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Figure 1. StreetCrafter is a novel controllable video diffusion model, which enables precise pose controllability for novel view synthesis in
street scenes, using calibrated images and LiDAR as input. StreetCrafter can also serve as data prior to improve the scene reconstruction
quality and support scene editing operations without per-scene optimization, such as object removal and replacement.

Abstract

This paper aims to tackle the problem of photorealistic view
synthesis from vehicle sensor data. Recent advancements
in neural scene representation have achieved notable suc-
cess in rendering high-quality autonomous driving scenes,
but the performance significantly degrades as the viewpoint
deviates from the training trajectory. To mitigate this prob-
lem, we introduce StreetCrafter, a novel controllable video
diffusion model that utilizes LiDAR point cloud renderings
as pixel-level conditions, which fully exploits the genera-
tive prior for novel view synthesis, while preserving pre-
cise camera control. Moreover, the utilization of pixel-level
LiDAR conditions allows us to make accurate pixel-level
edits to target scenes. In addition, the generative prior of
StreetCrafter can be effectively incorporated into dynamic
scene representations to achieve real-time rendering. Ex-
periments on Waymo Open Dataset and PandaSet demon-
strate that our model enables flexible control over viewpoint
changes, enlarging the view synthesis regions for satisfying
rendering, which outperforms existing methods. The code
is available at https://zju3dv.github.io/street crafter.

∗Equal contribution. †Corresponding author.

1. Introduction

Modeling dynamic street scenes is a crucial step in devel-
oping autonomous driving simulators. Models capable of
generating high-quality views can enable closed-loop eval-
uations of autonomous systems and create corner-case data
at a low cost. The primary challenge is to achieve real-time
and high-quality view synthesis across diverse trajectories
using vehicle RGB and LiDAR data of a single trajectory.

Recent methods [26, 39] have achieved great success in
novel view synthesis for static scene reconstruction, provid-
ing valuable insights for dynamic street modeling. Based on
this, recent works [71, 82] extend 3DGS [26] to dynamic
street scenes by modeling moving vehicles through a scene
graph. While these methods enable high-quality, real-time
view synthesis, significant artifacts appear in viewpoints
that are far from the training trajectory, as shown in Fig-
ure 1. This issue arises from the insufficient observation in
the training input for these regions and the limited ability of
view extrapolation for reconstruction-based methods.

Meanwhile, video diffusion models [2, 12] have demon-
strated the ability to generate photorealistic views for novel
camera trajectories from just a few input images, leveraging
training on large-scale video datasets. However, these mod-
els typically rely on text prompts as control signals, which
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are high-level instructions and lack fine-grained controlla-
bility, thereby hindering their application in autonomous
driving simulation.

In this paper, we propose StreetCrafter, a novel control-
lable video diffusion model, which enables precise control
over novel view synthesis in street scenes. Our key obser-
vation is that point cloud rendering from LiDAR sensors
provides precise geometric information, which despite be-
ing incomplete and noisy, can serve as a precise camera
pose representation. To utilize this representation, we in-
corporate the point cloud rendering as a condition for video
diffusion models. Specifically, we aggregate the colorized
LiDAR from adjacent frames to form a global point cloud
in world space, which is then rendered to RGB images
based on the given camera pose input, serving as a pixel-
level pose condition in image space. Thanks to the pixel-
level condition, we empirically find that even training only
on the sequences of single-lane driving data enables high-
quality view synthesis across multiple lanes during test-
ing by changing the conditions based on novel view input.
Moreover, the proposed pixel-level condition can be uti-
lized to enable scene editing operations without per-scene
optimization, simply by manipulating the LiDAR points as
shown in Figure 1.

However, StreetCrafter faces the challenges of high ren-
dering latency, particularly 0.2fps for a 576 × 1024 frame.
This motivates us to further distill StreetCrafter into a dy-
namic 3DGS [26, 71] representation, enabling it to perform
real-time high-quality view synthesis under large viewpoint
changes. Specifically, we apply StreetCrafter to generate
a series of images along the novel trajectory. These gen-
erated images can serve as extra supervision for the scene
representation beyond the original training trajectory inputs.
This distillation process further combines the advantages of
3D scene representation and video diffusion model, achiev-
ing state-of-the-art performance in rendering results.

We evaluate our method on Waymo Open Dataset [50]
and PandaSet [67]. The experimental results show that our
method outperforms the state-of-the-art methods in terms
of image quality, particularly for view extrapolation, while
maintaining the ability of real-time rendering. Our method
also enables various scene editing operations without the
need for per-scene optimization, such as object removal, re-
placement and translation.

Overall, this work makes the following contributions:

• We propose a novel controllable video diffusion model,
StreetCrafter, which provides precise camera control for
novel view synthesis of street scenes.

• We demonstrate that StreetCrafter can be efficiently dis-
tilled into a dynamic 3D scene representation, achieving
state-of-the-art performance in street view synthesis.

2. Related Work

Video Diffusion Models VDM [20] is the first video dif-
fusion model that applies a diffusion model with a space-
time factorized U-Net to a video generation task. Imagen-
Video [19] proposes cascaded diffusion models to achieve
higher resolution. [3, 15, 59, 62, 81] demonstrate learning
VDM in the latent space, enabling high-resolution video
generation at low computational cost. [10, 12, 61] learn
specific elements and policies from street-view video data,
enabling it to generate realistic street-view videos.

To better support downstream applications such as re-
construction, some works have proposed camera-controlled
video generation methods. [21, 68, 74] propose training-
free methods that control the denoising process of an ex-
isting diffusion model to achieve controllable video gener-
ation. While these methods do not require training or fine-
tuning the diffusion model, their performance is limited due
to ambiguity during generation. Some recent works fine-
tune the video diffusion model with additional camera pa-
rameters as additional input. [28, 38, 58] generate novel
views for object-centric scene. Some methods achieve cam-
era control by injecting camera parameters into the video
diffusion model [1, 24, 57, 63, 64, 70] based on the archi-
tecture of U-Net or transformer [44]. Another line of works
use geometry foundation models [32, 60] to build explicit
representation such as point cloud as guidance to the video
diffusion model [33, 40, 75]. However, they mainly handle
static scenes, while our method leverages the more accurate
LiDAR prior to control complex driving scenes.

Street Scene Representation NeRF [39] and 3DGS [26]
have become the leading approaches for modeling au-
tonomous driving scenes. Block-NeRF [53] uses a block-
based modeling approach to represent large-scale street
scenes. Considering that street scenes typically include
moving elements such as vehicles and pedestrians, [5, 56,
72] encode time as an additional input to build 4D repre-
sentation. [7, 8, 22, 42, 54, 55, 66, 69, 71, 73, 82] decom-
pose the scene into moving objects and static backgrounds,
which are reconstructed separately and combined in world
space by tracking the moving objects at each time step.

There have been works that try to utilize the LiDAR in-
put [4, 30, 37, 43, 51, 52, 79] to enhance the model’s capa-
bility of capturing scene geometry and generalizing to novel
viewpoints. However, they mainly deal with static scenes
only using supervision from the input trajectory, while our
model combines the LiDAR with generative prior to gener-
ate guidance on novel trajectories for dynamic urban scenes.

Reconstruction with Diffusion Prior [31, 45] use SDS for
lifting 2D generation to 3D, achieving text-based 3D gener-
ation. [29, 34, 36] generate multi-view predictions based
on a single-view image input using diffusion model, and
then use multi-view reconstruction methods to obtain the
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Figure 2. Overview of StreetCrafter. (a) We process the LiDAR using calibrated images and object tracklets to obtain a colorized point
cloud, which can be rendered to image space as pixel-level conditions. (b) Given observed images and reference image embedding cref,
we optimize the video diffusion model conditioned on the LiDAR renderings to perform controllable video generation. (c) Starting from
the rendered images and LiDAR conditions under novel trajectory, we use the pretrained controllable video diffusion model to guide the
optimization of the dynamic 3DGS representation by generating novel views as extra supervision signals.

reconstructed 3D model. [11, 65] further extend the diffu-
sion prior to scene level. Some works have utilized video
diffusion models to generate novel views with improved
multi-view consistency compared to image diffusion mod-
els. [33, 75] employ DUSt3R [60] to build a coarse ge-
ometry structure from sparse viewpoints, which serves as a
guide for the video diffusion model, allowing it to produce
additional inputs for reconstructing the static scene. [6, 35]
use the degraded rendering results as condition to perform
sparse view synthesis with video diffusion models. Recent
works [9, 13, 23, 76, 80] enhance street scene reconstruc-
tion quality by incorporating diffusion prior to generate ad-
ditional views, similar to our methods. However, their dif-
fusion models lack precise camera control, which limits the
accuracy and visual quality of their reconstruction.

3. Method
Given a recorded autonomous driving scene with calibrated
images, LiDAR point clouds, and corresponding object
tracklets, our goal is to develop a model capable of synthe-
sizing photorealistic images for novel views. We first give a
brief introduction to video diffusion models and 3D Gaus-
sian Splatting in Section 3.1. Then, we introduce our con-
trollable video diffusion model StreetCrafter in Section 3.2.
Finally, Section 3.3 discusses how to distill StreetCrafter
into a 3D representation for real-time rendering.

3.1. Preliminaries

Video Diffusion Models. Diffusion models [18, 49] have
become a frontline methodology for video generation in re-
cent years. These models learn the underlying data distri-
bution by a forward process and a reverse process. In the
forward diffusion process, Gaussian noise ϵ ∼ N (0, 1) is

incrementally added to the initial latent x0 ∼ p(x), result-
ing in the noisy latent xt:

xt =
√
ᾱtx0 +

√
1− ᾱtϵ, (1)

where t ∈ {1, . . . , T} is the diffusion timestep and ᾱt ∈
(0, 1] is the noise scheduling parameter. In the reverse dif-
fusion process, the model learns to iteratively denoise the
latent to clean data with a trained network Fθ(xt−1|xt).
We build our model based on Vista [12], which is a driv-
ing world model finetuned from Stable Video Diffusion
(SVD) [2] following the continuous-timestep formula [25].
Given conditional input image c, the network Fθ is opti-
mized by the loss function:

L = Ex0,ϵ,c,t

[
∥x0 −Fθ(xt, t, c)∥22

]
. (2)

3D Gaussian Splatting. 3DGS [26] represents the scene
using a set of anisotropic Gaussian defined in the 3D world.
Each Gaussian G is assigned with opacity o ∈ R, spherical
harmonics (SH) coefficient z ∈ Rk, position vector µ ∈
R3, rotation quaternion q ∈ R4 and scale factor s ∈ R3.
The Gaussian kernel distribution is formulated as:

G(x) = exp(−1

2
(x− µ)⊤Σ−1(x− µ)), (3)

where Σ = RSSTRT , S is the scaling matrix determined
by s and R is the rotation matrix determined by q. Given
camera extrinsic W and intrinsic K, 2D covariance matrix
Σ∗ in screen space is computed as [83]:

Σ∗ = JWΣWTJT . (4)
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The color C of each pixel is rendered by alpha compositing
the view-dependent color c in depth order:

C =
∑
i∈N

ciαi

i−1∏
j=1

(1− αj). (5)

3.2. Controllable Video Generation

In this section, we seek to build a diffusion model that
takes a reference image Iref and a set of camera trajecto-
ries {Ci}Ki=1 to generate the same number of video frames.
Previous methods [14, 63] typically rely on camera poses
as control signals, which are insufficient for street scenes
with complex backgrounds and multiple moving objects. To
tackle this problem, we propose a novel controllable video
diffusion model StreetCrafter , which leverages the LiDAR
input to provide precise control over viewpoint change dur-
ing the diffusion denoising process.

Building LiDAR condition. Considering a driving scene
with N recorded frames, we first project the LiDAR point
cloud onto the calibrated image plane and colorize it by
querying the pixel value. Then we utilize the object track-
lets to separate the object point cloud from the background,
resulting in the background point cloud {Pb

i}Ni=1 and object
point cloud {Po

i }Ni=1, which are defined in the canonical
bounding box coordinate system for each dynamic instance
o. Given the input camera pose Ci at frame ti, we aggre-
gate the LiDAR points within a temporal window of size
l to form a unified point cloud P in the world coordinate
system. The object point cloud is warped into the world
coordinate system using the object pose Tti

o .
Since there still exist numerous missing and occluded re-

gions when treating each point cloud as a pixel in the cam-
era screen, we assign a fixed radius to each LiDAR point in
NDC space and perform point rasterization under the cam-
era pose Ci instead of directly projecting P onto the image
plane, yielding the LiDAR condition image Ici as shown in
Figure 2. In this way, we establish a connection between
the novel camera trajectories and input calibrated images
in a pixel-wise manner by utilizing LiDAR as coarse scene
geometry. In comparison with conditional signals, such as
camera pose embedding, the LiDAR condition image could
provide much stronger guidance as the network only needs
to recover clean images from noisy input conditions rather
than learning the complicated process of converting camera
parameters into video frames.

Training and inference. To train the model with input
images {Ii}Ki=1 and camera trajectory {Ci}Ki=1, we choose
the first frame I0 as reference image Iref and obtain the cor-
responding LiDAR conditions {Ici}Ki=1, as shown in Fig-
ure 2. The inputs and LiDAR conditions are further encoded

into latent space as {zi}Ki=1 and {zci}Ki=1 with a pre-trained
VAE encoder. We then inject zci into the first layer of the
U-Net architecture by adding a trainable zero convolutional
layer [77] Θz to Fθ and perform element-wise addition:

ẑi,t = zi,t + Z(zci ; Θz), (6)

where Z(· ; Θz) indicates the zero convolutional layer and
zi,t is the noisy latent from zi and diffusion timestep t using
Eq. 1. We find that this minor modification could provide
sufficient guidance without introducing additional compu-
tation costs. The video denoising U-Net Fθ is optimized by
minimizing the following loss objective:

L = Ezi,ϵ,cref,,cp,t

[
∥zi −Fθ(ẑi,t, t, cref, cp)∥22

]
, (7)

where cref and cp refer to the reference image CLIP embed-
ding [46] and LiDAR conditions respectively.

During inference with novel camera trajectory {Ĉi}Ki=1

as input, we select the input camera closest to Ĉ1 as ref-
erence image Iref and render the novel view LiDAR con-
ditions denoted as {Îci}Ki=1. Starting from sampled noise
ϵ ∼ N (0, I), we iteratively denoise the noisy latent ẑi with
the trained denoising network Fθ conditioned on {Îci}Ki=1

and Iref into clean latents, which is further decoded into
novel view images {Îi}Ki=1 with a pre-trained VAE decoder.

3.3. Crafting Dynamic 3D Scenes

In this section, our goal is to distill the generative prior of
the controllable video diffusion model into a more consis-
tent 3DGS [26] representation for real-time rendering. The
main drawback of 3DGS is that it cannot generalize well to
novel viewpoints away from input cameras, which is a com-
mon problem for reconstruction-based methods. To address
this issue, we propose a novel framework that leverages our
video diffusion model to apply constraints to 3DGS along
novel trajectories during optimization.

Scene representation. To model dynamic urban scenes
with 3DGS, we follow existing approaches [7, 71] and use a
distinct set of Gaussian parameters to model the background
and each foreground moving object. The object Gaussians
Gv is defined in the canonical coordinate system determined
by the object tracklets. Given the SE(3) pose T t

v = (Rt
v, t

t
v)

at timestamp t, Gv can be mapped into the world coordinate
system for global rendering as:

µ̂v = Rt
vµv + ttv, R̂v = Rt

vRv, (8)

where µv,Rv and µ̂v, R̂v denotes the position and rota-
tion of Gv in local and world coordinate system, respec-
tively. The distant region of the scene is modeled by a high-
resolution cubemap, which is combined with the rendered
color CG from Eq. 5 using rendered opacity OG .
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Novel view generation. To better align the generated
video frames from the diffusion model with the 3DGS
scene representation, we generate samples from the noisy
rendered latent instead of pure noise inspired by previous
works [45, 65]. We find this can help maintain the over-
all scene structure and accelerate the training process due
to fewer denoising steps. To be specific, we render im-
ages {Iri }Ki=1 from novel views {Ĉi}Ki=1, which are en-
coded and perturbed to noisy latents {zri,t}Ki=1 given diffu-
sion timestep t derived from noise scale s. Then we gener-
ate samples from the denoising U-Net by running the DDIM
sampling [48]. The samples are further decoded to novel
view images {Îi}Ki=1 for supervision. Based on the follow-
ing generation process, we employ a progressive optimiza-
tion strategy by gradually reducing the noise scale s. This
helps the model learn to remove artifacts by relying more on
the diffusion prior in the early training stage and progres-
sively focusing on refining details as the training advances.

Loss function. We construct our training set by combin-
ing input views with novel views generated by the video
diffusion model. In each training iteration, we randomly
sample a camera C with the ratio of selecting a novel view
camera set to p. The Gaussian scene representation G is
optimized using the following loss function:

Linput = λ1L1+λssimLssim + λlpipsLlpips + Lg,

Lnovel = λnovelLlpips,
(9)

where L1, Lssim, and Llpips denote the L1, SSIM, and LPIPS
losses, respectively. we select either Linput or Lnovel as the
loss function depending on whether C is a novel view. In
comparison with the original loss function of 3DGS, we ad-
ditionally introduce the LPIPS [78] loss between the ren-
dered and generated image of novel view as it emphasizes
high-level semantic similarity rather than photometric con-
sistency. We also add an extra loss Lg for all input views,
which includes LiDAR depth loss Ldepth, sky mask loss Lsky
and moving objects regularization loss Lreg to further en-
hance the scene geometry. Please refer to the supplemen-
tary material for more details on each loss term.

4. Implementation Details
We initialize StreetCrafter from the pretrained checkpoint
of Vista [12]. We first train all the parameters of the video
denoising U-Net at the resolution of 320 × 576 with batch
size of 16 and learning rate of 5e−5 for 30000 iterations.
Then we fix the temporal layers and finetune the spatial lay-
ers of U-Net at the resolution of 576 × 1024 with batch size
of 8 and learning rate of 1e−5 for another 3000 iterations.
During training, we randomly drop the reference image and
LiDAR conditions with a probability of 15% independently.
It takes 2 days to train the model on 8 NVIDIA A800 80GB

GPUs using Adam [27] optimizer. During inference, we set
the sampling steps to 50 and classifier-free guidance (CFG)
[17] scale to 2.5 and generate videos of length n = 25 at
the resolution of 576 × 1024. For novel trajectories longer
than n, we iteratively sample n-length video frames with an
overlapping frame length of 5 to construct the full-length
video. The temporal window size l is set to cover the Li-
DAR point cloud from adjacent ±1s frames.

During the distillation process from StreetCrafter to
3DGS, we follow the setting of Street Gaussians [71] and
train the model for 30000 iterations. The novel trajectory is
built by shifting the input cameras lateral to the heading di-
rection of the ego vehicle for 3 meters across the sequence
and we sample the novel view cameras with the ratio p set
to 0.4. The coefficients λ1, λssim, λlpips and λnovel are set to
0.2, 0.8, 0.5 and 0.1, respectively. The training takes about
1.5 hours on one A800 GPU.

5. Experiments

5.1. Experiments Setup

We evaluate the performance of StreetCrafter and the
crafted dynamic 3DGS representation which we refer to as
Ours-V and Ours-G respectively on the task of novel view
synthesis. For Ours-V, we crop and resize the input image
to 576 × 1024 to match the output resolution of video dif-
fusion model during evaluation.

Datasets. We conduct experiments on Waymo Open
Dataset [50] and PandaSet [67], using their 10Hz front cam-
era and synchronized LiDAR. We select 15 sequences of ap-
proximately 100 frames from the validation set of Waymo
and 5 sequences of 80 frames from PandaSet to test the
novel view synthesis results. We uniformly sample half of
the images in each sequence as the testing frames and use
the remaining for training. Input image resolution is set to
1066 × 1600 and 900 × 1600 for Waymo and PandaSet,
respectively. The training set of Waymo and the remaining
PandaSet sequences are used to train StreetCrafter, resulting
in a total of approximately 35,000 training samples. More
details can be found in the supplementary.

Baselines. We compare our method with 3DGS [26], Street
Gaussians [71], EmerNeRF [72], UniSim [73] and Neu-
RAD [55]. Street Gaussians [71] models the background
and each moving object using separate Gaussian models.
EmerNeRF [72] stratifies scenes into static and dynamic
fields, each modeled with a hash grid [41]. UniSim [73] and
NeuRAD [55] utilize neural feature grids to model dynamic
driving scenes with CNN renderer to enhance the ability
of view extrapolation. We enhance 3DGS by incorporating
LiDAR depth supervision and LiDAR point cloud initializa-
tion. For the rest of the methods, we evaluated the results
based on their official implementations.
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Input view EmerNeRF Street Gaussian Ours-G Ours-V

Figure 3. Qualitative comparisons on the Waymo [50] dataset. The camera is laterally shifted for 3 meters to left or right. Input view
refers to the closest training camera. Ours-G denotes the dynamic 3DGS distilled from StreetCrafter and Ours-V denotes StreetCrafter.

Input view Street Gaussian NeuRAD Ours-G Ours-V

Figure 4. Qualitative comparisons on the PandaSet [67] dataset. The camera is laterally shifted for 3 meters to left or right.

Methods Interpolation Lane Shift FPS
PSNR↑ LPIPS↓ FID↓ @ 2m FID↓ @ 3m

Ours-V 27.19 0.087 62.43 73.49 0.16

3DGS [26] 28.85 0.148 100.50 122.52 213.37
EmerNeRF [72] 26.09 0.199 89.98 110.78 0.20

Street Gaussians [71] 30.95 0.130 71.42 93.38 92.16
Ours-G 30.05 0.054 58.17 71.40 113.16

Table 1. Quantitative results on the Waymo [50] dataset. The
rendering image resolution is 1066 × 1600. Ours-G denotes the
dynamic 3DGS distilled from StreetCrafter and Ours-V denotes
StreetCrafter tested under the resolution of 576 × 1024.

5.2. Comparisons Results

Tables 1, 2 present the comparison results of our method
with baseline methods [26, 55, 71–73] in terms of render-

Methods Interpolation Lane Shift FPS
PSNR↑ LPIPS↓ FID↓ @ 2m FID↓ @ 3m

Ours-V 26.10 0.090 69.68 81.99 0.19

3DGS [26] 26.11 0.135 127.74 143.94 86.98
UniSim [73] 25.62 0.121 75.26 92.65 6.43

NeuRAD [55] 27.00 0.098 64.65 86.44 6.01
Street Gaussians [71] 27.54 0.109 69.87 90.41 88.47

Ours-G 26.68 0.062 62.15 78.88 80.56

Table 2. Quantitative results on the Pandaset [67] dataset. The
rendering image resolution is 900 × 1600.

ing quality and rendering speed. We assess the rendering
quality under the setting of view interpolation and extrapo-
lation. We adopt PSNR and LPIPS [78] as evaluation met-
rics for view interpolation and report FID [16] under the
setting of lane shift for view extrapolation since no ground
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Reference image Ours Single frame Ground TruthPlücker embedding

Figure 5. Visual ablation results on the design choice of StreetCrafter. The results indicate that our LiDAR condition can provide more
accurate control for street view synthesis even when the viewpoint deviates greatly from the reference image.

truth image is available. Our method achieves state-of-the-
art performance in extrapolation scenarios while maintain-
ing comparable results for interpolation.

Figures 3, 4 display the qualitative differences. Baseline
methods tend to generate blurry results with artifacts, par-
ticularly in challenging and under-observed regions such as
lanes and moving vehicles, while both Ours-G and Ours-V
can both generate high-fidelity novel views, thanks to the
LiDAR conditions, diffusion prior, and distillation process.
Moreover, Ours-G can achieve rendering speed similar to
Street Gaussians [71] but demonstrates superior large-view
generalization capability as shown in the FID metric.

5.3. Ablation Studies

We first analyze the design choice of StreetCrafter presented
in Section 3.2 with several variants on two types of settings
from the validation set of Waymo [50] dataset as shown in
Table 3. For the random set, we randomly select 40 video
clips from 10 uniformly sampled Waymo sequences. We
further specifically choose 10 video clips from which in-
clude complex behaviors such as turnings and lane changes
to form the hard set. All the videos have a frame length
of 25 with the first frame selected as the reference image
and all the variants are trained under the same setting as our
model. Finally, we ablate on several optimization strategies
during the distillation process presented in Section 3.3.

Our model with camera pose condition. We compare
StreetCrafter with two variants conditioned on camera pose
as shown in Rows 1-2 of Table 3. We first replace the Li-

Methods Random set Hard set

PSNR ↑ LPIPS ↓ FID ↓ PSNR ↑ LPIPS ↓ FID ↓
(1) Plücker embedding 22.88 0.233 92.75 17.59 0.421 149.35
(2) Pose + 3D box 24.54 0.201 90.36 18.81 0.395 159.86
(3) Single frame LiDAR 25.57 0.156 73.25 20.62 0.272 106.01
(4) Projected LiDAR 26.15 0.135 66.29 21.57 0.246 100.51
(5) Ours 27.00 0.121 55.53 22.23 0.218 77.03

Table 3. Ablation study on the design choice of StreetCrafter.
Metrics are averaged over all sampled video clips and our com-
plete model achieves the best performance.

DAR condition with Plücker embeddings [47] of camera
rays as the pose representation. Although ray embedding
serves as a pixel-level condition, it fails to build relation-
ships between the camera pose and the scene geometry. As
shown in Figure 5, the model lacks precise control and re-
sults in blurriness as the viewpoint diverges from the refer-
ence image. We then treat the camera parameter as a vector
and inject it into the temporal attention layer of the denois-
ing U-Net [63]. To better model object motions, we replace
our LiDAR condition with projected object 3D bounding
box similar to recent world models [61, 80]. As shown in
Table 3, the experimental results indicate that it lacks con-
trollability due to the complexity of the driving scene.

The influence of rendering aggregated LiDAR. We com-
pare StreetCrafter with two variants conditioned on LiDAR
shown in Rows 3-4 of Table 3. We first change the aggre-
gated LiDAR point cloud to single-frame LiDAR input. As
shown in Figure 5, the generated video lacks fidelity in rep-
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Input view Ours w/o LPIPS Ours w/o novel weight Ours Ours w/o noise scale

Figure 6. Visual ablation results on the distillation of StreetCrafter. The camera is laterally shifted for 3 meters to the left. Our
framework refines the texture details of nearby regions while maintaining the 3D structure in areas without LiDAR conditions.

Methods Interpolation Lane Shift

PSNR↑ LPIPS↓ FID↓ @ 2m FID↓ @ 3m

(1) Ours w/o LPIPS loss 30.80 0.108 69.16 79.63
(2) Ours w/o novel weight 29.38 0.054 71.97 82.11
(3) Ours w/o noise scale 30.86 0.044 65.80 77.59
(4) Ours 30.88 0.043 64.70 73.45

Table 4. Ablation study on the distillation of StreetCrafter.
Metrics are averaged over the selected sequences and our complete
model achieves the best performance.

resenting scene texture details, such as the icons on the road
since the single-frame LiDAR is extremely sparse even ren-
dered with radius in screen space. We then create another
variant that directly projects the aggregated LiDAR point
cloud without assigning each point a fixed radius in the im-
age screen space. The results in Table 3 indicate that our
model performs better since the projected point cloud has
difficulty handling occlusion relationships .

Analysis of the distillation process. We carry out ablation
studies on two sequences from the Waymo [50] dataset to
analyze our StreetCrafter distillation framework in Table 4
and Figure 6. (1) We set λlpips to 0 and change Lnovel to L1
loss. The result in Figure 6 indicates that LPIPS loss helps
recover sharp details under a novel viewpoint. (2) We re-
move the novel weight by setting λnovel as 1.0. There is a
significant drop in all the metrics and many artifacts appear
on the moving object as shown in Figure 6, which highlights
the importance of treating input views and novel views in-
dependently. (3) We set the noise scale s to 1 throughout the
training so that the model always starts from a pure noise.
Artifacts appear in areas where LiDAR conditions are lack-
ing, such as the road signs on traffic lights.

5.4. Scene Editing

StreetCrafter supports various editing operations for mov-
ing objects. We can achieve object translation (Figure 7
(a)), replacement (Figure 7 (b)) and removal (Figure 7 (c))
by adjusting the attributes of the object bounding boxes dur-
ing multi-frame point cloud aggregation to provide modi-
fied LiDAR conditions for the video diffusion model. In
contrast to previous reconstruction methods [55, 71, 73],
which model each object separately, StreetCrafter can per-
form editing operations without per-scene optimization.
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Figure 7. Editing results on the Waymo [50] dataset.
StreetCrafter supports various editing operations, including trans-
lation, replacement, and removal. Images in the right and left
columns represent the results before and after editing, respectively.

6. Conclusion

This paper introduced StreetCrafter, a controllable video
diffusion model for street view synthesis. The key in-
sight is to leverage sparse yet geometrically accurate Li-
DAR to provide pixel-level conditions for precise camera
control, enabling the model to generate consistent video
frames aligned with the camera inputs. By further distilling
StreetCrafter into a 3DGS [26] model, we enable real-time
view synthesis in challenging scenarios, such as lane shift.
Moreover, scene editing is possible by providing modified
LiDAR conditions to the video diffusion model. Detailed
ablation and comparisons are conducted on several datasets,
demonstrating the effectiveness of the proposed methods.

This work also has some known limitations. First, col-
lecting the necessary LiDAR data and object tracklets for
training StreetCrafter is costly due to the extensive data
collection and processing requirements. Second, the infer-
ence speed of StreetCrafter remains significantly short of
real-time due to the architecture of video denoising U-Net.
Future work could consider employing a more advanced
model for real-time inference.
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