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A. Per-category Scores

Since segmentation tasks are severely imbalanced in terms
of categories, an averaged score might shadow some cru-
cial performance issues. To provide a complete picture, we
report 3D panoptic segmentation scores on the ScanNet val-
idation split and on the S3DIS Area-5 split in Tab. 1 and 2,
respectively. Besides, per-category 3D instance segmenta-
tion scores on the ScanNet test split are listed in Tab. 3. Evi-
dently, OneFormer3D segments every single category more
precisely than competitors on the ScanNet validation split.
Panoptic segmentation scores on S3DIS have never been re-
ported so far, so we establish a baseline for future research.
On the ScanNet test split, our method outperforms others in
segmenting objects of 11 out of 18 categories.

B. Performance

To provide a comprehensive overview of the proposed
method, we also conduct a detailed performance analy-
sis. Specifically, we decompose our method into several
self-sufficient and replaceable components: creating super-
points, extracting 3D features with a sparse 3D CNN, flex-
ible pooling, and running a query decoder. We run a pro-
filer to measure the time required for each component to
proceed. Similarly, we identify components of competing
approaches, and report the inference time component-wise
in Tab. 4. The runtime is measured on the same RTX
3090 GPU. Compared with the SPFormer baseline, One-
Former3D processes a few additional queries for semantic
segmentation, and uses another initialization strategy for in-
stance queries. The computation overhead is though minor,
causing a less than 3% increase of inference time. Overall,
we can claim, that OneFormer3D is on par of SPFormer,
which is the fastest among the profiled approaches.

C. Qualitative Results

To give an intuition on how the segmentation scores relate
to actual segmentation quality, we provide additional visu-
alizations of original and segmented point clouds from the
ScanNet (Fig. 1) and S3DIS (Fig. 2) datasets.
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SceneGraphFusion [12] 315 67.6 254 139 222 472 105 164 126 264 564 229 313 280 383 380 323 348 632 304 117
PanopticFusion [6] 335 404 764 238 358 467 421 348 180 193 164 264 104 161 166 395 363 761 367 310 277
TUPPer-Map [14] 502 685 746 47.1 603 458 49.6 525 381 387 535 420 388 446 326 475 523 745 455 574 399
OneFormer3D 712 789 949 609 804 888 744 744 615 589 552 571 558 657 625 633 717 959 73.7 855 652
Table 1. Per-class 3D panoptic segmentation PQ scores on the ScanNet validation split.
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OneFormer3aD 622 920 965 815 00 409 662 814 439 870 485 460 813 439
Table 2. Per-class 3D panoptic segmentation PQ scores on the S3DIS Area-5 split.
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NeuralBF [10] 55.5 66.7 89.6 843 51.7 751 29 519 414 439 465 00 484 857 287 693 651 100 485
PointGroup [3] 63.6 100 765 624 505 797 11.6 69.6 384 441 559 476 596 100 666 756 556 99.7 513
DyCo3D [2] 64.1 100 84.1 893 53.1 802 11.5 588 448 438 537 43.0 550 857 534 764 657 987 568
SSTNet [5] 69.8 100 69.7 888 556 803 387 626 41.7 556 585 702 600 100 824 720 69.2 100 50.9
HAIS [1] 69.9 100 849 820 675 808 279 757 465 51.7 596 559 600 100 654 767 67.6 994 56.0
DKNet [13] 71.8 100 814 782 619 872 224 751 569 67.7 585 724 633 98.1 515 819 73.6 100 61.7
TD3D [4] 75.1 100 774 86.7 62.1 934 404 706 812 60.5 633 626 690 100 64.0 820 77.7 100 61.2
ISBNet [7] 75.7 100 904 731 678 895 458 644 670 710 620 732 650 100 756 778 779 100 614
SPFormer [9] 770 903 903 806 609 886 568 815 705 71.1 655 652 685 100 789 809 776 100 583
Mask3D [8] 78.0 100 78.6 71.6 69.6 885 500 714 810 672 715 679 809 100 83.1 833 787 100 60.2
OneFormer3D  80.1 100 97.3 909 69.8 928 582 668 685 780 687 69.8 702 100 794 900 784 98.6 63.5

Table 3. Per-class 3D instance segmentation mAPs scores on the ScanNet hidden test split at 17 Nov. 2023.



Component Total

Method Component Device time, ms time, ms mAPs
Backbone GPU 48

PointGroup [3]  Grouping GPU+CPU 218 372 56.7
ScoreNet GPU 106
Superpoint extraction CPU 168
Backbone GPU 26

SSTNet [3] Tree Network GPU+CPU 148 400 64.3
ScoreNet GPU 58
Backbone GPU 50

HAIS [1] Hierarchical aggregation =~ GPU+CPU 116 256 64.4
Intra-instance refinement GPU 90
Backbone GPU 48

SoftGroup [11]  Soft grouping GPU+CPU 121 266 67.6
Top-down refinement GPU 97
Backbone GPU 106

Mask3D

ask3D [8] Mask module GPU 100 221 73.0

w/o clustering
Query refinement GPU 15
Backbone GPU 106
Mask module GPU 100

Mask3D [8] Query refinement GPU 15 19851 737
DBSCAN clustering CPU 19630
Superpoint extraction CPU 168
Backbone GPU 26

Q

SPFormer [9] Superpoint pooling GPU 4 215 739
Query decoder GPU 17
Superpoint extraction CPU 168
Backbone GPU 26

OneFormer3D Superpoint pooling GPU 4 221 78.1
Query decoder GPU 23

Table 4. The inference time and instance segmentation accuracy on the ScanNet validation split. We show comparable inference time to
the fastest SPFormer [9], being significantly more accurate than all existing methods.
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Figure 1. OneFormer3D predictions on ScanNet validation split. Left to right: an input point cloud, a ground truth panoptic mask, predicted
3D instance, 3D semantic, and 3D panoptic segmentation masks.
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Figure 2. OneFormer3D predictions on the S3DIS Area-5 split. Left to right: an input point cloud, a ground truth panoptic mask, predicted
3D instance, 3D semantic, and 3D panoptic segmentation masks.



References

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

(10]

(11]

[12]

Shaoyu Chen, Jiemin Fang, Qian Zhang, Wenyu Liu, and
Xinggang Wang. Hierarchical aggregation for 3d instance
segmentation. In Proceedings of the IEEE/CVF Interna-
tional Conference on Computer Vision, pages 15467-15476,
2021. 2,3

Tong He, Chunhua Shen, and Anton Van Den Hen-
gel. Dyco3d: Robust instance segmentation of 3d point
clouds through dynamic convolution. In Proceedings of
the IEEE/CVF conference on computer vision and pattern
recognition, pages 354-363, 2021. 2

Li Jiang, Hengshuang Zhao, Shaoshuai Shi, Shu Liu, Chi-
Wing Fu, and Jiaya Jia.  Pointgroup: Dual-set point
grouping for 3d instance segmentation. In Proceedings of
the IEEE/CVF conference on computer vision and Pattern
recognition, pages 4867-4876, 2020. 2, 3

Maksim Kolodiazhnyi, Danila Rukhovich, Anna Vorontsova,
and Anton Konushin. Top-down beats bottom-up in 3d
instance segmentation. arXiv preprint arXiv:2302.02871,
2023. 2

Zhihao Liang, Zhihao Li, Songcen Xu, Mingkui Tan, and
Kui Jia. Instance segmentation in 3d scenes using semantic
superpoint tree networks. In Proceedings of the IEEE/CVF
International Conference on Computer Vision, pages 2783—
2792, 2021. 2,3

Gaku Narita, Takashi Seno, Tomoya Ishikawa, and Yohsuke
Kaji. Panopticfusion: Online volumetric semantic mapping
at the level of stuff and things. In 2019 IEEE/RSJ Interna-
tional Conference on Intelligent Robots and Systems (IROS),
pages 4205-4212. IEEE, 2019. 2

Tuan Duc Ngo, Binh-Son Hua, and Khoi Nguyen. Isbnet: a
3d point cloud instance segmentation network with instance-
aware sampling and box-aware dynamic convolution. In Pro-
ceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, pages 13550-13559, 2023. 2
Jonas Schult, Francis Engelmann, Alexander Hermans, Or
Litany, Siyu Tang, and Bastian Leibe. Mask3d: Mask trans-
former for 3d semantic instance segmentation. In 2023
IEEE International Conference on Robotics and Automation
(ICRA), pages 8216-8223. IEEE, 2023. 2, 3

Jiahao Sun, Chunmei Qing, Junpeng Tan, and Xiangmin Xu.
Superpoint transformer for 3d scene instance segmentation.
In Proceedings of the AAAI Conference on Artificial Intelli-
gence, pages 2393-2401, 2023. 2, 3

Weiwei Sun, Daniel Rebain, Renjie Liao, Vladimir
Tankovich, Soroosh Yazdani, Kwang Moo Yi, and Andrea
Tagliasacchi. Neuralbf: Neural bilateral filtering for top-
down instance segmentation on point clouds. In Proceed-
ings of the IEEE/CVF Winter Conference on Applications of
Computer Vision, pages 551-560, 2023. 2

Thang Vu, Kookhoi Kim, Tung M Luu, Thanh Nguyen, and
Chang D Yoo. Softgroup for 3d instance segmentation on
point clouds. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pages 2708—
2717, 2022. 3

Shun-Cheng Wu, Johanna Wald, Keisuke Tateno, Nassir
Navab, and Federico Tombari. Scenegraphfusion: Incremen-

[13]

(14]

tal 3d scene graph prediction from rgb-d sequences. In Pro-
ceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, pages 7515-7525, 2021. 2
Yizheng Wu, Min Shi, Shuaiyuan Du, Hao Lu, Zhiguo Cao,
and Weicai Zhong. 3d instances as 1d kernels. In European
Conference on Computer Vision, pages 235-252. Springer,
2022. 2

Zhiliu Yang and Chen Liu. Tupper-map: Temporal and uni-
fied panoptic perception for 3d metric-semantic mapping.
In 2021 IEEE/RSJ International Conference on Intelligent
Robots and Systems (IROS), pages 1094-1101. IEEE, 2021.
2



	. Per-category Scores
	. Performance
	. Qualitative Results

