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Abstract

Recent advancements in generative models offer promising
solutions for synthesizing realistic driving videos, aiding
in training autonomous driving perception models. How-
ever, existing methods often struggle with high-resolution
multi-view generation, mainly due to the significant mem-
ory and computational overhead caused by simultaneously
inputting multi-view videos into denoising diffusion mod-
els. In this paper, we propose a driving video genera-
tion framework based on multi-view feature fusion named
DriveScape for multi-view 3D condition-guided video gen-
eration. We introduce a Bi-Directional Modulated Trans-
former (BiMoT) module to encode, fuse and inject multi-
view features along with various 3D road structures and ob-
jects, which enables high-resolution multi-view generation.
Consequently, our approach allows precise control over
video generation, greatly enhancing realism and providing
a robust solution for creating high-quality, multi-view driv-
ing videos. Our framework achieves state-of-the-art results
on the nuScenes dataset, demonstrating impressive genera-
tive quality metrics with an FID score of 8.34 and an FVD
score of 76.39, as well as superior performance across var-
ious perception tasks. This lays the foundation for more ac-
curate environment simulation in autonomous driving. Our
project homepage.

1. Introduction

Autonomous driving has garnered significant attention, em-
phasizing the need for precise environmental understanding
to ensure safe driving decisions [13, 38]. Bird’s-eye view
(BEV) maps, generated from multi-view images, serve as
a crucial structured representation for various tasks, includ-
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ing 3D object detection, segmentation, tracking, depth esti-
mation, and trajectory prediction [14, 15, 17, 18, 20, 34, 36,
39]. However, acquiring high-quality multi-view video data
poses significant challenges due to the high labeling costs,
increasing the demand for generating temporally consistent
video data aligned with real-world distributions and 3D la-
bels. Recent generative models have demonstrated the po-
tential of synthetic data to enhance visual tasks [7, 25, 35],
while diffusion models have advanced the generation of di-
verse and realistic driving videos, which are crucial for de-
veloping robust autonomous driving systems.

Model Spatial Res. Temporal Res. (Hz) sparse condition
Drive-WM 192 × 384 2 ×
WoVoGen 256 × 448 2 ×

Delphi 512 × 512 2 ×
GenAD 256 × 448 2 ×

MagicDrive 272 × 736 - ×
DriveDreamer 1&2 448 × 256 2 ×

DriveDiffusion 512 × 512 2 ×
Panacea 256 × 512 2 ×

Ours (DriveScape) 576 × 1024 2 - 10 ✓

Table 1. Real-world multi-view driving controllable world models.
DriveScape (ours) operates at a high spatiotemporal resolution, of-
fering support for sparse layout controllability, as well as unified
control for both mono-condition and multi-condition scenarios.

The most relevant approach to our work is the genera-
tion of multi-view driving videos controlled by 3D condi-
tions. In terms of spatial resolution, general video genera-
tion tasks, such as those addressed by SVD, have achieved
high-resolution video generation at 1024 × 576. How-
ever, in driving scenarios, multi-camera panoramic gener-
ation is often required. Previous methods typically need
to denoise multiple views simultaneously, leading to mem-
ory constraints during both training and inference. For tem-
poral resolution, previous methods rely on frame-by-frame
3D layout control. Due to high annotation costs, public
datasets like NuScenes provide annotations at a low frame
rate (2Hz), restricting models from generating videos at the
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rate (2Hz), restricting models from generating videos at the
same frame rate. Additionally, the cost of obtaining dif-
ferent types of annotations varies in practice. For instance,
annotating 3D lane lines is typically more expensive than
annotating bounding boxes, often resulting in lane lines be-
ing labeled at a lower frame rate. This necessitates gener-
ative models that can handle sparse conditional control and
remain compatible with both sparse and non-sparse condi-
tions simultaneously.

To address these challenges, we propose DriveScape,
a solution for multi-view 3D condition-guided video gen-
eration with high spatio-temporal resolution. Unlike ex-
isting methods, DriveScape integrates adjacent views and
keyframes through multi-view fusion, avoiding the compu-
tational burden of denoising multiple views simultaneously.
We introduce a streamlined training and inference pipeline,
free from post-processing, supporting high spatial and tem-
poral resolution for sparse condition control. To align 3D
road structural information, we propose a Bi-Directional
Condition Alignment module, integrating multiple condi-
tions into an aligned latent space for fine-grained layout
controllability. By leveraging temporal and spatial informa-
tion, DriveScape establishes a unified model for consistent
multi-view video generation, significantly enhancing real-
ism and applicability.

In summary, our key contributions are as follows:
• We propose a unified multi-view feature fusion frame-

work for driving video generation without any post-
processing. To the best of our knowledge, our model
is the first to achieve high-resolution, high-frame-rate,
sparse condition control for multi-view driving video
generation.

• We introduce a Bi-Directional Condition Alignment mod-
ule to facilitate diverse modalities of condition guidance
and sparse condition control in video generation tasks.
Experiments demonstrate that our model achieves decou-
pled, sparse, and precise control of dynamic foreground
and static background.

• We achieve state-of-the-art video synthesis performance
on the nuScenes dataset, excelling not only in the gen-
eration quality of multi-view images and videos but also
across various perception applications.

2. Related Works

2.1. Controllable generation

With the advent of diffusion models, significant progress
has been made in text-to-video generation [1, 2, 5, 8, 10,
12, 24, 30, 40]. Video LDM [4] employs a latent diffu-
sion pipeline where denoising occurs in the image latent
space, greatly accelerating the process. However, text alone
cannot precisely control video generation. Later methods
introduced image blocks alongside text as prompts for the

denoising network [37].Our goal is to generate highly real-
istic street-view videos, a complex scene featuring numer-
ous elements and interactions (e.g., intricate street layouts
and moving vehicles). To achieve fine-grained control, we
incorporate road maps, 3D bounding boxes, and BEV key-
frames, going beyond text and images to ensure detailed and
precise video generation.

2.2. Multi-view video generation
Multi-view consistency and temporal consistency are two
critical challenges in multi-view video generation. To ad-
dress multi-view consistency, MVDiffusion [26] introduced
a correspondence-aware attention module to align informa-
tion across views. Tseng et al. [27] utilized epipolar geome-
try to regularize consistency between different views. Mag-
icDrive [7] leveraged camera poses, bounding boxes, and
road maps as priors, incorporating an additional cross-view
attention block to enhance consistency. However, these
methods are limited to generating multi-view images rather
than videos.

2.3. Street view generation
Most street-view generation models condition on 2D lay-
outs, such as BEV maps, 2D bounding boxes, and seman-
tic segmentation. BEVGen [25] encapsulates all semantics
within BEV for street-view generation. BEVControl [35]
employs a two-stage method to generate multi-view urban
scene images from BEV layouts, where a controller gener-
ates foreground and background objects, and a coordinator
combines them to maintain visual consistency across views.
However, projecting 3D information to 2D loses geometric
details, making direct extension to video generation prone
to inconsistencies across frames. To address this, we in-
corporate 3D bounding boxes as a condition to guide gen-
eration.DrivingDiffusion [16] adopts a multi-stage pipeline
with two models and two stages of post-processing to gen-
erate frames and extend them into videos. In contrast, our
method avoids the complexity of multi-stage pipelines by
using an efficient, end-to-end approach.

3. Method
3.1. Overview
The overview of DriveScape is shown in Fig. 1. Based
on the LDM pipeline [22], DriveScape generates street-
view videos conditioned on scene annotations, such as BEV
maps, 3D bounding boxes, ego states, and text for each
view. The unified model, described in Section 3.2, enables
high-resolution multi-view video generation without post-
refinement.

The Bi-Directional Condition Alignment module, de-
tailed in Section 3.5, ensures effective alignment between
3D road structures and temporal sparse conditions.
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Figure 1. End-to-End Multi-view Video Generation pipeline. We use learnable embedding vectors to represent different cameras and
categorize camera views as key views and neighbour views. Our training scheme guides the generation of key view videos through their
neighboring frames. Additionally, we introduce the key-frames condition along with a training and inference scheme to ensure multi-view
consistency simultaneously. Furthermore, our model does not require any post-refine process as DriveDiffusion ([16]). It is capable of
learning multi-view and temporal consistency simultaneously, resulting in high-fidelity street-view synthesis.

3.2. Unified Model

Our model leverages SVD [3] as the backbone, with each
denoising step processing a video from a single view-
point. Control conditions are injected through a unified
control module, including frame-wise images from adjacent
viewpoints, road maps, 3D bounding boxes, and the first
frame from each viewpoint. Starting with initial multi-view
frames x0

0:N−1 (N is the number of views), DriveScape pre-
dicts subsequent frames x1:T

0:N−1 (T is the number of frames)
under conditions such as BEV maps m0:T

0:N−1, 3D bound-
ing boxes b0:T0:N−1, BEV key frames, and neighboring cam-
era videos. BEV maps and 3D bounding boxes are pro-
jected into the camera’s First-Person View (FPV) and en-
coded with convolutional blocks.

As shown in Fig. 1, we use learnable embedding vec-
tors {ei} to represent different cameras. Similar to the pro-
cessing of canbus data (e.g., velocity and direction angle),
these embeddings are passed through a multilayer percep-
tron (MLP) followed by a Sigmoid Linear Unit (SiLU) ac-
tivation. This enables the embeddings to perform cross-
attention with the image latent space, allowing the unified
model to predict videos from multiple perspectives.

Embedding camera information alone cannot ensure spa-
tial and temporal consistency, as it only captures global
camera characteristics. Consistency is achieved through
model design and training. For temporal consistency, we in-
tegrate temporal attention into the latent diffusion UNet [23]

and control alignment module (Section 3.5). For multi-view
consistency, we introduce keyframe conditions and a care-
fully designed training and inference scheme.

3.3. Training Stage

Neighbor frames feature fusion. DriveScape categorizes
camera views into key and neighbor views (Fig. 2). Frames
of the same type have minimal overlap, ensuring distinct
regions. The training scheme guides key view generation
using neighbor frames. During training, neighbor and key
views are selected sequentially. For neighbor views, video
conditions from adjacent key views are input into the net-
work. Key views are generated sequentially, stored, and in-
corporated into the cross-attention mechanism with the im-
age latent space, ensuring effective guidance for neighbor
view generation.
Multi-view key-frame feature fusion. A challenge arises
from the lack of specific multi-view constraints during key-
view generation, leading to degraded performance. While
this is generally acceptable due to minimal overlapping re-
gions, long-term generation introduces interdependencies
among views. For example, during overtaking, a vehicle
initially captured by the rear camera later appears in the
front camera. To address this, we propose key-frame condi-
tions, which are the starting frames of all views, to establish
correlations within the image latent space. Combined with
temporal attention, the model learns the relationships across
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Figure 2. The DriveScape pipeline, built on the LDM framework, generates street-view videos conditioned on scene annotations, BEV
maps, and 3D bounding boxes for each view. Keyframe conditions are introduced, in collaboration with temporal and spatial self-attention
modules, to ensure consistency across spatial and temporal dimensions. Our unified model enables multi-view video generation without
the need for complex post-processing or refinement procedures. Additionally, the Bi-Directional Modulated Transformer (BiMoT) mod-
ule, consisting of two cross-attention layers with opposite directions and a temporal self-attention layer, ensures effective alignment and
integration of various 3D road structural information, enabling precise control over video generation.

all views at the initial frame and the preceding frames of
neighboring cameras.
Sparse multi-modal feature fusion. Our model supports
training with videos at various frame rates, ranging from
2Hz to 10Hz, while maintaining sample conditions at 2Hz.
A lightweight encoder is used to encode the 2Hz map and
bounding boxes (BBoxes), with condition-missing frames
padded with zeros. Additionally, an extra mask channel
is introduced to indicate the presence of conditions at each
frame, where mask values are 0 or 1. These inputs are pro-
cessed through the BiMoT module. Embeddings for uncon-
ditioned frames are learned and integrated into the condi-
tions to align with the video frame rate. This diverse frame-
rate training scheme, combined with the BiMoT module,
enhances sparse condition control capability.
Conditions dropout. To enhance robustness, key views
are trained in random order. Neighbor camera videos and
conditions are dropped with probabilities of 50% and 20%,
respectively. Unlike [16], our model requires no post-
refinement, simultaneously learning multi-view and tempo-
ral consistency to improve quality and realism.

3.4. Inference Stage

During inference, our pipeline enables efficient and consis-
tent generation of multi-view videos. Similar to the training
stage, the process consists of two patterns: key-view infer-

ence and neighbor-view inference, as shown in Fig. 2. Key-
view camera videos are generated simultaneously without
cross-view condition control, as the key-view cameras are
intentionally placed non-adjacently. For example, one cam-
era is positioned at the front, while two are at the rear—one
on the left and the other on the right. This strategic arrange-
ment ensures comprehensive coverage from multiple per-
spectives with minimal overlap.

In this configuration, neighbor-view cameras—two at
the front and one at the rear—naturally receive cross-view
conditional information from their adjacent key-view cam-
eras. This design allows neighbor-view inference to main-
tain consistency with conditions from neighboring cameras,
ensuring cross-view coherence.

Leveraging this setup, our inference pipeline excels in
parallel processing, requiring only two consecutive itera-
tions to generate multi-view videos. This approach not only
accelerates video production but also ensures cross-view
consistency and realism throughout.

3.5. Bi-Directional Modulated Transformer

To integrate multi-conditions from different modalities into
the UNet model and ensure effective articulation of each
condition, we propose the Bi-Directional Modulated Trans-
former (BiMoT) module. This module aligns features from
various modalities within the latent space, reinforces tem-
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poral coherence among the merged conditions, and injects
the aligned conditions into the network. As illustrated in
Fig. 1, the module consists of two cross-attention layers
with opposite directions and a temporal self-attention layer.
Latent to Condition Attention To address diverse con-
ditions with different modalities, we employ a latent-to-
condition cross-attention mechanism to standardize feature
representations. Pixel-level features are used as signals to
merge various condition features. Specifically, let Fcond

represent condition features and Flatent represent video la-
tent features. The output is computed as:

F
′

cond = crossattn(Fcond, Flatent), (1)

where the query is Fcond, and the key and value are Flatent.
This cross-attention operation facilitates the flow of video
latent information into the condition space, providing a uni-
fied representation for integrating all modalities.
Temporal Attention. We apply temporal self-attention to
ensure that the merged features propagate effectively along
the temporal dimension. Sparse condition information is
also incorporated into the image latent space, naturally uni-
fying all modalities into a single representation. This en-
ables temporal information from latent features to interact
with sparse conditions over time, guiding the generation
process with sparse control. This mechanism ensures con-
sistency and precise control over the temporal dimensions.
Condition to Video Attention. Similar to the latent-
to-condition cross-attention, a condition-to-video cross-
attention mechanism is applied:

F
′

latent = crossattn(Flatent, Fcond). (2)

This operation facilitates the flow of merged condition fea-
ture information into the image latents, ultimately enabling
unified control over video generation.
Coarse to Fine Condition Mixture. BiMoT is flexible in
accommodating various types of conditions, enabling easy
extension to additional inputs. We begin with maps and 3D
layouts, then introduce BEV key-frames, and finally inte-
grate neighbor camera videos. This progression allows gen-
eration control to transition from a coarse level, driven by
maps and 3D layouts, to a finer level, guided by pixel-level
details. This ensures both structural coherence and detailed
fidelity. The flexibility of BiMoT enables fine-grained lay-
out controllability with unified mono-condition and multi-
condition control.

4. Experiments
In this section, we evaluate our model through key met-
rics, outlining the experimental setup, dataset, and evalu-
ation criteria. We then analyze qualitative results and con-
duct ablation studies to validate our approach.

4.1. Experiment Details
Dataset. The training data is sourced from the real-world
driving dataset nuScenes [6], a widely used benchmark for
BEV segmentation and 3D object detection in driving sce-
narios. Following the official configuration, we use 700
street-view scenes for training and 150 for validation, tar-
geting 8 object classes and 8 road classes.
Evaluation Metrics. To evaluate the effectiveness of our
approach in delivering realism, continuity, and precise con-
trol over multiple conditions, we employ four key metrics
for comparison against existing multi-view image and video
generation methods. For realism, we use the Fréchet Incep-
tion Distance (FID) [11] to measure image quality. Tem-
poral coherence is assessed using the Fréchet Video Dis-
tance (FVD) [28], ensuring consistent and fluid motion in
the generated videos.Controllability is evaluated through
two perception-based methods: CVT [39] for BEV seg-
mentation and BEVFusion [19] for 3D object detection.
Both methods are trained on the nuScenes dataset, pro-
viding a reliable benchmark for performance evaluation.
Additionally, since our model generates videos, we fol-
low Panacea [33] and use the video-based perception model
StreamPETR [29] to evaluate the 3D object detection task.

4.2. Experiments Results
Qualitative Results. We showcase the quality and consis-
tency of our video generation results in Fig. 3. Our model
achieves notable consistency across both frames and view-
points. Specifically, vehicles are accurately positioned ac-
cording to the provided 3D layouts, and street delineations
closely match the supplied projected maps. Remarkably,
even when bounding boxes extend beyond the visible area,
our model adheres to the specified conditions and generates
the remaining objects with high fidelity.
Sparse Condition Control As shown in Fig. 5, our model
generates consistent videos in both time and space under
sparse conditions, achieving a resolution of 576 × 1024 and
a frame rate of 10 fps. To compare with related works on
sparse control [9], we implemented a sparse control model
with multi-condition fusion, as existing methods lack sup-
port for multi-condition control. A visualization comparing
the reproduced SparseCtrl [9] and our method is presented
in Fig. 4. Our method clearly demonstrates superior spa-
tial consistency. Moreover, the FID and FVD scores for the
reproduced SparseCtrl are 11.15 and 116.00, respectively,
significantly worse than those achieved by our model (8.34
and 76.39). For additional visual comparisons and details
on the multi-condition fusion SparseCtrl, please refer to the
supplementary materials and the accompanying web page.
Quantitative Results. We report quantitative metrics on
the nuScenes validation set in Table 2. Using FID and
FVD, we evaluate image and video quality, respectively.
Following MagicDrive [7] and DrivingDiffusion [16], we
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Method FID↓ FVD↓ Road mIoU ↑ Vehicle mIoU ↑ Object NDS ↑
Oracle - - 73.68 34.84 41.21
BEVGen[25] 25.54 - 50.20 (-23.48) 5.89 (-28.95) -
BEVControl [35] 24.85 - 60.80 (-12.88) 26.80 (-8.04) -
MagicDrive [7] 16.20 - 61.05 (-12.63) 27.01 (-7.83) 23.32 (-17.89)
DriveDreamer [31] 52.60 452.0 - - -
DrivingDiffusion [16] 15.83 332.0 63.20 (-10.48) 31.60 (-3.24) 33.1 (-8.11)
Drive-WM [32] 15.80 122.70 65.07 (-8.61) 27.19 (-7.65) -
Delphi [21] 15.08 113.5 - - 36.58 (-4.63)
SparseCtrl[9] 11.15 116.00 - - -
Ours 8.34 76.39 68.21 (-5.47) 30.27 (-4.57) 36.5 (-4.71)

Table 2. The comparative analysis of our method against others on the nuScenes validation dataset is detailed for each task. Our end-to-end
approach outperformed most baseline models without requiring any post-refinement process.

Figure 3. Showcases for multi-view video generation by DriveScape demonstrate frame-to-frame and viewpoint consistency. Vehicles
generated by our model are accurately positioned according to the provided 3D layouts, while the street depictions closely align with the
projected maps.

Figure 4. Results in each row are Ours, SparseCtrl, input condition
and GT respectively, which illustrate that our method has better
spatial consistency than SparseCtrl.

generate data from validation set labels and assess it with
a pre-trained perception model. The decline in Road mIoU

and Vehicle mIoU, compared to original data, measures the
effectiveness of our framework in producing perception-
friendly synthetic data.

To align with previous studies, we resized generated im-
ages to 224 × 400. We compared our FID results with
three image generation models: BEVGen [25], BEVCon-
trol [35], and MagicDrive [7]. Our method significantly out-
performed these models. Notably, video generation models
typically yield higher FID scores than image models. For
instance, Drive-WM, using only an image model, achieved
better FID than the full model, highlighting the challenges
of video generation.

For video quality, assessed via the FVD metric, our ap-
proach showed substantial improvements over recent works
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Figure 5. Showcase for sparse Condition Control.

such as DriveDreamer [31], DrivingDiffusion [16], and
Drive-WM [32]. In BEV segmentation metrics, our method
achieved superior perceptual performance, except for a
slightly lower Road mIoU compared to DrivingDiffusion,
which utilized a post-processing network for refinement.
To maintain simplicity, our end-to-end system applies no
post-processing beyond image resizing for perceptual eval-
uation. The perception models we used operate on single-
image inference, not leveraging the temporal consistency of
our generated videos. Given our significant lead in FVD,
our method holds strong potential for training video BEV
perception models.

data NDS ↑ FID ↓ FVD ↓
Oracle 46.9 - -

Panacea 32.1 (-14.8) 16.96 139
Oracle 53.7 - -
Ours 44.5 (-9.2) 8.34 76.39

Table 3. Compared with Panacea, we evaluate results on the
nuScenes validation set using the pre-trained StreamPETR model.

4.3. Ablation Studies
To refine and evaluate the efficacy of our proposed frame-
work, we conducted ablation studies, as detailed in Table 4.
Various strategies for implementing conditional guidance
were tested. Removing the entire BiMoT module resulted
in the FID increasing from 8.34 to 20.98 and the FVD ris-
ing from 76.39 to 142.81, underscoring the module’s impor-
tance for multi-condition encoding. Similarly, removing the
temporal attention layer within BiMoT caused a significant
performance drop, with FID and FVD increasing to 20.67
and 123.03, respectively, highlighting the role of temporal
modelling in BiMoT.Additionally, during testing, we sep-
arately removed the key-frame condition and the neighbor
condition. Both led to a performance decline, indicating the

importance of these conditions for facilitating information
exchange between views.

TeAttn BiMOT KF Ne FID FVD
✓ ✓ ✓ 20.98 142.81

✓ ✓ 20.67 123.03
✓ ✓ ✓ 11.60 108.80
✓ ✓ ✓ 12.18 111.36
✓ ✓ ✓ ✓ 8.34 76.39

Table 4. Ablation Study. TeAttn is temporal attention module in
BiMOT, KF is key-frame condition and Ne is neighbor condition

4.4. Visualization of Different Settings
In our visual showcases, we demonstrate the model’s profi-
ciency in manipulating video predictions for a single scene
under various control conditions. The control conditions,
sourced from frames of identical perspectives but randomly
selected from other scenes, test the decoupling of conditions
and the robustness of our method across diverse scenarios.

As shown in Fig. 7, the experiments explore the influ-
ence of different 3D layout controls. Using a single refer-
ence frame from a highway segment, we first depict vehi-
cles driving normally, then transition to vehicles traversing
grassy terrain. Remarkably, our model maintains tempo-
ral consistency even in this unconventional context. Addi-
tional experiments involve removing or adding large vehi-
cles, with results aligning closely with the specified condi-
tions, showcasing precise control.

Furthermore, as illustrated in Fig. 8, we investigate the
impact of different maps on video generation. The gener-
ated scenes align impressively with the shapes of the pro-
vided map regions, maintaining layout feature consistency
despite map changes. These experiments provide strong ev-
idence of our model’s capability to render specified control
conditions into precise and coherent visual narratives within
the generated video content.

5. Conclusions
The paper introduces DriveScape, the first end-to-end
multi-view driving video generative model. It enables con-
sistent multi-view video generation without complex post-
processing or refinement. This unified framework stream-
lines multi-view condition-guided video generation. We
also propose a Bi-Directional Modulated Transformer mod-
ule for diverse condition guidance. Our approach achieves
decoupled and precise control of dynamic foreground and
static background, delivering state-of-the-art video synthe-
sis on the nuScenes dataset. It excels in multi-view image
and video generation quality and perception applications.
In summary, our method outperforms others in generation
quality and ease of application.
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Figure 6. Showcase for maps and 3D layouts control under different conditions. (a): control by the reference maps and 3D Layouts; (b)
change 3D Layouts with more vehicles; (c) change the maps with curved pedestrian crosswalk; (d) remove all the 3D Layouts.

Figure 7. Showcases for 3D layouts control under different conditions. DriveScape can precisely control dynamic objects. (a) reference
layouts; (b) move car to the grass; (c) remove all cars; (d) add trucks to the scene.

Figure 8. Showcases for maps control under. DriveScape can precisely control static background. (a) replace the driable area with green
belts; (b) replace the driable area with green belts; (c) replace the driable area with sidewalks; (d) add island on the road.
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