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ABSTRACT

Molecular glues (MGs) modulate protein function by inducing or stabilizing protein interactions. However, accurately modeling
MG ternary complexes remains challenging. Here, we present DiffTernary, a diffusion-based docking method for the joint
prediction of relative protein arrangement and MG binding pose. We introduce Ternary-PDB, a dataset of 76,702 experimentally
determined ternary complexes curated from the Protein Data Bank using structural filters and a release cutoff aligned with
AlphaFold 3 (AF3). When trained on this dataset, DiffTernary achieved acceptable protein–protein interaction (PPI) predictions
(DockQ > 0.23) for 50.0% of MGBench complexes with a single prediction, compared with 51.1% for AF3. In comparisons with
AF3, OpenFold3, ESMFold2, Protenix-v1 and Protenix-v2, DiffTernary ranked second with a best-of-25 PPI prediction success
rate of 78.4%, behind ESMFold2 (90.9%) and ahead of AF3 (72.7%). A separate DiffTernary model trained on TernaryDB
achieved a mean DockQ of 0.306 on the 94 complexes in the TernaryDB MGD test set with a single prediction, compared
with 0.228 for DeepTernary. Confidence-based selection among 40 samples yielded acceptable PPI predictions for 41.5% of
complexes, compared with 30.9% for DeepTernary. An E2Former variant increased training and sampling throughput 6.90-fold
and 4.37-fold, respectively, under the evaluated configurations. Together, DiffTernary and Ternary-PDB provide an efficient
docking approach for MG complex prediction and a valuable structural resource for MG discovery and design.

1

2

3

4

5

6

7

8

9

10

11

12

13

14

Introduction15

MGs are typically small, monovalent molecules that induce new protein–protein interactions (PPIs) or stabilize existing ones16

through ternary complex formation1–4. Based on their mechanisms of action, MGs can be classified as MG degraders (MGDs),17

nondegradative heterodimerizers, or homodimerizers2, 5. MGDs recruit target proteins to E3 ubiquitin ligases, leading to18

ubiquitination and proteasomal degradation. Nondegradative heterodimerizers stabilize PPIs without inducing degradation,19

whereas homodimerizers promote protein self-association3, 6. Unlike proteolysis-targeting chimeras (PROTACs), which consist20

of two protein-binding moieties connected by a linker, MGs generally have a compact, monovalent structure. This property21

makes MGs attractive for targeting traditionally undruggable proteins, including transcription factors and intrinsically disordered22

proteins, while potentially retaining favorable drug-like properties1, 2.23

Despite increasing interest in MGs, their discovery still relies largely on phenotypic screening, chemical proteomics, and24

biochemical assays2, 7, 8. Structures of MG ternary complexes reveal how the MG binds and how the two proteins interact,25

providing a basis for understanding MG activity and guiding molecular design. However, determining MG ternary complex26

structures by X-ray crystallography or cryo-electron microscopy remains challenging, and relatively few experimental structures27

are available3, 5, 9. Computational structure prediction can complement experimental studies and support structure-guided28

optimization and virtual screening of MGs3, 10. Cofolding methods predict complex structures from protein sequences and29

molecular representations, whereas docking methods assemble complexes from the structures of their individual components.30

Cofolding models, including RoseTTAFold All-Atom, AF3, Chai-1, Boltz-1, Boltz-2, and Protenix, predict assemblies31

containing proteins and small molecules11–16. More recent developments include OpenFold3, OpenDDE, ESMFold2, Protenix-32

v1 and Protenix-v217–21. However, predicting MG ternary complexes remains challenging because both the protein–protein33

interface and the MG binding pose must be determined. These complexes can involve either two structured protein domains34
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(Group 1) or a short sequence motif bound to a structured domain (Group 2)3. In addition, proteins brought together by35

an MG may lack the coevolutionary signals that help identify interfaces in naturally occurring complexes. In our previous36

benchmark, cofolding methods performed less accurately on MG complexes without closely related structures in their training37

data, with particularly poor performance on domain-domain interfaces22. These limitations motivate the development of38

methods specifically designed for MG ternary complex structure prediction.39

Docking provides an alternative approach by assembling complexes from the structures of their components. Existing40

docking methods for PROTAC ternary complexes typically combine protein–protein docking, conformational sampling, and41

structural refinement, using the two protein-binding moieties and connecting linker to guide complex assembly23–25. Applying42

these strategies to MGs is challenging because their compact scaffolds do not provide the same two binding moieties and linker43

geometry. DeepTernary introduces the TernaryDB dataset and uses an SE(3)-equivariant network for ternary complex docking,44

with limited reported success9. Diffusion models have also been applied to several docking tasks, including protein–ligand45

docking with DiffDock26 and DiffBindFR27, protein–protein docking with DiffDock-PP28, and protein–peptide docking with46

DiffPepDock29. However, diffusion-based methods have not yet been specifically developed for MG ternary complex docking,47

which requires joint prediction of the relative protein arrangement and the MG binding pose.48

Here we present DiffTernary, a diffusion model that jointly predicts protein arrangement and MG binding pose from49

component structures. To learn ternary interactions beyond the limited set of experimentally resolved MG complexes, we50

introduce Ternary-PDB, a collection of 76,702 ternary complexes with small-molecule or peptide bridges, assembled using51

structural filters and a release cutoff aligned with AF3. During training, one protein remains fixed while the partner protein52

and MG are jointly perturbed, allowing the model to learn their placement through denoising. We first evaluate the Tensor53

Product model trained on this dataset against AF3, OpenFold3, ESMFold2, Protenix-v1, Protenix-v2 and DeepTernary on54

the MG ternary complex benchmark MGBench22. With a single prediction, DiffTernary achieves a PPI prediction success55

rate comparable to AF3. DiffTernary ranks second with a best-of-25 PPI prediction success rate of 78.4%, behind ESMFold256

(90.9%) and ahead of AF3 (72.7%). We then train a separate Tensor Product model on TernaryDB for comparison with57

dedicated docking methods. Confidence-based selection among 40 samples yields acceptable PPI predictions for 41.5% of58

complexes, compared with 30.9% for DeepTernary. Finally, an E2Former variant30 increases training and sampling throughput59

6.90-fold and 4.37-fold under the evaluated configurations. Because DiffTernary uses equivariant message passing without60

requiring multiple sequence alignments or Pairformer blocks, it provides a dedicated docking tool for future MG virtual61

screening and design.62

Results and Discussion63

Ternary-PDB establishes a structural data foundation for ternary interactions64

To support training of DiffTernary, a dedicated ternary complex structure prediction model, we curated Ternary-PDB from65

experimentally resolved complexes with small-molecule or peptide bridges, thereby expanding the structural repertoire available66

for ternary systems (Fig. 1a). We constructed Ternary-PDB from Protein Data Bank (PDB) structures31 released on or before67

the AF3 training cutoff of 30 September 2021, allowing comparison with AF3 on subsequently released complexes. We68

included X-ray and cryo-EM structures at resolutions of 9 Å or better, following AF3’s limits on the number of chains per69

assembly and its structure preprocessing procedure12. We defined a ternary complex as two protein chains connected by a70

bridging molecule, with at least three heavy atoms of the molecule within 5 Å of each protein. We excluded bridging molecules71

that were covalently attached to either protein, contained metals, or were not resolved in the experimental density. In addition72

to small molecules, we included peptides shorter than 16 resolved residues that bridged two larger protein chains, allowing73

the dataset to cover both linear peptides and macrocycles. Each complex provides data on two proteins contacting a bridging74

molecule, the ternary geometry learned by DiffTernary. Lipid and cofactor bridges were therefore included alongside small75

molecules relevant to therapeutic MGs. Starting from 89,935 candidate PDB entries, 85,774 retained two protein chains after76

preprocessing, and 18,929 contained at least one qualifying bridging molecule. For comparison, TernaryDB was assembled77

from X-ray structures at 3.5 Å or better with R-free values no higher than 0.26 and did not apply AF3’s release cutoff9. Our78

collection of 76,702 ternary complexes represents a 3.4-fold increase in the number of complexes and a 4.6-fold increase in the79

number of PDB entries compared with TernaryDB, which contains 22,303 complexes9 (Fig. S1a).80

Lipids, detergents and pigments were the most common bridges (39,114 complexes), followed by nucleotides and enzyme81

cofactors (15,029 complexes) (Fig. S1c). The dataset contains 153,404 protein-chain occurrences across its complexes. Source-82

organism annotations are available for 153,084 occurrences spanning 1,579 organisms. Photosynthetic species are prominent83

sources of pigment- and lipid-bridged complexes, alongside commonly studied model organisms. The 12 most represented84

organisms contribute approximately half of the annotated chain occurrences (Fig. S1d). Small molecules bridge proteins85

with different sequences in 4,198 complexes, the category most relevant to therapeutic MGs. Peptides bridge another 3,37486

complexes, including 430 with cyclic peptides, which are absent from TernaryDB. Bridges with 20 to 55 heavy atoms account87
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for 69.9% of complexes. Bridges with more than 100 heavy atoms occur in 1.2% of complexes and are mainly large lipids and88

pigments. Peptide bridges are generally larger, with a median of 76 heavy atoms (Fig. S1e).89

We clustered the three components of each complex to control redundancy between training and validation. Protein90

chains were grouped by MMseqs232 at 40% sequence identity, peptides shorter than 10 residues by identical sequence, and91

small-molecule bridges by chemical component identifier. Combining these component clusters yielded 23,827 complex92

clusters, twelve times the 1,982 clusters of TernaryDB. Of these, 13,412 contain a single complex (Fig. S1b). This expanded93

collection therefore includes additional combinations of protein sequence clusters and bridging molecules. MGBench22 contains94

88 complexes with 68 MGs. Their protein sequences lie within the range represented in Ternary-PDB (Fig. S1g), and their95

molecular chemistries are similarly covered (Fig. S1f).96

Overview of DiffTernary97

DiffTernary predicts an MG ternary complex from two protein conformations and the chemical structure of the MG. Both98

proteins are treated as rigid bodies, and the MG conformation changes through rotations around its rotatable bonds. One protein99

remains fixed while the partner protein and MG are docked jointly. Training includes both choices of fixed protein, and either100

protein can be fixed during inference. The heterogeneous graph contains one node per protein residue at its Cα atom and101

one node per MG heavy atom. The score network updates these features through equivariant message passing, implemented102

with Tensor Product convolutions or E2Former30. Both implementations predict translation and rotation scores for the partner103

protein and MG, together with MG torsion scores (Fig. 1b).104

To model the coupled assembly of MG ternary complexes, we keep one protein fixed and jointly perturb the partner protein105

and MG during training. The network learns to reconstruct their relative placement by encoding interactions among all three106

components. The partner protein and MG are displaced from their native positions through rigid-body translations and rotations,107

while the MG is also perturbed along its rotatable bonds. Both movable components are perturbed at the same diffusion108

time, and the network learns the scores of these perturbations through denoising score matching (Fig. 1c). During inference,109

the partner protein and MG are initialized at random positions and orientations around the fixed protein, with MG torsion110

angles sampled uniformly and applied to an RDKit-generated conformer33. The network iteratively updates their positions and111

orientations and the MG torsion angles to generate a ternary structure (Fig. 1d). Cross-component edges are rebuilt at each112

denoising step using a distance cutoff that decreases over the diffusion process. The network therefore considers long-range113

interactions early in sampling and increasingly local interactions near the binding interface at later steps. A separate confidence114

model ranks candidates in the TernaryDB sampling experiments.115

DiffTernary achieves competitive PPI prediction against cofolding models116

We evaluated the DiffTernary Tensor Product model trained on Ternary-PDB using MGBench, which comprises 88 experimen-117

tally determined MG ternary complexes released after the AF3 training cutoff of 30 September 202122. Sequence comparisons118

with PDB structures released before that date divide the benchmark into 63 complexes with high sequence homology and 25119

with low sequence homology. Comparisons included five cofolding methods, AF3, OpenFold3, ESMFold2, Protenix-v1 and120

Protenix-v212, 17, 19–21, and the released DeepTernary model trained on TernaryDB9. The five cofolding models evaluated here121

used PDB training structures released on or before 30 September 2021. We applied the same cutoff when constructing Ternary-122

PDB, and all 88 MGBench complexes were released after this date. The docking methods use protein conformations and MG123

chemistry, whereas cofolding methods use protein sequences and MG chemistry. We evaluated PPI prediction accuracy using124

DockQ, which combines recovery of native protein contacts with deviations in the predicted protein arrangement34. DockQ125

> 0.23 corresponds to the CAPRI acceptable category34, 35. A single blind prediction measures baseline docking accuracy,126

while oracle selection of the highest-DockQ pose among 25 samples assesses whether repeated sampling recovers an accurate127

structure and gives the accuracy attainable with ideal pose selection (Fig. 2a). With a single blind prediction per complex,128

DiffTernary achieved a PPI prediction success rate of 50.0%, compared with 51.1% for AF3. The best-of-25 PPI prediction129

success rates, defined by the highest-DockQ pose for each complex, reached 78.4% and 72.7%, respectively. ESMFold2130

achieved the highest best-of-25 PPI prediction success rate at 90.9%. DiffTernary ranked second, ahead of Protenix-v2 (77.3%),131

OpenFold3 (59.1%) and Protenix-v1 (51.1%). DeepTernary produced acceptable PPI predictions for 38.6% of complexes with132

a single prediction and 43.2% with 25 samples, below DiffTernary in both settings despite potential training leakage from PDB133

entries shared between its training data and MGBench. On the 25 complexes with low sequence homology to PDB structures134

released before AF3’s cutoff22, DiffTernary produced acceptable PPI predictions for 40.0% of complexes with 25 samples,135

compared with 28.0% for AF3. The PPI prediction success rate increased with the sampling budget (Fig. S2).136

We applied Feynman–Kac steering36 using a shape complementarity reward adapted from OpenDDE18. DockQ thresholds137

of 0.49 and 0.80 correspond to medium and high PPI prediction quality, respectively34. At the same budget of 20 poses per138

complex, steering increased the fraction of poses above DockQ 0.80 from 18.6% to 21.6% (Fig. 2b). On the low homology139

subset, the fractions above DockQ 0.23 and 0.49 increased from 11.6% to 17.5% and from 2.1% to 5.4%, respectively.140
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DiffTernary outperforms docking methods on TernaryDB141

For comparison in DeepTernary’s original benchmark setting, we trained a separate DiffTernary Tensor Product model on142

the TernaryDB MG training split. We evaluated both methods on the 94 MG test complexes9. We also included EquiDock37
143

and DiffDock-PP28 to assess the performance of protein–protein docking methods that do not take the MG as input. We first144

compared baseline docking accuracy using a single blind prediction from each method for each complex. EquiDock and145

DiffDock-PP achieved mean DockQ34 scores below 0.08 (Fig. 3a), with only a few predictions reaching the CAPRI acceptable146

threshold of DockQ > 0.2335 (Fig. 3b). DiffTernary achieved a mean DockQ of 0.306, compared with 0.228 for DeepTernary.147

DiffTernary also produced six times as many predictions with DockQ > 0.80 as DeepTernary, indicating better recovery of148

high-quality PPI predictions.149

We next compared performance across the two types of MG ternary complex defined by Rui et al.3, Group 1, in which two150

structured protein domains interact, and Group 2, in which a short sequence motif interacts with a structured domain. Both151

DiffTernary and DeepTernary performed better on Group 2 than on Group 1 (Fig. 3c), consistent with the DeepTernary study9.152

For Group 1, few predictions achieved DockQ > 0.49, and none of the methods accurately recovered the MG binding pose. The153

improvement of DiffTernary over DeepTernary was mainly observed in Group 2, where DiffTernary achieved acceptable DockQ154

scores for more than half of the complexes and recovered substantially more structures with DockQ > 0.80. We also evaluated155

MG placement using the local distance difference test for protein–ligand interactions (LDDT-PLI) (Fig. 3d). DiffTernary was156

the only method to achieve LDDT-PLI scores above 0.5 (Fig. 3e). Pocket-aligned ligand root-mean-square deviation (RMSD)157

provided a complementary measure of MG placement (Fig. 3f). DiffTernary was also the only method to predict MG poses158

within 2 Å of the experimental structures (Fig. 3g). It also approximately doubled the fraction of MG poses with ligand RMSD159

below 5 Å compared with DeepTernary. These improvements were primarily observed in Group 2, where DiffTernary achieved160

better median ligand RMSD and LDDT-PLI scores.161

Replacing each MG with a single carbon atom at its centroid reduced mean DockQ from 0.306 to 0.273 and the PPI162

prediction success rate from 36.2% to 29.8%, with both protein conformations unchanged (Fig. S3). The effect was strongest for163

Group 1 domain-domain complexes, where the PPI prediction success rate fell from 10.9% to 4.3%, supporting a contribution164

of MG chemical information to protein arrangement. We also selected representative examples for visualization. For165

2OVM_A_B_AS0, a Group 2 complex, DiffTernary accurately reproduced the experimental protein arrangement, whereas the166

other three methods placed the partner protein incorrectly (Fig. 3h). For 1RE0_A_B_AFB, a Group 1 complex, DiffTernary167

was the only method to produce an acceptable PPI prediction (Fig. 3i). These results demonstrate that DiffTernary improves the168

prediction of MG-mediated PPIs compared with existing docking methods.169

Repeated sampling and confidence ranking improve docking accuracy170

We then examined how repeated sampling and pose selection affect the docking accuracy of DiffTernary trained on TernaryDB.171

We next assessed whether repeated sampling could recover accurate poses missed by a single prediction. For each complex,172

we generated up to 40 samples and used the native structure to identify the most accurate pose, giving an oracle estimate of173

the accuracy attainable with ideal pose selection. On the 94 MG complexes, the PPI prediction success rate (DockQ > 0.23)174

increased from 24.6% with one sample to 52.1% with the best of 40 samples (Fig. 4a). By comparison, DeepTernary improved175

by less than two percentage points across 40 runs, whereas EquiDock produced the same prediction in every run. DiffDock-PP176

also benefited from repeated sampling, reaching 48.9% with 40 samples. DiffTernary showed similar improvements at the177

higher DockQ threshold of 0.80 (Fig. 4b). For MG placement, 16.0% of complexes had at least one predicted MG pose within178

2 Å of the experimental structure among 40 samples, whereas DeepTernary did not achieve this accuracy for any complex179

(Fig. 4c).180

Oracle selection requires the native structure. We trained a separate confidence model to rank the generated poses for181

selection at inference. The confidence model was trained on DiffTernary predictions to rank their protein–protein interfaces182

according to interface RMSD (eq. (8)). With 40 samples per complex, selecting the highest-scoring pose increased the PPI183

prediction success rate to 41.5% (Fig. 4d), whereas the ranking model of DiffDock-PP showed little improvement with184

additional samples. DiffTernary also outperformed DeepTernary across DockQ thresholds (Fig. 4e).185

We also tested whether confidence scores identify reliable predictions across different complexes, an evaluation termed186

selective prediction26. After excluding the approximately 70% of predictions with the lowest confidence scores, the PPI187

prediction success rate among the remaining complexes increased from 41.5% to 78.6%. The fraction of MG poses with ligand188

RMSD below 5 Å also increased from 14.9% to 39.3%. The corresponding rates for a DeepTernary prediction taken at random189

from its 40 runs were 30.9% and 8.3%, respectively (Fig. 4f). The complex 7M2K illustrates the benefit of sampling and190

confidence ranking (Fig. 4g). A single DiffTernary sample placed the partner protein incorrectly (DockQ 0.010), whereas191

DeepTernary achieved a DockQ of 0.108. By sampling 40 poses and selecting the highest-scoring one, DiffTernary produced a192

substantially more accurate PPI prediction, at DockQ 0.720.193
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E2Former accelerates DiffTernary training and sampling194

Finally, we investigated whether E2Former could accelerate training and repeated sampling of DiffTernary trained on TernaryDB.195

We implemented an E2Former variant that computes geometric tensor products at nodes and reuses them across edges during196

message passing30. The variant retains the graph construction, diffusion variables and training objectives of the Tensor Product197

model. On eight H800 GPUs with FP32 precision, measured training throughput was 12.79 samples per second for Tensor198

Product and 88.29 for E2Former, a 6.90-fold increase. The per-GPU batch sizes were 1 and 16, respectively (Fig. 4h, Table S1).199

We compared candidate generation in a separate timed sampling experiment on the same 94 TernaryDB test complexes.200

Each model generated 20 candidates under each choice of fixed protein, giving 40 candidates per complex. On one A800201

GPU, Tensor Product required 4,167.14 s and E2Former required 952.71 s, corresponding to a 4.37-fold increase in candidate202

generation throughput (Fig. 4i). Tensor Product used FP32 precision and batch size 1, while E2Former used BF16 and batch203

size 16. In this experiment, the blind predictions achieved mean DockQ values of 0.2577 for Tensor Product and 0.2358 for204

E2Former. Selecting the best of 40 candidates increased these values to 0.4237 and 0.4082, with acceptable PPI predictions205

obtained for 56.4% and 50.0% of complexes, respectively. Mean oracle DockQ first exceeded 0.40 after 12.7 min with206

E2Former and 30.7 min with Tensor Product (Fig. 4j). The time required to accumulate these candidate sets and their resulting207

PPI prediction accuracy are summarized in Table S1. E2Former increased sampling throughput while retaining a similar mean208

oracle DockQ in this comparison.209

Discussion210

DiffTernary and Ternary-PDB establish a modeling framework and a structural data foundation for MG ternary complex211

prediction. Learning from a broad collection of experimentally resolved ternary assemblies allows the model to draw on212

interactions beyond the relatively small set of known MG complexes. Joint denoising couples the placement of the MG and213

partner protein around a fixed protein, allowing their relative positions to be updated through message passing among all three214

components. On MGBench, DiffTernary achieved blind PPI prediction accuracy comparable to AF3 and higher oracle accuracy215

than AF3, OpenFold3 and both Protenix versions. A separate model trained on TernaryDB outperformed DeepTernary on216

its MGD test set9. These results support the use of component structures and learned ternary interactions for MG docking.217

The combination of a dedicated docking model and an expanded structural dataset provides a basis for studying how small218

molecules bring protein partners into compatible binding arrangements.219

Repeated sampling makes exploration of alternative ternary arrangements a central part of prediction. Building on diffusion-220

based docking26, 38, DiffTernary generates candidate structures that differ in protein placement and MG binding pose. The221

increase in PPI prediction success under oracle selection shows that additional samples recover accurate structures across more222

complexes. Confidence ranking selects among completed predictions, while Feynman–Kac steering uses geometric information223

during generation36. The shape complementarity term adapted from OpenDDE connects steering to the fit between interacting224

molecular surfaces18. E2Former addresses the computational cost of this exploration through more efficient equivariant message225

passing30. Its increased throughput, accompanied by similar mean oracle DockQ in the timed comparison, makes larger226

candidate sets accessible within a given computational budget. Together, these findings connect prediction accuracy with the227

practical ability to explore and assess alternative binding arrangements.228

The biological relevance of MG recognition makes structural prediction valuable for both mechanistic studies and molecular229

design1, 3. Predicted ternary arrangements can provide testable hypotheses about how an MG engages its protein partners230

and which contacts may contribute to complex formation. DiffTernary offers a dedicated computational approach to this231

task without requiring multiple sequence alignments or Pairformer computation during docking. Its sampling efficiency and232

the structural coverage of Ternary-PDB provide complementary foundations for evaluating candidate MG complexes and233

organizing structural evidence across systems. As experimental structures and measurements of MG activity accumulate,234

successive cycles of computational prediction and experimental evaluation could continuously refine the relationship between235

ternary geometry and biological function. This interaction between modeling and experiment offers a broader route toward236

systematic MG discovery and design.237
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Methods238

Ternary-PDB data collection and filtering239

Ternary-PDB was assembled from the Protein Data Bank31 using the structure eligibility and preprocessing rules of AF312
240

(Fig. 1a). Candidate entries satisfied the three target filters in AF3 Supplementary Information (SI) 2.5.412. They were released241

on or before 30 September 2021, had resolution 9 Å or better, and contained at most 300 polymer chains. Each entry also had to242

contain at least one protein entity. Two classes of entry were retrieved. Entries containing a non-polymer entity required at least243

two polymer chains in the assembly. Entries without non-polymer entities required at least three polymer chains, allowing244

a peptide to act as the bridge. Only the first biological assembly was used, following the assembly expansion used for AF3245

training (SI 2.1). The search returned 89,935 entries.246

Assemblies were processed using the AF3 parsing rules (SI 2.1). Hydrogens and waters were removed, alternative locations247

were resolved by highest occupancy, and selenomethionine was converted to methionine. Modified protein residues were248

mapped to their parent amino acids and retained only the parent’s atoms, using the SCOP mapping adopted for AF3 clustering249

(SI 2.5.3). The filters in SI 2.5.4 were then applied. Polymer chains composed entirely of unknown residues were removed, as250

were protein chains with fewer than four resolved residues or with sequence-consecutive Cα atoms separated by more than251

10 Å. Units were removed when more than 30% of their atoms lay within 1.7 Å of another unit. Mutual clashes were resolved in252

favor of the chain with the smaller clashing fraction. The crystallization aids in SI Table 9 were removed from crystallographic253

structures. Ions, lipids, glycans and cofactors were retained. At least two protein chains survived in 85,774 entries.254

A ternary complex comprised two protein chains and one bridging molecule with at least three heavy atoms within 5 Å255

of each protein. Bridges annotated by wwPDB as covalently bonded or disulfide-linked to a protein were excluded to retain256

molecules free to move. Metal-containing bridges were excluded because they could not be processed by our featurization257

pipeline. Bridges with at least half their heavy atoms at zero occupancy were excluded because they were insufficiently resolved258

in the density. Crystallization aids, excluded ligands, glycans and ions listed in AF3 SI Tables 9–12 were excluded as bridges.259

Because the bridge defines the ternary complex, this selection applies AF3’s exclusions to the molecule around which it is260

assembled. A peptide bridge was a chain of fewer than 16 resolved residues contacting two protein partners of at least 16261

residues each. It had to be gapless and contain no unknown residues. Modified residues and terminal caps were retained as262

deposited, consistent with treating the peptide bridge as a molecule. When one bridging molecule contacted the same protein263

pair at multiple sites, the site with the most contacts was retained. Symmetry copies within each assembly were counted once.264

These steps yielded 76,741 complexes from 18,950 entries.265

Peptide bridges were required to form a connected molecule with consecutive residues joined by C–N bonds. Every such266

bond had to be between 1.1 and 2.2 Å, with at most one bond per residue pair and no interatomic distance below 1.0 Å. These267

checks excluded 39 complexes. The resulting dataset, Ternary-PDB, contains 76,702 complexes from 18,929 entries, of which268

3,374 are bridged by a peptide and 430 of those by a cyclic peptide.269

Ternary-PDB clustering and dataset splitting270

Chains were clustered following AF3 SI 2.5.3. Protein chains were grouped with MMseqs232 at 40% sequence identity, peptides271

shorter than 10 residues by identical sequence, and small-molecule bridges by chemical component identifier. Each chain was272

represented by its full entity sequence, with modified residues mapped to their parents. This produced 13,216 chain clusters.273

AF3 defines an interface cluster by the clusters of its two constituent chains. We extended this definition to a ternary complex274

by combining the unordered pair of protein clusters with the bridge cluster. The 76,702 complexes formed 23,827 complex275

clusters, of which 13,412 contained a single complex.276

Complexes sharing a complex cluster or a PDB entry were grouped together. We excluded 172 complexes whose protein277

chain-length product exceeded 1.5 million, as this product determines the number of possible edges between the proteins.278

The remaining groups were shuffled with random seed 0, and 150 groups containing a single complex each were selected for279

validation. This gave 76,380 training complexes and 150 validation complexes. The two splits share no complex clusters or280

PDB entries, although individual protein sequence clusters can occur in both. MGBench served as the external test set.281

TernaryDB and the MG split282

The DeepTernary comparison used TernaryDB, the ternary complex collection released with that method9. Each entry is a283

crystallographically resolved complex reduced to the two proteins forming the induced interface and the bridging molecule.284

Entries are identified by the PDB code, two author chain identifiers and the MG chemical component identifier. In the released285

MG split, the 94 test complexes belong to 44 sequence clusters containing 276 complexes in total. The other 182 cluster286

members are withheld from training, and 137 form the validation set used for checkpoint selection. The 22,046 training287

complexes belong to 1,982 clusters, which define the training sampler weights. Of these, 882 could not be parsed or used288

owing to problems in the deposited data. Each of the remaining 21,164 complexes was loaded twice with the two bound protein289

conformations and MG, once under each choice of fixed protein, giving 42,328 training samples per epoch.290
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Pose representation and diffusion291

Each protein is represented by one node per residue at its Cα atom and the MG by one node per heavy atom. With protein P1292

fixed, a structure is specified by 12+b pose parameters. These comprise translations and rotations of the partner protein P2 and293

MG L, and one dihedral angle for each of the b rotatable MG bonds. Bond lengths, bond angles and ring geometry are fixed to294

an RDKit-generated conformer33. The map A converts pose parameters into coordinates by translating each movable body,295

rotating it about its centroid and adjusting each MG dihedral through rotation of the atoms on one side of its bond. The MG is296

then realigned to its rigidly transformed reference, preserving its centroid and making the choice of bond side immaterial. On297

the structures associated with the given conformer, this map is invertible and A−1 recovers the pose parameters. We use R(u) for298

a rotation of angle ∥u∥ about axis u. Fixing the bound conformation of each protein while predicting their relative placement is299

the rigid-body approximation used in most protein docking39. DiffTernary learns p(P2,L | P1) by denoising diffusion over these300

parameters, preserving the component geometry throughout the sampled rearrangements.301

The pose space comprises five channels, two translations in R3, two rotations in SO(3) and b torsion angles on the circle.302

The noise scales follow a geometric schedule,303

σ•(t) =
(︂

σ
min
•

)︂1−t
(σmax
• )t , t ∈ [0,1], (1)

with σtr ∈ [0.1,30]Å, σrot ∈ [0.03,1.55] and σtor ∈ [0.0314,3.14]. Translations are perturbed by isotropic Gaussians, rotations304

by the isotropic Gaussian distribution on SO(3), whose rotation angle ω has density305

f (ω) =
1− cosω

π

∞

∑
ℓ=0

(2ℓ+1)exp
(︁
−ℓ(ℓ+1)σ2

rot
)︁ sin

(︁
(ℓ+ 1

2 )ω
)︁

sin(ω/2)
, (2)

and torsions by wrapped normal distributions on the torus40–42. The series in eq. (2) and the corresponding scores are tabulated306

once and interpolated during training26, 28. A single diffusion time t ∼ U (0,1) is sampled per complex and shared by all307

five channels, while the perturbations themselves are sampled independently within each channel. The network is trained by308

denoising score matching, with each channel normalized by its typical score magnitude at the sampled noise level to balance309

contributions across t. The five terms are weighted 0.167, 0.167 and 0.166 for the translation, rotation and torsion of the MG,310

and 0.25 each for the translation and rotation of the partner protein.311

Score model312

The score network uses a heterogeneous graph of residues from both proteins and MG atoms, with SE(3)-equivariant tensor-313

product convolutions26, 28 implemented in e3nn43. Each MG atom has sixteen categorical features describing its element,314

chirality, degree, formal charge, implicit valence, attached hydrogens, radical electrons, hybridization, aromaticity, ring315

count and membership of rings of sizes three through eight. Protein residues carry an amino-acid type from a vocabulary of316

thirty-eight entries, comprising the twenty standard residues, seventeen modified residues and a catch-all category, together317

with a 1280-dimensional ESM2-650M embedding44. Covalent MG edges encode single, double, triple and aromatic bond318

orders as one-hot features. Separate embedding tables map each categorical feature to the scalar node and edge inputs used in319

eqs. (3) and (4). MG bond orders are assigned from wwPDB chemical component definitions31, and stereochemistry is assigned320

from the deposited coordinates. Only single bonds outside rings are treated as rotatable. Protein edges connect residues within321

30 Å, with at most 24 neighbors per residue. MG edges combine covalent bonds with a 5 Å radius graph.322

The edges between the three components are rebuilt at every denoising step with a cutoff that follows the current noise323

level, 3σtr(t)+20Å between MG and protein and 3σtr(t)+40Å between the two proteins. The larger early cutoffs support324

interactions between separated components, and the neighborhood contracts as denoising proceeds. Edges form four groups325

connecting MG atoms, residues within each protein, MG atoms to protein residues, and residues across the two proteins. Each326

convolution layer has a separate set of tensor-product weights for each group. Node features are first refined within each327

component separately by one embedding layer, then processed jointly by four interaction layers.328

A node i carries a position Xi and a feature hi, where hi is a direct sum of irreducible representations of SO(3) with 32329

scalar channels and 6 vector channels. The second layer adds the parity-even vector block, and the third adds the parity-odd330

scalar block. Parity describes how a feature transforms under spatial inversion, X ↦→ −X . Even features remain unchanged,331

while odd features change sign. Write ri j = X j−Xi for the vector along an edge, Y for the real spherical harmonics up to332

ℓ= 2, µ for a Gaussian radial expansion, η(t) for the sinusoidal embedding of the diffusion time, Ni for the neighbors of i and333

k(i j) ∈ {1, . . . ,4} for the group an edge belongs to. One layer of the network is334

h′i ← hi +
1
|Ni| ∑

j∈Ni

Y (r̂i j)⊗ψi j h j, with ψi j = MLPk(i j)(ei j, hi|0e, h j|0e) , (3)
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where ⊗ψ is a fully connected tensor product whose weights are produced for each edge by the network MLPk of that group,335

h|0e denotes the scalar channels of a feature and the residual term is zero-padded to the width of the layer output. Empty336

neighborhoods contribute zero messages. The edge feature itself is fixed over the layer stack,337

ei j = MLPedge(η(t), µ(∥ri j∥), fi j) , (4)

where fi j contains bond features for covalent MG edges and is empty for other edges. Separate MLPedge networks encode MG338

edges, protein edges and edges between components. The tensor-product weights ψi j are specific to the four relation groups.339

The tensor product couples node representations with the spherical harmonics of the edge direction, which makes each layer340

equivariant to rotations of the whole complex. The four groups are the MG to itself, each protein to itself, the MG to either341

protein and the two proteins to each other.342

Two output heads predict the five score components from the final interaction features h′i. For a movable body B, either the343

partner protein P2 or the MG L, an additional set of edges runs from every node of B to the centroid X̄B of that body, and one344

tensor-product convolution over them gives two parity-odd and two parity-even vectors,345 {︁
vtr
−, vrot

− , vtr
+, vrot

+

}︁
← 1
|B|∑i∈B

Y
(︂
ˆ︂Xi− X̄B

)︂
⊗ψiB h′i, with ψiB = MLPcenter

(︁
eiB, h′i|0e

)︁
. (5)

The edge features eiB are constructed as in eq. (4). The two translation vectors and the two rotation vectors are summed346

separately. A small network then maps each vector magnitude and the diffusion time to an output magnitude while preserving347

its direction,348

str
B =

vtr

∥vtr∥+ ε
MLPtr

(︁
∥vtr∥+ ε, η(t)

)︁
, vtr = vtr

−+ vtr
+, (6)

where ε = 10−6, and likewise srot
B from vrot. The partner protein and the MG share the weights of both, since they undergo the349

same rigid-body diffusion. The torsion head follows the pseudotorque construction of Jing et al.42. For a rotatable bond g of the350

MG, with center Xg and axis rg, the MG atoms within 5 Å of Xg send messages whose spherical harmonics are coupled to the351

ℓ= 2 harmonic of the axis,352

τg = MLPtor

(︄
1
|Ng| ∑

i∈Ng

(︂
Y
(︂
ˆ︂Xi−Xg

)︂
⊗Y 2(r̂g)

)︂
⊗ψi,g h′i

)︄
, with ψi,g = MLPbond

(︁
ei,g, h′i|0e, hg|0e

)︁
, (7)

where ei,g is constructed as in eq. (4), hg is the sum of the features of the two bonded atoms, and MLPtor reads the parity-odd353

and parity-even scalars of the message through two layers with no bias to produce the torsion score τg. The five score outputs354

str
P2
,srot

P2
,str

L ,s
rot
L and stor = (τ1, . . . ,τb) are finally rescaled to match the magnitude of the true score at that noise level, by 1/σtr for355

the translations and by the tabulated score normalization factors νrot(σrot) and νtor(σtor) of the IGSO(3) and wrapped normal356

kernels for the rotations and the torsions.357

Confidence model358

Samples generated for one complex are ranked by a separate confidence network, which reuses the score architecture up to the359

final interaction layer, pools the MG and partner features and emits one scalar per pose. Training optimizes the ordering of360

poses generated for the same complex. Writing ϕi for the score of pose i and ρi for the RMSD of the protein–protein interface361

it forms, the loss runs over the ordered pairs of one complex whose interfaces differ by more than a margin m,362

Lrank =
⟨︁

log(1+ exp(ϕ j−ϕi))
⟩︁

ρi+m<ρ j
, m = 1Å. (8)

The loss encourages the pose with the lower interface RMSD to receive the higher score. Pairs within the margin are omitted.363

Batches are assembled by complex, so that the poses compared always belong to the same structure.364

Training and inference365

Settings of the Tensor Product score and confidence networks are given in Table S2. Training and sampling are described in366

Algorithms 1 and 2. In Algorithm 1, each residual is divided by the typical score magnitude at its noise level. This is νtr = 1/σtr367

for translation and the tabulated score normalization factors νrot(σrot) and νtor(σtor) for rotation and torsion. The brackets ⟨·⟩368

average over the components of each term. The TernaryDB score model was trained on eight 80 GB H800 GPUs for 52 epochs369

over 49 h. Validation DockQ was evaluated every five epochs on 137 complexes. The reported epoch-42 weights are close to the370

validation peak at epoch 40 (Fig. S4). From epoch 31 onward, the validation score matching loss exceeds the zero-prediction371
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baseline, while validation DockQ and pose errors remain stable or continue to improve. Checkpoint selection therefore used372

validation DockQ. The confidence model was trained on four of the same GPUs for 2.8 h.373

Algorithm 1: DiffTernary training, one epoch
Input: Complexes {(x⋆,y)} with the native pose x⋆ of the partner protein P2 and the MG L and protein y = P1 held fixed, all centered

on the centroid of P1, and for each MG an RDKit conformer whose torsions are fitted to x⋆, giving the training pose x0
1 foreach x0,y do
2

(︁
rP2

0 ,RP2
0 ,rL

0 ,R
L
0 ,θ0

)︁
← A−1(x0);

3 Sample t ∼U ([0,1]) and set σ•← σ•(t);
4 Sample ∆rB ∼N (0,σ2

trI3) and ∆RB ∼ IGSO(3)(σrot) for B ∈ {P2,L}, and ∆θ ∼W N (0,σ2
tor)

b, all independent;
5 rB

t ← rB
0 +∆rB and RB

t ← (∆RB)RB
0 for B ∈ {P2,L};

6 θt ← θ0 +∆θ mod 2π;
7 xt ← A

(︁
rP2
t ,RP2

t ,rL
t ,R

L
t ,θt

)︁
;

8 Predict str
P2
,srot

P2
,str

L ,s
rot
L ∈ R3, stor ∈ Rb = s(xt ,y, t);

9 Take an optimization step on Lscore = ∑
•

w•
⟨︁(︁(︁

s•−∇ log p•t (∆•)
)︁
/ν•
)︁2⟩︁ over the five channels, s• and ∆• being the prediction

and the noise of each;

374

Algorithm 2: DiffTernary inference, one sample
Input: Fixed protein y = P1, partner protein P2, MG L with an RDKit conformer, all centered on the centroid of P1, number of

denoising steps S, truncation S′, temperature T
Output: One predicted structure

1 Sample rB
S ∼N (0,σmax 2

tr I3) and RB
S ∼U (SO(3)) for B ∈ {P2,L}, and θS ∼U (−π,π)b;

2 xS← A
(︁
rP2

S ,RP2
S ,rL

S ,R
L
S ,θS

)︁
;

3 for n← S to S−S′+1 do
4 t← n/S, and ∆t← 1/S except at the last iteration where ∆t← t;
5 κ•← σ•(t)

√︁
2log(σmax

• /σmin
• ) and λ•←

(︁
σdata
• +σ•(t)

)︁
/
(︁
σdata
• +σ•(t)/T

)︁
;

6 Predict str
P2
,srot

P2
,str

L ,s
rot
L ∈ R3, stor ∈ Rb = s(xn,y, t);

7 Sample zB
tr,z

B
rot ∼N (0, I3) and ztor ∼N (0, Ib), all set to 0 at the last iteration;

8 rB
n−1← rB

n +κ2
tr ∆t λtr str

B +κtr
√

∆t zB
tr for B ∈ {P2,L};

9 RB
n−1← R

(︁
κ2

rot ∆t λrot srot
B +κrot

√
∆t zB

rot
)︁

RB
n for B ∈ {P2,L};

10 θn−1← θn +κ2
tor ∆t λtor stor +κtor

√
∆t ztor mod 2π;

11 xn−1← A
(︁
rP2

n−1,R
P2
n−1,r

L
n−1,R

L
n−1,θn−1

)︁
;

12 return the last iterate;

375

The Tensor Product score model for Ternary-PDB was trained on four 80 GB H800 GPUs, with checkpoint selection based376

on validation DockQ. Each epoch comprised 42,328 samples under cluster weighting, matching one pass over TernaryDB and377

providing a common sample-count scale for the two training runs. Validation DockQ was evaluated every five epochs on 150378

complexes under both choices of fixed protein. The reported ep116 snapshot has epoch index 115. Loss measurements extend379

through epoch 117, and docking evaluations through epoch 115, where the highest recorded mean DockQ was 0.4999. Of380

the 299 valid predictions, 72.2% exceeded DockQ 0.23 (Fig. S5). After initialization, training and validation losses generally381

remained below the zero-prediction baseline, with isolated spikes and one non-finite validation value described in the figure382

caption.383

The Tensor Product score models were trained with Adam at a learning rate of 10-3 and no weight decay. An exponential384

moving average of the weights (decay 0.999) was used for validation and saved checkpoints, and the learning rate followed385

a plateau scheduler based on validation loss. Training complexes were sampled with replacement under weights giving386

every sequence cluster the same total mass, so that large families of near-duplicate structures do not dominate the gradient.387

Checkpoints were selected on validation DockQ. At inference, each complex was denoised from a random placement of the388

partner protein and the MG using 20 time points and 19 updates. The final update advances to t = 0 without added noise.389

Samples were generated with the low-temperature scheme of Corso et al.38, in which the predicted score of each channel is390

multiplied by λ = (σdata +σ)/(σdata +σ/T ) before the update while the noise term is left alone, with σdata the geometric mean391

of the noise range of that channel. For T > 1, λ > 1 increases the drift relative to the unchanged noise term. The resulting392

sharpening of the sampled distribution gives the low-temperature scheme its name. We used T = 4 and left the churn term of393

the scheme at zero, which puts λ between 1.04 and 3.44 over the noise range of the translations, between 1.10 and 2.93 for the394

rotations and between 1.07 and 3.14 for the torsions. Fig. S6 shows the sensitivity to the temperature and to the number of395

denoising steps.396
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Steered sampling397

Feynman–Kac steering favors trajectories with increasing reward36. For each complex and each choice of fixed protein, we398

ran two independent groups of five particles. Every two denoising steps, particles within each group were resampled using399

systematic resampling with weights wi ∝ exp(∆ri/τ), where ∆ri is the change in reward since the previous resampling step.400

The first resampling step used equal weights. At subsequent steps, τ was the standard deviation of the reward changes within401

the group, with a minimum value of 10-9. This procedure produced 20 final poses per complex across the two assignments.402

The unsteered control used the first ten sampling rounds from each assignment, with the same model weights and sampling403

temperature.404

The reward measures shape complementarity in the rigid-body denoised estimate at each step, following the geometric405

construction of OpenDDE18. Let A contain the fixed protein and MG and B contain the partner protein. Each protein residue is406

represented by its Cα atom and each MG heavy atom by one point. For a point u at cu, the local outward direction is estimated407

from the Gaussian density of points on the same side,408

gu = ∑
k∈C(u)

ak exp
(︃
−∥cu− ck∥2

2δ 2
k

)︃
cu− ck

δ 2
k

,

nu =
gu

max(∥gu∥,ε)
,

(9)

where C(u) is A or B according to the side containing u, and ε = 10−6. Protein points use density width δk = 4Å and409

weight ak = 1, while MG atoms use δk = 2Å and ak = 0.125. For u ∈ A and v ∈B, define duv = ∥cv− cu∥ and d̂uv =410

(cv− cu)/max(duv,ε). The four geometric factors are411

fface(u,v) = ReLU(nTu d̂uv)ReLU(−nT
v d̂uv),

fopp(u,v) =
1−nTu nv

2
,

fgap(u,v) = exp

[︄
−
(︃

duv−µu

τgap

)︃2
]︄
,

fclash(u,v) = 1− sigmoid
(︃

dclash
u −duv

τclash

)︃
.

(10)

The facing term favors points whose outward directions face one another, and the opposing-normal term favors complementary412

surface orientations. The gap term favors an appropriate separation, and the clash term smoothly penalizes close contacts. Their413

product gives the pair score,414

quv = fface(u,v) fopp(u,v) fgap(u,v) fclash(u,v). (11)

For pairs of protein points, µu = 6.5Å and dclash
u = 4.0Å. For an MG atom paired with a partner protein point, these values are415

4.5 Å and 3.0 Å, respectively. Both pair types use τgap = 2.5Å and τclash = 0.5Å.416

A pair is valid when duv ≤ 12Å and both density-gradient magnitudes exceed 10-3. Writing Vv for the valid points in A417

paired with partner point v, pair scores are pooled using distance weights,418

αuv =
exp(−d2

uv/Tpool)

∑k∈Vv exp(−d2
kv/Tpool)

,

qv = ∑
u∈Vv

αuvquv,

r =
1

|Bvalid| ∑
v∈Bvalid

qv,

(12)

where Tpool = 25Å
2

and Bvalid contains partner points with at least one valid pair. The reward is zero when this set is empty.419

The geometric factors and their weighted averages lie in [0,1], and the reward has no learned parameters. We use r from eq. (12)420

to compute the reward increments for resampling. To evaluate steering, we calculate the fraction of poses above each DockQ421

threshold for each complex and average these fractions across complexes, estimating the success probability of a single pose422

from steered sampling.423
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Evaluation424

Predictions were evaluated against experimental structures using the three metrics employed in the cofolding benchmark of MG425

ternary complexes22. DockQ assesses PPI prediction accuracy34, LDDT-PLI measures preservation of contacts between the426

MG and its binding pocket, and ligand RMSD measures the MG pose after binding-site superposition45. The first of the three is427

DockQ =
1
3

⎡⎢⎣ fnat +
1

1+
(︂

iRMSD
1.5Å

)︂2 +
1

1+
(︂

LRMSD
8.5Å

)︂2

⎤⎥⎦ . (13)

Here, fnat is the fraction of native contacts recovered, iRMSD is the backbone RMSD after interface superposition, and LRMSD428

is the backbone RMSD of the shorter protein after superposing the longer protein. The second is429

LDDT-PLI =
1

4Npair

Npair

∑
i=1

4

∑
k=1

1
(︂⃓⃓⃓

d(i)
pred−d(i)

ref

⃓⃓⃓
≤ εk

)︂
, (14)

where the sum runs over the Npair pairs consisting of one MG atom and one protein atom within 6 Å of each other in the native430

structure, d(i) is the separation within pair i measured in the predicted and in the native structure, 1 is the indicator function and431

the tolerances εk are 0.5, 1.0, 2.0 and 4.0 Å. The third is432

ligand RMSD =

√︄
1
nL

nL

∑
i=1

⃦⃦
Xi−X ref

i

⃦⃦2
, (15)

with nL the number of heavy atoms of the MG and Xi and X ref
i the position of MG atom i in the predicted and native structures.433

Both coordinate sets are evaluated after superposing the protein residues with an atom within 4 Å of the native MG. The434

resulting RMSD measures the MG pose relative to its binding pocket.435

PPI predictions with DockQ > 0.23 are classified as acceptable in the CAPRI assessment35, with 0.49 and 0.80 marking the436

medium- and high-quality bands. MG accuracy was reported as the fractions with LDDT-PLI above 0.5 and 0.8 and ligand437

RMSD below 2, 5 and 10 Å. LDDT-PLI above 0.5 and ligand RMSD below 2 Å were used to assess recovery of the binding438

mode22. DockQ was computed with version 2.1.3 of the DockQ package46. LDDT-PLI and pocket-aligned ligand RMSD were439

computed using OpenStructure’s validation toolkit47. For the docking methods, predicted protein traces were completed by440

transferring native side chains rigidly onto the predicted Cα positions before scoring.441

We used the original MGBench homology assignments, based on MMseqs2 searches against protein sequences from PDB442

structures released before the AF3 cutoff22. For complexes with two partners of at least 16 residues, high sequence homology443

requires both partners to exceed 40% sequence identity to two chains within the same reference complex. When one partner444

has fewer than 16 residues, inclusion in the subset with low sequence homology requires the longer partner to have less than445

40% identity to every protein chain in this reference set. These criteria yield 25 complexes with low sequence homology and 63446

with high sequence homology.447

We generated N independent samples per complex across both choices of fixed protein and evaluated three prediction-448

selection rules. The top-1 pose is the highest-scoring candidate selected by the confidence model for use at inference. The blind449

pose is a single sample with the longer protein fixed. When sampling yields no structure, the next sampling round supplies the450

prediction. The best-of-N pose is the most accurate candidate according to the native structure. This oracle measure defines the451

maximum PPI prediction success rate attainable by ranking the same samples. The curves against N average over the whole set452

of samples and count a run that produces no structure as a failure.453

For the cofolding comparison, we used versions of AF3, OpenFold3, ESMFold2, Protenix-v1 and Protenix-v2 with a454

PDB training cutoff of 30 September 2021, matching the cutoff used to construct Ternary-PDB. For MGBench, we compared455

DiffTernary with AF3, OpenFold3, ESMFold2, Protenix-v1 and Protenix-v212, 17, 19–21, using 25 predictions per complex for456

each method. Cofolding methods received protein sequences and the MG chemical structure, while DiffTernary received the457

bound protein conformations and MG chemical structure. All predictions were scored against the same experimental structures458

using the same evaluation procedure, and best-of-25 performance was determined by the highest DockQ for each complex.459

We also generated DeepTernary predictions using the released MGD model weights9. Each 25-sample docking set comprised460

13 samples with the longer protein fixed and 12 with the shorter protein fixed. Single predictions used the first successful461

sample with the longer protein fixed. Seven MGBench PDB entries appeared in the released DeepTernary model’s training list,462

including five with the same protein-chain and MG identifiers. All 88 MGBench complexes were retained in the comparison.463

For the TernaryDB MGD test set, we compared DiffTernary, DeepTernary9, EquiDock37 and DiffDock-PP28 on the same464

94 complexes. DiffTernary was trained on the TernaryDB MGD training split, and DeepTernary used its released MGD model465
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weights. EquiDock37 and DiffDock-PP28 used their released checkpoints, trained on the DIPS database of interacting protein466

structures48, and their published inference settings. These protein–protein docking methods received the two proteins alone,467

with the longer protein fixed, from the same input files used for DeepTernary and DiffTernary. We evaluated single blind468

predictions to compare baseline docking accuracy and sample sets of up to 40 poses per complex to assess oracle performance.469

The DiffTernary confidence model was evaluated by selecting its highest-scoring pose from each sample set.470

Runtime was measured over the full test split on the hardware listed in Table S3. Differences between methods were471

assessed using two-sided Wilcoxon signed-rank tests paired by complex, with Holm correction within each comparison family.472

E2Former score backbone473

The E2Former variant replaces the four interaction layers with equivariant attention blocks. Wigner 6 j recoupling computes474

geometric tensor products at nodes for reuse across their edges30. We adapted these blocks to the ternary graph by keeping475

even and odd features separate and computing attention over each node’s full incoming neighborhood. Relation embeddings476

distinguish interactions within proteins, within the MG, between proteins and the MG, and between the two proteins.477

Each node carries scalar and vector features with 32 channels for each angular degree and parity. Writing p ∈ {+1,−1} for478

parity, the representation and its transformation under rotation are479

hi =
1⨁︂

ℓ=0

⨁︂
p=±1

h(ℓ,p)i , h(ℓ,p)i ∈ R(2ℓ+1)×32,

h(ℓ,p)i
R−→ D(ℓ)(R)h(ℓ,p)i , R ∈ SO(3),

(16)

where D(ℓ) is the degree-ℓ rotation matrix. Coupling a feature of parity pin with a degree-k spherical harmonic gives480

pout = pin(−1)k. Four attention heads combine messages over each node’s incoming edges. Attention weights depend on node481

features, distance, diffusion time and relation type. Even and odd features use separate channel maps, and attention scores482

are formed by contracting features of matching parity. Each block combines attention, an equivariant feed-forward network,483

normalization and residual connections. In the feed-forward branch, odd features are modulated by even scalar gates through484

bias-free linear maps. Normalization preserves the sign change of odd scalar features under inversion.485

For a first-order angular coupling, the message to node i is486

mi = ∑
j∈Ni

βi jCθ

(︂
v j,R

(1)(Xi−X j)
)︂
, βi j =

αi jρi j

∥Xi−X j∥+ ε
, (17)

where αi j is the attention weight normalized over incoming edges, ρi j is a learned radial modulation, v j is the value feature,487

and ε = 10−8. The operator Cθ couples the value feature with the first-degree solid spherical harmonic R(1). Angular-degree,488

parity and attention-head indices are omitted for clarity. Linearity of the solid harmonic gives489

mi = Cθ

(︄
∑

j∈Ni

βi jv j,R
(1)(Xi)

)︄
− ∑

j∈Ni

βi jCθ

(︂
v j,R

(1)(X j)
)︂
.

(18)

The sender coupling is computed once per node and reused across outgoing edges. The receiver coupling is computed after the490

weighted values have been summed. Attention and aggregation operate directly on the full edge list. After four blocks, the491

complete scalar and vector features are passed to the center graph for translation and rotation prediction (eq. (5)), followed by492

the magnitude mapping described above (eq. (6)). For torsion prediction, features are projected onto the original representation493

basis and passed through the bond-centered head (eq. (7)), with layer normalization before the final MLP.494

E2Former training and efficiency evaluation495

The final E2Former model followed the training procedure described above, with the batch size increased to 16 per GPU and496

the learning rate to 0.002. Training throughput was evaluated using FP32 on eight H800 GPUs. The Tensor Product timings497

were taken from the main training log over 51 complete epochs, using the interval from the first to the last logged training498

batch. E2Former was measured in a separate timing run with a learning rate of 0.001 over two training epochs. Each epoch499

contained 42,328 training samples. Each training sample was a noisy ternary-complex graph with a specified choice of fixed500

protein. Throughput was calculated from the median epoch duration, with per-GPU batch sizes of 1 for Tensor Product and 16501

for E2Former. Training-set evaluation passes were excluded from the timing summary.502
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The timed sampling comparison used the Tensor Product epoch-42 EMA checkpoint and the E2Former epoch-45 EMA503

checkpoint, with random seed 42 and T = 4. Both models used 20 time points and 19 updates, with no added noise in the504

final update. Every test complex was sampled under both choices of fixed protein, with 20 candidates per assignment. Blind505

prediction used the first successfully generated candidate with the longer protein fixed. Oracle prediction selected the highest-506

DockQ candidate from the combined pool of 40 candidate slots. All 94 complexes were retained. For the time-dependent curves,507

each completed sampling round added one candidate under each choice of fixed protein. Candidate quality was calculated over508

the accumulated pool of 2 to 40 candidates per complex in generation order.509

Sampling used one A800 GPU, with FP32 and batch size 1 for Tensor Product and BF16 with batch and chunk sizes of 16510

for E2Former. Timing used CUDA synchronization after warmup and included network evaluation, graph construction, pose511

updates and retries. Loading, structure scoring and output were excluded. Total sampling time was accumulated across the 20512

sampling rounds. The average time per candidate was calculated over all 3,760 candidate slots (Table S1).513
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Figure 1. Overview of DiffTernary and Ternary-PDB. a, Dataset construction and examples of six bridge classes, with proteins in
blue-gray and green and bridges as sticks. b, Graph of protein Cα nodes and MG heavy atoms, with Tensor Product or E2Former message
passing and translation, rotation and torsion score outputs. c, Score matching after joint perturbation of the movable protein and MG. d, Joint
denoising from random component placements. In b–d, the fixed protein is white and the movable protein and MG are green.
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Figure 2. Prediction and steering on MGBench. a, Single-prediction and best-of-25 PPI prediction success rates above DockQ 0.23 on 88
complexes. Cofolding methods use five seeds with five samples each, and docking methods sample both choices of fixed protein. Scoring
retains the highest DockQ across protein-chain copies. b, Each point represents one complex. The x and y coordinates are the percentages of
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labels give the percentages of all compared complexes with more and fewer successful poses under steering, respectively. Points on the
diagonal have equal success counts under both methods.

18/27

(which was not certified by peer review) is the author/funder. All rights reserved. No reuse allowed without permission. 
The copyright holder for this preprintthis version posted November 11, 2026. ; https://doi.org/10.64898/2026.11.09.765352doi: bioRxiv preprint 

https://doi.org/10.64898/2026.11.09.765352


**
***

***

0.0

0.2

0.4

0.6

0.8

1.0

EquiDock DiffDock-PP DeepTernary DiffTernary

n = 94

D
oc

kQ
a

4.3

7.4

30.9

36.2

0.0

3.2

19.1

25.5

0.0 1.1
3.2

20.2

0%

10%

20%

30%

40%

> 0.23 > 0.49 > 0.80

DockQ

S
uc

ce
ss

 ra
te

EquiDock DiffDock-PP DeepTernary DiffTernary
b

n.s.
*

***

***
***

***

n = 46 n = 48
0.0

0.2

0.4

0.6

0.8

1.0

Group 1
domain-domain

Group 2
domain-motif

D
oc

kQ

c

n.s. * **

0.0

0.3

0.6

0.9

1.2

All
(94)

Domain-domain
(46)

Domain-motif
(48)

LD
D

T-
P

LI

d e

n.s. ** *

0

10

20

30

40

All
(94)

Domain-domain
(46)

Domain-motif
(48)

Li
ga

nd
 R

M
S

D
 (Å

)

f

0.0
5.3

9.6

21.3

55.3 54.3

0.0 0.0 0.0
4.3

52.2

37.0

0.0

10.4

18.8

37.5

58.3

70.8

All (94) Domain-domain (46) Domain-motif (48)

< 2 < 5 < 10 < 2 < 5 < 10 < 2 < 5 < 10
0%

25%

50%

75%

100%

Ligand RMSD (Å)

S
uc

ce
ss

 ra
te

g

PDB ID: 2OVM_A_B_AS0

DeepTernary
DockQ: 0.049

DiffDock-PP
DockQ: 0.026

EquiDock
DockQ: 0.044

DiffTernary
DockQ: 0.899

Ground Truth

Ground Truth EquiDock
DockQ: 0.045

DiffDock-PP
DockQ: 0.115

DeepTernary
DockQ: 0.059

DiffTernary
DockQ: 0.582

PDB ID: 1RE0_A_B_AFB

h i

0.0

16.0

0.0 0.0 0.0 0.0 0.0 0.0 0.0

31.2

0.0 0.0

All (94) Domain-domain (46) Domain-motif (48)

> 0.5 > 0.8 > 0.5 > 0.8 > 0.5 > 0.8
0%

10%

20%

30%

40%

LDDT-PLI

S
uc

ce
ss

 ra
te

Figure 3. Single-prediction accuracy on TernaryDB. a, DockQ for four methods on 94 complexes. Boxes show the median and interquartile range,
whiskers extend to 1.5 times that range, and points denote complexes. b, PPI prediction success rates at the indicated DockQ thresholds. c, DockQ for
46 domain-domain and 48 domain-motif complexes. d, e, MG LDDT-PLI and fractions above the indicated thresholds. f, g, Pocket-aligned MG
RMSD and fractions below the indicated cutoffs. h, i, Predictions for 2OVM_A_B_AS0 and 1RE0_A_B_AFB, with the fixed protein in white and
DockQ labels beside predictions. Two-sided paired Wilcoxon tests compare DiffTernary with the other methods. Holm correction applies within each
comparison family in a, c. Symbols denote ∗P < 0.05, ∗∗P < 0.01 and ∗∗∗P < 0.001. The abbreviation n.s. denotes a non-significant difference.
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Figure 4. Sampling, ranking and efficiency on TernaryDB. a, b, Best-of-N PPI prediction success rates at DockQ thresholds of 0.23 and 0.80. c,
Best-of-N MG recovery within 2 Å. d, e, Returned-pose PPI prediction success rates against N and at N = 40. DiffTernary and DiffDock-PP use
confidence selection. Values in a–d average over subsets of 40 samples per complex. f, PPI and MG prediction success rates after confidence filtering.
Horizontal lines give expected PPI and MG prediction success rates for a single DeepTernary prediction. g, Native and predicted 7M2K_A_B_GZM
structures, with the fixed protein in white. h, Training throughput on eight H800 GPUs using FP32 and per-GPU batch sizes of 1 for Tensor Product
and 16 for E2Former. i, Sampling time against N. j, Mean oracle DockQ against sampling time on a logarithmic axis.
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Supplementary Figures628
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Figure S1. Dataset statistics and diversity. a, Dataset sizes and their ratios. b, Complex-cluster size distributions at 40% sequence identity for
Ternary-PDB and 50% for TernaryDB. c, Bridge classes. d, Protein-chain occurrences from the twelve most represented organisms. e, Bridge
heavy-atom counts in bins of five, separating small-molecule and peptide bridges. f, UMAP of 1024-bit Morgan fingerprints for 7,316 Ternary-PDB
and 68 MGBench molecules, using radius 2 and Jaccard distance. g, UMAP of paired protein ESM2 embeddings using cosine distance. Ternary-PDB
is green, TernaryDB gray and MGBench orange.
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Figure S3. Docking with the MG or a single carbon atom. Each of 94 complexes was predicted with its MG or a carbon atom at the MG
centroid. a, Paired DockQ values, colored by interface class. b, DockQ distributions overall and by class. c, PPI prediction success rates at
DockQ thresholds of 0.23, 0.49 and 0.80. Two-sided paired Wilcoxon tests compare the conditions. Symbols denote ∗∗∗P < 0.001 and n.s.
for a non-significant difference.
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Figure S4. Score-model training on TernaryDB. a, Score matching loss divided by the zero-prediction baseline, marked by the dashed
line. b, Mean validation DockQ, evaluated every five epochs on 137 complexes under both choices of fixed protein. c, Validation RMSD of
the movable protein and MG. Vertical lines mark the epoch-42 weights used for evaluation.
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Figure S5. Score-model training on Ternary-PDB. Each epoch contains 42,328 training samples. a, Loss relative to the zero-prediction
baseline (dashed line). Loss ratios outside the axis range and one non-finite validation value are not shown. b, Mean validation DockQ,
evaluated every five epochs on 150 complexes under both choices of fixed protein. c, Validation RMSD of the movable protein and MG.
Vertical lines mark epoch index 115, corresponding to ep116. Loss measurements extend through epoch 117 and docking evaluations through
epoch 115.
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Figure S6. Sampling temperature and denoising steps. Best-of-N PPI prediction success rates on 94 TernaryDB complexes. a–d, Six
temperatures with 20 denoising steps. e–h, Five step counts at T = 4.
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Supplementary Tables629

Table S1. Tensor Product and E2Former efficiency. Training times summarize 51 Tensor Product epochs and two E2Former timing
epochs, each containing 42,328 samples. Sampling covers 94 complexes with 20 samples per choice of fixed protein. Blind selection uses the
first successful sample with the longer protein fixed and oracle selection the best of 40. Sampling times include network evaluation, graph and
pose updates and retries after warmup, excluding loading, scoring and output.

Metric Tensor Product E2Former

Training timing
Hardware 8 × H800 8 × H800
Precision FP32 FP32
Batch size per GPU 1 16
Peak GPU memory 74.78 GiB 51.22 GiB
Learning rate in timing experiment 0.001 0.001
Measured training epochs 51 2
Median epoch duration 3,310.00 s 479.43 s
Training throughput 12.79 samples/s 88.29 samples/s

Sampling timing
Hardware 1 × A800 1 × A800
Checkpoint epoch 42 45
Precision FP32 BF16
Batch size 1 16
Samples per complex 40 40
Total sampling time 4,167.14 s 952.71 s
Average sampling time per sample 1.108 s 0.253 s
Average sampling time per 40-sample set 44.33 s 10.14 s

Blind prediction, 94 complexes
Mean DockQ 0.2577 0.2358
Median DockQ 0.0796 0.0513
DockQ >0.23 30.9% (29/94) 29.8% (28/94)
DockQ >0.49 21.3% (20/94) 19.1% (18/94)
DockQ >0.80 14.9% (14/94) 16.0% (15/94)

Best of 40, 94 complexes
Mean DockQ 0.4237 0.4082
Median DockQ 0.2604 0.2313
DockQ >0.23 56.4% (53/94) 50.0% (47/94)
DockQ >0.49 37.2% (35/94) 36.2% (34/94)
DockQ >0.80 22.3% (21/94) 23.4% (22/94)
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Table S2. Tensor Product score and confidence model settings. Shared settings span both columns. Parameter counts exclude buffers.

Score model Confidence model

Graph
Protein node One per residue at its Cα atom
Protein node features Amino-acid type and the 1280-dimensional ESM2-650M embedding
MG node One per heavy atom
Protein edges 30 Å, at most 24 neighbors
MG edges Covalent bonds and a 5 Å radius graph
MG to protein edges 3σtr(t)+20Å, at t = 0 for the confidence model
Protein to protein edges 3σtr(t)+40Å, at t = 0 for the confidence model
Radial expansion 32 Gaussians within a component, 32 across components
Time embedding Sinusoidal, dimension 32, scale 10,000

Network
Scalar channels ns 32
Vector channels nv 6
Spherical harmonics ℓ≤ 2, first order representations only
Embedding layers 1 per component
Interaction layers 4
Edge groups per layer 4
Tensor-product weight network Two layers, width 3ns
Batch normalization Off
Dropout 0.1
Parameters 4,420,602 4,116,625

Diffusion
σtr 0.1 to 30 Å
σrot 0.03 to 1.55 rad
σtor 0.0314 to 3.14 rad
Interpolation in t Exponential
Loss weights, MG 0.167, 0.167, 0.166
Loss weights, partner 0.25, 0.25

Optimization
Optimizer Adam, learning rate 10-3, no weight decay
Scheduler Plateau, patience 10 Plateau, patience 30
Gradient clipping Norm 1
Weight averaging Exponential, rate 0.999 None
Batch size per rank 1 4
Checkpoint selection Validation DockQ Validation interface RMSD of the top-ranked pose

Inference
Denoising schedule 20 time points, 19 updates
Final step Taken without added noise
Sampling temperature T = 4, no churn
Samples per complex 40
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Table S3. Average time per sample on TernaryDB. Full-run wall-clock time, including startup, loading, sampling and ranking where
applicable, divided by the total samples across 94 complexes. DiffDock-PP and DiffTernary generated 40 samples per complex, and
EquiDock and DeepTernary one. A800 runs processed one complex at a time. DeepTernary timing is from its authors. The lower block varies
denoising steps at T = 4.

Method Hardware Seconds per sample

EquiDock37 1 CPU core 1.40
DeepTernary9 GPU under 1
DiffDock-PP28 1 × A800, 80 GB 2.35
DiffTernary 1 × A800, 80 GB 2.20

DiffTernary by denoising steps, T = 4, 1 × A800
5 steps 0.41
10 steps 0.62
15 steps 1.26
20 steps 2.20
30 steps 3.02
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