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Policy Optimization for Control
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Our Focus: Optimal & Robust Control



Convex LMIs vs Nonconvex Policy Optimization
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Nonconvexity in Policy Optimization

▪



▪

▪ ℋ∞ 

Nonconvexity in Policy Optimization



Benign Nonconvex Landscape



Inspirations of Convex Reformulation
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Direct Convex Reformulation
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Lifting

Diffeomorphism

Extended Convex Lifting (ECL)



Lifting
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Extended Convex Lifting (ECL)
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Extended Convex Lifting (ECL)
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Formal ECL Definition
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A special ECL
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Strict vs. Non-strict Epi-graphs
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Non-degenerate points
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ECL Guarantees
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Global Optimality in Control
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Linear Quadratic Regulator (LQR)
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Linear Quadratic Regulator (LQR)
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State-feedback Robust Control
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❑  Problem setup

Dynamics:

Static policies:

Stability:

Performance:

❑  Building an ECL

Step 1: Lifting



State-feedback Robust Control
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Linear Quadratic Gaussian (LQG)
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Linear Quadratic Gaussian (LQG)
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Degenerate Saddle points
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Structure of stationary points
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Strict saddle points
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a stationary point

❑ Theorem (informal): Under a mild condition, choosing the diagonal stable block     

randomly leads to a strict saddle point with probability 1

The same form

Our idea: a structural perturbation

A strict saddle point 
with the same LQG cost

A high-order 
saddle 

✓ Yang Zheng*, Yue Sun*, Maryam Fazel, and Na Li. "Escaping High-order Saddles in Policy Optimization for 

Linear Quadratic Gaussian (LQG) Control." arXiv preprint arXiv:2204.00912 (2022). *Equal contribution



Perturbed Gradient Descent
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Numerical simulations
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Numerical simulations
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Conclusion
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Nonconvex Policy Optimization for control
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Invertible Map

❑ Policy optimization in control can be nonconvex and non-smooth.

❑ Extended Convex Lifting (ECL) reveals benign nonconvexity.

Local Stationarity
Structural 

Information

Global Optimality 

Certificate

❑ Global Optimality



Ongoing and Future work

46

❑ How to design principled local search algorithms for 

nonconvex and non-smooth policy optimization? 

❑ How to establish convergence conditions and speeds?

❑ How to deal with degenerate points in local policy 

search? Avoiding saddle points with guarantees?

Control 

Theory

Reinforcement 

Learning

(Non)convex 

Optimization



Thank you for your attention!
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