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015 1. Introduction 069
016 In the following supplemental material we present details regarding our operations on the hybrid grid-octree data structure, 070
017 additional experimental results and all details on the used network architectures. In Section 2 we provide details on the 071
018 data index used to efficiently access data in the grid-octree data structure. Section 3 yields more insights into the efficient 072
019 implementation of the convolution operation on octrees. We present further quantitative and qualitative results in Section 4 073
020 and in Section 5 we specify all details of the network architectures used in our experiments. 074
021 075
022 2. Data Index 076
023 077
024 An important implementation detail of the hybrid grid-octree data structure is the memory alignment for fast data access. 078
025 We store all data associated with the leaf nodes of a shallow octree in a compact contiguous array. Thus, we need a fast way 079
026 to compute the offset in this data array for any given voxel. In the main text we presented the following equation: 080
028 o8 e
o dataidx(i) =8 Y bit(j) + 1 Z bit(5) + w : (1) o
030 7= = offset 084
031 #nodes above i #split nodes pre i 085
032 . . . . . . . . . . . 086
s explained in the main text the whole octree structure is stored as a bit-string and a voxel is uniquely identifie e bi
033 As explained in th text the whole oct truct tored bit-string and 1 quely identified by the bit 087
094 index i, i.e., the index within the bit string. The data is aligned breadth-first and only the leaf nodes have data associated. 088
Consequently, the first part of the equation above counts the number of split and leaf nodes up to the voxel with bit index .
035 q y p q P p 089
The second term subtracts the number of split nodes before the particular voxel as data is only associated with leaf nodes.
036 ) e S . . 090
037 Finally, we need to get the offset within the voxel’s neighborhood. This is done by the last term of the equation. 091
038 Let us illustrate this with a simple example: For ease of visualization we will consider a quadtree. Hence, each voxel can 092
039 be split into 4 instead of 8 children. The equation for the offset changes to 093
040 pay (i)—1 094
041 data_idx,(i) = 4 Z bit(j) + 1 — Z bit(j) +mod (i —1,4), ) 095
042 — 096
043 - %/—{ offset 097
044 #nodes above i #split nodes pre i 098
045  with 099
046 100
047 , i—1 101
a, (i) = . 3
048 Py (1) { 4 J ) 102
049 . . . . . . .. . . . 1 03
050 Now consider the following bit string for instance: 10101 0000 1001 0000 0100. According to our definition, this bit string 104
051 corresponds to the tree structure visualized in Fig. 1a and 1b, where s indicates a split node and v a leaf node with associated 105
052 data. In Fig. Ic we show the bit indices for all nodes. Note that the leaf nodes at depth 3 do not need to be stored in the bit 106
053 string as this information is implicit. Finally, the data index for all leaf nodes is visualized in Fig. 1d. Now we can verify 107
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129 Figure 2: Efficient Convolution. 183
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131 185
132 equation (2) using a simple example. Assume the bit index 51: The parent bit index is given by equation (3) as 12. To 186
133 compute the data index we first count the number of nodes before 49 as it is the first node within its siblings (first term of 187
134 equation), which is 17. Next, we count the number of split nodes up to 49 (second term of equation), which is 6. Finally, we 188
135 look up the position 51 within its siblings (last term of equation), which is 2. Combining those three terms yields the data 189
136 index 17 — 6 + 2 = 13. 190
:2; 3. Efficient Convolution :Z;
139 In the main text we discussed that the convolution for larger octree cells and small convolution kernels can be effi- 193
140 ciently implemented. A naive implementation applies the convolution kernel at every location (i, j, k) comprised by the cell 194
141 Qli, j, k]. Therefore, for an octree cell of size 8 and a convolution kernel kernel of 3% this would require 83 - 3% = 13,824 195
142 multiplications. However, we can implement this calculation much more efficiently as depicted in Fig. 2. We observe that 196
143 the value inside the cell of size 8% is constant. Thus, we only need to evaluate the convolution once inside this cell and 197
144 multiply the result with the size of the cell 82, see Fig. 2a. Additionally, we only need to evaluate a truncated versions of the 198
145 kernel on the corners, edges and faces of the voxel, see Fig. 2b-d. This implementation is more efficient, as we need only 199
146 27 multiplications for the constant part, 8 - 19 multiplications for the corners, 12 - 6 - 15 multiplications for the edges, and 200
147 6 - 62 - 9 multiplications for the faces of the voxel. In total this yields 3203 multiplications, or 23.17% of the multiplications 201
148 required by the naive implementation. 202
149 203
150 4. Additional Results 204
151 205
152 In this Section we show additional quantitative and qualitative results for 3D shape classification, 3D orientation estimation 206
153 and semantic 3D point labeling. 207
" 4.1.3D Classification 208
155 209
156 In the main text of our work we analyzed the runtime and memory consumption of OctNet compared with the equivalent 210
157 dense networks on ModelNet10 [3]. Additionally, we demonstrated that without further data augmentation, ensemble learn- 211
158 ing, or more sophisticated architectures the accuracy saturates at an input resolution of about 163, when keeping the number 212
159 of network parameters fixed across all resolutions. In this Section we show the same experiment on ModelNet40 [3]. The 213
160 results are summarized in Fig. 3. In contrast to ModelNet10, we see an increase in accuracy up to an input resolution of 323, 214
161 Beyond this resolution the classification performance does not further improve. Note that the only form of data augmentation 215
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226 280
227 281
228 we used in this experiment was rotation around the up-vector as the 3D models in this dataset vary in pose. We conclude that 282
229 object classification on the ModelNet40 dataset is more challenging than on the ModelNet10 dataset, but both datasets are 283
230 relatively easy in the sense that details do not matter as much as in the datasets used for our other experiments. 284
231 285
232 4.2. 3D Orientation Estimation 286
233 To demonstrate that OctNet can handle input resolutions larger than 256 we added results for the 3D orientation estimation 287
234 experiment with an input resolution of 5123. The results are presented in Fig. 4. As for the orientation experiment in the 288
235 main paper, we can observe the trend that performance increases with increasing input resolution. 289
236 We evaluated our OctNet also on the Biwi Kinect Head Pose Database [?] as an additional experiment on 3D pose 290
237 estimation. The dataset consists of 24 sequences of 20 individuals sitting in front of a Kinect depth sensor. For each 291
238 frame the head center and the head pose in terms of its 3D rotation is annotated. We split the dataset into a training set 292
239 of 18 individuals for training and 2 individuals for testing and project the depth map to 3D points with the given camera 293
240 parameters. We then create the hybrid grid-octree structure from the 3D points that belong to the head (In this experiment 204
241 we are only interested in 3D orientation estimation, as the head can be reliable detected in the color images). As in the 295
242 previous experiment we parameterize the orientation with unit quaternions and train our OctNet using the same settings as in 296
243 the previous 3D orientation estimation experiment. Fig. 5 shows the quantitative results over varying input resolutions. We 297
244 see a reasonable improvement of accuracy from 8 up to 64. Beyond this input resolution the octree resolution becomes 298
245 finer than the resolution of the 3D point cloud. Thus, further improvements can not be expected. In Fig. 6 we show some 299
246 qualitative results. S00
247 301
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256 Figure 4: Additional Chair Orientation Results. Figure 5: Head Pose Results. 310
257 . . 311
258 4.3. 3D Semantic Segmentation 312
259 In this Section we present additional qualitative results of the semantic 3D point labeling task in Fig. 7 to 11. In these 313
260 visualizations we show the color part of the voxelized input, the result of the labeling in the voxel representation, and the 314
261 result back-projected to the 3D point cloud for different houses in the test set of [2]. 315
262 316
263 5. Network Architecture Details 317
264 318
265 In this Section we detail the network architectures used throughout our experimental evaluations. We use the following no- 319
266 tation for breyity: conv(x, y) denotes. a 33 convolutional .layer \.)vith x input feature maps and y output.feature maps. Similarly, 320
267 maxpool(f) is a max-pooling operation that decreases dimensionality by a facth of f along' each axis. All convolutional and 321
268 fully-connected layers, except the very last one, are followed by a ReLU as activation function. 399
269 323
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451 Figure 8: Facade Labeling Results. Zoom in for details. 505
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472 Figure 9: Facade Labeling Results. Zoom in for details. 526
473 527
474 . . . . . . . . . 528
In the first two experiments, 3D classification and 3D orientation estimation, we show two different classes of architectures.
475 . . . . 529
476 In the first one we keep the number of convolution layers per block fixed and ac.ld blocks depending on the 1nput resolution 530
477 of the network. We call those networks OctNetl, OctNet2, and OctNet3, depending on the number of convolution layers per 531
block. Therefore, the number of parameters increases along with the input resolution. The detailed architectures are depicted
478 . . . . . . . . . 532
479 in Tab%e 1, 2, and 3 for th.e classification task and in Table 5, 6, and 7 for the orlentat.lon estimation tasks, -respectlvely. .Second, 533
480 we t.ralned network ar.chltectures where we ke'ep the number of par?meters fixed, independently of the input resolution. The 534
481 detal.led network arch%tectures.for thos.e experiments are presented in Table 4 and 8. . ' 535
482 Finally, for semantic 31,) point labeling, we use the U-Net type architecture [1,4] shown in Table 9. We use a concatenation 536
483 layer concat(-, -) to combine the outputs from the decoder and encoder parts of the networks to preserve details. 537
484 538
485 539
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8% 16° 32° 64° 128° 256°

conv(1,8) | conv(l,8) conv(1,8) conv(1,8) conv(1,8) conv(1,8)
maxpool(2) | maxpool(2) | maxpool(2) | maxpool(2) | maxpool(2)
conv(8,16) | conv(8,16) conv(8, 16) conv(8, 16) conv(8, 16)
maxpool(2) | maxpool(2) | maxpool(2) | maxpool(2)
conv(16,24) | conv(16,24) | conv(16,24) | conv(16,24)

maxpool(2) | maxpool(2) | maxpool(2)
conv(24,32) | conv(24,32) | conv(24,32)

maxpool(2) | maxpool(2)
conv(32,40) | conv(32,40)

maxpool(2)

conv(40, 48)

Dropout(0.5)

fully-connected(1024)

fully-connected(10)

SoftMax

Table 1: Network Architectures ModelNet10 Classification: OctNetl

8° 16° 32° 64° 128° 256°
conv(1,8) conv(1,8) conv(1,8) conv(1,8) conv(1,8) conv(1,8)
conv(8,8) | conv(8,8) conv(8, 8) conv(8, 8) conv(8, 8) conv(8, 8)
maxpool(2) | maxpool(2) | maxpool(2) | maxpool(2) | maxpool(2)
conv(8,16) | conv(8,16) | conv(8,16) | conv(8,16) | conv(8,16)
conv(16,16) | conv(16,16) | conv(16,16) | conv(16,16) | conv(16,16)
maxpool(2) | maxpool(2) | maxpool(2) | maxpool(2)

conv (16, 24)
conv(24, 24)

conv(16, 24)
conv(24,24)
maxpool(2)

conv(16, 24)
conv(24,24)
maxpool(2)

conv (16, 24)
conv(24, 24)
maxpool(2)

conv(24, 32)
conv(32, 32)

conv(24, 32)
conv(32, 32)
maxpool(2)

conv(24, 32)
conv(32, 32)
maxpool(2)

conv(32,40)
conv(40, 40)

conv(32, 40)
conv (40, 40)
maxpool(2)

conv (40, 48)
conv (48, 48)

Dropout(0.5)

fully-connected(1024)

fully-connected(10)

SoftMax

Table 2: Network Architectures ModelNet10 Classification: OctNet2

CVPR
#1319

702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755



CVPR
#1319

756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

CVPR 2017 Submission #1319. CONFIDENTIAL REVIEW COPY. DO NOT DISTRIBUTE.

8% 16° 32° 64° 128° 256°
conv(1,8) conv(1,8) conv(1,8) conv(1,8) conv(1,8) conv(1,8)
conv(8, 8) conv(8, 8) conv(8, 8) conv(8, 8) conv(8, 8) conv(8, 8)
conv(8,8) | conv(8,8) conv(8, 8) conv(8, 8) conv(8, 8) conv(8, 8)

maxpool(2) | maxpool(2) rnaxpool( ) | maxpool(2) | maxpool(2)
conv(8,16) | conv(8,16) | conv(8,16) | conv(8,16) | conv(8,16)

conv(16, 16)
conv(16, 16)

conv(16, 16)
conv(16, 16)
maxpool(2)

conv(16, 16)
conv(16,16)
maxpool(2)

conv(16, 16)
conv(16, 16)
maxpool(2)

conv(16, 16)
conv(16, 16)
maxpool(2)

conv(16, 24)
conv(24, 24)
conv(24, 24)

conv(16, 24)
conv(24, 24)
conv(24,24)
maxpool(2)

conv(16, 24)
conv(24, 24)
conv(24,24)
maxpool(2)

conv(16, 24)
conv(24, 24)
conv(24, 24)
maxpool(2)

conv(24, 32)
conv(32, 32)
conv(32, 32)

conv(24, 32)
conv(32, 32)
conv(32, 32)
maxpool(2)

conv(24, 32)
conv(32, 32)
conv(32, 32)
maxpool(2)

conv(32,40)
conv(40, 40)
conv(40, 40)

conv(32, 40)
conv(40, 40)
conv (40, 40)
maxpool(2)

conv (40, 48)
conv (48, 48)
conv (48, 48)

Dropout(0.5)

fully-connected(1024)

fully-connected(10)

SoftMax

Table 3: Network Architectures ModelNet10 Classification: OctNet3.

8’ 16° 32° 64° 128° 256°
conv(1,8) conv(1,8) conv(1,8) conv(1,8) conv(1,8) conv(1,8)
conv(8, 14) conv(8, 14) conv(8,14) conv(8, 14) conv(8, 14) conv(8,14)

maxpool(2)

conv(14,14)
conv(14, 20)

conv(14, 14)
conv(14, 20)

conv(14,14)
conv(14, 20)

conv(14,14)
conv(14, 20)

conv(14,14)
conv(14, 20)
maxpool(2)

conv(14,14)
conv(14, 20)
maxpool(2)

conv(20, 20)
conv(20, 26)

conv(20, 20)
conv(20, 26)

conv(20, 20)
conv(20, 26)

conv(20, 20)
conv(20, 26)
maxpool(2)

conv(20, 20)
conv(20, 26)
maxpool(2)

conv(20, 20)
conv(20, 26)
maxpool(2)

conv(26, 26)
conv(26, 32)

conv(26, 26)
conv(26, 32)

conv(26, 26)
conv(26, 32)
maxpool(2)

conv(26, 26)
conv(26, 32)
maxpool(2)

conv(26, 26)
conv (26, 32)
maxpool(2)

conv(26, 26)
conv(26, 32)
maxpool(2)

conv(32, 32)
conv(32, 32)

conv(32, 32)
conv(32, 32)
maxpool(2)

conv(32, 32)
conv(32, 32)
maxpool(2)

conv(32, 32)
conv(32, 32)
maxpool(2)

conv(32, 32)
conv(32, 32)
maxpool(2)

conv(32, 32)
conv(32, 32)
maxpool(2)

Dropout(0.5)

fully-connected(512)

fully-connected(10)

SoftMax

Table 4: Network Architectures ModelNet10 Classification.
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8% 16° 32° 64° 128° 256°

conv(1,8) | conv(l,8) conv(1,8) conv(1,8) conv(1,8) conv(1,8)
maxpool(2) | maxpool(2) | maxpool(2) | maxpool(2) | maxpool(2)
conv(8,16) | conv(8,16) conv(8, 16) conv(8, 16) conv(8, 16)
maxpool(2) | maxpool(2) | maxpool(2) | maxpool(2)
conv(16,24) | conv(16,24) | conv(16,24) | conv(16,24)

maxpool(2) | maxpool(2) | maxpool(2)
conv(24,32) | conv(24,32) | conv(24,32)

maxpool(2) | maxpool(2)
conv(32,40) | conv(32,40)

maxpool(2)

conv(40, 48)

Dropout(0.5)

fully-connected(1024)

fully-connected(4)

Normalize

Table 5: Network Architectures Orientation Estimation: OctNetl

8° 16° 32° 64° 128° 256°
conv(1,8) conv(1,8) conv(1,8) conv(1,8) conv(1,8) conv(1,8)
conv(8,8) | conv(8,8) conv(8, 8) conv(8, 8) conv(8, 8) conv(8, 8)
maxpool(2) | maxpool(2) | maxpool(2) | maxpool(2) | maxpool(2)
conv(8,16) | conv(8,16) | conv(8,16) | conv(8,16) | conv(8,16)
conv(16,16) | conv(16,16) | conv(16,16) | conv(16,16) | conv(16,16)
maxpool(2) | maxpool(2) | maxpool(2) | maxpool(2)

conv (16, 24)
conv(24, 24)

conv(16, 24)
conv(24,24)
maxpool(2)

conv(16, 24)
conv(24,24)
maxpool(2)

conv (16, 24)
conv(24, 24)
maxpool(2)

conv(24, 32)
conv(32, 32)

conv(24, 32)
conv(32, 32)
maxpool(2)

conv(24, 32)
conv(32, 32)
maxpool(2)

conv(32,40)
conv(40, 40)

conv(32, 40)
conv (40, 40)
maxpool(2)

conv (40, 48)
conv (48, 48)

Dropout(0.5)

fully-connected(1024)

fully-connected(4)

Normalize

Table 6: Network Architectures Orientation Estimation: OctNet2
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8% 16° 32° 642 128° 2565
conv(1,8) | conv(Ll,8) conv(1,8) conv(1,8) conv(1,8) conv(1,8)
conv(8, 8) conv(8, 8) conv(8, 8) conv(8, 8) conv(8, 8) conv(8, 8)
conv(8,8) | conv(8,8) conv(8, 8) conv(8, 8) conv(8, 8) conv(8, 8)

maxpool(2) | maxpool(2) InaxpooK ) | maxpool(2) | maxpool(2)
conv(8,16) | conv(8,16) | conv(8,16) | conv(8,16) | conv(8,16)

conv(16, 16)
conv(16, 16)

conv(16, 16)
conv(16, 16)
maxpool(2)

conv(16,16)
conv(16,16)
maxpool(2)

conv(16, 16)
conv(16, 16)
maxpool(2)

conv(16, 16)
conv(16, 16)
maxpool(2)

conv(16, 24)
conv(24, 24)
conv(24, 24)

conv(16, 24)
conv(24, 24)
conv(24, 24)
maxpool(2)

conv(16, 24)
conv(24, 24)
conv(24, 24)
maxpool(2)

conv(16, 24)
conv(24, 24)
conv(24, 24)
maxpool(2)

conv(24, 32)
conv(32, 32)
conv(32, 32)

conv(24, 32)
conv(32, 32)
conv(32, 32)
maxpool(2)

conv(24, 32)
conv(32, 32)
conv(32, 32)
maxpool(2)

conv(32,40)
conv(40, 40)
conv(40, 40)

conv(32, 40)
conv(40, 40)
conv (40, 40)
maxpool(2)

conv (40, 48)
conv (48, 48)
conv (48, 48)

Dropout(0.5)

fully-connected(1024)

fully-connected(4)

Normalize

Table 7: Network Architectures Orientation Estimation: OctNet3.

8% 16° 32° 64° 128° 256°
conv(1,8) conv(1,8) conv(1,8) conv(1,8) conv(1,8) conv(1,8)
conv(8,14) conv(8, 14) conv(8,14) conv(8, 14) conv(8, 14) conv(8,14)

maxpool(2)

conv(14,14)
conv(14, 20)

conv(14, 14)
conv(14, 20)

conv(14,14)
conv(14, 20)

conv(14,14)
conv(14, 20)

conv(14,14)
conv(14, 20)
maxpool(2)

conv(14,14)
conv(14, 20)
maxpool(2)

conv(20, 20)
conv(20, 26)

conv(20, 20)
conv(20, 26)

conv(20, 20)
conv(20, 26)

conv(20, 20)
conv(20, 26)
maxpool(2)

conv(20, 20)
conv(20, 26)
maxpool(2)

conv(20, 20)
conv(20, 26)
maxpool(2)

conv(26, 26)
conv(26, 32)

conv(26, 26)
conv(26, 32)

conv(26, 26)
conv(26, 32)
maxpool(2)

conv(26, 26)
conv(26, 32)
maxpool(2)

conv(26, 26)
conv (26, 32)
maxpool(2)

conv(26, 26)
conv(26, 32)
maxpool(2)

conv(32, 32)
conv(32, 32)

conv(32, 32)
conv(32, 32)
maxpool(2)

conv(32, 32)
conv(32, 32)
maxpool(2)

conv(32, 32)
conv(32, 32)
maxpool(2)

conv(32, 32)
conv(32, 32)
maxpool(2)

conv(32, 32)
conv(32, 32)
maxpool(2)

Dropout(0.5)

fully-connected(512)

fully-connected(4)

Normalize

Table 8: Network Architectures Orientation Estimation.
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1026
1027
1028
1029
1030
1031
1032
1033
1034
1035
1036
1037
1038
1039
1040
1041
1042
1043
1044
1045
1046
1047
1048
1049
1050
1051
1052
1053
1054
1055
1056
1057
1058
1059
1060
1061
1062
1063
1064
1065
1066
1067
1068
1069
1070
1071
1072
1073
1074
1075
1076
1077
1078
1079
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1081
1082
1083
1084
1085
1086
1087
1088
1089
1090
1091
1092
1093
1094
1095
1096
1097
1098
1099
1100
1101
1102
1103
1104
1105
1106
1107
1108
1109
1110
1111
1112
1113
1114
1115
1116
1117
1118
1119
1120
1121
1122
1123
1124
1125
1126
1127
1128
1129
1130
1131
1132
1133
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Output name

Operation

Encl

conv(8, 8)
conv(8, 16)
maxpool(2)

Enc2

conv(16, 16)
conv(16, 32)
maxpool(2)

Enc3

conv(32, 32)
conv(32, 64)
maxpool(2)

Enc4

conv(64, 64)
conv(64, 128)
maxpool(2)

Dec4

conv(128, 128)

conv(128,128)

conv(128,128)
unpool(2)

Dec3

concat(Enc4,Dec4)
conv(256, 128)
conv (128, 64)
unpool(2)

Dec2

concat(Enc3,Dec3)
conv (128, 64)
conv (64, 32)
unpool(2)

Decl

concat(Enc2,Dec2)
conv(64, 32)
conv(32, 16)
unpool(2)

Output

concat(Encl1,Decl)
conv(32, 32)
conv(32, 8)
SoftMax

Table 9: Network Architecture Semantic 3D Point Cloud Labeling.
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1134
1135
1136
1137
1138
1139
1140
1141
1142
1143
1144
1145
1146
1147
1148
1149
1150
1151
1152
1153
1154
1155
1156
1157
1158
1159
1160
1161
1162
1163
1164
1165
1166
1167
1168
1169
1170
1171
1172
1173
1174
1175
1176
1177
1178
1179
1180
1181
1182
1183
1184
1185
1186
1187
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1188
1189
1190
1191
1192
1193
1194
1195
1196
1197
1198
1199
1200
1201
1202
1203
1204
1205
1206
1207
1208
1209
1210
1211
1212
1213
1214
1215
1216
1217
1218
1219
1220
1221
1222
1223
1224
1225
1226
1227
1228
1229
1230
1231
1232
1233
1234
1235
1236
1237
1238
1239
1240
1241
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