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Abstract

We aim at improving the computational efficiency of
graph convolutional networks (GCNs) for learning on point
clouds. The basic graph convolution that is composed of a
K-nearest neighbor (KNN) search and a multilayer percep-
tron (MLP) is examined. By mathematically analyzing the
operations there, two findings to improve the efficiency of
GCNs are obtained. (1) The local geometric structure infor-
mation of 3D representations propagates smoothly across
the GCN that relies on KNN search to gather neighborhood
features. This motivates the simplification of multiple KNN
searches in GCNs. (2) Shuffling the order of graph fea-
ture gathering and an MLP leads to equivalent or similar
composite operations. Based on those findings, we optimize
the computational procedure in GCNs. A series of experi-
ments show that the optimized networks have reduced com-
putational complexity, decreased memory consumption, and
accelerated inference speed while maintaining comparable
accuracy for learning on point clouds.

1. Introduction
Recently, graph convolutional networks (GCN) [8, 2, 10,

53, 43, 58, 48] have achieved state-of-the-art performances
in 3D representation learning on point clouds for classifi-
cation [35, 36], part segmentation [3], semantic segmen-
tation [49, 19], and surface reconstruction [14]. A typi-
cal GCN is composed of a stack of multilayer perceptrons
(MLPs) that progressively learn a hierarchy of deep fea-
tures. For a better modelling of the locality on point clouds,
neighborhood information gathering modules are placed be-
fore MLPs. A certain point gathers information from its
neighbors and propagates its information to them. The
neighbors can be predefined (i.e., borrowed from an initial
mesh in Point2Mesh [14]) or more commonly established
by K-nearest neighbor (KNN) search on point clouds (static
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(d) FLOPs
Figure 1: Comparison between a representative GCN and
the accelerated version in this paper. (a) The overall ac-
curacy for point cloud classification. Mean and Variance
reported for 5 runs. The (b) runtime, (c) GPU memory
consumption, and (d) FLOPs of the original GCN explodes
with an increasing number of points. By contrast, the opti-
mized network can achieve a significant reduction of com-
putational resources without a drop in accuracy.

GCN [36, 23]) or on the feature representation (dynamic
GCN [49, 54]).

Yet, this design faces several technical challenges.
Firstly, the computational cost grows quadratically with
the number of points [38, 37]. The problem is exacerbated
when KNN search is conducted in a high-dimensional fea-
ture space. Secondly, the graph feature gathering operation
expands the dimension of the resultant features. Consider a
point cloud with N points and d coordinates. The dimen-
sion of the tensor grows from N × d to N × K × d after
the K graph feature gathering operation, where K is the
number of neighbors. Then the same operation is applied
to the expanded tensor with repeated entries, which leads to
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redundant computations. Thirdly, due to the computational
complexity and the expanded features, the GPU memory re-
quired for GCN computations explodes when the number of
processed points increases. The inference speed also slows
down drastically.

As shown in Fig. 1, each time the number of processed
points doubles, the computational complexity, inference
time, and consumed GPU memory of the examined GCN al-
most quadruple. Thus, the aim of this paper is to analyze the
basic operations in GCNs and seek opportunities to build ef-
ficient GCNs for learning on point clouds. Compared with
the representative GCN in Fig. 1, the computationally opti-
mized GCN in this paper reduces the computational burden
and accelerates the inference. This significant improvement
relies on the following two findings.

Finding 1. The local geometric structure information of 3D
representations propagates smoothly across the aforemen-
tioned multilayer GCN that relies on KNN search for graph
feature gathering.

This finding is supported by the mathematical analysis
of the distances between two points before and after one
layer of an MLP. In Sec. 4.2, we show that the distance be-
tween two points after one layer of MLP is upper bounded
by the neighborhood distance and lower bounded by the
neighborhood centroid distance between the corresponding
points before the MLP. This means that across a GCN the
distance between two points in the feature space does not
abruptly change. Thus, it is not necessary to conduct KNN
search every time a neighbor retrieval is needed in MLPs.
Instead, a couple of MLPs (referred to as shareholder MLP)
can share the results of the same KNN search. Moreover,
to ensure a progressively enlarged receptive field across the
shareholder MLPs, a larger pool of neighbors can be kept
from the first KNN search. Each time neighbor retrieval
is needed, the neighbors are sampled from the pool. The
shareholder MLPs in the shallower layers can only sample
from the near neighbors while the deep shareholders have
the chance to sample from far-away neighbors.

Finding 2. Shuffling the order of the graph feature gather-
ing operation and the MLP used for feature extraction leads
to equivalent or similar composite operations for GCNs.

This finding is also supported by a general analysis in
Sec. 4.3. As said, in existing GCNs, the graph feature gath-
ering operation happens before the MLP and expand the di-
mension of the features. By moving the feature extracting
MLP before the graph feature gathering operation, the MLP
is conducted merely on the non-expanded feature tensors.
And this leads to a significant reduction in computations.

The two findings directly lead to the proposed change
in computational procedure as shown in Fig. 2, which re-
duces the computational complexity and accelerates the in-
ference of the GCNs. Here, the proposed techniques are

(a) Conventional GCN (b) Optimized GCN

Figure 2: Comparison between (a) conventional GCN and
(b) the optimized GCN in this paper. Instead of calling
KNN search for each graph convolution, we enforce several
graph convolutions to share the same KNN search with pro-
gressively enlarged receptive fields. The shuffling of graph
feature gathering and MLP avoids the expansion of features,
which leads to accelerated computation in the MLP.

applied to four representative GCNs [49, 23, 14, 54]. It
is shown that they can improve the efficiency of existing
GCNs significantly, indeed. For example, for ModelNet40
point cloud classification with 2048 points, compared with
the original DGCNN, the accelerated version is about ×3
times faster, reduces GPU memory by 57.1% and compu-
tation by 86.7% without loss of accuracy. More results are
shown in Sec. 5. Thus, the contributions of this paper can
be summarized as follows.

1. Starting with the analysis of basic operations in repre-
sentative GCNs, two theorems enabling their accelera-
tion are proved.

2. Based on the proved theorems, two strategies for shuf-
fling operations are proposed to specifically improve
the time and memory efficiency of existing GCNs.

3. Extensive experiments on four GCNs for four point
cloud learning tasks are carried out, to validate the ef-
ficiency of the proposed method. It is demonstrated
that both the inference time and memory consumption
decreased significantly.

2. Related Work
The last years have seen a trend of applying deep

neural networks to 3D representations. In this process,
computation-efficient network design plays an important
role. We briefly summarize closely related contributions.
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Deep Learning for 3D Point Clouds. With the easier
access to large scale 3D scanned data, convolutional neural
networks have been extended from learning features in 2D
images [15, 40, 11, 55, 4] to learning from graph data [52,
9, 22, 7, 5] and 3D point clouds [35, 36, 59, 12]. Existing
methods can be roughly categorized into voxel-based meth-
ods, point-based methods, and voxel-point-mixture meth-
ods [42]. Voxel-based methods [33, 34] leverage the archi-
tecture of 3D CNNs and apply it to rasterised 3D space.
While point-based methods [39, 60, 21, 60] target at an ex-
plicit representation and directly operate on graphs. Point-
Net [35] pioneered the point-based methods by designing a
network architecture based on MLP that directly consumes
point clouds while respecting the permutation invariance of
input data. However, the design of PointNet neglects lo-
cal structures. Targeting at improving this drawback, Point-
Net++ [36] introduces a hierachical architecture that recur-
sively calls PointNet on a nested partitioning of input point
set. Another way to achieve improvements is via a Dynamic
Graph CNN [49], which takes topological information into
consideration by defining edge convolution operations.

Efficient Network Design plays an increasingly impor-
tant role in computer vision. Seminal contributions include
GoogLeNet [44], SqueezeNet [20], MobileNets [18, 41],
and ShuffleNets [56, 32], which reduce model complex-
ity by designing computational efficient modules. Other
techniques in efficient design include network pruning [16,
31, 30, 25, 27, 28], low-rank filter approximation [57, 26],
network quantization [13, 61, 24], and knowledge distil-
lation [17, 46]. Computational efficiency enables running
well performing neural networks on mobile devices, as well
as processing more and more complicated 3D/4D scenes
on powerful computers. Targeting at processing 3D/4D
scenes with higher performance on the same computational
resource, Vote3D [47] and FPNN [29] propose to improve
efficiency by dealing with the sparsity problem. Minkowski
Engine [6] proposes sparse convolution which uses a hash
table for indexing during the convolution process. These
methods are designed for improving the efficiency of voxel-
based methods. Other efficient designs for point-based neu-
ral networks delve into the basic operations including con-
volution, pooling, and unpooling [19, 22, 9, 52, 51], in the
same vein as our work.

3. Notations and Preliminaries
To formally formulate the problem, a couple of concepts

are defined in this section. In the following Definition 1
and Definition 2, the neighbors of two points xi and xj are
sorted according to the distance relative to these points, re-
spectively.

Definition 1 (Neighborhood Distance) Consider two
points in a point set xi,xj ∈ S. Each of them is equipped
with a neighborhood of points derived from KNN search,

i.e., Ni, Nj . The neighborhood distance between the two
points is the sum of distances between their neighbors,

DN (xi,xj) =

K∑
k=1

‖xk
i − xk

j ‖22. (1)

Definition 2 (Neighborhood Centroid Distance) The
neighborhood centroid distance of two points xi and xj is
defined by the distance between the centroids of their K-
nearest neighbors, i.e.,

DNC = ‖
1

K

K∑
k=1

xk
i −

1

K

K∑
k=1

xk
j ‖22, (2)

where 1
K

∑K
k=1 xk

i denotes the centroid of the neighbors.
The Neighborhood Distance indicates the distance be-

tween two points. That is, two points with smaller Neigh-
borhood Distance are highly likely to be closer to each
other compared to those with larger Neighborhood Dis-
tance. Similarly, the Neighborhood Centroid Distance is
also a metric that reflects the closeness of two points.

Definition 3 (Graph and Subgraph) A graph is defined by
a pair G = (V, E), where V is the set of vertices and E is the
set of edges that defines the connectivity between vertices. A
subgraph of a graph G is defined by the pair Gi = (Vi, Ei),
where Vi ⊆ V , and Ei ⊆ E . A graph G can be defined on
point clouds and meshes. A subgraph Gi captures the lo-
cal connectivity on the 3D representation and is constructed
slightly differently for point clouds and meshes. For a point
cloud, the vertices of the subgraph include a point and its
K-nearest neighbors and the edge connects the center point
and the neighbors. For a mesh, the edge set Ei contains an
edge and its 4 1-ring neighbors [14], and the vertex set Vi
contains the 4 associated vertices.

Definition 4 (Graph Convolution) Graph convolution is
a family of operations that extract higher-level features from
the lower-level ones by propagating information between
vertices V or edges E of the defined graph G. Graph convo-
lution can be defined in terms of the subgraphs, i.e.,

x′i = g(Gi;Θ) =
∑
ek
i ∈Ei

h(xk
i ;Θk), (3)

where xk
i ∈ Rd is a vector that encodes the feature on the

edge ek
i ∈ Ei, x′i ∈ RM is the output feature, Θ = {Θk ∈

Rd×M |k = 1, 2, · · · ,K} is the ensemble of the trainable
parameters and is the same for all of the subgraphs Gi.

The function h(·) transforms a d-dimensional input fea-
ture into aM -dimensional vector. It denotes an MLP, which
in turn can be implemented as convolution operation. In this
specific case, the aggregation function is a summation de-
noted by

∑
. Generally, the aggregation function is a sym-

metric function (e.g.,
∑

or max) that does not depend on

3754



the order of the edges. A stack of graph convolutions and
other operations such as pooling constitute a GCN.

Notation. In this paper, N represents the number of
points, d represents the dimensionality of the latent space
features, K represents the number of neighbors for each
point, and M represents the dimensionality of the interme-
diate output features.

4. Methodology

In this section, the basic operations in GCNs, i.e., KNN
search and MLP in graph convolution, are analyzed. Two
theorems about the properties of the two operations are pro-
posed. Building on those, a simplified computational pro-
cedure for KNN search and MLP is introduced, which im-
proves the computational efficiency of existing GCNs.

4.1. Computational complexity analysis in GCN

In state-of-the-art GCNs, KNN search is usually con-
ducted to define the neighborhood, followed by an MLP.
The computational complexity of the two operations are an-
alyzed and the simplification methods are presented.

Proposition 1 The ratio of the computational complex-
ities of KNN search and MLP in a graph convolution is
γ = N

KM .
Assume that the point cloud is represented by a N × d

matrix X. To compute the K-nearest neighbors of all the
points, a pairwise comparison between the points is con-
ducted, i.e., D = XXT . Then for each point, the indices
of the K-nearest neighbors are kept and used to extract the
graph feature, which results in a 3D tensor with a dimension
of N ×K × d. Then an MLP implemented as convolution
with kernel size 1 × 1 and output channel M is conducted
on the graph feature. The pairwise comparison and the 1×1
convolution are the computation-intensive parts.

The computational complexity, namely the number of
multiplications in the pairwise comparisons is Cnn = dN2.
And the computational complexity of the 1 × 1 convolu-
tion is Cconv = dMKN . Thus, the ratio between the two
complexity terms is

γ =
Cnn
Cconv

=
dN2

dMKN
=

N

KM
(4)

Compared with the number of nearest neighbors K and the
output channel dimensionality M , the number of points in
a point cloud could vary drastically. When N is small, the
pairwise computation load is relatively small and even neg-
ligible. But when the point cloud grows huge, the com-
putational load of this pairwise comparison could become
dominant. This analysis shows the necessity of simplifying
KNN search in GCNs.

4.2. Propagation of point adjacency

In the following, we investigate how local geometric
structure information propagates within the GCN, by an-
alyzing the adjacency property of points before and after
graph convolution. This new perspective motivates us to
rethink the necessity of frequent KNN callings in GCNs,
as already hinted at earlier. It results in a simplification and
acceleration of the adjacency assessment in GCNs. We con-
sider a special case of the graph convolution in Eqn. 3 in the
following form

x′i = [x′i1, · · · ,x′im, · · · ,x′iM ], (5)

x′im =

K∑
k=1

< θm,x
k
i >, (6)

where x′im denotes the m-th element of the vector x′i, Θ =
{θ1,θ2, · · · ,θM} contains the trainable parameters of the
MLP with M output channels. For the operation defined
above, the following theorem is derived.

Theorem 1 Given that parameters θm in the network fol-
low an independent Gaussian distribution with 0 mean and
σ2 variance, the distance of two points in the input space is
upper bounded by the neighborhood distance of the corre-
sponding points in the output space up to a scaling factor,
and lower bounded by the neighborhood centroid distance
of the same points up to a scaling factor, i.e.,

σ2K2‖ 1
K

K∑
k=1

xk
i −

1

K

K∑
k=1

xk
j ‖22

≤ E[‖x′i − x′j‖22] ≤ σ2dKM

K∑
k=1

‖xk
i − xk

j ‖22.

(7)

Figure 3: The empirical weight
distribution of a layer in a fully
trained dynamic GCN for point
cloud classification. The distri-
bution is Gaussian-like.

The condition
in the theorem is
reasonable since the
parameters in neural
networks are not
only often initialized
with independent
Gaussian distribu-
tions. Actually, as
shown in Fig. 3, also
after training, the
parameters tend to
follow Gaussian-like
empirical distribu-

tions.

Proof. Upper bound. The squared distance between two

3755



points x′i and x′j after the graph convolution is

‖x′i − x′j‖22 =

M∑
m=1

(

K∑
k=1

< θm,x
k
i − xk

j >)
2 (8)

≤
M∑

m=1

K

K∑
k=1

< θm,x
k
i − xk

j ) >
2

(9)

≤ K
M∑

m=1

K∑
k=1

‖θm‖22‖xk
i − xk

j ‖22. (10)

The inequality in Eqn. 9 implies that the arithmetic mean
is not larger than the quadratic mean while the inequality
in Eqn. 14 follows from the Cauchy–Schwarz inequality.
Assume that the parameters θm in the network are random
variables that follow a Gaussian distribution with 0 mean
and σ2 variance. Then the distance ‖x′i − x′k‖22 is also a
random variable and the expectation is expressed as,

E[‖x′i − x′j‖22] ≤ E[K
M∑

m=1

K∑
k=1

‖θm‖22‖xk
i − xk

j ‖22] (11)

= σ2dKM

K∑
k=1

‖xk
i − xk

j ‖22. (12)

Lower bound. Let am =
∑K

k=1< θm,x
k
i − xk

j >.
Then the squared distance in Eqn. 8 becomes

M∑
m=1

(

K∑
k=1

< θm,x
k
i − xk

j >)
2 =

M∑
m=1

a2
m. (13)

Using the Cauchy-Schwarz inequality

M∑
m=1

ambm ≤

√√√√ M∑
m=1

a2
m

√√√√ M∑
m=1

b2
m (14)

and letting b2
m = 1/M , then Eqn. 14 becomes(

1√
M

M∑
m=1

am

)2

≤
M∑

m=1

a2
m. (15)

Thus, the lower bound of Eqn. 8 becomes

‖x′i − x′j‖22 ≥
1

M
<

M∑
m=1

θm,

K∑
k=1

xk
i − xk

j >
2 . (16)

Let φ =
∑M

m=1 θm and z =
∑K

k=1 xk
i − xk

j . Then

‖x′i − x′j‖22 ≥
1

M
(

d∑
l=1

φl, zl)
2 =

1

M

d∑
l=1

d∑
n=1

φlφnzlzn.

(17)

Taking the expectation on both sides, Eqn. 17 becomes

E[‖x′i − x′j‖22] ≥
1

M

d∑
l=1

d∑
n=1

E[φlφn]zlzn. (18)

The elements of θm follow an independent Gaussian distri-
bution with 0 mean and σ2 variance and φ =

∑M
m=1 θm.

Then the elements ofφ follow an independent Gaussian dis-
tribution with 0 mean and Mσ2 variance. Thus,

E[φlφn] =

{
0 l 6= n

Mσ2 l = n
. (19)

Substituting Eqn. 19 into Eqn. 18, the lower bound becomes

E[‖x′i−x′j‖22] ≥= σ2K2‖ 1
K

K∑
k=1

xk
i −

1

K

K∑
k=1

xk
j ‖22. (20)

Figure 4: Neighbor sampling for MLPs sharing the same
KNN search.

Since both the neighborhood distance and the neighbor-
hood centroid distance are an indicator of the closeness of
two points, Theorem 1 indicates that the adjacency property
of points propagates smoothly across the stack of multilayer
graph convolutions. This conclusion motivates us to rethink
the frequently occurring adjacency assessment of points via
KNN in a multilayer GCN. One straightforward bypass is to
reduce the number of KNN searches and let several graph
convolution modules share the results from one KNN search
as shown. Yet, this simple scheme could probably reduce
the receptive field for the stack of several graph convolu-
tions.

Thus, we propose to progressively enlarge the receptive
field of the graph convolutions that share the same KNN
search as shown in Fig 4. As shown in Fig. 2b, for a
stack of n graph convolutions, only one full-fledged KNN
search is conducted, which leads to an enlarged pool of
L = K +(n− 1)P neighbors more than originally needed.
Then for the first convolution, the first K-nearest neighbors
from the pool are still selected. For the l-th convolutions,
the neighbors of a point are identified by randomly sam-
pling the first K + (l − 1)P elements of the pool. That is,
for each additional graph convolution, the sampling pool is
enlarged by a step P . Since the bound in Theorem 1 is not
strict, the adjacency between point could still change across
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the deep layers. This allows the GCN to still be able to
capture long-range dependencies between points after the
computational simplification (See Fig. 6). The above op-
erations reduce multiple KNN searches to one. Across the
whole network, KNN search is conducted every several lay-
ers. This simplification can accelerate the inference of the
network.

4.3. Graph convolution with graph feature gather-
ing

The graph convolution in Eqn. 3 is applied to the sub-
graph defined by local point proximity. Subgraph features
are gathered from the neighbors of a point and brought to
the center of the local coordinate system. Then an MLP is
applied to the centered features. In summary, the convolu-
tion in Eqn. 3 is of the following form

g(Gi;Θ) =
∑
k

f(xk − xi,Θk). (21)

This form of operation is used in a couple of dynamic [49,
54] and non-dynamic [36, 23, 14] GCNs. To conduct the
operation, features are first gathered from the neighbor-
hood, i.e., xk − xi, which forms a tensor with dimension
N × K × d. Then the gathered feature is convolved with
the MLP. The computational complexity of the convolution
operation is dKMN . To save computations, we propose to
shuffle the order of graph feature gathering and MLP. That
is, the computation is conducted as

∑
k f(xk)− f(xi). In

this way, the MLP is first applied to the individual points,
after which feature gathering is applied.

To explain the rationale of this shuffling operation, we
consider a case widely used in GCNs [49], i.e.

g(Gi) = max
k
{(< [θm,φm], [xk − xi,xi] >)}, (22)

where max is used as the aggregation function and the op-
erator [·] concatenates two vectors. It is claimed that the
term xk − xi captures the local information while xi keeps
the global information. The following theorem states that
an equivalent but computationally efficient procedure exists
for the special case in Eqn. 22.

Theorem 2 For the graph convolution defined by
Eqn. 22, shuffling the order of neighbor feature gathering
and the MLP leads to an equivalent operation for the GCN.

Proof. Eqn. 22 could be written as

x′im = max
k
{(< θm,xk > + < ψm,xi >)}, (23)

where ψm = φm − θm. In Eqn. 23, the operations are
rearranged such that the convolutions w.r.t. the points and
their neighbors are perfectly separated. Considering that a
point could act as a neighbor of the other point multiple

times and the same parameters θm are used for convolu-
tion, the convolution operation in Eqn. 23 has an equivalent
procedure: 1) applying two different MLPs to the original
points, 2) gathering the neighbor features, and 3) summing
up the features. The computational complexity is reduced
to 2dMN , which is only 1/K of the original.

Thus, inspired by the equivalent operation for Eqn. 23
obtained by shuffling the order of graph feature gathering
and MLP, we propose to use the same shuffling procedure
for the general case in Eqn. 22. The effectiveness of the
shuffling operation is validated in the experiments.

5. Experiments
This section validates the effectiveness of the pro-

posed GCN acceleration method on the four popular
network architectures DGCNN [49], PointCNN [23],
Point2Mesh [14], and [54]. Experiments on four important
tasks are included, i.e., point cloud classification, part seg-
mentation, semantic segmentation, and surface reconstruc-
tion. For classification and segmentation, we evaluate the
performance on the public benchmarks ModelNet40 [50],
ShapeNetPart [3], and S3DIS [1]. For surface reconstruc-
tion, we use the dataset released by [14] and some public
3D models. All of the experiments are rerun for the original
and the accelerated networks. The same training protocol
is used for fair comparison. For point cloud classification,
semantic segmentation, and part segmentation, the accuracy
results are averaged over 5 runs, thus increasing the reliabil-
ity of the reported numbers. The aim of our experiment is to
compare the accuracy, test time, maximum GPU memory of
the proposed method with original networks. The training
of our accelerated models are all done on a single TITAN
XP GPU whereas the original networks require more than
one GPU for some of the experiments. For the detailed set-
tings of each experiment, please refer to the supplementary
material. Due to the different hardware environments, the
runtime might be different from the original papers.

Hyperparameter Setup. Several hyperparameters are
involved. We follow the default settings to determine the
number of neighbors K in KNN. For classification with
1024 and 2048 points, K is 20 and 40, resp. For part seg-
mentation and semantic segmentation, K is set to 40 and
20, resp. The enlargement step P is chosen empirically for
different tasks. We try P = 1/4K, 1/2K, 3/4K,K.

Point Cloud Classification. The comparison between
the original networks [49, 23, 54] and the accelerated ver-
sions for point cloud classification is shown in Table 1. With
1024 points available, compared with DGCNN, the acceler-
ated network is about twice faster, reduces the GPU mem-
ory and computation by 49% and 76.6% with similar accu-
racy. On the heavier network [54], the accelerated version
is about ×4 times faster. Even for the compact PointCNN,
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Network Method Points K OV Acc. BL Acc. Time [ms] Mem. [GB] FLOPs [G] #GPU

PointNet [35] 1024 20 89.4 83.7 4.7 0.5 – 1
PointNet++ [36] 1024 20 90.7 – 113 – – 1

KPConv [45] 1024 20 92.9 – 108 3.2 – 1

PointCNN [23]
Baseline 1024 20 91.86 87.93 35.3 / 100.% 0.8 / 100.% 2.5 / 100.% 1
Accel. 1024 20 91.86 87.92 29.1 / 82.4 % 0.6 / 76.7 % 1.9 / 76.2 % 1

DGCNN [49]
Baseline 1024 20 92.10 89.05 74.7 / 100.% 5.2 / 100.% 86.0 / 100.% 1
Accel. 1024 20 92.56 89.62 38.1 / 51.0% 2.5 / 48.1% 20.4 / 23.7% 1

[54]
Baseline 1024 20 92.54 89.57 95.4 / 100.% 4.9 / 100.% 74.2 / 100.% 1
Accel. 1024 20 92.50 89.38 24.1 / 25.3% 1.3 / 26.5% 13.5 / 18.3% 1

DGCNN [49]

Baseline 2048 40 92.56 89.90 385.8 / 100.% 20.5 / 100.% 309.2 / 100.% 3
Accel. S1 2048 40 92.58 89.60 212.7 / 55.1% 20.5 / 100.% 274.8 / 88.9% 3
Accel. S2 2048 40 92.63 90.16 164.7 / 42.7% 8.7 / 42.4% 75.4 / 24.4% 1

Accel. 2048 40 92.63 89.82 132.0 / 34.2% 8.8 / 42.9% 41.0 / 13.3% 1

Table 1: Quantitative comparison for point cloud classification on ModelNet40. All experiments are rerun and the accuracy
results are averaged over 5 runs. OV Acc. and BL Acc. denote overall and balanced accuracy, resp.

Network Method Points mIoU Runtime [ms] GPU mem. [GB] FLOPs [G] #GPU

PointCNN [23]
Baseline 2048 83.34 123.0 / 100.% 3.3 / 100.% 9.7 / 100.% 1
Accel. 2048 83.21 111.9 / 91.0% 2.7 / 82.7% 7.6 / 78.8% 1

DGCNN [49]
Baseline 2048 84.95 116.1 / 100.% 17.2 / 100.% 158.8 / 100.% 2
Accel. 2048 84.78 81.8 / 70.5% 4.1 / 23.8% 71.2 / 44.8% 1

[54]
Baseline 2048 84.13 365.3 / 100.% 9.7/ 100.% 202.9 / 100.% 2
Accel. 2048 84.02 46.2 / 12.6 % 1.9 / 19.5% 52.7 / 26.0% 1

Table 2: Quantitative comparison for part segmentation of point clouds in ShapeNetPart. Experiments are rerun. Accuracy is
averaged over 5 runs.

Figure 5: Surface reconstruction results. (a) Input point cloud. (b, c) Surface and normal map reconstructed by Point2Mesh.
(d, e) Surface and normal map reconstructed by our method.

Method F-score Runtime [s] #Param. [k]Bunny Bird

Baseline 69.7 53.3 0.41 / 100.% 735.8 / 100.%
Accel. 73.0 51.6 0.29 / 70.7% 153.7 / 20.9%

Table 3: Quantitative comparison for surface reconstruc-
tion.

the proposed method could reduce the runtime by 17.6%.
When 2048 points are available, the accelerated version is

Method mIoU Runtime GPU mem. #GPU

Baseline 57.5 172.7 / 100.% 14.6 / 100.% 2
Accel. 57.0 87.0 / 50.4% 6.0 / 40.8% 1

Table 4: Comparison for semantic segmentation of point
clouds in S3DIS. Accuracy reported over 5 runs. The unit
of the metrics is the same as that in Table 1.

about ×3 faster, reduces GPU memory by 57.1% and com-
putation by 86.7% without loss of accuracy. DGCNN needs
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Figure 6: Visualization of the point distance across the ac-
celerated network for part segmentation task. The distance
of points to the red point in the figures is computed. Lighter
color means closer distance. (a) Distance between points
in the raw data. (b)-(d) Distance between point in the fea-
ture space from Layer 1, Layer 2, Layer 3 of the accelerated
network. (e) Segmentation result. The accelerated network
could still capture long-range dependency between points
(e.g.wings of the plane).

three Titan Xp GPUs for the test with 2048 points, while
our method only needs one GPU. Besides our full method,
performances with only KNN simplification (Accel. S1)
or operation shuffling in Sec. 4.3 (Accel. S2) are also ab-
lated. As shown in the table, both of the strategies could
improve the efficiency of the network. The point sampling
based methods like Grid-GCN [51] and RandLA-Net [19]
can speed up the network inference, while this direction is
parallel to our method.

The reduction of inference time comes from the reduc-
tion of computation. The reduction of GPU memory mainly
comes from shuffling of operations because it avoids the
expansion of point feature. The effects of the proposed
two methods depend on the redundancy of the baseline net-
works. For example, PointCNN exploits point subsampling
to make the computation highly efficient while DGCNN and
link DGCNN keep a high density of points across the net-
work. Applying the same method to a more redundant net-
work could bring more benefits.

Point Cloud Part Segmentation. The experimental re-
sults for point cloud part segmentation are shown in Ta-
ble 2. The mean IoU metric is used to quantitatively evalu-
ate the segmentation performance. As shown in Table 2,
compared with DGCNN, our method greatly reduces the
runtime, GPU memory consumption, and computation by
29.5%, 76.2%, and 56.2%, resp. The networks in [23] and
[54] are accelerated by 9% and 77.4%, resp. In Fig. 6, the
distance of points in the input space and the feature space
is shown. As the network gets deeper, the accelerated net-
work could still learn the long-range dependencies between
points. As for the semantic segmentation task, Table 4
shows that our method reduces the runtime and memory
consumption by 49.6% and 59.2% compared with DGCNN.

Surface Reconstruction. In order to validate the effi-
ciency of our method applied to prior networks, we com-
pare it with Point2Mesh [14] for the surface reconstruction.
Similar to Point2Mesh, we use the F-score as the metric to
evaluate the quality of the reconstructed meshes. The result

Model Method Classification Part segmentation
Conv / KNN/ Total Conv / KNN / Total

PointCNN Baseline 2.4G / 0.118G / 2.5G 8.5G / 1.175G / 9.7G
Accel. 1.8G / 0.104G / 1.9G 7.0G / 0.588G / 7.6G

DGCNN Baseline 77.3G / 8.7G / 86.0G 140.8G / 18.0G / 158.8G
Accel. 20.3G / 0.1G / 20.4G 53.6G / 17.6G / 71.2G

Linked
DGCNN

Baseline 60.9G / 13.3G / 74.2G 149.7G / 53.2G / 202.9G
Accel. 13.4G / 0.10G / 13.5G 52.3G / 0.4G / 52.7G

Table 5: Breakdown analysis of FLOPs of different net-
works.

is shown in Table 3. It can be observed that our method has
similar reconstruction quality as Point2Mesh, while speed-
ing up inference by 29%. Note that the number of param-
eters is reduced by 79.1%. The qualitative results for dif-
ferent shapes are shown in Fig. 5. It is obvious that our
accelerated method recovers the 3D meshes with a similar
quality as Point2Mesh.

Applicability. The two methods proposed in this paper
have different application scenarios. I. In the first method,
we handle the simplification of neighbor querying. We fo-
cus on GCNs with KNN because they generally performs
better and KNN is the most expensive method among the
available methods. In the analysis of Theorem 1, the core
assumption is the ordered neighbors. It does not matter
whether the neighbors come from KNN search or other al-
ternatives such as ball querying. Thus, the same theoretical
analysis and conclusion hold for those methods. II. The
second method is not limited to a specific GCN. Instead, it
is applicable to any GCN with the computation pattern that
feature gathering occurs before MLP (e.g.Point2Mesh). Ac-
tually, the second method is adopted for all the four investi-
gated networks. In Table 5, the reduction of the FLOPs of
convolution reflects how the shuffling trick works for differ-
ent networks. III. Some classical GCNs do not use KNN.
Yet, they still need to propagate message between neigh-
bors. In this case (GCN2Conv, RGCNConv, Point2Mesh),
the adjacency is usually defined on the input data. In some
cases (MeshConv, Point2Mesh), feature gathering occurs
before MLP and our shuffling method could be used.

6. Conclusion

In this work we have presented two strategies for im-
proving the time and memory efficiency of dynamic GCNs.
The two strategies are based on the analysis of basic opera-
tions in GCNs. The modified networks retain their accuracy
while significantly shrinking the test time and GPU memory
consumption. Experimental results show that our method
has a significant performance on multiple important tasks.
In the future, we plan to explore how to add flexibility and
efficiency to the design of neural network for 3D tasks.
Acknowledgments: This work was partly supported by the ETH Zürich
Fund (OK) and an Amazon AWS grant.
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