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Interacting with environments

robotics

Games

Automatic driving



Then collecting data in replay buffer

Replay buffer

(𝒔, 𝒂, 𝒓, 𝒔′)

State

Action reward

Next state



And training policy by RL

Replay buffer

(𝒔, 𝒂, 𝒓, 𝒔′)

Policy 𝝅(𝒂|𝒔)

SAC, TD3…

argmax
𝜋

𝔼𝑠∼𝑇,𝑎∼𝜋 

𝑡=0

∞

𝛾𝑡𝑟 𝑠𝑡 , 𝑎𝑡



argmax
𝜋

𝔼𝑠∼𝑇,𝑎∼𝜋 

𝑡=0

∞

𝛾𝑡𝑟 𝑠𝑡 , 𝑎𝑡

And training policy by RL

Replay buffer

(𝒔, 𝒂, 𝒓, 𝒔′)

Policy 𝝅(𝒂|𝒔)

SAC, TD3



And training policy by RL

Replay buffer

(𝒔, 𝒂, 𝒓, 𝒔′)

Policy 𝝅(𝒂|𝒔)

SAC, TD3

𝒂𝒓𝒈𝐦𝐚𝐱
𝝅

𝔼𝒔∼𝑻,𝒂∼𝝅 

𝒕=𝟎

∞

𝜸𝒕𝒓 𝒔𝒕, 𝒂𝒕 𝒂𝒓𝒈𝐦𝐚𝐱
𝝅

𝔼(𝒔,𝒂)∼𝝆𝑻
𝝅 𝒓(𝒔, 𝒂)

Current policy and dynamics

Dual formulation



Three cases: Stationary environment

Walking Policy

Running Policy

Policy Shifts

𝑇, ො𝜋

𝑇, 𝜋

𝑇 ≃ 𝑇, 𝜋 ≠ ො𝜋



Three cases: Domain adaption

Source Dynamic (flat)

Target Dynamic (uneven)Dynamic Shifts

Policy Shifts

𝑇 ≠ 𝑇, 𝜋 ≠ ො𝜋

𝑇

𝑇, 𝜋

ො𝜋



Three cases: Non-stationary environment

𝑇 ≠ 𝑇, 𝜋 ≠ ො𝜋

Policy Shifts

Non-stationary Environment

𝑇, 𝜋

𝑇, ො𝜋



To figure out the distribution gaps

Transition occupancy distribution measure [Viano et al., 2021; Ma et al., 2023]

Replay buffer

(𝒔, 𝒂, 𝒓, 𝒔′)

𝜌 𝑇
ෝ𝜋 𝑠, 𝑎, 𝑠′

= (1 − 𝛾)

𝑡=0

∞

𝛾𝑡 Pr 𝑠𝑡 = 𝑠, 𝑎𝑡 = 𝑎, 𝑠𝑡+1 = 𝑠′|𝑠0 ∼ 𝜇0, 𝑎𝑡 ∼ ෝ𝝅 ⋅ 𝒔𝒕 , 𝑠𝑡+1 ∼ 𝑻(⋅ |𝒔𝒕, 𝒂𝒕)

Behavior Policy ෝ𝝅(𝒂|𝒔)

Empirical Dynamics 𝑻(𝒔′|𝒔, 𝒂)



When data are collected under different 𝝅 and 𝑻

Replay buffer1

(𝒔, 𝒂, 𝒓, 𝒔′)

Replay buffer2

(𝒔, 𝒂, 𝒓, 𝒔′)

Replay buffer3

(𝒔, 𝒂, 𝒓, 𝒔′) …

ො𝜋 ≠ 𝜋

𝑇 ≠ 𝑇

𝜌𝑻
ෝ𝝅 𝑠, 𝑎, 𝑠′ ≠ 𝜌𝑻

𝝅(𝑠, 𝑎, 𝑠′)



The influence of distribution gaps in RL

ො𝜋 ≠ 𝜋

𝑇 ≠ 𝑇

𝜌𝑻
ෝ𝝅 𝑠, 𝑎, 𝑠′ ≠ 𝜌𝑻

𝝅(𝑠, 𝑎, 𝑠′)

𝐽 𝜋 = 𝔼 𝑠,𝑎 ∼𝑃,𝜋 

𝑡=0

∞

𝛾𝑡𝑟(𝑠𝑡 , 𝑎𝑡) 𝐽 𝜋 = 𝔼 𝑠,𝑎,𝑠′ ∼𝜌𝑇
𝜋 𝑟(𝑠, 𝑎)

General objective
Dual objective

Current data distribution

Historical data distribution



How to learn policy when                                     ?  𝜌𝑻
ෝ𝝅 𝑠, 𝑎, 𝑠′ ≠ 𝜌𝑻

𝝅(𝑠, 𝑎, 𝑠′)

𝐽 𝜋 = 𝔼 𝑠,𝑎,𝑠′ ∼𝜌𝑇
𝜋 𝑟(𝑠, 𝑎)



A surrogate objective with distribution shifts

𝐽 𝜋 = 𝔼 𝑠,𝑎,𝑠′ ∼𝜌𝑇
𝜋 𝑟(𝑠, 𝑎)



A surrogate objective with distribution shifts

𝐽 𝜋 = 𝔼 𝑠,𝑎,𝑠′ ∼𝜌𝑇
𝜋 𝑟(𝑠, 𝑎)

> log 𝔼 𝑠,𝑎,𝑠′ ∼𝜌𝑇
𝜋 𝑟(𝑠, 𝑎)



A surrogate objective with distribution shifts

𝐽 𝜋 = 𝔼 𝑠,𝑎,𝑠′ ∼𝜌𝑇
𝜋 𝑟(𝑠, 𝑎)

> log 𝔼 𝑠,𝑎,𝑠′ ∼𝜌𝑇
𝜋 𝑟(𝑠, 𝑎)

= log 𝔼 𝑠,𝑎,𝑠′ ∼𝜌𝑇
𝜋

𝜌𝑇
𝜋

𝜌 𝑇
𝜋 𝑟(𝑠, 𝑎)



A surrogate objective with distribution shifts

𝐽 𝜋 = 𝔼 𝑠,𝑎,𝑠′ ∼𝜌𝑇
𝜋 𝑟(𝑠, 𝑎)

> log 𝔼 𝑠,𝑎,𝑠′ ∼𝜌𝑇
𝜋 𝑟(𝑠, 𝑎)

= log 𝔼 𝑠,𝑎,𝑠′ ∼𝜌𝑇
𝜋

𝜌𝑇
𝜋

𝜌 𝑇
𝜋 𝑟(𝑠, 𝑎)

≥ 𝔼 𝑠,𝑎,𝑠′ ∼𝜌𝑇
𝜋 log

𝜌𝑇
𝜋

𝜌 𝑇
𝜋 + log 𝑟(𝑠, 𝑎)



A surrogate objective with distribution shifts

𝐽 𝜋 = 𝔼 𝑠,𝑎,𝑠′ ∼𝜌𝑇
𝜋 𝑟(𝑠, 𝑎)

> log 𝔼 𝑠,𝑎,𝑠′ ∼𝜌𝑇
𝜋 𝑟(𝑠, 𝑎)

= log 𝔼 𝑠,𝑎,𝑠′ ∼𝜌𝑇
𝜋

𝜌𝑇
𝜋

𝜌 𝑇
𝜋 𝑟(𝑠, 𝑎)

≥ 𝔼 𝑠,𝑎,𝑠′ ∼𝜌𝑇
𝜋 log

𝜌𝑇
𝜋

𝜌 𝑇
𝜋 + log 𝑟(𝑠, 𝑎)

= 𝔼 𝑠,𝑎,𝑠′ ∼𝜌𝑇
𝜋 log 𝑟(𝑠, 𝑎) − 𝐷KL(𝜌 𝑇

𝜋 𝜌𝑇
𝜋



A surrogate objective with distribution shifts

መ𝐽 𝜋 = 𝔼 𝑠,𝑎,𝑠′ ∼𝜌𝑇
𝜋 log 𝑟 𝑠, 𝑎 − 𝛼log

𝜌𝑇
𝜋

𝜌 𝑇
ෝ𝜋

− 𝛼𝐷𝑓(𝜌 𝑇
𝜋 𝜌𝑇

𝜋

policy & dynamics shifts
policy shifts

𝑠. 𝑡. 𝜌𝜋 𝑠, 𝑎 = 1 − 𝛾 𝜇0 𝑠 𝜋 𝑎 𝑠 + 𝛾𝒯∗
𝜋𝜌𝜋(𝑠, 𝑎)



A surrogate objective with distribution shifts

መ𝐽 𝜋 = 𝔼 𝑠,𝑎,𝑠′ ∼𝜌𝑇
𝜋 log 𝑟 𝑠, 𝑎 − 𝛼log

𝜌𝑇
𝜋

𝜌 𝑇
ෝ𝜋

− 𝛼𝐷KL(𝜌 𝑇
𝜋 𝜌𝑇

𝜋

policy & dynamics shifts
policy shifts

𝑠. 𝑡. 𝜌𝜋 𝑠, 𝑎 = 1 − 𝛾 𝜇0 𝑠 𝜋 𝑎 𝑠 + 𝛾𝒯∗
𝜋𝜌𝜋(𝑠, 𝑎)

How to solve the constrained optimization problem?  

𝜌 𝑇
𝜋



መ𝐽 𝜋 = 𝔼 𝑠,𝑎,𝑠′ ∼𝜌𝑇
𝜋 log 𝑟 𝑠, 𝑎 − 𝛼log

𝜌𝑇
𝜋

𝜌 𝑇
ෝ𝜋

− 𝛼𝐷𝑓(𝜌 𝑇
𝜋 𝜌𝑇

𝜋

𝑠. 𝑡. 𝜌𝜋 𝑠, 𝑎 = 1 − 𝛾 𝜇0 𝑠 𝜋 𝑎 𝑠 + 𝛾𝒯∗
𝜋𝜌𝜋(𝑠, 𝑎)

Three theoretical steps for tractable solution

Step1: Deal with the discrepancy log
𝜌𝑇
𝜋

𝜌𝑇
ෝ𝜋 by a discriminator

𝛼log
𝜌𝑇
𝜋

𝜌 𝑇
ෝ𝜋

𝜌𝜋 𝑠, 𝑎 = 1 − 𝛾 𝜇0 𝑠 𝜋 𝑎 𝑠 + 𝛾𝒯∗
𝜋𝜌𝜋(𝑠, 𝑎)

𝜌 𝑇
𝜋

Global buffer

(𝒔, 𝒂, 𝒓, 𝒔′)

Local buffer

(𝒔, 𝒂, 𝒓, 𝒔′)

𝝆𝑻
𝝅 𝜌 𝑇

ෝ𝜋

Distance

discriminator



መ𝐽 𝜋 = 𝔼 𝑠,𝑎,𝑠′ ∼𝜌𝑇
𝜋 log 𝑟 𝑠, 𝑎 − 𝛼log

𝜌𝑇
𝜋

𝜌 𝑇
ෝ𝜋

− 𝛼𝐷𝑓(𝜌 𝑇
𝜋 𝜌𝑇

𝜋

𝑠. 𝑡. 𝜌𝜋 𝑠, 𝑎 = 1 − 𝛾 𝜇0 𝑠 𝜋 𝑎 𝑠 + 𝛾𝒯∗
𝜋𝜌𝜋(𝑠, 𝑎)

Three theoretical steps for tractable solution

Step1: Deal with the discrepancy log
𝜌𝑇
𝜋

𝜌𝑇
ෝ𝜋 by a discriminator

Step2: Deal with the constraint 𝜌𝜋 𝑠, 𝑎 by Lagrange multipliers

Step3: Deal with the unknown term 𝜌 𝑇
𝜋 𝑠, 𝑎, 𝑠′ by Fenchel conjugate

𝜌𝜋 𝑠, 𝑎 = 1 − 𝛾 𝜇0 𝑠 𝜋 𝑎 𝑠 + 𝛾𝒯∗
𝜋𝜌𝜋(𝑠, 𝑎)

𝜌 𝑇
𝜋



Our solution

min
𝜋

max
𝑄 𝑠,𝑎

1 − 𝛾 𝔼𝑠∼𝜇0,𝑎∼𝜋 𝑄 𝑠, 𝑎 + 𝛼𝔼
𝑠,𝑎,𝑠′ ∼𝜌𝑇

ෝ𝜋 𝑓⋆
log 𝑟 𝑠, 𝑎 − 𝑅 𝑠, 𝑎, 𝑠′ + 𝛾𝒯𝜋𝑄 𝑠, 𝑎 − 𝑄(𝑠, 𝑎)

𝛼

Initial distribution

Sample from collected data

Distribution gap between

Current data &

Historical data

TD error

Fenchel conjugate function



Algorithm: OMPO

min
𝜋

max
𝑄 𝑠,𝑎

1 − 𝛾 𝔼𝑠∼𝜇0,𝑎∼𝜋 𝑄 𝑠, 𝑎 + 𝛼𝔼
𝑠,𝑎,𝑠′ ∼𝜌𝑇

ෝ𝜋 𝑓⋆
log 𝑟 𝑠, 𝑎 − 𝑅 𝑠, 𝑎, 𝑠′ + 𝛾𝒯𝜋𝑄 𝑠, 𝑎 − 𝑄(𝑠, 𝑎)

𝛼

• Critic network for 𝑄(𝑠, 𝑎), Inner loop optimization

• Policy network for 𝜋(𝑎|𝑠), Outer loop optimization

Local Buffer 𝒟𝐿

𝜌𝑇
𝜋(𝑠, 𝑎, 𝑠′)

Collect target/current data Global Buffer 𝒟𝐺

𝜌 𝑇
ෝ𝜋 (𝑠, 𝑎, 𝑠′)

Collect historical data



An example of how to the two buffer

𝑇, 𝜋

𝑇, ො𝜋

Local Buffer 𝒟𝐿
Collect small-size 

target/current data
Global Buffer 𝒟𝐺

𝜌 𝑇
ෝ𝜋 (𝑠, 𝑎, 𝑠′)

Collect historical data
𝜌𝑇
𝜋(𝑠, 𝑎, 𝑠′)

• Non-stationary environments



Experiments



Three scenarios with specialised baselines

Stationary environment: Hopper, Walker2d, Ant, Humanoid

Stable performance & sample efficiency



Three scenarios with specialised baselines

Domain Adaption: Hopper, Walker2d, Ant, Humanoid

OMPO

Source Dynamics

Target Dynamics

Simulator

Real-world robot

Dynamics gap, Different sample size

Full sampling

Few sampling



Three scenarios with specialised baselines

Domain Adaption: Hopper, Walker2d, Ant, Humanoid



Three scenarios with specialised baselines

Non-stationary environment: Hopper, Walker2d, Ant, Humanoid



Conclusion

• We propose a general surrogate objective for policy and dynamics shifts

• We develop a unified framework to tackle diverse shift settings

Future research

• The two-buffer setting can be extended, like offline-to-online 
RL, hybrid RL and imitation learning 

• How to adaptively decide the local buffer size would be interesting



Thank you for listening!


