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Abstract: The intelligent driving foundation model integrates vision, language, and action through multimodal learning,
driving the evolution of autonomous systems from the traditional “perception-planning-control” architecture toward an end-
to-end unified paradigm. By leveraging the capabilities of unified representation, generative reasoning, and few-shot gener-
alization, this model significantly enhances system robustness and decision-making intelligence. From the perspective of

research, the intelligent driving foundation model incorporates achievements from multiple disciplines: the latest advances
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in visual computing, natural language processing, reinforcement learning, cognitive science, computer graphics, and vir-
tual simulation are comprehensively applied within this system. At the industry level, global leading automotive and tech-
nology companies have also regarded large models as the technological cornerstone of the next generation of intelligent driv-
ing systems. This work systematically reviews the latest progress in the intelligent driving foundation model at the interna-
tional and domestic levels, including decision planning, environmental perception, visual question answering, and data
generation. Specifically, the decision planning section is dedicated to achieving direct mapping from perception input to
planning output through a unified large model architecture, while maintaining explainability and generalization capabili-
ties. On the one hand, to address the shortcomings of traditional end-to-end driving models in terms of interpretability, gen-
eralization ability, and safety verification, researchers have proposed a series of approaches that incorporate language mod-
els with visual models, achieving “model thinking readability” through natural languages. On the other hand, large lan-
guage models also provide a unified language-level interface for the collaborative optimization of multi-vehicle planning,
allowing different vehicle agents to engage in semantic communication, share intentions and policies, and form a group
intelligence similar to “implicit collaboration” among human drivers. The section on the task of perception and motion pre-
diction not only includes detecting surrounding objects, but also understanding environmental semantics, inferring the
behavioral intentions of other traffic participants, and performing multi-target trajectory prediction in dynamic scenarios.
Traditional perception systems rely on the dense labeling and geometric reconstruction models, which often experience per-
formance degradation in long-tail scenarios (e. g. , extreme weather, emergencies). To address these issues, the academic
community has recently introduced large language models and multimodal fusion mechanisms, incorporating semantic rea-
soning into visual perception to achieve “semantic-enhanced visual understanding”. This perception-semantic integration
design significantly enhances the depth of understanding of complex environments by autonomous driving systems. Predic-
tive capability can also be enhanced by introducing language reasoning. Some methods use language prompts as the seman-
tic guidance, combining visual and motion features for future trajectory prediction, referred to as “language prompt guided
prediction”. To enable the model to explain and communicate with human drivers in natural language , researchers further
introduced visual question answering into intelligent driving foundation models. With this approach, driving models cannot
only answer questions, such as “why is the vehicle slowing down” and “can we change lanes”, but also adjust policies on
the basis of semantic questions, achieving explainable and intervenable driving intelligence. Retrieval-augmented genera-
tion and chain-of-thought techniques are applied as effective means to enhance question-answering capability in autono-
mous driving systems. This report discusses related methods in the visual question-answering section. Data are key driving
factors for enhancing the capabilities of autonomous driving systems. High-quality, diverse, and semantically consistent
driving data directly determine the generalization and safety performance of the model. Traditional data collection and anno-
tation methods are extremely costly. For example, the annotation cost for urban-level autonomous driving can reach $3-$5
(USD) per frame, with less than 5% coverage of long-tail scenarios. To address this issue, research focus has shifted to
automatic annotation, self-supervised learning, and generative data synthesis. The objective of these methods is to reduce
dependence on manual annotation, synthesize rare samples that are difficult to capture in the real world in virtual space,
and form a closed-loop data engine, enabling the coevolution of models and data. The data generation section, which is dis-
tinguished by the data sources, explores how automatic annotation, generative data synthesis, world models, and inte-
grated virtual and real simulation methods solve the problems of high cost and insufficient coverage of long-tail scenarios in
autonomous driving data. On these bases, this work conducts a horizontal comparison and further analyzes China’ s
strengths and limitations in terms of data resources, computational infrastructure, algorithmic innovation, and standardiza-
tion. International research is leading in the theoretical depth and integration of multimodal fusion, particularly demonstrat-
ing considerable innovative potential in unified architecture, generative world models, and collective intelligence. Mean-
while, China exhibits significant advantages in engineering applications, real-time optimization, and scenario adaptation,
particularly with a unique practical experience in data closed-loop systems, automatic annotation, and computational opti-
mization. For future development trends, intelligent driving technology faces challenges in real time, safety, and personal-
ization. This report recommends strengthening fundamental research and public infrastructure, establishing a unified open-

source data platform to promote the sharing and collaboration of multimodal data, building trustworthy artificial intelligence
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(AI) evaluation systems, advancing personalized driving and human-AI alignment, and fostering an autonomous and con-

trollable innovation ecosystem. Intelligent driving foundation models have become crucial enablers for the high-quality

development of China’s automotive industry and a new frontier in applied Al. The algorithms and open-source codes men-

tioned are summarized at https://github. com/Ruisong-Yan/Intelligent-Driving-Foundation-Model and can also be accessed

via https://doi.org/10.57760/sciencedb.j00240.00121.
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T SURRYERE R B S e SR SUIR L
Bl A (R BT S 5 — KUBS: H A7) 547 ) BR L 1H
ZWTSE B IR T 0 7 9K 3l Aot B e A 3l
BPRHE 55 T A AT AT, S FE B s 2 T AR S AE 138
A FLAl . SafeAuto(Zhang 55,2025 )il 15 5| A % 41
PURE (Sl R A B0 ) By ik A Sh 2 Btk . A
FH 2525 HE A A Y 32 JROUE 8 55 18 55 1 S, R
P SRR X SR W Al e 4 9o fuf Sl o R 1
W — B e
1.2.2 EFHRGFH0IE s i

TR ZRA5m Sy s, T00 o Bl 420 5 15 ARk
(32 B S AR R I G . A8 5 AR

Bl ) BB B A E Transformer , 76 N X 58 & F 4
WSz bR SCHERE [ PRy LD 4R T 0
7 #2718 (prompt) 5 | SR TIAL AL Sl 5 5| A H AR
5 B SO R TR CHERRE

PromptTrack & 7 (Wu 45 , 2025 ) H 9 = 77 [ #
T2 SRR R H AT &, 28 A% AR
H R TIA 3D B S AT 55 1 B PR TAE . iz
Fa 3 T FE T Transformer AR F UM R 26 | DLiF 5 4
AER T SO, S5 I 5 18 SRR EJEAT AR B
I, 2R “NuPrompt " 124t T 25 215
SCAR R B VEBCREAS , AN i 75 - R 258 47 N
TR 250 A, (A RY BB 8 LA SCAS Ty B AR O T
WAT R o 253K W], 78 nuScenes E4E 4 I, Prompt-
Track Y3415 2% (average displacement error, ADE)
H A% Bt Transformer B8 AL 24 12%, B &R T T 1
TOKS 2

TE S 52 2 B2 B AT D TRINAE 55, LC-LLM HESE
(Peng 55,2024 ) i 56 [& AR BRI R 2% 5 0 M1 27 B 4
o3 A P A 5, 10 42 0728 T A7 S 64T T ik R i
W, AR E PR AR SR 7 Je mT ) Es) A S S0 S0 45
REGAT R, A AT A 1S G TR AR
LC-LLM B STBRTE T 5 I AR 5 iR 517 8155 it
FERL Ao P02 SRS H R (R R 1 i ST R
P, W BRIEAT I “ 18 5 Az sh B i i 8 =X
DiffVLA (Jiang 55 , 2025 ) ¥ 4" B 8 ] T MR ok
T I L — TR RS (AN R 4B A T3 ) 45 9 HL
b AR A 3% 5 0 R Ok I B R A . SR A
VLM (3 SCREARBE T + 37 BRI ) Bkt A A RE
S BRI R LR
1.2.3 R SUBAS A AL A

Zheng % N (2024) 7E4& it 7 SO Iz 3 Tl
FE TR (context-aware motion predict) KFETITAMMET
PB4 B R SOz 3 #I AR B (context-aware
motion prediction) . BF5E# FIH] GPT-4V By 15 3L fiF
RE b 52 2 s i v 45 o o th AV s 2 0 1
T 37 i A 2 2 ) # A &Y MTR (motion Trans-
former) (Shi%5,2022) . ZBIHABARTE T HARITESS
XN AL HEHERKES TRz, X
WFSE Y B SCAE T8 RUE D < 3 2 A28 RS (A
GPT-4V) H.& B 25 3 b il B (9 RE J7 Ll O i
ORISR AT iR SE . X AR T SR 5 R
RTINS B B [ PR SET J7 18]
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INEEAR 7, bR A S5 R0 5 4 Y AT 5
B =Rt H: 1) 2R TE SCRl G R 20 - AL
o G ) T 4 9 00 T SO A% (7 HILM-D )
(Ding 55 ,2023) ; 2) 1 & #7n AL HY TN A Y D4 - )
JH Prompt 5 8. 4E4% (chain of thought, CoT ) #E B 5/ %
B (A0 PromptTrack ) (Wu 45,2025 ; Peng 55,
2024) ;3) i A B 5 SURBE IR 5 - ff GPT-4V 45
18 AR A S S 51 % H Transformer #5512 88 FF ik
W K2 (Zheng 55, 2024) . X SERFFE LR 48 T
“ P i 7 (comprehension-based perception)” T
L, BVRERUAALRE & WA IR, BE fe  HL A 3 57 1
SO ARIL T PR F 307 5l 2R G N K S ) 4 B OK
YA
1.3 MREEZ(VQA)SEERE

TEALGE A S 3 R GEh B AT S R SR A EAE
2 BARERY BV RGE IO X MR LS MR AR
R, [ R A R R TR R] 2 (visual question
answering, VQA) + KERI"HESE JEBIAIHE DL H 4K
HE 5 AR SR, VOABAELA L RE
BRI AT A e E AR AR, i BE
R T SR [ 8] R SRS, S5 IR Ml A B 5 ] 1 A 2
BRERE, K 3 PR

PLGE TR 7 B (VM) 78725 3R] g B v 0 L 10
HRA A S RN K221 GPT-Driver (Mao 7%,
2023a) , ZAE B UK GPT 28 K8 5B 381 T
I Sl 2 g i O 8 GO AL L A )
OO T A 5 8 TR A A e sl Lk A AT
N7 ORTE 5 R JHAI T4 + A X
F18) i 81 Sy v 2, U Ay Jim 5 AT A R s B A LR 1 T
TR B AR I RS B AR o a4 i iy
RAG-Driver HEZ2 (Yuan 45, 2024) o i ARG 2R
sRAERALEI DA A S5 VOA REE . H T AR
R M S0 B P A R AR R 5 R SR
B X L8R YE AT SR AR R S n i A 28875 LLM
BRI Az il 2 A A0 [ I i 13 A SR 5 R . 3K
— L b R GEAE TS AR DL 375 S5 AT AT A SR AL 5 451
PEAT G PR, SO TR B J AR R
WGE— o SLHLER IR RAG-Driver 78 22 35 i ) 1
AR T RR A i 3] o 2 B AU 4 - 9% 1 L) % [ B
i L0 BT DL 85% 1 A2 TN TR T A
PR ZHEZRPIA N B B b aT R H sh s gl i A
RFMEM TAEZ —. CoVLA (Arai % ,2025) #2 fit

] VLA AT 55 19 KA e — 18 5 —sh VE B 46 .
FLAE R MR T i I (s 1 R ) AT iy 2 gk
Pl o H H BT T IR IR 5 51 S MR A e
()2 A5t A A 55 I ZRAE T o

FE VQA [ BEALE] b, AERE (CoT) A5
ARG 5 TR R 2 HE I BRI
N, CoT REHF I 4 PUHE B3 fift g B AL 4 Wit 72
A B TAE SRS 5T S B R a0, 2
BEAS BN T SCHE 7 T R B% 7B, CoT BILHI AT AR
URHEIRT - 1) B T EE 452 0 [ — 2)#) A BE B8 m —
3) L iU I 4 A B, DT LR DA R e Ak
PERIAE T o KRB AR T BRGSO fig
BT AL 42 (reasoning visualization path)” . HA[,
2 5% [E BB 5 AILAG (4 MIT CSAIL . #7348 Al Lab)
TEFERZR KBS CoT #x A BEV + Transformer 2244 1, L)
S PR A B T AL S SR SR

PRBE () BASERY B 55— Pk O S i
FHRBEARYLE AL PR 58 5 1 5 65 A58 5 A
ROMELL AR E T 48060 A, Rl hi /e 1
2023—2024 4 ) FSD V12 R4 R I T BEV +
Transformer 22 F4) 25 & A5 781 28 18 47 K (Shi 45 ,2022)
W5 AT BAKE 2 I KRB T 45 0y 5 i GRRUA (S0
HIFERW 3 Z—) AENBEBRRKEE LT,
o B B B 42 1 7E 100 ms G , DA 52 BT S
VQA IR 3k —32 kR W] : 2818 S5 i Gtk 2 e Sh
RAGERL b 427 i OGS T2 T 17 o

0T A H B B R B AR S R B e
1, E B SR 1 472277 2 (continual learning) 5
HABREE G RN TR R-UniAD HEAR , 1%
515 A s DR 5 g [ 57 RS R ST T AR A
i B Aoy 2] SRS L b AR S PR R B IR
G5H . BRITERR AT 55 AT IS B & el AV TE T
NS a), S A B2z 2] (lifelong learning) 7o iXFPHE
FIASE R RETE R DL 37 5t v i ik 2 LU B 5 B R
WM HASERAZ AR . EPRE RNy, X2k
Fgop AN AR T L B s gl e it 1O
AT
1.4 BIREMRSHFRER

15 A 72 B O RUA b, B 2 R s g g 4R
THYSCHEAK S R 2R o e it 2 AR L R i L — 32
25 R B e TRz AL S e veRe. 1%
SR R A SR TE D7 SBAA S < ) T 9% F 3
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[ Please make a description for the driving scene. ] 4]

@ rThe scene is set during daylight under a clear sky and scattered clouds. )
The road is smooth and appears to be a multi-lane highway with no
visible obstacles. Traffic lights ahead are showing green, allowing for

continued forward movement. A silver sedan is positioned in front on

the right lane, moving steadily ahead, while a white van is further up,

also proceeding forward. On the far right, a black car is visible,

maintaining its lane. A truck is observed slightly ahead on the left, and a
Lbus is further back, both maintaining their lanes and moving forward.

J

Identity and describe the road markings and signs. ] &

@ (The image shows displays a clear road scene where white dashed lines
indicate lane separations, guiding drivers to stay within their respective
lanes, while a white arrow on the road suggests the direction of travel for
the lane it's in. A round blue sign with a red slash over a black right-turning
arrow signals that right turns are prohibited at the junction ahead,
requiring drivers to either proceed straight or turn left if permitted. The
presence of a pedestrian crossing is implied by the zebra lines on the left,
kadvising, drivers to be cautious and ready to stop if pedestrians are present.

S

Predict the vehicle's trajectory based on the front- ) %
view image, historical trajectory and command.

B3 AR RS VQA {15578 228 (Li %5, 2025)
Fig. 3 Ilustration of IDFM for VQA task (Li et al. , 2025)

B RR T BUAS AT SR R 3~5 3600, KB st 55 %
AR 5% RN K — (0], [ PR Ao B A W) H Bl
PRk B E A 5B E S . X — Y
% F RS2 < Bl AR T S 5 7 R 40 25 1) 5 i
ST FEME LU AR B9 A AEAS s JE ISP R 5 1
A — R4 2 (W] v 1
1.4.1 A3itpiES A NE=

H 3l #5 1F (auto-labeling) 5 FI Wi & % 2J (self-

supervised learning ) 2 [ Fr A/ 52 1Y PR K S #E HLH -
Bhn, FE R A 2023 AFR AR 4 A B2 3 R G FSD
Beta 0 T A B AR 515 AU RCA 1 5421
AT TOA L A DR 5 I R — B Rk A
B 2R HE AR o AR R R IR FEAR T N TARTE L
A RIS RS 58 1 MaAT st e AR 2
PR T — R A WEAER, TR
PRIE S ME T 2 e — i & X SRR s o Bl
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NVIDIA ) UniAD (unified autonomous driving) % 71
WFFEIERE , i3 BEV Transformer @A Bt (8] — 045
2 SR, W] I AR TR AR 55 BR R T B9 H AR IR
B SR BNGE ST . S4-Driver(Xie 5 ,2025) 5 i |
FHEF AL (RUA HER [0 VE R A W B bRy g
Ip e LS AR 2% >, (AR BB A8 1 52 J 33 3 it v
HEAT B SOM I Rz sh A 55 XU e . 1S AR5
TEYN Zx b 39y 8 “ B 7R (prompt) ™ 1) £ 6, H2: AR 7RI X
B35 5 B 5 RO B TSI RE ), R BE A S
IS0 PR TR A I P B e, BRI SE 2R
48 )@ T Tl AR (H A O AR S T RIS 4
o3BT — 20 T8 I A R T SR THEAE A T ARG A
A i 38 i ) T 4 FRR SO A AR AR
1.4.2 P oAl A iU Gk

ITAE K, 2 U Y (generative model ) 7 1154
PR 5E ST S8, O A 372 Bl S A4E 1 4 A i dls
A WAE L. DrivingDiffusion #5851 (Li 5% , 2024 ) J& 1%
TR TAEZ — . WSS RIS —Fh 5 T3
ARG R Z AR BHEZRL” , AT AR B TR )
S Gy A A A OE FUA S . AL O AT
T ff W 25 (8] P BB Y (latent diffusion model,
LDM) A= i G781, B DR o 2 S 5 4 A0 '
AT NG5 A1 R BS540 5518 LB R A S i &
T LT SCHR Bl A AR 18 5 S A AL A TE S
KA GBI, 7 55 B S v X R AR A A i 145 358
DrivingDiffusion 75 A& il 14 22 08 AR S8 T 2544
—H 5 Y EA B, I AE Waymo Open Dataset [
P EI b B R R 2 R R
P HICRE B A (BTG A B B A 7% 222 B A0 il
S, gt SRR SR AL TR AR R R
1.4.3 AR 4R

TH A A 2 (] B B 2 B I 1 o — R
HAZ 0 A S LA R A P 25 1] R DL B 5 IR
SHEH , NITAE HEAUPRIE rh S B RE HLR) S47 5L

B A HL i 7 9 TAE & GATA-1 (generative
artificial intelligence for autonomous driving) (Hu %,
2023) , B 9% [E 47 A1 28 7] Wayve 76 2024 4F #i o
GAIA-1 & a5 5 SRS 5 1 2R st
TH SRR, BE A S 21 g 22 58 h PAA TR L T 5 42 o]
TS5 o GATA-1 W5 AL 45 3343 1) 2838
TR S Bt 5 < 2 LA T SCAS i 38 5 28 b 95 4 H
A 32) W ] T AR Y (latent world model ) : 7E f3 48

TS (A N A 2 RS FE RS 7 R, T T AR O B4 B 3
5 3) A AR Tl 0 < TV A A SRR T 5 4
55, S — RS [R5 T . AR Y — >
BEGEMEAE T JO T 2 s e R S e IR (5 R TE
P ELERGE v AR R AT 4 ) 2 B R SR R )

7 [ BRIFI H , GATA-1 SE3 T X 2 232 B (RN
TR 55 1) 2 DR AT, o “ tHE AR AE [ 3
0k A GPTEEZI” . Wayve i — 20 4 i} “Data
Engine 2. 0”&, 5 PR Y 5 550008 118 X0 i) A - AR
A BB B — B P I A5 AL — A D T S
I3
1.4.4  JBS—K07 B 5 PR s

B A AL A BRI Bl T AT s
BP0 38 0 2R e A ARG rh S AT AL
5 [ RRAE T2 B 5 (] 30 1L R 2 D% i - 3B
PR T 22 BE 1) 0 52 AT BAIEFEBK A5 JF & DiffDrive (differ-
entiable simulation for driving)F- 5 , 1% R G W) #L 5
B 50 28 0 28 A AR AR AR 2 (AR YRR AE [ B
TR EAT A6 BE v R SR 72 > o X RR R Gt A
HEZRAE 19 2725 b A mg pt A DA iR R A ) i 2 ]
Az ], BT TR AR . 5 GAIA-T AR K
2t G RUR TR, DiffDrive 9734 54 B — 500k 5 58
b5 2 454, A 2 3 ] 2 5 B BB (embodied
intelligence ) " T ZAFZE . OpenDriveVLA (Zhou %,
2025) £ 1 ¥ 9 — 18 7 — I 1E (vision-language-
action, VLA ) £5 5 £2 i\ 2] vt 2 viig [ 30 28 30 4F 55 v o
BERIR FH Z B8 i ae il S i A 51E S84,
SR G A ZVE A A tH IR RIS . HAZO 5
EAH T VLM + shVERLI A 58— HESR , e 285
i 1) Sy 14 42 o S0
1.5 ERMREGERSETR

EAATHTAT N [ bR R AR S ORI 2B
MBS PSR | DATHE S A 21 fe o 4 L ) S AR
F, BA LU TR AL «

1) viig 3] %t 48 — 42 ¥4 (unified E2E framework) o
LA Transformer 4% Ly, Bl G A5 6 5 5 1 =A%
A B SRR R S A 2 B I Y
Wit (Xu 55,2024 Pan %5,2024) . 51502 %
SEFAH LG, E2E BB 25 AR TR 22508 s TR
A ARTT LA

2) 18 5 UK 3 (19 AT i B P %R (language-driven
explainability) o 381 A AR TR 7 H M S S 1
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Wi, WAL, Bfs, EWMH, TR, BEE, R, BEE, ROy
it

LN kil

i X AL, ML AR 36 40 55 RAG-Driver (Yuan 55
2024) , DriveLM (Sima % , 2023) %5 . e 4h, B4k 4
(CoT)HEFHFL AR IEZ ik ALK, Jy 2 4 I A 4R
BERTIAL AR

3) A Ak S B A B 5 {5 L5 IE (generative
world modeling) . Wayve GAIA-1(Hu A 2023)4 T
VEZRB, Az A AR AT A g 400 s ] v S 3R
BRI 255 XU DA Ay sl S 4 0 AR i (L 5B ik
T o XM R S — R 2 TE A R ] B A S Y
J710]

4) Z 2 a4k U 6] 5 B 4R 2 68 (collaborative
multi-agent intelligence) . AgentsCoDriver (Hu % ,
2024) IR R A A S 2 ORI i B 4k &
BREHRRIE , RI 2 R 2 (R A SGE AR 5 P R TR

JEAE SR [ B b R S R A (Y BIF Y
AFAEA TR ORI . 1) TR R 5 2 A ik
FE AL B2E A 142 A P PEAG AT S M A8 R, [ R
HEAL 1L (1SO/PAS 8800:2024) IE 11551 A 4%
H & 518 AL . 2) 0 fmiEss S8R w2 . 4
BB AR FERR” RS (A—B—A LA 4]
W) W HES W EBEIRANER R . 3) RS 43
. ARITESR 2 IR % & st R
P3RS, R 5 NVIDIA IE#R % 7k B 5y A% 5 45
MZEIR T . )RS THERN 5o EIFREEAL AR
R B R D SR Y DA T g IRl AR 56 1B 525
‘% 4 J5y (national highway traffic safety administration,
NHTSA) B4 1 “AT SEAEE WAL )50, (5 sk = 58—
PRI SRR o X e LRI | IO B 9K 5y 1) 2 i 2 St
AR H A iy, b KRR B 48 B A AT
PRl

2 EN#MRERE

Wt R B 25 b H R (Y DR A JRE [ P A X — 40
SO e TR 5T N W R (N itE s & N L]
FIAJG, B 308 5 R GE% i AL GE iR AL B 1)
HOINE REAL \— R AL OB AR R L [ N A BE 5
FEEPAELLT LA
2.1 HHEIRREMK

B RE RS Bl (1 PR SR g AR DRI 25 i 22 4 SR
M SCEREARE [ N TE X — SR PR S T i 3 i
J& , JUHIEAE Qa1 RASE 28 1 T BRSNS -5 T e

FEVEDT T o AR GEI F 372 B R G850 H R L 48
Fy, AR Z (a1 73 T AR PP A d B B 1 3F
Z ), S RRAE BRI TR TR R 22 R
S PRI, MR 2 BB 3 IR 2 0B RS R
FH sk 50080 v, DS B e 31 ity 3] i 27 >
UHRERE . BRUHIFSE A (2024) RGURHEL T 3 23 A
SN RGN LR FIR

P 90 8 R T ] Sl o R R
(LLM) 5 A sh 2 3k Sl 4 &, ST g f
75 W BRI AT et . A, FRSERI T AR T A R
T BRI HESLAE ) Y R TSR RS RB AL L 1S
YRR RE DS 52 = b | 16 REAS 4R L I 1 Y ke
SRMCHE | 50 e SR A PR 11 375 W 85 AR AT i B (Xu 552
2024) . XEEHFSY BT A S5 G KT F BIAL Y e R
Ry, 45 9 32 B R G 7R A 52 A Sl PR, fig
A5 SEOIN 5 B AY PR SR, a8 Il R Y 5 s g
DO RGEEAT

TERR RGBT, I 3 T —SE 4t %)
T 7S LT g SN D BU RG] W TRN VAL &2 O Y
g 0" i R AR AR 50, DT 7238 2 2 AU B
REAE HEAT S5 AR SIS . X — BRI T,
AT T B 302 5k R G803 IV AE 7, Wighn 17
1B NG5 T BB R (Luo %5,2023) o il 40, 3@ 1
ICICHEER , R GEREME TR0 I T 38 % 52 R T DU, 45
B D7 5 25 B0 A B B IR RS AT 4 TS 17
KB o R a0, b A2 @ K AE IF K BY DriveMoE
(Yang % , 2025) £ 1 44 1R A& & Z B A (mixture-of-
experts, MoE) 5] A VLA £ RS | DL T+ 227 3 7 5
TRNRZALRE T o ANTA] & 52 00 45 Ak BAS [) 225 B A =
(ANER A4S JRR4 RERR) , T8 [ T8 M 2K e P A il L K
ARITEA R 50T A S i L g
2.2 INMZRA SRS KRN

PR R RS M RSN Oz — [F
B BIF 5  2 g RARY 5 A B BR B I, D)4
THRGEN B A B B R EE 038 W RE T o ARG BRI
R 2 8 30 O B — Y AL A A R IR L (H RS K
BARIERI I, SRR R& ROy AT R
e AHBLRCE BB SO, MO R s Kl A
TR e 1, 2 B RO Rl G ) DU THETY &
PEPE AR (R R A 45 ,2023) B N AT SE AR
A v QRT3 o R B L RO R S R T
| 25 Z2 LSRRI A T R BE R, DT 9 v O R 52
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XF Bl A8 AU X G2 (A7 A HAD A2 4055 ) By A6 T A 32
FSZI SV RE ST -

fan 1 A /NG VR G A 2 AR A T
H o, R 3hbs FEBOR KR RS T 0 bn 1 19 %
A, R PR IR AL T A SR . X I H
AMUHE 5 TR AL A ORI T AR Y R AR
BHT, T4 T 7 B 25 Btk 3R G A 52 2 PR 5 v 174 ek
HIfE S (Wang 55 ,2023a) . 7£ H ARk 5 4325 1,
N S T2 800 ke . PRI,
DR KIS R 5L IR R AL S, T AR
STt B sh 2B 3k R G0 5 2 b KUK 6 SR SRR
5 5E A RE ST (Yuan 55,2024 .

T DRV Xt G A I T ] PN R B 5 0 L A
i 3 A AR AR 4 v X6 A 2 2 B B v PR A AU X 52
FRRSIIORG B2 o 511, 6 v TN 6 IR T B B AR R 4
sor, anfar K BRI LA TN SEBR H B B RS
F A AR 8 2 55 2 YT s I . Z2REE KR
FERE I AT T R G R IERAE B, dG 58
T RGAE = W s RN g (Hu 58 ,2024) .
2.3 SEBREHESREK

Bifi 5 5 B 25 3R R B AN T & R, 32 38 I B8 34
AR — B R AR 1 25 B 2 A Ry Z2 AR e AR (Cn 240 H
SR PRI PSR . A RO T R AR
R UM 1E G 2280 ) 5 th S I 2 A e AR i P ] 5
TR XU REHR = RGBSR 2C il i
RARRR . 28 R IR U R SR AR S T 4 58 X
FJR B2 45 52 e g e rh B 20 W A

[ P 4 B 22 8 e AR B [ HE 22 (41 AgentsCo-
Driver) 2k H T Ki% 5 BB E A% O HE RS | 5 5@ 2
BB Z B 1E 5 UME AL R R X et
¥ 1L Rk AE 2 N 2 B RE AT IR N, (S R AR A
REAS TE 28 (AR b AT 15 B = G TR, A
M3 AR, 1 B — B BRARTE & 24 s T PR S iR 1 [
(Hu%§,2024) o &b, 51 A K 75 AR 1Y) 4 38
fE 11, R GURENS O I A B 2 AN e AR 22 18] A4 AH L
SN 5 oE SR TR G BRI M. Bilan, Hh
E R 2= A b F R T SR ESEM
World4Drive(Zheng % ,2025) , fili& VLM 25 [i]15 L5
0 el A PR JR R SRR R A 22 2 o O 3 A ML
FEOUT 38 1 37 5o SOk B ST E Bt P[] il
BB R TT 2T W 46. 7%, o HGE T3 o i
O 2 EZ Y. s R A B 2R 4

VX Hh A 55 (Yu 5, 2025) , 38 3 o 1) 3 4244 il
B P O RV BCE B TC R A2 B S R B L R T &
96%, fifp P T HL AR X A1, O m— i —i”
— RS T 2 0 S AR

2 BB ] 5 PSR (AR 5 8 A 55 e 3 5 i
b2 2] B2 2 45 05 1% L R G RE RS LE B 1 28 8 3
Barh AT Sy AE ) A AL . X — SRR N
AR B8 Bk 2R G2 1) B A RE A Y S BBt T
BRI %

2.4 HIBEMSBIMIRE

e o AR 2 T R B R G LI R O L AR
1117 %2 490 1) 50 SR B8 AR 1 T =X As e B HL SRR
T A, B A RS A T UG PR AR AR AT A A
RFN A b5 FAR B AR I R A AR T 4 A, OF
I A AL A2 5 R BT A UM T 4K (gen-
erative adversarial network , GAN ) I B 7Y %) A= i,
PR W58 BEAE 5 AR B2 Bl 7 5800 | 4]
SETEK R 5 A 450 T BB 2R i, AR T &R
GEAEN S 5 T R RS (XVEIA 45,2025) .

B, /NS IR A B A R T T A F BhbR
TR & T i A B ROR S KA Y
FI 5l 25 B0 5 4 4 00 by A B AR 1 T AT 0 A kT R
(Wen%5,2024) . HEAb, [ N —SEBF 58RO TE Ay 41
AR G 2 2 i s,
RIR IR AR . IXSe 5 A A RERS 70 B 52 rhod
DAFRAF e, 5 B I 25 0 S &4 19 H sh 28 3
E2
2.5 AREESIEXER

MLE 18] 25 (VQA) FARAE A 3725 Bl 5 48 v i 1
ML BERTE T R 585050 BRI S SCHAE
{Hi45 1 20725 B B A 7R 52 2% 1) 225 T B 455 v B I by f
RGO . B NI TR — SRR
HRAE AT R RSB T R G B A B B 5 b iy
HEFRRE ) DR RE ) R Rl fif et . b K R 1 0
AL (RAG) BB 232 T+ A 8l Bl ug [m) 22 7]
it TR RN P S P SR M A AR AR . RAG BRI
FIARERIGTR I T SCE S A5 BE % DTl S
A 8 R I P PR R M S 2 T3 B AL 3R
1], T 225 1 e S 0 A s B 4 A5 5 0T RIS 45
HEET B B DR R RE . AN, S AR RS R T Y
RAG-Driver HE4% 13X Ff 7 A4y 1 RSt R0 3%
B2, (45 5 Z 22 i [ 250 0 T f R VAR 31 T 3
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HEE, EWL, Bf, S, FBK, BETE, K, BEE, RO
BE

AR

M5

BR TR R SR B, R AR BEHERE (CoT) 4R
THA SR G RERE I AT B, AR HERE
T B LS R, REAE A B A B TR
Wik b o BAR AT Sh o . [ N B0/ IS VA B A Y
BN ISR S H] T SR A RS AL ], A
RE A7 110 40 B K B Tk b SR R, A 3l

(BN PN XN RS NTIR Lt B S
PUAL T S PRI 2 B AT S R X R By U5
RRR A TS 52 A A S I, BEASASHE 77 & AN 2R IZ 4R Y
PR B T H S Bl AR G B AR RE ) 5 N0 AR
(Zeng %5 ,2025; Liao 55,2025 ; Wang 5% , 2024 ; Nie 5% ,
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