%y, CRIPAC
& EEERN S E R T A

°® . Center for Research on Intelligent
@® ®°' Perception and Computing

C SRR e S ) B e A
National Lab of é\ Institute of Automation

Pattern Recognition o Chinese Academy of Sciences

HRZEE = A B AR Hr

¥ =

E Rl FR B a5 R
20174F4aH228 [Ei7]




e =
H R

« NHtZe, EXREZE. XBEMFEZETRE S
2HE

"Xﬁﬁ%kﬁmﬂﬁﬁﬁﬁ
f;: ;ﬁ&Mﬂﬁﬁﬁwi

BB Xid
IEXI8TE FREETO/NGT
SEBE HTEESRIER

2014538218
=) P
—RRNBIMES, S

29 %, 143 A =%5

315?” »1 SN RIREE T

BEXFERR, BEBB6ARLT

T o

RERSRRER, 2HAREERHSE. ﬂlsn'ﬂzf'ﬁlll&
PIEERXIAS ARG S i




2B A B R A

168 L X5 4L 3

4=J53

AT R
BN BIE.

ot SER, TEEET

7

-j—-jj g#l:% = :u‘

L 4

'f KB AETHA?
{ XERE (AR

*

\ 0 - %
”ﬁ‘ "x

!’4 %4

d

T e T

XEANGEESRK?

g M8

%Z‘%%Z%E%Imﬁ?
15

N AR S,

1TANE?

‘



>

EET = BLE I AHZ = WA

-

ﬁﬁlﬁ?ﬁi*ﬁﬁémﬁﬁﬁiﬁ”’ Aﬁﬁax;ﬁm#w@Qﬁﬁﬁi%-%ﬁ
FRERERTHRGHEE BASHT . BRI EE S S RER
%#j( ':> IAT/E /E.Elj( '=> t%?r/ﬁ

e e = &ﬁ!ﬁh\z¢§§%wmf:&mmﬁm
Egggi;ﬁ:xﬁgﬁgﬁ&fﬁgﬁ ERITEME. AREERNER




MTBAWE, % | | Whrh A, A | | FORFEREAR | | A ERRE. &
M. S #w\ﬁ%% 5. Eﬁ REZ | | 2. AR
umwE
>>ﬁ§mm:> L >>m;%x;>
ateatiata BAEE > > BGER > BT R

ﬁﬁﬁﬁ 5 =
E?
ﬁ“n%

Camera B

PP Yer—

k?ﬁﬁﬁ‘ﬁiﬂ%ﬂ \

#ﬁwwﬁwﬁﬁ

T8 Y B AP
i, REENE | | BRXEs e B, BUATEZ | |2, WAL R




YL 37 R B 15



ET N ERF SRR SHE 57 P

£%: FHEEERE

R 2 # R AR R B 2 = 70 R AL 50

35 R EE TR BN L S X AL 50 Fh B (8] 1R 4k X R TIZAR

i Input layer
I .
! (low-resolution frame)

Input layer

____________________________________________________

Backward sub-network i

i First hidden layer <« e R <—
i Second hidden layer <« — — —
___________________________________________ O S —

i - . 7
! Qutput layer
| (high-resolution frame)

Second hidden layer — @ e @ —_— @ —>

First hidden layer —_—> ﬁ  — 5 — ﬁ —

Xi1 I

(low-resolution frame)

i Forward sub-network

________________________________________________

<= : 3D feedforward convolution

«— :Recurrent convolution

<< : 3D feedforward convolution

xf B — B2 T SR 7 g &
AL S5 g 2 18] 1Y == 18] 25 #4) 15
KKRBRHITER

ot 418 3T B 2 T Jo BB A0 57 od
PRIRIRIE BRI TIE AR

<— : Recurrent convolution

XF A [ 4L S o 2 18] By 2= /&)
ZIBEIHENHAITER

[1] Huang et al., Video Super-resolution via Bidirectional Recurrent Convolutional Networks, TPAMI, 2017.
[2] Huang et al., Bidirectional Recurrent Convolutional Networks for Multi-frame Super-resolution, NIPS, 2015.
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10" 10
Running time (sec)

# : single-image SR method A : multi-frame SR method

AR BT R LR

Model City  [Calendar| Foliage | Walk |Average
PSNR

Bicubic 21.91 17.26 20.06 | 21.60 | 20.21

FUS [41] 21.94 17.35 19.90 | 21.37 | 20.14

Enhancer [1] 23.22 19.16 22.29 24.82 22.37

*DeepSR |30 24.24 19.86 23.51 25.26 23.22
-Y only | 23.31 19.57 22,72 25.82 22.85

BRCN-RGB 23.53 19.68 23.03 25.58 22.96

55IM
Bicubic 0.4220 | 0.4699 | 0.4275 | 0.6846 | 0.5010
FUS [41] 0.4251 | 0.4870 | 0.4380 | 0.6910 | 0.5103

Enhancer [1] | 0.5481 | 0.5730 | 0.5702 | 0.7752 | 0.6166
*DeepSR [30] | 0.6507 | 0.6938 | 0.7248 | 0.7714 | 0.7102

BRCN-Y only | 0.5447 | 0.5985 | 0.6018 | 0.8081 | 0.6383 3
BRCN-RGB 0.5685 | 0.6325 | 0.6213 | 0.8247 | 0.6617

T

vs. BN G ZE
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X;jc = threshold((x;; . — mean), thd)

1 1 (dy e — 1 ) 1 1 (dy 0 — u2)2 AT T
kqu=_ Ml exp ij.pq 1 _ b exp i.04 =
: B | B \2na, 207 B \2no, 202 i ™

Gijc = Sign(xjc — Z kijcpag* Xpqg) il = ) 3 45

[1] Cao et al., Feedback Convolutional Neural Network for Visual Localization and Segmentation, Submitted to TPAMI, 2017.
[2] Cao et al., Look and Think Twice: Capturing Top-Down Visual Attention With Feedback Convolutional Neural Networks,

ICCV, 2015.
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| cesiaboneror | ocaimoneror

12.2 45.14
Backprop on VGGnet 11.4 51.46

13.2 43.00
113 49.34

(o]
15.68 4282
(o]
12.95 41.72
02 40.13
with scale and crop)

ours 0.00 36.50

(with groundtruth)
BHERIELE

" . " o Accuracy of | PASCAL = = 5 - 2
Ground truth || Inputimagel| predicts [Ground truth | Inputimage] predicts classificatio | Voc 2012 3l 3 e £ 5

n val set <El|=8 g $8 E}I_
9158 Background 71.7| 67.2| 68.5| 77.2 | 81.085
86.90 aeroplane 30.7| 29.2| 25.5| 37.3 | 62.101 10 761%
86.84 bicycle 30.5| 17.6 | 18.0| 18.4 |25.942 *
8537 8ird 26.3| 28.6| 25.4| 25.4 |51.511
7168 Boat 20.0| 22.2| 20.2| 28.2 |32.521
8313 Sottle 24.2| 29.6| 36.3| 31.9 |47.714
7877 Bus 39.2|1 47.0| 46.8 41.6 §57.692
90.98 Car 33.7| 44.0| 47.1| 48.1 | s0.950
7037 Cat 59 2| 44.2 ub 0| 50.7 | 65.086
8356 Chair 17.1| 14.6| 15.8( 12.7 | 20.629
F657 Cow 29.7| 35.1| 37.9| 45.7 | 55.586

Diningtable 225| 24.9| 21.0| 146 jJ23.568

8333 Dog 41.3| 41.0| 44.5| s0.s |54.523 E’I 6+%
8690 Horse 35.7| 34.8 | 34.5| 44.1 |sa.601
88389 Motorbike 43.0| 416 | 46.2| 39.2 |57.329 | PA=|
87.90 Person 36.0| 32.1| 40.7| 37.9 | 38511 ‘fﬁ
6832 Pottedplant 29.0| 24.8| 30.4| 28.3 | 27.227 =
8333 Sheep 349| 37.4| 36.3 44.0 | 65.870 ﬁﬁ#%
7168 Sofa 23.1| 24.0| 22.2| 19.6 [ 31.230 =R
96.47 Train 33.2| 38.1| 38.8| 37.6 || 50.668
7791 wmonitor 33.2| 316 36.9| 35.0 J40.245
82.62 average 322| 336| 33.8| 353| 366 [ 47.361
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1024 F2:1024

F3:2

| Team | Accuracy (%) |
Second place 78.17
Third place 76.00
Forth place 75.95
Ours 86.83
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Pixel-by-Pixel
CNN (1X speed-up)

Segmentation System

____________________________

1

'

1 T

1

i

1 T

I [ |

: =T ~ T
1 Image-by-Image

| e = (10,000X) g
i P .

Y i

Table 1. Performance comparison of different strugtires
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Methods Resolution| ACC(%)

Pixel-by-Pixel [13]] 100#100 | 86.83

T EER, &

Speed
/ICPU

Image  Ground-truth Prediction

Image Ground-truth  Prediction

Simple-seg-net 4878|6270 |147.1 %%QEH:F o7 <o, 2000
Ao scanet 48%48 | 82.12 | 96.2 A 2s o =
e 112112 | 8020 [4908§ BE1E E e -
VGG-seg-net 48748 | 83.57 9487 Tms | | L i
500model 98.8%
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Raw Local @ Bottom (LB) Mid-Level @ Top (MT)
Sequence 0]1 01
c3256_|D] (3256
Silhouettes ,\
N N N
P P P
_ -7 C2 64 C2 64 C2' 64
Probe _ Gallery _P P P
‘L B C116 C116 C1' 16
C N% Similarities lj i ’
0 - I_-_J_"._'j_‘ Probe Gallery Probe Gallery
ELl P23 ke B SR, 2 FhAE (L1 E B 4%

[1] Wu et al., A Comprehensive Study on Cross-view Gait based Human Identification with Deep CNNs, TPAMI, 2017.
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WAEE A90%, 2z alER&SK WAEE A98%, M alER&ESKE
(% )383% ¥ 5987%
Gallery NM #1-4 0°-180 36°-144 Probe anel Gallery angle Identical angle
Probe NM#5-6  (° 54° 90° 126° 54° 90° 126 robeangie Mean Ours NN [28]
SVR [34] - 28 29 34 35 44 45 Kh® 01.6 4+ 0.2 098.8 + 0.1 84.7
?JE’L'??% 163 4 dss see oo 65° 92.3 +0.1 98.9 + 0.2 86.6
nd V. o 2 - o
ViDP [27] 501 502 575 835 767 807 gg gi'g + gé gg'g + g? ?g'g
Ours 548 778 649 761 908 858 904 T R )
— \
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[1] Zhou et al., See the Forest for the Trees: Joint Spatial and Temporal Recurrent Neural Networks for Video-based Person
Re-identification, CVPR, 2017.



E TR =R MEINT A B R 5

ﬁﬁﬁ%&ﬁﬂ%ﬁﬂﬂﬁm

learned weight

frame index

#?ﬁﬂﬁﬁM

BX

Ao =22~ = ,—

ESHARAMIT ABIR RS HEE _ LRS
Datasets iLIDS-VID PRID2011 MARS
Rank@R R:1|R:5|R_2O :I\R_S\R_QO :1|R_5|R_20\111AP
Wang er al. |27] 345 | 56.7 71.5 37.6 | 63.9 80.4 - - - -
Liu ef al. [20] 443 | 71.7 01.7 64.1 87.3 92.0
Karanam et al. [ 1 5] 259 | 48.2 68.9 40.6 | 69.7 85.6
Wang er al. |25] 413 | 63.5 83.1 48.3 | 74.9 94.4
You et al. [36] 56.3 | 87.6 98.3 56.7 | 80.0 03.6
Mclaughlin er al. [21] 58 84 06 70 00 07
Wu et al. [30] 46.1 | 76.8 95.6 69.0 | 88.4 96.4 - - - -
Zheng er al. [35] 53.0 | 814 05.1 77.3 | 93.5 99.3 68.3 | 82.6 80.4 | 49.3
Ours H 55.2 \ 86.5 \ 97.0 H 79.4 \ 94.4 \ 99.3 H 70.6 \ 90.0 \ 97.6 \ 50.7

100

95 -

FER

A5z

wes CNN, mAP = 40.3
s CNN+RNN, mAP =420 |

CNN+TAM, mAP = 43.4
s CNN4DIFF, mAP = 44.8
s CNN+SRM, mAP = 46.2
s ALL, AP = 50.7

3 3% 40 45 50
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/E] - 4 Joints Temporal RNN Temporal dynamics
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QP Lo time i |
I\ e, o2 Spatial RNN ‘ . . .
qp INEp - 1\ Spatial configurations of
/gj ! :% = o [RNNT - [RNNT - [Softmax| articulated segments.
B B |
,’ Dl e . s |
' hE
1 SSe<
Temporal RNN Spatial RNN
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— 1. 0382
B N a 1, 4 9
ay i, 0 \u
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Chain sequence Traversal sequence

[1] Wang and L. Wang, Modeling Temporal Dynamics and Spatial Configurations of Actions Using Two-Stream Recurrent

Neural Networks, CVPR, 2017.
[2] Du et al., Representation Learning of Temporal Dynamics for Skeleton-Based Action Recognition, TIP, 2016.

[3] Du et al., Hierarchical recurrent neural network for skeleton based action recognition, CVPR, 2015.
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FEERITHIRBIEIEE (NTU RGB+D&SBU) _FHI{E T AT IFLE R

Method Cross subject | Cross view
Lie Group [7] 50.1 52.8
Skeletal Quads [] 38.6 414
FTP Dynamic [}] 60.2 65.2
HBRNN [ 1] 59.1 64.0
Part-aware LSTM [6] 62.9 70.3
Trust Gate ST-LSTM [5] 69.2 777
Two-stream RNN 71.3 79.5

Method Accuracy
Joint Feature [5] 80.3
Joint Feature [4] 86.9

HBRNN [ 1] 80.4

86.0
90.4
93.3
94.8

Deep LSTM [Y]
Co-occurrence LSTM [Y]
Trust Gate ST-LSTM [5]

Two-stream RNN

S H{Tﬁ*ﬁ‘ﬁ&lﬂ%l‘%ﬁﬁﬂﬂﬁﬂﬂ_ﬁ 14

Clapping hands

g ]
§ H
5 ML IS .Y z 3 :
S <) Jumping jacks
P %
§§I§-§-I 3E The whole body
SEEEE.E. Output of the fully IEnEaEAEaNaEs S w_w_ E A e - - Output of the fully
5 = d layer e * connected layer
R —————— — - | =
3 ————————— S -
e — Leftleg_ Trunk_Right Assns_ & m
§=_'__"' =
¥ g
e =
L ——— =
N,
/ EBT
— T T T oLl s === g e e v 5
Approaching| 000 000 000 0.00 0.00 0.00 0.00 Approaching| 000 000 0.00 000 000 0,00 000
Departing 000 000 0,00 0.00 0.00 0.00 Departing| 0.00 000 000 000 000 0.00 0.00
e Kicking| 0.00 0.00 000 000 000 000 000 000 0.00 000 0.00 0.00
ol Pushing| 0,00 0,00 0.00 000 000 0.00 022 Pushing| 0.00 0.00 0.00 0.00 0.00 0.00 0.00
oe ShakingHands| 0.00 0.00 0.00 0.00 &ﬁn‘uoo ﬁ'{es'miﬂ ShakingHands{0.00 0.00 0.00 0.00 000 000 011
e Hugging| 0.00 0,00 0.00 0.00 0.00 000 Hugging| 0.00 0,00 0.00 0.00 0.00
o Exchanging| 0,00 0,00 0.00 0.00 0.00 0.00 0.00 Exchanging| 0,00 0.00 0.00 0.00 0,00 0.00
Punching| 0.00 0.00 0.13 0.00 000 0.00 0.00 Punching[0.00 0.00 0.04 0.04 0,08 0.00 0.04
os
N Wﬂ*’&&ﬂ‘%ﬁ%ﬂ”y\w@@w@w‘“ ww&w‘“m“‘%&‘:‘“@ﬂmgﬁa&“&w“
U T R O T U EE N I T T
= gg £3 g¥g§§§§§i EZE 53;%5 BEg = %S - gigg §§§'5 gﬁggg“i (a) Temporal RNN (a) Two-stream RNN
E] £3 £°% L 22
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/ v" Compact

101
B

Sparse Bayesianlearning

Class-relevant features / \

[XX)] e
Classifier weights with a

Low-level video representation v: hierarchical prior
BoW or Fisher Vector

Class labels =>
y
®- S
C

Mid-level feature
:> [representation} :> {

v" Semantic

RAMBEGL T KRS, BRIE NGRS HIES )R

Classificationor
retrieval, ...

J

\4

W,

BoSIFT FO
w

e @10
W;

BoMFCC

tr

[1] Zhao et al., Learning Relevance Restricted Boltzmann Machine for Unstructured Group Activity and Event Understand-

ing, 1JCV, 2016.

[2] Zhao et al., Relevance Topic Model for Unstructured Social Group Activity Recognition, NIPS, 2013.
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(a) Instance candidate extraction (b) Instance-aware saliency map prediction (c) Similarity measurement and aggregation

E M
RIS

[1] Huang et al., Instance-aware Image and Sentence Matching with Selective Multimodal LSTM, CVPR, 2017.
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Image Annotation Image Retrieval

Method RGI R@%S RGI0 Medr | Ral R::@sg RGI0 Med, | um
STD™™ [16] 33.8  67.7 82.1 3 259 60.0 74.6 4 344.1
m-RNN [27] 41.0 73.0 83.5 2 20.0 422 77.0 3 345.7
FVT™ [17] 394 679 80.9 2 251 598 76.6 4 349.7
DVSA T[] 384 699 80.5 1 274 60.2 74.8 3 351.2
MNLM [15] 43.4 757 85.8 2 31.0 667 79.9 3 382.5
m-CNN™ [21] 428 731 84.1 2 32.6 68.6 82.8 3 384.0
RNN+FVT [19] 408 719 83.2 2 29.6 648 80.5 3 370.8
OEM [20] 46.7 - 88.9 2 37.9 - 85.9 2 -
DSPE+FVT [27] 50.1  79.7 89.2 - 396 752 86.9 - 420.7
Ours:

sm-LSTM-mean | 33.1 653 78.3 3 251 579 72.2 4 331.9
sm-LSTM-att 36.7 69.7 80.8 2 201 648 784 3 359.5
sm-LSTM-ctx 39.7  70.2 84.0 2 327  68.1 81.3 3 376.0
sm-LSTM 524  81.7 90.8 1 386 734 84.6 2 421.5
sm-LSTM™ 53.2 83.1 91.5 1 40.7 75.8 87.4 2 431.8

L

A airplane that is
flying in the sky.

sky, flying

airplane, flying

airplane, sky

A stop sign and
a no access sign
in the grass.

sign, stop

grass, access

grass, sign

=ORKER T T B EFNSE 5

ol 1a

(a) 1- st timestep (b) 2-nd timestep

People are get-
ting onto a city
bus.

3-rd timestep

city, bus city, bus

people, getting

A group of people
are observing pla-

nes at an air show.

group, people planes, air planes, air



ETRERX AT

£5%: MERFIRINAITEXXERXNCRSIEBRBIRER

Bk ETFEXEMSEa, FIR? R IR SSRGS, XL
ch B bR R 3 2 1T S S T ) AR

The person placed the dirty
dishes in the sink.

\+ .
+ * *
+ + * A A,
A
/ w *

Multimodal space

Question embedding

[1] Wang et al., Long Video QA Using Deep Question-answer Embedding, Submitted to ICCV, 2017.
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BiFERM, (LB ERI1R5 RBIFENE E T ESE 5%
. f 8 16 32 64
ObJeCt Numbel‘ CJOIOI~ Location Total IGU 4 54% '?' ??% 4 82% 3'29%
S | 14.85% 41.53% 45.88% 37.89% | 19.59%
16 | 14.50% 4021% 47.06% 37.46% | 19.19% f 8 16 32 64
32 | 14.55% 30.69% 47.05% 34.79% | 18.34% Baseline | 14.66% 14.71% 1473% 14.56%
64 | 14.50% 3571% 45.88% 35.07% | 18.62% Ours 19.59% 19.19% 18.34% 18.62%

xfE#REA . EFERHTEERIESLG

138 176 177 Frame

:_Ac_:_:IICL:c_:_:c_é_:cL:_
Bk Bk Eala

ground truth

detection=
|Questi0n: what did the person enter? Groundtruth: kitchen Our answer: _ kitchen

1673 1696 1778 7071 Frame

Jetemon
ground truth

[Quesnon: where did the person crack the eggs ? Groundtruth: bowl Our answer:  bowl
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