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ProgramInput Output

Machine Learning
 Traditional Programming
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Machine Learning

ProgramInput Output

 Traditional Programming 

 Machine Learning

Program
Example Input

Example Output
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f( )=cat

Machine Learning

Parametrized by many 
learnable parameters

Model Fitting

Regression Classification
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Deep Learning

 Deep learning allows computational models that are 
composed of multiple processing layers to learn 
representations of data with multiple levels of 
abstraction. Deep Learning by Y. LeCun et al. Nature 2015

cat
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Neural Networks  
as Feature Extractor

 Neural networks extract powerful features from data

Image Credits: Yan LeCun
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Deep Learning: Powered By

Lots of data Lots of computing power
+

Powerful Neural Network Architectures
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Neural Networks

Model: Multi-Layer Perceptron (MLP) 

ReLU(x) =
0 if x < 0
x if x >= 0

⎧
⎨
⎩

f: non-linear activation function
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Neural Networks

x1

x2

x3

w11
w21
w31

h1

h1=f(w11 * x1 + w21 * x2 + w31 * x3 + b1)

ReLU(x) =
0 if x < 0
x if x >= 0

⎧
⎨
⎩

f: non-linear activation function

W1, B1

Model: Multi-Layer Perceptron (MLP) 

W2, B2 W3, B3

y’
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Neural Networks

ReLU(x) =
0 if x < 0
x if x >= 0

⎧
⎨
⎩

f: non-linear activation function Sigmoid Function
Leaky ReLu
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Neural Networks

ReLU(x) =
0 if x < 0
x if x >= 0

⎧
⎨
⎩

f: non-linear activation function

Piece-wise Approximation 
y = x^2
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Neural Networks

Model: Multi-Layer Perceptron (MLP) 

Loss function: L2 loss

ReLU(x) =
0 if x < 0
x if x >= 0

⎧
⎨
⎩

f: non-linear activation function
W1, B1 W2, B2

W3, B3

y’ yx
Loss

W = {W1, W2, W3, B1, B2, B3}
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Neural Networks

Model: Multi-Layer Perceptron (MLP) 

Loss function: L2 loss

Optimization: Gradient descent

ReLU(x) =
0 if x < 0
x if x >= 0

⎧
⎨
⎩

f: non-linear activation function
W1, B1 W2, B2

W3, B3

W = {W1, W2, W3, B1, B2, B3}

y’ yx

Back Propagation

Loss
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Neural Networks

A three-layer network approximates any continuous function
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Neural Networks

A three-layer network approximates any continuous function

At the cost of many parameters
and much difficulty to fit
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Neural Networks

CNN

RNN
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Convolutional Neural Networks

LeNet

One of the first successful 
applications of CNN.
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Convolutional Neural Networks

32

32

3

32x32x3 image
5x5x3 filter

convolve (slide) over all 
spatial locations

activation map

1

28

28

Image Credits: Andrej Karpathy
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 Filters are doing pattern matching

Image Credits: Yan LeCun

Convolutional Neural Networks
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Convolutional Neural Networks

LeNet

One of the first successful 
applications of CNN.
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ImageNet Challenge
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Convolutional Neural Networks
AlexNet

The first work that 
popularized 
Convolutional Networks 
in Computer Vision
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Convolutional Neural Networks
GoogleNet

An Inception Module: a new building block..
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Convolutional Neural Networks
ResNet
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Convolutional Neural Networks
DenseNet
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Convolutional Neural Networks

Classification Error: the lower, the better
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Neural Networks  
as Feature Extractor

How do neural networks work?
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Neural Networks  
as Feature Extractor

 Traditional methods hand-engineer features

Image: HoG

Image: SIFT

Audio: Spectrogram

Point Cloud: PFH
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Neural Networks  
as Feature Extractor

 Neural networks extract powerful features from data

Image Credits: Yan LeCun
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Neural Networks  
as Feature Extractor

ImageNet 1000 class image classification accuracy



Useful Courses

 CS 231n: http://cs231n.stanford.edu/ 
 Deep Learning for Visual Data 

 CS 224n: http://cs224n.stanford.edu/ 
 Deep Learning for Language / Sequential 

Data 
 CS 234: http://cs234.stanford.edu/ 

 Reinforcement Learning
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http://cs231n.stanford.edu/
http://cs224n.stanford.edu/
http://cs234.stanford.edu/


Programming Neural Networks

 TensorFlow, Python, Google 
 https://www.tensorflow.org/ 

 PyTorch, Python, Facebook 
 https://pytorch.org/ 

 Caffe, Berkeley 
 http://caffe.berkeleyvision.org/
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https://www.tensorflow.org/
https://pytorch.org/
http://caffe.berkeleyvision.org/


�35

Programming Neural Networks



Agenda
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 Deep Learning Intro 
 3D Deep Learning 
 Multi-view CNNs 
 Volumetric CNNs 

 Later lectures 
 Point-cloud NNs (May 21) 
 Graph CNNs (May 24)
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The World is 3D
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Autonomous driving

Robotics Augmented  
Reality

Medical Image Processing

3D Applications
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3D Perception is important for AI

Cosimo Alfredo Pina, “The domestic robots are getting closer” 
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Understanding in 3D is “Easier”!

Frustum PointNets for 3D Object Detection from RGB-D Data, Charles Qi et. al.

 Depth Data really helps (e.g. laser scan)



�41Image/Model Credits: Jingwei Huang

 3D scanners even can give us full 3D 
models!

Understanding in 3D is “Easier”!
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 3D data is less vulnerable to different 
occlusions, different lighting conditions, etc.

Understanding in 3D is “Easier”!
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Understanding in 3D is Harder!
 3D data is often noisy and of low quality.

Iro Armeni et. al. http://buildingparser.stanford.edu/dataset.html
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Understanding in 3D is Harder!

 3D data is often incomplete.



3D Deep Learning
 A field with very short history — starting from 
2015 
 But very active due to huge industry 
interests!
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Big Data in 3D
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Stanford	bunny

Princeton	shape	benchmark	
[Shilane	et	al.	04]

1800	models	in	90	categories	
Status as of 2010:



Big Data in 3D
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Nowadays millions of 3D models in online 
repositories



Big Data in 3D
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……

Growing crowd-sourced market for 3D models



Big Data in 3D
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……

An opportunity for data-driven 
3D visual computing

Growing crowd-sourced market for 3D models
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Big Data in 3D
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Over 30,000,000 sold

Big Data in 3D
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ShapeNet: A Large-scale 3D 
Model Database

…

~3 million models in total ~2,000 classes Rich annotations
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Unified Knowledge 
Representation in 3D

Physical  
properties

Part  
decompositionSymmetry

Affordance

Material
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3D Deep Learning Tasks

3D geometry analysis

Classification Parsing
(object/scene)

Correspondence
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3D Deep Learning Tasks
3D Synthesis

Monocular 
3D reconstruction

Shape completion Shape modeling
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3D Deep Learning Tasks
Robotics Applications

Robot Grasping Affordance Map

Human Interaction Affordance Map
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3D Deep Learning Tasks
Intuitive Physics based on 3D Understanding
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3D Representation
 How to represent 3D data?
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2D Representation
Images: canonical representation with regular 
data structure
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3D Representation
 Design good 3D representation for NN to 
consume

ImagePoint Cloud Mesh Volumetric
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3D Representation
 Design good 3D representation for NN to 
consume

ImagePoint Cloud Mesh Volumetric

Irregular Regular
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3D Representation

ImagePoint Cloud Mesh Volumetric
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3D Representation

ImagePoint Cloud Mesh Volumetric

Rawness High Low Medium High
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3D Representation

ImagePoint Cloud Mesh Volumetric

Rawness High Low Medium High

3D 
Geometry Yes Yes Yes No
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3D Representation

ImagePoint Cloud Mesh Volumetric

Rawness High Low Medium High

3D 
Geometry Yes Yes Yes No

Compact- 
ness Yes Yes No Medium
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3D Representation

ImagePoint Cloud Mesh Volumetric

Rawness High Low Medium High

3D 
Geometry Yes Yes Yes No

Compact- 
ness Yes Yes No

Set 
{Xi}

Graph 
(V, E)

Array 
Xijk

Array 
Xij

Data 
Structure

Medium
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3D Representation

ImagePoint Cloud Mesh Volumetric

Rawness High Low Medium High

3D 
Geometry Yes Yes Yes No

Compact- 
ness Yes Yes No

Set 
{Xi}

Graph 
(V, E)

Array 
Xijk

Array 
Xij

Data 
Structure

Again, no free lunch!

Medium



Agenda

 Today 
 Deep Learning Intro 
 3D Deep Learning 
 Multi-view CNNs 
 Volumetric CNNs 

 Later lectures 
 Point-cloud NNs (May 21) 
 Graph CNNs (May 24)

�69



�70

Multi-view Representation

view 1

view 2

view 3

view N

+  Powerful  
2D CNNs
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 Pros 
 Regular grids representation 
 Easy to obtain the input images 
 Easy to input to Neural Nets 
 Leverage state-of-the-art 2D CNNs 

 Cons 
 Background clutters / lightings / etc. 
 No access to the original 3D content 
 Each view only contains partial information and 
aggregation is needed

Multi-view Representation



 Classification 
 Segmentation
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Multi-view Representation

This is a chair!
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Hang Su, Subhransu Maji, Evangelos Kalogerakis, Erik 
Learned-Miller, "Multi-view Convolutional Neural 
Networks for 3D Shape Recognition", Proceedings of 
ICCV 2015

Multi-view CNNs: Classification

This is a chair!

Image Credits: Hang Su
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Hang Su, Subhransu Maji, Evangelos Kalogerakis, Erik 
Learned-Miller, "Multi-view Convolutional Neural 
Networks for 3D Shape Recognition", Proceedings of 
ICCV 2015

Multi-view CNNs: Classification

Image Credits: Hang Su
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view 1

view 2

view 3

view N

Hang Su, Subhransu Maji, Evangelos Kalogerakis, Erik 
Learned-Miller, "Multi-view Convolutional Neural 
Networks for 3D Shape Recognition", Proceedings of 
ICCV 2015

Multi-view CNNs: Classification

Image Credits: Hang Su
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… CNN1

… CNN1

… CNN1

… CNN1

. . 
.

CNN1: a ConvNet extracting image 
features

Hang Su, Subhransu Maji, Evangelos Kalogerakis, Erik 
Learned-Miller, "Multi-view Convolutional Neural 
Networks for 3D Shape Recognition", Proceedings of 
ICCV 2015

Multi-view CNNs: Classification

Image Credits: Hang Su
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…
…

…

…

CNN1

. . 
.

View pooling: element-wise 
max-pooling across all views 

View 
pooling

…

Hang Su, Subhransu Maji, Evangelos Kalogerakis, Erik 
Learned-Miller, "Multi-view Convolutional Neural 
Networks for 3D Shape Recognition", Proceedings of 
ICCV 2015

Multi-view CNNs: Classification

Image Credits: Hang Su
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…

…

…

…

CNN1
. . 
.

View 
pooling

CNN2:       a second ConvNet 
producing shape descriptors 

…

CNN2

softmax

Hang Su, Subhransu Maji, Evangelos Kalogerakis, Erik 
Learned-Miller, "Multi-view Convolutional Neural 
Networks for 3D Shape Recognition", Proceedings of 
ICCV 2015

Multi-view CNNs: Classification

Image Credits: Hang Su
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Multi-view CNNs: Classification
On ModelNet40, compared against: 

▪ 3 existing methods: 
  SPH, LFD, 3D ShapeNets 
▪ 2 strong baselines: 
  Fisher vectors, CNN

Method

Classifica
tion

Retrie
val

(Accurac
y)

(mAP)

SPH [16] 68.2% 33.3%

LFD [5] 75.5% 40.9%

3D ShapeNets [37] 77.3% 49.2%

FV, 12 views 84.8% 43.9%

CNN, 12 views 88.6% 62.8%

MVCNN, 12 views 89.9% 70.1%

MVCNN+metric, 12 
views

89.5% 80.2%

MVCNN, 80 views 90.1% 70.4%

MVCNN+metric, 80 
views

90.1% 79.5%
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Multi-view CNNs: Classification
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Li Yi, Vladimir G. Kim, Duygu Ceylan, I-Chao Shen, Mengyuan Yan, Hao Su, Cewu Lu, 
Qixing Huang, Alla Sheffer, Leonidas J. Guibas, "A Scalable Active Framework for 
Region Annotation in 3D Shape Collections", SIGGRAPH Asia 2016

Multi-view CNNs: Segmentation

Image Credits: Eric Yi
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Multi-view CNNs: Segmentation

Evangelos Kalogerakis, Melinos Averkiou, Subhransu Maji, Siddhartha Chaudhuri,
“3D Shape Segmentation with Projective Convolutional Networks”,
CVPR2017
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Multi-view CNNs: Segmentation

Evangelos Kalogerakis, Melinos Averkiou, Subhransu Maji, Siddhartha Chaudhuri,
“3D Shape Segmentation with Projective Convolutional Networks”,
CVPR2017
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Multi-view CNNs: Segmentation

Evangelos Kalogerakis, Melinos Averkiou, Subhransu Maji, Siddhartha Chaudhuri,
“3D Shape Segmentation with Projective Convolutional Networks”,
CVPR2017

 Parts have different sizes 
 Sample from different distances 

 Make sure all points are visible 
 Compute points coverage 

 Make the boundaries sharp 
 Use depth images
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Multi-view CNNs: Segmentation

Evangelos Kalogerakis, Melinos Averkiou, Subhransu Maji, Siddhartha Chaudhuri,
“3D Shape Segmentation with Projective Convolutional Networks”,
CVPR2017
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Fully Convolutional Network
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Multi-view CNNs: Segmentation

Evangelos Kalogerakis, Melinos Averkiou, Subhransu Maji, Siddhartha Chaudhuri,
“3D Shape Segmentation with Projective Convolutional Networks”,
CVPR2017
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Multi-view CNNs: Segmentation

Evangelos Kalogerakis, Melinos Averkiou, Subhransu Maji, Siddhartha Chaudhuri,
“3D Shape Segmentation with Projective Convolutional Networks”,
CVPR2017
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Multi-view CNNs: Segmentation

Evangelos Kalogerakis, Melinos Averkiou, Subhransu Maji, Siddhartha Chaudhuri,
“3D Shape Segmentation with Projective Convolutional Networks”,
CVPR2017
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 Cannot process invisible points 
 View-based representations have 
redundancy 
 Aggregation of view representations via 
max-pooling may lose information 
 Properly fusing information across 
viewpoints is not incorporated in the network 
(not trivial).

Multi-view Representation Issues
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Volumetric Representation
Images: canonical representation with regular 
data structure
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Volumetric Representation

ImagePoint Cloud Mesh Volumetric
Image Credits: Scannet
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Volumetric Representation

fMRI Manufacturing 
(finite-element analysis)

GeologyCT
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Volumetric Representation
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Volumetric Representation

 Pros 
 Regular grids representation 
 Intuitive extension of images 
 Easy to input to Neural Nets 
 Each grid can have many feature inputs 

 Cons 
 Need to convert from point clouds scans 
 Surface voxels? / solid voxels? 
 Space / Time Complexities
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Volumetric Representation

Resolution: 32 64 128
Occupancy:

Resolution N       O(N^3)
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Volumetric Representation

< 10%

Image Credits: Scannet



 Classification 
 Reconstruction

�99

Multi-view Representation
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Volumetric Representation: 
Classification

Z. Wu, S. Song, A. 
Khosla, F. Yu, L. 
Zhang, X. Tang and 
J. Xiao, 
“3D ShapeNets: A 
Deep 
Representation for 
Volumetric Shape 
Modeling”, 
CVPR2015
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Volumetric Representation: 
Classification

Daniel Maturana 
and Sebastian 
Scherer, 
“VoxNet: A 3D 
Convolutional 
Neural Network for 
Real-Time Object 
Recognition”, 
IROS2015
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Volumetric Representation: 
Classification
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 Vanilla 3D CNN methods perform worse 
than Multi-view CNNs 

 Resolution is limited (information loss) 
 Computation is more expensive than 2D 
 Have no colors / shading effects 
 Aliasing

Volumetric Representation: 
Classification
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Volumetric Representation: 
Classification

Volumetric and Multi-View CNNs for Object Classification on 3D Data
Hao Su*, Charles Qi*, Matthias Niessner, Angela Dai, Mengyuan Yan, Leonidas Guibas
CVPR 2016 (spotlight oral)
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Volumetric Representation: 
Classification

Volumetric and Multi-View CNNs for Object Classification on 3D Data
Hao Su*, Charles Qi*, Matthias Niessner, Angela Dai, Mengyuan Yan, Leonidas Guibas
CVPR 2016 (spotlight oral)

Idea: “X-ray” rendering + Image (2D) CNNs 
very low #param, very low computation
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Volumetric Representation: 
Classification

Volumetric and Multi-View CNNs for Object Classification on 3D Data
Hao Su*, Charles Qi*, Matthias Niessner, Angela Dai, Mengyuan Yan, Leonidas Guibas
CVPR 2016 (spotlight oral)

Multi-view: 90.1%
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Sparse Volumetric Representation

Octree 3D KD-Tree
Image Credits: Wikipedia
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Sparse Volumetric Representation

OctNet: Learning Deep 3D Representations at High Resolutions
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Sparse Volumetric Representation

Octree
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Sparse Volumetric Representation

Classification Accuracy: 89.9%
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Volumetric Representation: 
Reconstruction
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Volumetric Representation: 
Completion

Image Credits: Angela Dai et. al. 



�113

Volumetric Representation: 
Reconstruction

3D-R2N2: A Unified Approach for Single and Multi-view 3D Object Reconstruction
Christopher B. Choy, Danfei Xu, JunYoung Gwak, Kevin Chen, Silvio Savarese
ECCV 2016
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Volumetric Representation: 
Reconstruction

3D-R2N2: A Unified Approach for Single and Multi-view 3D Object Reconstruction
Christopher B. Choy, Danfei Xu, JunYoung Gwak, Kevin Chen, Silvio Savarese
ECCV 2016
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Volumetric Representation: 
Reconstruction

3D-R2N2: A Unified Approach for Single and Multi-view 3D Object Reconstruction
Christopher B. Choy, Danfei Xu, JunYoung Gwak, Kevin Chen, Silvio Savarese
ECCV 2016
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RNN

[Christopher Olah] Understanding LSTM Networks, http://
colah.github.io/posts/2015-08-Understanding-LSTMs/
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LSTM

[Christopher Olah] Understanding LSTM Networks, http://
colah.github.io/posts/2015-08-Understanding-LSTMs/
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Volumetric Representation: 
Reconstruction

3D-R2N2: A Unified Approach for Single and Multi-view 3D Object Reconstruction
Christopher B. Choy, Danfei Xu, JunYoung Gwak, Kevin Chen, Silvio Savarese
ECCV 2016
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Volumetric Representation: 
Reconstruction

3D-R2N2: A Unified Approach for Single and Multi-view 3D Object Reconstruction
Christopher B. Choy, Danfei Xu, JunYoung Gwak, Kevin Chen, Silvio Savarese
ECCV 2016



�120

Volumetric Representation: 
Reconstruction

Maxim Tatarchenko, Alexey Dosovitskiy, Thomas Brox
“Octree Generating Networks: Efficient Convolutional Architectures for High-resolution 3D 
Outputs”
ICCV, 2017
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Volumetric Representation: 
Reconstruction

Maxim Tatarchenko, Alexey Dosovitskiy, Thomas Brox
“Octree Generating Networks: Efficient Convolutional Architectures for High-resolution 3D 
Outputs”
ICCV, 2017
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Volumetric Representation: 
Reconstruction

Maxim Tatarchenko, Alexey Dosovitskiy, Thomas Brox
“Octree Generating Networks: Efficient Convolutional Architectures for High-resolution 3D 
Outputs”
ICCV, 2017
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Reconstruction: Point Cloud 
Based

Haoqiang Fan, Hao Su, Leonidas Guibas,
“A Point Set Generation Network for 3D Object Reconstruction from a Single Image”
CVPR, 2017
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Reconstruction: Surface Based

Christian Hane, Shubham Tulsiani, Jitendra Malik
“Hierarchical Surface Prediction for 3D Object Reconstruction”
3DV, 2017



Conclusion

 3D Deep Learning is a new and active 
research direction 
 3D data have different representation 
 Multi-view CNNs take advantage of the 

state-of-the-art 2D CNNs 
 Volumetric 3D CNNs suffer from the “curse 

of dimensionality”
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Agenda

 Today 
 Deep Learning Intro 
 3D Deep Learning 
 Multi-view CNNs 
 Volumetric CNNs 

 Later lectures 
 Point-cloud NNs (May 21) 
 Graph CNNs (May 24)
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Useful Courses

 Deep Learning  
 CS 231n: http://cs231n.stanford.edu/ 
 CS 224n: http://cs224n.stanford.edu/ 

 3D Deep Learning  
 CS 468: http://cs468.stanford.edu/ 
 UCSD CSE 291-100: https://cse291-

i.github.io/
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http://cs231n.stanford.edu/
http://cs224n.stanford.edu/
http://cs468.stanford.edu/
https://cse291-i.github.io/
https://cse291-i.github.io/


End
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