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The Vision: adaptable autonomy in unseen environments
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Adapting robots to new conditions at runtime

Problem: how can we adapt to different terrains?
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Adaptation and transfer for robotics
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Mapping Navigation Semantic Segmentation
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Terrainnet: Visual modeling of complex terrain for
high-speed, off-road navigation.

What’s missing?

an adaptive model of how the robot drives on different terrains
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How can we identify a dynamics model at runtime using limited data?

Given:
* historical trajectories on varying terrains
* asmallamount of online data

Goal: estimate dynamics x(t) = f" (x(t), u(t), t)

x(8) = x(0) + f (), s

Compute
Cost

k, kK,
x(t) = x(0) + ZZ}W" (x(7),u(r),t16;)dr

Jj=1j=1




Learning a space of terrain-induced dynamics for online adaptation
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Breaking function encoders down: offline training, online inference

Offline Training Online Inference

learn the basis functions compute the coefficients o

least squares
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fnew(x) = Z ajgj(x | Hj)

J=1
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mean absolute error

Function encoders adapt to varying terrains
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Function encoders improve downstream control performance

Accurate models are critical for safe control

neural ODE function encoder (ours)

successfully
completed objective

obstacle collisions
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Given:

* function encoder model
trained on various terrains

~ Objective:

* reach goal on new, unseen
terrain (low friction)

Using: -

* seconds of online data (~10s) l ‘
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learned model extrapolates to new terrains and successfully
completes the objective while avoiding obstacles




Real-time adaptation using recursive least squares

From zero to autonomy in seconds.

pavement ice

terrain change
recursive LS
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learned model
fun Cti on next state
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* we only need to update the coefficients to adapt encoder Xl
 canbeperformed online in real time
* handles changing terrain without retraining update

a,., coefficients
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Future Work: Vision to dynamics

Goal: estimate the robot dynamics from camera images
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