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Abstract

Equivariant graph neural network (GNN) methods
for antibody complementarity-determining region
(CDR) design achieve the highest sequence recov-
ery but suffer from severe vocabulary collapse.
The current best GNN methods over-predict very
few amino acids, such as tyrosine and glycine,
while ignoring functionally important residues.
We trace this failure to GNN encoders learning
amino acid distributions de novo from limited
structural data, discarding substitution patterns
encoded in evolutionary databases. To resolve
this, we propose EVOSTRUCT, which bridges
a frozen protein language model (PLM) with
3D structural context from an E(3)-equivariant
GNN via a cross-attention adapter. Unlike prior
PLM-structure adapters for general protein design,
EVOSTRUCT targets the vocabulary collapse prob-
lem specific to CDR design through progressive
PLM unfreezing and R-Drop consistency regular-
ization. On the CHIMERA-BENCH benchmark,
EVOSTRUCT achieves the highest amino acid re-
covery and lowest perplexity among several anti-
body design methods, improving sequence recov-
ery by 16% and reducing perplexity by 43% rela-
tive to the best GNN baselines, while recovering
2.3x greater amino acid diversity and the highest
binding-pair correlation with ground truth.

1. Introduction

Antibodies bind antigens through their complementarity-
determining regions (CDRs), six hypervariable loops
whose sequence and structure determine binding speci-
ficity (Chothia & Lesk, 1987). Computational CDR de-
sign methods condition on antigen structure to generate se-
quences and backbone conformations for these loops (Luo
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et al., 2022; Kong et al., 2023a;b; Wu et al., 2025b). A grow-
ing body of evidence shows that existing methods largely
fail to leverage antigen information. Predictions remain
nearly unchanged when the antigen is removed (Li et al.,
2025), and BLOSUM substitution matrices explain model
outputs as well as learned likelihoods (Ucar & Sormanni,
2025; Chinery et al., 2024).

A systematic evaluation on the CHIMERA-BENCH bench-
mark (Ahmed et al., 2026) reveals that GNN methods with
greedy decoding exhibit three linked failure modes. Vocabu-
lary collapse reduces predicted amino acids to a fraction of
the native diversity, with models overpredicting tyrosine and
glycine while ignoring functionally important residues. This
echoes the germline bias identified by Olsen et al. (2024)
in antibody language models, but manifests more severely
in structure-conditioned GNN methods. Poor binding-pair
learning limits paratope-epitope amino acid pair correlation,
indicating that no baseline captures the full binding-pair
structure. Contact position weakness produces dramati-
cally lower recovery at antigen-contacting positions com-
pared to non-contacting positions, confirming that models
learn general CDR statistics rather than antigen-specific
binding preferences.

These failures share a common root. GNN encoders learn
amino acid distributions de novo from limited structural
training data (~3,000 complexes), discarding the substitu-
tion patterns encoded in evolutionary sequence databases
spanning hundreds of millions of proteins. Recent work on
structure-informed PLM adaptation (Zheng et al., 2023) has
shown that bridging frozen protein language models with
structural encoders via cross-attention adapters preserves
the PLM’s vocabulary calibration for general protein design.
We apply this paradigm to CDR design with EVOSTRUCT,
which bridges a frozen ESM-2 (Lin et al., 2023) with an
E(3)-equivariant GNN encoder through a cross-attention
adapter that operates in ESM-2’s representation space. Un-
like general inverse folding adapters (Zheng et al., 2023;
Shanehsazzadeh et al., 2023), EVOSTRUCT targets the vo-
cabulary collapse problem specific to CDR design through
progressive PLM unfreezing (Howard & Ruder, 2018) and
R-Drop consistency regularization (Liang et al., 2021), and
provides a systematic failure mode analysis quantifying the
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diversity-accuracy tradeoff that constrains existing GNN
methods.

Our contributions are:

1. A quantitative diagnosis of vocabulary collapse in CDR
design using effective vocabulary (V) and binding-
pair correlation metrics, revealing that GNN methods
recover only 20-35% of native amino acid diversity.

2. An adaptation of PLM-structure bridging for CDR de-
sign with progressive unfreezing and R-Drop regular-
ization.

3. Empirical evidence that PLM vocabulary calibra-
tion transfers to CDR design, breaking the diversity-
accuracy tradeoff with 16% higher sequence recovery,
43% lower perplexity, and 2.3 x greater amino acid
diversity than the best GNN baselines.

The rest of this paper is organized as follows. Section 2
discusses related work, and Section 3 defines the task, graph
construction, and failure mode analysis. Section 4 describes
the EVOSTRUCT architecture. Section 5 presents experimen-
tal results and failure mode resolution. Section 6 concludes.

2. Related Work

GNN-based CDR design. Equivariant GNN methods in-
cluding MEAN (Kong et al., 2023a), dyMEAN (Kong et al.,
2023b), and RAAD (Wau et al., 2025b) condition on antigen
through spatial message passing and achieve the highest
sequence recovery among all paradigms. However, these
methods predict amino acids through simple linear or MLP
heads operating in the GNN’s learned embedding space,
which suffers from severe vocabulary collapse under greedy
decoding. Multiple studies document this and broader con-
ditioning failures in CDR design methods: Li et al. (2025)
show that predictions change minimally when the antigen is
removed, Ucar & Sormanni (2025) demonstrate that BLO-
SUM matrices explain model outputs as well as learned
likelihoods, and Chinery et al. (2024) find that simple com-
putational methods can match deep learning approaches for
generating diverse binder-enriched libraries. Olsen et al.
(2024) identify a related germline bias in antibody language
models where overprediction of germline residues limits
design utility. We provide a systematic quantification of
this vocabulary collapse in structure-conditioned CDR de-
sign and demonstrate that PLM adaptation is an effective
solution.

Generative CDR design. Diffusion-based methods such
as DiffAb (Luo et al., 2022), AbFlowNet (Abir et al., 2025),
and AbMEGD (Chen et al., 2025) model CDR generation
on SE(3), while AbODE (Verma et al., 2023) uses conjoined

ODEs. RefineGNN (Jin et al., 2022b) generates CDRs au-
toregressively without antigen input. These sampling-based
methods maintain higher vocabulary diversity but achieve
substantially lower sequence recovery. FlowDesign (Wu
et al., 2025a) addresses prior distribution quality for CDR
design, targeting structural diversity rather than the sequence
vocabulary collapse we identify. Among PLM-based ap-
proaches, AntiFold (Hgie et al., 2025) fine-tunes ESM-IF1
for antibody inverse folding with CDR-weighted masking.
AbEgDiffuser (Zhu et al., 2025) and RADAb (Wang et al.,
2024) incorporate frozen ESM-2 features through additive
injection or concatenation with GNN residue embeddings,
but neither uses cross-attention adaptation or operates the
sequence head in PLM embedding space.

Structure-informed PLM adaptation. LM-
Design (Zheng et al., 2023) introduced the paradigm
of inserting cross-attention adapters into frozen PLMs to
inject structural context from GNN encoders for protein
inverse folding. IgDesign (Shanehsazzadeh et al., 2023)
applies a similar bottleneck adapter between IgMPNN
and ESM2-3B specifically for antibody design, with in
vitro experimental validation. Our work builds on this
paradigm but differs in motivation and training strategy.
Where LM-Design and IgDesign target general sequence
recovery, we diagnose and address the vocabulary collapse
problem specific to CDR design. We additionally employ
progressive PLM unfreezing following the schedule of
Howard & Ruder (2018) and R-Drop consistency regular-
ization (Liang et al., 2021), which to our knowledge has
not been applied in protein design. The shadow paratope
loss from dyMEAN (Kong et al., 2023b) provides pairwise
distance supervision for CDR-epitope geometry.

3. Preliminaries
3.1. Task Definition

Following CHIMERA-BENCH (Ahmed et al., 2026), we
formulate the CDR design task as follows. Given an antigen
structure A = {(s;,%;) | 7 € Va}, an epitope specification
E C Vy, and an antibody framework F' = {(s;,%;) | i €
Ver }, we design CDR residues R = {(sg, xx) | k € Vcpr}
that maximize the conditional likelihood subject to epitope
contact constraints:

R* =argmax pg(R| A,E,F), st C(R,A)#0 (1)
R

where each residue has amino acid type si, € {1,...,20}
and Ca coordinate x;, € R®. The contact set C(R, A) =
{j € Va |3k € Vepr: [|xk — x;|| < d.} denotes antigen
residues contacted within cutoff d.. We focus on CDR-H3,
the most variable loop and primary determinant of antigen
specificity (Chothia & Lesk, 1987).
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3.2. Graph Construction

We represent the antibody-antigen complex as a heteroge-
neous graph G = (V, ). The node set V = Viyc U Vic U
V4 U Vigob contains residue nodes from the heavy chain,
light chain, and antigen, plus three global delimiter tokens
(Vaiob = {BOH, BOL, BOA}). Each residue node ¢ carries

amino acid type s; € {1,...,20} and four backbone atom
coordinates X; = [xI¥, x5 x§, x9] € R**3.

We partition the edge set £ into 8 typed subsets that cap-
ture different structural relationships. Within each chain,
we construct radial edges connecting all pairs within a Ca
distance threshold, sequential edges linking residues sepa-
rated by one or two positions in primary sequence, and KNN
edges connecting each residue to its /' nearest spatial neigh-
bors. Across chains, we add inter-chain radial edges and
inter-chain KNN edges that enable direct communication
between antibody and antigen residues. Global delimiter
tokens connect to all residues in their respective chains via
global-to-chain edges. Each edge (i, j) of type ¢ carries a
feature vector e;; € R?% encoding edge type, relative po-
sition in local coordinate frames, pairwise distance RBFs
across four backbone atom pairs, a quaternion encoding
of relative backbone orientation, and local frame direction
features.

3.3. Failure Mode Analysis

We evaluate several CDR-H3 design methods on the
CHIMERA-BENCH benchmark and identify three systematic
failure modes that motivate our approach.

Vocabulary Collapse. We define the effective vocabu-
lary as Ver = exp(—)_,p(a)logp(a)), the exponenti-
ated Shannon entropy of the predicted amino acid distri-
bution. Native CDR-H3 sequences exhibit Ve ~ 15.5,
indicating near-uniform usage of all 20 amino acids. GNN
methods with greedy decoding collapse to Vg of 3.0-5.5.
RAAD (Wu et al., 2025b) overpredicts tyrosine by 34%
and glycine by 21%, while rare but biochemically criti-
cal residues (tryptophan, cysteine, methionine) appear at
near-zero frequency (Figure 3). Sampling-based methods
approach native diversity (Ve 11.7-14.9) but at the cost of
much lower accuracy.

Binding-Pair Failure. Binding specificity requires that
the model learn which paratope amino acids pair with which
epitope amino acids. We compute the correlation between
predicted and ground-truth paratope-epitope amino acid
pair frequencies. No baseline exceeds » = 0.69 (Fig-
ure 4), and DiffAb (Luo et al., 2022) shows anti-correlation
(r = —0.29), systematically predicting the wrong amino
acids at interface positions. This indicates that existing con-
ditioning mechanisms route negligible antigen information

to the sequence prediction head.

Contact Position Weakness. All methods show dramati-
cally lower amino acid recovery at antigen-contacting po-
sitions (8—23%) compared to non-contacting positions (23—
51%). Contact positions are precisely where amino acid
identity is most constrained by the binding partner, yet they
are where models struggle to perform well. The gap re-
veals that models learn general CDR positional statistics
rather than antigen-specific binding physics, and that the
antigen input contributes little to prediction quality even at
the positions where it matters most.

4. Method

EVOSTRUCT processes the antibody-antigen complex
through two parallel pathways and fuses their outputs via
a cross-attention adapter (Figure 1), following the PLM-
structure bridging paradigm of Zheng et al. (2023). A
relation-aware E(3)-equivariant GNN encodes the full 3D
complex graph, capturing spatial geometry. Separately, a
frozen protein language model produces CDR embeddings
that encode evolutionary substitution patterns learned from
hundreds of millions of protein sequences. A structural
adapter then cross-attends the PLM’s CDR embeddings to
the GNN’s structural context, and a sequence head operat-
ing in the PLM’s representation space produces the final
amino acid predictions. The entire sequence prediction path-
way runs in the PLM’s embedding space, preserving its
calibrated amino acid vocabulary, while the GNN supplies
structural context into PLM representations.

4.1. PLM Backbone

The sequence pathway leverages ESM-2 (Lin et al., 2023), a
protein language model trained on over 250 million protein
sequences via masked language modeling. ESM-2 encodes
amino acid substitution patterns, evolutionary conservation,
and biochemical properties in its high-dimensional embed-
dings. We extract CDR representations by passing the full
heavy-chain sequence through ESM-2 with CDR positions
replaced by the mask token, then selecting the embeddings
at CDR positions:

Hen = ESM-z(maSk(ch, Vepr c REL*desm )

)) |VCDR

where L = |Vcpr| is the CDR length and deg, is the PLM
embedding dimension. Masking CDR positions prevents
trivial copying of the ground-truth sequence during training.
The ESM-2 model remains frozen during early training and
is progressively unfrozen in later phases following Howard
& Ruder (2018), preventing catastrophic forgetting of evo-
lutionary priors.

Operating in ESM-2’s embedding space rather than the
GNN’s preserves the PLM’s vocabulary calibration. ESM-
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Figure 1. EVOSTRUCT architecture. Two parallel paths process the antibody-antigen complex. A Relational-EGNN encoder produces
structural embeddings over the full complex graph, while frozen ESM-2 produces evolutionary embeddings for CDR positions. The Mini
Structural Adapter cross-attends ESM-2 CDR queries to GNN-encoded structural keys/values (CDR + nearest antigen residues), whereas

the Sequence Head produces the final CDR sequence designs.

2’s output distribution, learned from hundreds of millions of
sequences, naturally assigns non-zero probability to all 20
amino acids at each position, with probabilities reflecting
evolutionary substitution patterns. GNN methods that learn
their own amino acid embeddings from a few thousand train-
ing complexes lack this calibration and collapse to a handful
of frequent amino acids under greedy decoding (Section 3.3).
This is the same principle underlying LM-Design (Zheng
et al., 2023) for general protein design, which we apply here
to resolve the vocabulary collapse specific to CDR design.

4.2. Structural Encoder

The structural pathway encodes the full antibody-antigen
complex through multiple layers of a relation-aware E(3)-
equivariant graph neural network (Satorras et al., 2021; Wu
et al., 2025b) operating on graph G (Section 3.2). Each
residue is initialized with a learned amino acid embedding,
projected to the GNN hidden dimension via a linear layer.
CDR residue embeddings are masked to zero during training.
Epitope residues receive an additional learnable embedding
that signals their membership in the designated binding site.

Each GNN layer updates node features and coordinates si-
multaneously. For edge (i, j) of type ¢, the message function
concatenates the sender and receiver embeddings, the outer
product of coordinate displacements, and the edge features:

( ) MLPI(ngOh(Z) h(l), VCC(AXij(AXT;j)T) y eij])

3)
where Ax;; = x\ - xgl) and vec(-) flattens the 3 x 3
outer product into a 9-dimensional vector. The outer prod-
uct entries are dot products of displacement components,
ensuring E(3)-invariance of the message function. Node
features aggregate messages from all edge types with type-
specific linear projections and a skip connection for training

stability:

h(* = h®ymLpY)

l l l
node hg )7 Z Wzg ) Z m’Ej)
t

JEN(3)

where ng) is a type-specific projection matrix and N (1)
denotes the neighbors of node 7 under edge type t. Coordi-
nates are updated equivariantly by adding a weighted sum
of displacement vectors:

(H—l _ (l)
2
)

Z AXU MLPcoord (l)( g))

JEN(4)
&)

The product Ax;; - scalar is equivariant by construction, be-
cause any rotation R transforms the displacement as RAXx;;
while leaving the scalar factor unchanged. After L, layers,
the encoder produces per-residue embeddings h € R * dem
and updated backbone coordinates X € RN *4%3,

Antigen context cropping. Rather than providing the full
antigen to the adapter, we crop to the K, antigen residues
nearest to the CDR by Ca distance. This bounds memory us-
age while preserving the most relevant epitope information,
since binding contacts necessarily involve spatially proxi-
mal residues. The structural context passed to the adapter is
the concatenation of CDR and cropped antigen embeddings:

Hex = [hk) | ke VCDR] || [h] | Jj e topKag(VA)] c R (LA Kag) xd
(6)

4.3. Mini Structural Adapter

The adapter bridges the two representation spaces by project-
ing ESM-2’s CDR embeddings into a shared intermediate
space, cross-attending to GNN-encoded structural context,
and projecting back to the PLM’s embedding dimension.
This adapter contains a single cross-attention block followed
by a feed-forward network (FFN), with residual connections
and layer normalization at each stage.
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We first project both representations into a shared adapter
dimension d,:

Q = Hegm Waown € RLXda
K, V= Hctx Wgnn S R(LJrKag)Xd

N
®)

where Wyown € Re%m*de projects ESM-2 embeddings
down and Wy, € R%m>de projects GNN embeddings up.
The queries are derived from ESM-2 (evolutionary prior),
while keys and values are derived from the GNN (structural
context). This asymmetry encodes the design principle that
the PLM representation queries “what structural environ-
ment am [ in?” and the GNN provides the answer.

The multi-head cross-attention with H heads computes at-
tention scores and a weighted aggregation over the structural

context:
Q) v

VdoJH
©)

We then apply a residual connection and layer normalization
after the cross-attention:

H
CrossAttn(Q, K, V) = Hh softmax(
=1

Z = LayerNorm(Q + CrossAttn(Q, K, V)) (10)

A two-layer FFN with SiLU activation, also with residual
connection and layer normalization, further processes the
representations:

Z' = LayerNorm(Z + FFN(Z)) (11)

Finally, the adapter projects back to the PLM’s embedding
dimension:

Hietineg = 2/ Wy € REX o (12)

The refined representations inhabit ESM-2’s embedding
space but are now informed by the 3D structural context of
the antibody-antigen complex, including the relative geome-
try of CDR and antigen residues and the edge-type-specific
interactions encoded by the GNN.

4.4. Sequence Head and Coordinate Prediction

The sequence head maps the refined PLM-dimensional rep-
resentations to amino acid logits through a two-layer MLP
with layer normalization, SiL.U activation, and dropout:

£; = MLP,(LayerNorm(h'*"d)) ¢ RMI  (13)

where |.A| is the amino acid vocabulary size. At inference,
we predict the amino acid at each position via greedy decod-
ing, 8, = argmax, £J.

The GNN encoder simultaneously produces updated Ca
coordinates X, for CDR positions through the equivariant
coordinate update (Equation (5)). These predicted coor-
dinates provide the structural component of the co-design
output.

4.5. Training Objective

We train EVOSTRUCT with five loss terms combined with
an R-Drop consistency regularizer (Liang et al., 2021).

Sequence loss. We minimize the per-position cross-
entropy on predicted CDR amino acids:

LRI exp(¢}")
L& "%, exp(£f)

where y; is the ground-truth amino acid at CDR position 1.

ﬁseq = - (14)

Coordinate loss. We apply a smooth-¢; (Huber) loss on
the GNN’s predicted versus true Ca coordinates for CDR
positions:

Leoord = — Z smoothgl(

k €Vepr

Ca true) (15)

Pairing loss. We employ an InfoNCE-style contrastive
loss (Chen et al., 2020) that matches mean-pooled CDR and
antigen GNN embeddings within the batch, encouraging the
encoder to produce representations that distinguish cognate
from non-cognate antibody-antigen pairs:

exp(h" - hi®/7,)

B
1
Epair =7 IOg = ag
B L—Z1 Zf:l exp(h§® - ;¥ /)

where B is the batch size and 7, is a temperature parameter.

(16)

Docking loss. We penalize the minimum predicted Ca
distance from each CDR residue to epitope atoms when it
exceeds a cutoff, encouraging the predicted CDR backbone
to dock near the epitope surface:

Laock = E Z max(O mln 1%k — x4 — ddock)
k€ Vepr
(17)

Shadow paratope loss. Following dyMEAN (Kong et al.,
2023b), we penalize deviation of the predicted CDR-epitope
pairwise distance matrix from ground truth. This provides
a richer geometric supervisory signal than coordinate loss
alone, because it supervises the relative arrangement of CDR
and epitope residues rather than absolute positions:

cghadowzw S5 s - ] — x|

k€Vepr JEE
(18)

R-Drop regularization. Each training step performs two
forward passes with different dropout masks, producing two
sequence losses £Selq) and L'E?J Inspired by R-Drop (Liang
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et al., 2021), we penalize inconsistency between the two
passes. We use a squared loss difference rather than the
symmetric KL divergence of the original formulation, as
this avoids computing per-position KL terms while still
encouraging consistent predictions:

2

£R—Dr0p = Qud <£§e1(; - £§§g> (19)
The consistency penalty encourages robust structural context
injection regardless of which cross-attention connections
are dropped. The total training loss averages the two base
losses and adds the consistency penalty:

1
L= 5 (‘C}(lels)e + ‘Cl(js)e) + ‘CR'DYOP (20)
where »cbase = Eseq + )\coordﬁcoord + )\pairﬁpair + )\dockﬁdock +
)\shadow Eshadow .

5. Experiments
5.1. Experimental Setup

Dataset and splits. We evaluate on the CHIMERA-BENCH
benchmark (Ahmed et al., 2026), which contains 2,922
antibody-antigen complexes from the Structural Antibody
Database (SAbDab) after deduplication at 95% sequence
identity. We use the epitope-group split, which clusters
complexes by epitope similarity to test generalization to
unseen binding sites.

Baselines. We compare against eleven CDR-H3 design
methods spanning five architectural families. (1) GNN-
based: RAAD (Wu et al., 2025b), MEAN (Kong et al.,
2023a), dyMEAN (Kong et al., 2023b). (2) Diffusion: Dif-
fAb (Luo et al., 2022), AbFlowNet (Abir et al., 2025),
AbMEGD (Chen et al., 2025). (3) Retrieval-augmented.:
RADADb (Wang et al., 2024). (4) Flow/ODE: dyAb (Tan
et al., 2025), AbODE (Verma et al., 2023). (5) Autoregres-
sive: RefineGNN (Jin et al., 2022b), AbDockGen (Jin et al.,
2022a). All baselines are retrained on CHIMERA-BENCH
using the authors’ released code with default hyperparame-
ters.

Metrics. We retrained the baseline methods on the
CHIMERA-BENCH dataset and evaluated based on multiple
metrics. Sequence quality: amino acid recovery (AAR),
contact amino acid recovery (CAAR), and perplexity (PPL).
Structural quality: Ca RMSD. Interface quality: fraction
of native contacts (fnat) and DockQ. Epitope awareness:
epitope F1. Safety: number of sequence liabilities (njiap)-

5.2. Implementation Details

We use ESM-2 with 650M parameters (desy = 1280) as the
PLM backbone. The RelationEGNN encoder has 5 layers

AAR
04 37 .37 .37
0.3
0.2
0.1
YO S PL RS O
%'60%?3.&?. &QY?OQ Y;co Q(?’ y‘.é‘ &

Figure 2. Amino acid recovery (AAR) comparison. EVOSTRUCT
(red) achieves 0.43 AAR, a 16% relative improvement over the
best GNN baselines (0.37). Blue: GNN methods. Orange: diffu-
sion/flow. Green: ODE. Purple: autoregressive.

with hidden dimension dg,, = 256, amino acid embedding
dimension 32, and 8 edge types. We crop the K,, = 128
nearest antigen residues as structural context. The adapter
operates in dimension d, = 640 with H = 8 attention
heads and an FFN expansion ratio of 2. The sequence head
projects from 1280 to 640 to 25 dimensions.

We train with Adam optimizer, gradient clipping at 0.5,
dropout rate 0.2, and batch size 4, using early stopping
with patience 10 on validation loss. The loss weights
are determined by hyperparameter sweep (Acoora = 1.376,
>\pair = 0525, )\dock == 05, )\shadow == 03, Qg = 10)
Training follows a three-phase progressive unfreezing sched-
ule (Howard & Ruder, 2018). Phase 1 (up to 50 epochs, Ir
= 10~*) trains the adapter, GNN, and sequence head with
ESM-2 frozen. Phase 2 (40 epochs, Ir = 5x 10~°) unfreezes
the top 4 ESM-2 transformer layers. Phase 3 (30 epochs,
Ir = 1075) fine-tunes all parameters at a low learning rate.
All phases use exponential LR decay (7 = 0.9). It takes
approximately 3 hours to train the model on a single H100
GPU.

5.3. Main Results

Table 1 presents the main comparison. EVOSTRUCT
achieves the highest amino acid recovery (0.43) among all
eleven methods, a 16% relative improvement over the best
GNN baselines (RAAD, MEAN, dyMEAN at 0.37). The im-
provement is accompanied by a 43% reduction in perplexity
(1.88 vs. 3.27 for RAAD), indicating substantially more con-
fident and calibrated predictions. Structurally, EVOSTRUCT
produces CDR backbones with RMSD 1.84 A, comparable
to RAAD (1.75 A) and MEAN (1.84 A). Interface metrics
(fnat 0.61, DockQ 0.70) are competitive with the best GNN
baselines, and epitope F1 (0.73) matches the GNN range.

RefineGNN achieves the highest fnat (0.65) and DockQ
(0.73) despite not conditioning on the antigen, confirming
the finding from prior analyses (Ahmed et al., 2026) that
antigen conditioning does not currently improve binding
quality in existing architectures. EVOSTRUCT narrows this
gap while simultaneously leading in sequence recovery, sug-
gesting that PLM-derived representations offer a path to-



EvoStruct: Bridging Evolutionary and Structural Priors for Antibody CDR Design via Protein Language Model Adaptation

Table 1. CDR-H3 design results on the CHIMERA-BENCH benchmark. We report mean =+ std across complexes. Bold indicates the best

w

value, underline indicates second best.

indicates the method does not produce perplexity scores.

Method AAR 1 CAAR 1 PPL | RMSD | fnat 1 DockQ1  EpiFl 1 Nliab &
EvoSTRUCT 0.4340.19 0.22+0.27 1.88+0.43 1.84+0.82  0.614+031 0.70+0.19 0.734+024 0.70+0.84
RAAD 0.37+0.12  0.214+022  3.274048 1.75+0.77  0.56+030 0.704+0.15 0.72+025 0.57+0.65
MEAN 0.37+0.13  0.24+023  3.10+0.47 1.84+075  0.57+031 0.69+0.15 0.724+025 0.58+0.49
dyMEAN 0.37+0.13  0.224023  3.2940.40 2224097  0.534+031 0.65+0.15 0.64+028 0.8340.38
AbODE 0.26+0.12  0.20+022  11.70+434 14.64+321 0.11+021 0.37+0.15 0.27+025 1.504+1.90
DiffAb 0.23+0.12  0.1440.19 - 2494128  0.594031 0.65+0.16 0.64+025 0.5240.71
AbFlowNet 0.23+0.11  0.1440.18 - 2.38+122  0.60+031 0.66+0.16 0.654+025 0.38+0.63
AbMEGD 0.21+0.12  0.12+0.16 - 2444129  0.564029 0.64+0.14 0.64+025 0.4940.67
RADAb 0.20+0.12  0.11+0.17 - 5.33+17.22  0.494+032 0.60+0.17 0.60+027 0.5640.74
dyAb 0.19+0.08  0.09+0.14 - 2344087  0.144+021  0.45£0.09 0.24+031  0.00+0.00
RefineGNN 0.214+0.11  0.10+0.14  8.46+3.28 2.864+0.87  0.65+0.28 0.73+0.14 0.76+0.22 0.71+0.80
AbDockGen  0.24+0.12  0.1240.18 8.0442.65 4.67+132 0414026 0.55+0.14 0.62+022 0.7040.79
(a) Ground Truth (b) MEAN (c) DiffAb (d) EvoStruct (ours)
M BN NN I . . [ | ImmE 0.5
\Tl: | ] ] [ | ] | 0.40
S 1 1 1 0.35
T o = 1. } e e 1 .
2 N b T | T 0.25 ‘|'=>"
oM ] ] ] g
£ 1] ] ] ] 0w §
E nI: ] ] ] 0.15 *
ii 1 N = 1 1 HE = 0.10
o] m | = - ] - 005
::- . . _- . | :. . m . _- . . 0.00
N mid (4 N [4 N mid (4

e €, N . mid
Position (normalized)

Figure 3. Vocabulary collapse. Per-position amino acid frequency heatmaps. EVOSTRUCT preserves near-native diversity (Ver=12.4).

ward methods that excel in both sequence and structural
quality.

5.4. Failure Mode Resolution

We evaluate EVOSTRUCT on the three failure modes identi-
fied in Section 3.3.

Vocabulary diversity. EVOSTRUCT achieves V¢ = 12.4,
recovering 80% of the ground-truth amino acid diversity
(Figure 3). By contrast, the best GNN baselines (RAAD,
MEAN, dyMEAN) collapse to V¢ of 4.7-5.3, recovering
only 30-34% of native diversity. EVOSTRUCT produces 282
unique bigrams and 1,214 unique trigrams (vs. 364/1,818
in the ground truth and 52/110 for RAAD), covering all 20
of the top ground-truth motifs. This demonstrates that op-
erating in ESM-2’s embedding space preserves the PLM’s
calibrated vocabulary, breaking the diversity-accuracy trade-
off that constrains GNN-only methods.

Binding-pair correlation. EVOSTRUCT achieves the
highest interface enrichment correlation with ground truth
(r = 0.81 vs. next-best 0.68 for RAAD) and the highest

paratope-epitope pair correlation (r = 0.73 vs. next-best
0.69 for AbFlowNet), as shown in Figure 4. This indicates
that the structural adapter successfully routes antigen infor-
mation to the sequence head, enabling EVOSTRUCT to learn
which amino acids pair with which epitope residues.

Positional recovery. EVOSTRUCT improves AAR at both
contact positions (22.6% vs. 20.6% for RAAD) and non-
contact positions (51.0% vs. 43.5% for RAAD), as shown in
Figure 5. The larger gain at non-contact positions (+7.5pp)
reflects ESM-2’s strong framework priors, which provide
better predictions at conserved positions not constrained by
the binding partner. The per-position AAR profile along
CDR-H3 shows that EVOSTRUCT dominates at anchor posi-
tions (71.2% vs. 60.7% for RAAD), where ESM-2’s evolu-
tionary priors are strongest, and improves at the hypervari-
able apex (22.4% vs. 19.0%). Contact AAR remains the
hardest challenge for all methods, suggesting that deeper
antigen conditioning mechanisms beyond cross-attention
may be needed.
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5.5. Discussion

The results confirm that the PLM-structure adapter
paradigm (Zheng et al., 2023), originally developed for gen-
eral protein inverse folding, transfers effectively to CDR de-
sign. The vocabulary calibration of ESM-2 transfers directly
through the adapter, without requiring the model to relearn
amino acid substitution patterns from limited structural data.
GNN methods must discover these patterns from ~3,000
training complexes, which leads them to converge on the
few most frequent amino acids per position. EVOSTRUCT
avoids this by inheriting ESM-2’s distribution over all 20
amino acids, achieving higher diversity and higher accuracy
simultaneously.

The adapter architecture enables a clear separation of con-
cerns. The GNN encoder focuses on encoding 3D geome-
try and spatial relationships, while ESM-2 handles amino

acid vocabulary calibration and evolutionary substitution
patterns. The cross-attention mechanism allows structural
context to modulate evolutionary priors without overwriting
them.

The main limitation is that EVOSTRUCT does not achieve
the highest binding metrics. RefineGNN, which does not
condition on the antigen at all, achieves fnat 0.65 and DockQ
0.73 compared to EVOSTRUCT’s 0.61 and 0.70. This sug-
gests that the cross-attention adapter, while effective for
sequence quality, does not fully exploit antigen structural
information for binding interface prediction. Contact AAR
remains at 22.6% across methods, pointing to a fundamental
difficulty in predicting antigen-specific amino acid iden-
tity at binding positions that may require more expressive
conditioning mechanisms or alternative training objectives.
Future work could explore richer adapter architectures, alter-
native sequence objectives that encourage antigen-specific
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predictions at contact positions, and integration with explicit
contact prediction mechanisms.

6. Conclusion

In this paper, we diagnose vocabulary collapse as a sys-
tematic failure mode in GNN-based CDR design and re-
solve it by adapting the PLM-structure bridging paradigm
for CDR design. EVOSTRUCT cross-attends ESM-2 CDR
embeddings to GNN-encoded structural features, keeping
the sequence prediction pathway in the PLM’s calibrated
representation space. Several experiments on the CHIMERA -
BENCH benchmark demonstrate that EVOSTRUCT breaks
the diversity-accuracy tradeoff, achieving the highest se-
quence recovery and vocabulary diversity among eleven
baselines with the strongest binding-pair correlation.

Impact Statement

This paper presents work whose goal is to advance compu-
tational antibody design. The designed sequences require
extensive experimental validation before any therapeutic ap-
plication. We see no specific negative societal consequences
that must be highlighted.
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7. Appendix
7.1. Detailed Results

Below, we provide the detailed results for our bench-
marking of the baseline methods and compare them with
EvOSTRUCT. Figure 6 shows the vocabulary collapse fail-
ure mode, while Figure 7 shows the failures of the baselines
with regard to their binding pairs preference.
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Figure 6. Vocabulary collapse. Per-position amino acid frequency heatmaps across all the benchmarked baseline methods.

12



EvoStruct: Bridging Evolutionary and Structural Priors for Antibody CDR Design via Protein Language Model Adaptation

Paratope AA

<TcdumoTzIrANTOMMO AP

Ground Truth
] |
| H B
AbODE

(pair corr r=0.44)

Interface AA Pair Preferences (CDR H3)

RAAD
(pair corr r=0.50)

DiffAb
(pair corr r=0.18)

| u
HEm H I
Hom | N .
RADAb RefineGNN
(pair corr r=0.62) (pair corr r=0.67)
<l 0 BN 'E HE W | H CE O
]
ACDEFGHIKLMNPQRSTVMWY ACDEFGHIKLMNPQRSTVWY

Epitope AA

(pair corr r=0.51)

HEE HiE ==
I I I .
AbFlowNet
(pair corr r=0.68)
H nam HE =
]
I N B "5 Eeeees o
AbDockGen

(pair corr r=0.53)

ACDEFGHIKLMNPQRSTUVUWY

dyMEAN
(pair corr r=0.47)

E R EE EEs

AbMEGD
(pair corr r=0.63)

EEEE B EEeE .

HE NS e .

EvoStruct (ours)
(pair corr r=0.73)

ACDEFGHIKLMNPQRSTVWY

Figure 7. Binding-pair preferences. Paratope-epitope AA pair heatmaps across all the benchmarked baseline methods.

13



