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Abstract

Unsupervised Domain Adaptation is crucial for point cloud learning due to geometric vari-
ations across different generation methods and sensors. To tackle this challenge, we pro-
pose Curvature Diversity-Driven Nuclear-Norm Wasserstein Domain Alignment
(CDND). We first introduce a Curvature Diversity-driven Deformation Reconstruction
(CurvRec) task, enabling the model to extract salient features from semantically rich re-
gions of a given point cloud. We then propose a theoretical framework for Deformation-based
Nuclear-norm Wasserstein Discrepancy (D-NWD), extending the Nuclear-norm Wasserstein
Discrepancy to original and deformed samples. Our theoretical analysis demonstrates that
D-NWD is effective for any deformation method. Empirical experiment results show that
our CDND achieves state-of-the-art performance by a noticeable margin over existing ap-
proaches.

1 Introduction

Adopting deep neural networks (DNNs) on point cloud representation learning has led to significant success
in various applications, including robotics Maturana & Scherer| (2015); [Duan et al.| (2021), autonomous
vehicles Mahjourian et al| (2018]); |Cui et al.| (2021), and scene understanding Zheng et al.| (2013); |Zhu
et al.| (2017)). Point clouds captured under varying settings can exhibit significant differences, resulting in
performance drops when DNNs are tested on data from settings different from the training set. In real-world
scenarios, this discrepancy is known as the domain gap. The naive solution is to retrain the model using a
new training dataset. However, obtaining labeled training data is both time-consuming and labor-intensive.
Unsupervised domain adaptation (UDA) offers a solution to tackle these issues by utilizing knowledge transfer
from source domains with annotated data to target domains with only unlabeled data. Although UDA is
well studied for 2D planner data, e.g., images, UDA for 3D point clouds has not been explored extensively
due to challenges such as the irregular, unstructured, and unordered nature of 3D point cloud data. Such
irregularities exacerbate geometric variations between the source and target domains compared to the 2D
planner data and make extending existing solutions nontrivial.

To address the above challenges, we propose Curvature Diversity-Driven Nuclear-Norm Wasserstein Domain
Alignment (CDND). Our first contribution is to develop a deformation reconstruction method that leverages
curvature diversity in different regions of a point cloud for domain alignment. We evaluate curvature diver-
sity based on the entropy that captures the saliency of each region. This metric is then used to select regions
for deformation and reconstruction. Unlike previous methods such as|Achituve et al.| (2021)), which randomly
select regions, our approach strategically selects them based on information content. Distinct from |[Zou et al.
(2021), which classifies selected high-curvature regions into a fixed set, we focus on deforming and recon-
structing regions with low curvature diversity. Our method avoids deforming semantically rich regions and
enables the feature extractor to focus on extracting features from these regions for improved generalization.

Our second contribution is a theoretical framework for the Deformation-based Nuclear-norm Wasserstein
Discrepancy (D-NWD). Unlike the conventional Nuclear-norm Wasserstein Discrepancy (NWD), D-NWD
incorporates features from both original and deformed samples to align the source and target domains. By
including features from deformed samples, D-NWD may create a diverse and robust feature space, enhancing
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model generalization under domain shifts. Notably, prior work has not provided a theoretical analysis
demonstrating that using the NWD to align features from both original and deformed (or augmented)
samples can improve performance on the target domain dataset. Our analysis is the first to demonstrate
the effectiveness of this strategy. Our theoretical framework shows that D-NWD effectively reduces the
domain gap between source and target domains. Furthermore, our analysis illustrates that D-NWD is
generic and adaptable to any deformation method, not just the one presented in this paper. Our theoretical
analysis is non-trivial since incorporating features from deformed samples requires us to establish entirely
new bounds and prove that the NWD remains effective in this expanded feature space spanning both original
and deformed samples. Experiments on common benchmarks for both classification and segmentation show
that our approach achieves SOTA performance compared to existing approaches.

2 Related Works

UDA for Point Clouds Despite extensive works on UDA for 2D planner image data|Ganin & Lempitsky
(2015); [Mansour et al.| (2008), only a limited number of studies |Qin et al.| (2019); |Achituve et al.| (2021));
Shen et al.|(2022); [Zou et al.| (2021); Liang et al. (2022); Chen et al.| (2023); Katageri et al.| (2024]); |Wei et al.
(2024) address UDA in point clouds and non-planner data spaces as extending methods for 2D data for point
clouds in non-trivial. Qin et al.|Qin et al.| (2019)) introduce PointDAN that integrates both local and global
domain alignment strategies. They also provide the PointDA benchmark for point cloud classification under
the UDA setting. Achituve et al. |Achituve et al.|(2021)) propose a domain alignment technique that involves
reconstruction from deformation and incorporates PointMixup [Chen et al.| (2020). They also introduce the
PointSegDA benchmark for point cloud segmentation under the UDA setting. Zou et al. |Zou et al.| (2021)
utilize two geometry-inspired self-supervised classification tasks to learn domain-invariant feature. Shen et
al. |Shen et al.| (2022) introduce a self-supervised method for learning geometry-aware implicit functions to
handle domain-specific variations effectively. Liang et al. |[Liang et al.| (2022)) propose a masked local 3D
structure prediction task that helps the model learn domain-invariant features by recovering masked parts of
the point cloud. Katageri et al. Katageri et al.| (2024) integrate contrastive learning with optimal transport
to align features across domains, improving domain consistency and discrimination simultaneously. Chen
et al. |Chen et al.| (2023) introduce a self-supervised boundary point prediction task to encourage the model
to focus on geometrically informative boundary regions, which are often robust to domain shifts. Wei et
al. [Wei et al.| (2024) develop a multi-scale part-based feature learning strategy to enhance both domain
generalization and adaptation by capturing local and global part-level information. These methods show
the growing interest in combining geometric cues with domain adaptation objectives. Our work differs by
introducing a principled deformation strategy based on curvature diversity, a sophisticated self-supervised
learning task, and a theoretical framework (D-NWD) that generalizes to any deformation method, leading
to state-of-the-art performance.

Optimal Transport for Domain Adaptation The Wasserstein metric, known for encoding the natu-
ral geometry of probability measures within optimal transport theory, has been extensively studied for its
application in domain adaptation due to its nice properties. Gautheron et al. |Gautheron et al. (2019)) pro-
pose Wasserstein Distance Guided Representation Learning to leverage the Wasserstein distance to enhance
similarities between embedded features. Methods introduced in [Lee et al.| (2019) and |Gabourie et al.| (2019)
use the sliced Wasserstein discrepancy instead of L; distance in Maximum Classifier Discrepancy [Saito et al.
(2018) to achieve a more geometrically meaningful intra-class divergence. Additionally, CGDM |Du et al.
(2021)) introduces cross-domain gradient discrepancy to further mitigate domain differences. DeepJ-DOT
Damodaran et al.|(2018]) utilizes a coupling matrix to map source samples to the target domain. Gautheron
et al.\Gautheron et al. (2019) propose a feature selection technique that addresses the domain shifts problem.
Moreover, Xu et al. Xu et al.[(2020) develop reliable weighted optimal transport, which uses spatial proto-
typical information and intra-domain structure to evaluate sample-level domain discrepancies, resulting in
a better pairwise optimal transport plan. Finally, Fatras et al. |Fatras et al| (2021) present an unbalanced
optimal transport method combined with a mini-batch strategy to efficiently learn from large-scale datasets.
In this work, we developed our D-NWD based on another previous method, NWD |Chen et al.| (2022]).
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3 Proposed Method

We begin by defining the unsupervised domain adaptation (UDA) problem, followed by an overview of our
UDA approach, called Curvature Diversity-Driven Nuclear-Norm Wasserstein Domain Alignment (CDND),
in Section We then present the details of our main contributions: (1) a Curvature Diversity-based
Deformation Reconstruction task, described in Sections and and (2) a theoretical framework for
D-NWD, which extends NWD to incorporate both original and deformed samples, as detailed in Section
and [l Note that our theoretical analysis is applicable to any deformation method used.

3.1 Problem Formulation

We consider a source domain with labeled samples and a target domain with unlabeled samples which has a
different data distribution. Our goal is to develop a UDA method to train a model that accurately predicts
labels for the target domain using both the source labeled dataset and the target unlabeled dataset. Let S
represent the source domain, where X! denotes the i-th batch of samples and y their corresponding labels.
Similarly, let 7 represent the target domain, where X; is the i-th batch of samples. The feature space
induced by S and 7T is denoted by €,. In addition, we introduce deformed domains S¢ and 7%, with their
feature space 0y. We assume that €, and Qg are disjoint subsets of R", i.e., Q,NQy = 0, with Q,UQy; C R™.
This assumption is generally valid in practice, as the probability of a deformed sample being exactly identical
to a original one is negligible. A point cloud from the source domain is denoted as s € R™*? and from the
target domain is x; € R™*3, where n is the number of points. The corresponding deformed point clouds are
denoted by z? and z¢.

The pipeline of our CDND is presented in Figure[I] Our model first uses a feature extractor E to obtain shape
features from both source and target point clouds. To minimize domain gaps and ensure domain-invariant
features, we: (1) use a curvature diversity-driven deformation reconstruction task via a reconstruction de-
coder hgsr, and (2) employ the D-NWD to align domains through a classifier C'. The aligned features are
then used for downstream tasks, i.e., point cloud classification and segmentation. The model is trained using
source-labeled and target-unlabeled data.

3.2 Curvature Diversity-Driven Deformation

To extract domain-invariant features from point clouds, three deformation strategies have been explored in
the literature |Achituve et al.|(2021): volume-based, feature-based, and sample-based, according to the way
of dividing point clouds into regions for deformation. Although these strategies use different techniques to
select regions for deformation, they all divide a point cloud into regions based on some spatial locations or
arrangements and uniformly randomly select regions to be deformed. However, uniformly random selection
may not be optimal as regions within a point cloud vary in their semantic richness, i.e., some regions contain
more semantic information that is generalizable across the domains, while some regions may be domain-
specific. These semantically rich regions are crucial for tasks such as classification, as they have more
distinguishable characteristics. For instance, to differentiate a point cloud of a plant from that of a lamp,
focusing on the leaves and flowers — which have richer semantic information — would be more effective
than focusing on the flower pot, which is similar to the base of a lamp. Thus, deforming regions with richer
semantic information causes the point cloud to lose semantic meaning, making it difficult for a classifier to
classify it. Our idea is to identify shared semantic information to improve model generalization in the target
domain. To encourage the feature extractor to prioritize regions with rich information, we propose deforming
regions that are less semantically rich. Our deformation strategy helps the model learn to extract features
from the most informative or salient regions of a point cloud.

To evaluate the richness of semantics, we propose using curvature diversity as a measurement. For the
curvature diversity-driven deformation, we adopt the following steps. First, we use Farthest Point Sampling
(FPS) Moenning & Dodgson| (2003)) to sample k center points as centers of k regions of a given point cloud.
Then, for each center point, we use k-Nearest Neighbor (k-NN) to select m nearest points. As a result, each
region is represented by a center point along with these m nearest points. Next, we select the N regions with
the smallest curvature diversity to deform. To deform these selected regions, we replace all the points within
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Figure 1: Pipeline of CDND. The inputs are the source batch X, and target batch X;. We first deform
them into X, and X, using Curvature Diversity-Based Deformation. Next, X, X3, Xs, and X, are sent into
a feature extractor. The features of deformed samples are fed into a reconstruction decoder to reconstruct
the deformed regions. For domain alignment, both original and deformed features are sent to D-NWD. Aside
from the two losses shown in the figure, a cross-entropy loss is computed on X and X, with labels. An
NWD loss LI on X; and X, is also computed to ensure prediction consistency between the target original
and deformed pairs.

these regions with new points. These new points are generated by sampling from a Gaussian distribution,
where the mean is set to the average position of all the original points in that region, and the variance is
set to 0.001. In Figure X, and X, represent the deformed samples, and the points shown in grayscale are
those drawn from the Gaussian distribution.

We compute point curvature using PCA . Specifically, we first select a small neighborhood
around each point and apply PCA to determine the principal directions and their eigenvalues. The curvature
is then calculated as ¢ = |Aminl|/ Zfil |A;|, where Apin is the smallest eigenvalue of the matrix, and K is
the number of eigenvalues. Larger variation in curvature indicates a more intricate geometry and more
significant shape changes within a region. The fourth lamp sample in the bottom row of Figure [[] illustrates
this property: regions with warmer colors represent areas of higher curvature diversity. To measure the
diversity or variation of curvature in a region, we propose to use entropy of curvature. Entropy effectively
captures the variations in curvature values, allowing quantifying the richness of semantics within a region.
Formally, we use the following to measure the curvature diversity:

j o i\ Npi ; i\ N i
C]min = gnln_{cz?}i:RlJ ) cznax = max_{cz?}i:RlJ ’
c,€ERI J e RI
‘ J Npi ‘ (1)
cl = L o ) H(Czlorm) = Z c ! IOg(Cj + 10_10)a
i,norm ijax _ijin_'_ 10-10 P 4,norm 4,norm

where, cf represents the curvatures of the i-th point in the j-th region of the point cloud which contains
Np; points in total. To standardize these values, we first calculate ¢/, and ¢/ ., which are the minimum
and maximum values of all curvatures within the j-th region, respectively. Using these values, we then

normalize the curvature values to be in [0, 1], denoted as {c }. Then, we calculate the curvature

,norm
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diversity H(c!,...) by applying entropyﬂ The point-wise curvature values are computed only once before
training. During training, we only compute the curvature diversity (entropy) for each region, based on these
precomputed curvature values. This avoids repeated curvature estimation and keeps the runtime overhead
minimal. Since curvature diversity calculation involves simple normalization and entropy over small regions,

its cost is negligible compared to the main training process.

3.3 Deformation Reconstruction Loss

After deforming the selected regions, we obtain a deformed point cloud z? from the original z. The deformed
input ¢ is processed by the feature extractor E to generate F(x?), which is then passed to a reconstruction
decoder hggy, to reconstruct z. The self-supervised loss Lss1, minimizes the distance between hgsy,(E(z%))
and z. We use the Chamfer distance in Lggr,, focusing on the original points in  within the deformed region
R and their reconstructions from x¢. Formally, let I C {1,2,...} represent the indices of the points in x N R,
and we define Lgg1, as follows:

Lsst= Y ({witier {hssL(E(@)i}ier) , (2)
(z,xzd,I)
where x; is the i-th point in the point cloud z and D denotes the Chamfer distance which is defined as:

DR Ro) = Y min la— b3+ Y min bl )
a€Ry beRy Tt

where D(R;, Ry) measures the discrepancy between point cloud regions Ri, Ry C R?. Note that when we
reconstruct only the deformed regions, we can also reduce computational burden and improve time efficiency.

3.4 Domain Alignment via D-NWD

We begin with introducing the 1-Wasserstein distance.

Definition 1 (1-Wasserstein distance). |[Adler & Lunz| (2018) The 1-Wasserstein distance
quantifies the minimal cost of transporting mass between two probability measures defined on the same
metric space. Let pn and v be two probability measures over a metric space (2, d), where d(z,y) denotes the
distance between points x and y in 2. Then the 1-Wasserstein distance is defined as:

Wiuv) = inf / d(z,y) dy(z,y), (4)
YEL(1,v) Jaxn

where T'(u,v) is the set of all couplings with marginals p and v; that is,

/Q (@, y) dy = p(o), /Q y(z,y) do = v(y).

The Kantorovich—Rubinstein duality further states that the 1-Wasserstein distance can be expressed in a dual
form as:

Wy (/’h V) = sup ]EwNM[h(m)] - EINIJ[h(m)L (5)
Ihll<Kr

where the supremum is taken over all functions h : Q — R with Lipschitz constant at most Kp, i.e.,

|h(z) = h(y)|
d(z,y)

The Nuclear-norm Wasserstein Discrepancy (NWD)|Chen et al.| (2022)) belongs to the family of 1-Wasserstein
distances, with sophisticatedly chosen h’s. Below, we present the form of h in NWD. Consider a prediction

[hllz = sup <Kp. (6)
TFY

1Rigorously speaking, {C‘Z nOrm} is an un-normalized distribution without being divided by a partition function or normal-

ization constant, but it does not affect our claim of curvature diversity.
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matrix P € R*>*M predicted by the classifier C', where b is the number of samples in a batch and M is
the number of classes. The non-negative self-correlation matrix Z € RM*M is computed as Z = PTP.
The intra-class correlation I, is defined as the sum of the main diagonal elements of Z, and the inter-class
correlation I, is the sum of all the off-diagonal elements of Z:

M M
Ia:ZZ“», IE:ZZM.
i=1

i#]

In the source domain, I, is large, and I is relatively small because most samples are correctly classified.
Conversely, in the target domain, I, is small, and I, is relatively large due to the large error from the lack
of supervised training on the target domain. Hence, I, — I. can represent the discrepancy between the two
domains, as I, — I, is large for the source domain but small for the target domain. Note that I, = | P||%
can be represented as the squared Frobenius norm of P, and thus I, — I, = 2||P||% — b. E| We can rewrite
P, = C(Fy) and P; = C(F}), where F, and F; are feature representation batches from the source and target
domains, respectively. We find ||C||r gives high scores to the source domain and low scores to the target
domain. Thus, we can set h in Eq. [5| to be |C||r and represent the domain discrepancy as:

Wr(vs,vi) = sup  Epw [|[C(FS)[ F] = Erm [[C(F| ],
lelrliz<K

where v, is the probability measure for features of samples in S and 1 is the probability measure for features
of samples in 7. To enhance prediction diversity, the Frobenius norm can be replaced with the nuclear norm,
which maximizes the rank of P while still being bounded by the Frobenius norm |Chen et al. (2022)). Thus,
the domain discrepancy can be rewritten as:

W (vs,ve) = sup Ep .|
HCl«llL <KL

C(F)ll] = Epmu [IC(fo)lls]- (7)

The Eq. [7]is the formal definition of NWD, where C' denotes the classifier, and || - ||« represents the nuclear
norm. In the NWD paper, empirically, NWD can be approximate by Lnwp:

Bg By
1 - i 1 7
Lxw = 52 ICED] =~ 5 > ICED].
S =1 i=1

where F! ~ v, are the features for the i-th source batch and F} ~ vy are the features for the i-th target

batch. Bj is the number of training batches in the source domain and B; is the number of training batches
in the target domain.

i L 8

min max Lxwp (8)

Then, the domain alignment is achieved through a min-max game presented in Eq.

Now, we introduce our second component, Deformation-based Nuclear-norm Wasserstein Discrepancy (D-
NWD). From the previous sections, the curvature diversity-driven deformation reconstruction helps reduce
the domain gap between the source and target domains. To further complete classification or segmentation
tasks in the presence of the domain gap, we propose D-NWD to align domains, as inspired by NWD |[Chen
et al.| (2022)). Our D-NWD objective is defined as:

WN(VsUsdthUtd) = sup Eﬁ‘ [HC(FS)H*] _Eﬁ‘tr\/l/

~v 4
Ml o<k —° s

ICE], 9)

tutd

Here, v, ¢ and vy e are probability measures defined over 2, U 4, for the features from samples in the
original and deformed source and target domains. We align the probability measure of features from the
original and deformed samples in the source domain with that of the target domain. Our motivation is that
taking features from deformed samples into account would provide a richer, more robust feature space, reduce
overfitting, and increase the model’s adaptability to variations inherent in data. This technique differs from

2We have Zﬁl Zij=1,Vie{l,--- ,b} and j € {1,--- , M}, and thus I, + I = b|Chen et al.| (2022).
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using NWD, which aligns v and v, defined over €2, the probability measures for the features from samples
in the original source and target domains. Empirically, our objective in Eq. [9] be approximated by L£p nwb:

B,
1 = Z 7/
Lp-NwD = B, _i 1 |C(ED)]. E IC(ED] -, (10)

F; ~ Vg sa Tepresents the features for the i-th source batch and Z:}Z ~ vy pa represents the features for the i-th
target batch. In practice, we obtain the original and deformed samples by first sampling from the original
domain and then generating the corresponding deformed versions. The alignment is then performed through
a min-max game, described in the following:

i Lp. . 11
min max Lp-NwD (11)

To avoid alternating updates, we employ a Gradient Reverse Layer|Ganin et al.| (2016)), following the approach
in [Chen et al.| (2022), to make the learned features discriminative and domain-agnostic.

3.5 Overall Loss

In addition to deformation and domain alignment loss defined in Eq.[2|and Eq. we use a cross-entropy loss
Lcps on both the original and the deformed source domain samples for supervised training of the classifier:

B
1 = s .
Lows = - ;L:CEMF;),Y;), (12)

where Y/ are labels for batch F?. Since we have no access to the ground-truth labels for the target domain
data, it is impossible to use the supervised cross-entropy loss as in Eq. on samples from 7 and 7. One
straightforward alternative is to adopt pseudo-labels as in |[Fan et al.| (2022); |Liang et al.| (2022); [Zou et al.
(2021)); |Shen et al.| (2022). However, this strategy has the risk that the classifier might mistakenly predict
target samples as the major classes of the source domain. Instead, we use NWD to ensure consistency in
predictions between 7 and T9. Thus, we define a target domain loss L{ywp as:

Lo = 5 Z o)l Z o] (13)

where F? va ~ Vo denotes the deformed target domain batch and F} ~ v, denotes the original target domain
batch. Comblmng Eq.[2} Eq.[12] Eq.[1I] and Eq. [I3] together, our overall objective loss is:

min «aLcrs + YLssL
E,hssL,C K ’

. (14)
min max B1Lp-NwD + B2 LywD >

where o, 7, 61, B2 can be tuned using the target domain validation set and setting details can be found in
Appendix Note that Lp.ywp and ENWD serve distinct and complementary purposes in Equation
Lp.Nwp is speaﬁcally used to minimize the domain gap between source and target features, while Llywp
is used to improve prediction consistency between original and deformed target distributions, functioning
similarly to a cross-entropy loss between pseudo-labels and predicted labels on target samples. We use NWD
over pseudo-labeling since the latter can reinforce incorrect predictions when the classifier is biased toward
majority source domain classes.

4 Theoretical Analysis

In this section, we present our theoretical contribution for D-NWD, demonstrating the effectiveness of
extending NWD to both original and deformed samples. We provide new bounds in Theorems 1 and 2
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along with their non-trivial proofs. Following [Ben-David et al.| (2006]) and |Chen et al.| (2022]), we perform
our analysis in a binary classification scenario, which can be easily adapted to multi-class classification
through reduction techniques such as one-vs-all |Rifkin & Klautaul (2004) or one-vs-one |Allwein et al.| (2000))
approaches. Consider {C' : R™ — [0, 1]} as a set of source classifiers within the hypothesis space H. Let v,
defined on €, be the probability measure of original source domain and v, defined on 4 be the probability
measure of deformed source domain. We define v; and v{ in a similar way. The risk or error of classifier C
on the original source domain is defined as €5(C') = Ey <, [|C(fs) — ys|], where y, is the label associated
with the feature f;. We then define e,,,(C) =E [|C(fs) — s, where g, is the label associated with

fsNVSUSd

PN

fs. Similarly, we define €;(C), g4 (C) as the errors on the target domain. The optimal classifier is defined
as C* = argming 4,4 (C) + £¢(C) which minimizes the combined error across v,z and v;. Our Theorem
1 demonstrates that the expected target error &:(C) can be bounded by the D-NWD on v, and vy,
Wi (Vgusd, Vpuga ). Building on Theorem 1, we derive Theorem 2. Theorem 2 establishes that £;(C) can be
bounded by D-NWD on empirical probability measures Dy e and Dy pa, W (Dgsa, Ppre). All proofs can

be found in Appendix

Theorem 1. Let (Qo, Fo,vs), (QayFasVsa), (QoyFo,vt), and (Qa, Fa,vea) be four probability spaces,
where Q, and Qq are disjoint and Q, U Qq CR™. With the results of Lemma 1, let (2, U Qq, Fy, Vsusa) and
(Qo U Qqg, Fu, vyuea) be two probability spaces with probability measures defined as vy ea = 1/2vs + 1/204a
and vy e = 1/2v + 1/2v4. Specifically, when sampling from vy, there is an equal probability of 1/2 to
sample from vy or va. Similarly, sampling from vy 4 gives an equal probability of 1/2 to draw from vs or
vea. Consider a classifier C € Hy and an ideal classifier C* = argming €,,,4(C) + €:(C) satisfying the
K, -Lipschitz constraint, where Hi is a subspace of the hypothesis space H. For every classifier C' in Hi,
the following inequality holds:

£1(C) < 26405 (C) + 4K - W (Vsusd, Vega) + 1", (15)

where n* = 2e,,,a(C*) 4+ £:(C*) is the ideal combined error and is a sufficiently small constant.

Theorem 2. Under the assumption of Theorem 1, Q, and Q4 are disjoint and Q, U Qg C R™. Let
(Qo U Qay Fuy Veusa) and (2o U Qq, Fu, Vyea) be two probability spaces with vy ga = 1/2v5 + 1/2v4a and
Vigre = 1/2vp + 1/2u0a, where vg,vga, vy, Ve each has a square-exponential moment. From Lemma 8 and
4, Veuga satsifies T1(ns) for some ns and vy e satsifies Ti(ne) for some 1. Let {f;}ZN;l and {ft’}f\;ﬁl be

. .. . ~ 1 N
two sample sets of size Ny and Ny drawn i.i.d from vy g4 and vy e, respectively. Dy ga = ~ it 5};; and

Dypd = N% Zf\]:tl 5fZ are associated empirical probability measures. Then, for anyn’ > n andn’ < min(ns,n;),

there exists a constant No depending on n' such that for any 6 > 0 and min(N,, N) > Ny max((;*("l”), 1),
with probability at least 1 — 8, the following holds for all C':

N . " 2 1 1 1
€1(C) < 26,054 (C) + 4K - WN(Dguse, Dyuga) + 1" + 4K, - \/ W log 3 <\/ A 14/ Nt> ; (16)

where N* = 2e,,,a(C*) + €:(C*) is the ideal combined error and is a sufficiently small constant.

Equation [16] justifies why our method can be effective empirically. Specifically, n* are sufficiently small
constants for relevant domains with consistent labels because it is the error corresponding to the ideal

classifier C*. The term , /% log% (, / Ni + ,/N%) is also a small constant when training dataset sizes, N,

and Ny, are large. €,,4(C) is minimized by a supervised classification loss, since source domain samples have
labels. Therefore, the primary objective is to minimize Wy (9,44, P55 ), our D-NWD on empirical measures
Dyusd and Dy ;a. Hence, minimizing Wi (D444, Py ) can reduce error on the original target domain 7 and
improve the model’s performance on the target domain. It is important to note that our theoretical analysis
is not intended to prove that D-NWD is superior to NWD. A direct comparison between NWD and D-NWD
is not feasible, as they apply to different probability measures: Dy ga, Py e for D-NWD and o5, 7, for NWD.
Our theoretical contribution lies in showing that, regardless of the deformation method used, optimizing D-
NWD on 4 and 2, e can effectively reduce error on samples from 7. In other words, D-NWD mitigates
the negative effects of domain gaps and enhances performance on the original target domain 7. Note that
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We use equal mixture weights—specifically, a 11 ratio—in the probability measure (e.g., %1/3 + %Vg) to
simplify the implementation. However, this assumption is not essential for the validity of our conclusions.
The theoretical results can be generalized to arbitrary sampling ratios by adjusting the mixture weights
in the probability measures accordingly. In such cases, the only change would be in the constant factors
reflecting the updated contribution from each component in the mixture. The core theoretical framework

and its implications remain intact.

5 Experiments

We evaluate our method on the PointDA-10 Qin et al| (2019) dataset, a domain adaptation dataset
for point cloud classification, and on PointSegDA |Achituve et al.| (2021)), a dataset for point cloud seg-
mentation. For the PointDA-10 dataset, we compare our approach against the state-of-the-art methods
for point cloud domain adaptation, including DANN |Ganin et al.| (2016), PointDAN |Qin et al. (2019),
RS [Sauder & Sievers| (2019), DefRec+PCM |Achituve et al.| (2021), GAST [Zou et al.| (2021), Implic-
itPCDA [Shen et al.| (2022), and the most recent method with publicly available code, PCFEA |Wang &
el al (2025). Note that many recent methods do not provide code for reproducibility, which limits their
inclusion. For the PointSegDA dataset, we compare our method with RS, DefRec+PCM, GAST, Im-
plicitPCDA, and Adapt-SegMap [Tsai et al.| (2018). Unfortunately, no suitable methods from the past
1-2 years with available code are applicable to this dataset. For both datasets, we also evaluate two upper
bounds: Supervised-T, which involves training exclusively on labeled target samples, and Supervised,
which uses both labeled source and target samples. Additionally, we assess a lower bound, Unsupervised,
which utilizes only labeled source samples.

Additionally, for the PointDA-10 dataset, we incorporate Self-Paced Self-Training (SPST) into GAST, Im-
plicitPCDA, and our method, as SPST is originally included in both GAST and ImplicitPCDA. We exclude
SPST for the PointSegDA dataset. SPST typically relies on ranking training samples by difficulty and
gradually incorporating harder examples into training. The training samples for point cloud segmentation
tasks are points in point clouds. However, mloU is a global metric that evaluates performance across an
entire point cloud, making it challenging to assign difficulty scores to individual points in a point cloud. The
mechanism of SPST mismatches the per-point cloud, rather than per-point, evaluation criterion of mloU.
Hyperparameter settings and implementation details can be found in Appendix

5.1 Datasets

We use PointDA-10 and PointSegDA datasets in our experiments. PointDA-10 consists of three do-
mains: ShapeNet-10 (Chang et al.| (2015]), ModelNet-10 Wu et al.| (2015), and ScanNet-10 [Dai et al.| (2017)),
each sharing ten distinct classes. PointSegDA consists of four domains: ADOBE, FAUST, MIT, and
SCAPE. These domains share eight distinct classes of human body parts but vary in point distribution,
pose, and scanned humans.

5.2 Training Scheme

We use DGCNN as the feature extractor |Achituve et al. (2021) for fair comparison. We repeat our ex-
periments three times using distinct random seeds for initialization and report the average accuracy and
standard deviation. To ensure a fair comparison, we maintain the same seed for data shuffling and use the
Adam optimizer Kingma & Ba/ (2014)) for optimization.

5.3 Comparative Results

Results on PointDA. The results are presented in Table[l} We use ST to represent the ScanNet dataset,
M to represent ModelNet, and S to represent the ShapeNet dataset. MS, SM, etc. are the abbreviated
source and target domain pairs. The CDND model shows significant improvement over the other approaches
on the PointDA-10 dataset with the highest average accuracy of 70.3%, outperforming all other models.
CDND delivers state-of-the-art performance on five out of six tasks. It excels in tasks with a large domain
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Models MS Ms+t SM Sst ST™M sts Avg
Supervised-T 93.940.2 78.4106 96.240.1 78.4+06 96.240.4 93.940.2 89.5
Unsupervised 83.3+0.7 43.842.3 75.541.8 4254114 63.843.9 64.210.8 62.2
DANN |Ganin et al.|(2016) 75.340.6 41.540.2 62.541.4 46.142.8 53.341.2 63.2141.2 57.0
PointDAN |Qin et al.|(2019) 82.540.8 47.T1.0 77.0410.3 48 5491 55.6+0.6 67.240.7 63.1
RS |Sauder & Sievers|(2019) 81.5+41.2 35.245.9 71.941.4 39.840.7 61.04+3.3 63.6+3.4 58.8
DefRec+PCM |Achituve et al. (2021:' 81.740.6 51.840.3 78.6+0.7 54.540.3 73. 7116 711414 68.6
PCFEA [Wang & el al|(2025) 84.441.1 4794909 718419 471407 71.8474 681421 65.2
GAST Zou et al. (2021) 82~3i0.6 53.0i1,1 72.611,9 47.6i1_5 64.6i145 66.8i0,6 64.5
GAST+SPST 84.540.5 541418 80.14+4.6 46.7+0.6 81.541.7 66.7+1.1 68.9
ImplicitPCDA [Shen et al.|(2022) 795404  41.741.3 729410 47.5129 67.6452 66.4109 62.6
ImplicitPCDA+SPST 81.3+22  33.24134 732434  38.0446 669477 75.0427 61.3
CDND 84.1+0.3 58.T+0s 76.2400 55.7T+10 751415 72.041.9 70.3
CDND+SPST 85.4411 57.64+13 85.0422 54.5411 82.64097 74.6144 T73.3

Table 1: Performance results (accuracy) on PointDA-10 dataset.

Models MS Mst SM Sst StM sts Avg
NWD 83.310.7 46.7117 755118 489425 63.8439 66.7119 64.2
DefRec 83.4410.5 469423 74.540.9 46.3+0.6 67.712.3 64.010.8 64.0
DefRec+NWD 83.4105 51.2+43.0 74.510.9 53. 7438 67.742.3 68.542.4 66.5
DefRec+D-NWD 83.4105 53.1i23 T4.5109 H54.6410 67.T123 674101 66.8
CurvRec(S)-High 83.8+0.9 52.0414 78.0410 4594135 72.541.4 66.74+1.1 66.5
CurvRec(S)-Low 83.140.0 53.0+1.0 74.940.8 44.741 2 74.840.9 65.9+0.2 66.1
CurVRec(En)—High 82.9i1,5 52.1104 77.0i0,3 46.7i1,0 70~9i0A6 65.8i044 65.9
CurvRec 84.1103 52.2413 76.210.0 50.1403 75.1115 66.4415 67.4
CurvRec+PCM 83.0+0.5 53.7+1.0 74.010.6 54.841.1 73.841.1 76.840.9 69.4
CurvRec+NWD 84.1102 54.3422 76.240.0 52.742.1 751415 70.6422 68.8
CDND, B2 =0 84.140.3 574412 76.2+00 55.T+o2 751415 69.941.7 69.7

CDND (curvRec+D-NwD) 84.1403 58.T+03 76.240.0 55.7T+10 75.1115 72.041.9 70.3

Table 2: Ablation study results (accuracy) on PointDA-10 dataset.

gap, such as MS™, STM, SS*, and S*S. In these tasks, one domain is a synthetic dataset, and the other
domain is a real-world dataset. This shows its proficiency in handling complex transformations. Especially,
CDND scores 58.7% on MS™, outperforming the second-best method by approximately 6%. Additionally,
CDND maintains competitive accuracy in tasks with a small domain gap, such as SM and MS, with scores of
84.1% and 76.2%, respectively. With SPST, the performance is further improved, as CDND+SPST achieves
73.3%, outperforming GAST+SPST by 4.4% and ImplicitPCDA+SPST by 12%. Note that plain CDND
also outperforms both GAST+SPST and ImplicitPCDA+SPST on average. The performance of CDND
across various tasks highlights its ability to adapt to diverse domain challenges, making it a promising choice
for point cloud classification in the UDA setting.

Results on PointSegDA.. The results are presented in Table[3] We use A to represent the ADOBE dataset,
F to represent the FAUST dataset, M to represent the MIT dataset, and S to represent the SCAPE dataset.
AF, FA, etc. are the abbreviated source and target domain pairs. On the PointSegDA benchmark, CDND
achieves the highest average score of 59.9%, which surpasses the second-best method, RS, by a margin of
2.0%, which is significant in terms of mIoU on the segmentation task. Its superior performance is particularly
evident in MA and SA tasks; in the MA task, CDND achieves a mIoU of 68.6, outperforming RS by 9%.
Similarly, in the SA task, CDND secures a mlIoU of 77.5, which is around 7% higher than RS. These results
showcase its adaptability and learning capability. Additionally, in the FA task, CDND achieves a score of
81.5, even slightly surpassing the supervised baseline. In other tasks, i.e., FM, AS, and SM tasks, CDND
either matches or comes very close to the top-performing models, validating its status as a consistently high-
performing model. In Appendix [AZ3] we have visualization results to highlight the qualitative differences.
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Models FA FM FS MA MF MS AF AM AS SA SF SM AVG

Supervised 80.917,2 81.8i0(3 82.4i12 80.917,2 84.0i1A3 82.4i1,2 84-0i148 81.8:‘:0‘3 82.411.2 80-9i72 84-0i1A8 81.810,3 82.3
Unsupervised 78.5+0.4 60.9+0.6 66.5+0.6 26.6+3.5 33.6+1.3 69.941.2 38.542.2 31.241.4 30.043.6 74.141.0 68.442.4 64.540.5 53.6

AdaptSegMap 70.5i3,4 60-1i0A6 65.3i1A3 49.119_7 54.0i()‘5 62.8i7,6 44-2i1A735-4i0A3 35.111,4 70.1i2(5 67.7i1A4 63.811.2 56.5
RS 78.7+0.5 60.7T+0.4 66.94+0.459.6+5.0 38.442.1 70.4+1.044.0+0.6 30.4+0.5 36.6+0.8 70.7+0.8 73.0+1.565.3+1.357.9
DefRec+PCM 78.810,2 60.9i0‘863.6i01 48.110,4 48.6i24 70-1i0,8 46.9i1(0 33-2i()‘3 37.610,1 66.3i1(7 66.5i1A0 62.610,2 56.9
GAST 76.74+2.3 55.041.0 60.3+1.0 52.144.4 35.240.4 69.641.2 43.343.7 25.9+3.6 30.844.0 57.4410.666.141.3 64.640.5 53.1
ImplicitPCDA 47.540.6 53.2+1.0 54.243.4 51.141.6 64.04+1.356.144.2 44.14+0.9 42.3+1.340.54+1.249.742.1 70.641.4 55.042.5 52.4

CDND 81.549.060.740.5 61.440.5 68.64+1.447.241.4 67.7+1.4 43.640.5 35.342.2040.141.5 77.54+0.570.4+1.1 65.140.3 59.9

Table 3: Performance results (mIOU) on PointSegDA dataset.

Overall, the performance improvement of our method, while consistent, is less pronounced compared to the
results on PointDA-10. This is primarily due to the nature of the segmentation task, which involves fine-
grained, per-point predictions. Our curvature diversity-driven deformation focuses on regional semantics and
is more directly beneficial for object-level classification tasks. It is worth noting that other state-of-the-art
methods also report smaller margins on PointSegDA. Nevertheless, our method still achieves the highest
average mloU, demonstrating its effectiveness in segmentation settings.

Source Features Target Features Before Adaptation Target Features After Adaptation
25 . & 25
20 k 20 i g

SR -

Figure 2: UMAP visualizations depict pre-activation data representations for the MS™ task, with different
colors denoting different classes. The center plot shows the target domain test data representations generated
from a model trained on the source dataset without any adaptation. The left and right plots show the source
and target domain data representations after adaptation using CDND.

5.4 Ablation Study

To demonstrate the effectiveness of each component of CDND, we conduct ablative studies on the PointDA-10
dataset. There are several ways to evaluate curvature diversity. While standard deviation is commonly used
to evaluate the diversity of data points, we propose using entropy. We compare our entropy-based approach
(CurvRec(En)) with a standard deviation-based method (CurvRec(S)). To validate our hypothesis that
focusing on low curvature diversity regions can improve performance, we investigate the impact of deform-
ing areas with both high (CurvRec(En)+High, CurvRec(S)+High) and low (CurvRec, CurvRec(S)+Low)
curvature diversity.

Effectiveness of CurvRec. We compare against CurvRec(En) variants with CurvRec(S) variants in
Table 2l We observe a distinct difference between CurvRec(En)-High and CurvRec. In contrast, there is
a much less distinction between CurvRec(S)-High and CurvRec(S)-Low. This observation suggests that
entropy is a superior method for evaluating curvature diversity in regions. Notably, all CurvRec measures
outperform DefRec, regardless of whether the focus is on high or low curvature diversity. However, CurvRec
outperforms CurvRec(En)-High, showing that is is more effective to deform low curvature regions. Compared
to the plain NWD, all CurvRec variants perform better than plain NWD. Specifically, CurvRec surpasses
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DefRec and NWD by approximately 3%. Though CurvRec demonstrates better performance overall, it
does not outperform our proposed CDND. CDND (CurvRec +D-NWD), outperforms all CurvRec variants,
DefRec variants, and plain NWD. This highlights the effectiveness of our D-NWD loss. Compared to CurvRec
only, integrating with D-NWD improves average performance by 2.9%, with specific gains of 6.5% on MS*
and 5.6% on SST.

Effectiveness of D-NWD. To illustrate the effectiveness of our D-NWD, we first compare CDND with
two alternatives: CurvRec+PCM, which replaces D-NWD with PCM (PointMixup), and CurvRec+NWD.
On average, CDND outperforms both methods. Specifically, compared to CurvRec+PCM, CDND achieves
improvements of approximately 5% on MS™, and 1% to 2% on SST, MS, and SM. When compared to
CurvRec+NWD, CDND surpasses 4.4% on MS™, 3% on SS™, and 1.4% on S*S. To further demonstrate the
generalizability of D-NWD across different deformation methods, we include results for DefRec+D-NWD and
DefRec+NWD. Compared to plain DefRec, DefRec+D-NWD achieves an overall improvement of 2.8%, with
notable gains of 6.2% on MS™T, 3.4% on STS, and 8.3% on SST. Moreover, DefRec+D-NWD consistently
outperforms DefRec+NWD on MST and STS, as well as on average, although the margin is relatively
small. Note that our theoretical analysis proves that D-NWD effectively reduces domain discrepancy across
various deformation methods, but the degree to which it outperforms NWD depends on the deformation
quality. With a well-designed deformations method like our proposed CurvRec, D-NWD can outperform
NWD significantly. While D-NWD is crucial for tasks with large domain gaps (e.g., MS™, S*S, SST), its
advantages are less significant in tasks with smaller domain gaps (e.g., MS, SM, STM), where CurvRec
or DefRec alone already perform strongly. In these cases, plain CurvRec or DefRec performs better, so we
retain their performance for MS, SM, and STM. Additionally, we test the use of Lxywp without adding £§WD
to enhance consistency in the predictions of original target domain samples and deformed target domain
samples, which corresponds to CDND with g5 = 0. CDND with S = 0 shows only a minor performance
decrease compared to CDND, indicating that D-NWD is the primary contributor to good performance.

5.5 Analytic Experiments

We conduct analytical experiments to gain deeper insights into the effectiveness of our approach. Specifically,
we assess how CDND impacts the distribution of the target domain in the classifier’s output space for the
challenging ModelNet to ScanNet task (MS™); ModelNet is a synthetic dataset, while ScanNet is a real-
world dataset, making the domain shift between them particularly challenging. We used UMAP to visualize
and compare data representations of validation data from the source domain and test data from the target
domain, both before and after applying CDND. Figure [2] shows each point as a data representation in the
classifier’s output space before softmax activation, with different colors denoting different classes. The middle
plot in Figure [2]illustrates that, prior to adaptation, the classifier struggles with the target domain data, as
points from different classes are heavily intermixed. However, after applying CDND, the class boundaries
become more distinct, and the distribution of target domain representations aligns well with that of the
source domain. This improvement is visible in the left and right plots of Figure [2] where the arrangement
of points shows a more distinct pattern across both domains. In other words, we see that the feature
space becomes domain-agnostic. This visualization demonstrates CDND’s efficacy in reducing domain shift-
induced performance degradation and enhancing class distinction. More UMAP visualization analysis
of other baselines can be found in Appendix

6 Conclusion

We developed a new unsupervised domain adaptation approach for point cloud data. Our method inte-
grates curvature diversity-based deformation with Deformation-based D-NWD to mitigate target domain
performance degradation. Our theoretical analysis of D-NWD shows it minimizes an upper bound for target
domain error. Additionally, we show that D-NWD can be applied to any deformation method. Experiments
indicate that our approach surpasses SOTA methods on two point cloud benchmarks. Ablation studies con-
firm that both components of CDND are necessary for optimal performance. Future works include scenarios
when source domain data is not accessible due to privacy or security concerns, or when the domains share
only a subset of their classes.
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A Appendix

A.1 Proofs for Theorems

In this section, we first prove Theorem 1, which serves as the foundation for Theorem 2. Our proofs are
structured as follows: we begin by proving Lemma 1, which supports a key assumption in Theorem 1. Next,
we present the proof of Theorem 1. After proving Theorem 1, we prove Lemma 4 and conclude with the
proof of Theorem 2.

Definition 2 (Probability Spacce). Durrett| (2019) A probability space is a triple (Q,F,v).
represents the sample space, the set of all possible outcomes. JF represents the set of events and is a
o-algebra, which is a nonempty collection of subsets of Q. F is closed under complements and countable
unions. v represents a probability measure on the measurable space (0, F). It is a function v : F — [0,1]
that assigns to each event A € F a real value v(A) (the probability of A). v satisfies the following three
axioms:

o Non-negativity: For every A € F, v(A) > v(0) = 0.
o Normalization: v(Q) = 1.

o o-additivity (Countable Additivity): For any countable sequence of pairwise disjoint events
Al,AQ,Ag,"' e F (where A; ﬂAj =0 fO’f'i #]),

Lemma 1. Let (1, F1,v1) and (Qo, Fo, ) be two probability spaces, where Q1, Qs are two disjoint sample
spaces. Let p1,pa € [0,1] be constants such that p1 + pa = 1. Let (03, F3) be a measurable space, where F3
is the o-algebra on Q3 = Q1 UQy. Then, the measure vs defined on the measurable space (23, F3) as:

V3(A) :p1V1(A091)+p2V2(AﬂQQ), VA € Fs,

is a probability measure on (Q3, F3).

Proof. Since v and v are probability measures, they satisfy v1(B) > 0 for all B € F; and v5(C) > 0 for all
C € F,. For any set A € F3, we have:

1/3(A) = prl(A n Ql) —|—p21/2(A N Qg)

Given that p1,pa > 0 and 11 (AN Q) > 0 and va(A N Q) > 0, it follows that v(4) > 0. Thus, v is
non-negative. Then, we need to show that v(€; UQ3) = 1. Consider:

V3(Ql U Qg) = plyl((Ql U QQ) N Ql) +p21/2((Ql U QQ) N Qg)
Since (21 UQ) N =Q; and (3 UQ) NQ = N, and 11 (1) = 1 and v5(23) = 1, we have:
v3(UQ) =p1-1+p2-1=p1+p2=1.

Thus, v3 is normalized. Let {4;}52, be a countable collection of pairwise disjoint sets in F3. By definition

of s,
(@) (39 ) (@) )

Since the A; are pairwise disjoint, (J;2; 4;) N = Usey (A; NQy), and similarly for Q5. Using the o-

additivity of v, and vs:
pin <U(Az N Ql)) =p1 Z Vl(AZ' n Ql),

i=1 =1
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p2v2 <U(Az N Qz)) = P2 Z va(A; N Q).

i=1 i=1
Thus,

< ) =p1>_ (AN Q) +p2 Y va(ANQ2) = (pva(Ai N ) + pava(A; N Q).
i=1

i=1 i=1

Since v3(A;) = p1vi(A; N Q) + para(A4; N D), we get:

y (U Al-> =Y 4
i=1 i=1

Thus, v3 satisfies o-additivity. Since v3 satisfies non-negativity, normalization, and o-additivity, by definition,
v3 is a valid probability measure.
Now, for the following Lemmas and Theorems, we define:

53(017 02) = ]EfsNVs HOl(fS) - C2(fs)|] s

est(C1,C2) =B, C1(fo) = Ca(f)]] -
where Cq,Cy are two classifiers. We define ;(C1, Cs) and e,44(C1, C2) in the same manner.
Lemma 2 (Lemma 1 |Chen et al.| (2022)). Let v,v/ be two probability measures on (2, F). Let
d(z,y) be the distance between x ~ v and y ~ V. Wy represents the NWD. Given a family of classifiers

C € Hy and a ideal classifier C* € Hy satisfying the K -Lipschitz constraint, where Hy is a subspace of H,
the following holds for every C,C* € H;.

|E(C, C*) — E/(C, C*)‘ S QKL . VV]\](I/l7 VQ),

where € is the error on v and €' is the error on v'.

Theorem 1. Let (Qo, Fo,vs), (QayFasVsa), (QoyFo,vt), and (Qa, Fa,vea) be four probability spaces,
where Q, and Qq are disjoint and Q, U Qq CR™. With the results of Lemma 1, let (2, U Qq, Fu, Vsusa) and
(Qo U Qq, Fu, vyuea) be two probability spaces with probability measures defined as vy ,a = 1/2vs + 1/204a
and vy = 1/2vp + 1/2v4. Specifically, when sampling from vy, there is an equal probability of 1/2 to
sample from vy or via. Similarly, sampling from vy . gives an equal probability of 1/2 to draw from v, or
vea. Consider a classifier C € Hy and an ideal classifier C* = argming €,,,4(C) + €:(C) satisfying the

K, -Lipschitz constraint, where Hi is a subspace of the hypothesis space H. For every classifier C' in Hi,
the following inequality holds:

6t((j) < 255Usd(c) + 4KL . WN(VsUsda Vtutd) + 77*,

where N* = 2e,,5a(C*) + €,(C*) is the ideal combined error and is a sufficiently small constant.

Proof. Let Z be an indicator random variable that indicates whether the sample ft is drawn from
Vg OT Vya:
e Z =0 if the sample is from v;a.

e Z =1 if the sample is from v;.

By the Law of Total Expectation, we have:

e (C.C%) = Ep L, [IC(F) — C*(f)]

=Ej., lCH)-C ()l Z2=0P(Z=0)+E;_, [C(:)-C(f)l|Z=1P(Z=1).

tutd
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Substituting P(Z = 0) = pg and P(Z = 1) = py,
fs(C.C7) = mEy ., [IC(F) = C* ()l | 2 = 01+ mEy,, [IC(f) —C*(f)] | Z = 1l

Recognize that E; . [|C(f) — C*(f)| | Z = 1] is the expectation when f; is drawn from 1,
t

(00T =By, [IC() = C(Fl 1 2 =11

Combining these, we get:

ewa(C,C7) = poBy, ., [C(fe) = C*(Jl | Z = 0] + pree(C, C7).
Then,

1 o «

(€)= By IC(R) - O ()| 2 = 0]+ 2C,C).
Since 2B, [|0() — C*(f)| | Z=0] = 0,

p1 [t~V ed
1 * *
—&tutd (C7 C ) > &}(C, C )
b1
Substituting p; = 1/2, we obtain:
2e4 04 (C,C*) > €4,(C, C™).
Based on Lemma 2, we have:
‘EsUsd (Ca C*) — &utd (Cv C*)| <2Kp- WN(VsUsdv l/tutd)'

By triangular inequality,
Et(c) S Et(c*) + Et(c*, C),
€sUsd (Ca C*) S Esusd (C) + Esusd (C*)

Then, we can derive:

et(C) <& (C*) +e:(C™,0)
<er(CF) + 2e4ue(C™, C)
=e1(C") + 2e,,4(C, C*) + 26444 (C, C*) — 2e,,54(C, C*)
<ei(C*) 4+ 26454 (C,C*) + 4K, - W (Vsigds Veupd)
<er(CF) + 28,054 (C) + 28,054 (C) + 4K - Wi (Vsusas Vega)
=2e,4u5a(C) +4KL - WN (Vsusd, Vpga) + 107

Definition 3 (L;-Transportation Cost Information Inequality). Djellout et al. (2004) Given
n > 0, a probability measure v on a measurable space (Q, F) satisfies T1(n) if the inequality

2
WiV, v) <4 /=H{'|v)
n

where o'
v
H('|v) = [ log —dv/
(V'|v) / og ——dv
holds for any probability measure v’ on (Q, F), where Wy represents the 1-Wasserstein distance.

Lemma 3. (Corollary 2.6 in |Bolley & Villani (2005)) For a probability measure v on a
measurable space (2, F), the following statements are equivalent:
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o v satisfies T1(n) inequality for some n that can be explicitly found.

e U has a square-exponential moment, i.e., there exists o > 0 such that
/ exp(ad(z,y)?) dv(zx) is finite
Q
for any y € Q. Here, d is a measurable distance over €.

Lemma 4. Let (Qy,F1,v1) and (2, Fa,v2) be two probability spaces, where 1 and Qg are disjoint. Let
p1,p2 € [0,1] be constants such that py + p2 = 1. Define a new measure vs on a measurable space (23, F3),
where 3 = Q1 U Qy:

l/g(A) = pll/l(A n Ql) —|—p21/2(A N QQ), VA € F;.

Assume that 11 and vo admit square-exponential moments: for some constants ai,as > 0, and for all
Y1 € Q1, y2 € o,

/ exp (erdy(z,41)?) dvi(z) < oo, / exp (aada(z,y2)?) dva(z) < o0,
(o Q2

where dy : Q1 x Q1 — [0,00) and dy : Qo x Qy — [0,00) are distance functions. Then, v3 is a prob-
ability measure on (3, F3), and there exists a distance function d : Q3 x Q3 — [0,00) and a constant
a € (0,min{ay, as}) such that vs admits a square-exponential moment: for all y € Q,

/ exp (ad(z,y)?) dvs(z) < oo.
Q3

Proof. First, we define d : Q3 x Q3 — [0, 00):

dy(z,y) fz,ye
d(xay) = dz(l’,y) lf IayEQQ
C if x € Qy,y € Qg (or vice versa)

where C' is a finite constant chosen to ensure d is a metric on 3. d can be expressed as:

d(x7 y) =d; ($7 y)lx,y€Q1 + d2($7 y)lx,yeﬁz + Clmeﬂl,yeﬂz or £€Qs,yeN

where 1 is the indicator function. Accodring to Theorem 1.9 (d) in|Rudin| (1987)), the indicator functions are
measurable because Q1 x 1, Qo X Q9, and (21 X Q) U (Q x Q) are all measurable sets in Q3 x Q3. d; and
ds are also measurable functions by assumption. Therefore, d is a sum of products of measurable functions.
Hence, d is measurable. For any y in (),

/Q exp(ad(z, y)?) dvs(z)
— /Q exp(ads (z,4)?) dvi (z) + pa / exp(ad(z, y)?) dva(x)

Qo

Spl/ﬂ GXP(OélCh(l?,y)Z)dl/1($)4—172/Q exp(aC?) dvy ()

D1 / exp(aydy (z,9)?) dvi(z) + pa exp(aC?) < oo
Q1
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For any y in Qo,
[ eplad(e.)?) dvafa)
Q3

—p / exp(ad(e,)?) d () + / exp(ads(z, y)?) dun(x)

Qo

<mp /Q exp(aC?) dvy (x) + po /Q exp(aads(z,y)?) dva(z)

—prexp(aC?) 4 pa | explasda(zy)?) dvao) < o
Qo

This proves that v3 has a square-exponential moment for some 0 < o < min(ay, ag).

Lemma 5. (Theorem 1.1 of [Bolley et al.| (2007)) Let v be a probability measure on (€, F)

where @ C R". v satisfies a Ti(n) inequality. Let v = %Ei\le dri be idts associated empirical measure

defined on a sample set {f*}N., of size N drawn i.i.d from v. Then for any n’ >mn and n' < n, there exists

some constant Ny depending on n' and some square-exponential moment of v such that for any € > 0 and
N > Nymax(e~ (' +2) 1), the following holds:

/
PWn (v, D) > €] < exp (—gNeQ) .

Theorem 2. Under the assumption of Theorem 1, , and Q4 are disjoint and Q, U Qy C R™. Let
(Qo U Qg Fuy Vsusa) and (o U Qg, Fuy Veuga) be two probability spaces with vy, = 1/2vs + 1/2v,a and
Vegpa = 1/2v4 + 1/204a, where vg,Vga, vy, Ve each has a square-exponential moment. From Lemma 8 and
4, Vguga satsifies Ti(ns) for some ns and vy e satsifies Ti(ne) for some 1. Let {f;}fvzl and {ft’}fvztl be
two sample sets of size Ny and Ny drawn i.i.d from vy sa and vy e, respectively. Uy ga = i vazl 5152 and

Dyjpa = N% ZZV:’I 5'133 are associated empirical probability measures. Then, for anyn’ > n andn’ < min(ns,n:),

there exists a constant Ny depending on n' such that for any § > 0 and min(N, N;) > Nomax (6~ +2) 1),
with probability at least 1 — 0, the following holds for all C':

2 1 1 1
€t(0) < 2€SUSd (C) +4Kp - WN(l)sUsda ﬁtutd) + 77* +4Kp - - lOg < -+ N | (17)
Vi s \WN, "V,

where n* = 2e,,,a(C*) + ,(C*) ‘s the ideal combined error and is a sufficiently small constant.
Proof. Based on Theorem 1,
Et(C) < 25sUs’i(C) + 4KL : WN(VsUs'iﬂ VtUt’i) + 77*

As a part of a broader class of Wasserstein distances, Wy satisfies the axioms of a distance [Villani et al.
(2009). Hence, Wy satisfies the triangle inequality:

€t (C) < 2"SSUsd(Cj) + 4K, - WN(VsUs‘i, l)sUsd) +4K7, - WN(’;sUsdv VtUtd) + 77*
< ZEsUsd (C) +4Ky, - WN(VsUsdv ﬁsUsd) +4Kp - WN(ﬁsUsdv ﬁtUtd) +4Kp - WN(ﬁtUtd7 VtUtd) + 77*

R [2 1 /1
WN(VsUsdv VsUsd) < W 10g <(5) : Ea

R [2 1 /1
W (ugas D) < W log (5> : ﬁt

20
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Wy belongs to the family of 1-Wasserstein distance. By the symmetry property of distance,

[2 1 /1

WN(ﬁSUSd7 VsUsd) = WN(VsUsd7 ﬁsUsd) < W 10g <5> . Eu
) ) 2 1 1

W (Dyugas Vera) = WN (Vuga s Dyga) < W log 5)° N,

Substituting back, we have:

1
€t(C) < 2e405a(C) +4Kp - Wi (Dgusa, Dypa) + 1" + 4K - \/76<\/> \/;>
¢

A.2 Implementation Details

Our code is based on the open-source implementation of the DefRec+PCM. We trained our three CDND
models with seeds {1, 2, 3} on A100 GPUs. For the PointSegDA dataset, we fixed the learning rate to be
0.001 and conducted a grid search to optimize the hyperparameters «, y, 81, and o for each task. The specific
hyperparameter values can be found in Table 5. Similarly, for the PointDA dataset, the hyperparameters are
listed in Table 4. The training time for tasks in the PointDA dataset is approximately 10 hours, resulting
in a high computational cost for hyperparameter tuning. Therefore, we do not tune the hyperparameters
extensively. Similarly, for GAST and ImplicitPCDA, we use the hyperparameters provided in their open-
source code for the PointDA dataset.

However, GAST and ImplicitPCDA have not been tested on the PointSegDA dataset before. When im-
plementing GAST, we conduct a grid search on the PointSegDA dataset, exploring values of 0.1, 0.2, 0.5,
and 1.0 for both £,.; and Ljo.. For ImplicitPCDA, we perform a grid search on the PointSegDA dataset,
considering values of 0.1, 0.2, 0.5, and 1.0 for £,;. Please refer to the original papers for the definitions of
Lrot, Lioc, and Lyy.

Hyperparameter Values Hyperparameter Values

Learning Rate 0.001, 0.0001 (ST™M, MS) Learning Rate 0.001
« 0.5 «a 1.0
5 0.5 ~y 0.05, 0.1, 0.2, 0.5, 1.0]
b1 [0.0, 1.0] b1 [0.0, 0.05, 0.1, 0.2, 0.5, 1.0]
Bo 0.2 Ba 0.0, 0.2]

# of Epochs 200 # of Epochs 150
Table 4: Hyperparameters for PointDA. Table 5: Hyperparameters for PointSegDA.

For our method, we set the number of regions to be deformed to 5 for PointDA and 10 for PointSegDA. Each
region contains 55 points. The total number of regions is set to 20 for the PointDA dataset and 40 for the
PointSegDA dataset. For DefRec+PCM and CurvRec+PCM, we follow the hyperparameter settings used
in the open-source implementation of DefRec and PCM (PointMixup).

Challenges of Applying SPST with mIoU The mloU metric is defined as:

M
ToU = —
o ZTP +FP TFN,,

m=1

M = number of classes

TP,, = true positive for class m

where: o
F P, = false positive for class m

F'N,, = false negative for class m
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SPST typically relies on ranking training samples by difficulty and gradually incorporating harder examples
into training. The training samples for point cloud segmentation tasks are points in point clouds. However,
mloU is a global metric that evaluates performance across an entire point cloud, making it challenging
to assign difficulty scores to individual points in a point cloud. The mechanism of SPST mismatches the
per-point cloud, rather than per-point, evaluation criterion of mloU.

A.3 Additional Results

We also added visualization comparisons on ModelNet to ScanNet task in Figure [3] featuring three methods:
GAST and DefRec (which achieved second and third-best scores on the ModelNet to ScanNet task) and
PCFEA (the most recently published method). Our approach achieves the most distinct and well-separated
class clusters (represented by distinct colors) on the target domain test set, while PCFEA and GAST show
considerable class mixing, and DefRec shows a tight clustering of some groups, lacking a clear separation.

We present segmentation visualization results in Figure[d]for the PointSegDA dataset. Different segmentation
parts are highlighted using different colors. We selected three domains—MA, MF, and SA—to demonstrate
the effectiveness of our CDND method, which achieves state-of-the-art performance with a significant mar-
gin over the second-best method. In the figure, the last row labeled “GT” shows the ground truth. Our
CDND results are shown in the third row. Although CDND achieves 2% improvement in mloU compared
to RS [Sauder & Sievers| (2019), we include this comparison to highlight the qualitative differences in seg-
mentation. The “Unsupervised” row represents results without any domain adaptation technique. From
Figure[d] it is evident that CDND produces segmentation results most closely aligned with the ground truth,
outperforming both RS and the unsupervised baseline. Additionally, It is worth noting that other methods
also report small increases in mloU margins on PointSegDA dataset.

We also conduct experiments to evaluate the effects of different Gaussian variances and the total number of
regions in CurvRec. These experiments are performed on the FAUST to ADOBE task of the PointSegDA
dataset, and the results are presented in Table 6. Specifically, we vary the total number of regions, k €
{10, 25, 40,55, 70,85,100}, and the Gaussian variance, o € {0.0001,0.001,0.01,0.1}. The number of points
per region, Ny, is calculated as L%J + 4, where 2048 is the number of points per sample. The additional 4
points ensure that k x N > 2048. This condition is important because we want to maximize coverage of the
input point cloud—ideally assigning all 2048 points to regions. Without this constraint, L%J could be less
than 2048, leaving some points uncovered. By slightly increasing the number of points per region, we ensure
complete or near-complete coverage. As shown in the table, the optimal performance is achieved when the
variance is set to 0.001 and the number of regions is 40, which aligns with our experimental settings. The
results also indicate that model performance is relatively insensitive to the number of regions but is more
sensitive to the choice of variance. In particular, large variances (e.g., 0.1) lead to more uniform deformations

and may negatively affect performance.

o® \ (k,Nx) (10,208) (25,85) (40, 55) (55,41) (70,33) (85,28) (100, 24)

0.0001 80.540.9 80.342.8 79.8+1.9 79.6412 794410 80.641.7 80.141.7
0.001 80.8+1.2 80.7+18 81.5+20 809417 792423 789421 T79.1420
0.01 78.642.9 80.3+23 81.0419 79.3+40 79.9123 79.6430 T7.5+40

0.1 69.0428 68.34356 68.2+5.6 672444 679449 699145 67.0452

Table 6: Results for varying o2, number of regions k, and points per region Nj.

Another important hyperparameter is the number of regions selected for deformation. In Table 7, we present
results for the FAUST to ADOBE task of the PointSegDA dataset, where the total number of regions is
fixed at k = 40 and the Gaussian variance is set to 02 = 0.001. We vary the number of deformed regions N
(expressed as the ratio N/k) to observe its effect on performance. The results show that performance is not
sensitive to the number of deformed regions. The optimal performance is achieved when the ratio is set to
0.25, which aligns with our experimental settings.
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Ratio (N/k) 0.10 0.25 0.30 0.45
CDND 80.3430 81.54950 8l.lio3 79.5433

Table 7: Results for varying the number of deformed regions N, expressed as the ratio N/k.
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Figure 3: Umap Results of Other Baselines on PointDA-10 dataset.
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Figure 4: Segmentation Visualization Results of PointSegDA Dataset.
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