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— Perceptron, MLP, Neocognitron, BackProp, CNN
— DNNAYRIT D RIDEURER C (L fEATIFEUMER:

\\ o® 5\?
© *‘“ \ W ge® o
N 1 o P ’LQQQ S S

F. Rosenblatt et al. “Principles of Neurodynamics: Perceptrons and the Theory of Brain Mechanisms” in 1961.

Rumelhart et al. “Learning representations by back-propagating errors” in Nature 1986.

K. Fukushima, “Neocognitron: A self-organizing neural network model for a mechanism of pattern recognition unaffected by shift in position”, in
1980

Y. LeCun et al. “Gradient-based learning applied to document recognition” in IEEE 1998.
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http://www.image-net.org/

NVIDIA.

http://cvpr2017.thecvf.com/
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WBEDFEL
- 2014ENS [EBEZLDELSTD] CHDIMENES
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AlexNet [Kr 1zhevsky+ ILSVE?_%O 1 2,_1

Revolution of Depth ILSVRC2012 winnef, DLDNAF(F1%
152 layers 3918833333383 848
A 4%%%5%%55%55353%222%
VGGNet [Simonyan+, ILSVRC2014]
16/19/8Rw b, deeper®E>) I/UD%D uﬁﬁ
|22 layers |19 Iayers . T W u".:l"ll
I uluuiigis"i:,::lu‘“':' A
3.57 ‘ 8 layers 8 layers shallow GOOgLeNet [Szegedy+ ILéVRC2014/CVPR2015]
] S e N ILSVRC2014 winner, 22/EEF )L
ILSVRC'15  ILSVRC'14  ILSVRC'14  ILSVRC'13  ILSVRC'12  ILSVRC'11  ILSVRC'10 A If\ f\ /’\ NN f\
ResNet GoogleNet VGG AlexNet _" 1’; ’L.’J? afls IL | j i ’1’; ii; s} #: xlx :1 :1; ;‘[; L
ImageNet Classification top-5 error (%) -'“5555?53'?‘3'1fffi!éiiiiégiéggfééiig"
Kaiming He, Xiangyu Zhang, Shaoqing Ren, & Jian Sun. “Deep Residual Learning for Image Recognition”. CVPR 2016 ReSNet [He_|_ ILSVRC20 1 5/CVPR2016]

ILSVRC2015 winner, 152f& | (GEERT(X103+EE)
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— R-CNN: ¥&tet
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1. Input 2. Extract region 3. Compute 4. Classify , NN | I
image  proposals (~2k)  CNN features regions il /AR O !
R-CNN [Girshick+, CVPR14] ' FCN [Long+ oo 51

Spatial stream ConvNet

conv1 || conv2 || conv3 || conv4 || conv5 || fullé full7
7x7x96 || 5x5x256 || 3x3x512 [| 3x3x512 || 3x3x512 || 4096 2048
stride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout || dropout

norm. norm. pool 2x2
pool 2x2 || pool 2x2 class
N score
Temporal stream ConvNet on

conv4 || conv5 || fullé full7
3x3x512||3x3x512 || 4096 2048
stride 1 || stride 1 || dropout || dropout
pool 2x2

conv1 || conv2 || conv3
7x7x96 || 5x5x256 || 3x3x512
stride 2 || stride 2 || stride 1
norm. ||pool 2x2
pool 2x2

[l [Vinyals+, CVPR15] Two-Stream CNN [Simonyan+, NIPS14]
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https://www.slideshare.net/nmhkahn/generative-adversarial-
network-laplacian-pyramid-gan
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— Caffe/Caffe2, Theano, Chainer, TensorFlow, Keras,
Torch/PyTorch, MatConvNet, Deeplearning4j, CNTK,
MxNet, Lasagne
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Conv. Loyer Conv.loyer  Conv.loyers  Conv.loyers  Conv.layers  Coav.loyers  Conn.layer Conn. Loyer
7x7x64+2 3x3x192 1x1x128 b2ty IXISIZ 3., Sxixi024

Maxpool Layer  Maxpool Layer  3x3x256 3x3x512 3x3x1024 3x3x1024

23242 2242 1x1x256 1x1x512 3x3x1024
3x3x512 3x3x1024  3x3x10242

Maxpool Layer  Maxpool Loyer
2:242 2x242

YOLO YOLOvV2
batch norm? v v v v v v v v
hi-res classifier? v v v v v v v
convolutional? v v v v v v
anchor boxes? v v
new network? v v v v v
dimension priors? v v oV v
location prediction? v v oV v
passthrough? v oV v
multi-scale? v v
DenseNet [Huang+, CVPR17] hi-res detector? v
CVPR Best Pa per VOC2007 mAP | 634 |65.8 69.5 69.2 69.6 744 754 76.8 78.6

YOLO_v2 [Redmon+, CVPR17]
CVPR Honorable Mention Award
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- REIEDOZEEAFE (e.g. Network Dissection)
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Human Mind; TX)

Learning feature representation

from EEG signals EEG manifold learning
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Weakly Supervised Learning(C K3 LLENES S (CESAIEE/R
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— GAN/DQN®DZNRYIEFI A

- Apple: &r%5—7% (Synthetic Data) &= J7)LIC T DL HAZEEAN
L CTUILERERZITITN DIV ERNEEH#T D (Best
Paper)

- Google: RX1>Z#a%ZGANTER
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— IR < FRDDENNDHD

- Computational Photography, 1 XS%&{a[EDFHECV
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« Speed/Accuracy Trade-off (Google)
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- DDBEMRAEE - ZHEEIRRY N —DZ 18k
« UNet, pix2pix



CVPR20170D#A] - fdE (11/19)
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— ResNetdSkippingConnectionDp%Ih7Z3 T ?
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« BRBEEDED 1-I/IZH/EELTHETERD
- A4 NL%Z [Joint] THRZRI B E...
» CVPR2017 214
» CVPR2016 164F
» CVPR2015 174F
» CVPR2014 154%F
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DenseNets (CVPR Best Paper)
— ResNetD IR 3> 7R (CHEE U THEER L
— I CICEZEEICU TR T DFEZIRR
- AUZF)LdDDenseNets(FEEIC S 1T S VEANEH

e.g. PytorCh: https://github.com/pytorch/vision/blob/master/torchvision/models/densenet.py
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YOLO9000 (Honorable Mention Award)

— AR FAEYOLO [Redmon+, CVPR16]MDeiE

— R (C T SECDIEE 2 HR5E
- Ny FIERIL, BFEOAA, RFyITIRIZ 3> &

YOLO YOLOV2
batch norm? v

hi-res classifier?
convolutional?
anchor boxes?

new network?
dimension priors?
location prediction?
passthrough?
multi-scale?

hi-res detector?
VOC2007 mAP | 634 |65.8 69.5 69.2 69.6 744 754 76.8
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Part Affinity Fields (PAF)

— R N UG (C K DB &SI F R /RBEEAIE Z X oS 1
— SFBEN DERIREZIETE 7 EIR

— 9 CICOpenPose&EWVWNDSA TS U(CERRH

https://github.com/CMU-Perceptual-Computing-Lab/openpose

(a) Input image (b) Confidence maps (c) PAFs (d) Bipartite matching (e) Parsing results
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CNN-SLAM
— CNNODIEBHETE (CL D, BHEERGBTEMBESLAMZ IR
- AT —=)VIBIRETERE(CHETE & B THETHAIAEE
— BNEIZHE : hitps://www.youtube.com/watch?v=z_NIxbkQnBU

K DN (CEEREESRZ HETE 9 DPHHAN EE

Incorrect Scale

D-SLAM
(Without ground truth bootstrapping)

Our method
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Learning from Simulated and Unsupervised Image
through Adversarial Training (CVPR Best Paper)

- AREREREICA D BREEES/ ARESRERDTS
DOIEDIE L (C & DERESE LD UTILICTS
- B/ & UTHERT S SHBISOmEN L
D EDEEIRN SIS ARIES — 5 DI TIHE 2

O
Synthetic / * \ Refined

Simulator ‘ms
Real vs Refined Discrirlrjimtﬂr y

Unlabeled real
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ScanNet (Spotlight)
— KIR&EIE (1,5002—>) RGB-DF—417w haEZE

—3Dﬂ%7§@\§EUj/XF70/5/\t?z
F4 WIS, CADEFTIL -

— E}JE%EI'\:{ . https://www.youtube.com/watch?v=0Ix40noZWQQ

Fig urcl Example reconstructed spaces in ScanNet annotated with
e-level object category lal bcl hr gh our crowdsourced
annotation framework.

RGB-D Scanning 3D Reconstruction Segmentation Semantic Labeling  Retrieval + Alignment
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Upload
| ww

. ~

- b e Sl
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Semantic Scene Completion (Oral)
— PRI (CRIBESDIRTS — > DR ECNN TERE

N N NN

Mo Mo

IR =

H

T 5
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).1dm 0.3m

066111 0.98m 162111 226111

Local geometry High-level Higher- Ievel
representation representation
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Generating the Future with Adversarial

ransformers
— Adversarial LearningzZFAW\cESA T L — ADOFALE

— BEA MM SREKD12frmZHE UBERFEHRZERFE LRV
€L

— jD‘\/Ig hé}jﬂa . http://carlvondrick.com/transformer/
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Quo Vadis, Action Recognition?

Images
1toK

Optical
} Flow 1to K| ||

— BmEREHEOKIinetics Human—4twv MEIEE
— FT—AZRANT chnzcEstca=ncure) 3DH—RILODORIEIL
= — =
%IE_I}_IE_(L_%']'T
FT—ANRBEE | (IFEEFREHICEERD
e) Two-Stream
3D-ConvNet
Action
T] Dataset Year | Actions Clips Total | Videos
NS ) HMDB-51 [15] 2011 51 | min 102 6,766 3,312
3D ConvNet || 3D ConvNet UCF-101 [20] 2012 101 | min 101 | 13,320 2,500
] o " | ActivityNet-200 [3] | 2015 200 | avg 141 | 28,108 | 19,994
Kinetics 2017 400 | min 400 | 306,245 | 306,245

time
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input points

PointNet (Oral)

— 8% (PointCloud) ZE#HEEMMAD

— AN/EEFEERE D Pooling(C K DZhERM (C B aRIF
2 &by

-JO>zx

Classification Network

input

nx3

b

transform
L)

mlp (64,64)

feature

shared
=

nx64

transform

http://stanford.edu/~rqgi/pointnet/

mlp (64,128,1024)

—

—p{

nx64

shaired nx1024

max mlp

pool 1024 (512,256.%)
1]

global feature K

output scores

point features

n|x 1088

shared

ot

nxm

shared

nx128

Segmentation Network

mlp (512,256)

output scores

mlp (128,m)

|

.y table?

! mug?

car?

Classification

PointNet

B
"
e
| e

5

Part Segmentation

Semantic Segmentation
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Super-Resolution GAN (Oral)
— HBEHRODIZD(CEKRETIL THDCGANZ AU

—

— EFRERESNMETEEN R DTN DIV KDD/GES
— Perceptual Loss(C K DiBEHRBEURERH F+—

Generator Network B residual blocks
k9n64s1 "k3n64s1 k3nB4s1 ! k3n64s1  k3n256s1 k9n3s1
= ISR
o 3 k= D
skip connection
Discriminator Network k3n128s2 k3n256s2 k3n512s2
k3n64s1 k3n64s2 k3n128s1 k3n256s1 k3n512s1

!
| Leaky RelU |
Leaky ReLU

@

[ Dense ‘1024) |
I Leaky-ReLU |
[ Dense (1) |
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Network Dissection (Oral)
— CNNODRENEBOYFEEHE, SRMIEIEFE & & AR50
— %DBb\B (/ \b\(:*ﬂﬁ.ﬁ (e.g. objects, parts, scenes, textures, materials, colors)

ESBUEONES & TRES DR HE

Input image Network being probed Pixel-wise segmentation House Dog

Train

resSc unit 1410 loU=0.142 res5c unit 1573 loU=0.216 res5c unit 924 loU=0.293
_ o
o M
//[ i ¢ 3 i i

- f g 8 . Z resscunit 01 loU=0.087 res5c unit 1718
7 7 7 ) [ 00 7 s (GI> s ﬂ : .
g % % 0 5% ¢ W oa '
8 8 8 ;2 g % 0 zb‘a 5 -

. / ‘ 0 r s (S inception_de unit 789 l0U=0.137 inception_4e unit 750

Freeze trained network weights ~ Upsample target layer ~ Evaluate on segmentation tasks

GooglLeNet
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UberNet (Oral)

— —DDHY NI—=T TR
A %=@ER (AX)
XD IV FH R DTZF

=z

LTl

ILICDWTEEK

B DERIE

Semantic Segmentation Semantic Boundaries

Human Parts Detection

(= 0! ”@' ?‘; ,“‘" \‘-',
i Jﬂw %H_{
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Image-to-Image (Pix2Pix)

- EJTILRAILEAXIE T DEGEHE LR

— AKYPDRT? ? B UR E DR ? BHE LU TES
— EHD : https://phillipi.github.io/pix2pix/

Labels to Street Scene Labels to Facade BW to Color

Real or fake pair? Real or fake pair?

%
>

G tries to synthesize fake
images that fool D

output
Aenal to Map e

i output
____ Edges to Photo

{ \
output input output input output

D tries to identify the fakes
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PSPNet
— CNN(C TR,

gtenieYy Jz2#Hiae U TCRKEHRZIET

- N TV IOTIAFT—2 3 (BT
@ILSVRC2016

— E)J@ . https://www.youtube.com/watch?v=gdAvVgln_J2M

_._.;‘

NN

] —~fon—~

: | N Wy
—> POOL|— { |

Wy i
NN [—fconv iE
NN :
NN CONCAT :

\\4 H

(a) Input Image (b) Feature Map (c¢) Pyramid Pooling Module (d) Final Prediction
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Geometric Deep Learning (Oral)

— 3RTTHI (CBIHHADERD DR D R BIHAHATHE

- E DB D E A ER TENERV\ D TIRITCRS T
QLI O] EE

Polar coordinates p, 6
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OctNet (Oral)
— 3RTH—FILICOctreezE A : "RTT)LMNMR)\—R1Q5
SICEIFZIRWNTEHAH
— Convolution/UpsampletE &

0 |

Dense 3D ConvNet Dense 3D ConvNet

01010000 01010000

OctNet

(a) Shallow Octree (b) Bit-Representation

(a) Layer 1: 32°  (b) Layer 2: 16® (c) Layer 3: 8°
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Dynamic FAUST (Oral)
- BN EDHDAARIDET )L =i




SROTE
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Learning on Point Sets for 3D Classification and Segmentation”, in CVPR,
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[3] Iasonas Kokkinos, “UberNet: Training a 'Universal' Convolutional Neural
Network for Low-, Mid-, and High-Level Vision using Diverse Datasets
and Limited Memory”, in arXiv 1609.02132, 2016 (CVPR2017 oral).
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Table 5: Mean Average Precision performance (%) on the

PASCAL VOC 2007 test set.

[CHBURIBAEEERSORBERER LS. | Method | meanloU |
Deeplab -COCO + CRF [78] 70.4
Deeplab Multi-Scale [49] 72.1
B Deeplab Multi-Scale -CRF [49] 74.8
Semantic Segmentation Semantic Boundaries Qurs, 1-Task 724
Qurs, 2-Task 7.3
%ﬁ%ﬁ'l‘i—t . ;Eﬁ Ours, 7-Task 68.7

%Eyﬂld)j- St hfE> TEEI B/zsHDloss function
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Table 6: Semantic segmentation - mean Intersection Over
Union (IOU) accuracy on PASCAL VOC 2012 test.

) | Method | mAP | mMF |
Human Parts Detection

Semantic Contours [36] 20.7 | 28.0

Situational Boundary [100] | 31.6 -
High-for-Low 7] 478 | 58.7
) High-for-Low-CRF [7] 546 | 625
Links Ours, I-Task 43| 597
Qurs, 7-Task 443 | 482

s> https://arxiv.org/pdf/1609.02132. pdf
Table 8: Semantic Boundary Detection Results: we report
mean Average Precision (AP) performance (%) and Mean
Max F-Measure Score on the validation set of PASCAL
VOC 2010, provided by [36].
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“Network Dissection: Quantifying Interpretability of Deep Visual

Representations”, in CVPR, 2017. (oral)
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Table 2. Tested CNNs Models

Training Network Data set or task
none AlexNet random
AlexNet ImageNet, Places205, Places365, Hybrid.
Supervised GoogLeNet  ImageNet, Places205, Places365.
VGG-16 ImageNet, Places205, Places365, Hybrid.
ResNet-152  ImageNet, Places365.
context, puzzle, egomotion,
Self AlexNet trac:.king, moving, videoor.der.,
audio, crosschannel,colorization.
objectcentric.
House Dog Train
resSc unit 1410 loU=0.142 res5c¢ unit 1573 loU=0.216 resSc unit 924 loU=0.293

resSc unit 301

ResNet-152

GooglLeNet

VGG-16

inception_de unit 789 loU=0.137 inception_4e unit 750

inception_de unit 175

loU=0.087 resSc unit 1718

e

loU=0.115 inception_4e unit 225
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Frossard, “Universal adversarial perturbations”, in CVPR, 2017. (oral)

Keywords: Universal Perturbations
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VGG-F | CaffeNet | GoogLeNet | VGG-16 | VGG-19 | ResNet-152

VGG-F 93.7% | 11.8% | 48.4% 21% | 421% | 474 %

CaffeNet | 74.0% | 93.3% | 47.1% 399% | 399% | 48.0%

GoogLeNet | 46.2% | 43.8% | 718.9% 392% | 398% | 45.5%

VGG-16 63.4% | 55.8% | 56.5% 783% | 713.1% | 63.4%

VGG-19 64.0% | 57.2% | 53.6% 73.5% | 71.8% | 58.0%

ResNet-152 | 46.3% | 46.3% | 50.5% 41.0% | 45.5% | 84.0%

Thresher 0 Labrador

Flagpole Labrador

(d) VGG-19 (¢) GoogLeNet (f) ResNet-152

Algorithm 1 Computation of universal perturbations.

1: input: Data points X, classifier k, desired £, norm of
the perturbation &, desired accuracy on perturbed sam-
ples 4.

: output: Universal perturbation vector v.

: Initialize v <— 0.

: while Err(X,) <1—§do

for each datapoint z; € X do
if k(x; + v) = k(z;) then
Compute the minimal perturbation that
sends x; + v to the decision boundary:

N LA WLN

Av; arg min I7]l2 s.t. B(zs + v +7) # k().
8: Update the perturbation:
v 4= Ppe(v + Av;).
9: end if

10: end for
11: end while
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Dilip Krishnan, “Unsupervised Pixel-Level Domain Adaptation with

Generative Adversarial Networks”, in CVPR , 2017. (oral)

Keywords: GAN, Domain Adaptation, Automatic Data Creation
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(7] Christian Ledig et al., “Photo-Realistic Single Image Super-Resolution

Using a Generative Adversarial Network”, in CVPR, 2017. (oral)
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Generator Network B residual blocks
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Color Constancy with Confidence-weighted Pooling”, in CVPR, 2017.
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D Reconstructions”, in CVPR, 2017.
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Chess Fire Heads Office  Pumpkin  Kitchen  Stairs  Average (all scenes)
Chess Reloc  998% 957%  955%  91.7% 82.8% 71.9% 25.8% 81.3%
+ICP 999% 978% 99.5% 94.1% 91.3% 83.3% 28.4% 84.9%
Fire Reloc  984% 96.9%  98.2%  89.7% 80.5% 71.9% 28.6% 80.6%
+ICP 99.1% 992% 999%  92.1% 89.1% 81.7% 31.0% 84.6%
Heads Reloc  98.0% 91.7%  100%  73.1% 77.5% 67.1% 21.8% 75.6%
+ICP 993% 923% 100%  81.1% 87.7% 82.0% 31.9% 82.0%
Office Reloc  992% 96.5%  99.7%  97.6% 84.0% 81.7% 33.6% 84.6%
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+ICP 992% 97.7%  100%  88.2% 90.6% 82.6% 31.0% 84.2%
Average Reloc  984% 953% 97.9%  87.8% 82.2% 75.2% 29.8% 80.9%
+ICP 992% 974%  99.8%  90.9% 90.1% 83.5% 33.5% 84.9%
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Table 3. Comparison of segmentation mloU scores using object regions from different AE steps on VOC 2012 val set.

AE Steps |bkg plane bike bird boat bottle bus car cat chair cow table dog horse motor person plant sheep sofa train tv |mloU

AE-stepl [82.6 63.0 27.5 459 383 43.6 61.3 29.2 60.0 13.6 52.0 32.6 524 498 479 437 326 614 294 35.1 41.9] 449
AE-step2 (822 69.3 29.7 60.9 40.8 524 59.3 442 653 13.0 589 32.2 60.0 56.6 49.1 43.0 342 69.7 32.1 42.8 43.2| 495
AE-step3 |78.5 71.8 29.2 64.1 39.9 57.8 585 545 63.0 103 60.5 36.0 61.6 56.1 62.6 429 365 645 31.5 495 38.7| 50.9

AE-step4 |74.4 65.5 282 59.7 385 57.8 57.5 59.0 57.2 9.6 549 392 565 52.6 650 432 349 559 304 479 36.8| 4838
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Driving Models from Large-scale Video Datasets”, in CVPR, 2017.
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method perplexity | accuracy

Motion Reflex Approach 0.718 71.31%
Mediated Perception Approach 0.8887 61.66
Privileged Training Approach 0.697 72.4%
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Model CL| Top1(%)-Fine | Top1(%)-Coarse
Feedback Net | N | 68.21 79.7
Y | 69.57(+1.34%) | 80.81(+1.11%)
Feedforward N | 69.36 80.29
ResNet w/ Auxloss | Y | 69.24(-0.12%) | 80.20(-0.09%)
Feedforward N | 69.36 80.29
ResNet w/o Auxloss | Y | 65.69(-3.67%) | 76.94(-3.35%)
Feedforward N | 63.56 75.32
VGG w/ Auxloss | Y | 64.62(+1.06%) | 77.18(+1.86%)
Feedforward N | 63.56 75.32
VGG wio Auxloss | Y | 63.2(-0.36%) 74.97(-0.35%)

Table 5. Evaluation of the impact of Curriculum Learning (CL) on
CIFAR100. The CL column denotes if curriculum learning was used. The
difference made by curriculum for each method is shown in parentheses.

Feedback Connection:

Backprop for output loss at each time step

[
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Table 2. Performance on the validation set of SceneParse 150. the part stream is optional. Feature sizes are based on the Cascade-dilatedNet, the Cascade-SegNet has different but similar structures.
. Networks Pixel Acc.|Mean Acc. | Mean IoU | Weighted IoU
Links FCN-8s 7132% | 4032% | 02939 | 05733
SegNet 71.00% | 31.14% | 0.2164 0.5384
B DilatedNet 73.55% | 44.59% | 0.3231 0.6014
https:// Cascade-SegNet 71.83% | 37.90% | 0.2751 0.5805
www.researchgate.net Cascade-DilatedNet | 74.52% | 45.38% | 0.3490 0.6108
licati
/ Table 3. Performance of stuff and discrete object segmentation.
306357649 _Semantic 35 stuff 115 discrete objects
Understanding_of Networks Mean Acc. | Mean IoU | Mean Acc. | Mean [oU
Scenes_through_the A FCN-8s 46.74% 0.3344 38.36% 0.2816
DE20K_Dataset SegNet 43.17% 0.3051 27.48% 0.1894
DilatedNet 49.03% 0.3729 43.24% 0.3080
Cascade-Seghet [ 4046% | 03245 | 37.12% | 02600 A O e e b, T el
Cascade-DilatedNet | 49.80% 0.3779 44.04% 0.3401 h )
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Real-time dense monocular SLAM with learned depth prediction”, in
CVPR, 2017.
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Figure 3: Basic module in CNN and LBCNN. W) and V), are the learnable weights for each module.

LBCNN Baseline  BinaryConnect [6)  BNN[S, (4] ResNet[12]  Maxout[Y]  NIN[2})
MNIST 99.51 99.48 98.99 98.60 / 99.55 99.53
SVHN 94.50 95.21 97.85 9749 / 97.53 97,65
CIFAR-10  92.99(93.66 NetEverest) 9295 91.73 89.85 93.57 90.65 91.19

Table 2: Classification accuracy (%). LBCNN column only shows the best performing model and the Baseline column shows the particular CNN counterpart.
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Figure 1. Example articulated tracking results of our approach.

Framet Frame t+1

Frame t AT A
f ol b
/1 Y [?

1 | A

>
=
— >

¢ 1
! )
(a) (b) (c)
Setting Head Sho Elb Wri Hip Knee Ank AP
BU-sparse 84.5 84.0 71.8 59.5 74.4 68.1 59.2 71.6
+ det-distance 84.8 84.3 729 61.8 74.1 67.4 59.1 72.1
+ deepmatch 85.5 83.9 73.0 62.0 74.0 68.0 59.5 72.3

+ det-distance  85.1 83.6 72.2 61.5 74.4 68.8 62.2 72.5
+ sift-distance 85.6 84.5 73.4 62.1 73.9 68.9 63.1 73.1

Method Head Sho Elb Wri Total
TD/BU 97.5 86.2 82.1 85.2 87.7

DeeperCut [14] 92.6 81.1 75.7 78.8 82.0
DeepCut [23] 76.6 80.8 73.7 73.6 76.2
Chen&Yauille [7] 83.3 56.1 46.3 35.5 55.3




[62] Kuo-Hao Zeng, Shih-Han Ch

ou Fu-Hsiang Chan Juan Carlos Niebles, Min

Sun ,“Agent-Centric Risk Assessment:Anticipation and Risky Region
Localization ”, in CVPR, 2017.

Keywords: risk estimation, risk anticipation

7S

- agent-centricDfEIREHETE, BEIRREFDMEIGHETE, KU
EMREF RN .. agent& BEIREFRsEIERD
apperancefFs, MEFRZ T(CIEBIRE ZZXK I Risk
mapZ{ER%. Risk map& &apperancez AJ(Cagents
EDRFLDFEREZHETE. agent®apperance EfERE
HEHTE T DEBIOHIE(CLSTMEZAU\D Z & TRRIIEHR
HEERT D, =BIC, imaginetéiBC Lo T, REFZD
agentfUEFAIL, €IS EDT L — LDMGREDIEE
NEJEETH D, BIRMICERDL T L — ATOBREHTTE
N EEETHD. RIENICFA LR T L —LDBREDE
T F I %ZFuture risk prediction &9 3,

AR - =5

- agent EfERREIFHRMHMRIEDZ K RFIM (CREERT S, =
5(Cimaginetét#zx U\ TREEZIDagentiBH#EEE D
CZ & T, Street Accident (SA) dataset , Epic Fail (EF)
dataset (CHWTERE TR, GRIZHMBEIEBHE CRE

- Epic Fail (EF) dataset D=

Links

%32 https://arxiv.org/abs/1705.06560

Ground Truth: Accident Predict: Accident (T = 3.33 seconds)
i;a i & sl 4

| TTA =047 seconds
—
- time

Accident
Probability

e =

- agent, fEREFiEtHfE(EFaster-RCNNIC K > THRIE L TH D,
apperanceldZDOHEEDH 717ZGlobal Av- erage Pooling 922 &
THEBL TS, EBRTIZ, ¥Esk U/ZEpic Fail (EF) dataset ZF\\T
fEPRE DFAIFBIZETime to acccident (CTEHMliE T o /2. F&E(dend
to end TITS ZENTES,

{a) input b) i . output
» — — R, ' . Risk Map
fegion 1L :  E—) L !
P + Agent-
! Region 1
tT [ ) Interaction Probability of
r Sec3.2 Holistic Accident- No Accident
Agent-RNN |a; - Anticipation-RNN
{Sec 3.,4 A {Sec 3.3&3.4) Ye ‘ m Accident
’ Prx 0,|
C C, e {
(c) ! Transformatic “7 Imagine —
‘ {Sec 3.5)
‘ : output
et r . ! Risk Map
Lr-: 2 Agen:- Sw l\ M
= L Region { Q—
17 By i Interaction __ Probablity of
Agent Y {Sec3.2} Hol!st‘uA‘mdenr No Accident
Information| ! : Anticipation-RNN V.
e 3"4 n {Sec 3.3 & 3.4) (o Accident
! Prorex : °rv1:
i agin
‘ - ":nsfur-nallcnt CLJ imagine || F—
‘ Sec3.5) H

Time ‘ { : H



[63}Martin Simonovsky, Nikos Komodakis , “Dynamic Edge-Conditioned

Filters in Convolutional Neural Networks on Graphs “, in CVPR, 2017.

Keywords: CNN, Point cloud classfication

Filter

BIE T Ry
- S5 JDEHIHAFH % point cloud classification (G F'()
LT. CNNTDI S T4k KL DENTZzedge- L(3.1)
conditioned convolution (ECC) ZigxE. J1J)LF—D L(5.1)
EHNedge lables TR SN, ZDEEFED1> T 5
AR T DZEM XA > ZAND. ZHCKDedge
label A’ 1IE U <3E(INJzKF, standard convolutionJ 1
SICEREND. i

FARE - =5 G

- CNNTHRNHONTLVRLY, edge label[CER. 1BIRF v >
FILZFAL. graph classificationD4EEZE H 1T D BEMHA
HEETIER.

- benchmark NCI1 T#&Mzgraph classificationz= %3,

. Model Train accuracy Test accuracy
Links X https://arxiv.org/pdf/1704,02901.pdf ECC 99.12 99.14
ECC (sparse input) 99.36 99.14
ECC (one-hot) 99.53 99.37
g . Do BR 4
i_’*ﬁ’«_‘ 5 Table 5. Accuracy on MNIST dataset [ ].
{ T8
= F "R p ™

Figure 4. Illustrative samples of the majority of classes in Sydney I | 1 ‘
Urban Objects dataset, reproduced from ["]. .




[64] Bo Dai, Yugi Zhang, Dahua Lin, “Detecting Visual Relationships with Deep

Relational Networks”, in CVPR, 2017.

Keywords: Visual Relationship Detection, Object Detection, DNN

7S

- Visual Relationship DetectionZ{TSDNNZIZE
. ERAP(CTFE T DERDIRE & 29RO R

(sit’ & dDactiontabove’: & DAIE, taller than
IREDLRIREZSO—MIV/RED) ZECIRT DER | objectvetector
7. (source, relation, object) &L\ StripletZH#E -
9B, tripletC &(C105 X E/RDS (visual phrase)
E2MARDIAHENDENIER(CZ VDT, CDIAFRT
(IEO S X Erelation S A& R < (CIRVY, 3Ex:R
dJoint Recognition(C K DERH. FEDHRNELT
(&, £IWMERIREZEITL, EFFH S0bject Pairs
"HERRTD. €U TCtripletZH#EE 9 dDeep Relation
Network(CPairz A9 25 Z & T Visual
Relationship DetectionZ{T5.

/ Subject Feature Vector

= 1l
i\ | |—ss i\

(umbrella,above table) 0.85
.

Object Feature Vector

DR-Net
Joint Recognition

(chair, front of, table) 0.90

AR - =5

- RSN TUVLWECRFREICKDEFTYSIT
(F7x<, statistical inference%z #8A A TEDNN
(C K DVisual RelationshipZ 5258

(sky, in, water) (giraffe, have, tree) (woman, ride, bicycle)
(sky, on, water) (giraffe, have, tree) | (woman, behind, bicycle)
. k (sky, above, water) (giraffe, in, tree) (woman, wear, bicycle)
Ll NKS (sky, above, water) (giraffe, behind, tree) | (woman, wear, bicycle)
(sky, above, water) (giraffe, behind, tree) (woman, ride, bicycle)
FpY4 : (sky, above, water) (giraffe, behind, tree) (woman, ride, bicycle)
Github :




[65] Pengfei Dou, Shishir K. Shah, Ioannis A. Kakadiaris, “End-to-end 3D face
reconstruction with deep neural networks”, in CVPR, 2017. (poster)

Keywords: 3D face reconstruction, DNN, end-to-end

BIE

- DNN-basedFi&E. —DEEEHRN SEEDIDETILARRK
93, end-to-endFE/RD Trendering processh A&,
3D A5 F(Fidentity &expression TH&RK.
Reconstructionzz — DMsub-task(C73(F3. neutral 3D
facial shape &expressive 3D facial shape,
—D®MDNNEZ )L TE S EDneural layers%ztraining.
EERIEER(C KD T, reconstructionDisEmE L& RUTE,

AR - =5
- JEROFETIE. BEBERUSM. geometry imaget>#EA
BRETILIREDNIBERNIVETHD. CORFRIEIEE—
MOBEEMRT3dET IV LK T DFEZIRET D,
- JL—LD—0%fE5{t Uiz, DNNEZ)LIEENnd-to-
end/2dMT. rendering processH A&,

Links
W3 https://arxiv.org/pdf/1704.05020.pdf

— §5=5+U,

&

Reconstructed 30 face

u Ground Truth 3D WUH-E2FAR

7 08 09 1

8

o
©o
o

2

o
-]
o

o
o
o

Rank-1 Identification Rate

o
~
o

—_
o
-~

~
e



(66]

BiZ

- NEIHDWIE R LTINS XBIT BERME T BINTZHT 3%

}RXEnd-to-endMDRNNDFEZIRE,

- 4D TS 3> (LT NSDExternal Memory (FI(C
segmentedL7eA Tz M RSYF2 0T 3B) . Box
proposal network(AZ7 x4 boO—H51>) .
Segmentation network(box®MH TEHRE Jt7) L& 17T X
>3+ >7)) . Scoring network(tZZ X > ~DsHii & 9
3)

AR - =5

- [FfMBEZERAWEEBZ S TRAICENZFAEICES
#1X DBoostrap training. R4 (CIEfRE\DrelianceZzHY
DEREREM(CRIDRATY I THETO N MEZR S
KD ICEB = BScheduled samplingzZigz.

- End-to-end/dRIEFEDZD. MRDDRNV S A —
BHTEIAFT—23>NTE3,

|T)) Score net | C) Seg.

| | Linear [«

Mengye Ren, Richard S. Zemel, “End-to-End Instance Segmentation with
Recurrent Attention”, in CVPR, 2017.

Keywords: Instance segmentation, iteractive procedure,

net1

«® |
| || Deconv —>. .
Vi |

Y
|




(67]

Carl Vondrick and Antonio Torralba , “Generating the Future with
Adversarial Transformers ”, in CVPR, 2017.

Keywords: GAN, generate future

Dilated Convolutional Up-Convolutional

i
/4 7/

- Adversarial Learning ZAWzET AT L —LADFHI
FiE.

BXREDEZEDERXFRITDIOTIFRL, IRWIL—LA
MNERIL—LN\DERZHTEITDIET. RY hJ—0
([CERIBIRORGFZBVNT (CFAEITD, B HE
BDOHDEZRICKH U T, TDOHEBEDANERZEHMTITL
EEDEUTEEL, end to end TEBNAIEETH D,
KR TEEKR I L —LDLES UEDiHil &, FllzFE
UTeESTI)LZYIERE & UT=ES )L Cfine tuningZ{To 12
=YL %] NOE 17 Wnd. =

HARME - =5
- BERZEERENR I DETIL, Adversarial LearningT . : I . . r . : . . . . . n ﬂ .

(F72<regressionTHE T DI ETILELEER U TREALE H L . . . : . n . . . n . . . .

SUWFRIDL —ANRNER TSz, F/zrandom

initialize L7z 50 & D Bfine tuning L7z B&(ZPacal VOC OBESEBIOEEE EFEEEERER

DRI XD CHENWTERWEREROTZ. JaILY%Z -

TR RR, Zir S BB, TFILNCER EEERNSEENE EENOEERON

BZRFIDIHENRNDT AT Y SRR E(C

ZELTVSZ ERDIS T, (a) Transform + Adversary (b) No Transform

71 )L DB
Links Not Preferred Method 2007 AP 2012 mAP

) Adv+Tra Reg+Tra Adv+Int Reg+Int|Real Chance 73 72

&3 http://carlvondrick.com/transformer.pdf Adv+Tra| - 556 612 551 (306  Randomlnitidization %7 306
T Reg+Tra| 44.4 - 608 541 (364  Regession+NoTranform | 300 36
S Adv+Int| 38.8 39.2 - 39.6 [37.3 Adversary +No Transform 29.7 33
E Reg+Int| 44.9 45.9 60.4 - 38.0 Regression +Transform 326 388

Real| 69.4 63.6 62.7 62.0 | - Adversary +Transform 320 381




[68)George Trigeorgis, Patrick Snap, “Face Normals “in-the-wild” using Fully
Convolutional Networks”, in CVPR, 2017.

Keywords: Estimating surface normals, FCN

REFEDRN

00o0= 9+ @

convnet normals face shape

S

- 1M DintensityB{§H SREVERZHETE I 27 —FEREHEL 7
TO—FZREUR. £lo. BEEGZ I A —HR. HRLIQEER
B EBRANSIEME (SERZER CTEBFUllyEHCHRY D —
DEFHUZ

R - =5
ERFEEHATLOERN T PV RREESeER T 1. PRGN SKREEARER T SFCNZ hL—2;
- FCNZFHW\TWBDT, FSAXAY RZATY THRER L . TERFEZEHWKREEREN S IR THARE T

- REFARIREIRBRT —INR—R 2T —F 17y MEE(CHIA

L| Links REFEEDERRRLLER

REFELEDODEE=RLEE - e ' @‘ ’ %

Name Mean + Std | < 20° | <25° | < 30°
PS w/o Light | 42.9+15.2 | 1.1% 131% | 35.8%
IMM [29, 58] | 24.2+5.4 23.5 64.6% | 88.3% Ours IMM Marr Revisited

3DMM 26.3+10.2 | 4.3% | 56.05% | 89.4% Figure 6: Example facial normal estimation and surface reconstruction from the Helen Dataset.
Marr Rev. [2] | 28.34+10.1 | 31.8% | 36.5% | 44.4%
UberNet [33] | 2014+ 115 | 30.8% | 35.5% | 55.2%

Proposed 22.0+6.3 | 36.63% | 59.8% | 79.6%
% | 59.8% %

Architecture Mean + Std | < 20° < 25° | <30°
Resnet + Cosine | 21.5 +£6.9 29.9% | 55.9% | 81.5%

| Pixelnet + Cosine | 23.5+6.3 [ 35.17% | 58.0% | 78.2% |

Loss Mean + Std | < 20° < 25° | <30°
Cosine Loss 21.5+6.9 29.9% | 55.9% | 81.5%

[ Smooth ; Loss [ 22.0+£6.3 | 36.63% | 59.8% | 79.6%

Table 3: Angular error for the different architectures.

Table 2: Angular error for the different loss functions.
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=G
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Links e
o i - NYU Depth V2, Make3DF —4tzw N THESE
4 Method Err(l)r (llow% is better) . Accu2rac()5/ (hlgr;er2 1s(S better2)
783 rel log rms <125 0<1 <1
Td 5 C N N *ﬁ €L}7LT\ L/ 7— ttﬁXﬁ‘ % Karsch et al. [29] 0.349 - 1.214 | 0.447 0.745 0.897
RGB Image AlexNet VGGIG VGG-CD ResNet VGG-CD-Ours __ ResNet-Ours Groundtruth Ladlcky et al. [14] 0.35 0.131 1.20 - - -
-i'ﬂ I " l! l. .! Liu et al. [21] 0335 0.127 1.06 | - : -
Ladicky et al. [17] - - - 0.542 0.829 0.941
Zhuo et al. [37] 0.305 0.122 1.04 0.525 0.838 0.962
Liu et al. [20] 0.230 0.095 0.824 | 0.614 0.883 0.975
Wang et al. [32] 0.220 0.094 0.745 | 0.605 0.890 0.970
Eigen et al. [9] 0.215 - 0.907 | 0.611 0.887 0.971
Roi and Todorovic [26]]0.187 0.078 0.744 - - -
Eigen and Fergus [8] |0.158 - 0.641 0.769 0.950 0.988
Laina et al. [18] 0.129 0.056 0.583 | 0.801 0.950 0.986
vy Ours (ResNet50-4.7K) [0.143 0.065 0.613 | 0.789 0.946 0.984
Figure 5. Examples of depth prediction results on the NYU v2 dataset. Different network architectures are compared. Ours (ResNet50-95K) [0.121 0.052 0.586 0.811 0.954 0.987

Table 4. NYU Depth V2 dataset: comparison with state of the art.
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Object Scores 12&”0)5-—9‘& v RZEALE
Ape 80.7% 81.4% 68.0% 53.1% = . - < -
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Figure 1: An overview of SGAN. (a) The original GAN in [17]. (b) The workflow of training SGAN, where each generator
G; tries to generate plausible features that can fool the corresponding representation discriminator ;. Each generator
receives conditional input from encoders in the independent training stage, and from the upper generators in the joint training
stage. (c) New images can be sampled from SGAN (during test time) by feeding random noise to each generator G;.
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Figure 2. Network architecture. It consists of one generator, two discriminators and a parsing network. The generator takes the masked
image as input and outputs the generated image. We replace pixels in the non-mask region of the generated image with original pixels.
Two discriminators are learned to distinguish the synthesize contents in the mask and whole generated image as real and fake. The parsing
network, which is a pretrained model and remains fixed, is to further ensure the new generated contents more photo-realistic and encourage
consistency between new and old pixels. Note that only the generator is needed during the testing.
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Table 3. Comparison to state-of-the-art methods on DAVIS with intersection over union (.7), F-measure (), and temporal stability (7).

Measure | CUT[17] EST[27] TRC[10] MIM[42] CMS[24] PCM[3] MP+Obj MP+Obj+FST [27]
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Table 4. Comparison to state-of-the-art methods on the subset of BMS-26 used in [3] with F-measure. ‘MP+Obj’ is MP-Net with objectness.
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Hierarchical Approach for Generating Descriptive Image Paragraphs”, in
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[ Sentences
1) A girl is eating donuts with a boy in a restaurant

2) A boy and girl sitting at a table with doughnuts.

3) Two kids sitting a coffee shop eating some frosted donuts
4) Two children sitting at a table eating donuts.

5) Two children eat doughnuts at a restaurant table.

N

Paragraph
Two children are sitting at a table in a restaurant. The
children are one little girl and one little boy. The little girl is
eating a pink frosted donut with white icing lines on top of it.
The girl has blonde hair and is wearing a green jacket with a
black long sleeve shirt underneath. The little boy is wearing a
black zip up jacket and is holding his finger to his lip but is
not eating. A metal napkin dispenser is in between them at
the table. The wall next to them is white brick. Two adults are
on the other side of the short white brick wall. The room has
white circular lights on the ceiling and a large window in the
Qont of the restaurant. It is daylight outside.
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A baseball player
is swinging a bat.

He is wearing a
red helmet and
a white shirt.

The catcher’s
mitt is behind
the batter.
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Yang, Qi Tian, “Person Re-identifiation in the Wild” in CVPR, 2017.
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[90] Hao Jiang, Kristen Grauman, “Seeing Invisible Poses: Estimating 3D Body
Pose From Egocentric Video”, in CVPR, 2017.

Keywords: pose estimation, egocentric view
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Figure 4. Comparison with the DeepPose [5] method retrained
for our task. G: ground truth. P: proposed method. C:
CNN-Regression baseline.
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Natural Images by Linking Segments”, in CVPR Spotlight, 2017.
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giZ

- (2DHY)[EER L TWVBTF X hZ&H 9 3SegLinkZzigR 95, 7+ b
T [CIOA K] & TUSD] (91D, BELLTLIBEERTDOTFX
Z, EBOTFRANSADOEDSREI A MIHF, DEFERTRIRT
3. BOA RDOSBRIVTICELTWSEDR ) > OTEETSD.
A, UZZOIFFCNNICKDend-to-end TEEEN, WILFRXT—ILT
BRSNS, ERFELLRL, HBE, &E, FEDEZS(CHNT
Maenm Uz, F£/z, IESTOXFHERU I L —LAD =TI THRER]
BETHD. AR—ANEEZITETY, BERDITIRSHERLTIEE.

FARIE - =5

- IS5 >XF0K
- 20fps CHLIER]HE

Links
.
N _—" word \\
EHH L e bounding box \
(a) Within- — \
: i (
http://openaccess.thecvf.com/content cvpr 2017/ Layer Links \ e \
papers/ \
h\ —
- ) ) \ )’:'M/ < T P
.
(1) Default box, word bounding box, and (2) Rotate word clockwise by & along
the conter of the default box (blue dot) the center of the default box
_____ { _— groundtruth
1 | w, segment
|
! ! T Qx.y
1 ! A,
! o ! o
______
(b) Cross- \//
Layer Links
(3) Crop word bounding box to remove (4) Rotate the cropped box
the parts to the left and right of the anticlockwise by 6 along the center of

default box the default box



[92) Federico Perazzi, Anna Khoreva, Rodrigo Benenson, Bernt Schiele,
Alexander Sorkine-Hornung, “Learning Video Object Segmentation from

Static Images”, in CVPR Spotlight, 2017.
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Wearers in Third-Person Videos”, in CVPR Poster, 2017.
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]Shiyu Huang, Deva Ramanan,”Expecting the Unexpected:
Training Detectors for Unusual Pedestrians with Adversarial Imposters”, in

CVPR, 2017.
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Keywords: Pedestrian Detection, GAN, Synthetic Data
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“Weakly Supervised Semantic Segmentation using Web-Crawled Videos”,

in CVPR, 2017.
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Carlos Niebles, “SST: Single-Stream Temporal Action Proposals”, in CVPR,
2017.

Keywords: Action Proposals, Action Localization
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Listener-Reinforcer Model for Referring Expressions”, in CVPR Spotlight,

2017. i
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3D Model Tracking in Color and Depth on a Single CPU Core”, in CVPR
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“Scribbler: Controlling Deep Image Synthesis With Sketch and Color”,
in, CVPR, 2017.

Keywords: image generation, sketch, user interactive, GAN

=

« ATV FEEGH S Y PIUIRERE SR T D HEN S D
N, JL—XT—ILOXTvF(C LT, I—hERICE
3T ITBDCET, WEREET, UhBEDUZ)LRREE
BEMTEDIFEZRER. 1—YDOADICHLTIr—R
IAT—RTERICEWETDDT, 125950574 T(ICA
DAY FEIRZIRETE 3.
HECENU—UF3B3RED, WIRSFEFLLDTLVRULE
[CDWTEER.

STARIE - 253

c ATV FHEERICR TE & > LBEEDLCITTREEE
Tl4E

. %@5/50—?4 JiR&ETED

Links

B %4
http://openaccess.thecvf.com/content cvpr 2017/
papers/

) )
Lpdf

Figure 8. Interactive image editing. The user can incrementally
modify the sketch to change the eyes, hair, and head decorations.
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“Temporal Residual Networks for Dynamic Scene Recognition”, in CVPR,
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Method AP 5 APJ-2° APy 5 AP)-2° APy 5 APQ-2°
— GreedyNMS>0.5| 65.6 35.6 65.2 35.2 35.3 12.1
” Gnet, 8 blocks | 67.3 36.9 | 66.9 36.7 |36.7 13.1
< GreedyNMS>0.5| 65.0 35.5 |61.8 33.8 |30.3 11.0
Links £ Gnet, 8 blocks | 66.6 36.7 | 66.8 36.1 |33.9 124
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[105] Shanshan Zhang, Rodrigo Benenson , Bernt Schiele,

“CityPersons: A Diverse Dataset for Pedestrian Detection

2017.

Keywords: Pedestrian Detection, New Dataset

Bi1E

FTUWSITERE D= DCityPersonsT —4 7w hE1EE. T4 Semantic
Segmentation B (CIRE SN TLV\/=CityScapesT—4 7Y hER—-X(C, #HiT
Et@HADBounding BoxZx )’/ 7—=3>. Semantic SegmentationTTIZR
ATCWBED(CT ) FT7—>3>EnNTund (A0)L—=3 DEtEgdEEEin)
DT, EROFITERERST -5ty MIEDET, £8% 5T Bounding
BoxzJ)7./>7—=>3>Ufz. IR T, pedestrian, rider, sitting person, other
person&E W\ S4FEEDSAN)LEGS. CityPersons>—41t2w N TFaster R-
CNNZ*¥B9 3 Z & Tstate-of-the-artZziEpk.

AR - =5

", in CVPR,

-,

Diverse training data
from CityPersons

N L L L L L LT S

Good detections over h \
multlple benchmarks

LR DS — Sy iR Caltech | KITTI | CityPersons
- BRF— Y R TDPre-trainingME¥ T3 = &% HE # country 1 1 3
= # city 1 l 18
# season 1 1 3
# person/image 1.4 0.8 7.0
Links #unique person | 1273 | 6336 19654




[106] Deepak Pathak, Ross Girshick, Piotr Dollar, Trevor Darrel, Bharath
Hariharan

“Learning Features by Watching Objects Move”, in CVPR, 2017.

Keywords: Feature Learning, Unsupervised, Segmentation

Bi1E
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REBODOVATZHEMES EUTCNNZFEIT D &, BEFRERHEIRE (CHXR
BROFFHRINF B THD I L ZRUTE.
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FEERE
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65 - Object detection (VOC 2007)
CE—S I IR—ROEIA ST — 3> TR IOFI B so el SR SN NEN
FERECBMRCEE'ERUE °
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= 50 - SUP. Masks
s Ours)
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= Tracking-gray[43]
40 - ° O
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[107] Xizhou Zhu, Yuwen Xiong, Jifeng Dai, Lu Yuan, Yichen Wei,

“Deep Feature Flow for Video Recognition”, in CVPR, 2017.

Keywords: Video Recognition,

BE

FHE(CHUTIL—ALZ EICRBYCEY T v ITIAFT—2 3> % T 55

B, JL—AZ OBV TSAENE IR NTHD, SRIPEVENRE &L\ DRT
oz, COMEKRTIE, R —RBF—TL—ACHUTOIHMFHT Y T =5t
BU, BODTL—AICHUTIEFF—TL—LDFERY TER—-X(CERT B
ETCERRFEERIR. F—TL—LNSDFlow FieldZstE L, Flow(CTEDWT
BV I ZZLTDCET, TOIL—LNWSEETEUEFHI Y TZIEE(IC
FLUIEBDONETERIEE. Flow FieldDETEEBCNNTITHN, TNESH TENd-to-
End(C2AZRE{LnlEE. EBRERNS, ENCEEEREKTSE3BDOD, JL—
I E(CHIBT B KD EERPLIEEEIR, curent frame curent frame festure maps

| lﬁ

”~
- filter #289

A filter #289

flow field propagated feature maps

FARE - =5

» Z)IN=RIGF =T L — LS OUNIRZ FEBRL T D Z S TEIE(C Cityscapes (I = 5) ImageNet VID (I = 10)
Y MBOERICERR Methods mloU(%) | runtime (fps) | mAP(%) | runtime (fps)
Frame 71.1 1.52 73.9 4.05
DFF 69.2 5.60 73.1 20.25




[108] Title:Zero-Shot Learning - The Good, the Bad and the Ugly
®Zcro-ShotMIEEITEFB =N TULSB(good). UM L. —EUiMii 7’0 ~hJ)LAYR 0
(bad).7 A NS AMNA A=Ky heA—)(—(ugly).

® Standard Split(SS) &tb/X. Proposal Split(PS) ZigE Uz,

SUN CUB AWA aPY
Method ts tr H ts tr H ts tr H ts tr H
DAP [22 42 251 7.2 1.7 679 33 | 00 887 00 | 48 783 90
CONSE[26) 68 399 116 | 16 722 3.1 [ 04 886 08 | 00 91.2 00
CMT [34) 81 218 118 | 72 498 126 09 876 1.8 14 82 28
CMT* [34] 87 280 133 [ 47 601 87 | 84 869 153 1109 742 190
SSE [42] 21 364 40 | 85 469 144 ) 70 8.5 129 ] 02 789 04
LATEM[39] 147 288 195 (152 573 240 | 73 7.7 1331 01 730 02
ALE (3] 21.8 331 263|237 628 344|168 761 275 46 737 87
DEVISE[I1] 169 274 209|238 530 328 | 134 687 224 | 49 769 92
SIE [4] 147 305 198 1235 592 336 113 746 196 | 3.7 557 69
ESZSL [32] 11.0 279 158126 638 210 66 756 121 | 24 701 46
SYNC [7] 79 433 134|115 709 198 )| 89 873 162 | 74 663 13.3

Table 5: Generalized Zero-Shot Learning on Proposed Split (PS) measuring ts = Top-1 accuracy on Y**, tr=Top-| accuracy
on V") H = harmonic mean (CMT*: CMT with novelty detection). We measure top-1 accuracy in %.



[103] PoseAgent:Budget-Constrained 6D Object Pose Estimation
® —@MRGBDEIFRNSETXN¥IAD6D pose’ FiHl,
® 6D posezFHITDIIRTICHIHTHIEFEZEA,

Pose Agent
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[(110]

Detecting Oriented Text in Natural Images by Linking Seg
® textZO—HIMRHTESD (segments, links) (CEEHTT B,

® segments: /R X  links: ZD®dDsegmentsz® > 7793

® end-to-end, full-convolutional neural networkZzBHW\TT > X TYILF X
2—)LC (segments, links) Zi&H 93

I=1 =2 =3 =4

1
s12 P .7 1024 1024 512
1024 k3s1 256.k1s1 128 k1s1 128 kis1
1024 k1s1 S512.k3s2 256.k3s2 256 k3s2

256 k3s2

| coma2

Figure 3. Within-Layer and Cross-Layer Links. (a) A location
on conv8_2 (yellow block) and its 8-connected neighbors (blue
blocks with and without fill). The detected within-layer links
(green lines) connect a segment (yellow box) and its two neigh-
boring segments (blue boxes) on the same layer. (b) The cross-
layer links connect a segment on conv9.2 (yellow box) and two
segments on conv8_2 (blue boxes).



[111]

Awesome Typography: Statistics-Based Text Effects Transfer
® EFMN(CXFDRRAIMEER, textureZRIDXF(COIE—T 3,
o SHFXMDMRDZERDEIDELF1S—MMZFAL. PEFZSOREDEE
IDEENRD=D0DEMN 5. #EkL TLD,

=

larget text J Our result 7™

II1I1
q

BHEREN _ o o _ :
= Z -"—"upp“*'* f” T KI!‘1-'I’—"di:'.ll‘l.”‘ f” T }‘i-'ﬁ'ph}'“"* f”‘ (10)



[112]
Deep matching prior network:toward tighter multi-

oriented text detection

® MERDI\I>F 4 IR D A ZERRUAUVEICT D

® JJLFRLT—)Lsliding windowhs77>H—. RUTRIOERDEE. 1=
B, =5(CHEEATtEY K

T ! A
S A K¢ YRV
:'_u'. """ ':'_.-" q"‘"ad.'._ ;'\";‘ '_}"ﬁ-:'_ _
L I___' P LAY ?’-"‘l... ” |
A T -3 o) \tF'i
L ! ) e [V E :-(_':;}“?_J'A:
- _______|_|__| = 4 .-_]-|__':.|
1: 1 L T rad LY ‘f' ]
T I—— L=l AdAp-=-4A=- =~
[ ; Lo 4y
a) Comparison of recalling scene text. (b) Horizontal sliding windows. (c) Proposed quadrilateral sliding windows.
" X 3 X
Our shared Monte-Carlo method - 3
uniformly sampling 10K points in — R
respective circumscribed rectangle &
1 * 1
Y ® minimum x Yy
gAY |
X X
2 2 ~3\0
L4 \
3 7| 4 clockwise | 4
4./ = 1\ o8
Y J |ggerso/p/e/ ye . i

The ratio of overlapping points ¢\ ibad rectangle Figurc 4. Procedure of uniquely determining the sequence of four
in total points multiplies the area points from a plane convex quadrangle.
of circumscribed rectangle is the overlapping area.



[113]

A Multi-View Stereo Benchmark with high-resolution

Images and multi-camera videos

= ERE DSLRES{EF
FEENIFAASESTANS YIS A ST 3
RAIRS—>

A>2SA>TTES

ERTEBIRTRA > NS REBARIGE CALSNS

(a) Scene type (b) View point (¢) Camera type (d) Field of view
Figure 1. Examples demonstrating the variety of our dataset in terms of appearance and depth. (a) Colored 3D point cloud renderings of
different natural and man-made scenes. (b) DSLR images taken from different view points. (¢) DSLR image (top) and image from our
multi-camera rig (bottom) of the same scene. (d) Camera rig images with different fields-of-view.



(114]

Visual-Inertial-Semantic Scene representation for 3D

object detection

® IF UL VGBI EROAEMEN T (CIED T LRI D, T, MEN =R E
2T =)D BTzs. FJ0O—)ULFAREBBERENESND. TSV EERIC

KD T AT LANFETED,

0> — > EATZT UM —VYZERREL, BIEMENMITDZEICKDS -2 7K

LAT 2T O O EEHITD
“

-

Figure 2. System Flow Chart.



[115])

Learning category-specific 3D shape models from weakly
labeled 2D images

® EED2RTEEN SIXTETILEFRTIFEEDANG | FBER
MAAREST )L, 2R7TER. F—RA1 > bERDASZEBDOXICEHR

® 55labeled 2 DEENS 3IRTHARET IV ZEB I B3FEZRE
® (2/)’3775 >:\: 7|'\4/|\ >§E.'J /)’QTIS >%7|< }iLJE_L'ﬂ:)

o g N , -
€ TN :{\ \‘"\/ ey R

Fig. 6: Viewpoint predictions for unoccluded groundtruth instances using our algorithm. The columns show 15th, 30th,
45th, 60th, 75th and 90th percentile instances respectively in terms of the error. We visualize the predictions by rendering a
3D model using our predicted viewpoint.



[116]
Deep Variation-structured reinforcement learning for

visual relationship and attribute detection

® [HIROPDATZ T U SOREFZRDATRE. ERFEFFEAETO-/VULRIOF
F X becueZzF T3> UIIRL,

o [EHERPDWADITO—)ULRMEBEKEF.ZF Y ITFv—9DcH. ATZTD
NORFZRZIERICIEZR LU CWSFEVRLZIRE U,

Directed Semantic Action Graph Deep Variation-structured Reinforcement Learning (VRL)
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(117]

Modeling relationships in referential expressions with

compositional modular networks
® end-to-end CEEBDMTEREHEZER(ICFE I DIFECMNZIER LU/,

o EHREEZRFNRTZFE, EZNSATZ U MEEMFRZEHRTE. BEHROTH,

SATZ 10 bOWEBOHEEZITS -

BiFmgs-> —

layer 1 layer 2 layer 3 E
] ] [}

three attention weights over each word E
{w O
nq.ct {-_ :cnumm i
|
PR @ e i
(a)language representation | (b) localization module (c) relationship module

expression="a bear lyin, el o the right of
an oII r bec

subjod rolauonshlp object
scores scores scores
(unary) (pairwise) (unary)

[ final scores on region pairs




[118]
Guesswhat?! Visual object discovery through multi-modal
dialogue

® Guesswhat: 270 L —V7—4—A. R4 EEBREIT D EICKDESBRICunknown
MMAEMNEZEL,

® 150k>—4t2w bk : human-played games (800K 5. 66kHE(HR) HiRZE

Yes/No/Not applicable
|

MP

|

il

CONTEXT CROP SPATIAL OBJECT

INFORMATION CATEGORY
@ . o ' Is it d vase 9
/ " % | 4 -

Questioner

Is it a vase?

Is it partially visible? No
Is it in the left corner? No
Is it the turquoise and purple one? Yes
5— 1B {5+ 2179

+20v 7 +ZE/+hH5>3V
B



[(119]

Look closer to see better: Recurrent attention
convolutional neural network for fine-grained image

recognition

® {ERMDfine-grained(Z &MU 7T USRI,
&fine-grained (B EIDZEZB D2 DD IR D2 T THRIT D

AlREO—-—HUtE—>3>

recurrent attention CNN(RA-CNN)Z12E L. YILF AT —)L T (coarse-to-

finet&is) MHE(CE{IESNIZHETLED2DDY R D& REE (CHIFEHICEF S

coarse B

(a1)
scale 1

(b1) 1* convolution

-~ g
-
—~

T
v
W
L

region parameters (txly,b)

(c1) 1" classification

(a2)
scale 2

(b2) 2 convolution

- -~
Fo2ae -
- -
Ee
-

region parameters (txtyb)

fc
(d1) APN

(a3}
scale 3

finer

(b3) 3" convolution

-~
> Q—.:--
- -

L

fc
(d2) APN

(c3) 3" classification Y:

|

fc softmax

O Paimted bunting
O Laysan albatross
L'-< O Common yellowthrost
—p Q Bod Delied woodpeckes

0 Hooded warbier

O Crasted auldat

-
O Pamted buteg
O Laysan albatross
© Common yefliowthroat

stanford
dog:dataset
| Approach | Accuracy |
NAC (AlexNer) [26] 68.6
PDFR (AlexNet) [34] 71.9
VGG-16 7] 76.7
DVAN [35] 815
FCAN [20] 84.2
RA-CNN (scale 2) 859
RA-CNN (scale 3) 85.0
RA-CNN (scale 1+2) 86.7
RA-CNN (scale 1+2+3) 87.3
stanford
car:dataset
Approach | Train Anno. | Accuracy |
RCNN[7] v 854
FCAN [20] v 913
PA-CNN [14] v 0238
VGG-19 [17] 849
DVAN [35] 87.1
FCAN [20] 89.1
B-CNN (250k-dims) [19] 013
RA-CNN (scale 2) 900
RA-CNN (scale 3) 892
RA-CNN (scale 142) 018
RA-CNN (scale 1+2+3) 925




[120]
Annotating object instances with a polygon-RNN

e /RUT>EAEKLTRIUITHFENSZIBDEETTILLARILDSAN)LDE,
LhUsemantic segmentation kK DIEEENKIR(ICER — FEIVMAKR1L> XS

> Xannotation E/RU T AR S X5 /s Polygon-RNN tool ZigZ

o I—HAN: MEKDINIT2FT 4 2IRIRX (ZAFATIFR2EOUYOUTE

RCED) -

Polygon-RNN

Interactive Object Annotation Tool
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[121]
Connecting look and feel: associating the visual and

tactile properties of physical mateials

o D&M (118FEINEE) ZEBERXMZRE L. touch (X)) LE—=3> DG
HrzFEE

® GelSight sensor(xz= v F U, RO —FZBEHRICTDI > H—)"H
LY. fadDtouch (BRRk ) BSR4 Ak

o MOMRKER. BER. T AEFROMIMTITZFEE T D/ZHIC. joint NN

ZAV. BUMICH UMRRESR, BERESR, o AEEN SFE TE3IEa<
95 c‘_’_7a":"'“'11 q
CNN1 :i_—[|fh._‘.,l_mr
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CNN2 D,

] |

(c) Multi-input Met

h(fi=))tz>H—. joint Neural Network :
Rt 4 REFREORY NO—IHE
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(122]
Deep learning human mind for automated visual

classification

e WUHTO: EsHhsOI>E1—4~AE—>3>F7J0O0—F

® UIHTD : B ADHEMN SR EdescriptorsZziit U3 3E(CFAUL D IAGT
® [%EENH'state-of-the-art

o INREAXREEMADITHDEEG (K >—45twv M

EEG manifold regression

Learning feature representation
from EEG signals EEG manifold learning
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[123]
Learning to align semantic segmentation and 2.5D maps

for geolocalization

o HHMDEFRNSRIIBIRZHEET D

® "ENHVRLY () &"rotateUIRUWV'AEIICKD T, IR—XHESND

@ 2DDxrvy hIJ—UZKN—>: (1) TH—IR-"NSORIFE; (2)
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fTo
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[124]) HSfm: Hybrid structure-from-motion
® NERDSIMEZENHEANASERAKETEDIEL VDS : incrementalSfM (O/(X .
IERE. Z0)) &200O0—/)VULSTM GELY, )\ MEIFESHEILSIRLY) OFE5E(CD

® epipolar geometry graph(CL > THASHMHEZHEL. €DS53XJ0O0-/\
JLVUO A RS 023>ENWS)I\ AT Uy RESIMEIZRE U (O/NA T, 1B,
incrementalSfM& DIELY)
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From red wine to red tomato: Composition with context
BEAOREI > T hORBIBREER T DT ERIERELE
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Deep Future Gaze: Gaze Anticipation on Egocentric
Videos Using Adversarial Networks

@ FHREIASHSIEBOIEETANSHRBRZFANITIFEZIRRLUL

® GANZEANR—X(CDeep Future Gaze (DFG) ZIREUT=. DFGH*—D0D T
L—LoE I L —LZERKL. BERFICREOEFLOHRRZ FHIT D,

® DFGEFILEIE: G : 2stream : 3D CNN + CNN (H=ai1=9173) ; D :
3 DCNN

(vgan&FEFEB U XD D)

-

,” Future Frame Generation Module (G)

Temporal Saliency
Prediction Module [GP)

* 3D ConwNet ™.

3D ConvMet
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[127]

Global hypothesis generation for 6D object-pose

estimation

® 1#MDRGB-DEIENM SR DYIADEDEZEZ KD

o (ERFED—ALHIIA

. (1) EPMFEEZRDD ;
DT —=IVZERNTD; (3) T—ILHhoZRZ:BEREGEL, MERFED (2) D&
CA. RREEEO—HIVIREEZER L TULD,

o REEFENIIRDEZAICHU. BFITIE/RL. fully connected CRF(C&K

DEF/IEEZLEMRT D, AE— FHIERFELDKIRICEFRU

final pose (d)

(2) R—=X—-RE

depth input  (a) object coordinates (b) 2 sets of pose-consistent pixels (c)
Method Our method Hinterstoisseretal.[1(l]] Krulletal.[l¥] Brachmann et al.[*]
(e} O m— ~ _
} \47 74 g Object Scores

Ape 30.7% 81.4% 68.0% 53.1%

Can 88.5% 94.7% 87.9% 79.9%

Cat 57.8% 55.2% 50.6% 28.2%

Driller 94.7 % 86.0% 91.2% 82.9%

Duck 74.4% 79.7% 64.7% 64.3%

Eggbox 47.6% 65.5%* 41.5% 9.0%

Glue 73.8% 52.1% 65.3% 44.5%

=E Hole Puncher 96.3% 05.5% 02,09 01.6%

ﬁrgﬁi Average 76.7% 76.2%

70.3%

56.6%
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End-to-end learning of driving models from large-scale video
datasets

0 KFERREZT—INSEFHRGCGBHASDcurrentEE EBEDEITIARENS
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Moving Path

—F=p [
|
' “ LSTM
iE-_=- Previous Motion I I ’_'

Dilated FCN

3 bT driving behawor-']‘ HEFT

(c) stop & go equal weight at (d) stop when too close to vehicle
‘ "‘ medium distance ahead
== = = = 3
BtEtdriving behavior¥Fil%h

(b) lane following right

EHedriving behavior
Filh R




[129]
3D Menagerie: Modeling the 3D shape and Pose of

animals

® FWID3KtshapetposeZHTFEIT D ETILZIRELC

o LSIEMEDIY) (ERIEMD. K. B. 4. /) OBE5» (FEHRL) ZRXF+v
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Learning Detailed face reconstruction from a single image
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Multi-view 3D object detection network for autonomous
driving
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Shape completion using 3D-encoder-predictor CNNs and shape
synthesis
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Unsupervised Monocular Depth estimation with left-right consistency
® stereo RGBEIEN Sunsupervised T J A BEH§RZHETE
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Unsupervised learning of depth and Ego-motion from

video
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Automatic Understanding of Image and Video Advertisements
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One-Shot Metric Learning for Person Re-identification
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Roctipe

Learning Cross-modal Embeddings for Cooking Recipes and Food Images
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Growing a Brain: Fine-Tuning by Increasing Model Capacity

— Fine-tuning/5;&0D1&5

— LayerdDignn, #L5RDDE

B (CHBAT
<= o= S

(a) Classic Fine-Tuning

Novenasl: Novel task
Navel m‘_m m ] ground truth
image L ;mund mm

(b) Depth Augmented Network (¢) Width Augmented Network

(DA-CNN) (WA-CNN)
g fr== g B=n

(d) Jointly Depth and Width Aug- (¢) Recursively Width Aug-
mented Network (DWA-CNN)  mented Network (WWA-CNN)

Figure 2: Illustration of classic fine-tuning (a) and varia-
tions of our developmental networks with augmented model
capacity (b—e).
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Deep Metric Learning via Facility Location
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Plug & Play Generative Networks: Conditional Iterative Generation of
Images in Latent Space
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[141] Vijay Rengarajan, Yogesh Balaji, A. N. Rajagopalan, “Unrolling the

Shutter: CNN to Correct Motion Distortions”, in CVPR Oral, 2017.

Keywords: rolling shutter colleration
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[142] Haogiang Fan, Hao Su, Leonidas J. Guibas, “A Point Set Generation
Network for 3D Object Reconstruction From a Single Image”, in CVPR

Oral, 2017.

Keywords: 3D point cloud generation, 3D reconstruction point cloud generation distribution modeling
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