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Thermal soaring
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How do birds find and navigate thermals?

What quantities should a bird sense? vertical velocities,
temperature, gradients, etc?

How should the bird respond to these cues?

Experiments are hard to control and
strategies are difficult to infer from limited
data

We will instead ask: how does an optimal
agent navigate thermals? and what sensory
information does it use to find them?



Aerodynamics of a gliding bird

Shephard & Lambertucci, 2013
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Control over bank angle and angle of attack



Convective environment in the

atmosphere
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An optimally behaving agent: the
reinforcement learning framework
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Learns empirical statistics and rewards solely through
experience
Model-free

States s — sensory cues + bank angle + angle of attack
Actions a — modify angles
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How do birds measure
these quantities?
Still works in the field?
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Measuring the vertical wind acceleration
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We need to estimate vertical wind @~
velocity - how?
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Measuring the vertical wind velocity

gradients
1-2 meters
change in bank = feedback control +
y aerodynamics + wind gradients
Vv d
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Training the glider in the field
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Can a bird sense vertical wind gradients?
turbulence!
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Future work

Requires development of new theoretical tools to infer
behavior when the true environmental state is unknown -
inverse reinforcement learning

Theory in reinforcement learning



Conclusion

Birds likely use a more complex approach based
on other cues and recent experience

BUT accelerations and torques will be useful for
any other strategy

Future

Inferring thermalling strategies of birds from soaring
data

Requires development of new theoretical tools to infer
behavior when the true environmental state is unknown
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