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Abstract— Point-based indoor 3D object detection has received
increasing attention with the large demand for augmented reality,
autonomous driving, and robot technology in the industry. How-
ever, the detection precision suffers from inputs with semantic
ambiguity, i.e., shape symmetries, occlusion, and texture missing,
which would lead that different objects appearing similar from
different viewpoints and then confusing the detection model.
Typical point-based detectors relieve this problem via learning
proposal representations with both geometric and semantic
information, while the entangled representation may cause a
reduction in both semantic and spatial discrimination. In this
paper, we focus on alleviating the confusion from entanglement
and then enhancing the proposal representation by considering
the proposal’s semantics and the context in one scene. A semantic-
context graph network (SCGNet) is proposed, which mainly
includes two modules: a category-aware proposal recoding mod-
ule (CAPR) and a proposal context aggregation module (PCAg).
To produce semantically clear features from entanglement rep-
resentation, the CAPR module learns a high-level semantic
embedding for each category to extract discriminative semantic
clues. In view of further enhancing the proposal representation
and leveraging the semantic clues, the PCAg module builds a
graph to mine the most relevant context in the scene. With few
bells and whistles, the SCGNet achieves SOTA performance and
obtains consistent gains when applying to different backbones
(0.9% ~ 2.4% on ScanNet V2 and 1.6% ~ 2.2% on SUN RGB-D
for mAP@0.25). Code is available at https://github.com/dsw-jlu-
rgzn/SCGNet.

Index Terms—3D object detection, graph neural networks,
information entanglement.

I. INTRODUCTION

D OBIJECT detection has attracted a surge of atten-
tion recently and plays an important role in many
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intelligent industrial applications such as autonomous driv-
ing and robotics manipulation. Although providing accurate
geometry information, 3D point clouds lack color and texture
information and are irregular and sparse, which makes point
cloud-based 3D object detection much more challenging com-
pared with natural image-based detection methods [1], [2], [4].

As the first indoor 3D detection work to process
point clouds, VoteNet [3] directly leverages the Point-
Net/PointNet++ [5], [6] to learn the point cloud representation
and proposes a voting mechanism to generate box proposals.
However, as shown in Fig. 1(a), it tends to get poor per-
formance (red boxes) in the presence of incomplete, distant,
or ambiguous input data. Following VoteNet, recent works
focus on improving the performance by encoding multi-level
contextual information [7], [8], using geometric primitives for
proposal refinement [9], or learning semantics via hierarchical
point graph modelling [10].

These methods usually entangle geometric and semantic
information in the entire process of the proposal representation
learning by directly concatenating point coordinates and their
features, which we argue that it damages the discrimination
of the learned representation. Directly adopting coordinates
of points makes the model susceptible to cardinality [11] and
the learned inaccurate geometric relationship would, in turn,
mislead the semantic aggregation. As illustrated in Fig. 1(b),
in the entangled feature space, the distance of proposals in
the same category may be large due to the influence of the
improperly encoded spatial information.

To alleviate the confusion sourcing from entanglement
and make full use of semantic information, we propose a
graph-based proposal feature enhancement module for mining
and aggregating the object semantics in one scene. The node
features of the graph are abstracted only from semantic infor-
mation, and the relation among nodes is obtained by taking
both semantic and geometric information into account. The
most related works to this paper are those which apply the
attention mechanism or Transformer architectures to 2D/3D
object detection tasks [8], [12], [13], [14], [15], [16]. Com-
pared with these methods, we avoid confusion by decoupling
semantic learning from geometry.

In this study, we propose a semantic-context graph net-
work (SCGNet), which includes a category-aware proposal
recoding (CAPR) module and a proposal context aggregation
(PCAg) module. Different from RGB/RGB-D based 3D object
detection, the appearance properties are hard to observe from
point cloud inputs. To this end, we propose the CAPR to
extract discriminative semantic clues for each proposal by
learning a high-level semantic embedding for each category.
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(d) Semantic—context graph
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(b) Proposals in entangled space (c) Semantic graph

Fig. 1.  Illustration of the proposed SCGNet. Original methods directly
process point clouds (a) and obtains entangled features (b). Compared with the
toy semantic graph where the relation is only based on semantic information
(c), the proposed SCGNet (d) proposes the semantic-context graph considering
context relationship to enhance the discriminative ability. In (a), rectangles
are the ground truth of the object, and the red color means that the object
is difficult to detect correctly. Labels in (b), (c), and (d) are the predicted
semantic results in different ways. The color bar indicates the relationship
strength between proposals.

The decoupled semantic information could be used to cor-
rect some misclassified proposals by building the semantic
graph (Fig. 1(c)). In contrast with the semantic scene graph
which some recent works [17], [18] have discussed, our built
semantic graph only contains abstract semantic information
and lacks context information which can describe the whole
layout in the specific scene. To further enhance the proposal
feature, the proposed PCAg adopts a graph-based mecha-
nism to effectively aggregate information with the help of
the learned context (Fig. 1(d)). Different from Transformer-
based methods, which aggregate all proposals, the PCAg
instead selects top-K nodes with original context features
to identify relevant object proposals and avoid unnecessary
overhead or negative proposals. Detailed comparisons for
different SCGNet configurations in terms of node/edge types
prove the effectiveness of decoupling geometric and seman-
tic information and the necessity of ensembling multiple
kinds of information for 3D object detection on point clouds
(Sec. IV-F). Moreover, the proposed SCGNet can be easily
plugged into most existing point-based 3D object detection
methods to enhance the perception ability. In summary, the
main contributions of this study are as follows:

« We consider decoupling semantic features from point
cloud inputs and introduce a semantic-context graph
network that can work in a plug-and-play way to existing
3D object detection pipelines.

« We propose a category-aware proposal recoding module
to learn proposal semantic clues and a proposal context
aggregation module to enhance context relations among
proposals.

o Experiments show that the proposed SCGNet could
achieve the SOTA results and obtain consistent and
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substantial gains across different backbones on main-
stream 3D object detection datasets.

II. RELATED WORK

In this section, we review the related literature in the
field of 3D object detection. We first discuss the grid/voxel-
based 3D object detection method and then discuss the point-
based 3D detection methods, which can process point clouds
directly. Recently, graph neural networks (GNNs) [19] have
been successfully applied to tackle problems in the 3D domain,
and some works have adopted GNNs for 3D object detection.
Thus we finally discuss graph methods and their applications
to 3D object detection.

A. Grid/Voxel-Based 3D Detection

The point cloud inputs for 3D detection are usually
sparse, irregular, and orderless and thus not suitable for
directly applying convolutional neural networks (CNNs). Ear-
lier attempts usually project point clouds to 2D grids or
3D voxels. Yang et al. [20] processed point clouds in a
fully convolutional manner by using a bird-eye-view pro-
jection. Gao et al. [21] employed a multi-scale bird-eye-
view projection to generate multiple geometry-aware features.
Meng et al. [22] proposed easily-acquired center-click super-
vision on BEV maps to learn a robust 3D object detector.
Chen et al. [23] projected point clouds into frontal views for
applying 2D CNNs. As for voxel-based methods, they first
converted the irregular point cloud data to regular voxels
and then used mature 3D CNNs to process these voxel
representations. For instance, Zhou and Tuzel [24] proposed
VoxelNet which first converted the point clouds into voxels
and extracted voxel features with volumetric CNNs. Shen
and Stamos [25] detected objects in 2D and then detected
3D objects within the voxelized 3D frustums, which the 2D
detection procedure has defined. These voxel-based methods
are limited by their large computational cost in 3D CNNS.
GSDN [26] tackled the performance issues by using an
encoder-decoder architecture built from sparse 3D convolu-
tional blocks. The major weakness of these grid/voxel-based
methods is their accuracy. Because when point clouds are
projected to grids or voxels, these methods [23], [24], [27],
[28], [29], [30] will inevitably lose much accuracy during
the projection procedure. Grid-based and voxel-based methods
suffer from the entanglement of geometric and semantic infor-
mation since they treat the geometry coordinate as the model
input, which limits the feature representation. FCAF3D [31]
is a state-of-the-art voxel-based indoor 3D object detection
method that utilizes sparse 3D convolutions and is anchor-
free. FCAF3D performs classification and regression on the
3D feature map position of each existing point on multi-
ple scales. However, if SCGNet is applied to FCAF3D, all
the points will be treated as nodes in the semantic-context
graph, resulting in a huge sparse graph that slows down
the process and hinders contextual information localization.
Hence, SCGNet is not suitable for the indoor voxel-based
method.
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B. Point-Based 3D Detection

With the help of PointNet/PointNet++ [5], [6], some
point-based methods direct computed 3D proposal features
from the raw point cloud input. For instance, Shi et al. [32]
directly grouped points in 3D boxes to extract object fea-
tures. VoteNet [3] introduced a new voting method to aggre-
gate points as a set of object candidates according to
their voted centers. Due to objects being irregularly and
sparsely distributed in the whole scene, the performance of
VoteNet is limited by the quality of proposal embedding from
PointNet++. Some follow-up works, such as MLCVNet [7]
and HGNet [10], leveraged the semantic information to
improve the generation of object proposals. H3DNet [9]
introduced a set of overcomplete geometric primitives to
provide high-fidelity object proposals. BRNet [33] backtracked
the vote centers to refine the object proposals. These meth-
ods adopted semantic or geometric information directly to
refine the proposals but entangled geometric and semantic
information during the proposal representation learning pro-
cedure. Moreover, ProposalContrast [34] learned robust 3D
representations by contrasting region proposals and eventually
benefiting the localization of objects. ProficientTeachers [35]
advocated a box-wise contrastive learning strategy to explore
representation on expressive 3D boxes. We focus on mining
the semantic information to enhance the proposal features.
Different from RGB images, it is hard to model a scene for
point cloud inputs. In this study, we show how to unify the
semantic clues and proposal context relations for better scene
understanding to boost the performance of object classification
and localization.

C. GNN for 3D Object Detection

Research on graph neural networks [36], [37], [38] seeks
to construct and update a graph with nodes and edges to
model dependencies among nodes flexibly. Spectral graph
convolution [39] is performed in graph convolutional networks
to propagate information among nodes iteratively. Graph
attention network [40] employed an attention mechanism in
specifying relative weights among different neighbor nodes
and shows astonishing performance over previous works.
Following the graph attention network, Wen et al. [41] per-
formed graph attention for region-level relation enhancement
and regional-global relation enhancement in images and the
corresponding words in sentences. 3D point cloud can be
naturally and efficiently represented by a graph inasmuch
as the graph can represent an original surface that is dis-
cretized. Hu [42] discussed the applications of graph spectral
methods in low-level point cloud processing. Furthermore,
Zhang [43] proposed a hypergraph-based new model based
on the tensor-based methods which can estimate spectrum
components and frequency coefficients of point clouds in the
hypergraph. Chen [44] proposed a 3D point cloud resam-
pling method that is rooted in graph signal processing, they
use a graph to represent the surface of an original object
to capture the point cloud’s local dependencies. Deng [45]
designed hypergraph spectral filters for point cloud resampling
to preserve distinct and sharp point cloud features. In the
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3D perceptual domain, some approaches also treat the point
cloud as a graph. Landrieu and Simonovsky [46] partitioned a
point cloud into simple geometrical shapes and treated them
as graph nodes for semantic segmentation. Point-GNN [47]
leveraged the graph representation to extract shape features for
3D object detection. These two methods treat points as graph
nodes to aggregate point features and cause the problem that
they neglect some global relations between different regions.
To solve the problem, Yin et al. [48] built spatial relations
among different regions by treating the non-empty pillar grids
as graph nodes to enhance the representation ability of the
pillar features. Object DGCNN [49] learned the point cloud
features in BEV and then leveraged DGCNN framework to
model object relations. Our method aims to leverage the pro-
posed semantic-context graph at the object level to aggregate
the object semantics in one scene.

III. METHODS
A. Preliminaries and Overview

Given a set of points, the goal of the point-based 3D
detector is to produce the 3D bounding boxes with corre-
sponding semantic labels for all objects in the scene. Fig. 2
(top) shows the typical feature flow for VoteNet [3] detector,
which could be roughly divided into three steps: (I) feature
extraction (PointNet++ [6]), (II) proposal initialization (Hough
Voting [50] and vote aggregating), and (III) proposal predic-
tion (Classification, Regression, and NMS [51]). For step-I,
PointNet++ [6] is adopted to extract features for input point
clouds (T x 3). A subset of the input points with their
coordinates and enriched point-wise features (M x (3 + F)) are
output for further processing. Note that M is the point number
and 3, F are the dimensions of point coordinates and features
respectively. For step-1I, the enriched point features are fur-
ther aggregated into proposal features by Hough Voting [50]
considering local spatial constraints. After step-1I, N object
proposals with their voting coordinates and features will be
output. For step-II1, 3D NMS [51] along with classification and
regression heads are utilized to conduct the final predictions.
The detector’s performance is limited by the quality of the
proposal features. Although both semantic and local spatial
information is encoded in point/proposal-wise features, the
high-level relation of the whole input scene is not involved
in the typical three-step pipeline.

We propose a plug-and-play (PnP) proposal feature
enhancement module between step-II and step-IlI by con-
sidering the proposal’s semantics and context within the
same scene. Without enough color/texture information, it is
hard to understand the scene information for point cloud
inputs. The proposal features from regional points through
PointNet++ [6] contain complicated information, which is
hard to model the semantic information for the proposals.
To this end, we propose to re-code the proposals for generating
category-aware embeddings by learning global category rep-
resentations (Sec. III-B) and then build a proposal graph using
context relation as edges (Sec. III-C). Algorithm 1 describes
details of the training procedure of SCGNet. As shown in
Fig. 2 (bottom), the proposed SCGNet is easy to combine
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Fig. 2. An overview of our SCGNet. Our model takes N proposals with its features as inputs and outputs enhanced proposal features. The category-aware
proposal recoding module first encodes semantic embedding for each proposal. SCGNet then constructs the most relevant relations between proposals as an
undirected sparse graph through the context feature similarity screening strategy. In the semantic-context graph module, the semantic embeddings together with
the proposal context, are unified to generate a new representation for each proposal. The new representation is then added to the original proposal features to
enhance the localization and classification. Note that our model is plug and play (PnP) and can boost the performance of most point-based indoor 3D object

detection.

Algorithm 1 Training Procedure for SCGNet

Input: proposal features f € RV*F graph layer
number Lg and totally T epochs;
Output: enhanced proposal features f € RV*F;
1 Initial W, C;
2for t=1:T do
Acquire W, C;
F<«~WoaC,;
s < CLF (f),
Compute m with s by Eq. 4;
h < CAPR (§,m) by Eq. 5;
z <9 (f)
Generate r with z according to Eq. 7;
10 | Build the graph G : G =< N, € > by h, r and let
the graph into sparse form according to Eq. 8;
11 for/=1:Lg do

E-EEN- - S Y ]

12 B < a (Wi, h);

13 Calculate o through g according to Eq. 12;

14 Ah < f, (h);

15 Calculate A’ through h, Ah and « according to
Eq. 14;

16 Update h < '

17 end

18 Compute L., by Eq. 1;
19 Compute Lenrer by Eq. 2;
20 Update W and C in CAPR;

21 Update full model parameters;
22 Output f < f + h';
23 end
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with most existing point-based methods for the shape of the
inputs and outputs is not changed.

B. Category-Aware Proposal Recoding

Previous methods [52] directly aggregated proposal features
to establish scene context. However, since the semantic and
spatial information is encoded in each proposal, it is hard
to model the semantic relation for different proposals in one
scene. To mitigate this problem, we propose a category-aware
proposal recoding module (CAPR) to learn features with more
semantic clues. Due to the point clouds do not contain ample
color or texture information to learn semantic embedding
directly, we propose to learn category embedding across all
proposals and then re-code features for each proposal by the
learned category embedding.

With the fact that the weights of the classifier actually
contain abundant semantic information since the feature acti-
vation trained from all the input point clouds are recorded in
the classifier weights. Consequently, we add a new classifier
and use the weights from the classification head (CLF) as
the semantic embedding for each category. Formally, W =
[wi]iL:1 ,w; € RF is the weights parameter of the last MLP
layer in the classification head, where F, L are the feature
dimension and the number of the categories respectively. w;
contains condensed semantic information of class i. For the
classification head, given N proposals and L class, we use the
standard cross-entropy loss:

N L
1
Loe == > > vijlog(sij), ¢

i=1 j=1
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where y;;, s;; represent the truth label and the prediction
probability of the i*" proposal for the j* class.

Meanwhile, the feature center of each proposal cluster with
the same label is also a representation of the category. Thus
we maintain a set of semantic centers for each category with
the help of the center loss:

N
1 Z

Ecenter = E || fi — Cy; ”g ’ (2)
i=1

where cy, represents the feature center of the yl.’h class, f; is
the feature of the i'" proposal. Let C = [c¢;] iL=1 which denotes
L category center features. The final category embedding
& € RLXF ig obtained via

F=wacC=[f....5 i 3)

where @ is the add operation, f; € R is the category embed-
ding § of category j. Note that W and C will be continuously
updated during training so that category embedding will be
more accurate over time.

With the learned category embedding, we re-code the pro-
posal features by converting from category-aware embedding
to proposal-specific features. Since the outputs of the classifi-
cation results in s represent the significance of each category
to the object, we can leverage these outputs to describe the
relational degree of each category-aware embedding and then
re-code the semantic feature globally. Formally, we compute
the mapping weight m;; € m:

exp (s
miy = <2 ) 4)
> exp (sif)
where m;; represent the mapping weight from i proposal

to the j* class. Thus we can compute the semantic feature
h = [h,-]fV:1 , hj € RF by summing the weighted output of all
category embedding:

hi =35 mijf;. 5)

Here, i = 1 ~ N, where N is the number of the proposal in
the scene after step-II and F is the dimension of A;.

C. Proposal Context Generation and Aggregation

Category-aware proposal recoding relieves the dilemma
of incomplete and ambiguous inputs. However, it processes
each proposal separately, lacking context information. Holding
on to the philosophy that object recognition ability can be
maximally enhanced only when the scene is understood with
both clear semantic clues and context information, we build
a semantic-context graph G : G =< N, > with these
two information in the proposal context aggregation (PCAg)
module as shown in Fig. 2. To utilize semantic clues, nodes
N of G are initialized with the semantic feature k. Then, each
edge e;; € £ encodes the relationship between two proposals.
Since the correlation between objects depends on both the
semantic information and the location of the object, it is not
appropriate to directly use the semantic features’ similarity
or spatial Euclidean distance to determine the correlation.
As demonstrated in Fig. 3 (b), when directly using spatial
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Fig. 3. The figure illustrates the proposal relation generated by different

generation strategies. The smile denotes the coordinate position of the target
proposal, while the circles represent the coordinate positions of the K most
relevant neighbor proposals. The rectangles depict the bounding boxes of the
ground truth object. All proposals will undergo prediction for their location
regression and category, after which redundant proposals will be eliminated
via non-maximum suppression (NMS).

distance to model the proposal relationship, the correlation is
noisy and redundant. If only using semantic features’ similarity
to obtain the correlation, the relation will ignore the geometric
information, resulting in semantic-similar correlation as shown
in Fig. 3(c). In Fig. 3(d), when using context feature similarity,
the correlation are distributed in various areas of the scene and
avoided the local redundancy, which can represent the scene
layout better. We adopt the proposal feature f € RY* before
semantic recoding to calculate the correlation, which is based
on the context feature similarity.

Thus, given i"" proposal where h;, f; are the i'" semantic
features k and proposal features f respectively, the proposal
features f is considered as the input for learning the context
relations. We first transform f € RV*F to a more compact
embedding space:

zi = (fi), (6)

where z; € RP, D is the dimension of the embedding space,

and ¢(.) is a non-linear function. Let z = {zi}lN: | and the

relation matrix r € RV*¥ can be calculated by:
ziz}
rij = ——r—, )
Izil* ]

where * means scalar multiplication. Note that in most point-
based 3D object detection frameworks, proposals are generated
by randomly selecting vote points. Most generated proposals
are invalid or incomplete, as shown in Fig. 3(a). It is ineffective
and even introduces much noisy information if considering
all the proposal relations in the graph. Therefore, instead of
applying a fully connected graph, the key design is building
a sparse graph for locating the most representative and infor-
mative relations. For each proposal p;, we screen out the top
K relative neighbor nodes to build the graph according to r.
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Formally, this relation search strategy can be written as:
Relation(p;) = Topg (rij, K), j=1,...,N. ®)

Then each edge ¢;; € £ of our semantic-context graph will be
constructed by:

N; = Relation(p;), )
1 if jeN;

. (10)
0 if j¢gN

where i, j represent node i, j respectively and N; rep-
resents the neighbor set of node i. This strategy ensures
our semantic-context graph can focus on the most relevant
relations for object recognition and saves unnecessary con-
sumption.

With these effective context relations as graph edges
together with semantic embedding nodes, the PCAg module
is employed to learn new proposal representations for further
enhancing the classification and localization ability. However,
it goes without saying that an object can get various rela-
tion information from its surroundings and different relations
show the different significance for the object. Therefore,
we automatically learn the weight of each neighbor node when
aggregating node embedding in the form:

Bij = a ([Wihil|Wihj]) (11)
exp (Bij)
= e (12)
T S en exp (B)

where B;; is the attention coefficient that indicates the impor-
tance of i’ node’s feature to j** node’s. W is a parameterized
weight matrix, a is a shared attentional mechanism function
that is implemented by a single-layer feed-forward neural
network to compute the attention coefficients, «;; is the weight
of neighbor node j in N;, and [-|-] means concatenation
operation. To further capture the relation between node i and
node j, we use fg(-), which is a non-linear function to capture
the relative information:

Ahij = fo (hi —hj), (13)

where h;, hj are semantic features of node i and node j, Ah;;
is the relative feature between node i and node j. Thus, with
the help of the attention mechanism, we update graph nodes
in the form:

Wy =0 D eijWallhjll Ay |, (14)
jeN;

where W, is a parameterized weight matrix, o is an activation
function, j € N; represents that node j is in the node i’s
neighbor set. Lastly, we leverage the multi-head mechanism
to boost the representation ability further. In detail, each head
executes the transformation of Eq. 14, and their features are
concatenated, then the final MLP layer is applied for resizing
the feature dimension to be original.

After these steps, the new representation 4; for each pro-
posal is added to the original proposal feature f; to improve
both classification and localization ability. Fig. 4 shows the
architecture details of our graph aggregation procedure in the
PCAg module.
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Fig. 4. Architecture details of our graph aggregation procedure in PCAg
module. Note that we show the example of the graph aggregation procedure
in a one-layer single-head semantic-context graph while our PCAg module
contains a three layer multi-head semantic-context graph.

IV. EXPERIMENTS

A. Datasets and Evaluation Protocol

To demonstrate the effectiveness of our SCGNet, we per-
form the experiments on two widely used indoor benchmark
datasets: SUN RGB-D and ScanNet V2 for the 3D object
detection task:

o ScanNet V2 [53] contains 1,513 reconstructed indoor
scenes with per-point instances and 3D bounding boxes
of 18 categories. We use 1, 201 scenes for training, and
312 scenes are used for testing. A standard evaluation pro-
tocol [3] is followed, which uses mean Average Precision
(mAP) under different IoU thresholds without considering
the orientation of bounding boxes.

« SUN RGB-D [54] is a single-veiw RGB-D dataset
which is used for 3D scene understanding. There
are 10,335 indoor RGB-D images in the dataset,
5, 285 images are used for training, and 5, 050 images
are used for testing. All the images are annotated with
the oriented 3D bounding boxes and the corresponding
categories. All the point clouds are converted from these
RGB-D images based on proposed camera parameters [3].
There are 37 object categories in the SUN RGB-D
dataset. We follow the standard evaluation protocol as
VoteNet [3] and report the details on the ten most
common categories.

Input data preparation. The training data setting mostly
follows VoteNet [3] that we sub-sample 40, 000 points for
ScanNet V2 and 20, 000 points from a point cloud on SUN
RGB-D. After sampling, a height feature for each point,
indicating its distance to the floor, is included in the XYZ
coordinates features. For data augmentation, point clouds on
the x-axis and y-axis are randomly flipped on the ScanNet V2
dataset. Some other augmentation strategies, such as rotating
and scaling, are all applied in the training process. On the
SUN RGB-D dataset, we randomly flip the point clouds along
the x-axis following VoteNet [3]. Rotating and scaling are also
used for the point clouds on the SUN RGB-D dataset.
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TABLE I

PERFORMANCE COMPARISON WITH STATE-OF-THE-ART 3D OBJECT
DETECTION NETWORKS ON SCANNET V2 VALIDATION SET.
POINTFORMER+ MEANS THE VOTENET EQUIPPED WITH
POINTFORMER AND T DENOTES THAT THE MODEL IS
IMPLEMENTED ON MMDETECTION3D. WE TREAT THE
VOTENET', H3DNET! AND GROUPFREE3DT AS BASE
MODELS AND PLUG OUR SCGNET IN THESE
MODELS TO ENHANCE THE PERFORMANCE

Method | mAP@0.25 | mAP@0.50
HGNet [10] 61.3 344
GSPN [57] 62.8 34.8
Pointformer+ [58] 64.1 -
3D-MPA [59] 64.2 49.2
MLCVNet [7] 64.7 42.1
VoteNet' [3] 63.8 442
VoteNet™ + SCGNet 66.2 ( ) | 46.1 ( )
H3DNet' [9] 66.1 47.7
H3DNett + SCGNet 67.0 (0.9 1) | 493 (1.61)
GroupFre(:3DJr (w2x,L12,0512) [8] 68.2 52.6
GroupFree3Dt (w2x,L12,0512) + SCGNet | 69.1 (0.9 1) | 53.1 (0.5 1)

B. Setups and Implementation Details

To ensure the reproducibility of our method, we implement
our SCGNet on the code base of MMdetection3D [55] and all
experiments are running on the same environment (one Nvidia
Tesla P40 GPU). In general, SCGNet takes the N output
proposals as input. In the category-aware proposal recoding
module, there is no need to pretrain the parameters for category
classification since they are initialized in the same way as the
parameters for the 3D detectors. The semantic embedding of
each category are obtained from the category classification
head and a set of additional semantic centers are maintained
as the network parameters. For the semantic-context graph
initialization, the non-linear function ¢ is a two-layer MLP
with a Rectified Linear Unit (ReLLU) activation function, and
the number of the neighbors K is set as 16. To aggregate the
semantic-context graph, two graph convolutional layers are
used, including a layer with eight attention heads followed
by an exponential linear unit (ELU) and a layer with a single
attention head. Dropout [56] with p = 0.4 is applied to the two
layers’ inputs and the shared attentional mechanism function a.

We conduct our studies based on four widely-
adopted 3D detection methods: VoteNet [3], H3DNet [9],
GroupFree3DNet [8], and ImVoteNet [60]. The configurations
for different backbones are listed in brief.

o VoteNet+SCGNet is end-to-end optimized using
AdamW [61] optimizer with a batch size of eight.
The initial learning rate is set to 0.008, and the whole
network is trained for 220 epochs on both datasets. The
learning rate is decreased by 10x after 120, 160, and
180 epochs on both datasets. The total number of the
sampled object candidates N = 256 and the proposal
feature dimension F = 128. After voting and sampling
procedure, the proposal features are fed into our SCGNet
for feature enhancement. All the settings follow the
VoteNet.
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o H3DNet+SCGNet is end-to-end optimized using the
AdamW [61] optimizer with the batch size of three.
The initial learning rate is 0.008 and is decreased by
10x after 120, 160, and 180 epochs, with a total of
220 epochs on ScanNet V2, following the settings in
H3DNet. 256 sampled object candidates are set and
their feature dimension is set to 128. Note that H3DNet
uses three geometric primitives to provide more accurate
signals, and we plug our SCGNet into each primitive
after the voting and sampling procedure to boost the
performance.

o GroupFree3D+SCGNet is trained on the ScanNet V2
dataset with the AdamW [61] optimizer. The initial
learning rate is set to 0.006, and the batch size is eight.
For the learning rate decay strategy, the learning rate is
decreased by 10x after 280 and 340 epochs, with a total
of 400 epochs following the settings in GroupFree3D.
We set 12 decoder stage as backbone together with
512 sampled object candidates. In view of the added
sampled object candidates, the neighbor number K of
our SCGNet is set to 32. Different from the settings
of VoteNet and H3DNet, the proposal feature dimension
F = 288 while F = 128 in the VoteNet and H3DNet.
Thus we simultaneously change the node feature dimen-
sion from the SCGNet as 288. We add SCGNet after
transformer module in GroupFree3D.

+ ImVoteNet+SCGNet is trained on SUN RGB-D dataset.
ImVoteNet is a two-stage network, and we first trained
the first stage network and then stored the parameters as
the pre-trained network for the next second stage training.
During the second stage, the AdamW [61] optimizer is
used and the batch size is set to 16. The initial learning
rate is 0.008 and is decreased by 10x after 120 and
160 epochs with a total of 220 epochs. Note that all
the basic settings follow the ImVoteNet. The number of
the sampled object candidates N is also set to 256 with
128 feature dimension. We add the SCGNet only in
the second stage training after the voting and sampling
procedure.

C. Quantitative Evaluation

1) Results on ScanNet V2: We evaluate our method
on ScanNet V2 dataset by comparing with several SOTA
3D object detection frameworks including HGNet [10],
GSPN [57], Pointformer+ [58], 3D-MPA [59], MLCVNet [7],
VoteNet [3], H3DNet [9], and GroupFree3d [8].

As shown in Table I, by applying SCGNet to VoteNet',
we achieve a 2.4 improvement on mAP@0.25 and 1.9
on mAP@0.50. When applying SCGNet to H3DNet' and
GroupFree3D', 0.9/0.9 improvements on mAP@0.25 and
1.6/0.5 improvements on mAP@0.50 are obtained. H3DNet
leverages a set of geometric primitives to provide more
accurate signals for 3D object detection. The enhancement
of H3DNet shows that our proposed SCGNet method is
complementary to the geometric primitives and can be used
together to obtain better performance. GroupFree3D detector
is based on the transformer structure to generate object fea-
tures, which can also be enhanced via SCGNet. Our SCGNet
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TABLE I

3D OBJECT DETECTION RESULTS ON SUN RGB-D VAL DATASET WITH MAP@0(.25.NOTATIONS:{ DENOTES THAT THE MODEL IS IMPLEMENTED
ON MMDETECTION3D. VOTENET! +0OURS, IMVOTENET' +OURS INDICATE APPLYING OUR SCGNET TO THE 3D DETECTOR RESPECTIVELY.
THE BEST RESULTS ARE IN BOLD WHILE THE SECOND BEST RESULTS ARE MARKED WITH UNDERLINE

Method | bathtub | bed | bookshelf | chair | desk | dresser | nightstand | sofa | table | toilet || mAP
VoteNet [3] 74.4 83.0 28.8 75.3 22.0 29.2 62.2 64.0 47.3 90.1 57.7
BRNet [33] 76.2 86.9 32.5 77.4 29.6 35.9 65.9 66.4 51.8 91.3 61.1
GroupFree3D [8] 80.0 87.8 32.5 79.4 32.6 36.0 66.7 70.0 53.8 91.1 63.0
imVotenet [60] 75.9 87.6 41.3 76.7 28.7 41.4 69.9 70.7 51.5 90.5 63.4
VoteNet ' [3] 75.5 85.6 31.9 77.4 24.8 27.9 58.6 67.4 51.1 90.5 59.1
VoteNet” + SCGNet 81.0 87.0 34.1 78.8 27.2 30.2 64.7 70.0 50.7 89.1 61.3 ( )
imVoteNet ' [60] 77.3 88.2 41.4 79.5 30.8 39.9 68.0 72.4 51.5 91.5 64.0
imVoteNet! + SCGNet | 795 | 87.8 | 465 80.0 | 320 | 438 67.9 752 | 529 | 907 || 65.6 (1.6 1)
TABLE III

3D OBJECT DETECTION RESULTS ON SUN RGB-D VAL DATASET WITH MAP@0.50.NOTATIONS: ¥ DENOTES THAT THE MODEL IS IMPLEMENTED ON
MMDETECTION3D. VOTENET' +OURS INDICATES APPLYING OUR SCGNET TO THE VOTENET', IMVOTENET' +OURS INDICATES APPLYING
OUR SCGNET TO THE IMVOTENET'. NOTE THAT THE BETTER RESULTS IN THE SAME BASELINE ARE MARKED IN BOLD

Method | bathtub | bed | bookshelf | chair | desk | dresser | nightstand | sofa | table | toilet || mAP
VoteNetT[3] 454 53.4 6.8 56.5 5.9 12.0 38.6 49.1 | 21.3 68.5 35.8
VoteNet! + SCGNet 55.5 57.9 10.0 58.4 6.6 174 45.5 53.2 19.2 69.7 39.3 (
ImVoteNet! [60] 46.7 55.7 10.0 58.1 6.5 18.0 39.5 54.3 199 69.3 37.8
ImVoteNet! + SCGNet 44.5 56.2 11.1 59.7 7.3 26.0 46.7 58.0 | 20.9 64.0 39.5 (

can help object proposals to absorb clear and efficient con-
text, eliminating the redundant information brought by the
full-connected interaction among all the proposals. All these
results of more improved performance on a fairly challenging
mAP@0.50 show that SCGNet has the ability to make the
detector detect objects more precisely, attributing to its ability
to eliminate ambiguity with the generated scene understanding
information.

2) Results on SUN RGB-D: We compare our method on
the SUN RGB-D dataset with VoteNet [3], BRNet [33],
GroupFree3D [8], and ImVoteNet [60]. The detection
results are shown in Table II. We achieve 2.2, 1.6 on
mAP@0.25 improvement on VoteNet' and ImVoteNet'. Com-
pared to the ImVoteNet!, SCGNet improves its performance
on seven of ten categories in mAP@0.25, the categories such
as “bathtub” (2.2), “dresser” (3.9) and “bookshelf” (5.1) get
significant improvements. We also show per-category results
under mAP@0.50. Equipped with our SCGNet, the VoteNet
implemented with MMdetection3D achieves 3.5 improvements
in total, and nine of ten categories get different degrees of
improvements as shown in Table III. For the ImVoteNet, our
SCGNet increases its performance to 39.5 on mAP@0.50.
This phenomenon shows that our method indeed helps the
model absorb rich scene information for better classification
and localization.

D. Qualitative Evaluation

Fig. 5(a) shows a visualization comparison of results in
our method and baseline methods (VoteNet [3], H3DNet [9]
and GroupFree3D [8]) on the ScanNet V2 validation set. It is
observed that due to the large number and variety of objects
of ScanNet V2, the existing methods tend to detect redundant
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bounding boxes (red arrow). SCGNet can effectively correct
this error with the help of semantic-context aggregation.

The qualitative comparison results on SUN RGB-D are
shown in Fig. 5(b). Although SUN RGB-D has fewer objects
to detect, the incomplete point clouds make the predic-
tion worse, including redundant bounding boxes error (red
arrow), shape or orientation error (yellow arrow), and cate-
gory error (green arrow). When integrated with SCGNet, the
category-aware proposal recoding and the graph aggregating
fix the low-quality feature, relieving the problem of redundant
bounding boxes error and category errors. Moreover, the
semantic-context graph takes context relation into consider-
ation and hence does a favor for correct shape and orientation
prediction. This proves that SCGNet provides an obvious
correction effect for location and direction errors.

E. Statistic Analysis

In Table II and Table III, we observed that both VoteNet
and imVoteNet achieved better mAP results when equipped
with our SCGNet. However, not all objects were consistently
detected better, as certain objects such as toilets, bathtubs,
and tables did not always yield better results. To investigate
this phenomenon and further explore the applicability of our
model, we conducted a statistical analysis of scene data from
the SUN RGB-D dataset. Specifically, we counted the types
and numbers of objects that appeared simultaneously around
each object in each scene, and then used quartile scaling to
scale the count values from O to 100 to avoid extreme values.
We visualized the statistical data as a heatmap, as shown in
Fig. 6. Based on the heatmap, we observed that chairs appeared
most frequently around tables and had an overwhelming
advantage compared to other objects. In contrast, toilets and
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H3DNet + ours

(a) ScanNet v2

GT VoteNet

VoteNet + ours

imVoteNet imVoteNet + ours

(b) SUN RGB-D

Fig. 5. Visualization of detection results on ScanNet v2 and SUN RGB-D. Note that H3DNet+ours, GroupFree3D+ours, VoteNet+ours and ImVoteNet+ours
mean applying our method to H3DNet, GroupFree3D, VoteNet and ImVoteNet.
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Fig. 6. The heatmap on SUN RGB-D dataset. Note that we counted the types
and numbers of objects that appeared simultaneously around each object in
each scene and then use quartile scaling to scale the count values from 0 to
100 for avoiding extreme values.

bathtubs appeared together in scenes, and there were hardly
any other objects present. Combining these observations with
the detection results on SUN RGB-D, we concluded that when
the layout in a scene is too monotonous (such as a scene
containing only a toilet and a bathtub, or a scene full of chairs),
the performance of our SCGNet may be slightly worse.

F. Ablation Study

We conduct ablation studies to investigate the contribution
of each part of SCGNet. All the experiments run on the
ScanNet V2 dataset and take VoteNet as the backbone method.

TABLE IV

ABLATION STUDIES OF DIFFERENT GRAPH CONSTRUCTION
STRATEGIES. THE Ny, AND Ne IN THE NODE COLUMN
INDICATE TAKING ORIGIN CONTEXT FEATURES OR
SEMANTIC FEATURES AS GRAPH NODES. IN THE
EDGE COLUMN, THE EDGES ARE GENERATED
WITH THREE DIFFERENT STRATEGIES,
GEOMETRIC DISTANCE (Egeo), SEMANTIC
FEATURE SIMILARITY (Esem ), AND
CONTEXT FEATURE SIMILARITY (Econ)

| Node ' | Edge £ | mAP@0.25 | mAP@0.5

W/o G | - | - | 63.8 | 442
G-1 Neon Egeo 64.2 452
G-l Neon, Esem 65.4 449
G-111 Neon Econ 64.9 457
G-IV Nsem Egeo 64.5 443
G-V Nsem sem 65.4 44.1
G-VI (SCGNet) | Nsem Econ 66.2 46.1

1) Configurations for < N,E > of G: We test different
combinations of node features and edge generation strategies
to verify the effectiveness of our proposed semantic-context
graph. As shown in Table IV, the node feature can be the
context feature N.,, or the semantic feature N, and the
edge can be generated with three different strategies: geometric
distance &g,, semantic feature similarity &sep, and context
feature similarity &.,,. The comparison between experiments
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TABLE V

THE COMBINATIONS OF GEOMETRIC, SEMANTICS, AND CONTEXTUAL
INFORMATION WHEN CONSTRUCTING THE EDGES OF THE
UNDIRECTED GRAPH. Egeo+sem+con MEANS COMBINING
GEOMETRIC, SEMANTIC, CONTEXT FEATURES TO BUILD

THE EDGES; Esem+con MEANS COMBINING SEMANTIC,
CONTEXT FEATURES TO BUILD THE EDGES;
Esem+geo MEANS COMBINING SEMANTIC
AND CONTEXT FEATURES
TO BUILD THE EDGES;

Edge 5 ‘ ggeo+sem+con ‘ gsem+con ‘ gsem+geo ‘ gcon
mAP@0.25 | 65.9 | 660 | 639 | 662
TABLE VI

ABLATION STUDY BASED ON DIFFERENT COMPONENTS OF OUR MODEL
IN SCANNET V2. OUR FINAL MODEL SCGNET IS REPORTED IN
THE LAST LINE. WE CONDUCT THIS ABLATION ANALYSIS ON
VOTENET. f DENOTES THAT THE MODEL IS
IMPLEMENTED ON MMDETECTION3D

PCAg | CAPR | mAP@0.25
VoteNetT[3] 63.8
v 64.6
v 64.9
VoteNetT+SCGNet v v 66.2

G-V and G-VI shows that, when merely using semantic
relations and ignoring the context relations in the scene, the
detection ability will have a decline (experiment G-V performs
weaker than both G-VI and w/o G on mAP@0.5). As the sit-
uation of applying geometric relations in edges, G-I and G-IV
suffer performance degradation for the reason that geometric
relations can only capture local relations which can not repre-
sent the whole scene. When replacing the semantic feature of
SCGNet (G-VI) with context feature (G-III), the low-quality
context feature caused by low-quality inputs finally results in a
drop on detection accuracy. Moreover, the role of semantic fea-
ture and context feature is also important. SCGNet (G-VI) uses
semantic feature as node feature for a better representation and
generates edges with context relations, which can generate the
correlation by taking both semantic information and geometric
information into consideration. When reversing their role
(G-1I), the low-quality node feature and geometry-ignoring
edges lead to a weaker performance.

2) The Verification of CAPR and PCAg: We evaluate the
effectiveness of the proposed CAPR module and PCAg mod-
ule in our SCGNet indivisually, by applying the sub-modules
to VoteNet one-by-one on the ScanNet V2 dataset. When the
CAPR module was applied to VoteNet, the semantic feature h,
which is output from the PCAg module, was added to the
origin proposal feature f to enhance the feature representation
ability. On the other hand, when the PCAg module was applied
to VoteNet, it treated the origin features as nodes and built a
graph with context feature similarity. As shown in Table VI,
our experiments showed that applying the CAPR module leads
to an improvement in mAP@0.25 of 1.6, while the PCAg mod-
ule improved the evaluation score to 64.9. As expected, when
equipped with CAPR and PCAg together, the mAP@0.25 was
boosted to 66.2. These results demonstrated that the semantic
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TABLE VII

SCANNET V2 TEST MAP@25 AND MAP@50 FOR
VARIOUS PROPOSAL NEIGHBOR NUMBERS

K | 8 | 16 | 32 | 64 | 256
mAP@0.25 | 66.0 | 66.2 | 663 | 65.5 | 64.3
mAP@0.50 | 445 | 46.1 | 459 | 43.7 | 43.1

TABLE VIII

THE ABLATION ANALYSIS ON Lcenter. T DENOTES THAT
THE MODEL IS IMPLEMENTED ON MMDETECTION3D

Method ‘ mAP@0.25 ‘ mAP@0.50
VoteNet' 63.8 442
VoteNett+Leenter 63.2 43.4
VoteNetT+SCGNet 66.2 46.1

features captured by the designed sub-modules indeed brought
satisfactory improvements to the detection performance.

3) Multiple Information Combinations: We further test mul-
tiple information combinations when constructing the edges
of the undirected graph to verify the impact of multiple
information to the edge relations. In detail, features from
different sources (semantic features, context features and geo-
metric features) are concatenated together, and an MLP layer
is constructed to fuse the features. Following Egs. 6 — 10,
we replace the f € RV*F with the fused features for calculat-
ing the graph edge. As shown in Table V, the results conclude
that simply using contextual information to generate edges
(Econ) gets the best performance (66.2 mAP@0.25), while the
combinations without contextual information (Esemgeo) get
63.9 mAP@0.25. When the combinations contain contextual
information, the model can maintain high performance. The
above results indicate that the combinations information is
superfluous when constructing the graph and single context
feature can provide enough information to extract context
relations.

4) Number of Neighbors K: The number of graph neighbors
in each node is an important hyper-parameter that has a
strong impact on graph clustering ability. Table VII shows
the results of different K. When we set K = 256, the sparse
unilateral connected digraph becomes the complete digraph,
and the detection performance decreases a lot. Although when
K = 64, the graph has become sparser than K = 256, there
still exist lots of redundant relations that will do harm to the
graph aggregation. If K = 8, the performance is decreased
compared to K = 16 means that the model can not capture
enough information from too few relations.

5) The Effectiveness of CAPR: We further verify the effec-
tiveness of the category-aware proposal recoding (CAPR)
module. In the CAPR module, the feature center of each
cluster with the same label can be viewed as a feature
representation of each category. And we obtain these category
features through center 10SS L enrer- As shown in Table VIII,
it is obvious that VoteNet with center loss will slightly damage
the detection performance. Our CAPR module can not only
erase the performance degradation from center loss but boost
the perception ability. Then, a simple classifier is designed to
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TABLE IX

THE ABLATION STUDIES OF DIFFERENT MLP
DEPTHS IN CAPR CLASSIFIER

| MLP Depth | MLP ACC | mAP@0.25

) 3 90.21 66.2

&) 6 90.45 66.1

® 9 91.13 66.1
TABLE X

THE COMPARISON BETWEEN SPARSE GRAPH NEURAL NETWORK IN PCA
AND TRANSFORMER.T DENOTES THAT THE MODEL
Is IMPLEMENTED ON MMDETECTION3D

VoteNet! | +SCGNet | +SCGNetr, 220 | +SCGNetr 450
638 | 662 | 53.4 | 63.0

learn semantic clues in each category in the CAPR module.
To analyze the influence of the CAPR module, we conducted
another ablation study by adding more linear projection layers
to the CAPR classifier. The classifier in the CAPR module is
implemented with MLP layers. As shown in Table IX, the
accuracy of CAPR classifier improves on more layers. When
the MLP depth goes from 3 to 9, the accuracy of the classifier
improves from 90.21 to 91.93. However, the final detection
performance does not change a lot. Such results show that
the mechanism of using high-level semantic representation is
more important than adopting a good classifier.

6) The Effectiveness of PCAg: When designing the proposal
context aggregation (PCAg) module, the most intuitive idea is
leveraging transformer to model the context relations. And in
principle, when we change the sparse graph neural network
in PCAg module to be fully connected, the graph neural
network can be simply replaced with a transformer block.
To further verify the effectiveness of PCAg module, we set
this ablation study which replaces the graph neural networks
in PCAg module with two transformer blocks (SCGNetr,220)
following Pointformer [58] and train it with a total of
220 epochs. The result in Table X shows that a significant drop
(—12.8 mAP@0.25) is observed by using transformer blocks.
When training SCGNetr,4g890 with 480 epochs, it converges
on 63 (—3.2) in mAP@25. This phenomenon shows that
the PCAg module can filter noisy and inefficient relations
while transformer blocks capture information from all other
proposals.

7) The Effectiveness of the Disentanglement: We investigate
the effectiveness of the disentangled semantic feature h’.
After SCGNet, the disentangled semantic feature h’ is added
to the origin feature f as the input of the detection head.
To validate the effectiveness, we compare the performance
of the detection head when fed with different input features.
Specifically, in Table XI, we evaluate the 3D detection per-
formance using &, f and h’+g(concat) as inputs, where h’,
f and h’+g(concat) represent feature extracted by different
ways. The “+” operator denotes the addition of two features.
Our experiments @ and @ demonstrate that the origin fea-
ture f contains crucial information which is necessary for
subsequent 3D detection, despite being entangled with com-
plex information. We then compare the disentangled semantic

IEEE TRANSACTIONS ON CIRCUITS AND SYSTEMS FOR VIDEO TECHNOLOGY, VOL. 33, NO. 11, NOVEMBER 2023

TABLE XI

THE ABLATION STUDY TO EXPLORE WHY h’ IS ADDED TO f.
WE CONDUCT OUR EXPERIMENT OF OUR SCGNET IN VOTENETT ON THE
SCANNET V2 DATASET. NOTE THAT f, h’ AND h'+g(concat) REPRESENT
TREAT f, h’ AND h’+g(concat) AS THE INPUT FEATURE OF THE LAST
DETECTION HEAD RESPECTIVELY, h’ + f REPRESENTS THAT TREAT
THE SUMMATION OF f AND h’ AS THE INPUT FEATURE OF THE LAST
DETECTION HEAD.WE CONCATENATE THE SEMANTIC-CONTEXT
FEATURE AND GEOMETRIC COORDINATE AND THEN USE A MLP FOR
RESTORING ITS FEATURE DIMENSION TO GENERATE h'+g(concat). “-
INDICATES THAT THE MODEL CAN NOT BE TRAINED SUCCESSFULLY

| input | mAP@0.25 | mAP@0.50
@ n’ +g(concat) - -
® B - -
® | (h +g(concat))+f 64.9 453
® B +f 66.2 46.1
® T 638 V)
TABLE XII

THE EFFICIENCY COMPARISON FOR DIFFERENT METHODS. ¥ DENOTES
THAT THE MODEL IS IMPLEMENTED ON MMDETECTION3D.
GROUPFREE3D REPORTED HERE IS CONFIGURED WITH S1X
DECODER STAGES AND 256 SAMPLED OBJECT CANDIDATES

Method ‘ VoteNet T+ SCGNet | GroupFree3DT  + SCGNet
Params 0.95M 1.35M 14.47M 16.48M
FLOPS 5.78 5.88 8.40 8.92
Time 0.5090s 0.5737s 0.7936s 0.8526s
mAP@0.25 63.8 66.2 66.3 67.0
mAP@0.50 442 46.1 52.6 53.1

feature A’ with its entangled counterpart h’+g(concat) in
experiments ®, @ and observe that A’ has better representation
ability than h’+g(concat). Overall, our findings suggest that
the addition operation involves a trade-off between the disen-
tangled semantic feature and the origin coupled feature, which
contains necessary information for 3D detection. Moreover,
the disentangled semantic feature demonstrates a significant
advantage over entangled one.

8) Model Efficiency: We compare the model size, speed,
and computational complexity to evaluate the efficiency of our
SCGNet in VoteNet and GroupFree3D. All the experiments
are running on the same work environment (one NVIDIA
Tesla P40 GPU), and all the models are implemented in the
MMdetection3D framework. As shown in Table XII, equipped
with our SCGNet, VoteNet, and GroupFree3D increase 0.4M
and 2.01M parameters, respectively. We gain a 3.76% AP
relative improvement while only a 1.73% relative increment
on FLOPS compared with VoteNet. The results show that our
SCGNet is an efficient model and can simultaneously boost
the point-based 3D object detection performance.

V. CONCLUSION

In this paper, we propose a simple plug-and-play network,
called semantic-context graph network (SCGNet) for better
3D detection performance. It aims to alleviate the confu-
sion sourcing from entanglement and make full use of the
information from the point cloud. To this end, we propose
the graph-based feature refinement method, where the node
features are only from semantic information, and the rela-
tion among nodes is obtained by taking both semantic and
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geometric information into account. In addition, our proposed
category-aware proposal recoding module learns the features
with more semantic clues to enhance the discriminative ability
of proposals. Exhaustive experiments are carried out on the
ScanNet v2 and SUN RGB-D datasets illustrating that our
SCGNet can bring improvements in most point-based pipelines
and achieves state-of-the-art results. Currently, our approach
is only suitable for indoor scenes and has limitations on the
outdoor scenes for the outdoor scenes have more open and
complex environments and we will improve this in the future.
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