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ABSTRACT

Previous approachesto detecting and correcting speechrepairs have
for the most part separated these two problems. In this paper, we
present a statistical model of speech repairs that uses information
about the possible correction to help decide whether a speech repair
actually occurred. By better modeling the interactions between de-
tection and correction, we are able to improve our detection resullts.

1. INTRODUCTION

Interactive spoken dialog provides many new challengesfor spoken
language systems. One of the most critical is the prevalence of
speech repairs. Speech repairs are dysfluencieswhere some of the
wordsthat the speaker utters need to be removed in order to correctly
understand the speaker’s meaning.

Fortunately for the hearer, speech repairs tend to have a standard
form. Asillustrated in the example below from the TRAINS corpus
(d92a-5.2 utt34), they can bedivided into threeintervals, or stretches
of speech: the reparandum, editing terms, and alteration.’

we'll pick up atank of uh  thetanker of oranges

reparandum| editing terms alteration
interruption point

The reparandum is the stretch of speech that the speaker intends
to replace, and this could end with a word fragment, where the
speaker interrupts herself during the middle of the current word.
The end of the reparandum is called the interruption point and is
often accompanied by adisruption in the intonational contour. This
is then optionally followed by editing terms, which can either be
a filled pause, such as “um” or “uh” or a cue phrase, such as “I
mean”, “well”, or “let’'s see”. The last part is the alteration, which
is the speech that the speaker intends as the replacement for the
reparandum. In order to correct a speech repair, the reparandum
and the editing terms need to be identified in order to determine
what the speaker intended to say.

INotation adapted from [12]. Following [14], we use reparandum to
refer to the entire interval being replaced, rather than just the non-repeated
words. We have made the same change in definition for alteration.
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We divide speech repairs into three types: fresh starts, modification
repairs, and abridged repairs.? A fresh start is where the speaker
abandonsthe current utterance and starts again, where the abandon-
ment seems acoustically signaled (d93-12.1 utt30).

soit'll take um S0 you want to do what
N——r’ N~

reparandum| editing term
interruption point

alteration

The second type of repairs are the modification repairs. Thesein-
clude all other repairs in which the reparandumis not empty (d92a-
1.3 utt65).

sothat will total will take seven hoursto do that
N——’ N——

reparandum| alteration
interruption point

The third type of repairs are the abridged repairs, which consist
solely of an editing term (d93-14.3 utt42).

we need to um manageto get the bananas
N~

editing term
interruption point

The strategies that a hearer can use for correcting speech repairs
dependsonthetype of repair. For fresh starts, the hearer must deter-
mine the beginning of the current utterance, and takesthis as being
theonset of thereparandum. For modificationrepairs, thehearer can
make use of therepair structure, the parallel structure that often ex-
ists between the reparandum and alteration, to determine the extent
of the reparandum. For abridged repairs, there is no reparandum,
and so simply knowing that it is abridged automatically gives the
correction.

Previouswork in correcting speech repairs [10, 11, 12] has assumed
that speech repairs are accompanied by an acoustic editing signal.
Given the interruption point, the type of repair, and the syntactic
categories of the words involved, Hindle achieved a 97% correction
rate and Kikui and Morimoto achieved a 94% correction rate in a
Japanese corpus.

However, areliable acoustic signal hasyet to be found [2]. Rather,

2This classification is similar to that of Hindle [10] and Levelt [12].



detection of speech repairs probably relies on the combination of a
number clues, both acoustic and lexical. Furthermore, the assump-
tion that detection and correction can be done as separate processes
istoo strong. Although experiments by Lickley and Bard [13] have
found that hearers were able to recognize a disfluency by the end of
thefirst word of the alteration in 85.4% of the cases, this still leaves
16.6% of the repairs in their test set unaccounted for. In order to
detect these, the hearer must need more context. Part of this context
might be the presence of a suitable correction. Hence, strategies
for speech repair detection and correction that separate these two
tasks will be unable to account for a significant number of repairs.
The only solution is to use the presence of a suitable correction as
evidencein deciding if arepair actually occurred.

In other work [7], we propose a statistical model, based on a POS
tagger, that can detect intonational phrase boundaries, interruption
points of speech repairs, and editing terms. In this paper, we show
how this model can use information about the proposed correction
as evidencethat aspeechrepair occurred. By interleaving detection
and correction, we can better model the interdependenciesthat exist
between these two tasks.

2. THE TRAINS CORPUS

As part of the TRAINS project [1], which is a long term research
project to build a conversationally proficient planning assistant, we
have collected a corpus of problem solving dialogs [8]. The dialogs
involvetwo human participants, onewho is playing the role of auser
and has a certain task to accomplish, and another who is playing the
role of the system by acting as a planning assistant. The collection
methodology was designed to make the setting as close to human-
computer interaction as possible, but was not a wizard scenario,
where one person pretendsto be a computer. Rather, the user knows
that he is talking to another person.

The TRAINS corpus consists of 55,000 words of spoken dialogue,
totaling 6 and a half hours of speech. There are 915 modification
repairs and 633 fresh starts, not including those whose reparandum
is just a word fragment. These repairs have been hand-annotated.
There is typically a correspondence between the reparandum and
the alteration, and following [2], we annotate this using the labels
m for word matching and r for word replacements (words of the
same syntactic category). Each pair is given a unique index. Other
words in the reparandum and alteration are annotated with an x.
Also, editing terms (filled pauses and clue words) are labeled with
et, and the interruption point with ip, which will occur before any
editing terms associated with the repair, and after the fragment, if
present. The interruption point can also be marked as to whether
the repair is afresh start or amodification repair, in which cases, we
useip:can and ip:mod, respectively. The example below illustrates
how arepair is annotated in this scheme.

engine two from Elmi- or engine three from Elmira
ml r2 m3 m4 et ml r2 m3 m4
ip:mod

Further details of this annotation scheme can be found in [6].

3. DETECTING SPEECH REPAIRS

For detecting speech repairs, we use a statistical model based on
a part-of-speech tagger. Part-of-speech tagging is the process of
finding the best category assignment C', x for a sequence of words
w1, . Adopting a probabilistic approach, we want to find the cate-
gory assignment that is most probable given the words [4].

maxargc, . P(CLw|wiy)

For spoken dialogue, the category transition probabilities from the
last word of the reparandum to the first word of the alteration have
a different distribution than category transitions for fluent speech.
By giving these different distributions to a part-of-speech tagger,
the tagger can decide if a transition signals a modification repair,
a fresh start, an abridged repair or fluent speech. It can also be
used to determine intonational phrase endings and the occurrence
of editing terms. For tagging speech repairs, we use the variable
R; to signal the repair transition type between words w; 1 and w;.
We define R; = Mod if w; is the onset of the alteration of a
modification repajr.3 Likewise, we define R; = Can for fresh
startsand R; = Abr for abridged repairs. In the case of no repair,
we define R; = null. Rather than finding the maximum category
assignment C1 v given the sequence of words, we want to find
both the category and repair assignment, C'y, v R1 v, that gives the
maximum probability given the sequence of words w1, ». In effect,
we are viewing the problem as tagging null tokens between words
with atag that indicates if a speech repair occurred. Full details of
this model and the interactions between tagging editing terms and
intonational phrase endingsare givenin [7].

For our probabilistic model, we need to estimate the probability of
the repair transition type R; given the previous context (as well as
the probability of C; given R; and the previous context, and the
probability of w; given C; R; and the previous context). Besides
the word categories of the preceding words, this context can also
include the presence of editing terms, silence, and word matches
[5, 14]. Let Context;_1 be the words preceding w;, including
their category, repair transition, and editing term transition assign-
ment, and let .S; denote the length of silence between word w;_1
and w;, and M; denote the presence of word matchesthat crossthe
repair transition. Thus we need to estimate the probability distri-
bution P(R;| Context;_15:M;). Due to sparsenessof data, it is
advantageous to make some independence assumptions so that we
can model each of these factors independently. If we assume that
Context;_1, Si, and M; are independent, and independent given
R;, we can rewrite the probability distribution as the following
(through several applications of Bayes Rules).

P(Ri|00nt€l‘ti) . P(RHS,‘)/P(Ri) . P(RHM,‘)/P(Ri) (1)

For the probability P(R;|M;), wefollow [5] and takeinto consider-
ation the number of intervening words for the closest match and its
POS category. Inthe casewhere thereis morethan oneword match-
ing at the closest distance (asin the example given in Section 2), we

3| there are no editing terms for the repair, R; = Mod corresponds
to theinterruption point of the repair. Otherwise, the modification transition
type follows the editing terms, which allows the editing terms to be used as
part of the context in deciding the type of repair.



use the set of POS categories. To estimate the probability distribu-
tion, we use a decision tree algorithm [3] that can ask questions of
the following form.

¢ |sthere aword matching across this transition point?

¢ |sthenumber of intervening words (betweenthe closest word
match) lessthan = ?

e Does one of the (closest) matching words have a POS cate-
gory in the subset = (e.g. is one of the matching words either
acommon noun or a common plural noun)?

4. CORRECTING SPEECH REPAIRS

After aspeechrepair hasbeen detected, we needto correctit. In[5],
we used well-formedness constraints to determine the correction of
modification repairs. The well-formedness constraints make use of
word correspondencesto find the parallel structure that often exists
between the reparandum and the alteration. Theseword correspon-
dences consist of both word matches and word replacements based
on POS tags given by the statistical model. The repair structure is
built by using the constraintsto limit what can be addedto it. Given
the interruption point of a speech repair and the POS assignment,
the correction algorithm should be able to find the word correspon-
dences, likethose given for theexamplein Section 2. Infact, running
this routine with the correct POS assignments and correct interrup-
tion pointsof modificationrepairs[9] yieldsresultscomparablewith
those reported by Hindle [10] and Kikui and Morimoto [11].

As for fresh starts, we take the onset of the reparandum as the first
word prior to the interruption point that is either the beginning of an
intonational phrase, beginning of the turn, or the first word after a
single word acknowledgment, such as “Okay”, or “Right” (we use
the POS tag AC to denote such words).

5. COMBINING

We already mentioned that the presenceof word matchescan be used
as evidencethat a speech repair occurred. However, this only gives
a rough indication of whether a repair occurred. What we really
want to know is whether the word matches form a suitable repair
structure. So, it makes senseto run the correction algorithm on the
alternatives being considered by the detection algorithm, and to use
the repair structure, along with the word matches that it implicates,
as part of the context used for determining whether a speech repair
occurred.

Dueto the number of possiblerepair structures and combinations of
matching words and the sparsenessof datathat thiswould cause, itis
not possibleto directly use the proposed repair structuresin estimat-
ing the probability of arepair. Instead, we have extracted a number
of featuresthat wefeel categorizethe proposedrepair structures. We
then estimate the probability of a repair by feeding these features
to a decision tree algorithm, which can decide which features are
relevant. We then use this probability estimate in Equation (1) in
placeof the probability of arepair giventhelessconclusiveevidence
of word matches alone.

Below we give the features that the decision tree algorithm uses
for estimating the probability of a repair given the proposed repair
structure.

Word Matches: As with M;, we alow the decision tree to ask
membership questionsabout the POStags of the matching wordsthat
have beenidentified. We also allow it ask about the number of word
matchesinvolvedin therepair, the number of word replacements, the
number of inserted and deleted words, the length of the reparandum,
and the length of the alteration.

Amount of Changed Material: For modification repairs, there is
typically one sequenceof wordsthat have been changed betweenthe
reparandum and the alteration, or asequenceof wordsthat havebeen
inserted, and therest of the alteration simply repeatsthe reparandum.
Consider the following example (d93-14.1 utt10) of fluent speech
that has strong parallel correspondences.

it could either takeyou 8 hours or it could take you 6 hours
mmxmmrmemmmmrm
ip?
Here, the proposed alteration deletes the word “either”, replaces
“eight” by “six”, andinserts“or”, giving 3 regions of changedwords.
In addition to the number of changes between the reparandum and

alteration, we also use the size of the largest changed sequenceas a
feature.

Interruption Point: Another feature is the number of intervening
words from the interruption point to the closest word that is marked
as aword matching, in both the reparandum and alteration. If the
last word of the proposed reparandum has a word matching, then
the interruption point is constrained by the reparandum. Likewise
if the first word of the ateration has a word matching, then the
interruption point is constrained by the alteration. Onewould expect
that the more constrained the interruption point is, the more likely
the proposed correction correspondsto an actual speech repair.

Inconsistent Matches: If the proposed interruption point is not
constrained by the word matches of the repair structure, it might be
the result of theword matchesbelonging to arepair on aneighboring
transition. Consider the potential interruption point identified in the
example below (d92a-3.2 utt45).

which engine are
ml
ip?

The word matching in the proposed repair structure (on the word
“are”) in fact belongsto the speech repair whose interruption point
occurs on the next transition. The evidence against the proposed
interruption point is that not only is the proposed interruption point
not constrained by the alteration, but more importantly, there is a
word matching, namely the one involving the word “we”, that is
consistent with the other word matchingsin the repair structure, but
doesnot straddle the proposed interruption point, and so isinconsis-
tent with it. So, we have modified the correction algorithm so that
onceit hasfound arepair structure for aproposed interruption point,
it checks for the presence of a word matching that is inconsistent

we are we taking
X ml



with the proposed interruption point, but for which there is some
other transition point for which the combined set of word matchings
is consistent.

6. RESULTS

To test out the effect of combining detection and correction, we
tested abaselinemodel in which speech repairsarecorrected after the
statistical model is run. Thebaselinemodel does usethe presence of
word matchingsas evidencethat arepair occurred, and then corrects
the speech repairs after all repairs have been detected. We also ran
the combined model, which uses the proposed repair structure as
evidence that a repair occurred, and uses the corrected speech as
part of the subsequent context. The results, given in Table 1, were
obtained from a 6 fold cross validation test.

In comparison to the baseline results, we find that for modifica-
tion repairs, detection recall increases from 74.9% to 80.8%, while
precision increases from 76.9% to 79.5%. This makes for an im-
provement in the recall rate of 7.3%, and an improvement in the
precision rate of 3.4%. For correcting modification repairs, we also
seeasimilar increase in performance over the baseline model.

For fresh starts, there is also an improvement, but less pronounced
than the improvement for the modification repairs. Thisis because
the correction evidence that we are giving the detection routine is
tailored for modification repairs, which tend to exhibit the parallel
structure between the reparandum and alteration more so than fresh
starts do.

Baseline Combined

Recall | Precision || Recal | Precision
Modification
Detection 74.9% 76.9% || 80.8% 79.5%
Correction 70.3% 72.2% || 76.1% 74.9%
Fresh Starts
Detection 57.0% 62.7% || 58.5% 66.3%
Correction | 46.1% 50.7% || 47.7% 54.1%

Table1: Resultsfromtreating detectionand correction astwo
separate processes, and from combining them.

7. CONCLUSIONS

Inthis paper, weillustrated that the two problems of detecting speech
repairs and correcting them are not separable. First, the detection
algorithm should not only detect the occurrence of a repair, but
should also classify the repair based on the correction strategy, beit
afresh start, modification repair, or an abridged repair. Second, the
correction strategy should not only propose a correction, but also
be ableto categorizeit in terms of how strongly the repair structure
supports the hypothesis that a repair actually occurred. This will
help the detection model skip over transitions that should be ruled
out by the lack of a convincing repair structure.
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