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Abstract

All-atom biomolecular structure prediction requires accurate modeling of complexes containing proteins, peptides, nu-
cleic acids, and small molecules while maintaining physically plausible local geometry. However, highly flexible peptide
complexes and small-molecule binding requiring rigorous pocket geometry remain significant challenges for current models.
We present Melo-1-preview, an AF3-like all-atom diffusion model designed to provide a reliable structural foundation for
molecular discovery. Melo-1-preview establishes a new capability benchmark on these highly challenging tasks: it attains
47.9% ranked DockQ high on FoldBench peptide—protein interfaces and 41.0% on the independent PXM-22t025 set, while
demonstrating superior geometric validity with 91.7% of predictions free of hard atomic overlaps. For protein-ligand com-
plexes, it achieves 66.7% ranked success on FoldBench and 50.6% on Run-N-Pose, outperforming other contemporary open
models. We additionally report performance across protein—protein, nucleic-acid, antibody—antigen, and monomer settings
to provide a comprehensive capability profile, highlighting both current strengths and areas for future improvement.

1 Introduction

Interactions among biomolecules—proteins, nucleic acids, small molecules, and other cellular components—are fundamental
to understanding biological mechanisms and modulating disease processes. Computational models capable of predicting these
interactions at experimental-level accuracy can provide a scalable and reusable structural foundation for drug discovery.

AlphaFold 2 advanced the structure prediction of many protein monomers to near-experimental accuracy [1]. AlphaFold
3 (AF3) further extended this paradigm to joint, all-atom modeling of proteins, nucleic acids, small molecules, ions, and mod-
ified residues [2]. Consequently, structure prediction is no longer merely about producing static coordinates; it is increasingly
serving as a reusable engine for epitope inference, binder design, virtual screening, and the acceleration and interpretation of
experimental workflows.

Following AF3, an initial wave of AF3-like systems rapidly emerged, including Boltz-1 [3], HelixFold3 [4], Chai-1 [5], and
Protenix [6]. These models largely adopted similar Pairformer and all-atom diffusion backbones and maintained the narrower
pair representation width of AF3 (e.g., ¢, = 128), primarily completing the paradigm shift from protein folding to all-atom
complex prediction. Subsequently, models such as Protenix-v2 [7], OpenDDE [8], ESMFold2 [9], and SeedFold [10] pushed
this frontier further by scaling up the pair representation width (increasing c, to 256-512) and training on larger datasets.
However, performance remains uneven across different interaction types. While conventional protein folding and certain
protein—protein interfaces are now relatively mature, highly flexible peptide complexes and small-molecule binding requiring
rigorous pocket geometry still frequently suffer from insufficient accuracy, poor generalization, and physically implausible
local geometry.

Peptides represent one of the most challenging regimes. Occupying an intermediate conformational scale between small
molecules and folded domains, peptides possess a large conformational space and typically exist as ensembles rather than
single static structures. Whether a peptide can form a viable interaction depends on atomic-level interface complementarity
and non-covalent interactions. Protein—ligand tasks similarly demand chemically defensible pocket geometry. Furthermore,
high interface metrics do not guarantee structural usability, as predictions with high scores can still contain severe atomic
overlaps.

In this context, we release Melo-1-preview, a preview version of our joint all-atom complex prediction model. Figure 1
shows that on FoldBench [11] near-native peptide interfaces (DockQ > 0.80 [12]), Melo-1-preview occupies a higher success
regime. Under identical inputs and sampling budgets, Melo-1-preview achieves the highest ranked DockQ high rates on Fold-
Bench (47.9%) and the independent PXM-22t025 set [7] (41.0%), while demonstrating markedly higher geometric stability
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(91.7% of FoldBench predictions are free of interface and peptide-internal hard overlaps). For ligands, it attains 66.7% ranked
ligand success on FoldBench and 50.6% on Run-N-Pose [13], generally outperforming other contemporary open models.
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Figure 1: Protein—peptide near-native interface success rate (DockQ > 0.80 [12]) on FoldBench [11] versus pair representation
width c,. Gray circles denote the first wave of AF3-like systems and related public references (c, = 128, names marked with
x); beige circles denote subsequent models evaluated locally; the teal diamond denotes Melo-1-preview. Asterisks () indicate
values reported in public literature or official releases; other values are from our local evaluation.

The primary contributions of this report are as follows:

1. Establishing a new capability benchmark on highly challenging tasks such as peptides and ligands. Melo-1-
preview achieves a significant lead in near-native peptide interface recovery (DockQ > 0.80), validating this advantage
on the independent peptide set (PXM-22t025) [7] and ligand benchmarks (FoldBench / Run-N-Pose) [11, 13].

2. Establishing a joint evaluation criterion that equally weights interface accuracy and geometric validity. In addi-
tion to conventional DockQ and ligand success metrics, we systematically audit hard atomic clashes at peptide—protein
interfaces and within the peptide chain. This demonstrates that high-quality interfaces can coincide with physically
acceptable local geometry, providing a more rigorous reference for model evaluation in discovery scenarios.

3. Providing an aligned and multi-dimensional all-atom capability profile. Under identical inputs and sampling bud-
gets, we systematically report results for protein—protein, nucleic-acid, antibody—antigen, and monomer targets along-
side peptides and ligands, fully characterizing the strengths and weaknesses of current all-atom predictions.

2 Results

2.1 Near-native peptide interfaces and ligand success

Protein—peptide and protein—ligand complexes are central scenarios for molecular discovery. Peptides require near-native
pose and atomic interface complementarity beyond coarse pocket occupancy; ligands likewise need chemically defensible
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pocket geometry. We report primary accuracy on FoldBench [11], a low-homology all-atom benchmark spanning multiple
molecular and interface types.

For peptides, current methods generally place the peptide near the pocket; the true challenge lies in precisely recovering
the near-native pose and atomic-level interface details, which are critical for downstream affinity prediction or design. We
therefore take the ranked high success rate (DockQ > 0.80 [12]) as the primary peptide endpoint. Figure 2a,b summarizes
this result under identical inputs and sampling budgets. Melo-1-preview attains a 47.9% high success rate on FoldBench and
41.0% on PXM-22t025 [7], an independent set of recent protein—peptide complexes (2022-2025) aggregated by cluster. On
FoldBench this is 8.8 percentage points above ESMFold2 and 10.4 points above Protenix-v2 and OpenDDE, and it also exceeds
the published AlphaFold 3 reference (41.2%). On PXM-22t025 the corresponding margins are 8.9 points above ESMFold2,
3.7 above Protenix-v2, and 5.1 above OpenDDE, indicating that the near-native peptide modeling advantage transfers to an
independent recent collection.
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Figure 2: Primary ranked results. (a) Protein—peptide on FoldBench [11] (n = 48; ESMFold2 n = 46); (b) protein—peptide on
PXM-22t025 [7] (n = 99 clusters; ESMFold2 n = 97); (¢) protein—ligand on FoldBench (n = 541; ESMFold2 n = 533); (d)
protein—ligand on Run-N-Pose [13] (n = 638; ESMFold2 n = 635). Gray bars marked * are reference values transcribed from
the FoldBench paper; beige bars are baselines evaluated under identical inputs and sampling budgets; teal denotes Melo-1-
preview. High success rate (DockQ > 0.80 [12]) is the primary peptide endpoint; scores use PXMeter [14].

3/8



For ligands, we evaluate on two distinct benchmarks. On FoldBench (Figure 2¢), Melo-1-preview reaches 66.7% ranked
ligand success, a limited but clear lead of 2.6-8.5 points over the same baselines, and slightly above the published AlphaFold 3
reference (64.9%). On the novelty-oriented Run-N-Pose set [13] (Figure 2d) it reaches 50.6%, essentially tied with Protenix-
v2 (50.0%) and ahead of ESMFold2 (48.3%) and OpenDDE (41.4%).

2.2 Geometric validity

A high success rate does not guarantee a usable structure: even when DockQ > 0.80, a pose can still contain severe atomic
overlaps that obstruct interpretation or downstream design. We therefore treat geometric validity as a first-class result along-
side Section 2.1 accuracy, auditing hard clashes—non-bonded heavy-atom pairs closer than 1.6 A, excluding bonded and
two-hop neighbours for peptide-internal contacts.

Figure 3a reports no interface clash, no peptide-internal clash, and neither type of clash on FoldBench. Melo-1-preview has
neither overlap type in 91.7% of cases, compared with 79.2%, 68.8%, and 35.4% for Protenix-v2, ESMFold2, and OpenDDE,
and is the only method above 95% on both individual clash-free measures (95.8% each). The baselines fail differently.
ESMFold2 is largely free of interface clashes (93.8%) but much weaker on peptide-internal geometry (70.8%), so the joint
rate collapses; OpenDDE fails on both axes. Melo’s joint lead therefore reflects balanced interface and peptide-internal validity
rather than a single-sided metric. The independent PXM-22t025 audit (Figure 3b) reproduces the same pattern: Melo leads
on the joint rate (90.4%) and on peptide-internal clash-free predictions (98.2%), while ESMFold2 again pairs a clean interface
(97.6%) with more peptide-internal clashes (84.4%). This audit uses unclustered interfaces and is a geometry diagnostic rather
than a one-to-one companion to the cluster-aggregated accuracy endpoint in Figure 2b. In short, the near-native advantage in
Section 2.1 is not purchased with sterically implausible coordinates.

(a) (b)
Protein-peptide (FoldBench) Protein-peptide (PXM-22t025)

100 958 958 97.6 97.6

93.8
91.7 —— 91.7
90 A 87.5 27 E 87.4 86.8
1 84.4 1 84.4

80 1 22 1 7 § 7%

:
[} SE
1 70.8
© 70 665 7 68.8 4
g §: 63.5
u i . i
z 60 58.3
u 52.7
O 50 - 4 <S
401 35.4
30 A
< % U N < 2 v o
(\00 '(Fq <<0\6 ed\e 000 \+’\‘ Qo\é ?/4\?’
2 & (,V“ X 2 oY 9‘“ X
of S ¢ » or® <© ¢ »
oe® oe®

[ No interface clash ZZ No peptide-internal clash [N No clash of either type

Figure 3: Geometric validity on FoldBench [11] (a; n = 48) and PXM-22t025 [7] (b; n = 167 unclustered interfaces). The
three series report no interface clash, no peptide-internal clash, and no clash of either type. Teal denotes Melo-1-preview
and cream denotes baselines under identical inputs and sampling budgets; hatching distinguishes the metrics. Panel b is not
matched one-to-one to the n = 99 cluster-aggregated accuracy result in Figure 2b.

Figure 4 provides a fixed qualitative view of target 8v3s, marking hard-overlap atoms on predictions; it illustrates failure
appearance rather than replacing the aggregate rates above.
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I GT target M GT peptide M prediction M clash atom

Melo-1-preview Protenix-v2 OpenDDE ESMFold2
DockQ 0.721 DockQ 0.422 DockQ 0.471 DockQ 0.396
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Figure 4: 8v3s diagnostic. Ground-truth target is gray, ground-truth peptide is green, prediction is orange; red spheres mark
hard-overlap atoms.

2.3 Capability profile across interfaces and monomers

Beyond peptides and ligands, all-atom models must handle a diverse range of biomolecular interactions. Figure 5 broadens
the evaluation scope, presenting the DockQ quality profiles (stratified into exclusive accept, medium, and high bins) of Melo-
1-preview across other major FoldBench interface types (protein, nucleic acid, and antibody). In the text, we primarily discuss
the high success rate (DockQ > 0.80) to remain consistent with the peptide endpoint.
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Figure 5: DockQ quality profiles across FoldBench interface types. (a) Protein—protein (n = 270); (b) protein—RNA (n = 52);
(c) protein—-DNA (n = 324); (d) protein—antibody (n = 170). Bars show exclusive percentages for accept (DockQ > 0.23),
medium (> 0.49), and high (> 0.80) quality bins. Gray bars with * denote reference values from the FoldBench paper [11];
other methods were evaluated locally using PXMeter [14] under identical inputs and sampling budgets.

On protein—protein interfaces (Figure 5a), Melo-1-preview reaches a 45.6% high success rate, comparable to OpenDDE
(46.7%) and Protenix-v2 (44.1%) and close to the published AlphaFold 3 reference (45.9%; Boltz-1* is 33.7%). The peptide
lead is therefore not an artefact of a peptide-only evaluation: conventional protein interfaces remain competitive with con-
temporary open models. Nucleic-acid interfaces split. On protein—RNA (Figure 5b), Melo doubles the high success rate of
Protenix-v2 and OpenDDE (11.5% versus 5.8%), yet absolute success remains low, so the result is a relative gain on a still-
hard task. On protein—-DNA (Figure 5¢), Melo leads at 49.4% among the compared methods, including above the published
AlphaFold 3 reference (45.4%). Antibody—antigen complexes (Figure 5d) are the clear gap: Melo’s 20.0% high success rate
trails OpenDDE (30.6%) and Protenix-v2 (30.0%), despite a substantial overall accept-or-better stack. The capability pro-
file is therefore asymmetric—stronger on peptides, ligands, and several polymer interfaces; weaker on antibody near-native
recovery.

FoldBench monomer targets complete the profile (Figure 6a—c). Protein monomers are near ceiling across methods (Melo
0.895 versus 0.894 / 0.893 for Protenix-v2 / OpenDDE) and do not differentiate systems. Separation appears for nucleic-acid
monomers, where Melo leads DNA and RNA LDDT (0.521 and 0.666), ahead of Protenix-v2 (0.511 / 0.642), OpenDDE
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(0.504 /0.644), and ESMFold2 (0.429 / 0.562); sample sizes are small and reported in the figure caption, so we treat these as
supporting signals rather than primary claims. Overall, the Results section supports a bounded capability picture: near-native
peptide pose with usable geometry as the core gain, stable but bounded ligand improvement, competitive performance on
nucleic-acid interfaces, and a remaining antibody—antigen deficit.
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Figure 6: FoldBench [11] monomer ranked OpenStructure [15] LDDT for (a) protein (n = 334), (b) DNA (n = 14), and (c¢)
RNA (n = 15). Gray bars with a trailing * are transcribed from the FoldBench paper Table S3; cream bars are baselines under
identical inputs and sampling budgets and teal denotes Melo-1-preview. Method order matches Figure 5.

3 Model and evaluation setup

3.1 Model overview

Melo-1-preview follows the broad design pattern of modern all-atom diffusion predictors: sequence and multiple-sequence-
alignment inputs condition single-residue and pairwise representations, which condition an all-atom coordinate denoiser and
confidence estimation. Templates and RNA MSAs are used when available. Molecular components are represented jointly in
one assembly rather than treating peptide or ligand docking as post-processing.

The pair representation width is ¢, = 256, placing Melo-1-preview in the mid-width regime of recent AF3-like systems
(AF3-era models typically use ¢, = 128; later systems often scale to 256-512). Training uses experimental structures from
the RCSB PDB [16] with a deposition cutoff of 30 September 2021, matching the AlphaFold 3 training-date alignment [2],
together with antibody—antigen complexes under the same cutoff. In addition, the model is trained with long-monomer dis-
tillation structures and associated MGnify-derived MSAs from the OpenFold3 monomer distillation release [17].

3.2 Benchmarks and metrics

We use FoldBench, a low-homology all-atom benchmark spanning multiple molecular and interface types [11], as the primary
broad evaluation. For peptide complexes, we additionally use PXM-22t025, an independent collection of recent protein—
peptide complexes curated from 2022 to 2025 and released with Protenix-v2 [7], aggregated by cluster. For ligand complexes,
we use the clustered Run-N-Pose benchmark [13], which emphasizes pocket novelty. Following its clustered-and-distinct
selection, we retain proper ligands with computable SuCOS [18] shape scores, select the representative with the lowest SuCOS
shape pocket-coverage score per cluster, and require fewer than 100 training systems with similar CCDs; aggregate ranked
ligand success on this filtered set is reported in Figure 2d.

Interfaces are evaluated with DockQ [12] via PXMeter [14]. We report FoldBench DockQ accept, medium, and high
thresholds of > 0.23, > 0.49, and > 0.80, respectively. The ranked high success rate (DockQ > 0.80) is the primary
peptide metric because current methods generally place peptides near the pocket, so near-native pose and interface detail are
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the quantities of interest. Protein—ligand success requires ligand RMSD below 2 A and LDDT-PLI above 0.8. FoldBench
monomers use the official OpenStructure [15] LDDT path. For geometric validity on peptide—protein predictions, a hard clash
is a non-bonded heavy-atom pair closer than 1.6 A at the target—peptide interface or within the peptide; directly bonded and
two-hop peptide neighbours are excluded from the latter.

3.3 Baselines and inference protocol

The local comparison includes Protenix-v2, OpenDDE, and ESMFold2. Across all four methods, we evaluate biological
assemblies of up to 2,000 tokens, providing the same chain set, paired and unpaired MSA inputs when available, and relevant
ligand—polymer or ligand-ligand covalent bonds. Each method performs its own featurization and generates 25 candidates
using five random seeds and five samples per seed. Reported “ranked” results select the candidate preferred by the model’s
native confidence score, representing normal deployment. Reported sample counts reflect the completed targets for each
endpoint after availability filtering and the 2,000-token limit.

The baselines span two all-atom diffusion predictors and a protein-language-model-based predictor. Protenix-v2 is an
AF3-style all-atom system with protein and RNA MSA and template support [7]; we used 10 recycling cycles and 200 diffusion
steps. OpenDDE is an all-atom co-folding model [8]; we used its general-purpose opendde . pt checkpoint with 10 recycling
cycles and 200 diffusion steps, disabled template-free guidance, and did not re-search MSAs. ESMFold2 derives its primary
representation from the ESMC protein language model and uses iterative refinement with diffusion-ODE sampling [9]; we
used the full biohub/ESMFo1d2 checkpoint, 10 refinement loops, 68 sampling steps, supplied the shared MSAs, omitted
templates, and ranked candidates with 0.8 ipTM + 0.2 pTM.

Table 1 summarizes public method capabilities and the configuration used here.

Table 1: Baseline scope. Public capabilities describe the cited releases; the final column records the inference settings used
in this evaluation.

Method Public method context Evaluation configuration
Protenix-v2 AF3-style all-atom diffusion; protein/RNA MSAs and 10 recycles, 200 diffusion steps;
templates supported. native confidence ranking.
OpenDDE All-atom co-folding; protein/RNA MSAs and tem- General-purpose opendde.pt;
plates supported. 10 recycles, 200 diffusion steps;
native confidence ranking.
ESMFold2 ESMC-derived protein representations; optional Full biohub/ESMFold2; 10
MSA,; iterative refinement and diffusion-ODE sam- loops, 68 sampling steps;
pling. MSA  on, templates  off;
0.8ipTM + 0.2pTM rank-
ing.

4 Discussion

Together, these results demonstrate Melo-1-preview’s broad capabilities across peptide, ligand, nucleic-acid, and protein
complex prediction. In recent years, the field has increasingly relied on straightforward model scaling to drive performance
improvements [7, 8, 9, 10]. While scaling is undeniably important, our results highlight that architectural efficiency and
representation quality are equally critical—a philosophy consistent with prior work by members of our team in accelerating
structure prediction through architectural innovation and strategic sampling [19, 20]. For instance, despite using a moderate
pair width (c; = 256) rather than the largest hidden dimensions among contemporary all-atom models [7, 8, 9], Melo-1-
preview achieves strong near-native peptide recovery and highly competitive ligand success.

Crucially, we emphasize that high interface metrics alone are insufficient for practical molecular discovery. Past models
have often exhibited a trade-off between maximizing accuracy scores and maintaining physically plausible local geometry.
Melo-1-preview bridges this gap, demonstrating that near-native accuracy does not have to be purchased at the cost of severe
atomic clashes. By delivering both high DockQ rates and robust geometric validity, the model provides a truly usable structural
foundation for downstream workflows such as affinity prediction, binder design, and virtual screening.

Nevertheless, important limitations remain. The deficit in antibody—antigen near-native recovery, for instance, indicates
that certain complex types are still open challenges. This suggests that relying solely on structural diffusion may be insufficient
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for the hardest tasks, pointing toward the need for stronger physical priors or targeted, large-scale domain data in future
iterations. Further updates on Melo-1 and related releases will be available at https://www.atomelody. com.
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