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Simulating 500 million years of evolution with a

language model
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More than 3 billion years of evolution have produced an image of biology encoded into the space of
natural proteins. Here, we show that language models trained at scale on evolutionary data can generate
functional proteins that are far away from known proteins. We present ESM3, a frontier multimodal
generative language model that reasons over the sequence, structure, and function of proteins. ESM3
can follow complex prompts combining its modalities and is highly responsive to alignment to improve
its fidelity. We have prompted ESM3 to generate fluorescent proteins. Among the generations that

we synthesized, we found a bright fluorescent protein at a far distance (58% sequence identity) from
known fluorescent proteins, which we estimate is equivalent to simulating 500 million years of evolution.

he proteins that exist today have devel-

oped into their present forms over the

course of billions of years of natural evo-

lution, passing through a vast evolutionary

sieve. In parallel experiments conducted
over geological time, nature creates random
mutations and applies selection, filtering pro-
teins by their myriad sequences, structures,
and functions.

As a result, the patterns in the proteins that
we observe today reflect the action of the deep
hidden variables of the biology that have shaped
their evolution across time. Gene sequencing
surveys of Earth’s natural diversity are catalog-
ing the sequences (I-3) and structures (4, 5) of
proteins, containing billions of sequences and
hundreds of millions of structures that illu-
minate patterns of variation across life. A con-
sensus is developing that underlying these
sequences is a fundamental language of pro-
tein biology that can be understood using lan-
guage models (6-11).

A number of language models of protein se-
quences have now been developed and eval-
uated (5-10, 12-17). It has been found that
the representations that emerge within lan-
guage models reflect the biological structure
and function of proteins (6-8, 18) and are
learned without any supervision on those prop-
erties (19, 20), improving with scale (5, 2I).
In the field of artificial intelligence, scaling
laws have been found that predict the growth
in capabilities with increasing scale, describ-
ing a frontier in compute, parameters, and
data (22-24).

Here, we present ESM3, a frontier multi-
modal generative model that reasons over the
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sequences, structures, and functions of pro-
teins. ESM3 is trained as a generative masked
language model over discrete tokens for each
modality. Structural reasoning is achieved by
encoding three-dimensional (3D) atomic struc-
ture as discrete tokens rather than with the
complex architecture and diffusion in 3D space
used in recent predictive (25) and generative
models (26-28) of proteins. All-to-all modeling
of discrete tokens is scalable and allows ESM3
to be prompted with any combination of its
modalities, thus enabling the controllable gen-
eration of proteins that respect combinations
of prompts. We observed that ESM3 is highly
responsive to prompts and finds creative solu-
tions to complex combinations of prompts, in-
cluding solutions for which we can find no
matching structure in nature. Models at all
scales can be aligned to better follow prompts,
and larger models are far more responsive to
alignment, showing greater capability to solve
the most difficult prompts after alignment.
Using ESM3, we report the generation of a var-
iant of green fluorescent protein (GFP) (29, 30)
that is diverged from existing proteins to a
degree equivalent to simulating >500 million
years of evolution.

ESM3

ESMS3 achieves a scalable generative model of
the three fundamental properties of proteins,
sequence, structure, and function, through lan-
guage modeling. Previous generative model-
ing efforts for proteins have focused primarily
on individual modalities, leveraging complex
architectures and training objectives for struc-
tures that represent proteins as 3D objects. To
date, the only language models that have been
scaled are for protein sequences. In ESM3,
sequence, structure, and function are repre-
sented through alphabets of discrete tokens.
The modalities are input and output as sep-
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arate sequence tracks that are fused into a
single latent space within the model. This sim-
plicity enables ESM3 to leverage a scalable
transformer architecture to train up to 98 bil-
lion parameters and more than one trillion
teraflops of compute, demonstrating the em-
ergence of complex reasoning capabilities over
sequence, structure, and function.

ESM3 is trained with a generative masked
language modeling objective across all its tracks
as described by the following equation:

1
L=—Bym— E log p(a;|@\ )
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A random mask m is applied to the tokens x
describing the protein, and the model is super-
vised to predict the identity of the tokens that
have been masked. During training, the mask
is sampled using a noise schedule that varies
the fraction of positions that are masked so
that ESM3 sees many different combinations
of masked sequence, structure, and function
and predicts completions of any combination
of the modalities from any other. This differs
from classical masked language modeling (31)
in that the supervision is applied across all pos-
sible masking rates rather than to a single fixed
masking rate. This supervision factorizes the
probability distribution over all possible predic-
tions of the next token given any combination
of previous tokens, thus ensuring that tokens
can be generated in any order from any starting
point (32-34).

To generate from ESM3, tokens are itera-
tively sampled. Starting from a fully or partially
masked context, tokens can be sampled one at
a time or in parallel and in any order until all
positions are fully unmasked (Fig. 1A). In addi-
tion to enabling generation, ESM3’s training
objective is also effective for representation
learning. High masking rates improve the gen-
erative capability, whereas lower masking rates
improve representation learning. We chose to
train ESM3 with a noise schedule that balances
generative capabilities with representation learn-
ing (supplementary materials, section A.2.2).

ESMB3 is a bidirectional transformer. Sequence,
structure, and function tokens are embedded
and fused at the input and then processed
through a stack of transformer blocks (Fig. 1B).
At the output of the model, shallow multilayer
perceptron heads project the final layer repre-
sentation into token probabilities for each of
the tracks. ESM3 uses tokenization, rather than
specialized architectural components, to repre-
sent the complexity of proteins in a learned
multimodal feature space. This approach en-
ables efficient and highly scalable training.

Protein structures are tokenized by a dis-
crete autoencoder (35) that is trained to com-
press 3D structure into discrete tokens (Fig.
1C). We propose an invariant geometric at-
tention mechanism to efficiently process the
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Fig. 1. ESM3 is a generative language model that reasons over the sequence,
structure, and function of proteins. (A) Iterative sampling with ESM3.
Generation of an alpha/beta hydrolase. Sequence, structure, and function

can all be used to prompt the model. At each timestep t, a fraction of the
masked positions are sampled until all positions are unmasked. (B) ESM3
architecture. Sequence, structure, and function are represented as tracks of
discrete tokens at the input and output. The model is a series of transformer
blocks in which all tracks are fused within a single latent space. Geometric
attention in the first block allows conditioning on atomic coordinates. ESM3 is
supervised to predict masked tokens. (C) Structure tokenization. Local

3D structure. The mechanism operates in local
reference frames defined by the bond geome-
try at each amino acid and allows local frames
to interact globally through a transformation
into the global frame (supplementary materials,
section A.1.6). The local structural neighbor-
hoods around each amino acid are encoded
into a sequence of discrete tokens, one for each
amino acid.

‘When predicting or generating protein struc-
ture, the structure tokens output by ESM3 are
passed through the decoder, which reconstructs
the full atomic structure. The autoencoder is
trained to encode and reconstruct atomic co-
ordinates with a geometric loss that supervises
the pairwise distances and relative orientations
of bond vectors and normals (supplementary
materials, section A.1.7.3.1). This tokenization
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delivers nearly perfect reconstruction of pro-
tein structure [<0.5 A root mean square differ-
ence (RMSD) using CAMEQ; fig. S3].
Because the local neighborhoods of each
structure token contain information about
neighboring parts of the structure, we also
provided the model with a mechanism to con-
dition on backbone atomic coordinates direct-
ly through geometric attention in the first
transformer block. To support higher-level
abstractions of structure, we included tracks
for secondary structure (SS8) tokens and sol-
vent accessible surface area (SASA) tokens.
Key words describing biological activity, such
as binding, enzymatic function, and domain
or fold classifications allow an even higher-
level semantic description of protein archi-
tecture and function. Derived from free-text
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atomic structure around each amino acid is encoded into tokens. (D) Models
are trained at three scales: 1.4B, 7B, and 98B parameters. Negative log-
likelihood (averaged across mask rates) on test set as a function of training
FLOPs shows response to conditioning on each of the input tracks, improving
with increasing FLOPs (95% confidence interval). (E) Unconditional gen-
erations from ESM3 98B (colored by sequence identity to the nearest
sequence in the training set), embedded by ESM3, and projected by uniform
manifold approximation and projection (UMAP) alongside randomly sampled
sequences from UniProt (in gray). Generations are diverse, high-quality,

and cover the distribution of natural sequences.

descriptions in InterPro (36) and Gene Ontol-
ogy (GO) terms for each residue, these key
words are tokenized (supplementary mate-
rials, section A.1.8), embedded, and summed
at the network input. Residue-level annota-
tions provide multi-hot labeling of the func-
tions of individual residues, such as catalytic
sites and posttranslational modifications (sup-
plementary materials, section A.1.8.3).

The largest ESM3 model is trained on 2.78 bil-
lion natural proteins collected from sequence
and structure databases (2, 36-39). Because a
small fraction of structures have been exper-
imentally determined relative to sequences,
we leveraged predicted structures (4, 5). Se-
quences were annotated with function key
words using a library of hidden Markov mod-
els (40). We also generated synthetic sequences

2 of 9

G202 ‘Y0 JBOUWIBAON UO auuesre ] 4d3 e BI0°80us 105 MMM//:SANY WO | Papeo lumMod



RESEARCH | RESEARCH ARTICLE

with an inverse folding model (supplementary
materials, section A.2.1.3) for all structures,
including predicted ones. Overall, this in-
creases training data to 3.15 billion protein
sequences, 236 million protein structures, and
539 million proteins with function annota-
tions, totaling 771 billion unique tokens. Full
details of the training dataset are described in
the supplementary materials, section A.2.1.
We trained ESM3 models at three scales:
1.4, 7, and 98 billion parameters (1.4B, 7B, and
98B, respectively). In an initial series of ex-
periments to evaluate representation learning
performance in response to architecture hy-
perparameters, we found a greater response
to increasing depth than to width. This be-
havior informed the choice of relatively deep
networks for the final architectures, with

the 98B-parameter model incorporating 216
transformer blocks (supplementary materials,
section A.1.5).

Scaling ESM3 from 1.4B to 98B parameters
results in substantial improvements in the loss
for all tracks on the test set, with the greatest
improvements observed in sequence loss (Fig.
1D and fig. S11). The gap between uncondi-
tional and conditional negative log-likelihoods
increases with scale. Conditioning on function
keywords primarily constrains sequence at
high masking rates, so although responsive-
ness to key word conditioning is observed at
high mask rates, it is less apparent in the aver-
aged negative log-likelihood (fig. S12). These
gains in test loss lead to better representa-
tion learning (table S8 and fig. S8). In single
sequence structure prediction, ESM3 98B sur-
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passes ESMFold [0.880 versus 0.861 mean local
distance difference test (LDDT) by the CAMEO
test set; table S9). Generating sequences from
the model without prompting (unconditional
generation) produces high-quality proteins with
a mean predicted LDDT (pLDDT) of 0.84 and
a predicted template modeling score (pTM)
of 0.52, which are diverse in both sequence
(mean pairwise sequence identity 0.155) and
structure (mean pairwise TM score 0.48), span-
ning the distribution of known proteins (Fig.
1E and fig. S14).

Our results show that scaling with language
modeling, which is enabled by tokenization,
efficient architectures, and masked token
prediction, yields continued improvements in
both representational and generative applica-
tions. This approach allows the model to build
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of combinations of complex prompts. We show compositions of atomic-level

from each of its input tracks. Density of faithfulness to prompting for each of the
tracks is shown. Generations achieve consistency with the prompt (backbone
cRMSD, SS3 accuracy, SASA Spearman p, and key word recovery) and high
structure prediction confidence (pTM). (B) ESM3 can be prompted to generate
proteins that differ in structure (left) and sequence (right) from the training set
and natural proteins. Prompted generations (blue) shift toward a more novel
space versus unconditional generations (red) in response to prompts derived
from out-of-distribution natural structures (top) and computationally designed
symmetric proteins (bottom). (C) ESM3 generates creative solutions to a variety
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motifs with high-level instructions specified through key words or secondary
structure prompts. Fidelity to the prompt is shown through similarity to a
reference structure (for key word prompts) and all-atom RMSD (for motif
prompts). Solutions differ from the scaffolds where the motif prompt was derived
(median TM score 0.36 + 0.14), and for many motifs (e.g., serotonin, calcium,
protease inhibitor, and Mcl-1 inhibitor binding sites), we could find no significant
similarity to other proteins that contain the same motif. (D) Example of especially
creative behavior. ESM3 compresses a serine protease by 33% while maintaining the
active site structure.
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a shared multimodal representation space that
is learned from the data rather than being ex-
plicitly hardcoded into its architecture. Given
increasing compute and data, the model could
learn an increasingly richer and more general
feature space. In the following sections, we
show that this approach achieves high fidelity
for the controllable generation of proteins.

Programmable design with ESM3

We explored the ability of ESM3 to follow
complex prompts with different compositions.
ESMS3 can be prompted with instructions from
each of its input tracks: sequence, structure
coordinates, SS8, SASA, and function key
words. This allows prompts to be specified at
multiple levels of abstraction, from atomic-
level structure to high-level key words describ-
ing the function and fold topology.

We evaluated ESM3'’s ability to follow prompts
in each of the tracks independently (Fig. 2A). A
set of prompts are constructed for each of the
tracks using a temporally held out test set of
natural proteins (supplementary materials, sec-
tion A.3.8). The resulting generations are eval-
uated using ESMFold for consistency with the
prompt and confidence of structure prediction
(pTM). We defined four consistency metrics for
each track: (i) constrained site RMSD (cRMSD),
the RMSD between the coordinates of the
prompt, i.e., the positions of the backbone
atoms, and the corresponding coordinates in
the generation; (ii) SS3 accuracy, the fraction
of residues where three-class secondary struc-
ture between the prompt and generations
match; (iii) SASA Spearman p, the correlation
between the SASA prompt and the correspond-
ing region of the generation; and (iv) key word
recovery, the fraction of prompt key words
recovered by InterProScan (40). Across all
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tracks, the 7B parameter ESM3 finds solutions
that follow the prompt and have structures
that are confidently predicted by ESMFold
(PTM > 0.8). Some mode switching is observed,
including under key word prompting, where a
fraction of the generations have confidently
predicted structures that do not recover the
key words.

Unconditional generations reflect the dis-
tribution of natural proteins. Because we ob-
served that ESM3 can faithfully follow prompts,
we reasoned that prompting could steer the
model to generate proteins that differ from the
training set and natural proteins. First, we
tested the ability of the model to follow out-of-
distribution prompts. We constructed a set of
prompts combining SS8 and SASA from held-
out structures (TM <0.7 to training set). Under
these prompts, although the model continues
to generate coherent globular structures (mean
pTM 0.85 + 0.03 under ESM3 7B; supplemen-
tary materials, section A.3.9), the distribution
of similarities to the training set (as measured
by TM score and sequence identity) shifts to
be more novel (average sequence identity to
nearest training set protein <20% and mean
TM score 0.48 + 0.09; Fig. 2B, top). To test
the ability to generalize to structures beyond
the distribution of natural proteins, we used
secondary structure prompts derived from a
dataset of artificial symmetric protein designs
distinct from the natural proteins found in the
training dataset (supplementary materials,
section A.3.9). Similarly, ESM3 produces high-
confidence generations (pTM > 0.8, pLDDT >
0.8) with low sequence and structure sim-
ilarity to proteins in the training set (sequence
identity <20% and TM score 0.52 + 0.10; Fig.
2B, bottom), indicating that the model can
be used to generate protein sequences and

structures highly distinct from those that exist
in nature.

ESM3 is able to follow complex prompts
and has the ability to compose prompts from
different tracks and at different levels of ab-
straction. To evaluate this ability, we promp-
ted ESM3 with motifs that require solving for
spatial coordination of individual atoms, in-
cluding atoms participating in tertiary con-
tacts between residues far apart in the sequence,
such as catalytic centers and ligand-binding
sites. We combined the atomic-level motif
prompts with high-level prompts, either sec-
ondary structure prompts or key word prompts
that specify the fold architecture. For each
unique combination of atomic-level motif and
high-level prompt, we generated sequences until
there was a success (for atomic-level prompts,
when all-atom RMSD <15 A; for fold architec-
ture key word prompts, when TM was >0.6 to a
representative structure; for secondary structure
prompts, when SS3 accuracy was >80%; and for
all prompts, when pTM was >0.8 and pLDDT
was >0.8 for the entire generated protein).

We found that ESM3 is able to solve a wide
variety of such tasks (Fig. 2C). It does so with-
out retrieving the motif’s original scaffold (me-
dian TM score of 0.40 + 0.10; supplementary
materials, section A.3.10). In some cases, the
scaffolds are transferred from existing proteins
that have similar motifs (for example, the
ESM3-designed alpha-helical scaffold for the
zine-binding motif has high similarity to Ni**-
binding proteins, PDB: 5DQW, 5DQY; Fig. 2C,
row 3, column 1). For many motifs (e.g., binding
sites for serotonin, calcium, protease inhib-
itor, and Mcl-1 inhibitor), Foldseek (41) finds no
other proteins that contain the same motif. In
these cases, we observed that sometimes the
motif has been grafted into entirely different

B Base
mmm Finetuned

98B

Model

Fig. 3. The ability to solve complex tasks increases with scale through
alignment. ESM3 was aligned to follow tertiary coordination prompts with a
dataset of preference pairs constructed from prompted generations, where
positive samples with good scores for desired properties (high pTM, low cRMSD)
are paired with negative samples with worse scores. The preference tuning loss
encourages the model to put higher likelihood on the positive samples. After
training, models are evaluated by prompting with the backbone atomic
coordinates of residues in tertiary contact. (A) Effect of fine-tuning on the
fraction of tasks solved with 128 generations (Pass@128; error bars indicate
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200 5 10 20 5 10 20 5 10 20 5 10 20 5 10 20

cRMSD (&)

2 SDs). A large gap opens between the models with scale. The response to
alignment shows a latent capability to solve complex tasks in the largest model.
(B) Number of distinct solutions (clustered at TM > 0.8) generated for each
tertiary motif. After fine-tuning, there are often many unique solutions for ligands
where there are successes. (C) Densities of prompted generations are shown
for the base model (left) and the aligned model (right) at the 98B scale for

a number of randomly selected ligands. After alignment, the fidelity to the
prompt (backbone cRMSD) and quality of generations (pTM) tends to improve
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folds (e.g., a protease inhibitor binding site mo-
tif in a beta-barrel that is most similar to a
membrane-bound copper transporter, PDB:
7PGE,; Fig. 2C, row 3, column 3). At other times,
the scaffold has low structural similarity to all
known proteins in the PDB, ESMAtlas, and
AlphaFold databases (maximum TM score <0.5;
Fig. 2C, row 4, column 1), such as for an alpha/
beta protein designed to scaffold the Mcl-1 in-
hibitor binding motif. Overall, the generated
solutions have high designability, i.e., confi-
dent recovery of the original structure after
inverse folding with ESM-IF1 (42) and refold-
ing with ESMFold (median pTM 0.80 + 0.08;
scTM 0.96 + 0.04; supplementary materials,
section A.3.10).

Through experiments with prompt engi-
neering, we have observed especially creative
responses to prompts. Here, we highlight an
example of protein compression (Fig. 2D). Start-
ing from a natural trypsin (PDB 1Y3V), we
prompted with the sequence and coordinates
of the catalytic triad and functional key words
describing trypsin but reduced the overall
generation length by a third (from 223 to
150 residues). The ESM3 design maintains the
coordination of the active site (all-atom RMSD
0.73 A) and the overall fold with high design-
ability (pTM 0.84,, scTM mean 0.97, SD 0.006)
despite the considerable reduction in sequence
length and the fold only being specified by the
function key word prompt (supplementary
materials, section A.3.11).

These examples illustrate ESM3'’s ability to
find creative solutions to prompts specified in
any of its input tracks, individually or in com-
bination. This capability enables a rational ap-
proach to protein design, providing control at
various levels of abstraction, from high-level
topology to atomic coordinates, using a gen-
erative model to bridge the gap between the
prompt and biological complexity.

Biological alignment

Although we have observed meaningful in-
creases in the performance of the base models
with scale, larger models could have even
greater latent capabilities that we did not ob-
serve. The base ESM3 models can be promp-
ted to perform difficult tasks such as tertiary
motif scaffolding and composition of prompts
despite the fact that the models have not been
explicitly optimized for these objectives. Be-
cause the properties that we evaluated genera-
tive outputs on, such as adherence to the prompt
or the confidence of the scaffold, are only seen
by the model indirectly during pretraining,
aligning the model directly to the generative
task with fine-tuning could elicit even greater
capability differences with larger models.

We studied how the base models could be
aligned (43, 44) to generate proteins that
satisfy challenging prompts. For each model,
we constructed a dataset of backbone atomic

Hayes et al., Science 387, 850-858 (2025)

coordinate prompts consisting of contiguous
spans of residues and tertiary motifs (which
also specify the identities of the contacting
amino acids). We generated multiple protein
sequences for each prompt and fold each of
the sequences using ESM3, scoring for con-
sistency with the prompt (backbone cRMSD)
and structure prediction confidence (pTM).
High-quality samples were paired with low-
quality samples for the same prompt to con-
struct a preference dataset (supplementary
materials, section A.4). ESM3 was then fine-
tuned with a preference optimization loss
(45, 46), which causes the model to put higher
likelihood on the high-quality samples relative
to the low-quality samples.

After aligning each of the base models, we
evaluated their absolute performance and the
shift in the distribution of generations. We fo-
cused on a series of challenging prompts that
require coordination of the backbone atoms of
residues in tertiary contact. We used ESMFold
to evaluate the ability to generate high-quality
scaffolds (pTM >0.8) that follow the prompt
with high resolution (backbone cRMSD <1.5A).
We prompted each model with amino acid
identities and backbone atomic coordinates
from a held-out dataset of 46 ligand-binding
motifs (supplementary materials, section A.4.5).
For each motif, we created 1024 prompts by
permuting the order of the residues, varying
their position in the sequence, and varying the
length of the sequence. A single protein was
generated per prompt. The 1024 generations
for each motif were used to construct an un-
biased estimator of the fraction of tertiary
coordination tasks solved after 128 genera-
tions (Pass @128; supplementary materials, sec-
tion A.4.5).

Aligned models solve double the tertiary co-
ordination tasks compared with base models
(Fig. 3A). Although the base models show dif-
ferences in the percentage of tasks solved
(9.5% for 1.4B, 19.0% for 7B, 26.8% for 98B;
Fig. 3A), a much larger capability difference
was revealed through alignment (increasing
from 9.5 to 18.8%, 19.0 to 37.4%, and 26.8 to
65.5% for the 1.4B, 7B, and 98B models, re-
spectively). Preference-tuned models not only
solve a greater proportion of tasks, but also
find a greater number of solutions per task, as
evaluated by the number of distinct structural
clusters (TM >0.8) with backbone cRMSD
<1.5A and pTM >0.8 (Fig. 3B). A shift in the
distribution of ESMFold pTM and backbone
cRMSD for each ligand binding motif was ob-
served (Fig. 3C and fig. S18). At the 98B scale,
the fine-tuned model produced more distinct
successful clusters than the base model on 37
of the 46 tested ligands, whereas the remain-
ing nine ligands were not solved by either the
base or aligned model, indicating that align-
ment almost universally improves the faith-
fulness to the prompt and confidence of the
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structure prediction for the generated proteins.
These results represent state-of-the-art motif
scaffolding performance (table S16). Compared
with a supervised fine-tuning baseline, which
only maximizes the likelihood of the positive
examples, preference tuning leads to larger
improvements at all scales (supplementary
materials, section A.4.6).

Our experiments with alignment reveal a
considerable difference in capabilities between
model scales. The largest aligned model im-
proves substantially relative to the base model
before alignment and compared with the smaller
models after alignment. Through alignment,
the models learn to generalize from a small
number of examples; the distribution of gen-
erations shifts to improve the quality of scaf-
folds and consistency with prompts, thus
increasing the fraction of tasks solved and the
number of distinct solutions.

Alignment requires the models to learn by
example. The ability to identify the underly-
ing properties that are illustrated by the fine-
tuning examples, and to generalize those
demonstrations to new tasks, implies that
there is an internal representation of the prop-
erties that the fine-tuning accesses. This repre-
sentation space is learned through the process
of pretraining, in which the model is trained
on proteins across evolution, suggesting that it
reflects and contains the immense variety and
complexity of protein biology. Such a repre-
sentation space is likely to contain features
that support the generalization of many bio-
logical properties. The greater responsiveness
of larger models to alignment suggests that
their internal representation space better ap-
proximates those underlying properties, which
is evidence of a deep capability for transfer
through the features learned in pretraining
that improves with scale.

Generating a distant fluorescent protein

We sought to understand whether the base-
pretrained ESM3 model has sufficient biolog-
ical fidelity to generate functional proteins.
We set out to create a functional GFP with low
sequence similarity to existing ones. We chose
the functionality of fluorescence because it is
difficult to achieve, easy to measure, and one
of the most beautiful mechanisms in nature.

Proteins in the GFP family are responsible
for the fluorescence of jellyfish and the vivid
colors of coral (47), and are unique in their
ability to form a fluorescent chromophore with-
out cofactors or substrates (30). This property
allows the GFP sequence to be inserted into
the genomes of other organisms to visibly label
molecules, cellular structures, or processes, pro-
viding a foundational toolkit that has been
broadly applied across the biosciences.

The GFP family has been the subject of dec-
ades of protein engineering efforts, but by far
most of the known sequence diversity of GFPs
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Fig. 4. Generating a distant fluorescent protein with a chain of thought.
(A) We prompted ESM3 with the sequence and structure of residues required
for forming and catalyzing the chromophore reaction, as well as the structure
of part of the central alpha helix from a natural GFP (left). Through a chain of
thought, ESM3 generates design candidates (right). (B) ESM3 found a bright
GFP distant from other known GFPs in two experiments. We measured
fluorescence in Escherichia coli lysate. Top row, photograph of plates. Bottom row,
plate reader fluorescence quantification. Positive controls of known GFPs are
marked with blue circles, and negative controls with no GFP sequence or no

E. coli are marked with orange circles. In the first experiment (left), we expressed
designs with a range of sequence identities. A notable design with low sequence
identity (57%) to known fluorescent proteins appears in the well-labeled B8
(highlighted by a black circle at the bottom and a white circle at the top). We
continued the chain of thought from the protein in B8 for the second experiment
(right). A bright design appears in the well-labeled C10 (58% sequence identity

Hayes et al., Science 387, 850-858 (2025) 21 February 2025

Sequence Identity

to known fluorescent proteins; again, highlighted by a black circle at the bottom
and a white circle at the top), which we designate esmGFP. (C) esmGFP exhibits
fluorescence intensity similar to common GFPs. Normalized fluorescence is
shown for a subset of proteins in experiment 2. (D) Excitation and emission
spectra for esmGFP overlaid on the spectra of EGFP. (E) Two cutout views of the
central alpha helix and the inside of the beta barrel of a predicted structure of
esmGFP. The 96 mutations that esmGFP has relative to its nearest neighbor,
tagRFP, are shown in blue. (F) Cumulative density of sequence identity between
fluorescent proteins across taxa. esmGFP has the level of similarity to all

other FPs that is typically found when comparing sequences across orders but
within the same class. (G) Evolutionary distance by time in millions of years
(MY) and sequence identities for three example anthozoan GFPs and esmGFP.
(H) Estimator of evolutionary distance by time (MY) from GFP sequence identity.
We estimate that esmGFP is >500 million years of natural evolution removed
from the closest known protein.
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has come from prospecting the natural world,
because protein engineering efforts have for
the most part explored only a few mutations
starting from naturally fluorescent sequences.
Rational design and mutagenesis have yielded
GFP sequences with improved properties, such
as higher brightness or stability or differently
colored variants, that incorporated small num-
bers of mutations (typically five to 15 of the
total 238 amino acid coding sequence). In a few
cases, leveraging high-throughput experimen-
tation and machine learning, scientists have
been able to introduce up to 40 to 50 muta-
tions (i.e., 80% sequence identity) while retain-
ing fluorescence (48-50).

Generating an engineered GFP with consid-
erable sequence distance from natural variants
would require materialization of the complex
biochemistry and physics that underlie its
fluorescence. In all GFPs, an autocatalytic pro-
cess forms the chromophore from three key
amino acids in the core of the protein. The
structure of GFP, a kinked central alpha helix
surrounded by an 11-stranded beta barrel with
inward-facing coordinating residues, enables
this reaction (51). Once formed, the chromo-
phore must not just absorb light but also emit
it to be fluorescent. Light emission is highly
sensitive to the local electronic environment of
the chromophore. The fitness landscape of GFP
reflects the precise configuration of both the
active site and the surrounding tertiary inter-
actions required to achieve its function, be-
cause a few random mutations are sufficient
to reduce fluorescence to zero (48, 52).

In an effort to generate GFP sequences, we
directly prompted the base-pretrained 7B pa-
rameter ESM3 to generate a 229-residue pro-
tein conditioned on the positions Thr®?, Thr®,
Tyr%, Gly%, Arg”, Glu®??, which are critical re-
sidues for generating the chromophore (Fig. 4A).
We additionally conditioned on the structure
of residues 58 through 71 from the experimen-
tal structure in 1QY3, which are known to be
structurally important for the energetic favor-
ability of chromophore formation (53). Specif-
ically, sequence tokens, structure tokens, and
atomic coordinates of the backbone are pro-
vided at the input, and generation begins from
a nearly completely masked array of tokens
corresponding to 229 residues, except for the
token positions used for conditioning.

We generated designs using a chain-of-
thought procedure as follows. The model first
generates structure tokens, effectively creating
a protein backbone. Backbones that have suf-
ficiently good atomic coordination of the ac-
tive site but differentiated overall structure
from the 1QY3 backbone pass through a filter
to the next step of the chain. We added the
generated structure to the original prompt to
generate a sequence conditioned on the new
prompt. We then performed an iterative joint
optimization, alternating between optimizing

Hayes et al., Science 387, 850-858 (2025)

the sequence and the structure. We rejected
chains of thought that lose atomic coordina-
tion of the active site (supplementary mate-
rials, section A.5.1). We drew a computational
pool of tens of thousands of candidate GFP
designs from the intermediate and final points
in the iterative joint optimization stage of the
generation protocol. We bucketed the designs
by sequence similarity to known fluorescent
proteins and filtered and ranked designs using
a variety of metrics (supplementary materials,
section A.5.1.5).

‘We performed a first experiment with 88 de-
signs on a 96-well plate, evaluating the top
generations in each sequence similarity bucket.
Each generated protein was synthesized, ex-
pressed in E. coli, and measured for fluores-
cence activity at an excitation wavelength of
485 nm (Fig. 4B, left). We measured brightness
similar to positive controls from a number of
designs that have higher sequence identity
with naturally occurring GFPs. We also identi-
fied a design in well B8 (highlighted in a black
circle) with only 36% sequence identity to the
1QY3 sequence and 57% sequence identity
to the nearest existing fluorescent protein,
tagRFP. This design was 50x less bright than
natural GFPs, and its chromophore matured
over the course of a week, instead of in under a
day, but it presents a signal of function in a
part of sequence space that to our knowledge
has not been found in nature or through pro-
tein engineering.

We continued the chain of thought starting
from the sequence of the design in well B8 to
generate a protein with improved brightness
using the same iterative joint optimization and
ranking procedure as above. We created a sec-
ond 96-well plate of designs and, using the
same plate reader assay, we found that a few
designs in this cohort have a brightness in the
range of GFPs found in nature. The best de-
sign, located in well C10 of the second plate
(Fig. 4B, right), we designated as esmGFP.

We found that esmGFP exhibits brightness
in the distribution of natural GFPs. We eval-
uated the fluorescence intensity at 0, 2, and
7 days of chromophore maturation and plot-
ted these measurements for esmGFP, a repli-
cate of B8, a chromophore knockout of BS,
along with three natural GFPs: avGFP, cgreGFP,
and ppluGFP (Fig. 4C). esmGFP takes longer
to mature than the known GFPs that we mea-
sured but achieves a comparable brightness
after 2 days. To validate that fluorescence was
mediated by the intended Thr® and Tyr®®, we
showed that B8 and esmGFP variants in which
these residues were mutated to glycine lost
fluorescence activity (fig. S22).

Analysis of the excitation and emission spec-
tra of esmGFP revealed that its peak excitation
occurs at 496 nm, which is shifted 7 nm rela-
tive to the 489-nm peak for EGFP, but both
proteins emit at a peak of 512 nm (Fig. 4D).
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The shapes of the spectra indicated a narrower
full width at half maximum (FWHM) for the
excitation spectrum of esmGFP (39 mm for
esmGFP versus 56 nm for EGFP), whereas the
FWHMs of their emission spectra were highly
comparable (35 and 39 nm, respectively). Over-
all, esmGFP exhibits spectral properties con-
sistent with known GFPs.

We next sought to understand how esmGFP
compares with known proteins. A BLAST (54)
search against the nonredundant protein se-
quences database and an MMseqs (55) search
of ESM3’s training set reported the same top
hit, tagRFP, which was also the nearest neigh-
bor to B8, with 58% sequence identity repre-
senting 96 mutations throughout the sequence.
tagRFP is a designed variant, and the closest
wild-type sequence to esmGFP from the natu-
ral world is eqFP578, a red fluorescent protein
that differs from esmGFP by 107 sequence po-
sitions (53% identity). Sequence differences
between esmGFP and tagRFP occur through-
out the structure (Fig. 4E), with 22 mutations
occurring in the protein’s interior, which is
known to be highly sensitive to mutations due
to chromophore proximity and a high density
of interactions (56).

Examination of a sequence alignment of
648 natural and designed GFP-like fluorescent
proteins revealed that esmGFP has the level
of similarity to all other FPs that is typically
found when comparing sequences across tax-
onomic orders but within the same taxonomic
class (Fig. 4F). For example, the difference be-
tween esmGFP and other FPs is similar to the
level of difference between FPs belonging to
the orders of Scleractinia (stony corals) and
Actiniaria (sea anemones), both of which be-
long to the larger class Anthozoa of marine
invertebrates (Fig. 4G). The closest FPs to
esmGFP come from the Anthozoa class (corals
and anemones; average sequence identity
51.4%), but esmGFP also shares some sequence
identity with FPs from the Hydrozoa (jellyfish),
in which avGFP was discovered (average se-
quence identity 33.4%; fig. S23).

We can draw insight from evolutionary bio-
logy on the amount of time that it would take
for a protein with similar sequence identity to
arise through natural evolution. In Fig. 4G, we
show esmGFP alongside three anthozoan GFPs.
We used a time-calibrated phylogenetic anal-
ysis of the anthozoans (57) that estimated the
millions of years ago (MYA) to last common
ancestors to estimate evolutionary time be-
tween each pair of these species. Using a larger
dataset of six anthozoan GFPs and species for
which we have accurate MYA to last common
ancestors and GFP sequence identities, we
constructed a simple estimator that correlates
sequence identity between FPs to MY of evo-
lutionary time between the species (Fig. 4H)
to calibrate against natural evolution. On the
basis of this analysis, we estimate that esmGFP
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represents an equivalent of >500 million years
of evolution from the closest protein that has
been found in nature.

Discussion

‘We have found that language models can reach
a design space of proteins that is distant from
the space explored by natural evolution and
can generate functional proteins that would
take evolution hundreds of millions of years to
discover. Protein language models do not ex-
plicitly work within the physical constraints of
evolution, but instead can implicitly construct
a model of the multitude of potential paths
that evolution could have followed.

Proteins can be seen as existing within an
organized space where each protein is neighbored
by every other protein that is one mutational
event away (58). The structure of evolution
appears as a network within this space, con-
necting all proteins by the paths that evolution
can take between them. The paths that evolu-
tion can follow are the ones by which each
protein transforms into the next without the
collective loss of function of the system of which
it is a part.

It is in this space that a language model
sees proteins. It sees the data of proteins as
filling this space, densely in some regions and
sparsely in others, revealing the parts that
are accessible to evolution. Because the next
token is generated by evolution, it follows that
to solve the training task of predicting the
next token, a language model must predict
how evolution can move through the space of
possible proteins.

Simulations are computational representa-
tions of reality. In that sense, a language model
that can predict possible outcomes of evolution
can be said to be a simulator of it. ESM3 is an
emergent simulator that has learned from
solving a token prediction task on data gen-
erated by evolution. It has been theorized that
neural networks discover the underlying struc-
ture of the data that they are trained to predict
(59, 60). In this way, solving the token pre-
diction task would require the model to learn
the deep structure that determines which steps
evolution can take, i.e., the fundamental biol-
ogy of proteins.

In ESM3’s generation of a fluorescent pro-
tein, it is the first chain of thought to B8 that is
the most intriguing. At 96 mutations to B8’s
229
96
sible proteins, of which only a vanishingly
small fraction can have function because fluo-
rescence falls off sharply even after just a few
random mutations. The existence of C10 and
other bright designs in the neighborhood of
B8 confirms that in the first chain of thought
to B8, ESM3 found a part of the space of pro-
teins that, although unexplored by nature, is
dense with fluorescent proteins.

closest neighbor, there are x 199 pos-
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