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Outline
- LatentSemanticAnalysis
« SyntacticallyEnhanced SA

« Applications
« Intelligenttutoringsystem'AutoTutor’
- Statisticallanguagemodeling
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Natural L anguage Processing

phonetic- relationbetweersoundsandphoneme
morphological component®f aword

syntactic- structureof words,phrasesand
sentences

semantic meaningof andrelationshipsamong
words

pragmatic domainworld knowledge
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Syntactic Analysis

» Hyrarchicalstructurein asentence
- Part-of-speecliags,PhrasesParsetrees
* Parsing

» Contet FreeGrammar

* ProbabilisticCFG
* Dependeng grammar
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Semantic Analysis

« Compositionabemantics

« Knowledgerepresentation predicatdogic,
frames,conceptuatlependeng

« Meaningof a sentencérom meaningof its
parts

« Usesparse-tre@ndrulesto derve meaning

 Classificatiorbasedapproach
« Bayesiametworks, Speeclhacts

 Statistical-algelaic approach LSA
« Wordsanddocumentssvectors
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L atent Semantic Analysis

« Extractssalientsemantiaelationshipetween
wordsanddocumentsn a corpus

« Generateaaword-documento-occurrence
statisticsmatrix W

« Apply entropicscalinganddocumentength
normalization

. PerformSVD: W ~ USV’

« Resultan alatent semantic spacejn which
wordsanddocumentsreprojectedasvectors

« Appliedto informationretrieval, naturallanguagt
understanding;ognitive modeling,statistical
languagemodeling
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Syntactically Enhanced L SA

LSA is a‘bag-of-words’ approach
Syntaxis importantfor resolvingsemantic
ambiguity

For accurateknowledgerepresentatiorgapture
the semantidoehaiour of aword in eachpossible
syntacticneighborhood

This giveslarge-sparsyntactic-semarti
iInformation

Example: augmentvordswith the POStag of
previousword or the phrasdevel information
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Syntactically Enhanced L SA

« word-prevtag-docstructure

s Tijw = (1— &)=
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word-prevtag pairs
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SEL SA: Projection & Similarity

* Projectionof adocumentw;,, w;,, ..., w;,
1 n
— ~ T
Vel = vS =d U = ﬁ Z(l — 8’Ilp_jp_1)uip_jp—1
p=1

* Document-documerdimilarity : cosinemeasure
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([ do) = g oo

* Word-revtag-documensimilarity
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Application 1

AutomaticEvaluationof Students’
AnswersusingSyntactically
Enhanced.SA
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AutoTutor

AUTOTUTOR : Whenyou turn onthecomputerhow is the operatingsystem
first activatedandloadedinto RAM?

STUDENT : Whenthe computers turnedon, thefile is automaticallybooted
up.

AUTOTUTOR : Anything else?

STUDENT: Thefile containsthe operatingsystem.

AUTOTUTOR : Whatelse?

STUDENT: Theoperatingsystems thenreadinto RAM andactvated
AUTOTUTOR : Right. The CPU executegnstructionsn ROM, which help
the operatingsystemnto start.

STUDENT: After beingreadto ROM the OSis actwvated.

AUTOTUTOR : Right. Let'sreview whatwe have justgoneover. The
operatingsystemmustfirst be storedon the harddisk. Whenyouturn onthe
omputerthe CPU executesnstructionsstoredin ROM. Thesanstructions
elpbootthe operatingsystem.The operatingsystems thenloadedfrom the
arddiskinto RAM.
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AutoTutor Modules

 Curriculumscript
« Languageextraction
« Speechactclassification

 (SyntacticallyfEnhanced).atentsemantic
analysis

« Topicselection
» Dialog move generator
 Talking headwith gestures
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SEL SA and L SA

« TrainingCorpus
« Two textbookson computeiliteragy

« Tenpaperseachfrom threetopics- hardware,
operatingsystemandnetworking

« Curriculumscripts
- Documentunit: aparagraphasentence
« Vocalularysize~ 10000words
 POStag-setsize=12
« SVD dimensions 200to 400
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Evaluation of SEL SA and L SA
« 8 questiongertopic of HW, OS,NET
+ 8 student-answeauerguestion(192total)

4 humanratersevaluateddheseanswerdasedn
compatibilityscore

« 3 weredoctoratestudentspneassistanprofessol
In computerrelatedareas

« SELSAandLSA alsoevaluatedtheseanswers
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Compatibility Score
« Eachstudent-answdsrokeninto sentences

* Humanscore

B +#sentencethat with any goodanswer

h =

+#sentences the student-answer

« SELSAo0rLSA score

(#sentencewhose with arny
goodanswerexceedsathresholde.g.0.5

[ =

+#sentences the student-answer
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Performance M easur es
o Correlation

(h — mh)T(l — ml)

COR =
I —mp, ]| 1=y ||

« Meanabsolutaifference

192

1
MAD = 1—92;|hi—li|

e Correctvs False

192
> I(|h; — 1] < 0.05)
1=1
192

#FALSE = ) I(Jh; — ;] > 0.95)
1=1

CUED talk, 5 June2003—p.16/?

#CORRECT




Correlation M easure
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M ean Absolute Difference

Mean Absolute Difference between evaluations by Human and SELSA Mean Absolute Difference between evaluations by Human and LSA
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Correct vs False

Correct and False evaluations using SELSA
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Application 2

StatisticalLanguageModelingusing
SyntacticallyEnhanced.SA
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Speech Recognition

Acoustic Linguistic
Speech—— processo " Decoder[ Text

TN

w* = arg max P(w|o) = arg max P(o|w)P(w)

» P(o|w) - acoustic model
- P(w) - language model
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L anguage M odeling

« Wordsin alanguageareconnectedhrough
syntactic semantiandpragmaticdependencies

« Languageamodelscapturethesedependencies
usingdeterministc or statisticalmethods
« Applications:
 sSpeeclrecognition
« machinetranslation
 opticalcharacterecognition
« spellingcorrection
« spolendialogsystems
* bioinformatics
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Statistical Language M odeling
 Probabilitiyof asequencef [ words

[
P(w) = [ | P(wglwg—1, w4, ..., w1)
q=1
» Estimationof P(w,|w,—1, wgs—2, ..., w1)

» Equwvalenceclassificatiorof history
Hq—l — Wyg—1, Wg—2, ..., W1

- Examples n-gramLM, structured_M, LSA
based-M
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N-gram LM

* Plwg|Hg-1) ~ P(wg|wg—1, Wg—2, - - ., Wg—n+1)
 defacto LM

* Limitations:
« Predictve powervs unreliableestimate
« n typically 2 (bi-gram) or 3 (tri-gram)
« unableto capturearge-sparnrelationshipsn a
language
 Solution:
* syntactic large-span : structured-M
« semantic large-span : LSA based_-M
* syntactic-semantic large-span : SELSA
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SLM using L SA

* Predictionof aword basedn semantic
‘closenessto thehistory

* Projectionof historyonLS spaceasavectorv,_;

« Semanticsimilarity betweeraword andthe
history

T
q—1

T 1 =~ 1
| ugS? ||| vq-1S2 ||

uqSV

K(wq, Hq—l) — ’

P(ZSCL)(’UJQ‘Hq—l) = f(K(w;, Hq—l);vwi cV)

* IntegrateLSA basedarge-span semantic
probabilitywith local-span n-gramprobability
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SLM using SEL SA

- Letp; € P bej'" POStagandp,_; bePOStag
of Wq—1

P(Sel)(wq‘Hq—l)
— Z P(wqapj‘Hq—l)

ijp

— Z P(wq|pjqu—1)P(pJ|Hq_1)
ijP

— Z P(wq‘pj,Hq—l)]-(p] :pq—l)
ijP
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SLM using SEL SA

« Defineasyntactic-semarnti‘closenessimeasure

T
qg—1

TR 1
lai, i, S7 [l V4182 |

W, j, SV
K(wmpq—l, Hq_l) — lq_Jq—1

« SELSAbasedorobabillity

P<Sel)(wq‘pq—17Hq—l)
= (K (wi,pg—1, Hy—1); Vw; € V)

« It predictsaword usinglarge-span
syntactic-semantidependencies
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SELSA + n-gram LM

* Integratinglarge-span syntactic-semantic
iInformationwith local-span n-gram information

P (ug | Hy )
se §ig n &,
PG (s, | Hy1)] 5 [P0 (g1, - s t0gms)]
)3 [P<Sel)(wi|Hq—1)]& [P(ng) (wi|wg—1, - .. ,wq_nﬂ)]l_g’i

w; €V

ll=gs Il=E5 2
where{;, = —5<— and§, = —*—
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Experimental Setup
« Corpus. Wall StreetJournalyear1989
(4.75Million words)
- Training: 4.45M words
« Test: 0.3M words
« Vocahularysize: 10775mostfrequentwords
« POStagsetsize: 12
« SVD dimensions 125,200,300

« Exponentiaforgettingfactorappliedto the
‘history of words’ document
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Results

* Perplexity onthetestcorpusindicatesaveragevocahulary
for speeclrecognitiontask

N
PPL(M)=exp (—% > log PM) (w, IHq1)>

q=1

* Lowertheperpl«ity betterthelanguaganodel

LSA+Bi-gram SELSA+BIi-gram
R 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

Perpleity reductionrelative to Bi-gramat differentSVD dimensions
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Probability assignments

POStag | Word Bi-gram | LSA +Bi-gram | SELSA + Bi-gram

DT The 0.147639

NN post 0.000323 0.000971 0.002089

I\ of 0.172703

JJ chi ef 0.000409 0.001865 0.001636

NN operating | 0.085153 0.115940 0.144197

NN of ficer 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 nor e 0.007073

IN t han 0.293022

DT a 0.060884

NN decade 0.001587 0.001498 0.001689

, : 0.218072

DT a 0.042599

NNP Bal | 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 SEL SA

* Mainly threetypesof phrasestructures NP, VP, others
* Consideraword alongwiththe phrasat belongs
* |t reduceshesparsenessf prevtag-basedSELSA

* Trainingcorpus: 40M, Vocahulary size: 20000
* Baselingperpleity : Bi-gram162.88, Tri-gram103.12

LSA+Bi-gram SELSA+BIi-gram
R Aprx Err(%) PPL | %reduction || Aprx Err(%) | PPL | % reduction
125 90.22 36.62 90.47 40.45
200 87.75 37.29 88.07 41.31
LSA+Tri-gram SELSA+Tri-gram
R Aprx Err(%) PPL | %reduction || Aprx Err(%) | PPL | % reduction
125 90.22 33.65 90.47 37.18
Perpleity reductionrelative to Bi-gramandTri-gram
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Speech Recognition

« As asecond-passnguagenodel
* N-best/Latticaescoringnethod

* First-pasxanconsistof asimplelanguaganodel
(e.g.bi-gramor tri-gram)andsecond-passan
benefitfrom comple< syntactic-semartianalysis

- Experimentundervay on WSJlatticesfrom
CLSRE JHU

A reductionin perplity generallytranslatedo a
reductionin word error rate
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Conclusions

« SELSAgeneralize$ SA by includingvarious
levels of syntacticinformation
« AutoTutor Task
* SELSAmorerobust,discriminatoryandcorrectthan
LSA but having lesscorrelationwith human

« StatisticalLanguageModeling
* LSA andSELSADbothreducebi-gramperpleity
significantly
* LSA betterthanprevtag-basedSELSA

* Phrase-structureasedSELSADbetterthanL.SA : it
captureghe coarsesyntacticinformationwithout
Increasingsparsenessuch
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Thank You !
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