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SUMMARY

Scientific research has revealed only a minuscule fraction of the enzymes that evolution has generated to po-

wer life’s essential chemical reactions—and an even tinier fraction of the vast universe of possible enzymes.

Beyond the enzymes already annotated lie an astronomical number of biocatalysts that could enable sustain-

able chemical production, degrade toxic pollutants, and advance disease diagnosis and treatment. For the

past few decades, directed evolution has been a powerful strategy for reshaping enzymes to access new

chemical transformations: by harnessing nature’s existing diversity as a starting point and taking inspiration

from nature’s most powerful design process, evolution, to modify enzymes incrementally. Recently, artificial

intelligence (AI) methods have started revolutionizing how we understand and compose the language of life.

In this perspective, we discuss a vision for AI-driven enzyme discovery to unveil a world of enzymes that tran-

scends biological evolution and perhaps offers a route to genetically encoding almost any chemistry.

DIRECTED ENZYME EVOLUTION

Nearly all of biology’s chemistry is catalyzed by protein catalysts,

the enzymes. Enzymes drive cell growth and development,

repair wounds, and generate wonderfully complex and func-

tional materials such as wood or shells—all while deriving energy

and starting materials from their environments. Enzymes have an

unrivaled ability to catalyze chemical reactions cleanly, selec-

tively, and under mild, physiological conditions. These brilliant

natural inventions offer powerful and sustainable chemical

routes to make food ingredients, materials, fuels, and specialty

chemicals; to degrade pollutants into recyclable or biodegrad-

able forms; and to diagnose and treat disease.1–4

Imagine that we could expand biology’s DNA-encoded chem-

istry to encompass even more useful chemical transformations,

including the best of those invented by human chemists. Since

the beginning of life, nature has explored only the tiniest fraction

of the universe of life’s possible chemistry. Although many natu-

ral reactions have proven valuable to humans, from cellulose hy-

drolysis for biofuel production5 to antibiotic synthesis via polyke-

tide synthases,6 many applications will require enzymes that are

not likely to be found in nature. Thus, the challenge is to identify

protein sequences that encode desirable new functions, where

overall performance in an application is quantified as ‘‘fitness.’’

The different modalities relevant to protein engineering can be

thought of as falling on a spectrum ranging from specific design

goals (fitness/function) at one end to general design outputs

(structures/sequences) at the other end (Figure 1).

However, the vast majority of the staggering number of

possible proteins—orders of magnitude greater than the number

of particles in the universe—are either nonfunctional or unsuit-

able (Figure 2A).7,8 There are unfortunately many, many more

ways to be non-functional in the library of possible genomes,

just as the vast majority of Babel’s books contain pure gibberish.

The collection of all possible proteins is also vast, and the density

of ‘‘meaningful’’ sequences is miniscule.

But, unlike the librarians of Borges’ random book collection,

we, the librarians of the protein collection, have an easier time

finding the meaningful sequences because we have evolution

to guide us. John Maynard Smith described a conceptual

space such that each protein sequence is surrounded by all its

single-mutant neighbors.9 For evolution to occur, he argued, a

functional protein must be surrounded by at least one other func-

tional protein. Evolution could then pass through the network of

functional protein sequences to explore new possibilities, one

mutation at a time. This process has given rise to the billions

upon billions of proteins found in nature today—rare meaningful

sequences that we can literally scrape from the bottom of our

shoes. And it can give rise to many more. Such an exploration,

one (or a few) mutations at a time, can discover and improve

enzymes, including ones that would be particularly useful to

humans.1 These directed evolution ‘‘greedy uphill walks’’

(Figure 2A) have led to the thousands of improved enzymes

used in products from laundry detergents to disease therapies.2

Directed evolution tackles the problem of optimizing extant

enzymes for specific fitness goals such as enhanced stability

or enzymatic activity, but it can also be used to discover and

explore whole new functional spaces. By taking advantage of

the ability of enzymes to catalyze reactions that are not their

native ones, a property called catalytic promiscuity,10 one can

obtain enzymes that operate on whole new substrates11,12 and

even perform chemistry that is unknown in nature, such as the
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formation or cleavage of carbon-silicon bonds.2,13–15 One day,

perhaps, all useful chemistry could be encoded in DNA and

performed cleanly, as nature does. Of course, we do not know

whether all relevant chemistry can be accomplished by en-

zymes—but with so many sequence possibilities, and with the

assistance of cofactors like metals, it is likely that many, if not

all, useful chemistries could be encoded in DNA and catalyzed

by enzymes (Figure 2B).

AI IS REVOLUTIONIZING THE WAY WE ENGINEER

ENZYMES

Despite its many successes, directed evolution is not the most

efficient way to explore the vast space of possible enzymes.

Directed evolution has been effective because many protein-

fitness landscapes are smooth in at least some of their many di-

mensions, but it faces severe limitations when this is not the

case.16–18 It is also slow and resource intensive, and, as a local

search in sequence space, it will ignore other parts of the space

that may hold even greater functional potential (Figure 2A).16

Furthermore, directed evolution requires a starting point with

some level of the desired function or at least a strategy for

acquiring that function through incremental steps. These are ma-

jor bottlenecks in the quest to unveil new regions of enzyme

functional space.

Alternatively, scientists have leveraged computational modeling

to rationally design proteins.19 Foundational work like ancestral

sequence reconstruction20 and structure-guided chimeragene-

sis21,22 provided valuable strategies for diversifying protein se-

quences by allowing greater jumps in sequence space. Over

time, knowledge of structure, intermolecular interactions, physical

force fields, and enzyme mechanisms have been used to design

enzymes entirely de novo.23 Yet, enzyme design remains an

extraordinary challenge because the sequence-function relation-

ships are highly complex.24 Protein binder design is often framed

as a structure design problem, as binding interactions can be

modeled relatively accurately with physics, given a target struc-

ture.25,26 In contrast, enzyme engineering requires precisely

positioned catalytic residues and an active site capable of accom-

modating reactant(s) and intermediates(s), often containing metals

and cofactors that can be challenging to model computationally.27

Transition state energies can be useful predictors of enzymatic

activity,28 but many enzyme reaction mechanisms remain poorly

understood. Further complicating matters, enzymes are tasked

Figure 1. Spectrum of modalities relevant to protein engineering

Sequence design is often the ultimate downstream task, with other sources of information providing useful forms of conditioning (design goals). There are many

solutions that satisfy each form of conditioning, as one moves from left to right on the spectrum.

Figure 2. The vast design space of protein sequences and functions

(A) Directed evolution has been a powerful tool for expanding the functional space of enzymes and achieving specific fitness goals in a vast design space where

most sequences are not functional. This search has been largely constrained to local search from existing functions, leaving many useful regions of sequence

space underexplored and distant regions completely unknown.

(B) Only a minuscule fraction of enzymatic chemical reaction space (function space) that would be useful for human purposes has been characterized.
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with simultaneously balancing overall protein stability with dy-

namic conformation flexibility—an interplay that is poorly under-

stood.29–31 A single mutation, even one distant from the active

site, can affect activity in ways that are difficult to explain, much

less to predict.1 Thus, before the advent of deep learning, impres-

sive examples of rationally designed enzymes were relatively

rare.23,32,33

In the past couple of years, artificial intelligence (AI) powered by

machine-learning (ML) methods has almost completely overtaken

previous computational approaches, enabling us to design pro-

teins by learning primarily from data.19,34–40 Generative ML can

learn the distribution of proteins that nature has already made

and humans have deposited in rapidly growing databases: it learns

to compose new proteins using the ‘‘language’’ of nature’s pro-

teins to infer functional sequences that nature has not

explored.34,41–43 Such generative protein language models, from

Potts models44 to deep-learning models,45–51 have generated se-

quences, for example, of functional lysozymes,45 carbonic anhy-

drases,49 and even Cas9 nucleases52 with low sequence identity

and activities comparable to naturally occurring enzymes

(Figure 3). Although these generated proteins largely adopt exist-

ing structural folds, some efforts have shown that it is possible to

push generations into novel structural space.53,54

Generative MLmethods can also integrate structure and physics

for de novo design (Figure 3) of novel folds55—mostly binders but

also enzymes, including luciferases,56 serine hydrolases,57 and

retro-aldolases.58 A prevailing approach is to use a generative

model59,60 to design protein backbone structures that will accom-

modate a desired active-site conformation (motif scaffolding)61–63

or a certain reaction transition state.64,65 These structures are then

mapped tosequences using inverse folding models based on deep

learning,66,67 as sequence design is generally the ultimate goal.

However, this two-step process may be a relic of protein design

in the pre-deep-learning era, where difficult problems were broken

into more manageable steps. Recently, there have been efforts to

design structures jointly with sequences68–75 to directly scaffold

active-site residues in enzymes (not just the backbone coordi-

nates) and leverage all available data for more reasonable de-

signs.76 Structure prediction has quickly become an indispensable

tool for validating these designs,77–79 along with models that can

predict enzymatic function from sequence.80–83 Besides condi-

tioning on structure, an interesting direction of research involves

using descriptions of function as keywords or natural language de-

scriptions to generate enzymes with the desired function.47,71,84–86

Utilizing AI-driven methods, researchers are achieving suc-

cess rates orders of magnitude higher than those of design

methods before the deep-learning era, and they are generating

real, functional proteins.58,87 Still, success rates are often low,

and computational filters are necessary to improve hit rates.88

Existing de novo structure design models also seem to consis-

tently under-sample catalytically important motifs and over-

sample alpha helices,89 and there are many other potential areas

for improvement.90 Ultimately, AI enables bigger jumps in protein

space, which could lead to more novelty in functional space

(Figure 3) or more useful combinations of properties such as

high thermostability and catalytic promiscuity. In the next sec-

tion, we motivate and contextualize methods to achieve func-

tional novelty.

ILLUMINATING NOVEL ENZYMATIC FUNCTIONS

Discovering enzymes with previously unknown functions is

particularly valuable for applications ranging from chemical syn-

thesis91 to environmental remediation and gene editing. For

example, degrading emerging environmental pollutants will

require enzymes with new activities, and many therapeutics

require Cas nucleases with modified specificities.92 Although

some chemistries can be accessed by modifying existing en-

zymes through directed evolution or by using existing enzyme

scaffolds on new substrates or with repurposed mechanisms

(Figure 3),93–96 the overall discovery of functional novelty in en-

zymes could be greatly facilitated and automated by AI.

One of the most exciting aspects of engineering the biological

world is that the wealth of biological data is still largely untapped,

offering tremendous potential to uncover genes that encode

new, useful enzymes. In fact, less than 1% of all known protein se-

quences are functionally annotated, and many extant proteins

have never even been sequenced.97 To complement an increase

in unlabeled sequences from next-generation metagenomic

sequencing studies that are being deposited in public data-

bases,98–100 ML models are advancing in their ability to predict

and annotate protein functions, helping to decode the ‘‘dark mat-

ter’’ of protein sequences (those without functional associations)

and showing higher sensitivity than sequence similarity ap-

proaches such as BLAST (Figure 3).101–104 Different ML strategies

are used to annotate genes,105–107 such as semantic mining

by incorporating genomic context, where related genes are

Figure 3. Most existing ML methods can generate proteins with

novel sequences/structures (forms), but designing proteins with

novel enzymatic functions is more difficult

Novel enzyme functions can be achieved by discovering sequences via

functional annotation, taking advantage of promiscuity with respect to other

substrates, exploiting novel chemical mechanisms of action, or modifying

enzyme sequences through directed evolution. Developing better ML methods

to unlock novel functions that are inaccessible from existing enzymes would

be highly impactful.
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often clustered.108 Structure-similarity-based searching has also

demonstrated success in the real world to discover new gene-ed-

iting enzymes that are related to existing ones but have different

properties—such as smaller size and altered selectivity.109–111

Similarly, ML methods have led to the discovery of synthetically

valuable terpene synthases in previously uncharacterized

taxa.112 Other approaches frame the problem as enzyme retrieval,

given target reactions.81,113,114

Still, there are several limitations to existing approaches. To

start, many desirable enzymatic functions, such as reactions

used in natural product synthesis or gene editing, fall outside

the existing enzyme categorization scheme of enzyme commis-

sion (EC) numbers. Better analysis methods (i.e., for mass spec-

trometry data115) and databases116,117 are needed to detect and

catalog specific enzyme reactions/products to train ML models,

respectively. Finally, most computational functional annotation

strategies are only reliable for known protein families with known

functions, and existing models have difficulty retrieving proteins

for previously unannotated reactivities.81

Likewise, existing approaches to generate proteins, such as

ancestral sequence reconstruction, chimeragenesis, and protein

language models, primarily explore known functions within

known enzyme families (within the translucent cloud of a single

color in Figure 4).118,119 Although de novo structure design can

explore more novelty in sequence/structure space (Figure 4), it

is also largely limited to designing enzymes for known reactions

with known active-site configurations.73 Design becomes much

more difficult for novel reactions where such a ‘‘blueprint’’ is not

available.

To fully harness the potential of generative ML models for pro-

tein engineering, the models need to generalize to new functions

with real-world applications (Figure 3).81,84 For example, future

models could understand the catalytic mechanisms of natural

pyridoxal phosphate (PLP)-dependent transaminases and tryp-

tophan synthases to infer new mechanistically similar enzymes

that could act as halogenases (Figure 4). De novo structure

design for entirely new functions (e.g., the Diels-Alder reaction)

is also possible.120 The most successful models will likely inte-

grate multiple modalities, learning from protein sequences,

structures, reactions, mechanisms, and natural-language de-

scriptions to capture enzyme function and provide a more holis-

tic approach to enzyme design.119 Unlike directed evolution,

Figure 4. Conceptual framework for illuminating the universe of enzyme function

(A and B) Learning a mapping between (A) function space (y) and (B) protein space (x) using ML. Although directed evolution enables incremental, local ex-

pansions in function and sequence space, ML methods could be used to make larger jumps. Example of a moderate jump: inferring a hypothetical PLP-

dependent halogenase that employs a similar catalytic mechanism to existing PLP-dependent transaminases and tryptophan synthases and may share some

sequence/structural similarity. Example of a large jump: designing a de novo Diels-Alderase that shares no sequence similarity to existing proteins. There

potentially exist multiple design solutions to achieve the same desired function, e.g., convergent evolution of natural carbonic anhydrases and different

mechanistic routes to achieve halogenation. Solid circles refer to extant proteins, with translucent branches indicating their extinct ancestors.

(C) Example of a chemical reaction associated with each function, color coded.
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which is a local search, ML approaches would allow us to jump to

new ‘‘islands’’ in functional and sequence/structure space

(Figure 4). We elaborate on how to achieve this vision in the

penultimate section.

THE IMPORTANCE OF ASSAY-LABELED DATA

Although we have been able to learn valuable patterns from na-

ture’s proteins, many useful reactions likely lie outside the distri-

bution of known natural enzymatic functions, making it difficult

for ML models trained solely on natural proteins to extrapolate

effectively.121 Currently, computational methods such as phys-

ics-based simulations and calculations are not yet accurate

predictors for most enzymatic functions, so high-throughput

wet-lab assay data collection and learning pipelines will continue

to be vital for creating new biocatalysts.122–124

ML has increasingly been used to suggest combinations

of beneficial mutations and reduce the burden of having to

perform many generations of mutagenesis and screening for pro-

tein fitness optimization.39,125 Sampled sequence-function data

can be used to build a statistical model of the fitness landscape,

enabling predictions about combinations of mutations with

improved functions, i.e., semi-local expansions in functional and

sequence space. We have used such supervised ML methods

to make directed evolution more efficient and effective in the

real world.124,126–128 These models can also be updated in each

generation (such as in active learning-assisted directed evolu-

tion),129 and future exploration can be balanced with exploitation

of previous knowledge.130 Besides learning directly from labeled

data collected through experiments, the models constructed

from the data can additionally include what we already know

of natural proteins, e.g., in the form of zero-shot scores based

on evolutionary conservation131–135 or protein structures and

physics.136,137 Overall, there are many useful supervised ML

approaches combining the utility of unlabeled data on natural

sequences with labeled assay data.128,132,134–136,138,139

A VISION FOR GENERAL, AUTOMATED PROTEIN

DESIGN

Until now, designing new proteins has largely been treated as a

separate problem from protein fitness optimization. Yet, genera-

tive models34,41,42,140 are particularly well suited for both tasks:

directed evolution struggles to find protein solutions that are

distant in sequence space, and even supervised ML requires

enumerating fitness predictions over the vast design space,

which is intractable. Thus, tackling protein design/optimization

with a unified generative model that understands the rules of nat-

ural proteins while also integrating assay-labeled data will be

needed to unlock new design possibilities (Figure 5). Whereas

directed evolution is limited to slow, local searches, the pro-

posed model could leverage multiple data sources to travel to

semi-distant regions of sequence space—regions unexplored

by evolution but still viable for maximizing a desired function

(Figure 4). Such a model would encompass many existing tasks

in protein design, such as function-guided design and inverse

folding, and lay the foundation for many more.

Crucially, such a generative model would need to be condi-

tioned on relevant information to enable controllable genera-

tion.43,141 Two aspects of the conditions are essential: (1) function,

which qualitatively describes the reaction(s) that an enzyme can

perform, and (2) fitness, which quantitatively measures perfor-

mance for a particular function and can be a combination of prop-

erties such as catalytic rate, stability, and protein expression level

(Figure 1). Some preliminary work has explored function-based

conditional generation using language models84,86 and diffusion

models.85,142 Function could be conveyed as reaction representa-

tions, natural language descriptions, or protein structural fea-

tures—particularly for binder design, where current methods

largely focus on structure generation and inverse folding. Never-

theless, these efforts remain largely fragmented, highlighting the

critical need for a unified multimodal framework that integrates

diverse forms of knowledge, enabling transfer learning across

tasks and generalization to unseen functions (Figure 5A)—just as

a chemist, structural biologist, and bioinformatician would collab-

orate to understand or predict a protein’s function.

Efforts in this direction have included conditioning protein lan-

guage models40 on protein structures47,74,143 or functional de-

scriptors,47,84,86 discrete diffusion models for protein sequence

generation,142 and the integration of natural language, protein

structure, and protein sequence into unified representation

learning frameworks.81,82,85,114 However, current AI models do

not have a generalized understanding of enzyme functions and

reaction mechanisms and thus cannot design enzymes with

Figure 5. Vision for all-in-one enzyme (protein) sequence engineering with a generative model that learns the distribution of viable proteins,

conditioned on properties such as fitness, function, and/or structure

Such a model would (A) be trained on publicly available data on natural proteins and (B) be updated/steered with data from experimental measurements. For more

specific tasks, weak connections between modalities would benefit the most from steering. The thickness of the arrow shows the relative strength of the

connection given existing data and/or tools. Many existing tasks in protein discovery and design fall under this framework, e.g., protein fitness optimization,

inverse folding, natural language-guided functional protein generation, etc.
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novel functions. To solve this, new ML architectures are needed

to enable conditional sampling from probabilistic distributions

and bridge disparate modalities spanning natural language, se-

quences, graphs, 3D coordinates, reaction mechanisms, tabular

data, and more.144 This will be a challenging task because most

strategies used in computer vision and natural language pro-

cessing are not perfectly suited for biological data, and different

modalities are annotated for different proteins. Utilizing inductive

biases from physics, such as information about electronics and

transition states, may be crucial to improving the generalization

ability of such models.

More difficult applications, such as optimizing an enzyme for a

new-to-nature reaction that is not captured in the natural distri-

bution of enzyme function, will require guiding or fine-tuning

the generative model based on expensive (low-throughput)

real-world fitness measurements (Figure 5B). Developing new

ML techniques for steering generative models as part of active

learning, or iterative cycles of experimentation and computa-

tional modeling, will be essential. For example, this could involve

guidance with diffusion models50,51,68,145–149 or reinforcement

learning with language models.138,150–152 In essence, these

methods would shift the distribution of the generative model

to conditionally sample proteins with desired properties (Figure

5B).153,154 Even with the help of inductive biases from physics,

some new-to-nature reactions will require such a large extrapo-

lative leap that activity may be impossible to attain without first

conditioning the model on related but more readily attainable

protein-reaction data, analogous to the ‘‘substrate walking’’

approach often used in directed evolution.155

In the not-too-distant future, fully automated ‘‘cloud’’ labs, or

autonomous laboratories, could perform experiments continu-

ously and reproducibly, and this would be accessible to diverse

users regardless of their discipline or expertise. An AI agent

could design experiments, execute, analyze, and improve its

model, and repeat this process in iterative cycles of active

learning. This kind of self-improving AI-driven experimentation

is already beginning to emerge, with increasing capabilities for

autonomous hypothesis generation and testing.156–164

As part of long-term active learning, the development of a stan-

dardized enzyme sequence-fitness database will be indispens-

able. Although the pretraining step can utilize public data sources

such as the Protein Data Bank (sequence-structure), reactions in

BRENDA (sequence-function), and natural language descriptions

from SwissProt and literature articles (sequence-function), there

is a critical need for a sequence-fitness database comprising

more specific fitness measurements such as data from enzymatic

activity, stability, and expression assays, including environmental

conditions, kinetic behaviors, substrate specificities, and reaction

mechanisms. For this to become a reality, an open-source, collab-

orative initiative could be instrumental, where research institutions

and industry players contribute to and benefit from the growth of

the database. Standardized benchmarks and/or competitions

could further accelerate the pace of advancement and foster a

more integrated research community.165 With these datasets,

automated enzyme engineering will enable us to create new genet-

ically encoded chemistry much more efficiently than human-driven

processes alone. As ML models continue to advance, they will pro-

gressively improve by integrating knowledge across different mo-

dalities.

CLOSING THOUGHTS

Nature has been exploring the universe of enzymes long before

any of us were born, albeit slowly and with its own objective: sur-

vival and reproduction. With directed evolution, we can steer en-

zymes toward functions useful to humans, but we are still limited

to a slow and rather naive optimization process. But now we

are armed with AI, a powerful tool that can help us traverse

sequence space to uncover useful new enzymes. The outlook

for protein design with AI is particularly promising for several rea-

sons. (1) Proteins have a track record of reliable optimization for

many functions by nature and by humans using nature’s original

optimization strategy, evolution. By contrast, there is no guar-

antee that other forms of matter—chemicals, materials, etc.—

can be so readily improved. (2) Proteins have been explored by

nature long before we came along, and a wealth of data is accu-

mulating on these natural designs that can inform future designs.

These literal life lessons are being collected in databases to

inform future engineering. In comparison, we have limited data

on other materials, most of which have only been constructed

by humans since the industrial revolution. (3) Finally, and criti-

cally, we have the machinery to build nearly any desired protein

sequence, encoded in DNA and produced by a cell factory. For

other materials, synthesis remains a major bottleneck.166 With

advancements in biological sequencing,167,168 synthesis,169–171

and assay technology,172 our knowledge of and ability to manip-

ulate protein space will only become more powerful.

In the era of AI, we may wonder how effective ML approaches

will be. To what extent can learning from natural proteins extrap-

olate to new sequences or even new structures? Is there enough

density of natural functional enzymes to infer sequences that

might lead to novel functions? AI workflows for new-to-nature

enzyme activity will surely need assay-labeled data in addition

to knowledge of natural proteins, but how many experiments

will be necessary? John Maynard Smith articulated that evolu-

tion is possible because there is a high enough density of func-

tional proteins in single-mutant neighbors, a realization that

made it possible to access new functional proteins by directed

evolution. Unfortunately, we have no precedent to predict how

useful existing data on natural proteins will be for creating func-

tional novelty. Nonetheless, exploiting all of the data we have will

undoubtedly get us to our goals faster.

Overall, AI is learning to compose across multiple modalities,

accelerating engineering toward functional proteins, and filling in

the enzymatic universe. Although we have focused here on

enzyme engineering, many of the ideas and approaches outlined

here generalize to other protein engineering applications where

unlabeled and labeled data can be utilized together. With regard

to biosecurity, the generation of new toxins, resistance mecha-

nisms, or pathogens does not lie far from our brave new world of

enzymatic chemistry, so there will need to be monitoring of such

tasks.173–175 One day, we may replace inefficient, wasteful human

chemistry with the highly selective, efficient chemistry performed

by enzymes. Let us use AI to safely propel us toward that dream.
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C.L.M., Söding, J., and Steinegger, M. (2023). Fast and accurate protein

structure search with Foldseek. Nat. Biotechnol. 42, 243–246. https://

doi.org/10.1101/2022.02.07.479398.

111. Gilchrist, C.L.M., Mirdita, M., and Steinegger, M. (2024). Multiple Protein

Structure Alignment at Scale with FoldMason. Preprint at bioRxiv.

https://doi.org/10.1101/2024.08.01.606130.

112. Samusevich, R., Hebra, T., Bushuiev, R., Engst, M., Kulhánek, J., Bush-
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