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Abstract. Phylogenetic distance estimation and distance-based phy-
logeny reconstruction are well-studied cornerstone topics in phylogenet-
ics. Classical approaches for both utilize mathematical or probabilistic
graphical models of biomolecular sequence evolution. But model viola-
tions can occur and model-based analysis can be impacted as a result.
Recent advances in statistical machine learning using deep neural net-
works provide an alternative in the form of representation learning.
Newer applications of deep learning to phylogenetic distance estimation
have followed. A number of challenges in this area remain, since state-of-
the-art methods are often restricted to pairwise or subset-based analyses
and retain other simplifying assumptions.
In fact, classical model-based methods and representation learning are
orthogonal and, as we show, their combination can be greater than the
sum of its parts. We bridge these different approaches by synthesizing
mathematical and logical constraints with statistical machine learning –
an approach from physics-informed machine learning (PIML). Our al-
gorithmic solution takes the form of a Transformer-based framework for
learning phylogeny-informed representations directly from MSAs, which
we apply to the task of phylogenetic distance estimation. The result is
FIREFLY, a computational framework for “PHYlogeny-informed REp-
resentation learning to estimate PHyLogenetic dIstances”).
We benchmarked FIREFLY’s performance against other state-of-the-art
methods using simulated and empirical datasets. We found that FIRE-
FLY improves both pairwise distance estimation accuracy and down-
stream phylogenetic inference compared with state-of-the-art methods.
The gains are particularly pronounced under high indel rates and on es-
timated MSAs, where alignment errors and gap-induced uncertainty are
most severe. Our results highlight the value of integrating phylogeny-
based inductive bias into deep representation learning and suggest that
MSA-level modeling offers a robust foundation for evolutionary inference
under challenging conditions.

Keywords: Phylogenetic distance estimation, Multiple sequence align-
ment, Phylogeny-informed learning, PIML, Deep representation learning



2 M. Gao et al.

1 Introduction

Phylogenetic inference aims to reconstruct evolutionary relationships among bio-
logical sequences and plays a central role in comparative genomics and molecular
evolution. In a standard phylogenetic pipeline, homologous sequences are first
assembled into a multiple sequence alignment (MSA), after which a phylogenetic
tree is inferred under an explicit event-based model of sequence evolution using
statistical or mathematical optimization [3, 23, 25]. These optimization-based
methods are computationally intensive due to repeated optimization score cal-
culation and the need to explore a tree space that grows super-exponentially
with the number of taxa [3]. As a computationally efficient alternative, distance-
based methods reconstruct phylogenies from estimated pairwise evolutionary
distances [8, 11]. Despite their differences in formulation and computational
cost, both optimization-based and distance-based approaches rely on simplify-
ing assumptions about the evolutionary process, such as site independence and
error-free input alignments. In practice, insertions and deletions are typically
ignored or treated as missing data rather than explicitly modeled [24]. Conse-
quently, phylogenetic inference can be sensitive to alignment uncertainty and
upstream alignment errors, particularly when MSAs are noisy or approximately
estimated [7, 22].

An alternative to these classical approaches has emerged thanks to recent
advances in machine learning: an increasing number of studies have investigated
the use of deep learning methods in phylogenetics, as reviewed in [14]. Several
likelihood-free methods formulate topology inference as a classification prob-
lem over tree topologies [19,27]. However, because the number of unrooted tree
topologies grows rapidly with the number of taxa, these methods are restricted
to quartets (trees with four leaves) and must be combined heuristically to in-
fer larger trees. Benchmark studies have shown that, under challenging scenarios
such as long branches or short alignments, these methods can underperform clas-
sical likelihood or distance-based approaches [26]. Other likelihood–free frame-
works, including GAN-based methods, require retraining for each dataset and
do not scale beyond a modest number of taxa [18]. Phyloformer [15] instead
predicts pairwise evolutionary distances from MSAs using Transformer encoders
and reconstructs trees via distance-based methods, enabling scalability to larger
datasets. However, its reliance on deterministic pairwise signals makes it sensi-
tive to noise in estimated MSAs, and its pairwise representations may discard
shared evolutionary context captured at the MSA level [2, 4], particularly in
gap-rich alignments.

To help address these limitations and explore new directions for applica-
tions of deep learning in phylogenetics, our work draws inspiration from recent
advances in MSA-based representation learning for protein modeling, where
deep networks are pretrained on large MSAs and transferred to downstream
tasks [9, 16]. While such approaches primarily focus on relationships between
sites, phylogenetic inference concerns relationships between sequences. In this
study, we introduce a phylogeny-informed representation learning framework
built on a DNA-MSA Transformer encoder augmented with a learnable phylo-
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genetic attention bias. By operating on full MSAs, the model learns sequence-
level representations that capture global relational structure across taxa, which
cannot be recovered from pairwise-only features. We combine a pretrained trans-
former encoder with a supervised distance estimation module to infer pairwise
evolutionary distances, which are subsequently used for downstream tree recon-
struction. A key component of our framework is a learnable phylogenetic bias
module that is integrated directly into the column-wise attention mechanism.
Unlike fixed or hand-crafted phylogenetic priors, this bias is learned end-to-end
from data and adapts naturally to alignment noise. It is activated during joint
training with the distance estimation module, allowing the model to stabilize
cross-sequence attention while remaining flexible. Through extensive simulation
studies and empirical analyses, our framework consistently outperforms Phylo-
former and achieves performance comparable to, or exceeding, state-of-the-art
likelihood-based methods on both true and estimated MSAs. Importantly, it re-
mains robust in challenging regimes with high gap content, where prior deep
learning approaches and likelihood-based methods often degrade.

Our contributions can be summarized as follows:

– MSA-level representation learning. We introduce an MSA-level repre-
sentation learning framework that encodes global evolutionary relationships
among taxa, rather than relying on pairwise statistics derived from raw align-
ments.

– Learnable phylogenetic inductive bias. We propose a data-adaptive
phylogenetic bias that guides attention toward sequences based on their evo-
lutionary relationships, providing a flexible alternative to fixed evolutionary
priors.

– Robustness under realistic alignment noise. By modeling full MSAs
and learning adaptive phylogenetic structure, our approach substantially im-
proved robustness in downstream phylogenetic inference under alignment er-
rors and gap-induced uncertainty commonly encountered in estimated MSAs.

2 Method

Problem formulation and framework overview. Given a DNA multiple sequence
alignment (MSA) with N taxa and alignment length L, our overall goal is to
learn phylogeny-aware representations of MSAs that can support downstream
phylogenetic inference tasks. In this work, we focus on pairwise evolutionary
distance inference, followed by distance-based phylogenetic tree reconstruction.

Accurate phylogenetic representation learning requires modeling both site-
wise dependencies along sequences and taxon-wise relationships across aligned
sequences, while remaining robust to alignment noise. We therefore propose
a Transformer-based framework that operates directly on full MSAs to learn
sequence-level representations capturing global relational structure across taxa,
and serves for downstream phylogenetic inferences. The framework consists of
two stages. In the first stage, a shared Transformer encoder is pretrained using a
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Fig. 1. Overview of the FIREFLY framework for downstream evolution-
ary pairwise distance inference and phylogenetic tree inference. A simulator
is used to generate phylogenetic trees together with true and estimated MSAs un-
der specified evolutionary models. The framework consists of two stages. In the first
stage, a Transformer encoder is pretrained using masked language modeling on true
MSAs, first without indels and then fine-tuned on MSAs with indels to obtain an indel-
aware encoder. The encoder architecture is based on the MSA Transformer [16], with
a learnable phylogenetic bias module that is activated only during supervised distance
learning. In the second stage, a distance estimation module is trained in a supervised
manner using both true and estimated MSAs. Pairwise features are extracted from
encoder hidden states and fed into a lightweight MLP to predict pairwise evolutionary
distances, which are supervised using true distances derived from the model tree. The
resulting pairwise evolutionary distances can serve as input for downstream phyloge-
netic tree reconstruction using distance-based inference methods.
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masked language modeling (MLM) objective to learn general evolutionary pat-
terns from MSAs. In the second stage, the pretrained encoder is jointly optimized
with a supervised distance prediction module to infer a pairwise evolutionary
distance D ∈ RN×N from an input MSA, where each entry Dij represents the
evolutionary distance between taxa i and j. During joint supervised training of
the encoder and the distance estimation module, a learnable phylogenetic bias
module is activated to stabilize cross-sequence attention and guide representa-
tion learning under alignment noise. The inferred distance matrix is subsequently
used for phylogenetic tree reconstruction via a distance-based method.

We first describe the Transformer encoder architecture and the masked lan-
guage model pretraining used in the first stage. We then introduce the learnable
phylogenetic bias module and the evolutionary distance prediction module, fol-
lowed by a description of the overall training procedure. An overview of the
proposed framework is shown in Figure 1.

Transformer encoder architecture. Our encoder follows the MSA Transformer
architecture proposed in [16], as illustrated in Figure 1. It consists of six stacked
attention blocks, each equipped with eight attention heads. Each block adopts
an axial attention design comprising tied row attention, column attention, and
a feedforward layer with residual connections and layer normalization. Row at-
tention models dependencies across alignment sites within each sequence, with
parameters shared across all sequences via tied row attention for efficiency [16].
Column attention captures cross-sequence interactions at each alignment site,
operating independently at each column of the MSA.

Since the ordering of taxa in an MSA is arbitrary, we do not include row-wise
positional embeddings. Positional biases along the site dimension are also omit-
ted in the current implementation. Additional architectural details are provided
in the Supplementary Material.

Transformer encoder pretraining with masked language modeling. We represent
a DNA multiple sequence alignment with N taxa and L aligned sites as a matrix,
X ∈ RN×L, where each entry corresponds to one of four nucleotides (A, C, G,
T) or gap characters (“–”).

To mitigate the sparsity and high dimensionality of one-hot encoding and
to preserve the column-wise homology structure of MSAs, we avoid subword
tokenization (e.g., BPE) and k-mer encodings. Instead, each nucleotide or gap
symbol is assigned a unique identifier from a fixed vocabulary and mapped to
a learnable embedding via a shared embedding layer. This approach preserves
site-level alignment while providing a compact and computationally efficient em-
bedding.

We pretrain the Transformer encoder using a self-supervised masked lan-
guage modeling (MLM) objective [16]: a subset of alignment entries is masked,
and the model is trained to reconstruct the masked nucleotides from both row-
wise (within-sequence) and column-wise (across-taxa) context. The training loss
follows the standard cross-entropy formulation, with details provided in the Sup-
plementary Material.
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In this work, we adopt a similar column–row masking strategy in [16]. Columns
are selected with probability Pcol; within each selected column, a fraction Prow

of rows are masked while ensuring that at least Kmin rows remain unmasked.
This constraint prevents the model from receiving an insufficient observable sig-
nal within a column and stabilizes training. More details are provided in the
Supplementary Materials.

Learnable phylogenetic bias module. The attention mechanism is largely data-
driven and, by default, does not favor biologically structured interactions without
additional inductive bias. In evolutionary MSAs, sequences are related through
shared ancestry, which induces hierarchical and non-exchangeable dependencies
across taxa. More closely related taxa are expected to exhibit stronger and more
consistent correlations across sites than more distantly related ones. These re-
lationships are structured by an underlying phylogenetic tree rather than being
uniform across all sequence pairs. In contrast, column-wise attention infers cross-
sequence similarity at each site directly from observed alignment patterns. With-
out additional constraints, this makes the attention scores sensitive to alignment
noise, particularly in gap-rich or estimated MSAs.

More broadly, this idea of combining statistical deep learning with logical,
mathematical and/or physical constraints has gained traction in the topic known
as physics-informed machine learning (PIML) [13]. Rather than learning con-
straints and laws from scratch, incorporating basic structural information about
a problem or domain under study can yield significant efficiencies. An intriguing
corollary hypothesis suggests benefits in the other direction as well: it is possi-
ble that statistical representation learning can also augment mathematical and
logical models in helpful ways and possibly also offset model mis-specification,
although rigorous testing of this hypothesis would be needed for a given PIML
application. Our goal is to implement this idea for the estimation task under
study. To achieve this goal, we introduce a learnable phylogenetic bias module.
This module encodes pairwise evolutionary relationships directly from learned
taxa-level representations, without relying on external distance estimates, and in-
tegrates them into the column-wise attention mechanism to guide cross-sequence
interactions.

For each taxon, we summarize its representation across all alignment sites by
averaging the encoder hidden states along the site dimension. Given the encoder
output H ∈ RN×L×d, where d is the hidden dimension, this yields a taxa-level
representation R ∈ RN×d. More expressive aggregation strategies are left for
future work. We then apply M independent learned weight matrices to R, each
projecting it into a pair of query and key matrices, yielding Q,K ∈ RM×N×dh ,
where dh = d/M and M is the number of heads (multi-head attention). Using
multiple independent transformations allows the model to capture different as-
pects of inter-sequence relationships simultaneously, analogous to how multiple
sequence alignment tools consider different types of sequence similarity at once.
For each head, we compute pairwise similarity scores between sequences as the
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phylogenetic bias S(m) ∈ RN×N ,

S
(m)
ij =

1√
dh

〈
Q

(m)
i ,K

(m)
j

〉
, i, j ∈ 1, . . . , N. (1)

where m indexes the attention heads, and ⟨·, ·⟩ denotes the dot product between
two vectors. We enforce symmetry to reflect evolutionary relationships and re-
move self-interactions by zeroing the diagonal. The bias is then scaled by a set
of learned head-specific positive coefficients α ∈ RM , yielding B(m) = αmS(m)

for each attention head. The resulting bias B ∈ RM×N×N is added to the
column-attention logits prior to softmax normalization. This encourages se-
quences with closer evolutionary relationships to receive higher attention weights
during column-wise aggregation.

This design introduces phylogeny-informed structure into attention in a flex-
ible and computationally efficient manner. We further include an oracle exper-
iment using ground-truth evolutionary distances as a column-attention bias to
validate the bias design; results are reported in the Supplementary Materials.

Pairwise evolutionary distance prediction and phylogenetic tree inference. To es-
timate pairwise evolutionary distances, we design a distance estimation module
that operates on the encoder output H. For each pair of taxa (i, j), we con-
struct symmetric pairwise features that capture complementary aspects of their
relationship. Specifically, we use the element-wise absolute difference |Hi −Hj |,
element-wise product Hi ⊙Hj , and element-wise sum Hi +Hj . These features
are concatenated and passed to a lightweight two-layer feedforward network to
predict the pairwise evolutionary distance matrix. The prediction is supervised
by a distance loss Ldist that measures the discrepancy between predicted and
true pairwise distances; the specific formulation is provided in Section 3 (“Perfor-
mance evaluation criteria”). Additional details of the distance estimation module
are provided in the Supplementary Materials.

Given the predicted pairwise distances from MSAs, phylogenetic trees can be
reconstructed using distance-based methods such as FastME [11]. For this down-
stream analysis, we compare FIREFLY followed by FastME with a maximum-
likelihood–based approach (FastTree) and with Phyloformer followed by FastME.

Model training. We adopt a staged training strategy for the encoder and the evo-
lutionary distance estimation module. In the first stage, the encoder is pretrained
using a masked language modeling (MLM) objective on 10,000 simulated true
MSAs without indels, in order to learn fundamental sequence- and column-level
representations. It is then further pretrained on 10,000 true MSAs containing
indels under the same MLM objective to adapt the representations to alignment
uncertainty.

In the second stage, the evolutionary distance estimation module is trained
jointly with the pretrained encoder on 20,000 MSA–tree pairs, consisting of
10,000 true simulated MSAs and 10,000 corresponding estimated MSAs. During
this stage, the parameters of the distance estimation module, the pretrained en-
coder, and the phylogenetic bias module are jointly optimized. The phylogenetic
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bias module is activated only during supervised distance training. All training
experiments use MSAs with a fixed number of taxa (N = 50) and alignment
length (L = 1024).

The supervised training objective for evolutionary distance estimation mod-
ule is defined as

L = Ltrue
dist + west Lest

dist,

where Ltrue
dist and Lest

dist denote the distance loss Ldist computed on true and es-
timated MSAs, respectively; see Section 3 (“Performance evaluation criteria”)
for more details. The weighting factor west is scheduled across training epochs:
it is set to 0.5 for the first five epochs and then gradually increased to 1.0.
This schedule allows the model to first emphasize cleaner evolutionary signals
and progressively adapt to noise introduced by estimated alignments. Additional
training details are provided in the Supplementary Materials.

3 Performance Benchmarking Study

Simulation datasets. Training and evaluation data are generated using a simulation-
based pipeline designed to produce paired true and estimated MSAs, along with
their corresponding phylogenetic trees, under controlled evolutionary scenarios.
We first generate ultrametric phylogenies under a birth–death process, which
are subsequently perturbed to obtain non-ultrametric trees following the proce-
dure described in [20]. Each tree is then rescaled to match the empirical tree
length distributions observed in public phylogenetic databases, consistent with
the protocol used by Phyloformer [15].

Given each rescaled phylogeny, a true MSA is simulated using INDELi-
ble [5] under a finite-sites nucleotide substitution model with gamma-distributed
among-site rate heterogeneity, incorporating insertion and deletion (indel) events.
Substitution processes follow the general time-reversible (GTR) model [17], with
base frequencies and substitution rate parameters derived from empirical rice
datasets [6]. We adopt a medium gap-length distribution as described in [12].
An estimated MSA is then generated from the corresponding true MSA using a
multiple sequence alignment algorithm.

All training datasets consist of MSAs with 50 taxa and an indel rate of
0.02, while datasets with 10 to 100 taxa and other indel rates (0.01 and 0.03)
are used for evaluation. For all experiments, alignment lengths are truncated
or padded to 1024 sites. Unless otherwise specified, all estimated MSAs used
for both training and evaluation are generated using MAFFT [10], a widely
used multiple sequence alignment method. Additional details on data simulation,
parameter settings, and summary statistics of the datasets are provided in the
Supplementary Materials.

Empirical datasets. We evaluate two downstream phylogenetic analysis tasks on
three intronic RNA datasets – IGIC2, IGID, and IGIE – from the Comparative
RNA Website (CRW) database [21]. The remaining intronic RNA datasets are
excluded because their alignments exceed 6,000 sites, beyond the practical input
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size supported by FIREFLY under current hardware constraints. Each dataset
provides curated reference alignments and unaligned sequence data; maximum-
likelihood reference trees from [21] are used in place of unknown ground-truth
phylogenies. Estimated MSAs are constructed from the unaligned sequence files
using MAFFT. For IGIE, which contains 249 taxa and 2,751 sites, the full align-
ment exceeds the processing limit and is randomly partitioned into five sub-
alignments with their corresponding induced subtrees. For both downstream
evaluation tasks, analyses are conducted on estimated alignments. Dataset sum-
mary statistics are provided in the Supplementary Materials.

Performance evaluation criteria. We evaluate pairwise evolutionary distance
estimation using the mean absolute error (MAE) and mean relative error (MRE).
Let di,j denote the true evolutionary distance between taxa i and j, and d̂i,j the
corresponding predicted distance. The MAE and MRE are defined as

MAE =
1

|N |
∑

(i,j)∈N

∣∣∣d̂i,j − di,j

∣∣∣ , MRE =
1

|N |
∑

(i,j)∈N

∣∣∣d̂i,j − di,j

∣∣∣
di,j

,

where N = (i, j) | 1 ≤ i < j ≤ N denotes the set of all unordered taxon pairs.
The distance loss Ldist used for supervised training is defined as a weighted

combination of these two evaluation criteria,

Ldist = MAE+ λMRE,

with λ = 0.3 in all experiments.
For a reconstructed phylogenetic tree, the normalized Robinson–Foulds (RF)

distance is used to evaluate the topological accuracy. In a phylogenetic tree,
each branch induces a bipartition of the leaf set. Let A and B denote the sets
of bipartitions in the true tree T and the estimated tree T ∗, respectively. The
normalized RF distance is defined as

NRFnorm(T, T
∗) = (|A|+ |B|)−1

(
|A ∪B| − |A ∩B|

)
,

which measures the fraction of discordant bipartitions between the two trees.
For a distance matrix induced by a phylogenetic tree, satisfaction of the four-

point condition is expected, as it reflects the fundamental additivity property of
tree-based evolutionary distances. To directly evaluate this structural property,
we introduce the four-point residual as an additional assessment to quantify
deviations from tree additivity. For any quartet of distinct taxa {i, j, k, l}, let
dT (·, ·) denote the pairwise path length in tree T , and define S1 = dT (i, j) +
dT (k, l), S2 = dT (i, k) + dT (j, l), and S3 = dT (i, l) + dT (j, k). The four-point
residual for this quartet is

∆T (i, j, k, l) = max{S1, S2, S3} −mid{S1, S2, S3},

where mid(·) denotes the median. For an additive tree metric, the two largest
sums are equal for every quartet, yielding ∆T = 0. Larger values indicate
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stronger violations of tree additivity. To reduce computational cost, we randomly
sample 2000 quartets and compute the four-point residual score by averaging
∆T (i, j, k, l) over the sampled quartets.

4 Results

Performance on true MSAs with indels. We evaluate FIREFLY on two down-
stream phylogenetic tasks using true MSAs with indels: pairwise evolutionary
distance inference and phylogenetic tree reconstruction.

We first assess distance estimation accuracy using mean absolute error (MAE).
As shown in Figure 2 (top right), FIREFLY outperforms Phyloformer across
most taxa sizes, with the exception of small MSAs (N ≤ 30). The perfor-
mance gap increases as the number of taxa grows. Compared with FastTree,
FIREFLY achieves comparable or lower MAE and consistently shows reduced
variance. We next evaluate phylogenetic tree reconstruction accuracy using the
normalized Robinson–Foulds (NRF) distance. As shown in Figure 2 (top left),
FIREFLY combined with FastME (FIREFLY+FastME) achieves comparable or
lower NRF distances than both Phyloformer combined with FastME (Phylo-
former+FastME) and FastTree across all taxa sizes. While NRF distance in-
creases for all methods as the number of taxa grows, the relative trends differ:
the advantage of FIREFLY+FastME over FastTree decreases with the number
of taxa, whereas its advantage over Phyloformer+FastME increases.

Beyond topology and distance accuracy, we assess the additivity of the in-
ferred distance matrices using the four-point residual. This analysis is restricted
to Phyloformer and FIREFLY, since FastTree is not a distance-based method
and distances derived from inferred trees are naturally additive. As shown in
Figure 2 (bottom), FIREFLY consistently yields lower four-point residuals with
smaller variance than Phyloformer across all taxa sizes, indicating closer adher-
ence to tree additivity.

Overall, these results indicate that on true MSAs with indels, FIREFLY
achieves competitive accuracy in pairwise distance estimation and phylogenetic
tree topology inference, while exhibiting improved conformity to tree additivity
in the predicted pairwise distances.

Robustness under high indel rates. To evaluate the robustness to insertion/deletion
(indel) events, we compared the downstream phylogenetic tree topology infer-
ence performance of FIREFLY+FastME with Phyloformer+FastME and Fast-
Tree across increasing indel rates and varying numbers of taxa. Figure 3 reports
the mean topology inference performance gain, measured as the difference in
normalized Robinson–Foulds (NRF) distance, where positive values indicate im-
proved accuracy of FIREFLY.

Across all experimental settings, FIREFLY+FastME consistently outper-
forms Phyloformer+FastME. At low indel rates (ρ = 0.01), the gains are modest
and relatively stable across taxa sizes, typically below 1.5%. As the indel rate
increases, the advantage of FIREFLY and becomes more pronounced and grows
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Fig. 2. Performance on simulated true MSAs across different numbers of
taxa. Results are shown for three evaluation assessments: normalized Robinson-Foulds
(NRF) distance, mean absolute error (MAE) of pairwise distances, and four-point resid-
ual. Curves (and shaded regions) report average (and standard deviation) across repli-
cates.
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Fig. 3. Phylogenetic tree topology inference gain of FIREFLY+FastME over
two baselines on simulated true MSAs with different indel rates. Heatmaps
report the mean performance gain of FIREFLY in phylogenetic topology inference,
measured by the difference in normalized Robinson–Foulds (NRF) distance across vary-
ing indel rates and numbers of taxa. Positive values (red) indicate improved topology
inference by FIREFLY relative to the corresponding baseline. The upper panel com-
pares FIREFLY+FastME with Phyloformer+FastME, while the lower panel compares
FIREFLY+FastME with FastTree.
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with the number of taxa. At a high indel rate (ρ = 0.03) and N = 100 taxa,
the performance gain exceeds 6%. Compared with FastTree, a similar trend is
observed with respect to indel rates: the topology inference gain increases as
the indel rate rises. However, a different pattern emerges regarding the num-
ber of taxa. In this case, the gain decreases as the number of taxa increases.
For example, at ρ = 0.03 and small taxa sizes (N = 10, 20), the gain exceeds
5%, while it is smaller for larger trees. This difference is expected. Both Phylo-
former+FastME and FIREFLY+FastME rely on two-step, distance-based tree
construction. In contrast, FastTree performs direct likelihood-based optimiza-
tion over the tree space and is specifically designed for large numbers of taxa.
As tree size increases, the advantage of improved distance estimation is partially
offset by the limitations of distance-based tree reconstruction.

Overall, the increasing performance gain with higher indel rates indicates
that FIREFLY is particularly effective at mitigating the detrimental effects of
frequent indel events. We attribute this robustness to its full-MSA representation
learning strategy, which better leverages gap patterns and alignment structure
under high indel conditions.

Robustness to alignment errors on estimated MSAs with indels. Most existing
deep learning–based phylogenetic analysis methods are evaluated on simulated
true MSAs, where sequences are perfectly aligned. While this setting is useful
for theoretical experimentation, it does not reflect typical real-world analyses,
where MSAs are estimated and inevitably contain alignment errors. Such align-
ment errors can distort evolutionary signals and propagate into downstream
phylogenetic analysis, as shown in prior studies [1, 7]. Therefore, assessing ro-
bustness to alignment errors is critical for evaluating practical applicability. For
this purpose, we evaluated FIREFLY on estimated MSAs containing indels.

As shown in Fig. 4, the impact of alignment errors varies across methods
and evaluation metrics. For NRF distance and four-point residual, all methods
show performance degradation on estimated MSAs compared to true MSAs.
For MAE, Phyloformer exhibits pronounced degradation on estimated MSAs,
reflecting strong sensitivity to alignment noise, while FIREFLY and FastTree
show slight improvement, suggesting greater robustness in distance estimation.
For phylogenetic tree reconstruction, the degraded distance estimates of Phylo-
former lead to reduced topology accuracy. As a result, the performance gap
between Phyloformer+FastME and FIREFLY+FastME increases on estimated
MSAs compared with true MSAs. For example, at N = 100 taxa, the NRF
difference increases from 3% to 5%. In contrast, the performance gap between
FIREFLY+FastME and FastTree diminishes, and the two methods achieve com-
parable accuracy across taxa sizes. This trend likely reflects the increased impact
of alignment errors on two-step distance-based pipelines. Most notably, align-
ment errors lead to substantially larger four-point residual values and increased
variance for both methods. However, the relative advantage of FIREFLY over
Phyloformer also becomes more pronounced under estimated MSAs, indicating
improved robustness of FIREFLY to alignment-induced noise.
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Fig. 4. Performance comparison on estimated MSAs across different num-
bers of taxa. Results are shown for the same assessments and layout as in Fig. 2, but
evaluated using estimated MASs from the simulated datasets.



FIREFLY 15

Overall, these results indicate that the advantages of FIREFLY extend be-
yond idealized settings and are most evident under realistic conditions with
estimated MSAs. In the supplementary material, we further observe consistent
trends across estimated MSAs generated by alternative alignment methods.
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Fig. 5. Performance comparison on CRW intronic RNA datasets. The left
panel shows mean absolute error (MAE) of pairwise distance prediction, and the right
panel shows the normalized Robinson–Foulds distance (NRFD) of downstream tree
inference, evaluated on estimated alignments. Error bars denote standard deviation
across IGIE partitions.

Computational runtime and memory usage. Similar to other deep learning–based
approaches, FIREFLY enables substantially faster inference after training than
full maximum-likelihood or Bayesian methods. We assessed computational effi-
ciency by measuring runtime as a function of the number of taxa in Figure 6.
Phyloformer achieves the fastest runtime across all settings, while FastTree in-
curs substantially higher computational cost due to explicit likelihood evaluation
and tree search procedures. FIREFLY introduces a moderate runtime overhead
relative to Phyloformer, reflecting the additional cost of learning representations
from the full MSA rather than from pairwise-averaged inputs, but remains one
to two orders of magnitude faster than FastTree. Importantly, FIREFLY main-
tains sub-second runtimes even for trees with 100 taxa, demonstrating favorable
scaling and practical applicability.

As shown in Fig. 7, GPU memory increases as the number of taxa grows
for both deep learning models. The increase is steeper for Phyloformer than for
FIREFLY. In contrast, CPU memory remains stable across taxa sizes for both
models, since most computations are carried out on the GPU rather than the
CPU. FastTree only uses CPU memory, which stays low and increases slightly
with taxa.

Ablation Study on the Learned Phylogenetic Bias Module. We conducted ablation
experiments to evaluate the contribution of the learned phylogenetic bias module.
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Fig. 6. Comparison of downstream phylogenetic tree inference runtime
across different methods. Execution time for tree reconstruction pipelines evaluated
on simulated MSAs with 1024 sites. For deep learning–based approaches, the runtime
includes distance prediction followed by FastME tree inference, excluding model ini-
tialization and weight loading.
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CPU memory usage for all methods.
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Results show that the bias term provides increasing benefit as the number of taxa
and indel rate grow, yielding up to 37% reduction in distance estimation error.
Furthermore, different attention heads learn complementary correlation patterns
with the true evolutionary distances, suggesting that the multi-head formulation
captures diverse aspects of inter-sequence relationships. Details are presented in
Supplementary Appendix subsections 3.2 and 3.3.

Performance on empirical datasets. We compare the performance of FastTree,
Phyloformer, and FIREFLY on three CRW intronic RNA datasets using esti-
mated alignments. Figure 5 reports the mean absolute error (MAE) for pairwise
distance prediction and the normalized Robinson–Foulds (NRFD) distance for
downstream phylogenetic tree inference. Error bars are shown only for IGIE,
where multiple partitions are available; the other datasets consist of a single
instance.

Across datasets, FIREFLY achieves the lowest MAE in most cases, indicating
more accurate pairwise distance prediction, except for IGID, where Phyloformer
performs slightly better. The performance gap is particularly pronounced on
IGIE, which remains more challenging despite partitioning due to its larger taxon
sampling and higher gappiness compared to the other datasets. For downstream
tree inference, all methods yield comparable NRFD values on IGIC2 and IGID.
In contrast, on the more challenging IGIE dataset, FIREFLY produces trees
with lower NRFD, particularly compared to Phyloformer, indicating improved
robustness under increased alignment noise and larger taxon sampling.

5 Discussion

Across experiments on both true and estimated MSAs, as well as under varying
indel rates, FIREFLY consistently improves pairwise distance estimation and
phylogenetic tree reconstruction. These gains are most pronounced for MSAs
with larger numbers of taxa and higher levels of noise, arising from alignment
errors and higher indel events.

Comparisons between true and estimated MSAs highlight the practical value
of this design. On estimated MSAs, where alignment errors introduce noise and
weaken column-wise evolutionary signals, FIREFLY shows a clearer advantage
over Phyloformer and achieves performance comparable to maximum likelihood
estimation. This robustness is particularly important in realistic phylogenetic
settings, where true alignments are unavailable, and estimation error is un-
avoidable. The improvement over Phyloformer underscores the importance of
full-MSA representation learning for phylogenetic analysis. By modeling evolu-
tionary structure at the alignment level, FIREFLY avoids the systematic biases
associated with purely pairwise learning strategies, which have been shown to
affect phylogenetic comparison and construction [2, 4]. These systematic biases
become more severe in the presence of alignment errors.

Across simulations with increasing indel rates, FIREFLY shows progressively
larger performance gains. Higher indel rates reflect more complex evolutionary
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processes and lead to alignments with a larger fraction of gap-related uncer-
tainty. In such settings, traditional likelihood-based phylogenetic methods typ-
ically treat gaps as missing data, limiting their ability to exploit evolutionary
signals carried by indel patterns. In contrast, FIREFLY learns representations
directly from full MSAs and integrates both sequence content and gap structure
through row- and column-wise context. By comparison, Phyloformer relies on
pairwise sequence representations, which compress the alignment and lose indel-
related structure. Together, these factors explain why FIREFLY substantially
outperforms both FastTree and Phyloformer in high-indel regimes, highlighting
the benefit of MSA-level representation learning.

More broadly, this work highlights the value of integrating modern repre-
sentation learning with rules and constraints based on first principles. By in-
corporating phylogenetically motivated inductive bias directly into the model
architecture, FIREFLY moves beyond purely data-driven approaches and better
aligns learned representations with evolutionary structure.

6 Conclusion

In this study, we introduced FIREFLY, a Transformer-based framework that
learns phylogeny-informed representations directly from multiple sequence align-
ments and supports downstream phylogenetic analyses. By integrating a learn-
able phylogenetic bias into MSA representation learning, FIREFLY improves
both evolutionary distance estimation and downstream phylogenetic tree infer-
ence, particularly in settings characterized by high indel rates and alignment
uncertainty. Using simulated and empirical datasets, we conduct extensive per-
formance benchmarking and ablation experiments, and we demonstrate that
explicitly modeling phylogenetic structure within deep representations leads to
more robust and accurate inference. These findings underscore the potential of
combining modern representation learning with classical evolutionary knowledge
to advance phylogenetic analysis in complex evolutionary regimes.

We conclude with thoughts on future research directions. We hypothesize that
FIREFLY’s phylogeny-informed representation learning can be applied not only
to phylogenetic distance estimation and tree reconstruction, but also to other
tasks in computational phylogenetics. More generally, FIREFLY provides a case
study of an important insight from physics-informed machine learning (PIML):
logic and theory synergizes with purely statistical representation learning. This
insight can be leveraged throughout computational biology and bioinformatics
and beyond.

Data availability. Data and scripts used in this study are publicly available under an
open copyleft license at https://gitlab.msu.edu/liulab/firefly-study-data-and-scripts.
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1 Supplementary Methods

1.1 The procedures for data simulation

In this study, we follow exactly the simulation procedure described in Phyloformer [7] to generate model
gene trees. Specifically, an ultrametric tree is first simulated under a birth–death process, after which branch
lengths are individually rescaled to deviate from ultrametric. The tree is then rescaled to match a target
diameter sampled from empirical data. Finally terminal branches shorter than a predefined minimum are
extended to satisfy the lower bound constraint.

DNA sequence alignments are simulated under a finite-sites nucleotide substitution model with gamma-
distributed among-site rate heterogeneity along the model trees using INDELible [1].

For site-rate heterogeneity, we assume a gamma distribution with no invariant sites (pinv = 0). For the
gamma shape parameter α, we follow exactly the sampling procedure described in Phyloformer [7], where
α values are drawn from the empirical distribution inferred from HOGENOM alignments, with additional
Gaussian perturbation and a minimum threshold of 0.05. Substitution processes follow the general time-
reversible (GTR) model [8], with base frequencies and substitution rate parameters derived from empirical
rice datasets [2]. When insertion and deletion (indel) events are included, we adopt the medium gap-length
distribution described in [5]. The indel rate is set to 0.01, 0.02, or 0.03 depending on the experimental setting.

1.2 Transformer encoder architecture

We adopt an encoder-only Transformer architecture, as illustrated in Figure 1. The encoder consists of
six stacked attention blocks, each with eight attention heads and an embedding dimension of d = 256.

Input MSAs are encoded using an index-based tokenization scheme with a fixed vocabulary {A,C,G,T,−,
PAD,MASK}. Each token is mapped to a learnable embedding vector, resulting in an input tensor of shape
N ×L× d, where N is the number of taxa and L the alignment length. Within each block, column attention
is first applied independently to each alignment column to model interactions across sequences at a given
site. This is followed by row attention applied along each sequence to capture dependencies across alignment
positions. A position-wise feedforward network with hidden dimension df = 4d and ReLU activation is
then applied. We include one LayerNorm normalization layer before and one residual connection after each
of the row-wise, column-wise attention and feedforward layers. After six attention blocks and a final layer
normalization with dropout, the resulting MSA representation H is passed to the distance estimation module.

1.3 Pairwise distance estimation module

Let the the encoder output hidden states be H ∈ RN×L×d, where N the number of taxa, L the alignment
length, and d the embedding dimension. For each taxa pair (i, j), we construct a symmetric pairwise feature:

Fij =
[
|Hi −Hj |,Hi ⊙Hj ,Hi +Hj

]
∈ RL×3d, (1)
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where Hi ∈ RL×d denotes the embedding of taxon i. This results in a feature tensor F ∈ RN×N×L×3d.

To aggregate information across alignment sites, we apply a learnable pooling operation over the site
dimension L of F, where site-wise weights are computed using a learnable scoring function. The weighted
features are summed across sites to obtain a pooled pair representation for each taxa pair. The pooled
representations are then mapped to scalar scores via a projection head. To reflect the absence of self-distances,
diagonal entries are fixed to zero. The outputs are transformed using a softplus function to ensure non-
negative values, yielding the final distance matrix D ∈ RN×N .

Both the scoring function and the projection head consist of LayerNorm followed by a two-layer feedfor-
ward network with GELU activation and dropout.

1.4 Model training details

Pretraining via masked language modeling. The Transformer encoder is first pretrained on 10K simulated
MSAs without indel events, and is then fine-tuned on an additional 10K simulated MSAs with indel events,
both using a masked language modeling (MLM) objective that trains the model to reconstruct randomly
masked tokens from their surrounding context. This encourages the encoder to capture both local sequence
patterns and long-range evolutionary dependencies across taxa without requiring labeled data. We employ a
structured row–column masking strategy. Specifically, Ptoken denotes the fraction of all tokens to be masked,
and Prow denotes the fraction of rows selected for masking. During the first 5% of training steps, Ptoken and
Prow are linearly increased from 12% to 15% and from 15% to 30%, respectively, and are then kept fixed for
the remainder of training. The column masking probability Pcol is derived implicitly as

Pcol =
Ptoken

Prow
.

To ensure sufficient unmasked context for learning, we enforce that at least Kmin rows remain unmasked in
each MSA, where Kmin is set to 25% of the total number of taxa.

The MLM pretraining objective minimizes the cross-entropy loss between the predicted and true nu-
cleotide tokens at masked positions:

LMLM = − 1

|M|
∑

(i,j)∈M
log pθ(xij | X̃),

where M denotes the set of masked positions, xij is the true token at row i and column j, and X̃ is the
masked input MSA.

Supervised distance estimation module training. Subsequently, the distance estimation module is trained
jointly with the pretrained encoder on 20K MSA–tree pairs, consisting of 10K true simulated MSAs and
10K corresponding estimated MSAs. True pairwise distances are used as labels, and the training objective
combines distance losses Ldist on both data types:

L = Ltrue
dist + west Lest

dist,

where Ltrue
dist and Lest

dist denote the distance loss Ldist computed on true and estimated MSAs respectively, and
west is a weighting coefficient.

All models are trained using the AdamW optimizer [6]. Training is performed for a fixed maximum
number of epochs with early stopping, where training is terminated if the validation loss does not improve.
The checkpoint with the lowest validation loss on a held-out validation set is selected. We adopt a linear
learning rate schedule with 10% warmup steps to the target learning rate, followed by linear decay for the
remaining training steps. All experiments are conducted on a single NVIDIA H200 GPU with 141 GB of
VRAM. Training configurations, wall-clock training time, and the peak GPU memory usage for all models
are summarized in Table S1.
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Supplementary Table S1. Training configurations and resource usage for all models. The table reports
dataset sizes, batch sizes, numbers of training epochs, target learning rates, wall-clock training time, and peak GPU
memory usage for each model.

Model name Batch
size

Dataset
size

Indels
model Epochs GPUs Target

Learning rate
Training time
(wall-clock)

Peak GPU
memory

Base pretrained
encoder 4 10k without 20 1×H200 5× 10−4 32 hours 44GB

Pretrained
encoder 4 10k with 20 1×H200 1× 10−3 30 hours 47GB

Pretrained encoder
& Distance estimation module 4 20k with 30 1×H200 1× 10−3 106 hours 132GB

2 Supplementary Materials

2.1 Simulation datasets

Tables S2 and S4 report the summary statistics of the simulated test datasets under different indel rates,
along with the corresponding estimated MSAs produced by the various alignment methods. We additionally
report the alignment errors of the estimated MSAs produced by the different alignment methods in Table S3.

Supplementary Table S2. Summary statistics of simulated testing datasets with 0.02 indel rate across
varying numbers of taxa. Average normalized Hamming distance (“ANHD”) and the percentage of indels (“Gap.”)
are reported for both simulated true and estimated MSAs, while the number of MSA sites (“Len.”) is reported for
estimated MSAs only. All values are averaged over 1000 test replicates.

True MSA MAFFT MSA ClustalW MSA Clustal Omega MSA
N ANHD Gap. Len. ANHD Gap. Len. ANHD Gap. Len. ANHD Gap.
10 0.398 0.323 856.2 0.411 0.205 775.1 0.427 0.114 797.2 0.433 0.142
20 0.394 0.386 825.5 0.411 0.260 729.1 0.436 0.150 746.4 0.443 0.175
30 0.383 0.419 813.8 0.401 0.292 707.9 0.430 0.174 722.1 0.438 0.196
40 0.376 0.448 798.6 0.393 0.319 684.8 0.427 0.191 696.7 0.434 0.212
50 0.367 0.470 785.8 0.384 0.339 667.8 0.419 0.206 677.1 0.428 0.225
60 0.358 0.479 788.5 0.372 0.353 665.4 0.409 0.216 671.0 0.417 0.231
70 0.366 0.522 758.6 0.381 0.386 623.4 0.422 0.233 631.0 0.429 0.252
80 0.345 0.512 770.2 0.358 0.383 641.1 0.397 0.241 642.6 0.407 0.252
90 0.354 0.542 750.2 0.367 0.409 611.6 0.408 0.255 613.2 0.417 0.267
100 0.341 0.543 755.3 0.353 0.413 616.6 0.395 0.261 614.9 0.405 0.269

2.2 Empirical datasets

Table S5 summarizes the statistics of the three CRW intronic RNA datasets for both the reference and
estimated MSAs. For the IGIE partitions dataset, statistics are computed on partitioned alignments after
removing columns that contain only gaps. Reported values are averaged across all partitions.

3 Supplementary Results

3.1 Ground-Truth Bias as an Upper Bound

As an upper bound sanity check, we first replace the learnable phylogenetic bias with the ground-truth
pairwise evolutionary distances and use them as the column-attention bias S during both training and
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Supplementary Table S3. Alignment estimation error on testing datasets with 0.02 indel rate measured
by sum-of-pairs false positives (SPFP) and false negatives (SPFN). SPFP quantifies the proportion of
nucleotide homologies present in the estimated alignment but absent from the true alignment, SPFN measures the
proportion of true nucleotide homologies missing from the estimated alignment. Average SPFP and SPFN values are
reported for each MSA method.

MAFFT MSA ClustalW MSA Clustal Omega MSA
N SPFP SPFN SPFP SPFN SPFP SPFN
10 0.425 0.403 0.481 0.445 0.459 0.430
20 0.374 0.358 0.453 0.425 0.439 0.420
30 0.327 0.315 0.423 0.400 0.411 0.398
40 0.306 0.298 0.411 0.392 0.398 0.390
50 0.286 0.279 0.396 0.379 0.388 0.382
60 0.257 0.253 0.372 0.360 0.363 0.362
70 0.267 0.264 0.394 0.382 0.380 0.380
80 0.228 0.226 0.350 0.342 0.344 0.347
90 0.238 0.238 0.364 0.357 0.358 0.363
100 0.215 0.215 0.344 0.340 0.337 0.344

Supplementary Table S4. Summary statistics of simulated testing datasets with other indel rates across
varying numbers of taxa. Average normalized Hamming distance (“ANHD”) and the percentage of indels (“Gap.”)
are reported for both simulated true and estimated MSAs, while the number of MSA sites (“Len.”) is reported for
estimated MSAs only. All values are averaged over 1000 test replicates.

N
indel rate=0.01 indel rate=0.03

True MSA MAFFT MSA True MSA MAFFT MSA
ANHD Gap. Len. ANHD Gap. ANHD Gap. Len. ANHD Gap.

10 0.406 0.213 949.2 0.409 0.157 0.409 0.412 773.4 0.430 0.242
20 0.408 0.267 928.8 0.415 0.202 0.400 0.475 744.6 0.424 0.309
30 0.393 0.297 916.8 0.402 0.227 0.371 0.485 749.9 0.396 0.329
40 0.386 0.321 905.1 0.394 0.246 0.372 0.526 724.1 0.397 0.366
50 0.398 0.358 890.1 0.406 0.277 0.358 0.540 720.9 0.382 0.384
60 0.391 0.377 881.4 0.399 0.293 0.355 0.565 706.5 0.377 0.408
70 0.350 0.357 891.9 0.356 0.278 0.353 0.585 692.4 0.375 0.428
80 0.352 0.377 886.5 0.357 0.297 0.361 0.613 674.2 0.382 0.453
90 0.355 0.403 872.2 0.361 0.316 0.352 0.620 676.3 0.372 0.464
100 0.347 0.410 869.5 0.352 0.323 0.340 0.624 674.6 0.359 0.470

Supplementary Table S5. Summary statistics of the CRW intronic RNA datasets. The number of MSA
sites (“Len.”), average normalized Hamming distance (“ANHD”) and the percentage of indels (“Gap.”) are reported
for both reference and MAFFT estimated MSAs.

Number Reference MSA MAFFT estimated MSA
Dataset of taxa Len. ANHD Gap. Len. ANHD Gap.
IGIC2 32 4243 0.511 0.700 3530 0.353 0.640
IGID 21 5061 0.587 0.729 3032 0.522 0.548
IGIE 249 2751 0.430 0.839 2819 0.353 0.640

IGIE partitions 49.8 1569 0.432 0.715 1663 0.405 0.732
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evaluation. This setting is not intended as a realistic protocol, since the ground-truth distances are unavailable
in practice. Instead, it provides an upper bound and a mechanistic validation of our design choice – that
injecting accurate phylogenetic distance into column attention can improve representation learning and
downstream inference.

Figure S1 reports the resulting performance on pairwise distance prediction and downstream tree recon-
struction, along with FastTree and Phyloformer as reference baselines. As shown in the figure, FIREFLY
with the true bias consistently achieves lower mean absolute error (MAE) in pairwise distance prediction
across all evaluated numbers of taxa. Relative to FastTree, the performance gap gradually decreases as the
number of taxa increases, whereas the improvement over Phyloformer remains comparatively stable. These
gains in distance estimation further translate into downstream phylogenetic inference. Trees reconstructed
from the true-biased FIREFLY estimated distances exhibit a marked and stable improvement in topology
accuracy, with normalized RF distances reduced by approximately 10% across all range of taxa. Overall,
these results indicate that injecting the accurate phylogenetic relationship into column attention can effec-
tively guide representation learning and improve both distance prediction and tree reconstruction, thereby
validating the design principle underlying the proposed bias module.
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Supplementary Figure S1. Oracle experiment using ground-truth pairwise distances as column-
attention bias. Performance comparison on simulated true MSAs when the true pairwise distances are provided as
the column-attention bias during both training and evaluation of FIREFLY. Results are shown for the same metrics
and layout as in Fig. 2.

3.2 Learned Phylogenetic Bias: Ablation and Correlation Analysis

We conducted an ablation study on estimated MSAs to assess the contribution of the learnable phyloge-
netic bias module by comparing the full FIREFLY model with a variant without this module. Performance
was evaluated on pairwise distance prediction and downstream phylogenetic tree inference. Supplementary
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Figure S2 reports the performance gain of the full FIREFLY module relative to the variant without the
phylogenetic bias. For tree topology inference (top panel), the effect of the phylogenetic bias is modest.
Across all indel rates and taxa sizes, the absolute difference in normalized Robinson–Foulds (NRF) distance
remains within 0.3%, indicating comparable topology inference performance with or without the bias mod-
ule. In contrast, the impact on pairwise distance prediction is substantial (bottom panel). Incorporating the
phylogenetic bias leads to pronounced reductions in MAE, particularly at moderate to high indel rates. The
relative MAE reduction increases with both indel rate and number of taxa, exceeding 35% at high indel rates
and large taxa sizes. Overall, the learnable phylogenetic bias has a stronger impact on distance estimation
accuracy under alignment noise than on downstream topology inference.

We assessed the learned phylogenetic bias by computing Pearson correlations between the last-layer
bias scores of FIREFLY and true evolutionary distances over estimated MSAs with 50 taxa (Supplementary
Fig. S3). Approximately half of the attention heads display clear negative correlations, consistent with higher
bias assigned to closely related taxa. In particular, head 7 shows strong and stable phylogenetic signals, with
a median correlation of −0.75. Averaging correlations across heads yields a consistently negative and more
concentrated distribution, indicating a robust encoding of global phylogenetic structure. Heads with weaker
or positive correlations likely capture complementary, non-phylogenetic information.

The ablation study examines the role of the learnable phylogenetic bias in FIREFLY. Introducing this
bias improves pairwise distance prediction accuracy, particularly on more challenging datasets. Correlation
analysis further shows that the learned phylogenetic bias – both in specific attention heads and when aver-
aged across heads – exhibits significant Pearson correlation with true evolutionary distances. This indicates
that the bias guides the learned representations toward a phylogeny-based organization. In contrast, the
phylogenetic bias has little effect on downstream distance-based tree reconstruction. One possible explana-
tion is that topology inference is a discrete process that depends mainly on the relative ordering of pairwise
distances rather than their absolute values. Once estimated distances fall within the same topological equiv-
alence region, further reductions in distance error do not change the topology output by FastME. Overall,
these results suggest that the primary contribution of the phylogenetic bias lies in improving distance pre-
diction and global consistency, rather than resolving ambiguous phylogenetic relationships that would lead
to alternative tree topologies.
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Supplementary Figure S2. Ablation study of the learnable phylogenetic bias on estimated MSAs.
Heatmaps report the mean performance gain of the full FIREFLY model over a variant without the phylogenetic bias
module. The upper panel shows the improvement in downstream topology inference, quantified by the difference in
normalized Robinson–Foulds (NRF) distance. The lower panel shows the improvement in distance inference, measured
as the relative reduction in mean absolute error (MAE), defined as (MAEnobias−MAEfull)/MAEnobias. Positive values
indicate improved performance of FIREFLY relative to the no-bias variant. Results are shown across varying indel
rates and numbers of taxa.
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3.3 Correlation Between Learned Phylogenetic Bias and True Evolutionary Distances

To examine whether the learnable phylogenetic bias captures meaningful evolutionary information, we
analyze its relationship with the ground-truth pairwise evolutionary distances. Specifically, we compute
the Pearson correlation between the learned bias values and the true distances across attention heads.
This analysis serves as an interpretability check, assessing whether the learnable bias module organizes
representations in a manner consistent with underlying evolutionary relationships.

Figure S3 displays the distribution of Pearson correlations between the learned phylogenetic bias and
true pairwise evolutionary distances across attention heads. Several heads exhibit clear negative correla-
tions, most notably heads 7 (−0.75) and 8 (−0.5). This negative correlation indicates that taxa pairs with
smaller evolutionary distances tend to receive larger attention bias weights. Averaging correlations across
heads further stabilizes this relationship, suggesting that the phylogenetic bias organizes the learned repre-
sentations in a globally consistent and evolution-informative manner. In addition, some attention heads show
positive correlations with evolutionary distance. This diversity suggests that different heads might capture
complementary, non-phylogenetic structure.
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Supplementary Figure S3. Pearson correlation between learned phylogenetic bias and evolutionary
distance. Violin plots show Pearson correlations between the learned phylogenetic bias from each attention head
in the final layer of FIREFLY and true pairwise evolutionary distances across estimated MSAs with 50 taxa. The
embedded box plots indicate the median, interquartile range, and whiskers.

3.4 Additional Experiments on Robustness to Alignment Methods

For both FIREFLY training and the primary evaluation of estimated MSAs, we use MAFFT as the
default alignment method. To assess the generalization of FIREFLY to unseen alignment procedures, we
additionally evaluate its performance on estimated MSAs generated using alternative methods, including
ClustalW [3] and Clustal Omega [9, 10]. Figures S4 and S5 display the comparison results. We observe
consistent performance trends across these alignment methods, comparable to those obtained on MAFFT-
estimated MSAs. It suggests that FIREFLY exhibits consistent and robust behavior across different estimated
MSAs generated by distinct alignment methods.

3.5 Additional Experiments with Classical Model-based Distance Corrections

For comparison purposes, we also utilized corrected distances under classical sequence evolution models to
obtain a distance matrix and then perform distance-based phylogenetic estimation. The Tamura-Nei (TN93)
model of nucleotide substitution [11] was used for the former; as in the rest of the study, FastME’s [4]
implementation of neighbor-joining was used for the latter. The resulting pipeline was run on true MSAs.
The accuracy of the corrected distance estimates, the topological error of the resulting distance-based tree
estimates, and the four-point residual are shown in the top, middle, and bottom panels of Supplementary
Figure S6, respectively. As classical distance corrections paired with neighbor-joining underperformed all
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Supplementary Figure S4. Performance comparison on Clustal Omega-estimated MSAs across different
numbers of taxa. Results are shown for the same metrics and layout as in Fig. 2.

other methods under study, the rest of the study focuses on the latter rather than the former. We attribute
the performance discrepancy to two sources of model mis-specification. First, the nucleotide substitution
model used for distance correction is less complex than that used for simulation. Second, none of the classical
substitution models in this study account for sequence insertion and deletion processes, as is typical in the
state of the art [12].
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Supplementary Figure S6. Performance of distance-based tree estimation using corrected distances
under a classical substitution model. Distances were corrected under the Tamura-Nei (TN93) model [11], and
distance-based tree estimation was performed using FastME’s neighbor-joining implementation [4]. Results are shown
for three evaluation assessments: mean absolute error (MAE) of pairwise distance estimates, normalized Robinson-
Foulds (NRF) distance of estimated tree topologies versus ground truth, and four-point residual. Curves report
average across replicates for model conditions with varying numbers of taxa – from 10 to 100.


