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Background

ÅNeural networks
ÅCNNs
ÅAutoencoders



Background: standard CNNs

https://www.cc.gatech.edu/~hays/compvision/proj6/



Semi -Supervised Learning

˺ÁēŊĳ-ŲſūēŮƓĳŲēď ńēðŮŋĳŋĩ ſŲĳŋĩ XðſŲŲĳðŋ ĨĳēńďŲ ðŋď įðŮŊŒŋĳĉ ĨſŋĉźĳŒŋŲ˻
Zhu, Ghahramani , & Lafferty 2003



Semi -Supervised Technique

Dirichlet energy Ą Linear system of equations (Poisson)



Related Method

ÅStep 1:
Build k- NN graph

ÅStep 2:  
Compute p smallest Laplacian eigenvectors

ÅStep 3:
Solve semi- supervised problem in 
subspace

˺ÎŲĳŋĩ yðŋĳĨŒńď ÁźŮſĉźſŮē ĨŒŮ ºðŮźĳðńńƖ sðĈēńńēď 9ńðŲŲĳĨĳĉðźĳŒŋ˻
Belkin and Niyogi ; NIPS 2002



Manifold Regularization

˺yðŋĳĨŒńď ½ēĩſńðŮĳƝðźĳŒŋ˛
 XēŒŊēźŮĳĉ WŮðŊēƔŒŮŁ ĨŒŮ sēðŮŋĳŋĩ ĨŮŒŊ sðĈēńēď ðŋď ÎŋńðĈēńēď CƕðŊūńēŲ˻

Belkin, Niyogi , and Sindhwani ; JMLR 2006

Loss function Regularizer

Dirichlet energy



Examples of Manifold Regularization

ÅLaplacian - regularized least squares ( LapRLS)

ÅLaplacian support vector machine (LapSVM)

˺¡ŋ yðŋĳĨŒńď ½ēĩſńðŮĳƝðźĳŒŋ˻
Belkin, Niyogi , Sindhwani ; AISTATS 2005



Tasks

Å3D reconstruction
ÅShape retrieval
ÅShape completion
ÅShape interpolation
ÅShape segmentation



ShapeNet



ShapeNet



Example task: 
3D reconstruction

Fixed size vector

Input
Image | Point Cloud | 

yēŲį ̴ ˝
Neural Network 3D output

Fixed size vector



3D reconstruction

Fixed size vector

Input
Image | Point Cloud | 

yēŲį ̴ ˝
Neural Network 3D output

Fixed size vector

How to represent 3D 
geometry ?



Latent representation

˺yſńźĳ- view 3D Models from Single Images with
ð 9ŒŋƓŒńſźĳŒŋðń zēźƔŒŮŁ˻ ĈƖ yðƕĳŊTatarchenko , Alexey Dosovitskiy , Thomas Brox , 2016



Simplest: depth map





Multi -scale



Gaussian Markov Random Field

Want: depth linear function( features )
Ὠ ρ ὼ—

My depth depth of my neighbors
Ὠ ί Ὠ ί



Gaussian Markov Random Field

Normalizing
factor

Parameters

Features Depth (at scale)



Gaussian Markov Random Field

Parameters

Features Depth (at scale)

Find by minimizing negative log-likelihood of data:

ÍÉÎ
ȟ
ÌÏÇὖ ὨὢȠ—ȟ„



Where to get depth maps?
Much easier: stereo images!

https://www.flickr.com/photos/ntenny/46048092055

https://www.flickr.com/photos/ntenny/46048092055


Almost autoencoder:



ãįðź ĳĨ źįēŮē˽Ų ð ūðźĉį ŒĨ
constant color?



ãįðź ĳĨ źįēŮē˽Ų ð ūðźĉį ŒĨ
constant color?

Solution : add Dirichlet 
energy as a regularizer

Ὀɳὼ



Caveat: disparity is low -res
But we need to calculate Ὅὼ Ὀὼ



Hi -res Depth Maps

Predict: depth + normal map 
ᴼpoint cloud ᴼmesh

˺ʾ? Áįðūē ½ēĉŒŋŲźŮſĉźĳŒŋ ĨŮŒŊ ÁŁēźĉįēŲ Ɠĳð yſńźĳ-ƓĳēƔ 9ŒŋƓŒńſźĳŒŋðń zēźƔŒŮŁŲ˻ ĈƖ sĳſ ēź ðńˡ˜ ʽʻʼ˂



Voxelization



Unpooling Deconvolution



Accumulate information 
from all views

Idea: use a recurrent neural network (RNN)

Hidden state allows to memorize info
https://towardsdatascience.com/recurrent - neural - networks - d4642c9bc7ce



Accumulate information 
from all views

Idea: use a (RNN) LSTM

Hidden state allows to memorize info
https://towardsdatascience.com/the - fall - of- rnn - lstm - 2d1594c74ce0

https://towardsdatascience.com/the-fall-of-rnn-lstm-2d1594c74ce0


Accumulate information 
from all views

Idea: use a (RNN) LSTM

Hidden state allows to memorize info
https://towardsdatascience.com/the - fall - of- rnn - lstm - 2d1594c74ce0

New view ᴼshows parts that were occluded ᴼprediction mismatch

Update the LSTM states for the previously occluded sections

Retain the states of the other parts

https://towardsdatascience.com/the-fall-of-rnn-lstm-2d1594c74ce0


Voxelization: issue



Mesh as deformed template

ά[ŜŀǊƴƛƴƎ /ŀǘŜƎƻǊȅ-{ǇŜŎƛŦƛŎ aŜǎƘ wŜŎƻƴǎǘǊǳŎǘƛƻƴ ŦǊƻƳ LƳŀƎŜ /ƻƭƭŜŎǘƛƻƴǎέ ōȅ YŀƴŀȊŀǿŀ Ŝǘ ŀƭΦΣ нлму



Mesh as deformed template



Differentiable renderers



Differentiable renderers

Enables unsupervised 
learning!



Rendering

= projection + rasterization



Projection
Linear operation

Screen

x

y

z

ὖὼ,ώ,ᾀ,1 =

1 0 0 0 ὼ
0 1 0 0 ώ
0 0 1 0 ᾀ
0 0 1/Ὠ 0 1

=

ὼ
ώ
ᾀ
ᾀ/Ὠ



Rasterization
screen is discrete



Rasterization
Discrete /non - differentiable operation



Soft rasterizer

Relax/blur the discretization
~ distance between pixel and triangle?

Ὀ ίὭὫάέὭὨ‏ ẗ
Ὠ ὭȟὮ

„

+1, if Ὥth pixel is inside Ὦth triangle



Soft rasterizer

Relax/blur the discretization
~ distance between pixel and triangle?

Ὀ ίὭὫάέὭὨ‏ ẗ
Ὠ ὭȟὮ

„

+1, if Ὥth pixel is inside Ὦth triangle



Reality check: colors et al.

Vertex ShaderVertex Post-Processing

Rasterization

Per-Sample Operations
Framebuer

Vertices

and attributes
Modelview transform

Interpolation

Per-vertex attributes Clipping

Viewport transform

Scan conversion

Fragment Shader

Texturing/...

Lighting/shading

Depth test

Blending



Sample pipeline
Reconstructing a point cloud

A Point Set Generation Network for 3D Object Reconstruction from a Single Image by Fan, Su, Guibas, CVPR 2017



Sample pipeline
Reconstructing a point cloud

A Point Set Generation Network for 3D Object Reconstruction from a Single Image by Fan, Su, Guibas, CVPR 2017

Deep neural 
network

ὼȟώȟᾀ
ὼȟώȟᾀ
ȣ

ὼȟώȟᾀ

Point Cloud

TRAINING

TESTING

Render

Sample ὼᴂȟώᴂȟᾀᴂ

ὼᴂȟώᴂȟᾀᴂ
ȣ

ὼᴂȟώᴂȟᾀᴂ

Ground Truth
Point Cloud



Sample pipeline
Reconstructing a point cloud

A Point Set Generation Network for 3D Object Reconstruction from a Single Image by Fan, Su, Guibas, CVPR 2017

Deep neural 
network

ὼȟώȟᾀ
ὼȟώȟᾀ
ȣ

ὼȟώȟᾀ

Point Cloud

TRAINING

TESTING

Render

Sample ὼᴂȟώᴂȟᾀᴂ

ὼᴂȟώᴂȟᾀᴂ
ȣ

ὼᴂȟώᴂȟᾀᴂ

Ground Truth
Point Cloud

???



Sample pipeline
Reconstructing a point cloud

A Point Set Generation Network for 3D Object Reconstruction from a Single Image by Fan, Su, Guibas, CVPR 2017

Deep neural 
network

ὼȟώȟᾀ
ὼȟώȟᾀ
ȣ

ὼȟώȟᾀ

Point Cloud

TRAINING

TESTING

Render

Sample ὼᴂȟώᴂȟᾀᴂ

ὼᴂȟώᴂȟᾀᴂ
ȣ

ὼᴂȟώᴂȟᾀᴂ

Ground Truth
Point Cloud

???How to choose error function/loss?



Measuring error

Ὠ ȟ ȩ

How much did we distort the shape?

Option: Hausdorff distance

Ὠ ȟ

ÍÁØÓÕÐ
ᶰ
ÉÎÆ
ᶰ
ὨὼȟώȟÓÕÐ

ᶰ
ÉÎÆ
ᶰ
Ὠὼȟώ



Loss: Chamfer

Given two surfaces ὢȟὣȡ

Ὠ ὢȟὣ

ᶰ

ÍÉÎ
ᶰ
ὼ ώ

ᶰ

ÍÉÎ
ᶰ
ὼ ώ



Loss: Wasserstein
ǍȶǍ MǍɶʌț ¶ɐʬǸɶẏɾ EȡɾʌǍɅǪǸ ṵM¶EṶ

Ὠ ὢȟὣ ÍÉÎ
ȡᴼ

ὼ ‰ὼ

‰is a bijection

Find optimal strategy of transporting 
blue sand into green hole



Loss: Wasserstein
ǍȶǍ MǍɶʌț ¶ɐʬǸɶẏɾ EȡɾʌǍɅǪǸ ṵM¶EṶ

Ὠ ὢȟὣ ÍÉÎ
ȡᴼ

ὼ ‰ὼ

‰is a bijection

?ŒēŲŋ˽ź įðƓē źŒ Ĉē
Euclidean

Find optimal strategy of transporting 
blue sand into green hole



Deformable Meshes



AtlasNet

Learn •ȡπȟρ ᴼὛṒᴙ

ÍÉÎflὛȟὛ —ד‗

Chamfer or Earth - Mover distance
Regularization

How to represent functions •ȩ



AtlasNet

Learn •ȡπȟρ ᴼὛṒᴙ

ÍÉÎflὛȟὛ —ד‗

ReLU nonlinearities ᴼLocally affine transformation 
ᴼὛ is a (locally) 2- manifold



AtlasNet : applications



AtlasNet : limitations

Intersections are hard to detect



More exotic 3D representations

ÅSigned Distance Function (SDF)



More exotic 3D representations

ÅSigned Distance Function (SDF)



More exotic 3D representations

ÅSigned Distance Function (SDF)
Gradient of SDF at the 

surface = normals!



More exotic 3D representations

ÅSigned Distance Function (SDF)
ÅOccupancy

ὴɴ ᴙ Deep Neural Network πȟρ

Is ὴinside or 
outside 3D shape

˺¡ĉĉſūðŋĉƖ zēźƔŒŮŁŲ˛ sēðŮŋĳŋĩ ʾ? ½ēĉŒŋŲźŮſĉźĳŒŋ ĳŋ WſŋĉźĳŒŋ Áūðĉē˻ ĈƖMescheder et al., 2018



More exotic 3D representations

ÅSigned Distance Function (SDF)
ÅOccupancy
ïClassifier!

Deep Neural Network

˺¡ĉĉſūðŋĉƖ zēźƔŒŮŁŲ˛ sēðŮŋĳŋĩ ʾ? ½ēĉŒŋŲźŮſĉźĳŒŋ ĳŋ WſŋĉźĳŒŋ Áūðĉē˻ ĈƖMescheder et al., 2018



More exotic 3D representations

ÅSigned Distance Function (SDF)
ÅOccupancy
ÅBoxes?



3D shape representations

ÅMultiple Images
ÅVoxelization
ÅDeformation
ÅDepth
ÅPoint Cloud
ÅComponent - based
ÅSDF



Deformable Meshes



Convolution for manifolds?



Learning on 3D geometry

WŮŒŊ ˼XēŒŊēźŮĳĉ ?ēēū sēðŮŋĳŋĩ˛ ĩŒĳŋĩ ĈēƖŒŋď Cſĉńĳďēðŋ ďðźð˽ ĈƖ 8ŮŒŋŲźēĳŋ ēź ðńˡ ʽʻʼ˂



Convolution Theorem

˺WŒſŮĳēŮ źŮðŋŲĨŒŮŊ ŒĨ ð ĉŒŋƓŒńſźĳŒŋ ŒĨ źƔŒ
signals is the pointwise product of their 
WŒſŮĳēŮ źŮðŋŲĨŒŮŊŲ˻

ꞈὪz Ὣ ꞈὪẗꞈ Ὣ



Convolution Theorem

˺WŒſŮĳēŮ źŮðŋŲĨŒŮŊ ŒĨ ð ĉŒŋƓŒńſźĳŒŋ ŒĨ źƔŒ
signals is the pointwise product of their 
WŒſŮĳēŮ źŮðŋŲĨŒŮŊŲ˻

ꞈὪz Ὣ ꞈὪẗꞈ Ὣ

Convolution

Ὢz Ὣ ᾀ
ᴙ

ὪὼὫᾀ ὼὨὼ

Point - wise multiplication



Convolution Theorem

˺WŒſŮĳēŮ źŮðŋŲĨŒŮŊ ŒĨ ð ĉŒŋƓŒńſźĳŒŋ ŒĨ źƔŒ
signals is the pointwise product of their 
WŒſŮĳēŮ źŮðŋŲĨŒŮŊŲ˻

ꞈὪz Ὣ ꞈὪẗꞈ Ὣ

Fourier Transform

ꞈὪ ‫
ᴙ

ὪὼὩ Ὠὼ ὪὼȟὩ Ὢȟ‰‫




