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FOUNDATION OF EMBODIED AI COURSE NOTES

1. M2 5% Model-Based RL?

1.1 N EMPLE MESS TG

RN TR TSR LR B bR, PIT—DRTEIERE, WIRTTREREs:, Ml RERBEEAR R miETs, & Refethirai
LS R, BEnl DUE AR B A 2, X ERRETEEIRERY S (Model-Based Reinforcement Learning, MBRL)
IR mo

TEH/RAFRARIETE (MDP) o, IRESIGE SR P(s,,q | sy, ap) k. HARRIEEERNE 7, HAMITHIER :

T-1
J(m) =Epr lz vtr(stvat)l :
t=0
Model-Free RL (41 PPO, SAC) n] %A I U & B Y6 4% 5 |l i 58 7 SR s sl A (B R &, 9 S 2SR S Xt R — IR 2.
Model-Based RL MIZSME I — N EAISY: SIESINBI P, SEME IR £, :
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Replay Buffer
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BHENFSRES

B 1: 3@ MBRL 135, {ELHRIR] DME S A 2 EROERESNE; RIS S NPRSHERT A Actor 2L,
XANAIMERE T MBRL RUTETELE S 0 B AT S S TFHRSA T, (BTN R th 2BRIEAIA] (model exploitation).

IR AR RS2 ST E SR R B AL &, A REFAREARR AR

2. ey ) — A SR

2.1 JEWImIRAS, S
FERLa AR, RPREIRAS, s BRI S O :

. bj bj
St = (qt’ 4y, Ct':g J’ U? J)7
a, = KERRIEME S filan 2,
0, = h(sy) +ny.

Gy, 4y PRI, 2D 0 SRR AR n, FoTIIER, BERE R, R

v PUTERH R SRS EATIE N &
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AEIE H 7 Replay Buffer:
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Ttk BURURIE DAl i R L NZRERHATIN AT
SuperMimic 22 S Bl AR SEAEF BPTT + Critic VISR =2
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Gradient,
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WMREIRRE s, 80 57, B J(0) = — (s, — s%)%, W
a7 _
o
XEAB AN EREE P a ISR, WL P e e 7S RN X — RN, X e B R i
KN, 2 Through-Time Backpropagation (BPTT),
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5.3 SHAC %5 SuperMimic B2

Actor Actor
v 4
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6.3 BEIE. WEMIANE &S R 5t
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8.3 BERSHTR
« Sutton, Dyna: Integrated Architectures for Learning, Planning, and Reacting (1991)
o Chua et al., PETS: Deep Reinforcement Learning in a Handful of Trials using Probabilistic Dynamics Models (NeurIPS
2018)
« Janner et al., When to Trust Your Model: Model-Based Policy Optimization (NeurIPS 2019)
- Hafner et al., Dream to Control: Learning Behaviors by Latent Imagination (ICLR 2020)
« Xu et al., Accelerated Policy Learning with Parallel Differentiable Simulation (SHAC, ICLR 2022)
« Liao et al., SuperMimic: Scaling Humanoid Whole-Body Control with One Differentiable World Model (2026)
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