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• Results in an SDP:
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Proposed Algorithm: SDPD

• 𝛿 𝐹 < 𝜂: Stability and linearization guarantee 
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0.75 ≤ 𝑚 ≤ 1.25

0.75 ≤ 𝑙 ≤ 1.25



Experiments

• Domain Randomization vs Min-Max (100 try):
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Summary

• Domain Randomization: model (environment) uncertainty

➢ Less conservative than Min-Max

• Use SDP for DR-LQR:

➢ Efficient for constraint optimization (e.g., stability constraints)

➢ Sample efficient 

• SDPD: Iteratively solve an SDP for the next update 
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Thank you for your attention.



Property

𝛿 𝐹 < 𝜂 = min
𝑗

ҧ𝐴𝑗 𝐹

2
+ Σ𝑗 𝐹

−1
− ҧ𝐴𝑗 𝐹

𝐵𝑗 𝐹

• Proposition 1  (Stability): 
➢ For small enough update, 𝐾 + δ remains stabilizing.  
➢ A sufficient condition is:

• Proposition 2  (linear approximation): 
➢ The covariance change satisfies 𝜎𝑗 𝐹

= 𝒪 𝛿 𝐹 , 
➢ The linear approximation is accurate for small steps.

• In practice: 
➢ choose 𝜂 from the stability bounds. 
➢ Shrink the step if cost does not improve.
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Joint Stabilizing Initial Controller (JSIC)

How to find 𝐾0 stabilizing all sample systems? 

1) Common state covariance constraint
  Σ𝑗 = Σ  for all   𝑗 = 1, … , 𝑀

➔ Can become infeasible

➔ SDP formulation exist

2) 𝐾0 is stabilizing for all sample systems if 𝛼∗ < 1 in:

➔ Use SDPD starting with 𝐾0 = 0, 𝛼𝑗 = 1 + 𝜀 𝜌 𝐴𝑗
2

 

𝛼∗ = arg min
𝛼𝑗, 𝐾0, 𝑃𝑗

𝛼 

𝑠. 𝑡.  𝐴𝑗 + 𝐵𝑗𝐾0 𝑃𝑗 𝐴𝑗 + 𝐵𝑗𝐾0
⊺

≺ 𝛼𝑗𝑃𝑗,    
            𝛼 > 𝛼𝑗,      𝑃𝑗 ≻ 0 ,         𝑗 = 1, … , 𝑀
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