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Abstract

We revisit Semantic Scene Completion (SSC), a useful task
to predict the semantic and occupancy representation of 3D
scenes, in this paper. A number of methods for this task are
always based on voxelized scene representations for keeping
local scene structure. However, due to the existence of vis-
ible empty voxels, these methods always suffer from heavy
computation redundancy when the network goes deeper, and
thus limit the completion quality. To address this dilemma, we
propose our novel point-voxel aggregation network for this
task. Firstly, we transfer the voxelized scenes to point clouds
by removing these visible empty voxels and adopt a deep point
stream to capture semantic information from the scene effi-
ciently. Meanwhile, a light-weight voxel stream containing
only two 3D convolution layers preserves local structures of
the voxelized scenes. Furthermore, we design an anisotropic
voxel aggregation operator to fuse the structure details from
the voxel stream into the point stream, and a semantic-aware
propagation module to enhance the up-sampling process in
the point stream by semantic labels. We demonstrate that our
model surpasses state-of-the-arts on two benchmarks by a
large margin, with only depth images as the input.

Introduction

With a partial 2D observation, humans are capable of un-
derstanding the 3D space and inferring the objects behind
the occlusion. Similarly, the capability to capture the struc-
ture and semantic information of 3D scenes is beneficial for
many real-world applications, including robotics, virtual re-
ality, and interior design. To achieve this goal, we need to
perform scene completion and scene labeling tasks, which
are proved to be closely correlated by (Song et al. 2017).
Semantic Scene Completion (SSC) is therefore put forward
to predict 3D geometry and semantics simultaneously from
a partial observation, which is an emerging topic in recent
years.

Previously, most methods (Song et al. 2017; Guo and Tong
2018; Garbade et al. 2019; Liu et al. 2018) solve this challeng-
ing problem with voxelized partial observations. To handle
these voxelized scenes, 3D convolution networks are always
adopted by these methods to learn the occupancy and seman-
tic information of each voxel. Although voxel representations
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(b) Ground Truth

(c) 3D-Sketch

(d) Ours

Figure 1: Visualization of Semantic Scene Completion task.
Our method generates more reasonable results compared to
3D-Sketch (Chen et al. 2020a) while significantly lowering
the computational costs.

preserve abundant structure details of the partial 2D observa-
tion, not all voxels are of equal importance in this volume.
In particular, there exist lots of visible empty voxels (e.g.,
atmosphere in the visible region) in the voxelized SSC data
by nature. These voxel-based methods have to perform un-
necessary calculations on them in forward propagation, but
ignore them in backward propagation since the labels are
already known. Therefore, they always suffer from heavy
computation redundancy, especially for trying to keep the
high scene resolution in a deep 3D convolution network. To
solve this problem, an efficient sparse data structure should
be used, such as the point cloud or voxel octree (Liu et al.
2020; Takikawa et al. 2021). An early attempt (Zhong and
Zeng 2020) removes these visible empty voxels and adopts a
point cloud based network to extract features from this non-
grid data for SSC task, but it is intrinsically weak in local
structure modeling since the point cloud representation is
sparse.

Therefore, it is crucial to consider the complementarity
between voxel-based and point-based scene representation
into the SSC framework. Unlike most other 3D computer



vision tasks, such as 3D detection or segmentation, the data
for SSC tasks is usually voxelized since the goal is to predict
the semantic and occupancy of voxels in this 3D scene. The
point clouds are extracted from these voxels. In fact, the
voxel representation is denser than the point representation
in our setting, for that only a part of point clouds are sampled
as input during training. Thus, we design our Point-Voxel
Aggregation Network (PVA-Net), where two 3D convolution
layers keep the details from the voxelized scenes and a deep
point cloud based network captures semantic information
efficiently.

We adopt the point stream as the main stream of our net-
work for its low memory requirement. Meanwhile, a light-
weight voxel stream is used to extract structure details, which
acts as a complement to the point stream. To efficiently fuse
the point stream and the voxel stream, we propose a novel
Anisotropic Voxel Aggregation (AVA) module to aggregate
information in voxels for each center point. Given the posi-
tion of a center point, we apply three ellipsoidal receptive
fields to extract feature patterns from the voxels in different
directions and concatenate them with the center point’s fea-
tures. Moreover, we design a semantic-guided decoder that
consists of several Semantic-aware Propagation (SP) mod-
ules, which encourages feature propagation between points
belonging to the same semantic class.

We summarize our contributions as follows:

* To avoid the redundant computation in visible empty vox-
els in the SSC task, we convert the valid volume data to
points and introduce the Point-Voxel Aggregation Net-
work, which combines the low memory requirement of
point-based methods and the local structure modelling
ability of voxel-based methods.

* We propose the Anisotropic Voxel Aggregation mod-
ule to efficiently fuse the structure information from a
light-weight voxel stream into the point stream, and the
Semantic-aware Propagation module to encourage feature
propagation between points of the same semantic class.

¢ Our method outperforms state-of-the-arts by a large mar-
gin on two public benchmarks, with only depth images as
the input.

Related Work
Deep Learning for 3D Scene Analysis

Learning semantic information of given scene with 3D infor-
mation has drawn increasing attention in recent years. Rather
than directly using 3D data, previous methods always focus
on RGBD images (Xing et al. 2019a,b; Xing, Wang, and
Zeng 2020; Chen et al. 2020b) to understand the semantic
information of the given scene. Different from 2D images,
3D data have various data representations such as voxels
and point clouds and can facilitate various different applica-
tions (Wang et al. 2021; Rong, Shiratori, and Joo 2021; Rong
et al. 2021). Lots of methods have been proposed to handle
different representations. 3D CNNss are the straightforward
extension of 2D CNNs to 3D voxels. Early researches (Chang
etal. 2015; Wu et al. 2015; Maturana and Scherer 2015; Zhou
and Tuzel 2018) rely on 3D convolutions to process 3D voxel
data in regular grids.
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Point-based methods learn 3D point cloud representations
directly by defining permutation-invariant point convolutions
in irregular space. PointNet (Qi et al. 2017a) first uses a
shared MLP on every point individually followed by global
max-pooling to extract global features. Pointnet++ (Qi et al.
2017b) introduces hierarchical architectures to learn local
features and increases modal capacity. Later works (Rethage
et al. 2018; Landrieu and Simonovsky 2018; Wu et al. 2018;
Zhao et al. 2019; Milioto et al. 2019; Komarichev, Zhong,
and Hua 2019; Lang et al. 2019; Hu et al. 2020; Xu et al.
2021) focus on more effective and general point operations,
such as explicit point convolution kernels where the weights
can be directly learned without intermediate MLP represen-
tations (Hua, Tran, and Yeung 2018; Li et al. 2018; Thomas
et al. 2019; Lin et al. 2020) and graph convolutions (Wu, Qi,
and Li 2019; Li et al. 2019a; Wang et al. 2019a).

Multi-modality fusion is also a long-term problem in 3D
deep learning. Recently, a few works begin to leverage the
advantages of point cloud and voxel representation together
in deep neural networks. PV-CNN (Liu et al. 2019) is pro-
posed to represent 3D data in sparse points to save memory
cost and perform convolutions in voxels to obtain the con-
tiguous memory access pattern. PV-RCNN (Shi et al. 2020)
defines a Voxel Set Abstraction (VSA) module to summarize
voxel features into key points to further explore this problem.
However, this work focuses on object detection and relies on
a heavy voxel stream to regress object proposals. To improve
the learning efficiency and capability of the framework, we
differ from the design choices in PV-RCNN as follows: 1)
We only use a light-weight voxel stream to assist the main
point stream; 2) Our AVA module is more general than the
VSA module, which can be seen as a special case of our
AVA module using spherical receptive fields; 3) We focus on
scene completion and propose the SP module to aggregate
features at different stages with semantic guidance during
up-sampling, which is not considered by PV-RCNN.

Semantic Scene Completion

Semantic Scene Completion (SSC) aims to predict a complete
voxel representation of a 3D scene and each voxel’s seman-
tic label, usually from a single-view depth map observation.
SSCNet (Song et al. 2017) first combines semantic segmenta-
tion and scene completion in an end-to-end way, showing that
the two tasks are highly coupled and can be learned together
to improve the performance. ESSCNet (Zhang et al. 2018)
introduces Spatial Group Convolution (SGC) which divides
the voxels into different groups to save computational cost.
Later works (Guo and Tong 2018; Wang et al. 2019b; Zhang
et al. 2019; Chen, Xing, and Zeng 2020) improve the perfor-
mance with better architecture, such as 2D-3D combination,
cascaded context pyramid and so on. Guedes et. al. (Guedes,
Campos, and Hilton 2018) first investigates the potential of
the RGB images to improve SSCNet. After that, many meth-
ods (Garbade et al. 2019; Liu et al. 2018; Dourado et al. 2019;
Li et al. 2019b, 2020b; Chen et al. 2020a) take RGB images
as an additional input with the depth map and explore the
complementarity between the two modalities. Most recent
work (Li, Ding, and Huang 2021) further explores the inter-
action between 2D segmentation and 3D SSC, but they rely
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Figure 2: The overall architecture of the proposed method. We generate point clouds from input TSDF volumes and use an
encoder-decoder architecture to predict the semantic labels, with an Anisotropic Voxel Aggregation module to aggregate the

local structure information from the voxels.

on heavy networks to perform the feature extraction.

These methods all utilize 3D CNNs as the backbone, caus-
ing unnecessary computational cost in the visible empty vox-
els. Whereas AIC-Net (Li et al. 2020a) also proposes an
anisotropic convolution to model the voxel-wisely dimen-
sional anisotropy, our AVA module differs in both formula-
tion and functionality, focusing on synchronizing features
from voxels to point representation with a more flexible ellip-
soidal receptive field.

Different from those voxel-based methods above, SPC-
Net (Zhong and Zeng 2020) first introduces a point-based
network to address the SSC problem, by training a point
network on the observed points and then obtaining the fea-
tures of the occluded points through bilinear interpolation.
Due to the interpolation process that depends on distance
metrics, the occluded points far from the visible points are
hard to predict in their method. Furthermore, point-based
method alone is not enough to retain detailed local structure
information during the down-sampling progress. Therefore,
we draw ideas from the Point-Voxel methods and propose a
two-stream network, where an efficient point stream extracts
semantic features and a light-weight voxel stream provides
dense local structure information through the AVA module.

Methodology
Overview of the Proposed Method

The overall architecture of the proposed method is illustrated
in Figure 2. Our model consists of a point stream and a voxel
stream. To reduce the computation redundancy, we convert
the TSDF volume to a point cloud by removing the visible
empty voxels, which serves as the input of the point stream.
The point stream adopts a PointNet++ (Qi et al. 2017b)-
like encoder-decoder architecture. The encoder extracts the
semantic features in a hierarchical way and the decoder en-
courages feature propagation in points of the same class.
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Meanwhile, a light-weight voxel stream that only contains
two 3D dense convolutional layers is applied to the TSDF
volume. An AVA module is proposed to aggregate the local
voxel features to the point features. Finally, the predicted
point labels are converted back to the voxel representation to
calculate the evaluation metrics.

Point Clouds Generation

Voxel-based methods always encode the depth map into a
3D TSDF volume (Song et al. 2017), and carry out later
procedures in this voxel space. However, we argue that not
all voxels in this volume are of equal importance for the
SSC task. In fact, there are three kinds of voxels inside this
volume: 1) the observed surface voxels which are directly
projected from the given depth image, 2) the occluded voxels
behind the observed surface which we need to complete
and recognize, and 3) the visible empty voxels (such as the
atmosphere) between camera and the observed surface. The
last kind of voxel is useless for our task since we already
know it’s empty. Thus, these voxels are removed during our
point clouds generation process. As shown in Figure 3, we
only keep the observed surface and the occluded regions in
our point clouds.

Each input point p; has a 5-dim feature vector f; =
(24, Yi, i, tiy hi). Suppose p; is generated from voxel v; in
the 60 x 36 x 60 3D volume, then z;, y;, 2; are normalized
z-y-z indexes of v; in the volume. ¢; is the TSDF value of v;,
and h; is the normalized height value of v;. Please note that
z;,Y;, 2; are normalized according to the mass center of the
points in the scene, while h; is normalized by 36, the maxi-
mum height of the voxelized scene. We think the normalized
height serves as a prior that describes the positions of objects
in the room. This could help to distinguish some categories
with significantly different height values, such as the floor
and the ceiling.



Figure 3: Points generation from the voxel volumes. Only
the observed surface (yellow) and occluded regions (dark
gray) are kept, while the visible empty voxels (light gray)
are discarded. For example, the average number of the kept
points is 16313 for the 60 x 36 x 60 input voxels from
the NYUCAD dataset, which means about 87% of the input
voxels are redundant.

Anisotropic Voxel Aggregation

Due to the sparsity of the point clouds, it is hard for the point
stream to model the detailed structure information which is
important for the scene completion and recognition. Since we
have the denser volume data as well, we design a voxel stream
to extract the structure features and propose the Anisotropic
Voxel Aggregation (AVA) module to fuse the point-voxel
features.

We first extract the local features of the TSDF volume
through two simple convolution layers. This requires little
computational cost and takes about only 15.0% of the overall
memory cost, but enables each voxel in the volume to have
a suitable receptive field to encode local geometry informa-
tion. As shown in the top part of Figure 2, for each center
point p; = (z;,y;, 2;) in the point cloud, we define three
ellipsoidal receptive fields with x, y, z axis as the major axis
respectively. Taking the z-axis as an example, the receptive
field NV, (¢) of p; in the volume could be defined as:

() —x:)* L Wis yi)?

(kr)? r2

Xt ={v, L

where v is the j-th voxel and (z;,y;, z;) is its position, 7
is the radius for minor axes, and £ > 1 is a scale factor
for the major axis. Unless mentioned specifically, we use
3 as the default value for k. The receptive field along the
y-axis and z-axis could be defined in a similar way. From the
perspective of pattern recognition, the anisotropic receptive
field ensures us to activate feature patterns in three direc-
tions, which is more flexible and effective than the isotropic
spherical receptive field.

Then we could aggregate the structure features of voxels
around p; with:

fose = max {¢q(fFO™, £/ 2

; > Jmax {ea(f° 57} @)
def{x,y,z}

where f{"*¢ is the fused point-voxel feature, £} oint i< the fea-

ture of p;, £7°*°! is the feature of j-th voxel in the volume, ¢4

is a MLP layer for non-linear feature extraction in the d-axis,
max denotes max-pooling operation that keeps the maximum
activation in the neighborhood, and N, (4) represents the set
of neighbor voxels of p; inside the ellipsoidal receptive field
with the d-axis as the major axis. This AVA module enables
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Figure 4: Different Feature Propagation strategies. (a) Feature
Propagation (FP) in PointNet++ (Qi et al. 2017b). (b) The
proposed Semantic-aware Propagation (SP). Different colors
mean different semantic classes. Larger points are from a
deeper layer, while smaller points are in the current layer.
Dashed lines mean smaller weight. The boundary color of the
center point means the interpolated features are dominated
by which semantic class. In (a), the center point is dominated
by the wrong class due to the unsuitable FP strategy, while
the proposed method (b) avoids this problem.

the sparse center points to aggregate local structure informa-
tion from nearby dense voxels. Therefore, the information
from voxels could positively affect the completion and recog-
nition of point clouds through back propagation.

Semantic-aware Propagation

During the encoding process, Set Abstract (SA) (Qi et al.
2017b) layers will down-sample the input points. Suppose
we have NV SA layers in the network, named SA(l), e SANY),
We denote X(0) = {(pz(.o), fi(o))} as the raw input point set,
where fi(o) is the feature of the point pgo). Then the cor-
responding output point sets of N SA layers are X(1), ...,
X (N) respectively. Please note that if a point belongs to X (%)
(i > 1), then it must belong to X *~1) as well, because each
SA layer only down-samples points from the former layer.

To obtain the features of all the raw input points, we pro-
pose the Semantic-aware Propagation (SP) module, which is
a hierarchical propagation strategy as shown in Figure 4. For
a target point pl(.l) in X, we find its k-neighbors (p(lH'l),
wees pgﬂ)) in X(*+1) according to the zyz coordinates. To
interpolate the feature of p"), the general feature propagation
can be represented by:

@) p(1+1)
ZjeN,gl“) @ WiiEj
) 3)

£ —
7 l
ZjeN,ﬁ"“)(i) wl(]

is the set of k nearest neighbors of pgl) in
£UHD)

J

where Nélﬂ) (4)
XU+ and w,gl;
to the point pgl).
An intuitive idea is to measure the similarity between the

point pz(-l) and p§l+1) forj € N,EZ-H) (7) and use the similarity

is the weight factor for with respect



as the weight factor. However, since p( ) and p(-lH) belong
to different levels and thus are embedded to different feature

spaces, it is not suitable to directly compare their feature

(+1)

vectors. We notice that the point p; also exists in X

since the points in X(*1) is a subset of X ("), Then we could

0] 0)

measure the similarity between p,” and p ;7 1n a learnable

manner: l -

w!) = o(o(E"]I£)) )

where o is the sigmoid function, ¢ is a MLP and || means
channel-wise concatenation.

In this way, we could interpolate point features with seman-

tic information, which is helpful in SSC task. We explicitly

supervise the learned weights during training, by setting the

ground truth of w(l]) to 1 if the two points belong to the same
semantic class, and 0 if they belong to different classes. We
think this could encourage the network to only propagate
semantically similar features, which weakens the effect of
neighbor points from different classes during interpolation.

Training Loss

The training loss involves two terms: SSC loss Lssc and
SP loss Lgp. The SSC loss is a weighted voxel-wise cross-
entropy loss:

Lssc = Z ms j, k£CE(pz,j ks Yi,j, k) (5)

N
valid ik

where m; ; i, is set to 1 if the voxel at index (4, j, k) is not
visible empty (i.e., can be converted to a point) or 0 otherwise.
Yi,j,k 18 the ground truth label, p; ; 1 is the prediction of the
voxel mapped back from the corresponding point, Nyujig =
ik Mijk is the number of valid voxels in this volume,
and Lcg is the cross-entropy loss.

The SP loss is designed to supervise the pairwise similarity
introduced in Equation 4. The SP loss could be formulated

d. ) Lelw

bo<igiXO] jen* (2

1
N, pairs

O a®

l _] ’ 7 ])
(6)

where Np,irs represents the number of point pairs involved,

(l-‘rl)( )

Lsp =

|X ()| means the number of points in the I-th level, V,

is defined in Section . G(l) is the ground truth of the pair-

wise similarity. If two points p§ ) and pg- )

category, it is 1, otherwise it is 0.
We optimize the entire network by the balanced combina-
tion of the two terms:

belong to the same

L = Lssc + ALsp (N

Experiments

In this section, we evaluate the proposed method and com-
pare it with state-of-the-art methods on two public datasets,
NYU (Silberman et al. 2012) and NYUCAD (Firman et al.
2016).
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Figure 5: Visualizations on the NYUCAD dataset. From left
to right: (a) RGB-D images, (b) results of (Song et al. 2017),
(c) results of (Chen et al. 2020a), (d) our results, and (e)
ground truth. Best viewed in color and zoom in.

Datasets and Evaluation Metrics

Datasets. The NYU dataset (Silberman et al. 2012) con-
sists of 1,449 realistic indoor RGB-D scenes captured via a
Kinect sensor (Song et al. 2017). Since the real-world com-
pleted scenes are hard to be captured, human annotations
provided by (Guo, Zou, and Hoiem 2015) are widely used as
the ground truth completion. However, as discussed in (Song
et al. 2017), there exists many misalignments between the
depth images and the corresponding 3D labels in the NYU
dataset, which makes it hard to evaluate accurately. To solve
this problem, the high-quality synthetic NYUCAD dataset is
proposed by (Firman et al. 2016), where the depth maps are
projected from the ground truth annotations and thus avoid
the misalignments. Following previous works (Song et al.
2017; Chen et al. 2020a; Garbade et al. 2019), we choose
NYU and NYUCAD to evaluate our method.

Evaluation Metrics. We follow (Song et al. 2017) to use
precision, recall and voxel-level intersection over union (IoU)
as the evaluation metrics. Two tasks are considered, namely,
semantic scene completion and scene completion. For the
task of semantic scene completion, we evaluate on both the
observed surface and occluded regions and report the mIoU
of each semantic class. For the task of scene completion, we
treat all non-empty voxels as class ‘1’ and all empty voxels
as class ‘0’, and then evaluate the binary IoU on the occluded
regions.

Implementation Details

We use the PyTorch framework with two Nvidia Titan Xp
GPUs to conduct our experiments. Mini-batch SGD with
momentum of 0.9 is adopted to train our network. The initial
learning rate is 0.05, batch size is 8 and the weight decay is
0.0005. We employ a Poly learning rate decay policy where
the initial learning rate is multiplied by (1 — BoNter :g )0-9, We
train our network for 1000 epochs on the NYUCAD dataset
and the NYU dataset. The radius of the ellipsoidal recep-
tive field is set to 0.09 for the major axis and 0.03 for the
minor axes. We sample at most 8 voxels inside each ellip-



scene completion semantic scene completion
Methods Input | Resolution | prec. recall IoU | ceil. floor wall win. chair bed sofa table tvs furn. objs. | mloU
SSCNet D (240,60) | 754 963 732325 926 402 89 339 570 595 283 81 448 251 | 40.0
CCPNet D (240,240) | 91.3 926 824|562 94.6 587 351 448 68.6 653 37.6 355 53.1 352 | 532
SPCNet D (60,60) | 814 709 61.0|581 91.6 53.7 13.0 52.1 689 577 319 64 505 28.1 | 46.6
TS3D RGBD | (240, 60) - - 7611259 938 489 334 312 66.1 564 31.6 38.5 514 308 | 46.2
DDRNet | RGBD | (240,60) | 88.7 88.5 794 |54.1 915 564 149 370 557 510 288 92 441 278 | 428
AIC-Net | RGBD | (240,60) | 882 90.3 80.5|53.0 912 572 202 446 584 562 362 9.7 471 304 | 458
3D-Sketch | RGBD | (60,60) | 90.6 922 842 |59.7 943 643 32.6 51.7 720 687 459 19.0 60.5 385 | 552
IMENet RGBD | (60,60) | 84.8 923 79.1| - - - - - - - - - - - 475
Ours D (60,60) | 951 903 863|715 94.1 66.6 237 60.0 78.5 722 453 16.7 60.1 369 | 56.9

Table 1: Results on the NYUCAD dataset. Resolution(a, b) means the input resolution is (a x 0.6a x @) and the output resolution
is (b x 0.6b x b).

scene completion semantic scene completion
Methods Input | Resolution | prec. recall IoU | ceil. floor wall win. chair bed sofa table tvs furn. objs. | mloU
SSCNet D (240,60) | 57.0 945 551|151 947 244 0.0 126 321 350 13.0 7.8 27.1 10.1 | 247
ESSCNet D (240,60) | 71.9 719 562|175 754 258 6.7 153 538 424 112 0 334 11.8| 267
VVNet D (120,60) | 69.8 83.1 61.1|193 948 28.0 122 19.6 57.0 505 17.6 119 356 153 | 329
ForkNet D (80,80) - - 6341362 938 292 189 17.7 61.6 529 233 195 454 20.0| 37.1
CCPNet D (240,240) | 742 90.8 63.5|235 96.3 357 202 258 614 56.1 18.1 28.1 37.8 20.1 | 385
SPCNet D (240,60) | 72.1 422 363|338 644 383 75 307 534 426 197 55 342 139 | 313
TS3D RGBD | (240,60) - - 600] 97 934 255 21.0 174 559 492 17.0 275 394 193] 34.1
SATNet RGBD | (60,60) | 673 858 60.6|173 92.1 280 166 193 575 538 172 185 384 189 | 344
DDRNet |RGBD | (60,60) | 71.5 80.8 61.0|21.1 922 335 6.8 148 483 423 132 139 353 132 | 304
AIC-Net |RGBD | (60,60) | 624 91.8 592|232 90.8 323 148 182 51.1 448 152 224 383 157 | 333
3D-Sketch | RGBD | (60,60) | 85.0 81.6 71.3|43.1 93.6 405 243 30.0 57.1 493 292 143 425 28.6 | 41.1
IMENet RGBD | (60,60) | 90.0 784 72.1|43.6 93.6 429 313 366 57.6 484 321 160 478 36.7 | 44.2
Ours D (60,60) [ 911 79.7 740|514 940 499 159 419 683 588 354 129 485 29.1 | 46.0

Table 2: Results on the NYU dataset. Resolution(a, b) means the input resolution is (a x 0.6a x a) and the output resolution is

(b x 0.6b x b).

soidal receptive field. The balancing factor A in Equation 7
is set to 0.5. Since the output of the SSC task is usually at
the resolution of 60 x 36 x 60, we adopt the same input
resolution of voxels following SATNet (Liu et al. 2018) and
3D-Sketch (Chen et al. 2020a). Different from (Zhong and
Zeng 2020), we feed both the observed and occluded points
into our network during training. Since the number of points
for each scene is not fixed, we randomly sample a fixed num-
ber of observed points (2048) and occluded points (8192) for
each scene to enable batched training. At inference time, we
use all the generated points as input.

Comparisons with State-of-the-art Methods

We compare the proposed method with state-of-the-art meth-
ods. Table 1 lists the results on the NYUCAD dataset. Our
method outperforms all the existing voxel-based or point-
based methods, gaining an increase of 1.7% SSC mloU and
2.1% SC IoU compared to the previous best method (Chen
et al. 2020a). While some methods use a higher input resolu-
tion, we already achieve good enough results with the 60 x
36 x 60 input resolution. The advantage of our method is not
from a higher input resolution than others, but the novel and
efficient point-voxel framework that modelling the local de-
tails and global context in a computationally-friendly manner.
We also conduct experiments on the NYU dataset to validate

the performance of our method on realistic data. As listed
in Table 2, our method consistently outperforms previous
best method (Li, Ding, and Huang 2021) in both SC IoU
and SSC mloU metrics. Notably, our method only requires
one-pass forward, while IMENet (Li, Ding, and Huang 2021)
performs multiple iterations between a 2D and a 3D network
and introduces a very large computational cost.

We provide some visualizations on the NYUCAD dataset
in Figure 5. With only the depth images as input, our method
achieves good inter-class distinction and intra-class consis-
tency. We think the superiority of the proposed method comes
from the two-stream framework, where the point stream ex-
tracts the high-level semantics and the voxel stream extracts
the detailed local structure information.

Methods FLOPs Memory SCIoU(%) SSC mloU(%)
SSCNet 163.8G  1057M 73.2 40.0
3D-Sketch 293.7G  1535M 84.2 55.2
Ours 8.9G 554M 86.3 56.9

Table 3: Efficiency analysis on the NYUCAD dataset.
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Baseline AVA SP SC IoU(%) SSC mloU(%) SA-1  SA-2 SA-3 SA-4 SCloU(%) SSCmloU(%)
v 85.1 51.4 v 86.3 56.9
v v 85.9 53.2 v 86.2 55.7
v v 85.3 54.9 v 86.0 534
v v v 86.3 56.9 v 85.8 53.8
v v v v 86.2 56.6

Table 4: Ablation study on different modules. The baseline
is a pure point-based network (PointNet++(Qi et al. 2017b)),
‘AVA’ means Anisotropic Voxel Aggregation and ‘SP’ means
Semantic-aware Propagation.

Table 6: Ablation study on the position of AVA module. SA-i
indicates AVA module is embedded into the ¢-th SA layer.

Methods SCIoU(%) SSC mloU(%)
Methods SCIoU(%) SSC mloU(%) Inverse Euclidean 85.3 54.9
Point Only 85.9 532 Cosine Similarity 83.9 54.4
Nearest Aggregation 86.0 55.1 Semantic-aware Propagation 86.3 56.9
Spherical Aggregation 86.1 56.0
Anisotropic Voxel Aggregation 86.3 56.9 Table 7: Ablation study on different Feature Propagation

Table 5: Ablation study on Voxel Aggregation Strategies.

Efficiency Analysis

Since the computational cost of our method depends on the
number of visible empty points in each scene, we report
the average number of these statistics on the NYUCAD test
set in Table 3. The proposed method avoids the redundancy
caused by the visible empty voxels and achieves higher per-
formance with lower computational cost. Even though our
FLOPs are only 5.4% of SSCNet and 3.0% of 3D-Sketch,
we still achieve a better performance.

Ablation Study

In this section, we conduct ablation studies to verify the
effectiveness of each aforementioned component. All the
results are tested on the NYUCAD test set.

Proposed modules. Firstly, we do ablation studies on differ-
ent modules in our method in Table 4. Adopting either the
AVA module or the SP module improves the performance,
and the combination of them achieves the maximum bene-
fits. Note that our point-based baseline already outperforms
some of the voxel-based methods. Thanks to the removal of
redundant parts in the input, the point stream could have a
deeper architecture and higher feature dimensions, leading to
stronger representation power.

Voxel Aggregation Strategies. As illustrated before, we pro-
pose the AVA module that aggregates the voxel structure fea-
tures in an anisotropic manner. Here, we try to compare AVA
with other voxel aggregation strategies to verify its effective-
ness. We provide two other strategies: ‘Nearest Aggregation’
and ‘Spherical Aggregation’. ‘Nearest Aggregation’ means
we only concatenate the point features with the features of
the nearest voxel from the point. ‘Spherical Aggregation’
means we adopt a spherical receptive field with the radius
r to aggregate the voxel features inside the receptive field.
7 is 0.09 here so that it is the same with the radius of the
major axis in AVA. Results are listed in Table 5. As shown
in the table, both ‘Nearest Aggregation’ and ‘Spherical Ag-
gregation’ could boost the performance, because they more
or less introduce some detailed geometric information to the
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Strategies. ‘Inverse Euclidean’ means the inverse Euclidean
distance between two points used in Pointnet++ (Qi et al.
2017b). ‘Cosine Similarity’ means the cosine similarity be-
tween features of the two points. The proposed SP module
achieves the best performance.

point stream. However, the proposed AVA module achieves
the best performance with the anisotropic aggregation design,
because it could capture more feature patterns in different
directions.

Position of the AVA Module. We try to embed AVA modules
to different positions in the network, as listed in Table 6. We
find that if we embed the AVA module to a higher level layer
in the network, the additional gain brought by voxel features
decreases. This makes sense for that the AVA module exploits
local features in the voxel representation and if we embed
it into the first SA layer, the structure information provided
by the AVA module will be further encoded as the network
goes deeper. Also, if we embed AVA modules to all the SA
layers in the network, the performance is just similar to the
proposed method. Hence, we only embed it to the first SA
layer for lower computational cost.

Feature Propagation Strategies. We then conduct experi-
ments on the proposed SP module. The SP module encour-
ages feature propagation in points belonging to the same cat-
egory through the w; ; defined in Equation 3 and Equation 4.
We compare SP with other feature propagation strategies
in Table 7. Our SP achieves the best performance, since it
considers pairwise semantic relations and avoids the errors
caused by feature propagation from the wrong categories.

Conclusion

In this paper, we introduce the Point-Voxel Aggregation Net-
work for Semantic Scene Completion, which combines the
advantages of the computationally efficient point representa-
tion and the rich-detailed voxel representation. Experimen-
tal results demonstrate the effectiveness and efficiency of
our method with state-of-the-art performance on two public
benchmarks, with only the depth images as input.
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