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Active Learning
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required to learn a concept 
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ÅNot Equally Informative

1. John lives in New York.

2. Tom lives in California.

3. Noah teaches in CMU.

4. Eric teaches in CMU.

1. John lives in New York.

2. Tom is settled in California.

3. Noah is a faculty at CMU.

4. Eric teaches in CMU.

Active Learning
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Active Learning

wŜŀƭƭȅ ǿƘŀǘ ǿŜ ǿŀƴǘ ǘƻ Řƻ ƛǎΧ

ÅReducethe amountof user effort required to 
learn a concept

7



Active Learning

wŜŀƭƭȅ ǿƘŀǘ ǿŜ ǿŀƴǘ ǘƻ Řƻ ƛǎΧ

ÅReducethe amountof user effort required to 
learn a concept

!ƴŘ ΧΦ

ÁbǳƳōŜǊ ƻŦ ŜȄŀƳǇƭŜǎ ґ ǳǎŜǊ ŜŦŦƻǊǘ

8



Active Learning

wŜŀƭƭȅ ǿƘŀǘ ǿŜ ǿŀƴǘ ǘƻ Řƻ ƛǎΧ

ÅReducethe amountof user effort required to 
learn a concept

!ƴŘ ΧΦ

ÁbǳƳōŜǊ ƻŦ ŜȄŀƳǇƭŜǎ ґ ǳǎŜǊ ŜŦŦƻǊǘ

.ŜŎŀǳǎŜ Χ

ÁAll examples are not equally easy to annotate 

9



ÅNot equally easy to annotate

(Parses from: http://www.link.cs.cmu.edu/link/submit-sentence-4.html)

Parsing is hard. Parsing is harder with long and ambigous sentences .

Active Learning
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Active Learning Process

Learner

Uses to learn concept

evaluates

Training 

Corpus

Labeled Data
Unlabeled Data ?

Test Documents

Unlabeled data may or 

may not be used for training
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Evaluation Measures

ÅAccuracy Vs. Number of training examples
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Figure from (Thompson et al., 1999)
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Evaluation Measures

(Kristjannson et. al., 2004)

Number of 

examples user 

has to correct? 

Number of 

corrections user 

has to make?

How do we measure user effort? 

OR
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Evaluation Measures

ÅExpected Number of User Actions (ENUA)

ÈNumber of User Actions, such as clicks, required 
to correctly label all the fields (Kristjannson et. al., 
2004)

È9b¦! ŘƻŜǎƴΩǘ ŘƛǎǘƛƴƎǳƛǎƘ ōŜǘǿŜŜƴ boundary 
detectionand classification

ÈCulotta and McCallum, (2005) define 4 types of 
user actions: Start, End, Type and Choose
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Evaluation Measures

ÅExpected Number of User Actions (ENUA)

ÈNumber of User Actions, such as clicks, required 
to correctly label all the fields (Kristjannson et. al., 
2004)

È9b¦! ŘƻŜǎƴΩǘ ŘƛǎǘƛƴƎǳƛǎƘ ōŜǘǿŜŜƴ boundary 
detectionand classification

ÈCulotta and McCallum, (2005) define 4 types of 
user actions: Start, End, Type and Choose

What about effort in reading the text ?
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Evaluation Measures

ÅRebecca Hwa (2000), user effort in parsing:

ÈNumber of brackets user adds instead of number 
of sentences user has to annotate
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Selective Sampling

ÅActive learning aims at reducing the number 
of labeled examples required to learn the 
target concept by selectively sampling from 
ǘƘŜ ǳƴƭŀōŜƭŜŘ Řŀǘŀ ŦƻǊ ǳǎŜǊΩǎ ƛƴǇǳǘ 
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