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Abstract

Current 3D object detection models follow a single
dataset-specific training and testing paradigm, which of-
ten faces a serious detection accuracy drop when they are
directly deployed in another dataset. In this paper, we
study the task of training a unified 3D detector from mul-
tiple datasets. We observe that this appears to be a chal-
lenging task, which is mainly due to that these datasets
present substantial data-level differences and taxonomy-
level variations caused by different LiDAR types and data
acquisition standards. Inspired by such observation, we
present a Uni3D which leverages a simple data-level cor-
rection operation and a designed semantic-level coupling-
and-recoupling module to alleviate the unavoidable data-
level and taxonomy-level differences, respectively. Our
method is simple and easily combined with many 3D object
detection baselines such as PV-RCNN and Voxel-RCNN, en-
abling them to effectively learn from multiple off-the-shelf
3D datasets to obtain more discriminative and generaliz-
able representations. Experiments are conducted on many
dataset consolidation settings. Their results demonstrate
that Uni3D exceeds a series of individual detectors trained
on a single dataset, with a 1.04x parameter increase over
a selected baseline detector. We expect this work will in-
spire the research of 3D generalization since it will push
the limits of perceptual performance. Our code is available
at: https://github.com/PJLab—-ADG/3DTrans.

1. Introduction

LiDAR-based 3D object detection [2, 4, 5, 10, 16, 17,

,31,36] aims to recognize and localize instance objects
from a given frame using LiDAR sensor, which recently
has achieved great progress owing to the rapid develop-
ment of the large-scale annotated 3D LiDAR datasets such
as Waymo [21], nuScenes [1], and KITTI [5].
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Figure 1. Challenges in training a detector from multiple datasets:
1) Only Waymo and Only nuScenes refer to the baseline detector
trained on each individual dataset. 2) Direct Merging represents
that we simply merge Waymo and nuScenes and train the detector
on the merged dataset. 3) Ours denotes that the baseline detector
is trained using the proposed method on the merged dataset.

Unfortunately, the existing supervised 3D object detec-
tion models are designed by following the typical single-
dataset training-and-testing paradigm, which inevitably suf-
fers from severe accuracy drop issue [28, 29], when these
detection models are directly deployed to another dataset
with different data distributions. For example, Fig 1 in-
dicates that the baseline detector trained on Waymo [21]
suffers from a serious detection accuracy degradation (from
74.60% to 17.31%) when it is evaluated on another differ-
ent dataset nuScenes [1]. As a result, such a single-dataset
training-and-testing paradigm cannot perform well on dif-
ferent datasets, further hurting the dataset-level generaliza-
tion ability of the current 3D perception models.

In order to reduce the differences between different 3D
datasets, some researchers [11,24,25,28,29] try to lever-
age Unsupervised Domain Adaptation (UDA) technique,
which aims to transfer a pre-trained source-domain detector
to a new domain (or dataset). Although these UDA-based
3D object detection works achieve good detection accuracy
gains on the new target domain, they are still a source-to-
target unidirectional model adaptation process, rather than
a multi-dataset bi-directional generalization process.

Accordingly, to design a unified 3D object detection



framework that can fully learn from different target datasets,
we start by directly merging multiple datasets and re-
training the baseline detector on the merged dataset, and
found that the multi-dataset detection accuracy achieved
by such a simple way is unsatisfactory, as illustrated in
the results of Direct Merging in Fig. 1. This is
mainly because compared with 2D image domain, 3D point
cloud data present more serious cross-dataset discrepan-
cies caused by various and complex reasons including sen-
sor type differences, traffic scene changes, data acquisition
variations, and etc, which is termed as dataset-interference
issue. Further, with the constant increase of autonomous
driving datasets, it becomes a very important topic for how
to train a unified detector from such diversified 3D datasets.

In this paper, we propose a Unified 3D object detec-
tion framework (Uni3D) to address the dataset-interference
issue. Orthogonal to the existing 3D object detection re-
search works [4, 10, 16, 18,26] focusing on developing an
effective framework verified within a single dataset, Uni3D
aims to propose a simple-and-versatile way to enable the
existing 3D object detection models to have the ability of
learning from many diversified 3D datasets. To achieve
this goal, we design a simple data-level correction operation
that can use dataset-specific channel-wise mean and vari-
ance to normalize features from each backbone layer. Be-
sides, a semantic-level coupling-and-recoupling module is
designed to strengthen the feature reusability across differ-
ent 3D datasets, by calculating a spatial-wise attention map
and a dataset-level attention mask to constrain the learned
high-level features to be dataset-agnostic.

Extensive experiments are conducted on three public
3D autonomous driving datasets including Waymo [21],
nuScenes [ 1], and KITTI [5], to investigate the reasons for
the 3D dataset-interference issue. Besides, this paper pro-
vides many preliminary studies that explore the possibility
of training a 3D object detection model under the merged
datasets. The experimental results show that Uni3D has
a strong dataset-level generalization ability, improving the
zero-shot learning ability for unseen scenes and even sur-
passing the baseline methods trained on a single dataset.

2. Related Works

2.1. LiDAR-based General 3D Object Detection

Recent LiDAR-based 3D object detection works [2, 4,

,12,16,18,19,26,27,30,36] can be roughly categorized
into voxel-based methods, point-based methods, and point-
voxel fusion methods. Voxel-based methods [20, 26, 36]
convert irregular LiDAR points to ordered voxels before
backbone feature extraction. SECOND [26] is a prior
work that utilizes sparse convolution as 3D backbone and
greatly improves the detection efficiency. Voxel-RCNN [4]
analyses the advantages of voxel features and explores a
good trade-off between detection accuracy and inference

speed. Unlike voxel-based methods, point-based meth-
ods [18,32] directly generate feature maps from raw point
clouds. Inspired by PointNet [13] and PointNet++ [14],
Point-RCNN [18] is a pioneer to investigate how to generate
bounding boxes from point cloud data. To reduce the high
memory and computational cost of point-based methods,
IA-SSD [32] proposes a single-stage method by employ-
ing learning-based instance-aware down-sampling strate-
gies. Besides, some works try to combine the benefits of
point- and voxel-based representations. Among them, PV-
RCNN [16] designs a point-voxel feature set abstraction to
fully combine point features and voxel features. However,
the above detectors are trained and evaluated within a single
3D dataset, and they will suffer from severe detection accu-
racy drop issues across different datasets. Further, learning
generalizable representations between different datasets is
more challenging in 3D scenarios due to the more serious
dataset-level gaps.

2.2. Joint Training on Multiple Datasets

For traditional 2D perception tasks such as object de-
tection [15,37] and semantic segmentation [34], training a
unified model from different datasets results in a low recog-
nition accuracy, since different datasets often present incon-
sistent class definitions and annotation granularity. Moti-
vated by this, some researchers start to study how to achieve
a multi-dataset perception task [3, 6,9, 23,33, 35]. Early
works [9, 33] focus on merging the taxonomy information
and train the model on a unified label space. Mseg [9]
aligns pixel-level annotations of seven datasets and signifi-
cantly boosts the generalization ability of the model. Zhao
et al. [33] propose to train a dataset-specific detector to gen-
erate pseudo labels, which provide additional annotation
information from another dataset, and the final network is
trained on a specific dataset using both pseudo labels and
ground truths. To alleviate the annotation cost of unifying
the label space, recent works [23,35] attempt to use dataset-
specific supervision. Wang et al. [23] employ a designed
domain adaptation layer and attention mechanism to allevi-
ate the dataset-level differences. Zhou et al. [35] introduce
a novel automatic way to merge the taxonomy space, show-
ing that the unified detector trained on multiple datasets can
outperform each detector trained on the specific dataset. Al-
though jointly training a unified detector has been recently
studied in 2D perception tasks, its further exploration on 3D
perception tasks, such as 3D object detection, is still insuf-
ficient.

3. The Proposed Method

The overall framework is shown in Fig. 3. We first de-
scribe our problem setting and the multi-dataset evaluation
method. Next, we analyze the limitations of the current
baseline detector in multi-dataset detection, and then intro-
duce a simple solution, namely, Uni3D.



3.1. Preliminary

Problem Setting. Suppose that a domain is defined by a
joint probability distribution Pxy on X x ), where X and
Y are the input point cloud and label space, respectively. In
the scope of Multi-Domain Fusion (MDF), N denotes the
number of domains S = {5, = {(x),y(")} }:;1 avail-
able for model training, where each individual domain S,
is associated with a specific data distribution Pg,-. The
purpose of MDF is to train a unified model from multiple
labeled domains S to obtain more generalizable representa-
tions F' : X — ), which would have minimum prediction
error on the multiple different domains S.

3D Multi-dataset Training and Evaluation. Assume that
in real application, we can simultaneously access multi-
ple labeled 3D point cloud-based domains or datasets (e.g.,
Waymo [21] and nuScenes [!]), but these labeled datasets
often have different label space ), such as Barrier category
which only presents in nuScenes [1]. Our study mainly fo-
cuses on MDF under autonomous driving scenario, where
the model training and evaluation are conducted on the cat-
egories of interest related to autonomous driving scenario:
vehicle, pedestrian, and cyclist. Note that such a setting
of selecting common categories, such as vehicle, pedes-
trian, and cyclist categories, to conduct the preliminary
research is very common in many cross-dataset 3D de-
tection works, such as ST3D [28], ST3D++ [29].

3.2. When Single-dataset 3D Detectors Meet Multi-
ple Datasets

Single-dataset 3D Object Detection. Currently, state-of-
the-art 3D object detection models [4, 10, 16, 17, 19, 26]
are trained and evaluated within a single public bench-
mark [, 21], which can be regarded as so-called single-
dataset training paradigm. Here, to better illustrate our
MDF task, we first abstract the optimization objective of
current 3D object detection models as follows:

Ldet = Lrpn + Lroi + Lkeyy (1)
where L., is used to generate accurate localization predic-
tion of preset proposals, and L.,,; helps to refine the pro-
posals to obtain the final 3D bounding box results. Be-
sides, some 3D baseline detectors, such as PV-RCNN [16]
and PV-RCNN++ [17], use a keypoint prediction 10ss Liey
that can identify important foreground points and achieve a
keypoint-to-grid Rol feature extraction process.
Limitation for MDF-based 3D Object Detection. A natu-
ral method to train on multiple datasets is to simply combine
all source datasets into a merged but larger one. Unfortu-
nately, our initial attempt of such a natural dataset combi-
nation way shows a significant performance drop of the de-
tector that is trained on the merged dataset, compared with
the performance of training on each specific sub-dataset.

As demonstrated in Table 3 of Sec. 4.3, we observe
that, by comparing Single-dataset and Direct
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Figure 2. The statistical distribution differences of object size
(Length, Width, and Height) across different datasets. To better
illustrate the differences, we pick up the values within the range of
[2.0,7.0], [1.0, 3.0], and [0.5, 3.0] for Length, Width, and Height.

= KITTI

Datasets Beam VFOV Point Range  |Collection Location
L=[-75.2,75.2]m
Waymo [21] 64 [—18.0°,2.0°] |W=[-75.2,75.2]m USA
H=[-2.0, 4.0lm

L=[0.0, 70.4]m

KITTI[5] 64 [—23.6°, 3.2°] |W=[-40.0, 40.0]m
H=[-3.0, 1.0lm

L=[-51.2,51.2]m
nuScenes [1] 32 [—30.0°,10.0°]1|{W=[-51.2, 51.2]m| USA/Singapore
H=[-5.0, 3.0lm

Germany

Table 1. Overview of 3D autonomous driving dataset differences.
VFOV denotes vertical field of view, and L, W, and H represent
the length, width, and height of LiDAR range, respectively.

Merging baselines, for 3D scene-level datasets, directly
perform a dataset-level consolidation cannot help to boost
the detector’s cross-dataset detection accuracy. On the con-
trary, the detector may suffer from the feature learning in-
terference due to the significant differences between differ-
ent datasets. For example, Voxel-RCNN [4] can obtain a
relatively-high detection accuracy (75.08% AP on Waymo
validation set) when it is trained only on Waymo [21]
dataset. But it faces a severe performance drop when Voxel-
RCNN is jointly trained on the combined dataset of Waymo
and nuScenes (only 66.67% AP on Waymo validation set).
Here, through extensive experiments, we give two main
reasons for the above performance degradation issue.
1) Data-level differences: Compared with 2D natural im-
ages that are composed of pixels with a consistent value
range of [0, 255], 3D point clouds often are collected us-
ing different sensor types with different point cloud ranges,
which leads to distributional discrepancy among datasets.
And the main differences of the three widely-used datasets
are shown in Table 1. Actually, we found from Table 2 that
sensor-derived point range difference is a major factor inter-
fering the common feature learning from multiple datasets,
which is due to that the receptive field size for the same
objects are very different when data with inconsistent point
cloud ranges are fed into the 3D detector. As a result, the
point-cloud-range alignment is a necessary pre-processing
step for achieving multi-dataset 3D object detection.
Besides, as illustrated in Fig. 2, the point clouds from




/ Dataset One \
—
To BEV
- ] o0
g £
28 |—
g% H,
1 sy
> IShared 3D Backbone Shared 2D Backbone| % E ;:
Inconsistent Point Range CA. | with S.A. with S.A. T A S
5 —
Dataset Two § %_
22 [ H 2
To BEV | | @3
Point Range Alignment Dataset-specific
Head
Shared Backbone

e : Dataset One Flow e : Dataset Two Flow

: Dataset-specific Head

mﬁ : BEV Features mi : Spatial 2D Features

Figure 3. The overview of Uni3D including: 1) point range alignment, 2) parameter-shared 3D and 2D backbones with data-level correction
operation, 3) semantic-level feature coupling-and-recoupling module, and 4) dataset-specific detection heads. C.2A . denotes Coordinate-
origin Alignment to reduce the adverse effects caused by point range alignment, and S. A. is the designed Statistics-level Alignment.

tested on Waymo  tested on KITTI

Methods Waymo Range KITTI Range APy, / APH3p APygv / APsp
L=[-75.2,752]m  L=[0.0, 70.4]m
Not Align. W=[-75.2, 75.2lm  W=[-40.0, 40.0]m 26.93/26.56 89.56/83.14
H=[-2.0, 4.0]m H=[-3.0, 1.0]m
L=[-75.2,752lm  L=[-75.2,75.2lm
Align. (w/ours) W=[-75.2,752]m W=[-75.2, 75.2]m 74.83/74.33 90.03 /82.39
H=[-2.0, 4.0]m H=[-2.0, 4.0]m
tested on nuScenes  tested on KITTI
Methods nuScenes Range KITTI Range APsey / APsp APpey / APsp
L=[-51.2,512]Jm _ L=[0.0, 70.4Jm
Not Align. W=[-51.2,51.2]m  W=[-40.0, 40.0]m 21.32/15.35 89.35/81.66
H=[-5.0, 3.0]m H=[-3.0, 1.0]m
L=[-75.2,752]m  L=[-75.2,75.2]m
Align. (w/ours) W=[-75.2,752]m W=[-75.2, 75.2]m 59.25/41.51 90.09 / 83.10

H=[-2.0, 4.0]m H=[-2.0, 4.0]m

Table 2. Inconsistent LiDAR ranges will cause the multi-dataset
detection accuracy drop. The baseline employs Voxel-RCNN [4],
and please refer to Appendix for all-category results.

different datasets present a more diverse data distribution,
due to that 3D datasets were collected in different cities and
countries whose instance size is very different.

2) Taxonomy-level differences: Given a fact that differ-
ent autonomous driving manufacturers employ inconsistent
class definitions and annotation granularity. For example,
for Waymo [21], all vehicles driving on the road, includ-
ing car and truck, are annotated as one unified category,
namely, ‘Vehicle’. While for nuScenes [1], different vehi-
cles are annotated using different taxonomies with different
granularity, such as ‘Car’, ‘Truck, and ‘Van’. As a result,
the MDF task needs to consider how to train a 3D detector
under an inconsistent taxonomy label space and effectively
reuse domain-agnostic knowledge that can be shared across
different datasets.

3.3. Uni3D: A Unified 3D Multi-dataset Object De-
tection Baseline

To address the data- and taxonomy-level difference is-
sue described in the last section, we aim to develop simple
modules that enable the existing 3D detectors [4,16] to learn
generalizable representations from different datasets.
Data-level Correction Operation. Firstly, to accomplish
a data-level correction operation, we introduce a Statistic-

level Alignment (S . A .) that can alleviate the statistic-level
differences of features extracted by common 2D or 3D
backbones. This approach can be combined with any 3D
detectors, including PV-RCNN [16] and Voxel-RCNN [4].

Specifically, suppose that ;7 and o7 denote the mean and
variance for each channel in the j-th network layer. Gener-
ally, the basic mean and variance statistics are used to nor-
malize the feature in each layer, such that the input data for
each layer comply with zero-mean and univariance, e.g.,
BN [8]. However, such a statistics-shared normalization
way may hurt the model transferability in MDF training,
since data within one batch-size may come from different
datasets having large mean and variance differences. To this
end, under the MDF setting, we first obtain dataset-specific
channel-wise mean g and o7 variance from the ¢-th dataset.
Then, samples from each dataset are regularized by the cur-
rent dataset-specific mean/variance as follows:

N 1? - Ni
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where x{ denotes the input feature of each network layer in
the ¢-th dataset, and £ is added to ensure the numerical sta-
bility. Further, similar to the BN [8], a transformation step
is employed to restore the representation ability as follows:

g o=+ 3
where we employ the dataset-shared gamma ~ and beta 3,
since after the features from different datasets are normal-
ized to zero-mean and univariance, the inter-dataset differ-
ences in the first/second-order are aligned, and further, it is
reasonable to use the same gamma -y and beta (3 for different
datasets.
Semantic-level Feature Coupling-and-Recoupling Mod-
ule. In this part, we introduce a simple semantic-level
Coupling-and-Recoupling module (C.R.) that also can be
easily inserted into many single-dataset 3D detectors, to ex-



ploit the reusable features across datasets from two aspects:
1) Feature Coupling and 2) Feature Recoupling.

1) Feature Coupling: Suppose that f*¢* € REXHXW de.
notes the Bird-Eye-View (BEV) features extracted by 2D
backbone network, where C' denotes the channel number, H
and W are the height and width of the features, respectively.
BEV features f** e RE*H*W from different datasets
are coupled together along the channel dimension to learn
dataset-agnostic representations using a foreground-aware
and dataset-level attention mask as follows:

be be be
C;;} — [fZ P’U7 s 'f‘j(”l)]7 (4)
Fbe be be
s;:;med = [MSha?“fid © gf)d(COTLU( c;;&)))] c;:’

where [...,...] is the concatenation operation along the chan-

bev

nel dimension, f7*” and f*” represent the BEV features
from the i-th and j-th dataset, respectively. And Mspared =
o (f27), where ¢, denotes the foreground-aware spatial
attention operation which is achieved by calculating the
channel-wise maximum value of BEV features. Besides,
the ¢4 represents the dataset-level attention mask achieved
by a Multiple Layer Perceptron (MLP) Conuv(f%y) fol-
lowed by a N-cls softmax operation, where N denotes the
number of datasets to be merged. Such a dataset-level atten-
tion mask means that the ¢4 can predict a re-scaling score
to recombine BEV features from different datasets so that
the combined BEV features are dataset-agnostic.

2) Feature Recoupling: Since the shared features fU(%..,
mainly focus on the common knowledge of multiple
datasets, we are expected to fuse such shared features
fbev . with previous dataset-related BEV features f2°U or
f2°* using a channel-wise re-scaling operation:

fibev = SE@( igﬁgred) + fibev7 (5)
f]l_zev = SEJ( gﬁZred) + fjl_vev’

where SE is the Squeeze-and-Excitation Network [7], and
its network architecture is described in Appendix. The
overall network structure of the designed coupling-and-
recoupling module is illustrated in Fig. 4. However, ex-
ploring such feature relations across datasets will cause the
inconsistency between the model multi-dataset training and
single-dataset testing, mainly due to that the shared features
fbev ., are dependent on multiple inputs. To tackle this is-
sue, we simply use the BEV feature copy method, mean-
ing that during the single-dataset inference stage, BEV fea-
tures from the single dataset will be simultaneously copied
to fP° and f?", to obtain the shared features fl55,.4. As a
result, BEV feature copy method enables us to perform the
inference on a single dataset, and Uni3D is not depending
on some given frame from another domain during the in-
ference. Ablation studies on different training-and-testing
methods (including BEV feature copy and BEV feature
mask) are described in Appendix.
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Figure 4. Semantic-level feature coupling-and-recoupling during
the multi-dataset training stage.

Dataset-specific Detection Heads. To further address the
taxonomy-level differences between datasets, we assume
that the prior knowledge of 3D data sources is known, and
propose to use different detection heads Hj, followed by
dataset-specific detection loss L%, to perform the instance-
level prediction on different datasets. The MDF training
loss function L ¢"%! can be written as follows:

Lt = 37 Lh (He(f), ©
k

where L%, is the dataset-specific loss from the k-th dataset.

During the inference phase, we use the data-level cor-
rection operation to address the sensor-induced or data-
distribution-induced differences, and the parameter-shared
3D and 2D backbones to extract the point and voxel fea-
tures. Meanwhile, the detection head assigned to the corre-
sponding dataset is used to produce final prediction results.

4. Experiments
4.1. Experimental Setup.

Datasets. We conduct experiments on three commonly-
used autonomous driving datasets including Waymo [21],
nuScenes [1], and KITTI [5]. These datasets present: 1)
data-level distribution differences caused by different Li-
DAR types and geographic locations of data collection; and
2) taxonomy-level variations caused by different class an-
notation definitions. In our experiments, we first consider
the task setting of merging two different datasets, and then,
perform the study of consolidating all the above datasets.

Implementation Details. All experiments are implemented
using OpenPCDet [22]. In particular, since we observe
that point cloud range differences extremely degrade the
cross-dataset detection accuracy as illustrated in Table 2,
we align the point cloud range of all the above datasets
to [—75.2,75.2]m for X and Y axes and [—2,4]|m for Z
axis. For all experimental settings, following the com-
mon optimization employed by PV-RCNN [16] and Voxel-
RCNN [4], Adam optimizer with an initial learning rate
of 0.01 is used, and the learning rate decay schedule uti-
lizes the well-known OneCycle strategy. We train the net-
work using a batch-size of 32, a momentum of 0.9 on 8
NVIDIA Tesla A100 GPUs, and the total training epoch



Trained on Baseline Detectors Tested on Waymo Tested on nuScenes

' Vehicle Pedestrian Cyclist Car Pedestrian Cyclist

only Wavmo Voxel-RCNN [4] (W/0 P.T.) 75.08/74.60 | 75.17/68.76 | 65.28/64.33 | 34.10/17.31 | 2.99/1.69 | 0.05/0.01

y vy Voxel-RCNN [4] (w/P.T. on nuScenes) | 75.46/74.99 | 74.58/68.06 | 65.92/64.98 | 3434/21.95 | 284/157 | 0.09/0.02

only nuScenes Voxel-RCNN [4] (w/0 P . T.) 36.77/36.50 | 4.64/3.18 | 249/245 | 53.63/39.05 | 22.47/17.85 | 10.86/9.70
Y Voxel-RCNN [4] (w/ P . T . on Waymo) 6.11/590 | 0.77/056 | 0.01/001 | 5523/39.14 | 23.65/1647 | 8.51/5.80
Voxel-RCNN [4] (w/D.M.) 66.67/66.23 | 60.36/54.08 | 52.03/51.25 | 51.40/31.68 | 15.04/9.99 | 5.40/3.87

Waymos nuScenes Voxel-RCNN [4] (w/ C.A.) 69.40/68.86 | 63.43/56.49 | 52.83/51.93 | 51.39/29.04 | 16.24/10.96 | 4.55/3.13
Y ! Voxel-RCNN [4] (W/ C.A.+5.A.) 75.16/74.67 | 74.83/68.07 | 64.68/63.73 | 58.41/40.84 | 26.52/20.98 | 9.19/7.65
Voxel-RCNN [4] (w/ C.A.+C.R.) 74.56/74.05 | 74.29/67.04 | 63.14/62.21 | 59.10/42.25 | 29.86/23.76 | 14.46/12.73
Voxel-RCNN [4] (w/ C.A.+S.A.+C.R.) | 75.26/74.77 | 75.46/68.75 | 65.02/63.12 | 60.18/42.23 | 30.08/24.37 | 14.60/12.32

only Wavmo PV-RCNN [16] (/o P.T.) 7497 /7446 | 73.41/66.57 | 64.58/63.49 | 32.99/17.55 | 3.34/1.94 | 0.02/0.01
y ey PV-RCNN [16] (w/P.T. onnuScenes) | 74.77/74.26 | 73.32/66.31 | 64.06/63.05 | 33.86/17.47 | 2.88/153 | 0.04/001

only nuScenes PV-RCNN [16] (W/0 P.T.) 41.01/40.58 | 457/296 | 098/095 | 57.78/41.10 | 24.52/18.56 | 10.24/8.25
Y ‘ PV-RCNN [16] (w/P.T. on Waymo) | 44.59/4424 | 7.67/633 8.77/8.58 | 57.92/41.53 | 2432/1731 | 11.52/9.19
PV-RCNN [16] (w/D.M.) 66.22/65.75 | 55.41/49.29 | 56.50/55.48 | 48.67/30.43 | 12.66/8.12 | 1.67/1.04

Waymos nuScenes PV-RCNN [16] (w/C.A.) 66.90/65.61 | 56.41/51.06 | 56.00/55.00 | 48.93/31.21 | 1447/1031 | 1.70/1.07
aymo-nuscenes PV-RCNN [16] (W/ C.A.+S.A) 742417371 | 67.38/60.79 | 60.20/59.16 | 59.49/42.05 | 27.44/20.94 | 12.69/10.34
PV-RCNN [16] (W/C.A.+C.R.) 74.88 /7436 | 73.39/66.02 | 62.84/61.79 | 59.01/41.16 | 26.59/20.49 | 9.86/7.60
PV-RCNN [16] (W/C.A.+S.A.+C.R.) | 75.54/74.90 | 74.12/66.90 | 63.28/62.12 | 60.77/42.66 | 27.44/21.85 | 13.50/11.87

Table 3. Results of joint training on Waymo and nuScenes datasets. Following the existing 3D object detection works [16, 28,

1, we

report the car (Vehicle on Waymo), pedestrian, and cyclist results under IoU threshold of 0.7, 0.5, and 0.5, respectively, and utilize AP and
APH of LEVEL 1 metric on Waymo, and APggy and AP3p over 40 recall positions on nuScenes. The best detection results are marked
using bold. Due to the page limitation, the average accuracy of multiple datasets is reported in Appendix.

Trained on Baseline Detectors Tested on KITTI Tested on nuScenes
i i Car Pedestrian Cyclist Car Pedestrian Cyclist
only KITTI Voxel-RCNN [4] (w/oP.T.) 89.34/80.91 | 59.67/56.88 | 61.10/60.49 11.37/4.64 0.15/0.11 0.01/0.00
y Voxel-RCNN [4] (w/ P.T. onnuScenes) | 89.90/81.25 | 59.49/56.17 | 54.55/54.15 12.89/5.52 0.24/0.18 0.05/0.03
only nuScencs Voxel-RCNN [4] (w/oP.T.) 69.41/33.48 | 28.06/19.20 0.44/043 53.63/39.05 | 22.47/17.85 10.86/9.70
y Voxel-RCNN [4] (w/ P . T. on KITTI) 71.61/40.64 | 39.67/29.99 7.2976.88 53.57/39.65 | 24.93/21.17 11.42/9.95
Voxel-RCNN [4] (w/D.M.) 89.24/73.72 | 61.03/54.55 | 62.71/59.92 | 41.88/20.48 12.58 /8.32 1.77/0.97
KITTLtnuScenes Voxel-RCNN [4] (w/ C.A.) 89.35/76.77 | 59.01/53.67 | 43.45/42.41 | 49.95/28.43 | 16.63/11.93 3.84/3.12
Voxel-RCNN [4] (w/ S.A.) 89.21/82.68 | 62.32/57.99 | 63.10/61.67 | 57.87/40.23 | 27.21/21.44 | 13.65/12.24
Voxel-RCNN [4] (w/ C.R.) 89.13/82.50 | 61.45/56.65 | 61.72/58.66 | 58.13/40.26 | 27.27/21.50 | 13.81/12.18
Voxel-RCNN [4] (w/ S.A.+C.R.) 90.09/83.10 | 62.99/58.30 | 70.20/68.10 | 59.25/41.51 | 29.12/23.18 | 15.16/13.16
only KITTI PV-RCNN [16] (W/oP.T.) 89.41/83.15 | 59.09/54.73 | 62.25/61.71 6.58/2.54 0.22/0.16 0.03/0.01
y PV-RCNN [16] (w/ P . T. on nuScenes) 89.26/83.14 | 60.56/55.90 | 63.60/62.88 13.43/5.61 0.69/0.27 0.04/0.00
only nuScenes PV-RCNN [16] (W/oP.T.) 74.37/36.54 | 39.30/29.07 0.58/0.55 57.78/41.10 | 24.52/18.56 10.24/8.25
y PV-RCNN [16] (w/ P . T on KITTI) 69.40/38.25 | 33.24/24.88 1.68/1.61 53.24/36.72 | 20.65/17.09 8.95/7.58
PV-RCNN [16] (W/D.M.) 87.79/77.95 | 55.52/4829 | 59.15/55.10 | 41.29/21.57 10.21/7.08 1.23/1.15
KITTI+nuScenes PV-RCNN [16] (W/ C.A.) 88.53/77.20 | 47.13/39.53 | 4422/41.64 | 46.34/25.28 12.70/9.64 2.18/1.34
PV-RCNN [16] (W/S.A.) 87.51/78.13 | 56.13/49.21 | 61.22/58.49 | 56.93/40.11 | 20.15/15.33 10.19/8.73
PV-RCNN [16] (W/C.R.) 90.93 /83.56 | 58.96/55.78 | 60.92/58.13 | 57.76/41.31 | 24.65/18.96 | 12.19/10.13
PV-RCNN [16] (w/S.A.+C.R.) 89.77/85.49 | 60.03/55.58 | 69.03/66.10 | 59.08/41.67 | 25.27/19.26 | 12.26/10.83

Table 4. Results of joint training on KITTI and nuScenes datasets. The experiment and evaluation settings follow Table 3.

is equal to 30. Besides, for the experiments on Waymo-
KITTI and nuScenes-KITTI consolidations, the weight de-
cay is set to 0.01, and for the remaining experiments, the
weight decay is set to 0.001. For Waymo dataset, we only
use the uniformly-sampled 20% frames (about 32k frames)
for model training.

4.2. Design of Comparison Baselines

1) w/o P.T. (Single—dataset): We employ the off-
the-shelf 3D detectors, e.g., Voxel-RCNN [4] and PV-
RCNN [16], as the baseline detection model, which is
trained from scratch and evaluated within a single dataset.
2) P.T. (Pre-training): Since the MDF setting al-
lows the detector to access the annotated data from both
datasets, we first pre-train the baseline detector on another
dataset, and fine-tune the detector on the current dataset.

3)D.M. (Direct Merging): By simply combing mul-
tiple 3D datasets into a merged dataset, a single-dataset
baseline detector is able to train from the merged dataset
using a common detection loss, which can be regarded as a
direct method to verify whether the existing 3d models can
be improved under the directly-merged datasets. Note that
for such baseline, we align the point cloud range and merge
the label space of each dataset for multi-dataset training.

4) C.A.: Coordinate-origin Alignment baseline is designed
to alleviate the sensor installation position differences. As
previously described, to train detectors from multiple 3D
datasets with inconsistent point cloud ranges, we have to
align the point-cloud-range of all datasets. But such a point-
range-level alignment operation would cause the distribu-
tion variations in coordinate origin and center point of ob-



Trained on Baseline Detectors Tested on KITTI Tested on Waymo
Car Pedestrian Cyclist Vehicle Pedestrian Cyclist

nlv KITTI Voxel-RCNN [4] (W/oP.T.) 89.34/80.91 | 59.67/56.88 | 61.10/60.49 | 6.81/6.75 16.52/13.65 | 14.74/14.00
oy Voxel-RCNN [4] (w/P.T. on Waymo) | 89.51/81.41 | 60.30/57.10 | 55.53/51.34 8.70/8.62 19.14/16.01 | 21.87/20.83
only Waymo Voxel-RCNN [4] (w/o P . T.) 67.07/19.80 | 65.44/61.92 | 59.48/54.10 | 75.08/74.60 | 75.17/68.76 | 65.28 /64.33
v vay Voxel-RCNN [4] (w/P.T. on KITTI) | 64.84/19.99 | 62.58/59.01 | 56.44/49.43 | 72.76/72.26 | 72.42/64.94 | 63.27/62.23
KITTI+ Waymo Voxel-RCNN [4] (w/D.M.) 74.53/32.11 | 60.11/54.85 | 59.69/55.94 | 74.35/73.85 | 74.80/68.39 | 64.87/63.95
4 Voxel-RCNN [4] (w/ S.A.+C.R.) 90.03/82.39 | 62.51/57.01 | 69.52/66.30 | 74.83/74.33 | 74.79/68.24 | 66.83 /65.82

only KITTI PV-RCNN [16] (W/oP.T.) 89.41/83.15 | 59.09/54.73 | 62.25/61.71 2.98/2.94 7.99/6.56 5.84/5.54

Y PV-RCNN [16] (w/P.T. on Waymo) | 89.40/83.42 | 62.69/58.86 | 59.96/59.43 8.75/8.64 12.1279.90 9.20/8.76
only Waymo PV-RCNN [16] (W/oP.T.) 56.20/54.81 | 60.04/57.06 | 54.29/50.05 | 74.97/74.46 | 73.41/66.57 | 64.58/63.49
y vay PV-RCNN [16] (w/P.T. on KITTI) 69.25/2591 | 59.16/55.92 | 56.09/50.50 | 71.08/70.54 | 70.12/62.91 | 62.37/61.40
KITTI+ Wavmo PV-RCNN [16] (W/D.M.) 87.49/68.35 | 62.84/60.06 | 68.09/65.75 | 50.68/50.31 | 58.76/52.59 | 55.14/54.17
ayme PV-RCNN [16] (W/ S.A.+C.R.) 89.42/83.15 | 60.85/57.49 | 71.61/65.88 | 75.07/74.54 | 72.95/66.08 | 63.80/62.92

Table 5. Results of joint training on KITTI and Waymo. The experiment and evaluation settings follow Table 3.

Trained on Testedon K TestedonN  Testedon W  Avg. on KNW

K 89.34/8091 11.37/4.64 6.81/6.75 35.84/30.77

N 69.41/33.48 53.63/39.05 36.77/36.50 53.27/36.34

w 67.07/19.80 34.10/17.31 75.08/74.60 58.75/37.23
K+N+W (Uni3D) 89.65/83.41 60.42/42.30 75.47/74.97 75.18/66.89

Table 6. Results for car class of jointly train on K (denoting
KITTI), N (denoting nuScenes), and W (denoting Waymo) using
Voxel-RCNN [4], and Avg. denotes the average detection accu-
racy evaluated on all the three datasets.

jects. To this end, following previous 3D cross-dataset re-
search [24,28,29], the coordinate origin of different datasets
needs to be transferred to the ground plane. For KITTI and
nuScenes datasets, the coordinate shift is set to 1.6m and
1.8m along the height direction. We use the C.A. baseline
to check the effectiveness of the existing origin alignment
method on multi-dataset 3D object detection.

5) S.A.: Asintroduced in Sec. 3.3, Statistics-level Align-
ment baseline aims to reduce the statistical distribution
(e.g., 47 and ¢7) differences of the learned features between
datasets.

6) C.R.: Coupling-and-Recoupling baseline tries to mine
reusable dataset-agnostic representations across multiple
datasets, and outputs the dataset-specific semantic represen-
tations for better single-dataset detection accuracy.
Evaluation Metric. We adopt the officially released evalu-
ation tools for evaluating our all baselines, where for KITTI
and nuScenes datasets, the AP in both the Bird’s Eye View
(BEV) and 3D over 40 recall positions are reported, and for
Waymo dataset, we employ the Average Precision (AP) and
Average Precision re-weighted by Heading (APH) of each
class for model evaluation. We report the moderate case re-
sults for KITTI dataset, and LEVEL_1 metric on Waymo
dataset, and please refer to Appendix for the results using
LEVEL_2 metric. AP is evaluated under an IoU thresh-
old of 0.7 for car category (Vehicle on Waymo) and 0.5 for
pedestrian and cyclist classes. In this paper, all experimen-
tal results are reported on the official validation set.

4.3. Results of Multi-Dataset 3D Object Detection

Results on Waymo-nuScenes, nuScenes-KITTI,
Waymo-KITTI Consolidations. To investigate the
feasibility of training 3D baseline detectors from multiple

public datasets, we conduct experiments by selecting
two representative 3D datasets from three widely-used
autonomous driving datasets: Waymo [2 1], KITTI [5], and
nuScenes [1]. According to the results from Table 3 to 5,
we can observe the following five important findings:

1) Large gap between 3D datasets: We first train the base-
line detector only on a single dataset (e.g., Waymo or
nuScenes), and evaluate this well-trained baseline on two
different datasets (e.g., Waymo and nuScenes). As can be
seen in Table 3, the baseline performs well only on its orig-
inal training dataset (e.g., 75.08% AP for Vehicle). When
the baseline detector is deployed to nuScenes dataset, its de-
tection accuracy is seriously degraded (only 34.34% AP for
Car). This is mainly because the single-dataset detection
model is overfitted to its training dataset, yet fails to con-
sider the source-to-target dataset shift. The same accuracy
drop issue can also be observed on another baseline detector
such as PV-RCNN [16].

2) Pre-trained model cannot work well under MDF setting:
Another way that simultaneously improves the detection ac-
curacy of the baseline detector for Waymo and nuScenes is
fully-supervised pre-training. Such a way means that we
first pre-train the baseline on the fully-labeled nuScenes (or
Waymo), and fine-tune the well-trained model on Waymo
(or nuScenes). By comparing P.T and w/o P.T. base-
lines, we observe from Table 3 that, although the model
has been pre-trained on nuScenes, the detection accuracy
for nuScenes is still unsatisfactory, which is due to that the
model has been fine-tuned to Waymo, forgetting the knowl-
edge learned from the previous pre-trained dataset.

3) 3D single-dataset training paradigm cannot work well
under MDF setting: By comparing w/o P.T. and D.M
baselines from Table 3, it can be observed that the typical
3D detectors (e.g., Voxel-RCNN [4] and PV-RCNN [16])
trained on the merged dataset cannot achieve a high detec-
tion accuracy on both datasets.

4) Coordinate-origin alignment boosts the MDF accuracy:
By comparing C.A. and D.M. baselines, it can be con-
cluded that coordinate-origin shift scheme can reduce the
negative impact caused by the point-cloud-range alignment



Trained on Baseline Detectors #nuScenes Tested on KITTI Tested on nuScenes
Car Pedestrian Cyclist Car Pedestrian Cyclist
only nuScenes Voxel-RCNN [4] 100% - - - 53.63/39.05 | 22.47/17.85 10.86/9.70
only nuScenes Voxel-RCNN [4] 10% - - - 45.42/31.09 10.39/7.16 1.55/0.89
only nuScenes Voxel-RCNN [4] 5% - - 30.01/16.15 4.70/2.56 0.06/0.05
only nuScenes Voxel-RCNN [4] 1% - - 0.00/0.00 0.00/0.00 0.00/0.00
KITTI+nuScenes | Voxel-RCNN [4] (ours) 100% 90.09/83.10 | 62.99/58.30 | 70.20/68.10 | 59.25/41.51 | 29.12/23.18 | 15.16/13.16
Voxel-RCNN [4] (ours) 10% 88.81/81.75 | 60.09/56.61 | 70.03/68.54 | 52.08/34.40 | 20.40/15.60 8.42/7.40
Voxel-RCNN [4] (ours) 5% 89.10/81.86 | 59.17/54.42 | 73.30/70.25 | 51.81/34.43 | 19.82/14.94 5.52/4.58
Voxel-RCNN [4] (ours) 1% 89.06/81.55 | 56.74/52.28 | 71.11/69.06 | 44.74/28.28 | 15.94/11.11 1.28/70.99
only nuScenes PV-RCNN [16] 100% - - 57.78/41.10 | 24.52/18.56 | 10.24/8.25
only nuScenes PV-RCNN [16] 10% - - 50.39/31.68 | 13.64/8.75 0.85/0.51
only nuScenes PV-RCNN [16] 5% - - - 35.87/19.76 5.89/3.15 0.00/0.00
only nuScenes PV-RCNN [16] 1% - - - 0.08/0.01 0.02/0.01 0.00/0.00
KITTI+nuScenes | PV-RCNN [16] (ours) 100% 89.77/85.49 | 60.03/55.58 | 69.03/66.10 | 59.08/41.67 | 25.27/19.26 | 12.26/10.83
PV-RCNN [16] (ours) 10% 88.99/83.12 | 57.06/52.48 | 71.14/70.60 | 51.75/33.85 | 15.60/10.78 3.33/2.09
PV-RCNN [16] (ours) 5% 88.95/82.83 | 56.62/53.25 | 71.99/69.86 | 50.32/34.35 | 16.11/11.20 2.59/2.00
PV-RCNN [16] (ours) 1% 88.92/82.81 | 55.22/51.84 | 71.12/69.73 | 41.09/25.38 | 11.27/7.00 0.60/0.33

Table 7. Results of reducing the number of samples in nuScenes dataset under the nuScenes-KITTI consolidation setting.

operation. Besides, it should be noted that for KITTI-
nuScenes consolidation setting, applying the coordinate-
origin shift operation for raw point clouds yields a se-
vere detection accuracy drop of the Pedestrian and Cyclist
classes in KITTI datasets. This may be due to that the preset
coordinate-origin shift parameters are shared across differ-
ent classes, which is sensitive to correct the distributions for
the classes with few-shot samples, such as Pedestrian and
Cyclist. Thus, sharing the same parameter of coordinate-
origin shift between classes is harmful to some scenarios,
and needs to be further studied in our future work.

5) The effectiveness and generality of each designed mod-
ule: As reported in Tables 3, 4, and 5, the average detec-
tion results achieved by Uni3D exceed those of all designed
baselines, verifying the effectiveness of Uni3D in learning
from multiple 3D datasets. Furthermore, we also conduct
experiments by selecting PV-RCNN [16] as another base-
line detector and repeat the above experiments, observing
consistent detection accuracy gains.

Results on Waymo-KITTI-nuScenes Consolidation. Ta-
ble 6 shows the results of jointly training the Voxel-
RCNN [4] from Waymo, nuScenes, and KITTI. Also,
Uni3D achieves high detection results simultaneously on
multiple datasets.

4.4. Further Analyses

Uni3D: Reduce the Data Acquisition Cost. In real appli-
cation, we may not be able to collect massive LiDAR data
for a new scene due to the expensive data acquisition cost.
Uni3D gives another option for addressing such a dilemma,
namely, training on the combined set between the few-shot
data from the new scene and the full data from the previ-
ous well-constructed dataset. It can be seen from Table 7
that the detection accuracy on nuScenes dataset achieved by
Uni3D outperforms the one only using few-shot nuScenes.
The improvement mainly comes from the ability of Uni3D
to learn more generalizable features, which is less prone to
over-fitting under few-shot samples.

. . Tested on KITTI

Methods Baseline Models Pre-trained on APgev / APsp
Source-only PV-RCNN ‘Waymo 61.18/22.01
Source-only PV-RCNN nuScenes 68.15/37.17
Source-only PV-RCNN (ours) Waymo+nuScenes 73.51/39.71
ST3D [28] (w/ SN) PV-RCNN Waymo 86.65/76.86
ST3D [28] (w/ SN) PV-RCNN nuScenes 84.29/72.94
ST3D [28] (w/ SN) PV-RCNN (ours) Waymo+nuScenes 88.25/77.01

Table 8. Generalization study from two aspects including: 1) Zero-
shot detection accuracy on KITTI, and 2) Model adaptability cou-
pled with the off-the-shelf UDA method (ST3D [28]). Source-only
denotes that the model is trained on the source domain and directly
tested on the target domain.

Uni3D: Strengthen the Zero-shot and Domain Adapta-
tion Ability. Another advantage of Uni3D is that it can
largely boost the zero-shot learning ability of the base-
line detector, by learning generalizable features from mul-
tiple datasets. As shown in Table 8, by utilizing the pre-
trained model provided by Uni3D, the zero-shot inference
accuracy is significantly improved (from 68.15% APggy to
73.51%APggy). One possible reason for such improve-
ment is that Uni3D learns about the potential inter-dataset
variations by jointly training on Waymo and nuScenes, and
the Waymo-to-nuScenes dataset variations are beneficial to
recognize an unforeseen domain.

5. Conclusion

For the first time, we study how to train a unified 3D
detection model using the off-the-shelf public 3D bench-
marks, and present a unified 3D detection framework
(Uni3D) which can be easily combined with the existing
3D detectors. We conduct extensive experiments on many
public benchmarks, and the results show the effectiveness
of Uni3D in obtaining dataset-level generalizable features.
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