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Bag of Words Classification

aardvark 0

about 2

all 2

Africa 1

apple 0

anxious 0

...

gas 1

...

oil 1

…

Zaire 0
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Naïve Bayes Learner
Train:

For each class cj of documents

 1. Estimate P(cj )

 2. For each word wi estimate P(wi | cj )

Classify (doc):
Assign doc to most probable class

∏
∈ docw

jij
j

i

cwPcP )|()(maxarg

* assuming words are conditionally independent, given class

*
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The Problem

• Want higher accuracy from fewer labeled examples

Opportunity 1:

• Use all that unlabeled data
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Redundantly Sufficient Features

Professor Faloutsos my advisor
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Redundantly Sufficient Features
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Redundantly Sufficient Features

Professor Faloutsos my advisor
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CoTraining Algorithm #1
[Blum&Mitchell, 1998]

Given: labeled data L,

unlabeled data U

Loop:

Train g1 (hyperlink classifier) using L

Train g2 (page classifier) using L

Allow g1 to label p positive, n negative examps from U

Allow g2 to label p positive, n negative examps from U

Add these self-labeled examples to L
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CoTraining: Experimental Results
• begin with 12 labeled web pages (academic course)

• provide 1,000 additional unlabeled web pages

• average error: using labeled data only 11.1%;

• average error: cotraining 5.0%

Typical run:
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Example 2: Learning semantic lexicons
[Riloff and Jones, 1999]

• Classifier for x1:
– “operations in … NP”

• Classifier for x2:
– rote dictionary: New York, Paris, Germany, ...

“We have operations in bustling Kuwait City”
x1 x2

Learn which noun phrases represent locations:
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Learning semantic lexicons
[Riloff and Jones, 1999]

���������	
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10 seed words

“We are headquartered in Pittsburgh.”
“We are headquartered in sunny Tehran.”
“Our offices are located in downtown Tehran.”
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Example: Learning Locations

• 10 seed words:
– United_States Germany England Switzerland

France Canada Mexico Japan China Australia

• Top words added by bootstrapping:
– Europe Greece Italy Singapore Finland UK

North_America States de_Benelux Deutschland
de_Benelux_seminars Asia/Pacific
Middle_East/Africa U.S. Hong_Kong Spain
Portugal World Philippines Countries Oregon...
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Example: Learning Locations

• Top rules learned by bootstrapping:
– offices in ?x

– facilities in ?x

– operations in ?x

– loans in ?x

– operates in ?x

– locations in ?x

– producer in ?x
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CoTraining Setting

)()()()(,

:

221121

21

xfxgxgxggand

ondistributiunknownfromdrawnxwhere

XXXwhere

YXflearn

==∀∃

×=
→

• If
– x1, x2 conditionally independent given y

– f  is PAC learnable from noisy labeled data

• Then
– f  is PAC learnable from weak initial classifier

plus unlabeled data
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Co-Training Rote Learner

My advisor
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pageshyperlinks
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Co-Training Rote Learner
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Co-Training Rote Learner
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Co-Training Rote Learner
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Rote CoTraining error given m examples

[ ] m
jj

j

pperrorE )1( −≤ ∑
Where p  is probability that a randomly drawn
example will fall into the jth connected component
of the graph of U+L

j

)()()()(,

:

:

221121

21

xfxgxgxggand

ondistributiunknownfromdrawnxwhere

XXXwhere

YXflearn

settingCoTraining
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×=
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How many unlabeled examples suffice?

Want to assure that connected components in the underlying
distribution, GD, are connected components in the observed
sample, GS

GD GS

O(log(N)/α) examples assure that with high probability, GS has same
connected components as GD [Karger, 94]

N is size of GD, α is min cut over all connected components of GD
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What if CoTraining Assumption
Not Perfectly Satisfied?
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What if CoTraining Assumption
Not Perfectly Satisfied?
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• Idea: Want classifiers that produce a
maximally consistent labeling of the data

• If learning is an optimization problem, what
function should we optimize?

What if CoTraining Assumption
Not Perfectly Satisfied?

-

+

+

+
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What Objective Function?
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What Objective Function?
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What Objective Function?
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What Function Approximators?
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What Function Approximators?

• Move away from rote learning

• Same fn form as Naïve Bayes, Max Entropy

• Use gradient descent to simultaneously learn
g1 and g2, directly minimizing
E = E1 + E2 + E3 + E4

• No word independence assumption

∑
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Gradient CoTraining
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Classifying Jobs for FlipDog

X1: job title
X2: job
description
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Gradient CoTraining
Classifying FlipDog job descriptions: SysAdmin vs. WebProgrammer

Final Accuracy

Labeled data alone: 86%

CoTraining: 96%
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Gradient CoTraining
Classifying Upper Case sequences as Person Names

25 labeled

5000 unlabeled

2300 labeled

5000 unlabeled

Using
labeled data
only

Cotraining

Cotraining
without
fitting class
priors (E4)

.73

.87.76

* sensitive to weights of error terms E3 and E4

.89 *.85 *

*
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Potential CoTraining Domains

• Web page classification [Blum, Mitchell 98]

• Semantic lexicon generation [Riloff, Jones 99],
[Collins, Singer 99]

• Word sense disambiguation [Yarowsky 95]

• Speech recognition [de Sa, Ballard 98]

• Multimedia classification ??

• Robotic perception ??

• Models of human learning ??


