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David Baker
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A grand challenge in biology is to create computational models of the interactions between
abitrary biomolecular structures. In this dissertation, I describe the development of neural
network models for predicting the structure of biomolecular complexes including proteins,
nucleic acids, and small molecules. First, we developed a general neural network architecture
for the prediction of biomolecular complexes in the Protein Data Bank (PDB). We then
demonstrated the ability of this model to predict the structure of new complexes with high
accuracy. Subsequently, we applied this model of native biomolecular complexes to the design
of de novo small molecule binding proteins and enzymes. Finally, we developed a framework
for development of future neural networks trained on the PDB and apply it to train several
structure prediction models. To our knowledge, this dissertation represents the first efforts
to develop general-purpose neural network models for biomolecular structure prediction and

design.
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Chapter 1

INTRODUCTION

Proteins rarely act alone; they form complexes with other proteins in cell signaling, interact
with DNA and RNA during transcription and translation, and interact with small molecules
both covalently and noncovalently during metabolism and signaling. Despite substantial
recent progress in protein-only structure prediction, at the outset of this dissertation, modeling

such general biomolecular assemblies remained an outstanding challenge.

The field of artificial intelligence has seen the rapid adoption of neural networks trained
on large datasets, yielding state-of-the-art performance in many domains including image
recognition and language translation. The principles from these successes were applied to
protein structure prediction [109] I1T] 129] with promising results. The breakthrough in
deep learning based protein structure prediction was the development of AlphaFold [72], a
deep learning model that introduced bespoke neural network architectures to predict the
structure of globular proteins. AlphaFold achieves this by using inductive biases, which
involve developing network operations that are conducive to learning the principles underlying
protein structure. After the release of AlphaFold, it was unclear whether the methodological
advances used in AlphaFold could be extended to the prediction of more complex biomolecular

assemblies.

In this dissertation, we explore the use of inductive biases and neural network architectures
to predict the structure of biomolecular assemblies including proteins, DNA, small molecules
and covalent modifications. The main contribution of this thesis is setting the groundwork for
the use of neural networks to model and design biomolecular assemblies which is becoming an
active area of research. Tangibly, the first contribution of this dissertation is the development

of the first method capable of predicting the structure of arbitrary biomolecular assemblies



with higher accuracy than existing deep learning methods. This method, called RoseTTAFold
All-Atom, was then applied to many protein design tasks (described in the second and third
chapter). After the publication of RoseTTAFold All-Atom, the AlphaFold team released
a new method called AlphaFold3 which was also able to predict the structure of arbitrary
biomolecular assemblies [2]. The last chapter of this dissertation describes the development
of a new modeling framework called ModelHub which allows for training of several state of

the art models using a single software package.



Chapter 2

GENERALIZED BIOMOLECULAR MODELING AND DESIGN WITH
ROSETTAFOLD ALL-ATOM

This chapter is published as: Krishna, R.f, Wang, J.T, Ahern, W.T, Sturmfels, P., Venkatesh,
P., Kalvet, 1., Lee, G., Morey-Burows, F., Anishchenko, I., Humphreys, I., McHugh, R.,
Vafeados, D., Li, X., Sutherland, G., Hitchcock, A., Hunter, C., Kang, A., Brackenbrough, E.,
Bera, A., Baek, M., DiMaio, F., Baker, D. Generalized Biomolecular Modeling and Design
with RoseTTAFold All-Atom. Science, 2024.

Designed the research: R.K., .A., M.B., F.D. and D.B. Developed RFAA architecture and
training regimen: R.K., J.W. and F.D. Evaluated RFAA on different structure prediction
tasks: P.S., R.K., LR.H. and R.M. Developed RFdiffusionAA: W.A. Generated designs for
digoxigenin binders: P.V and G.R.L. Performed experiments for digoxigenin binders: P.V,
G.R.L, D.V. and X.L. Generated designs and performed experiments for heme binders: I.K.
Generated designs for bilin binders: W.A. Performed experiments for bilin binders: F.S.M-B.
Contributed code and ideas: I.LA., G.A.S., M.B. and F.D. Performed the crystallography
experiments: A.K, E.B, A.B. Offered supervision throughout the project: D.B., A.H. and
C.N.H. Wrote the manuscript: R.K., JW., W.A and D.B.

2.1 Introduction

The deep neural networks AlphaFold2 (AF2) [72] and RoseTTAFold (RF) [11] enable high-
accuracy prediction of protein structures from amino acid sequences. However, in nature,
proteins rarely act alone; they form complexes with other proteins during cell signaling,
interact with DNA and RNA in transcription and translation, and engage with small molecules

both covalently and noncovalently during metabolism. Modeling such general biomolecular



assemblies—composed of polypeptide chains, covalently modified amino acids, nucleic acid
chains, and arbitrary small molecules—remains an outstanding challenge. One common
approach is to model the protein chains using AF2 or RF and then successively add the
non-protein components using classical docking methods [34], 41, [42] 48], 59, 62, [63]; however,
systematically evaluating and optimizing such procedures is nontrivial. RF has been extended
to model both proteins and nucleic acids by increasing the residue alphabet to 28 (20 amino
acids, 4 DNA bases, and 4 RNA bases) with RoseTTAFold nucleic acid (RFNA) [12], but
general biomolecular system modeling remains a greater challenge due to the diversity of
possible small molecule components. An approach capable of accurately predicting the
three-dimensional structures of biomolecular assemblies starting only from knowledge of the
constituent molecules (and not their 3D structures) would have broad impact on structural
biology and drug discovery, opening the door to deep learning—based design of protein—
small molecule assemblies. We set out to develop a structure prediction method capable of
generating 3D coordinates for all atoms of a biological unit, including proteins, nucleic acids,
small molecules, metals, and chemical modifications ) The first obstacle we faced in
taking on the broader challenge of generalized biomolecular system modeling was how to
represent the components. Existing protein structure prediction networks represent proteins
as linear chains of amino acids, and this representation can be readily extended to nucleic
acids. However, many of the small molecules that proteins interact with are not polymers,
and it is unclear how to model them as a linear sequence. A natural way to represent
the bonded structure of small molecules is as graphs whose nodes are atoms and whose
edges represent bond connectivity. This graph representation is not suitable for proteins
as they contain many thousands of atoms; hence, modeling whole proteins at the atomic
level is computationally intractable. To overcome this limitation, we sought to combine a
sequence-based description of biopolymers (proteins and nucleic acids) with an atomic graph

representation of small molecules and protein covalent modifications.
2.2 Generalizing Structure Prediction to All Biomolecules

We modeled the network architecture after the RoseTTAFold2 (RF2) protein structure

prediction network, which accepts 1D sequence information, 2D pairwise distance information



from homologous templates, and 3D coordinate information and iteratively improves predicted
structures through many hidden layers[I0]. We retain the representations of protein and
nucleic acid chains from RF2 and represent arbitrary small molecules, covalent modifications
and unnatural amino acids as atom-bond graphs. To the 1D track, we input the chemical
element type of each non-polymer atom; to the 2D track, the chemical bonds between atoms;
and to the 3D track, information on chirality [whether chiral centers are (R) or (S)]. For the
1D track, we supplement the 20 residue and eight nucleic acid base representation in RENA
with 46 new element type tokens representing the most common element types found in the
Protein Data Bank (PDB) (Table S5). For the 2D track atom-bond embedding, we encode
pairwise information about whether bonds between pairs of atoms are single, double, triple,
or aromatic bonds. These features are linearly embedded and summed with the initial pair
features at the beginning of every recycle of the network, allowing the network to learn about
bond lengths, angles, and planarity. Since the 1D and 2D representations in the network
are invariant to reflections, we encode stereochemistry information in the third track by
specifying the sign of angles between the atoms surrounding each chiral center (Fig S1); at
each block in the 3D track the gradient of the deviation of the actual angles from the ideal
values (with respect to the current coordinates) is computed and provided as an input feature

to the subsequent block (2.1B).
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Figure 2.1: General biomolecular modeling with RoseTTAFold All-Atom A) RFAA takes
input information about the molecular composition of the biomolecular assembly to be
modeled, including protein amino acid and nucleic acid base sequences, metal ions, small
molecule bonded structure, and covalent bonds between small molecules and proteins. B)
Processing of molecular input information. Small molecule information is parsed into element
types (46 possible types), bond types, and chiral centers. Covalent bonds between proteins
and small molecules are provided as a separate token in the bond adjacency matrix. The
three-track architecture mixes 1D, 2D, and 3D information and predicts all-atom coordinates
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Unlike proteins and nucleic acid sequences, molecular graphs are permutation invariant, and
hence, the network should make the same prediction irrespective of small molecule element
token order. In AF2 and RF2, the sequence order of amino acids and bases is represented by a
relative position encoding; for atoms, we omit such an encoding and leverage the permutation
invariance of the network attention mechanisms. We also modify the coordinate updates: in
AF2 and RF, protein residues are represented by the coordinates of the Ca and the orientation
of the N-Ca-C rigid frame (or the P coordinate and the OP1-P-OP2 frame orientation in
RFNA) and along the 3D track the network generates rotational updates to each frame
orientation and translational updates to each coordinate. To generalize this representation in
RFAA, heavy atom coordinates are added to the 3D track and move independently based
only on a predicted translational update to their position. Thus, immediately after input,
the full system is represented as a disconnected gas of amino acid residues, nucleic acid bases,
and freely moving atoms, which is successively transformed through the many blocks of the

network into physically plausible assembly structures.

For the loss function to guide parameter optimization, we develop an all-atom version of the
Frame Aligned Point Error (FAPE) loss introduced in AF2 by defining coordinate frames
for each atom in an arbitrary molecule based on the identities of its bonded neighbors and,
as with residue-based FAPE, successively aligning each coordinate frame and computing
the coordinate error on the surrounding atoms (Figure 2A; for greater sensitivity to small
molecule geometry, we upweight contributions involving atoms; see Supplemental Methods).
In addition to atomic coordinates, the network predicts atom- and residue-wise confidence
(pLDDT) and pairwise confidence (PAE) metrics to enable users to identify high-quality
predictions. A full description of the RFAA architecture is provided in the Supplemental
Methods.

2.3 Training RFAA

We curated a protein-biomolecule dataset from the PDB including protein-small molecule,
protein-metal, and covalently modified protein complexes, filtering out common solvents

and crystallization additives. Following clustering (30% sequence identity) to avoid bias



towards overrepresented structures, we obtained 121,800 protein-small molecule structures in
5,662 clusters, 112,546 protein-metal complexes in 5,324 clusters, and 12,689 structures with
covalently modified amino acids in 1,099 clusters for training. To help the network learn the
general properties of small molecules rather than features specific to the molecules in the PDB,
we supplemented the training set with small molecule crystal structures from the Cambridge
Structural Database[54]. Each training example is sampled uniformly from the set of organic
non-polymeric molecules, and the network predicts the coordinates for the asymmetric unit
given atomic graph information. To further help the network learn about general atomic
interactions, we take advantage of the commonalities between atomic interactions within
proteins and many of the atomic interactions between proteins and small molecules and
augment the training data by inputting portions of proteins as atoms rather than residues
(a process we term atomization). We atomize randomly selected subsets of three to five
contiguous residues by deleting the sequence and template features and providing instead
atom, bond, and chirality information for the atoms in those residues (an alanine would be
replaced by five atom tokens, one for each heavy atom). Since the atoms are still part of the
polypeptide chain, we provide the relative position of the atom tokens with respect to the
other residue tokens by adding an extra bond token that corresponds to an "atom-to-residue"
bond and develop a positional encoding to account for atom-residue bonds (Supplemental
Methods). To increase prediction accuracy on biological polymers, we train the network on
protein monomer, protein complex, and protein-nucleic acid complex examples as previously
described[10], 12]. All examples were cropped to have 256 tokens during the initial stages of
training and 375 tokens during fine-tuning. The progress of training was monitored using

independent validation sets consisting of 10% of the protein sequence clusters (see Table S4).
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Figure 2.1 (previous page): RoseTTAFold All-Atom can accurately predict protein-small
molecule complex structures. All panels: Predicted protein structure (aligned to native):
transparent teal, predicted ligand conformation: teal, native ligand conformation: gray. All
boxplots cut off at 20 A for clarity. A) Every "atom" node is assigned a local coordinate
frame based on the identities of its neighbors. To compute the main loss in the network, we
align each atom’s coordinate frame in the predicted and true structures and measure the error
over all the other atoms. B) Model accuracy correlates with error predictions. Computed for
CAMEO targets (05/20/23-7/29/23; 261 protein-small molecule interfaces). Ligand RMSD
was computed by CAMEO organizers. C) RFAA outperforms AutoDock Vina on CAMEO
targets (Week 8/12/23-09/02/23; 149 protein-small molecule interfaces). Both servers have
to model the protein, find pockets for all ligands present in the solved structure, and the
correct docks for all ligands. Ligand RMSD for both servers was computed by CAMEO
organizers, AutoDock Vina server set up by CAMEO organizers. D) Three examples of
successful predictions with multiple biomolecules. From left to right: fatty acid decarboxylase
(PDB ID: 8d8p; Seq ID: 34%; from CAMEOQ) with a heme cofactor and a lipid substrate, a
dimeric tyrosine methyltransferase (PDB ID: Tux8; Seq ID: 28%; CASP15 Target: T1124)
with an S-adenosyl homocysteine and tyrosine interaction and a DNA polymerase (PDB
ID: Tu7w; Seq ID: 100%) bound to DNA, a nucleotide and a metal ion[29] 101, 137]. E)
Comparison to other deep learning-based docking methods. In this case, each method was
applied in their respective training regime. For RFAA this means only having sequence and
minimal atomic graph inputs, whereas for other methods this involves providing the bound
crystal structure. Ligand RMSD was computed using PoseBusters suite, and a single example
present in our training set was removed for all methods in comparison. F) Comparison
of RFAA predictions on recently solved PDBs that are novel compared to the training
set (Homolog <1 BLAST e-value, Similar Ligand >0.5 Tanimoto Similarity). Each set is
clustered based on sequence/ligand similarity, and a random cluster representative is chosen
for each. G) Comparison of RFAA prediction accuracy to Rosetta AG energy estimates
for the native complex (over 940 cases that were successfully processed by Rosetta). RFAA
makes more accurate predictions for native complexes with low Rosetta energy. H) Three
examples of successful predictions with low similarity to the training set. From left to right:
G protein-coupled S1P receptor (PDB ID: 7Tewl; Seq ID: 31%), complex of DLK bound to an
inhibitor (PDB ID: 8ous; Seq ID: 39%), a Renilla luciferase bound to an azacoelenterazine
(non-native substrate; PDB ID: 7qxr; Seq ID: 23%).[78], 110}, [145].

Unlike previous protein-only deep learning architectures[46, 83, [139], RFAA can model full
biomolecular systems. In the following sections, we describe the performance of RFAA on
different structure modeling tasks. We adopted the philosophy that a single model trained
on all available data over all modalities would have the greatest ability to generalize and be

more accessible than a series of models specialized for specific problems.
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2.4 Predicting Protein-Small Molecule Complexes

To enable blind testing of RFAA prediction performance, we enrolled an RFAA server in
the blind CAMEQ ligand docking evaluation, which carries out predictions on all structures
submitted to the PDB each week with each enrolled server and evaluates their performance[56-
58|. These structures can have multiple protein chains, ligands, and metal ions (for further
results on metal ions, see Figure S2). Of the CAMEO targets, 43% are predicted confidently by
RFAA (PAE Interaction < 10), and 77% of those high-confidence structures are quite accurate,
with < 2 A ligand RMSD ) One of the other servers is an implementation of a leading
non-deep learning protein small molecule docking method AutoDock Vina by the CAMEO
organizers that predicts the protein structure by homology modeling[I8], 22 117 125, 131],
runs AutoDock to dock the small molecules, and ranks the poses using the Vina scoring
function[42, [I3T]. RFAA consistently outperformed the other servers in CAMEO on protein-
small molecule modeling; for example, on cases modeled by both the RFAA and the AutoDock
Vina servers, RFAA models 32% of cases successfully (< 2 A ligand RMSD) compared to 8%
for the Vina server ; the Vina performance by an expert would likely be considerably
improved because of the complexities of fully automatic multiple step modeling pipelines).
The most common RFAA failure mode is the placement of small molecules in the correct
pockets but not in the correct orientation (Figure S3; for further exploration of failure modes,

see Supplemental Methods).

There were no other deep learning docking methods|34), 81, 87, 100} 118, 149] enrolled in
CAMEQO, but we can instead compare performance on a set of PDB structures that were
solved after our training set date cutoff [25] (most earlier deep learning based docking tools
have focused on the "bound" docking problem where the crystal structure of the target
(including sidechains) are provided, and hence are less well suited to CAMEOQO). On this
benchmark, RFAA predicts 42% of complexes successfully compared to DiffDock, which
predicts 38% of complexes successfully ; RFAA predicts the protein backbone and side
chains in addition to the small molecule dock, whereas DiffDock receives the crystal structure

of the protein from the bound complex as input). In cases where both the bound protein
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structure and the pocket residues are provided, physics-based methods such as AutoDock
Vina outperform RFAA (52% vs 42%), which has the much harder task of predicting both

the protein backbone and sidechain details and the dock from sequence alone (Figure S4A).

To further benchmark the network, we assembled a dataset of recent PDB entries with small
molecules bound that were deposited after the cutoff date for our training set and predicted
full structure models for all 5,421 complexes (1,529 protein sequence clusters at 30% sequence
identity). The network performs better for clusters with overlap with the training set, but
also generates accurate predictions for proteins with low (BLAST e-value > 1) sequence
similarity to the training set (35% vs. 24% success rate, respectively; ) We observe a
similar pattern for ligand clusters (across 1,310 ligand clusters); whereas the network makes
more accurate predictions for ligands seen in training, it also can make accurate predictions
on ligands that are not similar to those in training (<0.5 Tanimoto similarity; 19% vs. 14%
success rate) ). In cases where RFAA predicts ligand placement with high confidence
and RF2 has high confidence (PAE Interaction <10 and pLDDT >0.8 respectively), RFAA
makes higher accuracy protein structure predictions than RF2 (Fig S4A), indicating that
training with ligand context can improve overall protein prediction accuracy. Some examples
of shifts predicted by RFAA but not by RF2 include domain movements, subtle backbone
movements, and flipping of side chain rotamers to accommodate the ligand in the pocket

(Figure S4B-C).

Unlike previous methods, RFAA is able to jointly predict interactions between proteins and
multiple non-protein ligands in a single forward pass. shows three examples of recently
solved structures with three or more components for which RFAA predictions had <2 A
ligand RMSD (when the proteins are aligned). There are homologous complexes in the
training set so these are not de novo predictions, but they do demonstrate that RFAA can
learn the multicomponent assembly prediction task. The right panel shows a prediction
for DNA polymerase [29]|(PDB ID: 7u7w) with a bound DNA, non-hydrolyzable guanine
triphosphate and magnesium ion; the network received no examples of higher order assemblies
containing proteins with both small molecules and nucleic acids during training, but is likely

synthesizing information from multiple related binary complexes that are in the training set.
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To assess whether the network can distinguish compounds known to bind from related
compounds, we compared protein-small molecule complex predictions for the PoseBusters
dataset for the compound known to bind and decoy molecules including small molecules with
the highest Tanimoto similarity in the dataset. In 75.1% of cases the PAE interaction metric
of the "decoy" complex was higher (indicating lower confidence) than the native complex
(Figure S7). Direct optimization on this discrimination task would likely further improve

performance.

To determine the extent to which the network is reasoning over the detailed structure
of protein-small molecule interactions, we investigated the correlation between prediction
accuracy and the interaction energy computed by a molecular force field. We found that
predictions for protein-small molecule complexes in our recent PDB set with lower computed
binding energies (by Rosetta AG)[7, [04] were more accurate ([2.1G; 50%, 25%, and 22%
success rates for <-30, -30-0, and >0 Rosetta Energy Units, respectively) suggesting the
network considers the detailed interactions between the protein and small molecule (although

reasoning over these interactions very differently than human designed force fields).
2.5 Predicting Structures of Covalent Modifications to Proteins

Many essential protein functions, such as receptor signaling, immune evasion, and enzyme
activity, involve covalent modifications of amino acid side chains with sugars, phosphates,
lipids, and other molecules[13] 80} 102} [106]. RFAA models such modifications by treating
the residue and chemical moiety as atoms (with the corresponding covalent bond to the atom
token in the residue) and the rest of the protein structure as residues (2.1}A). Unnatural

amino acids can be modeled in the same way.

We benchmarked the performance of RFAA on covalent modification structure prediction on
931 recent entries in the PDB (post-May, 2020), and found that the network made accurate
predictions (Modification RMSD<2.5 A) in 46% of cases (where Modification RMSD is
defined as RMSD of the modified residue and chemical modification when the rest of the
protein is aligned). As in the protein-small molecule complex case, confident predictions

tend to be more accurate: 60% of structures are predicted with high confidence (PAE
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Interaction <10), and 63% of those predictions are accurate (<2.5 A modification RMSD)
(2.1B). Although the network makes slightly more accurate predictions on cases with sequence
similarity (>25% identity) to proteins in the training set, there are still many cases (27.5%)
that do not have sequence overlap to the training set that are predicted with high accuracy
(2.1C). RFAA models interactions with covalently bound cofactors and covalently bound
drugs with median RMSDs of 0.99 A and 2.8 A respectively —E).
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Figure 2.1 (previous page): Accurate prediction of protein covalent modifications. All
panels: transparent teal: predicted protein structure, transparent gray: native structure, teal:
predicted covalent modification, gray: native covalent modification. A) Schematic describing
how RFAA models covalent modifications to proteins. The chemical moiety that modifies the
residue and the residue are modeled as atom nodes, and the rest of the protein is modeled as
residues (with MSA and template inputs). B) Model accuracy correlates with predicted error
on a set of 938 recently solved structures with covalent modifications. Modification RMSD
is computed by aligning the protein structure within 10 Aand computing RMSD over the
modified residue and chemical modification. Boxplot cut off at 15 Afor clarity. C) Comparison
of sequence identity to training set and model accuracy. Models are generally accurate even
with low sequence homology to the training set. D) Comparison of model accuracy for different
types of covalent modifications. E) Top: Example of successfully predicted covalently linked
enzyme cofactor (PDB ID: 7p3t; Seq ID: 28%), which is a structure of a ( R )-selective amine
transaminase. Bottom: example of a covalently bound drug candidate (PDB ID: 7til, Seq
ID: 27%), which is a S-lactamase enzyme bound to cyclic boronic acid inhibitor[75, [105]. F)
Accurate predictions of glycans on the N-acetylglucosamine-1-phosphotransferase (GNPT)
gamma subunit (PDB ID: 7s69; No BLAST hits), human sperm TMEM ectodomain (PDB
ID: 7ux0; Seq ID: 26%)[52), 119].

Prediction of glycan structure has applications in therapeutics, vaccines, and diagnostics|5l
71, 136]. RFAA can accurately model carbohydrate groups introduced by glycosylations
with a median RMSD over our test set of 3.2 A ) RFAA successfully predicts glycan
conformations on the N-acetylglucosamine-1-phosphotransferase (GNPT) gamma subunit
(PDB ID: 7s69), and human sperm TMEM ectodomain (PDB ID: 7ux0), which have low
sequence homology (<30%) to the RFAA training set (2.1F) and have multiple monosaccha-
rides and different branching patterns[52] 119]. RFAA is not simply learning how structure
building programs model glycans as the predictions match the experimental density maps
(Fig S8C). The network is able to make accurate predictions of glycan interactions even when
the sequences were distant from the sequences in the training set, and on glycans with chains

up to seven monosaccharides (Figure S8).

It is difficult to compare to other methods because, to our knowledge, previous deep learning-
based tools do not model covalent modifications to proteins. Accurate and robust modeling

of covalent modifications in predicted structures should contribute to the understanding of
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biological function and mechanism.

2.6 De Novo Small Molecule Binder Design

Previous work on small molecule binding protein design has involved docking molecules into
large sets of native or expert-curated protein scaffold structures[21, [08]. Diffusion based
methods can generate proteins in the context of a protein target that bind with considerable
affinity and specificity[132] and can be trained to explicitly condition on structural features[92].
However, current deep learning based generative approaches do not explicitly model protein-
ligand interactions, so they are not directly applicable to the small molecular binder design
problem (in RFdiffusion, a heuristic attractive-repulsive potential encouraged the formation
of pockets with shape complementarity to a target molecule, but the approach was unable
to model the details of protein-small molecule interactions [I132]). A general method that
can generate protein structures around small molecules and other non-protein targets to

maximize favorable interactions could be broadly useful.

We reasoned that RFAA could enable protein design in the context of non-protein biomolecules
following fine-tuning on structure denoising. We developed a diffusion model, RFdiffusion
All-Atom (RFdiffusionAA), by training a denoising diffusion probabilistic model (DDPM)
initialized with the RFAA structure-prediction weights to denoise corrupted protein structures
conditioned on small molecules and other biomolecular context ) Input structures
from the protein-small molecule dataset described above were noised through progressive
addition of 3D Gaussian noise to the Ca coordinates and Brownian motion on the manifold
of rotations, and the model was trained to predict the denoised structures. In contrast to
training for the unconditional generation problem and incorporating conditional information
through forms of guidance|70], [138], we train an explicitly conditional model that learns the
distribution of proteins conditioned on biomolecular substructure. To enable the inclusion
of specific protein functional motifs when desired, we also train the network to scaffold a
variety of discontiguous protein motifs both in the presence and absence of small molecules.
To generate proteins, we initialize a Gaussian distribution of residue frames with randomized

rotations around a fixed small molecule motif; at each denoising step ¢, we predict the fully
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denoised X state and then update all residue coordinates and orientations by taking a step
towards this conformation while adding noise to match the distribution for X; 1. As with
RFdiffusion, we investigated the use of auxiliary potentials to influence trajectories to make

more contacts between small molecules and binders, but found these unnecessary (see Figure

$10C).

We evaluated RFdiffusionAA in silico by generating protein structures in the context of four
diverse small molecules. Starting from random residue distributions surrounding each of
the small molecules, iterative denoising yielded coherent protein backbones with pockets
complementary to the small molecule target. Following sequence design using Ligand MPNN
[38], Rosetta GALigandDock [94] energy calculations were used to evaluate the protein-small
molecule interface and AF2 predictions to evaluate the extent the sequence encodes the
designed structure [I32]. The computed binding energies of RFdiffusionAA designs are far
better (p<1.56E-12) than those obtained using a heuristic attractive/repulsive potential with
protein-only RFdiffusion (Figure S10C). AF2 structure predictions had backbone RMSD < 2
A to the RFdiffusionAA design models in all cases (Figure S10C). For each small molecule,
RFdiffusionA A generates diverse protein structural solutions to the binding problem that

differ from native binders to these ligands (Figure S11, Figure S12).
2.7 Experimental Characterization of Designed Binders

To experimentally evaluate RFdiffusionAA across a range of design scenarios, we designed
binders for three diverse small molecules: one with no protein motif included in the design
parameters, one with a single residue protein motif, and one with a four residue protein
motif (Fig. 4). The proteins were produced in E. coli, and ligand binding was measured

experimentally.

Digoxigenin (DIG) is the aglycone of digoxin, a small molecule used to treat heart diseases
with a narrow therapeutic window[40)], and digoxigenin-binding proteins could help reduce
toxicity [47]. Previous attempts to design digoxigenin-binding proteins relied on protein
scaffolds with experimentally determined structures and prespecified binding pockets and

interacting motifs[122]. We used RFdiffusionAA to design digoxigenin-binding backbones
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without any prior assumption about the protein-ligand interface or backbone structure )
Sequences were obtained using LigandMPNN and Rosetta FastRelax [36] and 4,416 designs
were selected based on consistency with AF2 predictions and Rosetta metrics (Supplemental
Methods). Experimental characterization identified several DIG-binding proteins (Figures S29-
30, Supplemental Methods); the highest affinity binder has a 343 nM Kd for free digoxigenin
(measured by isothermal titration calorimetry, [2.1]B) and is stable at temperatures up to

95°C.
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Figure 2.1 (previous page): Experimental characterization of RFdiffusionAA designed binders.
All panels: input ligand shown in yellow, input protein motif shown in blue, and diffused
protein shown in teal. Purple text: Closest TM Score to any protein in the training set,
Blue text: Closest TM Score to any protein with a similar ligand bound in the training set
(Tanimoto <0.5). A) Schematic depicting the random initialization of residues surrounding a
small molecule and progressive denoising by RfdiffusionAA. B) Characterization of dioxigenin
binder design. (From left to right) Input motif to RFdiffusionAA, designed protein, zoom in
view of binding site sidechains. Isothermal Calorimetry (ITC) measuring binding affinity
(Kd = 343 nM), CD trace (26 uM protein concentration; inlay CD Melt showing intensity at
220 nm across a broad range of temperatures). C) Characterization of heme binding designs.
(From left to right) Input motif to RFdiffusionAA, designed protein aligned to its crystal
structure (PDB ID: 8vc8); zoom in view of binding site; (top) UV-Vis spectra of designed
protein matches expected spectra for penta-coordinated heme and mutating cysteine to
alanine abolishes binding; (bottom) designed protein retains heme binding at temperatures
up to 90°C. D) Characterization of bilin binding designs. (Row 1, left to right) Input motif
to RFdiffusionA A, three designs with different predicted structural topologies. (Row 2, left
to right) Zoom in view of binding sites for each design. (Row 3, left to right) Normalized
absorption spectra for the three designs shown. Designs have a range of maximum absorption
wavelengths and hence different colors in solution (inset).

Heme is a cofactor for a wide range of oxidation reactions and oxygen transport (cytochrome
P450 and hemoglobin are two notable examples), with catalytic function enabled by pen-
tacoordinate iron binding and an open substrate pocket[67, [99]. Designed heme-binding
proteins with these features have considerable potential as a platform for the development of
new enzymes|74]. We diffused proteins around heme with the central iron coordinated by
a cysteine and placeholder molecule just above the porphyrin ring to keep the axial heme
binding site open for potential substrate molecules. Of 168 designs selected based on AF2
predicted confidence (pLDDT), backbone RMSD to design, and RMSD of the predicted
cysteine rotamer to the design, 135 were well expressed in E. coli, and 90 had UV /Vis spectra
consistent with Cys-bound heme (as judged by the Soret maximum wavelength after in vitro
heme loading)[113]. We further purified 40 of the designs and found that 33 were monomeric
and retained heme-binding through size exclusion chromatography (SEC). For 26 of the
designs, we mutated the putative heme-coordinating cysteine residue to alanine which led

to a notable change in the Soret features in all cases (2.1} Figure S13-16). Twenty designs
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exhibit high thermostability, retaining their heme binding at temperatures above 85°C, and
do not unfold at temperatures up to 95°C and Figure S13-16). We solved the crystal
structure of heme-loaded design HEM _3.C9 to 1.8 A resolution (PDB ID: 8vc8) and found
it to closely match the design model (0.86 A Ca RMSD). The crystal structure verifies that
heme is bound through Cys-ligation in a pentacoordinate fashion with an open distal pocket
(in agreement with spectroscopic data) and is further held in place with hydrogen bonds to

two arginines, as designed (Figure S17).

Bilins are brilliantly colored pigments that play important roles across diverse biological
kingdoms. When bilins are constrained by protein scaffolds, such as phycobiliproteins in
the megadalton phycobilisome antenna complexes of cyanobacteria and some algae [4], their
absorption features narrow, their extinction coefficients increase, and their fluorescence is
dramatically enhanced. We sampled diffusion trajectories conditioned on the structure of
a bilin molecule attached to a four residue peptide corresponding to a motif recognized by
the CpcEF bilin lyase [0} [148]. We evaluated 94 designs with a whole cell screen using
phycoerythrobilin (PEB) as the chromophore and identified nine proteins dissimilar to each
other and to CpcA (Figure S18A) that bind bilin based on pigmentation or fluorescence
(a 9.6% hit rate). We purified three designs - BIL C11, BIL H4, and BIL F9 - with
absorption maxima at 573, 605, and 607 nm compared to 557 nm for the CpcA-PEB (Figure
5C, S8B; the extent of red shifting correlates with computed electrostatic potential around
the chromophore (Figure S19)). Conformationally restricted bilins typically display higher
fluorescence yields, absolute fluorescence yields for the BIL C11, BIL H4, and BIL F9
designs are 38%, 11% and 25%, respectively, based on an earlier determination of the absolute
fluorescence quantum yield for CpcA-PEB of 67% [I5] (Figure S18C). These values are
much higher than obtained previously with maquette scaffolds (F'® values of 2 — 3%), which
displayed limited bilin incorporation and less pronounced spectral enhancements [89]. The
strong coloration, absorption and emission for these designs were absent from control E. coli
strains that synthesize only the PEB bilin and the CpcE/F lyase, or PEB, CpcE/F and
maltose binding protein (Figure S20). The 34/30 nm range in absorption/emission covered

by just one design round using a single chromophore raises the exciting prospect of tailoring
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the spectral profiles of designed biliproteins by manipulating the conformational flexibility
of the bilin and the protein microenvironment. De novo designed antenna complexes could
harvest light over a wider range of the UV-visible spectrum to enhance photosynthetic energy
capture and conversion [60], and fluorescent reporter probes with tunable excitation/emission

maxima would be useful biochemical tools.

The experimental validation of digoxigenin, heme and bilin binding proteins demonstrates
that RFdiffusionAA can readily generate novel proteins with custom binding pockets for
diverse small molecules. Unlike prior methods that rely on redesigning existing scaffolds,
RFdiffusionA A builds proteins from scratch around the target compound, resulting in high
shape-complementary in the binding pockets and reducing the need for expert knowledge.
The ability of RFdiffusionAA to generalize is highlighted by the sequence and structural
dissimilarity between the designs and proteins in the PDB that bind related molecules (related
meaning Tanimoto similarity > 0.5); the most similar protein in the PDB that binds a related
molecule has a TMscore of 0.59 for the highest affinity digoxigenin binder, less than 0.62 for
all the characterized heme binders, and less than 0.52 for the bilin binders (Figure S21). In

all cases there is no detectable sequence similarity to any known protein.

2.8 Discussion

RoseTTAFold All-Atom (RFAA) demonstrates that a single neural network can be trained to
accurately model a wide range of general biomolecular assemblies containing a wide diversity
of non-protein components. RFAA can make high-accuracy predictions on protein-small
molecule complexes, with 32% of CAMEO targets predicted under 2 A RMSD, and for
covalent modifications to proteins, predicting 46% of recently solved covalent modifications
under 2.5 A RMSD, and generate accurate models for complexes of proteins with two or
more non-protein molecules (small molecules, metals, nucleic acids, etc.). Training on more
extensive datasets will likely be necessary to generate consistently accurate predictions for
new protein-small molecule complexes on par with the accuracy deep networks can achieve
on protein systems alone. These new prediction capabilities do not come at the expense

of performance on the classic protein structure prediction problem: RFAA achieves similar
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protein structure prediction accuracy as AF2 (median GDT of 85 vs. 86) and protein-nucleic

acid complex accuracy as RFNA (median allatom-LDDT of 0.74 vs. 0.78) (Figure S22).

Our prediction and design results suggest that RFAA has learned detailed features of protein-
small molecule complexes. First, the network is able to make high-accuracy predictions for
protein sequences and ligands that differ considerably from those in the training dataset ,
3C), and prediction accuracy is higher for complexes with more favorable computed interaction
energies using the Rosetta physically based model ) Second, our RFdiffusionAA-
generated bilin, heme, and digoxigenin binders have very different structures than proteins
that bind these compounds in the PDB. RFAA should be immediately useful for modeling
protein-small molecule complexes, in particular multicomponent biomolecular assemblies for
which there are few or no alternative methods available, and for designing small molecule

binding proteins and sensors.



25

2.9 Supplemental Figures

"Stereoisomer 1 Stereoisomer 2

Figure 2.2: Depiction of chirality input angles. A) Chirality is encoded in the network by
computing a set of dihedral angles of planes where the first plane starts with the chiral
center. First row: 3D depiction of a chiral center with tetrahedral geometry with two
different chiralities. Second row: Depiction of which angles are computed for each center. In
practice, we compute the angles for all unique pairs of planes in the center that are explicitly
modeled (hydrogens are implicit), measure their error from the ideal tetrahedron in the unit
sphere, and pass the gradients of the error in predicted angles with respect to the predicted
coordinates into the subsequent blocks as vector input features in the SE(3)-Transformer
which breaks the symmetry over reflections present in the rest of the network and allows the
network to iteratively refine predictions to match ideal tetrahedral geometry.



26

>
w

10 v 10 ¥
' ;
+
54 o 1o
6| ¢ ¢ S e
24 :
x x ¢
G 4 5 4
2 2
0 — L
0
ZN MN FE CU CO NI 05 510 1015 15+
Metal lon Predicted Error (PAE Interaction)
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Figure 2.4: Additional results from the CAMEO ligand-docking challenge. A) Pointwise
comparison of targets predicted both by RFAA and the CAMEQ’s baseline "Vina" server.
RFAA predicts lower RMSD docks for a substantial number of ligand-protein complexes.
B) The same comparison against CAMEQO’s "AD4" server. Again, RFAA outperforms the
baseline server on the majority of the targets. C) RFAA preserves important structural
properties of ligands in its predicted poses, such as accurate bond lengths between bonded
atoms, planarity of aromatic rings and direction of chiral centers. D) Native structures are
shown in gray and predicted structures are shown in teal. Some examples of high RMSD
poses predicted by RFAA in the CAMEO challenge. From left to right: 1) The model predicts
the correct global dock but orients the model incorrectly within the pocket (PDB ID: 7xql).
2) The model predicts an unresolved region as forming a pocket that interferes with the
crystal dock of the ligand (PDB ID: 8ii2). 3) The model fails to predict the correct binding
pocket of a small ligand, preferring to bury it deep into the protein (PDB ID: 8hwp).
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Figure 2.5: Comparisons to RoseTTAFold2 on predicting protein structures of ligand binding
proteins. A) Both RFAA and RF2 were used to make predictions on a held-out set of
ligand-binding proteins in the PDB (filtered by PAE < 10 and pLDDT > 0.8, respectively).
RFAA makes better predictions than RF2, globally and on the pocket residues that bind to
the ligand in the crystal structure (p-value < 0.05 paired t-test). B) Ligand-aware protein
folding allows more confident positioning of relative protein domains on a flexible domain
known to have a ligand-
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induced conformational shift. The bound crystal structure is in gray, the RFAA prediction
is green, and the RF2 prediction is pink (PDB ID: 7ket - closest seq. ID to training 82%
for both models). The inter-domain PAE (residues 138-201) from the RF2 model is 9.63 vs.
6.26 for the RFAA model. C) Ligand-aware protein folding enables more accurate side-chain
predictions in a binding pocket (PDB ID: 7mfl, closest seq. ID to training 29%). D) Structure
prediction for the PDB entry 7rjj, along with the closest sequence match in the model’s
training set (yellow, PDB ID 5m38, seq ID 73%) and the sequence match in the model’s
training set with the most similar bound ligand (orange, PDB ID 5ulh, seq ID 40%). RFAA
can use information from less similar proteins seen in training to make accurate predictions
with small molecule context. E) Binding site RMSD of predictions of protein chains with and
without ligands relative to the holo state crystal structure of the protein. The pink points
are depicted in panels F and G. F) Ligand context helps the RFAA model to terminate a
helix earlier in order to form a binding site for the ligand (PDB entry 7nc6, closest seq. ID
to training 32%). G) Prediction of a designed porphyrin-binding protein (PDB entry 7jh6,
closest seq. ID to training 43%). The pocket structure was designed based on 5tgy, which
is also not present in the RFAA training set. The model adjusts bulky side-chains in the
pocket to allow space for the bound porphyrin.
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Figure 2.6: Analysis of predictions of recent PDB protein-small molecule complexes. A)
Comparison to other methods on PoseBusters benchmark set, which attempts to assess
the validity of predicted structures from deep learning networks. Each model is used in its
"training regime," which means that Vina and Gold receive the bound crystal structure and
a bounding box for the pocket. RFAA only receives the protein sequence and basic atomic
graph information for the small molecule. B) Waterfall plot showing results from running
the PoseBusters filters on predicted structures from RFAA. Most structures are physically
plausible, with most violations occurring in the "minimum distance to protein" metric.
C) Distribution of shortest distance to protein in violating predictions. Most "violating"
distances are between 2.0 and 2.5 A. The second panel shows an example of a violating
distance at 2.3A. D) Comparison of RFAA and DiffDock on cases with and without cofactors.
In cases with cofactors, RFAA outperforms because of its ability to simultaneously model
multiple molecules.
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Figure 2.7: Column 1: Structural superimposition to closest training structure (RMSD
computed by PyMOL). Gray: structure shown in example, Pink: closest structure (by
SeqID%) in training set. Column 2: Mutation profile of closest training structure compared
to example in Figure 2. Red: mutated residue, White: no mutation, Gray: did not align
(in PyMOL). Column 3: Ligands shown in figure example. Column 4: Closest ligand (by
Tanimoto similarity) to all ligands that bind any BLAST hit in the training set.
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Figure 2.8: Cross-docking "decoy" ligands on the Posebusters test set. 6 decoy ligands - the
ligand with the highest Tanimoto similarity to the "true" ligand plus 5 chosen uniformly
random from the 42 off-target ligands in Posebusters - were predicted in complex with each
protein target in Posebusters. The model’s predicted error (PAE Interaction) of the decoy
ligand dock increases when the decoy ligand is not structurally similar to the true ligand. In
particular, 75.1% of decoy docks have a higher predicted error than the true dock.
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Figure 2.9: Analysis of predictions of glycosylated proteins. A) Histogram of RMSDs of
predictions made on recently solved glycoproteins. B) Determinants of successful predictions
from left to right. LDDT Interaction is computed by measuring the all-atom LDDT between
protein residues and the residue and modification atoms. From left to right: Having a
homolog in the training set (>30% sequence similarity) does not seem to be a large indicator
of successful predictions. While predictions of shorter glycans are more accurate, longer
glycans can still be successfully modeled. The model’s error prediction accurately identifies
high-accuracy predictions. C) (Left) Predicted glycoprotein (PDB ID: 7u7n), the IL-27
quaternary signaling complex fits well into Cryo-EM density. (right) Network accurately
predicts hydrogen bonds between sidechains and glycan (Native structure in gray, predicted

structure in teal).
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Figure 2.10: Column 1: Structural superimposition to closest training structure (RMSD
computed by PyMOL). Gray: structure shown in example, Pink: closest structure (by
SeqID%) in training set. Column 2: Mutation profile of closest training structure compared
to example in Figure 2. Red: mutated residue, White: no mutation, Gray: did not align (in
PyMOL).
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Figure 2.11: Small molecule binding protein design with RFdiffusion All-Atom A) Schematic
depicting the denoising of a residue gas into a small molecule binder. B) Binder design
models for four representative small molecules (top row) are nearly identical to the AF2 pose
prediction from single sequence alone. Two models are shown (second and third rows) to
illustrate design diversity (for more extensive evaluation of diversity, see Figure . C)
Comparison of protein-only
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RFdiffusion with the substrate modeled implicitly using an attractive/repulsive potential
against RFdiffusionAA with and without attractive potential. Top: GALigandDock evaluated
binding G (minimum of eight Ligand MPNN sequences). In all cases, RFdiffusionA A produces
protein-ligand interfaces with a lower computed dG than RFdiffusion. Bottom: proportion of
designs with RMSD to AF2 prediction less than the value specified by the x-axis (minimum
of eight LigandMPNN sequences). The fraction of designs with less than 2A RMSD to
AF2 are highlighted; in all cases, RFdiffusionAA produces more self-consistent designs than
RFdiffusion. Two of the small molecules are quite distinct from any of the molecules in the
training set (Tanimoto similarity < 0.5; IAI: 0.50, OQO: 0.46); the design metrics for the
binders to these models are similar to those of previously seen ligands, suggesting that the
model has considerable ability to generalize not only in protein topology and structure but
also in interactions with non-protein targets.
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Figure 2.12: Diversity of small molecule binders generated by RFdiffusionAA. To assess
diversity among the generated binders for a given task we perform an all-by-all TMAlign of
100 unfiltered designs. We then perform agglomerative clustering at TM-score thresholds
from 0 to 1, such that every design within a cluster has a TM-score to every other design in
that cluster less than that threshold and report the number of clusters. Left shifted curves
correspond to more clusters at less stringent clustering criteria and thus more diverse designs.
We observe that for ligands that appear frequently in the training set [FAD, SAM|, the
binders generated are less diverse than those designed against ligands with low similarity
to any ligand in the training set [IAI, OQO] as the network has come to recognize some
of the canonical binding modes of common ligands. To contextualize the magnitude of
this difference in diversity we show the same analysis using RFdiffusion when generating
unconditional samples vs. RFdiffusion generating motif-conditional samples. RFAA designs
have comparable diversity to conditional samples from RFdiffusion.
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Figure 2.13: A) Mean TM-score to all hits in the training dataset for each of 400 designs.
Designs against an already-seen ligand have a higher mean TM-score on averages to proteins
in the training dataset that possess the ligand than to the training dataset as a whole. B)
Maximum TM-score to the training dataset for each of the 400 designs. The most similar
protein to a design in the entire training dataset is substantially more similar than any
protein in the training dataset which possesses the ligand, i.e. designs made against an
already-seen ligand are not memorized examples from the training dataset for that ligand.
C) Designs filtered to only those that are self consistent (AF2 RMSD < 2A), to show that
the novelty demonstrated in (B) is not owed to backbones that would not fold. D) Teal:
The design with median TM-score to the training set with the same ligand bound, White:
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Figure 2.14: Characterization of heme-binding proteins obtained with RFdiffusionAA,
HEM 1.D7 to HEM 2.B11. The 4th column shows the UV /Vis spectra of the purified
heme-loaded protein at approximately 10 M (blue), and the putative axial Cys/Ala mutant
at 10 M, mixed with 2 uM hemin (red trace), along with free hemin at 2 uM (gray). The
5th column shows changes in the UV /Vis spectra, upon heating the protein sample to above
86 °C. The last column shows the CD spectra at increasing temperatures up to 95 °C.
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Figure 2.15: Characterization of heme-binding proteins obtained with RFdiffusionAA,
HEM 2.C3 to HEM 3.B12. The 4th column shows the UV /Vis spectra of the purified
heme-loaded protein at approximately 10 uM (blue), and the putative axial Cys/Ala mutant
at 10 uM, mixed with 2 uM hemin (red trace), along with free hemin at 2 uM (gray). The
5th column shows changes in the UV /Vis spectra, upon heating the protein sample to above
86 °C. The last column shows the CD spectra at increasing temperatures up to 95 °C.
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Figure 2.16: Characterization of heme-binding proteins obtained with RFdiffusionAA,
HEM 3.C7 to HEM 3.D9. The 4th column shows the UV /Vis spectra of the purified
heme-loaded protein at approximately 10 M (blue), and the putative axial Cys/Ala mutant
at 10 M, mixed with 2 uM hemin (red trace), along with free hemin at 2 uM (gray). The
5th column shows changes in the UV /Vis spectra, upon heating the protein sample to above
86 °C. The last column shows the CD spectra at increasing temperatures up to 95 °C.
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Figure 2.17: Characterization of heme-binding proteins obtained with RFdiffusionAA,
HEM 3.E6 to HEM 3.G7. The 4th column shows the UV /Vis spectra of the purified
heme-loaded protein at approximately 10 uM (blue), and the putative axial Cys/Ala mutant
at 10 uM, mixed with 2 uM hemin (red trace), along with free hemin at 2 uM (gray). The
5th column shows changes in the UV /Vis spectra, upon heating the protein sample to above
86 °C. The last column shows the CD spectra at increasing temperatures up to 95 °C.
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Figure 2.18: Crystal structure of HEM _3.C9 (PDB id 8vc8). A) Electron density corre-
sponding to heme (2Fo — Fc omit map contoured at 10). B) Detailed view of the heme-binding
motif. Heme is ligated by Cys-140 with Fe-S distance of 2.4 A. Arg-139 extends out to form a
hydrogen bond with one of the heme propionates. Cys-140 and Pro-141 form the N-terminus
of a helix, akin to the binding motif in native unspecific peroxygenases. Cys-140 sulfur atom
is further supported by a hydrogen bond with the backbone amide NH of Leu-143 (r(N-S) =
3.3 A). C) A water-filled channel connecting the heme binding site with the surface of the
protein. Orange arrow denotes equivalent water molecules (red spheres) in the left and right
panels.
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Figure 2.19: Designed biliproteins. A)) Molecular topologies and electrostatic space-filling
models; molecular topologies of the positive control (CpcA) and three RFdiffusionAA designs
(C11, F9, and H4) and their electrostatic space-filling models (blue = positive; red = negative).
B) Normalised absorption spectra of CpcA, C11, F9, and H4 with images of the colored
purified protein solutions. C) Normalised absorptance and relative emission profiles of
Cpca and the designed proteins. These measurements were used to calculate the relative
fluorescence yield of the designed proteins (C11, H4, and F9 - 57.6%, 17.1%, and 38.4%,

respectively) with CpcA set as 100%. Green area under the graph expressed as absorptance
and red area under the graph as fluorescence.
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Figure 2.20: Correlation between coulombic charge surrounding bilin and the maximal
absorption wavelength.
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Figure 2.21: Comparison of PEB bilin absorption in the absence of a binding protein, with
the C11 designed protein, and with a non-binding control protein. Three E. coli BL21(DE3)
strains harbored a plasmid for synthesizing PEB and the CpcE/F bilin lyase. One strain
contained just this plasmid, the second also contained a plasmid for the synthesis of C11
or maltose binding protein (MBP). Cells were grown in 500 ml of LB medium and gene
expression was induced when culture reached OD600 0.6 using 1mM IPTG for 16-18 h at
16 °C. Cells were resuspended in lysis buffer (50 mM HEPES, 500 mM NaCl pH 7.6 with
protease inhibitors, DNase I and lysozyme), sonicated and centrifuged to generate cell-free
extracts (CFEs). A) Image of CFEs. B) Absorption spectra of theCFEs showing that
PEB only acquires strong 573 nm absorption in the presence of C11. The weak 540 nm
feature arises from PEB bound to the lyase. C) Image of eluates following fractionation of
supernatants by immobilized metal chelate affinity chromatography. MBP was purified on
an amylose column. D) Absorption spectra of the eluates. The featureless spectra for the
PEB-+lyase and PEB+lyase+MBP samples appear as overlapping flat lines. The presence
of the highly absorbing band at 573 nm shows that C11 retains tightly bound PEB during
purification.



47

Design with closest Closest TM Score
TM Score to PDB Hit in PDB
with similar ligand
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|:| Ligand In Design
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Heme (Closest TM: 0.62)
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[ Chain with Closest TM-Score to Design
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Figure 2.22: Novelty of experimentally characterized proteins. For each design case, we
found the design with the highest TM score to a protein chain in the training set out of all
experimentally successful designs. For all hits in the training set, we measure whether a
similar ligand (Tanimoto > 0.5) is present in the PDB entry containing the TM align hit.
For each design task, we show the designed protein, the entry with the closest TM score and
bound to a similar ligand, the superimposition of the design into the closest TMalign hit and
finally a zoom into the binding site of the designed interface (ligand in yellow) and interface
with the similar ligand in the training set (ligand in pink). In all cases, the closest entry with
a similar ligand in the training set by TM score is below 0.62 and the binding mode of the
similar ligand is quite different compared to the binding mode for the designed protein.
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Figure 2.23: Comparisons to AlphaFold2 and RoseTTAFoldNA on protein structure prediction
and protein-nucleic acid interface prediction. A) Comparison of RFAA to AF2 and RF2
on protein monomer structure prediction based on a set of 126 structures from CASP14
(TBM-hard, FM/TBM, and FM). Each prediction is scored on GDT to the native structure
and colored by difficulty. B) Comparison of RFAA to RFNA on protein-nucleic acid complex
prediction on a dataset of 89 recently solved structures that were not in the training set of
either method.
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2.10 Materials and Methods

2.10.1 Dataset Curation

The datasets used to train RosettaFold All-Atom can be broadly grouped into three categories:
protein-only, nucleic acid, and small molecule datasets. In this subsection, we describe the
curation of each dataset. During training, protein sequence clusters are sampled within
each dataset (further discussion of how often each dataset is sampled in subsection [2.10.6)).
Multiple Sequence Alignments (MSAs) and templates were generated as in RoseTTAFold2
(RF2) [10]. For MSAs, hhblits [I08] was ran at successive e-value cutoffs until 10000 unique
sequences with >50% coverage were found. For templates, HHsearch [I15] was ran to find a

maximum of 500 templates with probability >5%.

Protein-Only Datasets

Datasets with protein-only examples come from both the Protein Data Bank (PDB) [17] and
the AlphaFold2 (AF2) [72] distillation set.

PDB Monomers and Protein Complexes Similar to RF2 [10], we train on protein
monomer and protein complexes structures deposited into the PDB before April 30, 2020
with resolution below 4.5A. For each chain, we find all contacting chains in all bioassemblies
and featurize pairs of homomeric and heteromeric proteins by cropping around the interface.

In cases where heteromeric complexes are from the same organism, we provide paired MSAs.

AlphaFold 2 Distillation Data We train RFAA on a set of UniRef50 structures predicted
by AlphaFold2 in [66]. We follow RF2 and augment our training data with structures with
AF2 mean pLDDT >70. We apply backbone losses for all structures but only apply sidechain
losses for residues with AF2 pLDDT >90. The structures were predicted with only MSAs

and no templates and we do not use templates for these examples in training.
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Nucleic Acid Datasets

We follow RoseTTAFold nucleic acid (RF-NA) [12] train on protein-nucleic acid complexes

and RNA structures. The training setup is identical to the training set for RF-NA.

Small Molecule Datasets

This subsection deals with data that involves non-polymer small molecules (or non-linear
polymers such as sugars), generally bound to a protein. Each item in the various small
molecule datasets is represented by a selected subset of chains from a PDB entry. We build
the dataset by iterating through each entry in the PDB with a bound, non-polymer chain.
For each non-polymer chain, we first discard that entry if it is considered “non-biological” (see
subsection . Otherwise, we treat that chain as a query ligand of interest and compute
a list of every chain in that entry that contacts it (see subsection . We maintain a
running list of transformations operate on each chain’s coordinates to place it into a global
reference frame: this is necessary for symmetric assemblies in the PDB where a single chain
may represent multiple copies of identical molecules in different, symmetric positions. In all
cases, hydrogens are not modeled. Finally, we compute MSAs and templates for each protein

chain contacting each query ligand in the same manner as in subsection [2.10.1]

This definition of dataset item implies that a single PDB entry can comprise of multiple items
in the dataset corresponding to different query ligands. For example, the PDB entry ‘5nag’
corresponds to two entries in our dataset: one for each bound ligand (FAD and 8R5). At
training time, we crop each entry around the query ligand (further description in subsection

2.10.3)), resulting in different contexts for the two query ligands.

We also note here that we only include in our small molecule datasets those PDB entries

that are present in either the PDBBind [128] or BioLip [141] datasets.

Ligand Filtering We find that many of the non-polymer entities in PDB entries are
non-biological: that is, they represent solvents or crystallization additives rather than binding

partners found in a biological context. We curated a list of 3-letter component identifiers
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Table 2.1: Nonbiological Molecules

NUC, ZN, CA, MG, 1II, MN, FE, CU,
SF4, FE2, CO, FES, GOL, NA,
CL, K, CU1, GOL, XE, NO2, EDO,

NI, BR, CD, O, CS, NO, TL, HG, UNL, KR,
SR, RB, F, AG, AR, U, AU, MO, SE, GD,
YB, VX, SM, LI, RE, N, W, 0S, HO, PI,

EDO, PG4, OGA, SO4, HEZ, FEO, CL, DMS,

ACT, MPD, GOL, NH2, CUA, SIW, PGW, 10D,

BR, 3NI, ZRW, 78M, UNX, MES, CCN, PO4

(which have up to 3 letters) from the PDB corresponding to such non-biological molecules
based on the BioLip database [I41] and our own manual inspection as shown in Table

For example, GOL is the three letter code for glycerol, a common solvent.

We remove all non-biological from our training set as they generally represent non-specific
binding partners and/or molecules held in place by a crystal lattice rather than by protein
interactions. We note that the list in Table may not be exhaustive, but it filters out the

most common examples we observed in the PDB.

Contacting Chains A protein chain is considered “in contact” with the query ligand if at
least 5 Cov atoms of that protein chain are within 30A of any atom in the query ligand or if
any atom in the protein chain is within 5A of any atom in the query ligand. This definition
of contacting protein chain allows for a broad biological context in which to predict the query

ligand of interest.

A non-polymer chain is considered “in contact” with the query ligand if at least one atom of
that chain is within 5A of the query ligand, or if all atoms are within 30A of the query ligand.
The model thus learns to predict not only the relative positions of a ligand and its protein

binding partners, but also associated cofactors in the same or nearby binding pockets.

Covalent Modification Dataset We separate query ligands that are covalently bonded

to a protein into a distinct and separate dataset. For each such query ligand, we filtered out



52

Table 2.2: Selected Metals

LA, NI, 3CO, K, CR, ZN, CD, PD, TB,

YT3, 0S, EU, NA, RB, W, YB, HO3, CE, MN, TL,
LI, MN3, AU3, AU, EU3, AL, 3NI, FE2, PT, FE,
CA, AG, CUL, LU, HG, CO, SR, MG, PB, CS, GA,
BA, SM, SB, CU, MO, CU2

those that involved a covalent bond between an oxygen atom on the ligand and an oxygen
atom on the protein, as well as protein-ligand fluorine-flourine bonds, covalent bonds to
hydrogen atoms, and all cases where the length of the protein-ligand covalent bond was less
than 1A. We find that such covalent protein-ligand bonds are usually between a protein and

a non-biological small molecule, as described in subsection [2.10.1

Metal Ion Dataset We also separate query atoms that represent metal ions into a distinct
dataset. In order to avoid expanding the vocabulary set of our model too greatly and
potentially introducing non-specific metal binding sites into the dataset, we only train on the

metals whose 3-letter PDB codes are listed in Table 2.2

Small Molecule Datasets Every remaining query ligand can be grouped into one of the
following groups: multi-residue, multi-protein assembly, and single-protein assembly. We

describe the three sub-datasets here:

1. Protein/Small Molecule Complex: Dataset containing all single residue small
molecules that only interact with a single other protein chain. However, the query

ligand in each item of this dataset lies on a single residue in the PDB entry.

)

2. Protein/Multi-Residue Ligand Complex: Dataset containing all “multi-residue’
ligands. Such ligands exist as multiple residues (or a single residue with multiple
bioassembly transforms) in their respective cif file, and usually represent sugar chains

or small peptides.

3. Protein/Small Molecule Assembly: Dataset containing non-protein biomolecular
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Dataset Sequence | Examples
Clusters
Protein Monomer 21,648 301,934
AF2 Distillation Set 1,036,080 3,605,951
Protein Heteromer 13,755 183,821
Protein Nucleic Acid 1,235 17,240
RNA 1,449 6,522
Protein Small Molecule 5,662 121,800
Protein Metal Complex 5,324 112,456
Protein Multi-Residue Ligand 613 4,775
Protein Small Molecule Assembly 2,564 43,838
Covalent Modification 1,099 12,689

context (small molecules, covalent modifications, multi-residue ligands, metal ions) and
> 1 protein chain. This dataset is distinct from 1. because we generate paired MSAs

when there are two or more distinct (heteromeric) protein chains in a complex.

Dataset Clustering We cluster each entry in each dataset by their primary protein
partner. For protein-only datasets, this is either the protein monomer, or in the case of
hetero-oligomers, we arbitrarily select the first chain that appears in the PDB entry as the
primary chain. For nucleic acid and small molecule datasets, we designate as the primary
protein partner the protein chain with the greatest number of atoms within 5A of the query
nucleic acid/ligand. All items in each database are then clustered using MMSeqs2 [116] using

the default hyper-parameters and subsequently used for dataset sampling at training time.

Final Statistics After all the filters were applied, we kept chains that have resolution
< 4.5A and that were deposited in the PDB before April, 30th, 2020 for the purposes of
held-out evaluation on PDB entries from 2021 onward. 10% of protein sequence clusters were
held out of training for validation during training. The final number of items and clusters
in each dataset is shown in Table 2.3l The number of validation items and clusters in each

dataset is shown in Table 2.4
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Table 2.4: Number of Protein Sequence Clusters In Each PDB Validation Dataset

Dataset Sequence | Examples
Clusters
Protein Monomer 1,206 47,094
Protein Homomer 682 25,284
Protein Heteromer 1792 24,454
Protein Nucleic Acid 79 1,272
RNA 153 720
Protein Small Molecule 354 18,110
Protein Multi-Residue Ligand 51 302
Protein Small Molecule Assembly 163 6,165
Covalent Modification 80 1,834

CSD Dataset

In addition to molecules in the PDB, we augment our training dataset with small molecule
crystal structures from the Cambridge Structure Database (CSD v5.43; November 2021) [54].
We filter structures based on the following metrics: 1) resolution < 5A, 2) not polymeric, 3)
greater than 5 atoms resolved, 4) less than 100 atoms resolved, and 5) ability to be parsed
by OpenBabel [93]. We sample molecules with equal probability and separate a validation

set that does not have Tanimoto score >0.75 to any molecule in training.

Negative Datasets

Following RF2 and RF2NA, we use a set of “negative” interactions to help the network
focus on relevant features that constitute binding. Briefly, for proteins this means showing
examples where we randomly pair chains and only assess a loss on each individual chain and
for nucleic acids it involves mutating bases that make essential contacts for the formation of

the complex. Negative examples were not shown for any small molecule dataset.
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Table 2.5: Element Tokens in RFAA

Al, As, Au, B, Be, Br, C, Ca, CI,
Co, Cr, Cu, F, Fe, Hg, I, Ir, K, Li,
Mg, Mn, Mo, N, Ni, O, Os, P, Pb, Pd,
Pr, Pt, Re, Rh, Ru, S, Sb, Se, Si,
Sn, Th, Te, U, W, V, Y, Zn

2.10.2 Modeling Arbitrary Biological Inputs

Architectures for modeling both protein structures and nucleic acid structures have been
previously described. In this subsection, we describe the necessary changes to such architec-
tures to model small molecules, covalent modifications to protein structures and arbitrary

non-canonical amino acids.

Expanded Input Sets

The most significant architectural change from existing protein structural networks is the

expanded input features that RFAA takes in, which we describe in the following subsections.

New Tokens The original RoseTTAFold architecture had 22 tokens: 20 amino acids, 1
unknown and 1 gap token. The RF-Nucleic Acid expanded this token set by 10, adding
8 distinct tokens for the 4 DNA and 4 RNA bases, and 2 tokens for unknown DNA base
and unknown RNA base, respectively. The RFAA architecture includes 46 additional tokens
representing individual atoms with the element types shown in Table a token for
deprotonated histidine (unused in practice, left in for legacy reasons) and an unknown atom

token for a total token count of 80.

Bond Connectivity When predicting structures of arbitrary molecules, it is important for
the network to know the bond connectivity of those molecules. To provide this information
to the network, we pass in the bond connectivity of input molecules as a 2D bond adjacency
matrix as an input. We designate 7 bond types representing single bond, double bond, triple

bond, aromatic bond, residue-residue (or base-base), residue-ligand atom bond and other
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Table 2.6: Bond Types in RFAA

Bond type Encoding
No bond 0

Single 1

Double 2

Triple 3
Aromatic 4

Protein residue-residue or nucleic | 5

acid base-base

Residue-atom 6

Other 7

bond type. In practice, the “other” bond type is not used but exists for historical reasons.
The residue-residue “bond” type exists to be able to provide bond features for protein and
nucleic acid inputs, so that the input bond matrix is always of the same dimension as the
input. Residue-atom bonds exist in order to do a process we call residue atomization, which
is used to model ligands that are covalently bonded to a residue and arbitrary non-canonical

amino acids. This process is described further in subsection [2.10.3]

Chiral Features Another key bias in more generalized biomolecular modeling is chirality.
Aforementioned features like atom types and bond connectivities are not sufficient to specify
the chirality of input molecules, so we provide chiral features explicitly to the network at
each chiral center. In this work, we only deal with tetrahedral chirality and leave more

complicated forms of stereochemistry to future work.

For each tetrahedral chiral center, we enumerate all sets of three heavy atom neighbors in
all orders. For each ordering, we compute the pseudo-dihedral angle between those four
points (center and 3 heavy atoms) and note whether that angle is positive or negative, which
determines the chirality of the center uniquely. For ideal tetrahedral geometry, the magnitude

of the dihedral angle is arcsin(1/+/3). See subsection [2.10.4| for further details.

We compute the difference between the predicted dihedral angle and the ideal dihedral angle

of the chiral center, and pass the coordinate-wise gradients of the difference as an input to
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the 3D track of the network. This representation of chirality provides direct signal to the
network on how to update atomic coordinate positions in order to obey the ideal tretrahedral

geometry. This process is described further in subsection [2.10.4

Atom Frames Key to the success of AF2 and RF2 is the frame aligned point error loss [72].
This involves aligning N-Ca-C backbone frames of predicted structures to true structures and
then measuring the error of all the other predicted atoms with respect to the true structure
in that alignment. This loss has attractive properties for biomolecules such as not being
invariant to reflections which allows the network to predict correct chirality. We construct
canonical frames for each atom in small molecules comprising of atoms and their bonded
neighbors. We achieve this by iterating through all bonded triplets of atoms and assigning
each triplet a priority based on the bonded atoms, depicted in Table The process for

constructing canonical frames from a ligand is outlined below:
1. Construct a graph where each node is an atom and each edge is a bond.
2. For each atom in the graph:

(a) Enumerate through all paths of length three containing that atom. If there exist

paths such that the given atom is in the center, exclude all other paths.

(b) Compute frame priorities for each atom in each path and make a list of frame

priorities in increasing order.

(¢) For each such path of length three, sort them by lexicographic atom frame priority,
e.g. for two paths A and B, path A will appear before path B if and only if either
the lowest frame priority in path A is less than the lowest frame priority in path
B, or they are equal and the second lowest frame priority in path A is less than

the second lowest in path B, and so on.

(d) The first path in the lexicographic order is chosen as the frame for this atom, and

the order of the frame is determined by frame priority in increasing order.
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This process deterministically computes a local coordinate frame for each atom in arbitrary
molecules (with at least 3 atoms). If a frame has an unresolved atom, it still is assigned
as the canonical frame but is not used in loss calculation. The usage of the atom frames is

further discussed in subsections [2.10.4] [2.10.5 and 2.10.5] Importantly, these features are

constructed from the bond graph so they maintain the permutation invariance of the inputs

to the network.

Element Type Priority
K 0
Li 1
Ca 2
Mg 3
Be 4
Y 5
Th 6
U 7
\Y 8
W 9
Mo 10
Cr 11
Re 12
Mn 13
Os 14
Ru 15
Fe 16
Pr 17
Ir 18
Rh 19
Co 20




Pt 21
Pd 22
Ni 23
Au 24
Cu 25
Hg 26
Zn 27
Al 28
B 29
Pb 30
Sn 31
Si 32
C 33
Sb 34
As 35
P 36

37
Te 38
Se 39
S 40
O 41
I 42
Br 43
Cl 44
F 45

Table 2.7: Frame Priorities of Atoms in RFAA

99
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Positional Encodings To break permutation symmetry for sequences, we use a signed
relative positional encoding for protein sequences and nucleic acid bases [72]. Atomic graphs
require permutation symmetry so we do not provide a relative positional encoding. For atomic
inputs, we provide a separate embedding that measures the shortest distance between any
pair of atoms in the bond graph described in subsection 2.10.2l We develop a generalization
of these two embeddings for cases where atom nodes are bonded to residues to encode the

distance between an atom and its closest bonded residue. Further details are provided in

subsection 2.10.4]

2.10.8 Data Pipeline

Our data pipeline involves taking raw data from cif files and formatting the data into input
tensors for the network. We first will describe the inputs to the network and then go through
details of how each dataset is preprocessed. We use OpenBabel to parse the ideal sdf files
for each PDB but do not use any chemical quantities computed by it (just element types,
bond types and whether an atom is chiral center). We find this to be preferable because
OpenBabel can process all ideal sdf files provided by the PDB so we do not exclude examples

because of parsing errors. We compute the direction of the chiral center as discussed in

subsection 2.10.4]

Inputs for RFAA

Remaining features such as MSAs and templates are handled identically for proteins to RF2.
The coordinate dimension, 36, reflects the maximum amount of heavy atoms and hydrogens
possible in a residue or base. The small molecule tokens are appended to the first sequence
in all the MSA features and the remaining MSA sequences are initialized with gap tokens.
Small molecules receive empty template features which are concatenated block diagonally to

the protein features. A detailed description of the inputs are shown in Table

Input (dimension) Description




msa_ masked

(Nnum_clusters ) Lv 164)

Clustered MSA with some portions of the se-
quences masked. For atom nodes, the first se-
quence has its respective atom tokens and then
remaining sequences are filled with gap tokens.
(80 raw msa, 80 cluster statistics, 2 insertion-

s/deletions, 2 Nterm/Cterm)

msa_ full

(Nnumisequences . L, 80)

Full MSA clipped at 1024 sequences.

seq

First row of the MSA. In this case, the protein

(L, 80) sequence and any atom tokens, including mask
tokens.
idx Residue index of each residue in the input. This

(L)

input must be provided for atom nodes but has no

semantic meaning (it is unused by the network).

bond__ feats
(L, L, 7)

Pairwise bond adjacency matrix. Pairs of
residues are either single, double, triple, aromatic,

residue-residue, residue-atom or other.

dist _matriz

(L, L)

Minimum amount of bonds to traverse between

two nodes. This is 0 between all protein nodes.

chirals

(Lnum_chiral_centers ) 5)

All orderings of 4 atoms around a chiral cen-
ter (first four dimensions) and the ideal pseudo-
dihedral angle formed by that ordering of atoms
(fifth dimension).

61



62

atom__ frames

(Lnum_atomSu 3) 2)

Indices that form frames for each atom node
in the input. The second dimension represents
that there are three atoms in each frame. The
third dimension represents an offset in the node
dimension because atom frames go across nodes

and the absolute index in the atom dimension.

tid
(Nnum_templates> L7 80)

1D template feature. First, 79 represent the
"sequence" (residue/atom types) of the templated
structure. Last dimension represents residue wise

template confidence.

t2d
(Nnumitemplates, L> La 64)

2D template information which gives the binned
distances and angles between frames (N-Ca-C

for proteins, designated atom frame for atoms)

alpha_t
(Nnum_templates> L7 30)

Sidechain torsion angles from templates (10 an-
gles x sin, cos and whether the angle exists in

the structure for each residue)

msa__ prev

(Nnum_clusters ) L7 Cm)

Recycled MSA features. C,,=256 (number of 1D

channels)

pair_prev

Recycled pair features. C,=192 (number of 2D

(L, L, Cp) channels)

state_prev Recycled state features. C3=32 (number of 3D
(L, Cs) 00 channels)

TYZ_ Prev Recycled XYZ coordinates. On first iteration,
(L, 36, 3) this is set to the coordinates from the first tem-

plate. If no templates, coordinates are initialized
at the origin with random noise (between -2.5

and 2.5A) applied.
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sc_ torsions_ prev Recycled predicted sidechain torsion angles.

(L, 30)

Table 2.8: Inputs to RFAA

Featurization of Symmetric Permutations

When featurizing multimers (empirically in the homomer and small molecule assembly
datasets), there are often identical chains that, if swapped, result in the identical complex.
We want the gradient of the loss to push the network towards the relabeled complex that is
closest to the prediction so during preprocessing we track which chains can be swapped so
that we can deconvolute which permutation to apply the loss on during training. We use the

same scheme to account for permutation swaps of atoms in small molecule structures.

Featurization of Protein Small Molecule Complexes

A similar preprocessing procedure was followed for the small molecule protein complex
dataset, the multichain residue ligand dataset, the covalent modification dataset and the
protein-small molecule assembly dataset (multiple contacting protein chains). Each training
example centers around a single query molecule in a specific bioassembly. Based on the details
of the bioassembly features for the nearest chains (both protein and other small molecules)
are constructed. There are two types of biomolecular contexts that are sampled stochastically.
First, metal ions in the presence of other small molecules are sampled stochastically because
often is is not a priori known when solving a structure whether there will be a metal
crystallized in the pocket. Second, if there modified residues present in the cif file, they are

featurized as an atomized residues rather than their canonicalized version.

Due to memory restrictions, we then perform a cropping procedure to select a subset of
nodes to represent a training example. The cropping procedure samples a random atom on
the query molecule and computes the distance to all other atoms or Ca atoms in proteins.

It then selects the top n_crop nodes to include in the crop. In our early experiments we
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found that sometimes, there were protein chains that were either too short or far away from
the ligand in euclidean space that were included in the crop with insufficient context to be
predicted accurately. In these cases, the gradient was dominated by the incorrect prediction
of those protein chains and not on the correct docking of the small molecule. To remedy this,
after finding the top n_ crop nodes, we iterate through all the protein chains that were in the
crop and remove any chains with <10 contacts to other nodes in the crop or with less than 8
residues. After these chains are removed, we noticed that certain molecules in the crop also
did not have sufficient contacts to be docked so we iterate through all the molecules in the
crop and remove any molecules that have <4 contacts to a protein chain. The exact logic is

shown in[1l

It is evident from this cropping process that full subunits in large symmetric assemblies
could be cropped out. Since we compute potential symmetric relabeling of chains before
cropping (see subsection , certain chains that were computed as potential symmetric
relabelings are no longer valid (specifically because the small molecule context should drive
the network to predict a specific interface when a symmetric oligomer could have multiple
distinct protein-protein interfaces). After cropping, we reiterate through the precomputed
symmetric permutations and remove those that are no longer possible given the chains that

were removed during cropping.

Featurization of Atomized Protein Fxamples

Training examples for atomized proteins first are featurized identically to protein monomer
examples (except the stochastic homomer featurization is turned off, see subsection .
After cropping, a number of residues is sampled from Uniform(3,5) and that number of (fully
resolved) contiguous residues is chosen for atomization. If there are not enough valid residues
in the crop to atomize, we treat the example as a monomer example. We then take that
selection of residues, featurize them using all the small molecule features (atom tokens, bond
features, chirality inputs). We also provide bond tokens to indicate bonds between the first
N token in the atomized region to the previous residue and the last C token to the following

residue. Finally, the MSA and template information for these residues is removed from the
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Algorithm 1 Cropping for SM Complex Datasets

10:
11:
12:
13:
14:
15:
16:
17:
18:
19:
20:
21:
22:
23:

proteins
24:
25:
26:
27:

1
2
3
4
o:
6
7
8
9

: function CROP_SM_ COMPL(zyz, query_mol, Nerop)

atomguery < Uniform(atomsqyery mol)
d = ||2Y2atomguer, — TYZ| b distances between query atom and all Cas
keep < n_lowest_values(n = nepop, D)
for chain=0... N, chains dO
if any(keep in chain) then
keep -+= all(atoms in chain) > do not crop ligands
end if
end for
keep atoms < atoms in keep
for chain=0... Nprotein _chains dO
keep chain < keep in chain
dca = H:Eyzkeep_chain - wyzkeep_atomsn
if Count(keep chain) < 8 OR Count(dq, < 4) < 10 then
keep -= keep chain > remove chains with few contacts to small molecule
end if
end for
keep residues < residues in keep
for chain=0... Ng, chains dO
keep atom_chain < keep in chain
da?“ = ”xyzkeepiatomichain - xyzkeepiresiduesH
if Count(d,, <4) < 4 then
keep -= keep atom chain > remove small molecules with no contacts to

end if
end for
return keep

end function
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input features so the network must learn how to generate their structures and poses from
the atomic information. Practically, we precompute the atoms, bonds and chiralities of each
atom in each residue and convert the features as shown in Algorithm [2| Symmetric swaps of

sidechain atoms are accounted for in the same manner as subsection 2.10.3

Algorithm 2 Atomization of Protein Residues

1: function ATOMIZE PROTEIN(residue indices, seq, *protein_features)

2: atoms <— CONCAT (atoms_in_residues(seq|residue indices|))
3: bonds «+~ BLOCK DIAGONAL(bonds in_residues(seq|residue indices|))
4: bonds += atomized peptide bonds > add peptide bonds between adjacent

atomized residues
5 chirals « chirals per residue(seq|residue indices|)
6 frames = get _atom_frames(atoms, bonds)
7: DELETE *protein_ features|residue indices|
8: end function

Featurization of Covalently Bound Ligands

Covalently bound ligands are preprocessed very similarly to small molecule complexes. The
covalent modifications are modelled just as other ligands would be. The residue that has the
covalent bond to the ligand is atomized using the same method as subsection The
atom in the ligand and the atom in the atomized residue is provided in the bond features (eg.
single bond between atom i from modification and atom j in atomized residue). All other

featurization (protein MSA, templates etc) remains the same as other datasets.

Featurization of Metal Ions

Metal Ions are provided to the network as a single atom ligand. The only difference is that
since metal ions only have a single atom, they do not have their own canonical frame. In
these cases, the network does not receive a frame input and there is no loss calculated with
respect to the frame of the ion (there are still gradients from the error of the placement of

the ion with respect to the other frames in the structure).
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Featurization of CSD Small Molecule Crystals

Asymmetric units of crystal lattices from the CSD are featurized identically to small molecules
that are bound to proteins. The network is then tasked with predicting the atomic coordinates
of the molecule. Molecules with less than 5 atoms, greater than 100 atoms, polymers or
resolution >5A are discarded from the dataset. Remaining molecules that could be parsed

by OpenBabel were used to train the network.
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2.10.4 Algorithm Details

The architecture of RFAA is similar to RF2. The network accepts 1D, 2D and 3D inputs
and treats structure prediction as a graph inference problem where the objective is to find
edges in the graph where edges are distances in euclidean space. The outputs of the model
are predicted coordinates, confidence measures and the latent embeddings from the three
tracks. There are 3 main stages of the network, the embedding stage, the simulator stage and
the refinement layers. Similar to AF2 and RF2, the network employs recycling where latent
features (shown in Algorithm [3]) from previous forward passes to the network are provided to
future iterations. Here, we will mainly cover the places where our implementation diverges
from RF2. Importantly, the RFAA architecture has three main features that are passed
throughout the network, msa, pair and state. msa are features from the 1D track, pair are
features from the 2D track and state are node-wise features from the 3D track. The outputs
of the network include zyz and sc_ torsions which are the predicted backbone coordinates
and predicted side chain torsion angles respectively (which can be used to construct the
full atom coordinates). For clarity, intermediate outputs of the network are in italics and
preprocessed features are in plaintext.

Similar to RF2, the first four blocks process the msa_ full features. In these layers, the

Algorithm 3 Recycling Iterations

msa, pair, state = 0, 0, 0
Xyz, sc_torsions = Uniform(-2.5,2.5), 0 > or template structure if available
for i=0... N¢yee do

msa, pair, state, ryz, sc_torsions = RFAA(*input_features, msa, pair, state, xyz,
sc_torsions)
5: end for

network uses global column attention over the full MSA instead of column attention and
biased row attention used in the 36 main blocks. This portion of the network is meant to
extract extra information for cases with deep MSAs. Similar to all blocks in RFAA, there
are predicted structures generated for each block and the features from those bias the future
interactions of the network. The implementation of these are unchanged from RF2 (except

the additional atomic context is also processed), the intuition being that these layers are
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mainly for MSA processing that is not applicable to atomic graphs.

The next 32 layers are the main blocks of the network. They process the msa_masked
features along with the biomolecular context. The main block logic is shown in Algorithm

Each block in RFAA has five steps, first the computation of the structure bias from the

Algorithm 4 RFAA Forward Pass

1: function RFAA(msa_ masked, msa_full, seq, idx, bond feats, dist matrix, chi-
rals, atom frames, t1d, t2d, alpha t, msa prev, pair prev, state prev, xyz prev,
sc_torsions_ prev, Nfulliblocks:4v Nmainiblocks:?)Za N’refiblocks:4)

2: msagy = MSA_Full_Embed(msa_ full)

3: MSAcyster, Pair, state = MSA  Cluster  Embed(msa_masked, seq, idx, bond _feats,
dist matrix)

4 pair += Bond Embed(bond _feats)

5 MSAclystern, PALT, state += Recycle Embed(msa_prev, pair_prev, state prev,

6: Xyz_prev, sc_ torsions) > Only update first row of MSA

T: pair, state += Template Embed(t1d, t2d, alpha_t, pair, state)

8 for i=0. .. Nfull_blocks do

9 Stopgrad(xyz)

10: msa gy, pair, state, xyz, sc_torsions = Full_Block(msa_ full, pair, state, zyz)

11: end for

12: for i=0... Npain blocks dO

13: Stopgrad (xyz)

14: chiral grads = calc_ chiral grads(zyz, chirals)

15: MSAcysters PAIT, State, xyz, sc_torsions = Main_ Block(msacyster, pair, state, xyz,
idx, bond _feats, dist matrix, chiral grads, atom frames)

16: end for

17: for i=0. . -Nref blocks dO

18: Stopgrad(xyz)

19: chiral grads = calc_chiral grads(zyz, chirals)

20: clash 11 grads, clash 10 grads = calc clash grads(zyz, sc_torsions)

21: state, xyz, sc_torsions = Ref Block(msacyster, pair, state, xyz, idx, bond _feats,

dist matrix, chiral grads, clash 11 grads, atom frames, clash 10 grads)
22: end for
23: return msacyster, Pair, state, xyz, sc_torsions
24: end function

previous block, second the msa feature update, third the update of the pair features based
on the msa features, fourth the update of the pair features and finally the update of the 3D
features. The full algorithm is shown in Algorithm 4] which has 83M parameters that are
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optimized through training.

Algorithm 5 RFAA Main Block

1: function MAIN BLOCK(msa_ cluster, pair, state, xyz, idx, bond _feats, dist matrix)

2 str_bias = RBF(||zyzca — 2yzcal|)

3 rel pos, bond dist = Positional Encoding(idx, bond feats, dist matrix)

4 str_bias += Linear(rel pos) + Linear(bond dist)

5: MmSacuster = 1D Update(msacyster, pair, state, str_bias)

6 pair = Aggregation(msa__cluster, pair)

7 pair = 2D _Update(pair, str_bias, state)

8 xyz, state, sc_torsions = 3D _Update(msacyster, pair, state, xyz, idx, bond _feats,
dist_matrix, atom frames)

9: return msacpyster, PaiT, state, ryz, sc_torsions

10: end function

1D Embeddings

The 1D embeddings are very similar to those in RF2. For the msa_ full blocks, they are
identical. The msa_full and seq input features are embedded and the embedding of the seq
features are added to every row of the msa features. The msa_masked embedding slightly
diverges from RF2 @ The msa_masked embedding begins with the exact same operations
as the msa_ full embedding that construct the initial msa features. Then, the initial pair
and state features are constructed. The pair features are constructed by embedding the seq

input with two sets of weights and then computing the outer product of the two embeddings.

At this point the relative positional encoding is added (in the msa_ full blocks the attentions
are column-wise so breaking row-wise symmetry is less important). Since atoms nodes in
small molecules are permutation invariant, we remove the positional encoding for these
nodes. When considering atomized residues which are in the polypeptide chain, we must
break permutation symmetry for these atoms. We intended to provide the network both
information about where the atoms are in the polypeptide chain and the relative distances
within the bond graph between atoms (and between atoms and residues). We devised two
encodings, the first is the signed relative position encoding (capped between -32 and 32)

similar to RF2 and the second is a relative bond graph distance (capped at 8). For each
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atom in the bond graph we compute the shortest path through the bond graph to all other
atoms. For cases where atoms are bonded to residues, we count the atom-residue bond as an
additional bond in the shortest distance feature and then provide the closest residue’s relative
positional offset. Both of these features are linearly embedded and summed (Algorithm .

Finally, the state features are initialized by embedding the seq inputs.

Algorithm 6 Clustered MSA Features Embedding

1: function MSA CLUSTER _EMBED(msa_masked, seq, idx, bond feats, dist _matrix)
2 MSAepyster = Linear(msa_masked)

3 seq = Linear(seq)

4 MSAclysterd = S€q

5: seq;, seq; — Linear(seq) > Different weights
6 pair = Outer_ Product(seg;, seq;)

7 rel _pos, bond dist = Positional Encoding(seq, idx, bond feats, dist matrix)

8 pair += Linear(one hot encode(rel pos))

9: pair += Linear(one hot encode(bond _dist))

10: state = Linear(seq)

11: return msacyster, patir, state

12: end function

Algorithm 7 Generalized Positional Encoding

1: function POSITIONAL ENCODING(idx, bond feats, dist matrix)
2 rel _pos = clip(idx; — idx;, -32, 32)
3 bond dist = clip(dist_matrix, 8)
4: if atom residue bond then > Atomized protein or covalent modification
5 closest termini = argmin(dist matrix|:, terminal N, terminal C])
6 closest residues = bonded residue(bond feats, closest termini)
7 rel pos|atomized nodes| < rel pos|closest residues| > add relative position of
closest residue for each atomized nodes
end if
return rel pos, bond dist
10: end function

Bond Embedding

We reasoned that bonds provide very straightforward constraints on pairwise distances
between atoms. We linearly embed the one-hot encoded bond graph and sum it with the

pair features to allow the network to predict accurate bond lengths and angles.
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Algorithm 8 Bond Embedding

1: function BOND EMB(bond feats)

2 bond _emb = Linear(one hot_encode(bond feats))
3: return bond _emb

4: end function

1D Track Update

The 1D track update is identical to the 1D track update in RF2. The pair features are passed
through a LayerNorm and then an embedding of the radial basis function (64 bins, 0.5 A
increments, standard deviation=0.5) of the distances from the predicted coordinates is added
to pair features. A LayerNorm is applied to the state features and then it is embedded. The
first row in the msa embedding (representing the query sequence embedding) is updated
with the embedded state features. The msa embedding is then updated with row attention
with bias from the pair features and then column-wise attention is computed to update the

msa features [11], [72] [103].

2D Track Update

The 2D track update is identical to the update in RF2. The pair features are updated using
the TriangleMultiplicationOutgoing and TriangleMultiplicationIncoming updates with 0.25
probability of dropout for each. We then apply structure biased axial attention as in RF2.
To form the structure bias, the distances between Ca (or P for nucleic acids and atom for
atom nodes) coordinates predicted at the previous block are binned with gaussian blur using
a radial basis function (64 bins, 0.5 A increments, standard deviation—=0.5). This binned
distribution is embedded to match the number of channels in the pair dimension. To gate
which distances should bias the pair features, the state features are embedded with two
separate sets of weights and the outer product of the embeddings is computed. The outer
product goes through another linear embedding, followed by a sigmoid activation function.
This final value is used as a gate and multiplied by the binned distance distribution which
represents the coordinate bias that will be applied. Row and column attention are computed

for the pair feature and the coordinate bias is added to the attention weights. Finally, a
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FeedForward layer updates the final pair representation from the block.

We did not change the functional form of the 2D update from RF2 but we expected that
the bottleneck to learning would be the 2D update which has to learn many new types of
interactions about arbitrary biomolecules. We expected that a more rich pair representation
and more attention heads would give the network enough capacity to learn the new interactions
that were shown in the training set following intuition from [72] and [20]. We increased the
number of pair channels to 192 (from 128 in RF2) and the number of attention heads per

update to 6 (from 4 in RF2).

3D Track Update

The 3D track update is where our implementation diverges the most from RF2. The goal
of the 3D track update is to use the features from the 1D and 2D tracks and predict
the coordinates of the complex. Similar to RF2, we sought to use the SE(3)-Transformer
architecture which guarantees equivariance over the group of rotations and translations by
projecting features into a basis formed by the spherical harmonics [50, 120]. The SE(3)
Transformer is a graph neural network which takes in node features for every node and
edge features for each connected pair of nodes and aggregates features across them. This
architecture uses tensor products to mix £0 (scalar features), £1 features (vector features) and
higher order ¢ features and can predict arbitrary ¢ features for each node. In this subsection,
we will describe how we formulated £0 and £1 features for each node that is modelled and

edge features between nodes. The full algorithm is shown in Algorithm [9}

Constructing /0 features The first row of the msa features (the features corresponding
to the query sequence) and the state features are passed through a LayerNorm. These values
are concatenated and then processed by a shallow network consisting of a Linear embedding,
a FeedForward Layer and a LayerNorm. These features are all scalar values and represent

the £0 node features.

Providing the Network Chirality Inputs To provide the network chirality features,

we aimed to construct a geometric representation of chirality that does not involve learning
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Algorithm 9 RFAA Structure Update

1: function 3D UPDATE(mSacyster, pair, state, vyz, idz, bond _feats, dist _matriz, chiral _grads,
atom__frames)

2: seq = LayerNorm(msacpystero) > Query sequence latent embedding
3: pair, state = LayerNorm(pair), LayerNorm(state)

4: node _feats = Linear(CONCAT([seq, state]))

5: node _feats += FeedForward(node_ feats)

6: node__feats = LayerNorm(node_ feats)

7: rel pos, bond dist = Positional Encoding(idx, bond feats, dist matrix)

8: rbf feat = rbf(||zyzca — xyzcall) > Or P or atom coordinate
9: edge feats = Linear(CONCAT(|pair, rbf feat, rel pos, bond dist]))

10: edge feats += FeedForward(edge feats)

11: edge feats = LayerNorm(edge feats)

12: frame;;, framey; = frame; — frame;, frame, — frame; > Construct frames from

N-Ca-C, O-P-O or atom_frames
13: 11_feats = CONCAT([frame;;, frameyj, chiral _grads]

14: geometric_ feats = xyz; — xyz;

15: state, coord _update = SE3 _Transformer(node feats, edge feats, 11 feats, geomet-
ric_ feats)

16: quaternion_wvalues,T = coord _updates

17: R = construct_rotation matrix from quaternion(quaternion wvalues) > Set R =

Identity matrix for "atom" nodes
18: zyz = Roxyz+T
19: sc_torsions = SC_pred(msaciystero, state)
20: return state, xyz, sc_ torsions
21: end function
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human made concepts such as (r) and (s) (as the network would need to learn how to
implicitly order substituents and determine whether they were presented in the clockwise or
counterclockwise order). We observed that set of atoms in chiral centers form planes and
the angle between the frames are different depending on the stereochemical identity of that
center. We then construct an ideal tetrahedron on the unit sphere with centroid at the origin

(where the chiral center would be), which composes of four points:

v = (\/g,o,—;)
=55
w= 5

Vg4 = (07 07 1)

We can then compute the dihedral angle between the planes formed by (vi,v2,v3) and

(v2,v3,v4):

Dihedral(a, b, ¢, d) = atan2(
[e = 0] - (([b — a] x [e = 0]) x ([¢ = 8] x [d =),
le = bll([b = a] x e = b]) - ([c = 8] x [d = ]))

Dihedral(v1, va, v3,v4) = 1.23 radians

In the example above, a switch in stereochemistry would result in the following coordinates(vs

comes out of the plane and vy goes into the plane):
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v = (\/g,o,—;)

(0,0,1)

- fd

Dihedral(vq, ve, v3,v4) = —1.23 radians

The positions of these four atoms are sufficient to determine chirality. The dihedral angle
between planes (v1,ve,v3) and (va, v3,v4) Will be positive in the first case and negative in
the second. In practice in RFAA, we do not always have access to all four substituents of a
chiral center (one of them could be a hydrogen which is not explicitly modelled). Despite
this we do have sufficient information to determine the chirality of a given system given
three points since we know the chiral center has coordinates: o = (0,0,0). We can then
construct planes consisting of (o,v1,v2) and (v1,v2,v3), and compute the dihedral angle

between them which will be either arcsin \}g or — arcsin \[ (0.6155 radians or -0.6155 radians).

= (0,0,0)
—<\/§o -3
f s

(0,0,1)

Dihedral(o, vy, va, v3) = 0.6155 radians
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To show that this angle has enough information to convey information about chirality, we

invert the chirality of the system and compute the angle:

= (0,0,0)
v = (\/g 0.3)
\[
‘\[9"\/;‘33

Dihedral(o, v, ve, v3) = —0.6155 radians

There are two pieces of information necessary to compute these angles: the two planes to
consider (an ordering of four atoms) and the resultant ideal angle. It is not clear how to
embed this information into a neural network such as RoseTTAFold (how do we embed the
order of the indices used to compute the angles?) so we decided to take inspiration from
physical modeling where gradients of energy functions with respect to coordinates are used to
update structures. We decided to define a pseudo-energy term, differentiate it with respect
to the previous predicted coordinates and then provide it to the subsequent block as a £1
(vector) feature, the direction of the vectors on atoms in chiral centers breaks the symmetry

with respect to reflections in the rest of the input features. The chiral energy function is

defined as:

N

M

,J 2

Echzralzty - N * M E : § : apredlcted 1dea1)
=1 j5=1

where N is the number of chiral centers in the molecule, M is the number of unique pairs of
planes that can be constructed starting with a give chiral center that include only explicitly
modeled atoms, and Gpre dicteq and Gfézeal are the predicted and ideal angles in chiral center i

and set of planes j.
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The gradients of the chiral energy with respect to the coordinates are calculated using

autodifferentiation in Pytorch [95].

chiral _grads = autograd(Echirality, TY2)

Constructing (1 features As shown with the chiral gradients, we can provide vector
features for different inductive biases through £1 features. Inputs of the geometry of the
previous N-Ca-C (or OP1-P-OP2) frames are necessary to make accurate updates of frame
orientations. We provide these features as ¢1 features representing the vectors between the
N and C coordinates with respect to the Ca. These features are also provided for atom
nodes with respect to their canonical frame (nodes without frames such as metal ions receive

vectors full of Os for this feature).

Constructing Edge features In the SE(3) Transformer, edge features are used to update
nodes. Edges are directed so edge features e; ; are different than e;;. We begin by computing
the sequence relative encoding and the atom distance features described in Algorithm [7] We
then compute the radial basis function of the pairwise Ca (or P or atom) distances from the
previous predicted structure. The pair features, the sequence and atom separation features
and the radial basis function features are concatenated and fed into a small network. This
network consists of a Linear layers and a FeedForward Layer followed by a LayerNorm (same
architecture as the network that process the ¢0 features. The graph is constructed, with
all nodes connected to all nodes (in both directions). The resulting graph, ¢ node features
and edge features are processed by the SE(3) Transformer and predicts node-wise £0 and /1

features.

Applying Structure Updates The output £0 features are the updated state features.
The predicted £1 features correspond to coordinate updates (in nanometers) and four values

that are used to generate a quaternion as in AF2. The quaternion is converted into a rotation
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matrix and used to update the orientation of N-Ca-C and OP1-P-OP2 frames (the predicted
quaternion values have no semantic meaning for atom nodes and the rotation matrices are
explicitly set to the identity matrix so gradients are not computed). The first row of the msa
representation and the state features are concatenated and fed into a small residual network

and predict x angles for protein residues and nucleic acid bases as in RF2 and RF2NA.

Refinement Layers

The refinement layers are additional 3D update blocks that do not feed back into the main
1D and 2D updates. In RFAA there are 4 blocks with shared weights, which refine the
final structure based on the 1D and 2D features. We make some slight changes from the
3D update in the main blocks. First, there is an additional /1 feature. We compute an
approximation of the Rosetta Leonard Jones potential (described in subsection and
provide the network the gradient of the potential function with respect to each protein and
nucleic acid frame atoms (and the singular atom for each atom node, it does not make sense
to use the canonical frame in this case because each node only updates one atom). This is
intended to provide the inductive bias to the network that atoms and protein residues should
not be clashing. We also provide an extra £0 feature which is the gradient of the LJ potential
with respect to the x angle predictions of the network at the previous block. Second, the
graph is no longer fully connected. We expect that this stage of the network, the updates are
reflective of local interactions and not global movements that would need a fully connected

update. The changes are highlighted in Algorithm

Auziliary Binding Head

The auxiliary binding head is a classifier network that classifies if two chains will bind or not.
We trained the network to predict binding for protein complexes and protein-nucleic acid
complexes as previously described. We expect future work could use these parameters to
learn the task of discriminating binding and non-binding molecules but this was not trained

for the RFAA model described in the rest of this work.
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Algorithm 10 RFAA Refinement Layer Update

1: function REFINEMENT _LAYER(MSQcjyster, Pair, state, xyz,idx,bond__ feats,dist _matriz,
chiral _grads,clash 11 grads, atom frames,clash 10 grads, topk)

seq = LayerNorm(msacystero) > Query sequence latent embedding

pair, state = LayerNorm(pair), LayerNorm(state)

node _feats = Linear(CONCAT([seq, state]))

node feats += FeedForward(node feats)

node__feats = LayerNorm(node feats)

node _feats = CONCAT([node feats,clash 10 _grads|)

rel pos, bond dist = Positional Encoding(idx, bond feats, dist matrix)

rbf feat = rbf(||zyzca — xyzcall) > Or P or atom coordinate

edge_ feats = Linear(CONCAT([pair, rbf feat, rel pos, bond _dist]))

edge feats += FeedForward(edge feats)

edge feats = LayerNorm(edge feats)

frame;;, framey; = frame; — frame;, frame, — frame; > Construct frames from
N-Ca-C, O-P-O or atom_ frames
14: 11_feats = CONCAT([frame;j, frameyj, chiral_grads, clash_11_grads|

e T
W 29

15: geometric_ feats = xyz; — xyz;

16: state, coord _update = SE3 _Transformer(node feats, edge feats, 11 _feats, geomet-
ric_feats, top k= topk)

17: quaternion_wvalues,T = coord _updates

18: R = construct_rotation matrix_from quaternion(quaternion_wvalues) > Set R =

Identity matrix for "atom" nodes
19: xyz =Roxyz+T
20: sc_torsions = SC_pred(msacystero, state)
21: return state, xyz, sc_ torsions
22: end function
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Auziliary Error Prediction

Similar to the original RF, we predict the allatom LDDT of each residue and assess a cross
entropy loss on the predictions (over 50 evenly spaced bins). We extend this to atoms by
predicting the LDDT of the atom with respect to the other nodes present. We also predict
two pairwise accuracy estimation metrics, predicted aligned error (pAE) and predicted
distance error (pDE). Predicted aligned error (similar to AF2), aligns each frame (i) and
computes errors over all Ca (or P or atom) coordinates. For atom nodes, the canonical
frames are aligned and the error is computed over all other nodes. We also developed pDE
as an alternative which just predicted the unsigned distance error between any two nodes.
We found empirically that pAE correlates better with accuracy so we do not report pDE

statistics.
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2.10.5 Loss Functions

Resolving Equivalent Atom Orderings

When predicting general biomolecular systems with systems at hybrid residue and atom
resolutions, there are multiple symmetric atom labels that represent the same biomolecular
system. First, certain protein sidechains contain 180° flips. Second, certain assemblies contain
multiple identical protein chains which could be predicted in any order. Third, arbitrary
assemblies might have multiple copies of the same small molecules that could be predicted
in any order. Fourth, arbitrary small molecules can have symmetric chemical groups that
could be reordered. We developed an algorithm which assigns the ordering that would
minimize distance RMSD between a ground truth assembly and a predicted assembly. We
handle symmetric swaps of sidechains similarly to AF2 and RF2, where the distances of each
ambiguous atom to all non-ambiguous atoms is computed for the predicted and true structure
and the closest atom naming assignment to the true structure for each permutation swap
is assigned. The process for resolving the remaining symmetries is as follows: 1) Distances
between Ca coordinates in the predicted structure and Ca distances in all valid permutation
swaps of protein chains (see subsection [2.10.3) are computed. Chains are assigned by finding
the chain ordering that has the minimum difference between the distances in the predicted
structure and distances in the true structure. 2) Given the anchor point of the protein
ordering, every ligand is greedily assigned by the minimizing the difference between distances
between atoms in the ligand to Ca atoms in the predicted protein structure and true protein
structure (based on the assignment in step 1). During the greedy assignment, all possible

permutation swaps of atoms within each ligand are also considered.

Masked Token Recovery

The masked token recovery loss is identical to the published RF2 [I1], 39, [103]. In cases with
small molecules or other biomolecules, we only mask protein tokens so there is no masked

token recovery loss applied for other biomolecules.
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Torsion Angle Loss

The torsion angle loss is unchanged from RF2 and RF2NA. Atom nodes have no torsion
angle loss applied, since none of those values have semantic meaning with respect to placing

individual atoms.

Distogram Loss

Following trRosetta [140] and RoseTTAFold [10], we apply a loss on predicted pairwise
distance and orientations from the final pair representation. Several modifications were made
to accomodate arbitrary biomolecules. First, we changed the binning of the distograms. For
proteins in AF2 and RF2, the distogram loss is evenly spaced from roughly 2.5A to 20A. For
small molecules, shorter distances (bond lengths, hydrogen bonds) are often more important
so there are 30 evenly spaced distogram bins between 1A and 4A and then 30 more (coarser)
bins between 4A and 20A. Three more angle losses representing inter-residue orientations are
applied to a projection from the pair features. For atom nodes, the canonical frame is used
to compute the three points for each angle. First, we compute a pseudo Cf3 atom for every

frame (using default Rosetta params):

Z=b—a
y=c—b
Z=IxXy

d = —0.579101442 + 0.5689693% — 0.5441217y 4+ b

where a, b, ¢ are three atom coordinates in a frame. While this coordinate (d) does not mean
anything physically for nucleic acids or atom frames, we reasoned that this was a consistent
geometric quantity so the network should be able to predict quantities derived from it given

a local coordinate frame.
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Dy, Qg @10, ©., 1, together describe the orientation of residue [ relative to residue '.

The following loss consists of the cross entropy between the one-hot histogram of the known

inter-residue distances and orientations and the corresponding distributions predicted by the

model.

Lop (logits g, logits,,, logitsy, logits ,, z0)

where:

Dc R[CdistXLxL]; Db,l,l’ — ]]_[blnlDOUé < max

Q € R/[CaisexLxL]. Qi =

=CrossEntropy (logits s, D)+
CrossEntropy (logits,,, )+
CrossEntropy (logitsy, ©)+
(
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® ¢ RI[CpnixLxL]. sy = ]l[blnl"w < Planar(Cy,,Cg,Cp ) < blnhlgh]

and the bin edges for converting these angles and distances into a one-hot distribution are

given by:

binpyi =

binQ’i = bin@7i =

[T+ —

) 1
bing, — [0, 70+ D

07 dmm]

dmzn + ( mid dmin)Z L d

29

dmamy ]
270 2m(i+ 1)
g7 Tt T

19]

[

[ min T (dmzd -
[ mid T ( max dmid)lggoa d
[

ifi=0

dmin) 55) if 1 <4 <30

2
mid + (dmaz — dmig) 4], i 30 =< i < 60

if ¢ = 60
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where diin = 1.2, dyig = 4, and dpee = 20

The formulas for computation of dihedral and planar angles are given by

Dihedral(a, b, ¢, d) = atan2(
[e = 0] - (([b = a] x [e = b]) x ([c = 8] x [d =),
le = blI([b—a] x [c = b]) - ([c = b] x [d —c]))

(a—0b)-(c—0b)

Planar(a, b, c) = arccos(m).

Figure 2.24: Diagrams for how to compute the four inter-residue distance and dihedral
degrees of freedom.
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All-Atom FAPE

Based on our experience training RF2 and RFNA, the FAPE loss introduced in the AF2
paper [(2] was essential to producing accurate structures with the correct chirality. In RF2
and AF2, FAPE was applied only on the backbone frames for the intermediate generated
structures and the full atom FAPE was applied on the final step and backpropagated through
the whole network. Analogous to using N-Ca-C frames, we reasoned that we could use
triplets of bonded atoms as frames, align the predicted and true atoms and compute the

error over the other atoms.

The easiest way to do this to enumerate all triplets of bonded neighbors for each atom and
apply a loss on the deviations on all atoms when aligning all the potential frames. For
the “backbone” frame loss applied across all 40 (4 msa_ full blocks, 32 main blocks and 4
refinement layers), we wanted to choose a single frame to apply a loss over for each atom
node. We decided to implement an algorithm that deterministically chose a canonical frame
for each atom node as described in subsection 2.10.2l Each atom’s canonical frame is used
for the computation of FAPE. We believe that deterministic frame selection is important
because it ensures FAPE is a stable optimization objective as if frames were stochastically
sampled, the same predicted structures could have different FAPE values depending on the
choice of frames but did not test any alternatives. We also believe that deterministic frame
selection is important for the frame orientation and predicted alignment error losses because

the network has to predict quantities dependent on the chosen frame.

During early experiments, we found that the network was able to move groups of atoms
closer to the desired pocket but did not make coherent ligand structures or interactions with
the protein. We reasoned that there were two issues with our formulation of FAPE. First
that the scale of distances that are important for small molecule structures are smaller than
those that are important for proteins. Second, in a given training example, most nodes are
protein residues so the errors of protein residues outweigh the errors of small molecules in the
total loss calculation and the gradient to the weights of the network. We added an additional

loss term that consisted of only the errors of the atom node coordinates with respect to the
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atom node frames with a normalization value of 4A (compared to 10A in AF2 and RF?2).
We also found that increasing the relative contribution of this term to the total loss helped

balance the contributions of the protein errors and small molecule errors.

The second phenomenon (less contributions from atom nodes) also affected the contribution
of the interchain FAPE values (errors of protein atoms with respect to atom frames and
errors of atom coordinates with respect to protein frames). We chose to also add an auxiliary
loss consisting of the interchain FAPE values and scaled its relative contribution to the total

loss.

In the early training, we use an exponential schedule to weight backbone FAPE over the
different layers of the network. During the fine-tuning stage of training, we equally weight
FAPE across all layers. The following equation is used to weight backbone FAPE over all

the intermediate layers of the network:

1

1 y o

Efape backbone = —i-1_; E ’yI ZFAPE(:L-(O), x(0)77’)
Zi:() Y i=1

0):% ig the i*" structure block output and v is a scaling factor. The hyperparameters

where #(
used for the different FAPE terms are shown in Table We tuned these values in very
early experiments and did not optimize them as we updated the network architecture so it is

possible that better values exist for final performance.

To compute frames from an arbitrary set of three points we use a Gram-Schmidt process
(identical to the rigid from 3 points algorithm in AF2; referred to as Gram _Schmidt).
Unlike AF2, we use this process on the predicted coordinates as well instead of using the
chained set of rotations predicted by the network since small molecule nodes do not predict
rotations. To compute FAPE, we first assemble a set of indices that comprise each frame,
construct the 3 points for each frame, compute the associated rigid orientation of each frame
in the global frame and apply the operation on each the predicted and true coordinates and

measure the errors (shown in Algorithm [11).
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Algorithm 11 Compute All-Atom FAPE

1: function COMPUTE GENERAL _FAPE(pred, true, atom frames, Z, d _clamp)
2: frames = construct frames(atom frames) > Predefined frames for proteins/NA,
atom_ frames for atoms
predframes = gather(pred, frames) > Nnodess M frames, 3 atoms,3 coordinates
true frames — gather(true, frames) > Nnodess M frames, 3 atoms,3 coordinates

Tp;id = Gram_ Schmidt(pred ¢rames)

Tirae = Gram_ Schmidt(true frames)

true

-1
Tpred = Tpmd o pred

-1
Tirue = Lipye © true

€ij = \/(xpred - xtrue)z

10: L fape = Fmeang;(clamp(e;;, d_clamp))
11: return Lyq,.

12: end function

Table 2.9: Parameters for different FAPE terms

Term d_clamp 7
'Cfapefullatom 10 10

L tapebackbone 90% 30, 10% unclamped | 10
‘Cfapeintra—ligand 4 4
Efapeinterproteinligand 90% 307 10% undamped 10
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Bond Geometry Losses

Generally, we found that the network learned accurate bond lengths and angles from the
training set. We did notice that in some cases when the network was unsure on docking, it
would produce unideal bond lengths and angles. We decided to place a small loss on bond
lengths, angles, and distances within rigid groups (rings). We use a smoothed L1 Loss with
beta=0.2. For bond lengths and rigid groups, we apply the loss on all pairwise distances
(between two bonded atoms or atoms in a shared rigid group). For angles, we place the loss
on distances predicted between every atom and atoms 2 bonds away in the bond graph. We
reason that this in conjunction with the loss on bond lengths is sufficient to constrain the
angles as well (similar ideas to those presented in [118]). We also apply this loss on bond
lengths between atomized N atoms and the previous residue C and atomized C atoms and
the following N. Losses on backbone geometry for proteins and nucleic acids are exactly the
same as those in RF2. Bond lengths and angles are penalized compared their ideal values

with a tolerance and the errors are normalized by the amount of violating predictions.

Clash Loss

We found that initial trained versions of the network produced some clashes between protein
residues and between protein residues and small molecule atoms. Following RF2, we intended
to use a modified version of the Rosetta Leonard Jones potential (6-12 potential) [7] as an
additional loss term to penalize the network from making clashing structures. Rosetta uses
atom typing to determine the optimal parameters for the LJ potential and since our network
operates on a larger set of atoms than have been tuned by the developers of Rosetta, we
generated a set of parameters to use in our loss. These roughly correspond to the the mode
of the parameters for each element type (most common parameter across all atom types for
each element), parameters from UFF [104] where there are no available Rosetta parameters
and default values for when there are no UFF or Rosetta parameters. We did not tune these

values during model development.
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Table 2.10: LJ Loss Parameters for Atom Tokens

Element Type | LJ Radius | LJ Well Depth
Al 1 0.1
As 1 0.1
Au 1 0.1
B 1 0.1
Be 1 0.1
Br 2.1971 0.1090
C 2.0067 0.0689
Ca 1 0.1
Cl 2.0496 0.1070
Co 1 0.1
Cr 1 0.1
Cu 1 0.1
F 1.6491 0.0750
Fe 1 0.1
Hg 1 0.1
I 2.36 A11
Ir 1 0.1
K 1 0.1
Li 1 0.1
Mg 1 0.1
Mn 1 0.1
Mo 1 0.1
N 1.7854 0.1497
Ni 1 0.1
O 1.5492 0.1576
Os 1 0.1
P 2.1290 0.5838
Pb 1 0.1
Pd 1 0.1
Pr 1 0.1
Pt 1 0.1
Re 1 0.1
Rh 1 0.1
Ru 1 0.1
S 1.9893 0.3634
Sb 1 0.1
Se 1 0.1
Si 1 0.1
Sn 1 0.1
Th 1 0.1
Te 1 0.1
U 1 0.1
W 1 0.1
\Y 1 0.1
Y 1 0.1
Zn 1 0.1
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2.10.6 Training Details for RFAA Structure Prediction

RFAA was trained in three phases which were intended to interrogate the question of whether
a single model could represent all biomolecules. We iteratively added in different datatypes
and tracked accuracy using the held out validation clusters. We observed that adding new
datasets did not decrease accuracy on datasets that were already present in training. We
anticipate that the network could be trained on all the datasets simultaneously and achieve
the same accuracy but have not tested this rigorously. The first two phases were the main
training phases and the final phase was a fine-tuning phase with different hyperparameters

and loss functions.

Training Hyperparameters

The first two stages of training are analagous to the initial training of RF2 and AF2 and the
third stage is similar to the “fine-tuning” stage where violation losses are turned on, crop
size increased and hyperparameters changed to refine the accuracy of the network. Exact

hyperparameters used are shown in Table [2.11]

Dataset Sampling

At the outset of this work, it was unclear to us whether it would be possible to train a
single network to model all biomolecules in the PDB. We decided to add in new datasets as
training progressed to assess whether the network could simultaneously learn features from
all datasets. We restarted training in three phases with different dataset proportions. We
found generally adding new datasets did not decrease accuracy on the datasets that were
already trained, although it is unclear whether we would have seen further improvements if

we continued training without adding the new datasets.

Each dataset was sampled with a given probability and then each sequence cluster within
that dataset is sampled with inverse probability to the number of examples in the cluster.
Within the protein monomer clusters, if examples are homomers we stochastically sample

featurizing them as monomers or homomers (Phomomer features = 0.9).
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Table 2.11: Training Hyperparameters

Phase 1 Phase 2 Phase 3
Crop Size 256 256 375
Batch Size 64 64 128
Learning 0.001 0.001 0.0002
Rate
Schedule No warmup. Decay | No warmup. Decay | No warmup. Decay
Learning Rate by 0.95 | Learning Rate by 0.95 | Learning Rate by 0.95
every 5000 steps every 5000 steps every 5000 steps
Loss 10 = ['fapefullatom + 5% | 10 = ‘Cfapefullatom + 5% | 10 = »Cfapefullatom + 5 %
Efapeback:bone + 10 =x Efapeback’bone + 10 =* ﬁfapebackbone + 10 =*
[ffapeintra—ligand + 2.5 % ['fapemtra—ligand + 2.5 % ['fapeintra—ligand + 2.5 %
ﬁfapeinterproteinligand + Efapeinterproteinligand + ﬁfapeinterproteinligand +
1.0 * Legg + 3.0 x[1.0 x Lgg + 3.0 x| 1.0 x Lgg + 3.0 %
Emsamask +10% Etorsion + Emsamask + +10 = Emsamask +10% Etorsion +
0.1x% Eplddt + 0.5 * Epae + | Liorsion + 0.1 % ﬁplddt + | 0.1x% £plddt + 0.5 * £pae +
0.5 % Lpge 0.5 % Lpge + 0.5 % Lpge 0.5 % Lpge+0.5 * Lpindg
+0.02 * Eprotein,NAgeom
+0.02 * ['atomgeom
+0.02 * Lojash
top_k in || 128 128 64
Refinement
Layers
Exponential || 0.99 0.99 1.0
Decay  of
FAPE over
Str Layers
Optimizer ~35e3 ~40e3 ~15e3

Steps
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Table 2.12: Dataset Sampling Proportions

Dataset Phase 1 | Phase 2 | Phase 3
Protein Monomer 0.09 0.07 0.12
AF2 Distillation 0.0 0.14 0.36
Protein Complex 0.17 0.11 0.055
Negative PPI 0.0 0.0 0.055
Protein-Nucleic Acid Complex 0.17 0.11 0.055
Negative Protein-Nucleic Acid Complex 0.0 0.0 0.055
RNA 0.09 0.06 0.05
Protein-Small Molecule Complex 0.37 0.20 0.11
Protein-Metal Complex 0.0 0.10 0.03
Protein-Multi-residue Molecule Complex 0.0 0.05 0.0275
Covalently Modified Protein 0.0 0.05 0.0275
Protein-Small Molecule Assembly 0.0 0.0 0.055
CSD Crystal Structures 0.03 0.03 0.03
Atomized Protein Augmentation 0.08 0.08 0.04

We do not believe that the exact values of the dataset samples are essential to recover the
accuracy that we observe in the paper. The values were tuned with three guiding principles,
1) to balance out sequence clusters sampled early in training, 2) to show equal amount of
positive and negative examples and 3) to bias towards the larger datasets towards the end
of training to avoid overfitting on smaller datasets. The dataset sampling proportions are

shown in Table .12
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2.10.7 Structure Prediction Inference Regimen

At inference time, we run the model without MSA corruption or template subsampling,
instead preserving all MSA tokens and picking the top 4 searched templates for each entry.
We run the model for 10 recycles unless otherwise specified. For every protein sequence,
we build MSAs and templates using the standard MSA and template generation pipeline
described in subsection 2.10.11

We define the ligand RMSD as follows: for each ligand target, we compute in the crystal
structure every backbone atom that is 10A of the any atom in the bound ligand. We then
kabsch align the predicted and crystal protein structures on the aforementioned backbone
atoms, and use the same transformation matrix to superimpose predicted and crystal pose
ligands. The ligand RMSD is the resultant RMSD between predicted and true ligand positions.
We use this metric throughout our evaluation of protein-ligand complex predictions. We
note in figure legends when ligand RMSD is computed by an external tool (eg. for CAMEO

evaluations and Posebusters).

The model makes predictions of its own error during training time in a 2D matrix called the
predicted alignment error as desrcibed in[2.10.4] The i, jth entry is trained to be an estimate
of the ¢? distance error between the the jth atom in the ith coordinate frame. We define
the inter-chain protein-ligand predicted alignment error (PAE Interaction) as the mean of
the predicted alignment error tensor between all protein residue frames and small molecule

coordinates, and all small molecule frames and residue coordinates.

We do not perform any cropping at inference time, predicting full complexes (including

residues/atoms that were not resolved in the true structure).

CASP14 Protein Monomer Targets

We benchmarked the performance of RFAA against RF2 and AF2 using a subset of the
CASP14 targets with experimentally resolved structures that were not removed during
competition. TBM-easy targets were discarded and the final set of 42 proteins was composed

of monomeric targets from TBM-hard, FM/TBM, and FM categories. Each of the three
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methods were run using default parameters with the same input multiple sequence alignments

and no templates.

o AF2 (V1 weights), model 1, and 20 recycles

e RF2 (Apr23 weights), model 1, and 20 recycles

e RFAA (this work), model 0, and 20 recycles

GDT-TS was calculated based on experimentally solved structures provided by CASP using
TM-score (accessed Jun, 2023) [147]. MSAs were generated as described in [9]. Briefly, query
sequences were searched iteratively with HHblits [108] against uniclust30 (UniRef30 2020 01)
database [I] with a gradient of E-value cutoffs and 95% sequence identity filtering. For
targets with shallow MSAs, we converted the uniclust30 generated MSA into a seed HMM to
search against JGI [30] with hmmsearch [43]. Homologous sequences from this search were

aligned and combined with previous uniclust30 sequences.

CAMEQO Targets

The CAMEO BETA challenge (https://beta.cameo3d.org/) is an online, weekly, continu-
ous evaluation of the most recent depositions into the PDB. We registered the RFAA model
as a server for homomeric and ligand targets (excluding RNA, DNA and heteromeric targets
for simplicity). The RFAA server searches for MSAs and templates for each protein sequence
as described above. The server makes 5 different predictions with different random seeds
for each target and then submits the prediction with the lowest interchain PAE. If there are
multiple ligands in a given target, the interchain PAE is calculated over all ligands in the

target.

We ran the RFAA CAMEO server (Server 2) from 04/08/2023 to 09/02/2023. Ligand pose
baselines were introduced from 08/12/2023 onward (https://beta.cameo3d.org/cameong_
servers/). The CAMEO organizers returns ligand RMSD poses scores that we then plot for
our evaluations. We do not compute our own RMSD metrics for the CAMEQ challenge.


https://beta.cameo3d.org/
https://beta.cameo3d.org/cameong_servers/
https://beta.cameo3d.org/cameong_servers/

96

The CAMEQ server does not provide stoichiometry information for either protein or ligand
in a given protein ligand complex. In order to determine protein stoichiometry, we check the
symmetry group of each template of the input protein. We make a list of the top 20 most
similar templates to the input protein by sequence similarity, and then filter that list based
on a coverage threshold of 0.75 and a match score of 0.95. For the passing templates, if at
least half of them form a dimeric or a trimeric complex, we then attempt to predict a dimeric
or trimeric complex with the input protein, respectively. If the predicted alignment error
between the symmetric subunits is less than 10 and the computed clash score between the
subunits is less than 1, we model the protein as either a dimer or a trimer. Otherwise, we

default to modeling the protein as monomeric.

We only make predictions with a single copy of each ligand in each target and do not
duplicate ligands in the case of dimer or trimer-forming protein chains. We found it difficult
to distinguish between cases where there are two binding pockets for two different copies of
the ligand in a dimer compared to a single copy of the ligand sitting at the dimeric interface.
We also do not model symmetry groups above C3 because they often do not fit in GPU

memory on the allocated GPUs.

Recent PDB FEvaluations

Protein Nucleic Acid Complexes We evaluate RFAA on Protein Nucleic Acid complexes
using a dataset of recently deposited PDBs curated in [12]. RFAA and RFNA are evaluated
using the same MSAs and templates using the default parameters described. For this

benchmark, all small molecule and noncanonical amino acid/base context is ignored.

We repredicted a small subset of predictions where the protein-NA interface was predicted
accurately and there was small molecule also bound near the NA interface (an example shown
in Fig 2D). We did not rigorously test the model’s ability to model ternary complexes and
expect that adding them into training (perhaps by fine-tuning) would significantly improve

accuracy.
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Small Molecule Protein Complexes We curate a list of protein-ligand complexes
deposited in the PDB from 2021 and onwards. For each ligand in every entry in the PDB
past this deposition date, we make a dataset of items defined by the procedure outlined
in [2.10.1] We add the additional constraint that every ligand in this evaluation set must
be designated as a “subject of investigation", a label which indicates that the authors who
deposited the crystal structure believe the ligand to have some significance rather than being,
for example, a solvent molecule. We note that this is not a perfect filter: certain PDB entries
have ligands marked as subject of evaluation that are not referenced in the main text of the

associated papers.

In order to remove redundancy from this evaluation set, we clustered the primary protein
partners of each item down to 30% sequence identity at 80% coverage using MMSeqs2 [116].
For each sequence cluster, we compute the set of unique query ligands in that cluster and
select, uniformly at random, a single protein-ligand complex for each unique query ligand.
This clustering process ensures that we do not bias our evaluations by having many repeated
copies of similar protein ligand binding pockets. For each item in the dataset, which consists
of a query ligand and its immediate protein and non-polymer binding partners, we compute
the total length (number of residues + number of atoms) of the assembly and then filter out

all items of length > 1000.

The final held-out evaluation dataset consists of 5421 items. Of these, 897 consist of ligands

that are covalently bonded to the protein and 622 of them are metal ions.

PoseBusters The PoseBusters dataset carefully curated subset of the protein-ligand
complexes in the PDB released on or after 2021 designed for evaluating the performance of
docking methods [25]. Each item in the PoseBusters dataset consists of a PDB entry and a
ligand identifier specifying the ligand to be docked. There are 428 protein-ligand complexes

with non-redundant protein chains and non-redundant, drug-like ligands.

We pre-process the data in largely the same way as we described in subsection [2.10.1] with a

few distinct changes. First, the posebusters dataset pre-specifies the query ligand of interest.
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Second, we narrow the definition of contacting protein chain to be any protein that has at
least one atom within 10A of the query ligand. Third, we define any contacting cofactors to
the query ligand as any cofactor that has at least one atom within 5A of the query ligand.
Finally, if there are multiple identical cofactors within the context of the query ligand, we
keep only one such copy. This slightly narrowed definition of query ligand context allows the
network to focus more on docking the query ligand, which is the purpose of the PoseBusters

evaluation.

For each item in the PoseBusters evaluation set, we predict the entire complex - query ligand,
contacting protein partners, and contacting cofactors - simultaneously. We superimpose the
primary protein partner onto the crystal structure and extract the crystal pose of the query
ligand. We then run the posebusters suite on the predicted pose of the molecule to determine
chemically validity of the predicted ligand pose. We also use the posebusters suite to compute
ligand RMSD between crystal and predicted ligand pose after protein superimposition, and
to compute validity metrics between predicted ligand pose and predicted protein structure

(and predicted cofactors).

We note that our model is not a docking method and does not take as input the crystal
structure of the protein nor the binding site of the query ligand, making our task (prediction
from sequence information alone) strictly harder than blind docking or local pose estimation.
This implies that it does not make sense to compute validity metrics, such as minumum
distance clashes, between predicted ligand pose and crystal protein structure, which is why

we use the model’s predicted protein structure instead.

Finally, we also note that although our model is only trained on data from the PDB up
to April 2020 and the PoseBusters dataset is only defined on data from 2021 onwards, our
training data is defined on the deposition date of the PDB entries, while the PoseBusters
dataset is defined on the entry release date. In almost all cases the dates of deposition and
release are similar enough that the items in the PoseBusters evaluation set are not in our
training set. However, a single entry (6VTA, AKN) was deposited before April 2020 but

released in 2021. We exclude this item from the evaluation set for all methods.
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Covalent Modifications Our evaluation set of covalent modification consists of the 897
entries described in subsection 2.10.7] These items underwent the same filtering described in
subsection 2.10.7] We excluded all metal ions that have covale headers in the PDB because
these are trivial modeling cases. During evaluations, we split the predictions into three
categories based on their putative biological functions shown in Table[2.13] We used the PDB
3-letter codes to identify cases from our evaluations in each set. For multi-residue ligands
with covalent bonds, we included them in a subsection if any of the residues were present in
any of the categories. There were no multi-residue ligands where multiple residues were in

multiple categories.

Table 2.13: Types of Covalent Modifications

Type of Modification PDB 3-letter Codes

Glycosylation BGC,MAN,NAG,FUC,BMA GLC,RIB
NGC,GAL,BDP,A2G,JIW
Enzyme Cofactors PLP,HEC,F3S,SAH,ADP,ATP,UDP,

FAD,AMP,FMN,ANP,HEM
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Other

UVT, 24N, V4B, 2GI, 9JT, 215, 211,
V48, TJB, V3Q, 1XZ, WLP, TJS8,
218, V4N, TKK, SGM, HC4, S7Q,
ZFG, S7N, RET, 9IX, N36, VOG,
S08, DWZ, UZM, 2RG, WVO0, S0Q,
UQN, MW0, UZS, RZZ, PNS, IM2,
RY?2, CYC, ID1, 2LJ, ISS, UZV,
RET, 4D6, 30W, FDX, N2Q, NXL,
RXW, RET, 186, CMC, QS8, ZZ7,
UPQ, MER, MWC, UZY, L9U, HHS,
L8X, ITY, 1JI, IK3, HNU, 82Q, LW1,
L9C, 8NB, LBI, V7G, VR4, V46,
YHI, XTM, YHJ, 2RG, UHS, UJ1,
DWZ, XV4, VEV, 9JT, Q8H, PLM,
USA, VEG, VEJ, XTP, RW8, XTJ,
OWN, CHL, VEM, UHY, DWZ, ZL7,
UPD, VEP, 9JT, 2RG, ZJ1, QSE,
USD, UHV, VEY, YCV, UPJ, XC4,
W48, UED, Y48, UJ4, EKZ, UUK,
O1K, US8, 97G, 2IE, USZ, 21J,
QVR, UQW, YWJ, 5YZ, URK, AMI,
USH, SUU, RIL, UED, OIR, UUW,
1LE, 5ZB, ALD, A0U, 010, RN2,
BIS, 7VB, QNC, AG7, 4W8, IFO,
91Z, NNA, SIN, U5G, 8GW, TYW,
I8H, SV6, PXQ, SFW, 90X, T1W,
8T6, 168, 171, 7VQ, TW5, 4WT, 90U,
R8H, 7YB, E9H, RBL, IRR, 7YZ,
Q56, 8ZI, H60, H63, MYC, 170, EOF,
AIT, 2XI1, HC1, IS5, 99W, TG3, H6L,
800, 7VW, 901, HF0, 180, 7XK, C7A,
HER, IRZ, 7VI, I54, NEN, 90H, G7L,

OCY7T M1 OTTT 179 9OYDT AT T




Other (continued)

741, 2DA, FEY, HYR, FHS, FZI,
ACM, FVE, 1RG, BOV, US8, 157,
R28, WFD, M1V, PNS, 90F, VOY,
HHL, VO7, WF7, 5JR, NXL, 701,
BVX, AR6, RQT, RQZ, DTT, R1W,
NFF, R2E, WZG, ZN, UOT, P5N,
UPK, MHH, UON, 814, VX5, UFH,
TJ8, RET, P8SK, TCK, PLM, VLD,
RET, X2S, MU4, YS7, X2G, DUT,
YY3, DYF, X2J, PLR, Y37, 8BS,
C9D, 4KZ, THR, ISK, SIN, MUB,
RET, USW, UTS8, RET, 7J8, FP6,
RET, DPM, U8Z, USW, RET, UST,
NZ6, H40, PXQ, RFT, J2C, 876,
FAR, J3X, 88T, JRA, H2T, HOO,
I6T, VU1, QTU, VU4, J50, VAT,
ACE, ZGV, VLE, NZX, I7H, FHR,
W6X, QPE, MYR, BZ2, G7F, PLM,
QTU, QPB, Q5W, G7L, CLR, MTX,
MEZ, CA, HNO, YJG, G5U, PLM,
G8C, BFB, OCA, DON, UVB, H2S,
V3N, V48, NEN, UWK, V2E, UVH,
V2W, V3W, V32, V1H, V3Z, UXN,
V3K, V2N, UVN, CPS, V3T, UWQ,
VOT, VIE, V42, V2T, 4Y8, V3B,
V1Q, VEE, RVW, UWH, V4K, V2K,
V4H, UUB, VIK, V2Q, VOW, PAM,
985, 9TC, 7ID, CYC, 9Y6, NAP,
S1K, S1B, M1V, VL5, CR8, PEB,
7ZXQ, DBV, VMM, PMS, WHL,
FFQ, M1V, 9SS, GIT, S0Z, CYC,
S1E, CYC, SQW, Q50, 7TC, NW3,
CEF, TSL, J00, ZXQ, Q5X, PLR,

101
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Other (continued) PLM, D12, W6X, SPH, RET, RET,
HS8S, H8V, T5N, V0Q, PNS, QES,
T6H, T4Z, D10, T6W, UHZ, T4W,
OEH, T4Q, 868

Metal Ions 622 of the entries in subsection are metal ions. As in our training data,
we filter out examples that are not in Table

Computing Sequence Similarity to Training Set

For each item in our evaluation set, we BLAST [26] (with the -qcov_hsp_perc 50 option
and otherwise default parameters) the primary protein partner against all protein chains seen
in our training set and compute the maximum sequence identity percentage to any protein
chain seen during training. We consider a validation protein to have a training set match if it

there exist a protein seen during training that has > 30% sequence identity at 50% coverage.

Computing Ligand Similarity to Training Set

To compute similarity of ligands, we download idealized coordinates of all ligands in the
PDB in sdf format (see https://www.rcsb.org/downloads/ligands)). We use OpenBabel
to compute the Morgan fingerprint for each ligand. We compute, for every ligand in the
evaluation set, the bitwise similarity between the Morgan fingerprints for that ligand and
every ligands deposited in the PDB, which we henceforth refer to as the Tanimoto similarity.
We consider a ligand “similar” to a ligand seen in training if it has a Tanimoto similarity >

0.5 to any ligand seen during training.

Evaluating effects of protein similarity and ligand similarity to training set on accuracy

In order to investigate whether or not RFAA can generalize to examples beyond those seen
during training, we consider two notions of “similarity” to the training set: protein sequence

similarity and the aforementioned ligand similarity.


https://www.rcsb.org/downloads/ligands
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To evaluate the dependence of protein similarity on accuracy, we clustered the sequences
curated in subsection using MMSeqs2 (since we took every unique protein-ligand
pair, certain protein sequence clusters were overrepresented). To determine whether it was
possible for the network to produce accurate predictions with that sequence cluster, we
extracted the lowest ligand RMSD prediction in each cluster. We then BLAST all the cluster
representatives against the training set to determine the maximum similarity to any training

example.

We followed a similar procedure to measure the impact of ligand similarity on accuracy. We
computed an all by all matrix of Tanimoto similarity in our test set. We remove multi-residue
ligands from this evaluation since the PDB does not provide ideal coordinates with the entire
bonded ligand (only each residue) and the construction of the files can affect the Morgan
fingerprint calculation. We then performed agglomerative clustering [96] with a threshold of
0.5 and selected a random representative from each cluster. All of the PDB 3-letter codes
from the cluster representatives are mapped back against all the 3-letter codes used during
training to measure the maximum Tanimoto similarity between each test set item and each

training set item.

Evaluating Correlation between RFAA Accuracy and Native Complex energies

We expected that a network that has learned general principles about protein-small molecule
binding would make more accurate predictions for tighter binding interfaces. We performed
Rosetta energy calculations on the native complexes from our test set (described in .
Since small bond length and angle deviations in native structures can cause large energy
differences, we choose to run a short minimization protocol to equilibrate the structures
into the Rosetta forcefield. We use a recent protocol described in [94] where Rosetta’s small
molecule docking method, GALigandDock, is used in “eval” mode to evaluate a pose. In this
mode, the ligand and any residues within a heavy atom contact distance of less than 8A
can move. The energy of the conformation is minimized using GALigandDock’s generalized
ligand potential and a harmonic constraint on the starting coordinates to prevent large

movement. The pose is then scored using the generalized ligand potential in Rosetta. We
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remove cases where Rosetta does not have appropriate atom-typing or where the ligand

moves more than 0.5A from the starting position since those do not accurately score the

native binding complex.
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2.10.8 Training Details for RFdiffusionAA

RFDiffusionAA was trained on protein monomer structures in the PDB used for RFAA
training 50% of the time and protein monomer/small-molecule complexes 50% of the time.
Two small changes were made to the training set for small molecules: first, all cases with
small molecules with unresolved atoms were removed and second, chains longer than 384
residues were removed (following RFDiffusion). As in RFDiffusion, training examples consist
of the unconditional task 20% of the time and a motif-conditional task 80% of the time. The

motif-conditional task comprises three distinct tasks:
e Middle motif [40%]: A contiguous set of residues

e Terminal motif [40%|: Two contiguous sets of residues at the N and C terminus of the

monomer.
e Sparse contacts [20%)]:

— For proteins: A random set of 3 residues all > 10 residues apart in sequence space
but with pairwise Cg-Cjp distances < 6A is selected to form a model “active site”.
These 3 residues are included in the motif, and for each, there is a 50% chance of
including one flanking residue. If no such triad is found in the monomer the task

would fall back to Middle motif or Terminal motif with equal probability.

— For protein:small-molecule complexes: A number of residues n is selected from
U(1,7). A candidate set of residues is then constructed from the set of the n + 2
closest residues to the small molecule union the set of any residues within 2A of
the nt" closest residue. n residues are then selected at uniform from this candidate

set.

During training, the structure module blocks are not allowed to update the positions of the

motif residues.
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Losses: RFDiffusionAA was trained with a loss comprising two terms that closely follows

the loss used in RFdiffusion:

Lpittusion = LFrame + wapLap,

Lop is the same as that used in Section [2.10.5] with the modification that motif residues are

not included in its calculation.

Where Lyrame 18 exponentially weighted over the intermediate structure module outputs,

increasing towards the end of the network:

I
1 . R )
£Frame = ~I-1_; Z ’7] zdFraLrne (55(0)7 x(O) 72)2
>i—0 7 =

0)7 is the " structure block output and dgrame is a weighted mean squared error

where 2(

which includes clamping on displacement.

1 L

drvame(e®, ) = \| 7 37 (weeanemin(l2” = 2 2, detamp)? + el s = 1" 773,
=1

where Wrans and wroy are weights on the rotation and translation distances, and delamp is a
maximum distance above which translation distances are clamped. Note that the translation

distance is only clamped pclamp of the time.

The forward noising process uses the same functional form as RFdiffusion with the same

parameter set. For further details on the noise schedule see [132].

Training time: RFDiffusionAA trained to convergence when initialized from RFAA weights

in 10 epochs. This took 8 days on 8 NVIDIA A6000 GPUs.
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Table 2.14: RFDiffusionAA training hyperparameters.

Parameter name H Value
Crop size 256
Pseudo-batch size 48
Wtrans 0.5
Wrot 1.0
W2D 1.0
dclamp 10
Pclamp 0.9
Structure block iteration decay rate ~y 0.99

Learning rate

0.0005, No warm-up. Decay learning rate by 0.95
after every 10000 optimization steps.

Examples per epoch

25600

Number of diffusion timesteps (T)

200

Variance schedule for translations

B(t) = imn + (%)( 7znaav - fnin) with ﬁfnin = 0.01

and (3%, = 0.07.

Variance schedule for rotations 01 = Omin + =Bhin + 3(%=)?(Biaz — Brin), with
Omin = 0.02, B . =1.06, and 3], .. = 1.77

Probability of motif being contiguous or || 0.5

discontiguous

Probability  of  providing  self- || 0.5

conditioning information

Coordinate scaling 0.25
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2.10.9 In Silico Design Methods with REFdiffusionAA

In this subsection, we will describe the in silico methods we used to benchmark the ability
of RFdiffusion AA to generate small molecule binders and the methods used to design the

proteins that were characterized experimentally.

Ligand Contact Potential

In RFdiffusion, it was shown that using a contact potential which biased trajectories towards
forming interactions between protein chains improved success rates for generation of symmetric
oligomers. We implemented a similar potential in RFdiffusionAA. These heuristic potentials
update the C, coordinates after each denoising step: z(=1 = 21 4 g(t)Vz(t>P(x(t)).
Further motivating details can be found in [132]. The ligand contact potential we use is

described below.

Denoting the coordinates of a ligand with K atoms by s = {sx}X_ | and the C coordinates of

a protein by z = [21,..., 2]

Peontact (2, 8) = Z Switch(minj<g< ||z — skH%)
1<I<L

This potential is then multiplied by a time-dependent guide scale g(t). In the in silico

benchmark and bilin binder design cases a linear guide scale is used g(t) = %

Small Molecule Binder Design Benchmark

We chose four small molecule targets to benchmark based on the following criteria: 1) the
molecules are diverse in size and topology with respect to each other 2) two molecules are
found in the training set and two molecules are novel to the training set (< 0.5 Tanimoto
similarity to closest ligand in training; deposited after our training date cutoff). The chosen
molecules are (by PDB 3-letter codes) FAD, SAM, IAI and OQO (conformations from PDB
IDs: Tbke, 7¢7m, 5sdv, 7v1l). For each target, we generated 400 distinct diffusion trajectories,

only providing the small molecule conformation and no privileged information about the
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backbone or any side chains in the native structure. For each generated backbone, we assign
8 sequences using LigandMPNN and predict all 8 sequences using AF2 in single sequence
mode. We measure the RMSD of the AF2 predicted backbones compared to the design

models to evaluate the probability of the backbone forming.

Rosetta Calculations on Diffused Structures

GALigandDock was run in “eval” mode (as done in subsection , to indicate that the
ligand and any residues within a heavy atom contact distance of less than 8A can move. We
initialize the structure with the designed scaffold after the sequence has been assigned with
LigandMPNN. LigandMPNN also predicts sidechain orientations which are used to initialize
the sidechains for our energy calculations. The energy of the conformation is minimized using
GALigandDock’s generalized ligand potential and a harmonic constraint on the starting
coordinates to prevent large movement. The pose is then scored using the generalized ligand

potential in Rosetta.

Rosetta Ligand-Aware Relaz

Rosetta metrics such as “ddG” and “contact molecular surface” to computationally score
protein and ligand binding were applied for the designs generated with RFdiffusionAA and
following sequence design. The generated protein and ligand complex models were relaxed
using Rosetta prior to scoring with the Rosetta generic potential [94]. Harmonic potential on
the protein Ca coordinates and the distances of selected pairs of protein backbone and ligand
atoms were added as restraints to the generic scoring function. The estimated binding free
energy “ddG” was calculated by taking the difference of holo and apo state Rosetta scores.
The area of the target small-molecule packed by protein atoms was calculated using the
Rosetta “contact molecular surface” metric [28]. This metric uses the contact distance to

re-weight the contacting surfaces.
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Assessing Diversity of Designs

Diversity was assessed by generating 100 designs for the four in silico benchmark ligands
using RFdiffusionA A without use of a potential. In addition, 100 designs were generated with
RFdiffusion for the unconditional case as well as for scaffolding a 20 residue motif from PDB
ID 5TRV used as a benchmark case in [I32]. All designs were 150 residues in length. For each
of the six design cases, 100x100 pairwise TMAligns were performed. Agglomerative clustering
with the distance metric 1 — T'M score was performed using the complete linkage criterion
for various distance thresholds using scikit —learn [96]. This ensures that each member of
any given cluster has a TMScore to every other member of the cluster at least as high as
the clustering threshold, which was swept from 0 to 1 in 400 evenly spaced increments. The

results are shown in Fig S9: left shifted curves correspond to higher diversity.

Assessing Novelty of Designs

The 400 designs (without potential) for ligands FAD and SAM were TMAligned to the
training dataset, and for each design, the highest scoring hit, the highest scoring hit with
the same ligand, and the mean TMScore are recorded. The results are shown in Fig.
As expected, on average, designs are more similar to training data examples with the same
ligand due to certain conserved binding modes (such as the Rossman fold for FAD). Yet,
the distribution of Max TM-scores in Fig. S2.I3B shows that the designs are not merely
memorized examples from the training dataset for the target ligand, as the maximum TM
scores to the training set are higher than TM scores to the training set containing the same
ligand. The median maximum TM score of designs to a training example containing the
same ligand is 0.61 (FAD) and 0.62 (SAM). The other two molecules in our benchmark were

not present in the training set.

Bilin Binders

2776 designs across lengths 100, 150, and 200 were generated possessing the bilin-CARD
motif at random locations at least 10 residues from either terminus. Half used a contact

potential with linear decay. From those designs, 328 unique backbones were selected on the
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basis of having AF2 RMSD < 2, AF2 motif RMSD < 1, AF2 PAE < 5, Rosetta ddG < -7.5,
and Contact Molecular Surface > 300 [28]. These 328 designs were then clustered into 100
groups to maximize the minimum intra-cluster TMScore and the design with the lowest AF2

RMSD was selected from each cluster.

Heme Binders

Heme-substrate model preparation The heme model used for the design of proteins with
an open substrate pocket represents a transition state of the C-H abstraction reaction by the
ferryl oxygen from the methoxy group of anisole (i.e., anisole O-demethylase activity). While
the subsequent design methods are not necessarily expected to yield heme enzymes with that
particular activity, the chosen model represents a chemically sound heme-substrate complex
with a generic reactant structure shape and size. An additional para-phenyl group was added
to anisole to increase the likelihood of generating protein backbones with surface-accessible

substrate binding pockets.

The heme model was built by locating the para-phenylanisole methoxy C-H abstraction
transition state based on an axially methanethiolate-ligated (as a mimic for cysteine) heme
ferryl intermediate in quartet state.All calculations were performed using Gaussian 16
software.[49] Structural optimizations and frequency calculations were performed with B3LYP-
D3 method along with 6-31G(d) basis set and the SDD ECP on Fe atom. D3 dispersion
correction was applied using the Becke-Johnson damping function.[53] Solvent effects of water
were included using the CPCM solvation model during optimization. Frequency calculations
were performed to confirm whether the structure is a minimum or a transition state. Intrinsic
reaction coordinate (IRC) analysis was used to confirm that the obtained transition states

connect the correct minima.

Conformer library of the transition state was created based on sampling the dihedral an-
gles within the two propionic acid groups, the rotation of substrate above the heme plane,
and the two ether C-O bonds. Conformational diversity of the transition states was sam-

pled using a frozen coordinate conformer sampling script (https://github.com/ikalvet/


https://github.com/ikalvet/frozen-conf-xtb.git

112

frozen-conf-xtb.git) using the GFN2-XTB semiempirical QM method[I4] for energy

evaluation. 5000 conformers were saved.

The generated conformers were initially saved as XY7Z files that were subsequently converted
to MOLfiles using OpenBabel [93]. The bonding information in the MOLfile was manually
inspected to ensure that the entire structure is represented as a single fragment, and edited,
if necessary. Thereafter, mol2params.py script, available within Rosetta, was used to convert
the MOL(file to a Rosetta-compatible .params file. The partial charges of the carboxylate
oxygen atoms of the propionate groups were adjusted in the params files from -0.74 to -1.24
to increase the likelihood of H-bonds being created with these atoms during Rosetta design

and relax.

Ligand model selection for diffusion A subset of 55 conformers from the thousands
of generated ligand conformers were used as inputs for RFdiffusionAA. The selected heme-
substrate complex models are intended to serve the purpose of guiding the diffusion trajectories
towards creating a heme binding pocket with more of a top-open substrate access, akin to
unspecific peroxygenases and cytochrome P450’s. The conformers were selected based on
three criteria:

1) Clustering the conformers based on structural similarity within 0.5 A RMSD and selecting
representative examples from each cluster (Fig. §2.25A).

2) Excluding conformers with the substrate pointed towards the carboxylate groups of heme.
This was done to avoid creating an opening for a relatively hydrophobic substrate near
possibly the most polar part of the heme binding site. Conformers with the C28-FE1-O5-C47
absolute dihedral angle greater than 50° were selected (Fig. )

3) Excluding conformers where the substrate lies close to parallel against the heme plane.
This was done to avoid creating heme binding sites with limited vertical space. Conformers

with the FE1-O5-C47 angle greater than 140° were selected (Fig. §2.25(C).

Heme binding site design To generate input structures for RFdiffusionA A, the selected

conformers were aligned to the HEM ligand in the crystal structures of cytochrome P450


https://github.com/ikalvet/frozen-conf-xtb.git
https://github.com/ikalvet/frozen-conf-xtb.git

113

A B C ca7
\/,/500 L
S T~
. L, ® 40
1 car | ,’ -
Y% ’ f O
A\ N .
[/ AL - Ry /-
/ e y. &
// \ L ) /’/xos N 05 )77
2/\\94.,//, xN Fef
\ « O ——
\\\ ‘ v N
\® &
VN 500

Figure 2.25: Selection of heme-substrate complex conformers as inputs for RFdiffusionAA. A.
Representative conformers picked from clusters of similar conformers. B. Excluding rotamers
where the substrate molecule is close to the carboxylate groups of heme. C. Excluding
rotamers where the substrate molecule lies too close to parallel with the heme plane.

peroxygenase CYP152K6 (PDB: 6fyj), and unspecific peroxygenase HspUPO from Hypozylon
sp. EC38 (PDB: To2g). Four orientations of heme were sampled based on the rotation around
the S-Fe bond at 90° intervals, and PDB files were created representing each heme-substrate
conformation in each of the sampled orientations. The heme-coordinating cysteine residues
from these proteins were used as input motifs for RFdiffusionAA (Cys-15 for UPO and
Cys-365 for P450). Furthermore, the selected motif residues were required to be outside of
the first and the last 30 positions of any generated protein scaffolds. Protein backbones were
generated with 150-210 amino acids in length. The resulting input 'contig’ string based on

the UPO motif is "30-150,A15-15,30-150".

An example configuration file ('config.yaml’) for generating protein backbones around heme

model with substrate, and UPO cysteine motif:

#HAHH4H4FStart config.yaml#f##H 444
defaults:

- aa

diffuser:

T: 200

inference:
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num_ designs: 30
model runner: NRBStyleSelfCond
ligand: "HBA"

model:

freeze track motif: True

contigmap:
contigs: ["30-150,A15-15,30-150"]
length: "150-210"

potentials:
guiding potentials: ["type:ligand ncontacts,weight:1"]
guide scale: 2
guide decay: cubic

7777 End config.yaml#55#7# 7 #4

From each unique input conformer, 20-40 diffusion trajectories were spawned. A substrate
contact potential was applied following either a quadratic or cubic decay to guide the
trajectories towards creating proteins where the heme-binding site is sufficiently buried.
With no ligand contact potential applied, a vast majority of diffused protein backbones
lacked a well-buried heme binding site. On the other hand, using linear decay of the guiding
potential led to significant clashes between the ligand and the scaffold. A total of ~10000
backbones were generated through the combination of the different input motifs, conformers
and contact potentials. From the generated protein backbones we filtered out globular
proteins with desirable binding pocket qualities based on features describing ligand burial,
substrate exposedness, lack of clashes between the ligand and protein backbone, loop content,

distance of termini from the ligand, radius of gyration, and the length of the longest helix.

As part of the scaffold generation process, we also explored further diversification of the
selected backbones using partial diffusion (fixed length global backbone remodeling)[123] or
RoseTTAFold joint inpainting (variable length loop remodeling)[127]. Partial diffusion allows
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subsampling the structural space roughly defined by the input scaffold. With RoseTTAFold
joint inpainting (RFjoint) we re-generated loop regions of the diffused backbones while
allowing variable length loop substitutions. The loop regions were selected based on geometric
distance from the ligand heavyatoms and the motif residue. Sequence design was enabled on
all non-motif positions during the inpainting process. For each input scaffold, 5 diversified

backbones were generated with both of these methods.

ProteinMPNN|[37] was thereafter used to generate amino acid sequences optimal for each of the
selected backbones. With the sequence design we reasoned that due to a significant degree of
flexibility in the heme-substrate complex it would be beneficial to first identify sequences that
are more likely to fold correctly before focusing on designing the protein-ligand interactions.
Therefore, we then used ProteinMPNN to generate 15 sequences for each of the backbones
while keeping the coordinating CYS fixed. Three sampling temperatures (0.1, 0.2, 0.3)
were used, with 5 sequences generated at each, and introduction of additional cysteines was
disallowed. Generated sequences were analyzed using single-sequence AlphaFold2 prediction
(model 4 with 3 recycles) to identify the sequences that do fold into the desired shape.
Successful sequences were selected based on AF2 metrics of pIDDT > 87.0, Caa RMSD <
1.5 A, and CYS sidechain RMSD < 1.2 A. The selected backbones were then subjected to
ligand binding site design by using either Rosetta FastDesign[7], or iterative application
of ligandMPNN and Rosetta FastRelax[16]. The designable positions were selected based
on distance from the heme-substrate complex heavyatoms, with residues with Ca atom
within 8 A from any ligand heavyatom considered for design. Geometric constraints were
applied to the heme-CYS interaction using the Rosetta AddOrRemoveMatchCsts mover.
Successful designs were selected based on metrics describing protein-ligand contacts (Rosetta
ddG, contact molecular surface, SASA, H-bonds to acceptors). An additional round of
ligandMPNN sequence design was performed at the positions flanking the binding pocket,
with only those in the window of 812 A from the ligand enabled for redesign. The structures
of the resulting sequences were predicted using AlphaFold2 (with tighter cutoffs of Cae RMSD
< 1.2 A and CYS sidechain RMSD < 1.0 A applied). Finally, the heme-substrate model was

re-aligned into the AF2-predicted model structure, and relaxed with Rosetta FastRelax. The
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relaxed models were re-evaluated based on the same protein-ligand interaction metrics as
used before. Upon final manual inspection of the generated designs, 168 were selected for

experimental testing.

The described design pipeline is available for download at: https://github.com/ikalvet/

heme_binder_diffusion

Digoxigenin Binders

To demonstrate the capability of RFdiffusionAA in designing de novo binders for small
molecules with the ligand information alone, we designed digoxigenin-binding proteins. We
used a model conformation of the target ligand digoxigenin as an input to generate 25,000
diffused backbones using RFdiffusionAA. The configuration and parameters for generating

the backbones are listed below.

RFdiffusionA A inference job was run using the following command: The diffusion outputs
were subsequently filtered based on the radius of gyration, secondary structure content, solvent
accessible surface area (SASA) of the small molecule, and the number of contacts between the
protein backbone and ligand atoms. The selected backbones underwent ligand pose-aware
sequence design by applying iterative cycles of LigandMPNN and Rosetta FastRelax (|7],[16],
sequence design method described in [79]). Eight sequences were sampled per backbone with
LigandMPNN, and AF2 was used to predict the protein structures. The selected designs with
high AF2 pLDDT (>80) and low backbone-RMSD (<1.5A) were used to re-dock the ligand
digoxigenin using ChemNet. We reasoned that by employing ChemNet, a deep-learning fixed
backbone ligand docking method, updated ligand positions would contribute in sampling
more sequences from Ligand MPNN[79]. We used the docking outputs with high ChemNet
confidence (>80 ChemNet pLDDT; to filter out poor predictions from ChemNet) to perform
a second round of sequence design with LigandMPNN. Finally, we conducted filtering of
the designs based on AlphaFold2 and Rosetta metrics. The designs chosen for experimental
testing exhibited high AF2 pLDDT (>80), low backbone-RMSD between design model and
AF?2 prediction (<2 A), low Rosetta ddG (<-30), and formed at least one hydrogen bond


https://github.com/ikalvet/heme_binder_diffusion
https://github.com/ikalvet/heme_binder_diffusion
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with the ligand. Given that our experimental screen involved digoxigenin covalently linked to
biotin, we also excluded designs where the digoxigenin-linker atoms were deeply buried within
the protein (Rosetta atomic depth < 30). This resulted in 4,416 designs to experimentally

SCreer’.
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2.10.10 Ezxperimental Methods
Bilin Binders

Initial Screen of Bilin binding designs Synthetic genes encoding the RF Diffusion
designs were ordered as eBlocks gene fragments in a 96-well plate format (Integrated DNA
Technologies) and ligated into modified pET-29b as in [[37]|]. The resulting plasmid arrays
were transformed into E. coli BL21(DE3) harbouring pCOLADuet-cpcEF-pebS-HO1 ([8]).
This plasmid encodes the biosynthetic machinery required to synthesize phycoerythrobilin
(PEB) as well as a bilin-protein lyase, CpcEF, which is required to attach PEB to the CXRD
bilin binding motif included in all the protein designs. PEB-binding positives in the 96-well
plate were easily identified by their pink color, and were further characterized by scanning the
plate using UV-Vis absorption (250-800 nm - Fluostar Omega) and fluorescence (excitation:
460, 520, and 630 nm; Emission filters: 530BP30, 605DF50, and 695DF55 - Amersham
Imager 600).

Large scale expression and purification Positives from the initial screening were scaled
up in 500 ml LB broth cultures in 2L baffled Erlenmeyer flasks at 37°C and 180 rpm in the
presence of 50 pg/ml and 100 pg/ml, kanamycin and ampicillin, respectively. At an optical
density at 600 nm (ODggp) of ~ 0.6, IPTG was added to a final concentration of 1 mM to
induce protein production and the cultures were switched to 18°C for 16 h. E. coli cell pellets
were resuspended in 50 mM HEPES, 500 mM NaCl, 20 mM Imidazole (pH 7.6), disrupted by
sonication, and the His-tagged biliproteins were purified from the cell extracts via immobilized

metal affinity chromatography (IMAC) and subsequent size-exclusion chromatography (SEC).

Fluorescence analysis of bilin binding proteins Samples were diluted to OD ~ 0.1
for recording fluorescence emission spectra (Horiba Fluorolog-3), using a 10 nm FWHM
excitation source. An absorptance (1-T) spectrum was calculated for each sample (Agilent
Cary 60), and the ratio of absorptance to fluorescence (areas under the graph) were used to
estimate the relative fluorescence yield for each biliprotein, with CpcA-PEB arbitrarily set

to 100%.



119

Large scale expression of PEB synthesis genes in presence and absence of bilin
binding proteins The plasmid for expression of one of the de novo biliproteins from the
main manuscript — C11 — and a plasmid capable of expressing large quantities of maltose
binding protein (MBP) were transformed into E. coli (BL21(DE3)) harbouring a plasmid for
synthesising PEB and expressing the proteins CpcE/F (bilin lyase). These were grown up in
500 ml of LB and induced between OD 0.6-0.8 using 1mM IPTG, expression was carried
out for 16-18hrs at 16C. Cells were resuspended in lysis buffer (50 mM HEPES -+ 500 mM
NaCl at pH 7.6 with protease inhibitor, DNase I and lysozyme) and sonicated to release
the cellular content. After clarification — removal of cellular debris — by centrifugation at
76k xg, spectra of the supernatant were taken (Fig. , B). Finally, the supernatant of
the PEB only and PEB + C11 was purified via an IMAC column for C11 + PEB and the

supernatant of PEB + MBP was purified via an amylose column. Spectra were taken of each

of the eluents (Fig. S2.21B, D).

Heme Binders

Construction of pET29b(+) plasmids encoding heme binding protein variants
Double-stranded DNA fragments encoding the designs and any variants thereof (codon-
optimized for bacterial expression) were purchased from Integrated DNA Technologies (IDT)
as eBlocks™ Gene Fragments. Following the Golden Gate cloning protocol using T4 DNA
ligase and Bsal-HFv2 restriction enzyme (master mix #E1601, NEB),[133] the DNA fragments
encoding design sequences and including overhangs suitable for a Bsal restriction digest were
cloned into a custom pET29b(+) target vector containing lethal ccdb gene, and C-terminal
SNAC|35] and hexahistidine tags (#191551, Addgene). This yielded final expressed sequences
as: MSG <design> GSGSHHWGSTHHHHHH.

Small-scale screen for expression Assembled plasmids containing the designs were
transformed into chemically competent E. coli BL21(DE3) cells by heat shock. DNA was
incubated on ice with competent cells for 30 minutes, followed by 30 second heat shock at 42
°C, and 2 minute incubation on ice. 100 uL rich medium (super optimal broth with catabolite

repression, SOC) was added to transformed cells and samples were incubated at 37 °C, 1050
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r.p.m. on a shaking platform for 1 hour. The cells were subsequently transferred to 900 uL
of LB medium containing 50 pg/mL kanamycin, and incubated on a shaking platform (1050
r.p.m) at 37 °C for 16 hours. Thereafter, 100 uL of the starter culture was transferred to
900 pL of TB-II medium containing 50 pg/mL kanamycin and the cultures were grown at
37 °C for 4 hours. Protein expression was induced by the addition of 2 mM IPTG and the
cultures were incubated at 37 °C for 2 hours. Meanwhile, glycerol stocks were prepared by
mixing 100 uL of the starter culture in LB media with 100 pL of 50% glycerol and stored at
-80 °C. The cell pellets were harvested by centrifugation at 4,000 g for 10 minutes and lysed
with BugBuster® lysis reagent containing 0.01 mg/mL deoxyribonuclease and 0.1 mg/mL
lysozyme, using a ultrasonication in a microplate horn (40% amplitude with 10 s on, 10 s
off for a total of 4 min on-time). Lysate was collected by centrifugation at 4,000 xg for 20
minutes and analyzed by SDS-PAGE to identify solubly expressed protein variants. The
variants not showing a band of over-expressed protein on the SDS-PAGE gel may have done
so for a number of reasons: very low level of expression; insoluble protein; errors in the cloned

DNA fragment. The precise modes of failure were not investigated at this stage of screening.

Small-scale heme-binding screen To clarified cell lysates containing overexpressed
protein was added 9 pL of hemin solution (250 M in 0.5 M aq. NaOH) to reach a final
hemin concentration of 10 uM. The lysates were then applied to Ni-NTA resin (50 L) that
was equilibrated with wash buffer (50 mM KPi, 200 mM NaCl, 25 mM imidazole, pH 7.4).
The resin was washed with 25 column volumes (CV) of wash buffer. Protein was eluted
with 200 pL of elution buffer (50 mM KPi, 200 mM NaCl, 300 mM imidazole, pH 8.0). To
remove non-specifically bound heme and most of the imidazole, 130 pL of the eluted protein
solutions were thereafter loaded onto a 96-well PD MultiTrap G-25 desalting plate (Cytiva)
equilibrated with a buffer containing 50 mM KPi and 200 mM NaCl at pH 7.2, and eluted
by centrifugation at 800 xg for 2 minutes. As a control, the IMAC elution buffer alone was
also eluted through the desalting column, and the resulting solution used as a background in
the subsequent UV-Vis spectroscopic analysis. UV-Vis absorbance spectra of the desalted
heme-loaded protein solutions were collected in half-area UV-STAR microplates (Greiner)

using a platereader (BioTek Synergy Neo2) in the 250-700 nm range. Heme-binding was
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qualitatively assessed based on the wavelength and the intensity of the Soret maximum of
heme. A Soret maximum at 420-425 nm is indicative of CYS-ligated heme-binding in a
hexacoordinate low-spin state (with the 6th coordination site most likely filled by endogenous
imidazole), whereas a Soret maximum at 370-390 nm, along with a charge transfer band
at 640 nm is indicative of a CYS-ligated pentacoordinate high-spin heme state.[114] The
collected spectra are presented in Fig.

Larger-scale expression and purification of heme-binding proteins 40 designs were
selected based on the results of the small-scale heme-binding assay for expression scale-up
and further characterization. Clonal variants of the designs were obtained by spreading stabs
from the polyclonal glycerol stocks on LB-agar plates containing 100 pg/mL kanamycin
and incubating the plates at 37 °C for 16 hours. Single colonies were picked, and the DNA
fragments encoding the designs were amplified following a colonyPCR protocol using GoTaq®)
Green DNA polymerase master mix (#M7122; Promega) and T7 reverse and forward primers.
The PCR products identified to contain DNA of appropriate size based on agarose gel (1.2%)
electrophoresis with SybrSafe dye were sent to Sanger sequencing (GeneWiz/Azenta) for
sequence-verification. Single colonies containing the correct design sequences were grown up
in 5 mL LB media containing 50 pg/mL kanamycin, over 16 hours at 37 °C. 2 mL of the
starter culture was used to inoculate 40 mL TB-II media containing 50 ug/mL kanamycin
and the rest used for plasmid extraction following the Qiagen QIAprep MiniPrep protocol.
The 40 mL cultures were grown at 37 °C for 4 hours, after which protein expression was
induced with the addition of 1 mM IPTG, and the cultures were incubated at 37 °C for 2
hours. Pellets were harvested by centrifugation at 4,198 g for 8 minutes and resuspended in
a lysis buffer containing 50 mM KPi, 200 mM NaCl, 25 mM imidazole, 0.01 mg/mL DNAse,
0.1 mg/mL lysozyme, and a Pierce protease inhibitor tablet. 200 uM hemin (from 12 mM
stock in 0.5 M aq. NaOH) was added to the resuspended cells, cooled on ice. Lysis was
immediately performed by ultrasonication (13 mm probe, 2.5 mins, 10s on, 10s off, 65%
amplitude). Lysate was clarified by centrifugation at 15,000 xg for 20 minutes, and applied
to Ni-NTA resin that was equilibrated with wash buffer (50 mM KPi, 200 mM NaCl, 25 mM

imidazole, pH 7.4). The resin was washed extensively with 50 column volumes (CV) of wash
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buffer. Protein was eluted with 1.2 CV of elution buffer (50 mM KPi, 200 mM NaCl, 300
mM imidazole, pH 8.0) and further purified via size exclusion chromatography (SEC) using a
Superdex Increase 75 10/300 GL column (GE Healthcare) on AKTAxpress (GE Healthcare)
instrument at 0.8 mL min-1 flow rate using a running buffer containing 50 mM KPi, 200 mM
NaCl pH 7.2. The monomeric or smallest oligomeric fractions of each run were collected. The
obtained chromatograms are presented in Fig. UV /Vis spectra were collected
of the heme-loaded protein samples after purification to determine the iron coordination
number and to qualitatively compare heme loading levels in isolated proteins (as judged by

the Agoret/A2so ratio). The collected UV /Vis spectra of purified proteins are presented in
Fig. 92.31]

The Cys/Ala knockout mutants of selected designs were produced by following the afore-
mentioned Golden Gate assembly protocol, and transformed into E. coli BL21(DE3) cells as
described above. After incubation in SOC media, the cells were spread on LB-agar plates
containing 100 pg/mL kanamycin, incubated at 37 °C for 16 hours. Single colonies were
picked and sequence-verified, and the larger-scale expression protocol was followed in most
part. These proteins were purified without the addition of hemin prior to the lysis step, and

were isolated as apo proteins.

Mass spectrometry analysis MS data for the designed proteins were acquired on an
Agilent 1200series LC G6230B TOF LC-MS with an AdvanceBio RP-Desalting column (A:
HoO with 0.1% Formic Acid, B: Acetonitrile with 0.1% Formic Acid). The final protein
concentrations were adjusted to 1-2 mg/mL in 50 mM KPi, 200 mM NaCl, pH 7.2. Subsequent
data deconvolution was performed in Bioconfirm using a total entropy algorithm. All data

are presented in Table §2.15|

Variable temperature spectrophotometric measurements 7To observe changes in
the spectral properties of bound heme at increasing temperatures, UV /Vis spectra were
measured of in vitro loaded holo-proteins using the Jasco Spec V750 spectrophotometer and

a 10 mm pathlength cuvette. Spectra in the 230-700 nm range were collected at every 10
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1

)

°C intervals between 25 °C and 95 °C. Temperature was increased at the rate of 5 °C min
and spectra were acquired after the temperature had stabilized to within 0.5 °C of target
temperature for 5 seconds. Measurements were performed with 20 uM solutions of purified

holoprotein in KPi buffer (50 mM KP1i, 200 mM NaCl, pH 7.2). The obtained results are

presented in Fig. 92.14}2.17]

Circular dichroism spectroscopy To determine secondary structure and thermostability
of the designs, far-ultraviolet circular dichroism (CD) measurements were carried out on a
JASCO J-1500 instrument using a 1 mm pathlength cuvette. Samples of purified protein
were prepared at 0.3-1.0 mg/mL in 50 mM KPi, 20 mM NaCl, pH 7.2. The temperature of
the sample was scanned from 25 °C to 95 °C with full spectrum scans from 190 nm to 260
nm performed after each 10 degree increment. Protein concentrations were determined by
absorbance at 280 nm, measured using a NanoDrop spectrophotometer (Thermo Scientific)
using predicted extinction coefficients.[5I] The obtained results are presented in Fig.
217
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Figure 2.26: UV /Vis spectra collected from small-scale screening for heme binding, HEM 1.C1
to HEM 1.E9. Samples were prepared by adding 10 pM hemin to clarified cell lysates (grown
from 1 mL cell cultures), purifying the proteins with Ni-NTA affinity chromatography, and
eluting through PD MultiTrap G-25 desalting column.
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Figure 2.27: UV /Vis spectra collected from small-scale screening for heme binding, HEM _2.A1
to HEM 2.E4. Samples were prepared by adding 10 xM hemin to clarified cell lysates (grown
from 1 mL cell cultures), purifying the proteins with Ni-NTA affinity chromatography, and
eluting through PD MultiTrap G-25 desalting column.
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Figure 2.28: UV /Vis spectra collected from small-scale screening for heme binding HEM 3.A1
to HEM 3.G11. Samples were prepared by adding 10 M hemin to clarified cell lysates
(grown from 1 mL cell cultures), purifying the proteins with Ni-NTA affinity chromatography,
and eluting through PD MultiTrap G-25 desalting column.
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2.29:

Size-exclusion chromatograms of heme-loaded proteins, HEM 1.C2 to

HEM 2.D10. Data were collected using a Superdex Increase 75 10/300 GL column (GE
Healthcare) in a buffer containing 50 mM KPi and 200 mM NaCl at pH 7.2. Void volume of
the column is 8.5 mL. Blue chromatograms were obtained by following the absorbance at
408 nm, indicating elution of heme-containing species. Red chromatograms were obtained
from absorbance at 280 nm.
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2.30:
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Size-exclusion chromatograms of heme-loaded proteins, HEM 3.A1 to
HEM 3.G7. Data were collected using a Superdex Increase 75 10/300 GL column (GE
Healthcare) in a buffer containing 50 mM KPi and 200 mM NaCl at pH 7.2. Void volume of
the column is 8.5 mL. Blue chromatograms were obtained by following the absorbance at
408 nm, indicating elution of heme-containing species. Red chromatograms were obtained

from absorbance at 280 nm.
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Figure 2.31: UV/Vis spectra of heme-loaded proteins. Inset shows the visible region at
3x magnification. Spectroscopic data of most designs is in agreement with CYS-ligated
heme binding (either Soret maximum at ~420 nm and Q band features at 540/570 nm for
hexacoordinate low spin state, or Soret maximum at 370-390 nm and Q band features at
510/540 and charge transfer band at 640 nm for pentacoordinate high spin state). Spectra
were recorded in a buffer containing 50 mM KPi and 200 mM NaCl at pH 7.2.
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Table 2.15: Mass spectrometry data for diffused heme-binding proteins. In all cases the
observed mass corresponded to the loss of N-terminal methionine (-130 Da).

Variant Expected | Observed Variant Expected | Observed
Mass Mass Mass Mass
HEM 1.C2 | 27185 27054 HEM 3.A12| 21607 21476
HEM 1.C5 | 26735 26604 HEM 3.B5 | 24682 24551
HEM 1.C12]| 20524 20393 HEM 3.B11| 21344 21213
HEM 1.D7 | 22406 22275 HEM 3.B12| 21761 21630
HEM 1.D12| 21959 21828 HEM 3.C7 | 23187 23056
HEM 1.E3 | 22940 22809 HEM 3.C8 | 23218 23087
HEM 2.A1 | 23983 23852 HEM 3.C9 | 23179 23048
HEM 2.A6 | 23630 23499 HEM 3.C10| 23580 23449
HEM 2.A11| 22449 22319 HEM 3.C11| 23542 23411
HEM 2.B2 | 22750 22619 HEM 3.D4 | 21383 21252
HEM 2.B4 | 22449 22318 HEM 3.D7 | 24155 24024
HEM 2.B7 | 17507 17377 HEM 3.D8 | 21197 21066
HEM 2.B9 | 16938 16807 HEM 3.D9 | 21326 21195
HEM 2.B10| 17123 16992 HEM 3.E5 | 21084 20953
HEM 2.B11| 22889 22758 HEM 3.E6 | 23364 23233
HEM 2.C3 | 19173 19042 HEM 3.E7 | 23226 23095
HEM 2.D10| 22007 21876 HEM 3.E12| 23057 22926
HEM 2.E4 | 16922 16791 HEM 3.G1 | 22702 22571
HEM 3.A1 | 24975 24844 HEM 3.G2 | 23108 22977
HEM 3.A10| 24457 24326 HEM 3.G7 | 22482 22351
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Crystallographic data Protein sample of HEM _3.C9 for crystallography was prepared
following the procedure outlined in paragraph "Larger-scale expression and purification of
heme-binding proteins". The holoprotein was purified using Ni-affinity and size exclusion
chromatography. The C-terminal hexahistidine tag was left intact. The holo HEM 3.C9
was crystallized at 20 mg mL™" in purification buffer (50 mM KPi, 200 mM NaCl, pH 7.2).
The concentration of the protein sample was determined based on its absorbance at 280 nm,
and the molar extinction coefficient (11460) and molecular weight (23179) used for calculating

the concentration were obtained with ProtParam Expasy.[51]

All crystallization experiments were conducted using the sitting drop vapor diffusion method.
Crystallization trials were set up in 200 nL drops using the 96-well plate format at 20 °C.
Crystallization plates were set up using a Mosquito LCP from SPT Labtech, then imaged
using UVEX microscopes and UVEX PS-256 from JAN Scientific. Diffraction quality crystals
formed in 0.1 M Citric acid pH 5.0, and 3.2 M Ammonium sulfate (JCSG-+ crystallography
screen, well F2). Crystals were flash-frozen in liquid Nitrogen before sending out to analysis

at the synchrotron.

Diffraction data was collected on AMX at the National Synchrotron Light Source II. X-ray
intensities and data reduction were evaluated and integrated using XDS|[73] and merged /scaled
using Pointless/Aimless in the CCP4 program suite[135]. Structure determination and
refinement starting phases were obtained by molecular replacement using Phaser[91] using
the designed model for the structures. Following molecular replacement, the models were
improved using phenix.autobuild[3] using simulated annealing. Structures were refined in
Phenix[3]. Model building was performed using COOT[44]. The final model was evaluated
using MolProbity[I34]. Data collection and refinement statistics are recorded in Table .
Data deposition, atomic coordinates, and structure factors reported in this paper have been

deposited in the Protein Data Bank (PDB), http://www.rcsb.org/ with accession code 8vc8.
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Table 2.16: Data collection and refinement statistics for co-crystal structure of HEM 3.C9.

HEM 3.C9

PDB accession number 8VC8
Wavelength 0.92009
Resolution range (A) 28.06 - 1.8 (1.85 - 1.8)
Space group P221 2
Unit cell dimensions
a, b, ¢, (A) 37.987, 39.622, 119.239
a, B, (%) 90, 90, 90
Unique reflections 16611 (1242)
Multiplicity 4.3 (4.1)
Completeness (%) 95.57 (88.59)
Mean I/sigma(I) 8.84 (1.01)
Wilson B-factor (A?) 27.26
R-merge 0.094 (1.420)
R-pim 0.050 (0.792)
CCy /9 0.999 (0.746)
Reflections used in refinement | 16611 (1242)
Reflections used for R-free 1650 (120)
R-work 0.1893 (0.3221)
R-free 0.2319 (0.3411)
Number of non-hydrogen | 1610
atoms

macromolecules 1500

ligands 48

solvent 62
Protein residues 197
RMS(bonds) 0.015
RMS(angles) 1.4
Ramachandran favored (%) 98.97
Ramachandran allowed (%) 1.03
Ramachandran outliers (%) 0
Average B-factor (A?) 33.39

macromolecules 33.19

ligands 32.27

solvent 39.18
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Digozxigenin Binders

The selected designs were ordered as synthetic oligonucleotides (Twist Bioscience) and
transformed into S. cerevisiae EBY 100 strain as a pooled library, using a previously described
protocol [28]. EBY100 culture was grown in C-Trp-Ura medium supplemented with 2%
(w/v) glucose (CTUG). For induction of expression, yeast cells initially grown in CTUG were
transferred to SGCAA medium supplemented with 0.2% (w/v) glucose and induced at 30
°C for 16-24 h. Cells were washed with PBSF (PBS with 0.1% (w/v) BSA) and incubated
with a solution containing 2 uM of biotinylated digoxigenin, streptavidin conjugated to PE
(SA-PE, Invitrogen), and anti-myc antibody conjugated to FITC (Immunology Consultants
Laboratory) for 40 minutes at room temperature. After incubation time, cells were washed
with PBSF and resuspended before cell sorting. We performed fluorescent activated cell
sorting (FACS, SONY SHS800S) to collect cells with PE-signal which represents binding to
biotinylated digoxigenin. We performed a second round of cell sorting with three different
conditions of incubation, which were prepared by having different biotinylated digoxigenin
concentrations. We identified three designs that showed enrichment for binding to biotinylated
digoxigenin and SA-PE. We used flow cytometry (Attune NxT, Thermo Fisher) to analyze
the binding signals (from biotin-digoxigenin and SA-PE) of each clone (Fig. 92.32)).
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Figure 2.32: Binding signals of three digoxigenin binder hits analyzed by yeast display and flow
cytometry. Binding signals of the samples with biotin-digoxigenin titrated (concentrations 0
nM, 40 nM, 1000 nM incubated with SA-PE) are shown in columuns.
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To characterize the binding affinity of the designs in vitro, we used Golden Gate assembly
reaction with Bsal-HFv2 restrction enzyme (NEB) to clone the gene fragments of the potential
hit sequences into a custom pET29b(+) target vector including a Bsal restriction site, lethal
ccdb gene, and N terminal histidine tag for protein expression in E. coli [133]. This resulted
in the final expressed sequence being MSHHHHHHSG-design-GS. We transformed the cloned
plasmid into BL21(DE3) competent cells (NEB), and the E. coli cells were incubated for
growth and expression in autoinduction medium for 16 hrs at 37 °C. The expressed proteins
were purified using His-tag and Nickel affinity with IMAC, and further purification was
achieved by using size-exclusion chromatography (SEC) in phoshpate buffered saline with 137
mM NaCl, 2.7 mM KClI and 11.9 mM phosphates (PBS, Fisher). Superdex Increase 75 10,/300
GL column (GE Healthcare) was used with AKTAxpress (GE Healthcare) for SEC and we
collected monodisperse fractions to further determine the binding affinity to digoxigenin.
Equilibrium fluorescence polarization (FP) experiment was performed with decreasing protein
concentrations when the concentration of AlexaFluord88-labeled digoxigenin (AF488-DIG)
was fixed as 5nM in phosphate buffered saline (PBS) as done previously [122] (Fig. §2.33).
Ligand binding of dig3 was too weak and could not be characterized in vitro (data not shown).
We further performed equilibrium competition fluorescence polarization binding assays to
digl and dig2 (Fig. . The concentrations of AF488-DIG and the binder were fixed (0.5
nM, 40 nM and 1 nM, 200 nM for digl and dig2, respectively), and fluorescence polarization

values at increasing concentrations of label-free digoxigenin (Sigma-Aldrich) were measured.

Isothermal titration calorimetry (ITC) was carried out for the best binding design digl by
injecting 256 uM label-free digoxigenin to 22.5 uM digl protein in 20 mM Tris, 100 mM
NaCl, pH 8.0 buffer with 1.0% DMSO using the 19 injections with syringe rinsing protocol
of MicroCal PEAQ-ITC (Malvern Panalytical). ITC binding isotherm curve is shown in Fig.
. K4 was measured to be 343 4 /- 109 nM and the binding stoichiometry was 1.02.
From the SEC-MALS (Agilent 1200 HPLC, GE Superdex 75 -10x300 column, 20 mM Tris
100 mM NaCl, pH 8.0 buffer) experiment results we observed that the purified digl protein
is majorly monomeric (Fig. . The concentration of digl for performing SEC-MALS

experiment was 112.9 pM.
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Figure 2.35: Determined molecular mass of digl from SEC-MALS experiment. The major
peakl had number weighted molecular mass (Mn) of 15.8 kDa which is close to the monomeric
molecular weight of the design digl (16.3 kDa). The minor peak2 had a number weighted
molecular mass of 28.7 kDa close to the dimeric molecular weight of digl.

2.10.11 Figures and Statistics

Figures were generated using matplotlib[69] and seaborn[I30] and appropriate statistical
tests were performed with Scipy[126] when noted in figure legends. Outliers were removed

from boxplots for clarity. Renderings of protein structures were created with PyMOL.
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2.10.12  Supplementary Results
Ligand-Aware Protein Structure Prediction

In order to investigate whether or not the additional ligand context helps the RFAA model
make better predictions of protein structure (Fig. , we filtered the dataset from
subsection down to only those items that RFAA predicts confidently (inter-chain PAE
< 10.0). We hypothesize that in the cases that RFAA gets the ligand dock correct, it may
predict more accurate structures of the protein binding pocket. In those cases in which
RFAA fails to dock the ligand correctly, it is unlikely that the added ligand context will aid

in protein structure prediction.

Comparing against RF2 We predict the same protein chains (those that RFAA predicts
with high confidence) with RF2, which has no way to represent the bound ligand. This a
safe comparison because the validation clusters between RFAA and RF2 are identical so
the only large differences are the architectural differences described above and the ability to
explicitly model ligands. We expect that comparisons to other structure prediction networks
will be harder because of training dataset bias. We further filter the evaluation set by
confident prediction from RF2 (protein pLDDT > 80), and end up with 594 unique items
in an evaluation set that are predicted confidently by both RFAA and RF2. For each item,
we make 3 predictions from both RFAA and RF2 to remove any artifacts that come from
random seed, and pick the prediction that either minimizes inter-chain PAE or maximizes

pLDDT, respectively.

We measure the all-atom RMSD of the predicted protein structure relative to the crystal
after kabsch alignment on the backbone atoms. We also measure the ligand pocket RMSD,
where the ligand pocket is defined as the set of residues that have at least one atom within
5A of the ligand in the crystal structure. The ligand pocket RMSD is then computed as the
all-atom RMSD of said residues after kabsch alignment on the backbone atoms of the same

residues.

We observe a statistically significant difference (paired t-test) between the RMSD values from



139

RFAA and RF2 (Fig. ) We depict several examples of structures that RFAA predicts
better than RF2, likely due to the added ligand context (Fig. §2.5B-D). One illustrative
example is the PDB entry 7rjj in our test set. For this target, RFAA generates an accurate
prediction while RF2 predicts an incorrect, “open” conformation of a helix forming the
ligand-binding pocket (Fig. , pink structure). This open conformation is present in the
most sequence-similar example in the training set (Fig. , yellow structure). However,
a different example in the training set, which has lower sequence similarity to 7rjj, has the
helix in a “closed” conformation in the presence of a ligand (Fig. , orange structure).
We hypothesize that RFAA uses the presence of the ligand to better disambiguate alternate

conformations of similar proteins seen during training.

Predicting Structures With and Without Ligands A natural question that arises
is whether or not RFAA can predict conformational shifts in a protein with and without
a ligand partner present. For those same set of 594 items that are confidently predicted
by RFAA and RF2, we make predictions of the protein structure without the added ligand
context using the RFAA model (best of three predictions by PLDDT) and plot the binding
site RMSD between predictions with and without the ligand (Fig. ) We observe some
differences between predictions made with and without ligand partner present - in particular,
RFAA is capable of predicting conformational shifts for which both apo and holo states
are well-represented in its training set. However, we note that it is difficult in general to
evaluate how well RFAA changes to a protein upon binding and do not expect the model to
generalize to completely novel conformational changes. We expect that future work will make
intentional train/test splits that exclude specific conformational changes to assess whether
the network can generalize to novel conformational shifts but consider that outside the scope

of the work presented in this manuscript.

CAMEQO Baseline Servers

In Fig. 92.4A-B, we present a per-ligand breakdown of the targets predicted in the CAMEO
challenge by both the RFAA server and the CAMEO baselines based on classical docking
methods from weeks 08/12/2023 to 09/02/2023. The CAMEO baselines first predict the
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structure of the protein chain(s) using the SWISS-MODEL software and then dock the
ligands using AutoDock Vina sequentially with a bounding box that covers the volume of the
entire protein [55], [124]. The only difference between between the “Vina” and “AD4” baselines

is the scoring function used when running AutoDock Vina (vina or AutoDock 4).

We show some common failure modes of the network in Fig. §2.4D. The most common
failure mode is placing the molecule in a different orientation than the crystallized pose.
These orientations usually also have shape and chemical complementarity to the protein
structure but there is another potentially "lower energy" dock that is not sampled. Other
failure modes we noticed in CAMEOQ is that the network predicts regions that are unresolved
in the true structure which change the geometry of the binding pocket and thus change the
dock of the small molecule. The final common failure mode is choosing the predict more

buried positions for complexes that interact on the protein surface.

Prediction of Metal Ions

The set of protein-metal ion complexes constructed in subsection were predicted. To
analyze the results of this evaluation, we restricted the dataset to 6 transition metals that
are known to have coordinated binding sites (Zn, Mn, Fe, Cu, Co, Ni). We find that RFAA
makes accurate predictions for these metals (Fig. . Similar to the other datasets, we
find that the predicted alignment error (all protein residue frames vs metal ion since metal

ion does not have a canonical frame) accurately correlates with accuracy (Fig. S2.3).
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Chapter 3

ATOM LEVEL ENZYME ACTIVE SITE SCAFFOLDING WITH
RFDIFFUSION2

This chapter is published as Ahern, W.T, Yim, J.T, Tischer, D.T, Salike, S., Woodbury, S., Kim,
D., Kalvet, I., Kipnis, Y., Coventry, B., Altae-Tran, H., Bauer, M., Barzilay, R., Jaakkola,
T., Krishna, R.*, Baker, D.* Atom level enzyme active site scaffolding using RFdiffusion2.

bioRxiv. Preprint. 2025.

W.A., D.T. and D.B. conceived the study. W.A., J.Y., D.T., S.S., and H.R.A.T contributed
to development of RFdiffusion2. W.A. trained all versions of RFdiffusion2 described in the
study. W.A., S.S., and R.K. performed in silico benchmarking. W.A., S.S., J.Y., and R.K.
analyzed RFdiffusion2 results. S.S., SM.W., D.K., LK., Y.K., and B.C. experimentally
characterized designs. W.A, J.Y., R.K., and D.B were responsible for the manuscript writing.
S.S., SM.W., D.K., and I.K. were responsible for writing in vitro details. D.B., R.K., T.S.J.
and R.B. offered supervision throughout the project.

3.1 Introduction

A grand challenge in de novo protein design is the generation of enzymes that catalyze
novel reactions. De novo enzyme design starts from a detailed description of an active site
composition and geometry predicted to catalyze the reaction of interest. This active site
description, called a theozyme, describes placement of protein functional groups around
the reaction transition state(s) and any reaction cofactors [64], 86]. The de novo enzyme
design task is to generate protein scaffolds that accommodate such theozymes. Pre-deep
learning methods such as RosettaMatch searched through sets of already existing native
or designed [142] scaffolds for possible placements of the catalytic residues. While many

enzymes were designed using this approach, it was restricted to theozyme geometries that
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could be matched to the input scaffold set [146]. Advances in deep learning with diffusion
models [6l, 61, 84, TT2] have removed the need for scaffold libraries for many substructure
scaffolding tasks by directly sampling diverse proteins containing the desired substructure
(motif) through a technique known as motif scaffolding |27 68} [82] [132]. However, thus far
these methods all operate on a backbone level representation of proteins as a series of amino

acid residues, and consequently, can only scaffold motifs represented at the backbone level.

Current approaches attempt to overcome this limitation for atom level active site descriptions
by enumerating possible conformations and sequence indices for the catalytic residues and
then in a separate step using motif scaffolding to generate proteins which scaffold these
backbone positions [23] [77]. While active enzymes have been generated using this approach,
it is computationally inefficient and does not scale to more complex active sites as the number
of combinations of backbone coordinates to scaffold grows exponentially with the number
of catalytic residues. A method capable of scaffolding complex theozymes described at the

atom level would have wide-spread applications for enzyme design and beyond [24] [65], [107].

We reasoned that substantially improved performance on more complex enzyme active site
scaffolding challenges could be achieved by a generative model capable of selecting the
conformations and sequence indices of the catalytic residues by modeling the full joint
distribution of rotamers, sequence indices, and scaffolds conditioned directly on atom level
active site descriptions. With RFdiffusion2, we set out to extend RosettaFold diffusion
All-Atom (RFdiffusionAA) [76] to generate structures conditioned on these minimal active

site descriptions.
3.2 Atomic Motif Conditioning

To address this challenge, we sought to generalize motif scaffolding beyond sequence indexed,
backbone level motifs. Prior motif scaffolding methods represent motifs as “backbone frames",
in which each amino acid’s N, Ca, C backbone atoms are parameterized as an element in
SE(3). Each motif frame requires a pre-specified sequence index that indicates the frame’s
location along the backbone chain. In contrast, the protein component of an atom level active

site description includes only the side chain functional group atoms, not the backbone, of the
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participating amino acid residues; these residues can be anywhere along the sequence, i.e.
of unknown index. While the indexed frame representation is sufficient for scaffolding large
contiguous domains that can be accurately described at the residue level, it is insufficient to
express the task of scaffolding disconnected groups of atoms belonging to residues of unknown

indices.

Our approach is to create an extended representation with differing levels of resolution and
index information that is capable of expressing more complex motifs. In RFdiffusion2, we
use the RosettaFold All-Atom neural network architecture in which each residue in the input
and output can be represented as a frame or as heavy atom coordinates, i.e. an atomized
residue [76]. During training, we represent some residues with frames and atomize others.
For each atomized residue, the network learns to model the distribution of side chain poses.
By providing known coordinates for some side chain atoms, which we term the atomic motif,
the network learns to model the distribution of proteins conditioned on the inclusion of
such atomic substructures. At inference time, we can then condition on the coordinates of
individual protein atoms such as the side chain (or backbone) functional groups present in a
theozyme. This ability to condition on individual atoms rather than entire residues allows us
to forgo inverse rotamer sampling [146] used in previous approaches and instead allow the

model to simultaneously infer an appropriate rotamer and scaffold.

We can further extend the representation to remove the need to know the sequence indices of
a motif in order to scaffold it. During training, we select subsets of residues, duplicate them,
and remove their index features to create unindezed residues. Without any auxiliary losses,
the network learns that unindexed residues are always superimposed on indexed residues
in unnoised structures. By providing coordinates for unindexed residues, which we term an
unindexed motif, the network learns to model the distribution of proteins conditioned on
the inclusion of a known substructure at unknown indices. At inference time, we then have
the flexibility to condition on a motif consisting of residues with known or unknown indices
because theozymes do not prescribe the sequence indices of their constituent residues. The
ability to condition on motifs without specifying their indices enables us to forgo naive index

sampling used in previous approaches and instead allow the model to simultaneously infer
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indices for the motif while scaffolding it (Figure [3.2B).

The resulting model, RFdiffusion2, can generate proteins conditioned on a broad range of
motifs including side chain motifs, motifs without known sequence indices, and ligand motifs.
When training RFdiffusion and RFDiffusionAA, we found performance started to worsen over
extended periods of training. Through a combination of auxiliary losses and self-conditioning
[32], these methods were able to achieve high success rates on their respective tasks in short
training sessions. Due to the complexity of the unindexed atomic motif scaffolding task, we
expected that a stable objective would be required. To this end, we train RFdiffusion2 with
flow matching [6l [84], a simpler framework for diffusion models [45] [88] shown empirically to
have improved training and generation efficiency in other domains [85]. Briefly, this framework
interpolates a training example towards a noise sample and trains a neural network to denoise
by predicting the original, uncorrupted example. If trained to denoise with sufficient accuracy,
the model can sample from the data distribution by iteratively denoising a sample drawn
from the noise prior. Our representation of the data distribution contains both atoms and
backbone frames which are elements of R® and SE(3), respectively. Flow matching on R3
follows its original derivation using Gaussian probability paths while for SE(3) we follow
the formulation in FrameFlow [143] 144] that utilizes Riemannian flow matching [31] and
removes approximations for rotational losses present in the RFdiffusion [132]. With these
improvements, RFdiffusion2 trained stably from randomly initialized neural network weights,
does not require auxiliary losses, or use self-conditioning. Decoupling RFdiffusion2 from
structure prediction is an important step to remove constraints around the neural network
architecture as well as enable new generative modeling tasks. Our training dataset consists
of biomolecular structures from the Protein Data Bank (PDB) [17] that include proteins,
protein—small molecule complexes, protein-metal complexes, and covalently modified proteins,
filtering out common solvents and crystallization additives [76]. Each structure undergoes a
motif extraction procedure to construct a motif-scaffolding training example. First, we select
a random subset of residues to be the motif. Motif residues are chosen uniformly at random
to ensure RFdiffusion2 sees a diverse range of interatomic geometries in the motif. Second,

each motif residue is represented either as a frame or atomized residue. If a motif residue is
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atomized, only a random subgraph of the amino acid heavy atoms are provided as the motif.
Third, we decide whether the motif will be featurized as an indexed or unindexed. Lastly,
for any ligand present, we sample a random connected subgraph of its heavy atoms to be
provided as a motif with Relative Accessible Surface Area (RASA) [121] labels for each atom
in the ligand intermittently provided. We resample the motif on each training step as a form
of data augmentation to ensure that the same noised structure is not always shown alongside

the same motif. We train the final model for 17 days using 24 A100 Nvidia GPUs.

In our early experiments with flow matching, we found that the choice of how the ground
truth structures were centered relative to the origin in training significantly affected the
quality of inference outputs. A natural strategy is to globally center each ground truth
structure; however, this leaks the offset between the scaffold center of mass and the motif.
At inference time, this strategy requires the exact specification of the desired offset which is
usually not known. A common fix for this pathology in motif-scaffolding diffusion models is
to center ground truth structures on the motif, allowing the model to determine the offset
between the scaffold center of mass and the motif [68, [144]. However even when the motif
is centered, due to the interpolation scheme used in flow matching, the model is able to
exactly determine this offset from any partially noised structure. The resultant behavior
is that in the first denoising step, in which the network receives pure noise, it predicts an
offset that it does not learn to refine in subsequent denoising steps. We instead introduce
stochastic centering which first center the ground truth structure and add a small global
translation sampled from a 3D Gaussian such that the noised input structures only encode
an approximate offset between the motif and scaffold. This enables the model to refine the
placement of the motif within the overall structure over the course of the inference trajectory.
At inference time, users supply a prior belief about the placement of the motif through
a special ORI pseudo-atom that specifies the approximate center of mass of the generated
structure. This enables enzyme designers to control the active site and transition state
orientation relative to the protein core (Figure ) For example, given an elongated small
molecule or transition state with one end quite polar or charged, placement of the ORI token

adjacent to the opposite end (or displaced from this end along a vector running through
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the long axis of the molecule) results in a designed binder or enzyme with a binding pocket
extending radially from the center of the protein with the polar/charged end of the small

molecule exposed to solvent.

RFdiffusion2 provides two additional conditioning capabilities of the ligand that are useful
in de movo enzyme design. First, to provide finer control over the depth at which each
reactant and/or cofactor is buried within the protein, we enable users to specify the RASA
of each atom. By providing the RASA of each ligand atom 50% of the time during training,
RFdiffusion2 learns to generate structures that respect those atomwise conditions at inference
time when provided (Figure ) Second, the user may know the ligand atoms of a transition
state but may not know the full ligand conformer. We allow the user to specify “partial
ligands" where only the known ligand atoms are provided while RFdiffusion2 infers the rest of
the ligand conformer. A brief analysis on the physical plausibility of the generated conformers
shows they match closely with RDkit generated conformers. We find RFdiffusion2 can
respect partial ligands by sampling physically realistic conformers (Figure ), removing
the need to naively resolve the ligand conformer with an external tool a priori. Together,
the conditioning capabilities opens up greater control over the geometric properties of the

protein-ligand complex during inference.

3.3 Representations

Amino acid representation. RFdiffusion2 introduces a novel biomolecule representation

that can capture a wide range of inputs and outputs. Amino acid residues can be represented

as follows.
e X =[z1,...,xy] is the collection of N indezed amino acids residues x; with subscripts
i € [1,...,N] describing where each residue is along the polypeptide chain via a

mapping idx (described later).

e X =[,...,Zy] is the collection of N unindezed amino acid residues Z; with subscripts

i €[1,...,N] that do not correspond to a location along the polypeptide chain. We

use indices ¢ to enumerate through unindexed residues, but they have no connection to
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the polypeptide chain.

Each residue z (or Z) can be represented as a frame x € SE(3) or atomized » € R*3

following the amino acid 14 atom representation [72]. We acknowledge the abuse of notation

() (®)

. and 7>~ have different dimensionalities and different spaces. We treat X (and X)

since x

as a “‘jagged" tensorE| where each row of a dimension can have a different length to avoid
(t)

unnecessarily verbosity, i.e. Shape(xgt)) £ Shape(xj ) for some i # j. This notation helps
simplify the exposition. We will use the over head bar notation to refer to unindexed variables.
For example, X is the collection of unindexed residues, N is the number of unindexed residues.
Providing the sequence index as an input feature helps the model form a polypeptide chain
by placing z; in between its neighboring residues in the chain. Unindexed residues are a way

of prompting RFdiffusion2 to figure out the sequence index placement for ;.

Before we describe how unindexed residues work, we must describe how motifs are represented.

There are two types of motif residues, indexed and unindexed, which we denote as
XM =(Miemy, XM=@EM.ieM) (3.1)

where M C [1,...,N] is the collection of subscripts for indexed residues in the motif.
Typically in motif-scaffolding with generative models, the model is provided X™ and is
tasked with generating the scaffold X defined as the remaining residues in X not provided
for in XM

XS ={x;:i€[l,...,N]/M} (3.2)

However, the scaffold cannot be defined for motif residues in X which do not have known
sequence indices. This can be overcome by guessing the sequence indices for each unindexed
motif residue, but the trial and error for guessing sequence indices in a combinatorial space
of [1,..., N] is infeasible to enumerate. If a generated enzyme is bad, how can we know if it

is due to the generative model or due to a poor choice of sequence indices?

!Pytorch introduced jagged tensors for handling elements of different lengths. See https://pytorch.org/
FBGEMM/fbgemm_gpu-overview/jagged-tensor-ops/JaggedTensorOps.html


https://pytorch.org/FBGEMM/fbgemm_gpu-overview/jagged-tensor-ops/JaggedTensorOps.html
https://pytorch.org/FBGEMM/fbgemm_gpu-overview/jagged-tensor-ops/JaggedTensorOps.html
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Unindexed residue satisfaction. Our representation allows for a solution where RFdiffu-
sion2 can handle X without manually guessing sequence indices at the start. At a high level,
we set up an input representation where the model generates a full protein X but with the
constraint that each unindexed residue in X has to have an overlapping indexed residue. Let
us assume XM = () to simplify our notation and that z; € SE(3) for each i € [1,...,N]. A

unindexed residue Z; is defined as being satisfied if the following holds

(_min, Mo, (2) ~ Lot (o)l ) < 33)
for some very small epsilon € and where || - ||, is the norm with the Riemannian metric g for

SE(3) and Log, is the logarithmic map onto the tangent space centered at point x € SE(3).
If Z is satisfied then we can extract the sequence index that RFdiffusion2 assigned with the
following

argmin ||Logg, (7;) — Log, (z;)llg (3.4)
jJ€[1,...,N]

RFdiffusion2’s must satisfy each Z; with a indexed residue. In other words, it is protein
generation while adhering to constraint satisfaction that we specify (or prompt) through our

representation.

Partially defined atomized motif residues. We have discussed i’i‘/f as if the residue

coordinates are fully specified. However, it is often the case only the side chain functional

M

groups are known for :Z’f‘/[ Here, ;" is represented as an atomized residue, i.e. in :ff\/[ € R14x3,
There are two tasks RFdiffusion2 must perform for partially specified unindexed atomized
residues. First, it must satisfy the Eq. constraint in finding a indexed residue to satisfy
:Ef\/[ . Second, it must generate the unspecified atoms in :Ef\/[ . We will denote Z; as the atom
coordinates in ff‘/f that are to be generated by RFdiffusion2. z takes the place of inverse
rotamer sampling that was previously used when motif residue atom coordiantes were not
fully specified. We now tasks the model with generating the atom coordinates that become
the rotamers in the motif residue. Partially specified atomized residues are not unique to

unindexed motif residues. Indeed, a:f” can also be specified as atomized residues with missing

atom coordinates that must be inferred by the model.
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Unindexed

@ residue
Generated @ """" @
protein kY

A. Unsatisfied B. Satisfied with x, C. Satisfied with x;

Figure 3.1: Diagram of unindexed residue satisfaction. In red are four indexed residues that
make up the generated protein while in blue we show a single unindexed motif residue z. A.
The unindexed residue is not satisfied since none of the residues in the generated protein
overlap with it. B. Here it is satisfied since xo overlap. The generated protein has placed this
particular motif residue at index 2. C. Again it is satisfied but this time with x3. Whichever
residue in the generated protein used to satisfy Z does not matter. It is up to the model to
select which indexed residue to use.

Ligand representation. Following RFdiffusionAA, we represent ligands, denoted L €
RA*3 as a collection of K 3D atomic coordinates. Similar to partially defined atomized
residues, ligands can be partially defined with the unknown atom coordinates left to RFdiffu-
sion2 to infer. We use L™ to denote the ligand motif that holds the unnoised ligand atoms

provided to the model.
3.4 Model Architecture

The neural network architecture used in RFdiffusion2 closely resembles RosettaFold All-Atom
(RFAA) and RFdiffusion All-Atom (RFdiffusionAA) [76]. We refer to those works for more

details while providing a brief description here and the changes we made.

RFdiffusion2 follows the three tracks introduced in RosettaFold (RF) [10] where the neural
network can accept 1D sequence information, 2D distance and bond information and 3D
coordinate information. While we train the network from scratch, we choose to maintain

the input tensor shapes of RFAA because the network architecture was optimized for the
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RFdiffusion2 forward pass

T o SE(3) transformer

Inputs Attention Pair Bias Outputs
Conditions, network Triangle Multiplicative Denoised .
features: C P Updates i | Biomolecule: BV | :
bl SE(3) transformer P ;
—_ refinement ' :
Noised Biomolecule: | | Axial Attention ) i 1| Predicted velocity | !
B® = N fields: P, :

x36

Figure 3.2: Diagram showing the neural network architecture of RFdiffusion2. The middle of
the diagram labeled RFdiffusion2 forward pass shows the neural network operations including
Attention Pair Bias, Tri. Mult. Update, Axial Attention, SE(3) transformer, and SE(3)
transformer refinement (see [76] for details on each operation). We use plate notation to
show the number of times each operation is performed. The outputs include the denoised
biomolecule that is converted into the vector fields used in the flow matching loss.

structure prediction inputs. Briefly, RFAA introduced the ability to model arbitrary small

molecules with the following innovations:

Adding tokens for all atoms found in small molecules in the PDB.

Adding explicit bond feature inputs

Adding chirality inputs which break 3D chiral symmetries

Generalizing the positional encoding to break permutation symmetry for polymers but

maintain the symmetry for small molecules

Scaling the trunk attention heads and channels to improve performance

Generalizing the structure module to operate on frames for polymer residues and global

translations for ligand atoms
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Architectural Improvements We largely followed the RFAA architecture [76]. In training
RFAA for structure prediction, we found there was training instability associated with the
rotation prediction which has also been noted in AF2 [72]. We used the same heuristic
solution that was used in AF2 where the gradients were stopped between rotation predictions
in the network. This was exacerbated since in RFAA we were predicting a structure at every
block in the network instead of the structure module at the end of the network as in AF2. In
RFdiffusion2, we found that allowing the gradients to flow through rotations of the SE(3)
Transformer blocks in the trunk of the network did not cause instability. We still stop the

rotation gradients in the refinement blocks at the end of the network.

Following RFdiffusionAA, we zero out the rotation and translation updates for motif residues
and atoms. In this case, since the motif is provided within the noisy coordinates, the motif

coordinates will never move during the trajectory.

RFAA performs recycling of latent features as introduced in [72]. In RFdiffusion2, we do not
use the recycling features and they are always initialized to zeros. This speeds up running

the model.

3.5 Discussion

RFdiffusion2 removes expert intuition necessary with prior backbone motif scaffolding and
scaffold library methods, and can design enzymes with in vitro catalytic activity. RFdiffusion2
enables direct scaffolding of ideal active sites described at the atom level without pre-specifying

sequence indices or enumerating side chain rotamers.

There are several avenues for improvement. Despite RFdiffusion2’s success in obtaining active
enzymes across four reactions, the enzymes designed by RFdiffusion2 are not as active as
native enzymes. Our theozymes might not be capturing all the necessary interactions for
high activity and RFdiffusion2 might be able to sample higher activity enzymes by expanding
our theozyme definition to include more interactions that are necessary for catalysis [77].
Automating the design of enzymes from theozymes opens up for the first time the possibility

of large-scale testing of varied theozymes to broaden our understanding of enzymes and
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validate mechanistic hypotheses of much wider scope than those testable with catalytic
residue knockout experiments or directed evolution. Alternative neural network architectures
such as Diffusion Transformers [97] and modules from AlphaFold3 [2] for all-atom tasks
could improve RFdiffusion2 which uses the neural network architecture of RFAA. Finally, we
expect that co-designing the protein sequence [27] and side chains [33] outside the active site
could lead to more favorable pocket interactions with the substrate and potentially enable

sequence-based guidance based on experimental kinetics data.

RFdiffusion2 should be immediately useful to protein designers working on design problems
requiring atomic resolution modeling such as small molecule binding and enzyme design.
We expect that the introduction of RFdiffusion2 and the AME benchmark will open up
new research efforts in the machine learning community exploring designing new modeling
approaches for atomic resolution protein design. To this end, we are making the RFdiffusion2

inference and training code freely available to the research community.
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Figure 3.2 (previous page): RFdiffusion2 overview. A. De novo enzyme design starts from
a configuration of catalytic groups around the reaction transition state(s) (a theozyme)
generated using quantum chemistry, protein structural analysis and/or chemical reasoning. B.
RFdiffusion2 generates protein structures that support the theozyme. Row 1: The backbone
trajectory shows the amino acid residue frames (pastel) as they transform from a sample
drawn from the noise distribution into a protein backbone. Row 2: Zoom in of Row 1,
showing the non-motif side chain atoms (slate grey) connecting the atomic motif (teal) with
the protein backbone. At ¢ = 1 the intra-residue bonds are shown for the atomized residues.
(right) The distances between the Ca coordinates of the unindexed, atomized residues and
the backbone residues they superimpose at t = 1. Over the course of the trajectory, the
model matches these unindexed residues to indexed residues of the protein backbone, such
that by the end of the trajectory the unindexed residue’s Ca occupies the same location as
the Ca of the protein backbone in Fuclidean space. C. The design pipeline starts from the
input theozyme, followed by RFdiffusion2 to generate the structure, and LigandMPNN to
generate amino acid sequences that encode the structure and stabilize the transition state.
Designs are evaluated by all atom structure prediction (using Chai-1, AF3, etc) and are
considered successful if the design (pastel) and prediction (light gray) align to a sufficient
degree. Two representative examples of consistency between design model and predicted
structure at the level we take to constitute a success are shown in the right panels. The two
cases pictured are the Creatinase and Taurine dioxygenase motifs from the AME benchmark.
(AME IDs: M0096 1chm, M0129 10s7).
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Figure 3.2 (previous page): Motif scaffolding with RFdiffusion2. A. In the original RFdif-
fusion, two preprocessing steps are required to transform an unindexed atomic motif into
a suitable input. These steps — inverse rotamer sampling and sequence index sampling
— both require selecting from an exponentially large search spaces of L!/(L — M)! and
M G# of possible rotamer states) pegnoctively, where L is the number of residues while M is the
number of residues that are needed for the active site. RFdiffusion2 does not require such
preprocessing steps and can scaffold unindexed atomic motifs directly. B. RFdiffusion2 can
be conditioned on motifs in different representations. Three versions of the same motif
(M0904, PDB 1qgx) from AME) are shown on the left most column, different backbone
samples in the middle columns, and the resulting diversity of sequence indices and rotamers
on the right most columns. (i) The backbone motif includes a pre-specified rotamer and
index as required by RFdiffusion. (ii) The atomic motif has pre-specified sequence indices
but unspecified side chain conformation. (iii) Only unindexed atom positions are provided,
not the residue indices or side chain rotamer conformations. The rotamer and sequence
indices are sampled during the RFdiffusion2 trajectories, increasing the diversity of possible
solutions to the motif scaffolding problem. C. Each ligand atom can be labeled with a RASA
category to control how solvent exposed the ligand is. The example RASA conditions are
in the left column, a backbone sample with the ligand in the middle, and the distribution
of ligand atom RASA from 100 designs with the RASA condition. When all atoms are
labeled as exposed, the ligand RASA is concentrated around 1.0 and the backbone does not
come into contact with the ligand. Conversely, when all atoms are labeled as buried, the
ligand RASA is concentrated around 0.0; the sample shows the backbone almost completely
covering the ligand. Labeling half the ligand as exposed and the other half as buried leads
to RFdiffusion2 generating backbones that only bind to the buried side of the ligand. D.
RFdiffusion2 can be provided with an ORI token that specifies the desired center of mass
(CoM) of the scaffold with respect to the ligand. Two different ORI positions are shown in
the left column. The middle column shows samples with scaffolds centered at the indicated
ORI token positions. The distribution of CoMs from 100 sampled designs with the ORI token
show that the scaffolds generally follow the ORI condition of where to place the scaffold. E.
RFdiffusion2 can be provided with partial ligand input in which case it must sample the
remaining ligand degrees of freedom while generating the protein. The left column shows the
partial ligand input. The middle column shows in gray a conformer along with the protein
generated by RFdiffusion2. Finally, the right column shows the distribution of 10 generated
conformers.
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Chapter 4

DEMOCRATIZING NEURAL NETWORK DEVELOPMENT FOR
BIOMOLECULAR MODELING AND DESIGN

This chapter contains unpublished work that includes contributions from the following
authors: Frank DiMaio, Nate Corley, Jason Yim, Simon Mathis, Tuscan Thompson, Woody
Ahern, Magnus Bauer and David Baker.

4.1 Introduction

In Chaper 2 and 3, we describe the development of neural networks trained on datasets of
biomolecular assemblies in the PDB. In this chapter, we describe a general framework for
future development of neural networks for biomolecular assembly prediction and design. The
hallmark of this framework is the use of a single software package to train and evaluate several
state-of-the-art models. This framework, called ModelHub, allows for rapid development and
testing of new models and architectures. The development of ModelHub is an important
step towards the goal of creating a general-purpose neural network for biomolecular assembly
prediction and design. In the following sections, we describe the strength of the ModelHub

framework and the results of using it to train and evaluate several models.
4.2 Model Ensembles

We reasoned that a framework for training multiple models simulataneouly would enable
parallel investigation of the design space of neural network models for biomolecular structure
prediction. Using this framework, we trained 4 models: 1) the model presented in [76], 2)
a model with an updated “recycling” procedure which does not recycle side chain torsion
angles between forward passes of the network, 3) similar to 2 but 48 network blocks instead

of 36, and 4) similar to 3 but applying a loss on the predicted rotations of atom nodes using
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Table 4.1: Model Performance on Posebusters

Model % <21 % <2
angstroms angstroms
(Top 1) (Top 5)

Paper model 36 NA

No sidechains recycled 33 NA

48 layers 33 NA

Atom rotation loss 23 NA

Ensemble NA 48

the heuristic atom frame assignment procedure proposed in [76]. We find that none of these
models are more accurate than our published model but that they predict different cases
in the PoseBusters set [25] accurately.Additionally, we find in many cases the predicted

confidence of the most accurate pose is accurately reflected by the model’s “PAE Interaction’

confidence metric. When ensembling these 4 models, we find a Top 5 accuracy of 48 %

<2Aand 66% <3A(Table[4.1).

4.3 Training Generative Model for Structure Prediction

In the previous section, we showed that a large density of predicted structures fall into the 2-4
Aerror range. We hypothesized that this was due to the model mean-seeking over multiple
possible structures and producing slightly inaccurate averages of possible structures. We
decided to test this hypothesis by training a generative model that could sample from the
distribution of possible structures. We largely follow the formalisms used in chapter 3, which

we enumerate below.

Background

Flow matching [0, [84] is a method for training Continuous Normalizing Flows (CNFs) which
describe a process in which samples from a prior distribution z(® ~ p(© are transformed into

a sample from the data distribution ™) ~ pM) via a marginal flow, ), defined in terms of
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a marginal vector field v® as
Co0) =v0(@0@)  where () =a (4.1)

for some time ¢ € [0,1). We can derive the exact form of the flow or vector field with
integration and differentiation of the Ordinary Differential Equation (ODE) in Eq. if
the closed form of one is known. Unfortunately, neither the marginal vector field nor flow
are available in closed form but the key idea of FM is to learn the marginal vector field by
regressing the conditional vector field u(z®|z()) = %aj(t) from which we can integrate to
derive the conditional flow ) = ¢®(2(0]2(M)). The closed form of z(!) depends on the
manifold which the data is generated on. In general, we can write the conditional flow z(*)
as a geodesic path

2™ = Exp, ) (t -Log,0) (37(1))) (4.2)

where Exp_ ) and Log_ ) are the exponential and logarithmic maps at point (), Then the

conditional vector field can be written as

_ Log, (x(l))

u(z®|zM) -

(4.3)

The FM objective is then

B 4(£:0,1),p0 (2(0),p(©) (2(0)) [Hu(fﬂ(t)\iﬁ(l)) - @(x(t))H?, (4.4)

where 9 is the output of a neural network and g is the Riemannian metric for the Manifold
on which z lies. Since we only deal with Euclidean and Lie groups, we can assume the norm
takes the form of a L2. Using Eq. , we can reparameterize the model output in terms of
its denoised prediction (1) (z(®)). One can view this as the model being provided the noisy
data 2 for ¢ € [0,1) and predicting the clean data. The following objective will train the
model to predict the marginal vector field

Lo ) (2@
(10,150 (20,0 20 | Ilu(@®]z) = gx<t>1(_t( ))Ilg- (4.5)
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We will use Eq. (4.5)) as the form of the training objective henceforth. If the model is trained
to low enough error across all ¢, then the learned vector field approximates the marginal

vector field:

(30 (20
@(“(:c“))ZLogm( )1(96_15(90 )~ w0, (4.6)

Learned
Now with an approximation of the marginal vector field at hand, we can generate data by
first drawing a sample from noise 2(°) ~ p(® and simulating the ODE in Eq. using the
Euler method. First, we select a number of timesteps, e.g. 100. Then set the step size to

A =1/100. The following update are performed starting at t = 0.0 until ¢t = 1.0
z(72) = Exp, (A - Log,) (@(t) (x(t))» (4.7)

The final step is a sample from the learned data distribution: () ~ p™).

Structure Noising

We describe the noising process for a biomolecule B() with a hybrid representation. The
noising process is a function of the ground truth biomolecule B() and the noise time ¢. The

pseudocode is provided in Algorithm [I2]

FEvaluation

We evaluate the generative model on the PoseBusters set [25]. We find that the generative
model is able to sample structures with lower clash score and higher intra-ligand LDDT
values indicating more native-like structures. We hypothesize that this is due to two reasons:
1) the noise breaks molecular symmetries between identical atoms in symmetric ligands,
allowing the model to place symmetric atoms in different locations in predictions and 2)
training across noise scales allows the model to learn more detailed features of the interactions

between atoms (such as the ideal distance between atoms to avoid steric clashes) Figure
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Algorithm 12 NoiseBiomolecule

Require:
BW  Ground truth biomolecule
t  Noise time
1: B® « H
2: for b in B do

3: if b(1) is frame then

P S Y

5: r@ ~ U (S0(3 ))

6: 70 ~ N(0,13)

7: r® < Exp,a) (t - Log, ) (r® )

8: 7@ —t. 70 (1 —1). 70

9: b — (r(t) (1))

10: else if b(!) atomized or ligand atoms then
11: b ~ N (B, Tg)14

12: p® ¢t b 4 (1= ) bO

13: end if

14: B® « Concat(B®, 1)
15: end for

16: Return B®

4.4 Discussion

The development of ModelHub shows the diversity of models that can be trained using a
single software package. This flexibility is integral when experimenting with new model
architectures and training procedures. We additionally are able to train models such as AF3
[2] with the same software package which were developed concurrently with our work and
diverge quite substantially in their training procedures. We expect that this framework will
be broadly useful for the community to develop and experiment with new models and to this

end, we will open source the code under the MIT license.
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Figure 4.1: Evaluation of the generative model on the PoseBusters benchmark. A: The model
is able to sample structures with higher intra-ligand LDDT values. Distribution shows the
LDDT values of the predicted structures. Green dotted line represents the median prediction
of RFAA [76] without specific fine-tuning to improve LDDT. The red dotted line represents
the median prediction of RFAA with specific fine-tuning to improve LDDT. B: The model
is able to sample structures with lower clash scores. Distribution shows the clash scores of
the predicted structures. Dotted red line represents the median clash score of RFAA after
fine-tuning with clash score as a loss.
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Chapter 5

CONCLUSION AND FUTURE DIRECTIONS

This dissertation represents the first efforts to apply modern deep learning to biomolecular
structure prediction and design beyond just proteins. At the outset of the work, it was unclear
if the public data in the PDB [I7] would be sufficient to learn about diverse biomolecular
interactions such as those between small molecules and proteins. One insight that could be
drawn from the results presented in this dissertation is that improved modeling techniques
can improve model accuracy on smaller datasets. The specific techniques used will change
but we believe that the approach of developing a single molecular modeling paradigm that is

competent across multiple modalities will survive the test of time.

While these methods approach atomic accuracy, there is still considerable room for improve-
ment in the atomic details of the predicted interactions. One avenue for improvement is to
consider the interactions using a quantum mechanical framework which might be necessary
to understand the detailed interactions between atoms in biomolecular systems. This could
be either through neural network architectures that mimic quantum mechanical functions or
models that predict quantum mechanical properties from structures. Quantum mechanical

accuracy could be key to designing novel enzymes that have not been observed in nature.

Another avenue for improvement is including more data modalities into the model training
regimen. Recent advances in Cryo-ET[19] allow for low-resolution in situ imaging of complex
objects such as assymetric viruses or whole cells. This data poses many challenges: the
resolution is often too low to resolve the atomic details of the interactions Modeling approaches
that can fit atomic coordinates or distributions of atomic positions will be necessary to
understand these systems. I anticipate that development of modeling techniques that can

assess how higher order biomolecular function arises from atomic interaction will be a future
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area of research.

This dissertation explores the initial applications of deep neural networks to prediction of
biological structure. While this dissertation exclusively focuses on training neural networks,
I believe that future paradigms in computational sciences could have a similar impact on our
understanding of biology as the rise of deep learning. Future work will build on this foundation

and move us towards a next generation of biological research fueled by computation.
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