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Protein language models compress 
protein sequences into high-
dimensional embeddings that 
capture biochemical, structural, 
and functional constraints without 
explicit supervision. We highlight 
that these embeddings encode 
rich evolutionary information, 
enabling new geometry-based 
views of homology, divergence, 
and convergence, and calling for a 
synthesis between classical molec-
ular evolution and systematic
evolutionary embedding analysis.
A change of paradigm: The
unsupervised evolutionist
A core premise of molecular evolution is that 
homology, as a hypothesis of shared ances-
try, is tested and inferred by comparing 
sequences through pairwise and multiple 
alignments. From Dayhoff’s mutation matri-
ces to modern likelihood and Bayesian 
phylogenetics, we have relied on explicit 
models of substitution and theoretically 
grounded summary statistics to relate 
sequence divergence to time, structure, 
and function. This framework has been 
remarkably successful, yet it struggles in
familiar regimes such as the ‘twilight zone’
of low sequence identity and the deluge of
functionally uncharacterized proteins from
genome and metagenome sequencing.
Protein language models (pLMs) have 
emerged as an alternative way of 
encoding protein sequences. These 
models are typically trained on hundreds 
of millions of natural proteins and summa-
rize each amino acid sequence into a 
high-dimensional numerical vector (an 
embedding), usually with hundreds to a 
few thousand dimensions. These embed-
dings capture biochemical, structural, 
functional, and evolutionary constraints 
but can also reflect higher-order interac-
tions, a limitation for traditional tools. As a 
result, tasks that were hi storically framed
as homology searches or family classifica-
tion can now be approached as geometric
and topological questions on a landscape
of protein representations (Figure 1A). This 
landscape reflects constraints of structure, 
function, and evolution, all of which are 
learned from sequence data. That is, 
language models reveal systemic proper-
ties of protein evolution, not just sequence 
patterns. Crucially, however, what pLMs 
learn from natural sequences are the 
consequences of evolution (i.e., the 
biochemical, structural, and functional 
constraints that natural selection and drift 
have left imprinted on sequence space), 
rather than the evolutionary process itself; 
they have no mechanism for tracking the
historical sequence of mutations, diver-
gence times, or lineage relationships that
produced current proteins.

It is now broadly accepted that pLM 
embeddings primarily reflect structural 
and functional similarity rather than evolu-
tionary relatedness per se, but the degree 
to which they faithfully capture these prop-
erties, and how this varies across protein 
families and divergence levels, is model-
dependent and remains an active area of 
investigation. This distinction between 
modeli ng evolutionary history and reason-
ing about its consequences (i.e., function)
is precisely why we need a systematic
interrogation of embedding spaces, as
we advocate here. Proteins that share a
fold or function but have diverged beyond
the reach of standard alignment methods 
may lie close together in embedding 
space, whereas closely related sequences 
can occupy distinct regions that reflect 
functional specialization. This shifts the 
focus of molecular evolution in this context 
to the study of how lineages trace trajecto-
ries through this learned landscape, raising 
new questions about how to interpret and 
rigorously validate these spaces against 
the classical models based on sequence
similarity and homology inference that
have previously supported the field.

In this forum article, we argue that embed-
dings invite us to rethink what molecular 
evolution studies in practice, beyond 
sequence constraints. Instead of focusing 
solely on multiple sequence alignments 
(MSAs), we can ask how evolutionary 
processes sculpt trajectories through 
embedding space, ho w gene duplication
and neofunctionalization appear in this
representation, and where classical
concepts hold or fail under this new lens
(see Box 1). For instance, Shaw et al. [1] 
used pLM embeddings to test the 
ortholog conjecture and found no clear 
difference in embedding similarity between 
one-to-one orthologs and paralogs at 
equivalent sequence divergence, suggest-
ing that e mbedding space does not
straightforwardly distinguish functional
conservation from functional divergence.

Embeddings can also partly recapitulate 
phylogenetic relationships within protein 
families but show systematic deviations in 
indel-rich histories. Notably, this is also 
the regime where alignment-based 
methods a re most error-prone, leaving
open the question of which approach
better captures the true evolutionary signal
[2]. In parallel, pLMs can be sensitive to 
convergent evolution, pulling indepen-
dently evolved but functionally similar 
sequences together in embedding space 
and revealing a complex sequence basis
for convergence beyond what pairwise
identity alone can show [3]. Tools such
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Figure 1. Conceptual view of protein language model (pLM) embedding spaces in molecular evolution. (A) An amino acid sequence is mapped by a pLM into 
a high-dimensional embedding space, depicted as a rugged landscape in which individual sequences occupy distinct positions. (B) Schematic trajectories in embedding 
space illustrate how divergence, neofunctionalization, and convergence can appear as lineages drift apart, explore novel regions, or independently approach 
similar functional neighborhoods despite distant ancestry. (C) A conserved cluster of sequences moves through embedding space via mutational steps under 
selective pressures , settling into a derived cluster that reflects both historical contingency and current adaptive constraints. This figure was created using BioRender
(https://BioRender.com/ss7y7r3).
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Box 1. A new research agenda for systematic evol utionary embedding analysis

Protein language models are already useful for annotation, homology search, and structure/function predic-
tion, but their implications for other aspects of molecular evolution, such as genome evolution and 
phylogenomics, remain largely unexplored. Recognizing that embeddin gs primarily capture the conse-
quences of evolution rather than its underlying process, we propose several key open questions:

1. Can species-level evolutionary signal be extracted from embeddings?—When we compare 
embeddings across species, do the resulting distances reflect shared ancestry or mainly structural and func-
tional similarity within protein fam ilies, and under what conditions can we meaningfully extract species-level
evolutionary signals from them?

2. How do embeddings relate to orthology and paralogy?—Can embedding distances refine or overturn 
orthology calls in large, domain-shuf fled families, and when do they better predict functional conservation than
homology or synteny?

3. What does gene repertoire evolution look like in embedding space?—How do processes such as 
gene duplication, loss, horizontal transfer, and domain rearrangement appear as trajectories or topological
features, and can we distinguish these processes geometrically?

4. Can whole-proteome embeddings act as comparative traits?—Do  the  summaries  of  a  species’ 
embedding distribution correlate with ecology, life history, genome architecture, or developmental complexity,
and can they be used for phylogenomic inference?

5. Where do classical models and embeddings disagree, and why?—In which regions of sequence 
space do explicit evolutionary models and embedding-based inferences give co nflicting answers about
homology, constraint, or convergence, and what can we learn from those disagreements?

6. Can embeddings capture evolutionary processes such as speciation, diversification, or 
adaptation?—Do they contain recognizable signatures of lineage splitting, changing diversification dynamics, 
and adaptive shifts in protein constraints, and how can these be robustly validated against independent
phylogenetic and population-genetic benchmarks?

7. How general are evolutionary patterns across different pLMs?—To what extent do evolutionary 
signals detected in the embedding space of one model architecture, training objective, layer, or dataset gener-
alize to othermodels, andwhat doesmodel-to-model variation reveal about which aspects of protein evolution
are robustly encoded versus contingent on training choices?
as FANTASIA further demonstrate that 
embedding-based similarity can be 
exploited genome-wide to annotate the 
‘dark proteome’ across the animal tree of 
life, offering a practical glimpse o f how
these spaces can be used to study gene
and genome evolution at scale [4,5]. 
Embracing embeddings alongside tradi-
tional approaches can both shed new 
light on how proteins explore evolutionary 
space and help al leviate long-standing
limitations of classical methods.

A learned, context-dependent 
coordinate system for protein
evolution
Although pLM embeddings were initially 
difficult to interpret, they are now increas-
ingly amenable to explanation and offer a
way to overcome many of the constraints 
of the traditional MSA-based framework 
used to study molecular evolution. MSAs 
remain essential for computing sequence 
profiles, building evolutionary models, 
and informing 3D structure prediction, 
but the parametric models traditionally 
applied to them rely on simplifying 
assumptions (such as site independence
and context-free substitution) that may
fail to capture higher-order dependencies
present in protein evolution [6]. Alongside 
the direct use of embeddings, a comple-
mentary route is to exploit pLMs as 
structure predictors (e.g., tools such as 
ESMFold can gene rate atomic-resolution
models at genomic scale without MSAs
[7]), opening the door to structure-based 
evolutionary ana lyses, such as structural
phylogenetics, that were previously limited 
to proteins with experimentally determined 
structures. In an alignment-free context as 
provided by pLMs, nearby points in 
embedding space tend to share physico-
chemical properties, secondary and tertiary 
structure, and often broad functional roles, 
even when sequence identity is low, such 
as in many intrinsically disordered proteins. 
This reflects a key difference from classical 
parametric models: instead of assuming a 
single context-free substitutio n process,
the model learns how a mutation’s fate
depends on its structural and functional
environment.

For evolutionary biologists, a useful mental 
model is that embeddings locate 
sequences within a learned, context-
dependent latent space, which could 
eventually be turned into an explicit coordi-
nate system once appropriate quantitative 
axes and reference points are defined. 
Importantly, proximity in embedding 
space primarily reflects shared structural 
a nd functional patterns rather than evolu-
tionary relatedness per se; pLMs have no
mechanism for tracking the historical
sequence of mutations that produced
current proteins [1]. This means that 
embedding similarity and phylogenetic 
distance can diverge, especially at fine 
scales where even single amino acid 
changes can su bstantially alter represen-
tations [1,2]. Recognizing this distinction 
(that embeddings capture the conse-
quences of evolution rather than its 
process) is essential if we are to use them 
rigorously for evolutionary inference. In 
this view , evolutionary change becomes
motion: lineages trace trajectories as
sequences diverge, duplicate, and
specialize (Figure 1B). This idea has been 
partially realized by the ‘evolutionary
velocity’ framework [8],  which  uses  pLM  
predictions of local mutational preferences 
to construct a vector field of protein evolu-
tion, recovering directional trajectories 
across timescales from viral immune
escape to the diversification of eukaryotic
Trends in Genetics, Month 2026, Vol. xx, No. xx 3
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protein families. Gene duplication followed 
by neofunctionalization may appear as a 
branch peeling away from an ancestral 
cluster, and convergent evolution as 
distant branches that nonetheless bend 
toward the same functional region of the
space (Figure 1B). Importantly, these 
coordinates are learned directly from the 
distribution of natural sequences, not 
imposed by alignment-based constraints. 
That makes embeddings both powerful 
and imperfect: because they can identify 
very complex patterns, they can recover 
relationships that are invisible to 
constrained, context-free alignment 
models, especially in the ‘twilight zone’ or 
across deeply diverged lineages. Yet, they 
also inherit the sampling biases and blind
spots of current sequence databases.
pLMs are known to be biased by unequal
species representation in their training
data [9], and phylogenetic imbalances can 
distort the geometry of the very embedding 
spaces we propose to study [1,10].  It  is
also important to recognize that protein 
embeddings are not data: they are 
constructions derived from data, shaped 
by the model architecture, training objec-
tive, and composition of the training set. 
Different pLMs, trained with masked 
language modeling, autoregressive, or 
contrastive objectives, and on datasets of 
varying taxonomic breadth, can produce 
embedding spaces with meaningfully 
different geometries. This raises a critical 
question of generality, as evolutionary 
patterns detected in the embedding 
space of one model may not hold across 
architectures, and cross-model compari-
sons will be essential before drawing
robust evolutionary conclusions from any
single model. Recognizing and correcting
these biases is therefore a prerequisite for
any systematic evolutionary analysis of
embedding landscapes.

From black box to evolution arymap
If embeddings provide us with a powerful, 
context-dependent latent space with the 
potential to be converted into a coordinate
4 Trends in Genetics, Month 2026, Vol. xx, No. xx
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system, they also confront us with an 
important limitation: we do not yet know 
how to read the axes. We see that similar 
proteins cluster and that evolutionary rela-
tionships leave recognizable patterns, but
we rarely know which directions corre-
spond to specific biophysical, structural,
or functional changes [2,11].  In  tha
sense, pLMs are not just black boxes 
that make predictions; they are black 
boxes that have already summarize d
protein evolution for us, and we do not
yet understand the summary [12,13]. 

We argue that this is not a fatal flaw but 
rather the central opportunity for the coming 
years. Rather than treating embeddings as 
magic features that improve similarity 
search, we should treat them as empirical 
objects to be interrogated with the full toolkit 
of molecular evolution and quantitative 
genetics. At the level of individual proteins, 
this task means asking which geometric 
and statistical properties of embedding 
space correspond to known constraints on 
protein-coding genes. At the level of wh ole
proteomes, it suggests treating sets of
embeddings as high-dimensional traits that
describe a species’ protein repertoire and
can themselves evolve, covary across line-
ages, and come under selection.

We see this as a concrete research 
agenda for evolutionary embedding analy-
sis. First, we need to map the landscape 
by systematically probing embedding 
spaces across different model architec-
tures, training objectives, and datasets to 
identify which biochemical, structural, 
and evolut ionary properties are encoded
where, focusing on increasing
explainability [14].  Second,  we  shoul  
study evolutionary paths in this space: 
sequences of embeddings that connect 
related proteins or proteomes, and ask 
which types of mutational changes and
selection pressures could generate the
observed changes along these paths [8] 
(Figure 1C). Third, we must bridge back to 
parameters by translating th e pattern of
nearby points around a sequence 
in embedding space into context-
dependent propensities for mutations to 
occur and persist, so that embeddings 
inform and refine, rather than repla ce, inter-
pretable evolutionary models [2,6,11].  If
embedding spaces do encode intrinsic 
evolutionary information, then analyzing 
them as evolving traits in their own right, 
rather than as a mere aid to sequence 
search, s hould become a central goal of
molecular evolution.

A new synthesis, not just a new tool
pLMs do not make classical molecular 
evolution obsolete, but they change what 
is possible when the two are combined. 
A phylogeneticist armed only with a pLM 
is like a geographer armed only with a 
detailed but unlabeled satellite image: the 
view is rich and continuous, but without 
the proper knowledge to read it, it is diffi-
cult to know what any given feature
means. Embeddings give us a new picture
of protein evolution, yet they still need the
interpretability and hypothesis-testing
framework that decades of molecular
evolution methods provide.

The most exciting future lies in treating this 
relationship as a two-way street. On one 
hand, embeddings can do more than 
quietly assist existing pipelines; they can 
act as informative, context-aware priors 
that reshape how we set up evolutionary 
models, from which substitutions we 
consider plausible to which regions of 
sequence space we even bother to 
explore. On the other hand, traditional 
tools should not be relegated to post hoc 
validation but used extensively to interro-
gate what pLMs have learned: signals of 
positive selection, shifts in site-specific
rates, or changes in constraint can be
projected onto the latent landscape to
reveal where, and perhaps why, the
model’s view of evolution aligns with or
departs from our theories. This two-way
exchange extends naturally to generative
protein design, where models such as
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ESM-C can produce functional sequences 
far from any natural homolog [15];  if  embed-
dings encode evolutionary constraints, then 
the proteins these models generate should 
respect them, making generative design 
itself a test of the evolutionary structure 
pLMs have learned. Notably, the explicit 
incorporation of MSA-derived evolutionary 
information into modern pLMs does not 
generally improve and can even decrease 
performanc e on standard prediction tasks,
suggesting that these models have already
absorbed much of the signal that MSAs
capture [6]. However, this finding does not 
make classical evolutionary tools redun-
dant. MSAs and parametric models miss 
important aspects of evolution, such as 
epistatic interactions between sequence-
distant positions, domain shuffling, and 
saturation, while pLMs encode these 
effects only implicitly and with unknown 
bias. The question is therefore not whether 
pLMs ‘need’ MSAs, but how explicit evolu-
tionary models and comparative genomics 
can be used to test, interpret, and correct 
the evolutionary structure that pLMs have 
learned. It is worth noting that standard 
pLMs are trained with objectives, such as 
masked language modeling, that do not 
explicitly optimize for evolutionary signal, 
meaning that any evolutionary information 
retained in the embeddings is an emergent 
byproduct rather than a design goal, and 
some evolutionarily informative variation 
may have been lost or distorted in the 
process. This motivates two complemen-
tary st rategies. The first, which we advocate
throughout this piece, is to interrogate
existing pLMs with evolutionary tools to
determine how much evolutionary signal
has been retained and where it resides.
The second, potentially more powerful in
the long run, is to design new pLMs
whose training objectives explicitly
incorporate evolutionary structure, for
example, by training on phylogenetically
balanced datasets, using site-specific
evolutionary rates as auxiliary supervi-
sion, or incorporating comparative
genomic signals. Fine-tuning existing 
models on evolutionarily structured 
tasks represents a practical intermediate 
path. These approaches are not mutually 
exclusive, as probing existing models can 
reveal which aspects of evolutionary 
information are systematically lost, 
directly info rming the design of evolution-
arily aware architectures.

Seen this way, pLMs offer a new lens on 
protein evolution that is richer than what 
we can encode in a single rate matrix, 
but they are not a replacement for explicit 
models or careful inference. Our 
community’s task is not to stand before 
these learned landscapes in a mix of admi-
ration and apprehension but to develop 
the conceptual and methodological tools 
needed to explore and map them and to 
integrate their ins ights with everything we
have learned from half a century of molec-
ular evolution. The journey to understand
how protein sequences evolve has not
ended; it has acquired a new compass.
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