Relation3D: Enhancing Relation Modeling for Point Cloud Instance Segmentation

Supplementary Material

1. Overview

In this supplementary material, we begin by presenting a
more detailed comparison of quantitative metrics on Scan-
NetV2 [1] validation set and test set (Section@. We then pro-
vide additional discussion about position embedding (Sec-
tion 3. To further validate the effectiveness of the proposed
method, we provide more visualizations (Section [5).

2. Detailed results on ScanNetV2 validation and
hidden test set

The detailed results for each category on ScanNetV2 vali-
dation set are reported in Table E} As the table illustrates,
our method achieves the best performance in 14 out of 18
categories. The two of them work together to achieve 14 out
of 18 categories. The superior performance demonstrates the
effectiveness of our method. The detailed results for each
category on ScanNetV?2 hidden test set are reported in Ta-
ble and [ As the tables illustrate, our method achieves
the best performance in 13 out of 18 categories in Table
10 out of 18 categories in Table [3|and 12 out of 18 cate-
gories in Table[d The superior performance demonstrates
the effectiveness of our method.

3. Discussion about position embedding

In DETR-based methods, query typically consist of two
embeddings: a content embedding and a position embed-
ding. In the transformer decoder, the position embedding
is added to the content embedding and then input into the
self-attention/cross-attention mechanisms for interaction, ul-
timately generating a new content embedding. It is important
to note that in these methods, the position represented by the
position embedding does not accurately correspond to the
actual location of the mask predicted by the query. In the
following sections, we will analyze several representative
methods in detail.

SPFormer: In SPFormer, both the content embedding
and position embedding are learnable. Consequently, the
position embedding does not carry any explicit spatial mean-
ing.

Mask3D: In Mask3D, the position embedding is derived
using FPS (Furthest Point Sampling). First, /N points are
sampled using FPS, and each sampled point is encoded using
Fourier or sin-cos encoding to generate the corresponding
position embedding. The content embedding, however, is
initialized to all zeros. During the subsequent decoder pro-
cess, Mask3D employs self-attention and cross-attention
mechanisms to update the features of the content embedding.

However, through experiments, we observe that the posi-
tions of the sampling points in Mask3D do not align with
the actual positions of the corresponding predicted instances
(there are large differences between them). This indicates
that the positional relationships introduced by the position
embedding are inaccurate.

Maft: Maft also employs a learnable position embedding,
but unlike SPFormer, the position embedding P € [0, 1] 3.
The position embedding is resized based on the scale of the
input scene as follows:

pP=r. (pmax - pmin) + Pmin,

where Pmax, Pmin € R? denote the maximum and minimum
coordinates of the input scene, respectively. As a result, the
position embedding in Maft acquires actual coordinate mean-
ings. To correlate the position embedding P more closely
with the positions of the corresponding predicted instances,
Maft introduces a Ceepeer term in the Hungarian matching
cost matrix, representing the distance between P and the
ground truth instance center. Furthermore, Maft updates P
layer by layer in the decoder, allowing the matched P to
progressively approach the ground truth instance center. De-
spite these design enhancements, where P becomes closer to
the actual positions of the corresponding predicted instances,
some discrepancies remain. These inaccuracies impact the
precision of the positional relationships.

4. Parameter and Runtime Analysis.

Table 5] presents model parameters and runtime per scan for
various methods evaluated on ScanNetV2 validation set. For
a fair comparison, all runtimes are measured on the same
RTX 4090 GPU. Compared to Maft, our method achieves
better performance with an additional 2.0M parameters. Al-
though our method is slightly slower due to additional mod-
ules, the small-scale design allows our approach to outper-
form most methods in both speed and parameter efficiency.

5. More Visualization

Qualitative comparison (Figure[T): To vividly illustrate the
differences between our method and baseline, we visualize
qualitative results in Figure[I] From the regions highlighted
in the last row, we observe that the baseline method tends
to confuse chairs with surrounding objects and exhibits in-
complete segmentation of the chair. In contrast, our method,
by focusing on scene feature modeling, enhances the consis-
tency of superpoint features within instances and increases
the differences between features of different instances. This
leads to more accurate and coherent segmentation results.
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PointGroup [2] | 34.8 [59.7 37.6 26.7 253 71.2 6.9 26.6 14.0 229 339 20.8 24.6 41.6 29.8 434 385 758 27.5
SSTNet [3] 494|777 56.6 25.8 40.6 81.8 22.5 38.4 28.1 429 52.0 40.3 43.8 489 54.9 52.6 55.7 92.9 343
SoftGroup [4] | 45.8 |66.6 48.4 32.4 37.7 72.3 143 37.6 27.6 352 42.0 342 56.2 569 39.6 47.6 54.1 88.5 33.0
DKNet [5] 50.8 |73.7 53.7 36.2 42.6 80.7 22.7 35.7 35.1 42.7 46.7 51.9 39.9 572 52.7 524 542 91.3 372
Mask3D [6] 55.2 |78.3 543 43.5 47.1 82.9 359 48.7 37.0 543 59.7 53.3 47.7 47.4 55.6 48.7 63.8 94.6 39.9
ISBNet [7] 54.5 |76.3 58.0 39.3 47.7 83.1 28.8 41.8 35.9 499 53.7 48.6 51.6 66.2 56.8 50.7 60.3 90.7 41.1
SPFormer [8] | 56.3 [83.7 53.6 31.9 45.0 80.7 38.4 49.7 41.8 52.7 55.6 55.0 57.5 56.4 59.7 51.1 62.8 95.5 41.1
QueryFormer [9] | 56.5 |81.3 57.7 45.0 47.2 82.0 37.2 43.2 43.3 545 60.5 52.6 54.1 62.7 524 499 60.5 94.7 37.4
Maft [10] 58.4 | 80.1 58.1 41.8 48.3 82.2 344 55.1 443 550 57.9 61.6 564 63.7 544 53.0 66.3 953 42.9
Ours ‘62.5 ‘84.8 63.7 42.2 54.0 83.9 49.1 53.8 46.7 60.4 65.0 62.8 61.3 69.2 57.6 61.2 68.9 94.3 46.7

Table 1. Full quantitative results of mAP on ScanNetV2 validation set. For reference purposes, we show the results of fully supervised

methods in gray. Best performance of box supervised methods is in boldface.
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3D-BoNet [11] | 25.3|51.9 32.4 25.1 13.7 345 3.1 419 69 162 13.1 52 202 338 147 30.1 30.3 65.1 17.8
MTML [12] | 28.2|57.7 38.0 182 107 43.0 0.1 422 5.7 17.9 162 7.0 22.9 5.1 16.1 49.1 31.3 65.0 162
3D-MPA [13] |35.5|45.7 48.4 299 27.7 59.1 47 332 21.2 21.7 27.8 193 41.3 41.0 19.5 57.4 352 84.9 21.3
DyCo3D [14] | 39.5 |64.2 51.8 44.7 259 66.6 5.0 25.1 16.6 23.1 36.2 232 33.1 53.5 22.9 58.7 43.8 85.0 31.7
PE[I5] | 39.6|66.7 467 44.6 243 624 22 577 10.6 21.9 34.0 23.9 487 47.5 225 54.1 35.0 81.8 27.3
PointGroup [2] | 40.7 | 63.9 49.6 41.5 243 64.5 2.1 57.0 11.4 21.1 359 21.7 42.8 66.6 25.6 562 34.1 86.0 29.1
MaskGroup [16] | 43.4 | 77.8 51.6 47.1 33.0 65.8 2.9 52.6 24.9 25.6 40.0 30.9 38.4 29.6 36.8 57.5 42.5 87.7 3622
OccuSeg [17] | 48.6 [80.2 53.6 42.8 36.9 702 20.5 33.1 30.1 37.9 47.4 32.7 43.7 86.2 435 60.1 39.4 846 27.3
HAIS [18] | 45.7 |70.4 56.1 45.7 36.4 67.3 4.6 547 19.4 30.8 42.6 28.8 454 71.1 262 56.3 43.4 88.9 344
SSTNet [3] | 50.6 |73.8 54.9 497 31.6 69.3 17.8 37.7 19.8 33.0 46.3 57.6 51.5 85.7 49.4 63.7 457 943 29.0
SoftGroup [4] | 50.4 |66.7 57.9 372 38.1 69.4 7.2 67.7 30.3 38.7 53.1 31.9 582 75.4 31.8 64.3 49.2 90.7 38.8
DKNet [5] | 53.2 |81.5 62.4 51.7 37.7 749 10.7 50.9 30.4 43.7 47.5 58.1 53.9 77.5 33.9 64.0 50.6 90.1 38.5
Mask3D [6] | 56.6 |92.6 59.7 40.8 42.0 73.7 23.9 59.8 38.6 45.8 54.9 56.8 71.6 60.1 48.0 64.6 57.5 92.2 36.4
QueryFormer [9] | 58.6 [92.6 70.2 39.3 50.5 73.7 27.7 58.3 37.5 47.9 53.5 56.8 61.5 72.0 48.1 74.5 59.2 95.8 36.1
Maft [10] | 59.6 |88.9 72.1 44.8 46.0 76.8 25.1 55.8 40.8 50.4 53.9 61.6 61.8 85.8 482 68.4 55.1 93.1 45.0
Ours 62.2[92.6 71.0 541 502 77.2 314 59.8 42.5 50.4 565 65.0 716 80.9 47.6 74.7 61.8 96.3 36.4

Table 2. Full quantitative results of mAP on the ScanNetV2 test set. Best performance is in boldface.

T-SNE Visualization (Figure[2): We present the T-SNE
visualization of superpoint-level feature distributions on the
ScanNetV2 validation set. From this visualization, it is
evident that our method achieves better inter-object differen-
tiation while maintaining intra-object feature consistency.

Attention Maps and Weight Distributions (Figures
and[d): We compare traditional self-attention with relation-
aware self-attention in terms of attention maps and weight
distributions. Relation-aware self-attention exhibits a more
focused attention mechanism, effectively modeling posi-
tional and geometric relationships. Unlike traditional self-

attention, which distributes attention more diffusely without
a clear focal query, relation-aware self-attention emphasizes
relevant queries, leading to a more precise and meaningful
feature representation.

Adaptive Superpoint Aggregation Module (Figure[5):
Figure[§]visualizes the weights from the Adaptive Superpoint
Aggregation Module (ASAM). The visualization highlights
that ASAM assigns higher weights to object edges and cor-
ners—regions typically distinctive for individual instances.
This targeted emphasis enhances the model’s ability to accu-
rately capture key structural features, contributing to better
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3D-BoNet [11] | 48.8 |100.0 67.2 59.0 30.1 48.4 9.8 62.0 30.6 34.1 25.9 12.5 434 79.6 40.2 49.9 51.3 909 43.9
MTML [12] 549 [100.0 80.7 58.8 32.7 64.7 4 81.5 18.0 41.8 36.4 18.2 44.5 100.0 44.2 68.8 57.1 100.0 39.6
3D-MPA [13] 61.1 [100.0 83.3 76.5 52.6 75.6 13.6 58.8 47.0 43.8 43.2 35.8 65.0 85.7 42.9 76.5 55.7 100.0 43.0
DyCo3D [14] 64.1 [100.0 84.1 89.3 53.1 80.2 11.5 58.8 44.8 43.8 53.7 43.0 55.0 85.7 53.4 76.4 65.7 98.7 56.8
PE [15] 64.5 |100.0 77.3 79.8 53.8 78.6 8.8 79.9 35.0 43.5 54.7 54.5 64.6 933 56.2 76.1 55.6 99.7 50.1
PointGroup [2] | 63.6 |100.0 76.5 62.4 50.5 79.7 11.6 69.6 38.4 44.1 559 47.6 59.6 100.0 66.6 75.6 55.6 99.7 51.3
MaskGroup [16] | 66.4 |100.0 82.2 76.4 61.6 81.5 13.9 69.4 59.7 459 56.6 59.9 60.0 51.6 71.5 81.9 63.5 100.0 60.3
OccuSeg [17] 67.2 [100.0 75.8 68.2 57.6 84.2 47.7 50.4 52.4 56.7 58.5 45.1 55.7 100.0 75.1 79.7 56.3 100.0 46.7
HAIS [18] 69.9 [100.0 84.9 82.0 67.5 80.8 27.9 75.7 46.5 51.7 59.6 55.9 60.0 100.0 65.4 76.7 67.6 99.4 56.0
SSTNet [3] 69.8 [100.0 69.7 88.8 55.6 80.3 38.7 62.6 41.7 55.6 58.5 70.2 60.0 100.0 82.4 72.0 69.2 100.0 50.9
SoftGroup [4] 76.1 [100.0 80.8 84.5 71.6 86.2 24.3 82.4 65.5 62.0 73.4 699 79.1 98.1 71.6 84.4 76.9 100.0 59.4
DKNet [5] 71.8 [100.0 81.4 78.2 61.9 87.2 22.4 75.1 56.9 67.7 58.5 72.4 63.3 98.1 51.5 81.9 73.6 100.0 61.7
Mask3D [6] 78.0 [100.0 78.6 71.6 69.6 88.5 50.0 71.4 81.0 67.2 71.5 67.9 80.9 100.0 83.1 83.3 78.7 100.0 60.2
QueryFormer [9] | 78.4 |100.0 93.3 60.1 75.4 88.5 56.4 67.7 66.6 66.4 71.6 67.9 82.0 100.0 83.0 89.7 80.4 100.0 62.2
Maft [10] 78.6 [100.0 89.4 80.7 69.4 89.3 48.6 67.4 74.0 78.6 70.4 72.7 73.9 100.0 70.7 84.9 75.6 100.0 68.5
Ours 81.6 |100.0 97.1 90.8 74.3 923 57.3 714 69.5 73.4 74.7 72.5 80.9 100.0 81.4 89.9 82.0 100.0 61.0

Table 3. Full quantitative results of AP@50 on the ScanNetV2 test set. Best performance is in boldface.
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3D-BoNet [11] | 68.7 |100.0 88.7 83.6 58.7 64.3 55.0 62.0 72.4 52.2 50.1 24.3 51.2 100.0 75.1 80.7 66.1 90.9 61.2
MTML [12] 73.1 [100.0 99.2 77.9 60.9 74.6 30.8 86.7 60.1 60.7 53.9 51.9 55.0 100.0 82.4 86.9 72.9 100.0 61.6
3D-MPA [13] 73.7 [100.0 93.3 78.5 79.4 83.1 27.9 58.8 69.5 61.6 55.9 55.6 65.0 100.0 80.9 87.5 69.6 100.0 60.8
DyCo3D [14] 76.1 |100.0 93.5 89.3 75.2 86.3 60.0 58.8 74.2 64.1 63.3 54.6 55.0 85.7 789 853 762 98.7 69.9
PE [15] 77.6 [100.0 90.0 86.0 72.8 86.9 40.0 85.7 77.4 56.8 70.1 60.2 64.6 93.3 84.3 89.0 69.1 99.7 70.9
PointGroup [2] | 77.8 |100.0 90.0 79.8 71.5 86.3 49.3 70.6 89.5 56.9 70.1 57.6 63.9 100.0 88.0 85.1 71.9 99.7 70.9
MaskGroup [16] | 79.2 |100.0 96.8 81.2 76.6 86.4 46.0 81.5 88.8 59.8 65.1 63.9 60.0 91.8 94.1 89.6 72.1 100.0 72.3
OccuSeg [17] 742 [100.0 92.3 78.5 74.5 86.7 55.7 57.8 72.9 67.0 64.4 48.8 57.7 100.0 79.4 83.0 62.0 100.0 55.0
HAIS [18] 80.3 |100.0 99.4 82.0 75.9 85.5 55.4 88.2 82.7 61.5 67.6 63.8 64.6 100.0 91.2 79.7 76.7 99.4 72.6
SSTNet [3] 78.9 |100.0 84.0 88.8 71.7 83.5 71.7 68.4 62.7 72.4 65.2 72.7 60.0 100.0 91.2 82.2 75.7 100.0 69.1
SoftGroup [4] 86.5 |100.0 96.9 86.0 86.0 91.3 55.8 89.9 91.1 76.0 82.8 73.6 80.2 98.0 91.9 87.5 87.7 100.0 82.0
DKNet [5] 81.5 |100.0 93.0 84.4 76.5 91.5 53.4 80.5 80.5 80.7 65.4 76.3 65.0 100.0 79.4 88.1 76.6 100.0 75.8
Mask3D [6] 87.0 |100.0 98.5 78.2 81.8 93.8 76.0 74.9 92.3 87.7 76.0 78.5 82.0 100.0 91.2 86.4 87.8 98.3 82.5
QueryFormer [9] | 87.3 |100.0 97.8 80.9 87.6 93.7 70.2 74.9 88.4 87.5 75.5 78.5 83.5 100.0 91.2 91.6 86.9 100.0 82.5
Maft [10] 86.0 |100.0 99.0 81.0 82.9 94.9 80.9 68.8 83.6 90.4 75.1 79.6 74.1 100.0 86.4 84.8 83.7 100.0 82.8
Ours 90.1 ‘100.0 97.8 92.8 87.9 96.2 88.2 74.9 94.7 91.2 80.2 75.3 82.0 100.0 98.4 91.9 89.4 100.0 81.5

Table 4. Full quantitative results of AP@25 on the ScanNetV2 test set. Best performance is in boldface.

performance in segmentation task.

6. More ablution study

We conduct an ablation study to analyze the effect of dif-
ferent values of r on model performance. By varying r, we
evaluate the balance between computational efficiency and

the quality of feature refinement. The results of this study
are detailed in Table[6] Through this experiment, we observe
that when r = 3, the performance is comparable to that of
r = 1. However, considering that » = 3 (the interval of
layers after which the refinement of Fy,per is performed is
3) reduces the frequency of feature refinement, the compu-



Method | Parameter(M) | Runtime(ms)

HAIS [18] 30.9 525
SSTNet [3] / 663
SPFormer [8] 17.6 390
Mask3D [6] 39.6 525
SoftGroup [4] 30.9 535
Maft [10] 20.1 375
QueryFormer [9] 42.3 443
Spherical Mask [19] 30.8 432
Ours 22.1 394

Table 5. Parameter and runtime analysis of different methods
on ScanNetV2 validation set. The runtime is measured on the
same device.

ScanNet200 validation
mAP AP@50 AP@25

<

ScanNetV2 validation
mAP AP@50 AP@25

1| 624 79.9 87.1 31.4 41.3 45.5
31 625 80.2 87.0 31.6 412 45.6
6| 623 79.5 86.4 30.6 40.6 44.9

Table 6. Ablation Study on r. In our method, r represents the
interval of layers after which the refinement of Fi,per is performed.

tational cost is consistently reduced. Thus, we set r = 3.
Moreover, we find that the hyperparameter  demonstrates
strong robustness, consistently achieving a good balance
between accuracy and efficiency across different datasets.

7. Limitation and future work

Existing indoor 3D instance segmentation methods primar-
ily focus on static objects and are typically performed of-
fline (i.e., by first reconstructing point clouds from multiple
RGB-D frames and then performing segmentation), which
is not suitable for embodied environments. Therefore, fu-
ture work needs to focus more on online instance segmen-
tation in dynamic environments, where reconstruction and
segmentation are not decoupled but rather performed simul-
taneously within a unified framework. A recent work, Em-
bodiedSAM [20], provides valuable insights that are worth
exploring.
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Figure 2. More T-SNE visualization of the superpoint-level feature distributions on ScanNetV2 validation set.
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Figure 3. More comparison of attention maps for traditional self-attention vs. relation-aware self-attention. We display the progression
of attention maps from layer 1 to layer 5.
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Figure 4. More comparison of attention weight distributions for traditional self-attention vs. relation-aware self-attention. The
attention weight distributions are also shown from layer 1 to layer 5.
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Figure 5. More visualization of weights in the adaptive superpoint aggregation module.
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