CRUISE: V2X 375 b il i st 0 1) 5 1 B -5 2

Haoran Xu!?7™ Saining Zhang'3*, Peishuo Li**, Baijun Ye*
Huan-ang Gao',
Yifeng Shi”

, Guangqi Yi”

V2X '
Synthesis |
D R
Scene
Editing |

f |
Street [
Modeling |

Fig. 1. Zefii2 V2X &%, B/R Tk HA HENER B A0
& CRUISE Jiif2, ©MEHE AR R, 4T V2X FdhEa k.
LR FR H AL E .

B B R R M R, A e 2 b
AU U E 190 315 B 3]
S B AR (R T, REWS S DA ER R LS T 5
TR AR B R 1 2, R
-2 IO BE I J2 0 126 3519 F1 50 25
ﬁﬁf&%%ﬁf%ﬁ 0 26 S ) T S BT A6 TR

LR K, M Z84E I (NeRTs) [§]-[L1) RIgsHiBe e (GS)
[]E&ﬁﬁﬁﬁzﬁﬁi HOECRIBE A 1 e
BT, S (1918 EENET EessH
B TR WA, R e
T o) 51 AT 4D FAR A, A B 5]
IS S E A5

R IR TFFEAE ) 200 f0 R LS T s
S, EL B B 5 2l B T AR DA g L
e mﬁ,%ﬁﬁiﬂ%ﬁu%%@%ﬁ%%vm

i {5 1 ﬁﬁam R — A AR LB B T
[30], ﬁziﬁféTF \mx%%f, ER Rl
[] ﬁﬂ[]\%ﬁ[h[]ﬂﬁm

;XU TR AR T A AT

%Mﬁ&,@%Tth@Xﬁnﬂ%%%WMWﬂﬁ%
HEBRG . XTI TAEF, AN T CRUISE, X2
F—AHT GS 1) V2X #HYUHESL . CRUISE S EHb
BTESEEWIAE, HFEET V2X HEsE.

AT SEBLE R s dm A B 2B i, CRUISE 146
LR GS M VX EUR HhEEIET, X AR5
SHEHESHSEHRSE. FEEEGEM L, &RII5IA
T—MA T, AV A G O AN
B SR LB B 5. iSRG, HEY
Vil DA B e fn St i i A e g, B T
RS AR E VX $dlgE, wiE 1 R

* Equal contribution. Institute for AI Industry Research (AIR),
Tsinghua University; 2Beijing Institute of Technology; 3Nanyang
Technological University; 4Tsinghua University; "Renmin Univer-
sity of China; SBeijing University of Technology; “Baidu Inc;
8Peking University; 9Shanghai AI Lab;!®Westlake University;
1 Beijing Academy of Artificial Intelligence.

1 Corresponding author. zhaohao@air.tsinghua.edu.cn

, Xjaoxue Chen!,

Jv Zheng!, Xiaowei Song', Zigiao Peng®, Run Miao®, Jinrang Jia’,
. Hang Zhao*, Hao Tang®, Hongyang Li

9 Kaicheng Yu'?, Hao Zhao®-!

AT AL FAT R A AR LR A R, AT V2X-
Seq ¥HE4E [43] BilE CRUISE 1ERZF 3D #:MFIHME
3D PR BT 45 RS s SR s . B R AT R AR E R
V2X s @A g s, CRUISE M58 T H
A RERH SR EME LA RN PERE . I 2 & I A
irmwBE¢ﬁ~4§w%Iﬂ,ﬁﬁﬂﬁ%%\ﬁﬁ
AR SRR AL VX AN . B, XA
T PAR B DT

o FAINZT CRUISE, X240 V2X iy
FUOTET GS BT EAES, e sCBlm R E
ey IEZ N R gl

o CRUISE ZHpmftHIp = EEMRIE S, BEBM
20 L Tt 8 it A0 A A B 22 R LB B V2X %)
s, MM IE S L I 25

o FATMEIG A ML B IS T H . AR
PrEALE ) 3D K DA S HibF] 3D BRI .

o CRUISE #— 2 ¥F T om0 A= B, 3858 T 4%
PEER ZRENE, I B TR A0 9K 3 i PR 2R
HHRMN I RS

LR TAE

SRS %, CARLA [14) f1 AirSim [15] |
T 2 0] K 0L ER B 25 B9 - 3 A R O B 2 2
SRR . EAROR, ﬁ%ﬁn%ﬁ%ﬁﬂ*ﬁﬁ%ﬁ
B WA AR, LT A R T
i LiDAR 52 ¥ o PR oEfT I 2, JELR A ST B 5 AR 2T
e (NVS).

B4 3D WHH AR LR, M5 NeRF [§ A1
3DGS [13) . 7 22 4SS 2 [ BT, A T
T NeRF /7, Block-NeRF [13] 1 Mega-NeRF [@
ﬁﬁﬁ%ﬂj@i@T*&kﬂ%ﬁ%%oﬁmN@Hﬂ
{
J

EmerNeRF TEINH RIS, HAh, oAby
% 2], 24, B3l-[56) FT M2 545 7 S N B i
4 RS R 2 AL . AT, 696 VA e o5 o R
PNl

WT GS, PVG (57 S MR 3D ik

AW . DrivingGaussian [27] 5] A &3h

S A 3D #SEW, i S® Gaussian [29] PAH
MﬁmﬁTE @*ﬁ%*%ayﬁﬁﬁ%MEﬁ B
SRIXLEILT GS W ERCE m HE A REE, H
EAEE R E R AT X TAeES, FRIMA
T Street Gaussians [28] , HARAL T B E AR g
B #ﬁA4D%I*ﬁEWW&*$%%M PATE
‘WXWE¢%%$%ﬂ%ﬁMﬁ%

www.xueshuxiangzi.com



Data Layer

sl LRt
sl AR

! . £3 e
AR e T
L=y %ﬁ‘\l&’“

V2X-Seq V2Ximages LiDAR point cloud & 3D annotation
Data Processing

Reconstruction Layer

A GPT-40
Dynamic GS
3D Reconstruction D, position of fore-background
Fig. 2.

Editing Layer

Traffic flow

Generation Layer

Infrastructure view Ego-vehicle view

Application Layer

tection/Tracking ner Case Generation

Scene Editing

CRUISE ) TAERE . BaZ V2X-Seq Hfudedb Bl Grit— P M. Sl A BBl T T 308 GS e s = )

flwi SE R EMEE, REHEREAE B A GPT-4o L MAIRMACETR, I HAEMEIRrEmE 5. EREMEER—
B VX BRI RS . I, BRI BaRAE AT AR T 3D Rl /BRER . Ao DA ORI HABE—2L i o 2L LR 1 B AR
.

A FIRI B AF Bdo

VX HiME [B2], (B3], (58] [T AR — %
T VX SIS R, SIS A
%%?iﬁ%ﬁ%ﬁﬂﬁﬂoaﬁﬁﬁﬂnﬁ%ﬁ%¥
& [B0], [62], (64, (o6 SeRbMERL 5, SEpt Fx
V6 Z 55 I 5 ) BRI E, RIS, P 2 B
3T, CoCa3D [33) 52 T i 5 0 U it
J1. BN, VaXverse [T1] BIA T — A Eh S b E 2 Bt

A4, BTEfedtET V2X 9 HshE L. @ﬁiﬁii’ﬁﬁh
FEATA AR PR TR E V2X-Seq [U3] K IFAl AT

P A R
II. & AXFEFH

3D-GS [12] Jil—41 3D @fiik s 3D Bk,
SR ILAT RSSTRT B, Hob R € R3S e Aa b,
S € R3S SR

J T VAL 3D R SO, Ff1R
FIT [72) TP R R S . 4 M
G T s = (s1,52,55) | € R Wi/, #F IR
%

Lgcale = || min(sh 52, 53)”1- (1)

N TAEE GRS BATEBCR 1 B8
RGN T, s2 A KE. #oh, FATR A —A4
EE B8 A Ot e Ul AR A B -

Lratio = max(1,s1/s2) — 1. (2)

IIL.

CRUISE Bl shas GS AR ) 5 Al e g R AR
BERE. JLFERM V2X Z 3%k, CRUISE 418
mE R R, HFHEZEREW S N EARERZ. B
BRI R V2X-Seq AL R4 N IE G if—2P IS
Ko ABEHESEM G H THEERZEPE TS GS &
B E -5 R. EREZE, KEHEREAMEE
WA E D 2RSS, DA AT BB A A2
T s e A . AR R E
By VX BRI A RS, BT RIS . i
Jo . AR BAESE T AN T 3D A /R BT 45 DA R
HoAh A A Y o

B B A I X R A e RE R S5 SR A BB

FERRI AR, FAT) 6 2R DR B it i VaX
Hidlask V2X-Seq U3] MENIANTHI B AR, B

T FEEN RGB E%. kH LiDAR W= ASOEH A%
HEERR LAY 3D R

TR 2 B, FATEY T — T GS gy
2, R MET RIERTE, 1 3D SRR RIL
fife GS Jy¥ATE 3D EHAFAE A (NVS) st

THRSEHR (SoTA) PhgE, HEXNFREFBEEGIRNM
Stk . AR Street Gaussians [28] , X2 —Ff

TSR TR I, FE RS A R4 ) (4
A5, AT AEBEF AT AR 5t 2R il
Bk, BATRFEAEFAR A Street Gaussians i 1)
Moo T ERLT IR AR AEAE ML ISR 4D XF4H1 3D
T, VX BlRgi ok TRk SRRSO
HARIME. 72 H EI RN, 400 SO o
TR W5, FEESEFITRWEE NS
W X— S 55 T B EASE L EAR RN R T R
XA, AT SRR BT, TR A—"1 %
H LA B 2 K B 2R, AT SE 3 i 5 1 5
) SR 43 B
N T EBRER R ARA, FATREG R B E AR
i) LiDAR miz. ST 3458 B AR s s B2, Fen 6
REFHERAGZNSE S gGdld, giaTmrimsn
LiDAR HBEHE . Mo, FATRM T GOF [73] /Y5
FRRB SR , 2% SRS ol FH] 8 B 0 ARV 42 ) 248 RSB B 52
Tt PN 2] BB, AT 800 P s B e e AR i
e PR ELTE L RCR
GS YRI5 2K BR BB T -

L= £color + )\lﬁdepth + )\2[:norma1 + )\3£sky

3
+)\4‘Csem + )\5‘Cscale + >\6£ratio + )\7‘Creg~ ( )

16978 () B Loowor F7E GOF [7d) F, HpEG
S e R TR, P SN AR . Laeptn
I Loormal 4 BTSRRI 2 jHI L1 B2, DA
LiDAR % EFFIH StableNormal A= B2k 2 (8] 1 1 2k
[74) o Loy BT R2 MBI Z(HA U1, &
XSl Grounded SAM 2 4E 1, [@] o Loem BIEYYE
SCXRPECRIE A 2D i XA ST 2 R4 E softmax
yy*ﬁjﬁ% [ ] ° Escale ﬂ?[] ﬁratio ﬁ?_@jg@%%/ﬁﬁﬁt‘]m{ﬂ
AR R TR T, DS R R, 55, Lo &
A F T 2 L R 43 AR TE UL

WG, AT DA B R i, X
BT 7 1 S i

TEg R, ATt T B R iR R B
W, G, FROTAE IR b2 00 i e G I

www.xueshuxiangzi.com



Image-to-3DGS General tion

Fig. 3. Staiginis. @i N EHMIERAR N EmER, A
TRELLIS Ab3 2240 5 PR DAAE B = 4t Wi 4 v ™. [Wle, 4R
oL REHIE DA K H E US4 GPT-4o {FA%I A, GPT-4o %
HLAWURS | ¢ FIXTEAS p; BRI RERLE . B)m, (40
B T RO AR SR PR ERCEAE S S, DVEBGHTRY V2X
Bl LLOHEITR T HEWOIE.

HRSF. X ERREEB% A TRELLIS [77] , 3X—Fl
JeHER) 3D AR, AR U R LAT AR A
VAR i 3D BRI . IR, RN T,
b PR ] ZE B A4 GPT-do, LA WCAT BERY 3 5 9
ABGH. ELAAH, BT R L T, FRATH G
AL . BT SRR LiDAR 20, Fofl1vest
I FRic A CITY DRIVING FH474 is intersection
ST, RS, ROV B R R 7 IR R
IHIAR R, P3R5 i T M 6 2t e 63 i
e, HAm b T PO R E . ROk, FRA1ERA
5 2 205 L 2 R B 7 B 7 T A% GPT-4o.,

BEAL, FATPRFRE 10 WORFE— U A B 1R 41§

tl y P13 tQ y Po 5 /ﬁ\:qjteoaloa207,N%%/j—;\-mﬁ
Zgl, 1M peR3 FRfif. Ffijs, GPT-4o FlfH 2
SHEHLRE TR M I AR, X5 H%E
Bl FRATN HIRER A B A B, IS
RS ahfy, AR EE I TE soh i A S I A .

GG, FRATHEE—WIM B Z A EL R B A TE Y8
) VoX [EG . X AR, FRATRF A 4 XK ] pA B
FSCH B nEdE . R, FRATT MR AR A 3D bR
AR, NS A V2X HdRsE. WaTRE
HE T e RS AN ] | s o
A T#HERER

CRUISE [ Rl G2 NI, G =4kl /iR
BR. Wam g LR R, PAR V2X AR5 B ER N ZRATIN L .

it o v 2 g 2028 BRI RERE . VX A e A Al
SEA4H B A ORGSR, KEZEWF M=
THEERE, ZMT R, B RO
HR) AR

CRUISE E# 7 HELMA M= AR T 2 VaX
B, WiEnfmsh (O0D) 3L, M #4210
R BE A% DA ) HE AR RLZ AL BE e AT N SR, b Ab,
CRUISE ¢ 7He sk G 2B m, 5 8 B aifb R0 i Hb
3t ELA Pk R 2 B . SRS LR R KL A R
fit, CRUISE A3 A[REMAKRAY V2X BF5EH AP ER VI AN
PR ST — AN

TEXT TAES, AT FEIPAG A L BdEAE V2X T4
R, 3D YRR AIER S, Fn T CRUISE #iE
B RE

IV. L5

A 2 &

V2X-Seq. V2X-Seq ¥iiide [13) B—AET DAIR-V2X-
C HiRSE [64) POIEME, FIT 3025 0 o 26 B b

TABLE 1
V2X-SEQ [ EMLEE. S3 -GS & S &, STREET-GS &
STREET /5.

Method Box | PSNR 1+ SSIM t LPIPS |
3D-GS [12] 24.79 0.902 0.158
PVG [ 2851  0.924 0.115
S3 -GS [29] 27.54 0.931 0.097
HUGS [81] v 27.23 0.925 0.101
Street-GS(Ours) 24 v | 27.97 0940  0.095

EAEAE 6 B IRy 95 Azl A 10 Hz i3k
FLSCHE RO, B RRREE 10 2] 20 B, BUEALEE
T A AT B Al 1 B G P RO R i, BB
Fo# 7 LiDAR MRk, #RASCEBIESH ZBESHILIA .
BRI PRGN SR 3D BREATERE,
HA M IR G MR ER 1D, HFFf KSRl

B. Fietmy

i 928 ¥97F NVIDIA A800 GPU k4T, K TPk
TATEZE R, TR V2X-Seq FidadEny 4 320
HEEEE T 6 Npslit T R E . AR R, AL
AE R R AT 55 R A R

ST EZE, 114 Street Gaussians $EfT 50,000 %
R X 3D A, FRATESME Bk T _SoTA Jrik:
MonoLSS [78] i T (/-4 1, Bevheight [rd] i T (i3
A EAL A, ImVoxelNet [@] H T EME . ImVoxelNet
A PATATEME 3D BRER. MonoLSS 1% 150 4™ J&
Bevheight JI|%: 100 & H], ImVoxelNet iJI|Z; 24 4~ JH
.

C. Tk

e A R i, %ﬁéﬁ]HﬁiﬁT@lﬁJﬁ%E"J 45
WATEET GS 4. 3D-GS [12] . PVG [p7] . S°
Gaussian [29] . HUGS [@] Fll Street Gaussians [28] I

M T AR B V2X-Seq # 6 ANF51 . FA1iRk4E T °F1
PSNR (I&(H (=M 1 ) . SSIM (SERIAI LTS %E) FiI LPIPS
(243 B BN AR HARAE )

MERS | FTPAE L, FRATE R Street Gaussians
1E S AR PRI THA D . A, LA
F P ARAELE N 2RI 18] X R 5, BRI TR
W ST

D. & AR R AT

% 1 R TR EAE V2X-Seq bR KL,
PR A . [ AR LE R, B AE
?Jﬁ%%nﬁ'fﬁj*ﬁ% (»Cscale %n ﬁratio ) ﬁﬂﬁ?ﬁi%iﬁ%%ﬂ‘
(e, AT S R LA
A T A . e I AR, B T
S RO P LA [ T R S 1 K AT
T S5 A RS A RE A
SAULIRRBIO A . oA [ WTDATE L, 40 Ah U AR
AT PARCE T AL R, A T i e ST — S0 LA
TR, T2 T *MEHL A RO AM R

www.xueshuxiangzi.com



= - N
Vo244 R RRNNNNSNNNNNN Sy 790/ /N AR AN\ = Yor

ZILINNS YL

Fig. 5. Telitlf V2X-Seq Hadk B 3D Ml pE g i, EAF R R BRBOE A, TR AR R AR A 0 . MBI sk
B B9+ ARG ARG B9 SRR, GBS BT U R T LASR G I M AN R B RE T

TABLE V
TABLE II V2X-Seq EAEILA 3D il /BRERR) E R A5
AR A BT
3D Detection 3D Tracking
Methods | PSNR T SSIMt LPIPS | Train data APsp 1 APppv 1
(I0U=0.5) (I0U=0.5) | MOTAT MOTP 1
Ours w/o Normal loss 27.45 0.933 0.103
Ours w/o Geo. loss 27.37 0.935 0.100 Real 14.79 19.75 21.83 56.65
Ours w/o Ego-mask 24.44 0.910 0.125 Gen 14.99 20.09 25.03 57.29
Ours w/o Appearance 26.89 0.929 0.117 Real + Gen 15.91 20.74 25.52 58.15
Complete method 27.97 0.940 0.095
E. 3D ¥im) /5 30 45 %
TABLE III

‘ R WTFTFUWAES, FAI7E V2X-Seq M 4 5840

VeXSra LA 5D MWL REE Fagl T8 8 AR, H oL T

- ——— e Ay . TGS, R R R AR T

i daga TP UOU=0DT | APsevUIOU = 0D T 00 iy * 3¢ 11 o 70 ELSI R e 1A 4R A
| Easy Mod. Hard | Easy  Mod. Hard@ﬁ’ DLIEFT /A Hotie o

Real 56.84 37.69 34.14 66.81 46.62 44.21%1‘%% 3D ﬁ{ﬁﬂé@%%o ﬁn%:z 11 F)fZT’\‘, EBJZEI‘J%HEE

e + Gon | 6185 43,05 3871 | 6ras avra amedl KWL MPIGAIGE | o 5 FUCHIRERIZAL

ok 22 1 A 0 KR E B 5 M A 25 T T DA DG

SRR B, N T A R, TRA

R AN B R RS, 5 LSRR

TABLE IV ST TR 2 I R, R A I e
VEX-Sr LRI 3D KRR FHLE T RWK R RE, 01RO K T

11 OOD #fA, 58 THIALPZALRE )y, X BEEEIR K
. | APsp(IOU =071 | APppy(IOU =0.T)TH A i e al RAYE S 2 o £ —Fh s O (EL G b
Train data | Easy Mod. Hard | Easy Mod. Hard7g, SNEAALA 3D AT SH2HLam vl S I ZrkEAs

Real 60.03 50.16 50.13 | 74.86 62.54  62.53MMEVLA TR 3D AIRIREELE AL . FAE M RIS R R
Gen 63.72  52.22 5219 | 75.78  61.65  6LG6AH], frZe-BeHEIAELS Y, (8 AR BB G i T A

Real + Gen | 64.10 54.26 52.40 | 76.35 64.19 6417@Eiﬁ‘|‘w\5ﬁﬁﬁEiﬁﬁyuﬁ;ﬁg*ﬁﬂ*ﬁﬂﬁ%’ Eﬁ?ﬁ—:%
SRR R, RRALETE 3D HRE, WA E B E

www.xueshuxiangzi.com



722 R N 3SNSSSSSSSS
\o
(a) (b)

AERGI AL FARERA SR . (a) HEAEBHEL
fs (b) BEGRIA.

Fig. 6.

BPERESR TF. X AP A RT BE IR T A2 iy B LA AR B
RARYE, I H2 AR Wl An i A e . [
U, BRSO T AR A, s TR RO PERE . BEAb,
YNGR FE o DA— 22 1 25 B0 s & LS A AR U E 2 T 1 5
HPERRIR TS AL A I AR L, X 00 2R B Bcd v]
PAVE R — PP S B a5 SR s, DARG TR AR Y S 1
KB R ESE R TR, U B SR I R p A
iBE| OOD FjsthlRIAE, FEAGMPEREAE. XLk
KIMFEH], CRUISE A4 BUEIRE I A T8 Z AL 751
SR TR A AEE FT . XSS /R T CRUISE 160
—ANAT V2X BB BB A T .
V. #He

A AR AR

CRUISE RNMY35 T 3D kel FIERELRE /1, B REASTE
BIhdg st p A OB RTE OL . TR B TR, MIEEREE
MiA (a) WTRAEEIFHE, (AEAZEWMA (b), G
G R PTIERY . WRH AR, V2X 38
o ] DAL 33X B RO (5 B, AT 30725 s ) ke 35 5
PR o Bl P SO TSR V2X A B 2 ¢
B, BT R R A BT R, DA
PE ARG L s i et E .

B. Bl ¥ &£ &,

V2 BLSE LAY VX B S i 1 50 R A 4 00 4% Jg%
82 T IR BORXE S I A2 B S, S B R A 2
PR T A FE . CRUISE 245/ HEf% i 8 B Sr it
A0 B A BBt L A A R 2 VX BidEn
P BAESE A AT A i [ S o 3K POk ff % 5 2 1
%ﬁ%@%ﬁ,%%ﬁﬂ%%%%ﬁﬁwnX%%%¥T
18 °

C. #n#ity 3D E1R .

V2X-Seq K 3D 11 FAE il SR RR S 15 ] REAE P S B
T h B | AR R 2%, CRUISE 3 # H 53l & i &
FAL P HE T B SR SR, M ik 3D 1 FHE T
B B A BE A B AR v AT A2 0 3 S K
AR R MER . Uk, CRUISE YR 55 f B BF
A B, T8 30> T AR A R ISR L g T
SR BRI A M RE

VL JEBRE

R CRUISE n] DAAE pim BEMEWRAIIE FLHY) V2X B
HE A — LORR . 24 5 2 0 Al 8t ) 0 A A S B
K (BEV) #E 77 AR, LiDAR MR n e A
Dh, AETE eI B08 oL 1A o T8 e O8I
Hro R TAEN AR IS PESAR A Z MR A T, R
& CRUISE fEfS/E sz, (R EFF AR H G MR

Hﬁﬂﬂfﬁﬂgﬁiéz LiDAR fiz. AR TAER PAGS &K H
Occ3D [82] yn] WAL T IE T H Y. BEoh, AT
e GS JrikAe TRV R R, Frl X
IR RS T H AR AR SR e ARR Y AR AR
Z—~5 DeRainGS B3] JHAHT T, DIFERS K
AT B BRI R

FEX I AR, FAlifEd 7 CRUISE, X255 H
B GS 1y V2X B R, Hagsi R g i AliE s
AOTEYRE ST, WTRAZE R V2X B . e B th Al
4Ry VoX Jdls, AT ATEAIAST, FAERGE A M
R R HORE A PR BB b . il e
A, FATATVAR AL S5 AR 0RT V2X Bl KBS
$3LW], CRUISE mJLARRIE A 7 BERHBEAGELA B A5 1 EAL ]
T 3D KIS, PAKAE 3D BRER. tt4h, CRUISE
SRR L2 AL AR i SR B AN i CRERE A, A BT R
K V2X H B B ARG I SR DA S P PR R A S
FYGE. IXLERE Sy SRR T SN fEHR AT R o 21 i 1 2
BRI KR

REFERENCES

[1] N. Wang, Y. Chen, L. Xiao, W. Xiao, B. Li, Z. Chen, C. Ye,
S. Xu, S. Zhang, Z. Yan et al., “Unifying appearance codes
and bilateral grids for driving scene gaussian splatting,” arXiv
preprint arXiv:2506.05280, 2025.

[2] W. Xiao, H. Huang, C. Zhong, Y. Lin, N. Wang, X. Chen,
Z. Chen, S. Zhang, S. Yang, P. Merriaux et al., “Simulate any
radar: Attribute-controllable radar simulation via waveform
parameter embedding,” arXiv preprint arXiv:2506.03134,
2025.

3] Z. Xu, B. Li, H.-a. Gao, M. Gao, Y. Chen, M. Liu,
C. Yan, H. Zhao, S. Feng, and H. Zhao, “Challenger: Af-
fordable adversarial driving video generation,” arXiv preprint
arXiv:2505.15880, 2025.

[4] J. Guo, Y. Ding, X. Chen, S. Chen, B. Li, Y. Zou, X. Lyu,
F. Tan, X. Qi, Z. Li et al., “Dist-4d: Disentangled spatiotem-
poral diffusion with metric depth for 4d driving scene genera-
tion,” arXiv preprint arXiv:2503.15208, 2025.

[5] C.Li, K. Zhou, T. Liu, Y. Wang, M. Zhuang, H.-a. Gao, B. Jin,
and H. Zhao, “Avd2: Accident video diffusion for accident
video description,” arXiv preprint arXiv:2502.14801, 2025.

[6] B. Li, J. Guo, H. Liu, Y. Zou, Y. Ding, X. Chen, H. Zhu,
F. Tan, C. Zhang, T. Wang et al., “Uniscene: Unified
occupancy-centric driving scene generation,” in Proceedings
of the Computer Vision and Pattern Recognition Conference,
2025, pp. 11971-11 981.

[7] H.-a. Gao, M. Gao, J. Li, W. Li, R. Zhi, H. Tang, and
H. Zhao, “Scp-diff: Spatial-categorical joint prior for diffusion
based semantic image synthesis,” in Furopean Conference on
Computer Vision. Springer, 2024, pp. 37-54.

[8] B. Mildenhall, P. P. Srinivasan, M. Tancik, J. T. Barron,
R. Ramamoorthi, and R. Ng, “Nerf: Representing scenes as
neural radiance fields for view synthesis,” in ECCYV, 2020.

[9] J. T. Barron, B. Mildenhall), M. Tancik, P. Hedman,
R. Martin-Brualla, and P. P. Srinivasan, “Mip-nerf: A mul-
tiscale representation for anti-aliasing neural radiance fields,”
in ICCV, 2021.

[10] S. Yuan and H. Zhao, “Slimmerf: Slimmable radiance fields,”
in 202/ International Conference on 8D Vision (3DV). IEEE,
2024, pp. 64-74.

[11] J.Liu, W. Hu, Z. Yang, J. Chen, G. Wang, X. Chen, Y. Cai, H.-
a. Gao, and H. Zhao, “Rip-nerf: Anti-aliasing radiance fields
with ripmap-encoded platonic solids,” in ACM SIGGRAPH
2024 Conference Papers, 2024, pp. 1-11.

[12] B. Kerbl, G. Kopanas, T. Leimkiihler, and G. Drettakis,
“3d gaussian splatting for real-time radiance field rendering,”
TOG, vol. 42, no. 4, July 2023.

[13] M. Tancik, V. Casser, X. Yan, S. Pradhan, B. Mildenhall, P. P.
Srinivasan, J. T. Barron, and H. Kretzschmar, “Block-nerf:
Scalable large scene neural view synthesis,” in CVPR, 2022.

www.xueshuxiangzi.com



[14]

(15]

(16]

(17]

(18]

(19]

20]

(21]

(22]

23]

[24]

[25]

[26]

27]

28]

29]

(30]

(31]

(32]

R. Martin-Brualla, N. Radwan, M. S. Sajjadi, J. T. Barron,
A. Dosovitskiy, and D. Duckworth, “Nerf in the wild: Neural
radiance fields for unconstrained photo collections,” in Pro-
ceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, 2021, pp. 7210-7219.

K. Rematas, A. Liu, P. P. Srinivasan, J. T. Barron,
A. Tagliasacchi, T. Funkhouser, and V. Ferrari, “Urban ra-
diance fields,” in CVPR, 2022.

J. Guo, N. Deng, X. Li, Y. Bai, B. Shi, C. Wang, C. Ding,
D. Wang, and Y. Li, “Streetsurf: Extending multi-view im-
plicit surface reconstruction to street views,” arXiv preprint
arXiv:2306.04988, 2023.

G. Yan, J. Pi, J. Guo, Z. Luo, M. Dou, N. Deng, Q. Huang,
D. Fu, L. Wen, P. Cai et al., “Oasim: an open and adaptive
simulator based on neural rendering for autonomous driving,”
arXiv preprint arXiv:2402.03830, 2024.

S. Zhang, B. Ye, X. Chen, Y. Chen, Z. Zhang, C. Peng, Y. Shi,
and H. Zhao, “Drone-assisted road gaussian splatting with
cross-view uncertainty,” arXiv preprint arXiv:2408.15242,
2024.

J. Yang, B. Ivanovic, O. Litany, X. Weng, S. W. Kim, B. Li,
T. Che, D. Xu, S. Fidler, M. Pavone, and Y. Wang, “Emern-
erf: Emergent spatial-temporal scene decomposition via self-
supervision,” in ICLR, 2024.

H. Turki, J. Y. Zhang, F. Ferroni, and D. Ramanan, “Suds:
Scalable urban dynamic scenes,” in CVPR, 2023.

J. Ost, F. Mannan, N. Thuerey, J. Knodt, and F. Heide,
“Neural scene graphs for dynamic scenes,” in Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2021, pp. 2856—2865.

A. Kundu, K. Genova, X. Yin, A. Fathi, C. Pantofaru, L. J.
Guibas, A. Tagliasacchi, F. Dellaert, and T. Funkhouser,
“Panoptic neural fields: A semantic object-aware neural scene
representation,” in Proceedings of the IEEE/CVF Confer-
ence on Computer Vision and Pattern Recognition, 2022, pp.
12871-12881.

Z.Yang, Y. Chen, J. Wang, S. Manivasagam, W.-C. Ma, A. J.
Yang, and R. Urtasun, “Unisim: A neural closed-loop sensor
simulator,” in CVPR, 2023.

Z. Wu, T. Liu, L. Luo, Z. Zhong, J. Chen, H. Xiao, C. Hou,
H. Lou, Y. Chen, R. Yang, Y. Huang, X. Ye, Z. Yan, Y. Shi,
Y. Liao, and H. Zhao, “Mars: An instance-aware, modular and
realistic simulator for autonomous driving,” in CICAI, 2023.

A. Tonderski, C. Lindstrom, G. Hess, W. Ljungbergh,
L. Svensson, and C. Petersson, “Neurad: Neural rendering
for autonomous driving,” in Proceedings of the IEEE/CVF
Conference on Computer Vision and Pattern Recognition,
2024, pp. 14895-14904.

T. Fischer, L. Porzi, S. R. Bulo, M. Pollefeys, and
P. Kontschieder, “Multi-level neural scene graphs for dynamic
urban environments,” in Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition, 2024,
pp- 21125-21135.

X. Zhou, Z. Lin, X. Shan, Y. Wang, D. Sun, and M.-H.
Yang, “Drivinggaussian: Composite gaussian splatting for sur-
rounding dynamic autonomous driving scenes,” arXiv preprint
arXiv:2312.07920, 2023.

Y. Yan, H. Lin, C. Zhou, W. Wang, H. Sun, K. Zhan, X. Lang,
X. Zhou, and S. Peng, “Street gaussians for modeling dynamic
urban scenes,” arXiv preprint arXiv:2401.01339, 2024.

N. Huang, X. Wei, W. Zheng, P. An, M. Lu, W. Zhan,
M. Tomizuka, K. Keutzer, and S. Zhang, “S3 gaussian: Self-
supervised street gaussians for autonomous driving,” arXiv
preprint arXiv:2405.20323, 2024.

L. D’Alfonso, F. Giannini, G. Franze, G. Fedele, F. Pupo, and
G. Fortino, “Autonomous vehicle platoons in urban road net-
works: A joint distributed reinforcement learning and model
predictive control approach,” IEEE/CAA Journal of Auto-
matica Sinica, vol. 11, no. 1, pp. 141-156, 2024.

G. Yuan, J. Cheng, M. Zhou, S. Cheng, S. Gao, C. Jiang,
and A. Abusorrah, “An autonomous vehicle group cooperation
model in an urban scene,” IEEE Transactions on Intelligent
Transportation Systems, vol. 24, no. 12, pp. 13852-13862,
2023.

T.-H. Wang, S. Manivasagam, M. Liang, B. Yang, W. Zeng,

(33]

(34]

(35]

(36]

(37)

(38]

(39]

[40]

[41]

42]

(43]

[44]

[45]

[46]

(47]

(48]

[49]

[50]

and R. Urtasun, “V2vnet: Vehicle-to-vehicle communication
for joint perception and prediction,” in European Conference
on Computer Vision. Springer, 2020, pp. 605—621.

Y. Hu, Y. Lu, R. Xu, W. Xie, S. Chen, and Y. Wang, “Col-
laboration helps camera overtake lidar in 3D detection,” 2023
IEEE/CVF Conference on Computer Vision and Pattern
Recognition (CVPR), 2023.

H. Yu, Y. Tang, E. Xie, J. Mao, P. Luo, and Z. Nie, “Flow-
based feature fusion for vehicle-infrastructure cooperative 3D
object detection,” in Advances in Neural Information Process-
ing Systems (NeurIPS), 2023.

W. Tianhang, C. Guang, C. Kai, L. Zhengfa, Z. Bo, K. Alois,
and J. Changjun, “Umc: A unified bandwidth-efficient and
multi-resolution based collaborative perception framework,”
in Proceedings of the IEEE/CVF International Conference on
Computer Vision (ICCV), 2023.

C. Qiu, S. Yadav, A. Squicciarini, Q. Yang, S. Fu, J. Zhao,
and C. Xu, “Distributed data-sharing consensus in coopera-
tive perception of autonomous vehicles,” in 2022 IEEE }2nd
International Conference on Distributed Computing Systems
(ICDCS). IEEE, 2022, pp. 1212-1222.

H. Yu, W. Yang, H. Ruan, Z. Yang, Y. Tang, X. Gao,
X. Hao, Y. Shi, Y. Pan, N. Sun, J. Song, J. Yuan, P. Luo,
and Z. Nie, “V2x-seq: A large-scale sequential dataset for
vehicle-infrastructure cooperative perception and forecasting,”
in Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, 2023.

R. Xu, Z. Tu, H. Xiang, W. Shao, B. Zhou, and J. Ma,
“Cobevt: Cooperative bird’s eye view semantic segmentation
with sparse transformers,” arXiv preprint arXiv:2207.02202,
2022.

Y. Jiang, E. Javanmard, J. Nakazato, M. Tsukada, and
H. Esaki, “Roadside lidar assisted cooperative localization for
connected autonomous vehicles,” ACM Intelligent Computing
and its Emerging Applications (ICEA), 2023.

J. Dong, Q. Chen, D. Qu, H. Lu, A. Ganlath, Q. Yang, S. Chen,
and S. Labi, “Lidar-based cooperative relative localization,” in
2023 IEEE Intelligent Vehicles Symposium (IV). IEEE, 2023,
pp. 1-8.

H. Ruan, H. Yu, W. Yang, S. Fan, Y. Tang, and Z. Nie,
“Learning cooperative trajectory representations for motion
forecasting,” arXiv preprint arXiv:2311.00371, 2023.

R. Song, C. Liang, H. Cao, Z. Yan, W. Zimmer, M. Gross,
A. Festag, and A. Knoll, “Collaborative semantic occupancy
prediction with hybrid feature fusion in connected automated
vehicles,” Proceedings of the IEEE/CVF Conference on Com-
puter Vision and Pattern Recognition, 2024.

H. Yu, W. Yang, H. Ruan, Z. Yang, Y. Tang, X. Gao, X. Hao,
Y. Shi, Y. Pan, N. Sun et al., “V2x-seq: A large-scale sequential
dataset for vehicle-infrastructure cooperative perception and
forecasting,” in Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition, 2023, pp. 5486—
5495.

A. Dosovitskiy, G. Ros, F. Codevilla, A. Lopez, and V. Koltun,
“Carla: An open urban driving simulator,” in CoRL, 2017.

S. Shah, D. Dey, C. Lovett, and A. Kapoor, “Airsim: High-
fidelity visual and physical simulation for autonomous ve-
hicles,” in Field and Service Robotics: Results of the 11th
International Conference. Springer, 2018, pp. 621-635.

S. Manivasagam, S. Wang, K. Wong, W. Zeng, M. Sazanovich,
S. Tan, B. Yang, W.-C. Ma, and R. Urtasun, “Lidarsim:
Realistic lidar simulation by leveraging the real world,” in
CVPR, 2020.

Z. Yang, Y. Chai, D. Anguelov, Y. Zhou, P. Sun, D. Erhan,
S. Rafferty, and H. Kretzschmar, “Surfelgan: Synthesizing
realistic sensor data for autonomous driving,” in CVPR, 2020.
J. Fang, D. Zhou, F. Yan, T. Zhao, F. Zhang, Y. Ma, L. Wang,
and R. Yang, “Augmented lidar simulator for autonomous
driving,” IEEE Robotics and Automation Letters, vol. 5, no. 2,
pp- 1931-1938, 2020.

Z. Yang, S. Manivasagam, Y. Chen, J. Wang, R. Hu, and
R. Urtasun, “Reconstructing objects in-the-wild for realistic
sensor simulation,” in JCRA, 2023.

Y. Chen, F. Rong, S. Duggal, S. Wang, X. Yan, S. Mani-
vasagam, S. Xue, E. Yumer, and R. Urtasun, “Geosim: Re-

www.xueshuxiangzi.com



[51]

[52]

[53]

[54]

[55]

[56]

[57]

(58]

[59]

[60]

[61]

(62]

[63]

[64]

(65]

[66]

[67)

alistic video simulation via geometry-aware composition for
self-driving,” in CVPR, 2021.

J. Wang, S. Manivasagam, Y. Chen, Z. Yang, I. A. Barsan,
A. J. Yang, W.-C. Ma, and R. Urtasun, “Cadsim: Robust and
scalable in-the-wild 3d reconstruction for controllable sensor
simulation,” in CoRL, 2022.

H. Turki, D. Ramanan, and M. Satyanarayanan, “Mega-
nerf: Scalable construction of large-scale nerfs for virtual fly-
throughs,” in CVPR, 2022.

J. Ost, F. Mannan, N. Thuerey, J. Knodt, and F. Heide,
“Neural scene graphs for dynamic scenes,” in CVPR, 2021.
A. Kundu, K. Genova, X. Yin, A. Fathi, C. Pantofaru,
L. Guibas, A. Tagliasacchi, F. Dellaert, and T. Funkhouser,
“Panoptic Neural Fields: A Semantic Object-Aware Neural
Scene Representation,” in CVPR, 2022.

Z. Xie, J. Zhang, W. Li, F. Zhang, and L. Zhang, “S-nerf:
Neural radiance fields for street views,” in ICLR, 2023.

A. Tonderski, C. Lindstrom, G. Hess, W. Ljungbergh,
L. Svensson, and C. Petersson, “Neurad: Neural rendering for
autonomous driving,” in CVPR, 2024.

Y. Chen, C. Gu, J. Jiang, X. Zhu, and L. Zhang, “Periodic
vibration gaussian: Dynamic urban scene reconstruction and
real-time rendering,” arXiv:2311.18561, 2023.

Y.-C. Liu, J. Tian, C.-Y. Ma, N. Glaser, C.-W. Kuo, and
Z. Kira, “Who2com: Collaborative perception via learnable
handshake communication,” in 2020 IEEE International Con-
ference on Robotics and Automation (ICRA). IEEE, 2020,
pp. 6876-6883.

Y.-C. Liu, J. Tian, N. Glaser, and Z. Kira, “When2com:
Multi-agent perception via communication graph grouping,”
in Proceedings of the IEEE/CVF Conference on computer
vision and pattern recognition, 2020, pp. 4106-4115.

R. Xu, H. Xiang, X. Xia, X. Han, J. Liu, and J. Ma, “Opv2v:
An open benchmark dataset and fusion pipeline for perception
with vehicle-to-vehicle communication,” 2022 International
Conference on Robotics and Automation (ICRA), pp. 2583—
2589, 2021.

Y. Li, S. Ren, P. Wu, S. Chen, C. Feng, and W. Zhang, “Learn-
ing distilled collaboration graph for multi-agent perception,”
Advances in Neural Information Processing Systems, vol. 34,
pp. 29541-29 552, 2021.

Y. Li, D. Ma, Z. An, Z. Wang, Y. Zhong, S. Chen, and C. Feng,
“V2x-sim: Multi-agent collaborative perception dataset and
benchmark for autonomous driving,” IEEE Robotics and Au-
tomation Letters, 2022.

R. Xu, H. Xiang, Z. Tu, X. Xia, M.-H. Yang, and J. Ma,
“V2x-vit: Vehicle-to-everything cooperative perception with
vision transformer,” in Computer Vision—-ECCV 2022: 17th
European Conference, Tel Aviv, Israel, October 23-27, 2022,
Proceedings, Part XXXIX. Springer, 2022, pp. 107-124.

H. Yu, Y. Luo, M. Shu, Y. Huo, Z. Yang, Y. Shi, Z. Guo,
H. Li, X. Hu, J. Yuan et al., “DAIR-V2X: A large-scale dataset
for vehicle-infrastructure cooperative 3d object detection,” In
Proceedings of the IEEE/CVF Conference on computer vision
and pattern recognition (CVPR), 2022.

R. Xu, Z. Tu, H. Xiang, W. Shao, B. Zhou, and J. Ma,
“CoBEVT: Cooperative bird’s eye view semantic segmenta-
tion with sparse transformers,” CoRL, 2022.

Y. Hu, S. Fang, Z. Lei, Y. Zhong, and S. Chen, “Where2comm:
Communication-efficient collaborative perception via spatial
confidence maps,” Advances in Neural Information Processing
Systems, 2022.

Y. Lu, Q. Li, B. Liu, M. Dianat, C. Feng, S. Chen, and
Y. Wang, “Robust collaborative 3d object detection in pres-

(68]

[69]

[70]

(71]

[72]

73]

[74]

[75]

[76]

[77)

(78]

[79]

(80]

(81]

(82]

(83]

ence of pose errors,” [EEE International Conference on
Robotics and Automation (ICRA), 2023.

Y. Li, J. Zhang, D. Ma, Y. Wang, and C. Feng, “Multi-
robot scene completion: Towards task-agnostic collaborative
perception,” in Conference on Robot Learning, 2022.

P. Gao, R. Guo, H. Lu, and H. Zhang, “Regularized graph
matching for correspondence identification under uncertainty
in collaborative perception,” Robotics: Science and Systems
X VI, 2020.

Y. Hu, X. Pang, X. Qin, Y. C. Eldar, S. Chen, P. Zhang,

and W. Zhang, “Pragmatic communication in multi-agent
collaborative perception,” arXiv preprint arXiv:2401.12694,

2024.

G. Liu, Y. Hu, C. Xu, W. Mao, J. Ge, Z. Huang, Y. Lu, Y. Xu,
J. Xia, Y. Wang et al., “Towards collaborative autonomous
driving: Simulation platform and end-to-end system,” arXiv
preprint arXiv:2404.09496, 2024.

H. Chen, C. Li, and G. H. Lee, “Neusg: Neural implicit surface
reconstruction with 3d gaussian splatting guidance,” arXiv
preprint arXiv:2312.00846, 2023.

Z. Yu, T. Sattler, and A. Geiger, “Gaussian opacity fields: Ef-
ficient adaptive surface reconstruction in unbounded scenes,”
ACM Transactions on Graphics, 2024.

C. Ye, L. Qiu, X. Gu, Q. Zuo, Y. Wu, Z. Dong, L. Bo, Y. Xiu,
and X. Han, “Stablenormal: Reducing diffusion variance for
stable and sharp normal,” ACM Transactions on Graphics
(TOG), 2024.

T. Ren, S. Liu, A. Zeng, J. Lin, K. Li, H. Cao, J. Chen,
X. Huang, Y. Chen, F. Yan, Z. Zeng, H. Zhang, F. Li, J. Yang,
H. Li, Q. Jiang, and L. Zhang, “Grounded sam: Assembling
open-world models for diverse visual tasks,” 2024.

X. Li, W. Zhang, J. Pang, K. Chen, G. Cheng, Y. Tong, and
C. C. Loy, “Video k-net: A simple, strong, and unified baseline
for video segmentation,” in CVPR, 2022.

J. Xiang, Z. Lv, S. Xu, Y. Deng, R. Wang, B. Zhang, D. Chen,
X. Tong, and J. Yang, “Structured 3d latents for scalable and
versatile 3d generation,” arXiv preprint arXiv:2412.01506,
2024.

Z.Li, J. Jia, and Y. Shi, “Monolss: Learnable sample selection
for monocular 3d detection,” in 202/ International Conference
on 8D Vision (8DV). IEEE, 2024, pp. 1125-1135.

L. Yang, K. Yu, T. Tang, J. Li, K. Yuan, L. Wang, X. Zhang,
and P. Chen, “Bevheight: A robust framework for vision-
based roadside 3d object detection,” in Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2023, pp. 2161121 620.

D. Rukhovich, A. Vorontsova, and A. Konushin, “Imvoxel-
net: Image to voxels projection for monocular and multi-view
general-purpose 3d object detection,” in Proceedings of the
IEEE/CVF Winter Conference on Applications of Computer
Vision, 2022, pp. 2397-2406.

H. Zhou, J. Shao, L. Xu, D. Bai, W. Qiu, B. Liu, Y. Wang,
A. Geiger, and Y. Liao, “Hugs: Holistic urban 3d scene un-
derstanding via gaussian splatting,” in Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 2024, pp. 21 336-21 345.

X. Tian, T. Jiang, L. Yun, Y. Mao, H. Yang, Y. Wang,
Y. Wang, and H. Zhao, “Occ3d: A large-scale 3d occupancy
prediction benchmark for autonomous driving,” Advances in
Neural Information Processing Systems, vol. 36, pp. 64318—
64 330, 2023.

S. Liu, X. Chen, H. Chen, Q. Xu, and M. Li, “Deraings: Gaus-
sian splatting for enhanced scene reconstruction in rainy,”
arXiv e-prints, pp. arXiv—2408, 2024.

www.xueshuxiangzi.com



	相关工作 
	车联网合作感知 

	& 公式预备知识 
	提出的方法 
	下游应用 

	实验 
	数据集 
	实施细节 
	重建比较 
	重建模块的消融研究 
	3D检测/跟踪的结果 

	讨论 
	边界情况生成。 
	同步生成 
	精确的3D框体。 

	局限性 
	References

