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Abstract

The development of novel effective medical treatments is one
of the most important and expected beneficial effects of the
AI revolution. This decade is witnessing the rise of AI models
able to predict complex properties for protein-protein interac-
tions that hold great promise in assisting in the development
of antibody therapeutics and vaccines, including for diseases
that long eluded us in the pursuit of an effective treatment.
This paper introduces this area of research in a language ac-
cessible to an AI researcher, exploring the biological prob-
lems that can be solved by AI models, as well as the general
context to make solutions feasible in practical scenarios. We
survey the main current trends and works in this research area
and point towards current still unsolved challenges and trade
offs. We expect this paper will be extremely helpful for AI
researchers trying to join the field, as well as for researchers
already working in one of the subtopics that wish to have a
better understanding of the general context around it.

Context
Humans rely on their immune system as the primary line
of defense when infected with a pathogen as illustrated in
Figure 1. Following exposure, our immune system will ex-
ecute a process (affinity maturation) similar to a genetic al-
gorithm to fight the infection. Germinal centers within our
lymph nodes will proliferate B cells (which are slightly mu-
tated throughout proliferation), and those B cells will try to
bind (attach) to samples of pathogen cells. As more success-
ful the B cells are in binding the pathogen, more likely they
are to be replicated and further differentiated, and eventually
the particularly successful B cells develop into plasma cells,
which will then release antibodies into the blood to fight the
infection in the rest of the body. Some B cells that produced
successful antibodies are turned into memory cells, which
are recalled in the event of a future re-infection (hence for
many diseases we are infected just once in our lifetime and
acquire immunity). This process is called adaptive immune
response.

Therefore, the ability to produce strong antibodies pro-
tects us from a variety of diseases caused by microorgan-
isms. However, there are a myriad of organisms that cause
acute infections faster than our adaptive immune response
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Figure 1: Illustration of the affinity maturation process.
When infected with an antigen, our germinal centers pro-
liferate B cells in search of an antibody that fights the in-
fection. Eventually, successful B-cells are differentiated into
memory and plasma cells, and the latter will release antibod-
ies to fight the infection.

can produce effective antibodies, causing serious illness that
result in high mortality and complication rates.

Modern medicine can follow two different paths leverag-
ing this knowledge of how our immune system works to pro-
duce treatments:

1. Antibody Therapeutics - which consists of manufactur-
ing the antibodies that target a specific pathogen in a lab-
oratory and administering it as a medicine, providing an
immediate, passive immunity;

2. Vaccines - they focus on leveraging our immune systems
to build up protection against the disease. We manufac-
ture an antigen at a lab, which after administered will
guide the recipient’s immune system towards developing
immunization, inducing active immunity and long-term
memory.

Both approaches have drawbacks and advantages (e.g.
vaccines do not work for immunocompromised people and
antibody therapeutics do not provide long-term protection).
However, a good part of the challenge for developing those
treatments is identifying an antibody that works.

The traditional approach is illustrated in Figure 2 (a). It
consists of examining the surviving population among those
infected by the disease and trying to extract from their im-
mune cells (which are floating in blood) the antibody that
was successful in neutralizing the pathogen. Additionally,
we can also try to generate repertoires from animal hosts
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Figure 2: The traditional approach consists of analyzing the blood of people that either survived or are immune to the disease
(a); while rational design tries to predict relevant biophysical properties from the 3D structures and sequences (either computa-
tionally or manually) with the goal to directly finding an effective antibody (b). After finding the antibody that neutralizes the
pathogen, we can start the strenuous process of developing antibody therapeutics and vaccines.

(which has its own set of issues such as lack of immuno-
genic response and/or B cell bias). While this experimen-
tal approach is still somewhat prevailing, it is not only very
hard and expensive, it is also slow since you have to wait for
enough people to be contaminated that rare immunity arises.

With increase in availability of computational (and other
lab-related) resources, rational design became more preva-
lent, where treatments are developed from leveraging infor-
mation of protein structure and expert knowledge to engi-
neer improved desired properties (Lutz 2010) with minimal
wet lab assay, as illustrated in Figure 2 (b).

Early computational approaches focused on molecular
dynamics simulations by directly modeling force fields de-
rived from the atoms that compose antigens and antibod-
ies. Although AI techniques were not mature, early results
from tools such as Rosetta (Barlow et al. 2018) and FoldX
(Schymkowitz et al. 2005) resulted in an excitement that cre-
ated a new subfield in structural biology and motivated insti-
tutions to invest heavily in extremely optimized versions of
those molecular dynamics simulations (Shaw et al. 2010).

Although a correlation has been observed (Yamashita
2018), those tools still have a course enough prediction of
the binding strength that significant work and/or experimen-
tal budget were required to get to a promising antibody or
antigen design.

Then, in what is today considered the “ImageNet Mo-
ment” for AI in Protein Design, AlphaFold2 (Jumper et al.
2021) achieved, at the time, unprecedented results at the
CASP (Critical Assessment of Structure Prediction) compe-
tition (Kryshtafovych et al. 2021).

CASP consists of predicting the 3D structure of proteins
given their amino acid sequence. While not directly solving
the antibody design problem, having a model able to make
this prediction indicates implicit knowledge of how the
atoms interact with each other, and consequentially makes
feasible AI-based rational design.

This watershed moment led to numerous research direc-
tions developing and applying ML models to problems re-
lated to antibody therapeutics and vaccine design.

In the rest of this paper, we will explore some key chal-

lenges that have been tackled by AI models. Nowadays, Pro-
tein AI models are an integral part of all major AI confer-
ences, and are considered to be so important for the devel-
opment of future treatments that the Nobel Prize in Chem-
istry 2024 was shared between the AlphaFold team leads
and David Baker for their impact in computational protein
design (Baker, Hassabis, and Jumper 2024).

(Simplified) AI Problems Description
For the purpose of this paper, we consider that both Antibod-
ies and Antigens are proteins1 - which are in turn composed
of amino acids. There are in total 20 canonical amino acids,
and there is tendency for a sequence of amino acids to fold
to a particular 3D structure in the same environment (An-
finsen 1973). Therefore any protein can be conveniently de-
scribed either by its 3D structure (usually saved in .pdb files
(Jiménez-Garcı́a et al. 2021)) or a “string” encoding the se-
quence of amino acids (A for Alanine, R for Arginine, etc.),
as illustrated in Figure 2(b), which naturally makes it con-
venient to adapt NLP tools to handle protein data. The most
important challenge to be solved for Antibody Therapeutics
is, for a target antigen Ag⊕, find the antibody Ab⋆ that binds
to Ag⊕ as strongly as possible:

Ab⋆ = argmaxAb inAb(Ag⊕, Ab), (1)
where b(x, y) is the binding strength between antibody y
and antigen x and A is the space of all possible antibodies.
Conversely, once Ab⋆ is found, designing a vaccine requires
finding an antigen Ag⋆ that excites our immune system to
learn how to produce Ab⋆:

Ag⋆ = arg max
Ag∈D

s.t.risk(Ag)≤t

Pi(Ag,Ab⋆) (2)

where Pi(Ag,Ab) is the probability of a healthy person
developing antibodies Ab after being vaccinated with Ag,
risk(Ag) represents the risk of infection or serious adverse

1While there are types of non-protein antigens, they would need
models and techniques other than the explored in this paper.
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reactions when vaccinated with Ag, and t represents a toler-
able risk.

In this most general description, this is an incredibly chal-
lenging problem for a few reasons:

1. A complete antibody sequence has over one thousand
amino acids, meaning the design space is in the order
of 201000, which is orders of magnitude higher than the
estimated number of atoms in the observable universe.

2. Techniques such as surface plasmon resonance
(Malmqvist 1993) do protein-protein interaction
studies and are probably the closest we can get to having
a ground truth label in vitro at the time this paper is being
written. However, analysis costs are high and considered
to be prohibitive to search over the design space

3. Since we do not understand the affinity maturation pro-
cess to the level we can exactly predict which antibodies
a person will develop when vaccinated, it is even more
difficult to evaluate the effectiveness of vaccines, since
we can only have a ground truth of the effectiveness by
observing the percentage of vaccinated people to contract
the disease compared to a control group, which can be
very difficult to do for diseases with low infection rate
such as HIV.

Hence, it is reasonable that most of the progress in the
area focused on a relaxed version of the problem. The inter-
action relevant for binding affinity happens in an “interface”,
where the target-specific complementarity determining re-
gions (CDRs) (Wu and Kabat 1970) of the antibody interact
with the surface of the antigen. The epitope and paratope are
respectively the parts of the antigen and antibody sequences
that compose the interface. So, as long as you identify (or
estimate) the paratope and epitope for Ag⊕ and an existing
antibody Abw, your design task can focus on performing a
few mutations on the CDR of Abw, drastically reducing the
design space to be explored:

Ãb⋆ = Abw ∪ argmaxm∈CDR(Abw)b(Ag
⊕, Abw ∪m),

(3)
where we denote Ab∪m as the operation of applying mu-

tations m to Ab and CDR(Ab) as the power set of possible
mutations for the CDR of Ab (i.e., the combination of all
possible 20 amino acids for each CDR position). This type
of “Redesign” task has been extensively explored with great
success (Desautels et al. 2024; Zhu et al. 2025).

Lines of Work
Given the general challenge described in the last section,
finding Ab⋆ and/or Ag⋆ directly from Ag⊕ is still a very
difficult problem mainly due to how expensive it is to gather
wet lab data, severely limiting the amount of training data
we have available for models. Thus, most of the work has
focused instead on key functionalities that would equip biol-
ogists with the knowledge to perform an informed heuristic
search on a reduced design space. The most relevant emerg-
ing trends for AI models include:

Folding prediction
Rational design normally requires reasoning over how Abw
and Ag⊕ interact in their 3D structure, but inspecting what
is the amino acid sequence or 3D structure for a desired
antigen or antibody have completely different costs. The se-
quencing can be performed with Next-Generation Sequenc-
ing (NGS) which is not only relatively inexpensive, it also
scales gracefully and can be used to sequence a batch of
thousands of targets at the same time. On the other hand,
finding the structure is done through techniques such as X-
Ray Crystallography which requires expensive equipment,
is very labor intensive, and does not scale well.

Therefore, there is significant interest in being able to pre-
dict to which structure a given sequence will “fold”, since
we would be able to get a structure through simple NGS,
as well as (relatively) quickly estimating the corresponding
structure for any new design we create in the sequence space.
Thus the folding challenge can be described as learning a
model ffold to:

ffold : seq(P ) −→ stru(P ) (4)

where seq and stru are respectively the amino acid se-
quence and 3D structure of a protein P .

AlphaFold3 (Abramson et al. 2024) can be considered the
gold standard for general protein folding prediction at the
time this paper is being written. SOTA results are achieved
by performing both a template search on the input sequence
and calculating multiple sequence alignments (MSA) to
gather evolutionary information. This information is used to
estimate “pairformer” embeddings through a transformer ar-
chitecture, which are then fed into a diffusion model which
iteratively estimates the 3D structure. Despite the desirable
accuracy, calculating MSAs as well as forward passes in its
large architecture makes running AlphaFold3 very time and
resource consuming.

ESM3 (Hayes et al. 2025) achieves faster prediction by
directly feeding the sequence into a transformer with geo-
metric attention (avoiding the computation of MSAs). Both
AlphaFold3 and ESM3 are big models concerned with fold-
ing properly all kinds of proteins, hence there is a margin to
gain performance or at least significantly reducing computa-
tional cost by building antibody-specific models.

Inverse folding
Inverse folding (IF) deals with the inverse problem:

fIF : stru(P ) −→ seq(P ), (5)

that is, designing an amino acid sequence that is most likely
to fold into the desired structure. It might sound counterintu-
itive we care about this task given extracting the structure is
more expensive than the sequence. However, biologists use
the structure to make informed decisions regarding proper-
ties the antibody/antigen is desired to have. Thus, it is pos-
sible to design a 3D structure manually (Wang et al. 2022)
then use an IF model to get its corresponding sequence.

ProteinMPNN (Dauparas et al. 2022) uses a message
passing neural network to predict the sequence and can be
considered a watershed model, which became extremely
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popular due to being open source, having a good perfor-
mance, and being a small network architecture that makes
a prediction in a few seconds even on a laptop CPU.

Other models have built upon ProteinMPNN or have a
similar architecture leveraging Graph Neural Networks. No-
tably, ESM-IF (Hsu et al. 2022) is a geometric transformer
trained using not only experimentally gathered structures
(like ProteinMPNN) but also adding a large number of struc-
tures predicted from sequences using AlphaFold2.

Like AlphaFold, those models are general protein models
and not specifically trained to design Antibody sequences.
Thus a few works finetuned those protein models with
antibody-specific data to improve performance, resulting in
models such as AbMPNN (Dreyer et al. 2023) and AntiFold
(Høie et al. 2025).

IF models can also be very helpful for vaccines based on
scaffolding (Burton 2010). Scaffolding consists of building
an antigen that will have the same epitope, after it has been
identified, expressed on the surface of another “body”, so
that a neutral and harmless molecule can mimic the pathogen
for our immune system while having zero risk of infection
through vaccination. In principle, one could design the de-
sired scaffold and use an IF model to discover the sequence
(although as far as we know, the current IF models have not
reached sufficient performance to enable that).

Binding prediction
Binding prediction (b in Eq. 1) is arguably the most impor-
tant challenge to be solved, since if the designed antibody is
not a binder to the pathogen, everything else is pointless.
Binding is often measured in terms of ∆∆G (delta delta
G), the change in the change in Gibbs free energy, in other
words, what was the change in binding strength after a mu-
tation was applied in an antibody/antigen. A negative ∆∆G
means the mutation is stabilizing and thus more favorable.

There has been extensive work training models to predict
antibody-antigen binding (Agarwal et al. 2025; Zhang et al.
2024; Jin et al. 2024; Yuan et al. 2023). However, to the best
of our knowledge, no model has achieved performance high
enough to be fully trusted in general antibody-antigen pre-
diction problems. Good part of the problem comes from the
difficulty in accessing experimental training data. Many of
the proposed models have been trained and/or evaluated in
simulated data. Even for models trained with wetlab data,
using the open sourced wet lab datasets brings a number
of issues, from those datasets being very unbalanced (tar-
gets such as SARS-Cov-2 have much more abundant data
than others) to a mismatch of training and deployment con-
ditions. Datasets composed of experiments gathered only in
a single wet lab might carry artifacts of that particular en-
vironment, which will not be replicated for a different envi-
ronment. Therefore, reported performance is often not repli-
cated when trying to use the models in practical discovery
work.

A correlation has been observed between the log likeli-
hood of logits from IF models and the true ∆∆G of protein
mutations (Riesselman, Ingraham, and Marks 2018), thus
some works have directly used those models as proxy for
change in binding strength. A recent work (Deng et al. 2025)

went a step further and modeled the binding ∆∆G as a func-
tion of individual folding ∆∆Gs, giving us a principled way
of estimating binding from IF models. Their finetuned model
achieved promising results although no wet lab validation
has been performed yet.

Automated Epitope/Paratope Identification
As mentioned before, in order to solve Equation (1) or (2)
the design space is normally first pruned by constraining the
sampling process only for amino acids in the interface be-
tween the antigen and the antibody (paratope and epitope).

However, identifying with precision where the correct
epitope and paratope are may not be an easy task (Peri et al.
2013), especially if the epitope is buried within the protein
structure (i.e., it is not easily identifiable on the surface).

Therefore, another line of research explores identifying
the epitope and/or paratope for an arbitrary antigen-antibody
pair. A number of approaches focus on leveraging pro-
tein embeddings from models trained for the other predic-
tion tasks, finetuning them to be able to predict epitope-
paratope pairs for known antibody-antigen pairs (Kalemati
et al. 2024; Wang, Wang, and Zhang 2024).

A key limitation of the approaches in this area is that most
papers are trained to mimic known paratope-epitope pairs,
whereas there might be unidentified possible interfaces that
would allow for even stronger binding. We expect that future
works in the area will explore considering this problem is a
hierarchical learning problem, where for each sampled inter-
face there is a different optimal design to optimize binding.

Generative Protein Design
While most of the work in the area is concerned with pre-
dicting properties for arbitrary antibody-antigen pairs, sam-
pling efficiently the design space is not fully addressed by
the predictive models.

Approaches that explore in the sequence space normally
perform an autoregressive sampling where the joint proba-
bility of the sequence is given as:

P (seq) =

|seq|∏
i

P (seqi|seq1, . . . , seqn) (6)

capturing sequential and context-dependent dependencies
across positions. In practice, the amino acids are sequen-
tially sampled conditioned in the partially sampled se-
quence. The main family of algorithms to perform this task
are Deep Symbolic Optimization (Silva et al. 2023a) and
GFlowNets (Bengio et al. 2021).

Another approach is to sample directly in the structure
space, giving as output an all-atom structure of the desired
design. This task is normally performed by diffusion models,
where RFDiffusion (Watson et al. 2023) is the most well-
known models among the first ones to perform this task2.

2Technically, the original RFDiffusion only outputs a backbone
structure and needs an inverse folding model to give it side chains.
The most recent version (Butcher et al. 2025) gets closer to an end-
to-end all-atom approach
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Affinity Maturation Simulation
Finding a vaccine antigen requires reasoning over the affin-
ity maturation process (i.e., which antibodies the person will
develop once vaccinated). Gathering data from affinity mat-
uration is extremely difficult and thus there are no diverse
and big datasets. On the other hand, biologists built enough
knowledge of the mechanisms behind affinity maturation
that Agent-based models have achieved relative success in
predicting memory B cells state after a vaccination (i.e.,
which antibodies the person is able to produce) (Conti et al.
2022). However a limiting factor of those models is a large
number of binding estimation calculations needed, which in
published work resulted in limited experimentation consid-
ering a subset of the B cell repertoire that would be available
in a real human. With the development of more effective and
faster ML-based binding affinity prediction models, we can
also expect significant improvement in the affinity matura-
tion simulations.

Notably, BIOVAX (Faris et al. 2024b) proposes to com-
bine an autoregressive antigen generator with agent-based
modeling of affinity maturation, effectively combining solu-
tions for many of the challenges discussed in this paper to
build a pipeline for automated screening of antigen candi-
dates. In in silico validation, the BIOVAX design performed
better than other computationally designed antigens in pro-
viding immunization to a panel of real HIV viruses.

Therefore, one of the most important yet unexplored di-
rections in this field is the development of models that can
accurately predict the production of antibodies after vacci-
nation to an arbitrary antigen.

Developability/Safety/Stability
As with most practical applications, finding an antibody or
antigen is not solved by simply picking the design that opti-
mizes binding. The ability to bind a given target on an anti-
gen does not necessarily imply an inability to bind a different
surface on the same antigen, or a different protein altogether.
This phenomenon, known as cross-reactivity, can be espe-
cially concerning if cross-reactive antibodies recognize host
proteins, as this can lead to a plethora of serious autoimmune
diseases (e.g., Rheumatoid Arthritis).

While it is unfeasible to model all cross-reactivity or
adverse reactions, a common practice is to train models
on large repositories of known human antibodies (Olsen,
Boyles, and Deane 2022), effectively creating a proxy model
for “humanness” (Vashchenko et al. 2022) that could be used
to flag designs that are different from any antibody ever pro-
duced by a human and thus likely to fail as a therapy.

Furthermore, designs submitted for approval to agencies
like the U.S. Food and Drug Administration (FDA) have
been painstakingly crafted to optimize every aspect of man-
ufacturability and safety, thus this list can be used to train de-
velopability models. However, clinical trials follow a phased
approach and it might not be trivial to know if a design was
abandoned at a certain phase because it did not work or
for other unrelated reason (IP issues, deprioritization from
the pharmaceutical company, etc.). Moreover, the number of
samples in those datasets are very low. Nevertheless, we be-
lieve that applying approaches that can methodically make

use of few high-quality samples such as PU-learning (Gong
et al. 2018) in a conjunction of (unlabeled) human antibod-
ies and FDA-approved designs is a promising direction.

Despite the challenges explored in this subsection, devel-
opability and safety concerns are biophysical and biochemi-
cal properties of the designs and, in principle, could be mod-
eled/learned. If in the future we have models that can reli-
ably predict at least some of those properties, Equations (1)
and (2) can be rewritten as a multiobjective problem, taking
into account developability constraints since early on in the
optimization process. In fact, a few exploratory works pro-
posed multiobjective learning algorithms to sample antibody
designs (Faris et al. 2024a).

Active Learning Lab Automation
Leveraging the recent advances in automation, Biofoundries
are highly automated facilities where wet lab experimenta-
tion can be performed in a fully autonomous way through
the use of robotic platforms (Hillson et al. 2019).

The existence of those facilities would in principle enable
modeling any of the challenges discussed in this paper as
an Active Learning problem where (expensive but available)
wet lab experiments could be strategically selected to give
high confidence labels for certain designs to update model
predictions. Although very few of such facilities are cur-
rently available, there has been some exploratory works in-
tegrating protein model learning with biofoundries (Zhang
et al. 2025; Yu et al. 2023). In principle, the infrastructure
for model training and the biofoundries could even be in dif-
ferent locations and/or institutions.

This is highly related to the exploratory works in multi-
fidelity learning for generative models (Hernandez-Garcia
et al. 2024; Silva et al. 2023b), where those models explic-
itly consider that there is both a cheaper and faster simula-
tion to learn from and a more expensive but reliable source
of experimentation. Although published papers in the area
so far only considered different in silico tools, they directly
generalize for biofoundries. Integrating biofoundaries with
AI driven training would dramatically accelerate antibody
and protein design, reducing experimental cost and improv-
ing design quality.

Conclusion
Machine Learning (ML) holds great promise to unlock the
development of antibody therapeutics and vaccines for dis-
eases that are currently untreatable. This paper described in
an accessible language what are the associated challenges in
which ML models have been used or are likely to be useful
for in the short term. We explored the main high level prob-
lems biologists would like AI to be able to solve, as well as
key models to represent the state of the art in this area. This
paper can be used as an initial resource to have a high level
overview of how our community can be most impactful in
this area, from which the reader can choose which sub area
suits their interest better for a deeper dive. By combining
AI capabilities with experimental biology, the community is
poised to accelerate the development of safe and effective
therapeutics.
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