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• Supervised	versus	unsupervised;	training/validation/test	data
• MLP,	NN,	CNN	

• backpropagration,	SGD,	momentum	

• overfitting,	dropout,	bottleneck,	…	
• dilated	convolutions	
• FCN,	UNet,	….

• AutoEncoded,	VariationalAutoEncoder
• Generative	Adversarial	Network	

• Cycle	consistency	
• Latent	GANs	
• Progressive	GANs,	Disentanglement,	etc.	
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Niloy Federico Iasonas Emanuele

Introduction 9:00 X X X X

Machine	Learning	Basics ∼	9:05 X

Neural	Network		Basics ∼	9:35	 X

Alternatives	to	Direct	Supervision		(GANs) ~11:00 X

Image	Domain ~11:45 X

3D	Domains	(extrinsic) ~13:30 X

3D	Domains	(intrinsic) ∼	14:15 X

Physics	and	Animation ∼	16:00 X

Discussion ∼	16:45 X X X X
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Sessions:	A.	9:00-10:30	(coffee)	B.	11:00-12:30		[LUNCH]	C.	13:30-15:00	(coffee)	D.	15:30-17:00
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• 3D	modeling,	retrieval,	classification	for	AR	and	VR 

• Joint	multi-modal	understanding 

• Semantic	3D	reconstruction  

• Animation,	rendering,	…
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Application	#1:	3D	Modeling
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[Sung et al. 2017]

Deep	neural	network	predicts		
the	next	best	part	to	add	and		

its	position	to	enable	non-expert	
users	to	create	novel	shapes.
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O(n3)
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regular	image	analysis	networks

[Kalogerakis et al. 2015]
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Segmentation	
Correspondence	
Feature	matching	
Predicting	semantic	functions

[Huang et al. 2018]localized	renderings	for	point-wise	features
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[Xiao et al. 2014]
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VoxNet	[Maturana	et	al.	15]
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▸ Binary occupancy, density grid, etc. 

rotational invariance
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[Hane et al. 2018]
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�31
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Lower	Memory	Footprint
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*)	ADAPTIVE	O-CNN	[WANG	ET	AL.	2018]

Adaptive	O-CNN

�33
image to planar patch-based shapes

[Wang et al. 2018]
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Motivation:	Creating	a	Layered	Representation	
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Input image

Our edit

Single channel edit

30 seconds

2 minutes

[Innamora`,	Ritschel,	Weyrich,	Mitra,	EGSR,	2017]
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• Look	back	at	image	formation	model	(rendering	equation)

When	We	Do	Not	Have	3D	Training	Data

�41

3D model

image-formation model

view sample color, material, Illumination

image examples

• Image formation, view transformation are known functions/transformations
[Henzler,	Mitra,	Ritschel,	Arxiv,	2019]
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absorption only

⇢AO(v) = 1�
Y

i
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emission-absorption

⇢EA(v) =
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(1� va,j))

| {z }
Transmission ti to voxel i
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PlatonicGAN
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known and  
differentiable
known and  

differentiable

representation  
3D voxels

min
 

max
⇥,�

cDisc( ) + cGen(⇥,�) + �cRec(⇥,�)
<latexit sha1_base64="/ZqxuZNEWGu4ivJ8sLAmplRRHfI="></latexit>
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Geometry	Image Metric	Alignment	(GWCNN)

[Ezuz et al. 2017]
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(f ? a)(x) :=
X

✓,r

a(✓ +�✓, r)(D(x)f)(r, ✓)
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Texture	Transfer	(Parameterization	+	Alignment)
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[Wang, Su, Huang, Huang, Guibas, Mitra, Siggraph Asia 2016]
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• Condition	decoded	points	on	2D	patches

AtlasNet	for	Surface	Generation
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Latent	representation	can	be		
inferred	from	images	or	point	clouds

texture	coordinates	come	for	free!!
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• Image-based  

• Volumetric 

• Surface-based	
• PROS:	parameterize	+	image	networks	(instrinsic	representation)	
• CONS:	suffers	from	parameterisation	artefacts	(local	versus	global	distortion),	  
requires	good	quality	mesh  

• Point-based

Representation	for	3D
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• Common	representation  

• Easy	to	obtain	from	meshes,	depth	scans,	laser	scans 

• Unstructured	(e.g.,	any	permutation	of	points	gives	same	shape!)

In	Original	Representation

�66

[Qi et al. 2017]
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permutation-invariant	functions

[Qi et al. 2017]
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• Permutation-invariant	functions	
• Use	MLPs	(h)	and	max-pooling	(g)	as	simple	symmetric	functions

PointNet	for	Point	Cloud	Analysis
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[Qi et al. 2017]
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[Guerrero, Kleiman, Ovsjanikov, Mitra, EG, 2018]
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PointNet	for	Point	Cloud	Synthesis
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PointNet	for	Point	Cloud	Synthesis
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[Su et al. 2017]

Earth	Mover	Distance	as	loss	function	
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FrankenGAN: ‘Procedural’ Steps

 
input

1st step:
windor 
layout • No mode 

collapse
• Style and scale 

control
• Regularisation
• Manual edits
• High-res

… progressive modeling … 



Input: Madrid



Output: Madrid
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