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Tutorial on Predictive Control for Systems With Model Uncertainty

Using Gaussian Process Regression
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'Department of Automotive Engineering, Hanyang University

Abstract: This study presents a method to improve control performance in complex dynamic systems by integrating Gaussian processes
(GP) and model predictive control (MPC). GP enables learning from nonlinear systems without explicit models, while MPC can
integrate the learned models to generate optimal control policies. Approximation techniques such as sparse GP, which focus on
computational efficiency, are introduced to address the high computational load of GP. Furthermore, experimental and comparative
analyses consistently show that GP-based MPC surpasses traditional nominal model-based methods in controlling nonlinear systems,
especially in terms of tracking accuracy, robustness to uncertainties, and effective handling of unmodeled dynamics. This article
highlights the theoretical background, computational considerations, and practical applications of GP-MPC, providing a foundation
for exploration of learning-based control systems.

Keywords: gaussian process regression, model predictive control, learning-based control, model uncertainty

L A2 BRSSP g o4 WlE Agam, olE B

R o3 ACIMPORE AZH RAlS B8 54 A o oont IRl SRS e annes A
ot wjgle] AlsEl AElE oEstm Axe] Ao A Atk 3 stochastic MPC= AR E3MAAS 54
© = ©° xAEFo ool BEhal
A9 B Al vl AUE Adsieke Aol g o WS IO BHE aAused was whd
om, A 383 A7k Bus ARHI = Welrlry, o) AT ANHS G o] WRE AAT S
53], MPCE ofe] he] et FEe BAC) OE A qlo]  FE WS 5ok, ol SHA4S WIdste] 4]
Bakg Aza Aolol felshn, sk B Aol a0 UHS SEWT oS Sef teolmu fsiel Ealshe
Ak Bppo A|El Aaw= 27 2o FME HAAQ AlolE BAT S Stk Chance-
Ao} APt IS AFsRe T Alo] Mo g constmined MPCE Alwle) ey 57 Ao S nia
W gl SES WYHES Aol AAsHs Pielts) oled

Ak MPCE Al2E] mElS sjulo g ulgje] A]E) A2 =9 o= AlxEle] Rt dElE
A4S a5 mhie] muo] RRTY A Ao] gl FAR T AwH mokrh
AstEs B 7He, PAEE mhz A7)zt A g, MpCel ARE FEE ARl fls Al
2 A4S, AyE A=E B dSe] JInEk Ao glEe] AHsh gAY T4 54 B8 FHHoR sl
EEE T, ol Alzdle) gy B Fag AR olo] & el AR 9E So] QP (Quadraic Programming)
A S vk EE, MPCE 7 AEY Wbk AMet BAS BAIS] SAS o839 1 Fult 1t K o] A
sigslor shme ARk RehE Qg AARE Aok Bed  sw Arkers)
T = AR A g ol g gtk Aol olel @ MPCe] BE P YML)T B

Ak 4 Wz Mpee] olel@ WS aEal] gal sk Juk Alo] wie] 8w A7H L ULk MLE MPC
kel AeRie] A=Ak Tube-based stochastic MPC= Aol FEAlelA A28 2Rl Shsg, Ak B8 A, A ks
Negle] BRAAS Fr gE gAsel, A4 AxElel A, oA BH 4§ Fo YW 4§18 5 9
of FH uUelN BAEES Aojgoma wule] ool (gl HEE W HASVME FE3te] MPC mHe]
W WA AsATp) 5 e ARE FHem  gshest 4%g kol W BT (1014 e

* Corresponding Author

Manuscript received November 2, 2024; revised December 4, 2024; accepted January 11, 2025
A A st v)RlExa-st s A (hyo05122@hanyang.ackr, ORC 0009-0009-5775-0252)
=8 ghogha vl rlExla-at o) & A(suyongpark@hanyang.ackr, ORC 0009-0009-5281-7665)

e

73
s

Copyright© ICROS 2025

A shekelnl v giRlsAlgeky) H a9 (kyoungsh@hanyang.ackr, ORC 0000-0002-4986-2053)

AT AN EANEAN] feon duATAke] 98 wol T2 (No, NRF-2021RICICI003464).


https://crossmark.crossref.org/dialog/?doi=&domain=https://jicrs.icros.org/&uri_scheme=http:&cm_version=v1.5

Tutorial on Predictive Control for Systems With Model Uncertainty Using Gaussian Process Regression 79

MPCe] Alo] 25 i UELANNS &8 Alete
AAZE ARt AREE Eole HEHE gt o] e
HAske Ao s Ao EM AN Ao FAE
Vs Btk (1219045 MPCE 3Fel5RL)Y &
gk 71N Alojz]e] okl B ARgele WS theEth
o] HHE MPCE 7IHEo® dlo] ) 9 9 oE &
Sge sk, RL 7S bdsHAl sjdstr] gk
Aotk [13,14]9014= ML& MPC 5‘4*—15} Aol -
ste] ARt HlEo] =2 AA AIREE Fole WS
A3k} K-NN (K-Nearest Neighbor) &7+ HMM (Hidden
Markov Model)¥} 2 ML7|5S &-83}9] active set method
719k A} FA9] RERSIFE o] £ ARES 45

T Aes BHATh
53], wga uaE Azl sehule] 22l 3)
Al pEls Fesle]l MPCe] RE & EAE &
HH o2 Fdsty] g FEgdle e vESA SsvM, 7
FAGE ZRAXSGP) o 7IHES A8 Al F3E
vp Aek [15,16]904 = Al=5e] 43t &9 Ho|H = NN=
speato] A28 mule AWl wPS Fokelelth ML 7]
W < sh<l auto- encoders@r e UESAE 7o R v
g mdo] Z9 gl A JulolEE APHskal B A 5
= Bt [179M e Al=Rle] BldEA ATS LRV
(Linearly Parameter-Varying) 222 U} 7] $13 HA A<
B 7Ike] SVME A8ato] dloly 7|wke] e 7he B
E Poﬂ‘jr g5 7|9k Alo] W FollA] ZReAIRE ZEAA
(GPE Z8ste] Bl ALE /fdeta, /MdE 2as
MPCell #-g-8te] REl &84S 847k GP-based MPC
(GP-MPC)= F&
GPE= 3HEE4
gEstetal, d=
ol 1 4 LﬂE 429} AP sl
9

rlr

ru& L

SEdon wAd : 4
AP oS 0FE Foln Ange] SHINS A,
MpCe] wE AEE BAE Sdshs ] RAH GBS

T = 3UTH19,20]
ohe, iR ElelEnt me AEY SEsh 78w
GPel AE BRI AN ANZE Aol S8l ofegol
ul2t} o]2 s)45t7] 9lal, SOD (Subset of Data), FITC (Fully
Independent Training Conditional), VFE (Variational Free Energy)
S T2 sparse GP 7|HE©S] Aok=Eo] git21-23]. ©]
7THES = F(inducing points)¥HS FAl WA
FHe Akl Ao, wEl Agaheel ARk

[ ol

LT
Moo o

Atole] AHet #HE etk oF B, FITCE &
AX5 HAHsle) 20 S HAslgtozy o Hgus
SA8laL, VFEE WEFES 23] dojg] Hiwel A}

E¥o] BFE Alo]e] 43S 3= AEE evidence lower
bound (ELBO)Z}= HAFFE HUgEFo =M, Gpo| At
849 AP AEEE FAIIcE ' ol 7Y

o O
SolM At 284S FAlshaAM ARl AE=E fAlshs
Q

T T T T T
— Estimated Function (I = 0.5) —Estimated Function (I = 0.8) + Observed Data Points

Output

Confidence Interval

Input

a9 1 MR BE o] HEo tigk TR-AIRE Z2AIS 3
7ok A= 3

Fig. 1. Gaussian process regression with different length-scale
parameters and confidence intervals.
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Fig. 2. RBF kernel function for 2-dimensional input.
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Fig. 4. Nominal model error and GP model prediction with 95%
confidence interval in a bicycle model.
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Fig. 5. Control results comparison between nominal MPC, GP—
MPC and SGP-MPC in a bicycle model.
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Table 1. Computation time comparison in linear system.

mean max std
Nominal MPC 9.3ms 23ms 4.1ms
GP-MPC 661ms 880ms 81lms
SGP-MPC 213ms 318ms 61ms
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Fig. 6. Two-tank system.
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Fig. 7. Nominal model error and GP model prediction with 95%
confidence interval in a two-tank system.
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Fig. 8. Control results comparison between nominal MPC, GP—
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F 2 WA AJRE] AR ARE AIRE Bl

Table 2. Computation time comparison in nonlinear system.

mean max std

Nominal MPC 8ms 11.6ms 0.9ms

GP-MPC 217ms 473ms 77.1ms

SGP-MPC 77Tms 106ms 11.5ms
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