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Abstract

Recent advances in generative modeling show that pretrained representations can
improve generation as conditioning features or alignment targets. Motivated by
this, we study protein representations for predicting structures beyond conven-
tional function annotation. We propose TRIPROREP, a structure-aware pretraining
method that jointly models three aligned residue-level views: amino-acid identity,
backbone geometry, and local full-atom geometry, discretely encoded via VQ-VAE
tokenizers. By pretraining to recover original tokens from generator-corrupted
views, TRIPROREP learns to distinguish plausible but incorrect cross-view aug-
mentations from the original protein. We further introduce REPSP, a benchmark
for evaluating protein representations in structure-predictive settings. REPSP
tests three uses of representations: homodimer co-folding from apo-chain repre-
sentations, residue-level prediction of homodimer-derived interaction properties,
and representation-aligned monomer structure prediction. Across these tasks,
TRIPROREP improves over sequence-only and prior structure-aware representation
models, while maintaining competitive performance on conventional benchmarks.

1 Introduction

Structure-aware protein representation learning aims to produce residue-level features that can be
reused by downstream models for three-dimensional reasoning such as complex prediction, interface
modeling, and structure prediction. Yet this goal is only indirectly tested by many common protein
representation benchmarks. Enzyme commission (EC) and gene ontology (GO) prediction [1]
measure broad biological utility, but they do not ask whether a representation exposes the geometric
information needed to predict interfaces, assemble complexes, or supervise structure-prediction
models. As a result, sequence-only representation models can remain competitive with explicitly
structure-aware models on these benchmarks, which we also observe in Table 6, without resolving
whether structural supervision has improved the representation for its intended use.

This mismatch is increasingly important as protein representation learning moves beyond sequence-
only pretraining. SaProt [2] and ProstT5 [3] augment amino-acid sequences with Foldseek 3Di
tokens [4]. ESM3 represents proteins with coupled sequence, structure, and function tracks [5]; and
related methods condition sequence modeling on backbone structure or align sequence and structure
representations [6, 7]. These approaches provide increasingly rich structural supervision, but their
evaluation often remains centered on tasks that only weakly isolate residue-level geometry. A useful
structure-aware representation should not merely improve functional annotation: it should provide
features that downstream structure models can directly exploit.

*Equal contribution. Author order was determined randomly.
Code is available at https://holymollyhao.github.io/TriProRep/.
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Figure 1: TRIPROREP. (a) Three-view tokenization. A protein is independently tokenized into
amino-acid, backbone, and full-atom token sequences at the residue level. (b) ELECTRA-style
discriminative pretraining. A small generator corrupts each of the three sequences, and a large
discriminator predicts the original token at every position.

This perspective mirrors a broader trend in representation learning. In computer vision, pretrained
representations are increasingly used not only as task features, but also to improve structured-output
models through conditioning [8, 9, 10] and representation alignment-based distillation [11, 12]. We
ask the analogous question for proteins:

Question. Can pretrained protein representations serve as useful geometric signals
for structure-predictive modeling?

We study this question from both a methodological and evaluation perspective. Methodologically,
we propose TRIPROREP, a structure-aware protein representation model that jointly encodes three
aligned residue-level views: amino-acid identity, backbone geometry, and full-atom residue geometry.
The two geometric views are discretized by VQ-VAE tokenizers [13] into backbone-geometry
and full-atom-geometry tokens. Unlike prior tokenizations that mainly capture backbone-level
geometry [4, 5, 14], our full-atom tokens preserve local atomic information, including side-chain
arrangements that are important for residue environments and interfaces. To train these coupled
views, we use corrective pretraining with generator-corrupted token sequences [15]: a lightweight
generator replaces masked tokens in each view with plausible alternatives, and the representation
model recovers the original tokens.

For evaluation, we introduce REPSP, the first benchmark specifically designed for structure-predictive
protein representation learning. Built on homodimer complexes from the recent AFDB multimer
release [16], REPSP provides a uniformly processed million-scale setting for controlled evaluation of
binding-relevant geometry from apo-chain representations, while acknowledging that homodimers
are simpler than general heteromeric complexes. REPSP contains three complementary tasks:
homodimer co-folding from frozen apo-chain representations, homodimer-derived residue-level
prediction of binding sites, solvent-accessibility changes, interface regions, and interaction types,
and representation-aligned structure prediction, where pretrained representations serve as dense
alignment targets for structure prediction learning [11].

We pretrain and evaluate TRIPROREP at four scales, 35M, 150M, 650M, and 2.8B. On REPSP,
TRIPROREP improves over sequence-only and prior structure-aware representation models across
homodimer co-folding, homodimer-derived residue-level prediction, and representation-aligned
structure prediction. On the EC/GO benchmarks, TRIPROREP remains competitive with the strongest
overall results, preserving broad biological representation quality.

Our contributions are summarized as follows:

* We propose TRIPROREP, a three-view structure-aware protein representation model trained with
generator-corrupted token recovery.

* We introduce REPSP, a benchmark that evaluates whether protein representations are useful for
structure-predictive tasks.

* We show that TRIPROREP improves homodimer co-folding, homodimer-derived residue-level
prediction, and representation-aligned structure prediction, while remaining competitive on EC/GO.



2 Related work

Protein structure tokenization. A line of work uses VQ-VAE-based tokenizers [13] to convert
protein structures into discrete tokens for scalable structure-aware protein representation modeling.
Foldseek defines 3Di tokens as a structural alphabet for residue-residue interaction geometry [4].
ESM3 also uses tokens that discretize local backbone geometry into reconstructable tokens [5], and
AminoAseed improves tokenizer quality through codebook reparameterization and Pareto-optimal
codebook configuration [14]. However, these tokenizations mainly focus on backbone-level geometry
and omit full-atom geometry within residues, such as side-chain packing, and rotameric states.

Structure-aware protein representation learning. Recent protein representation models incorporate
3D structural information into protein language modeling. SaProt [2] pairs amino-acid tokens with
Foldseek’s 3Di tokens [4], and ProstT5 [3] uses a T5 architecture to model bidirectional translation
between sequence and 3Di tokens. ESM3 [5] introduces structure tokens alongside sequence and
function tracks. In addition, MIF-ST [6] performs masked inverse folding with backbone-structure
conditioning, while S-PLM [7] aligns sequence and structure representations through contrastive
learning. These methods show that structural information can improve protein representations. We
study whether such representations transfer to structure-predictive tasks.

Protein structure and complex prediction. Protein structure prediction has progressed from single-
chain folding to protein-protein complex prediction. AlphaFold-Multimer [17], AlphaFold3 [18], and
Boltz [19, 20] predict protein complexes using MSA-derived representations, while SimpleFold [21]
revisits single-chain folding with flow matching and a general-purpose Transformer architecture using
protein sequence representation. Our work uses structure prediction as an evaluation setting, rather
than proposing a new structure prediction model. We evaluate whether structure-aware representations
extracted from a single apo protein support flexible-docking prediction of the protein complex and
serve as distillation targets for training single-protein folding models.

Representation-based structure modeling. In computer vision, structured-output models often
use pretrained representations as conditioning signals [8, 9, 10] or distillation sources [11, 12].
Analogously, protein structure prediction models such as ESMFold [22] and SimpleFold [21] use
sequence-only protein representations, particularly ESM2 representations [22]. In this paper, we
study structure-aware protein representations in both roles: as input conditioning signals for flexible
protein-protein docking, and as dense distillation sources for monomer structure prediction.

3 TRIPROREP: A three-view protein structure representation

In this section, we introduce TRIPROREP, a structure-aware protein representation model that jointly
encodes three residue-level views of a protein: amino-acid identity, backbone geometry, and full-atom
geometry. We first describe how these views are converted to discrete tokens (Section 3.1). We then
describe a corrective pretraining objective over generator-corrupted token sequences (Section 3.2).
The full pipeline is illustrated in Figure 1, with implementation details in Appendix A.

3.1 Three-view residue tokenization

Given a protein, we construct three aligned residue-level token sequences. For each residue, we
define an amino-acid token, a backbone-geometry token, and a full-atom-geometry token. These
tokens provide three complementary views of the same residue: sequence identity, local backbone
geometry, and intra-residue full-atom geometry. The amino-acid token encodes residue identity, as
in sequence-only protein language models such as ESM2 [22]. We pair this sequence-identity view
with two structural views, each defined at the residue level.

Backbone-geometry tokens. The backbone-geometry token provides a residue-level structural
view of the local protein backbone. We obtain these tokens using AminoAseed [14], a VQ-VAE-
based tokenizer that maps local backbone substructures around each residue into discrete codes.
Compared with Foldseek 3Di tokens used by a prior work [2] that also performs residue backbone
tokenization, AminoAseed improves codebook utilization and token diversity, providing a more
expressive backbone tokenization.

Full-atom-geometry tokens. We newly introduce the full-atom-geometry token to encode intra-
residue full-atom geometry, complementing the backbone-geometry token with local atomic infor-



mation within each residue (as shown in Figure 5 of Appendix A.1). The full-atom-geometry token
focuses on heavy-atom arrangements in a backbone-defined local frame, including side-chain rotamer
geometry. This complementary tokenization provides information that is largely inaccessible from
backbone geometry alone, allowing the model to incorporate residue-level atomic details that are use-
ful for downstream protein-geometry understanding. We obtain this token by training a residue-level
VQ-VAE tokenizer that takes heavy-atom coordinates expressed in an SE(3)-invariant local frame
defined by the IV, Cc, and C' atoms, together with dihedral-angle features, and assigns each residue a
categorical code. We provide details in Appendix A.1.

3.2 Corrective pretraining with generator-corrupted views

We pretrain TRIPROREP using a corrective token-recovery objective over the three aligned token
sequences. The objective is inspired by ELECTRA-style pretraining [15], but differs in that the
representation model predicts the original token rather than a binary replacement label. In our three-
view setting, generator-based replacement serves as token-level augmentation. Since each residue
is represented by amino-acid, backbone-geometry, and full-atom-geometry tokens, independent
replacement can produce inputs that are plausible within each view but mutually inconsistent across
views. Recovering the original tokens encourages the representation model to model consistency
among sequence identity, backbone geometry, and residue full-atom geometry.

At each step, we independently sample masked positions for each token type. We feed the partially
masked amino-acid, backbone-geometry, and full-atom-geometry token sequences to a small genera-
tor. The generator is trained with masked-token cross-entropy to predict the original token distribution
at each masked position. We then sample replacement tokens from the generator distributions and
construct generator-corrupted token sequences.

The representation model takes the corrupted token sequences as input and predicts the original token
at every position for all three token types, using separate token-recovery heads for the three views.
We use the corrective objective [23], which recovers the original token rather than predicting a binary
replaced-or-unchanged label. This provides dense supervision at every residue position and exposes
the model to a large set of generator-produced cross-view corruptions. After pretraining, we discard
both the generator and the token-recovery heads, and use the hidden states of the representation
model as the transferable protein representation. We provide details in Appendix A.2.

Datasets. We pretrain TRIPROREP on 83.7M predicted protein structures from the AlphaFold Protein
Structure Database (AFDB) [24] and ESMAtlas [22]. AFDB provides AlphaFold2-predicted struc-
tures over proteome-scale sequences in UniProt [25], and ESMAtlas provides ESMFold predictions
over metagenomic sequences in MGnify [26] augmenting the AFDB structures. For AFDB, we use
the representative protein from each UniRef30 cluster and retain structures with pLDDT at least 50,
yielding 18.2M representative proteins. For ESMAtlas, we retain structures with pLDDT greater than
70, yielding 65.5M additional predicted structures.

4 A benchmark for structure-predictive protein representation learning

We introduce REPSP, which evaluates whether protein representations improve structure prediction
across three tasks: (1) inferring homodimer complex structures, (2) predicting residue-level labels
derived from homodimer structures, and (3) accelerating monomer protein structure prediction
via distillation [11]. To the best of our knowledge, our work is the first to use structure-aware
representations for flexible-docking prediction and distillation. The full pipeline is illustrated in
Figure 2, with implementation details in Appendix B.

Dataset curation and split. This benchmark uses 1.8M homodimer complexes released in the March
2026 AlphaFold Protein Structure Database (AFDB) [16]. We focus on homodimers because they are
currently the largest uniformly processed complex dataset in AFDB, providing a controlled setting
for evaluation at scale: the binding partner is identical to the query chain, thereby removing variation
along the partner-pairing axis while still requiring interface-relevant geometric information.?

To be specific, we pair each holo homodimer complex with its corresponding monomer protein
prediction in the AFDB [24, 27, 28]. We then split the dataset by sequence clusters at 50% sequence

2We also evaluate representations in heterodimer settings, as shown in Table 5 of Section 5.4.
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Figure 2: REPSP. We define three structure-generative tasks that use protein representations as input:
(task 1) homodimer structure prediction, (task 2) per-residue homodimer binding-property prediction
via MLP probing, and (task 3) distillation into a monomer structure prediction model.

identity. From the resulting cluster representatives, we select 400 validation and 1,000 test sequences,
and use the remaining representatives for training. We provide details in Appendix B.1.

Homodimer structure prediction (Section 5.1). We evaluate whether protein representations
are predictive of the corresponding homodimer structure. Strong performance indicates that the
protein representation contains structural information useful for protein complex structure inference.
Specifically, a 100M flexible-docking model takes monomer protein representations as input and
learns to predict the homodimer structures. We modify SimpleFold [21], a Transformer-based
single-protein folding model [22], into a homodimer flexible-docking model, with details provided in
Appendix B.2. We evaluate the predicted structures using interface-quality metrics, including DockQ,
iRMSD, LRMSD, and Fnat, and overall quality metrics, including TM-score, LDDT, and RMSD.

Per-residue homodimer binding property prediction (Section 5.2). We next evaluate whether
monomer protein representations are predictive of residue-level binding properties of the correspond-
ing homodimer complex. Strong probing performance indicates that the representation captures
binding-relevant local signals, including binding residues, exposure changes, interface regions, and
interaction types. Given residue-wise monomer representations, we use MLP probing with four per-
residue targets: binary binding site, continuous change in solvent-accessible surface area between the
monomer and homodimer structures (ASASA) [29, 30], Levy tier with five classes, and multi-label
bond type over five interaction classes [31, 32]. We describe details in Appendix B.3.

Distillation into monomer structure prediction (Section 5.3). We evaluate whether protein
representations provide useful distillation targets for monomer structure prediction. This experiment
is motivated by recent work showing that high-quality representations can improve generative model
training through distillation [11]. Following this, we distill monomer protein representations into
the SimpleFold-100M model [21] by maximizing the cosine similarity between monomer protein
representations and the model’s hidden states for structure prediction. Implementation details are
provided in Appendix B.4. We assess representation quality by the resulting improvement in structure
prediction, using TM-score, GDT-TS, GDT-HA, LDDT, backbone-based LDDT},y,, and RMSD.

5 Results

We pretrain TRIPROREP at four model scales: 35M, 150M, 650M, and 2.8B. Then, we compare
against sequence-only ESM2 [22], structure-aware representation models, including SaProt [2],
S-PLM [7], MIF-ST [6], ESM3 [5], and ProstT5 [3]. We report on REPSP, a new benchmark that
evaluates the structure-generative capacity of protein representations (Sections 5.1 to 5.3), and on
conventional protein representation benchmarks (Section 5.4).

5.1 Homodimer structure prediction

Table 1 reports homodimer flexible-docking performance on REPSP, with qualitative examples
shown in Figure 3. Across scales from 35M to 2.8B parameters, TRIPROREP consistently improves
both interface quality and overall structural accuracy, indicating favorable scaling with model size.
Notably, the 650M TRIPROREP model already outperforms the huge baselines on all reported metrics,



Table 1: Homodimer flexible-docking performance on REPSP. Monomer protein representations
predict homodimer structures. Bold denotes the best within each size class. Overall, flexible-docking
with representations from TRIPROREP outperforms the baselines across all parameter scales.

Interface quality Overall quality

Models Params | DockQ 1+ iRMSD | LRMSD | Fnat? | TM-score T LDDT{ RMSD |
Small models
ESM2 35M 0.278 11.549 25942 0417 0.531 0.603 16.176
SaProt 35M 0.296 10.380 25308 0.414 0.567 0.712 14.660
Ours 35M 0.371 8.915 21.964 0.486 0.633 0.771 12.778
Medium models
ESM2 150M 0.310 10.743 25.328  0.450 0.563 0.667 15.170
Ours 150M 0.419 8.170 20.292  0.512 0.666 0.812 11.874
Large models
ESM2 650M 0.374 9.517 22.803  0.533 0.613 0.721 13.913
SaProt 650M 0.443 7.449 18.878  0.548 0.690 0.807 11.196
S-PLM  704M 0.366 9.350 22.678  0.507 0.619 0.708 13.591
MIF-ST 643M 0.299 10.598 25.420 0.384 0.563 0.818 14.521
Ours 650M 0.477 6.883 18.243  0.588 0.705 0.829 10.554
Huge models
ESM2 3B 0.387 8.679 21.455  0.547 0.635 0.732 13.025
ESM3 1.4B 0.448 7.060 18.554  0.579 0.695 0.835 10.719
ProstT5 1.2B 0.409 7.790 20.403  0.541 0.661 0.782 11.843
Ours 2.8B 0.499 6.370 17.087  0.612 0.724 0.834 9.875
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Figure 3: Scaling of flexible-docking. Predicted homodimer structures (chain A blue, chain B gold)
overlaid on ground truth (gray) across encoder sizes (150M, 650M, 3B) for four test records.

while the huge TRIPROREP model achieves the strongest performance on nearly all metrics, with
ESM3 only marginally higher in LDDT.

The gains are most pronounced on interface-level metrics, which depend not only on accurate
monomer structures but also on their relative placement and contact geometry. The qualitative
examples in Figure 3 show the same trend: larger TRIPROREP models reliably recover the correct
monomer orientation, whereas baseline predictions often misplace the interface. These results suggest
that TRIPROREP provides representations that better support complex-level geometric inference.

Our REPSP benchmark also highlights the importance of structural information beyond parameter
count. Structure-aware models, including SaProt-650M, ESM3-1.4B, and ProstT5-1.2B, outper-
form the larger sequence-only ESM2-3B on most metrics. This pattern suggests that homodimer
flexible docking is a structure-sensitive task, making REPSP a useful evaluation setting for structure-
dependent representation quality.



Table 2: Per-residue homodimer binding properties probing on REPSP. MLP probes on monomer
protein representations predict properties on the homodimer. Bold indicates the best within each size
class. Results are averaged over three runs. Our method shows strongest performance.

Binding site ASASA Levy tier Bond type

Models Params | AUPRC AUROC | Pearson Spearman | Macro F1 ~ Acc. | AUPRC AUROC
Small
ESM2 35M | 0.6635 0.8862 | 0.5955  0.3445 0.5386  0.7706 | 0.2936  0.9338
SaProt 35M | 0.6291 0.8794 | 0.6218  0.3923 0.5248 0.8036 | 0.2663  0.9388
Ours 35M | 0.7614 0.9243 | 0.7047 0.4167 0.6260 0.8342 | 0.3566 0.9518
Medium
ESM2 150M | 0.7087 0.9062 | 0.6379  0.3703 0.5665 0.7969 | 0.3227  0.9425
Ours 150M | 0.8161 0.9433 | 0.7801 0.4671 0.6843 0.8668 | 0.4204 0.9642
Large
ESM2 650M | 0.7915 0.9369 | 0.7146  0.4113 0.6442 0.8281 | 0.3902  0.9566
SaProt 650M | 0.8273 0.9508 | 0.7881  0.4715 0.6946  0.8693 | 0.4305 0.9692
S-PLM  704M | 0.7789 0.9324 | 0.6967  0.4036 0.6215 0.8166 | 0.3602  0.9523
MIF-ST 643M | 0.5846 0.8671 | 0.6726  0.4338 0.5261  0.8435| 0.2623  0.9430
Ours 650M | 0.8524 0.9561 | 0.8088  0.4813 0.7290 0.8780 | 0.4425 0.9673
Huge
ESM2 3B 0.8247 0.9483 | 0.7446  0.4281 0.6851 0.8426 | 0.4106 0.9614
ESM3 14B | 0.8470 0.9558 | 0.8121  0.4878 0.7285 0.8898 | 0.4229 0.9673
ProstT5S 1.2B | 0.8291 0.9480 | 0.7574  0.4449 0.6848  0.8538 | 0.4077 0.9594
Ours 2.8B | 0.8650 0.9608 | 0.8152 0.4854 0.7408 0.8811 | 0.4516 0.9691
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Figure 4: Acceleration of monomer structure prediction via representation alignment on REPSP.
We compare the no-REPA baseline against ESM2, SaProt, S-PLM, MIF-ST, and TRIPROREP as the
alignment target. TRIPROREP provides strongest alignment target for structure prediction model.

5.2 Per-residue homodimer binding property prediction

Table 2 reports per-residue probing results on REPSP. Across all model scales, TRIPROREP improves
over the baselines on most tasks and metrics, with the strongest overall performance attained at the
huge scale. The consistency of these gains indicates that the benefits of the proposed representation
are not confined to a particular model size, but scale reliably across the model family.

These probing results offer a residue-level explanation for the co-folding improvements in Section 5.1.
Since the probes are trained on frozen monomer representations, performance gains reflect that
information is already encoded in the representation rather than capacity added by downstream
fine-tuning. The consistent improvements across all four prediction targets therefore suggest that
TRIPROREP captures homodimer binding signals at residue-level resolution, providing mechanistic
evidence for the complex-level gains observed in Table 1.



Table 3: Monomer structure prediction with distillation on REPSP. We report test performance
of a monomer structure prediction model. Bold denotes the best performance. TRIPROREP provides
the strongest alignment target among the evaluated large-scale representation models.

REPA target Params | TM-score 1 GDT-TSt GDT-HA+ LDDT{ LDDTy, T RMSD (A) |

Baseline - 0.5422 0.3432 0.1990 0.6208 0.6746 12.98
SaProt 650M 0.5659 0.3677 0.2192 0.6410 0.6947 12.26
S-PLM 704M 0.5569 0.3559 0.2081 0.6301 0.6838 12.40
MIF-ST 643M 0.5491 0.3520 0.2075 0.6310 0.6827 12.73
Ours 650M 0.5822 0.3858 0.2344 0.6513 0.7051 11.91

Table 4: Ablations on per-residue homodimer binding properties probing. MLP probes on
monomer protein representations predict properties derived from the holodimer. Oursar and Oursy v
denote variants trained only on AlphaFold structures and with masked language modeling, respectively.
Overall, our full model yields strongest performance compared to variants.

Binding site ASASA Levy tier Bond type
Models Params | AUPRC AUROC | Pearson Spearman | Macro F1 ~ Acc. | AUPRC AUROC
ESM2 150M | 0.7104 0.9066 | 0.6376  0.3701 0.5701  0.7972 | 0.3534 0.9542
Oursar 150M | 0.7759 09314 | 0.7285  0.4344 0.6458 0.8470 | 0.3818 0.9576
Oursym 150M | 0.7677 09297 | 0.7309  0.4380 0.6424  0.8471 | 0.3748  0.9588
Ours 150M | 0.8156 0.9432 | 0.7797  0.4662 0.6819 0.8668 | 0.4184 0.9644

5.3 Distillation into monomer structure prediction

Unlike the co-folding and probing evaluations, this experiment uses pretrained representations not as
frozen input features, but as supervisory targets for the structure prediction model. It therefore tests a
complementary property of a representation: whether its structural signal is organized in a form that
can guide the learning of a generative structure predictor.

Figure 4 and Tab. 3 report monomer structure prediction results under this representation-alignment
setting. TRTPROREP achieves the best performance across all reported metrics, indicating that it
provides the most effective supervisory signal for structure prediction training. This suggests that the
structural information captured by TRIPROREP is not only decodable by downstream models, but
also transferable as a training target for structure-generative learning.

We further evaluate huge-scale baselines in Table 10 of Appendix C.2. At this scale, performance
saturates, with ProstT5 and TRIPROREP achieving comparable results. Although ProstTS5 is pretrained
for sequence-to-structure translation, TRIPROREP matches its performance without this objective,
while also performing well in flexible docking-related evaluations where ProstT5 gives only limited
gains. These results indicate that TRIPROREP learns rich representations that support flexible docking
and serve as effective alignment targets for monomer structure prediction.

5.4 Ablation studies

Ablation on pretraining data and objective.
Table 4 ablates two design choices in TRIPROREP
at the 150M scale: pretraining data and pretrain-
ing objective. First, Oursar is trained only on
AlphaFold structures, removing ESMAtlas from

Table 5: Binding-site probing for binder
screening. Probes to predict binding site and
contact count, conditioned on binder representa-
tion. TRIPROREP shows strongest performance.

the pretraining corpus. Next, Oursy v replaces Model Params| Binding site Contact count
the generator-corrupted corrective objective with AUPRC AUROC | Pearson Spearman
standard masked language modeling. Both vari- ISESFI)VH 653(])3M 8-;8‘;2 8;?‘3 8%82 8-3223
. aProt . . . K
apts outperform ESMZ-ISOM, showing that three- Ours 650M | 08184 08271 | 04830 04700
view structure-aware pretraining already provides S-PLM  704M | 07541 0.7640 | 0.4006  0.3903
a strong representation, but the full model achieves Ers"lf/g“ }ig 822(7)3 8;?2135 8-32% 8-3?‘51‘1*
the best performance. This indicates that both the Ours 238 | 08332 08431 | 05160  0.5020

augmented data and the generator-based corrup-
tion improve representation training.




Table 7: Homodimer structure prediction on RCSB structures deposited after June 1, 2023.
We evaluate the co-folding models in Table 1 on real-world homodimers. Bold denotes the best
performance. The relative gains of TRIPROREP are preserved in predicting real-world structures.

Max seq. id. < 90% (N=252) Max seq. id. < 40% (N=86)
Models Params | DockQ 1 Medium% 1 High% 1 | DockQ T Medium% 1 High% 1
S-PLM  704M 0.275 29.8 4.0 0.185 17.4 3.5
ProstT5 1.2B 0.297 333 5.6 0.193 18.6 2.3
ESM2 3B 0.296 329 6.0 0.197 18.6 2.3
SaProt  650M 0.320 36.5 7.1 0.210 19.8 4.7
ESM3 1.4B 0.322 37.7 8.7 0.195 19.8 35
Ours 2.8B 0.342 39.7 13.5 0.228 20.9 8.1

Target-conditioned binder-interface probing. Table 5 evaluates whether protein representations
identify target residues involved in heteromeric binding. This setting differs from homodimer
probing because the interface is formed with a non-identical binder, and therefore tests whether the
representation transfers to asymmetric cross-chain interactions. TRIPROREP shows competitive
or stronger performance on both binding-site classification and contact-count regression. These
results suggest that TRIPROREP encodes residue-level interface information that transfers beyond
homodimeric interactions, supporting its use for target-conditioned binder screening. See the full
results and details in Table 11 of Appendix C.3.

Conventional benchmarks. We also evaluate
TRIPROREP on conventional benchmarks, namely
Enzyme Commission and Gene Ontology [33]. We
use a two-layer MLP probing setup. We describe the
detailed hyperparameters in Appendix C.4. As shown
in Table 6, TRIPROREP remains competitive with

Table 6: Per-protein function probing on
EC and GO. MLP probing results for EC
and GO benchmarks on mean-pooled repre-
sentations. TRIPROREP shows competitive
performance.

the strongest baselines on these benchmarks, while GO
sequence-only ESM2-3B performs close to structure-  Models Params| EC | MF  BP CC
aware models. Small models
ESM2 35M | 0.888|0.618 0.456 0.521

Performance on real-world protein structures. We SaProt ~ 35M |0.882|0.614 0.449 0.539
further evaluate whether the co-folding results trans- Ours 35M 0914 0.640 0474 0.504
fer beyond the AFDB-derived benchmark. Table 7 %/Iseﬁgm m?glf)ﬁ R TR ]
reports homodimer structure prediction performance Ours  150M |0.906|0.642 0.467 0.528
on RCSB structures deposited after June 1, 2023 [34]. Large models
Since our pretraining and co-folding training use pre- ESM2  650M |0.906 | 0.646 0.481 0.533
dicted AFDB structures rather than experimentally re- ~ SaProt ~ 650M | 0.897 | 0.637 0.472 0.555
solved structures, we mainly use loss-based filtering %’PLM 704M | 0.915 | 0.660 0.480 0.531

" . urs 650M | 0.915|0.655 0.488 0.511
and additionally report results under the conventional Hge models
cutoff. The relative trend observed on REPSP is pre- ESM?2 3B 10.920]0.654 0.490 0.532
served on these real-world structures: TRIPROREP ESM3 1.4B |0.926 | 0.648 0.487 0.516
consistently outperforms the baselines in average Ours 2.8B 10923 ]0.660 0.490 0.508

DockQ score and in medium- and high-quality suc-
cess rates (DockQ> 0.49 and DockQ> 0.8).

6 Conclusion

In this paper, we presented TRIPROREP, a structure-aware representation model that incorporates
amino-acid identity, backbone geometry, and full-atom residue geometry, together with REPSP, a
benchmark for evaluating whether pretrained protein representations provide useful geometric signals
for structure-predictive modeling. On REPSP, structure-aware representations outperform sequence-
only protein representations, and TRIPROREP further improves over prior structure-aware baselines.
These results highlight the utility of structure-aware protein representations for structure-predictive
modeling, with finer geometric detail further improving their utility in these tasks.

Limitations. Following prior structure-aware representation learning studies that use predicted
structures [2, 3, 7], TRIPROREP and REPSP use high-confidence AFDB structures for million-scale,
uniformly processed benchmarking, while broader validation on experimentally resolved structures
remains future work despite similar initial trends on real PDB complexes (Table 7).
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A Details in TRIPROREP

A.1 Full-atom tokenization

For each residue, the tokenizer computes heavy-atom geometry features from Atom37 coordinates.
These features include (i) atomic displacements relative to Ca in a per-residue canonical frame,
which gives SE(3) invariance, (ii) distances from Ca to each heavy atom, (iii) binned backbone bond
angles, and (iv) binned side-chain torsions X1, . .., x4. These features initialize a per-atom single
representation and a 37 x 37 inter-atomic pair representation. The two representations are jointly
refined by IV stacked Pairformer-style layers. We pool the resulting 37 atom embeddings within each
residue to obtain a continuous embedding z, and assign z to its nearest codebook entry g from a
learned codebook of size V.

Training objective. We pretrain the tokenizer on AlphaFoldDB monomer structures with
L = Lyq-vaE + Lpair + Ly, (D

where Lvq-vag is the standard VQ-VAE objective, L, is a clamped pairwise inter-atomic distance
loss, and £, is a per-bin cross-entropy loss for side-chain torsion prediction.

Hyperparameters. The tokenizer uses single width 256, pair
width 128, and N = 6 Pairformer-style layers with 8 attention
heads. The output embedding dimension is 256. The codebook
contains V' = 512 entries, uses EMA updates with decay 0.99,
and uses entropy regularization with weight 0.1. Backbone
angles and side-chain torsions are discretized into 21 bins over
[-7,7]. The decoder is a 4-layer Transformer with hidden
size 256 and 8 attention heads. All loss terms have weight
1.0. We train with AdamW using learning rate 5x 1074, 3 =

(a) Backbone Tokens

[ o

(0.9,0.99), and weight decay 0.01. Gauche+

Ablations. We compare whether the backbone and full-atom (b) Full-atom Tokens
tokenizers capture side-chain information by measuring their Q
sensitivity to side-chain rotamers (Figure 5). For each token, &

we compute its distribution over the three canonical x; ro- *
tamers: Trans (=~ 180°), Gauche™ (=~ +60°), and Gauche™

(= —60°). We then plot each token in a triangle whose vertices
correspond to the three rotamer states. Tokens near a vertex are ©
associated with a specific rotamer, while tokens near the center &
mix multiple rotamers.

Gauche+
Backbone tokens are broadly spread near the center, indicating Density(log

that they do not separate side-chain rotamer states well. In 100 10

contrast, full-atom tokens are concentrated near the vertices, Figure 5: Tokens vs. sidechain ro-
showing that they capture side-chain rotamer geometry. This tamer. Density of codes in the
result confirms that full-atom tokens provide side-chain infor- simplex. (a) Backbone tokens.
mation that is largely absent from backbone tokens, making the (b) Full-atom tokens.

two tokenizers complementary.

A.2 Corrective pretraining with generator-corrupted views
Letx = (x2*, ", ) denote the token sequences for a protein of length L, where **, P, and 2
are the amino-acid, backbone, and full-atom token sequences, respectively. We pretrain TRIPROREP
with a corrective token-recovery objective. The objective follows the generator-discriminator structure
of ELECTRA [15]. A lightweight generator G replaces selected tokens with plausible alternatives,
and the representation model £ recovers the original tokens from the corrupted input.

Generator-based tri-token augmentation. We use generator-based replacement as an augmenta-
tion scheme for tri-token protein pretraining. Instead of masking tokens and asking the model to
reconstruct them from explicit mask symbols, we first use G to replace selected tokens with plausible
in-distribution alternatives. We sample replacement positions independently for the three views.

Letm" C {1,..., L} denote the positions selected for replacement. We first form a masked input
gmasked by replacing z¥ with [MASK] for all i € m". The generator predicts a token distribution
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Table 8: ELECTRA model configuration across the four scales.
35M  150M  650M  2.8B

embedding dim 480 640 1280 2560
encoder depth 10 28 30 33
decoder depth 2 2 3 3
attention heads 20 20 20 40

g (- | xmasked) at each selected residue 7 and samples a replacement token:
AU v masked\ . v 2
i~ po( | x )is iem’. (2)

We then replace the original tokens at the selected positions with the sampled tokens to obtain the
corrupted tri-token input a*FUPt,

Training objective. The generator is trained with masked-token cross-entropy:

Ly = E lz Z Lcr (pg(wmasked)i’x;;)] ’ 3)

v 1EMY
where Lcg denotes the cross-entropy loss over the predicted token distribution.

The representation model is trained to recover the original tokens from the corrupted tri-token input:

L
Z Z»CCE (pg(wcorrupt)i’ (E;})‘| ’ 4)
i=1

v

»Crec =E

where p (- | &"PY); is its predicted token distribution at residue 7 and view v. Unlike the generator
loss, the recovery loss is applied to all residue positions and all views.

Architecture. The generator G and the representation model £ are Transformer-based sequence
models over residue-level tri-token inputs. For each residue ¢, the amino-acid, backbone, and full-
atom tokens (2%, xPP %) are embedded with view-specific embedding tables e, ", and ef?.

The three embeddings are concatenated along the feature dimension and projected to the Transformer
hidden dimension with a fuse layer:

o \

B = Wiuse [ (a3®); € (a?); e (2])] 5)
The sequence of fused residue representations (hgo), R h(LO)) is then processed by a Transformer
stack with rotary positional information. Note that the generator is smaller than the representation

model. After pretraining, we discard the generator and all token-recovery heads. We use the hidden
states from the Transformer stack of £ as transferable protein representations.

Hyperparameters. We pretrain four model scales, 35M, 150M, 650M, and 2.8B, using the config-
urations in Table 8. Across all scales, the generator G uses an 8-layer Transformer encoder and a
2-layer Transformer decoder, and is discarded after pretraining. The representation model £ follows
the scale-specific Transformer configuration in Table 8.

All models are pretrained for S00K steps with a crop size of 512 residues. We use NVIDIA B200
nodes with 8 GPUs per node. The 35M, 150M, 650M, and 2.8B models are trained on 1, 2, 4, and
4 nodes, respectively, with per-GPU batch sizes of 128, 64, 32, and 32. This gives an effective
batch size of 1024 protein sequences for all scales. We independently mask each token view with
probability 0.6. Training uses AdamW with peak learning rate 4 x 10~4, weight decay 0.01, 5, = 0.9,
B2 = 0.95, gradient clipping at 1.0, and bf 16-mixed precision.
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B Details in REPSP

B.1 Dataset curation

We use 1.8M high-confidence homodimer complexes released in the March 2026 AlphaFold Protein
Structure Database (AFDB) complex expansion [17, 27, 16]. For each dimer, we obtain the corre-
sponding single-chain apo monomer prediction from AFDB, keyed by UniProt accession. Samples
without an AFDB monomer prediction are removed, leaving 1,719,497 apo-holo pairs. We split the
benchmark by sequence clusters using MMseqs2 [35] easy-cluster with a 50% sequence-identity
threshold. This yields 404,961 cluster representatives, from which we select 400 validation and 1,000
test sequences. We construct the initial training split from the remaining representatives, then remove
training sequences that share more than 50% sequence identity with any validation or test sequence.
After this filtering step, the training split contains 390,861 samples.

B.2 Homodimer structure prediction

To construct a co-folding model for benchmark purposes, we modify SimpleFold [21], an open
Transformer-based single-protein folding model, into a homodimer co-folding model. Our model has
a per-atom representation module, a per-residue trunk that fuses the monomer features at its entrance,
and a per-atom decoder that outputs the denosing predictions.

Tokenization and monomer representation extraction. For each protein, we convert its structure
into per-residue and per-atom token tables using the Boltz tokenizer [20, 19], which standardizes
residue indexing, atom typing, and bond information across the training pool. We then compute
per-residue features for the monomer protein with the frozen representation model hmonomer- ACross
runs, we change only the monomer representation model. The atom-processing layers, trunk, and
atom decoder are shared across all runs.

Atom representation module and representation fusion. The atom representation module is a
windowed Transformer with depth 1, hidden size 256, and 4 attention heads. This processes per-atom
features, e.g., atom and bond types, together with per-atom coordinates of the current diffusion state
2, and produces per-atom latents a € RNwn*256 We aggregate a to per-residue latents via mean
pooling along an atom-to-token assignment, and project up to the trunk hidden size of 768.

Then, we construct the monomer input by concatenating two copies of h along the residue dimension
and adding learned chain-identity embeddings Ep,i, that distinguish chain-A and chain-B positions:

7 2L X Dimonomer
h = Concat(hmonomera hmonomer) + Echain € R x . ©6)

We then fuse h into the per-residue latent at the trunk entrance via concatenation followed by a
learned linear layer Wy : R768F Pmowoner _y R768:

2 = Wey (concat(token-latent, 7)) € R2E*768, @)

Trunk. The trunk is an 8-layer DiT [36] stack with hidden size 768, 12 attention heads (head dim
64), SwiGLU MLPs of ratio 4, and QK-norm along (chain, residue, atom, sub-atom) axes. The trunk
operates only on the residue-level latents and outputs 2z’ € R2LX768,

Per-atom decoder. We expand 2’ back to per-atom latents through the atom-to-token assignment,
residual-add the per-atom representation output a, project down to the decoder hidden size 256, and
pass through a windowed Transformer decoder of depth 1, followed by a final AdaLN layer that
produces the predicted velocity vpreq € R?EX Nuom X3,

Flow-matching training. We train the model via flow matching. Given clean homodimer coordinates
x1 and noise zg ~ N(0, I), training algorithm samples ¢ ~ U (0, 1) and computes the interpolant
2y = (1 —t),zo + t, 1. Then, the model is trained to minimize:

- 9 _
L =FEyuya |vo(as,t, h) — (21 — 20)|” + Moo LIBHT ®)
where £{19" is a smooth IDDT auxiliary on the denoised coordinates. At inference, we sample

xo ~ N (0, I) and integrate vy from ¢ = 0 to ¢ = 1 with an Euler-Maruyama integrator to obtain the
predicted homodimer coordinates.
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Hyperparameters and experimental settings. For all experiments, we use four NVIDIA B200
GPUs. We train the model for 100,000 steps with AdamW using a learning rate of 2 x 10~% and weight
decay of 0.01. We use gradient clipping with norm 2.0 and use norm 0.5 for 2.8B representations
to prevent exploding gradients. We use bf16-mixed precision. Following Boltz [19, 20], we apply
a multiplicity factor of 8 to each sample, which replicates each sample with 8 independent random
SE(3) augmentations within a step. With 4 samples per GPU and DDP across 4 GPUs, the effective
batch size is 128 samples per step. During training, we crop each protein to 512 residue tokens
using the Boltz interface-aware cropper and pad to a static shape for torch. compile. The auxiliary
smooth-IDDT loss weight is Appr = 1.0. At inference, we use 500 time steps and noise scale
7 = 0.3 to obtain the predicted homodimer coordinates.

B.3 Per-residue homodimer binding property prediction

Label construction. We first compute binding-relevant properties from the homodimer structures.
These properties cannot be directly obtained from the monomer alone because they require the
corresponding homodimer structure. To be specific, we derive four targets for residue ¢ as follows.

Binding-site prediction (binary classification). A residue is labeled positive if its C,, atom lies within
8 A of any C,, atom on the partner chain.

ASASA prediction (regression). For the monomer and the homodimer, we compute the per-residue
solvent-accessible surface area using the Shrake-Rupley algorithm [30] as implemented in BioPython
[37], with probe radius 1.4 A and 960 sphere points and get labels:

ASASA; = SASAT™ _ GAGAdmer

Levy tier (multi-class classification). We assign each residue to one of five structural regions following
the support-core-rim definition [38]. This computes the relative SASA r; = SASA;/SAS flnf(’z‘-),
where SASA ;) is the maximum SASA for residue type aa(i). Then, this computes r; for both
the monomer and the homodimer. Residues without inter-chain contacts are assigned to surface if
7R > 0.25 and to interior if r*°"° < 0.25. Contacting residues are assigned to support if they
are already buried in the monomer (r;°°"° < 0.25), to rim if they remain exposed in both states
(rmeno > (.25 and rdimer > (.25), and to core if they are exposed in the monomer but become

buried in the dimer (7°"° > .25 and r{™¢" < (.25).

Bond type (multi-label classification). For each inter-chain residue pair, we test five non-covalent
interaction types: hydrogen bonds, salt bridges, hydrophobic contacts, 7— stacking, and cation—m
interactions. We compute interaction labels using PLIP [31]. Residue-level labels are obtained by
taking the union of interaction types over all inter-chain partners of each residue.

Aggregation across chain instances. Each residue position appears twice in the homodimer, once in
each chain. Since the representation model takes the monomer as input and is chain-blind, we merge
the two chain-specific labels into a single per-position label: OR for binding site and bond type, mean
for ASASA, and max-rank aggregation for Levy tier.

Hyperparameters and experimental settings. We use a deterministic 10% subset of the training split
for probe training to better evaluate generalization capability of representations, while using the full
validation (400) and test (1,000) sets. For each monomer protein, we extract residue-wise monomer
representations and train a two-hidden-layer MLP with hidden width 1280, GELU activations, and
dropout 0.1. We train each probe for 10 epochs with a residue-wise batch size of 16,824, which
corresponds to approximately 40 to 50 proteins per batch.

B.4 Monomer structure prediction through distillation

Architecture. Our folding model follows the atom-token-atom design of SimpleFold [21]. A per-
atom encoder maps atomic features together with the current diffusion state x; into atom latents,
which are pooled into per-residue tokens. The tokens pass through a residue-level Transformer trunk,
and a per-atom decoder reads the trunk output to predict the flow-matching velocity.

The trunk also incorporates per-residue embeddings from a frozen ESM2-650M sequence back-
bone [22]. These embeddings are added to the residue tokens at the trunk entrance. The trunk is an
8-layer DiT [36] stack with hidden size 768, 12 attention heads, head dimension 64, SwiGLU MLPs

16



with ratio 4, and QK-norm. The atom encoder and decoder are windowed Transformers with depth 1,
hidden size 256, and 4 attention heads, identical to SimpleFold.

Representation alignment. We evaluate whether frozen monomer representations provide useful
auxiliary supervision for monomer structure prediction. For each representation model, we first
extract residue-wise monomer protein representations as representation alignment targets h, and
cache them. During training, we align the intermediate representation of the structure prediction
model with the frozen monomer representation. Specifically, we use the output of the 4-th DiT
block’s representation z, and align it to the cached target representation h. A two-layer MLP maps
the source representation to the target representation dimension:

h = g(z) )]

where the hidden size of g is max(768, Dy, ). We then minimize a residue-wise negative cosine
similarity between the projected source representation and the cached target representation:

h”Lv h’ Z
LREPA = —AREPA 737 v Z e (10)

= il [l hege,q

where V denotes the valid residue indices in the cropped sample. Gradients from Lrepa are applied
only to the DiT trunk and the projection head g.

Hyperparameters and experimental settings. We train on four NVIDIA B200 GPUs for 30,000
steps with AdamW (learning rate 4 x 10~*, weight decay 0.01), gradient-norm clipping at 2.0, and
bf16-mixed precision. We crop with the Boltz cropper to max_tokens = 256, padded to static
shapes for torch.compile. We use a multiplicity factor of 8, a per-GPU batch of 4, and DDP
across 4 GPUs, giving an effective batch size of 128 samples per step. The smooth-IDDT weight is
Aippr = 1.0 and the REPA weight is Aggpa = 2.0. At inference, we use 500 time steps and noise
scale 7 = 0.3 to obtain the predicted monomer coordinates.
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C Additional experiments

C.1 Additional per-residue property prediction

Table 9: Per-residue homodimer binding properties probing on REPSP. MLP probes on monomer
protein representations predict properties derived from the holodimer. Bold indicates the best within
each size class. We use three random seeds.

Binding site ASASA Levy tier Bond type

Models Params AUPRC AUROC Pearson Spearman Macro F1 Acc. AUPRC AUROC
Small

ESM2 35M | 0.6635+0.0009 0.8862+0.0005 | 0.5955+0.0015 0.3445+0.0015 | 0.5386+0.0027 0.7706+0.0002 | 0.2936+0.0004 0.9338+0.0003
SaProt 35M | 0.6291+0.0009 0.879440.0005 | 0.6218=0.0007 0.3923+0.0010 | 0.5248+0.0041 0.8036+0.0003 | 0.2663+0.0014 0.9388+0.0001
Ours 35M | 0.7614+0.0003 0.9243+0.0002 | 0.7047+0.0003 0.4167-+0.0006 | 0.6260+0.0037 0.8342+0.0003 | 0.3566-+0.0002 0.9518-+0.0002
Medium
ESM2 150M ‘0.7087i().0025 0.9062i0.00[)9‘0.6379;{:0.000(‘» 0.3703+0.0014 | 0.5665+0.0031 0.7969;{:0.0003‘0.32271[),[]034 0.9425+0.0003

Ours 150M | 0.8161+0.0004 0.9433-+0.0002 | 0.7801+0.0003 0.4671+0.0012 | 0.6843+0.0021 0.8668=0.0001 | 0.4204:0.0024 0.9642-:0.0002
Large

ESM2 650M | 0.7915+0.0006 0.9369-£0.0006 | 0.7146+0.0007 0.4113+0.0007 | 0.6442+0.0033 0.8281+0.0010 | 0.3902+0.0020 0.9566-+0.0001
SaProt  650M | 0.8273-+0.0008 0.9508-£0.0003 | 0.7881+0.0002 0.4715+0.0012 | 0.6946+0.0014 0.8693+0.0004 | 0.4305+0.0016 0.9692-+0.0002

S-PLM  704M | 0.7789+0.0017 0.9324-0.0006 | 0.6967+0.0002 0.4036+0.0013 | 0.6215+0.0021 0.8166+0.0001 | 0.3602+0.0024 0.9523+0.0001
MIF-ST 643M | 0.5846+0.0016 0.8671+0.0007 | 0.6726+0.0008 0.4338+0.0011 [ 0.5261-+0.0022 0.8435+0.0002 | 0.2623-+£0.0023 0.9430-0.0003
Ours 650M | 0.8524+0.0011 0.9561-0.0002 | 0.8088+0.0001 0.4813+0.0005 | 0.7290+0.0009 0.8780=+0.0001 | 0.4425+0.0050 0.9673+0.0008

Huge
ESM2 3B | 0.8247+0.0008 0.9483+0.0002 | 0.7446+0.0009 0.4281+0.0012|0.6851+0.0054 0.8426+0.0004 | 0.4106+0.0027 0.9614+0.0003
ESM3 1.4B | 0.8470+0.0016 0.955840.0005 | 0.8121+0.0009 0.4878+0.0010 | 0.7285+0.0048 0.8898-£0.0002 | 0.4229+0.0056 0.967340.0002

ProstTS  1.2B | 0.8291+0.0013 0.9480+0.0004 | 0.7574+0.0011 0.4449+0.0004 | 0.6848-+0.0025 0.8538+0.0005 | 0.4077+0.0040 0.9594-0.0002
Ours 2.8B | 0.8650+0.0007 0.9608+0.0005 | 0.8152+0.0009 0.4854+0.0020 | 0.7408+0.0016 0.8811+0.0003 | 0.4516=0.0017 0.9691+0.0011

C.2 Additional results on monomer structure prediction

Table 10: Additionnal results on monomer structure prediction with disillation on REPSP. Bold
denotes the best performance.

REPA target Params | TM-score? GDT-TS1 GDT-HA1 LDDT1 LDDTy, T RMSD (A) |

Baseline - 0.5422 0.3432 0.1990 0.6208 0.6746 12.98
SaProt 650M 0.5659 0.3677 0.2192 0.6410 0.6947 12.26
S-PLM 704M 0.5569 0.3559 0.2081 0.6301 0.6838 12.40
MIF-ST 643M 0.5491 0.3520 0.2075 0.6310 0.6827 12.73
ESM3 1.4B 0.5684 0.3714 0.2223 0.6366 0.6900 12.25
ProstT5 1.2B 0.5833 0.3854 0.2328 0.6535 0.7119 11.76
Ours 650M 0.5822 0.3858 0.2344 0.6513 0.7051 11.91

C.3 Per-residue heterodimer binding-property probing

Dataset curation. We probe per-target-residue binding properties on heterodimers from
PPIRef50K [39], restricting to entries where the binder and target chains have non-identical se-
quences (n = 15,913 complexes; sequence-identical homodimers are excluded so that labels strictly
reflect cross-chain interactions between distinct proteins). Each complex consists of two distinct
chains (binder, target), so labels are not aggregated across chain instances. The representation model
takes the target monomer as input, and we evaluate two complementary target-conditioned labels: a
binary binding-site indicator and a continuous contact count.

Binding-site prediction (binary classification). Per-residue solvent-accessible surface area is
computed for both the target monomer and the binder—target complex with DSSP [40], using the
Sander-Rost relative-ASA normalization. Let 72°"° and ;"™ denote the relative ASA of target
residue 4 in the monomer and the complex, respectively, and define the burial change Ar; =
rmone — 7% A residue is labeled positive if Ar; > 0.05 and both 7°"°, 7P are finite, i.e., its
surface is measurably occluded by the binder. Residues with non-finite DSSP output (missing atoms,

alternative locations) are dropped from training and evaluation.

Contact-count prediction (regression). For each target residue ¢ we count the number of partner
C. atoms within 8 A of i’s C,:

c; = |{j€binder: HC;J—CZJ»H §8AH. (11)
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Compared with the binary binding-site label, ¢; retains a graded signal of how deeply each interface
residue is packed against the partner, capturing local contact density and hotspot strength. Targets are
stored as log(1 + ¢;) and the probe is trained with mean-squared error on the transformed target; we
report Pearson r and Spearman p on the original count scale.

Class-balanced subsampling. Across heterodimer targets, only ~10.9% of residues are interface
residues, which biases probes toward majority-class collapse for the binary task and zero-inflation
bias for the regression task (a trivial ¢; = 0 predictor would attain a low MSE while learning nothing).
To control prevalence we construct a single deterministic class-balanced subsample that we apply
uniformly to both tasks: we keep all interface residues (Ar; > 0.05) and globally Bernoulli-sample
non-interface residues with probability p = ninterface /Tnon» yielding ~ 50/50 prevalence (~ 620,000
residues kept). The same per-PPI keep-mask is applied identically to the training, validation, and
test splits (the split is PDB-level, so a target’s residue indices retain their split tag while the mask
determines residue-level inclusion). The mask is generated once with a fixed seed (default 42) so
that all PLMs see exactly the same residues across the binding-site and contact-count tasks. Because
train and test share the same balancing rule, chance baselines shift accordingly: AUPRC chance is
0.5 for binding-site, and the variance of log(1 + ¢;) on the balanced subset replaces the zero-inflated
baseline for regression.

Hyperparameters and experimental settings. For each target monomer, we extract residue-wise
representations from the frozen PLM and feed them into a probe head. The probe head is a two-
hidden-layer MLP with hidden width 1,280, GELU activations, and dropout 0.1, optimized with
AdamW (weight decay 0.01). We train each probe for 10 epochs with a residue-wise batch size of
16,824 and a learning rate of 5 x 10~*. Binding-site uses cross-entropy with uniform class weights
(the subsample already removes majority-class dominance, so reweighting would collapse to identity);
contact-count uses mean-squared error on log(1 + ¢;). We evaluate on the full validation and test
splits (residues filtered by the same balanced mask). Binding-site is reported with AUPRC and
AUROC; contact-count with Pearson r and Spearman p.

Table 11: Per-residue heterodimer binding properties probing on REPSP. MLP probes on
monomer protein representations predict properties derived from the heterodimer complex. Both
labels are target-conditioned and evaluated on a class-balanced subset. Bold indicates the best
performance within each model-size group. Our model achieves the strongest performance.

Binding site Contact count
Models Params AUPRC AUROC Pearson Spearman
Small
ESM-2 35M 0.7174+0.001  0.656+0.002 | 0.339+0.002 0.322+0.001
Ours 35M | 0.755+0.001 0.693+0.001 | 0.411+0.002 0.401+0.002
Medium
ESM-2 150M | 0.7414+0.001  0.676+0.001 | 0.376+0.003 0.362+0.003
Ours 150M | 0.796+0.001 0.727+0.002 | 0.460+0.004 0.445+0.004
Large

ESM-2 650M | 0.759+0.002 0.692+0.001 | 0.407+0.002 0.391+0.002
SaProt 650M | 0.797+0.001  0.730+0.001 | 0.500+0.002 0.476+0.002
S-PLM  704M | 0.755+0.001  0.690+0.001 | 0.402+0.002 0.390+0.001
MIE-ST 643M | 0.757+0.000 0.695+0.001 | 0.448+0.002 0.435+0.003
Ours 650M | 0.817+0.001 0.744+0.000 | 0.482+0.001 0.468+0.001

Huge

ESM-2 3B 0.764+0.000 0.697+0.000 | 0.415+0.002 0.396+0.002
ESM3 1.4B 0.746+0.007  0.696+0.004 | 0.047+0.007 0.045+0.010
ProSST 1.2B 0.761+0.000 0.694+0.000 | 0.442+0.002 0.426+0.002
Ours 2.8B | 0.834+0.001 0.761+0.000 | 0.517+0.000 0.502+0.000

C.4 Conventional benchmark

Following SaProt [2], instead of native crystal structures we use AlphaFold predicted structures
from the AFDB corresponding to each protein sequence. For each protein, we extract last-layer
residue-wise representations from the pretrained encoder and mean-pool over non-special tokens to
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obtain a single per-protein embedding. We then train a two-hidden-layer MLP probe with hidden
width 1280, GELU activations, and dropout 0.1, using binary cross-entropy. Each probe is trained for
100 epochs with Adam (learning rate 5 x 10~%) and a per-protein batch size of 128. We select the
epoch with the highest validation F},,,x and report the corresponding test Fipax.
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