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ABSTRACT | Eventclass | Tag [ Freq.| Example |

We study the problem of detecting linguistic events at imted Esg;zr;ce S 10.8% :\Ihaven’tl ?Eer.] It
boundaries, such as sentence boundaries and disfluentgies;a - ry % h ot iurfk ke it
in speech transcribed by an automatic recognizer. Recayeri | "lled pause | FP 2.9% | he uh« liked it
such events is crucial to facilitate speech understandidgther Repetition REP 1.9% | hex heliked it
natural language processing tasks. Our approach is based onpgletion DEL 1.3% | it was* he liked it
a combination of prosodic cues modeled by decision trees, an - P - -
word-based event N-gram language models. Several model con_<ePaI" OthDF | 1.2% | hex she I|k.ed it
bination approaches are investigated. The techniquesvate e | Else/fluent else 81.8% | shex liked it

uated on conversational speech from the Switchboard corpus
Model combination is shown to give a significant win over in-
dividual knowledge sources.

Table 1. Boundary and disfluency event classes.

scribed by humans; and a small, 19 conversation (18K words)

set was decoded with a large-vocabulary speech recognider a
1. INTRODUCTION used for tests that involved automatic transcription. Elveais no

Current automatic speech recognition systems output agstri speaker overlap between the three corpus subsets.

of words. Most natural language understanding systems; hoWe prepared a speech database that combines information fro

ever, require structural information such as punctuatieich  \4.ious sources, and at various levels of resolution, @iofy
is present in text but not overtly indicated in spoken larggua

Similarly, for speech understanding and information esticen, ¢ Word transcripts
it is important to find the location and extent of disfluendies e Hand-labeled disfluency annotations and sentence segmen-
cluding self-repairs), so that a speaker’s intended megaran be tations prepared by the Linguistic Data Consortium [9]

inferred. We will refer to sentence boundaries and disflieenc

) . N e Phone-level time marks produced by forced alignment of
collectively as our target “events.

the word transcripts using a non-speaker-adapted ver§ion o
Prior work on utterance boundary detection [8, 12] as webiras the SRI Decipher(TM) speech recognizer used in the 1997
disfluency detection [5, 10] has addressed this problemnout LVCSR evaluations [7]

in a completely realistic framework. Previous work has assdl
either a correct word sequence, or knowledge of the word tboun
aries. In reality, word information is not known, but has ® b
hypothesized using a speech recognizer. This renders based
cues less reliable and increases the importance of prosad&  The resulting database contained all information in a tadigned
It also raises the question of how the various cues are toime coformat. For the automatically transcribed test set we edktite

¢ Raw acoustic measurements for the prosodic features de-
scribed below, such as fundamental frequency (FO) and
signal-to-noise ratio (SNR) values.

bined taking unreliable word information into account. alignments and derived information for the top 100 hypotises
generated by the recognizer.

2. METHOD For this study, we grouped the linguistic events at word lisun

aries into six classes, comprising the major types of boresla

2.1. Data and disfluencies we were interested in. These events aralfiyutu

Speech data consisted of more than 1100 conversationsfiem €xclusive, and exactly one event occurs at any given interwo
Switchboard corpus of human-human telephone dialogs on preoundary. Table 1 summarizes these event classes, thativeel
scribed topics [4]. The data set represents over 350 differefequencies, and gives an example for each. The distributio
speakers (45% male, 55% female). The corpus was partition&y¥€nt types is highly skewed; close to 82% percent of eveats a
into three portions: 1794 conversation sides (1.2M wordsjew fluent, sentqnce-lntt_a_rnal word transmon_s._ Th!s makedfitdlt
used for model training; 436 conversation sides (231K w)ord§0r automatic classifiers to learn the distinctive featuréshe
were used for development and testing on data that had teen tr Much less frequent, marked event types.



2.2. Modding as a single token stream, as described below. During testing
To build an automatic detector of interword events we need t§'¢ model can be used as a hidden Markov model (HMM) in
model the relationships between the following entities: which the word/event pairs correspond to states and thesword
to observations, with the transition probabilities giventbe N-

¢ A the acoustic features used by the recognizer gram model. The model is a generalization of the hidden seg-
ment boundary language model used in [12] where the number
of events types and the context length can be arbitrary. iGave

o W, the string of spoken wordsh W, ... word sequence, a forward-backward dynamic programming alg

e E, the sequence of interword eveBsEs, ... rithm is used to compute the posterior probabiffty (Ei|W) of

an eveng; at positioni.

A practical constraint for our work was to retain the staddar\ trained a word/event N-gram model from 1.2M words of tran-
components of a speech recognizer, i.e., deustic model  goyints that had been hand-labeled for the events of irttégs
P(A\W) that characterizes how well an acoustic obsenvatiog,cp event was represented by an additional non-word token,
matches a given word sequence, andwioed language model b (wo exceptions. First, we omitted event tags for filledipes,
P(W) that estimates tha priori probability of a word sequence. gjnce they are redundantly encoded by the preceding wotd (“u
Both models are combined to give tleposterioriprobability or “um”). Second, we did not represent the fluent, intra-eoe
P(W|A) of aword sequence. Acoustic and word language modelg, ndary events explicitly, since they are implied by theeatze
were of standard_ varieties, i.e., statg-clustered Gaussigtures ¢ any other event tag or filled pause word. These two conven-
[3] and backoff trigrams [6], respectively. tions lead to a more compact encoding of events and make bet-
In addition to the standard models, the following statatimod-  ter use of the limited context of the N-gram model. A 4-gram
els capture the relationship between interword events agid t model was used for all results reported here, i.e., a wordemte
cues. Theprosodic model P(E|F,W) predicts events from their was conditioned on no more than three preceding words and/or
prosodic correlates. Finally, trevent language model P(W,E)  events.

describes the joint distribution of words and the intemeni  certain other kinds of information, such as the locatiorpefer
events. T_he four model c_qr_nponents are combined to es“maéﬁanges (turn boundaries) and long pauses (where the wangfo
the posterior event probabiliti¢¥E|A,F). had been cut for processing purposes) can be conveniently en
All our models have the property that the posteriors of iitliv coded in the language model as well, and are known to improve
ual eventsEE; in E are estimated, ndE as a whole. This is both its quality for speech recognition purposes [13, 11]. Whiba-
convenient and legitimate, since the overall classificedioor is  ceptually this information is part of the prosody, it is angercal
minimized by maximizing the posterior of eaEhindependently. question whether turn and pause information is best encided
the prosodic model, the language model, or both. Therefege,
2.3. Prosodic Modél created two versions of the event N-gram model, one comgini
As in prior work on disfluency and sentence boundary detectioSUC" segmentation cues (*Seg N-gram”), and one without{"No

[8, 10], we trained CART-style decision trees [2] to predietnt seg N-gram”).
classes from local properties at the word boundary of istere

e F, the prosodic features

However, we use the trained tree models not simply as classi- 3. EXPERIMENTS

fiers that output the most likely class, but as probabilitinestors

Pr(Ej|F,W) to be combined with the other components. 3.1. Methodology

We experimented with a large collection of features capgufie ~ We tested each of the three models (prosodic decision weaf e
three major aspects of speech prosody: language model with and without segmentation) in isolafan

their event detection accuracy. This was performed first @msta
e Duration: of pauses, final vowel and final rhymes, normalset with known words, and then on recognizer output. Thegeeco
ized both for phone durations and speaker statistics nizer word error on the test set was 46.8%, i.e., on averagesl
e Pitch: FO patterns, preceding the boundary, across tHRvery other word was incorrett.
boundary, and pitch range relative to the speaker’s baselinTo run the event detector on recognizer output, we adopted th
e Energy: signal-to-noise ratio using a front-end tunedtiés t expedient of simply conditioning the event models on theegtb
corpus, to capture energy fluctuations not due to channel hypothesis:

While the feature extraction makes extensive use of thestbrc P(E|F,A) ~ P(E|F,argmaxP(WI|A))

alignment of words to the speech signal (e.g., to extrachpho w

durations), it is important to note than none of our featiees This approach is suboptimal if event detection is the oVgrsl,
coded the identity of words directly, affording some degoée in that multiple hypotheses other than the best one might con
independence from the word-based cues. This will be impbrtaspire to raise the overall probability of an event above the o
later on during model combination.

INote that we left a number of features out of the recognizet(ss

24. EventL anguage Model speaker adaptation) which would have either created afsigni compu-

. o S tational burden or an acoustic modeling mismatch betwesnitrg and

The event language model describes the joint distributibn Qest sets. This resulted in performance somewhat belowutirent state-
words and eventsR v (W,E). We treated words and events of-the-art.



Model Type | Known Words Recognized words

segmentation LM performs worse than the prosody model. No-

% correct % correct| % accuracy| tice that the prosody is also negatively impacted by wordgec
Chance 81.8 72.3 69.2 nition errors, since its input features depend on phonewml@nts
Prosodic Tree 88.9 76.1 72.9 and word boundary hypotheses. However, these seem to be more
No-seg N-gram 90.0 74.4 71.1 robust to errors than information based on word identity.
Seg N-gram 92.7 70 738 A general point about our paradigm is that only data based on

Table 2: Event recognition performance for three knowledggautomatically aligned) correct words are used for modshir

sources. All score differences are significant by a Sign testg, thus creating an inherent mismatch when testing orgflgirt
(p < .0001). incorrect words. We made this choice because recognition of
large amounts of speech data is a considerable computationa
Detected Events task. Thus, an overall improvement is expected if we trained
S else FP [ DEL | OthDF | REP | models on actual recognizer output, allowing the modelsate p
" S| 16880 | 5065 0| 111 31 33| tially compensate for systematic recognizer errors.
*g‘ eII:sF()e 35951 1628457 587% 433 1761 17(())
>
@\ peL | 393| 1524 0| 660| 131| 48 4. MODEL COMBINATION
2 | OthDF 218 1338 0| 191 442 | 341
| REP| 43| 892| 0| 34 97 | 2856 | 4.1. Approaches

Table 3: Confusion matrix for segment-N-gram event classifieThe goal of model combination is to make the best use of all
on known words. available knowledge sources while keeping the modelingmem
tationally and statistically tractable. For example, it feasible

supported by the top hypothesis. In other words, for some afR explicitly model all combinat_ions ofwc_)rd identity andsiodic
plications we might want to sum event posteriors over theeent features because of the resulting large input feature space

N-best list: So far we have experimented with three different model cembi
nation approaches:
P(EIA) = %P(E|W, F)P(W|A)
e Model interpolation. This is a weak approach that treats
multiple knowledge sources as alternative estimatorsef th
same probability distribution, which are combined by linea
interpolation. In our case, we combine the prosodic poste-
rior and the event LM posterior using an empirically opti-
mized weighting:

This approach is complicated by the need to identify cowadp
ing events in hypotheses that differ in their words; we plan t
study this approach in future work.

A related problem concerns the scoring of event detecticn-ac
racy given that the number of words (and hence events) sliffer
between reference and hypothesis. For this study, we alitivee
word/event strings and then counted the number of mismdtche
events, as well as the number of events inserted and defgited.

ilar to the scoring practice used in speech recognition,epent

both the percentage of correctly identified true events, taed
accuracy (+ the number of event substitutions, deletions and in-
sertions divided by true total). A more stringent erroremiin

might require the event times to match up as well.

P(Ei|F,W) =~ APr(Ei|F,W) + (1 - N)PLm (Ei|W)

A more refined (but as yet unimplemented) version is the
mixture of expertsvhereA is replaced by a function o
andF.

Independent model combination. In this approach we as-
sume that the prosodic featufeare largely independent of
the wordd/V when conditioned on the even®(F |Ej;,W) ~

3.2. Reaults

Table 2 summarizes the results obtained for the three models
in each of two test conditions: known and recognized words.
Chance performance (obtained by labeling each word boyndar
as theelseevent) is also given for reference. Results show that the
N-gram with segment information performs significantlytbet
than either the prosody model (which also has access to sggme
information) or the N-gram without segment boundaries.

Table 3 shows a confusion matrix for the segmentation LM on
known words. The matrix indicates that the infrequent déesflty
types (deletions and other repairs) are particularly diffito de-
tect. This could be both because of their low frequencyr taek

of distinct lexical cues, or both.

When the same three models are applied to speech recognizer

output, we observe a substantial degradation in event titatec
accuracy. As expected, the word-based models suffer nast fr
recognition errors in relative terms. In this conditione tho-

P(F|Ej). This allows the following decomposition:

: _ Rm(EW)P(F|E)
P(Ei|F,W) = —PEW)
The denominator does not dependBrand so can be ig-
nored for classification purpose®(F|E;) is proportional

to Pé,'(zl‘zlf)) , and can be directly estimated by a prosodic tree
thatis trained on a uniform distribution of event classes. A
in the previous approach we introduce an empirically deter-
mined balancing parametarto adjust the dynamic ranges

of the two models, giving us

. A
P(E|F,W) O Py (W)= (%)

Joint modeling. Various approaches exist to allow training
of a single classifier that takes both word and prosodic in-
formation as input, while avoiding the large input space if



Model Type | Known Words Recognized words

The results reported here should be regarded as a baselfe fo
ture work. For example, the overall model could be improved
by including parts-of-speech (POS) or other syntacticrmép-

% correct % correct| % accuracy
Seg N-gram 92.7 77.0 73.8
Interpolation 93.0 78.1 74.9
Independent 93.0 77.4 74.1
Joint Tree 93.1 76.6 73.3

Table 4: Event recognition performance for various model com
bination strategies. All score differences are significara Sign
test (p < .005).

tion in the event model. (We showed in [12] that using POS im-
proves sentence boundary detection, and [5] observed @&t P
modeling enhanced disfluency detection.) Other directfons
future improvement include event posterior probabilityntxina-
tion across multiple N-best hypotheses, improved prosfedie
ture, and more sophisticated model combination.
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4.2. Reaults 1

Table 4 shows event classification accuracies for the thieaem
combination approaches, for both known and recognized svord
For comparison, the Seg-N-gram results are repeated asa ba:
line. The model interpolation approach is seen to be the most
robust model combination approach so far. It yielded vijua
identical relative error reduction (4%) over the N-granssifier
alone, on both known and recognized words.

While the joint tree seems to have a slight edge on known words4.
it predictably fares poorly on recognized words. A likelypé¢
nation is that the posterior LM probabilities the tree isrteal on
come from correct words. Testing on recognized words render5-
these input features very noisy, creating a train/test mism
The approach is expected to work better if large amountsmf re
ognizer output were available for training the joint model.

The independent combination approach performs reasonably
well, though not as well as interpolation on recognized word 7,
The results given here actually used the Seg-N-gram in the co
bination, which violates the independence assumptionoffix g,
proach, since the LM makes use of some of the same turn and
pause-related information as the prosodic model. Howeuezn
using the No-seg N-gram in the combination instead, acgurac
went down by about 1-2%. The likely reason is that the N-gram9-
makes more effective use of turn and pause information;, thus
omitting it hurts the overall model more than the indepemgen

violation. 10.

5. CONCLUSIONS

We have demonstrated a combined approach for the detedtion o
interword events (sentence boundaries and four classeésfhf-d
encies) on spontaneous speechtranscribed by an autoetatsr
nizer. The system combines prosodic and language modellknow
edge sources, modeled by decision trees and N-grams, respgs
tively. Event detection accuracy is about 75% (78% corrent)
recognizer output with 46.8% word error, as compared to 93%
correct on human transcripts. In both test conditions, timali-  13.
nation of prosodic and word N-gram models gives a 4% relative
error reduction over the most powerful knowledge sourcé\-an
gram that includes turn and pause information.

6. S. M. Katz.
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