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1 Logistics

O±ce hours: wed beforeclass

1.1 Pro ject

write a summary/somehting that will stand the test of time; or write a good implementation of something;
or designa testing framework for a domain; etc.

2 Mo dels for Mac hine Learning

2.1 Learning Tasks

² Classi¯cation (documents, con¯gs)
² Segmentation/tagging/extraction
² Parsing
² Inducing representations (unsupervised)

First few classes{ document classi¯cation.

2.2 Questions

² Generative or discriminitiv e?
² Handling small samplesizes{ sparsedata problem
² sequences:local or global methods?
² Doesunsupervised learning help?

2.3 Generativ e Mo dels

Destimate p(x,y)

Easy to train; robust; probablistic ! givesyou a way to think about it.

2.4 Discriminitiv e Mo dels

minimize
P

[[f(x1) 6= y]] i.e., try to build a function f predicting y given x, and minimize the numer of training
errors.

Estimate p(yjx)

² Focus modeling resourceson instance-to-label mapping.
² Avoid restrictiv e assumptions(probablistic). No needfor explicit model of the domains. In particular,

no statistical independanceassumptions.
² Optimize what you care about
² Higher accuracy
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2.5 Global Mo dels

(t ypically EEs)

² Train to minimize labeling loss£ = argmin(µ)
P

i Loss(x[i], y[i] j µ)
² Computing the best labeling: argmin(y) Loss(x,yj£)
² E±cien t minimization requires:

{ A "common currency" for local labeling decisions{ how to decideabout tradeo®s?Useprobabilit y,
so we can comparedi®erent things.

{ Dynamic programming algorithm to combine local decisions(viterbi)

² principled
² can composemodels
² e±cient optimal decoding (usually)

2.6 Lo cal Mo dels

(t ypically machine learning)

² Train to minimize per-symbol lossin context £ = argmin(µ)
P

i
P

j Loss(y[i][j] j x[i], y[i][k]; µ, k6= j)

² Wider range of models
² more e±cient training
² heuristic decoding is like pruning
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Wednesday,September 12, 2001

3 Generativ e vs. Discriminitiv e

Generative: generatesinstance-label pairs

² processstructure
² processparameters: constrain/de¯ne the nondeterminism

How do you deducethe structure? How do you estimate the parameters(from training data)?

3.1 mo del structure

² decomposesgeneration of instancesto elementary steps. we don't want to generateentire documents,
they all have very low probabilities. somemodel mapping btwn documents and smaller steps.

² de¯ne dependenciesbetweensteps
² parameterizedependencies

Generating multiple featureswith an HMM: the problem is that the featuresare not conditionally indepen-
dant

3.2 Indep endance/in tractibilit y

² trees are good: each node has a single immediate ancestor, so join probabilit y can be computed in
linear time.

² but that forcesfeatures to be conditionally independant, given the class.
² unrealistic that they're independant. e.g., "san" and "francisco"

3.3 Discriminitv e mo dels

² p(yjx;µ)
² binary classi¯cation: de¯ne descriminant: y = sign h(x;µ)
² train µ to maximize p(training data), or minimize p(error)
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Monday, September 17, 2001

3.4 Classi¯cation Tasks

² Document classi¯cation: interested in ranking
{ ranking function is important to ¯nal outcome..
{ Tagging
{ Syntactic decisions(e.g., attatchment)

3.5 Do cumen t Mo dels
t = a term.
Ct (d) = term frequency of t in d.
jdj = total words in the document
d = document
D = document collection

Binary Vector

De¯ne a binary feature vector. Each term feature is either on or o®for a document. (present or absent)

f t (d) = t 2 d

Frequency Vector

De¯ne xt using TF*IDF : : :

xt (d) = Ft (Ct (d)/ jdj)

Ft is a TF*IDF weighting functions:

Ft (f) = log(f+1)log(1+( jDj/ jd2 D:t 2 dj))

Use logs to squashFt , becauseof burstiness.. ¯rst occuranceis meaningful, subsequent occuranceslessso.

Very sparserepresentation. Use equiv. representations?

Langauge Mo del

N-gram model
p(d jc) = p( j djj c) ¦ (i=1, j dj, p(di j d1, d2, : : :, di-1, c))
p(di j d1, d2, : : :, di-1, c) ¼ p(di j di-n, : : :, di-1, c)

3.6 Term Weighting and Feature Selection

We want the most informativ e features. Feature selection:

² remove low, unreliable counts
² mutual information
² information gain
² etc

TF*IDF tries to solve the sameproblem: adjust term weight by how document-speci¯c it is.
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3.7 Kinds of Classi¯ers

Generativ e

² Binary naive Bayes
² Multinomial naive Bayes(unigram)
² General class-conditional languagemodel (N-gram)

Discriminitiv e

² Binary features: exponential, boosting, winnow + embedding into real vector space
² Real vectors: rocchio, linear discriminant, SVM, ANNs

Real vector techniques are more general than binary features...

3.8 Learning Linear Classi¯ers

Ro cchio

Averagevector representations for positive and negative classes.
a = ®(

P
(x 2 c)x t )/ jcj

b = ¯ (
P

(x =2 c)x t )/( jDj- jcj)
wt = max(0, a- b)

On average, the negative examplesoverwhelm the positive in b.. So resistant to using a subclass of the
positive numbers..

Widro w-Ho®

Iterativ e approach. Estimate gradient, and useit to update our weights. ´ is our learning weight. Move the
model in the direction of making the actual label agreewith the predicted label.

wi +1 = wi - 2´ (wi *x i -y i )x i

y = actual label w = predicted label

(Balanced) winno w

Faster approach to iterativ e estimate of classi¯er weights. Competing positive error and negative error.

Favors sparserepresentations: terms go to zero quickly, becauseit's multiplicitiv e rather than additiv e.

4 Naiv e Bayes (Anne)

4.1 Bayes Nets

Encodesdependence& independancerelationships Sparserepresentation of the entire PDF, given that there
aren't too many dependencies.

4.2 Using Bayes Nets for Classi¯cation

Simply compute P(CjX). But if X is highly dimensional, this is very di±cult to ¯nd. E.g., if X is a binary
vector of whether each word occured (in document classi¯cation).

Use Bayesrule (including independance)to calculate backwards..
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P(cjx) = P(c)P(x jc)/P(x)

Naive Bayes: assumeconditional independancebetween multiple occurancesof a word (between multiple
features).

Room for improvement:

² Can we usedependanceinformation to improve e®ectivenessof Naive Bayesclassi¯ers?
² Modi¯cations of feature sets?
² Better text representations?

4.3 McCallum & Nigam

Naive Bayes: just usepresence/absenceMultinomial: usemultiple occurances..

Compare multiv ariate/m ultinomial.. Results:

² multi-v ariate Bernoulli handles large vocab poorly
² multinomial event model more appropriate for classi¯cation with large, overlapping vocabs

4.4 Sahami (sp?)

We want something between naive bayes and accounting for all dependencies. Find mutual information
between class and features. Add features one at a time. Connect each new node to k of the nodes that
you've already added. (Pick the k with the highest mutual information). Try k values of 0..3, and use a
threshold: have < k parents if they won't help (if mutual info is low)

Higher k doeshelp; but too high can hurt (false dependencies:many features really are unrelated). Classi-
¯cation accuracyvariance can uncover dependanceproperties (as you vary k).

4.5 (?)

Flat Classi¯cation

² one routine examinesdocuments, classi¯es them
² large number of features (1000s)
² computationally expensive
² over¯tting (& sparsedata problems)

Hierarc hical Classi¯cation

Multi-tier classi¯er

1. select features (given the data)
2. supervised learning createsthe classi¯er for each tier

Reducesboth total number of features, and the number of features usedlocally.

Hierarchical classi¯cation helps. :)
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Wednesday,September 19, 2001

5 Do cumen ts vs. Vectors

² Many documents have the samebinary/freq vector
² Document multiplicit y must be handled correctly
² Multiplicit y is not recoverable
² document probabilit y

p(d jc) = p( jdjj c) =
Q

p(di j c)

Do you mean probabilit y of a document given a class,or the probabilit y of a count vector given a class? If
so, we must add multinomial coe±cients. (Add factorials)

p(r jc) = P(Ljc)L!
Q

p(t jc) r
i jr i !

² Use bayesrule for classi¯cation. When we cancel things, the multinomial coe±cients cancel.
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Wednesday,September 19, 2001

6 Maxim um Entrop y Mo deling

(Eugen Buehler)

6.1 Entrop y and Perplexit y

² Entropy:

H(p) = -
P

p(x) lg p(x)

² Perplexity:

2H(p)

6.2 ME

Given what we know, ¯nd the probabilit y distribution that maximize entropy.

What we *do* know will reduce the entropy of the system Choosethe p dist that matches what we know,
without assuminganything we don't (which is done by maximizing entropy)

Assumea set of features:

fi: ² - > f 0,1 g

Constrain expectation of the feature function under the probabilit y model p:
P

p(x)fi(x) =
P

pbar(x)fi(x) = (1/ jTj)
P

fi(x)

A unique solution exists, with exponential form:

p(x) = 1/Z exp(
P

¸ i fi(x))

Z = normalization, ¸ i = parameters

This is just the MLE for out training data (though it's not easyto prove { information geometry)

Conditional ME:

p(y jx) = 1/Z(x) exp(
P

¸ i fi(x,y))

Another take on the MLE thing.. theseare equivalant:

1. assumingwe're exponential, how closecan we get to the constraints?
2. assuminwehavea distribution with thesecontsraints, how closecanweget to the uniform distribution?

6.3 Solving for lam bdas

² generalizediterativ e scaling (GIS)
² improved iterativ e scaling (I IS)

no closed-formsolution, so use hill-clim bing techniques. The hill-clim bing technique you use can add con-
straints, like binary features, features must sum to a constant, etc.

6.4 Building ME mo dels

To build an ME model:
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² phrasethe problem as a prob dist
² designa set of relevant features (!)

6.5 Text Classi¯cation: Nigam et al.

² objective: Find p(cjd) (calssgiven document)
² useone feature type: a weighted word count

f w,c'(d,c) = N(d,w)/N(d) if c=c', otherwise 0

² feature selection?
{ one approach: include all features, let the model work it out
{ but no feature selectionis bad: it can result in over-rating very rare features. If xyz appears in 1

document in a corpusof 100,ME will say that P(xyz)=1%. (this is basically a caseof over-¯tting)
{ so if there's no feature selection,you needsmoothing. Assumegaussiandistribution, centered on

zero (no e®ect). Maximize posterior probabilit y, not P(training data). we can useheld-out data
to estimate variance of gaussian

{ results:
{ comparedto multinomial naive bayes
{ better on 2/3 tests. (not particularly impressive)
{ no feature selection;could include more features for ME, that are not available for naive bayes

6.6 PP A ttatc hmen t: Ratnaparkhi, et al.

"I saw [a man in the park] [with a telescope]"

Reduceto f V=saw, N1=man, P=with, N2=telescopeg, try to predict whether N2 should be attatched with
N1 or V

Result of 0 if you attatch to N1, 1 if you attatch to V

Featureshavea valueof 1 for noun attatchment, 0 for verb attatchment. But that's ok. P(noun) = 1-P(verb).

ME doesn't assumeindependanceof features (but GIS, I IS convergefaster the more independant they are)

Feature space= compositions of binary questions:

² about identit y of tuple members
² about classof tuple members

Feature selection

² selectbest feature basedon an estimate increasein log-likelihood
² train new model
² add a special set of candidate features, related to the new feature
² repeat

Binary outcomeconditional ME is equivalant to logistic regression.Sothey shouldhavecomparedto stepwise
logistic regression(this tests feature selection). stepwiselogistic regressionis basically logistic regressionwith
feature selection

6.7 Berger et al. and translation

² build ME as supplements to a french-english MT system
² try to ¯nd p(yjc), between languages,for a given word: : : e.g., should we translate "in" as "dans" or

"en" etc..
² feature sets: test for a given word (this is basically the a priori probabilities.. e.g., in! en 25% of

the time). Also, check for immediate following word, immediately preceedingword, word x is in the 3
preceedingwords, word x is in the 3 following words.
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Feature Selection

² A set of candidate features F
² An empirical distribution p
² A set of active features S (initially empty)
² The current model, p[s] (initially uniform, sinceS is empty)
² For all candidate features, ¯nd the parameters using I IS, then compute gain in likelihood of training

data.
² select that feature
² when new feature doesnot improve performanceon held-out data, we're done

Problem: I IS is slow, so this training method is slooowww.. :)

Estimating lik eliho od gain

Instead of calculating exact likelihood gain, estimate it:

² during I IS, keepall parametersequal to original model, solve only for the new parameters(i.e., assume
independance)

² this makes it computationally feasable
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Monday, September 24, 2001

7 Maxim um Entrop y Review

7.1 Conditional Maxen t Mo del

² multi-class
² can usedi® features for di®erent classes

8 Dualit y

² Maximize conditional log likelihood, given model form
² Maximize conditional entropy, subject to the constraints

9 Relationship to (binary) logistic discrimination

If we reducethis to the binary case,then we have a logistic regressionproblem. Somaxent is a generalization
of logistic discrimination

10 Relationship to Linear Discrimination

² Decision rule
sign(log(p(+1 jx)/p(+1 jx))) =

sign
P

[k] ¸ [k]g[k](x)

² Bias term: parameter for "always on" feature { allows the discrimination to not go through the origin.
² Question: relationship to other trainers for linear discriminant functions.

11 Solution Techniques

11.1 Generalized Iterativ e Scaling

² parametersupdates
² additiv e updates
² initial values? usezero. The more dependant the features, the longer it takes to converge. If we start

at zero, we will convergeeventually; if we start somewhererandom, we might go in circles if features
are linearly dependant.

² requires that features add up to a constant independant of instance or label { usea "slack feature"

11.2 Impro ved Iterativ e Scaling

² multiplicitiv e updates
² for binary features reducesto solving a polynomial with positive coe±cients.
² Reducesto GIS if feature sum is constant

11.3 Another approac h:

² usestandard convex optimization techniques
{ conjugate gradient, etc.
{ convergesfaster?
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12 Gaussian Prior

² If we have a gaussianprior, we can tweak I IS to update according to variances.. (?)

13 Represen tation

² ¯xed-size vs variable-sizeinstances.
² multiv alued features
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Monday, September 24, 2001

14 AdaBo ost and Varian ts

Andrew

² Boosting: take several "weak" predictors and combine them to make one "strong" predictor.
² "W eak" meansonly slightly better than random. We can usestronger "weak" predictors, but we don't

needto..

14.1 Weak learner

Consider a weak learner h:

h : x ! f 0,1 g

14.2 Motiv ation

When we train a classi¯er, sometraining samplesare "harder" than others. One approach: take hard ones,
duplicate them, and train (placesemphasisof learner on the hard observations).

Boosting is like this:
1. Train classifier on h
2. Cake copies of hard observations
3. Go to 1

At the end, combine all of thesesomehow.

14.3 Initial Observ ation weights

Initially , useuniform distribution:
i = iteration
m = number of observations

Distribution D[1](i) = 1/m
Boosting loop

For T iterations:
Generate clasifier h[i]
Choose reweight term a[t]
Calculate
Update

14.4 Error bound on test data

² VC-dimension is a measureof the complexity of a hypothesisspace.
² We can put an upper bound on the probabilit y of misclassi¯cation.

Boosting seemsto be resistant to over¯tting. :)

14.5 Multiclass/Multi-Lab el

multiclass: ternary decision, etc. multilab el: each observation can have a variable number of classes.E.g.,
a document might have multiple document categories.
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For multiclass, we can have one binary classi¯er for each class,and put them back together afterwards.

Two views:

² we are concentrating on the decisionboundry. This is a good thing, cuz we get better classi¯cation.
² we are concentrating on outliers, and mangling our model to accomodate them.

For labeling: if you get too much label noise, then the algorithms start over¯tting horribly .
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Wednesday,September 26, 2001

15 Review of Bo osting

Training instances:
x[i] is training instance
y[i] is label: f -1,1 g
(x[1],y[1]), : : :, (x[m],y[m])

Start with uniform distribution:

D1[i] = 1/m

For t = 1, : : :, T:

² train weak learner using Dt
² get weak hypothesish[t]: maps instances! labels
² choose®[t] (real)
² update the distribution:

D[t+1][i] = D[t][t] e( - ®[t]y[i]Ht(x[i]) / Zt)

Where y[i] 2 f -1,1g and Ht(x[i]) 2 f -1,1g

H(x) = sign(
P

[t] ®[t]h[t](x))

®[t] = 0.5 ln( (1- ²[t])/ ²[t] )

We can bound our error by:
Q

[t] Z[t]

² < P[margin(x,y) · µ] + £ (sqrt(d/(m µ2)))

(£ is order)

16 SVM

[josh]

Look for a linear separating hyperplanes. There are in¯nite such planes. Which one should we use?We can
write each hyperplane as a linear combination of vectors (plus a const).

f(x, ®) = (w[ ®] ¢ x) + b

If we just pay attention to the minimum margin, we don't really care about the margin of the points we
classify well anyway.

support vector = one of the vectors that we're using to de¯ne our hyperplane.. the distance from all of the
support vectors to the hyperplan is 1..

We can expand svm into additional dimensions,using a mapping function. if we pick our mapping function
carefully, then we can avoid a lot of computation. For example,project (x1,x2) into two dimensions:

©( < x1,x2 > ) = < x12, sqrt(2)x1x2, x22>

Then

©(u) ¢ ©(v) = (u ¢ v) 2

"Kernel" combines projecting & combining. So it behaves like inner product, but it's acting via a higher
dimension

15



Monday, October 1, 2001

17 SVM (con tin ued)

Featuresare only refered to indirectly , via the support vectors. This makes the machine lessdependant on
the number of features.

SVMs tend to yield high accuracy.

VC Dimension ! the fewer the support vectors, the smaller the VC dimension. Prediction: accuracy will
be higher if VC dimension is smaller.

In SVM, the kernel allows the mechanism to accessfeatures that may not be available elsewhere..
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Monday, October 1, 2001

18 Solving Large-Margin Problems

18.1 Linear Classi¯cation

² Linear discriminant function

h(x) = w ¢ x + b =
P

w[k]x[k] + b

18.2 Margin

² Instance margin: ° [i] = y[i](w*x[i] + b) Either positive or negative
² Normalized (geometric) margin (positive/negative)
² Training set margin ° = min(geometric margins)
² Assumefunctional margin is ¯xed to one.

18.3 Wh y maximize the margin?

² 9 c s.t. for any data distribution D with support in a ball of radius R and any training sample S of
sizeN drawn from D..

18.4 Convex Optimization

² Constrained optimization problem
²

18.5 URLs

² www.kernel-machines.org
² www.support-vectors.net
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Wednesday,October 10, 2001

19 Learning Theory : : :

19.1 Statistical Learning Theory

Form: If problem is in a given complexity class,then with high probilibilit y, we can bound our error by some
function of the number of training examples.

But that doesn't tell us about how hard it is to do computationally: ¯nding the classwith very low error
may be intractable.

Statistical Learning Theory tells you what's possible,not what's computationally feasable.

19.2 De¯nition of PA C

PAC = Probabilit y Approximately Correct

Incorperateswhat's possiblewith what's computationally feasable.
C: class of concepts
concept ´ X ! f 0,1 g

World choosesa concept for us, and a distribution over the data:

² c 2 C
² D ½ X £ f 0,1g

We could also de¯ne it such that there is a noisedistribution that corrupts labels.

h 2 C is a hypothesis

Then

P(error(h) · ²) ¸ 1- ±

where we pick ² and ±

9 algorithm to ¯nd h, that is polynomial in (1/ ²)(1/ ±)

Most results from PAC are negative: we cannot do it.

book.. Kearnes& Vazarani: An intro to Computational LanguageTheory

20 Using Unlab eled Data

² Labeling is expensive: manual
² Unlabelled instancesare easyto ¯nd: web pagesetc
² Unlabeled data is useful

{ Joint pdfs of unlabeled data
{ merge2 views of 1 example

20.1 Basic approac hes

² co-training
{ exploit 2 views
{ combination of EM and NB classi¯er
{ exploint joint PDF of unabeled data (joint btwn features)
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20.2 Co-T raining

² task: ¯nd faculty member pages
² two training sets for labeled pages:

{ text pointing to the document
{ text inside the document
{ labeled examplesare expensive
{ unlabeled pagesare easyto get
{ reducenecessarylabeled data by using feedback btwn 2 views

Bootstrapping:

² train weak predictors A and B from training data
² useweak predictor A to ¯nd new training data for B; predictors for B to ¯nd new training data for A
² repeat

Compatibilit y assumption:

² All labels on exampleswith nonzeroprobabilit y under distribution D are consistant with sometarget
function fi 2 Ci , i=1,2, : : :

² For any examplex=(x 1, x2) observed with label L: f1(x1) = f2(x2) = L = f(x)
² D assignsprobabilit y zero if f1(x1) != f2(x2)
² In this case,(f1,f2) is compatible with D
² (C1,C2) is of high complexity, while compatible target conceptsmight be much smaller.

Compatible concept = a concept with no cross-edges.

Bitartite graph

We have 2 types of lines connecting the sides of the graph: labelled instances and unlabelled instances.
Propagate from labled instancesto unlabeled ones. 2 issues:

² what if you can propagate from + to -? (contradiction)
² what if you can't propagate to an edge?(no label)

Application: WSD

within a document, it is very likely that all instancesof a given word have the samesense. (well, kinda.
verb/noun meaningsof the sameword? etc.)

PA C Analysis: Rote Learning

² AssumejX1j= jX2j=N, C1=C 2=2 N , all partitions consistant with D are possible.
² Output "I don't know" when you can't derive a label from training/consistancy.
² O((log N)/a) unlabeled examplesare su±cient

A more robust approach: minimize an objective function that includes the errors of each learner on its own
training data, plus the disagreement betweenthe learnerson unlabeled training data.

20.3 Text Classi¯cation using EM & unlab eled data

² Unlabeled data provides information about the joint PDF over words
{ "homework" tends to belong to the positive classL
{ Use this fact to estimate the classi¯cation of unlabeled documents, and get a new positive class

L'
{ L' givesus "lecture" (cascadinge®ect)
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Technique:

1. Train classi¯er with labeled documents
2. Use classi¯er to assign probablisticly-weighted class labels to each unlabeled document by ¯nding

expectation of the missing labels. (E)
3. Train a new classi¯er using the documents (M)
4. Repeat 2/3 (E/M) until convergence

20.4 Generativ e Mo del

2 assmptions:

² document is produced by mixture model
² one-to-onecorrespondancebetweenmixture components and classes.
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Monday, October 15, 2001

EM Loop: Expectation: usecurrent classi¯er to estimatecomponent membershipof each unlabeleddocument
Maximation: re-estimatethe clasti¯er, given the component membership of each document. Usea maximum
a posteriori probabilit y estimation to ¯nd argmax[[µ]] P(Djµ)P(µ)

Helps more if we don't have enoughlabeled docs

20.5 Augmen ted EM

² Mixture components are not in correspondancewith calsslabels.
{ Give di®erent weight to the unlabeled data
{ Multiple mixture compoenents per class
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Monday, October 15, 2001

21 Exp ecation Maximation

web: Convexity, Maximum Likelihood and All That (Adam Berger)

21.1 Motiv ation

² Hidden (latent) variable models

z = unobserved variables
Creates a larger class of models to fit our data

p(y,x,z j ¤ )

Work with marginal distribution:

p(y,x j ¤ ) =
P

p(y,x,z j¤ )

topics as a hidden variable:

class -generates ! topic -generates ! words

Examples:

² Mixture models
² Class-basedmodels
² HMMs

generalize:E/M

21.2 Maximizing Lik eliho od

² Data log-likelihood

² D = f (x1,y1), : : :, (xn ,yn )g
² L(D j¤) =

P
i log p(x i ,yi j¤)

Find parameters that maximize (log-)lik elihood

Use a regularizing term to keep¤ closer to a prior distribution?

21.3 Convenient Lower Bounds

² Convex function
² Jensen'sinequality

f(
P

p(x)x) ·
P

p(x)f(x)
i.e., f(E(x)) · E(f(x))

(where f is convex, p is a pdf)

² Find a lower bound function that touchesthe function we want (at

p). Maximize function to pm ax , and then repeat with p=p m ax

² Better than gradient asecent, sincewe don't needto worry about

step size: sinced it's tangent, we're going up. since its a lower bound, we're stil below. since it's pmax,
the corresponding point is higher than p. (no danger of having too large of a step size, like you have with
gradient ascent)
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21.4 Auxilliary Function

² Find a convenient non-negative function that lower-bounds likelihood increase.
² L(D j¤') - L(D j¤) ¸ Q(¤',¤) ¸ 0
² maximize lower bound

{ ¤ i + 1 = argmax¤ ' Q(¤',¤)
1 p(z jy)

------- = -------
p(y) p(y,z)

p(z jy) = p(y,z)/p(y)

so:

p(z jy,x, ¤ ) = p(y,z,x j¤ )/p(y,x j¤ )

Start with log(
P

i (: : :¤ i : : :)) Convert to
P

(log(: : :¤ i : : :)) now we can maximize for each ¤ i (sincethe
P

com-
poenents are independant - derivitiv e of a sum is the sum of the derivitiv es). Somaximize each log(: : :¤ i : : :)
independantly .

21.5 Algorithm

¤ 0 Ã carefully chosenstarting point repeat to log-likelihood conergence:

² E step: compute Q(¤' j¤ i )
² M step: ¤ i + 1 Ã argmax¤ ' Q(¤' j¤ i )

21.6 Commen ts

² Likelihood keepsincreasingbut:
{ can get stuck in local maximum (or saddlepoint) { doesn't usually occur in practice.
{ can oscillate betweendi®erent local maxima with the samelog-likelihood
{ If maximizing the aux function is too hard: ¯nd any ¤ that

increaseslikelihood: generalizedEM (GEM)
² Sum over hidden variable valuescan be exponential if we're not careful.

21.7 Mixture Mo del

² basedistributions: pi (y)
² mixture coe®: ¸ s

{ p(c,yjLambda) = ¸ cpc(y)
{ auxilliary function
{

P
y p(y)

P
c p(cjy,¤)log (p(y,cj¤'),p(y ,cj¤))

to do soon:

² prepare cis630lecture
² write problems for cis530exam: tagging + mylecs
² ¯x line tokenizer, repl with 'fn gnfn gn' tokenizer (re)
² ¯x tutorial, pset
² pick f-scorecuto®

conventions:

² repr = standard repr; str = verboserepr (can be multiline) pp = prett y print (usu. multiline { takes
right/left args)

² exception use?
² type checking
² equality/ordering comparisons
² immutable $ hashable
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Monday, October 22, 2001

22 Pro jects

22.1 Java Implemen tation

Do a Java implementaiton of someof thesetechniques that is:

² extensible
² easily modi¯able
² etc.
² sincewe're using a higher level language,we can make things simpler.
² more emphasison speedthan my project
² nearestneighbors, svm, winnow. NB

22.2 Text Classi¯caiton & Nigam

Jean

² Given a set of classi¯ed documents, build a statistical model p(cjd), the probabilit y given a document
that it belongsto a classc

² Nigam et all useone feature type: frequencyof a word. Theseadd up to 1, which is very convenient.
{ Results in as many as 57k features (no feature selection)
{ No feature selectiontends to create over¯tting
{ Address this in hindsight by saying that paramters should have a gaussiandistribution.
{ Maximize the posterior P rather than the P of training data
{ Wider set of features: phrasecounts
{ N(p,d)/N p (d)
{ features sum to one.
{ de¯ne phrasesin complementary fasion? "computer science"

doesn't count as "computer" or "science" alone.

22.3 A Comparison of Text Classi¯cation Algorithms

Survey. Not much implementation.

Corpus: hungarian newswirearticles

² 9k newsarticles, 9 channels
² keywords: 13.8k keywords, 33k occurances
² task: assigna channel or keyword to new articles

22.4 Template Relations Task

² Task for MUC-7
² TRs expressdomain-independant relationships betweenentities
² TR usesLOCATION OF, EMPLO YEE OF, PRODUCT OF.

{ *Nance*, who is a paid consultant of *ABC News* : : :
{ Answer key contains entities for all organizations,persons,artifacts that enter into theserelations
{ Training data: 500kb, 1k entities, 1k relations
{ Most relations are local (e.g., appositive)
{ Best results: 74% precision & recall
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{ Project
{ Incorperate syntactic features (shallow parsing, or XTAG supertags)
{ Use discriminitiv e classi¯er

22.5 Using Mac hine Learning in Anaphora Resolution

Na-Re & Cassandra

² NLP system must provide "in terpretation" for NP.
² Pronouns
² Use classi¯er: they are or are not correferential

{ If you get 0 for both or 1 for both, fail.
{ But we really want ranking: competition betweenantecedants.
{ Try to re-cast maxent as a ranking method.
{ Rank using likelihoods
{ Experimental results: lessthan spectacular
{ Use Collins descriminitive reranking ("desciminitiv e reraking for

NLP" (2000))

22.6 Mo delling author comm unities

Papers with text & ciations. We know what year each paper is from. General problem: seehow di®erent
intellectual communitites evolve over time.

There's a bunch of hyperlink analysis etc to cluster points that you can call communities..

People in the samecommunit y usesimilar language..
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Thursday, October 25, 2001

22.7 Benchmark Comparison of the Asp ect Mo del

22.8 and Mixtures of Naiv e Bayes

Andrew Schein

² with em, usetotally unlabeled data, seewhat the model gives..
² goal: model the probabilit y distribution of a personreading a document:

P(p,d)

Find the probabilit y that the personhas read the document.

² Use theseprobabilities to recommenddocuments to read
² 2 paraatermizations. basically like using 2 distributions:

{ mixture of naive bayes
{ aspect model
{ aspect model ("laten t variable model")
{ observation = (person,document)
{ personassociates with multiple classes
{ assumethat each observation is generatedby a single class,but one person has multiple classes

(mixture model)
{ mixture of naive bayes
{ personbelongsto a single class
{ c.f. autoclass
{ dataset:
{ movielens: what peoplewatched what movies
{ ~1k people,each recommending~20people
{ ~2k movies
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23 Sequence Mo deling

² Assign a labeling to a sequence
{ story segmentation
{ POS tagging
{ shallow parsing
{ named entities
{ global models
{ train to minimize overall labeling loss
{ local models
{ train to minimize per-symbol loss in context
{ for each symbol, ¯nd best label given a hypothesizedcontext.
{ generative vs discriminitv e

24 Information Extraction with HMMs and Shrink age

² IE: automatic extraction of subsequencesof text (e.g., extract location or time of a meeting)
² apply shrinkageto HMMs
² Task:

{ given a model & parameters, ¯gure out sequenceof states
{ useviterbi
{ useHMMs with topology set by hand. there are target states

(generate text we want to extract) and background states. (only one target state, the rest are back-
ground states)

² shrinkagecombines estimateswith a weighted averageand learns the estimaties with EM.
² shrinkagehierarchy con¯gurations:

{ none
{ uniform: all distributions are shrunk towards uniform
{ global: all target states & non-target states are shrunk toward a common parent
{ hierarchical: somestates are shrunk towards di®erent states
{ local estimatescalculated from ratios of counts
{ ¯nd improved estimate for P(wjsj )..
{ estimating weights (use EM)
{ initialize uniformly
{ ¯nd degreeto which each node predicts words
{ derive improved weights

25 Named Entit y Restriction with HMMs

² Task: identify names,locations, etc.
² Labels: entities, times, numerics
² start with hand-built network, model both names& locations
² ¯nd the most likely sequenceof classes..viterbi
² 2 level model.. high level HMM model, with states that have bigram models inside them
² words are ordered pairs < w,f> f = features: twoDigitNum, fourDigitNum, otherNum, allCaps, capPe-

riod, ¯rstW ord, etc. Theseallow us to deal with unseendata
² Results..
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26 Maxim um Entrop y Mark ov Mo dels

27 and Conditional Random Fields

² Task: Extract question/answer pairs from a FAQ
² Task: Mining the web for research papers

² Information extraction with HMMs.
{ P(sjs')
{ P(ojs)
{ Problems with HMMs:
{ Want richer feature representation
{ But Can't have multiple overlapping features
{ Naive bayesdoesn't work well

¤ would prefer conditional, not generative, model
Transform:

Transitional HMM! MaximumEntropy Markov Model
P(sjs') ! P(sjo,s')
P(ojs)

Think of it as haing:

Ps' (s jo) = P(sjo, s')

Each state contains a "next-state classi¯er" black box, that, given the next observation, will producea PDF
over next states.

This is a conditional PDF. We can't ¯nd P(ojs).. We *must* start with an output, and only then can we
predict probabilities. Conditional model doesn't know the absolute distribution of outputs.

State transition probabilities basedon overlapping features

Feature dependson obseration and state: Fo,s(ot ,st ) = 1 if b(o) is true and s = st

Exponential form:

P(sjo,s') = 1/Z(o,s) exp(
P

¸ b,s f b,s (o,s))

Note: we have a separatePDF for each s'. Thus, the notation:

Ps' (s jo)

Do maxent training on each of thesePDFs.

Models tested:

² ME-stateless: classify each line independantly with maxent
² TokenHMM: standard HMM generating tokens
² FeatureHMM: convert lines to sequenceof features, then generate them independantly . I.e., naive

bayesHMM with overlapping line features
² MEMM: maximum entorpy markov model

Smoothing? (e.g., for zero probabilit y transitions)

27.1 Variation 2:

² Observations in states instead of transitions
² n2 contexts (for n states): increasedsparseness
² Do P(sjs',o) = P(sjs') * maxent..
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27.2 Summary

² New probablistic sequencemodel basedon maxent
{ arbitrary overlapping features
{ conditional model
{ positive results

27.3 Lab el Bias Problem in Conditional Sequence Mo dels

Example:
¡ ! 1 ¡ ! 2 -- 0 -- - - > 5

¡ ! 3 ¡ ! 4 --
0! 1 r
1! 2 i
2! 3 b: rib
0! 3 r
3! 4 o
4! 5 b: rob

P(path jobservations)

P(1,2 jro) = P(1jr)P(2 jo,1)
= P(1jr) 1
= P(1jr) P(2ji,1)
= P(1,2 jri)

P(2,o,1)
P(2jo,1) = -------- = 0/0

P(o,1)

Because1! 2 is a forced choice.. So P(2j*,1)=1 for any *, since2 is a forced choisefrom state 1.

² Biasestowards states with fewer outgoing transitions (esp deterministic states)
² Per-state normalization doesnot allow the required property:

socre(1,2 jro) << score(1,2 jri)

Determinization:

² not always possible
² state-spaceexplosion

Fully-connected models:

² lacks prior structural knowledge

Their solution: conditional random ¯elds

Supposethere is a graphical structure for Y.
G = (V,E)
Y = (Y1, Y2, ..., Yj Vj )

De¯ne:
p(YjX)
X = input observations

Probabilit y of a node is dependant on the entire input and the element that points to it.

² With an HMM, we can only encode history of the input with expandedstates.
² With CFRs, a feature can depend on the entire input, so it can encode something about the input

history much more easily

² Try using conjugate gradient instead
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28 Com bining Mo dels ot Impro ve Tagging Performance

Andy

28.1 Bo osting Applied to Tagging and PP A ttatc hement

Abney, Schapire, Singer

Bo osting

² Train a seriesof weak learnersht (x i )
² At each iteration t, re-weight training examplesto emphasizethe hard examples.
² After training all T learners,build a ¯nalclassi¯er: H(x) = sign(

P
®t ht (x))

² ht are given weight according to their performance(®t )
² n.b. 2 weightings: one over ht , the other over training examples
² Updating weights of observations: Dt+1 (i) = Dt exp(-yi ht (x i ))/Z

Con tin uous-V alued learners

² predict probabilit y, not just presence/absence

W eak Learners

² Predicatesattribute = value (a=v)
{ PreviousWord = the
{ Boosting sselectsthose predicatesthat produce better

classi¯cation accuracy.

Predicate ! Classi¯er

² De¯ne a predicate Á on instance x: x ! f 0,1g
² pb is the prediction that Á(x) = b
² h(x) = pÁ(x)

² pb = 1/2 ln (wb
+1 )/(w b

-1)

Multi-lab el boosting

² Sometimes,we want more than 1 tag as output!
² Use adaboost.MH
² Find pb for each classindependantly .

Features:

² Lexical attributes
² Contextual attributes
² Morphological attributes

PP attatc hmen t

I warned [the president of pecedilis]
I warned [the president] [of pecedilis]
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28.2 Improing Accuracy in Word Class Tagging through the

28.3 Com bination of Mac hine Learning Systems

van Halteeron, Daelemans,Zavrel

² gang method - average,voting, etc.
² arbiter method - usea learner to learn which arbiter to use

Why doescombining help?

² models may have similar accuracy, but they maybe di®erent errors.

Ensemble = the combined method

Arcing methods:

² bagging: samplewith replacement to build N classi¯ers, then combine them.
² boosting
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Monday, November 5, 2001

29 Pro ject Schedule

² Proposedtopic by Oct 10
² Five-minute proposal Oct 17
² 5-min Project revies Nov 7th (this wed)
² 15 min project presentations Nov 26th and 28th
² ¯nal deliverablesdec 14th

30 Class Schedule

² Information bottleneck: monday before thanksgiving
² check this 19th?

31 A General Finite-State Formalism

Generalizeregexpsto weighted rational transductions:

² reversible, composableinput-output patterns
² weighted alternativ es
² target for learning algorithms

Sequencemodels: HMMs, sequencemaxent, etc.

² Structure
² Parameter setting
² Learning structure?

31.1 Weights

Weight semiring: generalizethe notion of multiplicit y (as in multisets).

Multiplicit y: how many di®erent ways can we recognizea string? Might include P, might not. Weighting is
not necessarilya probabilit y.

² Sum: compute the weight of an object from the weights of its possible derivations. Associative,
commutativ e.

² Product: compute the weight of a derivation from the weights of its steps. Associative, distributes
over sum.

² 0: 0+x=x; 0*x=0
² 1: 1*x=x
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31.2 Regular Transductions vs. Regular Expressions

Regexp Rational Transduction
--------+---------------+-----------------------
meaning set of functions from pairs of strings

strings to weights
element f ag [[ a:b/w ]](u,v) (a to b cost w)

sequence [[ ST]]=[[ S]][[ T]] [[ ST]](t,w) =
P

[[ S]](r,u)* [[ T]](s,v)
rs=t uv=w

alternation [[ SjT]] = [ [[ S+T]]

Closure [[ S*]] [[ S*]] =
P

[[ S]]k

composition (none) [[ S± T]](u,w) =
P

[[ S]](u,v)* [[ T]](v,w)
v

31.3 Comp osition of Weighted Transducers

² Composition rule:

a:b/u b:c/v
s -- ¡ ! s' t -- ¡ ! t'
-----------------------

a:c/(u*v)
(s,t) ------ ¡ ! (s',t')

² Lazy algorithm with optional memoization

31.4 Learning

² Compile n-gram stats, hmms, etc. into this form
² Compile decisiontrees into transducers
² Compile transformation-based taggers into transducers
² Direct automata learning by state merging

Trainable edit distance

Make weighted transducers to model edit errors.. Train an edit distance learner..

Determinization

² it's not always possibleto determinize a weighted transducer
² Instead of having setsof states, have setsof state/output pairs.

DAWG = directed acyclic word graph = minimized form of a trie (retrieval tree).

Start with DAWG, and then mergestates.

31.5 K-Rev ersibilit y

² A k-reversibleautomaton = deterministic, and reversedversionof the automaton is deterministic with
lookaheadk.

² Means that, if you look back k steps, then you know where you must have comefrom.
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32 Commen ts for my presentation

² Should feature valuesbe more general?
² Should feature objects have IDs, and FeatureList return IDs?
² Better useof numpy? (behind-the-scenesstu®)
² Abstract the notion of a feature value list (instead of just a list?)
² Extraction whee

Instance -> FeatureList -> FeatureValueList

² what is a "FeatureValueList"? Sequence?Map? We want to be able to iterate over it..
² Should factory separatetrain/get classi¯er (with train applying to a single text)?

32.1 Basic Classes/In terfaces

² Feature: apply() id() [**]
² FeatureList: detect(), +, len()
² FeatureValueList:

{ iterate over (id,val)
{ request val for an id?
{ LabeledType
{ Classi¯erI
{ Classi¯erFactoryI
{ FeatureSelectorI
{ LabeledFeatureValue

² pdf1: P(LabeledFeatureValuejLabel)
{ samples= ?? Maybe LabeledFeatureValueList ??
{ pdf2: P(Label)

² LabeledFeatureValueProbDist
{ samples= LabeledFeatureValueList
{ event1 = LabelEvent
{ event2 = FeatureValueEvent
{ UsesNBProbDist?

² NBProbDist:
{ events
{ P(inst) =

Q
P(event)

{ Have a di®erent PDF for each event?
¤ Apply smoothing on each PDF..?

² Doessmoothing apply to prob dists or freq dists??

² Notion of a random variable?

Random though ts..

² Terminology:
{ Feature vs FeatureValue
{ FeatureExtractor vs Feature
{ FeatureExtractor vs FeatureValue
{ FeatureExtractorList (??)
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Features

Feaureshave the following aspects:

² Feature Extractor
² Feature Value
² Feature ID

How do they relate? Well, FeatureExtractors produceFeatureValues. Also, each feature hasa unique integer
identi¯er. Integer becausethat makes it much easierto do things with arrays.

FeatureExtractorList: LabeledText ! FeatureValueList

FeatureExtractorList[F eatureID] ! FeatureExtractor FeatureValueList[FeatureID] ! FeatureValue

FeatureExtractorList.apply(Lab eledText) ! FeatureValueList

Classes

² FeatureExtractor (=class?)
² FeatureValue (=an y?)
² FeatureExtractorListI (sparse)

{ SimpleFeatureExtractorList
{ FeatureValueListI (sparse)
{ SimpleFeatureValueList
{ ArrayFeatureValueList

What doesa FeatureValue contain, other than just the value? Is there a reasonto usea real class/interface,
rather than just a value?

You need to be able to iterate through feature value lists.. Have an items() member or some such? Or
assigmnents()? I could even de¯ne a new class:

² FeatureAssignment = h FeatureID, FeatureValuei

And have something like: for fa in feature value list.assignments():

The alternativ e is: for (id,val) in feature values.assignments():

The default is *always* zero.
+--------------------+
jFeatureExtractorList j

LabeledText -- > j extract j -- > FeatureValueList
j j
+--------------------+
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33 Probablistic Laten t Semantic Indexing

Thomas Hofmann

(PLSI)

Domain: documents d with words w Problem: model P(d, w) Simple solution: MLE Want: semantically
similar words to be similar Solution: dimensionality reduction

Observation: (w, d) Associate latent classvar z with each (w,d)

Generative:

² selectd with P(d)
² selectz with P(zjd)
² selectw with P(wjz)

33.1 Asp ect Mo del

Independanceassumptions:

² p(d,w) are independant (bag of words)
² Conditional independance:P(wjz,d) = P(wjz)
² P(wjd) is a convex combnation of factors/aspects P(wjz)

SincejZj << jDj, the z layer acts as a "b ottleneck" reducing the space..

Each document has a single mixture of z's.

Training

Maximize log likelihood: P(modeljdata) Use EM

34 Laten t Diric hlet Allo cation

David Bilie, Andrew Ng, Michael Jordan
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35 Information Bottlenec k Metho d

² From "information" to "relevant information"
² what is the information content vs. what is the relevant information content.
² what is the relevant information content?

{ ill-p osedquestion: dependson what we want to know.
¤ exact text: trditional information theory
¤ what happened?
¤ style
¤ author
¤ political biases
¤ etc.
¤ We want information *about* something
¤ goals:
¤ quantify "information about"
¤ lossy compressionof informaiton sources,preserving the

information that we care about

35.1 Formalization

² observed variable X
² variable of interest Y
² how much information doesX have about Y?

{ I(X;Y)

Goal:

² summarizeX into X~, preserving information about Y.
² Probablistic summarization rule P(X jX~)

35.2 Assumptions

² Summary doesnot carry info about Y that's not already in X
{ Therefore, we have a markov chain, so the following is valid:

¤ P(x~jy) =
P

x p(x~jx)P(x jy)
¤ Fix a given compressionrate
¤ Maximize I(X~;Y)

35.3 Variational Principle

² Use a lagrangemultiplier L[p(x~jx), T] = I(X~;Y) - TI(X~;X)
² Summariesare exhaustive:

P
x p(x~jx)=1

² T=0: no compression
² T= 1 : sketchy summary
² T = ± I(X~;Y)/ ± I(X~;X)
² T = 1/ ¯

36 Schedule

36.1 classes

W 21st: ? (I may be gone) MW 26th and 28th: ? ¯rst weekof december: fernando gone
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conten t

Unknown. :) Maybe more latent variables, or something..

36.2 pro ject

talking project details with fernando: this week or next. Final report due: 5pm on Thursday 13th. Friday
14th and Monday 17th = presentations
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37 EM-Based Clustering for NLP

1. Donna read the book
2. # Donna read the truck
3. # The book read Donna

all syntactic, (2) and (3) are semantically anomolous

Find verb-argument clusters

² hand-coded lexicon: features (+readable)
² somehidden set of classes
² useEM to ¯nd classes

P(v,n) =
P

c2 C p(c,v,n) =
P

c2 C p(v jc)p(n jc)p(c)

Equivalant to a probablistic grammar, with rules:
S ! Ni Vi

Ni - > nj

Vi - > vk

Use the inside-outsidealgorithm. 2-word "sentences", so we can do this in reasonabletime.

Sincewe're doing separateP(vjc) and P(njc), we can generalizeto new noun-verb combinations.

38 A Winno w-Based Approac h to

39 Con text-Sensitiv e Spelling Correction

39.1 In tro

² high dimensional feature space
² target concept only dependson a few features

39.2 Con text Sensitiv e Spelling Correction

² Problem: spelling errors that result in a real but unintended word (homophone, typographic, gram-
matical, cross-word boundries)

² Approach: WSD
² Confusion set: set of words that might replaceeach other

{ e.g., f hear, hereg

Features:

² Context words (e.g., "cloudy" within § 10 words)
{ captures semantics, topic, etc
{ Collocations (pattern of contiguous words and/or POS tags)
{ e.g., " to VERB" (f weather, whetherg)
{ captures local syntax

39.3 Bayesian Approac h

Baselinefor comparison. Naive bayesexcept:
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² no independanceassumption: detect strong dependencies,try to remove redundant ones. This tries to
produce a (relativ ely) independant model.

² Use smoothing (not just MLE)

39.4 Winno w Approac h

»= 1015 items:

² low-level predicates: encode aspects of the current state of the world (i.e., features)
² high-level concepts: learned as functions of the lower-level predicates by a "cloud" or ensemble of

classi¯ers (i.e., confusionsets)

Each confusionset learns its own classi¯er

Each classi¯er decideswhether a particular word W i in the confusionset belongsin the target sentence. I.e.,
decidewhether a given word "works" in a given context.

Training (1)

Create connectionsbetweenclouds and features

We have:

² set of active features
² correct confusionset

! positive example for Wc ! negative example for W i i6= c

Training algorithm:

² Add connection with weight of 0.1 for each new active feature (for positive exampleonly, not negative
feature)

² For each old feature:
{ if negative feature, demote weight (multiply by .5<¯ < .9).
{ if positive feature, promote weight (multiply by ®=1.5).

Problem: not symmetric; if we seea new feature near the end of training data, it doesn't get a®ectedby
demotions for negative occurances..

W eigh ted Ma jorit y

Several parallel classi¯er clouds decide whether W i from the confusion set belongs in the sentence. Each
classi¯er is given a weight ° basedon its prediction accuracy.

Cj is a classifier ( ¯ = 0.5 : : : 0.9)
mj = number of mistakes madeby Cj

° = 1.0 and decreases with # of examples seenP
j ° mj Cj /

P
j ° mj

Use highest activation level to selectan outcome

39.5 Results

39.6 Conclusions
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40 Verb Clustering & Am biguit y Resolution

Alexandrin A Popesoul

40.1 Clustering Verbs Semantically According to Alternations

SabineShulte im Walde

Cluster verbs into semantic classesbasedon syntactic info and semantic info for the nouns associated with
the verbs

"[V erbs can be semantically classi¯ed according to their syntactic alternation behavior concerning subcat
frames and selectionalpreferencesfor args within frames]"

Yay for Levin-esquealternations!

Alternation Beha vior

² Syntactic subcat frames
² Semantic WordNet classes

subcat frames: the way that verbs combine with args to form VPs. (focus on objects?)

Re¯ne subcat frames with noun semantic classes:what semantic classesof nouns can they take?

Use WN synsets& hypernyms to group noun phrases

² selectionalpreferences

corpus: british national corpus (5.5mil sentences)

² frames that appear at leas2k times (88 frames)
² restrict potential WN classesto 23 nodes

Task:

² cluster 153 manually chosenverbs
{ 226 senses,30 hand-taggedclasses
{ use levin's classi¯cation for evaluation

Clustering

² agglomerative
² latent classanalysis

Input:

² joint freqs of verbs & subcat frames
² frame slot valuesfor nouns

t = subcat frame
v = verb
C = noun class
P(t jv)
P(t,C jv)

(doesn't usea coherent probablistic model)

Use agglomerative clustering of P(t jv)
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² start with singleton clusters
² join clusters using something like KL-div ergence
² restrict cluster sizeto 4 or less
² re-cluster large clusters
² when do we stop?
² expensive

40.2 Using Probablistic Class-Based Lexicon for Lexical

40.3 Am biguit y Resolution

Datlef Prescher et al

41 : : :

41.1 Problem Description: IPS

InferenceProblem:

² combine outcomesof several di®erent classi¯ersin a way that providesa coherent inferencethat satis¯es
someconstraints.

IPS

IPS = identifying phrasestructure

² Instance of inferenceproblem

Problem:

² input string O = o1, : : :, on

² phrase= a substring of consecutive symbols
² goal = identify the phrase in a stream

Learn classi¯ers that can recognizethe local signalswhich are indicitiv e to the existanceof a phrase:

² IO model: a symbol is "inside" or "outside" a phrase(variant = IOB, B = begin a new phrase)
² OC model: a symbol "opens" or "closes" a phrase

We're trying to merge independant classi¯ers { which makesOC work better. with IO, there's no state, so
classi¯ers can interfere in annoying way. OC allows us to capture somenotion of state.

Combine output of the classi¯ers. Respect constraints:

² phrasescan't overlap
² probablistic constraints on order of phrases,lengths, etc.

41.2 General Approac hes

Approac h 1: Mark ov Mo deling

² probablistic framework that extendsHMMs in two ways:
{ simple HMM
{ projection-basedHMM

Train HMM with supervised learning

Incorperating constraings:
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² constrain the state transition probabilit y (e.g., set transition probabilities to 0 whenthey aredisallowed)

Local signal classi¯ers:

² NB
² SNoW
² Simple HMM

Incorperate local signal classi¯ers intto a single HMM framework.

Approac h 2: Constratin Satisfaction with Classi¯ers

CSCL for IPS

² optimal problem
² encode phrasesas variables s.t.

V = E = f ei j ei is a possible phraseg

² f =
V

ei overlaps ej (: ei _: ej ) where ei =1 (0) i® ei is (not) a phrase
² cost: c: E! R

Approach:

² usegraphical model, ¯nd the shortest path.

Two issues:

² ¯nd ¿
{ polynomial time (graphical method)
{ useweights, and ¯nd shortest path
{ determine cost function c?
{ natural de¯nition: c(e) = 1 - P(o)P(c)
{ usethis instead: -P(o)P(c)

41.3 Results

Corpus = WSJ in Penn TreebankCompare CSCL, HMM, PHMM. Each usesall 3 classi¯ers

CSCL outperforms PHMM outperforms HMM.
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42 Do cumen t Mo deling with Laten t Class Mo dels

Alexandrin A Popescul

Data set:

² documents from citeseer
² "text" and "learning", plus citations
² remove stop words
² porter stemmer
² keep3k most frequent word (¸ 15 tokens)

Authomatically cluster documents..

Model:
P

z P(z)P(d jz)P(wjz)

5 latent classes

Hard clusters.

² Assign each document to zd=argmax zP(zjd)
² Clusters vary in size..
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