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Figure 1: The Problem Formulation Used in Dyna. The
agent’s object is to maximize the total reward it receives over
time.’

Sutton, Richard (1990). Integrated Architectures for Learning, Planning and Reacting based on Dynamic
Programming. Proceedings of the 7th International Workshop on Machine Learning.
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1. Select architecture —— 2. Sample —— 3. Forward-pass ~ ~— Compositional Rendering —

Uniform Sampler ° samples, zvals = merged(samples_list)
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Proposal Sampler |22 SDe"S':}' pres)
emantics

MLP-based Grid-based Sampler Options
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Everything about the World Model seems perfect. However, the autonomous
driving community has begun debating: World Model or VLA?

Google

Q. World model vs
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)

Q. World model vs - Google ##%

Q& world model vs vla

QA world model vs lim

Q& world model vs model roblox

Q  world model vs digital twin
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In this debate, someone believes that

- — world model goes beyond VLAs.
3. COUNTERFACTUALS l
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>
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S J (imaging, modeling, reasoning )

[ 2. INTERVENTION |
ACTIVITY:  Daoing, Intervenmg

QUESTIONS:  1i7har #f Tdo ...2 How?
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DriveVLA-WO

INavSim v1/v2 FECIls{E1tae

Method | Ref | Sensors | NC1T DAC1YT | TTCtT C.T EP?T | PDMS 1

Human | - | - | 100 100 ] 100 999 875 \ 94.8 N aVS | m V1
BEV-based Methods

UniAD (Hu et al., 2022b) CVPR’23 6x Cam 97.8 91.9 929 100.0 78.8 834

TransFuser (Prakash et al., 2021) | TPAMI’23 | 3x Cam+L | 97.7 92.8 92.8 100.0 79.2 84.0
PARA-Drive (Weng et al., 2024) CVPR’24 6x Cam 97.9 924 93.0 99.8 793 84.0

LAW (Li et al., 2024a) ICLR’25 1x Cam 96.4 954 88.7 99.9 81.7 84.6
Hydra-MDP (Li et al., 2024b) arXiv’'24 3x Cam+L | 98.3 96.0 94.6 100.0 78.7 86.5
DiffusionDrive (Liao et al., 2025) | CVPR’25 3x Cam+L | 98.2 96.2 94.7 1000 82.2 88.1
WOTE (Li et al., 2025a) ICCV’25 3x Cam+L | 985 96.8 94.4 99.9 81.9 88.3

VLA-based Methods
AutoVLA (Zhou et al., 2025c¢) NeurIPS’25 3x Cam 98.4 95.6 98.0 999 819 89.1
ReCogDrive (Li et al., 2025b) arXiv’25 3x Cam 98.2 97.8 95.2 99.8 83.5 89.6
DriveVLA-WO0* - 1x Cam 98.7 99.1 95.3 99.3 833 90.2
AutoVLAT (Zhou et al., 2025¢) NeurIPS’25 3x Cam 99.1 97.1 97.1 100.0 87.6 92.1

DriveVLA-WO0+ - 1x Cam 99.3 97.4 97.0 999 88.3 93.0 .
NavSim v2

Method | NCT DACtT DDCT TLC1?t | EPtT TTCT LK1 HC1T EC? \ EPDMS 1t
Ego Status 93.1 77.9 92.7 99.6 86.0 91.5 89.4 98.3 85.4 64.0
TransFuser (Prakash et al., 2021) 96.9 89.9 97.8 99.7 87.1 95.4 92.7 98.3 87.2 76.7
HydraMDP++ (Li et al., 2024b) 97.2 97.5 994 99.6 83.1 96.5 94 4 98.2 70.9 81.4
DriveSuprem (Yao et al., 2025) 97.5 96.5 994 99.6 88.4 96.6 95.5 98.3 77.0 83.1
ARTEMIS (Feng et al., 2025) 98.3 95.1 98.6 99.8 81.5 97.4 96.5 98.3 - 83.1
DiffusionDrive (Liao et al., 2025) 98.2 95.9 994 99.8 87.5 97.3 96.8 98.3 87.7 84.5
DriveVLA-WO0 | 98.5 99.1 98.0 99.7 | 86.4 98.1 93.2 97.9 58.9 \ 86.1
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Model In-house Dataset Scale (Number of Frames)
70k 700k 70M
ADE (m) | Collision (%) ] ADE(m)|  Collision (%) | ADE (m) | Collision (%) |
TransFuser-50M 2.5893 0.0894 1.7464 0.0563 1.2627 0.0472
TransFuser-7B 2.5757 0.0839 2.1391 0.0710 1.2244 0.0539
VLA (VQ) (Baseline) 2.8520 0.0982 1.5424 0.0565 1.4829 0.0488
+ World Model (Ours)  2.748213.6% 0.0956 12.7% 1.5985 3.6%  0.0520 18.0% 1.0563 128.8%  0.0392 119.7%
VLA (ViT) (Baseline) 3.1524 0.0950 1.4202 0.0462 1.1051 0.0359
+ World Model (Ours) 2.5268 119.9%  0.08341122% 13436 754% 0.0513/11.0%  1.064013.7%  0.0302115.9%




FREFF B B R FR

HRR TS E

oooooooooooooooooooooooooooooooo

SHFRELEFIVLA : 558 (1)

OFEESEMEEEL vanilla VLAs BEVigZliFtRBIEIFAIdata scalability

5.50 *

525 -
5.00
4.75
4.50
4.25
4.00

DriveVLA-WO0
(World Modeling)

Collision Rate (%o0)

700K ™ 70M




FREFF B B R FR

HRR TS E

ooooooooooooooooooooooooooooooooo

L FIEELBRIVLA : 458 (2)
1 AT R ERFHERTEAS e
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2 BE)3 (B3 ) TZWIDiffusion

Acti NAVSIM (103k Frames) In-house Dataset (70M Frames)
ction Expert

NCT DACT TTCtT C.1t EP1T PDMS?T ADE (m) | Collision (%) |
Query-based 98.7 96.2 95.5 100.0 82.2 88.4 1.1248 0.0453
Flow Matching 98.4 95.3 95.2 100.0 80.9 87.211.4% | 1.036277.9% 0.0398 112.1%
Autoregressive  98.4 93.6 94.5 100.0 79.3 85.3/3.6% | 1.0069 1710.5%  0.0295134.9%

EREIL 4%
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L FISEBLBEIVLA - 160 (2)
1 BEJ3tHELFlow Matching BB IS
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* Driving into the future: Multiview visual forecasting and planning with world model
for autonomous driving. CVPR 2024.

* FreeVS: Generative view synthesis on free driving trajectory. ICLR 2025.

* FreeSim: Toward Free-viewpoint Camera Simulation in Driving Scenes. CVPR 2025.

* Enhancing end-to-end autonomous driving with latent world model. ICLR 2025.

* DriveVLA-WO: World Models Amplify Data Scaling Law in Autonomous Driving
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