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Problem Setup

Boltzmann Distribution

normalization constant
(usually intractable)

unnormalized energy function
(differentiable)

conformer
(3D point clouds)

= 0.1
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Problem Setup

Boltzmann Distribution

normalization constant
(usually intractable)

unnormalized energy function
(differentiable)

= 0.1 = 100

low energy → stable structure → likely to appear → high probability
high energy → unstable structure → unlikely to appear → low probability
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Problem Setup

Boltzmann Distribution

normalization constant
(usually intractable)

unnormalized energy function
(differentiable)

Given , generate .

Problem Statement
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Computational Method

Given , generate , where

MCMC methods Learning-based methods

Metropolis-Hastings
Annealed Importance Sampling

Hamiltonian Monte Carlo
…

Metropolis-Adjusted Langevin Algorithm

slow mixing rate

prescribed
base drift

learned
control drift

Boltzmann generators
…

Diffusion samplers

expansive energy evaluation

prescribed
noise schedule



Find such that    , where
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Diffusion Sampler

prescribedgiven



Find such that    , where
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Diffusion Sampler

prescribedgiven

Matching methods Non-Matching methods

scalable

backpropagation through SDE, 
higher-order derivatives



Find such that    , where
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Diffusion Sampler

prescribedgiven

Matching methods

score matching adjoint matching

requires does NOT require
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Adjoint Matching
Method for Stochastic Optimal Control 

terminal cost / reward
control cost / kinetic energy

Does not require

Matching objective

Detached model samples

Domingo-Enrich et al., Adjoint Matching: Fine-tuning Flow and Diffusion Generative Models with Memoryless Stochastic Optimal Control,  ICLR 2025
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Adjoint Matching
Application to sampling

optimal distribution
induced by u*
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Adjoint-based Diffusion Sampler

Scalable Computational Method
(SOC → adjoint matching) 

Variational Inference 
(Diffusion models → Stochastic Optimal Control)

Probabilistic Characteristics
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Scalable Computational Method
(SOC → adjoint matching) 

Adjoint-based Diffusion Sampler
connection to Schrödinger Bridge 

For any base process, there’s an SOC problem satisfying the equality constraint.
largest model class This is Schrödinger Bridge! 
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Adjoint Schrödinger Bridge Sampler

`

Scalable Computational Method
(SOC → adjoint matching) 
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Adjoint Schrödinger Bridge Sampler

intractable

Adjoint Matching Corrector Matching

tractable!
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Demo on 1D
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Experiment Results
Synthetic multi-particle systems
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Experiment Results

conformergraph structure

Large-Scale Amortized Conformer Generation
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Experiment Results

*image credit to FAB (Midgley et al 2022)

Boltzmann distribution of Alanine dipeptide
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Adjoint-based Diffusion Sampler

Probabilistic Characteristics

Variational Inference / Stochastic Optimal Control

Scalable Adjoint-based Method
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