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Abstract. Reinforcement learning for end-to-end autonomous driving
in closed-loop simulations is gaining increasing attention, yet most sim-
ulators differ substantially from real-world conditions, leading to a sig-
nificant sim2real gap. Recent methods use scene reconstruction to build
photorealistic simulators, improving sensor realism but remaining con-
strained by the training data distribution, which limits their ability to
render novel trajectories and corner cases. To address this, we propose
ReconDreamer-RL, a framework that integrates video diffusion priors
into scene reconstruction for reinforcement learning, enabling more re-
alistic and diverse closed-loop autonomous driving training. Specifically,
we introduce ReconSimulator, which combines video diffusion priors for
appearance modeling with a kinematic model for physical modeling, re-
constructing driving scenarios from real-world data and narrowing the
sim2real gap. To cover more corner cases, we propose the Dynamic Ad-
versary Agent (DAA), which adjusts surrounding vehicles’ trajectories
relative to the ego vehicle to generate challenging scenarios such as cut-
ins. Finally, we introduce the Cousin Trajectory Generator (CTG) to
mitigate the bias of training trajectories toward simple straight-line mo-
tion. Experiments show that ReconDreamer-RL improves end-to-end au-
tonomous driving training and outperforms imitation learning methods
with a 5× reduction in Collision Ratio.

Keywords: Autonomous Driving · Reinforcement Learning · Scene Re-
construction · Video Diffusion Models · Sim-to-Real

1 INTRODUCTION

End-to-end training of autonomous driving models [21, 28, 30, 32, 46, 49, 57, 59]
through reinforcement learning in closed-loop simulation environments attracts
growing interest. Compared to imitation learning, which relies solely on expert-
collected demonstrations, closed-loop reinforcement learning enables the model
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to interact with the environment, enhancing its robustness and adaptability
across diverse scenarios.

Despite these advantages, existing methods still face significant challenges.
One key issue is creating realistic driving environments capable of effective inter-
actions with autonomous driving policies. Game-engine-based simulators [1, 67]
lack sensor-level realism, whereas real-world closed-loop training is costly and
risky. To overcome these limitations, recent approaches [12,13,15,31,50,56] em-
ploy scene reconstruction methods to build photorealistic digital twins of real-
world scenarios. However, these reconstruction-based methods are constrained by
their training data, typically generating high-quality sensor outputs only within
regions covered by recorded camera trajectories. Additionally, these methods
fail to adequately account for corner cases such as sudden braking, as such rare
behaviors are typically absent from the reconstruction data.

In this paper, we introduce ReconDreamer-RL, a framework that integrates
the video diffusion priors [48,63] into scene reconstruction to enhance end-to-end
autonomous driving training by reinforcement learning. The framework consists
of three components: the ReconSimulator, the Dynamic Adversary Agent (DAA),
and the Cousin Trajectory Generator (CTG). ReconDreamer-RL enhances the
training process in two key stages: (1) The imitation learning stage uses behav-
ior cloning for plan initialization. (2) The reinforcement learning stage optimizes
the policy through closed-loop trial-and-error interactions with the environment.
Specifically, ReconSimulator employs 3D Gaussian Splatting (3DGS) to recon-
struct the driving scene and incorporates the video diffusion prior for appear-
ance modeling. Meanwhile, a kinematic model is used to ensure the validity of
vehicles’ trajectories during ego-vehicle movement and scene editing. Then, in
the first stage, we propose that DAA enrich corner case scenarios by control-
ling surrounding vehicles to generate challenging situations such as sudden lane
changes. Meanwhile, the CTG enhances the diversity of sensor-collected data by
synthesizing new trajectories from expert trajectories, addressing the data bias
toward straight-line driving. In the second stage, the autonomous driving pol-
icy is trained within ReconSimulator via reinforcement learning, while the DAA
continues to dynamically alter surrounding vehicle trajectories to create corner
cases.

Through evaluation in the closed-loop 3DGS environment, we demonstrate
that the end-to-end driving policy trained with the ReconDreamer-RL framework
performs better, especially in corner cases, with a 5× reduction in Collision Ratio
compared to imitation learning methods.

The main contributions of this paper are summarized as follows:

– We introduce ReconDreamer-RL, the framework that enhances end-to-end
autonomous driving training by scene reconstruction with diffusion prior. It
uses ReconSimulator to create realistic and freely explorable environments
for reinforcement learning by enhancing appearance and physical modeling,
reducing the sim2real gap.

– We propose DAA to auto-generate corner case instances to improve scenario
coverage. Additionally, the CTG is introduced to address data distribution
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Fig. 1: In ReconDreamer-RL, ReconSimulator improves appearance modeling by Re-
conDreamer and incorporates physical modeling to reconstruct driving scenes. In the
imitation learning stage, DAA generates corner-case scenario trajectories, while CTG
diversifies the ego vehicle’s actions and uses ReconSimulator to render sensor data
for training the policy. In the reinforcement learning stage, the policy is trained in a
closed-loop environment, interacting with DAA-controlled vehicles.

challenges by enriching sensor-collected expert trajectories, ensuring more
balanced and comprehensive training data. This joint design further pro-
motes model generalization and resilience.

– We validate the effectiveness of ReconDreamer-RL in a closed-loop 3DGS
environment. ReconDreamer-RL performs stronger in challenging closed-loop
evaluations, achieving a 5× reduction in collision rate compared to imitation
learning methods.

2 Related Work

2.1 Driving Scene Reconstruction with Diffusion Prior

3DGS has become a prominent technique in 3D scene reconstruction. Various
works [6,7,20,27,53] have applied 3DGS to autonomous driving scenarios. How-
ever, these methods exhibit significant performance degradation when rendering
trajectories that deviate from the training distribution. Although some meth-
ods [53, 66] leverage 3DGS with decomposed foreground and background lay-
ers to ensure accurate foreground localization, the background still suffers from
substantial artifacts under novel viewpoints, for example, blurred lane mark-
ings. This poses a challenge for end-to-end autonomous driving policies, which
rely heavily on background cues such as lane boundaries for reliable decision-
making, making these methods unsuitable for closed-loop evaluation or as re-
inforcement learning simulators. To address this issue, some studies leverage
video diffusion models [2, 38] to enhance the representation of driving scenes.
DriveDreamer4D [61] is the first to leverage the video diffusion prior to generate
novel trajectory videos for training reconstruction models. ReconDreamer [35]
further improves reconstruction by integrating the video diffusion model with
online artifact correction, enabling better rendering of large maneuvers. Recon-
Dreamer++ [62] enhances rendering quality by reducing domain gaps and re-
fining the ground surface. However, these works focus on improving scene rep-
resentation. In contrast, we leverage the video diffusion prior to improve the
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simulator’s appearance modeling and introduce physical modeling, enhancing
end-to-end autonomous driving training by reinforcement learning.

In terms of scene generation methods, DriveDreamer-2 [63] allows users to
create corner case scenarios more effectively. However, its generation method
is relatively inefficient and unsuitable for reinforcement learning training. In
contrast, DiffScene [51] introduces a diffusion-based framework that efficiently
generates high-quality, safety-critical driving scenarios, significantly enhancing
the evaluation of autonomous vehicles.

2.2 End-to-End Autonomous Driving

Recent advancements in end-to-end autonomous driving algorithms showcase
the immense potential of learning-based planning, where raw sensor inputs are
directly mapped to control outputs. UniAD [18] integrates various perception
tasks [8,10,11,33,52,60,68] to enhance planning performance. VAD [22] focuses
on improving trajectory planning by utilizing compact vectorized scene represen-
tations. Furthermore, VADv2 [5] extends this by introducing a framework that
models probability distributions over planning vocabularies. However, methods
based on imitation learning rely heavily on expert demonstrations and suffer from
poor generalization. To address this issue, some approaches [4, 16, 23, 26, 41, 58]
utilize deep reinforcement learning [24,34,36,39,40,42,43] for training end-to-end
autonomous driving models. Nevertheless, these methods often encounter limi-
tations, either due to simulation environments lacking photorealistic fidelity [14]
or reliance on open-loop data. Recent work, RAD [15], introduces a reinforce-
ment learning framework specifically designed for training autonomous driving
agents in photorealistic 3DGS environments. However, RAD [15] still suffers
from inadequate supervision for policy learning due to limitations in rendering
novel views and a lack of corner-case scenarios in reconstructed data, leading to
limited generalization and a sim-to-real gap.

3 Method

3.1 Preliminary

ReconDreamer [35] integrates the video diffusion prior to improve the perfor-
mance of reconstruction methods in handling large maneuvers. The core of Re-
conDreamer is DriveRestorer, designed to restore artifacts in rendered videos
through an online restoration process, which mitigates distortions and enhances
consistency across frames. It is fine-tuned based on the video diffusion mod-
els [48,63] and uses a diffusion loss as follows:

LR = Ez,ϵ∼N (0,1),t

[
∥ϵt − ϵθ (zt, t, c)∥22

]
, (1)

where ϵt is the random noise at time step t, ϵθ is the denoising network used
to predict the noise, zt is the noisy latent variable at step t, and c represents
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Fig. 2: The process of integrating the dif-
fusion prior for appearance modeling. Dur-
ing the reconstruction of driving scenes, we
first render novel trajectory view videos.
These rendered videos are then processed
by the DriveRestorer to enhance their vi-
sual quality, and the restored results are
used to further optimize the reconstruction
model. This iterative process continues un-
til the reconstruction model converges.
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Fig. 3: The pipeline of the DAA. DAA
identifies the target vehicles based on their
distances to the ego car from the BEV
view, where the blue line represents the
ego car’s trajectory and the red line repre-
sents the target vehicle. Then, DAA gener-
ates novel trajectories based on the spec-
ified interactive behavior. The generated
trajectories are checked, and feasible ones
are rendered using ReconSimulator.

the control conditions, which include the degraded video V̂ novel, 3D bounding
boxes, and HDMaps, thus incorporating both low-level visual cues and high-level
structural information to guide accurate video restoration.

During the inference stage, DriveRestorer freezes its network parameters and
restores novel trajectory renderings. The inference process is expressed as:

Vnovel = R(V̂novel, s), (2)

where R represents the DriveRestorer model, and s denotes the structural condi-
tions corresponding to the degraded video V̂novel (such as 3D bounding boxes and
HDMaps). In ReconDreamer-RL, we leverage DriveRestorer to enhance scene
rendering quality, enabling free ego car navigation and scene editing, as detailed
in the ReconSimulator Section.

3.2 Overview of the ReconDreamer-RL framework.

Existing end-to-end autonomous driving algorithms are typically trained based
on imitation learning, leading to poor generalization. To address this, RAD [15]
trains the policy in 3DGS-based simulations, which provide photorealistic sensor
data. However, it still faces challenges in rendering novel views and covering
diverse corner cases.

We introduce the ReconDreamer-RL pipeline in Fig. 1. ReconSimulator first
reconstructs the driving scene, providing high-fidelity sensor data for ego vehicle
navigation by integrating video diffusion priors and physical modeling, ensur-
ing more accurate and realistic environmental representations. In the imitation
learning stage, DAA generates corner cases specifically designed for imitation
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learning, while CTG improves driving behavior through a variety of diverse and
challenging actions. In the reinforcement learning stage, the policy is trained in
closed-loop environments, with DAA generating new corner case trajectories to
increase difficulty and enhance the robustness of the policy.

3.3 ReconSimulator

The ideal reinforcement learning environment for autonomous driving should
minimize the sim2real gap. However, existing 3DGS-based methods merely re-
construct data, failing to ensure realistic appearances along novel trajectories.
Meanwhile, it is essential to ensure that the trajectories of all vehicles adhere to
physical constraints. Therefore, we propose ReconSimulator to address appear-
ance and physical modeling challenges. In terms of appearance, we integrate the
diffusion prior to enhance scene representation for high-quality sensor data ren-
dering on novel trajectories. For physical modeling, kinematic modeling is used
to ensure the physical feasibility of vehicle trajectories. Next, we delve into the
details of the appearance and physical modeling.
Appearance Modeling. To ensure high-quality rendering and scene editing,
we first use 3DGS to reconstruct the scene and render novel trajectories. Then,
DriveRestorer [35] mitigates artifacts in the rendered videos, and the results
are used to fine-tune the reconstruction model. This enables the final model to
produce high-quality rendering from diverse viewpoints. The overall process is
illustrated in Fig. 2. Meanwhile, we model the static background and moving ve-
hicles separately, which enables the modification of trajectories and appearances
for all vehicles. The background model is represented by GBackground,w in the
world coordinate system. For each moving object v, represented by Gaussians
Gv

Rigid,l in the local coordinate system l, these Gaussians must be transformed
into the background coordinate system during the rendering process:

Gv
Rigid,w(t) = Mv

t ·Gv
Rigid,l + Sv

t , (3)

where Mv
t and Sv

t represent the rotation matrix and translation vector that
describe the pose of object v at time t. This formulation ensures that moving
vehicles can be accurately placed in relation to the static background as well as
other dynamic agents during view rendering.
Physical Modeling. To maintain the authenticity of vehicle trajectories, a
kinematic model is used to govern the vehicle’s motion. Specifically, the vehicle’s
pose at time t in the world coordinate system is Wt = [Rt | Pt] ∈ SE(3), where
Rt is the rotation matrix and Pt is the position. At each time step, the pose
is updated using linear velocity vt and steering angle δt in a kinematic bicycle
model:

Pt+1 = Pt + vt ·∆t · d̂t, (4)

where d̂t is the forward direction vector derived from the rotation matrix Rt.
The vehicle orientation is updated by applying a rotation about the vertical axis:

Rt+1 = Rotz(∆θt) ·Rt, (5)
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Fig. 4: Examples of Dynamic Adversary Agent (DAA) controlling surrounding vehicles
to simulate cut-in scenarios.

where the incremental rotation angle ∆θt is calculated based on the bicycle
model as:

∆θt =
vt
L

tan(δt)∆t. (6)

The L denotes the wheelbase length of the vehicle. The rotation matrix Rotz(∆θt)
is explicitly expressed as:

Rotz(∆θt) =

 cos(∆θt) sin(∆θt) 0
− sin(∆θt) cos(∆θt) 0

0 0 1

 . (7)

We define distinct kinematic parameters for each vehicle category and, during
every trajectory update, perform explicit feasibility checks to ensure the result-
ing motion remains physically plausible and consistent with the vehicle’s opera-
tional limits. These checks enforce constraints such as maximum steering angle,
steering-rate bounds, and allowable velocity (and acceleration) ranges, prevent-
ing unrealistic maneuvers and guaranteeing that updated trajectories can be
executed by the corresponding vehicle model.

3.4 Dynamic Adversary Agent

Existing end-to-end autonomous driving models are typically trained with lim-
ited exposure to challenging corner cases. To tackle this limitation, we propose
the Dynamic Adversary Agent (DAA), which generates highly realistic and di-
verse corner case interactions. The overview of DAA is provided in Fig. 3, and
as illustrated in Fig. 4, it can effectively generate complex cut-in scenarios.

DAA first identifies suitable interactive target vehicles from the Bird’s-Eye
View (BEV) perspective, based on the distances to the ego vehicle and the
specified interactive behavior B. Different interactive behaviors correspond to
different distance settings, which refer to traditional traffic flow methods [25,47].
Then, a new trajectory is generated for the selected target vehicle by modifying
its original trajectory Ttarget based on both the ego vehicle’s trajectory Tego and
B. The new trajectory T

′

target can be represented as:

T
′

target = f(Tego, Ttarget,B), (8)
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Fig. 5: Cousin Trajectory Generator (CTG) generates cousin trajectories and performs
trajectory checks to eliminate unreasonable trajectories (e.g., the pink cross marks),
and finally renders the corresponding sensor data in the ReconSimulator.

where f(·) represents the trajectory generation function, which can be imple-
mented using methods such as text-to-trajectory [63] and customized based on
specific requirements. Then, the generated trajectory is checked for feasibility.
First, the vehicle trajectory T ′

target should remain within the drivable region, and
avoid collisions with other vehicles (collisions with the ego-vehicle are allowed):

∥T ′
target − oj∥ ≥ dmin, ∀j ∈ {1, . . . ,M}, (9)

where dmin is the minimum distance between different agents {oj}Mj=1. Then, the
trajectory is further checked to meet the constraints of the kinematic model and
converted into the BEV perspective to verify whether it satisfies the interactive
behavior B.

DAA can be used in both imitation learning and reinforcement learning
stages. In the first stage, DAA generates corner case scenarios by controlling sur-
rounding vehicles and generating the ego vehicle’s trajectory to avoid collisions,
using a similar method mentioned above. The ReconSimulator then renders of-
fline autonomous driving data based on the trajectories for imitation learning. In
the second stage, the reinforcement learning policy controls the actions of the ego
vehicle, while DAA controls the trajectory of the target vehicle in ReconSimula-
tor to create corner cases. To enhance robustness, DAA has a certain probability
of fine-tuning the trajectories (e.g., adjusting the target vehicle’s speed) instead
of directly reusing them from the first stage.

3.5 Cousin Trajectory Generator

To address cold-start issues in reinforcement learning [19,37], behavior cloning is
an effective pretraining strategy but requires large-scale real-world data, which
are often biased toward simple scenarios [9,44,65]. We propose the Cousin Trajec-
tory Generator (CTG) to enhance action diversity, thereby creating the Cousin-
nuScenes dataset with diverse actions.
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For trajectory extension, we generate new trajectories for the ego vehicle,
such as lane changes and sharp turns, following a process similar to that de-
scribed in Equation 8. Subsequently, a trajectory check is conducted to evaluate
the validity of the generated trajectories, ensuring they remain physically plau-
sible and adhere to the vehicle’s operational limitations, including steering angle
and velocity, and verifying collision avoidance from the BEV perspective. Mean-
while, to better leverage expert trajectories from rare scenarios like U-turns, we
interpolate the expert data for more detailed driving information. Given expert
trajectories Xego = {Xt1

ego, X
t2
ego, . . . , X

tn
ego}, where each Xti

ego is the ego vehicle’s
position at time ti, we perform linear interpolation between consecutive time
steps ti and ti+1. For an interpolated point Xt

ego at time t, where ti ≤ t ≤ ti+1,
the formula is:

Xt
ego = Xti

ego +
t− ti

ti+1 − ti

(
Xti+1

ego −Xti
ego

)
. (10)

The time t is expressed as:

t = ti + k ·∆t, k ∈ {1, 2, . . . ,m}, (11)

where ∆t = ti+1−ti
m+1 and m is the number of interpolation points between two

time steps. For each interpolated trajectory point Xt
ego, we accordingly adjust the

positions of surrounding vehicles to ensure the interpolated trajectories maintain
a realistic spatial relationship and interactions.

29969
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18173
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Others

Fig. 6: CTG creates Cousin-nuScenes with
more diverse actions than nuScenes.

After generating the interpolation
and extension trajectories, we use the
ReconSimulator to obtain the corre-
sponding sensor data, which is then
used for imitation training. We pro-
vide examples of trajectory exten-
sion in Fig.5, illustrating two cases of
ego-vehicle lane-changing maneuvers.
Moreover, as shown in Fig.6, Cousin-
nuScenes created by CTG contains 4×
more non-straight-line driving maneu-
vers than the nuScenes [3] dataset,
thereby enriching the diversity of mo-
tion patterns and better covering long-tail behaviors that are underrepresented
in the original data.

4 Experiments

In this section, we present our experimental setup, detailing the implementation
specifics, the baseline used for evaluation, and the evaluation metrics. Subse-
quently, we present both quantitative and qualitative results, highlighting the
enhanced performance achieved by ReconDreamer-RL. Finally, we perform ab-
lation studies to assess the individual contributions of each component.
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Table 1: Comparison of different methods on various metrics.

Method CR ↓ DCR↓ SCR↓ DR↓ PDR↓ HDR↓

VAD [22] 0.386 0.234 0.152 0.163 0.103 0.060
GenAD [64] 0.333 0.190 0.143 0.146 0.093 0.053
VADv2 [5] 0.290 0.162 0.128 0.154 0.107 0.047
RAD [15] 0.238 0.143 0.095 0.084 0.057 0.027
ReconDreamer-RL 0.077 0.048 0.029 0.040 0.027 0.013

4.1 Experimental Setup

Implementation Details. We evaluate the effectiveness of the ReconDreamer-
RL framework in enhancing end-to-end policy training by applying it to RAD [15].
RAD takes multi-view camera images as input, converts them into scene-level
representations, and predicts a probabilistic distribution over driving actions.
It consists of an image encoder, a BEV encoder, a map head, an agent head,
and a planning head. The BEV encoder transforms perspective-view features
into BEV representations [29, 54]. The map head predicts vectorized road ele-
ments, the agent head estimates the states and future trajectories of surrounding
dynamic agents, and the planning head outputs the final action distribution.

The overall training pipeline contains two stages: imitation learning and
reinforcement-learning fine-tuning. In the imitation-learning stage, we first strengthen
the perception modules using ground-truth annotations of map elements and
agent motions. After this perception warm-up, the BEV encoder, map head,
and agent head are frozen, and supervised behavior cloning is used to initialize
the planning policy. The imitation data are collected from three sources: ex-
pert demonstrations from nuScenes [3], corner cases generated by the Dynamic
Adversary Agent (DAA), and Cousin-nuScenes data generated by the Cousin
Trajectory Generator (CTG). During behavior cloning, only the image encoder
and planning head are updated.

In the reinforcement-learning stage, we further optimize the policy in closed-
loop 3DGS environments reconstructed from nuScenes [3]. As shown in Fig. 7,
we launch N parallel ReconSimulator workers, each initialized with a randomly
sampled scenario. The current policy controls the ego vehicle and continuously
interacts with the environment to collect rollouts. Each rollout contains trajec-
tories of the form (st, at, rt+1, st+1, . . .), where st denotes the state at time step
t, at is the executed action, rt+1 is the received reward, and st+1 is the next
state. These rollouts are stored and used to update the policy with Proximal
Policy Optimization (PPO) [40].

To improve stability and prevent the policy from drifting away from human-
like driving behavior, we alternate PPO-based reinforcement learning with imitation-
learning updates. The imitation updates use the same three data sources as in
the behavior-cloning stage, namely nuScenes demonstrations, DAA-generated
corner cases, and Cousin-nuScenes data. After a fixed number of optimization
steps, the updated policy is synchronized to all ReconSimulator workers for sub-
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Fig. 7: Training procedure of the reinforcement-learning stage. We launch N parallel
ReconSimulator workers, each initialized with a randomly sampled scenario. The cur-
rent policy interacts with these environments to collect rollouts, which are stored for
PPO updates. To stabilize training, PPO-based reinforcement learning is alternated
with imitation-learning updates.

Table 2: Comparison of rendering speeds
(FPS) among reinforcement learning simula-
tors—EmerNeRF [55], RAD-3DGS [15], and
ReconSimulator—measured under the same
evaluation setting.

Simulator EmerNeRF RAD-3DGS ReconSimulator

Speed (FPS) 0.21 135 125

Table 3: Metrics in cut-in scenarios.

Method CR↓ DCR↓ SCR↓

VAD [22] 0.449 0.293 0.156
GenAD [64] 0.379 0.234 0.145
VADv2 [5] 0.436 0.276 0.160
RAD [15] 0.317 0.210 0.107
ReconDreamer-RL 0.089 0.053 0.036

sequent data collection. In this stage, the BEV encoder, map head, and agent
head remain frozen, while the image encoder and planning head are fine-tuned.
We further analyze the influence of the ratio between reinforcement-learning and
imitation-learning updates on the final performance.

Baseline. In comparative analysis, we select representative end-to-end autonomous
driving methods. For imitation learning, we choose VAD [22], GenAD [64], and
VADv2 [5]. For reinforcement learning, we use RAD [15], which is trained in
closed-loop 3DGS environments.

Evaluation Metrics. Following the methodology described in RAD [15], we
assess policy performance using six metrics. Dynamic Collision Ratio (DCR)
and Static Collision Ratio (SCR) measure collisions with dynamic and static
obstacles, respectively, and their sum is reported as the Collision Ratio (CR) to
reflect overall obstacle avoidance. Positional Deviation Ratio (PDR) and Head-
ing Deviation Ratio (HDR) quantify deviations from the expert trajectory in
position and heading, and are summed as the Deviation Ratio (DR). For com-
fort, we report Longitudinal Jerk (Long.Jerk) and Lateral Jerk (Lat.Jerk), which
measure changes in acceleration along the longitudinal and lateral axes and in-
dicate driving smoothness. To evaluate the realism of the reinforcement learning
environment, we adopt three metrics from DriveDreamer4D [61]: Novel Trajec-
tory Agent IoU (NTA-IoU) for foreground quality, Novel Trajectory Lane IoU
(NTL-IoU) for lane-marking quality, and Fréchet Inception Distance (FID) [17]
for overall rendering fidelity.
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4.2 Main Results

Quantitative Results. ReconDreamer-RL enhances the performance of RAD [15]
across all evaluation metrics, as shown in Tab. 1. Traditional imitation learning-
based methods, such as VAD [22] and VADv2 [5], struggle with closed-loop eval-
uation tasks due to the gap between training and closed-loop inference. RAD [15]
enhancing and training within a 3DGS-based simulator. However, due to lim-
ited corner case coverage and poor novel view rendering ability of 3DGS, RAD
exhibits a higher collision rate in challenging evaluation benchmark. However,
ReconDreamer-RL leverages diffusion prior and data augmentation to enhance
end-to-end autonomous driving, achieving a 3× reduction in Collision Ratio.
Corner Case Results. As shown in Tab. 3, we compare the collision met-
rics of different methods in corner cases, focusing on cut-in situations. Imitation
learning-based methods exhibit a high Dynamic Collision Ratio in cut-in corner
cases, as such scenarios are completely absent from the training data. RAD [15]
improves the model’s ability to handle corner cases through reinforcement learn-
ing, but still lacks the necessary data to train on such situations. In contrast,
ReconDreamer-RL improves the policy’s performance through a two-stage pro-
cess, achieving 404.5% improvement in Collision Ratio over imitation methods.
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Table 4: Impact of diffusion prior within ReconSimulator on novel view rendering
quality across lane shift and lane change.

Method Lane Shift @ 3m Lane Shift @ 6m Lane Change

NTA-IoU ↑ NTL-IoU ↑ FID ↓ NTA-IoU ↑ NTL-IoU ↑ FID ↓ NTA-IoU ↑ NTL-IoU ↑ FID ↓

w/o Video Diffusion Prior 0.224 49.67 160.23 0.148 44.89 256.42 0.215 46.23 178.34
w/ Video Diffusion Prior 0.342 50.12 130.48 0.325 49.72 125.43 0.337 50.01 122.67

Table 5: Comfort analysis in unedited
3DGS environments.

Method Long. Jerk↓ Lat. Jerk↓

VAD [22] 5.645 0.597
GenAD [64] 12.490 0.432
VADv2 [5] 8.124 0.435
RAD [15] 4.237 0.191

ReconDreamer-RL 4.264 0.189

Table 6: Comfort analysis in unedited in
cut-in scenarios.

Method Long. Jerk↓ Lat. Jerk↓

VAD [22] 6.714 0.784
GenAD [64] 14.216 0.548
VADv2 [5] 9.245 0.499
RAD [15] 4.912 0.316

ReconDreamer-RL 3.832 0.276

Rendering Speed. Rendering speed is crucial for reinforcement learning envi-
ronments. As shown in Tab. 2, ReconSimulator achieves an efficient rendering
speed of 125 FPS, which is significantly faster than EmerNeRF’s 0.21 FPS and
comparable to RAD-3DGS’s 135 FPS. This high rendering speed enables Recon-
Simulator to satisfy the demanding requirements of reinforcement learning.
Qualitative Results. As shown in Fig. 8, we compare ReconDreamer-RL and
RAD [15] under two corner cases. The first scenario involves a vehicle on the
right of the ego car quickly cutting in. In this case, ReconDreamer-RL successfully
avoids the collision and maintains a safe distance, while RAD [15] fails to react
in time, leading to a potential collision due to inadequate planning. The second
scenario features a vehicle on the right performing a cut-in, followed by a sudden
brake. Although RAD [15] attempts to avoid the collision by shifting lanes, it
fails to control its speed and steering angle properly, ReconDreamer-RL not only
safely changes lanes but also decelerates smoothly, ensuring that the ego vehicle
avoids the collision while maintaining a stable and controlled trajectory.
Comfort Results. As shown in Table 5, we compare the comfort analysis in
unedited 3DGS environments. We observe that ReconDreamer-RL performs sim-
ilarly to RAD [15] in terms of Long. Jerk and Lat. Jerk metrics, and significantly
outperforms algorithms that rely solely on imitation learning. This is because
ReconDreamer-RL employs a strategy that alternates between imitation learn-
ing and reinforcement learning during training, as detailed in the supplementary
material. This approach allows ReconDreamer-RL to not only improve safety but
also better align with human driving behavior. Additionally, we compare com-
fort metrics in cut-in scenarios, evaluating only the scenes where no collisions
occur across all algorithms. We find that ReconDreamer-RL consistently delivers
the highest performance in these scenarios, as it learns more effective collision
avoidance strategies from a large set of corner cases, whereas other methods lack
such data, leading to instability when encountering these corner cases.
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Table 7: Computational overhead and generalization performance of ReconSimulator.

Model NTA-IoU ↑ NTL-IoU ↑ FID ↓ Extra Diffusion
Training Time (h)

Single Recon-
struction Time (h)

RAD-3DGS [15] 0.219 48.72 149.50 – 1.5
ReconSimulator w/o finetune 0.287 49.75 144.31 – 1.8
ReconSimulator w/ finetune 0.317 49.84 127.10 3.0 1.8
ReconSimulator re-trained 0.325 49.72 125.43 12.0 1.8

4.3 Ablation Studies

ReconSimulator. As shown in Tab. 4, we conduct ablation experiments on
ReconSimulator to demonstrate the impact of the diffusion prior on novel view
rendering quality. Specifically, without ReconSimulator, the NTA-IoU and NTL-
IoU drop by 54.46% and 9.71%, highlighting the importance of ReconSimulator.
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Fig. 9: Comparison of ReconSimulator and
Street Gaussians in rendering novel views.

while the FID metric increases by
104.43% for a 6m lane shift, indi-
cating significant degradation in the
appearance of surrounding vehicles
and lane markings. This suggests that
the absence of ReconSimulator affects
the visual consistency of the rendered
scenes. Meanwhile, in rows 2, 3, and
4 of Tab. 8, we use RAD-3DGS to
generate DAA and CTG data, instead
of ReconSimulator, to train the RAD
policy, while keeping the rendering
process unchanged. Despite the lower
rendering quality of RAD-3DGS, per-
formance still improves due to the ab-
sence of corner cases present in the original data. As shown in rows 6, 7, and 8 of
Tab. 8, using ReconSimulator to generate CTG and DAA data results in more
significant performance gains. We also compare ReconSimulator with traditional
3DGS, which separates foreground and background. As shown in the red box of
Fig. 9, ReconSimulator yields sharper lane markings and a cleaner background.
The Cost of integrating diffusion prior and the generalization abil-
ity of DriveRestorer . To analyze the cost of integrating the diffusion prior
and the generalization ability of DriveRestorer, we compare different strategies
for the ReconSimulator. First, we train a DriveRestorer model on the Waymo
dataset [45] and apply it directly to the ReconSimulator for reconstructing the
nuScenes dataset [3], assessing both computational overhead and generaliza-
tion performance. As shown in Tab. 7, when the ReconSimulator utilizes the
DriveRestorer model trained on the Waymo dataset for reconstruction, it still
significantly improves reconstruction on nuScenes, demonstrating strong cross-
dataset generalization. This generalization substantially reduces the cost of in-
tegrating the diffusion prior. Moreover, fine-tuning DriveRestorer on a target
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Table 8: Ablation study of ReconDreamer-RL, evaluating the effectiveness of each
module. When ReconSimulator is not used, we directly employ the RAD-3DGS [15]
method to reconstruct the scenes.

ReconSimulator DAA CTG CR↓ DCR↓ SCR↓ DR↓ PDR↓ HDR↓

0.238 0.143 0.095 0.084 0.057 0.027
✓ 0.167 0.102 0.065 0.076 0.052 0.024

✓ 0.191 0.121 0.070 0.068 0.046 0.022
✓ ✓ 0.142 0.082 0.060 0.063 0.043 0.020

✓ 0.172 0.103 0.069 0.073 0.053 0.020
✓ ✓ 0.117 0.069 0.048 0.067 0.050 0.017
✓ ✓ 0.143 0.086 0.057 0.053 0.040 0.013
✓ ✓ ✓ 0.077 0.048 0.029 0.040 0.027 0.013

dataset is relatively inexpensive, requiring only 3 hours, whereas training from
scratch takes 12 hours, which remains reasonable. Additionally, this overhead is
incurred only once for reconstructing all the scenes in the target dataset. During
the scene reconstruction process, the integration of the diffusion prior introduces
minimal overhead, adding only about 0.3 hours per scene.
Impact of the DAA.The DAA helps reduce collision occurrences by generat-
ing corner case scenarios for training. As shown in Tab. 8, incorporating DAA
decreases the Collision Ratio from 0.172 to 0.117, demonstrating its effectiveness
in improving model safety and reliability.
Impact of the CTG.In Tab. 8, the benefit of CTG is validated by reductions
in CR (from 0.172 to 0.143) and DR (from 0.073 to 0.052), indicating improved
trajectory adherence. By addressing the data bias, CTG enhances the action
distribution learned during the imitation learning phase.

5 Conclusion

This paper introduces ReconDreamer-RL, a novel and comprehensive framework
designed to enhance reinforcement learning for end-to-end autonomous driving
through the integration of video diffusion priors. It focuses on constructing a
more realistic simulator, enriching corner cases, and addressing the issue of train-
ing data distribution. Specifically, we introduce ReconSimulator, which combines
the video diffusion prior for appearance modeling and a kinematic model for
physical dynamics, providing realistic environments for reinforcement learning.
Additionally, we develop the DAA, which generates complex traffic scenarios,
such as sudden lane changes. To address the issue of training data distribution
being mostly on simple straight-line movements, CTG is proposed to enhance
trajectory diversity through extension and interpolation. Experimental evalu-
ations indicate that ReconDreamer-RL significantly improves the performance
of end-to-end autonomous driving models, reducing the Collision Ratio by 5×
compared to imitation-based learning methods.
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