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Humantlevel control through deep reinforcemenéarning ( Minh, et al. Nature, 2015
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HolStep [Kaliszyk et al. 2017]

* Benchmark for machine learning for Theorem Proving

*  2M+ conjecture-fact pairs of higher-order logic statements

Conjecture: Va3 (sinla) sin(i3)) = {a = 3) 3

Relevant fact: Va'V,d sinlao
Irrelevant fact: (o > 0) A(y > 0) = (24 > 0)
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Asynchronous Singihoton 3D Imaging

AnantGupt, Atul Ingle,Mohit Gupta
Universityof WisconsiAiMadison

(a) Single-Photon Cameras (b) Potential Applications Synchronous Acquisition [Conventional] Asynchronous [Proposed]

ow r vision no ambient li with ambient li with ambient |i
low power visi bient light th ambient light th ambient light
photons o, N g ‘ ]
= e "?3}"‘"“ (‘( N ?E -g r[time-of-flight]  Puix(Source light] % \ g A
S _ pum— 4. = N8 gz| § A @ : SO 3 ‘
€ 2 . &_/}— e e § § £ I time £ [f,,‘“lambtent e ome | = time
g S _ pixel Y '_o ' synchronized staggered
] intensity '"*T/ I/, e start times | SPAD gate open i ~start imes
“ 1¢(0,255] &f y;r,./i‘a gg 1% eycle e |y
auton;;nous Photon §;§ . SEEEE . i =S ; [ S
p 1 "5 r TN
navigation Imaging fluorescence ég $--opte = Il — sefshit]—f
al. S ~
g photon microscopy Rl —— i, o — SRRV .[ 2 2t Y
- w
<] . ~ £ k g
—_ FN o < b photon pileup c
ﬁ 3 ‘ —_— @ E “ gs § —\_- distartion peak buried 3 __ peak easily
va & \Y/fl’ 2% = — in exponential tail = detected
) timestamp o < oY gzl & | d -] i
£ t [picoseconds) ) % : nhme =31 t*p e time % R time
wv
low light imaging
. VS e .
0 X - e 3D h ’E_e eo m:
. : . % < —_— < < 1 < <
(c) Single-Photon 3D Imaging (d) Landscape of Active 3D Imaging = o * * *
Ambient light : Uniform Shifting n7™™ Photon-Driven
‘ Scene Optimal Attenuation [13] [proposed] [proposed]
. : 100 a0 .
C o Y &>l o
3 ol ©
::/ g Tmom
Received 2 = “Ul—ppqh -ph
waveform 7 . 2 lom ‘ 1 ‘”M.
L
Single-photon ,_- ,// a 1o
detector ) / A S—
\'
/ | e
o -

-
- ‘/ 1cm Iw (LUTH 100m Ikm 10k

/ ‘ ' .
Transmitted
waveform

Pulsed :
Vo Measurement Range RMSE=56 cm




Learning Single Camera Depth Estimation using ERIzels

DP data

Rahul Garg NedVadhwaSameer Ansari Jonathan T. Barron
Google Research

(a) Traditional Bayer Sensor (b) Dual-Pixel Sensor

Figure 2. A modern Bayer sensor consists of interleaved red,

— green, and blue pixels underneath a microlens array. (a). In dual-
L.l | [1] pixel sensors, the green pixel under each microlens is split in half

(b), resulting in two green images that act as a narrow-baseline

stereo camera, much like a reduced light field camera.

(d) Left DP view  (e) Right DP view  (f) Left vs Right intensity



Personin-WIiFL Finegrained Person Perception usinyiFi
FeiWang SanpingZhou StanislavaneyJinsongdan Dong Huang
TheRobotics Institute, Carnegie Mellon University
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Making the Invisible Visible: Action RecognitidrroughWallsand Occlusions
Tianhond.i, LijieFan MingminZhaq Yingchend.iu, DinaKatabi
MIT CSAIL

Skeleton

Sequence

Temporal Difference

N s

_conv 3

__ Mask

!
[t
Attention

Module

y

03¢

Attention!

Spatial Stream Temporal Stream

P1: None P1: Thro Feature
P2: None P2: Phone call _

P1&P2: Handshake P1&P2: None Wireless Stream

Figure 1: The figure shows two test cases of our system. On the left, two
people are shaking hands, while one of them is behind the wall. On the

right, a person is hiding the dark and throwing an object at another per-

son who is making a phone call. The bottom row shows both the skeletal RE Device Wireless Signals ?;D Skeleton
equences

representation generated by our model and the action prediction.




Adversarial Attack
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Sparse andimperceivableAdversarial Attacks
FrancescdCroce MatthiasHein
University ofTubingen
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Attacking OpticaFlow, ICC\2019
AnuragRanjan JoelJanaj Andreas Geiger, Michael J. Black
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AutoML,
Neural Architecture Search (NAS)
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Exploring Randomly Wired Neural Networks for Image Recognitio
SainingXie AlexandelKirilloy RossGirshick Kaiming He
Facebook Al Research (FAIR)
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classical Watts-Strogatz (WS) [51] model: these three instances
of random networks achieve (left-to-right) 79.1%, 79.1%, 79.0%
classification accuracy on ImageNet under a similar computational
budget to ResNet-50. which has 77.1% accuracy.

Figure 3. Comparison on random graph generators: ER, BA, and WS in the small computation regime. Each bar represents the results
of a generator under a parameter setting for P, M, or (K, P) (tagged in x-axis). The results are ImageNet top-1 accuracy, shown as mean
and standard deviation (std) over 5 random network instances sampled by a generator. At the rightmost, WS(K, P=0) has no randomness.
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Model Framework | Github Link Tomt xce . o9 h
ChebNet (2016) [12] tensorflow | https:/ /github.com/mdeft/cnn_graph

1stChebNet (2017) [14] tensorflow | https:/ /github.com/tkipf/gen

GGNNs (2015) [19] lua https:/ /github.com/yujiali/ggnn

SSE (2018) [20] c https:/ /github.com/Hanjun-Dai/steady_state_embedding
GraphSage (2017) [25] tensorflow | https:/ /github.com/williamleif/GraphSAGE

LGCN (2018) [28] tensorflow | https://github.com/divelab/lgen/

SplineCNN (2018) [89] pytorch https:/ /github.com/rustyls/pytorch_geometric

GAT (2017) [15] tensorflow | https://github.com/PetarV-/GAT

GAE (2016) [62] tensorflow | https:/ /github.com/limaosen(/ Variational-Graph- Auto- Encoders
ARGA (2018) [64] tensorflow | https://github.com/Ruiqi- Hu/ARGA

DNGR (2016) [42] matlab https:/ /github.com/ShelsonCao/DNGR

SDNE (2016) [43] python https:/ /github.com/suanrong /SDNE

DRNE (2016) [66] tensorflow | https:/ /github.com/tadpole/DRNE

GraphRNN (2018) [67] tensorflow | https:/ /github.com/snap-stanford /GraphRNN

DCRNN (2018) [73] tensorflow | https://github.com/liyaguang/DCRNN

CNN-GCN (2017) [74] tensorflow | https://github.com/VeritasYin/STGCN_IJCAI-18

ST-GCN (2018) [75] pytorch https:/ /github.com/yysijie/st-gen

Structural RNN (2016) [76] | theano https:/ /github.com/asheshjain399 /RNNexp

A Summary of Opeisource Implementations

A Comprehensive Survey on Graph Neural Networks (Zonghan Wu et.al., 2018)
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Area Application Algorithm Deep Learning Model
GCN Graph Convolutional Network
Text classification GAT Graph Attention Netwo_rk
DGCNN Graph Convolutional Network
Text GCN Graph Convolutional Network
Sentence L5TM Graph [STM
Sequence Labeling (POS5, NER) Sentence L5TM Graph [STM
Sentiment classification Tree L5TM Graph [5TM
Semantic role labeling Syntactic GCN Graph Convolutional Network
Neural machine translation 5].-11{:_1::!1': GCN Graph Convolutional Network
Text GGNN Gated Graph Neural Network
Tree L5TM Graph [STM
Relation extraction Graph LSTM Graph [STM
GCN Graph Convolutional Network
Event extraction Syntactic GCN Graph Convolutional Network
AMR to text generation 5-9nte_~n_ce LSTM Craph [STM
) GGNN Gated Graph Neural Network
Multi-hop reading comprehension | Sentence LSTM Graph [STM
RN MLP
Relational reasoning Recurrent RN Recurrent Neural Network
IN Graph Neural Network
Social Relationship Understanding | GEM Gated Graph Neural Network
GCN Graph Convolutional Network
Image classification GGNN Gated Graph Neural Network
‘ ‘ ‘ ADGPM Graph Convolutional Network
GSNN Gated Graph Neural Network
Visual Question Answering GGNN Gated Graph Neural Network
Image Object Detection EN Graph Attention Network
8 Interaction Detection GPNN Graph Neural Network
’ Structural-RNN Graph Neural Network
Region Classitication GCNN Graph CNN
Graph LSTM Graph [STM
Semantic Segmentation GGNN Gated Graph Neural Network
DGCNN Graph CNN

3DCNN

Graph Neural Network

0

*

> ~+ O o

Applications of graph neural networks

Graph Neural Networks: A Review of Methods and Applicatieeishouet.al., 2019)
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Area Application Algorithm Deep Learning Model
IN Graph Neural Network D
Physics Systems VIN Graph Neural Network \ ] |'I
GN Graph Networks I,"
Science Molecular Fingerprints NGF_ Graph Convolutional I\._etwc-rk .'
GCN Graph Convolutional Network
Protein Interface Prediction GCN Graph Convolutional Network
Side Effects Prediction Decagon Graph Convolutional Network (a) physics
Disease Classification PPIN Graph Convolutional Network
Knowledge | KB Completion GNN Graph Neural Network
Graph KG Alignment GEN Graph Convolutional Network
o " e Yy m t e ™ h ~
Combinatorial Optimization Graph Neural Network - -~ T g .
‘ Graph Com oluhona | Network | o t . ) e . . tm 7Yy a
s om¢t x c e 9 h S G
NELAN Long short-term memory < * *
GraphRNN Rucurrent Neural Network c h~” t : m 9 c h -
Graph Generation Regularizing VAE | Variational Autoencoder : _ : : . :
GCPN Graph Convolutional Network
MolGAN Relational-GCN
1 2 1 2
T ‘ Next Step | | -\\ \)"A‘) B B . :
—_— r \
y— & —@ - oJ :
- -
Ganeram\ (f) generation {b) molecule

Applications of graph neural networks
Graph Neural Networks: A Review of Methods and Applicatieeishouet.al., 2019)




DeepGCNsCan GCNs Go as Deep as CI ‘tccv 2019

Guohaoli, Matthias Muller Ali Thabet BernardGhanem “* Seoul. Korea
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2D Shape Representatiofrastinteractive Object Annotation with Curvé&CN
HuanLing Jun GapAmlanKar WenzhendChen Sanjaidler

CNN
Encoder |
image Boiincicey initialization n—
Prediction Extraction

-
m Curve-GCN
] Interactive Object Annotation Tool

-
Add box Potygon € Spline

Figure 6: Automatic mode on Cityscapes. We show results for individual instances. (top) Spline-GCN, (bottom) ground-truth. We can observe that our
model fits object boundaries accurately, and surprisingly finds a way to “cheat” in order to annotate multi-component instances.



3D ShapeLearningto Predict 3D Objects witlan Interpolation-basedDifferentiable Renderer
WenzhengChen, Jun Gas#juanLing, Edward.Smith, Jaakkaehtinen Alec JacobsoiganjaFidler

@ mesh )
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rf’rrmining

texture Figure 1: Mlustration of

our Differentiable Rasteriza-
tion.
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Video frames ', 2D pose sequences 3D pose sequences //

Exploiting Spatiaglemporal Relationships for 3D Pose Estimatr@aGraphConvolutionaNetworks
YujunCai,LiuhaoGe,JunLiu,JianfeiCaj TatJen Cham,Junsong YuaiNadia Magnenal halmann
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MeteorNet: Deep Learning on Dynamic 3D Point Cloud Sequences

Xingyu Liu, Mengyuan Yan, Jeannette Bohg



GraphAttention Networks

Output
Scaled Dot-Product Attention Multi-Head Attention Probabilities
t
4 Linear *
MatMul b : .
1 ' Concat
SoftMax T Fcljrr?rufe;d
i .
MaSKf(ODT-) Sca\edA t[t)eor:t_g?duot ‘Ji . 4 ‘
Scale y r Feed Attention .
f 1 l l l Forward y) J) =
MatMul Linear Linear Linear N e Adnc,:a&é FI:J:;rm
T 1 r [ r Multi-Head Multi-Head
Q K V Attention Attention
At 2 At »
v K Q Po“'tior:ril_ ah —;J tional
Eﬂt}:OdiﬂZﬁj ®_€_> 59@ E;_\:_;rr
An attention function can be described as Ermbacding Embouting
mapping aQuery and a set oKeyValuepairs ] I
Inputs Outputs
to an output, where the query, keys, values, ’ (shitted Tight
and Output are a" vectors. Figure 1: The Transformer - model architecture.

In the area of Natural Language Processing wheiasformerstyle models have
become state of the art on many taskdotivation: Learning longange dependencies is
a key challenge for conv layers, which is important for symbolic sequences.

Attention Is All You Need (Ashigswaniet.al., 2017)



GraphAttention Networks

ll‘}{li{r J.;]

€ij = u{W:‘T,.Wﬂ,] Tk - exp( ;‘}.
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exp (l.c:lk} RelLU (EI"r _“'—'I’I- |“r"|'.1. J)

5 renr, €XP (l.uuk}kcl.l' {.-if ‘Wi, [|[Wh, ))

concat/avg

Figure 1: Left: The attention mechanism a(WEi, Wﬁj) employed by our model, parametrized

by a weight vector a € R2F § applying a LeakyReLLU activation. Right: An illustration of multi-
head attention (with ' = 3 heads) by node 1 on its neighborhood. Different arrow styles and
colors denote independent attention computations. The aggregated features from each head are

concatenated or averaged to obtain E"l

Graph Attention NetworkdetarVelickovicet.al., 2018)



Domain Adaptation, Generative
Adversarial Networks (GAN
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Generative Adversarial Networks (GANS)
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Unpaired Imagdo-Image Translation using Cy€l®nsistent
Adversarial NetworkslunYan Zhu et al., ICCV, 2017



SINGAN: Learning a Generative Model from a Single Natural Ime
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SiNGAN: Learning a Generative Model From a Single Nanagk, ICG2019, LCLV 2019
TamarRott ShahamTaliDeke| TomerMichaeli L% Seoul koreo




SINGAN: Learning a Generative Model from a Single Natural Ime

Input Paint Neural Styje Transfer SinGAN (Ours)

Training Example
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(d) SinGAN (Ours)

(c) Content Aware Move

SINGAN: Learning a Generative Model From a Single Nanagke, ICGZ019,
TamarRott ShahamTaliDeke|] TomerMichaeli



(a) input image (b) output 3d face (c¢) textured 3d face (d) input image (e) output 3d face (f) textured 3d face
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DF2Net: A DensEineFiner Network for Detailed 3D FaReconstruction, ICC2019
Xiaoxing ZengdgiaojiangPeng, Yiao



UV Transform

Tex2Shape: Detailed Full Human Body Geometry From a Single 1©@y2019
ThiemoAlldieck Gerard Pon#/oll, ChristianTheobalt MarcusMagnor



h e om " EveryBodipandeNow
< < r=y * *

@ Training |

1 G(x)Gxyy) A/ /TS
Y, Vex1 Xt , Xe41 G(x), G(xyy) !
| P 1 G I . — I =
X : Fake, Real,
‘ | X Xep) Temporally X Xy Temporally
: r Incoherent r Coherent
- 1 T o

: I — [ |
1

L |

rTransfer

y;:---’y; Xi,...,x; xls ,x1
| I
I 3 I I G
Norm
X
- R
- !
= ] \ L \
h = t ; m e 0 ¥ e : e o] a o’ e omt h

Everybody Danclow, ICCVW2109,
Caroline CharghiryGinosayTinghuiZhou, Alexei AEfros
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