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The central problem

Black box tire forces models do not generalize

Why autonomous drifting?
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* How to control?

We need to incorporate some physics knowledge in the learning!

What do we know from tire fundamentals?

Informally speaking, we want

the learned models to satisfy:

e S-shape characteristic

e Curve inflection points

e Friction limits: The
maximum force is
limited by a given (or
learned) peak force
uF, = img, where fi
encodes any available
knowledge on the

road friction coefficient

Slip angle: a =

Slip ratio: o =

V sin f+tdr

V cos B d: COG to wheel axis distance
Tew =V 7, Wheel radius

14

Total slip: k= /(tana)? + o2
Total force: Fip = \/(Fx)z + (E)?
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Our deep tire models with physics knowledge

Neural ODE-based tire models Neural ExpTanh: A new family of tire models

Key idea: Write the force dynamics as a slip-varying
second order neural ODE

Key idea: Intuit a function that satisfies the
conditions on the second order ODE dynamics

Expert-designed
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Comparison with existing baselines
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The derivative is wrt slip
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