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ABSTRACT

Improving antibody binding to an antigen without antibody–antigen complex struc-
tures or antigen-specific training data is a central challenge in therapeutic protein
design. We introduce AFFINITYENHANCER, a framework for one-shot antibody
affinity improvement with strong generalization: given a single lead sequence, we
propose variants that increase affinity without fine-tuning on the lead and with-
out using antigen information, epitope/paratope labels, or the lead’s structure in
complex with the antigen. During training, AFFINITYENHANCER leverages a pan-
antigen dataset of diverse binding environments (antigens) and constructs paired
examples of related sequences with higher vs. lower measured binding. A shared,
structure-aware module learns to transform low-affinity sequences toward high-
affinity ones, distilling consistent, causal features associated with improved binding
across environments. By combining pretrained sequence–structure embeddings
with a sequence decoder, AFFINITYENHANCER generalizes to entirely unseen
antibody seeds. Across multiple held-out internal and public leads, AFFINITYEN-
HANCER concentrates mutations on the rim of the paratope, outperforms existing
structure-conditioned and inpainting baselines, and achieves substantial in silico
affinity gains in true one-shot experiments, despite never observing antigen-specific
data at test time.

1 INTRODUCTION

Antibodies are proteins produced by the immune system in response to foreign antigens. In therapeutic
settings, antibodies have been developed as drugs against various cancer and autoimmune targets.
They detect harmful antigens (such as bacteria and viruses) by the mechanism of binding, attaching
to a specific patch on the antigen’s surface, called an epitope, using six hypervariable loops known
as complementarity-determining regions (CDRs). A subset of the residues on these CDRs form the
antigen binding surface is known as the paratope.

This ability to form highly specific paratopes which are complementary in shape and chemical
composition to a extensive repertoire of antigens confers unique therapeutic potential and makes
high-affinity antibodies prime drug candidates. Having the therapeutic potential being driven by
the binding mechanism, renders structure information as essential in developing solutions for this
task. In the typical drug discovery pipeline, a lead antibody with reasonably high affinity and
specificity to the antigen of interest, is identified from immunized libraries extracted from animals,
followed by optimizing the lead for potency and drug-like properties. Optimizing the potency of
the lead routinely involves improving its binding or affinity to the antigen. This process is called
affinity maturation. Experimentally, affinity maturation involves random or directed mutagenesis to
generate large diversified libraries (known as diversification or hit-expansion) followed by screening
for stronger binding antibodies against the target. Such techniques are common in drug discovery
pipelines and have been fairly successful over the last few decades. However, such diversification
explores only a minuscule sequence space (∼ order of ∼ 106-109) of the entire sequence space (order
of 25020; 20 amino acid residues at every position of the variable domain which consists roughly of
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250 residues). As a consequence, the resulting sets of designs can be suboptimal and fail to identify
sufficient number of antibodies with the desired potency and drug-like properties.

Figure 1: One-shot affinity maturation of antibodies with AFFINITYENHANCER. A) The goal is to
implicitly learn modes of affinity maturation by pairing a lower affinity antibody with a higher affinity
one. B) Matched datasets are obtained by pairing antibodies against the same target/antigen from
the SKEMPI 2.0 database. C) Architecture for AFFINITYENHANCER. D) Inference and validation
pipeline for held-out-seed to determine whether sampled sequences are binders or not.

Computational affinity maturation with machine learning offers an accelerated alternative to random or
directed mutagenesis. However, the one-shot setting—where a model must propose improved variants
from a single lead sequence without antigen context or fine-tuning—poses a key generalization
challenge: the lead may be far from the training distribution in sequence and structural features.
This challenge is compounded by the limited availability and diversity of paired antibody–antigen
structures and affinity measurements, which impedes robust transfer to unseen targets (Hummer
et al., 2023).

To bypass the challenges associated with explicitly modeling affinity, Tagasovska et al. (2024)
proposed Property Enhancer (PropEn), a property-agnostic model which utilizes data matching to
implicitly learn the direction of the gradient for a property of interest with the goal of proposing new
optimized designs. It was previously demonstrated that this approach works for a range of tasks,
including affinity maturation of antibodies. However, its effectiveness was only demonstrated in
sequence-based models and in cases where a few hundred sequences related to the lead molecule we
wish to optimize are already available in the training data, hence, not suitable to one-shot scenarios.
In this work, we propose AFFINITYENHANCER, a model that goes beyond the PropEn framework,
namely to the one-shot affinity maturation setup by leveraging structure information and introducing
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a novel, diversi�ed matching procedure which allows for generalization and transferability. Our main
contributions are as follows:

• We propose a one-shot model for af�nity maturationwithout antigen information(section 3)

• We leverage matching in heterogeneous datasets to bolster data-sparse regimes (antibody-
antigen interactions)

• We provide theoretical analysis supporting distillation and OOD transfer of causal features
(subsection 3.1)

• On held-out datasets,AFFINITYENHANCER outperforms SOTA structure-conditioned and
inverse-folding baselines, with variants that improve lead-antibody binding without any
antigen information (section 5).

2 BACKGROUND & RELATED WORK

Structure-based design.Most ML models targeted at antibody design, including the design of
target-speci�c antibody libraries rely on structure-conditioned sequence generation, templated on
the structure of the lead antibody or, when available, the structure of the antibody-antigen complex
(Dreyer et al., 2023; Mahajan et al., 2022; Watson et al., 2023). Such structure-conditioning is
necessary in order to restrain the designed sequences to adhere to the shape of the lead antibody.
The sequence space can be further controlled when the structure of the antibody-antigen complex is
known. For antibody design, in particular, structure-conditioning models such as AbMPNN (Dreyer
et al., 2023), AntiFold (Høie et al., 2024), FvHallucinator (Mahajan et al., 2022) and MaskedProtEnT
Mahajan et al. (2025) have demonstrated impressive performance on in silico benchmarks. On the
other hand, de novo models such as RFDiffusion (Watson et al., 2023), follow a two-step process.
First, they design the backbone of the antibody given the context of the antigen, then follow by
sequence design with ProteinMPNN conditioned on that backbone in complex with the antigen.

Sequence-based design.Alternatively, sequence-only models have been proposed to generate protein
or antibody sequences from a learned distribution or near the seed. Examples of such models include
discrete Walk Jump Sampler Frey et al. (2023), latent Walk Jump Sampler, ProGen2 (Nijkamp et al.,
2022), as well as language-model– and latent-space–guided directed evolution methods such as Hie
et al. (2024); Tran & Hy (2024) and Tran et al. (2025). The latter demonstrate that large protein
language models or latent generative models can effectively prioritize mutations during iterative
directed evolution campaigns, improving protein function given repeated rounds of target-speci�c
screening. However, there are no existing approaches which address af�nity enhancement in a
one-shot setting, and, in the absence of the antibody-antigen complex structure. Even de novo models
such as RFDiffusion only guarantee binders (not improved binders) given a binding partner or antigen.

Training with matched datasets.We adopt amatching-based supervision schemein which training
pairs are formed by selecting, for each anchor the nearest neighbor such that (i) it lies within an
input-space radius (ii) achieves a strictly higher measured af�nity. This construction follows the
spirit of PropEn which demonstrated that matching, implicitly recovers the ascent directions for a
property of interest. Here we extend the matching to the one-shot antibody setting by including
structure-aware embeddings and explicit environment control. In other words, in the requirements for
matching, we add: (iii) pairing antibodies targeting the same antigen, i.e.same environment. Unlike
PropEn, which uses sequence representation only, theAFFINITYENHANCERs matching operates
in a geometry induced by pretrained encoders and a residual graph transformer to map low-af�nity
embeddings to higher-af�nity counterparts.

Conceptually, this pairing inducespairwise preferences(x0 � x), connecting our approach to
preference learning (Zhang & Ranganath, 2025) methods such as Direct Preference Optimization
(DPO) (Rafailov et al., 2023) from the LLM literature, where models are updated toward preference
winners under KL regularization. Preference Learning has recently inspired a new direction in protein
design. For backbone generation, Huguet et al. (2024) introduce Reinforced Fine-Tuning (ReFT): a
supervised �ne-tuning pass on a dataset �ltered by auxiliary rewards to create apreferentialsubset,
effectively supervised �ne tuning on matched positives. In antibody co-design, Zhou et al. (2024)
learn overpairedsamples by de�ning residue-level energy preferences and optimize a conditional
diffusion model with a direct preference objective showing gains via energy decomposition and
gradient-surgery to resolve con�icts. For peptide/protein binder design, (Mistani & Mysore, 2024)
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explicitly formulate multi-objective alignment with DPO on curated chosen/rejected receptor-binder
pairs, demonstrating that preference learning on matched datasets steers a protein LM toward binders
satisfying speci�city and developability (e.g., pI) constraints.

Although our setup is related to preference learning, there are two key differences. (1) Data and
pairing. Preference learning typically uses (winner, loser) pairs indicating which sample has higher
reward, without requiring the pair to be close in sequence space or to have similar measured values.
In AFFINITYENHANCER, we construct local improvement pairs—nearby sequence variants that
differ in measured binding—so that the learned transformation corresponds to realistic, stepwise
improvements. (2) Optimization target. Preference learning usually updates a generator that maps
a conditioning input (e.g., a receptor) to an output (e.g., a binder) to increase reward. In contrast,
AFFINITYENHANCER performs lead-conditioned improvement: given an existing binder (the lead), it
generates variants that are predicted to bind more strongly.

3 METHOD - AFFINITY ENHANCER

We formalizeAFFINITYENHANCER as learning from matched improvements under �xed environ-
ments. In what follows, we state the data-generative model from which training pairs are drawn.
Then, we derive the constraints that make the signal dominantly causal.

Problem setup & method summary.Let X denote the space of antibody sequences and letY � R
denote measured binding af�nities. We assume access toE environmentsindexed bye = 1 ; : : : ; E ,
where each environment corresponds to a distinct lead antibody (we use the terms leads or “seeds”
interchangeably). In environmente we observe a small subset of sequences (order of 10) with
measured af�nities

�
(xe

j ; ye
j )

	
. Our goal is, for a held-out environmente� (the “one-shot” seed

corresponding to an antigen not seen in the training set), to propose a set of new designs that reliably
improve on the lead af�nityye�

lead , despite never �ne-tuning one� or using its antigen structure. To do
so, we propose AFFINITYENHANCER, summarized in Figure 1:

1. Form matched pairs. M = ( x i ; x0
i je = e0) in every environmente by �nding, for each

low-af�nity sequencex i , the nearest neighborsx0
i whose measured af�nity isy0

i > y i , under
a capped distance threshold� x .

2. Extract embeddings.For each antibody in the matched pairs, extract sequence-structure
embeddings from a foundational model : X ! RL � d.

3. Learn a worse embedding! better embedding map.Given matched embeddings, learn a
Graph TransformerG� acting over residues

f (z) := z + G�
�
z; A; P

�
; z =  (x) 2 RL � d;

whereA is a residue–residue adjacency (from predicted structure) andP pos/edge features.

4. Embeddings! sequence decoder.Train a light-weight decoder� : RL � d ! X that maps
per-residue embeddings to amino-acid distributions.

5. Sampling for OOD lead. At test time, computezlead =  (xe�

lead) and apply residual map

~z = f (zlead) = zlead+ G�
�
zlead; A; P

�
; ~x = � (~z):

3.1 FROM MATCHED DATA TO CAUSAL SIGNALS

Data-generative process.We posit thatx factors into latent components:

x = f (s; c) y = h(c; e)

wherec collects thecausal factorsthat determine af�nity ands collectsspurious factors (such
as batch effects, library or lead/antigen idiosyncrasies, etc.) that in�uencex but noty once the
environmente is �xed. c causally affectsy for �xed e. In an idealized world, we would sample
independently

c � q(c); s � q(s); e � q(e); x = f (s; c); y = h(c; e):
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In practice,selection(Pearl, 2009) induces dependencies: only some(c; s) are assayed, and not every
x is tested in everye. The observable joint is therefore summarized as

(c; s) � p(c; s); x = f (s; c); e � p(e j x); y = h(c; e);

In particular,y depends on the target i.e. environmente, hences ande may spuriously correlate with
y through selection rather than causation.

Matched pair selection as targeted conditional.For each anchorx assayed in environmente with
outcomey, we seek a nearby variantx0 that improves the outcome,in the same environment:

p(x0jx; d(x; x 0) < "; y 0 � y > � y; e0 = e) (1)

with distanced on X, a small neighborhood radius" > 0, and an improvement margin� y >
0. Conditioning one0 = e removes environment-driven gains; only changes inx can explain
improvements. This conditional represents the data-matching rule that de�nes our train set. For
simplicity we include a deterministic analysis free of measurement noise.

Assumption 1(Property smoothness). For �xed e, the property function isK y -Lipschitz in the causal
latent:

jh(c1; e) � h(c2; e)j � K y d(c1; c2):

Assumption 2(Responsive observation/bi-Lipschitz renderer). There existsK x such that for all
(c; s); (c0; s0),

1
K x

d([c; s]; [c0; s0]) � d(f (s; c); f (s0; c0)) � K x d([c; s]; [c0; s0]);

and the latent metric decomposes additively,

d([c; s]; [c0; s0]) = d(c; c0) + d(s; s0):

Intuitively, small moves inx, imply small moves in the underlying factors; no large cancellation can
hide a big change inc by counter-movings.

Theorem 1(Improvement Bounds). Consider amatchedpair (x; x 0) measured in the same environ-
ment with

d(x; x 0) < " and y0 � y = h(c0; e) � h(c; e) > � y > 0: (2)

Then:

1. (Minimum causal movement)
d(c0; c) > � y =Ky : (3)

2. (Spurious-movement cap) If, in addition,K x " � � y =Ky � 0, then

d(s0; s) < K x " � � y =Ky : (4)

Proof. From equation 2 and A1,

� y < h (c0; e) � h(c; e) � K y d(c0; c) ) d(c0; c) > � y =Ky ;

which proves equation 3. Next, by equation 2 and A2,

d(c0; c) + d(s0; s) � K x d
�
f (s; c); f (s0; c0)

�
� K x ":

Subtracting the lower bound ond(c0; c) from the left-hand side yields

d(s0; s) < K x " � d(c0; c) � K x " � � y =Ky ;

establishing equation 4 whenever the right-hand side is nonnegative.

The matching rule is feasible only ifK x " � � y
K y

� 0; otherwise no pair can simultaneously be
close inx and improvey. From equation 3 and equation 4, each pair enforces a minimal step along
causal directions and leaves a strictly bounded budget for spurious drift. Hence, the supervision from
matched improvements is dominated bycausal variation.
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Training AFFINITY ENHANCER Let z =  (x) be a sequence-structure embeddings (frozen).
The embedding-to-embedding module learns a residual mapf � (z) = z + G� (z; A; P ); trained to
reconstruct matched targets in embedding space, by minimizing

L (� ) =
1

jM j
� (x;x 0)2 M jj  (x0) � f � ( (x)) jj2

2:

At test time, for a held-out leadx lead in unseen environmente� we computezlead =  (x lead ), apply
the residual map~z = f (zlead), and decodex � = � (~z).

Why this objective isolates causal signals?By equation 1 and equation 2, each training pair constrains
the model with a guaranteed minimum shift in the causal coordinates and a tight upper bound
on spurious motion. Averaged over many environments, spurious directions �uctuate and cancel,
while causal directions align across pairs; minimizingL therefore compelsG� to model the shared
environment-invariant components that consistently explain af�nity gains.

Given the selection rule equation 1 and the assumptions, every matched pair obeys

d(c0; c) > � y=Ky and d(s0; s) < k x " � � y=Ky ;

so the training signal isnecessarilya causal movement plus a bounded spurious residue.AFFINITYEN-
HANCER exploits this by learning a residual embedding-space operator that reconstructs matched
targets and, at inference steps in the same causal direction on held-out seeds. This “invariance-by-
matching” view will underlie all experiments that follow.

4 AFFINITYENHANCER IMPLEMENTATION

Our theoretical formulation proposed above lends a direct implementation in ourAFFINITYEN-
HANCER which consists of three main modules ( Figure 1A). The structure and sequence embedder
(Embedder), the reconstruction module and the embeddings to sequence decoder (Decoder) module.
The Embedder embeds the antibody sequence and structure to a semantically meaningful embedded
space. To this end, we utilize GearNet Zhang et al. (2023), a representation learning model trained on
600k sequences and structures from the AlphaFold2 database. To map the embeddings to antibody
sequence, we trained a sequence decoder which maps GearNet (frozen) embeddings to antibody
sequences on the paired Observed Antibody Space (pOAS), (Olsen et al., 2022). Once the sequence
decoder is trained, it is also frozen. The reconstruction module, a Graph Transformer (GT), learns
to reconstruct the embedding of the lower af�nity antibody to the embedding of the higher af�nity
antibody. The reconstruction module is trained on the matched datasets prepared from SKEMPI
2.0. These modules allow us to embed sequences to a general embedding space that is trained on a
massively large database of protein and antibody sequence and residue environments. Utilizing these
pretrained modules allows us to leverage learned representations from all proteins and antibodies and
generalize to blind or unseen test seeds.

5 EXPERIMENTS

The main challenge we address is whether it is possible to propose sequences of af�nity enhanced
designs starting from a single lead antibody sequence withoutanycontext or structure related to
the antigen. Our validation pipeline is included in Figure 1B. We trainAFFINITYENHANCER on
a matched dataset that excludes any sequences in the vicinity of held-out seeds. Additionally, we
utilize a predictive model, Cortex, (Gruver et al., 2023) (Appendix D) trained and validated on labeled
expression and high-quality af�nity data in vicinity of the held-out seeds. We then propose designs
with AFFINITYENHANCER and predict the binding and af�nity for the proposed designs with the
oracle.

Metrics. We evaluate sampled designs by reporting edit distances from the seed sequence, the
number of designs that are predicted to be binders, and number of improved binders over the seed.
Additionally we include the binding and improved rates as well as the average performance across
seeds to ease summarizing the performance per baseline.

Baselines.We compareAFFINITYENHANCER to three baselines – PropEn, trained on the same
matched dataset asAFFINITYENHANCER, AntiFold, an antibody-speci�c, structure-conditioned
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Figure 2: AFFINITYENHANCER identi�es distinct and structurally important positions for each
antibody. Each residue on the surface representation of the seed antibody is colored on a spectrum
ranging from positions modi�ed by the model in 0.0 (white) percent of designs to 20 percent (red)
of designs. For Trastuzumab, we also show the antigen in gray. All antibody structure models
were obtained with ESMFold. For Trastuzumab where the crystal structure of the antibody-antigen
complex structure is available, we aligned the ESMFold structure to the crystal structure to map the
position of the antigen.

inverse folding model and IgCraft (Greenig et al., 2025), an antibody-speci�c generative inpainting
model. For further details on positioning AE wrt baselines, see Table 3.

Ablations. We systematically explore the effect of each component inAFFINITYENHANCER, dataset
matching, embeddings, adjacency information and model architecture (local sequential kernels -
convolutional neural networks, versus adjacency-informed graph transformers).

Held-out seeds. We evaluate in a true one-shot regime on four held-out seeds (three internal antibodies
and the public Trastuzumab), each substantially out-of-distribution from training (full-sequence edit
distance 64–87; Table 4). Table 5 quanti�es potential germline overlap between train and test sets.

5.1 RESULTS

AFFINITY ENHANCER targets edits that retain and improve binding. We asked how each model
prior localizes af�nity-enhancing edits across the antibody and, when known, at the antibody–antigen
interface. In Figure 2A–D and Figure 9 we compare edit distance (leftmost panels) with the positions
of edited residues on the binding surface (top-view CDRs). The model without matching (“No
matching”) serves as the baseline: it proposes few, nearly uniform edits across CDRs and frameworks,
with no clear positional preferences (aside from Seed 2). In contrast, models trained with the matching
intervention show distinct spatial patterns. The CNN variant makes more edits overall, spanning both
CDRs and frameworks; Graph-Transformer (GT) variants concentrate edits in CDRs; and the “No
Embedding” ablation makes the fewest framework edits. Across seeds, matched models repeatedly
target protruding CDR motifs. For Trastuzumab, where the interface is known, many edited positions
fall in direct contact with the antigen (Figure 2D).
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