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Hard-Soft Pseudo Labels Guided Semi-Supervised
Learning for Point Cloud Classification

Yuan He

Abstract—Point clouds are widely applied in 3D visual sensing
and perception. However, manually annotating point clouds is
much more tedious and time-consuming than that for 2D images.
Fortunately, semi-supervised learning can leverage massive un-
labeled data to alleviate this issue, which is becoming a promis-
ing technique nowadays. In this letter, we propose a novel semi-
supervised learning (SSL) framework for point cloud classifica-
tion, named HPSSL. Its unsupervised learning branch performs
both the representation embedding and pseudo-classification tasks.
Specifically, both hard and soft pseudo labels of unlabeled samples
are generated from a shared classifier to guide the class-aware
contrastive learning in our SSL framework. Besides, a prediction
consistency strategy is proposed to enhance the discrimination of
feature representation and the exactness of pseudo labels. Fur-
thermore, we force the supervised learning branch to interact
with the unsupervised learning branch via distribution alignment,
thus achieving representation consistency. Extensive experiments
on three 3D shape recognition benchmarks demonstrate the effec-
tiveness of the proposed approach.

Index Terms—Point cloud, 3D vision, semi-supervised learning,
contrastive learning, pseudo label.

1. INTRODUCTION

ITH the rapid development of 3D visual scanners and
W technologies, 3D point cloud has become one of the
most important data formats for 3D signal analysis, applied
in a variety of applications including autonomous driving [1],
[2], robotics [3], [4], [5], virtual/augmented reality [6], [7], etc.
Recently, deep neural network-based methods have achieved
impressive performance on point cloud analysis [8], [9], [10],
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[11], [12]. However, most of these approaches require extensive
annotated information, which is particularly challenging for 3D
point cloud data as its annotation is more time-consuming and
costly than 2D images. Thus, it’s desirable to explore semi-
supervised learning [13], [14], [15] to alleviate the annotation
burden of point cloud data and enhance model performance.

Semi-supervised learning (SSL) has been an effective scheme
for leveraging massive of unlabeled data along with limited
labeled data. The commonly employed approaches are pseudo-
labeling and consistency regularization [14], [15]. In addition,
extending contrastive learning into semi-supervised algorithms
has yielded significant improvements in the field of image pro-
cessing [16], [17], [18]. Although many SSL works have been
proposed for images, SSL is rather under-explored for 3D point
clouds. There are a few SSL works [19], [20], [21] utilizing
pseudo-labeling and point-level contrastive loss for point cloud
semantic segmentation. However, these works mainly focused
on learning the representation encoder while neglecting to ex-
ploit the semantic classifier.

In addition, some previous works have explored contrastive
learning on point clouds [22], [23], [24], and they learn rep-
resentations from unlabeled data by conducting instance dis-
crimination tasks. The instance discrimination task only clusters
samples of the same instance while distinguishing different
instances of the same class. However, instances belonging to the
same class should be clustered together in the feature space for
the point cloud classification task. Unfortunately, there is aheavy
disagreement between these two objectives, which will prevent
learning more discriminative representations. In summary, these
existing works on semi-supervised point cloud classification
methods have two heavy limitations: 1) they rely on instance
discrimination to learn representations which lacks enough se-
mantic information for classification. 2) they focused on learning
the representation encoder while neglecting the significance of
the semantic classifier. To move beyond such limitations, we
design a novel semi-supervised framework for point cloud clas-
sification. Our main contributions are summarized as follows:
1) Both hard and soft pseudo labels are generated to guide the
unsupervised representation learning. The hard pseudo-labels
provide explicit but probably unreliable class information while
the soft pseudo-labels give continuous but probably redundant
probability information. The proposed class-aware contrastive
loss successfully combines the advantages of these two types
of pseudo labels by utilizing hard-soft pseudo labels to guide
representation learning. 2) A prediction consistency strategy
is designed to further improve the discrimination of feature
representation in the encoder and the exactness of pseudo-labels
generation in the classifier. 3) We successfully integrate the point
cloud encoder, projector, classifier, momentum encoder, and
momentum projector into a whole framework to realize hard-soft
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Fig. 1. Overview of the proposed HPSSL framework. The unlabeled data
Py is independently augmented to Pf and Pik. They are passed through
the point cloud encoder £(-) and momentum encoder £'(-) to generate their
representations {h} and {R¥}. Pseudo-labels are obtained through the shared
classifier. The cross-entropy (CE) loss, contrastive loss, consistency loss, and
alignment loss are integrated to constrain the network training.

labels guided semi-supervised learning, in which the supervised
and unsupervised branches adaptively interact with each other
via representation distribution alignment.

II. METHOD

A. Overview

Let P be a training set of point clouds and divide it into a
labeled set and an unlabeled set. Denote P, = {P},...,PL} €
P as labeled training set and {yi,...,yr} as their corre-
sponding labels. Similarly, unlabeled training set is denoted as
Pu =A{P{,..., P4} € P.Notethat Lisusually assumed much
smaller than U, namely, L < U. To leverage the labeled but
limited data and the numerous but unlabeled data, HPSSL learns
features through a supervised learning branch, an unsupervised
learning branch, and their interaction. Fig. 1 shows the overall
architecture of HPSSL. The left branch is a standard supervised
branch, and the right branch realizes the proposed unsupervised
learning which is used to learn representations from massive
unlabeled data. Besides, the two branches interact with each
other during training.

B. Unsupervised Learning Branch.

1) Structure: As illustrated in Fig. 1, a batch of point clouds
{P!} (i=1,2,...,B) are sampled from the unlabeled set Py.
Each sample P is transformed to a query sample P! and a
key sample PF by performing different random augmentation.
Then {P{} and {P}F} are passed through the point cloud en-
coder £(+) and momentum encoder £’(+) separately to generate
their representations {h{} and {h¥}. On the one hand, these
representations are projected to a metric space with a linear pro-
jector H(-) and the corresponding momentum projector H'(-),
respectively. The projected and normalized representations {z; }

and {2F} are used for the following contrastive learning. On
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the other hand, the representations {h?} and {h¥} are also fed
to a shared classifier C. The classifier mapped a representation
to a C-dimensional classification vector, which describes the
probabilities of C' classes.

2) Hard-Soft Pseudo Labels: With the classifier’s outputs,
we can obtain pseudo labels of the unlabeled point cloud
samples. Both hard pseudo labels and soft pseudo labels are
generated. The hard pseudo labels are given by

! = argmax(C(£(P{)) 1

gk = argmax(C (€' (P})) W
where the argmax function converts a classification vector to a
classification index. Hard pseudo labels are used in the subse-
quent consistency loss. In addition, the soft pseudo labels are
generated by

Sy _topk(C(E(PD)

"7 S topk{(CEPT). o
o _topk(C(E(P))

T L topk(CE (PR,

where the topk function remains the k largest elements and
sets the other elements to zero so that the soft pseudo label
can focus on the high-confident part of the classification result.
c is the index of class. The top k probabilities are normalized
so that their sum is one. Empirically, k is set as 4, which is
much smaller than C. The soft pseudo labels are used in the
following contrastive learning, which provides class awareness
of the similarity measurement in the loss calculation.

C. Class-Aware Contrastive Learning

Contrastive learning is employed to learn features from unla-
beled data by reducing the distance between positive sample
pairs while enlarging the distance between negative sample
pairs in the feature space. InfoNCE loss [25] is widely used
in contrastive learning. However, it only considers the contrast
between instances but ignores class information. We propose
two strategies to fully utilize class information of pseudo labels
to guide class-aware contrastive learning.

1) Hard Pseudo Labels Guided Contrastive (HPLC) Loss:
With the hard pseudo labels obtained by (1), for each query
sample 7 we can select the key samples with the same hard
pseudo label from D, to form a positive set A; = {a|g! = 9%}
Note that the key samples whose hard pseudo label’s confidence
is lower than a threshold (3 are excluded from the positive set.
The HPLC loss is given by

Lypc = —— Zl

2) Hard-Soft Pseudo Labels Guided Contrastive (HSPLC)
Loss: Considering the inherent inaccuracies and sensitivity to
label noise in hard labels, we propose to use the soft pseudo
labels given by (2) to further improve semi-supervised learning.
The HSPLC loss is calculated by

aeA exp(z! 2R /7))

_exp(zl-zk/T)

3)

LuspLc = — ZB: oy U1 T xp(2120 ) “)
= Z _y exp(z{-25;/7)

Authorized licensed use limited to: Anhui University. Downloaded on July 26,2024 at 10:49:38 UTC from IEEE Xplore. Restrictions apply.



HE et al.: HARD-SOFT PSEUDO LABELS GUIDED SEMI-SUPERVISED LEARNING FOR POINT CLOUD CLASSIFICATION

Algorithm 1: Semi-Supervised Training.

Input: labeled data {P,}, unlabeled data {P,}, model
module {&,C, H, g, 7—[/}, sample dictionary D
M': number of optimization steps
for m =1 to M do
1 Sample mini-batch of labeled samples P! < P,
and unlabeled samples P" < Py, ;

2 # Perform random augmentations twice
P < Aug,(P%), P* + Aug,(P") ;
3 # Perform forward propagation

hl < E(PY), i « E(PY)
21« H(E(P)), 2% « H (E'(PY)) ;
4 Compute the Cross-entropy loss

Leg + CE(C(E(P')),y') :
Computer hard pseudo labels 47, 9 by Eq. 1 ;
Computer soft pseudo labels 77, y* by Eq. 2 ;
Update the dictionary D « z*, 9%, 5% ;
Compute the contrastive loss Lyprc by Eq. 3 or
LuspLc by Eq. 4 ;

9 Compute the consistency loss Lcons by Eq. 5 ;
10 Compute the alignment loss
ECONS — MMD(Zq, Zk> )
1 Update {&,C,H} using the total loss
L = Lcg + M Lcont + A2Lcons + A3Lvmp
12 Update {€',H'} by EMA.

end

e 9 & W

Unlike the HPLC loss, the HSPLC loss incorporates weights
based on the probability of label consistency to regulate the
loss. The utilization of soft pseudo labels serves the dual pur-
pose of discarding unreliable labels while enhancing the feature
similarity for positive samples.

D. Prediction Consistency Regularization

In the unsupervised branch, the model is required to produce
consistent predictions when different perturbed versions of the
same point cloud are fed into the network. To enforce this
consistency, we utilize the hard pseudo labels provided by (1)
to form a consistency loss

B
1 N
Lcons = B E 195 > B)H(yF,y!) &)
=1

where 1 is the indicator function, H is the cross-entropy loss. 3
is a confidence threshold. y! = C(£(PF)) and y¥ = C(E'(PF))
are predicted class distribution of the corresponding query and
key sample. This loss guides the model to capture the invariant
and consistent features under various changes of a point cloud
instance.

E. Representation Alignment

Considering the interaction between the supervised and unsu-
pervised branches, we expect the feature distributions of the two
branches to be aligned. However, since labeled and unlabeled
data are carried out by supervised and unsupervised optimization
objectives respectively in the semi-supervised scheme, there is
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TABLE I
POINT CLOUD CLASSIFICATION ACCURACY (%) ON MODELNET40 WITH 5%,
10%, 20%, 40% LABELS OF TRAINING SET

Method 5% 10%  20%  40%
Sup-only 684 772 819 855
Pseudolabels [34] 69.1 7877 826 86.4
S4L [16] 706 789 827 87.1
STL [20] 735 80.1 817 873
FixMatch [35] 742 809 818 873
ConMatch [18] 747 808 823 874
MarginMatch [36] | 75.3 81.6 825 872
Ours 764 818 832 879

a misalignment between their feature distributions. Inspired by
unsupervised domain adaptation techniques addressing cross-
domain distribution discrepancies, we leverage Maximum Mean
Discrepancy (MMD) [26], [27] to estimate the distribution
discrepancy. By reducing the MMD loss Lyvp, we gradually
align the distributions of representations, thereby enhancing the
performance of the classification task.

F. Total Loss and Training Procedure

The total loss is the weighted sum of the four loss terms,
L = Lcg + M Lcont + A2Lcons + Az Lvmp (6)

where Lcg denotes cross-entropy loss used in the supervised
learning branch. Lconr is the contrastive loss that can be im-
plemented with either Lypc or Luspic. A1, A2 and Ag are
non-negative weights. The training procedure of the proposed
SSL framework is presented in Algorithm 1.

III. EXPERIMENTS

A. Experimental Setup

1) Datasets: Our experiments are performed on three main
point cloud classification datasets. ModelNet40 dataset [28]
consists of 9843 train objects and 2468 test objects from 40
categories. ShapeNet dataset [29] has 51,190 objects from
55 categories. ModelNet40-C dataset [30] is a comprehensive
benchmark dataset on corruption robustness of 3D point cloud
recognition, consisting of 15 corruption types with 5 severity
levels. Following the conventional practice in SSL, we split the
training set into labeled and unlabeled data proportionally.

2) Implementation: All comparisons with semi-supervised
methods are made under the same setting to be fair. The encoder
can be implemented using PointNet [31], DGCNN ([32], and
other techniques, such as [33]. On three datasets, we sample
1024 points from each sample for training and testing. Following
MoCo [25], the momentum encoder is updated by the exponen-
tial moving average of the encoder’s weights. During training,
we first train the supervised part for 10 epochs and then train the
whole framework.

B. Experimental Results

1) Shape Recognition: First, we evaluate our semi-
supervised framework on the ModelNet40 dataset [28] for
point cloud classification. We use PointNet [31] as the
backbone network and supervised baseline (Sup-only). Table 1
shows the results of the shape classification. Our method
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TABLE II
POINT CLOUD CLASSIFICATION ACCURACY (%) ON SHAPENET WITH 1%, 5%,
10% LABELS OF TRAINING SET

PointNet DGCNN
Method % 5% 10% | 1% 5% 10%
Sup-only 635 723 714 | 697 786 821
Pseudolabels [34] | 662 72.6 782 | 714 798 827
S4L [16] 658 724 779 | 71.8 794 825
FixMatch [35] 669 736 793 | 73.6 795 832
ConMatch [18] 672 745 788 | 733 799 835
MarginMatch [36] | 67.8 742 795 | 73.5 803  83.4
Ours 684 759 797 | 741 802 839

TABLE III

POINT CLOUD CLASSIFICATION ACCURACY (%) ON MODELNET40-C WITH
5%, 10%, 20%, 40% LABELS OF TRAINING SET

Method 5% 10% 20% 40%
Sup-only 503 576 628 66.3
Pseudolabels [34] 53,5 583 635 67.1
S4L [16] 54.1 597 643 682
STL [20] 574 61.8 652 679
FixMatch [35] 59.2 625 651 683
ConMatch [18] 59.7 639 656 682
MarginMatch [36] | 59.4 637 66.1 684
Ours 59.6 642 663 685

achieves state-of-the-art performance and benefits more when
fewer labels are used. Compared to semi-supervised methods
(Pseudolabels [34], S4L [16], STL [20], FixMatch [35],
ConMatch [18], MarginMatch [36]), HPSSL outperforms
these strong baselines with margins of 0.2-6%. It’s worth
noting that the improvement of our method to other methods
is more significant with fewer labels. Further, we conduct
experiments of point cloud classification on ShpaeNet [29]
which is a larger dataset. The previously described has once
again been confirmed. And that, to explore the compatibility
of the architectures, we use DGCNN as the encoder except
for PointNet. As shown in Table II, HPSSL with PointNet or
DGCNN is better than supervised baselines, even superior to
other SSL methods described above, demonstrating that our
proposed framework can be generalized to various encoders.
As expected, the gain obtained by our method decreases
as the amount of labels increases. Moreover, to validate its
effectiveness on corruption data, we compare HPSSL with
other semi-supervised methods on ModelNet40-C [30]. As
depicted in Table III, our HPSSL consistently achieves the best
performance using 10%, 20% and 40% labels of training point
clouds. For example, our HPSSL respectively outperforms
classical semi-supervised methods S4L [16] and Pseudolabels
[34] with large margins of 5.5% and 6.1% when using only 5%
labeled data, which clearly demonstrates the superiority of the
proposed HPSSL.

2) Ablation Study: We then investigate the effectiveness
of each component in HPSSL: class-aware contrastive learn-
ing(Ccl.), representation alignment(Ra.), and prediction consis-
tency regularization (Pc.). In Table IV, the model Sup.+Csl. is
trained with a cross-entropy loss for labeled data and an InfoNCE
loss for unlabeled data. Instead of InfoNCE loss, Sup.+Ccl.+Hp.
and Sup.+Ccl.+Hsp. exploit unlabeled data through HPLC and
HSPLC loss, respectively. They improve 2.8% and 3.9% over
Sup.+Csl., indicating that hard-soft pseudo labels can boost the
performance of our method. Sup.+Ccl.+Ra. boosts 1.9% and
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TABLE IV
ABLATION STUDY ON SEMI-SUPERVISED LEARNING METHODS ON
MODELNET40 WITH 5% LABELS

Method Accuracy
Sup-only 68.4
Sup. + Csl. 70.6
Sup. + Ccl. + Hp. 73.8
Sup. + Ccl. + Hsp. 74.5
Sup. + Ccl. + Hsp. + Ra. 75.7
Sup. + Ccl. + Hsp. + Ra. + Pc. 76.4
Ours 76.4

(b) Sup.+Ccl.

(c) Sup.+Ccl.+Ra.+Pc.(Ours)

Fig. 2. t-SNE visualization of representations learned by Sup., Sup. + Ccl.and
Sup. + Ccl. + Ra. + Pc. (ours) on ModelNet10 dataset. (a) Sup. is trained with
the supervised objective for the labeled data. (b) Sup. + Ccl. is trained through
the supervised objective and class-aware contrastive loss. (c) Sup. + Ccl. + Ra.
+ Pc. is our HPSSL method. The squares with black denote the labeled data, and
the others are unlabeled data. Note that different colors denote different classes.

1.2% over Sup.+Ccl.+Hp. and Sup.+Ccl.+Hsp. by applying
MMD to align feature distributions of labeled and unlabeled
data. What’s more, Pc. further improves the performance. These
experimental results demonstrate that each of these components
plays an important role in our semi-supervised learning.

3) The T-SNE Visualization: To further explore the mech-
anism of HPSSL, we visualize the feature distributions of the
labeled and unlabeled point clouds on ModelNet10 [28] training
dataset with t-SNE in Fig. 2. From Fig. 2, We can find that
the model Sup. trained with only supervised objects is hard to
distinguish the decision boundaries of unlabeled point clouds.
Compared to Sup., the model Sup. +Ccl. presents tighter distribu-
tions, which benefit from class-aware contrastive learning. How-
ever, long-tail distributions still exist for unlabeled samples. our
HPSSL with Sup.+Ccl.+Ra.+Pc. makes decision boundaries
more clearer. Overall, the comparison results further validate
the effectiveness of HPSSL. Our proposed algorithm, which
combines semi-supervised learning with contrastive learning,
demonstrates the capability to guide our model in acquiring more
discriminative features.

IV. CONCLUSION

In this paper, we propose a novel semi-supervised learning
framework for 3D point cloud classification. Our approach is
designed to train the model with significantly fewer annotations,
alleviating the burden of annotating extensive point cloud data.
Through extensive experiments, we validate the efficacy of
the proposed pseudo label-guided class-aware contrastive loss,
prediction consistency strategy, and representation alignment,
demonstrating the superior performance of our method. Notably,
we observed a positive correlation between the scarcity of labels
and the gains obtained by our method.
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