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ABSTRACT

Generative artificial intelligence has advanced antibody discovery, yet de novo
design against epitopes lacking structural precedent remains a fundamental chal-
lenge. Here we present Origin-1, a generative AI platform that integrates epitope-
conditioned all-atom structure generation (AbsciGen), paired CDR sequence de-
sign (IgDesign2), and a co-folding-based scoring protocol (AbsciBind) to select
high-confidence binders. We test Origin-1’s ability to design antibodies against
“zero-prior” epitopes, or target sites with no available antibody-antigen or protein-
protein complex structures. Across ten human protein targets, Origin-1 identi-
fied antibodies for four targets in fewer than 100 design attempts each. Cryogenic
electron microscopy confirmed atomic accuracy (3.0–3.1 Å resolution; DockQ
0.73–0.83) and AI-guided affinity maturation produced an IL36RA antagonist with
104 nM potency. These results establish a framework for antibody design without
structural precedent.

1 INTRODUCTION

Antibodies are essential therapeutics due to their ability to bind diverse antigens with high affinity
and specificity (Klein et al., 2024; Pantaleo et al., 2022). However, traditional discovery methods re-
main resource-intensive and provide limited control over epitope targeting, motivating computational
approaches for de novo design with precise epitope specification.

Antibody–antigen recognition is mediated by six complementarity-determining regions (CDRs),
whose sequence and conformational variability make CDR design the core computational challenge
(James et al., 2003). Recent advances have enabled progress in protein structure prediction (Abram-
son et al., 2024; Jumper et al., 2021) and de novo design (Cao et al., 2022; Watson et al., 2023),
yet existing approaches exhibit significant limitations and varying levels of experimental validation.
Structure generation methods lack atomic resolution (Watson et al., 2023; Bennett et al., 2026), are
not antibody-specialized (Qu et al., 2024; Geffner et al., 2025), or incur substantial computational
expense (Pacesa et al., 2025; Cho et al., 2025). Sequence design models treat heavy and light chains
independently (Dauparas et al., 2022; Dreyer et al., 2023) or lack deep integration of paired language
representations with geometric encoding (Kenlay et al., 2024).

Beyond design, stringent filtering is critical to advance high-confidence candidates to experimenta-
tion (Zambaldi et al., 2024). Although folding model confidence metrics can evaluate binding like-
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Figure 1: Origin-1 platform and experimental validation cascade. Left: AbsciGen generates an-
tibody designs via AbsciDiff (epitope-conditioned all-atom diffusion) and IgDesign2 (paired CDR
sequence design). AbsciBind evaluates designs using a modified co-folding protocol to select high-
confidence candidates. Right: Experimental cascade: designs are expressed as mAbs and validated
through Surface Plasmon Resonance (SPR) screening, Biolayer Interferometry (BLI) confirmation,
analytical Size Exclusion Chromatography (SEC) complexation, developability assessment, Cryo-
genic Electron Microscopy (cryo-EM) structure determination, and functional assays.

lihood (Evans et al., 2021b; Roney & Ovchinnikov, 2022), they perform poorly for antibody–antigen
complexes (Yin & Pierce, 2024; Hitawala & Gray, 2025).

We introduce Origin-1, a design-and-score platform that addresses these limitations. AbsciGen en-
ables epitope-conditioned all-atom structure generation via AbsciDiff (diffusion-based generation)
and IgDesign2 (paired sequence design). AbsciBind scores candidates for experimental prioritiza-
tion. We demonstrate that Origin-1 generates antibodies against “zero-prior” epitopes—sites lacking
any reported complex structure involving the target—from four human protein targets.

2 METHODS

Origin-1 performs two tasks: (1) generate antibody structures and sequences likely to bind to tar-
gets of interest, and (2) score candidates to select high-confidence designs (Figure 1). AbsciGen
comprises AbsciDiff (structure generation) and IgDesign2 (sequence design). AbsciBind provides
scoring and filtering.

2.1 STRUCTURE GENERATION

AbsciDiff is a diffusion-based all-atom model fine-tuned from Boltz-1 (Wohlwend et al., 2024) for
epitope-conditioned antibody design. We model the forward process as dXt =

√
2t dBt and train

the model to approximate E[X0|Xt] given conditioning information: antigen structure/sequence,
framework structure/sequence, and epitope residues.

Key modifications include: (1) masking CDR positions and inter-chain features while providing
epitope conditioning via a binary residue vector; (2) an intermediate sequence hypothesis module
that predicts design region sequences and recycles them through the trunk; (3) template featurization
from user-provided structures; and (4) Atom14 representation for design regions with virtual atoms
at Cα positions, enabling open-ended sidechain generation. For more details on structure generation,
refer to Appendix B.1.

2.2 SEQUENCE DESIGN

IgDesign2 models CDR sequences autoregressively: pθ(R|X,C) =
∏N

i=1 pθ(ri|r<i, X,C). The
architecture combines a Graph Neural Network (GNN) encoder (PiFold-based (Gao et al., 2023)),
a causal transformer decoder, and a paired antibody language model (IgBert (Kenlay et al., 2024))
for refinement. At each pLM layer, structure embeddings are fused with language embeddings via
trainable projections. The model is pre-trained on protein–protein interactions, then fine-tuned on
antibody–antigen complexes. For more details on sequence design, refer to Appendix B.2.
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2.3 SCORING

Standard AlphaFold-Multimer (AFM) (Evans et al., 2021a) approaches for binder discrimination
yield high false-negative rates for antibody–antigen complexes due to template masking. AbsciBind
addresses this by: (1) providing designed structures as multimer templates with retained amino acid
tokens; (2) masking sidechains except Cβ; and (3) disabling inter-chain template distance masking.

We compute an AbsciBind Score as the mean of standard Interface Predicted Template Modeling
(ipTM) and Antibody-Aligned ipTM (which merges antibody/antigen chains to focus on the inter-
face) scores. Designs with ligand Root-Mean-Square Deviation (RMSD) >5 Å between designed
and predicted structures are filtered. For more details on AbsciBind score, refer to Appendix B.3.

3 RESULTS

3.1 EXPERIMENTAL SETUP

Targets. We selected ten targets and identified zero-prior epitopes per target. 9/10 targets did not have
PDB complex structures. One target (AZGP1) had one PDB entry in complex with a non-antibody
protein binder (PDB:3ES6), but the associated epitope was not used for design. All targets also had
≤60% sequence similarity to proteins with known complexes. IL36RA was selected as a target of
particular therapeutic interest. Given IL36RA’s role in dampening proinflammatory responses that
may promote anti-tumor immunity (Finucane et al., 2025), antibody-mediated inhibition of IL36RA
could enhance immune infiltration into “immune-cold” tumors.

Design. For each target, we sampled 3,360 design specifications varying framework, CDR lengths,
and epitope subsampling. Through iterative search, we selected 95 designs per target.

Validation. Designs were expressed as mAbs and screened by SPR against targets and off-targets.
Hits were validated by BLI and analytical SEC. Developability was assessed via thermal stabil-
ity, polyreactivity, and hydrophobicity assays. Select complexes were characterized by cryo-EM.
IL36RA binders were tested in HEKBlue functional assays.

3.2 IN SILICO RESULTS

We benchmarked AbsciGen against RFantibody on a subset of the previously-selected targets
(COL6A3, AZGP1, CHI3L2, IL36RA). AbsciGen substantially outperformed RFantibody (Fig-
ure 2), with 28.4% of designs achieving an AbsciBind Score≥0.5 compared to just 1.5%—a 19-fold
improvement.

We also evaluated AbsciBind’s ability to discriminate binders from non-binders across eight
antibody-antigen systems. AbsciBind achieved better classification performance (AUROC) com-
pared to six reference methods including GeoFlow-V2, GeoFlow-V3, AFM-IG, Protenix, Boltz-2,
and Chai-1 (Figure 3).

For additional in silico results, including supervised benchmarking on targets with known structures
(Appendix Figures 11–12), humanness assessment (Appendix Figure 14), and design diversity anal-
ysis (Appendix Figures 16–17), refer to Appendix F.

3.3 IN VITRO RESULTS

Experimental Validation. SPR identified nine hits across four targets from ∼400 total designs:
three against COL6A3, four against AZGP1, one against CHI3L2, and one against IL36RA. All hits
bound their designed antigen without binding off-targets (Figure 4C; Appendix Figures 18–21). BLI
confirmed COL6A3 and AZGP1 hits; CHI3L2 and IL36RA hits showed weak affinity (KD > 2 µM).
Analytical SEC confirmed complexation for all four targets (Appendix Figure 23).

AI-Guided Affinity Maturation. We applied lead optimization using single-mutant libraries
scored by AbsciBind and protein language models. This yielded improvements across all targets:
68-fold for IL36RA (from ∼7 µM to 104 nM; Figure 4C,D) and ∼4-fold for CHI3L2 (Appendix
Figure 22).
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AbsciBind Score Distributions by Target
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RFantibody

(A)

Method
Mean Absci
Bind Score

% Designs
≥ 0.5

RFantibody 0.270 ± 0.112 1.5%
AbsciGen 0.422 ± 0.116* 28.4%

*p < 0.001, Mann-Whitney U test.

(B)

Figure 2: AbsciGen outperforms RFantibody on four targets. (A) AbsciBind Score distributions
by target. (B) Summary statistics.
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Figure 3: AbsciBind discriminates binders from non-binders. Classification performance (AU-
ROC) across eight antibody-antigen systems compared to six reference methods.

Structural Validation. Cryo-EM structures of COL6A3 and AZGP1 complexes (3.0 Å and 3.1 Å
resolution) showed high fidelity with designs. COL6A3: interface RMSD 0.96 Å, DockQ 0.83; CDR
RMSDs 0.66–1.49 Å (Appendix Figure 18). AZGP1: interface RMSD 1.35 Å, DockQ 0.73; CDR
RMSDs 0.75–2.06 Å (Figure 4A,B; Appendix Figure 19). Processing workflows are provided in
Appendix Figures 24 and 25.

Functional Validation. Affinity-matured IL36RA variants were tested in HEKBlue assays mea-
suring IL36 receptor signaling. While the parent showed no activity, optimized variants displayed
antagonism correlating with affinity, with the best achieving EC50 = 104 nM (Figure 4E; Appendix
Figure 21).

Developability. All binders met therapeutic criteria for polyreactivity, polydispersity, and thermal
stability (Tm > 68°C), with minor flags for hydrophobicity (IL36RA) and self-association (AZGP1).
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AZGP1: Structural Validation
Experimental structure · Designed Heavy Chain

Designed Light Chain · Designed Antigen

All-AtomGlobal RMSD = 1.79 Å · Interface RMSD = 1.35 Å
Ligand RMSD = 1.9 Å · DockQ = 0.73

(A)

LCDR1 HCDR1
RMSD = 2.056 Å RMSD = 0.751 Å

LCDR2 HCDR2
RMSD = 1.904 Å RMSD = 1.020 Å

LCDR3 HCDR3
RMSD = 1.487 Å RMSD = 1.411 Å

(B)

IL36RA: Binding and Functional Validation

(C) (D) (E)

Figure 4: Structural, binding, and functional validation. Representative data from four validated
targets (COL6A3, AZGP1, CHI3L2, IL36RA). Top (AZGP1): (A) Cryo-EM structure at 3.1 Å res-
olution showing overlay of designed and experimental structures. (B) Per-CDR analysis confirms
all six CDRs match design with RMSD <2.1 Å. Bottom (IL36RA): (C) SPR confirms parent design
binds IL36RA (KD > 2 µM). (D) AI-guided affinity maturation improves binding to 104 nM (68-
fold improvement). (E) HEKBlue functional assay demonstrates antagonism with EC50 = 104 nM.
Cryo-EM validation for COL6A3 and binding data for all targets are provided in the Appendix.

4 DISCUSSION

Origin-1 achieves de novo antibody design against “zero-prior” epitopes. In fewer than 100 attempts
per target, we identified validated binders for 4/10 targets, with cryo-EM confirming atomic accuracy
and functional assays demonstrating therapeutic potential.

Our hit rates are ostensibly lower than reports designing against known interfaces (Pacesa et al.,
2025; Chai Discovery Team et al., 2025). In interpreting this, one should consider both the design
challenge undertaken and the extent of experimental validation conducted to support a reported hit
rate. Origin-1 must identify viable epitopes without guidance from solved structures, and we require
binding confirmation across multiple orthogonal assays.

The integration of generative design with specialized scoring proved essential—AbsciBind’s dis-
crimination enabled efficient prioritization despite the zero-prior setting. The 68-fold affinity im-
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provement for IL36RA demonstrates that weak initial binders can be rescued through AI-guided
optimization.

Limitations. Success on 4/10 targets indicates room for improvement. Improving epitope prediction,
sampling diversity, and scoring calibration are priorities for future work.

Impact. Origin-1 enables targeting epitopes without structural precedent, potentially unlocking
difficult-to-drug targets. AbsciGen substantially outperforms RFantibody while generating more
human-like sequences (Appendix Figure 14). Our methods are open-source and we release experi-
mental data to support community benchmarking.
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A RELATED WORK

Generative All-Atom Models for Structure Design. Recent advances in generative structure
modeling have demonstrated that operating directly in all-atom space can yield more accurate and
physically realistic protein designs. RFdiffusion (Watson et al., 2023) first extended diffusion-based
generative modeling to protein backbone design. While effective on certain targets, the method is
limited to backbone coordinates and relies on a computationally heavy architecture that scales poorly.
More recently, P(all-atom) (Qu et al., 2024) adapted components of AlphaFold3 (Abramson et al.,
2024) for fully atomistic, unconditional protein design. This framework improves output granularity
and sample efficiency relative to earlier equivariant backbone-only models, but the published model
is unconditional and trained on a broad, non-targeted dataset, limiting its immediate usefulness for
controlled conditional design. La-Proteina (Geffner et al., 2025) introduced a partially latent flow-
matching approach that explicitly models backbones and represents side chains and sequences using
low-dimensional latent variables per residue. This improves efficiency and supports joint sequence–
structure generation. However, it does not directly support conditional, all-atom design of epitope-
specific antibodies.

Generative Models for Antibody Design. RFantibody (Bennett et al., 2026) addresses some of
these limitations by fine-tuning RFdiffusion (Watson et al., 2023) on antibody-antigen complexes, en-
abling conditional backbone generation with target specificity. The pipeline couples this backbone
generator with ProteinMPNN (Dauparas et al., 2022) for subsequent sequence design. However,
scalability of training and inference remains constrained by the computational demands of the under-
lying RFdiffusion (Watson et al., 2023) architecture. More recently, Germinal (Mille-Fragoso et al.,
2025) demonstrated efficient de novo epitope-targeted antibody generation by unifying AlphaFold-
Multimer (Evans et al., 2021b) with an antibody-specific language model under a shared gradient-
based optimization framework. In contrast, our approach directly trains an all-atom diffusion model
on a large-scale dataset of antibody–antigen complexes, simultaneously leveraging rich learned rep-
resentations and enabling efficient, fully atomistic conditional structure generation.

Protein Inverse Folding. Machine learning-based inverse folding models have rapidly advanced
protein sequence design conditioned on desired structures. ProteinMPNN (Dauparas et al., 2022) in-
troduced a message-passing neural network architecture that achieved high sequence recovery rates
across diverse protein folds, demonstrating strong generalization across protein families. A follow-up
study demonstrated that combining ProteinMPNN with AlphaFold2 (Jumper et al., 2021) for self-
consistency assessment enables more efficient design of protein binder sequences than traditional
energy-based methods alone (Dauparas et al., 2022). ProteinMPNN is widely used in protein se-
quence design systems, including for antigen-specific antibody design. AbMPNN (Dreyer et al.,
2023) adapted inverse folding specifically for antibodies, incorporating variable region constraints
to improve CDR sequence recovery and design. PiFold (Gao et al., 2023) demonstrated superior per-
formance on the general protein inverse folding problem through an enhanced featurization scheme
and a more efficient, non-autoregressive Graph Neural Network (GNN) architecture. Benchmarking
against ProteinMPNN and other inverse folding models showed substantially lower sequence per-
plexity and higher amino acid recovery. However, both ProteinMPNN and PiFold are limited by
the availability of solved protein structures, which is significantly smaller than the space of known
protein sequences. To address this limitation, LM-Design (Zheng et al., 2023) integrated structure-
based models (ProteinMPNN and PiFold) with protein language models trained on large sequence
datasets, boosting sequence recovery performance by 4–12 percent. However, all of these models
have limitations in terms of how tightly they integrate structural and sequence conditioning informa-
tion.

Antibody Sequence Design. Our primary objective is to generate antibody sequences that bind
specific target antigens without known CDR sequence context and thus models trained for this data-
constrained task are of particular interest. AbMPNN (Dreyer et al., 2023) and other antibody-specific
inverse folding models were developed by fine-tuning general-purpose models on antibody structural
data from SAbDAb (Dunbar et al., 2014). These models relied on training datasets augmented with
synthetic structures for sequences from the Observed Antibody Space (OAS). Such antibody-specific
models demonstrated enhanced CDR re-design capability in terms of sequence recovery, loop self-
consistency RMSD, and Ab-Ag affinity ranking over general-purpose inverse folding models when
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evaluated in silico with full backbone structure and sequence context. More recently, ProseLM (Ruf-
folo et al., 2024) offered a comprehensive framework for structure-informed protein design by inte-
grating a causal encoder with the ProGen2 pLM, combining novel architecture with extensive exper-
imental validation. Their antibody-specific results include a novel PD-1 therapeutic antibody binder
with 2.2 nM affinity. In combination with these efforts, the advent of pre-trained paired-antibody lan-
guage models such as IgBert and IgT5 (Kenlay et al., 2024) has presented an opportunity for further
innovation in the antibody-specific, structure-conditioned sequence design space.

B DETAILED ARCHITECTURES

B.1 STRUCTURE DESIGN VIA ABSCIDIFF

AbsciDiff (Figure 5) is a diffusion-based all-atom generative model fine-tuned from Boltz-1
(Wohlwend et al., 2024) for epitope-conditioned antibody design. Key modifications include
antibody- and docking-specific feature masking and conditioning strategies, an intermediate se-
quence hypothesis module with recycling, integration of optimized CuEquivariance kernels (Geiger
et al., 2024), and support for structural templates. The sampling procedure follows Boltz-1, preserv-
ing the sample efficiency and stability of the parent model. In the following sections, we describe
the diffusion formulation, feature generation strategy, architectural changes, and training protocol.

B.1.1 ABSCIDIFF DIFFUSION FORMULATION

Following Boltz-1, we model the noise added to the native structure of an antibody-antigen complex
X0 ∈ RN×3 through a forward diffusion process,

dXt =
√
2t dBt, (1)

where dBt is (N × 3)-dimensional Brownian motion.

To generate new complexes, we reverse this diffusion process over T timesteps (Figure 7). Starting
from XT ∼ N (0, I), we iteratively denoise using a model Pθ parametrized by a neural network and
conditioned on antigen and framework structure templates Xa, Xf , sequences Sa, Sf , and epitope
residues Ea. We denote the full conditioning information as C = {Xa, Xf , Sa, Sf , Ea}.
We train this model to approximate the expected coordinates of the original complex structure:

Pθ(Xt, t;C) ≈ EX0|Xt
[X0], (2)

with the standard denoising loss
L(θ) = wt · ∥Pθ(Xt, t;C)−X0∥2, (3)

where wt is a weight proportional to the variance of the noising process at timestep t.

B.1.2 ABSCIDIFF FEATURIZATION

Antigen, Framework, and Epitope Conditioning. AbsciDiff’s most significant departure from
Boltz-1 concerns feature masking and conditioning. For our intended use, we assume antigen struc-
tures are known, and we aim to design or redesign only the CDR regions while keeping therapeutic
framework sequences and structures intact. We additionally condition on an epitope defined during
training as the set of antigen residues within 6 Å of the antibody, down-sampled via a geometric dis-
tribution (p = 0.3) for robustness. We mask sequence and structure features for all CDR positions,
as well as all inter-chain pair features. Docking is thus guided only by the token-wise binary epitope
vector, implemented analogously to Boltz-1’s pocket-conditioning feature.

Design Region Representation. Amino acid identities in the design region are initially set to the
unknown (UNK) amino acid token for both sequence input and reference conformer lookup. During
structure prediction, the model is trained to perform atom superposition, as in P(all-atom) (Qu et al.,
2024). For this task, all amino acids in the design region are represented in Atom14 notation, with
excess “virtual” atoms placed at the location of their residue’s Cα (Figure 6). Amino acids outside
the design region have no virtual atoms since their identities are known a priori. Other than the
sequence hypothesis head described below, AbsciDiff performs no sequence decoding on designed
amino acids.
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Figure 5: AbsciDiff architecture. Building on the architecture of Boltz-1, AbsciDiff uses a
pairformer-based trunk to provide conditioning information to a diffusion module. Modifications
include invariant feature conditioning via an AlphaFold3-like template module (Abramson et al.,
2024), as well as a module to predict a sequence hypothesis. The sequence hypothesis is used to up-
date the model’s input features for a second forward pass through the model. Dashed lines indicate
a stopped gradient. Red indicates modifications to Boltz-1.

Figure 6: Atom14 representation. An example of AbsciDiff’s atom superposition technique. Non-
design region amino acids are represented with their true atomic structure since their identities are
fixed a priori. Design region residues (see Leu in blue) use the Atom14 representation, where excess
virtual atoms beyond the residue’s actual atom count are placed at the Cα position.

Template Structures. AbsciDiff also adds support for structural template featurization in two
ways: endogenous templating (in which pairwise residue distance information is derived from a user-
provided structure) and exogenous templating (where the same information is sourced from external
template databases). In both cases, structural information is encoded and embedded as is performed
in AlphaFold3. During development, we found that endogenous templating was the more practical
and effective strategy for providing structural guidance without introducing bias. Thus, the final
training runs included only endogenous template information.
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Figure 7: Reverse diffusion trajectory for joint antibody–antigen structure generation. Start-
ing from a fully corrupted state XT (left), AbsciDiff performs iterative denoising transitions
p(Xt−1|Xt, t) (middle), progressively recovering global geometry and local structure until produc-
ing a final denoised sample X0 (center right). Subsequently predicted confidence computed on the
final structure is shown on the far right (color scaled by residue pLDDT, where blue represents high
confidence and red represents low confidence).

Multiple Sequence Alignments (MSAs). AbsciDiff supports MSA featurization as in Boltz-1,
though it remains disabled by default. We found that full MSA feature sets performed no better than
a one-hot encoding of the input sequence when conditioned on endogenous templates.

B.1.3 ABSCIDIFF TRUNK MODULE AND INTERMEDIATE SEQUENCE-INFORMED DESIGN

An auxiliary prediction head in AbsciDiff produces a design region sequence hypothesis from the
final single (s) representation of the trunk. The predicted logits are decoded into the most likely amino
acid tokens and, along with corresponding atom-level reference conformer features, are recycled
through the trunk with gradient flow stopped. Sequence prediction is trained using cross-entropy loss
against the native sequence. We hypothesize that intermediate sequence prediction and conformer
recycling assists the design process by focusing the search space of potential residue identities and
local atomic conformations prior to the diffusion model performing final design.

B.1.4 ABSCIDIFF CONFIDENCE MODULE AND DESIGN PRE-RANKING

Though the underlying confidence module architecture is the same as Boltz-1, AbsciDiff introduces
a new on-model ranking and filtering strategy. Like Boltz-1, the diffusion module emits M samples
per sampling pass, which are subsequently scored using the confidence module to generate predicted
Template Modeling scores (pTM), predicted Local Distance Difference Test scores (pLDDT), pre-
dicted Docking Error (pDE), and predicted Aligned Error (pAE). We normalize these scores (noting
that pDE and pAE are unbounded and must be transformed and inverted) before averaging to pro-
duce a composite ranking score by which the top k ≤ M candidates are selected. Although the
confidence module is efficient—and its scores well-correlated with supervised metrics—we do not
rely on it alone for evaluating real-world binding affinity. As such, we employ this on-model scoring
strategy for efficient pre-ranking, thereby reducing the downstream computational cost of re-folding
and scoring designs with AbsciBind.

B.1.5 ABSCIDIFF TRAINING

Fine-tuning. We initialize AbsciDiff using the weights from the provided Boltz-1 checkpoint and
finetune the model on an internally curated variant of the SAbDab dataset (Dunbar et al., 2014). As
described earlier, redundant dataset entries were filtered based on sequence similarity thresholds,
and data were split using a combination of temporal and sequence similarity-based criteria. Training
follows Boltz-1 defaults with the number of learning rate steps reduced to 20 and an effective batch
size of 64 for 10 epochs.

Cropping. Input structures are spatially cropped to a maximum of 512 residues, with larger crop
sizes showing minimal improvement on sampled antibody-antigen interface quality. The cropping
strategy centers the representation on the antibody-antigen interface and requires that: (1) the variable
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antibody region (Fv) is always included; (2) antibody constant domains are always excluded; (3) the
remaining budget is allocated to antigen residues in order of the smallest distance to the epitope.

B.2 SEQUENCE DESIGN VIA IGDESIGN2

IgDesign2 (Figure 8) combines: 10-layer PiFold GNN encoder (dim 128, 4 heads, 30 neighbors), 10-
layer causal transformer decoder (4 heads, FFN dim 512), and IgBert pLM with layer-wise fusion via
trainable MLPs. In the following sections, we describe the problem formulation, model architecture,
as well as pre-training and fine-tuning protocols.

Figure 8: IgDesign2 architecture. A GNN encoder processes antibody-antigen structure features,
followed by a causal transformer decoder for autoregressive sequence generation. The decoder sup-
ports both temperature-weighted sampling (for diversity) and beam search (for high-likelihood sam-
pling). Generated sequences are refined by a structure-aware paired antibody language model. Red
indicates model components developed specifically for this work. Snowflakes indicate frozen pre-
trained modules. Solid arrows show forward information flow. Dotted arrows show recycled infor-
mation flow.

B.2.1 IGDESIGN2 PROBLEM FORMULATION

We model the joint probability of the unknown sequence region R using an autoregressive factoriza-
tion:

R = (r1, r2, . . . , rN ), (4)

pθ(R|X,C) =

N∏
i=1

pθ(ri|r<i, X,C), (5)

where each amino acid ri is conditioned on previously generated positions r<i, backbone structure
X , and known sequence context C. Our goal is to find the neural network parameterization θ that
maximizes the likelihood of the training data under this scheme.

B.2.2 IGDESIGN2 MODEL ARCHITECTURE

IgDesign2 combines a Graph Neural Network (GNN) encoder, a causal transformer decoder, and
a protein language model (pLM) refinement module into a structure-conditioned sequence design
system. The input to the encoder consists of the four-atom representation of the protein backbone
[N, Cα, C, O] residues in which each residue constitutes a node in a graph with k edges connecting
to its nearest neighbors in Euclidean space. We leverage PiFold’s (Gao et al., 2023) node and edge
featurization scheme and mirror their GNN message passing architecture for encoding the three-
dimensional geometry of each residue based on its atomic coordinates. The decoder ingests the
structure embeddings and any antigen and antibody framework sequence context for conditioning the
autoregressive CDR sequence generation process, which is applied in a randomly shuffled decoding
order via temperature-weighted sampling or beam search.
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The heavy and light chain sequences are then provided to the IgBert paired antibody language model
(Kenlay et al., 2024) for structure-aware refinement. At every layer of the pLM’s transformer, the
pLM latent embeddings are fused with the final structure embedding in a shared low-dimensional
space before being projected back to the pLM dimension for processing by the subsequent transformer
layer (Ruffolo et al., 2024; Houlsby et al., 2019; Gao et al., 2023). After the transformer has fully
processed the fused representation, the final latent representations of both the GNN and pLM are
decoded by their respective sequence prediction heads and integrated with a residual connection to
produce the final sequence output. This jointly optimized “generate-and-refine” approach combines
the strengths of both sequence modeling paradigms to enhance the quality of our conditional CDR
designs.

B.2.3 IGDESIGN2 PRE-TRAINING

We pre-train the encoder and decoder on protein-protein interaction examples from an internally
curated variant of SAbDab (Dunbar et al., 2014), spatially cropped in three dimensions around the
interfacial region of the two chains to a maximum of 500 total residues. We use the Adam optimizer
with a learning rate of 10−3, β1 = 0.9, and β2 = 0.999, along with an effective batch size of 32 and
a standard cross-entropy loss over 20 possible amino acids. Early stopping is applied when the loss
has not improved for 10 consecutive epochs on the held-out validation set. We retain the published
hyperparameters of the original PiFold model for the encoder (dimension 128, 10 layers, 4 heads,
30 nearest neighbors in the structure graph), while the causal transformer decoder consists of 10
standard transformer decoder layers with four attention heads and a feedforward dimension of 512.
We also apply Gaussian noise with a standard deviation of 0.1 Å to the coordinates of each input
structure during training to encourage robustness.

B.2.4 IGDESIGN2 FINE-TUNING

We fine-tune the model with the same hyperparameters, aside from two adjustments: we reduce the
effective batch size to 8 and terminate training when the cross-entropy loss over the masked region has
not improved for 5 consecutive epochs on the held-out validation set. Antibody-antigen complexes
are spatially cropped to a maximum of 600 residues around the interacting residues of the antigen
while retaining the full antibody Fv. The pLM weights remain frozen throughout fine-tuning, while a
trainable multi-layer perceptron (MLP) is introduced per pLM layer to fuse the incoming projections
from PiFold and the pLM. Each MLP consists of three standard linear layers of dimension 128,
separated by ReLU activation functions. The incoming projections from PiFold and the pLM reduce
their respective embeddings to 64 dimensions prior to concatenation, while the final projection maps
the 128-dimensional MLP output back to the pLM embedding dimension. We compute the cross-
entropy loss over both the sequence produced by the causal decoder and the sequence refined by the
pLM, summing them to compute the total loss.

B.3 RANKING VIA ABSCIBIND SCORE

The interface predicted TM-score (ipTM) is a confidence metric from AlphaFold-Multimer that es-
timates the accuracy of predicted inter-chain interfaces. For a predicted structure with chains A and
B, ipTM measures the expected TM-score of interface residues:

ipTM =
1

Linterface

∑
i∈interface

1

1 + (di/d0)2
(6)

where di is the predicted error for residue i and d0 is a length-dependent normalization factor. Higher
ipTM indicates greater confidence in the predicted interface geometry.

Antibody-Aligned ipTM. Standard ipTM treats heavy and light chains separately, diluting the
antibody–antigen signal. We introduce Antibody-Aligned ipTM, which merges the heavy and light
chains into a single “antibody” entity before computing ipTM:

ipTMAb-aligned = ipTM([H⊕ L],Ag) (7)
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This focuses the metric on the therapeutically relevant antibody–antigen interface rather than intra-
antibody chain contacts.

AbsciBind Score. The final AbsciBind Score is the arithmetic mean of standard ipTM and Antibody-
Aligned ipTM:

AbsciBind Score =
1

2
(ipTM + ipTMAb-aligned) (8)

Designs with ligand RMSD >5 Å between designed and predicted structures are filtered as likely
non-binders.

Protocol. Our implementation modifies AF_Unmasked as follows: (1) full sequence input; (2) de-
signed structure as template; (3) retain amino acid tokens; (4) mask sidechains except Cβ; (5) disable
inter-chain template distance masking; (6) single-sequence mode; (7) disable dropout/masking. We
use Model 2 (model_2_multimer_v3) for∼80% runtime reduction with comparable discrimination.

C DATASET CURATION

We curated protein structures for training via: (1) PDB extraction with missing residue/atom resolu-
tion; (2) interface metadata extraction; (3) structure-based splitting.

Filtering. Fvs require: heavy chain present, antigen ≥15 residues, epitope ≥5 residues, no missing
CDR residues, BSA ≥500 Å2, resolution <9 Å (train) or <3.5 Å (val/test).

Splitting. Temporal: <2024-01-01 (train), 2024-01-01–2024-09-30 (val), >2024-09-30 (test). Ho-
mology: >40% antigen similarity removed. Final: 3,242/63/84 antibody–antigen; 29,835/356/322
protein–protein.

D LIBRARY DESIGN PIPELINE

Wide Structure Search. 3,360 specs/target→ 24 samples/spec→ top 3 by confidence→ 1 sequence
each→ top 5% by max/median ipTM.

Deep Structure Search. 10× oversample→ filter L-RMSD <5 Å→ top 500 (25% by ipTM, 75%
by intersection score) with clustering for diversity.

Sequence Search. 320 seqs/structure → filter liabilities → top 20 by perplexity → AbsciBind →
final 95 designs.

E DATA AVAILABILITY

SPR screening data for de novo designs and lead optimization variants, including sequences, tar-
get annotations, and binding classifications, are available at https://github.com/AbSciBio/
origin-1. Computational models generated by AbsciGen and AbsciBind for all reported designs
are also provided.
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F ADDITIONAL IN SILICO RESULTS AND METHODS

F.1 ABSCIBIND VALIDATION

We validated the AbsciBind protocol against standard AlphaFold-Multimer approaches (Figure 9).
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Figure 9: AbsciBind protocol validation. Distribution of DockQ and ipTM scores for AlphaFold-
Multimer predictions generated using the initial-guess (AFM-IG), AF2Rank, and AbsciBind pro-
tocols. The gray dashed line at y = 0.23 marks the CAPRI threshold separating incorrect from
acceptable predictions. DockQ scores are computed by comparing the merged antibody heavy–light
chains against the antigen chain.
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F.2 COORDINATE INITIALIZATION FOR RFANTIBODY BENCHMARKING

De novo antibody design using RFantibody required careful attention to coordinate initialization to
achieve reasonable outputs. Without modification, we observed reduced performance compared to
the supervised benchmarking setting, including chain breaks in predicted loop structures and glycine-
dominated sequences from ProteinMPNN.

Figure 10: RFantibody loop quality depends on coordinate initialization. Chain breaks appear
when loop coordinates are placed at the origin (left), but not when idealized coordinates are provided
(right). Provided framework PDB files all include ground-truth loop coordinates, motivating our pre-
processing changes for a fair de novo benchmark.

To avoid potential information leakage under the de novo setting, our pipeline preprocesses structures
such that CDR loop coordinates are placed at the origin for the designed number of residues, and CDR
sequences are populated with glycines. While RFantibody fully masks features for designed loops,
we found that initial loop coordinates influence the diffusion process. Specifically, RFantibody’s
reverse diffusion implementation during inference parameterizes the initial noise distribution on the
input Cα coordinates at timestep t = T (rather than sampling from an unconditional prior), causing
spatial biases in input coordinates to persist through noising.

By default, when a designed loop length differs from the input “framework” PDB, RFantibody ini-
tializes coordinates using idealized backbones with random noise (via adjust_loop_lengths).
However, when the loop length already matches—as in our pipeline, where we prepare PDBs for
each desired length with origin-initialized CDR coordinates—the model uses the provided coordi-
nates directly. Furthermore, provided examples in the public RFantibody release include actual loop
coordinates from the RCSB PDB entry.

To ensure a fair benchmark on examples lacking provided loop coordinates while also limiting
changes to the RFantibody codebase, we applied an idealized initialization based on loop “dilation”
logic to all CDR coordinates:

xCDR(0)← xideal + ϵ, ϵ ∼ U(−5, 5)3, (9)

where the idealized backbone coordinates are defined as:

xideal = {N(−0.527, 1.359, 0), Cα(0, 0, 0), C(1.523, 0, 0)}. (10)

This approach does not fully decouple designs from initialization—loop length and random seed
still influence the result—but it respects the intention of the existing loop length dilation methodol-
ogy without introducing more substantial modifications. Unless otherwise noted, all benchmarking
results use this modified initialization.
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F.3 SUPERVISED BENCHMARKING

We benchmarked AbsciGen against RFantibody on targets with known structures (Figures 11–12).
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Figure 11: Supervised benchmark: DockQ by target. (A) Per-target comparison of maximum
DockQ scores for AbsciGen and RFantibody. The acceptable threshold (DockQ = 0.23) is indicated
by the dashed line. (B) Per-target comparison of median DockQ scores. AbsciGen achieves accept-
able DockQ scores (≥0.23) on 95.5% of targets, compared to 77.3% for RFantibody.
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Figure 12: Distribution of supervised benchmark metrics. Distribution of HCDR3 RMSD,
DockQ, and amino acid recovery (AAR) for AbsciGen and RFantibody across all generated samples.
The dashed line indicates the DockQ success threshold (0.23). Lower HCDR3 RMSD indicates bet-
ter structural agreement with the native binding pose.
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F.4 UNSUPERVISED BENCHMARKING

We evaluated AbsciGen on zero-prior targets where no ground-truth structures exist (Figure 13).
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Figure 13: Unsupervised benchmark: AbsciBind Scores by target. (A) Per-target comparison
of mean AbsciBind Scores for AbsciGen and RFantibody. (B) Per-target comparison of median
AbsciBind Scores. The success threshold of 0.5 is indicated by the dashed horizontal line. The
original RFantibody implementation without initialization modification is included for comparison.
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F.5 HUMANNESS ASSESSMENT

We assessed sequence humanness using OASis percentile scores (Figure 14).
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Figure 14: OASis humanness scores. Distribution of Observed Antibody Space identity (OASis)
percentile scores for sequences generated by AbsciGen and RFantibody across four targets (COL6A3,
AZGP1, CHI3L2, IL36RA). Higher percentiles suggest sequences are more likely to exhibit human-
like antibody qualities. AbsciGen achieves significantly higher humanness scores, attributed to IgDe-
sign2’s fine-tuning on antibody-antigen complexes and integration of the IgBert paired language
model.

F.6 EPITOPE ABLATION

We evaluated how epitope contact conditioning affects design quality (Figure 15).
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Figure 15: Epitope contact conditioning study. Evaluation of how varying the number of provided
epitope contact residues impacts binding quality as measured by AbsciBind Score. No significant
improvement in the fraction of designs achieving acceptable AbsciBind Score (≥0.5) is observed
with increasing contact information. Left: Fraction of designs with AbsciBind Score ≥0.5. Right:
Maximum AbsciBind Score observed across generated samples. Adding contact constraints may
restrict pose diversity for AbsciGen, while RFantibody benefits from enhanced conditioning.

21



Published at the GEM workshop, ICLR 2026

F.7 DESIGN DIVERSITY

We also analyzed sequence and structural diversity of generated designs (Figures 16–17, Table 1).
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Figure 16: HCDR3 pairwise sequence similarity matrices, grouped by target. Each pixel shows
the pairwise sequence similarity (PSS) score between two sequences generated for the same target
(red = high similarity/low diversity, blue = low similarity/high diversity). Sequences are hierarchi-
cally clustered within each target block. RFantibody (left) shows more diverse outputs per structure,
while AbsciGen (right) generates more similar sequences within each structure but achieves compa-
rable target-level diversity through varied backbone generation.

Table 1: HCDR3 sequence diversity at structure and target levels.

Structure-level Target-level
Method Frac Unique ↑ PSS ↓ Frac Unique ↑ PSS ↓
RFantibody 0.90± 0.01* 0.74± 0.01* 1.00± 0.00 0.20± 0.01*
AbsciGen 0.49± 0.03 0.92± 0.00 1.00± 0.00 0.46± 0.01

PSS = Pairwise Sequence Similarity (lower = more diverse). *p < 0.05, Mann-Whitney U test. AbsciGen
exhibits lower per-structure diversity but achieves full target-level diversity through varied backbone generation.
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Figure 17: Self-aligned structural diversity comparison. Pairwise backbone RMSD (N, Cα, C, O
atoms) was computed within groups of comparable antibody structures sharing the same antigen tar-
get, CDR lengths, and framework lengths. Each region was optimally superimposed onto itself using
the Kabsch algorithm before computing RMSD, measuring conformational diversity independent of
global orientation. (A) Boxplots show the distribution of mean pairwise RMSD across comparable
groups for antibody Fv, HCDR3, and LCDR3 regions. (B) Kernel density estimates showing the full
distribution of RMSD values. (C) Mean RMSD per antigen target, showing consistent trends across
diverse antigens. RFantibody (black) exhibits greater structural diversity than AbsciGen (red) across
all regions and targets.
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G ADDITIONAL IN VITRO RESULTS AND METHODS

G.1 LEAD OPTIMIZATION

Single-mutant libraries for CDRs + paratope (<5 Å from antigen). Scored by ESM ensemble,
AbLang2, AbsciBind. Selection: alanine scan, germline reversions, positions improved by struc-
ture + sequence models. 94 variants/parent.

G.2 EXPERIMENTAL PROTOCOLS

SPR. Carterra LSAXT, SAHC30M chips, antigens 2 µM serially diluted 4-fold, 1:1 Langmuir fit.
Hits: >10 RU, on-target only.

BLI. Gator Prime, Anti-Human Fab probes, 5 µg/mL loading, 31.25–2000 nM antigen, R2 > 0.95.

SEC. 1.3:1 antigen:Fab, Superdex200.

Cryo-EM. Titan Krios 300 kV. AZGP1: Falcon4i, 0.932 Å/px. COL6A3: K3, 0.824 Å/px. RELION
4.0, CryoAtom, PHENIX. Structure figures were generated using PyMOL (Schrödinger, LLC) and
Mol* (Sehnal et al., 2021).

HEKBlue. IL36γ (2 pM), IL36RA (50 nM), antibody 1 nM–1 µM, SEAP/QuantiBlue 620 nm.

G.3 DEVELOPABILITY RESULTS

Table 2: Developability assessment of top binders.

Target PR HIC AC-SINS Tm PDI
COL6A3 3.5/3.8 1.03 1.6 68.0 0.00
AZGP1 15.8/8.5 N.D. 25.7 77.9 0.08
IL36RA 3.0/3.6 1.19 0.6 70.6 0.00
CHI3L2 3.6/4.0 0.91 -0.1 70.2 0.01

PR = Polyreactivity (RNS); HIC = Hydrophobic Interaction Chromatography (RRT); AC-SINS = self-
association (nm); Tm = melting temperature (°C); PDI = polydispersity index.
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G.4 PER-TARGET BINDING VALIDATION

Complete validation data for all four targets are shown below, including SPR binding, BLI kinetics,
SEC complexation, cryo-EM structures, and functional assays.

Figure 18: In vitro experimentation confirms that Origin-1 generated a de novo binder against
a novel epitope on COL6A3. (A) SPR demonstrates that the top design binds to COL6A3 in mAb
format and does not bind to either of two unintended targets (“Off-Target 1” and “Off-Target 2”). (B)
BLI confirms that the top design binds to COL6A3 in Fab format. (C) Complexation experiment
confirms that the top design, in Fab format, binds to COL6A3 in solution. (D) Cryo-EM of top
design complexed with COL6A3 confirms epitope-specificity and atomic accuracy of the Origin-1
computational model. (E) CDR-specific analysis of model vs. solved complex structure confirms
atomic accuracy.
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Figure 19: In vitro experimentation confirms that Origin-1 generated a de novo binder against a
novel epitope on AZGP1. (A) SPR demonstrates that the top design binds to AZGP1 in mAb format
and does not bind to either of two unintended targets (“Off-Target 1” and “Off-Target 2”). (B) BLI
confirms that the top design binds to AZGP1 in Fab format. (C) Complexation experiment confirms
that the top design, in Fab format, binds to AZGP1 in solution. (D) Cryo-EM of top design complexed
with AZGP1 confirms epitope-specificity and atomic accuracy of the Origin-1 computational model.
(E) CDR-specific analysis of model vs. solved complex structure confirms atomic accuracy.
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Figure 20: In vitro experimentation confirms that Origin-1 generated a de novo binder against
a novel epitope on CHI3L2. (A) SPR demonstrates that the top design binds to CHI3L2 in mAb
format and does not bind to either of two unintended targets (“Off-Target 1” and “Off-Target 2”).
(B) BLI confirms that the two optimized variants bind to CHI3L2 in Fab format. (C) Complexation
experiment confirms that optimized variant 1, in Fab format, binds to CHI3L2 in solution. (D) Origin-
1 computational model of top design in complex with CHI3L2 is shown.
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Figure 21: In vitro experimentation confirms that Origin-1 generated a de novo binder against
a novel epitope on IL36RA. (A) SPR demonstrates that the top design binds to IL36RA in mAb
format and does not bind to either of two unintended targets (“Off-Target 1” and “Off-Target 2”). (B)
BLI confirms that the two optimized variants bind to IL36RA. (C) Complexation experiment con-
firms that optimized variant 1, in Fab format, binds to IL36RA in solution. (D) HEKBlue functional
assays demonstrate that the top two optimized variants antagonize IL36RA inhibition. (E) Origin-1
computational model of top design in complex with IL36RA is shown.
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Figure 22: Per-target SPR sensorgrams including measured binding affinities for Origin-1 par-
ent and optimized variant designs. (A) Left: Parent design against COL6A3 binds to COL6A3.
Right: Binding affinity is measured from cropped SPR sensorgram reflecting binding of COL6A3
Parent Design against COL6A3. * indicates that binding affinity is computed from cropped sensor-
gram. (B) Parent design against AZGP1 binds to AZGP1. (C) Left: Parent design against CHI3L2
binds with micromolar affinity. One round of AI-based affinity maturation leveraging AbsciBind im-
proves binding affinity by approximately 4X (Middle) and 2X (Right). (D) Left: Parent design against
IL36RA binds to IL36RA with micromolar affinity. One round of AI-based affinity maturation lever-
aging AbsciBind improves binding affinity by approximately 68X (Middle) and 26X (Right).
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Figure 23: SDS-PAGE gels for validated antigen-Fab combinations. (A) SDS-PAGE gel with
lanes corresponding to AZGP1 alone, Fab alone, and selected AZGP1-Fab complex fractions from
chromatogram seen in Figure 19. (B) SDS-PAGE gel with lanes corresponding to COL6A3 alone,
Fab alone, and selected COL6A3-Fab complex fractions from chromatogram seen in Figure 18. (C)
SDS-PAGE gel with lanes corresponding to IL36RA alone, Fab alone, and selected IL36RA-Fab
complex fractions from chromatogram seen in Figure 21. (D) SDS-PAGE gel with lanes correspond-
ing to CHI3L2 alone, Fab alone, and selected CHI3L2-Fab complex fractions from chromatogram
seen in Figure 20.
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Figure 24: Cryo-EM processing workflow of AZGP1-Design structure. (A, B) Representative
2D class averages and 3D classes. (C–F) Global 3D reconstruction, angular distribution of particle
orientations, local resolution estimations and sharpened map. (G) Gold-standard FSC plots for the
AZGP1-Design complex.
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Figure 25: Cryo-EM processing workflow of COL6A3-Design-Anti Kappa VHH-NabFab struc-
ture. (A, B) Representative 2D class averages and 3D classes. (C–E) 3D reconstruction, local reso-
lution estimations and gold-standard Fourier shell correlation (FSC) plots for the COL6A3 complex
global map. (F–H) Locally refined 3D reconstruction map, local resolution estimations and gold-
standard FSC plots for the COL6A3-Design region.
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