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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 towards an end-
to-end unified paradigm. By leveraging the capabilities of unified representation, generative reasoning, and few-shot gener-

alization, it significantly enhances the system robustness and decision-making intelligence. From the perspective of
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research, the intelligent driving foundation model incorporates achievements from multiple disciplines: the latest advances
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 report systematically reviews the latest progress in the intelligent driving foundation model at both the
international and domestic levels, including: the decision planning, environmental perception, visual question answering,
and data generation. Specifically, the decision planning section is dedicated to achieving a direct mapping from perception
inputs to planning outputs through a unified large model architecture, while maintaining explainability and generalization
capabilities. On one hand, to address the shortcomings of traditional end-to-end driving models in terms of interpretability ,
generalization ability, and safety verification, researchers have proposed a series of approaches that incorporate tegrate lan-
guage models with visual models, achieving “model thinking readability” through natural languages. On the other hand,
large language models also provide a unified language-level interface for the collaborative optimization of multi-vehicle plan-
ning, enabling different vehicle agents to engage in semantic communication, share intentions and polices, and form a
group intelligence similar to the “implicit collaboration” among human drivers. The task of perception and motion predic-
tion section includes 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 performance degradation in long-tail scenarios (such as extreme weather, emergencies). To address these
issues, the academic community has recently introduced large language models and multimodal fusion mechanisms, incor-
porating semantic reasoning 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 driv-
ing systems. Predictive capabilities can also be enhanced by introducing language reasoning. Some methods use language
prompts as the semantic guidance, combining visual and motion features for future trajectory prediction, which are referred
to as “language prompt guided prediction”. In order to enable the model to explain and communicate with human drivers in
natural language, people further introduced visual question answering into intelligent driving foundation models. With this
approach, driving models can not only answer questions, such as “why is the vehicle slowing down” and “can we change
lanes” , but also adjust polices based on semantic questions, achieving an explainable and intervenable driving intelli-
gence. Retrieval-augmented-generation and chain-of-thought techniques are applied as an effective means to enhance the
question-answering capabilities into autonomous driving systems, this report discusses related methods in the visual ques-
tion answering section. Data is a key driving factor for enhancing the capabilities of autonomous driving systems. High-
quality, diverse, and semantically consistent driving data thud directly determines the generalization and safety perfor-
mance of the model. Traditional data collection and annotation methods are extremely costly: for example, the annotation
cost for urban-level autonomous driving can reach $3-5 per frame, with less than 5% coverage of long-tail scenarios. To
address this issue, research focus has shifted to the automatic annotation, self-supervised learning, and generative data
synthesis. The target of these methods is to reduce dependence on manual annotation, synthesize rare samples that are diffi-
cult to capture in the real world in the virtual space, and form a closed-loop data engine, enabling the co-evolution of mod-
els and data. The data generation section, distinguished by the data sources, explores how automatic annotation, genera-
tive data synthesis, world models, and integrated 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 report conducts a horizontal
comparison and further analyzes China’s strengths and limitations in terms of the data resources, computational infrastruc-
ture, algorithmic innovation, and standardization. International research is leading in the theoretical depth and integration
of multimodal fusion, especially showing a great innovative potential in unified architecture , generative world models, and
collective intelligence. While China has significant advantages in the engineering applications, real-time optimization, and
scenario adaptation, particularly with a unique practical experience in data closed-loop, automatic annotation, and compu-
tational optimization. Looking forward to the future development trends, intelligent driving technology faces challenges in

real-time, safety, and personalization. This report recommends strengthening the fundamental research and public infra-
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structure, establishing a unified open-source data platform to promote the sharing and collaboration of multimodal data,

building trustworthy Al evaluation systems, advancing personalized driving and human— Al alignment, and fostering an

autonomous and controllable innovation ecosystem. Intelligent driving foundation models have become a crucial enabler for

the high-quality development of China’s automotive industry and a new frontier in applied artificial intelligence. The algo-

rithms and open-source codes mentioned have been summarized at: https://github. com/Ruisong-Yan/Intelligent-Driving-

Foundation-Model, and can also be accessed via: https://www. scidb. cn/detail? dataSetld=3921ce7e24e44c198428e3bc14

94¢410.
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MR IR T U T 9K sl R B AR A F B0
QRN 55 R T ATV, S PR e 2 AR T3
LAl . SafeAuto(Zhang 45 ,2025) i i 51 A% 4
TR (ZCE A R AME B0 ) 35 A s 2B e sk . Fl

FHZ 25 A AR Y B RO 58 5 1 5 1 5L, Pl i R
T SR A HRO SR W A e 2 o (R S VRt B A vk
R — B S

1.2.2 HE RS SRz sh B i

TE3 28 m W B Bl 42 S AT ARk
32 S R S A TR B G . AL G T AR
By J7 2 AR 5 4l A0 B Transformer , 78 IV 6 28 & 4
WSy =z bR SCHERE [ PR LD R ) T 0
5 #2718 (prompt) 5 | AT AL” J@ o 5| A H AR 1E
T bR SO R A i SR RE

PromptTrack 7% (Wu 45, 2023) i 9 [5] 47 [5 21
T2 e 5 i ORI AT &, 2 B A AR TR
H IR TIA 3D 1B s AT 55 09 [ PR AR .
Fa 3 T FH T Transformer 3B 3 TN X 2%, LAIE 5 42
AE R 515, S 5 18 S RRIE EA T AR OR L
PEFRI  HAIZEE “NuPrompt” 3244 T 235 £iE
SCER FVEBCAEAS , 0 507 440 R Ze 5 A Ao
PR SF T B 4 (LAY RE S LA SCAS Iy 2B A IR 3
7M. LI FRW, 7E nuScenes B8 4 I, Prompt-
Track ) ADECF¥i5%2%) AL SE Transformer £ [
%2 12%, W5 4RT T BRI .

TE S 52 2 12 AT S TRINATE 55, LC-LLM HEZE
(Peng %5 ,2024) 1 3 [ AR B~ 5 A gH 2 8 4
Wror Be AT AR Y, &% 42 A8 16 17 S E 4T m] fifk BT
D R A PR A 1 SCHR 7 Je mT (] P i 2 320 T 245
RS NRERE, A T A8 4 T AR
LC-LLM ) BTHRTE T 51 AR & il 547 815 5 5oxs
FERLH , ol F5T0 2 S S FL RSB v 1 o SCRT i R
P, w5 FE B [RIA TR0 0 0 5 Az sl At ™ A g g =X
DiffVLA (Jiang 55,2025 ) F 4 BB AL H T H k0] o 3
i 3 -1 PR s (A R FF 4B AT 3 ) 48 9 B
1o PR AR I 2 I AR R L B A . R AT
VLM (13 SCREFRBE ST + 97 HOSE AL i B3 2 Jl g
S SRR R LR
1.2.3 B FSCRRS RS S

2024 4, Zheng 2 A (2024) #E {arXiv preprint
arXiv:2403. 11057) k3 T IFBIPE T A, #2H _EF 3¢
JB 3z Bl i A 7Y (context-aware motion predic-
tion) , BFFE 3 FI I GPT-4V 11 SCHEARAE ) A 52
eSS o o A e SR SRRSO A
F 2 ) WAL AS MTR (Shi 55,2023) . AL
FEF T RIRIAEAC P T 2 EL H KRR T
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ZAGTERE . XI5 09 R AR T UOiE W] i T 2
B RAAY (40 GPT-4V) Hoag Bl 25 Bl 7 57 TR B 1Y
AE 1, A T i OO A R St T A RS . X R AR
A FBLRY (world model ) 55 80 Tt 1 #8 5- BiA ]
PRBFFEHTTT 18] o

NEEAR b5, [ BRAEJS0 5 100 45 i) it 5%
B =R H RS UL A O i a5
o 0 [ 1 5RO TR SRR FL 2 (i HILM-D)
(Ding 45 ,2023) . 1 75 4 75 1 178 0 A5 28 2 < A1)
H Prompt 5 B 4E4% (chain of thought, CoT) #fEF /K £k
BOPE B i (40 PromptTrack) (Wu 4, 2023 ; Peng
45,2024) . 38 FHBRY SUS RS A o GPT-4V
S5 AR S B 5] AL Transformer FE3R , SEFE T
JBCE XX 2 (Zheng 55 ,2024) o 33X 2L 4F 53 I [W] 4 30
T B AYB (comprehension-based perception ) ”
TE R, BVBEBURAL B WA, 5 AE B 3 5t i
SR T E R B0 B8 FR G R R BIK S ] A
SRS
1.3 #1588 & (visual question answering, VQA)
5B RE

et gt A3 S 3 R g b BB R AT R SR AETE
SRR, B G T B S i B H B VR AR -
S, B B T R )22 (VQA) + R AR HE
20 IEBERIRE DL A AR F 5 AR IEAT SIS R
VOQA AU BE 101 258 4 Ry A4 G-t " g
AR A ), o BEAR 1 AR () IR AR S W, S AT
fife e ] T S B RE , AN 3 BT .

58 18 5 A (visual language model, VLM ) 7
2 BT R rh A R 2O A RN Y

GPT-Driver(Mao %5 ,2023) , % 1 YK GPT
RREFHBEHH T A3l @i 4521
AL, T R e sGE A R S i [, 2R
PR LIRELE AT AT X 2R AR S AR TR T
R+ R U A S 3 v Y 2 O IR 2 ] i
B RRR AL T BT B . AR RIS 2
AR A A RAG-Driver HEZR (Yuan 45,2024) .
DA R IR AR AL H ST H S 3 VQA &
G5, HTAEIEI R« DD s 25 B S g vh G AR B
Y5 0% R0 3 B I 78 Y5 A 1 St AE R R
i AN Z2 RS LLM s BB TR AR 1302 B A5 5 1 1] i g
HARTE SR, X — ALk R GE A AR W7 St
Th AT 15 SRR 22 ) BEA T & SRR, SC g T R AR

[ Please make a description for the driving scene. J Q
N

@ The 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

L bus is further back, both maintaining their lanes and moving forward.

Identify and describe the road markings and signs. ] &

N

@ 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,
advising drivers to be cautious and ready to stop if pedestrians are present.

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

&)

I3 AR R VQA E55 /% 28 8 (Li % ,2025)
Fig. 3 Ilustration of IDFM for VQA task (Li et al. , 2025)

B 5 A RE E R G — . LA R R, RAG-
Driver 7£ 22 38 i M 4 L AR 55 v 21 i L e A5 U B2 T
9% [ T %, [ Bt 1933 55 i R 85% 19323
BV R AR A, IZER I R bR AT
il H o B o7 i B AR R M TEZ —. CoVLA
(Arai 55 ,2025) 2L 7] VLA AT 55 59 K AR 5 -
WHE-IMEEEEE . B REGR BT (R
PRI ) Ol i 22 B sl o G H 7R T 4R S AT
HE o R AR IR AR 55 i I
AEJ1o

£ VQA BYHEFHLHI v, B HEHE (CoT) BRI
AR 3 58 TSR B RS W ] B A 5
NN, CoT RENG B 24 5 PRHE B A i AL MW it A
BB FEShA g R s A BT, i, Y
TR B2 KB 1 S TR K 0 B, CoT AL T4
UCHEWT : DI I FE4E ) R B — QR = s 3 —
(BN 42 i ol 8 8 R M, DTS 5 PR A R b
RFEEFUE S o X HE S B AR AE RO 5 R B PR
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it

LN kil

“fif B ] AL % 72 (reasoning visualization path)”. H
HiI L 2 % [ PR 53 AL (401 MIT CSAIL 7348 AL
Lab) 1IE 7E ¥R 2 K CoT #& A BEV+Transformer 22 14
v, DLSE IR A E AT AL S PSR BRI

P8 (B BRI 1) 7 — A SRR Pk A S i PR 3l
FHR A AE b PR o6 5 7 5 06 i A 5 R A
KGHMELL BT T 48060 I, Rl hi /e
2023 - 2024 4E K FSD V12 R4 R T BEV+
Transformer 22 F4) 2% & R RIZE 1A H AR (Shi 55 ,2023)
W5 AT BAAE 2= i KOABE AR s 46 o %k S RRAR ( S 88008
DL 10 45 AEA RE NG LRI DL T, 4 2
FEFE I TE 100 ZZ RG], TS B T S0 VQA Hi
B o 3X—S2 R W] 2800 5 I G LA T2 4 Bl AR A
C TR R TR T )

T A S AR LA R VR 5 1 e
77, E bR A4 H ¥ R 222% 2 (continual learning) 5
WABRIZE S . AR TAE LS R-UniAD HEZE 1%
T3 1% o U R 5B g [ 7 R~ 0 5 A AR Y
5 B i Ak 2 2] SR Lt AR AL SR R 5 SR AR
4k . BERIAEREUAT 55 AT 5 K8 2 S il AV TR 1
XA, S 2B 2 2] (lifelong learning)” . X FHRE
TR RETE R UL 5 T J8 ik 26 AR PR 5
F MR TREAZ AR . EPRE RN, X2
R IO AR T A F a2 3 1 OC
LK
1.4 #HEE M5 FEE (data generation and
world model)

15 H 202 B R AUA R b Bs 2 i shie 48
THOSCHIK N R 32 o v e R s
BRE B e TRRIIZ AL S R RE . (5L
i R AR 5 hRTE 7 SOA A = - B T 2 A B gl
PRERAR AN 3 -5 Xt KEYREHRA
B 5% IS IX =[], [ BRI SY R ) A B
Frids . A B A 5 A B Bl X — T ) Y
s FUBR 2 < Bl N AR T S 5 7 R 400 25 1) 5 i B
S S LU R A REAS 5 T A PR R 5 | f
R —R 4 e [ A
L4 1 AZbsiES A REA

A 3 b5 ¥E (auto-labeling) 5 [ W & % 27 (self-
supervised learning) J2 [E Br A 5 (14 1 R 3 £ L6 o
B an, R Hn A 2023 4R R TEH 2 H S B R 5
FSD Beta H &5 1 F W B bn it 51 % - R IR 0

TERAT R, 8 TUAR LA V5 P — B
2 A Bh A E SR o IZIR AR RIE AR T A CARTE
WA, R FRREE 58 T AT Y st REAR I

FARFAMRN T — R H WEAELE, T AT
PRTE SR T 5 2 Mo - i85 X 5F Ros . Bl
NVIDIA 4 UniAD (unified autonomous driving) 2
BFSEUERE , 3833 BEV Transformer B4 B [a] —Eop: i
2 R, W] 0 AR TR AR 55 BR E MR T B9 H AR iR
S HABFAE 7. S4-Driver(Xie % ,2025) 5 £l
FH IS5 (BGER R 02O 4E S 3 W B s ok
B8 9 N e A8 AR S 2] AR B BE RS 1 A2 e AC il
SPHET BRSO I iz 3h IO S XU HE T . T
H AL ST SR b4 1 42 7R (prompt) " 1Y £ 64, $2 7
RN B0 285 37 35 00 3L -5 R SR B3 T 38 7, [AL it
BOE A AR 15 PR B R 0 B e =t
SRIXLE R GE & T ol AR B A% O AR S i BT A
G I o A — B E a8 B ) SR TR A
PRI, g Ao 380 o ) 7T 4 o 5000 A SR R
1.4.2 P ER 5 A a8 G

VT A K, A U A (generative model ) 76115
PURL 58 ST S8, O A B2 Bl B 1 1 47 i i Bl
A5 . DrivingDiffusion #5581 (Li 45 ,2024) J& 1%
TR T EZ —, WA —Fh 5 T35
SRS R Z A Y B AEZL” , AR S PR
SEHH Sy AR AR O B B, HAZ O RUHTTE
T i Wk 25 (0] P A 7Y (latent diffusion model,
LDM) A BG4 , B DR AL 00 e S 5 4 AL
T NI B BE A5 TR LRI A S i o Y
BT SCHR S A A s S A AL TE e S R
SO IR A RS v LR 4R A B O 1 45
DrivingDiffusion 754 J 19 2240 1 A S8 T 2544
—E VS P B 7E Waymo Open Dataset 1Y
P B E YT TR 2. T E R
T HICRE B DA B8 A B 20 A 7% 2272 Bl A & il 4
s, Ay AR R AR A4 1R A R R U
1.4.3 A (world model ) [ 2%

A B (world model ) J2& [ PRy 872 I 58 19
3 KHEIHT o HAZ O AR AR A 7 25 (] P ST
Py P B IR SRS , DT 7 K FU0 B 555 v S R 3L |
B URST TR

i b e H 2 0 1 09 T 4E J& GAIA-1 (genera-

tive artificial intelligence for autonomous driving) (Hu

© v 5 R 5 L 2 b
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45,2023) , BRI 22 7] Wayve 78 2024 4F4fEH
GAIA-1 2 E DA G GBS SRS 5 1R X
TH SRR, BE A S 21 g R 8 R PRA TR | T 5 42 o)
(TS5 . GALA-1 BIZEH AL 45 =40 : 2R
B2  HECIART SR 52 Bl 48 24
T2 [A] i FEAC AL (latent world model) : 75 5722 2 45 [H]
W27 IR DR, T 000 AR PR AL 3 A2
PR < BE TR AR B A R R T 5 Rl 45 5, S B
P8 — SR [ 2 T AR A I — A~ E SR AR
T2 JO 0 R R TR KU (5 BT f LR AR
Hh A B LS T R ) A B U R SR SR8

16 [E PRIEI H, GATA-1 SE0 T X 2 4238 B TR
T [E) 37 55 1) s DR LA, i Ayt BB AT F 5l
Z LY GPT B 2] . Wayve #F— 2042 1 “Data
Engine 2. 0”& Z , 55 PR AR Y 5 850 48 110 X i) 32E A « AU
A OB BUE — BRI R — NIKnE T 50
B
14,4 S—Mf 55 al A s

B Az UL A FUREAY A Bl T4 AT s
FLV- 5 (i 3 g 28 G A M SURRBE b S B AR AL
[ MIT 348 &% ETH Zirich B9AF 5% F A IE 7EEX
A JF % “Differentiable Simulation for Driving ( Diff-
Drive) V-5 , 1% R GUK ) BT | 45 5 b 22 ) 26 BR 58 A=
IASAREE A, R RY REAE (i B S b R AT R T
AR SREME 272 ] o X AT Bt 5 E S 19 325 b S s
PEA I 2R AR B ) 2 m] LAk 23 18], 2 25 4R T
THIERCE . 5 GAIA-1 WA et A B AU ]
DiffDrive SV 54 B — Pk 5 A~ S 2545, Bk
Ry ] H B B8 (embodied intelligence ) ” ¥ H %L
Bi 4t . OpenDriveVLA (Zhou %5 ,2025) $2& Hi K 405t -
R - BIE (VLA) AL AR 1 ) 3 3] s ) 20725 384T 55
BRI ] 2 RS it s Al G s i A 518 598
A AR I SRR A a2 R S . H
OFEESTEET VIM + ShERLRI A 5 —HESR | e 2
S Bt 38 i 1 A o PN
1.5 ERARBELLRSRET

LG Hr il PR B B R AL oY B
TSN B R SR | A A A AR e 4 L Y o A
F,HA LN MR HARFHE :

1) 3t 2 35 58— 4844 (unified E2E framework )

P Transformer .0, LA W58 5 5 5 9 1E

SRS A B — 2R R 2R SRR A B A

9 32 (Xu 45,2024 5 Pan %5 ,2024) . S51E481)
JZREERAE LG, E2E B W2 RN T iR 25 AR 4R
T ARG TTAE

2) i 7 UK B 1 AT iR B Ut K (language-driven
explainability )

i A AR S SRR PR A T SCaE W
1k, LA L 40 HE RAG-Driver( Yuan 45,2024 )  Driv-
eLM(Sima %5,2023) 45 . eAbh, BAEHE (CoT) 4 B 4%
RIEB AR AR 2, Ry 4 g SRt aT AL B A2

3) A= At B A 5 fi EL 56 GiE (generative
world modeling)

Wayve GAIA=1(Hu %3 ,2023) % TAEFR B, 24 1k
2 HH: FOASERY AT 7 K #0025 18] v S IR IS 255 XU
VA, A s 92 AR OB B BE R IR AR . Xl S
—RGEAE T S FE BRFFE Y F2 007 )

4) Z & Be K U 5] 5 Bf 1A & 68 (collaborative
multi-agent intelligence )

AgentsCoDriver (Hu 45 ,2024) [ #& h br & H
B2 B BT b B4 “ A 2B B8 VR AIE , B 2 424K
Z I8 R SCEAR 5 PR R

S R G [ B b B B S R A AF Y
A TAZ D BRI

] fERENE 5 2 WE : AL B2F B 2 4
VAR A3 2 A8 XL [ R A o fE 4 21 (ISO/PAS
8800:2024) IE g 5] ARG H & 518 L
il o o340 TR 5 B 22 « A B A AR A
W7 R (A—>B—A BERIPEAL P 31 ) |, 75 @ 7 Al {5 4K
FER R . HHEBEREESEME i eH %2
BRIV ZF- 5 s A7l R R R, R S
NVIDIA IEFRR K 0T S A28 W Ir 5. REE
SRR 43« [ BR B0 1 oA 1D 0 A 7R A8 158 R 5 1 AT
P e (R, R 56 B A2 38 42 4 Jiy (NHTSA ) B8
“ALTHLZE B 50 (2 = 58— PP 5 AR . X2
SR AR ) (1 G725 Bl SR HOR i
W G B A8 A RO BT PR

2 ERHRHEE

Wit 5 ) B 25 B R Y DR e i [ P A X 40
SREOFFE U T E R . JEHOR AR R BOR Y
FIAJG , 3025 30 2R G055 i A G AR A0 A 1)
UM REAL — AL R D SRAR R B . [ N BT 5E
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LN kil

FEAEPIELLT LA -
2.1 HBIRERSHK

BRIk A PR S R CRIE 2 322 4 Rk R
(R B4R ] P A X ST R A 5 S T i
J& | i 2 A ey ) FH R A AL B T D SRR i 5 0] i
BEPEDTIH . fRSen) A 38 Bl R 400 5 R R e e
P, #5BHe 2 [a] 4 43 T I, (ELIX R AR A L 22 58 T F
Z [, qn s B fE BRI TR T R iR 25 FL R
o UL, HOR R 22 I T 3 T fR 22 iR AR 1
FHF P58 SRR Hh LS 50 7 20 e s 380) i 2 >0
PREHERE . BRUMIFEE A (2024) R GE R B 1 3 2035 [
) N NI ERT ARt

B PN BB 3 R T AT i 0 K R AR
(LLM) 5 [ shZ 3 e s i R & 4R T sk i
B R AR et . ln, BLReAsTER T AR
T R AR R ok R PR R R B e d, ff
1525 B e S NN RR 4 RS B L R B AR LB A 1Y
DA | 14 T e SR R 1 385 BH 8 R T A R (X
25 2024) , IXELHFSE S TR 1k A5 A KT TR A
BRRE ) T4 A 228 3l R G AE TR 2 24 A5l IR
RESE AR LD T 05 PR A PR3, O30 Ao AT figp R 4 i
Bk B X RGE AT

FEDRR R G MV TTrf, [ IR B T — e X
DI PSR A o . a5 S I R StRE
g 07 i R PR R R g, DT A 38 B 2 AU T R
BRI T AR S . X — R,
AMURTET A Sh2 58 R G015 W g 7, digm T3
TEE 8 55 R IS AR YE (Luo %5,2023) . 40, 1@ it
ICACIE R | 22 S8 RE AR I X I T 3 6 5B 2 s LB, &%
B 2 0 B TR B A O T 4R T S A
A B, i RS aE K 2E 2 AY DriveMoE
(Yang 5% ,2025) £ ¥R & L Z B (MoE) 51A
VLA B8, g TR 222 3l 5t T iz ke . A
[7i] % 5% I 245 A 330 AN ) 2 el A = (A iR 2 O 42 ki
BE) T PSR GIE T . AR
s N A S LA
2.2 IRERRRANS XURE X 5 44

BB AE R RS MR RN OB Z —,
B 5% 3 2R OB R 5] A B PR 85 J vh , DL 4
Tt RGN A B AT (R3E N RE ST o AL S IREE IRk
TR 22 G030 O B — 1) A% SRR AR A R (H R R K
BERIEE ARG, ZESEAE A& BN T RE. ML

S AR AL L S S TOG R IR R
TR B HERf M, Z B0 0 Rl G nT DA T B 1Y)
B AER M (2R AR 4 2023) o [ N AORF S TR
A e Qe 38 o KA RDKE DL OB ER 35 L =3 il 1B
G 2B EAR AT UR BE RS, DA 2 5 SR 3R gkt
BN KRS X G CanAT A HAh 230 45 ) 1 A K 2 Fn
SRRV RE T o

o4, ] PN A /NS 3R 2 A R i AR TR T I
H b, R 8hbn i R KRR T B0 A5 e 1 g
A AR T S S . X — T
AL T B AL AR B TR Y kAT
T, TR T T AR 2 i R e A 2 4 A T A SRk
MG J1 (Wang 55 ,2023) . 78 HARKR I 5 7325 05 10,
N A F S RS TR 2 A . Fs i,
DR T R S R RS AL T LI R
PRIt A 302 5k FR G800 52 2 st b KU 6 G0 S R
W5 ENLRE S (Yuan 55,2024) .

A XU XoF G2 R ) T, PN A R I L e B
o 368 o AR AR B w5 %) 5 2 2 B BRI v VR A XU %o 4
FAASIRS B . B, A SN B Il T BB AT R 4
sorf, anar B iU LA TN (GEBR H IR B A4
K HADAZ S 55 2 YT RS . SRS RTE
TR G AT T RGBS B, 5
T R G R U s ) o6 E T (Hu 48,2024
2.3 ZEaEHERSER

B %5 5 BE 25 B R AN T 8, AC 3 R BT 4
AR — R B AAR 1 2 B 2 A Ry Z2 A e Ak (240
SR PRI PO . 1 P RIS BT LR R
R 122 22588 s rh L ML 2 AR Re AR 1 B R 5
P XA REPE = R W RB L T2 It
MY RAARRR . 28 eI U R D SR AR W T 4 58 X
R 4 52 e s b B 20 1 A fA

N 1 22 BE A P R HE 22 (40 AgentsCo-
Driver) R T KI5 5 BRVE A AZ OB S |4 3l ik
BRI Z B 08 AE S UME RSk i A X SE R
FE3E 1 iRk 2R ) R 28 Re AR TSR BG4 Be AR
REME7E 2 A8 AR rh A (5 B L HECG T, A
IT3EE B 12— BRI TE B2 2 o N RS SR 1 [
(Hu 4,2024) . BG4 38 3 5] A KIE 75 0 ) 4 38
BT, 22 GURENS Tt b A B 2 A RE A 22 T 19 AH
SR 5 g SRR A B AR R . B dn v
BB A sh 4k Fr 5 ¥ A K 4 A 1E 19 World4Drive

11
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(Zheng % ,2025) , @il & VLM 25 [0 35 X 5656 4 6
PR AR fiff 22 A A J03 A5 PRSI 00 T, 3
137 v CHES S BRI 4 R A B
TR T7 % T K 46. 7%, JUHE FH T30 Je O % 1 /9
ZHEZH YR, B BN R A V2X Bl
S (Yu 55,2025) , 38 i o 31 i 22440 fil 5 2 8 I [m] 45
i, B To IR 20 5 g e ()l i R AR T & 96% , il i
THRAERAMPE X R, N = - - etk
TSR T i 3 vy S BB AR

ZR Re VR P [A] 5 D3 B IS I B 4% T o 38 i i
2 2 A2 ) S5 07V LR RGBS AT Y 288 2
Birh A et g ) M A Ak . X — SR BT N
ARRFREE I R G S R e 288 i S BRIt T
BT %
2.4 HIREMSBHIRE

e IO AR R R R B R G LT R DG L AR
WIA% 3¢ 0 B8 % B AR 5 20 A & & HRSCR AR
T o M, RIS A T UG PR AR AT E i A R
RUFN A Bl AR BRI R A FIAR T 1 A, JF:
AR Y B N 25 5 AR BE T A2 R 9 2K (gen-
erative adversarial networks, GANs) FlI ™ HUR 7l %) A=
JRAA  WF5EE REUS & I FEAL I S Bl 7 5o s
Sl S A R 3 S A i 2 A 9 Edl A i, PR T
RGAEW S 5T SR CAlVIINASE , 2025) .

4, N A /NS R AR Y 2 i A T i
— I EE B 12 H R A SR T EOR R
I g 5k EHR A AR i A, AT AN 1 R A 31 2 )
AR, X —HARN SR 7B A B RCR R
RAAERY F 20725 B RS 3 £ A i I 1 T A7 0 i ke
J7 % (Wen 45,2023) o Be4b, [ A — SR 58t 5C 1
W] A A Y G 2 A 25 B 2 B R
FE AN B o 25 iU A Re i e 3
SEHXELASRAG R 37 B b, B B2 B IS4 1 A
B RG
2.5 MREESIENIER

P 1) 225 (VQA) FEARTE A 3l 25 Bl 5 48 b 1
ML BERTE T RS 5 E 550 AR S S HAE
{75 19 325 b R A 7E 52 212 1% 25 s B3 v L 3 1 X
BHGTOR . ENOTSEE TR — U IR R, 4R
HAE ST A R B3R T R G R A B e P Y
TEFRRE ) DRI ARE ) ST et . Horh KR B R
FAR(RAG) BN 242 T+ A 872 Bl o 7] 225 ] e

PR AT SE PR RUR S . RAG HoRE 5 A
O I IR Y bR S0 2 ARSI R RE S M TS 2
L SR TE R TR R S Y B SRR S22 41, oF
257 3% B8 G0 A Ji 2 B4 il 5, O [R] k&t m]
PP 00 e R o 0, A HE R A 7 4 ) RAG-
Driver A 2% o 3y 28 & 1 P 3 2o 2 Y 7 W
JE A A 2R Bl ) 24 ) T A PR B T R R

B TR ISR AR, BB HE R (CoT) L2 2
THA SR RGN A RE AT -Be . JE AR
T RN Y R4 i AR RE AR S 2 1 LR
Wil Ay AR AT ol s . N B/ NI IR AT 1Y
25 B A JAGE (G 07 FH T S A B IL A e AR A
[ Z N TTROR (TN 1 MR L i P &SI AV S )
HEFRAT 48 CER 42 0 7 A DSk, NI FE A G 0
WAL R SE PRI BT R IR R X A Al
R AR T X 52 A I S I, BB BN A5 AN S 3R 1Y
R P T Sl Bl AR ST A BEAR BE ) 5 0 R
(Zeng &5 2025; Liao &%, 2025; Wang &5 20245 Nie
45,2024) 0 F IXMRFRMETAERHIN CoT B ALK &
BEOTHRIEAT T HE b

SR, AL PRA T AL 7] 225 B 3 i 5 A K
FOTTSINEE] , A 32 3 28 GRS I OME Y SR ™
B o T R X — R, BB R I BOR Bl T
WP JURL IS 5B, A A 2 R 3 ol o R ASE AU A 7 s 4 A1
17 4, IR MR 9 TR SRR L T 4 s AR G B9 SE
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