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Abstract: Behavior decision-making is a core technology for vehicle intelligence. Deep reinforcement learning (DRL),
with its environment-interactive capability and end-to-end decision-making advantages, has shown great potential in
this field. This paper conducts a multidimensional analysis and systematically reviews the core content and
development trends of DRL-based autonomous driving behavior decision-making research. First, the development of
behavioral decision-making is reviewed, and the application trends of DRL in autonomous driving is analyzed. Second,
a five-dimensional framework “state-action-reward-policy-evaluation” is proposed to analyze the mapping between
algorithmic components and driving tasks such as car-following and lane-changing. Third, application schemes of DRL
in uncertain environments are examined through typical traffic scenarios including ramp merging, intersections, and
construction zones. Finally, we identify key challenges such as multi-vehicle coordination, long-tail event handling, and
algorithm interpretability, and suggest future research directions. The study shows that, technically, DRL algorithm
selection and optimization are becoming more diverse, with models evolving toward multi-modal and lightweight
designs. In terms of application paradigms, behavior decision-making is transitioning from single-vehicle intelligence to
vehicle-road-cloud collaboration, and from function-driven implementation to human-centric interaction. Overcoming

current technical bottlenecks requires a co-evolution path of algorithm innovation, hardware acceleration, and
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IR E RS 8 R SRR PRk 5 o,

LR BRI FE R, H B 2 AT AR SRR EU N
4 PR BTN (rules-based)™ JE T 4840 B2 i
(optimization theory-based)'. & T2 i 31 (control
theory-based)"” F1LT-2% 3] (learning-based)"” 147 H
PR 7 v BTN 7 e ol s R 2, AR R 5
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VAN EE T S s A ) AR e MR AL, & TR
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W, 1oy B0 A P AT AT 55, DT e S 3 4 PR
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learning, RL) [F 3t o 4 55 58 A1 A AL i 10 4 5
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1T 52 31| 2 5] 3 5 N RAT A8 7 IR AU, R o AR i e
Bk h%, R B 9 4L %= 2] (deep reinforcement learning,
DRL) i i 45 & U FE 27 =) B IR Gn fe J As Ak 2% 2T 11
WA TT, N HE BB BT R AL TS 0 o
RAE R k7 = BN TR O 4% (deep O-
network, DQN) ) 5 T /4 % Hi it A 7011 0 0 15
7€ M IR W& BF B (deep deterministic policy gradient,
DDPG) 1% 15 B Al & 47 R e 073, DL S5 6108

IR i K W& AL 4k 5% (recurrent proximal policy
optimization, RPPO) [¥] % fig ¥ 5 R 481" 4%, ix 6y
VRHRAERT € Wy 5t N RO T AT PSR ) S B ) L
A& A A 3T RL (1K) B 352 3BT 50 i3k 47
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S gh 7 OANF SR DRL 50EAE H Bl 2 B A ek
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1.1 FNERZ) -5 BEA SR A4 BE e 3

1 H 32 B R K R () R R B, A7 Rk
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) 2 4t e AE O AN st b AR g 1847, (BT &2 4R A
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EH RN BRI ANz 1) 3 KA R, e S o R A4 e T
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FESEPY B, B 3h 2 5 R 4 % 88 E T B P AR
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& NSRS IR T RAET 6P,
1.2 MBI 5REEERERY

b 5 Ha A H L RE T AR R, B S AR A
BLER 22 2] T iE AR AL PSSR . I, Be By R ] AR
B SCHFIm ENLAN S DU 2, DL By 7K A] 9k i
L FE (Markov decision process, MDP) %5 7% /= Hl #%
RS T B R B B SR RUR R, B
BARN TR,

RIE 2 IR R BB 1R A TR AR B, N
e JoT B IR LSRN BEE T Al DRL 7R 1B By A
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55 b [RGB T 4 3 PR TE % ) 3 SR
s s . EEE EE Apollo Mlikl7 5 Bl RE
X 25 NS il 5, 30 Tz AR L SL M5
rh 7 1 2
1.3 KA 5548 RGEBH

AR, B 3SR st N CRBR B B IR
FEM A M2 A RL BB 72 B T T R4 4 R B2
fif e 1 Sz A Re. B R 2] (offline RL) 1L
PSR IR, 2 BT T A S RS 2
RL. %4 RL FIEHE RL &5 0768 — B4R T T R &
BRI 2 A,

R KRR A& KR ), A H IR RS
IR AT A 5 Br 305 3 1 Bl 22 B 55 B0 e T i
DIV 72 (6] R0 S I 4 PR i 24 1 RO () B 4 o
. Bk, B 7838 IERRRIR R R AL AR (I 2% BY
Koy EALFIVRIRZE M) S E A RIVLEL, DR F
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TE A/ Il % J7 1, CARLA, SUMO F1 PreScan
P ETZ R, SCRERIEEL, Z R 5l B
B2 B X RE 2 5] N T B P 3R 5T, DLAE
THEE 2 AL 5 S BRiE N g 11,

2 #T DRL K B3/ EWT RAURN A
2.1 DRL EZEER

DRL 454 1 RL FIES LI 55 0 FE i 48 I 25 (1)
EAERFE SR I RE /), AR AR AE 5P B )2 B AN
WAL S mE, DASEI R AR AR5 N B E AR

DRL {5 A HE 4L KL T RL #11f) MDP, F Z A4
I (environment, E). JRZS 73 [A] (state space, S). 3]
YE=3 8] (action space, A) F12Ji K%L (reward function,
R). Hor: SH T RAER Refk B A M5 AE B,
AZE U RIUAT NTa I, R T & s E L 25,
EYue RSB 5 L.

B REA AR AR B BB, PRI BT (1)
R G2, B AR i R K SRR 1) 2R
o

J(m) = arg IIl?XEW [i ’yrt] (1)

Horp: R sEEE, J () A E HARREL ~ i
T, RN ARl I E AN v, O Sl oK B 2R ¢
PRI I e 5t

DRL % Co ML ELFE N ME B 3L (value function)s
HWE (policy) 1 U1 /R 2 /572 (Bellman equation).

W AE B8 EH SR VP AR A BOIR S -3 A % 1 K
Wk, & FTE N EFIRASOME B8 BRI S-S EN
AL IFHR AN

V7(s) =E, [i Yri|s0 = s}, (2)

Q" (s,a) =E, [i VTl So = 8, a0 = a]. (3)

Horb: V7 () RS UHE R L, Fom MRS sTHG, &
AE A TR 91 SRS 7 Pt BE R A O30T B2 IRl Q7 (s, @)
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a e, ARG SRS T REARAS IR A I 22 il 50 = s
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MR sTHURTHEANME a0 = a R MRE sTT
RN o f5 THEANMA.

SR E MOIRZS s BIBIAE a BT, 23 9 i 145K
W M B A SR . R E P SR R R A B 1
a = p(s); REHLYESEME St — s E 3 i n(als), 8
RERAE Y S 4 B /. DRL i 5 s A Ak 1 55 fil
REEHE ST A WTIG 58, FF IR 2 SEI A ARAT AR,

DU7R 8 5 R A& A48 B 2038 JF € 3, & DRL
FOE LRI, A AKX

V(s) = E[R(st, a,) + 'YZ P(si41]se, at)V(sHl)}.
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Horr: V(s,) NABPRE M ERES 503 @ S0 i
RN EPRAS S AHTsh e N RE T 3tk
PRIREHEREZRA0, V (se0) BT IREHNE.
BB, DUR 2 AT B A T R g R
I R BRI, T A O
Q" (51, a,) = B oplr + - maxy Q" (8441, at+1)](~5)
DRL S92 AT AR 4 e AR B0 A sg B oy Dy A
BREARTRE 5 L 22 3] (single-agent deep reinforcement
learning, SADRL) %% Fil 2 3 68 7K IR £ 58 4k 5 >
(multi-agent deep reinforcement learning, MADRL) %
%, R EAEHER N 1 FR.
1) SADRL.
SADRL HJ LARHE A& 75 1 AR 70 9 A8 e

State

PRI 2 5] 3 2P,

FET AU DRL S I 27 5] — AN R Al
AOR A e e R Jih VP Al BARIX P 5 v B 3 4
FEA R, (0 T JEvE Pl S @A I AR 015 L, A 2
A AR PR 1 S RE AT SR AR G R A R bk, 388 SR FH
28 N 2% T AL PR B A5 R, 3 T ORGSR S0 [0 4% ) ARG 11
o, AR B IEAHE World Models. AlphaZero F12&
T (1) SR W& A Ak (model-based policy optimization,
MBPO) %.

T AL DRL Sk = B AR T{E R 2L 25 T
TR FNIE T ZE-PEAN (actor-critic, AC) FEZR 3 2. Bt
THE R ) DRL S0 8 Ja PPN A 2R 8, 98 )5 R %
B PR B 2 TSR, & T B B PIRAS B E
f]. ARFH LA O-Learning 1 SARSA %5, J: T 5%
(1771270 7 B Al TH MRS - ERT I O 18, T2
T I Al v SR BR ) 248, R ISR T SR AS Y
AT PR AR B R K R B FE B VL (policy
gradient, PG). 5% i R i H W& B FE 595 (Monte Carlo
policy gradient) 55. %& T~ Fl 52 B& AH 45 & 1) DRL 5
R RN AC Tk, %I I NBIEM 2% (actor
network) F1{¥H| B 4% (critic network), 25 & 1 {H B #L
L5 SEmE eR B RE A RERE S ) A A SRS, X Re A A
PAE BRI EL. AC J7IE AL RAE T RENS [R] i 27 > {8 pR £
TSR W B L, DT S 0 B vy 20K ) 2 ST AR 3R I Ak,
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i, 514 PG J7 ik AHEL, AR o . AR AL
Pt 338 0LV 1 K B 7% (advantage actor-critic, A2C)+
S 04 A R -VF 8 XK 571 (asynchronous advantage
actor-critic, A3C). DDPG+ X A& i ¥ & fify 2 14 5% W Aok
J¥ % % (twin delayed deep deterministic policy
gradient, TD3) Fl # J# 71 -PF 18 K B 7% (soft actor-
critic, SAC) &,

F4J5 2 2] (imitation learning) A& —F 85 L 1) 2% 2]
Jua, B Rl AT s me A i 1 i
P2 FERLDT 2 SIHER T, B R34 — RIPIRS-31E
X, SR BRHAE R SE RN B9AT . B RE A () A
FHIX e B4 HEAT I, AR L 5K (R SR /K, TE 7%
WO 855 1 22 i 15 5 R R AR AT Ty o [&
(behavioral cloning, BC). 4 & X} #T 1% 1 2% =]
(generative adversarial imitation learning, GAIL) Al 1
45 2] (inverse reinforcement learning, IRL) 5.

2) MADRL.
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WA 5 (U0 2 6 $h e BT B R i TR
5w Wy S ARG AL 3 5. I SIS B PR 8 v 3
e “KREFMA, MBS B IR AR,
B — LR X 2 4 ™ i ol B R 3 175 2, 8
AT NGERME 27 Ty e AP A it T X3 Al o
KA AR R A T SRS AR I 2R 8t
Wk, LT DRL AR SEAR R £E 0T 2K 1
SNAFAEZ AR TI AN s BB PR 2255 fr) . 3R TS
RINLXS RE A1, BFFE 8 O 225 AR I i BRI, X6
R TR 22 il R HOBE T SR 2 31 55 T B (R &R



%247

FxEF F AT RESRNF )0 A 3 B BAT A R ARk

311
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3 ZET DRL K EZNBWTHREFE
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B AT R T B BRI T N 4 5 R A 1 A
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TR L, 8 H 302 B R SERE 5 B o A P AR

Bl 2 () 2 ZE A 7E R 2 T 55 v T BT 3R 4
F, LT BB R 2 O SR AR B L R T
T R VR IR 2 S R MR Bl 1 2 T 1) S B R
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W AT R A R EE AT, X — B it A Ll
TR T 5 28 B 8 DL R SR 2 ) S5 4, (R &
PR S, M LA ALHE A 2R ) AS @ A SR B
VF1) 368 3 B i R I 5 A e P, S T T
OB, & T R S s R S B Y, AR
117, P 4o g A A A 1 3 T e 5 00 o R P A
2, S RIE R e
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2 il R 5% DRL S35 P il 28 B AR 4T MR 45
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HEROCHEBMAE. BT 22 bR st 5 R R
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331 BIitEN
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AR EE. i, fEE G B 3h BB E T B3
B AR AR AR L R T BT, F HLAE L &
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HA: 0. 8B Quicic (Si41, Qg ) N T —MIRES-3)
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r(®) = 7re(,m(<at|| st)>
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