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Frameworks for learning

» So far, we have focused on learning a function f from labeled
examples {(x,-,y,-)}le.
» What if you don't have labeled data for a domain or task you
want to solve?
» You can use labeled data from another domain.
This rarely works well.

» You can label data yourself.
This is a lot of work.



Examples

Phonetic transcription?
» “Switchboard” dataset of telephone conversations

» Annotations from word to phoneme sequence:

» film — F IH.N UH_GL_N M
» be all — BCL B IY IY_-TR AO_TR AO L_DL

2Examples from Xiaojin “Jerry” Zhu
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“The National Track and Field Championship has finished.”

» 2 years annotation time for 4000 sentences

3Examples from Xiaojin “Jerry” Zhu
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How can we learn with less annotation effort?

» Semisupervised learning
> {(xi,y;)}i_1: labeled examples
» {(x;) f:;+15 unlabeled examples
» often u >/

» Domain adaptation
> {(x,,y,-)}fil ~ Ds: labeled examples in source domain
> {(xi,y;)}'I, ~ Dr: labeled examples in target domain
» possibly some unlabeled data in target and possibly source
domain
> evaluate in the target domain

» Active learning: model can query annotator for labels
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How can unlabeled data help in NLP?

Let’s learn to do sentiment analysis in French.

> labeled data

» © émouvant avec grace et style

> ©® fastidieusement inauthentique et banale
> unlabeled data

> pleine de style et intrigue
la banalité n'est dépassée que par sa prétention
prétentieux, de la premiére minute au rideau final
imprégné d'un air d'intrigues

v vy

By propagating training labels to unlabeled data, we learn the
sentiment value of many more words.
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Propagating 1-Nearest-Neighbor: now it doesn’t

But with a single outlier...
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When does bootstrapping work? “Folk wisdom”

» Better for generative models (e.g., Naive Bayes) than for
discriminative models (e.g., perceptron)
» Better when the Naive Bayes assumption is stronger.

» Suppose we want to classify NEs as PERSON or LOCATION
» Features: string and context, e.g.

» located on Peachtree Street
» Dr. Walker said ...



When does bootstrapping work? “Folk wisdom”

» Better for generative models (e.g., Naive Bayes) than for
discriminative models (e.g., perceptron)
» Better when the Naive Bayes assumption is stronger.

» Suppose we want to classify NEs as PERSON or LOCATION
» Features: string and context, e.g.

» located on Peachtree Street
» Dr. Walker said ...

P(x; = street, x = on|LOC)
~ P(x; = street|LOC)P(x2 = on|LOC)
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» Assume two, conditionally independent, views of a problem.
» Assume each view is sufficient to do good classification.



Two views and co-training

» Co-training makes bootstrapping folk wisdom explicit.

» Assume two, conditionally independent, views of a problem.
» Assume each view is sufficient to do good classification.

» Sketch of learning algorithm:
» On labeled data, minimize error.
» On unlabeled data, constrain the models from different views
to agree with each other.
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2. Dr. Walker said PER
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Co-training example

x(1) x@ y
1. Peachtree Street located on LOC
2. Dr. Walker said PER
3.  Zanzibar located in LOC
4. Zanzibar flew to LOC
5. Dr. Robert recommended PER
6. Oprah recommended PER
Algorithm
» Use classifier 1 to label example 5.

v

v

v

v

Use classifier 2 to label example 3.

Retrain both classifiers, using newly labeled data.

Use classifier 1 to label example 4.

Use classifier 2 to label example 6.



Building a graph of related instances

Back to sentiment analysis in French...

1. ® émouvant avec grace et style

2. ® fastidieusement inauthentique et banale
3. pleine de style et intrigue
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. la banalité n'est dépassée que par sa
prétention

5. prétentieux, de la premiére minute au rideau
final
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Building a graph of related instances

Back to sentiment analysis in French...

1. ® émouvant avec grace et style

2. ® fastidieusement inauthentique et banale

3. /
4. la banalité n'est dépassée que par sa .

pleine de style et intrigue

prétention

(@)}
o

. prétentieux, de la premiére minute au rideau

final

. imprégné d'un air d’intrigue

» We can view this data as a graph, with edges between similar
instances.

» Unlabeled instances propagate information through the graph.
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Graphs over instances

» Often we compute similarity from features,

2
sim(/,j) = exp <—M>

202

and build an edge between i and j when sim(/,j) > 7
> But sometimes there is a natural similarity metric.

» For example, Pang and Lee (2004) use proximity in the
document for subjectivity analysis.

» The idea is that adjacent sentences are more likely to have the
same subjectivity status.



Minimum cuts

Pang and Lee use minimum cuts to assign subjectivity in a
proximity graph of sentences.

yi € {0?1}
Fix Yi = {y1,y2,...ye}
Solve for Yy = {yes1,-- -, Yerm}

i (v — vi)?
min > wilyi = %)
ij



Minimum cuts

Pang and Lee use minimum cuts to assign subjectivity in a
proximity graph of sentences.

vie{o1} > This looks like a
Fix Y; = {y1,y2,... e} combinatorial problem...

Solve for ¥y = {yrs1,- -, Yem} » But assuming w;; > 0, it can

nr;/in Z wi(yi — yj)? be solved with
Yo maximum-flow.



Problems with minimum cuts

» Mincuts may have several possible solutions:
. M) M) M)
> Initial graph O—O—"~C0CO—~CO—@




Problems with minimum cuts

» Mincuts may have several possible solutions:

» Initial graph O—COCO—"7"0CO—"CO e
» Equivalent solutions

v

f
z



Problems with minimum cuts

» Mincuts may have several possible solutions:

.. /e W NV
> Initial graph O—O—"~C0CO—~CO—@
» Equivalent solutions

© o000
o&—0 e—0—0
o—0
o&—C—C—= 0 e

> Another problem is that mincuts doesn't distinguish high
confidence predictions.
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Problems with minimum cuts

» Mincuts may have several possible solutions:

.. /e W NV
> Initial graph O—O—"~C0CO—~CO—@
» Equivalent solutions

»rO0—0—0 @6—©@
»rO—O0——C— 0 @

> Another problem is that mincuts doesn't distinguish high
confidence predictions.

» One solution is randomized mincuts (Blum et al, 2004)
» Add random noise to adjacency matrix.
» Rerun mincuts multiple times.
» Deduce the final classification by voting.



Label propagation

» Relax y; from {0,1} to R
> Minimize 3, w;(yi — Yi)?
» Advantages:

> unique global optimum
» natural notion of confidence: distance of y; from 0.5



Label propagation on the graph Laplacian

v

Let W be the n x n weight matrix.
Let D be the degree matrix, d; = ZJ- wj;. D is diagonal.
The unnormalized graph LaplacianisL =D — W

v

v

We want to minimize the energy >, w;(yi — ;)% = y Ly,
subject to the constraint that we can’t change y,.

v



Label propagation on the graph Laplacian

v

Let W be the n x n weight matrix.
Let D be the degree matrix, d; = ZJ- wj;. D is diagonal.
The unnormalized graph LaplacianisL =D — W

v

v

We want to minimize the energy >, w;(yi — ;)% = y Ly,
subject to the constraint that we can’t change y,.

v

Solution:

v

Lee Loy
Lul Luu

» Then the closed form solution is y, = —L_!L.cy,
» This is great ... if we can invert L.

» Partition the Laplacian L = [



Iterative label propagation

» L, is huge, so we can't invert it unless it has special

structure.
> lterative solution from Zhu and Ghahramani (2002):
> Let T = ZV:"{W, row-normalizing W.

» Let Y be an n x C matrix of labels, where C is the number of
classes. In the R&R reading, a special “default” label is used
for the unlabeled nodes.

» Until tired,

> SetY =TY

» Row-normalize Y
» Clamp the seed examples in Y to their original values
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> It learns by a joint operation on the labeled and unlabeled data.
» What if new test data arrives later?
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Manifold regularization

» Graph propagation is transductive learning.
> It learns by a joint operation on the labeled and unlabeled data.
» What if new test data arrives later?
» Manifold regularization (Belkin et al 2006) favors learning
models that are smooth over the similarity graph.
» we want to learn a function f : X — ) which is:

> correct on the labeled data
> simple (regularized)
» smooth on the graph (or manifold)

argmin f% Zﬁ(f(x;),y;)—i—/\leHz—i-)\z Z wii(f(xi)—f(x}))?

ij



Manifold regularization: synthetic data
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Manifold regularization: text classification

» Text classification: mac
versus windows

» Each document is
represented by its TF-IDF
vector

> The graph W is constructed

from 15-nearest-neighbors
(in TF-IDF space)

PRBEP

Performance of SVM, LapSVM
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How can we learn with less annotation effort?

» Semisupervised learning
> {(xi,y;)}i_1: labeled examples
» {(x;) ff];’lf’ﬂ: unlabeled examples
» often u >/

» Domain adaptation
> {(x,,y,-)}fil ~ Ds: labeled examples in source domain
> {(xi,y;)}'I, ~ Dr: labeled examples in target domain
» possibly some unlabeled data in target and possibly source
domain

> evaluate in the target domain



The current status of NER

Quote from Wikipedia

“State-of-the-art NER systems produce near-human performance. For
example, the best system entering MUC-7 scored 93.39% of f-measure
while human annotators scored 97.60% and 96.95%"

guest lecturer: Ming-Wei Chang CS 546 ()| Introduction to Domain Adaptation 7/33» Spring. 2009 7/33



The current status of NER

Quote from Wikipedia

“State-of-the-art NER systems produce near-human performance. For
example, the best system entering MUC-7 scored 93.39% of f-measure
while human annotators scored 97.60% and 96.95%"

Wow, that is so cool! At the end, we finally solved something!

guest lecturer: Ming-Wei Chang CS 546 ()| Introduction to Domain Adaptation 7/33» Spring. 2009 7/33



The current status of NER

Quote from Wikipedia

“State-of-the-art NER systems produce near-human performance. For
example, the best system entering MUC-7 scored 93.39% of f-measure
while human annotators scored 97.60% and 96.95%"

Wow, that is so cool! At the end, we finally solved something!

Truth:The NER problem is still not solved. Why?

guest lecturer: Ming-Wei Chang CS 546 ()| Introduction to Domain Adaptation 7/33» Spring. 2009 7/33



The problem: domain over-fitting

The issues of supervised machine learning algorithms:
Need Labeled Data

What people have done: Labeled large amount of data on news corpus

However, it is still not enough.....
The Web contains all kind of data....

» Blogs, Novels, Biomedical Documents, ...
» Many domains!

We might do a good job on news domain, but not on other domains...

guest lecturer: Ming-Wei Chang CS 546 ()| Introduction to Domain Adaptation 8/33» Spring. 2009 g /33



Domain Adaptation

Many NLP tasks are cast into classification problems
Lack of training data in new domains

Domain adaptation:

— POS: WSJ - biomedical text

— NER: news - blog, speech

— Spam filtering: public email corpus - personal inboxes

Domain overfitting

NER Task Train - Test F1
to find PER, LOC, ORG NYT - NYT 0.855
from news text Reuters — NYT 0.641
to find gene/protein from mouse — mouse 0.541
biomedical literature fly  mouse 0.281




Supervised domain adaptation

In supervised domain adaptation, we have:

» Lots of labeled data in a “source” domain, {(x;,y;) ffil ~ Ds
(e.g., reviews of restaurants)

\
n
|

> A little labeled data in a “target” domain, {(x;,y;) fll ~ Dt

(e.g., reviews of chess stores)
il




Hal Daumé Il (me@hal3.name)
Obvious Approach 1: SrcOnly

Training Time Test Time

Source Target Target

Data Data

——_—

Source

Data

Data
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Training Time Test Time

Source Target Target

Data Data

——_—
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Hal Daumé Il (me@hal3.name)
Obvious Approach 3: All

Training Time Test Time

Source Target Target

Data Data

——_—

Source Target
Data Data

Data

Unioned Data

Slide 13 Domair-Adaptation



Hal Daumé Il (me@hal3.name)
Obvious Approach 4: Weighted

Training Time Test Time

Source Target Target

Data Data

——_—

Source
Data

Data

Target
Data

Unioned Data

Slide 14 Domair-Adaptation



Hal Daumé Il (me@hal3.name)
Obvious Approach 5: Pred

Training Time Test Time

Source Target Target
Data Data Data

SrcOnly,

Target Data Target Data
(w/ SrcOnly Predictions) (w/ SrcOnly Predictions)

Slide 15 Domair-Adaptation



Hal Daumé Il (me@hal3.name)

Obvious Approach 6: Linint

Training Time Test Time
Source Target Target
Data Data Data

SrcOnly TgtOnly SrcOnly TgtOnly

S ~.
a a

Slide 16 Domair-Adaptation



Less obvious approaches

» Priors (Chelba and Acero 2004)
» Let w(®) be the optimal weights in the source domain.
» Design a prior distribution P(w(7)|w(%))
» Solve w(T) = argmax w log P(y(7)|x(M)) + log P(w(T)|w(5))



Less obvious approaches

» Priors (Chelba and Acero 2004)

» Let w(®) be the optimal weights in the source domain.
» Design a prior distribution P(w(7)|w(%))
» Solve w(T) = argmax w log P(y(7)|x(M)) + log P(w(T)|w(5))

» Feature augmentation (Daume Il 2007)



Hal Daumé Il (me@hal3.name)

“MONITOR” versus “THE”

News domain: Technical domain:
“MONITOR” is a verb “MONITOR” is a noun
“THE” is a determiner “THE” is a determiner

(and let the learner decide which are which)

Slide 7 o & = =Domain-Adaptation



Hal Daumé Il (me@hal3.name)

Feature Augmentation

I
,

N
Té § ‘W :monitor W:the W:the ‘W:monitor
= < P:we P:monitor P:<s> P:the
= g N:the N:traffic N:monitor N:is
C= C:a+t C:a+ C:Aa+ C:a+

( SW:monitor| SW:the
SP:we SP:monitor

SN:the SN:traffic
SC:a+ SC:a+

TW:the |TW:monitor
TP:<s> TP:the

Augmented
Features
A

In feature-vector lingo:
D(x) — (D(x), D(x), 0> (for source domain)
D(x) — (D(x), 0, D(x)> (for target domain)

Slide 8 Domair-Adaptation



Results — Error Rates

Hal Daumé Il (me@hal3.name)

Task Dom SrcOnly TgtOnly |Baseline Prior Augment

bn 4.98 | 2.37 2.11 (pred) 2.06 1.98

be 4.54 | 4.07 | 3.53 i) | 3.47 | 3.47
ACE- nw 4.78 3.71 3.56 (pred) 3.68 3.39
NER wl 2.45 2.45 2.12 (l) 2.41

un 3.67 2.46 2.10 (linint) 2.03

cts 2.08 | 0.46 0.40 (al) 0.34 0.32
CoNLL _ tgt 2.49 | 2.95 1.75 (wgt/li) 1.89
PubMed tgt 12.02 | 4.15 3.95 (linint) 3.99
CNN tgt 10.29 3.82 3.44 (linint) 3.35

ws]j 6.63 4.35 4.30 (weight) 4.27

swbd3 15.90 | 4.15 4.09 (linint) 3.60

br-cf 5.16 6.27 | 4.72 (ininy) 5.22
Tree br-cg 4.32 | 5.36 | 4.15 @D 4.25
bank- br-ck 5.05 | 6.32 5.01 (prd/l) 5.27
Chunk br-cl 5.66 | 6.60 | 5.39 wgt/prd) | 5.99

br-cm 3.57 6.59 3.11 () 4.08

br-cn 4.60 | 5.56 4.19 (prd/1) 4.48

br-cp 4.82 | 5.62 | 4.55 twat/prd/ti) | 4.87

br-cr 5.78 9.13 5.15 (linint) 6.71
Treebank- brown 6.35 5.75 4.72 (inint) 4.72 4.65
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Unsupervised domain adaptation

In unsupervised domain adaptation, we have:

» Lots of labeled data in a “source” domain, {(x;,y;) ffil ~ Ds
(e.g., reviews of restaurants)

\
n
|

> Lots of unlabeled data in a “target” domain, {(x;) fll ~ Dt

(e.g., reviews of chess stores)
il
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Qf Predicting pivot word presence

Do not buy the Shark portable steamer.
The trigger mechanism is defective.

B

QA
://

An absolutely great purchase. . . . This
blender is incredibly sturdy.

\
[F
@

Predict presence of pivot words

Pt (orafe) x e {lnwlarel))
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Q{ Finding a shared sentiment subspace
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Q{ Finding a shared sentiment subspace

! ! + Let PP be a basis for th
. hlghly e SIS Tor the
W= ! ul)l w(recor)|7mend) - wlN subspace of best fit to W
« P captures sentiment
variance in W
« pw (pivots|z) generates N new features P ( highly recommend, great )
highly L
* Puw (,ecgg’;qend)(recommend|5’7) : “Did highly
recommend appear?”

+ Sometimes predictors capture
non-sentiment information






Q! P projects onto shared subspace
Source [
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Q! Target Accuracy: Kitchen Appliances

88

84

Books

In Domain (Kitchen)
m No Adaptation
B Adaptation

DVDs Electronics

Source Domain
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88

84

Adaptation Error Reduction

36% reduction in error due to adaptation




Q! Visualizing P (books & kitchen)

negative VS. positive
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Recap

> In application settings,

> You rarely have all the labeled data you want.
> You often have lots of unlabeled data.
» Semi-supervised learning learns from unlabeled data too:

» Bootstrapping (or self-training) works best when you have
multiple orthogonal views: for example, string and context.

» Probabilistic methods impute the labels of unseen data.

» Graph-based methods encourage similar instances or types to
have similar labels.
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Alternative frameworks

» Semisupervised learning
> learn from labeled examples {(x;,y,)}%_;
» and unlabeled examples {(x;) f;fﬁrl
> often u >/
» Domain adaptation
> learn from lots of labeled examples {(x;,y;)}¢_; ~ Ds in a
source domain
» learn from a few (or zero) labeled examples
{(xi,¥;)}_; ~ D1 in a target domain
> evaluate in the target domain
» Active learning: model can query annotator for labels
» Feature labeling

» Provide prototypes of each label (Haghighi and Klein 2006)
» Give rough probabilistic constraints, e.g. Mr. preceeds a
person name at least 90% of the time (Druck et al 2008)
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