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Abstract

Generating diverse sequences for protein backbones remains an active challenge
with important implications. De novo protein design typically requires screening
large sets of diverse sequences to identify viable candidates under certain experi-
mental conditions. Sequence design has also recently been employed to generate
synthetic data for training models. Diverse sets of sequences can be trivially gener-
ated by increasing the sampling temperature of sequence design models; however,
we find that the covariation between residues in these sequences do not recapitulate
natural covariation or the structures for which they were designed. An alternative
approach designs sequences for structural ensembles, motivated by previous studies
demonstrating that natural sequence variation is strongly tied to structural varia-
tion rather than the constraints of a static backbone. RFdiffusion, with a reduced
number of noising and denoising steps, has demonstrated the ability to diversify
structures via learned potentials. Here, we compare sequences generated using
single fixed backbones and partial RFdiffusion ensembles. Our analyses reveal
that structural variation from RFdiffusion results in increased sequence diversity
at a given sequence temperature without compromising AlphaFold2 designability
metrics. Moreover, the covariance from partial diffusion MSAs better recapitulate
natural covariation and contacts. Lastly, we propose a new approach to evaluate the
quality of sequences, which tests AlphaFold2 self-consistency using shallow syn-
thetic MSAs. This method enables evaluation of sequences for which the efficacy
of the AlphaFold?2 single-sequence self-consistency remains limited.

1 Introduction

Advancements in generative modeling have led to the development of automated pipelines for de
novo protein design. These pipelines generally share a common procedure: sequence-free backbone
generation followed by structure-conditioned sequence design, often generating and screening a
large set of candidate sequences. At inference, structure-conditioned sequence design models, such
as ProteinMPNN, predict the conditional probability distribution of the amino acid identity for a
residue given the backbone structure and all other amino acid identities, wherever decoded; that
is, P(seq;|backbone, seq ,), where _i indicates the sequence for all resides excluding residue 4

[1]. Specifically, the categorical probability distribution of amino acid identities is computed via
ek /T

generate a sequence for a given backbone, one can sample from this predicted probability distribution.
As 7 — 1, amino acid identities are sampled from the distribution inferred by the model, and as
7 — 0, samples approach the argmax of the distribution.

softmax(ay,T) = where 7 is a sampling temperature hyperparameter. In order to

Currently, diverse sets of sequences can be generated by increasing the sampling temperature, 7.
Theoretically, when applied to natural backbones, sampling sequences directly from the inferred

Machine Learning for Structural Biology Workshop, NeurIPS 2024.



distribution should yield the natural sequence distribution. However, additional analysis is required
to investigate whether this phenomenon arises in practice.

Another approach to generating diverse sequences is based on diversifying the target backbone.
Indeed, by exploring structural and sequence diversity of natural proteins, studies have suggested that
highly diverse sequences from a protein family often have non-trivial discrepancies (1-3A RMSD)
[2H4]. A previous study demonstrated the value of structural diversity for sequence design by applying
Rosetta backrub to natural domains [SH7]]. Briefly, backrub generates realistic ensembles by modeling
the local conformational flexibility of crystallographic structures. Their resulting synthetic multiple
sequence alignments (MSAs) better recapitulated natural pairwise covariation compared to those
generated using the static crystal structure coordinates alone. Their results therefore highlighted
the dominant role of structural constraints defined by backbone flexibility rather than a single static
structure in driving sequence variability.

Recently, RFdiffusion with partial noising and denoising schedules has been used to sample diverse
and idealized backbones for binder design [[8H10]. Rather than applying the full noising and denoising
process across 1 steps to generate a random backbone, P(structure), the partial diffusion protocol
takes a structure as input and uses a smaller number of steps (f < T') to generate a similar structure
from a noisy version of the initial structure, P(structure |structure;pn;+qa; + €), where € increases
with ¢ (Fig. 1). This protocol leverages RFdiffusion’s learned potentials and may generate realistic
ensembles similar to the Rosetta backrub method.

Here, we compare sets of sequences generated using the partial RFdiffusion workflow against those
designed using a fixed backbone using the same 40 structurally diverse domains used in the backrub
design study. We measure sequence diversity and evaluate the degree to which covariation reflects
natural coevolution and structural constraints. We then evaluate individual sequences using single-
sequence AlphaFold2 (AF2) self-consistency metrics and propose a new AF2-based approach to
evaluate sets of designs, which provides a framework for comparing sequence design methods and
circumvents issues regarding AF2’s inability to predict structure from a single-sequence. [11].

2 Results

2.1 Structural diversity from partial RFdiffusion increases sequence diversity for a given
ProteinMPNN temperature

Starting from the crystallographic structures of the 40 domains from the backrub design study, we
first perform a grid search of ProteinMPNN sampling temperatures (7 € {0.01,0.1,0.2,...,1})
and RFdiffusion steps (T' € {0,1,5,7,10,12,15,20}, where T" = 0 corresponds to a single fixed
backbone) to characterize sequence diversity along these two axes (Fig. 1). We limit the maximum
number of steps to 7" = 20 since structures generated beyond 20 steps reflect different folds (TM-
score < 0.5) (Fig. S1). We find that while sequence design using fixed backbones and ProteinMPNN
sampling temperature 7 = 1 results in a maximum average sequence identity of 31%, the diversity
of sequences designed using partial RFdiffusion ensembles exceeds this level at substantially lower
sampling temperatures (Fig. 2A). For example, sequences generated by setting 7" = 15 and 7 = 0.4
surpasses this diversity with an average of 28%. The remaining analyses focus on evaluating these
diverse sets and their individual sequences.

2.2 Synthetic MSAs generated using partial RFdiffusion ensembles recapitulate natural
covariation and contacts

The backrub design study revealed that structural constraints play a dominant role in shaping residue
covariation in natural sequences [5]. We reason that reliable sequence design of natural backbones
should also recapitulate natural covariation since similar structural constraints are imposed. Therefore,
in order to characterize synthetic MSAs generated from the fixed backbone and partial diffusion
design protocols, we first compute the overlap between highly covarying residues in the designed
sequences and natural sequences, consistent with the analysis performed in the Rosetta backrub
design study. Similar to the backrub designed sequences, synthetic MSAs generated using partial
RFdiffusion yields greater overlap in covarying residues than the MSAs generated from a fixed
backbone (Fig. S2). The median percent overlap maximizes at 33% setting 7' = 15 and 7 = 0.3
(p = 10 °). Notably, at a comparable sequence diversity, a sampling temperature of 1 on a fixed



Figure 1: Partial diffusion design protocol and evaluation overview

backbone results in a median overlap of 19%, highlighting a substantial decrease in covariation
similarity (p = 10 15). Interestingly, the overlap using partial RFdiffusion is generally lower than the
median overlap of 38% from the backrub design stuydy 0 :01). We note that Rosetta backrub uses
all-atom contexts to generate realistic conformations, which may result in more realistic ensembles.
Further studies are needed to explore this trend.

Whereas the synthetic MSAs were
generated strictly using structural con-
straints imposed by the partial RFdif-
fusion ensembles, natural sequences
arise from a variety of constraints, in-
cluding structure, function, and sta-
bility among many others. We there-
fore reason that the source of remain-
ing mismatch between highly covary-
ing pairs may be due to differences in
these constraints. In order to predict
contacts from these MSAs, we com-
pute the inverse covariance and apply

average product correction for eacligyre 2: (A) Average sequence identity across design pa-

MSA. Indeed, by computing the prerameters; (B) average difference in P@L between synthetic
cision of the top L covarying pairs of gnd natural MSAs

residues for contact prediction (P@L),

we nd that the covariance from par-

tial diffusion MSAs more strongly re ect contacts compared to covariance in natural MSAs (Fig.
2B). The increased P@L further supports that differences in covariation between natural and partial
diffusion generated synthetic MSAs re ect differences in constraints and the structurally idealized
characteristic of the designed sequences. Notably, contact prediction using xed backbone MSAs
resulted in signi cantly lower P@L compared to natural MSAs across all temperatures (FDR < 0.05),
suggesting that xed backbone design weakens expected second order relationships.

2.3 Sequence design using partial RFdiffusion ensembles maintains AlphaFold2
self-consistency at high levels of sequence diversity

Next, we aim to measure compatibility between the target structure and individual sequences, referred
to as designability. In order to evaluate designs, we employ the widely used AF2 self-consistency test
on a random subset of 50 sequences per dord@jiiLll]. We rst generate 50 sequences for each

of the 40 domains applying ProteinMPNN across varying temperatures on xed backbones. RMSD
between the predicted structure using AF2 single-sequence mode and the crystal structure increases
monotonically with sampling temperature, consistent with the hypothesis that sequence-structure
compatibility deteriorates as sampling temperature increases (Fig. 3A).

We next ask whether highly diverse sets of sequences from the partial RFdiffusion protocol maintain
AF2 self-consistency. To this end, we compare sequences from the maximally diverse set from
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