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Multi-View Feature Fusion

Supplementary Material

1. Supplementary Visualization Results

As introduced in the main text, our method is the first
to achieve high-resolution, controllable multi-view driving
video generation, capable of handling sparse conditions and
dynamic frame rates. Due to space limitations in the main
text and the challenge of visually presenting high-fidelity
videos in print, we provide a web page in the supplemen-
tary materials for additional results.

2. Discussions

To provide a clearer understanding of our work, we address

some potential issues in this section.

Q1. Potential applications in autonomous driving.

* Our method can edit real videos and, with the support
of additional training data, simulate corner cases such as
traffic accidents, overtaking, lane changes, and animals
obstructing the road. On the project page, we provide
several videos in which the bounding boxes of the original
videos have been edited to simulate collisions between
other vehicles and the ego vehicle.

* Our method can be integrated with traffic flow simula-
tion methods [13, 24], where the traffic simulation gen-
erates layout sequences for various driving scenarios, and
DriveScape transforms these layout sequences into highly
realistic videos.

* Based on DriveScape and HD maps, we can construct a
closed-loop simulation environment for autonomous driv-
ing algorithms, such as UniAD [12]. Using our model,
the environment can dynamically respond to the decisions
made by the driving algorithm and generate a realistic
environment for the next moment. This enables auto-
mated testing of driving algorithms, significantly reduc-
ing the testing costs associated with autonomous driving
systems.

Q2. Limitation and future works.

e The current generation efficiency remains relatively slow;
DDIM inference with 25 steps takes approximately 20
minutes, which restricts the model’s applicability. In fu-
ture work, we aim to improve efficiency by incorporating
methods such as LCM [15] and Rectified Flow [6].

 Similar to other video generation algorithms [14, 22], the
generation quality for non-rigid objects, such as humans,
remains suboptimal. The primary reason for this limi-
tation is the relatively small size of the training dataset,
Nuscenes. To address this issue, we plan to collect addi-
tional data to enhance performance.

* Our model successfully achieves multi-task training for
image-to-video (I2V) and text-to-video (T2V) generation.
However, due to the limited scale of the dataset, the low
quality of text data, and the fact that the pre-trained model
was not originally designed for T2V tasks, the perfor-
mance of 12V is significantly superior to T2V. In future
work, we aim to further improve the T2V capabilities of
the model.

3. Related Works

3.1. Controllable generation

With the advent of diffusion models, significant progress
has been made in the field of text-to-video generation
[1,2,5,8,10, 11, 16, 21, 27]. Video LDM [4] utilizes a
latent diffusion pipeline, where the diffusion denoising pro-
cess operates on image latents, significantly accelerating the
denoising process. However, text alone cannot provide pre-
cise control over video generation. To address this limita-
tion, subsequent methods incorporated image inputs along-
side text as prompts for the denoising network to achieve
better control [26]. Our goal is to generate highly realis-
tic street videos, which represent a particularly challenging
scenario due to their complexity. These scenes involve nu-
merous elements and interactions (e.g., intricate street lay-
outs, moving vehicles, etc.), necessitating additional infor-
mation for fine-grained control. In our approach, we inte-
grate road maps, 3D bounding boxes, and BEV keyframes
to achieve precise control over video generation.

3.2. Multi-view video generation

Multi-view consistency and temporal consistency are two
critical challenges in multi-view video generation. To main-
tain multi-view consistency, MVDiffusion [ 18] proposed a
correspondence-aware attention module to align informa-
tion across multiple views. Additionally, [19] employed
epipolar geometry to regularize the consistency between
different views. MagicDrive [7] utilized camera pose,
bounding boxes, and road maps as priors, integrating an ad-
ditional cross-view attention block to enhance consistency.
However, these methods are limited to generating multi-
view images rather than videos.

3.3. Street view generation

Most street view generation models rely on 2D layouts as
input conditions, such as BEV maps, 2D bounding boxes,
and semantic segmentation. BEVGen [17] encapsulates all
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Figure 1. More examples of sparse control. We projected the 3D bounding box onto the video frames. Frames without the w/ bbox label

are unannotated frames. As shown, the generated videos align well with

the 3D bounding boxes, and the transitions during the unannotated

frames are remarkably smooth. For additional results, please refer to the project_page/index.html file included in the supplementary

materials.

semantic information within the BEV representation to ap-
proach street view generation. BEVControl [25] proposes
a two-stage method for generating multi-view urban scene
images from a BEV layout. In this approach, a controller
generates foreground and background objects, and a coordi-
nator combines them to preserve visual consistency across
different views. However, projecting 3D information into
2D inherently loses 3D geometric details, which can lead
to inconsistencies when extending these methods directly
to video generation, particularly across multiple frames. To
address this issue, we introduce 3D bounding boxes as ad-
ditional conditions to guide the generation process. Driv-
ingDiffusion [14] employs a multi-stage scheme with two
models and two stages of post-processing to first generate
frames and then extend them into videos. While effective,
these methods rely on a complex multi-stage pipeline. In

contrast, our method adopts an end-to-end pipeline that is
both efficient and effective.

4. Implementation Details

4.1. Unified Model

In this section, we present a detailed description of our uni-
fied model architecture, which comprises two main compo-
nents: the Unet-Spatial-Temporal model, as defined by the
publicly available Stable Video Diffusion [3], and an encod-
ing model designed to handle multiple conditions through
the use of BiMoT injectors.

The Unet-Spatial-Temporal Model can be divided into
two components: the spatial part and the temporal part. In
our work, we trained only the temporal part for the follow-
ing reasons. The complete Unet model was pretrained on
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Figure 2. More examples of sparse control.

sequences of 14 frames at a resolution of 576 x 1024, using
a comprehensive and diverse dataset that likely includes a
wide range of objects and contexts. Consequently, the spa-
tial part of the model has already developed a robust under-
standing of spatial feature representations across various en-
vironments and scenarios. This pretraining has endowed the
spatial component with a broad generalization capability,
allowing it to be directly applied to driving scene datasets
without the need for additional training or fine-tuning. In
contrast, the temporal part of the model requires further
training because temporal dynamics can vary significantly
across different types of video content. Driving scenes, in
particular, exhibit unique temporal patterns, such as the mo-
tion of vehicles, changes in lighting conditions over time, or
camera movement, which may not have been fully captured

during the initial pretraining phase. By training the tempo-
ral components on driving scene datasets, the model is bet-
ter equipped to learn the specific temporal dependencies and
dynamics of these scenarios. This additional training is cru-
cial for generating coherent and realistic video sequences
over time, ensuring fidelity to the unique characteristics of
driving scenes.

The Encoding Architecture for handling multiple condi-
tional inputs is structured with separate encoding heads and
BiMoT injectors. Each encoding head consists of a Max-
Pooling2D layer with a stride of 2, followed by two convo-
lutional layers of size 3 x 3 with a stride of 1, integrated
with residual connections. The number of channels within
these encoding heads is designed to match that of the Unet-
Spatial-Temporal model, with a notable exception for the



Method Real Generated mAP{T mAOE] mAVE] NDS1
Panacea v - 345 59.4 29.1 46.9

Panacea - v 22.5 72.7 46.9 36.1
Panacea v v 37.1 54.2 27.3 49.2
DriveScape - v 415 49.1 27.4 51.8
DriveScape v/ v 42.8 45.5 27.1 53.2

Table 1. Comparison involving data augmentation using synthetic
data with Panacea. We attempt training exclusively using synthetic
data and also explore integrating it with real data.

encoders processing Maps and 3D layouts. For these en-
coders, the channel count is deliberately halved. This de-
sign ensures that when features from the Maps and 3D lay-
out encoders are concatenated, the resulting channel count
aligns with other encoders, thereby enabling uniform in-
jection of conditional features through the BiMoT injec-
tors. The rationale for concatenating Maps and 3D lay-
out features and injecting them simultaneously lies in their
shared purpose: both provide structural information about
the scene, forming a foundation for spatial composition in
the generative process. In contrast, other conditional inputs
typically convey detailed, dynamic content. These inputs
are injected separately into the Unet to ensure they maintain
their distinct influence on the generated output, preserving
the integrity of their unique guidance.

4.2. Training Details

In training our comprehensive end-to-end model, which in-
tegrates a variety of conditions such as the reference cam-
era position (camera_id), neighboring camera videos, and
more, we have adopted several strategies to enhance train-
ing efficiency and boost overall model performance.

Firstly, we employ randomized conditioning throughout the
training process. Specifically, there is a 50% probabil-
ity of dropping the neighboring camera videos and a 20%
probability of dropping the maps, 3D layouts, and BEV
keyframes. This approach trains the network to develop
multi-task generative capabilities, mitigating over-reliance
on any specific set of conditional inputs.

Secondly, we implemented a specialized training pattern
to handle samples captured from different camera perspec-
tives. Each training batch is constructed with six consec-
utive samples, captured from different camera positions at
the same time. These samples are arranged in a localized
random order during the continuous training process. This
strategy ensures diverse representations of visual angles and
enhances the model’s ability to learn from multi-view data.
By doing so, the model gains a deeper understanding of
temporal consistency and the 3D structure of scenes, lead-
ing to improved performance in multi-view video genera-
tion.

4.3. SparseCtrl Implement Details

To compare with existing works on sparse conditional con-
trol, we adapted SparseCtrl [9] in our setting to support
multi-condition control. The original implementation of
SparseCtrl is based on AnimateDiff, a 2D text-to-image
(T2I) model with motion modules. To fairly compare the
control ability of SparseCtrl with our control module, we
re-implement SparseCtrl using the SVD framework. Fig-
ure 3 illustrates the detailed pipeline. Our implementa-
tion incorporates two main principles of SparseCtrl: the
Spatial-Temporal Sparse Condition Encoder and the con-
cept of ’zero-initialized layers.” We adopt the SVD encoder
as the Condition Encoder. Following the original SparseCtrl
implementation, different conditions are channel-wise con-
catenated after being processed through the VAE encoder
and are then fed into the Condition Encoder. Each hid-
den state is added to the corresponding feature maps of the
backbone encoder via a zero-initialized layer. In our train-
ing setup, we freeze the spatial blocks of the backbone and
train all other blocks to optimize performance.

5. Additional Experiments

Following Panacea [23], we also utilize generated data to
assist in training the perception model StreamPETR [20].
Specifically, we use the layouts from the training set to gen-
erate 10,000 short videos, each consisting of 8 frames. We
pre-train StreamPETR (R50) with these generated videos
and subsequently fine-tune it using real data. As shown in
Tab. 1, the results demonstrate that our model achieves su-
perior performance in both the pre-training and fine-tuning
stages.
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Figure 3. Pipeline of our implementation of SparseCtrl
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