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What Is semi-supervised learning (SSL)?

A Labeled data (entity classification)
| Labels
|
Aé , s a yGoopktr vice person
president of é location
& Firing Line Inc., a organization
| Philadelphia gun shop.

A Lots more unlabeled data

Can we build a
better model from
both labeled and
unlabeled data?

|
Aé, Yahoods own Jler
right &

B The deQbaa na&anso f
1| Franciscomis-adventur e |é




Who else has worked on SSL?
-




Anti-SSL arguments: practice
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Alf a problem is important, w
linguists to label more data

IP-HLN

o Penn Chinese Treebank
NP-SBJ vV 2 years to annotate 4000
T sentences
NP NP
T~ T~
DT NN NN NN
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The national track & field championships concluded

| want to parse the baidu zhidao question-answer database.

Whoo0s going to annotate 1t fo



Antl-SSL arguments: theory




Why semi-supervised learning?
- 00001}

Al have a good idea, but
lots of datal!

A | have lots of labeled data, but | have even
more unlabeled data

I SSL: | t 0s not jJust for s me
anymore!

A Domain adaptation: | have labeled data from 1
domain, but | want a model for a different domain



Goals of this tutorial
-

1) Cover the most common classes of semi-
supervised learning algorithms

2) For each major class, give examples of
where it has been used for NLP

3) Give you the ability to know which type of
algorithm is right for your problem

4) Suggest advice for avoiding pitfalls in semi-
supervised learning



Overview




Some notation
-

labeled instances are pairs (X, y)

learners or hypotheses h, f : x — vy

labeled data {(x,y):}5_,

unlabeled data {Xi}?:xl available at train time

test data {(x,y)} unavailable at train time



Bootstrapping: outline
- 0_00_0_0000000_]

A The general bootstrapping procedure
A Co-training and co-boosting

A Applications to entity classification and
entity-attribute extraction

A SSL with latent variables, prototype
learning and applications



Bootstrapping




Back to named entities

A Naie Bayes model p(y|x) x p(y) II; p |@<‘

Featur es: <|l eftLawbed: = n M

A Parameters estimated from counts C(ﬂ%,y)

Bootstrapping step Data Update action

Estimate parameters ~ Says Mr. Cooper, vice president  ¢(LW=Mr. |, Person)++

Label unlabeled data Mr. Balmer has already faxed Label Balmerii Per s o

c(MW=Balmer , Person)+-+

Retrain model Mr. Balmer has already faxed
c(LW=Mr. , Person)-++



Bootstrapping folk wisdom
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Two views and co-training
- 00001}

A Make bootstrapping folk wisdom explicit
I There are two views of a problem.

I Assume each view is sufficient to do good
classification

A Named Entity Classification (NEC)

I 2 views: Contextvs. Content

I says Mr. Cooper, a vice president of . . .



General co-training procedure




Co-boosting for named entity classification
- 00001}

Collins and Singer (1999)

A A brief review of supervised boosting

Boosting runs for t=1éT rounds

On round t, we choose a base model ht(X) and weight &z

identifies the presence of a particular 0 otw
: .

For NLP, the model at round t, h:(x) . +1
e =4 ot
feature and guesses or abstains

Final model: f(x) = sgn (Z ahy(x )



Boosting objective

Normal boosting: At each round ¢, we set a; and

ht(x) to minimize Current model,
—steps 1. . .t-1

Oétht(X?:)))

exp loss

0-1 loss

-2 -1.a -] -0.5 0 0.5 I 1.3 Z



Co-boosting objective

Let f1(x}), f%(x?) be the boosted clas-
sifiers from views 1 and 2, respectively.

Then the co-boost loss for round t is:

view 2
loss Subscript: round
o Ho of boosting




Unlabeled co-regularizer
- 00001}

Scores of individual ensembles ( x- and y-axis ) vs.

Co-regularizer term ( z-axis )

score magnitude important
for disagreement

Co-Regularizer

wo
[

score magnitude not

important for agreement



Co-boosting updates
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