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ABSTRACT

We examine the problem of end-of-utterance (EOU) detection
for real-time speech recognition, particularly in the eotof

a human-computer dialog system. Current EOU detectionalgo
rithms use only a simple pause threshold for making thissitati
leading to two problems. First, especially as speech-arimter-
faces become more natural, users often pause inside uts;an
resulting in a premature cut off by the system. Second, wisersu
really are done, the minimum system wait is always the threshold
value, needlessly adding time to the interaction. We havelde
oped a new approach to EOU detection that uses prosodicdsatu
to address both of these problems. Prosodic features areledbod

errors due to the processing of an utterance fragment. Tals p
lem becomes increasingly important as system developars &1
deal with more natural speaking styles. The second problem o
curs when users really have finished speaking. The singlsepau
duration threshold requires that the system wait out thisitthn
before making a decision, adding time to the interactionaahe
EOU location.

The goal of the work described here is to improve both the ac-
curacy and speed of EOU detection by making use of informatio
beyond pauses, and to evaluate the contribution of the gimso
information alone and in combination with language modéYL
information.

by decision trees and combined with an event N-gram language

model to obtain a score that measures the likelihood thahany
speech region is an EOU. We find that this approach dramigtical
improves both the accuracy and speed of online EOU detection

1. INTRODUCTION

A dialog system must be able to detect when a user has finishe
speaking and is waiting for an answer from the system. Thlsita
typically referred to as “end-of-utterance (EOU) detettioCur-

rent systems, such as Nuance [1] and SpeechWorks [2], as wel

as the WoiceXML standard [3], rely solely on a nonspeech (or
“pause”) duration threshold for making this decision [4]refated
task is that of detecting the pauses, or nonspeech regioctedn
enviroments this can be achieved by a speech recognizes; dlan
resulting alignments will indicate the presence and exténbn-
speech regions. In noisy enviroments, an “endpointing”hoet

is usually applied before recognition, to separate speegimsnts
from background noise. The nonspeech regions are detesitegl u
spectral full-band energy values, zero-crossing detectmtropy,
pitch, and so on [5, 6, 7, 8]. The recognizer is then run only on
the regions containing speech. In this work, we assume tiad g
detection of nonspeech regions is given by some stateeséith
method, and focus our attention solely on the EOU detectgm a
rithm itself.

Current EOU approaches are suboptimal, for two reasons.
First, because speaketisink while they talk, they often pause
inside utterances; such pauses are typically at high-entropy loca
tions, or before important content information (since tleespn
pauses in order to decide on that content). Human listersrs c
discriminate hesitation pauses from final pauses usingogios
and gestural cues, but current EOU algorithms cannot, sinte
pause length is used. This results in systems cutting thekepe
off prematurely, often annoying the user, adding time toithe
teraction due to retries, and even causing system unddnstan

2. SYSTEM DESCRIPTION

After each pause in the speech input, there is always a pessib
EOU. Our approach is to first detect pauses using the pheré-le

oalignments output by the recognizer, and then to use proandy

grammar information to obtain a score that measures theapiieb
ity of that pause being an EOU. The final decision is obtained b
|comparing that score with a chosen threshold.

As a baseline against which to evaluate our system we use
the method employed by current speech dialog systems, pamel
thresholding of pause duration. From what we have found in an
informal survey of dialog systems in English, the pausestho&d
is typically in the range of 0.5 to 1 second. The baseline EOU
detector thus always waits for the duration of this thredeafore
deciding that the end of an utterance has been reached.

Our proposed system, in contrast, makes an EOU decision at
every frame after a pause of any length has been detectenedt d
so by computing a set of prosodic features which depend anly o
the acoustic signal and recognition output preceding thisga
question. These features are input to a decision tree fitagbiat
estimates the posterior probability that the speaker is deith
their utterance at that location (i.e., has reached an EGUi)-
ceptually, the system continuously applies new classifisrthe
pause gets longer; this is necessary because the priorhiigha
and hence also the posterior, for an EOU is highly dependent o
the pause duration. In practice we limit these queries tate fet
of waiting times, calledlecision point{DPs), to reduce compu-
tation. When the decision tree posterior exceeds a thregitch
maximum pause duration is reached, the system outputs tie de
sion that an EOU was found. A refinement of this algorithm com-
bines the prosodic score with a language model score, aslksc
below. Figure 1 shows a flowchart of the algorithm.
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Fig. 1. Diagram of the proposed system. Each time the recognizds firpause longer than the first decision point (DP), the dioso
features are computed and a score is obtained using théafetrie for that DP and the LM. If that score is lower than tbers threshold,
the system waits for a new DP to be reached. The same featerdsea used to compute a new score using the tree for the neiW2P
process repeats until the score for a DP exceeds the sceshtiil, the pause duration is greater than the pause duthteshold, or the

pause ends (i.e., the speaker resumes speaking).
2.1. Prosodic model decision trees

As in prior work on disfluency and sentence boundary detectio
[9], we trained CART-style decision trees [10] to predict ED
from automatically extracted prosodic characteristicauad the
point of interest. In this case, because we are interestedline
detection, we use only those features that can be extraciad f
the signabeforethe current DP time is reached.

Two main types of prosodic features are computed based on

duration and pitch (fundamental frequency). As seen inieidu
these features are computed only for points at which thegrézer
finds a pause (that is, only at word boundaries with an integwo
pause of at least 30 ms, the minimum duration of the recogsize
pause model). Note that although pause durations are tzdhyni
prosodic features, we do not use the pause duration as ad@oso
feature in our model, since our decision trees for the reimgin
prosodic features are already conditioned upon that featur

Duration features are computed from the time marks output by

the recognizer. Pitch features are extracted directly ftzsignal
and then post-processed using an approach developed atHRI [
and recently significantly improved. Pitch contours argliaed,”
octave errors are estimated, and, importantly, a set ofkepea
specific pitch range parameters is computed. These panamete
include a value that allows us to estimate a speaker’s “floor”
lowest typical FO value. Using these prosodic featuresee is
trained for each chosen DP, using only the sets of featungs-co
sponding to boundaries with a pause duration larger tharmRa
In this way, we do not split our data, since the first tree ideki
every sample with pause duration beyond the first DP; thenskco
tree uses a subset of the previous samples, and so on.

2.2. Language model

As we will see in Section 3, a significant improvement is aahie
by the use of prosody alone to aid EOU detection. Prosody-by it
self does not consider the word identity, yet word idengtglearly
important too. Some words are unlikely to occur as the lastiwo
of a sentence, while others are more likely. In additioniremtord
phrases can serve similarly as cues. This suggests usingyeamnN
language model to improve the predictions made by the aecisi
trees.

This LM is trained using transcripts, where the ends of
sentences are marked with a special tag.

<endof_sentence tag will be learned as more likely after cer-
tain sequences of words than after others.

For each pause found, the probability of EOU is obtained as
the N-gram probability okendof_sentence given the previous
N-1 words. Note that, if it were not for the requirement of on-
line processing, we could also use the words following thespa
to improve the prediction of EOU, by using the LM as a hidden
Markov model (HMM) where the word/event (word/non-EOU or
word/EOU) pairs correspond to states and the words to oftserv
tions, with the transition probabilities given by the N-grdan-
guage model. Then, the forward-backward probabilitiedccbe
used to obtain the probability of EOU in the current boundag}.

In our case, however, we are restricted to using only pastrim-
tion. Therefore, we use only N-gram probabilities condiéd on
the word history.

2.3. Knowledge source combination

To make use of both prosodic and word information, we compute
the following score at each boundary for each applicable DP:

@

where Py (ppy is the probability given by the tree trained for
the decision point DPPLj, is the probability given by the EOU
language model, and is a prosody weight parameter that is em-
pirically optimized. This combination method represenssnaple
log-linear interpolation of the two predictors. Other canation
approaches are clearly possible (such as training a sitagsifier
that uses both prosodic and word features), but have notdseen
amined yet. The scor€c(DP) will be compared with the score
threshold for each applicable DP as shown in Figure 1.

Sce(DP) = Por(ppyPrum

3. EXPERIMENTS

3.1. Methodology

We tested our approach on the ATIS (Air Travel Informatiors-Sy
tem) corpus [13]. The training set consisted of 15,843 attees
and their word transcriptions. We consider each sentersciedé
cated by standard punctuation in the transcripts) as oeeautte
unit. Very few waveforms in the database contain more than on
sentence (fewer than 1%). In these cases, we treat eacimsente

In this way, theend as its own EOU to be detected.
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Fig. 2. ROCs for the four systems (only the portion of the graph Fig. 3. Speaker waiting times for the four systems.
were the systems differ is shown).

EER | SWT (s)
Baseline (pause threshold)| 8.9% | 0.200
Prosodic decision trees only 6.7% | 0.152

Experiments used the SRI Decipiwr recognition engine
with acoustic models trained for the December 1994 ATISueval
tion [14]. The recognizer language model and the EOU languag
model were trained using the transcription of the trainiety ep- Language model only .8% | 0.159
resenting a total of 164,000 words. Both models made usenakha Prosody + LM combined | 4.9% | 0.135
defined, task-specific word classes for airline names sci¢ite., to Table 1 Equal error rates and speaker waiting times for the four
improve generalization. systems.

We generated forced alignments for the training set, and de-
rived the prosodic features from the resulting phone-ldirak
marks and the acoustic signal. Decision trees were traisga)u
those features. We used 80% of the training set for tree tiatuc
The remaining 20% were used as a tuning set for choosing #te be
set of features for each DP via an automatic feature sublest-se
tion algorithm [9]. This tuning set was also used to optimfzx

maximum value, no sample will be classified as an EOU unless
its pause duration exceeds 1 second. The four curves mdwttat t
point (“A” in the figure). The curves also meet at the other end
(point “B”), corresponding to the case where the score tioles

for the proposed systems and the pause duration threshdiefo
baseline tend toward zero, classifying all pauses as EOUs.

weight for the combined system. Clearly, at operating points between 2% and 12% false alarm
A separate set of 1,976 utterances was used for testingxFore 'ate, all proposed systems consistently outperform thelib@s
pediency, we ran recognition on the full utterance wavefpramd ~ System. Furthermore, and interestingfye prosody and LM sys-

then used the 1-best recognition output up to each decigion p ~ tems are complementarthe prosody-only system performs better
as the input to our EOU detector. Prosodic features were stedp ~ than the LM-only at lower false alarm rates (around 4%), @hil

from phone-level alignments and pitch tracks, as in tranin the LM-only system is better at higher false alarm ratesu(ado
The overall accuracy of the recognizer on our test set was a7_%)~ The combined system consistently outperforms both ind

word error rate of 5.9%. This represents an idealizatioin &sal- vidual knowledge sources.

istic applications the decision would have to be based opahial Our other performance measure of interest is the “speaker

recognition output at the DP, that is, without the benefitezrsh waiting time” (SWT), that is, the time between the last fraaie
over complete sentence hypotheses. We would thereforectexpe speech and the frame at which the EOU is detected. This is the
the actual recognition accuracy to be somewhat worse. time the speaker would have to wait to obtain an answer fram th
Our proposed EOU detection system was compared with asSystem if the processing time for the answer itself were.z&®
baseline system. The baseline system classifies a bounslary a  shown in Figure 3, the SWT for every presented system is sub-
EOU whenever the pause duration found by the recognizeh&trt  stantially shorter than for the baseline at every falsenalivel
boundary is greater than a given pause duration thresholtest between 2% and 10%. On this measure, too, the combined system
our systems we set decision points at 30, 60, 90, 150, 2502500 s better than the prosody-only or the LM-only systems.
800 ms into a pause. The maximum pause duration, beyond which  Table 1 shows the equal error rates (EER) for each of the four
a boundary is always deemed to be an EOU, was set at 1 second.systems, along with the speaker waiting times (SWT) foresorr
sponding rates of false alarms. (The EER is the false alaten ra

3.2. Results at the operating points where it equals the rate of missed€£OU
Figure 2 shows the receiver operating characteristic (RO for (= 1 recall rate), and is often used to summarize detection per-
each of the four systems: baseline, prosody only, LM onlgi, the formance in a single number.)

combined system, with an optimized= 0.8. For the baseline, These results show that both the prosodic decision trees alo

the ROC curve is obtained by varying the pause durationtibtds and the LM alone beat the baseline system in accuracy and.spee
while for the other systems the curve is obtained by varyhgyt  The combined system yields an even bigger improvement im bot
score threshold and keeping the maximum pause duratioghthre performance measures, with a relative reduction of 45%ereth

old at 1 second. In this way, when the score threshold redblees  ror rate.



4. FEATURE USAGE AND EXAMPLES

baseline system that uses only pause duration for enctefantce

) detection. In addition, the speaker waiting time is suliftyn
Due to lack of space, we cannot report on the features usdtl in a shortened in the proposed system; for example, at a false ala

of the decision trees at various DPs, but fortunately, sinees

rate of 6% the average speaker waiting time is reduced fradn 38

were similar across DPs, we can provide a good picture by re- ms for the baseline system to 90 ms for the combined system.

porting feature usage for the tree used at the earliest DI (th
affecting the most decisions). We measure feature usageeas t
percentage of decision tree tests involving a certain featav-
eraged over the entire training data. Results for this thesvs
that, of all feature tests, 72% involved three features alatap-
ture speaker-normalized pitch range. When speakers argheea
bottom of their pitch range, they are more likely to have fieid
speaking than if they are somewhere in the middle of theigean
One of the three features is independent of any alignmeortrird-
tion, and all are independent of word identities, suggg<tiat the
features could be used in the absence of speech recogrilion.
ration features played a smaller role, contributing 21%heftotal
feature usage. The useful features captured normalizediolus

of syllable rhymes, and thus did make use of hypothesis -align
ment information. Since our DPs are conditioned on the piase
of a pause, we expect preboundary syllable lengtheningtirel

to rhymes not followed by a pause). Hesitation boundariesvsh
evenmorelengthening than do EOU boundaries, making duration
a useful feature for discriminating the two cases.

The examples below are prototypical cases that show how the
prosodic decision trees and the language model can cor@dt E
detection errors. They were obtained from systems configtoe
have an average false alarm rate of 4%.

The following is an example for which the baseline system
finds a false EOU where the speaker made a long pause (longer
than the baseline threshold), while the prosody-only syster-
rectly classifies the pause as non-EOU.

(1]

(2]
(3]

(4]

(5]
(6]

August + twenty six

wheret marks the point at which the baseline system mistakenly (7]
detected an EOU. When listening to the acoustic signal, @ae n
tices that the pitch before this long pause does not fall asually
does in actual EOUs. That is why the prosody-only systenmgusi
pitch information, does not confuse this boundary with arJEO

The second example shows a case where the prosody-only sys-
tem gives a false alarm, while the combined system (prosatty w
LM) does not.

What time is your flight from Atlanta ; to
Boston?

(8]

El

[10]
wheret marks the point at which the prosody-only system mistak-
enly found an EQU. In this case the word “Atlanta” is utterdathw
a pitch fall similar to those encountered at the end of utieza, [11]

leading to a false EOU detection. When using the combined sys
tem, the LM gives a very low probability to “from Atlanta” beg

at the end of a sentence (in ATIS, phrases like these arelyisual
followed by “to... "), thereby correctly classifying the boundary [12]
as non-EOU.

5. CONCLUSIONS [13]
We have shown a combined approach for the online detection of
ends of utterances in speech transcribed by an automatig-rec
nizer. The system combines prosodic and language modellknow [14]
edge sources, modeled by decision trees and N-grams riespect

The equal error rate for the combined prosody/LM system is
4.9%, representing a 45% relative improvement compared to a
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