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Motivation

• on-policy policy gradient는 학습하고 있는 policy를 이용해서 rollout을 하여 활용하므로 데이터만 
얻을 수 있다면 안정적인 학습이 가능함

• off-policy, offline-RL은 replay buffer 등의 기존 데이터를 이용해서 학습을 수행
– SAC, TD3 등은 분포 불일치(distribution mismatch) 로 인해 value function 과대추정과 학습 불안정을 겪음

• offline 데이터를 활용하여 on-policy policy gradient처럼 학습할 수 있을까?
– Dual RL은 state-action visitation distribution 기반 regularized RL 문제를 convex optimization 으로 표현하고, 이를 

Lagrangian dual 로 변환하여 unconstrained 형태로 최적화함

– 이 dual 문제는 policy gradient 를 off-policy 데이터로 계산하지만 on-policy gradient와 동일한 방향을 가지도록 
수정되기 때문에 수렴성 및 안정성을 동시에 확보할 수 있음
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Preliminaries

• state-action visitation distribution

• Bellman operators
– Q-backup

– V-backup

• f-divergence

• convex conjugate of 𝑓
∗

of function 𝑓

– convex conjugate with positivity constraint
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Overview

Regularized RL
• Convex Primal
• f-divergence regularization
• linear Bellman constraints

Dual RL (unconstrained dual)
• optimize over {Q} or {V}
• uses f* (convex conjugate)

On-policy policy gradient 
computed from off-policy data
(stability + convergence)

Lagrangian duality

Dual-Q (2-player game) Dual-V (1-player optimization)

Special case: IL
• IL as RL with reward=0
• = 

Special case: ReCOIL (proposed)
•

•

Special case: RL
Pessimistic value learning
CQL, ATAC

Special case: RL
Implicit-way
XQL, f-DVL(proposed)
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Reinforcment Learning as a Convex Program (1)

• Reinforcement learning problem with regularized optimization objective is a convex optimization

– rewriting as a convex problem that searches for a visitation distribution that satisfies the Bellman-flow constraints

– constraint is called Bellman Flow constraint

– it is required to make visitation distribution 𝑑 to be valid in RL framework

– the above problem is termed as primal-Q

• Lagrangian Dual without Constraints

– Q(s,a) is dual variable

– 𝑓
∗

is the convex conjugate of 𝑓

– exact same solution with primal-Q can be obtained because strong duality holds

– GAN-like adversarial optimization should be performed, and it makes the problem be difficult

– what if play around with V instead of Q?
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Reinforcment Learning as a Convex Program (2)

• what if play around with V instead of Q?

– constraints of primal-Q are overconstrained: the constraints already determine the unique solution

– rendering the inner maximization w.r.t 𝑑 unnecessary

• Primal-V

• Dual-V (Lagrangian dual of primal-V)

– single-player non-adversarial optimization
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Imitation Learning Consideration (1)

• Consider the following primal-Q form of f-divergence between the mixture distributions

– This is a valid imitation learning formulation

– since the global maximum of the objective is attained at

– The above primal formulation deters offline learning, as it requires sampling from 𝑑 to estimate the f-divergence

– Thus consider its dual formulation that allows us to derive an off-policy objective that only requires samples from the 
offline data

– This formulation is termed ReCOIL (Relaxed Coverage for Off-policy Imitation Learning)

• Imitation learning, or occupancy matching is a direct consequence of the regularized RL problem
– when the reward is set to be 0 

– and the regularization distribution and 𝑑𝑂 are set to be the expert visitation distribution 𝑑𝐸
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Imitation Learning Consideration (2)

• ReCOIL
– without discriminator

• estimating pseudo reward could be ill-defined in state-action space with zero/less expert support

– without coverage assumption

• suboptimal data visitation covers the expert visitation

– ReCOIL is a Bellman consistent Energy-based Model
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Implicit maximizers for offline RL

• Dual-V Learning (𝑓-DVL): A new class of offline RL methods

• The dual-V objective gives a new class of methods parameterized by the choice of function 𝑓 for 
offline RL

• Extreme Q-learning (XQL), a implicit maximization based offline RL method, was derived using the 
hypothesis that Bellman errors are Gumbel distributed. In face, XQL can simply be seen as a special 
case of 𝑓-DVL when 𝑓 is chosen to be the reverse-KL divergence. The choice of setting 𝑓
corresponding to reverse KL divergence leads to a exponential conjugate which makes learning 
unstable due to exploding gradients. Choosing divergences with low-order 𝑓𝑝

∗ can lead to stable off-

policy algorithms. Our experiments rely on Total-Variation and Chi-square divergences to obtain 
across the board improvements



10

Experiments

• Benchmark: D4RL

• Imitation Learning
– 1) How does ReCOIL perform and compare with previous offline IL methods?

– 2) Can ReCOIL accurately estimate the policy visitation distribution dπ and the reward function/intent of the expert?

• Reinforcement Learning
– 3) How does f-DVL perform and compare with previous offline RL methods?

– 4) Is the training of f-DVL more stable than XQL?
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Experiments:
1) How does ReCOIL perform and compare with previous offline IL methods?

• Methods based on coverage assumption fail when
– 1) coverage is low (few expert trajectories in dataset)

– 2) in high dimensional tasks where the discriminator easily overfits

• ReCOIL outperforms baselines by a large margin

• random+expert and 
medium+expert

– suboptimal dataset: 1 
million transitions of 
the random or 
medium D4RL datasets

– expert 
demonstrations: 200

• random+few-expert
and medium+few-
expert

– suboptimal datasets 
mixed with only 30 
expert demonstrations

– more difficult setting



12

Experiments:
2) Can ReCOIL accurately estimate the policy visitation distribution 𝑑𝜋 and the reward 

function/intent of the expert?

• expert와 policy의 visitation distribution이 거의 반대인 상황임에도, ReCOIL이 coverage가 
불충분한 오프라인 데이터만으로 정책 π 의 실제 분포 dπ 를 가장 잘 복원함
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Experiments:
3) How does f-DVL perform and compare with previous offline RL methods?

• XQL(r)은 원 논문의 실험 프로토콜 오류를 수정하여 결과를 다시 뽑은 것
– original paper taking the best average return during training as opposed to the standard practice of taking the average of 

the last iterate performance across different seeds at 1 million gradient steps
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Experiments:
4) Is the training of f-DVL more stable than XQL?

• XQL training diverges due to the numerical instability of its loss function

• f-DVL fixes this problem by using more well-behaved f-divergences
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Closing: Unifying existing work with dual RL
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후일담

• arxiv version1:
– Imitation from Arbitrary Experience: A Dual Unification of Reinforcement and Imitation Learning Methods

– ICLR Workshop 2023

• arxiv version2-3:
– Dual RL: Unification and New Methods for Reinforcement and Imitation Learning

– ICLR 2024

– 후속 연구가 아닌 버전 업데이트인데 새로운 학회에 발표해도 되는건가?

• visitation distribution 계산을 간소하기 위해 Successor Feature를 도입할 수 있을 것 같은데 
저자들의 후속논문이 이와 관련있어보임

– Proto Successor Measure: Representing the Behavior Space of an RL Agent, ICML 2025

• Qinqing Zheng과 Amy Zhang은 Online Decision Transformer의 저자들임
– Dual RL framework은 Decision Transformer 계열의 Bellman 방정식을 사용하지 않는 연구들을 포용하지는 못함
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Dual RL in a nutshell

Dual RL: 

Unification and

New Methods 

for Reinforcement 

and Imitation Learning

Regularized RL
• Convex Primal
• f-divergence regularization
• linear Bellman constraints

Dual RL (unconstrained dual)
• optimize over {Q} or {V}
• uses f* (convex conjugate)

On-policy policy gradient 
computed from off-policy data
(stability + convergence)

Lagrangian duality

Dual-Q (2-player game) Dual-V (1-player optimization)

Special case: IL
• IL as RL with reward=0
• = 

Special case: ReCOIL
•

•

Special case: RL
Pessmistic Value Learning
CQL, ATAC

Special case: RL
Implicit-way
XQL, f-DVL(proposed)
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