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World Championship Qualifiers

Name 3 laps (seconds)

1 aƛƴ/Ƙŀƴ Ψa/YCt±Ω YƛƳ 27.057

2 Yƻƴǎǘŀƴǘƛƴ ΨYƻǎǘŀCt±Ω {ƻƴƴŜƴǘŀƎ28.771

3 [ŜǾƛ Ψ[ŜǾƛŀǘƘŀƴƴΩ WƻƘƴǎƻƴ29.229056

4 {ƛƭŀǎ ΨtǊƻǇǎƛŎƭŜΩ !ŀǊƻƴ29.329408

5 aŀǊǾƛƴ Ψa!w±ψCt±Ω {ŎƘŅǇǇŜǊ29.748

6 aŀǎƻƴ ΨIȅǇŜǊΩ [ƛǾŜƭȅ 29.81888

7 WŀŎƻō ΨWŀƪŜIŀƳƳŜǊΩ /ŀǇƻōǊŜǎ30.010368

8 9Ǿŀƴ ΨƘŜŀŘǎǳǇŦǇǾΩ ¢ǳǊƴŜǊ30.019584

9 !ǎƘǘƻƴ Ψ5ǊƻōƻǘǊŀŎŜǊΩ DŀƳōƭŜ30.400992

10 {Ŝōŀǎǘƛŀƴ Ψ{ŜōŀCt±Ω 9ǎǇƛƴŀƭ30.44

~1s difference

~2s difference
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Racing is not a good fit for Imitation Learning

Neural Networks
Body Rates 

Thrust

Body Rates 
Thrust



Learning End-To-End Control For Drone Racing

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



A Modular Approach
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Training



Simulation Real World
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Making the comparison as fair as possible

ÅThe same drone.

ÅCompensation for human perception latency at the start.

But

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

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



Statistics of Racing against Professional Pilots



Differences Human vs. Autonomous

¢ƘŜ !ǳǘƻƴƻƳƻǳǎ 5ǊƻƴŜ Χ 

Χ ŘƻŜǎ ƴƻǘ ŀƭǿŀȅǎ Ŧƭȅ ŦŀǎǘŜǊ

Χ ƛǎ ŦŀǎǘŜǊ ŀǘ ǘƘŜ ǎǘŀǊǘ

Χ ǘŀƪŜǎ ŀ ǘƛƎƘǘŜǊ ǇŀǘƘ ƛƴ ŘƛŦŦƛŎǳƭǘ ƳŀƴŜǳǾŜǊǎ

Human
Autonomous





The Human Champions
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My Definition of Embodied Intelligence



How to get there?

Åά/ƻƭƭŜŎǘ ŀ ƭƻǘ ƻŦ ǘŜƭŜƻǇŜǊŀǘƛƻƴ Řŀǘŀέ

Å.

Å.

Å.

Å.

Å.

Åά¢ǳƴŜ ŎƻǎǘǎκǊŜǿŀǊŘǎέ



How to get there?

Åά/ƻƭƭŜŎǘ ŀ ƭƻǘ ƻŦ ǘŜƭŜƻǇŜǊŀǘƛƻƴ ŘŀǘŀΦέ

Å.

Å.

Åά[ŜŀǊƴ ǘƻ ǇǊŜŘƛŎǘ ǘƘŜ ǿƻǊƭŘΦέ όŀƪƛƴ ǘƻ ǎŜƭŦ-supervised learning)

Å.

Å.

Åά¢ǳƴŜ ŎƻǎǘǎκǊŜǿŀǊŘǎέ
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Previous Work on Vision-Based Locomotion



Neural Networks Actions
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RGB Vision



RGB Vision

Terrain 
Properties

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

SimulationReal World

Proprio-
ception



1. ²Ŝ ŎŀƴΩǘ ǳǎŜ ŜȄƛǎǘƛƴƎ ŘŀǘŀǎŜǘǎ

2. IǳƳŀƴǎ ŎŀƴΩǘ ǇǊƻǾƛŘŜ ŀƴƴƻǘŀǘƛƻƴǎ
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How do we train this estimator?

Terrain 
Properties

RGB Vision



Proprioception to Estimate Terrain Properties
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Vision

Proprioception



Cross-Modal Supervision
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Blind
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Loquercioet. al,
ICRA, 2023



Vision-Based
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Loquercioet. al,
ICRA, 2023
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Loquercioet. al,
ICRA, 2023
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Loquercioet. al,
ICRA, 2023
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Loquercioet. al,
ICRA, 2023
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Loquercioet. al,
ICRA, 2023
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Loquercioet. al,
ICRA, 2023



Visual Plasticity
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Before Adaptation After 1min of data



Takeaways

ÅUse a self-supervised loss (predict one sensor from the other) to recover 
from failures and/or adapt to novel conditions.

ÅInteraction is a tool to learn about the environment.



Rigid

Rough



Soft

Crumbly



Hearing Hands: 
Generating Sounds from Physical Interactions in 3D Scenes

Yiming Dou Wonseok Oh Yuqing Luo Antonio Loquercio Andrew Owens

Poster #151, Fri 10:30-12:30 
(poster session 1)



Predicting the sound of actions



Predicting the Sound of Actions

ÅStep 1: Pick a location to 
interact with in a 3D 
scene



Predicting the Sound of Actions

ÅStep 1: Pick a location to 
interact with in a 3D 
scene

ÅStep 2: Record the 
desired hand motion 



Predicting the Sound of Actions

ÅStep 1: Pick a location to 
interact with in a 3D 
scene

ÅStep 2: Record the 
desired hand motion

ÅStep 3: Generate 
synthetic interaction 
sound



Predicting the Sound of Actions



Predicting the Sound of Actions


