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ABSTRACT

Designing biosynthetic molecules such as proteins is critical for applications in therapeutics
and agriculture, yet the vast sequence space and complex functional landscape pose significant
challenges. Previous design workflows rely on clustering, mechanistic modeling, or directed evo-
lution and are often constrained by hand-crafted heuristics and domain-specific biases. Advances
in deep generative modeling and protein databases of unprecedented size present an opportunity
to apply modern machine learning techniques. In this work, we develop methods to generate
and score protein sequences. We propose several steering and guidance techniques that balance
data-driven exploration with expert-guided refinement. Leveraging established classifications
of antibodies, we enable targeted redesign of designated regions for applications such as affin-
ity maturation and framework optimization. Expanding the scope to general sequence design,
we show effective classifier-guided generation of protein sequences using a novel sequence de-
noising autoencoder. Finally, we investigate the utility of natural language text embeddings in
classifier-free generation and show the capabilities of text conditioned models on downstream
generative modeling tasks. These works represent a modern framework for protein engineering

that incorporates domain knowledge into a human-centered interface.
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1 Introduction

Proteins are the functional products of genetic sequences such as DNA that either carry out
or engage in almost every biosynthetic process in all cellular organisms. Proteins are functionally
diverse and ubiquitous throughout nature, making them ideal candidates for many applications
in subject areas such as drug discovery [4], agriculture [5], and the environment [6]. Despite
the potential bene ts of protein design, multiple challenges arise from the combinatorially vast
sequence and sparsely functional sequence space. Moreover, even subtle di erences in protein
sequences can result in gain or loss of protein function, making the design process extremely sen-
sitive to small perturbations. Computational protein design seeks to e ciently sample sequence
space and generate on-target, physically realizable proteins.

Advances in next-generation sequencing technologies have given way to large-scale genomics
projects [7 10] and resulted in a proverbial biological data age. E orts to characterize and an-
notate protein sequences [11 13] have created a rich taxonomies of protein structure and func-
tion. Data availability combined with specialized semiconductors has enabled the application
of emerging methodologies in arti cial intelligence such as deep learning. In particular deep
neural networks, optimized via stochastic gradient descent [14, 15], have been shown to model
complex distributions without the need for feature-engineering or dimensionality reduction tech-
niques [16, 17]. Self-supervised learning [15, 18] and generative modeling [19 21] have not only
disentangled the need for an output label, but also opened the possibility of generating novel

samples.



A complete computational protein design work ow entails candidate generation, sample rank-
ing and evaluation, experimental readout, and in some cases re-incorporation of experimental
feedback [22]. This work is primarily concerned with the former two. We address the following
objectives: protein family diversi cation, steerable generation, and sample evaluation.

In Chapter 3, we investigate the utility of generative models to diversify the variable domain
of antibody heavy and light chains. In order to do so, we introduce the discrete Walk-Jump Sam-
pler (dWJS), a generative model based on the Neural Empirical Bayes (NEB) [20] framework. The
Neural Empirical Bayes framework relies on Herbert Robbins' semiwalempirical Bayes ap-
proach to statisticg23] by training a Bayesian estimator parameterized by a neural network to
estimate the score of a data manifold corrupted with additive isotropic Gaussian noise. The dWJS
has two variants applicable to sampling procedures such as stochastic gradient Langevin dynam-
ics [24]: an energy-based model (EBM) trained via contrastive divergence [25] and a score-based
model trained using a form of denoising score matching. To demonstrate the capabilities of the
dWJS for protein family diversi cation, we rsttrain it on the paired heavy and light chains of the
Observed Antibody Space (pOAS) [2] and generate novel antibodies meant to target the HER2 re-
ceptor. We evaluate the generative modielsilicowith developing the Distributional Conformity
Score (DCS), an instantiation of a conformal transducer system (CTS) [26, 27], which returns a
randomized?-value testing the null hypothesis that a query sample is drawn independently and
identically distributed (IID) with respect to some reference distribution. We nd that both vari-
ants of the dWJS produce realistic antibody sequences with conserved framework regions and
mutated the complementarity determining regions (CDRs). We experimentally evaluated the top
ranking antibody samples and found they not only expresseditro, but also bound to the target
antigen and outperformed other existing methods in doing so.

In Chapter 4, we develop the deep manifold sampler (DMS), a sequence denoising autoencoder
as well as two sampling methodologies to steer its generation. The DMS is a non-autoregressive

transformer encoder-decoder that accepts a corrupted, o manifold, sequence and denoises it to



its original state. The corruption process perturbs the original sequence by either inserting, delet-
ing, or substituting ! residues. In order to handle the length di erences between the corrupted
and original sequence, the DMS follows Shu, et al [28] and is equipped with two learnable mod-
ules conditioned on the encoder representation of the corrupted sequéndength posterior
module%? ! j /™ that classi es the length change and a length transformatigrt/ j/+ 1°
that expands or contracts the input by! . Using an MCMC-like iterative denoising process, the
DMS samples a wider range of proteins by not only sampling sequences from the decoder, but
also estimating length changesl 2 » ! ha¢ ! max/4ising the length posterior. Additionally,
we propose two methods for conditional generation using the DMS: classi er-guided, function bi-
ased sampling and classi er-free multi-segment preserving sampling (MSPS). In function-biased
sampling, we train an external classi e¥ 1. | /™ to classify gene ontology (GO) terms [11]
given the corrupted sequence representation. During sampling, we add the gradient of the classi-
er with respect to the function of interestr -, % . | ° to the decoded, length transformed
representation/ . The DMS demonstrates the capability to produce target-function enriched
samples using this guidance methodology as well as traverse between distinct functional fam-
ilies. Multi-segment preserving sampling is an alternative guidance methodology that injects
expert information into the sampling process in order to concentrate sampling to user-de ned,
non-preserved regions. In order to do so, we modify the corruption process at inference time to
apply perturbations along the non-preserved segments. In turn, we modify the length posterior
to distribute length changes in those segments while retaining absolute sequence identity in the
preserved regions to the original seed sequence. We demonstrate the ability of the DMS to con-
strain sampling to CDR regions in antibodies and produce realistic, i.e., high-likelihood samples.
These two conditional sampling methodologies described above result in a balanced approach to
exploratory sampling while exploiting external information.

In Chapter 5, we explore new directions in natural language conditioned protein design. Nat-

ural language communication with molecular machine learning systems, or molecular program-



ming (MP), o ers a exible interface for concisely articulating the desired properties of the target
molecules. Previously established molecular programming methods rely on either contrastive
alignment to learn a joint embedding space of protein sequences and text [29 31] or as e ective
translation systems between text and protein [32]. Unfortunately, evaluation approaches for MP
systems is not yet standardized, due partially to the ill-de ned nature of text-based molecular
concepts.

In this chapter, we describe two alternative MP systems condition on text embeddings rather
than natural language itself. The advantages of embedding-based conditioning are not only based
in J. R. Firth's distributional hypothesis: A word is characterized by the company it keeps, but
also in the emergent additive nature of semantic embeddings that enables operations such as con-
ceptalgebra[17]. The rstapproach, interrogates the utility of text conditioning for mutation ef-
fect prediction. We describe a general protein language model ne-tuning method, Conditioning
on Residue-level Annotations from Text (CRATE), that allows for the injection of conditioning in-
formation, in particular token-level annotations such as binding and active sites, during training.
We benchmark CRATE on the ProteinGym [33], a dataset of deep mutational scan (DMS) assays
surveying a variety of selection types and protein functions. We nd that not only does CRATE-
training results in improved performance compared to the baseline unconditional model, but also
it enables task-speci ¢ conditioning in order to improve performance on a per-assay basis. In the
second approach, we apply the same embedding conditioning methodology as in CRATE to train
a text-conditioned Walk-Jump sampler (tcWJS) module. Speci cally, we ne-tune ESM2 using
the NEB approach with the additional input of text embeddings at each hidden layer. In order
to evaluate the tcWJS against a state-of-the-art baseline, we use two portable evaluations to test
validity, whether the output sequence resembles a realistic protein, and language alignment, the
coherence of the output molecule with the conditioning text. To test validity, we draw from the
evaluations developed in Chapter 4 by measuring the pseudo-likelihood of generated samples

given by a surrogate model relative to that of putative proteins in SwissProt [34]. To test lan-



guage alignment, we build o of the distributional conformity score developed in Chapter 3 to
instantiate a new CTS called the concept-conditional distributional conformity score (ccDCS),
which reports a?-value testing whether a given sample is drawn from a reference distribution
of proteins annotated with similar text to the input. We nd that tcWJS is competitive with the
state-of-the-art model MP4 in both language alignment and validity.

The rest of this dissertation is organized in the following manner. Chapter 2 provides back-
ground information on protein biology, historical context on protein design, descriptions of nec-
essary bioinformatics tools and databases, and a brief literature review protein sequence model-
ing and generation. Chapter 3 is a reprint of the published work describing the discrete Walk-
Jump sampler. Chapter 4 contains two reprinted articles, the rstintroducing the Deep Manifold
Sampler and function-guided design and the second describing the multi-segment preserving
sampling algorithm. Chapter 5 introduces the CRATE ne-tuning method and describes the text-
conditioned Walk-Jump sampler. We conclude in Chapter 6 with a summary of the work as well

as a description of future directions and outlook.



2 Background Material

This chapter primes the reader for the following chapters by providing essential context on
topics related to computational protein design. In Section 2.1, we discuss the necessary basis for
protein biology as well as computational tools for protein sequence clustering and categoriza-

tion.In Section 2.4, we review modern methods for modeling and sampling protein sequences.

2.1 Protein biology, structure, and function

Proteins are a diverse class of large, organic molecules that participate in almost every bio-
logical process in every living organism. These molecular machines are linear polypeptide chains
composed of amino acids, and highly specialized to carry out speci ¢ functions such as catalysis of
reactions, signaling to other systems, and mechanical interaction with other biomolecules (often
proteins) to create materials or other products. Proteins are located all throughout the organismal
system in and outside of cells. Intracellular proteins are found in di erent cellular organelles and
expressed to implement the functionality of the cell. Extracellular proteins are located outside of
the cell membrane and may act by signaling to other cells or biological subsystems. Transmem-
brane proteins act as an intermediate conduit between either side of the cell membrane. This

section provides necessary details to contextualize the protein modality for computer scientists.



2.1.1 Molecular composition of proteins

Proteins are linear chains of amino acids, or residues. Amino acids are small molecules with
three functional groups: an amino group, a carboxyl group, and a variable side chain that con-
fers its electro-physical properties. There are twenty naturally occuring amino acids, each with

di erent molecular properties.

H—N
H—Cy—R
o—C
H—N
H—Ci—R
o=—C

(@)

(b)

Figure 2.1: 2.1(a): Diagram of a two amino acids joined by a peptide bond. Eadroup represents a
side-chain. 2.1(b): aternary structure of a crystallized Chymotrypsin protein (PDB ID: 2HCA). Loops,
U-helices, andv/-strands are colored in magenta, cyan, and red respectively.

Consecutive amino acids along a protein sequence are joined via a peptide bond, as seen in
Figure 2.1(a), that connect the carboxyl and amino groups, forming the protein backbone.

Local force- elds induced by the molecular properties of adjacent amino acids along pref-
erence short subsequences to take on certain geometries, or secondary strudtkinetices,V-

strands, and loosely structured loop regions. These secondary structure elements act on one
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another forcing the protein to fold into ane energetically favorable conformation called the ter-
tiary structure. The tertiary structure may consist of one or more constituent domains which
may themselves play di erent functional roles [35].

Finally, tertiary structures may fold in complex with one another to construct multimeric

assemblies called quaternary structure (see Figure 2.1(b)).

2.1.1.1 Se ence homology

Evolution is the product of random recombination and variation of ancestral genetic code
subject to environmental selective pressure. As organisms evolve, mutations in genetic code
results in downstream functional speciation of biological products such as proteins. Homologous
proteins arise from two di erent speciation events: splitting and duplication [36, 37]. In a splitting
event, gene sequences diverge and although non-identical, they code for functionally equivalent
protein products, or orthologs (for example, horse and human myoglobin). In a duplication event,
a gene sequence is duplicated with variation, creating a paralog that may evolve to perform a

di erent but related function (for example, horse myoglobin and horse hemoglobin).

2.2 Early methods in protein design

Engineering proteins is a long sought after grand challenge. Early pioneers proposed rational
design the systematic modi cation of protein sequences based on hypotheses on the relation-
ship between protein structure and function [38, 39]. Contemporaries proposed site-directed
mutagenesis [40, 41] to methodically test hypotheses. Arnold's seminal work on directed evo-
lution [42] proposed mimicking natural selection by evaluating the tness of random mutations
along a given sequence. Despite these early methods setting the stage for modern protein engi-
neering and design, the throughput is limited by costs, in money and in time, of the experimental

procedures. Later, Computational models of protein folding such as Rosetta [43, 44] were used



to optimize sequences by inverse folding resulted in the o novadesigned protein [45]. Still,
the computational cost of mechanistic modeling techniques as well necessitate faster, more data-

driven methods for general design problems.

2.3 Bioinformatics tools

Proteins are large and complex biomolecules with a diverse species of functions and proper-
ties. In order to better understand the sequence, structure, and function landscapes, a variety of

tools have been developed to nd patterns, cluster, and label proteins for downstream analysis.

2.3.1 Se ence clustering

As discussed in Section 2.1.1.1, homologous proteins may be functionally similar as well.
Sequence similarity-based clustering methods group samples using a sequence similarity ker-
nel. Typically, clustering involves setting a similarity threshold, nding diverse cluster centroids
whose similarity does not exceed the threshold, and assigning membership by nding the centroid
of maximal similarity. Sequence similarity is found by aligning sequences matching preserved
domains according to a transition matrix such as BLOSUMG62 [46] and o setting with gap charac-
ters using dynamic programming algorithms such as Smith-Waterman or Needleman-Wunsch.

Fast tools for clustering such as MMSeqs2 [47] enables agglomeration of large sequence
databases and downstream applications such as search/retrieval (linear scan of centroids using
e.g., BLAST [48]), annotation transfer (copying labels among cluster members), and dataset debi-
asing (sampling ecumenically from clusters during e.g., model training). The UniRef databases [49]
are a collection of non-redundant sequence cluster databases.

Sequence clusters are commonly postulated to perform similar functions and hence a variety
of classi cation systems have been developed to categorize clusters as well as provide a taxonomy

of their functions.



2.3.2 Databases and Annotation Types

Protein sequences are deposited into central databases such as UniProt [50] with either ex-
perimental evidence from large-scale sequencing initiatives [7 10, 51] or as hypothetical protein
predictions from open reading frames (ORFs) [52]. The UniProt database is divided into separate
sources: SwissProt [53], a manually curated database of richly annotated proteins and UniProt-
TrEMBL, a larger scale database with electronic curation and annotations.

Advancements in experimental technologies [54] have scaled sequence repositories to big data
and enabled use of modern deep learning methods. Sequence data can be retrieved as strings of
amino acids following the standard coding scheme of the International Union of Pure and Applied

Chemistry [55], which account for ambiguous and nonstandard amino acids.

2.3.2.1 Annotations

Protein sequences are often accompanied with either experimentally veri ed or electronic
annotations meant to characterize their structure and function. For the purpose of this work,

annotations may appear in three di erent forms:

1. Labels consisting of arecord identity number and optionally a natural language description.
2. Numeric molecular properties, either computationally derived or experimentally con rmed.

3. Free-form, natural language descriptions.

Annotations of this form may apply to the entire protein sequence (global) or ascribed to a
speci ¢ subsequence or domain (residue-level).

We review a routinely used computational annotation sources below.

~ Pfam[56] uses cluster-speci c pro le hidden markov models (pHMMs) to assign sequence
labels. Clusters are interpreted and labeled by a mix of automation and expert evaluation

to ascribe a semantic meaning.
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" CATH[13] is a structural taxonomy of protein domains wherein each successive tier of
the system constitutes a more speci ¢ fold classi cation. The acronym standsGlarss
Architecture TopologyandHomologous superfamilbpll tiers besides the last are assigned

using a structural, rather than sequence, similarity kernel.

" InterPrg57] combines annotations from several sources including Pfam and CATH. Inter-
Pro annotations are assigned by ensembling the predictions from each source and unifying

them under a common label system.

Each of the above listed annotation sources is linked to separate function classi cation sys-
tems that seek to provide a taxonomy of protein function. The Gene Ontology (GO) [11] is a
directed acyclic graph (DAG) of three disjoint components standing for di erent aspects of func-
tion: Molecular function (MF), biological process (BP), and cellular component (CC). Each node
of the separate components is connected to its eponymous root. Traversal along the path towards

the root represents synonymous generalization.

2.4 Protein se ence modeling

The most abundant form of protein data are amino acid sequences. The relationship between
sequence, structure, and function (see Section 2.1.1) implies that sequences contain a great deal
of information on the function of the protein that can be used for modeling and prediction.

Both protein sequences and natural language text are modalities of discrete tokens with com-
plex, often long-range dependencies. Consequentially, innovations in natural language process-

ing (NLP) are often adapted in bioinformatics.
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2.4.1 Mathematical description

Formally, letV be a nite vocabulary of discrete token§e k""" and let- = »G¥4, be
a sequence of lengthwhereG:2 V . Sequences are drawn with respect to a density madel
98- ©=93Ge*Ge"""+@. This work considers two factorizations &8- °. The autoregressive, or
causal factorization o%8- ° is
o
9%- ° = WHGE (2.1)

G1

where Gi¢c = »G 1):§=11. Models trained with the autoregressive formulation be readily sampled
by drawing tokens from%G: j Gy® until reaching a prescribed stopping criteria. The non-

autogressive, or bidirectional factorization &8- °is

%-°= B&|GS (2.2)

where G¢represents all other tokens in the sequence apart fr@n Models trained in a non-
autoregressive manner cannot be readily sampled without a prescribed procedure. No matter the
factorization, models of both types are likelihood-based models in that they learn to maximize the
likelihood (or pseudo-likelihood in the case of bidirectional models) of a collection of observed
sequences. Bidirectional models, such as masked language models (MLMs), typically learn the
pseudo-likelihood via a denoising objective [58, 59].

Yet another formulation of8- ° expresses it as a Boltzmann distribution

_expt V 1. o0

%__O
/

(2.3)

i : :
where/ = _,, expt V - °° Energy-based models (EBMs}- ° estimate the unnormalized

log-probability *- © and can be trained by minimizing, e.g., contrastive divergence (CD) [60].
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Sampling using an energy-based model with a derivative (as is the case for CD-based models) can
be implemeted by stochastic gradient Langevin dynamics (SGLD) [24, 61]. Score-based generative
models [21, 62, 63] such as discrete di usion models [64, 65] represent the score, or gradient of

the log-density, and are similarly applicable to SGLD.

2.4.1.1 Generative models for se ence design

Protein generation is a core module in the design work ow wherein novel sequences are
sampled according to the learned density model. For autoregressive models, sampling is readily
available by decoding left-to-right, generating one token at a time. Pseudo-likelihood models
such as MLMs typically use an MCMC-like procedure by starting with a initial, possibly random,
sequence and iteratively masking/corrupting and denoising it to approximate the joint density in
Equation 2.2. Models of or with explicit access to the score of a sample are applicable to sampling
schemes such as SGLD. Techniques to steer generation of these models can also be implemented
by external (classi er-based) or internal (classi er-free) guidance. In classi er-guided genera-
tion [66 68], the gradient of an external classi er with respect to a class of instance is added as a
supplementary signal during sampling. In classi er-free guidance [69], the model itself is made
to represent the joint distribution of data and properties by, e.g., prepending class tokens to the

input.

2.4.2 Historical context of biological se ence modeling

Early methods adapted Shannorrsggram model [70] to biological sequence by analyzing
length subsequences calledmers s[71 73]. In practice, such xed-length pre x methods use a
limited context window that does not allow the model to approximate the entire context, require
storing a large probability table of siz&/j: 1 jVj , and call for heuristics to approximatemers
not found in the training set.

Hidden Markov Models (HMMs) for text [74, 75] brought on innovations in bioinformat-
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ics[76 78]. Mathematically, HMMs defer from the-gram model by leveraging Markovian hid-

den states and estimating observable token emission probabilities. However, these models rely
on restrictive assumptions about the dependency structure of the sequence and require a com-
putationally costly sequence alignment, which may even still under-specify the distribution of
interest if it is too shallow. Additionally, while HMMs are still in wide use today for classi cation

(see Section 2.3.2.1), the primary task in protein design is sequence generation, where modern
methods vastly outperform them.

Deep learning has since o ered a powerful framework for sequence recognition that alleviates
many of the shortcomings of preceding methods. One-dimensional convolutional networks learn
localized spectral Iters intuitively similar ta -mers have demonstrated competitive performance
in protein function prediction [79] as well as general sequence modeling [80]. Recurrent and and
gated neural networks [81 83] demonstrated improved performance over HMMs and capability

to learn powerful representations for downstream tasks.

2.4.3 Transformer revolution

Prior to the seminal work describing the transformer architecture [84], gated neural networks
were the state-of-the-art in protein sequence modeling. However, transformer-based protein
foundation models [85 87] have since demonstrated improved performance over gated neural
networks on a variety of axes including representational capacity, longer context windows, in-

terpretability, and training speed and stability.

" Representational capacitfjransformer models have shown to outpace gated networks in

scaling of model size [83, 88].

~ Longer context windowSated networks transmit information at each step which may lter
out dependencies over very long time-scales. In contrast, the self-attention mechanism in

transformers not only parallelizes the information sharing step but allows it to be shared
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anywhere along the sequence. Moreover, memory e cient implementations of the atten-
tion mechanism [89] enable subquadratic storage complexity that allows longer contexts

to be captured.

Interpretability The attention maps of a transformer network are more easily understood
than the gating and memory mechanisms of gated units [90]. Another recent line of work
applies mechanistic intepretability uses sparse autoencoders to protein language models [91

93].

Training speed and stabilitContrary to gated networks, even autoregressive transformer-
based model do not su er from a sequential computation bottleneck by virtue of the atten-
tion mask. Transformers also do not su er from common issues during training such as

exploding and vanishing gradients.

2.4.3.1 Inductive bias and masking

The transformer attention mechanism calculates pairwise attention weights along the se-
guence, imposing no prior on the dependency structure. Inductive biases may be asserted onto
the model by masking the attention maps.

Causal (autoregressive) masks are lower triangular matrices that disallow attention to pass
backwards in time (i.e., future tokens cannot inform the representation of their predecessors). A
priori, causal masking may not seem like the ideal choice for protein sequence modeling as the
N-to-C terminus ordering is arbitrary from a sequence modeling perspective. However, autore-
gressive pLMs such as ProGen [87, 94] have demonstrated state-of-the-art generation by training
with N-to-C and C-to-N terminus ordering and labeling the ordering with specialized start/end
tokens. Causal language models conform to the formulation in subsection 2.4.1 and can be readily
sampled by iteratively generating sequences token-wise.

Masked language models (MLMs) [58, 86] process the input sequence without imposing an
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information ow order. During training, random subsets of tokens are masked and reconstructed
by the model using the unmasked context. Models are optimized to reconstructing masked to-
kens given the surrounding information. As such, masked language models are not restricted to a
speci c direction information ow. Span masking [95] is a variant of masked language modeling

in which contiguous token spans are dropped out. Masked language models impose an unordered
dependency structure that enables past and future tokens to pass information. While the induc-
tive bias of a masked language model aligns more closely with the dependency structure along
a protein sequence, sequences from such models cannot be readily sampled without a decoding
heuristic or iterative sampling procedure.

Although in natural language the choice of tokenizer has been shown to a ect performance [96,
97], protein language models (excluding e.g., ProtGPT2 [98]) often use a simple amino acid level
tokenizer to enable complete control over the output and force the model to learn the multi-
token dependencies. A recent line of work however has investigated the utility of other tok-
enization strategies [99] as well as the ability to ingest other protein modalities such as structure

tokens [100, 101].
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3 Discrete Walk Jump Sampler

This chapter is a reprint of published paper:
Protein Discovery with Discrete Walk-Jump Sampling
Nathan FreY, Daniel Berenbergy, Karina Zadorozhny, Joseph Kleinhenz, Julien Lafrance-Vanasse,
Isidro Hotzel, Yan Wu, Stephen Ra, Richard Bonneau, Kyunghyun Cho, Andreas Loukas, Vladimir

Gligorijevi¢, and Saeed Saremiernational Conference on Learning Representations @G24®R)

Y These authors contributed equally to the reproduced part in this thesis.

3.1 Introduction

Discrete sequence generation poses a number of challenges to gradient-based generative mod-
els. Generative models must be expressive enough to faithfully capture the underlying data dis-
tribution, while also having controllable outputs that are novel, unique, diverse, and respect the
constraints of the problem space. Energy-based models (EBMs) [102, 103] t an energy function
that speci es a probability distribution over data analogous to the Boltzmann distribution from
statistical physics. Giving access to an easily computable energy is an advantage of EBMs, but
on the ip-side they can be di cult to train and sample from. Denoising objectives based on
score matching [62, 104] and the related advancements in di usion models [105, 106] overcome

these issues, but these either model the energy gradient or only provide access to an empirical
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lower-bound of the likelihood.

Protein design is an instance of the discrete sequence generation problem, wherein the chal-
lenge is to nd useful proteins in the large, discrete, and sparsely functional space Romero and
Arnold [107] of dimension2d for proteins of length! . Here, we consider the speci ¢ problem
of generative modeling of antibodies, a class of proteins with highly conserved structure that are
of immense interest for therapeutics. In addition to the qualities mentioned above, generative
models for antibodies must be sample-e cient because of the relatively small size of datasets
with therapeutic antibodies Kim et al. [108]. Antibodies consist of well-conserved domains and
high-entropy variable regions, so leveraging evolutionary information from pre-trained protein
language models is not an immediate solution. We distinguaghinitio protein discovery and de-
sign (producing novel, functional proteins given some training samples), which is the focus of this
work, from de novalesign, which we de ne as the generation of novel proteins without starting
material. Existing autoregressive protein design methods Jin et al. [109] are ine cient and can
su er from accumulation of errors and high inference latency, while current non-autoregressive
di usion models are similarly ine cient and poorly optimized for real discovery and design tasks
Kong, Huang, and Liu [110]. Our goal here is to invent an e cient, non-autoregressive generative
modeling paradigm for discrete data that produces high quality, novel samples.

To this end, we introduce&SmoothedDiscreteSampling €D, a new formalism for training
and sampling from discrete generative models. We propose a novel algorithsorete W alk-
Jump Sampling dWJS), a method building on the neural empirical Bayes (NEB) [20] formalism,
that addresses the brittleness of discrete EBMs and di usion models and in doing so, provides a
robust and general framework for protein discovery and desigWe also design a metric called
the Distributional Conformity Score OCS), which is a simple scalar score for protein sample
quality. Our results rescue EBMs for discrete distribution modeling and question the need for

di usion models with multiple noise scales in protein discovery.

Ihttps://github.com/prescient-design/walk-jump
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Our contributions are as follows:

N

A

We introduce a new paradigm for modeling discrete data distributioBsjoothed Discrete
Sampling(SDS), building on the neural empirical Bayes framework. We propose the dis-
crete Walk-Jump sampling algorithm, which uses uncoupled, separately trained score- and
energy-based models to leanoisydata distributions and sample discrete data. dWJS en-
ables fast, non-autoregressive sampling with variable length discrete outputs. We also de-

sign a novel architecture for discrete EBMSs.

Our method simpli es score-based model training for discrete data by requiring only a sin-
gle noise level and no noise schedule, which alleviates the brittleness, training instabilities,
and slow sampling of di usion models. Our method also resolves di culties in training
EBMs, obviating the need for many common EBM training tricks (replay bu ernorm

penalty, rejection sampling, etc.), while preserving good sample quality and fast sampling.

We demonstrate the utility of our approach in the contextalb initio protein discovery and
design - generating novel, biophysically-valid protein sequences from models trained on
repertoires of functional molecules. We validate our method wittvitro experiments. Our
method outperforms autoregressive and masked protein language models, large language

models, discrete sequence and structure-sequence di usion, and score-based baselines.
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Figure 3.1: Selected samples from a single Markov chain Monte Carlo sampling run of discrete Walk-
Jump sampling (our method). Protein color corresponds to di erent antibody germlines (classes). Samples
are folded with EquiFold [1] for visualization purposes. Discrete walk-jump sampling exhibits fast mixing
and explores diverse modes of the distribution in a single chain.

3.2 Background

3.2.1 Energy-based models

EBMs are a class of models that learn an energy funconX ! R mapping inputsG(in R®)

to a scalar energy" value. The data distribution is approximated by the Boltzmann distribution
A1@/ 433G (3.1)

EBMs are typically trained via contrastive divergence [25], and new samples are drawn from
?, 1@ by Markov-Chain Monte Carlo (MCMC). Details of the loss function used in this work are
given in Section 3.3. In Langevin MCMC, samples are initialized from a known data point or

random noise and re ned with (discretized) Langevin di usion
p_
G 1=G Xr3!G°, 2XYeY N?* O 3% (3.2)

wherer denotes the gradient of the energy function with respect to inputsis the sampling

step,Xis the (discretization) step size, and the nolds drawn from the normal distribution at
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each step.

3.2.2 Neural empirical Bayes

In NEB, the random variable is transformed with additive Gaussian noise= - [Nt 0»f2 30"

The least-squares estimator ofgiven. =~is given by [23, 111]

BG~0 =~ f?r |og?1~O (3.3)

where?1~° =  ?1~j@?!@3Gis the probability distribution function of the smoothed density.
This estimator is often expressed directly in terms@¥° = r log?1~° known as the score func-
tion [62] which is parameterized with a neural network denoted By : R | R® The least-

squares estimator then takes the following parametric form:
G0 =~ f 2%~ (3.4)
Putting this all together leads to the following learning objective
L1q° = Eg 7219 21-jokG G ~0K (3.5)

which is optimized with stochastic gradient descent. Notably, no MCMC sampling is required
during learning. In short, the objective is learning to denoise with an empirical Bayes formula-
tion (discussed further in Appendix A.2.3). Additionally, the NEB approach conveniently requires
a single hyperparameter controlling the smoothness of the distributio?8. °. We estimate the

optimalf in Appendix A.1.5.

2\We follow the conventiom?1@ = 2. 1@e 721~0 = ? 1-0 efc.
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Figure 3.2: Discrete walk-jump sampling.a The noising and denoising process is applied to antibody
proteins.b Discrete inputsGare smoothed with isotropic Gaussian noisé, N1 0»f2 3°, to noisy inputs,

~ =G, Y. Adiscrete energy-based model (AEBM) parameterizes the energy fun&ib#® of noisy data.
Noisy data is sampled with the energy function, and denoised with a separate denoising ByteNet network
to clean sampleg, 1~°. ¢ The walk" sampling steps on the noisy data manifold with Langevin MCMC are
totally decoupled from the jump" steps to clean samplasThe dEBM takes noisy inputs, concatenates
them with a 1d positional encoding?13, passes through an MLP and a 3 layer CNN, and concatenates
the outputs with an embedding g of the inputs into a hidden state,. is passed through an MLP and
returns the energysy 1~°.

3.3 Antibody discovery and design

3.3.1 Discrete walk-jump sampling

Following training of the denoising networlg,, one can sample noisy data using the learned
score function, 1~° with Langevin MCMC (replacer 5 with 6 in Equation 3.2). For any such
draws~. , clean samples from the true data manifdll are obtained by jumping back tiV
with the least-squares estimatd@g, 1~ ° = ~ | f 26q 1~ 9" This is the walk-jump sampling (WJS)
scheme. A key property of WJS is the fact that the least-squares estimation (junagcisupled
from the Langevin MCMC (walk).

Here, we take advantage of this decoupling to train an EBM with maximum likelihood esti-
mation on the smoothed distribution of noisy sequences, generate noisy samples with Langevin

MCMC, and denoise samples with a separately trained neural network, the least-squares estima-
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tor. The algorithm for discrete walk-jump sampling is given in Algo. 1. Our algorithm is general
and applies to any discrete sequence inputs of a xed vocabulary. In Fig. 3.1 we show samples
generated from a single chain of MCMC. Unlike a di usion model, every sample along the chain
collectively forms a valid set of samples from the underlying distribution, because of the decou-
pled walk (sampling) and jump (denoising) steps. dWJS also produces fast-mixing chains, such
that many diverse modes (protein classes) are sampled in a single chain. Samples are folded with
EquiFold [1] for visualization and con rmation of structural validity.

The EBM is trained by maximizing the log-likelihood abisydata under the model:

Log 1~ Oy E. o »§ 1~ 0l (3.6)

argmaxt- » »og? ~°YF argmax E. o
\ \

where~: are noisy training data ang are noisy data sampled from the model.

With this objective, the model aims to decrease the energy of noisy training data ( positive
samples- ) while increasing the energy of noisy data sampled from the model ( negative samples
~ ) in expectation. The following identity is behind the positive/negative phases in the EBM

training:

rylog2*~°=r 5%° r \ log/ \°
r\§1~°4 8°3~
1 [/ ©\o°

r \51..,0) r\51...0 ’?\ 1...03...

rat~e,
3.7)

=1 \3%°, E 5 1o»n 3 1~%%

where/ \\°= 4 3"°3~js the partition function.
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Algorithm 1: Discrete Walk-Jump Sampling
Input: Denoisergy1~°, energy-based modeh, 1~°

Output: Noisy samples- ?1~°, denoised sample®&~°
1~p Unifix01%8° N1 0f23°
2 for C=0"""¢) 1do
5 | w1 Xr_§i@, D3¢ % N1 Oy
4 end

G 5, f%°
return argmaxg // to recover one-hot encoding

[é)]

[¢]

Variable length protein se ence generation. We represent antibody protein molecules
asG= 1Ge""" 48, whereG 2 f1+”"”20g corresponds to the amino acid (AA) type at position

;. Sequences from the Observed Antibody Space (OAS) database [2] are aligned according to the
AHo numbering scheme [112] using the ANARCI [113] package and one-hot encoded. Align-
ing sequences in this way is a practical solution to handling insertions and deletions, which are
otherwise troublesome for models that require xed length inputs and outputs; alignment intro-
duces a gap" token that can be introduced or removed during sampling to e ectively change the
length of sequences. This allows the model to capture the distribution of lengths present in natu-
ral antibodies. The alignment step maps heavy and light chain sequences of varying lengths to a
standard, gapped input size of 149 and 148 respectively with 21 possible discrete tokens including
the gap. Thus, the input dimension for every sequence becoBnest149, 148 21 Without

loss of generality, any set of proteins can be aligned with a multiple sequence alignment [114].
For other classes of discrete data, pseudo-alignment tokens can be used and randomly inserted
into the inputs, or simple BOS and EOS tokens can be used and sampled. An EBM is trained
via contrastive divergence on the manifold of smoothed, noisy one-hot encodinggiven by

~=G, YY Nt 0f23° whereG2 fO1¢?. A separate denoising model is trained with the
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objective in Eqg. 3.5. New antibody sequences are generated (Fig. 3.2) by sampling noisy samples
with Langevin MCMC following gradients from the EBM, denoising with the least-squares esti-
mator, and takingargmax@to recover a one-hot encoding. Further details related to training and

network architecture are given in Appendix A.1.

Protein design vs discovery. Proteindiscoveryis the task of generating novel, unique, and

valid samples. Proteidesigrrefers to taking some starting sequence and making edits to improve
function. With dWJS we achieve discovery through unconditional sampling, while design is
performed via constrained sampling and scoring. That is, we impose the following constraint

in the form of a binary projection matrix
9% argmaxGi~+C=9%B

for %2 fOo1g 2, where2 is the number of conserved tokens in the sequeneés the noisy
sequence at time ste@of Langevin MCMC B!~ C is the denoised sample at tim@ andBis
the starting sequence. This constraint ensures that the speci ed regions of the sequence are

conserved, while the non-conserved regions are free to change during Langevin MCMC.

3.3.2 Derivation of optimal noise level for discrete se ence data

Throughout the experiments in Section 3.4, we must choose what noise leyét use for
training. Empirically, we nd thatin the protein discovery settind, 0%5is su cient for getting
good sample quality. Here, we provide some intuition for choosing a gogoased on a geometric
picture of the concentration of the measure [20]. We de ne the matfixvith entries

jos=2Cp= s (3.8)
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where3 is the dimension of the data and thzgé§ scaling comes from the concentration of isotropic

Gaussians in high dimensions. The critical noise le¥e],is de ned as
fo= WégXJ 88

such that forf  f,, all noisy data have some degree of overlap. For our antibody sequence
data, the statistics of th¢ matrix are given in Table 3.1 and the histogramjafs values is shown

in Appendix A.1.6. We nd thatf, 0%, which agrees with our empirical hyperparameter
optimization. Estimating » in this way serves to motivate the empirical success of thased in

our experiments, and provides helpful guidance on the scale f use for discrete data. Here we
take 3 to be the length of the input vector3(= ! = 297for aligned antibody sequences); for the
attened sparse one-hot matrices with vocabulary size 2F 6237 This scale$, by 0.22, which

still gives a useful scale fdr, but is not optimal because of the sparsity of the one-hot matrices.

Table 3.1: Statistics of the distance matrix, , for discrete antibody sequence data.

min median mean max f»
j 017 0.42 0.41 0.51

3.3.3 Distributional conformity score

The Fréchet inception distance (FID) [115] (a metric for image generation quality) and the
BLEU (BiLingual Evaluation Understudy) score [116] (for evaluating the quality of machine trans-
lation) greatly simplify the evaluation of proposed methods; protein generation lacks such met-
rics, which motivates us to introduce the distributional conformity score (DCS) (Fig. 3.3). The
goal of the DCS is to provide a succinct description of how likely generated samples are with re-

spect to a reference distribution, while maintaining novelty and diversity. DCS is designed such
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Figure 3.3: in silicodesigns sampled with dWJS are compared to a reference set of validation samples.
Distributions are characterized with a set of sample quality metrics. Joint density estimation is used to
compute the likelihood of designs versus the validation set and likelihoods are condensed idistr@ou-
tional conformity scoréhat characterizes the similarity of generated samples to the reference set.

that improving sample quality corresponds directly to increased probability of generating real,
biophysically valid proteins.

We evaluate the probability that our generated sequences conform to a reference distribution
using the conformal transducer system [26, 27]. KeR R®,Y 2 R,andZ = X Y .2 A confor-
mity measure is a measurable function that maps a sequefkcg ”” " +1° 2 Z~ to a set of real
numberstU;e """ «19. Here, we de ne to be the likelihood under the joint density over various
properties, including biophysical properties and statistical properties, such as a log-probability
under a protein language model (the properties considered, further details, and comparisons to
other measures of protein-likeness are given in Appendix A.6). To avoid over tting the estimator,
we split the reference set into a tting set and a validation set (Algo. 2). In practice, the confor-
mity measure and the scored)*”””+*Umay be pre-computed. At the time of computing the
distributional conformity of a query sample, the only calculations that remain are of the stbre
and the sum to calculat@™ on line 6 of Algo. 2. The sum can be reducedbtélog: °© complexity
by storing the reference valudgde”””+ U in a binary search tree and performing a search for

u.

3In the discussion of distributional conformity scor€refers to sample features; elsewhere in the papeefers
to clean data. Here; refers to labels; elsewhere in the paperefers to noisy data.
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In our context, the reference distributioD comprises all antibodies and the labelepresents
the property of interest such as expression or binding. Empirically, we nd that DCS is a useful
in silicoevaluation metric for developing generative methods and hyperparameter optimization,

and that methods with DC$ 03 yield nearly100%expressing proteins in the wet lab.

Algorithm 2: Distributional conformity scores for evaluating generated designs
Input: Reference distributioD , test examplé&s2 X, conformity measure , label~

Output: p-value?” (the fraction of validation examples that are less similar tg- than
©)

1 Sampléell o777 o]0 g 1j~ and a held-out validation setie " " ": 1%kg I~
2 Setr 1 Ge®R

3 for 8=1to: do

4 W qe” " "elop

5 end )

6 7 %I a1 Y U %

7 return ?°

3.4 Experiments

We evaluate our method, discrete Walk-jump sampling (dWJS) (Fig. 3.2), on three antibody
generation tasks: 1) distribution learning on paired observed antibody space [2]; 2pthigro
expression and puri cation of novel antibodies; and 3) most importantly, functional therapeutic
antibody design [117]. Crucially, we compare methods using our distributional conformity score,
which is a sample-to-distribution metric to assess sample quality (analogous to an FID score),
rather than the sequence recovery metrics used in previous antibody design work [109, 110].
Sequence recovery is a poor objective for our goal, which is the discovery of novel (large edit

distance from known examples), functional antibodies. Details related to model architectures,
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Table 3.2: Ablikeness metrics, uniqueness, diversity, and distributional conformity scores.

Model , property # Unique”  4it" IntDiv" DCS"
dWJS (energy-based)0.056 1.0 58.4 553 0.38
dWJS (score-based)  0.065 097 62.7 65.1 0.49
SeqVDM 0.062 1.0 60.0 574 0.40
DEEN 0.087 0.99 50.9 427 0.41
GPT 3.5 0.14 0.66 554 46.1 0.23
IgLM 0.08 1.0 48.6  34.6 0.533
ESM2 0.15 1.0 70.99* 77.56* 0.061

Table 3.3: Measured protein synthesis.

Model totalexpressed'

dWJS (score-based) 1.0
dwWJs (energy-based) 0.97
EBM 0.42

training, baseline methods, and sequence sampling are in Appendix A.1.

3.4.1 dWJS generates natural, novel, diverse antibodies in silico

We measure generative model performance with a suite of antibody likeness" (ab-likeness)
metrics including labels derived from the AA sequence with Biopython [118]. Sequence property
metrics are condensed into a single scalar metric by computing the distributional conformity
score and the normalized average Wasserstein distangsperty between the property distribu-
tions of samples and a validation set. The average total edit distaggesummarizes the novelty
and diversity of samples compared to the validation set, while internal diverdity@§iv) repre-
sents the average total edit distance between samples. Our method achieves strong ablikeness

results (Table 3.2), simply by increasihgo 0.
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dwJS with dEBM sampling achieves the best agreement with the validation set property dis-
tribution and highest percentage of unique samples, while dWJS with score-based sampling has
high distributional conformity score, novelty, and diversity. We compare to a latent sequence dif-
fusion method (SeqVDM), (a discrete generalization of variational di usion; [119]), a score-based
model with an energy parameterization (DEEN), a transformer-based language model trained
speci cally for antibody design (IgLM); [120], ESM2 [121], and a pre-trained large language model
(LLM) (GPT 3.5). Our dWJS methods have faster sampling time and lower memory footprint than
di usion, autoregressive, and score-based baselines (Table A.3), while also having better sample
guality. Our methods outperform IgLM on antibody-likeness, edit distance, and internal diver-
sity metrics, whereas IgLM has the best DC score and the lowest (wanddiv. This indicates
that IgLM samples are extremely close to the reference set and samples are similar to one an-
other. As our score-based dWJS has a DC score of 0.49 and a 100% expression rate in the lab, it
is likely that all IgLM samples would successfully express in the lab as well. IgLM does produce
100% unique samples, outperforming score-based dWJS and GPT 3.5. Due to IgLM being an au-
toregressive sampler, our method (energy-based dWJS3Basaster sampling speed, which is
useful when generating and ranking large numbers of designs. To mimicathaitio generation
task for ESM2, we increase the masking percentage as high as we can (40%) while still generating
valid samples and in Il validation set sequences to generate new samples. As expected, ESM2
performs extremely poorly in generatingb initio samples with good antibody-likeness, because
it is not trained for generation. It generates highly repetitive sequences that are very dissimilar
to antibodies (hence the high, but meaninglesgis; and IntDiv scores). As a masked language
model, ESM2 in lling is the fastest sampler, but at the cost of poor sample quality. Details on the

baseline methods, and IgLM and GPT 3.5 prompts are given in Appendices A.1 and A.4.

30



Table 3.4: Predicted and measured antibody binding a inity.

Model Ppind " totalping "

dwWJS (energy-based) (Ours) 0.96 0.70
dWJS (score-based) (Ours) 0.95 N/A

LaMBO-2 [65] N/A  0.25
AbDi user [122] 0.94 0.22 (0.57)
SeqVDM 0.75 N/A

GPT 4 0.74 N/A
Transformer 0.60 N/A
EGNN 0.58 N/A

3.4.2 dWJS generates natural, novel, diverse antibodies in vitro

Out of more than 277 designed antibody sequences tested in the laboratory, 270 were suc-
cessfully expressed and puri ed (Table 3.3). We achieved the 97id %80 success rate by
developing dWJS to capture the antibody distributionsilicoas measured by property and dis-
tributional conformity score. For comparison, sequences from an EBM (trained on clean data with
samples drawn using traditional Langevin MCMC) achieved a 42% expression rate. An antibody
sequence comprised of random vocabulary tokens would be expected to have a 0% expression
rate, and in laboratory experiments we have con rmed that a small number of edits (< 4) can

destroy expression if the proposal distribution (generative model) is poorly optimized.

3.4.3 dWJS generates functional antibody variants  in vitro

To further show the robustness of our method, we consider the task of training generative
models on a hu4D5 antibody mutant dataset [117] and compare to baseline models. The dataset
consists of 9k binding and 25k non-binding hu4D5 CDR H3 mutants with up to 10 mutations (after
de-duplication and removing samples that are labeled both binding and non-binding). This yields

a 10*3 dimensional search space. The mutants were measured in lab experiments to determine
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their binding to HER2 antigen. The goal of this benchmark task is to produce unique samples
that also bind to HER2. We trained dWJS models (score-based and energy-based) on only the
binder set at a noise level d¢f = 05, while also training a 1D-CNN binary classi er to classify
binders and non-binders. The classi er achieves 86% accuracy on an IID validation split. Then, we
classi ed 1000 samples from each dWJS generative model and four baseline models also trained
on the hu4D5 binder set. We comparesilicoto three di usion models: 1) a sequence transformer
based on BERT Devlin et al. [58] that generates sequences, 2) an E(n) Equivariant Graph Neural
Network (EGNN) Satorras, Hoogeboom, and Welling [123] that codesigaquencsstructurée®,
and 3) a latent sequence di usion model, SeqvVDM; and a pre-trained LLM, GPT 4. The speci c
prompt used for GPT 4 is given in Appendix A.4. The probability of binding émiquedesigns
from each model is reported in Table 3.4. Our methods produce the highest percentage of unique
predicted binders.

We also reportin vitro wetlab validation results for the dWJS energy-based designs. dWJS
produces the highest percentage of functional antibodies that bind to targeak,,q in Table
3.4). We achieved a 70% binding rate in the rst round of experimental wet lab validation on
HER2, by redesigning the CDR H3 loop of trastuzumab. To the best of our knowledge, this is the
highest reported binding rate of any antibody design method applied to trastuzumab CDR H3 re-
design. Concurrent with the rst appearance of our work, two di usion models reportiedvitro
wet-lab results for this task: AbDi user [122], &sequencsestructure® antibody codesign method,
and LaMBO-2 [65], a guided discrete di usion method. LaMBO-2 produces 25% binders, while
AbDi user generates 22% binders (57% binders after post-hoc lItering). Our method, dWJS, pro-
duces the highest percentage of unique binders (70%) and requires no post-hoc Itering. While
the di usion methods include other important capabilities including structure generation (AbD-
i user) and guided sampling (LaMBO-2), our method outperforms di usion for discrete distribu-

tion learning, which is our goal. For this experiment, our model is trained only on the publicly
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available [117] dataset. This training dataset, our cGded our experimental results are open
and we encourage other researchers to compare results in the samo setting. Further details

on wetlab experiments are presented in Appendix A.5.

3.5 Related Work

Energy-based models (EBMs) [103] are a class of physics-inspired models that learn an energy
function de ning a probability distribution over data with a rich history that goes back to Boltz-
mann machines Hinton and Sejnowski [102]. Estimating unnormalized densities has also been
formulated using score matching Hyvarinen [62]. This formulation led to probabilistic models
for denoising autoencoders [104, 124, 125], but also has an empirical Bayes interpretation that is
most related to this work. In particular, the neural empirical Bayes (NEB) [20] formalism uni es
kernel density estimation [126] and empirical Bayes [23] to transform the unsupervised learning
problem into a more tractable form where a neural network energy function is parameterized to
capture asmoothedlata distribution. Our work is the rst study of the NEB formalism for dis-
crete data. Discrete di usion models such as [64] learn an iterative denoising process over many
di erent noise levels by prescribing a noise process over discrete data that converges to a known
categorical distribution.

Approaches borrowing from traditional ML generative modeling have been used to model
antibodies [68, 120, 127, 128], but typical natural-language-based methods struggle to capture the
data distribution of antibodies, for which there is limited training datalK - 1M high-quality
sequences depending on the distribution of interest) and additional challenges due to the high-
entropy variable regions of the sequence. Here, we address the above challenges with training
and sampling discrete sequences using a novel formulation of decoupled energy- and score-based

modeling.

“https://github.com/prescient-design/walk-jump
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3.6 Conclusions

We proposedSmoothed Discrete Sampl{8PS), a new paradigm for modeling discrete dis-
tributions that uses Langevin Markov-Chain Monte Carlo to sample from smoothed data distri-
butions. We introduce the discrete Walk-Jump Sampling (dWJS) algorithm and evaluate it on the
antibody discovery and design problems, showing the capability of our method to generate novel,
diverse, and functional antibodies as measured by synthetic biophysical property distributions,
similarity metrics, andin vitro experiments. The strong regularization provided by tting the
energy function to noisy data completely prevents over tting and training instabilities, result-
ing in fast and e cient training and sampling with low compute requirements. dWJS discards
many of the commonly used techniques for improving EBM training with Langevin MCMC (re-
play bu ers, > norm penalty, simulated annealing, rejection sampling, etc.) and reduces the
engineering complexity of training EBMs and di usion-based models to a single hyperparameter
choice: the noise levef,. Altogether, our results suggest a simpli ed, more general and robust
framework for training and sampling from discrete energy- and score-based models with appli-
cations to therapeutic molecule design. Future work will probe the generality of our results to
other classes of molecules and even other data modalities (e.g., images), as well as theoretical

investigation into the results presented here.

3.7 Retrospective

This work introduced a new generative model for protein sequences and demonstrated its
e ectiveness at generating realistic, functional antibodies. We show that our model's generation
quality is competitive with other contemporary state-of-the-art generative models for antibodies.
A follow-up work that demonstrates the generative capabilities of discrete walk-jump sampling

foramore diverse collection of protein families and functions provide evidence to justify its utility
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as a generalized sampler. Additionally, our work shows that a simple ByteNet architecture trained
from scratch on paired antibody chains was an e ective means to producing antibody sequences.
This work presented an unguided sampling approach, insofar as the Langevin walk steps are
only informed by the learned gradient model. Additionally, our work did not leverage pre-trained

antibody language models such as Ablang [129] or IgLM [130]. Since the publication of this work,
multiple follow-up works have addressed these areas of interest. Mahajan, et al [131] exploited
large language models for walk-jump sampling in order to enhance expressivity. Additionally,

Ikram, et al [132] and Joren, et al [133] explored classi er-based and classi er-free guidance

techniques to drive sampling into desirable regions of sequence space.
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4 Deep Manifold Sampler

4.1 Function-guided Design by Deep Manifold Sampling

This section is a reprint of workshop paper:
Vladimir Gligorijevi¢,Daniel Berenberg, Stephen Ra, Andrew Watkins, Simon Kelow,
Kyunghyun Cho, and Richard Bonneau
Machine Learning for Structural Biology Workshop, Ne #(R3$

4.1.1 Introduction

Protein design has led to remarkable results in past decades in synthetic biology, agriculture,
medicine, and nanotechnology, including the development of new enzymes, peptides and biosen-
sors [134]. However, sequence space is large, discrete, and sparsely functional [135], where only a
small fraction of sequences may fold into stable structural conformations. Taken together, these
considerations present important challenges for automated and e cient exploration of design
space.

Building on previous works on representation learning from large-scale protein sequence
data [81, 86, 88, 136 138], we introduce a novel generative model-based approach called deep
manifold sampling for accelerating function-guided protein design to explore sequence space

more e ectively. By combining a sequence denoising autoencoder (DAE) with a function clas-
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si er trained on roughly 0.5M sequences with known function annotations from the Swiss-Prot
database [34], our deep manifold sampler is capable of generating diverse sequences of variable
length with desired functions. Moreover, we conjecture that by using a non-autoregressive ap-
proach, our deep manifold sampler is able to perform more e ective sampling than previous

autoregressive models.

4.1.2 Related Work

Recent work has demonstrated success in learning semantically-rich representations of pro-
teins that encapsulate both biophysical and evolutionary properties. In particular, language mod-
els (LM) using bi-directional long short-term memory (LSTM) [139] and attention-based [86]
architectures and trained on protein sequences have yielded useful representations for many
downstream tasks, including secondary structure and contact map predictions [86], structural
comparison [139], remote homology detection [88], protein engineering and tness landscape
inference [136], and function prediction [140].

Other studies have focused on generative modeling for producing realistic protein structures
for example, using Generative Adversarial Networks (GAN) for creating pairwise distance maps
[141] and variational autoencoders (VAE) for 3D coordinate generation of protein backbones [142]
and designing new sequences. One advantage in formulating a design problem with sequences

has traditionally been the relative availability of data as compared to experimentally-determined
structures. Balakrishnan et al. [143] used graphical models trained on multiple sequence align-
ments (MSA) to sample new sequences. More recently, VAEs [144, 145] have been used for de-
signing novel enzymes and T-cell receptor proteins, obviating the need for MSA, but they have
been largely limited to a single family of proteins. Additionally, a few generative models have
been proposed for conditional design [137, 138, 146]: Greehal.[146] use a VAE conditioned

on structural features for generating sequences with metal binding sites, Madaal. [137]

use a conditional LM for sampling proteins, where each amino acid is sampled sequentially, and
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Shinet al.[138] use an autoregressive model to generate a nanobody sequence library with high
expression levels.

Motivated by conditional design as translation task, we develop an approach for generating
protein sequences with desired functions, where sequences are translated from an input sequence
to an output sequence with higher property values. Our deep manifold sampling approach uses
a denoising autoencoder (DAE), a self-supervised model that implicitly estimates the structure
of the data-generating density by denoising stochastically corrupted training examples [59, 104,
147, 148]. We use a Markov chain Monte Carlo (MCMC) process [148] to sample from the density
function learned by the encoder. We corrupt this sample and repeat the procedure above to
produce a chain of samples from the DAE.

We also consider known issues with autoregressive models including decoding latency [149,
150], di culty of parallelization at inference time [151 153], and exposure bias at test-time gen-
eration [154, 155]. By using a non-autoregressive modeling strategy, our deep manifold sampler
is capable of predicting multiple mutations including insertions and deletions at di erent
positions in a given sequence resulting in sequences of varying lengths. We conjecture that in
doing so, our manifold sampler enables e ective exploration of the overall tness landscape of

properties, resulting in diverse protein designs with desirable properties.

4.1.3 Methods

We propose to learn a protein sequence manifold by training a DAE on a large database of
observed sequences spanning multiple protein families. Moreover, to ensure that generated se-
guences satisfy a set of desired functional constraints, we combine a protein function classi er

with the DAE to guide sampling.
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Figure 4.1: (A) A designed sequence of- -binding protein obtained by altering the sequence of calmod-
ulin, calcium-binding protein (PDB: 6TJ5, chain A) a er removing its calcium binding site. (B) Redesign
of fusarium solani pistutinase (PDB ID: 1AGY, chain A) cutinases with enhanced functions.

4.1.4 A se ence denoising autoencoder

Our goal is to generate a diverse set of protein sequences that exhibit a high level of a desired
function using a sequence DAE [156]. We want to map an input sequent®a target sequence
- ,where- always has a higher level of some desired protein function thanNe formulate this
task as a language modeling problem, where we model the joint probability of the tokens of a
target protein sequence = 1Ge +G° of length! given its corrupted version™of length!~as:
¢
log?1- j-° = log?iG-"°
G1
We model the joint distribution??- j-=° with the proposed architecture (Supplementary Fig.
B.1). First, we apply a sequence corruption processi- ° that takes as input sequence of

length! and returns corrupted versior™, potentially of di erent length=(B.1). The corrupted
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