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Why is Legged Locomotion Hard?
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Model—based vs Learning—based Control
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RL Locomotion Policy
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The Sim—to—Real Gap
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RMA: Rapid Motor Adaptation
for Legged Robots

Ashish Kumar, Zipeng Fu, Deepak Pathak, Jitendra Malik
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Introduction



Problem: The Real World # Simulator
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RMA in the Wild




Key Idea: Base Policy + Adaptation Module

Base policy 1t

Algorithm 1: Rapid Motor AdaptationTraining

Phase 1 Randomly initialize the base policy 7;
Randomly initialize the environmental factor encoder
w; Empty replay buffer Dq;

for 0 < itr < N do

for 0 < < Nepny do

Zo, eg < envs[z].reset();

for 0<t<7T do

2zt < p(es);

ay + (s @—152);

Ti41,€¢41,T¢ < envs[i].step(ay);

Store ((z¢,et), at,Tt, (Te41,€t41)) in Di;
end

end

Update 7 and p using PPO [48];
Empty Ds;

end

Adaptation module ¢
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Phase 2 Randomly initialize the adaptation module ¢
parameterized by 6,; Empty mini-batch Dy;

for 0 < itr < N2, do

for 0 <7 < Ngpy do

T, €9 < envs[z].reset();

for 0<t<T do

%t — O Ti—rt Gr—to—ik—1);

2zt < p(er);

ay & (s, a—15%¢);

Tt41,€441,_ < envs[i].step(as);

Store (2, z;) in Do;

end

end

0p 05 — Ao, Vo, 7a— 2 12 — 24|
Empty D5;

end
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Method: Rapid Motor Adaptation



Two Phases, One Policy
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Overview: Two—Phase Training

A) Training in Simulation
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Formulation
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Xl (Forward)
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Phase 1 — Reward Design
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Phase 1 — Optimization with PPO
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Phase 2 — Adaptation Module
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Deployment — Asynchronous Execution
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Results



Experimental Setup

Parameters Training Range Testing Range
Friction [0.05, 4.5] [0.04, 6.0]
Ky [50, 60] (45, 65]
K (0.4, 0.8] [0.3, 0.9]
Payload (Kg) [0, 6] [0, 7]
Center of Mass (cm) [-0.15, 0.15] [-0.18, 0.18]
Motor Strength [0.90, 1.10] [0.88, 1.22]
Re-sample Probability 0.004 0.01

TABLE I: Ranges of the environmental parameters.



Quantitative: Simulation Results

| M3 E (%) TTF EiA: HSMYE
Expert (e AMZ, AbsH 76.2 0.86 5.23 0
RMA (A k) 73.5 0.85 5.22 0
Robust (=M 2l 2HE 3} 62.4 0.80 4.62 0
SysID (e &H =) 56.5 0.74 4.82 0
RMA w/o Mg 2& 52.1 0.75 4.72 0
AWR (MMA &) 41.7 0.65 417 40k

MLE!

Q8 HEoh £H5H Eot
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ol

ZHRf HE| =X (RMA)O| 2| mheto|e &H FH(SysID)ECct 5 — Ao

Success (%) TTF Reward Distance (m) Samples Torque Smoothness Ground Impact

Robust [52, 40] 62.4 0.80 4.62 1.13 0 527.59 122.50 4.20
SysID {57] 56.5 0.74 4.82 1.17 0 565.85 149.75 4.03
AWR [41] 41.7 0.65 4.17 0.95 40k 599.71 162.60 4.02
RMA w/o Adapt 52.1 0.75 4.72 1.15 0 524.18 106.25 4.55
RMA 7335 0.85 5.22 1.34 0 500.00 92.85 4.27

Expert 76.2 0.86 5.23 1.35 0 485.07 85.56 3.90
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Quantitative: Real—world Results
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Real-world: Indoor Tasks & Payload

Success TTF | Distance Success
Uneven Foarg RMA 80 0.9 0.9 RMA 100
VIR RMA w/o RMA w/o
Adapt 0 0.1 0.1 Adapt 0
Al 20 0.36 0.36 Al 60
RMA 100 1 1 RMA 100
 RMA WO RVA w/o
| [ adapt 20 1 0.6 Adapt 40
Al 100 1 1 Al 80
Mattress RMA 100 1 1 RMA 60
RMA w/o ¢  RMAw/o
Adapt | °© L 025 B [ Adapt | ©
A1 100 1 1 A1 20
Payload 1 1
Analysis 8
~ E 05 S 05
K2l
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Qualitative: A1 Controller vs RMA

A1 controller




Performance vs Environment Difficulty
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Analysis — Slippery Surface
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Sudden Payload

Analysis

Recovered Gait

Adaptation

Time (s)

Default Gait

(WN) enbiol eauy oNfeA 2z ‘2z

28



Analysis:

7z Encodes the Environment
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Conclusion



Conclusion
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* https://voutu.be/nBy1piJral A?si=DzJ76ZXW1QPMYOT5
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https://youtu.be/nBy1piJrq1A?si=DzJ76ZXW1QPMY0T5

