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ABSTRACT

Therapeutic antibody development often fails due to poor developability issues
identified late in discovery, such as aggregation, polyspecificity, poor expression,
or low solubility. Elevated hydrophobicity is a common liability, contributing to
aggregation and high viscosity. Here, we introduce AbDD, a 350M-parameter
antibody-specific discrete diffusion model that jointly models amino acid se-
quences and Foldseek structural tokens. By combining AbDD with Reward-
Guided Evolutionary Refinement in Diffusion (RERD), we provide a flexible,
training-free framework for optimizing antibodies against arbitrary black-box
property predictors while constraining structural deviation from the parent an-
tibody. We experimentally validated this approach by optimising two clinical
antibodies with known hydrophobicity liabilities, Galiximab and Rilotumumab.
Across nine validated variants, we achieved an 89% success rate in reducing hy-
drophobic interaction chromatography (HIC) retention times, with top variants
reaching the therapeutically acceptable range with only two mutations. Orthog-
onal experimental assays (SEC, BVP, VIBE) confirmed no introduction of major
new liabilities.

1 INTRODUCTION

Antibodies are among the fastest-growing therapeutic modalities, with the potential to target virtu-
ally any biomolecule with high affinity and specificity. However, antibody discovery is extremely
expensive, estimated at over $2 billion per approved therapeutic, largely due to high attrition rates
(DiMasi et al., 2016). A significant cause of these failures is developability issues driven by anti-
body biophysical properties, such as aggregation, polyspecificity, poor expression, immunogenicity
and low solubility (Raybould et al., 2024; Mieczkowski et al., 2023). These failure modes are often
identified late in the discovery process, requiring expensive downstream engineering or abandoning
a promising lead. Furthermore, current in vitro and in vivo discovery techniques often lead to anti-
bodies with high affinity and specificity, but poor biophysical developability properties (see Svilenov
et al. (2023); Shehata et al. (2019) for a consideration of this trade-off).

Discrete diffusion models have emerged as a promising paradigm for protein sequence generation,
formulating generation as iterative denoising from masked sequences (Austin et al., 2023). This
enables both de novo generation and sequence optimization through infilling. Several models have
been developed for general proteins, including EvoDiff (Alamdari et al., 2024), DPLM (Wang et al.,
2024a), and ESM3 (Hayes et al., 2024), with recent work incorporating discrete structural repre-
sentations alongside sequence (Wang et al., 2024b). Importantly, diffusion models are amenable
to inference-time conditioning, allowing optimization for arbitrary properties without retraining
through derivative-free sampling methods (Li et al., 2024; Uehara et al., 2025). These approaches
have been applied to property-conditioned protein and antibody de novo generation (Zhao et al.,
2025; Uehara et al., 2025), but have not been applied to antibody optimization or been experimen-
tally validated.

Here, we introduce AbDD, a 350M-parameter antibody-specific discrete diffusion model that jointly
models amino acid sequences and Foldseek structural tokens (van Kempen et al., 2024), and demon-
strate its combination with Reward-Guided Evolutionary Refinement in Diffusion (RERD) (Uehara
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Figure 1: Overview of AbDD and the RERD optimization framework. (A) AbDD architecture:
antibody sequences are aligned to IMGT numbering, structures predicted with ABodyBuilder2, and
converted to Foldseek 3Di tokens. Sequence and structure tokens are independently embedded
and combined via sum fusion before processing by a bidirectional transformer encoder. Separate
prediction heads output sequence and structure logits. (B) RERD iterative refinement loop: starting
from a parent antibody with poor developability, a subset of positions are masked and candidates
are iteratively refined through cycles of denoising (AbDD), reward evaluation (combining AbDev-
predicted HIC with RMSD to parent structure), resampling (discarding low-reward candidates),
and remasking. Selected variants are experimentally expressed and characterized using orthogonal
biophysical assays.

et al., 2025) for developability optimization. We experimentally validate optimized variants of two
clinical antibodies with known hydrophobicity concerns, achieving an 89% success rate in reduc-
ing HIC values while maintaining structural similarity to the parent structure and not introducing
new liabilities. This framework can incorporate any differentiable or black-box property predictor,
highlighting broad applicability across antibody engineering tasks.

2 METHODS

2.1 ABDD: ANTIBODY DISCRETE DIFFUSION MODEL

AbDD is a 350M-parameter discrete diffusion model for paired antibody generation that jointly
models amino acid sequences and Foldseek structural tokens (van Kempen et al., 2024). The model
uses a transformer backbone with separate embeddings for sequence and structure tokens, com-
bined via sum fusion (Figure 1A). The complete optimization framework, combining AbDD with
RERD for iterative refinement, is illustrated in Figure 1B. Full architecture details are provided in
Appendix A.1.

We trained on approximately 2.4 million paired heavy-light chain antibody sequences from OAS
(Olsen et al., 2022), with structures predicted using ABodyBuilder2 (Abanades et al., 2023) and
converted to discrete Foldseek 3Di tokens. All sequences were aligned to IMGT numbering using
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ANARCI (Dunbar & Deane, 2015), yielding a fixed 288-position representation per antibody (157
heavy chain, 131 light chain positions).

The model was trained using the discrete diffusion formulation of Zheng et al. (2024), which gen-
eralises discrete diffusion to masked language modelling with variable masking rate. Training used
AdamW with learning rate 6× 10−4 for 20,000 steps with effective batch size 2048.

2.2 INFERENCE-TIME CONDITIONING

We use Reward-Guided Evolutionary Refinement in Diffusion (RERD) (Uehara et al., 2025), a
sampling-based method for conditioning diffusion models on arbitrary reward functions at inference
time. RERD improves over single-shot sampling methods by introducing an iterative refinement
loop that alternates between: (1) denoising with importance sampling to bias token selection toward
higher rewards, and (2) global resampling across candidate sequences, discarding low-reward sam-
ples and duplicating high-reward ones. Selected sequences are then partially remasked and refined
further, allowing correction of suboptimal tokens from previous steps.

The reward for intermediate, partially masked sequences is approximated using a lookahead step:
the clean sequence is predicted by selecting the most likely token for all masked positions, and the
reward function is evaluated on this predicted sequence. Uehara et al. (2025) show this formulation
ensures final sequences are sampled from the target distribution p(x) ∝ exp(r(x)/α)ppre(x), bal-
ancing optimisation of the reward r(x) while remaining close to the pretrained distribution ppre(x).

2.3 REWARD DESIGN

We optimise antibodies with known developability issues while minimising structural deviation from
the parental backbone, which serves as a proxy for preserving binding function; mutations that sig-
nificantly alter backbone geometry are more likely to disrupt paratope-antigen interactions. We
chose RMSD over direct affinity prediction due to computational tractability (each optimization
run evaluates ∼10,880 candidates, prohibitive for structure-based affinity models), and furthermore
current affinity predictors lack sufficient accuracy and sensitivity to point mutations to provide re-
liable optimization signal (Hummer et al., 2025). We use AbDev (Wu et al., 2025), a suite of
machine learning models trained on biophysical measurements from 137 clinical-stage antibodies
(Jain et al., 2017) to predict 12 developability-related properties from sequence, as a developability
oracle. In our case study, we targeted reducing hydrophobicity, which is implicated in aggregation
and viscosity developability risks. We used AbDev predictions of hydrophobic interaction chro-
matography (HIC) and standup monolayer adsorption chromatography (SMAC), two in vitro assays
of antibody hydrophobicity, as reward signals. Notably, RERD is derivative-free, enabling the use
of non-differentiable black-box reward models.

The aggregate reward combines developability metrics with a structural penalty:

Ragg(x) =
∑
i

Ri(x)− λstruct · RMSD(x) (1)

where Ri are normalised developability rewards, and λstruct = 1.0 weights the structural constraint,
chosen empirically to balance property improvement against structural deviation given typical can-
didate RMSD values of 0.1–0.3 Å. Each developability metric is min-max normalised to [0, 1] using
observed ranges from AbDev predictions on the Jain et al. (2017) clinical-stage therapeutic dataset
(HIC: 9–13, SMAC: −0.5–0.8). For HIC and SMAC, where lower assay values indicate better de-
velopability, normalised rewards are inverted. RMSD measures backbone deviation between each
candidate’s predicted structure (ABodyBuilder2) and the parent structure.

We used the following RERD parameters: population size R = 20, candidates per edit C = 20,
iterations T = 4, edit budget per iteration m ≈ 9 positions (3% of sequence), selection strength
α = 5. Each optimization run evaluates approximately 10,880 candidates.

2.4 EXPERIMENTAL VALIDATION

We experimentally validated optimised variants to ensure: (1) variants could be productively ex-
pressed and purified, (2) hydrophobicity was successfully reduced, and (3) optimization did not
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introduce other developability concerns. We used HIC to validate hydrophobicity changes, and
assessed standard developability assays, including baculovirus particle (BVP) ELISA for polyreac-
tivity and size exclusion chromatography (SEC) for aggregation (monomer percentage). To further
characterize the antibodies, we employed the Variations of Interfacial Behaviour and its Evolution
(VIBE) assay. The assay measures interfacial wave phenomena generated when a protein sample
stimulates a liquid interface held near a thermodynamic phase transition. The resulting biophysical
fingerprint provides a multiplexed view of the sample’s behaviour in solution (John et al., 2025).
VIBE can identify developability risk orthogonal to conventional assays, providing a multi-property
assessment of unfavourable changes.

Expression and biophysical characterisation were performed by Sino Biological. Antibody variants
were expressed via transient transfection in HEK293 cells and purified using one-step Protein A
affinity chromatography. Purity exceeded 90% for all variants.

3 RESULTS

3.1 DEVELOPABILITY OPTIMIZATION

We selected two clinical antibodies with known hydrophobicity liabilities as case studies: Galix-
imab, a discontinued anti-CD80 therapeutic, and Rilotumumab, an anti-HGF antibody. Both exhibit
elevated HIC retention times relative to the distribution of approved therapeutics (Jain et al., 2017;
Arsiwala et al., 2025). We jointly optimised for lower AbDev-predicted HIC and minimal structural
deviation from the parent structure. For Galiximab, we also performed a second optimization run
jointly targeting both HIC and SMAC, while still minimizing structural deviation.

RERD was run for four iterations, generating a final batch of 20 variants per run. We selected
variants from the Pareto frontier of each run, balancing predicted property improvement, structural
deviation (RMSD), and mutation count to provide diverse candidates for experimental testing. In
total, nine variants were expressed and experimentally characterized: seven for Galiximab (three
from HIC-only, four from HIC+SMAC optimization) and two for Rilotumumab (Table 1).

Across both antibodies, 8/9 variants (89%) showed improved HIC retention time. For Galiximab,
the most improved variant achieved a 2.58-unit decrease in HIC to 11.21 (19% improvement) with
only two mutations, bringing it within the ‘safe’ HIC range defined by Jain et al. (2017). For
Rilotumumab, the best variant achieved a 2.45-unit decrease (19% improvement) with only two
mutations, and both variants were rescued to within the ‘safe’ range. The dual optimisation run for
Galiximab (HIC + SMAC) produced the best performing variant and showed 100% success rate (4/4
variants improved) compared to 67% (2/3) for HIC-only optimization, suggesting that optimising
for multiple correlated properties may provide beneficial regularisation. However, the small sample
sizes preclude statistical comparisons of efficacy.

One Galiximab variant (APH6-8) exhibited anomalous behaviour: although predicted to have the
lowest HIC, it showed the highest experimental value (14.45, above wild-type). This failure may
reflect limitations in the AbDev predictor for certain sequence contexts, or epistatic interactions
between mutations that the model fails to capture. Overall correlation between predicted and exper-
imental HIC for Galiximab was weak (Pearson r = 0.22, n = 7); excluding this outlier improved
correlation substantially (r = 0.74, p = 0.055, n = 6). Despite mixed ranking performance,
direction accuracy—correctly predicting improvement versus wild-type—was 89% across both an-
tibodies (8/9 variants).

To assess whether HIC optimization introduced other biophysical liabilities, we evaluated variants
using orthogonal assays (see Appendix Table 2). All variants maintained SEC monomer content ≥
97%, which may be due to the RMSD constraint preventing destabilizing mutations by keeping vari-
ants close to the parent structure. BVP (baculovirus particle) ELISA measures polyreactivity risk;
elevated BVP is associated with faster clearance and reduced efficacy. Most variants showed modest
BVP changes: for Galiximab, values ranged from 0.09–0.39 (WT: 0.15), and the best-performing
variant APH6-10 showed decreased BVP (0.10, ∆=−0.05). For Rilotumumab, variants showed
slight BVP increases (0.22–0.35 vs WT: 0.18) but remained within acceptable ranges. Overall, BVP
values remained within acceptable ranges, as defined by Jain et al. (2017).
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Table 1: Experimental validation results for Galiximab and Rilotumumab variants. Best HIC im-
provement per antibody in bold. All variants maintained SEC ≥ 97%. VIBE assesses orthogonal
developability properties.

Antibody Opt. Mut. HIC ∆HIC VIBE ∆VIBE
Galiximab — 0 13.79 — 1.38 —
Galiximab HIC 8 12.02 −1.77 1.31 −0.07
Galiximab HIC 4 14.45 +0.66 1.60 +0.22
Galiximab HIC 4 11.84 −1.95 1.09 −0.29
Galiximab HIC+SMAC 2 11.21 −2.58 1.55 +0.17
Galiximab HIC+SMAC 4 11.83 −1.97 1.23 −0.16
Galiximab HIC+SMAC 4 13.65 −0.14 1.25 −0.13
Galiximab HIC+SMAC 3 13.71 −0.08 1.24 −0.15

Rilotumumab — 0 12.63 — 0.15 —
Rilotumumab HIC 2 10.18 −2.45 −0.02 −0.17
Rilotumumab HIC 1 11.07 −1.56 −0.08 −0.23

We additionally assessed variants using VIBE, a recently developed interfacial wave assay that cap-
tures developability risk orthogonal to conventional hydrophobicity measurements. VIBE changes
were modest across variants, with no catastrophic increases observed, and the variant with the largest
VIBE increase (+0.22) occurred in the HIC failure case. However, the Galiximab variant with the
lowest HIC value showed a 12% increase in VIBE, indicating it may be capturing further informa-
tion beyond hydrophobicity. Overall, these results confirm that targeted HIC optimization did not
introduce major orthogonal liabilities, with either a decrease or modest increase to VIBE scores,
though they highlight the value of multi-property monitoring.

4 CONCLUSIONS

By combining an antibody-specific discrete diffusion model (AbDD) with training-free inference-
time conditioning (RERD), we have demonstrated experimentally validated developability opti-
mization of therapeutic antibodies. Across two antibodies with distinct sequences and targets, we
achieved an 89% success rate (8/9 variants improved), with the best variants showing HIC reduc-
tions of 2.58 units (Galiximab) and 2.45 units (Rilotumumab). Both antibodies were rescued from
elevated HIC values to within the therapeutically acceptable range, with the best variants for both
requiring only two mutations. Orthogonal assays (SEC, BVP, VIBE) confirmed that no major new
liabilities were introduced.

While our approach achieved high direction accuracy (89%), the poor ranking correlation for Galix-
imab (r = 0.22) and one clear failure case highlight limitations of current developability predictors.
The AbDev HIC model provides sufficient signal for optimization, identifying variants likely to
improve over wild-type, but cannot reliably rank variants among themselves. We used RMSD as
a proxy for maintaining binding function, but this does not guarantee preserved affinity, and we
did not experimentally assess binding. Ideally, an antibody-antigen affinity predictor would be in-
tegrated as an additional reward, though current models lack sufficient accuracy (Hummer et al.,
2025). Additionally, larger-scale validation would strengthen conclusions about success rates.

The flexibility of this framework, requiring no model retraining and accepting any differentiable
or black-box reward function, makes it readily applicable to diverse antibody engineering objec-
tives, including affinity maturation, immunogenicity reduction, and multi-property optimization as
improved predictors become available. While predictor accuracy remains a limiting factor, the high
directional accuracy suggests this approach can meaningfully accelerate therapeutic antibody devel-
opment when combined with targeted experimental validation.
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A APPENDIX

A.1 MODEL ARCHITECTURE DETAILS

The 350M AbDD model has the following configuration: hidden dimension 960, transformer layers
32, attention heads 15, feed-forward dimension 3840, dropout 0.1. The model uses RoPE positional
embeddings and separate prediction heads for amino acid and structure tokens. Figure 2 provides an
overview of the model architecture.

Figure 2: A. The Dual-Channel Architecture. Aligned amino acid (AA) sequences and Foldseek
structural (3Di) sequences are independently embedded and combined via sum fusion before being
processed by a bidirectional transformer encoder. Two independent prediction heads output logits
for sequence and structure. B. The Discrete Diffusion Training Process. During training, paired
inputs are corrupted via progressive masking based on a sampled timestep t. The model is trained
to predict the original tokens for the masked positions, optimising the sum of cross-entropy (CE)
losses for both channels.

A.2 VALIDATION RESULTS

Table 2: Experimental validation results for Galiximab and Rilotumumab variants. Best HIC im-
provement per antibody in bold. All variants maintained SEC ≥ 97%. BVP and VIBE assess
orthogonal developability properties.

Antibody Opt. Mut. RMSD HIC ∆HIC SEC% BVP ∆BVP VIBE ∆VIBE

Galiximab — 0 0.00 13.79 — 99.3 0.15 — 1.38 —
Galiximab HIC 8 0.11 12.02 −1.77 98.5 0.21 +0.06 1.31 −0.07
Galiximab HIC 4 0.14 14.45 +0.66 99.1 0.19 +0.04 1.60 +0.22
Galiximab HIC 4 0.07 11.84 −1.95 98.6 0.39 +0.24 1.09 −0.29
Galiximab HIC+SMAC 2 0.12 11.21 −2.58 99.2 0.10 −0.05 1.55 +0.17
Galiximab HIC+SMAC 4 0.09 11.83 −1.97 98.4 0.11 −0.04 1.23 −0.16
Galiximab HIC+SMAC 4 0.08 13.65 −0.14 98.8 0.13 −0.02 1.25 −0.13
Galiximab HIC+SMAC 3 0.23 13.71 −0.08 98.4 0.09 −0.06 1.24 −0.15

Rilotumumab — 0 0.00 12.63 — 99.0 0.18 — 0.15 —
Rilotumumab HIC 2 0.04 10.18 −2.45 97.9 0.35 +0.17 −0.02 −0.17
Rilotumumab HIC 1 0.04 11.07 −1.56 97.2 0.22 +0.04 −0.08 −0.23
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A.3 GLOSSARY OF ABBREVIATIONS

Abbreviation Definition

AbDD Antibody Discrete Diffusion model
BVP Baculovirus Particle ELISA (polyreactivity assay)
RMSD Root Mean Square Deviation
HIC Hydrophobic Interaction Chromatography
IMGT ImMunoGeneTics numbering scheme
OAS Observed Antibody Space database
RERD Reward-Guided Evolutionary Refinement in Diffusion
SEC Size Exclusion Chromatography
SMAC Standup Monolayer Adsorption Chromatography
VIBE Variations in Interfacial Behaviour and its Evolution
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