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Figure 1. (a) Existing point cloud MAEs are typically pre-trained and fine-tuned within a single domain, leading to performance degrada-
tion when applied to other tasks in different domains. (b) Pre-training MAE directly on cross-domain data could also lead to performance
decrease due to the misinterpretation of out-of-domain information. (c) Our DAP-MAE collaboratively learns from point cloud data across
various domains using the heterogeneous domain adapter and adopts the domain feature generator to extract diverse domain features, al-
lowing the model to achieve high performance across multiple tasks with one pre-training in a single modality.

Abstract

Compared to 2D data, the scale of point cloud data in dif-
ferent domains available for training, is quite limited. Re-
searchers have been trying to combine these data of differ-
ent domains for masked autoencoder (MAE) pre-training
to leverage such a data scarcity issue. However, the prior
knowledge learned from mixed domains may not align well
with the downstream 3D point cloud analysis tasks, leading
to degraded performance. To address such an issue, we pro-
pose the Domain-Adaptive Point Cloud Masked Autoen-
coder (DAP-MAE), an MAE pre-training method, to adap-
tively integrate the knowledge of cross-domain datasets for
general point cloud analysis. In DAP-MAE, we design a
heterogeneous domain adapter that utilizes an adaptation
mode during pre-training, enabling the model to compre-
hensively learn information from point clouds across dif-
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ferent domains, while employing a fusion mode in the fine-
tuning to enhance point cloud features. Meanwhile, DAP-
MAE incorporates a domain feature generator to guide the
adaptation of point cloud features to various downstream
tasks. With only one pre-training, DAP-MAE achieves ex-
cellent performance across four different point cloud anal-
ysis tasks, reaching 95.18% in object classification on
ScanObjectNN and 88.45% in facial expression recogni-
tion on Bosphorus. The code will be released at https :
//github.com/CVI-5ZU/DAP-MAE

1. Introduction

Point cloud analysis is gaining increasing attention in
the fields of autonomous driving, robotics, and aug-
mented/virtual reality, etc. It involves tasks such as point
cloud-based object classification, part segmentation, facial
expression recognition, and object detection, all of them re-
quire training feature extraction models that can effectively
represent the geometric information of 3D point clouds.


https://github.com/CVI-SZU/DAP-MAE
https://github.com/CVI-SZU/DAP-MAE

However, compared to 2D data, the collection and anno-
tation of 3D point clouds still require substantial resources,
resulting in small-scale labeled point cloud datasets, which
limits the performance of supervised learning methods
[26, 32, 33]. Self-supervised learning [25, 30, 49] offers
a promising alternative for the model training, utilizing un-
labeled 3D point clouds and pre-training strategies to learn
the features.

The self-supervised learning method based on masked
autoencoders (MAE) can fully leverage the geometric in-
formation of 3D point clouds, enhancing the performance
of downstream tasks, and various MAE-based methods for
3D point cloud analysis have been developed, such as Point-
MAE [30], PIMAE [3], and 3DFaceMAE [8], etc. As
Fig. 1 shows, when these methods are applied to down-
stream tasks including object classification, facial expres-
sion recognition, and indoor object detection, they require
separate pre-training on the data from the same domain as
the tasks, which leads to redundant consumption of pre-
training and does not fully utilize the existing point cloud
data from different domains. However, if the MAE is sim-
ply pre-trained using 3D point cloud data from multiple dif-
ferent domains, the downstream tasks may interpret the out-
of-domain information learned by the feature model as in-
terference noises, thereby reducing the task performance.

In this paper, to comprehensively utilize the 3D point
cloud data from different domains, we designed a domain-
adaptive point cloud masked autoencoder (DAP-MAE).
DAP-MAE employs a heterogeneous domain adapter
(HDA) and a domain feature generator (DFG) to collabora-
tively learn point cloud data from various domains, enabling
the model to adaptively perform different downstream tasks
with just one pre-training in a single modality, as Fig. 1(c)
shows. Specifically, during the pre-training, the HDA em-
ploys an adaptation mode to process masked point clouds
from different domains using three parallel MLPs, enabling
the model to collaboratively learn cross-domain informa-
tion. During the fine-tuning, the HDA utilizes a fusion
mode to integrate the point cloud data output from the three
MLPs and enhance the point cloud features extracted by the
MAE. Meanwhile, the DFG is pre-trained to extract rele-
vant domain features of the point cloud using a contrastive
loss to guide the adaptation of the point cloud features to
various downstream tasks in the fine-tuning. Our main con-
tributions are summarized as follows:

L]

For the first time, we propose a domain-adaptive point
cloud masked autoencoder, DAP-MAE, that can collab-
oratively utilize point clouds from different domains for
various downstream tasks with just one pre-training in a
single modality.

In DAP-MAE, we design a heterogeneous domain
adapter to address collaborative learning on cross-domain
data and a domain feature generator extracting various do-
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main features to guide the downstream tasks.

The experiments demonstrate that DAP-MAE achieves
SOTA results in various point cloud analysis tasks in-
cluding object classification, facial expression recogni-
tion, part segmentation, and object detection, surpassing
or comparable to cross-modal methods.

2. Related Work

2.1. 3D point cloud analysis with deep learning

Deep learning-based point cloud analysis has been applied
to various downstream tasks. Early point cloud analysis
methods focused on object analysis tasks like object clas-
sification and part segmentation [11, 22, 26, 32, 33, 36, 46].
PointNet [32] pioneered a direct approach to consuming
unordered point sets using symmetric functions to capture
global features, and its extension, PointNet++ [33] intro-
duced a hierarchical set abstraction that captures local in-
formation. Built on deeper research in object analysis tasks,
some methods have shifted their focus to 3D face analysis
tasks [9, 17, 20, 52]. Among these, PointFace [17] intro-
duced the first 3D face recognition method based on Point-
Net++ and also proposed a transformer-based variant called
PointFaceFormer [9]. Meanwhile, DrFER [20] put forward
the first 3D facial expression recognition method. At the
same time, point cloud analysis has also advanced toward
3D scene understanding [27, 34, 39, 63]. 3DETR [27] em-
ploys a fully transformer-based design to capture both local
geometry and global context for enhancement of 3D object
detection accuracy. Despite their strong performance in in-
dividual tasks, these methods differ in structure, a unified
model is thus required for all the downstream tasks. Mean-
while, by integrating the power of Transformers with self-
supervised learning on unlabeled point clouds, Point-MAE
[30]—the first MAE-based method under a standard trans-
former framework—has emerged as a promising way to ad-
dress this limitation.

2.2. MAE-based point cloud analysis

With Point-MAE [30] pioneering the masked reconstruc-
tion paradigm in 3D vision, numerous generative ap-
proaches with cross-modal distillation have since been pro-
posed. ACT [7] transfers a Transformer pre-trained on
other modalities to 3D point clouds and distills knowledges
of other modalities into the point cloud Transformer. Re-
Con [35] unified generative modeling and contrastive learn-
ing through ensemble distillation guided by cross-modal
teachers. Since cross-modal methods require pre-training
on additional modalities, such a framework require high
training costs, and highly rely on the performance of the
teacher model. As a result, many approaches in 2024 have
shifted back to improving single-modal strategies [23, 57].
Also, some methods such as 3DFaceMAE [8] and Li et



ReconstructionLoss— - -~ === === === === - === ———

Transformer Decoder - -

o8

N
Classification head(Q)  Recognition head (F)

Segmentation head(Q)  Detection head (S)

Downstream tasks @ )

| Scene s

N\

— General pipeline
— —»Pre-train pipeline
------ »Fine-tune pipeline
‘W, Pre-training

@" Fine-tuning

1 0
. — P e Poask— — =R
s N : | Km0
=1 DL P/P,;,
T X i
« 80;
» U
Object domain Q@ oo ,—»i'[l:—» Transformer Encoder ->-D
T S T/ Tui [
3 b vis | |
0 ) g 5577 o we'
z = 2 z vis 1
Z5@ 2 A
Face domain F @° (c ---+
e rﬂ jo Domain Feature
— Generator
-~ e
Scene domain S -
\_ s/

Domain Contrastive Loss

Figure 2. The pipeline of DAP-MAE. During the pre-training, the heterogeneous domain adapter (HDA) is set to adaptation mode to
enhance the training of the Transformer-based MAE on cross-domain point cloud datasets, while the domain feature generator (DFG) is
trained to extract domain features from the point clouds. In the fine-tuning phase, HDA is set to fusion mode, making comprehensive use
of the feature extraction capabilities of the model trained on cross-domain data; meanwhile, the domain features extracted by DFG are used
to guide the adaptation of point cloud features for downstream tasks.

al. [21] have applied MAE-based methods to face analysis
tasks. In the field of scene understanding, PIMAE [3] and
GDMAE [51] have adopted MAE-based methods for indoor
and outdoor scene understanding tasks, respectively. How-
ever, existing methods have not thoroughly explored the re-
lationships between different domains in current 3D point
cloud datasets, resulting in many approaches performing
well only on downstream tasks closely aligned with their
pre-training datasets.

3. Preliminary

The point cloud analysis addressed in this paper involves

point clouds from three different data domains.

* Object domain, @. The tasks of 3D object classification
and part segmentation utilize point cloud datasets from
the object domain, such as ShapeNet [2], ModelNet [48],
and ScanObjectNN [42].

* Face domain, [F. The tasks of 3D face recognition and fa-
cial expression recognition use point cloud datasets from
the face domain, such as FRGCv2 [31], Bosphorus [38],
and BU3DFE [54].

¢ Scene domain, S. The tasks of 3D object detection use
point cloud datasets from the scene domain, such as Scan-
Net [6] and S3DIS [1].

The existing self-supervised point cloud analysis meth-
ods struggle to effectively utilize point cloud data from dif-
ferent domains. If the point clouds from different domains
are used to pre-train feature extraction models, the perfor-
mance of downstream tasks will significantly decline. As
Fig. 1(a) shows, when we pre-train ReCon-SMC [35] on ob-
ject data (O) and then transfer it to object classification (O),
or pre-train it on face data (IF) and then transfer it to facial
expression recognition (IF), their performance are 94.15%

3490

and 87.69%, respectively. However, when pre-training and
the downstream task are conducted across different do-
mains, such as pre-training on face data (IF) and transferring
to object classification (Q), or pre-training on object data
(0) and transferring to facial expression recognition (IF),
the performance drops to 91.73% and 86.11%, respectively.
Furthermore, directly combine point clouds from multiple
domains together for the pre-training also struggles to im-
prove the performance of downstream tasks. As Fig. 1(b)
shows, when additional face data (IF) and scene data (S) are
sequentially added during the pre-training, the object classi-
fication (Q) performance only slightly improved by 0.17%,
resulting in an accuracy of 94.32%. Moreover, the perfor-
mance on facial expression recognition and object detection
tasks even degrade to 87.23% and 42.5% respectively.

To fully exploit the information from data across differ-
ent domains, this paper designs a domain-adaptive point
cloud Masked Autoencoder, which requires only a single
pre-training on point cloud data from multiple domains to
achieve improved point cloud analysis accuracy on various
downstream tasks.

4. Method

As Fig. 2 shows, in this section, we first introduce the over-
all pipeline of our DAP-MAE, followed by detail descrip-
tion of the heterogeneous domain adapter (HDA) and do-
main feature generator (DFG).

4.1. The pipeline of DAP-MAE

Datasets. To address the multiple point cloud analy-
sis tasks including object classification, facial expression
recognition, part segmentation, and object detection, the
proposed DAP-MAE is pre-trained on point clouds from
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Figure 3. Illustration of the heterogeneous domain adapter (HDA),
which consists of three parallel MLPs and two modes. (a) Adap-
tation mode. In the pre-training, HDA adaptively selects a MLP to
process the input token based on its domain. (b) Fusion mode. In
the fine-tuning, HDA freezes the parameters in the three MLPs and
trains two additional MLPs to generate fusion coefficients, which
are used to linearly fuse the output by the three MLPs.

three different domains, i.e., object O, face [F, and scene
S, while, in the fine-tuning phase, it is refined by the point
clouds from the corresponding domain based on the specific
downstream task.

Tokenization. For a point cloud P from domain d, we
first use farthest point sampling (FPS) and k-nearest neigh-
bors (KNN) to partition it into a set of patches P, where
each patch in P contains a center point and k neighboring
points. In the pre-training, with a ratio of m, we randomly
divide the patch set P into visible and masked parts,

Puyis, Pmask = Mask o KNN o FPS(P). (1)

Before feeding into the Transformer-based MAE, we tok-
enize the patches using PointNet [32] and the proposed het-
erogeneous domain adapter (HDA),

T = [%is, ﬁnask] =HDA o POintNet(Pvisa Pmask)v (2)

and generate the position embedding using the center point
of each patch by an MLP,

P = [Pvi57 Pmask] = MLP(PViSa Pmask)~ (3)

Reconstruction. In the pre-traing, we train the
Transformer-based MAE on the visible data and re-
construct point clouds using a self-supervised manner. The
Transformer encoder extracts the feature of the point cloud
from the visible 7y;s and Py,

Fuis = Encoder(Tyis, Pyis) )
and the decoder reconstructs the masked patches,
ﬁmask = DeCOder(]:vim PViS7 Pmask))« (5)
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The reconstruction in the MAE is supervised by a chamfer
distance loss mutually comparing the patches in Pp,s and
Pmask’

1

Lrec = W /mlﬁ HPa_Pa/H%
mask| p. Pk Pa’ € Prnask
1
. > min [Pa—Pd[3.  (6)
| Prask| s Pa’ € Prask
a ‘mask

Domain contrasting. To extract domain features that
guide the downstream tasks, we train the domain feature
generator (DFG) in the pre-training to decompose the fea-
ture J;s into the domain feature d,

d = DFG(Fyis), @)
In each iteration of the pre-training, DFG extracts the do-
main features [d;]2, of a batch of cross-domain point
clouds [P;]B | from domains [d;]Z ;, d; € {O,F,S}, and it
is trained using a contrastive loss,

B
Lon=Y_ Y Udidy), ®)
i=1j=1,j#i
7 max(0, cos(dy, dj) — a),  d; # dj,

and a is a margin constant.

Fine-tuning. During fine-tuning, for a point cloud P from
a specialized domain, the Transformer encoder extracts its
features from the tokens 7, and the DFG utilizes these fea-
tures to decompose domain features while additionally ex-
tracting class features ¢ with class token,

F = Encoder(T,P),
¢,d = DFG(F),

(10)
(1)

which are then fed into a downstream task head together,
and the head is trained using its customized loss.

4.2. Heterogeneous Domain Adapter

The Heterogeneous Domain Adapter (HDA) consists of
three parallel MLPs, which, in the pre-training and fine-
tuning phases, process point cloud data using different
modes. As Fig. 3 shows, in the pre-training, HDA employs
an adaptation mode, processing point cloud data from the
three different domains using the different MLPs respec-
tively, which synergistically leverages cross-domain data to
enhance the feature extraction of encoder in MAE. In the
fine-tuning, HDA adopts a fusion mode, where the three
MLPs simultaneously process the point cloud data and ex-
tract its features from their fused results.



Adaptation mode. Suppose a point could P from domain
d,d € {O,F, S}. In the pre-training, for its visible patch set
P.is, PointNet first produces its initial tokens,

Tsis = PointNet(Pyis) = {PointNet(Pa) : Pa € Py;s}.

12)

Then, HDA generates its tokens using one of three parallel
MLPs, {MLPq : d € {O,F,S}}, according to the domain
of P €d,

= {To = MLP4(T0') : To' € T} }. (13)

In HDA, each of three MLPs contains two linear full con-
nection (FC) layers, FC{" and FC{”, with a BN and ReLU,
and for every initial token To’ in 7,

2)

To = FC{”) o ReLU 0 BN o FC{"(T0') € Tuis.  (14)

Fusion mode. During the fine-tuning, for the different
downstream task, we respectively fine-tune the feature ex-
traction parameters of DAP-MAE and the downstream task
heads on point cloud data from the same domain. For the
point cloud P from domain d € {O,F,S}, we generate all
its initial tokens using FPS, KNN, and PointNet,

T’ = PointNet o KNN o FPS(P). (15)

In the fine-tuning, as Fig. 3 shows, HDA freezes its pa-
rameters and processes each initial token with the three par-
allel MLPs separately, and twice linearly fuses the MLP re-
sults. In the first fusion, for each initial token To’ € T’ of
point cloud P € d, HDA processes it using the first three
FCs in the three parallel MLPs,

Toy) = FC{ (To'), vd' € {O,F,S},VTo' € T'. (16)

In the fusion, the token output by the FC corresponding to
the domain d of downstream task is taken as the primary
token, while the other tokens from FCs for other domains
serve as auxiliary tokens,

To» =To’ + Y agTol, (17)

/€ {0,F,S}
@’ #d

where the two coefficients are calculated using one MLP on
the initial token,

{ag :d' € {O,F,S},d #d} = MLPY(To').  (18)

Then, in the second fusion, the token To™ is first processed
by ReLU and BN, and fused by the second three FCs of the
three parallel MLPs with the similar way,

Tog, = FCy (ReLU(BN(To()))), d' € {O,F,S}, (19)
To = To((l2) + Z Oéd/TO((j?)v (20)

d’e{0,F,s}
d/#d
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where the two coefficients are calculated using another
MLP on the token To(l),

{ag :d € {O,F,S},d' #d} = MLP@(To™). (21)

4.3. Domain Feature Generator

The domain feature generator (DFG) extracts domain fea-
tures from the point cloud features s or F output by the
Transformer encoder, which are used to guide the training
of downstream task heads during the fine-tuning phase.

In the DFG, a class token ¢ and three domain tokens
{6, f, 8} are set. During the pre-training, based on the do-
main d of the original input point cloud P, one domain to-
ken d € {6, f,8} is selected and concatenated with the
class token ¢. Then, domain features are extracted from F R
F= Fyis or F , using a cross-attention mechanism,

[c,d] = Attn(Q, K, V) = SoftMax(Qj(;)V. (23)

where d is the dimension of the key vectors K and ¢, d are
the class feature and domain feature extracted by DFG. To
be clear, the class token ¢ are only supervised during the
fine-tuning stage to extract class feature c.

5. Experiments

5.1. Pre-training

Cross-domain dataset. The pre-training of DAP-MAE was
conducted on a cross-domain point cloud dataset, which in-
volve three datasets from different domains: ShapeNet (O),
FRGCv2 (IF), and S3DIS (S). For each point cloud in the
cross-domain dataset, we uniformly sample its 4,096 points
for the pre-training. More details about the cross-domain
dataset will be provided in the supplementary material.

5.2. Fine-tuning

The pre-trained DAP-MAE was fine-tuned on five represen-
tative datasets covering diverse downstream tasks, including
object classification (Q), few-shot learning (Q), part seg-
mentation (Q), facial expression recognition (IF), and 3D
object detection (S). For each task, we selected widely used
benchmark datasets. These include ScanObjectNN [42] for
object classification, ModelNet40 [48] for few-shot learn-
ing classification, ShapeNetPart [2] for part segmentation,
BU-3DFE [54] and Bosphorus [38] for facial expression
recognition, and ScanNetV2 [6] for indoor scene 3D object
detection. More detailed descriptions and implementation
settings can be found in the supplementary material.

Object classification (0). The left side of Tab. 1 shows the
classification accuracy (%) on ScanObjectNN. Our DAP-
MAE outperforms the latest single-modal self-supervised



Table 1. Object Classification results on the ScanObjectNN and Face Expression Recognition results on BUSDFE and Bosphorus. PM:

pre-trained modality, PC: point cloud, /: image, T text.

Object Classification Facial Expression Recognition
ScanObjectNN
Method PM OBTBG OB J,OIﬂILY PE T50 RS Method BU3DFE BOS
Supervised Learning 2D+3D

PointNet [32] cypr17 PC 73.3 79.2 68.0 DA-CNN [64] 88.35 -

PointNet++ [33] NeruIPs'17 PC 84.3 84.3 77.9 Jan et al. [16] 88.54 -

DGCNN [46] ToG'19 PC 82.6 86.2 78.1 Zhu et al. [50] 88.75 -
PointCNN [22] NerulPS'18 PC 86.1 85.5 78.5 CM-CNN [28] 88.91 85.16
SimpleView [10] jcmrr21 PC - - 80.5+0.5 FE3DNet[24] 89.05 89.28

MVTN [13] 1cevian PC 92.6 - 82.8 FA-CNN [18] 89.11 -

PointMLP [26] 1cLr 22 PC - - 85.440.3 Oyedotun et al. [29] 89.31 -
PCT [11] cvmral PC - - 834 Jiao et al. [19] 89.72 83.63
PointNeXt [36] NerulPs'22 PC - - 87.7+0.4 FFNet-M [40] 89.82 87.65
P2P-HorNet [45] Nerulps'22 PC - - 89.3 AFNet-M [41] 90.08 88.31
SFR [56] 1cASSP'23 PC - - 87.8 Cmanet [65] 90.24 89.36

Self-Supervised Learning 3D

Point-BERT [55] cvpr'22 PC 87.43 88.11 83.07 Jan et al. [16] 81.83 -
Point-MAE [30] gccviaz PC 90.02 88.29 85.18 CM-CNN [28] 80.11 77.82

Point-M2AE [58] Nerurps'22 PC 91.22 88.81 86.43 Zhen et al. [61] 84.50 -

PointGPT-S [4] NerulPs'23 PC 91.60 90.00 86.90 FLM-CNN [5] 86.67 -

PointDif [62] cypr24 PC 91.91 93.29 87.61 Zhu et al. [50] 87.19 -
Mamba3D+Point-MAE [14] acm MM 24 PC 93.12 92.08 88.20 FFNet-M [40] 87.28 82.86

Point-FEMAE [57] aaAr24 PC 95.18 93.29 90.22 Oyedotun et al. [29] 84.72 -
ReCon-SMC [35] \cmr23 (baseline) PC 94.15 93.12 89.73 Yang et al. [53] 84.80 77.50
DAP-MAE(Ours) PC 95.18 93.45 90.25 FE3DNet[24] 85.20 83.55

ACT [7] 1cLRr 23 PC+I 93.29 91.91 88.21 DA-CNN [64] 87.69 -
Joint-MAE [12] rycar23 PC+I1 90.94 88.86 86.07 Cmanet [65] 84.03 81.25
12P-MAE [59] cypr23 PC+I 94.14 91.57 90.11 AFNet-M [41] 86.97 82.06
TAP [47] 1coviaz PC+I1 90.36 89.50 85.67 DrFER [20] 89.15 86.77
ReCon-full [35] 1cMmr23 PC+I+T  95.18 93.63 90.63 DAP-MAE(Ours) 89.83 88.45

Table 2. Results for object classification, facial expression recognition (FER), and object detection (DET). We compare Point-MAE and
ReCon-SMC (both using same-domain pre-training and transfer) with their cross-domain version trained using the simple combination of
different domain data, as well as our DAP-MAE. PM: pre-trained modality, PC: point cloud. T denotes the reproduced results.

object classification FER DET

ScanObjectNN ScanNetV?2
Method PM —5B1BG OBLOIglLY PBTS0RS || CUSPFE BOS |l ap 7 APas

Point-MAE [30] gccvian PC 90.02 88.29 85.18 88.89 86.75 - -
ReCon-SMC [35] jcmr23 (baseline) PC 94.15 93.12 89.73 89.13 87.69 42.7 63.8

O + F + S Point-MAET [30] PC 92.77 91.22 88.24 87.34 86.28 - -
O + F 4+ SReCon-SMC T [35] (baseline)  PC 94.32 93.12 89.90 88.52 87.23 42.5 63.5
DAP-MAE (Ours) PC 95.18 93.45 90.25 89.83 88.45 43.2 64.0

learning approaches across all three protocols and exceeds
the performance of most cross-modal methods. Addi-
tionally, in Tab. 2, we compare Point-MAE and ReCon-
SMC, which are both pre-trained and transferred on the
same domain with their counterparts pre-trained on the
cross-domain dataset. The results show that simply adding
cross-domain data only gains slight improvements in ob-
ject classification for ReCon-SMC, whereas our improved
DAP-MAE significantly surpasses the single-modal base-
line ReCon-SMC by 1.03% and its cross-domain version
by 0.86%, demonstrating its effective use of cross-domain
data to enhance downstream classification performance.

Facial expression recognition (). The rights side of
Tab. 1 shows the effectiveness of our DAP-MAE on fa-
cial expression recognition. On both datasets, the experi-
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ments follow the same protocol, where 60 subjects are se-
lected for 10-fold cross-validation. DAP-MAE achieves the
highest recognition accuracy on BU-3DFE and Bosphorus
compared with the latest facial expression recognition ap-
proaches. Our DAP-MAE outperforms the latest method
DrFER [20] by 0.66% and 1.68% on the BU-3DFE and
Bosphorus datasets, respectively. Moreover, our method
also surpasses most 2D+3D multi-modal approaches and
achieves performance very close to the best-performing
multi-modal method. As Tab. 2 shows, when pre-trained
with simple combination of @ + F + S, Point-MAE and
ReCon-SMC still perform lower than DAP-MAE and even
lower than their same-domain version. This may due to
the reason that other-domain data is treated as interference
noises, as previously discussed. Table | shows that DAP-



Table 3. Few-shot learning results on ModelNet40.

5-wa; 10-wa;
Method 10-shot ;O-shot 10-shot 2)6-sh0t
Single-Modal Self-Supervised Learning
Point-BERT[55] cypr'22 94.6£3.1 96.3+2.7 91.0£5.4 92.7+5.1
Point-MAE [30] gccvie 96.3+2.5 97.8+1.8 92.6+4.1 95.0+3.0
Point-M2AE [58] Nerutps'22 96.8£1.8 98.3+1.4 92.3+4.5 95.0+3.0
PointGPT- [4] Nerutps23 ~ 96.8+2.0 98.6£1.1 92.6+4.6 95.2+3.4
Point-FEMAE[57] aaar24 97.2+41.9 98.6£1.3 94.0+£3.3 95.8+2.8
DAP-MAE(Ours) 97.5£1.8 98.9+0.6 93.3+3.9 95.2+2.8
Cross-Modal Self-Supervised Learning
ACTI[7] 1cLr 23 96.8£2.3 98.0+£1.4 93.3+4.0 95.6+2.8
Joint-MAE[ 1 2]jcar23 96.7£2.2 97.9+1.8 92.6+3.7 95.1£2.6
12P-MAE[59] cvpr23 97.0£1.8 98.3+1.3 92.6+£5.0 95.5£3.0
TAP[47] 1ccv23 97.3£1.8 97.8+£1.9 93.1+2.6 95.8+£1.0
ReCon-full[35] jcmp23 97.3+1.9 98.9+1.2 93.3+3.9 95.8+3.0

Table 4. Part segmentation results on the ShapeNetPart: Mean
intersection over union for all classes mloU. (%) and all instances
mloU; (%) for Part Segmentation. PM: pre-trained modality, PC:
point cloud, /: image, T text.

Method PM mloU, mloUj
Supervised Learing
PointNet[32] cypr'17 PC 80.4 83.7
PointNet++[33] Nerulps’17 PC 81.9 85.1
PointMLP [26] 1cLr 22 PC 84.6 86.1
Self-Supervised Learning
Transformer [43] NeruIPs'17 PC 83.4 84.7
Transformer-OcCo [44] 1ccviai PC 83.4 85.1
Point-BERT [55] cvpr-22 PC 84.1 85.6
MaskPoint [25] gceviaz PC 84.4 86.0
Point-MAE [30] gccvian PC 84.2 86.1
PointGPT—S[4] NerulPS’23 PC 84.1 86.2
PM-MAE[23] tcsyT24 PC 84.3 85.9
Mamba3D+Point-MAE [14] acm mm24 PC 83.6 85.6
DAP-MAE(Ours) PC 84.9 86.3
ACT[7] ICLR’23 PC+I 84.7 86.1
RBCO[’I-fUH[35] ICML23 PC+I+T 84.9 86.4

MAE not only performs well on coarse-grained classifica-
tion tasks but also excels in fine-grained classification, high-
lighting its capability to address the domain gap problem.
Few-shot learning (Q). Table 3 shows the results of few-
shot learning, where each experiment undergoes 10 inde-
pendent trials, and the average result is reported. Our DAP-
MAE achieves the best performance among both single-
modal and cross-modal methods, reaching 97.5% on the
“5-way, 10-shot” and 98.9% on the “5-way, 20-shot” set-
tings. For the “10-way, 10-shot” setting, our method out-
performs all cross-modal methods and is only lower than
Point-FEMAE. These results demonstrate that DAP-MAE,
compared to other methods, maintains strong performance
even with limited fine-tuning data.

Part segmentation (0). Table 4 presents the results of ob-
ject part segmentation on the ShapeNetPart [2]. Among
all single-modal self-supervised methods, our DAP-MAE
achieved the highest mloU, and mloU;, reaching 84.9%
and 86.3%, respectively, with mloU. being 0.4% higher
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Table 5. 3D object detection on the ScanNetV2 dataset: The de-
tection performance using Average Precision (AP) at two different
IoU thresholds of 0.50 and 0.25, i.e., APso and AP35 are reported.
PM: pre-trained modality, PC: point cloud, I: image, T text.

Method PM SSL Input APso AP2s
VoteNet[34] ccv19 PC X xyz 335 58.6
PointContrast [49] gccviao PC v xyz 38.0 59.2
STRL [15] 1ccveai PC v xyz 384 595
RandomRooms [37] jccyv21 PC v xyz 362 613
DepthContrast[60] jccv21 PC v Xyz - 61.3
3DETR [27] ICCV’21 PC X Xyz 379 62.1
Point-BERT [55] cvpr'22 PC v xyz 383 61.0
MaskPoint[25] gccy2z PC v xyz 40.6 634
PiMAE[3] cvpr'23 PC+l Vv Xyz 394 62.6
ACTI[7] 1cLr 23 PC+l v xyz 421 638
DAP-MAE(Ours) PC v xyz 432 64.0

than the runner up. Additionally, DAP-MAE outperformed
existing supervised methods in the part segmentation task,
being slightly lower than the cross-modal method ReCon-
full only in the mIoU;. This experiment demonstrates the
effectiveness of our approach in segmentation tasks.

3D Object Detection (S). DAP-MAE was evaluated on
ScanNetV2 [6] for the indoor 3D object detection, using
the detection head of 3DETR [27]. Table 5 presents the
Average Precision (AP) of different methods on the vali-
dation set, at thresholds 0.25 and 0.50. Our DAP-MAE
achieved 64.0% APy5 and 43.2% AP5(, surpassing the base-
line 3DETR by 5.3% and 1.9%, respectively, achieving the
highest performance among all methods. Compared to Pi-
MAE [3], a special method for 3D object detection, our
DAP-MAE improves by 3.8% and 1.4% on the two met-
rics. Also, DAP-MAE outperforms the cross-modal ap-
proach ACT with gains of 1.1% and 0.2%, further demon-
strating its effectiveness. Furthermore, as shown in Tab. 2,
pre-training ReCon-SMC with cross-domain data leads to
a 0.2% AP5( drop compared to the same-domain version,
whereas DAP-MAE instead achieves a 0.5% improvement.

5.3. Ablation Study

In this section, we conduct ablation studies for the
cross-domain dataset (CD), heterogeneous domain adapter
(HDA), and domain feature generator (DFG) to demonstrate
their effectiveness in our DAP-MAE. All ablation studies
are conducted on object classification on ScanObjectNN
OBJ-BG. Table 6 presents the ablation results.

As the left side of Tab. 6 shows, the baseline model pre-
trained only on single-domain data, without CD, HDA, or
DFG, achieved an accuracy of 94.15% on the downstream
object classification task. When combined with CD and
pre-trained on a cross-domain dataset, the accuracy of the
fine-tuned model was 94.32%, which is only a slight im-
provement. If HDA or DFG is integrated, the model’s ac-
curacy can reach 94.66%. This indicates that HDA col-
laboratively enhances the model’s pre-training on cross-



Table 6. Left: Ablation Study of DAP-MAE on ScanObjectNN
(CD: cross-domain dataset, HDA: heterogeneous domain adapter,
DFG: domain feature generator). Right top: The effect of fusion
and w/o fusion in the HDA. Right bottom: Effect of using different
fusion modes for varying domain combinations.

CD HDA DFG OBJ.BG OBJ.BG
/o Fusion 94.66

94.15 w
j i i 041 Fusion 95.18

’ Fusion Mode O+F O+F+S
Voo X 9466 Adding 9259  92.94
o X v 9466 FC 94.84  93.80
v v v 9518 MLP 93.80  95.18

domain datasets, and DFG extracts domain features to guide
the model’s adaptation during fine-tuning for downstream
tasks, both effectively improving the model’s performance.
When HDA and DFG are used simultaneously, the model’s
accuracy further increases to 95.18%, which demonstrates
that, as HDA and DFG play roles at different stages of
DAP-MAE, they can collectively enhance the model’s per-
formance on the downstream task.

The right side of Tab. 6 presents the ablation results of
the fusion methods in HDA during the fine-tuning. As
shown in the upper right of Tab. 6, if HDA does not fuse
the different domain data from its three MLP and only uses
data from domain O, the object classification accuracy is
94.66%, which is 0.52% lower than that (95.18%) of the
model with fusion. In contrast, the lower right of Tab. 6
shows the impact of different fusion modes in HDA on the
model performance. One can observe that inappropriate fu-
sion modes in HDA during the fine-tuning significantly re-
duce the classification accuracy. For instance, when data of
the domain F and S are sequentially added to the data of
domain O in HDA, the object classification accuracy drops
from 94.66% to 92.59% and 92.94%, respectively. If us-
ing a fully connected layer (FC) to predict the fusion co-
efficients, and sequentially fusing data of another two do-
mains in HDA, object classification accuracies are 94.84%
and 93.80%, respectively. When using MLPs to predict the
fusion coefficients and fusing data from all three domains,
the highest accuracy reaches 95.18%. These results indi-
cate that inappropriate fusion modes in HDA may cause
the model to treat data from other domains as noise for the
downstream tasks, thereby reducing their accuracy.

During the fine-tuning phase of DAP-MAE, the domain
features d output by DFG, the class feature ¢, and the point
cloud feature F are input together into the downstream task
head, guiding and enhancing its performance. The left side
of Tab. 7 presents the results of different combinations of
these three features on downstream task. It can be ob-
served that the class feature ¢, domain feature d, and point
cloud feature F can all be used independently for the down-
stream object classification. In the pre-training phase, the
class feature c is trained in an unsupervised manner, result-
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Table 7. Left: Classification performance of DAP-MAE with dif-
ferent feature combinations fed into the downstream task head.
Right: Comparison of models’ #Params (M) and FLOPs (G).

c d/o F|OBJBG Method #P.(M) FL. (G)
vV X x| 9312 Point-MAE [30] 22.1 4.8
X v x| 93.80 Point-M2AE [58] 15.3 3.6
X X V| 9449 PointGPT-S [4] 19.5 -

v v x| 9328 ACT [7] 22.1 4.8
vV X V| 94.66 Point-FEMAE [57] 27.4 -

X v V| 9415 ReCon [35] (baseline) | 43.6 53
v v v| 9518 DAP-MAE (ours) 43.8 5.4

ing in a minimum accuracy of 93.12% when used indepen-
dently to fine-tune the object classification head. The do-
main feature d is supervised through contrastive learning
during the pre-training, achieving a classification accuracy
of 93.80% when used independently to fine-tune the classi-
fication head. The point cloud feature F is supervised by
reconstruction loss during the pre-training, which preserves
complete point cloud information, and achieves an accuracy
of 94.49% when used to fine-tune the classification head.
In the fine-tuning, combining these features generally im-
proves the accuracy of the downstream classification, i.e.
the highest accuracy reaches 95.18% when all three features
are used simultaneously.

The right side of Tab. 7 compares the number of pa-
rameters (#params) and computational complexity (FLOPs)
across different methods. We use ReCon [35], a dual-
branch transformer with 43.6M parameters and 5.3G
FLOPs, as the baseline because it enables us to better gen-
erate domain features. However, compared to ReCon, our
DAP-MAE increases the number of parameters by only
0.2M and computational complexity by 0.1G, while achiev-
ing better performance on more downstream tasks.

6. Conclusion and limitation

In this paper, we propose Domain-Adaptive Point Cloud
Masked Autoencoder (DAP-MAE), a unified framework
for general 3D point cloud analysis across multiple do-
mains. With a single pre-training on a cross-domain point
cloud dataset, DAP-MAE leverages a heterogeneous do-
main adapter and a domain feature generator to learn robust
and transferable representations, enabling effective adapta-
tion to diverse downstream tasks. Experimental results con-
firm the strong performance of DAP-MAE across various
tasks and domains. However, the current model lacks the
flexibility to incorporate new domains without retraining. In
future work, we plan to explore continual learning strategies
to enable domain expansion and improve cross-domain gen-
eralization, particularly in settings involving cross-modal
frameworks.
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