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Intelligent Robot System

—

———

Natural Language B Database
Processing ; '

Pattern

Cognitive
Science

Computer
Vision
“Machine Data Mining

Learning

Intelligent Robot is “Mixed Martial Arts” in computer science!
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. brown bear

. Tibetan mastiff
. sloth bear

. American black bear e s
. bison :

. baseball player
. unicycle

. racket

. rugby ball

. basketball

. digital watch
. Band Aid

. syringe

.slide rule

. rubber eraser

. shower cap

. bonnet

. bath towel

. bathing cap

. ping-pong ball

. diaper

. swimming trunks
. bikini

. miniskirt

. cello

At o il
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b WN - Taua b WN B

b WN R

b wWN PR

b WN B

. Siamese cat

. Egyptian cat

. Ibizan hound
. balance beam
. basenji

. king penguin
. sea lion

. drake

. magpie

. oystercatcher

. oboe

. flute
.ice lolly
. bassoon
. cello

. beer bottle

. pop bottle

. wine bottle

. Polaroid camera
. microwave

. butcher shop

. swimming trunks
. miniskirt

. barbell

. feather boa
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Fine-grained object recognition results (2012)

- - A T

AT Weimaraner  soft-coated wheaten terrier Dandie Dinmont

Scottish deerhound Old English sheepdog

Staffordshire bull




Fine-grained object recognition results (2012)

Irish terrier




Is it enough to label images with words?

http://www totallifecounseling.com/services-
therapy-orlando-florida-clermont-east-southwest-
therapy-therapists-counselors/ptsd/

labels dog, person, bit = dog, person, bit
a sentence| A dog bit a person. £ A person bit a dog.

o




Automatic Sentence Generation
frO m I m a g es Best Application of a Theory Framework Special

Prize at ACM Multimedia 2011 Grand Challenge.

GOOD EXAMPLES
_A brown

| horse stand-
ing m a lush
green field.

A jet flies
high in the
blue sky.

A silver car ﬁ i= uﬂ A city bus
parked in a [SEESSSIEEY driving past
o residential 1a building.
street. -

A man stands
1 front of a
train

A sheep with
a tree 1n the
foreground.

Yoshitaka Ushiku, Tatsuya Harada, and Yasuo Kuniyoshi. Automatic

Sentence Generation from Images. ACM Multimedia, 2011. 10



Automatic Sentence Generation
fro m I m a g es Best Application of a Theory Framework Special

Prize at ACM Multimedia 2011 Grand Challenge.

BAD EXAMPLES
A white jeep * Three cows
arked ﬁli a . & are grazing in
arge white e field.
Mione = a grassy fie

= A man stand-
143 W ing 1n front

=== of spiderman
. poster.

Y%lowland
O%® Y white plane
-‘k flying through

the air. =3

A black dog
looking at a
black sheep.

A man and
woman 1s rid-
ing a brown
horse.

Yoshitaka Ushiku, Tatsuya Harada, and Yasuo Kuniyoshi. Automatic

Sentence Generation from Images. ACM Multimedia, 2011. 11



Learning Images and Texts

Assumption: pairs of images and texts are glven

Golden Ketn are also noted tor
their inte Iige nce. The breed ran
fourth in Stanley Coren’s The
Intellicence of Dogs following the
Border Collie, Poodle, and German
Shepherd, as one of the brightest
dogs ranked by obedience—command
trainability

Typical Golden Retrievers are active
and fun—loving animals with the

exceptionally patient demeanour
befitting a dog bred to sit quietly for
| hours in a hunting blind. Adult Golden e to work, and have a keen ability to

T

I —
A Golden Retriever puppy

jumps to catch a treat.

0

0 =+

_‘
&

ple:

A Golden Retriever puppy &7 as Goloerr e = CeEgt rannme

e o cateh & treat http: //en W|k|ped|a org/wiki/Golden_Retriever

EIRENELDFERE
1) BfRENERERLEDFES
>NEXRFEODEHEL ST E2TCHFBRE
2) BIRES VT IVINIVEDESE
—HENT—2 &L L TCEAONABEERDIERZHERO

©
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Y. Ushiku, T. Harada, and Y. Kuniyoshi.

M u It i - Keyp h ra se P ro b I e m Efficient Image Annotation for Automatic

Sentence Generation. ACM MM, 2012.

 Proposal of multi-keyphrase problem

— EREDbi-gramBG EIEFZ R DI NIVEOREREZFE L, BERRIC
X L CEYIEEZBDIEFME NIV EHTET .

0 .
N .

« A man bites a white dog in his arms.

* man bites
 white dog
* his arms

« Assumption
- EfRODIV T VIEWK DO DF—T L— X EETHRIRATRE.

his arms in—his arms A man bites
man bites|] == a—man a white dog
white dog a—white dog in his arms.

Keyphrase Grammer Sentence




Solution of Multi-Keyphrase Problem

Y. Ushiku, T. Harada, and Y. Kuniyoshi. Efficient Image Annotation for

w ‘..:“._.L _ Automatic Sentence Generation. ACM MM, 2012.
8 man bites > Label 1
B white dog > Label 2
Ja his arms > Label 3
:> Multi-class classification problem

« Problem
—§%7k;gﬁﬁﬁ®@%ébﬁ?%%k®,%ﬂ?%ﬁ%lﬁ
MBI RVC/ED.
— BFEHnE T 5 Ebi-gramizsn?, tri-gramiE5n3DF — 2 —.

« WRDRIVF 7 ZABAIBEL Y S, KRG T T A&5NERIC
FEAeeE IV ALHDKRSO5NS.

— Passive Aggressive with Averaged Pairwise LossDig3



Problems of Assistant Robot

How to convey How to extract
user’'s intention the target from environment
difficult and stressful complicated, variable

to solve shape and texture



Other Interesting Results

N. Shibuya, Y. Shimohata, T. Harada and Y. Kuniyoshi.
Smart Extraction of Desired Object from Color-Distance
Image with User’s Tiny Scribble. IROS, 2008.

color distance input & const.

headphone

hole punch

skeleton model



Image Representation



The data processing theorem

The state of
the world

The gathered The processed
data data

Markov chain
P(w,d,r) = P(w)P(d|w)P(r |d)
The average information
I(W;D) = 1(W;R)

The data processing theorem states that data

processing can only destroy information.

26
David J.C. MacKay. Information Theory, Inference, and Learning Algorithms. Cambridge University Press 2003.



Pipeline of Image Recognition

Bottleneck
Training

Feature
extraction

Training data Model (classifier)

upstream downstream

Testing

Feature

Test data Model (classifier)

extraction

« Upstream process is more important than downstream process.
« Data and the feature extraction are more important than the classifier.
« Feature extraction is a bottleneck.

- If we have high quality data and a proper feature extraction method, even
simple classifier can obtain high performance.

27



Descriptor

What's Image Feature?

General pipe|]ne Interesting points
(e.g. corner, edge)

Local descriptors d N

1) Input Image 2) Detection 3) Description

p(d;9)

l / » @ B x=f(0)
\ An image is represented by
* a probability distribution.

4) Local descriptors in feature space 5) PDF estimation 6) Feature vector 28

A




Local descriptors ind
feature space

Image
Representation

Descriptor matching
A

# of anchor points: small

# of anchor points: large
Computational complexity: small

Computational complexity: large

SVM-KNN Bag of Visual Words HLAC
Naive Bayes Nearest Neighbor Gaussian Mixture Model GLC
Graph Matching Kernel SCSPM, Super Vector, LLC Global Gaussian
Fisher Vector
29




Image Feature Design ,

BFRECihFD ROt EDE NG
SEE D@EY)ZETEDEHIAH

T. Harada, Y. Kuniyoshi. NIPS, 2012.

T. Harada, H. Nakayama. ECCV,2010.
H. Nakayama, T. Harada, Y. Kuniyoshi. CVPR, 2010.
H. Nakayama, T. Harada, Y. Kuniyoshi. CIVR, 2009.

Local Spatial Information Embedding

Mask patterns

Local descriptors ind
feature space

Concatenation of

Sum of local the elements of

auto correlations

Local auto correlations

m
¢(r;) h‘,f §¢(r,)= :

m,

1

Local descriptor
(SIFT, Ssim,,,)

o(r)d(r) Al_! TomNE) =

the vector and
the matrices

over the region

Riemannian
metric

GO +a) ek a) = i

OO +a)" ! Tommamray ||
- N, i

Graphical Gaussian Vector



Distance between France and Japan

Geodesic distance

Euclid distance

* Geodesic distance on the earth is more proper
than Euclid distance.



Distance between Images

MGMRF
(e) Parameter space p(x E)

MGMRF MGMRF A | MGMRF
p(X;E)) ' : P(X;Gs)
Co T vadlE

Tangent space é‘:2

. . B Connection
Riemannian Metrix

9 Do) . — —dn ' G*
ds® = KL[p(x;m) : p(x;m + dn)] = an Gdn Similarity measure
Metric on tangent space: Fisher Information Matrix Better feature




B EDE T IV{E

(a) Densely sampled
local descrlptors

Markov Ra
(MGMREF)

Q0000000000000
@000 O Q0D GO

(b) Multivariate Gaussian

T. Harada. NIPS, 2012.

ndom Field (c) PDF (d) Feature Vector

% Emp(x;{é? o
: @ : Parameter of MGMRF

N d x=(x"-x)
Local descriptors X; € R
Gaussian MRF
st p(x; 0) = exp (9T¢(fﬂ) — ®(0) + C(w))
— ‘ | I -
Fox—s 0= (hiyi € V)U(~5Jii € V)U(~Jiy, {i,§} €€)
HET_ . n=Elp(x)] = (1i,i € V) U(Py + p2,i € V) U (Py + iy, {i, 5} € €)
() — R75 HMBOBAHAOEE upper[P,]
E&[)%]';&O : \WPH P, P {IL)}eE upper[P,, ]
P=E[xx']=|P, P, 0 M= upper[Py;]
=N 4Lt 2E| E)
&) 0 e
vec[PR, ]
X = (XT XT XT )T DRIICIS i
WD THEREO



G M RF ‘: B Lj’ % Fis h e rﬁ#ﬁ?ﬁ.?“ T. Harada, and Y. Kuniyoshi. Graphical Gaussian Vector for

Image Categorization. NIPS, 2012.
. 2/ FHhERINET S T7BEICHIT BFisherlEERTTH (FIM) Z5E

—  Full Gaussian®DFIMDE+E .
. 0 0 1 oP oP
Frap="p' 2By pr Zpt
on, a"lj 2 on, a‘lj
. Full Gaussian FIM%& 4> 7E8 3E4 S TIRICHER J. K. Johnson. Convex Relaxation Methods for
A a Graphical Models: Lagrangian and Maximum

* * hes. PhD thesis, ’ .

F(n) = Ff’g(m F;ga\g("’l) Entropy Approaches. PhD thesis, MIT, 2008
Flootn) Fioao

- GMRFIZHIF BFIMESTE

G (n) = Fg.g(n) — F5,\g(n) (F\*g,\g(n)) Fg.g(n)

(1] 2=(z 2,)"

Y= yz)T

X =(x, xz)T

(a)

— DDEFETIT N CDZEHE
HATHE/ NS A =2 DfBEIc K o T

FIME7 % fB% 9 &KL

% RIFA e & KRBICRGE

(W ZZTERETDIIRT — * ~ (I*
ZOFRDAICH VS BHEEZER % — G (n) ~ G_ (770)
L\T (_: @%FEE %ﬁ'ﬂx_g_ % . H. Nakayama, T. Harada, and Y. Kuniyoshi. Global

Gaussian Approach for Scene Categorization
Using Information Geometry. In CVPR, 2010.




Deep Learning



Image Recognition Pipeline

Local descriptor Coding Pooling Classifier
e.g., SIFT, GIST e.g., FV, BoVW e.g., average, max e.g., SVM, PA

Coding Pooling

* Conventional image recognition pipeline is already deep!
* Problem

— Local descriptors are handcrafted!

— Coding method and classifier are learnt separately.

 Deep learning methods have been developed, but they have
succeeded in only small networks.

Figure 3: 400 first layer bases learned from the van Hateren natural image dataset, using our algorithm.
Honglak Lee, Chaitanya Ekanadham, Andrew Y. Ng. Sparse deep belief net model for visual area V2. NIPS, 2007.



It basically invented the concept of a cat.

| HOME PAGE | TODAY'S PAPER | VIDEO | MOST POPULAR | U.S. Edition v Try a Digital Subscription | Log In | Register Now | Help
P - -~ i Search All NYTimes.com
Ehe New JJork Times Business Day

Technology >
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Giving you every competitive - (‘ ol

advantage is how we're I
engineering a better world. COREI5ww
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An image of a cat that a neural network taught itself to recognize

By JOHN MARKOFF
Published: June 25, 2012

MOUNTAIN VIEW, Calif. — Inside Google’s secretive X laboratory, FACEBOOK
known for inventing self-driving cars and augmented reality glasses, w TwiTTER

a small group of researchers began working several years ago on a 3 GOOGLE+ Subscribe to Technology RSS Feeds

simulation of the human brain. = ) Technology News £) Bits Blog

http://www.nytimes.com/2012/06/26/technology/in-a-big-network-of-computers-
evidence-of-machine-learning.html?pagewanted=1& _r=4&ref=technology
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Local contrast

Local receptive field

Q. V. Le et al. Building High Level Features Using
Large Scale Unsupervised Learning. ICML 2012.

!

Input to another layer above
(image with 8 channels)

Number of output

T

Input to another layer above
(image with 8 channels)

Image Size = 200

T

Number of input

normalization i W \ channels = 8
\ \"'ﬂl‘ ' ) <
A‘}AQ‘L Slle . S Image Size = 200
: S t
el 2 pealiig NCKC i
—
7]
= WO Number
Ea_ PRGN \ of maps = 8
Loca recepive feld Eu
\

BLAMEETEAZHEL
TULVELND Teonvolutional
NNTIEZLY

channels =3

Input to another layer above
(image with 8 channels)

<€

Image Size = 200

10BED/INTA—3%F#EFD. I=ELAIRINEYH10M6EREL-2—OVELFTTREED



% %ﬁﬁt% Q. V. Le et al. Building High Level Features Using
m ‘H Large Scale Unsupervised Learning. ICML 2012.

AEE, BEE, ¥ BICRERSTHZ1—OVEFERL, TORSEVEERE

AAIEERTIE, R v bT—7 D LIEBICEENMTE Done-vs-all logistic classifierZz &1l



KRR T— 2 ZF A L EREEH

« ILSVRC (ImageNet Large Scale Visual Recognition Challenge)
- KRG T—2%ZFA Lk, ERNEGSRHEOIY T3>
— http://www.image-net.org/challenges/LSVRC/2012/index

- HESORETERSREZ AV

« Task1
— 120FMOEHREZEE LT, 10007 5 ADEER% A

« Task?2
— ERANIT10007 5 A DHEDNE T B DHiEH

« Task3
120D RDFEXEAE YT BTask 1 & W NEEHREESRFZ X7 .

" Shih—Tzu
Bl '

Pomeranian  toy poodle

«at Error

o
" 1) SuperVision 0.153 = 1) ISl (ours) 0.323
:'Univ. of Toronto *  Univ. of Tokyo
2) ISl (ours) 0.262 2) XRCE/INRIA 0.310
Univ. of Tokyo Xerox Research Centre Europe/INRIA
0.246

3) OXFORD VGG 0.270 3) Uni Jena
Univ. of Oxford Univ. Jena



Deep Convolutional Neural Networks

w 192 192 128 2048 2048 \dense
1 e \ 0\
- J 3% T - \
ool - SV EE 13 dense | |dense
-\ 1000
192 195 136 Max i i
Max 128 Max pooling 20%8 2048
pooling pooling

Alex Krizhevsky, llya Sutskever and Geoffrey E. Hinton. ImageNet
Classification with Deep Convolutional Neural Networks. NIPS, 2012.

ILSVRC2012 ThY T [21g> =V AT s
EEE
— 5 convolutional layers + 3 fully-connected layers
— RelLU nonlinearity

— Multiple GPGPU

— Local response normalization

— Overlappling pooling



Example of CNNs Architecture

— Y. LeCun, B. Boser, J. S. Denker, D. Henderson, R. E. Howard, W. Hubbard, and L. D. Jackel. Handwritten digit
recognition with a back-propagation network. In David Touretzky, editor, Advances in Neural Information
Processing Systems 2 (NIPS*89), Denver, CO, 1990. Morgan Kaufman.

5x5 kernels
8 4
m 8 4 Fully connected

N
\4>
=
N
y
AW\

oo\ImIm.waHo

24 12 e

5x5 kernels %D
O —(]

%
28 <\
/

input

v

v

L\ N P P WP A

e

N W WA

v
AW
Lo

output

convolution Averaging/subsampling

convolution Averaging/subsampling



Reducing Overfitting

* Dropout

G.E. Hinton, N. Srivastava, A. Krizhevsky, I. Sutskever, and R.R.
Salakhutdinov. Improving neural networks by preventing co-
adaptation of feature detectors. arXiv preprint arXiv:1207.0580,
2012.

TAMEYRDIZS—ZFEBITHRVNFERELT, ZLDELGLHIY
FI—ODFRDFEHZTHANS

fN—Z=U ) T—3MRRENSEIC, BhED=2—0 D
NEL2DFEETOET B.

s No—ZU I T—AEIZBRLGHRYN I =0T —FTIOFvh EREINS.
LRI —DODEHTHEBFLTLS.

15t 2nd convolutional layers|Z 3 FA
TARFIZIEFEHRYNT—DFI A

NEDENBLI=vrEZEFEDETHE 2MEDRYRT—DIZL-T
L%\izf;llgi’lf_éf?g)b@ﬁﬁ%@flzi’ﬂéﬁ WTOTZRIRNILEZTFRILT
— </d .



Data Augmentation

o Fo—Z2 T T—5%2048f51Z/KIEL
— T—AR%ZETHEIL THLE
— KEDHBREERZ AL THLE
— Deep CNNsMoverfittingz [B] #2935

2
’\Q},.} i K

. iaégﬁaww*)b0)%@@%%“:3&-?—9%%
(=]
— BBRAZIZAZEIZTS
— Topl errorC1%M & EEM L
— RGBDE T ILIEIZPCAZ AT S
— BEBORGBEVLILIZLULTDEEZMNAZ 5.

_15)/ _15)/ a1/11
I,%, = I,%, + [P1 P2 P3]|axl,
B B

Lxy Ity]l  Eigenvectors @33

Eigenvalues



The data processing theorem

The state of
the world

The gathered The processed
data data

Markov chain
P(w,d,r) = P(w)P(d|w)P(r |d)
The average information
I(W;D) = 1(W;R)

The data processing theorem states that data

processing can only destroy information.

45
David J.C. MacKay. Information Theory, Inference, and Learning Algorithms. Cambridge University Press 2003.



Framework of Real-World IIRecognition
[

Cyber world Human filter Physical world

-

Recognition System

Learning <P~

Our baby is
The red train stopped growing fast.
at the station. . -

' We started the
weight training.

/




R. Matsumoto, H. Nakayama, T. Harada and Y. Kuniyoshi.

)
J 0 u rn a I I St Ro bOt Journalist Robot: Robot System Making News Articles

from Real World. IROS, 2007.

The web data is huge, while the real-world is infinite!

Hardware Process Flow & software modules
> Crawl
Anomaly
detected News, events.
Approach to
anomaly
Investigate « ‘
'Segway PUbIISh [twitter.com]
Q=
 LRF
-Camera. [ SLAM ] Human detection ]
+ Pan-tilt head p
*Microphone Anomaly detection J Verbal interviewing J
+ Arm x
Laptop PC

- Battery 47



Results

News article generated (in Japanese)

What is this strange thing?

Witness said, “Practicing
poster session for coming
conference. It is about a
robot finding news”.

I:> *Picture for the article
Dictation of the interview
= Accessible by web browser

Posting to a microblogging system

The picture taken by the system
near the abnormal object.

In twitter client:

journalistrobot | found: http://localhost/zoomed news image.png

robot finding news”.

o from api

as Witness said, “Practicing poster session for coming conference. It is about a _ | found: http://localhost/zo

All Friends journalistrobot (localhost) (@

omed_news_image.png I
Witness said, “Practicing

poster session for coming

|:> The followers of the system gets easy access to the news.

conference. It is about a

robot finding news”.
urnalistrobot, [+
Sat 12 Feb 23:34 via ap

50
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