Model-Based Policy Adaptation for
Closed-Loop End-to-End Autonomous Driving

Haohong Lin?', Yunzhi Zhang?, Wenhao Ding3, Jiajun Wu?, Ding Zhao!
1CMU, 2Stanford, 3NVIDIA
NeurlPS 2025

®) yidio - @@ Stanford NVIDIA

e/ University @¥ University

11/26/2025 Model-Based Policy Adaptation for Closed-Loop E2E Autonomous Driving | NeurlIPS 2025



Teaser: Closed-Loop Evaluation of E2E Driving
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Background: End-to-End Autonomous Driving

* Modularized, end-to-end joint training pipeline
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Hu, Yihan, et al. "Planning-oriented autonomous driving." CVPR 2023.
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Background: Foundation Models in Self-Driving

e CoT Data curation

VLM backbone

pretraining

e Diffusion head for

trajectory decoding

* RL Finetuning
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Li, Yongkang, et al. "ReCogDrive: A Reinforced Cognitive Framework for End-to-End
Autonomous Driving." ArXiv 2025



Background: Foundation Models in Self-Driving

€@ Camera streams V-Vision Space | (@) Planning A-Action Space | Dual Thinking Mode Adaptation
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: The ego vehicle is approaching a construction zone during daylight ...
1 - Front: A construction worker is in the center lane, holding a SLOW
: paddle, and a construction vehicle is blocking the right lane ...
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Auto Vision
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L S Action Model

- Left: The left lane is clear, with a few vehicles ahead ....
- Back: Light traffic is present at a distance behind the ego vehicle ...

2. Critical Object Description

- Construction Worker (center front): Holding a SLOW sign and

N e e e e e e e e e D H gesturing, likely managing traffic flow around a construction zone ...
- Forklift/Loader (front right): Stationary and blocking the right lane...

3. Reasoning on Intent
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Zhou, Zewei, et al. "AutoVLA: A Vision-Language-Action Model for End-to-End Autonomous
Driving with Adaptive Reasoning and Reinforcement Fine-Tuning." ArXiv 2025
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Motivation

Open-Loop:
Lowest MS

* Missing Evaluation in Closed-Loop Rollout

* Open-Loop Evaluation looks good jectory

 Compounding error leads to some failure mode
E2E Driving Agent é%

No data on

* Challenges in the Safety-Critical Behaviors how to rec

Closed-Loop:

* Imitation Learning: lower empirical risks (L2 error)
* Online policy: reward maximization

* Objective Mismatch!
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Motivation: Where does the Gap Come from?

== [Closed-loop (UniAD)
1 == UniAD (GT)
#@- LnisD (Recon)

* Hypothesis of Error Sources:

n

e Sensor Sim. Error 37 EEE Eﬂ;m]
—a— LTF (GT)
4 LTF {Recon)

 Compounding Error

iLad
i

* Preliminary experiments: teacher-forcing rollout

Pl
i

|
|

e Observation:

L2 Error to Reference Trajectory (m)

=
i

* Sensor simulation does not cause too much error... 05 10 15 20 25 30
Prediction Horizons (s)

* Compounding error is more significant!
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Related Works

* End-to-End Autonomous Driving
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Preliminary: 3D Gaussian Splatting

* Pros: 3DGS is faster
at inference time
compared to NeRF!
Also it is parameter
efficient ©

e Cons: (Both 3DGS
and NeRF) cannot %
generalize to unseen
scenes without any
camera views

Ray
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Preliminary: 3D Gaussian Splatting for Urban Scenes

Scene representation

. Geometry model CTTY. . (o)
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Overview of the Proposed Method

* Counterfactual Data Generation | Policy Adapter | Value Function

Counterfactual Generation
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Counterfactual Data Synthesis

° Ra ndom |y transfo rm the predicted Original, Rotated, and Scaled Driving Trajectories

== Scaled x0.5

== Scaled x0.75
Scaled x0.9

201 === Original

trajectories with:

* Warping |

10} !
|

 Rotation

* Noising

=20 =15 -10 =5 0 5 10 15

* Rollout and accumulate the feedback .
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Properties of 3DGS?

* What is the quality of the rendered results?

* a) Impact to the policy; b) Inception Distance w.r.t. Lateral Displacement

_ _ FID and KID vs Lateral Displacement
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Counterfactual Data Synthesis T —
* How to guarantee the realism? ——— GT Trajectories
Augmented
e Constraining the distance
* Between the current poses with the
demonstration data _ .
= \ :
* If exceeds, reject these samples = -

e GT Trajectories

Augmented
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DDIM Sampler for Policy Adaptation

MPA Training and Inference

* Process of DDIM Sampler
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Multi-Principled Q-Value Heads

* Reward Shaping T o
* (Longitude) Route progression e :
* (Lateral) Driveable area compliance \
 (Safety) Collision penalty :
* (Safety) Off-road penalty .:
* (Comfort) Overspeed penalty YSoa fy S e
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Experiment Results

e Setting: nuScenes + HUGSIM closed-loop evaluation
e Training on ~290 normal scenes with counterfactual generation (Singapore)
e Testing on 70 unseen, normal scenes (Boston)
* Testing on 10 seen, safety-critical scenes (Singapore)

Singapore (Normal) Boston (Normal)
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Experiment Results

* Metrics 12l
* Route Completion (RC)
 Collision related: Non-Collision (NC), Time-to-Collision (TTC)
* Driving style: Comfort (COM), Driveable Area Compliance (DAC)

e HDScore

T
1
HDScore = RCx T Z { H Score,,, X
t=0 me{NC, DAC}
D me{TTC, com} Weight,, X scorep, }
t

Zme {TTC,COM} Weightm

[1] Zhou, Hongyu, et al. "Hugsim: A real-time, photo-realistic and closed-loop simulator for autonomous driving." arXiv 2024.
[2] Dauner, Daniel, et al. "Navsim: Data-driven non-reactive autonomous vehicle simulation and benchmarking." NeurlPS 2024
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Experiment Results

* Baselines in Comparison
* Pretrained Policies: UniAD / VAD / LTF
* Trained w/ Counterfactual data: AD-MLP / BC-Safe / Diffusion
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Hu, Yihan, et al. "Planning-oriented autonomous driving." CVPR 2023.
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Experiment Results

e Baselines in Comparison

* Pretrained Policies: UniAD / VAD / LTF
* Trained w/ Counterfactual data: AD-MLP / BC-Safe / Diffusion
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Jiang, Bo, et al. "Vad: Vectorized scene representation for efficient autonomous driving." CVPR 2023
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Experiment Results

* Baselines in Comparison

* Pretrained Policies: UniAD / VAD / LTF
* Trained w/ Counterfactual data: AD-MLP / BC-Safe / Diffusion
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Chitta, Kashyap, et al. "Transfuser: Imitation with transformer-based sensor fusion for autonomous
driving." TPAMI 2022
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Main Results

» Better closed-loop driving performance for in-domain scenarios!

Model Ego Status Camera Curation RC NC DAC TTC COM HDScore
UniAD v v X 394 569 75.1 521  98.7 19.4
VAD v v X 50.1 684 872 66.1 902 31.9
LTF v v X 652 713 921 676 984 46.7
AD-MLP v X v 134 80.2 862 794 90.1 6.5
BC-Safe v v v 570 598 879 552 894 33.6
Diffusion v v v 71.8 674 88.1 645 915 45.1
MPA (UniAD) v v v 936 764 928 728 91.8 66.4
MPA (vaD) v v v 949 754 93.6 725 92.8 67.0
MPA (TF) v v v 93.1 70.8 909 679 949 60.0




Main Results

* Better performance in the OOD Scenarios

Unseen Nominal Scenes Safety-Critical Scenes
Model RC NC DAC TTC COM HDScore | RC NC DAC TTC COM HDScore
UniAD 393 566 740 526 98.2 22.2 114 762 821 578 959 4.5
VAD 454 648 86.2 620 959 29.3 254 77.0 883 732 884 16.0
LTF 63.3 648 865 628 98.2 41.9 35.1 809 968 78.1 100.0 24.2
AD-MLP 76 71.6 822 698 923 33 49 935 962 934 859 4.3

BC-Safe 59.2 598 812 563 959 34.6 202 80.1 917 673 86.7 13.5
Diffusion 579 62.1 835 583 96.2 35.1 209 843 923 724 863 13.1
MPA niaD) | 93.7 69.5 929 666 97.6 60.9 95.1 768 989 742 97.7 70.4
MPA (vAD) 90.9 71.0 944 68.8 97.7 61.2 96.6 798 990 773 97.7 74.7
MPA (1F) 91.8 683 910 665 96.9 57.0 873 720 940 669 978 56.3




Ablation Studies

e Quantitative Studies of the Value Heads:

ID | Qmute Qdist Qcolﬁsiﬂn Qspeed Adapter | RC NC DAC TTC COM HDScore

1 v Ve v 69 812 951 81.0 100 5.1
2 v v v 839 570 810 536 994 43.2
3 v v v 89.2 708 956 686 994 60.8
4 v v v 904 689 918 654 994 56.6
5 v v ve v 91.1 715 941 694 994 60.9
6 v v v v v 93.7 695 929 66.6 97.6 60.9
ID | Qroute Qdist Qcollision Qspeed Adapter | RC NC DAC TTC COM HDScore
1 v v v 46 860 983 793 90.1 3.6
2 v v v 65.1 65.6 857 538 86.5 39.5
3 v v v 577 824 99.0 69.6 84.6 39.2
4 v v v 793 829 985 680 939 50.1
5 v v v v 756 812 988 78.6 99.7 55.3
6 v v v v v 951 768 989 742 977 70.4
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Ablation Studies --- Counterfactual Rollout Steps

* Impact of Counterfactual Rollout Steps
* Longer rollout steps give better future awareness in planning

—&— MPA (UniAD) =& MPA (vAD) —o— MPA (LTF)

RC NC DAC HDScore

0 1 2 3 4 5 0 1 2 3 4 5 o 1 2 3 4 5 0 1 2 3 4 5 0 1 2 3 4 5 0 1 2 3 4 5
#Counterfactual Steps #Counterfactual Steps #Counterfactual Steps #Counterfactual Steps #Counterfactual Steps #Counterfactual Steps
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Ablation Studies --- Capacity of Policy Adapter

* Impact of #adapter modes of the diffusion head
* More modes bring better diversity in action proposal!

& MPA (UniAD) = MPA (vAD) —o— MPA (LTF) - VAD e LTF
RC DAC HDScore

100 {&--
96 1
92 -
88 -
84 1

1 2 4 8 16 22 1 2 4 8 16 22 1 2 4 8 16 22 1 2 4 8 16 22 1 2 4 8 16 22 1 2 4 8 16 22

#Adapter Modes #Adapter Modes #Adapter Modes #Adapter Modes #hdapter Modes #Adapter Modes
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Qualitative Results on the Counterfactual Dataset

has better coverage in driving behavior!

\\5 :..._ -
- Ego Reference States - Ego Reference States T — Ego Referenc& States
N
Ego Counterfactual States R Ego Counterfactual States Ego Counterfactual States
- Other Agent States ‘ - Other Agent States - Other Agent States
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Qualitative Results
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Qualitative Results (Safety-Critical Scenes)
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Takeaways

* Mitigate the performance gap between open- and closed-loop evaluation:

* Counterfactual Data Generation
 Diffusion policy adapter for diverse action proposal

* Inference-time Scaling to search the optimal actions

* Next step:

* Synthesize safety-critical scenes at scale

e Sim-to-real / real-to-sim gap?
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