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Weakly Supervised Segmentation on Outdoor 4D
Point Clouds with Progressive 4D Grouping

Hanyu Shi, Fayao Liu, Zhonghua Wu, Yi Xu, and Guosheng Lin .

Abstract—Recently, some weakly supervised 3D point cloud
segmentation methods have been proposed to develop effective
models with minimum annotation efforts. Our previous work,
W4DTS, proposes a challenging task that utilizes only 0.001%
points in outdoor point cloud datasets to achieve an effective
segmentation model. However, under an extremely limited anno-
tation budget, the quality of pseudo labels generated by W4DTS
is unsatisfactory, which limits the segmentation performance in
such scenarios. To solve this issue, we propose a progressive
4D grouping approach to group the annotated and unannotated
points across space and time, which can generate high-quality
pseudo labels with very sparse annotated points. Moreover, to
further improve our progressive 4D grouping approach, we
design a cross-frame contrastive learning and a local consistency
learning to improve the quality of our 4D grouping. Experi-
mental results reveal that with only 0.001% annotations, our
solution significantly outperforms the previous best approach
on SemanticKITTI. We also evaluate our framework on the
SemanticPOSS dataset and ScribbleKITTI dataset, and achieve
performances close to our fully supervised backbone models.

Index Terms—3D Computer Vision, Semantic Segmentation,
Weakly Supervised Semantic Segmentation.

I. INTRODUCTION

UTDOOR 3D point cloud semantic segmentation has

been attracting increasing research attention recently due
to its wide applications in scene understanding, autonomous
driving, and other fields. However, the limited scale of la-
belled 3D outdoor datasets has posed significant challenges
in training an effective model. Manually annotating 3D out-
door datasets is expensive and time-consuming. For example,
annotating one scene in the large-scale SemanticKITTI [1]
dataset takes around one hour. The whole annotation task on
SemanticKITTI [1] requires more than 1700 hours for around
40,000 point cloud frames. However, as the sampling rate
of LIDAR used in SemanticKITTI and KITTI [2] is 10Hz,
the whole dataset only covers around one hour of real-world
data. To address this data annotation challenge, efforts such
as self-supervised pre-training [3]—[7], unsupervised learning
[8], weakly supervised learning [9], [10], and active learning
[11]-[13] have been made. For a detailed survey on label-
efficient 3D deep learning for 3D point clouds, please refer to
[14]. Our focus in this paper is on weakly supervised learning
that only requires sparsely annotated points for outdoor point
cloud sequence segmentation.
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Fig. 1: A comparison between our method and previous
works on SemanticKITTI and SemanticPOSS. We compare
our method with W4DTS and the fully supervised method
(Fully Sup.). The weak annotation setting of our method is
the same as W4DTS.

Recently, some weakly supervised methods [15], [16] have
been presented to reduce annotation efforts for outdoor 3D
point cloud sequence data, also known as 4D point clouds.
As 3D point cloud sequences in outdoor datasets show
high temporal correlations among frames, in our previous
work W4DTS [15], we designed a two-stage pseudo-label
generation approach by leveraging the temporal and spatial
correlations. Specifically, in the first stage, WADTS generates
sparsely labelled seeding points based on temporal matching
over neighboring point cloud sequences. In the second stage,
W4DTS performs label propagation to generate pseudo labels.
We achieved impressive results in various settings. However,
the decoupled two-stage design has some weaknesses. Since
WA4DTS relies on a low amount of seeding points from the first
stage, even a single false seeding point can lead to significantly
inferior quality of the pseudo labels. This reduces the overall
quality of the pseudo labels and degrades the segmentation
performance of the final model.

To address this issue caused by the two-stage design in
WA4DTS, this paper proposes a novel Progressive 4D Grouping
(P4G) approach for generating more reliable pseudo labels.
We follow the 0.001% initial annotation setting of W4DTS.
Differing from the two-stage design of temporal matching
and label propagation in W4DTS, P4G builds 4D groups
to represent pseudo label clusters and progressively expands
these groups with the most similar neighboring points across
both time and space. The affinity of neighboring points is
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usually robust to low-quality features, and the progressive
4D group expansion ensures the quality of those neighboring
points added into existing 4D groups each time. Moreover,
to reduce the effect of false pseudo labels, P4G refines the
affinity score between each pair of points with the affinities
between these two points and all the neighboring points over
space and time. Using the refined affinity scores, progressive
4D group expansion implicitly utilizes the affinities between
unannotated points and the points in existing 4D groups to
select unannotated points as new pseudo labels, which is robust
to false pseudo labels. In addition, we further design a cross-
frame contrastive learning scheme and a local consistency
learning scheme to enhance the affinity weights and thus
further improve the quality of the 4D groupings.

In P4G, we set each initial annotation as a single 4D group.
We then design two group expansion strategies to expand
the existing groups over space and time. In the two group
expansion strategies, we generate a set of weights based on
the affinities between points and their neighboring points. We
then search for points with high weights to the points in the
groups in terms of both time and space and progressively add
more points into relevant 4D groups. Points in each 4D group
are expected to have high confidence in belonging to the same
class. We assign the labels of the initial annotations in the 4D
groups to all other points in the same group. These points are
the generated pseudo labels used in our model training stage.

We then design a cross-frame contrastive learning scheme
to train an affinity enhancement module (a GNN network)
for improving the quality of 4D grouping. The cross-frame
contrastive learning enlarges the affinity weights of points from
the same class. Our experiments demonstrate that our affinity
enhancement module using cross-frame contrastive learning
can help improve the precision and quantity of pseudo labels
from our 4D grouping. Moreover, we adopt a local consistency
learning scheme to improve our model and our 4D grouping
with unannotated points.

We evaluate our framework on SemanticKITTI [1], Seman-
ticPOSS [17] and ScribbleKITTI [9]. The comparison results
are shown in Fig. 1, which manifest the effectiveness of
our self-training approach for weakly supervised 3D semantic
segmentation.

We summarize the main contributions as follows:

o We design a progressive 4D grouping method to generate
pseudo labels for weakly supervised semantic segmenta-
tion. Our method progressively expands existing groups
containing the initial annotations in 4D space. With this
4D grouping approach, we generate high-quality pseudo
labels to train the segmentation network.

o« We design two group expansion strategies to expand
existing groups over space and time. With the usage of
affinities between neighboring points, our group expan-
sion strategies are robust to false pseudo labels, which
commonly exist in outdoor point clouds.

o We adopt cross-frame contrastive learning and local con-
sistency learning to enhance the affinity weights in our
4D grouping, thereby improving the quality of the pseudo
labels.

e We evaluate our proposed method with 0.001% initial
annotations on SemanticKITTI and SemanticPOSS. Our
experimental results show that our approach outperforms
WA4DTS by 4.3% mloU on the test set of SemanticKITTI.
On SemanticPOSS, our model achieves an mloU score of
55.8%, which is comparable to the fully supervised base-
line. On ScribbleKITTI, our method achieves an mloU
score of 53.7% using 0.08% annotations and 56.7% using
0.4% annotations, significantly outperforming competing
methods.

II. RELATED WORK

We first provide a general survey on label-efficient 3D deep
learning for 3D point clouds, and then focus on the most
related area of weakly supervised point cloud segmentation.

A. Label-efficient 3D Deep Learning for 3D Point Clouds

This is an active research area focusing on reducing the
dependency on large amounts of labeled data for training deep
learning models on 3D point clouds. For a comprehensive
survey on this topic, please refer to [14].

Self-supervised learning leverages intrinsic structures and
patterns within the unlabeled data to create supervisory sig-
nals for learning robust feature representations, which can
then be transferred to downstream tasks in a label-efficient
manner. Early attempts focus on designing pre-text tasks,
such as auto-encoding [18], occlusion completion [19], jig-
saw puzzle solving [20] etc. Later on, as a popular self-
supervised learning technique, contrastive learning has been
extensively explored for 3D point cloud data [3]-[5], [7],
[21]. In [7], the authors propose a method by leveraging
temporal consistencies among Lidar scans within a contrastive
framework. As another line of effort, active learning aims to
tackle the 3D data annotation challenge by actively selecting
more informative data for labelling within a limited annotation
budget. Works such as [11], [13] propose different labelling
strategies by considering various uncertainty and diversity
measures. Shi et al. [12] investigate the labelling sample
granularity for active selection under a limited annotation
budget. GrowSP [8] presents the first unsupervised learning
method for 3D point clouds. There are also some works
that leverage external knowledge to address label-efficient 3D
deep learning. For instance, recent efforts leverage advances
in vision or vision-language foundation models for 3D point
clouds [6], [22]-[24]. These methods typically utilize 2D-3D
correspondences to distill the knowledge learned in various
foundation models such as CLIP [25], SAM [26], X-Decoder
[27] for 3D point cloud segmentation. As a means to directly
reduce labeling costs, weakly supervised methods rely on
incomplete or inexact supervision, e.g., partial labeling [28],
[29], scene-level annotations [30], subcloud level annotations
[31], sparse point annotations [32]—[35], scribble annotations
[9]. We provide more discussions on weakly supervised point
cloud segmentation below.
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B. Weakly Supervised Point Cloud Segmentation

Weakly supervised point cloud segmentation is attracting
increasing attention. Earlier efforts such as MPRM [31] and
GPFN [36] make use of 2D image segmentation to support
weakly training of 3D tasks. Xu et al. [34], Zhang et al. [33]
and OTOC [32] only annotate a low proportion of points
in the point clouds and generate more pseudo labels based
on their self-training mechanisms. SQN [37] interpolates the
features of unannotated points for the model training. In
the outdoor scenario, W4DTS [15] proposes a challenging
setting: using 0.1% points of the first frames in each 100-
frame point cloud sub-sequence to train an effective model.
The key challenge of this setting is to utilize the extremely
few initial annotations and those point clouds without any
annotation. To tackle this challenge, W4DTS [15] designs a
label propagation framework to propagate the initial annotation
information to those unannotated frames over both space and
time. With the information propagation over both space and
time, the label propagation framework selects those points
with high confidence scores as the new pseudo labels for
model training. LESS [16] proposes a novel weak annotation
method and a training framework, which achieves competitive
performance compared to the fully supervised counterpart with
0.1% annotations. COARSE3D [38] annotates 0.1% points in
every frame and trains the model with a prototype training
framework. However, for LESS and COARSE3D, annotating
every frame in a large-scale outdoor point cloud dataset is still
expensive and may not be necessary as consecutive frames
usually contain large redundant information. HybridCR [39]
introduces a contrastive learning structure to dig into the
consistency locally and globally and achieve improvement
on both indoor and outdoor scenes. MulPro [40] generates
multiple prototypes with sparse initial annotations and predicts
the classes of points based on the affinity between points
and those prototypes. Their work focuses on indoor 3D scene
segmentation. In [9], the authors propose ScribbleKITTI, the
first scribble-annotated Lidar point cloud dataset, along with
a self-training pipeline within a student-teacher framework.
Compared to [9], our method requires less annotation effort
and fully leverages temporal and spatial correlations.

III. METHODOLOGY

A. Overview

In the outdoor scenario, LiDAR sensors on a moving car
scan the environment to acquire outdoor 3D data sequentially.
In KITTTI [2], consecutive point cloud frames in the same 3D
sequence share a high amount of common regions and objects.
Based on this observation, we propose a weakly supervised
setting in W4DTS [15], which firstly divides the 3D point
cloud sequence into several 100-frame sub-sequences and then
only annotates 0.1% points in the first frame of each sub-
sequence. This leads to a total annotation budget of 0.001%
to enable effective model training. In such a weakly learning
setting, there are extremely few initial annotations and a large
number of unannotated frames, which limits the performance
of models.

To train an effective model, W4DTS initially generates
more annotations with an unsupervised super-voxel segmenta-
tion [41]. Furthermore, WADTS designs a two-stage approach
using temporal matching and label propagation to propagate
the annotations to the whole dataset and generate more pseudo
labels. In the first stage, temporal matching selects the most
similar unannotated points in the consecutive frame to the
annotated points. Those matching results are the new pseudo
labels called seed points in W4DTS. With seed points, huge
amounts of unannotated frames can be utilized in the model
training stage. However, the performance of the final model
is still limited by the low amount of seed points. Then, we
design the second stage using label propagation to generate
more pseudo labels based on the seed points in each frame.
Label propagation builds a directed graph in each frame
and propagates the prediction information from seed points
to unannotated points for refining the prediction scores of
unannotated points. With the refined prediction score of unan-
notated points, we select points with high prediction scores as
the new pseudo labels.

However, the quality of pseudo labels in W4DTS is limited
by the two-stage design of temporal matching and spatial
graph propagation. Temporal matching is an one-to-one match-
ing, which selects a single most similar point to each of the
annotated points and existing pseudo labeled points in the
previous frame. When temporal matching makes false matches
in unannotated frames, these false matches are propagated to
later unannotated frames. In such a fashion, errors are easily
accumulated in the pseudo labels during temporal matching.
Furthermore, label propagation also propagates the informa-
tion of false seed points in each frame, which generates more
false pseudo labels. As temporal matching and spatial graph
propagation rely on a low amount of seed points, these false
matches significantly reduce the quality of pseudo labels. This
limits the overall quality of pseudo labels and degrades the
segmentation performance of the final model.

To tackle this issue, we propose a progressive 4D grouping
approach to group the extremely sparse initial annotations
and unannotated points as 4D groups for generating pseudo
labels. As the affinity of neighboring points is usually robust to
noise, progressive 4D grouping gradually expands existing 4D
groups with unannotated neighboring points which have high
affinities to the points in existing 4D groups. Furthermore,
during 4D grouping expansion, we refine the affinity score
between each pair of points with the affinities between all the
points over space and time. Using this method, we implicitly
utilize the affinities between target points and existing points
in 4D groups to expand the groups, which are robust to
false pseudo labels. Specifically, we set each initial annotated
point as a single initial group and progressively expand them
with neighboring points that have the highest refined affinity
scores to those points in each group over time and space.
Each point within a group is assigned a pseudo label by
considering the initial annotation in the group. We also design
an affinity enhancement module trained with a cross-frame
contrastive loss to generate more reliable context information
and enlarge the affinity weights of the neighboring points
from the same class. Furthermore, we adopt local consistency
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Fig. 2: An overview of our method. Firstly, we propose a progressive 4D grouping approach to generate pseudo labels.
Secondly, a graph neural network is trained by a cross-frame contrastive loss to further enhance the affinities between
neighboring points, and thus improve the 4D grouping performance. Thirdly, we adopt a local consistency learning scheme to

leverage unannotated points for our model training.

training to utilize the information of unannotated points during
the backbone model training.

A summary of the differences between this extension and

WA4DTS is shown below:

1) We propose a progressive 4D grouping method to gen-
erate high-quality pseudo labels, resolving the issues of
the two-stage design of W4DTS. Differing from the one-
to-one temporal matching and dense graph propagation
approach in W4DTS, P4G builds 4D groups using
the initial annotations and progressively expands these
groups with the most similar neighboring points over
space and time. In such a fashion, P4G enhances the
quality and quantity of pseudo labels compared to those
generated by W4DTS. With more high-quality pseudo
labels, the training pipeline is simplified and is more
efficient than the two-stage training of W4DTS.

2) We conduct additional experiments on ScribbleKitti [9].
The results show that our method significantly outper-
forms the competing methods.

B. Progressive 4D Grouping

Recent 3D panoptic and instance segmentation works [28],
[42]-[44] show that unsupervised or semi-supervised clus-
tering approaches, e.g. HDBSCAN [45], Affinity Propaga-
tion [46] are capable of grouping points from the same
instance with high quality. This clustering approach groups
points based on the feature affinity of neighboring points. The
affinity of neighboring points is usually more robust than the
affinity between distant points. Furthermore, with a higher
affinity, points and their nearby neighboring points have a
higher possibility to be in the same class. Considering these
assumptions, we propose a progressive 4D grouping approach
to group the annotated and unannotated points in 4D space.

Specifically, we build the initial groups with the initial
annotations and progressively expand the groups with highly
confident points in the 4D space. Each 4D group represents
a 4D region where all points within it have high probabilities
of belonging to the same class. In our implementation, the

progressive 4D grouping approach has two group expansion
strategies. For the spatial dimension, we propose a spatial
group expansion module to build 3D graphs on the point
clouds and use an edge weight propagation approach to in-
crease the weights between points that are strongly connected.
With pruning on the 3D graph, this spatial group expansion
generates a set of connected sub-graphs containing annotated
points as groups. For the temporal dimension, we propose
a temporal group expansion module by designing a context-
aware edge weighting scheme to generate the edge weights
between points in the current frame and points in existing
groups from the previous frame. Our context-aware edge
weighting is based on the affinity between two nodes and the
edge weights of neighboring nodes in the previous frame. With
an edge weight selection approach, we expand the groups in
the previous frame to the points in the current frame. Then, we
set these points in the current frame as starting points in spatial
group expansion. After we progressively build the 4D groups,
the labels of points within each 4D group are assigned the
labels of initial annotations in each group. Eventually, we use
these points as pseudo labels for training our segmentation
model. We show an overview of our proposed approach in
Fig. 2.

Group Expansion over Space. Initially, we follow
WADTS [15] and OTOC [32] to apply super-voxel segmen-
tation as a pre-processing step on all the point clouds. We
use average pooling over the points in each super-voxel. The
feature fz, coordinate ¢, and prediction probability score y!
of the i-th super-voxel in the ¢-th frame P* are:

1 n
¢ = ﬁch;
=1
_ 1 &
£=_>f (1)
=1

1 n
=1

where n is the number of points in the i-th super-voxel. Firstly,
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Fig. 3: Two modules in our progressive 4D grouping approach. In Figure (a), the spatial group expansion module generates
4D groups based on the adjacency of nodes in the graph. We search for connected sub-graphs from the starting points and
expand existing groups with points connected to any points in the groups. In Figure (b), the temporal group expansion module
generates cross-frame edge weights between the points in frames ¢ and ¢ + 1. Then, we select the most confident edges and
assign the nodes in ¢ 4 1 connected to those edges to existing relevant groups. These points in groups are the starting points

in the spatial group expansion module for frame ¢ + 1.

we build a radius graph on point cloud P*, with nodes being
super-voxels and edges connecting neighboring super-voxels.
In our implementation, the maximum radius for constructing
edges between pairs of super-voxels is 1.2m. The initial edge
weights Wt of the 3D graph are the original affinity matrix,
with its (i, j)-th entry being wl((;)t

We first define the feature distance dif7 ]t probability score
distance df; and coordinate distance df; between super-
voxels ¢ and j as:

f-f,

ft T
1,3 I
[T
ot .ot
vt _q_ Vi ¥ )
" ¥EI11¥51]
St ot([2
et |le; — Cj||
di,j =1- eXp(—#),
We then calculate the initial affinity weight wg?j)’t as:
it qut et
0), : : ’
w;j) t_ 1} .eXp(f% — % - %), 3)

where 7/, 7¥ and 7¢ are hyper-parameters to weight different
distance metrics. ]1; ; indicates the adjacency of super-voxel
¢ and j, which equals 1 if there is an edge between the two
super-voxels and O otherwise.

To achieve high-quality grouping, we design an edge weight
propagation scheme to increase the edge weights between
nodes that are strongly connected and reduce the edge weights
between nodes that have weak connections. To perform edge
weight propagation, we define a transition matrix T(*):* on the
graph, with its (7, j)-th entry calculated as wif?’t /> wgﬁ)’t.
Here [ indexes all the super-voxels in the frame P’. The
iterative edge weight propagation can be formulated as:

WERDE — aWRE (1 — ). TEIWRE (4

Here k represents the k-th iteration. « is an updating ratio
hyper-parameter to balance the updating weights and the
initial values. Moreover, we observe that the final model only
improves minorly when the number of iterations is larger than
3. Therefore, we set the maximum iteration number as 3 in
our implementation.

Next, the updated edge weights are used to calculate the
final adjacency matrix and search for connected sub-graphs to
expand the groups. Specifically, we remove those unreliable
edges according to the updated edge weight matrix wik)t
and build the final adjacency matrix A" as:

1 if ’U}Z(];-)’t > \spatial

0 otherwise

t
aij =

(&)
Note that \*P%*e! is a threshold hyper-parameter for edge
pruning, and wgfj)’t is an edge weight in W)t A Breadth-
First Search (BFS) is then adopted to search over the adjacency
matrix A’ for sub-graphs containing the initial annotations. We
use the initial annotations as the starting points for BFS. Note
that for those frames without any initial annotations, we use
the results of temporal group expansion as the starting points.
With BFS, all the super-voxels connected to the query nodes or
search starting nodes are added to the connected sub-graph of
initial annotations. Ultimately, we expand the existing groups
with the super-voxels in the connected sub-graphs.

Group Expansion across Time. If a point cloud P'™ (£ > 1)
is not annotated, the starting point of the spatial group ex-
pansion is missing. To generate pseudo initial annotations for
the spatial group expansion in the current frame P'™!, we
propose a temporal group expansion module by following a
similar design as the spatial group expansion. Specifically, we
build a graph across two succeeding frames P**! and P. The
nodes are the super-voxels assigned to all the super-voxels in
P! and any group in point cloud P’. The edges connect
the nodes in P! and P’. This is a bipartite graph, and
also a radius graph. Note that the coordinates of P‘™! and
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Algorithm 1 Pseudo Label Generation

Input: Point clouds P°, ..., P?, Initial annotations L°
Output : Pseudo labels S°, ..., S*
1: procedure
2 # G dnd G are the 4D graphs for 4D grouping.
3 Pil,f, .G« RemoveUnannotatedPoints(P°,L0)
4 for [ =0,...,t do
5 # L are pseudo initial annotations in point cloud P*.
6: L!, Gl + GroupEmpansionAcrossTime(f’l71,I:lil, G
7 # S! are the generated pseudo labels in P!,
8 st Gl <— GroupEzpansionOver Space(P!, L, G!)
9 Pl I G +— RemoveUnannotated Points(P', 8!, G!)
0 end for
1: end procedure

P’ are aligned based on the position information, and all the
radii in graph building are based on the aligned coordinates.
In our implementation, the maximum radius is set to 1.2m
for background points (e.g. road and building), and 5m for
object points (e.g. car and person) The affinity score w(o) o+t
of super-voxels pt'H and p! are calculated 51mllarly as per
Eq. (3).

Next, we design a context-aware edge weight updating
scheme based on not only the affinity between two nodes
in each edge but also the information from other nodes in
the previous frame. Specifically, we obtain the updated edge
weight werl ¢ by aggregating the edge weights between thrl
and all the neighbouring super-voxels in the previous frame.
We first define a cross-frame weight matrix DitLht, With its
(j,1)-th entry 5t+1’t calculated as w§02 Hlt/zl jl IALE
Here [ indexes all the super-voxels in the frame P'. The
context-aware edge weight updating is formulated as

t41,t tr1,t (k)¢
vt = e ©)
leN

Note that A/ denotes the set of all row indexes in W), ie.,
all the super-voxels in frame P’. The matrix formulatlon of
the updated edge weights WiT1-? is

yitht _ pttlt, W(k),t. 7)
Subsequently, we search for the most reliable connections
between the super-voxel pt'H and the groups in the previous
frame. For each super- Voxel ptH, we select edges with the
maximum edge weight vtﬂ "' We further remove all the edges
whose v”“ < )\tempoml Here At¢mroral s a threshold for
edge prunmg on the temporal graph. If there is still an edge
between p Land a super-voxel p! in the previous frame, we
expand the 4D group of p! with pH'1 The super-voxel p“'1
are assigned as the starting points for spatial group expansion
in frame P11,
Pseudo Label Generation. We show the pseudo code of
our pseudo label generation pipeline in Algorithm 1. G!
are the graphs %enerated by our progressive 4D grouping
approach, and G are the graphs with the unannotated points
removed from G'. Note that GroupExpansionAcrossTime
and GroupFEzxpansionOverSpace are the Group Ex-
pansion across Time and the Group Expansion over
Space techniques we presented earlier. The function

RemoveUnannotated Points indicates that we remove those
points that are not in any group.

As mentioned in W4DTS [15], the amount of object
points only consists of 0.1% of the points in the whole
dataset. The extreme data unbalance issue limits the quality
of pseudo labels and the performance of the final model.
Therefore, we only consider the points of the object classes

P)(eg car, person and bike) in SpatialGroupExpanding.

For background classes (e.g. road, building, and tree), we
directly use the results from TemporalGroupExpanding to
update the pseudo labels. Furthermore, in the first iteration
of pseudo label generation, for each background point pf,
TemporalGroupFExpanding only keeps the edges with the
maximum value in {wt 11 € M} where M is the index
set of all the points in frame t+1.

C. Affinity Enhancement Module

To further improve our 4D grouping results, we design
an affinity enhancement module and use a contrastive loss
to generate enhanced feature affinity weights. Firstly, we
build a k£ nearest neighbor graph at the super-voxel level
and build a GNN network to extract more graph context
information. Similar to the Grid-GCN [47], we extract the
super-voxel features by using multi-layer perceptrons (MLPs)
and aggregating the features based on the relative positions of
neighboring nodes. Specifically, we first use an MLP to adapt
the input features (which is a concatenation of the feature ff
and the prediction score y!) of super-voxel p:

si = MLP([f;, y!))- ®)
In our graph neural network layer, we use the features of
neighboring nodes and the feature differences between the
target node and its neighboring nodes as the input. We then
determine the edge weights of the neighboring nodes with the
class of the target node and the relative position of neighboring
nodes. Our graph neural network layer is formulated as:

et =s! + > Tanh(MLP([¢: - ¢,,3!))
~ ©
X ReLU(MLP([st,, st —st))).

Here e! denotes the enhanced features of super-voxel p! and u
indexes its neighbours. The two M L Ps have the same output
dimension. Here we use a T'anh function to generate the edge
weights. Then, we assemble two graph neural network layers
for our final output ef. In our implementation, the dimensions
of st and e! are 256 and the number of classess respectively.

Then, we design a cross-frame contrastive loss to optimize
the GNN parameters by enforcing features from the same
class to be similar. After each training epoch of the backbone
network, we randomly sample pairs of annotated frames from
the same sequence. For each annotated super-voxel in two
frames t; and to, we calculate the feature efl from the graph
neural network. For a super-voxel p?, we sample one positive
example and several negative examples in the ¢ frame. The
class of the positive sample is the same as pﬁl while the classes
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Fig. 4: An overview of our training framework.

of negative samples are different. We apply the InfoNCE
loss [48] on the super-voxel level features as below:

+,t
enhance __ o Xp (efl "€ 2)
l = E log
7 Zk exp

J
(e] ) +exp (€] e )’
(10
where [ indexes super-voxels in P™* and k indexes negative
samples. e;“ is the positive sample. Afterwards, we add one
M LP after the affinity enhancement module to predict super-
voxel level prediction scores. The final loss is [t0t%! = [5¢9:5v 1
[enhance where [5€9:5? is a cross-entropy loss at the super-voxel
level. In the training stage, we train the backbone network and
our affinity enhancement module separately.
The distance of two GNN features is calculated as:

t1 to

e’ -el
1?77?17152 1 _ tZ ]t ) (11)
N €5 [[lle”

For two points in the same class, the distance of two GNN
features is:

t. ot
el . et
e,t 1 7
det =1 (12)
ezl lles
Then the enhanced affinity score w! j as per Eq. (3) is:
alt gyt get get
t  _ qt 1,7 7,] 1,7 i,
wiy = Lijrexp(=—F = 8 = 5 = 7). a3

7% is a weighting hyper-parameter. Similarly, the enhanced

affinity score wt 1 for two nodes of the graph in group
expansion across tlme is:

T d{j’t“ ) bt ) dortit+1 ) dg,#,tﬂ)
Wig T iy TP Tf TY T¢ T (14.1)
tt41 t4+1 et b4l t641 .
Note df + dy’ ot dc 1 and de’ **1 are the distances

of features predlctlon scores Coordlnates and the enhanced
features between points from frame ¢ and ¢ + 1.

D. Local Consistency Learning

In the backbone training stage, we adopt a local consistency
training scheme to leverage unannotated points. The local

[ S S
hhace | 06 06
T aee | 06 06
Tipace | 06 06
sfpace 06 06
Thime | 0045 0.045
Tme | 0045 0.045
Time | 0045 0.045
& | 0.045  0.045
Aspace | 06 08
Atime | 06 08
o 05 05

TABLE I: The hyper-parameter settings in our final model.
T;pace,ijace,Tgpaw and 7g,,. are the hyper-parameters in
spatial group expansion. Tt];me,Tﬁme,Ttime and 7, are
the hyper-parameters in temporal group expansion.Similarly,
Aspace and Agime are the thresholds in group expansion in
space and time respectively. S; and Sy are the first and second

pseudo label generation iterations in our framework.

consistency training also enhances the affinity of points from
the same classes and thus improves the quality of 4D group
expansion. Specifically, we add noise to each point in a point
cloud and enforce the predictions of the original and deformed
points to be similar. Firstly, we apply a random augmentation
to the input point clouds. The augmentation operation includes
random rotation, random mirroring, and a random perturbation
to each point. For a single point, the coordinate of its perturbed
version {9 is {xt 4+ €%,y + €Y, 2 4+ €7}, where €%, €Y and
¢* are sampled from a Gaussian distribution A/(0,0.0252).
Then, we enforce the predictions y! and y{"?* to be similar
by optimizing an L2 loss between them. This loss is termed as
Jtocal Then, we combine the cross-entropy loss 1°¢9 and the
local consistency loss 1/°¢%! to train the backbone network. As
the local consistency loss aims to leverage unlabelled data to
improve model training, it becomes less effective and incurs
high computation costs when there is sufficient data with
pseudo labels. Therefore, we only apply the local consistency
loss in the first iteration.

E. Training Details

We show an overview of our weakly supervised training
pipeline in Fig. 4. Note that m is the iteration number of
pseudo label generations, which is set as 2 in our experiments.
Our backbone network is the same as our previous work,
which is MinkUnet [49]. We initially pretrain the backbone
model and affinity enhancement module with sparse initial an-
notations. Here the sparse initial annotations are also the same
as our previous work. In our previous work, we uniformly
sampled 1 point for each object (e.g. car, person) and 20 points
for the environment objects (e.g. road, building). Then, we
iteratively update the pseudo labels and fine-tune the backbone
model. In each iteration, we first update the pseudo labels with
progressive 4D grouping. With the new pseudo labels, we train
the backbone model and the affinity enhancement module in
order. After finishing the m-th iteration, we use the backbone
network as the final segmentation model.
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We also show a detailed setting of hyper-parameters in
Tab. I. Note that we have two pseudo label generation iter-
ations, which we define as S; and S;. We set low values
of parameters Tt’;me, Tiimes Teime and 7. . to enlarge the
difference between each point and thus only expand the high
confidence points into the existing 4D group across time. With
this setting, we significantly reduce the error accumulation
over time. In our experiment, the hyper-parameter settings can
be migrated to different datasets and annotation settings. We
achieve the best performance with the same hyper-parameter
settings on all the experiments shown in Section IV.

During the model training, our device is a workstation with
an Intel 19-9900X CPU, an Nvidia RTX 3090, and 16GB
memory. The whole training process is around 3.5 days.
Compared to the training of the fully supervised backbone
model, the additional computational costs are around 1 day.
Specifically, the training of the affinity enhancement module
and the pseudo label updating cost around 10 hours (6 hours
for affinity enhancement and 4 hours for two pseudo label up-
dating iterations). The local consistency training takes around
10 hours of additional training time.

IV. EXPERIMENTAL RESULTS

Following the weakly supervised learning setting in
WA4DTS [15], we evaluate our proposed method on Se-
manticKITTI [1], SemanticPOSS [17] and ScribbleKITTI [9]
by using the same weak annotation settings.
SemanticKITTI is a LiDAR point cloud dataset of outdoor
scenes, which contains 19 annotated sequences with over
40,000 frames. Specifically, there are 19,130 frames for train-
ing and 4,071 frames for validation. The rest 20,351 frames
are for testing. In the weakly setting of WADTS, there are only
198 annotated frames in the training set. For each annotated
frame, they only use 0.01% of annotated points. The total
annotation budget is around 0.0057%.

SemanticPOSS is also an outdoor LiDAR point cloud dataset.
There are 2988 frames in 6 sequences. In SemanticPOSS,
WA4DTS uniformly samples 26 frames and annotates an av-
erage of 3000 points in each frame, which covers around 5%
points. The total annotation budget is around 0.05%.
ScribbleKITTI reannotates the same point clouds dataset
as SemanticKITTI, which only covers 8.06% annotations of
SemanticKITTI. Similar to our validation settings, we use
4,071 fully annotated frames to evaluate our methods.

A. Results on SemanticKITTI

Comparison on the test set of SemanticKITTI. The results
on the test set of SemanticKITTI are shown in Tab. IIL
Note that we also show some results of fully supervised
approaches. With the 0.001% initial annotations, our frame-
work outperforms the baseline method (MinkUnet) with an
absolute mIoU boost of 9.7%. Our approach also achieves
a 4.1% improvement compared to W4DTS [15]. SQN [37]
and COARSE3D [38] are 3D-based approaches and require
annotations on every frame. Our approach achieves 3.3%
and 2.9% boosts over SQN using 0.1% annotations and
COARSE3D using 0.01% annotations respectively. Another

[ Backbone | Supervision | mIoU
DarkNet21Seg [1] 100% 47.4
RandLA-Net [50] 100% 53.9
MinkUnet [49] 100% 56.2
KPconv [51] 100% 58.8
SalsaNext [52] 100% 59.5
SPVCNN [53] 100% 66.4
Cylinder3D [54] 100% 67.8
(AF)2-S3Net [55] 100% 69.7
PVKD [56] 100% 71.2
PTv3 [57] - 100% 75.5
SQN [37] RandLLA-Net [50] 0.1% 50.8
SQN [37] RandLA-Net [50] 0.01% 39.1
COARSE3D [38] SalsaNext [52] 0.1% 55.7
COARSE3D [38] SalsaNext [52] 0.01% 46.2
MinkUnet [49] - 0.001% 394
W4DTS-100f [15] MinkUnet [49] 0.001% 44.8
Ours-100f MinkUnet [49] 0.001% 49.1
MinkUnet [49] - 0.005% 46.4
WA4DTS-20f [15] MinkUnet [49] 0.005% 52.3
Ours-20f MinkUnet [49] 0.005% 54.1

TABLE 1II: Results on the test set of SemanticKITTI.
We implement our method with two settings in W4DTS on
SemanticKITTI. Ours-100f and Ours-20f denote the annotated
frames sampled every 100 and every 20 frames respectively.

[ SGE_ TGE AE LC LCT [ mloU
MinkUnet 60.7
Baseline 40.9
WA4DTS-GM [15] 49.2
W4DTS-OT [15] 50.3
Model-A Vv 50.7
Model-B Vv v 51.5
Model-C Vv v Vv 52.9
Model-D Vv v Vv v 54.0
Model-E Vv v NARV4 54.6

TABLE III: Ablation study on the validation set of Se-
manticKITTI. MinkUnet is our fully-supervised backbone
network. SGE is the spatial group expansion, and TGE is
the temporal group expansion. AE is the affinity enhancement
module. LC is the local consistency training scheme, and LC'
denotes that we train the model with local consistency training
in all iterations. Model-A: we only use SGE and replace
TGE with the greedy matching in W4DTS. We compare our
method with W4DTS using greedy matching (W4DTS-GM)
and W4DTS using optimal transport (W4DTS-OT).

weak setting is to annotate 0.1% points in the first frame of a
20-frame sub-sequence, which leads to an overall annotation
budget of 0.005%. On this 0.005% weak annotation setting, the
performance of our framework is 1.8% higher than W4DTS,
and only shows a 1.6% margin compared to COARSE3D using
0.1% annotations. It is worth mentioning that our method is
comparable to the fully supervised baseline MinkUnet (54.1
vs. 56.2).

Ablation study on the validation set of SemanticKITTI. We
compare different variants of our proposed method against the
baseline and W4DTS on the validation set of SemanticKITTI
in Tab. III. Our backbone network is the same as W4DTS,
which is a 42-layer MinkUnet [49]. Here MinkUnet denotes
the fully supervised version of MinkUnet, and Baseline is
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Fig. 5: Qualitative comparison of pseudo labels generated by W4DTS [15] and our method. Here S,..; and Sgc,,se denote
the seed propagation and dense propagation stages in W4DTS. S; and Sq are the first and second pseudo label generation

iterations in our framework.
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Fig. 6: Qualitative comparison of pseudo labels generated by W4DTS and our method in different frames. Here S;..q
and Sgense denote the seed propagation and dense propagation stages in W4DTS. S; and S, are the first and second pseudo
label generation iterations in our framework. ¢ is the timestamp of the frame in each point cloud sub-sequence.

the weakly supervised MinkUnet using the initial annotation GM. Our method with only the progressive 4D grouping

naively. If we only use the spatial group expansion and
replace the temporal group expansion module with the greedy
matching method in W4DTS (Model-A), the mloU score is
0.4% higher than W4DTS-OT and 1.5% higher than W4DTS-

approach (Model-B) achieves an improvement of 1.2% over
W4DTS-OT and 2.3% over WADTS-GM. Note that WA4DTS-
OT solves an optimal transport problem to generate one-
to-one matching during temporal matching, which requires
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| S1 [ S
Model-A | 48.4 | 50.7
Model-B | 489 | 51.5
Model-C | 49.1 | 529
Model-D | 50.8 | 54.0
Model-E | 50.8 | 54.6

TABLE IV: Ablation study of our modules in two pseudo
label updating iterations on SemanticKITTI. Here S; is the
first iteration of pseudo label generation, and Ss is the second
iteration.

S1 S2
mloU  Sparseness | mloU  Sparseness

Initial 73.1 0.0057%

W4DTS [15] 78.1 0.8% 56.6 19.8%
Model-A 73.6 3.0% 76.7 3.2%
Model-B 74.7 3.2% 66.7 38.6%
Model-C 78.1 3.7% 72.8 42.8%
Model-D 78.1 3.7% 74.0 40.8%
Model-E 78.1 3.7% 74.0 40.8%

TABLE V: Ablation study on the pseudo labels of Se-
manticKITTI. For updated pseudo labels, we use two metrics,
i.e. mloU scores on updated pseudo labels and the sparseness
of updated pseudo labels over the whole dataset, to evaluate
the quality of pseudo labels. Note that we use the percentage of
pseudo labels in the whole dataset to represent the sparseness
of pseudo labels. Here we only show the quality of pseudo
labels which achieve the best performance of relevant models.
Similarly, we also show the quality of pseudo labels of
WA4DTS [15]. For W4DTS, S; represents seed propagation
stage, i.e. Sseed, and Sy represents dense propagation stage,
ie. Sdense-

much higher computation costs than Model-A and Model-
B. This demonstrates the effectiveness of our progressive
4D grouping approach. Compared to the greedy matching,
our temporal group expansion module (Model-B) shows a
0.8% improvement over Model-A. Further equipped With the
affinity enhancement module (Model-C), our method achieves
an improvement of 1.4% over Model-B. Compared to Model-
C, our full model with the local consistency training brings
an improvement of 1.7% in terms of mloU. As mentioned in
Section III-E, we only use the local consistency training in the
first iteration. If we apply local consistency training in all the
iterations (Model-D), it only shows a 1.1% improvement over
Model-C. Notably, the performance of our full model (Model-
E) increases the mloU score by 13.7% over the baseline.

Ablation study of our modules in two pseudo label gen-
eration iterations on SemanticKITTI We show an ablation
study of each module in two pseudo label generation iterations
on SemanticKITTI in Tab. IV. Note that all the models are
the same as the models in the ablation study on the validation
set of SemanticKITTI. Model-D and Model-E share the same
model in the first iteration .S;. Group expansion across time
(Model B) improves Model-A (+0.5% in S; and +0.8% in
S2). Comparing Model-B and Model-C, we can see that when

[  Backbone [ Supervision | mloU

PointNet++ [58] - 100% 20.1
SalsaNext [52] - 100% 45.0
RandLA-Net [59] - 100% 53.5
KPConv [51] - 100% 55.2
MinkUnet [49] - 100% 56.3
JS3C-Net [60] - 100% 60.2
COARSE3D [38] SalsaNext [52] 0.1% 43.0
COARSE3D [38] SalsaNext [52] 0.01% 31.1
MinkUnet [49] - 0.05% 39.5
W4DTS [15] MinkUnet [49] 0.05% 52.2
Ours MinkUnet [49] 0.05% 55.8

TABLE VI: Results on the data part 3 of SemanticPOSS.
Our method achieves very close performance compared to the
fully supervised backbone network MinkUnet.

the amount of pseudo labels is low in S, the performances of
Model-B (48.9% of mloU) and Model-C (49.1%) are similar.
However, when the amount of pseudo labels increases in
So, the affinity enhancement module achieves an absolute
mloU boost of 1.4% (52.9 vs. 51.5). Furthermore, with the
local consistency training scheme, Model-E achieves a 1.7%
improvement over M ccodel-C in S; and S5 respectively (50.8
vs. 49.1, 54.6 vs. 52.9). This shows the effectiveness of the
local consistency training scheme.

Ablation study on the pseudo labels of SemanticKITTI
To investigate the effectiveness of our framework, we further
compare the mloU scores and the sparseness of our pseudo
labels. We show the results in Tab. V. Note that the mloU
scores and the sparseness can not entirely determine the final
performance of the model. Therefore, we only use these two
metrics as references for model training and hyper-parameter
tuning. Using progressively 4D grouping, the pseudo label
quality of our Model-B outperforms that from W4DTS in
terms of mloU score and sparseness in both S; and So. Com-
pared to Model-B, our affinity enhancement module (Model-
C) significantly improve the mloU scores and sparseness of
pseudo labels in both S; and S;. As Model-C and Model-E
share the same model and affinity enhancement module trained
by the sparse initial annotations, the pseudo labels in S; are
the same. With the local consistency training, the pseudo labels
of Model-E in Sy are 1.2% higher than the pseudo labels of
Model-C in S5. Due to the fact that the model performance of
Model-E is 1.7% higher than Model-C, the quality of pseudo
labels is actually improved with local consistency training even
though the pseudo labels in Model-E in S5 is more sparse than
the pseudo labels of Model-C in S2. Model-D and Model-
E share the same model for both pseudo label generation
iterations, and thus the pseudo labels for Model-D and Model-
E are the same.

Qualitative results of our pseudo labels We show a qual-
itative comparison of the generated pseudo labels between
W4DTS and our method in Fig. 5. In all three frames, the
precision and quantity of our pseudo labels are significantly
better than that of WADTS. With our progressive 4D grouping
approach, the pseudo labels show a high regional consistency.
Especially for the object classes, our approach generates
dense pseudo labels with high quality. As highlighted by red
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Backbone [ Supervision | mIoU
MinkUnet [49] - 100% 61.1
SPVCNN [53] - 100% 63.8
Cylinder3D [54] - 100% 64.3
ScribbleKITTI [9] MinkUnet [49] 8% 58.5
ScribbleKITTI [9] SPVCNN [53] 8% 60.8
ScribbleKITTI [9] | Cylinder3D [54] 8% 61.3
MeanTeacher [61] - 4% 539
CutMix-Seg [62] - 4% 54.3
CBST [63] - 4% 54.6
CPS [64] - 4% 54.8
LaserMix [65] Cylinder3D [54] 4% 58.7
MeanTeacher [61] - 1.6% 52.8
CutMix-Seg [62] - 1.6% 52.9
CBST [63] - 1.6% 53.3
CPS [64] - 1.6% 53.9
LaserMix [65] Cylinder3D [54] 1.6% 55.6
MeanTeacher [61] - 0.8% 50.1
CutMix-Seg [62] - 0.8% 50.7
CBST [63] - 0.8% 50.7
CPS [64] - 0.8% 51.8
LaserMix [65] Cylinder3D [54] 0.8% 53.7
MeanTeacher [61] - 0.08% 41.0
CutMix-Seg [62] - 0.08% 36.7
CBST [63] - 0.08% 41.5
CPS [64] - 0.08% 41.4
LaserMix [65] Cylinder3D [54] 0.08% 442
Ours MinkUnet [49] 0.4% 56.7
Ours MinkUnet [49] 0.08% 53.7

TABLE VII: Results on the test set of ScribbleKITTI. We
present the results of our models using one annotated frame
every 100 frames and 20 frames, which aligns with our settings
on SemanticKITTI. Note that the supervision ratios pertain to
the entire SemanticKITTI dataset. As ScribbleKITTI annotates
8% points of SemanticKITTI, the settings of 0.08%, 0.4%,
0.8%, 1.6%, and 4% supervisions correspond to using one
scribble annotated frame every 100 frames, 20 frames, 10
frames, 5 frames, and 2 frames respectively in our setup.

circles in the first row of Fig. 5, our method generates more
comprehensive pseudo labels of object classes even when we
use a model trained only by sparse initial annotations in stage
S1. For background objects, the pseudo labels in the red circles
in frame t3 also show the effectiveness of our progressive 4D
grouping.

Furthermore, in Fig. 6, we also show a qualitative com-
parison of the ground truths, the generated pseudo labels
from W4DTS and our method in different point cloud frames.
We randomly sample the frames at different timestamps in
different sub-sequences. Similar to the observation in W4DTS,
the quality and quantity of pseudo labels in the frames far from
the first frame are lower than those in the frames close to the
first frame. In all the frames, our pseudo labels have higher
precision and quantity than that of W4DTS.

B. Results on SemanticPOSS

Next, we evaluate our method on the SemanticPOSS. The
results are shown in Tab. VI. Note the result of SalsaNext [52]
is reported by COARSE3D [38]. With the same backbone
network, our method achieves an absolute mloU boost of
3.6% over WA4DTS. Furthermore, the mloU score of our
method is 12.8% higher than COARSE3D [38]. Notably, our

method achieves very close performance compared to the fully
supervised backbone network MinkUnet (only by a margin of
0.5%).

C. Results on ScribbleKITTI

We also evaluate our method on ScribbleKITTTI [9], with re-
sults shown in Tab. VII. We present results obtained using two
different settings: 0.08% and 0.4% annotations. These settings
align with those we used in SemanticKITTI. As ScribbleKITTI
annotates 8% points of SemanticKITTI, the settings of 0.08%
and 0.4% annotations correspond to using scribble annota-
tions of one frame every 100 frames and every 20 frames,
respectively, in our setup. Note that the performances of
MeanTeacher [61], CutMix-Seg [62], CBST [63] and CPS [64]
using 0.08% and 1.6% supervision settings are reported by
LaserMix [65]. When using the same 0.08% annotations, our
model significantly outperforms LaserMix [65] by a margin
of 9.5%. Notably, the backbone network of LaserMix [65] is
Cylinder3D [54], which outperforms our backbone network
MinkUnet. Furthermore, the performance of our model using
0.4% annotations is comparable to LaserMix that uses 10 times
our annotations (56.7 vs. 58.7).

V. CONCLUSION

We propose a weakly supervised segmentation framework
to train effective models with 0.001% annotations on outdoor
3D datasets. Specifically, we design a progressive 4D grouping
approach to associate unannotated and annotated points for
generating high-quality pseudo labels.We propose two group
expansion strategies to group points in 4D space based on
their affinities, i.e. spatial group expansion and temporal group
expansion. We further adopt cross-frame contrastive learning
and local consistency learning to improve the quality of
pseudo labels and thus our final performance. Experimental
results show our method achieves significant improvements
over previous best works.
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