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25 years of Predictive Control Research

Francesco Borrell Disciplined Control Design with
Alberto Bemporad
Manfred Morari Safety Guarantees

Predictive Control

for Linear and Hybrid Systems My, ..o  COSt over T

S.t. uncertain model
constraints

Principles

e Lift and project to enable abstractions at
different level of architecture

 Bound uncertainty to design for robustness

e Use Control Invariants and CLF at end of horizon
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Predictive Control Lab Success — Industrial , Widely Deployed

@ Transportation
@ Energy
@ Advanced Robotics

Solar Power Plans tomous Vehicles Vehicle Powertrain Building HVAC
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Todays Complex Control Problems

« Complex architectures
* Hard to find people with system-level knowledge

 Abstraction at each level is complex

* Pushing the performance boundaries
* Limited computation

e Complex human interaction

Toyota Research Institute
Mar23 . 8minread - @ Listen

Leveraging Envelope Control to Unlock
Capabilities for Future Vehicle Safety Systems

| AL
> : — :
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“Academic Success” in this Context

Complex Problem

Systematic Solution

Provides Guarantees Very Hard

Not Conservative

Generalize

Borrelli (UC Berkeley)
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2012 CPS: Provably Safe Automotive Cyber-Physical
Systems with Humans-in-the-Loop

VEHICLE

= f(r,u)uecl
PREDICTIVE
CONTROL N\
SYSTEM ™
.
Driver Dynamical and Behavioral Model

Kernel
For Provably-Safe
Autonomy
o Rooto;;";ogo’

DATABASE

3D SCENE RECONSTRUCTION
and TIRE SENSOR DATA

ot oK w
AVehicie Camany

OVERVIEW

*‘When to intervene to obtain a provably safe closed-loop behavior
*How to enable real-time operations on embedded platforms

*How to quantify uncertainty in the environment using large data sets
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Any Impact? -Yes

By Adam Ang | june 24,2022 | 12:17 am
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Credit: Hyundai Mobis
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Stable QLEUERES

O Toyota Research Institute v O M & o

Mar23 - 8 minread - @ Listen

Leveraging Envelope Control to Unlock
Capabilities for Future Vehicle Safety Systems

TRI's Approach to Shared Control and Autonomy

By: Dr. Carrie Bobier-Tiu, Dr. Sarah Koehler

In comparison to peers, Toyota Research Institute (TRI) has a unique perspective
on autonomous vehicles. One of the many reasons we were both drawn to
working at TRI was the focus on applications of new technologies, particularly
those being developed for autonomy, to continually improve driver safety. This
focus on driver safety and autonomy has led to Toyota’s Guardian and Chauffeur

concepts.
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Any Impact? - No

* Revolutionize how controllers were designed
* Provide System Guarantees
* Safety Centric architecture

VEHICLE

3D SCENE RECONSTRUCTION
and TIRE SENSOR DATA

" < ‘
=
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Model

z(t) = v(t)
0(t) = a(t)
Front Car Model

Constraints

xédsafe
UZO, UV < Umaz
—pg < u < pg
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Example Safe ACC Design

22
Feasible | stat:
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N =0 https://colab.research.google.com/drive/1uao3-
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5
oL = T I I T T T I .
0 20 40 60 80 100

do(m)
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Discussion

* Beautiful disciplined approach Complex Problem
 Beautiful theory with safety guarantees
* Oversimplified abstraction Systematic Solution

Provides Guarantees

enerall

Borrelli (UC Berkeley)
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The brake system
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Discussion

* Beautifully, disciplined approach Complex Problem

 Beautiful theory with safety guarantees
 (Questionable Abstraction

* Conservative (to the point of being useless)

Systematic Solution

Feasible initial states

0ol « po1 IR Provides Guarantees
« u=05 SRR IR
25

20

Vo(m/s)

15

10

enerall

5

0

x x
0 20 40 60 80 100
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Today’s question

Can we use data and communication to bound
the risk of failure in a non-conservative way?
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The Theory of “Disciplined Learning” in Predictive Control.

Learning in Model Predictive Control
Safety and Robustness

Ugo Rosolia, Monimoy Bujarbaruah, Irancesco Borrelli

November 3, 2022

Borrelli (UC Berkeley)
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Outline

@ A success on a simple example
@ A success on a more complex example
@ A complex problem without a systematic solution

Borrelli (UC Berkeley)
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Outline

@ A success on a simple example
@ A success on a more complex example
@ A complex problem without a systematic solution
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Data-driven Constrained LQR
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Infinite Time Constrained LQR

min E . Qx —|—u’Ru>
7o()m (). (kzo G i

s.t xpi1 = Axp + Bug + wi
UL :Wk(xk) clU
rE € X Ywp € W

Complex Problem <> Curse of dimensionality

Borrelli (UC Berkeley)
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Github and Google Colab Solutions

Linear LMPC

This code runs the LMPC from [1] and [2] to solve the following Contratined LQR problem

Jy_ . (rg) = min
0_"0( S) UG U e

s.t.

o
> [llli3 + llul 1]
k=0

i1 = [2) }] T + [[1)] ug, vk =0

T
10

-10
[_]0] S Ly S 10

—1<up <1 Vk>=0.

] Yk =0

The LMPC will improve the closed-loop performance, unitl the closed-loop trajectory converges to a steady state behavior. This
state state closed-loop trajectery is the unique gloabl optimal solution to above control problem, if some the technical conditions

hold. For more details we refer to [1].

—+— Initial feasible trajectory
®  Stored data

—e— LMPC closed-loop

and == Optimal trajectory

20405 —e— |teration Cost

==== Optimal cost
20400
203,95 4
N

203,55

200,50

Iy

2 i 6
Iteration

https://colab.research.google.com/drive/19x7K2iZXDOHKWFs4A7L\W uAOQOIrpT9lJ?usp=sharing
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Constrained LQR

Assumption: A first feasible trajectory at iteration O is given

Ilterative LMPC

80

Starting State

Terminal State M
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Constrained LQR

Assumption: A first feasible trajectory at iteration 0 is given ,
Iteration cost

lterative LMPC . o > h(ad,u)
t

Step O: Set iteration counter j=0 70 /

—>| Step 1: Compute the roll-out cost for the
recorded data up to iteration j

Borrelli (UC Berkeley) 2022-Slide 21



Example I: Constrained LQR

Assumption: A first feasible trajectory at iteration O is given

Ilterative LMPC

Step O: Set iteration counter j=0

Step 1: Compute the roll-out cost for the
recorded data up to iteration j

— | Step 2: Define Q7 which interpolates
linearly the roll-out cost

Step 3: Run MPC in closed-loop at iteration j+1

Step 5: Set iteration counterj = j+1. Goto Step 1

Borrelli (UC Berkeley)
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Constrained LQR

Assumption: A first feasible trajectory at iteration O is given

Ilterative LMPC

Step O: Set iteration counter j=0

Step 1: Compute the roll-out cost for the
recorded data up to iteration j

— | Step 2: Define Q7 which interpolates
linearly the roll-out cost

Step 3: Run MPC in closed-loop at iteration j+1

Step 5: Set iteration counterj = j+1. Goto Step 1
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Example I: Constrained LQR

Assumption: A first feasible trajectory at iteration O is given

Ilterative LMPC

Step O: Set iteration counter j=0 70
Step 1: Compute the roll-out cost for the . ()
recorded data up to iteration j a0 \
. ~— 40
. . J . . .
Step 2: Define (7 which interpolates 2 0. A\ Closed-loop at

linearly the roll-out cost iteration j=1

—>| Step 3: Run MPC in closed-loop at iteration j+1

Step 5: Set iteration counterj = j+1. Goto Step 1

Borrelli (UC Berkeley)
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Constrained LQR

Assumption: A first feasible trajectory at iteration O is given

Ilterative LMPC

[teration cost

Step O: Set iteration counter j=0 70 Z had )
— | Step 1: Compute the roll-out cost for the %0 :
recorded data up to iteration j a0
~— 40 |

Step 2: Define Q7 which interpolates 6’ w0
linearly the roll-out cost

Step 3: Run MPC in closed-loop at iteration j+1 10 <

Step 5: Set iteration counterj = j+1. Goto Step 1

Borrelli (UC Berkeley)
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Constrained LQR

Assumption: A first feasible trajectory at iteration 0 is given

Ilterative LMPC

Step O: Set iteration counter j=0

Step 1: Compute the roll-out cost for the
recorded data up to iteration j

— | Step 2: Define (@’ which interpolates
linearly the roll-out cost

Step 3: Run MPC in closed-loop at iteration j+1

Step 5: Set iteration counterj = j+1. Goto Step 1

Borrelli (UC Berkeley)
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Outline

@ A success on a simple example
@ A success on a more complex example
@ A complex problem without a systematic solution

Borrelli (UC Berkeley)
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Problem Formulation: Multi-modal Collision Avoidance using MPC

____________________________________________________________________________________________

min Deviation of EV trajectory from Reference

s.t.  Given EV’s dynamical model and

l S— .
multi predictions, i \
Satisfy speed, lane and actuation constraints, !

)
Avoid collision with ‘

MPC = First optimal input
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Stochastic MPC Formulations

mm  Optimization over closed-loop sequences
mm  Smooth over-approximation of geometry

t+N—1
min E ‘|

> Uy wwge) + V(Tesne)
k=t

st Tpyape = S2Y (@ wrpe),
TV
Op1(t|0ke ~ fi  (Okt)s
[[P(ggppmm(okﬂm ﬂﬁk+1|t) <0) < e]

(Trs1pe,upe) € X xU

Tt = Lt, Ot = Ot,
Vk=t,.,t+N—-1

Borrelli (UC Berkeley)

== Optimization over closed-loop sequences

= Smooth over-approximation of geometry

t+N—1
min E l Z l(m'klt, Uk|t) + V(xt+N|t)

Lo om0 w1y () k=t

st Tppqp = f;fv(xku,umt),
Ok 11t |Ok |t ~ fkTV(OMt)v
[ P(g:™""" (0411t Ty 1) <0) <€)
Ugje = 7oy, (Tkjt, Okle),

(Tps1pe, uk)e) € X xU

Tt|t = Tt, Ot)t = O,
Vk=t,.,t+N—1

=f= Optimization over closed-loop sequences
== Exact, Smooth Reformulation using Lagrange Duality

t+N—1
1nin E Z gt wr)e) + V(Tepne)

| ORI O] k=t

st. Tpppe = kaV(xk|tauk|t>a
TV
0k+1\t|0k\t ~ fk (0k|t)7
(P(g5"" (O 1jts Trgrye) < 0) < €
Ug|t = Wek‘t(xku, Ok-\t)v

(xk+1|t7uk|t) eXxu

Ti|t = Tt, Ottt = Ot,
Vk=1t,..,t+ N —1




Stochastic MPC Formulations: Unprotected Left Demo in CARLA

mmm  Optimization over open-loop sequences == Optimization over open-loop sequences =f= Optimization over open-loop sequences
= Smooth over-approximation of geometry mm  Smooth over-approximation of geometry == Exact, Smooth Reformulation using Lagrange Duality
t+N—1 t+N—1 t+§1
min E l(l‘kt Up t) +V($t+N t) min E l(mkt Up t) +V([Et+N t) 1o E l(‘rk‘huk“t) +V($t+N|t)
e ; o | | QRN ENO] | kz::t o | | EHOINENEO] k=t
EV __ rEV
st Tpgape = fi (kg Unle), st Tppqp = kaV(xk“,uku), ste Trpape = fio (Trpes Unle)s
TV TV ~ fTV
Ot 1(¢|0k)e ~ fi * (Okft), Ot 11¢|ok)e ~ fi  (0k|e), opt1jeloe ~ fr* (Okpt),
T
[IP(ggppmx(okHIt’ Teap) < 0) < 6] [P(gzppmx(okﬂ‘t’ Tpt1e) < 0) < 6] (P(g" " (Ok 1]t Try 1) < 0) < €
(Zhg1)e, urye) € X xU Up|e = Toy, (Th|t, Okle) Upjt = 7o, (Tk|t: Ok|t)
Ty = Tt, Of)t = O, (Thogpe> ) € X x U (Trp1)es ugpe) € X x U

Vk :t,,t+N— 1 :ct|t = {L’t,OtIt = O¢, fEﬂt = $t70t|t = O¢,
Vk=t, . t+N—1 Vk=1t, ., t+N—1
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The implementation cost of
“disciplined” SMPC

@ Learning Contextu pamm g

@ Learning interactic

@ Optimization over

@ Optimization over

| ) | =
g:; fi r*:( (‘ F. | jlﬁ ,....i A F
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2019 CPS: Safe Learning for Co-Robots
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Experimental Tests

Transport “
Object B

Transport
0.6 Object
Collision-
0.4 Free
E
N 0.2
0.0
Start Goal
-0.2

-0.6 -0.4 -0.2
Y(m)
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Still far from Safe co-Robots CPS!
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Connected and Automated Mobility

Population getting form A->B in safe, timely and energy efficient way
o Distributed learning control architecture
o Time varying and event triggered communication topology
o Cooperation with mixed of local and global objectives

0 = @ B - 0 O

Infrastructure «.. V21/V2C ...» Transportation < V2P eeeee » Users

Mobility Control System

Parking/Charging Arterial Driving Dispatching/Routing

EEEEES ul...ll E .
Tlagiccacicl :
Hlauie . £
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Connected and Automated Mobility
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Final Remarks

e Complex architectures
 Make an effort to collaborate with people with system-level knowledge

* |Impact time scale is longer than we expect/promise
* Do not overpromise and do not give up

 While keeping system-level certification in mind
* Focus on a subsystem and show tangible benefits with non conservative
solution

* Young engineers often not knowledgeable on advanced tools for safe CPS
* Bring relevant theory/ techniques faster to our graduate and
undergraduate programs

Borrelli (UC Berkeley)
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Thanks!
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