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Background

• Molecular conformer determines the steric and electronic properties of 
the molecules
• Efficiently and accurately generate molecular conformation can unlock 

lots of new opportunities including screening for protein targets
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Previous Work

• Molecular Dynamics Simulation
• Accuracy and efficiency trade-off
• DFT based / FF based methods

• Two-Stage Deep Generative Models (First generate pairwise distances)
• GraphDG (VAE based) [1]
• CGCF (Continuous Normalizing Flow based) [2]

• One-Stage Deep Generative Models
• ConfGF (Score-Matching based) [3]
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Motivation

• Nature has an energy function for conformer
• The energy function governs an energy surface
• Stable equilibrium conformer corresponds a local minimum on the 

potential energy surface 
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To get a conformer with lowest 
energy, we can navigate the energy 
surface (perform gradient descent)
by updating the 3D coordinates



Motivation

Use a graph neural network to learn the gradient field of conformational 
energy from data
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Should be 3D rotational and translational
equivariant

à Our models derived from the energy 
minimization perspective will be naturally 

SE(3)-equivariant



Recipe For Deriving Energy-Inspired Models

• Assume an underlying energy function
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I. Energy Function



Recipe For Deriving Energy-Inspired Models

• Assume an underlying energy function
• Take gradients of the energy function w.r.t conformation 𝐱
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I. Energy Function II. Energy Gradients w.r.t x 



Recipe For Deriving Energy-Inspired Models

• Assume an underlying energy function
• Take gradients of the energy function w.r.t conformation 𝐱
à Obtain a SE(3)-equivariant network naturally
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Each update is a SE(3)-equivariant operation

Proof: 
Assume input x is rotated with R and 
translate with t :

I. Energy Function II. Energy Gradients w.r.t x Result: a SE(3)-Equivariant model



More Variants
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Two-Atom Model

Three-Atom Model

Benefits:

• Instead of proposing a model heuristically based on MPNN (like EGNN), the derived model is SE(3)-

equivariant naturally and aligns the underlying physical assumption

• Avoid complicated spherical-harmonics-based techniques, like SE(3)-Transformer

• One-stage; Faster sampling compared to ConfGF



Experiments – Setup 

• Molecular Conformation Optimization
• L2 Loss on pairwise distance matrix
• Datasets: QM9 and lowest energy conformer in GEOM-Drug
• Baselines: RDKit, EGNN, SE(3)-Transformer
• Metrics: mean / median RMSD

• Molecular Conformation Generation
• Apply the optimal transport loss

• Datasets: GEOM-QM9 and GEOM-Drug (multiple conformers)
• Baselines: RDKit, multiple deep generative models
• Metrics: Coverage rate (COV), Mismatching rate (MIS), Matching score (MAT)

10



Experiments – Optimization Results 
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Molecular Conformation Optimization
• Better RMSD



Experiments –Visualization 
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Experiments – Generation Results 
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Molecular Conformation Generation
• Evaluate with different initialization
• Better precision and recall
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