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FastDriveVLA: Efficient End-to-End Driving via Plug-and-Play
Reconstruction-based Token Pruning

Jiajun Cao'?, Qizhe Zhang', Peidong Jia!, Xuhui Zhao', Bo Lan'*, Xiaocan Zhang'*,
Zhuo Li’, Xiaobao Wei!, Sixiang Chen', Liyun Li’, Xianming Liu?, Ming Lu!,
Yang Wang?', Shanghang Zhang!'?

IState Key Laboratory of Multimedia Information Processing, School of Computer Science,
Peking University 2>XPeng Motors

AAAI 2026 (21 343))
https.//arxiv.org/abs/2507.23318
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(a) Attention-based Pruning (b) Similarity-based Pruning (c) Reconstruction-based Pruning

Figure 1: Comparison of different visual token pruning strategies.
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mentation annotations for scenes in the nuScenes dataset. !
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- JIZE attention JIEksimilarity J|EH XIEztzl= MZ2 reconstruction-based token pruning Z22i<I3
FastDriveVLAZE HICIHLE.
« MAE AEI T TP AEOE stak|= S 1MEHI0] pruner@l ReconPrunerE & H[6H],
K = E2 A8 S5 SFalE 2loH HIHA ME-HHE M-d SeEis TRIMIL
» K2R AILIZIRE QIet M MIHIHIOIM =M 241K image-mask &9 nuScenes-FG HIOIEAISE 2=
« nuScenes open-loop planning BIXIOEFHIA CHFSt pruning HIE &EH 284 SOTA E4.
- visual token2 3,249 -» 812JH= =01 & 7.5HH HIAME ZAGHHME planning &2 XK.

L2 (cm) | Collision (%) | Intersection (%) |
1s 2s 3s Avg. Rel. Is 2s 3s  Avg. Rel. Is 2s 3s  Avg. Rel.
Input size 1596 x 1596, 3249 tokens (100%)
Impromptu-VLA (NeurIPs25) | 13.97 2838 53.13 31.83 100% | 0.00 0.13 0.60 0.24 100% |6 0.53 234 552 280 100%
Retain 2436 Tokens (| 25%)

Methods

FastV (Eccv25) 1423 28.85 53.80 3229 98.6% | 0.00 0.18 074 031 793% | 052 244 565 287 97.4%
SparseVLM (1cML25) 14.09 28.72 53.74 32.18 989% | 0.00 0.17 0.67 0.28 869% | 051 241 552 281 99.4%
VisPruner (1ccv2s) 14.02 2850 5344 3199 995% | 0.00 0.17 0.61 026 93.6% | 051 240 551 281 99.6%
DivPrune (CVPR25) 14.17 28.83 53.72 3224 98.7% | 0.00 0.17 0.73 030 81.1% | 050 247 561 28 97.8%
FastDriveVLA (Ours) 13.99 2836 53.04 3180 100.1% | 0.00 0.15 063 026 93.6% | 053 236 542 277 101.0‘74
etain okens 0)
FastV (Eccv25) 1429 29.14 5433 3259 97.7% | 000 020 0.79 033 737% | 052 267 577 299 93.6%
SparseVLM (ICML25) 1424 2897 54.17 3246 98.0% | 0.00 0.18 073 030 802% | 053 262 573 296 94.5%
VisPruner (ICCV25) 14.16 28.77 53.82 3225 98.7% | 0.00 0.17 065 027 89.0% | 052 254 578 295 94.9%
DivPrune (CVPR25) 1420 2898 54.12 3243 98.1% | 0.00 020 0.78 033 745% | 050 263 572 295 94.8%

FastDriveVLA (Ours) 53.57 3210 991% | 0.00 0.15 0.60 025 97.3%

055 249 578 294 951%

FastV (ECCV25) 1463 29.54 5497 3305 963% | 000 021 079 033 73.0% | 058 263 576 299 93.5%
SparseVLM (ICML25) 1458 2947 5481 3295 96.6% | 000 021 075 032 760% |0.57 258 574 296 94.4%
VisPruner (1CCV25) 1442 2938 5452 3277 97.1% | 000 0.19 073 031 793% | 052 257 572 294 952%
DivPrune (CVPR25) 14.50__29.46 _54.57 3284 96.9% | 0.00 020 0.76_ 032 _76.0% | 0.55 254 570 293 _95.4%
IFastDn'veVLA (Ours) 1428 29.18 5446 3264 975% | 0.00 018 070 029 83.0% | 055 250 568 291 96.1% (c) Divprune (d) FastDriveVLA (Ours)

Table 1: Performance comparison of different pruning methods on Impromptu-VLA. Input images are of resolution . T . . . e
1596x1596, resulting in 3249 visual tokens. Here, Rel. represents the average percentage of performance maintained, and Figure 5 Visual comp ar_lson of visual tokens retained by dif
the underlined values indicate improvements over the original unpruned model. ferent visual token pruning methods.
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DriveSuprim: Towards Precise Trajectory Selection for End-to-End Planning

Wenhao Yao' %, Zhenxin Li" %, Shiyi Lan’, Zi Wang’,
Xinglong Sun’, Jose M. Alvarez’, Zuxuan Wul 2*

!Shanghai Key Lab of Intell. Info. Processing, School of CS, Fudan University

2Shanghai Collaborative Innovation Center of Intelligent Visual Computing
SNVIDIA
{whyao23, lizx23 } @m.fudan.edu.cn, zxwu@fudan.edu.cn

AAAI 2026 (P1E 733])
https://arxiv.org/abs/2506.06659
https://github.com/William-Yao-2000/DriveSuprim
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https://github.com/William-Yao-2000/DriveSuprim
https://github.com/William-Yao-2000/DriveSuprim
https://github.com/William-Yao-2000/DriveSuprim
https://github.com/William-Yao-2000/DriveSuprim
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J101

- LAIHIE 22 ZHIE oiZok= coarse-to-fine refinement HICIMHLL.

> R SHE EEESH R JHE (A2 MEIKIN MIZE St E~Z= 0104 OISt X109 EHEHS
» Rotation J|EtHIOIE & + self-distillation= Zgtet Sgt ot& IH0IE 2!

- gistMgk(directional bias)it hard decision boundary EMIE S AI0 GHZ.

> A2 218 AILI2IQE et4st ] teacherfl soft pseudo-label2 &0l A& 2XE =3 UAH| BIERULH
- SIHOIOIEHAIEIO= NAVSIM HIX|OIR SOTA 24

(V1 93.5% PDMS, v2 87.1% EPDMS, Bench2Drive 83.02 DS/ 60.00 SR)

1
=
0o
0F
b
4]
1

Method | Backbone | NCt+ DACt EPt TICt Ct1  PDMS?
Human Agent | — | 100 100 875 100 999 94.8
Transfuser (2022) ResNet34 | 97.7 92.8 79.2 92.8 100 84.0
UniAD (2023) ResNet34 | 97.8 91.9 78.8 92.9 100 83.4
VADV2 (2024) ResNet34 | 979 91.7 77.6 929 100 83.0
LAW (2024b) ResNet34 | 96.4 95.4 81.7 88.7 99.9 84.6
DRAMA (2024) ResNet34 | 980 931 801 948 100 85.5
Hydra-MDP (2024c) | ResNet34 | 98.3 96.0 78.7 94.6 100 86.5
DiffusionDrive (2025) | ResNet34 | 98.2 96.2 82.2 94.7 100 88.1
rive uprim ResNet34 7.8 7.3 86.7 93. 100 9 (+1.8)
Hydra-MDP (2024c) V2-99 98.4 97.8 86.5 93.9 100 90.3
DriveSuprim V2-99 | 980 982  90.0 942 100 92.1 (+19)l
Hydra-MDP (2024c) ViT-L 984 977 850 945 100 89.9 Figure 4: Visualization results across various challenging
L__DriveSuprim VILL | 98.6 986 913 955 100 93.5 (+3.6)] scenarios. In each example, the green trajectory represents

Table 2: Evaluation on NAVSIM v1. Results are grouped by backbone types.

ﬁﬂ_g Robot Intelligence Learning & System

the ground truth from the human expert, the red trajectory
is generated by Hydra-MDP++, and the blue trajectory is
produced by DriveSuprim.




ResAD: Normalized Residual Trajectory Modeling for
End-to-End Autonomous Driving

Zhiyu Zheng'® Shaoyu Chen®>' Haoran Yin? Xinbang Zhang? Jialv Zou3*°
Xinggang Wang® Qian Zhang? Lefei Zhang! >
' School of Computer Science, Wuhan University 2 Horizon Robotics

3 School of EIC, Huazhong University of Science & Technology
https://duckyee7728.github.io/ResAD

CVPR 2026 (21 132])
https://arxiv.org/abs/2510.08562
https://duckyee728.github.io/ResAD
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- OI2H HIXZ 2 E tI=06k= CHA 2t8 J[Z=S =R E 9| E+el=E! £HXIE HI=6k= Normalized Residual Trajectory
Modeling Z2|22|3E FICtoH st IHHIE T H HoiiLt

- Ztd J|Z=0l Zet =21 priorOlXt counterfactual 2 £t=0l,
EI0| spurious correlation CHAI BHERH| J[EHSH 11 OIS 2], Z0iE) S StSot== Z XIS

- Point-wise Normalization @2 long-horizionQl| X|&zt S=d= 2iIR4LCE
-> HwaypointQ| 2 LAt ats A= E K[Hoh= A= &KISHT

.« EF2H9] denoising stepBtR=Z NAVSIM v1 88.8 PDMS, v2 85.5 EPDMS 24T

Table 3. Ablation study on the influence of each component. , PP
w/ PRNorm o Mﬁp'./wwﬂ“"r/\/"“ :
w/0 PRNorm ] WM I
Model Description NCT DACtT EPtT TICtT CtT PDMS?T 3 % /
Mo  Base Model 97.8 942 781 934 100  84.9 - N ,
M;  Moy+Ranker 983 943 778 946 100  85.1 _ ¥/ PRNGH:
AR KA w/0o PRNorm
My  M;+TRM 974 966 803 932 100  86.3 , , | oo , | : :
M 2 M-z + PRNorm 97 6 96.7 214 93 3 100 8772 0 2000 4000 6000 Steps 0 2000 4000 6000 Steps
My M3 +IRP 980 975 834 941 100  88.8

Figure 4. PRNorm stabilizes optimization and accelerates con-
vergence. This figure compares the training dynamics of ResAD
with and without PRNorm.

QEE_S Robot Intelligence Learning & System




SafeDrive: Fine-Grained Safety Reasoning for End-to-End Driving
in a Sparse World

Jungho Kim Jiyong Oh  Seunghoon Yu Hongjae Shin Donghyuk Kwak Jun Won Choi'
Seoul National University, Republic of Korea
{jhkim, jyoh, shyu, hjshin, dhkwak}@adr.snu.ac.kr Jjunwchoi@snu.ac.kr
https://spa-junghokim.github.io/SafeDrive—-Page/

CVPR 2026 Highlight (212 63)
https.//arxiv.org/abs/2602.18887
https://qithub.com/SPA-junghokim/SafeDrive
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- Trajectory-conditioned Sparse World Model2 S BAIE0| 10 oHM JIsst O =2 £9l6k=

E2E planning 22?3 SafeDrive= NICHALE.

- SWNet2 2 JIEE TZHOZE £ S& agentlt == 49| OIZHE AIZHI0IMoH &=2E S4! HSIS NISSHTL

|

- FRNet2 agent == &1t AIZIE FIISAHA =4+ TIIH, OI2H timestep TEIHIA LA -critical AIAE ZE6HA

SE U

» Open- bopQP closed-loop FZNHA SOTAZ EHIMLL.

(NAVSIM PDMS 91.6/EPDMS 87.5, 12,1461 & == 612(0.5%), Bench2Drive 66.8% Driving Score)

Table 1. Evaluation of PDMS performance on the NAVSIM dataset. "C" and "L" denote Camera and LiDAR inputs, respectively.
The best and second-best results are highlighted in bold and underline, respectively. Unless noted, models use ResNet-34 as the image

backbone, and "{" marks the one using V2-99. The "-" denotes that the associated results are not available.
Method | Venue | Input | NC DAC TTC EP  Comfort | PDMS
Human | - | - | 1000 1000 1000 875 999 | 948
UniAD [Y] CVPR 2023 c 97.8 919 92.9 78.8 100 83.4
Transfuser [29] CVPR 2021 C&L 97.7 92.8 92.8 79.2 100 84.0
PARA-Drive [3%] CVPR 2024 c 979 924 93.0 79.3 99.8 84.0
LAW [21] ICLR 2025 c 96.4 954 88.7 81.7 99.9 84.6
DistillDrive [45] ICCV 2025 C&L 98.1 94.6 93.6 81.0 100 86.2
Hydra-MDP [23] arXiv 2024 C&L 98.3 96.0 94.6 78.7 100 86.5
DiffusionDrive [26] CVPR 2025 C&L 98.2 96.2 94.7 82.2 100 88.1
WOoTE [27] ICCV 2025 C&L 98.5 96.8 94.9 81.9 999 88.3
GaussianFusion [27] NeurIPS 2025 C&L 98.3 97.2 94.6 83.0 - 88.8
SeerDrive [47] NeurIPS 2025 | C&L 98.4 97.0 94.9 83.2 99.9 88.9
GoalFlowT [41] CVPR 2025 C&L 98.4 98.3 94.6 85.0 100 90.3
SafeDrive (Ours) | | C&L | 99.5 99.0 97.2 84.3 100 | 916

QEE_S Robot Intelligence Learning & System

Table 4. Ablation study for evaluating the main components.
"Diff" denotes the DiffusionDrive [26] head, "Prop" indicates
the ProposalNet, and "SL Eval" refers to the scene-level safety
evaluation.

Diff Prop SL Eval SWNet FRNet| NC DAC TTC EP |PDMS
v |98.8 963 958 82.3| 88.6

98.9 97.1 95.1 83.2| 89.1
99.0 97.7 96.3 83.5| 90.1
99.2 98.2 96.7 84.4| 909
99.2 98.5 96.0 84.6| 909
99.5 99.0 97.2 843 | 91.6
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SIMSCALE: Learning to Drive via Real-World Simulation at Scale

Haochen Tian'%3* Tianyu Li*! Haochen Liu® Jiazhi Yang? Yihang Qiu®3°
Guang Li® Junli Wang!®  Yinfeng Gao’® Zhang Zhang'® Liang Wang®
Hangjun Ye® Tieniu Tan! Long Chen® Hongyang Li?

1 MAIS, Institute of Automation, Chinese Academy of Sciences
> OpenDriveLab at The University of Hong Kong ° Xiaomi EV

https://opendrivelab.com/SimScale

CVPR 2026 Oral (21& 262l)
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Figure 4. Scaling dynamics across different planners and pseudo-expert trajectories. We visualize how simulation data scale and
supervision signals influence the driving performance of various planners, where the infection point indicates learning plateau.
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