkZm^er \hgo^rl ma^ bgm^g]^] f^Zgbg`0

,B@@:AF *

e4;7< 'ma^ mph gne\^Zk fZkd^kl'< gn\e^Zk

3:ECBAE: *

U^ aZo^ \hkk^\m^] ma^ mrih`kZiab\Ze ^kkhk [r \aZg`bg` 'gne\^Zk' mh 'gn\e^Zk'0

U^ ahi^ maZm ma^l^ k^oblbhgl Z]]k^ll Zee h_ ma^ k^ob^p^k+l k^fZbgbg` \hg\^kgl Zg]
_nkma^k ^gaZg\^ ma^ \eZkbmr Zg] ik^\blbhg h_ hnk fZgnl\kbim0 RaZgd rhn Z`Zbg _hk rhnk
mbf^ Zg] bglb`am_ne ln``^lmbhgl0



.BD 3:H>:I:D #2#

,B@@:AF

Ra^ Znmahkl aZo^ lb`gb$\Zgmer bfikho^] ma^ fZgnl\kbim bg k^lihgl^ mh fr \hff^gml0
Hg _Z\m ma^r aZo^ lZmbl_Z\mhkber Z]]k^ll^] Zee h_ ma^f [nm hg^< Mh [^g\afZkdbg` hg
lbfneZm^] ]ZmZ aZl [^^g i^k_hkf^]0 H \hglb]^k mabl Z oZenZ[e^ ^q^k\bl^. lbg\^ bg mabl
\Zl^ ma^ `khng] mknma bl dghpg. Zg] Zelh ma^ mk^^ mhiheh`r Zg] \eZ]^ ]blmkb[nmbhg \Zg
[^ fh]^ee^] _k^^er0

3:ECBAE:

U^ lbg\^k^er Ziik^\bZm^ ma^ k^ob^p^k+l ihlbmbo^ ^oZenZmbhg h_ hnk fZgnl\kbim bfikho^/
f^gml Zg] maZgd rhn _hk ln``^lmbg` ma^ bg\enlbhg h_ lbfneZm^]/]ZmZ [^g\afZkdbg`0
Rabl k^\hff^g]Zmbhg aZl ikhob]^] Z oZenZ[e^ hiihkmngbmr mh ^oZenZm^ hnk f^mah]
ng]^k \hgmkhee^] \hg]bmbhgl pbma Z dghpg `khng] mknma. ma^k^[r _nkma^k ]^fhglmkZm/
bg` bml kh[nlmg^ll Zg] ^&\Z\r0 A^ehp. p^ ]^mZbe hnk ^qi^kbf^gmZe l^mni. ^oZenZmbhg
f^mkb\l. Zg] d^r $g]bg`l0

&% -JC:D>@:AF7? 4:FGC

U^ ]^o^ehi^] Z \nlmhf Ormahg l\kbim mh `^g^kZm^ kZg]hf khhm^] [bgZkr mk^^l _hk
Z li^\b$^] gnf[^k h_ li^\b^l ,*-0 Q^jn^g\^l h_ /$ ,,, [i p^k^ ma^g lbfneZm^] Zehg`
ma^l^ mk^^l nlbg` Q^j/F^g o30507 X3Y0

&%& 4@7??:EF 57JBAB@>8 6A>F 09:AF>!87F>BA

Rh Zll^ll lfZee^lm mZqhghfb\ ngbm b]^gmb$\Zmbhg. li^\b^l ,^q\en]bg` ma^ hnm`khni-
p^k^ ]bob]^] bgmh mph mZqhghfb\ ngbml [Zl^] hg ma^ mhiheh`r h_ Z kZg]hfer `^g^kZm^]
mk^^ ,* 8 -,,-0 Ra^ hnm`khni pZl ^qiZg]^] bgmh Z [kZg\a h_ $o^ li^\b^l. ]^lb`gZm^]
Zl Zg ngdghpg mZqhghfb\ ngbm _hk gho^emr ]^m^\mbhg0 Ehk l^jn^g\^l [^ehg`bg` mh
dghpg mZqhghfb\ ngbml. p^ i^k_hkf^] lmkZmb$^] 32/_he] \khll/oZeb]Zmbhg mh `^g^kZm^
-, l^ml h_ mkZbgbg` Zg] m^lmbg` ]ZmZl^ml0 Hg Z]]bmbhg mh ma^ hkb`bgZe mkZbgbg` l^m lbs^.
p^ ln[lZfie^] -,$ .,$ /,$ 0,$ " " " $ 4, l^jn^g\^l mh lmn]r ma^ bfiZ\m h_ oZkrbg` mkZbgbg`
lZfie^ lbs^l0 Bhglblm^gm pbma hnk ^qi^kbf^gml hg ma^ fb\kh[bZe '@C67E7==3 ]ZmZl^m.
p^ nl^] CM@ADPR/Q X4Y"\ZiZ[e^ h_ ikh\^llbg` l^jn^g\^l h_ Zk[bmkZkr e^g`mal"Zl
hnk [Z\d[hg^ fh]^e0 Rh fbgbfbs^ lZfiebg` [bZl. mak^^ bg]^i^g]^gm l^jn^g\^ fZmkb\^l
p^k^ `^g^kZm^] pbma Q^j/F^g. k^lnembg` bg Z mhmZe h_ /, ^qi^kbf^gmZe k^ieb\Zm^l _hk
^Z\a mkZbgbg` lZfie^ lbs^0

&%' 2=K?B<:A:F>8 5D:: ,BAEFDG8F>BA ;DB@ +FF:AF>BA 3:<>BAE

Ehk Z \hfiZkZmbo^ ZgZerlbl. p^ ^oZenZm^] mk^^l \hglmkn\m^] _khf ab`a/Zmm^gmbhg Zg]
ehp/Zmm^gmbhg k^`bhgl Z\khll lbfneZm^] ]ZmZl^ml pbma * 8 .,$ 0,$ 2,$ 4,$ -,, l^jn^g\^l0
DZ\a lbfneZm^] l^jn^g\^ pZl ]bob]^] bgmh J l^`f^gml ,pbma J oZen^l h_ .$ /$ Zg] 0-0
U^ ma^g l^e^\m^] k^`bhgl [Zl^] hg ma^ ab`a^lm Zg] ehp^lm Zmm^gmbhg l\hk^l h[mZbg^]
_khf ma^ eZlm eZr^k h_ ma^ ADPR fh]ne^. k^li^\mbo^er0 Ehk ^Z\a lbs^ h_ ma^ li^\b^l mk^^.
-, mk^^l p^k^ kZg]hfer `^g^kZm^] _hk oZeb]Zmbhg0



;I?<M@? 2DBNK@ *% 7NK F@MCH? "K@G<F@? <L 8CQEH:NG@# DFIKHO@L PDMC
DG>K@<LDGB MK<DGDGB ?<M< <G? HNMI@KAHKFL 66L@JL( PC@G MC@ K@A@K@G>@
?<M<=<L@ DL EDFDM@?% ,<- O^k_hkfZg\^ ,)- h_ OarehRng^ bg b]^gmb_rbg` ma^ lfZee/
^lm mZqhghfb\ ngbm hg lbfneZm^] ]ZmZl^ml pbma oZkrbg` mkZbgbg` l^jn^g\^l0 ,K^_m-
RZqhghfb\ BeZllb$\Zmbhg< LZmma^pl \hkk^eZmbhg \h^&\b^gm ,LBB-. fZ\kh E3 l\hk^.
fZ\kh k^\Zee. fZ\kh ik^\blbhg. Zg] Z\\nkZ\r ,@BB- _hk dghpg mZqZ0 ,Pb`am- Mho^emr
C^m^\mbhg< @SOP Zg] @SPNB _hk ngdghpg mZqZ0 t ,=- BhfiZkblhg h_ mZqhghfb\
\eZllb$\Zmbhg [^mp^^g OarehRng^ Zg] LLl^jl4. pab\a nl^l ma^ mkZbgbg` ]ZmZ Zl Z
k^_^k^g\^ ]ZmZ[Zl^0 L^mkb\l bg\en]^ LBB. fZ\kh E3 l\hk^. fZ\kh k^\Zee. fZ\kh ik^\b/
lbhg. @BB. Zg] \hfinmZmbhgZe mbf^ ,l^\hg]l-0

'% -JC:D>@:AF7? 3:EG?FE

'%& 09:AF>!87F>BA B; F=: 4@7??:EF 57JBAB@>8 6A>F

Nnk $g]bg`l bg]b\Zm^ maZm [hma mZqhghfb\ \eZllb$\Zmbhg Zg] gho^emr ]^m^\mbhg i^k_hk/
fZg\^ bfikho^ lm^Z]ber Zl ma^ gnf[^k h_ mkZbgbg` lZfie^l bg\k^Zl^l ,Eb`nk^ 6Z-0 Ehk
^qZfie^. nlbg` 5,5, mkZbgbg` lZfie^l k^lnem^] bg Z /1/1#1$1$ bfikho^f^gm bg ma^ LZmma^pl



;I?<M@? 2DBNK@ +% Cb#^k^g\^ bg Ph[bglhg/Ehne]l ,PE- ]blmZg\^ [^mp^^g ma^ mk^^
\hglmkn\m^] _khf ab`a/Zmm^gmbhg k^`bhgl Zg] ma^ `khng] mknma mk^^ ,PE,ab`a. `m--
Zg] ma^ PE ]blmZg\^ [^mp^^g ma^ mk^^ \hglmkn\m^] _khf ehp/Zmm^gmbhg k^`bhgl Zg]
ma^ `khng] mknma mk^^ ,PE,ehp. `m-- Zm ]b#^k^gm gnf[^kl h_ l^jn^g\^l Zg] e^g`mal h_
Zmm^gmbhg k^`bhgl ,31J h_ ma^ _nee e^g`ma- hg ma^ lbfneZm^] ]ZmZl^ml0

Bhkk^eZmbhg Bh^&\b^gm ,LBB- Zg] Z .1.1#-$-$ bg\k^Zl^ bg ma^ @SPNB \hfiZk^] mh
nlbg` hger -,-, mkZbgbg` lZfie^l0 Ra^l^ $g]bg`l ab`aeb`am ma^ \aZee^g`^l Zllh\bZm^] pbma
$g^/mngbg` ik^mkZbg^] eZk`^ eZg`nZ`^ fh]^el ebd^ CM@ADPR/Q hg ebfbm^] ]ZmZ. Zl
ma^ l\Zk\bmr h_ mkZbgbg` lZfie^l \Zg e^Z] mh ho^k$mmbg` Zg] abg]^k ^#^\mbo^ e^Zkgbg`
h_ ]blmkb[nmbhg _^Zmnk^l0

Enkma^kfhk^. pa^g \hfiZk^] mh LLl^jl4 X5Y"pab\a nl^l mkZbgbg` lZfie^l Zl bml
k^_^k^g\^ ]ZmZ[Zl^"hnk f^mah] ^qab[bml Z \e^Zk Z]oZgmZ`^ bg \eZllb_rbg` l^jn^g\^l
[^ehg`bg` mh dghpg mZqhghfb\ ngbml0 @efhlm Zee ^oZenZmbhg f^mkb\l Z\khll Zee ^qi^k/
bf^gmZe l^mmbg`l ]^fhglmkZm^ lni^kbhk i^k_hkfZg\^ k^eZmbo^ mh LLl^jl4. pbma ma^
Z]oZgmZ`^ [^bg` iZkmb\neZker ikhghng\^] bg l\^gZkbhl pbma _^p^k mkZbgbg` lZfie^l
,l^^ Eb`nk^ 6[-0 Rabl h[l^koZmbhg ln``^lml maZm ]^^i e^Zkgbg` ZiikhZ\a^l Zk^ [^mm^k
^jnbii^] mh aZg]e^ \hfie^q l^jn^g\^l maZm Zk^ e^ll ebd^er mh [^ ik^l^gm bg \hgo^gmbhgZe
k^_^k^g\^ ]ZmZ[Zl^l. ln\a Zl l^jn^g\^l bgoheobg` ehg`/kZg`^ ahfheh`r X6Y0 Lhk^ho^k.
LLl^jl4 bl bga^k^gmer ebfbm^] bg bml \ZiZ\bmr mh b]^gmb_r ngdghpg mZqhghfb\ ngbml
[^\Znl^ bm eZ\dl ma^ f^\aZgblf mh Zll^ll \hglblm^g\r [^mp^^g ma^ jn^kr l^jn^g\^l Zg]
ma^ l^jn^g\^l bm b]^gmb$^l Z\khll ]b#^k^gm mZqhghfb\ e^o^el0

'%' 3:EB?GF>BA B; 2=K?B<:A:F>8 5D::E 6E>A< /><=$+FF:AF>BA 3:<>BAE

U^ ^oZenZm^] ma^ Z\\nkZ\r h_ iareh`^g^mb\ mk^^l [r \Ze\neZmbg` ma^ ghkfZebs^]
Ph[bglhg/Ehne]l ,PE- ]blmZg\^ [^mp^^g ma^ mk^^l \hglmkn\m^] _khf Zmm^gmbhg/[Zl^]



k^`bhgl Zg] ma^ `khng] mknma mk^^l0 Hg fhlm \Zl^l. mk^^l [nbem _khf ab`a/Zmm^gmbhg
k^`bhgl fhk^ \ehl^er k^l^f[e^] ma^ `khng] mknma mk^^l maZg mahl^ [nbem _khf ehp/
Zmm^gmbhg k^`bhgl0 Rabl mk^g] pZl iZkmb\neZker ikhghng\^] ng]^k ma^ % 8 / l^mmbg`.
pa^k^ ab`a/Zmm^gmbhg k^`bhgl \hglblm^gmer hnmi^k_hkf^] ehp/Zmm^gmbhg k^`bhgl Z\khll
li^\b^l mk^^l h_ Zee lbs^l ,g > .,$ 0,$ 2,$ 4,. Zg] -,,= l^^ Eb`nk^ 8-0 Ghp^o^k. pa^g
hger Z jnZkm^k h_ ma^ l^jn^g\^ e^g`ma pZl ^qmkZ\m^] Zl Zmm^gmbhg k^`bhgl ,% 8 0-. ma^
Z\\nkZ\r h_ li^\b^l mk^^l h_ lbs^l ., Zg] -,, [nbem _khf ab`a/Zmm^gmbhg k^`bhgl ]khii^]
lb`gb$\Zgmer0 Ra^l^ k^lneml ng]^kl\hk^ Z mkZ]^/h# [^mp^^g mk^^ k^lhenmbhg Zg] l^jn^g\^
e^g`ma Zg] bg]b\Zm^ maZm pabe^ ma^ Zmm^gmbhg f^\aZgblf h#^kl oZenZ[e^ bglb`aml bgmh
ma^ Zll^llf^gm h_ ma^ bg_hkfZmbo^g^ll h_ ]b#^k^gm ihlbmbhgl bg Z l^jn^g\^. ]^m^kfbg/
bg` ma^ himbfZe _kZ`f^gm ^qmkZ\mbhg lmkZm^`r"[hma bg m^kfl h_ k^`bhg l^e^\mbhg Zg]
_kZ`f^gm e^g`ma"k^fZbgl Z ikhfblbg` Zk^Z _hk _nkma^k k^l^Zk\a0

,BA8?GE>BA

Nnk \hfik^a^glbo^ [^g\afZkdbg` hg lbfneZm^] ]ZmZl^ml ]^fhglmkZm^l maZm hnk
f^mah] ^#^\mbo^er b]^gmb$^l ma^ lfZee^lm mZqhghfb\ ngbml Zg] \hglmkn\ml Z\\nkZm^
iareh`^g^mb\ mk^^l ^o^g ng]^k \aZee^g`bg` _^p/lahm l^mmbg`l0 Ra^ Z[bebmr mh ^qmkZ\m
ab`a/Zmm^gmbhg _kZ`f^gml ghm hger ^gaZg\^l mk^^ \hglmkn\mbhg ^&\b^g\r [nm Zelh fZbg/
mZbgl ab`a Z\\nkZ\r0 U^ ahi^ ma^l^ Z]]bmbhgZe k^lneml Z]]k^ll ma^ k^ob^p^k+l \hg\^kg
Zg] _nkma^k ]^fhglmkZm^ ma^ oZen^ h_ hnk ZiikhZ\a0 Ra^ Z]]bmbhgZe ^qi^kbf^gml aZo^
[^^g Z]]^] mh ma^ k^obl^] fZgnl\kbim ,ebg^l 44:/466. 499/4;2. 665/677-0 U^ ]^^ier
Ziik^\bZm^ rhnk mahn`am_ne _^^][Z\d Zg] \hglmkn\mbo^ ln``^lmbhgl0



.BD 3:H>:I:D #3#

U^ lbg\^k^er maZgd P^ob^p^k #/ _hk mZdbg` ma^ mbf^ mh \Zk^_neer k^Z] hnk k^obl^]
fZgnl\kbim Zg] k^lihgl^l Zg] _hk ikhob]bg` bglb`am_ne Zg] \hglmkn\mbo^ _^^][Z\d0
A^ehp. p^ ikhob]^ ihbgm/[r/ihbgm k^lihgl^l mh ma^ rhnk \hff^gml. Zbfbg` mh Z]]k^ll
ma^ \hg\^kgl k^`Zk]bg` ma^ `^g^kZebsZ[bebmr Zg] [^g\afZkdbg` h_ hnk f^mah] pabe^
_nkma^k \eZkb_rbg` ma^ \hgmkb[nmbhgl h_ hnk ZiikhZ\a0

,B@@:AF &

P^`Zk]bg` ma^ ^oZenZmbhg h_ rhnk fh]^e+l `^g^kZebsZ[bebmr. H pZl ^qi^\mbg` mh l^^ ma^
i^k_hkfZg\^ h_ ma^ Zek^Z]r mkZbg^] fh]^e hg ngl^^g ]ZmZ0 RaZm f^Zgl. ma^ fh]^e
mkZbg^] hg ma^ OeZgmQ^jl ]ZmZl^m lahne] [^ ^oZenZm^] hg ma^ g^p fb\kh[bZe ]ZmZ0
Eheehpbg` mabl. rhn \hne] $g^/mng^ rhnk fh]^e nlbg` ma^ g^p fb\kh[bZe ]ZmZ Zg]
Zll^ll ma^ i^k_hkfZg\^ Z`Zbg0 Rabl ZiikhZ\a phne] Zeehp rhn mh ^oZenZm^ ahp rhnk
ik^mkZbg^] fh]^e i^k_hkfl hg ngl^^g ]ZmZ pbma Zg] pbmahnm $g^/mngbg`0 Ghp^o^k. bm
bl ghm \e^Zk pa^ma^k rhn $g^/mng^] ma^ fh]^e [Zl^] hg ma^ fb\kh[bZe ]ZmZ hk mkZbg^]
bm _khf l\kZm\a nlbg` ma^ fb\kh[bZe ]ZmZ0

Ra^ Znmahkl f^gmbhg^] maZm ma^r nl^] mph GKOl mh Z]Zim mh ma^ g^p ]ZmZl^m0
Ghp ]h^l rhnk fh]^e i^k_hkf pbma hger hg^ GKO eZr^k ,Zl rhn nl^] _hk ma^ OeZgmQ^jl
]ZmZl^m-? Rabl ln``^lml maZm ma^ fh]^e pZl ghm $g^/mng^] [Zl^] hg ma^ fb\kh[bZe
]ZmZ= bglm^Z]. Z leb`amer ]b#^k^gm Zk\abm^\mnk^ pbma mph GKO eZr^kl pZl mkZbg^] _hk
ma^ fb\kh[bZe ]ZmZl^m0 Rabl bl \hg\^kgbg`. Zl bm bg]b\Zm^l maZm ma^ Zk\abm^\mnk^ fZr
eZ\d ma^ ^qi^\m^] `^g^kZebsZ[bebmr h_ Z ik^mkZbg^] fh]^e0 Lhk^ho^k. ahp phne] Z nl^k
]^m^kfbg^ pa^ma^k ln\a Z]ZimZmbhgl bg GKO eZr^kl Zk^ g^\^llZkr _hk Z g^p ]ZmZl^m?
ik^mkZbg^] fh]^el Zk^ nlnZeer $g^/mng^] pbma g^p ]ZmZl^ml pabe^ fZbgmZbgbg` ma^
lZf^ Zk\abm^\mnk^0

H ng]^klmZg] ma^ \aZee^g`^. Zl H f^gmbhg^] bg fr hkb`bgZe \hff^gm. maZm iar/
eh`^ghfb\ ]ZmZl^m Zk^ a^m^kh`^g^hnl0 Anm Z lrlm^fZmb\ Zll^llf^gm h_ rhnk ikhihl^]
fh]^e bg mabl k^`Zk] bl ^ll^gmbZe0

3:ECBAE: &

U^ lbg\^k^er Ziik^\bZm^ k^ob^p^k+l mahn`am_ne \hff^gml Zg] ma^ hiihkmngbmr mh \eZkb_r
hnk ZiikhZ\a0 U^ k^lihg] mh rhnk \hg\^kgl Z[hnm ma^ `^g^kZebsZ[bebmr h_ hnk f^mah]
_khf ma^ _heehpbg` ihbgml<

'% /E<KD!><MDHG HA 7NK 6@MCH?

Ebklm. p^ phne] ebd^ mh ^fiaZlbs^ maZm hnk phkd ]h^l ghm ikhihl^ Z ngbo^klZe
ik^mkZbg^] fh]^e= kZma^k. bm bgmkh]n\^l Z `^g^kZe $g^/mngbg` _kZf^phkd _hk kZib]er
ni]Zmbg` Z `bo^g iareh`^g^mb\ mk^^ [r e^o^kZ`bg` ^qblmbg` CM@ ik^mkZbg^] fh]^el
,^0`0. CM@ADPR X7Y. CM@ADPR/Q X4Y-0 Qi^\b$\Zeer. hnk f^mah] nmbebs^l ab^kZk\ab\Ze
ebg^Zk ikh[^l ,GKOl- mZbehk^] mh ma^ mZk`^m iareh`^g^mb\ mk^^0 Ra^l^ GKOl Zk^ ma^g
\hgg^\m^] mh Z ik^mkZbg^] fh]^e Zg] $g^/mng^] mh Z\\nkZm^er b]^gmb_r ma^ lfZee^lm mZq/
hghfb\ ngbm h_ ma^ jn^kr l^jn^g\^ hg ma^ li^\b$^] mk^^ Zg] mh ^qmkZ\m ab`a/Zmm^gmbhg
k^`bhgl _hk Zee l^jn^g\^l pbmabg maZm [kZg\a ,l^^ Eb`nk^ 3[ bg ma^ k^obl^] fZgnl\kbim-0



Existing pre-trained models

(DNABERT, DNABERT S etc.)

Copy weights

BERT module BERT module…

HLPs HLPs

…

Tree NFine--tuning Fine--tuning

Outputs for tree 1 Outputs for tree N

Outputs

1. Smallest taxonomic Unit 2. High attention regions

;I?<M@? 2DBNK@ '=% 7O@KOD@P HA 8CQEH:NG@% Ehk Z `bo^g iareh`^g^mb\ mk^^
k^jnbkbg` ni]Zm^l. ab^kZk\ab\Ze ebg^Zk ikh[^l ,GKOl- Zk^ li^\b$\Zeer ]^lb`g^] mh Zeb`g
pbma bml mZqhghfb\ ab^kZk\ar0 Ra^l^ ikh[^l Zk^ $g^/mng^] hg Z ik^/mkZbg^] CM@
fh]^e mh Z\\nkZm^er \eZllb_r jn^kr l^jn^g\^l Zm ma^ lfZee^lm mZqhghfb\ ngbm pbmabg
ma^ li^\b$^] mk^^ pabe^ ^qmkZ\mbg` ab`a/Zmm^gmbhg k^`bhgl _khf Zee l^jn^g\^l pbmabg
ma^ \hkk^lihg]bg` \eZ]^0

Bhgl^jn^gmer. ma^ lZf^ jn^kr l^jn^g\^ \Zg [^ fZii^] mh ]b#^k^gm mZqhghfb\ ab^kZk/
\ab^l pa^g ^oZenZm^] hg fh]^el $g^/mng^] pbma ]b#^k^gm ]ZmZl^ml ,^0`0. ieZgm o^klnl
fb\kh[bZe-. k^%^\mbg` bml ihlbmbhg hg ]blmbg\m iareh`^g^mb\ mk^^l0 Ehk bglmZg\^. Z fb\kh/
[bZe m^lm lZfie^ fZr [^ k^\h`gbs^] Zl Zg ngdghpg mZqhghfb\ ngbm Zm ma^ \eZll kZgd
bg ma^ fh]^e $g^/mng^] nlbg` ma^ ieZgm ]ZmZl^m. r^m \eZllb$^] bgmh Z dghpg mZqhghfb\
ngbm bg ma^ fh]^e $g^/mng^] nlbg` ma^ fb\kh[bZe ]ZmZl^m0 Hm bl bfihkmZgm mh ghm^ maZm
Zee m^lm ]ZmZ bg hnk ^qi^kbf^gml k^fZbg^] ngl^^g ]nkbg` mkZbgbg`0

(% 0@LDBG HA 458L

GKOl Zk^ ]^lb`g^] mh b]^gmb_r ma^ lfZee^lm mZqhghfb\ ngbm h_ Z l^jn^g\^ bg Z
`bo^g iareh`^g^mb\ mk^^. lh ma^ gnf[^k h_ e^o^el Zg] ma^ hnminm ]bf^glbhgl Zm ^Z\a
e^o^e ]^i^g] hg ma^ mZqhghfb\ ab^kZk\ar h_ ma^ iareh`^g^mb\ mk^^ mh [^ ni]Zm^]0
Ehk ^qZfie^. ma^ OeZgmQ^jl ]ZmZl^m ,k^gZf^] OeZgm _hk \hglblm^g\r- \hgmZbgl _hnk
mZqhghfb\ kZgdl ,\eZll. hk]^k. _Zfber. Zg] `^gnl-. lh p^ ^fiehr _hnk GKO eZr^kl"^Z\a



\hkk^lihg]bg` mh Z li^\b$\ e^o^e _hk gho^emr ]^m^\mbhg Zg] \eZllb$\Zmbhg0 Ra^ '@C67E7==3
]ZmZl^m aZl hger mph e^o^el. a^g\^ bm nl^l mph GKO eZr^kl0 @ lbg`e^ GKO eZr^k phne]
bg]b\Zm^ maZm b_ Z jn^kr l^jn^g\^ bl b]^gmb$^] Zl [^ehg`bg` mh Zg ngdghpg mZqhghfb\
ngbm. ma^ ^gmbk^ mk^^ fnlm [^ ni]Zm^]0 Hg \hgmkZlm. fnemb/e^o^e GKOl \Zg ibgihbgm ma^
mZqhghfb\ ngbm Zm oZkbhnl ab^kZk\ab\Ze e^o^el0 Rabl %^qb[e^ ]^lb`g ^glnk^l maZm hnk
f^mah] \Zg Z\\hffh]Zm^ iareh`^g^mb\ mk^^l pbma ]bo^kl^ mhiheh`b^l pbmahnm k^lhkmbg`
mh Z 'hg^/lbs^/$ml/Zee' Zk\abm^\mnk^0

)% 3@G@K<EDR<=DEDMQ HA 7NK 6@MCH?

Rh _nkma^k bgo^lmb`Zm^ ma^ `^g^kZebsZ[bebmr h_ hnk f^mah]. p^ ^qiZg]^] hnk ^oZen/
Zmbhg [^rhg] ieZgm ,_h\nlbg` hg Df[krhiarmZ- Zg] fb\kh[bZe ,_h\nlbg` hg '@C67E7==3
`^gnl- ]ZmZl^ml [r bg\en]bg` Zll^llf^gml hg lbfneZm^] ]ZmZl^ml0 Ra^l^ lbfneZmbhgl
\ho^k fnembie^ k^ieb\Zm^l Z\khll ]b#^k^gm l^jn^g\^ \hngml ,.,$ 0,$ 2,$ 4,. Zg] -,,-. pbma
]^mZbe^] ^qi^kbf^gmZe l^mnil Zg] k^lneml ikhob]^] bg ma^ k^obl^] fZgnl\kbim ,ebg^l 44:/
466. 499/4;2. 665/677-0 Bhfik^a^glbo^ [^g\afZkdbg` hg ma^l^ ]ZmZl^ml ]^fhglmkZm^l
maZm hnk f^mah] \Zg ^#^\mbo^er b]^gmb_r ma^ lfZee^lm \eZllb$\Zmbhg ngbm Zg] \hglmkn\m
Z\\nkZm^ iareh`^g^mb\ mk^^l ^o^g ng]^k \aZee^g`bg` _^p/lahm l^mmbg`l0 Hg iZkmb\neZk.
\hfiZk^] mh LLl^jl4"pab\a k^eb^l hg Z k^_^k^g\^ ]ZmZ[Zl^ [nbem _khf mkZbgbg`
lZfie^l"hnk f^mah] lahpl Z \e^Zk Z]oZgmZ`^ bg \eZllb_rbg` l^jn^g\^l _khf dghpg
mZqhghfb\ ngbml. ^li^\bZeer pa^g mkZbgbg` ]ZmZ Zk^ liZkl^0 Enkma^kfhk^. ma^ Z[bebmr
mh ^qmkZ\m ab`a/Zmm^gmbhg k^`bhgl ghm hger bfikho^l ma^ ^&\b^g\r h_ mk^^ ni]Zm^l [nm
Zelh fZbgmZbgl ab`a Z\\nkZ\r0

Rh Zohb] \hg_nlbhg Zg] _nkma^k \eZkb_r hnk \hgmkb[nmbhg. p^ aZo^ k^gZf^] 'ADPR/
Oareh' mh 'OarehRng^' bg ma^ k^obl^] fZgnl\kbim. Z]]^] Z l\a^fZmb\ ]bZ`kZf h_
hnk f^mah] bg Eb`nk^ 3[. Zg] ]^mZbe^] ma^ ]^lb`g h_ GKOl _hk ]b#^k^gm ]ZmZl^ml bg
Q^\mbhg 604 ,ebg^l 722/739-0 U^ ahi^ maZm ma^l^ Z]]bmbhgZe ^qi^kbf^gml Zg] \eZkb$/
\Zmbhgl Z]]k^ll ma^ k^ob^p^kl+ \hg\^kgl k^`Zk]bg` `^g^kZebsZ[bebmr Zg] [^g\afZkdbg`0
U^ `k^Zmer Ziik^\bZm^ rhnk \hglmkn\mbo^ _^^][Z\d0

,B@@:AF '

@l _hk [^g\afZkdbg`. maZgd rhn _hk rhnk \eZkb$\Zmbhg k^`Zk]bg` fr hkb`bgZe Bhf/
f^gm :0 Ghp^o^k. H [^eb^o^ bm bl bfihkmZgm mh fZd^ ]bk^\m \hfiZkblhgl mh mkZ]bmbhgZe
iareh`^g^mb\ bg_^k^g\^ f^mah]l ,ebd^ P@qLK- pbma Zg ^gmbk^ l^m h_ l^jn^g\^l0 Vhn
aZo^ ikhob]^] \hfiZkblhgl [^mp^^g ma^ i^k_hkfZg\^ pbma _nee/e^g`ma l^jn^g\^l Zg]
ab`a1ehp/Zmm^gmbhg k^`bhgl ,Eb` 8-0 Ghp^o^k. bm bl ^jnZeer bfihkmZgm mh \hfiZk^ ma^
k^lneml pa^g \hglb]^kbg` Zee ma^ l^jn^g\^l mh`^ma^k Zg] ^lmbfZmbg` mk^^l nlbg` Z mkZ/
]bmbhgZe ZiikhZ\a ,^0`0. P@qLK- o^klnl rhnk ZiikhZ\a h_ ni]Zmbg` ma^ ^qblmbg` mk^^
pbma Z g^p l^jn^g\^0 Uabe^ ma^ ni]Zmbg` ZiikhZ\a fZd^l ma^ ho^kZee ibi^ebg^ _Zlm^k.
k^Z]^kl g^^] mh ng]^klmZg] bml Z\\nkZ\r \hfiZk^] mh mkZ]bmbhgZe ZiikhZ\a^l pa^g
Ziieb^] mh ma^ ^gmbk^ l^m h_ l^jn^g\^l0



Updated treeOriginal tree
Subtree

with a new sequence

+

Complete tree
directly constructed using RAxML

;I?<M@? 2DBNK@ 9'% Q\a^fZmb\ ]bZ`kZf \hfiZkbg` ma^ ni]Zm^] mk^^ h[mZbg^] [r
ni]Zmbg` hger Z ln[mk^^ h_ ma^ hkb`bgZe mk^^ ,fZkd^] bg [en^- Zg] ma^ \hfie^m^ mk^^
k^\hglmkn\m^] nlbg` Zee l^jn^g\^l0

3:ECBAE: '

U^ Ziik^\bZm^ mabl \hglmkn\mbo^ \hff^gm Zg] _neer Z`k^^ hg ma^ bfihkmZg\^ h_ \hf/
iZkbg` hnk ln[mk^^ ni]Zmbg` ZiikhZ\a pbma mkZ]bmbhgZe \hfie^m^/mk^^ k^\hglmkn\mbhg
f^mah]l mh Zll^ll bml _^Zlb[bebmr Zg] ebfbmZmbhgl0

Rh Z]]k^ll mabl. p^ \hg]n\m^] \hfiZkZmbo^ ^qi^kbf^gml hg lbfneZm^] ]ZmZl^ml0
Qi^\b$\Zeer. p^ kZg]hfer `^g^kZm^] iareh`^g^mb\ mk^^l h_ * li^\b^l ,* 8
.,.,$ 0,0,$ 2,2,$ 4,4,$ -,,- Zg] lbfneZm^] ma^bk l^jn^g\^ Zeb`gf^gml nlbg` Q^j/F^g o30507 X Y0Y0
Ekhf ^Z\a mk^^. p^ kZg]hfer l^e^\m^] Z \eZ]^ pbma Zm e^Zlm _hnk e^Zo^l Zl ma^ 'ln[/
mk^^' Zg] ]^lb`gZm^] hg^ l^jn^g\^ pbmabg mabl ln[mk^^ Zl ma^ 'g^p' l^jn^g\^ mh [^
Z]]^]0 Ra^ k^fZbgbg` * ! - l^jn^g\^l p^k^ \hglb]^k^] ma^ 'hkb`bgZe' l^jn^g\^l nl^]
mh \hglmkn\m ma^ 'hkb`bgZe' mk^^. pabe^ ma^ mk^^ k^\hglmkn\m^] nlbg` Zee * l^jn^g\^l
pZl m^kf^] ma^ '\hfie^m^' mk^^0 U^ nl^] P@qLK mh \hglmkn\m ma^ hkb`bgZe mk^^. ln[/
mk^^. Zg] \hfie^m^ mk^^. ma^g ni]Zm^] ma^ hkb`bgZe mk^^ pbma ma^ ln[mk^^ mh h[mZbg ma^
'ni]Zm^]' mk^^ ,l^^ Eb`nk^ Q3Q3-0 Rh jnZgmb_r ma^ ]b#^k^g\^l [^mp^^g ma^ ni]Zm^] Zg]
\hfie^m^ mk^^l. p^ nl^] ma^ ghkfZebs^] Ph[bglhg/Ehne]l ,PE- ]blmZg\^0 Ehk ^Z\a *.
p^ \hg]n\m^] $o^ k^ieb\Zm^l pbma ghg/ho^keZiibg` \eZ]^l0

Nnk k^lneml lahp maZm _hk lfZee^k ]ZmZl^ml ,* 8 .,$ 0,0,-. ma^ ni]Zm^] mk^^l p^k^
mhiheh`b\Zeer b]^gmb\Ze mh ma^ \hfie^m^ mk^^l ,Eb`nk^ 4Z4Z. PE,ni]Zm^]. \hfie^m^--0
@l ma^ gnf[^k h_ l^jn^g\^l bg\k^Zl^]. fbghk ]b#^k^g\^l ^f^k`^]0 Qi^\b$\Zeer. _hk
* 8 2,$ 4,4,. Zg] -,,. ma^ Zo^kZ`^ ghkfZebs^] PE ]blmZg\^l p^k^ ,#,,3$ ,#,./. Zg] ,#,-0.
k^li^\mbo^er0 Rabl hnm\hf^ bl ^qi^\m^] pa^g Z]]bg` g^p l^jn^g\^l. ^li^\bZeer bg fhk^
\hfie^q mhiheh`b^l X8. 9Y0 Ghp^o^k. bm bl ghm^phkmar maZm Zl * bg\k^Zl^l. ma^ ln[mk^^/
[Zl^] ZiikhZ\a Z\ab^o^l ^qihg^gmbZe `Zbgl bg \hfinmZmbhgZe ^&\b^g\r \hfiZk^] mh
\hfie^m^/mk^^ k^\hglmkn\mbhg ,Eb`nk^ 4Z4Z. !& ()'-0 Ranl. pabe^ _h\nlbg` hg ln[mk^^
ni]Zm^l fZr ho^kehhd lhf^ `eh[Ze mhiheh`b\Ze \aZg`^l bgmkh]n\^] [r g^p l^jn^g\^l.
bm k^fZbgl Z pb]^er nl^] lmkZm^`r mh [ZeZg\^ \hfinmZmbhgZe ^&\b^g\r Zg] Z\\nkZ\r.
Zl ]^fhglmkZm^] [r f^mah]l ln\a Zl iieZ\^kCB X:Y Zg] QB@LOO X;Y0 MhmZ[er. ma^
p^ee/dghpg @OF iareh`^gr h_ Zg`bhli^kfl X3232Y pZl Zelh \hglmkn\m^] [r bm^kZmbo^er



;I?<M@? 2DBNK@ (<% Ph[bglhg/Ehne]l ,PE- ]blmZg\^ ,PE,ni]Zm^]. \hfie^m^-- Zg]
mk^^/[nbe]bg` mbf^ ]b#^k^g\^l ,!& ()' 8 & ()'complete tree !& ()'updated tree- [^mp^^g
ma^ ni]Zm^] mk^^ h[mZbg^] [r ni]Zmbg` hger ma^ ln[mk^^ Zg] ma^ \hfie^m^ mk^^ [nbem
nlbg` Zee l^jn^g\^l hg lbfneZm^] ]ZmZl^ml0

'\hgg^\mbg`' ln[mk^^l0 Oareh`^g^mb\ bg_^k^g\^ bl bg%n^g\^] [r ZoZbeZ[e^ ]ZmZ Zg] \hf/
inmZmbhgZe \hglmkZbgml. fZdbg` bm \aZee^g`bg` mh h[mZbg Zg Z[lhenm^er '\hkk^\m' k^lnem0
Ghp^o^k. \hfiZk^] mh k^\hglmkn\mbg` Zg ^gmbk^ mk^^ _khf l\kZm\a nlbg` Zee l^jn^g\^l.
ni]Zmbg` Zg ^qblmbg` mk^^ makhn`a ln[mk^^ k^\hglmkn\mbhg h#^kl Z [ZeZg\^] mkZ]^/h#
[^mp^^g ^&\b^g\r Zg] Z\\nkZ\r0

U^ aZo^ bg\hkihkZm^] ma^ Z[ho^ \hfiZkblhgl bg ma^ k^obl^] fZgnl\kbim ,ebg^l 384/
3:5- mh beenlmkZm^ [hma ma^ _^Zlb[bebmr Zg] ebfbmZmbhgl h_ hnk ln[mk^^ ni]Zmbg` ZiikhZ\a
Zl Zg Zem^kgZmbo^ mh _nee/mk^^ k^\hglmkn\mbhg0 Ng\^ Z`Zbg. p^ Ziik^\bZm^ rhnk oZenZ[e^
ln``^lmbhgl0

,B@@:AF (

H Ziik^\bZm^ maZm ma^ Znmahkl aZo^ \aZg`^] ma^ mbme^ h_ ma^ fZgnl\kbim [r bg]b\Zmbg`
maZm bm 'ni]Zm^l' Zg ^qblmbg` mk^^0 Ghp^o^k. H _^^e maZm ma^ gZf^ 'ADPROareh' fZr ghm
[^ ZiikhikbZm^ Zg] \hne] [^ Zg ho^klmZm^f^gm0 Ra^ Znmahkl Zk^ nlbg` CM@ADPR mh
b]^gmb_r ma^ ln[mk^^ mh [^ ni]Zm^] Zg] mh b]^gmb_r ab`a/Zmm^gmbhg k^`bhgl bg l^jn^g\^l0
RaZm ]h^l ghm fZd^ mabl f^mah] Z ADPR/ebd^ f^mah]0 Ghp^o^k. ma^ gZf^ 'ADPR/
Oareh' ln``^lml Z ADPR/ebd^ ,^`0. CM@ADPR. OkhmADPR- fh]^e _hk iareh`^g^mb\
mk^^ ^lmbfZmbhg. pab\a bl ghm ma^ \Zl^ _hk rhnk f^mah]0

3:ECBAE: (

RaZgd rhn _hk mabl oZenZ[e^ _^^][Z\d0 U^ ng]^klmZg] ma^ \hg\^kg maZm 'ADPROareh'
bg ma^ hkb`bgZe mbme^ fb`am ln``^lm p^ Zk^ ikhob]bg` Z g^p ADPR/ebd^ ik^mkZbg^] fh]^e
li^\b$\Zeer _hk iareh`^g^mb\ mk^^ ni]Zmbg`0 @l f^gmbhg^] bg P^lihgl^ 3. hnk phkd



bglm^Z] ik^l^gml Z `^g^kZe ZiikhZ\a maZm e^o^kZ`^l ^qblmbg` CM@ ik^mkZbg^] fh]^el mh
Z\\^e^kZm^ ma^ ni]Zm^ h_ Z `bo^g iareh`^g^mb\ mk^^. kZma^k maZg bgmkh]n\bg` Z ngbo^klZe
ik^mkZbg^] fh]^e0 Rh [^mm^k k^%^\m ma^ _h\nl Zg] \hgmkb[nmbhgl h_ hnk phkd. p^ aZo^
\aZg`^] ma^ m^kf 'ADPROareh' mh 'OarehRng^' bg ma^ k^obl^] fZgnl\kbim0 U^ ahi^
mabl Z]cnlmf^gm ik^o^gml Zgr \hg_nlbhg Zg] fhk^ Z\\nkZm^er \hgo^rl hnk ZiikhZ\a
Zg] bml bfiZ\m0 RaZgd rhn Z`Zbg _hk rhnk \hglmkn\mbo^ ln``^lmbhg0

1>ABD 8B@@:AF

Hg l^\mbhg 604. ma^ Znmahkl Z]]^] Z g^p l^gm^g\^. 'OeZgmQ^jl ]ZmZl^m bl $g^/mng^]
[Zl^] hg CM@ADPR0' Anm Z ]ZmZl^m \Zgghm [^ $g^/mng^]0 Cb] rhn f^Zg mh lZr maZm
CM@ADPR pZl $g^/mng^] [Zl^] hg OeZgmQ^jl ]ZmZl^m?

3:ECBAE:

RaZgd rhn _hk ihbgmbg` hnm mabl bfik^\blbhg0 U^ aZo^ k^obl^] ma^ l^gm^g\^ mh 'p^ $g^/
mng^] CM@ADPR _hk ma^ OeZgm ]ZmZl^m'. pab\a fhk^ Z\\nkZm^er \hgo^rl ma^ hkb`bgZe
f^Zgbg`0

3:;:D:A8:E

X3Y PZf[Znm. @0 * FkZll. M0 B0 Q^j/`^g< Zg Ziieb\Zmbhg _hk ma^ fhgm^ \Zkeh lbf/
neZmbhg h_ ]gZ l^jn^g\^ ^ohenmbhg Zehg` iareh`^g^mb\ mk^^l0 ';@;?8@C>3E;5D ').
457!45: ,3;;9-0

X4Y Wahn. W0 7E 3=# CgZ[^km/l< K^Zkgbg` li^\b^l/ZpZk^ ]gZ ^f[^]]bg` pbma `^ghf^
_hng]Zmbhg fh]^el0 &C2;G ,4246-0

X5Y GZnl^k. L0 ,,D7BD% F=EC3 83DE 3?6 D7?D;E;G7 5=FDE7C;?9 3?6 D73C5: @8 =3C97 AC@E7;?
D7BF7?57 63E343D7D0 Oa0C0 ma^lbl. KLS. Lngb\a ,4236-0

X6Y Lh\d. E0. Jk^ml\af^k. E0. Jkb^l^. @0. Az\d^k. Q0 * LZks. L0 RZqhghfb\ \eZllb$/
\Zmbhg h_ CM@ l^jn^g\^l [^rhg] l^jn^g\^ lbfbeZkbmr nlbg` ]^^i g^nkZe g^mphkdl0
.C@5776;?9D @8 E:7 -3E;@?3= &5367>I @8 /5;7?57D" 1/& ''.. ^434485833; ,4244-0

X7Y Ib. V0. Wahn. W0. Kbn. G0 * CZonenkb. P0 T0 CM@ADPR< ik^/mkZbg^] [b]bk^\mbhgZe
^g\h]^k k^ik^l^gmZmbhgl _khf mkZgl_hkf^kl fh]^e _hk CM@/eZg`nZ`^ bg `^ghf^0
';@;?8@C>3E;5D ),. 4334!4342 ,4243-0

X8Y MZ[aZg. @0 P0 * QZkdZk. H0 M0 Ra^ bfiZ\m h_ mZqhg lZfiebg` hg iareh`^g^mb\
bg_^k^g\^< Z k^ob^p h_ mph ]^\Z]^l h_ \hgmkho^klr0 'C;7!?9D ;? 4;@;?8@C>3E;5D ').
344!356 ,4234-0

X9Y A^kghm. I0 O0 7E 3=# LZchk k^oblbhgl bg iZg\knlmZ\^Zg iareh`^gr Zg] ^ob]^g\^
h_ l^glbmbobmr mh mZqhg lZfiebg`0 ,@=75F=3C ';@=@9I 3?6 )G@=FE;@? *&. flZ]397
,4245-0



X:Y Jhgbg`. D0. Oabeebil. L0 * UZkghp. R0 AA;357C65% 3 ?7H D53=34=7 A:I=@97?7E;5
A=357>7?E >7E:@6. 3!; ,4243-0

X;Y U^]^ee. D0. BZb. V0 * UZkghp. R0 Q\Zfii< l\Zebg` Zeb`gf^gm/[Zl^] iareh`^g^mb\
ieZ\^f^gm mh eZk`^ mk^^l0 *)))$&(, 0C3?D35E;@?D @? (@>AFE3E;@?3= ';@=@9I
3?6 ';@;?8@C>3E;5D (&. 3639!3652 ,4244-0

X32Y Fkhni. @0 O0 7E 3=# @g ni]Zm^ h_ ma^ Zg`bhli^kf iareh`^gr `khni \eZllb$\Zmbhg
_hk ma^ hk]^kl Zg] _Zfbeb^l h_ %hp^kbg` ieZgml< @i` bo0 '@E3?;53= <@FC?3= @8 E:7
+;??73? /@5;7EI '-'. 3!42 ,4238-0



Response to referees for PhyloTune: An Efficient1

Method to Accelerate Phylogenetic Updates Using2

a Pretrained DNA Language Model3

We would like to express our sincere gratitude to the editors and reviewers for5

their continued time, effort, and constructive feedback throughout the review process.6

We are especially thankful for the encouraging comments from Reviewers #2 and #3,7

which have greatly contributed to improving the clarity and scientific rigor of our8

manuscript. Below we address the final set of comments from Reviewer #3 in detail.9

For Reviewer #3,10

Comment 1

4 Dear all reviewers, 

11

Currently, Figure 2a shows the RF distances between the trees inferred using the12

proposed method (for both high-attention regions and full-length sequences) and the13

tree inferred from the complete set of sequences using RAxML. While this comparison14

is useful, a more informative approach would be to evaluate the methods directly15

against the true species tree, since this is a simulated dataset with a known ground16

truth. Otherwise, it is difficult to interpret the accuracy of the proposed method17

compared to RAxML. Specifically, I recommend revising Figure 2a to include the18

following: 1) RF distances between the trees obtained by your approach (high attention19

region) and the true tree, 2) RF distances between the trees obtained by your approach20

(full length) and the true tree, and 3) RF distances between the trees obtained from21

all sequences using RAxML and the true tree (this will be just a horizontal line as in22

Fig 2b since varying the number of sequences is not relevant here).23

Response 124

We thank the reviewer for this insightful suggestion to improve the interpretability25

of the feasibility of updating existing trees through targeted subtree reconstruction.26

We have revised Figure 2 accordingly. Specifically, the updated Figure 2b now clearly27

illustrates the Robinson-Foulds (RF) distances between:28

1



• Trees updated using high-attention regions (high tree) and the ground-truth tree29

(RF(high, gt));30

• Trees updated using full-length sequences (full tree) and the ground-truth tree31

(RF(full, gt));32

• Trees reconstructed from complete sequence datasets using RAxML (complete tree)33

and the ground-truth tree (RF(complete, gt)).34

Additionally, the corresponding tree reconstruction times are shown in the updated35

Figure 2b, enabling a clearer joint analysis of accuracy and computational efficiency.36

To clarify the experimental setup: the x-axis in updated Figure 2b,c represents the37

number of sequences in each randomly generated ground-truth tree. Each such tree38

yields a corresponding complete tree reconstructed using RAxML. For each ground-39

truth tree, we select five random, non-overlapping subtrees (each with ≥ 4 leaves),40

and use either full-length sequences or high-attention regions to reconstruct them.41

These updated subtrees are then merged with the rest branches to form the full tree42

and high tree, respectively (Figure 2a).43

As shown in Figure 2b, both update strategies yield trees with correct topologies44

for smaller numbers of sequences (n = 20, 40). As tree complexity increases, topological45

discrepancies emerge. For n = 60, 80, and 100, the average normalized RF distances for46

full trees is 0.007, 0.046, and 0.027, respectively; for high trees, it is 0.021, 0.054, and47

0.031. Notably, even complete trees reconstructed from complete sequences set show48

non-trivial discrepancies from the ground truth in more complex topologies (e.g., RF49

= 0.038 and 0.020 for n = 60 and 80, respectively), which is consistent with known50

challenges in reconstructing complex topologies [1, 2].51

Importantly, as shown in Figure 2c, the time required for complete tree reconstruc-52

tion grows exponentially with the number of sequences. In contrast, our subtree update53

strategy, which only rebuilds a small portion of the tree, makes update time relatively54

insensitive to the total number of sequences, significantly saving computational cost.55

As discussed in the main text (now clarified in lines 180–185), this trade-off between56

speed and accuracy aligns with findings in prior work on subtree placement strategies57

such as pplacerDC [3] and SCAMPP [4], and mirrors the pragmatic design of large-58

scale phylogenies like the APG system for angiosperms [5], which are constructed by59

iteratively connecting subtrees. Taken together, these results underscore that subtree-60

based updates provide a practical and scalable solution that balances accuracy with61

efficiency in large phylogenetic analyses.62

Comment 263

My second suggestion is to briefly discuss the RF distances of the high attention64

region approach. The authors observed that as the number of sequences increases, the65

RF distance between their method and RAxML increases (as I expected). But they66

reported the RF distances (0.007, 0.023 and 0.014) for only full-length sequences. For67

high attention region approach, the RF distances are even higher (more than 25% for68

100 sequences). This is what I anticipated, and the authors should report and discuss69

this (but with respect to true trees as I suggested above).70
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Response 271

We appreciate the reviewer’s valuable suggestion and fully agree that the RF distances72

of the high-attention region approach warrant explicit discussion. As expected, the RF73

distances for trees updated using high-attention regions are slightly higher than those74

based on full-length sequences, particularly as tree complexity increases (Figure 2b).75

For sequence counts of 60, 80, and 100, the average differences between RF(high, gt)76

and RF(full, gt) are 0.014, 0.008, and 0.004, respectively. Although these differences77

are relatively small, they illustrate the expected trade-off between reduced sequence78

length and topological accuracy.79

On the other hand, the high-attention region approach further reduces computa-80

tional cost, with observed time reductions of 30.3%, 30.1%, and 14.3% compared to81

updating with full-length sequences in the same settings (Figure 2c). This highlights82

the practical benefit of our method, which offers significant efficiency gains with only83

a modest compromise in accuracy.84

We have revised Figure 2 and incorporated the above discussion into the85

manuscript (lines 167–182), highlighting that while our method delivers computational86

efficiency, it does involve a trade-off in topological accuracy under certain conditions.87

We believe this clarification strengthens the interpretation of our findings and pro-88

vides a balanced perspective on the strengths and limitations of our approach. We are89

grateful for the reviewer’s insightful and constructive suggestions, which have led to90

significant improvements in the manuscript. We hope that the current version fully91

addresses all remaining concerns.92
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Updated Figure 2. Performance comparison of phylogenetic tree updating
methods. (a) Schematic overview of tree reconstruction strategies. The original tree
is built from sequences simulated on the ground-truth tree (gt) with one sequence
removed as the new sequence. Updates are performed using: all sequences (complete
tree), full-length sequences of a target subtree (full-length tree), or high-attention
regions of the subtree (high-attention region tree). Using the example of the addition
of species 4, the updated parts of the three trees using RAxML are highlighted in blue.
| (b,c) Robinson-Foulds (RF) distance and construction time compare updated trees
to gt. Each box plot (n=5 independent experiments) shows the median, interquartile
range (25th to 75th percentile), and whiskers to minima/maxima within 1.5 times
IQR. | (d) Example of updating the phylogenetic tree using PhyloTune. The original
tree consisted of 677 species of 20 orders from Embryophyta. The tree was built using
RAxML, with organisms colored based on order. The scale represents the normalized
fraction of total branch length. The rugged bars at the outer circle represents the
normalized length of input DNA sequences. i) Update of out-of-distribution (OOD)
sequences: the three newly added sequences belong to the order Fabales, but do not
belong to any families or genera in the original tree, so only the subtree of Fabales is
updated. ii) Update of in-distribution (ID) sequences: the two newly added sequences
belong to the genus Primulina, so the subtree of Primulina is updated. | (e) Time
comparison for the example tree. Blue and orange curves show subtree reconstruction
times using full-length sequences and high-attention regions (one-third of the full
length), respectively. The red dotted line indicates the time needed to update the tree
using all sequences (about 20.1 hours). Source data are provided as a Source Data file.
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