Downloaded from genome.cshlip.org on October 5, 2026 . Published by Cold Spring Harbor Laboratory Press

ENOME
ESEARCH

Fast and accurate construction of multiple sequence alignments
from protein language embeddings with ARIES

Minh Hoang, Isabel Armour-Garb and Mona Singh

Genome Res. published online October 1, 2026
Access the most recent version at doi:10.1101/gr.282254.126

P<P  Published online October 1, 2026 in advance of the print journal.

Accepted  Peer-reviewed and accepted for publication but not copyedited or typeset; accepted
Manuscript manuscript is likely to differ from the final, published version.

Open Access  Freely available online through the Genome Research Open Access option.

Creative This manuscript is Open Access.This article, published in Genome Research, is
Commons available under a Creative Commons License (Attribution 4.0 International license),
License as described at http://creativecommons.org/licenses/by/4.0/.

Email Alerting  Receive free email alerts when new articles cite this article - sign up in the box at the
Service top right corner of the article or click here.

To subscribe to Genome Research go to:
https://genome.cshlp.org/subscriptions

Published by Cold Spring Harbor Laboratory Press


http://genome.cshlp.org/lookup/doi/10.1101/gr.282254.126
http://creativecommons.org/licenses/by/4.0/
http://genome.cshlp.org/cgi/alerts/ctalert?alertType=citedby&addAlert=cited_by&saveAlert=no&cited_by_criteria_resid=protocols;10.1101/gr.282254.126&return_type=article&return_url=http://genome.cshlp.org/content/10.1101/gr.282254.126.full.pdf
http://genome.cshlp.org/cgi/adclick/?ad=58241&adclick=true&url=https%3A%2F%2Fbit.ly%2F43ls7ky
https://genome.cshlp.org/subscriptions
http://genome.cshlp.org/
http://www.cshlpress.com
http://genome.cshlp.org/
http://www.cshlpress.com

Downloaded from genome.cship.org on October 5, 2026 . Published by Cold Spring Harbor Laboratory Press

Fast and accurate construction of multiple sequence alignments from

protein language embeddings with ARIES

Minh Hoangl[0000_0002_1053_6744H, Isabel Armour—Garbl’2[0000_0002_6332_375OH, and Mona,

Singh1 ,2[0000—0001—8271—6026] *

! Lewis-Sigler Institute of Integrative Genomics, Princeton University, Princeton, NJ 08544, USA
2 Department of Computer Science, Princeton University, Princeton, NJ 08544, USA
fThese authors contributed equally.

*Corresponding author.

minhhoang@princeton.edu, iarmourgarb@princeton.edu, mona@cs.princeton.edu

Abstract. Multiple sequence alignment (MSA) is a foundational task in computational biology, under-
pinning protein structure prediction, evolutionary analysis, and domain annotation. Traditional MSA
algorithms rely on pairwise amino acid substitution matrices derived from conserved protein families.
While effective for aligning closely related sequences, these scoring schemes struggle in the low-identity
“twilight zone.” Here, we present a new approach for constructing MSAs leveraging amino acid embed-
dings generated by protein language models (PLMs), which capture rich evolutionary and contextual
information from massive and diverse sequence datasets. We introduce a windowed reciprocal-weighted
embedding similarity metric that is surprisingly effective in identifying corresponding amino acids
across sequences. Building on this metric, we develop ARIES (Alignment via RecIprocal Embedding
Similarity), an algorithm that constructs a PLM-generated template embedding and aligns each se-
quence to this template via dynamic time warping in order to build a global MSA. Across diverse
benchmark datasets, ARIES achieves higher accuracies than existing state-of-the-art approaches, espe-
cially in low-identity regimes where traditional methods degrade, while scaling almost linearly with the
number of sequences to be aligned. Together, these results provide the first large-scale demonstration
of the power of PLMs for accurate and scalable MSA construction across protein families of varying
sizes and levels of similarity, highlighting the potential of PLMs to transform comparative sequence

analysis.
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Introduction

Comparative analysis of protein sequences provides fundamental insights into their structure, func-
tion, and evolution. A central tool for such analysis is multiple sequence alignment (MSA), which
arranges evolutionarily-related residues across homologous sequences to reveal conserved positions

and motifs. The quality of an MSA directly influences a wide range of downstream applications, in-

cluding protein structure prediction (Marks et al.|2012), phylogenetic reconstruction (Whelan and

2001), and functional annotation (Capra and Singh/2007)). In modern structure prediction

systems such as AlphaFold (Jumper et al. 2021)), co-variation patterns extracted from MSAs pro-

vide essential constraints for learning residue-residue contacts and 3D geometry, making accurate

alignments a prerequisite for many advances in computational proteomics.

Over the years, numerous MSA algorithms have been developed (e.g., [Thompson et al,| (1994);

Katoh et al.| (2002); Do et al.| (2005); Sievers et al.| (2011)); Liu et al.| (2012); Mirarab et al.| (2015)).

Most of these approaches follow a progressive alignment strategy where the most similar sequences

are aligned first, and more distant sequences are iteratively added according to a guide tree. Align-

ment scores are typically computed using substitution matrices such as PAM (Dayhoff et al.|1978])

and BLOSUM (Henikoff and Henikoff|1992), which are comprised of log-odds scores reflecting how
often one residue substitutes for another (Altschull[1991)), as estimated from conserved protein fam-

ilies. MSAs built using these matrices are highly accurate when sequence identity is high, but lose
reliability in the low sequence identity “twilight zone” of alignment . A major limitation
stems from the context-independent nature of traditional substitution matrices, which assign each
residue the same fixed similarity score for a given substitution, regardless of its biochemical or

structural environment within the sequence.

The advent of protein language models (PLMs) (Bepler and Berger|2021; |Alley et al.[2019; Rao et al.|

2019; Bepler and Berger|2019; [Elnaggar et al.|2021} Rives et al.2021) offers a transformative op-

portunity to overcome this limitation. PLMs such as ESM-2 (Lin et al.[2023)) and ProtT5 (Elnaggar

2021)) are trained on massive protein sequence databases to learn context-aware embeddings

that implicitly capture underlying evolutionary relationships. PLM embeddings have been used for

BLAST-like database searches, where homologs are identified based on sequence-level embedding
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similarity (Schiitze et al. 2022; Kilinc et al. 2023; Kaminski et al, 2023; lovino et al, 2024). In recent
years, several studies have extended the use of PLM embeddings to construct MSAs, with varying

degrees of success.

The first such approach, veMSA (McWhite et al. 2023), employs a clustering-based strategy to
recursively assemble aligned columns from embedding representations, but its accuracy and scal-
ability remain limited for large sequence sets. Meanwhile, methods such as EBA (Pantolini et al,
2024) and PEbA |(Tovino and Ye 2024) incorporate embedding-based similarity measures directly
into classical pairwise alignment dynamic programming frameworks, but they lack mechanisms to
reconstruct full MSAs. More recently, learnMSA2 (Becker and Stanke 2024) integrates PLM em-
beddings into a hidden Markov model-based framework for aligning large, well-conserved families.
However, its statistical estimates become unstable for small or highly divergent sets, leading to
substantial drops in accuracy. Collectively, these PLM-based methods have shown that sequences
can be aligned via PLM-derived substitution scores, but none have yet consistently and efficiently
yielded high-quality alignments across both small and large protein families. We provide brief de-

scriptions of these methods in Appendix E

In this paper, we present a robust and scalable PLM-based technique for constructing MSAs and
demonstrate its excellent performance across diverse benchmarks of varying sizes and degrees of het-
erogeneity. Our approach introduces three key innovations: (1) a context-aware, reciprocal similarity
measure that enhances the robustness of residue comparisons; (2) a scalable two-phase strategy,
based on “star” alignment [(Altschul and Lipman 1989), that builds MSAs from pairwise alignments
with a template sequence without requiring explicit gap penalty functions; and (3) a template-
construction procedure that leverages PLMs to generate a well-informed central sequence for this

star alignment strategy.

Our similarity measure is motivated by the observation that prior residue-level PLM-derived sim-
ilarities (McWhite et al|2023; Tovino and Ye 2024) can struggle to identify aligned residue pairs
within low-identity regions of the sequences. To reduce sensitivity to local context perturbations,
we incorporate a windowing step that aggregates similarity over the respective local windows of the
residue pair being compared. To further distinguish true evolutionary correspondences from super-

ficial contextual matches, we introduce a reciprocal weighting mechanism that prioritizes mutually
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recognized residue pairs over asymmetric matches (see Methods). This reciprocality reward sharp-

ens the alignment signal and proves effective in the low-identity regime (see LAblation studies)‘.

Using our similarity measure, we leverage dynamic time warping (DTW) as the core alignment
primitive in our workflow |(Sakoe and Chiba [1978). DTW offers a key advantage over
traditional alignment algorithms: it naturally handles insertions and deletions without requiring
explicit gap penalties, instead representing them as many-to-one or one-to-many mappings along
the alignment path. This feature is especially useful in the context of PLM-based alignment, since
gap embeddings cannot be generated without knowing their locations in advance. Building on
this primitive, we construct MSAs of protein families based on a star alignment framework
(Fig. top), where each protein is pairwise-aligned against a representative template sequence.
The resulting pairwise alignments are merged into a global MSA by grouping residues that map
to the same template position, with many-to-one cases disambiguated by selecting the

correspondences with highest embedding similarities.

For extremely large sequence sets, however, multiple subgroups (or clusters) of highly similar se-

quences are often observed, and simply selecting a single sequence from the input set favors certain

subgroups, and hence degrades overall performance (see |Ablati0n studies)|. To overcome this

shortcoming of classical star alignment (Altschul and Lipman [1989), we employ PLMs to syn-
thesize a balanced and informative template that incorporates features from the top-K “medoid”
sequences. Specifically, in the first phase of our alignment approach, we identify the K sequences
that are the closest to all other sequences, and then perform a miniature star alignment, using the
global medoid as an initial template and obtaining a coarse alignment for these K sequences (Fig.
bottom). In the second phase, we re-embed the aligned medoid sequences individually with a PLM
and compute the position-wise average of their embeddings to generate a synthesized template that
ideally captures shared evolutionary signals across subgroups. This refined template is subsequently

used to align all sequences in the input set.

We refer to this framework as ARIES (Alignment via RecIprocal Embedding Similarity). To assess
the practical utility of this framework, particularly in the twilight zone where substitution-matrix-
based methods lose reliability, we benchmark ARIES against leading MSA tools across datasets

spanning a range of sequence identities and family sizes, measuring both alignment accuracy and
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Fig. 1. The algorithmic core of ARIES consists of two modules, the star-alignment module (top) and the template
synthesis module (bottom). In the alignment module, all sequences are aligned to a single template via dynamic time
warping (DTW) using a reciprocal, window-based embedding similarity score. Per-template-position column blocks
are constructed by selecting anchor residues (denoted by vertical black lines), placing remaining residues around these
anchors, and adding gaps to form coherent alignment columns. In the template synthesis module, the K sequences
most similar to all other sequences (i.e., the top-K medoids) are aligned using the ARIES alignment module with
the top-1 medoid as the template. Gaps in the alignment are replaced with ‘X’ tokens, and the sequences with ‘X’
tokens are individually re-embedded with the PLM. A synthesized consensus template is produced by position-wise
averaging of the resulting embeddings across all K sequences, including the top-1 medoid.

computational scaling (see . These analyses are designed to determine whether PLM-
based alignment can extend reliable MSA construction into low-identity regimes while remaining
computationally practical for large protein families, an advance that could benefit a wide range of

applications, including structure prediction, phylogenetic reconstruction, and functional annotation.

Methods

Overview

ARIES builds on the principle of embedding-based pairwise alignment. Amino acid embeddings

are obtained for each sequence (see tEmbedding generation)|, and pairwise correspondences be-

tween residues are computed using their contextual similarity in the learned embedding space of

PLMs (see ARIES similarity score matrix). Pairs of sequences are aligned using the DTW
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algorithm (see ﬂ)ynamic Programming for Pairwise Sequence Alignment)‘. To scale this

pairwise procedure to multiple sequences, we adopt a two-phase star alignment MSA building

approach (see |Constructing MSAs from pairwise alignments with template sequence,‘

Fig. , which first generates a template sequence (see ‘Constructing the template sequence)|,

and then aligns each remaining sequence to this template using DTW. From these pairwise align-

ments, we reconstruct the global MSA by iteratively building column blocks centered around each

template residue (see ‘Star alignment procedure)‘. As DTW can produce many-to-one map-

pings, we further introduce a disambiguation step to infer residue correspondences and consistent

gap placements (see |Gap inference)‘.

Embedding generation

We obtain embeddings of protein sequences using PLMs such as ESM-2 (Lin et al. 2023) and
ProtT5 (Elnaggar et al, 2021). Given an amino acid sequence (ay,ag,...,ar), the PLM produces

a set of hidden states

{200 = (20,9, .. )™

i=1
where {pax is the number of layers in the PLM and zj(.i) € R" denotes the h-dimensional embedding
of a; at the layer i. By convention, Z (1) denotes the embedding representation at the final layer
(prior to the output logit). Special tokens added by the PLM (e.g., CLS or EOS) are not considered
in our framework. Since different layers of PLMs capture complementary structural and functional
information (Lupo et al. 2022), we represent each residue a; as the concatenation of its hidden
embeddings from the last £ layers (£ < lyax): 2= B j 23(2) e Z]('E)]a resulting in a vector with

d £ (h dimensions. We give the details of PLMs used in our experiments in Appendix (Cand ablate

the effect of varying £ in a later section (see |Ablation studies).

ARIES similarity score matrix

Unlike traditional substitution matrices such as BLOSUM (Henikoff and Henikoff [1992) or PAM
(Day-hoff et al, 1978), PLM embeddings capture dependencies between residues through self-
attention pre-training, which enables them to reflect subtle contextual information such as residue co-
evolution, local structure, and domain-specific motifs (Lupo et al, 2022). Deriving similarity

scores directly
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from these embeddings thus allows the alignment process to operate in a semantically meaningful

representation space, where geometric proximity reflects functional or structural correspondence.

Let A= (a1, ag, ...,ar,) and B = (b, by, . . ., br,) be two protein sequences with their respective
PLM embeddings X = (21, 22, . . . , x1,) € RI*and Y= (y1, yo, . . . , yr,) € RF2%? Their residue-
level similarity can be encoded as a matrix S € R¥1*2 where each entry S;jquantifies the similarity
between the pair of amino acids a; and b; . We can measure this similarity using the negative
Euclidean distance (NED) of their embeddings, i.e., S;; = —|lz; — y; ||2. Pantolini et al, (2024)
demonstrated that Euclidean distance over residue embeddings can effectively capture similarity for
use in a downstream alignment algorithm. While the NED metric can by itself, with no alignment

step, help identify amino acid pairs across sequences that should be aligned (see

bvindow-based embedding similarity enables detection of aligned residueS)‘a to obtain a

more stable and discriminative similarity function, we extend NED in two ways: first by aggregating
information over local windows of amino acids, and second by applying a reciprocal weighting
scheme that prioritizes mutually consistent matches. These augmentations are described in what

follows.

Window-based similarity measure. Since the NED metric can sometimes lead to high similar-
ities between amino acid pairs that should not be aligned (see Fig. @, we first generalize NED to
capture similarity between windows of embeddings. This approach is motivated by prior work show-
ing that local context can improve both PLM-based representations and sequence alignment. We
previously demonstrated that locality-aware pooling of PLM embeddings improves downstream
prediction (Hoang and Singh 2025), while CS-BLAST (Biegert and Séding 2009) showed that
context-specific similarity scores derived from local sequence windows improve alignment quality
over context-independent substitution scores. Here, we adapt this principle of incorporating lo-cal
context to construct a local-context, residue-pairwise similarity score for MSA. To the best of our
knowledge, no prior embedding-based MSA method uses a windowed similarity measure of this form.
For some choice of window span w, we encode each residue a; in A by concatenating all embed-dings
A

in the (2w + 1)-length context window centered around it, i.e., X = (Zj—w, . - ., Tiy - -+, Tifw)-

Likewise, each residue b;in B is encoded by y" = (Yj—ws - -+ Yj» - - » Yj+w). To ensure that each
J

residue is associated with a sufficiently large context window, we pad both ends of the original
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sequence with w contiguous “unknown amino acid” tokens, represented by the token ‘X’ in most
PLM vocabularies. The window-level similarity matrix between A and B is then given by the ma-
trix W € RE1%L2  where each entry Wi; is obtained as a weighted aggregation over corresponding

token-pair similarities between x;” and y}’. Specifically, we define:

w
Wi & = vl —yieell2 (1)
t=—w
where v; £ exp (—%) follows a discrete, zero-centered Gaussian kernel, assigning greatest impor-

tance to the central residue and progressively discounting the contributions of neighboring positions.

Reciprocal-weighted similarity measure. While window averaging reduces noise, contextual
differences across the embedding space of X and Y can give rise to bias in their pairwise similarity
scores. We find that some residues produce broad, non-specific similarity patterns, showing moder-
ate similarity to many positions in the other sequence. Conversely, other residues align strongly to
only a few positions (see Fig. @ Such asymmetry can mislead the alignment process, as residues

with non-specific similarities may dominate the scoring matrix and cause incorrect matches (see

)ciprocal, window-based embedding similarity enables detection of aligned residues)‘. To

counteract this phenomenon, we further introduce a reciprocal-weighted similarity term that adjusts

entries in W to reward mutually consistent correspondences.

The mutual consistency of two residues a; and b; can be assessed by weighing their alignment signal
W;; against other entries of W in the same row and column. Specifically, we compute the softmax

normalizations of W;; along row ¢ and column j of W

_ exp(Wij)
YLy exp(Wi;)

Uij . eXp(Wi yi )

= =7 and Vij
2 k2 exp(Wir)

(2)

Here, U;; represents how strongly a; favors b; over other residues in B, and likewise V;; reflects the
reciprocal preference in the opposite direction. If both perspectives agree, i.e., each residue strongly
favors the other compared to all alternatives, then the alignment is considered mutually consistent.
Building on this intuition, we define the reciprocal consistency score as R;; £ 0.5 x log (UiiViz),

which corresponds to the log of the geometric mean between the two directional affinities. We
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note that the log transformation guarantees that R;; is negative, with R;; becoming more negative
with decreasing specificity. Since W;;is also negative and becomes more so when amino acids are less
similar to each other in embedding space, the W and R matrices can naturally be combined via
addition. Our proposed pairwise similarity matrix is thus defined as S = W + AR, where the

hyperparameter A controls the strength of reciprocal reinforcement. We investigate the effect of the A

hyperparameter in a later section (see LAblation studies)‘.

Dynamic Programming for Pairwise Sequence Alignment

Dynamic programming (DP) forms the computational backbone of most sequence alignment al-
gorithms, with the Needleman-Wunsch algorithm (Needleman and Wunsch 1970) finding the best
global alignment of two sequences given a substitution matrix and gap penalty score. Most tradi-
tional MSA approaches use heuristic approaches to assign gap penalty scores, though some learn
position-specific gap penalties directly from sequence data (e.g., the HHalign method (Remmert
et al, 2012) used by Clustal Omega (Sievers et al, 2011)). In the embedding-based alignment
paradigm, PLM embeddings directly provide residue-residue similarity scores, but do not pro-
vide a corresponding model for insertion and deletion events, making it unclear how gap penalties
should be specified. Indeed, existing embedding-based alignment approaches either avoid explicit
pairwise alignment altogether (e.g., veMSA (McWhite et al, 2023) and learnMSA2 (Becker and
Stanke 2024)) or depend on ad-hoc gap penalty schemes (e.g., PeBA (Iovino and Ye 2024)). To
address this challenge, we adopt the DTW formulation ((Sakoe and Chiba [1978) that is frequently
used in signal processing domains to align time series data. The DTW framework aligns two time
series by allowing local stretching and compression along the time axis to maximize the overall
correspondence between aligned time points. When applied to biological sequence alignment, this
relaxes the strict one-to-one or one-to-gap constraint of classical alignment methods, yielding gap-
free alignment maps in which a single residue may correspond to multiple contiguous residues in
the other sequence. In this work, we show that gap placement can subsequently be inferred through

a post-hoc refinement procedure. The DP recursion underlying DTW is described below.

Definition 1 (Dynamic Time Warping on Embedding Space). Let X = (x1,...,z1,) andY =

(Y1, - - -, YL, ) be two embedding sequences of lengths L1 and Ly, and S € REY 2 their pairwise
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similarity matriz defined previously. A warping path P between X and Y is defined as a
sequence of index pairs (i,j) that starts at (1,1), ends at (L1, L2), and at each step advances 1,
j, or both by one. Let Pxy be the set of all such warping paths. The DTW algorithm finds

the optimal

path P, = arg max )
PePxy
denote the mazimum accumulated similarity of any warping path ending at (i, j), the DP recursion

(i,j)ePSij with maximum total similarity score according to S. Letting D(i, j)

to compute D(i,7) is given by:

where we initialize D(0, 0) = 0 and D(i, 0) = D(0, j) = —oo for alli € [Li] and j € [Lo]. The final
warping path, corresponding to the mazximum total similarity between the sequences, is recovered by
backtracking from (Li, Lo) to (1, 1), analogous to traditional sequence alignment (Sakoe and Chiba

1978).

We note that DTW is fundamentally different from Needleman-Wunsch (NW) with a 0 gap penalty.
NW adds the residue-residue similarity score only for diagonal moves, corresponding to matches or
mismatches, while horizontal and vertical moves represent indels and incur a fixed gap penalty (set
to 0 in this scenario). DTW, on the other hand, adds the residue-residue similarity S;; at every
position visited by the warping path, regardless of whether that position is reached by a diagonal,
horizontal, or vertical move. Consequently, DTW requires no explicit gap penalty and produces
no explicit gaps. Instead, DTW permits one amino acid to map to multiple contiguous resides in

the other sequence. These correspondences are subsequently disambiguated to infer gaps (see

nference).

Constructing MSAs from pairwise alignments with template sequence

Building on the pairwise DTW alignment primitive above, we extend our pipeline to the MSA
setting. Let A*= (a¥, d}, ..., alzk) be the k" sequence in a protein family with N sequences, and X*
= (aF, 2k, ... xfk) € RE-*4he its PLM embeddings. The conventional strategy for building an MSA
is to employ a progressive alignment scheme, where pairwise alignments are merged hierar-chically

along a guide tree (Thompson et al. 1994; Sievers et al. 2011). However, in our framework,

10
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DTW requires embeddings as input and thus one must construct an embedding-level representa-
tion for each intermediate aligned cluster before proceeding to the next merge. This necessitates
repeatedly committing to an alignment between a subset of sequences and forming a corresponding
consensus embedding. As with progressive alignments within traditional MSA approaches, errors
introduced early in the process are amplified in subsequent steps, potentially degrading the overall
alignment quality. This is a well-known issue of progressive alignment, and is addressed specifically

in methods such as T-Coffee (Notredame et al. 2000) and ProbCons (Do et al. 2005).

To circumvent the issue of repeatedly generating embeddings for intermediate alignments, we in-
stead adopt a two-phase star-alignment strategy, in which a single template is synthesized from
the K most central sequences, and then this template serves as a common reference frame to align
all sequences. By anchoring each DTW alignment to the same coordinate system, we prevent the
propagation of incorrect correspondences across multiple pairwise alignments (see Appendix
Supplemental Fig. for a comparison between our star-alignment approach and some progres-
sive variants). In what follows, we detail our strategies for merging the resulting set of pairwise
DTW alignments into a coherent MSA, and constructing the template sequence to maximize the

effectiveness of the star alignment scheme.

Star alignment procedure. Our star-alignment scheme can be described independently of the
procedure used to construct the template sequence. Let this arbitrary template sequence be of length
L,,and let T= (t1, t3, ..., tr.) € REm*4denote the embeddings of its amino acids. Note that 7' may
be constructed directly in the embedding space without requiring a semantically valid protein
sequence. We further let S* € RL7 *Lk denote the pairwise similarity matrix between the template
sequence and the & sequence, and P* denote the DTW warping path obtained for this pair. Without

loss of generality, we assume that for each (i, j) € P¥, i refers to the index of the template sequence.

Gap inference. To construct a coherent MSA from the set of warping paths {P k} w—1> We iterate
over each template position 7 and generate a corresponding column block Q; for the fihal alignment.
Each sequence X* then contributes to Q; all residues that associate with ¢; in the warping path P*,

ie., {sﬁé‘C | (i, j) € P*} forming the column block’s k*® row. As DTW permits multi-to-one

11
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assignments, a single column block may receive several contiguous residues from the same sequence.
Conversely, a single residue in a sequence may be assigned to multiple column blocks. To resolve
ambiguities in column assignment, whenever a residue is mapped to multiple column blocks, we
assign it the most likely column based on its embedding similarity scores with the template residues.

Letting c;? denote the column block that xé‘: is assigned to:

cf £  argmax Sfj, . (4)
3':(ti,zh, ) E P
Following this disambiguation step, the k™ row of column block Q; is given by Q;r = {x;‘: | cg? =i}
By construction, all column blocks are mutually disjoint across the template positions. However, not
all of them are trivially aligned because each sequence can contribute a different number of residues
to the same column block. In order to obtain a coherent alignment, we need to infer appropriate
gap placements within each block. Our strategy is to identify an anchor residue for each row Q;
that acts as a true alignment point between X} and the template. The remaining residues on Q;x
will be positioned on either side of this point, forming a contiguous stretch to avoid fragmented
gaps. Finally, we add the required number of gaps to both ends of each stretch to produce a cleanly

aligned column block.

In particular, the anchor residue on row Q; is again determined by comparing embedding similarity

scores. Letting mf denote the index in X* that is inferred to align to ¢;, we have

mF 2 argmax SF, . (5)

i ij
J'ZJB?/GQik

Residues preceding mf in Qi are treated as a single, contiguous insertion to the left of the alignment
column, and are appended to the left of the anchor column. Analogously, residues following mf
in @Q;; are treated as a single, contiguous insertion and are appended to the right of the anchor

column. Our MSA construction procedure is detailed in Supplemental Alg. Appendix @

Constructing the template sequence

To obtain a representative template sequence for our star-alignment procedure, we first construct

a guide tree using Clustal Omega’s mBed algorithm |(Sievers et al, 2011). The key idea behind
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mBed is to avoid computing all N? pairwise distances. Instead, it selects log N random anchor
sequences from the input set and encodes each sequence as a vector of its distances to these
anchors. The distance between any two sequences can then be implicitly approximated by the
Euclidean distance between their encoded vectors, enabling construction of a distance-based tree

in O(Nlog N) time (Sokal et al, 1958).

From this tree, we select the medoid sequence (i.e., the leaf with minimum total distance to all
other leaf nodes) as the star-alignment template. We compute this efficiently via an O(NN) rerooting
dynamic programming procedure that performs two depth-first traversals [(Sleator and Tarjan 1981):
the first pass computes, for each node, the sum of distances to its descendant leaves; the second
recursively “reroots” the tree, updating each child’s total distance based on how distances change

when the root shifts across an edge (see Supplemental Alg. S2 in Appendix @

For larger sequence sets, a single medoid can bias the alignment, especially when sequences are
highly divergent or span multiple remote subfamilies; this is a known limitation of standard star-
alignment, which assumes one representative sequence can anchor all others. To mitigate this, we
construct a PLM-generated consensus template that integrates information from multiple medoids

rather than relying on a single one.

We select the top-K medoids using the same procedure as before at no extra cost, then align these
medoids using our star-alignment method (with the top-1 medoid as the initial template). Gap
characters in this MSA are replaced with ‘X’ tokens, and the modified aligned medoids are passed
through the PLM to obtain updated embeddings. We then average embedding vectors position-wise
across the K aligned sequences to form a consensus template, which is used to align the full input set.
Empirically, K = [In(/N)]| works well and adds negligible runtime. The pseudocodes of ARIES

template selection and overall ARIES multiple sequence alignment are respectively given in

Supplemental Alg. and Appendix @ We further ablate the effect of varying K in

Benchmarking

Datasets. We evaluate ARIES on BAIiBASE 3.0 (Thompson et al. 2005), HOMSTRAD |((Steb-
bings and Mizuguchi 2004), and QuanTest2 (Sievers and Higgins 2019). BAIIBASE is built from
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structurally-derived reference alignments and defines “core blocks” that identify reliably aligned
regions; we evaluate performance on these core blocks. BAIiIBASE is divided into sequence sets
covering diverse challenging scenarios such as low sequence identity, divergent outliers, remote
subfamilies, and sequences with large terminal or internal extensions. Accuracy is evaluated with
respect to these core blocks. HOMSTRAD consists of protein families whose alignments are based on
structural superposition, making it a reliable gold standard for assessing accuracy within conserved
regions. QuanTest2 includes sequence sets composed of three HOMSTRAD reference sequences
with known structures, augmented with 997 background sequences obtained from Pfam (Mistry
et al, 2021); we align all 1,000 sequences but evaluate accuracy only on the reference trio, enabling

large-scale assessment while retaining structural ground truth.

Our evaluation consists of 218 BAIIBASE alignments, 571 HOMSTRAD families, and 151 Quan-
Test2 sets. In some cases, other methods do not output an alignment for some sets; if this happens,

we ignore these sets when comparing the method to ARIES. Further information about these three

benchmarking datasets are given in Appendix [C| Supplemental Fig.

Parameter settings. For ARIES, we use a default window span w = 9 (or window size 19),
reciprocal weight A = 400, and sequence embeddings formed by concatenating outputs from the last ¢
= 9 layers of the 6560M parameter ESM-2 model (Lin et al. 2023). The star alignment template is

generated using the top [In N| medoids. We performed ablation studies to analyze the effect of these

parameters (see LAblation studies)‘. For sequences that are longer than 1022, the maximum amino

acid context length seen during training of ESM-2, ARIES uses a tiling approach (Brandes et al. 2023)
to approximate the amino acid embeddings (see description and performance analysis in Appendix
Supplemental Fig. . This affects 46 alignment sets in BAIIBASE benchmark, and none of the

alignment sets in the other two benchmarks.

Clustal Omega (Sievers et al, 2011), ClustalW (Thompson et al| 1994), MAFFT Auto, MAFFT
L-INS-i, MAFFT G-INS-i (Katoh and Standley 2013), MAGUS (Smirnov and Warnow 2021), TWI-
LIGHT (Tseng et al. 2025), MUSCLE (Edgar 2004), ProbCons (Do et al. 2005), T-Coffee (Notredame
et al. 2000), and FAMSA (Deorowicz et al. 2016) are run on CPU with their default parame-

ters. Methods that allow the specification of substitution matrices are evaluated using the default

BLOSUM-62 matrix. See Appendix Supplemental Fig. for ablation studies ex-
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amining the relative performance of alternative substitution matrices. The PLM-based methods
learnMSA2 (Becker and Stanke 2024) and vcMSA (McWhite et al, 2023) are run on GPU with
recommended default settings. We use ProtT5-XL-Half for learnMSA2 as it is the default PLM for
that method. For veMSA, we pad 10 ‘X’ tokens at each sequence beginning/end and use the last 16
layers of ProtT5-XL. To ensure a fair comparison where PLM-based baselines use the same underlying
model, we conduct additional experiments comparing ARIES with ProtT5-XL-Half to learnMSA2,
and ARIES with ProtT5-XL to veMSA (see Appendix Supplemental Table . Details of the
employed baselines and PLMs are given in Appendices @ and

Evaluation metrics. We evaluate alignments using the Total Column (TC) and Sum-of-Pairs
(SP) scores. The TC score is the fraction of columns in the output alignment that exactly match
columns in the gold-standard reference alignment, while the SP score is the fraction of residue pairs

in the output that are also paired in the reference. Formal definitions of these metrics are provided

in Eq. and Eq. in Appendix @

Runtime evaluation. For our runtime evaluations on the QuanTest2 dataset, each benchmark is
allotted 10 CPU cores with 10 GB of memory. GPU-accelerated methods (ARIES and learnMSA2) are
run on a single NVIDIA A100 GPU (80 GB) with the same CPU and memory allocation.

Results

Reciprocal, window-based embedding similarity enables detection of aligned residues

We assess our similarity scores (see LARIES similarity score matrix)‘ under low-identity condi-tions

with sequence pairs from the BAIIBASE RV 11 subset (i.e., alignments within BAIIBASE with the lowest
average pairwise sequence identity). The left panel of Fig. 2 compares the gold-standard alignment of
one pair (top-left heatmap) against its pairwise BLOSUM-derived similarity matrix and four
embedding-based scoring variants: (a) NED; (b) windowed NED (w = 9); (c) reciprocal-weighted NED
(A = 400); and (d) ARIES scoring scheme with our default parameters (w = 09,
A = 400). All embeddings are obtained using the 650M parameter ESM-2 model (Lin et al, 2023); all

similarity scores are normalized to [0, 1].
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Fig. 2. Left: Binary true alignment matrix of two BAIIBASE RV 11 sequences, followed by heatmaps of five different
pairwise residue-similarity matrices for these sequences with Pearson correlation of these similarity scores with the
true alignment matrix given. Right: Box plots of Pearson correlations between the true alignment and the same five
scoring schemes across all sequence pairs in BAIIBASE RV11. Median correlation is annotated next to each box.
Stars denote statistically significant higher values over t han t he method totheleft (p < 1 e~*, o ne-sided Wilcoxon
signed-rank test with Holm-Bonferroni correction).

On the exemplar pair, the BLOSUM matrix, lacking contextual information, shows negligible corre-
lation with the true alignment (Fig. 2, p = 0.0469). NED by itself increases this 5.8-fold (p = 0.272).
Windowed NED (p = 0.447) and reciprocal-weighted NED (p = 0.810) substantially improve cor-
relation, while the ARIES scoring scheme, which combines both, achieves the highest correlation
(p = 0.857). The right panel of Fig. 2 shows Pearson correlation distributions across all RV11 pairs.
Trends mirror the exemplar: each augmentation significantly improves correlation over the previous
(p < le~*, one-sided Wilcoxon signed-rank test with Holm-Bonferroni correction). Across align-
ments, the combination of both augmentations (i.e., ARIES’ design) yields a median correlation

4.57 times greater than that of the original NED score. We study the effects o f window size and

the reciprocal weight A on alignment quality in a later section (see LAblation studies)‘.

ARIES outperforms existing methods across diverse benchmarks

We compare the alignment accuracy of ARIES against a suite of widely used MSA tools on the
BAIiBASE and HOMSTRAD benchmarks. We present our results in terms of the SP score metric
in Fig. @ and defer the TC score results to Appendix Supplemental Fig. Volcano plots

comparing SP/TC scores for ARIES versus all other methods across all datasets can be found in

Appendix D, Supplemental Fig.

We showcase the superior performance of ARIES as compared to other methods using Q-Q plots

(Fig. @,d). Each curve compares ARIES (z-axis) to another single method (y-axis), with points
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Fig. 3. Comparison of ARIES with state-of-the-art MSA methods on (a) BAIiBASE and (b) HOMSTRAD. (a, d):
Q-Q plots comparing SP scores for ARIES and alternative methods across quantiles; shaded region indicates where
ARIES achieves better performance. (b, e): Volcano plots comparing SP scores for ARIES and the two top-performing
previous methods, as determined by mean SP score. Each point corresponds to a sequence set that is aligned; those to
the left of the vertical line indicate better performance by ARIES. Colored counts show the number of sequence sets
for which ARIES performs better than (green), worse than (red), or equal to (gray) the competitor method. Number
in bracket next to each method name shows its mean SP score on the entire dataset. Points are colored by mean
sequence identity of the MSA set; darker color indicates lower identity. Holm-Bonferroni corrected p-values from one-
sided Wilcoxon signed-rank tests are annotated at the bottom of each plot. (c, f): Mean SP scores of representative
methods in three sequence identity bins.

showing SP scores at the same quantile. The shaded region below the diagonal highlights quantiles
where ARIES outperforms the competitor method. Across both datasets, most curves lie below the
diagonal, indicating that ARIES consistently exceeds competing methods. On BAIIBASE, some
methods perform similarly to ARIES at upper quantiles, while lower quantiles—representing more
challenging alignments—show pronounced margins, demonstrating ARIES’ robustness where other
approaches degrade (see Appendix Supplemental Tables for average SP and TC scores
in each of the six BAiBASE subsets). On HOMSTRAD, ARIES exhibits substantially higher SP
scores than all other methods, as reflected by curveslying well b elow t he d iagonal line o f equal

performance; veMSA is second-best, but considerably slower.

Volcano plots (Fig. @,e) provide a detailed view of how ARIES compares to the top two per-
forming other methods (as judged by their average SP score across sequence sets in BAIIBASE
and HOMSTRAD); analogous comparisons for all competing methods are given in Appendix

Supplemental Fig. I Each point represents a protein family, and is plotted based on its SP
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score for ARIES (left axis) and the competing method (right axis). Points to the left of the verti-cal
line represent cases where ARIES produces more accurate alignments. Across all comparisons
(Appendix D, Supplemental Fig. , the plots show a strong leftward skew, with far more points fa-
voring ARIES than the other methods. On BAIIBASE, ARIES outperforms the next-best approach,
MUSCLE, on 54.1% of sequence sets. On HOMSTRAD, ARIES performs better than vcMSA, the
next best method, in 72.9% of cases. Against the worst performing baseline, learnMSA2, ARIES
outperforms it in more than 85% sequence sets on both datasets (see Appendix D, Supplemental Fig.
. Using one-sided Wilcoxon signed-rank tests with Holm—Bonferroni correction, we con-firm
that ARIES’ SP score improvements over all competing baselines are statistically significant on
BAIBASE (largest corrected p = 0.031), and HOMSTRAD (largest corrected p = 1.157¢~2%). The
TC score improvements over other baselines are all statistically significant (see volcano plots for TC
scores in Appendix D, Supplemental Fig. largest corrected values of p = 0.024 and p = 1.454e
~22on BAIiBASE and HOMSTRAD, respectively).

Further, across both datasets, the alignment sets with lowest sequence identity (depicted with darker
colors) tend to fall to the left of the vertical line, reinforcing that ARIES performs particularly
well in this “twilight zone” of very low sequence identity. We quantify this trend by evaluating
the average SP scores of ARIES and three representative baselines (best, median, and worst
performers) on three coarse sequence-identity bins (Fig. @,f). ARIES achieves the highest mean
SP scores in lower-identity bins (0-20% and 20-40% on HOMSTRAD, and 0-20% on BAIliBASE)
and matches the top and median methods otherwise. In contrast, learnMSA2, which was designed
to align large sequence families, consistently performs worst across all bins, suggesting it is indeed
poorly suited for the small- to medium-sized families in BAIIBASE and HOMSTRAD. We also
break down the performance of all methods across the six BAIIBASE subsets. ARIES’

performance relative to the baselines is strongest on RV11, which has the lowest overall sequence

identity (see Supplemental Tables [S2 and .

ARIES scales efficiently and accurately to large datasets

We further evaluate ARIES in large-scale settings using the QuanTest2 benchmark, which contains

151 alignments with 1000 sequences each. We compare ARIES to the nine baseline approaches
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Fig. 4. Comparison of ARIES with other MSA methods on the QuanTest2 dataset. (a) For each scalable method
considered, the mean SP score across all QuanTest2 alignments, shown with 95% confidence intervals. (b) Mean
alignment runtime (minutes per alignment) for methods that ARIES does not significantly outperform, shown with 95%
confidence intervals. ARIES has the lowest mean runtime of these methods, and its runtime is significantly lower than
that of all of these methods. Stars in panels (a) and (b) denote Holm-Bonferroni corrected one-sided paired Wilcoxon
signed-rank tests across alignments (* p < 0.05, **p < le™2, *** p < 173, **** p < le™*). (c) log-log plot of ARIES
runtimes for each QuanTest2 family across varying subset sizes. Lines show individual families, with blue points
indicating the mean runtime at each size tested.

that scale well to this input size, defined as those taking less than 10 minutes per set on average
with default parameters (Fig. @) Volcano plots for all pairwise baseline comparisons are given in

Appendix D, Supplemental Fig. @ (SP score) and Supplemental Fig. S8 (TC score).

ARIES obtains higher mean SP scores than all methods other than MAFFT G-INSI and MAFFT
L-INSI. However, the two MAFFT variants do not perform significantly better than ARIES (Sup-
plemental Fig. one-sided Wilcoxon Holm-Bonferroni corrected p-values of 0.0949 and 0.142,
respectively), and likewise ARIES does not significantly outperform learnMSA2 and MAGUS (the
latter of which merges alignments obtained by MAFFT L-INSI). On the other hand, ARIES signif-
icantly outperfoms ClustalO, ClustalW, FAMSA, TWILIGHT and MAFFT Auto (Supplemental

Fig. one-sided Wilcoxon test with Holm-Bonferroni correction).

ARIES provides substantial runtime improvements as compared to the other MSA methods whose
performances are neither significantly worse or significantly better than it (Fig. @) Within this set,

ARIES is significantly faster than MAGUS, FAMSA, learnMSA2, MAFFT L-INS-i, and MAFFT

G-INS-i under the same resource budget (see fBenchmarkind for hardware description). We note

that both ARIES and learnMSA2 are GPU-accelerated, and thus most directly comparable, while

the other methods run on CPU only. Full runtime results are in Supplemental Fig.
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Fig.5. Ablation study of key components of ARIES. (a) Average SP score on BAIIBASE dataset across 49 combi-
nations of window sizes and reciprocal-weight parameters; (b) Average SP score on BAIiBASE dataset across varying
embedding depth using four different PLM backbones; and (c) Average SP score on QuanTest 2.0 dataset with vary-
ing number K of medoid sequences used in the template-building stage. The red-outlined bar marks K = [In(N)].

To further evaluate scaling, we measure runtime of ARIES on progressively larger subsets of each
family in QuanTest2 (250, 500, 750, and 1000 sequences). Fig. Ek shows a log-log plot of the
runtime (in minutes) versus sequence count, revealing approximately linear scaling with the number
of sequences. The slope in log-scale is 1.010 (95% confidence interval: 0.920, 1.110), consistent
with approximately linear scaling. In theory, our approach can scale even further with multi-GPU
parallelism and larger accelerator clusters. This establishes ARIES as a highly efficient PLM-based

alignment approach for large sequence families.

Ablation studies

We next examine how ARIES’ hyperparameters affect performance. Specifically, we conduct con-
trolled experiments to probe the impact of (a) window and reciprocal-weight parameters in the
similarity metric, (b) embedding depth across different PLM backbones, and (c¢) the number of
medoids used for template construction. Results of these ablations are shown in Fig. [bh—c, with

experimental details provided below.

Effect of varying window and reciprocal-weighting parameters. Fig.[5h presents a heatmap
summarizing SP scores on the BAIIBASE dataset across 49 hyperparameter settings. We vary the
window span w € {0,1,3,5,7,9,11}, corresponding to window lengths in {1,3,7,11,15,19,23}),
and the reciprocal weight parameter A € {0, 50, 100, 200, 400, 800, 1600}. Here, setting w = 0 and
A = 0 corresponds to using just NED. Across these combinations, we observe a significant jump

in SP score moving from a residue-based metric (w = 0) to any window-based metric (w > 1) at
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all X values (one-sided Wilcoxon p-values < 1.27 x 1075 for each of the seven comparisons). This

pattern demonstrates that incorporating local context indeed improves the robustness of alignment

signals, which agrees with our earlier finding on metric fitness (see [Reciprocal, window—basedl

bmbedding similarity enables detection of aligned residues)‘. Performance remains relatively

consistent as we further increase w. We attribute this stability to the smoothing effect of the discrete
Gaussian weights: residues further away from the center naturally receive lower influence, allowing
the method to maintain robustness even as the window size increases. We also find that increasing A
consistently leads to meaningful improvements in alignment quality, with improvements saturating
by A = 800, confirming that mutual agreement between residues provides a robust and reliable

alignment signal.

Choice of PLM and embedding depth. Fig. @ examines the effect of embedding depth on
alignment quality using four PLM backbones: ESM-2 (150M), ESM-2 (650M) (Lin et al, 2023),
ProtT5-XL-Half, and ProtT5-XL (Elnaggar et al. 2021). For each model, ARIES SP scores on
BAIIBASE are computed when representing amino acids using concatenations of the last ¢ PLM
layer embeddings, with ¢ € [1, 3, 6, 9, 12]. Across all models, the largest gain occurs from £ =1 to £ =
3, likely because the final layer emphasizes residue identity over structural context. Runtime
increases with embedding dimension (see Appendix D, Supplemental Fig. . Relative PLM rank-
ings remain consistent, with ESM-2 (650M) performing best, indicating ARIES is model-agnostic yet

benefits from stronger embeddings.

Template sequence construction. Fig. @ illustrates how the number of medoid sequences K
influences the template quality on the QuanTest2 dataset. Incorporating more medoid sequences
naturally allows the template to incorporate patterns from a broader range of structural subgroups,
which is especially beneficial for large and diverse families such as those in QuanTest2. As expected,
ARIES shows sharp improvement in SP scores going from one medoid sequence to larger values of K,
which demonstrates the weakness of a simple star-alignment stragety and the importance of well-
informed template generation. The improvements seem to saturate beyond K = 14, which suggests
that a relatively small number of representative sequences already capture most of the diversity in
the MSA set. The red-outlined bar highlights the configuration K = [In(N)], which achieves near-

optimal performance. This empirical setting of K also works generally for different
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MSA set sizes (see Appendix Supplemental Fig. . This principled, dataset-adaptive way
to set the number of medoids also guarantees an efficient runtime, as it only adds a negligible

O(log(NN)) overhead to our pipeline (see empirical runtime analysis in Appendix [D| Supplemental

Fig. 515).

Discussion

We have developed ARIES, a new framework for constructing MSAs that leverages contextual rep-
resentations from PLMs. ARIES integrates a windowed reciprocal-weighted embedding similarity
metric with a DTW-based star-alignment strategy driven by a PLM-generated template, moving
beyond the constraints of fixed substitution matrices and explicit gap penalties. Across large-scale
evaluations on BAIIBASE, HOMSTRAD, and QuantTest2, ARIES consistently delivers substantial,
statistically-significant performance gains over state-of-the-art methods while maintaining favorable
scaling with growing sequence sets. These results demonstrate that PLM-derived signals can mate-
rially advance MSA accuracy for evolutionarily distant proteins and provide a scalable foundation

for large-scale alignment.

An important consideration in interpreting these results is the distinction between positional ho-
mology, in which residues in the same alignment column are inferred to descend from a common
ancestral residue, and structural correspondence, in which residues are aligned based on shared
structural position or role regardless of common ancestry. ARIES is agnostic to this distinction:
its alignments are driven by PLM embedding similarities, which are learned from sequence but
implicitly reflect physicochemical and structural constraints. Because our benchmark datasets are
derived from structural superpositions, our reported accuracies primarily measure agreement with
structural correspondence. Although this may provide a reasonable proxy for positional homology
among closely related sequences, the two can diverge in the twilight zone. Whether PLM-based
alignment can reliably recover positional homology for phylogenetic inference therefore remains an

important question for future work.

Although ARIES performs well, several directions could further advance embedding-based align-
ment. Classical MSA ideas, such as iterative refinement (Edgar 2004; Katoh and Standley 2013),

consistency transformations (Do et al. 2005; Notredame et al, 2000), and profile-profile align-
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ment (Krogh et al. [1994), could be incorporated to improve accuracy. BLAST-style seeding (Altschul
et al.[1990) and related seed selection techniques (Margais et al. 2017; Hoang et al, 2022, 2024) could
also be incorporated to improve runtime scalability. Another opportunity is to learn the similarity
metric directly, rather than relying on the zero-shot use of pretrained PLM embeddings; given the
abundance of protein families with high-quality MSAs, such training should be feasible. Addition-
ally, recent methods such as SMURF (Petti et al, 2023) and DEDAL (Llinares-Lépez et al, 2023)
(Appendix , although not focused on full MSA construction, highlight the benefits of integrating
alignment learning into end-to-end workflows; ARIES could serve as an alignment module in such

systems, offering improved performance in low-identity settings and scalability to large families.

Overall, given the central role of MSAs in the structural, evolutionary, and functional analyses of
proteins, and the clear improvements in scalability and accuracy demonstrated by ARIES, we antic-

ipate that PLM-based approaches will become a new foundation for large-scale protein alignment.

Code Availability. ARIES implementation and setup instructions can be found at https://

github.com/Singh-Lab/ARIES.
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