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ExORL framework: [Yarats et al., ICLR 2022 Workshop 
on Generalizable Policy Learning in the Physical World]

arbitrary reward 𝒓 
specifies some 

downstream task

Background: Exploratory data generation for offline RL

𝝅 tries to maximize an 
exploration objective

agent learns to 
maximize 𝒓 

offline from 𝑫𝒓

Offline RL: very well-developed; see 
surveys [Levine et al., 2020], [Prudencio 
et al., 2023]

Unsupervised RL: RND [Burda et al., 
ICLR 2019], SMM [Lee et al., 2019], APT 
[Liu & Abbeel, NeurIPS 2021]
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Train and collect data Offline RL
Unsupervised RL: RND [Burda et al., ICLR 
2019], SMM [Lee et al., 2019], APT [Liu & 
Abbeel, NeurIPS 2021]

Offline RL: see surveys [Levine et al., 
2020], [Prudencio et al., 2023]

Main Idea:
• Reweight probabilities using Behavioral economics 

certified functions
• Devolop most general entropy to evaluate coverage
• Wider range of exploration policies
• Better coverage and eventual Offline RL performance

Our work: new exploration objectives



Idea: use behavioral entropies from 
[Suresh et al., 2024] as exploration 
objectives for 𝝅, see how offline RL 

does on BE datasets 

Challenges:
• extension of BE to continuous spaces
• Continuous BE estimators
• RL algorithm development
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Contributions
• Extension of BE from [Suresh et al., 

2024] to continuous spaces
• Developed and analyzed 𝑘-nearest 

neighbor (𝑘-NN) BE estimators
• 𝑘-NN-based RL reward for BE
• Experiments demonstrating 

promising performance on BE-
generated datasets



Behavioral entropy for continuous spaces
probability 

density

Prelec probability weighting function 
(Prelec, 1998) modeling human 

uncertainty perception 

SHANNON ENTROPY  (discrete)

RÉNYI ENTROPY (discrete)

BEHAVIORAL ENTROPY (discrete)

Fig. 1: Probability weightings 
transform probability densities

Fig. 2: Entropies achievable by Shannon, 
Rényi, behavioral entropies on Bernoulli 

probability density

Continuous-spaces behavioral entropy

general weighting 𝒘

Prelec weighting 𝒘



𝑘-nearest neighbor estimators, RL reward

𝒏 i.i.d. samples

distance from 𝒌th NN

density estimator

𝑘-NN entropy estimator formulation 𝑘-NN estimator analysis

𝑘-NN-based RL reward

Theorem 1. Under suitable conditions on 
𝑘, 𝑛, 𝑤, and 𝑓, we have 
both uniformly and in probability.

behavioral entropy 
estimator for general 𝒘

Theorem 2. Under suitable conditions on the 
density 𝑓 and for fixed 𝑘, 𝑘-NN estimators of 
density functionals approximate their target 
functionals up to 

𝑂(
𝑘

𝑛

1

𝑑
+

1

𝑘
).



𝑘-nearest neighbor estimators, RL reward

𝑘-NN-based RL reward



Experimental setup and summary

● Domains: Walker, Quadruped
● Tasks: Stand (on Walker only), Walk 

(both), Run (both)
● Data generation algorithms:

● ICM-APT (Shannon), RND, SMM
● ICM-APT (Rényi) for range of 𝑞
● ICM-APT (BE) for range of 𝛼

● Offline RL evaluation methods:
● TD3, CQL, CRR

● 500k data generation steps
● 100k offline RL training steps
● Evaluation every 10k steps

Walker Quadruped

Table 1: Max performance over all offline RL algorithms and all trials



State Coverage using PHATE for Walker Domain
Traditional Objectives

Shannon Entropic Objectives

Renyi Entropic Objectives

Behavioral Entropic Objectives

LIMITED COVERAGE

INFLEXIBLE COVERAGE

UNSTABLE COVERAGE

EXTENSIVE, FLEXIBLE AND STABLE COVERAGE
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