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Real autonomy/intelligence requires grappling with the 

hard-to-model nature of the real world
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What can we do?



How do we enable AI for safety-critical systems?



We develop theoretical foundations and practical methodologies for 
enabling machine learning for safety-critical systems
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state

control input

• Physical modeling is imperfect/difficult

• Real objects have volume, elasticity, heat distortion,...

• Operating condition ≠ designed condition

[https://www.reddit.com/] [https://www.formula1.com/]
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control input
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[https://medium.com/@tuzzer/][https://medium.com/neurosapiens/]
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[https://medium.com/@tuzzer/][https://medium.com/neurosapiens/]

But we need more trustworthy methods for 

safety-critical systems 
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Learning-Based Control
Inherent Control-

Theoretic Guarantee

Interpretable Learning Architecture
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• Challenge: unknown dynamics

• What’s given:

state

control input
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• Challenge: unknown dynamics

• What’s given:

• Goal: learn feedback controller                         to stabilize the system (               )

state

control input

System

Controller
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• Goal: learn feedback controller                         to stabilize the system (               )

System

Controller 𝑥1

𝑥2
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Stability Condition at each 𝑥:

𝑥1

𝑥2

[https://math24.net/]
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Learn Lyapunov & controller

[Chang et. al. NeurIPS ’19] 
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Learn Lyapunov & controller

[Chang et. al. NeurIPS ’19] 

[Zhou et. al. NeurIPS ’22] 
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[Zhou et. al. NeurIPS ’22] 

[Chang et. al. NeurIPS ’19] 
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[Zhou et. al. NeurIPS ’22] 

[Chang et. al. NeurIPS ’19] 

Two Major Problems with This Two-Stage Approach:

1. Does not necessarily learn stabilizable dynamics (∃V, u*?)

2. No guarantee to find valid Lyapunov (infinite loop?)
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Stability Condition:
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Stability Condition:
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Stability Condition:
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Stability Condition:

Lyapunov Stable

 by V, u*
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• Nominal model:

• Origin as equilibrium point

• Lyapunov function:

• Positive definite

• Continuously differentiable

• Controller:

• Actuation limit

46

Smoothed ReLU
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Theorem 1 (informal): Learned controller u* exponentially 

stabilizes learned model f*.
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Theorem 1 (informal): Learned controller u* exponentially 

stabilizes learned model f*.

Theorem 2 (informal): For the true dynamics f, any 

trajectory generated by the learned controller u* reaches a 

small neighborhood of the origin if

1) Data is sampled with sufficient density and

2) The training error is small
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• Stability condition satisfied w/ random initialization
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Neural network is universal function approximator
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Neural network is universal function approximator

How about projected model?
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• General input-dependent affine constraint:

63

Theorem 3 (informal): For any 𝐿𝑝 function 𝑓 with 𝑝 ∈ 1,∞  that satisfies the constraint, there 

exists a deep neural network such that its projected model is arbitrarily close to 𝑓.
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Future Work

• Include control-oriented metric in loss functions

• Extend to finding output-feedback controller for partially observable systems

• Scaling to high-dimensional systems
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