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Abstract

Due to speech recognition errors, repetition can be a fregque
occurrence in voice-search applications. While a propesatir
ment of this phenomenon requires the joint modeling of two
or more utterances simultaneously, currently deployetegys
typically treat the utterances independently. In this pape
analyze the structure of repetitions and find that in at least
commercial directory assistance application, repetitifmilow
simple structural transformations more thzi?%s of the time.
We present preliminary results that suggest that signitfigains
are possible by explicitly modeling this structure in a jadie-
coding process.

Index Terms: speech recognition, minimum bayes risk, joint
decoding, repeated utterances

1. Introduction

Due to the imperfect nature of speech recognition techiyplog
repetition is an intrinsic part of many of today’s interacts
with automated systems. For example, an analysis of cadl log
from a commercial directory assistance application indisa
that repetition occurs in about 49% of interactions - abalt h
the utterances are either the first or second turn in a repetit
When repetition occurs, the same information is preserged r
dundantly, and one might intuitively expect that there i wf
exploiting this redundancy to improve recognizer perfanoea
This is typically not done, however, with systems insteazbde
ing indendently and then post-facto suppressing n-besttses
that were already explicitly disconfirmed in an earlier turn
Recently, [1] has used joint acoustic modeling to improve
the performance of single-word recognition. In this appha
multiple occurrences of an individual word are first aligned
amongst each other, and then the consensus alignmentriedlig
to an HMM in a constrained Viterbi process. In this paper, we
study the related but significantly different problem of aléc
ing repetions thamight not be identicalbut whichderive from
reference to a finite set of entitiesuch as is found in direc-
tory assistance applications, or in voice-search morergéne
Consider for instance a yellow-pages directory assistappé-
cation. A user calling to find out the phone number for the cus-
tomer service line of General Motors might first say “General
Motors customer service”. If the recognition result forstfirst
utterance does not have a high confidence score, the ajmiicat
will query the user again. The second time around, the user
might respond “| want the one-eight-hundred number for Gen-
eral Motors company”, or perhaps simply “General Motors”.
(Table 1 provides several other concrete examples from auch
deployed application.) The repetition need not be exadtthzu
two user utterances are tied by the same underlying entity - i
this case one of a large but enumerable set of businesses.
The idea of using information across multiple turns in the
conversation appears in earlier works, such as [2], whigs us

a dynamic bayesian network to update belief states across mu
tiple utterances over the course of a dialog in a commane-and
control application. Similarly, [3] presents a method fearn-

ing belief updating models that scale up in a more complex spo
ken dialog system. In other related work, [4, 5] study rejmati
from a descriptive point-of-view (duration, intensity, gerar-
ticulation, etc.) but do not address automatic speech recog
tion, and [6] proposes the use of dialog state to improve ASR
performance, but does not address repetition. The work g¢e di
cuss here is novel in that we investigate and leverage thiepar
ular structure of repeated utterances, and in that we fattiseo
recognition process and introduce a joint decoding model.

2. Framework

If we denote the value of an underlying referencd Iffpr list-

ing) and denote word and acoustic sequences wignda re-
spectively, then in the approach we adopt, we are intergsed i
finding the likeliest sequences:

argmax P(wi..wWnl|ai..an)
W1..Wn

= argmax Z P(w1..Wn,l|ai..an)

Wi1..Wn T

= argmax Z P(w1..Wn,l)P(a1..an|W1..Wn,[)

Wi1..Wn T

= argmax
W1..Wn

P(l)P(wy..wq|l)P(az..an|wi..wn, 1)
1

Since the vast majority of repetitions in our corpus have
exactly two utterances, we focus on the two-turn case for the
remainder of the paper.

argmax » P(l)P(wi,wzl|l)P(a1,az|wi,wz,l)
W1,Wo 1
~ argmax » P(l)P(w1|l)P(wz|w1,l)
W1,Wo 7
P(a1|w1)P(a2|W1,W2,a1,l)
~ argmax » P(l)P(w1|l)P(wz|w1,l)
W1,Wo 7
P(ai|wi)P(az|wz)
In the first approximation, we have assumed that

P(ai|wi,we,l) = P(ai]wi), and in the second ap-
proximation we assume further th&t(az|wi,we,a1,l) =
P(az|wz). We note that this second approximation may be
inadequate - in the case of exact repetition, the first sample
of words and acoustics should significantly sharpen the
probability distribution over acoustics for the seconctrghce.
However, we leave it for later work to address appropriate
forms of acoustic adaptation. In contrast to [1], we focushen
language modeling aspects of repeated utterances.



The proposed model therefore consists of several compo-
nents:

1. The firstcomponen® (1), captures the prior distribution
for the set of listings.

2. The second componer®(w1|l), can be thought of as
a translation model that maps from the written form of a
listing ! to a corresponding spoken forw [7].

3. The third component?(w2z|w1,1), captures how users
repeat themselves, at the language level — this can be
thought of as a repetition language model.

4. Finally, the last two components in the proposed factor-
ization, P(a1|w1) and P(az|w2) represent the acoustic
scores for the corresponding utterances.

A key characteristic of the proposed joint decoding model
is that the multiple utterances are “tied together” by treua®p-
tion of a single underlying concept. In the directory assise
application we study, the underlying set of concepts is aket
approximately 149,000 names for businesses with toll fcea-n
bers. While this is too large a number to permit exhaustike ca
culation of the sum over listings, we will later present aslien
process for efficiently approximating the sum.

The observant reader will notice that in the case of a voice-
search application with a finite set of listings, one coukst ps
easily express the problem as one of finding the likelieBhlis
- one might not care about the words themselves. In this case,
the problem we are solving is:

argmax P(l|ai, az) = argmax Z P(l,w1,wzla1,az)
! U W

~
~

argmax S P)P(wall)P(wall, wy)

wi1,W2

P(ai|w1)P(az|w2)

However, as we will see in Section 3, while our dataset has or-
tographic transcriptions, and is therefore quite predigeiithe
words that are present, we do not know the ground truth for the
listing desired by the user. Therefore, in this paper we gocu
on the first version on the task - more accurately recovehing t
spoken words themselves. We also deduce kothand w2
rather thanw alone since in the application we stugy; may
never be presented to the user for confirmation (when the sys-
tem has low confidence), and is therefore truly unknown. In
the case that one is interestedvirz only, our procedures may
still be used by summing rather than maximizing ower. No-

tice that solving the problem at the lexical (rather than @em
tic) level provides added benefits in an application thatisge
perform explicit or implicit confirmation actions.

3. Data

While the problem of dealing with repetitions is quite gexler
this paper focuses on a specific instance of it which motivate
certain design and algorithmic decisions. The system we are
concerned with is a commercially deployed high volume toll-
free directory assistance application. Approximatéby 000
businesses are in this system, sometimes with multiple syn-
onyms for each business (e.g. “greater alarm” and “greater
alarm company”), leading to a total of approximatéi9, 000
names. We stress that while our experiments focus on a direc-
tory assistance application, the issues and theory are comm
across other voice-search applications [9, 8, 10, 11, 12].

aut o_i d=38392
lil tykes conpany
little tikes custoner service
little tikes toys
the little tikes toys

aut o_i d=39036
greater al arm conpany
greater alarm

aut o.i d=7133

d pi and associ ates

Figure 1: Sample database listings.

The corpus used in the experiments described in this paper
consists of a set 0f50, 000 ortographically transcribed user
utterances from the above-mentioned directory assistsyse
tem. Each session with the system has a unigue identifies. Thi
allowed us to detect pairs of repeated utterances, camgisfi
an initial request, followed by a repetition of that requéatch
paired utterances account for about half of the total utteza
received by the system. For development and testing puspose
we separated (by random sampling of pairs) a development set
of 11, 838 utterances, and a test setl@ 650 utterances.

Due to third party licensing restrictions, the output of the
original recognizer was not available. To obtain decodiat; 0
put including n-best lists, we redecoded with a differermneo
mercial recognizer. The 1-best accuracy of this recogmizer
44.0%, but acoustic and language model scores were not avail-
able. We recreated the language model scores using the CMU
LM toolkit [13], and used the logarithm of an entry’s rank tiet
n-best list as a surrogate for the acoustic score. Thistesbin
a baseline o#4.2%, slightly better than the original recognizer.

In the deployed system, repetition is prompted under one of
two circumstances: first, if the recognizer has low configenc
the system willimmediately request a clarifying statem&eic-
ond, if the user explicitly disconfirms a hypothesis, a ri:joet
will result. In the case that an initial hypothesis is regeitone
would of course want to assign it zero probability in any sums
in which it occurs. In contrast, in the case of low confidence,
nothing can be discarded. Since we redecoded the data, we are
left with a stylized data set in which we have two utterances
related by repetition, but no particular information abtu
circumstances of the repetition at runtime.

4, Models
4.1. Basdline

The baseline model computes the likeliest word sequences fo
each utterance independently:

wi1® = argmax P(wi)P(ai|w1)
w1
w2" = argmax P(wz)P(az|wz)

w2

In this model,w1
the n-best lists.

andwg are restricted to those appearing on



[ Type | Frequency| wi | wa
Exact Match 46.0% | Starbucks Starbucks
Right Extension 6.6% | Starbucks Starbucks Coffee
Right Truncation 13.7% | Blockbuster Video Blockbuster
Left Extension 1.6% | Roma’s Pizza Tony Roma’s Pizza
Left Truncation 2.8% | The Red Lion Inn Red Lion Inn
Inclusion 1.2% | The Social Security Administrationp Social Security
Cover 0.4% | Kodak | Eastman Kodak Corporatioh

Table 1:

4.2. PureCounting

Our counting model simply counts the number of times a word

sequence has been used to request a listing and uses relative

frequencies:
#(w,1)

#(1)
Due to data sparsity issues, we have found it beneficial to ap-
proximate P.(wz|w1, 1) as P.(wz|l) alone, and to further tie
the statistics across; andwz. Thus for bothw, andw2 we

have
#(w, 1)
#(1)
Even so, a pure counting model is too sparse to be of use, and
must be further smoothed (see next subsection).

To estimate the counts model, we matched the reference
transcriptions against the set of existing listings (idahg the
available synonyms). An exact match (modulo acoustic non-
lexical events like /um/, /oh/) was found in 61% of the cases,
resulting in 92,000 transcription/listing pairs.

P.(will) =

Po(wll) =

4.3. Interpolated Counting

To further smooth the counting models, we have found it ben-
eficial to interpolate the count-based estimate with a stahd
language model estimate resulting in what will be refered t
this as our “unstructured” modét, ;.

Pus(wll) = aP.(w|l) + (1 — a)P(w)

P(w) is estimated with a standard n-gram language model. This
estimate is used for botk; andwz, with interpolation weights
set to 0.9 through optimization on the development set.

4.4. Structured Repetition Models

The most significant gains from the proposed approach have
come from explicitly modeling the structure that is presient
repetitions, viaP(wz|w1,l). A corpus analysis has revealed
several types of simple transformations that togetheraador
a large proportion of the repeated utterances. Table riltes
these transformations, along with examples and frequentse
is interesting to notice that these simple transformatimteunt
for approximately72% of the data. Since exact matches and
right-truncations cover approximatelyo% of all repetitions,
and the next most frequent phenomenon (right-extension) ac
counts for only6.6% of the data, we have focused our models
and experiments on the two most common cases.

All our structured models are interpolated language models
drawing from a set of atomic models indexedbyWe have:

P(W2|W1,l) = ZP(W27Z|W1J)

= ZP(z|w1,l)P(W2|w1,l,z)

Frequencies and examples of structured repetifigpe” shows how the second utterance is related to the first

A standard interpolated language modekosnresults from
the assumptions?(z|wi,l) = P(z) and P(wz|w1,l,2) =
P(wz|z). To simplify notation in subsequent discussion, we
will use P; (-) to denoteP(-|z). Further, note that these models
apply to the second-turn utterance onli§(w1|l) is modeled
with the unstructured modeR,,.

4.4.1. Exact Repetition

To model exact repetitions, we create a moffe} to use in
conjunction with the unstructured modgl,s. The model for
exact repetitions is given by:

1 If W2 = W3

Per(walwa, D) :{ 0 otherwise

This is then interpolated with either a plain n-gram lan-
guage model of the unstructured model to arrive at our struc-
tured models accommodating exact repetition:

Pyr(w2lwi,l) = P(er)Per(wa|w1,1)+ (1 — P(er))P(w2)

Psr(wa|wi,l) = P(er)Per(w2|w1,1)+(1—P(er)) Pys(w2|l)

In our experimentsP (er) was taken to be the probability
of an exact repeat, i.e. 0.46. We note that the resultingi-dist
bution will tend to assign a higher probability to exact répe
tion than is found in the data. This is because the exact tepea
portion of the language model will by construction create th
expected number, and then the interpolated count model will
occasionally add more probability mass. If desired, therint
polated count model could be made sensitive to the value of
w1 (we are computing®(wz|w1, 1)), prevented from generat-
ing it, and renormalized; however, this would make the dearc
process much slower and the resulting complexity was deemed
unnecessary.

4.4.2. Right Truncation

To model the phenomenon of right truncation, we must spec-
ify the frequency of truncation, and a distribution ovemica-

tion lengths. Note that this distribution must be sensitivéhe
length ofwy: there should be no probability assigned to trun-
cating more words than are actually preseniin Now, z will
index not just the previous unstructureds) and exact-repeat
(er) models, but a set of truncation modeé)svherei indicates

the number of words to truncate frowy . Using=- i to denote
truncation by; words, we have:

1 IfW2:(W1:>’L)

Py (walwa,l) :{ 0 otherwise



Our final structured model, incorporating both exact rejoeti
and truncation, is denotell;,+ and is given by

Pori(walwi,l) = P(er)Per(wa2|wi, 1)
+ ) P(tillengthiwy)) Py, (w2 |w1,1)

+ <1 — P(er) — ZP(ti|lengtr(wl)))PuS(Wle)

45. Search

Recall that our approach involves maximizing over pairsas-p
sible word sequences; andwz, and summing over listings

In the experimental results reported below, is restricted to
the word sequences on the n-best list for the first utteraamk,

a similar constraint is used fav2. To avoid summing over all
149, 000 word sequencelsfor eachw, wo pair, we restrict the
set of listings to those with at least one word in common with
eitherwy or wz, and look these up with a hash table.

5. Experiments

The experimental results for the test set are summarizeakleT

2. The results are measured in terms of sentence accuraty, an
shown both overall, and for the second-round utterances (th
repetitions) only.

The baseline is the one-best sentence accuracy of our com-

mercial decoder. The rescoring baseline is generated bgtsel
ing the one-best utterances for each turn independentlyy us
the surrogate acoustic scores combined with the languadelmo
scores. The results for each model in turn are reported on the
subsequent lines. From the improvements obtained from the
unstructured modeP, s, we see that even using a very simple
counting model to link the observed word sequences to the un-
derlying database entries leads to some improvements. IMode
ing both the exact repetition and truncation phenomendtgesu
in larger improvement2(1% absolute improvement on the re-
peated utterances), indicating that the structural axatips
between repetitions can be successfully exploited.

6. Conclusion and Future Work

This paper has shown that the joint analysis of repeated utte
ances can be effectively used to increase performance én bot
turns of the repetition. Our approach has tapped into two key
phenomena: first, that in voice-search applications, thestu
are likely to be tied together by a common concept, and the set
of possible concepts can be enumerated. Second, the te@rns ar
likely to be related to each other through simple structineads-
formations, and these can sharpen the distribution overated
words on the second turn. Taken together in a generativelinode
a language-model based exploitation of these phenomeds lea
to about 4% relative improvement on both the first and second
turns. The oracle error rate of the n-best lists imposes aerup

bound on the possible gains, and we have achieved about 15 to

20% of them.

The factorization of the proposed joint decoding model
highlights a number of opportunities for future researchm8&
of the areas that we believe might lead to further improvemen
are:

1. Using a richer or more structured translation model
P(wll), ([7])
2. Modeling acoustic adaptation P(az|w1, w2, a1,l)

| [ Overall SACC | 2nd Round SACC]

Baseline 44.0% 46.0 %
Rescoring Baseling 44.2% 46.2 %
Pus 45.0 % 46.9 %
P, 453 % 47.0%
P, 45.6 % 47.6 %
Psrt 45.9 % 48.1 %
Oracle 55.3% 56.7 %

Table 2: Sentence accuracy for various models.

3. Dynamically compiling grammars for the second turn to
reflect the expected word distribution given

Furthermore, in this paper we have reported on a joint degodi
model P(w1, wz|a1, az). In addition, we are currently inves-
tigating a direct maximum entropy model that can leverage th
same type of information about the structure of the repeatted
terances to improve recognition performance.
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