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Teachers in concordance for pseudo-labeling of 3D sequential data

Awet Haileslassie Gebrehiwot™*, Patrik Vacek!, David Hurychz,
Karel Zimmermann®, Patrick Pérez2, Tomas Svobodal

Abstract—Automatic pseudo-labeling is a powerful tool to
tap into large amounts of sequential unlabeled data. It is
especially appealing in safety-critical applications of autonomous
driving, where performance requirements are extreme, datasets
are large, and manual labeling is very challenging. We propose
to leverage sequences of point clouds to boost the pseudo-
labeling technique in a teacher-student setup via training multiple
teachers, each with access to different temporal information. This
set of teachers, dubbed Concordance, provides higher quality
pseudo-labels for student training than standard methods. The
output of multiple teachers is combined via a novel pseudo-
label confidence-guided criterion. Our experimental evaluation
focuses on the 3D point cloud domain and urban driving
scenarios. We show the performance of our method applied
to 3D semantic segmentation and 3D object detection on three
benchmark datasets. Our approach, which uses only 20% manual
labels, outperforms some fully supervised methods. A notable
performance boost is achieved for classes rarely appearing in
training data. Our codes are publicly available on https://github.
com/ctu-vras/T-Concord3D.

I. INTRODUCTION

In many machine learning problems, state-of-the-art per-
formance requires supervision via complete annotation of the
training data. Therefore, an effective way to increase the
performance of a model is to add more annotated training
data [13]. However, this approach is neither scalable nor
sustainable, requiring thorough manual labeling by human
annotators. Annotation tasks such as semantic segmentation
of videos and sequences of point clouds are very complex to
accomplish. Reducing annotation needs is, therefore, a crucial
and active research field. Pseudo-labeling [16] has emerged
as a versatile and powerful tool. A teacher model trained on
a small amount of labeled data is used to annotate lots of
unlabeled data automatically. The student model trains on the
combination of a small labeled set and a large pseudo-labeled
set. This work introduces ways to boost pseudo-labeling when
dealing with temporally ordered data streams. The proposed
framework is instantiated and evaluated in the context of 3D
point-cloud analysis for driving applications. In contrast to
unordered data, the temporal ordering of the data grants the
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Fig. 1: Proposed “Concordance of teachers” for pseudo-
labeling of sequences. A set D’ of sequences with a central
frame labeled and a larger set D" of unannotated ones are
available for training; ) Multiple offline teachers are trained
with full supervision on D’ each with a different temporal
range towards future and past frames; @ The teachers are
run on D" to produce pseudo-labels (PLs) for central frames;
® Sequences with the most confident PLs according to
Concordance of teachers are selected, forming the pseudo-
labeled set DP. The white box depicts the discarded PLs; @
The student is trained on D U DP, to work online with past
and current frames only.

student and teacher access to a meaningful temporal context.
In particular, the teacher can also access future data in the
form of privileged information [33] that is available at the
time of pseudo-labeling but not at the students’ inference time.
Consequently, the teacher can benefit from past and future
frames, thus making the most of the temporal consistency
over an extended time window. We noticed that the range
of this temporal window has a crucial influence on teachers’
performance, as it captures different temporal contexts. The
complexity of spatio-temporal events in 3D driving scenes
would require the teacher to operate simultaneously at different
temporal ranges. Learning a large enough teacher capable of
modeling the aforementioned complexity would require many
labels, contradicting the motivation of easing the annotation.
We take a more practical approach where multiple complemen-
tary teachers are trained, each operating in its own temporal
range with the past and future frames unannotated. These
teachers use the Concordance to assess the confidence of the
extracted pseudo-labels (PLs) and to select the most confident
ones for student training eventually.

We experimentally demonstrate that Concordance-based
pseudo-labeling (i) achieves competitive performance with
state-of-the-art fully supervised methods [36], [20], [37], [39]
with only a fraction of labeled data, (ii) outperforms pseudo-
labeling methods that do not leverage multiple teachers [13].

Our approach (Fig.1) only assumes that two sets of se-
quences are available: The first with the central frames anno-
tated and the second larger and devoid of annotation. Several
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teachers are trained on the first set to predict the label of the
middle frame of an input sequence. Once trained, all the offline
models run on the second dataset to pseudo-label the central
frames. The most promising automatically annotated samples
are weighted and added to the first set based on time-aware
Concordance sample selection. The resulting large labeled set,
with the future frames not available at the input, is used to train
the final online model.

We put this framework to work for different spatio-temporal
perception tasks on sequences of outdoor point clouds (PCs).
We take advantage of the temporal ordering to provide more
accurate pseudo-labels than an ordinary PL method would
deliver. We demonstrate its superiority on the tasks of 3D
detection and 3D semantic segmentation in driving scenes on
two architectures [28], [39] and three datasets (see Fig. 2). Our
contributions to pseudo-labeling of temporal data are: 1) An
effective way to aggregate time-ordered unannotated/annotated
3D scans; Leveraging such privileged information improves
teacher’s performance for 3D semantic segmentation and ob-
ject detection tasks. 2) A novel confidence-guided criterion for
better pseudo-labels selection and loss function guidance. 3)
A novel weighting of pseudo-labels via the Concordance of
teachers trained on different temporal ranges.

II. RELATED WORK

Spatial and temporal consistency in point clouds. LiDAR
PCs are unstructured data. PointNet architecture [23] directly
consumes raw PCs to extract features with permutation invari-
ance and global features for classification. PointNet++ [24]
further improves the extraction of local features. The archi-
tecture of MeteorNet [15] works with multiple input PCs
to extract features from additionally available points with
consistent temporal properties. Choy et al. [8] use sparse 4D
CNN for spatiotemporal perception to improve robustness in
detection tasks. Spatial synchronization to the reference scan
and adding one additional channel of encoded time lead to
further performance gain [11]. Qi et al. [25] use temporal
information for PC densification based on tracking previously
detected objects for automatic data annotation. Conversely to
us, they use a top-performance detection model pre-trained in
a fully supervised way. We focus on building a set of teacher
models (Concordance) from a minimal amount of annotated
data and apply distillation through pseudo-labeling.

Knowledge distillation. Training the student model is usually
done by distilling knowledge in the feature or output space
[9]. Liu et al. [18] distill an ensemble of teachers into a
single student and extend the idea using different architectures
suitable for different tasks as teachers. Cho and Hariharan [7]
show that larger models are not necessarily better teachers,
mainly due to parameter complexity mismatch. Mirzadeh et
al. [21] propose a multistep knowledge distillation with an
intermediate-sized network to bridge the gap between student
and teacher complexity. The benefit of using the teacher net-
work can also come from exploiting privileged information [5].
In our work, we adopt a teacher-student framework and distill
future data in sequential frames when training the teacher
models.

Semi-supervised learning. Semi-supervised learning ap-
proaches have been heavily researched for image recognition,
less so for point clouds [13], [38]. Extending an image
pseudo-labeling approach [16] to 3D perception [5] has re-
cently shown that automatic labeling of LiDAR data could be
leveraged to achieve considerable performance gain. An early
approach [30] proposes to extract useful training examples
from unlabeled data by exploiting the temporal information
in LiDAR scans for classification. Enforcing consistency of
model predictions across perturbed versions of unlabelled
data [38] proves to be beneficial in 3D object detection. For
the task of 3D semantic segmentation, learning with a point-
guided contrastive loss [13] increases performance even with
fewer ground-truth labels. The authors show that using pseudo-
labels and confidence thresholding can help to improve feature
learning. This method is compared to ours in Section IV. Our
approach focuses on semi-supervised learning using pseudo-
labeling and knowledge distillation. It is worth mentioning
that a complementary line of work explores approaches such
as self-supervised pre-training [35], [22] and domain adap-
tion [12], [14] to avoid labeling too many samples.

III. METHOD

Point-cloud notations. A point cloud X = {z*}X | is a finite
order-less collection of 3D points, where the number of points
K is assumed constant over time to keep the notation simple.
We consider symmetric time-ordered PC sequences of the
form X_,,., = (Xop,..., X1, X0, X1,...,X,,) composed of
a reference scan X, preceded by n past scans and followed by
n future ones. For the symmetric sequences, the reference scan
(frame) is the same as the central one, see Fig. 1. All scans
in the sequence are transformed into the coordinate system of
the reference one.

Time-aware feature extraction. We build on a modified ar-
chitectures of the Cylinder3D [39] for semantic segmentation
and PointRCNN [28] for object detection. Both architectures
consist of MLP modules responsible for attaching rich spatial
features to individual scan points, followed by task-dependent
modules. In contrast to single-frame perception, we must
handle successive scans; therefore, we propose a time-aware
extension of their original MLPs.

Given a sequence X.,., of point clouds, the backbone
architecture estimates a feature vector h(x() for each point g
in the reference scan Xj. This feature vector encompasses all
contextual information from its spatio-temporal neighborhood
N (z() defined as an hourglass-like 3D shape centered in xg:

N(mo)={zi€ Xy : |xe—mo| < r(|t]), t € [-n,n]}, (D)
where r is an increasing function as in [15] (Fig.3). The
feature of each xy € X is finally defined as:

h<$0) = mtén/\%();o) {(b(wt - $0,t)}, (2)

that is, by max-pooling of time-aware pairwise features over
the spatio-temporal neighborhood, where ¢ is an MLP with
shared weights to be trained, and ¢t € [—n,n].

The construction of the spatio-temporal neighborhoods
obeys the intuition that the maximum distance an object can
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Fig. 2: Proposed architectures that aggregate sequence of 3D point clouds. We build a modified version of Cylinder3D
for semantic segmentation and PointRCNN for object detection that can aggregate multiple frames inside its spatio-temporal
encoder. The output of the spatio-temporal encoder-decoder are extracted point features h(x). For object detection, Only
features from the reference frame, i.e., h(xg) for &y € X, are used to train PointRCNN for object detection. Here, we use
the full set of features h(x) for semantic segmentation due to the setup of the state-of-the-art Cylinder3D architecture.

N (o)

Fig. 3: Time-aware neighborhood of a point in the reference
scan. Points from different times are presented in different
colors, where circled green point x, is from the (green)
reference frame X. Its spatio-temporal neighborhood A ()
is composed of all points in scan X; in a spatial radius r(|¢|),
for t = —n,---,n. Crossed points are excluded from this
spatio-temporal neighborhood.

travel between two scans increases with the object’s speed
and the temporal separation between the scans. Thus, the
maximum spatial distance for grouping points should increase
with their temporal distance.

Task-dependent modules. The feature extraction method
provides point-wise feature vectors and their corresponding
3D positions for the points in the reference coordinate frame
of X. The feature vectors are then fed into subsequent task-
dependent modules.

3D Object Detection: We consider the 3D detection of
vehicles with our multi-frame adaptation of PointRCNN [28].
Here, the bounding box labels are not associated with specific
input points but with a specific 3D position. If we consider
box labels from all frames, we would not know which points
on input are associated with each one. Therefore, we use the
bounding box labels only for the reference scan X, and mask
the box labels from other frames. This differs from semantic
segmentation, where each point has its own exclusive class
probability in each frame.

3D Semantic Segmentation: We adopt Cylinder3D [39]
and extend it into a semi-supervised approach. A trained

L S—m:l)
N S <« T
N S 0T pn

Fig. 4: Impact of knowledge distillation. Performance of
distilling privileged information from a single teacher into a
student in the 3D object detection task.

Cylinder3D classifier semantically labels each point. Here, we
use labels for all temporal input instants.

Training data. We consider two types of teacher models for
training: (i) 71~ ., with access to future frames, and (ii) 71~ .0,
which has access only to past frames.

To understand the effect of distilling a teacher model with
access to privileged information 77 ,,.,,, we have performed an
experiment where we train a student model by the pseudo-
labels provided by one teacher with and without privileged
information. As shown in Fig.4 distilling a single teacher
with privileged information in a student model S-,,,.0 < T .,
provides the best performance (red on top) over the baseline
supervised student (black pillars) and over distilling a single
teacher without privileged information into a student model
S-m:0 < T- .0 (blue pillars).

Concordance and selection of pseudo-labels. Inspired by our
finding from Fig.4, we want to fully exploit the information
contained in the available scan sequences of length (2n + 1).
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We propose Concordance of teachers, where we train a set
of n teachers with a varying span of the temporal context. It
means that teacher 77 1.7 is trained on the subsequences X-1.1,
teacher 1L 9.0 on X_9.2 and so on, for the sake of simplicity,
we further drop the distinction between these sequences and
assume that given a sequence X € D" any network will crop
the temporal range appropriately. Given the Concordance of
teachers

T{l,“.,’ﬂ} = {T_1}17T-2’27...,T-n,n}' (3)

We independently process every unlabeled sequence X € D"
by all trained teachers. Since the nature of outputs is slightly
different for the semantic segmentation (point-wise class prob-
abilities) and for the object detection (3D bounding boxes with
class probabilities), we split the Concordance description at
this point to avoid any misinterpretation.

Concordance for semantic segmentation. We estimate the
pseudo-label £* and its confidence ¢ for each output point.
Given the point, each teacher T' € T{1"} provides a vector
of class probabilities ¥7. We then estimate the teacher-wise
pseudo-labels k*(7T')

E*(T) = argmax yi . (4)
keEK
We pay special attention to the teacher with the strongest opin-
ion, the one with the highest output value yg In particular,
we denote this teacher as 7™, its pseudo-label £* and the score
of this pseudo-label as y* = y,{

We determine the pseudo-label of the given output point as
k*. The confidence of k* is defined as the weighted sum of
two criteria: (i) the score y* of the pseudo-label and (ii) the
number of other teachers 7' that predict the same class, i.e., for
which k* = k*(T'). The trade-off between these two criteria
is determined by a non-negative weight A as follows:

=y A Y AE =kN(T)]. (5)
TeT\T*

To preserve compatibility with training loss Eq. (6), this
confidence is clipped: ¢ = min(1,¢) .

Concordance for object detection. Each teacher provides a
different set of 3D bounding boxes (bbs) and class probabil-
ities. To calculate final pseudo-label confidence, we need to
extract bbs that correspond to a single physical object. We
greedily search for clusters of bbs with mutual intersection-
over-union above a user-defined threshold. The algorithm starts
by building the first cluster from the strongest bb. Once there
are no more bbs with a sufficient IoU with the strongest
bb, we stop building the cluster, suppress all associated bbs,
and continue building a following cluster from the remaining
bbs. The class probabilities y? corresponding to every single
cluster are then used directly to compute the pseudo-label
and its confidence by the same procedure as for the semantic
segmentation. Following the standard practice in pseudo-
labeling (e.g., [19] in object detection or [17] in semantic
segmentation), the final selection of pseudo-labels is obtained
by thresholding the confidence. Individual pseudo-labels with
confidence below the chosen threshold are masked out of
the loss function and treated as a Don’t Care class. The

final selection of pseudo-labels and associated data form the
training set DP.

Training the student. The student model only performs
inference online and, therefore, is learned only with past input
sequences. Following pseudo-labeling through the teacher-
student framework [16], [29], we train the student model on
both the human-labeled set and the pseudo-labeled one. The
loss function for training the student is summed as follows:

1
L=; >

(y,c)eDrPUD*

c £lask(yu Y)7 (6)

where y is one hot label encoding vector, ¥ are model
predictions, and c is the corresponding confidence from our
Concordance selection. Samples collected from the original
human-labeled dataset have ¢ = 1. The original loss function
of the task-dependent module is denoted L. All data are
sampled from the combined datasets DP and D, and M is
the number of samples in the union.

IV. EXPERIMENTS
A. Datasets

We evaluate our approach on the Argoverse dataset [4]
for 3D vehicle object detection, and SemanticKITTI [1]
and nuScenes [3] for 3D semantic segmentation. Argoverse
provides a large collection of LiDAR sequences with 3D
bounding-box labels, from which we utilize the first 10% of
human-labeled sequences (DY) and 90% being gathered with-
out annotation in D" for pseudo-labeling. SemanticKITTI
provides a large-scale set of driving-scene sequences for 3D
semantic segmentation. It consists of 22 sequences that split
from 00 to 10 for training (08 reserved for validation) and 11
to 21 for testing. The dataset has two challenges, i.e., single-
scan with 19 class categories and multi-scan with 25 class
categories, including 19 from single-scan and six moving-
object categories. nuScenes contains 1000 scenes with a great
diversity of urban traffic and weather conditions. It officially
divides the data into 700/150/150 scenes for train/val/test. For
our experiment, we cut each sequence into two parts, the first
20% for the human-labeled set D and the latter 80% for the
unlabeled set D".

B. 3D Multi-Class Semantic Segmentation

We train a student model on pseudo-labels generated by
the concordance of teachers. Here, we utilize Cylinder3D and
the output class probabilities for all individual scan points
are treated with our confidence-guided criterion (Egs.4,5).
Training is done by optimizing the cross-entropy loss and the
Lovasz-softmax loss [2] weighted by our confidence-guided
criterion, as in Eq.6. The standard mean Intersection over
Union (mloU) metric is used for evaluation.

Single-scan semantic segmentation. In this experiment, we
compare the results of our method with fully-supervised state-
of-the-art LIDAR segmentation on SemanticKITTI single-scan
test set and nuScenes validation set. Further, we present some
qualitative results in Fig.5a, which show that our model
helps to improve the segmentation quality as compared to its
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TABLE I: LiDAR semantic segmentation performance on SemanticKITTI single-scan test set. Our method, Sg.q < 7 {123}
(‘Ours (20%)’) utilizes only 20% of the labeled data, the remaining 80% of training data being automatically annotated, to
achieve a performance comparable with state-of-the-art methods. ‘Cylinder3D (20%)’ denotes Cylinder3D [39] trained, like our
method, with only 20% of labeled data; all other results are obtained from the literature, where full (100%) labeled data is used.
Performance in IoU percentages, per class and averaged, the higher, the better. Green and red indicate fully-supervised methods
that have performance below and above the performance of the proposed method, respectively. “*’ means that techniques such
as fine-tuning and test-time augmentation (TTA) with flip and rotation are applied.
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RangeNet++ [20] 522 91.4 257 344 257 230 383 388 48 91.8 650 752 278 874 58.6 80.5 551 646 479 559
PolarNet [37] 54.3 93.8 40.3 30.1 229 285 432 402 5.6 908 61.7 744 217 90.0 613 84.0 655 67.8 51.8 575
SqueezeSegV3 [36] 559 92.5 387 36.5 29.6 33.0 456 462 20.1 91.7 634 748 264 89.0 594 82.0 58.7 654 49.6 589
KPConv [31] 58.8 96.0 32.0 42.5 334 443 615 61.6 11.8 88.8 61.3 727 31.6 950 642 84.8 69.2 69.1 564 47.4
Cylinder3D [39] 61.8 96.1 542 47.6 386 450 65.1 63.5 13.6 912 622 752 187 89.6 61.6 854 69.7 693 62.6 64.7
(AF)2-S3Net [6]* 69.7 945 654 86.8 392 41.1 80.7 804 743 913 688 725 535 879 632 702 685 537 615 710
PVD [10]* 71.2 97.0 679 69.3 535 602 75.1 735 50.5 91.8 709 775 41.0 924 694 865 738 71.9 649 658
Cylinder3D (20%) 51.9 92.1 31.7 285 25.1 22.1 49.6 324 264 869 472 675 12.6 88.7 557 832 644 648 534 539
Ours (20%) 58.9 929 464 36.6 351 273 624 540 24.0 900 60.8 72.1 222 920 656 84.6 703 63.7 593 60.2

TABLE II: LiDAR semantic segmentation performance on nuScenes valid set.
GT annotation, the remaining 80% of training data being automatically annotated, to
state-of-the-art methods. All other results are obtained from the literature, where full

‘Ours (20%)’ utilizes only 20% of the
achieve a performance comparable with
(100%) GT annotation is used.

=1
.S L )
2 5 3 E & % & 8 x 3 5 : § £ 3
S g > P & s 3 g o s = S 5 B £ g
T £ 2 £ § § & & E E =z 5 % % s £ ¢
(AF)2-S3Net [6] 622 60.3 12.6 823 80.0 20.1 62.0 59.0 49.0 422 674 942 68.0 64.1 686 829 824
RangeNet++ [20] 655 66.0 213 772 809 302 668 69.6 52.1 542 723 941 666 635 70.1 831 79.8
PolarNet [37] 71.0 747 282 853 909 351 775 713 588 574 76.1 96.5 71.1 747 740 873 857
PVD [10] 76.0 762 40.0 90.2 94.0 509 774 788 647 620 841 96.6 714 764 763 90.3 869
CylAsy3D [41] 76.1 764 403 912 938 513 78.0 789 649 62.1 844 968 71.6 764 754 905 874
Cylinder3D (20%) 62.0 664 138 747 828 16.1 52.1 633 484 393 71.8 950 61.6 68.1 71.1 850 826
Ours (20%) 71.8 738 293 850 904 416 73.6 741 61.1 549 780 96.1 70.8 733 739 871 854

supervised-only counterparts. As shown in Table I, our method
So:0 « 7123} trained with only 20% of ground truth (GT)
and 80% of pseudo-labeled outperforms all methods based on
3D-to-2D projection with fully-annotated training data [36],
[20], [37]. Moreover, our method shows comparable results to
voxel partition and 3D convolution-based methods, including
fully-supervised Cylinder3D. We made a similar comparison
with the fully-supervised state-of-the-art methods on nuScenes
validation split. Our method Sp.g « 7423} trained with only
20% of GT and 80% of pseudo-labels outperforms some of
the fully-supervised models, see Table II.

Multi-scan semantic segmentation. Compared to the single-
scan set-up, the multi-scan segmentation in SemanticKITTI
has six more categories accounting for moving objects (car,
truck, other-vehicle, person, bicyclist and motorcyclist). In this
experiment, all methods utilize multiple input point clouds. In
Table I1I, we show that our method, with only 20% of human-
labeled training data, outperforms methods that use full manual
annotations, namely, DarkNet53 [1] and SqueezesSegv3 [27],
and is on par with KPConv [31] and CylAsy3D [41]. Our
method outperforms all others on the moving-car and traffic-
sign categories.

Comparison to state-of-the-art semi-supervised method.
To further assess the merit of our approach, we compare
it to the most recent semi-supervised segmentation work,
Guided-Point-SSL [13] on the SemanticKITTI validation set.
As shown in Table IV, our method learned from Concordance
of teachers, Sp.g « 71123}, outperforms Guided-Point-SSL
with 20%, 30% and 40% labeled data by 1.1, 1.3 and 2.3
mloU points respectively.

C. 3D Object Detection

The models are trained in the same way as described in
PointRCNN [28], except for the confidence-guided criterion
and the usage of multiple frames at the input. In Table V, we
compare the proposed method to the baseline S-5.o [28] and
to the Mean-Teacher framework (MT) S-5.0 « 1-5.0 [38]. To
reach a fair comparison, we have re-implemented the MT [38]
into our architecture and used the classification and regression
branches of the original PointRCNN loss function instead of
the MT [38] consistency loss. The proposed method S-5.g <
71345} learned from the concordance of teachers achieves
58.3 AP when trained with 10% human-labeled training data,
outperforming the baseline [28] by 7.2 AP and the MT [38]
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TABLE III: LiDAR semantic segmentation performance on SemanticKITTI multi-scan test set. Moving object classes are
prefixed with ‘mv’; N.B., our model fails to segment ‘moving-truck’ and ‘moving-other’ objects as there are no examples of

such categories in the 20% labeled split.

This is the limitation of the data split.

mloU
bicycle
motorcycle
truck
o-vehicle
person
road
parking
sidewalk

—
<
Q

o-ground
building
fence
vegetation
trunk
terrain
pole
traffic-sign
mv-car
mv-truck
mv-other
mv-person
mv-biclist
mv-motor

DarkNet53 [1]
SqueezesSegv3 [27]
KPConv [31]
CylAsy3D [41]

41.6 84.1 30.4 32.9 20.0
43.1 88.5 24.0 26.2 29.2
51.2 937 449 472 425
51.593.8 67.6 63.3 41.2

20.7
22.7
38.6
37.6

7.5 916
6.3 90.1
21.6 86.5
12.9 90.4

64.9 753
57.6 73.9
58.4 70.5
66.3 74.9

27.5 85.2 56.5
27.1 91.2 66.8
26.7 90.8 64.5
32.1 92.4 65.8

78.4 50.7 64.8 38.1 53.3 61.5 14.1 15.2
84.0 66.0 65.7 50.8 48.7 53.2 41.2 26.2
84.6 70.3 66.0 57.0 539 694 0.5 05
85.4 72.8 68.1 62.6 61.3 68.1 0.0 0.1

0.2 289 37.8
362 23 0.1
67.5 674 47.2
63.1 60.0 0.4

Cylinder3D (20%)
Ours (20%)

42.1 89.4 352 229 16.3
47.2 93.0 45.3 35.7 27.4

15.9
19.4

11.6 88.1
14.4 90.5

539 69.2
61.4 75.0

12.6 88.6 56.8
15.6 91.3 62.1

83.2 65.7 61.3 53.2 59.2 658 0.0 0.0
83.3 69.3 64.0 59.7 63.6 774 0.0 0.0

433 479 12.8
64.0 57.5 9.5

TABLE IV: Semi-supervised learning on SemanticKITTI
validation set. Performance in mloU (%). ‘Guided-Point-
SSL’ denotes [13] semi-supervised models; “Sp.q « 7 11:2:3}*
denotes our approach with distillation from the concordance
of teachers.

Labeled data

method 20% 30% 40%
Guided Point SSL [13] 58.8 59.4 59.9
So:0 < T 1123} (Ours) 59.9 60.7 62.2

TABLE V: Results of 3D object detection. Detection per-
formance (AP percentage) of proposed students trained with
10% human-labeled training data and of oracle model trained
with full (100%) labeled data on Argoverse validation set. ‘*’
indicates reimplementation into our multi-frame PointRCCN
architecture.

Oracle

62.6

S- 5.0« T 345} (Ours)
58.3

S-5:.0 [28]*
51.1

S-5.0 « T-5:0 [38]*
56.9

by 1.4 AP. Moreover, it closes 62.6% of the gap between the
baseline [28] and the ‘Oracle’ (the model S-5.o trained with
100% GT labeled training data).

D. Implementation Details

We trained models with an ADAM optimizer with a learning
rate of 0.001 for 40 epochs on semantic segmentation and 200
and 50 epochs of the RPN and RCNN branches of the object
detection model, respectively, using 4 Nvidia A100 GPUs
running for 3 days of training for each task. In the object
detection task, we subsample each point cloud to 16,384 points
from each frame as inputs to the model. We have used three
set-abstraction layers ¢ with sizes 4096, 1024, and 128 for
our multi-scale time-aware grouping to subsample points into
groups. We have used A = 0.1 in our experiments.

V. ABLATION STUDIES

Ablation on temporal diversity of teachers. We show that
the temporal diversity among teachers overperforms teach-
ers with the same temporal range but with various training
initializations. Following the Concordance notation, a set of

TABLE VI: Effect of temporal diversity of teachers. The
student trained using concordance of teachers from different
temporal ranges outperforms the one trained from the same
temporal range but with different initialization in both (a) 3D
object detection (Argoverse validation set) and (b) semantic
segmentation (SemanticKITTI validation set).

(a) Object detection (AP) (b) Semantic seg. (mloU)

S 30«8 543 S.1.0<ELL1} 505
S.30T{23} 556 S-1.0«T{L23}  60.6
Sy &4 572 S.0.0«E{222} 599
S.a0=T34 577 S_0.0 < T11:23}  60.6
S50« &5 580 S-3.0<E13:33F 60,0
S.s0=T{45) 582 Sog.0<T1L2:3} 609

teachers with the same temporal range is denoted £{™-n} =

{1, ,.,...,T5 ,}, where each randomly initialized teacher
T_k'nyn is operating in the same temporal range as others.

As shown in Table VI, the student trained by teachers from
different temporal ranges outperforms one trained by teachers
on the same temporal range, in both 3D object detection and
3D semantic segmentation.

Selection of pseudo-labels. This ablation study demonstrates
the benefits of the proposed confidence-guided criterion. The
standard baselines here are tuning a single confidence-based
threshold (CT) for all pseudo-labels [19], [40], [34]. Models
with our proposed selection criterion outperform the CT across
multiple confidence thresholds, see Fig. 6.

Effect of labeled and pseudo-labeled dataset ratio. We
performed an ablation study to understand the effect of labeled
vs. pseudo-labeled training data. We have used the same archi-
tecture setup, only varying the amount of labeled and pseudo-
labeled data, \D€| = 10, 20, 30, 40, 60, and 100% of training
data. As shown in Fig.7, the gain increases significantly by
~ 10 mIoU when the model uses |D¢| = 20% of training
data compared to |D*| = 10%. However, the relative gain
decreases as the number of labeled data increases to 30 and
40%. This trend shows that the size ratio between D’ and
DP should be carefully set to achieve adequate performance
with the smallest amount of labeled data possible. Moreover,
the proposed method, when it uses |D’| = 60% of training
data (and |DP| = 40%), reaches the performance of the fully-
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Ground Truth
Tt

(a) A scene from SemanticKITTI with its GT semantic segmenta-
tion (Ist column) showing that our method S-¢.0 « 723} (3rd
column) can segment person m, side-walks m, bicycle = and drivable
areas m better than the supervised baseline based on Cylinder3D (2nd
column). Correct and incorrect segmentations are indicated by green
and red circles, respectively. Both methods utilize 20% of human-
labeled data.

{3,4,5}

(b) A scene from Argoverse showing that student S-s5.0 < T
can be robust to severe occlusions. Some of the correctly detected
boxes do not contain GT vehicle points since they correspond to
vehicles occluded in the current frame and partially occluded in the
past frames, as can be observed in the ring of camera images.

Fig. 5: Qualitative results. Examples of (a) 3D semantic segmentation and (b) 3D vehicle detection.

| —— C7T
—+— Ours

0.3

AP (%]

0.4 0.5 0.6 0.7

Confidence Threshold (0)

0.8 0.9

Fig. 6: Ablation on PL’s selection strategy in Argoverse
object detection. Performance as a function of threshold 6.
‘Ours’ is the proposed confidence-guided criterion and ‘CT’
the standard confidence-based threshold [19], [40], [34].

65
60 1
= 55
S
E 50 4
45 4 —— Soo <« T2 (ours)
0 —*— S0

10% 60% 100%

Labeled Data [%)]

10% 20% 30%
Fig. 7: Impact of labeling proporiton. Semantic segmentation
performance on SemanticKITTI validation set as a function of

labeled data proportion size.

supervised baseline model Sy.g which is Cylinder3D [39]
trained with 100% of labeled training data; it can be observed
by comparing the top-right ending points on the blue and green
lines.

Comparision to other teacher-student frameworks. We
compare in Table VII our method with other teacher-student
approaches such as knowledge distillation (KD) [32], and
Ensemble (EN) [26]. We report a comparison using the Cylin-
der3D Sp.o model trained with the methods above using the
hyperparameters from Section IV-D. All methods are trained
with 20% labeled data. As shown in Table VII, the proposed
method significantly outperforms KD [32] and EN [26] base-

TABLE VII: Comparision to other teacher-student meth-
ods. All methods use Sy.g, are trained with 20% of labeled
data and are evaluated on the SemanticKITTI validation set.

methods mloU [%]
Cylinder3D + KD [32] 54.8
Cylinder3D + EN [26] 56.0
Cylinder3D + Ours 59.9

-—
@  Gain (IoU) [0 - 30Jm
Gain (IoU) [30+]m
B Num. DP points
EEE Num. D' points

108 *

=107
<

% 10
S .
=10
210
5 10°
R

@

Improvement (IoU)

El 1 5
Z 10 2]
100
0 0
- & & > Q> § L S < S Ny L Q> Q>
F FEF IS F P TSl TS S
GG F & FRVE PG WSO
& VAT I ¢ S RS &
5 & B « 3 &
& ¥ N & & & <

Fig. 8: Distance-based improvement in class IoUs on
SemanticKITTI. Classes are sorted according to the number
of associated labeled training points in D’ and visualized
together with pseudo-labeled points (DP). We show relative
IoU gain within a 30-meter distance from the ego-vehicle ([0-
30]m) and at a further distance ([30+]m). Moving objects are
prefixed with ‘mv’; N.B.: we have omitted classes that do not
have points in the labeled split D¢.

line teacher-student methods.

Distant and close objects. We investigate how multi-scan
segmentation is affected by the distance of the points to the
ego-vehicle and the number of labeled and pseudo-labeled
points for each object class. We compare our method to the
baseline [39] on the SemanticKITTI validation set to show
the relative gain. Both models are trained with 20% labeled
training data. As shown in Fig. 8, a notable performance boost
is observed for rarely-appearing classes, especially within 30
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meters distance from the ego-vehicle.

Limitations. The SemanticKITTI dataset has a huge data
imbalance, and we perform the D¢ and D" split without any
relevance to the number of points per object class. We observe
cases where no points belong to a specific object category in
the labeled set D’ resulting in teachers’ inability to recognize
a particular class, see ‘mv-truck’ and ‘mv-other’ in Table III.
One should ensure that all the object categories are present
in the labeled set D*. Secondly, in object detection, since we
estimate only objects in the reference frame, we sometimes
observe false false positives, i.e., detections that are correct but
missing in the GT annotation due to no points in the reference
frame. The model learns point features from different times
and estimate vehicle position in the reference frame. We did
not address this issue in evaluating the object detection task.

VI. CONCLUSION

We propose a novel pseudo-labeling framework that lever-
ages spatio-temporal information from unlabeled sequences of
point clouds. We demonstrate its merit in two 3D perception
tasks on publicly available datasets. The reported performance
gains stem from (i) A better selection of the final pseudo-labels
via the concordance of multiple teachers operating at different
temporal ranges; (ii) A novel pseudo-label confidence-guided
criterion. Thanks to the privileged information available in
the different temporal ranges, the Concordance of teachers
delivers strong pseudo-labeled samples. Using manual labeling
of only 20% of training data, our method achieves state-of-the-
art performance in semi-supervised 3D semantic segmentation
and competes even with methods that use the full set of labels
on this task. By the nature of our pseudo-labeling framework,
the proposed approach is complementary to other techniques
that use sequential data, and can thus be combined with them
to further boost the performance.
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