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ABSTRACT

We present a method to map 2D image observations of a scene to a persistent 3D
scene representation, enabling novel view synthesis and disentangled representation
of the movable and immovable components of the scene. Motivated by the bird’s-
eye-view (BEV) representation commonly used in vision and robotics, we propose
conditional neural groundplans, ground-aligned 2D feature grids, as persistent
and memory-efficient scene representations. Our method is trained self-supervised
from unlabeled multi-view observations using differentiable rendering, and learns
to complete geometry and appearance of occluded regions. In addition, we show
that we can leverage multi-view videos at training time to learn to separately
reconstruct static and movable components of the scene from a single image at test
time. The ability to separately reconstruct movable objects enables a variety of
downstream tasks using simple heuristics, such as extraction of object-centric 3D
representations, novel view synthesis, instance-level segmentation, 3D bounding
box prediction, and scene editing. This highlights the value of neural groundplans
as a backbone for efficient 3D scene understanding models.

1 INTRODUCTION

We study the problem of inferring a persistent 3D scene representation given a few image observations,
while disentangling static scene components from movable objects (referred to as dynamic). Recent
works in differentiable rendering have made significant progress in the long-standing problem of
3D reconstruction from small sets of image observations (Yu et al., 2020; Sitzmann et al., 2019b;
Sajjadi et al., 2021). Approaches based on pixel-aligned features (Yu et al., 2020; Trevithick &
Yang, 2021; Henzler et al., 2021) have achieved plausible novel view synthesis of scenes composed
of independent objects from single images. However, these methods do not produce persistent
3D scene representations that can be directly processed in 3D, for instance, via 3D convolutions.
Instead, all processing has to be performed in image space. In contrast, some methods infer 3D
voxel grids, enabling processing such as geometry and appearance completion via shift-equivariant
3D convolutions (Lal et al., 2021; Guo et al., 2022), which is however expensive both in terms of
computation and memory. Meanwhile, bird’s-eye-view (BEV) representations, 2D grids aligned with
the ground plane of a scene, have been fruitfully deployed as state representations for navigation,
layout generation, and future frame prediction (Saha et al., 2022; Philion & Fidler, 2020; Roddick
et al., 2019; Jeong et al., 2022; Mani et al., 2020). While they compress the height axis and are thus
not a full 3D representation, 2D convolutions on top of BEVs retain shift-equivariance in the ground
plane and are, in contrast to image-space convolutions, free of perspective camera distortions.

Inspired by BEV representations, we propose conditional neural groundplans, 2D grids of learned
features aligned with the ground plane of a 3D scene, as a persistent 3D scene representation
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Figure 1: Given a single image, our model infers separate 3D representations for static and dynamic
scene elements, enabling high-quality novel view synthesis with plausible completion, unsupervised
instance-level segmentation, 3D bounding box prediction, 3D scene editing, and extraction of object-
centric 3D representations. Our model is trained self-supervised using unlabeled multi-view videos.

reconstructed in a feed-forward manner. Neural groundplans are a hybrid discrete-continuous 3D
neural scene representation (Chan et al., 2022; Peng et al., 2020; Philion & Fidler, 2020; Roddick
et al., 2019; Mani et al., 2020) and enable 3D queries by projecting a 3D point onto the groundplan,
retrieving the respective feature, and decoding it via an MLP into a full 3D scene. This enables
self-supervised training via differentiable volume rendering. By compactifying 3D space with a
nonlinear mapping, neural groundplans can encode unbounded 3D scenes in a bounded region. We
further propose to reconstruct separate neural groundplans for 3D regions of a scene that are movable
and 3D regions of a scene that are static given a single input image. This requires that objects are
moving in the training data, enabling us to learn a prior to predict which parts of a scene are movable
and static from a single image at test time. We achieve this additional factorization by training on
multi-view videos, such as those available from cameras at traf�c intersections or sports game footage.
Our model is trained self-supervised via neural rendering without pseudo-ground truth, bounding
boxes, or any instance labels. We demonstrate that separate reconstruction of movable objects enables
instance-level segmentation, recovery of 3D object-centric representations, and 3D bounding box
prediction via a simple heuristic leveraging that connected regions of 3D space that move together
belong to the same object. This further enables intuitive 3D editing of the scene.

Since neural groundplans are 2D grids of features without perspective camera distortion, shift-
equivariant processing using inexpensive 2D CNNs effectively completes occluded regions. Our
model thus outperforms prior pixel-aligned approaches in the synthesis of novel views that observe
3D regions that are occluded in the input view. We further show that by leveraging motion cues at
training time, our method outperforms prior work on the self-supervised discovery of 3D objects.

In summary, our contributions are:

• We introduce self-supervised training of conditional neural groundplans, a hybrid discrete-
continuous 3D neural scene representation that can be reconstructed from a single image,
enabling ef�cient processing of scene appearance and geometry directly in 3D.

• We leverage object motion as a cue for disentangling static background and movable
foreground objects given only a single input image.

• Using the 3D geometry encoded in the dynamic groundplan, we demonstrate single-image
3D instance segmentation and 3D bounding box prediction, as well as 3D scene editing.

2 RELATED WORK

Neural Scene Representation and Rendering. Several works have explored learning neural scene
representations for downstream tasks in 3D. Emerging neural scene representations enable recon-
struction of geometry and appearance from images as well as high-quality novel view synthesis via
differentiable rendering. A large part of recent work focuses on the case of reconstructing asingle
3D scene given dense observations (Cheng et al., 2018; Tung et al., 2019; Sitzmann et al., 2019a;
Lombardi et al., 2019; Mildenhall et al., 2020; Yariv et al., 2020; Tewari et al., 2021). Alternatively,
differentiable rendering may be used to supervise encoders to reconstruct scenes from a single or few
images in a feedforward manner. Pixel-aligned conditioning enables reconstruction of compositional
scenes (Yu et al., 2020; Trevithick & Yang, 2021), but does not infer a compact 3D representation.
Methods with a single latent code per scene do, but do not generalize to compositional scenes (Sitz-
mann et al., 2019c; Jang & Agapito, 2021; Niemeyer et al., 2020; Sitzmann et al., 2021; Kosiorek
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et al., 2021). Voxel grid based approaches offer both bene�ts, but are computationally costly(Lal
et al., 2021; Sajjadi et al., 2021; Dupont et al., 2020). Hybrid discrete-continuous neural scene
representations offer a compromise by factorizing a dense 3D �eld into several lower-dimensional
representations that are used to condition an MLP (Chan et al., 2022; Chen et al., 2022a). In particular,
neural groundplans and axis-aligned 2D grids enable high-quality unconditional generation of 3D
scenes (DeVries et al., 2021; Chan et al., 2022) as well as reconstruction of 3D geometry from
pointclouds (Peng et al., 2020). We similarly use axis-aligned 2D grids of features for self-supervised
scene representation via neural rendering, but reconstruct them directly from few or a single 2D
image observations.

Bird's-Eye View Representations. Bird's-eye view has been explored as a 3D representation in
vision and robotics, particularly for autonomous driving applications. Prior work uses ground-plane
2D grids as representations for object detection and segmentation (Saha et al., 2022; Harley et al.,
2022; Philion & Fidler, 2020; Reiher et al., 2020; Roddick et al., 2019), layout generation and
completion (Cao & de Charette, 2022; Jeong et al., 2022; Mani et al., 2020; Yang et al., 2021b),
and next-frame prediction (Hu et al., 2021; Zi�eba et al., 2020). The bird's-eye view is generated
either directly without 3D inductive biases (Mani et al., 2020), or similar to our proposed approach,
by using 3D geometry-driven inductive biases such as unprojection into a volume (Harley et al.,
2022; Chen et al., 2022b; Roddick et al., 2019), or by generating a 3D point cloud (Philion & Fidler,
2020; Hu et al., 2021). However, prior approaches are supervised, using ground truth bounding
boxes or semantic segmentation as supervision. In contrast, we present a self-supervised conditional
groundplan representation, learned only from images via neural rendering. While we show that our
self-supervised representation can be used for rich inference tasks using simple heuristics, our method
may be extended for more challenging tasks using the techniques developed in prior work.

Dynamic-Static Disentanglement. Our work is related to prior work on learning to disentangle
dynamic objects and static background. Some prior work leverages object motion across video
frames to learn separate representations for movable foreground and static background in 2D (Kasten
et al., 2021; Ye et al., 2022; Bao et al., 2022), while other recent work can also learn 3D representa-
tions (Yuan et al., 2021; Tschernezki et al., 2021). Our approach is similar in using object motion as
cue for disentanglement and multi-view as cue for 3D reconstruction, but uses it as supervision to train
an encoder-based approach that enables reconstruction from asingleimage instead of scene-speci�c
disentanglement from multiple video frames.

Object-centric Scene Representations. Prior work has aimed to infer object-centric representations
directly from images, with objects either represented as localized object-centric patches (Lin et al.,
2020; Eslami et al., 2016; Crawford & Pineau, 2019; Kosiorek et al., 2018; Jiang et al., 2019) or
scene mixture components (Engelcke et al., 2020; Burgess et al., 2019; Greff et al., 2019; 2016;
2017; Du et al., 2021a), with the slot attention module (Locatello et al., 2020) increasingly driving
object-centric inference. Resulting object representations may be decoded into object-centric 3D
representations and composed for novel view synthesis (Yu et al., 2022; Smith et al., 2022; Elich et al.,
2022; Chen et al., 2021; Bear et al., 2020; Zakharov et al., 2020; 2021; Beker et al., 2020; Du et al.,
2021b). BlockGAN and GIRAFFE (Nguyen-Phuoc et al., 2020; Niemeyer & Geiger, 2021) build
unconditional generative models for compositions of 3D-structured representations, but are restricted
to only generation. Some methods rely on annotations such as bounding boxes, object classes,
3D object models, or instance segmentation to recover object-centric neural radiance �elds (Ost
et al., 2021; Yang et al., 2021a; Guo et al., 2020; Yang et al., 2022). Several scene reconstruction
methods (Zakharov et al., 2020; 2021; Beker et al., 2020; Nie et al., 2020) use direct supervision
to train an object representation and detector to infer an editable 3D scene from a single frame
observation. Kipf et al. (2021) leverage motion as a cue for self-supervised object disentanglement,
but do not reconstruct 3D and require additional conditioning in the form of bounding boxes. In
this work, we demonstrate that a representation factorized into static and movable 3D regions can
serve as a powerful backbone for object discovery. While not explored in this work, slot attention
and related object-centric algorithms could be run on our already sparse groundplan of movable 3D
regions, faced with a dramatically easier task than when run on images directly.
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Figure 2:Groundplan inference. Given a context image, we �rst extract a set of CNN features. We
unproject the features into 3D and re-sample them at “pillars” on top of the location of groundplan
vertices. Pillars are aggregated into groundplan features using a softmax-weighted sum. The resulting
2D grid of features is decomposed into separate dynamic and static groundplans by a 2D CNN. The
coordinate-encoding MLP is not visualized in this �gure. Please refer to Sec. 3 for details.

3 CONDITIONAL NEURAL GROUNDPLANS

In this section, we describe the process of inferring a neural ground plan given one or several image
observations in a feed-forward manner, as well as subsequent novel view synthesis. The method will
be trained on a dataset of multi-view videos with calibrated cameras with wide baselines. Please see
Fig. 2 for an overview.

Compacti�ed neural groundplans for unbounded scene representations. A neural groundplan
is a 2D grid of features aligned with the ground plane of the 3D scene, which we de�ne to be
the xz� plane. A 3D point is decoded by projecting it onto the groundplan and retrieving the
corresponding feature vector using bilinear interpolation. This feature is then concatenated with the
vertical y-coordinate of the query point and decoded into radiance and density values via a fully
connected network, enabling novel view synthesis using volume rendering (Mildenhall et al., 2020).
In this de�nition, however, it is only possible to decode 3D points that lie within the boundaries of the
neural groundplan, which precludes reconstruction and representation of unbounded scenes. We thus
compactifyR3 by implementing a non-linear coordinate re-mapping as proposed by Barron et al.
(2021). Pointsx within a radiusr inner around the groundplan origin remain unaffected, but points
outside this radius are contracted. For any 3D pointx , the contracted 3D coordinate can be computed
asx0 = C(x) = ((1 + k) � k=jjujj )(u=jjujj )r inner; whereu = x=rinner, andk is a hyperparameter
which controls the size of the contracted region. Note thatC is invertible, such thatx = C � 1(x0) is
a function that takes a 3D point in contracted spacex0 to the original 3D pointx in linear space.

Reconstructing neural groundplans from images. Inferring a neural groundplan from one or
several images proceeds in three steps: (1) feature extraction, (2) feature unprojection, (3) pillar
aggregation. Given a single imageI , we �rst extract per-pixel features via a CNN encoder to yield
a feature tensorF. We de�ne the camera as the world origin and center the neural groundplan
accordingly, approximately aligned with the ground level. The image features are unprojected to a
3D feature volumev in contracted world space using the inverse of the contract function de�ned
earlier. We extract the feature at a contracted 3D pointx0 in v asv(x0) = F[� (C � 1(x0))] , where
C � 1(x0) �rst maps the contracted point to linear world space and� (�) projects it onto the image
plane of the context view using camera extrinsics and intrinsics. At any vertex of the groundplan, the
discretizedy-coordinates of the volume form a “pillar”. Next, we aggregate each pillar into a point to
create the 2D groundplan. We �rst use a coordinate-encoding MLPD(�) to transform the volume as
f (x0) = D(v (x0); x c ; d), wherex c denotes the 3D point in linear camera coordinates of the context
camera, andd denotes the ray direction from the camera center to that point. Since all features along
a camera ray are identical inv , coordinate encoding is used to add the depth information to the
features. In the case of multi-view input images, the volumes corresponding to each input view are
mean pooled. Associated to each 2D vertex of the groundplan is now a set of featuresf f i gN

i =1 , where
N is the number of samples along they-dimension. We use a “pillar-aggregation” MLP to compute
softmax scores as� i = P(f i ; x i ), whereP(�) denotes the MLP andx i is the linear coordinate of the
i -th point on the pillar. Finally, the features are aggregated by computing the weighted sum of the
features,g =

P
i � i f i .

Differentiable Rendering. We can render images from novel camera views via differentiable volume
rendering (DeVries et al., 2021; Lombardi et al., 2019; Mildenhall et al., 2020). To resolve points
closer to the camera more �nely, we adopt logarithmic sampling of points along the ray with more
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