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Abstract 

Transformer-based protein foundation models (pFMs) are emerging as powerful models for 
analyzing protein sequences. However, broader adoption of pFMs in molecular evolutionary 
analysis requires articulation of their evolutionary foundations and how they relate to traditional 
models and workflows. We synthesize research showing that pFMs trained on millions of natural 
protein sequences can reveal residue-residue dependencies, recover evolutionary constraints, 
predict pathogenic mutations, and reconstruct  sequence relationships. We introduce the main 
outputs of pFM-based analysis and demonstrate that they reflect neutral evolutionary principles 
without relying on explicit amino acid substitution matrices, phylogenies, or even multiple 
sequence alignments. We suggest that single-sequence analysis with pFMs will streamline many 
molecular evolutionary analyses and expand their reach to proteins with few or no known 
homologs. As a result, pFMs will complement and extend traditional approaches, advancing the 
field from phenomenological models of primary-sequence differences to models of residue 
dependencies in proteins. We also discuss limitations, computational considerations, and open 
questions regarding the routine use of transformer models in molecular evolutionary research. 

  



 

 

A. Introduction 
High-throughput molecular sequencing has revealed a vast reservoir of protein diversity spanning 
the tree of life, providing unprecedented opportunities to understand how protein structures and 
functions evolve.1–6 Classical molecular evolutionary analyses typically begin by assembling a 
multiple sequence alignment (MSA) and then applying an amino acid substitution model within a 
statistical framework (Fig. 1a). These approaches have been successful in understanding the 
tempo and mode of protein evolution and diversification across many scientific disciplines and in 
thousands of studies7 each year.  

Traditional amino acid substitution models have been developed using several simplifying 
assumptions. Protein sites are assumed to evolve independently, despite long-recognized 
patterns of coevolution driven by structural contacts and functional couplings.8–11 A single 
substitution pattern is applied across all protein sites and evolutionary lineages to generate 
sufficient counts of evolutionary substitutions for statistical analysis, thereby imposing the 
assumptions of stationarity, reversibility, and homogeneity of substitution models across sites and 
species within MSAs.12,13 The primary objectives of these analyses are to estimate relative rates 
of residue substitutions, branch lengths in phylogenies, and other evolutionary parameters that 
best describe the observed sequence differences in the MSA. In most applications, sites are 
treated as independent and identically distributed, so the influences of local and long-range 
sequence context on constraint are only partially captured, for example, through discrete or 
continuous rate heterogeneity models.13 

Transformer-based deep learning15 of molecular evolutionary inference offers a contrasting 
modeling approach that focuses on residue dependencies in proteins arising from epistasis and 
structural coupling.10,14,16,17 Transformers are neural networks with many layers and nodes, each 
with parameters (weights), optimized (learned) via masked language modeling, a technique 
originally developed for natural language processing.15 In masked modeling, a fraction of amino 
acid residues is randomly selected and replaced with a special token (<mask>). The neural 
network then predicts the identities of these hidden residues by exploiting statistical dependencies 
among the unmasked residues and the network's internal representations and weights 
(parameters). These weights are iteratively adjusted to maximize the likelihood of correct residue 
recovery, implemented through loss functions such as categorical cross-entropy.15 These loss 
functions have Bayesian interpretations, where the model’s predictions correspond to posterior 
probabilities over residues given the observed context.18  

Masked modeling is a form of self-supervised learning in which millions to billions of weights are 
estimated, yielding a protein foundation model (pFM) without relying on explicit stochastic models, 
parameterized substitution matrices, or assumptions of time-reversibility and stationarity that are 
required to estimate parameters in traditional evolutionary analysis (pFMs are also referred to as 
protein language models). Still, the objective of optimizing weights (aka learning) to build a pFM 
parallels the use of statistical frameworks in conventional evolutionary methods. Both estimate 
model parameters: the former seeks optimal residue substitution rates and branch lengths in a 
phylogenetic context, and the latter tunes millions of network weights using the conditional 
probabilities of residues in sequence space. It has been argued that mask modeling is analogous 



 

 

to high-dimensional likelihood-based modeling, as it makes the observed data most probable 
under the network model.18,19 

 

 
Figure 1. Workflow for molecular evolutionary analysis using classical and deep learning models.  
(a) Traditional phylogenetic analysis of protein sequences starts with the assembly of multiple sequence 
alignments (MSAs) that are analyzed statistically with amino acid substitution models (e.g., Fig. 2) and 
optimality principles, such as maximum likelihood, to produce evolutionary insights. (b) The deep learning 
analysis using an MSA transformer model14 differs in that a pretrained protein foundation model (msat-pFM, 
Fig. 3) is used, after an MSA is assembled, to estimate dependencies, residue embeddings, and attentions 
via Representation Generation (RepGen, see Box 2) that does not need to involve statistical principles or 
optimality criteria. (c) In contrast, a protein sequence can be subjected to deep learning analysis using a 
protein foundation model pretrained on unaligned individual protein sequences via the Evolutionary Scale 
modeling (ESM)10 approach (esm-pFM, Fig. 5), with Representation Generation used for downstream 
inference. This workflow differs from the other two in that it bypasses MSA construction and instead directly 
produces residue embeddings and attentions using a pFM. 
 

Protein FMs and traditional models are complementary ways of describing biology. Classical 
substitution models are phenomenological, as they describe how often residues change along 
branches of a tree given a particular alignment, and are optimized for tasks such as phylogeny 
inference and rate estimation. Protein FMs are trained to predict residues from their sequence 
context across the universe of proteomes, so their parameters are more closely tied to the 
compatibility of residue configurations that folding, function, and cellular quality control will 
tolerate. In this sense, pFMs approximate a more functional, mechanistic constraint structure 
rooted in residue-residue and higher-order interactions. In contrast, traditional stochastic 
modeling focuses on summarizing the historical outcomes of those constraints. This 



 

 

complementarity means that the use of pFMs in molecular evolutionary analysis represents a 
significant conceptual shift, in which residue interactions evolve and define the permissible space 
of residue types at each position in every protein, rather than as a set of independent residue-
substitution events.  

Protein FMs typically have billions of parameters, estimated from a large and diverse corpus of 
protein sequences, without an explicit substitution-rate matrix or statistical distributions. Instead, 
protein FMs internalize high-dimensional patterns of residue dependencies within a neural 
network architecture. Their parameters are distributed across network layers that implement 
context-dependent functions. For each residue, the model aggregates information from multiple 
positions and determines which amino acids are compatible in that context. Because there are 
many possible configurations of pairwise and higher-order residue dependencies, the effective 
parameter space is enormous. This is unsurprising because statistical models of epistasis, such 
as the Potts model, can have millions of parameters, requiring thousands of aligned sequences 
for statistical estimation.20 This is why pFMs require both large capacity and massive collections 
of protein sequences.  

Conversely, traditional comparative sequence analysis methods estimate only a fraction of the 
parameters in pFMs, such as substitution rates between residues, branch lengths on a phylogeny, 
and parameters describing rate variation among sites.12,13 These parameters are estimated from 
a single multiple-sequence alignment; they are fitted to account for the observed pattern of 
differences among a limited number of homologous sequences and sites. The result is a 
phenomenological description of past evolution in the given MSA: a summary of which 
substitutions occur more frequently, often with biological correlates, such as the well-known 
correspondence between PAM values and physicochemical distance measures.21 

Traditional and deep learning approaches differ in the way they analyze the sequence or 
alignment of interest. Analyses using deep learning models do not employ commonly used 
statistical techniques in molecular phylogenetics, such as maximum likelihood, to estimate 
phylogenetic branch lengths, substitution rate parameters, or optimality principles. They use the 
pretrained pFM to generate representations (Fig. 1b and c), which we refer to as the 
Representation Generation (RepGen) procedure that does not involve statistical optimization or 
network retraining. RepGen is a set of computational steps in which each neural network layer 
generates a numerical representation (embeddings) of each residue, a high-dimensional vector 
(e.g., 520 - 1280 elements) that encodes its context in the sequence and likely residue identity 
(Box 1).  

For example, the initial embedding of valine (V) at the second and twelfth sites in the human 
hemoglobin β sequence is the same, but they diverge as the protein traverses the network layers 
in Box 1. The final embeddings of a residue encode its relationships with all other residues in the 
sequence, in addition to its identity and position, and are informed by the pretrained pFM. In 
addition, in each layer of the model, information may be exchanged between the embeddings for 
residues via the so-called attention mechanism,22 which produces a matrix of pairwise “attention 
scores” that govern the extent to which information may be exchanged between pairs of residues. 
In each layer, multiple instances of the attention mechanism, referred to as attention heads, 
operate in parallel, each facilitating the mixing of information in different ways that emerged during 



 

 

model pretraining. Thus, RepGen produces residue embeddings and attention maps that have 
been used to make evolutionary and functional inferences (Figs 3 and 5). 

BOX 1 | Representation Generation (RepGen) using a pretrained pFM 
Representation Generation (RepGen) is referred to in the literature as a forward pass or inference. 
RepGen is a sequence of computational steps that converts an amino-acid sequence into numerical 
representations (embeddings) using a pretrained pFM. No learning or optimization occurs; the model 
simply applies its context-informed weights in a single forward pass. The first step is to convert each 
residue in the input protein (e.g., the human hemoglobin β chain a) into a high-dimensional numerical 
vector, called an embedding. These residue embeddings are learned during FM pretraining. All residues 
of the same type (e.g., Valine, V) start with the same initial embedding (b). Depending on the pFM design, 
positional embeddings are commonly 
applied either after the initial 
embedding or within each layer (c). 
Consequently, each sequence 
embedding encodes the residue 
identities and positions in the protein 
(d). The reside embeddings are 
updated by passing through the pFM 
network layers (e). Each layer 
combines information from all other 
residues, producing updated 
embeddings that capture the extent to 
which each residue is influenced by 
others. The final embedding (f) for 
each residue encodes its modeled 
relationships to all other residues in 
the sequence, in addition to its identity 
and position. These embeddings, 
together with attention maps, form the 
basic outputs of RepGen that we 
discuss throughout this Perspective. 

 

This Perspective situates pFMs within the historical development of evolutionary analysis, from 
early global substitution matrices to coevolutionary statistical models, and highlights how the 
advent of pFMs extends and complements traditional approaches for studying protein evolution. 
Our objective is to demystify the use of deep learning for biologists who are accustomed to 
comparative analysis of protein sequences using traditional models and methods in molecular 
evolution and phylogenetics. We draw parallels between the behavior of RepGen with pretrained 
FMs and the expectations of the neutral theory of molecular evolution23,24. We suggest that FMs 
can complement traditional statistical models by enabling single-sequence evolutionary analysis 
and advance the field from phenomenological modeling of residue differences to the study of the 
evolution of residue interactions. 

This perspective focuses exclusively on pFMs because the principles highlighted here, such as 
mechanistic constraints, epistasis, and context-dependent compatibility, have been explored in 
greater detail in protein models. Nucleotide and general biological FMs25–27 are a promising 
frontier and fall outside the primary scope of this perspective. 



 

 

B. Early Foundation-like Models for Protein Evolution 
In the late 1970s, the Point Accepted Mutation (PAM) model was published, which described the 
rate at which a residue type replaces another over evolutionary time.21 In the iconic 20×20 PAM 
matrix (Fig. 2d), diagonal elements quantified residue conservation, such as the exceptional 
stability of cysteine (C) and tryptophan (W), while off-diagonal entries reflected specific 
substitution probabilities, such as the frequent exchange of aspartic acid for glutamic acid. PAM 
is a global model of residue change, arguably the field’s first foundational substitution model, 
because it was inferred by aggregating phylogenetically inferred residue substitutions across 
protein families from a modest set of relevant alignments available at that time (Fig. 2a). 

 

 
Figure 2. The Point Accepted Mutation (PAM) model for protein evolution. 
(a) Originally derived from known protein sequences in 1978, the Point Accepted Mutation (PAM)21 model 
presents the substitution probability between residues. The number of accepted point mutations is 
empirically derived from counts of residue substitutions (c) inferred from mapping multiple sequence 
alignments (MSAs) onto phylogenies (b) for a set of closely related proteins. (d) 20×20 PAM matrix showing 
log-odds of substitution probabilities with backgrounds in green (evolutionarily common substitutions) to 
red (evolutionarily uncommon substitutions), with each row and column showing a particular amino acid 
residue. 
 

PAM can be scaled across time depths (e.g., PAM1 and PAM250) and adapted through empirical 
frequency (F) corrections for individual proteins (e.g., PAM+F). Its inference was task-agnostic, 
similar to that of FMs trained via self-supervised learning. However, PAM models have served as 
a statistical lens for examining protein evolution for decades, becoming indispensable for 
phylogenetic reconstruction, sequence alignment, functional inference, and pathogenicity 
annotations.28–30 PAM also inspired many successors, such as JTT31 and BLOSUM32, which 
refined residue-substitution matrices for specialized datasets and employed more sophisticated 
statistical methods. These PAM-family models are also generative, in that they have been used 
to simulate plausible evolutionary trajectories from a starting sequence and a phylogeny.21 

PAM-family models assume independence of evolutionary substitutions across sites, as well as 
homogeneity, stationarity, and reversibility of evolutionary substitutions, because substitutions 
inferred from site-by-site analyses are aggregated across sequences in alignments that represent 
diverse evolutionary lineages and proteins (Fig. 2 and 3a). Statistical methods can relax some of 
these assumptions for individual proteins and domains33,34, but the paucity of sufficient 
substitutions to reliably estimate parameters in standard statistical frameworks is a stumbling 



 

 

block when analyses are restricted to particular proteins, domains, and/or lineages. Beyond such 
global single-site models, a variety of models have been developed that allow substitution rates 
to depend on local sequence features35, partially relaxing the assumption of independent and 
identically distributed sites. These extensions can realistically capture short-range contextual 
effects. However, their state spaces grow rapidly with context size, so they are typically restricted 
to small motifs and still fall short of the many-body residue interactions that shape protein 
structures and functions. 

Before the emergence of transformer-based protein FMs, a major advance in modeling residue 
dependencies was the Potts models and their deep-learning extensions.20,36 These approaches 
infer pairwise (and sometimes higher-order) couplings between residues by fitting statistical 
energy landscapes to MSAs containing many sequences. Potts models have demonstrated that 
coevolutionary signals encode residue-residue contacts, functional constraints, and epistatic 
interactions, thereby extending beyond classical substitution models that assumed site 
independence. DeepSequence37 and EVE38 extended this idea by using variational autoencoders, 
enabling generative modeling of sequence families and improving variant-effect prediction. 

However, these methods require MSAs with thousands of homologs and depend on explicit 
probabilistic formulations tied to a specific domain family. Their parameter count scales 
quadratically with the sequence length, which limits practical applications to relatively short, well-
sampled domain families. In contrast, pFMs learn residue dependencies across millions of 
heterogeneous sequences with or without alignment, allowing them to generalize epistasis and 
constraints without domain-specific training and to operate even when alignments are sparse or 
unavailable. Thus, the historical progression from global substitution matrices to Potts models 
and then to transformers reflects a steady relaxation of independence assumptions and an 
expansion in representational capacity, even though each step is built on a distinct conceptual 
and computational framework.  

C. Foundation models for sequence alignments 
Fifty years after the introduction of the PAM model, a deep learning protein foundation model 
(pFM) was estimated using a neural network with a transformer architecture (Fig. 3)40. The MSA-
Transformer (msat) modeling employed 26 million sequence alignments, with an average 
alignment depth of 1192 sequences, from UniProt, without incorporating information on species 
of origin, molecular function, or phylogeny.40 We refer to the resulting foundation model as msat-
pFM, which has 100 million parameters distributed across 144 attention heads in 12 layers.40 The 
weights of these many parameters correspond to patterns of residue co-occurrence both within 
and across aligned sequences. For downstream inference, the same pretrained msat-pFM can 
be used for each new alignment to perform inference and generate informative data 
representations via representation generation (RepGen, Fig. 1b and 3). This contrasts sharply 
with classical phylogenetic analyses, where a global (or data-specific) statistical model is used 
under a statistical framework, such as Maximum Likelihood (Fig. 1a). In contrast, RepGen 
analysis is a set of specific calculations in which the input data are passed through all the network 
layers to produce residue embeddings and attention scores (Box 1). No optimization or model 
building is involved at this stage. 



 

 

 
Figure 3. Training and applying a protein foundation model based on sequence alignments. 
(a) An extensive database of multiple sequence alignments (MSAs) is used to train a transformer-based 
neural network. (b) The MSA-transformer14 is shown, comprising 12 layers, each with 12 attention heads, 
represented as squares. Network weights (parameters) are optimized via self-supervised training with 
masked modeling15. (c) The training produces a protein foundation model (pFM) that has learned residue 
dependencies from the input MSA collection. (d) The pretrained network (msat-pFM) can be used to 
analyze any input MSA by Representation Generation (RepGen, Box 1), which produces (e) sequence 
attention matrices of dimensions S x S where S is the number of sequences in the alignment, (f) site 
attention matrices of dimensions L x L where L is the length of each sequence in the alignment, and (g) 
residue embeddings, which are of variable dimensions depending on the model used. These outputs can 
be used to make evolutionary inferences, such as estimating evolutionary distances17, classifying tumor 
cells39, and annotating pathogenic variants.14 
 

Attentions across sequences at a site.  RepGen analysis in pFMs produces attention scores at 
each sequence site, capturing the relationships among residues.15 For an alignment with S 
sequences and L sites, every attention head generates L matrices of size S × S (Fig. 3f). Each 
cell in these matrices can be interpreted as a context-dependent similarity score. If sequence A 
pays high attention to sequence B at a site, this may be construed to mean that the residue in B 
provides strong statistical support for recovering the masked residue in A at that position. Figure 
4b-c illustrates attentions for sites in an MSA of hemoglobin β (HBB, Fig. 4a) with regard to 
human, in chimpanzee, mouse, and chicken, respectively. At site #7, the chimpanzee sequence 
has the same residue as the human sequence (E), unlike the mouse (A), which correlates with 
greater attention from the chimpanzee than from the mouse (Fig. 4b). Even though the chicken 
protein has the same residue (E) as the human protein, its attention is lower, presumably because 
the residues neighboring E are quite different between human and chicken as compared to human 
and mouse proteins. This exemplifies pFM's context awareness via the implemented attention 
mechanism.  

At site #53, chimpanzees again show high attention to humans, due to identical residue and 
context, as compared to mice and chickens both of which show a different residue and have 
multiple contextual differences from the human sequence (Fig. 4c). These patterns of relative 
attention scores are consistent with humans’ more recent divergence times from chimpanzees 
than mice or chickens (Fig. 6b). From these examples, chosen to display the interplay of 
attentions and context, it is clear that sequence attentions do not merely reflect exact residue 
identity, but can capture contextual interchangeability where the same residue found in different 
sequence backgrounds produces different results.  



 

 

Figure 4. Analysis of a sequence 
alignment using a foundation model.  
(a) A multiple sequence alignment of the 
hemoglobin β chain proteins (HBB) in 
four species: Human, Chimpanzee 
(Chimp), Mouse, and Chicken. Average 
sequence attentions across all heads 
for humans at site #7 (b), which harbors 
the mutation that causes sickle cell 
anemia, and at site #53 (c). The 
background is shaded in colors 
corresponding to biochemical properties 
of amino acid types. 

 

Averaged sequence attention matrices. The above example shows that pFM analysis can encode 
evolutionary similarity, which is more flexible than strict sequence matching. We can derive a 
single matrix of pairwise sequence attentions for each attention head, averaged across all sites 
in the alignment. This procedure yields 144 matrices, which have been used to train specialized 
models to produce classical evolutionary distances17,41, demonstrating that attentions in pFMs 
can capture evolutionary information. Furthermore, all neighbor-joining (NJ42) trees inferred from 
pairwise distance matrices estimated directly from attention matrices43 produced phylogenies 
consistent with the known evolutionary relationships among these four species. Similar successes 
using attention-derived distance matrices have been reported for longer alignments with more 
sequences.43  

An emerging frontier in pFMs is the development of methods that leverage sequence attention 
scores to reconstruct evolutionary relationships.43,44 They are attractive because traditional 
phylogenetic methods must make many simplifying assumptions, such as independence of 
substitutions across sites, as well as stationarity, reversibility, and homogeneity of the amino acid 
substitution process. Such assumptions are expected to be frequently violated in conventional 
phylogenies, particularly for highly diverged sequences. However, it remains unclear whether the 
use of sequence attentions and their derivatives can outperform traditional methods, as analysis 
with pFMs does not require making many explicit assumptions. Nonetheless, it is worth noting 
that many machine learning methods have been proposed for direct phylogeny inference45,46, 
which typically require explicit alignments or simulated training data and address a fundamentally 
different problem than the one considered here, so we have not discussed them here. 

Site attention matrices. While sequence attentions may reflect evolutionary relationships among 
homologous sequences, analysis with pFMs captures another layer of dependency: how residues 
within a protein co-vary across the alignment positions. These within-sequence dependencies are 
encoded as site attentions, which illuminate the structural and functional couplings that shape 
protein evolution. Each attention head tending to protein sequences of length L generates an L×L 
site attention matrix because site attentions are shared across sequences during FM pretraining 
(Fig. 3e). Pairwise site attention values are conceptually similar to coupling scores derived from 
Potts models17,47. A key distinction is that Potts model inference typically requires alignments 
containing thousands of homologous sequences 48,49, whereas site attentions can be estimated 
for virtually any alignment using a pre-trained FM. While Potts models rely on pairwise coupling 



 

 

terms, pFMs can represent higher-order and long-range dependencies spanning multiple 
residues through their attention mechanisms.9,40 In general, site attention maps have proven 
remarkably effective in identifying residue-residue contacts, predicting protein folds, and 
highlighting functionally important sites, without any structural or functional supervision during 
training.17,50,51  

D. Protein FMs for raw protein sequences 
Evolutionary Scale Modeling (ESM)10 trains a pFM using raw, unaligned sequences. Each 
sequence is input independently, and the model learns statistical patterns in residue usage and 
dependency from hundreds of millions of sequences drawn from databases such as UniParc.10 
Here, we refer to this category of model as esm-pFM (Fig. 5c). The first example of an esm-pFM, 
ESM-1b10, was developed before msat-pFM because ESM was an extension of modelling 
designed initially for natural language processing.10,15 Unlike msat-pFM, which shares residue 
attentions across homologous sequences within an alignment, esm-pFM learns patterns of 
residue dependencies from individual sequences without involving alignments. During training, 
the network encounters residue patterns that interact in folded structures and learns to recognize 
them because the coevolution of interacting residues produces informative signals for predicting 
residue identity10,52 during masked modeling. Consequently, esm-pFMs can directly capture 
coevolutionary couplings, revealing residue contact maps from single-protein inputs. It is a 
member of a broader family of pFMs that yield useful embeddings for predicting diverse functional 
and structural properties across large protein spaces, underscoring the richness of the learned 
representations.50,52,53 

For inference using an esm-pFM, a protein sequence of length L is passed through the pretrained 
model (Fig. 5d). Then, L×L matrices of site attentions can be extracted from each attention head. 
For example, the ESM-2 model, which consists of 33 layers with 20 attention heads each (Fig. 
5b), yields 660 site attention matrices for the input sequence (Fig. 5e, f). Such site attention 
matrices have been used to predict coevolving residues in proteins52. Because esm-pFM is for 
individual sequences, it does not generate any sequence attention matrices.  

 
Figure 5. Training and using ESM foundation models  
(a) ESM begins with individual sequences from an extensive database, which are used to train a 
transformer-based neural network using the masked modeling objective (Box 1). (b) The network shown 
comprises 33 layers, each with 20 attention heads, represented as squares. The pretrained model (c) can 
be used to generate a representation (Box 1) for any input sequence (d), yielding site attention matrices 
(e) and residue embeddings (f). These outputs can be used directly to make evolutionary inferences, such 
as residue contact maps10,52, variant-effect predictions53, and evolutionary relationships using sequence 
embeddings.44 



 

 

 

Residue embeddings. In addition to attention scores, numerical representations (residue 
embeddings) that encode a residue’s relationships to all other residues in the sequence can also 
be extracted from the pretrained esm-pFM (Box 1). These numerical representations of each 
residue function within the model integrate contextual evidence that informs predictions of residue 
identity. The final-layer embeddings are transformed to yield predicted probabilities for each 
residue. Masked positions with similar embeddings tend to result in similar predictions. 
Embeddings extracted from pretrained pFMs are biochemically meaningful: residues with similar 
physicochemical properties cluster together in embedding-based analysis.10 For instance, acidic 
residues (D, E), aromatic residues (F, W, Y), and hydrophobic residues (L, I, M) form coherent 
groups despite the absence of any explicit chemical or evolutionary labels during training. 
Therefore, esm-pFMs can internalize core chemical principles purely from statistical regularities 
in the raw sequence data, without relying on predefined substitution matrices or alignments. 

Sequence embeddings. The residue embeddings can be averaged element-wise to yield a 
sequence embedding, which is a fixed-dimensional representation (e.g., 1280 in ESM-1b54). 
Pairwise distances between sequence embeddings have been used directly to cluster sequences 
into families and to infer relationships10,55, indicating that evolutionary relationships are preserved 
in this learned representation space. Therefore, foundation models can enable an alignment-free 
approach to construct protein or organismal phylogenies, a capability that could greatly expand 
large-scale evolutionary analyses. However, this potential remains to be tested for use in 
molecular systematics, and substantial work is needed to understand how variable sequence 
lengths, incomplete domain coverage, and embedding dimensionality affect such alignment-free 
inferences. Ultimately, while curated multiple sequence alignments will remain the gold standard 
for most evolutionary analyses, embedding-based approaches may offer valuable alternatives. 

E. Imprints of the neutral theory of molecular evolution 
A striking finding from the use of esm-pFM is that its predictions reflect the evolutionary patterns 
long associated with the neutral theory of molecular evolution.24 Neutral theory posits that most 
of the observed variation among species is shaped by drift and purifying selection acting on 
functionally acceptable amino acids, and that population allele frequencies correlate with 
functional tolerability.24,56 These principles were historically inferred from comparative genomics 
and population data, yet pFMs can recover them using only sequence statistics derived from 
individual sequences. The following demonstrates this convergence and shows how RepGen-
derived residue predictions naturally encode neutrality, constraint, and tolerated variation. 

RepGen analysis of a given protein sequence and pFM predicts a categorical probability 
distribution over the possible residues at each site10,53, which we refer to as residue probabilities 
(RPs). RPs provide a direct, context-dependent measure of a residue’s compatibility with the 
surrounding sequence. A high RP for a residue type indicates that the model identifies that type 
to be strongly favored by the sequence context. In contrast, low RP values signal biochemical or 
evolutionary implausibility. These probabilities are derived from patterns learned from millions of 
natural proteins, without requiring alignments or phylogenetic trees.  



 

 

For example, in RepGen analysis using esm-pFM, the seventh residue of human HBB is predicted 
with high probability to be glutamic acid (E, RP = 0.88), whereas the sickle-cell disease-causing 
mutation to valine (V) receives an extremely low probability (RP = 0.01; Fig. 6a). This pattern 
generalizes across the proteome. Pathogenic missense variants cataloged in ClinVar57 have 
much lower RPs (0.0032 ± 0.0002) than common human polymorphisms from gnomAD58 (0.0564 
± 0.0012) in RepGen analysis (see also, ref.53). Consequently, even the direct use of RPs can 
achieve excellent performance in variant effect prediction (Fig. 6c).53 The area under the Receiver 
operating characteristic curves (AUROC) for raw RPs derived from esm-pFM, which is 
comparable to established exclusively alignment-based approaches such as SIFT30 (0.91) (Fig. 
6c). 

 

Figure 6. An analysis of human variants and polymorphisms using a single sequence pFM.  
(a) Residue probabilities (RPs) obtained using esm-pFM are shown in a logos representation for a portion 
of the human HBB sequence. The box highlights site 7, whose mutation (E→V) causes sickle cell anemia. 
(b) 100-species phylogeny obtained from the UCSC 100way Multiz Conservation Track, which was scaled 
to time using the TimeTree database59 used for maximum likelihood analyses. (c) Receiver operating 
characteristic (ROC) curves for distinguishing pathogenic and neutral variants based on RP, SIFT, and EP.  

The area under the ROC curve 
(AUROC) for RP, SIFT, and EP 
is 0.90,  0.91, and 0.88. (d) 
Relationship between the 
population frequency of human 
polymorphisms and their RPs 
(closed circles) and EPs (open 
circles). Averages are plotted for 
10 bins containing the same 
number of variants. (e) 
Relationship between RP-
entropy derived from the 
distribution of RPs and traditional 
site-specific molecular 
evolutionary rates estimated 
using sequence alignments for 
sites carrying neutral variants, 
with each point representing the 
average for 10 bins with the 
same number of sites. (f) 
Distribution of RP-entropy for 
sites harboring common 
polymorphisms that have 
evolved with an evolutionary rate 
of 0. (g) The ROC curves for 
distinguishing pathogenic (6804) 
and neutral variants (401) at the 
slowest evolving sites. A 
balanced class size (10 
replicates) was enforced when 
estimating ROC curves. Average 
AUROC is 0.80, 0.61, and 0.72 
for RP, SIFT, and EP. See 
Supplementary Methods for 
calculation details.  



 

 

This ability to distinguish pathogenic from neutral variants is not attributable to the inclusion of 
human protein sequence variants in the training set used to build esm-pFM. The training dataset, 
containing millions of protein sequences, was derived from the UniRef50 database, filtered for 
sequence quality and diversity. UniRef50 comprises a subset of UniProtKB protein sequences 
formed by clustering at 50% pairwise identity and retaining only a single representative sequence 
from each cluster. Such filtering eliminates closely related sequences and substantially reduces 
redundancy, thereby making human protein sequences constitute a relatively small fraction of the 
training data. Thus, the observed relationship between RPs and the neutrality of variants reflects 
general constraints predicted from patterns observed across diverse proteins, rather than from 
memorizing specific human variants. That is, the esm-pFM, trained solely on raw protein 
sequences without alignments or functional supervision, can recover classical pathogenicity 
signals, underscoring the neutral evolutionary information embedded in sequence statistics.51,53 

The neutral theory also predicts that alleles at high population frequency tend to be more 
compatible with protein function and, thus, subject to weaker purifying selection.56,60 This can be 
explored by comparing RP values for common amino acid polymorphisms stratified by allele 
frequency, which show that higher-frequency variants have higher RP values on average (Fig. 
6d, closed circles) (see also, ref.53,61). The relationship between allele frequency and RP is similar 
to that seen for estimates of classical (neutral) evolutionary probabilities56 (EPs, Fig. 6d), which 
are estimated by a Bayesian approach using multispecies alignments and a species tree (Fig. 
6b). Yet, unlike EPs that depend on many explicit evolutionary assumptions enumerated earlier, 
RPs arise directly from the use of a pretrained esm-pFM. This concordance between EPs and 
RPs suggests that core signatures of drift and purifying selection, the primary mechanistic forces 
in the neutral theory, are implicitly encoded during masked modeling of sequences. 

Sequence constraints versus historical conservation. The site-wise distribution of RPs also carries 
an imprint of neutral theory. For each site, we compute the Shannon entropy of RPs across all 20 
amino acids predicted by esm-pFM54, which we term RP-entropy. Low RP-entropy indicates a site 
where the model strongly prefers one or a few residues, whereas high RP-entropy marks sites 
where many residues are considered compatible.54 Across large sets of proteins, RP-entropy 
correlates with absolute evolutionary rate estimates from traditional phylogenetic models (Fig. 6e) 
and ConSurf conservation scores54, such that lower RP-entropy is associated with slower 
evolutionary rates at the site. This pattern supports a straightforward interpretation: esm-pFMs 
encode, in their probability distributions, the same constraint structure that classical rate-variation 
analyses infer from comparative sequence analyses. Crucially, this relationship emerges despite 
the absence of explicit phylogenies, branch lengths, or rate-category modeling in pretraining esm-
pFM or in its use for RepGen inference.  

However, this broad agreement in average values across bins hides substantial differences 
between site-specific RP-entropy values and evolutionary rates. For example, the distribution of 
RP-entropy is wide at the slowest evolving sites, with hundreds of sites showing large RP-entropy 
values (Fig. 6f). That is, multiple amino acid types are permissible at those sites. In contrast, the 
same amino acid type is found across species. Such discordance can arise from data sparsity, 
particularly when orthologous sequence alignments capture only a slice of evolutionary history, 
causing certain sites to appear slow-evolving, even though multiple amino acids are biochemically 
permissible. An additional possibility is that esm-pFMs, trained on a vast and diverse sequence 



 

 

collection, can recognize broader biochemical flexibility even when it is not reflected in the 
assembled MSA. 

In such cases, RP-entropy reflects possibility in the current context, rather than the historical 
outcomes captured by classical evolutionary rates. This could explain why 401 common 
polymorphisms (frequency > 5%) are found at the slowest evolving sites. For example, position 
214 in the KIF25 protein, a member of the Kinesin family, shows no evolutionary substitutions 
over a 500-million-year history, but has a W214L polymorphism with a substantial allele frequency 
(17.8%). It has the highest RP-entropy (4.1) among the sites harboring these 401 polymorphisms. 
This observation suggests that reduced biological constraints in the current sequence context, 
despite a high degree of purifying selection at this site in the past and in other homologs within 
the family and/or other lineages, have permitted polymorphisms. Due to this property, the AUROC 
of RPs for diagnosing pathogenic versus neutral alleles at the highly conserved sites is good 
(0.80; Fig. 6g), as compared to SIFT and EP approaches that did not perform as well (0.61 and 
0.72, respectively), consistent with previous findings that alignment based approaches tend to 
have a high false positive rates of variant effect diagnosis at highly conserved sites.62  

This finding suggests that esm-pFMs may account for enigmatic patterns revealed by classical 
methods, because RPs depend on the entire sequence background rather than on residue 
frequencies across species. These patterns demonstrate that RPs provide a unique contemporary 
context-aware view of functional constraint, epistasis, and natural selection, which complements 
traditional comparative analyses that capture retrospective natural selection. Notably, however, 
not all differences between results from classical methods and deep learning are real. Estimation 
of millions to billions of parameters in deep learning can lead to artifacts due to the need to 
optimize performance during pretraining and may be the result of "over-fitting" or training-set 
biases63,64, such as under-represented organisms. Therefore, unusual deep learning predictions 
should not be uncritically accepted or summarily dismissed. 

Overall, however, these analyses suggest that the RP landscapes learned by esm-pFMs for sites 
and proteins are consistent with the neutral theory expectation that strongly deleterious variants 
are rare and concentrated at highly constrained sites, whereas common variants will occur 
primarily at more tolerant positions. Complementary work on unified biological foundation models 
that jointly encode DNA, RNA, and proteins shows that such FMs can recover central-dogma 
relationships between coding sequences and proteins and detect inconsistencies without explicit 
(or limited) supervised learning.25 These converging lines of evidence support the view that FMs 
can rediscover core biological principles from raw sequence statistics. 

F. Prospects for Evolutionary Inferences from Individual Sequences 
Currently, molecular evolution and phylogenetic analysis depend on sequence alignments 
because comparing homologous sequences reveals substitutions that are necessary for 
estimating parameters of evolutionary models. With the introduction of pFMs, this can change, as 
the RepGen procedure produces residue embeddings, site attentions, and residue probabilities 
for a single sequence, enabling per-site evolutionary inference without explicit alignments for any 
protein. These estimates can be viewed as coming from a model of intramolecular epistasis that 
applies universally across protein families, analogous to Potts Hamiltonian models for individual 
families.48,65 However, unlike Potts models, which are inferred from alignments of thousands of 



 

 

homologous sequences, protein FMs are trained on heterogeneous, unaligned sequences from 
across the protein universe. This global training enables pFMs to learn from evolutionary 
constraints beyond a single protein family and to detect context-based dependencies without 
explicit alignments.10  

That functional and structural constraints can be inferred from a single protein sequence using 
pFMs with billions of parameters, trained on millions of sequences19,66 does not appear surprising 
in retrospect. Every new polypeptide in a cell is synthesized, folded, trafficked, and degraded by 
the same molecular machinery, governed by common biophysical rules for solubility, folding, 
binding, and regulation. These rules are implemented mechanistically by the cellular environment, 
but they leave a statistical fingerprint on sequences: residue types and combinations that 
systematically violate them are purged by purifying selection, whereas compatible ones recur 
across individuals, organisms, proteins, and families.  

Consequently, pFMs can provide useful evolutionary and functional readouts for any protein, 
including proteins with shallow or no detectable homology, such as remote or ‘orphan’ proteins 
for which good alignments or phylogenies are challenging to obtain.67–70 This is important because 
many proteins of interest may be lineage-specific, highly diverged, or composed of rare domain 
architectures that defy confident homology detection. In such cases, traditional methods may 
struggle to estimate substitution rates, detect selection, or assess the impact of mutations, 
because they depend on multiple alignments of homologous sequences. Additionally, pFMs 
extend the reach of molecular evolutionary analysis by enabling analysis beyond missense 
variation, as the same RepGen analysis can, in principle, be applied to other classes of protein 
variants, including stop-gain and insertion-deletion variants53,71 that have been difficult to model 
in standard evolutionary approaches.  

In general, however, it will be prudent to investigate pFM-derived results and hypotheses using 
alignment-based conservation measures, phylogenetic reconstructions, and functional or 
structural assays. Discrepancies between pFM-based and traditional inferences will be especially 
informative, as they may highlight cases where pFM has captured constraints that are not 
apparent from current sequence samples, or conversely, where data gaps or training biases limit 
pFM's reliability. Treating pFMs as augmenting classical workflows will allow researchers to 
exploit their speed and breadth while maintaining the rigor of comparative, alignment-based 
analysis. Extensive and systematic benchmarking is needed to develop guidelines for when to 
trust pFM-derived inferences and when they outperform traditional approaches. 

G. Feasibility of using foundation models in everyday analyses 
An important practical question is the feasibility and computational cost of applying deep learning 
in routine data analysis. Here, it is essential to distinguish between the substantial one-time cost 
of training a pFM and the relatively modest RepGen procedure required to make inferences with 
the pretrained model. Training state-of-the-art pFMs typically requires many GPU-days on 
specialized hardware clusters and incurs nontrivial financial and energy costs; however, this 
expense is borne once by model developers rather than by downstream users. Once a pretrained 
model is made publicly available, it can be used for RepGen analysis, whose computational cost 
is the primary concern in standard molecular evolutionary investigations. 



 

 

To examine this, we measured the time required to run RepGen with an esm-pFM (≈650M 
parameters) on a collection of short and long protein transcripts. RepGen runtimes were on the 
order of seconds, even on commodity GPUs (e.g., RTX 3050) found in laptops costing a few 
hundred dollars (Fig. 7). The relationship between protein length and runtime is close to linear, 
indicating that esm-pFM analysis with a model containing hundreds of millions of parameters is 
tractable on commodity GPUs (as well as multi-core CPUs). In contrast, models with billions of 
parameters require substantially more video memory, because GPU memory usage scales 
approximately linearly with the number of model parameters and roughly quadratically with the 
processed sequence length. Fortunately, many optimizations and heuristics are being developed 
to enable the use of larger and more accurate models even on commodity hardware.72–74 With 
these advances, we anticipate that pFM-based workflows will soon allow researchers to obtain 
rapid, first-pass assessments of proteins, domains, and variants before committing to more labor-
intensive alignment-based pipelines (Fig. 1). 

 
Figure 7 | Runtime of RepGen analysis 
using an esm-pFM with 650 million 
parameters.  
RepGen calculations were performed on 13 
protein sequences, ranging from 50 to 2850 
residues in length, using five different GPU 
types. Each point represents the mean of 
10 RepGen runs for a given protein, and the 
best-fit scaling curve for time-to-completion 
was approximately linear with respect to 
sequence length (R2 = 0.99 for all five 
curves). In December 2025, representative 
US purchase prices were roughly $200 for 
an RTX 3050, $550 for an RTX 5070, 
$1,800 for an RTX 4080, $15,000 for an 
A100, and $25,000 for an H100, illustrating 
that useful RepGen throughput is attainable 
even on commodity GPUs, with further 

speedups on data-center accelerators. The VRAM size is shown for each GPU. 
 

H. Conclusions and outlook 
Protein foundation models represent a conceptual and practical shift in how and what is studied 
in molecular evolution. Classical substitution models, built from counts of observed changes in 
MSAs, offer interpretable summaries of past substitution tendencies and rate variation, but they 
treat evolutionary patterns across sites and lineages as independent and identically distributed. 
In contrast, pFMs are large, single models trained on vast collections of sequences, whose 
parameters encode high-dimensional patterns of residue compatibility and context-dependent 
constraints across the entire observed protein universe. These pFMs are far from black boxes. 
Their internal components and outputs are biologically interpretable and evolutionarily 
meaningful. Sequence attention maps reveal phylogenetic relationships; site attention maps show 
structural and functional couplings; residue embeddings identify pathogenic variants and recover 
site-specific constraints; and sequence embeddings show evolutionary relatedness across 



 

 

sequences. These signals arise not from explicit evolutionary models, but from the ability to 
identify patterns in the data during self-supervised training.  

A striking insight is the correspondence between pFM behavior and the neutral theory of 
molecular evolution. Residue probabilities produce results consistent with classical expectations 
relating allele frequency, constraint, and mutational tolerance, despite the absence of 
phylogenetic trees or evolutionary assumptions. That such principles emerge from raw sequences 
alone suggests that the statistical patterns of protein space already encode the imprint of drift and 
purifying selection, and that pFMs provide a massive data-driven realization of these evolutionary 
forces. This ability is further demonstrated by generalized FMs trained on both nucleotide and 
protein sequences that encode the central dogma of molecular biology: DNA and protein 
embeddings from the same gene converge in embedding space, even though they were not 
paired during training.25  

Furthermore, FMs do not simply approximate classical approaches and can produce significantly 
different results for the same protein or residue. Undoubtedly, molecular evolution is not merely 
the accumulation of independent substitutions, but the evolution of contextual residue interactions 
that permit substitutions at individual residues over the millennia. Classical methods, with their 
simplifying assumptions, seem to model historical patterns well, which is sufficient in many 
situations. Instead, FMs focus on residue dependencies that are essential for proper protein 
function within an organism; therefore, evolutionary analysis of embeddings and attention maps 
produced by FMs can help reveal the dynamic evolution of residue relationships in the past as 
well as contemporary constraints. With this capability, pFMs are poised to offer more mechanistic 
explanations that go beyond simply describing observed residue differences arising from the 
evolution of these inter-residue dependencies under purifying selection.  

Although pFMs offer powerful new capabilities, they also have significant limitations. They do not 
encode explicit evolutionary timescales, substitution histories, or branch-length information. Their 
performance depends on the statistical composition of their training datasets, which may 
underrepresent certain protein types or rapidly evolving lineages.75 RPs and attention maps reflect 
the model’s estimate of contextual plausibility, not the realized evolutionary path taken by any 
lineage. Furthermore, pFMs can overgeneralize when analyzing sequences with domain-specific 
architectures or residue environments that are underrepresented in the training protein collection. 
Recognizing and investigating these limitations is essential when interpreting pFM-based 
evolutionary inferences. 

By design, pFMs are generalists, but no single model can excel at all downstream tasks. Just as 
Dayhoff-style substitution matrices were later specialized for mitochondrial, function-, or 
organism-specific proteins, tailoring pFM training data and fine-tuning them can yield superior 
results for particular applications.76,77 For instance, ESM-250 was optimized for protein structure 
prediction, and ESM-1v61 for variant-effect prediction, each benefiting from domain-specific 
sequence collections and other optimizations. Such sensible pFMs mitigate the risk of model 
homogenization, in which mismatched training data can propagate systematic errors.78 

As pFMs continue to expand in scale and generality, and as interpretability tools improve, they 
are becoming increasingly valuable to evolutionary biology79,80 and phylomedicine6. This 
development is timely: while protein sequence databases continue to grow rapidly, our 



 

 

understanding of the functions and origins of many proteins remains limited. Advances in pFMs 
offer a promising approach to closing this gap, thereby enhancing our understanding of the 
growing universe of protein sequences. In these efforts, classical models provide interpretability, 
whereas pFMs offer mechanistic depth. Together, they can create a unified framework for 
understanding protein evolution that integrates biological principles with data-driven discovery. 
By combining mechanistic insights with large-scale data modeling, the field can uncover not only 
how proteins have evolved but also how evolutionary constraints and dependencies influence the 
range of viable sequences today. Protein foundation models thus present a new perspective, 
grounded in data yet aligned with evolutionary theory and molecular biology, for understanding 
the forces that shape molecular evolution. 
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Supplementary Methods.   
Many studies have reported relationships among various measures derived from transformer 
models and traditional molecular evolutionary methods, as well as with the frequency of variants 
in humans.51,53,56 They have used different, albeit overlapping, datasets and approaches. For 
uniformity and to enable direct comparison of patterns across panels in this perspective article, 
we have reproduced those trends using a common dataset and techniques, as follows.  

Multiple Sequence Alignments (MSAs). The database was compiled using the UCSC 100way 
Multiz Conservation Track as the initial reference point.81 The Multiz Track comprises nucleotide 
and amino acid sequence alignments for 100 vertebrate species that are putatively orthologous. 
We used the knownCanonical subset of the Multiz track, which restricts the alignment pool to 
alignments representing the target protein's canonical isoform. The knownCanonical subset 
comprises 23,335 multiple sequence alignments (MSAs) spanning nearly the entire genome, from 
chr1:169888676 to chrY:19077367. We used the corresponding protein sequences for each DNA 
alignment. 

Pathogenic and neutral variants. We selected all missense variants reported in the ClinVar 
database57 with the following annotations: “pathogenic”, “likely pathogenic”, and “pathogenic/likely 
pathogenic”. From this collection, we only retained alleles with a global minor allele frequency < 
0.5% to build a clear-cut Pathogenic variant dataset. This yielded 13,359 pathogenic variants. To 
construct a neutral variant database under the assumptions of the neutral theory of molecular 
evolution, we used the gnomAD database58  and selected all common missense variants with 
global frequency between 5% and 50%. We excluded all variants in which the gnomAD-specified 
alternative allele was not the minor allele. Applying these criteria identified 14,634 neutral variants. 

Residue Probabilities (RPs) and Entropy. RepGen analysis of the human protein sequence used 
ESM-250 pFM. All RP calculations were carried out on an Nvidia A100 GPU using the entire amino 
acid sequence as the input, except for the titin protein (TTN). TTN (ENST00000360870) 
comprises 35,592 residues, necessitating a sliding-window (1500-residue) approach for RepGen 
analysis. Shannon’s entropy of the RP distribution was calculated using the following formula, as 
implemented in Python: -Σpi log2(pi), where pi is the probability of each residue type and the sum 
is over 20 residues. 

Sequence Attentions and Phylogeny Inference. Following a protocol43 for msat-pFM phylogenetic 
inference, we inferred phylogenies by computing a pairwise attention distance matrix in which the 
Euclidean distances between a pair of sequences (p and q) were based on their attention maps, 
as follows: 𝐷௣௤(௟)  =  ට∑௅௝ ୀ ଵ ∑ௗ௞ ୀ ଵ (𝑋௣௝௞(௟) −𝑋௤௝௞(௟)  )ଶ , where 𝑙  is the number of layers in the model, 𝐿 is the 

number of column attention heads in the layer, and 𝑑 is the number of residue matrices for each 
column. 

We used the pairwise distance matrices from each attention head to calculate a mean distance 
matrix. We applied the neighbor-joining algorithm to this mean distance matrix to obtain a 
phylogeny for each input alignment. 



 

 

Evolutionary Probabilities (EPs) and SIFT scores. EPs56 were calculated in MEGA 1282 using the 
100-species timetree (Fig. 6b), uniform rates across sites, and a Poisson model of amino acid 
substitutions to avoid infusing biochemical and rate variation information in EP inference. SIFT 
scores30 were imported from gnomAD.58 SIFT and EP were selected because they represent 
distinct methods for estimating residue neutrality and rely exclusively on evolutionary information, 
unlike many other approaches that also incorporate population frequencies and/or biochemical 
and structural data.  

Estimation of classical evolutionary rates. For each MSA, we used the Maximum Likelihood 
method to first estimate rates among sites under an LG+F substitution model using the species 
tree (Fig. 6b) in MEGA 12 software82. Relative site rates were converted to absolute rates using 
the total number of substitutions estimated for each MSA and the divergence times extracted from 
the TimeTree resource 59. 

Receiver operating characteristic (ROC) curve analysis. For all analyses, we constructed 
balanced test sets to prevent artifacts from class imbalance. Specifically, for each subset of 
interest, we subsampled the majority class without replacement to match the minority class. The 
reported ROC curves and AUROCs are averages across 10 randomly balanced sets. 

A table of variants and associated estimates is provided in the Supplementary File.  

 


