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Abstract. We introduce a 3D instance representation, termed instance
kernels, where instances are represented by one-dimensional vectors that
encode the semantic, positional, and shape information of 3D instances.
We show that instance kernels enable easy mask inference by simply
scanning kernels over the entire scenes, avoiding the heavy reliance on
proposals or heuristic clustering algorithms in standard 3D instance seg-
mentation pipelines. The idea of instance kernel is inspired by recent
success of dynamic convolutions in 2D/3D instance segmentation. How-
ever, we find it non-trivial to represent 3D instances due to the disordered
and unstructured nature of point cloud data, e.g., poor instance localiza-
tion can significantly degrade instance representation. To remedy this,
we construct a novel 3D instance encoding paradigm. First, potential in-
stance centroids are localized as candidates. Then, a candidate merging
scheme is devised to simultaneously aggregate duplicated candidates and
collect context around the merged centroids to form the instance kernels.
Once instance kernels are available, instance masks can be reconstructed
via dynamic convolutions whose weights are conditioned on instance ker-
nels. The whole pipeline is instantiated with a dynamic kernel network
(DKNet). Results show that DKNet outperforms the state of the arts on
both ScanNetV2 and S3DIS datasets with better instance localization.
Code is available: https://github.com/W1zheng/DKNet.
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1 Introduction

3D Instance segmentation aims to predict point-level instance labels [8,12]. Stan-
dard approaches heavily rely on proposals [28,4,17] or heuristic clustering algo-
rithms [12,2]. In this work, we show that instance masks can be reconstructed by
scanning a scene with instance kernels, a representation for 3D instances, which
simultaneously encodes the positional, semantic, and shape information of 3D
instances.
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Fig. 1. Comparison of inferred centroid clusters and instance masks. Com-
pared with HAIS [2], our DKNet generates more focused centroid clusters that can
guide precise localization such that small and close instances can be discriminated and
large instances have consistent predictions. Best viewed by zooming in and in color.

3D instance representation addresses two fundamental problems: i) how to
localize an instance precisely and ii) how to aggregate features effectively to de-
pict the instance. Unlike 2D instances that can be directly encoded via grid sam-
pling [26] or dynamic kernel assigning [31], in the 3D domain, the disordered and
unstructured nature of point cloud data renders difficulties for precise instance
localization and reliable representation; and top-performing approaches [2,16,12]
implicitly localize instances with centroid offsets [22], which only provides coarse
information for instance representation, as shown in Fig. 1. Our instance kernel
also draws inspiration from DyCo3D [9], which first applies dynamic convolu-
tion into 3D instance segmentation. However, DyCo3D is built upon the existing
bottom-up segmentation pipeline [12], leaving the fundamental problems of in-
stance encoding unsolved. To alleviate the difficulties above, we design a novel
instance encoding paradigm that efficiently localizes different instances and en-
codes the semantic, positional, and shape information of instances into instance
kernels for mask generation.

We further incorporate the kernel encoding paradigm into a dynamic kernel
network (DKNet) for 3D instance segmentation. To localize instances, as shown
in Fig. 1, DKNet predicts a centroid map for instances and extracts centroids
via a customized Non-Maximum Suppression (NMS) operator with local nor-
malization. Observing that duplicated candidates may be predicted for a single
instance (especially for large ones), we design an iterative aggregation mechanism
to merge duplicated candidates guided by a predicted merging score map. The
score map indicates the probability whether each paired candidates should be
merged. Afterwards, the merged instances are encoded into instance kernels by
adaptively fusing the point features around the localized instance centroids. Fi-
nally, instance masks can be reconstructed with a few convolution layers, whose
weights are conditioned on the generated instance kernels.
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We evaluate DKNet on two popular 3D instance segmentation datasets, in-
cluding ScanNetV2 [3] and S3DIS [1]. The results show that DKNet outper-
forms previous state-of-the-art approaches, ranking the first AP among published
methods on the ScanNetV2 online leaderboard.1 Thanks to the instance kernels
and the specially designed instance localization pipeline, DKNet can better dis-
tinguish instances from dense areas than current top-performing approaches, as
shown in Fig. 1. A series of ablation studies also demonstrate that the proposed
instance localization and aggregation pipeline can greatly enhance the instance
representation.

Our contributions are two-fold:

- We extend the idea of dynamic convolution into instance kernel, a compre-
hensive representation for 3D instances in point clouds;

- We propose a dynamic kernel network for 3D instance segmentation, with a
novel instance kernel encoding paradigm;

2 Related Work

Here we briefly review the 3D instance segmentation approaches and kernel-
based instance segmentation.

Proposal-Based 3D Instance Segmentation. Proposal-based approaches [29]
assign instances with proposals and the instance masks are generated upon pro-
posals. 3D-BoNet [28] directly predicts the bounding boxes, within instance
masks are generated. 3D-MPA [4] samples proposals from predicted centroids;
masks of proposals are then clustered to form the instance masks. GICN [17]
simultaneously predicts the centroids and sizes of instances to obtain bounding
box proposals. Predictions from proposal-based approaches show good object-
ness, while two major drawbacks exist: 1) the multi-stage training and the pro-
posal generation process introduce large computational overhead; 2) the results
highly rely on the proposals.

Propoal-Free 3D Instance Segmentation. Proposal-free approaches cluster
points into instances in a bottom-up manner. SSTNet [16] models the entire
scene by constructing a tree of superpoints and uses top-bottom traversal to
aggregate nodes and form instance masks. PointGroup [12] clusters points using
semantic labels and centroid offsets as clues. PE [30] encodes points into an em-
bedding space where points from the same instances are close. Then clustering
are performed in this embedding space. Considering that clustering points into
instances with various sizes in one shot is difficult, HAIS [2] proposes a novel
hierarchical clustering pipeline to gradually refine the aggregation results. How-
ever, even with the implicit guide of object signals, the objectness of predictions
is still low, as shown in Fig. 1. Hence, directly adding kernel-based dynamic con-
volution modules upon existing proposal-free approaches cannot bring out the
best of kernel-based instance segmentation paradigm.

1 http://kaldir.vc.in.tum.de/scannet_benchmark/semantic_instance_3d

http://kaldir.vc.in.tum.de/scannet_benchmark/semantic_instance_3d
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Fig. 2. Pipeline of the Dynamic Kernel Network.

Kernel-Based Instance Segmentation. Kernel-based instance segmentation
uses instance-aware kernels to scan the whole scene to reconstruct instance
masks, the pivot of which is to represent or associate instances with di�erent ker-
nels. After obtaining the kernels, the common solutions are scanning the scene
via dot product or dynamic convolution [11,19]. CondInst [24] predicts instance
proposals by object detection and encodes the proposal features into kernels. K-
Net [31] associates a �xed number of kernels with instances in certain regions and
dynamically updates them. SOLOv2 [26] partitions the feature maps into grids
and generates a kernel for each grid. However, representing instances as kernels
in the 3D domain is non-trivial due to the disordered and unstructured nature
of point cloud data. DyCo3D [9] �rst introduce the kernel-based paradigm in 3D
instance segmentation, which is built upon existing bottom-up approach [12].
However, they focus on the concrete implementation of dynamic convolutions,
and bypass the core of the kernel-based paradigm: how to encode instances into
kernels? In this work, we further explore the underlying relation between the dis-
criminative representation of instances and e�ective kernel-based segmentation,
resulting in a novel localize-then-aggregate instance kernel encoding paradigm.

3 Dynamic Kernel Network for 3D Instance Segmentation

3.1 Overview

As illustrated in Fig. 2, at the core of our dynamic kernel network (DKNet) is
to encode instances into discriminative instance kernels. The encoding process
consists of three key stages: 1) processing raw point clouds with a UNet-like
backbone and predicting point features, centroid o�sets, and semantic masks;
2) localizing centroids for instances with a candidate mining branch; 3) merging
duplicated candidates and collecting context around instance centroids to form
instance kernels. Once the instance kernels are acquired, the instance masks can
be obtained by processing the point cloud features with a few convolution layers,
whose weights are conditioned on instance kernels.
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3.2 Point-wise Feature Extraction

Following recent proposal-free approaches [12,2,16], we adopt the backbone from
PointGroup [12] for feature extraction. Given the raw point cloud P 2 RN � 6

with N points, a 3D UNet-like [23] backbone with sparse convolutions [5] outputs
point features Fp 2 RN � D . Fp is then fed to a semantic branch which predicts
semantic maskS 2 RN � C , and additionally, a centroid o�set branch which infers
the o�set O 2 RN � 3 of each point to the corresponding instance centroid. The
semantic branch is a Multi-Layer Perceptron (MLP) with softmax activation
at the output layer. Cross-entropy loss and multi-class dice loss [20] are used
to supervise the training of this branch. Similar to the semantic branch, the
centroid o�set branch maps Fp into o�sets O. For each point Pi , Oi 2 R3 is a
vector pointing to the centroid of instance that covers this point. Further details
of the backbone can be referred to the supplementary.

3.3 Finding Instances

To generate the kernel for each instance, we should �rst �nd all the instances.
However, the top-performing proposal-free approaches predict centroid o�sets
as implicit object signals, which is rather coarse to precisely localize instances,
as shown in Fig.1. Hence, learning from proposal-based approaches, we propose
a candidate mining branch to generate centroid maps, followed by a searching
algorithm to localize the instance candidates.

As shown in Fig. 3, point featuresFp 2 RN � D and centroid o�sets O 2 RN � 3

are jointly concatenated to form the input Fc 2 RN � (D +3) for the centroid min-
ing branch. Then Fc is fed into an MLP with softmax activation at the output
layer to obtain sharp centroid heatmap H 2 RN . Each elementH i indicates the
probability of the i th point being an instance centroid.

During training, we place a 3D Gaussian kernel on every instance centroid to
form a pseudo ground truth heatmap asĤ i = exp( � � � d2

i =r2
i ) ; wheredi denotes

the distance between point i to the centroid of the instance covering it. r i ,
which controls the variance of the Gaussian kernel, equals the maximum side
length of the axis-aligned bounding box of the corresponding instance. Hence,
the Gaussian kernels are geometry adaptive w.r.t. the size of di�erent instances.
� is set to 25 to keep the average ofĤ around 0:1. To supervise the training,
the loss function L center for the candidate mining branch is de�ned as:

L center =
1

P N
i =1 I (Pi )

NX

i =1

jH i � Ĥ i j � I (Pi ) ; (1)

where I (Pi ) is an indicator function that outputs 1 when i th point belongs to an
instance, otherwise outputs 0.

With the predicted heatmap H , we iteratively search the local maximum as
instance candidates with a customized local normalized NMS (LN-NMS) strat-
egy. During each iteration, the algorithm localizes the point with the highest
centroid score among the foreground points; the centroid scores of other points
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Fig. 3. Centroid mining branch. (a) The input of candidate mining branch; (b)
The customized Non-Maximum Suppression with local normalization.

in its neighbor with radius R are then normalized via the division of the maxi-
mum value in this R-radius neighbor. If the normalized centroid score is larger
than a threshold T� , this point will be considered a candidate and all other points
within its R-radius neighbor are suppressed and excluded in the next iteration,
no matter whether the point is chosen as the candidate. We setT� = 0 :5 and the
radius R = 0 :3m according to the average size of instances in ScanNet [3]. The
iteration ends when no point remains orN � candidates have been found.N � is
empirically set to 200. Finally, a candidate setQ 2 RN 0

can be collected, where
N 0 denotes the number of candidates. Refer to supplementary for more details.

3.4 Representing Instances as Kernels

After localizing the instance centroids, we represent these candidates as instance
kernels. We expect that one kernel is extracted for one instance, and the kernel
should be discriminative. Therefore, we design a duplicated candidate aggre-
gation strategy that simultaneously eliminates extra candidates and adaptively
fuses features around candidates for instance representation.

Aggregating Duplicate Candidates. We judge whether two candidates should
be aggregated based on the context of each candidate. For each raw candidate, we
use the features from its \foreground points", \background points" to describe
the context. The \foreground points" denote points with the same semantic la-
bel within a R-radius neighbor of each candidate, while the \background points"
denote all the points with di�erent semantic labels within a 2 R-radius neighbor
of each candidate. To aggregate features from the foreground and background
points, we �rst process point feature Fp with an MLP for dimensionality re-
duction. Then, the output features of the MLP w.r.t. \foreground points" and
\background points" are averaged and respectively form the descriptive feature
Fn 2 RN 0� D 0

and the background featureFb 2 RN 0� D 0
for each candidate. As

the above two features only encode semantic and shape information, we con-
catenate them with the shifted coordinate (add the raw coordinates with the
centroid o�set vectors) of each candidate as positional information to form the
aggregation featureFa 2 RN 0� (2D 0+3) for duplicated candidates aggregation.


