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Figure 1. InfiniCube. Our model generates large-scale dynamic 3D driving scenes given the HD map, 3D bounding boxes and text
controls. Here we show a generated large-scale driving scene spanning ∼100 000 m2 in 3D Gaussians.

Abstract

We present InfiniCube, a scalable and controllable method
to generate unbounded and dynamic 3D driving scenes with
high fidelity. Previous methods for scene generation are
constrained either by their applicability to indoor scenes or
by their lack of controllability. In contrast, we take advan-
tage of recent advances in 3D and video generative mod-
els to achieve large dynamic scene generation with flexible
controls like HD maps, vehicle bounding boxes, and text de-
scriptions. First, we construct a map-conditioned 3D voxel
generative model to unleash its power for unbounded voxel
world generation. Then, we re-purpose a video model and
ground it on the voxel world through a set of pixel-aligned
guidance buffers, synthesizing a consistent appearance on
long-video generation for large-scale scenes. Finally, we
propose a fast feed-forward approach that employs both
voxel and pixel branches to lift videos to dynamic 3D Gaus-
sians with controllable objects. Our method generates real-

* Equal Contribution.

istic and dynamic 3D driving scenes, and extensive experi-
ments validate the effectiveness of our model design.

1. Introduction

Generating simulatable and controllable 3D scenes is an es-
sential task for a wide spectrum of applications, including
mixed reality, robotics, and the training and testing of au-
tonomous vehicles (AV) [26, 34]. In particular, the require-
ments of AV applications have introduced new challenges
for 3D generative models in driving scenarios, posing the
following key desiderata: (1) fidelity and consistency, to
ensure that the generated scenes support photo-realistic ren-
dering while preserving consistent appearance and geome-
try at large scales; and (2) controllability, to enables users to
effortlessly specify scene layouts, appearances, and ego-car
behaviors, facilitating the creation of diverse scenes tailored
to their specific needs; and (3) Representation in 3D, to sup-
port reliable physics simulation like collision detection and
LiDAR simulation.

The investigation into large-scale 3D driving scene gen-
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eration that satisfies the above criteria has been an active
research area. One type of approaches focuses on the direct
learning of 3D priors. After encoding the 3D scene structure
into either sparse voxels [35, 43] or neural fields [30], pow-
erful generative models (e.g. diffusion models [24]) are em-
ployed to model these encodings. While these approaches
can generate valid 3D structures, they often fail to capture
detailed appearance information and show low fidelity in
rendering.

Alternatively, the recent development of video genera-
tive models [4, 6] has shown promising results in generat-
ing rich and high-fidelity visual details by pretraining on
massive video datasets. Finetuning these models on driving
datasets with additional conditions, such as High-Definition
(HD) maps or bounding boxes, has demonstrated the capa-
bility of generating realistic videos [17, 19, 25]. However,
there are two main problems with these methods: First, the
generated videos often lack 3D consistency and are not rep-
resented in true 3D formats, which limits their direct appli-
cability for 3D physical simulation tasks. Second, existing
video models generate a limited number of frames, making
it difficult to provide long-distance and consistent footage
for large-scale scenes.

In this paper, we identify the key challenges in the above
two types of methods, and present InfiniCube (Fig. 1), a
novel scalable method that generates large-scale dynamic
3D Gaussian scenes with high fidelity. Specifically, we first
construct a map-conditioned 3D voxel generative model,
and generate unbounded voxel worlds through outpainting.
The generated voxel world is subsequently rendered into a
set of guidance buffers to assist in long video generation for
appearance synthesis with the video model. We further pro-
pose a fast and robust method to lift the video and the vox-
els to dynamic 3D Gaussians (3DGS) [29] while preserving
the controllability of dynamic vehicles. In Tab. 1, we pro-
vide a schematic comparison of our method with other solu-
tions: InfiniCube not only enjoys long video generation but
also scales to large 3D dynamic scenes up to ∼100 000 m2

(around 300 m × 400 m), providing support for various ap-
plications based upon the real 3D representation. We sum-
marize our contribution as follows.
• We introduce a new pipeline for high-fidelity, and large-

scale dynamic 3DGS scene generation conditioned on
HD maps, vehicle bounding boxes and text prompts.

• We realize unbounded voxel world generation with out-
painting and ensure high consistency between chunks.

• We innovatively propose using guidance buffers rendered
from voxel worlds to extend video lengths for large-scale
scenes, increasing the number of high-quality frames to
200 from original 25-frame Stable Video Diffusion XT.

• We present a novel dual-branch feed-forward reconstruc-
tion method capable of generating dynamic 3DGS scenes
from dynamic videos within just few seconds.

Output Type Detailed
Geometry

Driving
Length†Video 3D Rep.

Vista [19] ! " " 15 s
MagicDrive3D [16] ! 3DGS ! 6 s
InfiniCity [35] " Voxels " N/A
WoVoGen [39] ! Voxels ! 0.4 s

InfiniCube (Ours) ! Voxels + 3DGS ! 20 s‡

†: Measuring the video model generation length at 10Hz.
‡: Our method allows unlimited free driving in our 3DGS scene.
Table 1. High-level comparison with existing solutions. Our
method outputs both video and a renderable 3D representation
(‘3D Rep.’) with detailed geometry and a longer driving length.

2. Related Work
3D Generation. Training 3D generative models for object-
level shapes has witnessed significant progress in recent
years, with either directly learning the 3D shape distribu-
tion [15, 63, 77], or first generating multi-view images and
then lifting them to 3D [18, 49, 64]. Extending these tech-
niques to larger-scale scenes is however non-trivial due to
its high complexity. Some works directly learn the 3D
scene distribution [30, 38, 43, 74, 80] with carefully curated
ground-truth data, while some others take the combinato-
rial [14, 33] or hierarchical [35, 62] approach of generating
or retrieving objects and then arranging them using guided
scene layouts. Notably, another emerging trend is to gen-
erate 3D scenes by reconstruction from video model’s out-
puts [72, 73] thanks to their rich appearance.

Controllable Video Generation. The prevalence of video
generation models fueled by either diffusion models [4, 5,
8] or autoregressive models [31, 42, 65] has brought up
the need for more fine-grained control over the generated
content, including camera trajectories [3, 32], object mo-
tions [48, 58, 70], and scene structures [22, 36].In the more
specific domain of driving video generation, several works
have conditioned the video generation on the HD maps and
the car bounding boxes [17, 19, 25, 57, 59, 69], and can
generate a local occupancy map alongside [20, 39], turning
them into a “world model” for planning. However, exist-
ing video models suffer from a limited frame number for
large-scale scenes, while InfiniCube achieves a much longer
video length with 3D grounded guidance buffers.

Driving Scene Reconstruction. Driving scene reconstruc-
tion plays a critical role in creating realistic simulation en-
vironment for autonomous vehicle. Existing methods, such
as those based on neural radiance fields (NeRFs) [21, 52,
61, 67] or 3DGS [10, 13, 66, 79], achieve impressive visual
fidelity but suffer from long training times, limiting their ap-
plication at scale. A concurrent trend is the development of
large reconstruction models that leverage data priors for im-
proved generalizability and fast inference [2, 44, 75], which
allows the reconstruction of 3D scenes in a few seconds. In-
finiCube also adopts such a feed-forward strategy, tailored
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to account for the presence of dynamic objects with a novel
dual-branch reconstruction method.

3. Preliminaries

Our method is based on the following key concepts:
Latent Diffusion Models (LDM). Latent diffusion mod-
els [45] are a class of generative models that learn the dis-
tribution from the latent X of the data D. It is used together
with an auto-encoder (or a tokenizer) that maps the data into
the latent space X = E(D). A diffusion model [24] starts
with a noise vector N (0, I) and iteratively denoises it to
generate a sample X, potentially guided by a condition C.
The decoder is eventually applied to the denoised latent to
generate the output data D̂ = D(X). LDMs have been
shown to be effective and efficient in modeling many data
modalities, including images [45], videos [4], and 3D [77].
Sparse Voxel LDM. As the 3D equivalent of pixels, voxels
are uniform and structured and are hence suitable in deep
learning applications. In practice, only voxels intersecting
actual surfaces need to be stored, forming a sparse voxel
grid. In InfiniCube, we consider the sparse voxel grid that
stores a semantic label in each of its voxels, represented as
Dvx. The work of XCube [43] that we base on provides an
efficient way of encoding sparse voxels Dvx into a dense
latent feature cube Xvx = Evx(Dvx) ∈ RN3×C (where N is
the edge length), and decoding it back with high fidelity. In
InfiniCube, we further condition on maps and vehicle boxes
and realize unbounded voxel scene generation.

4. Method

InfiniCube aims to generate large-scale dynamic 3D scenes
guided by the input HD maps, vehicle bounding boxes and
text prompts. As shown in Fig. 2, we first generate a large-
scale semantic voxel world of the target scene (§ 4.1) based
on map and box conditions. Such a world representation is
then used to render several guidance buffers on the given
vehicle trajectories to support long-range video generation
with textual controls(§ 4.2). Finally, we take both the voxels
and the synthesized videos to reconstruct a dynamic scene
with the 3DGS representation (§ 4.3).

4.1. Unbounded Voxel World Generation
This step takes the HD map and the vehicle bounding boxes
as input and synthesizes a corresponding 3D voxel world
with semantic labels. We develop the sparse voxel LDM
based on XCube [43] (Sec. 3) for this task, but extend it to
unbound voxel scene generation by outpainting.
Building Map Conditions. From our input, we first build
a condition volume Cvx ∈ RN3×S that shares the same
structure as Xvx. It contains the following three compo-
nents. (i) HD Map Condition Cvx

HD: Our input HD Map

contains two sets of 3D polylines, road edges defining the
road boundary and road lines that separate the lanes. We
rasterize the polylines into two separate channels of the con-
dition CHD ∈ RN3×2, with the voxel value set to 1 if any
part of the voxel intersects with the polyline, and 0 other-
wise. (ii) Road Surface Condition Cvx

Road: We empirically
find it difficult for the model to determine the drivable road
regions from Cvx

HD when the HD map is partly included in
the condition CHD, which can happen in a local chunk gen-
eration. We hence add another condition Cvx

Road ∈ RN3×1

that delineates the voxelized road surface as an extra signal
to inform the model of the drivable area. We achieve this
by fitting 3D planes with given road edges and road lines,
and keeping their road surface parts. (iii) Bounding Box
Condition Cvx

Box: Bounding boxes contain detailed informa-
tion about the vehicles’ poses. However, naı̈vely voxelizing
bounding box occupancies can lead to information lost due
to the coarse latent voxel size (e.g. 1.6 m). We hence en-
code the vehicles’ heading angles α as two-channel vectors
[sin α, cos α], and set the feature in Cvx

Box ∈ RN3×2 to this
encoding if more than half of the corresponding voxel is oc-
cupied by the bounding box. The full condition volume is a
concatenation of the three Cvx = {Cvx

HD, Cvx
Road, Cvx

Box} with
S = 4, as visualized in Fig. 3.
Single Chunk Generation. With the above Cvx, we ap-
ply the diffusion sampling procedure in [43] to generate
our desired semantic voxel grid representation Dvx. In a
nutshell, the sampling process starts with a Gaussian white
noise N (0, I) in shape RN3×C which is subsequently con-
catenated with the conditions Cvx in the channel dimension.
A 3D U-Net will then iteratively denoise the white noise to
obtain the latent Xvx, which could be decoded to the desired
semantic sparse voxel grid. We do not apply hierarchical
upsampling like XCube [43] here. More details about the
sampling procedure can be found in the Supplement.

However, a single pass of the LDM sampling can only
generate one chunk of the scene. We hence propose the fol-
lowing strategy to outpaint the grid to a large voxel world.
Unbounded Scene Outpainting. Here we use a strategy
similar to Repaint [40], a training-free outpainting tech-
nique that is commonly used in diffusion models, to iter-
atively extend the scene in a seamless manner. Specifically,
during the generation of a new chunk, we ensure its suffi-
cient overlap with the existing part of the scene, and take the
latent Xvx

exist from the overlapping area. During the diffusion
process, we keep Xvx

exist fixed and only update the current la-
tent Xvx

new for the newly generated part, as follows:

Xvx
new ← (1 − M) & X̂vx

new + M & X̂vx
exist, (1)

where M is the overlapping mask and & is the element-wise
product. While X̂new is sampled from the learned diffusion
posterior, X̂exist is sampled from the noised version of the
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Figure 2. Pipeline. Conditioned on HD maps and bounding boxes, we first generate a 3D voxel world representation. We then render
the voxel world into several guidance buffers to boost video generation. The generated video and voxel world are jointly fed into a feed-
forward dynamic reconstruction module to obtain the final 3DGS representation.

HD Map

Figure 3. Conditions for Voxel World Generation. We illustrate
the conditions in 2D for clarity but the actual conditions are in 3D.

fixed Xexist. With this, we can generate a large-scale scene
that is consistent across different chunks.

4.2. World-Guided Video Generation
We choose Stable Video Diffusion XT (SVD-XT) [4] as
our base model for video generation. Under the hood, the
video Dvd is represented as a volume of shape RH×W ×T ×3,
where H, W, T are the height, width, and number of frames,
respectively. The latent of the video modeled by the LDM
is Xvd = Evd(Dvd) ∈ Rh×w×T ×4, downsampling the
spatial resolution with h = H

8 and w = W
8 . Similarly

to the voxel generation model, the condition to the model
Cvd ∈ Rh×w×T ×M shares the same size as Xvd except for
the last channel dimension M . The official model of SVD
is trained on large-scale Internet videos, and supports con-
ditioning on the first video frame with Cvd

Img ∈ Rh×w×T ×4,
derived by repeating the frame T times and then encoding it
with the SVD encoder Evd(·). To generate long videos over
T frames, we reuse the latent of the last generated frame as
condition and rerun the inference pass in an auto-regressive
manner, which is a training-free strategy for long-video
generation.

However, generating long and consistent driving videos
in this way is challenging since the accumulative error will
significantly decline the frame quality, especially when per-
forming auto-regression over 3 passes. To tackle this chal-
lenge, we propose to use 3D grounded guidance buffers

rendered from voxel worlds (from § 4.1) to assist the video
model in better capturing vehicle motion and environmen-
tal changes. They offer vital 3D grounding and guidance for
the video model, significantly alleviating the accumulative
error when generating a long video sequence.

Guidance Buffers. Our guidance buffers are renderings of
the 3D world into the video frames with given camera pa-
rameters. They are composed of the following components.
(i) The Semantic Buffer Cvd

Sem is the rendering of the voxel
world’s semantic labels. We design a fixed discrete color
palette to map the semantic labels to RGB values (see Sup-
plement). The color palette is chosen to add distinction be-
tween different semantic categories and fits the value range
of the pretraiend encoder Evd(·). Notably, to differentiate
between vehicle instances that belong to the same semantic
category, we assign different saturation levels to their ren-
dered colors. This enables the video model to maintain the
distinct appearance of individual cars when there are multi-
ple cars overlapping each other in the buffer. (ii) The Coor-
dinate Buffer Cvd

Crd contains the 3D coordinates of the first
voxel that each pixel ray hits (cf . [54, 56]). For the same
locations in the 3D scene across different frames, although
they may be projected to different pixel coordinates due to
ego and object motion, their pixel values (3D voxel coordi-
nates) remain consistent. For a T -frame video model, we
further gather all the hit 3D voxels from T frames, normal-
ize their coordinates by a constant, and clamp the range to
[−1, 1], which will be accepted by Evd(·). Coordinate buffer
helps establish scene correspondences across frames and is
useful when the semantic buffer exhibits a repeating pat-
tern. A visualization of the guidance buffers can be found
in Fig. 2. Together the channel size of the video model con-
dition Cvd = {Cvd

Img, Cvd
Sem, Cvd

Crd} is M = 12.

Our guidance buffers can be built very efficiently by ren-
dering the voxel world using fVDB [60]. Compared to
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Figure 4. Illustration of concepts in the pixel branch. The mid-
ground region and masked / full voxel depth.

other conditioning strategies such as pose embedding [16]
or displacements [19], our method is agnostic to the metric
scale of the trajectory and can achieve precise controls.
Adding Text Prompts. Our video model necessitates a im-
age as the condition. To achieve this, we train a Control-
Net [76] based on FLUX [1] to generate the initial frame
using semantic buffers as control images. This approach
allows us to incorporate text descriptions for scene genera-
tion while enhancing the quality and diversity of the video
content by leveraging a pre-trained image diffusion model.

4.3. Dynamic 3DGS Scene Generation
While the above world-guided video model can already
provide a photo-realistic and consistent appearance, a 3D
representation is still important and required by simulation
tasks. Therefore, we present a novel feed-forward method
that is deeply integrated into our pipeline to reconstruct a
3DGS [29] scene with dynamic objects.

State-of-the-art feed-forward scene reconstruction mod-
els that leverage the 3DGS representation infer Gaussian
attributes either in the voxel space [44] or in the pixel
space [75]. While the former typically has a better geome-
try distribution given voxel scaffolds, the latter could better
capture contents in the mid-ground areas and the per-frame
movement for the dynamic objects. Here we elaborate mid-
ground as the pixel regions that (1) have no overlap with
the projected voxels, and (2) do not belong to the sky (vi-
sualized in Fig. 4). We hence propose a new dual-branch
reconstruction method that combines both advantages for
our large-scale dynamic 3DGS scene generation.
Voxel Branch. One branch of our model takes the voxel
world and the posed video frames as input, and outputs a
set of 3D Gaussians for each voxel. Similar to the appear-
ance reconstruction branch in SCube [44], we unproject the
features of the images to the voxel world and then apply a
3D sparse convolution U-Net architecture to transform the
features into the per-voxel Gaussian attributes. Note that we
mask the dynamic objects out from the image features and
only use the static background voxels in this branch.
Pixel Branch. Our pixel branch employs a 2D UNet [46]
backbone to convert input images into per-pixel 3D Gaus-
sians, similar to GS-LRM [75], which simplifies the 3D-
lifting task to a depth estimation problem. Here, we further
propose a self-supervised training strategy to enhance the

depth prediction capability and generalizability using ren-
dered voxel depth Z in this branch. Specifically, we incor-
porate Z as both an input and a supervisory signal: During
training, we use a randomly masked version of Z (denoted
as Z̃) to simulate the region that is not grounded by voxels,
and supervise the predicted depth with the full Z — see the
illustration in Fig. 4. This helps our pixel branch predict rea-
sonable mid-ground depth at inference time. We also sup-
plement the network with the ViT backbone features FDAV2
from a state-of-the-art depth estimation model Depth Any-
thing V2 [68]. In summary, the network takes the input
images, Z̃, and FDAV2 as input, and outputs the per-pixel
3DGS attributes (color, rotation, depth, scale, etc.).
Sky Modeling. Modeling the sky region at infinite depth
is challenging since most of it is not visible from the im-
ages. We hence adopt an implicit sky representation from
STORM [2] that is highly generalizable to unseen regions.
Specifically, we use a light-weight encoder to summarize a
single sky feature vector c ∈ R192 from the images, and use
AdaLN [28] to modulate a Multi-Layer Perceptron (MLP)
that takes a viewing angle and outputs RGB colors. More
network details can be found in the Supplement.
Supervision. We train two branches separately using pho-
tometric loss. For the pixel branch, we additionally add the
aforementioned depth loss.
Inference with Dynamic Objects. During inference, the
voxel branch is applied only to the static part of the scene.
The pixel branch is applied iteratively for every 4 frames,
but we only keep the 3DGS corresponding to the pixels of
mid-ground regions and dynamic objects. Notably, for the
dynamic vehicles, we extract the 3DGS belonging to each
individual object using the segmentation from the Semantic
Buffer in § 4.2, transform and aggregate them using their
poses, and keep Gaussians in input bounding boxes to com-
posite their final Gaussians. The motions of the objects are
fully controllable by simply altering their trajectories.

5. Experiments

5.1. Data Processing
Our model is trained on Waymo Open Dataset [51], which
provides LiDAR data, images, and accurate annotations
of HD maps and vehicle bounding boxes. To extract
the ground-truth scene geometry to supervise the seman-
tic voxel generation, we follow the approach of [44] by
combining accumulated LiDAR points and the dense ge-
ometry obtained from the multi-view stereo pipeline of
COLMAP [47]. The geometry of the dynamic cars is ac-
cumulated from the LiDAR points in their canonical space
defined by their bounding box trajectories. To enable text
prompt conditioning, we annotate the video frames with
textual descriptions. We employ Llama-3.2-90B-Vision-
Instruct [12] to summarize the weather and time of day
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Figure 5. Full pipeline results. The generated 3DGS scene and voxel world adhere to the input HD map and bounding boxes and extend
over hundreds of meters with fine details. The text prompt is ”Daytime, Sunny with a bright blue sky”.

based on a stitched thumbnail created from 8 timestamps
across 3 different views.

For each data sample used in training the voxel genera-
tion stage, we crop and voxelize the extracted geometry into
a local chunk of 51.2 m×51.2 m with a voxel size of 0.2 m,
centered around a randomly sampled ego-vehicle pose. We
remove low-quality voxel grids and sequences with mostly
static ego trajectories, resulting in 618 sequences for train-
ing and 90 sequences for evaluation.

5.2. Implementation Details
For both the voxel world (§ 4.1) and the 3DGS scene (§ 4.3)
generation stages where a 3D sparse network backbone is
needed, we take heavy use of the fVDB [60] framework,
and design our 3D auto-encoder and diffusion backbone
similar to [43, 44]. Please refer to the Supplement for net-
work architecture details. For the video generation stage
(§ 4.2), we use 25-frame SVD-XT [4] base model from
diffusers [53] library. We finetune the pretrained model
with a resolution of 576 × 1024 together with our designed
conditions. We add Gaussian noise augmentation to perturb
the conditioning latent features to improve the model ro-
bustness. During inference, we set the classifier-free guid-
ance [23] weight to 3.0 and use a denoising step of 25. The
voxel generation stage is trained for 48 GPU days, the video
generation stage is trained for 192 GPU days, and both the
voxel and pixel branches of the scene generation stage are
trained for 32 GPU days, all using NVIDIA A100 GPUs.

5.3. Large-scale Dynamic Scene Generation
We visualize the generated scenes from our full pipeline
in Fig. 1 and Fig. 5 . Furthermore, Fig. 6 shows a close-
up view of the dynamic objects, where a dynamic vehicle
moves from frame T to T + 15. Given just the HD map
with 3D bounding boxes, our method can generate a com-
plete scene with a high-fidelity appearance and controllable
actors. The scene is also rich in details and accurate in ge-

!"#$%&'()*+,'-.($-( ! !"#$%&'()*+,'-.($-( !" /0 !1&2&#3(4&,5($-(! 6/0

Figure 6. Dynamic 3DGS visualization. We generate dynamic
3DGS with full controllability of dynamic objects across frames.
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Figure 7. Impact of 3D Road Surface Condition C Road. Without
C Road, the model sometimes fails to determine the ground.

ometry, allowing for large-scale bird-eye visualizations that
no prior work could generate. These results are made possi-
ble by the synergy among the proposed components (§§ 4.1
to 4.3). In the following sections, we will analyze their im-
portance in detail.

5.4. Main Components Analysis
5.4.1. Voxel World Generation
We perform an ablation study for this component to verify
the design of our HD map conditions. Specifically, in Fig. 7
we show the generation results without / with the Road Sur-
face condition Cvx

Road. One can clearly see the benefits of
the condition by helping the network better disambiguate
and localize the actual drivable regions.

5.4.2. World-Guided Video Generation
The proposed 3D grounded guidance buffers significantly
maintain high frame quality when generating long videos
auto-regressively. To evaluate their effectiveness, we com-
pare with two baselines: Panacea [59] and Vista [19], which
are both specifically designed for driving video generation.
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Figure 8. Video Model Comparison. Our model can generate high-quality videos of 200 frames from 25-frame SVD-XT by conditioning
on guidance buffers. These buffers also enable the motions in the videos to be consistent with the scale of the physical world.

The original Panacea model is trained based on Stable Dif-
fusion 1.5 — for a fair comparison, we re-implement their
method with the same SVD-XT backbone while adopting
their map conditioning strategies, especially their HD map
condition that projecting polylines onto the image planes.
Since Vista does not support analytic ego trajectory input,
we only use the first frame as its condition without specify-
ing any additional controls. We utilize the ground-truth first
frames from 90 test sequences in the Waymo Open Dataset
as conditioning inputs and generate long videos in the same
auto-regressive manner. To evaluate the quality of the gen-
erated long videos, we compute the Fréchet Inception Dis-
tance (FID) at various frame indices.

Shown in in Fig. 8 and Fig. 9a, our model maintains a
lower FID score and a better visual quality over a long time
horizon. For the baselines, we observe significant quality
degradation after ∼100 frames, showing the advantage of
our 3D grounded buffer conditions.

In Fig. 9b, we show a detailed ablation study on the
effects of different guidance buffers: While the semantic
buffer plays the most crucial role in maintaining video qual-
ity, the coordinate buffer helps to resolve detailed ambigui-
ties of motion-induced scene changes.

To assess the controllability of our model, we conducted
a user study to evaluate the alignment of our generation
w.r.t. the HD map condition. We extract the 40th, 80th, and

(a) Baseline Comparison on FID. (b) Ablation of Guidance Buffers.

Figure 9. Comparison of long video generation quality based
on the first frame from the Waymo Dataset. FID: lower is better.

InfiniCube (Ours) Panacea [59]

Frame Index 40 80 120 40 80 120

Positive Rate ! 84.6% 83.9% 84.8% 76.8% 54.0% 53.4%

Table 2. Human evaluation of HD map alignment. We highlight
the best and the second .

120th frames from the video generated by our method and
Panacea (sharing the same first-frame generated by Control-
Net), and put the map projection beside to ask users if the
image aligns with the map. A total of 180 image samples
are extracted for each frame index, and we report the posi-
tive response rate comparison in Tab. 2. Results show that
our method is more preferential than Panacea at different



Novel View (T + 5) Novel View (T + 10)

PSNR! SSIM! LPIPS" PSNR! SSIM! LPIPS"

PixelNeRF [71] 15.21 0.52 0.64 14.61 0.49 0.66
PixelSplat [7] 20.11 0.70 0.60 18.77 0.66 0.62
DUSt3R [55] 17.08 0.62 0.56 16.08 0.58 0.60
MVSplat [9] 20.14 0.71 0.48 18.78 0.69 0.52
MVSGaussian [37] 16.49 0.70 0.60 16.42 0.60 0.59
SCube [44] 19.90 0.72 0.47 18.78 0.70 0.49

InfiniCube (Ours) 20.80 0.73 0.42 19.93 0.72 0.45

Table 3. Quantitative comparisons of novel view rendering.
Metrics are computed at frames T + 5 and T + 10 given frame
T as input. We highlight the best , second best and third best .

!"#$%&'()*+%,%-./0

1#2"3456#"78%&! ,9:0 !"#$ %&;"<+%,%-./0!"#$%&=2)*+%,%-./ 0

>3?"7%&! 0

@
2A

*+
%

=(
*B

%
&

!,
9:

0

C(45D#2"34%C<$.

Figure 10. Novel view rendering of different branches given in-
put images and voxels from Waymo Dataset. Dual inference elim-
inates the artifacts in either single branch, as shown in the red box.

frames, especially for larger frame indices.
To summarize, the experiments in Fig. 8, Fig. 9a, and

Tab. 2 — particularly the comparison to Panacea [59],
which uses HD map projections for conditioning — demon-
strate the advantages of our guidance buffer designs. They
not only remarkably reduce auto-regressive errors in long
video generation, but also improve HD map alignment in
the generated content, which is critical for generating driv-
ing training data.
5.4.3. 3DGS Scene Generation
Our 3DGS reconstruction stage works in synergy with the
previous two stages to generate high-quality dynamic 3DGS
scenes. To showcase the advantage of our dual-branch re-
construction, we follow the setting from SCube [44] to eval-
uate the reconstruction quality by synthesizing novel views
at frame T + 5 and T + 10 given the input views from
frame T with 3 front views. We show the Peak Signal-
to-Noise Ratio (PSNR), Structural Similarity Index Mea-
sure (SSIM), and Learned Perceptual Image Patch Similar-
ity (LPIPS) [78] results in Tab. 3. Our method outperforms
the baselines in all metrics; by introducing the pixel branch,
we gain improvement over SCube [44]. We further show in
Fig. 10 a qualitative analysis of the renderings coming from
different branches of our model. While each branch has
its own artifacts, our dual-branch inference can effectively
eliminate them and generate high-quality novel views.
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Figure 11. Object insertion by the video model. We observe
realistic shadows cast by the inserted objects (indicated by arrow).
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Figure 12. Weather control for scene generation. We show 3
scenes generated with different text prompts (listed at the bottom).

5.5. Applications

With a 3DGS scene, our method naturally supports applica-
tions such as novel view synthesis or collision simulation.
Meanwhile, the coherent design of our pipeline also enables
more advanced applications as follows:

Vehicle Insertion. New vehicles can be inserted into the
scene by simply placing a voxelized car model (with given
trajectory) into the voxel world and re-running the subse-
quent steps. To maintain the video appearance of the scene
before and after the insertion, we keep the first-frame con-
dition unchanged and only update the guidance buffer. We
show two object insertion examples in Fig. 11.

Weather Control. Our method allows users to generate
scenes with different weather conditions by just altering the
text prompts. We show 3 scenes with different weather con-
ditions sharing the same underlying voxel world in Fig. 12,
where the 3D Gaussians have different appearances.

6. Discussion
Limitations. While the voxel consistency between adjacent
chunks is guaranteed by our outpainting strategy, the con-
sistency among long-distance chunks may decline. Future
works include improving global consistency for all chunks
and scaling up the model with more diverse training data.

Conclusion. In this work, we present InfiniCube, a novel
method for generating large-scale and high-quality dynamic
3D driving scenes. Our method is deeply rooted in the
synergy among our 3D voxel generation model, the world-
guided video model, and the dynamic 3DGS generation
model. Together we can generate realistic 3D scenes with
rich appearance details and full controllability.
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