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An all-atom foundation model for
intrinsically disordered proteins

Abstract

Artificial intelligence is revolutionizing biomedicine due to groundbreaking advances in protein structure prediction, but
many diseases remain out of reach because the proteins involved are too dynamic for current tools. While models like
AlphaFold aim to predict a single, static 3D conformation, we introduce Topos-1, an all-atom generative model that
predicts realistic conformational ensembles for the roughly one-third of the human proteome that lacks a single well-defined
structure. Dynamic, flexible, and disordered proteins are at the root of many currently incurable neurodegenerative diseases
and aggressive forms of cancer, including Alzheimer’s, Parkinson’s, and prostate cancer. Topos-1 sets a new benchmark for
predicting conformational ensembles, outperforming AlphaFold, BioEmu, Chai, Boltz, and domain-specific models across
extensive experimental and computational evaluations. Our exhaustive evaluations include both large-scale global properties
as well as small-scale local properties that can be crucial for structure-based drug design. We also report progress using
Topos-1 to prospectively screen and design novel small molecule drug candidates, showing that computational predictions
are in excellent agreement with experimentally measured drug potencies for a fully disordered target. Topos-1 shows clear
power-law scaling and will improve even further with additional data, compute, and model size. By integrating Topos-1
into our AI-powered drug design platform, we accelerate traditional drug design approaches that rely on slow and expensive
computational and experimental tools. More importantly, Topos-1 also unlocks a capability to design new therapeutic
strategies that address so-called “undruggable” diseases.
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1. Introduction

Biomolecules are dynamic, but most experimental measurements only resolve the static elements of their structure [1, 2].
Proteins do not occupy a single state, but rather an ensemble of conformations that interconvert on timescales fast and
slow [2, 3]. The advances in machine learning-based structure prediction models over the last five years [4–7] have exploited
the extant experimental data [8] to predict the structures of largely static regions of biomolecules with an accuracy that
approaches experimental resolution. However, many proteins consist of, or contain sequences that have, a high degree of

, meaning that they do not adopt a single well-defined state and are not resolved in the most widely used
experimental characterization methods [9, 10]. As a result, models like AlphaFold often do not produce physically reasonable
predictions for these highly dynamic structural ensembles [11, 12]. Of course, we emphasize that the most widely used
structure prediction models are not designed to sample conformational ensembles and that intrinsically disordered proteins
(IDPs) constitute a negligible fraction of their training data [8, 13, 14]. Neglecting highly flexible regions of proteins is
untenable for many important therapeutic targets. Indeed, estimates suggest nearly a third of the human proteome adopts
no well-defined structure [15–17].

Existing protein structure
prediction models excel for
structured proteins, which exhibit
limited conformational diversity
(top). Topos-1 predicts the complex
conformational ensembles of

proteins, which represent
roughly a third of the human
proteome (bottom).

This class of highly flexible proteins is implicated in major neurodegenerative dis-
eases, including Alzheimer’s, Huntington’s, ALS, and Parkinson’s [18–21]. A variety
of aggressive cancers have also resisted therapeutic interventions, stymied by a lack
of insight into disordered domains [19, 22]. Even within structured proteins, dynamic
regions contribute to functional elements and are widely implicated in molecular
recognition [10]. For example, antibody complementarity-determining regions are
highly flexible and pose a challenge to the current paradigm of structure prediction
models [23]. Given the importance of flexible protein motifs in human diseases, new
tools are needed to better capture these conformational ensembles. Efficient and
accurate prediction of the conformational space of these flexible proteins would
enable the application of drug design approaches that cannot be used without
physically accurate structures [24, 25].

Here we introduce Topos-1, an all-atom, large-scale generative model that is
purpose-built to efficiently produce physically realistic conformations of intrinsically
disordered proteins. Topos-1 achieves state-of-the-art performance on experimen-
tal and computational benchmarks. Unlike models trained primarily on sequences
of structured proteins and data from the Protein Data Bank [8], we designed both
the architecture of our model and the training data generation pipeline to excel on
highly dynamic motifs. By scaling training to include proprietary physics-based sim-
ulations and experimental data of IDPs, we show that Topos-1 generates ensembles
that generalize to novel IDPs and obtains best-in-class accuracy on both global
and local structural properties. Additionally, Topos-1 shows power-law scaling with
model size and training data volume, demonstrating continued performance gains
as compute and data increase. Topos-1 not only outperforms state-of-the-art struc-
ture prediction models (which again, we emphasize are not designed for this task)
but also a variety of specialized IDP models.

In this report, we first demonstrate that Topos-1 produces conformations that set a
new standard when evaluated on experimental observables and molecular dynamics (MD) simulation data. This is the case
for both local and global properties, and Topos-1 is the top-performing all-atom model across all physical observables that we
measure. Moreover, Topos-1 succeeds in contexts where conventional structure prediction tools struggle, including showing
conformational sensitivity to perturbations in sequence. We show that ensembles generated by our model are a powerful
tool with which to computationally screen and small molecule drug candidates. We design and synthesize novel,
undisclosed compounds that bind the intrinsically disordered androgen receptor N-terminal domain, a currently intractable
prostate cancer target. We show that our computational predictions are in excellent agreement with the measured potencies
that rival previous clinical candidates.

The improvement trajectory for Topos-1 is clear: the model demonstrates power-law scaling with data, compute, and
model size. By continuing to collect both computational and experimental data that shed light on flexible protein motifs,
we anticipate that Topos-1 will continue to set the standard for predicting the dynamical fluctuations of proteins. Model
inference can be parallelized over arbitrary numbers of GPUs, massively accelerating sampling in comparison to physics-based
methods such as molecular dynamics. Our best estimates suggest that Topos-1 generates conformational ensembles 1,000�
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faster than atomistic molecular dynamics in explicit solvent. This acceleration unlocks a new paradigm for conformation-
aware molecular design.

In this Technical Report,

1. We introduce , an all-atom generative model that produces physically realistic conformational ensembles for
intrinsically disordered proteins,
on all experimental benchmarks.

2. We demonstrate that Topos-1 generates tens of thousands of all-atom conformations in minutes—
than conventional molecular dynamics—and exhibits predictable improvements with increased

training data and model capacity.
3. We develop a and training pipeline to build the largest IDP-focused all-atom simulation

corpus to date, which consists of both large-scale atomistic simulations and internal experimental measurements for
model improvement and validation.

4. We show that Topos-1 captures conformational states that are not captured by standard structure
prediction models, which we highlight with a study of U-synuclein, a key protein in Parkinson’s disease whose
misfolding and aggregation are central to pathology.

5. We demonstrate the of Topos-1 for drug design in a case study on the androgen receptor,
a clinically validated driver of aggressive prostate cancer, wherein potencies predicted using conformational ensembles
generated by Topos-1 yield ligand rankings consistent with potencies measured experimentally in cell-based assays.

2. Results

2.1. Topos-1 outperforms AlphaFold-2, Boltz-2, Chai-1, and BioEmu on literature
experimental IDP benchmarks
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Mean absolute percent error in
radius of gyration (’g). Topos-1 reduces the error in ’g by 43–79% relative to baseline models. Experimental ’g
values determined via SAXS. Mean absolute error in NMR chemical shift predictions across 12 IDPs and 5 atom
types (carbonyl C, CU, CV, N, H). Topos-1 achieves 29–50% lower chemical shift prediction error than baseline
models. Error bars denote the standard error of the mean across proteins, computed from = = 200 samples per
protein for each model.

Intrinsically disordered proteins do not adopt a single dominant structure but rather an ensemble of conformations. Con-
sequently, measuring the accuracy of a generated ensemble requires examining both global properties and local backbone
and side chain conformational statistics. To evaluate global conformational properties, for each model we computed the
ensemble-averaged radius of gyration ’g, a metric reflective of the spatial extent and compaction of an ensemble, and
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compared it to experimental values determined with small-angle X-ray scattering (SAXS). To evaluate local conformational
properties, for each model we compared conformational changes quantified by chemical shifts from NMR experiments.

To ensure a robust evaluation, we curated a dataset of SAXS measurements of IDPs, following previous work [26–28]. We
restricted the analysis to IDPs with length � 200 residues. All proteins in this evaluation set were excluded from Topos-1
training, along with any other sequences with 50% or more sequence similarity as measured with MMseqs2 linclust [29]
(see Supplementary Section B.2).

For each model, we constructed ensembles by generating multiple conformational samples per protein, which were subse-
quently aggregated to compute ensemble-averaged observables; we generated 200 samples per protein. We evaluated both
Boltz-2 and Boltz-2x, a variant that incorporates physics-based potentials. Boltz-2x outperformed Boltz-2 in both metrics,
so in Fig. 2 we report only the results from Boltz-2x. Throughout this Technical Report, we refer to AlphaFold-Multimer
v2.3 [30] as AlphaFold-2 (see Supplementary Section B.1.3 for further discussion).

For each protein, ’g was computed for each generated conformation and averaged. Errors were computed per protein and
aggregated across proteins (see Fig. 2a and Supplementary Section B.1). Across 104 IDPs, Topos-1 reduces normalized
’g error by approximately 43% relative to BioEmu, 60% relative to Chai-1, 71% relative to Boltz-2x, and 79% relative to
AlphaFold-2. These results indicate Topos-1 captures global ensemble properties of IDPs more accurately than these other
models.

We assessed local backbone agreement with experiment by comparing predicted chemical shifts against experimentally
derived NMR chemical shifts. We used a subset of IDPs for which high-quality NMR data was available. Chemical shifts
were computed as the ensemble-averaged mean absolute error across backbone atom types (see Fig. 2b and Supplementary
Section B.1). BioEmu does not predict side chain atoms and was therefore excluded from the chemical shift analysis.
Across these IDPs, Topos-1 achieves approximately 29% lower chemical shift prediction error than Boltz-2x, 46% lower
than AlphaFold-2, and 50% lower than Chai-1. We report further positive results comparing Topos-1 against additional
models trained on coarse-grained MD data in Supplementary Section B.1.

2.2. Topos-1 generates physically valid ensembles that are consistent with molecular
dynamics simulations

For many functionally important and disease-relevant proteins that lack a stable 3D structure, molecular dynamics (MD)
simulations provide crucial insights into the conformational ensemble. Here, we show that Topos-1 generates conformations
that closely match MD-derived ensembles while requiring orders of magnitude less computation. Whereas MD simulations
typically require days of GPU time, Topos-1 produces comparable ensembles in minutes. To quantify agreement with
MD, we evaluated ensemble-averaged global structural observables for 270 test IDPs (Fig. 3). The IDP ensembles were
generated using internal MD simulations. IDP sequences were selected from a diverse set of intrinsically disordered regions
(IDRs) in semi-ordered human proteins. Across all global metrics described in Supplementary Section B.3 (’g, root-mean-
squared fluctuations (RMSF), and secondary-structure propensities), Topos-1 outperforms all baseline models, underscoring
the importance of architectures and training data explicitly designed to capture the statistics of intrinsically disordered
conformational ensembles.
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(a) Mean absolute percent error in radius of gyration (’g). (b) Mean absolute error in
root-mean-squared fluctuations (RMSF). (c) Mean absolute error in U-helix propensity, measured as the
ensemble-averaged fraction of residues in helical conformations. (d) Mean absolute error in V-strand propensity,
measured as the ensemble-averaged fraction of residues in V-strand conformations. All metrics are computed relative
to molecular dynamics reference ensembles and averaged over 200 conformations per protein for 270 IDPs in the
Topos-1 test set. Error bars indicate the standard error of the mean across IDPs.

Beyond global statistics, accurate prediction of local structure is essential for describing how IDPs interact with themselves,
other biomolecules, and small-molecule ligands. To assess the ability of Topos-1 to reproduce MD-derived ensembles at
atomic resolution, we evaluated ensemble-averaged agreement for backbone dihedral angle distributions and side chain
rotamer populations (Fig. 4). These metrics are described in more detail in Supplementary Sections B.3.4 and B.3.5.
Models trained primarily on static protein structures—including AlphaFold-2, Boltz-2x, and Chai-1—exhibit poor agreement
with MD backbone ensembles, highlighting their limited capacity to capture local conformational heterogeneity. BioEmu,
which incorporates MD data during training, performs substantially better than structure-only baselines. Consistent with
the global-property analysis, Topos-1 achieves the lowest error across all local metrics, demonstrating its ability to capture
both backbone and side chain statistics in IDPs. Because BioEmu does not generate side chain coordinates, it was excluded
from the rotamer-based evaluation.
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(a) Circular
Wasserstein-1 distance (,1) between backbone dihedral angle distributions of generated ensembles and molecular
dynamics references, computed for q and k angles and averaged across all residues from all proteins in the test set.
(b) Mean Jensen-Shannon divergence (JSD) between side chain rotamer-state distributions of generated ensembles
and MD references, averaged over all residues with defined j angles from all proteins in the test set. Error bars
indicate the standard error of the mean. Rotamer-based comparisons are restricted to all-atom models that explicitly
generate side chain coordinates. Both calculations are described in greater detail in Supplementary Sections B.3.4
and B.3.5, respectively.

To further assess the agreement between ensembles generated with Topos-1 and MD simulation, we compared the collective
variables (CVs) obtained using a nonlinear dimensionality reduction method developed for protein conformational analysis,
ELViM [31] (Fig. 5). ELViM provides a useful framework for visualizing and comparing high-dimensional conformational
ensembles and has previously been applied to visualize and compare IDP ensembles [32, 33]. The resulting CVs encode
both local and global conformational features by embedding ensemble-wide pairwise similarities derived from backbone
CU coordinates or backbone dihedral angles. For each model, we estimated probability density functions in the ELViM CV
space using a kernel density estimation and quantified the agreement with MD reference ensembles via the Jensen-Shannon
divergence (JSD) (see Supplementary Section B.3.5). The JSD ranges from 0 to ln 2, where 0 indicates indistinguishable
distributions and ln 2 indicates no shared information. As shown in Fig. 5, Topos-1 achieves the lowest mean JSD relative
to MD across the test set, outperforming all other evaluated methods. In Fig. 5a, the CV distributions for six representative
IDPs are shown for combined embeddings and for each model separately. The leftmost column shows joint embeddings.
The second and third columns from the left show embeddings for the MD reference and Topos-1, where there is a strong
agreement between CV distributions. IDP 6 (row 6) serves as an example in which all models struggle to match the MD
reference. Figure 5 shows the JSD distributions for each model sorted by the mean JSD across the test set. Importantly, the
trends in the CV space are fully consistent with those observed in the global and local ensemble metrics (see Figs. 3 and 4).
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