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The advent of atomic accuracy protein sequence structure prediction with deep learning

networks spurred by AlphaFold has had a remarkable impact on the field of biochemistry. It has

resulted in rapid progress in protein design because it allows for the quick interrogation of

structural hypotheses without the need to acquire experimental data which is expensive and time

consuming. However, it remains elusive how to properly use these deep learning models for the

generation of protein sequences and structures with user defined functional and biochemical

properties. This was the focus of my dissertation work. I first interrogated this question by taking

pre trained structure prediction networks, namely RoseTTAFold, and applying techniques from

image processing to make them generative in a method termed “constrained Hallucination”. I

apply the technique to optimize sequences such that their predicted structures contain desired

functional sites on a slew of design problems ranging from epitope scaffolding, metal binding, to

protein binding. Experimentally characterization of these designs demonstrate the have the



desired activities. In follow up work, I improve upon joint sequence-structure generation by

employing the denoising diffusion probabilistic framework popularized in image generation. I

developed ProteinGenerator, a sequence space diffusion model based on RoseTTAfold that

simultaneously generates protein sequences and structures. Beginning from random amino acid

sequences, the model generates sequence and structure pairs by iterative denoising, guided by

any desired sequence and structural protein attributes. To explore the versatility of this approach,

I designed and tested proteins enriched for specific amino acids, with internal sequence repeats,

with masked bioactive peptides, with state dependent structures, and with key sequence features

of specific protein families. And lastly looking to the future, particularly difficult protein design

problems such as the design of highly active enzymes, experimental data feedback is necessary

to improve functionality with minimal design iterations. Active learning (AL) and bayesian

optimization (BO) approaches provide a principled way to incorporate experimental feedback

into the design process, and subsequently minimize the number of iterations cycling between

computation and experimental testing to optimize the desired function. However, these

approaches do not incorporate strong generative priors to bias exploration/exploitations to valid

regions of protein space. Therefore to improve upon current BO and AL methods, I hypothesize

that coupling a joint sequence and structure diffusion model with bayesian optimization methods

will allow for the more efficient search of the sequence activity landscape to find highly active

variants. To this end I developed a joint sequence and structure denoising generative model,

ProteinGenerator2 (PG2), to which I bias generation with both zero shot predictors to yield

predicted highly active and diverse sequence pools for testing.
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Chapter 1. INTRODUCTION

Proteins are molecular machines that perform a myriad of functions within living organisms.

Their function is determined by their three-dimensional structure and is entirely encoded by their

amino acid sequence. A long standing problem in biology is predicting a protein's structure just

from its amino acid sequence alone. Being able to do this will not only allow for direct prediction

of function from sequence alone, but would also present unparalleled opportunities to be able to

design de novo proteins with novel functions. Deep learning models, within the past few years

spurred by the introduction of AlphaFold 21 have made remarkable strides in structure

prediction. But the question remains how to properly leverage these structure prediction

networks for guided de novo protein generation, which is the focus of this dissertation.

1.1 STRUCTURE PREDICTION

Classical structure prediction methods relied on two main approaches: template and

template free modeling2. Template modeling requires a search for homologous structures, which

function as initial guesses, to which further refinement is done to account for mutations,

insertion, and deletions in the target-template alignment. Template free modeling requires the

construction of a multiple sequence alignment (MSA), from which pairwise contacts can be

inferred from correlated mutations. A rough structure of the protein emerges that can then be

used as a starting point for gradient based minimization. Template free modeling lends itself well

to more obscure structures without close homologs.

State of the art structure prediction networks, inspired by AlphaFold, leverage these two

approaches in their predictions. For most proteins they require structural templates or MSAs.

They use this initial information to develop a coarse grained picture of the protein's globular

https://www.zotero.org/google-docs/?5Fbd0f
https://www.zotero.org/google-docs/?VlX3eh
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structure through pairwise contact prediction between residues. In the case of MSA based

predictions, this is done through the attention mechanism borrowed from natural language

processing (NLP) work3 that learns to attend sequence positions to other positions that are in

contact in the three-dimensional structure. From there, they have equivariant structural modules

that do iterative refinement of the structure to get the fine atomic details1.

There are currently two main types of structure prediction networks: MSA and protein

language model (pLM) based networks. MSA based networks, as the name suggests, require

MSAs to be pre calculated prior to prediction1. Whereas pLM methods require the training of a

pLM on massive amounts of sequence only data through the mask language modeling task to

generate an embedding space for protein sequences which should hold some general notions of

the “semantics” of proteins in an organized way4. Although the hope was that pLM structure

prediction networks would pave the way for true single sequence structure prediction, it was

found that they work the best for sequences with strong evolutionary sequences, and not as well

for orphan proteins4.

1.2 CLASSICAL DE NOVO PROTEIN DESIGN

De novo protein design has followed one basic paradigm. First the generation of a structure,

followed by the design of a sequence that fits that structure. In classical protein design the

structure was initially generated with fragment based approaches, where ideal fragments (well

defined secondary structures and short loop regions with energetically favorable dihedrals) are

assembled following some blueprint5. After a satisfactory solution was found for that backbone,

it is fed as input to a design algorithm to search for satisfactory sequences with Markov Chain

Monte Carlo (MCMC), minimizing an energy function, with minimal perturbation to the

backbone6. This approach has been applied to the design of de novo binders7, enzymes8,

https://www.zotero.org/google-docs/?ZcFCwW
https://www.zotero.org/google-docs/?5WBjku
https://www.zotero.org/google-docs/?binolw
https://www.zotero.org/google-docs/?RfDUM0
https://www.zotero.org/google-docs/?am6zQ0
https://www.zotero.org/google-docs/?odHIMc
https://www.zotero.org/google-docs/?WBQ3Iz
https://www.zotero.org/google-docs/?CfbNOy
https://www.zotero.org/google-docs/?uSOwmu
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vaccines9, and nanomaterials10. However these classical approaches are compute intensive and

require thousands of trajectories to find satisfactory solutions.

1.3 GENERATIVE DE NOVO DESIGN

Generative protein design allows for the more efficient search of either structural or

sequence space to find optima by first learning to approximate a target distribution and then

sampling it based on some priors. Significant progress was first made within the inverse folding

problem, where the given prior is the backbone coordinates of a protein, and the model is tasked

with generating a sequence that encodes for it. The first models used convolutional neural

networks (CNN) with autoregressive decoding11, whereas more recent state of the art models

now use graph neural networks12 (GNNs), while maintaining autoregressive decoding. There has

been further work on extending these GNNs with large language models, but there seems to be

minor boosts if any in performance13.

Initial attempts at machine learning assisted backbone generation, relied on sequence

sampling with methods like MCMC and subsequent prediction with structure prediction

networks in a manner akin to activation maximization in images14 where some loss criterion is

optimized. In the first iteration of this approach the loss was simply increasing the

kullback-leibler (KL) divergence between the sampled sequence outputs and randomly generated

sequence outputs. This was first done with trRosetta15, but the method was quickly improved

with more powerful structure prediction networks, namely AlphaFold16, RosettaFold17, and

ESMfold18. In addition gradient based optimization replaced MCMC for more efficient searches

of sequence space. Furthermore, more problem specific losses were applied to generate

sequence-structure pairs with tailored attributes for motif scaffolding or binder design17. This line

of work is the focus of the second chapter of this thesis.

https://www.zotero.org/google-docs/?ZDQJ5R
https://www.zotero.org/google-docs/?u3Wh4M
https://www.zotero.org/google-docs/?VktWrJ
https://www.zotero.org/google-docs/?7aFN57
https://www.zotero.org/google-docs/?E0bErn
https://www.zotero.org/google-docs/?xcL4ob
https://www.zotero.org/google-docs/?E1VWI9
https://www.zotero.org/google-docs/?MVY3dw
https://www.zotero.org/google-docs/?eT6qM0
https://www.zotero.org/google-docs/?Mh1L99
https://www.zotero.org/google-docs/?1IiAgs


4

Interestingly, applying these activation maximization techniques to MSA based structure

prediction networks often resulted in adversarial sequences16. The given structure prediction

network used to design the proteins would predict the designs to have high confidence, but come

experimental testing the designs would often not express or aggregate. This could be

circumvented by filtering with an orthogonal structure prediction network, or redesigning the

generated backbone with an inverse folding model. However this was a mode of failure

exclusive to MSA based structure prediction models, for pLM based methods, model confidence

did in fact correlate with experimental success19.

A likely reason for this is that MSA based structure prediction models are trained to

approximate the distribution of structure given sequence, p(structure | sequence). They do not

have an explicit understanding of p(sequence), likewise they are prone to giving adversarial

sequences, while still providing valid structures. Where as in the pLM case, it is a more explicit

sequence-structure generative model with the model pretraining actually learning: p(sequence,

structure ) = p(structure |sequence)p(sequence), where p(sequence) arises from masked language

model training, and p(structure | sequence) arises from training a small linear layer to take a

projection of the attention between two positions in the protein sequence and outputting a

distribution over pairwise distances19. The third chapter of this thesis focuses on giving MSA

based structure prediction methods an explicit understanding of p(sequence) through the

diffusion generative paradigm20 improving upon previous co-sequence structure generation

methods21.

https://www.zotero.org/google-docs/?bvtDEG
https://www.zotero.org/google-docs/?UO2EK2
https://www.zotero.org/google-docs/?Sf0KMS
https://www.zotero.org/google-docs/?ot1QvC
https://www.zotero.org/google-docs/?dLOGxF


5

Chapter 2. SCAFFOLDING PROTEIN FUNCTIONAL SITES USING DEEP

LEARNING

This section contains content previously published as: Wang, J., Lisanza, S., et al. Scaffolding

protein functional sites using deep learning. Science 377, 387–394 (2022).

2.1 ABSTRACT

The binding and catalytic functions of proteins are generally mediated by a small number

of functional residues held in place by the overall protein structure. Here, we describe deep

learning approaches for scaffolding such functional sites without needing to prespecify the fold

or secondary structure of the scaffold. The first approach, “constrained hallucination,” optimizes

sequences such that their predicted structures contain the desired functional site. The second

approach, “inpainting,” starts from the functional site and fills in additional sequence and

structure to create a viable protein scaffold in a single forward pass through a specifically trained

RoseTTAFold network. We use these two methods to design candidate immunogens, receptor

traps, metalloproteins, enzymes, and protein-binding proteins and validate the designs using a

combination of in silico and experimental tests.

2.2 INTRODUCTION

The biochemical functions of proteins are often carried out by a subset of residues that

constitute a functional site—for example, an enzyme active site or a protein or small-molecule

binding site—and hence the design of proteins with new functions can be divided into two steps.

The first step is to identify functional site geometries and amino acid identities that produce the

desired activity—for enzymes, this can be done using quantum chemistry calculations22–24, and

https://www.zotero.org/google-docs/?AgECuN
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for protein binders, by fragment docking calculations7,25. Alternatively, functional sites can be

extracted from a native protein having the desired activity26,27. Here, we focus on the second step:

Given a functional site description from any source, design an amino acid sequence that folds up

to a three-dimensional (3D) structure containing the site. Previous methods can scaffold

functional sites made up of one or two contiguous chain segments 26–30, but, with the exception of

helical bundles28, these do not extend readily to more complex sites composed of three or more

chain segments, and the generated backbones are not guaranteed to be designable (i.e., encodable

by some amino acid sequence).

An ideal method for functional de novo protein design would (i) embed the functional

site with minimal distortion in a designable scaffold protein; (ii) be applicable to arbitrary site

geometries, searching over all possible scaffold topologies and secondary structure compositions

for those optimal for harboring the specified site; and (iii) jointly generate backbone structure

and amino acid sequence. We previously demonstrated that the trRosetta structure-prediction

neural network31 can be used to generate new proteins by maximizing the trRosetta output

probability that a sequence folds to some (unspecified) 3D structure during Monte Carlo

sampling in sequence space15. We refer to this process as “hallucination,” as it produces solutions

that the network considers to be ideal proteins but that do not correspond to any known natural

protein; crystal and nuclear magnetic resonance structures confirm that the hallucinated

sequences fold to the hallucinated structures15. trRosetta can also be used to design sequences

that fold into a target backbone structure by carrying out sequence optimization using a structure

recapitulation loss function that rewards similarity of the predicted structure to the target

structure32. Given this ability to design both sequence and structure, we reasoned that trRosetta

could be adapted to tackle the functional site scaffolding problem.

https://www.zotero.org/google-docs/?6OMVTV
https://www.zotero.org/google-docs/?UtDROF
https://www.zotero.org/google-docs/?ff3UZa
https://www.zotero.org/google-docs/?a9eyIg
https://www.zotero.org/google-docs/?VzrXGU
https://www.zotero.org/google-docs/?1539wG
https://www.zotero.org/google-docs/?H7rhL4
https://www.zotero.org/google-docs/?i6bvQi
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2.3 PARTITION CONSTRAINED HALLUCINATION USING A MULTIOBJECTIVE LOSS

FUNCTION

To extend existing trRosetta-based design methods to scaffold functional sites (Fig.

2.1A), we optimized amino acid sequences for folding to a structure containing the desired

functional site using a composite loss function that combines the previously used hallucination

loss with a motif reconstruction loss over the functional motif [rather than the entire structure, as

in (32)] (Fig. 2.1B; see materials and methods in the supplementary materials). Although we

succeeded in generating structures with segments closely recapitulating functional sites, Rosetta

structure predictions suggested that the sequences poorly encoded the structures (fig. 2.S1A), and

hence we used Rosetta design calculations to generate more-optimal sequences33. Several designs

targeting programmed cell death ligand 1 (PD-L1) generated by constrained hallucination with

binding motifs derived from programmed cell death protein 1 (PD-1) (table S1)34, followed by

Rosetta design, were found to have binding affinities in the mid-nanomolar range (fig. 2.S1, B to

E). Although this experimental validation is encouraging, the requirement for sequence design

using Rosetta is inconsistent with the aim of jointly designing sequence and structure.

Following the development of RoseTTAFold (RF)35, we found that it performed better

than trRosetta in guiding protein design by functional site–constrained hallucination (fig. 2.S1G),

likely reflecting the better overall modeling of protein sequence-structure relationships.

Constrained hallucination with RoseTTAFold has the further advantages that, because 3D

coordinates are explicitly modeled (trRosetta only generates inter-residue distances and

orientations), site recapitulation can be assessed at the coordinate level and additional

problem-specific loss terms can be implemented in coordinate space that assess interactions with

a target (fig. 2.S2; materials and methods).

https://www.science.org/doi/10.1126/science.abn2100#F1
https://www.science.org/doi/10.1126/science.abn2100#F1
https://www.zotero.org/google-docs/?SPuL5w
https://www.science.org/doi/10.1126/science.abn2100#F1
https://www.zotero.org/google-docs/?fzcfL0
https://www.zotero.org/google-docs/?i8JoEo
https://www.zotero.org/google-docs/?fxn1j7
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2.4 GENERALIZED FUNCTIONAL MOTIF SCAFFOLDING BY MISSING INFORMATION

RECOVERY

While powerful and general, the constrained hallucination approach is compute-intensive,

as a forward and backward pass through the network is required for each gradient descent step

during sequence optimization. In the training of recent versions of RoseTTAFold, a subset of

positions in the input multiple sequence alignment are masked, and the network is trained to

recover this missing sequence information in addition to predicting structure. This ability to

recover both sequence and structural information provides a second solution to the functional site

scaffolding problem: Given a functional site description, a forward pass through the network can

be used to complete, or “inpaint,” both protein sequence and structure in a masked region of

protein (Fig. 2.1C; materials and methods). Here, the design challenge is formulated as an

information recovery problem, analogous to the completion of a sentence given its first few

words using language models36 or the completion of corrupted images using inpainting37. A wide

variety of protein structure prediction and design challenges can be similarly formulated as

missing information recovery problems (Fig. 2.1D). Although protein inpainting has been

explored before38,39, in this study we approach it using the power of a pretrained

structure-prediction network.

We began from a RoseTTAFold (RF) model trained for structure prediction and carried

out further training on fixed-backbone sequence design in addition to the standard

fixed-sequence structure prediction task to avoid model degradation (fig. 2.S3; materials and

methods). This model, denoted RFimplicit, was able to recover small, contiguous regions

missing both sequence and structure (fig. 2.S3). Encouraged by this result, we trained a model

explicitly on inpainting segments with missing sequence and structure given the surrounding

https://www.science.org/doi/10.1126/science.abn2100#F1
https://www.zotero.org/google-docs/?o46YnS
https://www.zotero.org/google-docs/?wJl7uk
https://www.science.org/doi/10.1126/science.abn2100#F1
https://www.zotero.org/google-docs/?pESyf5
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protein context, in addition to sequence design and structure prediction tasks (fig. 2.S4A;

materials and methods and algorithm 2.S1). The resulting model was able to inpaint missing

regions with high fidelity (Fig. 2.1E and fig. 2.S4) and performed well at sequence design (32%

native sequence recovery during training) and structure prediction (fig. 2.S4C). We call this

network RFjoint and use it to generate all inpainted designs below unless otherwise noted.

To evaluate in silico the quality of designs generated by our methods, we use the

AlphaFold (AF) protein structure prediction network1, which has high accuracy on de novo

designed proteins40 (fig. 2.S7A). RF and AF have different architectures and were trained

independently, and hence AF predictions can be regarded as a partially orthogonal in silico test

of whether RF-designed sequences fold into the intended structures, analogous to traditional ab

initio folding32,41. We used AF to compare the ability of hallucination and inpainting to rebuild

missing protein regions (Fig. 2.1, F and G, and fig. 2.S5). Inpainting yielded solutions with more

accurately predicted fixed regions (“AF-RMSD”; Fig. 2.1G and fig. 2.S5B) and structures

overall more confidently predicted from their amino acid sequences (“AF pLDDT”; Fig. 1F and

fig. 2.S5A) and required only 1 to 10 s per design on an NVIDIA RTX 2080 graphics processing

unit (hallucination requires 5 to 20 min per design). However, hallucination gave better results

when the missing region was large (fig. 2.S5) and generated greater structural diversity (fig.

2.S8; and see below).

In the following sections, we highlight the power of the constrained hallucination and

inpainting methods by designing proteins containing a wide range of functional motifs (Figs. 2.2

to 5 and table 2.S1). For almost all problems, we obtained designs that are closely recapitulated

by AF with overall and motif (functional site) root mean square deviation (RMSD) of typically

<2 and <1 Å, respectively, with high model confidence [predicted local distance difference test

https://www.science.org/doi/10.1126/science.abn2100#F1
https://www.zotero.org/google-docs/?FjH35P
https://www.zotero.org/google-docs/?724V57
https://www.zotero.org/google-docs/?Wp8Nyu
https://www.science.org/doi/10.1126/science.abn2100#F1
https://www.science.org/doi/10.1126/science.abn2100#F1
https://www.science.org/doi/10.1126/science.abn2100#F1
https://www.science.org/doi/10.1126/science.abn2100#F2
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(pLDDT) > 80; table 2.S2]; such recapitulation suggests that the designed sequences encode the

designed structures [although it should be noted that AF has limited ability to predict protein

stability42 or mutational effects43,44]. More critically, we assessed the activities of the designs

experimentally (with the exception of those labeled “in silico” in Figs. 2.2 to 2.5).

2.5 DESIGNING IMMUNOGEN CANDIDATES AND RECEPTOR TRAPS

The goal of immunogen design is to scaffold a native epitope recognized by a

neutralizing antibody as accurately as possible in order to elicit antibodies binding the native

protein upon immunization. Additional interactions with the antibody are undesirable because

the aim is to elicit antibodies recognizing only the original antigen, and hence for hallucination,

we add a repulsive loss term to penalize interactions with the antibody beyond those present in

the scaffolded epitope (fig. 2.S2; supplementary text). As a test case, we focused on respiratory

syncytial virus F protein (RSV-F), which has several antigenic epitopes for which structures with

neutralizing antibodies have been determined26,29,30. We scaffolded RSV-F site II, a 24-residue

helix-loop-helix motif that had previously been grafted successfully onto a three-helix bundle26,

as well as RSV-F site V, a 19-residue helix-loop-strand motif that has not yet been scaffolded

successfully45. We were able to hallucinate designs recapitulating both epitopes to sub-angstrom

backbone RMSD in a variety of folds [Fig. 2.2A and fig. 2.S9; structures and sequences for all

designs below are given in data S1 and S2 and differ considerably from native proteins (table

S2); RF hallucinated models and AF structure predictions are shown in figs. 2.S9, 2.S11, and

2.S17; only the AF model is shown in the main figures]. Inpainting also generated scaffolds for

RSV-F site V, with comparable quality but less diversity than the hallucinations (fig. 2.S8).

We expressed 37 hallucinated RSV-F site V scaffolds with high AF pLDDT and low

motif AF-RMSD in Escherichia coli and found that three bound the neutralizing antibody

https://www.zotero.org/google-docs/?3fD6xL
https://www.zotero.org/google-docs/?5GCaiI
https://www.science.org/doi/10.1126/science.abn2100#F2
https://www.zotero.org/google-docs/?ZWmZbs
https://www.zotero.org/google-docs/?Cgdp7Q
https://www.zotero.org/google-docs/?ML7fUb
https://www.science.org/doi/10.1126/science.abn2100#F2
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hRSV9045 with a dissociation constant (Kd) of 0.9 to 1.3 μM (Fig. 2.2C and fig. 2.S11; materials

and methods and supplementary text). The Kd for the RSVF trimer is lower (23 nM), but the

interface is larger, encompassing both sites II and V45. Mutation of either of two key epitope

residues reduced or abolished binding of the designs, suggesting that they bind the target through

the scaffolded motif (Fig. 2.2C and fig. 2.S11A), and circular dichroism (CD) spectra were

consistent with the designed scaffold structures for both the original hallucinations (Fig. 2.2D)

and the epitope mutants (fig. 2.S11C). Four of the inpainted designs bound hRSV90 by yeast

display but were poorly expressed in E. coli (fig. 2.S11, C to E). Overall, the designs provide a

diverse set of promising starting points for further RSV-F epitope-based vaccine development.

We next applied hallucination to the in silico design of receptor traps that neutralize

viruses by mimicking their natural binding targets and thus are inherently robust against

mutational escape. We again augmented the loss function with a penalty on interactions beyond

those in the native receptor to avoid opportunities for viral escape. As a test case, we scaffolded

the helix of human angiotensin-converting enzyme 2 (hACE2) interacting with the receptor

binding domain of severe acute respiratory syndrome coronavirus 2 (SARS-CoV-2) spike

protein46. The hallucinated hACE2 mimetics have a diverse set of helical topologies, and AF

structure predictions recapitulate the binding interface with sub-angstrom accuracy (Fig. 2.2B

and fig. 2.S9C).

2.6 DESIGNING METAL-COORDINATING PROTEINS

Di-iron sites are important in biological systems for iron storage47 and can mediate

catalysis48,49. We were able to recapitulate the di-iron site from E. coli bacterioferritin, composed

of four parallel helical segments, to sub-angstrom AF-RMSD using both inpainting (Fig. 2.3, A

to E, and fig. 2.S13) and hallucination (fig. 2.S12; the hallucinations were not tested owing to

https://www.zotero.org/google-docs/?sxeVVk
https://www.science.org/doi/10.1126/science.abn2100#F2
https://www.zotero.org/google-docs/?TGBG2J
https://www.science.org/doi/10.1126/science.abn2100#F2
https://www.science.org/doi/10.1126/science.abn2100#F2
https://www.zotero.org/google-docs/?zxYEHr
https://www.science.org/doi/10.1126/science.abn2100#F2
https://www.zotero.org/google-docs/?aw0pM1
https://www.zotero.org/google-docs/?iYB9ds
https://www.science.org/doi/10.1126/science.abn2100#F3
https://www.science.org/doi/10.1126/science.abn2100#F3
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buried polar residues; supplementary text). The designs had diverse helix connectivities and low

structural similarity to the parent [figs. 2.S13B and 2.S12; template modeling (TM)–score 0.55 to

0.71 to PDB ID 1BCF_A]. We chose 96 inpainted designs to test experimentally and found that

76 had soluble expression, at least eight (see supplementary text) had a spectroscopic shift

indicative of Co2+ binding (a proxy for iron binding)50,51, and three (dife_inp_1, dife_inp_2, and

dife_inp_3; Fig. 2.3B and fig. 2.S13E) had CD spectra consistent with the designed fold (Fig.

2.3D and fig. 2.S13F) and were stabilized by metal binding (Fig. 2.3E and fig. 2.S13G).

Mutation of the metal binding residues abolished binding (Fig. 2.3B and fig. 2.S13E), and

titration analysis of dife_inp_1 suggested that both metal binding sites were successfully

scaffolded (Fig. 2.3C).

We next scaffolded the calcium-binding EF-hand motif52, a 12-residue loop flanked by

helices. Both constrained hallucination and inpainting readily generated scaffolds recapitulating

either one or two EF-hand motifs to within 1.0 Å AF-RMSD of the native motif (Fig. 2.3F; fig.

2.S14, A and B; and table S2). We chose 20 hallucinations and 55 inpaints to display on yeast

and screen for calcium binding using tryptophan-enhanced terbium fluorescence53. Six

hallucinations and four inpaintings had fluorescence consistent with ion binding [fig. 2.S14A;

materials and methods; one of these proteins (EFhand_inp_2) was designed using RFimplicit

(supplementary text)]. The top hit from yeast, the inpainted EFhand_inp_1, purified from E. coli

as a monomer (fig. 2.S14C), had the expected CD spectrum (Fig. 2.3G) and a clear terbium

binding signal (Fig. 2.3H) that was eliminated by CaCl2 competition (Fig. 2.3H).

2.7 IN SILICO DESIGN OF ENZYME ACTIVE SITES

We next sought to scaffold the active site of carbonic anhydrase II, which catalyzes the

interconversion of carbon dioxide and bicarbonate and has recently been of interest for carbon

https://www.zotero.org/google-docs/?Gsr0uG
https://www.science.org/doi/10.1126/science.abn2100#F3
https://www.science.org/doi/10.1126/science.abn2100#F3
https://www.science.org/doi/10.1126/science.abn2100#F3
https://www.science.org/doi/10.1126/science.abn2100#F3
https://www.science.org/doi/10.1126/science.abn2100#F3
https://www.science.org/doi/10.1126/science.abn2100#F3
https://www.zotero.org/google-docs/?uRUv6G
https://www.science.org/doi/10.1126/science.abn2100#F3
https://www.zotero.org/google-docs/?Lom8nD
https://www.science.org/doi/10.1126/science.abn2100#F3
https://www.science.org/doi/10.1126/science.abn2100#F3
https://www.science.org/doi/10.1126/science.abn2100#F3
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sequestration49–51. The active site consists of three Zn2+-coordinating histidines on two strands

and a threonine on a loop, which orients the CO2 (table S1). Despite the complexity of the

irregular, discontinuous three-segment site, hallucination was able to generate designs with

sub-angstrom motif AF-RMSDs with correct His placement for Zn2+ coordination (Fig. 2.4A

and fig. 2.S9D); these are less than 100 residues in size, considerably smaller than the

261-residue native protein.

We next scaffolded the catalytic side chains of Δ5-3-ketosteroid isomerase (KSI) (table

S1) involved in steroid hormone biosynthesis54. We attempted to use gradient descent by

backpropagation through AF (materials and methods; a side chain–predicting version of RF was

not available at the time) but found it difficult to obtain accurate side-chain placement; the

landscape may be too rugged with the high-resolution side chain–based loss (supplementary

text). Better results were obtained with a two-stage approach using, first, both AF and trRosetta

(to smoothen the loss landscape) and a description of the active site at the backbone level,

followed by a second all-atom AF-only stage once the overall backbone was roughly in place.

This yielded multiple plausible solutions with nearly exact matches to the catalytic side-chain

geometry (Fig. 2.4, C and D, and fig. 2.S9E). In silico validation with a held-out AF model

(materials and methods) recapitulated the designed active sites. The use of stage-specific loss

functions illustrates the ready customizability of the hallucination approach to specific design

challen

2.8 DESIGNING PROTEIN-BINDING PROTEINS

To design binders to the cancer checkpoint protein PD-L1, we scaffolded two

discontiguous segments of the interfacial β sheet from a high-affinity mutant of PD-1 (Fig. 2.5A;

materials and methods)34. Inpainting yielded designs with not only good AF predictions of the

https://www.zotero.org/google-docs/?lExA2i
https://www.science.org/doi/10.1126/science.abn2100#F4
https://www.zotero.org/google-docs/?qdiShi
https://www.science.org/doi/10.1126/science.abn2100#F4
https://www.science.org/doi/10.1126/science.abn2100#F5
https://www.zotero.org/google-docs/?ErOIb2
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binder monomer (AF pLDDT > 80, motif AF-RMSD < 1.4 Å) but also of the complex between

the binder and PD-L1, with an interchain predicted alignment error (inter-PAE) of <10 Å

(materials and methods). In contrast to our initial efforts with trRosetta hallucination (fig. 2.S1;

supplementary text), it was not necessary to redesign the inpainted sequences using Rosetta. Of

31 designs selected for experimental testing, one design, pdl1_inp_1, bound PD-L1 with a Kd of

326 nM (Fig. 5, B and C), worse than high-affinity consensus (HAC) PD-1 (Kd = 110 pM)55 but

better than wild-type PD-1 (Kd = 3.9 μM)55. The pdl1_inp_1 design expressed as a monomer

(fig. 2.S15E), was thermostable, and had a CD spectrum consistent with that of a mixed α-β fold

(fig. 2.S15F). Unlike native PD-1, which has an immunoglobulin family β-sandwich fold,

pdl1_inp_1 has two helices buttressing the interfacial β sheet, as well as an additional fifth

inpainted strand extending the interface (fig. 2.S15, A and B). The closest Protein Data Bank

(PDB)56 hit had a TM-score of 0.61, and the closest Basic Local Alignment Search Tool

(BLAST) NR hit had a sequence identity of 25.4%.

We next used our methods to design ligands engaging multiple receptor binding sites.

The nerve growth factor (NGF) receptor TrkA dimerizes upon ligand binding57, and starting from

the TrkA-NGF crystal structure, we positioned helical segments derived from two copies of a

previously designed TrkA binding protein7 and used hallucination followed by inpainting

(materials and methods) to scaffold them on a single chain (Fig. 2.5, D and E). A design

predicted to be well structured (AF pLDDT > 80) and interact with TrkA (inter-PAE < 10 Å) was

expressed, purified, and found to bind TrkA, as assessed by biolayer interferometry (BLI) (Fig.

2.5F). A double mutant that knocked out both designed binding sites abolished TrkA binding,

whereas single mutants knocking out either one of the binding sites maintained partial binding

(Fig. 2.5F and fig. 2.S16), suggesting that the protein binds two molecules of TrkA, as designed.

https://www.science.org/doi/10.1126/science.abn2100#F5
https://www.zotero.org/google-docs/?aJeqf1
https://www.zotero.org/google-docs/?gn1Qmb
https://www.zotero.org/google-docs/?FlgNIz
https://www.zotero.org/google-docs/?sfDQpk
https://www.zotero.org/google-docs/?lGcX8n
https://www.science.org/doi/10.1126/science.abn2100#F5
https://www.science.org/doi/10.1126/science.abn2100#F5
https://www.science.org/doi/10.1126/science.abn2100#F5
https://www.science.org/doi/10.1126/science.abn2100#F5
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RoseTTAFold is able to predict the structures of protein complexes58, and we

hypothesized that it could generate additional binding interactions between hallucinated or

inpainted binder and a target beyond the scaffolded motif. We used a “two-chain” hallucination

protocol (fig. 2.S17; materials and methods) to design binders to the Mdm2 oncogene by

scaffolding the native N-terminal helix of the tumor suppressor protein p53 and obtained diverse

designs with AF inter-PAE < 7 Å, target-aligned binder RMSD < 5 Å, binder pLDDT > 85, and

spatial aggregation propensity (SAP) score < 35 (fig. 2.S17, D and E); three examples are shown

in Fig. 2.5G.

The above approaches to protein-binder design require starting from a previously known

binding motif, but hallucination should in principle be able to generate de novo interfaces as

well. To test this, we used two-chain hallucination to optimize 12-residue peptides for binding to

12 targets starting from random sequences, minimizing an interchain entropy loss (fig. 2.S17H).

Most of the hallucinated peptides bound at native protein interaction sites (fig. 2.S18A); the

remainder bound in hydrophobic grooves resembling protein binding sites (fig. 2.S18B). We

used the same procedure to generate 55- to 80-residue binders against TrkA and PDL-1 without

starting motif information and obtained designs predicted by AF to complex with the target, at

the native ligand binding site, with a target-aligned binder RMSD < 5 Å and an inter-PAE < 10 Å

(fig. 2.S17, F and G).

Unlike classical protein design pipelines, which treat backbone generation and sequence

design as two separate problems, our methods simultaneously generate both sequence and

structure, taking advantage of the ability of RoseTTAFold to reason over and jointly optimize

both data types. This results in excellent performance in both generating protein backbones with

a geometry capable of hosting a desired site and sequences that strongly encode these backbones.

https://www.zotero.org/google-docs/?MYreYp
https://www.science.org/doi/10.1126/science.abn2100#F5
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Our hallucinated and inpainted backbones accommodate all of the tested functional sites much

more accurately than any naturally occurring protein in the PDB or AF predictions database (fig.

2.S20 and table S3; supplementary text)59, and our designed structures are predicted more

confidently from their (single) sequences than most native proteins with known crystal structures

and are on par with structurally validated de novo designed proteins (fig. 2.S7, A and B). The

hallucination and inpainting approaches are complementary: Hallucination can generate diverse

scaffolds for minimalist functional sites but is computationally expensive because it requires a

forward and backward pass through the neural network to calculate gradients for each

optimization step (materials and methods), whereas inpainting usually requires larger input

motifs but is much less compute-intensive and outperforms the hallucination method when more

starting information is provided. This difference in performance can be understood by

considering the manifold in sequence-structure space corresponding to folded proteins. The

inpainting approach can be viewed as projecting an incomplete input sequence-structure pair

onto the subset of the manifold of folded proteins (as represented by RoseTTAFold) containing

the functional site—if insufficient starting information is provided, this projection is not well

determined, but with sufficient information, it produces protein-like solutions, updating sequence

and structure information simultaneously. The loss function used in the hallucination approach is

constructed with the goal that minima lie in the protein manifold, but there will likely not be a

perfect correspondence, and hence stochastic optimization of the loss function in sequence space

may not produce solutions that are as protein-like as those from the inpainting approach.

2.9 CONCLUSION

The approaches for scaffolding functional sites presented here require no inputs other

than the structure and sequence of the desired functional site and, unlike previous methods, do

https://www.zotero.org/google-docs/?JVVjYp
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not require specifying the secondary structure or topology of the scaffold and can simultaneously

generate both sequence and structure. Despite a recent surge of interest in using machine learning

to design protein sequences11,12,60–65, the design of protein structure is relatively underexplored,

likely because of the difficulty of efficiently representing and learning structure66. Generative

adversarial networks and variational autoencoders have been used to generate protein backbones

for specific fold families67–69, whereas our approach leverages the training of RoseTTAFold on

the entire PDB to generate an almost unlimited diversity of new structures and enable the

scaffolding of any desired constellation of functional residues. Our “activation maximization”

hallucination approach extends related work in this area70–72 by leveraging its key strength, the

ability to use arbitrary loss functions tailored to specific problems and design any length

sequence without retraining. The ability of our inpainting approach to expand from a given

functional site to generate a coherent sequence-structure pair should find wide application in

protein design because of its speed and generality. The two approaches individually, and the

combination of the two, should increase in power as more-accurate protein structure, interface,

and small-molecule binding prediction networks are developed.
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2.11 MAIN FIGURES

Figure 2.1: Methods for protein function design.

Fig. 2.1. Methods for protein function design. (A) Applications of functional-site scaffolding.
(B and C) Design methods. (B) Constrained hallucination. At each iteration, a sequence is passed
to the trRosetta or RoseTTAFold neural network, which predicts 3D coordinates and
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inter-residue distances and orientations (fig. S2). The predictions are scored by a loss function
that rewards certainty of the predicted structure along with motif recapitulation and other
task-specific functions. MCMC, Markov chain Monte Carlo. (C) Missing information recovery
(“inpainting”). Partial sequence and/or structural information is input into a modified
RoseTTAFold network (called RFjoint), and complete sequence and structure are output. (D)
Protein design challenges formulated as missing information recovery problems. Question marks
in column 1 indicate missing sequence information; gray cartoons in column 2, missing
structural information. (E) RFjoint can simultaneously recover structure and sequence of a
masked protein region. 2KL8 was fed into RFjoint with a continuous (length 30) window of
sequence and structure masked out, with the network tasked with predicting the missing region
of protein. Outputs (inpainted region in gray) closely resemble the original protein (2KL8, left)
and are confidently predicted by AlphaFold (pLDDT/motif RMSD of models shown, from left to
right: 91.6/0.91, 92.0/0.69, and 90.4/0.82). (F and G) Motif scaffolding benchmarking data
comparing RFjoint with constrained hallucination. A set of 28 de novo designed proteins,
published since RoseTTAFold was trained, were used. For each protein, 20 random masks of
length 30 were generated, and RFjoint and hallucination were tasked with filling in the missing
sequence and structure to “scaffold” the unmasked “motif.” For this mask length, RFjoint
typically modestly outperforms hallucination, both in terms of the RMSD of the unmasked
protein (the “motif”) to the original structure (F) and in AlphaFold confidence (pLDDT in the
replaced region) (G). Circles represent average of 20 outputs for each of the benchmarking
proteins. Triangle represents 2KL8. Colors in all panels: native functional motif, orange;
hallucinated/inpainted scaffold, gray; constrained motif, purple; binding partner, blue;
nonmasked region, green; and masked region, light-gray dotted lines.
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Figure 2.2: Design of epitope scaffolds and receptor traps.

Fig. 2.2. Design of epitope scaffolds and receptor traps. (A) Design of proteins scaffolding
immunogenic epitopes on RSV protein F (site II: PDB ID 3IXT chain P residues 254 to 277; site
V: PDB ID 5TPN chain A residues 163 to 181). Comparisons of the RF hallucinated models to
AF2 structure predictions from the design sequence are in fig. S9; here, because of space
constraints, we show only the AF2 model (the two are very close in all cases). Here and in the
following figures, we assess the extent of success in designing sequences that fold to structures
harboring the desired motif through two metrics computed on the AF2 predictions: prediction
confidence (AF pLDDT) and the accuracy of recapitulation of the original scaffolded motif
(motif AF-RMSD). For RSV-F designs, these metrics are rsvf_ii_141 (85.0, 0.53 Å), rsvf_ii_158
(82.9, 0.51 Å), rsvf_ii_171 (88.4, 0.69 Å), rsvfv_hal_1 (82, 0.7 Å), rsvfv_hal_2 (88, 0.64 Å), and
rsvfv_hal_3 (86, 0.65 Å). (B) Design of COVID-19 receptor trap based on ACE2 interface helix
(PDB ID 6VW1 chain A residues 24 to 42). Design metrics: ace2_76 (89.1, 0.55 Å), ace2_1157
(80.4, 0.47 Å), and ace2_1007 (83.3, 0.57 Å). Colors: native protein scaffold, light yellow;
native functional motif, orange; hallucinated scaffold, gray; hallucinated motif, purple; and
binding partner, blue. See table S2 for additional metrics on each design. (C) Normalized
maximum surface plasmon resonance signal (response units) of purified RSV-F epitope scaffolds
and point mutants at various concentrations of hRSV90 antibody, with sigmoid fits. RSV-F refers
to purified trimeric native F protein. Kd values are as follows: RSV-F: 24 nM; rsvfv_hal_1: 0.9
μM; rsvfv_hal_2: 1.0 μM; rsvfv_hal_3: 1.3 μM. (D) Mean residue ellipticity (MRE) versus
wavelength, from CD spectroscopy, for the three RSV-F site V hallucinations with binding
activity.
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Figure 2.3: Design of metal binding.

Fig. 2.3. Design of metal binding. (A) Scaffolding of di-iron binding site from E. coli
cytochrome b1 (PDB ID 1BCF chain A residues 18 to 25, 27 to 54, 94 to 97, and 123 to 130)
using inpainting. Colors: native protein scaffold, light yellow; native functional motif, orange;
hallucinated scaffold, gray; hallucinated motif, purple; and bound metal, blue. (B) Absorbance
spectra of dife_inp_1 (or mutant) in the presence (or absence) of an eight-fold molar excess of
Co2+. Peaks at 520, 555, and 600 nm, consistent with Co2+ binding to the scaffolded motif (32).

https://www.science.org/doi/10.1126/science.abn2100#core-R32
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In the mutant, the six coordinating residues [side chains shown in (A)] are mutated to alanine
(E16A, E55A, H58A, E89A, H92A, E115A). Protein concentration: 200 μM. (C) dife_inp_1
Co2+ titration (protein concentration: 200 μM). Quantification of the absorbance at 550 nm,
using a predicted extinction coefficient of 155 for Co2+ binding the motif (32), is consistent with
both binding sites being recapitulated. (D) CD spectra of dife_inp_1 in the presence and absence
of Co2+ are both consistent with the predicted helical structure. (E) Temperature dependence of
dife_inp_1 CD signal in the presence and absence of Co2+. Coordination of Co2+ in the core
stabilizes the protein. Protein concentration: 6.7 μM; Co2+ concentration: 53.3 μM. (F)
Inpainted design EFhand_inp_1 scaffolding the double EF-hand motif with input motif residues
in purple, input nonmotif residues in green, and overlaid with the native motif from PDB ID
1PRW (orange). (G) CD spectra of EFhand_inp_1 incubated with and without CaCl2 suggest
stabilization of the protein upon binding calcium. (H) Tryptophan-enhanced terbium
fluorescence spectra of EFhand_inp_1 suggests that the design binds terbium (57). Terbium
binding signal is competed by 1 mM CaCl2 (red). Design metrics (AF pLDDT, motif
AF-RMSD): dife_inp_1 (92, 0.65 Å) and EFhand_inp1 (84, 0.7 Å).

Figure 2.4: In silico design of enzyme active sites.

Fig. 2.4. In silico design of enzyme active sites. (A and B) Hallucinations using backbone
description of site using RF. (C and D) Hallucination using side-chain description of site using
AF2 augmented with trRosetta (materials and methods). (A) Carbonic anhydrase II active site
(PDB ID 5YUI chain A residues 62 to 65, 93 to 97, and 118 to 120). (B) Δ5-3-ketosteroid
isomerase active site (PDB ID 1QJG chain A residues 14, 38, and 99). Colors: native protein
scaffold, light yellow; native functional motif, orange; hallucinated scaffold, gray; hallucinated

https://www.science.org/doi/10.1126/science.abn2100#core-R32
https://www.science.org/doi/10.1126/science.abn2100#core-R57
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motif, purple; and bound metal, blue. [(B) and (D)] Zoomed-in view of designed active sites.
Design metrics (AF pLDDT, motif AF-RMSD): hcA_1 (73, 1.04 Å), hcA_2 (71, 0.62 Å), KSI_1
(84, 0.30 Å Cβ), and KSI_2 (72, 0.53 Å Cβ).

Figure 2.5: Design of protein-binding proteins.

Fig. 2.5. Design of protein-binding proteins. Designs containing target-binding interfaces built
around native-complex–derived binding motifs. Targets are in blue, native scaffolds in yellow or
pink, native motifs in orange, designed scaffolds in gray, and designed motifs in purple. (A)
Crystal structure of HAC PD-1 in complex with PD-L1. (B) Inpainted PD-L1 binder
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superimposed on PD-1 interface motif. (C) BLI binding signal versus PD-L1 concentration. Kd =
326 nM. (D) Crystal structure of previously designed TrkA minibinder in complex with TrkA,
superimposed on TrkA receptor dimer. (E) Hallucinated bivalent TrkA binder. Protein topology
diagrams are on the right. (F) BLI binding signal versus TrkA concentration; mutations at both
scaffolded binding sites reduce TrkA binding. (G) Hallucinated Mdm2 binder designs
superimposed on native p53 helix in complex with Mdm2 (see also fig. S17, D and E). New
binding interactions (hallucinated residues within 5 Å of the target) are in green. (Inset) Overlay
of mdm2_hal_1 and native p53 helix showing key side chains for binding.

2.12 MATERIALS AND METHODS

2.12.1 SEQUENCE REPRESENTATION

For structure prediction, the input to trRosetta and RosettaFold is a tensor 𝑋 ∈ ℝ𝑁×𝐿×𝐴

representing a one-hot-encoded multiple sequence alignment (MSA), where L is the sequence

length, N is the number of aligned sequences, and 𝐴 = 21 is the alphabet size (20 amino acids

plus gap character, although gaps are never used during design). For design with RosettaFold,

which was used for most of the designs in this paper, we optimized a single sequence (𝑁 = 1) and

applied a 20% dropout, which is implemented at a variety of layers within the network. The first

set of PD-1 mimetics (Fig. S1) were hallucinated with trRosetta and optimized a 1000-sequence

MSA (𝑁 = 1000) with 0-20% dropout on input 2D features (14). Designing an MSA improves

motif accuracy with trRosetta (13) but is not necessary when using RosettaFold. When residues

on the functional motif are known to form desirable interactions with the binding partner or a

ligand, we constrained these positions to stay the same (native) amino acid during optimization.

Conversely, we also included the ability to avoid certain amino acids at all positions (e.g.

cysteine). Both capabilities are implemented as adding or subtracting a large number (108 ) to the

sequence logits at the beginning of optimization.
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2.12.2 LOSS FUNCTION

We optimize a loss function

ℒ = 𝑤𝑀ℒ𝑀 + 𝑤𝐻ℒ𝐻 + ℒ𝑎𝑢𝑥

consisting of the motif loss ℒ𝑀, which scores the accuracy of the functional site in the design,

and a hallucination loss ℒ𝐻, which scores how strongly the sequence encodes a backbone

geometry (Fig. 1B), as well as optional auxiliary losses ℒ𝑎𝑢𝑥 for specific tasks (Fig. S2;

Supplementary Text). For all the designs in this paper we used 𝑤𝑀 = 𝑤𝐻 = 1. For a protein of

length L, the motif loss is defined as a negative cross-entropy between reference

(one-hot-encoded) and predicted residue-residue geometric feature distributions 𝑝(𝑦):

ℒ𝑀 = − ∑ [(∑∑𝑚𝑖𝑗 𝑙𝑜𝑔 𝑝(𝑦𝑖𝑗 = 𝑦𝑖𝑗 0 ) 𝐿 𝑗≠𝑖 𝐿 𝑖 =1 )/(∑∑𝑚𝑖𝑗 𝐿 𝑗≠𝑖 𝐿 𝑖=1 )]

where

𝑚𝑖𝑗 = { 1, 0, otherwise ‖𝐶𝛽𝑖−𝐶𝛽𝑗‖ ≤ 20 and 𝑖,𝑗∈motif}

𝑦∈ {𝑑, ⍵, 𝜃,𝜑, 𝜃 𝑇 ,𝜑 𝑇}

represents residue-residue distances and orientation angles and 𝑦 0 is the value of the distance or

angle in the reference motif. The features 𝑑 and ⍵ are symmetric while the angles 𝜃,𝜑 are

asymmetric, so 𝜃 𝑇 and 𝜑 𝑇 are included to match the double-counting of 𝑑 and ⍵ across the

diagonal. This cross-entropy is averaged over all residue pairs in the motif, represented as a

binary mask m. We restrict this loss to residue pairs within 20 Å because RosettaFold and

trRosetta do not make quantitative predictions beyond this distance. In some cases we

supplemented this cross-entropy motif loss with a backbone coordinate RMSD loss

(Supplementary Text).

The hallucination loss is defined as the entropy of renormalized network predictions:

ℒ𝐻 = ∑ [(∑∑(1 − 𝑚𝑖𝑗)𝐻(𝑝̂(𝑦𝑖𝑗)) 𝐿 𝑗≠𝑖 𝐿 𝑖=1 )/ (∑∑(1 − 𝑚𝑖𝑗) 𝐿 𝑗≠𝑖 𝐿 𝑖=1 )] 𝑦∈{𝑑,⍵,𝜃,𝜑,𝜃𝑇,𝜑𝑇}
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where the entropy is defined as

𝐻(𝑝) = ∑𝑝𝑘 log 𝑝𝑘 𝑘 and 𝑝̂(𝑦) = exp(𝛽 log 𝑝(𝑦)) /∑ exp(𝛽 log 𝑝(𝑦)).

The last of the K distance or orientation bins (>20 Å pairwise distance or “no contact”) is

excluded to avoid the trivial minimum-entropy solution of an extended chain where most

residues are not in contact. Empirically, we found that performing this renormalization with 𝛽 =

10, and only using bins up to 5 Å for the pairwise distance distributions 𝑝(𝑑), gave more realistic

structures. In an earlier version of our method we defined the hallucination loss using a KL

divergence rather than entropy, which gave similar results (Fig. S2D; Supplementary Text) (14).

2.12.3 OPTIMIZATION METHODS

In early tests, we used an MCMC method based on our previous work on unconstrained

hallucination (12). Starting from a random sequence, single mutations were proposed and the

loss function evaluated. The mutation was either accepted or rejected according to the standard

Metropolis criterion. Acceptance temperature was 0.002 and annealed by exponential decay with

a 500-step half-life; design quality was not sensitive to these parameters. For proteins around 120

residues long, we found this approach converged in about 30,000 steps and took about 90

minutes on Nvidia GeForce RTX2080 GPUs, which we used for all hallucination runs. Although

slow, this approach has the advantage that mutations can include insertions and deletions, which

is useful when redesigning loops.

For most design problems, we used a gradient-descent method based on our previous

fixed backbone sequence design study (13). Starting with randomly initialized input logits

𝑋~𝑁𝑁×𝐿×𝐴(0, 0.01), we apply a softmax followed by an argmax operation to obtain a

one-hotencoding 𝑋𝑜ℎ. To backpropagate the gradient of the loss 𝜵ℒ through the discrete one-hot

sequence to the continuous logits, we employed a reparameterization trick(13, 59) where
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gradients were passed through the one-hot sequence as if it had the softmax values of the logits

(60, 61). For a protein of length L, on optimization step t, we update the input logits with

normalized gradients and a constant learning rate 𝛼:

𝑋 (𝑡+1) ← 𝑋 (𝑡) − 𝛼 √𝐿 𝛁ℒ ‖𝛁ℒ‖

Typically we used 𝛼 = 0.05, although results are reasonable for any 0.01 < 𝛼 < 0.2 (Fig.

S19A). We also tested decaying the learning rate over time, but this did not outperform constant

learning rate, as seen previously for fixed backbone hallucination (13). With trRosetta, we found

that sampling from the softmax distribution over sequence logits (59) yielded higher DAN-lDDT

and lower motif RMSD than simply taking the most probable sequence (argmax), but argmax

was better when using RosettaFold.

Gradient-based optimization with trRosetta converged in 200 steps for a 120-residue

protein, taking approximately 5 minutes on our GPUs, while RosettaFold took 400 steps or 10

minutes per design. A hybrid procedure of gradient descent followed by MCMC yielded

improved designs but required much more GPU time, while MCMC-only or MCMC followed by

gradient descent yielded inferior results (Fig. S19B-C). In practice, we found that the most

efficient use of GPU time was to first generate designs using gradient descent to sample a diverse

structural space (and explore hyperparameters such as motif placements and sequence length),

then use the best resulting designs to “seed” many short MCMC trajectories (300-1000 steps) to

obtain further-refined and diversified final designs.

2.12.4 MOTIF PLACEMENT

At the beginning of optimization, each discontinuous segment of the motif is mapped to a

random block of residue positions on the designed sequence. The motif loss is applied to these

“constrained” regions, while the hallucination loss is applied to the remaining residue positions.
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The positions corresponding to the motif stay fixed during optimization. For each new problem,

we start by specifying a range for the total protein length L and generate many designs with

randomly sampled L from the range and randomly placed motif segments. We then identify the

values of L and inter-segment gap lengths that yielded the best designs and run followup design

trajectories with these parameters in order to deeply sample productive regions of the search

space. In early testing, we developed algorithms which adaptively place motifs during

optimization either by minimizing motif loss over all possible placements or performing a greedy

search (Supplementary Text). While potentially useful for certain problems, these were not

consistently better than the simpler fixed-placement strategy (Fig. S19D-E).

2.12.5 SCAFFOLDING ENZYME ACTIVE SITES USING ALPHAFOLD

To design de novo scaffolds for the active site of ∆5 -3-ketosteroid isomerase (KSI) (36),

we used AF in a two-stage method, the first stage focusing on backbone generation and the

second on sidechain geometry optimization. In stage 1, we perform 200 steps of gradient descent

to optimize a real-valued tensor 𝑋 ∈ ℝ1×𝐿×𝐴 representing sequence logits. The argmax of the

softmax of the logits is used as input to AF and trRosetta. To allow backpropagation through the

argmax function, we use the gradient straight-through trick as described previously (13).

Gradients are obtained from both AF and trRosetta, weighted equally, and used to update the

logits X. Losses used for AF are the predicted LDDT and aligned error (for hallucination) and

Cb distogram CCE (for motif recapitulation, defined similarly as the CCE used with RosettaFold

above), sidechain FAPE (21) and RMSD (root-mean-squared-deviation); losses for trRosetta are

KL divergence (Supplementary Text) and CCE, but excluding the theta dihedral. Stage 1 is run

using the ADAM optimizer (62) with a learning rate of 5e-3. The gradients are normalized by the

norm at each iteration. We found that if we do not use trRosetta as part of the loss, it is very
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unstable and the motif RMSD rarely goes below 2 Å (see further discussion in Supplementary

Text). In stage 2, the sequence from stage 1 is subjected to 400 steps of semi-greedy optimization

using AF: at each step a random position is mutated, if the loss decreases, the mutation is

accepted, if not, up to 20 independent random mutations are attempted. If none of the 20

mutations decreased loss, the mutation with best loss is accepted. For the first stage, 400

independent designs were generated. Each design had 3 random indices between 0 and 99

selected to define the positions of the active site. The top 4 designs were selected for stage 2. The

loss for stage 2 is the weighted sum of predicted LDDT and aligned error, and sidechain FAPE

and RMSD. The confidence loss was scaled by 0.01 and sidechain loss by 1.0. To attempt to

avoid false local optima in a particular set of AF weights, during stage 2 we evaluated the loss

using a randomly chosen one of 4 AF models (model_1_ptm, model_2_ptm, model_3_ptm, and

model_5_ptm) (sets of weights) on each step. This is similar to averaging the 4 models (54, 55)

but is more compute efficient. We withhold model_4_ptm for validation -- the designs shown in

the figures come from this model.

2.12.6 PROTEIN BINDER “TWO-CHAIN” HALLUCINATION

To design Mdm2 binders, we first used standard hallucination to scaffold the p53 helix,

with the repulsive loss on. These designs are roughly shape-complementary to Mdm2 but do not

make biochemical interactions. We then refined a small number of high-scoring designs by

100-1000 steps of MCMC with RosettaFold predicting the entire binder/target complex but only

optimizing the binder sequence. We predicted complexes by concatenating the binder and target

sequences with a 200 amino-acid gap between them in the residue index input to RosettaFold

(16). RosettaFold has limited accuracy predicting native protein structures and complexes from

single sequences. To ensure that the target is accurately predicted (as this is a prerequisite for
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accurately hallucinating interactions to it) we input the structure of the target plus the stub as

homology templates to RosettaFold (Fig. S17A). As expected, this usually yielded predictions of

the target (and target-stub relative position) extremely close to the crystal structure. During 2-

chain refinement, we applied the motif loss to preserve the structure of the binder and its relative

position to the target and the hallucination loss to the rest of the binder to encourage formation of

interactions with the target; no repulsive or attractive losses were used. For this task, gradient

descent did not give good results, and MCMC refinement of a previously hallucinated monomer

was the most efficient and robust approach.

To generate the 12-residue stubs against various targets, as well as binder designs against

TrkA and PD-L1 without using a pre-specified motif, we initialized a completely random

sequence of a pre-defined length (12 AAs or 55-80 AAs) and concatenated it to the sequence of

the target (Fig. S17A). On each iteration we predicted the structure of the complex using

template input for the target, as described above. To promote binder-target contacts, we used an

“inter-chain” entropy loss which was computed only on the inter-chain residue pairs and given a

weight of 1 to 5 (Supplementary Text); the usual (intra-chain) entropy loss (with weight 1) was

also used, to promote hallucination of a well-packed binder monomer. The entropy calculation

was modified in some cases to improve handling of the “no-contact” bin (see “Leaky entropy” in

Supplementary Text). For the stub design problem (Fig. S18), we ran 600 steps of MCMC

(gradient descent was not possible for these targets due to GPU memory limitations); for TrkA

and PD-L1 (Fig. S17F-G), we ran 200-400 gradient descent steps followed by 200-300 MCMC

steps. Multiple rounds of filtering and design refinement/diversification were performed

(Supplementary Text).
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2.12.7 TRAINING ROSETTAFOLD TO JOINTLY MODEL SEQUENCE AND

STRUCTURE (RFJOINT)

Standard RosettaFold (16) (RF) has been trained on structure prediction (sequence inputs,

structure outputs) using homolog templates (structure input). In the newer versions, we mask a

portion of the input MSA and apply a loss to predictions of the masked amino acids (sequence

output) to encourage the network to extract more meaning from the MSA (21, 63). RFjoint was

fine tuned from a pre-trained RosettaFold model (RF-Nov05-2021, see Supplementary Text,

“RosettaFold variants” section for details on the architectural details of this model). The training

regime for this model, which was initially trained solely on structure prediction, is below:

Training set: 25% of examples came from the PDB (published before February 17th, 2020),

which is the same training set used in the original RosettaFold model (16). The other 75% of

examples included a distillation set of AlphaFold predicted structures (64). This distillation set

was clustered at 30% sequence identity cutoff, and sequences sharing greater than 30% similarity

to any protein in the PDB were excluded. Only proteins greater than 200 residues in length, with

mean AlphaFold pLDDT > 85 were included in training, and only residues with per residue

pLDDT > 70 were included from these models. The AdamW Optimizer was used throughout

training, with default pytorch parameters. The epoch size was 25600 training examples, with a

batch size of 64. The learning rate for the initial round of training (200 epochs) was 0.001, with a

linear warm-up for the first 1000 optimization steps. The learning rate was then decayed by a

factor of 0.95 after every 10000 optimization steps. A crop size of 256 residues was used, with

cropping following the same strategy as described previously (16). The number of MSA seed

sequences was 128, and the number of extra MSA sequences was 1024. For the second stage of

training (100 epochs), the learning rate was set of 0.0005 (no warmup), with learning rate decay
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by a factor of 0.95 every 10000 optimization steps. A larger crop size (350 residues), and more

MSA sequences (256 seed sequences, 2048 extra sequences) were used in this second phase of

training.

Starting with this pre-trained RosettaFold, we fine-tuned this model for inpainting, for an

additional 27 epochs on three tasks (Fig. S4), training only on the PDB training set. For tasks 1

and 2 (fixed backbone sequence design, and inpainting respectively, chosen 33% of the time

each) were masked in essentially the same manner. Contiguous regions of 10-35 amino acids

comprising at least one full secondary structure element (helix, loop or strand) were masked out

(Task 1: only sequence masked; Task 2: sequence and structure masked). The sequence and

structure of a further 3-6 ‘flanking’ residues were masked out either side of this contiguous

region (Fig. S4A, red). The distograms (but not angle maps or amino acid identity) were

provided for the residue immediately N- and C-terminal to the central contiguous masked region

(Fig. S4A, asterisks). Noise was also applied to these two positions, by randomly translating

them following a normal distribution (μ = 0 Å, σ = 1 Å), such that at inference time,

coordinates would be provided to the network as a “guide” rather than as absolute positions.

Losses were not applied to the flanking regions either side of these two coordinates. The masking

of flanking sequence and structure modestly improved the performance of the network in the

benchmarking test, compared to just masking a 10-35 residue window (Fig. S4D). The final task

(structure prediction from MSA information) was the original task the pre-trained RosettaFold

was trained on, which differs slightly from the original RosettaFold network (15). Specifically, in

this task, 15% of the MSA (excluding the input sequence) was randomly masked or corrupted

(following the strategy used by AlphaFold (21), of this 15% of residues, 70% of residues were

replaced with a ‘mask’ token, 10% were mutated to a random amino acid, 10% were mutated to
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another amino acid in the MSA column, and 10% were not replaced). Homologous template

structural inputs were unchanged from the original network (15). The applied loss function was

the same for all three tasks:

The loss function formulation for RFjoint is as follows.

ℒ𝑡𝑜𝑡𝑎𝑙 = 1.0ℒ𝑑𝑖𝑠𝑡 + 3.0ℒ𝑎𝑎 + 1.0ℒ𝑡𝑜𝑟𝑠 + 5.0ℒ𝐹𝐴𝑃𝐸 + 0.1ℒ𝑙𝑑𝑑𝑡

Where ℒ𝑑𝑖𝑠𝑡 is a cross entropy loss over the distogram and anglegram as described in (15),

predictions ℒ𝑎𝑎 is a cross entropy loss over any masked positions in the input MSA, ℒ𝑡𝑜𝑟𝑠 is a

cross entropy loss on binned backbone dihedral angle predictions, ℒ𝐹𝐴𝑃𝐸 is a backbone level

frame aligned point error, as described in (21), with a relu cutoff of 20. ℒ𝑙𝑑𝑑𝑡 is the lDDT loss as

calculated in (15). Note that structure related losses are applied over the entire predicted protein,

and the sequence cross entropy loss is only applied at masked (Tasks 1 and 2) and/or corrupted

(Task 3) regions. For the fixed-backbone sequence design task (Fig. S4A, Task 1) and for the

inpainting task (Fig. S4A, Task 2), no loss was applied on the ‘flanking’ region of protein N- and

C-terminal to the central masked region. The learning rate was set to 0.0003 throughout the

training of these three tasks, with a batch size of 512. We refer to this fine-tuned RosettaFold

inpainting model as RFjoint, and selected training curves from this model are shown in Fig.

S4B,C. Details of a different training strategy used to train an earlier version of the inpainting

network, which implicitly learned to inpaint, are provided in the supplementary methods.

2.12.8 JOINT SEQUENCE-STRUCTURE INPAINTING WITH A JOINTLY

TRAINED ROSETTAFOLD

To apply RFjoint to protein design, we input a sequence and structure, masking certain

residues in the sequence by replacing them with mask tokens and masking corresponding

residues in the structure by setting their template embeddings to zero (16). We then predict the
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structure and sequence logits for the entire protein. The output structure, including regions that

were originally both masked and unmasked, is used as the design model, and the most probable

predicted amino acid at each masked position (argmax) is taken to complete the sequence. Note

that in the RF-Nov05-2021 version of RosettaFold used to train RFjoint, as in AlphaFold, latent

representations of the output structure are ‘recycled’ back through the network to refine the final

structure. During inpainting, we utilize this ‘recycling’ to refine our inpainted sequence and

structure, typically recycling information 5-15 times (similar to the number of times used for

structure prediction with RosettaFold, which is typically 10). A single design of 100 amino acids

in length, using 10 iterations of inpainting, takes 5.3 seconds on a GeForce RTX 2080 GPU. We

refer to this prediction, with recycling, as a ‘forward pass’ through the network. The iterative

inpainting method described above is approximately deterministic. To sample ensembles of

outputs with small variations in sequence and structure using RFjoint, we either vary the exact

boundaries of masked regions, the length of regions to replace a masked region or by varying

specific input coordinates (for example, in Fig. S6C, the coordinates of two Cɑ- coordinates were

randomly translated up to a specified distance from their original positions, and the network was

tasked with inpainting the masked region given the unmasked positions of the two translated

residues). For each of the design cases presented in the paper, the precise strategy used to

generate and filter the designs is described in the supplementary methods.

2.12.9 MOTIF SELECTION

Because RosettaFold predicts helices and sheets more accurately than loops, we selected

functional motifs composed of as much secondary structure as possible. In initial exploratory

design runs, our methods performed poorly if the motif to scaffold contained too many loops or

depended on networks of tertiary polar contacts (e.g. antibody H3 CDR regions). For antigenic
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epitopes, viral receptor traps, and enzyme active sites, we chose the functional motifs based on

previous structural literature. For binding interfaces, we identified interface residues as those

with any atom within 5 Å of the binding partner and scaffolded motifs consisting of 2-4

contiguous blocks manually chosen to contain as many of the interface residues as possible.

Table S1 lists the design targets, their PDB accessions, the residue numbers of constrained

regions, and references.

2.12.10 DESIGN FILTERING AND SELECTION

For each experimentally tested design case shown in this paper, we generated between

4000 and 30,000 designs, and filtered these based on the AF pLDDT, motif RMSD of AF

predictions to native, (see supplementary text for exact cutoffs). Broadly, these included

‘confident/accurate’ AF pLDDT (> 80), sub-angstrom (< 1 Å) AF-RMSD. Orthogonal filters

were determined on a per-problem basis (fully outlined in the supplementary text), but broadly

comprised features such as radius of gyration, Rosetta per-residue spatial aggregation propensity

(SAP) score (65), net charge (# Arg + # Lys - # Asp - # Glu) and structural diversity. The cutoffs

were typically chosen to give an experimentally tractable final number of designs. In some cases,

in preparation of the final set of proteins to be ordered, and after design filtering, we performed a

final visual inspection to look qualitatively at aspects such as poor core packing, presence of

cavities, buried polar groups, or surface hydrophobics, which typically reduced the set of

proteins by around 0-50%. For designs that were only validated in silico, that are represented in

the figures, we filtered designs predominantly on AlphaFold pLDDT and AF-RMSD, as well as

radius of gyration. The AlphaFold metrics are presented in Table S2. The “model 4” weights

were used for all AF predictions for filtering. The pLDDT was taken as the average of the

residue-wise confidence values output by the network. Using AF to filter our designs has the risk
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of designing “adversarial examples”, or sequence-structure pairs that score well by AF that do

not fold or function in reality, due to the presence of artifactual minima in the loss landscape of

the structure-prediction model (66, 67). However, because we design using RosettaFold, which is

trained independently of AF (although both use the PDB as training data), any final designs must

be well-predicted by two partially orthogonal networks, which is expected to provide some

(although not total (68)) robustness to adversarial examples. This is supported by our finding that

a high fraction of our designs are solubly expressed. Additionally, if we redesign the sequence of

our highest-pLDDT designs by Rosetta, pLDDT continues to be high, indicating that the original

hallucination had a designable backbone (and isn’t purely an artifact of RF or AF’s loss

landscape) (Fig. S7C). Finally, we find that AF pLDDT of our RF-generated designs correlate

well with physics-based metrics such as Rosetta energy and ab initio folding (Fig. S7D, F;

Supplementary Text). To score protein binder designs, we used a modified AlphaFold prediction

script that took as input the design model of the target-binder complex (from RF hallucination or

inpainting) and the concatenated binder-target sequence (with a residue number gap to denote

different chains). AF was asked to predict the complex structure from single-sequence, given the

target protein structure as template information and its structural representation (atom

coordinates) of the binder-target complex initialized to the target-binder complex design model.

The confidence in AF2’s prediction of the interface was assessed by the inter-chain predicted

aligned error (interPAE), or the average value of interchain positions in the predicted aligned

error matrix. We found that inter-PAE < 10 Å corresponded to predicted complexes that were

docked roughly correctly, while predictions with inter-PAE above this threshold usually had

binder and target far apart in space. In addition to inter-PAE, we also filtered on: binder pLDDT

(average residuewise confidence over the binder from complex prediction); AF-Rosetta ddG
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(Rosetta ddG calculated on the AF model after minimizing interface side chains); target-aligned

binder RMSD (RMSD of the binder, after aligning AF and RF models on the target).

2.12.11 PROTEIN PURIFICATION

All designs tested in E. Coli were cloned, expressed and purified using standard methods.

Briefly, Golden Gate assembly with BsaI-HF (New England Biolabs) was used to insert designs

into a modified pET29b+ vector containing C-terminal SNAC (69) and 6xHis tags (or, in the

case of EFhand_inp_1, into a modified pET29b+ vector with a C-terminal TEV cleavage site and

a 6xHis tag). Plasmids were transformed into BL21 bacteria. For small-scale expression tests,

bacteria were cultured overnight at 37oC in 2 ml cultures of lysogeny broth (LB) supplemented

with 50 μg/mL of kanamycin. Cells were then grown in 2 ml cultures of Terrific Broth (TB) for

one hour, before induction with 1 mM of IPTG for 4 hours. Cells were then lysed with B-PER

supplemented with 1 mM PMSF, 0.1 mg/mL Lysozyme, 25 U/ml Benzonase, before lysate

clarification by centrifugation. Lysate was incubated with 75 μl Ni-NTA resin, before washing

thrice with wash buffer (25 mM Tris, 300 mM NaCl, 20 mM Imidazole, pH 7.8) and elution in

25 mM Tris, 300 mM NaCl, 250 mM Imidazole. Expression was assessed by SDS-PAGE. For

larger scale cultures, cultures were grown overnight at 37oC in autoinduction medium (70),

before sonication-based lysis in wash buffer supplemented with 1mM PMSF, 0.1 mg/mL

Lysozyme, 0.01 mg/ml DNase I. After centrifugal lysate clarification, lysates were incubated

with an appropriate volume of Ni-NTA resin and subsequently washed thrice with wash buffer.

For purification of di-iron binding proteins, the His-tag was cleaved off by cleavage of the

SNAC-tag. Briefly, after binding to the Ni-NTA resin, the protein was washed in SNAC cleavage

buffer (100 mM CHES, 100 mM Acetone oxime, 100 mM NaCl, 500mM GuHCl, pH 8.6) before

addition of 2 mM NiCl2. After overnight cleavage, proteins were further purified by size
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exclusion chromatography on a Superose 75 column in 20 mM Hepes, 100 mM KCl, pH 7.8, and

monomeric fractions pooled.

2.12.12 SPECTROSCOPIC ANALYSIS OF COBALT BINDING TO DI-IRON

BINDING PROTEINS

Analysis of cobalt binding to inpainted di-iron binders was performed essentially as

described previously (32). Proteins (200 μM in 20 mM Hepes, 100 mM KCl, pH 7.8) were

incubated overnight with (or not) an 8x molar excess (1600 μM) CoCl2. Absorbance spectra

were collected in a Jason V-750 spectrophotometer. Mean background absorbance (measured

between 700 and 800 nm) were subtracted from all spectra. Successful designs showed

absorbance peaks characteristic of cobalt coordinated in a tetra/penta-coordinate state.

2.12.13 FLUORESCENCE ANALYSIS OF TERBIUM BINDING TO EF-HAND

DESIGNS

Yeast-displayed designs: Transformed yeast were cultured in TRP(-), URA(-) media for

two days followed by expression culture. Samples containing ~8.5e7 cells were incubated in

TBS (pH 8.0) containing 1mM Ca2+ and washed twice with TBS only. Yeast cells were

resuspended in TBS containing 50 μM Tb3+ For 3 hours and then washed twice in TBS + 1mM

Ca2+. Washed samples were moved to a black bottom, plate-reader 96 plates for fluorescence

spectra measurement. Fluorescence signals were collected using a flash plate reader in

time-resolved fluorescence mode (TRF, delay time: 100us , integration time: 1000us, gain: 130).

Purified designs: Designs harboring the EF-hand motif , were purified by His-purification

as described above. After size exclusion chromatography in 20 mM Hepes, 150 mM KCl, pH

7.8, the His tag was cleaved by TEV-cleavage, with the addition of 40 μM Super-TEV protease,
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1 mM DTT and 0.5 mM EDTA (overnight at room temperature). To ensure the EF-hands were

not bound to any residual calcium in buffers, after passing through a NiNTA-column after

TEV-cleavage, protein were run on a size exclusion column equilibrated in 20 mM Hepes, 150

mM KCl, pH 7.8 buffer, which had been Chelex treated overnight to remove any residual

calcium. Proteins were incubated (or not) with terbium (40 μM terbium in 5 μM protein) for 3

hours, before analysis of terbium fluorescence on a NEO2 plate reader. Samples were excited at

250 nm (to excite the tryptophan residue near the EF-hand motif), and fluorescence was

measured between 450 and 650 nm, 100-1000 μs after excitation.

2.12.14 CIRCULAR DICHROISM SPECTROSCOPY

All circular dichroism (CD) analyses except those for RSV-F site V immunogens were

performed on a JASCO J-1500 CD Spectrophotometer. Di-iron binding proteins were analyzed

at 6.7 μM in 20 mM Hepes, 10 mM KCl, pH 7.8, with or without an 8x molar excess of CoCl2.

Analysis of the EF-hand inpaint was performed at 20 μM in chelex100-treated 20 mM Hepes,

150 mM KF, pH 7.6, in the presence or absence of 200 μM CaCl2. Analysis of the PDL-1 binder

was performed at 5 μM in 20 mM Hepes, 10 mM KCl, pH 7.8. Thermal melt analyses were

performed between 25 oC and 95 oC, measuring CD at 222 nm. All reported measurements were

measured within the linear range of the instrument.

For RSV-F designs, CD spectra were measured using a ChirascanTm V100 spectrometer

in a 1-mm path-length cuvette. The protein samples were diluted to 30 µM in PBS. Wavelengths

between 195 nm and 250 nm were recorded. Thermal melt analyses were performed between 20

°C and 95 °C with an increment of 2 °C/min, measuring CD at 222 nm. All spectra were

corrected for buffer absorption.



41

2.12.15 MEASURING PROTEIN BINDING

Yeast surface display: As an initial screen for protein binding, linear DNA were

synthesized as “e-blocks” (Integrated DNA Technologies), pooled, and transformed into the

yeast strain EBY100 (by electroporation if >100 designs, by the lithium acetate method

otherwise) along with a pETCON3 backbone linearized at NdeI and XhoI (for Aga2p and c-Myc

fusion) (4, 5). The transformed pool was inoculated into CTUG medium (yeast nitrogen base

6.7g/L (difco) + complete amino acids -trp - ura + 2% glucose) and incubated 12-16 hours at

30°C with shaking, then diluted 200uL + 2mL into SGCAA (yeast nitrogen base 6.7g/L +

complete amino acids 5g/L (Bacto) + 90mM Na2HPO4 + 2% galactose + 0.1% glucose) and

incubated 12-16 hours to induce binder expression and display. For flow sorting, around 107

cells were harvested, washed 3x in TBSF (50mM Tris-HCl pH8.0, 150mM NaCl, 1% bovine

serum albumin), incubated in TBSF with biotinylated binding target for 30 minutes at room

temperature, washed 1x in TBSF, incubated for 30 minutes at room temperature in 0.1mg/mL

FITC anti-c-Myc (ICL Lab) and 70mg/mL streptavidin R-phycoerythrin (PE) conjugate

(Invitrogen), and washed 3x in TBSF. The binding target and FITC/PE were added in the same

incubation when labeling with avidity. Cells were sorted on a Sony SH800 flow sorter and 103 -

106 FITC+/PE+ cells were collected. The cells were either cultured in liquid CTUG for another

round of sorting, or plated onto CTUG agar and individual colonies Sanger-sequenced to identify

the designs. For trRosetta-hallucinated PD-L1 binders and Mdm2 binders, clonal yeast cultures

expressing a single design were analyzed in binding assays to confirm the results of sorting as

well as to assess the binding affinity of designs. In this case, yeast culture and binding were

performed identically as above except that an Attune NxT (Invitrogen) flow cytometer was used
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to analyze the cells. For all other problems, hits identified by yeast display were followed up by

E. coli expression and purification.

Surface plasmon resonance (SPR) to assess RSV-F site V binding: SPR measurements

were performed on a Biacore 8K (GE Healthcare) in 10 mM HEPES pH 7.4, 150 mM NaCl, 3

mM EDTA, 0.005% v/v Surfactant P20 (GE Healthcare). Ligands were immobilized on a CM5

chip (GE Healthcare) via amine coupling. The preRSVF and RSVF-site V immunogens were

immobilized at approximately 300-500 response units (RU). The site V specific RSV90 Fab was

injected as analyte in two-fold serial dilutions. The flow rate was 30 µl/min for a contact time of

120 s followed by 400 s dissociation time. After each injection, the surface was regenerated

using 0.1 M glycine at pH 3.0. KD values were obtained by fitting the maximum response versus

log10 Fab concentration to a sigmoid function using GraphPad PRISM.

Biolayer interferometry (BLI) to assess bivalent TrkA binding: BLI binding experiments

were performed on an Octet Red96 (ForteBio), with streptavidin coated tips (Sartorius Item no.

18-5019) and BLI buffer (10 fold dilution of 10x HBS-EP+ buffer [Cytiva Item no. BR100669]

supplemented with 0.1% w/v bovine serum albumin). Tips were preincubated in BLI buffer for at

least 30 minutes before use. To collect binding data, the tips were incubated in BLI buffer for

100 s, loaded with biotinylated TrkA (30 nM in BLI buffer; a kind gift from Chris Garcia’s lab)

for 300 s, equilibrated in BLI buffer to obtain a baseline for 150 s , dipped into BLI buffer with

the designed proteins for 900 s (association phase) and finally returned to BLI buffer for 900 s

(dissociation phase). Reported responses are the change in wavelength between the beginning

and end of the association phase.
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2.13 SUPPLEMENTARY FIGURES
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Figure 2.S1. trRosetta-based hallucination and testing of PD-1 mimetics (A) Distributions of
metrics for PD-1 hallucinations, Rosetta designs, and experimental library (Supplementary Text).
(B) PE (binding) vs FITC (surface displayed protein) signal during FACS sorting of PD-1
mimetics. Sort 2 (1 μM PD-L1 with avidity) and 3 (1 μM PD-L1, no avidity) are not shown. (C)
Binding signal (Methods) from clonal yeast cultures versus receptor concentration for HAC
PD-1 and designs isolated from pooled sorting. Apparent Kd values in nM are: HAC PD-1: 4.10;
pd1_mim1: 15.9; pd1_mim2: 12.5; pd1_mim3: 42.9. (D) Crystal structure of HAC PD-1
(discontinuous interface motif in 2 shades of orange) and design models of 3 experimentally
isolated binders. “RMSD” denotes the backbone RMSD between design model and template
motif at 22 interface residues (Methods). (E) Normalized PE (binding) signal for clonal yeast
cultures expressing the 3 binders in the presence of receptor and receptor + unlabeled purified
wildtype PD-1. (F) Distribution of sequence length, amino-acid identity to HAC PD-1, and
TM-score to HAC PD-1 for the 3,038 experimentally tested designs. The values for HAC PD-1
and the 3 binders shown in (D) are plotted as vertical bars. (G) Comparison of trRosetta and
RosettaFold for hallucinating PD-1 mimetics. AlphaFold predicted lDDT and motif backbone
RMSD (AF model versus native motif) for hallucinations generated using trRosetta, RosettaFold,
or trRosetta followed by Rosetta-based sequence design.
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Figure 2.S2. Auxiliary and alternative loss terms (A) Schematic of the pairwise distances and
orientation angles whose distributions are predicted by trRosetta and RosettaFold and which are
used to define the motif and hallucination losses. (B) Schematic of radius of gyration and
distances used to calculate repulsive and attractive losses (Supplementary Text). (C) Functional
forms of the losses. (D) Distributions of DAN-lDDT, motif RMSD, and fraction of residues that
are helix for designs generated using entropy or KL divergence hallucination losses
(Supplementary Text), for scaffolding a 2-segment motif from C3d (1GHQ chain A residues
104-126, 170-185). (E) DAN-lDDT and motif RMSD for the same C3d scaffolding problem as
in (D), but with varying the loss term weights for the cross-entropy based motif loss (wM,CE) or
RMSD-based motif loss (wM,RMSD).
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Figure 2.S3. Training and inpainting with RFimplicit (A) NMR structure of 2KL8 (left)
alongside models of selected inpainting examples of the protein with a masked window size of
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20 residues. Green denotes areas of sequence and structure that the network was allowed to see,
gray denotes areas that the network inpainted. (B) Functional site scaffolding examples designed
with RFimplicit. (Left) AF2 prediction of design EFhand_inp_2 from Fig. S16 scaffolding the
EFhand calcium binding site, with RMSD on the motif of 0.7Å between the prediction and the
native 1PRW. (Right) AF2 prediction of design dife_impl_1 scaffolding the di-iron binding site
from bacterioferritin protein 1BCF, with an RMSD on the motif of 0.5Å between the prediction
and the native, and an AF2 pLDDT of 91. (C) Training curves of RFimplicit show that starting
the training procedure from a pretrained RosettaFold model (red) results in better sequence
design accuracy and structure prediction accuracy than starting from a completely untrained
RosettaFold (green). (D) Sequence recovery of RFimplicit vs Vanilla RosettaFold on a set of 52
de novo proteins (Supplementary Text, “Single sequence predictions using AlphaFold”) shows
RFimplicit outperforms the baseline model at protein sequence design. (E) CA-LDDT of
RFimplicit vs Vanilla RosettaFold shows the model is able to retain its structure prediction
capabilities on the same set of 52 de novo proteins even after learning protein sequence design.
(F) AF-RMSD of the “motif” (unmasked) region when performing the inpainting benchmark
seen in Fig. 1F-G (main text) using RFimplicit vs Vanilla RosettaFold, and a masked window
size of 20 residues.
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Figure 2.S4. Training of joint sequence-structure recovery RosettaFold. (A) Depiction of the
three tasks used to train RFjoint, which were trained with equal likelihood (see Algorithm 1).
Task 1 comprised a fixed-backbone sequence design task of a continuous segment of a given
protein, without the immediate up- and downstream protein visible (see Methods). Task 2
comprised an inpainting task, where the model was tasked with predicting the sequence and
structure of a continuous section of protein, also without up- and downstream protein visible.
Asterisks indicate “guiding points” provided as inputs during inpainting to Task 3 is the structure
prediction task originally used to train RosettaFold. (B) Training curve for RFjoint, showing total
training (red) and validation (black crosses) losses decreasing. (C) A selection of different losses
associated with each of the three tasks. RFjoint does not severely deteriorate in its ability to
predict protein structures (task 3, green line), but its ability to inpaint structure (task 2) improves
dramatically (blue line). The model also learns to predict the sequence of a fixed backbone (task
1, orange line). (D) Masking out the structure and sequence of the flanking regions (depicted in
(A), Tasks 1 and 2) improves inpainting performance. RFjoint was compared to an
identically-trained model, except that flanking regions were not masked during training, on the
benchmarking task described in Fig. S5. Both AlphaFold pLDDT in the inpainted region (top),
and the “Motif” RMSD of the AlphaFold predictions (bottom) were marginally better for
RFjoint. (E) RFjoint outperforms RFimplicit, both in terms of the AlphaFold pLDDT in the
inpainted region (left), and in the “Motif” RMSD of the AlphaFold prediction (right). Graphs in
D and E correspond to a masked window of 30 residues.
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Figure 2.S5. Comparison of hallucination and inpainting design quality
(A) Inpainting versus hallucination AlphaFold pLDDT, as a measure of overall design quality,
for various window sizes over which sequence and structure were rebuilt by both methods. Each
point corresponds to a crystal structure from a benchmarking set of de novo proteins. (B)
Inpainting versus hallucination motif AF-RMSD for the same benchmarking set. The “motif” is
defined as the region of the protein that was not masked for rebuilding. (C) Percentage sequence
recovery in the rebuilt region of protein, in the same benchmarking set.
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Figure 2.S6. Generating diversity with inpainting
(A) With a large region of structure masked, inpainting can sometimes produce
confidentlypredicted designs that scaffold the input motif. Two designs are shown, with the
dramatically different looping order (left) or topology (right) highlighted with spectrum colors.
Both designs scaffold the input “motif” (dark gray). (B) Analysis performed on the inpainting
benchmarking data shown in Fig. S5. While the proportion of inpainted designs passing
AlphaFold filters (> 75 pLDDT, < 1.5 Å, orange line) decreases with increasing size of the
masked window, those designs that do pass filters, and thus successfully scaffold the motif, show
more scaffold diversity (as assessed by AF-RMSD to the native masked region) than those
designs with a smaller inpainted region (blue line). (C) Further diversity can be explicitly
generated by perturbing the input coordinates. During training, RFjoint was trained to
Cɑ-coordinates as approximate positional information (see Methods). Therefore at inference,
input Cɑ-coordinates can be randomly translated (uniformly sampled from within depicted
spheres, left), and the model thus outputs diverse inpainted structure (right, gray) capable of
supporting the unmasked “Motif” (right, green). All designs shown in (C) have pLDDT (both
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total pLDDT and just in the inpainted region) > 80 and “Motif” AF-RMSD < 1.2 Å, and
represent examples from each of 30 clusters (clustered at total TM score cutoff of 0.95).
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Figure 2.S7. Using AlphaFold for in silico evaluation of de-novo-designed proteins
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(A) AF pLDDT (mean across all 5 models) using single-sequence input (no multiple-sequence
alignment) for a benchmark set of 153 native proteins (79), 86 structurally validated de novo
proteins, and experimentally tested or visually displayed designs in this study. (B) RMSDs
between AF predictions and crystal structures (averaged across all 5 models) for the same
proteins as in (A). (C) AlphaFold pLDDT distributions of hallucinations for 3 representative
design problems (blue). The designs are filtered to those with high plDDT and low motif RF-AF
RMSD (orange), and then the sequence is redesigned using Rosetta Fastdesign and scored again
by AlphaFold (green). (D) Scatterplots of AF pLDDT versus Rosetta score (energy) per residue,
showing that AF quality estimates correlate with energy-function-based quality estimates. (E)
RMSD between predicted and crystal structure via Rosetta ab initio (“forward folding”) versus
AlphaFold for 34 de novo designs not in the AF training set (Supplementary Text). All
predictions used only single-sequence input. (F) pnear, a measure of the confidence of an ab
initio prediction, versus AF pLDDT, for the de novo designs in (E). (G) RMSD between AF
predictions and crystal structures versus AF pLDDT for the de novo designs in (E).
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Figure 2.S8. Structural diversity of hallucinated and inpainted RSV-F site V scaffolds
(A) Random subsample of 1000 hallucinations, 500 refined hallucinations (Materials and
Methods), and 1000 inpaintings for the RSV-F site V epitope scaffolding problem, and (B) subset
of designs with AF pLDDT > 75 and motif AF-RMSD < 1.5 Å. All pairwise structural distances
(1 - TM-score) were projected into 2 dimensions using classic multidimensional scaling. 8
clusters were identified using k-means, and design models of cluster representatives
(black-outlined markers) with highest pLDDT are shown in (C) with motif region in purple. The
number of k-means clusters was chosen arbitrarily. Inpaintings (triangles) and hallucinations
(circles, squares) occupy different regions of structure space. (D) Distributions of AlphaFold
pLDDT, motif AF-RMSD, and pairwise TM-scores within hallucinations, refined hallucinations,
and inpaintings, either in full set or only designs with pLDDT > 75 and motif AF-RMSD < 1.5 Å
(“filtered”).
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Figure 2.S9. RosettaFold and AlphaFold models of hallucinations RosettaFold (RF) and
AlphaFold (AF) models of hallucinations for
(A) RSV-F site V and (B) site II epitope scaffolds, (C) ACE2 receptor traps, and (D) carbonic
anhydrase and (E) ketosteroid isomerase (KSI) active-site scaffolds. These include the designs
shown in the main figures, as well as additional designs. Functional motifs are highlighted in
purple. The N- and C-termini in some designs have been colored blue and red (respectively) to
highlight that hallucination can find diverse topological solutions, despite having similar overall
folds. Because the KSI designs were hallucinated using AlphaFold model 3 (AF3), validation
models were predicted with AF model 4 (AF4). Detailed metrics for these designs can be found
in Table S2.

Figure 2.S10. Distribution of plDDT and motif RMSD of hallucinations before filtering
Distributions of (A) AlphaFold pLDDT and (B) backbone RMSD between native motif and AF
predictions from hallucinated sequences, for design problems presented in Fig. 2-3. Parentheses
indicate the number of designs. Red lines indicate designs filtered and chosen for display in main
figures.
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Figure 2.S11. Experimental characterization of RSV-F site V scaffolds
(A) Binding response (response units) versus time on SPR for RSV-F site V designs, point
mutants, and control RSV F protein. Computed KD values are shown in Fig. 2. (B) Mean residue
ellipticity at 220 nm versus temperature from CD. Melting points (Tm) values calculated from a
two-state fit are shown in the inset. (C) CD spectra of point mutants with complete loss of
activity. (D-E) Compensated PE-A (hRSV90 binding) versus compensated FITC-A (yeast
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display) for a pool of 56 RSV-F site V inpaints with (D) no target or (E) 100nM binding target.
(F) RosettaFold (RF) and Alphafold2 (AF) models of inpainted designs recovered from the
sorted cells in (E).

Figure 2.S12. Di-iron hallucinations containing buried hydrogen-bond networks
(A) Two di-iron hallucinations and close-ups (C, E) of the residues near the metal binding site.
Structures are AF predictions after AMBER relax (80). The native protein used as a hallucination
reference is shown in (B, D) after aligning to the hallucinations on the backbone atoms of the
functional residues (orange in native, purple in hallucinations). Metals shown in (C, E) are taken
from the native structure after superimposition. Note the presence of hallucinated polar residues
(gray histidines and tyrosines) to form hydrogen-bonding networks with the functional histidines
and glutamates, which were constrained to their native identities during hallucination.
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Figure 2.S13. A subset of successful di-iron binding proteins designed with RFjoint
A total of 4000 inpainted designs haboring the bacterioferritin (1BCF) di-iron binding site and
encompassing 8 unique looping orders were generated with RFjoint. (A) 57.9% of outputs had
AlphaFold pLDDT in the inpainted region > 80 (left), and 43.7% of these designs had a
predicted RMSD to the input motif < 1Å (right). (B) All 8 looping orders produced designs with
AlphaFold pLDDT > 80 and motif AF-RMSD < 1Å. Looping orders are with respect to
residueindices in the native bacterioferritin protein (left). (C) After filtering and modest sequence
optimization with RFjoint (see supplementary methods), 96 designs were ordered encompassing
all 8 looping orders. (D-G) Characterization of three successful designs. (D) AlphaFold
predictions of the three designs (right-most three designs), colored to highlight the different
looping orders from the native bacterioferritin (left). Iron atoms, aligned to the motif, are
depicted in gray for clarity. (pLDDT/Motif AF-RMSD: dife_inp_1: 92/0.65Å; dife_inp_2:
94/0.64Å; dife_inp_3: 90/0.76Å) (E) Designs at 200 μM were incubated with an 8X molar
excess of CoCl2. All three designs show absorbance spectra consistent with Co2+ binding in a
tetra/pentacoordinate state to the designs (solid yellow lines). Such absorbance was not present in
the absence of Co2+ (solid blue lines), or with mutant designs where the 6 coordinating residues
were mutated to alanine (dashed yellow lines). (F) All designs showed circular-dichroism (CD)
spectra consistent with helical proteins. (G) Analysis of protein stability by CD-melts. All three
designs were stabilized by binding to metal ions (8X molar excess of Co2+). Note that
dife_inp_1 data (E-G) is the same as in Figure 3, reproduced here for convenience.
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Figure 2.S14. Characterization of EF-hand designs
Experimental and computational characterization of EF-hand designs tested experimentally. (A)
AF2 prediction of inpainted proteins EFhand_inp_1 and EFhand_inp_2 (top row) and
hallucinated proteins EFhand_hal_1 and EFhand_hal_2 (bottom row) next to their terbium
fluorescence spectra from a yeast-based initial screen (Materials and Methods). The same
negative control spectrum (PDB accession 4DT5, orange) is duplicated across all plots. (B)
Computational metrics of inpainted EF-hand designs from RFjoint that were tested by yeast
display. In addition to standard filters like motif AF-RMSD and AF2 pLDDT, designs were also
filtered by their SAP score and net charge. (C) Size exclusion chromatogram at 280 nm
absorbance for EFhand_inp_1 suggests the protein occupies a stable monomeric state.
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Figure 2.S15. Experimental characterization of inpainted PD-L1 binder
(A) Crystal structure of HAC PD-1 (binding interface motif in orange) in complex with PD-L1
(blue) and design model of pdl1_inp_1 (motif in purple). The overall fold of the design is quite
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different from HAC PD-1, as the former contains two buttressing helices against the interfacial
sheet instead of the original beta-sandwich. The design also includes an additional beta strand
which extends the sheet in its C-terminus. (B) The looping order of the interfacial beta strands in
the design (purple / dark purple) has changed dramatically from the HAC PD-1, demonstrating
the ease of relooping secondary structure elements while maintaining the desired motif with
inpainting. Notably, the order in which the two discontiguous strand-loop-strand submotifs
appear in primary structure has switched, as well as the order in which strands 3 and 4 from
HAC PD-1, which become strands 1 and 2 in the design, respectively. (C) Binding signal (PE-H)
normalized to yeast surface expression (FITC-H) of clonal yeast population displaying
pdl1_inp_1 labeled with 0 or 50 nM PD-L1, or 50 nM PD-L1 + 5 μM unlabeled PD-1. Loss of
binding upon PD-1 competition suggests that pdl1_inp_1 binds PD-L1 at the native PD-1
binding site. (D) Fluorescence activated cell sorting data from yeast display binding experiments.
Titles denote the concentration of a disulfide linked homodimeric PD-L1 target present in the
binding reaction. Sort #1 denotes the first pooled sort of 31 designs, Sort #2 denotes the second
sort performed with the enriched population of yeast displaying binding activity from Sort #1.
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Figure 2.S16. Experimental characterization of a bivalent TrkA binder
(A) Association and dissociation kinetics of several TrkA binder variants as measured by
biolayer interferometry. WT is the designed binder, F27R and F68R are mutants knocking out
either one of the designed binding interfaces, and F27R F68R is a double-mutant knocking out
both interfaces. (B) Kinetic traces of all four TrkA binder variants compared at the same
concentration (1111 nM) show that wt binds the most TrkA, both single site mutants bind similar
amounts, and the double mutant binds negligible amounts of TrkA. These data show that either
binding site is sufficient to bind TrkA, indicating that we successfully made a bivalent TrkA
binder.
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Figure 2.S17. Multi-chain hallucination for binder design Schematic of the variations on
binder hallucination methods. Hallucinated binder gray, binding partners blue, motifs
purple. (A) Motif scaffolding (B) Motif scaffolding while enlarging existing interfaces. (C) Free
binder hallucination. (D) Design metrics of 17,450 Mdm2 binder hallucinations. “Monomer ->
2-chain” are designs after one round of two-chain MCMC refinement starting from high-scoring
hallucinated monomers (Supplementary Text). “2-chain -> 2-chain” are designs after an
additional round of filtering and MCMC refinement. Metrics for the native p53 helix and the 3
highlighted designs are shown in green and red lines, respectively. (E) RF and AF design models
of the Mdm2 binder designs shown in Fig. 5G. New binding interactions (hallucinated residues
within 5 Å of the target) are in green. (E) Free-hallucinated TrkA and (F) PD-L1 binder designs.
(G) Design metrics for free-hallucinated PD-L1 binders using the “leaky” entropy loss (orange),
compared to the standard entropy loss (blue) (Supplementary Text).
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Figure 2.S18. Free hallucination 12 residue stub placement on native targets (A) Freely
hallucinated 12 residue stubs against native proteins. Gray hallucinated stub; Orange native
binder. (B) Hallucinated stubs network docked on alternative hydrophobic grooves to those of
native binders. Boxed structures show side chains packing against targets. Structure PDB IDs
listed.
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2.14 SUPPLEMENTARY TABLES

Table 2.S1. Natural proteins used for mimetic design

“Motif residues” indicate residues that were constrained to native geometry during hallucination.

Sometimes only a subset of the motif residues actually comprise a binding interface or catalytic

site; these are denoted “functional residues”.
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Table 2.S2. RMSDs between native protein, design model, and AlphaFold model

All RMSDs are in angstroms. Columns in red are the metrics reported in the main text and

figures. RMSD values in parentheses (for hcA and KSI) are full-atom RMSDs over the catalytic

sidechains. KSI designs are generated using AF, and “Design” refers to models generated using
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the ensembling approach over AF models 1,2,3,5 and “AF” refers to AF model 4 (Materials and

methods).
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Table 2.S3. Interface metrics of protein-binder designs

AlphaFold inter-PAE, binder pLDDT, AF-Rosetta ddG, and target-aligned binder RMSD

(Materials and Methods) for protein-binder designs presented in this paper. Note that designs

based off of motifs are listed here and in Table S2, but the free hallucinations are only shown

here. pdl1_inp_1 and trkA_56 were not designed using 2-chain hallucination, so there were no

RF complex design models to use for target-aligned binder RMSD calculations.
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Table 2.S4. Frequency of suitable native scaffolds
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Table 2.S5. Similarity of designs to native proteins

Designed proteins were compared to protein in the PDB and the Facebook AF2 models database
(64) for structural and sequence similarity with TM-align (71) and blastp (86), respectively
(Materials and Methods). TMalign “% ID” refers to the number of identities over the aligned
region divided by the number of aligned residues. BLAST “% ID” refers to the number of
identities over the best HSP, normalized to the length of the query sequence (design).
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Chapter 3. JOINT GENERATION OF PROTEIN SEQUENCE AND

STRUCTURE WITH ROSETTAFOLD SEQUENCE SPACE

DIFFUSION

This section contains content previously published as: Lisanza, S. L. et al. Joint Generation of

Protein Sequence and Structure with RoseTTAFold Sequence Space Diffusion.

2023.05.08.539766 Preprint at https://doi.org/10.1101/2023.05.08.539766 (2023).

3.1 ABSTRACT

Protein denoising diffusion probabilistic models (DDPMs) show great promise in the de novo

generation of protein backbones, but are limited in their inability to guide generation of proteins with

sequence specific attributes and functional properties. To overcome this limitation, we develop

ProteinGenerator, a sequence space diffusion model based on RoseTTAfold that simultaneously generates

protein sequences and structures. Beginning from random amino acid sequences, our model generates

sequence and structure pairs by iterative denoising, guided by any desired sequence and structural protein

attributes. To explore the versatility of this approach, we designed proteins enriched for specific amino

acids, with internal sequence repeats, with masked bioactive peptides, with state dependent structures, and

with key sequence features of specific protein families. ProteinGenerator readily generates

https://doi.org/10.1101/2023.05.08.539766
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sequence-structure pairs satisfying the input conditioning (sequence and/or structural) criteria, and

experimental validation showed that the designs were monomeric by size exclusion chromatography

(SEC), had the desired secondary structure content by circular dichroism (CD), and were thermostable up

to 95°C. By enabling the simultaneous optimization of both sequence and structure, ProteinGenerator

allows for the design of functional proteins with specific sequence and structural attributes, and paves the

way for protein function optimization by active learning on sequence-activity datasets.

3.2 MAIN

Protein function arises from a complex interplay of sequence and structural features, hence

designing new protein functions requires reasoning over both sequence and structure space. Many protein

design methods sample structures and sequences in separate steps, typically by generating protein

backbones first and using inverse folding methods to generate sequences. Traditional methods like

Rosetta flexible backbone protein design5 alternate between structure and sequence design, while recent

deep learning based approaches typically generate backbones first and then use sequence design methods

such as ProteinMPNN to identify sequences that fold into a given backbone11–13,73. Among the latter class

of approaches, denoising diffusion probabilistic models20 (DDPMs), which have shown considerable

promise in continuous data domains allow for the generation of protein backbones subject to a wide range

of structural constraints74–76. DDPMs approximate the probability density function over a data distribution

by learning to denoise samples corrupted with Gaussian noise, enabling the generation of high-quality

samples from a Gaussian prior; they have been explored less in categorical domains such as text and

protein sequences11,12,73,77. Simultaneous generation of sequence and structure could have advantages over

methods that alternate between optimization in the two domains independently by enabling coordinated

guidance with both sequence and structural features. Hallucination approaches that apply

activation-maximization to structure prediction networks16,17,78 can generate sequence-structure pairs

without additional training, but these solutions can be adversarial, require a large number of steps to

https://www.zotero.org/google-docs/?wtsodr
https://www.zotero.org/google-docs/?5C1x0W
https://www.zotero.org/google-docs/?eGZfAG
https://www.zotero.org/google-docs/?duhnip
https://www.zotero.org/google-docs/?gkFYe1
https://www.zotero.org/google-docs/?i6y7Ad
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converge, and robust experimental success requires subsequent sequence design on the hallucinated

backbones73.

We reasoned that diffusion approaches could be powerful for simultaneous generation of

sequence and structure while avoiding the adversarial solutions of activation maximization, and set out to

develop a diffusion model which jointly generates sequence-structure pairs and can be guided by

constraints in both domains. We hypothesized that RoseTTAfold’s ability to simultaneously generate

protein sequences and structures, as illustrated by RoseTTAFold Joint Inpainting17, could be adapted for

diffusive generation of coherent sequence-structure pairs by finetuning to recover noised native protein

sequences while imposing a loss on structure prediction accuracy, and that such a DDPM could be readily

guided by constraints in both domains.

3.3 DDPM IMPLEMENTATION

We chose to implement diffusion in sequence space by representing amino acid sequences as

scaled one hot tensors where true values are set to 1 and all other values set to -1, allowing progressive

corruption with Gaussian noise N(μ=0,𝝈=1)79,80. This approach is advantageous over other categorical

diffusion methods, where diffusion occurs within a learned embedding space of text81,82, because it

simplifies the use of raw sequence based classifiers for guidance. To finetune RoseTTAFold we input the

protein sequences progressively noised according to a square root schedule81, the corresponding time step,

and optional structural information. We task the model to generate ground truth sequence-structure pairs

by applying a categorical cross entropy loss to the predicted sequence (relative to the ground truth

sequence) and FAPE structure loss on the predicted structure. Self-conditioning79, which allows the model

to condition on its previous prediction, was employed to improve training and inference performance.

Protein generation begins with an Lx20 dimensional sequence of Gaussian noise, and at each timestep (xt)

the model predicts x0 from xt, after which x0 is noised to xt-1 (Figure 1A, top panel). Conditioning

information (guidance) can be combined with x0 to guide the model towards a constrained sequence space

https://www.zotero.org/google-docs/?eGsk7m
https://www.zotero.org/google-docs/?v49iKY
https://www.zotero.org/google-docs/?1iy2C0
https://www.zotero.org/google-docs/?3p5hod
https://www.zotero.org/google-docs/?JvZUyD
https://www.zotero.org/google-docs/?x6gEmw
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using activity data, sequence specific potentials, secondary structure features, and more (Figure 1A,

bottom)83.

3.4 UNCONDITIONAL GENERATION

Starting with a sequence of Gaussian noise, the model generates sequence-structure pairs with

amino acid compositions similar to those of native proteins (Figure 1B, left). The generated sequences

and structures are internally consistent: AlphaFold2 and ESMFold predictions of the structures adopted by

the generated sequences are very close to the generated structures (Figure 1C, S1B) and confident (Figure

S1A). Sampling from different noise distributions resulted in different amino acid frequencies and

secondary structure compositions in the generated outputs84 (Figure S1A, S2, S3, S4). Samples of

unconditionally generated designs with 100aa, 200aa or 300aa length can be found in Figures S5, S6 and

S7. In contrast, unconditionally generated designs on a not fine-tuned RoseTTAFold model are less

confident (Figure S8). For the longer lengths the success rate of ProteinGenerator in generating sequences

that fold to the designed structures is lower than that of the RoseTTAfold based structure diffusion

method RFdiffusion75 followed by ProteinMPNN73; this may reflect intrinsic differences between

diffusion in sequence and structure space, or arise from differences in model training.

For experimental characterization, we unconditionally generated 70-80 residue proteins, filtered

for high AF2 confidence (pLDDT > 90) and AF2 RMSD to design < 2Å (Table S4). A second subset with

high ProteinGenerator confidence (model pLDDT > 90) and AF2 RMSD to design < 2Å, but low AF2

confidence (AF2 pLDDT < 80) was tested as well (Table S4). Synthetic genes encoding the designs were

transformed into E. coli, and the proteins were expressed and purified using nickel-NTA chromatography.

Of the 42 proteins tested, 34 were soluble and monomeric by size exclusion chromatography (SEC) and

circular dichroism (CD) experiments showed they had the anticipated secondary structure and were stable

up to 95°C (Figure 1D).

https://www.zotero.org/google-docs/?6oW5s7
https://www.zotero.org/google-docs/?T5Kk5T
https://www.zotero.org/google-docs/?V0g4pg
https://www.zotero.org/google-docs/?Ep9Ljh
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3.5 CONDITIONING ON SINGLE OR MULTI-STATE STRUCTURAL INFORMATION

ProteinGenerator can be conditioned on either explicit 3D coordinates or on secondary structure

as described by per-residue DSSP features. In silico tests show that when conditioned on 3D structural

motif information the model generates proteins accurately recapitulating these motifs (Figure S9). During

training coordinates for structural motifs are provided 40% of the time either as continuous spans of 4-9

residues or as 5-10 sparse residues, distant in sequence space. For lower resolution secondary structure

guidance, DSSP85 features were specified on a per-residue level 25% of the time and masked between 0%

and 90% (randomly sampled). This allows guidance of a part or all of a structure towards a specific

secondary structure type or fold, which the ProteinGenerator does quite well (Figure 1F, 3A).

Designing an amino acid sequence that can adopt distinct structural conformations upon an

external trigger is a challenging task, as the energy landscape must contain two discrete minima with free

energy differences small enough for a trigger to induce state switching86. We reasoned that

ProteinGenerator was well equipped for this task because of its understanding of sequence-structure

relationships and its ability to apply constraints in both domains.

We experimented with going beyond single-state structural specification by seeking to condition

on distinct structural features of two different states. We applied multistate conditioning to design fold

switching proteins by inputting the same sequence with two (or more) input sets of structural constraints

at each step and averaging the output logits (Figure 1E). This allows the model to search sequence space

for high-confidence solutions that satisfy all constraints. We used this approach to generate designs

consisting of two fragments separated by a protease cleavage site which adopt different secondary

structures following: in the intact parent state beta strand conditioning is used in the region flanking the

cleavage site, while alpha helical conditioning is used for the two resulting subsequences. Logits from the

parent and children sequences are averaged together at each step to arrive at a single sequence. As

designed, AF2 structure predictions for the intact parent sequence have beta sheets in this region, whereas

the two fragments (predicted independently) are entirely helical; the 3D structures of both the intact

https://www.zotero.org/google-docs/?Sw5EwK
https://www.zotero.org/google-docs/?7aoUJe
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parent and the two children are very close to the design models (Figure 1F). A similar multistate approach

can be applied to design monomers that adopt multiple oligomeric states and other conformationally

switching systems.

3.6 SEQUENCE GUIDANCE WITH AMINO-ACID BASED POTENTIALS

An advantage of diffusion in sequence space is that sequence-based guiding functions can be

readily implemented and applied. As a first test of this, we sought to design proteins with high frequencies

of specific amino acids conferring structural or functional properties (cysteines can form disulfide bonds

to make stable proteins, tryptophans possess spectroscopic properties, and histidines can confer pH

sensitivity). Given a specification of the desired fraction of a given amino acid, at each denoising step

positions are ranked based on the extent to which the output logits favor the amino acid, and the desired

fraction are biased further in this direction (Figure 2A). We found this allowed more fine grained control

in generating sequences than imposing a global bias towards a particular amino acid. We used this

procedure to generate proteins with high frequencies (20%) of tryptophan, cysteine, valine, histidine, and

methionine one at a time (Figure 2B, S10). We obtain compositionally biased protein sequences

composed of nearly 20% of the desired amino acids that are strongly predicted to adopt the corresponding

structures.

To evaluate the compositionally biased designs experimentally, we generated 70 to 80 residue

proteins with different amino acids upweighted, filtered on AF2 pLDDT > 90 and AF2 RMSD to design <

2Å, and experimentally characterized the top 96 designs (Table S4). Of the characterized designs, SEC

traces indicated the proteins were monomeric for 4/5 upweighted cysteine proteins, 8/19 upweighted

tryptophan proteins, 19/22 upweighted valine proteins, 10/12 upweighted histidine proteins, and 10/10

upweighted methionine proteins. CD spectra were obtained for a subset of the monomeric designs, and in

all cases indicated secondary structure was consistent with the designed structure (Figure 2D,E). Guiding

for high cysteine content at the sequence level resulted in the formation of 3 to 5 disulfide bonds per
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protein without any structural conditioning as indicated by mass spectrometry in the presence and absence

of the reducing agent TCEP at 50mM (Figure 2D, Table S2). Proteins designed with upweighted

tryptophans exhibited high absorbance at 280 nm, and proteins with upweighted valine exhibited higher

beta sheet content by CD (Figure 2D middle, right). These results indicate the model understands general

sequence to structure relationships beyond the typical sequence space of native proteins (Figure 2C).

We next explored the generation of proteins with prespecified charge composition, isoelectric

points and hydrophobicity which can influence solubility, activity, subcellular location87, pharmacokinetic

clearance, and retention88. Biasing away from hydrophobic amino acids can lead to better expression and

solubility89, and designing towards hydrophobic interfaces is advantageous for protein-protein

interactions90. We implemented sequence based potentials to guide83 the diffusive process towards these

characteristics to enable fine-tuned control over physical properties of the output sequence. This approach

enabled the design of proteins with a range of user-defined hydrophobicities (Figure 2F) and isoelectric

points (Figure 2G).

3.7 SCAFFOLDING BIOACTIVE SEQUENCES

The design of proteins with activities conditional on an outside input is of considerable general

interest, and could enable generation of therapeutics with spatial and temporal control91. As a first

exploration of the use of ProteinGenerator for such proteins, we sought to scaffold bioactive peptide

sequences within an inert protein cage. Unlike our previous LOCKR92,93 sensor system, in which the

bioactive sequence must be in a helical conformation and make specific interactions with the caging

scaffold, the generality of ProteinGenerator requires only that the sequence of the bioactive peptide be

specified–neither the structure this adopts nor the structure of the overall cage need be decided on in

advance. ProteinGenerator is able to generate structures containing peptide sequences corresponding to

known lytic peptides and the designed sequences are confidently predicted to adopt the designed

structures (Figure 3.3B). We used this approach to scaffold a bioactive peptide in the terminus of a protein

https://www.zotero.org/google-docs/?pMWMs5
https://www.zotero.org/google-docs/?hq7149
https://www.zotero.org/google-docs/?pMt1Wo
https://www.zotero.org/google-docs/?jbKvF5
https://www.zotero.org/google-docs/?qxiqzd
https://www.zotero.org/google-docs/?8Nl68D
https://www.zotero.org/google-docs/?IcTyoU
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that can be conditionally released upon proteolytic cleavage of a terminal loop (Figure 3.3C). We

specified the sequence, not the structure, of the bioactive segment, and used DSSP conditioning to force

the cleavage motif to be in a loop. We chose to scaffold the pore forming peptide melittin94 currently

being explored as a cancer therapy95. Starting with the melittin sequence and a flanking cleavage site, we

generated an additional 125 residues to scaffold the peptide into a globular protein. Melittin-scaffolded

proteins generated by the model were in agreement with AlphaFold2 models (AF2 pLDDT > 85, AF2

RMSD < 2Å) (Figure 3.3C). We obtained synthetic genes encoding 12 proteins scaffolding melittin and

found that 9/12 were monodisperse by SEC and had the correct secondary structure by CD (Figure 3.3C).

3.8 GENERATION OF SEQUENCE REPEAT PROTEINS

Repeat proteins containing tandem copies of a sequence-structure unit are ubiquitous in nature

and play central roles in molecular recognition and signaling96. Previous work in designing repeat proteins

has required extensive pre-specification of structural features97. We reasoned ProteinGenerator could be

used to readily generate repeat proteins given only the sequence length of the repeat unit and number of

repeats desired. At each timestep we symmetrize the noised sequence distribution accordingly (Figure

3.3D). Unconditional generation with this approach yielded largely beta solenoid structures which AF2

corroborated. We added helical caps to a subset of designs to promote stability and reduce aggregation98,99

based on Zorine et. al 2023 (Unpublished). To encourage further exploration of the repeat protein universe

we specified the secondary structure for a small percent (2%-10%) of residues, which yielded a wide

range of all alpha, all beta, and mixed alpha-beta designs (Figure 3.3E). We generated 165-185 residue

repeat proteins, filtered them (AF2 pLDDT>85 and RMSD to design < 2), and experimentally

characterized 74 repeat proteins with helical caps and 86 repeat proteins without helical caps. Of these, 27

repeats with caps and 10 repeats without helical caps were soluble and monomeric by SEC, and 7/8

proteins evaluated using circular dichroism had the expected secondary structure (Figure 3.3E, Table

S3100). We further obtained a crystal structure of one of the designs showing atomic accuracy of the AF2

https://www.zotero.org/google-docs/?KnYs69
https://www.zotero.org/google-docs/?JIXyW1
https://www.zotero.org/google-docs/?fWk5F0
https://www.zotero.org/google-docs/?UB8Ho0
https://www.zotero.org/google-docs/?8XF29s
https://www.zotero.org/google-docs/?f3Luba
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design structure and the crystal asymmetric unit at 0.472 Å RMSD, and strong agreement with the

overall structure at 1.385 Å RMSD.

3.9 GUIDANCE WITH SEQUENCE ONLY CLASSIFIERS

Designing proteins with a desired biological activity is a long standing goal of de novo protein

design. An advantage of our approach is that diffusion can be directly guided by function classifiers that

operate in sequence space. We first sought to guide the network with the DeepGOPlus Gene Ontology

(GO) classifier101 to generate proteins with specific characteristics and functions. Although GO

classification scores increased with guidance for nitrogen compound metabolic process (GO:0006807)

and membrane (GO:0016020), we found the classifier had a high false positive rate often assigning high

scores to native sequences outside the GO domain (Figure S101). In a separate approach, we trained a

simple transformer encoder and single linear layer to discriminate unconditionally generated sequences

from nanobody sequences and immunoglobulin (IG) folds aggregated from Integrated Nanobody

Database for Immunoinformatics102 and Structural Classification of Proteins database103,104. We generated

125 residue proteins, roughly the length of a nanobody, and found when classifier guidance or strand bias

(1%) was used alone the classifier scores increased; when used in combination classifier scores increased

(Figure 3.4A) along with the fraction of beta-strand containing proteins (Figure S121). 14% of designs

made with the classifier alone were found to be beta sandwiches, which increased to 45% when applying

a strand bias to 1% of the residues. Of the designs made with the combination of strand bias and classifier

guidance 68.7% matched with tm-align > 0.5 to IG folds. AlphaFold models of sequences with high

classifier scores matched the design models well (Figure 3.4B).

3.10 GUIDANCE USING PROTEIN FAMILY SEQUENCE INFORMATION

Protein families often have specific residues important for function that are conserved throughout

the family. Position-specific scoring matrices (PSSMs) capture this information and have been previously

used to generate active enzymes with corresponding sequence composition using consensus sequence

https://www.zotero.org/google-docs/?TNWVaq
https://www.zotero.org/google-docs/?krM67n
https://www.zotero.org/google-docs/?MN3aC2
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design105, but these approaches do not consider sequence-structure coherence, while Rosetta PSSM guided

flexible backbone structure based sequence design106 can require expensive MCMC calculations. We

sought to use ProteinGenerator to design new members of protein sequence families, conditioning on both

family multiple sequence alignments and key structural features associated with function. We generated a

PSSM for the GFP fluorescent protein family107 (all sequences in uniprot having greater than 30%

sequence identity to GFP)108. At each step in denoising, we used the PSSM to bias the sequence

distribution towards that of the family, and the calculations were conditioned on the coordinates of the

residues contacting the chromophore (this cannot be done using purely sequence based methods) (Figure

3.4C). To tune guidance the PSSM was scaled by a factor of 0.25, 0.5, 0.75, and 1.0, and we found that

sequences clustered closer together became more similar to GFP family members as scaling increased

(Figure 3.4D, E, S13). AlphaFold2 and ESM-Fold are unable to predict native GFP from a single

sequence (Figure S14) but predict sequences generated by the model with high accuracy to the design

(Figure 3.4F). Active site coordinates provided as conditioning are in close agreement between the AF2

models and the native model, and demonstrate the model’s ability to condition on both sequence and

structural features (Figure 3.4F).

3.11 TOWARDS GUIDANCE WITH EXPERIMENTAL DATA

A longstanding goal in protein design is the optimization of desired fitness attributes in as few

experimental iterations as possible. ProteinGenerator presents a framework to employ this workflow: it

allows for gradient based optimization on experimentally determined activity data from a pool of designs

to bias generation for more active sequences. We simulate an iterative guidance process exploring the

fitness landscape of the protein GB1 via partial diffusion on four mutation sites109. Sampling is guided by

employing classifiers trained on the experimentally determined fitness of 96 designs generated in the

preceding round (Figure 3.5A). For broad applicability of the discussed methodology it is essential that

the optimization of desired fitness attributes can be reached with standard settings and no extensive

https://www.zotero.org/google-docs/?H4y8qr
https://www.zotero.org/google-docs/?QZ4ZkB
https://www.zotero.org/google-docs/?drV58z
https://www.zotero.org/google-docs/?4Nm3lf
https://www.zotero.org/google-docs/?yW6hXs
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hyperparameter turning, such as the number of iterative rounds, batch size, or guidance strength.

Consequently, here we discuss one exemplary approach using standard settings, where both the average

fitness of the libraries of generated designs and the proportion of designs with a particular high fitness is

increasing in each round of iterative guidance, although with the right hyperparameters both metrics could

be extensively optimized (Figure 3.5B). In detail, employing iterative guidance on ProteinGenerator

achieves an average fitness of 1.67 with libraries of the same size and 2 successive rounds. The average

fitness of the libraries in the final round exceeds the fitness of a library with 96 designs sampled based on

the highest confidences from a trained classifier. Furthermore, the average fitness as well as the maximum

fitness of the library in the final round is higher than of a library generated using a classifier with

artificially increased weights in a single diffusion generation round. Hu et al. (2023)110 employed

Bayesian Optimization for generation of GB1 libraries while optimizing the library size and round

iteration number as hyperparameters. The designs generated using a library size of 96 samples in 4

successive rounds reach an average fitness of 0.6, whereby all fitness values above 1 were thresholded.

3.12 DISCUSSION

By taking advantage of the ability of RoseTTAFold to jointly model protein sequences and

structures, ProteinGenerator is able to directly sample in sequence space while ensuring that the 3D

structure is coherent and satisfies any desired constraints. While RFdiffusion75, Chroma76, and other

protein backbone diffusion models have demonstrated success in generating complex backbones with

precise control over structural features, ProteinGenerator designs not only protein backbones but also

sequences, enabling the design of proteins with any combination of desired sequence and structural

attributes. We anticipate that our sequence space diffusion approach could also be employed with large

language models that also generate structures, such as ESMfold4. A particularly attractive application is

active learning-based protein design/engineering optimization: given a sequence-activity predictor,

iterating between ProteinGenerator design of structurally coherent proteins predicted to have high activity,

https://www.zotero.org/google-docs/?zjoZFt
https://www.zotero.org/google-docs/?xBls5k
https://www.zotero.org/google-docs/?eEjB2V
https://www.zotero.org/google-docs/?45k3R7
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experimental testing, and updating the activity predictor could be a powerful path to achieving high

activity.

3.13 METHODS

3.13.1 SEQUENCE REPRESENTATION

To apply the diffusion framework in sequence space, a continuous representation of the

categorical sequence data is needed. To implement this we represented the sequence, x0, with dimensions

Lx20 where L corresponds to the protein length with 20 possibilities for each amino acid type. This takes

the form of a one-hot encoded vector that is centered at zero by multiplying the Lx20 tensor by 2 and

subtracting 1. Each logit within the tensor is a real number, with higher values corresponding to a higher

probability for that specific amino acid at that position. With this representation we noise x0 to obtain xt

with the below equation following Ho et al. formulation for a standard forward process sampling from

Gaussian noise with mean at 0 and standard deviation of 1.

A critical part of the forward diffusion process is selecting the noising schedule. Determining the

correct bin of a categorical distribution is trivial at low time steps by argmaxing the input sequence.

Therefore more noise should be present at low timesteps to increase the difficulty of the task during

training. The square root noise schedule81 satisfies this requirement and was employed in this study.

3.13.2 TRAINING

To train the model we began by sampling t uniformly from [0,T], where t=0 is an un-noised

sequence and t=T is pure Gaussian noise. We then noise x0 to xt with equation (1) and tasked the model to

predict the un-noised sequence x0 and its corresponding structure y. The timestep feature was added to the

sequence template passed to the model. We applied a categorical cross entropy loss to x0 and structure

https://www.zotero.org/google-docs/?sUk0e5
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losses to y (FAPE, bond angle, bond length, distogram, lddt). An additional KL loss81 was applied to the

calculated xt-1. Self conditioning79 was implemented to allow the model to condition on the previous x0

prediction and the back calculated xt-1 during both training and inference. To self condition in practice the

model was used with gradients turned off to first predict x0 from xt+1, which was then passed in as a

sequence template to the model. During training, RoseTTAFold was allowed 1 to 3 uniformly sampled

“recycle” steps to refine structure predictions via multiple passes through the model35. Pseudo training and

inference code is available in the supplementary information (Pseudocode S1, S2). In later training

iterations secondary structure conditioning was provided to the model by concatenating a tensor

representing DSSP features onto the sequence template. These features were provided 25% of the time

and masked uniformly between 0% and 90% when provided.

Along with the standard diffusion task (40% of the time), the model was also challenged with

structure prediction (seq2str) and fixed backbone sequence design (30% of the time each). Incorporating

these additional tasks during training helped maintain the agreement of sequence-structure pairs diffused

by the model. Training examples were conditioned on sequence or structure by either unmasking 1 to 4

spans of residues, each 4 to 8 amino acids in length to simulate motif scaffolding, or unmasking randomly

selected residues for the model to scaffold as an active site scaffolding problem. Unmasked structure

conditioning information was supplied to the input for RoseTTAFold as templates in the 1D sequence

track as well as the 2D and 3D structural information tracks.

3.13.3 INFERENCE

During inference starting from xt the model predicts x0 and simultaneously decodes it to y. x0 is

then back calculated to xt-1 with equation (1) and passed through the network with the previously

predicted x0 to apply self conditioning. Benchmarking against conditioning on xt as done in Ho et al20 with

the below equation, shows this approach performs better (SF 1C), as seen in other categorical diffusion

methods80,81.

https://www.zotero.org/google-docs/?axECVT
https://www.zotero.org/google-docs/?AVIx4b
https://www.zotero.org/google-docs/?pGYoB1
https://www.zotero.org/google-docs/?eptlGb
https://www.zotero.org/google-docs/?FSBnyT
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This is done for T steps, but T can be varied, and does not have to be what was used during

training. The model finds solutions to some problems in as little as 10 steps (Figure 1C). Furthermore,

clamping the model’s output logits from -3,3 gives better agreement with AF2 predictions (Fig S1B) xt-1 is

sampled from either a zero-mean Normal distribution or a Non-Bayesian Gaussian Mixture distribution

with equal mixing probabilities. For the Non-Bayesian Gaussian Mixture models we defined a mixture

with two Normals centered at [-1, 1] (GMM2) and a mixture with three Normals centered at [-1, 0, 1]

(GMM3).

3.13.4 DSSP GUIDANCE

For constructing the DSSP features we calculated each training example’s DSSP based on the

structure with helix, strand, loop, and masked labels85. During training, the calculated per-residue

secondary structure features were appended to RoseTTAFold’s t1d features, and were one-hot encoded for

25% or 50% of the time and masked for 30% or 80% of the time. During inference, DSSP features are

appended to the t1D features as necessary and masked when not.

3.13.5 CLASSIFIER GUIDANCE

For classifier guidance we utilized the DeepGOPlus model101 and trained a vanilla

transformer model (2 Multihead Attention heads with each 2 layers, Embedding dimension: 64,

Hidden Layer dimension: 64) on the INDI database for nanobodies102. Classifier guidance was

implemented as described by Dhariwal and Nichol, 202183.

https://www.zotero.org/google-docs/?bVTk7G
https://www.zotero.org/google-docs/?LD2S4A
https://www.zotero.org/google-docs/?A0GqMA
https://www.zotero.org/google-docs/?X5jDvy
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3.13.6 MULTISTATE GUIDANCE

Parent and child protein pairings were generated in 25 steps using DSSP features

“XHHHHHHHHHHHHHLLLHHHHHHHHHHHHHLLLEEEEEELLLEEEEEXXXXXXXEEEEELLL

EEEEEELLLHHHHHHHHHHHHHLLLHHHHHHHHHHHHHX” for parent,

“XHHHHHHHHHHHHHLLLHHHHHHHHHHHHHLLLHHHHHHHHHHHHHHHHHHHX” for child

A, and “XHHHHHHHHHHHHHHLLLHHHHHHHHHHHHHLLLHHHHHHHHHHHHHX” for child

B. A mixing coefficient of 0.25 was used to combine parent and child sequences together at each step.

Multistate design pseudocode implementation is available in the supplements (Pseudocode S3).

3.13.7 SINGLE SEQUENCE PREDICTION WITH ALPHAFOLD 2

All designs used in ESMFold benchmarks were modeled by using the curl command to predict

single sequence structures. All designs used in AlphaFold2 (AF2) benchmarks and ordered for

experimental characterization were predicted in single-sequence structure prediction mode with model 4.

Pairwise backbone RMSDs between the design model and AF2 model were calculated for each design.

3.13.8 SEQUENCE IDENTITY CALCULATIONS

Blast alignment was used to examine sequence alignment and similarity using query

coverage >90% and target coverage >50%. Alignment to natives was done against Uniref-90.

3.13.9 UNCONDITIONAL PROTEIN GENERATION

Unconditionally generated proteins were assessed against a set of thousand native proteins with a

length deviating up to five residues randomly sampled from the RCSB database. For experimental

verification proteins ranging from 70-80 amino acids in length with no conditioning information were

generated in 25 steps. Designs were filtered by AF2 pLDDT > 90 and AF2 RMSD to design < 2 Å for

ordering final constructs. Additionally, proteins with high model confidence but moderate AF2
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confidence were ordered by filtering on design pLDDT > 90, AF2 pLDDT < 80, and AF2 RMSD to

design < 5 Å.

3.13.10 COMPOSITIONALLY BIASED PROTEIN GENERATION

Proteins ranging from 70-80 amino acids in length with an amino acid compositional potential

were generated in 25 steps. Designs were filtered by AF2 pLDDT > 90, AF2 RMSD to design < 2 Å, and

SAP score111 < 30. The top 10 to 22 designs were ordered for each upweighted amino acid type

(tryptophan, cysteine, valine, histidine, and methionine). Pseudocode for the implementation of the amino

acid compositional potential is provided in the supplements (Pseudocode S4).

3.13.11 CHARGE BIASED PROTEIN GENERATION

Proteins of 50 amino acids in length with charge potentials applied were generated in 25 steps

with charge conditioning information. The ground truth charge for each protein was calculated at pH 7.4

by using the Henderson-Hasselbach equation. Pseudocode for the implementation of the charge potential

is provided in the supplements (Pseudocode S5A, S5B).

3.13.12 HYDROPHOBIC BIASED PROTEIN GENERATION

Proteins of 50 amino acids in length with hydrophobic potentials applied were generated in 25

steps with hydrophobicity conditioning information. The ground truth hydropathy index for each design

was calculated by summing the hydropathy index for each residue and dividing by the sequence length112.

Pseudocode for the implementation of the hydrophobic potential is provided in the supplements

(Pseudocode S6A, S6B).

3.13.13 PSSM GUIDANCE

We formulate guidance with a PSSM by simply adding a precalculated PSSM to the output x0

prediction. This can be further scaled with a scaling factor, λ, to either promote stronger agreement with

https://www.zotero.org/google-docs/?ZiJyHX
https://www.zotero.org/google-docs/?lF7Haj
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the PSSM, or lower, to promote more diversity. PSSMs were calculated from MSAs generated by

mmseqs2113 with a 30-90% sequence identity cutoff to the query GFP sequence. Designs were filtered on

AF2 pLDDT > 80 and AF2 RMSD to design < 2 Å.

3.13.14 ITERATIVE GUIDANCE

Iterative guidance has been employed as described in Figure XA. In short, the experimental or in

silico characterization of designs is collected to train a classifier, which is used to generate further designs

with guidance. In an iterative process, classifiers trained on designs sampled in a preceding round inform

network sampling. We investigated the nearly complete fitness landscape of the V39, D40, G41 and V54

amino acid sites of GB1, which is the binding domain of protein G, an immunoglobulin binding protein

found in Streptococcal bacteria, as provided in the FLIP114 paper.

3.13.15 GB1

We performed diffusion on the four mutation sites GB1 protein, while providing guidance in a

second and third round design processes. In the first round designs are directly sampled from

ProteinGenerator. For each round, a classifier is trained on the designs generated in the preceding round

using a fitness equal to 1 as the classifier boundary.

3.13.16 REPEAT PROTEIN GENERATION

Repeat proteins ranging from 125-150 amino acids in length were generated in 50 steps

with and without DSSP conditioning information. Designed proteins contained 5 repeat units

using one of the one of the following DSSP strings, where X represents mask, E represents

strand, and H represents helix:

"XXXXEEEEEXXXXXXXXXXXXXXXHHHHHXXXX",

"XXXXEEEEEXXXXXHHHHHXXXXXEEEEEXXXX",

"XXXXHHHHHXXXXXEEEEEXXXXXHHHHHXXXX",

https://www.zotero.org/google-docs/?1QocWT
https://www.zotero.org/google-docs/?DhgBuQ
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"XXXXHHHHHXXLXXHHHHHXXLXXHHHHHXXXX",

"XXXXEEEEEXXHXXEEEEEXXHXXEEEEEXXXX",

"XXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXXX",

"XXXXEXXXXXXXXXEXXXXXXXXXEXXXXXXXX".

Designs were filtered on AF2 pLDDT > 80 and AF2 RMSD to design < 2 Å.

3.13.17 SCAFFOLDING BIOACTIVE PEPTIDES

Proteins of 155 amino acids in length were generated in 25 steps with spans of helical DSSP

conditioning to encourage the model to generate helical bundles and cleavage loops. Additional DSSP

features were provided to scaffold the furin protease cleavage site “GRRKR”. The sequence for melittin

was provided without DSSP conditioning as N-terminal 26 amino acids

“GIGAVLKVLTTGLPALISWIKRKRQQ”. Designs were filtered by AF2 pLDDT > 85, AF2 RMSD to

design < 2 Å, and SAP scores < 40.

3.13.18 PLASMID CONSTRUCTION

Protein designs were cloned into plasmids as in Watson et al75. Briefly, designs were ordered as

synthetic genes (eBlocks, Integrated DNA Technologies) with BsaI overhangs compatible with a

ccdB-encoding expression vector LM062716. Genes cloned into LM0627 result in the following sequence:

MSG-design-GSGSHHWGSTHHHHHH, (SNAC cleavage tag and 6XHis affinity tag are indicated).

We used the NEBridge® Golden Gate Assembly Kit (New England Biolabs) with a total reaction volume

of 5 μL and a ratio of 1:2 by mass of LM0627 plasmid DNA to design. We then incubated the reaction

mixture at 37 C for 30 minutes, halted the reaction by incubating the reaction mixture at 60 C for 5

minutes, and transformed 1 μL of the reaction mixture into 6 μL of BL21 competent cells (New England

Biolabs). After heat shock and recovery in SOC media, transformed BL21 cells were grown overnight in

1.0 mL of LB from which glycerol stock were created and small-scale expression cultures were

inoculated.

https://www.zotero.org/google-docs/?5xYXk9
https://www.zotero.org/google-docs/?OrWf7x
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3.13.19 1 ML-SCALE PROTEIN PURIFICATION

Initially, proteins were expressed with small-scale expression screens as previously reported16

with small adaptations. Briefly, designs were inoculated with 100 uL of overnight growths and 900 uL of

auto-induction media (sterile-filtered TBII media supplemented with 50 µg/mL kanamycin, 2 mM

MgSO4, 1X 5052) in deep-well 96-well plates. 16 hours post-inoculation, cells were harvested and lysed

in lysis buffer (50 mM Tris-HCl (pH 8), 0.5 M NaCl, 30 mM imidazole supplemented with 1X

BugBuster, 1 mM PMSF, 0.1 mg/mL lysozyme, 0.1 mg/mL DNase). Clarified lysates were added to a 50

μL bed of Ni-NTA agarose resin in a 96-well fritted plate equilibrated with wash buffer (50 mM Tris-HCl

(pH 8), 0.5 M NaCl, 30 mM Imidazole). After sample application and flow through, the resin was washed

three times with wash buffer, and samples were eluted in 200 μL of elution buffer (50 mM Tris-HCl (pH

8), 0.3 M NaCl, 0.5 M imidazole, 5 mM EDTA (pH 8)). All eluates were sterile filtered with a 96-well

0.22μm filter plate (Agilent 203940-100) prior to size exclusion chromatography (SEC). Protein designs

were then screened via SEC using an AKTA FPLC outfitted with an autosampler capable of running

samples from a 96-well source plate. Samples were run on a SuperdexS75 Increase 5/150 GL column

(Cytiva 29148722; 3,000 to 70,000 Da separation range) in a running buffer (20 mM Tris pH 8, 150 mM

NaCl). To improve peak resolution, the SEC column was connected directly in line from the autosampler

to the UV detector. 0.25 mL fractions were collected from each run. Absorption spectra were collected by

the AKTA U9-M at 230 nm and 280 nm.

3.13.20 50 ML-SCALE PROTEIN PURIFICATION

Proteins selected for further downstream characterization were expressed in 50 mL of

auto-induction media. 16 hours post-inoculation, cells were harvested and lysed in lysis buffer (50 mM

Tris-HCl (pH 8), 0.5 M NaCl, 30 mM imidazole, 1 mM PMSF, 0.1 mg/mL lysozyme, 0.1 mg/mL DNase)

through sonication. Clarified lysates were added to a 2 mL bed of Ni-NTA agarose resin in a 20 mL

column (Bio-Rad 7321010) equilibrated with wash buffer (50 mM Tris-HCl (pH 8), 0.5 M NaCl, 30 mM

https://www.zotero.org/google-docs/?N8tCm8
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Imidazole). After sample application and flow through, the resin was washed 3 times with 10 mL wash

buffer, and samples were eluted in 2 mL elution buffer (50mM Tris-HCl (pH 8), 0.5M NaCl, 200mM

Imidazole). All eluates were sterile filtered with a 3 mL 0.22uM filter plate prior to SEC. Protein designs

were then screened via SEC using an AKTA FPLC outfitted with an autosampler capable of running

samples from a 96-well source plate. Samples were run on a SuperdexS75 Increase 10/300 GL column

(Cytiva 29148721; 3,000 to 70,000 Da separation range) in a running buffer (20 mM Tris pH 8, 150 mM

NaCl). 1 mL fractions were collected from each run. Absorption spectra were collected by the AKTA

U9-M at 230 nm and 280 nm.

3.13.21 CYSTEINE BIAS PROTEIN EXPRESSION

Proteins guided towards high cysteine content were transformed into and expressed in

Rosetta-gami B(DE3) Competent Cells (Novagen 71137). The 1 mL and 50 mL scale protein purification

protocols were otherwise followed.

3.13.22 CIRCULAR DICHROISM

Circular dichroism (CD) spectra were collected on a Jasco J-1500 CD Spectrometer with 1 nm

bandwidth, 50 nm permanent scan rate, and data integration time of 4 seconds per read. Sample cuvettes

stored in 2% Hellmanex (Hellma 9-307-011-4-507) were washed with deionized water, 2% Hellmanex,

deionized water, then 20% ethanol, after which 300 uL SEC-purified protein was added for CD spectra

measurements. Thermal melts were performed at 25°C and 95°C.

3.13.23 MASS SPECTROMETRY

To identify the molecular mass of each protein, intact mass spectra were obtained via

reverse-phase LC/MS on an Agilent G6230B TOF on an AdvanceBio RP-Desalting column, and

subsequently deconvoluted by way of Bioconfirm using a total entropy algorithm. Disulfide formation



98

was determined by injecting protein at 1.5 mg/mL in the presence and absence of 50 mM TCEP-HCl

(Millipore Sigma 646547-10X1ML) and detecting the mass shift.

3.13.24 ACKNOWLEDGEMENTS

We would like to acknowledge Lisa Li, Sanaa Mansoor, Dmitri Zorine, Ian Humphreys, Harley

Pyles, Brian Trippe, DéJenaé Ray, Abbas Idris, Xiaochuang Han, Meerit Said, Florence Dou, Linna Ann,

Kejia Wu, Derrick Hicks, Hao Nguyen, Elias Kinfu, Adam Chazin-Gray, Quoc Tran, Marlo Zorman,

Namrata Anand, and Naveen Jasti for helpful discussions and support. Chris Norn for PSSM scripts.

Sergey Ovchinnikov for DSSP scripts. David Chmielewski for help with experimental procedures. Nate

Ennist for help with CD. Doug Tischer for developing “contig” class for processing user inputs when

running inference. Ivan Anishchenko for scripts to run TM - align, sequence similarity, and

multidimensional scaling plots. Jue Wang and Justas Dauparas for benchmarking scripts. Minkyung Baek

and Frank DiMaio for training scripts and RoseTTAFold code base. Joe Watson, David Juergens, and

Nate Bennett for helpful scripts and conversations. Ian Haydon, Lance Stewart, Luki Goldschimdt, Adam

Sadowski, Kandise Van Wormer, and Lauren Carter for general operations.

This work was supported by the Defense Threat Reduction Agency Grant HDTRA1-19-1-0003

(X.L.), by funding from the DARPA program Harnessing Enzymatic Activity for Lifesaving Remedies

(HEALR) under award HR0011-21-2-0012 (X.L.), the Juvenile Diabetes Research Foundation

International (JDRF) grant # 2-SRA-2018-605-Q-R (X.L.), AMGEN (S.L.), the Helmsley Charitable

Trust Type 1 Diabetes (T1D) Program Grant # 2019PG-T1D026 (X.L.), the Bill and Melinda Gates

Foundation Grant #OPP1156262 (X.L.), the Audacious Project at the Institute for Protein Design (J.S.),

the Howard Hughes Medical Institute (J.S.).

3.13.25 CODE AVAILABILITY
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https://github.com/RosettaCommons/protein_generator
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Dürr and HuggingFace who supplied a GPU grant to run the model interactively in your browser:

https://huggingface.co/spaces/merle/PROTEIN_GENERATOR.

3.14 MAIN FIGURES

Figure 3.1: Overview of ProteinGenerator.

Figure 3.1. Overview of ProteinGenerator. (A) Inference schematic indicating how a noised sequence xt
is passed through the model with structural conditioning and updated to xt-1 for the next pass. At each step
in the diffusion process x0 is predicted from xt and guidance can be added to the predicted x0 prior to
scaling with noise. This process is repeated for T steps as the sequence-structure pair converges on a high
confidence solution. (B) Sampling from a Gaussian distribution yields sequences that approach that of
native sequences. (C) Unconditional designs have higher ESMfold pLDDT and lower ESMfold RMSD to
design compared other joint models: RosettaFold (RF) and Alphafold2 (AF) hallucination. (D)

https://huggingface.co/spaces/merle/PROTEIN_GENERATOR
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Experimental validation of unconditional designs: Design (grey) and AlphaFold2 (pink) models of
unconditionally generated proteins. Size exclusion chromatography and circular dichroism experiments
show these designs are soluble, monodispersed, and thermostable to 95°C. (E) Multistate guidance allows
for the design of a single sequence with a variety of structural conditioning states to converge on a single
sequence predicted to adopt multiple states. (F) Use of multistate guidance to generate sequences which
upon fragmentation switch from alpha/beta to all alpha secondary structure. Parent design (left) switches
secondary structure when split into two child proteins (right). Designed structures of parent and children
are shown in grey and AlphaFold2 predictions are overlaid in pink/purple.
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Figure 3.2: Generation of folded proteins with target sequence compositions.

Figure 3.2. Generation of folded proteins with target sequence compositions. (A) Amino acid
compositional bias: Applying an amino acid compositional bias generates proteins with desired sequence
composition (tryptophan bias shown as an example). (B) Generation of compositionally biased proteins
using ProteinGenerator. Bar plot displaying the average amino acid composition of designed proteins
when guiding for 20% amino acid of interest compared to unconditional generation. (C) Sequence
diversity representation: Multidimensional scaling of compositionally biased protein sequences occupy
distinct spaces. (D) Experimentally validated amino acid compositionally biased proteins: Proteins
generated with upweighted tryptophan, cysteine, valine, methionine, and histidine are predicted with high
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confidence by AlphaFold2 (pink), match the design model (grey), and are thermostable up to 95°C by
circular dichroism. Proteins designed with high tryptophan bias show five-fold higher absorbance at
280nm compared to unconditionally generated proteins. Experimental validation of cysteine-rich proteins
under reducing and non-reducing conditions confirms the presence of designed disulfide bonds by mass
spectrometry. Proteins designed with high valine bias show increased beta strand propensity compared to
unconditionally generated designs. (E) Size exclusion chromatography overlay: Proteins designed with
sequence potentials are soluble and monodisperse by size exclusion chromatography. (F) Hydrophobic
sequence potential: Biasing the sequence away or toward hydrophobic amino acids results in a shift in the
distribution of hydrophobicity scores for the output sequences. (G) Net charge sequence potential:
Resulting distribution of net charges when guidance is used to bias sequences toward +/- 5 net charge.
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​​Figure 3.3: Structural and sequence conditioning can be used to generate proteins with desired
secondary structure attributes and scaffold motifs.

​​

Figure 3.3. Structural and sequence conditioning can be used to generate proteins with desired
secondary structure attributes and scaffold motifs. (A) Secondary structure conditioning: Protein
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generation with secondary structure conditioning recapitulates the DSSP of the target protein. (B)
Unstructured (sequence only) motif scaffolding: Sequence motif scaffolding of unstructured bioactive
peptides yields designs with low AlphaFold2 RMSD to design. (C) Melittin scaffold designs: Scaffolding
melittin yields designs (grey) that are corroborated by AlphaFold2 (pink), are soluble and monodispersed
by size exclusion chromatography, and thermostable to 95°C by circular dichroism. (D) Sequence
symmetry: Sequence repeat symmetry is applied at inference time by symmetrizing update (Xt-1)
sequences to generate tandem repeat proteins. (E) Experimentally characterized symmetric repeat
proteins: Designed repeat proteins (grey) with secondary structure conditioning are corroborated by
AlphaFold2 (pink), are soluble and monodispersed by size exclusion chromatography, and are
thermostable up to 95°C by circular dichroism.
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Figure 3.4: Fold and function guided protein generation.
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Figure 3.4. Fold and function guided protein generation. (A) immunoglobulin (IG) sequence based
classifier score distributions from outputs generated unconditionally, with strand DSSP conditioning, with
gradients from IG classifier, and with combination of IG classifier gradients and secondary structure
conditioning. (B) Design model (grey) and AF2 model (pink) of proteins generated with classifier
guidance and strand DSSP conditioning. (C) Schematic of PSSM guidance with scaling and motif
scaffolding. (D) Guidance by position specific score matrix (PSSM) generates sequence-structure pairs
sampled from a similar embedding space as native GFP designs. Designs and natives were embedded
with ESM and first and second principle components derived from embeddings are plotted. (E) Sequence
identity to native GFPs increase with increasing guidance scaling: Sequence similarity of PSSM designs
at varying guide scales to native GFPs. (F) PSSM guided design examples: Design models (grey) and
AF2 models (pink) of proteins generated with a PSSM guidance scale of 0 (left) or 8 (right) and 30%
DSSP masking. Active site residues on AF2 predicted structures (purple) over-layed with wildtype GFP
side chains in blue.

Figure 3.5: Active learning guided protein generation.

Figure 3.5. Active learning guided protein generation. (A) Active learning schematic indicating an
iterative process of sampling designs from ProteinGenerator. After sampling designs from the network
(1), designs can be subsequently characterized experimentally or using in silico metrics (2). With a
classifier trained on the collected activity data (3) the generation of future designs can be guided (4).
Thus, designs sampled from the network in (1) are closer to the desired true sequence-function
distribution. (B) The GB1 library fitness and portion of variants with a high fitness is increasing for each
round (All dataset: 0.03, Round 1: 0.87, Round 2: 1.51, Round 3: 1.67). Guidance through a classifier
trained on the designs sampled in the preceding round was applied for sampling designs in round 2 and
round 3. (C) Iterative guidance based on randomly chosen designs in round 1 generates libraries with a
decreased average and highest fitness in comparison to designs in round 1 sampled unconditionally by
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ProteinGenerator. The decrease of the average fitness of the library between round 2 and round 3 indicates
that ProteinGenerator guidance converged to a local activity maxima, while not being able to reach
regions with higher activity and high confidence by ProteinGenerator.

3.15 SUPPLEMENTARY FIGURES

Supplementary Figure 1: Inference benchmarks.
(A) Boxplot of AF2 pLDDT of sequences from model clustered by length on left, right RMSD of AF2
model to design. (B) Boxplot AF2 pLDDT with clamp (-3,3) applied post sampling xt-1 and no clamp on
left, AF2 RMSD to design. (C) Comparison of with and without conditioning on xt when sampling xt-1,
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AF2 pLDDT right, AF2 RMSD to design left.
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Supplementary Figure 2: Amino acid distributions and secondary structure
propensities

(A) 100AA, (B) 200AA, and (C) 300AA length proteins when sampling from normally
distributed noise, GMM2, or GMM3. Significant amino prevalence changes between native and
unconditional designs as well as between unconditional designs sampled from normal noise and
sampled from GMM2 or GMM3 noise are displayed via black asterisk and a red asterisk.

Supplementary Figure 3: Sequence entropy of native proteins, normally sampled
sequences, GMM2, and GMM3 for 100AA, 200AA, and 300AA proteins.
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Supplementary Figure 4: Sampling from different noise distributions generates
proteins with different sequence and structural neighbors.
Frequencies of amino acid neighbors in generated sequences (top row) and nearest structure neighbors
(bottom row). Values are calculated as the difference between native sequences and unconditionally
generated sequences for 100AA (left), 200AA (middle) and 300AA (right). Unconditional designs of
200AA and 300AA are characterized by more frequent alanine-leucine, alanine-glutamic acid, and
alanine-alanine sequence and structure contacts. In structure space unconditional proteins exhibit lower
frequencies of glutamic acid-glutamic acid and glutamic acid-proline neighbors.

Supplementary Figure 5: Sampling from different noise distributions generates
proteins with more diverse secondary structure.
Representative 100AA unfiltered and unconditionally generated proteins from normal distribution,
GMM2, and GMM3. Colored by model pLDDT (red → high confidence).
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Supplementary Figure 6: Sampling from different noise distributions generates
proteins with more diverse secondary structure.
Representative 200AA unfiltered and unconditionally generated proteins from normal distribution,
GMM2, and GMM3. Colored by model pLDDT (red → high confidence).
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Supplementary Figure 7: Sampling from different noise distributions generates
proteins with more diverse secondary structure.
Representative 300AA unfiltered and unconditionally generated proteins from normal distribution,
GMM2, and GMM3. Colored by model pLDDT (red → high confidence).
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Supplementary Figure 8: Fine-tuning RoseTTAFold is a necessary prerequisite for
the generation of high confidence proteins.

(A) Representative 100AA unfiltered and unconditionally generated proteins from a not
fine-tuned RoseTTaFold model. Colored by model pLDDT (red → high confidence). (B)
Average RoseTTAFold LDDT of proteins unconditionally generated with a fine-tuned and a not
fine-tuned RoseTTAFold model.

(A)

(B)
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Supplementary Figure 9: Biasing for specific amino acids results in increased
frequency of the specified residue in generated proteins.
Amino acid distributions of proteins generated with amino acid compositional bias for (A) valine, (B)
histidine, (C) tryptophan, (D) cysteine, and (E) methionine.
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Supplementary Figure 10: AF2 metrics for scaffolding of structure-sequence motifs
in the PDB IDs listed in 25 (light pink) and 100 (dark pink) time steps.
(A) AF2 pLDDT for designs, (B) RMSD of motif predicted by AF2 to design, (C) RMSD of AF2 to
design for whole structure, (D) predicted alignmed error (pAE) of designs from AF2. The following
contig arguments were used to run motif scaffolding benchmark:
1PRW - contigs 8-20,A21-31,16-25,A56-67,8-20,
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6EXZ - contigs 0-95,A28-42,0-95,
5TPN - contigs 10-40,A163-181,10-40,
5IUS - contigs 0-30,A119-140,15-40,A63-82,0-30,
4JHW - contigs 0-25,F196-212,15-30,F63-69,10-25

Supplementary Figure 11: GO-guidance.
The network has been guided with the DeepGOPlus Gene Ontology (GO) classifier to generate proteins
with specific characteristics and functions. Exemplary, the classifier GO probability scores for all UniProt
proteins, all proteins annotated with the chosen GO term, unconditionally unguided proteins generated
with our model and guided proteins generated with our models for the GO terms nitrogen compound
metabolic process (GO:0006807) and membrane (GO:0016020) are shown. The classifier has a high false
positive rate due to a high mean probability as well as for all UniProt proteins including proteins not
annotated with this specific GO term. For both GO terms a shift in the probabilities can be shown for
guided proteins in comparison to unguided proteins.
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Supplementary Figure 12: Secondary structure composition comparison when
generation unconditional designs, designs with strand bias, designs with classifier
guidance, and combination of classifier guidance and strand bias.
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Supplementary Figure 13: Multidimensional scaling plots of proteins generated
with increasing GFP PSSM guidance scales.

(A) Higher PSSM scaling increases sequence clustering to native GFPs. Distance metric is
percent sequence identity. Green dots are native GFP sequences derived from a GFP MSA with
sequence identity cutoffs 30-90% to the query sequence. Grey are randomly sampled native
sequences from Uniprot90 (B) Low PSSM scaling results in increased structural diversity and
samples of more diverse beta barrels. Higher PSSM scaling reduces structural diversity and
clusters closer to native GFPs. Distance metric is TM score. Green dots are structures derived
from the same MSA as (A) and grey dots are structures derived from the same set as (A).
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Supplementary Figure 14: Single-sequence structure predictions of Green
Fluorescent Protein (GFP), (PDB 1EMA).
AlphaFold2 (left) and ESM-Fold (right) predictions fail to recover the tertiary structure of GFP when run
in single-sequence mode. Both models return structures with low confidence (pLDDT). Models were run
with 6 recycles.
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Supplementary Figure 15: TMScore (left) and sequence identity (right)
distributions of all ordered designs against PDB.
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Supplementary Pseudocode 1: Training.

Supplementary Pseudocode 2: Inference.
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Supplementary Pseudocode 3: Multistate design.
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Supplementary Pseudocode 4: Amino acid composition potential.
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Supplementary Pseudocode 5A: Net charge potential.

Supplementary Pseudocode 5B: Net charge potential data structures & tables.
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Supplementary Pseudocode 6A: Hydrophobicity potential.

Supplementary Pseudocode 6B: Hydrophobicity potential data structures and
tables.
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Supplementary Table 1: Observed and predicted mass for designs used in mass
spectrometry experiments.
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Supplementary Table 2: Mass spec data of experimentally validated cysteine-rich designs. The
mass of each design is reported in the presence and absence of the reducing agent TCEP. The mass
difference between reduced and non-reduced designs is used to calculate the number of disulfides formed
and compared to the number of designed disulfides.
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Supplementary Table 3: Secondary structure prediction of CD data (200-250 nm)
of designs RC_E8 Fig 3E middle top, and RC_F11 Fig 3E middle bottom with
BeStSel server indicating high percentage of beta content.
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Chapter 4. TOWARDS ITERATIVE OPTIMIZATION WITH EXPERIMENTAL

FEEDBACK WITH CO-SEQUENCE AND STRUCTURE

GENERATIVE DIFFUSION MODELS

This work was done in close collaboration with Jacob Gershon, with experimental work done by
Kiera Sumida. Figure 4.1 was repurposed from Madison Kennedy.

4.1 ABSTRACT

For particularly difficult protein design problems such as the design of highly active

enzymes, experimental data feedback is necessary to improve functionality with minimal design

iterations. Active learning (AL) and bayesian optimization (BO) approaches provide a principled

way to incorporate experimental feedback into the design process, and subsequently minimize

the number of iterations cycling between computation and experimental testing to optimize the

desired function (enzymatic activity, binding, self-assembly, etc.). Current active learning

approaches do not incorporate strong generative priors to bias exploration/exploitations to valid

regions of protein space. We hypothesize that coupling a joint sequence and structure diffusion

model with bayesian optimization methods will allow for the more efficient search of the

sequence activity landscape to find highly active variants. To this end we develop a joint

sequence structure generative model, ProteinGenerator2 (PG2), to which we bias generation with

zero shot predictors to yield predicted highly active and diverse sequence pools for testing. From

which at each experimental round the collected data from preceding rounds will be used to

further increase the accuracy of the activity predictor and further bias the design process toward

more active variants with the desired function.
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4.2 INTRODUCTION

Directed evolution has been used to successfully engineer proteins with enhanced

functionality. This is typically done in an iterative fashion where a random library of mutations is

generated for a parent sequence and screened, at which point highly active mutations are fixed

(typically the top mutation), and subsequent rounds of mutagenesis and screening are done until

a satisfactory stop criterion is met. This approach is now increasingly supplemented with

Bayesian optimization (BO) based machine learning methods to better explore the possible

mutational space efficiently115 and enable larger steps through sequence space by learning

epistatic interaction not possible with classical directed evolution.

Bayesian optimization techniques build a probabilistic model of the underlying

sequence-to-activity landscape via a surrogate model. This surrogate model in addition to

predicting mean activity also provides an uncertainty estimation. An acquisition function utilizes

this uncertainty, balancing between exploration and exploitation, to select new points to evaluate

experimentally. Where the ultimate goal is to guide the sequence space search towards the global

optimum while minimizing the number of experimental rounds.

Typical BO supplemented directed evolution involves exhaustively sampling and

evaluating the sequence search space in silico only testing highly predicted variants116. This

strategy is inherently inefficient in that queries to the predictor are exhaustive and there is no

way to efficiently bias the search space to plausible sequences. We hypothesize that querying the

acquisition function with sequences proposed by a generative model, ProteinGenerator2, that

understands the sequence-to-structure mapping will allow for the more efficient search of the

sequence to function landscape. In addition, because ProteinGenerator2 is a diffusion model,

gradient based guidance can bias the generated outputs to maximize the predicted activity of the

https://www.zotero.org/google-docs/?wcGIcX
https://www.zotero.org/google-docs/?15W2b9
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surrogate model(s) further restricting search to a functional subspace. A schematic of the

proposed experimental workflow is in Figure 4.1.

4.3 DEVELOPING JOINT SEQUENCE AND STRUCTURE GENERATIVE MODEL

An ideal generative model for enzyme optimization should be able to consider

interactions of the enzyme and its substrates, in addition gradient based guidance should be

available at both the sequence and structural level to allow for fine grained optimization of

catalytically necessary structural and sequence features. We sought to further develop

ProteinGenerator21 a state of the art joint sequence and structure generative model with these

capabilities. ProteinGenerator was initially trained with only noising the amino acid sequence

input to the model, and was tasked with not only denoising the noised sequence, but also

predicting the corresponding structure. This is limiting in that gradient based guidance could

only be applied in sequence space. Further, the model was only able to be conditioned on protein

sequence and structural motif, not small molecules or other macromolecules.

To address the model's inability for gradient based structural guidance we incorporated

structural 3di tokens previously used in the FoldSeek structural search algorithm117 in addition to

sequence tokens and structural motifs as inputs to the model. We corrupt these structural tokens

on the same noising schedule as the amino acid tokens, and task the model with denoising both

simultaneously. To address being able to model non-protein substrates we replace

RosettaFold2118 with RosettaFold All-Atom119 as our denoising network. Self consistency

benchmarks with AlphaFold structure prediction of generated sequence-structure pairs show that

ProteinGenerator2 improved performance over the original on unconditional generation of large

proteins, with comparable results on smaller length designs. (Figure 4.2).

https://www.zotero.org/google-docs/?t32cP2
https://www.zotero.org/google-docs/?I9VvAu
https://www.zotero.org/google-docs/?DKcCHS
https://www.zotero.org/google-docs/?BDtjZm
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4.4 STRUCTURE AND SEQUENCE BASED IN SILICO SURROGATE MODELS

As an initial application of our proposed diffusion based iterative design approach, we

chose to redesign a native Poly(ethylene terephthalate) (PET) hydrolyzing enzyme, PDB ID:

7VVC, for improved catalytic activity and thermostability. PET degradation into reusable

subunits is of ecological importance because it composes 70% of synthetic textile fibers and 10%

of non fiber plastic packaging120. We build on previous work on native redesign with

ProteinMPNN coupled with evolutionary features to redesign the petase and screen for activity121

for an initial design pool to train on. Given this initial dataset of 96 designs with sequence,

Alphafold predicted structures, and catalytic rates we sought to see if there were any zero-shot

activity predictors which correlate with activity for either sequence or structural inputs, because

this number of data-points is inefficient to train a model to map the sequence identity landscape.

Zero-shot predictors of protein function have been found to be useful in restricting the

search space in machine learning assisted directed evolution campaigns116,122. Inspired by

AlphaFold’s capability to discriminate decoy structures for a given target sequence123 we

investigated whether AlphaFold could serve as the structural zero-shot predictor given that a

common protein design failure mode is that a sequence may not adopt the intended structure. We

implemented the AF2rank approach described in Roney et al. 2022123, and used the template

structure pLDDT as a metric for catalytic activity. We found a moderate correlation of 0.26 with

activity indicating that this structure based approach could serve as a zero-shot predictor (Figure

4.3.A). It is worth noting we opted for the template approach rather than single sequence

structure prediction because AlphaFold fails to predict sequences close to the native sequence

https://www.zotero.org/google-docs/?ZcKET0
https://www.zotero.org/google-docs/?o9TDXQ
https://www.zotero.org/google-docs/?l6SFRn
https://www.zotero.org/google-docs/?OGzZMh
https://www.zotero.org/google-docs/?tQjUEW
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space without an MSA, and folding with an MSA gives overconfident predictions of the

structure regardless if the query sequence is valid.

Previous work has shown language models trained on massive corpus of sequence only

data information emerges in the learned representations on fundamental properties of proteins

such as structure and biological activity4,124. These representations have further shown to be able

to pick mutations to increase antibody binding affinity and expression in multiple rounds122. We

sought to determine if ESM2 pseudo-perplexity could serve as a zero shot predictor. We

implemented pseudo-perplexity calculations as shown in Verkuil et. al, 202219, and calculated it

on all of the sequences within our initial training set. We found a strong correlation in activity of

-0.5 on the calculated activity rate (Figure 4.3.B). We hypothesize that the reason for this strong

correlation is that ESM2 learned the space of plausible mutations for a given sequence, and this

space is a much smaller subspace of all possible mutations so sequences within this subspace are

more likely to be within the even smaller activity subspace.

4.5 GUIDANCE WITH ZERO SHOT PREDICTORS

Diffusion models are particularly powerful generative models over other approaches such

as GANs, VAEs, or autoregressive language models because of their ability to easily guide

generation with off the shelf classifiers20. We utilize this capability to train a classifier on the

generated sequences of ProteinGenerator2 and their corresponding ESM2 pseudo-perplexity

scores to predict pseudo-perplexity. For the generated sequences we provide the model with the

wildtype structure of petase with the substrate modeled, and allow redesign of evolutionary

nonconserved regions defined by a consensus amino acid not being present in more than 50

percent of the amino acids at a given sequence position in the wild type MSA. We then use

classifier guidance as was done in Lisanza et al. 202321 with the trained classifier. We chose this

https://www.zotero.org/google-docs/?qscO29
https://www.zotero.org/google-docs/?CFjBM5
https://www.zotero.org/google-docs/?5Edpar
https://www.zotero.org/google-docs/?bHGurm
https://www.zotero.org/google-docs/?wWs4AP
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approach rather than backpropagating through ESM2 because the language model is large and

backpropagation through would be quite expensive in both time and memory125. True ESM2

pseudo-perplexity improves significantly with classifier based guidance (Figure 4.4.A). We then

applied this approach to predict AF2 pLDDt values from round 0 designs and then guided

generation for round 1 designs. We saw a striking increase in AF2 predicted confidence, with

some loss in sequence diversity.

4.6 CONCLUSION AND FUTURE WORK

We have developed a joint sequence and structure denoising model ProteinGenerator2

that can model non-protein substrates. We have used this model to generate plausible sequences

for redesign wild type petase with the ultimate goal of increasing activity and thermostability. To

this end we biased generation with gradients from a zero-shot activity predictor (ESM2) that we

found to be correlated with experimental activity. ProteinGenerator2 is well positioned to be

utilized within active-learning and bayesian optimization pipelines as the one proposed in Figure

4.1 because 1) it serves as generative prior for the more efficient search of the plausible protein

sequence landscape, and 2) gradient based guidance can bias the generated outputs to maximize

the predicted activity of surrogate model(s); further restricting search to functional sequence

subspaces. Future work will couple ProteinGenerator2 with uncertainty collaborated surrogate

models trained on experimental data from preceding rounds. Where we envision the predicted

activity (mean) of these surrogate models will be used guide, while the predicted uncertainty in

conjunction with an acquisition function will choose which sequence to test inorder to navigate

the exploration and exploitation tradeoff to generate both increasingly active variants and learn

the sequence to activity landscape.

https://www.zotero.org/google-docs/?J8mFwu
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4.7 MAIN FIGURES

Figure 4.1: Iterative Design with Experimental Feedback Envisioned Pipeline

Figure 4.1: Iterative Design with Experimental Feedback Envisioned Pipeline

Figure 4.2: Incorporation of 3di tokens and RF-AA as the denoiser improves AlphaFold2
self consistency performance.
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Figure 4.2: Incorporation of 3di tokens and RF-AA as the denoiser improves AlphaFold2
self consistency performance. Horizontal dotted red line is 2 angstrom RMSD.

Figure 4.3: AlphaFold template pLDDT and ESM2 pseudo-perplexity serve as zero-shot
predictors of petase activity.

Figure 4.3: AlphaFold template pLDDT and ESM2 pseudo-perplexity serve as zero-shot
predictors of petase activity. A) Catalytic rate vs AlphaFold template plddt. B) Catalytic rate vs
ESM2 pseudo-perplexity.
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Figure 4.4: Guidance with ESM perplexity and AF2 pLDDt classifiers, results in lower
true ESM perplexity scores and higher true plddt scores

Figure 4.4: Guidance with ESM perplexity and AF2 pLDDt classifiers, results in lower true
ESM perplexity scores and higher true plddt scores. A) Round 0 is without guidance, round 1
is with guidance based on the classifier trained on round 0 designs. The vertical dotted line is
wild type pseudo-perplexit or AF2 template plddt. B) green regions allowed to be redesigned,
gray regions held fixed. B) Round 0 is without guidance, round 1 is with guidance based on the
classifier trained on round 0 designs. The shaded region corresponds to the initial set of 96
designs, and the vertical dotted line is wild type pseudo-perplexit. Sample generated designs with
model confidence coloring. Red is high confidence and green is low confidence. C) pairwise
sequence identity per round indicates diversity is still maintained even with classifier guidance.
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