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1. Problem Setting
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1. Problem Setting
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2. Solution= CVF
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2. Solution= Constrained Generation
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3. Contribution
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3. Contribution

Table 5. Ablation studics of different modules in GuideFlow over NavSim [ 7] HavHard Split, Bench2Drive |[17)], NuScenes |2 and
ADV-NuScenes [13]. “EP” stands for Ego Progress subscore. “CVFEF" denotes “Constraining the Velocity Field” module, “CF” denotes
“Constraining the Flow State”, “RFE" denotes “Refining the Flow by EBM™ and “RAS”™ denotes “Reward as Style Condition™.

Modules | NavSim Hard (No Scorer) | Bench2Dnive | NuScenes | ADV-NuScenes
CVF CF RFE RAS | EP  Stagel EPDMS Stage2 EPDMS EPDMS | Drive Score  SuccessRate | CR(%) | CR(%) Mode collapseE Z0|= multimodal planner H|Qt
84.1 56.7 40.0 23.1 73.86 50.00 0.08 1.02
v 80.9 56.9 413 245 74.22 50.00 0.08 0.94
v 81.7 57.1 447 25.1 74.67 50.45 0.07 0.77
v 81.1 533 453 255 74.90 50.45 0.07 0.83 = -
P AN 79.6 549 479 27.1 75.21 51.36 0.07 0.73 ConstraintS generation 1H80]| X X &
s B3 60.1 437 263 74.46 50.45 0.08 0.80
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Figure 4. Visual comparison between DiffusionDrive [27] and our GuideFlow across multiple driving scenarios. GuideFlow gencrales
trajectorics that exhibit improved adherence to lane follow, smoother mancuver transitions, and stronger compliance with salety constraints
such as collision avoidance and road boundarv oreservation.
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DriveMoE: Mixture-of-Experts for Vision-
Language-Action Model inEnd-to-End
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1. Problem Setting
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2. Solution
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(c} Vision-Language-Perception/Prediction/Action Models (Ours)
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2. Solution:Vision MoE
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2. Solution: Action MoE
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2. Solution: PipelLine
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3. Contribution

Ability (%) T

S Yo— Merging | Overtaking | Emergency Brake | Give Way | Traffic Sign | Mean
TCP-traj* [54] NeurlPS 2022 8.89 24.29 51.67 40.00 46.28 34.22
AD-MLP |6]1] Arxiv 2023 0.00 0.00 0.00 0.00 4.35 0.87
UniAD-Base | 16] CVPR 2023 14.10 17.78 21.67 10.00 14.21 15.55
ThinkTwice* | 23] CVPR 2023 27.38 18.42 35.82 50.00 54.23 37.17
VAD [31] ICCV 2023 8.11 24 .44 18.64 20.00 19.15 18.07
DriveAdapter* |22] ICCV 2023 28.82 26.38 48.76 50.00 56.43 42.08
DriveTrans | 206] ICLR 2025 17.57 35.00 48.36 40.00 52.10 38.60
DiffAD |52] Arxiv 2025 30.00 35.55 46.66 40.00 46.32 38.79
Drive-mg (Ours) 26.25 26.67 45.00 30.00 38.95 33.37
DriveMoE (Token-Level) Ours 28.75 RINE! 51.67 40.00 52.63 40.83
DriveMokE (Traj-Level) 34.67 40.00 65.45 40.00 59.44 4791
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AutoDrive-P3: Chain of Perception-
Prediction—Planning via RF

Yugi Ye, Zijian Zhang, Junhong Lin, Shangkun Sun, Changhao Peng, Wei Gao
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1. Problem Setting
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2. Solution: reward funtion

Rperc = 10Ugyg - (0.5P + 0.5R)
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2. Solution: pipeline
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Table 2: Performance comparison on NAVSIMv1 benchmark.

3. contribution

Method Image Lidar NCT DACtT EPT TTCtT ComflT PDMS?T
Human X X 100.0 100.0 87.5 100.0 99.9 948
Constant Velocity X X 69.9 588 493 493 100.0 21.6
Ego Status MLP X X 930 773 628 836 100.0 65.6
VADvV2 (Weng et al., 2024) v X 979 91.7 776 929 100.0 83.0
UniAD (Hu et al., 2023) v X 97.8 919 788 929 100.0 83.4
LTF (Prakash et al., 2021) v X 97.4 928 790 924 100.0 83.8
TransFuser (Prakash et al., 2021) v v 97.7 928 792 928 100.0 84.0
PARA-Drive (Weng et al., 2024) v X 97.9 924 793 930 090.8 84.0
LAW (Li et al., 2024a) v v 96.4 954 81.7 88.7 99.9 84.6
DRAMA (Yuan et al., 2024) v v 98.0 03.1 80.1 04.8 100.0 85.5
Hydra-MDP (Li et al., 2024b) v v 08.3 96.0 78.7 94.6 100.0 86.5
DiffusionDrive (Liao et al., 2025) v v 08.2 0962 822 947 100.0 88.1
WOTE (Li et al., 2025) v v 08.5 968 819 949 99.9 88.3
AutoDrive-P? (Ours-Detailed) v X 99.1 974 848 96.5 100.0 90.6
AutoDrive-P? (Ours-Fast) v X 98.9 97.7 837 96.6 999 90.2
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LEAD: Minimizing Learner-Expert
Asymmetry in End-to-End Driving

Long Nguyen, Micha Fauth, Bernhard Jaeger, Daniel Dauner, Maximilian Igl, Andreas
Geiger, Kashyap Chitta

CVPR/ 2026
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1. Problem Setting
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2. Solution: PipelLine

Expert plannig?| & =& student 7} 2 frustum@H0f] E0{ 2= HLE
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Input Modalities Bench2Drive
Wiathod Backbone | - neraFOV  LIDAR  Radar | Driving Score t  Success Rate 1
Hil-AD |52 ResNet-50 60 X X 86,8 69.1
SimLingo [45] | InternVi'l-3(HM 11 X X K5.1 7.2
THVS [64] RegNetY-032 1 v X 83.5 + 0 67.3 + 1.0
60 X X 916 + 07 79.5 + 20
360 v X 94,7 + 0.6 85.6 + 00
. ResMNet-34 ol  § v Q4.2 +07 5.3 +09
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PDM-Lite |51 - - 97.0 92.3
LEAD (Ours) - - 96.8 96.6
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' 2. Solution: student model
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3. contribution

Method |RCt | ISt DSt | It NDS?

“Town13 Val’ — Town13 withheld during training Learner—Expert AsymmetryS K| A& o2 2 M3} tspst
TFvS [64] 5020 | 0.10 108 | 0.04 2.12 aLL i | S T AlSE
TFv6 (Ours) 3970 | 030 352 | 0.22 4.04 TFv6er= 7l & TransFuser pipeline= H|AS

PDM-Lite [51] | 83.40 | 041 36.30 | 0.63 58.50
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