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Point Transformer v3 [14] CVPR 2024 7.5
Pont Mamba [24] arXiv 2024 75.7
Serialized Point Mamba [26] arXiv 2024 76.8
Ours | - | 77.8

f£ ScanNet i4E FRZER . ARG 1T rp, AT T
HybridTM 7£ ScanNet B ESE FHERE, HFHE5 24
Jeitiy (SOTA) FiEdkfT THAR . HybridTM i5%] T
77.8 % mloU, A3 T 1 SOTA Z55 ., it4), HybridTM
tt Point Transformer v3 [14] & 0.3 % mloU. [H]HF,
HybridTM it 7 HABLE 3%, W Swin3D  [11] Al
Serialized Point Mamba [26] , Zr%IEH 2.3 % F1 1.0
% mloU, iXSULEHIER T HybridTM ZE#EZ) 3D i X
A3 R A S

16 Scannet200 BitE OSSR . R TIIFRA H 225
) HybridTM . FAE/R T HybridTM 5JL#F SOTA
JEFE ScanNet200 HESE A HLE . WM 1T iR,
HybridTM REILTZ /i 7k, Fi85] 7#Hr SOTA
gL (36.5 % mloU) . HAAKKYL, HybridTM 4 5L
Point Transformer V3 FlI OctFormer = # 1.3 % mloU
A1 3.9 % mloU, iXEgERIEI T HybridTM 78 ¥4 24
FEHRSE EIEFT 3D i U EIR AR .

nuScenes FHEE LR, R TR P AN dESE
B HybridTM . 783 III ¢, 1@/~ T HybridTM

TABLE II
£ ScanNet200 BriEdE b, A I &S ol r ki .

Model | Present at | mloU

MinkowskiNet [44] CVPR 2019 25.0

OctFormer [12] SIGGRAPH 2023 32.6

Point Transformer v2 [13] NeurIPS 2022 30.2

Point Transformer v3 [14] CVPR 2024 35.2

Ours | - | 365
TABLE III

FAVH IS B SEHE T ¥ETE nuScenes BilbSE LA L

Model |  Present at | mloU
MinkowskiNet [44] CVPR 2019 73.3
SPVNAS [46] ECCV 2020 774
Cylender3D [47] CVPR 2021 76.1
AF2S3Net [48] CVPR 2021 62.2
SphereFormer [17] CVPR 2023 79.5
Point Transformer v3 [14] CVPR 2024 80.2
Ours | - | 809
TABLE IV

AT IR S I BOTIEAE S3DIS Hrilbde Frvtbe.

Model | Present at | Aerab (mloU)
MinkowskiNet [44] CVPR 2019 65.4
PointNeXt [49] NeurIPS 2022 70.5
Swin3D [11] arXiv 2023 72.5
Point Transformer v2 [13] NeurIPS 2022 71.6
Serialized Point Mamba [14] arXiv 2024 70.6
Ours | | 72.1

I e it 7 ¥ETE nuScenes Bk dE FRy . Hy-
bridTM A2 7T 80.9 % mloU, k3| T A SOTA %
o b4h, HybridTM 435k Point Transformer v3 #i
SphereFormer &= 0.7 % A1 1.4 % mloU, X&L4kHyE
BT HybridTM fEANIE P AN R HBEARE L) 3D i L5y
HEESS ERA R
S3DIS H¥idE Fimgha. FRATHER /N KR 4 1 PP Al
T HybridTM {{z4bBE 7. W€ IV Fis, HybridTM
BUETA AWM= ERE (72.1 % mloU) , H. Serialized
Point Mamba [26] FH 1.5 % mloU. XE6ZEREH T
HybridTM 3z 1bEE 7

FATIFE ScanNet BuFESE FiEAT TIHMIBFSE . 2Rk E
532 1T M.
REETHAMERE. RATHAT TIHBATFE, AT
FANRG A P ATk, SR mE V PR,
fUFEAEENZ (A& 1) B, HybridTM SZBlT 77.1
% mloU, Y4{Uffiffj Mamba 2 (BlHE II ) B, PR
B3] 76.9 % mloU, XA Mamba 2 FEURHIEELL
SR, AU IL SREEEERUZE (CE 1) )5, PheEibEs|
77.8 % mloU, Wit ZAR R (FH AT 25
0.7 %, FHAL Mamba JZ5 0.9 %). iXLELE R 200 H:HY
Bk T IRANR A2t R #as PA M IL FE SR
Al Mamba, #AERF ) B AME Sy T 198 %0 -
AR ARSI LR . i T IR uE AT )2 1 & R
(IL) AR, AT T A E IR G . sk VI fir

www.xueshuxiangzi.com



(@)

(©

Fig. 5.

- o — , B

# ScanNet Fl nuScenes ¥iE£E B T Point Transformer V3 (b) fl HybridTM (c) BRI . (a) ZMmEIN . 2H—FIH 51

2 ScanNet 4R, Hwig—4)2 nuScenes FHY45HE. ATPAFH, HybridTM fefgHi5E L Point Transformer V3 HF4ER, BRT

Hybrid TM {3t etk .

TABLE V
REZ 2.

# | Attention Layer Mamba Layer | mloU

I v 77.1
11 v 76.9
IIT v v 77.8

TABLE VI
UNCRESE gl a

# | Strategy |  mloU
1 Outer Strategy [31] (Mamba before Attention) 77.1
I Outer Strategy [31] (Mamba after Attention) 774
111 IL (Mamba before Attention) 7.5
v IL (Mamba after Attention) 7.8

78, MambaVision [31] (1) s FHRY/NAHRIE (Mamba
TEVER 20 HAgkE 77.1 % () mIoU., 4 FR {1602
IR AN o Mamba 2§ (11) B}, HybridTM
AIPAIKE] 774 %, (1) mih 0.3 % ) mloU, x4
SE LRI R V% AE Mamba Z B, 2416 1L
(Mamba 7Ey375 S22 ®#i) (111 ) B, HybridTM A] PATEE]
77.5 % f mloU, F (1) 75t 0.4 % () mloU. 43
i/ IL (Mamba fEHEE 112 )5) (IV ) B, HybridTM
alPAEE] 77.8 % B mloU, 4k (1), 1T, (11T ) %
0.7 %, 04 %, 0.5 % 1) mloU, jkEu5E HAERA T 3k
TRy TL 5 oAb SRR Lo ) L8k .
D. TT4fe

AT URE] HybridTM gy fisidt, FATFER 5 H @R
7 Point Transformer V3 [14] (b) A1 HybridTM (c) #£
ScanNet #l nuScenes JiilE5E FIE SR TE5
—MEE A, HybridTM BB X KLY 4 5 I TR Bf
ol fefa—o0, Zam TR e IL B A5,

HybridTM tH5EHERAHL > B/ NP K . ATRLALZE SR %0,
AT I EALETE SR FRA T, ST Tz W D, A
7T S B 47 e B AR o P g

A, AT E T HybridTM |, X2 54
Transformer 1 Mamba 1pE45E1H) 3D 15 X A-ER &4
. teAh, AR T NZIRARES, Beis AR A4k
£ 2 (R R SR ORI = 3 4y B SR, Lol 3D 1B X
GrENRTT . FRATH I VAR A S A R PR =
N (ScanNet, ScanNet200) F1ZE4p (nuScenes) Kl
WP e RR AR Bk, R T RA TR &2 7E
3D 1 AR R .

References

[1] M. Siam, M. Gamal, M. Abdel-Razek, S. Yogamani, M. Jager-
sand, and H. Zhang, “A comparative study of real-time se-
mantic segmentation for autonomous driving,” in Proceedings
of the IEEE conference on computer vision and pattern
recognition workshops, 2018, pp. 587-597.

[2] R. Marcuzzi, L. Nunes, L. Wiesmann, J. Behley, and
C. Stachniss, “Mask-based panoptic lidar segmentation for au-
tonomous driving,” IEEE Robotics and Automation Letters,
vol. 8, no. 2, pp. 1141-1148, 2023.

[3] Y. Sun, W. Zuo, H. Huang, P. Cai, and M. Liu, “Pointmoseg:
Sparse tensor-based end-to-end moving-obstacle segmentation
in 3-d lidar point clouds for autonomous driving,” IEEE
Robotics and Automation Letters, vol. 6, no. 2, pp. 510-517,
2020.

[4] Z. Liu, T. Huang, B. Li, X. Chen, X. Wang, and X. Bai,
“Epnet++: Cascade bi-directional fusion for multi-modal 3d
object detection,” IEEE Transactions on Pattern Analysis and
Machine Intelligence, vol. 45, no. 7, pp. 8324-8341, 2022.

[5] W. Kim and J. Seok, “Indoor semantic segmentation for robot
navigating on mobile,” in 2018 Tenth International Conference
on Ubiquitous and Future Networks (ICUFN). IEEE, 2018,
pp. 22-25.

[6] J. Chen, Y. K. Cho, and Z. Kira, “Multi-view incremental
segmentation of 3-d point clouds for mobile robots,” IEEE
Robotics and Automation Letters, vol. 4, no. 2, pp. 1240—
1246, 2019.

www.xueshuxiangzi.com



[7]

(8]

[9]

(10]

(11]

(12]

(13]

[14]

(15]

[16]

(17]

(18]

(19]

20]

(21]

(22]

23]

[24]

25]

[26]

27]

J. Behley, M. Garbade, A. Milioto, J. Quenzel, S. Behnke,
C. Stachniss, and J. Gall, “Semantickitti: A dataset for
semantic scene understanding of lidar sequences,” in Porc. of
IEEE Intl. Conf. on Computer Vision, 2019, pp. 9297-9307.
A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones,
A. N. Gomez, L. Kaiser, and I. Polosukhin, “Attention is all
you need,” Proc. of Advances in Neural Information Processing
Systems, vol. 30, 2017.

H. Zhao, L. Jiang, J. Jia, P. H. Torr, and V. Koltun, “Point
transformer,” in Porc. of IEEE Intl. Conf. on Computer Vision,
2021, pp. 16259-16 268.

C. Zhang, H. Wan, X. Shen, and Z. Wu, “Patchformer: An
efficient point transformer with patch attention,” in Proc. of
IEEE Intl. Conf. on Computer Vision and Pattern Recogni-
tion, 2022, pp. 11799-11 808.

Y.-Q. Yang, Y.-X. Guo, J.-Y. Xiong, Y. Liu, H. Pan, P.-
S. Wang, X. Tong, and B. Guo, “Swin3d: A pretrained
transformer backbone for 3d indoor scene understanding,”
arXiv preprint arXiv:2304.06906, 2023.

P.-S. Wang, “Octformer: Octree-based transformers for 3d
point clouds,” ACM Transactions ON Graphics, vol. 42, no. 4,
pp- 1-11, 2023.

X. Wu, Y. Lao, L. Jiang, X. Liu, and H. Zhao, “Point
transformer v2: Grouped vector attention and partition-based
pooling,” Proc. of Advances in Neural Information Processing
Systems, vol. 35, pp. 33330-33 342, 2022.

X. Wu, L. Jiang, P.-S. Wang, Z. Liu, X. Liu, Y. Qiao,
W. Ouyang, T. He, and H. Zhao, “Point transformer v3:
Simpler faster stronger,” in Proc. of IEEE Intl. Conf. on
Computer Vision and Pattern Recognition, 2024, pp. 4840—
4851.

C. Park, Y. Jeong, M. Cho, and J. Park, “Fast point trans-
former,” in Proc. of IEEE Intl. Conf. on Computer Vision and
Pattern Recognition, 2022, pp. 16 949-16 958.

X. Lai, J. Liu, L. Jiang, L. Wang, H. Zhao, S. Liu, X. Qi, and
J. Jia, “Stratified transformer for 3d point cloud segmenta-
tion,” in Proc. of IEEE Intl. Conf. on Computer Vision and
Pattern Recognition, 2022, pp. 8500-8509.

X. Lai, Y. Chen, F. Lu, J. Liu, and J. Jia, “Spherical
transformer for lidar-based 3d recognition,” in Proc. of IEEE
Intl. Conf. on Computer Vision and Pattern Recognition,
2023, pp. 17545-17 555.

A. Gu and T. Dao, “Mamba: Linear-time sequence modeling
with selective state spaces,” arXiv preprint arXiv:2312.00752,
2023.

L. Zhu, B. Liao, Q. Zhang, X. Wang, W. Liu, and X. Wang,
“Vision mamba: Efficient visual representation learning with
bidirectional state space model,” in Proc. of Intl. Conf. on
Machine Learning, 2024.

Y. Liu, Y. Tian, Y. Zhao, H. Yu, L. Xie, Y. Wang, Q. Ye,
and Y. Liu, “Vmamba: Visual state space model,” Proc. of
Advances in Neural Information Processing Systems, 2024.
T. Huang, X. Pei, S. You, F. Wang, C. Qian, and C. Xu, “Lo-
calmamba: Visual state space model with windowed selective
scan,” arXiv preprint arXiv:2403.09338, 2024.

X. Pei, T. Huang, and C. Xu, “Efficientvmamba: Atrous
selective scan for light weight visual mamba,” arXiv preprint
arXiv:2403.09977, 2024.

J. Ruan and S. Xiang, “Vm-unet: Vision mamba unet for med-
ical image segmentation,” arXiv preprint arXiv:2402.02491,
2024.

J. Liu, R. Yu, Y. Wang, Y. Zheng, T. Deng, W. Ye, and
H. Wang, “Point mamba: A novel point cloud backbone based
on state space model with octree-based ordering strategy,”
arXiv preprint arXiv:2403.06467, 2024.

T. Zhang, X. Li, H. Yuan, S. Ji, and S. Yan, “Point cloud
mamba: Point cloud learning via state space model,” arXiv
preprint arXiv:2403.00762, 2024.

T. Wang, W. Wen, J. Zhai, K. Xu, and H. Luo, “Serialized
point mamba: A serialized point cloud mamba segmentation
model,” arXiv preprint arXiv:2407.12319, 2024.

B. Graham, M. Engelcke, and L. Van Der Maaten, “3d
semantic segmentation with submanifold sparse convolutional
networks,” in Proc. of IEEE Intl. Conf. on Computer Vision
and Pattern Recognition, 2018, pp. 9224-9232.

(28]

29]

(30]

(31]

(32]

(33]

(34]

(35]

(36]

(37]

(38]

(39]

(40]

[41]

42]

(43]

(44]

[45]

[46]

(47]

A. Dai, A. X. Chang, M. Savva, M. Halber, T. Funkhouser, and
M. NieBner, “Scannet: Richly-annotated 3d reconstructions of
indoor scenes,” in Proc. of IEEE Intl. Conf. on Computer
Vision and Pattern Recognition, 2017, pp. 5828-5839.

H. Caesar, V. Bankiti, A. H. Lang, S. Vora, V. E. Liong,
Q. Xu, A. Krishnan, Y. Pan, G. Baldan, and O. Beijbom,
“nuscenes: A multimodal dataset for autonomous driving,” in
Proc. of IEEE Intl. Conf. on Computer Vision and Pattern
Recognition, 2020, pp. 11621-11631.

O. Lieber, B. Lenz, H. Bata, G. Cohen, J. Osin, I. Dalmedi-
gos, E. Safahi, S. Meirom, Y. Belinkov, S. Shalev-Shwartz
et al., “Jamba: A hybrid transformer-mamba language model,”
arXiv preprint arXiv:2403.19887, 2024.

A. Hatamizadeh and J. Kautz, “Mambavision: A hy-
brid mamba-transformer vision backbone,” arXiv preprint
arXiv:2407.08083, 2024.

Y. Liu and L. Yi, “Map: Unleashing hybrid mamba-
transformer vision backbone’s potential with masked autore-
gressive pretraining,” arXiv preprint arXiv:2410.00871, 2024.
W. Chen, L. Niu, Z. Lu, F. Meng, and J. Zhou, “Maskmamba:
A hybrid mamba-transformer model for masked image gener-
ation,” arXiv preprint arXiv:2409.19937, 2024.

M.-H. Guo, J.-X. Cai, Z.-N. Liu, T.-J. Mu, R. R. Martin,
and S.-M. Hu, “Pct: Point cloud transformer,” Computational
Visual Media, vol. 7, pp. 187-199, 2021.

M. Zeller, J. Behley, M. Heidingsfeld, and C. Stachniss,
“Gaussian radar transformer for semantic segmentation in
noisy radar data,” IEEE Robotics and Automation Letters,
vol. 8, no. 1, pp. 344-351, 2022.

T. Dao and A. Gu, “Transformers are ssms: Generalized
models and efficient algorithms through structured state space
duality,” in Proc. of Intl. Conf. on Machine Learning, 2024.
S. Hwang, A. Lahoti, T. Dao, and A. Gu, “Hydra: Bidirec-
tional state space models through generalized matrix mixers,”
arXiv preprint arXiv:2407.09941, 2024.

T. Chen, Z. Ye, Z. Tan, T. Gong, Y. Wu, Q. Chu, B. Liu, N. Yu,
and J. Ye, “Mim-istd: Mamba-in-mamba for efficient infrared
small target detection,” IEEE Transactions on Geoscience and
Remote Sensing, 2024.

J. Wang, D. Huang, X. Guan, Z. Sun, T. Shen, F. Liu, and
H. Cui, “Omega: Efficient occlusion-aware navigation for air-
ground robot in dynamic environments via state space model,”
IEEE Robotics and Automation Letters, 2024.

Z. Liu, J. Hou, X. Wang, X. Ye, J. Wang, H. Zhao, and
X. Bai, “Lion: Linear group rnn for 3d object detection in point
clouds,” Proc. of Advances in Neural Information Processing
Systems, 2024.

I. Armeni, O. Sener, A. R. Zamir, H. Jiang, I. Brilakis,
M. Fischer, and S. Savarese, “3d semantic parsing of large-
scale indoor spaces,” in Proc. of IEEE Intl. Conf. on Computer
Vision and Pattern Recognition, 2016, pp. 1534-1543.

I.  Loshchilov and F. Hutter, “Decoupled weight
decay regularization,” in Proc. of Intl. Conf. on
Learning Representations, 2017. [Online].  Available:

https://api.semanticscholar.org/CorpusID:53592270

C. R. Qi, L. Yi, H. Su, and L. J. Guibas, “Pointnet++: Deep
hierarchical feature learning on point sets in a metric space,”
Proc. of Advances in Neural Information Processing Systems,
vol. 30, 2017.

C. Choy, J. Gwak, and S. Savarese, “4d spatio-temporal
convnets: Minkowski convolutional neural networks,” in Proc.
of IEEE Intl. Conf. on Computer Vision and Pattern Recog-
nition, 2019, pp. 3075-3084.

P.-S. Wang, Y. Liu, Y.-X. Guo, C.-Y. Sun, and X. Tong, “O-
cnn: Octree-based convolutional neural networks for 3d shape
analysis,” ACM Transactions ON Graphics, vol. 36, no. 4, pp.
1-11, 2017.

H. Tang, Z. Liu, S. Zhao, Y. Lin, J. Lin, H. Wang, and S. Han,
“Searching efficient 3d architectures with sparse point-voxel
convolution,” in Proc. of European Conference on Computer
Vision. Springer, 2020, pp. 685-702.

X. Zhu, H. Zhou, T. Wang, F. Hong, Y. Ma, W. Li, H. Li,
and D. Lin, “Cylindrical and asymmetrical 3d convolution
networks for lidar segmentation,” in Proc. of IEEE Intl. Conf.

www.xueshuxiangzi.com



(48]

[49]

on Computer Vision and Pattern Recognition, 2021, pp. 9939—
9948.

R. Cheng, R. Razani, E. Taghavi, E. Li, and B. Liu, “2-s3net:
Attentive feature fusion with adaptive feature selection for
sparse semantic segmentation network,” in Proc. of IEEE Intl.
Conf. on Computer Vision and Pattern Recognition, 2021, pp.
12547-12 556.

G. Qian, Y. Li, H. Peng, J. Mai, H. Hammoud, M. Elhoseiny,
and B. Ghanem, “Pointnext: Revisiting pointnet++ with
improved training and scaling strategies,” Proc. of Advances
in Neural Information Processing Systems, vol. 35, pp. 23 192—
23204, 2022.

www.xueshuxiangzi.com



