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Introduction

Model-Free RL                  Vs                Model-Based RL

Objective in RL:  maximize ∑𝒕"𝒕𝟎
# 𝜸𝒕$𝒕𝟎 . 𝒓𝒕

Markov Decision Process (MDP) :  𝓢,𝓐,𝓣,𝓡
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PhIHP (our method)Model-Free RL Model-Based RL
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Introduction
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Dyna style RL (LOOP [1]) Hybrid RL (TD-MPC [2]) PhIHP (Ours)

[1] Harshit Sikchi, Wenxuan Zhou, and David Held. Learning off-policy with online planning. CoRL 2022.
[2] Nicklas Hansen, Xiaolong Wang, and Hao Su. Temporal difference learning for model predictive control. ICML, 2022.
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Our method – Leveraging Physics in Model Learning

Training Strategy:

ODE 
Solver

Loss = ∑! 𝑓 𝑠!, 𝑎! − 𝑠!" # + 𝜆 𝐹$ s.a 𝑓 𝑠!, 𝑎! = (𝐹$+𝐹%) 𝑠!, 𝑎!



The quality of the physics-informed model
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Our method – Policy learning through Imagination

Agent

𝑎!

(𝑠! , 𝑎! , 𝑠!"# , 𝑟!"#)

PolicyQ-function

Data-driven 
residual

Physics

Physics-informed Model

𝐷𝑖𝑚 : Replay buffer
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Our method – Hybrid planning

local solution
long-term reward

𝐴$: Informative candidates, 
 reduce population size and iterations in CEM

Q-function: reduce the planning horizon H

Policy/Q-functionModel

Act
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CEM
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𝐴$



10

Reminder: Cross-Entropy Method (CEM)

Marin, and Sigaud, O. Towards fast and adaptive optimal control policies for robots: A direct policy search approach, Robotica 2012
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Our method - Summary

Sample efficiency Sample efficiency
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Environments

Pendulum AcrobotCartPole
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Results – Comparison to the state of the art



Ablation study – Impact of learning through imagination & hybrid planning 
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PhIHP

PhIHP w/o “imagination”                              PhIHP w/o “imagination and physics”

PhIHP w/o “policy”                                       PhIHP w/o “policy and physics”



Conclusion

Due to Physics prior, PhiHP achieves the best compromise 

GOAL

Sample efficiency

Asymptotic performance

Time efficiency

Perspectives: Applying PhiHP to Upkie[1]:

More challenging control tasks. A real robotic application
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[1] Stéphane Caron, Nicolas Perrin-Gilbert, Viviane Ledoux, Ü Bora Gökbakan, Pierre-Guillaume Raverdy, and Antonin Raffin. 
Upkie open source wheeled biped robot, 2024. 



Thank you for your attention
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Our method – Process of Model learning

Random

actions

D = { 𝑠! , 𝑎! , 𝑠!"# }

MPC with CEM

Fit f(s,a)
Plan with f
H

Execute Abest
1

Append 
𝑠#, 𝑎#, 𝑠#$%

on D


