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Molecular Dynamics (MD) Prediction
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Why MD prediction? — Material Science

https://www.sciencedirect.com/science/article/pii/S1359836817336077 

https://www.google.com/url?q=https://www.sciencedirect.com/science/article/pii/S1359836817336077&sa=D&source=editors&ust=1745738808635359&usg=AOvVaw2OkTzUK183SEO9Py13xsS6
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Why MD prediction? — Drug Design

https://www.sciencedirect.com/science/article/pii/S0959440X17301100 

https://www.google.com/url?q=https://www.sciencedirect.com/science/article/pii/S0959440X17301100&sa=D&source=editors&ust=1745738808739448&usg=AOvVaw0vYgoCHtCg09LW7IWuIY_c
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From the multi time-scale perspective

[Agarwal, 2006]
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Example: Multiscale Dynamics in a Molecular Machine

Video Source: 

[Wilson et al., 2016]

https://www.google.com/url?q=https://docs.google.com/file/d/1L7WbXDZc216U5A3NaKT3t750wrdu8kUY/preview&sa=D&source=editors&ust=1745738809126276&usg=AOvVaw0WGe6mIs2h6N122Gitq2SZ


Challenge 1: Computational Cost

● MD simulations require millions of small timesteps (femtoseconds)
● Biologically relevant phenomena occur at nano to microsecond scales

Challenge 2: Multi-scale Nature

● Fast dynamics: Atomic vibrations (femtoseconds)
● Slow dynamics: Conformational changes (nano to microseconds)

Challenge 3: Resolution Tradeoff

● Small timesteps: High accuracy but computationally expensive
● Large timesteps: Efficient but loses fine-grained details

7

Motivations and Challenges
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Molecular Dynamics as Dynamic Graphs
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Prediction Task Formulation



Traditional Autoregressive Model: 
● Roll-out step-by-step, lead to high cumulative error

Neural ODE-based models [Chen et al., 2018; Huang et al., 2020]

● Pro: Continuous formulation avoids autoregressive rollout issues
● Con: Lack explicit mechanisms for capturing fast/slow dynamics

Wavelet-based methods [Kriechbaumer et al., 2014]

● Pro: Decompose time series into frequency components
● Con: Fixed frequency decompositions miss complex nonlinearities

Generative MD approaches [Schreiner et al., 2023]

● Pro: Enable efficient long-range sampling
● Con: Can suffer from long-term instability
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Current Approaches & Limitations



The General Graph ODE Framework: LG-ODE (Huang 
et al., 2020)



● MD trajectories contain coexisting fast and slow 
modes

● Different dynamics require different temporal 
resolutions

● Hierarchical decomposition can capture both 
scales efficiently

● Progressive refinement through "down-scaling"
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Key Insight: Multi-scale Temporal Resolution



● Level 0: Captures slowest, large-scale motions
● Level 1, 2, etc.: Add progressively finer temporal 

details
● Only selective sampling needed at each level
● Efficient computation while maintaining accuracy
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Down-scaling Approach
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DoMiNO Framework Overview
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Encoder: PaiNN-based equivariant GNN extracts initial latent states
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Hierarchical Neural Graph ODEs: Multi-level continuous-time dynamics modeling
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Decoder: Fuses multi-level latent features for trajectory reconstruction
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Mathematical Formulation for Downscaling ODEs



Small Molecules:

● Lennard-Jones (LJ) system, 250 argon atoms
● TIP3P water, 258 water molecules 
● TIP4P water, 258 water molecules 

Proteins:

● Alanine dipeptide (ALA2)

Evaluation Strategies:

● Full domain evaluation: we randomly sample time points across the 8000 time steps 
● Selected time domain evaluation: we focus on particular time regions
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Evaluation & Datasets



Small-molecule systems (LJ, TIP3P, TIP4P)
 – 8 independent trajectories (length 10 000, random inits)
 – Train on 5 trajectories, test on 3

Protein system (ALA2)
 – 3 open-source trajectories
 – Train on 2, test on 1

Note: no temporal dependency between train/test splits; each trajectory used 
wholly for one split.
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Train-test Split



Wavelet ARIMA [Kriechbaumer et al., 2014]: Multiscale statistical model with wavelet 
decomposition

DESCINet [Silva et al., 2023]: Hierarchical deep Convolutional Network for long time 
series forecasting

ITO [Schreiner et al., 2023]: Generative model using denoising diffusion with SE(3) 
equivariance

LG-ODE [Huang et al., 2020]: Neural-ODE based framework for continuous 
multi-agent dynamics
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Baseline Comparisons
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Overall performance based on sampled 
future timestamps

DoMiNO consistently outperforms baselines across all datasets



DoMiNO maintains consistently lower MSE at extended time horizons

Demonstrates robustness in handling long-sequence data

Captures both short and long-range molecular dynamics effectively
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Long-term stability



Two Key Hardness Factors:

1. Dynamic Regime:
○ Early: system still “settling” from initial conditions → rapid, nonlinear changes → high error
○ Middle: dynamics approach quasi-equilibrium → smoother evolution → lower error
○ Late: error accumulation over long rollouts dominates → rising MSE 

2. Roll-out Error Accumulation:
○ Even in converged regimes, small per-step ODE integration errors compound over millions 

of femtoseconds
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Analysis of Temporal MSE Variation



Compared three configurations:

● Only Level 0 (L0)
● Levels 0 + 1 (L0+L1)
● Full model with all levels (L0+L1+L2)

Full hierarchical model consistently achieves lowest MSE

Validates effectiveness of multi-scale approach
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Ablation Study: Impact of Hierarchical Levels



New perspective: Fast-slow dichotomy in MD simulations with hierarchical 
downscaling
Novel architecture: Multi-level Neural Graph ODEs with learned transitions
Improved performance: Enhanced long-term stability and accuracy
Flexibility: Can predict both short and long-range dynamics with high fidelity

26

Key Contributions
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