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Abstract

While recent Transformer and Mamba architectures have
advanced point cloud representation learning, they are typ-
ically developed for single-task or single-domain settings.
Directly applying them to multi-task domain generalization
(DG) leads to degraded performance. Transformers effec-
tively model global dependencies but suffer from quadratic
attention cost and lack explicit structural ordering, whereas
Mamba offers linear-time recurrence yet often depends on
coordinate-driven serialization, which is sensitive to view-
point changes and missing regions, causing structural drift
and unstable sequential modeling. In this paper, we pro-
pose Structure-Aware Domain Generalization (SADG), a
Mamba-based In-Context Learning framework that pre-
serves structural hierarchy across domains and tasks. We
design structure-aware serialization (SAS) that generates
transformation-invariant sequences using centroid-based
topology and geodesic curvature continuity. We further
devise hierarchical domain-aware modeling (HDM) that
stabilizes cross-domain reasoning by consolidating intra-
domain structure and fusing inter-domain relations. At test
time, we introduce a lightweight spectral graph alignment
(SGA) that shifts target features toward source prototypes
in the spectral domain without updating model parame-
ters, ensuring structure-preserving test-time feature shift-
ing. In addition, we introduce MP3DObject, a real-scan
object dataset for multi-task DG evaluation. Comprehen-
sive experiments demonstrate that the proposed approach
improves structural fidelity and consistently outperforms
state-of-the-art methods across multiple tasks including re-
construction, denoising, and registration. Qur source code
is available at: https://github.com/Jinec98/SADG.
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1. Introduction

Understanding 3D point clouds is essential for percep-
tion [15, 56, 63, 64, 67, 82, 97], reconstruction [3, 23—
25, 44, 47], and interaction [13, 14, 35, 66, 100] in real-
world systems. Most recent advances build on Transformer-
based architectures [1, 17, 33, 60, 84, 85, 98] to capture
long-range dependencies via self-attention, while recent
work explores State-Space Models such as Mamba [2, 18,
43,53, 93, 95] for linear-time sequence modeling. Although
these architectures achieve strong performance on stan-
dard benchmarks, they are typically designed for single-task
learning and struggle to generalize across unseen domains
or handle multiple point cloud understanding tasks such as
reconstruction, denoising, and registration. In practice, sen-
sor variation, viewpoint differences, and scene incomplete-
ness significantly challenge their generalization ability.

To address multi-task domain generalization (DG) for
point clouds, DG-PIC [28] is the first work to explore
this direction. It conditions target samples on source-
domain prompts, enabling a unified In-Context Learning
model to perform multiple tasks. However, DG-PIC relies
on Transformers, inheriting high computational complexity
and lacking explicit token ordering. A natural replacement
is Mamba, but this raises the following challenges: existing
Mamba-based methods often depend on coordinate-driven
serialization (e.g., Axis Scanning and Hilbert Curves) for
global alignment, which are sensitive to viewpoint changes
and missing surfaces. Such serializations often break hier-
archical object structure, causing unstable state propagation
in Mamba and degrading generalization to unseen domains.

The core difficulty lies in multi-task learning: recon-
struction, denoising, and registration all rely on preserving
structural hierarchy, including global topology (part-whole
spatial organization) and local geometric continuity (surface
smoothness and curvature). Under domain shifts such as
noise, occlusion, and pose variation, coordinate-driven se-
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rializations can distort sequence-local neighborhoods and
disrupt intrinsic topological and geometric structure, mak-
ing Mamba’s recurrence fragile and feature-based domain
alignment cannot ensure structural consistency. Therefore,
robust multi-task DG requires explicitly encoding structure-
aware token organization, enabling stable sequential model-
ing and structurally grounded alignment across domains.
In this paper, we propose Structure-Aware Do-
main Generalization (SADG), the first Mamba-based In-
Context Learning framework for multi-task point cloud do-
main generalization. Our core idea is to explicitly serialize
and align intrinsic geometric structure across domains and
tasks. Our SADG consists of three key components. Firstly,
we introduce a Structure-Aware Serialization (SAS) strat-
egy based on two intrinsic spectra: a Centroid Distance

Spectrum that preserves global topology and a Geodesic

Curvature Spectrum that captures surface continuity, pro-

ducing transformation-invariant and structure-consistent to-

ken sequences for Mamba that allow recurrent state propa-
gation to reflect the underlying object hierarchy. Secondly,
we design Hierarchical Domain-Aware Modeling (HDM)
that first consolidates intra-domain structure and then per-
forms inter-domain relational fusion within a unified se-
quence. Finally, a lightweight test-time Spectral Graph
Alignment (SGA) module conducts graph spectral shifting
to match target features to source prototypes without model
updates, ensuring structure-preserving generalization.
Existing multi-domain multi-task point cloud bench-
marks are limited in scale and real-scene variability, par-
ticularly in pose, occlusion, and sensor noise. To address
this, we introduce MP3DObject, a new dataset of object-
level real scans from Matterport3D [5] indoor scans, offer-
ing a strong testbed for synthetic-to-real generalization and

a valuable resource for broader 3D understanding tasks. Ex-

tensive experiments on multiple datasets including this one

show our method achieves state-of-the-art results.

Our main contributions are as follows:

* We identify the structural drift challenge in multi-task
point cloud DG and present a Structure-Aware Domain
Generalization framework that jointly preserves global
topology and local geometry across domains and tasks.

* We propose structure-aware serialization for topology and
curvature ordering, hierarchical domain-aware modeling
for stable cross-domain reasoning, and spectral alignment
for test-time structure-preserving shifting.

* We introduce MP3DObject, a new object-level dataset
derived from Matterport3D, providing diverse real-world
scans and a challenging benchmark for evaluating gener-
alization from synthetic to real domains.

2. Related Work

Point Cloud Understanding. Pioneered by PointNet [63]
and PointNet++ [64], point-based methods [8, 26, 29, 32,

33, 37, 40, 45, 54, 74, 77, 83, 85, 90] directly learned
permutation-invariant features from unordered point sets,
while voxel-based [9, 15, 55, 62, 71], graph-based [27, 69,
77], and projection-based [1, 10, 38, 56, 81, 82, 97] captured
local geometry. Transformer-based models [1, 17, 33, 41,
60, 84, 85, 98] achieved strong global reasoning but suffer
from quadratic complexity and weak structural continuity.
Recent Mamba-based models [2, 18, 42, 43, 53, 93, 95] en-
able efficient sequence modeling, but depend on coordinate-
based serialization, making them sensitive to rotations and
incomplete regions. Besides, they are designed for single-
task learning and struggle to generalize to unseen domains.
Point Cloud Domain Generalization (DG) seeks mod-
els that perform well on unseen domains without target
data [50-52, 91, 101, 102]. Early DG works empha-
size adversarial [65, 89], contrastive [46, 79, 80, 86] or
augmentation-based [21, 31, 34, 87, 99] and consistency-
based alignment [21, 30, 61], but neglect multi-task learn-
ing. Mamba-based DG frameworks [49, 91] improve effi-
ciency but still rely on coordinate serialization. Recently,
DG-PIC [28] is the first work that unifies multiple 3D tasks
via Transformer prompts but remains computationally ex-
pensive and order-agnostic. Nevertheless, all these meth-
ods neglect learning the structure-preserving representa-
tions that remain invariant to domain and task variations.

Structure Modeling in Point Clouds has recently been ex-
plored to preserve the structural hierarchy of point clouds.
Some researchers design structure-aware operators [7, 20,
36, 72, 76, 92] to encode local topology or surface con-
tinuity. Others construct graph-based representations [19,
22, 48, 68, 73, 75, 78, 96] to capture neighborhood re-
lations. In addition, studies [4, 12, 39, 57-59, 70, 88]
further explore hyperbolic geometry to embed hierarchical
or tree-like structures in non-Euclidean space. However,
these methods focus on single-domain or single-task struc-
ture modeling, but overlook the shared inherent structure
across domains and tasks. In contrast, our approach is the
first structure-aware domain generalization framework for
multi-task point cloud understanding, explicitly preserving
global topology and local geometry under domain shifts.

3. Methodology

3.1. Problem Setting and Overview

We study domain generalization for point cloud understand-
ing in a multi-domain, multi-task setting, following DG-
PIC [28]. Let {D¥}X | denote K source domains and D;
an unseen target domain. The model is trained on { D¥} and
generalizes to D; at test time without parameter updates.
DG-PIC is formulated with In-Context Learning (ICL):
given a point cloud, Farthest Point Sampling (FPS) and k-
Nearest Neighbor (KNN) grouping produce patch tokens
T = {t;}},. A Transformer-based masked autoencoder
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Figure 1. Overview of our SADG. (a) During training, point clouds from multiple source domains are partitioned into local patches
and serialized into structure-aware sequences using the Centroid Distance Spectrum (CDS) and Geodesic Curvature Spectrum (GCS),
which preserve global topology and local geometric continuity. The serialized sequences are then processed by Mamba blocks under the
Hierarchical Domain-Aware Modeling (HDM) mechanism, which stabilizes intra-domain structure and fuses inter-domain relations. (b)
At test time, the Spectral Graph Alignment (SGA) performs structure-aware shifting that guides target features toward source prototypes
in the spectral domain without updating model parameters, enabling robust generalization to unseen target domains across multiple tasks.

reconstructs query tokens from prompts, enabling a unified
architecture for multiple tasks (i.e., reconstruction, denois-
ing, and registration) under a DG paradigm. However, this
has drawbacks: (1) quadratic self-attention complexity lim-
its scalability; (2) tokenization lacks explicit ordering, hin-
dering sequential and structural consistency. Consequently,
intrinsic geometric and topological cues are not fully cap-
tured, weakening generalization under domain shifts.
Motivated by this, we develop a Structure-Aware Do-
main Generalization (SADG) framework for point clouds.
To our knowledge, this is the first work to introduce Mamba
into ICL for domain-generalized multi-task point cloud un-
derstanding with structural consistency. Figure 1 shows that
SADG first serializes unordered tokens into transformation-
invariant sequences preserving topological and geometric
relations, followed by a hierarchical domain-aware mecha-
nism that captures intra-domain structure and inter-domain
consistency. In testing, a spectral graph alignment module
treats serialized target features as graph signals and aligns
them with source prototypes in the spectral domain. These
components preserve structural continuity, enhance sequen-
tial stability, and improve generalization across domains.

3.2. Structure-Aware Serialization with Mamba

To overcome Transformer inefficiency and unordered tok-
enization, we adopt Mamba [16] as the sequential backbone

for point cloud ICL. However, Figure 2 shows that Mamba
is inherently order-sensitive: without a stable sequence, its
recurrent updates become fragile and fail to capture struc-
tural relationships across domains and tasks. Thus, instead
of coordinate-based token ordering, we introduce structure-
aware serialization, which constructs intrinsic graph-based
sequences encoding topological layout and geometric conti-
nuity, providing efficient and consistent inputs for Mamba.
Notation. Following DG-PIC [28], FPS and KNN grouping
produce N local patches (tokens) 7 = {t;} ., with centers
u; € R? and features z; € R?. We construct a token graph
G=WV,&w),where V = {1,..., N} indexes tokens and
w(t, 7) denotes the affinity between tokens ¢; and ¢;. A se-
rialization is defined as a permutation:

me Ve, V) S Y Ve ) (D
which reorders tokens into a sequence:
Xr = [2x1)s - o)), 2)
and is then processed by Mamba:
Z = Mamba(Xz) = [zr(1),- - Zr(N)]- 3)

Different choices of w(i, j) yield different structure-aware
serialization spectra, which we will introduce below.
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Figure 2. Comparison of different serialization strategies. The
proposed CDS and GCS maintain transformation invariance and
structural consistency across unaligned real-scan objects, provid-
ing a stable foundation for domain-generalized 3D understanding.

Centroid Distance Spectrum (CDS). To model the struc-
tural layout of unordered tokens, we establish a topology-
aware serialization based on intrinsic spatial relationships.
Given token centers {u;}Y ;, we compute the point cloud-
wise global centroid: ¢ = 4 Ziil u;. A naive choice
would sort tokens directly by their distances to ¢, i.e., d; =
|lu; — ¢l||2, which indeed provides a global measure but ne-
glects local spatial continuity. Such sorting often causes
abrupt transitions between spatially distant tokens, disrupt-
ing the topological smoothness essential for stable sequen-
tial modeling (see Figure 4 in Ablation). To preserve both
local continuity and global coverage, we construct a token
graph Gops = (V, €, wepg) with affinity:

2
weps (i, j) = exp( - ”“%”2) @)
which softly connects nearby tokens and suppresses re-
mote ones, thereby preserving local geometric coherence
during traversal. Starting from the centroid-nearest token
t, = argmin; ||u; —cl||2, we perform a Breadth-First Search
(BES) over Gopg to establish the serialization order. At
each step, the current node expands to unvisited neighbors
ranked by weps(i, ), ensuring that spatially adjacent to-
kens are explored in a locally smooth manner. This traversal
continues until all tokens are visited, yielding a topology-
consistent permutation mopg and the corresponding or-
dered sequence X, .. This serialization balances global
coverage and local continuity, forming a coherent sequence
encoding coarse-to-fine topological information of the point
cloud for stable sequential modeling within Mamba.
Geodesic Curvature Spectrum (GCS). Beyond topology
captured by CDS, GCS aims to encode intrinsic surface
geometry through curvature-guided diffusion in a geodesic
graph. General explicit curvature estimation relies on nor-
mals or dense sampling, which are fragile under noise,
missing regions, and the domain gap between synthetic and

real scans (as shown in Figure 4). To overcome this, we
formulate curvature implicitly through a heat diffusion pro-
cess on the geodesic graph, providing a stable and intrinsic
representation of local surface geometry.

Since Euclidean distances fail to reflect the intrinsic con-
tinuity of curved surfaces, we compute geodesic distances
between tokens ¢; and ¢; as the shortest paths along a local

KNN adjacency graph on token centers {u; } ¥ ;:
dyeoli, 7) = m3in o llup = ugll2, )
(P,@)EP:;

where P;; denotes the shortest valid path connecting ¢; and
t;. This formulation follows manifold connectivity and pre-
serves surface-aware consistency across complex geomet-
ric regions. To this end, we further define a curvature-
guided heat diffusion using the Laplace—Beltrami operator
A on this geodesic graph. The diffusion equation 8}5(;)
—Ah(t) implicitly captures local curvature behavior, where
highly curved regions dissipate heat faster while flatter re-
gions retain heat longer. The corresponding heat kernel be-
tween tokens ¢; and ¢; is expressed as:

N

Ko (i,5) = > e ™ é(i)i (), 6)
k=1

where {)\, @i} are eigenvalues and eigenfunctions of A.

The diagonal term K, (7, i) measures self-diffusion at node

i, intrinsically encoding local curvature through diffu-

sion dynamics. Sampling across multiple diffusion scales

{1,}5_, yields a multi-scale curvature descriptor:

Ko (1, 1)]. )

We then define curvature-based affinity between tokens as:

h; = [Kﬁ (i7i)7K‘f‘2(iai)a s

2
_||hz hJHQ)7 (8)

42
and construct the token graph Gges = (V, €, wges). Se-
rialization begins from the lowest-curvature token ¢, =
argmin; ||h;||2 and proceeds in ascending curvature or-
der, yielding a permutation 7mgcs and the corresponding
sequence X .., which preserves geometric smoothness
and curvature coherence across neighboring patches. This
diffusion-based formulation encodes curvature intrinsically
via heat propagation, providing stable geometric cues for
low-quality data that strengthen Mamba’s modeling. To-
gether, CDS and GCS provide a transformation-invariant,
structure-aware serialization that preserves both topological
layout and geometric continuity for sequential modeling.
Unified Structure-Aware Sequence. To enhance contex-
tual modeling with linear-time efficiency, we perform bidi-
rectional traversals on both spectra and concatenate:

Xseq = ['Xﬂ'ch ; XI‘CV(ﬂ'CDs); Xﬂ'Gcs; XrCV(ﬂ'gcs) } )

waes (4, J) = exp(
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Figure 3. Hierarchical Domain-Aware Modeling (HDM) cascades intra-domain structural modeling and inter-domain relational fusion.

This unified, structure-aware sequence expands Mamba’s
receptive field while maintaining topological and geometric
continuity, allowing Mamba to exploit ordered dependen-
cies without sacrificing efficiency.

3.3. Hierarchical Domain-Aware Modeling

Mamba processes tokens along the serialized order, making
it well-suited to preserving topological and geometric con-
tinuity. Given the serialized input X, = [z(1), ..., Tx(n))]s
Mamba updates hidden states recurrently:

2y = Mamba(2r(1), 2t-1) = g(Azt—1+ By +b), (10)

where A, B are learnable transition matrices, b is bias, and
g(+) the gating function. This update enables linear-time
modeling of local continuity and long-range structure.

However, unlike Transformer-based ICL [28] which uses
prompt-query concatenation along the unordered tokens,
Mamba is order-sensitive. In DG, the simple concatenation
of tokens from different domains disrupts the sequential dy-
namics and weakens state propagation, leading to unstable
cross-domain reasoning.

To address this, we design a Hierarchical Domain-

Aware Modeling (HDM) mechanism that reorganizes se-
rialized features in two cascading stages, as illustrated in
Figure 3, enhancing both intra-domain structural modeling
and inter-domain relational generalization.
Intra-domain Structural Modeling (ISM). Given se-
rialized sequences from prompt and query domains
{X&q, Xéq}, we perform intra-domain modeling to pre-
serve structural dependencies by processing two parallel
domain-specific Mamba branches independently:

ZP = Mamba? (X, Z9 = Mamba®(X, (11)

This stage stabilizes intra-domain consistency, not only en-
suring that stable topological and geometric patterns aggre-
gate within each domain before any cross-domain interac-
tion, but also preventing sequential discontinuities across
domain boundaries.

Inter-domain Relational Fusion (IRF). After obtaining
{ZP, Z1}, we perform inter-domain relational fusion to es-
tablish transferable correspondences across domains. Dif-
ferent from direct concatenation used in Transformer-based

seq) seq )
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ICL [28], we interleave tokens from prompt and query do-
mains following their shared structural order 7:

(27

L p—
2% = {zz )

Zfr(l)’ Zi(z)v Z'?r(Q)’ ) zi(uv)v ZZ(4N) I,

(12)

producing a unified, structurally aligned sequence subse-
quently processed by a shared Mamba:

Zf = Mamba (Z7%), (13)

which jointly models domain-specific and domain-shared

dependencies. The interleaved sequence implicitly ex-

changes features between domains through recurrent prop-

agation without attention-based matching, enhancing rela-

tional generalization and structural consistency while main-

taining linear efficiency.

3.4. Spectral Graph Alignment

At test time, the model parameters remain frozen, and the
goal is to preserve structural consistency on unseen do-
mains. We propose a lightweight Spectral Graph Align-
ment (SGA) performing structure-aware alignment in the
spectral domain before Mamba processing. Without requir-
ing weight updates, SGA conducts spectral shifting on the
latent graphs from CDS and GCS, ensuring topology- and
geometry-consistent representations under domain shifts.

For each serialization strategy * € {CDS, GCS}, let X,
denote the serialized token sequence, which we treat as a
graph signal on G, = (V,€,w,). Using the normalized
Laplacian L, = D, — A,, the Graph Fourier Transform
(GFT) projects the sequence into the spectral domain as
X, = ®] X, , where ®, denotes the eigenvectors of L,
serving as the structural frequency bases.

To guide the domain generalization, we derive two
source prototypes, IE’CSDS and chs, which are computed by
averaging source domain features and projecting them onto
the unified query-specific spectral basis:

P - <<I>1>T(

These prototypes capture domain-level statistics as stable
structural anchors for spectral alignment. During testing,

NS

dox

i=1

1

N

S
Ty

(14)



Table 1. Comparison on the multi-domain and multi-task benchmark. All models are trained on four source domains and directly evaluated
on the remaining one. Evaluation metric: Chamfer Distance (CD, x 1073, lower is better).

. ModelNet
Method Setting Rec. Den. Reg. | Rec. Den.

ShapeNet

ScanNet ScanObjectNN MP3DObject
Rec. Den. Reg. | Rec. Den. Reg. | Rec. Den. Reg.

PointNet [63] General | 20.56 27.15 17.19 | 19.84 32.99

19.57

23.73 3027 1949 | 21.74 3397 21.62 | 22.63 3524 23.17

DGCNN [77] General | 19.17 2691 17.41 | 21.18 26.97 21.73 3035 17.51 | 24.88 33.08 1885 | 21.83 38.10 21.82
PCT [17] General | 1698 25.10 14.50 | 1839 2459 1528 | 18.76 27.03 16.99 | 19.50 29.98 15.71 | 1891 28.74 16.49
Point-MAE [60] General | 1477 21.53 1342 | 16.82 2391 1436 | 16.16 2454 16.79 | 19.27 28.69 15.74 | 20.39 27.28 17.13
PointMamba [43] General | 1647 23.13 13.65 | 1633 2524 1496 | 15.61 2243 1430 | 17.16 2544 17.64 | 20.16 27.08 17.40
PointMixup [6] DG 17.62 29.24 16.07 | 18.01 2691 17.22 | 18.86 30.20 19.24 | 21.17 30.58 21.37 | 22.54 30.99 18.42
PointCutMix [94] DG 1623 27.07 16.77 | 18.19 2530 1624 | 21.28 29.21 19.07 | 22.64 28.58 19.85 | 22.80 33.24 18.88
PointDGMamba [91] DG 1439 1937 1244 | 1456 24.05 1422 | 1467 23.10 1297 | 18.19 27.07 1451 | 17.99 26.82 14.66
PIC[11] ICL 17.89 2570 16.15 | 17.96 24.10 1550 | 16.90 30.46 18.10 | 21.75 2942 16.74 | 22.86 34.72 17.54
DG-PIC [28] ICL+DG | 6.84 940 5.01 8.02  9.81 5.21 9.71 510 | 452 1274 417 | 591 1040 5.64

Vanilla Mamba ICL
Ours (SADG)

ICL+DG | 7.69 1081 6.22 | 798 10.19
ICL+DG | 599 798 381 | 7.64 9.34

545 1075 556 | 693 11.52 776 | 828 1419 8.44
297 7.67 363 | 429 984 303 | 355 6.61 284

target spectral tokens X ! align toward the prototypes:
XX+ 1 -a)(PI=XL), (9

where the adaptive coefficient o; is modulated by the cosine
similarity between X il and ]5:’ , enforcing coherent align-
ment while avoiding over-correction in irregular regions.
The aligned spectral features are then transformed back to
the spatial domain via the inverse GFT as X! = ®! X,

By leveraging the intrinsic graphs of CDS and GCS, this
spectral process preserves topological and geometric con-
sistency while explicitly mitigating domain discrepancies in
the spatial space. Consequently, SGA performs test-time,
structure-aware alignment without weight updates, provid-
ing a transformation-invariant foundation that enables the
model to better generalize to unseen target domains.

4. Experiments

4.1. Benchmark and Implementation Details

Multi-domain Multi-task Benchmark. Following DG-
PIC [28], we evaluate our method under a unified multi-
domain, multi-task setting. The benchmark integrates five
datasets with consistent category definitions across seven
shared classes (chair, table, sofa, bed, cabinet, shelf, mon-
itor), including two synthetic (ModelNet40, ShapeNet) and
three real-scan domains (ScanNet, ScanObjectNN, and the
newly introduced MP3DObject). All point clouds are sam-
pled to 1,024 points and normalized within a unit sphere.
Three representative tasks, i.e., reconstruction, denoising,
and registration, are learned jointly within a single unified
model. This benchmark covers diverse domains and geo-
metric conditions, offering a challenging yet comprehensive
testbed for generalization across multiple tasks.

MP3DObject. To enable more realistic evaluation beyond
DG-PIC [28], we construct MP3DObject from the large-
scale indoor dataset Matterport3D [5] by extracting object-
level instances and removing extremely incomplete sam-
ples. Each object is centered and normalized but not aligned

to a canonical orientation, introducing natural viewpoint
and pose variations. This dataset contains 4,015 training
samples and 1,003 testing samples, offering real-world vari-
ation while preserving complex geometry, making it a chal-
lenging benchmark for realistic point cloud understanding.
Implementation. All experiments are implemented in Py-
Torch with CUDA 11.8 and trained on a TITAN RTX GPU
using AdamW with learning rate of 1 x 10~%, cosine de-
cay and batch size of 96 for 300 epochs. We set o and
v to the medians of corresponding token graphs, yielding
a robust and adaptive affinity scale. Following the leave-
one-domain-out protocol, models are trained on four source
domains and directly evaluated on the unseen target with-
out parameter updates. We use the Chamfer Distance (CD)
metric to measure geometric consistency between predic-
tions and ground truth across all tasks.

4.2. Main Results

General-purpose Point Cloud Baselines. We compare our
method with approaches for general point cloud learning,
including PointNet [63], DGCNN [77], PCT [17], Point-
MAE [60], and PointMamba [43]. All baselines are re-
trained under the same multi-domain, multi-task protocol,
training on four sources and evaluating on the held-out tar-
get. While competitive in domain-specific or single-task
settings, these models degrade in our unified benchmark
(Table 1), with PointNet dropping sharply on real scans
such as MP3DObject. Even modern backbones like Point-
MAE and PointMamba still fail to generalize, e.g., Point-
Mamba reaches 20.16/27.08/17.40 on MP3DObject, in-
dicating sensitivity to viewpoint changes and incomplete-
ness. These results highlight that without structure-aware
design or domain modeling, general models fail to general-
ize across heterogeneous domains.

Domain Generalization Methods. DG approaches en-
hance robustness by diversifying sources or learning
domain-invariant representations. PointMixup [6] and
PointCutMix [94] mix cross-domain samples to encour-
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Table 2. Ablation study on the proposed components.

Variant Reconstruction  Denoising  Registration
Serialization Variants

Z-order Scanning 7.32 12.47 6.29
Hilbert Curve 6.23 11.13 7.68
w/o CDS 4.75 10.69 6.17
w/o GCS 5.82 8.92 443
Ours (full SAS) 3.55 6.61 2.84
Hierarchical Domain-Aware Modeling

w/o ISM 5.41 11.37 7.51
w/o IRF 6.92 9.12 7.57
Ours (full HDM) 3.55 6.61 2.84

age feature interpolation, while PointDGMamba [91] lever-
ages Mamba for improved domain consistency. Although
effective under standard DG setups, their performance
drops sharply in our multi-domain and multi-task bench-
mark, where models must simultaneously handle hetero-
geneous domains and multiple objectives. For instance,
PointMixup obtains CD errors 18.86,/30.20/19.24 on Scan-
Net, and PointCutMix reaches 22.80/33.24/18.88 on
MP3DObject, indicating persistent inconsistencies across
domains and tasks. In contrast, our SADG achieves CD
errors 2.97/7.67/3.63 on ScanNet and 3.55/6.61/2.84 on
MP3DObject, substantially outperforming across all tasks.
These results show that structure-aware serialization, hier-
archical Mamba reasoning, and spectral graph alignment
jointly enable coherent topology-geometry modeling across
domains, yielding more stable and transferable features un-
der distribution shifts.

In-context Learning Methods. We further compare
with ICL-based frameworks that unify multiple tasks via
prompt conditioning. PIC [11] and DG-PIC [28] demon-
strate the benefit of prompt-query design, yet their Trans-
former backbones and unsorted token sequences hinder
efficiency and stability. DG-PIC improves performance
(e.g., 6.84/9.40/5.01 CD on ModelNet) but remains con-
strained by quadratic attention and order-agnostic tokeniza-
tion. To assess backbone influence, we implement a
vanilla Mamba-based ICL by replacing DG-PIC’s Trans-
former with Mamba blocks. Although more efficient,
this variant shows unstable behavior (e.g., 8.28/14.19/8.44
on MP3DObject) due to coordinate-based tokenization be-
ing highly sensitive to pose variation and incompleteness.
With our Structure-Aware Serialization (SAS) and Hier-
archical Domain-Aware Modeling (HDM), both stability
and generalization improve markedly. As shown in Ta-
ble 1, our model achieves 5.99/7.98/3.81 on ModelNet,
7.64/9.34/7.06 on ShapeNet, and the best results across all
real-world scenarios like MP3DObject. These results con-
firm that SAS enables coherent topology-geometry reason-
ing in Mamba, while HDM and SGA further ensure robust
generalization to unseen targets.

CDS

WAL

Estimated Curvature GCS

Figure 4. Comparison between naive serialization variants and our
method, highlighting stable topology and geometry in 3D objects.

4.3. Ablation Studies

We analyze each component using MP3DObject as targets,
which contains complex geometries and unaligned poses.
Serialization Variants. We compare several serialization
strategies to validate our structure-aware design. As shown
in Table 2, coordinate-based traversals such as Z-order and
Hilbert yield higher CD errors (e.g., 7.32/12.47/6.29 and
6.23/11.13/7.68), reflecting their sensitivity to orientation
and lack of intrinsic structure embedding. Removing CDS
or GCS further degrades performance (4.75/10.69/6.17
and 5.82/8.92/4.43), confirming that topology and geome-
try provide complementary cues for stable sequential mod-
eling. Figure 4 illustrates the naive options for our seri-
alization. Top-left shows a simple centroid Euclidean dis-
tance ordering where the sequence repeatedly jumps across
the surface, breaking local continuity. Bottom-left depicts
curvature-based sorting, whose estimates are noisy on real
scans and produce irregular surface ordering. Our design
(i.e., CDS and GCS) stably models topology and geometry
relations, maintains strong structural coherence and domain
robustness across multiple point cloud understanding tasks.
Hierarchical Domain-Aware Modeling. HDM performs
intra-domain structural modeling and inter-domain rela-
tional fusion within unified Mamba sequences. Due to
Mamba’s order sensitivity, direct concatenation of diverse
domains disrupts state transitions. Table 2 shows that
removing ISM increases CD errors to 5.41/11.37/7.51,
while removing IRF yields 6.92/9.12/7.57, both noticeably
worse than our full HDM (3.55/6.61/2.84). These results
verify that HDM stabilizes sequential updates and preserves
consistent structural reasoning across domains.

4.4. Visualization and Efficiency Analysis

Qualitative Results. Figure 5 shows results for reconstruc-
tion, denoising, and registration. On synthetic targets such
as ModelNet, our model restores fine details while preserv-
ing overall geometry. On real scans like MP3DObject, it
achieves higher structural fidelity with clearer boundaries,
fewer holes, and smoother surfaces. Notably, our method
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Figure 5. Qualitative results on synthetic (ModelNet) and real-scan (MP3DObject) targets. Our method recovers both detailed geometry
and smooth surfaces. For visualization, MP3DObject instances are rendered after aligning their non-canonical orientations.

® ModeINet © ShapeNet
o ScanNet  © ScanObjectNN
Ak,

Sources: Target: e MP3DObject

Vanilla Mamba ICL

Figure 6. t-SNE visualization of latent features. The Input plot
shows encoder-only features, while the latter two depict represen-
tations after Mamba-based sequential modeling.

also better preserves thin structures and recovers miss-
ing surface regions. These qualitative improvements con-
firm that SAS provides robust topology and geometry cues
across domains, particularly under noise and incomplete-
ness. Moreover, the consistent reconstructed shapes across
synthetic and real data indicates that our SADG framework
maintains coherent structural reasoning even under severe
viewpoint shifts and partial observations, further highlight-
ing its advantage over existing baselines. More qualitative
examples are provided in the supplementary material.

t-SNE Visualization. To evaluate domain alignment, we
visualize Mamba features using t-SNE in Figure 6. Vanilla
Mamba ICL produces largely domain-separated clusters, in-
dicating weak transferability. Our method enables compact
intra-domain clusters and stronger overlap between source

and unseen targets, showing improved cross-domain align-
ment without collapsing domain-specific structure, yield-
ing more stable and generalizable embeddings with reduced
feature fragmentation under severe distribution shifts, thus
strengthening domain generalization.

Efficiency Analysis. We compare runtime and model
complexity with DG-PIC [28]. Using the same input,
we achieve 0.75s inference with 18.87M parameters and
14.89G FLOPs, versus DG-PIC’s 0.94s, 27.57M, and
21.07G FLOPs, while delivering better results. This high-
lights the efficiency and scalability of our Mamba-based de-
sign, offering an improved efficiency-performance trade-off
under the multi-domain and multi-task setting.

5. Conclusion

We introduced a structure-aware domain generalization
framework for multi-task point cloud understanding, which
incorporates intrinsic topology and geometry into sequence
modeling. By constructing the Centroid Distance Spectrum
and Geodesic Curvature Spectrum, unordered tokens are se-
rialized into transformation-invariant, structure-consistent
sequences, enabling Mamba to model long-range depen-
dencies efficiently and stably. To enhance cross-domain
generalization, the proposed Hierarchical Domain-Aware
Modeling performs intra-domain structural reasoning and
inter-domain relational fusion within a unified sequential
representation, while the Spectral Graph Alignment ensures
structure-aware feature alignment at test time without pa-
rameter updates. Extensive experiments verify that our
SADG achieves superior performance on various datasets.
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