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e (Classical model-based control.

e Should know the layout of obstacles in advance.
e (Can not generalize to different layout.

N



Human Parkour

e [everage egocentric vision information
e Develop a eye-muscle coordination

e (an self-adjust to different terrains



Vision Locomotion

Miki et.al “Learning robust perceptive locomotion for Agarwal et.al “Vision Locomotion using Egocentric
quadrupedal robots in the wild” Science Robotics 2022 Vision” CoRL 2022
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Could we learn a single vision-based policy for agile parkour?



Challenges

Vision Locomotion: 12 Joints
. . . Max torque: 33.5NM Intel RealSense D435i
e The action Is noisy and laggy.

e The camera has artifacts, latency and jitter.

Agile Parkour:
e Extreme motion needs precise control.

. . . Onboard Computation: Less than 10k USD
e The heading should be adjusted by robot itself. Jetson NX

e Walking In different styles is still under exploration.



Rudin et.al "ANYmal Parkour: Learning Agile
Navigation for Quadrupedal Robots” 2023

Task-specific policies.

A high-level navigation module to select skill.

Rely on elevation maps reconstructed by 6 depth sensors.
2x its height and 1.5x its length.




Robot Parkour Learning

. @ziwenzhuang_leo

@zipengfu
Complex curriculum (3 stages). il

Individual locomotion policies then distilled into one vision policy.
Simplified obstacle abstractions as privileged visual information.
1.5x its height and 1.5x its length.
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Phase 1 - Reinforcement Learning from Scandots
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Regularized Online Adaption (ROA)
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Phase 1 - Reinforcement Learning from Scandots




Rewards

e Velocity Tracking Reward: Encourage to track commanded linear velocity

,Ucmd L ,Ucmd —

) - L cmd Agarwal et.al “Vision Locomotion
Ftracking = Yz T iEI w Wz

< using Egocentric Vision” CoRL 2022




Unified Rewards

e Velocity Tracking Reward: Encourage to track heading

A

Ftracking = min({v,dy,), Vemd) where d,, = HE is the next target direction.




Unified Rewards

e Velocity Tracking Reward: Encourage to track heading

Ytracking = min((v, dw>, chd) where d,, = III;:;((H IS the next target direction.

e Clearance Reward: Penalize dangerous footprints

4
Velearance — — Z o -M[p,-] where M is a boolean function which is 1 iff the point
1=0 Pi lies within 5cm of an edge.

e Stylized Reward: Encourage handstand walk

A N 2 . . . . .
Fstylized — W - [0.5 - (V #wd, €) —|—O.5] where W is sampled randomly in {0, 1} in training and
controlled via joystick in deployments.

¢ = 10,0, —l]T when do a handstand.
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ergent Behavior: Feet Adjustment before Jump




Long Jump without Clearance Reward
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Generalize to cc




Without direction distillation

Control via Joystick
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Consecutlﬂ}e Jumps






http://extreme-parkour.github.io

Ouantitative Results
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Conclusions

A novel dual distillation method for distilling both agile motor commands and
rapidly fluctuating heading directions from depth images.

A simple yet effective inner-product reward design principle for general robot base
motion acquisition.

A new landmark in learning-driven parkour with extreme behaviors. (High jumps
that are 2x the height of the robot, long jumps that are 2x the length of the robot,
handstand, and jumping over titled ramps.

Less than 20h training on a single RTX 3090.



Future Works

e Tightly couple perception,locomotion and local navigation for other applications,
e.g. obstacle avoidance.

e Attach an arm on the body to do locomotion and manipulation simultaneously
Instructed a vision-language-action model.
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