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Abstract

Domain adaptation for 3D point cloud has attracted a lot of in-
terest since it can avoid the time-consuming labeling process
of 3D data to some extent. A recent work named xMUDA
leveraged multi-modal data to domain adaptation task of 3D
semantic segmentation by mimicking the predictions between
2D and 3D modalities, and outperformed the previous single
modality methods only using point clouds. Based on it, in this
paper, we propose a novel cross-modal contrastive learning
scheme to further improve the adaptation effects. By employ-
ing constraints from the correspondences between 2D pixel
features and 3D point features, our method not only facil-
itates interaction between the two different modalities, but
also boosts feature representations in both labeled source do-
main and unlabeled target domain. Meanwhile, to sufficiently
utilize 2D context information for domain adaptation through
cross-modal learning, we introduce a neighborhood feature
aggregation module to enhance pixel features. The module
employs neighborhood attention to aggregate nearby pixels
in the 2D image, which relieves the mismatching between
the two different modalities, arising from projecting rela-
tive sparse point cloud to dense image pixels. We evaluate
our method on three unsupervised domain adaptation scenar-
ios, including country-to-country, day-to-night, and dataset-
to-dataset. Experimental results show that our approach out-
performs existing methods, which demonstrates the effective-
ness of the proposed method.

Introduction
3D semantic segmentation is an important task for scene un-
derstanding, aiming to predict the class label for each point
in the LiDAR point cloud. Like many other tasks, 3D se-
mantic segmentation also faces the problem of domain shift
when the model is trained and evaluated in datasets from
different domains. Several domain adaptation methods (Wu
et al. 2019; Zhao et al. 2021; Jiang and Saripalli 2021; Liu
et al. 2021a; Achituve, Maron, and Chechik 2021) have
been proposed to narrow the domain gap for 3D segmen-
tation, including discrepancy-based methods, adversarial-
based methods and so on.

With the development of multi-modal learning, 2D image
information is proved helpful for 3D scene understanding.
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Specifically, Jaritz et al. (2020; 2022) propose a framework
that utilizes multi-modality data to address Unsupervised
Domain Adaptation (UDA) problem for 3D segmentation.
They design a cross-modal learning method where 2D im-
ages and 3D point clouds learn from each other through mu-
tually mimicking the prediction scores between modalities,
thus achieving adaptation effects in target domain.

In order to further boost the adaptation effects through
cross-modal learning, we introduce a contrastive learning
scheme to the UDA training process to facilitate information
exchange between modalities. For the cross-modal 3D seg-
mentation task, in each sample, the given 2D image and 3D
point cloud represent the same semantic content and could
provide complementary information for dense label predic-
tion. Therefore, the domain gap in one modality can be nar-
rowed with the guidance from the other modality. For exam-
ple, 3D LiDAR point clouds obtained from different sensors
usually have a large domain gap, in this case, the information
of more consistent 2D images is able to help the prediction.
In contrast, when camera images suffer from drastic per-
formance degradation in low light conditions, the learning
can get benefits from 3D LiDAR data because of its robust-
ness to light. To this end, we utilize cross-modal contrastive
learning to maximize mutual information between modali-
ties by enforcing correspondence between 2D pixels and 3D
points. Since contrastive learning is self-supervised with no
ground truth labels needed, it can be applied on both labeled
source domain and unlabeled target domain, which provides
a suitable learning scheme for UDA task. Compared with
xMUDA that adopts KL divergence to mimicking the pre-
diction scores, our method is directly implemented in fea-
ture space to align corresponding pixel and point features.
By this means, the 2D and 3D modalities can not only learn
from each other through contrastive learning, but also obtain
more discriminative feature representations.

In addition to the cross-modal contrastive learning
scheme, we propose a neighborhood feature aggregation
module to enable more image information can be taken into
consideration for cross-modal learning. In xMUDA, there is
a projection from 3D point cloud to 2D image, after which
only the matched image pixels are retained. However, be-
cause the number of 2D pixels is much larger than the num-
ber of 3D points, the projection leads to the loss of mas-
sive image context features. To relieve this mismatching be-
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tween modalities, we propose to enhance the sampled pixel
features with neighborhood information using an aggrega-
tion module. Specifically, it leverages transformer blocks to
adaptively aggregate the nearby pixel features from the im-
age feature map, so the final obtained pixel feature contains
richer semantic information. Furthermore, referring to the
idea of dilated convolution (Yu and Koltun 2015), we extend
to propose dilated neighborhood attention, which is able to
enlarge the reception field to aggregate information from a
larger scale. With the proposed module, image data is more
sufficiently exploited in cross-modal learning, bringing im-
provements for both 2D and 3D predictions.

We carry out experiments on three different domain
adaptation scenarios for 3D semantic segmentation, includ-
ing day-to-night, country-to-country and dataset-to-dataset.
Compared with other uni-modal and multi-modal UDA
methods, our method obtains better performance. Through
ablation study and analysis, it validates the effectiveness
of the proposed cross-modal contrastive learning scheme
and neighborhood feature aggregation module. Besides, it
is proved that the two components can improve the segmen-
tation result jointly, in the meanwhile compatible with other
methods like pseudo-labeling. Our main contributions can
be summarized as follows:

1. We introduce contrastive learning to the cross-modal
domain adaptive 3D semantic segmentation task. It provides
extra regularization to facilitate 2D and 3D modalities to
learn from each other, thus improving the adaptation effects.

2. We develop a feature aggregation module to enhance
pixel feature representations using neighborhood attention,
with which more sufficient image context information can
be employed for cross-modal learning.

3. Experiments on three different adaptation settings
are carried out. The results demonstrate that our method
achieves better performance compared to previous methods.

Related Work
Domain Adaptation
While domain adaptation methods have made significant
progress for single modality setting (Farahani et al. 2021;
Wilson and Cook 2020; Vu et al. 2019), multi-modal do-
main adaptation is still under explored. Recently, Munro and
Damen (2020) and Kim et al.(2021) investigate UDA for
multi-modal action recognition, by exploiting the correspon-
dence of RGB data and optical flow data. xMUDA (Jaritz
et al. 2020) proposes a cross domain framework with the in-
put of image and point cloud, showing the effectiveness of
multimodal data for UDA. In addition, Peng et al.(2021) and
Liu et al.(2021a) integrate adversarial learning with multi-
modal learning to advance the model generalization ability
in target domain. Shin et al.(2022) explore multi-modal ex-
tension of test-time adaptation for 3D segmentation.

Following the previous work (Jaritz et al. 2020, 2022),
in this paper, we intend to further investigate the problem
of multi-modal UDA for 3D segmentation. Differently, we
use a cross-modal contrastive learning scheme to improve
feature representation in both domains, and a neighborhood
feature aggregation module is employed additionally.

Contrastive Learning
Contrastive learning has shown its powerful ability in self-
supervised training (Chen et al. 2020; He et al. 2020; Oord,
Li, and Vinyals 2018), which facilitates representation learn-
ing by pulling features that are semantically similar and
pushing away features that are semantically different. Re-
cently, contrastive learning has been explored under several
multi-modal learning scenarios, including vision-language
(Radford et al. 2021; Wen et al. 2021; Yuan et al. 2021;
Zhang et al. 2021; Bakkali et al. 2022), video-text (Yang,
Bisk, and Gao 2021; Zolfaghari et al. 2021), image-point
cloud (Lin et al. 2021; Afham et al. 2022; Liu et al. 2021b)
etc. By aligning multi-modal features, it takes advantage
of modality complementary to improve model performance.
Specifically, CrossPoint (Afham et al. 2022) captures the
correspondence between 3D objects and 2D images, design-
ing an intra-modal and cross-modal contrastive loss function
to learn transferable point cloud representations.

Different from CrossPoint that aligns complete 3D ob-
jects and 2D images, we construct the cross-modal con-
trastive loss by utilizing the correspondence between 3D Li-
dar points and 2D image pixels, which is implemented in a
more fine-grained level. Besides, the proposed cross-modal
contrastive learning is applied in UDA settings to improve
adaptation effects.

Attention Mechanism
Attention mechanism (Vaswani et al. 2017) has been widely
used in deep learning methods, which learns to attend the
most relevant regions of the input by assigning different
weights to different regions. Based on attention mechanism,
the transformer architecture is proposed and has made sig-
nificant progress in NLP (Devlin et al. 2018; Liu et al.
2019; Lan et al. 2019; Wolf et al. 2020) and CV (Doso-
vitskiy et al. 2021; Liu et al. 2021c; Touvron et al. 2021;
Yang et al. 2021). In computer vision field, ViT (Dosovitskiy
et al. 2021) divides the image into multiple patches, then di-
rectly processes the patch features with transformer, which
outperforms state-of-the-art CNN methods on many bench-
marks. Liu et al. (2021c) design Shifted Window Attention
mechanism and proposed Swin Transformer. Recently, Has-
sani et al. (2022) propose Neighborhood Attention Trans-
former, which localizes the receptive field for each token to
its neighborhood, so as to utilize both the power of attention
and the efficiency of convolution.

In this paper, we implement neighborhood attention for
the multi-modal learning, in order to attentively aggregate
the local image features. Besides, we extend it to consider
dilated neighborhood features, which further improve the
representation learning.

Problem Definition
In this multi-modal UDA for 3D segmentation task, two dif-
ferent modalities including 3D Lidar point cloud and 2D
camera image are considered. Suppose that we have two
datasets from different domains, where the source dataset
is S = {Xs

2D, Xs
3D, Y s

3D} and the target dataset is T =
{Xt

2D, Xt
3D}. For each sample in source dataset, it consists
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Figure 1: Overall training process for UDA 3D segmentation. We use a two-stream network for camera image and point cloud.
After processed by backbone network and the proposed neighborhood feature aggregation module, we obtain features for each
domain and modality. In both source domain and target domain, the corresponding 2D features and 3D features are utilized to
calculate cross-modal contrastive loss, where the matched pixel and point constitute a positive pair while those unmatched are
seen as negative pairs. Following is the segmentation heads, whose outputs are used for segmentation loss and xmuda loss.

of an image xs
2D, a point cloud xs

3D and its point-wise 3D
segmentation label ys3D. For the target dataset, there are no
available labels. The size of 2D image is (H,W, 3) and the
size of 3D point cloud is (N, 3), where N is the number of
3D points inside the camera view. It is noted that the given
segmentation label ys3D is of size N , corresponding to the 3D
point cloud. There are no direct 2D image labels provided,
but we can obtain the image pixel labels by projecting the
labeled point cloud on the image. After projection, a part of
image pixels are retained and obtain their labels, denoted as
ys2D, which is also of size N .

We intend to learn a model with the labeled source dataset
S and unlabeled target dataset T , utilizing the multi-modal
data from both datasets. The goal is the trained model can
adapt well and correctly predict the point labels in target do-
main, even though there are not any labels provided in target
dataset.

Method
Overview of the Framework
The architecture of our proposed method is illustrated in Fig-
ure 1. We use a two-stream network for image and point
cloud. With the input from source and target dataset, we first
extract features using 2D network and 3D network respec-
tively. Then image features are sampled based on the projec-
tion from point cloud to image, and enhanced by the neigh-
borhood feature aggregation module. After obtaining pixel
features F s

2D, F t
2D and point features F s

3D, F t
3D, the features

of each domain are enforced to interact with each other via
cross-modal contrastive learning. Finally, we use segmenta-
tion heads to get prediction scores for each modality, which
are used for the calculation of segmentation loss and xmuda
loss. Details will be introduced in following sections.

Cross-Modal Contrastive Learning
In each domain, suppose that we have obtained the 2D pixel
features F2D = {f i

2D}Ni=1 and 3D point features F3D =
{f i

3D}Ni=1, where pixels and points are one-to-one corre-
sponding after projection. The matched pixel-point pair not
only belongs to the same category, but also represents simi-
lar semantic information. Based on this observation, we in-
troduce a cross-modal contrastive learning objective for each
domain, in order to utilize complementary 2D and 3D data
to facilitate modalities learning from each other. By aligning
the corresponding pixel features and point features, we aim
to enforce the consistency between modalities and jointly
improve 2D and 3D feature representations in both source
and target domains.

Specifically, we first map the feature vectors to a joint fea-
ture space Rd using a 2D projection head ϕ2D and a 3D
projection head ϕ3D. Following previous contrastive learn-
ing works (Chen et al. 2020; He et al. 2020), we measure
the similarity between feature vectors by calculating cosine
distance of the projected features in Rd, where cosine dis-
tance function is defined as cos(u, v) = uT v/ ||u|| ||v||. So
the similarity score between f i

2D and f i
3D is:

s(f i
2D, f i

3D) = cos(ϕ2D(f i
2D), ϕ3D(f i

3D)) (1)
We would like to enforce the consistency between modal-

ities by pulling close the 2D pixel feature with its corre-
sponding 3D point feature while pushing away other fea-
tures. Therefore, by implementing the NT-Xent loss (Chen
et al. 2020), our cross-modal contrastive loss between f i

2D

and f i
3D can be formulated as:

l(f
i
2D, f

i
3D)=−log

exp
(
s
(
fi
2D, fi

3D

)
/τ

)
N∑

k=1
k ̸=i

exp
(
s
(
fi
2D, fk

2D

)
/τ

)
+

N∑
k=1

exp
(
s
(
fi
2D, fk

3D

)
/τ

)
(2)
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Figure 2: Illustration of neighborhood feature aggregation module. After the projection from point cloud to image, we use
transformer blocks that leverage neighborhood attention to aggregate information from neighbors and dilated neighbors, which
relieves the information loss in xMUDA (Jaritz et al. 2020, 2022). Then dual segmentation heads are used to obtain predictions
for each modality. The small red squares on input data refer to the matched pixel and point.

where τ is a temperature co-efficient. For a 2D pixel fea-
ture vector f i

2D, the corresponding (f i
2D, f i

3D) is regarded
as positive pair, and the rest 2N−2 feature vectors constitute
negative examples. We intend to maximize the similarity of
positive pair, in the meanwhile minimizing the similarity of
negative pairs in the joint feature space.

The above loss function is asymmetric, which regards the
2D pixel feature as anchor, then attracts or separates other
3D features to boost 2D learning. On the contrary, we can re-
gard the 3D point feature as the anchor and add another loss
item, so as to leverage 2D information for 3D learning. In or-
der to enable each modality can utilize the complementary
information from the other modality, the final cross-modal
contrastive loss is formulated as:

Lctr(F2D, F3D) =
1

2N

N∑
i=1

[l(f i
2D, f i

3D) + l(f i
3D, f i

2D)]

(3)
In consideration of empirical GPU memory concern, we

are not able to use total 2N features to calculate the con-
trastive loss, so we need to select a portion of total point
and pixel features. For the sampling strategy, assuming the
selected feature number is 2Nc, we will select top Nc pixel
features that have the highest prediction confidence from 2D
stream and their corresponding 3D point features from 3D
stream. The sampled features are discriminative because of
the high prediction confidence, which is helpful for cross-
modal contrastive learning. This sampling strategy is also
analyzed in ablation experiment. There is no memory bank
needed due to the large number of pixel and point features.

Neighborhood Feature Aggregation Module
With the input x2D and x3D, after feature extraction by
two independent 2D and 3D backbone networks, we ob-
tain the image feature map G2D = {g2D} which is of size
(H,W,C2D) and point cloud feature F3D = {f3D} of size
(N,C3D), where C is the feature channel. Based on the pro-
jection from point cloud to image. N pixel features are re-

tained. Since the number of 2D features in feature map is
much bigger than that of 3D features (H×W is quite larger
than N ), a lot of useful image information is lost in this pro-
cess. To relieve the above issue, we propose a neighborhood
feature aggregation module to enhance the sampled pixel
features, as shown in Figure 2.

To be specific, for point feature f i
3D, assume its corre-

sponding pixel feature is gi2D in the feature map. We denote
the neighbor features of gi2D as N (gi2D), which consists of
the nearest pixels around gi2D in image. Consider a neighbor
region of size k×k, the obtained neighbor features N (gi2D)
is of size (k2, C2D), including gi2D itself. We regard gi2D as
a query token, while N (gi2D) constitutes the key-value pair.
They serve as the input for a transformer block, in which we
implement the neighborhood attention mechanism.

Concretely, taking gi2D and N (gi2D) as input, we first use
linear projections to compute a set of query, key and value
(Q, K and V ). Then we employ multi-head attention mech-
anism, where we compute the attention weights using the
scaled dot products between Q and K and then multiply the
weights with V , obtaining the feature vector hi

2D:

Q = gi2DWq, K = N (gi2D)Wk, V = N (gi2D)Wv (4)

hi
2D = softmax(

QKT

√
C2D

)V (5)

where Wq,Wk,Wv ∈ RC2d×C2d are weighting matrices.
Next, the original input gi2D is added to hi

2D with a skip
connection, and a feed forward network is applied. We de-
note the final output as g̃i2D, which can be seen as the up-
dated feature representation of gi2D.

h̃i
2D = hi

2D + gi2D (6)

g̃i2D = FFN(h̃i
2D) + h̃i

2D (7)
To further enlarge the reception filed of local regions,

we adopt the idea of dilated convolution (Yu and Koltun
2015), and propose dilated neighborhood attention. The di-
lated neighbors refer to the neighbor pixels around gi2D
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where each pixel has a distance of r with the nearest one, and
r is called dilated rate. Suppose that we would like to select
k2 dilated neighbors with dilated rate 2, the attended neigh-
bor region can be (2k−1)×(2k−1), which provides a larger
reception filed for feature learning. We denote the dilated
neighbors of gi2D as DN (gi2D). Using gi2D and DN (gi2D)
as input, we can use the transformer block to update gi2D
with the information from dilated neighbors, leading to the
output ĝi2D.

Finally, we add gi2D, g̃i2D, ĝi2Dto get the aggregated fea-
ture f i

2D, which is a more representative 2D pixel feature.
The above process can be formulated as:
g̃i2D = Neighborhood Attention(gi2D,N (gi2D)) (8)

ĝi2D = Neighborhood Attention(gi2D,DN (gi2D)) (9)

f i
2D = gi2D + g̃i2D + ĝi2D (10)

This operation is repeated for every pixel that matches 3D
point in projection. Since the weight coefficients that aggre-
gate neighbor features are learned by attention, we can focus
on those more important neighbor features for each pixel re-
spectively. Compared with the original feature gi2D, our ag-
gregated feature f i

2D enables more sufficient image informa-
tion can be utilized for cross-modal learning.

Segmentation Heads
With the 3D point feature f i

3D and the aggregated 2D pixel
feature f i

2D, we use dual segmentation heads to predict class
label probabilities. In each modality, there are two segmen-
tation heads, where the main one is used for best possible
class label prediction, and the second one serves as the su-
pervision for the other modality’s prediction. We denote the
output of 2D stream as P i

2D and Qi
2D, and output of 3D

stream as P i
3D and Qi

3D. The segmentation loss is calcu-
lated by classical cross-entropy using P i and ground-truth
label yi, and the xmuda loss (Jaritz et al. 2020) is calculated
by estimating the other modality’s main prediction with Qi.
In formulation, the loss functions can be written as :

Lseg = − 1

N

N∑
i=1

(yi2DlogP i
2D + yi3DlogP i

3D) (11)

Lxmuda =
1

N

N∑
i=1

(DKL(P
i
2D||Qi

3D) +DKL(P
i
3D||Qi

2D))

(12)
where DKL is KL divergence.

It is worth mentioning that in above functions, P i
2D and

Qi
2D are the segmentation outputs of the enhanced 2D fea-

ture f i
2D. Since f i

2D is attentively aggregated by neighbor-
hood information from different reception fields, it has a di-
rect lifting effect for the prediction in 2D stream. Besides,
on account of the usage of more pixel features, it is able to
provide better guidance for 3D modality learning, which is
also beneficial for the prediction in 3D stream.

Overall Objective
For this multi-modal UDA 3D segmentation task, the 2D and
3D network are trained jointly and optimized with data from

source and target in each iteration.
Considering cross-modal learning in both source and tar-

get domains, the total loss during training can be written as:

L = Ls
seg+λ1(L

s
xmuda+Lt

xmuda)+λ2(L
s
ctr+Lt

ctr) (13)

where the superscript s, t respectively refer to source and
target dataset, λ1 and λ2 are hyperparameters used to bal-
ance the loss components. Since the contrastive learning is
self-supervised and does not need labels, our proposed learn-
ing scheme is able to provide extra regularization for feature
learning in both source and target domains, which can im-
prove adaptation ability of the model.

Besides, we can also train the model with pseudo-labeling
(PL). When trained with PL, we need to add an additional
segmentation loss item from the target training set:

LPL = L+ λPLL
t
seg (14)

where λPL is coefficient, Lt
seg is calculated by the cross-

entropy of predictions and pseudo-labels in target dataset.

Experiment
Datasets
Following previous work (Jaritz et al. 2020, 2022), we
evaluate the performance of our method in three real-to-
real adaption settings, including country-to-country, day-
to-night and dataset-to-dataset. Three autonomous driving
datasets: nuScenes (Caesar et al. 2020), A2D2 (Geyer et al.
2020) and SemanticKITTI (Behley et al. 2019) are adopted.
In each dataset, LiDAR and RGB-camera are synchronized
and calibrated, so that we can obtain the correspondence be-
tween 3D point and 2D image pixel from projection.

There are two adaptation scenarios generated by
nuScenes: USA/Singapore and Day/Night. The objects are
classified into 5 classes, i.e. vehicle, pedestrian, bike, traf-
fic boundary and background. For USA/Singapore, in some
cases the 3D domain has a larger domain gap than 2D and
vice versa. In Day/Night, 2D images show considerable dif-
ference because of the lighting condition, while 3D data is
more robust. As for dataset-to-dataset UDA setting, we gen-
erate A2D2/SemanticKITTI adaptation scenario, where ten
shared classes are considered. Since the sensors for LiDAR
data collection are different in the two datasets, the 3D do-
main gap is larger. Details are introduced in Appendix.

Implementation
Backbone Network. For the sake of a fair and direct com-
parison, we use the same backbone network as xMUDA.
Specifically, we use a modified version of U-Net (Ron-
neberger, Fischer, and Brox 2015) as 2D backbone and Spar-
seConvNet (Graham, Engelcke, and Van Der Maaten 2018)
as 3D backbone. The 3D voxel size is set as 5cm, which
is small enough to ensure each voxel only contains one 3D
point.
Parameter Setting. In training process, the learning rate is
set to 0.001 at initial and is divided by 10 at 80k and 90k
iterations. We totally train the model for 100k iterations on
each adaptation scenario. For the neighborhood features, we

2978



Modality Method USA → Singapore Day → Night A2D2 → SemanticKITTI
2D 3D 2D+3D 2D 3D 2D+3D 2D 3D 2D+3D

Source only 53.2 46.8 61.2 41.8 41.4 47.6 36.4 37.3 42.2

Uni-Modal

Deep logCORAL(2018) 52.6 47.1 59.1 41.4 42.8 51.8 35.8 39.3 40.3
MinEnt(2019) 53.4 47.0 59.7 44.9 43.5 51.3 38.8 38.0 42.7
PL(2019) 55.5 51.8 61.5 43.7 45.1 48.6 37.4 44.8 47.7
CLAN(2019) 57.8 51.2 62.5 45.6 43.7 49.2 39.2 44.7 44.5

Multi-Modal

xMUDA(2020)(Baseline) 59.3 52.0 62.7 46.2 44.2 50.0 38.3 46.0 44.0
AUDA(2021a) 59.8 52.0 63.1 49.0 47.6 54.2 43.0 43.6 46.8
DsCML(2021) 61.3 53.3 63.6 48.0 45.7 51.0 39.6 45.1 44.5
DsCML+CMAL(2021) 63.4 55.6 64.8 49.5 48.2 52.7 46.3 50.7 51.0
xMUDA+PL(2020) 61.1 54.1 63.2 47.1 46.7 50.8 41.2 49.8 47.5
AUDA+PL(2021a) 61.9 54.8 65.6 50.3 49.7 52.6 46.8 48.1 50.6
DsCML+CMAL+PL(2021) 63.9 56.3 65.1 50.1 48.7 53.0 46.8 51.8 52.4
Ours 62.0 54.2 64.5 49.0 46.6 51.6 42.8 47.7 48.0
Ours+PL 63.3 57.1 66.7 50.6 49.9 54.5 47.6 51.3 52.8
Target only (Oracle) 66.4 63.8 71.6 48.6 47.1 55.2 58.3 71.0 73.7

Table 1: Comparison results with other methods in different cross-modal UDA scenarios. The best results are marked in bold.

adopt the nearby region of 5×5. For dilated neighbor fea-
tures, we sample the features from the nearby 9×9 region
with dilated rate 2, which also leads to a number of 25 fea-
tures for each pixel. The batch size is set as 8 for USA/Sin-
gapore and Day/Night, and 6 for the A2D2/SemanticKITTI.
Due to GPU memory limitation, 30% features in each mini-
batch are sampled to calculate contrastive loss in the former
two scenarios and 20% features are sampled in the last sce-
nario. The 2D and 3D network are trained jointly and opti-
mized on source and target for each iteration.
Evaluation Metric. For evaluation, we adopt the commonly
used segmentation evaluation metric, mean Intersection-
over-Union (mIoU) to evaluate the performance. In addition
to the direct prediction results of 2D and 3D stream, we also
evaluate with the ‘2D+3D’ results, which is the average of
predicted 2D and 3D probabilities after softmax.

Comparison Results
In this section, we evaluate the proposed method on
the above three adaption scenarios, comparing with uni-
modal and multi-modal UDA methods. To be specific, the
compared uni-modal methods include MinEnt (Vu et al.
2019), pseudo-labeling(Li, Yuan, and Vasconcelos 2019),
Deep logCORAL(Morerio, Cavazza, and Murino 2018), and
CLAN(Luo et al. 2019). The multi-modal methods include
xMUDA(Jaritz et al. 2020), DsCML(Peng et al. 2021) and
AUDA(Liu et al. 2021a), which are designed for domain
adaptation with multi-modal data. In the above multi-modal
methods, the former one uses dual segmentation heads and
proposes xmuda cross-modal loss, and the other two meth-
ods introduce adversarial learning to the multi-modal learn-
ing. As other works did, we also carry out experiments to
prove the effectiveness of our model with pseudo-labeling
(PL). The comparison results are shown in Table 1.

From Table 1 we can observe that, with our proposed
method, the segmentation results significantly outperform
the source only method and uni-modal UDA methods in
all three adaptation scenarios. It proves the effectiveness
of utilizing multi-modality data. For the comparison with

Baseline NFAM Ctr PL 2D 3D 2D+3D
✓ 59.3 52.0 62.7

✓ 61.3 53.6 63.8
✓ 60.1 53.2 63.0

✓ ✓ 62.0 54.2 64.5
✓ 61.1 54.1 63.2

✓ ✓ 61.9 55.1 64.8
✓ ✓ ✓ 63.3 57.1 66.7

Table 2: Ablation study on USA/Singapore.

xMUDA, which can be seen as the baseline of our method,
we achieve great improvements in both training settings that
with PL and without PL. Since we use the same backbone as
xMUDA, the improvement can be directly attributed to the
cross-modal contrastive loss and aggregation module. Com-
pared with DsCML and AUDA that use adversarial learning,
our method employs contrastive learning scheme for multi-
modal domain adaptation and obtains better performance in
most metrics. It is also noted that in Day/Night scenario, we
even outperform the model directly trained on target data,
which proves the effectiveness of using source data and in-
troducing cross-modal domain adaptation method. Besides,
it is worth mentioning that our method is compatible with
the adversarial training used in DsCML/AUDA. The combi-
nation with adversarial training can relieve the distribution
difference between domains and is likely to further boost
the performance, which can be explored in future.

Ablation Studies
Next, we conduct ablation studies on USA/Singapore
dataset to analyze the effectiveness of each component.
Effectiveness of Proposed Components. Beginning with
baseline method (xMUDA), we gradually add the aggrega-
tion module and the contrastive loss to validate the perfor-
mance improvement. The ablation study results are shown in
Table 2. From the results, we can observe that the two com-
ponents are able to improve the performance over the base-
line method respectively. By combining both, it provides a
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Figure 3: Analysis of cross-modal contrastive learning.

Method 2D 3D 2D+3D
xMUDA (2020; 2022) 59.3 52.0 62.7

sCML(2021) 60.6 52.5 63.2
(↑ 1.3) (↑ 0.5) (↑ 0.5)

DsCML(2021) 61.3 53.3 63.6
(↑ 2.0) (↑ 1.3) (↑ 0.9)

NFAM w/o DN 61.0 53.5 63.6
(↑ 1.7) (↑ 1.5) (↑ 0.9)

NFAM w/. DN 61.3 53.6 63.8
(↑ 2.0) (↑ 1.6) (↑ 1.1)

Table 3: Comparison of neighborhood feature aggregation
module (NFAM) with xMUDA, sCML and DsCML. DN
refers to dilated neighbors.

higher accuracy in all three evaluation metrics. In the last
several lines of Table 2, the experiments are conducted with
pseudo-labeling (PL). When combined with our proposed
method, it achieves the best performance, showing that our
method is complementary with PL, and they can contribute
to better adaptation ability in a joint manner.

Cross-Modal Contrastive Learning. In this part, we in-
vestigate the contribution of cross-modal contrastive learn-
ing by varying the number of features used in calculating
contrastive loss. Besides, we implement three different sam-
pling strategies, i.e. select features randomly, select features
with high prediction confidence, and select features with low
prediction confidence. The results of different experiment
settings are reported in Figure 3. The x-axis refers to the
proportion of sampled features taken from total features in
a mini-batch. When the proportion is 0, it is equivalent to
training the model without contrastive loss, then we gradu-
ally add the proportion to 10%, 20% and 30%. From Figure
3 we can observe that, with the increasing number of sam-
pled features, the performance presents a general upward
trend. It can be explained as, with more features considered,
there are more negative pairs, which improve the effect of
contrastive learning. For the sampling strategy, selecting fea-
tures with high prediction confidence achieves better perfor-
mance, empirically validating our sampling strategy. When
sampling 30% features with the highest prediction confi-
dence, our method obtains the best result.

Neighborhood Feature Aggregation Module. The ag-
gregation module attentively aggregates the nearby features

Figure 4: Visualization of our method on three adaptation
scenarios. Different colors refer to different object classes.

with neighborhood attention, which is able to obtain more
representative features. To demonstrate the module’s effect,
we specifically compare it with other methods, including
xMUDA, sCML and DsCML. xMUDA (Jaritz et al. 2020,
2022) is original method that uses the only projected 2D
pixel feature. Peng et al. (2021) propose sCML and DsCML,
which utilize multiple probability scores from 2D patch
to implement sparse-to-dense loss. The comparison results
are listed in Table 3. It validates the effectiveness of the
proposed aggregation module. By attentively attending to
neighborhood regions and employing the aggregated fea-
tures to exchange information with 3D features, the mod-
ule is proved to be beneficial for both 2D and 3D modality
learning. Furthermore, with the dilated neighborhood fea-
tures considered, better performance is obtained.

Visualization
In Figure 4, we visualize the segmentation results on the
three adaptation settings. As the figure shows, compared to
baseline, our method predicts the category labels more ac-
curately, in the meanwhile with less false predictions.

Conclusion
In this paper, we propose cross-modal contrastive learning
and neighborhood feature aggregation module to investigate
domain adaptive 3D semantic segmentation task. By enforc-
ing the consistency between 2D and 3D modalities and con-
sidering more sufficient context information for cross-modal
learning, the two components can jointly improve adaptation
effects. Experiment results show that our method establishes
a marked improvement over previous methods on three dif-
ferent unsupervised domain adaptation scenarios.

Specifically, here we give a brief discussion about cross-
modal contrastive learning. Although contrastive learning
has achieved excellent performance in many fields, it is
still challenging to apply contrastive learning in cross-modal
tasks. The difficulty lies in the inhomogeneity and non-
correspondence of different modalities, and the construction
of positive and negative pairs can be complicated and time-
consuming. In this paper, using the calibration between im-
age and point cloud, we ingeniously construct contrastive
learning pairs based on the one-to-one correspondence of
pixel and point features, which is intuitive and effective.
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rades, O. R. 2022. VLCDoC: Vision-Language Contrastive
Pre-Training Model for Cross-Modal Document Classifica-
tion. arXiv preprint arXiv:2205.12029.
Behley, J.; Garbade, M.; Milioto, A.; Quenzel, J.; Behnke,
S.; Stachniss, C.; and Gall, J. 2019. Semantickitti: A dataset
for semantic scene understanding of lidar sequences. In
Proceedings of the IEEE/CVF International Conference on
Computer Vision, 9297–9307.
Caesar, H.; Bankiti, V.; Lang, A. H.; Vora, S.; Liong, V. E.;
Xu, Q.; Krishnan, A.; Pan, Y.; Baldan, G.; and Beijbom, O.
2020. nuscenes: A multimodal dataset for autonomous driv-
ing. In Proceedings of the IEEE/CVF conference on com-
puter vision and pattern recognition, 11621–11631.
Chen, T.; Kornblith, S.; Norouzi, M.; and Hinton, G. 2020.
A simple framework for contrastive learning of visual repre-
sentations. In International conference on machine learning,
1597–1607.
Devlin, J.; Chang, M.-W.; Lee, K.; and Toutanova, K. 2018.
Bert: Pre-training of deep bidirectional transformers for lan-
guage understanding. arXiv preprint arXiv:1810.04805.
Dosovitskiy, A.; Beyer, L.; Kolesnikov, A.; Weissenborn,
D.; Zhai, X.; Unterthiner, T.; Dehghani, M.; Minderer, M.;
Heigold, G.; Gelly, S.; Uszkoreit, J.; and Houlsby, N. 2021.
An Image is Worth 16x16 Words: Transformers for Image
Recognition at Scale. International Conference on Learning
Representations, 1–12.
Farahani, A.; Voghoei, S.; Rasheed, K.; and Arabnia, H. R.
2021. A brief review of domain adaptation. Advances in
data science and information engineering, 877–894.
Geyer, J.; Kassahun, Y.; Mahmudi, M.; Ricou, X.; Durgesh,
R.; Chung, A. S.; Hauswald, L.; Pham, V. H.; Mühlegg,
M.; Dorn, S.; et al. 2020. A2d2: Audi autonomous driving
dataset. arXiv preprint arXiv:2004.06320.
Graham, B.; Engelcke, M.; and Van Der Maaten, L. 2018.
3d semantic segmentation with submanifold sparse convo-
lutional networks. In Proceedings of the IEEE conference
on computer vision and pattern recognition, 9224–9232.
Hassani, A.; Walton, S.; Li, J.; Li, S.; and Shi, H. 2022.
Neighborhood Attention Transformer. arXiv preprint
arXiv:2204.07143.

He, K.; Fan, H.; Wu, Y.; Xie, S.; and Girshick, R. 2020.
Momentum contrast for unsupervised visual representation
learning. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, 9729–9738.
Jaritz, M.; Vu, T.-H.; Charette, R. d.; Wirbel, E.; and Pérez,
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