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Abstract—1In the field of domain adaptation (DA) on 3D
object detection, most of the work is dedicated to unsupervised
domain adaptation (UDA). Yet, without any target annotations,
the performance gap between the UDA approaches and the
fully-supervised approach is still noticeable, which is imprac-
tical for real-world applications. On the other hand, weakly-
supervised domain adaptation (WDA) is an underexplored yet
practical task that only requires few labeling effort on the target
domain. To improve the DA performance in a cost-effective
way, we propose a general weak labels guided self-training
framework, WLST, designed for WDA on 3D object detection.
By incorporating autolabeler, which can generate 3D pseudo
labels from 2D bounding boxes, into the existing self-training
pipeline, our method is able to generate more robust and
consistent pseudo labels that would benefit the training process
on the target domain. Extensive experiments demonstrate
the effectiveness, robustness, and detector-agnosticism of our
WLST framework. Notably, it outperforms previous state-of-
the-art methods on all evaluation tasks. Code and models are
available at https://github.com/jackyl121298/WLST.
Note that the complete version with appendix is available on
arXiv.

I. INTRODUCTION

With the rapid development of 3D range sensors (e.g. Li-
DAR point clouds) and large-scale human-annotated datasets
[1]-[3], 3D object detection in the field of autonomous
driving has garnered great attention and obtained remarkable
breakthroughs [4]-[10]. In order to deploy to real roads,
3D detectors must adapt to various real-world scenarios and
perform robustly against numerous domain shifts arising
from different settings of 3D range sensors, fickle weather
conditions, miscellaneous objects in the driving scene, etc.
However, existing 3D detectors are inadequate to tackle the
domain gap realistically. Past work [11] has shown that the
performance of a fully-supervised 3D detector trained on
Waymo Open Dataset [3] dropped drastically when evaluated
on KITTI Benchmark Dataset [2]. Therefore, developing an
effective domain adaptation (DA) approach is needed.

In the field of DA on 3D object detection, most of the work
[12]-[15] is dedicated to unsupervised domain adaptation
(UDA). Among them, the self-training approaches [13], [14]
perform the best. They redesigned the naive self-training
pipeline to improve the pseudo-label selection mechanism
and utilize effective augmentation techniques in the model
training process, which achieved state-of-the-art performance
in many DA tasks. Yet, without any target annotations, the
performance gap between the UDA approaches (e.g. 64.75
AP;, on the Waymo — KITTI task) and the fully-supervised
oracle approach (e.g. 83.00 AP,, in the KITTI dataset) is
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still noticeable as shown in Tab. I. On the other hand,
few work has been contributed to weakly-supervised domain
adaptation (WDA), among which SN [11] utilizes object
size statistics of the target domain to mitigate the domain
shifts. However, its effectiveness largely depends on object
size distributions and performs even worse than the UDA
approaches (e.g. 62.54 AP;, on the Waymo — KITTI task).
In summary, the above approaches are impractical for real-
world applications.

To reduce such performance gaps in a cost-effective way,
we propose a general weak labels guided self-training frame-
work, WLST, designed for WDA on 3D object detection.
Building upon the success of self-training UDA approaches
[13], [14] and studies [16], [17] on autolabeler that can
generate 3D pseudo labels from 2D bounding boxes, our
WLST framework incorporates autolabeler into the existing
self-training pipeline. Specifically, as shown in Fig. 1, a 3D
detector and an autolabeler are first pre-trained on the labeled
source domain. Then, pseudo labels would be generated by
both models on the weak-labeled target domain. Finally,
the 3D detector and autolabeler are iteratively improved by
alternatively conducting pseudo-label generation and model
re-training on these pseudo-labeled target data. Regarding
annotation cost, statistics show that the time spent on
annotating weak labels (i.e. 2D bounding boxes) can be
approximately three to sixteen times less than strong labels
(i.e. 3D bounding boxes) depending on the annotation tool
used [18], rendering the cost affordable.

To further enhance the quality of pseudo labels generated
by 3D detector and autolabeler, we design a pseudo-label
selection mechanism to explore and leverage their distinct
pros and cons. To elaborate, autolabeler has higher precision
attributed to the fact that 2D bounding boxes help constrain
the 3D search space for the pseudo labels as described in
Fig. 2. Nevertheless, it works on the object level and couldn’t
learn the correlation between objects. On the other hand, 3D
detector works on the scene level and has a larger Field
of View (FoV), which enables a better understanding of
the correlation between objects that leads to higher recall
(see Fig. 3). Based on these observations, our proposed
consistency fusion strategy leverages geometric consistency
and cross-modality consistency of pseudo labels to retain
high precision and high recall simultaneously (see Tab. III).

Extensive experiments on three widely used 3D object
detection datasets, nuSenses Dataset [1], KITTI Benchmark
Dataset [2], and Waymo Open Dataset [3] demonstrate the
effectiveness, robustness, and detector-agnosticism of our
WLST framework. It can effectively close the performance
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Fig. 1: Our WLST framework is composed of three stages. (a) Pre-train 3D detector and autolabeler on the source data. (see Sec. III-B.2) (b) Generate
high-quality pseudo labels by our consistency fusion strategy on the target data. (see Sec. III-B.3) (c) Re-train 3D detector and autolabeler on the pseudo-

labeled target data. (see Sec. III-B.4)

gap between source only approach and fully-supervised
oracle approach by up to 87.26% in APggy and up to 91.34%
in AP3p in Tab. I. Notably, we outperform previous state-of-
the-art methods on all evaluation tasks. In summary, our main
contributions are threefold:

o We formulate and investigate the problem of WDA on
3D object detection, an underexplored yet practical task
that has the potential to improve the DA performance
in a cost-effective way.

« We propose WLST, a general weak labels guided self-
training framework, to obtain more robust and consis-
tent pseudo labels. To the best of our knowledge, we are
the first to incorporate autolabeler into the self-training
pipeline.

e Our WLST framework is extensively evaluated on three
widely used 3D object detection datasets and outper-
forms previous state-of-the-art methods on all evalua-
tion tasks.

II. RELATED WORK

LiDAR-based 3D Object Detection. Given the point
clouds obtained from LiDAR sensors, 3D detectors aim to
recognize and determine the 3D information of the objects,
including location, dimension, orientation, and category.
Based on data representations, 3D detectors can be divided
into point-based, grid-based, and point-voxel-based. Point-
based detectors [7], [19]-[21] first sample the point clouds
and learn the features from gradually downsampled features.
Grid-based detectors [9], [10], [22]-[25] first voxelize the
point clouds into equally spaced grids and learn the features
from these discrete grids. Point-voxel-based detectors [5], [6]
utilize both points and voxels for 3D detection. In this work,
we adopt PV-RCNN [5] as our 3D object detector.

Domain Adaptation for 3D Detection. Domain adap-
tation approaches aim to adapt the model trained on the
source domain to the target domain. Wang et al. [11] identify
the difference in object size statistics as the key factor of

domain shifts and normalize the object size distribution of the
source domain by using its statistics of the target domain to
mitigate the domain shifts. However, its effectiveness largely
depends on object size distributions. MLC-Net [12] leverages
the teacher-student paradigm for pseudo-label generation via
three levels of consistency to implement domain adaptation.
Yang et al. [13] further conclude that the domain shifts arise
not only from the object size statistics but also from the point
cloud distribution. They propose a new self-training pipeline
called ST3D and achieve state-of-the-art performance in
many DA tasks. Yet, without any target annotations, the
performance gap between the UDA approach and the fully-
supervised oracle approach is still noticeable. Therefore, we
propose WLST, a general weak labels guided self-training
framework to obtain more consistent pseudo labels and
improve the DA performance as illustrated in Sec. III-B.

Weakly-supervised 3D Detection. Weakly-supervised
learning is a promising approach to utilize noisy, limited,
or imprecise data to provide supervision signals and lessen
the annotation cost. For 3D detection, weakly-supervised 3D
approaches aim to obtain an autolabeler to enhance the weak
labels into stronger forms (e.g. from 2D bounding boxes to
3D boxes). Then, a 3D detector would be trained on these
3D pseudo labels. For example, Wei et al. [17] propose a
non-training frustum-aware geometric reasoning framework
(FGR) to generate 3D pseudo labels from the frustum point
clouds based on a 2D bounding box. Meng et al. [26] develop
a quick BEV center click annotation strategy and generate
3D pseudo labels from these BEV center click annotations.
Liu et al. [16] introduce a trainable model called MAP-
Gen, which leverages dense image information to tackle
the sparsity issue of 3D point clouds and generates high-
quality 3D pseudo labels from 2D bounding boxes. In spite
of the state-of-the-art performance of MAP-Gen [16], it
still needs a small amount of ground truth 3D labels to
train its autolabeler. Despite the promising results obtained
from the above methods, they fail to consider cross-domain
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Fig. 2: Left: Visualization of false positive (FP), false negative (FN),
and true positive (TP) boxes of the pseudo labels. Right: According to
the projective geometry, frustums can be generated by utilizing their 2D
bounding boxes as the projection source and they define the 3D search
space for pseudo labels, which manifests that an object should be located
in the frustum corresponding to its 2D bounding box. In other words, when
we re-project the pseudo labels into 2D image plane, (a) A TP box tends
to have a higher IoU with its corresponding 2D bounding box. (b) A FP
box does not have corresponding 2D bounding box and it is less likely to
have a decent IoU with any 2D bounding box. (c) We can also learn that
an object should exist in the frustum corresponding to a FN box.

scenarios. Hence, we propose an autolabeler designed for
DA as illustrated in Sec. III-B.1.

III. METHODOLOGY

We formulate the problem of weakly-supervised domain
adaptation (WDA) on 3D object detection in Sec. III-A
and present our weak labels guided self-training framework,
WLST, in Sec. III-B.

A. Problem Formulation

Under the weakly-supervised domain adaptation (WDA)
on 3D object detection setting, the goal is to adapt a 3D
object detector from the labeled source domain D, =
{(Ps,i, L2, L37)}72 ) to the weak-labeled target domain
Dy = {(Ps,, L?y? )}it,, where ns and n, denote the number
of samples from the source and target domain respectively.
Here, P ;, Liﬁ) , and L‘zﬁ’ represent LiDAR point clouds, 2D
bounding boxes (i.e. weak labels), and 3D bounding boxes
(i.e. strong labels) from the ¢-th source domain sample. The
2D bounding boxes are parameterized by their coordinates
of the top-left and bottom-right corners in the image plane.
(Different datasets might parameterize 2D bounding boxes
differently.) The 3D bounding boxes are parameterized by
their center location (¢, ¢y, ¢,), dimension (I, w, h), orien-
tation ¢, and category. Similarly, P,; and L7} represent
LiDAR point clouds and 2D bounding boxes from the i-th
target domain sample.

B. Weak Labels Guided Self-training Framework

In this section, we present WLST, a general weak labels
guided self-training framework that adapts the 3D detector
trained on the labeled source domain to the weak-labeled
target domain with the guidance of weak labels, which
is shown in Fig. 1. Our framework is composed of three
stages: (1) Pre-train a 3D detector and an autolabeler on
the source data (see Sec. III-B.2). (2) Generate high-quality
pseudo labels by our consistency fusion strategy on the target
data (see Sec. III-B.3). (3) Re-train the 3D detector and

it ’ﬂ
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Fig. 3: Visualization of pseudo labels [i/fiet]l and [L% .]1 generated by
3D detector and autolabeler respectively. We observed that Top: [ﬁfwt]l
has higher precision. (a) It is less likely to predict extra FP boxes. (b) It is
able to predict the heights of objects more precisely. Bottom: [L?,_,]1 has
higher recall. (c, d) It has a better understanding of the correlation between
objects, e.g. a line of vehicles.

autolabeler on the pseudo-labeled target data (see Sec. III-
B.4).

1) Autolabeler: An autolabeler aims to generate 3D
pseudo labels from weak labels (i.e. 2D bounding boxes).
Despite the promising results obtained from [16], [17], they
fail to consider cross-domain scenarios. Hence, we propose
an autolabeler designed for DA as illustrated in Fig. 4.
Inspired by Frustum PointNets [27] and Cascade-RCNN
[28], we adopt coordinate transformations (e.g. frustum coor-
dinate, mask coordinate) to canonicalize the point cloud for
more effective learning and utilize cascaded box regression
networks to fine-tune the pseudo boxes iteratively.

Specifically, we first extract the frustum points from a
given 2D bounding box in the camera coordinate shown in
Fig. 4 (a). With the known camera intrinsic and extrinsic
matrices, the frustum can be generated by utilizing a 2D
bounding box as the projection source and it defines a 3D
search space for the pseudo label. We then gather the point
clouds within the frustum to form frustum points as the input
of autolabeler.

To make the distribution of frustum points more aligned
across objects, we transform their coordination to orthogo-
nalize the +X axis of the frustum to the image plane shown in
Fig. 4 (b). Then, the frustum points are passed to a PointNet
[19] based foreground segmentation network M., to extract
foreground points. Furthermore, in order to perform residual-
based 3D localization, foreground points are transformed to
the mask coordinate by translating their centroid to the origin
shown in Fig. 4 (c).

Subsequently, to perform robustly against numerous do-
main shifts, we utilize two cascaded PointNet [19] based
box regression networks M,., and M), to regress the 3D
pseudo label. To be specific, we utilize the first network M,
to predict the initial 3D bounding box in the first place. Then,
foreground points are transformed to the box coordinate,
in which the box’s orientation is parallel to the +X axis
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Fig. 4: Our proposed autolabeler designed for DA. The model takes the
frustum points in the camera coordinate as input and outputs a 3D pseudo
label. (Mseg denotes foreground segmentation network, and M4 denotes
box regression network.)

and the box’s center is at the origin shown in Fig. 4 (d),
to perform residual-based 3D localization and orientation.
Ultimately, we generate the final 3D pseudo label from the
second network M.

2) Model Pre-training: Our WLST framework starts from
pre-training a 3D detector and an autolabeler on the labeled
source domain D, = {(P,;, L27, L3D)}",. Apart from
valuable knowledge, the pre-trained models also learn the
biases from the source domain due to inevitable domain
shifts. According to recent works [11]-[13] which aim to
mitigate the domain shifts, they unanimously agreed that
the bias in object size statistics has harmful impacts on 3D
object detection and leads to inaccurate size prediction of
3D bounding boxes on the target domain. To alleviate this
problem, we randomly rescale the object size similar to [13]
in the pre-training process to simulate the diverse object
size distribution on the target domain, which makes the 3D
detector and autolabeler more robust against object size bias.

3) Pseudo-label Generation: With the pre-trained 3D
detector and autolabeler, the next step is to generate pseudo
labels on the weak-labeled target domain. For clarity, we
refer to [Ldet]k as initial pseudo labels generated by 3D
detector My, at the k-th iteration and [L‘ ] as initial
pseudo labels generated by autolabeler M,,; at the k-th
iteration. Note that non-maximum suppression (NMS) was
conducted for [L,]x to get rid of the redundant boxes.

Consistency Fusion Strategy. We propose consistency
Jusion strategy to effectively select high-quality pseudo labels
(L] from [LY,,] and [L%,,]x in accordance with geometric
consistency and cross-modality consistency of these pseudo
labels.

For geometric consistency, we propose a 2D Intersection
over Union (IoU) based criterion to assess the existence
probability of pseudo labels. Specifically, as illustrated in
Fig. 2, objects should be located in the frustums corre-
sponding to their 2D bounding boxes. In other words, when
we re-project the pseudo labels into 2D image plane with
the known camera projection matrix, a TP box tends to
have a higher IoU with its corresponding 2D bounding
box, whereas a FP box is less likely to have a decent IoU
with any 2D bounding box. To be more specific, for the

¢ )k which has an exact corresponding
2D bounding box, we calculate the 2D IoU between the
convex hull of the re-projected pseudo label’s corners and its
corresponding 2D bounding box in the image plane as the
existence probability of this pseudo label, which is denoted
as prob. For the pseudo label in [L,, ] which has no exact
corresponding 2D bounding box, we first calculate the 2D
IoU matrix £ = ¢, € R" between the convex hull of
the re-projected pseudo label’s corners and n,, 2D bounding
boxes in LQD Then, we take the maximum value in E as
the existence probability of this pseudo label. To the best of
our knowledge, we are the first to demonstrate that it can
be a good criterion to assess the existence probability of the
pseudo labels.

For cross-modality consistency, we match and fuse the
pseudo labels generated by different modalities (i.e. 3D
detector and autolabeler) that have similar locations, di-
mensions, and orientations. To be more specific, we cal-
culate the pair-wise 3D IoU matrix [ = i;;; € R™=*™
between each box in [Lzl Jrx and each box in [L%,].
Here, we assume that [L!,,]; contains n, boxes and
is denoted as [LiyJr = {(boxy, sy, prob,)k}r=,, which
are box parameters, predicted confidence score, and the
existence probability of this box respectively. Similarly,
we assume [wat]k contains n, boxes and is denoted as
[LE e = {(boxv, Sy, pTOby )"c }+,. For all pair-wise boxes
(boxy,, Sy, proby ) and (bomv7 sv,prob ) !, they are success-
fully matched if they achieve both geometric consistency and
cross-modality consistency as

max(prob,, prob,) > Terist,
ij,j’ > 0].,

pseudo label in [L

(D

Note that we set T..;5¢ = 0.7 refer to KITTI 2D object
detection benchmark [2]. Later, they are further fused by
only keeping the box with a higher confidence score and
then cached into the [L'] as (box, s, prob)* =

(box,, su,probu);? , if sy, > sy, @
(bo‘r’lh Sus prObv)";}/ 5 OtherWise7
For other unmatched boxes in [Afjet] and [L%,,]x. they fail

to achieve either geometric consistency or cross-modality
consistency. Hence, we lower their confidence scores by
their existence probability due to their higher uncertainty as
s = s x prob and then cached into the [L?];,. Eventually, we
filter out the ambiguous boxes whose confidence scores are
lower than a threshold 7. (We set 7' = 0.6 in practice.)
Benefited from our consistency fusion strategy, we could
generate more robust and consistent pseudo boxes to improve
the process of model re-training.

4) Model Re-training: With the high-quality pseudo
labels [L'], generated by our consistency fusion strat-
egy, we re-train the 3D detector and autolabeler on
{(Py:, 32 [L"],}. Moreover, we use curriculum data aug-
mentation (CDA) technique proposed by [13] in the model
re-training process to gradually generate more challenging
cases for the benefit of training process.
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Task Setting Method APggy Closed Gap AP3p Closed Gap
- Source Only 60.32 - 21.66 -
UDA ST3D [13] 83.37 +75.50% 64.75 +70.25%
ST3D++ [14]F 84.59 +79.50% 67.73 +75.11%
Waymo — KITTI SN [11] 78.24 +58.70% 62.54 +66.64%
WDA ST3D (w/ SN) [13] 86.53 +85.85% 76.85 +89.97%
ST3D++ (w/ SN) [14]Jr 86.92 +87.13% 77.36 +90.81%
WLST (Ours) 86.96 +87.26 % 77.69 +91.34%
- Oracle 90.85 - 83.00 -
- Source Only 34.51 - 21.44 -
UDA ST3D [13] 36.38 +9.99% 22.99 +9.03%
Waymo — nuScenes SN [11] 34.95 +0.02% 22.19 +4.37%
WDA ST3D (w/ SN) [13] 36.65 +11.43% 23.66 +12.93%
WLST (Ours) 39.54 +26.87 % 24.46 +17.59%
- Oracle 53.23 - 38.61 -
- Source Only 69.26 - 39.17 -
UDA ST3D [13] 77.38 +37.61% 70.86 +72.30%
nuScenes — KITTI SN [11] 60.12 -42.33% 46.23 +16.11%
WDA ST3D (w/ SN) [13] 83.84 +67.53% 7291 +76.98%
WLST (Ours) 87.16 +82.91% 717.73 +87.98 %
- Oracle 90.85 - 83.00 -

TABLE I: Experiment results on three DA tasks. Our WLST adopts PV-RCNN [5] as 3D detector and outperforms all existing methods on APggy and
AP3p of the car category at IoU = 0.7. The reported AP are the results on the moderate case when KITTI is regarded as the target domain and are the
overall results for other DA tasks. We also report the closed gap to assess how much the performance gap between Source Only and Oracle is closed.

T refers to the results reported by [14].

IV. EXPERIMENTS

A. Experiment Settings

Datasets. Our experiments are conducted on three widely
used 3D object detection datasets, nuSenses Dataset [1],
KITTI Benchmark Dataset [2], and Waymo Open Dataset
[3], and focus on three DA tasks: (¢) Waymo — KITTI, (iz)
Waymo — nuScenes, and (¢¢¢) nuScenes — KITTL

Method Comparison. We compare our WLST with other
unsupervised approaches (i.e. Source Only, ST3D [13],
ST3D++ [14]), weakly-supervised approaches (i.e. SN [11],
ST3D (w/ SN) [13], ST3D++ (w/ SN) [14]), and fully-
supervised approach (i.e. Oracle). (1) Source Only directly
evaluates the source domain pre-trained model on the target
domain. (2) SN [11] is a baseline WDA method that lever-
ages object size statistics of the target domain. (3) ST3D
and ST3D++ are the state-of-the-art UDA approaches. (4)
ST3D (w/ SN) and ST3D++ (w/ SN) are the state-of-the-
art WDA approaches which are equipped with the SN. (5)
Oracle evaluates the fully-supervised model trained on the
target domain.

Evaluation Metric. We follow [13] and adopt the KITTI
evaluation metric on the car category, which is known as the
vehicle in the Waymo Open Dataset. In addition, we evaluate
objects in the ring view except KITTI dataset as it only
provides 2D and 3D bounding box annotations for objects
within the Field of View (FoV) of the front camera. We
report the Average Precision (AP) over 40 recall positions,
and set the IoU thresholds as 0.7 for both the bird’s eye
view (BEV) IoU and 3D IoU. We also use the closed gap
evaluation metric proposed by [13] to assess how much the
performance gap between Source Only and Oracle is closed,

Method | Fusion | APggy / AP3p

3D detector only 80.97 / 64.53
Autolabeler only 83.36 / 71.22
Non-Maximum Suppression (NMS) v 86.49 / 76.89
Bayesian Fusion [29] v 86.29 / 76.39
CLOCs3D [30] v 85.75/75.92
Consistency Fusion Strategy (Ours) v 89.14 / 77.69

TABLE II: Fusion Strategy Analysis. We compare our fusion strategy to
other fusion strategies and report APggy and AP3p of the car category
at IoU = 0.7 on the Waymo — KITTI task. The results suggest that
either directly using pseudo labels from 3D detector or autolabeler is
suboptimal. In contrast, our proposed consistency fusion strategy obtains
the best outcome on both APggy and AP3p.

APMethod _APSOl]l‘Ce Only
x 100%.
APOracle_APSource Only ¢

which is closed gap =

B. Experiment Results

We analyze the experiment results in terms of three DA
scenarios: (1) Waymo — KITTIL: domains with a larger
difference in object size statistics, (2) Waymo — nuScenes:
domains with a larger difference in point cloud distribution,
and (¢¢¢) nuScenes — KITTI: domains with a larger dif-
ference in object size statistics as well as in point cloud
distribution.

For the first scenario (i.e. Waymo — KITTI), we found
that it is a relatively simple task due to the fact that both
domains have dense point cloud distribution by utilizing 64-
beam LiDAR. Any method on this task can effectively close
the performance gap between Source Only and Oracle. Yet,
our method still outperforms all UDA methods by a large
margin (around ~2% in APggy, ~10% in AP3p) and better
than the WDA methods by around ~0.04% in APggy and
around ~0.3% in AP3;p. These encouraging results validate
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Pseudo Labels | Recall 0.7 |  Precision 0.7
(i )k 50.38 69.11
Lk 45.54 72.48

(L] 48.01 78.20

TABLE III: Qualitative analysis on pseudo labels. We evaluate the quality
of pseudo labels on the Waymo — KITTI task by Recall with IoU >

0.7 and Precision with IoU > 0.7. The pseudo labels [L%_,]x, [Li ik
and [L?]), are generated by 3D detector, autolabeler, and later fused by
our consistency fusion strategy respectively. Our fusion strategy effectively
eliminates the redundant FP boxes to obtain high precision and retain high
recall simultaneously.

that our method can effectively close the performance gap
by 8726% in APBEV and 9134% in AP3D.

For the second scenario (i.e. Waymo — nuScenes), we
found that it is a relatively difficult task when we adapt de-
tectors from the domain with denser point cloud distribution
(e.g. 64-beam LiDAR) to the domain with sparser point cloud
distribution (e.g. 32-beam LiDAR). We observed that the
baseline method SN only has minor performance gain when
the domain shifts in object size statistics is subtle. However,
our method also attains a considerable performance gain and
outperforms all existing methods.

For the third scenario (i.e. nuScenes — KITTI), despite
its larger difference in point cloud distribution, we found it
relatively easy to adapt detectors when the target domain has
denser point cloud distribution. That is, it manifests that the
point density of the target domain is more crucial on DA
tasks than the point density of the source domain. We can
obtain comparable performance on KITTI dataset regardless
of the point density of the source domain (e.g. Waymo —
KITTI task, nuScenes — KITTI task). Furthermore, our
method outperforms current state-of-the-art WDA method by
a large margin (around ~3% in APggy, ~5% in APs3p).

These promising results validate that our method can
effectively adapt the 3D object detector trained on the source
domain to the target domain and perform robustly against
numerous domain shifts.

C. Ablation Studies

Fusion Strategy Analysis. As demonstrated in Tab. II, we
conduct fusion strategy analysis on the Waymo — KITTI
task. Apart from our consistency fusion strategy, we also
study other fusion strategies like Non-Maximum Suppression
(NMS), Bayesian Fusion [29], and CLOCs3D. Bayesian
Fusion [29] is a non-learning based fusion strategy derived
from the Bayes’ rule that assumes conditional independence
across modalities. CLOCs3D is extended from CLOCs [30]
and we modified the feature tensor in [30] as T;; =
{10U2P, 3P, 3P, prob;, prob;} where ToU2P denotes 3D
IoU between pseudo labels, s denotes the predicted confi-
dence score, and prob denotes the existence probability of
the pseudo label. Surprisingly, we found that the baseline
strategy NMS performs well enough by only selecting boxes
with higher confidence scores. Yet, the learning-based fusion
strategy CLOCs3D does not perform well possibly because
the large difference in the input data distribution (i.e. feature

Components
frustum coord. mask coord. cascaded | Recall 0.7 Precision 0.7
transform transform  networks
10.26 46.87
v 33.60 58.02
v v 34.07 60.84
v v v 45.54 72.48

TABLE IV: Component Analysis in Autolabeler. We evaluate the quality
of pseudo labels generated by autolabeler on the Waymo — KITTI task by
Recall with IoU > 0.7 and Precision with IoU > 0.7. The results validate the
effectiveness of the coordinate transformation components and the design
of cascaded networks.

tensor) from different domains affects its efficacy. In contrast,
our consistency fusion strategy performs the best as it lever-
ages geometric consistency and cross-modality consistency
to obtain more robust and consistent pseudo labels.

To further validate the effectiveness of our consistency
fusion strategy, we also conduct qualitative analysis on
the pseudo labels [L% ]k, [L,]k, and [L¥], which are
generated by 3D detector, autolabeler, and later fused by
our consistency fusion strategy respectively. According to
the statistical results in Tab. III, we found that [L% ] has
higher precision attributed to the fact that 2D bounding boxes
help constrain the 3D search space for the pseudo labels as
described in Fig. 2. [L,,]). has higher recall as it has a larger
Field of View (FoV), which enables a better understanding
of the correlation between objects. Nevertheless, our con-
sistency fusion strategy effectively eliminates the redundant
FP boxes to obtain high precision and retain high recall
simultaneously.

Component Analysis in Autolabeler. We propose an
autolabeler designed for DA as shown in Fig. 4. Inspired by
Frustum PointNets [27] and Cascade-RCNN [28], we adopt
coordinate transformations (e.g. frustum coordinate, mask
coordinate) to canonicalize the point cloud for more effective
learning and utilize cascaded box regression networks to fine-
tune the pseudo boxes iteratively. As illustrated in Tab. IV,
we see that both coordinate transformation components ef-
fectively make the distribution of points more aligned across
objects and render the autolabeler converge easier. Moreover,
the design of cascaded network further make the autolabeler
perform robustly against domain shifts.

V. CONCLUSION

We propose a general weak labels guided self-training
framework, WLST, designed for WDA on 3D object de-
tection. By incorporating autolabeler into the existing self-
training pipeline, our method is able to generate more
robust and consistent pseudo labels. Extensive experiments
demonstrate the effectiveness of our framework.
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