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Abstract

Therapeutic antibody engineering seeks to identify antibody sequences with specific binding to
a target and optimized drug-like properties. When guided by deep learning, antibody generation
methods can draw on prior knowledge and experimental efforts to improve this process. By
leveraging the increasing quantity and quality of predicted structures of antibodies and target
antigens, powerful structure-based generative models are emerging. In this review, we tie the
advancements in deep learning-based protein structure prediction and design to the study of
antibody therapeutics.
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2 Introduction

Since the first FDA-approved antibody therapeutic for cancer in 1990, scientists have
developed over 100 antibody-based therapeutics for various diseases across major human
body systems, including infections, hematology, neurology, ophthalmology, metabolic
and musculoskeletal diseases, and transplantation [1]. Antibodies have emerged as the
realization of Paul Elrich’s vision of finding a ‘magic bullet” medicine [2].

We live in a hostile environment filled with invading pathogens and we remain dependent
on protection from the innate and adaptive immune systems. Antibodies are precisely
targeted immune system proteins that evolve within our body to help stave off disease. The
predominant class of human antibodies found in the list of approved monoclonal antibody
therapeutics follow an 1gG format, consisting of four chains (two heavy and two light), with
variable domains containing the binding surface, or “paratope”, which binds with specificity
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to the target antigen, whose site of binding is called the “epitope”. The paratope typically is
a subset of six distinct complementarity determining region (CDR) loops - three on the light
chain (L1, L2, L3) and three on the heavy chain (H1, H2, H3), where H3 is significantly
more variable than the remaining five canonical loops.

Antibody development typically begins with a therapeutic hypothesis and further
engineering to support potential mechanisms of action for feasible clinical application

[1]. The modern toolbox for antibody discovery includes robust routes to engineer human
antibodies from other species using immunized animals or in vitro display technologies.
This toolbox has been recently expanded to include deep learning (DL), which is the
application of neural networks to “learn” the most important features from large amounts of
data through the process of gradient descent and backpropagation.

In this review, we describe the rapid, DL-driven progress in antibody structure prediction
and design, compare the performance of general protein-trained models versus antibody-
specific models in antibody engineering tasks, and address the remaining challenges for
de novo antibody design with desirable therapeutic properties. With improvements in
antibody structure prediction methods, we argue that the future of generative models

will incorporate significantly more synthetic (predicted) structures for better learning

the therapeutic antibody manifold. For brevity, we will omit discussion of epitope- and
paratope-specific prediction models, which have been covered in previous reviews [3] [4].

3 Antibody structure prediction

3.1 General protein structure prediction methods

The development of structure-based protein design methods relies on realistic protein
structures for training, which are traditionally determined through costly and elaborate
experimental processes such as x-ray crystallography, nuclear magnetic resonance (NMR)
spectroscopy, and cryoEM. The paradigm shift from slow energy-based models to fast neural
networks has resulted in algorithms that can predict many more protein structures than
currently available in the form of crystals, with a median accuracy of 2.1 A [5]. Modern
protein structure prediction pipelines primarily consist of four components: (i) An input
protein representation coupled with a multiple sequence alignment (MSA) of homologous
proteins to map evolutionary relationships between corresponding residues of genetically-
related sequences, (ii) an algorithm to implicitly detect sequence-structure patterns, (iii) a
module to convert the derived patterns into explicit 3D structure, and (iv) a physics-based
refinement module [5]. AlphaFold2 (AF2) [6] and RosettaFold [7] were the first two DL
methods with high accuracy in protein structure prediction.

3.2 Circumventing MSAs in antibody structure prediction

Due to the independent evolution of each antibody in a single organism, the relevant
evolutionary histories for CDR H3 loop sequences are lacking, so the MSAs on CDR
regions may not always be available or reliable [8]. Additionally, MSA-dependent tools
suffer from longer run times, which can be impractical in a drug design pipeline that
requires examining many antibodies in parallel. DeepH3 circumvented the use of MSAs
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by predicting structural restraints using a deep residual neural network and then relied

on Rosetta to produce full atom structures [8]. SimpleDH3 performs better or on par to
DeepH3, by using ELMo embeddings and forward and backward LSTM passes that directly
output coordinates of backbone atoms in the H3 loop [9]. AbLooper uses an ensemble

of five E(n)-equivariant graph neural networks (E(n)-EGNNSs) trained in parallel to predict
the position of backbone atoms in all six CDRs, with a confidence metric calculated as

the deviation between the predicted structures of each of the five networks [10]. DeepAb
extends the architecture of DeepH3 by incorporating an interpretable attention mechanism
for the entire antibody Fv region [11]. DeepSCAb added side chain prediction to DeepAb,
although it did not improve backbone prediction accuracy [12].

An advance in protein structure prediction was the incorporation of pre-trained language
models, such as ESMFold’s use of ESM-2 which provides a rich embedded representation
of protein sequences and a worthy substitution for MSAs [13]. For antibodies, IgFold
[14]** leverages AntiBERTY’s [15] sequence embeddings to predict the atomic coordinates
of antibody structures using triangular edge updates and invariant point attention. IgFold
achieves accuracy comparable to AlphaFold’s predictions but with significantly faster
computational speed due to the absence of time-consuming MSAs. tFold-Ab [16]**,
XTrimoABFold [17], and ABodyBuilder2 [18] are three other models that use AlphaFold-
like architectures but without the MSA searching component. tFold-Ab employs a simplified
Evoformer stack to consider side-chain conformations, xTrimoABFold uses embeddings
from AntiBERTy and a cross-modal homologous structure search algorithm to predict
similar structures for similar antibody sequences, and ABodyBuilder2 is an antibody-
specific version of the AF-Multimer’s [19] structure module with modifications such as
using independent weightings of the eight sequential update blocks. RaptorX-Single is a
single-sequence protein structure prediction pipeline consisting of a sequence embedding
module that generates sequence embeddings of an input and its pair representation, an
Evoformer module that iteratively updates the embeddings, and a structure module of IPA
layers that outputs predicted atom 3D coordinates [20].

3.3 The top performing model for antibody-antigen docking targets at CASP15 was a
general protein structure prediction method

The biannual Critical Assessment of Protein Structure Prediction (CASP) provides an
opportunity to benchmark the accuracy of current structure prediction methods against a
set of proteins, including immunoglobulins, whose experimentally-determined structures are
unknown at the start of the event, and revealed afterwards. At CASP15 in 2022, many
groups incorporated AF2 in some capacity, and differences in performance arose from
constructing superior MSAs through manual homology searches. It was previously reported
that a AF2 composite score of pLDDT and pTMscore enhanced antibody-antigen structure
prediction, so it was no surprise AF2 would be competitive for immunoglobulin targets

at CASP [21]. Wallner_TS used AF2 in action at CASP with AFSample [22], which
performed best on immunoglobulin targets (specifically targets H1129, H1140, H1141,
H1144, T11730, and T11870, with the 3rd highest overall z-score) by using a modified
AlphaFold-Multimer. AFSample demonstrated improved prediction by (i) increasing the
number of times the prediction is recycled in the network, (ii) randomly perturbing the
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input MSA, and (iii) dropping random nodes from the network at inference [23]. Notably,
although the participants SHT, ClusPro, and Kozakov/Vajda [24] used antibody-specific
models like DeepAb and ClusPro on antibody mode [25], AFSample, a general protein
structure prediction method, surpassed in performance.

4 Antibody sequence design

4.1 Learning the language of antibodies

The similarities between human language and protein sequences make natural language
processing (NLP) models a valuable tool in protein design tasks. Protein sequences and
human language are both organized hierarchically, with amino acids and letters composing
the basic building blocks that assemble into more complex structures. Protein fragments
(secondary structures) can combine to form tertiary structures, just as words can form
complex sentences. Amino acids interact with their sequential surroundings and distant (yet
spatially close) parts of their chains, in the same way that words relate and interact with each
other in human language [26]. ImmunoLingo aims to develop a rigorous set of linguistic
rules for antibody sequences to guide the tokenization process and facilitate the design of
language models [27]. This approach promotes the explicit learning of the compositional
and structural semantics of antibody motifs and their binding to antigens. In contrast,
foundation language models like GPT-3 do not rely on word or part-of-speech boundaries.
Instead, these models operate on frequently occurring partial word fragments extracted from
a predetermined corpus of text. It remains to be seen whether antibody language modeling
will benefit from more explicit discretization, possibly diverging from recent advances in
general linguistic and language structure analysis.

4.2 General sequence-based design methods

One of the first breakthrough protein language models was ESM-1b, a 650M parameter
encoder transformer that has learned intrinsic biological properties from 250M protein
sequences [28]. ESM-1b was later used for guided antibody affinity maturation, improving
the binding affinities of four clinically relevant antibodies up to 7-fold and three unmatured
antibodies up to 160-fold [29]. ProGen [30] is a 1.2B parameter model trained on 280M
sequences, adapted from the CTRL model [31], and conditioned on taxonomic and keyword
tags, providing the ability to generate sequences with controllable properties. ProtGPT2

is a transformer model with 738M parameters, based on the GPT-2 architecture, that

can generate sequences in unexplored regions of protein space [32]. Along the theme of
taxonomic tagging, The Manifold Sampler is a denoising autoencoder trained on 20M
protein sequences with a function predictor trained on 0.5M labeled proteins [33].

4.3 Antibody-specific sequence-based design methods

The suite of ProGen2 [34] models have varying parameter sizes up to 6.4B, including
ProGen2-OAS trained on 554M antibody sequences. The general-protein models
outperformed the antibody-specific model, with the ProGen2-small model performing best
in antibody binding fitness prediction, and ProGen2-xlarge performing best in antibody
fitness prediction. These results suggest that functional antibody properties are informed
by more than antibody sequences alone. The Manifold Sampler was also repurposed for
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antibody design by enabling multi-segment preservation [35] for the antibody framework
region during CDR sequence sampling, and was capable of producing CDR3 designs within
the observed length distribution of the training set [35].

Sapiens is a set of two BERT models trained separately (one on 20M heavy chain, the other
on 19M light chain sequences) that produces sequences with improved humanness qualities
[36]. IgLM [37]** is a left-to-right decoder-only transformer model trained on 558M
antibody sequences for full-sequence antibody generation of various lengths or for targeted
sequence infilling. IgLM can design CDR H3 loops with natural distributions of spatial
aggregation propensity, solubility, and humanness. Both ESM-1b and IgLM demonstrate
that larger models better capture data distributions: ESM-1b large (670M parameters)
outperformed small (25M) and the 13M parameter version of IgLM outperformed IgLM-

S (1.4M). Given the expansive sequence space of the CDR region, some groups have

found it effective to use Bayesian optimization techniques, which balance exploration and
exploitation by using a surrogate model that approximates the sequence design function.
AntBO is a Bayesian optimization framework for in-silico design of CDR H3 capable of
designing high-affinity sequences [38].

4.4 Antibody representation learning

Another general class of antibody language models attempt to implicitly learn metrics
relevant in therapeutic development. AntiBERTY [15] is a BERT-based model trained on
558M antibody sequences, utilized for clustering antibodies into trajectories resembling
affinity maturation and subsequently incorporated as a crucial component in IgFold [14]**.
AntiBERTa [40] and AbLang [39] use the RoBERTa architecture, which trains on longer
sequences of text than the original BERT model [43]. AntiBERTa is trained on 57M B-cell
receptor (BCR) sequences (42M heavy, 15M light) that can trace the B cell origin of the
antibody, quantify immunogenicity, and predict the antibody’s binding site [40]. AbLang is
also a suite of two models for each chain and can restore the missing residues of antibody
sequences more accurately and seven times faster than ESM-1b [39]. AbSci demonstrated
antibody design with desirable therapeutic properties with a RoBERTa model trained on four
datasets from OAS and fine-tuned with in-house affinity data [44]. They also introduced a
“naturalness” metric that scores antibody variants for similarity to natural immunoglobulins
based on pseudo-perplexity of CDRs in antibody heavy chains [45]. As an improvement to
RoBERTa, DeBERTa incorporates disentangled attention, an enhanced mask decoder, and
virtual adversarial training [46]. PARA is a DeBERTa model trained on only 18M human
BCR sequences, yet outperforms AntiBERTy and AbLang on CDR H3 residue recovery
[41]. Whether antibody representations are richer from antibody-specific or general encoder
models is task-dependent: Previous work demonstrated that a BERT model trained on
general sequences from Pfam [47] outperformed an antibody-specific BERT model in the
antibody affinity binding prediction task [48], but similar work found that Ab-LMs were
better in paratope prediction [49].

4.5 Fixed backbone sequence design

In drug discovery, pharmacologists collect multiple initial antibodies either from humanized
mice or patients. Optimizing these antibodies for binding a particular antigen can be
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formulated as a fixed backbone design problem, where we constrain sampling to the
antibody sequence given its backbone structure. The general architecture for fixed backbone
design incorporates an encoder to represent geometric components of the protein as a rich
set of features, which are then passed to a decoder for filling the backbone with suitable
amino acids. Ingraham et a/. [50] and proteinMPNN [51] use a graph-based, autoregressive
model with message passing neural networks (MPNNSs) [52] to capture higher-order
dependencies between sequence and structure. Anand et a/. use a 3D convolutional network
that conditions on local backbone structure to learn residue-level patterns [53]. ESM-IF is a
structure-to-sequence transformer tasked to recover the native sequence of the protein from
the given backbone with invariant geometric input processing layers [54]. FvHallucinator
is a sequence design model conditioned on structure that uses a hallucination framework
for generating antibody Fv libraries [55]. The hallucination framework inverts DeepAb to
find sequences matching a target structure. One application of fixed backbone design in
biotechnology is to use a known antigen-bound mAb structure as a template to find diverse
alternative binding sequences.

5 Antibody sequence and structure co-design

5.1 Iterative co-design methods alternate between designing sequence and structure

Unsupervised learning undoubtedly has provided major advances in antibody design and
general protein design, given the lack of both crystal structures and sequences with reliable
therapeutic fitness metrics. However, if the input is unannotated data of antibody sequences,
the model must learn both structural syntactic rules and semantic mapping rules to perform
antibody engineering predictions. Alternatively, if the input is already encoded for the
structural interaction between CDRSs, surrounding residues, and the antigen, the model only
needs to learn the semantic mapping rules, which might be more interpretable for antibody
design. Zaixiang et al. found that implanting a structural adapter into a protein LM endows
it with improved sequence recovery [56]. Even for reinforcement learning algorithms like
Q-learning which perform poorly in combinatorial optimization problems like antibody
design, incorporating structural priors improves sequence sampling with higher binding
energy for eight diverse target pathogens [57]. Antibody design models therefore should
receive structural information as input, and recent design approaches usher the opportunity
for co-designing antibody sequence and structure.

One of the first demonstrations of antibody CDR co-design is RefineGNN [58]**,

a model that generates an antibody graph via an iterative refinement process while
unraveling the sequence autoregressively. Although RefineGNN does not explicitly learn
information about the antigen, the next iteration, AbDockGen [59], does. AbDockGen uses
a hierarchical equivariant refinement network (HERN) for paratope docking and design
by predicting the atomic forces and using them to refine an antibody-antigen complex in
an iterative, equivariant fashion. Where both RefineGNN and AbDockGen suffer is the
incurred computing cost and memory overhead due to unraveling the CDR sequence in
an autoregressive fashion. To overcome this issue, Yang éf al. developed a multi-channel
equivariant attention network (MEAN) to co-design CDRs over three iterations, which is
significantly less than RefineGNN which iterates over every residue in the CDR region
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[60]. Although requiring significantly less iterations than HERN, MEAN still operates
autoregressively, which can be costly and propagate errors. Tie-Yan et al. offers a AbBERT
model combined with GNN for one-shot, antigen-specific antibody co-design [61].

5.2 Diffusion models can simultaneously design sequence and structure

Powerful new ways to design proteins have emerged by applying the same mechanistic
tools behind text-to-image (DALL-E [62] and Stable Diffusion [63]), text-to-video, and
video-to-video (Gen-1 and 2 [64]) to the design of proteins: Diffusion models. In image
generation, diffusion models begin with grainy bits of static and gradually remove noise
until a clear picture is formed. In the case of proteins, these diffusion models learn to
generate new designs by denoising random conformations of proteins. Anand et al. [65]
presented the first implementation of a diffusion model for protein structure, sequence, and
rotamers, generating realistic proteins across a full range of domains in the PDB. Genie
uses a generative model of protein structures that perform discrete-time diffusion using a
cloud of oriented reference frames in 3D space [66]. Two prominent examples of general
protein diffusion models are RFDiffusion [67]* and Chroma [68]*. RFDiffusion uses a
fine-tuned version of RosettaFold to predict structure from sequence and for denoising

a corrupted protein structure, coupled with proteinMPNN [51] for designing a sequence
that best fits the predicted denoised structure. Chroma, on the other hand, uses a discrete
component for denoising protein backbones while enforcing polymer physics and a separate
component for designing a sequence for the denoised backbone. What makes Chroma and
RFDiffusion particularly powerful is their programmability: Conditioning on a variety of
features (including symmetry, shape, protein class, and natural language) enables them

to produce high-quality, diverse, novel, and designable structures. ProteinGenerator is a
sequence space diffusion model also based on the RosettaFold model, and capable of
generating both sequence and structure [69]. DiffAb [70]** is the first antibody specific
diffusion model that jointly models the sequences and structures of CDRs, by denoising
residue identity, position, and orientation with equivariant neural networks while also
conditioning on the 3D structure of the antigen. Recent work (FrameDiff) has put protein
backbone diffusion models on a rigorous theoretical basis resulting in significantly smaller
and faster models [71].

5.3 Jointly docking and designing antibody-antigen complexes

Although each of the aforementioned autoregressive and diffusion-based antibody co-design
methods mentioned require a proposed docked position before designing the CDRs,
dyMEAN proposes a complete end-to-end pipeline [72]. After inputting the antigen epitope
structure and masked antibody sequence, dyMEAN iteratively updates via adaptive multi-
channel message passing to predict a docked antibody-antigen complex and optimally
designed CDR loops [72]. DockGPT is an encoder-decoder module that utilizes triangle
multiplication, pair-based attention, and invariant point attention for docking and design
[73]. DockGPT was fine-tuned to antibody-antigen complexes to enable de novo design of
CDR loop regions, where the heavy and light chain coordinates are provided to the structure-
decoder modules and the loops are missing to enable design [73]. Sculptor also approaches
the epitope-specific design challenge with a generative model that jointly docks and designs
a scaffold, while also incorporating loop conformational dynamics [74]*. Although Sculptor
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explores the conformational space of a single fold and uses a VAE as the generative model,
the pipeline can be compatible with other generators (i.e. GANs and diffusion models), and
trained on antibody chains [74]*.

6 Conclusion

Although monumental strides have been made in the therapeutic antibody design space
since the application of deep learning-based computational approaches, there remain notable
challenges to be overcome.

6.1 Expanding beyond the observed antigen landscape

A common challenge in deep generative learning is discovering modes of binding to

a new antigen. RefineGNN demonstrated the capability of SARS-CoV-2 neutralization
optimization, but this first required fine-tuning on the Coronavirus antibody database
(CoVAbDab) [58]** [75]. One approach to reduce the data requirement may involve
informing models with physical laws or energy functions, such as the Rosetta energy
function. Wu et a/. found that the training process of diffusion models for molecule
generation could be steered with prior physics-based bridges improving generation quality
and reducing sampling time, which may be a future direction for models like Chroma,
RFDiffusion, FrameDiff, and DiffAb [76]. Alternatively if physics priors are less fruitful
and access to the target distribution is not available (i.e. there is a lack of natural antibody
sequences evolved for the target antigen), data augmentation must be considered.

The current antibody-specific co-design methods [58]** [59] [60] [61] [70]** [72]
restrained their training data to the 3k crystal structures available in SAbDab [77]. Future
antibody co-design methods may benefit significantly by incorporating data augmentation.
Several prominent protein structure prediction methods have demonstrated their capabilities
for large-scale prediction of protein structures for sequences that don’t have crystal
structures, presenting an opportunity to develop an augmented synthetic antigen dataset.
The AlphaFold Database [78] provides 200M predicted structures of protein sequences from
UniProt and the ESM Metagonomic Atlas provides 617M metagenomic protein structures
from the MGnify90 [79] database. Some existing models have taken advantage of AF
structures for improving performance. IgFold used AF to predict the structure of 38,000
sequences from OAS [14]**, and ESM-IF augmented training data by nearly three orders

of magnitude by predicting structures for 12M protein sequences from AF2 [54]. Antibody-
specific synthetic databases exist as well. IgFold [14]** provides 104k non-redundant paired
antibody sequences from OAS and a second set of 1.3M unique paired antibodies from
human donors, collected by Jaffe et a/ [80]. The software suite Absolut! [81] enables
parameter-based unconstrained generation of synthetic lattice-based 3D antibody-antigen
binding structures. Victor ef al. demonstrated the power of Absolut! by generating a

library of 1.1B antibody-antigen lattice-based structures with conformational paratope,
conformational epitope, and affinity resolution [81].
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6.2 Programmable therapeutic antibody engineering

The antibody design space is massive: When considering just the CDR region (~60 amino
acids), there are ~20%0 possible CDR loop combinations, which is more than the number
of distinct proteins produced by extant organisms (~1012) [82]. Evidently, evolution has
sparsely explored the full paratope domain, and powerful design tools are necessary to
sample the subspace with optimized therapeutic properties - a subspace defined as the
Pareto frontier [83]. Makowski et al. used linear discriminant analysis to predict continuous
metrics strongly correlated with antibody specificity and affinity for variants of a clinical-
stage antibody (Emibetuzumab) to a cancer stem cell marker (HGFR), and successfully
identified variants with optimized on-target binding and minimized off-target binding.
Bayesian optimization offers a sample-efficient framework for navigating the design space
of biological sequences, and PropertyDAG builds upon this notion by identifying designs
that are jointly positive of antibody properties [84]. Additionally, in antibody design some
developability properties are orthogonal in nature: Wu et a/. found that affinity maturation
of an anti-respiratory syncytial virus antibody led to unwanted broad tissue binding and
rapid clearance in cotton rats [85]. pcEBM addresses this by sampling new designs
satisfying multiple properties of interest, even if they exhibit tradeoffs, by integrating
multiple gradients within compositional energy based models [86]. The Smooth Discrete
Sampler also takes advantage of the desirable properties of EBMs as well as improved
sample quality of score-based models to propose antibody design, validating their method
by expressing and purifying 270 of 277 single round proposed designs (97% success rate)
with antibody-like properties [87]. Data augmentation of antibody biophysical properties
using software tools will allow the exploration of generative models similar to Chroma
that can create new antibodies based on functional programming instructions specific

to therapeutic design. Instead of this bottom-up approach, engineering antibodies with
desirable therapeutic properties may eventually become top-down: Hie ef a/. introduces

a high-level programming language based on modular building blocks that demonstrated
antibody functional site scaffolding for two antibody targets [88].

6.3 Closing remarks

Despite the considerable progress made in therapeutic antibody design, only a limited
number of studies have presented experimental evidence. Among these studies, various
techniques such as surface plasmon resonance [45], cryo-electron microscopy [51,67], size
exclusion chromatography [67]*, and in vitro antibody expression [87] have been employed.

It is not yet clear when learning the entire protein landscape or specifically the antibody
landscape is better for antibody engineering tasks, as in some cases general protein models
perform better (e.g. ProGen-XL versus ProGen-OAS), and in others antibody-specific
models supersede (e.g. AbLang versus ESM-1b). Rigorous design benchmark tests between
design methods must be established to identify optimal approaches and drive innovation. DL
approaches to antibody design will unveil an era of Al-driven therapeutic development - a
day that may not lie far beyond our prediction horizon.
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Fig. 1: Architecture of Antibody structure prediction models.
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inputs (embeddings from pretrained language models and (rarely) MSAs), computational
algorithms (attention mechanisms and convolutions), and outputs (contact maps, distograms,

orientograms, and backbone 3D structure).
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Fig. 2: Schematic overview of sequence generation models in antibody design.
a) The original transformer architecture consisted of encoder and decoder models with

stacks of six layers each. An example architecture that has both an encoder and decoder
architecture is the Manifold Samplers [33,35]. b) BERT models are also known as
autoencoders, and only use the encoder from the original Transformer. BERT-inspired
protein models include AntiBERTYy [15], AbLang [39], AntiBERTa [40], PARA [41], and the
ESM suite [42] [13]. ¢) The GPT-n model contains only the decoder model, where the most
prominent example in antibody design is IgLM [37]** and the ProGen suite [30,34].
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Figure 3: Two distinct approaches to antibody sequence and structure co-design with
conditioning on antigen structure.

a) DiffAb parametrizes the distribution of the CDR’s sequences (s), positions (x), and
orientations (o) for the next step of denoising. b) In each refinement step of HERN,

the docking module encoders the residues and atoms into vector representations. It then
computes the residue-level force between Ca atoms, and the local force between side chains.
The paratope structure is then updated based on the predicted forces.
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Overview of deep learning models applied to antibody prediction and design tasks.

Structure prediction, fixed backbone design, sequence generation, and sequence and structure co-design
models are included. For brevity, performance metrics are reported for primarily CDR3 and H3. It should be
noted that performance metrics are taken directly from published results, and does not guarantee that methods
within a particular subheader test against the same set of antibodies.

Fv Structure prediction

Model

Architecture

Dataset

Performance (H3 RMSD)

AbLooper [10]

Five E(n)-EGNNs

3k structures from SAbDab

3.20A

DeepAb [11] LSTM + residual NN 118k sequences from OAS for LSTM, 1.7k 328 A
structures from SAbDab
IgFold [14]** AntiBERTY + Graph 4k crystals from SAbDab, 38k structures from AF 2.99 A
transformer + IPA
ABodyBuilder2 [18] AlphaFold - Multimer 4k crystals from SAbDab, 22k unpaired structures 281A
from AlphaFold
tFold-Ab [16]** AlphaFold - Multimer 7k paired crystals, 1k heavy only, 500 light only 274 A
from SAbDab
xTrimoAbFold [17] AlphaFold - Multimer 18k BCR chains from PDB 1.25 A (for CDR3)
RaptorX-Single [20] Sequence embedding 340k structures from PDB, fine-tuned on 5k heavy | 2.65 A
module + Evoformer + and light antibody chain structures from SAbDab
IPA layers
Fixed backbone sequence design
Model Architecture Dataset Performance (H3 AAR)
Fv Hallucinator [55] DeepAb 11k immunoglobulin domains from antibody 51%
structure database AbDb/abYbank
Representation learning
Model Architecture Dataset Performance (H3 AAR)
AntiBERTYy [15] BERT 558M non-redundant sequences from OAS 26.0%
AbLang [39] RoBERTa 14M heavy and 187k light sequences from OAS 33.6%
with 70% identity
AntiBERTa [40] RoBERTa 52.89M unpaired heavy and 19.09M unpaired light | -
chains from OAS database
PARA DeBERTa 13.5M heavy and 4.5M light chains from OAS 34.2%

Sequence generation

Model Architecture Dataset Performance (H3 perplexity)
ProGen2-OAS [34] Transformer decoder 554M sequences from OAS (clustered at 85% -
sequence identity)
Manifold Sampler [33,35] | DAE 20M from Pfam for DAE, 05M from Pfam for -

function predictor

IgLM [37]** Transformer decoder 558M sequences at 95% sequence identity 4.653
Sequence and structure co-design
Model Architecture Dataset Performance

RefineGNN [58]**

GNN

4994 antibody CDR H loops from SAbDab

H3 RMSD: 2.50 A

CDR AAR 35.37%

PPL: H1: 6.09, H2: 6.58, H3:
8.38
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Fv Structure prediction

at 50% seq identity

Model Architecture Dataset Performance (H3 RMSD)
AbDockGen [59] HERN 3k Ab-Ag complexes from SAbDab after AAR: 34.1%
filtering structures without antigens and removing Contact AAR: 20.8%
duplicates Designs with improved Egesign:
11.6%
MEAN [60] E(3)-eGNNs 3k complexes from SAbDab H3 RMSD: 1.81 A
AAR: 36.77%
AAG: -5.33
HMPN [61] E(3)-eGNNs 50M OAS Fv sequences for pretraining H3 RMSD: 2.38 A
H3 AAR: 31.08%
H3 PPL: 6.323
DiffAb [70]** DDPM SAbDab structures higher resolution than 4A, H3 H3 RMSD: 3.597

H3 AAR: 26.78%
H3 AAG: 23.63%

DockGPT [73]

Transformer encoder/
decoder

37k single chains from BC40 dataset, 33k general
protein complexes from DIPS, 3k ab-ag complexes
from SAbDab with < 40% sequence identity

H3 RMSD: 1.88 A
H3 PPL: 10.68
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