PoinTr: Diverse Point Cloud Completion with Geometry-Aware Transformers
Supplementary Material

A. Implementation Details

Our proposed method PointTr is implemented with Py-
Torch [3]. We utilize AdamW optimizer [2] to train the net-
work with initial learning rate as 0.0005 and weight decay
as 0.0005. In all of our experiments, we set the depth of the
encoder and decoder in our transformer to 6 and 8§ and set
k of kNN operation to 16 and 8 for the DGCNN feature ex-
tractor and the geometry-aware block respectively. We use
6 head attention for all transformer blocks and set their hid-
den dimensions to 384. On the PCN dataset, the network
takes 2048 points as inputs and is required to complete the
other 14336 points. We set the batch size to 54 and train
the model for 300 epochs with the continuous learning rate
decay of 0.9 for every 20 epochs. We set N to 128 and M
to 224. On ShapeNet-55/34, the model takes 2048 points as
inputs and is required to complete the other 6144 points. We
set the batch size to 128 and train the model for 200 epochs
with the continuous learning rate decay of 0.76 for every 20
epochs. We set N to 128 and M to 96.

We employ a lightweight DGCNN [6] model to extract
the point proxy features. To reduce the computational cost,
we hierarchically downsample the original input point cloud
to N = 128 center points and use several DGCNN lay-
ers to capture local geometric relationships. The detailed
network architecture is: Linear(Ci, = 3,Cour = 8) —
DGCNN(C;p, = 8,Cout = 32, K = 8, Nyyy = 2048) —
DGCNN(C;y, = 32,Chue = 64, K = 8, Nyyy = 512) —
DGCNN(C;p, = 64,Coye = 64, K = 8, Nyyy = 512) —
DGCNN(Cip, = 64,Coyr = 128, K = 8, Nyyr = 128),
where C;,, and C,,; are the numbers of channels of input
and output features, N,,,; is the number of points after FPS.

B. Technical Details on Transformers

Encoder-Decoder Architecture. The overall architecture
of the transformer encoder-decoder networks is illustrated
in Figure 1. The point proxies are passed through the trans-
former encoder with /N multi-head self-attention layers and
feed-forward network layers. Then, the decoder receives
the generated query embeddings and encoder memory, and
produces the final set of predicted point proxies that repre-
sents the missing part of the point cloud through N multi-

head self-attention layers, decoder-encoder attention layers
and feed-forward network layers. We set NV to 6 in all our
experiments following common practice [5].

Multi-head Attention. Multi-head attention mechanism
allows the network to jointly attend to information from
different representation subspaces at different positions [5].
Speciacally, given the input values V', keys K and queries
@, the multi-head attention is computed by:

MultiHead(Q, K, V) = W9Concat(head, , ..., heady, ),

where WO the weights of the output linear layer and each
head feature can be obtained by:

QW (EW/)T
Vdy,
where WiQ, WHE and W} are the linear layers that project

the inputs to different subspaces and dj, is the dimension of
the input features.

head; = softmax( WwY

Feed-forward network (FFN). Following [5], we use two
linear layers with ReLU activations and dropout as the feed-
forward network.

C. Detailed Experimental Results

Detailed results on ShapeNet-55: In Table 1, we re-
port the detailed results for FoldingNet [8], PCN [9], Top-
Net [4], PENet [1], GRNet [7] and the proposed method on
ShapeNet-55. Each row in the table stands for a category of
object. We test each method under three settings: simple,
moderate and hard.

Detailed results on ShapeNet-34:  In Table 2, we report
the detailed results for the novel objects from 21 categories
in ShapeNet-34. Each row in the table stands for a category
of object. We test each method under the three settings:
simple, moderate and hard.

D. Complexity Analysis

Our method achieves the best performance on both our
newly proposed diverse benchmarks and the existing bench-
marks. We provide the detailed complexity analysis of our



Table 1: Detailed results on ShapeNet-55. S., M. and H. stand for the simple, moderate and hard settings.

FoldingNet [8] PCN [9] TopNet [4] PFNet [1] GRNet [7] Ours-PoinTr
CD-£5(x 1000) |—¢ 161. H | S. M H | S pM. H | S. M H | S M H |S M |
airplane 136 128 1.7 | 09 089 132|102 099 148 | 135 144 269 | 0.87 087 127|027 038 0.69
trash bin 293 29 503|216 218 515|251 232 503| 403 339 963 | 1.69 201 348 | 08 115 215
bag 231 238 3.67 | 211 204 444|236 223 421 | 3.63 366 7.6 141 1.7 297|053 0.74 1.51
basket 298 277 48 | 221 21 455|262 243 571 | 474 388 847 |1.65 1.84 3.15|0.73 0.88 1.82
bathtub 268 266 40 | 211 209 394|249 225 433 | 364 35 574 | 146 1.73 273 | 0.64 094 1.68
bed 424 408 565|286 3.07 554|313 3.1 571 | 444 536 9.14 | 1.64 203 37 | 076 11 2.26
bench 194 177 236 | 131 124 214|156 139 24 | 217 216 411 |1.03 1.09 171 | 0.38 0.52 0.94
birdhouse 406 4.18 588|329 353 6.69 | 3.73 398 6.8 396 50 9.66 | 1.87 24 471|098 149 3.13
bookshelf 3.04 303 391 | 27 27 461|311 287 487 | 3.19 347 572 (142 171 278|071 1.06 193
bottle 1.7 191 402|125 143 461|156 166 402 | 237 289 10.03| 1.05 144 267|037 074 1.5
bowl 279 26 423|205 183 366|233 198 482 | 43 397 876 1.6 177 299 | 0.68 0.78 1.44
bus 147 142 20 1.2 114 208 | 1.32 121 229 | 206 1.8 375 | 1.06 1.16 148 | 042 0.55 0.79
cabinet 20 186 279 | 1.6 149 347|191 165 336 | 272 237 473 | 127 141 209 | 055 0.66 1.16
camera 55 6.04 887|405 454 827|475 498 924 | 6.57 804 13.11 | 214 315 6.09 | 1.1 2.03 434
can 2.84 268 571|202 228 648|267 24 55 565 405 1629 | 1.58 211 381 | 0.68 1.19 2.14
cap 41 404 587|182 176 42 30 269 5591092 9.04 203 | 1.17 137 3.05| 046 0.62 1.64
car 1.81 1.81 231|148 147 26 | 171 165 317 | 206 2.1 343 | 129 148 2.14 | 0.64 0.86 1.25
cellphone 1.04 106 187 | 08 079 171 | 1.01 096 1.8 125 137 365 | 082 091 1.18]0.32 039 0.6
chair 237 246 3.62 | 1.7 181 334|197 204 359 | 294 348 634 | 124 156 273|049 0.74 1.63
clock 256 241 346 | 2.1 201 398 | 248 216 4.03 | 3.15 327 603 | 146 1.66 2.67 | 0.62 0.84 1.65
keyboard 121 1.18 132|082 082 1.04 |08 083 1.15| 083 1.06 197 |0.74 081 109 | 03 039 045
dishwasher 26 217 35 193 1.66 439 | 243 174 4.64 | 457 323 6.39 143 1.59 253|055 0.69 1.42
display 2,15 224 325|156 166 326|184 185 348 | 227 283 552 | 1.13 138 229|048 0.67 133
earphone 637 648 9.14 | 3.13 294 756 | 436 4.47 836 | 1507 17.5 3337 | 1.78 2.18 533 | 0.81 138 3.78
faucet 446 439 72 | 321 348 752|361 359 725| 568 679 1429 | 1.81 232 491 | 071 142 349
filecabinet 259 248 376|202 197 414|241 212 412 | 372 357 7.3 | 146 171 289 | 0.63 0.84 1.69
guitar 065 06 125|042 038 123|057 047 142 | 074 089 541 | 044 048 0.76 | 0.14 021 0.42
helmet 539 537 796|376 4.18 753|436 455 773 | 955 841 1544 | 233 3.18 6.03 | 099 193 4.22
jar 365 3.87 651|257 282 6.0 |3.03 317 703 | 544 556 11.87 | 1.72 237 437 | 0.77 133 2.87
knife 129 0.87 121|094 062 137|084 068 144 | 211 153 389 | 072 066 096 | 02 033 0.56
lamp 393 423 6.87| 3.1 345 702 |3.03 339 815 | 682 7.61 1422 | 1.68 243 517|064 14 3.58
laptop 1.02 1.04 196|075 079 159 | 08 085 1.66| 1.04 121 246 | 083 0.87 128|032 034 0.6
loudspeaker 321 3.5 455 | 25 245 508 | 3.1 276 532 | 432 419 176 1.75 2.08 345|078 1.16 217
mailbox 244 261 498 | 1.66 1.74 518|216 2.1 5.1 382 42 1051 | 1.15 159 342|039 0.78 2.56
microphone 442 506 7.04 |344 39 852|283 349 687 | 658 756 1674|209 276 57 | 0.7 1.66 4.48
microwaves 2,67 248 443 | 22 201 465|265 215 507 | 463 394 652 | 151 172 276 | 0.67 0.83 1.82
motorbike 2,63 255 3520203 201 313|229 225 354 | 217 248 509 | 138 152 226|075 11 192
mug 3,66 3.67 57 | 245 248 517|289 256 543 | 476 43 837 | 1.75 2.16 3.79 | 091 1.17 235
piano 3.86 4.04 6.04 | 264 274 483|299 289 564 | 457 526 926 | 153 1.82 321|076 1.06 2.23
pillow 233 238 387|185 181 368|231 226 419 | 421 382 7.89 | 142 1.67 3.04 | 061 082 1.56
pistol 192 1.62 252|125 1.17 265 | 1.5 1.3 262 | 227 209 72 .11 1.06 1.76 | 0.43 0.66 1.3
flowerpot 453 468 646 | 332 339 6.04 | 3.61 345 628 | 483 551 1068 | 2.02 248 4.19 | 1.01 1.51 2.77
printer 366 401 534 | 29 319 584 |3.04 3.19 584 | 556 6.06 929 | 156 238 424|073 121 247
remote 1.14 1.2 198|099 097 204 | 1.14 1.17 216 | 1.74 237 461 | 0.89 1.05 129|036 0.53 0.71
rifle 127 1.02 137|098 08 131|098 08 146 | 1.72 145 3.02 | 083 077 116 | 03 045 0.79
rocket 1.37 1.18 1.88 | 1.05 104 187 |1.04 1.0 193 | 165 1.61 3.82 |0.78 092 144 | 0.23 048 0.99
skateboard 1.58 1.58 2.07 | 1.04 094 1.68 | 1.08 1.05 184 | 143 1.6 3.09 | 0.82 087 124 | 028 0.38 0.62
sofa 222 209 314|165 161 292|193 176 339 | 265 253 484 | 135 145 232|056 0.67 1.14
stove 2.69 2.63 399 | 207 202 472|244 216 484 | 403 371 715 146 1.72 322 | 0.63 092 1.73
table 223 215 321|156 1.5 336|178 1.65 321 | 3.03 3.1 574 | 1.15 133 233|046 0.64 131
telephone 1.07 106 1.75| 08 0.8 1.67 | 102 095 1.78 1.3 1.47 337 | 081 089 1.18 | 0.31 0.38 0.59
tower 246 245 391 | 191 197 447|215 205 451 | 3.13 354 987 | 126 1.69 3.06 | 055 0.9 195
train 1.86 1.68 232 | 1.5 141 237|159 144 251 | 201 203 4.1 1.09 1.14 161 | 05 07 112
watercraft 1.85 1.69 249 | 146 139 24 | 153 142 2.67 2.1 213 458 | 1.09 1.12 1.65| 041 0.62 1.07
washer 347 32 489|242 231 6.08 |292 253 653 | 555 411 7.04 | 172 2.05 419 | 0.75 1.06 2.44
mean 2,68 2.66 4.06 | 196 198 409|226 217 431 | 384 388 803 | 135 1.63 286|058 0.88 1.8




Table 2: Detailed results for the novel objects on ShapeNet-34. S., M. and H. stand for the simple, moderate and hard settings.

FoldingNet [8] PCN [9] TopNet [4] PFNet [1] GRNet [7] Ours-PoinTr

CD-£5 (x 1000) S. N% H. S. M. H. S. pM. H. S. M. H. S. M. H. S. M. H.

bag 2.15 227 399 |248 246 394 | 208 195 436 | 3.88 442 9.67 | 147 188 345 | 096 1.34 2.08
basket 237 22 487 [279 251 478 | 246 211 518 | 447 455 1446|178 194 418 | 1.04 14 29

birdhouse 327 3.5 562 | 353 347 531 |317 297 589 3.9 465 9838 | 1.89 234 516 | 122 179 345
bowl 261 23 455 | 266 235 397 | 246 216 4.84 | 435 5.0 1459 | 1.77 197 39 1.05 132 24

camera 44 478 785 | 484 53 803 | 424 443 8.1 6.78 8.04 1391 | 2.31 338 72 1.63 2.67 497
can 195 173 586 [ 195 189 521 |202 1.7 582 | 295 347 2302|153 1.8 3.08 08 117 285
cap 6.07 598 1149 | 721 7.14 1094 | 468 423 9.17 | 1411 1486 2823 | 329 487 13.02 | 14 274 8.35
keyboard 098 096 135 [1.07 1.0 1.23 | 079 0.77 1.55 1.13 1.16 258 | 073 077 1.11 | 043 045 0.63
dishwasher 209 1.8 455 245 209 353 | 251 177 472 | 344 378 931 | 179 1.7 327 | 093 1.05 2.04
earphone 6.86 696 1277 | 7.88 6.59 16.53 | 533 4.83 11.67 | 20.31 23.21 39.49 | 429 4.16 103 | 2.03 5.1 10.69
helmet 486 504 886 | 6.15 641 9.16 | 489 486 8.73 878 10.07 212 | 306 438 1027 | 186 33 6.96
mailbox 22 229 449 | 274 268 431 | 235 22 491 5.2 533 1094 | 152 1.9 433 | 1.03 147 334
microphone 292 327 854 | 436 465 846 |3.03 32 715 639 799 1941|229 323 841 | 125 227 547
microwaves 229 212 517 |259 235 447 | 267 212 541 389 408 901 | 174 181 3.82 |1.01 118 214
pillow 207 211 373 [209 216 354 | 208 205 4.01 415 429 1201 | 143 1.69 343 | 092 124 239
printer 302 323 553 | 328 36 556 | 29 296 6.07 538 594 1029 | 1.82 241 5.09 | 1.18 1.76 3.1

remote 0.89 092 185 | 095 1.08 158 | 089 0.89 2.28 1.51 1.75 60 |08 102 129 |044 0.58 0.78
rocket 1.28 1.09 20 1.39 122 201 | 1.14 096 2.03 1.84 1.51 4.01 | 097 0.79 1.6 1039 072 139
skateboard 1.53 142 199 | 197 1.78 245 | 123 12 201 243 253 425 1093 107 183 | 052 08 131
tower 225 225 474 | 237 24 435 22 217 547 338 415 1311|135 1.8 3.85 082 135 248
washer 2.58 234 55 277 252 464 | 263 214 657 | 453 427 923 | 1.83 197 528 | 1.04 139 273
mean 279 277 549 |322 313 543 | 265 246 552 | 537 595 1355 | 1.84 223 495 | 1.05 1.67 345
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Table 3: Complexity analysis. We report the the num-
ber of parameter (Params) and theoretical computation cost
(FLOPs) of our method and five existing methods. We also
provide the average Chamfer distances of all categories in
ShapeNet-55 (CDs55) and unseen categories in ShapeNet34
(CD3y) as references.
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Figure 1: The overall architecture of the transformer encoder-
decoder networks.

method in Table 3. We report the number of parameters and
theoretical computation cost (FLOPs) of our method and
other five methods. We also provide the average Chamfer
distances of all categories in ShapeNet-55 and unseen cate-
gories in ShapeNet34 as references. We can see our method
achieves the best performance while using relatively low pa-
rameters and FLOPs among the methods in the table, which
shows our method offers a decent trade-off between cost
and performance.

Models Params FLOPs | CDs5 CDasg
FoldingNet [8] | 230M 27.58G | 3.12 3.62
PCN [9] 504M 1525G | 2.66 3.85
TopNet [4] 5766 M 6.72G | 291 3.50
PFNet [ 1] 73.05M 496G | 522 8.16
GRNet [7] 73.15M 4044 G| 197 299
PoinTr 309M 1041 G| 1.07 2.05

E. Visualization of the Predicted Centers

We visualize the local center prediction results on
ShapeNet-55. We adopt a coarse-to-fine strategy to recover
the point cloud. Our method starts with the prediction of lo-
cal centers, then we can obtain the final results by adding the
points around the centers. As shown in Figure 2, Line (a)
shows the input partial point cloud and the predicted point
centers. Line (b) is the predicted point clouds. We see the
predicted point proxies can successfully represent the over-
all structure of the point cloud and the details then are added
in the final predictions.



(a)

(b)
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Figure 2: Visualization of predicted points proxies. In Line (a),
we show the input partial point clouds and the predicted centers.
Based on predicted point proxies, we can easily predicted the ac-
curate point centers and then complete the point clouds, as shown
in Line (b). We show the ground-truth point cloud in Line (c) for
comparisons.

F. Qualitative Results

In Figure 3, we provide more qualitative results on
ShapeNet-55. We see our results are much better than base-
line methods visually.
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Figure 3: More qualitative results on ShapeNet-55.



