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Space-filling curves (SFCs) have enabled transformers to process massive 3D point clouds with linear
complexity by mapping them into 1D sequences. However, standard SFCs rely on fixed, axis-aligned traversal
orders, which introduce systematic axial anisotropy and frequently sever the connectivity of oblique geometric
structures — a phenomenon we term “locality breaches”. While existing methods attempt to mitigate this by se-
quentially stacking multiple patterns, they incur a prohibitive linear increase in latency. To resolve this efficiency—
accuracy dilemma, we propose GAPS (Group-wise Affine-Perturbed Serialization). Mathematically, we derive a
flexible mechanism to generate diverse, bijective scanning paths via affine transformations over the Galois field
IF,. This allows for the synthesis of “sheared” and “rotated” traversals that effectively establish neighborhood
connectivity along non-axial geometries. Architecturally, GAPS employs a group-wise parallel design that splits
feature channels to aggregate multiple-perspective contexts simultaneously, thereby circumventing the computa-
tional penalty of serial execution. Extensive experiments on the ScanNet200 benchmark demonstrate that GAPS
achieves 36.8 % mean Intersection over Union (mloU), outperforming the strong baseline, Point Transformer
V3 (PTv3), by 1.6 %. Remarkably, GAPS delivers this significant gain with zero parameter overhead and min-
imal latency overhead, establishing a new state-of-the-art performance among standard train-from-scratch 3D

backbones.

Three-dimensional point cloud semantic segmentation serves
as a cornerstone for machine perception, enabling au-
tonomous systems to interpret and interact with the physical
world. It underpins critical applications in mechanical sci-
ences and industrial robotics, providing the essential percep-
tual foundation for autonomous driving mechanisms (Hu et
al., 2023), safe human-robot collaboration in complex manu-
facturing environments (Mohammadi Amin et al., 2025), and
the spatial navigation of embodied AI (Hughes et al., 2022).
By enabling machines to interpret unstructured environments
reliably, robust 3D segmentation directly facilitates advanced
mechanical automation and safe operational control.

Unlike 2D images characterized by regular grid structures,
3D point clouds are inherently sparse, unstructured, and ir-
regular (Guo et al., 2021), posing significant challenges for
deploying efficient deep learning architectures in real-time
applications (Liu et al., 2023). While early approaches at-

tempted to tackle this via voxelization and sparse convolu-
tions (Choy et al., 2019) or computationally expensive neigh-
bor queries (Qi et al., 2017; Thomas et al., 2019), window-
based transformers (Vaswani et al., 2017; Wang, 2023; Wu et
al., 2024) have recently emerged as the dominant paradigm.
By serializing 3D points into 1D sequences using space-
filling curves (SFCs), these methods effectively reduce the
quadratic complexity of self-attention to linear time O(N).
Notably, beyond their foundational role in data compres-
sion (Chen et al., 2022), SFCs are critically utilized in 3D
robotic coverage path planning and autonomous UAV nav-
igation (Shi et al., 2025; Mazaheri et al., 2024). This cross-
disciplinary utility offers a compelling trade-off between per-
ception accuracy and the low system latency critical for real-
time mechanical operations.

Despite their success, a fundamental bottleneck persists in
current window-based architectures: the reliance on fixed,
axis-aligned SFCs introduces systematic axial anisotropy.
Standard serialization methods impose a rigid, grid-like



traversal order on irregular 3D structures, defining locality
strictly based on axis-aligned boundaries rather than intrin-
sic geometric proximity. Consequently, points that are geo-
graphically connected but spatially oblique — such as a diag-
onal wall or a rotated chair — are often severed by grid par-
titions and mapped to distant positions in the sequence. This
phenomenon, which we term “locality breaches”, leads to se-
mantic inconsistency and severely limits the model’s ability
to distinguish fine-grained categories that rely on subtle, non-
axial geometric cues.

To address these limitations, we propose the Group-wise
Affine-Perturbed Serialization (GAPS) framework, a novel
paradigm that fundamentally mitigates grid bias while main-
taining high computational efficiency. Instead of relying on
limited sets of predefined patterns, GAPS introduces a math-
ematically grounded mechanism to generate diverse, non-
axial scanning paths via affine transformations over the fi-
nite field I, effectively simulating multi-view scanning or-
ders. We implement this through a group-wise parallel archi-
tecture that decouples feature channels to process multiple
geometric views simultaneously. By imposing block lower-
triangular constraints on the transformation matrices, we en-
sure that these diverse serializations are globally bijective
and preserve hierarchical locality, effectively allowing the
network to “heal” locality breaches by aggregating context
across diverse orientations.

In summary, the main contributions of this paper are as
follows:

— We identify axial anisotropy as a critical flaw in existing
window-based transformers and propose a novel serial-
ization paradigm based on affine perturbations over F»
to mitigate this grid bias.

— We introduce the GAPS block, a plug-and-play module
utilizing a group-wise parallel architecture. This design
achieves multi-view geometric modeling with zero pa-
rameter overhead and comparable latency to sequential
baselines.

— Extensive experiments demonstrate the superiority
of our framework. On the challenging ScanNet200
(Rozenberszki et al., 2022) dataset, GAPS achieves
36.8 % mean Intersection over Union (mloU), outper-
forming the strong baseline PTv3 (Wu et al., 2024) by a
significant margin of +1.6 %.

Early approaches generally fall into two categories. Point-
based architectures (Charles et al., 2017; Thomas et al.,
2019) preserve geometric fidelity by processing raw coor-
dinates but suffer from high memory costs and O(N logN)
complexity. Conversely, voxel-based methods (Choy et al.,

2019; Peng et al., 2024) leverage sparse convolutions for ef-
ficiency but introduce quantization artifacts. Recently, trans-
formers have emerged to balance the precision of point-based
methods with the efficiency of grid-based processing.

The paradigm for processing 3D point clouds is shifting
from expensive neighborhood queries (Qi et al., 2017) to-
wards efficient serialization-based modeling. This approach
underpins both window-based transformers (Wang, 2023;
Wau et al., 2024) and emerging state space models (Li et al.,
2025a, b). Fundamentally, these methods rely on mapping
3D coordinates into 1D sequences via space-filling curves
(SFCs).

However, current scanning strategies remain overly rigid
across architectures. Window-based transformers like Oct-
Former (Wang, 2023) rely on the Z-order curve, while PTv3
(Wu et al., 2024) alternates between Z-order and Hilbert
curves. Similarly, recent state space model (SSM) adapta-
tions (Li et al., 2025a, b) are still confined to combining fixed,
axis-aligned patterns. Despite these efforts, both families of
models suffer from significant axial anisotropy and “local-
ity breaches” when encountering oblique structures. In con-
trast, GAPS introduces a mathematically grounded frame-
work via affine perturbations over F;, enabling the genera-
tion of diverse, non-axial scanning paths that decouple geo-
metric proximity from grid alignment.

To further push the performance boundaries, existing state-
of-the-art methods often resort to complex auxiliary mech-
anisms. For instance, BFANet (Zhao et al., 2025) utilizes
explicit boundary-aware losses, while ODIN (Jain et al.,
2024) and DITR (Zeid et al., 2026) rely on cross-modal
distillation from 2D foundation models. While effective,
these strategies increase engineering complexity and training
overhead. GAPS, conversely, is designed as a robust, stan-
dalone 3D backbone. We demonstrate that superior perfor-
mance on challenging benchmarks such as ScanNet200 can
be achieved solely through principled geometric modeling,
without the need for external data priors or complex auxil-
iary supervision.

Beyond core architectural developments, 3D point cloud per-
ception serves as a fundamental enabler for advanced me-
chanical systems. In the context of industrial automation,
real-time semantic segmentation is critical for robust tra-
jectory prediction, dynamic obstacle avoidance, and safe
human-robot collaboration (Hu et al., 2023; Xu et al., 2025;
Mohammadi Amin et al., 2025). Furthermore, simultaneous
localization and mapping (SLAM) frameworks increasingly



rely on accurate 3D semantic priors to operate safely within
dynamic mechanical environments (Chen et al., 2024). In-
terestingly, the mathematical constructs underlying our se-
rialization framework, such as space-filling curves (SFCs),
possess deep roots in mechanical engineering and robotics.
Due to their rigorous locality-preserving properties, SFCs
like the Hilbert curve are recognized as standard optimization
algorithms for exhaustive 3D coverage path planning in au-
tonomous UAV networks and complex mobile mechanisms
(Shi et al., 2025; Mazaheri et al., 2024). By improving the
geometric isotropy and computational efficiency of 3D seg-
mentation backbones via affine-perturbed SFCs, our GAPS
framework directly addresses the stringent latency and spa-
tial accuracy requirements of these downstream mechanical
applications.

In this section, we elaborate on the proposed Group-wise
Affine-Perturbed Serialization (GAPS) framework. We first
present the overall architecture, followed by the mathemati-
cal formulation of affine-perturbed SFCs and, finally, the de-
sign of the GAPS block for efficient multi-view geometric
modeling.

As illustrated in Fig. 1, our backbone adheres to the stan-
dard hierarchical encoder—decoder design established by
PTv3 (Wu et al., 2024). The network processes point clouds
through four downsampling stages. The critical deviation
from prior art lies in the feature extraction units: instead
of stacking sequential blocks with fixed patterns, we de-
ploy our GAPS blocks. This design leverages a multi-
sequence feature fusion (MSFF) strategy to enable simulta-
neous multi-path context aggregation within a single layer,
thereby enriching geometric coverage and mitigating scan-
ning anisotropy without the latency overhead of deep serial
stacking.

Standard space-filling curves (SFCs), such as Morton (Z-
order) codes, map 3D coordinates to 1D indices to facilitate
efficient window-based attention. However, relying on a sin-
gle fixed pattern introduces axial anisotropy, leading to “lo-
cality breaches” in which spatially adjacent points become
separated in the sequence. To address this, we introduce a
mathematical framework for efficiently generating diverse
SFECs.

Coordinates are normalized to [0, 1]° and quantized to 2L
levels. We interleave the bits of these coordinates from most

significant to least significant (i.e., x7 yr.zr...x1y1z1) to form
a unified binary vector v; € IF? , where D =3L.

We define a generalized serialization function &: IFZD —
IB‘2D as an affine transformation over the finite field:

P(vi;Ab)=Av; @b, ey
where A € Fé) *D s a binary transformation matrix, b € IF2D
is a translation vector, and & denotes vector addition modulo
2 (bitwise exclusive OR (XOR)). The matrix multiplication
is performed over [, (bitwise and followed by XOR sum).
Note that operations over [F, induce a discrete permutation of
the Morton codes rather than a continuous Euclidean trans-
formation.

The resulting binary vector ®(v;) is then interpreted as a
D-bit integer, providing the final 1D sorting index for point

Di-

Different configurations of matrix A yield fundamentally dif-
ferent geometric traversal paths. For instance, setting A as
the identity matrix I recovers the standard Morton (Z-order)
curve. Permutation matrices correspond to swapping coordi-
nate axes (e.g., prioritizing the Y axis over the Z axis). At the
same time, off-diagonal elements introduce discrete fractal-
like “shears”, yielding oblique scanning paths that mimic the
effect of realigning the traversal order with non-axis-aligned
dependencies.

To prevent feature collisions, the serialization mapping must
be bijective. Since the domain ]Fé) is a finite vector space,
the affine transformation ®(v) = Av @ b is a bijection if and
only if it is injective. Mathematically, for any distinct inputs
v1, V2, the equality ®(vy)= d(v2) implies A(v; Hvy)=0.
Consequently, a unique mapping is guaranteed if and only
if the null space of A is trivial, which requires det(A) =
1 (mod 2).

While theoretically flexible, a dense matrix A incurs
prohibitive computational costs and complex invertibility
checks. To address this, we impose a block lower triangu-
lar (BLT) structure on A. We group v into 3-bit octree-level
sub-vectors, using diagonal blocks By € ]Fg *3 for intra-level
transformations and lower off-diagonal blocks for inter-level
dependencies.

This design guarantees global invertibility (det(A) =
[ ] det(By) = 1) simply by ensuring each 3 x 3 diagonal block
is non-singular, decomposing global constraints into triv-
ial local checks. Crucially, the zero upper-triangular blocks
maintain level consistency: coarse-level output coordinates
depend exclusively on equal or coarser inputs. This preserves
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Overview of the proposed architecture. The framework processes raw 3D point clouds through a hierarchical U-Net structure. The
core processing unit is the GAPS block, which integrates two synergistic components: (a) serialization, which generates diverse scanning
patterns, and (b) the multi-sequence feature fusion (MSFF) module. The MSFF module splits features into groups, applies serialization

orders (irg) to perform window attention in parallel, and aggregates multi-view features via MLP fusion.

hierarchical locality by preventing fine-scale perturbations
from disrupting global structure.

To balance geometric diversity with stability, we employ
a hybrid strategy within the GAPS block. Instead of random
selection, we utilize a data-independent iterative orthogonal
search to generate the affine matrices. We define the diversity
metric between two matrices as the matrix Hamming dis-
tance: Dpat (A, M) = popcount(A @& M), where popcount(-)
denotes the number of set bits (1s) in the binary represen-
tation. To generate a set of diverse patterns S ={Ay, ..., A,},
we maximize the minimum distance to existing patterns:

@)

min

Dmat(Aa M)i| .
Me{LAj,...,A¢_1}

A =
k argm:x[

This is subject to the BLT constraint and By € GL(3,F)
{I}. These matrices are pre-computed and frozen, ensuring
zero runtime overhead. The specific 3 x 3 seed matrices used
in our implementation are detailed in Appendix A.

The core innovation of our architecture is the GAPS block
(Fig. 1). It comprises two synergistic components: a serial-
ization mechanism that defines diverse scanning strategies
(Fig. 1a) and a multi-sequence feature fusion (MSFF) mod-
ule that executes parallel feature processing (Fig. 1b).

The MSFF module decouples feature channels to facilitate
the parallel application of diverse scanning patterns. Given
an input feature map F € RV*C the processing pipeline pro-
ceeds as follows.

We first apply LayerNorm. To prevent feature collapse in
shallow stages where the channel dimension C is limited, we
introduce a channel protection mechanism. We define a min-
imum sub-group dimension Cpy, (e.g., 16), and the effective
number of parallel groups Gy is determined by
Geff = min (Gtargeh LC/CminJ) , 3)
where Garget i the maximum desired diversity (e.g., 8). In
deep stages (C > Grarget X Crmin), all Grarget patterns activate
simultaneously. In shallow stages where Gefr < Grarget, W€
distribute the serialization patterns cyclically across consec-
utive blocks to ensure geometric coverage.

After splitting F into Gegr groups, let F, € RN X(C/Gei) de-
note the feature subset for the gth group. For each group, we
assign a unique affine matrix A, and pre-compute the corre-
sponding permutation indices Z,. We then execute a parallel
gather operation:

F, = Gather (F;, Z;) . @



While this reordering is a memory-bound operation, it en-
sures that, in group g, points defined as neighbors by the
traversal ®(-; A,) become adjacent in the 1D sequence.

The reordered 1D sequences are partitioned into non-
overlapping windows of size W. We perform efficient win-
dowed self-attention (WSA) on each group in parallel. To
maintain parameter efficiency, the linear projections for Q,
K, and V are implemented by partitioning a single global
weight matrix W € R€*C into G sub-blocks. This ensures
that each group g operates on its own feature subspace with-
out introducing additional parameters beyond a standard at-
tention layer. The attention output Y, is computed as fol-
lows:

‘ QK
Y, = Attention (Qg, K, Vg) = Softmax i Ve 5

This allows the mechanism to aggregate context along the
specific non-axial path induced by A,.

Post-attention, features are restored to the canonical order via
an inverse scatter operation: Z, = Scatter(Y,, Z, 1. This en-
sures global consistency across all groups. Finally, the sub-
features are concatenated and fused via a linear projection
and an multi-layer perceptron (MLP) with residual connec-
tions. This MSFF design achieves multi-view modeling with
zero parameter overhead and minimal latency overhead com-
pared to sequential stacking.

This section presents a comprehensive evaluation of the pro-
posed GAPS framework. We begin by outlining the experi-
mental setup, including the datasets and implementation de-
tails. Subsequently, we compare our method against state-of-
the-art (SOTA) approaches based on three standard bench-
marks. Finally, we conduct extensive ablation studies to em-
pirically validate the effectiveness of the affine-perturbed se-
rialization and the group-wise parallel architecture, followed
by an analysis of computational efficiency.

ScanNet v2 (Dai et al., 2017) contains 1513 indoor scans an-
notated with 20 categories. Following standard protocols, we
use 1201, 312, and 100 scenes for training, validation, and
testing. ScanNet200 (Rozenberszki et al., 2022) expands the
label space to 200 classes with a long-tailed distribution. Its

numerous fine-grained categories with high geometric sim-
ilarity provide-a rigorous test of our model’s local context
modeling capabilities. S3DIS (Armeni et al., 2016a) cov-
ers six large indoor areas. We strictly adhere to the standard
Area-5 cross-validation protocol (training on Areas 1-4 and
6 and testing on Area 5) to evaluate generalization.

Implemented on Pointcept with PyTorch, we strictly follow
the training protocols, augmentation, and optimization set-
tings of the baseline PTv3. Specifically, to ensure a rigor-
ously fair comparison, all models use the same setup: 800
training epochs, an AdamW optimizer with a base learning
rate of 5 x 1073, a batch size of 12, a window size of 1024,
and identical data sampling strategies. All models are trained
on four NVIDIA RTX 4090 GPUs. We adopt a standard four-
stage encoder—decoder. To balance diversity and feature ex-
pressiveness, we set the target group number Garget = 8 and
the minimum channel dimension Cp,;, = 16. Consequently,
for the first stage (C = 32), the model adaptively adjusts to
Gefr =2 parallel groups per block, cycling through differ-
ent scanning patterns across blocks to maintain geometric
diversity. In deeper stages (C > 128), the full G =8 paral-
lel serialization is activated within each block. To ensure ro-
bustness, we employ a complementary serialization strategy
combining standard anchors (Z-order, Hilbert) with orthogo-
nal affine-perturbed curves selected to cover oblique geomet-
ric dependencies. Voxel sizes are set to 0.02m for ScanNet
and 0.04 m for S3DIS.

This subsection benchmarks the proposed GAPS framework
against representative state-of-the-art methods. Table 1 sum-
marizes the quantitative results based on ScanNet v2, Scan-
Net200, and S3DIS Area 5. To ensure a structured analysis,
we categorize baselines into four groups: (1) standard 3D
backbones (pure geometric supervision), (2) methods with
auxiliary supervision (e.g., boundary priors), (3) methods
with extra data/distillation, and (4) multi-modal methods.
As shown in Table 1, our method demonstrates competi-
tive and often superior performance compared to the strong
baseline PTv3 and other established 3D backbones. Most
notably, GAPS achieves 36.8 % mloU based on the chal-
lenging ScanNet200, outperforming the direct baseline PTv3
(35.2 %) by a substantial margin of +1.6 %. This improve-
ment is particularly significant given the fine-grained na-
ture of the dataset, which contains numerous categories with
high geometric similarity. The result strongly validates our
hypothesis that introducing diverse, affine-perturbed scan-
ning paths enables the effective capture of subtle local ge-
ometric contexts required to distinguish ambiguous classes,
which are often conflated by fixed-order serialization. No-
tably, GAPS effectively narrows the gap towards methods



Quantitative comparison on semantic segmentation benchmarks. We report the mean IoU (mloU, %) based on the validation sets. To
ensure a fair comparison, we distinguish between standard backbones and methods that use auxiliary boundary supervision (e.g., BFANet)
or external data (e.g., ARKit LabelMaker). Bold font indicates the best result within the standard backbone category.

Method ScanNet v2  ScanNet200  S3DIS Area 5
Standard 3D backbones (train-from-scratch)
PointNet++ (Charles et al., 2017) 53.5 - -
KPConv (Thomas et al., 2019) 69.2 - 67.1
MinkUNet (Choy et al., 2019) 72.2 25.0 65.4
PTv2 (Wu et al., 2022) 75.4 30.2 71.6
StratifiedFormer (Lai et al., 2022) 74.3 - 72.0
Swin3D (Yang et al., 2025) 76.4 - 72.5
OctFormer (Wang, 2023) 75.7 32.6 -
PTv3 (Wu et al., 2024) (Baseline) 71.5 352 73.4
Ours (GAPS) 77.8 36.8 73.3
Methods with auxiliary supervision (e.g., boundary loss)
BFANet (Zhao et al., 2025) 78.0 37.3 -
Methods with extra data/distillation
ARKit LabelMaker (Ji et al., 2025) 79.1 37.5 -
D-DITR (v2) (Zeid et al., 2026) 79.2 37.7 75.0
Multi-modal (2D+3D) methods
ODIN (Jain et al., 2024) 77.8 40.5 68.6
DITR (Zeid et al., 2026) 80.5 41.2 74.1

that use heavy auxiliary supervision or extra data without in-
curring the engineering complexity.

Regarding general scene understanding based on ScanNet
v2, GAPS achieves 77.8 % mloU, surpassing classic sparse
convolution networks and recent transformer architectures
such as Swin3D (76.4 %) and OctFormer (75.7 %). While
BFANet achieves a slightly higher score (78.0 %), it relies on
an explicit boundary detection module and specific losses; in
contrast, GAPS offers a more generalizable solution through
intrinsic backbone improvements. Finally, based on S3DIS
Area 5, our method yields 73.3 % mloU. While marginally
lower than PTv3 (73.4 %), this difference (—0.1 %) is negli-
gible. We hypothesize that S3DIS, dominated by large planar
structures (walls, floors, ceilings) and simple layouts, bene-
fits less from the complex multi-view serialization designed
for intricate geometries as the standard Z-order is already
near-optimal for such environments. This suggests that fu-
ture work could adaptively utilize local geometric entropy to
control multi-view serialization in planar regions.

A common limitation of multi-view methods is the substan-
tial increase in computational cost and latency. In this subsec-
tion, we demonstrate that GAPS achieves a superior trade-off
between segmentation accuracy and system efficiency. Mea-
surements are conducted on the ScanNet validation set using
a single NVIDIA RTX 4090 GPU with a batch size of 1.

As summarized in Table 2, GAPS maintains an identical
parameter count (46.2 M parameters) to the baseline PTv3.

This parameter invariance is guaranteed by our architectural
design: the group-wise linear projections in the MSFF mod-
ule are mathematically equivalent to the baseline’s dense pro-
jections, merely partitioned across channels to facilitate par-
allel multi-view serialization. This confirms that the perfor-
mance gains of GAPS stem from geometric modeling im-
provements rather than increased model capacity. This is be-
cause the affine transformation matrices are pre-computed
constants that require no gradient updates. Regarding execu-
tion speed, we observe a marginal increase in latency (44 ms
for inference). This overhead is primarily attributed to the
memory-bound gather and scatter operations required for
multi-view reordering, which incur random memory access
costs. Future engineering efforts could further mitigate this
bottleneck by implementing hardware-level optimizations,
such as custom CUDA kernels that fuse memory reorder-
ing operations with the initial attention projections. However,
this impact is minimized by our group-wise parallel design.
By performing computationally intensive window attention
on channel split groups, GAPS theoretically maintains a to-
tal floating-point operation count (FLOP) equivalent to that
of the single-view baseline, thereby avoiding the latency ex-
plosion common in deep, sequentially stacked multi-path ar-
chitectures.

Compared to other state-of-the-art methods, GAPS
demonstrates a substantial speed advantage. It is approxi-
mately 6.8 x faster than Swin3D (67 ms vs. 460 ms) and out-
performs both OctFormer and PTv2 in terms of speed and
memory efficiency. By accepting a minimal 4 ms latency cost
for a +1.6 % mloU gain on ScanNet200, GAPS achieves an



Efficiency comparison. We report model size (Params), training and inference latency (per scene), and peak GPU memory us-
age. Compared to heavy transformer architectures (e.g., Swin3D) and previous sparse baselines, our method maintains real-time capability
(~ 15 FPS) while delivering superior performance. Bold values indicate the best (lowest) results in each column.

Method Params (M) Training ‘ Inference

Latency (ms) Memory (GB) ‘ Latency (ms) Memory (GB)
MinkUNet (Choy et al., 2019) 37.9 270 5.0 91 4.8
OctFormer (Wang, 2023) 44.0 268 13.1 88 12.6
Swin3D (Yang et al., 2025) 71.1 608 13.8 460 8.9
PTv2 (Wu et al., 2022) 12.8 315 13.6 195 18.3
PTv3 (Wu et al., 2024) (baseline) 46.2 155 7.0 63 5.3
Ours (GAPS) 46.2 162 7.4 67 5.4

inference speed of ~ 15 FPS, validating its suitability as a
practical backbone for real-time applications.

We conduct ablation studies on the ScanNet200 validation
set to verify our architectural design. ScanNet200 is selected
as the primary test bed due to its high sensitivity to fine-
grained geometric modeling.

A core premise of our method is that diverse, non-axial scan-
ning paths mitigate the locality breaches inherent in stan-
dard space-filling curves (SFCs). Table 3 disentangles the
performance gains stemming from the parallel architecture
versus the curve generation strategy. Note the structural im-
plementation differences: the standard PTv3 backbone uses
a fixed number of sequential blocks per stage (specifically
[2, 2, 6, 2]). In sequential experiments (rows 1-4), distinct
curves must be assigned to different blocks. Consequently,
stages with few blocks (e.g., stages 1, 2, and 4) cannot uti-
lize all four curve types simultaneously; the model is forced
to select a subset or alternate them. In contrast, our parallel
architecture (rows 5—7) overcomes this by splitting channels
within a single block, allowing all specified curves to be ac-
tive simultaneously at every stage.

Our channel protection mechanism (Cpin = 16) creates dis-
tinct behavior across stages. In stage 1 (C =32), GAPS
operates with Gefr =2, processing only two diverse views
per block — functionally resembling the sequential baseline.
However, the advantage becomes decisive at deeper stages
(e.g., stage 3, C =128), where GAPS fully activates eight
parallel views within each block. Conversely, the sequential
baseline remains structurally limited to processing a single
view per block, regardless of channel width, and fails to ex-
ploit the high-dimensional feature space fully.

Rows 1-4 demonstrate that increasing fixed patterns (Z-
order and Hilbert) within the sequential PTv3 baseline im-
proves performance from 32.6 % to 35.2 %. This confirms
that single-view serialization is a bottleneck; introducing di-
verse scanning orders recovers lost spatial contexts even
when constrained by sequential blocks. When utilizing the
identical set of standard curves (Z + H), our parallel GAPS
architecture (row 5) outperforms the sequential PTv3 (row 4)
by 0.6 % without increasing network depth or latency. While
the number of blocks limits the sequential baseline, our
GAPS block-splitting feature enables parallel processing of
multiple views. This allows the network to integrate multi-
perspective geometric information simultaneously within ev-
ery block, maximizing curve utility regardless of stage depth,
validating the efficiency of our multi-sequence feature fusion
(MSFF) module.

The integration of our proposed affine-perturbed curves
yields the most significant boost, improving mloU to 36.8 %
(row 7). This supports our claim in Sect. 3.2: while standard
curves are axis-aligned, our affine transformations introduce
“sheared” scanning paths. These non-axial traversals opti-
mize the memory layout for oblique geometric structures that
standard grid-aligned traversals would otherwise fragment.

We investigate the trade-off between serialization diversity
and feature capacity by varying the group number G. In-
creasing G from 1 to 8 yields steady gains (32.6 % to 36.8 %
mloU), confirming that decoupling features allows the model
to leverage diverse scanning patterns to reduce geometric
blind spots. However, performance degrades when G > 8
(e.g.,35.9 % at G = 16). We attribute this to attention context
fragmentation. Despite sufficient channels per group, exces-
sive splitting isolates attention computation into too many
specialized sequences, hindering effective integration by the
final fusion layer. Consequently, we adopt G = 8 as the opti-
mal configuration.



Ablation study on serialization strategies and architecture. We investigate the impact of increasing curve diversity and compare the
sequential stacking strategy (PTv3 style) vs. our parallel group-wise fusion (GAPS). Legend: Z — standard Z-order; H — Hilbert curve; A
— proposed Affine-perturbed curves. Rotated variants are included in the sets. Bold values indicate the best performance (highest mloU and

largest improvement A).

ID  Architecture

Serialization set

mloU (%) A

Baseline with standard curves

1 PTv3 (seq.) Z (Single view) 32.6 -
2 PTv3 (seq.) Z+ Zrot 343 +1.7
3 PTv3 (seq.) H + Hrot 34.5 +1.9
4 PTv3 (seq.) Z4+H+ Zrot + Hrot 352 +2.6
Effect of GAPS architecture

5 Ours (parallel) Z +H + Zrot + Hrot 35.8 +3.2
Effect of affine perturbations

6 Ours (parallel) ...+ A+ Aj rot 36.2 +3.6
7  Ours (parallel) ...+Aj+...+Ay+... 36.8 +4.2

Figures 2 and 3 present qualitative comparisons of segmen-
tation results and effective receptive fields (ERFs), respec-
tively.

Figure 2 highlights how GAPS addresses critical baseline
failures. In Scene0081_02 (top), PTv3 suffers from seman-
tic inconsistency, misclassifying a chair’s base as a stool
due to grid partitioning; GAPS resolves this by integrat-
ing cross-boundary context. In Scene0494_00 (middle), our
multi-view approach successfully distinguishes fine-grained
classes (standard vs. office chairs). Furthermore, in the dense
clutter of Scene0164_00 (bottom), GAPS resists the seman-
tic bleeding observed in PTv3, preserving instance bound-
aries where the baseline over-smooths.

Figure 3 verifies the mechanism behind this consistency us-
ing a chair instance where the seat and base are spatially
disconnected due to scanning sparsity. As shown in (b), the
standard Z-order is severely restricted by the partition bound-
ary, focusing exclusively on right-side fragments. While se-
quential stacking (c) marginally captures signals on the left
wheels and backrest, the activation remains weak. In con-
trast, GAPS (d) utilizes affine perturbations to bridge both
grid partitions and spatial gaps; it strongly activates the sym-
metric left wheels (orange box) and establishes robust long-
range dependencies with the backrest, ensuring part-whole
consistency despite structural discontinuities.

In this work, we address the axial anisotropy inherent in
window-based transformers by proposing GAPS, a frame-
work utilizing affine-perturbed serialization via our group-
wise parallel design to recover non-axial geometric local-
ity. We demonstrate that diversifying scanning paths sig-
nificantly enhances fine-grained segmentation (e.g., +1.6 %
mloU on ScanNet200) with zero parameter overhead and
marginal latency cost, validating the critical role of serializa-
tion isotropy in 3D understanding. While GAPS significantly
reduces partition-induced errors, the benefits naturally satu-
rate in simple, planar-dominated environments (e.g., S3DIS),
suggesting the need for future adaptive mechanisms based
on local geometric entropy. By reconciling serialization ef-
ficiency with geometric isotropy, GAPS paves the way for
scalable, real-time 3D perception.

For full reproducibility of the GAPS framework, we pro-
vide the specific 3 x 3 diagonal seeds Bgecq used to construct
the primary affine-perturbed curves .A; and A;. By applying
these seeds consistently across all levels k € {1,..., L} and
following the iterative algorithm defined in Sect. 3.2.3, the
exact scanning paths can be reconstructed.

— A seed matrix (Bgeed,1): selected to prioritize coordi-
nate permutation, facilitating the capture of oblique 45°
geometric dependencies.

0

1 0
Bgeeq1 = |0 0 1 (AD)
1 00

— Aj seed matrix (Bgeed.2): a binary shearing matrix de-
signed to mitigate axial anisotropy by diversifying bit-
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Input PTv3

Scene0081_02

Scene0494_00

Scene0164_00

Ours Ground truth

Figure 2. Qualitative comparison on ScanNet200. We highlight baseline failures (red) and our improvements (green). Top: GAPS resolves
semantic inconsistency (chair vs. stool). Middle: GAPS distinguishes fine-grained classes (standard vs. office chair). Bottom: GAPS resists
semantic bleeding in dense clutter.

Y¢ Point of Interest

Figure 3. Visualization of the effective receptive field (ERF).
(a) We visualize activation (teal to yellow) for a query point on the
chair base (yellow star). The instance exhibits structural sparsity,
separating the seat from the base. (b) PTv3 is strictly confined by
the partition boundary (dashed line). (¢) Sequential stacking shows
marginal improvement, capturing faint signals on the left. (d) GAPS
bridges these gaps via affine perturbations, triggering strong activa-
tions on the left wheels (orange box) and a more comprehensive
focus on the backrest.

Magnitude of ERF

https://doi.org/10.5194/ms-17-221-2026

level dependencies.

1 1 1
Beea2=(0 1 1 (A2)
1 0 1

The off-diagonal blocks M; ; are filled using the iterative
repulsion algorithm described in Sect. 3.2.3, ensuring each
parallel group in the MSFF module provides a unique geo-
metric perspective.
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