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Plan for today

AA review of what we have learned In this course
A Potential next steps

A My journey In research
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Review of this course

Dynamic Modeling and Analysis Design Methods for Control
@ Module 1-1: Linear Dynamics Modeling @ Module 2-1: Feedback Control (Pole Placement)
@ Module 1-2: Solving Linear Dynamics @ Module 2-2: Introduction to Optimal Control
(LQR, MPC)
@ Module 1-3: Controllability and Observability @ Module 2-3: Introduction to Stochastic Control
(Kalman Filter)
@ Module 1-4: Realization @ Module 2-4: Introduction to Adaptive Control
(State Space vs Transfer Fun.) (MRAC)
@ Module 1-5: Stability @ Module 2-5: Introduction to Control-Based
Methods in Learning (if time permits)
@ Each topic has a homework @ Sub-module 1-4 have 5 projects
= Midterm
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State Space Representation

X = Ax + Bu
y = Cx + Du

Rudolf Kalman, 1930-2016
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Linearization

Consider the nonlinear system:

x = f(x,u), f: R" xR"™ - R

x € R™ i1s an equilibrium point:

Jacobi, 1804-1851

ucR"st.f(z,u)=0

Define the deviation variables:

0x =X —X,0py=u—UuU=2=0x+Z,u=0,+ 1

o,
A = g\xzx u—ii € R"" B = g\xzx u—ig € R*"*™ —f Is called “Jacobian”
ox ’ ou ’ 0x
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Solutions to Linear Time Invariant State Equations

/

+ — Ar + Bu x(t) = eA(t_tO)ﬂto) + / €A(t_T)B’IL(T)dT

Yy = Cx+ Du = 0 /

CT-LTI y(t) = Ce A1) (¢) + C/ eA=7) Bu(7)dr + Du(t)
to

Dicretization: || A; = ¢4l B, = fOT eATdrB = A1 (Aqg—1)B

k—1
z(k + 1) = Agz(k) + Bgu(k) v (k) = Agz (0) + )  Ag ™ Bau(m)
y(k) = Cxz(k) + Du(k) =3 mjf'_ 1
OT-LTl y (k) = CAkz (0) + Y CAE™ 1By (m) + Du (k)
m=0
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Cayley Hamilton Theorem

Cayley 1821-1895
Hamilton 1805-1865
Given A € R™"*" with characteristic polynomial

AN) =det(A — A) = N+ ap, A" P+ ...+ ag A+ ag. Then,

AA)=A"+ o, A"+ + A +agl=0

That i1s, A satisfies its own characteristic equation.

A" = —a,, (A" —a, oA — ... — a1 A — apl
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Similarity Transformation

A=STAS = A =SAS!

AF — SAS!SAS!...SAS ! = SAFS!

A=MIM"'

Jordan, 1838-1922
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Controllability & Observability

Test controllability using rank(P)
A DT LTI system is controllable < rank(P) = n, where

P = [B:AB:---: A" 1B]

Test observability using rank(Q))
A DT LTI system is observable < rank((Q)) = n, where

C
CA

CA™ Rudolf K&lmén, 1930-2016
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Use Singular Value Decomposition to Check Rank

A=UVi=|w, -+ w - u, 0 Vi e Ve eV,

Jordan, 1838-1922
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Realization

G(s)=C(sI — A 'B+D

X = Ax + Bu
y = Cx + Du

Kalman Decomposition

Top = ApnXry + Beoll Rudolf Kélman, 1930-2016

Yy — Ocoﬂjco + Du
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Stability

Lyapunov 1857-1918
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PID (P1)

PID Control

Minorsky, 1885-1970

=
Process

image Courtesy a Arturo Urquizo
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Pole Placement (P2)

A% + Bu+ L(y — §) %r;/lvester, 1814-1897

~1e
|

u= Kzx y=~Cr+ DKz
-1 = Ax + BKz,y = Cx + Du =& = Ai + BKZ + L(Cx + DK — (C% + DK %))

= (A—LC+ BK)x + LCx
z| [ A BK | |z

@ Now stack

i T |Lc A-Lc+BK| |7
©| |A+BK —BK ||z
el | 0 A—-LC| |e
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Optimal Control (P3)

) Finite Horizon Discrete-Time Linear Quadratic Regulator

9 Model Predictive Control Bellman, 1920-1984

© Infinite Horizon Discrete-Time Linear Quadratic Regulator
) Feedforward In Optimal Control
© Finite Horizon Continuous-Time Linear Quadratic Regulator (if time permits)

O Infinite Horizon Continuous-Time Linear Quadratic Regulator
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| OR, MPC

PAST FUTURE

-e— Reference Trajectory
Predicted Output
Measured Output
Predicted Control Input
Past Control Input

Prediction Horizon

- L4
Sample Time

K k+1 k+2 K+p

Ding Zhao | CMU



Hamilton-Jacobi-Bellman Equation

& g‘,
- | - ‘:.

Hamilton 1805-1865
Jacobi 1804-1851

Belmanel 3% A 2% orne
9% (1,4 oy O -
o mdn{§ (ZE Qr + u Ru) - (A.CL‘—l—B’lL)} =0
@ Define the Hamiltonian
H (x,u,J* t) = 1 (:ETQ:E 1 uTRu) 1 9 (Az + Bu)
D ox
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Riccatl Equation

Discrete-time Difference Riccati Equation  Continuous-time Differential Riccati Equation

S, = A S 1A—ALS,. B P(t)=—-Q+ P(t)BR'BTP(t) — P(t)A
(R+ B'S, 1B 'B'S. 1A+ Q —ATP(t)

Discrete-time Algebraic Riccati Equation  Continuous-time Algebraic Riccati Equation
(DARE) (CARE)

S=A"SA—- ATSB AP+ PA—PBR 'BTP+Q =0

(R+BTSB)"'BTSA+Q
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Kalman Filter, EKF, SLAM (P4)

Take ik‘k—l and Pk“k‘—l

Initiate with ik—l\k—l and Pk—l\k—l Correct
Predict (C-1) Compute the Kalman gain
(P-1) Predict the state L, = Pk‘k_lcT(CPk‘k_ICT +V)~!
Xplk—1 = AXp_1)p—1 + Bug (C-2) Update estimate with new measurement
(P-2) Predict the error covariance Xk = Xglk—1 + Lk (Yr — CXpgjr—1)
Pur1=AP; 1 AT+ W (C-3) Update the error covariance
Ppr =1 —LiC)Prix_1
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Adaptive Control

—T',r(t)e’ PB
é‘ — F@‘I’(:IT)ETPB

K, =TI .xe' PB
K, =

Lyapunov 1857-1918
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Autonomous Vehicle Platform
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Drone Platform
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Future Directions

A More theories and practices on control
A Expertise on particular applications

ASLAI\/I, path planning, non-linear control, optimal control
A Control + AIML

A Model based + Model free

A Trustworthy Al autonomy
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Al Autonomy .. 8
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The Ever-Growing Industry
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Waymo Self-Driving Crash in Arizona
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24-784 Special topics: Tr

ASpring 2021, project course

AT opics: adversarial learning, safe L AN e —

reinforcement learnin g, rare-event [fawy- WERBC I W nis =
shot learning, hierarchical Al,
simZ2real/real2sim, learning robotics
Implementation in the real world.

A Module 1: The Foundation

A Review essential AIML knowledge In
Trustworthy Al Autonomy

A Module 2: The Frontier
A Read papers on recent hot topics
A Project/guest speakers

A Evaluation: paper presentations, HWSs,
course projects

Read papers from ML:ICML/NeurlPS/ICLR
A Pre-request: 24-480/24-787, 24-677 or RI:CoRL/RSS/ICRA/IROS/CVPR

contact the instructor from academia and industry includingg DeepMind @OpenAI

‘ ' @2 NVIDIA. a&;onrobofﬁs Uber ATG .:' :: Gc:ogle Brain 28
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Nutshell of Al autonomy

/>
)
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Some of my research

And why | care about trustworthy Al autonomy
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11 billion miles

To prove an AV Is safer than human drivers

Rare event analysis

D|ngZha0|C|\/|U Ni dhi Kalra, Susan M. Paddock, AHow Many Miles of Driving \AHp)CDJ’HZQﬂ.GltB;IZE



LINE A NI Y

€2 @ @
d @
. . . _E—:
B Kirkland s 10 ml Ion
- O
000 00 - 0
ctober
WA TR eeo o M
® 00 ® 00
o0 10m
00
P : : : 9m ’ 9 million
P Mountain View, Carmel, Daly City, Half Moon Bay, Los Altos, P August
PPN Menlo Park, Merced, Morgan Hill, San Francisco, San Luis Obispo, .. ® & mi
. milion
PP Santa Cruz, Sunnyvale, Palo Alto, Tiburon, Truckee Nk
® 00
o000 7m ) ZUT:IIion
CA : : : e 0000 Phoenix, Chandler, Gilbert, Guadalupe,
Mesa, Tempe 6m @ 6 million
000000 00 April
00000000 o000 Atlanta [ X
o0 00O0OOO 00 o0 5m @ 5 million
000000 ...m. o000 February
0000 00 o 00 G @ il
o000 o000 0O0OGOCO o000 GA S
AZ o000 00000 OCGEOEONOOS
O 00000000 0 0 3m .3mi|lion
® 000000 000 May
@ 0000
o000 2m @® 2 nmillion
TX ® 00 October
LA im . 1 million
o June
0 gg {I | ERNENEESHNENR EE U OSNNTER 'A!lllli ngmog >
2009 2015 2016 2017 2018 2019

Waymo 20 mi ||| | w

Wa¥VYMo

Forbes, January 2020
Ding Zhao | CMU 33


https://waymo.com/ontheroad/
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Grid search
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Proposed Research
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PrAE: Probabilistic Accelerated Evaluation
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