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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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𝜃̂𝜃𝑇𝑇𝑇𝑇 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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Two-stage (TS) estimation paradigm  

TS for controller tuning

Numerical study

Conclusion
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𝐹𝐹𝑦𝑦,𝑓𝑓

𝛿𝛿𝑓𝑓

𝐹𝐹𝑦𝑦,𝑟𝑟

𝒍𝒍𝒇𝒇

𝒍𝒍𝒓𝒓

𝑉𝑉
𝑟𝑟

𝛽𝛽

Objective: Achieve desired yaw-rate 𝑟𝑟
Vehicle dynamics:

𝛽̇𝛽 = −𝑟𝑟 −
𝐶𝐶𝑓𝑓𝛼𝛼𝑓𝑓
𝑀𝑀𝑣𝑣𝑣𝑣𝑣 𝑣𝑣𝑥𝑥

−
𝐶𝐶𝑟𝑟𝛼𝛼𝑟𝑟
𝑀𝑀𝑣𝑣𝑣𝑣𝑣 𝑣𝑣𝑥𝑥

𝑟̇𝑟 = −
𝑙𝑙𝑓𝑓𝐶𝐶𝑓𝑓𝛼𝛼𝑓𝑓
𝐽𝐽𝑧𝑧

+
𝑙𝑙𝑟𝑟𝐶𝐶𝑟𝑟𝛼𝛼𝑟𝑟
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̇𝛼𝛼𝑓𝑓 = −
𝑣𝑣𝑥𝑥
𝑙𝑙𝑟𝑟𝑟𝑟𝑟𝑟,𝑓𝑓

𝛼𝛼𝑓𝑓 − 𝛼𝛼𝑓𝑓𝑘𝑘𝑘𝑘𝑘𝑘 , 𝛼𝛼𝑓𝑓𝑘𝑘𝑘𝑘𝑘𝑘 = −𝛿𝛿𝑓𝑓 + 𝛽𝛽 +
𝐿𝐿𝑓𝑓
𝑣𝑣𝑥𝑥
𝑟𝑟

𝛼̇𝛼𝑟𝑟 = −
𝑣𝑣𝑥𝑥
𝑙𝑙𝑟𝑟𝑟𝑟𝑟𝑟,𝑟𝑟

𝛼𝛼𝑟𝑟 − 𝛼𝛼𝑟𝑟𝑘𝑘𝑘𝑘𝑘𝑘 , 𝛼𝛼𝑟𝑟𝑘𝑘𝑘𝑘𝑘𝑘 = 𝛽𝛽 −
𝐿𝐿𝑟𝑟
𝑣𝑣𝑥𝑥
𝑟𝑟

𝑧̇𝑧 = −𝜔𝜔𝑛𝑛2 𝛿𝛿𝑓𝑓 + 𝜔𝜔𝑛𝑛2𝛿𝛿𝑓𝑓𝑐𝑐𝑐𝑐𝑐𝑐

𝛿̇𝛿𝑓𝑓 = 𝑧𝑧 − 2 𝜉𝜉𝜔𝜔𝑛𝑛𝛿𝛿𝑓𝑓

state: 𝒙𝒙 = 𝛽𝛽, 𝑟𝑟,𝛼𝛼𝑓𝑓,𝛼𝛼𝑟𝑟, 𝑧𝑧, 𝛿𝛿𝑓𝑓
𝑇𝑇

input 𝑢𝑢 = 𝛿𝛿𝑓𝑓𝑐𝑐𝑐𝑐𝑐𝑐

output 𝑦𝑦 = 𝑟𝑟

𝑴𝑴𝒗𝒗𝒗𝒗𝒗𝒗 [𝒌𝒌𝒌𝒌] 𝑱𝑱𝒛𝒛 [𝒌𝒌𝒌𝒌𝒎𝒎𝟐𝟐] 𝒍𝒍𝒇𝒇 [𝒎𝒎] 𝒍𝒍𝒓𝒓 [𝒎𝒎] 𝑪𝑪𝒇𝒇 [𝑵𝑵 𝑪𝑪𝒓𝒓 𝑵𝑵/𝒓𝒓𝒓𝒓𝒓𝒓 𝑻𝑻𝒔𝒔 [𝒔𝒔] 𝝎𝝎𝒏𝒏 [𝒓𝒓𝒓𝒓𝒓𝒓/𝒔𝒔] 𝝃𝝃

1895 2400 1.18 1.53 1.24 ⋅ 105 1.66 ⋅ 105 0.01 2𝜋𝜋 . 5 0.9
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Uncertain parameters 𝑀𝑀𝑣𝑣𝑣𝑣𝑣 = 𝑀𝑀0 + 𝑀𝑀𝛿𝛿
𝐶𝐶𝑓𝑓,𝑟𝑟 = 𝐶𝐶𝑓𝑓,𝑟𝑟

𝑛𝑛𝑛𝑛𝑛𝑛 𝜇𝜇𝑠𝑠
𝑀𝑀𝛿𝛿 ∈ 0,300
𝜇𝜇𝑠𝑠 ∈ [0.3,1.1]

7
1. T. Hiraoka et al, “Model-following sliding mode control for active four-wheel steering vehicle,” Review of Automotive Engineering, 2004.
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suffices for our purposes. We design it 
via loop shaping, such as to guarantee 
phase margin 𝜙𝜙𝑚𝑚 ≥ 60° and cutting 

frequency 𝜔𝜔𝑐𝑐 ≥ 1.5 𝐻𝐻𝐻𝐻.

8

Control design



𝛿𝛿𝑓𝑓,𝑘𝑘 𝑟𝑟𝑘𝑘𝐶𝐶(𝑧𝑧,𝜙𝜙) 𝑀𝑀(𝑧𝑧, 𝜃𝜃)Reference 
generator

𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟,𝑘𝑘
𝛿𝛿𝑟𝑟𝑟𝑟𝑟𝑟,𝑘𝑘

A Proportional-Integral controller 
suffices for our purposes. We design it 
via loop shaping, such as to guarantee 
phase margin 𝜙𝜙𝑚𝑚 ≥ 60° and cutting 

frequency 𝜔𝜔𝑐𝑐 ≥ 1.5 𝐻𝐻𝐻𝐻.

8

Control design

Train and test data:

𝑚𝑚 = 1500,𝑁𝑁 = 10000,𝑇𝑇𝑠𝑠 = 0.01 𝑠𝑠

𝛿𝛿𝑓𝑓,𝑘𝑘 - PRBS 
𝑟𝑟𝑘𝑘 - Perturbed with Gaussian white noise
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Results
𝑇𝑇𝑖𝑖 regression performance

XGBoost FF-NN

𝑟𝑟𝑟𝑟𝑟𝑟 % 𝜈𝜈, 𝜈̂𝜈 =
1
𝑁𝑁𝑠𝑠
�
𝑖𝑖=1

𝑁𝑁𝑠𝑠

100𝜈𝜈𝑖𝑖−�𝜈𝜈𝑖𝑖𝜈𝜈𝑖𝑖

2
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Results
𝑘𝑘𝑝𝑝 regression performance

XGBoost FF-NN

𝑟𝑟𝑟𝑟𝑟𝑟 % 𝜈𝜈, 𝜈̂𝜈 =
1
𝑁𝑁𝑠𝑠
�
𝑖𝑖=1

𝑁𝑁𝑠𝑠

100𝜈𝜈𝑖𝑖−�𝜈𝜈𝑖𝑖𝜈𝜈𝑖𝑖

2



Method 𝝋𝝋𝒎𝒎[𝒅𝒅𝒅𝒅𝒅𝒅] 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

11

Results
Closed loop performance Computation time analysis
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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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