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Abstract

Recent LiDAR-based 3D Object Detection (3DOD) meth-
ods show promising results, but they often do not gener-
alize well to target domains outside the source (or train-
ing) data distribution. To reduce such domain gaps and thus
to make 3DOD models more generalizable, we introduce a
novel unsupervised domain adaptation (UDA) method, called
CMDA, which (i) leverages visual semantic cues from an
image modality (i.e., camera images) as an effective seman-
tic bridge to close the domain gap in the cross-modal Bird’s
Eye View (BEV) representations. Further, (ii) we also intro-
duce a self-training-based learning strategy, wherein a model
is adversarially trained to generate domain-invariant features,
which disrupt the discrimination of whether a feature instance
comes from a source or an unseen target domain. Overall,
our CMDA framework guides the 3DOD model to generate
highly informative and domain-adaptive features for novel
data distributions. In our extensive experiments with large-
scale benchmarks, such as nuScenes, Waymo, and KITTI,
those mentioned above provide significant performance gains
for UDA tasks, achieving state-of-the-art performance.

Introduction
3D Object Detection (3DOD) is one of the fundamen-
tal computer vision problems and plays a crucial role in
real-world applications such as autonomous driving and
robotics (Qian, Lai, and Li 2022; Zhu et al. 2014). Re-
cent studies (Shi, Wang, and Li 2019; Wang et al. 2022;
Roh et al. 2022) have achieved significant advancements in
3DOD with large-scale benchmarks and precise 3D vision
sensors. Especially, LiDAR-based approaches (Liang et al.
2022; Liu et al. 2023; Yin, Zhou, and Krahenbuhl 2021)
have demonstrated state-of-the-art performance by leverag-
ing precise 3D geometric information (i.e., object location
and size) from point clouds. However, despite these break-
throughs, most 3DOD works face significant performance
drops when tested on previously unseen data distributions
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due to inevitable domain shift issues (e.g., variations in point
density, weather conditions, and geographic locations).

To address these challenges, recent approaches in LiDAR-
based Unsupervised Domain Adaptation (UDA) primarily
focus on effectively leveraging precise geometric informa-
tion from point clouds (Wang et al. 2021) or self-training
strategies with pseudo-labels (Yang et al. 2021). However,
these methods face challenges in learning domain-agnostic
contextual information (e.g., colors, textures, and object ap-
pearances) relying solely on geometric LiDAR features.

To supplement the absence of semantic information, we
introduce Cross-Modality Knowledge Interaction (CMKI),
leveraging the contextual details presented in RGB images
to guide the learning of rich semantic cues in LiDAR-
based geometric features. Recent studies on multi-modal
fusion (Zhang, Chen, and Huang 2022; Bai et al. 2022;
Liu et al. 2023) demonstrate that properly complementing
3D point clouds and 2D images with each other enhances
overall detection accuracy. Due to the individualized multi-
modality sensor configuration for each dataset, these meth-
ods are still limited in the UDA task. To tackle these is-
sues, we advocate for leveraging optimal joint represen-
tation, Bird’s-Eye-View (BEV), facilitating the transfer of
deep semantic clues from 2D image-based features to 3D
LiDAR-based features. Here, the context details of each im-
age pixel can serve as discriminative semantic priors for im-
proved 3DOD performance. Finally, CMKI enables produc-
ing highly informative features by softly associating multi-
modal cues. We empirically found that our image-assisted
approach effectively overcomes domain shift. To the best of
our knowledge, we are the first to adopt the usefulness of
multi-modality for UDA on 3DOD.

In addition to utilizing the fine detail of 2D images,
we focus on smartly extending the standard self-training
approach (Yang et al. 2021) to adapt to the previously
unseen target data distributions. We propose self-training-
based learning strategy with Cross-Domain Adversarial Net-
work (CDAN) to relieve the distinct representational gap
between source and target data. To ensure an explicit con-
nection across domains, we first introduce the point cloud
mix-up technique, which swaps points sector with random
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azimuth angles. Then, we further apply adversarial regular-
ization to reduce the representational gap across domains,
guiding the model to learn domain-invariant information.
Besides, we design a function that minimizes independent
BEV grid-wise entropy to suppress ambiguous and uncertain
features derived from mixed inputs. Ultimately, our domain-
adaptive adversarial self-training approach is now robust in
various cross-domain scenarios.

Given landmark datasets in 3DOD, nuScenes (Caesar
et al. 2020), Waymo (Sun et al. 2020), and KITTI (Geiger,
Lenz, and Urtasun 2012), we validate the generalizability
and effectiveness of our novel UDA framework CMDA.
Above all, our proposed framework outperforms the existing
state-of-the-art methods on UDA for LiDAR-based 3DOD.
To summarize, our main contributions are as follows:

• We propose a novel image-assisted unsupervised domain
adaptation approach, called CMDA with Cross-Modality
Knowledge Interaction (CMKI) to yield highly informa-
tive features by softly associating multi-modal cues in
joint BEV space. To the best of our knowledge, we are
the first work that introduces leveraging the semantics of
2D images for UDA on LiDAR-based 3DOD.

• We design a practical self-training paradigm with Cross-
Domain Adversarial Network (CDAN) to relieve the
representational gap across domains effectively. Specif-
ically, our approach adversarially constrains the network
from learning domain-invariant cues.

• We analyze the effectiveness of our proposed method on
multiple challenging benchmarks, including nuScenes,
KITTI and Waymo. Extensive experiments on vari-
ous cross-domain adaptation scenarios validate that our
proposed method achieves new State-of-the-Art perfor-
mance for UDA on 3DOD.

Related Work
LiDAR-based 3D Object Detection. In early 3D object
detection tasks (Chen et al. 2017; Ku et al. 2018) which
uses point clouds focus on projecting point clouds into 2D
feature space by minimizing the loss of spatial information.
Recent LiDAR-based 3D object detection works can be cat-
egorized as two different approaches: voxel-grid represen-
tation and point-based methods. First, the voxel-based ap-
proach (Zhou and Tuzel 2018; Yan, Mao, and Li 2018; Yang,
Liang, and Urtasun 2018; Lang et al. 2019; Shi et al. 2020;
Deng et al. 2021) converts point cloud data into voxel repre-
sentation that is compatible with vanilla Convolution Neural
Network(CNN). Also, because the point cloud is sparsely
distributed over the whole image, voxel representation con-
structed from different point sets is more efficient. Although
voxel representation is versatile and shows competitive per-
formance in 3D object detection, loss of fine-grained in-
formation is inevitable. Differently, to handle this problem,
point-based approaches (Yang et al. 2019; Shi, Wang, and Li
2019; Yang et al. 2020) directly use 3D point cloud data to
leverage more accurate geometry information than previous
methods. In our works, we adopt SECOND (Yan, Mao, and
Li 2018) and PV-RCNN (Shi et al. 2020) as baseline models

that are the representative networks in 3D object detection to
demonstrate the effectiveness of extracting domain invariant
features with our proposed methods.

Unsupervised Domain Adaptation (UDA) for LiDAR-
based 3D Object Detection. To generalize LiDAR-based
3D Object Detection for autonomous driving, Unsupervised
Domain Adaptation addresses performance drop between a
labeled source dataset and an unlabeled target dataset. In
early UDA for LiDAR-based 3D object detection, Y. Wang
et al. (Wang et al. 2020) propose to mitigate the inductive
bias of box scale by unfamiliar objects exploiting Statistical
Normalization (SN). ST3D (Yang et al. 2021) applied Ran-
dom Object Scaling (ROS) and a novel self-training frame-
work in the data pipeline to demonstrate efficiency in the
target scenario. Turning to the domain of point cloud resolu-
tion, recent studies suggest various methods to complement
the sparsity of point clouds. SPG (Xu et al. 2021) enriches
the missing points by employing efficient point generation.
3D-CoCo (Yihan et al. 2021) utilizes domain alignment be-
tween source and target to extract robust features from un-
labeled point clouds. LiDAR Distillation (Wei et al. 2022)
generates pseudo sparse point sets leveraging spherical co-
ordinates and transfers the knowledge of the source, effec-
tively reducing the domain gap.

Method
In this section, we present a novel Unsupervised Domain
Adaptation (UDA) framework CMDA for LiDAR-based 3D
object detection (3DOD). We advocate leveraging multi-
modal inputs during the training phase to enhance the gener-
alizability across diverse domains. Specifically, we encour-
age the LiDAR BEV features to learn rich-semantic knowl-
edge from camera BEV features and explicitly guide such
cross-modal learning via cross-domain adversarial pipeline,
achieving generalized perception against unseen target con-
ditions. We first provide an overview of our framework and
then present technical details of the proposed methods as
follows: (1) Cross-Modality Knowledge Interaction (CMKI)
and (2) Cross-Domain Adversarial Network (CDAN).

Overview
We illustrate an overview of our framework in Alg. 1 and
Fig. 1, which aims to maximize the potential of each modal-
ity in guiding the 3DOD models for improved generalizabil-
ity. During the training phase, the model takes multi-view
images I “ ti1, i2, ..., iNI u P RNI

ˆHˆWˆ3 and 3D point
clouds P “ tp1, p2, ..., pNP u P RNP

ˆ3 as inputs, and out-
puts a set of 3D bounding boxes L̂. Our primary goal is to
effectively transfer a LiDAR-based 3DOD model trained on
labeled source domain data tpP s

i , I
s
i , L

s
i qu

Ns

i“1 to the unla-
beled target domain data tpP t

i , L
t
iqu

Nt

i“1. Here, P s
i , I

s
i , and

Ls
i represent the i-th point clouds, multi-view images, and

their corresponding ground truth labels from the source do-
main. Similarly, P t

i and Lt
i denote the i-th point clouds and

their corresponding pseudo-label from the target domain. Ns

and Nt indicate the number of samples from the source and
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Figure 1: An overview of our architecture. Our framework consists of two main steps. (a) Cross-Modal LiDAR Encoder Pre-
Training: aligning spatially paired image-based and LiDAR-based BEV representations for cross-modal BEV feature learning.
This allows the LiDAR encoder to learn modality-specific visual semantic information from the image features. (b) Cross-
Domain LiDAR-Only Self-Training: learning domain-invariant features through adversarial regularization of the LiDAR en-
coder, ultimately reducing the representation gap between source and target domains.

the target domain, respectively. Note that we do not use the
target domain labels during training.

Cross-Modality Knowledge Interaction (CMKI)
Recently, multi-modal 3DOD mechanisms (Zhang, Chen,
and Huang 2022; Bai et al. 2022; Vora et al. 2020) have
highlighted the benefits of synergistically complementing
geometric losses from 2D images with semantic losses from
3D point clouds. Despite their potential benefits, the intro-
duction of multi-modalities to address both geometric and
semantic domain gaps has received limited attention in the
field of UDA for 3DOD tasks. In this work, we delve into
the effectiveness of interactions between different modali-
ties (i.e., camera images and LiDAR point clouds), aiming
to enhance the BEV feature quality and improve detection
performance on previously unseen target data distributions.

Optimal Joint Representation. Precise geometric align-
ment is essential to ensure the quality of both image and
point cloud features. Although existing association tech-
niques (Chen et al. 2022; Vora et al. 2020) with calibra-
tion matrices employ multi-modal information, they do not
fully take advantage of the deep semantic clues from the
images due to the non-homogeneous nature of features and
their representations. For example, camera features are en-
coded in single or multiple-perspective views, whereas Li-
DAR features are expressed in the BEV space (Bai et al.
2022). Hence, we are motivated to find an optimal joint rep-
resentation to facilitate effective cross-modal knowledge in-
teraction and to investigate its impact on the UDA task. In-

spired by recent multi-modal fusion (Liu et al. 2023; Liang
et al. 2022), we adopt BEV feature representations and aim
to transfer valuable modality-specific cues between them.

Cross-Modal BEV Feature Map Generation. Inspired
by the prevalent work, Lift-Splat-Shoot (LSS) (Philion and
Fidler 2020), our camera stream (illustrated in Fig. 2) trans-
forms RGB images into high-level BEV representations.
First, the image encoder extracts rich-semantic visual fea-
tures FI P RNI

ˆHˆWˆC from the multi-view images I P

RNI
ˆHˆWˆ3. To construct the BEV feature, we apply a

view transform module that links the 2D image coordinate to
the 3D world coordinate. For each pixel, we densely predict
representations at all possible depths Ddepth P RHˆWˆD

in a classification manner, where D denotes the discrete
depth bins. We then complete the frustum-shaped voxels
of contextual features by calculating the outer product of
Ddepth and FI . Given the camera parameters, we obtain a
pseudo voxel via the interpolation process, which is fed into
a voxel backbone to extract features F vox

I P RXˆY ˆZˆC .
Then, F vox

I are compressed along the height axis to yield
the image-based BEV feature map F bev

I P RXˆY ˆZC .
To generate the BEV feature map F bev

P P RXˆY ˆZC

from the 3D LiDAR point clouds, we follow standard voxel-
based height compression method (Zhou and Tuzel 2018).

Cross-Modal Knowledge Interaction in BEV Features.
As reported by previous studies (Wang et al. 2020; Yang
et al. 2021; Xu et al. 2021; Wei et al. 2022), UDA perfor-
mance is significantly enhanced by leveraging precise ge-
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Algorithm 1: Overview of our framework CMDA.

Input: Source labeled data tpP s
i , I

s
i , L

s
i qu

Ns
i“1 and target

pseudo-labeled data tpP t
i , L

t
iqu

Nt
i“1.

Result: Robust 3D detector for the target domain.
Procedure:
# LiDAR Encoder Pretraining.

1 while i “ Ns do
2 Transform 3D points P s

i to BEV feature F bev
P .

3 Transform 2D images Isi to BEV feature F bev
I .

4 Guide F bev
P to contain semantic clues from F bev

I .
5 end

# Self-Training.
6 while i “ Nt do
7 Generate pseudo label Lt

i for self-training.
8 Mix source point sector with target point sector

according to Eq. 2.
9 Extract instance-level features fi using mixed

point Pmix.
10 Generate Domain labels yr based on location.
11 Close the representational gap using adversarial

discriminator ϕD.
12 end

ometric details from 3D point cloud data to guide feature-
level adaptation. Although point clouds provide geometri-
cally informative cues, they are limited in generating rich
semantic information such as colors, textures, and the ap-
pearance of target objects and backgrounds. To complement
such a lack of contextual information, we are motivated to
exploit the fine detail of RGB images as discriminative se-
mantic priors for improved 3DOD performance. To this end,
we focus on transferring the rich semantic knowledge from
image-based features to LiDAR-based features. Based on
the joint BEV representations between modalities, we for-
mulate cross-modal knowledge interaction with:

Lcmki “
1

XY

X
ÿ

i“1

Y
ÿ

j“1

∥∥F bev
P pi, jq ´ F bev

I pi, jq
∥∥
2
, (1)

where X,Y denotes the width and length of the BEV fea-
ture map and ∥¨∥2 is the L2 norm. By minimizing Lcmki, we
optimize 3D LiDAR-based features to contain highly infor-
mative semantic clues from 2D image-based features. Our
BEV-based cross-modal knowledge interaction establishes
valuable connections between input modalities and consis-
tently yields improvements across various cross-domain de-
ployments, as demonstrated in Tables 1 and 2.

Cross-Domain Adversarial Network (CDAN)
In the field of UDA, self-training strategies (Xie et al. 2020;
Yang et al. 2021; Yihan et al. 2021; Zou et al. 2018) with
target pseudo-labels have significantly enhanced the per-
formance of 3DOD models on unsupervised environments.
However, we empirically discover that addressing the rep-
resentational gap between source and target domains still
poses challenges. Concretely, these approaches struggle to
accurately recognize target objects composed of less famil-
iar point samples and lead to generating low-quality target

Mapping

Depth
Estimation

Image
Feature 𝐹!

Outer
Product

BEV
Feature 𝐹!"#$

Frustum Feature

Discrete
Depths 𝐷%#&'(

*

Voxel
Feature 𝐹!$)*

Image
Backbone

Image
Feature 𝐹!

Figure 2: An overview of our Images-to-BEV View Trans-
form module. We first transform multi-view images into
voxel-wise representations F vox

I by simultaneously leverag-
ing FI and Ddepth, yielding a BEV representation F bev

I .

pseudo-labels as illustrated in Fig. 5(a). To this end, we pro-
pose a domain-adaptive adversarial self-training approach,
as shown in Fig. 3, to enhance the learning of domain-
agnostic features and improve the accuracy of pseudo-labels.

Cross-Domain Mix-up. To reduce the distributional shift
between domains during the self-training process, we first
switch the point cloud sectors of the source and target do-
main scenes. We cut both point cloud sectors and corre-
sponding labels at the identical azimuth angle and swap
them with each other, following (Xiao et al. 2022). Note that
the azimuth angle θ is randomly set within a specific range
for each iteration to avoid inductive biases. Our mix-up pro-
cess is formulated as follows:

pPmix, Lmixq “ Mθ
s pP s, Lsq ‘ M2π´θ

t pP t, Ltq, (2)
where Ms and Mt denote binary mask to filter points within
the azimuth angle θ; and Lt represents target pseudo-labels.
Next, the pre-trained encoder takes the mixed point cloud
Pmix as input and generates LiDAR-based BEV features.
Our mix-up strategy directly introduces cross-domain data
instances to facilitate learning domain-invariant features, ul-
timately leading to improved adaptation performance.

Domain Adaptive Discriminator. We introduce the do-
main adaptive adversarial discriminator to implicitly reduce
the representational gap between the source and the target
within the shared embedding space. Specifically, we guide
the detection head to learn generalized information during
the self-training through an adversarial learning paradigm
using Gradient Reversal Layer (Ganin et al. 2016). Our
cross-domain discriminator ϕD tries to classify the domain
of instance-level features fi for i “ t1, 2, . . . , |Nf |u from
the detection head. Each feature instance is labeled with yr
based on its coordinates to indicate whether it belongs to the
source or target regions. We train ϕD to discriminate the do-
main of each instance based on the following loss function:

Ld “ ´Ef,yr„D

«

ÿ

rPR
yr log ϕDpfqr

ff

, (3)

where Ef,yr„D indicates an expectation over samples pf, yrq

drawn from the input data distribution D. While the dis-
criminator ϕD is trained to identify the domain of each in-
stance accurately, the 3DOD model produces instance-level
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Figure 3: An overview of our cross-domain self-training
step. Given a mixed point scene (source-domain points re-
place target-domain points in a randomly chosen region),
our domain discriminator is adversarially trained to classify
whether an object is from source or target domains.

features to fool the discriminator in distinguishing their do-
mains (i.e., negative loss function ´Ld). This way, we use
adversarial guidance to encourage the 3DOD model to learn
domain-agnostic features. Furthermore, in order to mitigate
ambiguous features induced by randomly mixed domain
scenes and enhance prediction confidence, we regularize the
network using BEV grid-wise entropy loss Lent:

Lent “
´1

logZC

X
ÿ

i“1

Y
ÿ

j“1

ZC
ÿ

c“1

F bev
P pi, j, cq logF bev

P pi, j, cq

(4)
Finally, we advance a simple self-training stage to improve
generalizability across various target domains with the fol-
lowing loss Lcdan as a sum of the two losses Ld and Lent:

Lcdan “ λdLd ` λentLent (5)

Loss Function. We also leverage conventional loss term
Ldet associated with regression of 3D bounding box param-
eters and classification of object categories. Taking all loss
functions together, our learning objective is:

Ltotal “ λdetLdet `TcmkiλcmkiLcmki `TcdanλcdanLcdan

(6)
where λ is a hyperparameter derived from grid searches to
handle the strength of each loss term. In addition, we em-
ploy the binary toggle T for carefully scheduled training
processes, where pTcmki, Tcdanq set p1, 0q for source train-
ing and p0, 1q for self-training.

Experiments
Datasets. We evaluate overall performance on landmark
datasets for 3D object detection task: nuScenes (Caesar et al.
2020), Waymo (Sun et al. 2020), and KITTI (Geiger, Lenz,
and Urtasun 2012). The three datasets have different point
cloud ranges and specifications. Hence, we convert them to
a unified range r´75.2,´75.2,´2, 75.2, 75.2, 4s and adopt
only seven parameters to achieve consistent training results
under the same conditions: center locations px, y, zq, box
size pl, w, hq, and heading angle δ.

Evaluation Metrics. We follow the KITTI evaluation
metric for consistent evaluation across datasets. Also, we
adopt the 360-degree surrounding view configuration for
evaluation, apart from the KITTI dataset, which only of-
fers the annotations in the front view. We report the Av-
erage Precision (AP) over 40 recall positions and 0.7
IoU thresholds for both the BEV IoUs and 3D IoUs.
To offer empirical lower and upper bounds on adapta-
tion performance, we present three additional reference
points: Direct Transfer—evaluating the source domain pre-
trained model directly on the target domain, Oracle—the
fully supervised model trained on the target domain, and
Closed Gap—representing the hypothetical closed gap by

Closed Gap “
APmodel ´ APDirect Transfer

APOracle ´ APDirect Transfer
ˆ 100%. (7)

Performance Comparison with SOTA Approaches. As
shown in Tab. 1, we quantitatively compare our proposed
framework with existing state-of-the-art methods, which in-
clude Statistical Normalization (SN) (Wang et al. 2020),
ST3D (Yang et al. 2021), ST3D++ (Yang et al. 2022), Li-
DAR Distillation (LD) (Wei et al. 2022), and DTS (Hu, Liu,
and Hu 2023). SN applies statistical normalization to reduce
the inductive bias of box scales in the cross-domain setting.
ST3D improves the effectiveness of the self-training pro-
cess with data augmentation, while LD mitigates the beam-
induced dense-to-sparse density shift by generating pseudo
points. These methods demonstrate notable capacity but still
rely on geometric information from 3D sensors and often
face challenges in effectively adapting to unseen target do-
mains. To overcome these limitations, we introduce CMDA,
featuring Cross-Modality Knowledge Interaction (CMKI)
and Cross-Domain Adversarial Network (CDAN).

In Tab. 1, we observe that our CMDA generally outper-
forms the other five methods in all metrics, including BEV
AP, 3D AP, and Closed Gap. Following existing work, we
evaluate UDA performance in three different scenarios: (1)
nuScenes (Caesar et al. 2020) Ñ Waymo (Sun et al. 2020),
(2) nuScenes Ñ KITTI (Geiger, Lenz, and Urtasun 2012),
and (3) Waymo Ñ nuScenes. The performance gain of
CMDA is more apparent in scenarios (1) and (3), which uti-
lize multi-view camera images, and thus benefit from highly
instructive visual details. More importantly, in the dense to
sparse subdomain shift setting, i.e., Waymo Ñ nuScenes,
CMDA achieves a substantial performance improvement
of Closed Gap, by up to +52.19%/+41.97% on SECOND-
IoU (Yan, Mao, and Li 2018), and +53.41%/+28.91% on
PV-RCNN (Shi et al. 2020) for BEV AP / 3D AP. These
promising scores demonstrate that our framework can effec-
tively boost 3DOD performance in the unsupervised target
domain, even with fewer LiDAR sensor beams. Note that
SN and LD are unsuitable for nuScenes Ñ Waymo task and
are therefore excluded for a fair comparison.

Remarkably, our CMDA framework also achieves higher
adaptation scores when utilizing single-view camera im-
ages, i.e., nuScenes Ñ KITTI. In this case, CMDA with
SECOND-IoU achieves +96.31% / +91.90% of Closed Gap.
Overall, our CMDA framework effectively reduces the dis-
tributional shift between the source and target domains,
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Task Model
SECOND-IoU (Yan, Mao, and Li 2018) PV-RCNN (Shi et al. 2020)

BEV AP Ò / 3D AP Ò Closed Gap Ò BEV AP Ò / 3D AP Ò Closed Gap Ò

nuScenes
Ñ Waymo

Direct Transfer 39.18 / 20.78 41.30 / 25.89
ST3D (Yang et al. 2021) 45.35 / 27.12 +21.62% / +19.08% 52.50 / 36.21 +38.63% / +31.07%
ST3D++ (Yang et al. 2022) 44.87 / 25.79 +19.94% / +15.08% –.– / –.– –.–% / –.–%
CMDA (Ours) 46.79 / 29.42 +26.66% / +26.00% 58.57 / 45.58 +59.57% / +59.29%

Oracle 67.72 / 54.01 70.29 / 59.10

nuScenes
Ñ KITTI

Direct Transfer 51.84 / 17.92 68.15 / 37.17
SN (Wang et al. 2020) 40.03 / 21.23 -37.55% / +05.96% 60.48 / 49.47 -36.82% / +27.13%
ST3D (Yang et al. 2021) 75.94 / 54.13 +76.63% / +59.50% 78.36 / 70.85 +49.02% / +74.30%
ST3D++ (Yang et al. 2022) 80.52 / 62.37 +91.19% / +80.05% –.– / –.– –.–% / –.–%
DTS (Hu, Liu, and Hu 2023) 81.40 / 66.60 +93.99% / +87.66% 83.90 / 71.80 +75.61% / +76.40%
CMDA (Ours) 82.13 / 68.95 +96.31% / +91.90% 84.85 / 75.02 +80.17% / +83.50%

Oracle 83.29 / 73.45 88.98 / 82.50

Waymo
Ñ nuScenes

Direct Transfer 32.91 / 17.24 34.50 / 21.47
SN (Wang et al. 2020) 33.23 / 18.57 +01.69% / +07.54% 34.22 / 22.29 -01.50% / +04.80%
ST3D (Yang et al. 2021) 35.92 / 20.19 +15.87% / +16.73% 36.42 / 22.99 +10.32% / +08.89%
ST3D++ (Yang et al. 2022) 35.73 / 20.90 +14.87% / +20.76% –.– / –.– –.–% / –.–%
LD (Wei et al. 2022) 40.66 / 22.86 +40.85% / +31.88% 43.31 / 25.63 +47.34% / +24.34%
DTS (Hu, Liu, and Hu 2023) 41.20 / 23.00 +43.70% / +32.67% 44.00 / 26.20 +51.04% / +27.68%
CMDA (Ours w/ LD) 42.81 / 24.64 +52.19% / +41.97% 44.44 / 26.41 +53.41% / +28.91%

Oracle 51.88 / 34.87 53.11 / 38.56

Table 1: Comparisons of Unsupervised Domain Adaptation (UDA) performance with state-of-the-art approaches, including
SN (Wang et al. 2020), ST3D (Yang et al. 2021), ST3D++ (Yang et al. 2022), LiDAR Distillation (LD) (Wei et al. 2022) and
DTS (Hu, Liu, and Hu 2023). For fair comparisons, we train our LiDAR-based object detector with two baseline methods:
SECOND (Yan, Mao, and Li 2018) and PV-RCNN (Shi et al. 2020). We report UDA performance in three popular benchmarks:
nuScenes (Caesar et al. 2020) Ñ Waymo (Sun et al. 2020), nuScenes Ñ KITTI (Geiger, Lenz, and Urtasun 2012), and Waymo
Ñ nuScenes. Evaluation metrics include moderate BEV AP and 3D AP (IoU threshold=0.7) and Closed Gap for car objects.

leading to new state-of-the-art performance.

Qualitative Analyses
t-SNE Analysis. To assess the extent of the domain gap, we
provide t-SNE (van der Maaten and Hinton 2008) visual-
izations of the feature space learned from both the source
(red) and target (blue) domains. As shown in Fig. 4, ST3D
exhibits distinct clusters for the source and target domains,
whereas CMDA results in a harmoniously dispersed feature
space encompassing both target and source domains. These
qualitative findings confirm that CMDA effectively encour-
ages the model to learn domain-invariant features.
Impact of Utilizing Visual Semantic Priors. To vali-
date the effectiveness of the semantic priors learned from
the image-based BEV features, we present additional ex-
perimental results and qualitative analyses. In Fig. 5 (left),
we perform a statistical evaluation of the perception capac-
ity based on various point densities per object. CMDA ef-
fectively detects objects even with relatively sparse points.
Fig. 5 (right) shows that CMDA achieves improved detec-

ST3D CMDA

Waymo (S)             nuScenes (T)⇢

ST3D CMDA

nuScenes (S)               KITTI (T)⇢

Figure 4: t-SNE (van der Maaten and Hinton 2008) visu-
alizations of source (S, red) and target (T, blue) domains’
LiDAR-based BEV feature distribution.

tion accuracy (mAP%), particularly for distant objects.
Further, Scene 1 of Fig. 6 provides a notable exam-

ple of improved detection accuracy for distant objects.
ST3D (Yang et al. 2021) fails to detect a relatively dis-
tant object, whereas CMDA successfully detects it. Also,
in Scenes 1 and 2, ST3D struggles to adapt from uniform-
labeled (vehicle) to various-labeled (car, truck, bus, con-
struction vehicle, etc.) domains. In contrast, ours effec-
tively discriminates “cars” from “construction vehicles” and
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Figure 6: Qualitative visualization of Waymo Ñ nuScenes
adaptation. Magenta, green, and yellow represent Ground
Truth, ST3D, and Ours. For better understanding, we visu-
alize corresponding camera views along with the red dotted
line showing the region where the domain shift is prominent.

“trucks”. These findings confirm the effectiveness of utiliz-
ing the visual semantic priors jointly learned from image-
based features to improve the overall UDA performance.

Ablation Studies
Effect of CDAN and CMKI. In Tab. 2, we evaluate
CMKI and CDAN in various adaptation configurations on
SECOND-IoU (Yan, Mao, and Li 2018) and PV-RCNN (Shi
et al. 2020). ST3D (Yang et al. 2021) denotes a baseline
self-training method, and the first row in each setting in-
dicates Direct Transfer. To investigate the sole effect of
each approach, we deliberately did not use any augmen-
tation strategies (e.g., LD (Wei et al. 2022), SN (Wang
et al. 2020)). Tab. 2 demonstrates that the addition of CMKI
and CDAN improves adaptive capability across all experi-
ments. Notably, CMKI emphasizes the significance of rich
semantic knowledge in achieving generalized recognition,
narrowing the gaps by up to +12.02% in BEV AP and
+19.30% in 3D AP, when compared to Direct Transfer.
CDAN further enhances the generalizability by learning
domain-agnostic BEV features through the adversarial dis-
criminator, achieving improvements of up to +30.29% in
BEV AP and +51.03% in 3D AP compared to Direct Trans-
fer. These results prove the power of our CMDA framework
in substantially enhancing the quality of UDA for 3DOD.
CDAN vs. Contrastive Learning (CL). To validate the ef-
fectiveness of CDAN, in Tab. 3, we provide a comparison
with Contrastive Learning (CL)-based adaptation approach
following 3D-CoCo (Yihan et al. 2021). For a fair compari-
son, we employ the identical source pre-trained weights and
apply each learning strategy on instances from the detection

Task
Method SECOND-IoU PV-RCNN

ST3D CMKI CDAN BEV AP / 3D AP BEV AP / 3D AP

nuScenes
Ñ Waymo

- - - 39.18 / 20.78 41.30 / 25.89
- ✓ - 44.41 / 22.26 47.28 / 28.57
✓ - - 45.35 / 27.12 52.50 / 36.21
✓ ✓ - 45.43 / 28.63 53.04 / 42.75
✓ ✓ ✓ 46.79 / 29.42 58.57 / 45.58

nuScenes
Ñ KITTI

- - - 51.84 / 17.92 68.15 / 37.17
- ✓ - 63.86 / 37.22 72.12 / 40.17
✓ - - 75.94 / 54.13 78.36 / 70.85
✓ ✓ - 78.52 / 60.04 82.43 / 72.20
✓ ✓ ✓ 82.13 / 68.95 84.85 / 75.02

Table 2: Ablation study to see the effect of CMKI and
CDAN. We report BEV AP and 3D AP (IoU=0.7) in the
following domain adaption scenarios: (i) nuScenes (Caesar
et al. 2020) Ñ Waymo (Sun et al. 2020) and (ii) nuScenes
Ñ KITTI (Geiger, Lenz, and Urtasun 2012).

Task
Method SECOND-IoU PV-RCNN

ST3D CL CDAN BEV AP Ò / 3D AP Ò BEV AP Ò / 3D AP Ò

nuScenes
Ñ KITTI

- - - 51.84 / 17.92 68.15 / 37.17
✓ - - 75.94 / 54.13 78.36 / 70.85
✓ ✓ - 79.20 / 58.20 80.99 / 71.51
✓ - ✓ 80.13 / 63.67 83.27 / 73.05

Table 3: Comparisons of domain adaptation performance
with Contrastive Learning (CL) approach in nuScenes (Cae-
sar et al. 2020) Ñ KITTI (Geiger, Lenz, and Urtasun 2012).

head during self-training. While the CL-based method, with
well-matched positive/negative pairs, enhances the base-
line self-training approach (ST3D), it exhibits limited im-
provements compared to CDAN due to implicit issues such
as sample discrepancy or precision errors. Unlike the CL-
based approach, CDAN benefits significantly from adver-
sarial mechanism and successfully tackle these challenges,
producing stable adaptation effects; up to +28.29% in BEV
AP / +45.75% in 3D AP compared to Direct Transfer.

Conclusion
In this work, we introduce a novel unsupervised domain
adaptation approach, called CMDA, to improve the gener-
alization power of existing LiDAR-based 3D object detec-
tion models. To reduce the gap between source and target
(where its labels are not accessible during training) domains,
we propose two main steps: (i) Cross-modal LiDAR En-
coder Pre-training and (ii) Cross-Domain LiDAR-Only Self-
Training. In (i), a pair of image-based and LiDAR-based
BEV features is aligned to learn modality-agnostic (and thus
more domain-invariant) features. Further, in (ii), we apply an
adversarial regularization to reduce the representation gap
between source and target domains. Our extensive experi-
ments on large-scale datasets demonstrate the effectiveness
of our proposed method in various cross-domain adaptation
scenarios, achieving state-of-the-art UDA performance.
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