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Taking pictures everyday/everywhere...

http://cachel.asset-cache.net/xc/200545511-001.jpg?v=1&c=NewsMaker&k=2&d=CED48661B87C5DBFF5EA7A9E4218F9EE1F6F6178A68B340C
http://cached.asset-cache.net/xc/200483959-001.jpg?v=1&c=NewsMaker&k=2&d=EDF6F2F4F969CEBD9A551141E9DF12COE47ADEC7FBB32857DF0450484851C07200123AA3B5A18EDO



Taking pictures everyday/everywhere...

2.bp.blogspot.com

digital-photography-school.com



But we are not good at organizing them ...

 Most photos and videos remain in shoebox or e-shoebox
* But we love to share them ...



Example:

“u- - My family’s video channel
= Sharing ~ 100 videos on Youtube

= This single video has been viewed >130,000 times

= More popular than all of my published papers!!!

e English
™
Yuu TUhe Videos | Channek

ﬁ sfchang123 | &= (0} |Acccuntv CuickList | Help | Sign Out
Community | Upload

| [ Search ]

Videos (44)

- Worldwide (All) | English
YouQUli:

Broadcast Yourself™ Home Videos
Unsubscribe
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Challenge after capture and upload

It will be nice to tag ...
YUII Worlgwide (A1) | English

Pachelbel "Canon in D Major"

Videos

Videos

Performance, classical music,
ensemble, concert; Pachelbel Canon
in D Major, romantic; young
musicians, girls, boys; outdoor,
Bryant park in NYC, statue, columns,
stage, flowers; Instruments, audio
equipments, violins; . . .

* Tagging is boring and hard
* Each uploaded photo has only 0.97 tag on average

(Naaman, Yahoo!/Rutgers)



Scarce Tags > Faulty Search Engines

“Manhattan Cruise”

Google

|manhattan cruise

Moderate SafeSearch is on

|[ Search Images ” Search the Web ]

Images Showing: |AII image sizes V| |An\jr content

v| B Allcolors v

Manhattan Vacation

www Expediacom Manhattan is Calling. Book Your
Vacation at Expedia Today.

... Manhattan skyline.
800 x 600 - 95k
wirednewyork.com

360 x 276 - 18k - jpg
[ More from wirednewyork com ]

Manhattan cruise
500 x 375 - 105k - jpg
www flickr.com

Cruise
400 x 300 - 23k

WYy 1.com

Manhattan Cruise Terminal
320 % 363 - 4k - gif
www_nycruiseinfo.com

800 x 600 - 73k

wirednewyork.com

Manhattan Dinner Cruises

www.manhattan-dinner-cruises.com

... Aboard A Manhattan Harbor

Cruise ship Zenith of Celebrity ...

Manhattan Cruise
www . viator.com/new-york-cruises
York City sightseeing cruises on Viator.

= Manhattan Cruise Ship_jpg
722 x 480 - 110k - jpg
www.pbase.com

.. father tom cruise in

Book 4-star rated New

New York Harbor Cruises

Results 1 - 18 of about 676,000 (0.13 seconds)

Sightseeing & Dinner. Sunsets, Skyline Views!

Cape Liberty Cruise Port in
Bayonne ...
800 x 600 - 72k
wirednewyork.com

M riFosish

500 %318 - 31k
www _theinsider.com

... the Manhattan Bridge
[corrected] ...
480 x 640 - 63k
famousankles.com

300 x 240 - 62k - jpg
www_xperiencedays.com

The Manhattan Cruise Terminal.

450 % 348 - 98k - gif
WWW.panynj.gov

AllMewY orkTours.com/Cruises

Scenic Cruise, ...

Sponsored Links
Harbor Cruises in NYC.

= X
Cruises thrive at Manhattan, ...
364 x 425 - 116k - jpg
www._newsday.com

... Cruise departed their
Manhattan ...

420 % 300 - 69k - jpg
www_poplife.biz

Manhattan Cruise
York
450 % 335 - 53k - jpg
www._skyscrapercity.com
[ More from www nycruise.com ]

|
terminal. MNew

PortCfllanhattan
464 % 348 - 3k - jpg
www.cruisedirectorsinc.com

Suri Cruise is Made For
Manhattan
300 % 300 - 31k - jpg
justjared_buzznet.com

View of Manhattan from Cruise
Ship, ...
BOO % 594 - 46k - jpg
WWW. FEIHDI'EIIﬂiD com




Scarce Tags > Faulty Search Engines

“Cruise ship in Manhattan”

Google |cruise ship in manhattan

|[ Search Images ][ Search the Web

IModerate SafeSearch is on

Images Showing: |AII image sizes V| |An\,r content

V| Bn All colors v

nced Image Search

Manhattan Vacation

www.Expedia.com Manhattan is Calling. Book Your
Vacation at Expedia Today.

Cape Liberty Cruise Port in
Bayonne ...
800 x 600 - 72k
wirednewyork.com
[ Maore from
wirednewyaork. com |

800 x 600 - 73k

wirednewyork.com

... be on a cruise ship. in Hell, ...
339 x 510 - 88k - jpg

320 % 320 - 26k - jpg
ilovermonsterbash.blogspot.com

www._bizbash.com

=
Cruise Ship Crashes Into
lManhattan ...
640 x 429 - 29k - jpg
WWW_CTUiSECrazies.com

Manhattan ...
636 % 429 - 20k - jpg
WWW_cruisecrazies.com

Cruise ship Zenith of Celebrity ...

— ————
Pedicabs fram Manhattan ...

Cruise Ship Crashes Into

Cruise In Manhattan

www_viator.com/new-york-cruises  Book 4-star rated Mew
York City sightsesing cruises on Viator.

Cruise ship strikes Manhattan
pier
4502 268 - 37k - jpg
www.nydailynews_com

cruise ship manhattan

500 x 375 - 98k - jpg
www flickr.com

[ More from flickr.com ]

.. City Cruise - cruise shipsin ...
450 % 450 - 40k - jpg

www.dezeen.com

... Smooth Cruise around
Manhattan
485 % 322 - 60k
www.smoothjazznewyork.com

5 Authoritiesya cruise ship ...
440 % 503 - 44k - jpg

www_1010wins. com

Cruise ship Carnival Triumph
sails ...
800 x 600 - 71k - jpg
wirednewyork.com

Manhattan Cruises
www._CitySightsMY .com/Cruises
York City Harbor Manhattan Cruises. Save 55 Online.

"Carnival Miracle” Cruise Ship ...

Results 1 - 18 of about 236,000 {0.17 seconds)

Sponsored Links
Hop on Board - New

5.5 Manhattan Vintage
Passenger ...
400400 - 32k
www zazzle com

500 x 375 - 137k - jpg

www flickr.com

Cruise Ship Crashes Into
Manhattan ...
400 x 300 - 18k - jpg

wWww_n }'1 com

Cruise ship leaves Manhattan ...
3446 % 414 - 307k - jpg

www_panaram io.com

2V . Al EUROPE
ttan .. Washlngton

Crystal Symphony a Cruise
Ship ...
3008 x 2000 - 295k - jpg
radonic.wordpress.com

STATES ...
898 x 1129 - 564k - jpg
cruiselinehistory.com




The other side of coin
Visual Search: use pixels to find information

mobile visual search

product search landmark search document search

Recent commercial iPhone App SnapTel Google Goggles
applications:




How Does It Work?

2. Image SeReNYiaINAS

feature similar images
extraction back

1. Take a picture

4. Feature

matching

with
database
images

Image
Database




Basic Image Features

Grid Color Moment

Canny Edge
B mean
B variance
B T
[ i |
-- edge direction counts
R energy in different filter banks
1 1-
| os} - 0.8
0.6} - 0.6
] 0.4+ - 0.4
0.2+ | L - 0.2 4
50 100 150 200 0% T 80 100 OGWWWHO



Recent Popular Features:

— Interesting content
— Precise localization
— Repeatable detection under variations of scale, rotation, etc

1
3 (Slide of K. Grauman)



Example: Scale-Space

e Computation in Gaussian scale pyramid

* Local maxima in scale space

Scale
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(Slide of K. Grauman)



Extract Appearance Descriptor from Keypoints

Compute gradient
in a local patch

o
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Image gradients Keypoint descriptor

SIFT: Histogram of oriented gradients over local grids

* e.g., 4x4 grids and 8 directions [Lowe, ICCV 1999]
-> 4x4x8=128 dimensions

e Scale invariant

S.-F. Chang, Columbia U. 15



Clustering of Image Patch Patterns

CVVV VvV YV i
Ll

L \M‘ Alaw
AT
EMW

letters

Sivic and Zisserman, “Video Google”, 2006



A New Representation: Visual Words

keypoint
g' features .
E .' visual words

*J‘;».}:--

o

A BoW

histogram |

ITe=wN- -




Image matching with local interest points

Matching SIFT points
[Lowe, 1999]

= Measure useful information
= Image similarity
= Copy/source identification
= Discover possible transformation between images

= Can be done efficiently



-'w-- Content Based Image Search

s Demo: Object Retrieval

s Demo 2: Flickr Image Search

S.-F. Chang, Columbia U. 19



Scale Up: Find similar images over Internet

= Billions of images online as dense sampling of the world
= For every image taken, likely to find images that look alike

80 Million Tiny Images, Torralba, Fergus & Freeman, PAMI 2008




IM2GPS: where is this photo taken? (ays aefos, 2008

Similar images Most likely locations

et g ‘
s T A
Beijing Beijing Beijing Beiiing




Search over Billions:
Scalability is a Big Issue

Similarity Search: traditional tree-based methods (e.g., kd-tree) not
suitable in high dimension

Need accurate, sublinear solutions (o(N), O(log(N)), O(1) )

Recent trends:
projection based hashing

= Random projection:
Locality Sensitive Hash (LSH)

[Indyk & Motwani 98, Charikar 02]

= Principal projection:
Spectral Hashing [weiss et al 0g]

= Restricted boltzman machines P(h(x4) = h(X,)) = 1- cos™(X;-X,)/TT
[Hinton et al. 06, Torralba et al. 08] = Sim(x1, X2)

= Kernel LSH random projection h with N(0,1)

[Kulis et al. 09 & Mu et al. 10]



Binary Codes

Linear projection (hyperplane) based partitioning

h, h, X X4 Xo X3 X4
ﬁ Vi 0 1 1 0
®X; Y 1 0 1 0
Xy
o © ®
® ® L] e Yk
... .xz .XS 010.. 100... 111.. 001...
Linear Projection hi(x) = sgn(f( WA x + b))
based hashing yr(x) = (14 hp(x))/2

Very efficient training and testing

110...

Probabilistic guarantee of finding true targets within € distance range
[Indyk & Motwani 98]

Slide of Sanjiv Kumar, Google



o T ,
J(W) = 5t [(WTX,;SX, W] ZE[H“R"&:H]

;S‘-j 7 =

Beyond Randomness:
Semi-Supervised Learned Projection
Given Pair-Wise Relations (xi,x;) € M: neighbor pair
(xi,%;) € C nonneighbor-pair

Measure empirical fit of
hash bits J(H}—Zﬁ:{ D Ixi)hi(x) =) B (i) (x,

(x2.%;)EM (xi,%;)€EC
Are the partitions balanced?
Measure hash bit variance N El|h (%) — ]

Elegant eigen-decomposition solution

-1 (x4,x5)€C CVPR10, ICML10]
0 : otherwise.

{ I (x5.%x5) €M [Wang, Kumar, Chang

Incremental learning via =—8 Similar = m mE Poor Projection

)

AdaBOOSting A==-A Dissimilar B Good Projection



* Learned projection hash SIET-1M
increases accuracy > 2X
* Query time: a few seconds -
 Compact code -
48 bits vs. 128 bytes per sample)

0.37 !

* Challenge: scale to billions?

Tiny Image — 80M

Binary Reconstructive Embedding Learned Projection Hash



Beyond pair-wise similarity: Image Manifold
 Recover manifold distributions in high-dimensional space

* Each point represents an image, construct sparse graph
* Graph for information propagation, like PageRank

_ | | | | | | | | |
-15 -1 -0.5 0 05 1 1.5 2 25 3

conslulaibppidpbgisbaneyayigmipdd data



Manifold vs. Supervised Learning

* Poor classifier when ignoring manifold distribution

12¢

1L
08l
06}
04 »%ea
02t

0"
02t

04t

06

_08 | | | | | | | | |
-15 -1 -0.5 0 0.5 1 1.5 2 25 3

Only cotsiitee|Bdsafrt data



Graph-based Semi-Supervised Learning

« Construct Sparse for Label Propagation

® ®
® o
(]
® (O] 5 . . . . ® ( :
LX) ° ® @ o ® e
° @ °
°
@ .. 5] . .. . ® OOO ©
o
QD & a} o
& °
Input Samples
Input samples with sparse labels Label propagation on graph Label inference results
Positive | . Unlabeled . Positive O Negative

V --graphnode f . classification
W -- weight matrix ¥ - - label matrix

» : G -- graph Q - - risk function
= Y, 6(V, W
F* = minQ(f, 4,60V, W)



An active area in Machine Learning

» Given initial labels, Y, find classification F over graph

Label Fit known
smoothness labels

) 71 2 [
1 F. F'..
O(F) = _Ej}m- L _ 4 E]ﬂ-ﬂ?
( ) 2 i=1 j=1 ’ VD;; V Djj p-;‘:l H H

— te{F'LF+u(F-Y) (F-Y)}

(Zhou, et al NIPS04)

Gaussian fields & Harmonic functions (zhu et al ICMLO03)

R [ .
QF) =5 > > wilFy —

i=1 j=1

1) /A F' = 0 onunlabeled data, where /A = D — W is the
craph Laplacian;
2) F;. =Y, on labeled data.

29



' Non-Trivial Issues

Locsl and gobal consistency (NIPS 2004)

06} s 4
04l yhe e 04 .
Method
ot o ok ’
02 0.2
04 04
06 06}
'of’ls 1 095 3 'n-a‘s 1

(a)

GFHF
Method = -

14 A 05 o

05 1 15
Classficason Emor 0,165

(d)

Unbalanced
Labels

@ °°
X *
o o 6% ° o og:f
uh% 00@ 3
? %o ]
° OC'O o %D%%$XO °%°o°
o o o% 0
o
05 0 B oo 15
(c)

X
o8 o o
ng?’%“oo © °°§°c

%},% T %Zj

° ° %E%a%o

G
EE Y Y RO
° “300% o0
=]

Bad Label
Locations

L L L 1 L
0s 1., 15 2 25

Noisy
Labels

S.-F. Chang, Columbia U. 30



A Key Problem: How to Construct a Good Sparse
Graph from Massive Data?
- 2

) (@ @
Distance threshold Rank threshold (kNN) B-Match

N\ /

*B-Match preserves sparse structures min P.D P: connectivity

gy D: distance
*Efficient method exists much faster

than O(N3) s.t. Zj. Pij =0, Py =0, P = P,
\ (Jebara, Wang, Chang ICML 2009) j




Another Key Issue: Noisy Labels P %

—> Treat both labels & prediction RN
as optimization variables A -

O(F,Y) = %tr {FTLF + u(F — VY)T(F — VY)}

« Diagnose and add/remove labels
« Select the most reliable and informative label

o(Y) = %tr (Y'VT [PTLP + pu(PT —D)(P —D| VY)

* Propagate trusted labels to the whole graph
« given label (Y), propagate over graph, predict F

SFQ* —0=F"=@L/u+D VY =PVY

(Wang, Jebara, Chang, ICML0O8) (Wang and Chang, CVPR09)



[ Labels

itia

In

Iteratively Tune and Propagate

Label Information

(Wang and Chang CVPR’09)

£x | DST-propagation |

< LDST-self-tuning

O GTAM

Iteration Number

o) co_.uo:mh 108lqMeganien ayL

Q over iterations

(with vs. without label tuning)

on

f the cost funct

Ine o

Decl

Iteration # 2




Application: Internet Search Result Reranking

4

Keyword
Search

Search
Engine

Treat top results as
Bottom imgs as -

Diagnosis
Diffusion




Application: Internet Search Result Reranking

Reranked Results

Keyword
Search

|

Search
Engine

Treat top results as
ottom imgs as -

Label

Diagnosis
Diffusion




Application: Internet Search Result Reranking

Keyword
Search
Search
Engine

Google Search “Statue of Liberty”
oo - B s ey _SSe— | / ]
&5

amecs RN ‘- ————":'_.--

Diagnosis
Diffusion




Application: Internet Search Result Reranking

Reranked Results

Keyword
Search
Search
Engine

Treat top results as + et

Label
Diagnosis
Diffusion




Interactive Image Annotation:
Columbia TAG System

Processing Eeatlre
Image\Video data (denoising, |===P»> Extraction e gmgl:itte
cropping ...) y
P o o
; / Graph
* L e Constructlo
e Interactive
AN Jra” browse / label
Graphic
User
Interface
. v
Applications -
rap
Concept detection,
Object retrieval, . .
Image search L R ;

i

Interactive Mode

S.-F. Chang, Columbia U. 38



‘u-- Columbia TAG Image Search System

m Demo:
Rapid Image Annotation with
User Interaction

S.-F. Chang, Columbia U. 39



Beyond Matching:
.. Automatic Visual Recognition

Analysis models

B Anchor
B Snow

W Soccer
@ Building
0 Outdoor

= Audio-visual features
= Geo, time, camera metadata =  Rich semantic labels
= User context

40



Hot topic ... community fast growing!

TRECVID

LSCOM
CalTech256

PASCAL

Tiny Image

LabelMe

ImageNet

Lotus Hill
Dataset

Broadcast news,
documentary,
Flickr, Youtube...

Broadcast news
video

Internet Images

Internet Images

Internet Images

Internet and user
uploaded images
and videos

Internet images

Internet Images

400 hours Sound & Vision
170 hours Television News
100 hours BBC rushes
(130,000+ subshots)

170 hours Television News
61901 subshots

30,607 images

9,963 images
24,640 annotated objects

80,000,000 tiny images
(32x32)

30,369 images from 183
folders

9,386,073 images

500,000+ images and
keyframes

video
shots,
keyframes

video
subshots

Images

images,
objects

images

images,
keyframes

images

images,
keyframes

(as of Nov. 2009)

10 (2004, 2005)
39 (2006)
39 (2007)
20 (2008)

1000+ concepts
256 classes

20 classes

75,378 WordNet
nouns

111,490 object
labels

14,847 WordNet
synsets

280 object
classes



Image/Video Classification

TRECVID

Boat S o Protest




Object Localization
(PASCAL VOC)

TANVAV AV

—




Create Large Corpora: Crowd Sourcing

= Amazon Mechanic Turk
= \Web Open Market for Human Computing

What can |
annotate

Is this a DOG?

o Yes
o No Task

earn $0.03 per image tag
Internet-scale wor



. - Crowd sourcing for image annotation

n
. .
h l t k B N S1gn In
amazonl I Iec an Ica ur Draw bounding boxes around objects in images
Artificial Artificial Inte |r"|- Requester: mtlabel-dolores Reward: $0.05 per HIT HITs Available: 1655 Duration: 60 minutes
Qualifications Required: None
| | Main Instructions with examples Look up "gig"” in Wikipedia in Google *
HITs v D

.. . 1a- i ; . ; ; Draw a bounding box around the
HITs containing 'annotation’ Draw a box around gIgQ: /ong and light rowing boat; especially for racing following object in the image:

1-2 of 2 Results

gig: long and light rowing boat; especially
for racing

Sart by | HIT= &vailable (most first) w |€

Craw bounding boxes around obiects in images Instructions:

Requester: mtlabel-dolores « Include all visible parts and draw as
tightly as possible

« If there are multiple instances,
pick only ONE ( any one ).

+ Do NOT draw on the instances
that already have bounding

boxes.

pS

£ i E
Medical Image Segmentation (OCT) - 1060 - B roup

Requester: Cardiff Turk

SEE INSTRUCTIONS WITH
EXAMPLES —

[JCheck here if there's NO gig in this
image or if every instance already has a
bounding box.

Such task is nicely called Human Intelligence Task (HIT)!

45



Rapid Advances in Image Annotation

» “Moore’s Law™: accuracy doubles in about 2 years

mean recoghition rate per class

70

10

__Caltech 101 data set

Varma & Ray (ICCV07)
Vedaldi, Varma, Gulshan &
Zisserman, update&software

=—+=Zhang, Berg, Maire, & Malik(CVPRO6) | :
Lazebnik, Schmid, & Ponce (CVPRO06)| :
= Berg (thesis)
Mutch, & Lowe(CVPR06)
=¢=Grauman & Darrell(ICCV 2005)
= Berg, Berg, & Malik(CVPRO05)
|=+==Wang, Zhang, & Fei-Fei (CVPR06)
=e—Holub, Welling, & Perona(ICCV05)
Serre, Wolf, & Poggio(CVPRO05)
e Fei-Fei, Fergus, & Perona

SSD baseline ;
] ] ] |

| i |
5 10 15 20 25 30 35 40 45 50
number of training examples per class



CuZero: tag videos with 400+ classifiers

concept detection models:
V) objects, people, location, scenes,
ry events, etc

o W
- 9
aborato

digital video | multimedia |

airplane aipiane_takeott airport_or_airfield armed_person buildi ng car cityscape crowd
desertdirt_gravel_road entertainment explosion_ fire forest highway hospital insurgents
landscape maps military miitary_base military _personnel mountain nigntime people-
marching person powerplants riot river Foad g shooting SMoke tanks urban
vegetation vehicle waterscape_waterfront weapons weather

TRECVID 2008 High-Level Feature Extraction
«——Columbia Runs |

G.18

a.18

014 Evaluation of 20 concepts
0.12 at TRECVID 2008

a.1

0.08

Mean Average Precision

0.0G

.04

0.02

162 Type-A Runs from 35 Teams



TRECVID: Detection Examples

* Top five classification results

Classroom

Demonstration
Or Protest

Cityscape

Airplane flying

Singing



What can a small recognition engine do?

* How to leverage a noisy and small visual
vocabulary?

* State of the Art video search engines have
~1000 visual concepts

— IBM IMAR
— U. Amsterdam MediaMill

— CMU Informedia
— Columbia CuZero



Obvious Problems with Small Vocabulary

* Given a search topic, users often have difficulty in
choosing matched concept classifiers

Find shots of something burning with flames visible

Cannot find matched |hundreds of classifiers
. fre M
| car =
| cIaSS|f|§rs. Lal e out%%%ing >
Which classifiers work? airplane car crash
road _ person
———_Explosion _~___




Ideas from Information Retrieval:
- "=« - Query Expansion

S.-F. Chang, Columbia U.

lexical mapping

WordMet LECOM

Classifier
Suggestion

o

co-occurrence (from training set)

guery time concept mining

rasults

=
! boat
walar
By

wigual mining

dominant
concepts

55



Specific exemplar
Use visual "
examples to - R
compensate the

deficiency

Query: “find person running around a building”

car Running

urban

building

loading  vehicle

pers‘Onwalking road

e Generic concept




@I~ rro
e Sy _
Zero-Latency Video Search

.oVl

Semantic Instant Query Concept Mapping Video Content

Search Target Concept Concept (with metadata
(query topic) Mapping Visualization

thousands of semantic

Real-Time conoepts _———
Navigation & Feedback é urban outdoo

fire ¢ building
irplane car crash

Multi-Concept || Real-time Query
Navigation Manipulation
\ Y,

roadsky person

CuZero Search Engine

(Zavesky and Chang ,
Multimedia Info Retrieval MIR ‘08)



58

Demos

Find lake front buildings in the park

Find person walking around building

Find a car on a road in a snowy condition




COLUMBIA UNIVERSITY

Visual Search via Brain State Decoding

« Human Vision Is L
Superb by quick “gist” e
in the “B“nk Of an Eye” o (Hbel. 1995)

How We
- blink Decide
Tiv

Joint work with Paul Sajda’s group

59



Brain Machine Interface for Image Retrieval

Use image graph to tune
& propagate information

Use EEG brain signals
to detect target of interest
(video)

Manifold

M‘ /' “Dalmatian”

. '@ Initial EEG Labels
'®_Unlabeled Data

Rapid Serial Presentation of Caltech 101 Images Graph-Based Visual Pattern Discovery

TAG System

C3Vision System by Wang and Chang

by Sajda et al

(Wang , Pohlmeyer, Hanna, Jiang, Sajda, Chang, ACMMMO09)



COLUMBIA UNIVERSITY

The Neural Signatures of “Visual Attention”

Fz

4—

Standard

~100 o Ly 200 300 400 500 600 700 800 800 [ms]

+«— Target

-100 [] 0o 200 300 400 500 600 700 800 200 Ims|

<— Novel

—

v 4
time e

0o 200 300 400 500 600 o0 800 200 Jms]

NSF HNCV10

Novel (P3a)

442 - 444 ms

Target (P3b)

474 - 476 ms

-1_0‘:1'- Tn uw
Novel
—— Target
—— Standard

From D. Linden, 2005
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COLUMBIA UNIVERSITY

Single-trial EEG Analysis

« Typically EEG is averaged over trials to increase the amplitude of the
signal correlated with cortical processes relative to artifacts (very low SNR)

« High-density EEG systems were designed without a principled approach to handling
the volume of information provided by simultaneously sampling from large electrode
arrays.

« Our solution: identifying neural correlates with individual stimuli via single trial EEG
analysis.

« We apply principled methods to find optimal ways for combining information over
electrodes and moments in time contained in individual trials
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ldentifying Discriminative Components
in the EEG Using Single-Trial Analysis

LDA or Logistic Regression is used to learn the contributions of
EEG signal components at different spatial-temporal locations

Channel

[oo

Sz- 1 ST 9 ; 4 0 100m2s

£ : \ U2
O O o C) 100825 200 ms

Si5 Si6 Si7 5i8

S$i9 Sil0

900ss 100028

(Parra, Sajda et al.

Optimal temporal
filtering over time

windows after onset

-

2002, 2003)
ares (" Optimal spatial N
§:> filtering across
L electrodes within
::_'j; each short window
< Lwns \ (e.g., 100ms) )
a N

/

63



COLUMBIA UNIVERSITY

The Vlsual Interest Readout Experiment

User thinks about what
he/she wants to search

i
Database (any target that may interest users)
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Neural (EEG) decoder

Database

Interest-scores
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Exemplar labels (noisy)

Semi-supervised
Graph-based propagation

prediction score
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Human inspects Machine filters out

only a small noise and retrieves

sample set via BCI | _targets from very
_large DB

* General:
no predefined semantic classes

* High Throughput: neuro-vision as

@ii\_t_)ootstrap of fast computer vision

Il el L

Pre-triage Post-triage
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Experiments

e (CalTech101: 3798 images from 62 categories
Satellite images

e Generic neural decoder trained per user using images (Soccer Ball or Baseball
Gloves) from Caltech256

e A subset images randomly sampled to construct 6-Hz RSVP sequence
e |nitial Trials: 4 subjects, 3 targets (Dalmatian, Chandelier/Menorah, & Starfish)
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Example results

Top 20 results of
Neural EEG detection

Top 20 results of ; \
Hybrid System (BCI-VPM) [

= Random
==mEEG Score
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DARPA NIA Program: Remote Sensing Target Search

Initial EEG neural signal detection:

After graph refinement and diffusion

Images from DigiGlobe)



Summary: Cross Fertilization of Several Fields

Human Vision Internet/Data Vision |mage Recognition/
Machine Learning

/

Image video
search engines



Conclusions

= Great opportunity for video search research

= Exciting topics

Semantic Search:
Large-scale visual ontology and intuitive search

Machine Learning and Computer Vision:
Robust classification and image understanding

Matching of Billions of Images or More

F Wiy B T il
p27 Y : TG il Vom B
T
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= Go nglc goggles

Robust features and fast matching CUT=r 249

iE'Fo-Latencv Video Seart_:h_ .

Internet Vision:
Explore new applications on Internet

Neuro-Computer Vision:
Synergistic integration with neural vision systems
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