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Circumstance: Want to sample (fast) from unnormalized density 𝜌Σ(𝑥) with equality ℎ(𝑥) and/or inequality 𝑔(𝑥) constraints. 
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Goal: sample from the target distribution supported on a (possible nonconvex) feasible set:

Σ ≔ 𝑥 ∈ ℝ𝑑| ℎ 𝑥 = 0, 𝑔 𝑥 ≤ 0 , 𝜌Σ 𝑥 ∝ 𝑒−𝑓 𝑥 𝑑𝜎Σ(𝑥)

where ℎ:ℝ𝑑 → ℝ𝑚, 𝑔: ℝ𝑑 → ℝ𝑙 are smooth constraints, 𝑑𝜎Σ is the induced Hausdorff measure on Σ. 

Motivation

Prior Works

1. Barrier method or soft-penalty Langevin may distort the stationary distribution, and mirror Langevin requires 

convex geometry of Σ.

2. Prior constrained samplers (e.g., CLangevin, CHMC, CGHMC) often require projections (costly / intractable 

on nonconvex Σ).

3. Current landing-based samplers lack exponential convergence rate guarantee and focus only on either 

equality / inequalities (not both).

Position of this paper

A projection-free Langevin framework (OLLA) unifying equality and inequality constraints. 



Construction of OLLA

[Lemma 1] Target property for constraints

1. (Landing) Equality constraint ℎ should conv

erge to 0 exponentially fast. 

2. (Landing &Repulsion) Inequality constraint 

𝑔 should satisfy within finite time, after whic

h violation is not permitted.

Intuition: Find drift 𝑞, diffusion 𝑄 closest to Euclidean Langevin while satisfying the target property. 

[Proposition 1] Construction of OLLA

1. Apply Ito’s lemma on diffusion process 

2. Kill the noise (two constraints).

3. Equate deterministic parts to accomplish 

target properties (two constraints).



Convergence of OLLA
Exponential convergence of OLLA on all scenarios [Theorem 1, 2, 3]

With 𝛼 = landing rate, 𝜆𝐿𝑆𝐼 = LSI constant of 𝜌Σ on Σ, and 𝜌𝑡 = law of 𝑋𝑡 following OLLA dynamics.

1. (Equality-only)

𝑊2 𝜌𝑡, 𝜌Σ = 𝒪 𝑒−𝛼𝑡 + 𝒪 𝑒−𝜆𝐿𝑆𝐼𝑡

2. (Inequality-only)

𝑊2 𝜌𝑡, 𝜌Σ = 𝒪 𝑒−𝜆𝐿𝑆𝐼𝑡

3. (Mixed-case)

𝑊2 𝜌𝑡, 𝜌Σ = 𝒪 𝑒−𝛼𝑡 + 𝒪 𝑒−𝜆𝐿𝑆𝐼𝑡

for 𝑡 ≥ 𝑡𝑐𝑢𝑡, where 𝑡𝑐𝑢𝑡 depends on the landing rate 𝛼 and the repulsion rate 𝜖. 

Remark on assumptions [Appendix A]

(Equality-only) and (Inequality-only) requires compact Σ, boundness of constraints at 𝑡 = 0, and LICQ.

(Mixed-case) further requires stronger regularity conditions of Σ. 



Computational gain of OLLA
Implementation of OLLA: Euler-Maruyama with Hutchinson estimator for ℋ (OLLA-H).

Computational complexity of baselines

CLangevin, CHMC = 𝒪 𝑁newton ⋅ 𝑚 + 𝑙 3 , CGHMC∗ = 𝒪 𝑁newton ⋅ 𝑚
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(Note*: the sampling efficiency of CHHMC ∝ acceptance rate; hence efficiency degrades as constraint 

becomes complicated)

Computational complexity of OLLA-H

OLLA − H = 𝒪 𝑁 ⋅ 𝑚 + |𝐼𝑥|
3

In particular, when 𝑵 ≪ 𝑵𝐧𝐞𝐰𝐭𝐨𝐧 and 𝑰𝒙 ≪ 𝒍, OLLA-H significantly accelerate the sampling.

[Notations]

• 𝑚 = # of equalities

• 𝑙 = # of inequalities 

• 𝑁= # of Hutchinson probes

• 𝑁newton = # of Newton iterations

• |𝐼𝑥| = # of active inequalities



Setup: Equality-only (Star), Inequality-only (Two Lobes), Mixed (Quadratic Poly, Mixture Gaussian)

• The sampling outcome matches the one from slack-extension of CGHMC (based on MH correction).

• Reasonably high 𝛼, 𝜖 tends to give better constraint satisfaction and sampling quality.

Experiment results (Synthetic 2D)



Experiment results (High-dimensional data)

Setup: ℎ𝑖 𝑥 = 𝑎𝑖
𝑇𝑥 − 𝑏𝑖 , ℎ𝑚 𝑥 = 𝑥 2

2 − 𝑅2, 𝑔𝑗 𝑥 = 𝑟2 − 𝑥 − 𝑐𝑗 2

2

with 𝑎𝑖 ∼ 𝑁 0, 𝐼 , 𝑏𝑖 ∼ 𝑁 0, 0.12 𝑐𝑗 ∼ 𝑁 0, 𝑅/2𝐼 for fixed 𝑅 = 5, 𝑟 = 1 and for 𝑖 ∈ 𝑚 − 1 , 𝑗 ∈ [𝑙]

• OLLA-H is consistently faster than (projection-based) CLangevin, CHMC, and CGHMC.

• OLLA-H is effective for large dimension, inequality constraints; requires 𝛼 tuning for large equality 

constraints (limitation).

(Inequality constraint scalability): 𝑑 = 100, 𝑚 = 5, 𝑙 increases (dimension scalability): 𝑑 increases, 𝑚 = 5, 𝑙 = 5



Setup: (1) equality ℎ for fixed bond lengths and angles, (2) inequality 𝑔 for steric hindrance, and 

(3) potential 𝑓 modeling Weeks-Chandler-Anderson (WCA) potential.

• OLLA-H (even at 𝑁 = 0) shows comparable sampling quality with significantly lower computational 

cost and reasonable constraint satisfaction under many constraints.

Experiment results (Molecular System)



Setup: (1) equality ℎ for fairness constraint, (2) inequality 𝑔 for monotonicity constraints, and 

(3) potential 𝑓 for the posterior distribution.

• CGHMC suffers from high rejection rate at large step size, leading to low NLL loss.

• OLLA-H (even at 𝑁 = 0) can reduce the computational cost while maintaining sampling stability.

Experiment results (Bayesian Logistic Regression)



1. OLLA provides a unified, projection-free framework for sampling under mixed equality and 

inequality constraints.

2. It achieves exponential convergence guarantees and practical efficiency through the landing 

dynamics and Hutchinson-based discretization.

3. The method scales to high-dimensional, non-log-concave targets and enables fast constrained 

sampling compared to prior projection-based samplers.

Conclusion

Code: https://github.com/KraitGit/OLLA  ||  Paper: https://arxiv.org/abs/2510.22044 || Email: kjeon@gatech.edu  
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