bioRxiv preprint doi: https://doi.org/10.1101/2025.10.18.680935; this version posted October 18, 2025. The copyright holder for this
preprint (which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in
perpetuity. It is made available under aCC-BY 4.0 International license.

Advancing Protein Ensemble Predictions
Across the Order—Disorder Continuum

Michele Invernizzi'", Sandro Bottaro', Julian O. Streit?, Bruno Trentini®*,
Niccoldo Alberto Elia Venanzi®, Danny Reidenbach®, Youhan Lee3,
Christian Dallago®%, Hassan Sirelkhatim?®, Bowen Jing®, Fabio Airoldi®,

Kresten Lindorff-Larsen?, Carlo Fisicaro!”, Kamil Tamiola!

1Peptone Ltd., 41-43 Chalton Street, London, NW1 1JD, UK.
2Linderstrgm-Lang Centre for Protein Science, Department of Biology, University of Copenhagen, Ole
Maalges Vej 5, Copenhagen, 2200, DK.
SNVIDIA Corp., 2788 San Tomas Expy, Santa Clara, 95051, CA, USA.
4University of Oxford, Wellington Sq., Oxford, OX1 2JD, UK.
5Computer Science & Artificial Intelligence Laboratory, MIT, 32 Vassar St, Cambridge, 02139, MA, USA.
6Biostatistics and Bioinformatics, Duke University, 2424 Erwin Road, Durham, 27710, NC, USA.

*Corresponding author(s). E-mail(s): michele@peptone.io; carlo@peptone.io; kamil@peptone.io;

Abstract

While deep learning has transformed structure prediction for ordered proteins, intrinsically
disordered proteins remain poorly predicted due to systematic underrepresentation in training
data, despite constituting approximately 30% of eukaryotic proteomes. We introduce Pep-
toneBench, the first benchmark enabling systematic assessment of ensemble generators across
both ordered and disordered proteins, integrating diverse experimental observables. Our anal-
ysis reveals that existing evaluation metrics exhibit systematic bias toward the structured
spectrum of the proteome. Assessment of popular predictors (AlphaFold2, ESMFlow, Boltz2)
confirms high accuracy on ordered proteins but shows performance degradation with increas-
ing disorder. We further present PepTron, a flow-matching ensemble generator trained on data
augmented with synthetic disordered protein ensembles. On our benchmark PepTron matches
BioEmu on disordered regions while maintaining competitive accuracy on ordered protein
benchmarks. Our data augmentation approach demonstrates that targeted training strategies
can approach the performance of computationally expensive simulation-based methods, estab-
lishing a generalizable framework applicable to other protein generative models. All datasets,
models, and code are openly available.

1 Introduction

Intrinsically disordered proteins (IDPs) and intrinsically disordered regions (IDRs), which lack stable
tertiary structure under native conditions, play central roles in signaling, transcriptional regulation, and
a wide range of human diseases [1]. Computational analyses estimate that approximately 30% of residues
in eukaryotic proteomes are disordered, yet these regions remain difficult to characterize experimentally
and computationally [2].

The flexible nature of IDPs complicates analysis by traditional structure determination methods
such as X-ray crystallography and cryogenic sample electron microscopy, necessitating ensemble-averaged
approaches like nuclear magnetic resonance (NMR) spectroscopy and small-angle X-ray scattering
(SAXS), and other biophysical techniques. These experimental limitations, in turn, influence computa-
tional modeling: modern protein structure prediction methods inherit a bias toward ordered structures
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from their reliance on the Protein Data Bank (PDB) [3, 4], where disordered regions are systematically
underrepresented [5, 6]. Proteome-wide analyses consistently report substantially higher fractions of dis-
ordered residues than appear in structural databases [2, 7]. Furthermore, this bias is compounded by poor
sequence conservation and sparse multiple sequence alignments (MSAs) of IDRs, limiting the effective-
ness of MSA-driven features for disorder modeling [8]. Consequently, models such as AlphaFold2, trained
on PDB, struggle to generalize to the substantial fraction of proteins that contain IDRs [9].

Recent methodological advances have begun to address these limitations. While AlphaFold2’s predic-
tions for disordered regions do not fully capture biophysical reality, its per-residue local distance difference
test (pLDDT) score is remarkably effective for disorder identification [10]. AlphaFold3 employs cross-
distillation using AlphaFold-Multimer predictions as training signals to represent disordered regions as
extended structures, thereby mitigating hallucinations [11]. Similarly, RosettaFold-3 adopts artificially
extended backbone representations for disordered regions during training [12]. Beyond single-structure
predictors, ensemble generation methods directly emulate protein dynamics. AlphaFlow and ESM-
Flow [13] combine flow-matching frameworks with structure prediction models to generate conformational
ensembles, while BioEmu [14] integrates over 200 milliseconds of molecular dynamics simulations along-
side ordered structures and experimental stability data at training stage to generate protein ensembles
at scale.

Complementing deep learning approaches, physics-based methods offer alternative strategies to
address IDPs[15, 16], while others utilize generative adversarial or diffusion models trained on molecular
simulations [17, 18]. Unified predictors capable of capturing both ordered and disordered regimes have
also emerged [19, 20].

Regardless of the predictive method employed, evaluating predictions for disordered proteins presents
inherent difficulties: no single native structure exists, and metrics such as root-mean-square deviation
(RMSD) and global distance test (GDT-TS) are ill-posed. Meaningful validation requires ensemble-
oriented approaches that compare predicted conformational ensembles to experimentally accessible
observables: chemical shifts (CS), SAXS profiles, residual dipolar couplings (RDCs), and paramagnetic
relaxation enhancements (PREs) [21-23], aligning deep-learning modeling with practices long established
in force-field development [24-26].

In this work, we introduce two principal contributions to address these gaps:

e Evaluation framework: We introduce PeptoneBench, a systematic protocol with accompanying code
for ensemble evaluation that compares experimental observables to ensemble-averaged predictions,
including maximum entropy reweighting [27-30], leveraging a curated dataset of SAXS, NMR, RDC,
and PRE data.

® Model development: We present PepTron, a generative model trained on an augmented
dataset enriched with synthetic IDR ensembles. PepTron is benchmarked against leading predictors
(AlphaFold2, Boltz2, BioEmu) via our framework, demonstrating state-of-the-art consistency with
experimental ensemble properties across both ordered and disordered regimes.

Together, these contributions establish a promising framework for more accurate, ensemble-based protein
structure prediction, improving representation of both ordered and disordered configurations. All datasets,
models, and code are available under the CC BY or Apache 2.0 license, as detailed in Sec. 3.

2 Results

2.1 PeptoneBench: Disorder-aware Protein Ensembles Evaluation

The Protein Data Bank (PDB) [3] is foundational for training and validating deep learning models
in protein structure prediction. However, it is notably depleted in IDRs and IDPs, introducing a bias
toward ordered structures (Fig. 1a). Our analysis indicates that only ~3% of PDB entries are classified
as disordered, compared to 20-30% in the human proteome, consistent with previous estimates [31, 32].
This underrepresentation motivates the use of alternative databases: the IDRome database [33], designed
to encompass all disordered regions in the human proteome, is highly enriched in disorder (approximately
77%), providing complementary coverage. However, experimentally determined protein structures for the
IDRome are not available.

Disorder is quantified here using the protein mean G-score, which ranges from 0 (fully ordered) to 1
(fully disordered) [34]. G-scores are derived from secondary chemical shifts (CS), which directly report on
the presence or absence of local secondary structure [35]. For proteins lacking experimental CS data, we
predict G-scores using ADOPT?2 [36], a machine learning framework trained on the TriZOD dataset [34].
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Fig. 1 (a) Distribution of predicted protein disorder (mean G-score) in the PDB, human proteome, and IDRome datasets,
with examples of ordered and disordered structures. Each reported dataset was clustered with MMseqs2, with sizes indicated
in parentheses. (b) Fraction of disordered proteins (average G-score > 0.5) in PeptoneBench databases. (¢) Overview of the
benchmarking workflow. For each protein sequence, an ensemble is predicted using the chosen model (in this case PepTron),
enabling calculation of relevant observables (e.g., secondary CS, SAXS profiles) depending on the dataset. Ensemble-
averaged predictions (with or without maximum entropy reweighting) are compared to experimental measurements, and
uncertainty-normalized RMSE is computed for each PeptoneDB-CS and PeptoneDB-SAXS entry. Normalized RMSE values
are visualized as a function of disorder content (G-score), with data aggregated via LOWESS smoothing and uncertainty
estimated by bootstrapping. Stars denote the same protein present in both PeptoneDB-CS and PeptoneDB-SAXS datasets.

Quantifying disorder makes it clear that, in order to evaluate the quality of generated protein ensem-
bles, one has to go beyond the PDB, and look for different sources of experimental validation. To
this end we introduce three curated datasets PeptoneDB-CS (NMR chemical shifts from BMRB [37]),
PeptoneDB-SAXS (SAXS profiles from SASBDB [38]), and PeptoneDB-Integrative (entries with multi-
ple complementary experimental measurements [15, 25, 39]; see Table 1) and Fig. 1b. These datasets
cover the whole order-disorder continuum and provide complementary information: CS strongly correlate
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with local secondary structure content, while SAXS curves are related to the overall shape of the pro-
tein ensemble. The PeptoneDB-Integrative focuses on IDPs and provides for each entry an orthogonal
measurement (RDCs for CS and PREs for SAXS, see Table A1) that can be used for cross-validation.

We use these datasets to implement PeptoneBench, a systematic evaluation framework for quantify-
ing predicted protein ensembles agreement with experimental data (Fig. 1c), across the order-disorder
continuum. Prediction models generate ensembles that are pre-processed using standardized criteria
(Appendix A.1). Experimental observables are computed from predicted structures using appropriate for-
ward models (Appendix A.2, A.3, A.4) [40]. Agreement between prediction and experiment is assessed
using normalized root mean squared error (RMSE), Eq. A6, accounting for uncertainties from both for-
ward models and experimental data [41-43]. RMSE values are visualized as a function of protein disorder
(G-score), with data aggregated via locally weighted scatterplot smoothing (LOWESS) and uncertainty
estimated by bootstrapping. The area under the LOWESS curves (AUC) provides a condensed accu-
racy metric across the disorder content. For convenience, we define a PeptoneBench summary score by
combining the AUC for CS and SAXS, see Eq. D12.

While RMSE is indicative of accuracy, it is insufficient on its own: broader ensembles with higher
RMSE may better capture experimental distributions if improved by maximum entropy reweighting [27,
30]. Therefore, PeptoneBench also computes RMSE with post-refinement results, to determine not only
how well ensembles match experiments initially, but also how much their agreement can be improved
through maximum entropy reweighting. This approach distinguishes between ensembles that contain
the right conformations but need better weighting (reweightable errors), and those that lack important
conformations entirely (irrecoverable deficiencies). A description of the robust reweighting procedure
developed for PeptoneBench is provided in the Appendix A.5.

Ensemble refinement is particularly relevant when dealing with IDP ensembles, which are highly sen-
sitive to experimental conditions (e.g., temperature, pH, ionic strength). Generative models that sample
diverse conformations across a range of conditions, similarly to multicanonical approaches in molecu-
lar dynamics, could be reweighted to match specific experimental parameters, greatly enhancing their
predictive utility.

# proteins # residues
Dataset Data type ‘ Source (ordered/disordered) | (ordered/disordered)
PeptoneDB-CS NMR chemical shifts | BMRB 329 / 330 32,908 / 31,507
PeptoneDB-SAXS SAXS profiles SASBDB 380 / 59 92,577 / 18,372
PeptoneDB-Integrative NMR chemical shifts Literature 1/15 151 / 2,042

RDCs, SAXS, PREs

Table 1 Curated protein datasets used in this study, showing data sources and counts of ordered and disordered
proteins and residues. Proteins are classified as ordered (mean G-score < 0.5) or disordered (mean G-score > 0.5). For
PeptoneDB-SAXS, G-scores are predicted when chemical shift data are unavailable. Note: PaaA2 in
PeptoneDB-Integrative (mean G-score = 0.43; see Table A1) is classified as ordered by this threshold, but is commonly
reported as disordered in the literature [44].

2.2 PepTron: Augmenting Training Data with Disordered Regions for
Improved Protein Ensemble Prediction

We introduce PepTron, a protein structure generator based on the flow-matching ESMFlow architec-
ture [13], and designed to generate diverse conformational ensembles for proteins spanning from ordered
to disordered states.

PepTron is fine-tuned on both, experimentally determined structures from the PDB, and synthet-
ically generated ensembles of disordered proteins. This augmentation exposes the model to the full
order-disorder continuum, enabling more accurate predictions across diverse protein types. Remarkably,
even computationally inexpensive methods for generating disordered ensembles substantially improve
performance. Performance was assessed using PeptoneBench, ensuring evaluation on experimental data
fully withheld from training. We benchmarked PepTron together with ESMFold, ESMFlow, AlphaFold2,
Boltz2, and BioEmu, and performed dedicated evaluations on the IDP-focused PeptoneDB-Integrative
dataset.
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Fig. 2 (a) Schematic overview of the PepTron model. Structural data from the PDB are used to pretrain the PepTron model
which employs the ESMFlow architecture. Synthetic datasets of disordered proteins are generated using IDP-o, drawing
sequences from the IDRome and fragments from the AlphaFold UniProt Database (AlphaFold DB). The resulting synthetic
dataset is jointly used for fine-tuning, integrating ordered and disordered states. (b) Agreement with experimental CS data
and (c) SAXS profiles. Reported values correspond to per-protein reweighted RMSE fitted via LOWESS regression with
bootstrap-estimated uncertainties for ESMFold, ESMFlow, IDP-o, and PepTron. For each model and dataset, we report in
parentheses the area under the LOWESS curve as an overall score (lower is better).

2.2.1 Synthetic IDP Dataset Generation

To address the lack of structural data for disordered regions, we generate a synthetic structural dataset,
called IDRome-o, from the sequences in IDRome [45] (Fig. 1a). To this end, we developed a fragment-
based protein structure generator, IDP-o, which can generate physically plausible IDP ensembles at scale
and with reduced computational cost. IDP-o harnesses principles from fragment-based approaches [46]
and hierarchical chain-growth techniques [47]. Specifically, it constructs protein configurations by aligning
smaller fragments taken from a large structure database. Contrary to previous methods which used the
PDB as source for the fragments, IDP-o leverages the full AlphaFold Protein Structure Database (214
million predicted structures), which is orders of magnitude larger. This allows IDP-o to use larger six-
residue fragments, and better capture transient helicity content, as shown in the comparison with other
IDP-specialised models in Appendix B).

It is important to note that by design IDP-o does not sample a specific equilibrium ensemble distri-
bution, but rather it produces diverse conformational ensembles which represent plausible configurations
for a given sequence. Accordingly, these ensembles are most effective when combined with reweighting
strategies, or as starting points for further molecular dynamics simulations [47].

2.2.2 Model Architecture and Training Mixture

PepTron is based on ESMFlow architecture, but was implemented within the NVIDIA BioNeMo frame-
work, for improved computational performances [48]. It integrates cuEquivariance triangle attention and
uses the Modular Co-Design BioNeMo sub-package for implementing flow matching, as described in
Appendix C. Both at training and inference time PepTron uses BioNeMo distributed best practices,
leveraging Megatron-style [49] tensor-pipeline-context-expert parallelism, mixed precision, activation
checkpointing, and optimized input pipelines to scale efficiently across multi-GPU systems. At inference,
PepTron runs from a single checkpoint without MSAs or external ESM weights [50] and directly generates
structure ensembles.

We start from the ESMFold weights and retrain the flow matching module using the PDB, as described
in the ESMFlow paper [13], but with a twice longer crop length of 512. We then fine-tune PepTron using
a mixture of PDB and IDRome-o data, as described in detail in Appendix C.
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2.3 Comparative Benchmarking

To assess the performance improvement of PepTron over the baseline models ESMFlow and IDP-o, we
predicted ensembles for all sequences in the PeptoneDB-CS and PeptoneDB-SAXS datasets, and com-
puted the normalized RMSE following the PeptoneBench procedure. Figure 2b summarizes the agreement
as a function of protein disorder content on the PeptoneDB-CS set for ESMFlow, IDP-o, and PepTron.
For comparison, we also include single-structure predictions from ESMFold [51].

A consistent trend emerges: both ESMFold and ESMFlow yield accurate predictions for ordered
systems (low G-score, normalized RMSE = 1), but their accuracy declines as disorder increases, with ESM-
Fold degrading more rapidly. In contrast, IDP-o displays the opposite pattern, with improved accuracy
at higher disorder levels, in line with expectations. PepTron maintains more stable performance across
both ordered and disordered protein ensembles. Similar trends are observed when comparing the models
against experimental SAXS profiles and upon reweighting (Fig. 2c). This balanced performance suggests
that training on diverse synthetic disordered ensembles enables the model to capture conformational
heterogeneity without sacrificing accuracy on well-folded structures.

To contextualize the performance of PepTron model on PeptoneBench, we compare it against some of
the most widely used protein generative models: AlphaFold2 [11], Boltz2 [52], and BioEmu [14]. Figure 3
shows the overall agreement of these models with experimental CS and SAXS data. For convenience, we
also provide the PeptoneBench summary scores in Table 2. Consistent with previous findings for ESM-
Fold, both Boltz2 and AlphaFold2 demonstrate strong predictive accuracy for ordered protein systems
(low G-score), yet their performance deteriorates as disorder content increases. This systematic decrease
highlights a key limitation of current leading models, which, despite their groundbreaking successes in
structure prediction, remain challenged by the inherent heterogeneity of IDPs and proteins featuring
significant disordered regions.

By contrast, PepTron and BioEmu exhibit robust performance across the entire order-disorder
spectrum, maintaining comparable levels of accuracy for both ordered and disordered proteins. The con-
sistently high agreement observed for BioEmu aligns with its design, as the model has been trained
explicitly on extensive molecular dynamics simulations of unfolded proteins that provide rich coverage
of conformational diversity well suited to the characteristics of IDPs. This observed trend is consistent
across both NMR and SAXS benchmark datasets, highlighting its reliability and generality. A more com-
prehensive comparative analysis including expanded benchmarking across models, both before and after
maximum-entropy reweighting, is provided in the Appendix (Figs. D6, D7, and D8). For convenience, we
also provide the PeptoneBench summary scores in Table 2. The PeptoneBench results on a larger set of
and Fig. D10.

We further benchmarked the predictors on the canonical ordered datasets CAMEQO22 and CASP14
(Table 2). AlphaFold2 and Boltz2 consistently achieve the lowest RMSD values and highest LDDT and
TM-scores, establishing them as the top-performing methods for modeling ordered proteins. PepTron and
ESMFlow display very similar results, with PepTron matching ESMFlow in both RMSD and accuracy
metrics across all benchmarks. This parity indicates that the extensive retraining and fine-tuning applied
to PepTron for disordered protein ensembles does not compromise its performance on ordered structures,
supporting the effectiveness of our IDR augmentation strategy. While BioEmu lags slightly behind Pep-
Tron and ESMFlow on the CAMEO22 benchmark, it shows improved performance on CASP14, with
TM-scores and RMSD values closer to the best-performing models, AlphaFold2 and Boltz2.

Model PeptoneBench CAMEQO22 CASP14

Plain/ Reweight| H RMSD | LDDT 1+  TM-Score 1 RMSD | LDDT 1+  TM-Score 1
AlphaFold2 3.07 3.07 3.58/1.86 0.82/0.86 0.86,/0.94 5.03/3.02  0.78/0.82 0.85/0.91
Boltz2 3.10 3.80 3.53/1.56  0.86/0.89 0.87/0.95 5.77/3.18  0.81/0.84 0.83/0.90
ESMFlow 2.12 2.74 4.53/2.69  0.70/0.75 0.82/0.89 10.50/6.97  0.53/0.54 0.63/0.68
BioEmu 1.49 2.22 4.92/2.84 0.52/0.54 0.80/0.88 7.25/4.17  0.49/0.52 0.74/0.80
PepTron 1.65 2.54 4.72/2.75  0.71/0.75 0.81/0.89 10.71/7.15  0.54/0.57 0.63/0.70

Table 2 Performance of protein structure prediction on PeptoneBench and the CAMEO22 and CASP14 benchmarks.
For the PeptoneBench we report summary scores (see Eq. D12) both with and without ensemble refinement via
maximum entropy reweighting. For CAMEO22 and CASP14 we report the average and median over samples for each
metric (values for ESMFlow and AlphaFold2 are taken from Ref. [53]).
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Fig. 3 Agreement with experimental CS data (a) and SAXS profiles (b). Reported values correspond to per-protein
normalized RMSE fitted via LOWESS regression with bootstrap-estimated uncertainties for PepTron, AlphaFold2, Boltz2,
and BioEmu. For each model and dataset, we report in parentheses the area under the LOWESS curve as a summary score
(lower is better). Panels ¢ and d report the same quantities after maximum entropy reweighting.

2.4 PeptoneDB-Integrative Insights

While PeptoneDB-CS and PeptoneDB-SAXS provide broad coverage of proteins across the order-disorder
continuum, validation on IDPs with multiple orthogonal experimental measurements (PeptoneDB-
Integrative) offers a more stringent test of ensemble quality. For this dataset, we performed two
complementary analyses. First, we performed maximum entropy fitting of CS data, tuning the regular-
ization parameter to avoid overfitting, ensuring that improving agreement with CS data did not degrade
agreement with the orthogonal RDC measurements (Fig. D12). Note that for RDCs, the quality factor
(Q-factor) is used to quantify performance (see Appendix A.4).

While the modest number of proteins in this dataset limits definitive ranking, some clear trends
emerged (Fig. 4). The disorder-specialized predictor, IDP-o, consistently outperformed all other mod-
els after reweighting, yielding lower RMSE and Q-factor values and thus reflecting better agreement
with experiment. Closer inspection indicates that models with relatively high RMSE and Q-factors
(2-3 and >1, respectively) often fail to capture key helical propensities, as confirmed by per-protein,
per-model analyses (Figs. D14 and D15). Notably, both PepTron and BioEmu exhibited similar per-
formance on RDCs (mean Q-factor ~0.8), although BioEmu performed better on chemical shifts. In
contrast, AlphaFold2, ESMFold, and Boltz2 demonstrated consistently poor agreement across both local
experimental metrics.

The complementary analysis using experimental data reporting on more global structural features, i.e.,
fitting to SAXS profiles with cross-validation restraints from PRE data (Figs. 4, D11 and D13) confirmed
these trends. IDP-o again yielded the best performance, followed by BioEmu. PepTron and ESMFlow
also performed well, with slightly worse agreement than that achieved by BioEmu. IdpGAN [18] delivered
strong agreement for global observables (SAXS and PREs), but does not capture secondary structure
preferences (Figs. D14 and D15).

Overall, similar results were obtained when comparing the models without reweighting (Fig. D11). In
this case, IDP-o performed best on chemical shifts, RDCs and PREs, and second best behind IdpGAN
on SAXS data. IDP-o thus appears to be particularly well suited to both capture reasonable local and
global properties of disordered proteins, including in the absence of experimental reweighting. Conversely,
AlphaFold2, ESMFold and Boltz2 had the worst agreement with all types of experimental data, suggesting

7
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Fig. 4 (a) RMSE between predicted and experimental chemical shifts (top panel) for ensembles generated by seven different
models following maximum entropy reweighting using CS data. In the bottom panel, Q-factors measuring agreement between
predicted and observed residual dipolar couplings (RDCs) across the same models and CS-reweighted ensembles are shown.
Each bar represents mean performance for n=12 intrinsically disordered systems for which both CS and RDC are available;
individual points correspond to results for each individual system. Lower RMSE and Q-factor values indicate improved
agreement with experimental data. (b) RMSE between predicted and experimental SAXS profiles (top panel) following
maximum entropy reweighting using SAXS data. In the bottom panel, RMSE of PRE data for the same models are shown.
Each bar represents mean performance for n=7 intrinsically disordered systems for which both SAXS and PREs are available.
Note that the RMSE values for PREs refer to the root mean squared error of predicted PRE intensity ratios (ranging from
0 to 1) relative to experimental values.

these models do not accurately capture local or global properties of IDPs. Other ensemble-based predictors
applicable to both ordered and disordered sequences typically achieve performances intermediate between
those of IDP-o and AlphaFold2/ESMFold/Boltz2. The assessment of this benchmark dataset thus suggests
that for typical unfolded proteins IDP-o is most suitable. Notably, RDC Q-factors achieved by IDP-
o are comparable to those achieved by state-of-the-art molecular dynamics simulations of disordered
proteins[25], with Q-factors ranging from ~0.4 to 1.0.

Despite the overall improvements in modern ensemble predictors, this integrative benchmark also
highlights persistent challenges for all models. For example, PRE experiments reveal that subtle long-
range contact preferences remain difficult to predict and capture with reweighting. Residual secondary
structure biases retained by some models, including for example BioEmu and PepTron, can also lead to
poor agreement with experimental data (e.g., reflected in chemical shift and RDC predictions, Figs. D14
and D15). Another previously noted limitation of models such as AlphaFold2, BioEmu and PepTron is
their inability to capture unfolded states of destabilized sequences that may fold into stable structures
under some conditions[20]. While IDP-o captures these disordered states well, a folding bias of the other
models results in large secondary chemical shifts and poor agreement with experiments (Fig. D16).

3 Discussion

A central contribution of this work is the explicit incorporation of disorder as a dimension in protein
structure prediction. This is a critical factor widely acknowledged in the biophysics community but
not yet fully integrated into current machine learning frameworks. Building on this concept, our work
makes three key advances: (1) we introduce PeptoneBench, an experimentally anchored benchmark for
evaluating ensemble predictions using standardized pre- and post-reweighting metrics (Fig. 1); (2) we
demonstrate that fine-tuning on a disorder-focused dataset markedly improves ensemble modeling accu-
racy in our novel PepTron model, which utilizes a deliberately standard neural architecture (Fig. 2); and
(3) we systematically benchmark leading structure predictors, including PepTron, AlphaFold2, Boltz2,
and BioEmu, with particular emphasis on performance in disordered regions (Figs. 3 and 4). Our eval-
uation demonstrates that the predictive accuracy of AlphaFold2 and Boltz2 systematically declines as
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protein disorder increases, as commonly observed. In contrast, PepTron and BioEmu sustain high per-
formance across both ordered and intrinsically disordered protein regions. Benchmarking on ordered
single-structure datasets (CAMEQO22 and CASP14) highlights both Boltz2 and AlphaFold2 as leading
predictors (Table 2). Collectively, our benchmark establishes robust, disorder-dependent performance
baselines for the field.

Although we present a summary PeptoneBench score with and without reweighting (Table 2), we
are well aware that summarizing model performance with a single score can be misleading. For this
reason, we provide a range of evaluation metrics and plots as output of our benchmark, and we encourage
researchers to engage with different metrics to capture distinct aspects of accuracy across datasets and
levels of disorder. Moving forward, we intend to further explore the richness and nuances of the presented
datasets, for example analysing how well models handle different types of IDRs, such as flexible linkers
or disordered terminal domains.

While this work represents a step toward more accurate and general protein ensemble prediction, sev-
eral limitations remain. First, the realism of IDR training data could be further enhanced by using either
curated databases of structural ensembles [21] or advanced computational methods, such as long-timescale
molecular dynamics (MD) simulations with improved force fields and sampling techniques [54]. Recently
developed MD datasets such as ATLAS [55], mdCATH [56], DynaREPO [57], and MISATO [58] have
greatly expanded the availability of simulation-based protein ensembles. However, these predominantly
capture local fluctuations near the folded state and often fall short in sampling the broad conformational
landscape characteristic of IDRs. The BioEmu MD datasets stands out by providing extensive simula-
tions of unfolded proteins and by training explicitly on equilibrium properties [14], as reflected in its
strong performance on PeptoneBench (Figs. 3 and 4).

A further challenge in ensemble validation lies in the use of forward models to translate predicted
structures into experimental observables with accurate uncertainty quantification. Many such models have
been optimized and validated primarily on structured systems, raising concerns about their reliability
when extrapolated to disordered proteins [59, 60]. For instance, CS predictors may exhibit systematic
biases in highly flexible regions, while SAXS forward models may not fully capture the effects of excluded
volume in extended conformations. Comprehensive cross-validation, leveraging multimodal datasets with
diverse observables, is essential to mitigate these issues; yet assembling such datasets remains difficult and
resource-intensive [21, 26, 61]. Future work should prioritize the development and validation of forward
models specifically calibrated for disordered protein ensembles.

Finally, it is important to acknowledge that the conformational preferences of IDPs are highly sen-
sitive to external conditions, including temperature, pH, ionic strength, and the presence of binding
partners or small molecules. Numerous studies have shown that these environmental factors can drive
disorder-to-order transitions, modulate structural heterogeneity, alter phase separation behavior, and
impact biological function. Achieving predictive accuracy across varying conditions is therefore critical,
not just for understanding protein biophysics but also for applications in therapeutic development and
drug discovery [62]. Although modeling environmental effects lies beyond the scope of this work, we
highlight this challenge as a key priority for the next generation of protein structure prediction meth-
ods. Approaches that integrate physics-based modeling with learned representations, or that explicitly
condition predictions on experimental variables, may prove particularly valuable in this regard.

Beyond these technical challenges, our results carry broader implications for the field. The success of
relatively simple data augmentation strategies in improving disorder prediction suggests that architectural
complexity and the sheer amount of training data may not be the only limiting factor. Rather, the
diversity and representativeness of training data appear critical. This finding has practical implications
for resource allocation in model development and highlights opportunities for community-driven efforts
to curate and share high-quality ensemble datasets [63].

Data and Code Availability

The PeptoneDB datasets, the IDRome-o dataset, the PepTron weights, and all the generated protein
ensembles evaluated in the paper are available under CCBY on Zenodo at https://zenodo.org/records/
17306061.

The code to reproduce the results and figures of the paper and to perform the PeptoneBench
benchmark is available under Apache 2 license at https://github.com/peptoneltd/peptonebench. The
code for inference and training of the PepTron model is available under Apache 2 license at https:
//github.com/peptoneltd/peptron. The IDP-o code will be made available in the near future.
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