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EB/Month
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Youtube (201 I):
500 - Increase 48 hours / min

3,000,000,000 views / day
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IP Traffic (Cisco Visual Networking Index 2010-2015) 3
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Content-Based Video Retrieval (CBVR)
CNFTORFITAIHR
TV RS, B\, —1—2, ZAR—Ve
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RAIF—INEE
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Gartner Hype Cycle for 201 |

Babble

net TV

expectations

Activity Sire#ins ‘ C Payment _
‘ Wireless Power Private Cloud Computing
Social Analyti Yo < Augsrierited Realit
Image Gég“ 2 e : '1% Gesture
Recognition ~ ) .| Recognition
— . I

Image Reco

Context-Ermched Databaze Management Systems

Recogribion

Speech

Video Analysis fOI' o-Machine Communication Services Recognition
Consumer Service 2 Me ok B metric Location-Aware Afl_tions
n
Processing " nt Authentication Y4 -
Method o 2 ecognition
™ nalytics
S i '
Video Analytics for Custom g 5 <l L ; o\,e Pitlres
Computer-Brair Lca Hosted Virtual 1 “ec ication Methods
Cua nlu:rn C Desklops . Mement

Hlor Code
onsumearization

Human Augmentation Virual Worlde

3D Bioprinting

As of July 2011
Technology E’uﬁa‘;;{ L Slope of Enlightenment Plateau of
Trigger Expectations Disillusionment Productivity
time v
Years to mainstream adoption: obsolete

Olessthan2years O 2toS5years @ 5to10years A morethan 10 years & before plateau
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BRISAAST (S CNH S “Babble”
SEZFLEO

= (S “Babble Crash”h®

Babble

Actwty Streams . : i
ireless Power ) ) - ali SPeeCh
Recognition

ry Database Management S

cognition
Machine Communication Services

Image
Context-Enrich

Speech-to-Speech 7
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Matural Language Question,
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brks: Sensor

Hosted Virtual _‘,3
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Consumer Service __—
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Quantum Con, yLlllI"IQA Deskiops
Human Augmentation
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: As of July 2011
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Trigger of Enlightanment Productivity
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A more than 10 years @ before plateau

Years to mainstream adop
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WORD ERROR RATE

100%

10%

1%

Resource
Management

720 Xr=E==hShp A0S
E|[FEPHE (DARPA) B RN\ F N —2
B_  Switchboard
Conversational ... .
Read Speech e foreign
Speech u
= =
WS] ——m
e Broadcast
Spontaneous 20k Varied SI?E,.eCh /0
SpeeCh Microphone fore|gn
(0]
 ATIS T NAB .
E ok .' K
L1k . Noisy
. -

o FPERI(CH R D 7ZERTE
o BXRICIIZEE

Courtesy NIST 1999 DARPA
HUB-4 Report, Pallett et al.

1988 1989 1990 1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003
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TRECVID
Semantic Indexing



TRECVID
(TREC Video Retrieval Evaluation)

20014 (C Text REtrieval Conference (TREC) M5 iHi7

H#Y

NIST(National Institute of Standard and Technology) h'E1&

RO > 7 Y51 - i RZRIAFTOIEHE

O0—X RREESRSFED -0 3v T

TR—

IRX—=: http://trecvid.nist.gov

o KR —IMERD (BFIEZFDORIEZ TV T)

FEDOLERNEZ. TDIZHESHE

o SINIUFITEEEZYIE
o BBEARITHNEOENTS
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TRECVID XU DfEE

=

Known item search

Semantic indexing

Shot bo

undary detection

2001

Story
segmentation

Low-level
feature
extraction

Content-based ¢

opy detection

Surveillance event detection

Rushes
summarization

Instance search

2006

Multimedia
event detection

2012
|6



TRECVID —%tzwv k

TV news TV shows Internet video
| 11 | | |
. 2003 200 i 2 2008 2009 2010 2011

IACC

New development or test data
as added HAVIE

Data (hours)

: N Internet Archive
| Creative Commons
Sound& [ :

BBC rushes vision o _ |
(. F BBC rushes

S&V

http://www-nlpir.nist.gov/projects/tvpubs/tvll.slides/tvll.intro.slides.pdf
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2011€F TRECVID
66 F—LNSH (AANSE12F— L)

5 tasks:
Semantic indexing (SIN)
Multimedia event detection (MED)
Known item search (KIS)
Instance search (INS)
Surveillance event detection (SED)



Semantic Indexing (SIN)

iy
EA> 3w k5D Concept Zi&H
Concepts: objects, scenes, ...

TRECVIDDH S X

5 LT 18| D —AAAREE G (S X s
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Multimedia Event Detection (MED)

B
EFAOUYTHSDANR MEH
e.g. Batting a run in
Making a cake

SINK D ERDITER
ZIR—VEENSD)\A S Mat
ZA A=y MREETER

20



Instance Search (INS)

iy
REDAY). B, OJZRE

XIER(SEAME, FBT —F (320

F—A~NR—2Z : BBC rushes

21



Known Item Search (KIS)

ity
sFIRTF X RECh (CE T BIFRS — > =ie
B TRV YDENRKRICDACZHITTCLND

FBF I

SINY X TESNIC
A>T haFIFE
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Surveillance Event Detection (SED)

By
EERR IO ASH SR MEH
/X2 : PeopleRuns, Pointing, PeopleMeet, 7 &

BN, BEHDAS

FT—INR—2X
AF IR - B RNDo v OZTECHITD 5 BDER A SMEGR(145850)
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Semantic Indexing
(SIN)



S X ETE
F—AR—2Z : IACC

(Internet Archive videos with Creative Commons licenses) . 600 h

Ot 346

Run: &42nI1>tT MMcOWTEM2000E0 3y bR bERE
XEZFRXDF—AIFERAN4 DDRUNZIRETED

sMME#E: Average Precision (AP)

K
12 p(k)
K k
k=1
k: Rank

p(k): Number of true shots from 1st to k-th

25



# positive shots

A>T bOHIRFEE

Number of positive samples in 264,673 training video shots

Outdoor (29,997 shots)

more than 10,000
15000

5%

12500
10000
500

5000 1% of development data

Singing (3875 shots)

2500

““H"mH"HH”"M"”|||||||||||||||||III|||I||||||||||||||||||||||mmmmmmmmm...................................A...........

346 semantic concepts

]

Airplane (371 shots)
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Bag of Words (BoW)

p# L LIE|(CH VT D —AxIAREEak CE

=RVN |SIFESTE EXNIS A

w

F—JL—L%=FH

o FTESHLEEBIDIVN
o EHEERENKEL

=
r.-—— S o & ;
d i
\ . bt
10 i |:> . . l:> |:> SVM
!l: ':_h;-' Ll = N7 \_
el \ r °
'-j\\.‘__ i, S ,.ll
. .
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FITIRENE (1) @ mEfEM
BRE. S 7—9RRICHIE

More features

SIFT, Color SIFT, SURF, HOG, GIST, Dense features
Multi-modal

SR0OF A Singing, Dance, Car, etc.
Multi-frame

F—2JL—LLS=FIH
Soft clustering

= FLEREDEIR
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FITIRENE (2) @ =ERIE

SHN58F — AF28F — [ (253) LD
HRERHETERN O

o IEM7ILTVUX
o DEUILIE
 Graphical Processing Unit (GPU)DFF
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. KEFFH(BEA NI S LRKRE)
BRI C 0 (BB IR BEHMR (ST UY)

» Eaoak, OCR
TNSBAERDOMEEENMEL

o YMRDANIERR T

IERDEREMMEUL. fIEDRL\Conceptt

« ConceptfEIdDZ

>7 A

F—IRNDIRTES

A
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Semantic Indexing®7z& D
= Al
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3 DDOEEFLT

. ZER%E. (BmE

Gaussian Mixture Models (GMM)
T—SRE

MAP i@ 1L

. =IER{E

Rigist —3
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IJL—LD—T

Tree-structured

MM GMM
1) SIFT-Har GMMs supervectors

]_ m ¢(Xs)—

R 4

i — m — o(x)—(QD)
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FFEH

Tree-structured
—m T s GMMs

I 1) SIFT-Har GMM
supervectors

1 . [
P m — ¢(Xs>~\

A T
V I
- | 3) SIFTH-Dense —
——" 1
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BRAFEL

o 6 DDEIRITFHEN
SIFT-Har, SIFT-Hes, SIFTH-Dense, HOG-Dense, HOG-Sub

e Multi-modal
BE45E: Mel-Frequency Cepstral Coefficient (MFCC)

e« Multi-frame
BIL—/A. 1TL—APE. 2B(C1IL—LRE
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G PR EES

1) SIFT-Har

- Harris-affine detector
- Multi-frame (every two frame)

2) SIFT-Hes
- Hessian-affine detector
- Multi-frame (every two frame)

3) SIFTH-Dense

- SIFT + Hue histogram

- 30,000 samples in a key frame
4) HOG-Dense

- 32 dim HOG feature

- 10,000 samples in a key frame

5) HOG-Sub
- Temporal differential of HOG
- Detect movement

% Reduce dim to 32 by PCA

36



Mel-frequency cepstral coefficients

= Z5 5 MFCC

B oo, BEZAN2 RMREECEI<HAHLSGNSD

filter bank

ﬁ

L1 ]

MFCC(12)
AMFCC(12)
AAMFCC(12)
ALog-power(l)
A A Log-power(l)
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A>T MOEFIL
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Il'ree-structu red
| GMMs I

1) SIFT-Hak

GMM
subervectors

() —(200)

AN

J_
E
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®
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B A IED 1
Gaussian Mixture Model (GMM)

T IO RX D DEHMTTF] 3 W
= (myn, o AT o | (¢ )/
p(|0) = Z’wkN z|pr, Zk) ( C)
% BEKTD k DEHEw, =1) .'O ) .”'O \ Q‘"
Ui, Zk /J:blZl ﬁ k O):Fi’j Cl:_ﬁﬁy ’ ; - "

BRD> 3wy cGMMTET)UE
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GMM (& BoW Dilhsk

BoW GMM

1

LN

Code vector I::> Gaussian mean

Histogram I:> Weight distribution

Red Color: = 3w b EICHETE 40



B i€ D2

Maximum A Posteriori (MAP) &/

s RFEDO—FE

o GMMDEBFARD NLICHTH L. EDE

SR D72 IRE

1. IRTOEZT—F%ZFALT Universal background model (UBM)

7x HETE
2. UBMZHIEAEFILE LT, MAPEIGICKD, GMMDFEEIXRD MLz
HET D,
SR  UBMICHITD. ML D31
UBM WY~
QL | /(B
| %8
. .
MAP NI
adaptation 7 [ &

KDDIRRNT —HETEREIIHEE
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MAP & it

ljj. xl;---;xn
u 20 UBMICRITBEE

(i : BB k DOFIDMAPIHEE

T D HIEINS A =4

N _T,U:k +Zz 1 CikZ4q
a T4 Cy
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I3k ODEIZi’] ETTEN

wkN(fBz'/JJk
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Tree-sturuc | 1
1) SIFT-Hartured GMMs, GMM [
S $upervectors
s
T "":"' ¢(X8}_' :
video (shot), il """ b et \ |
ar : - .l.. I
' “_. 3) SIFTH-Dense T - |
== 4) HOG-Dense ' :
...................................................................... l
\\, 5) HOG-Sub
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6) MFCC : / ,
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GMM Supervector + SVM

1. GMMOD¥EEINRT N L7z &L — GMM supervector

/g;\
ﬁb(XF) —

\ jix /

where

. U) (o (U)y— 2
e = \Jwy(50) 72

normalized mean

2. Support Vector Machine (SVM) with RBF kernel

k(Xe, XL) = exp (—7]|¢(Xz) — ¢(X0)]12)

GMMI(Zx19 BFisher Kernel Dy



Score fusion

SVM X7 DEMHTTF]

f(X)= ﬂFfF(XF)*: O0<ar <1, Zﬂfrzl

-
n
™

where r — {SIFT-Har, SIFT-Hes, SIFTH-Dense,
HOG-Dense, HOG-Sub, MFCC}

&E4+(d Concept C &IC cross validation TRIE




TEH=

HOG-Dense %¥#= FE

0 0.1 0.2 0.3

B Feature m PCA

L2 &S DETERE (sec)

0.4 0.5 0.6 0.7 0.8 0.9

GMM Estimation m SVM

GMMOH#EEN AEBTD
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BEZROFTEDESREIL

High cost!
o) [ where 0 ) il
_ T.U’,!; + Zg 1 CikT4 e = wpN (z;|py 7, B 7) , Oy = ZCzk;
7+ Cy S weN (i ),z:
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BRI D3 -
RIBEGMMZ AU ZERETE

AT EDREKRDICET DN
(BoW: AHZzEDTI— RICEIDZTDIHNY?)

o ) Tst layer
S| S
N2 Go 2nd layer
— L Oy G>_;@.—_—— 3rd layer
@ & leaf layer
O =
&
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Gaussian components
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FHEEZEEO— 8 CDHETE

G
. @z K wpN (D, 59)
@
X4
o ° Y i
- o /oo/ ¢ o o e
Gaussian components
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ARtBEGMM (1)

Leaf layer
kD EIDEEE

Symmetric KL divergence
)| (©

®
2 O ——————— 7.-.....—

Gaussian components

51



ARIBEGMM (2)

Non-leaf layers J— ROAIRSTEE. U—D
DF IR THEA %N

3rd layer

Gaussian components

"q éfﬁ leaf layer ji R ﬂ. ﬂ ]
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Non-leaf

NS

ayers

i
o}
|

(]T_")

|
__T___

O

£GMM (3)

J—ROADADMIE U—T
DH I AN MmES L

st layer

Gaussian components

2nd layer
3rd layer
leaf layer ]
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NS

Non-leaf

ayers

— —_O____

EGMM (4)

J—PROHDADfMmE Y-

DI I ADMESZ I
Istlayer ________
2nd layer
3rd layer
leaf layer

Gaussian components
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le—
—

\

SR

H—F (1)

2nd layer
3rd layer

@ : Active nodes
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EIRY—F (2)

2nd layer

3rd layer
leaf layer

@ : Active nodes




SHES

H—F (3)

st layer

2nd layer

3rd layer

@ : Active nodes
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TRECVID201 1 SIN OO#5EE

200 +
150

10.0

Mean InfAP (%)

50 F

0.0

TRECVID 2011 Semantic Indexing Runs

><¢ Mean InfAP: Inferred AP averaged over all concepts
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>t 7 MEdAverage Precision
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SN IR ST NS ?

SIFT-Har +SIFTH-Dense +MFCC +SIFT-Hes +HOG-Dense +HOG-Diff
12.44% 15.58% 16.59% 16. 98% 17. 18‘% 17.27%

| \ ™
200F | . \\
I'-,I \\\\\\ \

-u}' -o--!'"'.- .'.'-

15.0 F e Lesase®e® .

100

Mean InfAP (%)

50 F

0.0

SIFT-Har | [ ] HE B

SIFT-Hes
S5IFTH-Dense || ||
FGG-De-‘uﬁ_fe,'

HOG-D

MFCC | [

Number of features



R

Calculation time (sec)

L L
|“7~

GMMEEDETER

w
o

2.0

1.0

_.L\b

SIFT-Har

SIFT-Hes

'ﬂ:rdxb(c_\ 4.2 'fﬁ@

3 IF fE]

SIFTH-Dense MFCC

R

™ No tree

B Binary tree

Optimized tree
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Multimedia Event Detection
(MED)
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Multimedia Event Detection (MED)

iy
EAOUYITMNSDANR Mt
e.g. Batting a run in
Making a cake

SINK D ERDITER
ZIR—VEENSD)\A S Mat
ZA A -2y MMEETER

F—AIR—X
HAVIC : 20008ffElD/R— A EFT A
Linguistic data consortium (LDC)H' 2k
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MED (2)

2010(CRIaSNIZFR LW XD
2011 (F18F—A(HEADS(E5F— L)

KEIEHRE(IARPA)DAutomated Low-Level Analysis
and Description of Diverse Intelligence Video
(ALADDIN) JO>x 2 B
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HAVIC —45~X—2X

« ETATOVUYIT(27312E): 34881E
« B TIL: BRADANR MIATZ1001E
FEDHDHEFEM. FDNHT X NHA)

Assembling a shelter Birthday party Making a sandwich

Batting a run in Changing a vehicle tire Parade

Making a cake Flash mob gathering Parkour
Getting a vehicle unstuck Repairing an appliance
Grooming an animal Working on a sewing project

65



SHMEZE :
Missed Detection Probability P,
1 - Recall
False Alarm Probability Pg,
False Alarm / Clips with no events
Normalized Detection Cost (NDC)
L2 DZBEIHREHCTREULIZED

Costy.. = 80
NDC = CoStpiss Pmissptarget + Costpy PFA(1 - Ptarget) COStFA =1
MIN(COStmissPtarget + COStFA (1 o Ptarget)) Ptarget = 0.001
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N2

SINO) /ﬁ@hb\
% < OYFEL+ BoW+SVYM

T 22 ] 455 12X
STIP (Space-time interest point), etc.

1>7F A DEFTIE (Semantic model)
SHERMNBE DR « T—FHRN ?

= Aok, OCR
RHEX L. SINEREUEH




Mean Minimum NDC

1.5
1.3
1.1
0.9
0.7
0.5
0.3
0.1
-0.1

TRECVID201 |

|st Team
2" Team

3rd Our team

TRECVID 2011 MED runs

_ Mean MNDC Mean ANDC

0.448
0.499
0.525

0.465
0.522
0.556
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Information Technology Laboratory N'S'r

Information Access Division (IAD) i iioras ond Techrcsi

Post Adjudication Results - Best Submission Per Event

Lowest Error

95
: ! : I [\\ l T Rlandom Plerformancie
90 |- N Iso-cost ratio lines P . S t
: N\ BBN: Grooming Animal i
Y ol frai rrmary system per
80 \ BBN: Sandwich

“._  BBN: Changing Tire

“._ BBN: Birthday Party
TokyoTech-C%Kn: Vehicle Unstuck
~ BBN: Parkour

CMU: Repairing Appliance

BBN: Flash Mob

60

_._
_...._..
BBN: Parade — @ — | Event
: ——
+
: (Based on Iso-Ratio Line)
——
_._.

40 -
_3; * Easiest: Flash mob gathering
2 20 i *  PMiss=0.1438, PFA =0.0115
= ’ :
R * Toughest: Grooming a animal

L \‘ + PMiss = 0.3445, PFA = 0.0275

5

5 'T | = Error Rates more than

' 1 double for both error types

s .

2 ...

1 | | | | [ 1

12 51 2 5 10 20 40 60 80 90 95
PFA (in %)

2011 TRECVID Workshop December 5th, 2011 (Gaithersburg, Maryiand) l n_' Motionsi tustiute of



Iinformation Technology Laboratory ler

Information Access Division (IAD) Siihiorcs sod Wk

FIash mob gatherlng (Primary systems)

L) ’p “I Randon Perfornance Quaero
Qo [so-cost ratio lines Sesane
ADDLIV2ICH w——— SRI-AURORA

ANY === TokyoTech-Canon

BBNVISER UEC
CERTH-ITI VIRED
CHU

INRIA-LEAR
Hedianill

Nikon

PHiss {in %)

e Flash Mob Event was the
easiest to detect

* Wide range of performance

 BBN System Actual
Performance
—  Pmiss = 0.189, PFA = 0.009

PFA {in ¥)

2011 TRECVID Workshop December 5th, 2011 (Gaithersburg, Maryfand) I n.. u-------

Standords and Technology
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- BEDE CRESNIZEMNEER LICHES
— GMM, MAP#EL, AMEET —3F

lme

HZEL AL (SIN) X LANJL (MED) 7\
- BEROOA=Za=5—>3>FF)L
— A>5F+ XX +DIEHA

No data like more data
- FHB(CRAT—ILT RN EE
— STEOERIENFITFIEE(C

R (AEX DEEFAMTE?
=:BE> /L. #BIEE. Deep Learning, etc.
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