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Abstract : End-to-End(E2E) autonomous driving systems have recently emerged as a significant research trend to overcome
the limitations of conventional modular architectures. The research on E2E autonomous driving systems involves
experimental environments and evaluation methods, all of which play a crucial role in determining the overall performance
of an algorithm. Therefore, it is important to establish appropriate environments and evaluation methods that can accurately
reflect real-world performance. This study analyzed recent trends, and proposed the future directions of E2E autonomous
driving systems. To achieve this, datasets, simulators, and worldmodels are examined in experimental environments, while
evaluation metrics are discussed in developing suitable evaluation methods.
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s Wiymo open datasetd X X (6] Log replay Log replay
set CARLA Leaderboard" X X (o] X IDM Unreal engine
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Fig. 2 CARLA: simulation for E2E training and evaluation
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Table 2 Comparison of representative world models

Type Method Prediction target Core architecture
) MILE® BEV, Image Probabilistic generative model
State predict network GenAD,” WoTE™ BEV Transformer
VISTA,* DrivingDiffusion® Image Diffusion
InfiniCube® Image Diffusion + 3DGS
State predict network MUVOMGAIA-1*D Image Transformer
+ OccWorld? Image, Occupancy, Pointcloud Transformer
Generative model NVIDIA cosmos™ Occupancy Diffusion + Transformer
DriveEnv-NeRF# Image NeRF
Dreamer series™? Image Diffusion + LLM, 4DGS

W A o] &2 ol dHste] @A ol ok AR S 7H
o olZ 3 A EHOHELS b5 do|HE WY g B

GPUZIEE AP o2 L S5 a8 S A E
AP A7) 2., & 5] Scenario dreamer2] 74 $- Diffusion® 5.4
S 2483 A2 HH ARE AT OZH 7|E b0
B Aol lE g3 34 dolHE g5 % ol &8
g 4 9t} ¥ DriveArena®2} NAVSIMS Z}Hzh
Diffusion % % 2} 3DGS(3D Gaussian Splatting)™ 7] ¥+2] 91
FTA T AEE 71eS AL3td, @A 7] dlo] €Al
A 2] 9 A ¥kl wrEl vl = A 22 3750 o
g olulx & AT 5 Qi) o] & F3) Al g olE 9} &
2 37 71e] A1 ZHA &<l 2}o](Domain gap)E &4
° 7 ¢3}3t 4= gl 53] NAVSIMS ¥ H 2l Closed-
loop B7HE A 3t AlEEClH 24 7]F Closed-loop
W B w2 A B7HE 3 5 ok Ok NAVSIM
3} DriveArena B 414 | o] 1| 2] 9] A4 SHA o
73] Aol EAZ. nlA 9o 2 NVIDIA DRIVE
Sim™-& NVIDIA A 7Idgk 248523 Al Eelo]d £
¥ © 2 Omniverse”]¥F2] RTX renderer’| &5 o] &3] &
2 3} FALE 878 A% A ) fARRE AlA] o)
HE A U AU o582 AlEdA & 5
AR T ZHAF WA 7 3] AP YA Bol
o A|eko] glon, 58 Ho]|ZelQlo] A FE A E=
o= @AY sl

23999

grrde @2 A £ FHE 44 (Action)T
A B ol o2 AE| e FAE 453 g 7w
o] @70l Fig. 33} o] AlEdolHE v A
g B A w2t F2ete B8 Aol b AHE
Y3}, ol & WH T AXo] §E Lol {73 & QA
thitH, dend e Sad Y dF U EY 7 v

516 E=SASASHE =2 A34H ASE, 2026

World Model — World Model —

= Simulator -~

I States, Action I States, Action ] States, Action
Pyhsics State Predict State Predict
Engine Network Network
l Predicted Predicted Pradicted
States States Seates
Rendering Generative
Engine Model
I Image or Video llmpw\’ldn
e i R 1 (.

Fig. 3 Comparison between simulator and world model

E & FE231H, oS58 FH gho]l APEE jgo
2 ALgEO 84S A= oA 2ol & BT
oluff Aej o= Y ES F ¥t o}} A g S UES
I AR L BF e T2 9A dE Bd=
Aeoldth 4=ERdE o] g <5 7|vke] 87 AL
T3l 71E @4 71wt glolg Aoz RE A 2
Mz 7S WAoo =M E2E g9 gutsl A5
A FEAA 5 Ut o] 27t 7HeA ol F o] 2ol
OSSP 7o gt 9w d A7
3] 23 = 5 9lr}.

gend A7 A F 71 Bgoz 7R+ 3l
o AAE B2E 72 U7 A ZH S U EYIE 3
H ga3ts oy, EAE AN Ed L FU1E AR
3 A 22 FH S A sk WA ol ok W A E2E U -l A
dends g WL dxzoeE MILEY

BEV State @T BEV State @T+1
BEV
S a Reward

P T Word Model J'_)' @ > Voda |
ikt

(i

l Zeeade Training only l grente I

A I

g -([ ]

| Supervise supervise supervise |

| 1

Simul | - Rule-based
J ,_;‘;. Ay Evaluator |
BEV Semantic Map @T Simulated BEV Semantic Map @T+1

Fig. 4 World model for predicting next states in E2E planning™”



End-to-End Aut

h Trends and Future Directions

GenAD, WoTE 5-°] JItt*0OMILES 8583 YA &
) (Probabilistic generative model)S &-838fo] %Fa)E-7t
(Latent space)®ll 4] BEV(Bird Eye View) 3§12 o 53},
olg 3 U AHE FEH o= MEHIA HEE
A 83}, GenAD2} WoTES Transformer 7|%Fe] A A<
g ARgste] #A AH 2 Alo] 48 =9 sEa,
u ] BEV ZH & d 53l 73 A=2E AT ol 5
W22 B Fig. 49} 2] BEV 7]k AR X HE A8
stz ALt E&d0] =i, B3 B0 A wE o
Fo] 7bestthe Aol ik v, A2 A A4
3l7] fl8] dErde g8ss WAL gEdes
GAIA, VISTA, DriveDreamer | 2] = 5-0] 2]t} 3137 o] 5-&
o & E}7l 2. =2 o|n] =], BEV, Occupancy map 5 T4 3t 3
& & A}-8-3}11, Diffusion, NeRE,® 3DGST} 22 7] & &
23 AP oluXE AT VISTAS}
DrivingDiffusion® 52 Diffusion 298 7|70 2 4} A]
ALERE og AH Y oA & dFsH, A1 3H 4
£48 BASIEE 59 InfiniCube*:= Diffusion®l]
3DGSS Adsle A=A K HAE S0z RE ZAS
Fo] FPFFS WAL o] & 3D F1H HolE R HE
st iyt = 58 87L& A AT = U ut
H, MUVO," GAIA-1,3" OccWorld® -2 Transformer S A}
|3t g3 Y AR E T8l shie FEHAH ®
o2 WE F o] o] o|v] A, Occupancy map,
Pointcloud 5 <= %}, NVIDIA Cosmos™3+= Diffusion
3} TransformerE 2 H o2 AEZ Q0 A7 &
£ 5 8458} = Transformer 74 2 dl 3} A2 51 A ZHA] 5
A& @338 Diffusion U U & 3], AlHH A%
A3 NZAH AEEE FA¢ FR33 DriveEnv-
NeRF¥=NeRFE 0] &3] t}5 Al W FHE3AY o2 &
A3l Al A o] Fol ule} g FFS A F ol =
ANZHE A& A FsHEA 7HE AT 87 5ol
T #2849 7 ot #lX % 2.2 DriveDreamer A] 2] 23
= Diffusion 7]¥F 7%l LLM % 4DGSE A3sle, 24
o] ZH ] Aol oju|F BAE A4 st ZH ol u}e}
SR g0 FAR A E AL F UEE ). ol B
T8 OF AR AE A AAIRE 87 B4l 7HEst
o}

2.4 WA Yhsk

A B2E AHET A 832 vddd v 8, @4
e 2 EAE A AT @A 7k H o H A2 A
Al QX 2 F HolHE AT T T AT, 4 U
A 8oz Q13 doly 7 afo] ¥t
GBS TFHA| Kot A E A vHE A E

Driving R

gol 8 & 7HER 7oA Au]&o2 thgFR R H o]
HE AT T Je ZH ol oy, @49 A1 44 a4
o} 284 43 A8 43 BrgskA R =HQl
A7 B, ol Y EAES A} A A2
o T AT A=nI L, A FY volEHE g5
ato] 22 ey FHE AT 5 Ak AT o4
a7 A 879 B &8, A4 54& Ads}
A 23t ol FAHER U3, A E &7 g
% B71E S8 AEFY dnEFol AA &7
Aed v} 45 A EAAE 5 Aot wkA FF AT
A =2 =W FX g FAR T TP 8739 324 ¢
W& BAshe @44 77k 4= 22 sdo] ¢4
Hojof ftha ot o] A=A S S8 AU
&z 7P dlolH & s, Hlol B 3 v &
FE FAd A 8F 44 Grrt ol 19 Y, 37
A 23 &, A4 o8 FE HHE X T A
HEE e TAHAE T AT FFHe2E A 7t Hlo]
Bz Sad 4ERIS Al E Yoy ¢ S W
go 2 st ol T 19 el A LT A
22 IS T Grdle TFE A5 9 &
< S-dfok gk

3. E2E L2238 A|AEHIQ WY

E2E A}-&-73) A| 2~§12] 37} WY 2 3.7 Open-loop}
Closed-loop2. 2 g o} 7 WH & 712} o 5 A g 9}
F3 A SHUL FHAH SR HrishH, AlLEH &
o & Al B Wl X|w} =1 o)) whe} A8 5= W kA E o 73 7
53l 2ol 7}l 7t A X Bl A5 & AFHA
o2 FAgE 7|22, oW ARE AYst=rtd o
2} 4% 7t 27 @2t § Aok wEpA g SH
] g A AHA H7HE F JdE FTskd
H7HA Z 9] 7| o] a8}t

3.1 Open-loop B2 H

Open-loop 7} ¥ 2 Fig. 59} o] Fo %1 53 o]
EE 7|9to 2 mdo] £33 F 2o} AH o] EE H]
Wt dF AFEE F7Iee WA EE T ET S
SA R o] WS A F3 B A FE dlolH
EAMESEE, FU% 2 slol A Bdle] A2 WA
FEESAFY 2 S| LT 5 o] AT ]
=0 A T H7F Al B = A o] 7} kg B 2] 957] Wi
o, 44 F3 ARG E A F AT E T4 Yz
Fize Rz =8

Transactions of the Korean Society of Automotive Engineers, Vol. 34, No. 5 2026 517



o|2A - Asthl - Az H - SEY

Table 3 Comparison of open loop evaluation metrics across datasets

Name Displacement error | Collision rate Off-road rate Precision Heading error Diversity
nuScenes? 0 0 0 X X X
Waymo open dataset® 0 0 0] 0 x 0
Argoverse®® (6] X (0] 0 X X
nuPlan® 0o X 0 X 0o s
%A Q1 Open-loop H7} W el A5 & do]H Al Heading Error), FHE(Final Heading Error), MR(Miss Rate)
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Fig. 6 Closed-loop evaluation process
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Table 4 Comparison of closed-loop evaluation metrics across benchmark

Name Collision | Comfort TTC Off-road | Traffic sign [ Speed limit| Success | Driving direction | Blocking
L;d‘;mm 0 X X 0 0 0 0 X 0
nuPlan® (8] 0 0 O X 0] 0 0] X
Bench2Drive!? (8] 0] X 6] 0 0 0] X (6]
NAVSIM v17 (0] 0] (8] O X X O X X
NAVSIM v29 (0] O 0 (0] O X (0] X X

Fig. 7 Pre-generative images made by NAVSIM v2%
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Fig. 8 Distributed evaluation framework for fair comparison in
robotics
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