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Today

e Course perspective

— Estimation -- of physical & semantic properties
e Recognition

— Introduction

— Classification

e Read
— Chapter 14 (Come to class with 2 questions)

e New assignment out on Thursday
— face detection
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Computer vision

e Estimation (extracting information)
— Physical properties
— Semantic properties



Why Vision”?



It iIs how we see other people,
navigate our environment,
communicate ideas, entertain,
and measure the world around us.




Why is light good for measurement?

Remote

Microscopy Surveillance

Sensing

e Plentiful, sometimes free

® |nteracts with many things, but not too many
e (Goes generally straight over distance

e \Very small = high spatial resolution

e [ast, but not too fast = time of flight sensors
e Fasy to detect - cameras work, are cheap
e Comes in flavors ( wavelengths )




Why Computational Visual
Recognition®

Because we need to know which bits to measure!

3 Cows at 6:20 PM

Need to recognize which
parts of the image are
COWS, deer, humans,
grass, shadows, etc.




Why Computational Visual
Recognition®

Because we need to know which bits to measure!

Need to recognize
which parts of the two
images show the car.



Why Computational Visual
Recognition?
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Why Computational Visual
Recognition?

Google



Why Cor
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Nputational Visual
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Why Computational Visual
Recognition®

Billions of images, many with no text / meta data



Why Computational Visual

Recognition®

Billions of images, many with no text / meta data

Google

images

Google

Seal

400 x 400 - 48k - jpg
puckthemedia.wordpress.com
Find similar images

Search Images

seal Search

SafeSearch: Moderate v

Seal's really

300 x 300 - 54k - jpg
arjanwrites.com
Find similar images

Seal and Heidi: sex
325 x 325 - 32K - jpg

of Seal on
368 x 357 - 11k - jpg

Find similar images

.com
Find similar images

the seal
400 x 391 - 24K - jpg

bullsheet wordpress.com
Find similar images

Graphic image of
400 x 400 - 38K - jpg
giavasan.diludovico.it
Find similar images

The Canadian Seal
346 x 450 - 29K - jog
advocacy.britannica.com
Eind similar images

kil baby seals
500 x 333 - 67k - jpg
liberationbc.org

Find similar images

SEAL OF APPROVAL
300 x 400 - 51k - jpg

people.com
Find similar images

-

D™

Harp Seal

500 x 375 - 20K - jpg
itsnature.org

Find similar images

Weddell Seal

763 x 510 - 65k - jog
coolantarctica.com
Find similar images

350 x 354 - 33K - jpg
mabi.or
Find similar images

A

harp-seal-baby

470 x 324 - 20K - jpg
joumneyman47.wordpress.com
Find similar images

clubbing with Seall
324 x 400 - 29K - jpg
justwilliam1959,

Find similar images

Antarctic seals and
436 x 316 - 33K - jpg
gdargaud.net

FEind similar imag




Range of recognition tasks

: { o o Duplicate detection
e Edge detection
e Same (rigid) object
e Face detection
e Face |Identification
e (General category recognition
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Range of recognition tasks

e Duplicate detection

e Edge detection

e Same (rigid) object

e Face detection

e Face |Identification

e (General category recognition

| =) [amara

' V £ //



Range of recognition tasks

e Duplicate detection

e Edge detection

e Same (rigid) object

e Face detection

e Face |Identification

~~ === Chair @ General category recognition




Outline

e |mage Category Recognition
— warm up

e Additive Models for Classification & Detection
— efficient algorithms for very large datasets

e Describable Visual attributes for Face Recognition
— benefitting from very large datasets



—xemplars:
An Approach to Category Recognition

Database of
Examples

What is this?



—xemplars:
An Approach to Category Recognition

What is this”
Pick the most similar exemplar...



—xemplars:
An Approach to Category Recognition

Query Exaple |

:.”I'z __- ]

| Khowﬁ s'|.o-a'tial
support In
Exemplar

Transferred to
Query



—xemplars:
How to Measure Image Similarity®?

¢ Directly comparing the pixels in the images does
not work very well, how can we do better?



Detection
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Detection

Find pedestrians



Detection
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Detection

Find pedestrians



Detection

104 to 108 or more
windows per image
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Find pedestrians
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Find pedestrians

104 to 108 or more
windows per image

Boosting + Decision Trees
Viola & Jones (faces)

Linear Classifier
Dalal & Triggs (pedestrians)
Felzenszwalb et al

Neural Networks
Rowley et al (faces)



Detection Categorization

Linear Classifier Kernel + SVM Classifier



Detection

|inear Classifier

#dimensions

h(x) = Z w;T; | + b

1=1

Decision function is sign(h)

Categorization

Kernel + SVM Classifier

sV
h(x) = ZajK(x,xj)—l—b

j=1

Decision function is sign(h)



Detection Categorization

Linear Classifier Kernel + SVM Classifier
O(#dims) | O( #sv x #dims)

#dimensions HSV

h(x) = Z w;r; | +b h(x) = ZozjK(a:,xj) + b

(=T

Test feature vector ) Kernel Function  Support Vector
(comparison)  (training example)

One coordinate of
feature vector



Evaluation time

Accuracy vs. Evaluation Time
for SVM Classifiers

Non-linear Kernel

Linear Kernel

Accuracy




Evaluation time

Accuracy vs. Evaluation Time
for SVM Classifiers

Non-linear Kernel

Our CVPR 08

Linear Kernel

Accuracy
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Accuracy vs. Evaluation Time
for SVM Classifiers

Non-linear Kernel

Additive Kernel

Our CVPR 08

Linear Kernel

Accuracy




Evaluation time

Accuracy vs. Evaluation Time
for SVM Classifiers

Non-linear Kernel

:1: E K :1:
y) ot yz Additive Kernel

Our CVPR 08

Linear Kernel

Accuracy




Accuracy vs. Evaluation Time
for SVM Classifiers

Non-linear Kernel

Our CVPR 08

\ v
Additive Kernel

Accuracy

Evaluation time

Made it possible to use SVMs with additive kernels for detection and other large problems



Additive Classifiers

h(SE) — hl(iEl) T hQ(CEg) + ... hn(a:n)

« Commonly used! Any SVM with an additive kernel is an additive classifier

« Histogram intersection chi-squared kernel

n 2
T, —Y;
Kmln /E y Zmln /'Buyz sz(ac,y) =1- Z E g )

— Pyramid Match Kernel (Grauman & Darell, ICCV’05)
— Spatial Pyramid Kernel (Lazebnik et.al., CVPR’06)
—  Work from Oxford ( Vedaldi, Chum, Bosch, Zisserman et al ’06-’09 )

» A boosted decision stump classifier is also additive
— Any linear combination of additive functions is additive



A SVM with additive Kernel can be

If  K(a,b)

Then #h(=)

—valuated

#SV | |
E o K(x,27)+ b
J=1

sV (#dimensions

Zozj Z Kz(xz,xg)> +b
j=1 1=1
#dimensions [ #sv ‘
Z ZozjKi(aci,a:‘g) +b
j=1

1=1

#dimensions

1=1

—fficiently

Maji, Berg, Malik CVPR 2008



A SVM with additive Kernel can be
—valuated Efficiently

Maji, Berg, Malik CVPR 2008

If K(a,b) = Z Ki(ai, bi) If you have an additive
=1 kernel...

Fsv

Then R = ZozjK(:c,a:j) +b
7=1
sV | #dimensions .
— Zozj < Z KZ(ZISZ,CC“Z)> —|-b
7j=1 1=1
#dimensions [ #sv | ‘
j=1

1=1

#dimensions

— > hia)

1=1
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Maji, Berg, Malik CVPR 2008
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=1 kernel...

Fsv
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A SVM with additive Kernel can be
—valuated Efficiently

Maji, Berg, Malik CVPR 2008

#dimensions
If K(a,b) = Z Ki(ai, bi) If you have an additive
i=1 kernel...
Fsv ' '
h(z) = o K(x,27) +b

Then ; [ then the SVM decision
gsv  #dimensions | function is additive.
j=1 i=1

#dimensions [ #sv .
1=1

1=1

#dimensions

1=1



A SVM with additive Kernel can be

If  K(a,0)

Then Hx)

—valuated Efficiently

Maji, Berg, Malik CVPR 2008

If you have an additive
kernel...
#SV . .
ZoﬂK(m,x]) +b
j=1 [ then the SVM decision
Ly 4 dimensions function is additive.
( Iy

Z o’ Z K (x;, xf))
j=1 1=1
#dimensions [ #sv .
Z ZozjKi(xi,x‘g) +b
7=1

1=1

#dimensions

Z Ki(ai, b;)

1=1

Evaluate these 1D
#dimensions functions efficiently

Z using a look up table,

spline (exact or approx.)
i=1



Intersection or Min Kernel

Maji, Berg, Malik CVPR 2008

#dimensions The | Min K |
: e Intersection or Min Kerne
Kunin(a,b) = Z min(a;, b;)
i=1

Grauman et al Pyramid Match Kernel
Lazebnik et al spatial pyramids

Much follow on work...



Intersection or Min Kernel

Maji, Berg, Malik CVPR 2008

#dimensions

_ Z min(az, b;) The Intersection or Min Kernel
1=1
FHsv | |
Z o Kin(z,27) + b

FHsv #dimensions .
Zozj ( Z min(xi,:vg)> +0b
1=1

1=1
#dimensions
i=1 Hsv

Where h;(z;) Zoﬂ min(z;, z7)



Intersection or Min Kernel

#dimensions

Maji, Berg, Malik CVPR 2008

_ - The Intersection or Min Kernel
= Z min(a;, b;)

1=1

#sv | |
Zaijin(x,xj) +b

FHsv (#dimensions

E o’ E min(z;, ;
J=1

#dimensions

)| +0
i—1 Support vectors are fixed &
min( x; , const. ) is piecewise linear,

Z ha( Qj) b SO hy(x) is piecewise linear.

1=1

Where h;(z;)

Hsv

g o’ min(x;, ‘7)



Intersection or Min Kernel

Maji, Berg, Malik CVPR 2008

#dimensions

= Z min(a;, b;)

The Intersection or Min Kernel

i=1
sy O( #dims x #sVv )oecomes O( #dims x log(#sv) ) exact
Z o’ Kpin (2, 27) 4+ b or O( #dims ) approx.
Fsv #dimensions
Z % Z min(z;,x;) | +b
=1 i—1 Support vectors are fixed &
i : min( x; , const. ) is piecewise linear,
~ SO hy(x) is piecewise linear.
> hulw) b ’ |
i=1 Hsv

Where h;(z;) Zoﬂ min(x;, T *7)



—xample h(x) and Approximations

hi(x,) from 3000 support vectors

0.37F

-0.04k
0.03

(a)

Approximations using 20 evenly spaced segments



Time to Perform Classification

Maji, Berg, Malik CVPR 2008

Linear Additive
Model parameters SVM kernel type fast IKSVMs
Dataset #SVs #features linear intersection || binary search | piecewise-const | piecewise-lin
INRIA Ped 3363 1360 || 0.07+0.00 {C659.1£1.92 0 C2.57+0.03 )  0.34+0.01 (T 0.4340.01>
DC Ped 54744395 656 0.03£0.00 | 459.1+31.3 1.42-0.02 0.18+0.01 0£2+0.00
Caltech 101 175+46 1360 0.07£0.01 | 24.77+1.22 1.63+0.12 0.33+0.03 0.46+0.03

Times in seco#nds to classify 10,000 test vectors

Exactly the same classifier, Approximately the same
more than 200 times faster classifier, more than 1000
than the straightforward times faster.

Version



Min Kernel “Better” than Linear for
Detection = Classification + Non-Max Suppression

INRIA Pedestrian Detections

|KSVM/ _ ........ ....... ........ ....... '
FastIKSVM\- ------- o R S R

Classifier ........ O ]

Linear
Classifier

.........

o
o
o

...................................................................

o
o))
T

.......................................................................

Detection Rate

R IE 7 o500 NN WO U NN SN SUUNG S SO
R £ PR SIRSNE SNROOE SUSU. SR OO SO
T T SpHOG +' 6, + PWLSGD

045(Ff - -------- -------- -------- -=| ——spHOG + (min) LIBSVM
y : : : —O—HOG - (Iln) LIBSVM
0.4

1
0 0.1 02 03 04 05 06 07 08 09 1
False Pos Per Image

Pedestriang i il
Detection g




Min Kernel ©
(other class

Better” 1

ification

nan Linear

oroblems)

Caltech 101 Categorization with SPM “simple features”
15 training examples per category

Linear SVM

40% accuracy

Min Kernel (IKSVM ) 52% accuracy

Accuracy of Min Kernel vs Linear on Text classification

Accuracy Values

Classification Method RS

R52 20Ng Cadel2 WebKb

SVM (Linear Kernel) 0.9666(1) 0.9322(1) |0.8155(0.04) 0.5650(0.05) 0.8796(0.04)

SVM (Intersection Kernel) 0.9693(1) 0.9326(0.8) |0.8115(0.05) |0.5777(0.10) |0.9105(0.04)




Multiscale spHOG features
(Very Similar to Spatial Pyramids)

Based on histograms of response to eight orientated edge detections.
Non-overlapping windows of integration and fixed size windows for
contrast normalization allow efficient computation.

----------------------------------------------------------------------

! !
] x‘l‘l L
IR | i1 i
= '1. =
L v I 1 I; [ %
_-?

1
. 7 ]
e _.U_|El_|§_V_G_|.f§P_t.U_"§§ -__-___-___--__/__-___-J

Append histograms counting
edges in each region and orientation.

The large histogram integration
windows provide variation in
individual counts, allowing an
additive model to have more
flexibility than a linear model



Now we can use Min Kernel for Detection In
Seconds Instead of Hours




Accuracy vs. Evaluation Time
for SVM Classifiers

Non-linear Kernel

K(x,y) = ZK Ty Ys)

Our CVPR 08

Additive Kernel

Accuracy

Evaluation time

Made it possible to use SVMs with additive kernels for detection.



Accuracy vs. Training Time
for SVM Classifiers

Training time

Linear Kernel

Accuracy



Accuracy vs. Training Time
for SVM Classifiers

@) <=1990s

Training time

Accuracy



Accuracy vs. Training Time
for SVM Classifiers

Today

Training time

Accuracy

Eg. Cutting Plane, Stoc. Gradient Descent, Dual Coordinate
Descent



Accuracy vs. Training Time
for SVM Classifiers

Non-linear

Additive

Our CVPR 08

Training time

Accuracy



Training time

Accuracy vs. Training Time
for SVM Classifiers

Non-linear

Additive

Our CVPR 08

Accuracy



Accuracy vs. Training Time
for SVM Classifiers

Non-linear

Additive

Our ICCV 09

Training time

Accuracy



Accuracy vs. Training Time
for SVM Classifiers

Our ICCV 09

L

Accuracy

Training time

Makes it possible to train additive classifiers very fast.



« Additive classifiers are widely used and can provide better

accuracy than linear

linear.

« OQur ICCV 09: additive classifiers can be trained directly as
efficiently as linear classifiers using modifications of current

Summary So

-ar

SVMs with additive kernels are additive
classifiers and can be evaluated in O(#dim) -- same as

state of the art linear training algorithms.

Additive Our Additive | Linear SVM
Kernel SVM Classifier
Time Train 1000 Train 10 Train 10
Test 1000 Test 1 Test 1
Accuracy 95 % 94 % 82 %




Direct Training

It is possible to directly train additive classifiers without using
support vector machines at all.

The formulation is very similar to a linear classifier, with
different regularization.

Training uses variants of techniques for fast linear classifier
training

(e.g. Pegasos — stochastic subgradient descent with some
renormalization)

The key is encoding...



Kernel “Trick” for SVMs

Input Space Embedded Space
o 2" , ° O ® o
O
® m B n e > m Py O
X
- m " %o m ™ ®
y O - © "N an
® o N

Kernel is inner product in the embedded space K(z,y) = ¢($)T¢(y)

Use to represent non-linear boundaries in input space

F#sv
h(z) = ZaiK(a:, s;)+b h(z) =wlo(x) +b

Same Classification Function



—mbeddings...

* These embeddings can be high dimensional (even
infinite)

« Qur approach is based on finite embeddings that
approximate kernels.

o(z)" d(y) ~ K(z,y)

* We are going to use fast linear classifier training
algorithms on the gb(x) SO sparsity is important.



Key ldea: Embedding an Additive
Kernel

« Additive Kernels are easy to embed —
just embed each dimension independently

* Linear Embedding for min Kernel for positive integers
K min £E Z/ Zmln xzayz — ( )TU(y)

min(3,5) = [1,1,1,0,0]%[1,1,1,1,1] = 3

* For non integers can approximate by quantizing

1
$1(x) = \/—NU(R(NLE)),.’E € [0, 1]



Issues: Embedding

« Quantization leads to large errors

—rror

r=35y=>5 min(z, z) = 3.5; min(z,y) = 3.5

é1(x)" 61 ()
¢1(z)" ¢1(y)
» Better encoding

[1,1,1,0,0]7[1,1,1,0,0] = 3
1,1,1,0,0)7[1,1,1,1,1] = 3

o (z) o (z) = (1,1,1,0.5,0)7(1,1,1,0.5,0) = 3.25
d2(2)Tda(y) = (1,1,1,0.5,0)7(1,1,1,1,1) = 3.5

min(z, y) é1(z)" ¢1(y)

$2(z)" pa(y)



Issues: Sparsity

» Represent with sparse values $2() = L2(2)
$1(3.5) =(1,1,1,0,0) $2(3.5) =(1,1,1,0.5,0,0)
¢1(3.5) = (0,0,1,0,0) $5(3.5) = (0,0,0.5,0.5,0)

hi(zi) = w' ¢(z) = w ¢° ()

>

T —?
.? :

8
2
8
X
8
&3
8
R
53
8
=
A3,



Linear vs. Encoded SVMs

» Linear SVM objective (solve with LIBLINEAR):

A 1
c(w) = “whw+ = Z max (0,1 — y* (w’ )
n

2
k=1...n
* Encoded SVM:

Standard A 1
Solver c(w) = —ZDT?D — Z max(0,1 — y* (! ¢o ("))
Impractical no. g .
Custom A ST 8 1 01— 5 (wT s (2
Solver C(w) = §w w” + Ek_lz max(0,1 —y*(w®" ¢3(z"))
g:)dérgglvbeurt _1 _1?\ (1) \ Encourages smooth functions
“wrong” w? T+ Clogely 0o A lgste®
r\évggalnagrizﬁ )= 2, ZCustomésolve%l%%ﬁD seg pagz\r/l

-1 1)



Linear vs. Encoded SVMs

» Linear SVM objective (solve with LIBLINEAR):

c(w) = %wTw + % Z maz(0,1 — y*(w! z*))

k=1...n

« Encoded SVM objective (solve with LIBLINEAR) :

c(w) = %wT'w + % Z maz(0,1 — y* (wT ¢35 (z)"))
k=1...n
c(w) = é'wT’w + % Z maz(0,1 — yk(ngbg(a:)k))

2
k=1...n



Very Similar

Linear

A

mm —ww+ —

Piecewise linear

A

mm 2w "Hw

—Xxcept for

Zz

+ — Zz

—Ncoding

xzayz))

zzayz))



Pegasos: Shalev-Schwartz, Singer, Srebro ICML 2007

d

O| —
( )\6) for € accuracy

INPUT: S\, T,k
INITIALIZE: Choose w1 s.t. ||[wi| < 1/vA
FOR t=1,2....,T
Choose A; C S, where |A;| =k
Set A = {(x,y) € A; : y (W, x) < 1}
Set Nt = %
Setwy 1 = (L—mA)we + 7 z(x,y)eAj Y X
Set Wil = min {1, %} Wt—}—%

OUTPUT: w1




Modified Pegasos for Additive Models

O(%) for € accuracy ‘UJH - \/w’Hw

INPUT: S\, T,k
INITIALIZE: Choose w1 s.ty/wHu; < 1/v/A
FOR t=1,2,....T
Choose A; C S, where |A;| =k
Set A = {(x,y) € A; : y (W, x) < 1}
Set ), = %
Setw, 1 =(1—mA)w; + 7 Z(x,y)eAj Y X

\/w2+let+% ’

OUTPUT: w1




Modified Pegasos

O(%) for € accuracy HwH —-> \/w’Hw

INPUT: S\, T,k
INITIALIZE: Choose w1 s.ty/wHu; < 1/v/A
FOR t=1,2,....T
Choose A; C S, where |A;| =k
Set A = {(x,y) € A; : y (W, x) < 1}
Set ), = %
Setw, 1 =(1—mA)w; + 7 Z(x,y)eAj Y X

\/w;+let+% ’

OUTPUT: w1

Figure 1. The Pegasos Algorithm.

w and x are large but sparse, so we can get computation scingal with # non zeros.



Training Time

Maji, Berg ICCV

Encoding | Training Algorithm | Training Time (HOG) | Training Time (spHOG)
identity LIBLINEAR - 20.12s
identity LIBSVM (lin. lernel) =180 min 140 min
identity | LIBSVM (int. kernel) >180 min 148 min
SNOW=¢ LIBLINEAR 35.52s 121.81s
2 LIBLINEAR 22.45s 26.76s
2 PWLSGD 99.85s 76.12s

Table 3. (HOG) 47, 327 features of 3780 dimension. Encoding Time 87.22s. Dalal and Triggs use a modified SVMLIGHT which is faster
than LIBSVM, but still takes several minutes to train, slower than our PWLSGD on ¢2 encoding which produces both better classification
using either HOG or spHOG (below) and better detection (Fig. 2 using spHOG). (LIBLINEAR failed to train on the raw HOG data)
(spHOG) : Training 38, 862 features of 2268 dimension using PWLSGD on the ¢ encoding takes only about 1% of the time taken to
train an intersection kernel SVM using LIBSVM, and performs as well for classification (see below).

INRIA Pedestrians, Hard Training Data (spHOG) INRIA Pedestrian Detections
T T T T > - - 0 : T T T H H T
095 o8k
09 0.75
0585
07
- 2
(18] A P
g E 0.65
c
5
5 7% 3
2 : 4 2 06F
& o7 )
(=]
: : : : 055
0.654 - [=g=1lin. + LIBSWM [] A
. i | —e—int. + LIBSVM PP S SR L IO AU : : : :
06 77| g &y, LIBLINEAR | T T SpHOG + 6, + PWLSGD
: LIBLINEAR ; : : ; :
058 ==t ! oas gLt bici| —a—spHOG + (min) LIBSVM
P Pop L ety PWLSGD ¥ ¢ ¢ i i |=4=HOG +(iin) LIBSVM
0. 1 1 1 1 1 T T I 0.4 1 1 1 1 T T T T T
0 005 01 015 02 025 03 035 04 045 05 0 o1 02 03_ 04 05 06 07 08 09 1

False Positive Rate ~ False Pos Per Image



—Xperiments

» “Small” Scale: Caltech 101 (Fei-Fei, et.al.)

. “I\/Iedlum” Scale DC Pedestrians (Munder & Gavrila)

lﬂﬁmiﬂﬁﬂﬂllﬁl

IEIAIEIIIIIEI

« “Large” Scale : INRIA Pedestrians (Dalal & Triggs)




=xperiment @ DC Pedestrians
Pl e v pul +
Dw
- "'\ Py (B.18s,89.05%) T S~ min
"
86+ + an (1.868, 88.80%) (3638, 8905%)
_84¢ \
é’sg_ lin
> $7"" (0.98s, 85.71%)
S a0l 100x faster
§ training time ~ linear SVM
8y accuracy ~ kernel SVM
761 47 (1 89s, 72.98%)
74} /
L o
10° 10" 10° 10°

Training Time in Seconds

20,000 features, 656 dimensional
100 bins for encoding
o6-fold cross validation



=xperiment : Caltech 101

+

56 | | | | .
o \
pwl
54l \¢§ (291s, 55.35%) | [min
52+ \ lzm (102s, 54.8%) 1 (2687s, 56.49%)
&=
X 50 T qsll'”" (90s, 51.64%) I
=
S 481 : 10x faster
§ + Small loss in accuracy
< 46+ \ ) .
157 (41s, 46.15%)

44 ¢ -

42+ :

40 | | 1 | |

0 500 1000 1500 2000 2500

Total Training Time in Seconds (101 Categories)

30 training examples per category
100 bins for encoding
Pyramid HOG + Spatial Pyramid Match Kernel



=xperiment : INRIA

Pedestrians

| ;|'.< I-mri-n.
i (140 mins, 0.95)

300x faster
training time ~ linear SVM
accuracy ~ kernel SVM
1 trains the detector in < 2 mins

INRIA Pedestrian Detections
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SPHOG: 39,000 features, 2268 dimensional
100 bins for encoding
Cross Validation Plots
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Take Home Messages

« Additive models are practical for large scale data
» Better accuracy than linear on vision data

« Everyone should try: see code on our websites
— Fast IKSVM from CVPR’08, Encoded SVMs, etc

Neural Networks Additive Classifier
S(Le)=y  L(F(z)) =y

—

/ ~ . X Data
. By " Given
Fixed non-linearities Learned Y Label



101 Object Categories




How many object categories”

Biederman 1987



How many object categories”

Biederman 1987 10,000 - 30,000!



Large Scale Recognition



Large Scale Recognition

WordNet :_*—

G.A. Miller 1995



Large Scale Recognition

Prima nl-e o
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Large Scale Recognition

i Manla Monkey'00n
Primate Dc‘u:W"ﬂdvy nkey
= ——Wildcat Conngr
Ca.mivoref'-,_k““c - S b Wildcat
7 - L’if-'-" LiLioness
i [—
Placentaln—'—"'_'_'_’_ -H-H"'\—\.Canmp Dog Fox 1ge: =
i Bovid, Ao
Even Ruminant Y ﬂw b
Ungulate, Y _\_hm“'_ﬁ_ — s
Odd, L Hor: S¢Zebra
Co‘E"1 " Rhinoceros
= anhant
Bira Squirrel .
Bird, allinaceous, Pigoon
- Aqua@mmuahu
agle A=
Reptile Diapsid T e
Bk Turtle
o
Invertebrate, ut'al; S{;l_lgﬁsh o
A""ﬁ -

Animal, animate being, beast, brute, creature, fauna

A living organism characterized by voluntary movement

@ ImageNet(14841 children)
@ animal, animate being, beast, brute, creature, fauna(399¢

mate(0 children)

chordate(3087 children)

embryo, conceptus, fertilized egg(4 children)
zooplankton(0 children)
pleurodont(0 children)
acrodont(0 children)
insectivore(0 children)
herbivore(0 children)

mutant(0 children)

survivor(0 children)

invertebrate(766 children)

metazoan(0 children) “Images of chiidren synsets are not included. All images shown are thumbnalls. Images may be subject to
\ copyright.

ImageNet: 10 million images, 10 thousand categories  Fei-Fei Li 2009



Made Possible by Amazon’s
Mechanical Turk Service

Already have an accownt? Main Instructicns Unsure? Look up i Wikipedia Google [ Additional input ] No good photos? Have expertise? comments? Click here!

amazonmechanical turk . - . Sorbroee

First time workers please click here for instructions.

Below are the photos you have
d FROM THIS PAGE ONLY (
| be saved when you naagate

Irtrofuchon | Dashboard | Status | Account Settings

they
to other pages ). Click to deselect

Mechanical Turk is a marketplace for work.
We give businesses and developers access to an on-demand, scalable workforce.
Workers select from thousands of tasks and work whenever it's convenient.

53,358 HITs available. View them now.

Make Money Get Results
by working on HITs

orkars to complate HITs - M elpence Tasks - and

s usng Mechancal Turk

TS - Momae Inceigence Tases - re ndvidual tasks that

et
As & Mechanical Turk Requester you:

As 8 Mechanical Terk Worker you
c © Have access to 3 ghodal, c-demand, 24 x 7 workdorce

HITs completed in minutes

whan you're satisfied with the results

. Cw

Load your Get
tasks resuits
g s Now -l

2 2 Worker

An 3mMazoncom comparny

A o s e PREVIEW MOOE. TO WORK ON
whats tis? selectal | deselectal page o5 > St | Trys ey ACCEF:T FI’VFIRST

Costs pennies for a real person to label the content of images!

Radically different cost structure for collecting datasets.



Accuracy (%)

=Xperiments on ImageNet

35 : Deng, Berg, Li, Fei-Fel in submission
——SPM+SVM

30r BOW+SVM||
—+—BOW+NN

20r 1 o

. Additive

15} 1

10} < \ — Linear

5 i

0 l 1 Scaling not so bad...

200 1000 10000

# of Categories ( log spacing )

Table 1. Computational requirements of multi-class classification methods for BOW+SVM on ImageNet10K

Method # of classifiers | Tirain Tiest Memory | Parallelism
1-vs-all 10,000 10,000 hours 16 hours 7GB Yes
1-vs-1 50,000,000 10,000 hours 80,000 hours 3MB Yes
Crammer & Singer 1 unknown/large 7GB No
Nearest Neighbors ( linear scan) | N/A 0 11,000 hours 7GB Yes




=Xperiments on ImageNet

Bilrd Repltile f-:ish Aquaﬁf: bird

Animal Artifact

Bird +§

Aquatic bird -
Reptile-

Fish -

e K

L“l Copper rockfish aCorrect class

Yellowhammer Triceratops quirrelﬁsh Ruddy duck Red-backed sandpiper

Structure Covering Bui[ding

# Structured§

Building ~

-

Covering- Sod house

 aCorrect class

o

Ziggurat

-
B pr—|
F

Accuracy (%)



ImageNet Hierarchy From WordNet

Craft
6

Aircraft
0000 6

Watercraft

5

Sailing vessel

Shi
5 P

' [a

Catamaran

| 1
L

Trimaran Catboat



ImageNet Hierarchy From WordNet

40 : :
Bl SPM+SVM °..
30| BOW+svM || _ 30|
S [JBOW+NN || &
Z 2 BlGIST+NN g 20 °
- = % Fungus170
O S 4 |*Ungulate248
< 10! < 10 »® ® Vehicle374
OCalNet200
0 0 _ » Rand200{abc}
\e> te \)S .
?\a“d “\le““" g"\a ) Avg. distance
Sparse ey Dense

Average distance in WordNet correlates
with difficulty of visual recognition!



ImageNet using Hierarchical Cost

Prediction
lat cost

Mohair (16)

Prediction
hierarchical cost

Query Prediction Prediction
&_t cost hierarchical cost

Puppy (5)

Batting helmet !3|

Barred owl! (16)

Salp iml

Boater

Speedometer

Coffee cup Calla (16) Soup bowl (3)




Hierarchies vs Attributes

fr tree
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Attributes can be more flexible

Female Eyeglasses Middle-aged Dark hair




Attributes can be more flexible

Caucasian Teeth showing Outside Tilted head




Verification
Are These Images of the Same Person”?




2rior Approaches

| ow-level |
features

> \erification

Different




Our Approach: Attributes

| ow-level
features

> Attributes ——— > Vferification

Different










Amazon Mechanical Turk

P

S T\

TR
. »

"

I
|

TR

"~

—r

500,000 Attribute Labels = $5,000 + 1 month

See also [Deng, et al., 2009] [Vijayanarasimhan & Grauman, 2009]



Learning an attribute classitier

Training Low-level Feature Train
Images features selection classifier
RGB, Nose
HoG, Eyes
HSV, Hair - Genq§r
- classifier
n 1 Edges, Mouth
A 0.87

Females



Using attributes to perform
verification

Verification
classifier

Skin

Flash
Shiny

Smiling}

Curly|
Hair
Bangs

Chubby

Bushy
Eyebrows|



Attributes are intuitive

Female Black hair

Young Frontal pose
Attractive Mouth closed

White Eyes open




Describe faces using similes

Penelope
Cruz

Angelina
Jolie



Training simile classifiers
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Results



Labeled Faces in the Wild (LFW)

Labeled Faces in the Wild

Database by name, non-singleton

(a1 [e][CI[DI(EIIFILGIHILII (A (KT (LI [M][N] [OT[PIQI[RI[SI[TI[VITVIIWI[X][¥][Z]

> Y

Hablb Rizieq (5) HaI Gehman {5y  Hal Sutton (2 HaIIe Berry {(16)  Hamid Karzai {(22)

FMenu
e LFW Home
e UMass Vision

Hamzah Haz (2) Hanan Ashraw Hannah Hans Blix (39) Hans Eichel (3)
{(2) Stockbauer (2)

http://vis-www.cs.umass.edu/Ifw




Experimental evaluation

LFW Image-Restricted Benchmark:
* 6,000 face pairs (3,000 same, 3,000 different)
 10-fold cross-validation



Our performance on LFW

Kumar, Berg,
Belhumeur,
Nayar ICCV 09
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Our Attribute + Simile Hybrid (85.29%)
Our Simile Classifiers (84.14%)

=== Qur Attribute Classifiers (83.62%)
Wolf, et al. (78.47%)
Huang, et al. (76.18%)
Nowak and Jurie (73.93%)
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Human face verification
performance

Kumar, Berg,
Belhumeur,
Nayar ICCV 09
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Take home messages

18t time using attributes as intermediate features
actually improved on the state of the art for a

vision problem

Using describable visual attributes let us leverage
humans via Mechanical Turk

Possible to get closer to human understanding of
face similarity

Open questions on how to find attributes



Using attributes to perform

verification

classifier

d > | Verification
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Our performance on LFW

1.0

o
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o
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i s 29% Accuracy
0.4%. (31 68%. Drop in error. rates)

True Positive Rate
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Human face verification performance
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A quick experiment

You will see a mask, then image, then mask.

What do you see?
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lconic Images

e Ve want to select “good” images corresponding
to textual keywords

e |conic images as prototypes? (Rosch, 1970s)

— People can consistently rank typicality w.r.t. a category
and the ranks correlate with speed of recognition

— Note: Here we don’t care about defining categories,
only about “mining” prototypes for categories defined
by arbitrary keywords



Criteria for canonical view selection

Palmer, Rosch and Chase (1981)

1. Given a set of photos, which view do you like the
best?

2. When taking a photo yourself, which viewpoint
do you choose?

3. From which viewpoint is the object easiest to
recognize”

4. When imagining the object in your head, which
view do you see?



lconic Images

e (Getting at the “shared mental representations” for
general visual categories

Web/
Flickr

We can do this automatically! Berg & Berg Internet Vision ‘09



Thank you




Example Sparse Encoding

w;2
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Example Sparse Encoding

imensions
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Example Sparse Encoding

= g o’ min(x;,
g=1

F#sv
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Example Sparse Encoding

= g o’ min(x;,
g=1

F#sv
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Encode L
L= X sparse
representation
3o that | @&~ o K (z, ;) IS important
g=1:#sv
Linear Piecewise Linear
minimize : w'w +c¢) & minimize : W Hw +c¢Y_ &
subject to:  y'(w'zd +b) >1-¢&  subject to: gi(w'al +b) >1-—¢
£ > 0 3 > 0




En I
code €T — X sparse
representation
3o that | @&~ o K (z, ;) IS important
J=1:#sv
Linear Piecewise Linear
minimize : w'w +c¢) & minimize : W Hw +c¢Y_ &
subject to:  y'(w'zd +b) >1-¢&  subject to: gi(w'al +b) >1-—¢
£ > 0 & > 0
h;(x; B (4 1 -1
Z (z:) Z hi(Z;) S
hi(m;) = wim;  hi(Zs) = Wiy H !




An old problem

| stand at the window and see a house,
trees, sky.  Theoretically | might say
there were 327 Dbrightnesses and
nuances of colour. Do | have “327"7
No. | have sky, house, and trees.

— Max Wertheimer 1923

Alex Berg March 2010
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| stand at the window and see a house,
trees, sky.  Theoretically | might say
there were 327 Dbrightnesses and
nuances of colour. Do | have “327"7
No. | have sky, house, and trees.

— Max Wertheimer 1923

Alex Berg March 2010



An old problem

| stand at the window and see a house,
trees, sky.  Theoretically | might say
there were 327 Dbrightnesses and
nuances of colour. Do | have “327"7?

No. | have sky, house, and trees.

— Max Wertheimer 1923

Use this coarse parsing for
more detailed parsing of buildings

Alex Berg March 2010



An old problem

| stand at the window and see a house,
trees, sky.  Theoretically | might say
there were 327 Dbrightnesses and
nuances of colour. Do | have “32777?

No. | have sky, house, and trees.

— Max Wertheimer 1923

Use this coarse parsing for
more detailed parsing of buildings

Building
Color

Building
Boundary

Alex Berg March 2010



Why Architectural
Scenes”?

- Make up decent portion of our surroundings

- Microsoft, Amazon, etc. are collecting and
trying to use a great deal of this type of
data, anything automatic is helpful

- Stress current computational approaches

to visual recognition... Building
Boundary

s =
Building
Color Vi

Alex Berg March 2010



Thank you and my coauthors
SO far...

Papers and contact info available on-line. Search for “Alex Berg”

Alex Berg March 2010



Context can Help Recognition.

Recognizing the road, foliage, and other cars, makes
recognizing the red car easier.

Foliage

Street

Alex Berg March 2010



Other ways to Help Recognition

If only we could convince cows to wear special
uniforms designed to aid in detection and tracking.

Alas the proud cow doth protest...

Alex Berg March 2010



Range of Difficulty in Recognition

—asy

:

Other asopects might be
difficult, but the recognition
phase is relatively easy.

7

Alex Berg March 2010



Range of Difficulty in Recognition

—asy

Recognizing the same image

Alex Berg March 2010



ange of Difficulty in Recognition

edium Small

change

ecognizing the same object

Alex Berg March 2010



Range of Difficulty in Recognition

Medium

Recognizing the same object

Alex Berg March 2010



Range of Difficulty in Recognition

Medium to Difficult

-

Recognizing the same object



Range of Difficulty in Recognition

Chair vs

Recognizing the same object category



Range of Difficulty in Recognition

Recognizing the same object category



