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AR A: ImageNet HIEEE

ImageNet £11 10077 El15, 100072551,
Large Scale Visual Recognition Challenge from 2010

http://www.image-net.org/
2018-11-18 CCF-CVa@¥Rfin f=
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ImageNet [/ SE1H 5l &

152 E MR
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o 1 9B RERE
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7.3 6.7/
B Bl el il sl B e — — = — PN
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20104 20114 20124 20134 20144 20144 20154
NECZ%[E Xerox AlexNet Clarifi VGG GoogleNet  ResNet

ImageNet 97 FE{E S Top55E1R R (AHEIZRERZES. 1%)
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CAT DOG
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NEVRONS
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From J. Dean: Large-Scale Deep Learning for Intelligent Computer Systems. 2016
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“AlexNet” “GoogLeNet” “VGG Net” “ResNet”

7}=' 2E: 6.7% 192 : 7.3% 1522 : 3.5%
-H-l! "‘m—
T _conv-128
:::- _ conv-128
=it . . maxpool
e _ conv-256
E 15-‘ —u::- _conv-256
L] r Yo __maxpool
= _conv-512
g |l - conv-512
Z] poj=pet conv-512_
8] : = o1z
R e - _maxpool
— - FC-4096
i T _Fea096
= -y _FC1000.
= i __softmax__
[Krizhevsky et al. NIPS 2012]  [Szegedy et al. CVPR 2015] [Simonyan & Zisserman, [He et al. CVPR 2016]
Inception iy
RelU Multiple branches Ii\%/lx3dC|on_v. d desi identity Shout Cut
DropOut 1x Cony odularized design  petter Grad. Prop.
Stage-wise training  \/ery Dee
Data Argum. Bottleneck Yy P

* VGG-11 =>VGG-13 ...
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REMERERNY

€ Optimization (Gradient Propagation):
» RelLU
» Batch Normalization
» Stage-wise training (or better initialization )
» ldentity Connection in ResNet
€ Overfitting
» Dropout
» Data Argumentation
& Architecture Design (Modularized design )
» 3x3 Layer in VGG
» Inception Module
» ResNet Block
€ Light parameters
» 3x3 Conv in VGG
» 1x1 Conv + Bottleneck

2018-11-18
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“AlexNet

5 10 15 20 25 30 35 40
Operations [G-Ops]
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ABBFAREF S

- JNEIEEFZ): 3G, MBEEREEZRE, MIENIR
AEEFS): JUE. EMRESRE, ik, TEERR

~1990s Now
A I more :
Accuracy : compute

: neural networks
I |
: other approaches

Scale (data size, model size)
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JTiZBMA., E£CVPR, ICCV, UCVERFMESWNAEATIAR TIE30mIEN,

Hr2i31e N o a4 I CCVAICVPRFE A AOral,

CVPR 2013, 1605|F
ICCV 2013, 675|H
ECCV 2014, 835|FH
JCV 2016

PSS RmISES HEZENRETSN
CVPR 2014 Oral, 1105\
ECCV 2014, 2475\
CVIU 2019, 360 5|
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Spatial Temporal CNN

Sports-1M Dataset

Single Frame Late Fusion Early Fusion  Slow Fusion
i ] T ) ]
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[Karpathy et al.,, CVPR, 2014]

Two Stream-CNN C3D: 3D VGGNet

v e iml=(i
.'j% e "‘[‘Lj{ o ﬂd‘ﬂ{

L]
o2 v bl v e ! (o) Banmisn

BHEA BE

Figure 3. C3D architecture. C3D net has 8 convolution, 5 max-pooling, and 2 fully connected layers, followed by a softmax output layer
Al 3D convolution kernels are 3 x 3 3 with stride 1 in both spatial and temporal dimensions. Number of fltrs are denoted in each box.
‘The 3D pooling layers are denoted from pool 1 to pool5. All pooling kemels are 2 x 2 x 2, except for pool1is 1 x 2 x 2. Each fully
connected layer has 4096 output units.

Spatial stream ConvNet Convb

256

Convsh
512

Conv2a
128

Comvia
64

Convda || Convdb || Convsa
512 || 512 512

conv2 || convd || conv4 (| convs || fullg fulll | |softmax]

7386 ||5x6x250 | |3x3x512 (| 2u3x512 (| 3x3:512)| 4008 || 2048
tride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout | | dropout
L || nem. pool 2x2
pool 2x2

Temporal stream ConvNet

conv || conv3 || conv4 || conv5 || full || fulll ||softmax

7386 ||5x6x250 | |3x3x512 (| 243x512 (| 3x3:512)| 4008 || 2048

tride 2 || stride 2 || stride 1 || stride 1 || stride 1 || dropout | | dropout
. || pool 262 pool 2

optical flow

[Karen NIPS, 2014] [Tran et al. CVPR 2015]
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T1E1: SaFttERSAETDD(CVPR15

Input video —> Trajectory extraction —> Trajectory pooling —> Fisher vector

QUAIF FE
* 15@375 /f
_— 'ﬁ
ﬁlsy’é“o

[ NS ETTTTNT TN O

Input video —> Convolution Layer —> Pooling Layer —> -~ —> Prediction

Limin Wang, Yu Qiao, Xiaoou Tang ""Action Recognition with Trajectory-Pooled Deep-
Convolutional Descriptors **, Proc. Int. Conf. Computer Vision and Pattern Recognition (
CVPR), 2015
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Trajectory-pooled deep convolutional descriptor (TDD) 4FiE

Ea TR ENNRIRIF IR E S I 75 ZSFUSIEHER.

Bz NID ST
(&% am) (REZIGIE)

r'

; ’ Trajectory-Pooled Deep-Convolutional Descriptors (TDDs)

( 1—0
e
[ —O—

—_— spatiotemporal normalization channel normalization H

feature map normalization trajectory-constrained pooling

TDD

r.‘#
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F—MEUCFAIHMDB e HHE# R ERENREF I A,
Algorithm HMDB51 | UCF101
HOG [“1, 7] 40.2% 72.4%
HOF [~1, 2] 48.9% 76.0%
MBH 1, 7] 52.1% 80.8%
HOF+MBH [ 1, & ] 54.7% 82.2%
iDT [21, 22] 57.2% 84.7 %
Spatial net [ ] 40.5% 73.0%
Temporal net [ 4] 54.6% 83.7%
Two-stream ConvNets [ /4] 59.4% 88.0%
Spatial conv4 48.5% 81.9%
Spatial conv3 47.2% 80.9%
Spatial conv4 and conv3 S0.0% 82.8%
Temporal conv3 34.5% 81.7%
Temporal conv4 51.2% 80.1%
Temporal conv3 and conv4 54.9% 82.2%
TDD 63.2% 90.3%
TDD and iDT 65.9% 91.5%
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T{E2: FEMNFDENRETSN (ECCV 16

FRAREFS?

2K

O URRISIEEX, FIHERRS, BXREFI)
ZHlTEFHSGDEIE.

1.Limin Wang, Yuanjun Xiong, Zhe Wang, Yu Qiao, Dahua Lin, Xiaoou Tang,Luc Van Gool, "Temporal Segment Networks:
noa Pra co or DDeen AL inn Recoanition." Pro ohean onierence alaala a i1sinn

2018-11-18 o0




TES OF ADVANCED TECHNOLOGY, CAS

Segment
Consensus
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ActivityNet 2016

S ACTIVITYNET
2% , Skl

20013551, 648/\EJHHs®M, 10kl

Top level Second tier Third tier

L 0 ([

| S8 A i
Personal care Grooming Grooming oneself Brushing teeth

http://activity-net.org/challenges/2016/

Validation Set mAp Top-3 Acc.
Visual 90.4% 95.2%
Audio 15.2% 29.1%
Visual + Audio 90.9% 95.6%
Testing Set mAP Top-3 Acc.
Visual CNN (Single) 91.2% 95.6%
Final Ensemble 93.2% 96.4%

2018-11-18
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BBYAEAS T ERLZERPAN (1CCV17 Oral)

]:E Ly

TEAHIRPANXS T ARENEIE
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Attention Heat Maps o] (k) Pose-Attention Mechanism

Human-Part
Pose-Attenti N r
gt I . " " t‘ | Pooling LayerJ

JFEIRHI TR,

Human-Part Features F/ Pose Feature S;

Previous Hidden State h;_,

- BAT/RBIRESET R MESHITES.
- FRESHIZMN, 5|55 IW%XJ‘ TR

sequential Modeling by LSTM

Prediction Yt
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State-of-the-art Authors Year Sub-JHMDB PennAction

Dense+Pose  H. jhuang, etal 2013 52.9 -

STIP W. Zhang, et al 2013 - 82.9
Action Bank W. Zhang, et al 2013 - 83.9
MST J. Wang, et al 2014 45.3 74.0
AOG : B. X. Nie, et al 2015 61.2 85.5
P-CNN . G. Cheroneta 2910 66.8 i

Hierarchical | Lillo et al 2016 77.5 -

C3D C. Cao, et al 2016 - 86.0
JDD C. Cao, et al 2016 77.7 87.4
idt-fv U. |qba| et al 2017 60.9 92.0
Pose+ idt-fv U. lgbal et al 2017 74.6 92.9
Our RPAN 78.6 97.4
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C) ABRSIFSIRE
HEHBISHT TIP 14
FEREZF CVPR16
MEIZRIE CVPR 16
Z{E5%EX  SPL 16
TR SPL 16
FRitMRSC ECCV 16
KEIRE! ICCV 17
BERiZiE ICCV 17
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BREiER TIP 14

SESER ECCV 14
ZMMAE&RIE CVPR 14
HEHFVIRES ECCV 14
BEtBEE CVIU 16
ZEERIZFE: 1JCV 16
mESE4TER 1JCV 18

HIDETUSIE CVPR 15
=ohAm&CNN CVPR 16
xgEtisiE  CVPR 16
TRBZE CVPR16
FFoEREREY ECCV 16
BIFZESER ICCV 17
TERYER TIP 17
SRR AAAI 18
EanEfE CVPR 18
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XMR5 &%) TIP 17
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REFRELFH

Yy PR p 35

*MR-CNNs (2nd in scene classification task

ImageNet 2016, 1stin LSUN 2016)

*Weakly Supervised PatchNets (Top performance in

MIT Indoor67 and SUN397)

A7 DR ) ARG

*Temporal Segment Networks (NO1 in ActivityNet

2016)

*MV-CNNS(Speed:3001i/s)

*Trajectory-Pooled Deep-Convolutional Descriptors
(Top performance in UCF101 and HMDB51)

N A 5538 )

*MJ-CNN face detection (top performance in FDDB

& WIDE)

*HFA-CNN face recognition (single model 99% in _ _

LFW) http://mmlab.siat.ac.cn/yugiao/Codes.html

Yy s SR 5 )

«Connectionist Text Proposal Network for Scene

Text Detection (Top performance in ICDAR)
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