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The ability to design protein-binding proteins is broadly useful. In this dissertation I will

show our work to develop a deep learning-based pipeline for protein binder design. I will

show how we configured AlphaFold2 to classify in silico designs which are likely to bind

from those which are not likely to bind. I will then demonstrate how we can use the

ProteinMPNN model, in combination with classical Rosetta protocols, to perform

efficient sequence design on binder backbones. Finally, I will show how we trained a

denoising diffusion model to generate protein backbones and how this can be used to

massively accelerate the binder design pipeline. This deep learning-based pipeline is

faster, easier to use, and has much higher experimental success rates than the previous

Rosetta-based pipeline.
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The ability to design custom protein-protein interfaces (PPIs) is broadly useful. Previous

work from our lab has established a PPI design pipeline that allowed the de novo design of PPIs1.

The previous PPI pipeline, however, had several drawbacks; the experimental success rates were

low (<0.1%), the pipeline was complicated and computationally expensive to run, and the

pipeline was limited to design within a limited set of miniprotein scaffolds (the Scaffold Set).

Our research focuses on developing and incorporating novel deep learning (DL) methods into the

PPI pipeline to solve these outstanding issues. We report that framing binder design as a structure

prediction task and using AlphaFold22 (AF2) to assess the likelihood of both our binder

assuming the designed structure and the binder forming the correct interface increases

experimental success rate by 10 fold. We find that incorporating a novel structure-to-sequence

model (ProteinMPNN3) also makes the PPI pipeline more computationally efficient. Finally, we

present RFdiffusion, a denoising diffusion probabilistic model which operates in protein structure

space. RFdiffusion is able to sample both dock and scaffold degrees of freedom at runtime. This

massively simplifies the binder design pipeline and trivially allows the design of binders with

scaffolds outside of the Scaffold Set.

Protein Interface Design

Proteins are a class of macromolecules consisting of a chain of amino acid monomers.

The specific order of amino acids in the chain determines the three dimensional structure that the

8



chain will fold into. The three dimensional shape of the protein chain is responsible for the vast

majority of the biochemical properties of each protein. The prodigious number of possible

unique protein chains and the correspondingly large number of possible structures allows

proteins to perform many diverse functions. Proteins mediate the majority of biological

processes including DNA synthesis, production of chemical energy, and cell-to-cell signaling,

among many many other processes. A protein function of particular pharmaceutical interest in

recent years is the role of a certain class of proteins, called antibodies, to bind to a diverse set of

proteins. It was quickly realized that by designing these antibodies to form custom PPIs, several

biological processes could be modulated such as cell-to-cell signaling (important in cancer

therapeutics) and virus-host recognition (important in antiviral therapeutics).

The first protocols to design binders with custom PPIs involved immunizing an animal

with a target protein and isolating antibody binders from the serum of the animal. While

powerful and still the method-of-choice for discovering novel antibodies in the pharmaceutical

industry, this approach is slow, expensive, and provides no control over the orientation of the

complex or binding site. This approach is also limited in scaffold type to only antibodies which

are often unstable or immunogenic. Methods to isolate binding proteins via directed evolution

have also proven powerful and decrease the time and expense required to generate binding

proteins, these methods share the shortcomings of immunization in that they offer no control

over the orientation of the complex or binding site. De novo binder design holds the promise of

precise control over binding site as well as binder fold and orientation. The first attempts at de

novo binder design relied on using a native interface and building a de novo scaffold to support

this interface, this protocol call is called motif grafting. Motif grafting was initially done using

Rosetta-based tools4,5 and more recently is done using DL based tools6. Motif grafting can

9



reliably generate de novo binders to target proteins where a structure of an appropriate complex

is already available; this criterion, however, is seldom met for target proteins of interest.

Recently, a protocol for fully de novo protein binder design was developed by our lab1. This

pipeline offered, for the first time, a path to completely de novo protein binders. This protocol,

however, is complicated and time-consuming to run, yielded a low experimental success rate

(<0.01%) and is limited to designing binders of the folds contained in a set of minibinder

scaffolds.

The Protein Interface Design Pipeline

As much of this work builds on and extends the design pipeline previously developed by

our lab1, a thorough description of the design pipeline is warranted.

The Scaffold Set: The PPI pipeline begins with a dataset of high confidence small

proteins called the scaffold set. These scaffolds are selected to fulfill computational criteria that

correlate with experimental design success or pass a high throughput experimental stability

assay7. The process to generate new scaffolds is computationally intensive and, to thoroughly

search fold space, requires the identification of the characteristic parameters of a fold8–10.

Examples of the characteristic parameters of the three-helical bundle fold include: the number of

residues in the first helix, the number of residues in the first loop, and the angle between the first

and second helices. Characteristic parameters have enabled the search of simple fold spaces such

as three helical bundles, four helical bundles, and ferredoxins. For larger and more complex

scaffolds, the identification of characteristic parameters is more challenging and, as such, a brute

force search through fold space is not feasible.
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Docking: A subset of the scaffold set is chosen to be docked against the target protein.

Each scaffold in the subset is mutated to contain only Valine residues (Valine is a residue with

the average volume of all residues). These poly-Valine scaffolds are then coarsely docked to the

target protein using a software package called PatchDock11. PatchDock rapidly matches

shape-complementary patches on the surface of the scaffold to patches on the surface of the

target protein. The coarse docks output from PatchDock are then used as initial docks for the

RifDock9 program. RifDock performs a fine-grained search around the initial dock proposed by

PatchDock. RifDock finds docks that allow the design of favorable contacts between the scaffold

and the target. At the conclusion of the RifDock protocol, the number of scaffold-target docks is

on the order of 10 million.

Filtering of Docks: Performing a full design trajectory on the entire set of 10 million

RifDocks outputs is computationally inefficient, as many of these outputs are poor quality. Thus,

a rapid design calculation is performed on the entire set of docks to efficiently determine which

docks are promising candidates for further design and which are not. This rapid design

calculation, called The Predictor1, uses a coarse energy function and a truncated sampling

trajectory to quickly generate a plausible binding interface structure. The quality of this interface

is then assessed using a higher accuracy energy function. The top scoring scaffold-target docks

according to this interface quality score are advanced to the next step of the pipeline; on the

order of one million docks are normally chosen.

Design of Interfaces: The filtered scaffold-target docks are now put through an entire

Rosetta design trajectory. All residues of the scaffold that are close to the interface are allowed to

change residue identity to yield the interface with an optimal energy score, determined by

Rosetta. This design protocol uses Rosetta FastDesign12 to perform joint sequence and structure
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design and then uses Rosetta FastRelax12 to locally search for the lowest energy structure of the

interface. This design step is the most computationally intensive step in the pipeline, requiring

~450 CPU-seconds to design each dock. At the conclusion of this step, the docks have been

refined and assigned a sequence and may be understood as full binder designs. These binder

designs are then passed to the final step in the pipeline.

Filtering Binder Designs: While powerful, the Rosetta design protocol is often

unsuccessful in discovering a high-quality interface. To identify and select only those binder

designs which contain a high-quality interface, several in silico metrics are calculated for each

binder design. These in silico metrics attempt to quantify the likelihood that the binder design

will fold as expected in solution and will form the designed interface; the metrics are chosen

based on correlation with experimental success rates of past binder design campaigns.

Deep Learning Methods for Protein Modeling and Design

In parallel to these advances in protein interface design, deep learning (DL) methods have

become increasingly powerful in the fields of protein modeling and protein design. DL methods

attempt to learn a function that maps an input (eg. an English sentence) to an output (eg. a French

translation). These functions are learned by tuning the parameters of the function to minimize the

value of some loss function (eg. translation error) over the members of a dataset (eg. a set of

English sentences and their French translations). The dominant domains of DL have, until

recently, been in the fields of speech13 and vision14. The development of geometric deep learning

techniques15,16 that leverage the symmetries of the physical world has catalyzed the introduction

of DL methods into the field of protein modeling and design17. The prime examples of DL

methods being effective in protein modeling are AlphaFold2 (AF2) and RoseTTAFold18 (RF),
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DL models that solved the long-standing grand challenge of predicting the structure a protein

sequence will assume. At the time our work began, however, the usefulness of these structure

prediction models for binder design was unclear.

Chapter 2

Improving de novo Protein Binder Design with Deep Learning
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In this chapter we explore the augmentation of energy based protein binder design using

deep learning methods trained on large numbers of protein structures to complement the

assessment of both the probability that a designed sequence adopts the designed monomer

structure, and the probability that this structure binds the target as designed. We find in

retrospective analysis of experimental datasets of 1 million designs against 13 different targets

that deep learning structure prediction methods are considerably more effective in discriminating

binding from non binding designs than energy calculations or accuracy prediction methods that

consider only the folded state, with an average enrichment of successful designs of nearly 10

fold. Guided by these retrospective results, we use the deep learning augmented pipeline

prospectively to compute sequences predicted to bind to four additional targets of considerable

therapeutic interest; we again observe that incorporating deep learning structure prediction

increases design success rate nearly 10 fold. Our results indicate how physically based and deep

learning methods can be integrated to solve outstanding design challenges, and the combined

method provides a powerful route to high affinity binding proteins to arbitrary protein targets.

This chapter presents work with Brian Coventry, Inna Goreshnik, Buwei Huang, Aza

Allen, Dionne Vafeados, Ying Po Peng, Justas Dauparas, Minkyung Baek, Lance Stewart, Frank

Dimaio, Steven De Munck, Savvas N. Savvides, and David Baker. It was published on

BioRxiv19 in 2022. N.R.B., B.C., and D.B. designed the research; N.R.B. and B.C. contributed
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equally; N.R.B. and B.C. developed the method; N.R.B. and B.C. designed the binders; I.G.,

B.H., A.A., Y.P.P., and D.V. performed the yeast screening; J.D. developed ProteinMPNN; M.B.

and F.D. developed RoseTTAFold2; S.D.M. and S.N.S. solved the structures of ALK and LTK;

all authors analyzed data; L.S. and D.B. supervised research; N.R.B., B.C., and D.B. wrote the

manuscript with input from the other authors. All authors revised the manuscript.

INTRODUCTION

Methods for designing proteins which bind with high affinity and specificity to protein targets of

interest are of considerable importance in biomedicine for generating new candidate

therapeutics4, diagnostics5, and imaging reagents6,7. Currently, the most widely used methods

involve immunization of an animal with the target to elicit antibodies8, or screening high

complexity random libraries of antibody9 or other scaffolds10 for binding activities. Although

powerful, these methods require considerable experimental effort and do not provide substantial

control over the properties of the resulting binding molecules. Methods for computationally

designing binders could potentially provide much faster routes to affinity reagents having desired

biophysical properties that target specific surface patches, and there has been considerable

progress in computational design of protein binding proteins based on extension of binding

motifs observed in protein structures11–15. Recently, a general Rosetta-based approach to

designing binding proteins using only the structure of the target was developed and used to

design binding proteins to 13 different target sites1. Given a specified region on a target of

interest, the method designs sequences predicted to fold up into protein structures that have

shape and chemical complementarity to the region. While providing for the first time a general
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computational route to designing binders to arbitrary protein targets, the method requires

screening of large numbers of computationally designed binders to identify hits as only a small

fraction typically have sufficiently high affinity for experimental detection.

In parallel with advances in physical model based protein binder design, deep learning methods

have achieved unprecedented accuracy in protein structure prediction. In contrast to Rosetta and

other physically-based molecular mechanics methods, which employ energy functions with one

or two thousand parameters obtained from structural and thermodynamic data on proteins and

small molecules16, the deep learning structure prediction methods AlphaFold22 (AF2) and

RoseTTAFold17 (RF) have hundreds of millions of parameters obtained by training on very large

datasets of protein sequences and structures, and make no assumptions about pairwise

decomposability or functional form. In place of energy-guided stochastic conformational

sampling approaches utilized by physically-based approaches – molecular dynamics in many

protein dynamics studies or Monte Carlo plus minimization – the deep learning methods learn

iterative transformations of representation of the sequence and possible structure that very

rapidly converge on often quite accurate models (the successive transformations are analogous to

the structure updates in traditional simulation, but more are concerted, more directed to the likely

correct structure, and with a more accurate stopping criterion18). For accurate prediction of the

structures of naturally occurring proteins, both AF2 and RF generally require multiple sequence

alignments (which contain rich co-evolutionary information on residues likely to be in contact,

etc), but for de novo designed sequences, which are generally more stable and more regular than

naturally occurring proteins, accurate predictions can be obtained from single sequences19,20.

There has also been progress in accuracy prediction for protein structure models; for example
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DeepAccuracyNet (DAN), which uses a representation consisting of 3D convolutions of local

atomic environments21, achieved state-of-the-art performance in accuracy prediction in CASP14.

We reasoned that these newly-developed DL methods could increase the success rate of

Rosetta-based protein binder design. As noted above, while providing a general computational

route to designing binders to arbitrary protein targets, the overall success rate is quite low. The

approach has two primary failure modes (Fig 1.1a): first, the designed sequence may not fold to

the intended monomer structure, and second, the designed monomer structure may not actually

bind the target (Fig 1.1b). The physically based Rosetta approach frames both the folding and

binding problems in energetic terms; for the approach to succeed, the designed sequence must

have as its lowest energy state in isolation the designed monomer structure, and the complex

between this designed monomer structure and the target must have sufficiently low energy to

drive formation of the design-target protein complex. The primary challenges in accurate design

of both the monomer structure and the protein-protein interface are inaccuracies of the energy

function which for computational tractability is generally represented as a sum of pairwise

decomposable terms (in Rosetta, Lennard Jones, hydrogen bonding, electrostatic, solvation, and

bonded geometry), and the very large size of the space which must be sampled: if the energy

function is inaccurate, or conformational sampling is incomplete, the designed sequence may not

fold to the intended monomer structure and/or the monomer may not bind to the target as

intended.
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In this work, we develop a deep learning-augmented de novo protein binder design protocol. We

show retrospectively and prospectively that this improved protocol has nearly 10-fold higher

success rate than the original energy-based method.

RESULTS

Retrospective Analysis of Type I Failures

We began by investigating the ability of deep learning methods to discriminate binders from

non-binders (a task we call filtering) in the set of ~1 million experimentally characterized

designs for 10 different targets described in Cao et al. 15,000-100,000 designs were

experimentally tested for each target, and the number of actual binders ranged from 1 to 584.

We first focused on identifying Type I failures (Fig 1.1) in which the designed sequence does not

fold to the intended monomer structure. As a baseline, we used the Rosetta energy of the

monomer, normalized by chain length (since energy is an extensive quantity). Not surprisingly as

this metric was already used as a stringent filter in generating the input scaffold set for the

Rosetta interface design calculations22, it provided little discriminatory power (Fig 1.1d). In

contrast, the deep learning based accuracy prediction method DAN was able to partially

discriminate binders from non-binders (Fig 1.1d).
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Figure 1.1 Monomer and protein complex structure prediction metrics distinguish

previously designed binders from non-binders. A For binder design to be successful, the

designed sequence must fold to the designed binder monomer structure (left), and this structure

must form the designed interface with the target protein (right). B-C Design failure modes. B

Type-1 Failures. The designed sequence does not fold to the designed monomer structure. C

Type-2 Failures. The designed sequence folds to the designed monomer structure but does not

form the designed interface. D,E The retrospective experimental success rate (YSD SC50 < 4

μM) for the top 1% of designs selected according to different monomer (D) or protein complex

(E) based metrics over 10 targets from Cao et al. Source data are provided as a Source Data file.

While DAN is very fast, taking ~0.5 GPU seconds per monomer structure, AF2 structure

predictions are relatively slow (~5 GPU seconds). As an initial test of the utility of AF2 for

monomer structure modeling, we evaluated the ability of AF2 to predict the structures of the

binder monomers for the five minibinder structures from Cao et al. for which structures have

been solved experimentally (for designs in complex with TrkA, FGFR2, IL-7Rɑ, and the

SARS-CoV-2 Spike protein). Given only the single sequence for the designed binder, AF2

predicted the monomer structure with binder Cɑ accuracy between 0.2 Å-0.8 Å for all binders

except for LCB1 which was predicted with 1.5 Å accuracy (Fig. 1.2). An updated version of

RoseTTAFold (RF223,24) was also found to predict all monomer structures with binder Cɑ

accuracy between 0.2 Å-0.8 Å, except for TrkA which was predicted with 1.8 Å accuracy (Fig.

1.2).

20



21



Figure 1.2 AF2 Prediction of Minibinder Crystal Structures. A The accuracy in Cɑ RMSD of

AF2 and RF2 predictions of binder monomer structure for the five minibinder complex

structures reported in Cao et al. B The accuracy in Cɑ RMSD of AF2 and RF2 predictions of

binder complex structure for the five minibinder complex structures reported in Cao et al. C A

close-up view of B

Encouraged by this accuracy, we set out to filter the entire set of Cao et al. designs based on the

similarity of the AF2 or RF2 predicted monomer structure to the designed structure

(disagreement is an indication of a possible Type I failure). For each designed sequence for each

target, using AF2 or RF2 with a single sequence as input, we predicted the structure of the binder

monomer. We found that the closer the prediction of the binder structure was to the

Rosetta-designed structure in Cɑ RMSD, the more likely a binder was to be successful (Fig. 1.3).

We also found that the prediction confidence metric pLDDT was predictive of success (Fig

1.1d); the two metrics are quite correlated (Fig. 1.4; the pLDDT of AF2 and RF2 were equally

discriminative). These results suggest that Type I failures contribute to the low success rate of

binder design, and that such failures can, in part, be identified by discrepancies between design

models and AF2 or RF2 structure predictions.
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Figure 1.3 Retrospective Analysis of RMSD Metrics. A The retrospective experimental success

rate (YSD SC50 < 4μM) for designs passing 4 thresholds of the RMSD difference between the

Rosetta monomer structure and the AF2 monomer structure. B The retrospective experimental

success rate (YSD SC50 < 4μM) for designs passing 4 thresholds of the RMSD difference

between the Rosetta complex structure and the AF2 complex structure.

Retrospective Analysis of Type II Failures

To estimate the likelihood of the designed binder structure forming an interface with the intended

target, Cao et al. primarily used the difference in energy of the bound complex and the unbound

monomers allowing sidechain repacking as computed by Rosetta (Rosetta ddg), and despite the

extensive use of this metric during the original calculations, Rosetta ddg remains an effective

filter (Fig 1.1e). We investigated the efficacy of DAN in supplementing Rosetta in assessing the

accuracy of the designed complex structure. We found DAN’s complex accuracy metric to be

approximately as predictive of binder success as Rosetta ddg (Fig 1.1e).

We next investigated whether AF2 and RF2 complex prediction could be used to discriminate

designs that form the intended complex structure from those that do not. We again began by

evaluating the ability of AF2 and RF2 to reproduce the five experimentally determined

minibinder structures from Cao et al. Given an MSA for the target protein and the single

sequence of the designed binder, AF2 predicted the complex structure with binder Cɑ accuracy

between 1.0Å-2.0Å for three of five, and RF2 for four of five. The two structures that were not

correctly predicted by AF2 were LCB1 and LCB3 which both target the SARS-CoV-2 Spike
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protein; AF2 was not able to correctly model a long loop in the Spike protein which caused the

binders to be predicted as unbound. RF2 also predicted LCB1 as unbound (Fig. 1.2). To enable

AF2 to be used for binding prediction in cases where the target is incorrectly modeled, we

investigated providing the target structure to the model as a template. We found this allowed AF2

to predict the correct COVID spike structures but caused all of the interfaces except FGFR2 to be

predicted incorrectly (Fig. 1.2). We next investigated initializing the AF2 pair representation with

an encoding of the Rosetta binder structure; we call this protocol “AF2 initial guess” (see AF2

Initial Guess in Supplemental Information). Using AF2 with target template and an initial guess,

AF2 is able to recapitulate the experimentally determined structures for all 5 minibinder

interfaces with binder Cɑ accuracy between 1.0Å-2.0Å RMSD (Fig. 1.2). Notably, for all

structures except LCB1 and LCB3, the AF2-predicted structures are closer to the experimentally

determined structure than the original design models, even after extensive relaxation using

Rosetta.
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Figure 1.4 Correlation Between AF2 Confidence Metrics and AF2 RMSD. A For all binders

in the dataset from Cao et al. the AF2 monomer confidence (pLDDT) and the RMSD difference

between the Rosetta binder structure and the AF2 binder structure is plotted. B For all binders in

the dataset from Cao et al. the AF2 complex confidence (pAE_interaction) and the RMSD

difference between the Rosetta complex structure and the AF2 complex structure is plotted. C

Zoomed-out version of B. D For all binders in the dataset from Cao et al. the AF2 monomer

confidence (AF2_monomer_plddt) and the RF2 monomer confidence (RF2_monomer_plddt) is

plotted. The line x=y is plotted in solid blue. E For all binders in the dataset from Cao et al. the

AF2 complex confidence (AF2_pAE_interaction) and the RF2 complex confidence

(RF2_pAE_interaction) is plotted. The line x=y is plotted in solid blue.

We used the AF2 initial guess approach and RF2 without a starting model to generate complex

models for each designed sequence for each target, and compared the predicted structure of the

complex to the designed complex structure. The Cɑ RMSD of the predicted complex to the

Rosetta designed complex model was predictive of design success in both cases (Fig 1.1e). We

obtained the best discrimination of binders from non-binders using the pAE prediction

confidence metrics produced by the two methods (Fig 1.1e). For the IL7Ra, TrkA, FGFR2,

InsulinR, and PDGFR datasets from Cao et al, the average pAE of interchain residue pairs

(pAE_interaction) was extremely effective in identifying the experimentally confirmed binders

(Fig 1.1e); confident predictions had very high success frequencies (see the Receiver Operator

Characteristic (ROC) curves in Fig. 1.5) with sharp increases in success rates for designs with

pAE_interaction < 10. AF2 had slightly better performance than RF2 (Fig 1.1e), and we used

this in the new design campaigns described in the following section. The excellent performance
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of both AF2 and RF2 on the binder discrimination task strongly suggest that Type II errors are

primarily responsible for the low success rates of Cao et al. We expect future, more accurate,

networks will further improve the discrimination of binding proteins from non-binding proteins.
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Figure 1.5 Retrospective Analysis of Complex Metrics. For each combination of 10 targets and

6 interface metrics a Receiver-Operator Characteristic curve quantifying the discriminatory

power of the metric to separate successful designs (SC50 < 4 μM) from unsuccessful designs

(SC50 >= 4 μM) is plotted. The True Positive Rate is plotted on the y-axis and the False Positive

Rate on the x-axis. The Area Under the Curve (AUC) is included for each plot.

Prospective Analysis

The retrospective analysis in Fig 1.1 suggests incorporation of AF2 or RF2 into the design

pipeline as a final evaluation filter could considerably increase the design success rate. To

directly test this hypothesis, we carried out binder design campaigns on four new targets of

considerable biological importance: ALK25, LTK25, IL10 receptor-ɑ (IL-10Rɑ)26, and IL2

receptor-ɑ (IL-2Rɑ)27–30. As is clear from the retrospective analysis of the Cao et al. data

(Figures 1D and 1E), binder success rate and the predictivity of metrics varies between targets:

generating designs for new targets (where there is no a priori knowledge of which filters would

be predictive) is the most unbiased approach for comparing different design protocols. For

IL-2Rɑ, two separate sites were targeted with independent campaigns. Using the Rosetta-based

design protocol of Cao et al., we generated computational libraries of ~2 million designs for each

target and filtered these down to ~20,000 designs to be experimentally tested for each target:

~15,000 designs using the physically-based filters of Cao et al. and ~5,000 designs with AF2

pAE_interaction < 10 (these designs were also filtered by additional metrics as described in the

Supplement). Synthetic genes were obtained for the ~80,000 designs, transformed into yeast, and

the resulting library sorted for display of the proteins on yeast cells, followed by sorts at 1uM
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target with avidity, and sorts at decreasing concentrations of target. The frequency of each design

at each sort was determined by deep sequencing, and SC50 values (the concentration where half

of the expressing yeast-cells are collected) estimated as described in Cao et al. Designs with SC50

values better than 4 μM were considered successes; the number of successes for the four targets

ranged from 1 to 17. For each target, several designs which were measured to bind by YSD were

expressed in E. coli and their binding was verified by single-concentration Biolayer Inferometry

(BLI). All designs which showed binding by YSD also showed binding by BLI (Fig. 1.7; for

IL-10Rɑ where only one binder was identified, only this single design was screened by BLI). For

all four targets, there was a considerably higher success rate (number of successes / number of

designs tested) in the AF2 filtered design set than in the Rosetta set (Fig. 1.6). Physically-based

filtering yielded successful binders for two targets: LTK and Site 1 of IL-2Rɑ; for these the AF2

filtered libraries had 8- and 30-fold higher success rates, respectively. AF2 filtered libraries also

yielded successful binders to both ALK and IL-10Rɑ; physically-based filtering yielded no

successful binders to either of these targets (Neither filtering method was able to generate

successful binders to Site 2 on IL-2Rɑ). Thus, AF2 filtering performs as expected in prospective

tests, increasing success rates (for targets where physically-based filtering is successful) and

expanding the set of targets for which successful minibinders can be generated.
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Figure 1.6 Incorporation of structure prediction metrics increases design success rate on

new targets. A Results of Prospective Campaigns. For each target the SC50 from YSD is shown

for all designs which showed binding by YSD (like Kd’s, lower values are better). The number

of designs included in each library for each target is indicated by the bars in the top panel. The

AF2-predicted structure of the top scoring on-target design is shown as a cartoon. No binders

were identified to Site 2 of IL2 receptor-ɑ so this campaign is not included here or in panel C. B

The experimental success rate for libraries filtered by DL-based filtering versus Physically-based

filtering for the four prospective targets. C The computational efficiency (the number of designs

with pAE_interaction < 10 per CPU-s) for the ProteinMPNN sequence design plus Rosetta relax

protocol outperforms that of the original Rosetta sequence design protocol. Source data are

provided as a Source Data file.

Increasing binder design pipeline compute efficiency with ProteinMPNN

While an effective predictor of binder success, the AF2 filter is computationally expensive (~30

GPU-seconds per design) and only ~2.3% of designs pass, so large numbers of prediction

calculations must be run. To enable the testing of large (~5,000) pools of designs, it is desirable

to decrease the computational demand of the design pipeline, in particular to maximize the

number of designs passing the AF2 filter a method can generate per unit compute time (the time

to generate all designs and run AF2; we use a conversion factor of 100 CPU-s to 1 GPU-s

because of the relative scarcity of GPU resources).

𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 =  𝑆𝑢𝑐𝑐𝑒𝑠𝑠 𝑅𝑎𝑡𝑒 *  𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 =  𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐷𝑒𝑠𝑖𝑔𝑛𝑠 𝑤𝑖𝑡ℎ 𝑝𝐴𝐸_𝑖𝑛𝑡𝑒𝑟𝑎𝑐𝑡𝑖𝑜𝑛 < 10
𝑇𝑜𝑡𝑎𝑙 𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒𝑑 𝐷𝑒𝑠𝑖𝑔𝑛𝑠  *  1

𝐶𝑜𝑚𝑝𝑢𝑡𝑒 𝑇𝑖𝑚𝑒 𝑡𝑜 𝐺𝑒𝑛𝑒𝑟𝑎𝑡𝑒  𝑂𝑛𝑒 𝐷𝑒𝑠𝑖𝑔𝑛  
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Using this metric, we find that Rosetta-design has an efficiency of about 7.6x10-7 successful

designs per CPU-s equivalent.

Figure 1.7 Biophysical Characterization of Select Designs. For each target, 7-8 designs to that

target, which showed binding by Yeast Surface Display, were screened for binding by

single-concentration Biolayer Interferometry (BLI). For IL-10Rɑ only one design was identified
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and that is the only design which was screened by BLI. All designs tested showed binding signal

by BLI. No successful ProteinMPNN designs against IL-10Rɑ were identified and only one

successful ProteinMPNN design was identified to bind ALK.

We investigated whether the recently developed deep learning graphical model based sequence

design method ProteinMPNN3 could be used to increase the efficiency of the design pipeline.

ProteinMPNN is very fast, generating a sequence for a minibinder backbone in ~2 CPU-s

compared to ~350 CPU-s for Rosetta-design. We first compared the experimental success rate of

ProteinMPNN designs to Rosetta designs by generating sequences for backbones generated by

AF2 for Rosetta designs to the four new targets that had low complex Cɑ RMSD to the AF2

prediction (~104 designs in total). Genes encoding designs with AF2 pAE_interaction < 10 (~103

per method) were synthesized, and the binding evaluated by FACS followed by deep sequencing

as described above. For each target, several designs from ProteinMPNN were expressed in E.

coli and their binding was verified with BLI, we again found that all designs which bound by

YSD showed binding by BLI (Fig. 1.7). We found that the design success rate of ProteinMPNN

and Rosetta-design were similar (Fig. 1.8), thus the considerable increase in speed comes with no

decrease in performance.
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Figure 1.8 Experimental Success Rate of Binders Generated by ProteinMPNN versus

Rosetta Design

The experimental success rate for libraries generated by redesign of DL filtered designs with

Rosetta FastDesign versus ProteinMPNN and filtered by DL-based filtering for three prospective

targets.
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Encouraged by the speed and performance of ProteinMPNN design, we next evaluated its

efficiency in generating sequences passing the AF2 cutoffs. ProteinMPNN design alone had an

efficiency of 1.6x10-6 successful designs per CPU-s equivalent. When calculating the fold

efficiency improvement for each target and taking the average, ProteinMPNN has ~5-fold higher

efficiency compared to Rosetta-design (Fig. 1.6c). Since unlike Rosetta, ProteinMPNN keeps the

protein backbone fixed, it is sensitive to the input backbone structure quality. Inspired by the

very efficient alternation between sequence optimization and structure refinement in Rosetta

flexible backbone design31, we evaluated similar cycling between ProteinMPNN and Rosetta

structure refinement (FastRelax), hoping to converge on a high-quality backbone that would then

allow ProteinMPNN to generate a high-quality sequence. This hybrid ProteinMPNN/Rosetta

sequence design protocol (henceforth referred to as ProteinMPNN-FR) generated AF2

pAE_interaction < 10 structures at a rate of ~6.6% with a throughput of 1 design per 120 CPU-s

for an efficiency of 2.2x10-6. The average per-target efficiency improvement of

ProteinMPNN-FR over Rosetta-design is ~8-fold (Fig. 1.6c).

Discussion

These experiments show that by complementing physically-based methods with deep

learning-based approaches trained on large numbers of protein structures, significant

improvements to the one-sided protein-interface design challenge can be achieved. Our

retrospective and prospective studies suggest an increase in design success rate of ten fold. In

contrast to Rosetta energy calculations and DAN structure accuracy measures, which operate on

single protein structures (or with Rosetta relax calculations, structures very close to the query),
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structure prediction calculations implicitly assess the fit of the sequence with the desired target

structure compared to all others. As observed previously32, such consideration of the overall

folding landscape enables considerably more accurate assessment of the likelihood a design will

fold and bind as intended compared to evaluation of only the depth of the designed energy well.

Although the protocol reported here is an order-of-magnitude improvement over the previous

state-of-the-art, it is clear that much about interface energetics remains poorly understood;

success rates among the targets remain low (<1%) and no binders were identified to Site 2 of IL2

receptor-ɑ. There is also considerable room for improvement in designing high affinity; as with

the original pipeline the initially generated binders are in the high nM affinity range. Given the

rate of progress in the field, we anticipate further increases in design success rates and affinities

in the near future, which will make computational protein design methods even more powerful

compared to empirical selection methods for generating affinity reagents and therapeutic

candidates. While continued progress is nearly certain, an open question is whether this will

come from integration of deep learning and physically based methods, or from deep learning

alone–there are exciting times ahead!

METHODS

AF2 Initial Guess

The protein structure provided to the model as an initial guess is first converted to AF2 atom

positions. These positions are then provided, along with the standard model inputs into the

AlphaFold Model Runner. In the AlphaFold class of the AlphaFold code, on the first recycle, the
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prev_pos variable is initialized to the input AlphaFold atom positions as opposed to the standard

initialization of all zeros. A script to run AF2 with an initial guess and the modified source code

is provided here: https://github.com/nrbennet/dl_binder_design 33. The AlphaFold model used in

the script and in this work is configured to run with a reduced number of extra MSA sequences

which speeds the inference of the network dramatically, as described in previous work34.

ProteinMPNN FastRelax

This protocol takes as input a protein complex structure. ProteinMPNN is then provided the

complex structure with the binder sequence masked and asked to assign the binder a sequence.

The new sequence is then threaded back onto the binder structure in the complex and the

complex structure is relaxed using Rosetta FastRelax. The relaxed complex structure can then be

used as the input to ProteinMPNN to continue the cycle. A python script to perform this design

technique is provided here: https://github.com/nrbennet/dl_binder_design 33.

Design and filtering procedure for Prospective Study

The prospective study was performed at a time of rapid protocol discovery with a tight deadline

for placing the gene-order. As such, not every experiment that could have been performed was

performed. However, the comparison of Rosetta filtering to AF2 filtering was the main goal and

the data required for this comparison was plentiful.
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The standard procedure from Cao et. al. was followed for the 4 targets starting with the following

pdbs: IL2RA (1Z92, 2B5I , 3NFP , 2ERJ), IL10RA (1LQS), ALK (Privately communicated

structure. Now 7NWZ), LTK (Privately communicated structure. Now 7NX0). The

“recommended_scaffolds.list” from Cao et. al. were used and on the order of 10M RifDock35

outputs were generated for each target with about 500K FastDesigned. ~6K motifs were

extracted, grafted up to 10M docks, and 500K FastDesigned again. The resulting 1M designs for

each target were predicted by AF2.

From this set of 1M designs, 3 overlapping subsets were selected. The first subset was the

Rosetta-control group where the AF2 predictions were ignored and the top ~18K per target were

selected by the pareto-front method from Cao et. al. looking at target_delta_sap, ddg,

contact_patch, and contact_molec_sq5_apap_target. The second subset was the AF2-filtered

group where all designs passing pae_interaction < 10 and af2_complex_rmsd < 5Å were

included. This set was typically around 8K per target. The third subset was all predictions with

af2_complex_rmsd < 5Å. These designs were designated to be redesigned and were typically

about 12K in scale.

These AF2-predicted interfaces were then designed either with Rosetta or ProteinMPNN. Here,

ProteinMPNN was used to generate a protein sequence from the input coordinates and no further

optimization was performed. The Rosetta-redesigned and ProteinMPNN-redesigned pools were

predicted again by AF2 and were filtered either with the Rosetta filters mentioned above or the

AF2 filters mentioned above resulting in pools of sizes 9K (Rosetta-Rosetta), 2K (Rosetta-AF2),

40



and 2K (ProteinMPNN-AF2). The Rosetta filters weren’t used to filter ProteinMPNN designs

because Rosetta models of ProteinMPNN outputs didn’t exist.

DNA Library Preparation

DNA libraries were prepared in the manner described in Cao et al., we review this protocol here:

The sequences of protein designs were padded to 65 amino acids through addition of a (S)n

linker at the C-terminus. The protein sequences were reverse translated and codon optimized for

Saccharomyces cerevisiae using DNAworks2.036. After reverse translation, DNA adapter

sequences are added to the N (GGTGGATCAGGAGGTTCG) and C

(GGAAGCGGTGGAAGTGG) terminus. Designs were purchased as oligonucleotide libraries

from Agilent Technologies.

Oligonucleotide libraries were amplified using Kapa HiFi polymerase (Kapa Biosystems) with a

qPCR machine (Bio-Rad, CFX96). The PCR product was run on a DNA agarose gel, the band

with the correct size was cut out of the gel and cleaned (Qiagen QIAquick Clean up kit). The

extracted DNA products were then re-amplified and purified following the above protocol. The

resulting DNA inserts and linearized pETcon3 vector were transformed into EBY100 yeast

following an established protocol37.

To prepare libraries for deep sequencing, yeast plasmids were isolated from 5x107 to 1x108 yeast

cells by Zymoprep (Zymo Research). Two qPCR amplifications were then performed following
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the protocol in the above paragraph. Illumina adapters and 6-bp pool-specific barcodes were

added in the second amplification. The final DNA product was purified by gel extraction. The

libraries were sequenced using Illumina NextSeq sequencing.

Yeast Surface Display

Yeast surface display experiments were performed in the manner described in Cao et al., we

review this protocol here:

EBY100 yeast were grown in C-Trp-Ura media supplemented with 2% (w/v) glucose. Yeast cells

were centrifuged and resuspended in SGCAA media supplemented with 0.2% (w/v) glucose.

Cells were resuspended to a concentration of 1x107 cells per ml and induced at 30℃ for 16-24

hours. Cells were washed with PBSF (PBS with 1% (w/v) BSA) and then labeled with

biotinylated target. To allow for the identification of low affinity binders, an initial sort with

target avidity was performed for all libraries. In the avidity sort, the cells are incubated with

biotinylated target, anti-c-Myc fluorescein isothiocyanate (FITC, Miltenyi Biotech) and

steptavidin-phycoerythrin (SAPE, ThermoFisher). To allow all SAPE molecules to display four

biotinylated target molecules, the biotinylated target is provided at a 4x excess over the

concentration of SAPE. When sorting without avidity, the cells are incubated first with

biotinylated target alone, then washed in PBSF and subsequently incubated with SAPE and

FITC. Each library was sorted against a titration of target concentrations. Sorts were performed

using a Sony SH800S cell sorter with software version 2.1.5.
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Protein Expression

Proteins were expressed and purified in the manner described in Cao et al., we review this

protocol here:

Genes encoding the designed protein sequences were purchased from Integrated DNA

Technologies (IDT). All genes included an N-terminal 8-His tag followed by a TEV cleavage

site. The genes were cloned into modified pET-29b(+) E. coli plasmid expression vectors.

Plasmids were transformed into chemically competent E. coli BL21(DE3) cells (NEB). Cells

were either grown overnight in Studier autoinduction media supplemented with antibiotics or

induced using the IPTG expression system and then grown overnight. Cells were then lysed by

sonication and the protein samples were purified by immobilized metal affinity chromatography

(Qiagen) followed by size-exclusion fast protein liquid chromatography (Superdex 75 10/300

GL, GE Healthcare).

Target Protein Preparation

Expression and purification of biotinylated ALK and LTK ectodomains

DNA encoding for the cytokine binding domains of ALK (ALKTG-EGFL, residues 648-1030) and

LTK (LTKTG-EGFL, residues 63-420) were cloned in the pHLsec vector in frame with a N-terminal

chicken RTPμ-like signal peptide sequence and a C-terminal Avi-tag followed by a

caspase-3-cleavable Fc-Hisx6 tag (ref38).
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Proteins were produced in HEK293S suspension cells maintained in growth medium consisting

of 50% Freestyle (Thermofisher) and 50% Ex-Cell (Sigma-Aldrich). Transient transfection was

performed using linear 25kDA polyethyleneimine (Polysciences) as transfection reagent. To

allow specific in vivo biotinylation of the Avi-tag, both constructs were co-transfected with the

pDisplay-BirA-ER plasmid in a 4:1 pHLsec:pDisplay stoichiometric ratio (ref39). The growth

medium was supplemented with D-biotin to a final concentration of 100 μM to ensure complete

biotinylation of the recognition sequence. After 4 days of expression, conditioned medium was

clarified by centrifugation and filtered through a 0.22 μm filter prior to chromatographic steps.

Proteins were captured via their Fc tag on a protein A column (HiTrap Protein A HP, Cytiva) and

eluted in HBS (20mM HEPES, pH 7.4, 150 mM NaCl) after an on-column digestion with

caspase-3 for 1 h at 37 °C and an additional 2-h incubation at room temperature. As a final

polishing step, recombinant proteins were concentrated and injected onto a Superdex 200

increase 10/300 GL (Cytiva) size-exclusion chromatography column pre-equilibrated with HBS.

Purified biotinylated proteins were flash frozen in liquid nitrogen and stored at -80°C until

further use.

Biotinylated IL-10Rɑ was purchased from R&D Systems (AVI9044). Biotinylated IL-2Rɑ was

purchased from Acro Biosystems (ILA-H82E6).

Biolayer Interferometry Binding Experiments
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Biolayer interferometry (BLI) measurements were performed on an Octet Red96 (ForteBio) or

Octet R8 (Sartorius) instrument with Octet BLI Discovery 12.2.1.18 software, with streptavidin

coated tips (Sartorius Item no. 18-5019). The binding buffer consisted of 1X HBS-EP+ buffer

(Cytiva BR100669) supplemented with 1.0% w/v bovine serum albumin. 30-50nM (depending

on target availability) of target protein was loaded onto the tips. After target loading, a baseline

measurement was performed in binding buffer alone for 120s. The tips were then dipped in a

solution of 500nM (1000nM for the IL-10Rɑ design) protein analyte in binding buffer for 600s

(association phase). The tips were then dipped back into binding buffer alone for 1000s

(dissociation phase).
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Chapter 3

Broadly Applicable Protein Design with RFdiffusion
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Introduction

The protocol described in the previous section presents a robust path to protein binders.

The previous protocol still relies upon docking members of the Scaffold Set against the target

protein using RifDock35 and PatchDock40 followed by a Predictor step to generate the initial

candidate docks which are then fed to ProteinMPNN-FastRelax33 for flexible backbone design.

This protocol to identify designable docks is complicated, requiring the installation of RifDock

and Rosetta on the users’ system and requiring expert knowledge to pick suitable

hyperparameters; the protocol is extremely computationally expensive, requiring on-the-order of

50,000 CPU-hours per target to execute, well beyond the resources available to many institutions

interested in binder design; finally, the protocol is limited to generating binders with a scaffold

contained in the Scaffold Set, adding new scaffolds to the Scaffold Set is slow and

labor-intensive, as a result the Scaffold Set remains relatively small and fails to contain many

protein folds-of-interest.

Generative models are trained to learn the distribution of a dataset, sampling from this

distribution yields novel examples of the same type as those contained in the dataset. These

models can also be trained to perform conditional sampling which can yield novel examples of a

user-specified type. Denoising Diffusion Probabilistic Models41–43 (DDPMs) have emerged as a

powerful class of generative models and have shown performance surpassing that of Generative

Adversarial Networks44 (GANs) while being significantly simpler to train. Recent work has

demonstrated the feasibility of using DDPMs to sample protein structures that appear

native-like45,46. Prior to this work, generation of an experimentally verified protein from a DDPM

had not yet been shown, nor had the fully-DL design of a protein binder been shown, we set out

to demonstrate the applicability of DDPMs at both of these tasks.
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De novo protein design seeks to generate proteins with specified structural and/or functional

properties, for example making a binding interaction with a given target1, folding into a

particular topology47, or stabilizing a desired functional “motif” (geometries and amino acid

identities that produce a desired activity)48. Denoising diffusion probabilistic models (DDPMs), a
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powerful class of machine learning models recently demonstrated to generate novel

photorealistic images in response to text prompts49,50, have several properties well-suited to

protein design. First, DDPMs generate highly diverse outputs, as they are trained to denoise data

(for instance images or text) that have been corrupted with Gaussian noise. By learning to

stochastically reverse this corruption, diverse outputs closely resembling the training data are

generated. Second, DDPMs can be guided at each step of the iterative generation process

towards specific design objectives through provision of conditioning information. Third, for

almost all protein design applications it is necessary to explicitly model 3D structure;

rotationally-equivariant DDPMs are able to do this in a global representation frame independent

manner. Recent work has adapted DDPMs for protein monomer design by conditioning on small

protein “motifs”51 or on secondary structure and block-adjacency (“fold”) information45. While

promising, these attempts have shown limited success in generating sequences that fold to the

intended structures in silico51,52, likely due to the limited ability of the denoising networks to

generate realistic protein backbones, and have not been tested experimentally.

We reasoned that improved diffusion models for protein design could be developed by taking

advantage of the deep understanding of protein structure implicit in powerful structure prediction

methods like AlphaFold2 (AF2) and RoseTTAFold (RF). RF has properties well suited for use in

a protein design DDPM (Fig. 2.1A). First, RF can generate protein structures with very high

precision, and in our previous work we demonstrated considerable success in accurately

scaffolding motifs following fine tuning of RF for protein design (“RFjoint Inpainting”)48. Second,

RF operates on a rigid-frame representation of residues with rotational equivariance. Third, the

RF architecture enables conditioning on design specifications at three different levels: individual
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residue properties, pairwise distances and orientations between residues, and 3D coordinates. In

RFjoint Inpainting, we fine-tuned RF to design protein scaffolds in a single step. Experimental

characterization showed that the method can scaffold a wide range of protein functional motifs

with atomic accuracy48, but the approach fails on minimalist site descriptions that do not

sufficiently constrain the overall fold, and because it is deterministic, can produce only a limited

diversity of designs for a given problem. We reasoned that by instead fine-tuning (an updated

version of) RoseTTAFold1* as the denoising network in a generative diffusion model, we could

overcome both problems: because the starting point is random noise, each denoising trajectory

yields a different solution, and because structure is built up progressively through many

denoising iterations, little to no starting structural information should be required. While in this

study we use RoseTTAFold as the basis for the denoising network architecture, other equivariant

structure prediction networks (AF22, OmegaFold53, ESMFold54) could in principle be substituted

into an analogous DDPM.

1* This updated version of RoseTTAFold is described in Methods 1, and will be fully described in a future
publication.
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Figure 2.1. RFdiffusion is a denoising diffusion probabilistic model with RoseTTAFold

fine-tuned as the denoising network. A Top panel: Diffusion models for proteins are trained to

recover structures of proteins corrupted with noise, and generate new structures by reversing the

corruption process through iterative denoising of initially random noise into a realistic𝑋
𝑇

structure . Middle panel: RoseTTAFold (RF, left) can be fine-tuned as the denoising network𝑋
0

in a DDPM. RFdiffusion (right) is trained from a pre-trained RF network with minimal

architectural changes. While in RF, the primary input to the model is sequence, in RFdiffusion,

the primary input is diffused residue frames. In both cases, the model predicts final 3D

coordinates directly (denoted in RFdiffusion). In RFdiffusion, the model receives its previous 𝑋
^

0

prediction as a template input (“self-conditioning”). Bottom panel: At each timestep “t” of a
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design trajectory (typically 200 steps), RFdiffusion takes and from the previous step and𝑋
𝑡

𝑋
^

0

𝑡+1

then predicts an updated structure ( ). The coordinate input to the model at the next time𝑋
0

𝑋
^

0

𝑡

step ( ) is generated by a noisy interpolation toward . B RFdiffusion is of broad𝑋
𝑡−1

𝑋
^

0

𝑡

applicability to protein design. RFdiffusion generates protein structures either without additional

input (top row), or by conditioning on: symmetric inputs to design symmetric oligomers (second

row); a binding target (third row); protein functional motifs (fourth row); symmetric functional

motifs to design symmetric oligomer scaffolds (bottom row). In each case random noise, along

with conditioning information, is input to RFdiffusion, which iteratively refines that noise until a

final protein structure is designed.

We construct a RoseTTAFold-based diffusion model, RFdiffusion, using the RF frame

representation which comprises a Cα coordinate and N-Cα-C rigid orientation for each residue.

We generate training inputs by simulating the noising process for a random number of steps (up

to 200) on structures sampled from the Protein Data Bank55 (PDB). For translations, we perturb

Cα coordinates with 3D Gaussian noise. For residue orientations, we use Brownian motion on

the manifold of rotation matrices (building on refs [56,57]). To enable RFdiffusion to learn to

reverse each step of the noising process, we train the model by minimizing a mean squared error

(MSE) loss between frame predictions and the true protein structure (without alignment),

averaged across all residues. This loss drives denoising trajectories to match the data distribution

at each timestep and hence to converge on structures of designable protein backbones (Fig. S1A).

MSE contrasts to the loss used in RF structure prediction training (“frame aligned point error”,
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FAPE) in that unlike FAPE, MSE loss is not invariant to the global reference frame and therefore

promotes continuity of the global coordinate frame between timesteps.

To generate a new protein backbone, we first initialize random residue frames and RFdiffusion

makes a denoised prediction. Each residue frame is updated by taking a step in the direction of

this prediction with some noise added to generate the input to the next step. The nature of the

noise added and the size of this reverse step is chosen such that the denoising process matches

the distribution of the noising process. RFdiffusion initially seeks to match the full breadth of

possible protein structures compatible with the purely random frames with which it is initialized,

and hence the denoised structures do not initially appear protein-like (Fig. 2.2A left). However,

through many such steps, the breadth of possible protein structures from which the input could

have arisen narrows, and RFdiffusion predictions come to closely resemble protein structures

(Fig. 2.2A right). We use the ProteinMPNN network3 to subsequently design sequences encoding

these structures, typically sampling 8 sequences per design, in line with previous work51,52. We

also considered simultaneously designing structure and sequence within RFdiffusion, but given

the excellent performance of combining ProteinMPNN with the diffusion of structure alone, we

did not extensively explore this possibility.
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Figure 2.2. Outstanding performance of RFdiffusion for monomer generation. A An

example trajectory of an unconditional 300 amino acid design, depicting the input to the model

(Xt) and the corresponding prediction. At early timesteps (high t), predictions bear little𝑋
^

0
𝑋
^

0

resemblance to a protein, but are gradually refined into a protein structure. B RFdiffusion can

generate new monomeric proteins of different lengths (left: 300, right: 600) with no conditioning

information. Gray=design model; colors= AlphaFold2 (AF2) prediction. RMSD AF2 vs design

(Å), left to right: 0.90, 0.98, 1.15, 1.67. C Unconditional designs from RFdiffusion are novel and

not present in the training set as quantified by highest TM score to the protein data bank (PDB).

Designs are increasingly novel with increasing length. D Unconditional samples are closely

re-predicted by AF2. Beyond 400 amino acids, the recapitulation by AF2 deteriorates. E

RFdiffusion significantly outperforms Hallucination (with RoseTTAFold) at unconditional

monomer generation (two-way ANOVA & Tukey’s test, p<0.001). While Hallucination

successfully generates designs up to 100 amino acids in length, in silico success rates rapidly

deteriorate beyond this length. F Ablating pre-training (by starting from untrained RF),

RFdiffusion fine-tuning (i.e., using original RF structure prediction weights as the denoiser),

self-conditioning, or MSE losses (by training with FAPE) each dramatically decrease the

performance of RFdiffusion. RMSD between design and AF2 is shown, for the unconditional

generation of 300 amino acid proteins (see Methods 5.8). G Two example 300 amino acid

proteins that expressed as soluble monomers. Designs (gray) overlaid with AF2 predictions

(colors) are shown on the left, alongside CD spectra (top) and melt curves (bottom) on the right.

The designs are highly thermostable. H RFdiffusion can condition on fold information. An

example TIM barrel is shown (bottom left), conditioned on the secondary structure and
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block-adjacency of a previously designed TIM barrel, PDB: 6WVS (top left). Designs have very

similar CD spectra to 6WVS (top right), and are highly thermostable (bottom right). See also Fig.

S9 for additional traces.

Fig. 2.1A highlights the similarities between RoseTTAFold structure prediction and an

RFdiffusion denoising step: in both cases, the networks transform coordinates into a predicted

structure, conditioned on inputs to the model. In RoseTTAFold, sequence is the primary input,

with additional structural information provided as templates and initial coordinates to the model.

In RFdiffusion, the primary input is the noised coordinates from the previous step. For design

tasks, we optionally provide a range of auxiliary conditioning information, including partial

sequence, fold information, or fixed functional motif coordinates.

We explored two different strategies for training RFdiffusion: 1) in a manner akin to “canonical”

diffusion models, with predictions at each timestep independent of predictions at previous

timesteps (as in previous work45,46,51,52), and 2) with self-conditioning58, where the model can

condition on previous predictions between timesteps (Fig. 2.1A bottom row). The latter strategy

was inspired by the success of “recycling” in AF2, which is also central to the more recent RF

model used here. Self-conditioning within RFdiffusion dramatically improved performance on in

silico benchmarks encompassing both conditional and unconditional protein design tasks (Fig.

2.2F). Increased coherence of predictions within self-conditioned trajectories may, at least in

part, explain these performance increases. Fine-tuning RFdiffusion from pre-trained RF weights

was far more successful than training for an equivalent length of time from untrained weights

and the MSE loss was also crucial for unconditional generation. For all in silico benchmarks in
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this paper, we use the AF2 structure prediction network2 for validation and define an in silico

“success” as an RFdiffusion output for which the AF2 structure predicted from a single sequence

is (1) of high confidence (mean predicted aligned error, pAE, < 5), (2) globally within 2Å

backbone-RMSD of the designed structure, and (3) within 1Å backbone-RMSD on any

scaffolded functional-site. This measure of in silico success has been found to correlate with

experimental success33,48,59 and is significantly more stringent than TM-score based metrics used

elsewhere (refs [45,51,52,60,61]).

Unconditional protein monomer generation

As illustrated in Fig. 2.2B-D starting from random noise, RFdiffusion can readily generate

elaborate protein structures with little overall structural similarity to structures seen during

training, indicating considerable generalization beyond the PDB (see Extended Data 1 for

comparison of all designs in the paper to the PDB). The designs are diverse (Fig. S6A), spanning

a wide range of alpha-, beta- and mixed alpha-beta- topologies, with AF2 and ESMFold (Fig.

2.2D) predictions very close to the design structure models for de novo designs with as many as

600 residues. RFdiffusion generates plausible structures for even very large proteins, but these

are difficult to validate in silico as we speculate they are often beyond the single sequence

prediction capabilities of AF2 and ESMFold. The quality and diversity of designs that are

sampled is inherent to the model, and does not depend on any auxiliary conditioning input (for

example secondary structure information45). We experimentally characterized 6 of the 300 amino

acid designs and 3 of the 200 amino acid designs, and found that they have circular dichroism

(CD) spectra consistent with the mixed alpha-beta topologies of the designs and are extremely

thermostable (Fig. S7).
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Physics-based protein design methodologies have struggled in unconstrained generation of

diverse protein monomers due to the difficulty of sampling on the very large and rugged

conformational landscape62, and overcoming this limitation has been a primary test of deep

learning based protein design approaches19,45,51,52,63,64. RFdiffusion strongly outperforms

Hallucination with RoseTTAFold, an experimentally validated method using Monte Carlo search

or gradient descent to identify sequences predicted to fold into stable structures (Fig. 2.2E).

RFdiffusion generation is also more compute efficient than unconstrained Hallucination with

RoseTTAFold, requiring ~2.5 minutes on an NVIDIA RTX A4000 GPU to generate a 100

residue structure compared to ~8.5 minutes for Hallucination. The computational efficiency of

RFdiffusion is also dramatically improved by taking larger steps at inference time, and by

truncating trajectories early - the latter of which is an advantage of predicting the final structure

at each timestep (e.g. a 100 residue protein can be generated in around 11s).

It is often desirable to be able to specify a particular protein fold during designed (such as TIM

barrels or cavity-containing NTF2s for small molecule binder and enzyme design65,66), and thus

we further fine-tuned RFdiffusion to condition on secondary structure and/or fold information,

enabling rapid and accurate generation of diverse designs with the desired topologies (Fig. 2.2H).

In silico success rates were 42.5% and 54.1% for TIM barrels and NTF2 folds respectively, and

experimental characterization of 11 TIM barrel designs indicated that at least 8 designs were

soluble, thermostable, and had circular dichroism (CD) spectra consistent with the design model

(Fig. 2.2H).
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Design of higher order oligomers

There is considerable interest in designing symmetric oligomers, which can serve as vaccine

platforms67, delivery vehicles68, and catalysts69. Cyclic oligomers have been designed using

structure prediction networks with an adaptation of Hallucination that searches for sequences

predicted to fold to the desired cyclic symmetry, but this approach fails for higher order dihedral,

tetrahedral, octahedral, and icosahedral symmetries, likely in part because of the much lower

representation of such structures in the PDB59.

We set out to generalize RFdiffusion to create symmetric oligomeric structures with any specified

point group symmetry. Given a specification of a point group symmetry for an oligomer with N

chains, and the monomer chain length, we generate random starting residue frames for a single

monomer subunit as in the unconditional generation case, and then generate N-1 copies of this

starting point arranged with the specified point group symmetry. Because RFdiffusion is

equivariant (inherited from RF) with respect to rotation and relabelings of chains, symmetry is

largely maintained in the denoising predictions; we explicitly re-symmetrize at each step but this

changes the structures only slightly. For octahedral and icosahedral architectures, we explicitly

model only the smallest subset of monomers required to generate the full assembly (e.g. for

icosahedra, the subunits at the five-fold, three-fold, and two-fold symmetry axes) to reduce the

computational cost and memory footprint.

Despite not being trained on symmetric inputs, RFdiffusion is able to generate symmetric

oligomers with high in silico success rates, particularly when guided by an auxiliary inter- and
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intra-chain contact potential. As illustrated in Fig. 2.3, RFdiffusion designs are nearly

indistinguishable from AF2 predictions of the structures adopted by the designed sequences

(predictions of the full assemblies for the cyclic and dihedral designs, and trimeric substructures

of the octahedral and icosahedral designs), and many have little resemblance to previously

solved protein structures. A number of the oligomeric topologies are not seen in the PDB,

including two-layer beta strand barrels (Fig. 2.3A, C10 symmetry) and complex mixed

alpha/beta topologies (Fig. 2.3A, C8 symmetry; closest TM align in PDB: 6BRP, 0.47; 6BRO,

0.43 respectively).
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Figure 2.3 Design and experimental characterization of high-order symmetric oligomers. A

RFdiffusion-generated assemblies overlaid with the AF2 structure predictions based on the

designed sequences; in all 5 cases they are nearly indistinguishable. Symmetries are indicated to

the left of the design models. The octahedral symmetries were validated by their C3 subunits

only, as shown in panel A. B-C Designed assemblies characterized by negative stain electron

microscopy. Model symmetries: B Cyclic: C3 (HE0822, 350 AA/chain); C6 (HE0626, 100 AA/

chain); C8 (HE0675, 60 AA/ chain) C Dihedral: D3 (HE0490, 80 AA/ chain); and D4 (HE0537,

100 AA/ chain). From left to right: 1) symmetric design model, 2) AF2 prediction of design

following sequence design with ProteinMPNN, 3) 2D class averages showing a combination of

(at minimum) top and side views (scale bar = 60Å for all class averages), 4) 3D reconstructions

from class averages with the design model fit into the density map. The overall shapes are

closely consistent with the design models, and confirm the intended oligomeric state. As in A,

the AF2 predictions of each design are nearly indistinguishable from the original diffusion model

(backbone RMSDs (Å) for HE0822, HE0626, HE0490, HE0675, and HE0537, are 1.33, 1.03,

0.60, 0.74, and 0.75, respectively). D Two orthogonal side views of HE0537 by cryo-EM.

Representative 2D class averages from the cryo-EM data are shown to the right of 2D projection

images of the computational design model (lowpass filtered to 8 Å), which appear nearly

identical to the experimental data. Scale bar shown is 60Å for all images. E Characterized

icosahedral particle (HE0902, 100 AA/ chain) by negative stain electron microscopy. The design

model, including the AF2 prediction of the C3 subunit are shown on the left. nsEM data are

shown on the right: on top, a representative micrograph is shown alongside 2D class averages

representing each axis of symmetry (C3, C2, and C5, from left to right) with their corresponding

3D reconstruction map views shown directly below and demonstrating high agreement to the
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design model.

We selected 608 designs for experimental characterization, and found using size exclusion

chromatography (SEC) that at least 87 had oligomerization states closely consistent with the

design models (within the 95% confidence interval, 126 designs within the 99% CI, as

determined by SEC calibration curves). We took advantage of the increased size of these

oligomers (as compared to the smaller unconditional and fold-conditioned monomers described

above) and collected negative stain electron microscopy (nsEM) data on a subset of these designs

across different symmetry groups. For most, distinct particles were evident with shapes

resembling the design models in both the raw micrographs and subsequent 2D classifications

(Fig. 2.3). We describe these designs in the following paragraphs.

Electron microscopy characterization of a C3 design (HE0822) with 350 residue subunits (1050

residues in total) suggests that the actual structure is very close to the design, both over the 350

residue subunits and the overall C3 architecture. 2D class averages are clearly consistent with

both top- and side-views of the design model, and a 3D reconstruction of the density has key

features consistent with the design, including the distinctive pinwheel shape (Fig. 2.3B, top row).

Electron microscopy 2D class averages of C5 and C6 designs with greater than 750 residues

(HE0795, HE0789, HE0841) were also consistent with the respective design models.

RFdiffusion also generated cyclic oligomers with alpha/beta barrel structures that resemble

expanded TIM barrels and provide an interesting comparison between innovation during natural

evolution and innovation through deep learning. The TIM barrel fold, with 8 strands and 8
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helices, is one of the most abundant folds in nature70. Electron microscopy characterization

confirmed the structure of two RFdiffusion designed cyclic oligomers which considerably extend

beyond this fold (Fig. 2.3B, bottom rows). HE0626 is a C6 alpha/beta barrel composed of 18

strands and 18 helices, and HE0675 is a C8 octamer composed of an inner ring of 16 strands and

an outer ring of 16 helices arranged locally in a very similar repeating pattern to the TIM barrel

(1:1 helix:strand). By nsEM, we observed 2D class averages for HE0626 that resemble this two

ring organization, and for both HE0626 and HE0675 we obtained 3D reconstructions that are in

agreement with the computational design models. The HE0600 design is also an alpha-beta

barrel, but has two strands for every helix (24 strands and 12 helices in total) and is hence locally

quite different from a TIM barrel. Whereas natural evolution has extensively explored structural

variations of the classic 8-strand/8-helix TIM barrel fold, RFdiffusion can more readily explore

global changes in barrel curvature, enabling discovery of TIM barrel-like structures with many

more helices and strands.

RFdiffusion readily generated structures with dihedral and tetrahedral symmetries (Fig. 2.3C).

SEC characterization indicated that 38 D2, 7 D3, and 3 D4 designs had the expected molecular

weights (these have 4, 6, and 8 chains, respectively). While the D2 dihedrals are too small for

nsEM, 2D class averages–and for some, 3D reconstructions– of D3 and D4 designs were

congruent with the overall topologies of the design models (Fig. 2.3C). The reconstruction for

the D3 HE0490 shows the characteristic triangular shape of the design. Similarly, the 3D

reconstruction of the D4 HE0537 closely matches the design model, recapitulating the

approximate 45° offset between tetramic subunits. Cryogenic electron microscopy (cryo-EM) 2D

class averages for HE0537 are in very close agreement with 2D projections of the design model
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(Fig. 2.3D) with similar placements of alpha helices; 3D reconstruction was complicated by

preferred orientation effects. 2D nsEM class averages for a 12 chain tetrahedron (HE0964) were

consistent with the design model, but we were unable to generate a 3D reconstruction of high

confidence due to a lack of clear discernable design features at the resolution range provided by

nsEM.

Icosahedra have 60 subunits arrayed around 2-fold, 3-fold and 5-fold symmetry axes. Of the 48

icosahedra selected for experimental validation, one was confirmed by nsEM to form the

intended assembly. As shown in Fig. 2.3E on the left, HE0902 is a 15nm (diameter)

highly-porous icosahedron composed of alpha helical subunits. The nsEM micrographs reveal

highly homogeneous particles, and the corresponding 2D class averages and 3D reconstruction

nearly perfectly match the design model (Fig. 2.3E), with triangular hubs arrayed around the

empty C5 axes. Designs such as HE0902 (and future similar large assemblies) should be useful

as new nanomaterials and vaccine scaffolds, with robust assembly and (in the case of HE0902)

the outward facing N- and C-termini offering multiple possibilities for antigen display.

Functional motif scaffolding

We next investigated the use of RFdiffusion for scaffolding protein structural motifs that carry

out binding and catalytic functions, where the role of the scaffold is to hold the motif in precisely

the 3D geometry needed for optimal function. In RFdiffusion, we input motifs as 3D coordinates

(including sequence and sidechains) both during conditional training and inference, and build

scaffolds that hold the motif atomic coordinates in place. A number of deep learning methods
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have been developed recently to address this problem, including RFjoint Inpainting48, constrained

Hallucination48, and other DDPMs45,51,61. To rigorously evaluate the performance of these

methods in comparison to RFdiffusion across a broad set of design challenges, we established an

in silico benchmark test comprising 25 motif-scaffolding design problems addressed in six recent

publications encompassing several design methodologies48,51,61,71–73. The challenges span a broad

range of motifs, including simple “inpainting” problems, viral epitopes, receptor traps, small

molecule binding sites, binding interfaces and enzyme active sites.

RFdiffusion solves 23 of the 25 benchmark problems, compared to 15 for Hallucination and 19

for RFjoint Inpainting (Fig. 2.4A-B). For 19/23 of the problems solved by RFdiffusion, the

fraction of successful designs is higher than either Hallucination or RFjoint Inpainting. The

excellent performance of RFdiffusion required no hyperparameter tuning or external potentials;

this contrasts with Hallucination, for which problem-specific optimization can be required. In

17/23 of the problems, RFdiffusion generated successful solutions with higher in silico success

rates when noise was not added during the reverse diffusion trajectories. Furthermore, the ability

of RFdiffusion to scaffold functional motifs is not related to their presence in the RFdiffusion

training set.
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Figure 2.4 Scaffolding of diverse functional-sites with RFdiffusion. A RFdiffusion has state of

the art performance across 25 benchmark motif scaffolding problems collected from six recent

publications, encompassing a broad range of motifs. In silico success was defined as AF2 RMSD

to design model < 2Å, AF2 RMSD to the native functional site (the “motif”) < 1Å, and AF2

predicted alignment error (pAE) < 5, and the examples are ordered by in silico success rate with

RFdiffusion (with noise scale = 0). 100 designs were generated per problem, with no prior

optimization on the benchmark set (some optimization was necessary for the Hallucination

results). Note that while RFdiffusion robustly outperforms both RF hallucination and RFjoint

Inpainting, in silico success rates on the problems are correlated between the three methods, and

RFdiffusion can still struggle on the more challenging problems (i.e., where all three methods

have low success). B Four examples of designs for benchmarking problems where RFdiffusion

significantly outperforms existing methods. Teal: native motif; colors: AF2 prediction of an

RFdiffusion design. Metrics (RMSD AF2 vs design / vs native motif (Å), AF2 pAE): 5TRV

Long: 1.17/0.57, 4.73; 6E6R Long: 0.89/0.27, 4.56; 7MRX Long: 0.84/0.82 4.32; 5TPN:

0.59/0.49 3.77 . C RFdiffusion can scaffold the native p53 helix that binds to MDM2 (left) and

makes additional contacts with the target (right, average 31% increased surface area). Note that

these designs were generated with an RFdiffusion model fine-tuned on protein complexes. D

Biolayer interferometry (BLI) measurements demonstrate high affinity (0.7nM and 0.5nM)

binding to MDM2 for the two designs shown in C; the native p53 helix affinity is 600nM41. E

Experimental success rates were high, with 55/95 designs showing significant binding to MDM2

(> 50% of maximum response), and 32 of these eluted as monomers by SEC, Fig. S20H. F After

fine-tuning on a task that mimics active-site scaffolding, RFdiffusion can scaffold a broad range

of enzyme active sites. Three examples are shown (Enzyme Classes, EC, 1-3; ref [54]). Left to

68



right: native enzyme (PDB: 1A4I, 1CWY, 1DE3); catalytic site (teal); RFdiffusion output (gray:

model, colors: AF2 prediction); zoom of active site. G In silico success rates on active sites

derived from EC1-5 (AF2 Motif RMSD vs native: backbone < 1Å, backbone and sidechain

atoms < 1.5Å, RMSD AF2 vs design < 2Å, AF2 pAE < 5). H) Zoom in views of two further in

silico successful designs, for EC4 and EC5 (active sites from PDB: 1P1X, 1SNZ). Metrics for

examples in (F) and (H) (AF2 vs design backbone RMSD, AF2 vs design motif backbone

RMSD, AF2 vs design motif full-atom RMSD, AF2 pAE): EC2: 0.93Å, 0.50Å, 1.29Å, 3.51;

EC3: 0.92Å, 0.60Å, 1.07Å, 4.59; EC4: 0.93Å, 0.80Å, 1.03Å, 4.41; EC5: 0.78Å, 0.44Å,

1.14Å, 3.32.

One of the benchmark problems is the scaffolding of the p53 helix that binds MDM2. Inhibiting

this interaction through high-affinity competitive inhibition by scaffolding the p53 helix and

making additional interactions with MDM2 is a promising therapeutic avenue74. In silico success

has been described elsewhere48, but experimental success has not been reported. We used an

RFdiffusion model fine-tuned on protein complexes to generate 96 designs scaffolding this helix.

We scaffolded the p53 helix in the presence of MDM2, so additional interactions could be

designed by RFdiffusion, and experimentally identified 0.5nM and 0.7nM binders (Fig. 2.4C-D),

three orders of magnitude higher affinity than the reported 600nM affinity of the p53 peptide

alone75. The experimental success rate for this problem was particularly striking with 55/95

designs showing some detectable binding at 10μM (Fig. 2.4E) and multiple designs with

affinities in the low- to sub- nanomolar range (Fig. 2.4D).
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Scaffolding enzyme active sites

A grand challenge in protein design is to scaffold minimal descriptions of enzyme active sites

comprising a few single amino acids. While some in silico success has been reported

previously48, a general solution that can readily produce high-quality, orthogonally-validated

outputs remains elusive. Following fine-tuning on a task mimicking this problem, RFdiffusion

was able to scaffold enzyme active sites comprising multiple sidechain and backbone functional

groups with high accuracy and in silico success rates across a range of enzyme classes (Fig.

2.4F-H; in silico successes were not present without fine-tuning). While RFdiffusion is currently

unable to explicitly model bound small molecules (see conclusion), the substrate can be implicitly

modeled using an external potential to guide the generation of “pockets” around the active site.

As a demonstration, we scaffold a retroaldolase active site triad while implicitly modeling its

substrate.

Symmetric functional-motif scaffolding for metal coordinating assemblies and antiviral

therapeutics and vaccines

A number of important design challenges involve the scaffolding of multiple copies of a

functional motif in symmetric arrangements. For example, many viral glycoproteins are trimeric,

and symmetry matched arrangements of inhibitory domains can be extremely potent13,76–78.

Conversely, symmetric presentation of viral epitopes in an arrangement that mimics the virus

could induce new classes of neutralizing antibodies79,80. To explore this general direction, we

sought to design trimeric multivalent binders to the SARS-CoV-2 spike protein. In previous
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work, flexible linkage of a binder to the ACE2 binding site (on the spike protein receptor binding

domain) to a trimerization domain yielded a high-affinity inhibitor that had potent and broadly

neutralizing antiviral activity in animal models76. Ideally, however, symmetric fusions to binders

would be rigid, so as to reduce the entropic cost of binding while maintaining the avidity benefits

from multivalency. We used RFdiffusion to design C3 symmetric trimers which rigidly hold three

binding domains (the functional motif in this case) such that they exactly match the ACE2

binding sites on the SARS-CoV-2 spike protein trimer. Design models were confidently

predicted by AF2 to both assemble as C3-symmetric oligomers, and to scaffold the AHB2

SARS-CoV-2 binder interface with high accuracy (Fig. 2.5A).
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Figure 2.5 Symmetric motif scaffolding with RFdiffusion. A Design of C3-symmetric

oligomers to scaffold the binding interface of the designed ACE2 mimic, AHB2 (left, teal),

against the SARS-CoV-2 spike trimer (left, gray). Starting from AHB2 bound to each of the three

ACE2 binding sites on the spike trimer, RFdiffusion was used to generate C3-symmetric

oligomers that hold the three AHB2 exactly in place to simultaneously engage the binding sites

on all three spike subunits.The first 55 amino-acids of each minibinder copy are used as the

symmetric motif input to RFdiffusion (middle). The method produces designs whose AF2

predictions (right) recapitulate the mini-binder motif with high accuracy on the asymmetric unit

(0.6Å RMSD) and good accuracy the symmetric motif (2.9Å RMSD). B Design of

C4-symmetric oligomers to scaffold a theoretical Ni2+ binding motif (left). Starting from a

square-planar set of histidine rotamers within three-residue helical fragments (Methods 5.9) and

C4-symmetric noise, an RFdiffusion trajectory iteratively builds a symmetric oligomer

scaffolding the theoretical Ni2+ binding domain (middle). AF2 predictions (color) overlaid with

the RFdiffusion design model (gray) agree closely, with backbone RMSD for the particular

example < 1.0Å (right). C Isothermal titration calorimetry (ITC) binding isotherm of design

NiB1.17 and corresponding H52Α mutant. The inflection point of the wild-type isotherm (blue)

displays an estimated dissociation constant of less than 20 nM at the designed metal:monomer

stoichiometry of 1:4. Importantly, the H52A mutant isotherm (pink) displays complete ablation

of binding, indicating the scaffolded histidine at position 52 of each protomer is critical for metal

binding. D 2D class averages (left) and corresponding 3D reconstruction with the model of

design NiB1.17 docked into the 3D reconstructed density (right). The four-fold symmetry and

general shape of the designed oligomer can be readily identified in the 2D class averages, with

both top-down views and side views captured (scale bar = 60Å). E Additional experimentally
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characterized Ni2+ binding oligomers NiB2.15 (left), NiB1.12 (middle), and NiB1.20 (right) from

RFdiffusion show structural diversity in successful designs. Design models and binding-site

zoom (top, AF2 in colors and ideal motif in teal) show close recapitulation of the motif

sidechains by AF2. 2D nsEM class averages (middle, scale bar = 60Å), and binding isotherms

for wild-type and H52A mutant (bottom) indicate tight Ni2+ binding mediated directly by the

scaffolded histidines at the designed 1:4 stoichiometry.

The ability to scaffold functional sites with any desired symmetry opens up new approaches to

designing metal-coordinating protein assemblies81,82. Divalent transition metal ions exhibit

distinct preferences for specific coordination geometries (e.g., square planar, tetrahedral, and

octahedral) with ion-specific optimal sidechain–metal bond lengths. RFdiffusion provides a

general route to building up symmetric protein assemblies around such sites, with the symmetry

of the assembly matching the symmetry of the coordination geometry. As a first test, we sought

to design square planar Ni2+ binding sites. We designed C4 protein assemblies with four central

histidine imidazoles arranged in an ideal Ni2+-binding site with square planar coordination

geometry. Diverse designs starting from various different C4-symmetric histidine square planar

sites (Fig. 2.5B) had good in silico success, with the histidine residues in near ideal geometries

for coordinating metal in the AF2 predicted structures (Fig. 2.5E).

We expressed and purified 44 designs in E. coli., and found that 37 had SEC chromatograms

consistent with the intended oligomeric state. 36 of these designs were tested for Ni2+

coordination by isothermal titration calorimetry. 18 designs bound Ni2+ with dissociation

constants ranging from low nanomolar to low micromolar (Fig. 2.5C,E). The inflection points in

the wild-type isotherms indicate binding with the designed stoichiometry, a 1:4 ratio of
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ion:monomer. While most of the designed proteins displayed exothermic metal coordination, in a

few cases binding was endothermic (Fig. 2.5E), suggesting that Ni2+ coordination is entropically

driven in these assemblies. To confirm that Ni2+ binding was indeed mediated by the scaffolded

histidine 52, we mutated this residue to alanine, which abolished or dramatically reduced binding

in 17/17 cases with successful expression (Fig. 2.5C,E; one mutant did not express). We

structurally characterized by nsEM a subset of the designs – NiB1.17, NiB1.12, NiB1.15, and

NiB1.20 – that displayed histidine-dependent binding. All four designs exhibited clear 4-fold

symmetry both in the raw micrographs and in 2D class averages (Fig. 2.5D,E), with design

NiB1.17 also clearly displaying 2-fold axis “side-views” with a measured diameter

approximating the design model. A 3D reconstruction of NiB1.17 was in close agreement to the

design model (Fig. 2.5D).

Design of de novo protein-binding proteins

The design of high-affinity binders to target proteins is a grand challenge in protein design, with

numerous therapeutic applications83. A general method to de novo design binders from target

structure information alone using the physically-based Rosetta method was recently described1.

Subsequently, utilizing ProteinMPNN for sequence design and AF2 for design filtering was

found to improve design success rates33. However, experimental success rates were low, still

requiring many thousands of designs to be screened for each design campaign1, and the approach

relied on pre-specifying a particular set of protein scaffolds as the basis for the designs,

inherently limiting the diversity and shape complementarity of possible solutions1. To our

knowledge, no deep-learning method has yet demonstrated experimental general success in

designing completely de novo binders.
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We reasoned that RFdiffusion might be able to address this challenge by directly generating

binding proteins in the context of the target. For many therapeutic applications, for example

blocking a protein-protein interaction, it is desirable to bind to a particular site on a target

protein. To enable this, we fine-tuned RFdiffusion on protein complex structures, providing as

input a subset of the residues on the target chain (called “interface hotspots”) to which the

diffused chain binds (Fig. 2.6A). For design cases where a particular binder fold might be

especially compatible, we enabled coarse-grained control over binder scaffold topology by

fine-tuning an additional model to condition binder diffusion on secondary structure and

block-adjacency information, in addition to conditioning on interface hotspots.
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Figure 2.6 Design of de novo protein-binding proteins. A-B De novo binders were designed to

five protein targets; Influenza A H1 Hemagglutinin (HA), Interleukin-7 Receptor-ɑ (IL-7Rɑ),

Insulin Receptor (InsR), Programmed Death-Ligand 1 (PD-L1), and Tropomyosin Receptor

Kinase A (TrkA.) RFdiffusion generates protein binders by conditioning on interface hotspot

residues. Additionally, the general topology of the binders generated by RFdiffusion can be

controlled using fold-conditioning. B De novo protein binders were identified for all five of the

targets. Designs that bound at 10μM during single point BLI screening with a response equal to

or greater than 50% of the positive control were considered binders. Concentration is denoted by

hue for designs that were screened at concentrations less than 10μM and thus may be false

negatives. C RFdiffusion designed binders have very high experimental success rates compared

to the previous design campaigns against the same targets. For IL-7Rɑ, Insulin Receptor, PD-L1,

and TrkA, RFdiffusion has success rates ~2 orders-of-magnitude higher than the original design

campaigns. We attribute one order-of-magnitude in success rate to RFdiffusion, and the second

order of magnitude to filtering by AF2 confidence (estimated success rates for previous

campaigns if AF2 confidence had been used for filtering: HA: No designs passed AF2

confidence filter, IL-7Rɑ: 2.2%, InsR: 5.5%, PD-L1: 3.7%, TrkA: 1.5%). D For each target, the

highest affinity binder is shown alongside a BLI titration series. Reported KDs are based on

global kinetic fitting with fixed global Rmax. Yellow/orange: target/hotspot residues; gray: design

model; purple: AF2 prediction (RMSD AF2 vs design, left to right: 0.7Å, 0.9Å, 1.2Å, 0.7Å).

E Cryo-EM 2D class averages of the RFdiffusion binder, HA_20, bound to Influenza

Hemagglutinin, strain A/USA:Iowa/1943 H1N1 (scale bar = 10 nm). F 2.9Å cryo-EM 3D

reconstruction of the corresponding complex viewed along two orthogonal axes. The RFdiffusion

binder can be seen bound to H1 along the stem of all three subunits. G The cryo-EM structure of
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the HA_20 binder in complex with the H1 stem almost identically matches the computational

design model (RMSD to RFdiffusion design: 0.63Å). H Structure of the HA_20 binder alone

superimposed on the design model viewed along two orthogonal axes. For cryo-EM panels,

yellow: Influenza H1 map/structure; gray: HA_20 binder design model; purple: HA_20 binder

map/structure.

To compare RFdiffusion to previous binder design methods, we performed binder design

campaigns against 5 targets: Influenza A H1 Hemagglutinin (HA)11, Interleukin-7 Receptor-ɑ

(IL-7Rɑ)1, Programmed Death-Ligand 1 (PD-L1)1, Insulin Receptor1, and Tropomyosin Receptor

Kinase A (TrkA)1. We designed putative binders to each target, both with and without

conditioning on compatible fold information, with high in silico success rates. Designs were

filtered by AF2 confidence in the interface and monomer structure33, and 95 were selected for

each target for experimental characterization.

The designed binders were expressed in E. coli and purified, and binding was assessed through

single point biolayer interferometry (BLI) screening at 10μM binder concentration (Fig. 2.6B). In

each case, a positive control was included that binds to the site targeted by the designs on the

target protein1. The overall experimental success rate, defined as binding at or above 50% of the

maximal response for the positive control, was 19% (this is a conservative estimate as some

designs which showed binding had insufficient material to permit screening at 10μM (Fig.

2.6B)); an increase of approximately 2 orders-of-magnitude over our previous Rosetta-based

method on the same targets (Fig. 2.6C). Binders were identified for all 5 targets, with fewer than

100 designs tested per target compared to thousands in previous studies. Full BLI titrations for a
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subset of the designs showed moderate to high affinities with no further experimental

optimization, including HA and IL-7Rɑ binders with affinities of approximately 30nM (Fig.

2.6D). To assess binder specificity, 6 of the highest affinity IL-7Rɑ binders were assessed via

competition BLI, and all 6 competed for binding with the structurally validated positive control.

We solved the structure of a designed Influenza binder, HA_20, in complex with Iowa43 HA

using cryo electron microscopy. Raw electron micrographs revealed a well-folded HA

glycoprotein with clearly discernible side, top, and tilted view orientations suspended in a thin

layer of vitreous ice. 2D class averages further show clear secondary structure elements

corresponding to both Iowa43 HA, as well as the HA_20 binder bound to the stem (Fig 6E). 3D

heterogenous refinement without symmetry revealed full occupancy of all three HA stem

epitopes by the HA_20 binder. A final non-uniform 3D refinement reconstruction with C3

symmetry yielded a 2.9Å map of the HA/HA_20 protein-protein complex (Fig 6F) and

corresponding 3D structure which nearly perfectly matches the computational design model

(0.63Å, Fig 6F,G; the sidechain interactions at the interface are very different from the closest

structure in the PDB). Over the binder alone, the experimental structure deviates from the

RFdiffusion design by only 0.60Å (Fig 6H). These results demonstrate the ability of RFdiffusion

to generate new proteins with atomic level accuracy, and to precisely target functionally relevant

sites on therapeutically important proteins.
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Discussion

RFdiffusion is a major improvement over current physically-based and deep learning based

protein design methods over a wide range of design challenges. For the classic unconstrained

protein structure generation problem, RFdiffusion readily generates diverse protein structures

with as many as 600 residues that are accurately predicted by AF2 (and ESMFold). This exceeds

the complexity and accuracy achieved by previously described methods, diffusion-based or

otherwise (during review of this manuscript, a recent hallucination based approach was described

that also generates complex structures84). Half of our tested (length 200 and 300) unconditional

designs express solubly, exhibiting CD spectra consistent with the design models and high

thermostability - despite the substantially increased complexity, the ideality and stability of

RFdiffusion designs is akin to that of previous de novo design methods. Success rates are even

higher for conditional generation of specific folds, as illustrated by the design and

characterization of 8 thermostable TIM barrels. The versatility and control provided by

RFdiffusion enables the extension of unconditional generation to higher order architectures with

any desired symmetry - surpassing Hallucination methods, which have so far been limited to

cyclic symmetries. Experimental characterization of a subset of these oligomers using electron

microscopy revealed structures very similar to the design models, and in many cases without

global similarity to known protein oligomers.

There has been recent progress in scaffolding protein functional motifs using deep learning

methods (RF Hallucination, RFjoint Inpainting, and diffusion), but Hallucination becomes very
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slow for large systems, inpainting fails when insufficient starting information is provided, and

previous diffusion methods had quite low accuracy. Our benchmark tests show that RFdiffusion

considerably outperforms previous methods in the complexity of the motifs that can be

scaffolded, the ability to precisely position sidechains (for catalysis and other functions), and the

accuracy of motif recapitulation by AF2. The robust design of MDM2 binding proteins with

three orders of magnitude higher affinities than the scaffolded P53 motif experimentally

demonstrates the power of RFdiffusion for scaffolding functional motifs. By combining accurate

motif scaffolding with the design of symmetric assemblies, we demonstrate consistent and

atomically precise positioning of sidechains to coordinate Ni2+ ions across large and diverse

tetramers.

For binder design, substantial progress was recently made using Rosetta in designing binding

proteins from target structural information alone1, but this required testing tens of thousands of

sequences. RFdiffusion and improved filtering33 now enable experimental success rates that are

approximately two orders of magnitude higher, and consequently, high affinity binders can be

identified through testing only dozens of designs (at least for the somewhat non-polar sites

targeted here; further studies will be required to assess success rates on more polar target sites).

A high resolution cryo-EM structure of one of these designs in complex with influenza

hemagglutinin further shows that RFdiffusion can design functional proteins with atomic

accuracy. In the accompanying paper (Vázquez Torres et al.)85, we demonstrate the ability of

RFdiffusion to design picomolar affinity binders to flexible helical peptides with x-ray

crystallographically confirmed accuracy, further highlighting the utility of RFdiffusion for de

novo binder design. Vázquez Torres et al. also show how RFdiffusion can be extended for
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protein model refinement by partial noising and denoising, which enables tunable sampling

around a given input structure. For peptide binder design, this enabled increases in affinity of

nearly three orders of magnitude without high-throughput screening.

Overall, the complexity of the problems solvable with RFdiffusion and the robustness and

accuracy of the solutions (extensively validated both in silico and by experiment) far exceeds

what has been achieved previously. In a manner reminiscent of the generation of images from

text prompts, RFdiffusion makes possible, with minimal specialist knowledge, the generation of

functional proteins from very simple molecular specifications (for example, high affinity binders

to a user-specified target protein, and diverse protein assemblies from user-specified

symmetries).

The power and scope of RFdiffusion can be extended in several directions. RF has recently been

extended to nucleic acids and protein-nucleic acid complexes23, which should enable RFdiffusion

to design nucleic acid binding proteins, and perhaps folded RNA structures. Extension of RF to

incorporate ligands should similarly enable extension of RFdiffusion to explicitly model ligand

atoms, and allow the design of protein-ligand interactions. The ability to customize RFdiffusion

to specific design challenges by addition of external potentials and by fine-tuning (as illustrated

here for catalytic site scaffolding, binder-targeting and fold-specification), along with continued

improvements to the underlying methodology, should enable de novo protein design to achieve

still higher levels of complexity, to approach and – in some cases – surpass what natural

evolution has achieved.

83



Chapter 4

Conclusions
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The work presented in this dissertation has transformed de novo protein binder design. Prior to

this work, the design of protein binders required months of computational work and the ordering

of tens of thousands of designs to identify experimentally successful binders. Now, the

computational step takes ~1 week and designs can be ordered and screened in an additional

week’s work. It is also now routine to identify successful binders from ~100 designs. Protein

binders may now be designed with arbitrarily large scaffolds which are designed at runtime as

opposed to being limited to a constrained set of a priori-designed scaffolds. The design tools

described in this work are easy to use and install and are available free and open source. Now

anyone with access to a GPU or two can design protein binders.

This rapid and high success pipeline enables compelling applications in probing biological

function and rapidly iterating on therapeutic target discovery. By shrinking the time from target

structure and hypothesis to initial binding hit from 2-3 months for animal immunization and

antibody identification to ~2 weeks for this pipeline, many more biological hypotheses may be

explored. The combination of this rapid pipeline with a reliable disease model is quite

compelling.

Finally, it is notable that the deep learning pipeline still contains all of the major steps from the

previous pipeline: design of binder structure and dock, design of a sequence to encode the

structure of the binder, and a filtering step to select those designs likely to work experimentally.

Assessment of each step in this pipeline can be used to judge the feasibility of future,

yet-unsolved, protein design tasks; steps in the pipeline that do not work well for specific tasks

are excellent candidates for future methods development.
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