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Can we simplify the control design?

Force perturbations applied to the torso.
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Can we simplify the control design?

DeepMind

Data

y New policy
U
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Force perturbations applied to the torso.

Design a data efficient model-based reinforcement
learning algorithm for racing

Today’s goal:

I Reinforcement Learning |

-~ MBPO -~ SAC - PPO PETS - STEVE SLBO == convergence

M. Janner, J. Fu, M. Zhang, and S. Levine. "When to trust your model: Model-based policy optimization." arXiv preprint arXiv:1906.08253 (2019).



How to compute control actions?
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Safe Region

» Predicted trajectory given by Prediction Model

» Safe region estimated by the Safe Set
» Predicted cost estimated by



Three key components to learn

Prediction Model
Model-based RL

N

max E[Z h(z, ut)] -+

VeeS =zt = f(z,n(x)) €S Data Efficient Learning!

Safety-critical Control

Safe Set



Problem Formulation

Minimum Time Control Problem

min
T, u

System dynamics
System constraints

Safety constraints

T'| control objective

X0 = Ty, TT = X p| Start & end position

Tp1 = fl@p,uk), Vke€{0,....,.T—1}

T € X, up €U, \V/kE{O,...,T—l}




Key Assumption

We are given a first feasible trajectory and/or controller
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Learning Model Predictive Controller

At time ¢ of iteration j solve the following Constrained Finite Time Optimal
Control Problem (CFTOCP)
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Learning Model Predictive Controller
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Learning Model Predictive Controller

At time ¢ of iteration j solve the following Constrained Finite Time Optimal
Control Problem (CFTOCP)

t+N—1
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Learning Model Predictive Controller

At time ¢ of iteration j solve the following Constrained Finite Time Optimal
Control Problem (CFTOCP)
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Safe Set Local Approximations
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Safe Set Local Approximations

Historical data

\:



Safe Set Local Approximations

Historical data

\ T
Local convex safe set approximation:

CS/(x) = conv( U exc(a) xi)



Learning Model Predictive Controller

At time ¢ of iteration j solve the following Constrained Finite Time Optimal
Control Problem (CFTOCP)

t+N—1
LMPC,j, j\ : ' ' i—1/ j
Jt—)t—l—NJ (Q?‘Z) T j m}jn Z h(x?ﬂtau?ﬂt) + V] (xi+N|tax)
Uipgo oW N1t k=t
S.t.
' J J
Ty, 1y = Az k|t + Bk;|t k;|t + Oy
J _ ]
t\t Lt
W c X, “klt cU,vkelt,--- ,t+ N —1]
1
Ty, N € CS'™(2),
b\
Safe Set

where © = g(Previous Optimal Trajectory)



Learning Model Predictive Controller
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Value Function Local Approximations

Historical data

\ T
Local convex safe set approximation:

CS/(x) = conv( U exc(a) xi)



Value Function Local Approximations

Historical data

XE\\\

Cost-To-Go

YHER Zh Tt ub)

\ T
Local convex safe set approximation:

CS/(x) = conv( U exc(a) xi)



Value Function Local Approximations

Historical data

%\

Cost—To—Go

YHER Z h(zh, ut)
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Local value function approximation:
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Learning Model Predictive Controller

At time ¢ of iteration j solve the following Constrained Finite Time Optimal
Control Problem (CFTOCP)
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U. Rosolia, and F. Borrelli. "Learning how to autonomously race a car: a predictive control approach." IEEE Transactions on Control Systems Technology 28, no. 6 (2019): 2713-2719.



Learning Model Predictive Controller

At time ¢ of iteration j solve the following Constrained Finite Time Optimal
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Learning Model Predictive Controller full-size

vehicle experiments

Credits: Siddharth Nair, Nitin Kapania and Ugo Rosolia
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Lap Time
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Learning Model Predictive Controller full-size

vehicle experiments

Credits: Siddharth Nair, Nitin Kapania and Ugo Rosolia




Velocity Profile at Convergence (Curve 1)
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Velocity Profile at Convergence (Chicane)
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The key components

» Predicted trajectory given by prediction model
» Predicted cost estimated by
» Safe region estimated by the safe set

Prediction Model
Model-based RL

max E[ih(xt,ut)] -+

Ve €S =zt = f(z,n(z)) €S Data Efficient Learning!

Safety-critical Control

Safe Set



What is next?



What is next?

Human-Machine Interaction




Planning Under Uncertainty

. I. Batkovic Dr. Y. Chen
Highway example

Controlled vehicle

Human vehicle
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Planning Under Uncertainty

: S . . Batkovic  Dr.Y.Ch
nghway example: optimizing over policies! atkovic r. Y. Chen

Controlled vehicle

Human vehicle

@ Discrete partially observable state e € £ = {1,...,|£|}
@ Discrete observation o € O = {1,...,|0|}

® Observable states z € R"

Mixed-Continuous and Mixed-Observable
Markov Decision Process

I. Batkovic, U. Rosolia, M. Zanon, and P. Falcone. "A Robust Scenario MPC Approach for Uncertain Multi-modal Obstacles." IEEE Control Systems Letters 5, no. 3 (2020): 947-952.
P. OM Scokaert, and D. Q. Mayne. "Min-max feedback model predictive control for constrained linear systems." IEEE Transactions on Automatic control 43, no. 8 (1998): 1136-1142.



Planning Under Uncertainty: Highway driving

Optimizing over
open-loop actions

Optimizing over
closed-loop policies

Py -——
-




Code available online

& urosolia/RacingLMPC

<> Code () Issues 4 11 Pull requests 1

¥ master ~ $ 7 branches ©1tag

x urosolia adding mpc

| src adding mpc

N :
.gitignore remove .idea

[™ README.md update README

= README.md

for autonomous racing

learns from experience how to drive faster.

Lap: 31

() Actions

Go to file

@ Unwatch ~ 12

[T Projects [ wiki

b49c5e on Oct1,2020 & 118 commits

8 months ago
8 months ago

8 months ago

4

Learning Model Predictive Control (LMPC)

The Learning Model Predictive Control (LMPC) is a data-driven control framework
developed at UCB in the MPC lab. In this example, we implemented the LMPC for the
autonomous racing problem. The controller drives several laps on race track and it

~e- Predicted Trajectory

1

2 3

¢ Star 151 % Fork 43
) Security
About el

Implementation of the
Learning Model Predictive
Controller for autonomous
racing

[ Readme

Releases

© 11tags

Create a new release

Packages

No packages published
Publish your first package
Contributors 3

1 urosolia Ugo Rosolia
" sarahxdean Sarah Dean

junzengx14 Jun Zeng

Languages

® Python 100.0%

Thanks! Questions?

Course material online

3/30
4/01
4/06
4/08
4/13
4[15

Advanced Topics in Machine Learning ¢,...01
CS 159 - Caltech - Spring 2021

Lecture schedule
# Date Subject
0 3/30 Introduction

Topic 1—RL & Control
Discrete MDPs

Optimal Control

Model Predictive Control
Learning MPC

Model Learning in MPC

Planning Under Uncertainty and Project
Ideas

Learning

Predictive control & model-based reinforcement learning

Resources

pdf / vid

pdf / vid
pdf / vid
pdf / vid
pdf / vid / supp
pdf / vid
pdf / vid




Backup slides



Planning Under Uncertainty

: S . . Batkovic  Dr.Y.Ch
nghway example: optimizing over policies! atkovic r. Y. Chen

@ Discpgippartiatlic|ebservable state e € £ = {1,...,|&|}
@ Discrete observation o € O ={1,...,|0|}

@ Observable states z € R™

@ Observation model Z(o,e,x) = P(ole, x)

@ Decision taken based on the belief b = P(e|History)

I. Batkovic, U. Rosolia, M. Zanon, and P. Falcone. "A Robust Scenario MPC Approach for Uncertain Multi-modal Obstacles." IEEE Control Systems Letters 5, no. 3 (2020): 947-952.
P. OM Scokaert,, and D. Q. Mayne. "Min-max feedback model predictive control for constrained linear systems." IEEE Transactions on Automatic control 43, no. 8 (1998): 1136-1142.



Planning Under Uncertainty: Goal Exploration

Belif: G1 = 0.5, G2 = 0.5

Dr. Y. Chen
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Planning Under Uncertainty: Goal Exploration

Belif: G1 = 0.5, G2 = 0.5 Dr. Y. Chen
0.100 A m x(t) ®
® Goall
0.07517 e Goal2

/ Observation Model \

—#x— Predicted Trajectory

0.050 A
Belief: G1=0.8, G2=0.2
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- J

0.025 =
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00 0 1 o1 o ™ Branching based on discrete observation o € O = {1,...,|0|}
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Planning Under Uncertainty: Goal Exploration

Belif: G1 = 0.5, G2 = 0.5

0.15
- x(t)
® Goall
0104 @ Goal2 o

—+— Predicted Trajectory

0.05 4
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—0.10 A
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Planning Under Uncertainty: Goal Exploration

Belif: G1 = 1.0, G2 = 0.0

0.15
- x(t)
® Goall
0101 @ Goal2 o
-+ Predicted Trajectory
0.05 -
< 0.00 4
—-0.05 -
—0.10 - o
-0.15



Multi-Rate Hierarchical Control

High-level Mid-level Low-level
Decision Making Trajectory Planning Actuator Control
o4 right > .- >
left « /
w 5
@ | Mmeasure
Abstraction with partial observations Discrete time linear dynamics Continuous time nonlinear system

Continuous Time

The mission objective is to find the science sample given
partial environment observations

DCICNCE - e ] = L
\

sample Mk W / o Unc;ertam ‘
Region

Goal State

Frequency 1/T Hz

Known Obstacles

Known

Uncertain Regi : a - !
ncertain Region y Obstacles

Pl I/;‘.
Unc.ertam ; ‘Q\: | ¥
Region =

L o R
Uncertain Nonlinear system - &

Moving Obstacle & Region 4 e f(z) + b(z)u N

U. Rosolia, and A. D. Ames, “Multi-rate control design leveraging control barrier functions and model predictive control policies”. IEEE Control Systems Letters, (2020)
U. Rosolia, A. Singletary, and A. D. Ames. "Unified Multi-Rate Control: from Low Level Actuation to High Level Planning." arXiv preprint arXiv:2012.06558 (2020).



System ID in Autonomous Racing

» Nonlinear Dynamical System,

i
w. — %(Q(Fylﬂ) — b(Fyz,.:a) T C(_Fl‘l,?, T FZL’2,4)
X =acosyy—ysiny, Y =xsiny + ycosy



System ID in Autonomous Racing

» Nonlinear Dynamical System,

i
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System ID in Autonomous Racing

» Nonlinear Dynamical System,

5

_th T % Ez Fyi
- I_ly(a(Fyl,z) — b<Fy2’,3) + C(_ r1,3 T F5’52a4)

y
v
X

T COS w — y'sin w, Y = xsin w ~+ y COS w Kinematic Equations

» |dentifying the Dynamical System

J _
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RO

Linearized Kinematics
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Linearized Kinematics
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Linearized Kinematics 1
Linearized Kinematics

Linearized Kinematics

Linearization around predicted trajectory



System ID in Autonomous Racing

» Nonlinear Dynamical System,

5

:_i’w+%2iFyi

I_ly(a(Fylﬁ) o b<Fy2,.3) + C(_ x1,3 T F£U2,4)

Dynamic Equations

y
v
X

— T COS w — y Sin w, Y = T SIn w — y COS w Kinematic Equations

» |dentifying the Dynamical System

J _
Loyt =

Tyt
Yk+1]t
Vkt1)t
Xit1)t

RO

Linearized Kinematics
Linearized Kinematics

Linearized Kinematics

X u?{ It
k|t Linearized Kinematics 1

Linearized Kinematics
Linearized Kinematics

Linearization around predicted trajectory



System ID in Autonomous Racing

» Nonlinear Dynamical System,

s 0. 1 1

gj — —gmp 1 % Ez Fyi Dynamic Equations
. .

Qb. — 'f:(a(FZh@) o b<Fy2,.3) T C(_ 1,3 T FSB2,4>

X — x C()Sw — ySiIl w, Y — QC SiIl w —|— y CcOS w Kinematic Equations

» |dentifying the Dynamical System

Local Linear Regression

_ ; _ Ty ;
i ] [ | agmin K, —a)lAy ud, | — gl ¥y € (6.9.9)
Ye+1)t %8 1
) = ¥ = = . : —| )+ | : : : [u?‘”]
k+1]t Vi1t Linearized Kinematics|| ~ kIt Linearized Kinematics 1
Xit1)t Linearized Kinematics Linearized Kinematics
RO Linearized Kinematics Linearized Kinematics

Linearization around predicted trajectory



System ldentification — Design Steps

ldentifying the Dynamical System

Local Linear Regression

z,
[ - » . . . t . .e -
L1t argmin Y K (x, — «0)l[Ay |, | —yall, ¥y € {2,9,9}
Yee+1|t 6,8 1
: ) J
) = ¥ = xl., + : . : Ykt
kt1]t Vi1t Linearized Kinematics|| ~ k[t Linearized Kinematics 1
Xit1)t Linearized Kinematics Linearized Kinematics
Yit1pe Linearized Kinematics Linearized Kinematics

Linearization around predicted trajectory

Implementation Details




System ldentification — Design Steps

ldentifying the Dynamical System

Local Linear Regression

- i _ | | Ly . |-
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kt1]t Vi1t Linearized Kinematics|| ~ k[t Linearized Kinematics 1
Xit1)t Linearized Kinematics Linearized Kinematics
RO Linearized Kinematics Linearized Kinematics

Linearization around predicted trajectory

Implementation Details

» Compute trajectory to linearize around from previous optimal inputs and stored data




System ldentification — Design Steps

ldentifying the Dynamical System

Local Linear Regression

- i _ | | Ly . |-
a.:k+1|t argminZK(xfclt —z2)||Ay uilt — Vsl Vy € {2, 9,9}
Y411t %S 1
) = ¥ = = . : —| 2+ | : : : [uit]
kt1]t Vi1t Linearized Kinematics|| ~ k[t Linearized Kinematics 1
Xit1)t Linearized Kinematics Linearized Kinematics
RO Linearized Kinematics Linearized Kinematics

Linearization around predicted trajectory

Implementation Details

» Compute trajectory to linearize around from previous optimal inputs and stored data

» Enforce model-based sparsity in local linear regression




System ldentification — Design Steps

ldentifying the Dynamical System

Local Linear Regression

77
- . - - : . klt . . -
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Xit1)t Linearized Kinematics Linearized Kinematics
Yit1pe Linearized Kinematics Linearized Kinematics

Linearization around predicted trajectory

Implementation Details

» Compute trajectory to linearize around from previous optimal inputs and stored data
» Enforce model-based sparsity in local linear regression

» Perform local linear regression at the linearization points using a subset of the stored data




System ldentification — Design Steps

ldentifying the Dynamical System

Local Linear Regression

- i _ | | Ly . |-
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kt1]t Vi1t Linearized Kinematics|| ~ k[t Linearized Kinematics 1
Xit1)t Linearized Kinematics Linearized Kinematics
RO Linearized Kinematics Linearized Kinematics

Linearization around predicted trajectory

Implementation Details

» Compute trajectory to linearize around from previous optimal inputs and stored data

» Enforce model-based sparsity in local linear regression

» Perform local linear regression at the linearization points using a subset of the stored data
>

Use kernel K() to weight differently data as a function of distance to the linearization trajectory




Problem Formulation

Minimum Time Control Problem

min
T, u

System dynamics
System constraints

Safety constraints

T'| control objective

X0 = Ty, TT = X p| Start & end position

Tp1 = fl@p,uk), Vke€{0,....,.T—1}

T € X, up €U, VkE{O,...,T—l}




Problem Formulation: Assumption 1

Minimum Time Control Problem

min
T, u

System dynamics
System constraints

Safety constraints

T'| control objective

X0 = Ty, TT = X p| Start & end position

Tp1 = fl@p,uk), Vke€{0,....,.T—1}

T € X, up €U, VkE{O,...,T—l}

_———Position- measured from-the="""
=~ 4 —centerline >

—

jcenter

ine = convex

ws‘traint sets




J(x(t),b(t)) = min 1, S [ Z h(xg, ug,er) b(t)]
TOyee=sy TN -1
k=0
S.L. T4l = Axp + Buy,
ur = m(xg, ..., Tk, Ok, b(t)),
o= 2L},

ur €U,z € X,

Vk € {0,...,N — 1},
(3)



J(x(t),b(t)) = min

u

S.L.

N—1
S: >, L'vzk[e]h(mzk,uzk,e)

k=0 Okeok ecf
Ok . M~Ok—1 ., Ok
Tt = Az T + Bug-,

T, "t = z(t),v5° = b(t),

2 Ok+1 Ok  \.,.0Ok
249k Ok

Yox € OF Yk € {0,...,N — 1},
(8)



