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Multi-Dimensional ConvNets

« 1D ConvNets
— Audio / Speech
— Also Point Clouds

« 2D ConvNets
— Images (AlexNet, VGG, ResNet -> Classification, Localization, etc.)

« 3D ConvNets
— Forvideos
— For 3D data

« 4D ConvNets
— E.g. dynamic 3D data (Haven't seen much work there)
—  Simulations

Prof. Leal-Taixe and Prof. Niessner



Remember: 1D Convolutions
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Remember: 1D Convolutions
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Remember: 1D Convolutions
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Remember: 1D Convolutions
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Remember: 1D Convolutions

4 3 2 -5 3 5 2 5 5
f
g 1/3 | 1/3 | 1/3 | mm)
f*g 3 0 0 1 -
3 1+5 1+2 L_10
3 3 3 3

Prof. Leal-Taixe and Prof. Niessner



Remember: 1D Convolutions
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Remember: 1D Convolutions

4 3 2 5 3 5 2 5 5

f

g 1/3 | 1/3 | 1/3 | )

fxg 3 10/3| a -
2.—45.-45.-=4

Prof. Leal-Taixe and Prof. Niessner




Remember: 1D Convolutions
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1D ConvNets: WaveNet

1 00BN S

1 Second

[van der Ooord 16] https.//deepmind.com/blog/wavenet-generative-model-raw-audio/



https://deepmind.com/blog/wavenet-generative-model-raw-audio/

1D ConvNets: WaveNet
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[van der Ooord 16] https.//deepmind.com/blog/wavenet-generative-model-raw-audio/



https://deepmind.com/blog/wavenet-generative-model-raw-audio/

3D Classification

Instance:
010.toilet_000000079.001

(a) bathtub
Predicted label:
toilet

True label:
- tolet

(c) chair (d) monitor (e) bed

Class from 3D model (e.g., obtained with Kinect Scan)

[Maturana et al. 15] & [Qi et al. 161 3D vs Multi-view



1500 densely annotated 3D scans; 25 mio RGB-D frames

[Dai et al. 17] ScanNet
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Volumetric Grids



Volumetric Grids
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3D Shape Completion on C Grids
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ScanNet: Semantic Segmentation in 3D
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[Dai et al. 17] ScanNet



ScanNet: Sliding Window

Voxel Predictions Ground Truth Voxel Predictions Ground Truth

!Ill

B unannotated [ wall floor chair [ table | desk B bed . bookshelf . sofa [ sink [ bathtub . toilet

curtain counter [ door [ window [ shower curtain [ refrigerator [l picture cabinet . otherfurniture

[Dai et al. 17] ScanNet



SurfaceNet: Stereo Reconstruction

(a) reference model  (b) SurfaceNet

Run on 32 x 32 x 32 blocks -> takes forever..

[Jietal 17] SurfaceNet



ScanComplete: Fully Convolutional

4.7cm?3 voxels
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Partial Scan

Train Block:
Complete
Target

[Dai et al. 18] ScanComplete



Dependent Predictions:
Autoregressive Neural Networks

1,2,3,4-5 1,2,3,4,5—>6 1,2,3,4,5;6—>7 1,2,3,4,5,6,7—8

Prof. Leal-Taixe and Prof. Niessner IDai et al 18] ScanCompLete



Spatial Extent: Coarse-to-Fine Predictions

Wy SAPSTEIYY L I L
_,.'— = '!j‘
=T, 20

Completed Scan (4.7cm? voxels)

Prof. Leal-Taixe and Prof. Niessner Dai et al. 18] ScanCompLete



ScanComplete: Fully Convolutional

Input Partial Scan

[Dai et al. 18] ScanComplete



Conclusion so far

« Volumetric Grids are easy
— Encode free space
— Encode distance fields
— Need a lot of memory
— Need a lot of processing time
— But can be used sliding window or fully-conv.



Conclusion so far

10.41% 5.09% 2.41%

Surface occupancy gets smaller with higher resolutions



Volumetric
Hlerarchies



Discrinr

Structure Is
known In advance!

Dense 3D ConvNe

State of the ar{s‘omewhere here..

0.95

0.90 - —

0.75 //_:;et

0.70 == DenseNet |
; B 16° 32° 64° 1283 256%
Input Resolution

oo
o

Accuracy
%

OctNet

(b) Accuracy (a) Layer 1: 32°  (b) Layer 2: 16° (c) Layer 3: 8°
OctNet: Learning Deep 3D Representations at High Resolutions (CVPR 2017)
O-CNN: Octree-based Convolutional Neural Networks for 3D Shape Analysis (SIG17)



https://arxiv.org/abs/1611.05009
https://wang-ps.github.io/O-CNN.html

Generative Tasks

Need to infer structure!

d Octree Octree Octree
s level 1 level 2 level 3

Pretty interesting: they have
end-to-end method: i.e.,split
voxels that are partially
occupied

323 643 1283

Octree Generating Networks: Efficient Convolutional Architectures for High-resolution Outputs
OctNetFusion: Learning Depth Fusion from Data (that one not end to end)



https://lmb.informatik.uni-freiburg.de/Publications/2017/TDB17b/
https://arxiv.org/abs/1704.01047

Conclusion so far

e Hierarchies
— are great for reducing memory and runtime
— Comes at a performance hit
— Easier for discriminative tasks when structure is known



Multl-view



Multiple Views:. Classification

« RGB images from fixed views around object:
— view pooling for classification (only RGB; no spatial corr.)

—> CNN,
ﬁ 8 bathtubp
. bedo
* chair——=
- - desk[—
[ ) View H CNN J_. dresser[3
pooling 2
] :
toilet—

3D shape model
rendered with 2D rendered our multi-view CNN architecture output class
different virtual cameras images predictions

Multi-view Convolutional Neural Networks for 3D Shape Recognition



http://vis-www.cs.umass.edu/mvcnn/

Multiple Views: Segmentation

 Surface [
? reference
4x rotations image
» (triangle ids),

B /
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Y
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backpropagation / learning

3D Shape Segmentation with Projective Convolutional Networks
This one is interesting in a sense that it does 3D shape segmentation (only on CAD models)
But it uses multi-view and has a spatial correlation on top of the mesh surface



http://people.cs.umass.edu/~kalo/papers/shapepfcn/ShapePFCN.pdf

Fun thing.

Multi-View Sphere Rendering

Multi-View Standard Rendering

_____.rl - 3D Shape

&5

Volumetric Occupanéy Grid

Figure 1. 3D shape representations.

) W

Method #Views AcGUracy Accuracy
(class) (instance)

SPH (reported by [33]) - 68.2 -

LFD (reported by [33]) - 75.5 -

FV (reported by [32]) 12 84.8 -

Su-MVCNN [32] 80 90.1 -

PyramidHoG-LFD 20 87.2 90.5

Ours-MVCNN 20 89.7 92.0

Ours-MVCNN-MultiRes 20 91.4 93.8

Table 3. Comparison of multi-view based methods. Numbers

reported are classification accuracy (class average and instance

average) on ModelNet40.

Volumetric and Multi-View CNNs for Object Classification on 3D Data



TUTi

Hybrid: Volumetric +
Multi-view



2D + 3D Semantic Segmentation

avg class accuracy

Resolution Mismatch!

[Dai & Niessner 18] 3DMV



3D Volumetric + Multi-view

floor wall . cabinet bed . chair . sofa table . door window . bookshelf . picture .counter desk curtain . refrigerator . bathtub shower curtain .toilet . sink -otherfurn

[Dai & Niessner 18] 3DMV



I-VIEW

3D \/olumetric + Mult

class labels
[Dai & Niessner 18] 3DMV
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3D Volumetric + Multi-view

per-voxel
semantic predictions

____________________________________________________________

rgb
image

/
2d network 11

rgb

: | 2d network
image |

rgb

2d network 1
image

2d network

geometry

voxel
max pool

— 7

3d network

o

[Dai & Niessner 18] 3DMV



3D Volumetric + Multi-view

avg class accuracy

[Dai & Niessner 18] 3DMV



3D Volumetric + Multi-view

avg class accuracy

[Dai & Niessner 18] 3DMV



3D Volumetric + Multi-view

avg class accuracy

[Dai & Niessner 18] 3DMV



3D Volumetric + Multi-view

wall [Hloor| cab bath|other|| avg

2d only (1 view) 37.1139.126.7 2136.3|20.4 (|27.1
2d only (3 views) 58.6162.5]40.8 7161.5]34.3 || 44.2
Ours (no geo input) 76.2192.9|59.3 )[80.8] 9.3 || 58.2
Ours (3d geo only) 60.4195.0|54.4 SI87.01 20.6 || 54.4
Ours (3d geo+voxel color)|| 58.894.7 | 55.5 1185.4120.5 || 55.9
Ours (1 view, fixed 2d) 77.3196.870.0 5 |87.0| 58.5 [|69.1
Ours (1 view) 70.7196.8 |61.4 5|81.6]51.7 || 70.1
Ours (3 view, fixed 2d) 81.1/96.4|58.0 1/92.5]60.7 | 72.8
Ours (3 view) 75.2197.1|66.4 1[89.9]57.2 || 73.0
Ours (5 view, fixed 2d) 77.3195.7]68.9 7193.5|59.6 || 74.5
Ours (5 Vlew) 73.9195.669.9 3194.7| 58.5 ||'75.0

[Dai & Niessner 18] 3DMV



Conclusion so far

« Hybrid:
— Nice way to combine color and geometry
— Great performance (best so far for segmentation)

— End-to-end helps less than we hoped for
— Could be faster.



Point Clouds



Deeplearning on Point Clouds: PointNet

PointNet

mug? @ )ﬁ | ﬁ,

B, %
;_?-)~<‘;’.:« an, ‘7 2 M
%, ‘,f table’

¥’

car?

Classification Part Segmentation Semantic Segmentation

[Qi et al. 17] PointNet



Deeplearning on Point Clouds: PointNet

Classification Network

input mlp (64,64) feature mlp (64,128,1024) max il
‘E transform > — transform § — pool 1024 (512,256.k)
'S |en n < <
i;‘ g ul sha!red \g . > \g sh&!red nx1024 ll i |
2 : global feature
E : e L —%
R Y o o e output scores
IIIIIIIIIII 1 ’// ‘:Il"‘-________._.--’p('intreatures
. e > » E
— = - =
® e |2
n(x 1038 shared E shared g =
multiply __b‘_l_‘_. —>[_I_‘—~ 13'
=

mlp (512,256,128) mlp (128,m)

Segmentation Network

[Qi et al. 17] PointNet



PointNet++

Main idea
e |earn hierarchical representation of point cloud
e Apply multiple (simplified) PointNets at different locations and scales
e FEach Scale: Furthest-Point Sampling -> Query Ball Grouping -> PointNet
[

Multi-scale or Multi-resolution grouping for sampling density robustness

Fvaluations: Classification, Part-Segmentation, Scene-Segmentation

concat

Hierarchical point set fe I ing

(@ (®)
Figure 3: (a) Multi-scale
grouping (MSG); (b) Multi-
resolution grouping (MRG).

sampling & pointnet ~ sampling &
grouping grouping
J\
7 2V

set abstraction set abstraction

pointnet

Qi et al. 17] PointNet++



Main idea

e Transform points to continuous R3
representation (RBFs)

e ConvolveinR3

e Restrict results to points

Uses Gaussian RBF representation, L”

-

Convolution

Boils down to computing fixed weights for
convolution.

Restriction

-
o

) =
Don't use real data as far as | know! =80
®
5 —Ours
. . . 860 pointnet
Point Convolutional NN by Extension Operators < — pointneti+
Matan Atzmon, Haggai Maron, Yaron Lipman (SIGGRAPH 2018) 40

0.5 1
Missing data ratio

o


https://arxiv.org/abs/1803.10091

Conclusions so far

« PointNet variants:
— Train super fast (also testing)
— Can cover large spaces in one shot
— Cannot represent free space
— Performance (mostly) worse than pure volumetric
— Still lots of ongoing research!



~ Point Sets (global)

PointNet (CVPR 2017)

Hierarchy of point sets
PointNet++ Deep Hierarchical Feature [ earning on Point Sets in a ..(NIPS 2017)
Generalized Convolutional Neural Networks for Point Cloud Data (ICMLA17)

Kd-tree
Escape from Cells: Deep Kd-Networks (ICCV 2017)

PointCNN
PointCNN (seems arxiv only)



https://arxiv.org/abs/1612.00593
https://arxiv.org/abs/1706.02413
https://arxiv.org/abs/1707.06719https:/arxiv.org/abs/1707.06719
https://arxiv.org/abs/1704.01222
https://arxiv.org/pdf/1801.07791.pdf

Point Sets (local)

Point Convolutional NN by Extension Operators (SIGGRAPH 2018)
Tangent Convolutions for Dense Prediction in 3D (CVPR 2018)

Nearest point neighborhoods
Dynamic edge-conditioned filters in convolutional neural networks on graphs (CVPR17)
3D Graph Neural Networks for RGBD Semantic Segmentation (ICCV17)
PPENet: Global context aware local features for robust 3d point matching (CVPR18)
FeaStNet: Feature-Steered Graph Convolutions for 3D Shape Analysis (CVPR18)

Very interesting combination where convolutions are essentially over line segments in
3D, and where both locations and are being optimized
https.//arxiv.org/abs/1605.06240

Idea is great, performance could be a bit better (probably hard to optimize)



https://arxiv.org/abs/1803.10091
http://vladlen.info/papers/tangent-convolutions.pdf
https://arxiv.org/abs/1704.02901
http://www.cs.toronto.edu/~rjliao/papers/iccv_2017_3DGNN.pdf
https://arxiv.org/abs/1802.02669
https://arxiv.org/abs/1706.05206
https://arxiv.org/abs/1605.06240

Mesh-pased



Convs on Meshes and Graphs

« Lots of work by Michael Bronstein et al
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https://www.imperial.ac.uk/people/m.bronstein/publications.html



https://www.imperial.ac.uk/people/m.bronstein/publications.html

Conclusion so far

« Meshes / Surfaces:
— Needs some differential geometry approximation
— Convolutions in DG space

— [ havent seen results on real-world data
« Probably prone to noise and incomplete scans



TUTi

Sparse Convolutions



Sparse Convolutional Networks

Reqgular, dense 3x3 Convolution

-> set of actives (non-zeros) grows rapidly
-> need a lot of memory

-> takes a long time for feature prop.

o ‘ Submanifold Sparse Convolutional Networks, https://arxiv.org/abs/1706.01307 [Graham et al. 18]
Prot Leal-Take and Prof Niessner 3p semantic Segmentation with Submanifold Sparse Convolutional Networks

58


https://arxiv.org/abs/1706.01307

Sparse Convolutional Networks

Reqgular, dense 3x3 Convolution

-> set of actives (non-zeros) grows rapidly
-> need a lot of memory

-> takes a long time for feature prop.

o ‘ Submanifold Sparse Convolutional Networks, https://arxiv.org/abs/1706.01307 [Graham et al. 18]
Prot Leal-Take and Prof Niessner 3p semantic Segmentation with Submanifold Sparse Convolutional Networks
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https://arxiv.org/abs/1706.01307

Sparse Convolutional Networks

. m m E

Submanifold Sparse Convolutional Networks, https://arxiv.org/abs/1706.01307 [Graham et al. 18]
3D Semantic Segmentation with Submanifold Sparse Convolutional Networks

Prof. Leal-Taixe and Prof. Niessner

60


https://arxiv.org/abs/1706.01307

Sparse Convolutional Networks

Submanifold Sparse Conv:

-> set of active sites is unchanged

-> active sites look at active neighbors (green)
-> non-active sites (red) have no overhead

Submanifold Sparse Convolutional Networks, https://arxiv.org/abs/1706.01307 [Graham et al. 18]
3D Semantic Segmentation with Submanifold Sparse Convolutional Networks 61

Prof. Leal-Taixe and Prof. Niessner


https://arxiv.org/abs/1706.01307

Sparse Convolutional Networks

Submanifold Sparse Conv:
-> disconnected components do not communicate at first
-> although they will merge due to effect of stride, pooling, convs, etc.

from left: (i) an active point is highlighted; a convolution with stride 2 sees the green active sites (i) and produces output (iii),
‘children’ of hightlighted active point from (i) are highlighted; a submanifold sparse convolution sees the green active sites (iv)
and produces output (v); a deconvolution operation sees the green active sites (vi) and produces output (vii).

Submanifold Sparse Convolutional Networks, https://arxiv.org/abs/1706.01307 [Graham et al. 18]
3D Semantic Segmentation with Submanifold Sparse Convolutional Networks



https://arxiv.org/abs/1706.01307

Sparse Convolutional Networks

Dimension = Name in 'torch.nn’ Use cases
1 Conv1d Text, audio
2 Conv2d Lines in 2D space, e.g. handwriting
3 Conv3d Lines and surfaces in 3D space or (2+1)D space-time
4 - Lines, etc, in (3+1)D space-time

https://github.com/facebookresearch/SparseConvNet

N ‘ ] Submanifold Sparse Convolutional Networks, https://arxiv.org/abs/1706.01307 [Graham et al. 18]
Prof Leal-Take and Prof Niessner 3p semantic Segmentation with Submanifold Sparse Convolutional Networks

An
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https://arxiv.org/abs/1706.01307
https://github.com/facebookresearch/SparseConvNet

Conclusions so far

e Spares (volumetric) Convs:
— Implemented with spatial hash function
— Features only around "surface’
— Require significantly less memory
— Allow for much higher resolutions
— It's slower, but much higher accuracy



Evaluation on Hidden Test Set on ScanNet

3D Scene Understanding

3D Semantic label benchmark

This tabde lists the benchmark resulis for the 30 semantic label scenario.

Method Info  avpiou bathtub bed bookshelf cabinet  chair counter curtain desk door floor otherfurmniture picture refrigerator Zr;ur:
SparzaConvhlet 0.7261 0620 0.801. 0.858+ 0.713: 0.884. 0.505: 0.799. 005635: 0.628. 0.956. 0602+ 0298 0742, 08
MinkoweskiMet34 0678: 084 0734 0738 : 0641: 0804: D412. 0750 0696 0545: 0DB3E-. 05182 0141w Dg23: 07
joint point-based 0621 0645+ OT48: 0612« 057V1s 0Q7BE: 0355- 07BE: 0485 05838 D043, 0445: 0287 = 0520+ 04
Teecturahist 0566s 0672: 0.664- 0671: 0484. 0718. OD445: 06TE. 0411« 0305, DOI5. 0358 - 0.225: 0412, 0E!
Dhhet 0562 O0G4B: 0.700+ 0585 068T. 03332, 0650 0514: 0475+ 0000w 0.350: 0.223: 03400 D4
PointConv 0555 O0635- 0640, 0574 0472, 07308: 0430: 0433: 0418, D445. D044, 0.372- 0185 D464 0.5
30NN, FTSDF 0501 0558: 060Bs 0424 ,:: 0478: 0600. 0245+ 0585« 0468- 0450- 0911w 0304 0160 - D438 D21
J0OMY 0484 0484+ 0538w 0424 08032 0310« 0574, 0432« 0378« 0796 0301 0.214- 0537 = 020
A U, Malities Nwsamer SIMY. Sl A0-MsE8Var [ rechchon fur A0 Sar S
PointCMM with F 0478 0510 0583w 0.414s O0.70Be 0241:: 0367+ 04050 0323s 0044: 0300 0132 n 0226 04
RGB
Wengayan Ly, Hus He, Mingchien Sun, Saoegusen Chen: HomiCHR. KPS 3018
0442 0 05050 0DE22. 0367 n D278+ 0824« 0.240n 0188« 0350 02
F| 0.438n 04372 0645e 0474 0309 0645+ 0353« 0258.: 0282 0279 0018« 0298w 0147 0283w O2E
T T——— . E—— ten i 3e. G 00

SFLAT Mat T 0303w 0472w 051w 0608 0.311. 0656 0.027 0.227 v 0.000 0.001 2= 024
Hig Su, Verun Lempuand, Degeg Sun, Sutfsne: Mg, Evargels K e [ —————— Cvineao
ScanMet+FTEDF 0383 0207 0481 0432w 0.358n 0612w 02740 0118 0411: 0205 0004 0.229  0.078 0.250 n 0.18
Fointhet++ Fl 0339 0584, 0478w 0458 0258 0380w 0250w 0247 0278 0261 0677 0183 017 = 0212 014
e HL A, LY, e Lot ponined+ 4. deep his -
S5C-UNet Fl 0308 0353w 0290 s 0169 0283w 0147 0148w D008 n 0.182 v 0084w 0023 = 001
Soanhet Fl 0308 0.203. 0288 s 078G s 0145 0902 3 0245 QU1K

e 0311 0.524 .

iheun Kbwdimr. Scwnbial ch

Anvs Ui, davgwl . L1 ol S, e

http://www.scan-net.org/



http://www.scan-net.org/

Next Lectures

e Thisis the last lecture slot!
« Keep working on the projects!

« Research opportunities © © ©

Prof. Leal-Taixe and Prof. Niessner



Prof. Leal-Taixe and Prof. Niessner

See you ©
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