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L>/8,>.&MN@%)+A%*.

• <8@@/<%&D/8O)%&.>%&;%(F%)&/P&(*&M().>
"/*$/D&<%*.&./&"/;/*+Q%&@;(*%.&=()<

people who ate the round
Martian fruits found them tasty!

people who ate the spiked
Martian fruits died!
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I/+</*&$<R&S8AAD&T)8+.<

• !"#$%&'H&.>%)%O<&(&)(*,%&/P&<@+UDJ./J)/8*F&
P)8+.&<>(@%<&/*&=()<H

D/8&*%%F&./&;%()*&.>%&V.>)%<>/;FW&/P&
)/8*F*%<<&&X>%)%&.>%&P)8+.<&,/&P)/A&

@/+</*/8<&./&<(P%R

(*FY&D/8&*%%F&./&F%.%)A+*%&.>+<&)+<U+*,&
(<&few colonists’ lives (<&@/<<+0;%Z
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L%<#*,&T)8+.&9(P%.DY

.>+<&+<&[8<.&(&binary search3&</Y

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

using the binary search 
approach, we only needed 

O(log2 1/! ) instances!
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E%;(#/*<>+@&./&!"#$%&'%()*+*,

• key idea:&.>%&;%()*%)&"(*&">//<%&.)(+*+*,&F(.(
– /*&=()<H&X>%.>%)&(&P)8+.&X(<&@/+</*/8<\<(P%

– ()*+&)&",%H&.>%&.)8%&;(0%;&/P&</A%&+*<.(*"%

• goal:&)%F8"%&.>%&.)(+*+*,&"/<.<
– /*&=()<H&.>%&*8A0%)&/P&V;+$%<&(.&)+<UW

– ()*+&)&",%H&.>%&*8A0%)&/P&V]8%)+%<W
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!"#$%&'%()*+*,&9"%*()+/<

most common in NLP applications
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I//;J7(<%F&!"#$%&'%()*+*,&BD";%

induce a model
inspect
unlabeled
data

select “queries”

label new
instances,

repeat
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'%()*+*,&B8)$%<

text classification:
baseball vs. hockey

active learning

passive learning

be
tte

r
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G>/&C<%<&!"#$%&'%()*+*,^

Sentiment analysis for blogs; Noisy relabeling
Ð 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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_/X&./&9%;%".&`8%)+%<^

• ;%.O<&.)D&,%*%)(;+Q+*,&/8)&0+*()D&<%()">&A%.>/F&
8<+*,&(&!"#$,$(%(-./*";(<<+a%)H

0.5
0.0

1.0
0.50.5
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C*"%).(+*.D&9(A@;+*,

• ]8%)D&+*<.(*"%<&.>%&;%()*%)&+<&'#-0*1)/&"0,()* (0/8.

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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b%*%)(;+Q+*,&./&=8;#JB;(<<&I)/0;%A<

least confident [Culotta & McCallum, AAAI’05]

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

entropy [Dagan & Engelson, ICML’95]

!"#$%&P/)&0+*()D&.(<U<3&.>%<%&()%&%]8+$(;%*.
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=8;#JB;(<<&C*"%).(+*.D&=%(<8)%<

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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`8%)DJ7DJB/AA+:%%&c`7Bd

• .)(+*&(&"/AA+:%%&C = { " 1, " 2, ..., " C} &/P&

";(<<+a%)<&/*&.>%&;(0%;%F&F(.(&+*&L

• ]8%)D&+*<.(*"%<&+*&U&P/)&X>+">&.>%&"/AA+:%%&

+<&+*&A/<.&2(-,+"&&'&)0

• key idea:&)%F8"%&.>%&A/F%;&3&"-(#)*-!,/&
– %N@%F+.%<&<%()">&P/)&(&A/F%;&F8)+*,&.)(+*+*,

[Seung et al., COLT’92]
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`7B&MN(A@;%
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`7B&MN(A@;%
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`7B&MN(A@;%
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`7B&MN(A@;%
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`7BH&?%<+,*&?%"+<+/*<

• >/X&./&08+;F&(&"/AA+:%%H

– V<(A@;%W&A/F%;<&P)/A&P("|L)

• e?(,(*&f&M*,%;</*3&gB='O62h&="B(;;8A&f&i+,(A3&gB='O6jk

– <.(*F()F&%*<%A0;%<&c%R,R3&0(,,+*,3&0//<#*,d
• e!0%&f&=(A+.<8U(3&gB='O6jk

• >/X&./&A%(<8)%&F+<(,)%%A%*.H
– Vl-EW&"/AA+:%%&";(<<+a"(#/*<

– $+%X&$/.%&F+<.)+08#/*&(<&@)/0(0+;+#%<3&
8<%&8*"%).(+*.D&A%(<8)%<&c%R,R3&%*.)/@Dd
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C*"%).(+*.D&$<R&`7B

• `7B&+<&(&A/)%&+&)&",%*<.)(.%,D3&+*"/)@/)(#*,&
8*"%).(+*.D&/$%)&0/.>H
– +*<.(*"%&;(0%;

– A/F%;&>D@/.>%<+<

• .>%/)%#"(;&,8()(*.%%<Y
• `7BH&O(log2 d/! )&]8%)D&"/A@;%N+.D&[Seung et al., ML!97]

• 8*"%).(+*.D&<(A@;+*,H&*/*%
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I(.>/;/,+"(;&B(<%&P/)&C*"%).(+*.D
[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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m%)<+/*J9@("%&9(A@;+*,&g*<.%(F

150 random samples 150 active queries (QBC variant)

[Cohn et al., ML’94]
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!"#$%&$<R&9%A+J98@%)$+<%F

• 0/.>&.)D&./&(:("U&.>%&<(A%&@)/0;%AH&A(U+*,&
.>%&A/<.&/P&8*;(0%;%F&F(.(&U

• %(">&(:("U<&P)/A&(&F+n%)%*.&F+)%"#/*H
– semi‐supervised ;%()*+*,&$'()"*#+ X>(.&.>%&A/F%;&

.>+*U<&+.&U*/X<&(0/8.&8*;(0%;%F&F(.(

– ac;ve ;%()*+*,&$'()",$+&.>%&8*U*/X*&(<@%".<&/P&
.>%&8*;(0%;%F&F(.(
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!"#$%&$<R&9%A+J98@%)$+<%F

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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I)/0;%AH&-8.;+%)<

• (*&+*<.(*"%&A(D&0%&8*"%).(+*&/)&"/*.)/$%)<+(;&
cP/)&`7Bd&<+A@;D&0%"(8<%&+.O<&(*&#10%(&"

• ]8%)D+*,&/8.;+%)<&+<&*/.&;+U%;D&./&>%;@&8<&)%F8"%&
%))/)&/*&A/)%&.D@+"(;&F(.(
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9/;8#/*&1H&?%*<+.D&G%+,>#*,
• X%+,>.&.>%&8*"%).(+*.D&cV+*P/)A(#$%*%<<Wd&/P&(*&

+*<.(*"%&0D&+.<&F%*<+.D&XR)R.R&.>%&@//;&U&

[Settles & Craven, EMNLP!08]

“base”
informativeness

density
term

[McCallum & Nigam, ICML’98; Nguyen & Smeulders, ICML’04; Xu et al., ECIR’07]
• 8<%&U&./&%<#A(.%&P(x)&(*F&($/+F&/8.;+%)<
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9/;8#/*&4H&M<#A(.%F&M))/)&E%F8"#/*

• A+*+A+Q%&.>%&)+<U&R(x)&/P&(&]8%)D&"(*F+F(.%

– %N@%".%F&8*"%).(+*.D&/$%)&U&+P&x&+<&(FF%F&./&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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L%N.&B;(<<+a"(#/*&MN(A@;%<
[Roy & McCallum, ICML’01]
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L%N.&B;(<<+a"(#/*&MN(A@;%<
[Roy & McCallum, ICML’01]
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E%;(#/*<>+@&./&C*"%).(+*.D&9(A@;+*,

• (&F+n%)%*.&@%)<@%"#$%H&(+A&./&A(N+A+Q%&.>%&
()4#"',.#)*+,()* /$%)&U

-,$./0$+&#"&/!0$,#1*!#2&+13()*!45

uncertainty before query risk term

assume x is
representative of U

assume this
evaluates to zero
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VM))/)&E%F8"#/*W&9"/)%<>%%.

• @)/<H
– A/)%&@)+*"+@;%F&]8%)D&<.)(.%,D

– "(*&0%&A/F%;J(,*/<#"
• ;+.%)(.8)%&%N(A@;%<H&*(o$%&7(D%<3&'E3&bI3&9m=

• "/*<H
– .//&%N@%*<+$%&P/)&A/<.&A/F%;&";(<<%<

• </A%&</;8#/*<H&<80<(A@;%&Uh&8<%&(@@)/N+A(.%&.)(+*+*,

– +*.)(".(0;%&P/)&<.)8".8)%F&/8.@8.<
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!;.%)*(#$%&`8%)D&LD@%<

• </&P()3&X%&(<<8A%F&]8%)+%<&()%&()-0,)/&-
– %R,R3&P/)&F/"8A%*.&";(<<+a"(#/*&.>%&;%()*%)&

]8%)+%<&2#/1'&)0-

• "(*&.>%&;%()*%)&F/&0%:%)&0D&(<U+*,&F+n%)%*.&
.D@%<&/P&]8%<#/*<^
– '1%.!%&5()-0,)/&*("#$%&;%()*+*,

– 4&,01"&*("#$%&;%()*+*,
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=8;#@;%Jg*<.(*"%&c=gd&'%()*+*,

• '1%.!%&*()-0,)/&*c=gd&;%()*+*,&+<&/*%&(@@)/(">&./&
@)/0;%A<&;+U%&.>+<&e?+%:%)+">&%.&(;R3&166Kk

[TREC Genomics Track 2004]

bag: document = { instances: paragraphs }

[Andrews et al., NIPS’03; Ray & Craven, ICML’05]
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=g&!"#$%&'%()*+*,

• .)(F+#/*(;&=g&;%()*+*,
– >+,>&(A0+,8+.D&$<R&;/X&"/<.

• +*&</A%&=g&F/A(+*<&c%R,R3&.%N.&";(<<+a"(#/*d3&;(0%;<&
"(*&0%&/0.(+*%F&(.&.>%&+*<.(*"%&;%$%;
– ;/X&(A0+,8+.D&$<R&>+,>&"/<.

• =g&("#$%&;%()*+*,
– /0.(+*&;/XJ"/<.&0(,&;(0%;<3&<%;%"#$%;D&]8%)D&+*<.(*"%<

– )%F8"%&(A0+,8+.D&,)2* /$%)(;;&;(0%;+*,&"/<.
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0.4

“base”
uncertainty

=g&C*"%).(+*.D&c=gCd
• X%+,>.&.>%&8*"%).(+*.D&/P&(*&+*<.(*"%&0D&+.<&

V)%;%$(*"%W&./&.>%&0(,J;%$%;&/8.@8.

“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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=g&!"#$%&'%()*+*,&E%<8;.<
[Settles, Craven, & Ray NIPS’07]
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T%(.8)%&!"#$%&'%()*+*,
• +*&i'I&.(<U<3&X%&"(*&/p%*&+*.8+#$%;D&;(0%;&4&,01"&-

– .>%&P%(.8)%&X/)F&V!1/6 W&+*F+"(.%<&.>%&";(<<&hockey

– .>%&P%(.8)%&X/)F&V-0"(6&W&+*F+"(.%<&.>%&";(<<&baseball

• tandem learning %N@;/+.<&.>+<&0D&(<U+*,&0/.>&
+*<.(*"%J;(0%;&(*F&P%(.8)%J)%;%$(*"%&]8%)+%<
eE(,>($(*&%.&(;R3&q='EO5rk

– %R,R3&V+<&!1/6 &(*&+A@/).(*.&F+<")+A+*(#$%&P%(.8)%^W
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L(*F%A&'%()*+*,H&L%N.&B;(<<+a"(#/*
[Raghavan et al., JMLR’06]

instance queries only

+j iterations of feature feedback
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T%(.8)%&'(0%;+*,

• )%"%*.3&(;.%)*(#$%&P/)A<&/P&V<8@%)$+<+/*W&"/A0+*%&
VP%(.8)%&;(0%;<W&X+.>&U&P/)&<%A+J<8@%)$+<%F&;%()*+*,

– @)/./.D@%JF)+$%*&;%()*+*,&e_(,>+,>+&f&s;%+*3&i!!B'O5rk

– ,%*%)(;+Q%F&%N@%".(#/*&cbMd&")+.%)+(
e=(**&f&="B(;;8A&!B'O5jh&?)8"U&%.&(;R3&9gbgEO5jk

• "(*&X%&,/.3&%7*</;+"+.&.>%<%&P%(.8)%&;(0%;<^

39



MN(A@;%H&g*P/)A(#/*&MN.)("#/*
feature label

[PHONE] contact

lease rent

bedroom size

large size / 
featureswater utilities

east neighborhood

non-smoking restrictions
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G%+,>.%F&C*"%).(+*.D&P/)&T%(.8)%<

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]

(&P/)A&/P&F%*<+.DJX%+,>.%F&8*"%).(+*.D&<(A@;+*,
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Vb)+FW&'(0%;+*,&g*.%)P("%
[Druck et. al, EMNLP’09]
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C<%)&MN@%)+A%*.<

five 2-minute labeling sessions
with real human annotators

[Druck et. al, EMNLP’09]
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E%(;JG/);F&!**/.(#/*&B/<.<
• </&P()3&X%O$%&(<<8A%F&.>(.&]8%)+%<&()%&%]8(;;D&

%N@%*<+$%&./&;(0%;
– P/)&A(*D&.(<U<3&;(0%;+*,&V"/<.<W&$()D

[Haertel et al., ACL’08]
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!**/.(#/*&L+A%&!<&B/<.

• X>%)%&F/%<&.>+<&$()+(*"%&"/A%&P)/A^
– </A%#A%<&(**/.(./)JF%@%*F%*.

– <./">(<#"&%n%".<

[Settles et. al, NIPS’08]

• F/&(**/.(#/*&#A%<&$()D&(A/*,&+*<.(*"%<^
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B(*&'(0%;+*,&L+A%<&0%&I)%F+".%F^

cost predictor: regression model using meta-features

[Settles et. al, NIPS’08]
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B(*&I)%F+".%F&L+A%<&gA@)/$%&!'^
[Settles et. al, NIPS’08]

<%$%)(;&/.>%)&*%,(#$%\(A0+,8/8<
)%<8;.<&+*&i'I&F/A(+*<
[Aurora et al., ALNLP’09; Tomanek et al.]
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78.&!;;&g<&i/.&'/<.Z

• </A%&@/<+#$%&)%<8;.<&8<+*,&@)%F+".%F&"/<.<&
>($%&0%%*&/0.(+*%F&+*&.>%&$+<+/*&"/AA8*+.D

[Vijayanarasimhan & Grauman, CVPR’09]
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-.>%)&g*.%)%<#*,&g<<8%<

• A(*D&*/*J%N@%).&(**/.(./)<&e9>%*,&%.&(;R3&s??O5jk

• 8<%)&+*.%)P("%&+<<8%<&eB8;/:(&%.&(;R3&!gO5rk

• F(.(&)%8<(0+;+.D&e7(;F)+F,%&f&-<0/8)*%3&M=i'IO5tk

• 0(.">&A/F%&("#$%&;%()*+*,&e_/+&%.&(;R3&gB='O5rk

• A8;#J.(<U&("#$%&;%()*+*,&eE%+">().&%.&(;R3&!B'O5jk
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_Gu&?+<"8<<+/*

1R G>(.&()%&</A%&("#$%&;%()*+*,&opportuni;es +*&.>%&
"/*.%N.&/P&(&iM''&<D<.%A^

v _/X&()%&.>%<%&/@@/).8*+#%<&similar ./&/)&different 
P)/A&@)/0;%A&<%w*,<&+*&@)%$+/8<&X/)U&/*&("#$%&
;%()*+*,^&L>+*U&(0/8.&.>%&U+*F<&/P&]8%)+%<&.>%&
;%()*%)&"(*&(<U&(*F&>/X&.>%&;(0%;<&()%&/0.(+*%FR

v gF%*#PD&</A%&prac;cal issues P/)&("#$%&;%()*+*,&+*&
(&*%$%)J%*F+*,&;%()*+*,&<D<.%A&;+U%&iM''R&_/X&
A+,>.&X%&(FF)%<<&.>%<%&+<<8%<^
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