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Fully-Convolutional Network (FCN)

» FCN »d'|

Fast (shared convolutions)
Simple (dense)
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FCNbased semantic segmentation

forward /inference

-

backward /learning
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J. Long, EShelhamerand T. Darrell. Fully convolutional networks for semantic segmentaigRR2015
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FCNCRFsbDeeplab

Input

Aeroplane

Coarse Score map
Deep
Convolutional )
> Neural > _ﬂ
Network
Y
Final Output Fully Connected CRF Bi-linear Interpolation

L-C. Chen, G. Papandreou, |. Kokkinos, K. Murphy axidilke
Deeplab Semantic Image Segmentation with Deep Convolutional Métsus Convolution, and Fully Connected CRFs, PAMI 2016
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Deeplabv?2 results

L Ground truth FCN FCNDCRF
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Deeplabv?2 results

SRS a——

Ground truth FCNDCRF
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Object Detection: Fasf)-RCNN

AFast/Faster FCNN

V Good speed

V Good accuracy
V Intuitive

V Easy to use
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Mask RCNN

AMask RCNN =Faster RCNNwith FCNon Rols
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Mask RCNN results on COCO
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Mask RCNN for HumanKeypointDetection

0.94 nose 1.00 left_eye 1.00 right_eye 0.98 left_ear 0.98

Alkeypoint=1:K 2 i & Y| & /"”f fj ﬁ ﬂ ﬁ
AHuman pose = 17 masks

. ] nght ear 0 93 left_shoulder 0. 97nght shoulder 1.00 left_ elbow 0.41 rlght elbow 0.99
ASoftmaxover spatial locations

Ae.g. 56-way softmaxon 56x56 ‘ﬂ ‘1 1 i' &“

Ieft wrist 0.91  right_wrist 0.97 Ieft_hip 0.96 right_hip 0.97 left_knee 0.99

A R X

right knee 0.99 left_ankle 0.91 right_ankle 0.98
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UberNety | Y &G

https://github.com/jkokkin/UberNet

|. KokkinogJberNet Training a Universal CNN faw Mid- and HighLeveVision, CVPR 2017



What Is the ultimate vision task?

GLYOSNARS 3INILKAOALY dzy RSNRUOFYR K2g Iy AYF3AS ¢
If we focus on a single object category: surfaesed models

UberNet
Universal Network

DensePose
Unified model

]
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DenseRepdense imagdo-face regression

Template
Shape

Deformation-Free

R A. Guler G. TrigeorgiskE AntonakosP. SnapeS Zafeirioy . Kokk%%ce
DenseReg~ullyConvolutionaDenseShapeRegressiomn-the-Wild, CVPRO017
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Elinaeg

DensePose COCO Dataset

DensePos&kRCNN: ~25 FPS

ResNet50
FPN

R. A. Guler, N. Neverova, |. Kokkinos iDensePose: Dense Human Pose Esti ma
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SFSNetincorporating image formation in model

Light

il 2
\ -/ | Estimator
Albedo Residual
Blocks Albedo
Conv.

Albedo

Recon. Image

SISNeY [ SINYAYy3 {KILISE wSTFtSOGl y®dumpadik Lt f dzYAyl yOS
SenguptaAngjooKanazawa Carlos D. Castillo David W. Jacobs, CVPR 2018
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Beyond single frames: entb-end optical flow

FlowNet 2.0: Evolution of Optical Flow
Estimation with Deep Networks

Eddy Ilg, Nikolaus Mayer, Tonmoy Saikia, Margret Keuper, Alexey Dosovitskiy, Thomas Brox

University of Freiburg, Germany

Supplementary Material




Endto-end Structure From Motion

Image

A DeMoN Depth and Motion Network for Learning Monocular SteredJ@menhoferet al, CVPR 2017
A Unsupervised learning of depth and egmtion from video, T Zhou, M Brown,SavelyDG Lowe, CVPR 201
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Monocular depth& normal estimation

Input Image Depth Normals Labels

A D. Eigen and R. Fergus, Predicting Depth, Sudaomalsand Semantic Labels with a Common MSitiale
Convolutional Architecture, ICCV 2015
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Graphics applications



Sketch Simplification

A Learning to Simplify: Fully Convolutional Networks for Rough Sketch
Cleanup SimonSerra et al., 2016

A Deep Extraction of Manga Structural Lineiset al., 2017
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Sketch Simplificatiohearning to Simplify

Up-convolution HxW

Flat-convolution

Down-convolution

_/_///

pe Vil

Learning to Simplify: Fully Convolutional Networks for Rough Sketch Cleanup, Simo-Serra et al.
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Sketch Simplificatiohearning to Simplify

ALoss for thin edges saturates easily
AAuthors take extra steps to align input and ground truth edges

Pencil: input
Red: ground truth

Learning to Simplify: Fully Convolutional Networks for Rough Sketch Cleanup, Simo-Serra et al.
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Image Decomposition

AA selection of methods:
A DirectInstrinsicsNarihiraet al., 2015

A Learning Datadriven Reflectance Priors for Intrinsic Image DecomposHiooy et al.,
2015

A Decomposing Single Images for Layered Photo Retoydhiragnorati et al. 2017

Input Occlusion

g 895 £ IROGRAPHICS
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Image Decompositioldecomposing
Single Images for Layered Photo Retouching

32
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256 x 256
256 x 256
256 x 256

=) Stride-2 Convolution Stride-1 Convolution =) Resize-convolution



Colorization

AConcurrent methods:
A Let there be Colorlizukaet al., 2016
A Colorfullmage Colorizationzhang et al. 2016
A Learning Representations for Automatic Colorizati@msson et al., 2016

ARealTime UsefGuided Image Colorization with Learned Deep Prihrang et al.

2017
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ColorizationLet There Be Color!

H
)

HXW

NI

Luminance
(Input image)

HXW

w
4 1 Colorization  ,
H w  Mid-Level Features Network 2T HxW
878
Network H W ZA
: X i
Sealifig | Fusion layer 272 v ,’;ﬁ"
b7y Low-Level 77 Z
: . '.:7 r’ >
' Features . S - H W
Network . are 878 i
..... weights H W Upsampling
& £ 88 Chrominance
14x14 i ééx’ 20.60% Formal Garden
112%112 o (\, Classification :g;ng’ ﬁg)h
P6%36  28x28 o i Network Sl

Global Features Network

Let there be Color!: lizuka et al.
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7.07% Botanical Garden

6.53% Golf Course Eapslieieai gl

30



ColorizationColorful Image Colorization

Lightness L Color ab Lab Image
convi conv2 conv3 conv4 convs conve conv7 conv8
64 atrous / clated 4 trous / dilated
zee 258 512 512 512 512 20
R £ ——————— 2 De—— o
|,L_ﬂ i i U 7 T[
64 32 32 32
128
(a,b) probability | ’i
distribution L 1
313 64 2
1
input output |
direct regression probability distr. oy SO =]

Image Credit: Colorful Image Colorization, Zhang et al.
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Mesh Labeling / Segmentation

3D Mesh Labeling via Deep Convolutional Neural Networks, Guo et al. 2016
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Mesh Labeling / Segmentation

>
@
=)

Feature extraction
for each triangle face

Stage 1
30
24
=
o o
—_—
e
' 7x8 ‘’&*b’ 2x2 ‘s’
—_— —

1
Input patch

12

Filtered feature maps

3D Mesh Labeling via Deep Convolutional Neural Networks, Guo et al.
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Stage 2 Stage 3
‘¢’— convolution filter

‘*s’— subsampling

‘b’— sigmoid & nonlinear operator
‘m’— nonlinear function map ‘

8

- o~

Sx§‘c’&‘b’2 - 2x2°s’ ‘m’
Label
y. probability

i, RRRREERT 24 192x1

Feature
Subsampled feature maps vector

33



LDR to HDR Image Reconstruction:

AConcurrently:
A Deep Reverse Tone MappijriEndo et al. 2017

A HDR image reconstruction from a single exposure using deepg CNNSs
Eilertsenet al. 2017



Reflectance Maps

APaint a sphere as if it is made
of a material under a certain
illumination of another
object in a photo

Deep Reflectance Maps. Rematas et al. CVPR 2015
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DelLight

AFactor BRDF and (HDR) Illlumination

Reflectance and Natural lllumination from Single-Material Specular Objects Using Deep Learning. Georgoulis et al. PAMI 2017

2= EUROGRAPHICS

& 5018 EG CoursBeep Learning for Graphics

36



3D volumes fornXrays

b) Reference 3D volume
b
»

)

Tomography - >a
BN o e—

- " ‘ \
- . \\

d) Applications Stylization Stereo

Cutaway

Single-Image Tomography: 3D Volumes from 2D Cranial X-Rays. Henzler et al. EG 2018
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Novel view
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Deep Shading

APaint a Zuffer like a path tracer (AO, DOF, MB)

Intern. rep.

Shaded results

O
-

S

Training time Deferred shading buffers\ — Shaded images Shading time

Convolutional neural networks

Deferred shading buffers

Deep Shading, Nalbach et al. EGSR 2017
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Rendering Atmospherics

Deep Scattering: Rendering Atmospheric Clouds with Radiance-Predicting Neural Networks, Kallweit et al. SIGGRAPH Asia 2017

Reference

Speed up approx. 24 x Speed up approx. 24 x

]
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RPNN (9 min)
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Rendering Atmospherid@PNN

In: Hierarchical representation of a cloud patch

. . . . ; I | k=1
Out: incoming indirect radiance at patch center — =1 e 1“
(incoming direct radiance is computed directly) — KA Vi s Wi+
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Deep Scattering: Rendering Atmospheric Clouds with Radiance-Predicting Neural Networks, Kallweit et al. SIGGRAPH Asia 2017
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Denoisindrenderings

A Concurrent:

A KernelPredicting Convolutional Networks
for DenoisingMlonte Carlo Renderings
Bakoet al. 2017

A Interactive Reconstruction of Monte Carlo
Image Sequences using a Recurrent
DenoisingAutoencoderChaitanyaet al.
2017 (more orAutoencoderdater)

E‘«,N oisy( sp 0))

TRAINING
Kernel-Predicting Convolutional Networks for Denoising Monte Carlo Renderings, Bako et al.
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DenoisindRenderings:

albedo

¢— albedo

-

Diffuse components

Renderer

Specular components

. divide —¢
Jmmaj'zaﬁ""& [am—
gradient extraction

logarithmic
q "“‘”57°"T’ - ==
normalization &
gradient extraction

irradiance
Diffuse CNN
V777

specmar CNN R

Direct

or
Weighted

reconstruction

Direct

or

Weighted

reconstruction

Preprocessing

Filtering

.

exponentia!E
transform :

Postprocessing

Kernel-Predicting Convolutional Networks for Denoising Monte Carlo Renderings, Bako et al. SIGGRAPH 2017
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Denoised image
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Geometry Abstraction / Simplification

Learning Shape Abstractions by Assembling Volumetric Primitives, Tulsiani et al. 2016
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Geometry Abstraction / Simplification:

i
= mﬁ@(ﬁwﬂwﬂ => I
‘ ‘_’WLOSSI

EG CoursBeep Learning for Graphics

Learning Shape Abstractions by Assembling Volumetric Primitives, Tulsiani et al. 2016
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Procedural Parameter Estimation

a) Sketch b) Suggested snippets c) Generated building d) Rendering of city corner

Interactive Sketching of Urban Procedural Models, Nishida et al. 2016

]
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Procedural Parameter Estimation:

Interactive Sketching of Urban Procedural Models

Offline Training

Grammar snippets

99 -

Mass Roof

\

Online Sketching
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(Parameter Estimation CNNs)
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\ I\_RDDf 1 Roof?

i Recognition| snippet
L | =—

<€

Estimat!nn parameters
m =01

parse;

pz = 0.6

/3D model and
generated grammar

Refinement

Interactive Sketching of Urban Procedural Models, Nishida et al.
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Audiodriven facial animation

Formant analysis network Articulation network Output network

Vertex positions

Audio-Driven Facial Animation by Joint End-to-End Learning of Pose and Emotion, Karras et al. 2017
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3D Pose EstimatioNECT

skeleton jointheatmap
and 3d positiosns

VNect: Real-time 3D Human Pose Estimation with a Single RGB Camera, Mehta et al., SIGGRAPH 2017
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