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PROTEIN ENGINEERING

How artificial intelligence is 
reengineering protein engineering
Jennifer Listgarten1,2,3* and Hanlun Jiang1 

Over the past decades, protein engineering has matured into a 
field of its own, driven by computational modeling and high-
throughput wet lab experiments, with broad application in 
therapeutics, diagnostics, agriculture, and manufacturing. In 
recent years, artificial intelligence (AI) has further propelled 
protein engineering by enabling more efficient search through 
high-dimensional sequence space for proteins with desired 
properties. Notable AI-based advances encompass generative 
modeling of sequences, backbone structure, and atoms; 
tailoring general versions of such models to design proteins 
with specific properties; modeling for extraction of protein 
representations and scoring candidate protein sequences; and 
developing techniques for library design, including synthesis-
aware approaches. Herein we discuss these advances, 
emphasizing a unifying view through a statistical interpretation 
of modern AI approaches.

Given that proteins are key drivers of all forms of life, it is no surprise that 
humans have long sought to tinker with them. Proteins animate our ge-
nomes by catalyzing and orchestrating nearly every biological process from 
energy metabolism to gene regulation, while also providing cellular struc-
ture. We tinker with naturally existing proteins so as to coerce them into 
new roles, and even create altogether new proteins for bespoke use cases. 
By engineering proteins, we can create new therapeutics (1) and vaccines 
(2); design plants with enhanced resilience to environmental stressors 
(3) and more efficient carbon fixation (4); and enable cost-effective bio-
manufacturing of antibiotics (5) and materials (6). Few scientific fields 
have the potential for a broader societal impact than protein engineering.

Whereas natural evolution has slowly crafted the proteins of life 
over billions of years (7), the task of protein engineering is to create 
proteins with specified properties on a vastly compressed timescale—
in years, and with the help of artificial intelligence (AI), maybe in days. 
Toward this goal, two distinct pre-AI approaches—directed evolution 
(DE) (8–16) and computational protein design (CPD) (17–26)—were 
developed in parallel and recognized by Nobel Prizes in 2018 and 2024. 
In DE, the mechanisms of natural evolution are repurposed and turbo-
charged by iterative rounds of mutation and human-specified selec-
tion, guided by wet lab measurements. DE requires an initial protein 
with a hint of relevant functionality but does not require biophysical 
modeling. CPD, by contrast, is based entirely on approximate bio-
physical modeling informed by statistics from the Protein Data Bank 
(PDB) (27); it does not necessarily require a functional initial protein 
with its complete sequence specified. CPD makes in silico moves in 
protein sequence and structure space, guided by an approximate 
physics-based energy function that serves as a universal fitness land-
scape for all engineering problems (28, 29). This energy function 
scores the favorability of any three-dimensional (3D) conformation 

for a protein sequence, enabling effective design of protein structures 
and even protein-protein interactions. However, it is too coarse to 
capture complex protein dynamics or quantum-mechanical effects 
essential for engineering enzyme catalysis (30).

Both of these approaches must contend with the daunting funda-
mental problem of searching through an unimaginably large space of 
proteins; each protein is a string of amino acids from a 20-letter al-
phabet, with a typical length in the hundreds (31). A small protein 
with only 100 amino acids can take on already 20100 ≈ 10130 possible 
sequences, far exceeding the estimated number of atoms in the uni-
verse of about 1080 (32). Moreover, only a tiny fraction of these variants 
can fold and express.

At their core, both DE and CPD function by searching through protein 
space and scoring variants. To navigate protein space, DE scores with 
experimental measurements directly relevant to the desired protein 
properties, albeit at great cost, time, and labor; thus, DE is limited in 
throughput and confined to exploring sequences similar to that of the 
initial protein. Meanwhile, CPD can search far beyond known protein 
space and score quickly and inexpensively in comparison to DE; but it 
relies on a single energy function regardless of the protein property 
being engineered, which, as mentioned above, is likely inadequate for 
design tasks dependent on protein dynamics and/or the nuances of 
catalysis. These two approaches thus complement each other and are 
often used together, such as using DE to refine CPD candidates (33). AI 
has infused both of them, making their distinction increasingly blurred.

What is the hope that AI brings to the field of 
protein engineering?
At a conceptual level, the hope is to improve both searching and scor-
ing. That is, to (i) more efficiently search through the enormous space 
of protein sequences—making large, smart jumps, rather than small, 
random perturbations, to find sequences unreachable by traditional 
methods—and (ii) more quickly and cost-effectively predict protein 
properties of interest (e.g., expression, stability, and activity) with use-
ful levels of accuracy for the problem on hand, which in turn can in-
form more efficient search. Note that the terms “property prediction” 
and “fitness prediction” are often used interchangeably in protein 
engineering, despite their different but related meanings.

Herein, we walk through these topics, starting from the most intuitive 
view of a simple in silico search on an in silico fitness function, then bridg-
ing from there to generative models to perform AI-informed search, and 
later to conditional generative models. As we shall see, a given approach 
can be viewed through several of these lenses. Having set this conceptual 
groundwork, we then take a more in-depth tour of how AI is currently 
used in protein engineering for generating variants, but also for variant 
scoring, representation learning, and library design. Owing to space and 
citation constraints, we were unable to mention many other important 
topics of AI-based protein engineering, including model parameter scaling 
and agent-based engineering, as well as legal and ethical issues.

Navigating the search space with in silico property predictors
Intuitively, how might AI help us to move more efficiently through 
protein sequence space? Suppose we had some in silico estimate of a 
fitness function on sequences, s, for fitness, y (e.g., catalytic efficiency) 
given by y = f (s). And suppose we seek a sequence with high fitness—
that is, to find s such that y = f (s) > τ for a given threshold, τ 
(see Table 1 for summary of notation used). This fitness function could 
arise from a biophysical model or a machine learning–based one. The 
simplest search (i.e., optimization) algorithm would be to start with 
some sequence, then make random, uninformed mutations in se-
quence space, evaluate f (s), select the fittest mutants, and repeat the 
procedure, much like in DE. Indeed, this is a so-called in silico evolu-
tionary algorithm (EA) for optimization of a function. Notably, this 
method for proposing mutations is oblivious to f (s), knowledge of 
which could help to make smarter moves. However, in a modern 
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AI-informed incarnation of EAs (34–36), mutated sequences are in-
stead proposed by a generative model on sequences [i.e., a probability 
density model over sequence space such as a variational autoencoder 
(VAE) (37)], s ∼ pϕt (s), whose parameters, ϕt, get updated upon each 
search iteration, t . At each iteration, we retrain the generative model 
on the sampled sequences weighted by their fitness score. Initially, 
mutations drawn from this model are oblivious to f (s) as in DE and 
EAs. However, as iterations progress, the updated generative model 
gets to learn about (i) what sequences score better under f (s), and 
consequently, (ii) how to more smartly move through the space, by, 
for example, making multiple mutations that act in a coordinated 
manner [i.e., according to epistasis in f (s)]. Thus, mutations drawn 
from this model become progressively fitter as the generative model 
in essence slowly sniffs out the fitness landscape geometry and uses 
it to its advantage. Upon termination, one obtains desired protein 
sequences by sampling from the generative model at the final iteration, 
T , that is, s ∼ pϕT (s). It is interesting to note that in progressing from 
naïve search to AI-informed search, we have replaced explicitly search-
ing for s with searching for the parameters of a generative model that 
captures the probability distribution of our desired s, which brings us 
into the language of probability, and opens up a world of genera-
tive models.

When the aforementioned in silico fitness function comes from a 
supervised machine learning model, y = fθ(s), with parameters θ 
learned from data, it is not generally accurate in parts of sequence 
space dissimilar to the training data. Consequently, it is wise to rein 
in the search [i.e., control updating of pϕt (s)] by making use of prior, 
auxiliary knowledge, such as some notion of how “protein-like” a se-
quence is, how stable a protein is, or which sequences the predictive 
model, fθ(s), was trained on. If this auxiliary knowledge is encoded in 
a probability distribution, p0(s)—for example, having trained p0(s) on 
a large swath of the protein space, such as in UniRef (38)—then one 
can modulate the AI-informed search to pay heed to the prior informa-
tion encoded in p0(s). This approach, known as conditioning by adap-
tive sampling (CbAS), balances pushing the optimization of pϕt (s) to 
find high-scoring variants according to fθ(s), with focusing on parts of 
the space favored by p0(s) (35, 39). Again, we obtain desired protein 
sequences by sampling from the final generative model, s ∼ pϕT (s).

When the in silico fitness function has a probabilistic interpretation—
namely, fθ(s) = pθ(y ∈ Y |s), as is common for many classes of super-
vised machine learning models—then CbAS becomes a statistical 
procedure for combining two models: (i) an unconditional generative 
model that encodes prior information, p0(s), and (ii) a property predic-
tive model, pθ(y |s). In fact, CbAS is executing Bayes’ rule to obtain the 
conditional distribution, pϕT (s) = p(s |y ∈ Y ), where y ∈ Y  means that 
the properties satisfy a desired condition(s), such as that an enzyme 
has catalytic efficiency for a particular reaction higher than some tar-
get value. This property-conditioned distribution can then be sampled 
for desired proteins.

Fundamentally, the goal of AI-based protein engineering is to pre-
cisely estimate and then sample from a property-conditional probabil-
ity distribution over sequences—that is, we seek to sample sequences, 
s, from a distribution conditioned on any number of design criteria 
encapsulated in Y , formally, s ∼ p(s |y ∈ Y ) (Fig. 1).

Three ways to obtain a conditional generative model
So far we have discussed how to use auxiliary knowledge encoded in 
a model to rein in an AI-informed search of an in silico fitness function, 
which was one narrative path to conditional generative models. It may 
also be useful to think of conditional generative modeling for protein 
engineering as starting with a general model of some kind [e.g., a 
“pan-protein” model trained on UniRef (38)] and then conditioning it 
on properties of interest for specific engineering goals. In the previous 
section, we briefly described one way to obtain a conditional genera-
tive model, namely, by way of CbAS. More generally, there are three 
primary strategies to obtain a conditional generative model, which we 
describe next.

In perhaps the most straightforward approach, we decide upfront 
which types of properties we want to condition on (e.g., enzyme com-
mission number, secondary structure, binding to a particular ligand), 
and directly “bake in” these conditioning variables, Y1,… ,Y

K
 to the 

generative model during training—that is, we directly estimate 
pθ(s |y1 ∈ Y1, … , yk ∈ Yk). The downside of such an approach is that 
we must decide upfront which properties we want to condition on, 
and, moreover, we must have sufficient supervised data for those prop-
erties at the time of training this model. Consequently, whenever we 
want to include a new conditioning variable, or use newly available 
supervised data, we need to retrain a potentially large model.

When we do not “bake in” the conditioning from the outset, we are 
likely combining an existing unconditional model, pϕ(s), with a super-
vised property predictive model, pθ(y |s), to obtain the desired condi-
tional distribution, such as in CbAS. Any time we correctly combine 
these two models to obtain the desired protein engineering conditional 
distribution, p(s |y), we are, one way or another, applying the 18th-
century Bayes’ rule, p(s |y) = p(y | s)p(s)

p(y)
=

p(y | s)p(s)
∑

s
p(y | s)p(s)

. One advantage 

of this rule is that it gives us a “plug-and-play” ability to take expertly 
engineered, general, pan-protein models trained on massive amounts 
of data, and to tailor their usage to our needs by focusing them on 
properties of interest at any point in the future. However, one catch 
is that the denominator of Bayes’ rule is generally computationally in-
tractable owing to the summation over all possible protein sequences, 
s, thus generally requiring some kind of approximation such as varia-
tional inference, or unwieldy sampling (40). Moreover, variational 
inference for executing Bayes’ rule often requires iteratively training 
a new generative model over sequences, such as pT

ϕ
(s) in CbAS, which 

can be time-consuming but still a useful approach for our toolkit. The 
related approach of direct preference optimization (DPO) also itera-
tively trains a new generative model, modulating the prior information 
with a preference ranking model in a manner nearly resembling Bayes’ 
rule (41–43). Is it possible to side-step both the Bayes’ rule denominator 
and having to train a new generative model, while still obtaining 
samples s ∼ p(s |y ∈ Y )? It turns out, yes, as we discuss next.

Table 1. Summary of notation used.

Symbol Meaning

  s    A protein sequence (string of amino acids)

  b    A protein backbone structure (3D coordinates of backbone atoms)

  x    A general object (sequence, structure, or atomic configuration)

  y    A protein property (e.g., stability, catalytic efficiency)

  Y    A set of desired property values (e.g., high stability, high activity), 
possibly for several properties

  �    A threshold value for a property  y   

  f(s)    A fitness function

  f
�
(s)    A learned fitness or property predictor with parameters  θ   

  p(s)    A probability distribution over protein sequences

  p
(

b
)

    A probability distribution over protein backbone structures

  p
(

s, b
)

    Joint probability of sequence and structure

  p(y |s)    Probability of property  y    for a given sequence  s   

  p(s |y ∈ Y)    Probability of sequence  s    having a property value  y ∈ Y   

  s ∼ p(s)    A sequence,  s   , is sampled (generated) from distribution  p(s)   

  s ∼ p
�
(s)    A sequence,  s   , is sampled (generated) from a generative model with 

parameters  θ   

  �
x
log p(x)    Gradient of log  p(x)    with respect to  x   
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In a third strategy, which we refer to as “on-the-fly” conditioning, we 
do not need to train a new generative model. Rather, we modulate, or 
“guide” the sampling process of an unconditional model with informa-
tion from the property predictive model, so as to effectively sample 
from the desired conditional distribution, s ∼ p(s |y ∈ Y ), without ex-
plicitly training or representing this distribution. However, to do so, we 
must incur a relatively costly, iterative sampling algorithm. A common 
class of generative models where this on-the-fly strategy is used is dif-
fusion and related model classes [i.e., flow matching, score-matching, 
and stochastic interpolants (44–49)]. At their core, these models seek 
to estimate the gradient of the log density of x, that is, ∇xlog p(x) (50), 
rather than taking the classical strategy of estimating the density itself, 
p(x), for some general object, x. Consequently, sampling x ∼ p(x) in 
such models requires iteratively following the gradient estimate from 
the model (technically, to numerically integrate a differential equation). 
However, what we get in return for this effort is that, when combining 
these models with property predictors through Bayes’ rule, taking the 
gradient gets rid of the computationally intractable denominator (be-
cause it does not depend on x). Specifically, the iterative sampling 
algorithm in time, t , used for these models, blends information from 
two sources: xt+1=xt+∇xlog p

(

xt
)

+∇xlog p
(

y∈Y |xt
)

, where the first 
gradient is from the already-trained unconditional model, and the 
second—the modulation of the unconditional gradient—is “guidance” 
provided by a property predictive model (48, 49, 51).

One hiccup in the aforementioned discussion of on-the-fly “guidance” 
(i.e., conditioning) is that these concepts and intuitions apply only when 
x lives in a continuous state space or can be well-approximated as such; 

3D coordinates of atoms naturally live in such a space, whereas biological 
sequences do not. This is because gradients with respect to x fundamen-
tally capture how minutely perturbing an independent variable changes 
a dependent quantity, but we cannot quantitatively perturb an amino 
acid identity—we can only mutate it or leave it alone. One can consider 
“relaxing” discrete variables into a continuous state space or learning a 
continuous latent representation of discrete state spaces so as to be able 
to use these more standard gradient-based generative models (52). How
ever, diffusion and flow matching models can be correctly developed 
anew for sequences (53–55), including on-the-fly guidance and conditioning 
methods (56, 57)—these rely on estimating a “rate” matrix [rather than 
∇xlog p(x)], which determines the probability of choosing a particular 
amino acid at a particular position as the sequence is iteratively gener-
ated. Notably, recent developments have shown that the most commonly 
used versions of these diffusion and flow matching models on sequences 
(namely, those with masking noise processes) are in fact equivalent to both 
masked language models (MLMs) and autoregressive models, thereby 
enabling simplification of the training and generation algorithms (56).

Beyond guidance for on-the-fly conditioning, an alternative strategy 
is to make use of classical Markov chain Monte Carlo (58); such an 
approach is applicable for models whose likelihood can be efficiently 
estimated (up to a constant), and consequently not practically useful 
for diffusion and related models where estimating the likelihood is 
computationally expensive.

All three conditioning strategies have limitations determined by the 
amount, quality, and suitability of training data; choice of model pa-
rameterization; and how the model was trained. It is also worth noting 

Fig. 1. AI-based protein engineering viewed through a statistical lens. Designing sequences is tantamount to sampling sequences, s, from the desired conditional 
distribution, p(s | y ∈ Y). The set {si} denotes a set of sequences, indexed by i , which were sampled repeatedly from a generative model of sequences. The set Y, for example, 
could be those fluorescence values, y, higher than some threshold, τ, denoted by the green dashed line. One can obtain the design distribution by directly estimating the desired 
conditional distribution from suitable data; or, one might adapt an existing, more general pan-protein model by modulating it with, say, experimental data. The latter strategy is 
depicted in the figure, namely, background knowledge encoded as a pretrained generative model, p(s), is combined with experimentally acquired data from which a predictive 
model, p(y ∈ Y | s), is built. The combination is performed with Bayes’ rule, p(s | y ∈ Y) ∝ p(s)p(y ∈ Y | s), where ∝ denotes proportionality. Icons of Petri dish and flow cytometer 
were adapted and used under Creative Commons license (CC0) from BioIcons.com.
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that the commonly used approach of updating the parameters of an 
unconditional model by further training it with the same loss function on 
a curated set of sequences (e.g., a set of sequences with high catalytic ac
tivity for the reaction of interest)—known as “fine-tuning”—does not 
correspond to any well-defined statistical operation of combining the 
unconditional model with the predictive distribution for the property of 
interest. Although such an approach can sometimes be useful in prac-
tice, proper statistical conditioning provides a formal framework with 
which to understand how one is combining information from different 
sources. This formal framework better supports understanding when 
these combinations should be helpful and also enables principled 
development of modeling capabilities. Moreover, some practical limi-
tations of this type of fine-tuning have recently been reported, sug-
gesting they may struggle to extrapolate to previously unseen property 
values. (56). Note that in a distinct but related line of work known as 
“active learning,” one can leverage classical AI approaches to deter-
mine which variants to measure next in the laboratory so as to improve 
the accuracy of f (s) (59).

A tour of generative models in action for protein engineering
Having described important conceptual aspects of conditional gen-
erative modeling, we now take a more detailed tour of how these 
approaches are being used for protein engineering. One possible 
bifurcation for such a discussion is between so-called de novo design 
approaches wherein one attempts to create proteins without starting 
from an entirely known protein (25, 26, 60, 61), and redesign ap-
proaches wherein one starts with an entirely known protein (12, 14). 
However, many of the AI tools developed for one of these are often 
used for the other—thus, one might argue that this distinction is be-
coming increasingly blurred. Not to mention that if de novo AI tools 
are trained on many examples of existing proteins, can we still call 
them de novo? For these reasons, we do not strongly anchor our ex-
position on these categories.

From family-specific to pan-protein sequence generative models
One way to generate new protein sequences for a function of interest 
is to sample variants based on statistics of a functional wild-type pro-
tein and its homologs. In a recent example (62), a chorismate mutase 
wild-type sequence was chosen to curate a set of sequences hoped to be 
evolutionarily related to it. From these sequences, a multiple sequence 
alignment (MSA) was constructed and used to train a Potts model 
(63–65), an unconditional density model, pθMSA

(s) typically trained on 
just one protein family defined by an MSA. Implicitly, the model was 
conditioned on the wild type used to curate the MSA. After training, 
the model was used to sample protein variants, which were then ex-
pressed in Escherichia coli, and their enzymatic activity measured. A 
distribution of activities similar to that of the proteins in the MSA was 
found. Such an approach by itself does not directly give much control in 
tailoring the distribution toward certain desired properties: One can 
only adjust the “temperature” parameter, which affects the entropy of 
the distribution. It also relies on natural homologs in a database, and, 
like directed evolution, relies on a good starting point (the wild type). 
Nevertheless, it shows that evolutionarily related samples curated from 
a database provide a solid foundation on which to create functional 
diversity of sequences for a target family. Furthermore, such methods 
could provide alternative starting points for directed evolution.

Potts models and their richer-capacity relatives such as VAEs (66) 
are trained anew for each individual protein family. But given the vast 
number of sequences across all known families in the UniRef (38) 
database, we might want to build a single, large pan-protein model 
that contains all these family sequences at once so that we need train a 
model only once. Doing so enables information sharing across protein 
families. MSA Transformer (67) and its cousin the Neural Potts model 
(68) did just that—these are density models over all MSAs created from 
sequences in UniRef50, pθ

({

si
}

MSA

)

. The utility of these models was 

shown only for contact and structure prediction (rather than for sam-
pling), a task for which AlphaFold2 (69) soon dominated, but the spirit of 
this pan-protein sequence model persists in an MSA-free manner, in the 
form of the more general “language” models (70–78). Of these, ESM2 
and other MLMs—which have been used to generate sequences—are not, 
in the strictest sense, considered generative models (79). These models are 
not amenable to correct statistical sampling: MLMs can only be cor-
rectly sampled when their training masking rates span 0 to 100% (56), 
whereas, for example, ESM2 has a fixed 15% masking rate (76). By 
comparison, its relatives, such as ESM3 (80) and models that do span the 
full masking rate range, can be sampled from correctly, as can autoregres-
sive models (81, 82) and diffusion and related models. ESM3 was trained 
on three primary modalities: sequence; discretized (“tokenized”) struc-
ture at the all-atom level; and free-form, text-based function annotation. 
Meanwhile, numerous other multimodal models were also developed 
(54, 83, 84), following on the lead of ProstT5 and SaProt who intro-
duced models over both sequence and discretized structure (79, 85). All 
the aforementioned uses of discretized structure followed on ideas 
introduced in FoldSeek (86).

Backbone generative models
A typical AI workflow inherited from the traditional CPD for de novo 
protein engineering is to first sample backbone structures from a back-
bone generative model, b ∼ p(b), and then to provide each structure, 
b, in turn, as input to a backbone-conditioned sequence generative 
model (an “inverse folding” model) to sample protein sequences, s 
∼ p(s |b). One can appeal to the chain rule of probability to justify doing 
so—namely, this two-step procedure samples from the joint distribution, 
s, b ∼ p(s, b) by using the equivalent factorized version, s, b ∼ p(s |b)p(b). 
We now discuss backbone generative models before moving to in-
verse folding.

A number of early backbone generative models were developed, 
some trained for specific tasks such as antibodies (87), one a diffusion 
model (88), but none trained broadly on PDB or validated experi-
mentally (88–90). The first experimentally validated backbone gen-
erative models, Chroma and RFdiffusion (91, 92)—both diffusion 
models trained on all of PDB—unlocked usage by the protein engi-
neering community at large. Diffusion models start sampling from 
a noise distribution of backbone 3D coordinates for the protein—
coordinates that do not initially correspond to any folded protein—
and then slowly “diffuse” (denoise) these toward coordinates that 
correspond to a structured backbone. The gradual morphing toward 
structure is achieved by following an increasingly less noisy estimate 
of the gradient, ∇b log p

t
θ
(b), over the model’s diffusion time, t , such 

that ∇b log p
t=tfinal
θ

(b) is the gradient of the probability density of the 
training data. [Note: Technically ∇x log p(x) is referred to as the score, 
and the models often as “score-based” models, but because herein 
we employ the separate meaning of “scoring sequences,” we instead 
call these models “gradient-based” for clarity.] The key component 
for training diffusion models is in learning the parameters of a “de-
noising” model, which learns to take as input a noisy sample of b 
from partway in the diffusion process, to predict a noise-free version 
of b. Learning the denoising model is intimately tied to estimat-
ing ∇b log p

t
θ
(b) (93).

These backbone generative models are not particularly useful if we 
cannot condition on some desired properties, such as a small molecule, 
protein, DNA, or RNA binding partners. In RFdiffusion, conditioning 
on a known motif in the protein such as an active site or binding in-
terface (“motif scaffolding”) was “baked in,” meaning it was set up at 
the time of training the model; by contrast, ligand pocket generation 
is performed with on-the-fly conditioning. Chroma uses only on-the-fly 
conditioning. Both backbone generative models can condition on sym-
metry, geometry, binding targets, or functional motifs (including epi-
tope binding motifs and enzyme active sites) (91, 92, 94–99). Chroma can 
additionally condition on natural language annotations. It is important 
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to note that, as with all generative model sampling, samples can only 
be as adherent to the specified conditional property as the supervised 
data allow. With the guidance approach, this means as good as the 
predictive model used to guide the sampling process. In the “baked-in” 
case, this means as good as the overall conditional generative model 
was able to extract information from supervised data at the time it 
was trained.

Evaluation of backbone generative models remains challenging. 
One key metric used is “designability” (100), wherein a generated 
backbone is given to an inverse folding model to design an amino 
acid sequence, which in turn is given to a structure prediction model 
such as AlphaFold2 (69), from which confidence metrics are used 
as a proxy for how likely the backbone is to have amino acids that 
would truly fold up into the generated structure. However, such an 
evaluation is affected by biases in the inverse folding model and the 
structure predictor, both of which are likely to be biased toward 
naturally occurring proteins whose manifold we may seek to explore 
beyond (101).

Inverse folding models
As mentioned earlier, backbone generative models are typically paired 
with an inverse folding model, p(s |b), to obtain protein sequences 
that are compatible with the generated backbones. Initially devel-
oped before backbone generative models to mitigate classical energy-
based side-chain rotamer packing issues, the first model (102) formed 
the basis for subsequent such models (103, 104). These models use a 
graph-based representation of the 3D backbone structure as input 
that includes geometric information in a manner adherent to proper-
ties of physical 3D space, such as rotation invariance.

Inverse folding models did not become widely used until later 
when trained on much larger data sets compared to the ~20,000 CATH 
(105) protein chains of the first models. Contemporaneous models 
ProteinMPNN (103) and ESM-IF1 (104) were trained on all ~200,000 
sequence-structure pairs in the PDB, and ESM-IF1 additionally used 
all sequence-structure pairs in AlphaFold DB (106) for a total of roughly 
12 million pairs. Both are autoregressive models, although ProteinMPNN 
is an “any-order” autoregressive model, enabling sampling any part 
of the sequence while fixing the rest to some predetermined amino 
acids. In later work, ProteinMPNN was specialized to soluble proteins 
(107), thermostable proteins (108), and ligand-binding proteins by 
training on additional, task-specific data (109). Some backbone gen-
erative models have a special twist in that they provide a distribution 
over not only amino acids at each position, but also over side-chain 
torsional angles, χ, conditioned on the amino acid sequence, p(χ |s), 
yielding all-atoms and their geometry (88, 92).

There are two main conceptual weaknesses in most inverse folding 
models, both having to do with the fact that they are typically trained 
with a single structure paired with a single sequence, whereas this 
relationship is actually many-to-many (110, 111). First, sequences sam-
pled from the current inverse folding models may be even more likely 
to fold into a structure different from the conditioned structure (112). 
It would make sense to pair each sequence with an ensemble of likely 
structures, possibly weighted by their relative probability, because 
proteins have multiple conformational states—in an ideal world, we 
would condition on that sequence’s Boltzmann distribution. However, 
these multistate data are not available at scale. In principle, one could 
leverage models for predicting conformational ensembles from se-
quence to help mitigate this issue (113), but these are still in early 
stages (114). Second, because each structure can be potentially encoded 
by multiple sequences, we may be losing diversity of sequences sam-
pled from the current inverse folding models. Therefore, it may make 
sense to train these models with multiple sequences that all have a 
high probability of folding into one structure. A step in this direction 
is to replace, at training time, each sequence with an MSA containing 
that sequence and its homologs—this can encourage the model to be 

aware of multiple sequences mapping to one structure (115). However, 
these sequences may not truly have the same structure.

The performance of an inverse folding model cannot be accurately 
estimated in silico, nor at scale in the laboratory, making comparative 
evaluation challenging. The primary in silico metric used to compare 
models is the “sequence recovery” rate—how often a naturally exist-
ing protein has its sequence recovered when the model is given its 
backbone structure (116). A recovery rate of 50% (e.g., 52.4% by 
ProteinMPNN) is generally considered better than 30% (e.g., 32.9% by 
Rosetta) (103). However, as this rate continues to increase, at some 
point it is too high such that the model has memorized a mapping from 
structure to sequence, rather than encoded the broader distribution 
of sequences that tend to form the specified backbone. Even if we 
knew the ideal recovery rate, this metric, in any case, does not reflect 
anything about the conformational landscape—our true interest. 
Another evaluation metric is the “refolding” score of a sampled se-
quence, which refers to how well we recover the conditioned structure 
when we give the inverse-folded sequence to a structure predictor 
such as AlphaFold (18). Such a metric may be biased by the structure 
predictor’s flaws. Altogether, because of these inadequate metrics, 
we cannot truly gauge which model is the best; consequently, we 
cannot tell from these evaluation metrics whether the extra predicted 
structural data from AlphaFold proved useful, or even detrimental, 
for ESM-IF.

Additionally, many proteins of interest have important disordered 
regions, such as the loops of antibodies that confer binding. Inherently, 
current inverse folding models cannot provide much utility for such 
cases without knowing the binding partner and bound conformation 
of the two partners, including the disordered regions (101, 117).

Although inverse-folding models have proven to be a key component 
of de novo protein engineering, they can also be used independently 
of backbone generative models to generate new sequences for a protein 
family, conditioning on the wild-type structure (118, 119).

Joint generation of sequence and structure
The two-step de novo sampling strategy just discussed, s, b ∼ p(s |b)p(b), 
is statistically exact only if we can perfectly estimate each of the fac-
tored distributions. Because probability estimation is never exact, 
directly estimating p(s, b) might prove beneficial over estimation of 
the two factors independently, although the relative benefits of such a 
strategy remain unclear. One way to estimate this joint distribution is 
with a so-called “all-atom” modeling approach, wherein all atoms and 
their 3D spatial positions are generated at once [note some factored 
approaches also model all-atom configurations (88, 92)]. One major 
practical motivation for joint modeling—with, say, a diffusion model—
is to natively enable conditioning on certain configurations of atoms, 
namely, (i) atom configurations of functional motifs, such as active 
sites not defined by entire amino acids, and (ii) atoms arising from 
non–protein binding targets, such as RNA, DNA, and small molecules. 
Although it is possible to achieve such conditioning by instead “baking 
in” atomistic conditioning, the all-atom approach within diffusion-type 
models offers an elegant and perhaps more useful direction. However, 
such joint modeling is technically challenging; for example, how many 
atoms should be generated for each protein if its amino acid sequence is 
not yet known? Strategies are emerging to tackle this issue (120–124). 
One can sidestep simultaneous generation at the all-atom level by in
stead “codesigning” both the backbone and amino acids, although this 
strategy may be less amenable to general conditioning, such as on 
atom motifs, because not all atoms are explicitly modeled (54, 125).

Generative models for scoring and representation learning
In some cases, “generative” models are not developed to generate 
new samples. Instead, they may be used to “score” sequences as good 
or bad under that model, according to the likelihood or approxima-
tions thereof (63, 66, 126). When using a generative model to score 
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sequences, we are asking how much the sequence statistically “looks 
like” the training data, filtered through the lens of the chosen model. 
This task is sometimes called “zero-shot” prediction because “zero” 
labeled data are explicitly used. For example, we may score sequences 
with an inverse folding model, a sequence-only family-based model, 
or a pan-protein model that may be MSA and/or structure-aware 
(62, 67, 103). Notably, when benchmarking models for zero-shot scor-
ing on variants with multiple mutations (relative to a wild type) (127), 
top-performing models are not typically those trained only on single se
quences. Rather, they employ structure information, are MSA-aware, 
or do both (81, 128, 129). A zero-shot score may reflect substantially on 
stability (130) but may also contain functional information. A sepa-
rate use case for generative models is to extract representations (e.g., a 
layer of a neural network used to model the density) to then be used 
for further downstream machine learning, typically supervised, such as 
to predict protein structure or properties (73, 76, 78, 131–133). Notably, 
existing benchmark data sets (for both zero-shot and supervised learn-
ing) leave much to be desired owing to the limited number of muta-
tions from wild type—the exact part of design space that we hope AI 
can take us beyond. Zero-shot models can be used in tandem with 
library design, discussed in the next section.

The role of library design and its relation to synthesis costs
Even the most sophisticated machine learning models described above, 
trained on large corpuses of data, are not so accurate that we can 
simply take a single output and be done—we need to design sets of 
proteins as a library. Moreover, we are likely to need to do so for the 
foreseeable future. Depending on the complexity of the challenge, the 
amount of information already known and infused into the modeling, 
and the proportion of the protein sequence being designed, we may 
need to generate anywhere from tens to millions of candidate se-
quences to be tested in the laboratory to have some hope of finding a 
single protein with specified properties, let alone several lead candi-
dates. This raises two additional challenges: jointly designing batches 
of protein variants, and accounting for the cost of gene synthesis.

The less accurate a protein-design method, the more sequences we 
will have to test in the lab. At some low enough level of accuracy, it 
may be beneficial to replace designing specific sequences that we ex-
actly synthesize, with instead designing for a stochastic synthesis pro-
cess wherein we learn parameters of a sequence distribution that 
correspond to knobs that control the synthesis (134, 135). For example, 
if one is willing only to specify the probability of A, C, T, and G at each 
position in a fixed length sequence, then, for the same synthesis cost, 
one might generate several orders of magnitude more sequences (134). 
This of course comes at the expense of less control over each individual 
sequence. Even as full synthesis costs decline, this scenario is likely to 
remain relevant for many years to come.

A related but distinct problem from that of library design is that of AI-
based iterative design of experiments, of which a particular instantiation is 
machine learning–guided directed evolution (35, 58, 59, 132, 134, 136, 137). 
The problem setup here is to figure out how to make the most effective use 
of an experimental budget of time, labor, and money, over several iterative 
rounds of experiment, as with active learning mentioned earlier (59).

What’s easy, what’s hard?
Where do we stand in our progress on various protein-engineering 
problems, such as designing protein binders, enzyme engineering, and 
so forth? Pre-AI, hit rates for libraries of computationally designed 
protein binders against target therapeutic proteins were typically 
less than 0.05% (138). Now, with the help of generative models, along 
with the ever-growing PDB, hit rates have increased in some cases 
by orders of magnitude, allowing routine characterization in micro-
plates instead of labor-intensive high-throughput screens (139–141). 
However, generative models alone are not sufficient—the field cur-
rently depends heavily on post hoc filtering of generated proteins by 

way of calls to AI-based structure predictors as well as more tradi-
tional biophysics-based criteria (141). Designing proteins to target any 
biomolecule, such as DNA, RNA, and small molecules, rather than just 
a protein, remains more challenging, owing to a paucity of structural 
data on these molecules in complex with proteins (94, 142, 143).

Most successfully designed protein binders are small, globular pro-
teins composed primarily of helices and sheets, with minimal loop 
content, whereas natural proteins, such as antibodies, frequently rely 
on loops for molecular recognition. Although antibody-specific genera-
tive models are showing promise (140, 144–146), there are no general-
purpose models to robustly design flexible loops and intrinsically 
disordered regions.

Perhaps the hardest problem is that of enzyme design, which requires 
precise atomic knowledge, including configuration of the active site. 
For a simple and well-studied reaction, an expert chemist can posit 
an idealized atomic active site configuration—a “theozyme”—by in-
tensive quantum mechanics calculations (currently not AI-based) (147). 
However, for more complex reactions, we can only extract the active 
site of a well-characterized enzyme, then condition on it to generate a 
full enzyme. Such a strategy might enable miniaturization, increasing 
stability, or monomerization (97, 148), but it is not sufficient to design 
catalytic activity for new reactions. Moreover, it is likely to yield lower 
catalytic activity compared to the original enzyme, thus requiring 
further optimization by DE (148).

In an alternative AI-based enzyme design strategy, one can directly 
generate enzyme sequences without modeling active-site structures 
by conditioning on functional annotations such as Enzyme Commission 
numbers (56, 149). Such an approach is unlikely to generate functional 
enzymes for previously unknown reactions.

Outlook and discussion
Much of current AI-based protein design relies on protein structure pre-
dictors, either explicitly within a generative loop (141) or by way of post 
hoc filtering. Yet structure prediction models are anchored on the natu-
ral protein universe and may be insufficient to broadly judge useful, 
designed sequences. As the field of structure prediction progresses 
(150–153), it is likely that much of this progress will be translated to protein 
engineering. Newer directions such as methods for infusing AlphaFold 
with cryo–electron microscopy data or molecular dynamics data have 
recently emerged (154–156). Moreover, such trends remind us that AI de-
pends critically on costly, invaluable, and ideally public databases whose 
contents require laborious, expensive wet lab experiments (157).

A ubiquitously nagging question is to what extent can AI models 
generalize to “new” parts of protein space, with quotes to indicate that 
defining the word new in this context is itself a difficult problem (137). 
As this generalization issue will likely always exist, one might consider 
rationally blending biophysics-based models—which should be equally 
good throughout protein space—with AI models, which dominate in 
performance only sufficiently close to the training data, to get the best 
of both worlds (158).

One conundrum with development of AI-based protein engineering 
is how to track progress—most papers do not carry out a systematic, 
realistic comparison of methods because doing so is too expensive, re-
quiring making and measuring proteins in a wet lab. More generally, 
generative models are extremely difficult to evaluate. In contrast, clas-
sical tasks in AI, such as prediction, can be more readily evaluated in 
silico. For example, the CASP competition (159), critical to the progress of 
structure prediction, did not require synthesis and measurement of 
proteins after competition submissions. Ideally, the protein engineer-
ing community would craft more robust in silico benchmark problems 
(160), using more useful metrics, but doing so for many design-related 
problems is itself a difficult challenge. Competitions that include wet 
lab validation are also likely to prove useful (161, 162). Nevertheless, 
more baselines should be encouraged for publication of new methods 
claiming to provide a win.
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Editor’s summary
Proteins, with their varied structure and chemistry, are the prime actors of biology and have long been targets for
in vitro and in silico engineering. Generative protein models and other artificial intelligence (AI) tools are now being
integrated into experimental workflows. Listgarten and Jiang reviewed advances in AI methods and discuss how
statistical principles are being used to transform protein engineering through conditional generative modeling. Beyond
the sizable advances so far, current challenges include designing functional enzymes, disordered proteins, and binders
of all kinds, problems for which we currently lack sufficient training data. —Michael A. Funk
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