
\Ther e exists today a very elaborate systemof formal logic, and
speci�c ally, of logic as applied to mathematics. This is a discipline with
many good sides,but also with certain seriousweaknesses.. . .

Everybody who hasworked in formal logic wil l con�rm that it is one of
the technically most refractory parts of mathematics. The reason for
this is that it deals with rigid, all-or-none concepts, and hasvery little
contact with the continuous concept of the real or of complexnumber,
that is, with mathematical analysis. Yet analysis is the technically most
successfuland best-elaborated part of mathematics. Thus formal logic
is, by the nature of its approach, cut o� from the best cultivated
portions of mathematics,and forced onto the most di�cult part of
mathematical terrain, into combinatorics."

| John von Neumann
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Talk outline

� What are speech repairs, and why are they interesting?

� A noisy channelmodel of speech repairs

{ combines two very di�eren t kinds of structures

{ a novel model of interpreting il l-formed input

� \Rough copy" dependencies,context free and tree adjoining
grammars

� Reranking using machine-learningtechniques

� Training and evaluating the model of speech errors

� RT04F evaluation
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Speech errors in (transcrib ed) speech

� Restarts and repairs

Why didn't he, why didn't shestay at home?

I want a 
igh t to Boston, uh, to Denver on Friday

� Filled pauses

I think it's, uh, refreshing to seethe, uh, support . . .

� Parentheticals

But, you know, I was reading the other day . . .

� \Ungrammatical" constructions

Bear, Dowding and Schrib erg (1992), Charniak and Johnson(2001), Heemanand

Allen (1999), Nakatani and Hirschberg (1994), Stolcke and Schrib erg (1996)
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Wh y focus on speech repairs?

� Fil led pausesare easyto recognize(in transcripts at least)

� Parentheticals are handledby current parsersfairly well

� Fil led pausesand parentheticals improve constituent boundary
identi�cation (just as punctuation does)

{ parserperformsslightly better with parentheticals and �lled
pausesthan with them removed

� Ungrammatical constructions aren't necessarilyfatal

{ Statistical parserslearn constructions in training corpus

� . . . but speech repairs warrant special treatment, sincethe best
parsersbadly misanalysethem . . . we will seewhy shortly

5



N-gram language mo dels

� n-gram modelscapture dependenciesbetweenn adjacent words

$ ! the ! man ! in ! the ! hat ! drinks ! red ! wine ! $

� Probabilities estimated from real corpora

� If model permits every word sequenceto occur with non-zero
probability ) model is robust

� Probability (rather than generativity) distinguishes\good" from
\bad" sentences

� Thesesimple modelswork surprisingly well becausethey are
lexicalized (capture somesemantic dependencies)and most
dependenciesare local
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Probabilistic Con text Free Grammars
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� Rulesare associated with probabilities

� Probability of a tree is the product of the probabilities of its rules

� Most probabletree is \b est guess"at correct syntactic structure
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Head to head dependencies
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S
drinks ! NP
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VP
drinks ! V
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wine
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. . .

� Lexicalization capturesmany syntactic and semantic dependencies

� in right-branching structures, n-gram dependencies,
head-to-headdependencies
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The structure of repairs

. . . and you get,
| {z }

Reparandum

uh,
|{z}

Interregnum

you can get
| {z }

Repair

a system. . .

� The Reparandumis often not a syntactic phrase

� The Interregnum is usually lexically and prosodically marked, but
can be empty

� The Reparandumis often a \r oughcopy" of the Repair

{ Repairsare typically short

{ Repairsare not always copies

Shriberg 1994\Preliminaries to a Theory of Speech Dis
uencies"
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Treebank represen tation of repairs
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� The Switchboard treebank contains the parsetrees for 1M words of
spontaneoustelephoneconversations

� Each reparandumis indicated by an EDITED node
(interregnum and repair are alsoannotated)

� But Charniak's parser �nds very few EDITED nodes!
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The \true mo del" of repairs (?)

. . . and you get,
| {z }

Reparandum

uh,
|{z}

Interregnum

you can get
| {z }

Repair

a system. . .

� Speaker generatesintended \conceptual representation"

� Speaker incrementally generatessyntax and phonology,

{ recognizesthat what is said doesn't meanwhat was intended,

{ \backs up", i.e., partially deconstructssyntax and phonology,
and

{ starts incrementally generatingsyntax and phonologyagain

� but without a good model of \conceptual representation", this
may be hard to formalize . . .
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Appro ximating the \true mo del" (1)

CC

and

NP

DT

a

NN

system

you

PRP

NP

S

VP

VP

VB

get

can

MD
CC

and ,

NP

DT

a

NN

system

S

VP

VBP

getyou

PRP

NP

EDITED

,

S

VP

VP

VB

get

can

NP

PRP

you

MD

� Approximate semantic representation by syntactic structure

� Treewith reparandumand interregnum excisedis what speaker
intended to say

� Reparandumresults from attempt to generateRepair structure

� Dependenciesare very di�er ent to thosein \normal" language!
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Appro ximating the \true mo del" (2)

I want a 
igh t to Boston,

| {z }
Reparandum

uh, I mean,

| {z }
Interregnum

to Denver

| {z }
Repair

on Friday

� UseRepair string as approximation to intended meaning

� Reparandumstring is \rough copy" of Repair string

{ involvescrossing(rather than nested) dependencies

� String with reparandumand interregnum excisedis well-formed

{ after correcting the error, what's left should have high
probability

{ usemodel of normal languageto interpret il l-formed input
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Helical structure of speech repairs

. . . a 
igh t to Boston,

| {z }
Reparandum

uh, I mean,

| {z }
Interregnum

to Denver

| {z }
Repair

on Friday . . .

Imean uh

a 
igh t to Boston

to Denver on Friday

� Repair dependenciesseemincompatible with standard syntactic
structures

� Can we haveboth syntactic structure and repair structure?

Joshi (2002), ACL Lifetime achievement award talk
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The Noisy Channel Mo del

Sourcesignal x
. . . and you can get a system. . .

Noisy signal u
. . . and you get, you can get a system. . .

Noisy channel model P(UjX )

Sourcemodel P(X )
(statistical parser)

� Noisy channel modelscombinestwo di�eren t submodels

� Bayesrule describeshow to invert the channel

P(xju) =
P(ujx)P(x)

P(u)
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The channel mo del

I want a 
igh t to Boston,

| {z }
Reparandum

uh, I mean,

| {z }
Interregnum

to Denver

| {z }
Repair

on Friday

� Channelmodel is a transducer producing source:output pairs
. . . a:a 
igh t :
igh t ; :to ; :Boston ; :uh ; :I ; :mean to:to Denver:Denver . . .

� only 62 di�eren t phrasesappear in interregnum (uh, I mean)

) unigram model of interregnum phrases

� Reparandum is \rough copy" of repair

{ We needa probabilistic model of rough copies

{ FSMs and CFGs can't generate copy dependencies. . .

{ but Tree Adjoining Grammarscan
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CF Gs generate wwR dependencies (1)

a a

b b

c c

� CFGs generatenested dependenciesbetweena string w and its
reversewR
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CF Gs generate wwR dependencies (2)

a

a a

b b

c c

a a

� CFGs generatenested dependenciesbetweena string w and its
reversewR
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CF Gs generate wwR dependencies (3)
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� CFGs generatenested dependenciesbetweena string w and its
reversewR
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CF Gs generate wwR dependencies (4)
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� CFGs generatenested dependenciesbetweena string w and its
reversewR
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TA Gs generate ww dependencies (1)
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TA Gs generate ww dependencies (2)
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TA Gs generate ww dependencies (3)
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TA Gs generate ww dependencies (4)
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Deriv ation of a 
ight . . . (1)

a:a 
ight:
ight 0:to 0:Boston 0:uh

0:I 0:mean to:to Denver:Denver

on:on Friday:Friday
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Deriv ation of a 
ight . . . (2)

a:a 
ight:
ight 0:to 0:Boston 0:uh

0:I 0:mean to:to Denver:Denver

on:on Friday:Fridaya:a

a
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Deriv ation of a 
ight . . . (3)

a:a 
ight:
ight 0:to 0:Boston 0:uh

0:I 0:mean to:to Denver:Denver

on:on Friday:Fridaya:a


ight:
ight

a


ight
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Deriv ation of a 
ight . . . (4)

a:a 
ight:
ight 0:to 0:Boston 0:uh

0:I 0:mean to:to Denver:Denver

on:on Friday:Fridaya:a


ight:
ight

a


ight

REPAIR
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Deriv ation of a 
ight . . . (5)

a:a 
ight:
ight 0:to 0:Boston 0:uh

0:I 0:mean to:to Denver:Denver

on:on Friday:Fridaya:a


ight:
ight

0:uh

a


ight

REPAIR

uh
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Deriv ation of a 
ight . . . (6)

a:a 
ight:
ight 0:to 0:Boston 0:uh

0:I 0:mean to:to Denver:Denver

on:on Friday:Fridaya:a


ight:
ight

0:uh
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ight

REPAIR

uh

I mean
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Deriv ation of a 
ight . . . (7)

a:a 
ight:
ight 0:to 0:Boston 0:uh
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ight
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to:to
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Deriv ation of a 
ight . . . (8)
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Deriv ation of a 
ight . . . (9)
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Deriv ation of a 
ight . . . (10)
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Deriv ation of a 
ight . . . (11)
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Training data (1)

. . . a 
igh t to Boston,

| {z }
Reparandum

uh, I mean,

| {z }
Interregnum

to Denver

| {z }
Repair

on Friday . . .

� Switchboard corpusannotatesreparandum, interregnum and repair

� Trained on Switchboard �les sw[23]*.dps(1.3M words)

� Punctuation and partial words ignored

� 5.4%of words are in a reparandum

� 31K repairs, averagerepair length 1.6 words

� Number of training words: reparandum50K (3.8%), interregnum
10K (0.8%), repair 53K (4%), too complicated24K (1.8%)
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Training data (2)

. . . a 
igh t to Boston,

| {z }
Reparandum

uh, I mean,

| {z }
Interregnum

to Denver

| {z }
Repair

on Friday . . .

� Reparandumand repair word-alignedby minimum edit distance

{ Prefersidentit y, POS identit y, similar POS alignments

� Of the 57K alignments in the training data:

{ 35K (62%) are identities

{ 7K (12%) are insertions

{ 9K (16%) are deletions

{ 5.6K (10%) are substitutions

� 2.9K (5%) are substitutions with samePOS
� 148of 352substitutions (42%) in heldout are not in training
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Estimating the channel mo del

I want a 
igh t to Boston,

| {z }
Reparandum

uh, I mean,

| {z }
Interregnum

to Denver

| {z }
Repair

on Friday

� Channelmodel is de�ned in terms of several simpler distributions:

Pr (repairj
ight ): Probability of a repair starting after 
ight

Pt (mjBoston; Denver), wherem 2 f copy; substitute; insert; delete; endg:
Probability of m after reparandumBoston and repair Denver

Pm(tomorrowjBoston; Denver): Probability that next reparandum
word is tomorrow
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Estimated repair start probabilities

FridayonDenverto
igh tawantI$

0.05

0.045

0.04

0.035

0.03

0.025

0.02

0.015

0.01

0.005

0
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Implemen tation details (1)

� Don't know how to e�cien tly search for best analysisusing
Charniak parserLM
) �nd 25-best hypothesizedsourcesfor each sentenceusing
simpler bigram LM

� Recalculateprobability of each hypothesizedsourceusing
Charniak parsier LM

� Two di�eren t ways of combining channel and languagemodel log
probabilities

{ Add them (noisy channel model)

{ Usethem as features in a machine learning algorithm
) a reranking approach to �nding best hypothesis
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Implemen tation details (2)

MaxEnt reranker

Parsing languagemodel

Noisy channel model with bigram LM

Input string

25 highestscoring source hypotheses

Parsesand probabilities for source hypotheses

Most likely source hypothesis
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Evaluation of mo del's performance

f-score error rate

NCM + bigram LM 0.75 0.45

NCM + parserLM 0.81 0.35

MaxEnt reranker using NCM + parserLM 0.87 0.25

MaxEnt reranker alone 0.78 0.38

� Evaluated on an unseenportion of Switchboard corpus

� f-score is a geometricaverageof EDITED words precisionand
recall (bigger is better)

� error rate is the number of EDITED word errors madedivided by
number of true edited words (smaller is better)
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RT04F comp etition

Deterministic SU segmentation algorithm

Noisy channel model
(TAG channel model with bigram LM)

Parser-based language model

MaxEnt reranker

Deterministic FW and IP rule application

Input words and IP probs from SRI, ICSI and UW

Input words segmented into SUs

25 best edit hypotheses

Parses and string probabilities for each edit hypothesis

Best edit hypothesis

EW, FW and IP labels for input words

� RT04F evaluatedmeta-dataex-
traction

� Test material wasunsegmented
speech

� ICSI, SRI and UW supplied us
with ASR output, SU bound-
aries and acoustic IP probabil-
ities
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RT04F evaluation results

Task/error rate Oracle words ASR words

EDITED word detection 46.1 76.3

Filler word detection 23.7 40.0

Interruption point detection 28.6 55.9

� EDITED word detection usednoisy channel reranker

� Filler word detection useddeterministic rules

� Interruption point detection combined thesetwo models
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Evaluation of mo del's performance

Error rate on dev2 data Oracle words ASR words

Full model 0.525 0.773

� parsing model 0.55 0.790

� repair model 0.567 0.805

� prosodic features 0.541 0.772

� Darp a runs a competitiv e evaluation (RT04) of speech
understandingsystems

� EDITED word detection was one task in this evaluation

� Our systemwas not designedto deal with the RT04 data

{ our systemassumesinput is segmented into sentences
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Conclusion and future work

� Syntactic parsers makegood languagemodels

� Grammarsare useful for lots of things besidessyntax!

� Noisy channelmodel can combinevery di�er ent kinds of models

{ a lexicalizedCFG model of syntactic structure

{ a TAG model of \rough copy" dependenciesin speech repairs

� Modern machine learning techniquesare very useful

{ can exploit prosodic and other kinds of information

� Noisy channelmodel of robust languagecomprehension

� Performswell in practice

� Future work:

{ Repair detection/correction in languagesother than English

{ Semi-supervisedand unsupervisedtraining
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