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Abstract

DINO, a dataset of molecular movements, will bridge the gap between static
structural models and real molecular function, enabling AI-driven drug discovery
to move beyond rigid docking toward biophysically accurate, dynamic design.
By integrating experimental and synthetic MD data, this dataset will provide the
missing link for mechanistic AI models, unlocking a new era of high-success-rate,
computationally driven therapeutic development.

1 AI task definition

1.1 Background

This paper is submitted to the Dataset Proposal Competition at the NeurIPS 2025 AI for Science
workshop. The competition challenges the community to envision the next foundational scientific
dataset (similar in impact to the Protein Data Bank, ImageNet, the Human Cell Atlas, or the UK
Biobank) that could catalyze a major leap in AI-accelerated research. In this spirit, we propose DINO,
a large-scale dataset of experimentally grounded and simulation-augmented molecular movements
designed to update today’s static structural information with biophysically realistic dynamics and
advance the next stage of molecular modeling, computational biophysics, and drug design.

1.2 Problem statement

Current computational drug discovery relies overwhelmingly on static molecular structures from, for
example, Protein Data Bank (PDB) [6] or PubChem [18]. Despite the ability of the latest AI models
(such as BioEmu [19], AlphaFlow [16]) to generate conformational ensembles that aim to represent
molecular movements, the resulting dynamics suffer from critical limitations:
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1. State bias: overrepresentation of a limited number of biophysical states (e.g., disordered
molecules are underrepresented) [24, 34, 28, 12, 14]

2. Dynamics blind spots: omission of functionally essential motions (e.g., only one conforma-
tion per structure) [30, 27]

3. Disconnected sampling: conformational diversity is captured without meaningful connec-
tion to real-world behavior (e.g., sampled rearrangements or large motions inconsistent with
actual molecular conformations) [25, 26]

4. Property-function disconnect: Modeled drug-related biophysical properties (e.g., expres-
sion, solubility, stability, immunogenicity, etc.) often fail to reflect experimental (e.g.,
computationally predicted as non-toxic molecule can be toxic experimentally) [9, 2]

Due to these limitations, current AI models for drug design often generate unrealistic molecules [5],
requiring the production of massive numbers of candidates. Their functional potential can only be
evaluated in experimental assays, where true feasibility and biochemical functionality are revealed
[29, 9].

1.3 Proposed solution

Previously, it was shown that including dynamics improves functional representation of biomolecules,
making the computational results in line with experiments [26]. Here, we propose DINO (short
for “dynamics,” and who doesn’t love dinosaurs?) – a dataset of atomistic movements designed to
capture the fundamental principles of molecular dynamics (MD) to represent real-world behavior
of the molecules and incorporate it into AI models for drug discovery (Appendix A). This dataset
will provide multi-scale, residue-to system-level insights into structural flexibility, conformational
ensembles, binding energetics, and functional kinetics of proteins, lipids, nucleic acids, small
molecules, and complexes, enabling models to learn biologically meaningful motion and function.

DINO will overcome the problem of functionally irrelevant drug candidates by ensuring that molecular
designs are filtered through precise thermodynamic and dynamic constraints from the beginning of
the drug discovery campaign. By embedding realistic movement and energetic feasibility into the
training process, AI models will be able to predict biochemically plausible molecules rather than
relying solely on static assumptions (Appendix B).

Figure 1: DINO (dynamics-informed dataset of molecular motions) captures the essential atomistic
motions that underlie realistic molecular behavior, represented here as dynamic conformational
ensembles decorating the cartoon dinosaur. The surrounding schematic motifs highlight fundamental
modes of molecular motion sampled through molecular dynamics (MD). By incorporating these
dynamic trajectories, DINO aims to provide multi-scale information on structural flexibility, con-
formational ensembles, binding energetics, and functional kinetics across biomolecular systems.
This dataset is designed to address the limitations of static modeling and enable AI frameworks to
learn biologically meaningful motions, ensuring that computationally generated molecules and drug
candidates reflect physically and thermodynamically plausible behavior.
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2 Dataset rationale

2.1 Limitations of the current data

To learn the fundamental principles of biomolecular movement, we need a comprehensive, multi-scale
dataset integrating experimental and synthetic dynamics across all major classes of biomolecules
(proteins, nucleic acids, small molecules, lipids), capturing local, intermediate, global, and mesoscale
motions, with standardized labels for flexibility, kinetics, energetics, and function (Appendix C,
Appendix D).

Currently available data is insufficient because:

• Static and biased resources: Existing datasets (e.g., PDB [6]) overrepresent bound, rigid
conformations while underrepresenting unbound states, intermediates, and disordered en-
sembles

• Fragmented MD coverage: Current simulations are scattered across studies, with no
systematic, multi-class collection (even though there are attempts to create a united MD
database [1]) spanning proteins, nucleic acids, small molecules, membranes, and assemblies.
This leaves large gaps in capturing the full landscape of molecular motions

• Lack of experimental validation: Available MD data are rarely paired with time-resolved
experimental dynamics (cryogenic electron microscopy (cryo-EM), hydrogen deuterium
exchange mass spectrometry (HDX-MS), nuclear magnetic resonance (NMR), Förster
resonance energy transfer (FRET), etc.), limiting thermodynamic realism

• AI blind to motion and molecular interactions: Without dynamic constraints, models
generate rigid, unrealistic candidates, inflating false positives in binding, catalysis, and drug
design

2.2 What kind of data is needed?

1. Synthetic MD Data: Generated internally and from open-source workflows, integrated
with public archives (MDDB [1], mdCATCH [22], MoDEL [21], etc.), including: a) All-
atom MD simulations (µs–ms timescales) for 1000+ systems, b) Quantum MD simulations
(QM/MM, Ab Initio) for high-resolution dynamics, c) Coarse-grained simulations for large
assemblies, d) ML-generated conformational ensembles

2. Experimental MD Data: Drawn from public archives (PDB [6], PubChem [18], ZINC [15],
NDB [15], SAbDab [10], EMDB [31], etc.) and new collaborative experiments, including:
a) Time-resolved HDX-MS, b) Cryo-EM ensembles, c) Surface plasmon resonance (SPR)
and biolayer Interferometry (BLI) kinetics, d) NMR relaxation, e) Single-molecule FRET

3. Scale: 1000+ diverse molecular all-atom systems

4. Resolution: a) Atomic-level: all-atom MD, QM/MM, b) Residue-level: coarse-grained,
cryo-EM, c) Functional: kinetic rates, binding affinities, protections, etc.

5. Labels/Metadata: Standardized structural, energetic, and functional metrics, including:
root mean square fluctuations (RMSF), solvent-accessible surface area (SASA), binding free
energy (∆G), kinetic rates (kon, koff , kD)), developability properties (stability, solubility,
charge, etc.)

Appendix

A Acceleration potential

DINO will shift AI in drug discovery from static averages to dynamics-driven design, enabling
models to propose candidates that are not only synthetically possible but also thermodynamically and
functionally realistic (Appendix E).

• Biophysical interpretability: Provide AI with explanations grounded in dynamics, such as
predicting failure due to over-constrained target flexibility
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• Mechanistic AI models: Move beyond rigid docking to dynamic interaction prediction,
improving success rates in binder (RNA, DNA, antibody, peptide, small molecule, etc.)
design

• Generalizable biological principles: Reveal quantitative structure–dynamics–function
rules for rational engineering across molecular modalities (proteins, nucleic acids, small
molecules, etc.)

• Hybrid physics-AI approaches: Fine-tune generative models with dynamics-aware con-
straints, reducing brute-force screening by orders of magnitude

B What scientific question (prediction, generation, or other task) will the
dataset enable?

1. Prediction tasks:

• Binding affinity, specificity, and kinetics across proteins, nucleic acids, small molecules,
lipids, and complexes

• Developability metrics such as stability, solubility, aggregation, informed by flexibility
and disorder

• Functional descriptors including allosteric coupling, catalytic rates, and conformational
switching

2. Generation tasks:

• Designing protein, antibody, DNA, RNA, small molecule, and peptide drugs with
native-like flexibility and realistic conformational ensembles

• Proposing small molecules and cofactors that respect entropic penalties, solvation
effects, and binding dynamics

• Creating membrane proteins and assemblies that account for lipid interactions and
mesoscale dynamics

• Incorporating and reflecting the effects of post-translational modifications (PTMs) on
the molecular behavior

3. Hybrid tasks:

• AI-guided refinement of static structural predictions (from crystallography, AlphaFold
[17], etc.) into dynamic conformational landscapes

• Integrating quantum-level dynamics for metalloproteins and small-molecule catalysis
with larger-scale MD ensembles

• Linking local motions (rotamers, base flipping) to global motions (domain rearrange-
ments, folding, phase separation) for cross-class generalization

C Data types, scale, resolution, labels, and metadata needed to solve the
problem

1. Synthetic MD data:

• Generated internally and through open-source simulation workflows, standardized, and
stored in a shared repository. Public archives such as MDDB [1], mdCATCH [22], and
MoDEL [21], etc. will also be integrated.

• All-atom MD simulations (µs–ms timescales): 1000+ systems across proteins (and here
subdivided to protein switches, membrane proteins, antibodies, intrinsically disordered
proteins, and enzymes), nucleic acids, lipids, small molecules, and complexes, covering
epitopes, catalytic sites, allosteric networks, and other types of structural and dynamic
arrangements. Generated using GPU-accelerated engines (OpenMM [11], AMBER
[8], GROMACS [4]).

• Quantum MD simulations (QM/MM, Ab Initio): High-resolution dynamics of small
molecules, cofactors, and metalloproteins, leveraging platforms such as Gaussian [13],
GAMESS [3], PLUMED [7], and ORCA [23].
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• Coarse-grained simulations (Martini [20], CALVADOS [32], custom CG): Scalable
sampling for large assemblies, membrane proteins, and phase-separating systems.

• ML-generated conformational ensembles (BioEmu [19], AlphaFlow [16], AI2BMD
[33] new models that will emerge): Augment experimental and simulated data with
probabilistic conformational states.

2. Experimental MD data:

• Drawn from both public archives and new experiments conducted with collaborators.
Sources include curated entries from PDB [6], PubChem [18], ZINC [15], NDB [15],
SAbDab [10], EMDB [31], etc., and dynamic datasets such as MDDB [1] (curated
from publications and Zenodo).

• Time-resolved HDX-MS: Residue-level mapping of flexibility and solvent exposure.
• Cryo-EM ensembles: Multiple conformational states (bound, intermediate, unbound)

for protein, RNA, and antibody complexes.
• SPR/BLI: Binding kinetics (kon, koff ), kD)) linking motion to affinity.
• NMR relaxation: Side-chain and backbone flexibility, particularly for disordered

proteins and small molecules.
• Single-molecule FRET: Direct measurement of conformational transitions in solution.
• New experiments: Focused on high-value therapeutic and biologically diverse systems

(e.g., HER2, PD-1, TNF-α, RNA aptamers, enzyme families) in collaboration with
academic and industrial labs.

3. Metadata and labels:

• Derived from both synthetic and experimental pipelines, standardized and synchronized
across datasets.

• Structural and dynamic metrics: RMSF, SASA, hydrogen bond lifetimes, interaction
networks (H-bonds, salt bridges, hydrophobic clusters, π − π stacking).

• Energy and kinetic metrics: Binding free energies (∆G), kinetic rates (kon, koff , kD)),
catalytic turnover, entropic penalties, and solvation energies.

• Functional and developability metrics: Aggregation propensity, solubility, stability,
allosteric coupling, and conformational switching, validated where possible by experi-
ment.

4. Data standardization across experiments:

• MD simulation setup will use consistent or explicitly compatible parameter sets across
biomolecular classes (e.g., matching force fields, water models, ion parameters, box
types, temperature/pressure controls), while still allowing system-specific (membrane
proteins, IDPs, nucleic acids, or small molecules, etc.) optimizations needed to reflect
precise biophysical behavior

• Unified postprocessing pipelines will standardize all computational outputs into com-
mon formats, including coordinate files (mmCIF), trajectories (XTC), residue and
chain numbering conventions, protonation states, and metadata schemas describing
simulation conditions and their accuracy.

• Experimental data will be curated to preserve comparable experimental settings within
each biomolecular class (e.g., consistent buffers, temperature, pH, ionic strength), or
accompanied by reference controls that permit cross-experiment normalization.

• Heterogeneous experimental modalities (HDX-MS, smFRET, cryo-EM ensembles,
NMR relaxation, SPR/BLI) will be harmonized by defining shared reference conditions,
uncertainty estimates, and mapping rules that link experimental observables to structural
and dynamic features.

• Both computational and experimental data will include confidence metrics (low,
medium, high) that reflect the accuracy and compatibility of each parameter, as well as
the estimated noise and error relative to similar public datasets.

• A unified ontology will connect sequence, structure, dynamics, energetics, and exper-
imental conditions, enabling multi-modal mapping between synthetic MD data and
experimental measurements at the residue, domain, and whole-molecule levels.
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Overall, the data will be generated in-house and supplemented with publicly available archives,
while a consortium approach drives cross-lab sharing of molecular dynamics datasets to cover
diverse biomolecular classes and dynamics. Pharma and biotech partners, such as Genentech and
AstraZeneca, contribute proprietary data under collaborative agreements. Initiatives like the AISB
Network illustrate how academia and industry can work together toward a greater goal: leveraging
secure, federated learning to combine private and public datasets, apply advanced AI algorithms on
high-performance infrastructure, and accelerate molecule design while overcoming traditional IP
barriers.

Existing collaborations similar to the AISB Network, such as Apheris, Diffuse Project, Anthropic,
and OpenBind, demonstrate the feasibility of uniting diverse organizations to advance AI-driven drug
discovery while creating a win-win for both academia and industry. Academics gain access to large,
high-quality datasets generated in laboratories equipped with industry-scale instruments, enabling
them to train AI models for tasks such as antibody structure prediction. In turn, pharmaceutical
and biotech partners benefit from expert analysis and interpretation of these massive datasets. This
mutually beneficial framework represents an exciting and practical model for collaborative innovation
in AI-driven molecular design.

D Cost and scalability

The generation of multi-scale MD datasets and complementary experimental data is resource-intensive
but can be made cost-effective using scalable computing, shared infrastructure, and consortium-based
collaborations. Recent studies have shown that computationally derived flexible data from MD
simulations provides mechanistic insights into functional dynamics and that biochemical properties
extracted from MD closely align with wet-lab results, unlike rigid structural data. This allows a
staged approach: large-scale MD simulations can form the first wave of data generation, and wet-lab
experiments can be scaled up later depending on budget and priority targets (Table 1). In summary,
the total estimated budget would be equal to $4-6M for initial dataset generation, scalable with
additional computational and experimental resources.

Table 1: Estimated budget to create DINO, including both computational and experimental waves.

Component Approach Cost Scalability

All-atom
MD simula-
tions

GROMACS [4],
OpenMM [11],
AMBER [8],
PLUMED [7]

$1-
2M

Can scale linearly with additional GPUs or cloud HPC, check-
pointing enables multi-month simulations across hundreds of
systems in parallel.

Coarse-
grained
simulations

CALVADOS
[32], Martini
[20], custom
CG

$300-
500K

Highly parallelizable, allows simulation of very large assemblies
(membranes, condensates) with modest computing, easily inte-
grated into high-throughput pipelines.

Quantum
MD
(QM/MM,
Ab Initio)

GAMESS [3],
Gaussian [13],
ORCA [23]

$500K Highly resource-consuming, scales to selected high-priority
molecules, GPU-accelerated and cloud resources reduce run-
time, batch calculations possible.

AI-
generated
ensembles

AlphaFlow
[16], BioEmu
[19], AI2BMD
[33], emerging
techniques

$200-
300K

Computationally cheap after training, scales with additional train-
ing data, generative models enable rapid augmentation without
additional wet-lab or MD costs.

Experimental
dynamics

HDX-MS,
Cryo-EM,
NMR, smFRET

$2-
3M

Scalable via multi-lab consortium, focus on representative high-
value targets, automation reduces per-sample cost, federated
protocols enable distributed data collection.

Data man-
agement
and storage

Shared reposito-
ries, federated
learning

$100-
200K

Scales with cloud storage, standardized pipelines allow easy
integration of new MD and experimental datasets, cross-lab
access reduces duplication of effort.

Cost reduction strategies include leveraging consortium collaborations to share instrumentation and
labor, using coarse-grained and ML-augmented simulations to reduce high-cost all-atom or quantum
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calculations, and automating experimental workflows. Importantly, the strong correlation between
MD-derived functional insights and experimental data enables a phased approach, where large-scale
computational datasets are generated first, and experimental validation is added later as budget allows.

E Conclusion

Computational drug discovery is limited by the reliance on static molecular structures, leading AI
models to suffer from state bias, dynamics blind spots, and unrealistic conformational sampling.
As a result, generated candidates often lack the biological plausibility necessary for a molecule to
be a drug and require exhaustive and costly experimental validation. To address this, we propose
DINO, a dataset designed to embed molecular motion into AI-driven design. DINO integrates
experimental and synthetic molecular dynamics data across membrane proteins, antibodies, nucleic
acids, small molecules, and complexes, spanning atom- to system-level motions. By capturing
biophysical conformational ensembles, binding energetics, and functional kinetics, the dataset
provides biologically meaningful representations of molecular flexibility and function. Such data
will support prediction of binding affinity, specificity, stability, and disorder, generation of flexible
biomolecules and realistic small molecule binders, and hybrid tasks such as integrating static structural
models into dynamic landscapes. By grounding molecular design in thermodynamic principles,
DINO enables AI models to move beyond static assumptions and generate biochemically plausible
candidates with higher therapeutic potential.
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