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Background Contribution

While State Space Models (SSMs) like PointMamba achieve efficient point cloud feature To address these challenges, our contributions are summarized as follows:
extraction with linear complexity O(n), existing methods face two critical limitations: (1) 1. Proposes a simple yet ettective zigzag scanning pattern that preserves spatial proximity
traditional scanning patterns (Random, Hilbert, Z-order) disrupt spatial continuity, producing during token sequencing, generating smoother and spatially coherent token sequences for

enhanced feature representations.

2. Introduces a threshold-based masking approach that targets semantically similar tokens
instead of random masking, enabling robust global semantic modeling and superior
reconstruction quality.

. Combines the advantages of zigzag scanning and SMS to significantly advance point cloud
analysis, providing strong pre-trained weights for downstream tasks.

disjointed token sequences that impair feature quality, and (2) random masking strategies rely
solely on local neighbors for reconstruction, failing to capture global semantic dependencies
crucial for segmentation and classification. To address these challenges, we propose
Z1gzagPointMamba, which introduces a novel zigzag scan path that preserves spatial proximity 3
and a Semantic-Siamese Masking Strategy (SMS) that enables robust global semantic modeling.
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Figure 2: ZigzagPointMamba pre-training pipeline. Figure 3: Comparison of 2D and 3D Zigzag Scan Paths. Figure 4: Two- S]t;;gg ﬁzzl;nlig/[ z;iilll;e SMS followed
Algorithm 1 Semantic-Siames Masking Strategy MO dul e 1 Zi 7 S can P ath Y
Input: group_input_tokens: point cloud feature tensor with shape B, G, C (batch_size, number g g = M()dule 2: Semantic_Siamese Masking Strategy (SMS) @
of groups, feature_dimension). @ Plll‘pose
hreshold: SMS ion threshold (default 0.8), lling th I f tok
—t relentiont (detiult 0. controlling the proporton ot iokens o pregerve spatial continuity during point cloud serialization, addressing the @& Purpose | | | |
Output: bool_mashed_pos: boolean mask tensor with shape B3, G, C' indicating which okens. i itation of traditional scanning methods (random, Hilbert) that disrupt ~ Force global semantic learning by masking semantically redundant
, . local geometric coherence. tokens instead of random selection.
1: B,G,C <shape(group_input_tokens) // Get tensor dimensions
2: tokens_norm < Enormalize(group_input_tokens,dim = —1) // Normalize feature vectors % HOW It Works % HOW It Works

to unit length

3: similarity_matriz < torch.bmm(tokens_norm,tokens_norm?).clamp(0,1) // Compute FPS Sampllng. SeleCt M representative keypOintS from lnput pOlIlt ClOud Compute Cosine Slmllarlty between token pairs

cosine similarity matrix and clamp to [0,1]

4: redundancy_score < > .. __(similarity_matriz) // Calculate redundancy score for each M“lti-Plane Layering: DlVlde pOlntS lntO layeI'S alOIlg X, Y, Z dXxXecsS Calculate redundancy score per token Vla Slmllal‘lty aggl‘egatlon
token . . . . .
g ﬁ:zrnodx(l, |threshold x G|) I/ Determine number of tokens to retain (at least 1) Seqllelltlal ConneCtlono Mel‘ge 1ayered paths Into Spatlally COheI'ent MaSk tOkenS exceeding threshold T:OS -+ random mask (ratio 06)
return torch.zeros([B, G|, dtype = torch.bool) tOken Sequences Advanta es
7: thresholds <+ torch.topk(redundancy_score,k = k,largest = torch.False).values[:, —1] // . Advantages g
Get k-th smallest redundancy score as threshold L. . . . > L1 . >
8: bool_masked_pos <+ redundancy_score > thresholds // Generate mask (tokens with higher ® Malntalns prOXImlty Of Spatlally adJ acent pOlntS * Targets Semantlcally Slmllar reglons (eg9 Comp lete ObJeCt parts)

redundancy are masked)

9: return bool_masked_pos * Generates smoother token sequences (vs. random/Hilbert) * Preserves topological integrity during masking

* Improves feature representation quality * Superior reconstruction quality (vs. random masking)

Results
Datasets:

ScanObjectNN: The ScanObjectNN dataset contains 2902 real-world 3D object scans from indoor scenes, covering 15 categories, with three difficulty variants: OBJ-BG, OBJ-ONLY, and PB-
T50-RS. Each object is represented as a 1024-point surface-sampled point cloud, providing object classification labels under occluded and noisy realistic conditions.

ModelNet40: The ModelNet40 benchmark includes 12311 CAD models from online repositories, spanning 40 categories (e.g., furniture, vehicles). It 1s split into 9843 training and 2468 testing
samples, with each 3D model converted to a point cloud (1024/2048 points) for standard classification performance evaluation.

ShapeNetPart: The ShapeNetPart segmentation dataset has 16881 3D shapes from the ShapeNet repository, covering 16 categories (€.g., airplanes, chairs), with 50 fine-grained part labels. Each
shape 1s a 2048 pomt sampled pomt cloud offering dense semant1c labels to assess part segmentauon capabilities.
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Table 6: The effect of the thresholds of different SMS. Table 7: The effect of different
Predicted S ; attention.
(PointMamba) “',',‘"*'L e Setting OA(%)
OBJ-ONLY PB-T50-RS Setting OA(%)
OBJ-ONLY PB-T58-RS
Dieditad 0.5 90.71 87.99
(ZigzagPointMamba) i 0.6 91.57 87.68 Attention 91.22 88.17
o | 0.7 91.22 88.45 Multi-Attention 90.53 87.79
Laptop Lamp  Guitar Desk Cap Bag Car Chair Airplane 0.8 92.08 88.65 SMS 92.08 88.51
Input Masking  Reconstruction Input Masking Reconstruction 0.9 01.91 88.36
Fig 5: This figure shows the qualitative analysis results of the mask Fig 6: The qualitative outcomes of part segmentation achieved by our ZigzagPointMamba model on the
predictions made by the ZigzagPointMamba model on the ShapeNet ShapeNetPart dataset.
validation set.
1. Obiect Classif SeanOb tucted N X Table S: The effect of different scanning curves.
Table 1: Object Classification on ScanObjectNN Dataset. We conducted experiments on three subsets . | o !
of theScanObjectNN dataset: the OBJ-BG subset, OBJ-ONLY subset, and PB-T50-RS subset. SCANAING EUTve OBIONLY PB-IS8-RS i C OHClu Sion
Random 92.60 00.18 !
Methods Reference Param.(M) FLOPs(G) OBIBG OBJ-ONLY PB-T50-RS Z-order and Trans-Z-order 93.29 90.36 In this papcer, we introduced Zng agPothamb a, |
Point-Bert[39] CVPR 22 B2 4.8 87.3 88.12 83.07 MGt and ‘Eeitler 93.29 90.88 |
MaskPoin([10 CVPR 22 2.1 48 59.70 59,30 .60 | ‘an innovative state-space model that addresses
PointMAE[24] ECCV 22 1 48 90.02 88.29 84.60 Trans-Hilert and Trans-Z-order  93.29 91.91 \Metchat
e NeulPs 22 153 30 122 81 5643 Hilbert and Trans-Hilbert 90.88 87.93 ‘critical limitations in existing PointMamba- based
ReCon[27) ICML 23 43.6 53 94.15 93.12 89.73 zigzag scan path (Ours) 92.10 88.65 i a
e e : : oa1s 12 e T ———————w— ‘approaches for point cloud self-supervised learmng o
PointMamba([I8])(baseline)  NeurlPS 24 12.3 3.1 93.96 90.88 87.93 abic 4. rew-shol Icarmng on MOdClINEtaU. A dedl_X _Cate | | ®
ZigzagPointMamba(Ours) 12.3 3.1 94.15 92.10 88.65 dataset for few-shot learning constructed based on ModelNet40. EXtenSlve experlments demonStrate that our Zlgzag S, E
o | F— 10-way scan path preserves spatial continuity while the g "3"feg2aeCee gl
Table 2: Classification on ModelNet40 Dataset. Table 3: Part Segmentation on ShapeNetPart Dataset. Methods Reference e o B gt | B e Mt ws"u002
We report the overall accuracy from 1024 The mlIoU of all classes (Cls.) and instances P B o B SMS helps the model fO Cus on glOb al structu res, - I
points without voting (Inst.) is reported. Point-Bert[39] CVPR22 94.6£3.0 96.3£2.5 91.0+5.0 92.7+4.8 . . B " R
MaskPoint{[9] CVPR22 950437 97.2+1.5 914445 934432 preventing over-reliance on local features. &3 -z - 22 e
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Point-Bert[30] CVPR22 221 438 927  Point-BERT Li9) e g i - e o e o i /i gzag PointMamba Pprovi des a power ful Preé-  fefeses * . alea"Res
MaskPoint[19] — 9.1 438 9.6 Mf}‘;kPomt@ TR 2 86.0 i PointM2AE ..n Neur[PS 22 96.842.0 983+1.5 923+42 952425 ; 8 =s sems sses 2us
- PoiniNAEEE Feovaz o sel Sk trained backbone that effectively supports : H I
PointMAE[24] ECCV 22 22.1 48 932 pointM2AEHT] NeurIPS 22  86.51 84.86 ACTIS] ICLR23  96.8+2.1 98.0£1.5 933#40 95.6%3.0 g y PP | E See S2esed S
PointM2AE[41] NeurIPS 22 153 3.6 934 ACTR ICLR 23 86.14 84.66 _ ; | . . | . ssss o sss
ACTE B ol - 036 Geoskm oo oy e PointGPT-S|7] NeurlPS 23  96.8+1.8 98.6+1.2 92.6+3.5 95.242.5 downstream pOlIlt cloud analys1s tasks. ed aa"sa"aa"s
GeoMask3D{Z] TMLR 25 . ; 9420 PomMamba(I8T)(baseline)  NewrlPS 24 85.28 TG ReCon(27] ICML23  97.3:1.8 98.0+l.5 93343 95.8:2.8 :
PointMamba([18])(baseline) ~ NeurIPS 24 123 L5 9275 ZigzagPointMamba(Ours) 85.78 84.16 PointMamba([I8])(baseline) Neur[PS24 96.0£2.0 99.0+1.0 88.5+2.4 93.8+1.2

Zi intMamba(O 123 15 93.15 L :
ApeagRom i ha{hey) Our method uses 17.36M parameters and 5.5G FLOPs. ZigzagPointMamba(Ours) 96.0£2.1 99.0+1.2 90.0+2.2 94.2+1.0




