


tioning network whose encoding layers feed their learned
feature maps to the VAE, conditioning it on partial obser-
vations. Both encoder and decoder of the VAE split into
task specific branches in the first and last layers, to allow for
seperate encoding and decoding for instance and TSDF pre-
diction. To learn descriptive depth features, the condition-
ing network is trained by auto-encoding a partial TSDF and
is trained jointly with the VAE. We choose Residual blocks
[19] with Squeeze and Excitation (SE) [21] over conven-
tional convolutional layers in the joint encoder and decoder
of the VAE to avoid gradient underflow and favour context
integration. Since we compress both TSDF and instance
segmentation into one latent code of size 96, it learns a
consistent joint representation of the geometry and instance
segmentation of a scene. Our architecture can be seen in
Figure 2. Training To be effective, reconstruction has to be
possible from any viewpoint. We therefore train our model
on random viewpoints uniformly sampled during training in
the range (−1m, 1m) for lateral positions and (10cm, 1m)
for camera height. We generate a partial TSDF for every
novel viewpoint as described in Section 3.1.2).

3.1.2 Conditioning on a Depth Image

Conditioning a 3D decoder on 2D depth image features
would require the network to implicitly learn a reprojec-
tion task. To let it focus on the main task, we convert the
input depth image(s) into a partial TSDF by reprojecting
depth into the scene. We use inverse ray tracing for this and
sample along each ray to fill the voxels in the camera view
frustrum with the closest distance to a surface. Parallelized,
our algorithm generates a partial TSDF in under 0.8 seconds
and can be used in online training.

3.1.3 Loss Definition

When predicting a TSDF, areas close to the surface with
lower values will incur a smaller penalty than more distant
positions. Other work [50] has proposed masking the loss
by applying a different weight near the surface. We observe
that this approach adds a discontinuity to the loss as well as
an additional hyperparameter δ for the mask area. Instead
we propose a loss which adds the inverse of the TSDF itself
as a weighting factor:

LTSDF =
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1

|vx,y,z| + ϵ
||vx,y,z − v̂x,y,z||2, (1)

where vx,y,z and v̂x,y,z are the ground truth and predicted
TSDF values at voxelgrid index (x, y, z), ϵ prevents division
by 0 (set to 1e−9) and ||.||2 is the L2-norm. We use the
same loss for the partial TSDF prediction and refer to it as
Lp T SDF . For the instance vector voting task, we use the
L2-norm between predicted and ground truth center vectors

ˆ̄c and c̄:

Lcenter votes =
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||c̄x,y,z − ˆ̄cx,y,z||2. (2)

We found that this led to better convergence for the instance
segmentation task than using cosine similarity. To approx-
imate our prior, we empirically found that training using
the Maximum-Mean Discrepancy DMMD [55] led to better
convergence than using the standard KL-divergence [24].
Our final loss is composed of 4 components:

Ltotal = αLT SDF + βLp T SDF +

γLcenter votes + δDMMD.
(3)

We set α = β = γ = 1 and δ to 1e5.

3.1.4 A dataset of SuperQuadric Piles

Instead of training on specific shapes from datasets such as
ShapeNet [6] or ModelNet [47], we use generic shapes to
favour generalisation. Superquadrics offer a general shape
description, extending quadrics to multiple exponents, and
are defined as the solution to the implicit equation:

f(x, y, z) =
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����s

+

���� z

a3

����t

= 1. (4)

For exponents r, s, t >= 1 the shapes are convex and
varying the scale parameters a1, a2, a3 generates very flat,
small, or bulky shapes, ideal for approximating everyday
household objects. We leverage this continuous parametri-
sation to sample a large variety of shapes (3500 individual
shapes with exponents ranging between 2 to 100 and scales
between 5 cm and 30 cm) and generate 10, 000 realistic ob-
ject piles using PyBullet [10]. For each scene we randomly
place between 3 and 4 superquadrics (see Figure 3) .

3.2. Postprocessing

3.2.1 Class-agnostic Instance Segmentation

To make our instance segmentation class-agnostic and inde-
pendent of the number of objects present, we implement in-
stance segmentation using 3D Hough voting. The instance
branch of our network predicts a vector field in which each
voxel ‘votes’ for the object it belongs to by predicting a
3D unit vector ĉ from its own centroid to the object’s cen-
troid. (see Figure 4). At a 10-fold higher resolution than our
voxel grid (640 × 640) , we count the number of rays that
traverse each voxel by marching each ray through the grid.
We use the object bounds obtained from the TSDF predic-
tion to limit raycasting to the inside of objects. A higher res-
olution allows for more detailed prediction of centers which
don’t coincide with voxel centers at the original resolution.
Those voxels with a number of traversals larger than µ are





3.3. Multi-View Estimation

Our method supports multi-view reconstruction in two
ways: the generative decoder can be conditioned on a partial
TSDF generated from fusing multiple depth images (multi-
view conditioning); or the latent code can be optimised from
one or multiple depth views using differentiable depth ren-
dering (multi-view optimisation). To implement multi-view
conditioning, we backproject multiple depth views into the
scene using inverse raytracing as in Section 3.1.2. To
demonstrate how our latent code can be optimised against
multiple depth views, we implement a differentiable depth
renderer for raytracing TSDFs and an optimization method
described in the supplementary material.

4. Experiments
We evaluate our method quantitatively on our own test

dataset (1419 scenes) and a test dataset of YCB [3] objects
(256 scenes) to demonstrate generalisation. For the latter
we select YCB objects with IDs: 2, 3, 4, 5, 7, 8, 9, 10, 36,
61 which can be approximated by a single superquadric and
generate object stacks using the same procedure we used for
our own synthetic scenes (Section 3.1.4). We show dataset
examples in Figure 3. We demonstrate qualitative result on
our synthetic datasets in Figure 9 as well as on real data ex-
amples and sequences of the YCB-Video dataset (Figures
1, 10 and 5) and evaluate our method for multi-view recon-
struction. We show how our method generalises to scenes
with more objects and demonstrate an application of our
method for non-disruptive grasping on unknown objects.

Figure 5: Sampling from the latent space for a real data exam-
ple. We see multiple pile samples which all look similar from the
point of view of the input depth observation (top) but significantly
different though all plausible from the back (bottom).

4.1. Single-view Reconstruction

We are not aware of directly comparable work on 3D in-
stance segmentation for object groups and therefore select
the following two baselines to compare our method against.
SSCNet Baseline The closest existing method is SSCNet
[39], which predicts a 3D occupancy grid with semantic la-
bels for multi-object rooms from a single depth image. As
this method does not predict instances, we use it as a base-

line only for geometric reconstruction and adapt it as fol-
lows: (1) we change the last layer to predict a TSDF; (2) we
remove downsampling (required only in large-scale scenes)
from layers by adding padding as well as one upsampling
layer. We refer to this modified version as SSCNet∗∗.
Fully Convolutional (FC) Baseline Secondly, we use an
ablated version of our model: a fully convolutional network
predicting a TSDF and instance vector field from a single
depth image. This serves both as a baseline for instance
segmentation and an ablation study, showing the advantage
of a learned prior over direct prediction. Our ablated model
uses the same SE and Residual units as our main model but
no feature space compression, as we found it reduced con-
vergence. A detailed description of baseline architectures
can be found in the supplementary material.

Figure 6: Left: Ground truth with the visible part of the mesh
highlighted in red. Right: 3 random latent code samples generated
by our network. Note how every sample has different reconstruc-
tions in the occluded areas, which are plausible but would yield
high reconstruction error with respect to the ground truth TSDF.

4.1.1 Reconstruction Accuracy

Comparing the full reconstruction to the ground truth scene
unfairly penalises the network in occluded regions for
reconstructions which are plausible, but differ from the
ground truth (see Figure 6). We therefore evaluate our
method on the visible surface area and the full reconstruc-
tion separately. To show how performance differs depend-
ing on how much of the object stack is visible from a given
viewpoint, we report results by surface visibility. Note that
given a single view, the maximum surface visibility of a
pile is around 50%, since the back will always be occluded.
Since our method is viewpoint agnostic, we evaluate ev-
ery test scene from 3 random viewpoints uniformly sam-
pled from the same ranges used during training (Section
3.1.1). We ensure the distance between camera and scene
centers is at least 50cm. For every viewpoint, we generate a
3D scene and compute the average reconstruction accuracy
for 3 latent code samples to account for variability. Visible
surface evaluation To evaluate surface reconstruction ac-
curacy, we extract a mesh from the generated and ground
truth TSDFs using marching cubes. We obtain the visible
surface by extracting all visible faces using ray-triangle in-
tersection with the generated mesh. We produce 1000 uni-
form samples from the extracted surface and evaluate the
bidirectional Chamfer Distance between ground truth and
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