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Motivation 
ller robustness to uncertain parameters

 Control systems often required to operate in 
uncertain/varying conditions;

 Some plant knowledge is usually available. But key 
parameters might change over time;

 This undermines to some extent traditional model-
based approaches, requiring re-tuning of the 
controller.
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�̂�𝜃𝑇𝑇𝑇𝑇 is an estimator functional  

• Need to be tested on a new observation 

Why promising?
• Compression step – helps in dimensionality reduction
• Second stage – A continuous map of compressed samples 

�𝜃𝜃𝑇𝑇𝑇𝑇(𝒖𝒖𝟎𝟎,𝒚𝒚𝑵𝑵
0 ) �𝜃𝜃𝑇𝑇𝑇𝑇(𝒖𝒖𝟎𝟎,𝒚𝒚𝑵𝑵

0 )

How and why?
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𝑚𝑚 = 1500,𝑁𝑁 = 10000,𝑇𝑇𝑠𝑠 = 0.01 𝑠𝑠

𝛿𝛿𝑓𝑓,𝑘𝑘 - PRBS 
𝑟𝑟𝑘𝑘 - Perturbed with Gaussian white noise
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Method 𝝋𝝋𝒎𝒎[𝒓𝒓𝒗𝒗𝒌𝒌] 𝝎𝝎𝒄𝒄

Mean Std. Mean Std. 
GB 59.98 0.2385 1.5 0.0037

TS-FF 59.99 0.1714 1.5 0.0032

TS-GBM 60.01 0.69 1.5 0.0143
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Conclusion
• Designed a meta-learning based controller tuning using TS

• First stage - ARMAX, second stage – Feed-forward neural network and XGBoost

• First stage helps in model reduction, while second stage acts as function approximator

• Improved computation time (at the inference step) with same closed loop 
guarantees as Grey-Box procedure

• GBM – Training and testing are fast compared to FF
• FF- Better accuracy in terms of controller parameters regression performance
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