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Thought Experiment

• suppose you’re the leader of an Earth
convoy sent to colonize planet Mars

people who ate the round
Martian fruits found them tasty!

people who ate the spiked
Martian fruits died!
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Poison vs. Yummy Fruits

• problem: there’s a range of spiky‐to‐round 
fruit shapes on Mars:

you need to learn the “threshold” of 
roundness  where the fruits go from 

poisonous to safe.

and… you need to determine this risking 
as few colonists’ lives as possible!
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Tes#ng Fruit Safety…

this is just a binary search, so…

under the PAC model, assume 
we need O(1/ε) i.i.d. instances 
to train a classifier with error ε.

using the binary search 
approach, we only needed 

O(log2 1/ε) instances!
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Rela#onship to Ac#ve Learning

• key idea: the learner can choose training data
– on Mars: whether a fruit was poisonous/safe

– in general: the true label of some instance

• goal: reduce the training costs
– on Mars: the number of “lives at risk”

– in general: the number of “queries”
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Ac#ve Learning Scenarios

most common in NLP applications
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Pool‐Based Ac#ve Learning Cycle

induce a model
inspect
unlabeled
data

select “queries”

label new
instances,

repeat

7



Learning Curves

text classification:
baseball vs. hockey

active learning

passive learning

be
tte

r
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Who Uses Ac#ve Learning?

Sentiment analysis for blogs; Noisy relabeling
– Prem Melville

Biomedical NLP & IR; Computer-aided diagnosis
– Balaji Krishnapuram

MS Outlook voicemail plug-in [Kapoor et al., IJCAI'07]; 
“A variety of prototypes that are in use throughout the 
company.” – Eric Horvitz

“While I can confirm that we're using active learning in 
earnest on many problem areas… I really can't provide 
any more details than that. Sorry to be so opaque!" 
– David Cohn
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How to Select Queries?

• let’s try generalizing our binary search method 
using a probabilis.c classifier:

0.5
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1.0
0.50.5

10



Uncertainty Sampling

• query instances the learner is most uncertain about

400 instances sampled 
from 2 class Gaussians

random sampling
30 labeled instances

(accuracy=0.7) 

active learning
30 labeled instances

(accuracy=0.9) 

[Lewis & Gale, SIGIR’94]
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Generalizing to Mul#‐Class Problems

least confident [Culotta & McCallum, AAAI’05]

smallest-margin [Scheffer et al., CAIDA’01]

entropy [Dagan & Engelson, ICML’95]

note: for binary tasks, these are equivalent
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Mul#‐Class Uncertainty Measures

entropy smallest
margin

least
confident

illustration of preferred (darker) 
posterior distributions in a 
3-label classification task

[Körner & Wrobel, ECML’06]
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Query‐By‐Commi:ee (QBC)

• train a commi:ee C = {θ1, θ2, ..., θC} of 

classifiers on the labeled data in L

• query instances in U for which the commi:ee 

is in most disagreement

• key idea: reduce the model version space
– expedites search for a model during training

[Seung et al., COLT’92]
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QBC Example
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QBC Example
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QBC Example
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QBC Example
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QBC: Design Decisions

• how to build a commi:ee:

– “sample” models from P(θ|L)

• [Dagan & Engelson, ICML’95; McCallum & Nigam, ICML’98]

– standard ensembles (e.g., bagging, boos#ng)
• [Abe & Mamitsuka, ICML’98]

• how to measure disagreement:
– “XOR” commi:ee classifica#ons

– view vote distribu#on as probabili#es, 
use uncertainty measures (e.g., entropy)
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Uncertainty vs. QBC

• QBC is a more general strategy, incorpora#ng 
uncertainty over both:
– instance label

– model hypothesis

• theore#cal guarantees…
• QBC: O(log2 d/ε) query complexity [Seung et al., MLʼ97]

• uncertainty sampling: none
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Pathological Case for Uncertainty
[Cohn et al., ML’94]

initial random sample fails 
to hit the right triangle

uncertainty sampling only
queries the left side!
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Version‐Space Sampling Instead

150 random samples 150 active queries (QBC variant)

[Cohn et al., ML’94]
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Ac#ve vs. Semi‐Supervised

• both try to a:ack the same problem: making 
the most of unlabeled data U

• each a:acks from a different direc#on:
– semi‐supervised learning exploits what the model 
thinks it knows about unlabeled data

– ac;ve learning explores the unknown aspects of 
the unlabeled data
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Ac#ve vs. Semi‐Supervised

uncertainty sampling
query instances the model

is least confident about

query-by-committee (QBC)
use ensembles to rapidly
reduce the version space

self-training
expectation-maximization (EM)

entropy regularization (ER)
propagate confident labelings

among unlabeled data

co-training
multi-view learning

use ensembles with multiple views
to constrain the version space
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Problem: Outliers

• an instance may be uncertain or controversial 
(for QBC) simply because it’s an outlier

• querying outliers is not likely to help us reduce 
error on more typical data
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Solu#on 1: Density Weigh#ng

• weight the uncertainty (“informa#veness”) of an 
instance by its density w.r.t. the pool U 
[Settles & Craven, EMNLPʼ08]

“base”
informativeness

density
term

[McCallum & Nigam, ICML’98; Nguyen & Smeulders, ICML’04; Xu et al., ECIR’07]
• use U to es#mate P(x) and avoid outliers
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Solu#on 2: Es#mated Error Reduc#on

• minimize the risk R(x) of a query candidate

– expected uncertainty over U if x is added to L

[Roy & McCallum, ICML’01; Zhu et al., ICML-WS’03]

sum over
unlabeled instances

uncertainty of u
after retraining with x

expectation over
possible labelings of x
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Text Classifica#on Examples
[Roy & McCallum, ICML’01]
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Text Classifica#on Examples
[Roy & McCallum, ICML’01]
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Rela#onship to Uncertainty Sampling

• a different perspec#ve: aim to maximize the 
informa.on gain over U

…reduces to uncertainty sampling!

uncertainty before query risk term

assume x is
representative of U

assume this
evaluates to zero
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“Error Reduc#on” Scoresheet

• pros:
– more principled query strategy

– can be model‐agnos#c
• literature examples: naïve Bayes, LR, GP, SVM

• cons:
– too expensive for most model classes

• some solu#ons: subsample U; use approximate training

– intractable for structured outputs
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Alterna#ve Query Types

• so far, we assumed queries are instances
– e.g., for document classifica#on the learner 
queries documents

• can the learner do be:er by asking different 
types of ques#ons?
– mul.ple‐instance ac#ve learning

– feature ac#ve learning
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Mul#ple‐Instance (MI) Learning

• mul.ple instance (MI) learning is one approach to 
problems like this [Die:erich et al., 1997]

[TREC Genomics Track 2004]

bag: document = { instances: paragraphs }

[Andrews et al., NIPS’03; Ray & Craven, ICML’05]
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MI Ac#ve Learning

• tradi#onal MI learning
– high ambiguity vs. low cost

• in some MI domains (e.g., text classifica#on), labels 
can be obtained at the instance level
– low ambiguity vs. high cost

• MI ac#ve learning
– obtain low‐cost bag labels, selec#vely query instances

– reduce ambiguity and overall labeling cost

34



0.4

“base”
uncertainty

MI Uncertainty (MIU)
• weight the uncertainty of an instance by its 
“relevance” to the bag‐level output

“relevance”
term

0.9

0.20.5
0.1

0.4
0.8 0.3

doc1 doc2

0.4

par1,1

par1,2

[Settles, Craven, & Ray NIPS’07]
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MI Ac#ve Learning Results
[Settles, Craven, & Ray NIPS’07]
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Feature Ac#ve Learning

• in NLP tasks, we can open intui#vely label features
– the feature word “puck” indicates the class hockey

– the feature word “strike” indicates the class baseball

• tandem learning exploits this by asking both 
instance‐label and feature‐relevance queries
[Raghavan et al., JMLR’06]

– e.g., “is puck an important discrimina#ve feature?”
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Tandem Learning: Text Classifica#on
[Raghavan et al., JMLR’06]

instance queries only

+j iterations of feature feedback
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Feature Labeling

• recent, alterna#ve forms of “supervision” combine 
“feature labels” with U for semi‐supervised learning

– prototype‐driven learning [Haghighi & Klein, NAACL’06]

– generalized expecta#on (GE) criteria
[Mann & McCallum ACL’08; Druck et al., SIGIR’08]

• can we ac.vely solicit these feature labels?

39



Example: Informa#on Extrac#on
feature label

[PHONE] contact
lease rent

bedroom size
large size / 

featureswater utilities
east neighborhood

non-smoking restrictions
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Weighted Uncertainty for Features

sum over
tokens

does the token xt have
this feature? (0,1)

uncertainty of token

count of feature occurrences in corpus

[Druck et. al, EMNLP’09]

a form of density‐weighted uncertainty sampling
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“Grid” Labeling Interface
[Druck et. al, EMNLP’09]
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User Experiments

five 2-minute labeling sessions
with real human annotators

[Druck et. al, EMNLP’09]
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Real‐World Annota#on Costs
• so far, we’ve assumed that queries are equally 
expensive to label
– for many tasks, labeling “costs” vary

[Haertel et al., ACL’08]
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Annota#on Time As Cost

• where does this variance come from?
– some#mes annotator‐dependent

– stochas#c effects

[Settles et. al, NIPS’08]

• do annota#on #mes vary among instances?
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Can Labeling Times be Predicted?

cost predictor: regression model using meta-features

[Settles et. al, NIPS’08]
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Can Predicted Times Improve AL?
[Settles et. al, NIPS’08]

several other nega#ve/ambiguous
results in NLP domains
[Aurora et al., ALNLP’09; Tomanek et al.]
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But All Is Not Lost!

• some posi#ve results using predicted costs 
have been obtained in the vision community

[Vijayanarasimhan & Grauman, CVPR’09]
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Other Interes#ng Issues

• many non‐expert annotators [Sheng et al., KDD’08]

• user interface issues [Culo:a et al., AI’06]

• data reusability [Baldridge & Osbourne, EMNLP’04]

• batch mode ac#ve learning [Hoi et al., ICML’06]

• mul#‐task ac#ve learning [Reichart et al., ACL’08]
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HW3 Discussion

1. What are some ac#ve learning opportuni;es in the 
context of a NELL system?

• How are these opportuni#es similar to or different 
from problem sewngs in previous work on ac#ve 
learning? Think about the kinds of queries the 
learner can ask and how the labels are obtained.

• Iden#fy some prac;cal issues for ac#ve learning in 
a never‐ending learning system like NELL. How 
might we address these issues?
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