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Goal
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• Our goal is to sample rare transitions without trapped in meta-stable states.

Fast folding proteins (ours)



Molecular dynamics
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• Molecular dynamics (MD) describes the motion of molecules as the following SDE:

Newton Dynamics friction diffusion

d𝑹! = 𝑽!d𝑡, d𝑽! =
−𝛻𝑈 𝑹!

𝒎 d𝑡 − 𝛾𝑽!d𝑡 +
2𝛾𝑘"𝜆
𝒎 d𝑾!

𝑹! ∈ ℝ!" atom-wise positions
𝑽! ∈ ℝ!" atom-wise velocities 
𝑈:ℝ!" → ℝ potential energy
𝒎 atom-wise mass
𝛾 friction coefficient
𝑘# Boltzmann constant
𝜆 Temperature
d𝒘 Brownian motion. 

Langevin dynamics
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d𝑿! = 𝒖 𝑿! d𝑡 + Σd𝑾!

Langevin dynamics



• Transition path 𝑋! "#!#$ is a sample from endpoint conditioned Langevin dynamics

d𝑿! = 𝒖 𝑿! d𝑡 + Σd𝑾! , 𝑹" ∈ 𝒜,𝑹$ ∈ ℬ

• To amortize inference with endpoint condition, we consider controlled dynamics

d𝑿! = 𝒖 𝑿! d𝑡 + Σ𝒗% 𝑿! d𝑡 + Σd𝑾! , 𝑹" ∈ 𝒜

𝒗! 𝑿" = Σ#$ 𝟎,
𝒃! 𝑿"
𝒎

Amortized transition path sampling

policy

bias force

[1] Holdijk, Lars, et al. (2023). "Stochastic optimal control for collective variable free sampling of molecular transition paths." Neurips
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Amortized transition path sampling

policy

bias force

ℙ!)

ℚ≈

Endpoint conditioned MD
Induces target path measure

Controlled MD 
induces path measure



Key ideas

(2) How to parameterize bias force? 

(1) How to design objective function?

𝒃! 𝑿"

ℙ!)

ℚ≈



Key ideas

(1) How to design objective function?

ℙ!)

ℚ≈

→ log variance divergence for off-policy training

Reference path measure

𝕍ℙ log
dℙ',
dℚ

Off policy training ℙ ≠ ℙ%" allows
1) generating paths at high temperature
2) reusing generated paths with replay buffer



Key ideas

(2) How to parameterize bias force? 

(1) How to design objective function?

→ force 𝒃! 𝑿" ∈ ℝ&' or potential 𝑏! 𝑿" ∈ ℝ for small systems
→ positive scaling 𝒃! 𝑿" = 𝒔! 𝑿" ∗ 𝑹ℬ −𝑹" for large systems

→ log variance divergence for off-policy training

𝒃! 𝑿"



𝒜 ℬ

Alanine Dipeptide Fast-folding proteinDouble-well

Results
• Our method, named TPS-DPS, samples more realistic and diverse transition paths

than baselines on double-well, Alanine Dipeptide, and fast-folding proteins.
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Results – double well
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Sampled paths Distributions of transition state



Results – real molecules
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[1] Holdijk, Lars, et al. (2023). "Stochastic optimal control for collective variable free sampling of molecular transition paths." Neurips

Alanine Dipeptide

Fast folding protein (BBL)



Links
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• Paper: https://arxiv.org/abs/2405.19961v5

• Project page: https://kiyoung98.github.io/tps-dps/

• Code: https://github.com/kiyoung98/tps-dps

https://arxiv.org/abs/2405.19961v5
https://kiyoung98.github.io/tps-dps/
https://github.com/kiyoung98/tps-dps

