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Racing is not a good fit for Imitation Learning
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Learnlng Enﬂ‘c}End Control For Drone Racmg

Deep Drone Racing: From Simulation to the Real World Using Domain Randontingtiencioet al.
T-RO Best Paper Honorable Mention




A Modular Approach
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Making the comparison as fair as possible

AThe same drone.
ACompensation for human perception latency at the start.

But

AWe use an onboard inertial measurement unit (IMU). But our camera
updates only at 30Hz (120Hz for humans).

AWe have lower latency (40ms vs ~200ms for humans). Unclear if that
matters since the environment is predictable.



Statistics of Racing against Professional Pilots

Head-to-Head Racing Results

Number of Races Best Time-to-Finish Wins Losses Win Ratio

A.Vanover vs. Swift 9 17.956 S 4 5 0.44
T. Bitmatta vs. Swift 7 18.746 5 3 4 0.43
M. Schaepper vs. Swift 9 21.160 S 3 6 0.33

Swift vs Human Pilots 25 17.465 S 15 10 0.60




Differences Human vs. Autonomous
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Al pilot beats human
competitorsinreal-
world championship

Article \ Open access ] Published: 30 August 2023

Champion-level drone racing using deep
reinforcementlearning

Elia Kaufmann E, Leonard Bauersfeld, Antonio Loquercio, Matthias Muller, Vladlen Koltun &

Davide Scaramuzza

Nature 620, 982-987 (2023) \ Cite this article




The Human Champions










My Definition of Embodied Intelligence




How to get there?
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How to get there?
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earning Visual Locomotion with
Cross-Modal Supervision

Loquercio A., Kumar A., Malik J.




Previous Work on VisieBRased Locomotion

LEARNING VISION-GUIDED QUADRUPEDAL LOCO-
MOTION END-TO-END WITH CROSS-MODAL TRANS-

FORMERS
Learning robust perceptive locomotion for quadrupedal
Ruiban Yang" Minghso Zhang' robots in the wild
UC San Dicgo  Tsinghua Universaty

TAKAHIRO Mixi' |, JOONMO LEE |, JEMIN Hwa

MARCO HUTTER

Legged Locomotion in Challenging Terrains
using Egocentric Vision
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Figure 12 Our robot can travense a varnicty of challenging terrain in indoor and outdoor eovironments, urban and
natural semngs during day and night using a sm;lc front-facing depth camera. The robot can traverse curbs,
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RGB Vision




Real World Simulation

RGB Vision
F /‘ /‘f i ‘

Terrain
Properties
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Hwangbo et al., 2019
Lee et al., 2020
Kumar et al., 2020



RGB Vision

How do we train this estimator?
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Proprioception to Estimate Terrain Properties
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CrosdViodal Supervision
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iscrete Terrain
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Visual Plasticity

Before Adaptation After 1min of data




Takeaways

AUse a selsupervised loss (predict one sensor from the other) to recover
from failures and/or adapt to novel conditions.

Alnteraction is a tool to learn about the environment.
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Hearing Hands:
Generating Sounds from Physical Interactions in 3D Scer
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Predicting the sound of actions




Predicting the Sound of Actions

AStep t Pick a location tc
Interact with in a 3D
scene




Predicting the Sound of Actions

AStep 1 Pick a location to R
Interact with in a 3D
scene

AStep 2 Record the
desired hand motion



Predicting the Sound of Actions

AStep 1 Pick a location topse==e
Interact with in a 3D
scene e

AStep 2 Record the
desired hand motion

AStep 3 Generate
synthetic interaction
sound



Predicting the Sound of Actions
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Predlctlng the Sound of Actlons




