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Abstract

End-to-end planning methods are the de-facto standard of the
current autonomous driving system, while the robustness of
the data-driven approaches suffers due to the notorious long-
tail problem (i.e., rare but safety-critical failure cases). In this
work, we explore whether recent diffusion-based video genera-
tion methods (a.k.a. world models), paired with structured 3D
layouts, can enable a fully automated pipeline to self-correct
such failure cases. We first introduce an agent to simulate the
role of product manager, dubbed PM-Agent, which formulates
data requirements to collect data similar to the failure cases.
Then, we use a generative model that can simulate both data
collection and annotation. However, existing generative mod-
els struggle to generate high-fidelity data conditioned on 3D
layouts. To address this, we propose DriveSora, which can gen-
erate spatiotemporally consistent videos aligned with the 3D
annotations requested by PM-Agent. We integrate these com-
ponents into our self-correcting agentic system, CorrectAD.
Importantly, our pipeline is end-to-end model-agnostic and can
be applied to improve any end-to-end planner. Evaluated on
both nuScenes and a more challenging in-house dataset across
multiple end-to-end planners, CorrectAD corrects 62.5% and
49.8% of failure cases, reducing collision rates by 39% and
27%, respectively.

Introduction

End-to-end (E2E) autonomous driving has garnered increas-
ing attention (Hu et al. 2023; Jiang et al. 2023; Yang et al.
2023b), which directly learns to plan motions from raw sen-
sor inputs, thereby reducing heavy reliance on hand-crafted
rules and avoiding cascading modules. Deploying robust E2E
model is critical for real-world autonomy. However, long-tail
scenarios encountered on the road can cause catastrophic fail-
ures due to limited representation in training data. To adapt
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to diverse and evolving driving environments, E2E models
must be continuously refined. Yet, manually collecting high-
quality data for such failure scenarios remains costly and
risky, especially for dangerous situations. This problem leads
to the emergence of an agentic system that helps E2E models
self-correct, keeping them adaptable and effective.

To address this, we draw inspiration from the current data
development paradigm of autonomous driving companies,
which usually consists of the following steps: product man-
agers receive failure case feedback from the deployment team,
then they formulate data requirements and task the data team
with collecting and annotating similar scenarios to augment
the training set (see Fig. 1(a)). While effective, this manual
process incurs drastically high costs in both data collection
and annotation, often taking weeks and thousands of dollars
per scenario. Alternative solutions (Liang et al. 2024) (see
Fig. 1(b)) attempt to retrieve and auto-labeling similar data
from the existing training dataset, but this severely limits
scene diversity and cannot handle unseen failure cases.

In this paper, we propose a fully agentic system to simulate
such process towards a self-correcting loop. As illustrated
in Fig. 1(c), to substitute the data department’s collection
and annotation work, we use a generative model, dubbed as
DriveSora, which can simulate the data collection and an-
notation process by generating multi-view videos controlled
by precise 3D scene annotation. Unlike prior works that ran-
domly generate scenes (Gao et al. 2023; Wen et al. 2023b;
Yang et al. 2023a), our system focuses on generating targeted
data tailored to failure correction. Yet, the generative model
cannot directly take a failure case video to generate such data.
To this end, we build an agent to simulate product manager,
dubbed PM-Agent. This agent focuses on analyzing failure
causes using VLM’s reasoning abilities, and then formulates
multimodal requirements (including bird’s-eye-view layouts
and scene descriptions) to interact with the generative model.
Finally, by incorporating the generated data into the training
dataset, our self-correcting agentic system, CorrectAD, sig-
nificantly improves the robustness of downstream E2E mod-
els. Importantly, our approach is agnostic to E2E models and
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Figure 1: (a) A model iteration includes finding failures, preparing training data, updating the model, followed by evaluation and
iteration again. The key challenge is how to prepare targeted training data to correct failures. (b) The previous retrieval-based
paradigm relies on similar samples from existing datasets, restricting training diversity. (c) Our CorrectAD uses PM-Agent to
analyze failures and formulate data requirements, and DriveSora to generate high-fidelity data aligned with the data requirements
requested by PM-Agent, achieving lower L2 error and collision rate for end-to-end planning models.

can be applied across diverse planners. We demonstrate the
effectiveness of CorrectAD on both nuScenes and a challeng-
ing in-house dataset, correcting 62.5% and 49.8% of failure
cases respectively, and reducing collision rates by 39% and
27%. Our contributions can be summarized as follows:

* We introduce an agentic system to improve the E2E model
by self-correcting failure cases.

* We propose PM-Agent that links failure cases and gener-
ative model, by analyzing failure causes and formulating
multimodal requirements for data generation.

* We propose DriveSora, a controllable video generation
model that surpasses prior works by 10.6% in FVD and
5.8% in NDS.

* We validate CorrectAD across datasets and planners,
showcasing its E2E model-agnostic nature and substantial
performance gains.

Related Work

Self-correction in Autonomous Driving. Self-correction
involves a system detecting its errors and refining its
decision-making ability to meet task requirements more ef-
fectively (Mitchell et al. 2018; Valmeekam, Marquez, and
Kambhampati 2023). Vision language models (VLMs), with
strong semantic and reasoning abilities, can assist in error val-
idation and correction (Pan et al. 2023; Madaan et al. 2024).
In autonomous driving, VLMs have improved decision relia-
bility by providing external feedback to adjust autonomous
driving outputs (Fu et al. 2024; Yang et al. 2023c; Cui et al.
2023; Wen et al. 2023a). However, this paradigm does not up-
date the training data within the autonomous driving model,
thus not to implement targeted optimizations based on failure
cases. Recently, AIDE (Liang et al. 2024) mitigates novel
object detection by retrieving and auto-labeling data from
existing datasets. However, it is limited to detection models,
and retrieval alone may lack data diversity. Contemporary
works (Li et al. 2025) train specialized transformers to ana-
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lyze driving accident causes but do not use these insights to
improve E2E models. In contrast, our CorrectAD identifies
failure causes from E2E reasoning results, including percep-
tion, prediction, and planning. This enables data generation
tailored to these failure points, enhancing model diversity and
effectiveness. In addition, through fully automated iterative
cycles, CorrectAD can continuously optimize performance.

End-to-end Autonomous Driving. E2E models attract
growing attention in autonomous driving by unifying per-
ception, prediction, decision, and planning. ST-P3 (Hu et al.
2022) learns spatiotemporal features to enhance perception
and planning. UniAD (Hu et al. 2023) jointly optimizes mul-
tiple perception and prediction tasks for improved planning.
VAD (Jiang et al. 2023) adopts a vectorized scene representa-
tion to support map-free planning, and VADv2 (Chen et al.
2024) extends this with probabilistic planning on multi-view
image sequences to predict control actions. We use UniAD,
VAD, and our in-house E2E model to validate CorrectAD.

Multi-view Video Generation. Video generation is cru-
cial for visual understanding. Progress in diffusion-based
image synthesis (Nichol et al. 2021; Rombach et al. 2022;
Ruiz et al. 2023) has enabled early video diffusion mod-
els (Harvey et al. 2022; Hoppe 2022) with improved real-
ism and controllability. BEV-conditioned generation is ex-
plored in BEVGen (Swerdlow, Xu, and Zhou 2023), BEV-
Control (Yang et al. 2023a), and MagicDrive (Gao et al. 2023)
using ControlNet/ControlNet-like conditioning (Zhang and
Agrawala 2023). Cross-frame modeling is extended for video
in (Wen et al. 2023b; Wang et al. 2023b; Zhao et al. 2024).
Layout-conditioned video generation for perception training
appears in (Wen et al. 2023b; Wang et al. 2023b; Lu et al.
2025; Xie et al. 2025; ?; Jia et al. 2023). World-model-style
DiT video generation is advanced by Sora (?). Prior methods
struggle with controllability and temporal consistency. We
extend DiT to multi-view BEV geometry to provide higher
spatiotemporal consistency for E2E training.
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Method
Preliminary

Definition of Failure Cases. leen a dataset D
{prr, DY, D = (X,Y) = {a, y: 2! consists of multi-
view videos x; = {:cj Niev and corresponding 3D bboxes
and map labels y;. A faﬂ]ure case occurs when, following the
planned trajectory for the next T¢,. timesteps from the E2E
model F, at least one collision occurs between the ego and

others Viper = {UJ}l ot | (including vehicles, pedestrian and
barriers). Formally, the failure cases are defined as:

DR ={(X,Y) € D™ | 3t < Teze, 3 < |Voee|,
j (1)
Hpego t) - pother(t)” < 6}7
where p(t) is the vehicle’s position at time ¢, || - || is the

euclidean distance, and ¢ is the safety threshold.

Pre-identification of Failure Categories. To precisely
analyze failures, we pre-identify the categories of failure
causes in D. We use expert-annotated (details see Appendix)
descriptions of failure causes Y45 = {ydese}Nomo from N, o
failure cases. We use LLM to extract keywords Y*¥ and
apply an adaptive clustering algorithm to obtain K classes of
causes S = {Si }£_,. The process is denoted as:

= LLM(y{™) )

Sk = {yi™ € Yy, s1) < d(yi™, 5;), V5 # k}, 3)

where sj, is the center of the k-th cluster, and d(,-) is
the two points’ distance. Then, we summarize the com-
mon cause features [, contained in each cluster S, for
later CorrectAD, resulting in all possible failure categories
L= {l;}< |, wherel, = LLM(Sk).

CorrectAD Overview

The goal of CorrectAD is to generate new training data
D9 to specifically optimize failure cases D! of the E2E
model F, producing an updated F'. At first, we preprocess
the dataset: D < (X',C,E) {(z}, ci, ei)}g‘l, where
x} = concat(x;) represents the operation of concatenating
the multi-view videos z; in a cyclic order into a single large
video 7, Ci = VLM(z)) represents the scene caption of
the Video x}, and e; prOJect(yl) represents the BEV lay-
out projected from BEV space into camera space. A similar
definition applies to D" DV and Dfil,
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To address the aforementioned challenge of generating
new training data specifically for failure cases, we propose
an automated data loop: First, the product manager, i.e., PM-
Agent A, analyzes the failure and formulates multimodal
requirements: R < A(D™!). Next, the data department,
i.e., DriveSora G, generates the new training data: D9¢" <«
{(X9*" R) | X9° = G(R)}. Then, F is updated by fine-
tuning it on both old and new training data, followed by
evaluation on D"" and iteration again.

PM-Agent

Since there is no effective way to link failure cases to the 3D
generative model G, we propose the PM-Agent, as shown in
Fig. 2, similar to a product manager, to bridge this gap by
formulating 3D multimodal requirements R.

Analyzing Failure Cause. It is essential for precisely cus-
tomizing requirements. The vanilla baseline uses one-step
VLMs conversation. But this yields suboptimal accuracy due
to VLMs’ limitation in reasoning over complex tasks. We
propose a multi-round inquiry strategy to decompose the
task: first, classifying the cause, then analyzing the failure
in detail. We first plot the output o™ from F onto failure

cases, resulting %1 = plot(z/™", o™}, where o includes
detection, prediction and planning output for the next ¢,
timesteps. Next, we guide the VLMs to classify the failure

cause, outputting the failure category h¢a:
VLM(E™, L) = {l; € L] q(l; | 2™) > 7}, ()

where q(- | -) is the probability that the later belongs to
the former, 7 is the classification threshold. Based on the
classification result, we then perform a specificly analysis of
the failure cause description h%°¢:

VﬁM( ~ fail hclass)

hclass

hdesc

&)

Generating Requirements. These requirements are essen-

tial for understanding the context and the details surrounding
the failure, which will guide G to generate the desired data.
For each failure case, we generate a requirement ¢ based on
both the class h'** and description 29 of the failure cause:

q= ﬁ,CM (hclass’ thSC)' (6)

Formulating Multimodal Requirements. To better in-

terface with G, we select the top-K samples from D"
whose scene captions ¢ are most similar to ¢ and extract the
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corresponding BEV layouts e to assemble the multimodal
requirements 7:

F=VLM(q, D"™™) = {(c,€) | s(c,q) > 6}, (D)

where s(-,-) represents the similarity calculation, § is the
similarity threshold. Finally, the union of all 7, denoted as

R = {r;} L}jll, serves as the set of multimodal requirements
for the current iteration.

DriveSora

Since previous generative works struggle with the quality
of generated data, we propose DriveSora G, akin to a data
department, by specifically generating high-fidelity train-
ing data D#°" to enhance the ability of the E2E model F
against complex scenario. As shown in Fig. 3, DriveSora
takes the multimodal prompt R as input, based on the Spatial-
Temporal Diffusion Transformer (STDiT) architecture to gen-
erate videos X = {22} X" where 28" represents gen-
erated video which consists of 7fame frames and Nyjeyw ViEWS.

Multimodal Control Generation.  We first improve
generation fidelity by encoding more fine-grained condi-
tions. The input multimodal prompt includes the scene cap-
tion ¢ and the BEV layout e, where e is first decoupled
into the foreground layout e®® and the background lay-
= (B,M,U,V) = {(bn, mn, tn, va) } 15"

back fore
. € n=1 >
]Nbox x4

out e
where b, € [0,1 means bbox coordinates, m, €

[~180,180)"" ! means heading, u, € [0,1]"" *! means

. . box X
instance id, v, € RY" *1 means dense caption, and NV box

means the number of boxes. e®* ¢ R¥*W>3 means col-
ored lines for road maps. To obtain the box embedding 3*°%,
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road embedding 3% and text embedding 3°*, the encoding
process is:

°* = Mlp(Fe(B) + Fe(M) + Fe(U) + Eqx(V)),
6road = Eimage(a)a BteXt = Etext(c)a

where Fe(-) is the Fourier Embedder (Mildenhall et al. 2021),
Etext is the TS Encoder (Raffel et al. 2020), and Ejnage is
the VAE (Rombach et al. 2022). We concatenate box embed-
ding 3" and text embedding 3 to enable text and vehicle
control through cross-attention (CA) in STDiT:

q = Li(zin), k=Li([8"*, 3'"]), v =Li([8**, ),

q- kT
).

Vd
&)

where Li(+) is a linear layer, and z;,, ~ N (0,1) is the noise
latents. Following ControlNet (Zhang and Agrawala 2023),
we add a trainable ControlNet-Transformer to STDiT for
precise layout control with road embedding 3¢, The STDiT
block’s calculation process is formulated as:

®

CA(q, k,v) = Softmax(

)

Zout = STDIT(2;,,) + Zero(Control(z;, + ™)), (10)

where Zero(+) is zero-initialized trainable convolution lay-
ers, and Control(-) is the ControlNet-Transformer, which is
detailed in Appendix.

Parameter-free Multi-view Spatial Attention. To enhance
spatial consistency, we extend STDiT’s Self-Attention with
Multi-View Self-Attention (MVA). Unlike prior works us-
ing additional cross-view attention (Gao et al. 2023; Wen
et al. 2023b), our parameter-free approach reshapes z;, €
R(BV) x (T'S) x C to Z;n c R(BT) x (VS) x C (S is embed-
ding resolution) and applies self-attention directly:

2 = Reshape(z;,),

q =ULi(z,), k=Li(z,), v=Li(z,),
kT

Vi)
Multi-conditional Classifier-free Guidance. We improve
the condition-content alignment by conditional and uncon-
ditional denoising mode. Unlike (Gao et al. 2023), which
concurrently sets all conditions to null ¢ in the unconditional
mode, we alternately nullify each condition to strengthen
individual guidance. The generator Gg(zi, €™, €%k, c)
takes box, road, and text conditions with guidance scales
Afores Abacks Aext- DUring training, we set each condition to ¢
independently with a 5% probability, and all jointly with the
same rate. During inference, the process is formulated as:

G@(Zina efore7 CR, C) = G9 (Zhn ¢7 ¢7 ¢)
+ )\text : (G0 (Zina ¢7 ¢7 C) - Ge(Zin, ¢7 ¢? ¢))
+ )\baCk : (GO(Zinu ¢u ebaCk7 C) - G@ (Zim ¢7 ¢7 C))

+ /\fore . (GG(Zina efore’ 6back, C) - GH(Zina ¢a eback’ C))

Y

MVA (¢, k, v) = Softmax(Z

(12)



L2 (m) | Collision (%) |

Method Is 25 3s Avg.| 1Is 2s 3s Avg.
UniAD metrics

NMP - - 231 - - - 192 -
SA-NMP - - 205 - - - 1.59 -
FF 0.55 1.20 2.54 1.43]0.06 0.17 1.07 0.43
EO 0.67 1.36 2.78 1.60|0.04 0.09 0.88 0.33
UniAD 0.48 0.96 1.65 1.03|0.05 0.17 0.71 0.31
AIDE* 0.51 096 1.60 1.02|0.05 0.16 0.64 0.28
CorrectAD™ | 0.50 0.92 1.53 0.98 | 0.02 0.14 0.42 0.19
ST-P3 Metrics

ST-P3 1.33 2.11 290 2.11]0.23 0.62 1.27 0.71
VAD 041 0.70 1.05 0.72{0.07 0.17 0.41 0.22
AIDE' 0.39 0.68 1.01 0.69|0.06 0.17 0.42 0.22
CorrectAD™ | 0.34 0.60 0.94 0.62|0.05 0.14 0.40 0.20

Table 1: E2E planning comparison on nuScenes validation
set. * and T denotes frameworks initialized by UniAD and
VAD, respectively.

L2 (m) | Hit Rate (%) 1
Method ‘ Is 3s 8 Avg.|1s 3s 8 Avg.
Baseline | 0.10 0.54 191 0.85]098 0.80 0.53 0.77
AIDE?* 0.09 0.50 1.79 0.79 1098 0.81 0.54 0.78
CorrectAD* | 0.08 0.44 1.33 0.62 | 0.99 0.83 0.63 0.82

Table 2: E2E planning comparison on a large in-house vali-
dation set. Hit Rate measures recall of predicted trajectories
against ground truth at multiple timesteps. * denotes frame-
work initialized by Baseline (our in-house E2E model).

Experiments

Experimental Setting

Dataset. We evaluate on two datasets: (1) the real-world
nuScenes (Caesar et al. 2020) dataset with 700 training and
150 validation scenes of 20s 6-view videos at 12Hz; (2) a
more challenging in-house E2E dataset with diverse driv-
ing behaviors, containing 3M training and 0.6M validation
scenes of 15s 6-view videos at 10Hz. Behavior distribution
is detailed in the Appendix.

Metrics. We evaluate CorrectAD in three E2E models:
UniAD (Hu et al. 2023), VAD (Jiang et al. 2023) (using L2
error and collision rate), and our in-house E2E model (using
L2 error and hit rate). For PM-Agent, we assess its analysis
ability using the accuracy of the failure category and the se-
mantic distance of the descriptions. For DriveSora, we assess
the fidelity and consistency of the generated videos (using
FID (Heusel et al. 2017), FVD (Unterthiner et al. 2018), and
CLIP score (Yang et al. 2023a)), and detection score (using
NDS (Wang et al. 2023a)) to measure the sim-to-real gap.

Methods for Comparison. To our knowledge, little work
focuses on automated data pipeline for self-correcting failures
in autonomous driving E2E models, making it difficult to find
a fully comparable counterpart for CorrectAD. However, we
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Figure 4: Two nuScenes validation examples before and after
self-correction. Our framework can fix low-visibility night
driving (top) and bypassing in dense traffic (bottom).

(a) Baseline (in-house E2E model):

(b) CorrectAD:

Figure 5: Two cases before and after self-correction on our
in-house validation set, rendered in a proprietary closed-loop
simulator based on Gaussian splatting.

noticed AIDE (Liang et al. 2024), a closed-source method for
novel object detection tasks, which shares a similar process:
identifying issues, curating data, updating the model, and
verifying results. Key differences include: 1) AIDE targets
detection tasks, while our method focuses on E2E planning
tasks; 2) AIDE retrieves data from existing dataset, while
we generate new data using a generative model. To ensure a
fair comparison, we re-implemented AIDE’s process for the
planning task in this paper. Details are in the Appendix.

Main Results

Evaluating CorrectAD against state-of-the-art methods on
the nuScenes validation set, our framework achieves supe-
rior performance in both L2 and collision rate metrics (see
Tab. 1). In contrast to AIDE, which only retrieves training
data, CorrectAD improves safety metrics by analyzing failure
causes and specifically generating new training data. We also
show how our CorrectAD achieves self-correction in Fig. 4.
Only the front view is shown here for clarity. All multi-view
results are in the Appendix.

Furthermore, evaluating on the large in-house E2E model
(see Tab. 2), CorrectAD significantly outperforms AIDE in
L2 error and hit rate, demonstrating strong generalization
capability across different E2E models. Fig. 5 shows the



a @ L2 (m) | Collision (%) |
1s 2s 3s Avg. | 1s 2s 3s  Avg.
054 1.03 1.71 1.09 | 0.05 0.18 0.81 0.35
v 053 099 1.66 1.06|0.10 020 0.62 0.31
v 0.52 096 1.62 1.030.08 020 0.58 0.29
vV V050 092 153 098|0.02 014 042 0.19
Table 3: Ablation on (1) PM-Agent and (2) DriveSora.
Foreground Background Weather Semantic
Method ‘ acc.T acc.T acc.T dist.|
Baseline(1 step) 4.72
PM-Agent 92.59% 8741% 91.85%  3.49

Table 4: Accuracy of VLM in analyzing failure causes.
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Figure 6: Distribution gap between generated data from AIDE
baseline, our method, and failures on the validation set.

self-correction results on a large in-house dataset, which is
visualized via our proprietary closed-loop simulator based
on Gaussian Splatting (Yan et al. 2024), demonstrating effec-
tiveness in fixing failures.

Statistical Distribution of Augmented Data. To better un-
derstand why our method significantly outperforms the AIDE
baseline in enhancing the performance of the E2E model, we
visualize the statistical distribution of the augmented data
each method provides (see Fig. 6). A detailed explanation of
our visualization approach is available in the Appendix. The
rightmost column in the figure highlights the distribution of
failure cases in the validation set, arguably the most critical
distribution for the E2E planning model to learn from. No-
tably, the data generated by our method exhibit a much closer
alignment with this failure distribution compared to other
methods. This strong alignment is a key factor that enables
our approach to deliver superior effectiveness.

Ablation Studies

Ablation on Proposed PM-Agent and DriveSora. To
assess the individual contributions of the two proposed mod-
ules, we disable each in turn. In the first row of Tab. 3, we
use augmented data created by randomly duplicating samples
from the training set. This yields no gain due to redundant
data without meaningful distributional alignment. Introduc-
ing DriveSora in the second row generates more diverse data,
which partially mitigates this issue and leads to moderate
improvements. As shown in the last two rows, incorporating
PM-Agent to tailor the augmented data distribution to failure
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Failure Case:

2 Response by PM-Agent (GPT4o-based):

(" Ccause: "In such conditions, collisions may have been caused by the
slippery road surfaces and reduced visibility due to the rainy weather. The

slippery roads diminished tire traction, while the poor visibility obstructed the

\ system’s ability to avoid obstacles."

2 Ground Truth:

J
iEucIidean distance: 3.51

Cause: "The rainy weather led to slippery road, which impaired vehicle h
control, while the low visibility caused by the weather increased the difficulty

of avoiding obstacles." )

@ Response by Baseline (1-step GPT40): iEucIidean distance: 4.66

Cause: "The accident in this scenario may have been caused by the loss
of vehicle control on the slippery road surface, leading to a collision
between the vehicles."

J

Figure 7: An cause example of GT and response by PM-
Agent and baseline (one-step GPT4o).

cases yields further gains. Combining both DriveSora and
PM-Agent, our full method achieves the best results: 0.98
L2 error and 0.19 collision rate, demonstrating the impact of
using DriveSora for data diversity and PM-Agent for failure-
focused distribution control. This validates the importance of
both the distribution and diversity of the augmented data.

The Accuracy of PM-Agent. Tab. 4 compares PM-Agent’s
results with those obtained from a single direct prompt (one-
step) to the VLM, where N/A means not available due to
baseline skipping analysis failure category. Specifically, we
used the expert-annotated data, as the ground truth (GT).

Subsequently, we measured the degree of alignment be-
tween the different outputs and the GT by calculating the
textual semantic distance. The VLM we chose is GPT-4o,
and the results show that our PM-Agent is effective. We can
find that, by decomposing complex tasks into a series of
subtasks for multi-step reasoning, PM-Agent significantly
improved accuracy, reducing the semantic distance from 4.72
to 3.49. As a reference, we provide visual cases scoring both
3.51 and 4.66 in Fig. 7. We emphasize that using VLM to
analyze causes is an exploratory area in the field. Real-world
failures are more complex, and we expect that the proposed
paradigm can offer insights to the industry.

Comparison of the Data Quality Generated by
DriveSora. We assess the quality of video generation
through a comprehensive evaluation including both quan-
titative and qualitative aspects, comparing our proposed
DriveSora with previous generative methods. As shown in
Tab. 5, we report metrics for three aspects: spatial and tem-
poral consistency, and sim2real gap, on the nuScenes val-
idation set. In short, our method surpasses state-of-the-art
by a clear margin in video generation tasks. In Fig. 8, we



Generator | FID, CLIPt FVD| NDS?
BEVGen 25.54 71.23 -
BEVControl 24.85 82.70 -
DriveDreamer 26.8 353.2
DriveDreamer-2 25.0 105.1

WoVoGen 27.6 417.7
MagicDrive 16.20 82.47 221.90 34.56
Panacea 16.96 84.23 139.0 32.10
Drive-WM 15.80 122.7
MagicDrive-v2 20.91 85.25 94.84 35.79
DriveSora (Ours) 15.08 86.73 94.51 36.58

Table 5: Comparison of DriveSora with state-of-the-art gen-
erators in terms of consistency and controllability on the
nuScenes validation set. N/A means not available due to
closed-source.

L2 (m) | Collision (%) |
Generator ‘ Is 25 3s Avg.| 1Is 2s 3s Avg.
Panacea 049 098 1.62 1.03/0.08 0.18 0.56 0.27
MagicDrive-v2 | 0.50 0.96 1.55 1.00|0.05 0.13 0.51 0.23
DriveSora 0.50 0.92 1.53 0.98 |0.02 0.14 0.42 0.19

Table 6: The effect of using different video generators in
CorrectAD.

——_ Time ——————

(a) MagicDrive (b) Panacea

(c) Ours

Figure 8: The visualization comparison of cross-frame con-
sistency.

present videos generated by different methods on the same
clip. Our method maintains a consistent spatial and temporal
appearance, whereas the previous methods failed. It can be
seen that our method has the powerful ability to generate
high-quality videos with spatiotemporal consistency, which
is beneficial for the training of E2E models.

Effects using Different Video Generators in Correc-
tAD. To further validate the impact of generated data
quality on the performance of the E2E model, we replace
the generative model within CorrectAD with previous meth-
ods (Wen et al. 2023b; Gao et al. 2025). The model trained
with data generated by previous methods performs worse
than the model trained with data from DriveSora (see Tab. 6),
which highlights the importance of high-quality generated
data for training E2E models.

Effectiveness of Multiple Iterations. Our CorrectAD is de-
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i L2 (m) | Collision (%) |

Iter. | D-D | ‘ Is 28 3s Avg.| 1s 2s 3s Avg.
1 0.15 | 0.50 099 1.68 1.06 |0.07 0.19 0.53 0.26
2 0.11 |0.51 096 1.65 1.04]0.04 0.17 046 0.22
3 0.09 [0.50 0.92 1.53 0.98 | 0.02 0.14 0.42 0.19

Table 7: Effect of multiple CorrectAD iterations. Iter. means
iteration count. D-D metric shows the Hellinger Distance
distribution between generated data and validation failures.

Iteration 1 Iteration 2 Iteration 3
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Figure 9: Distribution gap between augmented data and fail-
ures on the validation set over multi-iterations.

signed as an iterative self-correcting system for E2E models.
Within the time constraints, we conducted several cycles of
iteration. As shown in Tab. 7, both the L2 error and collision
rate decreased progressively with more iterations. Fig. 9 il-
lustrates the distribution differences between the generated
data and the failures in the validation set for each iteration.
The visualization demonstrates that, with more iterations, the
distribution of the data generated by our method increasingly
aligns with the distribution of failures, which explains why
our method gradually reduces both the L2 error and colli-
sion rate. This highlights the self-correcting potential of our
CorrectAD framework.

Conclusion

In this paper, we propose a self-correcting agentic system,
CorrectAD, to effectively improve the E2E models in au-
tonomous driving. We first propose a PM-Agent to analyze
failure causes and formulate data requirements. Then, we
introduce DriveSora to generate high-fidelity training data,
thereby correcting the failures of E2E models. Experiments
on multiple datasets proves that CorrectAD shows signifi-
cant improvements in L2 error and collision rate, showcasing
its excellent robustness, and providing a sustainable model
self-correction solution for autonomous driving.
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