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Abstract. Generative models like Di�usion Models and Flow Matching
have demonstrated remarkable capabilities in synthesizing high-�delity
driving videos, but are severely constrained by high inference latency
due to the requirement of extensive sampling steps. We argue that this
ine�ciency stems from the prevailing reliance on a standard Gaussian
source distribution, where consecutive frames are initialized as indepen-
dent Gaussian noise. This paradigm disregards the rich spatiotemporal
correlations inherent in driving videos, compelling the model to regener-
ate deterministic scene structures existing in previous frames from noise,
which is both computationally redundant and prone to geometric incon-
sistency. To address this problem, we propose GeoFlow, a novel frame-
work designed to achieve e�cient driving video generation by harnessing
explicit geometric priors. Instead of sampling from standard Gaussian
noise, we leverage multi-view geometry and spatially-adaptive noise in-
jection to construct a Geometry-Aligned Prior (GAP) distribution as
starting point. This initialization bridges the gap between source dis-
tribution and data distribution, yielding a signi�cantly straighter and
shorter sampling trajectory. Extensive experiments demonstrate that Ge-
oFlow can achieve remarkable e�ciency of both training and inference:
merely several hours of �ne-tuning on baseline models can signi�cantly
boost few-step generation quality, while fully converged training drasti-
cally reduces number of inference steps required for state-of-the-art video
generation.
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(a) Better Starting Point

(b) E�ciency Analysis (c) Stabilized 5-step Generation

Fig. 1: E�cient driving video generation with structure-aware priors. (a)
Instead of sampling from noise, we construct a structure-aware prior distribution as a
better starting point. (b) This strategy leads to rapid convergence, achieving SOTA
quality in just 8 steps (Green line) compared to the baseline (Red line). (c) Visual
comparisons in 5 steps. Our method (Green) signi�cantly improves structural stability
and temporal consistency in few-step driving video generation.

1 Introduction

The rapid evolution of autonomous driving (AD) systems is increasingly fueled
by the availability of massive, diverse, and high-quality driving data. However,
acquiring such data from the real world is limited by high costs and safety
risks, particularly for scarce corner cases such as extreme weather conditions
and hazardous tra�c scenarios. To overcome these limitations, generative models
[6,8�10,43] have emerged as a promising paradigm for synthesizing high-�delity
driving data, serving as a scalable engine for both data augmentation and closed-
loop simulation.

Among existing approaches, di�usion probabilistic models and �ow matching
frameworks have recently established themselves as the state-of-the-art. These
generative models o�er superior visual �delity, diversity, and precise controlla-
bility over 3D geometry and scene layout. Representative works, such as Magic-
Drive [8,9] and DriveDreamer [43,58], have demonstrated remarkable capabilities
in generating photorealistic, multi-view driving videos conditioned on rigorous
control signals. Beyond achieving controllable data generation, these pioneering
works demonstrate a potential for establishing generative closed-loop simula-
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(a) Vanilla (b) GeoFlow

Fig. 2: Comparison between Vanilla Driving Video Generation and GeoFlow. The
former uses standard Gaussian as source distribution, while GeoFlow leverages multi-
view geometry to build an informative source distribution in latent space.

tion environments [45, 47], serving as interactive platforms for the closed-loop
evaluation and training of autonomous driving algorithms.

However, this high �delity comes at a steep computational cost. These meth-
ods typically rely on iteratively solving Ordinary Di�erential Equations [24, 26,
37] (ODEs) or Stochastic Di�erential Equations [15] (SDEs) to map a stan-
dard Gaussian distribution to the complex video data distribution (Red curve
in Fig. 1a). This process requires extensive sampling steps (often dozens or
hundreds) during inference, resulting in signi�cant latency and computational
overhead. This ine�ciency signi�cantly in�ates the cost of data production
and severely compromising the interaction frequency of generative simulation
pipelines.

We identify that a fundamental source of this ine�ciency lies in the ubiq-
uitous assumption that the source distribution is typically standard Gaussian

noise (Fig. 2a). Under this assumption, the model is forced to reconstruct the
entire scene, including road, buildings, and vegetation, from pure noise for every
single frame. This formulation ignores the strong spatiotemporal correlations
between frames in driving videos, consequently, not only leading to signi�cant
computational redundancy (generating existed contents in history frames) but
also increasing the di�culty of maintaining temporal consistency, as initiating
consecutive frames from independent noise often results in texture �ickering and
geometric drift (Base in Fig. 1c), especially in few-step generation.

In the context of autonomous driving, we argue that the source distribution
assumption should be revisited. Unlike open-domain videos, driving scenarios
exhibit remarkably strong spatiotemporal coherence and predictability. The vi-
sual evolution of the scene is strictly governed by multi-view geometry and the
ego-vehicle's motion: static background elements shift continuously according to
the camera extrinsics, while dynamic agents follow trajectories in given condi-
tions. This implies that given a reference frame and future condition signals,
the content of the subsequent frames is largely predictable rather than random.
Motivated by this insight, we propose a novel perspective: Why not start the

generation from a coarse prediction of the future, rather than from pure noise?
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A straightforward solution is to initialize the generation directly from the
given reference frame or history frame [25]. However, this cannot explicitly ac-
count for the multi-frame dynamics induced by ego-motion and dynamic agents,
making it di�cult to model highly dynamic driving scenes. We propose to in-
stead leverage metric depth estimation [18, 23, 46] to warp the reference frame
to future poses, producing a geometry-aligned coarse prediction. Nevertheless,
the warped result alone is still insu�cient to serve as a good source distribution:
due to depth estimation inaccuracies and the dynamic nature of the environ-
ment, it inevitably contains artifacts. To address this, we propose a Spatially-
Adaptive Noise Injection strategy to construct a robust Geometry-Aligned
Prior Distribution, where we derive a continuous pixel-wise reliability mask
based on geometric consistency and semantic priors to handle artifacts without
extra learnable parameters. As shown in Fig. 1, this strategy successfully short-
ens the transport path from the source distribution and the target distribution,
enabling high quality driving video generation within several sampling steps.

Our contributions are summarized as follows:

� We propose GeoFlow, an e�cient driving video generation framework that
generates future frames starting from reference frame information rather
than pure noise, fundamentally straightening and shortening the transport
path.

� We construct a Geometry-Aligned Prior distribution that leverages the
inherent geometric consistency of driving videos, where Spatially-Adaptive
Noise Injection is integrated to e�ectively mitigate artifacts.

� Extensive experiments demonstrate that GeoFlow can signi�cantly improve
the few-step generation quality at a low adapting cost.

2 Related Work

2.1 Video Generation for Autonomous Driving

Data synthesis and closed-loop simulation are of great importance for autonomous
driving systems, while traditional reconstruction methods [7,12,22,55] have lim-
itations in �delity and diversity. Generative models [11, 15, 24, 26] thus have
become indispensable to the autonomous driving lifecycle. DriveDreamer [43] pi-
oneered the incorporation of structural constraints, achieving controllable video
synthesis conditioned on Bird's-Eye-View (BEV) maps and 3D bounding boxes.
MagicDrive [9] further extended these capabilities to ensure strict multi-view geo-
metric consistency. Subsequent research [8] has continued to push the boundaries
of controllability, spatial resolution, and temporal duration, leading to signi�cant
leaps in the �delity and realism of synthesized driving scenarios. Fueled by this
progress, the scope of video generation has expanded beyond dataset creation to
more tasks such as neural scene reconstruction [32,58,59] and closed-loop simula-
tion [45,47]. However, despite these successes, a fundamental challenge persists:
these methods inherently require a large number of denoising steps (sampling
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iterations) to obtain high-quality results. This requirement creates a con�ict be-
tween inference e�ciency and generation quality, thereby hindering the e�cient
deployment of applications like generative closed-loop simulation.

2.2 E�cient Video Generation

To mitigate the high inference latency of di�usion models, existing acceleration
strategies primarily focus on designing advanced samplers [27,37,61] to optimize
the numerical solution of ODE, or employing model distillation [26,36,38,48] to
compress the multi-step generative trajectory, including recent advances in the
video domain [17, 29, 42, 49, 56]. Despite enabling rapid synthesis, distillation-
based methods typically incur expensive training costs. And these approaches
retain the standard Gaussian source assumption, essentially ignoring the strong
spatiotemporal and geometric correlations inherent in driving scenarios. In con-
trast, GeoFlow tackles e�ciency from the perspective of source distribution con-
struction. By establishing a geometry-aligned prior, our method naturally short-
ens and straightens the generative trajectory, which is orthogonal to existing
frameworks.

2.3 Beyond Standard Gaussian Source Distribution

To break free from the standard Gaussian source assumption for speci�c tasks,
Di�usion Bridges [62] extend the standard di�usion framework to learn the
transport between two arbitrary probability distributions. These methods have
achieved superior performance in speci�c data-to-data translation tasks, such as
image super-resolution [52], in-painting [13, 33], and restoration [40, 51]. Simi-
larly, Flow Matching (FM) [24,26] is theoretically grounded in regressing vector
�elds de�ned by the interpolation between sample pairs, naturally supporting
mappings between any two arbitrary distributions. While FM has been success-
fully applied to data-to-data translation tasks [5, 28, 30, 34, 39, 53], mainstream
research in video generation predominantly retains the standard Gaussian source
assumption to ensure training stability and generation diversity.

In the context of video synthesis, Video Bi-�ow [25] �rst investigates this
�exibility by using the previous frame with noise injection as the starting point
of �ow matching. Their experiments demonstrate that evolving the �ow from
the previous frame yields a shorter transport distance and higher sampling e�-
ciency compared to standard methods that treat the previous frame merely as a
condition. GeoFlow shares a similar insight of starting from a better source dis-
tribution, yet it fundamentally diverges in how this distribution is constructed.
We explicitly model the transition between frames using physical priors to con-
struct the source distribution, which makes it geometrically aligned with the
target manifold.

2.4 Geometry-Constrained Video Generation

Introducing geometric priors into video generation tasks has recently been an
active area of research. Existing works [3, 14, 16, 35, 50, 57] typically integrate
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3D geometric information [19�21, 41, 54] as conditioning signals to guide the
generation process , achieving precise camera control and enhancing the tempo-
ral coherence of synthesized videos. GeoFlow fundamentally di�ers from these
works in both rationale and methodology. The primary objective of these prior
works is to enforce controllability and consistency through explicit 3D condition-
ing, meaning the generative model still traverses the complete trajectory from
pure Gaussian noise to the target data manifold during inference. In contrast,
GeoFlow is designed from the perspective of generation e�ciency. Rather than
conditioning, we construct a geometrically aligned and much closer source dis-
tribution, which signi�cantly shortens and straightens the transport path, thus
improving sampling e�ciency.

3 Method

3.1 Problem Formulation

Task De�nition. Given a past video sequence (or a single reference frame Iref ),
the goal is to generate the future video chunk V ∈ RL×N×H×W that strictly
follows a set of control signals C. We formulate this as learning a conditional
distribution p(V|Iref , C).
Control Conditions. Following standard practices in driving world model-
ing [9,43], the condition set C encapsulates the geometric and semantic layout of
the driving scene: it includes (i) ego-motion and camera parameters Ccam,
i.e., the camera extrinsics T ∈ SE(3) and intrinsics K for each frame, de�ning
the 3D-to-2D projection rules; (ii) the 3D object layout Cobj , represented as a
set of 3D bounding boxes {(bk, ck)} that describe the position and category of
dynamic agents (e.g., vehicles, pedestrians) in the future scene; and (iii) a road
map Cmap, such as an HD-Map or BEV layout providing road boundaries and
lane information.
Flow Matching Backbone. We employ a latent �ow matching model pa-
rameterized to estimate the vector �eld vt towards the clean data x1 (latent
representation of V ). The generative process is governed by the ODE: dxt/dt =
vt(xt, t, C). The model Fθ(xt, t, C) is trained to minimize the �ow matching ob-
jective:

L = Et,x1,x0,C
[︁
||Fθ(xt, t, C)− vt||2

]︁
, (1)

where xt = (1− t)x0 + tx1 and vt = x1 − x0.

3.2 GeoFlow Framework

Standard driving video generation models typically initialize from pure Gaussian
noise (x0 ∼ N (0, I)), forcing the model to construct complex driving scenes en-
tirely from randomness. This leads to highly non-linear generation trajectories
and requires numerous integration steps to solve, which fundamentally limits
the generation e�ciency. We address this problem by introducing the GeoFlow
framework. Its core principle is to replace the standard Gaussian noise with a
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Fig. 3: Schematic of the proposed GeoFlow framework. To bridge the gap be-
tween the source and target manifolds, we leverage multi-view geometry to construct a
Geometry-Aligned Prior Distribution, where an Spatially-Adaptive Noise Injec-
tion strategy is introduced to reduce error accumulation due to depth and rendering
artifacts. Bottom Panel: As visualized in the sampling trajectory comparison, our ini-
tialization signi�cantly shortens and straighten the �ow, thereby enabling high-�delity
synthesis within several inference steps.

Geometry-Aligned Prior Distribution. This makes the source distribution
geometrically aligned with the target, thus signi�cantly shortening and straight-
ening the generation path, enabling e�cient high-�delity driving video synthesis
with substantially fewer sampling steps (Fig. 3).

The following sections detail the construction process of this Geometry-
Aligned Prior Distribution, which is primarily divided into two subsections: La-
tent Geometry Extraction (Section 3.3) and Geometry-Aligned Prior Construc-
tion (Section 3.4). Finally, we introduce the training and inference pipelines of
GeoFlow (Section 3.5).

3.3 Latent Geometry Extraction

Driving scenarios are characterized by strong spatiotemporal coherence. Unlike
general open-domain videos, the visual evolution of a driving scene is heavily
correlated with the ego-vehicle's control signals. Speci�cally, the static scene
structures (e.g., roads, buildings, vegetation), which typically occupy the ma-
jority of the �eld of view, shift continuously in accordance with the camera's
ego-motion. This observation implies that a signi�cant portion of the future
frame content is not random but can be explicitly derived from historical frames
and given conditions.

Motivated by this insight, we propose explicitly modeling the geometric
relationships between sequential frames to reduce the computational redundancy
in video generation. Speci�cally, we leverage the known future ego-motion to
warp the reference frame to expected future locations. This allows the model to
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start directly from a coarse prediction based on historical context, eliminating
the need to redundantly regenerate existing content.

Instead of operating in RGB space, we choose the latent space of the VAE for
e�ciency. First, we estimate the metric depth Dref of the reference frame, which
also produces the corresponding uncertainty map Munc to describe the accuracy
of depth estimation. And we encode reference frame to get latent representation
Zref = E(Iref ), then unproject the latent features Zref into a 3D feature point
cloud Pref using estimated metric depth and camera parameters, as shown in
Fig. 3. Given the relative pose transformation Trel derived from the ego-vehicle's
control commands or trajectory planning, we transform the point cloud to the
target coordinate system:

Ptarget = Trel · Pref . (2)

We then render Ptarget using splatting algorithm to obtain the warped latent
map Zwarp. This process creates a geometrically aligned canvas for the future
frame. Detailed computational procedures are provided in the supplementary
materials.
Feature Splatting Mechanism. Projecting 3D points to the 2D image plane
may result in collisions (multiple points mapping to the same pixel). To address
collisions and keep the input shape aligned with base model, we adopt a Z-bu�er
based feature splatting strategy.

Let Ptarget = {(pk, fk)} denote the set of transformed 3D points pk and their
associated feature vectors fk. For a target pixel coordinate u = (u, v), we identify
the subset of points N (u) that project onto this pixel neighborhood. The value
of the warped latent map Zwarp(u) is determined by the point closest to the
camera:

k∗ = arg min
k∈N (u)

dz(pk), (3)

Zwarp(u) = fk∗ , (4)

where dz(·) denotes the depth value in the camera coordinate system.

3.4 Geometry-Aligned Prior Construction

Directly utilizing the deterministic warped latents Zwarp as the source distri-
bution x̂0 is suboptimal for two main reasons. First, Flow Matching models
fundamentally require a stochastic source distribution to ensure training stabil-
ity and generation diversity. Initializing from a deterministic point restricts the
model's ability to explore the data manifold, potentially leading to severe error
accumulation in inference [25]. Second, the geometric prior is inherently imper-
fect. Due to inevitable inaccuracies in metric depth estimation and rendering
artifacts, Zwarp contains structural distortions. Strictly following these �awed
features would force the model to hallucinate unrealistic textures to match the
geometric errors. Therefore, it is crucial to introduce stochastic perturbations to
mitigate artifacts and encourage the generative model to naturally correct and
inpaint the warped Zwarp.
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Limitations of Global Noise. A straightforward solution to introduce stochas-
ticity and mitigate artifacts is to inject global uniform noise (i.e., x̂0 = (1 −
α)Zwarp + αϵ). However, our experiments suggest that this is a compromise:
while it aids convergence in few-step inference, it degrades performance at higher
sampling steps compared to the baseline. This is because uniform noise indis-
criminately corrupts the artifacts and the high-quality regions of the warped
prior, wasting the valuable geometric information we extracted.
Spatially-Adaptive Noise Injection. To resolve this dilemma, we propose
a Spatially-Adaptive Noise Injection strategy. Instead of treating all regions
equally, we construct a continuous noise injection mask M to modulate the
noise intensity locally. Speci�cally, low values in the mask identify reliable re-
gions where the extracted geometric prior should be strictly preserved. Con-
versely, high values signify unreliable areas, such as occlusions or dynamic ob-
jects, instructing the model to discard the �awed prior and rely predominantly
on standard Gaussian noise for those speci�c regions.

The mask aggregates three sources of uncertainty, each corresponding to a
speci�c geometric error type and thus providing a controllable fallback mech-
anism. The �rst source is geometric invalidity Mocc, derived from the Z-bu�er
during rendering, where regions that are occluded or out-of-view in the refer-
ence frame are assigned high noise intensity. The second source Mdyn addresses
dynamic objects, as static geometry warping cannot predict object motion; we
utilize projected 3D bounding boxes to mask out regions corresponding to dy-
namic agents, allowing the generative model to redraw their poses. The third
source is depth uncertainty Munc, where we utilize the uncertainty map from
the depth estimator (normalized to [0, 1]) to assign corresponding noise levels to
regions with ambiguous geometry, such as sky or transparent surfaces.

The �nal noise injection mask is obtained by taking the maximum operation
across these components:

M = max(Mocc,Mdyn,Munc). (5)

Noise Injection. We construct the �nal source distribution x̂0 via linear inter-
polation between the warped prior and standard Gaussian noise ϵ, controlled by
M:

x̂0 = (1−M)⊙ Zwarp +M⊙ ϵ, ϵ ∼ N (0, I). (6)

3.5 Training and Inference

Chunk Strategy. Our method relies on the geometric overlap between the
reference and target views. To ensure valid reprojection, we adopt a short-horizon
frame autoregressive strategy, setting the chunk size to L = 6 which contains 1
reference frame and 5 new generated frames.
Optimization Objective. Following the baseline con�guration, we maintain
the vector �eld prediction parameterization where the network Fθ estimates the
optimal transport velocity vt. We �ne-tune the baseline model to adapt to the
proposed Geometry-Aligned Prior Distribution. The intermediate training states
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xt are sampled via linear interpolation along the optimal transport path between
our constructed source x̂0 and the ground truth x1:

xt = (1− t)x̂0 + tx1, t ∈ [0, 1]. (7)

The training objective is to minimize the prediction error of the vector �eld:

L = Et,x1,x̂0,C
[︁
||Fθ(xt, t, C)− vt||2

]︁
, (8)

where the analytical velocity is de�ned as vt = x1 − x̂0.
Inference. During inference, instead of sampling from a standard Gaussian
distribution, we initialize the generative process directly with our Geometry-
Aligned Prior Distribution (x0 = x̂0). From this starting point, we employ stan-
dard numerical ODE solvers provided by the baseline architecture to integrate
the estimated vector �eld Fθ(xt, t, C) over time.

4 Experiments

4.1 Experimental Setup

Dataset.We conduct our experiments on the NuScenes dataset [2], a large-scale
autonomous driving benchmark consisting of 1000 scenes (700 for training, 150
for validation, and 150 for testing). Each scene spans 20 seconds and captures
360-degree views via six cameras. We utilize the training split for �ne-tuning
baseline models and the validation split for evaluation. The video frames are
resized to a resolution of 256 × 448 for training and inference. Baselines. We
build our framework upon OpenDWM [1] codebase, which reproduces state-of-
the-art driving video generation methods and open-source the training, inference,
and evaluation codes. We compare our approach primarily against the baseline
with Gaussian initialization. Further details, such as a detailed overview of this
codebase and the speci�c selection of the baseline model, are provided in the
supplementary materials. To ensure a fair comparison, both the baseline and
our model share the exact same model architecture and control conditions, only
di�er in source distribution.
Metrics.We assess the generation performance from two perspectives: (1) Video
Quality: We report FVD (Fréchet Video Distance) computed on clips of 16
frames to measure the temporal coherence and visual �delity. (2) Image Quality:

We report FID (Fréchet Inception Distance) to evaluate the visual quality of
individual frames. Following UniMLVG [4], we conduct evaluation using 150
scenes from NuScenes validation set, and generate six-view 16-frame videos to
calculate those metrics. Except where noted, each video is generated starting
from one reference frame.
Implementation Details.We initialize our model from the pre-trained weights
of OpenDWM. We �ne-tune the pre-trained model on 2 NVIDIA H100 GPUs to
adapt to the proposed Geometry-Aligned Prior Distribution. The learning rate
is set to 5e-5. During training, we use MapAnything-v1.0 [18] as metric depth
estimator, and we also conduct experiments on other metric depth models during
inference.
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Table 1: Quantitative comparison on NuScenes validation set. (a) We compare
our GeoFlow with state-of-the-art methods. OurGeoFlow achieves SOTA quality with
signi�cantly less steps. † means the metrics are calculated using 3 reference frames. (b)
We conduct experiments on base models with di�erent architecture, GeoFlow frame-
work can bring signi�cant improvement on few-step driving video generation.

Method Steps FID ↓ FVD ↓

MagicDrive-V2 [8] 30 20.9 94.8
DreamForge [31] 30 14.6 103.6
Drive-WM [44] 50 15.2 122.7
DriveDreamer-2 [60] - 11.2 55.7
UniMLVG† [4] 50 5.8 36.1
OpenDWM [1] 40 6.8 38.8
GeoFlow (Ours) 15 6.8 32.5

(a) Video Quality Comparison

Base Model 5-step FVD

OpenDWM-tvae 204.8
+GeoFlow(-62.5%) 76.7

OpenDWM-vae 121.7
+GeoFlow(-59.6%) 49.2

UniMLVG 72.6
+GeoFlow(-38.6%) 44.6

(b) Generality Analysis of GeoFlow

Table 2: Comparison of FID and FVD metrics across di�erent sampling steps. Geo-
Flow consistently outperforms the baseline and achieves better quality with 8 steps
than base model with 40 steps in FVD.

Method
5-step 8-step 10-step 15-step 20-step 40-step

FID FVD FID FVD FID FVD FID FVD FID FVD FID FVD

OpenDWM 20.4 123.5 14.7 77.4 12.6 66.1 10.1 52.8 8.7 45.1 6.8 38.8
GeoFlow 11.7 49.2 8.3 38.6 7.5 35.0 6.8 32.5 6.8 32.6 6.9 34.0

4.2 Main Results

Quantitative Comparison. Table 1a compares our method with other SOTA
approaches with standard Gaussian initialization. Although existing methods
achieve high-�delity synthesis, they usually require many inference steps. In con-
trast, GeoFlow synthesizes driving videos with a lower FVD than the baseline
(referred to as OpenDWM) using signi�cantly fewer inference steps. This demon-
strates that our geometry-aligned prior not only improves the e�ciency of the
generative process but also naturally enforces better spatiotemporal consistency
across frames.
Visual Qualitative Comparison. Qualitatively, our method produces sub-
stantially cleaner and more coherent videos in the few-step regime. In particu-
lar, with only 8 sampling steps, GeoFlow already yields visual results that are
comparable in FVD to the Baseline using 40 steps, while the Baseline at few
steps often exhibits noticeable blurriness and structural artifacts, as shown in
Fig. 1c and Fig. 4. This demonstrates that our geometry-aligned prior provides a
much better initialization, enabling the model to reach a high-quality generation
manifold with signi�cantly fewer denoising iterations.
Generality Analysis. As demonstrated in Table 1b, our method consistently
and signi�cantly improves few-step driving video generation quality across di-
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(a) Image quality comparison.

(b) Video temporal consistency comparison.

Fig. 4: 5-step generation visual quality comparison between GeoFlow and Baseline
model. All these videos are generated with single reference frame.

verse architectures. We validate this by experimenting with various models within
the OpenDWM codebase, including those equipped with Temporal (3D) VAE
and those with Spatial (2D) VAE. The results show that our approach substan-
tially reduces FVD (as shown in green percent number) in the few-step inference
setting. Furthermore, when applied to a stronger base model such as UniMLVG,
GeoFlow continues to deliver notable improvements. This highlights the plug-
and-play nature of our approach, o�ering an e�cient path to enhance few-step
driving video generators without large computational cost.

4.3 E�ciency Analysis

We provide a comprehensive analysis of the proposed method's e�ciency from
both training and inference perspectives.
Fast Training Convergence. A key advantage of GeoFlow is that it simpli�es
the learning objective from generating from scratch to residual re�nement. We
argue that the model can e�ciently adapt to this new paradigm, because base
model has inherently developed such re�nement capabilities during its original
denoising training phase. To validate this, we monitor the generation quality
(FVD) on the validation set at di�erent training milestones. As illustrated in
Fig. 5, our model exhibits rapid convergence. The FVD score drops signi�cantly
within the �rst thousands iterations (only hundreds of training steps can achieve
signi�cant FVD drop in few-step generation) and saturates around 10,000 iter-
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ations. The total adaptive training cost is less than 30 H100 GPU hours. This
demonstrates that our framework can be easily adapted to existing base models
without requiring expensive distillation or fully retraining.

Fig. 5: Training Convergence.

Inference E�ciency. We further evaluate
the inference e�ciency. As demonstrated in
Sec. 3.5, although our method employs a
shorter autoregressive chunk size (L = 6)
compared to the baseline (L = 19) to ensure
geometric validity, the total generation time
to achieve SOTA quality is still signi�cantly
reduced. Speci�cally, generating a 16-frame
clip using our method (8 steps × 4 passes)
is 4.2× faster than the baseline (40 steps × 1
pass). This con�rms that the overhead of ge-
ometric warping is marginal compared to the
computational savings from reduced denois-
ing iterations. Detailed time costs on one L20
GPU are shown in Table 3.

Table 3: Breakdown of 5-step infer-
ence latency for a single 6-frame clip.

Stage Time (s) Prop.

Geo. Recon. 0.43 2.84%
Feat. Rend. 0.49 3.24%
ODE Solving 13.83 91.65%

Total 15.09 100%

E�ciency-Quality Trade-o�. Table 2
illustrates the trade-o� between video
quality and inference steps for the base
model and GeoFlow, demonstrating that
the GeoFlow framework substantially en-
hances the generation quality of the base
model. GeoFlow achieves signi�cant accel-
eration; speci�cally, our model with only 8
sampling steps attains an FVD of 38.6,
surpassing the Baseline with 40 steps

(FVD 38.8). This represents a 5Ö steps

reduction without compromising visual
quality. To further visualize the acceleration capability, we plot the FVD scores
against the number of sampling steps in Fig. 1b. The Baseline (red curve) ex-
hibits a slow convergence rate, requiring more than 40 steps to reach a saturated
performance. In contrast, our method (green curve) starts from a much lower
FVD and converges rapidly, achieving high-quality results in around 10 steps.

4.4 Ablation Studies

E�ectiveness of Noise Injection. Fig. 6a compares di�erent strategies for
constructing the source distribution x̂0. First, Naïve Warping, which directly
uses warped latents without noise injection, results in poor performance. As
shown in Fig. 6b, the deterministic nature of �awed geometric priors causes
the model to over�t to rendering artifacts (e.g., stretching textures), leading to
severe visual distortions. Also, as illustrated by the red curve in Fig. 6a, the lack
of noise injection during training restricts the model's exploration of the data
manifold, leading to error accumulation at higher inference steps and degrading
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(a) Ablation of Noise Injection.

(b) E�ectiveness of noise injection.

(c) Ablation of dynamic mask.

Fig. 6: Qualitative and quantitative ablations. (a) Quantitative comparison of
di�erent injection strategies. (b) Visual comparison of generating with and without
noise injection. (c) Visual ablation of the dynamic masking strategy.

the generation quality. Second, the addition of global uniform noise mitigates
these artifacts to some extent. However, as shown in Fig. 6a, its FVD score
remains inferior to our method because uniform noise indiscriminately corrupts
perfectly aligned static backgrounds (e.g., road markings), counteracting the
bene�ts of geometric warping by forcing the model to reconstruct valid structures
from scratch. Finally, our full strategy achieves the best performance by using
the proposed reliability mask to selectively inject noise.

Component Analysis of the Noise Injection.We further dissect the contri-
bution of each component in our Noise Injection Mask M in Table 4. Removing
Mdyn leads to signi�cant ghosting artifacts. Since the warping operation projects
dynamic objects (e.g., moving cars) to incorrect locations based on their past
positions, the model struggles to remove these incorrect features without explicit
noise injection (as shown in Fig. 6c). Introducing the dynamic mask signi�cantly
reduces artifacts around moving vehicles and improves the visual quality of vehi-
cles in the generated videos. Without Mocc, the model receives invalid features
(e.g., zero initialization for background rendering) in the out-of-view regions.
Masking these areas allows the model to perform standard in-painting.

Robustness to Depth Estimation. We further verify the robustness of our
model by substituting the training used Metric Depth Estimation model (Map-
Anything-1.0) with MapAnything-v1.1 and DepthAnything-3 during inference
in a zero-shot manner. As demonstrated in Table 5, the enhanced depth and
uncertainty estimation of MapAnything-v1.1 improves video generation perfor-
mance at low sampling steps. Replacing MapAnything with DepthAnything-3
model can also achieve SOTA performance. Despite this, we show that GeoFlow
can boost few-step generation quality even with inaccurate depth or arti�cially
perturbed rendering results, as detailed in the supplementary material.
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Table 4: Component analysis of
Noise Injection Masks. Inference step
is set to 10.

Mocc Munc Mdyn FID (↓) FVD (↓)

- - - 8.2 43.6
✓ - - 7.9 40.0
✓ ✓ - 7.6 40.2
✓ ✓ ✓ 7.5 35.0

Table 5: Robustness analysis of
depth model selection. The two mod-
els are introduced in a zero-shot manner.

Steps
MA-v1.1 DA-3

FID(↓) FVD(↓) FID(↓) FVD(↓)

5 11.1 44.1 13.1 55.1
10 7.9 33.1 8.0 38.2
40 7.8 35.6 7.2 37.3

5 Conclusion

In this work, we present GeoFlow, a plug-and-play framework that achieves
e�cient driving video generation by bridging the distributional gap between
the source and target distributions. By replacing the non-informative standard
Gaussian with a Geometry-Aligned Prior Distribution (GAP), we successfully
shorten the sampling trajectory, enabling Flow Matching models to generate
high-�delity driving videos in just several sampling steps. Crucially, GeoFlow
achieves this e�ciency with low adapting cost and no architectural changes,
o�ering a practical and scalable solution for high-throughput data synthesis in
autonomous driving.
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