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Natural Language Processing

� phonetic- relationbetweensoundsandphonemes� morphological- componentsof aword� syntactic- structureof words,phrasesand
sentences� semantic- meaningof andrelationshipsamong
words� pragmatic- domainworld knowledge

CUED talk, 5 June2003– p.3/??



Syntactic Analysis

� Hyrarchicalstructurein asentence� Part-of-speechtags,Phrases,Parsetrees� Parsing� Context FreeGrammar� ProbabilisticCFG� Dependency grammar
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Semantic Analysis

� Compositionalsemantics� Knowledgerepresentation: predicatelogic,
frames,conceptualdependency� Meaningof asentencefrom meaningof its
parts� Usesparse-treeandrulesto derive meaning� Classificationbasedapproach� Bayesiannetworks,Speechacts� Statistical-algebraic approach: LSA� Wordsanddocumentsasvectors
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Latent Semantic Analysis

� Extractssalientsemanticrelationshipsbetween
wordsanddocumentsin acorpus� Generateaword-documentco-occurrence
statisticsmatrix� Apply entropicscalinganddocumentlength
normalization� PerformSVD : � � �

� Resultsin a latent semantic space,in which
wordsanddocumentsareprojectedasvectors� Applied to informationretrieval, naturallanguage
understanding,cognitive modeling,statistical
languagemodeling
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Syntactically Enhanced LSA

� LSA is a ‘bag-of-words’ approach� Syntaxis importantfor resolvingsemantic
ambiguity� For accurateknowledgerepresentation,capture
thesemanticbehaviour of aword in eachpossible
syntacticneighborhood� Thisgiveslarge-spansyntactic-semantic
information� Example: augmentwordswith thePOStagof
previouswordor thephraselevel information
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Syntactically Enhanced LSA

� word-prevtag-docstructure
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SELSA: Projection & Similarity

� Projectionof a document ?A@CB D ? @CE DF F F D ? @HG
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� Document-documentsimilarity : cosinemeasure
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Application 1

AutomaticEvaluationof Students’

AnswersusingSyntactically

EnhancedLSA
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AutoTutor
AUTOTUTOR : Whenyou turnon thecomputer, how is theoperatingsystem

first activatedandloadedinto RAM?

STUDENT: Whenthecomputeris turnedon, thefile is automaticallybooted

up.

AUTOTUTOR : Anything else?

STUDENT: Thefile containstheoperatingsystem.

AUTOTUTOR : Whatelse?

STUDENT: Theoperatingsystemis thenreadinto RAM andactivated

AUTOTUTOR : Right. TheCPUexecutesinstructionsin ROM, whichhelp

theoperatingsystemto start.

STUDENT: After beingreadto ROM theOSis activated.

AUTOTUTOR : Right. Let’s review whatwehave just goneover. The

operatingsystemmustfirst bestoredon theharddisk. Whenyou turn on the

computer, theCPUexecutesinstructionsstoredin ROM. Theseinstructions

helpboottheoperatingsystem.Theoperatingsystemis thenloadedfrom the

harddisk into RAM.
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AutoTutor Modules

� Curriculumscript� Languageextraction� Speechactclassification� (SyntacticallyEnhanced)Latentsemantic
analysis� Topicselection� Dialogmove generator� Talkingheadwith gestures
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SELSA and LSA

� TrainingCorpus� Two textbooksoncomputerliteracy� Tenpaperseachfrom threetopics- hardware,
operatingsystemandnetworking� Curriculumscripts� Documentunit: aparagraph,a sentence� Vocabularysize w 10000words� POStag-setsize= 12� SVD dimensions: 200to 400
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Evaluation of SELSA and LSA

� 8 questionspertopicof HW, OS,NET� 8 student-answerperquestion(192total)� 4 humanratersevaluatedtheseanswersbasedon
compatibilityscore� 3 weredoctoratestudents,oneassistantprofessor
in computerrelatedareas� SELSAandLSA alsoevaluatedtheseanswers
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Compatibility Score

� Eachstudent-answerbrokeninto sentences� Humanscore

x � sentencesthatmatchwith any goodanswer

sentencesin thestudent-answer

� SELSAor LSA score

y �
z {

sentenceswhosecosinematchwith any
goodanswerexceedsa threshold(e.g.0.5)

|

sentencesin thestudent-answer

CUED talk, 5 June2003– p.15/??



Performance Measures

� Correlation
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Correlation Measure
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(a)Human-SELSA
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(b) Human-LSA

Correlation SVD dim Threshold 10%TW

Besthuman-SELSA 0.47 250 0.40 0.42

Besthuman-LSA 0.51 250 0.65 0.29

Inter-human 0.59
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Mean Absolute Difference
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(c) Human-SELSA
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(d) Human-LSA

minimumMAD SVD dim

Besthuman-SELSA 0.2412 250

Besthuman-LSA 0.2475 400

Inter-human 0.2050
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Correct vs False
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(e)Human-SELSA
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(f) Human-LSA

max#Correct min # False SVD dim

Besthuman-SELSA 126 30 300

Besthuman-LSA 123 30 400

Inter-human 132 23
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Application 2

StatisticalLanguageModelingusing

SyntacticallyEnhancedLSA
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Speech Recognition

Speech Acoustic
Processor

Linguistic
Decoder Text� � �� � �
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- acoustic model

� � � �

- language model
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Language Modeling

� Wordsin a languageareconnectedthrough
syntactic,semanticandpragmaticdependencies� Languagemodelscapturethesedependencies
usingdeterministic or statisticalmethods� Applications:� speechrecognition� machinetranslation� opticalcharacterrecognition� spellingcorrection� spokendialogsystems� bioinformatics
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Statistical Language Modeling

� Probabilitiyof asequenceof

y

words

� � � �
¦

§¨ ©
�«ª §£ ª §­¬ ©¯® ª § ¬ °®± ± ± ® ª © �

� Estimationof

�«ª §£ ª §­¬ ©¯® ª § ¬ °®± ± ± ® ª © �

� Equivalenceclassificationof history§­¬ © � ª § ¬ © ® ª § ¬ °®± ± ± ® ª ©

� Examples: ²-gramLM, structuredLM, LSA
basedLM
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N-gram LM

� � ª §£ §­¬ © � � � ª §£ ª § ¬ ©³® ª §­¬ °®± ± ± ® ª § ¬ �´ © �

� de facto LM� Limitations:� Predictive power vs unreliableestimate� ² typically 2 (bi-gram) or 3 (tri-gram)� unableto capturelarge-spanrelationshipsin a
language� Solution:� syntactic large-span : structuredLM� semantic large-span : LSA basedLM� syntactic-semantic large-span : SELSA
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SLM using LSA

� Predictionof awordbasedonsemantic
‘closeness’to thehistory� Projectionof historyonLS spaceasavector

µ·¶¹¸ ¬ º

� Semanticsimilarity betweenawordandthe
history
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� IntegrateLSA basedlarge-span semantic
probabilitywith local-span ²-gramprobability
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SLM using SELSA

� Let È � Ç be

É Ê Ë

POStagand È §­¬ © bePOStag
of ª § ¬ ©
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SLM using SELSA

� Defineasyntactic-semantic ‘closeness’measure

� ª §® È § ¬ ©® § ¬ © � � »�ÓÒ _
�ÒÔ Õ �Ö ¶ � §­¬ ©

½ »�ÓÒ _
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� SELSAbasedprobability
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� It predictsawordusinglarge-span
syntactic-semanticdependencies
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SELSA + -gram LM

� Integratinglarge-span syntactic-semantic
informationwith local-span n-gram information

Ø ÙL N OLÚ Û YÜ Ý ] ?Þo � tosr \ c
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Experimental Setup

� Corpus: Wall StreetJournalyear1989
(4.75Million words)� Training: 4.45M words� Test: 0.3M words� Vocabularysize: 10775mostfrequentwords� POStagsetsize: 12� SVD dimensions: 125,200,300� Exponentialforgettingfactorappliedto the
‘history of words’ document
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Results� Perplexity on thetestcorpusindicatesaveragevocabulary
for speechrecognitiontask

ï ïð Ùñ Ý [ òó ô õör \ ÷ ø
uù B úüûý ï þÿ � Ù äu � �u bB Ý �

�

� Lower theperplexity betterthelanguagemodel

LSA+Bi-gram SELSA+Bi-gram

�

Aprx Err(%) PPL % reduction Aprx Err(%) PPL % reduction

125 86.85 106.16 36.33 91.00 113.13 32.15

200 83.01 104.71 37.20 88.31 111.05 33.40

300 78.74 103.98 37.64 85.28 109.57 34.28

250 86.72 110.18 33.92

400 82.59 108.80 34.74

Table1: Perplexity reductionrelative to Bi-gramatdifferentSVD dimensions
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Probability assignments
POS tag Word Bi-gram LSA + Bi-gram SELSA + Bi-gram

DT The 0.147639
NN post 0.000323 0.000971 0.002089
IN of 0.172703
JJ chief 0.000409 0.001865 0.001636
NN operating 0.085153 0.115940 0.144197
NN officer 0.169278 0.377109 0.329110
AUX has 0.003224
AUX been 0.167456
JJ vacant 0.002846 0.013525 0.016029
IN for 0.195119
JJR more 0.007073
IN than 0.293022
DT a 0.060884
NN decade 0.001587 0.001498 0.001689
, , 0.218072
DT a 0.042599
NNP Ball 0.000052 0.000058 0.000070
NN spokesman 0.000136 0.000458 0.000367
VBD said 0.386456 0.723014 0.660258
. . 0.171475
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Phrase-structure based SELSA

� Mainly threetypesof phrasestructures: NP, VP, others

� Considera wordalongwiththephraseit belongs

� It reducesthesparsenessof prevtag-basedSELSA

� Trainingcorpus: 40M, Vocabularysize: 20000

� Baselineperplexity : Bi-gram162.88, Tri-gram103.12

LSA+Bi-gram SELSA+Bi-gram

�

Aprx Err(%) PPL % reduction Aprx Err(%) PPL % reduction

125 90.22 103.26 36.62 90.47 97.00 40.45

200 87.75 102.14 37.29 88.07 95.59 41.31

LSA+Tri-gram SELSA+Tri-gram

�

Aprx Err(%) PPL % reduction Aprx Err(%) PPL % reduction

125 90.22 68.42 33.65 90.47 64.78 37.18

Table2: Perplexity reductionrelative to Bi-gramandTri-gram
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Speech Recognition

� As asecond-passlanguagemodel

� N-best/Latticerescoringmethod

� First-passcanconsistof asimplelanguagemodel
(e.g.bi-gramor tri-gram)andsecond-passcan
benefitfrom complex syntactic-semantic analysis

� ExperimentunderwayonWSJlatticesfrom
CLSP, JHU

� A reductionin perplexity generallytranslatesto a
reductionin word error rate
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Conclusions

� SELSAgeneralizesLSA by includingvarious
levelsof syntacticinformation

� AutoTutorTask

� SELSAmorerobust,discriminatoryandcorrectthan
LSA but having lesscorrelationwith human

� StatisticalLanguageModeling

� LSA andSELSAbothreducebi-gramperplexity

significantly

� LSA betterthanprevtag-basedSELSA

� Phrase-structurebasedSELSAbetterthanLSA : it
capturesthecoarsersyntacticinformationwithout
increasingsparsenessmuch
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Thank You !
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