Modeling and Simulation #1545 E, 2026, 15(4), 55-71 Hans X
Published Online April 2026 in Hans. https://www.hanspub.org/journal/mos
https://doi.org/10.12677/mo0s.2026.154053

HlER ¥ M EERY B RV B R AMR R

MR, XER
RS PN =E el S PR P

Weks H . 20264F3H13H; FHER: 20264F4H5H; &AM HM: 20264F4H13H

R

VLB EI R TE A NBIE S B EEFANES SRS, ATTEHX R ROERE. (FALIAS
BRERRE, SEARES SRR MO TR AR BNEAER, REFAEHERUAKT. £
WREH B ERNEETH . AT EBHLSEIEZIN R RS S5 MAPAR, A5 UL %E
Rt BB RAMURBAEL, BN “ MNA TR ZIEIRRS)” 5 “ WEHALZEH 25 25
RARBEOLBEARBEBT N, BEANATHISEIEE NI PHOTASNAIR, B4 T HWE3
BRAGHEPSR TR, RinRpICEETHAAERN )RR, DURMET AHFHEE, KERARE
IR BRARERE R EN TP IMBRI. &5, Bl TRRRENEREAEP O RBRE, it
—HLIRH BB RRA T B

KR
EEEL, PR, BARAR, Bk, B, EROCHE, iR

A Survey on Machine Learning for
Autonomous Driving Technologies

Qianyuan Yang, Jiayan Wen"

School of Automation, Guangxi University of Science and Technology, Liuzhou Guangxi

Received: March 13, 2026; accepted: April 5, 2026; published: April 13, 2026

Abstract

Machine learning empowers intelligent agents to autonomously learn from data and generalize, en-
abling them to understand and adapt to unfamiliar scenarios. As a cornerstone of autonomous driv-
ing, this technology is catalyzing a paradigm shift in system design from reliance on human-defined
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rules to data-driven methodologies which represent a pivotal pathway toward enhancing vehicle
intelligence and achieving higher levels of automation. To elucidate the evolution and current ap-
plications of machine learning in this domain, this study examines its role in optimizing autono-
mous driving systems. It focuses on two key technological trajectories: the transition from human-
designed rules to data-driven approaches, and from modular architectures to end-to-end frame-
works. The research provides a comprehensive overview of the current progress and practical ap-
plications of machine learning across core system components, summarizes existing limitations
such as limited interpretability in decision-making and insufficient robustness in handling edge
cases and highlights the advantages of emerging paradigms such as world models and large-scale
foundation models in complex traffic environments. Finally, the study identifies critical directions
for the future advancement of autonomous driving technologies and offers insights into achieving
higher levels of intelligent automation.
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Figure 2. Data-driven
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Figure 3. Data loop closure
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Figure 4. Modular autonomous driving system
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LT T AR TP S I BN 515 A 2015 4, Kato S8 ASRH 7 —Ff H T AT 2 4k X I,
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Badrinarayanan %5 A4 H 1) SegNet 2244, X 30, 1T A1 15 1 A 2% 37 55 7 160 UG 3EAT ks FE IR 25 0 S o1,
S 25 e 0 SE RS Rt B AR R AR 13]. BB I IR B %, WA HL BB S S M 3 S s AT i
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2024 5, Wei S5 NFRH 7 — 3L T B Alf 2 H5is 1) 22 B S8 st AE o ik, FIRREE 22 I HioR 4
A AR S S DT I 2 B AEE, SR T H B2 e R B SR I RN RE SI[15]. [, Wu S8 A$E
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X F ST 45 FORf O e B AT LA R B E FH o 18 B3 1) 22 00 AR RV [ A RIS i 10 ok A& 1)
PATBNAE[24] 0 8 I 2 ) 42 o) LR o) 2 0 e R ZE 200 T AR AT B 8 AR 7 VR 045 PID 45 M szl L A
BT HI5E[25]. N T B RFHEEHRE NS 2, WRBE SR RGEAAIE 25N BiER
PE 5 TCRIE I SN, SEMUN R IR T OUHIA RUNR, T2 22 4x . 7 AN IE A7 B4R (IR S R
BEE IR 2R S IS BRI, B hLa 5 o) S G Eh iiEMg G, DIEE AR
iR G NE S 22 . 2022 4, Li SRR 1 FhoRR T AR o) (R AL TN B Rk s o 2% A8 R e B AR
(Gaussian Processes, GP)[Hl JF 5k 5% 2] 7R Z A € 1,  DASR S B A HERAPESCIL T AR5 B3 sg
R RERE B 5 B [26]. HAkZES) 12 RN
g(z) ~ GP(m(z),k(z,z'))
z= [x,u],y =C* (x+ —f(x,u))

Hrp, g(z) NAREBEIE SR SRR ZETL A z =[x,u] HRGURE BIEH B, HIEX R
WRGAREHR 5 4 R NG R 2 R Z AT R, Mg BES y, MMFH GP X5k % 4
BEAT R A A
[F4F, Yao 55 NHRH 1 —FhFe TR B2 s 7 > 4% 1) 25 (DCN-DDPG) A iidz il i 4, A58 2240 4% HEL il 2
ERRATHE[27]. 2023 4, Chen 55 NG R EAHIN G 4l SRR E B A E R A T2k LLM
o, ST R AR g B LR AN L5 A HERE (28], 2024 4F, Jin R T M AT RS LK
FAFFAT AT PO TR 32 161 7 B2 o BB 7 AR Y T 2 1) (Moodel Predictive Control, MPC)$2 il 23 fI P HLE H A 4
I £% (Physics-Informed Neural Network, PINN)BLRY, A R A B 75 FR 15450 T 52 2% (1 BRER A2 4T 45 [29]. 4
MPC IR R i ik R 5 b R 52 3 2 R T SR T 280 ) R Ge,  H— R N RoR N
Eh=~Fh—p—{®(Mh+&)+8 (5)

Hrp, JEFEE, FURAR p HEMIEah 2R, AR S RAREM I LRE S BRAE, AR
RGN 17 E SR B IRNANZ MR ZH T . Mh+ XS MPC ORI R R 26K 22, ¢ (1) e
VA 7 B BRI EE R L T 3R Bh JR GUIR &S SRR EE T TS AL R ORIE 4 RS stk s & il sl s S 4.
A& & WG —RAL TR 22 . BIRLUREC ANl S Mg 75 I 3R - 1207 5K MPC Ltk id et o 52
AN )53 5 LR GFAT LIR AR B MM 250 ) R GE, A B2 B 4 e 06 78 SRR BT 1 HRag Rt 2
B S L R B AR R BN, T SEBLRRE . SR A BLE RIS
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Sy AESEPRM IR A 5 B R 22 ARG, T s 213 1 20725 Tk U A5 SR AR Rk A e e ) T s 28

“

FesE M, BB IR R S S AT R, T S I B S ) R B R, B I ) B — R Y —
ATT % -

3.2.1. BRI B
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Figure 5. Evolution of end-to-end autonomous driving architecture
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TR SRR s 380 5 475 R 3 DA R R R R SRR P A SR B . AR BB P R i 5 e SR i ad Ay sE U
B AT IER:, TR SRS I T L R SRR BRI A (Rl — AR R 2, SEER T R R Fr
AL . BARSBERAE N R AT — @ o bk, (H O IRIR R IR MIHLE] o 5 /850 55 215 AR B
TR HOA BRI BT BN, T2 A X 4 B NI st b 22 IR AT N, RGN L2 448
T, ZhASKEAFY)RELL S S A S RS ) E SR . Z ARIES SR, K55 T Transformer AL ]
THRSRAT S b, 3 H T ) PR SRAT 25 (0 KA o e S OB RL fH) H LSBT 5% 22 YRAT 0 i e A f Ak, e
WA ES 5 E MG RZ KRR, AN E R RAESEZ @GR &, 2025 48, BATHEE K
SR T VLM-RL AEZE, R45ATIZIN . 8 5B 0% S MR — e, ZHESESIN
X HE S H #R(Contrastive Language Goal, CLG), Bl 5 #iiA B shAz sl i, IR 5 2K A
SRS IAT IR THE J2 38 ST 55 (102 2808 . I SIS U IR, oy — &S —
YeBhfEaS 0], JEILTE CARLA B H KR SEI R Y], VLM-RL HEZETE T 7R A TV 22 5l ef 2 18 1l
T, BeEE ) B2e A, mAUN B0 E BRI [34].

BEE ARG SR BRI TR N, P A A FE RS TS8R R Gk, TR T — RIVAA
REFEMM TR TR, 2023 4 4 H, £ RNAEA HUAWEIADS 2.0. % R4 £ T Transformer ] BEV &
HEER b, R T IE B AR R 2, G5R T IE R E R AR S I s AR ). R, SN
RSFIRI AT AL e B, 7E B R0 T T8 6 R It B v ) R e I S IE B tE . 2024 4R 5 H, B
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55 vk SRR B A B, AR B AR I 27 VR A BT TR . B TN S R R
THREBLIAE 2540 FATYORAEAE , (R Pt tH mT AR ) rh (D 5 R, &S )i Jok oty 28] i A B8 S [ £ G 2 B
KENZR, D TGO R P Be = AR MR AR, (ERBEA RG A — 8 BRI H B A KE
SRR fRRE S AR R B, S T N TR SR BR Y, 8 R G0 R0 B8 47 Hhid . 22 AR R 2% (1 28 18
5t[35].

EFARB AT, 2022 4F, JEERZHFRBIAGEE T =B 25w 5 30 5 3 R4t iDrive, 1% R4t H
JRANBEARL TSR 5 P SR AR A =R R, = I T R RS R A I R AT B A S %2
R SEEL 1 N JELAE IR i N\ B3 o 48 2 tH I R BE RS SR, BEIRTE 1 R GUE B R ST A BT o 1) i 2]
i ST RE T SIZ A RE . 2024 4, HHIE IR T SEE6 % 58 CSHAR T I ) 2SS R 5 4 S B AR 1 K
FUBALGE - 15 5 8 MAPLM .. A58 R RE AR HESE DL 2 S A& %O, 886425 2D E& . 3D LiDAR A1
ZHERHESOR, R CRHMERRE - BRLASX S - MR SRR S A E Y R A S . 8
R Adapter RRCERRIE S A, 1] DLSEIL& @Y s AL 16 5 & [36]. 2025 4, HM/K
T K225 AR H T X-Driver KAAY, 5 7ESZHL Fim 5 502 B o] @k %A1l LLaVA-1.5-
TB %L, BCHRTE T R EE . SRS SRR SRS 2 BCS, B 2B TR A
55 BY4E5E(Chain of Thought, CoT) 7B BUtE B, KBRS RM A HiR. F5. HFEE TS, BLIEM
Fp RS SO LA [E105 07 208 A 7 A s il &5 IR 51N 284 528 5@ MU 29 o LR Al S . Il %k
PL Bench2Drive H4#2HIS5 R0 I B TR A, B 2 S AT ARRE (1 PR32 ) HAE B A i 7 e PRI 6
[37].
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TESREUS By, HRAKHE 2 AR 28 5 A0 ST IR B3 15 SR AR 572 s o IR, T A2 B A0 PR R K i 4% ) 4
4 H, HHKAT T ADS3.0. ADS3.0 £ ADS2.0 F:fili b SEIL 7 PSRN AR, DAy 380 o S A4 P RF 1275
HEBEE T A
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Table 1. Comparison of technical pathways for autonomous driving decision systems
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Table 3. Autonomous driving simulation platform
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