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Abstract. Novel view synthesis under trajectory changes is essential for
autonomous driving simulation, yet existing methods struggle to gener-
ate consistent videos when extrapolating to unseen viewpoints such as
lane shifts. Reconstruction-based approaches maintain geometric con-
sistency but degrade in visual quality under large viewpoint changes,
while reconstruct-then-restore methods often produce visually plausi-
ble frames yet suffer from geometric and temporal inconsistencies. We
present GeoV2V, a geometry-grounded video-to-video diffusion frame-
work that synthesizes temporally coherent driving videos along novel
trajectories by integrating LiDAR and depth-derived geometric priors
with full-video conditioning in the Wan 2.1 backbone. A key challenge
in learning cross-lane transformations is the lack of synchronized multi-
trajectory supervision in real-world datasets. To address this, we also in-
troduce Para4D), a synthetic dataset capturing synchronized multi-lane
driving videos within dynamic scenes, which provides explicit supervi-
sion for lane-shift generation and serves as a strong training prior for
geometry-consistent view synthesis. Experiments on Waymo, nuScenes,
and ParadD demonstrate state-of-the-art performance in visual quality,
geometric consistency, and robustness to complex lighting dynamics un-
der large trajectory shifts. Project page: https://xiyuche.github.io/
GeoV2V/

Keywords: Novel View Synthesis - Video-to-Video Diffusion - Autonomous
Driving

1 Introduction

Generating driving videos from novel viewpoints is an important capability for
autonomous driving simulation and world modeling. In particular, synthesizing
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(a) Overview of the GeoV2V pipeline for lane-shifting novel view synthesis.
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Fig. 1: Overview and qualitative results of our method.

views along unseen trajectories—such as lane changes—allows simulation sys-
tems to predict the visual consequences of alternative actions taken by the ego
vehicle. Compared with standard view interpolation, lane-shift view synthesis
requires extrapolating to viewpoints that deviate laterally from the recorded
trajectory while preserving the spatial layout of the scene and the temporal
dynamics of surrounding traffic. Achieving both geometric consistency and tem-
poral coherence under such trajectory shifts remains a challenging problem.

Existing approaches for solving this problem can be roughly categorized
into reconstruction-based methods and reconstruct-then-restore meth-
ods . Reconstruction-based methods, such as 3DGS and
EmerNeRF , rely on explicitly reconstructing the 3D scene through per-image
optimization, then re-render the 3D scene from the new viewpoint. Although
they often achieve high pixel accuracy (e.g., PSNR and SSIM) on interpola-
tion tasks, they suffer severe quality degradation under extrapolation tasks .
Reconstruct-then-restore methods, such as FreeVS and StreetCrafter ,
approach the problem by generating each frame conditioned on the colored Li-
DAR frame. They can synthesize visually coherent results within individual
frames but often fail to maintain video-level visual consistency and hallucinate
inconsistent 4D dynamics. These limitations arise from the reliance on explic-
itly modeling selected components of the scene. In real-world driving videos,
however, visual appearance is jointly determined by more factors—including il-
lumination dynamics and optical media—many of which are difficult to model
explicitly (Fig. [2)).
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Fig. 2: Motivation of our approach. Real-world videos arise from multiple factors in-
cluding geometry, illumination dynamics, and optical media, making consistent syn-
thesis difficult for existing methods (top). Our video-to-video model jointly preserves
these factors and produces temporally consistent novel-view videos (bottom).

A fundamental obstacle to learning reliable cross-trajectory view synthesis
directly lies in the lack of suitable training data. Existing autonomous driving
datasets record videos along a single ego trajectory and do not provide syn-
chronized observations from multiple parallel lanes within the same dynamic
scene. Without such supervision, models must rely on pseudo-parallel views or
misaligned camera signals, which introduce parallax mismatch and temporal in-
consistencies. As a result, models struggle to learn the geometric transformations
induced by lateral ego-motion, making stable lane-shift video synthesis difficult.

To address this limitation, we introduce Para4D, a synthetic dataset de-
signed to provide explicit supervision for cross-lane view synthesis. ParadD cap-
tures synchronized videos from multiple parallel driving trajectories within the
same dynamic scenes, enabling models to observe consistent 4D scene dynamics
from shifted viewpoints. This structured supervision serves as a strong train-
ing prior for learning the geometry and motion patterns associated with lane
shifting. Building on this dataset, we propose GeoV2V, a geometry-grounded
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video-to-video diffusion framework that integrates multi-modal geometric priors
derived from LiDAR and depth estimation with full-video conditioning in the
Wan 2.1 [36] backbone, enabling the generation of temporally stable and ge-
ometrically consistent driving videos along novel trajectories. Importantly, the
end-to-end video generation framework also learns to preserve complex visual
dynamics, such as changing illumination and other scene variations, without
requiring explicit modeling of these factors, as shown in Fig. [2|

Our contributions are summarized as follows.

(1) We introduce Para4D, a synthetic dataset containing synchronized multi-
lane driving videos captured within the same dynamic scenes. ParadD provides
explicit supervision for cross-lane view synthesis and serves as a strong training
prior for learning trajectory-shift transformations in 4D scenes.

(2) We propose GeoV2V, a video-to-video diffusion framework that inte-
grates LIDAR and depth-based geometric priors with full-video conditioning to
generate temporally coherent and geometrically consistent novel-view driving
videos, without requiring any annotations like bounding boxes.

(3) Through extensive experiments, we compare reconstruction, reconstruct-
then-restore, and our video-to-video paradigm for lane-shifting NVS, demon-
strating the superior visual quality, geometric consistency, and dynamic preser-
vation of the video-to-video paradigm. Results also show that synthetic-only
training can achieve promising zero-shot transfer to real-world driving data.

2 Related Work

Synthetic Driving Datasets. Synthetic datasets provide controllable and
scalable environments for developing perception and generation models in au-
tonomous driving. Early works leveraged game engines to amortize labeling
cost: SYNTHIA introduced diverse urban scenes with pixel-accurate seman-
tics for pretraining and domain transfer |28|; Virtual KITTI cloned real KITTI
sequences into a fully labeled virtual world with poses, depth, optical/scene
flow, and segmentation—well matched to multi-view NVS supervision [L1]; and
the GTA-V based dataset of Richter et al. supplied 24,966 densely labeled
frames that became a cornerstone for synthetic-to-real segmentation |26]. Finally,
CARLA [8] underpins much of this ecosystem as an open simulator producing
multi-sensor, multi-view, pose-accurate streams across weather/lighting. Com-
plementing these synthetic sources with an NVS-specific benchmark, XLD [16]
targets cross-lane generalization by evaluating rendering from viewpoints that
deviate meters off the training trajectory (front-only and multi-camera settings)
across multiple weather/time conditions, thereby exposing gaps between cur-
rent NVS methods and closed-loop AD simulation requirements. However, de-
spite these advances, the community still lacks a highly dynamic, multi-camera
autonomous-driving dataset specifically designed for studying view-consistent
generation under lane-shifting and other large viewpoint shifting tasks.
Reconstruction-based NVS Methods. Reconstruction-based novel view
synthesis has greatly benefited from advancements in differentiable 3D rendering
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methods, exemplified by Neural Radiance Fields (NeRF) [21] and 3D Gaussian
Splatting (3DGS) [15]. These methods form the backbone of recent techniques
for synthesizing novel views by learning representations of complex 3D scenes
directly from images. NeRF represents continuous volumetric scenes using multi-
layer perceptrons, enabling the synthesis of novel views by predicting radiance
and density at any 3D coordinate. Building on this foundation, many studies have
extended its capabilities to reconstruct large-scale scenes [32,34435] and dynamic
driving scenes [23}33,39,|42}/43,47]. 3DGS represents the 3D environment using
explicit Gaussian primitives, enabling faster training and rendering through the
splat-based rasterization method. Originally designed for static and bounded
scenes, 3DGS has been extended to handle general dynamic scene reconstruc-
tion [40,148,49], and dynamic urban driving scenes [10}/14,44}/53]. To enhance
the modeling of the complex and dynamic environments, some works separate
static and dynamic elements and incorporate semantic information [10}44.(53].
Due to the lack of sufficient data needed for novel view synthesis, reconstruction
methods face significant challenges in accurately rendering views that are merely
seen.

Generation-based NVS Methods. Novel view synthesis through image
generation has greatly benefited from the advancements in diffusion models |3|
13}/27,|30|36]. Various types of information are encoded by diffusion models to
help generate new images as extra guidance for the reconstruction process, e.g.,
a reference image and the target camera pose embedded as a text embedding [18]
29|, volume-rendered feature images [5], images rendered by the reconstruction
model [41], extra perspective view images |20].

Recently, there has been growing work in applying diffusion models to driving
scenarios [37,50,51]. DriveDreamer4D [51] proposed a novel data augmentation
module that can be integrated with other methods to enhance NVS performance.
FreeVS [37] proposed a full generative model to generate target images from
pseudo-images, which are generated by projecting colored LiDAR points onto
specific positions.

Different from these methods, our approach leverages a geometry-guided
video-to-video diffusion model trained on large-scale synthetic data to achieve
strong visual quality and spatiotemporal consistency.

3 Para4D Synthetic Dataset

Paired multi-lane video sequences captured from synchronized parallel trajec-
tories in dynamic scenes are required for training lane-shifting NVS models.
However, collecting such data in real-world driving is impractical, and existing
synthetic datasets mainly focus on static scenes |16].

To address this limitation, we introduce Para4D, a synthetic dataset built
using the CARLA simulator [8]. It enables precise control over camera extrin-
sics, perfect temporal synchronization, and scalable generation of dynamic urban
driving scenes with diverse layouts, weather conditions, and traffic agents. We
build our data generation pipeline on the CARLA simulator to construct di-
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Fig. 3: Overview of the Para4D dataset. We generate multi-lane synchronized driving
videos in the CARLA simulator using diverse maps, randomized assets, and dynamic
traffic agents. Parallel camera trajectories are placed across lanes to render synchro-
nized lane-shifted videos for training.

verse urban environments by randomly sampling maps and replacing building
assets. Dynamic agents, including vehicles and pedestrians, are instantiated and
controlled by CARLA’s traffic system to produce realistic interactions. Multi-
ple camera sets are placed on parallel lanes and move synchronously with the
ego vehicle, with lateral offsets of up to 4 meters. This setup enables rendering
synchronized multi-lane driving videos that share the same dynamic scene while
providing different viewpoints, allowing reliable training of lane-shifting NVS
models.

4 Method

Given a driving scene video containing rich dynamic content, our goal is to
synthesize novel-view videos along a specified camera trajectory while ensuring
both temporal coherence and geometric consistency.

To achieve this, we rely on two inputs: 3D priors and the full source video.
We construct the 3D priors from LiDAR and image-derived depth, providing
explicit geometric guidance without requiring human annotations such as 3D
boxes for moving vehicles. The full source video from the original viewpoint,
rather than isolated frames, allows the model to preserve appearance consistency,
fine-grained scene details, and temporal dynamics. Our video diffusion model,
GeoV2V, then jointly conditions on both inputs to generate novel-view videos
that are temporally stable and geometrically consistent across diverse driving
scenarios.

4.1 3D Priors Construction

Global 3D Representations. As shown in Fig. [4] to capture the complete 3D
structure of each individual frame, we construct per-frame global 3D represen-
tations by fusing LiDAR-colored point clouds with depth-completed reprojected



GeoV2V 7

Driving Data Geo. Preprocess Precise Colored LiDAR PointCloud

— i
g

e = —mc|
colorization

LiDAR point cloud
LiDAR Video

Video

PointCloud
Depth completion/ . ) |
estimation =) —g

Geometry Condition

<
o
o
=
o
)
el
T
[e)
by
o
)
el
>
>
I
>
=3
@
()

& Back projection

LiDAR Pseudo Video

Fig. 4: Geometry prior preprocessing.

point clouds. Notably, we only establish geometric representations at the single-
frame level, without introducing explicit temporal modeling or inter-frame con-
straints, so as to avoid weakening the temporal consistency and dynamics mod-
eled by the subsequent video diffusion framework. While LiDAR point clouds
provide highly accurate geometric measurements, they are inherently sparse and
often fail to densely cover the scene. To mitigate this limitation, we incorporate
dense reprojected point clouds derived from depth estimation I@I and comple-
tion |17], which complement the sparse LIDAR data and provide richer geometric
cues.

Rendering Novel-View Priors. Given the constructed multi-modal 3D
representations for each frame, we render them into target viewpoints to obtain
novel-view priors. LIDAR-colored points and depth-completed reprojected points
are projected separately to preserve their complementary properties: LiDAR
points provide accurate yet sparse geometry, while dense reprojected points offer
broader coverage and finer structural details.

Even after densification, the projected point cloud still exhibits mesh-like
void artifacts in novel views due to discretization, depth discontinuities, and
viewpoint-dependent occlusions. These holes vary with disparity and camera mo-
tion, introducing temporal inconsistency and destabilizing downstream genera-
tion. Naive hole-filling strategies such as nearest-neighbor interpolation or simple
inpainting tend to violate perspective geometry and may incorrectly fill originally
occluded regions, thereby misleading the diffusion-based synthesis model.

To address this issue, we adopt a depth-aware morphological filling strategy.
Let M denote the binary validity mask. We first obtain candidate fillable regions
via morphological closing:

N=(MaS)eS)\M. (1)
For each u € 2, we identify its nearest valid pixel
Unp :argir}rell]\I}\U—Ub, (2)
and define the depth-consistent neighborhood

Na(w)={veM]||u—v|a<r, |[Dw)— D(uy)| < 74} (3)
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Fig. 5: Architecture of GeoV2V, a geometry-guided video-to-video diffusion model.
The model encodes source, pseudo, target (noisy), and LiDAR videos into latent rep-
resentations. Through frame-wise conditioning with geometry signals and camera-pose
embeddings, the DiT backbone performs geometry-consistent video-to-video synthesis
for novel-view generation.

The filled value is then computed by distance-weighted averaging:

. w(u,v)I (v u— v|?
I(u) = ZveNd(u) (1, 0)I( >, w(u,v) = expl! <—||2) , (4)

ZUGN@(U) 'LU(’U,”U) 0—2

where Ny(u) denotes neighbors satisfying the depth constraint, and & controls
spatial weighting.

While such a depth-constrained morphological strategy may not be univer-
sally effective in all scenarios, it avoids introducing excessive errors and alleviates
hallucinations in the downstream generative model, thus facilitating more reli-
able geometric priors for diffusion-based novel-view synthesis.

4.2 Geometry-aware Video Diffusion Model

Model overview. An overall framework of GeoV2V is presented in Fig. [5} Our
framework builds upon the Wan-2.1 video diffusion backbone, a large-scale
transformer-based architecture capable of capturing long-range temporal depen-
dencies and fine-grained spatial details. Given the input video V.. = {I;}1_; and
the constructed geometry priors Pgeo = {Dy, Si}1_;, where D; denotes the dense
depth-completed reprojected points, and Sy denotes the separate projection for
LiDAR, the model learns to generate the corresponding video Vig observed
from the novel trajectory.

Source video conditioning. In novel view generation, the source-view
video contains the richest scene details and temporal dynamics. However, there
is no explicit spatial correspondence between the source view and the target view
during denoising.
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To better exploit the source information, we follow the conditioning scheme
of Bai et al. [2] and introduce conditional embeddings in both temporal and
spatial dimensions. For the temporal dimension, we leverage the Rotary Posi-
tional Embedding (RoPE) used in video diffusion models and concatenate the
source-view latents with the target-view noisy latents along the frame dimension.
This design keeps temporally aligned source-target frames at a fixed relative off-
set in the concatenated sequence, without introducing any additional attention
mechanism. For spatial conditioning, we encode per-frame camera extrinsics and
inject the resulting embeddings into the corresponding frame latents, enabling
the model to incorporate view-dependent geometric cues during denoising.

Geometry injecting. Since raw camera extrinsics alone cannot provide the
diffusion model with accurate geometric understanding, we further inject the
two geometric priors obtained in Sec. [{.] into the denoising process.

Considering the complementary characteristics of the two priors, we adopt
a hierarchical injection strategy, where the first 15 layers and the last 15 layers
of the denoising network are respectively conditioned on the two priors. This
design is motivated by AC3D |[1], which suggests that early DiT layers mainly
determine coarse camera viewpoints. The design of this 15-layer split is to ensure
that the control flows of the two priors do not interfere with each other: the dense
full-depth reprojection prior is introduced first in the initial 15 layers to quickly
determine the overall structural information of the scene, laying a solid geometric
foundation for subsequent generation; then the sparse LIDAR reprojection prior
is used in the last 15 layers to supervise and correct the fine-grained geometric
details, further improving the 3D consistency of the generated results. Due to the
inherent sparsity of LiDAR priors, we encode them separately using a dedicated
ConvNeXt [19] encoder to better retain fine-grained geometric information and
avoid information loss caused by sparsity.

Notably, both branches are implemented as lightweight ControlNets (61M
parameters each), much smaller than the 1.3B DiT backbone. This avoids exces-
sive geometric constraints and preserves rich appearance details from the source
video, balancing 3D consistency and fidelity.

Training strategy. To ensure strong generalization capability across di-
verse scenes, we freeze the feed-forward network (FFN) layers of the WAN-DiT
backbone and fine-tune only the self-attention blocks together with the camera
embedding modules. This strategy allows the model to adapt its spatial-temporal
reasoning to novel view configurations while maintaining stable feature repre-
sentations learned from large-scale pretraining.

Since the LiDAR patterns vary significantly across datasets, the LiDAR-
injecting branch is trained separately after the rest of the network has converged.
This two-stage training scheme prevents overfitting to dataset-specific LIDAR
distributions and improves the model’s transferability to unseen data.
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5 Experiments

5.1 Experiment Setup

Datasets and Metrics We evaluated our method on three datasets of vary-
ing realism and complexity: Waymo Open Dataset 31|, nuScenes [4], and our
ParadD. The first two are large-scale real-world autonomous driving datasets
that provide multi-camera videos and LiDAR point clouds under diverse urban
conditions. However, since neither contains paired trajectories with lateral shifts,
we use them for off-record novel-view generation evaluation. In this setting, our
model is tested on new camera trajectories parallel to the original lane, and per-
formance is quantified using the Fréchet Inception Distance (FID), which reflects
perceptual realism and cross-view consistency.

ParadD contains synchronized videos captured from multiple cameras on
parallel lanes. For each scene, we also record LiDAR point clouds and accurate
camera parameters, providing ground-truth correspondences between trajecto-
ries. This enables us to compute pixel-level quantitative metrics including PSNR,
SSIM, and LPIPS between generated and reference videos, evaluating visual fi-
delity and geometric consistency.

Baseline Methods We compare our approach against several representative
baselines that cover both geometry-based and video-based paradigms: Street-
Gaussian [44]: a 3D Gaussian Splatting method tailored for street-scale re-
construction, requiring bounding boxes for dynamic vehicles; OmniRe [7]: a
method that improves StreetGaussian by introducing deformable pedestrian
modeling; EmerNeRF [46]: a neural-field framework that jointly models static
structures, dynamic motion, and induced flow fields; FreeVS [37]: a video syn-
thesis framework that uses a diffusion model to restore colored LiDAR point
clouds; StreetCrafter [45]: a controllable video diffusion model that conditions
on pixel-level LIDAR renderings to synthesize novel views while preserving cam-
era control; DiST-4D [12]: a disentangled spatiotemporal diffusion framework
that uses metric depth as the core geometric representation to jointly support
temporal prediction and spatial novel view synthesis. In our experiments, DiST-
4D adopts the same depth as our method.

As shown in Table [I] compared with most methods that explicitly model
dynamics, our approach does not require labor-intensive, manually annotated
bounding boxes and thus exhibits stronger generalizability.

5.2 Comparison Results

The quantitative comparisons are presented in Tables[I}f3] Tables[I]and [2show re-
sults on real-world datasets, while Table[3|reports results on our Para4D dataset.

Interpolation on original trajectories. Following previous 3DGS works,
we first evaluate our method on the original camera trajectories using an inter-
polation setting. We adopt a {1-0—1—0—1} temporal sampling scheme, where
a video sequence {I;}~ ; is split into an input set Z;, = {I; | t mod 2 = 1} and
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Fig. 6: Qualitative new-view synthesis results on the Waymo dataset, where FreeVS
[37] is evaluated using the original cropping strategy in their official implementation,
resulting in synthesis restricted to only the lower portion of the scene.

Table 1: Comparison on real-world datasets (interpolation).

. Waymo Static Waymo Dynamic
Method Annotation |pg\p SSIM LPIPS|PSNR SSIM LPIPS
FreeVS Bounding-box| 22.77 0.670 0.350 | 21.78 0.596 0.362
OmniRe Bounding-box| 24.10 0.708 0.252 | 23.73 0.683 0.237
EmerNeRF Bounding-box|24.92 0.701 0.245 |23.91 0.698 0.304
StreetGS Bounding-box| 24.37 0.714 0.239 | 23.54 0.696 0.256
StreetCrafter-V|Bounding-box| 19.46 0.611 0.353 | 18.92 0.597 0.353
DiST-4D None 18.52 0.566 0.378 | 18.15 0.563 0.373
Ours None 25.46 0.716 0.132|23.42 0.692 0.149

a held-out set Zoya1 = { It | t mod 2 = 0 }. Frames in Z;, are used for training or
conditioning the model, while the skipped frames in Ze,, are reconstructed and
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Fig. 7: Comparison of temporal dynamic lighting preservation. GeoV2V faithfully pre-
serves the vehicle’s turn signal across time steps, while existing methods fail to maintain
consistent dynamic lighting patterns.

used exclusively for testing and quantitative evaluation . Metrics including
PSNR, SSIM, and LPIPS are computed on these held-out frames. As shown in
Table[I] our model achieves the best overall performance across all datasets and
metrics, setting a new state-of-the-art baseline for trajectory interpolation.

Table 2: Comparison on real-world datasets (lane shifting, FID & FVD).

FID FVD
lm 2m 4m ‘ 1m 2m 4 m
FreeVS 39.93 47.35 51.89|335.32 373.57 445.36
OmniRe 26.46 34.59 45.63|223.29 334.43 601.84
EmerNeRF |45.74 55.25 73.23|346.90 445.55 661.26
StreetGS 24.35 30.52 46.96 | 212.56 331.28 552.19
StreetCrafter| 18.69 22.56 28.53|217.30 272.85 369.64
DiST-4D 22.47 28.16 38.13]246.38 369.76 552.62
Ours 17.53 23.59 32.58 (159.00 232.06 328.69

Lane-shifting on real-world datasets. Most existing 3DGS methods do
not evaluate lane-shifting, while generation-based approaches such as FreeVS
[37], Recondreamer [22], and FreeSim [9] typically report FID. Following this
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convention, we evaluate both FID and FVD, where FID measures frame-level
visual quality and FVD evaluates video temporal consistency. As shown in Ta-
ble 2] our model achieves strong performance on FID and the best score on
FVD, producing temporally coherent and visually realistic lane-shifted videos.
Notably, the model shows promising transfer to real-world scenes even when
trained solely on synthetic data, without additional fine-tuning.

Table 3: Comparison on the Para4D dataset.

Method 1m 2 m 4m
etho PSNR SSIM LPIPS FID |PSNR SSIM LPIPS FID |PSNR SSIM LPIPS FID
FreeVS* 16.35 0.512 0.568 118.72| 12.58 0.418 0.689 152.43|12.32 0.375 0.702 198.25

EmerNeRF |22.56 0.701 0.232 35.56 |21.22 0.695 0.386 65.04|19.10 0.614 0.502 83.29
StreetGS 24.34 0.714 0.172 27.75|23.00 0.696 0.181 37.39|19.85 0.590 0.291 89.67
StreetCrafter| 19.35 0.578 0.379 46.02 | 17.05 0.527 0.514 64.25|16.65 0.503 0.601 96.02
DiST-4D 19.52 0.602 0.368 47.35|16.96 0.503 0.622 74.65|14.21 0.459 0.659 105.62
Ours 25.18 0.738 0.040 17.53|23.88 0.697 0.051 25.25|21.31 0.608 0.080 41.17

Lane-shifting on synthetic datasets. The Para4dD dataset provides per-
fectly synchronized videos across multiple parallel lanes within the same dynamic
scene, making it possible to evaluate both pixel-level accuracy and perceptual
realism. We therefore report PSNR, SSIM, LPIPS, and FID scores. As sum-
marized in Table [3] our model achieves consistently higher PSNR and SSIM,
indicating stronger geometric alignment, while also outperforming all baselines
on perceptual metrics. The combination of superior pixel fidelity and perceptual
realism highlights the model’s ability to maintain both accurate 3D structure
and natural temporal motion under large lateral shifts.

Preservation of complex visual dynamics. Across multiple qualitative
examples, we observe that GeoV2V preserves complex visual dynamics that are
difficult to model explicitly. As illustrated in Fig. [I] and Fig. [7} the model faith-
fully maintains temporal lighting patterns such as blinking turn signals and brake
lights across frames. Moreover, Fig. [2] shows that our approach also preserves
challenging optical effects, including lens droplets and other imaging artifacts,
while maintaining consistent scene dynamics under viewpoint changes. These
results suggest that the end-to-end video generation framework can implicitly
capture complex video formation factors without requiring explicit modeling.

5.3 Ablation Studies

As shown in Tab. [d] we observe the importance of these three main components.

Video input. The input from the original view ensures the consistency of
the generated content. As shown in Fig. [8] when the video input is removed, the
generated vehicles become distorted due to depth errors in the geometric prior
used for rendering, although the quantitative metrics do not drop significantly
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Table 4: Ablation studies on different modules.

Priors 2 m
PSNR SSIM LPIPS
full priors 23.88 0.697 0.051
w/o video 23.28 0.695 0.052

w/o geometry (dense)|17.18 0.504 0.124
w/o geometry (sparse)|22.86 0.668 0.058
w/o geometry (both) | 16.45 0.490 0.128

w/o ParadD 20.92 0.593 0.102

GeoV2V w/o Geometry Priors w/o Source Video w/o Sparse Priors

Fig. 8: Qualitative results of ablation study.

because the video input mainly acts on fine details where geometry is difficult
to determine.

Geometry priors. Geometry priors ensure spatial alignment between the
generated frames and the true 3D structure of the scene. They constrain the
video diffusion process with depth-aware reprojection and LiDAR-informed pri-
ors. Without these priors, as shown in Table [4] all metrics decrease to varying
degrees. In particular, after removing the dense geometry prior, as illustrated in
Fig. 8] the model fails to respond correctly to geometric offsets.

Multi-lane Para4D training. Existing real-world datasets lack synchro-
nized parallel trajectories, making direct supervision for lane shifting infeasible.
Without ParadD, a common alternative is to approximate lane shifts using mis-
aligned side views, which introduces parallax mismatch and temporal inconsis-
tency. To quantify the impact of this supervision structure, we train GeoV2V
using either paired synchronized Para4D or misaligned side views generated from
Para4D and Waymo. As shown in Table [4] multi-lane supervision yields sub-
stantially higher PSNR/SSIM and lower LPIPS on Para4D, demonstrating that
synchronized multi-lane supervision provides a strong training prior necessary
for learning stable cross-lane transformations.

6 Conclusion

This paper introduces GeoV2V, a geometry-grounded video-to-video diffusion
framework for novel view synthesis in dynamic driving scenes without explicit
dynamic modeling. We also present ParadD, a synthetic dataset providing syn-
chronized multi-lane driving videos within the same dynamic scenes, enabling ex-
plicit supervision for cross-lane view synthesis. Experiments show that GeoV2V
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achieves strong visual quality and geometric consistency while preserving com-
plex visual dynamics such as changing lights and optical artifacts, even without
explicitly modeling them, and shows promising transfer to real-world driving
scenes when trained only on synthetic data.

An important direction for future work is developing evaluation metrics that
better capture the preservation of complex visual dynamics. Standard pixel-level
metrics such as PSNR or SSIM are largely insensitive to effects like dynamic
lighting or optical artifacts, making them less suitable for assessing these aspects.
Currently, such phenomena are mainly evaluated qualitatively. Designing metrics
that measure these factors more effectively would be valuable, especially for lane-
shifting simulation, where effects such as lens contamination or changing traffic
signals often represent critical corner cases for autonomous driving systems.
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