Teaching visual
recognition systems

Kristen Grauman
Department of Computer Science
University of Texas at Austin

Work with Sudheendra Vijayanarasimhan, Prateek Jain, Devi
Parikh, Adriana Kovashka, and Jeff Donahue



Visual categories

Beyond instances, need to recognize and detect
classesof vi sually and semart

Objects

Scenes

Activities
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Learning-based methods

Last ~10 years: impressive strides by learning
appearance models (usually discriminative).

Visual features
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Exuberance for image data
(and their category labels)

14M images
1K+ labeled object categories
[Deng et al. 2009-2012]

ImageNet

80M images
53K noisily labeled object categories
[Torralba et al. 2008]

iny Images

131K images
902 labeled scene categories
4K labeled object categories

[Xiao et al. 2010]
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And vyet é

AMore data Z more accur at
A Which images should be labeled?
A Are labels enough to teach visual concepts?

NThi s 1 mage
cow I n 1t

annotator
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This lecture

Teaching machines visual categories

A Active learning to prioritize informative
annotations

A Relative attributes to learn from visual
comparisons
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Active learning for image annotation

Labeled -

Active request

':\' ‘ Unlabeled
Current data
classifiers — -
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Active learning for image annotation

Current

classifiers

4=

—

Unlabeled
data

N —

Accuracy

active
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passive
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Num labels added

e

Intent: better models, faster/cheaper
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Active selection

A Traditional active learning: obtain most
iInformative labels first.

e.g., margin-based
criterion

@ Positive
@ Negative
@® Unlabeled

[Mackay 1992, Cohn et al. 1996, Freund et al. 1997, Lindenbaum et al. 1999, Tong & Koller 2000,
Schohn and Cohn 2000, Campbell et al. 2000, Roy & McCallum 2001, Kapooret al . 20
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Problem: Active selection and recognition

£

Less
expensive to
obtain

AMultiple levels of

A annotation are possible
AVariable cost depending
on level and example
AMany annotators working
simultaneously
v
More

expensive to
obtain
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Our idea: Cost-sensitive
multi-question active learning

A Compute decision-theoretic active selection
criterion that weighs both:

I which example to annotate, and
I what kind of annotation to request for it

as compared to
| the predicted effort the request would require

[Vijayanarasimhan & Grauman, NIPS 2008, CVPR 2009] «isienGrauman UTAustin



Our Idea: Cost-sensitive

multi-question active learning
| | //

ol | o ol [o
t Y ‘-Iq: Y
el Q| |.E Q| .S
Most regions are understood, This looks expensive to
but this region is unclear. annotate, and it does not seem
informative.

gl|e 9||e

|| . EiES
This looks expensive to This looks easy to annotate,
annotate, but it seems very but its content is already

informative. understood. KristenGrauman UTFAustin



Multiple-instance learning (MIL)

\ negative
\® o9
positive  \ O

Traditional supervised
learning

N positive negative
Jbags bags

&8
o %Sty @D

.'\\ 0.

\
Multiple-instance
learning

[Dietterich et al. 1997]
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Multiple-instance learning (MIL)

, A iy /
- = e ,

Positive bag
© Negative bag

A Positive instance:  Segment belonging to class
A Negative instance: Segment not in class

A Positive bag: Image containing class
A Negative bag: Image not containing class
[Dietterich et al.; Maron & Ratan, Yang & Lozano-Per ez, Andr_ews
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Multi-question active queries

o
A Predict which query will be most ~ © 2 °
iInformative, given the cost of o

obtaining the annotation.

A Three levels (types) to choose
from:

1. Label a region 2. Tag an object 3. Segment the
in the image image, name all
objects.
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Decision-theoretic multi-question criterion

VALUE(O, Q) = RISK(X}, Xy) — RISK(XL, U Oy, Xy \ O) — CosT(O, Q)

Y 1 Y Y
Value of asking given  Current Estimated risk if candidate  Cost of getting
guestion about givemsclassification risk request were answered the answer
data object

Estimate risk of incorporating the candidate before
obtaining true answer A by computing expected value:

RISK(X;, UO4, X\ 0) = 3 RISK(X;, U Oy, Xy \ O) p(£]O)

/el

where L is set of all possible answers.

S
A

e

For M regions O = {01,...,0n}

e
! =
I 3
= é -
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e \ P

S
1 a a
> g E RISK (XL U {0§ l)k, - ,Og\ﬂ[M)k}, Xy \ O)
k=1
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Decision-theoretic multi-question criterion

VALUE(O, Q) = RISK(X}, Xy) — RISK(XL, U Oy, Xy \ O) — CosT(O, Q)

| / |
Current Estimated risk if candidate  Cost of getting
misclassification risk request were answered the answer

Estimate risk of incorporating the candidate before
obtaining true answer A by computing expected value:

RISK(X;, UO4, X\ 0) = 3 RISK(X;, U Oy, Xy \ O) p(£]O)

/el

where L is set of all possible answers.

Cost of the answer: domain knowledge, or directly predict.
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Predicting effort

A What manual effort cost would we expect to pay
for an unlabeled image?

Which image would you rather annotate?
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Predicting effort

A What manual effort cost would we expect to pay
for an unlabeled image?

Which image would you rather annotate?

Other forms of annotation cost: expertise
requi red, resolution of dat
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Learning from annotation examples

Extract cost-indicative image features, train
regressor to map features to times.

Interface on
Mechanical Turk

e

32s
24 s
48 s

Collect about 50 responses per training image.
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Predicted time (secs)

Predicting effort
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Predicting effort

0 20 20\ 60 80
Actual \ime (Secs)

e
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Multi-question active learning

NCompl et

Labeled _

segment
data image # 3 2 .
o o - — nDo i
\ #7 C ntaln
e \° ‘ Unlabeled a cow?
Current data
classifiers — U
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Multi-question active learning curves
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Multi-question active learning
with objects and attributes

[Kovashka et al., ICCV 2011]

—
[ —]

Labeled
data

e

Current

model

Annotator v""“
Unlabeled : :
—) What is this
object?

~——

Does this object
have spots?

—_

Weigh relative impact of an object label or an
attribute label, at each iteration.
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Budgeted batch active learning

[Vijayanarasimhan et al., CVPR 2010]

A
v

Labeled
data

-

Current
model

S* = argmax Pred.Gain(.5)

s.t. ZLabelCost(x) < Budget

xreS

\ Unlabeled data )

Select batch of examples that together improves
classifier objective and meets annotation budget.
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Problem: nNSandboXxo ac

Thus far, tested only in artificial settings:

A Unlabeled data already fixed,
small scale, biased

(102 prepared images _J

A passive_.
-
”
/

/ active
y -

Actual time

A Computational cost ignored

Accuracy

KristenGrauman UTFAustin



Our idea: Live active learning

Large-scale active learning of object detectors
with crawled data and crowdsourced labels.

How to scale active learning to massive unlabeled
pools of data?
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SVM margin criterion
for active selection

Select point nearest to
hyperplane decision boundary
for labeling.

x* = argmin, o, |W’ x;|

[Tong & Koller, 2000; Schohn & Cohn,
2000; Campbell et al. 2000}
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Sub-linear time active selection

[Jain, Vijayanarasimhan, Grauman, NIPS 2010]

We propose a novel hashing approach to identify
the most uncertain examples in sub-linear time.

N...N
Curr_ent E
classifier -g:
111 | I W ;)
— : Actively
— & h(z) . selected
o O Hash table examples
e
%‘-‘lﬁ*iﬁi%
| B

Unlabeled data
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Background: Locality-Sensitive Hashing

Probability a random hyperplane separates two
unit vectors depends on the angle between them:

Corresponding hash function:

b () = L, if rlax >0
0, otherwise
Ty N(Oa 1)
Bigger angle: Probability of collision:
likely to split 1
Pr(h,(2;) = ho(x)) = 1 — — cos™ (T ;)
o

[Goemans and Williamson 1995, Charikar 2004]
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Hashing a hyperplane query

: : : T :
To retrieve those points for which |[w” x;| is small,
want probable collision for perpendicular vectors:

Assuming normalized data.

Should not collide
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Hashing a hyperplane query

We generate two independent random vectors u and v:
A one to constrain angle between x and w
A one to constrain angle between x and 7 w

Collision likely only if neither vector splits

For parallel vectors For perpendicular vectors

Unlikely to split and Likely to split Less likely to split and Leéss likely to split
= Likely to split = Unlikely to split
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Hashing a hyperplane query

AWe define an asymmetric 2-bit hash function:

H-Hash family:
() = hww(z,z), if zis adatabase point vector,
H | hwo(z,—2), if zis a query hyperplane vector.

where hay (@, b) = [hy(a), hy(b)] = [sign(u’ a), sign(v' b)]

AWe prove necessary conditions for locality sensitivity:

Pr[hy(w) = hy(x)] = Prlhy(w) = hy(x)] Prihy(—w) = hy ()]

1 1 T 2
— T T T o Qmw__)
4 Wz( ’ 2

[Jain, Vijayanarasimhan & Grauman, NIPS 2010] KristenGrauman UTFAustin



Hashing a hyperplane query

At each iteration of the learning loop, our hash
functions map the current hyperplane directly to its
nearest unlabeled points.
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Sub-linear time active selection

1

®)
O
oy -
Accuracy 2
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£ E selection and labeling
- Hash - Exhaustive time, obtain the best
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accuracy per unit time.

H-Hash result on 1M Tiny Images KristenGrauman UTAustin



PASCAL Visual Object Categorization

A Closely studied object detection benchmark
A Original image data from Flickr

http://pascallin.ecs.soton.ac.uk/challenges/VOC/
KristenGrauman UTFAustin



http://pascallin.ecs.soton.ac.uk/challenges/VOC/

Live active learning

3 Consensus
<:| (Mean shift)
amazonmechanical turk

~ “i___‘ : ‘:
Annotated data

For 4.5 million unlabeled instances,
10 minutes machine time per iter,
vs. 60 hours for a linear scan.

' }, 7 /
‘fllckr‘ @ : . [M
] . ' Actively
% \" . selected
A Hash table of examples

2AE,

Jumping
window :} ) _
candidates Image
windows

Unlabeled Unlabeled
images windows [Vijayanarasimhan & Grauman CVPR 2011]



Average Precision

Live active learning results

PASCAL VOC objects - Flickr test set

= | jve active (ours) = = = Keyword+image == Keyword+window

boat
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Annotations added, out of 3 million examples

Outperforms status quo data collection approach
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Live active learning results

What does the live learning system ask first?

B B — L -
= i =
. B - -
| ]
o
) -
e —
e

Live active learning (ours)

Keyword+image baseline

.l

Fil r st sel ecti ons made when | e
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PASCAL Live active learning results

Live learning improves some of most difficult
PASCAL VOC categories:

bird boat dog potted plant  sheep chair
Ours 15.8* 18.9* 25.3* 11.6* 28.4* 9.1%
Previous best 15.3 16.8 21.5 14.6 23.9 17.9

OQur approachos efficiency

Active selection Training Detection per image
Ours + active 10 mins 5 mins 150 secs
LSVM [Felzenszwalb et al. 2009] 3 hours 4 hours 2 secs
SP+MKL [Vedaldi et al. 2009] 93 hours > 2 days 67 secs

Previous best : [Vedaldi et al. ICCV 2009] or [Felzenszwalb et al. PAMI 2009]
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Summary so far

Actively eliciting human insight for visual
recognition algorithms.

A Multi-question active learning to formulate annotation
requests that specify the example and the task.

A Budgeted batch selection for effective joint selection of
multiple requests suited for online annotators.

A Live active learning shows large-scale practical impact.
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Ongoing challenges
In active visual learning

A Crowdsourcing: reliability, expertise, economics
A Utility tied to specific classifier or model

AJoint batch -mgbptctDdDdneck,];
remains challenging

A Active annotations for objects/activity in video
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This lecture

Teaching machines visual categories

A Active learning to prioritize informative
annotations

A Relative attributes to learn from visual
comparisons
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Visual attributes

AHigh-level semantic properties shared by objects
AHuman-understandable and machine-detectable

has-
ornaments

[Oliva et al. 2001, Ferrari & Zisserman 2007, Kumar et al. 2008,
Farhadi et al. 2009, Lampert et al. 2009, Endres et al. 2010,
Wang & Mori 2010, Berg et al. 2010, Branson et al. 2010, Parikh

V4

& Grauman2 0 11, é ]
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Attributes

A mul eé

Is furry Has four-legs

Legs shorter Tall longer
t han hor seshGan donke

Has tall
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Binary attributes

A mul eé

Is furry Has four-legs

Legs shorter Tall longer
t han hor seshGan donke

Has tall

[Ferrari & Zisserman 2007, Kumar et al. 2008, Farhadi et al. 2009,
Lampert et al. 2009, Endres et al. 2010, Wang & Mori 2010, Berg
et al. 2010, Branson et al. 2010, é ]
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Relative attributes

A mul e é

Is furry Has four-legs

Legs shorter Tall longer
t han hor seshGtan donke

Has tall
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Relative attributes

[Parikh & Grauman, ICCV 2011]

A Represent visual comparisons between classes,
Images, and their properties.

=

A

—_

Brighter

o S ag>, &
\\&/
A
Aoperti&
Brigh . Bright
- t Properties A :
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How should relative attributes
be learned?

What do we need to capture
from human annotators?

KristenGrauman UTFAustin



More Le



Learning relative attrib

AlLearn a ranking function for each attri
OONRARIKUY Saaceod
ASupervision consists of:

y

Utes

oute, e.g.

Ordered pairs

Similar pairs

Parikh andGrauman ICCV 2011 KristenGrauman UTFAustin



Learning relativettributes

Learn a ranking function

B T A Image features
am(T;) = W, X3

\

Learned parameters

that best satisfies the constraints:
V(i,j) € O : Wy T; > W, T;

Lo T T
\V/(Zaj) SHY S WmLi = Wy Ly

Parikh andGrauman ICCV 2011 KristenGrauman UTFAustin



Learning relative attributes e

®>-0
@~ O

Max-margin learning to rank formulation o _ 4

Rank margin

>

min - (SllwhlE+ 0 (¢ + 3 02))

s.t. wg;;(wz . mg) 2 1 — é.w ..........................

lw,, (s — x5)| < i

§ij = 057 =0

Image— Relative attribute score
JoachimsKDD2002: Parikh an@Grauman ICC\2011
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Relating images

AWe can rank images according to attribute strength
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