BAE-NET: Branched Autoencoder for Shape Co-Segmentation
- Supplementary Material

Please find the detailed network structures and parameters at the end of this document.

1. Visualization of neuron activations

We show in Figure 1 2 visualization of neuron activations in the first, second and third layer of our 3-layer network. Since
L1 and L2 have hundreds of neurons, we randomly select a few to show here. Trivial pure-color images are omitted.

2. Unsupervised segmentation results

We show in Figure 3 4 additional unsupervised segmentation results on ShapeNet Part dataset and four ShapeNet cate-
gories which are not included in ShapeNet Part dataset. We show in Figure 5 additional unsupervised segmentation results
on a joint set of chairs and tables from ShapeNet Part dataset.

3. Weakly-supervised segmentation results

We show in Figure 6 additional results of weakly-supervised segmentation on the datasets of Tags2parts.

4. One-shot training vs supervised methods

We provide in Table 1 the detailed results of the comparison experiment shown in section 4.4 of the paper. We use the
original codes provided by the authors of the supervised methods on Github. To obtain the results, we use their default net-
work parameters and train their networks on each data category for two hundred epochs. We perform additional experiments
(adjusting network capacity, adding regularization) for supervised methods training on 10% train data to address the possible
overfitting issues in Table 2. We also train supervised methods on 10 random training examples per category, repeated 10
times, and report the results in Table 2. Besides, we show the 1-exemplar results of 2/3/4/5-layer versions of our model
in Table 3 and Figure 7 8 9 10. We use { 1024-n }, { 1024-256-n } (our default model in the paper), { 1024-256-256-n }
and { 1024-256-256-256-n } for the 2-layer, 3-layer, 4-layer and 5-layer models, respectively, and train them on 8 randomly
selected exemplars for each category.

5. One-shot segmentation results

We show in Figure 11 12 13 additional results of our one-shot segmentation with 1, 2 and 3 segmented exemplar(s).
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Figure 1. Neuron activations for the model trained on “elements”.



Input image

©

Oi.png
0_11_2%.png 0_11_30.png 0.11_31.png 0.11_33.png 0_11_36.png 0.11_37.png 0.11_3%9.png 0.11_40.png 0_11_42.png 0_11_43.png 0_11_45.png 0_11_47png 0_11_48.png
| | J— F A
4 B - - —
0_11_63.png 0_1N_67.png 0_1_70.png 0.1 72png 0.1 73.png 0.1 _74.png 0.11_75.png 0_11_76.png 0.11_78.png 0_1_78.png 0_11_84.png 0_11_85.png 0_11_86.png 0_11_88.png
nrF
k L d ‘
0_1_96.png 0N %.png 0N_100png O1_100png 01_102png 011 104png 0_N_106.png 0_NM_107.png 0 11_108png 0_N_109png O NM_110png O0N_112png 01_M3.png 01 _13png
| |
= \ — i |
0N_127.png 01_128png 0_N_12%png 011 132png O01_135png 01M_137png 011 138png 0_11_13%9png 0O_NM_140png O_N_14l.png 0_1_142png 0 N_143.png 011 14dpng 0_11_145.png
N i . (.
0_1_158png 0_1_13%png 0_N_163.png 01 166png O1_167png 01_168png 011 170png 01 173.png 0_N_175png O0_N_176.png 0_N_177.png 0_N_178png 0_11_180.png 0_11_182.png
i ‘ ‘ —
A | 4 ‘

0_12_326.png

0_12_34%.png

o

012 373.png

0_12_400.png

O

012 423.png

0_12_327.png

0_12_350.png

O

0_12_375.png

0_12_401.png

012 424.png

0_12_304.png
.

0_12_328.png

0_12_351.png

0_12_376.png

0_12_402.png

012 425.png

0_12_305.png

012_329.png

0_12_333.png

012 378.png

012 403.png

012 426.png

0_12_306.png

0.12_331.png

0_12_334.png

0.12_379.png

012 404.png

0.12.427.png

0_12_308.png

012_332.png

0_12_356.png

012_380.png

0_12_406.png

O

012 428.png

0_12_308.png

0_12_333.png

O

0_12_357.png

0_12_381.png

0_12_407.png

N

0_12_428.png

0_12_.310.png

’

0_12_334.png

A

0_12_358.png

0.12_383.png

0_12_408.png

0_12_430.png

0_12.311.png  0_12_312.png

0_12_.336.png  0_12_337.png

0_12_.359.png  0_12_361.png

0.12_384.png 012 385.png

o
o
o

0.12_408.png 012 411.png

i
O

012 433.png 012 435.png

0_12_314.png

0_12_338.png

0_12_363.png

0_12_386.png

012 412.png

0_12_436.png

0_12_313.png

0_12_339.png

0_12_364.png
0_12_387.png
0_12_413.png

012 437.png

0_12_316.png

012_340.png

0_12_365.png
012 388.png

012 414.png

012 438.png

o

V] O e|O ‘| <] «|O]|O®

0_12_303.png

0.12_317.png

0_12_341.png

o

0_12_366.png

012_389.png

O

0.12.415.png

O

0.12.439.png

200

L3

O
@

0_13_0.png

0.13_1.png

o

0.13_2.png

013 3.png

Figure 2. Neuron activations for the model trained on “triple rings”.
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Figure 3. Unsupervised segmentation results on ShapeNet Part dataset.
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Figure 4. Unsupervised segmentation results on five ShapeNet categories which are not included in Figure 3.

Figure 5. Unsupervised segmentation results on a joint set of chairs and tables from ShapeNet Part dataset.



Figure 6. Weakly-supervised segmentation results on the dataset of Tags2parts.

Ours (one-shot training) PointNet PointNet++ PointCNN SSCN

1l-exem. 2-exem. 3-exem.| 5%  10% 20% 30% | 5% 10% 20% 30% | 5% 10% 20% 30% | 5% 10% 20% 30%
plane 732 731 747 |706 761 798 810|722 764 802 812|717 736 770 789 (681 742 769 7738
bag 85.4 83.5 839 |69.7 698 644 645|383 434 570 676 |448 446 447 454 (448 509 621 605
cap 82.0 85.5 85.5 02 626 569 648|776 778 748 769 |366 365 136 155|379 462 696 753
chair 85.4 85.7 86.0 |837 860 860 86.0 (861 875 892 893|834 861 863 880|818 845 862 870
earph. | 723 70.3 762 |535 621 558 564 |510 677 632 593 (349 351 351 152 (346 586 610 517
guitar 87.0 89.0 878 |863 862 885 891|226 874 886 892 872 870 895 901 (840 862 879 887
knife 83.9 83.0 836 | 772 797 792 813|284 774 796 816 249 806 838 844 (677 760 804 809
lamp 70.1 71.8 701 | 719 736 751 775|652 714 757 790|700 759 774 764 (526 596 591 645
laptop | 94.6 94.7 948 920 933 938 942|230 941 948 954 |654 946 950 948 |56.7 53.6 656 64.5
motor. | 54.2 63.4 646 |596 591 610 627|575 613 589 633169 169 574 648 (241 253 270 291
mug 94.9 95.2 948 | 778 834 902 915911 904 914 898 |487 486 922 935|460 46.0 468 76.1
pistol 783 776 787 | 710 759 787 745|708 728 753 758 (238 529 795 802 (317 427 455 529
rocket | 42.0 457 521 |414 418 478 491 |404 514 543 513|228 227 227 244 (273 251 306 3938
skate. 73.0 726 742 |564 577 669 651|705 687 709 707|438 438 556 588|261 443 371 410
table 732 72.9 733 | 725 748 712 808|741 753 778 781|625 712 742 754 761 770 788 79.7
Mean 76.6 776 787 | 656 721 730 746|579 735 754 76.6 |49.2 58.0 656 657|506 56.7 610 64.6

Table 1. Our one-shot training result vs. supervised methods. To visualize the comparison between our results and the results of supervised
methods, we highlight those IOUs that are higher than our 3-exemplar results with yellow color. The IOU’s which are lower than or equal
to our 3-exemplar results are shown in blue.



10-exemplar (10% train data) Adjust network capacity (10% train data) Add regularization
mean __max 1/8 2/8 3/8 4/8 5/8 6/8 7/8 | 1le-3  le-4 le-5 le-6 le-7 1e-8 1e-9 1le-10
PointNet | 679 734 | 705 720 738 728 734 716 705 [ 694 699 714 715 722 719 717 715
PointNet++| 688 730 | 652 694 715 722 737 735 737 | 702 737 738 736 740 732 737 737
PointCNN | 312 374 | 583 574 563 574 567 572 565 | 443 563 564 575 586 563 570 564
SSCN 487 562 | 546 565 554 559 568 564 563 | 578 557 557 567 573 556 567 572

Table 2. Results of additional experiments, including adjusting network capacity and adding regularization for supervised methods training
on 10% train data, and training supervised methods on 10 random training examples per category (repeated 10 times). In “10-exemplar”,
“mean” is the average IOU on the average result for each category, “max” is the average IOU on the best result for each category. In
“Adjust network capacity”, the numbers in the second row indicate the adjusted network capacity. In “Add regularization”, the numbers in
the second row indicate the scale for the regularization term. The best number for each method is shown in boldface.

plane  bag cap chair earph. guitar knife lamp laptop motor. mug pistol rocket skate. table [ Mean
2-layer| 622 782 807 847 789 541 320 735 945 295 928 751 304 636 755 | 670
3-layer| 732 854 820 854 723 870 839 701 946 542 949 783 420 730 732 | 766
4-layer| 737 816 824 859 782 884 824 729 945 631 950 778 503 750 76.1 | 785
5-layer| 727 846 816 859 776 831 830 618 943 635 945 778 433 745 756 | 773

Table 3. 1-exemplar results of 2/3/4/5-layer versions of our model. The best number for each category is shown in boldface.

Figure 7. 1-exemplar results of ours 2-layer model ({ 1024-n }) for each shape category on 8 randomly selected exemplars.
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Figure 8. 1-exemplar results of ours 3-layer model ({ 1024-256-n }) for each shape category on 8 randomly selected exemplars.
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Figure 9. 1-exemplar results of ours 4-layer model ({ 1024-256-256-n }) for each shape category on 8 randomly selected exemplars.

100

901
801
70
60+
501
401
304
20
10+

100

901
801
70
60+
501
401
30
20
10+

[ ] L ]
[ H ]
I B i
] ° L4
. L ]
® . ® ‘ °®
L ]
]
L ]
$
[ ]

Ours e Ours mean e Ours median
| | ! n | N ] ] } } ] A ] ]
PP EE YEeEs Loy

v} = e € - = Y © Ko

[0 O c (@] c e E (%] ©

s £ 3 ¥ 2 &5 3 a g 8 ¥
= g @ 2 9 T
© © o JE;
w £ ~
wn

(] [ ]
L )
L ® Y
] [ ] ® H
[ ]

L ! i ? 3
]

o ° ¢ p¢

[ ]
[ ]
®
Ours e Ours mean e Ours median

v D Q X U = 0 o o U o 5 ¥ T O
c 8 ®@8 ® c 8 ¥ ¢ o xXx 53 S ¢ = 37

T O v c o = c < g = n ©
a C £ 2 X & o £ 3 8 9 8

&2 o O o~ 9 e

—_— — ) (]

© © o E

o £ ~

wn




100
° e
90 8 °
80 ' t
. . . ]
70 [ ] . .
$ : ¢ °
4\3 60_ .
< ¢ 'l
8 501
= 40 ]
30+
201
101 ,
ours e Ours mean e Ours median
—_ | - —
© 2 &5 25 ggLgnyoy
T O VU < o ¥ ¢ £ 3 E v ¥ 8 3
e C £ 2 X & o £ 2 8 & &£
e a o 8 5 e
= - s} (]
© © o "E;
(] E ﬁ

Figure 10. 1-exemplar results of ours 5-layer model ({ 1024-256-256-256-n }) for each shape category on 8 randomly selected exemplars.
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exemplar segmentation results

Figure 11. One-shot segmentation results by BAE-NET, with one segmented exemplar.
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exemplars segmentation results

Figure 12. One-shot segmentation results by BAE-NET, with two segmented exemplars.
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Figure 13. One-shot segmentation results by BAE-NET, with three segmented exemplars.



NETWORK STRUCTURE

This document provides more details about network structures and training configurations.

* IN stands for instance normalization.

A. Autoencoders for 2D shapes

(1) Encoders

*CNN model and our model share the same type of CNN encoder

Encoder for 64% input:

Layer Kernel size | Stride Activation function | Output shape (d1, d2, channel)
input pixels - - - (64,64,1)

conv2d (4,4) (2,2) IN LRelLU (32,32,64)

conv2d (4,4) (2,2) IN LRelLU (16,16,128)

conv2d (4,4) (2,2) IN LReLU (8,8,256)

conv2d (4,4) (2,2) IN LRelLU (4,4,512)

conv2d (4,4) - Sigmoid (1,1,16)

Encoder for 128° input:

Layer Kernel size | Stride Activation function | Output shape (d1, d2, channel)
input pixels - - - (128,128,1)

conv2d (4,4) (2,2) IN LReLU (64,64,32)

conv2d (4,4) (2,2) IN LRelLU (32,32,64)

conv2d (4,4) (2,2) IN LRelLU (16,16,128)

conv2d (4,4) (2,2) IN LRelLU (8,8,256)

conv2d (4,4) (2,2) IN LRelLU (4,4,512)

conv2d (4,4) - Sigmoid (1,1,16)




(2) CNN decoders

Decoder for 64 input:

Layer Kernel size | Stride Activation function | Output shape (d1, d2, channel)
feature code - - - (1,1,16)
deconv2d (4,4) - IN LReLU (4,4,512)
deconv2d (4,4) (2,2) IN LRelLU (8,8,256)
deconv2d (4,4) (2,2) IN LReLU (16,16,128)
deconv2d (4,4) (2,2) IN LRelLU (32,32,64)
deconv2d (4,4) (2,2) Sigmoid (64,64,4)
max-pooling (1,1) (1,1) - (64,64,1)
Decoder for 128% input:

Layer Kernel size | Stride Activation function | Output shape (d1, d2, channel)
feature code - - - (1,1,16)
deconv2d (4,4) - IN LRelLU (4,4, 512)
deconv2d (4,4) (2,2) IN LReLU (8,8,256)
deconv2d (4,4) (2,2) IN LReLU (16,16,128)
deconv2d (4,4) (2,2) IN LRelLU (32,32,64)
deconv2d (4,4) (2,2) IN LReLU (64,64,32)
deconv2d (4,4) (2,2) Sigmoid (128,128,4)
max-pooling (1,1) (1,1) - (128, 128,1)
(3) Our 3-Layer model

Decoder for 642 input:

Layer Input shape | Activation | Output shape
feature code + coordinates | (16+2) - (18)
fully-connected (18) LRelLU (256)
fully-connected (256) LRelLU (256)
fully-connected (256) Sigmoid (4)

max-pooling (4) - (2)

Decoder for 128° input:

Layer Input shape | Activation | Output shape
feature code + coordinates | (16+2) - (18)
fully-connected (18) LRelLU (512)
fully-connected (512) LReLU (512)
fully-connected (512) Sigmoid (4)

max-pooling (4) - (1)




B. Autoencoders for 3D shapes

Encoder:

Layer Kernel size | Stride Activation function | Output shape (d1,d2,d3, channel)
input voxels - - - (64,64,64,1)
conv3d (4,4,4) (2,2,2) | IN LReLU (32,32,32,32)
conv3d (4,4,4) (2,2,2) | IN LReLU (16,16,16,64)
conv3d (4,4,4) (2,2,2) | IN LReLU (8,8,8,128)
conv3d (4,4,4) (2,2,2) | IN LReLU (4,4,4,256)
conv3d (4,4,4) - Sigmoid (1,1,1,128)
Decoder for unsupervised tasks:

Layer Input shape | Activation | Output shape
feature code + coordinates | (128+3) - (131)
fully-connected (131) LRelLU (3072)
fully-connected (3072) LRelLU (384)
fully-connected (384) Sigmoid (12)

max-pooling (12) - (1)

Decoder for one-shot training:

*n is the number of ground truth parts

Layer Input shape | Activation | Output shape
feature code + coordinates | (128+3) - (131)
fully-connected (131) LRelLU (1024)
fully-connected (1024) LRelLU (256)
fully-connected (256) Sigmoid (n)

max-pooling (n) - (2)

E. Training configurations

The networks were implemented with Tensorflow and using Adam optimizer (learning_rate=5e-5,

betal=0.5, beta2=0.999, epsilon=1e-8).

For leaky RelLU, alpha=0.02.

The batch size for all network is 1 (shape). The actual number of points varies according to the input

shapes.
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