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Fig. 1: ReinDriveGen enables photorealistic generation of OOD driving sce-
narios. ReinDriveGen can manipulate actor trajectories to synthesize diverse safety-
critical corner cases such as vehicle in-place spinning, cyclist crossing, and left-turn
collisions. Our RL-based post-training significantly improves generation quality for
these OOD edits without requiring ground-truth supervision.

Abstract. We present ReinDriveGen, a framework that enables full con-
trollability over dynamic driving scenes, allowing users to freely edit actor
trajectories to simulate safety-critical corner cases such as front-vehicle
collisions, drifting cars, vehicles spinning out of control, pedestrians jay-
walking, and cyclists cutting across lanes. Our approach constructs a
dynamic 3D point cloud scene from multi-frame LiDAR data, introduces
a vehicle completion module to reconstruct full 360° geometry from par-
tial observations, and renders the edited scene into 2D condition images
that guide a video diffusion model to synthesize realistic driving videos.
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Since such edited scenarios inevitably fall outside the training distri-
bution, we further propose an RL-based post-training strategy with a
pairwise preference model and a pairwise reward mechanism, enabling
robust quality improvement under out-of-distribution conditions with-
out ground-truth supervision. Extensive experiments demonstrate that
ReinDriveGen outperforms existing approaches on edited driving scenar-
ios and achieves state-of-the-art results on novel ego viewpoint synthesis.

1 Introduction

Photorealistic driving scene simulation is indispensable for the development and
validation of autonomous driving systems. A high-fidelity simulator allows arbi-
trary editing of driving scenes to generate diverse and realistic scenarios, includ-
ing rare but safety-critical corner cases such as sudden cut-ins, near-collisions,
vehicle drifting, and pedestrians jaywalking, thereby facilitating efficient data
augmentation and thorough evaluation of driving policies.

A central challenge in building such a simulator lies in the inevitable dis-
tribution gap between training and inference. Current approaches, whether
video generation-based [5l/17}|18] or reconstruction-based [4411}[15]/16}/30,[35], are
fundamentally trained or optimized on recorded driving data. At inference time,
however, a useful simulator must support arbitrary edits, such as reposition-
ing vehicles, altering trajectories, and rendering from novel ego viewpoints, all
of which produce conditions that deviate significantly from the training distri-
bution. This gap is further exacerbated for safety-critical corner cases such as
vehicles spinning in place, rollovers, and head-on collisions, which are inherently
rare or entirely absent in normal driving logs, leaving the model with few or no
corresponding training examples. Standard supervised fine-tuning (SFT) cannot
close this gap, because ground-truth video only exists for the original recorded
trajectories and viewpoints; no real reference can be obtained for any edited
configuration. This out-of training distribution (OOD) degradation is most pro-
nounced on vehicles, as they are the primary objects being edited and thus
undergo the most drastic distribution shift, making vehicle quality the primary
bottleneck for realistic simulation of safety-critical corner cases.

To address this fundamental challenge, we propose ReinDriveGen, a unified
framework whose core insight is to leverage reinforcement learning (RL)
based post-training to improve generation quality under OOD conditions,
going beyond what SF'T alone can achieve. Our framework comprises two com-
ponents. The first is a Point Cloud Conditioned Video Diffusion Simulator. We
aggregate and colorize multi-frame LiDAR point clouds to build a dynamic 3D
scene, and introduce a vehicle completion module to reconstruct the full 360°
geometry of partially observed vehicles. The completed scene is then rendered
into 2D pseudo-images that serve as conditions for a video diffusion model to
synthesize photorealistic driving videos.

The second is RL-based post-training, which finetunes the video diffusion
model to bridge the distribution gap that SFT cannot close, enabling high-
quality generation under OOD conditions. We extend DiffusionNFT [36] from



ReinDriveGen 3

image generation to video generation as our RL post-training framework. For
each OOD condition, the framework generates a group of candidate videos and
uses a reward model to partition them into positive and negative subsets, defining
a contrastive improvement direction via flow matching [12]. A critical question
is how to design the reward model, as no existing reward model is tailored to
evaluate the quality of generated driving vehicles. A straightforward approach is
to train a pointwise reward model that assigns an absolute scalar score to each
sample under the Bradley-Terry preference framework. However, such pointwise
scoring is susceptible to reward hacking, where negligible score differences are
disproportionately amplified into misleading training signals [27]. Moreover, pair-
wise comparison provides more robust judgments than evaluating each sample in
isolation, as the model can directly contrast two samples rather than relying on
absolute scores prone to systematic biases. Building on this insight, we curate
a dataset of positive and negative driving vehicle pairs and train a dedicated
pairwise preference model. To convert pairwise outcomes into per-sample
rewards, we propose a pairwise reward mechanism: for each group of candi-
dates, we perform all pairwise comparisons, and a sample’s reward is determined
by how many comparisons it wins, with frequent winners receiving high rewards
and frequent losers being penalized accordingly. This relative evaluation scheme
avoids the pitfalls of absolute scoring and yields robust reward signals. Exten-
sive experiments demonstrate that our RL-based post-training brings substantial
quality improvements on OOD edited scenarios.

Our main contributions are summarized as follows: (1) We propose a Point
Cloud-Conditioned Video Diffusion Simulator capable of simulating edited actor
trajectories and novel ego-vehicle viewpoints. (2) We extend RL-based post-
training from image to video generation and propose a pairwise reward mech-
anism with a dedicated pairwise preference model, yielding robust training sig-
nals that effectively address vehicle quality degradation under out-of-distribution
driving scenarios.

2 Related Work

Reconstruction-Based Driving Simulators. Neural Radiance Fields [15]
and 3D Gaussian Splatting [11] have driven rapid progress in 3D scene recon-
struction, and numerous works have adapted these representations to dynamic
driving scenarios |3}7./81/22,23\/28|/29/31137]. However, these reconstruction-centric
methods are intrinsically limited to the training trajectory and struggle to ex-
trapolate high-fidelity views when the camera deviates significantly from the
recorded path. Recent hybrid approaches [4116}/30,35] integrate video diffusion
priors to improve novel-viewpoint rendering, yet balancing generation and re-
construction remains non-trivial, often leading to geometric artifacts or blurred
details. More fundamentally, all reconstruction-based methods cannot properly
handle vehicle trajectory editing: repositioning a vehicle exposes previously un-
observed regions that produce visible holes, while baked-in visual effects such as
lighting and shadows cannot be re-synthesized for the edited configuration.
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Fig. 2: Overview of ReinDriveGen’s two core components. Left: Our simula-
tor edits dynamic point clouds and completes vehicle geometry to render structural
pseudo-images, which condition the video diffusion model for photorealistic synthe-
sis. Right: To enhance quality in out-of-distribution (OOD) scenarios, we employ RL
post-training. A pairwise reward mechanism ranks generated candidates into positive
and negative sets, providing robust contrastive supervision.

Diffusion-Based Driving Simulators. In parallel with reconstruction-based
methods, diffusion models have emerged as powerful tools for driving simulation.
Approaches such as MagicDrive-V2 , Vista @I, MaskGWM , and Cos-
mos synthesize driving videos from structured inputs such as text prompts,
HD maps, and bounding boxes. However, these video-generation models lack an
explicit underlying 3D representation, which precludes precise control over cam-
era trajectories and makes it difficult to maintain consistent 3D scene structure
across frames. Furthermore, due to the inherent stochasticity of the diffusion
sampling process, the generated content often varies significantly across differ-
ent runs, making it difficult to perform multiple rounds of distinct edits—such
as modifying different vehicles’ trajectories—while keeping the rest of the scene
fixed and consistent. More fundamentally, constrained by their training data
distribution, these methods struggle to faithfully simulate unusual driving be-
haviors such as vehicle drifting or in-place spins that are rarely represented in
standard driving datasets. Although FreeVS attempts to mitigate control
issues by leveraging LiDAR point clouds for geometric guidance, it remains lim-
ited by the sensor’s range and fails to recover visual content outside the LiDAR
scan, leading to incomplete scene synthesis. Asset insertion methods such as
R3D2 and Mirage [25] can augment recorded driving videos by compositing
vehicle assets into real scenes. However, they mainly insert new objects without
modifying existing scene dynamics, and often struggle with occlusion reason-
ing and interactions with the background. Therefore, they are more suitable for
visual augmentation than controllable driving simulation.

3 Method

Our method consists of two core components as illustrated in Fig. [2} a Point
Cloud-Conditioned Video Diffusion Simulator (Sec. and an RL-based post-
training framework (Sec. [3.2)).
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3.1 Point Cloud-Conditioned Video Diffusion Simulator

Without an explicit 3D scene representation, video diffusion models often strug-
gle to maintain multi-view geometric consistency, and it remains challenging to
perform multiple rounds of targeted scene edits while keeping the rest of the
environment intact. We therefore adopt dynamic 3D point clouds as our 3D
backbone and render them into 2D pseudo-images that provide pixel-level con-
ditions for a video diffusion model, inspired by [24L30].

Dynamic 3D Point Cloud Construction. A single LiDAR scan is too sparse
to serve as a reliable condition. We therefore aggregate points across frames in a
category-aware manner, leveraging the annotated 3D bounding boxes provided
by Waymo [21] for all dynamic actors (vehicles, pedestrians, and cyclists). For
the static background, we accumulate all 200 frames of each scene into a unified
world coordinate system. For each vehicle, we transform its per-frame LiDAR
points into the object’s canonical frame using the annotated bounding boxes
and aggregate all frames. Pedestrians and cyclists are deformable, so we only
aggregate £2 frames (5 in total) around each time step. Each point is colorized
by projecting it onto the corresponding camera image and retrieving the RGB
value.

Vehicle Completion. Even after multi-frame aggregation, vehicles are often
only partially observed due to occlusion and limited recorded viewpoints. We
apply AdaPoinTr [33], a point cloud completion method, to reconstruct full 360°
vehicle geometry. The model is initialized from a ShapeNet-55 pre-trained check-
point and fine-tuned on Projected ShapeNet-55 (car category only; see supple-
mentary for details). After completion, each vehicle can be freely repositioned
and observed from arbitrary viewpoints without geometric holes, ensuring multi-
view geometric consistency across edits. Note that the completed points carry
no color information and are assigned black; we leave the texture synthesis of
these surfaces to the downstream video diffusion model.

Scene Editing and Rendering. With the dynamic 3D point cloud augmented
by completed vehicles in place, we can freely edit actor trajectories and ego-
vehicle viewpoints within the reconstructed scene. The edited point cloud is
then rendered into 2D pseudo-images via projection; regions not covered by any
LiDAR point are left black.

Conditional Video Generation. The pseudo-images rendered from the edited
point cloud provide geometric guidance but are inevitably noisy and incomplete
due to LiDAR sparsity, multi-frame accumulation artifacts, and untextured com-
pleted surfaces. A video diffusion model is employed to transform these coarse
renderings into photorealistic driving videos.

To ensure that the regions beyond LiDAR coverage remain visually consistent
across different edits, we anchor each generated sequence to a recorded frame
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from the original capture, which serves as a reference image providing appearance
priors. Conditioned on both the reference image and the rendered pseudo-image
sequence, the video diffusion model fills in LiDAR-unobserved regions guided
by the reference image, corrects multi-frame accumulation artifacts, synthesizes
realistic textures on the completed but untextured vehicle surfaces, and generates
plausible lighting and shadow effects.

We adopt the VACE-1.3B [10] model as our video diffusion backbone. The
reference image and pseudo-image sequence are injected through VACE’s Video
Condition Unit (VCU) as a composition of Reference-to-Video Generation (R2V)
and Video-to-Video Editing (V2V). We jointly fine-tune the Context Adapter
and the DiT on the Waymo dataset using paired pseudo-image sequences and
recorded ground-truth videos. At inference time, novel ego-vehicle viewpoints
often expose completed but untextured vehicle surfaces that never appear un-
der the original recorded views. To improve robustness to such cases, we adopt
the idea of pseudo-view simulation from GA-Drive [34]: we randomly mask re-
gions adjacent to depth discontinuities, simulating the black untextured areas
that emerge under novel viewpoints. We further apply random rectangular block
masking to handle arbitrary occlusion patterns. Training videos are 49 frames
at 480x832 resolution, and the text prompt is fixed as “A realistic autonomous
driving scene.”

3.2 RL-based Post-training

The supervised fine-tuning (SFT) stage described in Sec. trains the video
diffusion model on pairs of rendered pseudo-images and ground-truth videos,
both captured under the original recorded ego-vehicle viewpoints and actor tra-
jectories. At inference time, however, we wish to edit vehicle trajectories (e.g.,
simulating lead-vehicle collisions, drifting, spinning or other counterfactual ma-
neuvers) or render from novel ego-vehicle viewpoints. In both cases, the rendered
pseudo-image conditions deviate significantly from those seen during SFT, ex-
hibiting novel occlusion patterns, unfamiliar vehicle orientations, and untextured
completed surfaces, which creates a substantial domain gap.

Empirically, we observe that vehicles are the primary source of visual degra-
dation under these out-of-distribution (OOD) conditions, exhibiting distorted
geometry, unrealistic textures, and implausible lighting, while static background
regions remain largely unaffected. To address this limitation, we propose an RL-
based post-training framework that directly optimizes vehicle generation quality
under OOD conditions without requiring paired ground-truth supervision.

Extending DiffusionNFT to Video Generation. We adopt DiffusionNFT [36]
as our RL post-training framework, which achieves significantly faster training
than FlowGRPO |13| by performing policy optimization directly on the forward
diffusion process in a classifier-free-guidance-free (CFG-free) manner. This ef-
ficiency advantage is particularly important for video diffusion RL, where the
high dimensionality of spatiotemporal outputs makes both sampling and training
substantially more expensive than in the image setting.
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Fig. 3: Qualitative demonstrations of ReinDriveGen on OOD safety-critical
corner cases. Every two consecutive rows show two frames from the same scene, with
the edit type and edited region annotated in each image.

We extend DiffusionNFT from image to video generation. Let my denote the
video diffusion policy parameterized by 8, and let c denote a condition consisting
of a reference frame and a rendered pseudo-image sequence. We maintain a
reference policy 7°'9 (updated via EMA) alongside the current policy my. In each
iteration, we sample a batch of OOD conditions {c;}. For each condition, the
reference policy generates a group of N candidate videos. A reward model scores
each candidate, and the scores are used to optimize the following contrastive
objective adapted from DiffusionNFT:

L(0) =E 7ol (xo|c), ¢ [r ||v;’(xt,c,t) — V||§ +(1-=r) ||v9_(xt,c,t) — v||;}, (1)

where xg is a clean generated video sampled from 7°9, x, is its noised version

at flow-matching timestep ¢, v is the flow-matching velocity target, r € [0,1] is
the reward associated with xq, and v; , Vg are the implicit positive and negative
velocity predictions as defined in . Intuitively, for high-reward samples (r —1)
the loss encourages vg to reproduce similar high-quality outputs, while for low-
reward samples (r—0) it steers vg away from low-quality outputs.
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Pairwise Preference Model. A critical component of RL post-training is a
reward model that evaluates the quality of vehicles in generated driving videos.
No existing reward model serves this purpose; general-purpose image quality or
aesthetics models fail to capture domain-specific artifacts such as distorted vehi-
cle geometry, unrealistic textures, or implausible lighting patterns. We therefore
train a dedicated pairwise preference model to evaluate generated vehicle quality.

Preference data construction.  To train the pairwise preference model, we need
paired data of relatively better and worse vehicle crops. We exploit a key em-
pirical observation: when generating videos with the SFT model, subsampling
the pseudo-image conditioning (i.e., providing a rendered pseudo-image every
k-th frame instead of every frame) progressively degrades the visual quality of
vehicles in the generated output. This provides a natural and controllable mech-
anism for constructing preference pairs without manual annotation. Concretely,
for each scene in the Waymo training dataset, we generate three versions of the
output video using the SFT model with pseudo-image conditioning provided at
(i) every frame, (i) every 2nd frame, and (iii) every 4th frame. Since we focus
exclusively on vehicle quality, we apply YOLO26 |19] to detect and crop all vehi-
cle instances from each generated frame. For a given vehicle instance in a given
frame, the crops from different conditioning frequencies form naturally ordered
preference pairs: (i)>(ii), (ii)>(iii), and (i)>(iii), all paired on the same vehicle,
same frame, and same scene, ensuring that the vehicle quality is the only varying
factor.

To further diversify the degradation patterns and improve robustness, we
augment both positive and negative samples with motion blur and elastic dis-
tortion, where the degradation strength applied to negative samples is always
strictly greater than that applied to positive samples. This asymmetric augmen-
tation ensures that the reward model learns to discriminate between relatively
better and worse samples even when both exhibit significant artifacts. This prop-
erty is essential for the early stages of RL training, where the policy generates
low-quality outputs and the reward model must still provide a meaningful rank-
ing among candidates to guide optimization. Further details are provided in the
supplementary material.

Model architecture.  Given two vehicle crops I; and Iy, we extract their CLS-
token representations using a shared DINOv3 |20] ViT-H+ backbone f, yielding
z1 = f(I,) and zo = f(I3) with z;,z2 € R% The two feature vectors are con-
catenated in both orders and passed through a shared MLP head h to produce
scalar logits s12 = h([z1; 22]) and s2; = h([z2; z1]). The preference probability
is then defined via an antisymmetric formulation:

P(Iy = I) = o 22221 3 =), (2)

where o denotes the sigmoid function. This design guarantees logical consistency,
i.e., P(Iy = I5) = 1—P(Is> 1), since o(—z) = 1 —o(x). The pairwise preference
model is trained with binary cross-entropy loss on the constructed preference
pairs.
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Fig. 4: Qualitative comparison of novel trajectories in the lane-change scenario.

Pairwise Reward Mechanism. Given the trained pairwise preference model,
we propose a pairwise reward mechanism to aggregate pairwise comparison out-
comes into per-candidate rewards within each group, providing robust training
signals for RL-based post-training.

For each OOD condition ¢, we generate N = 16 candidate videos {x*,...,x"}.
Each candidate video is decomposed into individual frames. We run YOLO26
on the first candidate to detect and localize all vehicles in every frame, yielding
a set of bounding boxes. These bounding boxes are then applied identically to
all V candidates, so that exactly the same spatial region is cropped across can-
didates for fair comparison. We treat each (frame index, bounding box) tuple
as an independent evaluation unit; let M denote the total number of such units
across all frames. For each unit m, we crop the corresponding region from every
candidate, producing N crops {al ,...,aN}. We then perform all (g’ ) pairwise
comparisons using our pairwise preference model(Eq. . For each pair (al,,a?),
the model outputs a preference probability P(al, =a? ). The per-unit reward for
candidate i at unit m is defined as its win rate:

Riy = s S 1[Pla, =ad) > 7). (3)
J#i

where 7=0.85 is a confidence threshold that filters out ambiguous comparisons.
The video-level reward R(xz) is computed as an area-weighted average of the per-
unit win rates across all M units, where each unit is weighted by its bounding-box
pixel area so that artifacts on vehicles with larger area are prioritized. Compared
to pointwise scores, pairwise win rates span a wider and more discriminative
range and are inherently robust to systematic biases in the reward model. The
resulting R(x") is used in place of the pointwise reward r in the DiffusionNFT
loss (Eq. , which is seamless as DiffusionNF'T only requires a scalar reward per

sample.
With the pairwise reward mechanism in place, we can now perform RL post-
training on OOD conditions, such as lead-vehicle collisions, drifting, spinning,
and counterfactual trajectories that place vehicles in extreme orientations. In



10 Hao Zhang et al.

Street Gaussians

Original scene 7 Street Gaussians ™

Original scene | Street Gaussians
| |
| |

| |
1l 1'%

qiina\l scene | Street Gaussians

it

Fig. 5: Qualitative comparison of vehicle trajectory editing. Top two rows: the target
vehicle is shifted 6m left and 4m backward. Bottom two rows: the target vehicle is
shifted 6m to the right and 1m backward.

each iteration, the reference policy generates N =16 candidate videos per con-
dition, the pairwise reward mechanism produces a scalar reward R(x") for each
candidate, and the policy is updated via the DiffusionNFT objective (Eq. [1]) to
reinforce high-win-rate generation patterns while suppressing low-quality ones.
This enables the model to progressively improve vehicle quality under OOD
conditions without any paired ground-truth supervision.

4 Experiment

4.1 Demonstration of Actor and Viewpoint Manipulation

Fig. |3| demonstrates that our method can manipulate vehicles, pedestrians, and
cyclists, including maneuvers outside the training distribution such as in-place
spinning, turning, vehicle rollover, and laterally shifted ego-vehicle viewpoints.
We encourage the reader to refer to the supplementary material for video results.

Table 1: Quantitative comparison in a lane-change scenario where the trajectory grad-
ually shifts 4 m to the left.

! DD4D w/. Recon. w/.| 3 DD4D w/. Recon. w/. DD4D w/. Recon. w/.

Models ‘ PVG PVG PVG 5" Gauss. S3Gauss.  S3Gauss. Deform -GS Deform.-GS Deform.-GS Ours
NTA-IoU?| 0.256 0.438 0.464 0.175 0.495 0.413 0.240 0.335 0.443 0.549
NTL-IoUt| 50.70 53.06 53.21 49.05 53.42 51.62 51.62 52.93 53.78 56.13
FID| 105.29  71.52 74.32 124.90 66.93 123.61 92.24 77.32 76.24 51.99
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Fig. 6: Qualitative comparison with layout-conditioned methods. As DriveDreamer is
restricted to nuScenes, it runs on its native data, while ours uses similar Waymo scenes
for side-by-side reference.

4.2 Implementation Details

Conditional Video Diffusion Model. We fine-tune the video diffusion model
on 1,000 scenes from the Waymo dataset . Each scene comprises five camera
views; we use only the front, front-left, and front-right views for training. Starting
from the VACE-1.3B model , we fine-tune for approximately 500 H100 GPU
hours with a batch size of 32, using the Adam optimizer with a constant learning
rate of 1x1072.

RL-Based Post-Training. We curate 20 representative OOD conditions cov-
ering in-place spinning, left/right turning, vehicle rollover, and laterally shifted
ego-vehicle viewpoints. For each condition, we generate a group of N = 16 can-
didate videos per rollout for policy optimization. To ensure training stability, we
adopt LoRA for RL-based fine-tuning rather than updating full model weights.
We use the Adam optimizer with a constant learning rate of 1x1075. All other
hyperparameters of the DiffusionNFT framework, including § and the data col-
lection policy update strategy, follow the default settings in . Post-training
takes approximately 400 H100 GPU hours over 500 optimization steps.

For implementation details of the vehicle completion model and the pairwise
preference model, please refer to the supplementary material.

4.3 Comparison

We compare our method against existing approaches under two evaluation set-
tings: novel ego-vehicle trajectory and vehicle trajectory editing.
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Fig.7: Ablation study on vehicle completion. Vehicle completion fills in un-
observed surfaces in the pseudo-images, effectively eliminating vehicle distortion and
texture artifacts in the diffusion outputs.

Table 2: Quantitative comparison on the vehicle trajectory editing scenario with a
5m lateral shift.

Method Motion smoothness?|Background consistency?|Image quality?| FIDJ

Street Gauss. 0.981111 0.930975 0.639775 84.7970
StreetCrafter 0.981715 0.906872 0.650856 83.6278
Ours 0.977355 0.939697 0.692809 [80.6267

Novel Ego-Vehicle Trajectory. We evaluate on the off-trajectory benchmark
proposed by DriveDreamer4D , which introduces Novel Trajectory Agent
IoU (NTA-IoU) and Novel Trajectory Lane IoU (NTL-IoU) to measure spa-
tial comsistency of vehicles and lane boundaries under novel viewpoints. To
simulate a realistic lane-change scenario, we apply a lateral shift of 0.1m per
frame over 40 frames, yielding a cumulative lateral shift of 4m. We compare
with PVG , DriveDreamer4D , ReconDreamer , S3Gaussian , and
Deformable-GS . We additionally report FID between original-trajectory
and novel-trajectory images to evaluate photorealism. As shown in Tab. [I} our
method achieves the best performance across all metrics. The qualitative com-
parison in Fig.[d]is consistent with the quantitative results: our method produces
the most photorealistic outputs. Since FreeVS only generates partial novel
views, we include it in qualitative comparisons only.

Vehicle Trajectory Editing. We first compare our method with reconstruction-
based driving simulators for vehicle trajectory editing. Since several recent meth-
ods, including DriveDreamer4D , ReconDreamer [16], and FreeSim , have
not released their source code, we compare with Street Gaussians [29] and
StreetCrafter [30]. In this setting, we keep the ego-vehicle trajectory fixed and
manually edit the trajectory of a target vehicle, thereby evaluating each method’s
ability to synthesize scenes under modified vehicle motion. The qualitative com-
parison is shown in Fig. [f] Street Gaussians and StreetCrafter struggle to syn-
thesize plausible content in regions that are unobserved in the original recorded
views, and produce inconsistent lighting on the edited vehicles. In contrast, our
method generates realistic content for newly exposed regions and preserves pho-
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Fig. 8: Ablation study on RL-based post-training. From top to bottom: doubled
vehicle speed, in-place spinning, and vehicle rollover. As the RL training step increases,
the generated vehicles exhibit progressively better geometry, texture fidelity, and light-
ing plausibility.

torealistic lighting on the edited vehicles. For quantitative evaluation, we adopt
three metrics from VBench @, namely image quality, background consistency,
and motion smoothness, and evaluate all methods on the five scenes released by
StreetCrafter with a 5m lateral vehicle shift. As shown in Tab. 2] our method
achieves the best performance in FID, image quality, and background consis-
tency.

We further compare our method with diffusion-based driving simulators, in-
cluding UniMLVG |2| and DriveDreamer . These methods synthesize driving
videos conditioned on HD maps, bounding boxes, and reference frames, and ve-
hicle trajectories can be edited by manipulating the corresponding bounding
boxes over time. To evaluate their ability to follow edited vehicle trajectories,
we consider two representative out-of-distribution cases: in-place spinning and
vehicle rollover. We compare our method with UniMLVG on the same scenes
and under the same conditioning settings. Since DriveDreamer only supports
the nuScenes dataset , we run it on its native nuScenes scenes and select
visually similar Waymo scenes for our method to provide side-by-side references.
As shown in Fig. [f] diffusion-based baselines struggle to synthesize these edited
trajectories: they generate severely distorted vehicles under in-place spinning
and fail to produce physically plausible rollovers. These failure cases suggest
that purely data-driven video diffusion models have difficulty extrapolating to
vehicle motions that are absent or rarely observed in their training data. In
contrast, our method maintains realistic geometry, appearance, and temporal
coherence, validating the necessity of our design for OOD trajectory editing.

4.4 Ablation Studies

We conduct ablation studies to validate the effectiveness of two key components
of our framework: vehicle point cloud completion (Sec. [3.1) and RL-based post-

training (Sec. [3.2)).
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Fig. 9: Evaluation score curves during RL training. (a) Overall evaluation score
averaged across all OOD conditions. (b)—(d) Per-scenario scores for doubling speed,
in-place spinning, and vehicle rollover, respectively.

Effect of Vehicle Completion. To isolate the contribution of vehicle comple-
tion, we evaluate on a vehicle trajectory editing scenario where a target vehicle
is repositioned along a modified path, exposing surfaces that are unobserved in
the original recording. This setting is specifically chosen because repositioned
vehicles are viewed from novel angles, making geometric completeness critical.
Fig.[7 presents the rendered pseudo-images with and without vehicle completion,
along with the corresponding video diffusion outputs. With vehicle completion,
the pseudo-images provide geometrically complete vehicle silhouettes, enabling
the diffusion model to produce vehicles with consistent geometry and plausible
textures. Without it, large holes on occluded surfaces lead to noticeable vehi-
cle distortion and severe texture artifacts, confirming that vehicle completion is
essential for high-quality generation under trajectory edits.

Effect of RL-Based Post-Training. Since the pairwise reward mechanism
(Eq. computes win rates within each group of N candidates sampled for
a given condition, the resulting rewards reflect only relative quality rankings
within that group. They are not comparable across different groups. We therefore
design a dedicated evaluation method that is executed every 5 training steps.
Specifically, we fix the random seed to 0 to eliminate stochasticity, and for each
OOD condition c, we generate one video from the SFT baseline ¢, and one from
the current RL-trained model 7y, at step k, both under identical conditions and
the same seed. We then apply the same vehicle detection and cropping procedure
described in Sec. [3:2] to obtain M evaluation units. For each unit m, we compute
the pairwise preference probability P(all = asf) using our pairwise preference
model. The evaluation score for a single condition is defined as the area-weighted
average of these preference probabilities across all M units:

n]\;lzl Wi - P(ay, - aslt)

m
M
Zm:1 Wm,

where w,, is the bounding-box pixel area of unit m. The overall evaluation score
is then obtained by averaging E(c) across all evaluation conditions. At step 0,
the RL model is identical to the SFT baseline, so both models produce the

same video, yielding P(af}, = as) = 0.5 for all units and hence an overall score

E(c) = = , ()



ReinDriveGen 15

of 0.5. A score rising above 0.5 indicates that the RL-trained model generates
higher-quality vehicles than the SF'T baseline.

Fig. |§|(a) shows the overall evaluation score over the course of RL training,
demonstrating a steady improvement as training progresses. We additionally
present three representative OOD scenarios in Fig. |8 with all visualizations gen-
erated using a fixed seed of 0 for fair comparison across different training steps.
From top to bottom, the three scenarios are: (1) doubling the original vehicle
speed, (2) in-place vehicle spinning, and (3) vehicle rollover. The visual results
clearly show a progressive refinement in vehicle geometry, texture fidelity, and
lighting plausibility as RL training proceeds, confirming that the post-training
framework effectively improves generation quality under OOD conditions. The
per-scenario evaluation scores are reported in Fig. |§|(b)7 (¢), and (d), respectively,
all exhibiting consistent upward trends that corroborate the qualitative obser-
vations.

5 Limitations and Conclusion

We have presented ReinDriveGen, a unified framework for photorealistic and
freely editable driving scene simulation that combines explicit 3D point cloud
editing with diffusion-based video synthesis. A vehicle completion module en-
ables free-form manipulation of vehicle trajectories without geometric artifacts,
and an RL-based post-training strategy with a pairwise reward mechanism sub-
stantially improves vehicle quality under out-of-distribution scenarios. Currently,
our method is constrained by GPU memory to generating 49-frame clips, with
each clip taking approximately one minute, which does not yet support real-time
applications.

More broadly, our work demonstrates that RL-based post-training can effec-
tively improve diffusion model performance beyond the coverage of supervised
training data. In autonomous driving, safety-critical corner cases, such as in-
place spinning and vehicle rollover, are inherently rare, making the resulting
distribution gap a fundamental challenge rather than a data collection problem.
The proposed approach offers a principled solution to this challenge, and we be-
lieve the same paradigm can be extended to other domains where training data
cannot fully cover the space of desired test-time conditions.
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