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Abstract

Predicting antibody—antigen interfaces directly from sequence is challenging be-
cause residue—residue contacts are sparse, the interface depends on the specific
antibody—antigen pair, and predictions must remain consistent between residue-
pair contacts and residue-level binding sites. We present EPIC, a geometry-aware
multi-task framework for predicting antibody—antigen contacts, paratopes, and
epitopes from sequence inputs. EPIC combines pretrained protein language model
representations with sequence-derived geometry obtained from predicted monomer
structures, without requiring experimentally determined structures at inference
time. Its geometry-aware interleaved interaction block integrates dense sequence
self-attention with geometry-aware self-attention over local distance, direction, and
relative-orientation features, and uses contact-gated cross-attention to enable infor-
mation exchange conditioned on the specific antibody—antigen pair. A low-rank
pair decoder models residue-pair interactions, while pairwise contact supervision
and antibody- and antigen-side marginal supervision jointly constrain a shared
representation of the interface. Task-specific readouts produce contact, paratope,
and epitope predictions. We evaluate EPIC on SAbDab2, with additional evaluation
on AsEP to assess out-of-distribution generalization. EPIC achieves the best con-
tact AUROC and recall, matches a dedicated sequence-only predictor in paratope
AUROC, and trails methods using experimental structures in epitope ranking.
These results show that interleaving pretrained sequence representations with pre-
dicted geometric priors enables a unified framework for jointly predicting epitopes,
paratopes, and residue-residue contacts from antibody—antigen sequences.

1 Introduction

Accurate characterization of antibody—antigen interfaces provides structural hypotheses for molecular
recognition, binding-site localization, and residue-level constraints for complex modeling. However,
predicting these interfaces remains challenging because antibody—antigen interactions are sparse and
partner-specific, experimentally resolved complex structures remain limited, and binding can involve
conformational rearrangements that are difficult to capture computationally [McCoy et al., 2024, Yin
and Pierce, 2024]. These limitations are particularly relevant in practical settings, where sequence
information is readily available but reliable complex structures are often unavailable. Biologically,
the epitope and paratope form the two complementary sides of the same binding interface, while
residue—residue contacts specify their direct interactions; epitope, paratope, and contact prediction
are therefore intrinsically coupled aspects of antibody—antigen interface prediction.

Recent antibody-aware approaches have incorporated bipartite graphs, multimodal interaction model-
ing, and cross-attention to capture partner-specific interactions [Liu et al., 2024, Wang et al., 2024,
Ahmed et al., 2026]. Despite this progress, many existing methods rely on experimentally resolved or

40th Conference on Neural Information Processing Systems (NeurIPS 2026). Workshop: Al for Drug Discovery: Bridging the
Translation Gap.



otherwise explicit structural information, which limits their applicability when only antibody and
antigen sequences are available. In addition, predictions at the epitope, paratope, and residue-pair
levels are often modeled with partially independent objectives or readouts, even though they describe
the same physical interface. Such decoupling can lead to inconsistent predictions across tasks and
may cause optimization or model selection to favor one interface resolution at the expense of another.

The central challenge is therefore to predict antibody—antigen interfaces from sequence while preserv-
ing consistency between pairwise contacts and residue-level binding sites. To this end, we introduce
EPIC, an epitope—paratope interleaved contact learning framework that integrates pretrained se-
quence representations with sequence-derived intra-chain geometric information and jointly models
epitope, paratope, and residue-pair contacts. Our main contributions are as follows:

* We propose EPIC, a sequence-only framework that jointly predicts epitopes, paratopes,
and residue-pair contacts as complementary views of the antibody—antigen interface. Its
Geometry-Aware Interleaved Interaction Block integrates PLM representations, sequence-
derived local geometry, and cross-chain attention to model partner-specific interactions.

* We design a Symmetric Low-Rank Pair Decoder that supports contact prediction and residue-
level readouts through a shared pairwise representation. Joint supervision promotes strong
agreement between contact-derived and residue-level predictions (p ~ 0.97-0.99; Ap-
pendix D), supporting consistent interface prediction across tasks.

» Experiments on SAbDab2 demonstrate the effectiveness of EPIC’s unified architecture,
with leading contact AUROC and recall and paratope AUROC comparable to a dedicated
sequence-only predictor. Additional evaluation on AsSEP characterizes its out-of-distribution
generalization across sequence-identity groups.

2 Related Work

Current computational interface prediction methods can be broadly divided into three categories
according to their input information: structure-based, sequence—structure, and sequence-only meth-
ods. Among structure-based approaches, ImaPEp represents candidate paratope—epitope patches as
two-dimensional images derived from antibody—antigen complex structures and uses a convolutional
neural network to predict their binding compatibility [Li et al., 2024]. Sequence—structure methods
combine residue identity or learned sequence representations with geometric information: DiscoTope
3.0 integrates antigen sequence features with inverse-folding representations and surface features de-
rived from solved or predicted structures for B-cell epitope prediction [Hgie et al., 2024]; EpiFormer
encodes antibody and antigen geometric graphs with interleaved bidirectional cross-attention for
antibody-aware epitope prediction [Ahmed et al., 2026]; and MIPE combines sequence and structural
modalities through contrastive learning while estimating an antibody—antigen interaction matrix
to jointly predict paratopes and epitopes [Wang et al., 2024]. Sequence-only methods do not use
experimentally determined structures as model inputs during training or inference: SPPIDER-seq
uses ESM-2 [Lin et al., 2023] embeddings and cross-attention for partner-aware protein—protein
interface-site prediction [Porollo et al., 2026]; ParaDeep combines chain-aware bidirectional LSTMs
and one-dimensional convolutions for residue-level paratope prediction directly from antibody se-
quences [Udomwong et al., 2025]; and Paraplume leverages protein-language-model embeddings for
scalable, antigen-agnostic paratope prediction [Athenes et al., 2025].

3 Methodology

3.1 Geometry-Aware Residue-Pair Contact Backbone

Figure 1 illustrates the EPIC framework, which takes antibody and antigen sequences as input. A
frozen ESM-2 model extracts residue-level embeddings, while OpenDDE [Aureka ATl OpenDDE
project, 2026] predicts the monomer structures. The N, Ca, and C backbone coordinates of these
predicted structures provide the geometric information for intra-chain encoding.

The antibody and antigen representations are then processed in parallel by separate intra-chain
encoders with unshared parameters. Each encoder comprises two branches: a dense sequence branch,
which applies multi-head self-attention with RoPE across the full chain, and a local geometry branch,
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Figure 1: Model overview of EPIC. (a) EPIC combines PLM representations with geometry derived
from sequence-predicted monomer backbones to jointly predict residue-pair contacts, paratopes, and
epitopes. (b) The Geometry-Aware Interleaved Interaction Block fuses dense content self-attention
with geometry-aware self-attention over distance, direction, and relative-rotation features, followed
by contact-gated bidirectional cross-attention for partner-specific information exchange. (c) The
Symmetric Low-Rank Pair Decoder computes directed antibody—antigen interaction scores and
symmetrically aggregates them into residue-pair contact logits.

which derives geometric biases from the predicted backbone coordinates. Specifically, for each
residue ¢, we define a right-handed local coordinate frame (R;, 0;) using its N, Cey, and C atoms, with
the origin at Cov. For each ordered intra-chain residue pair (¢, j), we construct geometric features g, ;
that are invariant to global SE(3) transformations and encode inter-residue distance, local direction,
relative orientation, and sequence separation:

9ij = [RBFlﬁ (HOj — Oi||2)7 R;r unit(oj — 01')7 VGC(R;FRJ'), 5:jgn7 5;‘35} . (1)

The encoding RBF ¢ is a 16-dimensional radial-basis encoding of inter-residue distance, and vec
flattens the relative rotation matrix. We set unit(0) = 0, &;;" = clip((j — 4)/32,—~1,1), and

520 = clip(|j — i/ /32,0,1).

The geometry branch maps g;; to an additive bias for each attention head and computes attention
over a local graph containing self-loops and up to 32 nearest same-chain neighbors within 16A. The
geometric biases modulate attention within this neighborhood to encode local spatial relationships.

For chain ¢ € Ab, Ag, the dense sequence branch and geometry branch produce H,, ., and Hg.,,,,
respectively, which are fused through a residual gate:

HC = ngnse + tanh(vgeo) (cheom - XC) ) ce {Aba Ag} (2)

In the fusion equation, X, € R <*? denotes the input residue representations supplied to both
branches, L. is the length of chain ¢, and v, is a learnable gate parameter controlling the geometric
contribution. The resulting antibody and antigen representations, H o1, and H 4, are passed to the
Symmetric Low-Rank Pair Decoder. For antibody residue ¢ and antigen residue j, the decoder
computes an intermediate contact logit z;;:

o) = TOEO) ) o) o,
Y \/@ + +ouy) + 5
= [0 (n0) o (1)



The functions ¢ and k are learned projections into a d,,-dimensional pair space (d, = 128), u and
v are learned scalar-valued residue projections, and b is a scalar bias. The directed score ¢(x,y) is
averaged with ¢(y, x) to make the pair score invariant to exchanging its two arguments.

The intermediate contact probabilities provide additive biases for bidirectional cross-attention. For
attention head a, the antigen-to-antibody update is

(@17 o
ol = softmax<(qz) + )\aa(zij)> ,
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The attention-head dimension is dj, an), W,Ea), and W,Sa) are learned projection matrices, and
Aq controls the contact bias for head a. The candidate mask M;; equals one for valid antibody—
antigen residue pairs and zero otherwise, excluding padding and invalid positions. Softmax and value
aggregation are performed over valid antigen residues for each antibody query. The reverse update
exchanges the antibody and antigen roles and normalizes over valid antibody residues.

These modules form the Geometry-Aware Interleaved Interaction Block. We stack L = 2 blocks and
apply the Symmetric Low-Rank Pair Decoder to the final residue representations to obtain contact

logits for all three tasks. Below, h?b, h?g, and z;; denote the final-block representations and logits.

The final residue-level prediction probabilities are determined by combining residue representations
with contact evidence aggregated along the corresponding direction in the contact map. For anti-
body residue 7, the paratope prediction probability is obtained from its residue representation and
the contact evidence from the corresponding antigen residues; for antigen residue j, the epitope
prediction probability is obtained analogously from its representation and the contact evidence from
the corresponding antibody residues:

pfara = U(wg LN(h?b) + LMEj:]V[ijzl(zij)) ,
pjpi = O'(U};r LN (hJAg) + LMEi:Mijzl (Z”)) s (@)
pij = o (2i5) -
The learned readout weights are wy,, w, € R<, and LME;j.pr,;=1(2i5) and LME;. pr, =1 (2i5) denote
contact-logit evidence aggregated over antigen residues and antibody residues, respectively. For a
candidate index set S, LME,¢c5(2,) = log ) s exp(z.) — log|S], a log-mean-exp that combines
the contact evidence over the candidate partner residues while normalizing for their number. The
para epi

quantities p;~, p;~, and p;; denote the predicted probabilities for the paratope, epitope, and
residue-pair contact respectively.

To address class imbalance in epitope prediction, we combine a class-balanced binary cross-entropy
(CB-BCE) loss with two auxiliary terms: a Dice loss and a conditional-proportion loss. The Dice loss
encourages overlap between the predicted epitope probabilities and the ground-truth labels, whereas
the conditional-proportion loss encourages the predicted epitope fraction within each complex to
match its ground-truth fraction. Both auxiliary terms operate on the epitope probabilities pjpl in
Eq. (5) and are defined in Appendix A.2, Eq. (11). The paratope classification loss uses the same
CB-BCE formulation, applied to paratope probabilities and labels. For contact prediction, £, is a
masked focal BCE loss with focusing parameter v = 1; the masked BCE and masked focal BCE
formulations are provided in Appendix A.2, Egs. (9) and (10). We additionally use an auxiliary
five-class distance loss, Lg;st, With bin boundaries at 4, 8, 16, and 32 A. For each classification loss,
we first average over examples within each observed class of each complex, then average equally over
the observed classes, and finally average equally over complexes. The complete training objective is
given in Appendix A.2, Eq. (8).

3.2 Experimental settings

Data and splits. We evaluate EPIC and baselines on a 3,663-complex SAbDab2 structural cohort
[Capel et al., 2026]. We use the official SAbDab2 ab-ag split and evaluate all methods on the same test



split using the same label definitions, validity masks, and metric aggregation protocol. Additionally,
we evaluate our model on AsEP [Liu et al., 2024] to assess out-of-distribution generalization across
sequence-identity groups (Appendix F). For each antibody—antigen residue pair, we set Y;; = 1 when

the minimum heavy-atom distance between residues 4 and 7 is at most 4.5 A. Applying this rule over
the complete Cartesian candidate grid yields 190,509,766 candidate pairs, including 143,756 positive
contacts. The corresponding residue-level labels of paratopes and epitopes are directly derived from
the contact matrix, details of model training and evaluation are provided in the Appendix:

=\, P =\Yy (6)
J [

4 Results

Table 1 summarizes EPIC’s performance across the three interface prediction tasks. Using sequence-
derived inputs, EPIC achieves the highest contact AUROC and recall among the evaluated methods,
exceeding ImaPEp by 21.6 and 3.5 percentage points, respectively. For paratope prediction, EPIC
achieves AUROC of 0.9540 versus 0.9514 for Paraplume, with similar recall (0.7464 versus 0.7485).
Epitope prediction remains more challenging: EPIC achieves lower AUROC and AUPRC than the
strongest structure-informed baselines. The relatively high epitope recall should be interpreted in the
context of the evaluation protocol: recall is computed globally at a selected operating point, whereas
AUROC and AUPRC are evaluated per complex. At matched recall, EPIC’s epitope precision is
approximately 1.4 x the positive prevalence (Appendix B), indicating limited enrichment.

Table 1: Performance on SAbDab2 across contact, epitope, and paratope prediction. All methods are
evaluated using the same split and protocol. Structure denotes experimentally determined structures;
“~” indicates unsupported tasks.

. Contact Epitope Paratope
fnput modality Method |4 RGC "AUPRC Recall | AUROC _AUPRC _Recall | AUROC  AUPRC _Recall
Structure-only ImaPEp 0.7374 0.0957  0.3481 - - - - - -
DiscoTope-3.0 - - - 0.6862  0.2577  0.5346 - - -
Structure + sequence EpiFormer - - - 0.8008  0.2775  0.4785 - - -
MIPE - - - 0.8074 0.2804 0.5523 | 0.8811 0.6892  0.7954
SPPIDER-seq - - - 0.6718 0.1454  0.5339 | 0.9486 0.6511  0.7313
Sequence-only ParaDeep - - - - - - 0.9089 0.5833  0.7349
Paraplume - - - - - - 09514  0.7319 0.7485
EPIC 0.9531 0.0761  0.3832 | 0.6572 0.2327  0.6097 | 0.9540 0.6962  0.7464

Given AsEP’s overlap with SAbDab?2 training data, we assess OOD performance on 412 complexes
below 0.5 sequence identity to the training set. Epitope AP is 0.186, versus 0.316 at identity > 0.9,
indicating weaker generalization to less similar complexes (Appendix F). Scores are not directly
comparable with SAbDab2 because AsEP evaluates only antibody CDRs and antigen surface residues.

5 Conclusion

We presented EPIC, a unified framework that jointly predicts antibody—antigen contacts, paratopes,
and epitopes from sequence-derived representations and geometry. Its Geometry-Aware Interleaved
Interaction Block integrates PLM embeddings with local intra-chain geometry, while a Symmetric
Low-Rank Pair Decoder models cross-chain interactions to guide bidirectional information exchange
and support residue-level predictions. Joint supervision connects the three tasks through a shared
interface representation. On SAbDab2, EPIC achieves the highest contact AUROC and recall among
the evaluated methods and paratope AUROC comparable to a dedicated sequence-only predictor,
although its epitope AUROC and AUPRC remain below those of the strongest structure-informed
baselines. Several limitations remain. Sparse contact labels pose challenges for learning and
calibration, and performance decreases on low-identity ASEP complexes (Appendix F), highlighting
the need for better out-of-distribution generalization. Predicted monomer structures may also fail to
capture binding-induced conformational changes and flexible interfaces. The sensitivity of EPIC to
backbone prediction quality has not yet been systematically evaluated. Future work will focus on
learning under sparse supervision, generalization across more diverse binding partners and structural
distributions, and modeling structural uncertainty and conformational variability.
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A Experimental Setup and Evaluation Protocol

A.1 Data Splitting, Structural Deduplication, and Label Definition

The processed SAbDab?2 subset used in this study contains 3,663 antibody—antigen complex instances
derived from 2,548 distinct PDB entries. We adopt the ab-ag split provided by SAbDab2, comprising
2,887 training complexes, 321 validation complexes, and 455 held-out test complexes. The split is
constructed by first clustering antibodies and antigens separately according to sequence similarity.
On the antibody side, clustering is performed based on CDRH3, CDRH123, and CDRL123. On
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the antigen side, protein antigens are clustered using a 40% sequence-identity threshold, whereas
peptide, DNA, and RNA antigens use an 80% threshold. Structural instances sharing any underlying
cluster are subsequently grouped into connected components, and all instances within the same
connected component are assigned to the same data partition. The training set is used to optimize
model parameters, the validation set is used for training-time monitoring and checkpoint selection,
and the held-out test set is used exclusively for final performance evaluation and does not participate
in model selection.

For antibody residue % and antigen residue j, we define Y;; = 1 if the minimum distance between
any non-hydrogen atom of residue ¢ and any non-hydrogen atom of residue j in the native complex
structure is no greater than 4.5 A, and Y;; = 0 otherwise. The model computes contact logits over
the full LAy, x Lag Cartesian candidate grid, with padded positions excluded by a candidate mask.
Residue-level labels are derived from the same contact matrix:

=\, P =\Yi @)
g [

Table 2: Dataset statistics for three prediction tasks on SAbDab2. For paratope and epitope prediction,
positive and negative counts refer to residues;for contact prediction, they refer to antibody—antigen
residue pairs.

Split | # Samples | Positive Negative | Positive Ratio (%)
Train 2,887 | 50,300 532,564 8.6298
Paratope | Valid 321 6,138 56,558 9.7901
Test 455 8,670 81,268 9.6400
Train 2,887 | 47,815 735,935 6.1008
Epitope | Valid 321 5,817 78,097 6.9321
Test 455 7,968 89,284 8.1931
Train 2,887 | 110,155 156,061,683 0.0705
Contact | Valid 321 13,815 15,850,701 0.0871
Test 455 | 19,786 18,453,626 0.1071

A.2 Training Configuration and Model Selection

The model uses frozen ESM-2 embeddings, a residue dimension of 128, two intra-chain encoder
layers, and eight attention heads. Training uses bf16 precision, 0.1 dropout, the AdamW optimizer, a
learning rate of 3 x 10™%, a weight decay of 10~%, and a batch size of 1. Experiments use random
seeds 17, 29, and 43, train for at most 20 epochs, and apply early stopping when the validation metric
does not improve for 5 consecutive epochs.

The joint loss is

L=Le+01Laigs +0.1L, +05Le,  Lo=Lippon + Loiee + 0.2L5, 4. )

Binary losses use residue masks mP, m*® and the candidate-pair mask M;;. A pair is valid when
y 7 g J

M;; = 1; padding, invalid residues, and excluded pairs do not contribute to contact loss, contact
aggregation, or evaluation. Residue-level losses use only valid residue positions. Within each
complex, losses are averaged separately over the observed positive and negative classes, then equally
across those classes. The resulting losses are averaged equally across complexes.

Specifically, £, and L{ g use masked BCE and masked class-balanced BCE, respectively, while
L. uses masked focal BCE with v = 1. Given logits s, binary labels ¥, and the corresponding mask
m, the masked binary loss is computed only at positions where m = 1:

BeE(s,y) = —ylogo(s) — (1 —y)log(1l —a(s)), ©



Efocal(su y) = (1 —Ptﬂ gBCE(&y)a bt = ya(s) + (1 - y) (1 - U(S)) . (10)

The auxiliary distance loss Lg;s i a five-class inter-chain classification loss with boundaries at 4, 8,
16, and 32 A. The paratope classification term uses the same class-averaging procedure as L&p g
applied to paratope predictions and labels.

To mitigate class imbalance in epitope prediction and further constrain the overall proportion of
epitope predictions within each complex, the epitope loss augments the masked class-balanced BCE
with a Dice auxiliary loss and a conditional-proportion auxiliary loss:

Ag
e — l Z _ 2 Er My TorYor +e
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The mask mﬁf identifies valid antigen residues, and 7, and ¥y, are the predicted epitope probability
and label for residue r in complex b. Dice loss measures prediction—label overlap; conditional-
proportion loss penalizes the difference between predicted and true epitope fractions within each
complex. We use ¢ = 1075 for numerical stability, and B denotes batch size.

Validation losses, calibration, and metrics use the same validity masks as training. Invalid positions
are excluded from validation statistics and checkpoint selection.

For complexes without positive contacts, only the negative-class loss actually observed within the
masked region is computed, without constructing additional positive samples. Checkpoints are
selected on the validation set only; the test split is not involved in this process. Training a single
model requires one RTX 4090, bf16 precision, and batch size one, for 21.33 aggregate GPU-hours; a
checkpoint has 2,395,374 parameters, and inference is a single forward pass per complex.

A.3 Evaluation Metrics

We evaluate the model using AUROC, AUPRC, and Recall. AUROC and AUPRC are evaluated on
a per-complex basis: the corresponding metric is first computed independently for each antibody—
antigen complex and then averaged across complexes. This evaluation protocol assigns equal weight to
each complex and prevents complexes containing more residues from disproportionately dominating
the reported performance.

For task ¢, let EAVROC denote the set of complexes for which AUROC is well defined. The reported
AUROC is computed as

1
AUROC: = roxmoe; Y. AUROC (v0,52). (12)

ne gAUROC

Similarly, let £AF denote the set of complexes containing at least one positive label. The reported
AUPRC corresponds to the mean per-complex average precision (AP):

AUPRC, = gAP| > AP (y0s0). (13)

SAP

Here, AP(-) denotes average precision computed from the precision-recall curve.

In contrast to AUROC and AUPRC, Recall is computed globally by aggregating predictions over all
residues in the evaluation set rather than averaging over individual complexes:

TP,
Recall; = ———. 14
et = TP, 1 FN, (14
Here, TP, and FN, denote the total numbers of true-positive and false-negative residues, respectively,
across the entire evaluation set. Recall is aggregated globally rather than per complex so that it follows
the reporting convention of the SAbDab2 benchmark and of the original publications of the compared



methods, whereas AUROC and AUPRC are averaged per complex to prevent larger complexes
from dominating. The same aggregation conventions are applied to every method. Per-complex
AP and globally aggregated recall summarize different aspects of performance and should not be
interpreted as a single precision—recall pair. Additional operating-point analyses explicitly report
pooled precision and recall computed from the same predictions.

B Matched-Protocol Baseline Comparisons

All methods in Table | use the same 455 SAbDab2 ab-ag test complexes, labels, validity masks, and
evaluation protocol. AUROC and AP are averaged per complex; recall is pooled across complexes.
The supplementary comparisons use the same protocol; confidence-interval procedures are defined in
Appendix I. EpiFormer was retrained in its published geometric-only configuration using experimental
bound-complex backbones, three seeds, and validation-selected checkpoints. Paraplume’s released
model was evaluated unchanged; 69 test complexes overlap its training PDBs, so results are also
reported on the 386 non-overlapping complexes. EPIC uses OpenDDE-predicted monomer geometry.
Supplementary EPIC results use independent retraining because the submitted checkpoint could not
be restored exactly, and their absolute values differ from Table 1. MIPE was evaluated under the
same main-table protocol but was not additionally retrained for this comparison.

The independently retrained EPIC achieves paratope AP of 0.671 versus 0.387 for EpiFormer. On
the 386 complexes without overlap with Paraplume’s training data, EPIC’s paratope AP is lower by
0.034, with the confidence interval excluding zero. At epitope recall 0.6097, EPIC achieves precision
of 0.117, compared with 0.282 for EpiFormer. EPIC’s precision is approximately 1.4 the positive
prevalence of 0.082, and EpiFormer’s precision is 2.4x EPIC’s.

The epitope recall of 0.6097 in Table 1 describes a selected operating point, not ranking discrimination.
At threshold 0.5, recall is 0.19 for the full retrained model, 0.25 without either epitope auxiliary loss,
0.26 with Dice loss only, and 0.30 with conditional-proportion loss only. Matched-recall precision
remains similar across these variants, and none of the contrasts is statistically supported. These
experiments do not establish an effect of the auxiliary losses on recall. The threshold is applied to the
epitope probabilities in Eq. (5).

Table 3: Matched-protocol comparison on the 455 SAbDab?2 test complexes. EPIC is the retrained
model with OpenDDE geometry (3 seeds); differences are EPIC minus baseline with paired PDB-
block bootstrap 95% intervals.

Baseline Metric EPIC | Baseline Difference
Epitope AP 0214 | 0.372 —0.158 [-0.178, —0.139]
EpiFormer Epitope AUROC 0.614 | 0.776 —0.162 [—0.181, —0.143]
Epitope precision at recall 0.1 0.183 0.497 -
Epitope precision at recall 0.6097 0.117 0.282 -
Paratope AP 0.671 0.387 +0.284 [4-0.263, +0.304]
Paraplume Paratope AP, all 455 0.671 0.710 —0.039 [-0.063, —0.014]
Paratope AP, 386 without training overlap | 0.658 0.691 —0.034 [-0.062, —0.004]

C Component Ablations

We trained two independent sets of ablation models on the official SAbDab2 split, each with seeds
17,29, and 43. Campaign A includes 36 models: the full model and 11 variants, each trained with
three seeds and without the distance auxiliary loss. Campaign B includes 39 models: an independent
implementation of the Section 3 equations, 11 variants, and a matched variant without the distance
auxiliary loss, each trained with three seeds. All variants use a common initialization protocol and
validation-based checkpoint selection.

Table 4 reports A = full — ablation in per-complex AP; positive values indicate lower AP after
removing a component. A contrast is marked supported (x) when all three seeds agree in sign and its
simultaneous 95% confidence interval excludes zero. Intervals use paired resampling over PDB-entry
blocks and account for the family of contrasts. Other contrasts are classified as inconclusive.



Table 4: Component ablations, A = full — ablation in per-complex AP (x: all seeds agree in sign and
the simultaneous 95% interval excludes zero; brackets give that interval). Positive values mean the
removed component helps. These campaigns are independent retrainings, so their absolute values are
not comparable to Table 1.

Component removed Task Campaign A Campaign B
epitope +0.031 [+0.011, +0.051]* +0.025 [+0.008, +-0.043]*
Predicted-geometry branch paratope +0.006 [—0.006, 4-0.018] +0.018 [4-0.005, +-0.032]*
contact +0.0045 [4+0.0006, +-0.0085]* | 4+0.0031 [—0.0002, +-0.0064]
. . . aratope +0.032 [+0.014, +-0.049]* +0.040 [4+0.023, 4+-0.058]*
Residue-level supervision (contact-only training) zpitopz ~0.000 [—0.019, +0.018] £0.001 [=0.020, +0.023]
Contact supervision (residue-only training) contact +0.018 [+0.013, 4+0.023]* +0.017 [+0.013, 4+0.022]*
epitope +0.010 [—-0.007, +-0.026] +0.011 [—0.008, +0.029]
Contact gate (content-only cross-attention) paratope ' +0.021 [+0.008, +0.03_4]* '+0.007 [—0.005, 4+-0.018]
contact, epitope inconclusive
Cross-attention (removed entirely) paratope +0.026 [+0.011, +0.042]* +0.016 [—0.001, 4+0.032]
. . contact +0.001 [—0.003, 4+0.004] —0.001 [—0.004, +0.003]
Low-rank pair decoder (unary + bias) paratope ~0.002 [~0.020, +0.015] ~0.017 [~0.030, —0.004]
Rank 128 — 1 all tasks inconclusive
Contact-marginal residue readout (unary readout) | all tasks inconclusive
Epitope Dice + proportion losses epitope +0.006 [—0.007, +0.019] —0.000 [—0.019, +0.018]
Distance auxiliary epitope - +0.011 [—0.006, +0.028]

The contact-only and residue-only variants also use different validation metrics for checkpoint
selection, so these comparisons assess training regimes rather than isolated loss terms. The
no_geometry_branch variant removes both predicted geometry and geometry-aware attention,
measuring their joint contribution. Separating these contributions would require a variant that incor-
porates the same geometric features through a simpler mechanism, such as an additive pair bias; this
variant was not evaluated.

Removing the predicted-geometry branch reduces per-complex epitope AP by approximately 0.03
in both campaigns, corresponding to an approximately 14% relative improvement from retaining
the branch. This is the only architectural contribution supported in both campaigns. Removing
residue-level supervision reduces paratope AP, and removing contact supervision reduces contact
AP; the effect of contact supervision on epitope AP is not statistically supported. Neither campaign
establishes an accuracy benefit from the low-rank pair decoder over a unary decoder, the contact-
marginal residue readout, or the epitope auxiliary losses. Paratope improvements from the contact
gate and cross-attention are supported in Campaign A but not Campaign B.

D Cross-Task Consistency

For each test complex, we compare residue-head predictions with contact-derived marginals computed
using Eq. 5 (Table 5). Their rank correlations are p ~ 0.97-0.99. Contact-derived epitope scores
achieve AP comparable to the epitope head (0.217 versus 0.214). Removing contact evidence from
the readouts leaves rank agreement similar, while removing contact supervision reduces paratope rank
agreement to p = +0.17 and gives contact-derived paratope AP of 0.206 versus 0.670 for the residue
head. These comparisons support the contribution of joint supervision to cross-task agreement.

Table 5: Cross-task consistency on the 455 test complexes, 3 seeds. The head—marginal p is the
per-complex rank correlation between a residue head and the contact map’s own marginal, and the
marginal-alone columns score residues using only that marginal. Results use the retrained models
described in Appendix C; their absolute values differ from Table 1.

Condition Epitope Paratope

head—marginal p AP, head AP, marginal alone | head-marginal p AP, head AP, marginal alone
Full model +0.97 0.214 0.217 +0.99 0.671 0.644
Contact evidence removed from readouts +0.96 0.215 0.221 +0.97 0.677 0.641
No contact supervision (residue-only) +0.75 0.204 0.188 +0.17 0.670 0.206
No residue supervision (contact-only) +0.98 0.213 0.217 +0.98 0.631 0.642
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E Training-Test Antigen Similarity

None of the 455 test complexes shares an antigen, antibody, or CDRH3 cluster with the training set.
Every test antigen has local-alignment identity below 50% to every training antigen, normalized by
test-antigen length (median 20%, 90th percentile 26%). The main-table results therefore evaluate
antigens from clusters absent from training.

Test antigens with lower training-set similarity tend to be longer (p = —0.28) and have lower epitope
prevalence and lower epitope and contact AP. After normalizing AP by prevalence, neither task
shows a statistically supported association with sequence similarity (epitope Spearman p = 0.04,
p = 0.38; contact p = 0.005, p = 0.91). A regression controlling for prevalence and antigen length
also yields a similarity coefficient whose PDB-block bootstrap interval includes zero. The split
contains no antigens closely related to training antigens and therefore cannot evaluate that regime.
Generalization to unseen antibody families and conformationally flexible interfaces has not been
separately evaluated. Independently predicted monomer backbones may not capture binding-induced
conformational changes.

F Out-of-Distribution Evaluation on ASsEP

To complement the SAbDab?2 training—test similarity analysis (Appendix E), we evaluate the frozen
SAbDab2-trained EPIC checkpoints on 1,553 ASEP complexes [Liu et al., 2024]. Both datasets
derive from SAbDab and contain substantial sequence overlap: median identity to the SAbDab2
training set is 0.97, and 412 complexes (27%) have identity below 0.5. Table 6 reports performance
by sequence-identity group.

Epitope AP is 0.316 for complexes with sequence identity > 0.9 and 0.186 for the 412 complexes
below 0.5 identity. In the low-identity group, epitope and contact AP are 1.9x and 2.9x their
respective prevalences, compared with 2.6x and 20x on the SAbDab?2 test set. AsEP evaluates
antibody CDRs and antigen surface residues, whereas EPIC is trained on full chains. These differences
limit direct comparison with Table 1; comparisons between identity groups use the same AsEP
evaluation setting.

Table 6: Out-of-distribution evaluation on AsSEP. The frozen SAbDab2-trained EPIC is scored on all
1,553 AsEP complexes, stratified by sequence identity to the SAbDab2 training set; the three main
strata are disjoint, and the < 0.3 row is a subset of the < 0.5 stratum. Each cell reports per-complex
AP, with the positive prevalence of the stratum in parentheses. Absolute values are not comparable
to Table | because ASEP restricts the antibody axis to CDR residues and the antigen axis to surface
residues.

Identity to SAbDab?2 train n | Contact AP (prev.) | Epitope AP (prev.) | Paratope AP (prev.)
< 0.5 412 0.012 (0.004) 0.186 (0.099) 0.450 (0.322)
of which < 0.3 34 0.009 (0.004) 0.164 (0.096) 0.412 (0.294)
0.5-0.9 187 0.011 (0.003) 0.187 (0.082) 0.414 (0.301)
>0.9 954 0.021 (0.004) 0.316 (0.108) 0.443 (0.320)

G Contact Ranking at Practical Operating Points

Positive contacts constitute 0.0705% of training pairs. EPIC achieves higher contact AUROC and
recall than ImaPEp but lower AUPRC (Table 1). The 455 test complexes contain 19,786 positive pairs
among 18,473,412 candidates, giving a pooled prevalence of 0.107%. Table 7 reports top-ranked
contact precision and recall for the retrained models used in Appendix C. Complexes without positive
pairs contribute zero precision, and L,,;,, denotes the shorter chain length.

Pooled precision is 0.016 at 10% recall and 0.008 at 50% recall; no threshold achieves 5% pooled
precision at non-trivial recall. Top-ranked contacts show approximately 18-28-fold enrichment above
prevalence, but most remain false positives. These predictions may help prioritize candidate interface
regions or provide ranking priors for docking and restraint weighting, but their precision is insufficient
for high-confidence residue-pair restraints. Under this class imbalance, AUROC should be interpreted
alongside precision-based metrics.
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Table 7: Contact ranking at practical budgets per complex. Approximate enrichment is calculated from
the displayed mean per-complex precision divided by the pooled prevalence (19,786/18,473,412 ~
0.107%), then rounded to the nearest integer. Values are averaged over the three seeds of the retrained
ablation model and are not comparable to Table 1.

Ranking budget per complex | Precision | Recall | Enrichment | True contacts recovered
top 10 0.030 0.007 ~28X% 0.30
top 50 0.026 0.031 ~24 X 1.3
top Linin 0.023 0.068 ~21 X% 2.9
top 1% of pairs 0.019 0.138 ~18x 5.9

H Qualitative Case Studies

Figure 2 compares the interface predictions of EPIC and ImaPEp on two complexes. For 6WAR,
EPIC recovers more native contacts and paratope residues, with the same number of recovered epitope
residues. For 8VC7, EPIC recovers more contacts and paratope residues but fewer epitope residues.
These examples illustrate that improved contact recovery does not necessarily increase residue-level
epitope recovery. The aggregate comparisons are reported in Table 1.
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Figure 2: Interface prediction examples for 6WAR and 8VC7. ImaPEp predictions are shown on
the left and EPIC predictions on the right. EPIC recovers more contacts and paratope residues in both
examples, while epitope recovery is unchanged for 6WAR and lower for 8VC7.

I Statistical Uncertainty

Confidence intervals use a paired bootstrap with 10,000 replicates over 257 PDB-entry blocks,
keeping complexes from the same PDB entry together. Per-complex scores are averaged over three
seeds before resampling, and intervals for each family of contrasts are simultaneous across that family.
Seed variability is reported separately as the standard deviation of mean per-complex scores across
the three seeds.

For the retrained model whose per-complex AP is used in Appendix C and Appendix B, the metrics
and their intervals are: contact AP 0.0219 [0.0191, 0.0248], epitope AP 0.214 [0.197, 0.233], and
paratope AP 0.671 [0.649, 0.693]; the corresponding seed standard deviations are 0.001, 0.007, and
0.011, and the seed standard deviation of per-complex AUROC is at most 0.008 for every task.

The checkpoint used for Table 1 could not be restored exactly, so the ablation, ranking, and uncertainty
analyses use independently retrained models. The reported intervals characterize these models and
do not quantify uncertainty in the main-table values. All operating points, calibration maps, and
thresholds were fitted on validation data and fixed before test evaluation; test results were not used
for selection.
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