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Research progress of automatic driving control technology

based on reinforcement learning

12 2
Pan Feng **, Bao Hong
1. Beijing University of Chemical Technology, Beijing 100029, China; 2. Beijing Union University, Beijing 100101, China

Abstract: Research on fully automatic driving has been largely spurred by some important international challenges and
competitions, such as the well-known Defense Advanced Research Projects Agency Grand Challenge held in 2005. Self-
driving cars and autonomous vehicles have migrated from laboratory development and testing conditions to driving on public
roads. Self-driving cars are autonomous decision-making systems that process streams of observations coming from different
on-board sources, such as cameras, radars, lidars, ultrasonic sensors, global positioning system units, and/or inertial sen-
sors. The development of autonomous vehicles offers a decrease in road accidents and traffic congestions. Most driving sce-
narios can be simply solved with classical perception, path planning, and motion control methods. However, the remaining
unsolved scenarios are corner cases where traditional methods fail. In the past decade, advances in the field of artificial

intelligence ( AT) and machine learning (ML) have greatly promoted the development of autonomous driving. Autonomous
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driving is a challenging application domain for ML.. ML methods can be divided into supervised learning, unsupervised
learning, and reinforcement learning (RL) . RL is a family of algorithms that allow agents to learn how to act in different
situations. In other words, a map or a policy is established from situations (states) to actions to maximize a numerical
reward signal. Most autonomous vehicles have a modular hierarchical structure and can be divided into four components or
four layers, namely, perception, decision making, control, and actuator. RL is suitable for decision making and control in
complex traffic scenarios to improve the safety and comfort of autonomous driving. Traditional controllers utilize an a priori
model composed of fixed parameters. When robots or other autonomous systems are used in complex environments, such as
driving, traditional controllers cannot foresee every possible situation that the system has to cope with. An RL controller is
a learning controller and uses training information to learn their models over time. With every gathered batch of training
data, the approximation of the true system model becomes accurate. Deep neural networks have been applied as function
approximators for RL agents, thereby allowing agents to generalize knowledge to new unseen situations, along with new
algorithms for problems with continuous state and action spaces. This paper mainly introduces the current status and pro-
gress of the application of RL methods in autonomous driving control. This paper consists of five sections. The first section
introduces the background of autonomous driving and some basic knowledge about ML and RL. The second section briefly
describes the architecture of autonomous driving framework. The control layer is an important part of an autonomous vehicle
and has always been a key area of autonomous driving technology research. The control system of autonomous driving mainly
includes lateral control and longitudinal control, namely, steering control and velocity control. Lateral control deals with the
path tracking problem, and longitudinal control deals with the problem of tracking the reference speed and keeping a safe
distance from the preceding vehicle. The third section introduces the basic principles of RL methods and focuses on the cur-
rent research status of RL in autonomous driving control. RL algorithms are based on Markov decision process and aim to
learn mapping from situations to actions to maximize a scalar reward or reinforcement signal. RL is a new and extremely old
topic in AL It gradually became an active and identifiable area of ML in 1980 s. Q-learning is a widely used RL algorithm.
However, it is based on tabular setting and can only deal with those problems with low dimension and discrete state/action
spaces. A primary goal of Al is to solve complex tasks from unprocessed, high-dimensional, sensory input. Significant pro-
gress has been made by combining deep learning for sensory processing with RL, resulting in the “deep Q network”
(DQN) algorithm that is capable of human-level performance on many Atari video games using unprocessed pixels for
input. However, DQN can only handle discrete and low-dimensional action spaces. Deep deterministic policy gradient was
proposed to handle those problems with continuous state/action spaces. It can learn policies directly from raw pixel inputs.
The fourth section generalizes some typical applications of RL algorithm in autonomous driving, including some studies of
our team. Unlike supervised learning, RL is more suitable for decision making and control of autonomous driving. Most of
the RL algorithms used in autonomous driving mostly combine deep learning and use raw pixels as input to achieve end-to-
end control. The last section discusses the challenges encountered in the application of RL algorithms in autonomous driving
control. The first challenge is how to deploy the RL model trained on a simulator to run in a real environment and ensure
safety. The second challenge is the RL problem in an environment with multiple participants. Multiagent RL is a direction
of RL development, but training multiagents is more complicated than training a single agent. The third challenge is how to
train an agent with a reasonable reward function. In most RL settings, we typically assume that a reward function is given,
but this is not always the case. Imitation learning and reverse RL provide an effective solution for obtaining the real reward
function that makes the performance of the agent close to a human. This article helps to understand the advantages and limi-
tations of RL methods in autonomous driving control, the potential of deep RL, and can serve as reference for the design of
automatic driving control systems.

Key words: autonomous driving; decision control ; Markov decision process (MDP) ; reinforcement learning (RL) ; data-

driven; autonomous learning
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I TSR, ARTZ T AT 5 R Y
AU EL B, LA P D3k B S By FH A 2K T
H AR T R 4E sh 125 4], 2016 4F, Sallab
SEN(2016) ff FHIR BE 3 Ak 27 ~) 7 170 T IR R 42 L
f1#% (the open racing car simulator, TORCS) |32
TR JEXT L TR RS [E A DON 7 ik A
PSS [ DDAC J5i% iEW] T DDAC J7 1% i
i 753 B 4 1 45 1) ROR AP35 1932 17 81388 ( Sallab

,2016) , TSI A TIRIE2: ) )ik, Sallab % A
(2016 ) 4 1 T i 2] oty VA% 5 Ak 2 ) 19 JEARL, 13T
TR A 2 X 24 58 K A R AF SR ERBE 7, P4 A s Ak
2 ) W7 TR AN LN 2k, AT DL B BRI A 1R
GG R A T2 B i 1, T ELAE SR R TR
B R 2 ) B R B e ] DR R A2 2 iR
W TG ik "% 2] J5i% . Chae % A (2018)
i1 DON BVE VISR AR A 2% ] Ab FRAT A 28 1
5, SE T 2 A Bl s Hl, Zong %A
(2018) fifi I DDPG 532 X 4 B 4 A Jim 188 J3 A 2% )
Pl PEA TN GR LS B [ £ RERR , H-4E TORCS FREE
AT T, Shalev-Shwartz 55 A (2016 ) {fi FH 58 1k
222 454 K AIE 12 M 45 (long short term memory
networks , LSTM ) 8. 2k 7 Jiff X ¥4 55 v i ke 1) 30y 25 i
(R ) 2 1] LA BT AR B3 B4 1 [, 5 MO 2447
A G 2 2 454 DDPG Bvk4 i 7 3 T
e PR A TR B i b2 ) 55 O ik (B, 2019) Bl
& o AbaF S FE F o2 3 b i N I 98 S TR, R
THEE AR > B AB0R RS WITE 2018 4F42
T oA A v R B R 2 2T I E SR R R e T
YIRS ] (Spryn 45 ,2018) . 2% A2 3 (Wit
P RN MG K22 9 Liang 25 A (2018 ) 4455405 2%
IR ARSE TR G B T AT AR s Ak 2 2T 1
D5 AR TR IR B ADL 28 v O T R A A s i SR
TR 1% S0 e R 2 >0 s ] I 285 B A ER R A T4
U4k, R )58 i DDPG J5 kAT i b I 25, X HEAR
AT LU DDPG X 8 S $5 gk vy () 231, i 5L HE A
IR 2 > BN B g i3 I 2 2B . bR
K2 Y ) 4% N (2018) ffi H DDPG B3k S2 8L T
A s 8 shz i, i B fe 44T LhAE
F 2 2] b AR P e i 3 AT AS T 25 R Gk
BT A3 5K

4 BUFIEBINBRAEIGRIP K

F 3725 B S 6y B A A R 1) s B P T LA i
ST 2T A R 22 A PR R A A0 5 | S R4 7)1 2
5 E, U TORCS fR#45 % 5 (grand theft auto V,
GATS) %5 . SR EL SRS A A A 2 [RIAF AR
(2 5 1A HURE R I BA 40 A 0 ik B30 25 2 H0 a0 [ e
255 ORGSR AY ) R MR A P | T T
s IV ZRAEAE DR A A7 A A58 22 T 3 Ok I ey 1)
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BT RS B B TP A SE MR IR, A2 AR
XFHT I 4% ( generative adversarial networks, GAN) ¥
BRI T i X — R BB S . Pinto %5 A (2017)
e xdpiee IR fl2s S 45 G 0 T hiiRA e~
TN GRS TP AP B A - ek . R
FEMFPER A Yang 26 A (2018 ) 32 H DU 481 3] B 5K
{143 ) 45 AR HEZR. DU-drive, f FH 2L 25 128 Wi
LM 2% ( conditional generative adversarial network ,
conditional GAN ) %) HEZ2 1 17 PG Mgt AT - 42 il 2 4
i2g), REHHEEWIH T REBIGIHTEI TRER
%) Ferdowsi 28 A (2018) £15%F H sh 28 3 R G 1) «“ 28 4
PE” ) T — PR B s Ao ST HE SR LU
TR B R A R R

Z A ek Ak % 2] ( Busoniu 55,2006) )& H
BsRAL 7 > R R — A TJ7 ], 1 3L 52 B 58 38 PRI
SIS S E IR DA A AR E R PR SR A
TR 2RSS 5E TAMIRME R, ik
IR T SR ] R R A e SR T AR 2k
) R FUR By R ] Jead ARl . ilande A 3h
I RS B e 4T R — 8 BRI TR e A
RIS WAL R PREE h HA 2 5 3 R B Sl
ZR BRI TR AL 2 IE R T IX — [R)E, 41 min-
imax-Q learning( Littman , 1994 ) , Nash-Q learning ( Hu
1 Wellman, 2003 ) 4 )57, AAT IR, 25 e
IR L B BRI B N A2 2%

SRAL > vl R B AR T 5 | R BB
WO A 5 W LA 3R A5 301 15 118 2R ok R AR Y B AL 2%
Jily o Rt A2 > 051 A 4K Dl o 80 R R
Gecit N Tl X5 2L fh 2% ) 7] 3, 38
AT AR B SE ] 1 2 ity ek B, AR A
WA 55 [ L e PR R 45 (LR X6 T S e SR 1y FH v
S 2 0], il bR BN LI R R 4 7 LR 22
FUBEAR Z AW 7 AR o AR ah s s & A5
B0 BEARSUA T AR WS B R 1Y ) B A
AU SR 78 B 372 30 b 2 3l R 20
VOB ANME B 3 2 Ak FET A 1 | 3 75 22 %5 SR
R RE AR SN A & NS5 B G2 3 > 5T, AR
M7, NS B R4 AT LU SR 2 A Bl R rp s
SR 22 5 T 5 SR AL, BT LIE DL T3l 8 2 —
ANE BB R BOR 5 | SR BRI I R, TT— D AE
BNV E SIS S el Wk SR LRIl e €N SR S S 2N
(EE I BUREE AR I, U Rt G R A RE 2 3

AT 25 B RS 4 R A7 40 B A5 BN 22 Bk 5% 1) RRAE
Pinsaa Wil ae RO 47 I3 €52 N1 LR ES N B
i, A5 BEARTEG 1) 42 1] Dy ThD SN AF A 28 ok
>J15 (Pan F1 Bao,2019) , #4524 > Fl J n] 5% Ak 2
ST OR T LS il R RSO AR LA R e R R AA Y
T INEE N T — A RO il e 5 58, JF Ik
RTENB A T3 — AT S (Amit FI Matari
2002 ; Abbeel I Ng,2004) .

5 & &

F 325 B FOR JE A A0 TR U S A P
AR Tl 3 B 3 7, o F % [ o 4 J
AR e sl RGP — D EEAUH . H S g
TP RGN AT D 2 B S BERR AT X T 44
PR L Ve FETE TE B 2, ARG 7 ik
R 2 TR (0 20 i BT A8 280 ol 25 8 T R 3t
FLS AR IE B R 2 22 W A2 T8 Y s A M LA
etk R P WIS §E R R <R iR 775
SLORPEIE AR RO, sk > 1 H BRUEAS3ET LA
Ws WKl sl PR AT A 2 ) IR R G
AT RE , 2 FE o I R A 27 ) T4 o 45 (L BE RS S 4
MR 2 T, ASSON s Ak > 1 A 3728 Bl il
SUSE BT T 383 W W RIS B A AT BAT A
AR HUIE” A BB R JE N 2 B RE 4 R L &
g8 b itAT TSR, UG T B RCR MRS
siAbss ] HRTE 2808 A 32 B o g AT
ST R O HI B B TR . SR, Sl Ak oy > A
FI Bl Bk r A 1S AT 9 T W 1 22 PR A, R ROk X
— U — 2 I ST 1A A A A S Al PR
7R AN R, 7E 2 A3l 2 5 E T T Y 2
B REMA R AL > [l LK B X NS 25 Bk 5 R 0 2
il PR RS 2 3 [ AL

B OB BHLTRRERFMEAFEACR
R Fa BRI AT A F H TN 9 A A B Rt
FIER IR £ AT B 22 WA A 35 |
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