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What can we read from this story?
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What Can We Read From Face Images?
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Visual Recognition = Feature + Classifier
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Global feature vs. Local feature ?
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Challenges

B There have 100 million survellience
cameras distributed in the word, which
will produce 2.3 ZB (10%!) video data

Volumel|| Variety

B Youtube will increase over 72 hours
video data in each minute

Velocity|| Value
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B Face book has over 300 billion images
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Visual Feature Re N

SIFT

(Scale-invariant feature transform)

Gabor Filter Bank
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IMension ISSUeE
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ten million pixels

Hundreds of thousands pix

High dimension

Sensor driven




David L. Donoho, High-dimensional data analysis: The curses and blessings of
dimensionality. Aide-Memoire of a Lecture at (2000)
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Subspace Learning

Learn a low dimensional subspace projection
to handle the high-dimensional data
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Subspace Learning

* Linear subspace: A is a linear transformation
for example: PCA, LDA,...

* Kernel based nonlinear subspace: combining
the nonlinear kernel trick with linear subspace

for example: KPCA, KLDA,...
* Manifold subspace
for example: LLE, ISOMap,...



Sparse feature representation
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Sparse Representation

Learning Discriminative Dictionary for Group Sparse Representation
(IEEE T-1P 2014)

Newton Greedy Pursuit: a Quadratic Approximation Method for
Sparsity-Constrained Optimization, (CVPR 2014).

Decentralized Robust Subspace Clustering (AAAI 2016)

Efficient k-Support-Norm Regularized Minimization via Fully
Corrective Frank-Wolfe Method (IJCAI 2016)

Efficient A Kernel Linearization via Random Feature Maps (IEEE T-

NNLS 2016)
Blessing of Dimensionality: Recovering Mixture Data via Dictionary
Pursuit, (IEEE T-PAMI 2016) o s .
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_earning Discriminative Dictionary for
Group Sparse Representation (IEEE T-1P 2014)
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Recopntion (138 (L850 (1. 85 (L9126 (.920 075 .'. 3' ; :: g', 10
Rate L0015 L0012 L0009 | £0011 | doooe R o sy sams
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Kecognition 0.9596 (9401 0.9364 0.9442
Rate 0,008 20007 0006 +0.005
TABLE I $.,
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CMU PIE DATABASE E _
Algorithms SRC D-KSVD DLAL MEL FDDL '
Recognition 0056 0.937 0.942 1953 0.967
Rate £0.009 +0.01 £0.01 L0009 | +0.008 7 | Nurbhrofmb-cionary dams
LC-KSVD | DL-COPAR | DGSDLY | DGSDL (b
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Fig. 8. Recognition rate plots of SRC, MFL, DGSDL, LC-KSVD, FDDDL
and DL-ACOPAR versus different number of sub-dictionary atoms. (a) AR
(b3 CMU PIE. {c) Extended Yale B.



Dual sparse constrained cascade regression
model (IEEE T-1P 2015)

D. Piotr, W. Peter, and P. Pietro. Cascaded pose regression. Intl. Conf. on
Computer Vision and Pattern Recognition (CVPR), 2010.
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Dual sparse constrained cascade regression
model (IEEE T-1P 2015)

Sparse feature selection
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file:///C:/Users/Public/Desktop/FaceHunter.lnk

: Results

mESR m RCPR(features only) W RCPR(restarts only) mESR m RCPR(features only) m RCPR(restarts only)
B RCPR(occlusion only) W RCPR(features+restarts) m RCPR(full) M RCPR(occlusion only) M RCPR(features+restarts) @ RCPR(full)
ECR W SFS-CR m SSC-CR mCR W S5F5-CR mSSC_CR
m DSC-CR m P-DSC-CR » Human W DSC-CR W P-DSC-CR ¥ Human
11.2
103 105 36%
32%
28% 29%
23%
20%
12'82%11.05%
8.68% 8.28%
6.11%
| e

average error failures

Normalized mean error and the failure rate on the COFW dataset

ESR | SDM | LBF | LBF fast | TCDCN | TCDCN-Averaged | DSC-CR | P-DSC-CR
Common Subset 5.28 5.60 4.95 5.38 6.10 5.59 4.88 3.83
Challenging Subset | 17.00 | 15.40 | 11.98 15.50 0.88 9.15 11.49 6.93
Fullset 7.58 7.52 6.32 7.37 6.83 6.29 6.04 4.38
MEAN ALIGNMENT ERRORS ON THE 300-W COMMON SUBSET, CHALLENGING SUBSET AND FULLSET(*0.01)
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M3 CSR model (1vC 2016)

¥ Multi-view, multi-scale and multi-component
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home news projects rese

arch people publications resources vacancies Courses

Large Scale Facial Model

e (300-w), imavis 2014

300 Videos in the Wild (300-VW)
Challenge & Workshop (ICCV 2015)

300 FAcCES IN-THE-WILD CHALLENGE (300-W), IMAVIS 2014

Affect "in-the-wild" Workshop

Facial Expression Recognition and
Analysis Challenge 2015

A

300 Faces In-The-Wild Challenge

(300-W), IMAVIS 2014

MAHNOB-HCI-Tagging database

300 Faces In-the-Wild Challenge (300-W),

ICCW 2013

MAHMNOB Laughter database

MAHNOB MHI-Mimicry database

Facial point annotations

MMI Facial expression database

. # 1mages mad o .
Participant with detection || 68 points | 51 points timings (secs)
Bongjin 584 (97.3%) 0.0271 0.0249 12.9
Y. Cheon 600 (100%) 01078 0.1040 0.17

—1_Deng 599 (99.8%) 0.0226 0.0213 1.97 =

H. Fan 526 (87.770) 0.0309 0.0294 1.29
J. Kranauskas 600 (100%) 0.0693 0.0659 2.46
S. Martin 597 (99.5%) 0.3461 0.3228 5.81
B. Martinez 600 (100%) 0.0514 0.0497 42.5
J. Shin 585 (97.5%) 0.0303 0.0287 12.6
M. Uricar 592 (98.7%) 0.0970 0.0945 3.46
F. Vojtech 591 (98.5%) 0.1047 0.0998 4.05
Oracle — 0.0038 0.0040 —
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http://ibug.doc.ic.ac.uIdresources/BOO-W_I MAVIS/
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patio-temporal
W CSR + Pose tracking

Time series regression
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JDA Face Five landmarks  Pose estimation MCSR Failure Checker
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W Adaptive compressive sensing tracker (CVIU / IEEE T-CYB 2016)
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intelligent behaviour understanding group
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Larae Scale Facial Model

WorksHoP (ICCV 2015)
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Fig. 13: Comparison between the best methods of \’u'linns.nul the participants of the 300VW challenge by
Shen et al (2015). The top 5 methods are shown and are coloured red, blue, green, orange and purple,
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: Video demo

04 BDAT - Microsoft Visual Studio [J Y2 |QuickLaunch (Ctri+Q) P - O x ,,4 FaceSDK - Microsoft Visual Studio 0 Y2 | QuickLaunch (Ctrl+Q) Pl o aox
FILE EDIT WIEBW PROJECT BUILD DEBUG TEAM NSIGHT ~TOOLS TEST ARCHITECTURE ANALVZE WINDOW JienkangDeng - [l | FLE EDT VW PROJECT BULD DEBUG TEAM NSIGHT TOOLS TEST ARCHITECTURE  ANALVZE winpou T B % ar\aﬁix&ﬂ&
HELP OB | -0 - | b Local Windows Debugger - B - E | L B
©-o|B -2 M| - | P Local Windows Debugger = | | L I .
P f (Global Scope) ~|@ ParseCommandLineArguments{LPWSTR pCmdLine, Face! -/ @ e-ea@ o
g i -] P g = = =
{GlotalScope) - @ mam(? - G @ e-2aip o - 2 B Search Solution Explorer (Cirl+;) 2~
g 58 INTRAFACE: :Faceilignnent fa(detectionModel, trackingModel, &exd, |+ 96
59 if (Ifa.Initialized()) { Rl Search Solution Explorer (il P 07 if {ltokens.empty()) 57 Solution ‘FaceSDK (11 projects)
58 cerr << "FaceAlignment cannot be initialized.” << endl; 57 Solution 'BDAT (1 praject 98 [ facesdk
s 5 (e < Demo Tracker - B al Face Tracking Sample Application - oIEH ; m'EI‘S
&3 7 1oad OpencV face d EE
62 cv:iCascadeClassifien 1.977 ms -] v = common
65 iF( Iface_cascade.loa FOOR-02P00Y33 b FaceRecoguilion
6 3 FaceTrackingWpaApp
7 cerr << "Error lo u b [ FaceAlignment
68 return -1; f51\n") 5 b [ FaceAttribute
69 } b [ FaceDetection
7e]] cv::videoCapture cap( b F FaceTracking
71 cap.set(CV_CAP_PROP_F b D
72 cap.set(CV_CAP_PROP_F
73 #f(!cap.isOpened())
74 return -1;
75
76 int key = @;
77 int count=8;
78 int facalum=0;
79 float notFace = 8.25;
38 bool isDetect = true;
81 bool firstDetect = tr
a2 bool eof = false;
83 string winname("Demo
B84
85 wvector<ev: :Rect> face
86 vector<float> scores;
87 vector<oy: sMat> Xs;
88 cviiMat X;
39 cviiMat tmpX;
28 float tmpScore;
o1 cv: :namediindow(winna
92 =
100 % - 4 4 W% - 4 »
Output vix Output X
Show output from: | Build - x| E[m Show output from: | Build BIES =
L7BT\BUAL \1neLude Read/F ASeALLGRERE. AAB4) | WAFTATE L4ZB1T LNINAFALE! faceAllgment. n_orrs N n
1> Yere\DemoTracker3. epp(27) g‘wmun)ng C4z44 ‘ug\fment’ conversion from ‘ﬂi’t‘ o At [ Mgl @ suemeatlll, © Salllall © Selppad =1
1. \sre\DemoTracker3. opp(28): warning C4744: "argument’ :© conversion from ' float’ to “int’,
13, Ysre\DemoTracker3. cpp(29): warning C4244: "argument’ : comversion from *float’ to “int’,
1>, ysretDemoTrackerd epp(30): warning C4744: “aveuwnent’ : conversion from *float” to "int’, Selution Explorer ELCLIS Y Team Explor.., Clas
13 Ysre\DemoTracker3. cpp(34): warning C4244: “initializing : comversion from *deuble’ to
Ly, Wsre\DemoTrackerd. opp(36): warning C4244: “initialiring : conversion frem *double’ to ' i 2 b o
13 Ysre\DemoTracker3. cpp(38): warning C4244: "initializing : comversion from *deuble’ to main VCCodeFunction - ParseCommandLineArguments VCCo =
Ly tsre\DemoTrackerd. opp(37): warning C4244: “initialiring : conversion frem *double’ to '
13, YercADemoTr acker3. cpp(117): warning CAZ67 sarion B Cdim o e, poon L 0 | &
L. \sre\DemoTracker3. opp(137): warning C4267: 'initialiring © conversion from "sizet' ta . B Cee ~
1 et orionl opplilEl) o BEET.  faidlising © cmvermsion G st i B e -
13, \sre\DemoTrackerd. spp(148): warning C4267 comvarsion from *zize t toint, pess (Name) main (Name) ParseGommandLinj
Ly, Ysre\DemoTracksr3. epp(161): warning C4267 comversion from *size t to 'int, poss File e\bdat\src\demotracker® File e\facesdk march .
1>, \sre\DemoTracker3, spp {175} warning C4267 comversion fron ‘size t toint, poss FullName main FullName ParseCommandLin
1> \srelDemoTracker3. epp(194): warning C4267 conversion frem “zize_t to int’, poss
1> Gemerating code [FEEra Fakse I<Default False
1> Finished generating cods IsDelete False IsDelete False
1> BDAT. voxproj = E:\BDAT\x64\Releaze \EDAT. exe IsFinal False - IsFinal False -
———— Build: 1 succeeded, O failed, O up—to-dats, 0 skipped
+f - < s 2t
4 » =
Output Fa
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= Video demo

SECURI

_SECURING A

FUTUR

dr Magdalena OGOREK & &
opozycja tezy "‘

Tasa"'WAEAIAL VATALICKI LIARNMILIE DAZ\AIAL NICWAIASTZECKNIC T DAL CV

WL AR i B ARl R 308

Jiarsgsu Fay Laboratory of Big Data Analysls Technols

@_ﬁ'
b
=
"
L
N
\
i



Live demo
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Why iIs hypergraph?

Six images fromCaltech-101. The first three images are from the 'ferry’
class; the last three images are from the ‘joshua tree’ class.

How to build the complicated relationship of multiple features?



“Why is hypergraph?

V2

-~ -

It is not complété to represent the relations among vertices only by
pairwise simple graphs.
It may be helpful to take account of the relationship not only

between two vertices, but also among three or more vertices containing
local grouping information.
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expression ypergra
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miRNA-mRNA interaction networks
associated with the specific cancer



- Hypergraph-based feature representation

™ Unsupervised hypergraph learning

* Video objects clustering (CVPR
2009)

e Image categorization (TPAMI 2011)
W Semi-supervised hypergraph learning

e Content-based image retrieval
(CVPR 2010, PR 2011)

m Sparse hypergraph learning LRI T : .\_'.“ |
* Elastic hypergraph (TIP 2016) Ty —“f'if*’-:‘
* Application in hyperspectral image

classification (TGRS submitted)
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Oversegment

Attributes
from motion
profile

Attributes from
optical flow

|




Simple Graph + Both Motion Cues Hypergraph Cut



Simple Graph + Both Motion Cues Hypergraph Cut



Videos




astic Net Hypergraph Learning (IEEE T-1P 2016)

Robust Elastic Net Representation

min | Z||; + X Z|5 + 115,y
st. X = XZ+ S,diag(Z) =0

y

Hypergraph Learning

: KNN-Graph

= Elastic Net

Hypergraph




astic Net Hypergraph Learning (IEEE T-1P 2016)

Dataset G-graph  LE-graph [;-graph KNN-HG SCHG [;-Hypergraph = ENHG
Extended Yale B (10%) 66.49 70.79 53.87 71.80 77.68 82.15 88.59
Extended Yale B (20%) 65.34 69.97 54.46 75.54 81.80 83.48 90.87
Extended Yale B (30%) 33.72 71.85 53.90 77.67 82.84 85.36 93.94
Extended Yale B (40%) 66.28 71.34 56.61 80.59 83.55 86.90 94.34
Extended Yale B (50%) 66.90 71.60 57.75 80.80 84.48 87.08 94.97
Extended Yale B (60%) 67.52 71.48 58.48 81.79 89.46 90.42 95.28

PIE (10%) 65.72 67.75 78.29 68.74 79.35 80.24 88.31
PIE (20%) 66.94 69.58 82.82 70.18 84.74 84.55 94.94
PIE (30%) 69.89 73.48 87.94 74.39 88.78 89.29 96.55
PIE (40%) 71.54 76.38 90.99 76.14 90.33 91.75 97.33
PIE (50%) 73.04 78.35 03.39 78.76 92.66 93.71 9753
PIE (60%) 7491 80.44 95.00 79.95 94.12 94.87 98.43
USPS (10%) 96.87 96.79 88.33 96.51 97.08 97.20 97.36
USPS (20%) 97.78 97.90 91.11 98.17 98.12 08.29 98.39
USPS (30%) 98.45 98.47 93.08 98.78 98.87 08.85 98.91
USPS (40%) 98.80 98.82 95.96 99.08 99.08 99.10 99.08
USPS (50%) 99.18 99.14 97.31 99.39 99.41 99.39 99.40
USPS (60%) 99.35 99.28 98.86 99.51 99.50 99.52 99,53
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: Breakthrough
Deep Learning

Speech recogniton

Ve S task hours of DNN-HMM | GMM-HMM
SC]nC Reducing the Dimensionality of txaining data with same data
2 Switchboard (test set 1) | 309 18.5 274
G. E. Hinton* and R. R. Salakhutdinov
Swi 2 309 23
W 3 . 23
High-dimensional data can be converted to low-dimensional codes by trai "o ” al Switchboard (test set 2) 0 16.1 6
network with a small central layer to reconstruct high-dimensional input vectors. Gradient descent . -
€an be used for fine-tuning the weights in such “autoencoder” networks, but this works well only if English Broadeast News | 350 17.5 188
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 Bing Voice Search 24 30.4 36.2
better than principal components analysis as a tool to reduce the dimensionality of data. = -
i cti ili the (Sentence error rates)
Dc:nion. and storage of high-dimensional Google Voice Tnput 5.870 12.3
data. A simple and widely used method is  describe a nonlinear generalization of PCA that =
incipal components analysis (PCA), which  uses an adaptive, multilayer “encoder™ network
i Youtube 1,400 47.6 523

2006 VOL 313 SCIENCE www.sciencemag.org

IMAGENET

Description

1 U. Toronto 0.15315 Deep learning
2 U. Tokyo 0.26172 Hand-crafted

) 3 U.Oxford 0.26979 featuresand
4

Xerox/INRIA ~ 0.27058 °2"n8 models
Bottleneck.

Pretraining Unrolling Fine-tuning
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No. 1 in 10 breakthrough tech
2013 selected by MIT tech review

‘IU BREAKTHRUUGH Introduction The echnologies Past Years
y DNA Additive Baxter: The Blue-
Media Sequencing Manufacturing Collar Robot
With massive Reading the DNA of
amounts of fetuses will be the Rodney Brooks's
tational power, Messages that qusckry next frontier of the Skeptical about 3-D newest creation is
machines can now self-destruct coul k: revolution. prinll 9? GE, the aasy to Inierac! wnth,
ize objects and enhance the pvwacy but the

translate speech in
real time. Artificial
intelligence is finally
getting smart.

Memory implants

A maverick
neuroscientist
believes he has

by which the brain
forms long-term
memories. Next:
testing a prosthetic
im) . rlt 'o'r people
suffering from long-
ren i

arm memon

you reall want
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Smart Watches Ultra-Efficient Solar Big Data from Cheap Supergrids

Power Phones

Doubling the cr\a]yzio| lnd tiof

a ing information
efficiency of a solar from simple cell
cell would completely phones can provide
he designel change the surprising msrghls into

Pebbie watch reallzed economics of how people mov A new high-power
that a mobile phone is renewable energy. bout and behave - circuit breaker could
more useful if you notechnology just and even helgeus finally make highly
don't have to take it might make it understand t| efficient
ot of uniir noekd nocsible anrean of diceacas aride nractical

REVIEW

Aol 101036/ naturel4539

Deep learning

Yann LeCun*?, Yoshua Bengic® & Geoffrey Hinton**

Deep learning allows computational models that mwmmuddmﬂuphmdmhymto learn representations of
These

data with multiple levels of the state- of-the-art Inspeech rec-
ognition, visual object recognition, d);bctdetecdounﬂmqmdnrdumhnmhmdmdlscwmarﬂ@mmlmbeep

Intr using the fthm to Indicate how a machine
hould ch: amused the Ineachhyerﬂnmtlmmmesenmﬂunin

ﬂlepuwlmslayer Deep

nets mewﬂm“llwdl n
audio, whmmcurmm nets have shone light on sequential data such as text and speech.

Images, video,

201585 B NatureZELAGIA RIS
AXREFIHIT 7 DEFEM |
BEEFREFIRABMN =268
i FE ISR EHRISE

tamatically discover the representations

ion. Deep-learning methods are

representation-learning methods with multiple levels of representa-
tion, obtained by composing simple but non-linear modulesthat each
transform the representation at one level (starting with the raw input)
into a representation at a higher, slightly more abstract level. With the
compaosition of enough such transformations, very complex functions
can be learned. For classification tasks, higher layers of representation
amplify aspects of the input that are important for discrimination and
suppress irrelevant variations. An image, for example, comes in the
fiorm of an array of pixel values, and the learned features in the first
layer of representation typically represent the presence or absence of
edges at particular orientations andlocations in the image. The second
layer typically detects matifs by spotting particular arrangements of
edges, regardless of small variations in the edge positions. The third
layer may amm:blemot)fl into larger combinations that correspond
would detect objects

g B &b

learning

The most common form of machine learning deep or not,

vised learning, Imagine that we want to build a system that csndaamfy
images as containing, say; a house, a.car, a person or a pet. We first
collectalarge data set of images of houses, cars, people and pets, each
Isbelled with its category. During training, the machineis shown an
image and produces an outputin the form of a vector of scores, one
for each category. We want the desired category to have the highest
score of all categories, but this is unlikely to happen before training,
We compute an objective function that measures theerror (or dis-
tance) between the outputscores and the desired pattern of scores. The
machine then modifies its internal adjustable parameters to rednce
this error. These adjustable parameters, often called weights, are real
numbers that can beseen as knobs that define the input-output fune-
tion of the machine. In a typical deep-learning system, there may be
hundreds of millions of these adjustable weights, and hundreds of
millions of labelled ex: s with which totrain the machine.
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~ IMJAGENET Large Scale Visual Recognition Challenge 2015 (ILSVRC2015)
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Task 1b: Object detection with additional training data

News I__ Ordered by number of categories won £S5 REgiSﬁaﬁDﬂ FAQ Citation Contact
Number of
NEWS Team _— Description of outside data object
name Entry description Used categories mean AP
won
= Fy pre-trained model from
classification task add training
« Jz |{Amax remove threshold compared to entry1 examples for class number 165 057848
<1000
i ombined models with region proposals -class classification
Jz Combined models with regi Is {[3000-cl lassificati
« O CUImage |jof cascaded RPN, edgebox and selective |images from ImageNet are 30 0.522833
SearCh nend ta mea train ChIK]
« O Task 3b: Object detection from video with additional training data
MIL-UT ensemble of 4 1
Ordered by number of categories won
- N.
Number of
= N lAmax Cascade regior |[Team E ) Description of outside data object
name ntry description used categories mean AP Ed
- 0 won dnnounced.
o ensemble of 4 1 only half of the videos are tracked due to
B . deadline imits, others are only detected by
m AT Faster RCNN (VGG16) without tempor |~ iz QISR
= August 15, 2015 Reqis smooth.
) Outside training data _(ImageNet 3_000- ImageNet 3000-class data to
* August 13, 20157 Comp |Fviseo [Eess feta o pie rar aton saa._|Pre i the mode R et
« June 12 2015 Tentatiy [Trimps- |[Models combine with m
' —  |Soushen |constraint Task 2b: Classification+localization with additional training data
= June 2, 2015; Additiona |Trimps- :
M 19 2[]1 5 A— Soushen Combine several mode 0 by classification error
- ay ) S ANNouUnc |BAD \VID2015_trace_merge
. o4 |[BAD combined_VIDtrainval_
- December 17, 2015: St gap VID2015_merge_test 1 |[am name"Enlry description Description of outside data used ][f::::lﬁuﬂon ]LL'zg?lizallon
. September 19 2014- Tr [BAD combined test DET th he —
: i classification
BAD VID2015_WVID_test_th r DET
Chapel Hil H E— I we used in DET vl T | 14574
° ]
Trimps- xira annotations collected [lextra annotations collected by
H is;[nry Soushen |y ourselves ourselves 0.04581 0.122285
Average multiple models 3000-class classification images
CUImage |Validation accuracy is from ImageNet are used to pre- 0 05858 198272
2014, 2013, 2012, 2011, 2010 79.78% train CNN

NC
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IMAGENE T Large Scale Visual Recognition Challenge 2016 (ILSVRC2016)

Object detection from video (VID)tel

News History Task 3a: Object detection from video with provided training data

Ordered by number of categories won

News
Number of
* Septemb ream name Entry description 2:::;:)“% mean AP
» Septemb won ir 18, 2016 5pm PST.
» Septemb INUIST |cascaded region regression + tracking 10 |0.808292]
» Septemb |NUIST ||cascaded region regression + tracking ||10 ||0.803154|
° May 31 : : CUVi ”A_mn.rinl nheﬂmhln-: with N ||+i_f?nn+nv+ ?I |nnrne-eir\h and I\llr-\+in:\h_(2| lidad ” ” |
Task 3b: Object detection from video with additional training data
» May 26, oo
o May 3’ 2016- S Ordered by number of categories won
. - Number of
cam Entry description Description of outside data used object mean AP
name
categories won
cascaded region :
2015, 2014, 2013, 201 |NUIST regression + tracking proposal network is finetuned from COCO 17 0.79593
. ) cascaded region .
Te ntatlve -I-Ime NUIST regression + tracking proposal network is finetuned from COCO 5 0.781144
Trimpe- ” FEvtra Aata frnm lmanallat Aatacat/iniit nf tha

. May 31, 2016: sous Task 3d: Object detection/tracking from video with additional training data

]
» September 9, 2016, : |Team Entry description Description of outside data used mean
name AP
NUIST frzif(?:ge‘j regionregression+ | osal network is finetuned from COCO 0.583808

|ITLab- ||An ensemble for detection, ||pre-trained model from COCO detection, extra data collected ||h mmm|
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Object detection on each frame

Tracking from the high score frame (temporal smooth)
Class-wise box regression and NMS on each frame
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Cascade Region Regression
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Model Ensemble

Res-net

del ensemble

e

is always
effective.
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Demo Video
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Demo Video
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Does Cartoonist use deep features?
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