S. Eben Li. <Reinforcement Learning for Decision-making and Control>

REINFORCEMENT LEARNING FOR
DECISION-MAKING AND CONTROL

Full Chapters

Shengbo Eben Li
(ZEFIK)

Email: lishbo@tsinghua.edu.cn
Intelligent Driving Laboratory (iDLab)
www.idlab-tsinghua.com

TSINGHUA UNIVERSITY
Beijing, 100084, China

DECEMBER 25, 2021



About the Author

Dr. Liis the full professor at Tsinghua University. He is
now leading Intelligent Driving Laboratory (iDLab) at
School of Vehicle and Mobility. His active research
interests include intelligent vehicles and driver
assistance, reinforcement learning, optimal control and
estimation, etc.

He is the author of over 130 peer-reviewed
journal/conference papers, and the co-inventor of over
30 patents. Dr. Li is the recipient of best paper
(student) awards of IEEE ITSC 2020/2021, ICCAS 2020
IEEE ICUS 2020, CCCC 2018/2019, ITSAPF 2015, IEEE
ITSC 2014, etc. His academic services include Member
of Board of Governors of IEEE ITS Society, Senior Editor
of IEEE OJ ITS, AEs of IEEE ITSM, IEEE Trans ITS, JICV,
and Automotive Innovation, etc.

Contact information:

Shengbo Eben Li (ZEFHK)

Ph.D., Tenured Professor

Rm 643, Lee Shau Kee Sci&Tech Building,
Tsinghua University, 100084, Beijing
Office: 86-10-62796150

Email: lishbo@tsinghua.edu.cn

Website: www.idlab-tsinghua.com



Preface/Ri S

B 2000 Uk, ATEENREFBLEEEBAXMSHENBE, FESISIW
SEAHANERE MR, DERZBA6, RENTELTEREENMTLE
ETEREBEMNTH, BIEERHEE. BB, aBHES—RIFRANN
EEFRBIN, EERANEEBTHREENRER, thABRETBEER. HM
SE. HHREFNARET —£UTNEE. EEBREVSZIMENEN
BERR, UEGAXXRREIVE AFEEAREMLES (RL, Reinforcement
Learning) FARMEHFAANNNE, EAAMEELAHNSRENEHRARSS
L EFRET —ERETENEEAATR. — NS ATFEIMIIESIZRL Alpha
Go ARFHMEMHEE: THNARERUFEIEELLINEHSRNERA L, B
B, DIBFERNRERCEFTMAXTVEFOES, SIXEARFRMI LR
B,

REBUZIAFEMENEEMLE, BERZAZINIBNASNETELHE. —
MEENRERRZAZREBTEREINERE, XAFIEIERAPEM. 1Z
FEEBETHITES. &EES. RRA=ZFNIXEEE, SERNEFEEEMER
W, MINEREERST, UFEIERIERA. NIERSEHRNEREXBKNIE
BHR, EXEEABHRE, EUHRBHTHIMAE, FTRAEEAINEN
MR, AT NX ERBER, KRIEEZBEBEXRZTEAMRERE (RUELEIS
BH) , BETX—ABFESER, FTEEMRLENBABHORTLEESMEAR
AR, ZBERELF. EREX. BERGNEY, NERTHSEENARS
EHERUEI TR, AP RAMRARBFLRBAAEK. REREES. BF
ENHI . REUEMES . REBEEZS . EREERL. RERLEIE, F
BAPAZFENTLERC, SEMREMARLE, BER—FXERZREAI2E, A
EEMRELINNANSERE,
SHEIHEENEZ. FI1ENARER, BREAEHE. M&FE. #HENA
REEIKTF., £ 2 ENARLWEMAIR, SFEXHE. BAZH. REHE
BE5EMENE, £ 3ENRAEENEINTERIEE E4F Monte Carlo {1,
On-policy/Off-policy, BEEMRXFF. F 4 ENRAREEZINNFENE, B
ELTHRY Sarsa, Q-learning, Expected Sarsa HEH %, & 5 ENBHEEZ ST
SHRE, BREKBER. B, BEREARMERSMHIERE. 8 6 ENEA
B3R RL R ECEUUTE, BIFE AR, EREUEL, RIERETMINR
Fr£T4E B9 Actor-critic 84935, 2 7 ENAEEE RL FIRERHEE L, B3 On-policy
gradient, Off-policy gradient, IR ENINRMNEE. HHEEXF. £ 8 ENET
EAIRSRL S, RNEAEIZASHIR (ADP) |, BIEEEAT B RS5A) ADP, ELLATE]
R ADP, IR ADP 5 MPC BXREX 5% . £ 9 ENABREHAEMUIT
ML, BT T7TREARBEEFRNKRESKBUITHEZENRR. 8 10 =
NERERUZES], BIAHEME AEEN RL, SEHKMENRES)IZ%, R
1Lk X% DQN. DDPG. TD3. TRPO. DSAC ZHHFAUREE X, % 11 SN
RL FI&%KI51E, GFESHEM. POMDP, ZEREMAE. THES . HRAFES, BLE
wE3 . NGERSFEE.

EHlS, HEREFEERFEEBIMETRANEIMMEEN, MINARBAERE
ERHETRANOCMESE N, SFEMER. XFHRIE. ARNES. mARBEE

2



—R5 T, TAHRE. TEREIHK. B{CMAPLR, BARBHNBREMTER
HTYXEFTRMWEW, ZIRBARAE——ER, EVISRFES.
ZEENKEFRR, BHPREGFEERRIAE, SREEARIUIR. ARNESHE
R, XFEHEHEBELA—ME. Bitis, BIBEERIIECA FHIFFEE. 0
BRUAETHEIR, TUEERINKELEEZMFE: lishbo@tsinghua.edu.cn, HF—AI
FEENRGBEABH P TENEERE, RITGFHHAR!




Preface/Ri S

From the beginning of the 21st century, artificial intelligence (Al) is reshaping almost all
areas of human society, which is promising to spark the fourth industrial revolution.
Noticeable examples can be found in the sector of road transportation, where Al has
drastically changed automobile design and traffic management. Lots of new technologies,
such as driver assistance, autonomous driving, and cloud-based cooperation, are rising
in an unbelievable speed. These technologies have the potential to significantly improve
driving ability, reduce traffic accidents, and relieve urban congestion.

As one of the most important Al branches, reinforcement learning (RL) is attracting
increasing attention in the past decades. RL is an interdisciplinary field of trail-and-error
learning and optimal control, which provides a promising solution for decision-making
and control of large-scale and complex dynamic processes. One of its most eye-catching
success is AlphaZero from Google DeepMind, which beats the most professional human
player. The key technology behind is called deep reinforcement learning, which equips
AlphaGo with an amazing self-evolution ability.

Despite a few success, the application of RL is still in its infancy stage. This is because
most RL algorithms are difficult to comprehend. In one hand, RL deeply connects with
statistic learning and convex optimization, and involves a wide range of concepts and
theories. On the other hand, it is a tedious and long learning process for a beginner to
become an RL master. Without fully understanding those principles, it is very difficult for
users to make necessary adjustments to achieve the best performance. This book aims
to provide a systematic introduction of fundamental RL theories, mainstream RL
algorithms and typical RL applications to fellow researchers and engineers. The topics
mainly include Markov Decision Processes, Monte Carlo learner, Temporal Difference
learner, RL with function approximation, policy gradient method, approximate dynamic
programming, deep reinforcement learning, etc.

The book contains 11 chapters. Chapter 1 provides an overview of RL, including its history,
famous scholars, successful examples and up-to-date challenges. Chapter 2 briefs the
basis of RL, including its concepts, optimality conditions, and problem formulation.
Chapter 3 introduces Monte Carlo methods for model-free RL, including on-policy/off-
policy and importance sampling technique. Chapter 4 introduces temporal-difference
methods for model-free RL, including Sarsa, Q-learning, expected Sarsa, etc. Chapter 5
introduces stochastic dynamic programming, i.e., model-free RL with tabular
representation, including value iteration, policy iteration and their convergence
mechanism. Chapter 6 introduces how to approximate policy and value function in
indirect RLs, as well as its associated actor-critic architecture. Chapter 7 derives different
kinds of direct policy gradients, including likelihood ratio gradient, natural policy gradient
and a few variants. Chapter 8 introduces infinite horizon ADP, and its connection with
model predictive control. Chapter 9 introduces finite-horizon ADP, and puts great
emphasis on how to handle state constraints. Chapter 10 devotes to deep reinforcement
learning, including artificial neural networks and typical deep RL algorithms like DQN,
DDPG, TD3, TRPO, DSAC, etc. Finally, Chapter 11 provides various RL relics, including
robust RL, POMDP, multi-agent RL, meta-RL, inverse RL, offline RL, major RL libraries and
platforms, etc.

In closing, | wish to offer my sincere gratitude to all the faculties and students in
Intelligent Driving Laboratory (iDLab) for their great contribution to this book. | also
express my deep appreciation to those friends and colleagues, who support writing and
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polishing this book. They have provides numerous priceless suggestions. Any comments
and corrections from readers would be much appreciated. | look forward to seeing your
email at lishbo@tsinghua.edu.cn. Thanks a lot in advance!
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