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Department of Biochemistry

Recent advances in de novo protein design have made it increasingly feasible to create

proteins with novel functions, driven by rapid progress in both computational

modeling and high-throughput experimentation. Modern tools can explore vast

sequence-structure spaces and evaluate biomolecular interactions, while experimental

assays can now screen billions of variants in parallel. Yet, a key limitation remains:

our current predictive models still struggle to capture the complex physical and

dynamical factors that underlie enzyme function. My thesis addresses this gap by

developing an integrated experimental–computational framework for enzyme design

that couples large-scale protein library construction with data-driven model

development. I design and test extensive libraries of enzyme variants to both optimize

catalytic activity and generate training data for next-generation predictors of protein

function. Ultimately, this approach advances our ability to connect sequence,

structure, and function.
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1 Introduction

Proteins are tools capable of operating at the molecular level. They are the basis of

biological interactions mediating signaling events, immune modulation, catalysis,

structural support networks and more. Every biological system relies on what is

known as the central dogma first described by Francis Crick in the 1970s, to first

transcribe deoxyribonucleic acid (DNA) to ribonucleic acid (RNA) and then translate

RNA to protein [1]. While biochemical mechanisms of evolution take place at the

DNA level to mutate or change the genetic code, these mutations are felt at the

protein level when the gene is translated. Over the course of billions of years

stochasticity inherent in the replication of genetic information has led to evolution of

novel function in proteins [2]. Nature is smart about conserving evolutionary energy

and often will rely on similar protein structures to achieve an array of chemistries or

signaling events. Across all organisms protein sequences and structures are often

conserved. For example immunoglobulin like folds in mammals are highly conserved

protein structures which activate and interplay with the immune system to defend off

pathogens [3]. Similarly, plants and algae across all species share common folds for

proteins such as rubisco which fix carbon dioxide from the atmosphere into sugar

building molecules [4]. There are many such examples one can find examining

conserved functions in the biological kingdom. Furthermore, examples of convergent

evolution offer insight into how different protein structures can be evolved for similar

functions [5]. Looking through a specific class of enzyme functions, one can usually

find a variety of protein folds which lend themselves to being able to do the same
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chemistry [6]. This insight helped drive the field of protein design as people began to

understand the value of being able to engineer proteins for a particular function.

Early work in this space involved understanding and recognizing why certain

mutations are beneficial for function. While it can often be difficult to rationalize how

some mutations effect function, in many cases structural analysis such as NMR or

x-ray crystallography can help understand why a mutation or group of mutations have

a particular effect [7, 8]. It is believed there is an underlying physical explanation for

the functional phenomenon of proteins, and many researchers around the world are

working to explain and understand how atomic structure conveys function. To further

our understanding for structure-function relationships, the field of protein design

began to take form in the early 2000’s as researchers first sought to better understand

how and why proteins fold to a particular tertiary structure.

1.1 Molecular Mechanisms of Protein Folding

Proteins are often thought to have a tiered hierarchy which seeks to explain how they

fold to a functional form. At the most basic level, a protein is a polymer composed of

twenty canonical amino-acids. Each amino acid has a conserved amine group at one

end and a carboxylic acid at the opposite end. Between these two functional groups

lies another carbon atom, often referred to as the alpha carbon (α-carbon). The

amine, carboxylic acid, and α-carbon are known as the protein backbone. Connected

to the α-carbon lies a functional group, unique to every specific amino acid, and

referred to as the side-chain. These functional groups have a variety of shapes and

properties, some are hydrophobic, while others are polar and even charged. Secondary
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structure is formed via hydrogen bonding of the backbone atoms. The nitrogen and

oxygen atoms on the backbone are capable of hydrogen bonding to form two unique

secondary structures: alpha-helices and beta-sheets. These secondary structure

elements are conserved across all types of protein folds. At the tertiary structure level,

amino acid sidechains are responsible for dictating the interactions and fold topology

of the protein. Amino acid sidechains are capable of forming hydrophobic pockets,

hydrogen bonds, charge-charge interactions, or covalent disulfide linkages. A the

quaternary structure level, folded proteins may interact and complex with others to

form larger complexes capable of assembling into machines, capsids, and more. While

we have long understood the physical interactions which mediate protein folding, since

the first protein structures were solved it has been a long outstanding challenge to

predict the structure an amino acid sequence will fold to [9]. The protein data bank

(PDB), founded in the 1970s is an ongoing effort to form a public repository of

protein structures. This dataset is one of the greatest resources publicly available,

containing over 100,000 structures.

1.2 Protein Modeling

In an effort to model a physical understanding of protein stability Rosetta was initially

developed as a coarse grained force field model to predict protein stability [10]. As the

community surrounding Rosetta grew, tools were developed for computing energies

with respect to a wide variety of biomolecules allowing users to understand the

interactions energetics [11, 12]. Designers used these tools to make new to nature

topologies and found amino acid sequences which would stabilize the fold of interest
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[13]. However, the Rosetta framework was unable generalize well to predicting the 3D

structure of a 1D amino acid sequence alone. In 2020, Deepmind released Alphafold2,

a deep neural network capable of predicting 3D structure from a 1D amino acid

sequence [14]. Considered to be a breakthrough for protein structure prediction, this

marked a major turning point which greatly increased the success and accessability of

protein design. Modeling the conditional distribution of protein structure given

sequence was possible using multiple sequence alignments (MSAs) which provide

evolutionary context for a particular sequence. The families of sequences contained in

an MSA allow co-evolutionary information to be derived which can allow the model to

pick out where long range sequence contacts are predicted to be [15]. Often, short

sequence motifs will fold to the same secondary structure and it is possible to learn

what simple sequence patters are indicative of helix or beta strand formation.

Predicting long range sequence contacts is often more challenging and Alphafold2 was

able to do so by learning to pull the contact information from the MSA directly. The

architecture can be broken down into a few components, a module which embeds the

query sequence and MSA into a single (RL×d) and pair (RL×L×d) feature

representations which are carried into structure module to produce the coordinates

(RL×3), where L is the length of the sequence to be folded [14]. This breakthrough not

only offered researches the ability to predict the structure of unmown proteins, but it

also was later discovered to be an excellent in silico oracle for designed proteins.
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1.3 Extending Folding to Design

The success of the architecture for modeling sequence-structure relationships allowed

researchers to make modifications allowing these models to be finetuned for design

tasks. Reproductions of Alphafold2, such as RoseTTAFold, allowed researchers to

experiment with architectural components of the network [16]. Deep network

hallucination (also known as activation maximization) methods were first shown as a

promising method for design [17]. These approaches involved computing gradient

steps through a structure prediction network to optimize a sequence toward a

low-entropy structure. Users were able to define distance constraints to bias the

hallucination trajectory. Taking gradients through the bulky architecture is

time-consuming and memory intensive, so researchers looked to the image modeling

domain to see where improvements could be made. A common task in the world of

image generative modeling is known as ”inpainting” and involves completing a

masked portion of the image [18]. This is similar to sentence completion in natural

language processing, and requires the model to rely on context from the rest of the

image to fill in what was left blank. In the world of protein generative modeling this

translated well to a task where provided a motif the model was tasked with finding a

scaffold to fix the motif in space. Known as ”motif scaffolding”, finetuning

RoseTTAFold for inpainting yielded a model capable of scaffolding a wide variety of

motifs in a single shot [17]. These inpainting models were great at conditional

generation, but struggled to produce any diversity in unconditional generation tasks.

Hallucination methods were good at giving diverse topologies, but at the time were

still slow and memory intensive, as previously mentioned.
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Diffusion denoising models were starting to become popular in the image domain [19].

These models learn to sample from the underlying data distribution by mapping from

a well known distribution to the data. A natural case for the prior distribution is

Gaussian. The properties are well studied and simple to sample from. Early work in

adapting these models to the protein domain, parameterized the process in structure

space. This was a natural choice as message passing neural network models (MPNN)

have recently been widely popularized for their ability to design stable and soluble

sequences when presented a backbone [20]. This led to the workflow of backbone

generation followed by sequence design. However, this backbone first workflow makes

it difficult to condition structural generation on sequence specific attributes. The

interplay between sequence and structure is a critical element to protein folding and

dynamics. There a subset of problems for which conditioning on sequence information

is quite important.

1.4 Why De Novo Design?

Before moving forward, it is worthwhile taking a step back to understand why de novo

design is a useful approach. The counter argument here is that nature has evolved all

sorts of diverse proteins for a wide variety of applications and functions. It can seem

futile to start from scratch when nature has done so much of the work up front. At

the current state of the field it is often much easier to start with a native protein

which has a function near your objective. However what happens when the function

you’re looking to encode is novel enough that no known protein has a function within

the realm? For challenges where the function is new to nature we will need to design a
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protein from scratch [21]. To build such a system completely de novo designers will

require a robust set of filters to understand what metrics convey function. For this

reason the exercise of designing de novo proteins will allow us to validate generative

models for design, and discriminative models for their filtering power. A great

example of this goes back to Alphafold2, where it was later discovered to be a

fantastic oracle for de novo protein structure prediction. Many crystal structures have

since been solved which match the predicted structure from Alphafold2 to near atomic

accuracy. Interestingly, de novo proteins have no MSA as they have no evolutionarily

related family, but structure prediction models are still able to fold these novel

designs. This could be the reason for designed proteins often being thermostable, and

we are a ways out from designing unstructured dynamic proteins. The lessons learned

while designing proteins from scratch will enable us to dream up new to nature

molecular interactions and chemistry.

1.5 The Promise of Protein Design

Designing proteins on demand will allow for everything from targeted therapeutic

design to sustainable chemistry. Proteins are the molecular workhorses of biology and

are enable complex and energetically unfavorable chemistry by lowering the activation

energy of the reactions. From a therapeutic perspective, protein design promises the

ability to treat disease [22]. This can involve targeting specific surface receptors to

limit the off-target effects of a drug or replacing a missing enzyme with a de novo one

which can be easily expressed. Designing antibodies to target a specific antigen is a

highly sought after goal, with companies today investing hundreds of millions into
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such design tasks. In addition to therapeutic applications, protein designing has

applications in the broad space of sustainability. Modern manufacturing processes

often require toxic reagents for compound synthesis, but design of enzymes would

allow for some of these same chemical reactions to occur in aqueous environments

allowing them to be environmentally friendly [23]. Furthermore, enzymatic

degradation of waste products including plastics would allow for complex polymers to

be recycled into monomers [24]. There is a need for us to build machines at the

molecular scale in order to harness next generation of technologies.

1.6 Research Directions and Goals

In the following document I will lay out the central hypothesis to my graduate work

along with a set of aims which will structure the approaches and proposals written

here.

Hypothesis: Guiding generative models with experimental data will

increase the success of functional de novo protein design.

While the researchers are reliably able to design soluble and expressible proteins,

challenges including enzyme design still suffer from low experimental success rate.

The following work will outline the approaches I have taken and will take to guide

generative models with experimental data. The following aims will outline and guide

the work toward interrogating the central hypothesis.

Aims:

1. Build generative frameworks amenable for guidance with experimental
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data.

2. Design libraries of proteins at scale to empower data generation.

These over arching aims will tie together the elements of my work, and will be

referenced back to at times throughout the document.
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2 Generative Modeling for Proteins

Generative modeling is a tool used to sample from an underlying distribution often

denoted p(x) [25]. When the manifold on which the data (D) exists is difficult to

sample from, there are a variety of procedures used to approximate and draw samples

from D. Often it is desirable to draw conditional samples p(x|y) where y is some

conditioning information which restricts the sampling space to a subset of valid

samples in the distribution which satisfy condition y. Generative modeling often

requires some latent variable z which is often a stochastic parameter which conditions

the sampling process. Both general adversarial networks (GANs) and variational

autoencoders (VAEs) are of note to this space. These generative frameworks

dominated the space of generative modeling for many years. More recently diffusion

models have become very popular in the generative modeling space for a number of

reasons to be discussed.

2.1 General Adversarial Networks

At a high level GANs are trained by two competing parameterized networks, a

generator Gθ(z) and a discriminator Dϕ(x) where z is a stochastic latent variable and

x is a data sample [26]. The generator’s goal is to propose samples x̂ which fool the

discriminator. The generator is optimized by sampling x̂ ∼ Gθ and passing the sample

through the discriminator to compute Dϕ(x̂) or the probability with which the

generator has ”fooled” the discriminator. In practice the loss function to be optimized

is Lgenerator = − log(Dϕ(x̂)). The discriminator is tasked with accurately detecting if it

has been provided a genuine sample x ∼ D or a fake x̂ ∼ Gθ(z). A common
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optimization for the discriminator is as follows:

Ldiscriminator = − log(Dϕ(x)) + log(Dϕ(x̂)). This is often referred to as a min-max game

as the networks are competing for a similar objective. In practice these networks can

be rather unstable to train and while some have been developed for protein

generation, it has never been widely adopted.

2.2 Variational Autoencoders

VAEs are a longstanding alternative framework to GANs. In the VAE setup the

network is attempting to learn a compression of x ∼ D to a latent z whose

dimensionality is smaller than x [27]. The architecture consists of an encoder Eθ(z|x)

and a decoder Dϕ(x̂|z). Here the encoder projects x to a with a mean µz and variance

σz that parameterize a multivariate Gaussian from which a latent z is sampled. The

latent z is then passed through the decoder to recover the original input x. Both

Eθ(z|x) and Dϕ(x̂|z) are jointly optimized by the following global objective:

L = Lrecon + Lkl. The reconstruction objective is most commonly formulated as the a

mean squared error loss Lrecon = ||x− x̂||2, with the goal of learning a compressed

latent z which contains the information needed to reconstruct x. In addition a

Kullback-Leibler (KL) divergence term is added to enforce that z is close to a normal

Gaussian: DKL(Eθ(z|x) ∥ N (0, I)). Typically a reparameterization trick is used to

allow gradients to flow through the sampled latent. This involves predicting µz and σz

and then sampling the latent as follows z = µz + σzϵ where ϵ ∼ N (0, 1). Ideally if the

learned latents are close enough to a true multivariate Gaussian, in principle one can

sample from the prior and pass through the decoder to sample from the generative
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model. VAEs have found value in being applied to protein ensemble generation [28].

This allows a user to encode a latent vector corresponding to a particular state and

then draw realizations of other probable ensemble states by sampling from the latent

space.

2.3 Denoising Diffusion

More recently the field of image generation has shown significant progress in both

unconditional and conditional generation using denoising diffusion probabilistic

models (DDPMs), popularized in recent years [19]. These are latent variable models

which define latents of the same dimension as the data. One can conceptualize such

models as a map between a well known prior distribution which is easy to sample

from and a posterior distribution defined over the dataset. A forward process is

defined as a Markov chain which adds noise to the data to sample noisy estimates of

the data q(x0:T |x0). The forward process is usually defined by a noising schedule

which determines the signal to noise ratio found at each step of the forward process.

For different data domains there exist optimal choices of the schedule depending on

the structure in the data. It is common for t = 0 to represent the timestep at which

no noise has been added to the data and t = T be the timestep at which the prior is

sampled with no information from the data. The noising schedule is defined by

parameters βt, αt := 1− βt, and ᾱt := Πt
s=1αs. Various options for βt have been shown

to work, but the authors of DDPM suggest β0 = 10−4 and βT = 0.02. To sample from

q(x0:T |x0) is to compute
√
ᾱtx0 +

√
1− ᾱtϵ where ϵ ∼ N (0, I). During training a

timestep t is first sampled, the data is noised accordingly, and in the simplest
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objectives the network is tasked with predicting the un-noised data x0 using a

parametrization of pθ(x0|xt, t). In addition to the providing the model with a noisy

sample the model also receives the current timestep as conditioning information. The

goal of diffusion modeling is to learn the score ∇x log p(x) or the direction in which

you should take a step to converge to the data. Most commonly the L2 objective used

is of the following form: L = ||x0 − pθ(x0|xt, t)||2. In addition to conditioning on the

time step information it is also possible to parametrize such networks to take in

conditioning information from other sources, this could be an image label, or in the

case of protein modeling a motif you wish to scaffold. Later work also proposed

conditioning on the model’s previous prediction of the data x̂0 as this would allow the

model a look ahead at what it last predicted. Since the seminal DDPM work, many

modifications have been proposed including flow matching implementations which can

be even simpler to implement. For the sake of this work I have focused here on

diffusion models as they are most relevant. One particularly nice property of the

diffusion framework is that it is amenable for gradient based guidance without

needing to retrain the model. Classifier based guidance allows for conditional

generation by computing gradients through a pretrained classifier [29]. To follow the

conditional score, one can use Bayes’ rule as has been previously shown to sample

from the conditional score: ∇x log p(x|y) = ∇x log p(y|x) +∇x log p(x) where y is

some conditioning label. This formulation is especially modular as it allows the

pretrained diffusion model to be fixed and classifiers (or regressors) to be swapped in

to bias the diffusion trajectories toward the conditional distribution.
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2.4 Goals in Protein Generative Modeling

Before diving into my first body of work, I find it necessary to outline the challenges

in protein design we are seeking to apply generative modeling to. Although many

generative models in the protein design space are often evaluated on benchmarks for

unconditional generations, there do not appear to be any use cases for unconditionally

generated proteins. Depending on the application the designer has in mind a wealth

of conditioning information may be accessible including but not limited to secondary

structure, fold topology, structure and/or sequence motifs, amino acid composition,

functional labels, experimental data and more. The scope of problems researches are

looking to tackle is wide. Most commonly generative models are evaluated using in

silico oracles such as Alphafold2 to look at ”self-consistency” metrics which determine

if a sampled protein (sequence and structure) is consistent with the oracles prediction.

In the case of motif scaffolding where the structure of the motif is important one can

also easily look at how well the oracle recapitulates the motif structure. Motif

structure especially at the atom level is imperative to allowing for designed enzymatic

function, however even when the geometric constraints are perfectly satisfied there are

still dynamic and electronic effects which can impact the activity but are left

unaccounted for. Certain topologies may be more optimal for a particular chemistry,

and yet it is still necessary to find the most functional sequence for a particular fold.

Finding the most functional sequence to fit a particular fold is an outstanding

challenge in the space of protein generative modeling. Methods like ProteinMPNN

will find sequences which are likely to fold to the correct structure, but generative

paradigms have yet to condition on functional data.
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2.5 Protein Structural Datasets

When training these generative models the choice of dataset is important. Luckily

since the 1970’s solved structures of proteins have been deposited into the protein

data bank (PDB) and cataloged in an easy to access online database. These

structures can be easily downloaded and processed as input for training. Each

resolved structure comes with documentation as to how confident the resolution of

each individual atom is. This allows for easy filtering to ensure you only train on high

confidence structures. The PDB comprises roughly 300,000 individual protein crystal

structures. However after clustering by sequence identity, roughly about 40,000

unique clusters are found. In the training of Alphafold2 and many other subsequent

design models, a cluster is first sampled and then an item from that cluster. This

prevents the overuse of any single protein structure seen during training. In addition

to experimentally resolved structures in the PDB, the Alphafold database (AFDB)

comprises millions of predicted protein structures with high confidence [30]. Due to

the success of structure prediction, this greatly expands the space of potential training

examples, and some models have found that training on such a dataset leads to better

generalization. As the generative methods developed are described these datasets will

be referenced as to what models were on which datasets.

2.6 Diffusion in Protein Sequence Space

One particular advantage of the diffusion as previously alluded too above is the ability

for modular gradient based guidance in the framework. While an ongoing parallel

effort sought to define the generative process in structure space, defining a diffusion

20



process in sequence space would allow for unique forms of conditioning and guidance

[31], see figure 1a. Since sequence is a discrete modality, defining the diffusion process

required some departure from the usual framework. At the time this effort began a

few other works had already adapted the diffusion framework for discrete modalities.

Some proposed diffusion on a simplex, which restricts the discrete domain to live on a

true probability distribution manifold, however we found the proposed ”analog bits”

representation to be the best fit for our use case [32]. In the work they propose

transforming the discretized one-hot space to live on the manifold of [−1, 1] by the

transformation 2x− 1 where x represents the one-hot initialization of the sequence.

With this transformation it is now possible to sample Gaussian noise and add it

directly to the input space as described in the denoising diffusion section above. This

relaxed sequence representation is a continuous space amenable for easy gradient

based guidance. In addition, this same work also proposed the concept of self

conditioning where the model is able to condition on its previous prediction of x̂0 [32].

We found that conditioning on the models previous prediction to be advantageous

during training. As the framework for the architecture we used RoseTTAFold

repurposing the 1D track as the input for which the noisy sequence would be

provided. Importantly no MSAs were provided during training. The 1D track was

expanded to allow for extra conditioning information such as a timestep feature, an

indicator variable for if a particular position is diffused, and secondary structure

conditioning information. In addition to providing sequence information as input, the

RoseTTAFold architecture is also capable of conditioing on 3D structure. We used this

to our advantage and occasionally provided structural information as conditioning.
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We relied on previous works such as LM-diffusion for guidance on selecting a noise

schedule and loss function appropriate for discrete data [33]. In the work, the authors

suggest using a square-root schedule as it adds more corruption to the input for early

time steps. This is especially important for discrete data as it can be easy for the

model to cheat by effectively learning to argmax at low timesteps when not enough

noise is added. Early on we conducted analysis to demonstrate that using the

square-root schedule results in a linear decay of argmax accuracy over the timesteps

from t = 0 to t = T . During training the timestep was sampled uniformly along the

interval: [0, T ]. The LM-diffusion and analog bits work also validate that categorical

cross entropy (CCE) loss can be used in-place of an L2 loss as it is more natural for

discrete domains. In addition LM-diffusion also suggests using a KL term on the

reconstructed xt−1 input. They claim this helps to stabilize training, so we also

implement this term in our work. In addition to these losses we also employ a variety

of auxiliary losses used in training RoseTTAFold including the frame aligned point

error (FAPE) loss, originally implemented by Alphafold, CCE loss for the predicted

distogram, bond length and bond angle loss [14]. See algorithm 1 for more details.

The training regiment consisted of a variety of tasks to help the model become robust

to its understanding of all different kinds of conditioning. We found the self

consistency of the sequence-structure pairing to be best when we split time evenly

between structure prediction, fixed backbone sequence design, and the normal

diffusion task. The structure prediction task is akin to sampling t = 0 without

structural conditioning or MSAs provided. This can often be a difficult task for the

model to learn as single sequence structure prediction without a language model
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embedding like ESM is known to be difficult, but we found this to be valuable.

Similarly, the fixed backbone sequence design task is as if you were to sample t = T ,

but the complete backbone structure is provided. This single shot sequence design

task appeared to increase the quality of designed sequences. Finally, the diffusion task

where the sequence is noised accordingly to the sampled timestep. If the diffusion task

is sampled, there are two main masking schemes that get used. Half the time no

conditioning information is provided, else the span or sparse masking schemes are

used at random. For span masking 1-4 contiguous sections (usually between 5-10

residues) of the sequence and structure are provided as conditioning information. In

the sparse masking scheme a random assortment of 3-5 residues far apart from each

other in sequence space, but close in structure space. The sparse masking task should

mimic scaffolding an enzyme active site where minimal information is provided.

During training models were evaluated on a variety of tasks including unconditional

generation and motif scaffolding.

To sample from the model in inference mode we ran a variety of tests and

comparisons to observe that sampling with out direct interpolation to xt−1 worked

best, a finding that is consistent with the LM-diffusion work. Beginning by sampling

the prior (a normal Gaussian) each model prediction is treated to be an estimate of x0

and noise is added just as it is done during the forward xt =
√
ᾱtx̂0 +

√
1− ᾱtϵ, see

algorithm 2. Empirically we found that even with only 25 timesteps at inference we

are able to achieve quality samples. At the end of the trajectories a final sequence

would be gathered by argmaxing the output logits. To validate the unconditional

generations from the model, we ordered and synthesized early unconditional samples
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and found them to be soluble and monomeric. Each of the proteins ordered was a

single gene block fragment that was then cloned into a bacterial expression system

and purified. This experimental confirmation gave us confidence in the models ability

to generate real proteins. We would later receive more confirmation with crystal

structures that the designs behaved as expected in solution. For more details please

see Lisanze et. al. [34].

2.7 Applications of Protein Sequence Diffusion Models

There are a variety of methods to guide diffusion models. Classifier guidance serves as

a modular approach to conditioning, other approaches such as classifier free guidance

rely on conditioning mechanisms which must be provided during training [35]. To

demonstrate the promises of parameterizing the generative process in protein

sequence space, we implemented potentials to enforce sequence composition. These

potentials are akin to adding a force to the diffusion trajectory which pulls it into a

conditional distribution that satisfies the amino acid composition. We began by

applying simple potentials such as a charge bias to design proteins with a desired net

charge, see figure 2d. This was done by simply adding some scaling factor to the

output logits before noising. Using this approach we can demonstrate how the model

is able to bias the output distribution for a variety of sequence based properties

including charge and hydrophobicity index.

To generate proteins of a particular sequence composition a more complex potential

was required. Naively we attempted to bias the logits toward a particular amino acid

by up weighting along the dimension along a single amino acid in the logit space, but

24



this strategy would often lead to a form of mode collapse where the sequence devolved

to be only the single amino acid for which the potential was applied. Rather what

seemed to work better was a scheme where the user defines a fraction of the protein

sequence they would like to upweight toward a particular amino acid, and at each step

of the denoising trajectory a bias is added to the input fraction of residues which are

predicted to most likely be the amino acid of interest. This avoids upweighting the

entire sequence equally and instead only weights those positions already likely to end

up as the amino acid of interest, see algorithm 3 for more detail. Using this potential

scheme we demonstrated the ability for the model to guide toward rare amino acid

composition to demonstrate the models ability to sample unique sequences and

understand sequence to structure relationships, see figure 2e-h. Looking at the

distribution of amino acids for which the model samples after training, it was clear

that the distribution of amino acids the model samples is close to that of the native

distribution with the exception of a few amino acids for which the model appeared to

oversample including glutamate (this is similar to what ProteinMPNN observes as

well). For the rare amino acids such as tryptophan, cysteine, methionine, histidine,

and valine we employed the sampling procedure to see if the model could sample such

sequences. We generated proteins of lengths 80-100 amino acids and biased 20% of

the residues to be one of the rare amino acids listed above. When designing proteins

with increased tryptophans we find the model is able to pack these large bulky

side-chains into the core by ensuring the backbone leaves enough space to do so.

Expressing these proteins found that a number of them were soluble with high 280nm

absorbance consistent with what would be expected from a protein with many
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tryptophans. In the case of unweighting cysteines in some of the designs the model

will actually pair the cysteines to ensure they are disulfide bonded. Expression of

these constructs revealed a number were soluble and mass spectroscopy revealed that

the number of disulfides bonds formed matched the number found in the designs for

some. For designs made with increased valine concentration we found that some

displayed beta-sheet secondary structure, a finding that is consistent with increased

valine content in nature. Circular dichroism analysis of these constructs revealed they

had beta-strand character consistent with the designs. Additional circular dichroism

analysis for all of these constructs revealed they highly thermostable and do not

appear unfolded at temperatures as high as 950C. This hyperthermostable effect is

consistent amongst other designed proteins.

Next we aimed to design proteins with conserved sequence repeats. Prominent

throughout nature, proteins with conserved repeating units are common in biological

materials. To design proteins with repeating sequences we symmetrized the noise and

diffusion updates along the 1D sequence. For a user input of repeat unit length l and

number of repeating units n we featurized an initial sequence of length L = nl. At

each diffusion the logits in the first repeating unit were copied across all n units so the

entire sequence received symmetric updates. We found a number of these proteins to

express monomerically and were able get a crystal structure of one of them which

demonstrated sub 4 Angstrom accuracy to the design model, see figure 3.

To attempt challenges with a functional application we investigated the model’s

ability to do structure agnostic sequence motif scaffolding. In the first class of

problems, we provided with the model with a library of protein barcodes for it to
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scaffold into monomers. Size exclusion chromatography (SEC) traces of the barcoded

traces demonstrated the ability of the model to incorporate the barcodes into soluble

and monomeric proteins. Protein barcodes, similar to DNA barcodes, allow designs to

be tagged unique molecular identifier (UMI) which allows for experiments to be run in

pooled based settings. Protein tags are advantageous for many assays where as it is a

simpler system to express a protein with a UMI than other tagged systems such as

cDNA display (cDNA display is a library preparation protocol where a protein is

conjugated to its own DNA template).

In addition we tested the model’s ability to design a protein which scaffolded a lytic

peptide and a protease tag. When incubated with a protease ideally the lytic peptide

would be release and lysis would occur, see figure 4. This system could serve as a

precursor to a potential route for endosomal escape. When therapeutics are targeted

to a cell they are often encapsulated into an endosomal compartment. One of the

many challenges with administering these therapeutics is that drugs may become

trapped and degraded in the endosome before they can take effect. To increase the

relevance of such a design task we used a furin cleavage site upstream of a melittin

peptide. Furin is one of the proteases commonly found in the endosome, and melittin

is a common lytic peptide known for its powerful potential to lyse cells. As input to

the model we provided the amino acid sequences for furin cleavage site and melittin

peptide, as well as 100-120 masked resudeys at the N-terminus. We also provided

secondary structure conditioning to scaffold the cleavage site in a loop, and the

melittin peptide in a helix. Melittin does not appear to be a structured peptide, so we

wanted to ensure it was stable in the scaffolded form. A few of the expressed designs
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appeared to be monomeric by SEC and even demonstrated controllable release and

lysis when incubated with furin. Lysis was determined by incubating the cleavage

products with red blood cells. In a negative control where furin was not added no

lysis was observed, hence we were able to achieve conditional lysis.

As a final application of we implemented a framework for multi-state design. In

nature proteins which can adopt multiple different states are able to achieve unique

functions. This can involve a rigid motion or something more dynamic where a helix

can switch to a strand. Multi-state design fits nicely into the sequence diffusion

framework as the end goal is to find a single sequence which is capable of adopting

multiple structural states. In a structure diffusion framework it is possible to design

multiple similar structures, but more difficult to enforce the structure are accessible

from the same sequence. While it may not be the most principled implementation we

found that we can initialize multiple diffusion trajectories with the same noise and

provide different secondary structure conditioning for each. To demonstrate the

ability of the model to find a single sequence which can adopt distinct secondary

structure states, we formulated a challenge where a parent protein occupying an

alpha/beta fold with a cleavage site at the center would cleave into two child proteins

both with only alpha helical character. This would require that the residues which

make up part of the beta-strand in the parent would need to switch to become alpha

helices in the child. During the diffusion trajectories the secondary structure

conditioning for the parent and children were full specified. After each denoising step

the logits from the child and parent proteins are averaged over their respective indices.

The representation across the parent and child proteins is synced before the next step,
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see algorithm 4. The designed sequences were then filtered with Alphafold2 to ensure

that the secondary structure switch was predicted to occur. A few of the constructs

were ordered as separate parent and child genes to express. We were able to find that

a subset of the designs appeared to express well and were monomeric by SEC. Next

we attempted to quantify the secondary structure content of the proteins on CD, and

it was promising to find that the resulting spectra matched with the secondary

structures they were predicted to adopt. Working with a collaborator who solves

structures with nuclear magnetic resonance (NMR) spectroscopy we sent some of our

best candidates for structure determination. We were fortunate that the collaborator

was able to solve high resolution NMR structures of two different parent proteins.

Both revealed the correct alpha/beta fold that was intended in the design, see figure

5. Unfortunately, they were unable to solve structures of either of the child proteins,

but these proteins still do look ordered and alpha-helical by CD. This proof of concept

approach looks promising that we able to design fold switching proteins in this

framework, but more excitingly this points to a potential transition in protein design.

Proteins in solution are hardly static and currently our design frameworks mostly

design for a particular state. In the case of enzyme design where a multistep reaction

is required, it would be advantageous to be able to design a backbone which is capable

of easily transitioning through each step of the reaction. It is important that the

model has an explicit understanding of the sequence-structure relationship in order to

design a sequence which has the ability to adopt multiple structural states. Current

tools are good at being able to design multiple different structures, but there are no

constraints to ensure these structures will be able be encoded by a single sequence.
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2.8 Guidance with Experimental Data

To explore the ability of sequence space diffusion models to be guided using

experimental data, we used a combinatorially complete dataset of for an IgG binding

protein GB1. Four positions at the binding interface were mutated exhaustively such

that every possible combination of four amino acids at the specified locations was

sampled in the library. This amounts to 204 ≈ 160, 000 unique variants. These

variants were then assayed for binding activity and collected into a single dataset

which maps the complete sequence-fitness landscape for the four specified positions at

the interface. In our test experiment we attempt to compare using classifer guidance,

to bayesian-optimization (BO) gradient based methods. To give both methods a fair

start and equal footing, we initialized the pool of candidates for both methods with a

sample of 96 designs proposed by the sequence diffusion model provided the context

(structure and sequence) of the target with the positions of interest masked. The

combinatorially complete dataset allows for any sequence which is proposed by the

model to be evaluated. This is especially convenient and more realistic in terms of

capturing the epistasis in the landscape. Next with the initial pool of 96 sequences we

train a ranking based classifier to guide the diffusion model, and a gaussian process

(GP) model for BO. Methods for BO are described later in this document as they

pertain to the large scale library design work. Over 3 rounds of both methods

proposing 96 sequences per round, the sequence diffusion model out performs basic

BO methods in both the max activity of predicted variants and the mean of each pool

as seen in figure 1d. The intuition for why the diffusion method should work better

for this type of problem, comes from the fact that it has a good sequence to structure
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relationship, whereas the BO method has only seen the limited set of sequences it has

proposed for evaluation. While BO will select for sequences that appear to have high

uncertainty associated with them because there is a chance these sequences can have

high activity, the diffusion model is able to ignore a large part of the space for which

it knows there is likely to be no function. It is promising to see that these diffusion

models are able to enhance large sequence space searches, for reasons we discuss later

there are concerns with these types of approaches as they can be cost limiting.

2.9 Atomistic Generative Modeling

Since the development of this initial sequence space diffusion model, the field has

made great progress with being able to explicitly model atomistic systems. In

Deepmind’s Alphafold2, each protein residue is represented by a frame which can be

thought of as the plane between the nitrogen, α-carbon, and carbon atoms of the

backbone. Predicting frames in some aspects simplifies complexity as a translation

and rotation can describe how the frame is oriented in euclidean space. This becomes

more complicated however from a diffusion prospective as both the rotations and

translations need to be treated as separate modalities with which the diffusion model

must learn a joint denoising process. With the advent of Alphafold3 a new

architecture overhaul was introduced that does away with the frame representation

and instead favors a hierarchical representation of atoms and residues [36]. The

computational complexity increases by over an order of magnitude when each atom is

explicitly modeled in the system. To avoid this complexity, the team implemented a

version of sparse attention where the atom attention operation is chunked into
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sequence local patches. The encoding process involves iterations between the sparse

atom attention and the full residue level attention. After each atom attention step,

the atom representations are pooled into a representation which updates the residue

level. Alphafold3 also relies on a diffusion model for the structure generation,

conditioned on information from the MSA. In this case the diffusion process is

formulated in atom space which removes a lot of the complexity associated with

diffusing over the frame representation. Similarly to the feature encoder, each step of

the diffusion process alternates between sequence-local attention at the atom level,

and all-by-all attention at the residue level. Looking forward the field is interested in

being able to adapt these structure prediction architectures for design.

2.10 Latent Diffusion Models

More recently work in the image domain has shifted from parameterizing diffusion

models over the raw image modality to diffusing in the latent representation of a VAE

[37]. In this case the VAE encoder compresses the data into a latent z which is a

smaller dimensionality than the input data sample x ∼ D. The intuition is that the

smaller dimensionality of the latent space will be an easier manifold for the diffusion

process to operate. In addition the, albeit small, KL term for VAE’s will enforce

Gaussian structure, and we know that transformation from a Gaussian prior to

another Gaussian should be feasible. Compression in the image domain seeks to

remove the perceptual information and retain the semantic information [37]. The

perceptual information occupies much of the dimensionality, but does not appear to

be necessary for high quality reconstruction because the decoder is able to learn how
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to input the perceptual details. When a user is interested in specifying some

conditioning information for which an image must be generated it is important those

details can be satisfied and it appears as though the diffusion model is able to

navigate the rich semantic representation contained in the latent. Latent diffusion

models for image have reached state-of-the-art in generation tasks.

In the world of proteins the most challenging conditional design tasks involve finding

proteins which are able to bring together atoms in space with specific geometric

constraints of the active site. Protein sequences provide a natural way to compress

over the number of atoms, but perhaps there is a smarter way to go about such

compression so that high resolution can be retained near the active site while the

atoms further away are clustered together in patches. The geometric constraints

required to scaffold atoms at the active site are highly specific and atoms often need

to be within an angstrom of where they are specified. As the number of atoms in the

active site begins to scale the geometric constraints become harder and harder to

satisfy. If x ∼ D is the atoms in a protein structure x ∈ RNatom×3 an ideal

autoencoder would be able to compress the atomic representation to a much smaller

dimension z ∈ RNpatch×d where Npatch << Natom and d is a fixed size second

dimension. Compressing to a smaller Npatch dimension would allow for all-by-all

attention in the latent representation which would be ideal for training a diffusion

model over the latent instead of the sequence local attention Alphafold3 implemented

to do spare attention over the Natom dimension.

As alluded to above, for active site conditioning it would be nice to preserve high

resolution detail for the atoms in the active site, but further away from the active site
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atoms can be aggregated together into the same token. In such a scheme one could

imagine a Russian doll type approach where concentric shells around the active site

dictate how many atoms are aggregated together. One could imagine first computing

the min distance of each atom in the system to an atom in the active site, and

depending on the distance to the active site will determine how many atoms it gets

binned with. While it can be possible to patch non-contiguous atoms into the same

patch, it seems more straightforward to patch atoms together with other atoms in

along the Natom dimension. The diffusion transformer architecture from Meta is a nice

example of how such patching can be done. To find more information on my work

here please see Yim et. al [38].
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3 Library Scale Protein Design

Currently, the field of protein design is reliably able to design protein rocks, yet we

are much more curious about designing functional proteins. Protein function is a

highly complex interplay of actions and motions occurring at the molecular level.

While the following works for any protein function, enzymes in particular are

challenging to engineer [39]. These proteins are highly sensitive and require complex

dynamics. For each turnover, the enzyme must bind the substrate effectively pulling it

out of solution, transform the molecule in some way (often a multi-step process), and

then release the products regenerating the starting state so that it may bind substrate

again [40]. This requires the pocket where the small molecule binds to be accessible,

and the molecular shape and pattern to accommodate the substrate. In order to bind

the substrate we know the protein must be able to make favorable interactions which

are energetically favorable. However they must not be too favorable or else the protein

may bind the substrate too tightly and will be unable to turnover any product. The

complexity of such a problem makes it highly difficult from a design perspective.

With the current available tools we are able to confidently predict protein structure

from sequence in a matter of seconds, however we do not have any filters which

explicitly consider the dynamics of the system [41, 36, 42]. Newer systems are able to

approximate molecular dynamics systems, but these methods are too expensive to

screen a large batch of in silico designs. Structure prediction methods allow us to take

a snapshot into the dynamic process in action and make some guess as to what is a

state the system may occupy. Some people will argue that by running many
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predictions to generate an ensemble we are sampling from the true statistical

distribution underlying the potential states that the protein occupies. This can still

be rather expensive when needing to run filtering for 106 different candidates. We are

at the cusp of being able to design functional proteins, yet we will need to collect

large scale functional datasets to understand how we can filter more appropriately for

the particular function we are interested in, or train new models to filter for function.

The Protein Data Bank (PDB) is a wealth of data made publicly available by the

organizers who curated protein structures from labs and papers around the world [43].

This even went so far that Nature and Science journals signed on to promise that all

structures published in a journal article would be deposited in the PDB. This ended

up being a major endorsement of the PDB as these journals are highly sought after.

Structural biologists who work directly for the PDB are responsible for the intake and

quality assessment of new protein structures. This team of people ensure the data is

formatted in a standardized and accessible way. For many years this repository has

seen thousands of deposits and has enabled the age of AI structure prediction [14, 16].

Native proteins deposited to the PDB are functional for the most part in that biology

automatically selects for functional proteins through the natural forces of evolution,

although it is important to note that the function nature selects for is not necessarily

well aligned with what designers are interested in. From the perspective of protein

design we are capable of designing proteins which fold into a specific 3D structure, but

lack a strong ability to know if such a protein will be functional. For this we will need

to collect data at scale about function. The difficult part about such a task is being

able to discriminate from all designs which fold those that are functional. Data will be
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required to power such a feat, and we need an open source web portal where

functional data can be deposited for all to use.

To align generative models so they may generate more functional proteins, large scale

sequence to function datasets are necessary. Two of the most common approaches to

generate large libraries involve error prone polymerase chain reaction (PCR) or gene

fragment shuffling [44, 45]. To generate libraries with error prone PCR a promiscuous

polymerase is used to amplify a gene of interest such that random mutations will be

introduced into the amplified copies of the gene. Careful consideration is taken to

control the number of mutations introduced. Too many random mutation often cause

deleterious effects, so often only one or two mutations is desirable. On the other hand

gene fragment shuffling is often used by both nature and engineers to explore a wider

breadth of sequence space [46]. Variable chain recombination in antibodies is a tool

the immune system uses to find optimal antibodies to a foreign antigen [47]. Higher

order gene reshuffling can also be observed during sexual reproduction where whole

genes can migrate to different chromosomes [48]. Inspired by these natural processes

strategies for combinatorial library design have often been proposed for redesign and

exploration of native proteins. This includes work like SCHEMA where the researchers

propose splitting proteins into structural fragments and searching homology databases

for other sequences which could be used to recapitulate the same structure in the

fragment [49]. With the advent of tools for protein sequence design and folding, it

would be ideal to incorporate such filters into the library design process.

It is worth defining the boundaries for which we wish to collect data before focusing

on how to adapt library design strategies to new structural filtering tools. From a
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protein design perspective, designers are often able to find an array of unique

backbones for a particular campaign and it can be difficult to know which of these

folds is most optimal for a particular function. Here we refer to this as the fold

optimization problem. While highly desirable as a goal, collecting the dataset for such

a prediction task is difficult and cost prohibitive with current approaches for DNA

synthesis. In this problem statement we wish to build a dataset D for which a model

pθ(y|x) is able to predict the likelihood of function y for a particular protein fold x.

The difficulty in this formulation lies in collecting the data set. With modern day

tools we are able to assign many sequences to a particular fold and we know from

decades of experimental work that the sequence-functional landscapes are often very

rugged [50]. It may be possible to compute the likelihood of function for a particular

fold by assigning many sequences to a single backbone and determining what fraction

of the assigned sequences are functional. However, to collect such a dataset for enough

folds to be able to see good generalization will be cost prohibitive. In my work I focus

on the subset problem which is finding the most optimal (functional) sequence for a

single fold. This simpler problem is approachable from a library design perspective

and may yield insights in the the grandeur problem of finding the most functional fold.

3.1 Sequence Function Landscapes

Before diving into the approaches in library design and optimization it is worth taking

a step back to think more concretely about the space in which we are interested in

collecting data from. While it is common to visualize the sequence-function landscape

as a 3D map where the xy plane is a compressed sequence space representation and
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the z axis defines some functional metric we wish to optimize, in reality the space is of

high dimensionality and direct visualization is difficult. Figure 6 visualizes

sequence-function space as described here. The vast majority of this space is

non-functional, any random set of mutations chosen to a particular variant is highly

likely to be non-functional given the enormous complexity (20L where L is the length

of the protein, and there are 20 possible amino acids at any given position). Natural

evolution is able to explore this space greedily by taking small local steps and only

accepting mutations which are not deleterious to function. Through these

evolutionary mechanisms, nature has evolved high complex function, but it is unclear

what are the boundaries of such a process and what the best way to navigate such a

space is from a protein design perspective. Directed evolution (DE) is a foundational

platform in protein engineering which aims to mimic the processes of evolution using

an error prone polymerase to generated mutations to a target gene of interest [50]. In

DE systems a strong evolutionary pressure is needed in order to extract new variants

with enhanced properties for a function of interest. The phrase ”you get what you

screen for” is often used as a term of caution when setting up these screens. If there is

an easy way to exploit the system without truly optimizing the protein of interest the

system will likely find it. It is not well understood how to predict what this high

dimensional landscape will look like, or even how rugged the landscape itself is. Using

DE methods we can learn about the ruggedness of the local landscape, while a

combinatorial shuffling approach will usually allow for sparser exploration where

islands of function may be identified that are un-reachable by directed evolution

methods. Recent work redesigning native enzymes has demonstrated that generative
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backbone conditioned sequence design models are capable of proposing novel sets of

mutations which increase function and solubility over the native equivalent [51].

While in an industrial setting we often are interested in maximizing the turnover rate

of a particular enzyme, in a biological context these functional activities for enzymatic

processes or signaling events may need to be carefully tuned in order to ensure the

equilibrium states do not affect the homeostasis of the system. It should be noted

that the most likely strategy to work is one that searches broadly through sequence

space first and then performs greedy local search there after on promising candidates.

3.2 Prior Work

Exploring and predicting which mutations are most likely to be functional is a long

outstanding challenge. Traditionally single site saturation mutagenesis (SSM) libraries

are used to investigate how robust each residue is to all mutations at that site [52].

While this data can be valuable to understand which single amino acid mutations are

beneficial, it is difficult to learn anything about the combinations of mutations from

such data. When a model is trained on SSM data it can only learn to propose

combinations of the most beneficial mutations. Often additivity does describe the way

mutations interact with one another, but more complex epispastic effects are often

common when combining mutations. Protein language models (PLMs) like

Evolutionary Scale Model (ESM) are trained in an unsupervised manner with a

masked language model objective to embed and recover sequence information [53].

This work has shown empirically that these models are able to learn about protein

families and structures. Researchers have shown such models can be predictive in
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some settings of functional mutations, but this has only been evaluated on native

protein fitness landscapes for the most part. In a zero-shot setting where we are

trying to asses what is the most beneficial mutation these models can ensure we do

not propose something that falls out of distribution for the context, however the

log-likelihoods associated with the sequences generated do not seem to correlate well

with function. Furthermore, when training a supervised learning task on a set of

activity data, recent work has shown the embeddings from these models often do not

out perform simple one-hot encoded sequences. In the context of de novo proteins it

is unclear if embeddings from a PLM is even useful.

Recently machine learning assisted directed evolution (MLDE) platforms have become

quite popular. Often referred to as lab-in-a-loop pipelines, MLDE strategies involve

iterative rounds of data collection, model training, and variant proposal [54, 55]. Two

works in particular, Lipsh-Sokolik et. al. and Rapp et. al. employ combinatorial

fragment strategies to optimize in quick iterations [56, 57]. In the Lipsh-Sokolik work,

they split a native xylanase enzyme into 4 different fragments by structural domain

and apply Rosetta based filtering metrics to identify which fragments lead to

energetically favorable designs. New sequences from some of the fragments are

proposed with Rosetta back-bone design. They screen a few thousand variants, train

predictors, and demonstrate that in a follow up library they can use the predictors to

enrich for active enzymes. Rapp et. al. take a similar approach in generating a library

of fragments split at structural domains. Here they put an emphasis on building cloud

lab setups to let agents explore the fitness landscape and attempt to optimize for a

more thermo-stable variant. They are able to demonstrate the agents all converge to
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similar candidates in the library. Both of these approaches use protein fragments as a

strategy to create a large search space, but the space is limited in both cases, and

neither are showing improvements in enzyme activity over baseline.

There are many interesting questions which remain to be addressed in this space.

How do we build generalizable function predictors? How far do we need to search in

sequence space to find higher functioning variants? As a platform to address some of

these more foundational questions to sequence-function relationships. In the following

sections I will work through and present a combinatorial library design strategy which

is amenable to modern designer specific filters, an example of how such an approach

can be applied to an enzyme, and a framework for discrete optimization which should

allow for efficient search through the library. Other proposed library design strategies

such as variational synthesis can generate libraries as large as 1015 unique variants,

however the technology to synthesize such libraries is inaccessible and requires

expensive DNA synthesizers to work [58].

3.3 The Need for Scalable Protein Libraries

Aside from the obvious use-cases already described in which an enzyme or other

protein needs to be optimized there are two other reasons this type of work is

becoming more and more valuable. As we continue to train better and better oracles

we find that while the oracles are often strong predictors of true negatives, they lack

the ability to discriminate true and false positives. In figure 7 we can see that the

oracle’s fitness landscape does have some overlap with the underlying fitness

distribution, but there is room for improvement. Ideally the predictive oracles
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perfectly overlap with the underlying experimentally determined functions. If this

were to be the case it would be possible to train strong zero-shot predictors capable of

knowing which of the proposed candidates will be most functional. In a similar effort

to how human feedback has allowed LLMs to sound more human, we have the

opportunity to further align biomolecular oracles to experimental data by sampling

from the space where the oracle is particularly confident. It is trivial to explore

non-functional space by generating random mutations, but it is more difficult to

discriminate those sequences which are functional from those which are not.

Additionally, the throughput of assays is continuing to approach the limits at which

we are able to do deep protein sequencing. Some high throughput microfluidics assays

or binding assays are able to generate confident data for billions of variants and we

would like a platform to be able to generate libraries above the scale of these assays

while remaining affordable.

3.4 Combinatorial Fragment Assembly

As protein design filters become increasingly more powerful and high-throughput

assays more accessible, there will exist an increasing need to do library scale de novo

protein design. Furthermore we have recognized that inverse folding models like

proteinMPNN do not posses explicit knowledge of the functional space nor do

structure prediction networks like alphafold. There is no guarantee any design which

passes numerous filtering metrics will be functional. While it is trivial to design a

non-functional protein discriminating which proteins are from structure prediction or

more traditional Rosetta metrics is a challenge. This marks the need for better
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quality datasets which map sequence to function. Such datasets will be vitally

important for aligning models to produce functional proteins with fewer samples.

High throughput assays using growth based selection, micro-fluidics, or other

pull-down techniques can often screen libraries as large as 109 variants. In the interest

of optimizing and searching through large expanses of protein sequence space

controlling the size of the library is highly desirable. Furthermore, since we know

most of the sequence space is non-functional, we would like to improve the probability

of finding functional designs using novel filtering approaches such as Alphafold.

3.5 Simple Combinatorial Library Design

The following proposed workflow is a strategy which allows the user to control size

and enrich the library in silico such that some fraction of the library will pass the

desired filters. It begins with a protein fold of interest and many proposed sequences

designed for the fold using a structure to sequence model. The number of starting

sequences will depend on what is feasible space to sample in for the in silico filters

and what the final desire library size is. The two main parameters which will define

the final library size are both the number of fragments which the protein is split N ,

and the number of sequences ordered for each fragment K = k0, ..., kN . The total

library complexity can be found by finding the product: ΠN
i=0ki (it can often be easier

to get an estimate of the library size when the same number of sequences are ordered

for each fragment in which case the complexity is kN , see figure 8). Next the designed

set of sequences are split by the fixed fragment boundaries into separate fragment

pools. To sample a new sequence in silico a single sequence can be sampled for each
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of these fragments and when concatenated together it will from a new possible

sequence. Many of these newly assembled sequences are not likely to be

combinatorially compatible, but a subset will be highly composable such that they are

likely to pass the designer filters. To filter down the initial set of fragments to ones

that are combinatorially compatible an in silico evolution strategy can be used.

Simply said, over some number of rounds until the target library size and filter pass

rate are reached, new sequences from the library are sampled and passed through the

desired filters. Once the sequences are processed through the desired filters each

fragment will get a score for combinatorial compatability computed by finding how

many successful designs did a sequence for a particular fragment lead to. High scoring

fragments are likely to recombine with others to produce sequences which pass the

designer filters. Over many rounds it is possible to find a set of fragments which are

highly composable with one another. In some examples the success rate for these

libraries can get as high as 99% passing Alphafold2 catalytic residue root mean

squared distance (RMSD) within 1Å, see figure 9. Further details are provided in the

next section about an example application of the proposed design strategy.

This methodology is rather flexible and amenable to what parts of the proteins

require redesign as well as how sparse the final library is. For questions about how in

sequence space do we need to search to find functional variants, we can design a

library which could interrogate such a question. If the library needs to be focused on

the active site, then the fragment library can be focused to a specific area of the

protein. One final consideration is to ensure fragments are roughly similar in length.

This will make balancing the concentration of each fragment in the assembly step
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easy. In addition when using an assembly method like golden-gate assembly (GGA)

which relies of four base pair overhangs between fragments, it is important to leave a

constant region at the start and end of each fragment to allow for GGA orthogonal

overhang design. Online predictive tools can be used to find orthogonal overhangs

which are not likely to recombine with one another.

3.6 Online Optimization for Combinatorial Library Design

The simple approach to combinatorial library design described above is appropriate

for smaller libraries, but this approach does not scale well to large libraries where it is

desirable to have hundreds of options for each fragment. There are two faults with the

simple approach, the first being that the computational cost is quite high. In the

simple approach we rely on value estimates for the fragments by oversampling the

number of sequences to fold such that each fragment is represented in many

sequences. This allows for a reasonable estimate on how valuable a single fragment is,

but when multiple rounds of folding and selection are required the number of oracle

queries becomes quite high. Additionally, if you wish to design on the order of

hundreds of fragments, this will require starting with potentially tens-of-thousands of

fragments so that the population can be narrowed down appropriated. These

limitations necessitated the need for an alterative approach which saves on compute

and is able to scale to any desired library size.

Online finetuning of large language models (LLMs) has helped drive the AI revolution

in making these models sound more human and achieve better performance on a

variety of benchmarks [59, 60]. This kind of online finetuning takes inspiration from
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reinforcement learning (RL) principles [61]. Work in the RL field has enabled progress

in robotics, but these techniques have also been quite valuable in the LLM space. In

the traditional online framework we describe the actor as being parameterized by a

policy πθ(s), where s represents the state feature provided to the policy which it will

condition on to propose an action. This policy proposes what the next action to take

should be. Early work in this field led to algorithms like REINFORCE which rely on

a policy gradient ∇θπ(s) to update the policy weights. This gradient is scaled by

reward r which should be computed for any action taken in the environment.

Traditionally this works in such a way that actions are sampled from the policy,

rewards are computed for the proposed actions, and the policy is updated by scaling

gradients with respect to the log-likelihood of the action. Intuitively we can see this as

reweighting the actions according to their reward. If an action receives a strong

reward we should up-weight the likelihood of resampling the action yet again. The

policy gradient update ∇θπ(s)r notably does not require the reward r to be

differentiable. This is especially useful in the context of robotics but is also useful in

this case for protein optimization where it can be difficult to compute gradients for

some of the metrics which we wish to optimize for. Hallucination style approaches

work well for protein optimization when the gradients can be used directly to optimize

the sequence, but this requires that the objective function is differentiable.

Recent work in this space has also led to the development of newer algorithms known

as the family of proximal policy optimization (PPO) algorithms [62]. These

algorithms usually converge much faster than something like REINFORCE because

they perform multiple mini-batch updates on a set of data collected from policy
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rollout. The name proximal policy comes from the fact that with each update made

to the model, the data previously sampled becomes more and more off policy. The

policy gradient theorem only holds for data which has been sampled from the policy.

Too many updates will often cause the model to collapse. In these series of algorithms

care is taken so as the model does not move too far off policy with sequential updates.

Other improvements in this space include algorithms such as group relative policy

optimization (GRPO) which seek increase the informativeness and lower the variance

of the rewards by normalizing among the batch as so:

Ai =
RSi
− µRS

σRS

where Ai is the advantage estimate, RSi
is the reward for a sequence in the batch, µRS

is the group average, and σRS
is the group standard deviation. Here the advantage is

computed relative to the other rewards sampled in the batched rollout, and this has

been shown to be a much more effective advantage and is simpler to compute [60].

Advantage estimation can be quite complicated with dedicated value models which

need to be trained in addition to the policy. This framework for GRPO greatly

simplifies the advantage function.

To adapt this framework to find optimal fragments we see proteinMPNN as the

policy. Here the state feature we can think of as the protein backbone and the

sequence proteinMPNN decoded as the action. For most enzymes there are many

distance constraints we wish to satisfy between atoms in the active site and substrate

for which the enzyme will operate on. Structure prediction models such as Alphafold
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can be used as an oracle to co-predict protein structure with the ligand so that such

measurements can be made. Each distance should be seen as an independent reward

which is normalized using an upper and lower bound specified by the user such that

the reward is in the range [0, 1] where a value of 1 means the reward is perfectly

satisfied. It is possible to take linear combination of many rewards where each reward

mi is assigned a weight wi and their linear linear combination is as follows:

RSi
=

∑
i wimi∑
iwi

(1)

Specifically we are interested in the learning the best possible fragments. To enforce

this we first decode a batch of sequences from proteinMPNN, we then take the batch

of sequences decoded and split them into fragments. Next we sample a larger set of

sequences by independently sampling a fragment at each position (exactly how it is

done in each round for the ”simple” approach). Each sampled sequence is then folded

and a reward is computed. To aggregate the rewards back to the fragment level we do

as we did before and take an average over the sequence rewards Rs for which that

fragment fi was contained as so:

Rfi =
1

|{S : fi ∈ S}|
∑

S:fi∈S

RS (2)

Then we use the same GRPO style advantage estimate and broadcast it appropriately

to the corresponding fragments.

Âfi =
Rfi −mean(Rf )

std(Rf )
(3)
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It should be noted that estimating the fragment likelihood in this way does leave room

for some error as the likelihood estimates for each residue are always conditioned on

the others in the neighborhood where it is decoded, and this means that when the

fragments are swapped to other sequences the context is not quite aligned well.

During training we optimize the following objective which GRPO builds on from PPO:

JGRPO(θ) =
1

G

G∑
i=1

[min(rθAi, clip(rθ, 1− ϵ, 1 + ϵ)Ai)]− βDkl(πθ||πref) (4)

where G is the group or batch of samples, rθ =
πθ

πθold

the ratio of current to old policy,

and the KL divergence is defined as DKL(πθ||πref) =
πref

πθ
− logπref

πθ
− 1. See algorithm 5

which describes the full online-learning loop in more detail. Deviating slightly from

the traditional objective, πθold = πref such that the updated parameters are

discouraged from moving far way from the original policy. We take the base

proteinMPNN model to be πref and use this to compute both rθ and Dkl(πθ||πref).

Although there is some error in the estimates, they are still quite good and after

around 100 iterations strong convergence is usually observed. Something of note is

that if care is not taken to restrict the sequence space to search in the model will align

itself to adversarial solutions which do align themselves strongly to the oracle of

choice. There are two strategies we employ to combat this, the first is using a KL

divergence term to the original model so that the parameters do not deviate too much

from the original proteinMPNN model. Secondly, we also find that adding an extra

reward to minimize the distance between the output sequences and the reference

sequence is also quite powerful. In figure 14 it can be seen that while optimizing
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specifically with these extra constraints to the reference sequence does not affect the

other metrics. When restricting the search space to be within some edit distance from

the reference (15-30 mutations) ensures the output sequences will fold well in multiple

independent oracles. Future work on this front should include how we can do this

optimization without the need for an explicit reference sequence.

3.7 Experimental Pipeline Evaluation

Before proceeding to examples and use cases for such libraries, we will go through how

this platform enables rapid iteration. The first thing to notice is that since each of the

proteins are split up into multiple fragments this means that we will use a method like

GGA, as previously described, to combine several gene fragments together into a

specific variant from the library. In practice, DNA can be purchased online from a

synthesis company and prepared in such a way that on the shipped plate a unique

DNA fragment will exist in each well. Most of the DNA synthesis providers will allow

packaging in an ECHO (an acoustic liquid handling robot) compatible plate as an

option. The ECHO is an acoustic liquid handling device which can transfer small

volumes < 5µL between plates. This is very useful because instead of combining the

desired fragments together manually, we can simply make a protocol and feed it to the

ECHO. Since we know where each DNA fragment is located on the source plate, we

know what sequence will be assembled in each well on the destination plate without

having to do any sequencing. Avoiding sequencing in this step greatly saves on time

and resources. Once the genes have been assembled with GGA we then amplify the

plasmids with either PCR or rolling circle amplification (RCA). Both options are
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plausible, however PCR requires the use of a thermocycler. This inherently

bottlenecks the process, however RCA is isothermal. A bacterial polymerase locks

onto the plasmid and continues to circle and amplify the plasmid repeatedly at a

standing temperature. By using this RCA style reaction we are able to batch multiple

plates together in a single run and increase the through put. Next, to express the

protein of interest a small amount of amplified DNA can be combined with an

off-the-shelf cell free protein synthesis kit. These kits have become much more

common in recent years, and have proven themselves to be quite robust. Finally, once

the protein has been expressed we can add the fluorogenic substrate directly to the

plate and take a kinetic read on a plate reader (such as a NEO2) to observe the

catalytic rate of the enzymes. The readout for the assay must be amenable to

fluoresence or some other medium throughput screen compatible with cell free.

Ultimately, for some of these libraries that require larger protein concentration, it is

also possible to do this assay in bacteria by transforming the GGA product.

When done with the cell free prep, this whole process can be completed in a single

day. This timeline is substantially faster than a DE which may take weeks to run plus

a few extra weeks to account for sequencing and library preparation, granted many

more samples are being tested in that case. Another important aspect to consider is

biological replicates and controls. In most of the presented studies below we consider

3 replicates for each of the tested enzymes. Additionally, a fluorescent tag on the

c-terminus of the protein allows for normalization with respect to the amount of

protein in the reaction. This allows us the ability to estimate kcat as the substrate is

in excess and we know the protein concentration. Before considering the data usable,
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we adhere to strict data quality standards. First each replicate must have some

baseline level of protein expression (> 0.5µM), if so the background reaction rate

(measured alongside each batch) will be subtracted from the measured rate and then

normalized by the protein concentration. If the normalized rates have coefficient of

variation (σ
µ
) less that 1 we consider the measurement to be valid. These

considerations are highly important for the use of this data to train models. Quality

data is most important for training quality predictors.

3.8 Hydrolase Library Design

As a test case for this library design approach, I worked with collaborators on

sequence redesign campaign of a de novo designed serine hydrolase. The collaborators

use a substrate which becomes fluorescent upon cleavage allowing for easy detection.

While the kcat of the enzyme is far below a typical native hydrolase (which can

commonly reach values of 103, the activity is detectable and amenable for a medium

throughput screening method [63]. The initial goal is to demonstrate the ability for

this library design strategy to generate a search space, collect data from the library,

and use it to predict a better set of fragment combinations to sample. Targeting a

library size of 105 seemed reasonable as it would be possible to collect data for close to

1% of the library and use the data to train some models. The designers of the original

enzyme suggested filtering the library on two metrics: low RMSD of the catalytic

residues in the active site with Alphafold2, and pre-organization of the active site

using a generative prediction tool for the small molecule and active site residues,

conditioned on the backbone and sequence. The 160 residue enzyme was split into 4
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fragments each approximately 60 amino acids in length. After several rounds of in

silico library evolution a final library size of ≈ 300, 000 was reached with an estimated

98% of the library passing the active site RMSD filter, and 75% passing the

pre-organization filter. To collect 1% of the ordered library ≈ 3, 000 random samples

the following protocol was used. Step 1, use GGA to connect DNA fragments

together. Step 2, amplify DNA with rolling circle amplification. Step 3, express

protein with cell-free extract. Step 4, Add substrate and record fluorescence over

time. This protocol was optimized to run in a 384 well plate format using an acoustic

liquid handler to do the majority of the transfers. Especially for the fragment

assembly step, having an acoustic liquid handler is helpful. For each variant, data

across three biological replicates was collected (these replicates were formed at the

expression step).

Once all the raw data had been collected, it was processed with two filters, one for

expression and another for measurement consistency. The vector to which the design

was cloned into has a c-terminal mscarlett tag which enables an estimate of protein

concentration. This allows us to both normalize the measured rate by the

concentration to get an estimate of kcat and it also allows us to gate on expression. If

all replicates for a single variant had at least 0.75uM of protein the variant would pass

the first filter. Next the background rates were subtracted, and the concentration

normalized by the estimated protein concentration. If the values for the replicates had

an coefficient of variation σ
µ
< 0.9 the replicates are consistent and the data point is

considered valid. After filtering the we were left with roughly 2,500 data points. This

cleaned data was used as the training set. Two questions we were most interested in
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answering with this dataset were: can we train a model that learns the sequence to

function relationship? Is there a significant amount of epistasis in the landscape? To

address these questions we trained two types of models, both multi-layer perceptrons

(MLPs) and linear models to regress the normalized activity measurements. To split

the data for training and testing, we clustered the data at 75% sequence identity and

held out ≈ 250 examples for validation (drawn as full clusters). A linear model will

not be able to reason about any context dependent affects in the input, as it is only

able to assign a single weight to each mutation, so if the linear model is able to

preform as well on the held out set as the MLP there is unlikely to be much epistasis

in the landscape. Interestingly, both models performed just as well on the dataset

achieving PearsonR scores of ¿0.8 consistently. To investigate how well the models

would perform when evaluating the rest of the library, we tested the top 100 ranked

predictions for both the linear and MLP models. It was clear that the using the

models to filter the predictions results in a shifted distribution and even a variant

which appears to have 6x higher activity than anything in the random sample, see

figure 11. Interestingly, both the MLP and linear models appear to have strong

predictive power when evaluated across the range of activities by the respective

predictor as seen in figure 10. This is strong evidence that the design space is mostly

linear and gives us confidence to continue designing larger spaces for search and

optimization.
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3.9 Click Chemistry Enzyme

In a separate effort to display the use of this method, we designed a library of

fragments to optimize an enzyme capable of performing click chemistry. Click

chemistry is a bioorthogonal mechanism between an alkyne and azide which results in

the formation of a cyclic ring [64]. This kind of chemistry can be quite desirable for

applications where we would like to selectively label something in a cell. This reaction

is normally catalyzed with copper, but in a display of enzyme design a collaborator

has developed an active enzyme for a click reaction. The enzyme is rather slow and

successive rounds of partial diffusion and proteinMPNN redesign have failed to

produce any active variants at all. After testing close to 500 unique redesigns with

complete failure, we designed a fragment library by starting with many sequences from

protein proteinMPNN and sub-selecting the population to pick out the top fragments

which are combinatorially compatible just as was done for the hydrolase. To design

the library we optimized for a few different objectives by folding the protein with the

azide substrate, the alkyne substrate, and the product. When these three predictions

are aligned, ideally the products and reactants overlap in the pocket of the enzyme.

There is not particular catalytic residue responsible for the chemistry, but if both

substrates are able to find there way into the pocket then the reaction will proceed if

the distance between the azide and alkyne is compressed beyond the vanderwaals

radius. This could be caused by natural fluctuations and dynamics of the protein.

In this case we had already observed from the hydrolase library that the majority of

the space could be explained by a simple linear predictor. With that knowledge

instead of sampling random combinations, each fragment was tested independently
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with the other parent designed fragments to understand the effect each fragment has

on activity directly. In the next round we sampled combinations of the best fragments

as previously seen. At this stage we could have trained a predictor using the data

from the initial screening of each fragment independently, but the best the model can

do is combine those fragments which worked best independently. Rather we sampled

combinations of the best fragments to test in the following round. Then we train the

predictor on both the first order and higher order assemblies to rank everything in the

library for the first round of model predictions there after. At this round we can find

variants which are 6-7 fold improved over the parent 12. These enzymes are close to

being on par (or potentially exceed) the rate at which copper is able to catalyze this

reaction at the same concentration as the protein.

Interestingly if we look at a comparisons of the fastest observed enzyme and the

original models, we see that the original enzyme appears to have placed the substrates

in such a position that they overlay better with the product, see figure 13. This is yet

another example of how the filters we decide on can help point us in the direction of

fucntion, but they are by no means perfect and we are still a ways out from

understanding how to determine function. This further points to the need for better

alignment of our oracles.

3.10 PETase Enzyme

One of the most widely recognized enzymes for plastic degradation, PETases were

discovered in bacteria which could subsist off the polymer alone as a carbon source

[65]. Since the initial discovery there has been a lot of work and effort to optimize
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these enzymes for speed and thermostability [66]. A combination of rational

engineering to introduce disulfide bonds and DE to optimize for thermostability and

activity has led to improvements in these enzymes. Yet with all of these engineering

strategies the enzymes still do not express very well. De novo designed proteins

usually express well, and recently initial attempts to design enzymes which cleave

PET have proven successful, yet these designs are much slower compared to their

native counterparts. These de novo designs express well so if their activity was

elevated to levels near the natives it would be greatly beneficial. Furthermore the

enzymes are usually more robust to high temperatures and pressures where they will

be used industrially.

After having evaluated smaller libraries for both the hydrolase and click-enzyme, we

sought to dramatically scale up the size of the library to 1015 to increase our

likelihood of finding an enzyme which is orders of magnitude more active than our

starting construct. To optimize for such a construct we use the online learning

framework to co-optimize for multiple objectives including the distance between the

acyl oxygen on the PET polymer and two backbone oxyanion contacts (< 3.5Å),

histidine nitrogen (NE2) to ester oxygen on PET polymer (< 4.0Å), histidine nitrogen

(NE2) to serine nucleophilic oxygen (< 2.5Å), RMSD of predicted ligand to docked

ligand after aligning on the backbone atoms (< 1.0Å), RMSD of active site residues

after aligning on backbone atoms (< 1.0Å), iPTM confidence (> 0.8), PTM

confidence (> 0.8), active site atom residue pLDDTs (> 0.8), and distance to the

reference sequence (< 20 mutations). Each of these objectives requires the input of an

upper and lower bound for which the metric is normalized. Once normalized we can
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then subtract 1 from the metric if we intend to decrease it (e.g. RMSD). The distance

to the reference sequence seems to be especially important as this ensures the output

sequences are not adversarial. This proves to be a challenge without the distance to

reference sequence constraint. Without this constraint the optimization objective may

find sequences which appear to be adversarial to the oracle as they do not fold well in

other structure prediction oracles not used in the online optimization loop. In the case

for this design run Alphafold3 was used as the oracle to optimize against, and designs

were folded in both RF3 and Boltz to ensure the sequences are not adversarial after

optimization. This is certainly an area of future work, as it would be helpful to have a

more robust framework that will avoid finding adversarial sequences. In figure 14 we

can see that it is possible to find sequences which satisfy the necessary objectives

while constraining the search space to be closer to the original reference sequence.

When the final sets of sequences are sampled, we can see that some sequences are able

to predict well in Alphafold3, boltz, and RF3 15.

INSERT PETASE RESULTS HERE

3.11 Approaches for Iterative Optimization

Many are focused on building better frameworks for protein optimization from a

search perspective. The goal of this work is to spend time engineering the space so

that the search becomes easy. However as the size of the space grows and the

complexity increases it is worth while understanding the various frameworks available

for search. Bayesian Optimization (BO) is one of the most notorious frameworks for

black-box style optimization relying on uncertainty estimates to propose the next set
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of candidates to test [67]. While other frameworks such as active learning seek to

purely reduce uncertainty in the model, BO deals with the exploration-exploitation

trade off to find the global optimum in the search space [68]. This trade off of

explorations vs. exploitation is quite central to the principles of BO. In a pure

exploration setting we would only care about reducing uncertainty, while in an

exploitation only setting we risk becoming overconfident in our models predictions. It

is important to be able to balance both of these in order to do efficient search well.

More formally stated the goal of BO is to find maxx∈X f ∗(x) where f ∗(x) is a non

differentiable function we do not have access to. By initially collecting a sample of

data points from the space of possible inputs Xpool and their respective evaluations

f ∗(x) we can now train a surrogate function fθ(x). It is important that for each

prediction fθ(x) both a mean µx and variance σx are output. That is to say that the

surrogate function must have some notion of uncertainty. For this reason Gaussian

Process (GP) models are a popular choice. These are usually simple models which

parametrize each point with a Gaussian and use a kernel function to estimate how

similar the data point is to all other data points in Xpool [69]. Data points which are

similar should also have lower uncertainty associated with them as we would expect

the kernel function to operate such that similar inputs have similar measured values

from f ∗(x). While a GP is a common framework used to get uncertainty estimates

associated with predictions, these models do not scale well to large datasets and

high-dimensional input spaces (usually input dimensions < 20 are desirable). In the

case of protein sequence-function data the datasets can be large and the inputs are

often high dimensional. More recently deep ensembles have been widely popularized
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because they are simple to train and do not require any specification of a similarity

kernel [70]. Each model in the ensemble predicts mean µx and variance σx which are

learned by the negative log likelihood objective: − log(y|x) = log(σx) +
(y−µx)2

σx
. The

negative sign is just semantics as most optimizers are setup to minimize the function

of interest.

Using the learned surrogate function, an acquisition function can then be used to find

the next best points to acquire. At each round of iterative optimization some new

candidates will be proposed to test, and past work has found that certain acquisition

functions tend to minimize long term regret. That is to say that by finding the

samples which maximize the acquisition function you should be able to converge to

the global optimum quickly. These acquisition functions take the general form

α(x, fθ) ∈ R, where the returned value is a scalar. Two of the most common

acquisition functions are upper confidence bound (UCB) which is simply µx + σx and

lower confidence bound (LCB) which is µx − σx. UCB can be seen as an optimistic

estimator where as LCB is a pessimistic estimator. Other acquisition functions

include probability of improvement, expected improvement, knowledge gradient, and

more. There are many extensions which deal with noisy data as well. In addition

there exist multi-objective acquisition functions such as expected hyper volume

improvement which seeks to expand the Pareto frontier. While traditionally these

acquisition functions return a single sample to evaluate next, in many settings such as

a biological assay it is often easier to test a batch of points in each round. Many of

these acquisition functions have been adapted to the batched setting where we care

about finding a diverse set of sample which maximize the acquisition function [71].

61



Considering the diversity among the set of samples to be tested is important as it

would be undesirable to evaluate many similar samples in parallel as this goes against

the notion of input locality (similar inputs are more likely to have similar

experimental outcomes).

3.12 Optimizing in a Discrete Space

In the case of a protein sequence space where we wish to optimize, each sequence in

the space is discrete. This also applies to the fragment libraries proposed in the

preceding sections. Fortunately, previous theoretical work outlines a framework for

optimizing an acquisition function over a discrete input space. In their work they

make an interesting connection to the field of reinforcement learning (RL), specifically

in how a policy πϕ can be learned to find a set of optimal actions to take [72].

Similarly, we can think of the proposed sequences we wish to test next as an ”action”

and so we wish to find the optimal policy π∗
ϕ which corresponds to the best set of

sequences to test next. To find such an optimal policy we can use a policy gradient

where the reward function is the acquisition function:

∇ϕEx∼πϕ
[α(x, fθ)] ≈ 1

N

∑N
i=1 α(xi, fθ)∇ϕ log πϕ(x|ϕ). Notably, optimizing in this

discrete framework does not require you to compute gradients through the acquisition

function. In traditional BO gradients are computed through the acquisition function

following: ∇xα(x, fθ), however in the policy gradient case this is not necessary. In my

work I have demonstrated, just as the original authors do on their paper, that

optimizing the acquisition function using this policy gradient strategy consistently

yields high valued batches when compared to optimizing the traditional BO
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acquisition function objective in a relaxed discrete space. Not needing to compute the

gradient directly through the acquisition function means the surrogate model can use

features which are not differentiable with respect to the input such as Rosetta

energies, Alphafold metrics, distances between various atoms in a predicted structure,

or any other metrics one wishes to compute.

3.13 Limitations

It should be noted that it is unclear at this moment if optimizing for sequences which

are combinatorially compatible restricts us to a part of the sequence space which will

never sample a set of mutations capable of increasing the enzyme activity by multiple

orders of magnitude. More generally it is unclear if the ability to match the speed of

native enzymes is solely a problem in sequence space or of protein backbone space.

The most likely answer is that both factors are important, but we do not yet

understand the complex interplay allowing us to boost the activity of de novo enzyme

activity by orders of magnitude. Other limitations of this approach include the need

to start with an enzyme with some activity, as without this reference sequence we are

poised to find adversarial ones.

3.14 Future Directions

In continuing this work, while not described in detail here, some of my work has

focused on ways to generate pools of designs to test each round as opposed to

individual variants. This workflow is especially powerful for high-throughput assays

capable of evaluating millions to billions of sequences. Another area of interest for
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continued work is adapting the online optimization framework presented to be more

robust to adversarial attack. It is clear that we can easily find adversarial solutions

when we optimize without constraints to a reference sequence. While this is fine in

the case where we wish to explore around a single enzyme, it would be valuable to use

such optimization tools more generally to find sequences which satisfy the constraints

designers need. Optimizing on multiple backbones simultaneously, stronger KL, or

using multiple oracles are all potentially strategies which could help mitigate the

adversarial effects observed.
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Figures
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Figure 1: a, Comparison of diffusion in sequence and structure space. PG
and RFdiffusion take as input noised sequence (PG) or structure (RFdif-
fusion) data and problem specific sequence and structure constraints. At
each denoising step, the RoseTTAFold architecture generates complete pro-
tein sequences and structures, and this is used to generate the next step
in the trajectory in sequence (PG) or structure (RFdiffusion) space. Al-
though specific structural or sequence features can be fixed in the input to
RoseTTAFold in both approaches, biases toward particular sequence features
during the diffusion update at each step are more readily incorporated in PG
(as are biases toward structural features, such as symmetry, in RFDiffusion).
b, Schematic of PG inference trajectory. At each step in the diffusion process
the sequence x0 is predicted from sequence xt by RF conditioned on any de-
sired structural information, combined with any desired sequence bias, and
noised to generate the xt−1. This process is repeated for T steps as the se-
quence–structure pair converges on a high-confidence solution shaped by the
structural and sequence guidance information. c, Iterative design schematic
demonstrating how PG can be used in an experimental feedback loop. De-
signs generated by the model are evaluated for activity; a surrogate function
approximating sequence to function relationships is fit; and gradients from
the surrogate can then be used to guide PG toward active design space. d,
In silico demonstration of iterative design using GB1 fitness landscape for
binding and comparison with Bayesian optimization (BO). In round 0, not
shown in the plot, 96 designs are generated with PG without guidance, and
a surrogate function is trained to discriminate high and low activity designs.
In rounds 1-3, gradient-based guidance is used to generate 96 designs for
each method; a surrogate function is fit; and the process is repeated. Line
plots show maximum activity sampled, and box plots show distribution sam-
pled over the batch of 96. Mean activities for each round are statistically
significant between the two populations (p<0.05, two-sided Mann–Whitney
U-test, n=96 designs per round). Box plots boundaries indicate upper and
lower quartiles, and whiskers indicate the nearest quartile + 1.5× interquar-
tile range. seq, sequence; str, structure.
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Figure 2
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Figure 2: a, Amino acid compositional bias schematic. b, Comparison of
amino acid frequency in unconditional (gray) and amino acid biased (purple)
generation; separate PG trajectories were carried out for each enriched amino
acid. Error bars are standard deviation. Biased distributions are signifi-
cantly different from unconditional amino acid frequencies (P¡0.05, two-sided
Mann–Whitney U-test, n=200 designs per amino acid). Box plot boundaries
indicate upper and lower quartiles; whiskers indicate the nearest quartile +
1.5× interquartile range; and the center line is the median. c, Multidimen-
sional scaling of native and amino acid biased sequences shows that they
occupy distinct regions of sequence space. d, Hydropathy guidance. Bias-
ing the sequence toward or away from hydrophobic amino acids results in a
shifted distribution of hydropathy scores compared to unconditional genera-
tion (P¡0.05 two-sided Mann–Whitney U-test, n=122 designs per condition).
e, Experimental validation of cysteine biased designs (design in gray, AF2 in
purple). Proteins are monomeric by SEC and alpha helical by CD at 25°C
and 95°C. Mass spectrometry indicates the presence of the designed number
of disulfide bonds. f, Experimental validation of tryptophan biased designs
(design in gray, AF2 in purple). Designs are monomeric by SEC, have con-
siderably higher absorbance at 280nm than unconditional designs and are
alpha helical by CD. g, Experimental validation of histidine and methionine
biased designs (design in gray, AF2 in purple). h, Experimental validation
of valine biased designs (design in gray, AF2 in purple). Valines highlighted
in pink on the designs are present in the beta-fold secondary structure. CD
traces and melt curves at 222nm are to the right of the designs. CD traces
and melt curves at 222nm are to the right of the designs. aa, amino acid.
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Figure 3: a, Symmetric sequence diffusion to design proteins with sequence
symmetry. b, Experimental validation of sequence repeat proteins. Designs
in gray are overlaid with AF2 predictions in purple, and asymmetric units
are highlighted in pink. SEC and CD traces and melting curves demonstrate
stability of these designs. c, 3.70-Å crystal structure of designed repeat
protein: AF2 model in gray, crystal structure in purple and asymmetric unit
in pink. Box on the right highlights the accuracy of designed side chains in
the asymmetric unit.
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Figure 4
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Figure 4: a, Schematic overview of functional peptide scaffolding for down-
stream tasks such as protease cleavage for lysis and peptide barcoding. b,
Sequence-only motif scaffolding and secondary structure conditioning to gen-
erate proteins with embedded functional sequences. Cleavage sites can be
specified at the N or C terminus of the peptide to allow for protease cleav-
age. c, In silico design metrics for sequence-only bioactive peptide scaffold-
ing. RMSD of AF2 predictions to designs on the top and AF2 pLDDT
of designs on the bottom. Box plot boundaries indicate upper and lower
quartiles; whiskers indicate the nearest quartile + 1.5× interquartile range;
and the center line is the median. n=2,000 designs per condition. d, Mass
spec peptide barcoding assay. Scaffolding barcodes with PG results in sol-
uble and monomeric designs by SEC. SEC traces for individual designs are
in gray. When the same designs are expressed in a pooled library (black),
and fractions are digested with trypsin, analytical mass spectroscopy of each
fraction is able to recapitulate the SEC trace shown in purple. e, Melittin
scaffolded designs with furin cleavage site. Designs are shown in gray, and
AF2-predicted structures are shown in purple, with melittin peptide high-
lighted in pink. Designs are soluble and monomeric by SEC and folded with
helical secondary structure by CD. f, Melittin scaffolded design D12. D12
design model is in gray; AF2-predicted structure is overlayed in purple for
scaffold; cyan is for the cleavage site; and pink is for melittin. SEC fraction
of monomeric D12 used for downstream assays is highlighted with the purple
bar. CD trace of D12 is consistent with the designed helical secondary struc-
ture. g, Representative SDS-PAGE of uncleaved D12 (18kD), cleaved D12
(15kD) and melittin peptide (3kD) (n=3 biological replicates). h, Mass spec
of the cleavage reaction products confirms the presence of uncleaved D12,
cleaved D12 and melittin. Melittin mass was calculated with an additional
c-terminal ‘GS’ due to the expression vector used. i, Absorbance at 450nm for
six technical replicates of washed RBCs after incubation with design with and
without furin protease. Positive controls Triton X-100 and melittin are shown
to the left of the vertical bar. Design with furin lyses RBCs significantly more
than samples without design (P=0.002, two-sided Mann–Whitney U-test) or
furin (P=0.005, two-sided Mann–Whitney U-test) and is on par with posi-
tive controls Triton X-100 (P=0.127, two-sided Mann–Whitney U-test) and
melittin (P=0.132, two-sided Mann–Whitney U-test).
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Figure 5
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Figure 5: a, Multistate DSSP conditioning is used to generate a sequence
with an alpha/beta fold in the parent state and all alpha in the child A
and child B states. b, Implementation of multistate DSSP sequence con-
ditioning. Different DSSP conditioning strings are applied to a full-length
parent sequence and two subsequences (child A and child B). RoseTTAFold
predictions and model logits are output for parent, child A and child B. A
linear combination of output logits is used as a potential to guide the model
toward finding one sequence that satisfies all DSSP conditioning strings for
parent, child A and child B. c, MS1 family adopts distinct folds by CD. Top,
high pLDDT design and AF2 models of family MS1. Bottom, CD spectra
and deconvolution of family MS1 indicating 26% beta content in the par-
ent compared to 4% beta content in child A and child B, respectively. d,
ACS of 1HN and 15N chemical shifts values obtained from MS1–MS4 HSQC
spectra. Reference average ACS values of primarily α-helical proteins (red
circle) and primarily β-sheet proteins (yellow square) are shown calculated
from 1HN–15N correlations using chemical shift information obtained from
the Biological Magnetic Resonance Bank. ACS values are compared for mul-
tistate sequences among parent (α/β mix fold), child A (α-helical fold) and
child B (α-helical fold). MS1 in pink, MS2 in purple, MS3 in blue, MS4 in
green. MS2 (e) and MS3 (f) families are designed by PG to adopt distinct
folds in the parent and child states with high AF2 confidence (top row).
HSQC overlays of MS2 and MS3 child A and B compared to parent (bottom
row; ω indicates chemical shift). NMR structures of MS2 and MS3 parent
fold into the intended secondary structures with atomic-level accuracy (bot-
tom middle).

Figure 6: Sequence-function landscape representation.
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Figure 7: On the left we can see what the oracle’s fitness landscape and on
the right we can see how that might compare to the underlying functional
landscape. We can see that there is good agreement in areas where the
oracle does not show any filters passing, but there are many spaces where
the oracle is confident that do not actually have any functional activity when
experimentally measured.

Figure 8: Scaling laws define how many fragments and total sequences needed
to achieve the library size of interest.
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Figure 9: Visualization of in silico evolution process to optimize the combi-
natorial space for high filter pass rate.

Figure 10: Comparing random sampling, with trained linear and MLP mod-
els for selecting high activity variants in the library.
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Figure 11: a, Ester hyrdolysis example reaction scheme. b, Overlay of designs
in the library colored by where the protein was split into different fragments
(4 fragments, 300K library size). c, Experimentally evaluated data. On the
left side is a comparison to redesign with proteinMPNN, on the right side of
the figure is multiple rounds and strategies used to improve the activity of
the enzyme (kcat)
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Figure 12: a, Click reaction scheme. b, Overlay of designs in the library
colored by where the protein was split into different fragments (4 fragments,
25M library size). c, Experimentally evaluated data. On the left side is a
comparison to redesign with proteinMPNN, on the right side of the figure is
multiple rounds and strategies used to improve the activity of the enzyme
(kcat)

Figure 13: Comparison of overlay of AF3 predictions for the original design
on the left and the fastest found design from the library on the right.
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Figure 14: PETase online optimization of multiple objectives. Each trajec-
tory is an independent training run with a different weight on the reference
sequence reward (blue, 2; orange, 5; green, 8).

Figure 15: Folding library sequences with multiple oracles.
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Algorithms

Variables

1. seq : Discrete protein amino acid sequence.

2. xyz : True 3D Cartesian coordinates of the protein structure.

3. xyzpred : The model’s predicted 3D coordinates.

4. model : The neural network model used for prediction.

5. x0 : The ”clean” continuous representation of the sequence, typically one-hot

encoded and scaled to [−1, 1].

6. xt : The continuous sequence representation noised to diffusion step t.

7. x0pred : The model’s prediction of the clean data x0 from a noisy input xt.

8. x0selfcond : The predicted x0 from a previous step, used as an additional input for

self-conditioning.

9. T : The total number of diffusion steps.

10. t : The current diffusion timestep, t ∈ {1, . . . , T}.

11. βt : The variance schedule, defining the noise level at step t.

12. αt : The signal rate, defined as 1− βt.

13. ᾱt : The cumulative signal rate,
∏t

s=1 αs.

14. ϵ : Random noise sampled from a standard normal distribution, N (0, I).
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15. c : Conditioning information for a single state (e.g., structure, sequence

constraints).

16. C : A set of different conditioning information for multistate design.

17. L : The length of the sequence (number of amino acids).

18. G : A guidance function G : RL×20 → R that scores a sequence based on desired

properties.

19. g : The gradient of the guidance function, ∇xG(x0, t).

20. λ : The guidance scale, controlling the strength of the guidance gradient g.

21. γj : A weighting factor for combining predictions from state j during multistate

inference.

22. p : The fraction of the sequence to which amino acid bias is applied.

23. idxaa : The index for a specific amino acid to be biased.

24. idxbias : The indices of residue positions where the bias is applied.

25. πref : The initial reference policy for sequence generation.

26. πθ : The optimizable policy, parameterized by θ.

27. b : The batch size for sampling sequences from the policy πθ.

28. β : A parameter in the GRPO algorithm (distinct from the diffusion βt).

29. I,M : The number of outer and inner loop iterations for policy optimization.
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30. S, F : A batch of sequences (S) and their corresponding fragments (F ).

31. Ssampled : A new set of sequences sampled from the fragment pool F .

32. A : The advantage estimation for each fragment, guiding the policy update.

Algorithm 1 Training

1: function TrainStep(seq, xyz, c)
2: x0 ← Onehot(seq) ∗ 2− 1 ▷ convert sequence to [-1,1]
3: t ∼ Uniform({1, . . . , T})
4: ϵ ∼ N (0, I)
5: xt ←

√
ᾱtx0 +

√
1− ᾱtϵ

6: xt+1 ←
√
ᾱt+1x0 +

√
1− ᾱt+1ϵ

7: x0selfcond , xyzpred ← stopgrad(model(xt+1, t+ 1, c,x0selfcond))
8: x0pred , xyzpred ← model(xt, t, c,x0selfcond)
9: cce loss← CCE loss(x0,x0pred)

10: kl loss← KL reconstruction loss(x0,x0pred , t)
11: str loss← Structure loss(xyz, xyzpred)
12: Take gradient descent step on cce loss + kl loss + str loss
13: end function
14: function KL reconstruction loss(x0,x0pred , t, βt, βt−1, αt, ᾱt, ¯αt−1)

15: xt−1pred ←
√
ᾱt−1βt

1−ᾱt
x0pred +

√
αt(1−ᾱt−1)

1−ᾱt
xt

16: xt−1 ←
√
ᾱt−1βt

1−ᾱt
x0 +

√
αt(1−ᾱt−1)

1−ᾱt
xt

17: σ2
t ←

1−ᾱt−1

1−ᾱt
βt

18: return KL(xt−1,xt−1pred , σ
2
t )

19: end function

94



Algorithm 2 Inference

1: function sample(T, L, λ,c,G)
2: xt ∼ N (0, I)L,20
3: x0selfcond ← None
4: for i in range(T ) do
5: t← T − i
6: x0, xyz ← model(xt, t, c,x0selfcond)
7: g← ∇xG(x0, t)
8: xt ←

√
ᾱt−1(x0 + λg) +

√
1− ᾱt−1ϵ

9: x0selfcond ← x0

10: end for
11: seq ← argmax(x0)
12: return seq, xyz
13: end function

Algorithm 3 Sequence Bias

1: function AminoAcidBias(x0pred , L, p, idxaa)
2: g← 0L×20

3: n← int(pL)
4: idxbias ← topK(x0pred [:, idxaa], n)
5: g[idxbias : idxaa]← 1
6: return g
7: end function

Algorithm 4 Multistate Inference

1: function SampleMultistate(T, L, λ, C, γ)
2: xt ∼ N (0, I)L,20
3: x0selfcond ← None
4: for i in range(T ) do
5: t← T − i
6: for j, c in enumerate(C) do
7: x0j , xyzj ← model(xtc , t, c,x0selfcond)
8: end for
9: x0 ←

∑|C|
j=0 γjx0j

10: xt ←
√
ᾱt−1x0 +

√
1− ᾱt−1ϵ

11: x0selfcond ← x0

12: end for
13: seq ← argmax(x0)
14: return seq, xyz
15: end function
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Algorithm 5 Online Combinatorial Library Optimization

1: function fragmentGRPO(πref, b, β)
2: πθ ← πref

3: for i in range(I) do
4: Draw batch of sequences S ∼ πθ(b)
5: Split sampled sequences S into fragments F
6: Sample new set of sequences Ssampled from F
7: Compute rewards for sequences Ssampled

8: Aggregate rewards from sequence to fragment level (2)
9: Compute advantage A for each fragment (3)

10: for j in range(M) do
11: Sub-sample batch of sequences and advantages (Sb, Ab) ∼ (Ssampled, A)
12: Update policy πθ using Sb, Ab to maximize the GRPO objective (4)
13: end for
14: end for
15: return πθ

16: end function
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