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ABSTRACT In this study, we look at self-interruption points (IPs)
and boundaries of sentence-like units (SUs) in conversa-

This paper looks at the interact_ion between_ structural m_eta'tional telephone speech, because of the availability of an-
data and language structure, i.e. syntax, in conversationagiated data [1] and automatic detection systems [2, 3]. An
speech. We present results in the use of automatically degyy roughly corresponds to a sentence, except that SUs are
tected boundary events to improve parsing performance, andor the most part defined as units that include only one in-
argue that the resu!ts suggest pro_mise for uging the_se eventgependent main clause, and they may sometimes be incom-
in language modeling. We describe strategies for incorpo- pjete as when a speaker is interrupted and does not complete
rating metadata-informed language modeling and presenty sentence. There are four types of SUs annotated in our
results in weakly supervised learning of prosodic constituentCorpus (statement, question, backchannel, and incomplete),
structure that are key to the approach. but much of our work uses only a binary SU vs. no SU dis-
tinction. An IP marks the end of a sequence of words that
the speaker decides is in error. It may be followed by an
explicit edit term or filled pause, and then the speaker con-
ftinues with a correction or repetition or simply starts over.
An example of conversational data annotated with SU} (
and IPs (+) is given below.

1. INTRODUCTION

The lack of explicit sentence boundaries and presence o
disfluencies pose difficulties for automatically parsing con-
versational speech, though humans typically do not find it
particularly difficult. Humans make use of acoustic cues
that are not expressed in a simple orthographic word tran-
scription, cues that can be thought of as analogous to punc-
tuation in written text, which we refer to as structural meta-
data. Since text processing systems productively make use
of punctuation, it makes sense that language processing sys-
tems operating from speech would benefit from annotation
of structural metadata in the word stream. This paper ex-
plores this question for two problems: parsing and language
modeling.

yeah\. yeah\. | mean + oh it's you know +
we're about to do like the + the uh fiesta bowl
there\.

In this example, as in the experiments described here, we re-
tain only the IPs associated with the end of an edit, ignoring
IPs associated only with the onset of a filler. Though fillers

| . are part of the standard DARPA scoring task, most instances
n particular, we focus on the subclass of metadata

that can be considered boundary events, i.e. a phenomenoﬁ1re gasily d.etected by Iexicgl identity and so the. presence of
that marks the edge of some constituent. Examples of € filler IPis not as useful in language processing.

such events might be boundaries of intonational phrases In previous work [4], we demonstrated that a state-of-
(prosodic constituents), sentences, self-interruption pointsthe-art SU detector, relative to a pause-based segmenter,
speaker change points and discourse segment boundariegives more than 45% of the possible error reduction in
There is much work in linguistics showing that boundary parser performance, in experiments with the structured lan-
events are important for human segmentation and disam-guage model [5]. Here, we show that similar results hold
biguation of language, so these cues are good candidatefor two other, state-of-the-art statistical parsers. This mo-
for initial attempts to integrate metadata into language pro- tivates exploring a more direct integration of detected SUs
cessing systems. Further, the acoustic cues for boundarynd IPs into the speech recognition process via a metadata-
events (pauses, duration lengthening and boundary tonesinformed language model. We describe two possible statis-
are mostly local to the boundary rather than extending overtical frameworks, and then focus the discussion on the key
the whole constituent, so they are well suited to current left- issue of weakly supervised training to generate sufficient
to-right speech recognition models. data for language model training.



Table 1. WER and SER for the RT-04F metadata test set 3. MDE AND PARSING

the MDE system based on the SRI-only STT output. Parsing speech can be useful for a number of tasks, in-
cluding information extraction and question answering from
SER | SER audio transcripts. However, parsing conversational speech
STT system| WER | +SU | w/ type presents a different set of challenges than parsing text: sen-
reference 0.0 | 26.70| 37.30 tence boundaries are not well-defined, punctuation is ab-
SRI-only 18.7 | 40.51| 51.09 sent, and disfluencies (edits and restarts) impact the struc-
ture of language.
Early work in parsing conversational speech was rule-
based and limited in domain [9, 10]. Results from another
2. MDE SYSTEMS rule-based system [11] suggested that standard parsers can
be used to identify speech repairs in conversational speech.
Work in statistically parsing conversational speech [12] ex-
amined the performance of a parser that removes edit re-
gions in an earlier step, as well as more integrated edit de-
tection and parsing [13].

In contrast, we train a parser on the complete (human-
specified) segmentation, with edit-regions included. We
choose to work with all of the words within edit regions
anticipating that making the parallel syntactic structures of
the edit region available to the parser can improve its per-
&ormance in identifying that structure. Our work also dif-

) “fers from prior work incorporating prosodic cues in pars-
tution errors. i ing conversational speech, e.g. [14], in that our focus is

In t_he parsing work, the sys_tem L_Jsed here for SL_J and _IP primarily on sentence-level segmentation. While utterance-
detection is the same as described in [2], modulo slight dif- oo segmentation may be reasonable to assume in simple
ferences in tr.a|n|ng. data. It combines decision t_ree m,Odelshuman—computer dialog systems, it is not realistically avail-
of prosody with a hidden event language model in a hidden able in recognized conversational speech. Secondarily, we

Markov model (HMM) _ff?me""o”‘ for_ detectmg_events al also look at the usefulness of sentence-internal IPs in pars-
each word boundary, similar to [6]. Differences include the in

use of lexical pattern matching features (sequential match-
ing of words or POS tags) as well as prosody cues in the
decision tree, and having a joint representation of SU and
IP boundary events rather than separate detectors. On th
DARPA RT-03F metadata test set [7] using an earlier ver-
sion of the annotation specifications [8], the model has
35.0% slot error rate (SER) for the binary SU distinction

(75.7%recall, 87.7% precision), and 68.8% SER for edit IPs
(41.8% recall, 79.8% precision) on reference transcripts, us-
ing thert _eval scoring tool* While these error rates are

Results in this work span a year’s time period, so they in-
volve two different SU/IP detection systems with results re-
ported using two different scoring tools. The error measure
in all cases is a slot error rate (SER) similar to the WER
metric utilized by the speech recognition community, i.e.
dividing the combined number of SU insertions, deletions
and (if SU type is scored) substitutions by the total number
of reference SUs. Error figures are given mainly to high-
light the differences in simple vs. state-of-the-art detection
results. Since the earlier results do not count type errors, th
later results are reported both with and without type substi

In prior work [4], we used the structured language
model (SLM) as a parser with simple pause-based segmen-
tation and automatically detected SUs, showing a signifi-
ant improvement in parsing performance when using the
automatic SUs. The data used in this work is the treebank
(TB3) portion of the Switchboard corpus of conversational
telephone speech, which includes sentence boundaries as
well as the reparandum and interruption point of disfluen-
cies. The data consists of 816 hand-transcribed conversation
. S it sides (566K words), of which we reserve 128 conversation
relatively high, it is a(_jlfflcult task, and the SU performance sides (61K words) for evaluation testing according to the
was among the best in the 2003 NIST evaluation. 1993 NIST evaluation choices.

In the language modeling work, we use the more recent  jae \e confirm these findings with results on the same
MDE system described in [3]. SU error rates for the ref- goqmentation alternatives but using two state-of-the-art sta-
erence transcripts and the STT output on the recent evaluagjgtica| parsers trained on conversational speech: the Bikel
tion set are reported in Table 1, based on the md-eval (v18)[1 5] ang Charniak[12] parsers. Figure 1 shows the relative
scoring tool. This system is improved relative to the pre- performance of each parser for the two different segmenta-
vious work, though the results are not directly comparable tions, comparing to the oracle performance for each using

because of the difference in test sets, scoring tools, and in,4q-annotated SUs. In order to have a single number for
annotation specifications.

2Version 0.9.9, http://www.cis.upenn.edu/ dbikel/download.html. For
INote that the IP performance figures are not comparable to those inthis work, we trained the Bikel parser on the Switchboard treebank parses

the DARPA evaluation, since we restrict the focus to IPs associated with with the Collins settings.

edit disfluencies. 3Aug 2004, ftp://ftp.cs.brown.edu/pub/niparser/
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Fig. 1. Relative performance of different parsers for the _. - . . .
RTO3 MDE SU detection system and a simple pause-basec]:'g' 2. Precision-recall trade-offs associated with using
punctuation, oracle IPs or both in addition to SUs in parsing.

system, in each case comparing the F-measure to that ob*
tained with oracle SUs.

ger to add value over current state-of-the-art LMs. A major
problem in using the boundary events that we explored in
the parsing work is that these are perceptual categories, and
the cost of annotating a large corpus of speech transcripts
with these categories is prohibitive.

To address this problem, we have automatically anno-

performance, we use the F-measure calculated from bracke
precision and recall. (Trends with individual measures and
with bracket crossing statistics follow the same patterns.)
For all three parsers, there is a significant gain in perfor-
mance due to using the explicit SU detection algorithm, and
we would expect further gain using the current improved ; X :
MDE systems. Also important is the observation that the tated the entire Fisher corpus with SU and P boundary

impact of increased SU error is not lessened by using a bet-EVeNts. .In orpier to reduce_ computational costs, the MDE
ter parser: the best oracle results were achieved with theSYStEM is @ simplified version of [3] that does not use fun-

Bikel parser, but it was much more sensitive to SU errors damental frequency cues, which tend to have only a small

than the SLM impact on performance (in CTS tasks) but a significant cost,
due to the general purpose tools now used for that stage

ran several experiments, including some with and without of processing. In addition, the simpler HMM-based sys-
tem is used (i.e. omitting the maximum entropy model and

human-annotated punctuation. Without punctuation, there T .
P P system combination stages). Despite the use of reference

is a small increase in parsing performance of the SLM us-t ts. th te of thi del i latively high
ing IPs when the SUs are automatically detected, though we ranscripts, the error rate of this model 1s refatively high,

0, 1 I I -
have not confirmed these gains with other parsers. Includingroughly 27% SItEF;fOﬁr? U detgcltlonl. I_-|owever,t_|f tht'ﬁ’ er I
punctuation shows an interesting trade-off of bracket preci- ror was computed at the word Ievel, 1.€. counting the nu

i 0,
sion and recall using the two different cues, as illustrated in e‘é‘fjf‘tFS mtthhe scoref, ttr?e er:jort ra:edwouldtbe ?{E!OW 5'[/0t Itr_1
Figure 2. We see the improved precision associated with ys-2cdition, the use of these detected events within a statisti-
al framework should ameliorate the problem of errors. In

ing both punctuation and IPs as evidence that sub—sentenc§ i found i . ts in edit and filler detecti
prosodic constituents might be useful. act, as we found in experiments in edit and filler detection

as a second stage to SU/IP prediction [2], it is better to train
the second stage on automatically detected boundary events
4. METADATA-INFORMED LANGUAGE MODELS than on hand-labeled events, since that is closer to what is
available in the actual recognition process.
Early work in language modeling with sentence boundaries  Given the annotated Fisher data, we are exploring two
showed the potential for improved STT performance on metadata-informed language models using SUs and IPs in
conversational speech [16]. Our plan is to build on this the word stream, including a variable n-gram as a base-
work, but update it with a richer metadata representationline (to capture boundary events as words without losing
and the more sophisticated methods for integrating acousticthe standard 4-gram word context) and the structured lan-
and language cues now available in current MDE systems.guage model, as in [4]. In future work, we plan to use the
In addition, with advances in STT systems, it is also critical boundary events as conditioning factors rather than insert-
to train our language models on vastly larger corpora in or- ing them as “words”. In all cases, the language models will

In trying to understand the role of IPs in parsing, we



not be a replacement for existing language models, becausguage modeling. However, the general framework is as yet
they will not be trained on all the sources used in a state-of- untested in STT.
the-art system, which include web text and news broadcasts
that are not well matched in style to the bqundary events WeAcknowIedgments
aim to represent. Instead, the metadata-informed language
model would be used in a final stage of N-best or lattice This work is supported in part by DARPA contract no. MDA972-
rescoring as an additional knowledge source. 02-C-0038 and in part by NSF grant no. [1IS085940. Any opin-
While there are as yet no language modeling results ions, conclusions or recommendations exprgssed in this material

to demonstrate the viability of this approach, we have ob- are those of _the authors and do not necesse_lrlly reflect_ the views of

. : . . . these agencies. Thanks to J. Kim and Y. Liu for providing MDE
tained encouraging results combining syntactic and acoustic . L

. . L detection systems used in this work.

cues in a weakly supervised training of a model for detect-
ing prosodic phrase and hesitation boundaries (commonly
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