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. # Won the 2012 ImageNet LSVRC. 60 Million parameters, 832M MAC ops
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Slide Courtesy: LeCun et al.
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As of 2011, the global size of
data in healthcare was

By 2014, it's anticipated
there will be

It's estimated that

40 ZETTABYTES

161 BILLION GIGABYTES | EALT
times from 2005 : HEALTH

(43 TRILLION GIGABYTES 5 QUINTILLION BYTES sniadolid) 420 MILLION
of data will be created by & TRILLION GIGABYTES | I e 150 EXABYTES WEARABLE, QFLESQ
2020, an increase of 300 2“20 a are created each day

— FOURV’s
of Big

HEREL, = At YRmEIH, Zn
zZX. " < y E 17 ] T | TRz
From traffic patterns and music downloads to web
‘ Y V4 - history and medical records, data is recorded, f
E ﬁ‘} '1 \-J I %z ﬂy:& TE ~? and analyzed to enable the technology lﬁ # g% ‘ HIJ I E }ﬁ
) '-l l 4 d services that the world relies on every day.

But what exactly is big data, and how can these
massive amounts of data be used?

6 BILLION
PEOPLE

(EETS

about 200

ey million montnly active users
100,000 GIGABYTES n

of data stored As a leader in the sector, IBM data scientists
break big data into four dimensions: Volume,
Velocity, Variety and Veracity

WORLD POPULATION: 7 BILLION

Modern cars have close to Depending on the industry and organization, big
]UU SENSURS EIE] em:énwas:es information ;rum multiple
hat monitor items such as internal and external sourc uch as transactions,
el level and tire pressure social media, enterpri ontent, sensors and
mobile di 5. Companies can leverage to
adapt their products and services to better meet
customer needs, optimize operations and
infrastructure, and find new sources of revenue.

The New York Stock Exchange
captures

1TB OF TRADE
INFORMATION

during each trading session

Poor data quality costs the US
economy around

don't trust the information
they use to make decisions

Veracity
4.4 MILLION IT JOBS

will be created globally to support big data, UNCERTMNTY
with 1.9 million in the United States nF DATA

N
in one survey were unsure of
how much of their data was
inaccurate

—almost 2.5 connections
per person on earth

Sources: McKinsey Global Institute, Twitter, Cisco, Gartner, EMC, SAS, IBM, MEPTEC, QAS
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| M d'hG E N ET Large Scale V|sual
\Recognition Challenge (ILSVRC) 2010-2013§

20.obi | 22 501 i
200 object classes 456,191 images DET

1000 object classes 1,431,167 images CLS-LOC

Sllde credlt Fe| Fei Li et al.



-
-
.‘
..
®

{jalEEs: AHENEELETES

IR

. Mahout
SRR
Hoase THEAESE

MapReduce

SRR

HDFS

AR SEEEET ~imARSS BEEAT




B E RN

1

RNk

B KRR E

/

M

B ARV ITAE

B KK







@
e 0.

K REZ IS
o FHIZZPNLE

B 1962 — neurobiological inspiration through simple/complex cell,
Hubel and Wiesel

B 1970 — efficient error backpropagation, Linnainmaa

B 1979 — deep neocognitron, convolution, Fukushima

B 1987 — autoencoder, Ballard

B 1989 — backpropagation for CNN, Lecun

M 1991 - fundamental deep learning problem, Hochreiter

B 1991 — deep recurrent neural network, Schmidhuber

M 1997 — supervised LSTM RNN, Schmidhuber

Deep Learning in Neural Networks: An Overview. Jurgen Schmidhuber, Technical Report 2014
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Big Data

IMAGENET Large Scale visual 100000
Recognition Challenge (ILSVRC) 2010-2013 90000 87360

; : 80000 —
200 object classes 456,191 images DET e 70000 cA600 B
1000 object classes 1,431,167 images  CLS-LOC 60000 —
50000 —
40000 27300 —
30000 —

18200
10000 - I—I I—I I:I
o HHL i i i i

< ) 2009 2010 2011 2012 2013 2014
http://image-net.org/challenges/LSVRC/{2010,2011,2012,2013} V| d eo surve | | Ia nce d ata S | e ( P B)

Cheap Computation

ARG FEMSEETENLI, ESHEAX

B RS RS 8 1 42 P T LU A SRR B 3L

point performance
Memory bandwidth (ECC off) 188 GB/sec 250 GEfsec 208 GE/sec
Memory size (GDDR3) 12 GB & GBE 5 GB

CUDA cores 2880 2688 7496



i REEI%kEE (2006-)
Google

Microsoft /‘

Stanford- :
Andrew Nz B8

Baidu IDL@
Mountain View

fb 15| %}ﬂélﬁq— ALK T =1EEM

- Facebook Al Lab

i



RBM: restricted boltzmann machine; AE: auto-encoder

Breakthrough in 2006

Reducing the Dimensionality of
Data with Neural Networks

G. E. Hinton" and R. R. Salakhutdinov l_J ___‘_'}
High-dimensional data can be converted to low-dimensional codes by training a multilayer neural ;
network with a small central layer to reconstruct high-dimensional input vectors. Gradient descent Deep Bellef N etwork

can be used for fine-tuning the weights in such “autoencoder” networks, but this works well only if
the initial weights are close to a good solution. We describe an effective way of initializing the
weights that allows deep autoencoder networks to learn low-dimensional codes that work much
better than principal components analysis as a tool to reduce the dimensionality of data.

classification, visualization, communi- data sct and represents cach data point by its

Dimclm'onality reduction facilitates the  finds the directions of greatest variance in the

1: “RBM/AE” B E% (2006-)

ok P¥ (pooling layer)

7
;H/ w% hkf-’j v HF (detection layer)

e

Wk

7
N, / N“’f&J v / V' (visible layer)

Ly(x, z)
gr
P v
- \
- A
~

-

cation, and storage of high-dimensional  coordinates along each of these directions. We [gogo O " o | O O O O O] [O O O O\O]
X x z

data. A simple and widely used method is describe a nonlinear generalization of PCA that
principal components analysis (PCA), which  uses an adaptive, multilayer “encoder™ network

2006 VOL 313 SCIENCE www.sciencemag.org
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SEBIRRRES
race [2]

Area V4 9 ® @ ¢ |Higherlevel visual
| /| {@bstractions
detectors

Area V1 Edge detectors
4'\’ /
v

N, pF P¥ (pooling layer)
?
;f»/ c@%l hk,-’j- \/ H¥ (detection layer)
Wk
7
;’v / N‘”fk; v / V' (visible layer)

[Lee et al., ICML 2009]



CNN: convolutional neural network

ImageNetyc,,\
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2: “CNN” By E& (2012-)

 Traditional model
74% 2011

=== « CNN based deep model

85% 2012
89% 2013
92% 2014

Images courtesy of (mageNet (T y//www image-net org/chalenges/\SVRC/2010/1

Max 128 Max
pooling pooling
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1000
192 128 Max _— L
2048 2048

pooling
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Learn discriminate, task-oriented features

& "
Callsta_Flockhat

Detection & Lo

REPRESENTATION
| _SFClabels |

(o m2: a: 14: L5: L6: F7: F8:
3211x113 323x3x32 16x99x32 16x99x16  16x7x7x16  16x5x5x16  4096d 4030d

Frontal lization:
@152X152x3 @142x142 @71x71 @63x63 @55x55 @25x25 @21x21

A. Feature network

§%§H%§EHE
|/\|l§
rk

Preprocessing

B: Metric network

FC3 + Softmax

Rezl

FC1

C: MatchNet in training
Cross-Entropy Loss.

Sampling

DeepMatching,
CVPR2015

Early Fusion  Slow Fusion

@
DeepFace, CVPR2014 .
- DeepRanking,
nitial stage Stage s
CVPR2014
i I I~>| Single Frame Late Fusion
DNN-based refiner % % %
DNN-based regressor 3  m— — —1
(=1, y S0 send refined values E % E
to next stage % % %
DeepPose, CVPR2014 = =2 B

il

1mage

warped region M aeroplane? no. |

(00000000

B

RCNN for detection, CVPR2014

=
=
E‘l
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=
[T AT WﬂTﬁﬂW |

> : DeepVideo, CVPR2014

_. EP NG P person? yes. ]
S o B S CNN:N : -
| - Yvmonitor? o | @ = o T =B 4]
1. Input 2. Extract region 3. Compute 4. Classify ‘ "_'. %
proposals (~2k) CNN features regions — - [E |:| L]

DeepEdge, CVPR2015
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DeepLandmark, CVPR2013 DeepSegmentation, CVPR2015
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3 : “RNN” [ EX (2014-)

RNN: recurrent neural network
Model dependency relation
in sequence data

s S gttty S et START “straw” “hat” |
:l ': LSTM | I LSTM I E E W :

“straw” “hat” END [

IR Image caption, CVPR2015&ICML2015
'\;/' [ :

Input Video Convolutional Net Recurrent Net Output

LSTM | LSTM ——+ 4

LSTM —=| LSTM | poy

LSTM —| LSTM = is
!

LSTM —| LSTM |—" playing
!

LSTM —| LSTM |- golf

LSTM —= LSTM |— <FOS>

LT

Output
Priclw,)

Fully Connect avyer|
a =
] —
\5 Solim s Laver -
A i mi s me e e mar?

Action recognition, CVPR2015 Scene Iabelmg, CVPR2015



Video classification, CVPR2015

» IR
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@ classification

|7at0)] | 000 | |
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P ix|=)

decoder
FMMN

sample

Q(=|x)

encoder

SR, 152

Y=\

PSRk

E

FRMN

THY

| = _(;:-bi) (3::!3) (;LT)
B 1456 : ‘so 456 ‘ m
Visual attention, NIPS2014&ICLR2015

CE—1 | Write

1
Rd=c decoder Il .| decoder
t—1 RMNN II RMNMN

& W, I|

. —-"'_T—-—EI——P{I zL;Tj

Zt+1

W o decoding
sample '-,:'-.\. | [sampie {generative model)

. f Wi T encoding

- Y g
Qzelx, z1:6—1) '-I‘.\'IQ(zf+l|~r-zL:f)" (inference)
JpERC “encoder 4 ""

t—1 RMNN Y
]

Image generation, ICML2015

Uehfgit, MILEX
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192 128 }\

et

192

48 -
5 \
5{\ .- £ T,
5 4 »
i dense dense
= 192 192 128 M ‘
Stride ax. 574 53
of 1 Max‘ 128 Max pooling 1024 1024
pooling pooling
48

* Hierarchical contexts
* context patches on different scales are bound together at the beginning
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Internet contest for Cloud & Mobile computing, iCOME 2013

Winner, Segmentation Method

The prize for segmentation method has been awarded to

Zifeng Wu, Yongzhen Huang, Weigiang Ren, Yan Li,
Kaiqi Huang, Liang Wang, and Tieniu Tan

Center for Research on Intelligent Perception and Computing,

(1)
Bai®SE

National Laboratory of Pattern Recognition,
Institute of Automation, Chinese Academy of Sciences
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Kai Yu, Deputy Dean of IDL
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Rank Mame Scare Publish Time

1 NLPR&CRIPAC 0.8683 Tue Oct 15 CST 2013
2 Freedom 0.7817 Tue Oct 15 CST 2013
3 WEESEE 0.7600 Tue Oct 15 CST 2013
4 CASIA_IGIT 0.7595 Tue Oct 15 CST 2013
5 DT_ppseg 0.7587 Tue Oct 15 CST 2013
B FlyHigh 0.7328 Tue Oct 15 CST 2013
7 Eaglekye 0.7213 Tue Oct 15 CST 2013
8 sysu_vision 0.7167 Tue Oct 15 CST 2013
9 Deeplearner 0.6111 Tue Oct 15 CST 2013
10 RandomForest 0.5117 Tue Oct 15 C5T 2013
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groundtruth our result

 Dataset: NICE1

e State-of-the-art: 1.3%
 Qurresult: 1.06%
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Object Region

-
Latent

Categories

aeroplane aerofoil “sky grass

(b) The framework of the proposed latent category learning (LCL)

Reduce background influence to obtain clean object region
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(e) Discrimination S

Evaluation classification model of category1



Method | plane bike bird boat bottle bus car cat chair cow |
Drift-Detect [8] 13.4 44.0 £ 4| 3.1 0.0 312 43.9 T 0.1 9.3
Object-Centric [9] - - - - - - - - - -
Multifold MIL [26] 35.8 40.6 8.1 7.6 3.1 354 41.8 16.8 1.4 23.0
Latent SVM [27] 27.6 41.9 19.7 9.1 10.4 35.8 39.1 33.6 0.6 20.9
LCL-kmeans 41.5 29.7 24.9 12.0 10.7 30.3 40.9 31.8 10.5 21.8
LCL-pLSA 48.8 41.0 22.6 12.1 o i | 42.7 40.9 35.5 3 I 36.6
DPM 5.0 151 33.2 60.3 10.2 16.1 27.3 54.3 58.2 23.0 20.0 24.1
CNN Supervise [38 61.8 62.0 38.8 35.7 294 525 61.9 53.9 22.6 49.7
Method | table dog horse mbike person plant sheep sofa train tv | 1N
Drift-Detect [8] 9.9 1.5 29.4 38.3 4.6 0.1 0.4 3.8 34.2 0.0 13.9
Object-Centric [9 - - - - - - - - - - 15.0
Multifold MIL [26] 4.9 14.1 31.9 41.9 19.3 11.1 27.6 12.1 31.0 40.6 22.4
Latent SVM [27] 10.0 2T 29.4 39.2 9.1 19.3 20.5 17.1 356 7.1 227
LCL-kmeans 15.4 29.4 24.3 37.8 19.1 14.7 33.1 24.1 36.2 43.0 26.6
LCL-pLSA 18.4 35.3 34.8 51.3 17.2 17.4 26.8 32.8 33.1 45.6 30.9
DPM 5.0 15] 267 127 58.1 48.2 43.2 12.0 21.1 36.1 46.0 43.5 33.7
CNN Supervise [38 40.5 48.8 49.9 57.3 445 28.5 50.4 40.2 54.3 61.2 47.6

8% improvement on detection rate,

and competitive with the DPM 5.0
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Layer wise pre-training and stacked auto-encoder fine-tuning

Bounding boxes acquisition



LBP+Cascade
f
Our
DPM

0.93 0.924 1200
0.92 0.917 1000 1000
0.91 0.906

@ 0.9 800

'_3 089 & 60

o ‘8 0.869

Significantly faster speed than other methods

M LBP+Cascade 0.869 M LBP+Cascade 60

B DPM 0.924 mDPM 0.4
Fastest DPM 0.917 Fastest DPM 7
Proposed Method 0.906 Proposed Method 1000

M LBP+Cascade mWDPM Fastest DPM Proposed Method M LBP+Cascade M DPM Fastest DPM Proposed Method
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* Deep Semantic Ranking Hashing for Multi-Label
Image Retrieval

Semantic ranking supervision

Deep image
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hash codes

Multi-label images
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* Deep hash functions:
h(x;w) = sign(w'[f, (x); f,(x)])
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224x224 rL Deep Hash code

warped image presentation

The skipping layer

Utilizing more feature information biased toward
visual appearance.
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Multilevel semantic ranking supervision can better
F preserve the semantic structure of multi-label images
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Retrieved 7 most relevant terms

! OS]

Unimodal query

=

sky, clouds, color, nature, light, sunset, sky, night, dark, long none water, sunset, lake,  Nikon, sunset, tree, sunset, beach,
sun, sunrise, farm,  clouds, tree, pink, exposure, wales, reflection, sun, landscape, explore, Norfolk
Chicago, explored, purple, desert, hiking  countryside, fields autumn, shadow weekend, streets

- a8 ~
canon, night, life, railway, north China

Texas, bay :
Coplay 30d, Glasgow Carolina

London girls

Figure 3. Unconstrained multimodal multi-label retrieval on the MIR Flickr dataset.
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| x, —x] ||: A | X; —I.I_"Hz we S, || x, =X/ ||2
Method Reconstruction Set Reconstruction Weight
GAE-PCA j=1 Sij =1
GAE-LDA jeq, Sij =
GAE-ISOMAP jizeX si; €S =—HAH/?
GAE-LLE j € Ni(i), sij = (M +MT — MTM),; if i # j;
7 € (Ni(m)Um),j#iif¥m.i € Ni(m) 0 otherwise
GAE-LE J € Ni(i) sij = exp{~x; — x;|]*/t}
GAE-MFA j € O, (c), Sij =1
J€ S-zﬁcg(fi] Sij = —1

T

E(W, W)=Y e(W. W) =



Method ER Our Model ER
PCA 20.6% (150) dGAE-PCA 3.5% PCA 6.2% (35) dGAE-PCA 5.3%
Kernel PCA 8.1% (g) Kernel PCA  8.5% (pp)
LDA 5.7% (67) dGAE-LDA 1.2% LDA 16.1% (9) dGAE-LDA 4.4%
Kernel LDA 1.6% (pp) Kernel LDA  4.6% (pp)

ISOMAP — dGAE-ISOMAP 2.5% ISOMAP — dGAE-ISOMAP 6.4%
LLE — dGAE-LLE 3.6% LLE — dGAE-LLE 5.7%
LPP 4.6%(110) dGAE-LE 1.1% LPP 7.9%(55) dGAE-LE 4.3%

Kernel LPP 1.7% (pp) i Kernel LPP  4.9% (pp)
MEA 2.6% (85) dGAE-MFA 1.1% 1 MFA 9.5% (45) dGAE-MFA 3.9%
Kernel MFA  2.1% (pp) i Kernel MFA 6.8% (pp)
i

(d) dGAE-LE

PP e . T

h

(f) dGAE-LDA
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0.0.
Table 1. Comparsion of clustering methods on three datasets.
Method COIL20 Yale-B PIE
NMI ACC (%) NMI ACC (%) NMI ACC (%)
K-means | 0.76+0.02 | 59.024+4.40 | 0.70£0.04 | 65.80+£6.18 | 0.19+0.00 | 8.3640.40
Ncut 0.86+£0.03 | 64.574£6.87 | 0.79£0.03 | 62.344+6.37 | 0.2540.01 | 9.55+£0.65
Proposed | 0.87+0.01 | 72.40+3.39 | 0.92+0.04 | 81.73+9.64 | 0.42+0.00 | 11.194+0.29

Among each cluster, the facial expressions and viewpoints
are varying smoothly along the tube-like manifold
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verification error rate (%)
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* Propose new supervised learning algorithms of High-order
Boltzmann Machines

* Apply to relational learning tasks, e.g., face verification

-

Matched or not?
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(a) CHBM
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(c) Factored Gated CHBM

Untangle factors of
variation, e.g., expression

Factorize the 4-order
weight tensor into matrices
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Figure 1. Visualization of learned pairwise filters on the translational and rotary pairs of images.

Figure 2. T-SNE visualization
of predicted similarities on the
MNIST-basic dataset.
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Metﬁod

Accuracy
PAF [11] 87.77 1o0.51
Convolutional DBN [22] 87.77 to.62
CSML [25] 88.00 +o.37
HTBIF [ Y] 88.13 to.58
SFRD+PMML [+] 89.35 10.50
LM3L[17] 89.57 1153
Sub-SML [4] 89.73 +o.3s
DDML [16] 90.68 +1.41
VMRS [7] 91.10 +o.50

Method Accuracy

LDML [11] 87.50 +0.40
Multishot [36] 89.50 1051
PLDA [27] 90.07 +0.51
Sub-SML [] 90.75 +0.64
Joint Bayesian [0] 90.90 4 45
ConvNet-RBM [ 1] 91.75 1o0.4s8
VMRS [7] 92.05 +0.45
Fisher Vector Faces [37] 03.03 1105
High-Dim LBP [7] 03.18 £1.07

Achieve the current best results on the LFW dataset under
two protocols, without using outside labeled training data

0.94- b { 0.94

& i 9

S no2 / S 092

£ 2 — DML

3 o.et 4 —PAF g 08 | —— Multishot

@ 0.88" ——CsML S 088 1 ——PLDA

E ——HTBIF E —— Sub-SML
0.86! SFRD+PMML || 0.86} / —— Joint Bayesian

—LM3L o84l ConvMNet-RBM
oadr /i Sub-3SML | : ) Fisher Vector Faces
082 | DOML ] 0.82 J' High-Dim LBP
I l —Ours ] Curs
0.8 08 1 ¥

0 0.2 0.4 0.6 0.8 1 0 02 04 06 0.8 1
false positive rate false positive rate

(a) Restricted protocol (b) Unrestricted protocol

Figure 3. ROC curves by state-of-the-art methods on the LFW dataset, under restricted and
unrestricted protocols.
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 Hierarchical Recurrent Neural Network for Skeleton Based
Action Recognition

e Use five divided skeletons but not a whole skeleton
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Table 1. Experimental results on MSR Action3D. Table 2. Experimental results on the MHAD.

Method ASL(%) | AS2(%) | AS3(%) | Ave%) [l Methodace | Acc.(%) |EG—G——— .

Lietal., 2010 72.9 71.9 79.2 74.7 Ofli et al., 2014 95.37

Chen et al., 2013 %2 833 920 9047  Vantigodietal, 2014  97.58 Efficiency:

~. UIJU N

Cethod | Ave A, (%) HBRNN-L
Cho and Chen, 2013 95.59 0.76 Noise Var. 0.5 1 2 4 8
HBRNN-L 96.92 0.50 Acc. (%) 99.64 98.18 90.91 8255 69.82

15 03NS SRINTENIFRBRIIT SLIRABRIEY i 002 NI SESNN SREUT SRS IS SEEAT BEEET

Horizontal ArmWave
Hammer|
ForwardPunch
HighThrow
HandClap

Bend

TennisServe,

10 s P L L L
LB IGHEEIRERENEENERUGEEe wnws

SRR R A R NREEE SR S o

W OO

Misclassifications mainly occur among some actions
g sharing the similar spatial and temporal variations i

© Computational

52.46ms/sequence,
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» RIS A P S HEEECAS | A-B
» ZMNMBEZNLSIRAEE H90%, T2 BIE PR SKFX
J375%
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EMAaMNT, RNEZNSZIRANBE H998%, M
H'J ‘BF 7J<3IZ1Xj785%

- BMAMKT, &MNE ,£L§|J791%, Helt s/ HMmE
SEE SRR TR RS
Gallery 0°-180° 36°-144°
Probe 0° 54° 90° 126° 54° 90° 126°
GEI+VIDP [1] - 59.1 50.2 57.5 83.5 76.7 80.7

24 train GEI+CMCC [2] 46.3 | 524 | 483 56.9 - - -
GEI+CNN (ours) | 48.0 | 67.3 | 62.6 70.5 84.1 | 854 86.3

GEI+ViDP [1] - 64.2 | 604 65.0 87.0 | 87.7 89.3
GEI+CNN (ours) | 76.3 | 90.8 | 83.0 90.4 98.5 | 98.5 98.5

74 train

[1] View-invariant discriminative projection for multi-view gait-based human identification. M. Hu et al., TIFS, 2013.
[2] Rocognizing gaits across views through correlated motion co-clustering. W. Kusakunniran et al., TIP, 2014.
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* To learn powerful features from sets of labeled raw
images, e.g., video frames

* Focus on dealing with sets of images, no matter if the
sets bear temporal structures

= B R eytEf 2 MRy AL 550

personal event classification galt recognition
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Share weights

4. Feed the repre-
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MLP for classification

3. Accumulate these
features to obtain a
global representation
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2. Feed into CNN
to extracts frame-
level features

1. Randomly
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Table 1. Comparison of our method with previous ones on the test set of the PEC dataset
by class-wise and average accuracies.

=1, M
T=16, A

| |
Method Birthday |Children’s birthday | Christmas | Concert Cruisze Easter |[Exhibitiof || Mean (%) [|Recall@?2 (%)

No motion [3] 0 30 S0 100 80 50 70 51.43 T70.00

With motion [3] 10 30 70 100 50 50 70 55.71 7286

T=1, M=Nin [i] 30 100 100 80 10 40 36.43 77.14
T=1. M=64 4.0+4.9 28.0+6.0 05.0+5.0 | 98.0+£4.0 67.0+£7.8 16.0+4.9 | 36,049 || 557141533 || 74.71+1.97
T=16, M=8 0.0+0.0 56.0+6.6 77.0+6.4 | 89.0+£3.0 68.0+£7.5 27.049.0 | 7T9.0£3.00 || 63.361.50 || 77.07+£2.01
T=1, M=64, A-net|| 6.0+£6.6 40.0+3.0 06.0+4.9 | 99.0+£3.0 T3.0+8.1 44,0449 690104 TLT1£1.29 | 85.36+0.86
T=16, M=8, A-net|| 12.0+£7.5 37.0+4.6 20.0+3.0 | 100.0+0.0 82.0+4.0 440449 | T5.0=5.00 | 73.43£1.27 || 90.43+£1.25

Our method does not exploit any motion information at all

The obvious improvement in performance shows
the effectiveness of our learned features

Table 2. Comparison of our method with previous ones on CASIA-B by average accuracies.

Gallery NM #1-4

0°-180°

36°-144°

126°
67

89.3

90.0

90°
66

87.7

81.5

54°
66

87.0

89.2

Probe NM #5-6 | 54° | 90° | 126°
CCA [40]
ViDP [42]

Ours

65.0
75.0

60.4
59.9

64.2
77.7
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* Model long-term temporal dependency of video sequences

» Replace all full connections with weight-sharing convolutions

<— : Feedforward convolution

Input layer
(low-resolution frame)

learn spatial dependency

between a low-resolution frame
and its high-resolution result

First hidden layer

Second hidden layer

_______________________________________

QOutput layer
(high-resolution frame)

<— : Recurrent convolution

model long-term temporal
dependency across video frames

Second hidden layer

First hidden layer
<— : Conditional convolution

Input layer
(low-resolution frame)

enhance visual-temporal

|
i Forward sub-network

___________________________________________________________________________

dependency modelling

«— : Feedforward convolution «<— : Recurrent convolution «—— : Conditional convelution
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Table 1. The results of PSNR (dB) and test time (sec) on the test video sequences.

Video Bicubic SC K-SVD NE+NNLS ANR [22]
PSNR | Time | PSNR | Time | PSNR | Time | PSNR | Time | PSNR | Time
Dancing 26.83 26.80 45.47 27.69 2.35 27.63 19.89 27.67 0.85
Flag 26.35 26.28 12.89 27.61 0.58 27.41 4.54 27.52 0.20
Fuan 31.94 32.50 12.92 33.55 1.06 33.45 8.27 33.49 0.38
Treadm.!” 2].15 21.27 15.47 2222 0.35 22.08 2.60 2224 0.12
RK & 7 () S

Clearly surpass state of-the-art methods in PSNR, due

to the effective temporal dependency modelling

Treadmill
Turbine

26.25

Fun 33.46 1.76 | 31.91 5.96 31.91 323 32.14 33.73 | 0.64
Treadmill | 22.22 | 0.57 21.15 4.01 22.32 127 21.20 22.63 | 0.20
Turbine 2698 | 0.80 | 26.25 4.81 24.27 173 25.60 2771 | 0.26
Average 27.52 1.66 | 26.48 6.76 26.64 418 26.52 28.15 | 0.61

27.47

27.50

27.62

Table 2. Test varlants of BRCN with different

21.71

26.48

Average

27.99

28.02

28.09

28.15

# : single-image SR method

il I Ll Lo il
10° 10' 10°
Running time (sec)
A : multi-frame SR method

Figure 1. Running time vs. PSNR.
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Figure 1. Visualization of learned filters in the first (a&b) and last (c&d) layers.

Our method is able to recover more image details
than others under severe motion conditions

(a) Original (b) Bicubic  (c) 3DSKR [20]  (d) ANR [22] (e) BRCN
Figure 2. Comparison among original and super resolved results.
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* Feedback for class specified visualization and classification

® o
e 0.

* In human’s brain, visual attention is dominated by “goals”
from our mind easily in a top-down manner
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Conv+relu+f —

eedback+ma relu

xpooling

conv

Output of Relu

Output of conv

Output of
bottom

a; make the nets
much more sparse

2Lt

Given a input | ,then
the states of Relu and
maxpooling will be
fixed

—

Feedback Neural Networks

Mathematics

Given so= f(Iy),forv 1 find T, T,

Mode:
1)hard: when q; only canbe O or 1
2)soft: when a; can be any value in [0,1]

the solution of max f(l, a4, a5, as ...ay):
al.....an

1) Inital all the a; with the state of relu layers.
2)Update q; by a;=a;+r*df/da;
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(a) Input Image (b) Panda (c) Tiger (d) Gorilla (e) Lion (f) Elephant (g)bird
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- WIS B RIRME T H At
Jo I:l nes q: 7N » Class auditorium landing deck candy store
ﬂé - A -—‘—’ 2 community and social  transportation and eating & drinking, food
; 1 E % 7 La\ § I u \n 1n work, taking class for ~ material moving work,  presentation, picking
b Affordances Personal interest, in transit / traveling, up / dropping off child,
religious practices, military work _reading for personal
° -"—E' R E waltmg,vaﬂendmg the transporting things or interest, relaxing
== /\\©\ 1 L,\ L_ performing arts people, asphalt, no horizon, cluttered
congregating, indoor natural light, far-away  space, dirty, eating,
Attributes lighting, spectating, horizon, man-made waiting in line

Image classification
man woman street building
people kiss walk

Image captioning

Man kissing woman on a street

Visual QA
Q: What is the sailor doing?
A: He is Kissing a nurse in a white dress.

Q: Why are they kissing?

A: To celebrate V-J Day in Times Square.

Visual question answering

enclosed area, glossy

/

\ | outdoor | -
g Gy

natural

light

\/ Scene category = 13 -
1l [ com )
Attribute ‘\ﬁeld/ -
) Affordance o Jattending)
¢ | museum
[] Image - label - N
Inter-comrelation made

[_] Intra-comrelation

Multimodal Knowledge Base
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@ ¢' Center for Research on Intelligent
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Pattern Recognition Chinese Academy of Sciences
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Biomethics Ideal Test

Saftware |

BIT Platform |

} 4 databases for download

} 1 database for test

* Public results
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HERESRATE

} 2 databases for download
* 1database for test

* Public results

» 1 handwriting database

¥ 1 signature database
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Biometrics Ideal Test

Biometrics Ideal Test (or BIT for short) is a website for
biometric database sharing and algerithm evaluation. Our
mission is to facilitate biometrics research and development
by providing quality public services to biometric researchers.
You are welcome to register an account in BIT so that you
can download publicly available iris, face,

palmprint, multi-spectral palm and handwriting ...

I

2 -

! e |
1

1

¥ 2 databases for download

¥ 1 database for download

F120%1

E-mail:
Password:

‘Validation code:

Forget your password? Reset

No account? Register

@ 207618 visitors
§, 11159 registered users

Gl 12 databases for download

[ conpeii
N ICB2015 Competition on Cross-
sensor Iris Recoanitions Aew
¥ CCBR2074 Competition on Iris
¥ CCBR2014 Competition on Face
CCBR2014 Competition an

' Eingerprint
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