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 To mitigate extrapolation error from OOD actions, offline RL algorithms typically impose 

constraints on action selection, which can be systematically categorized into density, support, 

and sample constraints.

Constraints in Offline RL



 Density Constraint

 Description: explicitly or implicitly align the probability densities of trained and behavior policies

 Advantage: straightforward, easy to implement

 Limitation: performance is heavily limited by the overall quality of behavior policy

 performance upper bound:

 Algorithms: BRAC, TD3BC, CQL, ReBRAC

Constraints in Offline RL



 Support Constraint

 Description: restrict action selection in the Bellman target to the support of behavior policy

 Advantage: least restrictive

 Limitation: require accurate estimation of behavior policy, which is challenging

 modeling high-dimensional and multi-modal real-world data

 e.g., using CVAEs, autoregressive models, flow-GANs, and diffusion models

 Algorithms: BCQ, BEAR, SPOT, STR, CPED, SVR

Constraints in Offline RL



 Sample Constraint

 Description: restrict action selection in the Bellman target to dataset actions

 Advantage: avoid extrapolation errors, easy to implement

 Limitation: performance is inherently limited by a lack of action generalization beyond the 

offline dataset

 overly conservative when the dataset lacks coverage of near-optimal actions

 Algorithms: Onestep RL, IQL, 𝒳QL, IAC, SQL

Constraints in Offline RL



 This work aims to address the over-conservatism of the density and sample constraints, while 

avoiding complex behavior policy modeling required by the support constraint. 

 Propose: Neighborhood Constraint

 Description: restrict action selection in the Bellman target to the union of neighborhoods of 

dataset actions.

Neighborhood Constraint



 Property: approximate the support constraint without behavior policy modeling

Neighborhood Constraint



 Property: extrapolation error

 Property: distribution shift

Neighborhood Constraint



 Summary: mitigate the over-conservatism of density and sample constraints, while 

approximating the least restrictive support constraint without behavior policy modeling

Neighborhood Constraint



 The neighborhood constraint is highly flexible and can achieve pointwise conservatism by 

adapting neighborhood radius for each data point → Adaptive Neighborhood Constraint

 Advantage-based instantiation

 larger neighborhood radii to dataset actions with low advantage, promoting a broader search

 smaller neighborhood radii to dataset actions with high advantage, reducing extrapolation error

 Generic adaptive neighborhood

 replace 𝜖 exp(−𝛼𝐴(𝑠, 𝑎)) with 𝜖𝑓(𝑠, 𝑎) to define a generic per-sample neighborhood radius, where 

𝑓: 𝑆 × 𝐴 → ℝ+ is an arbitrary function.

Adaptive Neighborhood Constraint



 Goal: Q learning under the adaptive neighborhood constraint → minimize the ANQ loss:

 Decompose the objective into bilevel optimization

Algorithm: Adaptive Neighborhood-Constrained Q Learning (ANQ)



 Bilevel objective:

 Inner maximization

 maximize Q function within each dataset action’s neighborhood separately with an auxiliary policy

 Outer optimization

 implicitly maximize the Q function over all available neighborhoods via expectile regression

Algorithm: Adaptive Neighborhood-Constrained Q Learning (ANQ)



 ANQ loss

 For 𝜏 ≈ 1, 𝑉𝜓(𝑠) captures the maximum Q value within 𝐶AN(𝑠) → the ANQ loss:

 Final policy extraction

 Independently extract final policy 𝜋𝜙 via weighted regression toward optimized actions within 𝐶AN(𝑠)

Algorithm: Adaptive Neighborhood-Constrained Q Learning (ANQ)



Experiment: Results on D4RL Benchmark



Experiment: Results on Noisy Data

 Noisy data: mix the random and expert datasets at varying ratios



Experiment: Results on Limited Data

 Limited data: randomly discard some portion of transitions from the AntMaze datasets



Experiment: Ablation Study

 Lagrange multiplier 𝜆: controls the overall neighborhood radius

 Inverse temperature 𝛼: determines how the neighborhood radius adapts to the action advantage



Thanks for Listening!
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