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Abstract

We present SCube, a novel method for reconstructing large-scale 3D scenes (geom-
etry, appearance, and semantics) from a sparse set of posed images. Our method
encodes reconstructed scenes using a novel representation VoxSplat, which is a
set of 3D Gaussians supported on a high-resolution sparse-voxel scaffold. To re-
construct a VoxSplat from images, we employ a hierarchical voxel latent diffusion
model conditioned on the input images followed by a feedforward appearance pre-
diction model. The diffusion model generates high-resolution grids progressively
in a coarse-to-fine manner, and the appearance network predicts a set of Gaussians
within each voxel. From as few as 3 non-overlapping input images, SCube can
generate millions of Gaussians with a 10243 voxel grid spanning hundreds of
meters in 20 seconds. Past works tackling scene reconstruction from images either
rely on per-scene optimization and fail to reconstruct the scene away from input
views (thus requiring dense view coverage as input) or leverage geometric priors
based on low-resolution models, which produce blurry results. In contrast, SCube
leverages high-resolution sparse networks and produces sharp outputs from few
views. We show the superiority of SCube compared to prior art using the Waymo
self-driving dataset on 3D reconstruction and demonstrate its applications, such as
LiDAR simulation and text-to-scene generation.

1 Introduction

Recovering 3D geometry and appearance from images is a fundamental problem in computer vision
and graphics which has been studied for decades. This task lies at the core of many practical
applications spanning robotics, autonomous driving, and augmented reality; just to name a few. Early
algorithms tackling this problem use stereo matching and structure from motion (SfM) to recover
3D signals from image data (e.g.[44]). More recently, a line of work starting from Neural Radiance
Fields [32] (NeRFs) has augmented traditional SfM pipelines by fitting a volumetric field to a set of
images, which can be rendered from novel views. NeRFs augment traditional reconstruction pipelines
by encoding dense geometry, and view-dependent lighting effects. While radiance-field methods
present a drastic step forward in our ability to recover 3D information from images, they require
a time-consuming per-scene optimization scheme. Furthermore, since each scene is recovered in
isolation, radiance fields do not make use of data priors, and cannot extrapolate reconstructions away
from the input views. Thus, radiance-field methods require dense view coverage in order to produce
high-quality 3D reconstructions.
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Figure 1: SCube. Given sparse input images with little or no overlap, our model reconstructs a
high-resolution and large-scale scene in 3D represented with VoxSplats, ready to be used for novel
view synthesis or LiDAR simulation.

Another recent line of work applies deep learning to predict 3D from images. These methods either
meta-learn an initialization to the radiance-field optimization problem [7, 30, 49], or directly predict
3D from images using a feed-forward network [17, 57, 73]. While learning-based approaches can
produce reconstructions from sparse views, they have only been used successfully for the case of
single objects at low resolutions. Furthermore, these methods often suffer from 3D inconsistencies
(e.g. the multi-layer surface or the Janus problem). In order to solve the general 3D reconstruction
from images problem, we need methods that can (1) generalize reconstruction to general scenes over
the pure object case, (2) produce accurate and high-quality reconstructions in the presence of dense
views, leveraging data priors to produce plausible reconstructions in the sparse-view regime, and
(3) run quickly and efficiently (in terms of runtime and memory) on large-scale and high-resolution
inputs. These demands are difficult to satisfy in practice since high-quality ground-truth 3D data is not
widely available for scenes, 3D representations for deep learning that scale to large and diverse inputs
are under-explored in the literature, and corresponding scalable and easy-to-train model designs need
to be developed alongside any new 3D representation.

Nevertheless, we remark that some of these issues have been resolved in isolation: Gaussian Splatting
[23] enables fast, differentiable rendering and high reconstruction quality (but is not being used with
data priors), and sparse voxel hierarchies [40] have been successfully used to build generative models
of large-scale 3D scenes with attributes such as semantics and colors, and have been trained on partial
data such as LiDAR scans from autonomous vehicle captures.

In light of the above observations, we introduce SCube, a feed-forward method for large 3D scene
reconstruction from images. Our method encodes 3D scenes as a hybrid of Gaussian splats (which
enable fast rendering), supported on a sparse-voxel-hierarchy (which enables efficient generative
modeling of large 3D scenes with semantics). We call this hybrid representation VoxSplats and
predict a VoxSplat from images using a feed-forward process consisting of two steps: (1) A generative
geometry network that predicts a sparse voxel hierarchy conditioned on input images, and (2) an
appearance network that predicts the Gaussian attributes within the voxels as well as a skybox
texture to represent the background. The networks are implemented using highly efficient sparse
convolution [14, 40] designed for 3D data which enables us to reconstruct a full scene from images
in under 20 seconds. We evaluate our performance on the Waymo Open Dataset [53] on the
challenging task of reconstructing a scene from sparse images with low overlap. We show that SCube
significantly outperforms existing methods on this task. Furthermore, we demonstrate that SCube
enables downstream applications such as LiDAR simulation and text-to-scene generation.

2 Related Work

3D Scene Representation. Scenes in the wild are often large in scale and contain complicated
internal structures which cause representations such as tri-planes [12], dense voxel grids [36], or
meshes [19, 46] to fail due to capacity or memory limitations. Optimization-based reconstruction
methods [15, 32] use high-resolution hash grids [1, 33], but these are non-trivial to infer using a neural
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Figure 2:Framework. SCube consists of two stages:(1) We reconstruct a sparse voxel grid with
semantic logit conditioned on the input images using a conditional latent diffusion model based on
XCube [40]. (2) We predict the appearance of the scene represented as VoxSplats and a sky panorama
using a feedforward network. Our method allows us to synthesize novel views in a fast and accurate
manner, along with many other applications.

network [30]. In contrast, sparse voxel grids are effective for learning scene-reconstruction [40, 75]
thanks to ef�cient sparse neural operators [8, 54]. Recently, Gaussian splatting [23] has enabled
real-time neural rendering and has been applied to over�tting large scenes [66, 76]. [31, 39] use
a hybrid of the above two representations, but the voxel grid or octree is only used to regularize
the Gaussian positions without any data priors learned. This is in contrast to our VoxSplat that
allows reconstruction in a direct inference pass thanks to the ef�ciency of sparse grids and the
high representation power of Gaussian splats. We support operating only on sparse-view images,
signi�cantly lifting the input requirements by learning from large datasets.

Sparse-view 3D Reconstruction.Sparse-view images often contain insuf�cient correspondences
required by traditional reconstruction methods [44]. One line of work uses learned image-space
priors such as depth [9], normal maps [70], and appearance from GANs [43] or diffusion models [63]
to augment an optimization process such as NeRF. To speed up inference, another line of work
uses a feed-forward model to predict renderable features [4, 6, 22, 29, 57, 73]. Alternatively, some
papers perform learning directly in 3D space, which yields better consistency and less distortion [5,
13, 17, 68]. Our setting is similar to [13] where input images come from the same rig, but ours is
more challenging since we do not use temporally-sequenced inputs with high overlap. We remark
that semantic scene completion works [21, 26, 51, 61] also reconstruct voxels but at much lower
resolutions and without appearance.

Generative Models for 3D. 3D reconstruction can also be formulated as a conditional generative
problem (i.e.modeling the distribution of scenes given partial observations). Text and single-image
to-3D generation has been explored for objects [17, 28, 38, 47, 55, 56, 60, 69]. Extending this task
to large-scenes is comparatively unexplored, and object-based methods often fail due to scaling
limitations or assumptions on the data. [48, 72] recursively apply an image generative model to
inpaint missing regions in 3D, but produces blurry reconstructions at a limited scale. XCube [40] is
among the �rst to directly learn high-resolution 3D scene priors. Here, we extend this model with
multiview image conditioning and enable it to predict appearance on top of geometry.

3 Method

Our method reconstructs a high-resolution 3D scene fromN sparse imagesI = f I i gN
i =1 in two

stages:(1) We reconstruct the scene geometry represented as a sparse voxel gridGwith semantic
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features (§ 3.1).(2) We predict the appearanceA of the scene that allows for high-quality novel view
synthesis (§ 3.2) using VoxSplats and a sky panorama. We can express our pipeline as taking samples
from the distributionp(G; AjI ) = p(AjG; I )p(GjI ). In order to improve the �nal view quality of
the output, we apply an optional post-processing step discussed in § 3.3.

3.1 Voxel Grid Reconstruction

Background: 3D Generation with XCube. XCube [40] is a 3D generative model that produces
high-quality samples for both objects and large outdoor scenes. XCube uses a hierarchical latent
diffusion model to generatesparse voxel hierarchies, i.e., a hierarchy of sparse voxel grids where
each �ne voxel is contained within a coarse voxel. XCube learns a distribution over latentX encoded
by a sparse structure Variational Autoencoder (VAE). Both the VAE and the diffusion model are
instantiated with sparse convolutional neural networks [14], and can generate geometry at up to10243

resolution. We use XCube as the backbone for our geometry reconstruction module. We remark that
while the original paper only focused on unconditional or text-conditioned generation, we introduce a
novel image-based conditioningC.

Image Conditioned Geometry Generation. To condition XCube on posed input images, we
lift DINO-v2 [ 34] features computed on the input images to 3D space as follows. First, we use
the pre-trained DINOv2 model to extract robust visual features for input images, and process the
DINO feature using several trainable 2D conv layers to reduce the feature channel toC + D. We
then split the channelC + D into two parts for each pixelj and input image indexi : one part is a
regularC-dimensional featureF i

j and the other will be aD-dimensional Softmax-normalized vector
� i

j 2 RD . Here� i
j can be viewed as a distribution over the depth of the corresponding pixel, and we

follow a strategy similar to LSS [37] to unproject the images into a dense 3D voxel grid
 wherev
denotes the index of a voxel andd 2 [1; D ] indexes the depth buckets:

F i
jd = � i

jd � F i
j ; C v =

X

( i;j;d )

F i
jd 2 RC : (1)

Note that we quantize the depth intoD bins dividing the range from a prede�nedznear to zfar.
Unlike image-conditioning techniques used in object-level or indoor-level datasets where the camera
frusta have signi�cant overlap, our large-scale outdoor setting only takes sparse low-overlapping
views captured from an ego-centric camera. Hence previous methods [28, 50, 52] that broadcast
the same features to all the voxels along the rays corresponding to the pixel are not suitable here
to precisely locate the geometries such as vehicles. The use of the weight� allows us to handle
occlusions effectively and produce a more accurate conditioning signal. After buildingC, we directly
concatenate it with the latentX and feed it into the XCube diffusion network as conditioning.

Training and Inference. Our training pipeline is similar to [40], where we �rst train a VAE to learn
a latent space over sparse voxel hierarchies. We add semantic logit prediction as in [40] to the grid
and empirically �nd that it helps the model to learn better geometry. Then we train the diffusion
model conditioned onC using the following loss:

L = L Diffusion + � L Depth; L Depth = EX ;i;j Focal(� i
j ; [� i

j ]gt); (2)

whereL Diffusion is the loss for diffusion model training (see Appendix A for details).Focal(�) is the
multi-class focal loss [27]. This additional depth loss is an explicit supervision to properly weigh the
image features and encourage correct placement into the corresponding voxels. Due to the generative
nature of XCube, we could learn the data prior to generate complete geometry even if some of the
ground-truth 3D data is incomplete.

3.2 Appearance Reconstruction

The VoxSplat Representation. In the second stage, we �x the voxel gridG generated from the
geometry stage and predict a set of Gaussian splats in each voxel to model the scene appearance.
Gaussian splatting [23] is a powerful 3D representation technique that models a scene's appearance
volumetrically as sum of Gaussians:

G(x ) = RGB� � � e� 1
2 (x � � )> � � 1 (x � � ) ; (3)
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where� 2 [0; 1] is the opacity,� 2 R3 is the center of each Gaussian, and� = RSS> R > 2 R3� 3

is its covariance. The covariance matrix is factorized into a rotation matrixR parameterized by a
quaternionq and a scale diagonal matrixS = diag(s). Each Gaussian additionally stores a color
valueRGB. Note that the original paper uses a set of SH coef�cients for view-dependent colors, but
we only use the0th-order SH in our model (i.e., without view-dependency) which we found to be
suf�cient for sparse-view reconstruction.

While the original Gaussian Splatting paper and its follow-ups [23, 67, 71] propose many heuristics to
optimize the positions of Gaussians for a given scene, we instead choose to predictM Gaussians per-
voxel using a feed-forward model. We limit the positions of the Gaussians within a neighborhood of
their supporting voxels, thus preserving the geometric structure of the supporting grid. By grounding
the splats on a voxelscaffold, our reconstructions achieve better geometric quality without resorting
to heuristics. Fittingly, we dub our voxel-supported Gaussian splatsVoxSplats.

The output of our network isf [ �� v ; �� v ; �sv ; �qv ; RGBv ] 2 R14gM for each voxelv. To compute the
per-Gaussian parameters used for rendering we apply the following activations:

� v = r � tanh �� v + Centerv ; � v = sigmoid( �� v ); sv = exp �sv ; R v = quat2rot( �qv ); (4)

whereCenterv is the centroid of the voxelv, andr is a hyperparameter that controls the range of a
Gaussian within its supporting voxel. Here, we setr to three times the voxel size. We can ef�ciently
render the Gaussians predicted by our model using rasterization [23] or raytracing [11].

Sky Panorama for Background. To capture appearance away from the predicted geometry,
our model builds a sky feature panoramaL 2 RH p � W p � Cp from all input images, which can be
considered as an expanded unit sphere with an inverse equirectangular projection. For each pixel
in the panoramaL , we get its cartesian coordinateP = ( x; y; z) on the unit sphere and projectP
to the image plane to retrieve the image feature; since only the view direction decides the sky color,
we zero the translation part of the camera pose in the projection step. We also apply a sky mask to
ensure the panorama only focuses on the sky region.

To render a novel viewpoint with its extrinsics and intrinsics, we recover the background appearance
by sampling the sky panorama and decoding it into RGB values. For each camera ray from the novel
view, we calculate its pixel coordinate on the 2D sky panoramaL with equirectangular projection
and get the sky features via trilinear interpolation, resulting in a 2D feature map for the novel view.
We �nally decode the 2D feature map with a CNN network to get the background imageI bg, which
will be alpha-composited with the foreground image from Gaussian rasterization:

I pred(u; v) = I GS(u; v) + (1 � T (u; v)) � I bg(u; v) (5)

whereI GS(u; v) is the rendered image of Gaussians,(u; v) indicates the pixel coordinate, andT (u; v)
is the accumulated transmittance map of the Gaussians (see [23] for details).

Architecture Details. We predict the(M � 14)-dimensional vectorf [ �� v ; �� v ; �sv ; �qv ; RGBv ]gM
for each voxel via a 3D sparse convolutional U-Net which takes as input the sparse voxel grid

outputted by the geometry stage, where each voxel contains a feature sampled from the input images
as follows: We process each input imageI i using a CNN to get the image feature, and then cast a
ray from each image pixel into
 , accumulating the feature in the �rst voxel intersected by that ray.
Voxels that are not intersected by any rays receive a zero feature vector.

For the sky panorama model, we use the same image feature as above. In the training stage, we set
smallerHp andWp for faster training and lower memory usage; in the inference stage, we increase
Hp andWp to get a sharper and more detailed sky appearance.

Given a set of training imagesf I i
gtgi and sky masksf M i gi distinct from the inputs, we supervise the

appearance model using the loss:

L = � 1L 1(I i
pred; I i

gt) + � 2L 1(T i ; M i ) + � SSIML SSIM(I i
pred; I i

gt) + � LPIPSL LPIPS(I i
pred; I i

gt); (6)

where the training viewsI i
gt are sampled from nearby 10 views of the input images; the predicted

viewsI i
pred and transmittance masksT i are rendered usingEq (5); andL LPIPS/L SSIM are perceptual

and structural metrics de�ned in [74] and [59].
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Figure 3: Data Processing Pipeline.We add COLMAP [44] dense reconstruction points to the
accumulated LiDAR points and compensate for dynamic objects using their bounding boxes. This
provides us with a more complete geometry for training.

3.3 Postprocessing and Applications

Optional GAN Postprocessing. The novel views directly rendered from our appearance model
sometimes suffer from voxelization artifacts or noise. We resolve this with an optional lightweight
conditional Generative Adversarial Network (GAN) that takes the rendered images as input and
outputs a re�ned version. The discriminator of this GAN takes256� 256image patches sampled from
the input sparse view images, as well as the generated images conditioned on the rendered images.
Drawing inspiration from [41, 43, 45], we �t the GAN independently for each scene at inference
time, which takes� 20min to train. Due to the excessive time cost, we apply this step optionally only
when higher-quality images are needed (which we callSCube+). Fig. 8 shows the results with and
without this step, and we further present ageneral postprocessing without per-scene optimization
in Appendix C.

Application: Consistent LiDAR Simulation. LiDAR simulation [77] aims at reproducing the point
cloud output given novel locations of the sensor and is an important application for training and
veri�cation of autonomous driving systems. The generated LiDAR point clouds should accurately
re�ect the underlying 3D geometry and a sequence of LiDAR scans should be temporally consistent.
Our method enables converting sparse-view images directly into LiDAR point clouds, i.e., asensor-
to-sensor conversionscheme. To achieve this, we leverage the output high-resolution Gaussians from
our model and ray-trace the LiDAR rays to obtain the corresponding distances. Thanks to our clean
voxel scaffold, the reconstructed scene is free of �oaters and we set the opacity� to 1 for all the
Gaussians to ensure ahard intersection that aligns better with the geometry.

Application: Text-to-Scene Generation. Our method can be easily extended to generate 3D
scenes from text prompts. Similar to MVDream [47], we train a multi-view diffusion model with
the architecture of VideoLDM [2] that generates images from text prompts. The original spatial
self-attention layer is in�ated along the view dimension to achieve content consistency [25, 65]. For
training, we use CogVLM [58] to annotate the images automatically on a large scale. After the model
is trained, we directly feed the output of the multi-view model to SCube to lift the observations into
3D space for novel view synthesis.

4 Experiments

In this section, we validate the effectiveness of SCube. First, we present our new data curation
pipeline that produces ground-truth voxel grids (§ 4.1). Next, we demonstrate SCube's capabilities
in scene reconstruction (§ 4.2), and further highlight its usefulness in assisting the state-of-the-art
Gaussian splatting pipeline (§ 4.3). Finally, we showcase other applications of our method (§ 4.4)
and perform ablation studies to justify our design choices (§ 4.5).

4.1 Dataset Processing

Accurate 3D data is essential for our method to learn useful geometry and appearance priors. Fortu-
nately, many autonomous driving datasets [3, 53] are equipped with 3D LiDAR data, and one can
simply accumulate the point clouds to obtain the 3D scene geometry [20, 40]. However, the LiDAR
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Figure 4:Novel View Synthesis.We show the synthesized novel views of SCube+ compared to
baselines approaches. The inset of each sub�gure shows a top-down visualization (an extreme novel
view) of the reconstructed scene geometry.

points usually do not cover high-up regions such as tall buildings and contain dynamic (non-rigid)
objects that are non-trivial to accumulate.

We hence build a data processing pipeline based on Waymo Open
Dataset [53] as shown inFig. 3, consisting of three steps:Step 1, we
accumulate the LiDAR points in the world space, removing the points
within the bounding boxes of dynamic objects such as cars and pedestri-
ans. We additionally obtain the semantics of each accumulated LiDAR
point, where non-annotated points are assigned the semantics of their
nearest annotated neighbors.Step 2, we use the multi-view stereo (MVS)
algorithm available in COLMAP [44] to reconstruct the dense 3D point
cloud from the images, and the semantic labels of the points are obtained
by Segformer [64]. Step 3, we add point samples for the dynamic objects
according to their bounding boxes at a given target frame. This gives us
staticandaccumulated ground truths available for training. For each data sample, we crop the point
cloud into a local chunk of102:4m � 102:4m centered around a randomly sampled ego-vehicle pose.
Since there are no rear-view cameras in the Waymo dataset, we allocate more space for the chunk in
the forward direction, as shown in the inset �gure. See Appendix A for additional details.

4.2 Large-scale Scene Reconstruction

Evaluation and Baselines.To assess our method's power for 3D scene reconstruction, we follow
the common protocol to evaluate the task of novel view synthesis [4, 42, 68]. Given input multi-view
images (details about choosing views are in Appendix A) at frameT, we render novel views at
future timestampsT + 5 andT + 10, and compare them to the corresponding ground-truth frames by
calculating Peak Signal-to-Noise Ratio (PSNR), Structural Similarity Index Measure (SSIM), and
Learned Perceptual Image Patch Similarity (LPIPS) [74]. We exclude the regions of moving objects
for T + 5 andT + 10 evaluation, and only use three front views when computing the metrics.

We use PixelNeRF [68], PixelSplat [4], DUSt3R [57], MVSplat [6], and MVSGaussian [29] as our
baselines for comparison. [4, 6, 29, 68] take images and their corresponding camera parameters
as input and reconstruct NeRFs or 3D Gaussian representations. DUSt3R [57] directly estimates
per-pixel point clouds from the images. We append additional heads to the its decoder which predicts
other 3D Gaussian attributes along with the mean positions and �netune it with a rendering loss. For
all other baselines, we take the of�cial code and re-train them on our dataset. We tried to add the
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