FPConv: Learning Local Flattening for Point Convolution
Supplementary Material

The supplementary material contains:

e The results of the proposed fusion model between FP-
Conv and PointConv [9] on Scannet [2].

e The results of the proposed fusion model between FP-
Conv and KPConv-deform [8] on S3DIS [1].

e Comparison of trainable parameters between different
convolution operators.

e More qualitative and quantitative results on large-scale
scene segmentation tasks.

A. More results of the proposed fusion strategy
a. Fusing FPConv and PointConv on ScanNet

We conduct experiments on fusion of FPConv with
PointConv [9] on ScanNet [2]. The results are reported in
Table 1, where all methods are performed under same set-
tings (architecture, hyper parameters, etc.). Note that we
reduce sampled points to 8k in a block of 1.5m x 1.5m for
all experiments.

Method | mloU | mA | oA
PointConv [9] 55.6 - -

PointConv' 60.3 72.3 83.6
FPConv (ours) 63.0 75.6 85.3
FPConv ® PointConv 64.2 76.1 86.0

Table 1: Quantitative results of the segmentation task on
evaluation dataset of ScanNet. PointConv' indicates our re-
implementation of PointConv [9].

b. Fusing FPConv and KPConv-deform on S3DIS

We further report the results of the proposed fusion
model between FPConv and KPConv-deform [8] on S3DIS
[1] in Table.3, where the results of each class are also
shown. As seen, the proposed fusion model wins all ex-
isting methods, reaching the state-of-the-art.

B. Parameter Comparison

We compared the trainable parameters of PointConv, FP-
Conv and their fusion forms in Table.2. We can see that
fusion of convolution operators of same type cannot bring
significant improvement and even get worse. While for the
fusion of different types (FPConv ® PointConv), even if we
reduce the channel size of the fusion block, it still performs
much better than before the fusion.

Method | mIoU | parameters
PointConv’ 60.3 4.5
FPConv (ours) 634 4.8
FPConv ® PointConv 64.2 7.7
FPConv ® PointConv + midch /2 | 65.1 3.8
PointConv & PointConv 60.7 7.6
FPConv ® FPConv 62.9 7.8

Table 2: Comparison of trainable parameters between dif-
ferent convolution operators on ScanNet evaluation dataset.
t indicates our implementation. + mid ch /2 is halving the
middle channel size of bottleneck in residual block.

C. More Results on Segmentation Tasks

We provide more details of our experimental results. As
shown in Table.4, we compare our FPConv with other pop-
ular methods on S3DIS [1] 6-fold cross validation, which
shows that FPConv can achieve higher score on flat-shaped
objects, such like ceiling, floor, table, board, etc. While
KPConv [&], a volumetric-style method, performs better on
complex structures. More visual results are shown in Fig.1
and Fig.2.
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Method |mIoU | ceil. floor wall beam col. wind. door table chair sofa book. board clut.
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Table 3: Fusion results on S3DIS area 5. @ indicates fusing in final feature level.
Method |mIoU|ceil. floor wall beam col. wind. door table chair sofa book. board clut.
PointNet [7] 47.6 |88.0 88.7 69.3 424 23.1 475 51.6 541 420 9.6 382 294 352
RSNet [3] 56.5 192.5 928 78.6 32.8 344 51.6 68.1 59.7 60.1 164 50.2 449 520
SPGraph [5] 62.1 [89.9 951 764 628 47.1 553 684 692 735 459 632 87 529
PointCNN [6] 654 |94.8 973 75.8 633 517 584 572 69.1 71.6 612 39.1 522 586
HPEIN [4] 67.8 - - - - - - - - - - - - -
KPConv-rigid [¥] 69.6 |93.7 92.0 82.5 62.5 495 657 773 64.0 578 717 68.8 60.1 59.6
KPConv-deform [8]| 70.6 [93.6 92.4 83.1 639 543 66.1 76.6 640 578 749 693 613 603
FPConv (ours) 68.7 |94.8 97.5 82.6 428 41.8 586 734 71.0 81.0 598 619 64.2 64.2

Table 4: Detailed semantic segmentation scores on S3DIS 6-fold cross validation.

Ground Truth Input

Prediction

Figure 1: Visualization of semantic segmentation results of FPConv on ScanNet.
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Figure 2: Qualitative comparisons of semantic segmentation tasks on S3DIS area 5. & indicates fusing in final feature level.
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