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people who ate the round people who ate the spiked
Martian fruits found them tasty! Martian fruits died!
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under the PAC model, assume using the binary search
we need O(1/!) i.i.d. instances approach, we only needed

to train a classifier with error !. O(log, 1/!) instances!
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membership query synthesis

model generates

a query de novo
B

stream-based selective sampling

_____ sample an______ ~ model decides to ’é .

instance query or discard

instance
space or input
distribution

>
|
E pool-based active learning query is labeled
: — by the oracle
___ | sample alarge ____ . model selects
pool of instances u the best query
S —-

most common in NLP applications
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repeat

machine learning
label new - model
induce a model

inspect
unlabeled
data
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: unlabeled pool
select “queries” U

oracle (e.g., human annotator) — )
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active learning

passive learning

text classification:
baseball vs. hockey
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Sentiment analysis for blogs; Noisy relabeling
b 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 | can confirm that we're using active learning in
earnest on many problem areas... | really can't provide
any more details than that. Sorry to be so opaque!"

— David Cohn
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[Lewis & Gale, SIGIR'94]
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400 instances sampled
from 2 class Gaussians
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random sampling
30 labeled instances
(accuracy=0.7)
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T =~ 1777777

~~~~~~~~
.............

active learning
30 labeled instances
(accuracy=0.9)
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entropy [Dagan & Engelson, ICML'95]
ppNT(T) = — Z Py(yl|z)logy Py(yl|z)

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

dm(x) = Po(yy|z) — Po(ys|x)

least confident [Culotta & McCallum, AAAI'05]
orc(x) =1— Py(y”|x)

"H#SYR-) &O0+*()D&.(<U<3&.>%<%&()%&%]8+3(;
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[Korner & Wrobel, ECML’06]
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s 1

entropy |,

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

smallest
margin

least| | |
confident |

13




[Seung et al., COLT'92]
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[Cohn et al., ML'94]
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initial random sample fails uncertainty sampling only
to hit the right triangle queries the left side!
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[Cohn et al., ML'94]
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uncertainty sampling guery-by-committee (QBC)
query instances the model use ensembles to rapidly
is least confident about reduce the version space
self-training co-training
expectation-maximization (EM) multi-view learning
entropy regularization (ER) use ensembles with multiple views
propagate confident labelings to constrain the version space

among unlabeled data
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[Settles & Craven, EMNLP!08]

B
b1p(x) = Hy(Y|2) X (5 > sim(az,w)

ueU

“base” density
informativeness term

. 8<0BR.I&Yo<HA(PE&)&(*F&($/+F&/8.:+%)<

[McCallum & Nigam, ICML'98; Nguyen & Smeulders, ICML'04; Xu et al., ECIR'07]
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[Roy & McCallum, ICML'01; Zhu et al., ICML-WS'03]
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expectation over
possible labelings of x

l
R(z) =" By |Hpon (V1)

/‘ueu '\

sum over uncertainty of u
unlabeled instances after retraining with x
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Accuracy

[Roy & McCallum, ICML'01]
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Accuracy on comp.graphics vs. comp.windows.x
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[Roy & McCallum, ICML'01]
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Accuracy
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uncertainty before query risk term
y

ueU
assume X is
representative of L{<
~ Hy(Y|x) — E, [H()H*l"-‘” (Yl‘fl")]

~ Hg (Y|L) assume this

evaluates to zero
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[TREC Genomics Track 2004]

bag: document = { instances: paragraphs }
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[Andrews et al., NIPS'03; Ray & Craven, ICML'05]
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[Settles, Craven, & Ray NIPS’07]
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[Settles, Craven, & Ray NIPS’07]
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[Raghavan et al., JMLR'0G]
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Lg 1 Bdrm No long-term lease

- @ (@ [ hitp://madisory v ) wi

pa—
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Bl Ll

best of craigslist

$490 / 1br - Lg 1 Bdrm No long-term
lease (Poynette)

Reply to:hous-hnxwu-1198961460@craigslist.org (
Date: 2009-05-31, 10:08PM CDT

Large one bedroom apartment in Poynette, only 20 mintues to east side of Madison.
$490 /month includes heat, water, and appliances. Large back yard for gardening or
grilling. No long-term lease. Available now. Non-smoking building. 608-576-1734.

e cats are OK - purrr
o Location: Poynette

« it's NOT ok to contact this poster with services or other commercial interests

PostingID: 1198961460 v

Errors when replying to ads?) ™

feature
[PHONE]
lease
bedroom
large
water
east

non-smoking

label
contact
rent
size
size /

utilities

restrictions
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[Druck et. al, EMNLP’09]
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count of feature occurrences in corpus
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Figure 1: QBU, LS, QBC, and the random baseline plotted in terms of accuracy versus various cost functions: (a)
number of sentences annotated; (b) number of words annotated; and (¢) number of tags corrected.

[Haertel et al., ACL'08]
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[Settles et. al, NIPS’08]
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correlation coefficient

[Settles et. al, NIPS’08]
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F1 measure

[Settles et. al, NIPS’08]
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