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[ Abstract] World models are generally believed to understand and represent the external world and predict future
states based on current world states and actions. Large models leverage massive training data and vast parameter
scales to exhibit outstanding capabilities in learning; understanding, representing, and generating textual
knowledge, as exemplified by language large models such as GPT-4 and LLLaMA. In recent years, research on
world models has attracted significant attention from both industry and academia, leading to significant research
and commercial achievements in domains such as autonomous driving, social simulation, embodied intelligence, and
video generation. Moreover, researchers have applied the remarkable results of various large models to world
models, further enhancing their performance. This paper comprehensively reviews world models built using large
models across different domains, covering both language large model- and Vision Large Model ( VLM)-based
approaches. Several important application areas, including embodied intelligence, smart cities, social simulation,
and physical environment simulation, are selected to introduce relevant models. This paper classifies world models
based on the modality of the large models used, highlighting the functional differences between world models based
on different modalities. Subsequently, important open-source resources and benchmarks for world models are
presented to help researchers in related fields understand and utilize world models quickly. Finally, this paper is
summarized and future research directions are presented.
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Fig.1 Classification and application of large model-based world models
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Table 1 Overview of representative planning and decision-making models
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Table 3 Overview of representative embodied

environment models

BRI 24 Bk A i 5 Hm
Acther™ 2025 ENIES FZIEN
Matterport3D-! 2017 =W [EES
UrbanWorldl* 2024 Ehh G
MineDojol**! 2022 4 s
UniSim™*"] 2023 N/ EIES
EVAF 2024 =N g
Pandora’®®! 2024 EN.ES5 B
TessrAct™ 2025 =N BB

AR 1) TAE I — I 1 SR AR | TR 4 Y
HOBE ) R Eh AL P eR) R B, BT 4R
Matterport3D-"" 32 %238 11 RGB $ii4E 4 i 2= N %
R E R A B T Z N vk, HE M T B
BRLAUL 2 A1 3 5 Wsf A R 5 T T S T A %) 5l LA
I £ 0 3 55 30 & M. SHANG 26057 #1111y
UrbanWorld D& 7 — 3 38 i X 150 v G
D7 W HH T A s B i Y 3D Bk R OF B
BT T —Fh 3 T B S0 SN SCA A 3 T 2R 8 K
BAL, T B A s S BoRE AL Y A o R
ANANDKUMAR %3 45 11 () MineDojo W) 55 4
FE 5L TPl TR 5% 19 24 B, ) FH R0 i R ASE 8 Sy K LR
B2 (R RE VR 152 312 Jilh o B8 LA SC 4R RE A 1 45
1% .

DLy ik HAR IR BL R S 0 2 B 3R 8, ok X
FrE et o 2 2 LW RS AT 55 5 R kATl
Yr. WA R U R A R B 205 R AR
B KA A ) T R 3G E S A A BE. YANG

AU B UniSim 4828 7 U047 38 1 A ot el A
Sk > 3 FH A BIL S 58 A AU %R R R R 9
A NS S MLAS AN B s . & s R E UL L E
K I ] SC 500 » B 0% R 0 RE AR A L& R R W
I8 EL AT H AR . DENG %85 5 T U35 3 ok 50 4
HEA 1 1] U7 E 2, I EL ) P 38 280 Ik (7] 22 (8 7 1
B 110 G B, A5 RN 7 43 A SRR 4R Ik A
LAAT AT LIAT 2 H R A 0 1 S R, (E
2 B A I A g AR A A R Y AR AR A
A TG 32 AR RE ) S B4 1) R, 1 A il AR B i
A TR B IR EE, I A S0 503 T U 1 T 4
THER IZ AL RE F1 . XIANG %748 H 1) Pandora
BORLE VR A (0 (105 o 4 R 2R e 49, 3 2
B AR AT AU BRI 3R AR A S R
i 1 KA 25 15 45 4 10 » Pandora #5784 52 31
T ARG A IR — FE Sl sk, CHIT &0
kT i IR A A R R B 43 A7 A1 32 AR RE
K FH A A S A R BE 1 5 RS AR £ T A ik
ey L AOR A T S0 SRS R ST 5 3 1 32 A8 R A
PLES A4S T & ERCR By, ZHU 2565150
Sk ik 2 AR e = DA A B MR ) L S B R 11 R
AVZACBE 1 o IF ELMELLZE A LA 35 2 A0 A ol At
M IZ A BA$E 44 SR Aether Ao T SRS Y, G2 45 1Y
A 4D 0 FAR AL 28 50H A LAl 03, T
38 2 R RS Y S B L T B 4R R I AT AR R
R TR RREAS (0 S5 1F F 58 A AD Y A L
Akt R 00 R R ST 55

A — SO RIFGY 3l A B AN [R] A 2 R AR ke Al
A4 R A A PRSI R, RIGTER 4677 32 F
UniSim #EARIHES , ZERRIE T SRR /N & 2
Ptk B ag AR L O FLiZAs R fifi ] — Ffn) 2
PGS 1 A T DI 5 4 280 %) v i) i o o DA TG 5 381 2 1
SAER R BISR . ZHEN 2857 i TessrAct 5
TR T fiff FH ™ S 280 A ot 55 37 5 LA A L 38 1) P
Sk 24 SRR TR ) A 285 SR (o AR TR 48 SR A5 B S i
RO
1.3 ETHMZESKERFH TR

BT R W Rl KRR DAL L iR A — S RS
FABEIRY A FH SCAR LA RN 357 49 A5 A5 454 B R DIl 2k
B TR R B 4 0 B A R AT S5 A B
IFHEA A SCAR T A B A A 15 B, o
AT O THE LA 4 T SRR g A s 00
JEEL 5 10 S ABE TR 401 AT Kb L A AL FH 224525 R R
HH LA BE Bl R v A A T AR R o BLA
BRI 4 PR,



5245 F6H/2026 £ 6 A/ATENTRE

7

F 4 ETFHMESKREER M FRARRIEE
Table 4 Overview of world models based on
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Table 5 Overview of representative autonomous driving models
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Table 6 Evaluation sets of world models
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Table 7 World model learning resources
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