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The task of sampling is ubiquitous in ML

Obtain samples from a target distribution

• Probabilistic inference: is a parameter distribution (e.g. the
posterior of deep neural network weights)

• Generative modeling: is a data distribution (e.g. energy-based
models, diffusion models)

• Representation learning: is a latent variable distribution (e.g.
restricted Boltzmann machine)

• ……
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Sampling beyond unconstrained continuous domains
• Sampling in unconstrained continuous domains is relatively well-

studied
• Many powerful samplers, e.g. Langevin dynamics, Hamiltonian Monte 

Carlo
• However, sampling in domains with complicated structures is

challenging
• Discrete: lack of continuity; combinatorially large search space
• Constrained: a implicitly-defined submanifold

Focus for today’s talk



Binary neural networks 
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Discrete data and models

• Discrete data 

• Discrete models 

[Qin et al. 2020]

Text

Genome Tabular Data 



• Gibbs sampling 

• Gibbs with Gradients 
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Discrete Samplers

Oops I Took A Gradient: Scalable Sampling for Discrete Distributions. Grathwohl et al., ICML 2021

Only update one dim: 
suffer from high-
dimensional and highly 
correlated distributions! 
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Continuous Sampler: Langevin Dynamics 

• Gradients guide the sampler to efficiently explore high probability 
regions

• Cheaply update all coordinates in parallel in a single step

What is the analog of Langevin dynamics in discrete domains? 
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Our Method: Discrete Langevin Proposal 

• Langevin proposal is applicable to any kind of spaces 
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Discrete Langevin Proposal (DLP) cheaply computed in parallel 
A Langevin-like Sampler for Discrete Distributions. Zhang et al., ICML 2022
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update all coordinates based on gradient info in parallel
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Samplers: discrete unadjusted Langevin algorithm (DULA)
discrete Metropolis-adjusted Langevin algorithm (DMALA) 
 

Visualization of Discrete Langevin Proposal 
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Convergence Analysis 

Theorem (informal): The asymptotic bias of DULA’s stationary 
distribution is zero for log-quadratic distributions and is small for 
distributions that are close to being log-quadratic 
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Other Variants 

• With stochastic gradients

• With preconditioners  

Theorem (informal): When the variance of the stochastic gradient or 
the stepsize decreases, the stochastic DLP in expectation will be 
closer to the full-batch DLP 
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Experiments: Restricted Boltzmann Machines 

• DULA and DMALA converge faster to the target distribution
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Experiments: Deep Energy-based Models

Generated images
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Experiments: Language Models
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Constraints are everywhere in ML

Fairness Privacy

Logic ruleSafety

Interpretability
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Problem Setup

• Consider sampling with an equality constraint:
sample on

where can be any differentiable function
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Variational View: Sampling as Optimization

• Transform the constrained sampling problem into a constrained 
functional minimization problem

• The velocity field that solves above problem is

where
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Sampling in Constrained Domains with Orthogonal-Space Variational Gradient Descent.
Zhang et al., NeurIPS 2022
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Orthogonal-Space Variational Gradient Descent

• can be decomposed as

• : drives the sampler towards the manifold following
•  : makes the sampler explore the manifold following the density
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Convergence Analysis 

Theorem (informal): O-Gradient converges to the target constrained 
distribution with rate O(1/the number of iterations) under mild conditions



Practical Algorithms: O-Langevin and O-SVGD

O-Langevin O-SVGD
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Income Classification with Fairness Constraint 

• Predict whether an individual’s annual income is greater than 
50, 000 unfavorably in terms of the gender
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Prior-Agnostic Bayesian Neural Networks

• To avoid a bad prior, sample from the posterior with the 
constraint of a reasonably high data fitness
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Sampling in many other scenarios

• Low precision
Low-Precision Stochastic Gradient Langevin Dynamics. ICML 2022

• Privacy
DP-Fast MH: Private, Fast, and Accurate Metropolis-Hastings for Large-

Scale Bayesian Inference. ICML 2023

• Data distribution shifts
Long-tailed Classification from a Bayesian-decision-theory Perspective.

AABI 2023

• ……
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Takeaways

• Sampling is a ubiquitous task in ML, ranging from probabilistic
inference to generative modeling and representation learning

• Sampling in discrete domains can be efficient using a discrete version
of Langevin dynamics

• Sampling in constrained domains can be formulated as a functional 
optimization solved using a special gradient flow

Thank you!


