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Overview
This supplementary material consists of the following sections:
* In Section A, we present more qualitative comparison results for point cloud completion.

* In Section B, we present more specific quantitative results of our method and previous state-of-
the-art methods on Shapenet-55/34.

* In Section C, we present the implementation details.

In Section D, we provide detailed data preprocessing methods.

* In Section E, we present the complexity analysis of our method with previous methods.



A. More Qualitative Results

In Fig. 1, we provide more qualitative results for point cloud completion. It can be seen that our results
can better infer missing structures and have smoother surfaces compared to other methods. In addition,
we present the results of mesh reconstruction and error maps in Fig. 2 and Fig. 3, respectively, in order
to better compare the smoothness and uniformity of distribution between our method and other methods
in the completion results.
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Figure 1. More qualitative results on the ShapeNet-55 dataset. Our SDNet is able to preserve the richest details
and also outperforms the other state-of-the-art point cloud completion methods in recovering missing structures.



SeedFormer

Figure 2. Comparing point cloud completion results and reconstructed 3D meshes using different methods. Clearly,
our method outperforms others on the local details, contributing a better surface reconstruction.
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Figure 3. Comparing point cloud completion results using different methods. We also show the associated error
maps, where the colors reveal the nearest distance for each target point to the point set generated by each method.
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B. Detailed Quantitative Results

Detailed results on ShapeNet-34. In Table 1, we compared the detailed results of the previous sate-of-
art methods with our method for each category in ShapeNet-34 dataset at three different difficulties. The
best results are marked in bold. We can clearly see that our method outperforms the previous methods
at any difficulty for almost all 34 categories.
Detailed results on ShapeNet-55. In Table 2, we show the detailed results of the previous sate-of-art
methods and our method for each category in ShapeNet-55 dataset at three different difficulties. The
best results are marked in bold. We can clearly see that our method outperforms the previous methods
at any difficulty for all 55 categories.

Table 1. Detailed results under CD-{2 (multiplied by 1000) for the novel objects on ShapeNet-34. S., M. and H.
stand for the simple, moderate and hard settings.

CD-(y(x 1000) FoldingNet [6] PCN [8] TopNet [3] GRNet [5] SnowflakeNet [4] PoinTr [7] Ours-SDNet

’ S. M. H. S. M. H. S. M. H. S. M. H. S. M. H. S. M. H. S. M. H.
bag 2.15 227 399 | 248 246 394 | 208 195 436 | 147 188 345|067 1.08 182|096 134 208 |0.53 0.84 1.37
basket 237 220 487 [279 251 478 |246 211 518 |1.78 194 418 | 0.78 1.16 248 |1.04 140 290 |0.59 0.84 197
birdhouse 327 3.5 562|353 347 531 |3.17 297 589 |1.89 234 516 | 095 146 278|122 1.79 345 |0.77 118 247
bowl 2.61 230 455|266 235 397 |246 2.16 484 |1.77 197 390 |0.77 1.15 203|105 132 240 |0.62 0.77 147
camera 440 478 785 |4.84 530 8.03 | 424 443 8.11 | 231 338 7.20 | 1.27 230 431|1.63 2.67 497 |1.05 1.81 3.84
can 195 1.73 586 | 195 1.89 521 |2.02 170 582 | 153 1.80 3.08 | 062 094 173|080 1.17 2.85 |0.57 0.80 1.64
cap 6.07 598 1149|721 7.14 1094 | 468 423 9.17 |3.29 4.87 13.02]129 3.10 737|140 274 835 |0.50 135 4.57
dishwasher 2.09 1.80 4.55 (245 209 353 (251 177 472 | 179 1.70 3.27 | 0.67 089 1.66|093 1.05 2.04 |0.58 0.67 147
earphone 6.86 696 12.77|7.88 6.59 16.53 |533 4.83 11.67 | 429 4.16 1030|229 4.01 9.61|203 510 10.69 | 159 242 6.71
helmet 4.86 5.04 886 |6.15 641 9.16 | 489 486 873 |3.06 438 1027|174 296 587|186 330 696 | 115 2.24 4.73
keyboard 098 096 135 |1.07 100 123 |0.79 0.77 155 |0.73 0.77 1.11 | 038 046 0.63|043 045 0.63 | 028 0.32 0.46
mailbox 220 229 449 (274 268 431 |235 220 491 | 152 190 433 |0.83 136 243|103 147 334|055 095 211
microphone 292 327 854 |436 465 846 |3.03 320 7.15 |229 323 841 |1.63 240 518|125 227 547 |0.75 143 4.12
microwaves 229 212 517 | 259 235 447 (267 212 541 |1.74 181 382 |0.72 096 1.78 | 1.01 1.18 2.14 | 0.64 0.75 1.56
pillow 2.07 211 373 |2.09 216 354 |2.08 2.05 401 | 143 1.69 343 | 055 086 1.75]092 124 239 | 056 0.72 1.49
printer 302 323 553 328 360 556|290 296 6.07 |1.82 241 509 |0.87 1.65 272|118 176 3.10 | 0.69 1.17 2.29
remote 089 092 1.85 | 095 108 158 |0.89 0.89 228 |0.82 1.02 129 |032 047 0.67|044 058 0.78 | 027 0.39 0.57
rocket 128 1.09 200 | 139 122 201 |1.14 096 203 |097 0.79 1.60 | 036 057 1.05|039 0.72 139 | 029 0.52 0.95
skateboard 1.53 142 199 | 197 178 245 | 123 120 201 [093 1.07 183 | 048 0.77 121|052 080 1.31 |0.29 0.55 0.95
tower 225 225 474 | 237 240 435 220 2.17 547 | 135 1.80 385 |0.67 1.12 220|082 135 248 |0.57 095 191
washer 2.58 234 550 | 277 252 464 |263 214 657 |1.83 197 528 |0.75 1.07 223|104 139 273 |0.61 0.81 2.03
mean 279 277 549 | 322 3.13 543 |2.65 246 552 |1.84 223 495 | 088 146 292|105 1.67 345 ‘ 0.64 1.02 232




Table 2. Detailed results on ShapeNet-55. S., M. and H. stand for the simple, moderate and hard settings.

CD-£4(x 1000) PCN [8] GRNet [5] SnowflakeNet [4] PoinTr [7] SeedFormer [1 1] Ours-SDNet
S. M. H. S. M. H. S. M. H. S. M. H. S. M. H. S. M. H.

airplane 16.25 164 1747 | 1392 1437 1590 | 9.01 10.00 11.74| 789 8.68 10.89 | 793 899 11.16 | 698 736 9.51
bag 2471 257 2996 | 19.70 21.21 24.88 | 12.77 1426 17.38 | 11.50 12.52 16.67 | 11.34 12.87 16.08 | 9.73 10.33 13.99
basket 25,51 263 3196 | 23.35 2435 27.83 | 15.52 16.81 20.58 | 13.83 14.60 18.80 | 14.28 1545 19.39 | 11.76 11.94 15.88
bathtub 2482 257 29.10 | 21.17 22.53 25.50 | 13.69 15.50 18.55| 12.70 13.94 17.30 | 12.50 14.27 17.80 | 10.86 11.44 14.76
bed 30.24 31.6 35.83 | 21.36 2325 27.78 | 1479 16.68 21.08 | 13.27 14.89 19.95 | 13.24 1494 19.24 | 11.21 12.16 16.55
bench 1899 193 2122 |16.29 16.83 18.56 | 1097 11.79 13.58 | 9.58 10.06 1222 | 985 10.55 12.60 | 816 8.09 10.38
birdhouse 3193 339 39.26 | 23.29 25.78 31.53 | 16.69 19.20 24.54 | 1546 17.48 2398 | 14.75 17.16 22.58 | 1291 14.36 20.42
bookshelf 29.16 30.0 32.03 | 2040 22.17 25.76 | 1495 16.83 20.69 | 13.42 1499 19.42 | 13.29 15.00 19.10 | 11.38 12.30 16.42
bottle 18.93 209 2554|1773 19.22 2198 | 10.71 12.81 1596 | 9.73 1196 15.85| 9.81 12.13 15.66 | 838 9.78 13.44
bowl 25.14 257 29.88 | 23.72 2456 27.30 | 15.08 16.23 19.67 | 14.01 14.67 18.27 | 13.88 14.77 18.30 | 11.54 11.31 14.71
bus 19.88 20.5 2141|1794 18.61 19.57 | 12.23 13.31 14.61 | 10.64 11.40 13.01 | 11.41 12.53 1395| 945 9.65 1142
cabinet 2243 232 2577 ]21.01 21.79 23.78 | 14.88 15.83 17.98 | 12.76 13.29 16.04 | 13.99 1490 17.32 | 11.18 11.18 13.85
camera 3500 37.0 44.08 | 23.48 27.15 33.96 | 16.89 20.58 27.26 | 15.64 19.40 27.25 | 14.54 18.40 2521 |13.22 16.30 22.85
can 23.14 256 33.39|22.85 2476 28.30 | 14.57 16.83 20.37 | 12.99 15.17 19.44 | 13.58 16.01 19.46 | 11.20 12.58 16.19
cap 23.10 257 3270 | 19.67 20.60 23.52 | 12.06 1347 17.28 | 11.65 13.04 17.45 | 10.66 11.99 16.87 | 9.12 9.63 14.78
car 2296 239 2487|2091 21.82 23.08 | 16.02 17.31 19.07 | 13.59 1498 17.36 | 14.60 16.23 18.50 | 11.91 12.70 15.20
cellphone 1591 16.8 1834 | 16.06 16.60 17.46 | 10.85 11.69 12.86| 9.51 9.89 11.29 | 10.14 11.04 1226 | 822 821 9.78
chair 22.67 242 2797 |18.62 20.30 24.10 | 12.19 13.88 17.65 | 11.01 12.35 17.02 | 10.86 12.54 16.58 | 9.35 10.17 14.34
clock 2447 25.1 28.72|20.61 21.87 2471 | 14.04 1548 18.41 | 12.43 1345 17.08 | 12.57 13.96 17.08 | 10.57 11.02 14.45
dishwasher 2220 239 2877 | 22.29 23.18 2641 | 1458 15.58 19.54 | 1290 13.56 17.47 | 13.86 14.64 18.10 | 11.18 11.10 15.15
display 21.83 228 2566 | 18.61 19.75 2241 | 12.58 14.01 16.72 | 11.12 1191 15.08 | 11.23 1249 1542 | 944 9.74 12.87
earphone 29.70 305 4241 | 19.78 2224 29.80 | 1439 16.76 2342 | 13.49 16.36 2590 | 12.38 14.67 21.65 | 11.87 13.55 19.22
faucet 28.54 304 36.33 |16.81 19.63 25.68 | 11.12 14.24 20.28 | 10.81 14.25 2196 | 9.27 1243 18.89 | 9.04 11.51 17.82
file 2456 258 29.20 | 21.61 22.82 26.14 | 1535 16.66 19.96 | 13.22 14.16 18.11 | 1436 15.60 18.89 | 11.46 11.90 15.58
flowerpot 31.63 329 3721 |24.11 26.14 30.59 | 1791 19.79 2423 | 1528 17.48 2295 | 15.60 17.54 2244 |13.21 14.51 19.61
guitar 10.78 109 1247 | 993 1045 11.84| 6.09 6.84 811 | 562 622 795 | 549 630 7.74 | 479 522 6.72
helmet 3395 37.0 44.04 2476 2839 36.08 | 17.51 20.93 27.82 | 1545 19.09 27.38 | 15.01 18.41 25.81 | 13.31 15.75 23.34
jar 27.16 29.0 35.11 | 22.63 25.04 30.35 | 1547 18.04 23.57 | 13.71 16.24 22.61 | 13.69 1642 2225 11.77 13.35 19.32
keyboard 15.64 159 16.63 | 1511 1528 15.73 | 10.34 1090 1193 | 874 886 982 | 9.56 10.15 11.10| 7.56 7.35 8.50
knife 1270 13.1  14.13 | 10.54 11.31 1261 | 629 757 9.1 | 6.01 726 936 | 551 692 861 | 509 596 7.85
lamp 2745 299 3496 | 1646 19.88 26.64 | 10.66 13.87 20.03 | 9.87 13.24 2044 | 865 11.81 1797 | 827 10.58 17.07
laptop 15.87 164 19.10 | 16.83 17.01 18.19 | 11.10 11.73 13.09 | 9.67 9.67 11.53 | 10.37 1095 1255 | 841 814 9.98
loudspeaker 27.04 285 3250|2248 2438 2827|1576 17.64 21.50 | 14.03 15.69 20.24 | 14.25 1599 20.10 | 12.03 12.90 17.06
mailbox 21.74 238 3030|1545 1797 2469 | 948 11.83 18.78 | 9.13 11.34 18.51 | 848 1095 17.60 | 7.63 9.25 16.59
microphone 2598 28.6 33.58|14.99 18.89 26.93 | 10.55 1447 21.12| 992 1391 2198 | 892 1246 1939 | 7.99 1135 18.15
microwaves 2452 26.1 31.71 | 23.12 24.16 27.64 | 1526 1643 19.77 | 13.67 14.23 18.01 | 1436 15.31 1898 | 11.81 11.76 15.34
motorbike 2524 256 2740|1944 20.52 2263 |16.02 17.26 19.80 | 13.44 1541 19.52 | 13.81 15.68 18.63 | 12.00 13.23 16.64
mug 27.67 2877 34.18 | 24.69 2598 29.49 | 17.00 18.63 23.05 | 15.52 16.66 21.86 | 15.56 17.18 22.08 | 13.18 13.66 18.68
piano 27.08 28.1 3347 |20.88 2220 26.07 | 14.60 16.07 19.66 | 13.20 14.39 19.00 | 13.17 14.68 18.95 | 10.97 11.50 16.04
pillow 2326 245 29.67 | 20.88 2221 2544 |12.80 15.02 18.59 | 12.57 1391 17.81 | 11.55 13.65 18.13 | 10.51 11.42 15.40
pistol 18.78 189 20.93 | 1457 1532 17.24 | 10.60 11.85 14.28 | 9.61 11.03 1451 | 948 11.01 13.76 | 838 9.35 12.27
printer 30.62 324 3740 | 22.18 2457 29091 | 14.62 17.11 21.84 | 13.41 1540 2049 | 13.09 15.31 20.24 | 11.29 12.39 17.56
remote 17.59 185 20.76 | 16.02 17.07 18.40 | 1041 11.68 13.09 | 9.50 10.57 12.16 | 952 10.86 1241 | 819 852 10.25
rifle 1459 14.6 1574|1125 1198 13.76 | 7.75 885 10.68 | 7.11 823 1049 | 692 824 10.18| 623 7.10 9.15
rocket 1588 16.8 1838 | 11.68 12.96 1495 | 747 940 12.10| 6.80 882 11.86| 6.52 860 11.32| 6.02 7.44 10.43
skateboard 16.72 17.4 18.65 | 14.18 1497 1645 | 9.13 1028 11.65| 824 9.02 10.63 | 827 923 11.14| 698 747 9.19
sofa 2352 240 26.66 | 20.72 21.51 23.63 | 13.77 1491 17.11 | 12.33 12.75 15.23 | 12.58 13.61 1597 | 10.57 1049 13.19
stove 24.66 26.1 30.25|21.22 22.61 26.68 | 1449 16.01 19.39 | 12.75 1399 17.81 | 13.38 14.75 18.18 | 10.96 11.59 15.39
table 20.76 214 2427 |17.61 18.57 21.20 | 11.94 13.02 1545 |10.55 11.19 1395 |10.99 1197 1472 | 9.09 9.19 11.94
telephone 15.64 165 1796 | 1585 1641 17.35|10.84 11.63 12.70 | 940 9.70 11.04 | 10.13 1096 12.15| 8.18 8.10 9.66
tower 22.83 243 28.03 | 17.65 19.71 24.06 | 12.62 14.79 18.78 | 11.17 13.26 17.88 | 11.15 13.44 17.57 | 9.58 11.19 15.51
train 21.00 212 2226 | 16.85 17.64 19.08 | 12.61 13.72 15.60 | 10.77 11.84 1430 | 11.35 12.57 1457 | 946 10.02 12.44
trash 2573 27.1 3270 | 23.97 25.37 2899 | 17.09 18.82 22.72 | 1498 1647 21.32|15.76 17.61 22.08 | 12.89 13.68 18.12
washer 26.50 279 3231|2370 25.34 2945 |15.60 17.25 22.15|14.23 1570 20.92 | 14.54 16.05 2091 | 12.19 12.78 17.88
watercraft 20.32 207 2229 |15.19 16.21 18.21 | 1036 11.94 1429 | 936 10.74 13.56 | 9.15 10.89 1345 | 8.06 9.10 11.78
mean 23.18 2432 28.13 | 19.02 2046 23.79 | 1295 14.62 18.02 | 11.62 13.08 17.14 | 11.66 13.33 1696 | 9.94 10.78 14.56




C. Implementation Details

In this section, we will give the specific implementation details of the SDNet. We train our network
on the PyTorch platform. For ShapeNet-55/34 dataset, the network is set to train with a batchsize of 48
for 200 epochs and the AdamW optimizer is used with the learning rate of 0.005, which is continuously
decreased by a decay rate of 0.76 for every 20 epochs. The hyperparameter «, S and -y are all set to 1,
which means that the model training will pay more attention to the generation of missing regions. If the
input point cloud in the dataset has large noise, the values of o and ~y can be increased appropriately. On
the MVP dataset [ ], we set the batch size as before but set the epoch to 100 and adopt the same learning
rate and decay rate as VRCNet[ | ].

Feature Extractor. We use two cascaded set abstraction (SA) [2] and point transformer (PT) [10] to
extract features from the partial point cloud. In order to save computational cost, we progressively
use Farthest Point Sampling(FPS) to downsample the original partial point cloud (2,048 points) to
256 center points. The detailed network architecture is: SA (Cj, = 3, Coyr = 128, Npyy = 512) —
PT (Cy, =128, Chyy = 128) — SA(Cyp = 128, Coyy = 256, Noyy = 256) — PT(Cy, = 256, Coy
= 256), where C;, and C,,; are the numbers of feature channels of the input and output point clouds,
and N, is the number of points after FPS.

Set Transformer. We employ a lightweight Geometry-aware Transformer [7] as our Set Transformer to
convert the center point of the partial point cloud to the keypoint of the missing part. Due to the strong
strength of MCM in point cloud generation, we set the numbers of blocks of the encoder and decoder in
Set Transformer to 1 and 2 and the hidden dimensions are set to 256.



D. Dataset Preprocessing Details

The purpose of data preprocessing is to provide strong and effective supervision for the training pro-
cess of SDNet. This allows the point clouds generated by the two sub-networks to be better disentangled
spatially. In this section, we give detailed data preprocessing details, as shown in Algorithm 1.

Algorithm 1 Point Cloud Spatial Disentangle Algorithm
N

1: Input: Partial point cloud P = {p;},_,, complete point cloud P, = {pi}fiﬁl, resolution o
2: Output: Ground truth for refining P, = {p;}",, ground truth for missing P,, = {p;} .\
3: Imitialization: N, = N,, = 0, the dilation kernel D, = D,,, = (2,2,2)

4: Voxelize the P and P, with the same resolution r to obtain V7 and V7

5: for N, <%= do

6: Increase the size of the dilation kernel: D, = D, + 1

7: Perform a dilation operation on V,7: V7' = dilation(V)/, D)

$: P, =(V/'NV7)NPF, N, =num(P,)

9 Vo==V7nVve
10:  for N, <%= do
11: Increase the size of the dilation kernel: D,, = D,, + 1
12: Perform a dilation operation on V,2: V2" = dilation(V,5, D,,)
13: P, = (Vs NnVe)NP., N, =num (P,,)
14:  end for
15: end for
16: Grid sampling for data alignment: P, = GS (PT, NT)
17: Grid sampling for data alignment: P,, = GS (Pm, %)




Specifically, for the ShapeNet-34/55 dataset, we set the ground truth points of the missing region and
refine region to be half of the total points in the complete point clouds, i.e., 4096 points. This results
in better data alignment and concatenation. Furthermore, to determine the most suitable voxelization
resolution, we also performed an analysis on the dataset and the results are shown in Fig. 4. The blue
column indicates the number of samples included in this category. The polylines of different colors
represent the number of sampling points at different resolutions. The closer these polylines are to 4096,
the better the precision. As points exceed 4096, downsampling is required. This process will inevitably
lose the structure of existing points, which is not conducive to refinement. There will be more cracks at
the connection point of the final completion result when the number of points is less than 4096, since a
larger dilation kernel will increase the connection range. Additionally, we use Grid Sampling(GS) rather
than FPS in order to avoid destroying the overall structure of the point cloud.
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Figure 4. Specific ShapeNet-55 processing and analysis results. We provide the number of points obtained by
voxelizing the point cloud at different resolutions and the number of samples included in the different categories.



E. Complexity Analysis

We provide a detailed complexity analysis in Table 3, including the number of parameters and theoret-
ical computation cost (FLOPs) of different models under the ShapeNet-55 dataset. We also provide the
overall Chamfer Distance of all categories in ShapeNet-55 and unseen 21 categories in ShapeNet-34 as
references. Recent state-of-the-art methods have shown impressive performance gains, but often at the
cost of increased time and space requirements. In contrast, our method achieves superior performance
while maintaining low time and space overhead. Our approach strikes a balance between efficiency
and effectiveness, with a focus on achieving the best possible performance without sacrificing practical
considerations.

Table 3. Complexity analysis. We report the the number of parameter (Params) and theoretical computation
cost (FLOPs) of our method and eight existing methods. We also provide the average Chamfer distances of
all categories in ShapeNet-55 (CD55) and unseen categories in ShapeNet-34 (CDsy) as references.

Models Params FLOPs | CD55; CDg3y
FoldingNet [6] 230M 2758G| 3.12 3.62
PCN [8] 5.0M 1525G| 2.66 3.85
TopNet [3] 576 M 672G | 291 3.50
PFNet [9] 73.05M 496G | 522 8.16
GRNet [5] 73.15M 4044 G| 197 2.99
PoinTr [7] 309M 1041G| 1.07 2.05
SnowflakeNet [4] | 19.30M  9.17G| 1.03 1.75
SeedFormer [11] | 324 M 20.70G| 092 1.34
Ours 1432M 10.83G| 0.85 1.33
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The End



