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Abstract— Effective human and automatic processing of speech with the appropriate punctuation, the cleaned-up trapgori
requires recovery of more than just the words. It also involhes \would be as follows:
recovering phenomena such as sentence boundaries, filler wis,

and disfluencies, referred to as structural metadata. We desibe But i've had a lot of good experiences with many

a metadata detection system that combines information from people especially where they've had extended family.
different types of textual knowledge sources with informaion | kind of see that perhaps we may need to get close
from a prosodic classifier. We investigate maximum entropy ad to the family environment.

conditional random field models, as well as the predominant Clearly. thi | d i it . dabde. |
HMM approach, and find that discriminative models generally early, this cleaned-up transcription 1S more readaose, |

outperform generative models. We report system performane on  €asier to underste}nd, and is more appropriate for subsequen
both broadcast news and conversational telephone speechsts, language processing modules. Jones et al. [1] have comtlucte

illustrating significant performance differences across asks and experiments showing that cleaned-up transcriptions ingro
‘15 a functn;nnhof recognizer per(fjormatzlce,\.lg?eR?sélillt:s replrem_t human readability compared to the original transcriptions
the state of the art, .as assesse- "_1 the i eva u-amo There has been growing interest recently in the study of the
Index Terms—Rich transcription, metadata extraction, jmpact of structural events. Recent research has invéstiga
prosody, maximum entropy, conditional random field, sentese \hather qutomatically generated sentence informationbean
boundary, disfluency, punctuation, confusion network . - L
useful to parsing algorithms [9], [10], [11]. Significantrer
reductions in parsing performance have been achieved when
. INTRODUCTION using information about sentence boundaries and disflasnci

Although speech recognition technology has improved sigk0l: [11]. Structural information was also found promiin
nificantly in recent decades, current recognition systetils s/Or reducing speech recognition error rates [12].
output simply a stream of words. The unannotated word strean{? this paper, we describe the ICSI-SRI-UW structural
lacks useful information about punctuation and disfluenci@etadata extraction (MDE) system that automatically dstec
that could assist the human readability of speech trartscritructural events, including sentence boundaries, drsties,
[1]. Such information is also crucial to subsequent natur@nd filler words. We aim to answer some important questions:
language processing techniques, which typically work offhat knowledge sources are helpful for each of these tasks?
fluent and punctuated input. Recovering structural infdioma VWhat are the effective modeling approaches for combining
in speech has thus become the goal of many studies diferent knowledge sources? How is the model performance
computational speech processing [2], [3], [4], [5], [6]1.[7 affected by various factors such as corpora, transcnpna_nd _
[8]. We describe our approach that automatically adds infd?vent types? Can structural MDE be improved by considering
mation about the location of sentence boundaries and spe@lfirnate word hypotheses? .
disfluencies in order to enrich speech recognition output. ~ 1he rest of the paper is organized as follows. We introduce

To illustrate the importance of structural informationneo the MDE tasks and performance metrics in Section II. Presiou
sider the following excerpt of a spontaneous conversatiof¥°Tk is described in Section lIl. Section IV describes the
speech transcription: corpora used in the experiments. The general approaches we
use for the MDE tasks are introduced in Section V. Sections
VI through IX detail the methods used and present results for
different MDE tasks. Section X summarizes the results. feutu
work is presented in Section XI.

but uhiiiithink that you know i mean we always uh

i mean i've i've had a a lot of good experiences with

uh with many many people especially where they've
had uh extended family and i and an- i i kind of see
that that you know perhaps you know we may need
to like get close to the family environment

Even this human-produced transcription, which contains #b Metadata Annotation

word errors, is difficult to read because of the absence ofMetadata events such as sentence boundaries, topic bound-
punctuation and the presence of speech disfluencies. Audoies, and disfluencies may be useful for various applinatio
matic detection of such structural events can enrich speéfe structural events annotated in the data set used here are
recognition output and make it more useful for downstreabriefly described below (more information on the data will
language processing modules. For example, if the disflesncbe provided later in Section V). Details concerning the 2/6.
are removed from the transcription and sentences are pegse.DC annotation guideline can be found in [13].

II. STRUCTURAL METADATA EXTRACTION
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1)

2)

3)

Sentence-like Units (SUs):

The notion of a sentence in conversational speech is
different from that in written text. The sentence-like
units (SUs) may correspond to a grammatical sentence,
or they may be semantically complete but smaller than a
sentence (e.g., a noun phrase in response to a question).
Four types of SUs are annotated according to the anno-
tation guideline [13]: statement, question, backchannel

let's see, you know, likeTo the listener, it signals the
speaker’s intention to mark a boundary in discourse,
including a change in the dominant speaker or the
beginning of a new topic. Arexplicit editing term is

an editing term in an edit disfluency that is not a filled
pause or a discourse marker. For exampleé;Today is
[(Monday), (sorry), Tuesday]; “sorry” is an explicit
editing term.

(e.g.,uhhul), and incomplete SUs. Using the V6.2 annotation specification [13], the training,
Edit disfluencies: development, and test sets were annotated by LDC with the
Edit disfluencies involve syntactically relevant conterfbllowing structural information: SUs and their subtypése
that is either repeated, revised, or abandoned. Eglfparandum and IPs in edit disfluencies, and filler words and
disfluencies follow a basic pattern: their types.

(reparandum) * (editing term) correction
The reparandum is the portion of the utterance that B Metadata Extraction (MDE) Tasks
corrected or abandoned entirely (in the case of restarts), e NIST RT-04F evaluatioh there are four structural

An interruption point (IP), marked with+" in the \ipe t55ks corresponding to the annotated events in the
pattern above, is the point at which the speaker breaks,, s.

off the original utterance and then repeats, revises, or
restarts his or her utterance. The editing term is optional
and consists of one or more filler words, which are
described in item (3) below. The correction is the portion
of the utterance that corrects the original reparandum.
Markup of the reparandum and editing terms enables
the transcription to be cleaned up.

Based on their structure, edit disfluencies can be divided®
into the following four subtypes. LDC did not provide
subtype information in their annotations, and the correc- *
tion region in an edit disfluency was also not annotated.
We describe the edit disfluency subtypes to motivate the®
edit detection features used here.

o SU detectionaims to find the end point of an SU.
Detection of subtype (statement, backchannel, question,
and incomplete) for each SU boundary was also a task
evaluated in RT-04F. However, in this paper we focus only
on SU boundary detection, which is clearly an important
first step for downstream language processing.

Filler word detectioraims to identify words used as filled
pauses, discourse markers, and explicit editing terms.
Edit word detectioraims to find all the words within the
reparandum region of an edit disfluency.

Interruption point (IP) detectiomims to find the inter-
word location at which point fluent speech becomes
disfluent?

« Repetitions A speaker repeats some part of the rqr \MDE evaluation, two different types of transcriptions
utterance. For examplgwe may not) * we may 4re ysed: human-generated reference transcriptions (RF)
not]_g_o there. speech-to-text recognition output (STT). Evaluation asro

« Revisions(content replacements): A speaker modiganscription types enables the investigation of the imat
fies the original utterance using a similar syntactigyent detection tasks both with and without the confounding
structure. For exampleShow me flight(from  oftect of speech recognition errors. Using the referenae-tr
Boston on) * (uh) from Denver on] Monday. scriptions provides the best-case scenario for the evatuaf

« Restartg(false starts): A speaker abandons an uttefypg aigorithms. MDE evaluation will be conducted across
ance or a constituent and then starts over entirefy, gitferent corpora (conversational telephone speedh an
For example,[(Its also) * ] I used to live in p5aqcast news speech). Investigations across corpotddsho

Georgia. , _enhance our understanding of how structural information is
. Complex d|§flugnC|esA spgaker prqduces a serieggpresented in different speech genres.

of disfluencies in succession or with nested struc-

ture, such ag(l think * 1 * 1) *  (now) | think]

people generally volunteefhe internal interruption

points were annotated in these disfluencies, but theEach MDE task is evaluated separately in the NIST RT-

internal structure was not. 04F evaluation. Scoring tools, created for these tasks I3TNI
Filler words: first align the reference gnd hypothesis words t_o minimize th

Wrd error rate. After alignment, the hypothesized strraitu

Fillers include filled pauses, discourse markers, an :
ecrents are mapped to the reference events using the word
i

C. Performance Measures

explicit editing terms. Filled pauses (FPs) are employea ignment information, and then unmatched structural &ven

by a speaker to indicate hesitation or to maintain contro
of a conversation while he or she is thmk'ng_abOUt whatisee hitp://www.nist.govispeechitests/rt/rt2004/f&dY information on the
to say next, for examplegh, eh, uh, umA discourse evaluation.

marker (DM) is a word or phrase that functions primaril 2|n the RT-04F MDE evaluation, IPs include the starting paifia filler
x\/ord string in addition to the IPs inside edit disfluenciese Wil focus on

as a structuring unit of SpOken .Ianguage, for examplfﬁe IPs in edit disfluencies in this paper since it is a mordlamging task
actually, now, anyway, see, basically, so, | mean, welnd since there is a separate filler word detection task.
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(i.e., insertions and deletions) are counted. The err@ imt B. Edit Disfluency Processing

the average number of misclassified boundaries or words pefuch of the prior research on automatic disfluency de-
reference event boundary or word. For example, the follgwiRection has been based largely on human transcriptions of
shows the SU error rate: speech and so has focused on textual information. Heeman
number of incorrect boundaries and Allen [2] proposed a statistical language model to ifent
total number of SU boundaries part-of-speech (POS) tags, discourse markers, speechstepa

A detailed description of the scoring tool is provided inJj14 and intonational phrases. Charniak and Johnson [25] built a

Note that the NIST metric error rates can be greater th&fassifier to predict the reparandum of an edit disfluencgthas
100%. In the following example: on features such as the POS tags of the preceding word and the

following word, and whether or not the word token appeared in
a “rough” copy. Recently, Johnson and Charniak [8] evalliate
a noisy channel model for speech repair detection. They used
a tree adjoining grammar (TAG) to represent the crossiseria
wherew; is a word and /' indicates an SU boundary, ondglependencies between the reparandum and correction segion
insertion and one deletion error (indicated by ‘ins’ andl"de This approach incorporated more syntactic informatiora (vi
result in a NIST SU error rate of 200%. the source syntactic language model and the TAG channel
It is also common to use error trade-off curves in detectidRodel) and yielded improved performance for disfluency de-
tasks, where one may want to consider different operatifftion. Honal and Schultz have also used a source-channel
points. We expect that different applications may preféiedi model for disfluency detection [26], [27].
ent tradeoffs between precision and recall and, in facemnec Several corpus studies have found that combinations of
experiments show that the best operating point for parsiféesodic cues could be used to identify disfluencies with
is not that which minimizes SU error rate [11]. Hence, wkeasonable success, such as [28], [29], [30], [31]. Nakatzah
also use detection-error tradeoff (DET) curves to complaee tHirschberg [28] built a decision tree model to detect speech
performance of systems that output posterior probalsilitie repairs using a variety of acoustic and prosodic signals plu
the SU events at each word boundary. A DET curve displajgxtual features. An HMM approach similar to [16] is used
the missed detection rate versus the false detection rate oi@ combine textual and prosodic information for interropti
normal deviate scale. point detection [32]. Snover et al. [6] used transformation
For assessing the significance of performance differencased learning (TBL) for the detection of disfluencies in
we build on prior work by NIST [15] in speech recognitionconversational telephone speech, using many lexical fesitu
In particu|ar’ we use the matched pair test, Comparing Scoﬁgus the pause information after a word. TBL was also used
on segments of speech from a single speaker, bounded bipradisfluency detection by Kim et al. [33], in which prosodic

SU error rate=

Ref erence: wl w2 w3 |/ w4
System wl |/ w2 w3 w4
ins del

pause of at least 3 seconds. information was combined via a decision tree prosody model.
For disfluency detection, some models in the prior work
I1l. PREVIOUS WORK were trained using the annotated data with both the reparan-

. dum and the correction region; however, correction regions
A. Sentence Boundary Detection are not labeled in the data set we use here. Therefore, we
To detect sentence boundaries or punctuation in speegbvelop models that do not rely on the annotation of the

various approaches have been used. A general hidden Mark@yire edit disfluency region. In addition, many prior sesi
model (HMM) framework was designed to combine lexicayn disfluency detection assume the availability of sentence
and prosodic cues for tagging speech with various kinds gbundary information. This is not the scenario used to atelu
hidden structural information, including sentence bouieta our structural event detection tasks; there is no givereseet

[4], [16], punctuation marks [3], [17], disfluencies [18fpic boundary information for the edit disfluency detection task
boundaries [16], dialog acts [19], and emotion [20]. Wanginally, most of the previous work has been conducted on
and Narayanan [21] developed a method that used only thgéman transcriptions. Because it is important to also ewalu
prosodic features (mostly pitch features) in a multipasg;wathe impact of speech recognition errors on the techniques
however, they did not use any textual information, which hagsed for disfluency detection, this research is conductiedus

been shown to be very important for detecting sentence bOUIhdJman transcriptions and Speech recognition output.
aries. Huang and Zweig [22] developed a maximum entropy

model to add punctuation (period, comma, and question mark) IV. MDE CORPORA

in the Switchboard corpus by using a variety of textual cues. Conversational telephone speech (CTS) and broadcast news
Studies on sentence boundary detection in speech have §BN) are used for the structural event detection tasks in
been conducted for other languages, for example, Chin&e [this work. CTS and BN are very different genres. They
and Czech [24]. In this paper, we use two different corpodiffer, for example, in the average SU length and frequency
and two types of transcriptions for SU boundary detectionf disfluencies. Speech in BN contains fewer disfluencies,
We investigate different modeling approaches, along with tsentences are longer and more grammatical, and the speakers
impact of a greater variety of prosodic and textual featuremre mostly professionals reading teleprompted text. Speec
In addition, experiments cover different MDE tasks (e.dJ, Sin CTS is more casual and conversational, containing many
boundary detection and edit disfluency detection). backchannels, filler words, and edit disfluencies.
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In this paper we use the data from the NIST RT-04F 1) Lexical Features: The word identities (from human
evaluation. Training data contains about 40 hours of CTtBanscriptions or automatic recognition output) congtit pri-
data and 20 hours of BN speech. The training data set is Ritary knowledge source for the structural event detectisksta
04F MDE training data, that is, LDC2005S16 for the spee®ome key words are good indicators for events, for example,
and LDC2005T24 for the transcriptions and their annotatiofiller words (e.g.,"'uh”, “you know” ) and backchannel words
Test data contains 3 hours (36 conversations) of CTS speéely.,“uhhuh”). Lexical information can also be represented
and 6 hours (12 shows) of BN speech. Two developmeoy the co-occurrence of a word with other words or with the
sets of similar sizes were used for parameter tuning. Theighboring events, a word’s part-of-speech tag, or itsasgim
training, development, and evaluation sets were annoteited class. We also use information such as whether part of a word
metadata events by LDC according to the annotation guielelistring is repeated for the detection of disfluencies.

V6.2 [13]. For BN, we combined the training data used in the 2) Prosodic Features and the Prosody ModeéProsodic
RT-03F MDE evaluation with the data annotated for RT-84Ffeatures reflect information about temporal effects, as al

Table | shows the size of the training and testing sets, th#onational and and energy contours. Prosody can provide
word error rate (WER) on the test gesind the distribution information complementary to the word sequence, and thus
of different structural events in the two corpora (per refere is a valuable source of additional information for struatur
words) for the test set. It is worth pointing out that there arvent detection. Furthermore, in the face of high word error
slight differences between these distributions on theningi rates, prosody is more robust than word-level information.
and the test sets. The difference is greater for CTS, forlwhiPast research results (such as [5], [16], [28], [36], [37],
the training set is taken from the Switchboard data and t[@&8], [39], [40], [41]) suggest that speakers use prosody to
test set is taken from the Fisher data collection. The WER wiaspose structure on both spontaneous and read speech. The
obtained from the combination of multiple systems develbp@rosodic features we use are associated with each interword
for the RT-04F speech recognition evaluation [34], [35].  boundary and can be automatically extracted from the words
and phonetic alignments of the transcription. We compute
prosodic features based on duration, fundamental frequenc
(FO), energy, and pause information [16]. Duration feature
such as word duration, pause duration, and phone-levet dura
tion, are normalized by overall phone duration statistiod a
speaker-specific statistics. To obtain FO features, pitatks

TABLE |
INFORMATION ON THECTSAND BN CORPORA INCLUDING DATA SET
SIZES, WEROF THE SPEECH RECOGNIZER ON THE TEST SETAND
PERCENTAGE OF THE DIFFERENT TYPES OF STRUCTURAL EVENTS IN EH
TRAINING SET.

Training size (MUMber of Words fszSK 3B5§K are e_xtract_ed from the speech signal and th_en post-pratesse
Test size (number of words) | 35K | 46K obtain stylized pitch contours [42], from which FO featuaes
Recognizer WER % 149 | 117 extracted. Examples of FO features are the distance from the
= ditsyvsﬁ’j - 18‘f'52 f:g average pitch in the word to the speaker’s pitch floor and the
Edit 1P % 54 T 13 change in the average stylized pitch across a word boundary.
Filler word % 9.2 21 Similar processing is performed to obtain energy features.

Some nonprosodic information is used by the prosody
model, such as a speaker’s gender and speaker change, which
V. KNOWLEDGE SOURCES ANDGENERAL MODELING can also be automatically extracted from the audio dataezen
APPROACHESINVESTIGATED ating speaker change information is easier on CTS than on BN.
For each interword boundary or each word, we use variollsCTS, each channel corresponds to one speaker and thus it is
knowledge sources to determine whether there is a strictugasy to detect speaker change using time information. Since
event at that boundary or whether that word belongs to &N contains only one channel of audio, estimating speaker
extent of a structural event such as an edit disfluency. Thleange is much less straightforward. For BN, during testing
task can be generalized as follows: given a word sequBrcespeech is first segmented based on pause information. Then
and the corresponding features (e.g., prosodic featiitefild a speaker label is assigned to each pause-based segment. We
the most likely metadata events. A general description of have investigated two different methods to generate thakspe
the knowledge sources and the three approaches (i.e.,rmididels. One method is based on the ICSI speaker diarization
Markov model, maximum entropy model, and conditionalystem [43]. The pause-based segments are assigned arspeake
random field) that we have used for the various tasks label by choosing the speaker who was attributed with the
provided in this section, whereas the details for each tabk wnajority of the speech in each segment (by the diarization

be discussed in the relevant sections. system). Another method is to use automatic clusteringed us
for STT (e.qg., for speaker adaptation and feature normaliza
A. The Knowledge Sources tion) [44]. The effect of these two approaches to speaker tur
We use both lexical information and prosodic cues to reduggange detection will be described in Section VI.
the ambiguity inherent in any one knowledge source. We chose to use a decision tree classifier for the implemen-

tation of the prosody model. During training, the decisicret
*We did not combine training data for CTS because the diffwsnin  5)4rithm selects a single feature that has the highesigties
annotation used for the two evaluations were greater for @a8 BN. . . ..
“Note that the recognition output is not released as part efstandard value at each node. During testing, the decision tree gw®ra
corpora, but is from other experiments [34], [35]. probabilistic estimates based on the class distributica leaf
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node. A decision tree classifier is used for several reasonsThe most likely sequenc& given W and F can thus be
First, it predicts the posterior probabilities of the metted obtained using the observation likelihoods and the tremsit
events given the prosodic features. These probabilities garobabilities, as follows:

be easily combined with a language model. Second, it offers P(E,|F)
the advantage of interpretability. This is crucial for dbtag E = argmax P(E|W, F) = argmax P(W, E) | | ——-2

a better understanding of how prosodic features are used to B E i P(Ei)(z)

signal various event types, and for selecting or designgegul ) ) ) , .
features. Third, the decision tree classifier can handlsings P(F;) is not shown in the equation above since it is fixed and

feature value$, as well as both continuous and categoricgtr'uS can be ignored when carrying out the maximization. In

features. We use the IND package [45] in our experimenfg’."’wtice V_Vh;"'_‘ cofmbining ;hi pro(?ody modglband (’;he Ll\é" v;e
More details on decision tree classifiers can be found in.[4 Se a weighting factor, whic IS etermined based on t € ge-
elopment set (roughly 0.8-1.0 is a good range for the weight

) for the prosody model). In addition, instead of finding the
B. Modeling Approaches best event sequence, we use the forward-backward algorithm
1) Hidden Markov Model (HMM):Our baseline model, and to find the event with the highest posterior probability fack
the one that forms the basis of much of the prior work oimterword boundary:
MDE [3], [4], [16], [17], is HMM-like in that the events are .
treated as hidden states. Given the word sequéficnd the By = argmax P(E;|W, F).
prosodic featured’, the most likely event sequende in the '

HMM framework is: This generally minimizes the classification error rate, ahhi

R is measured for each boundary or each word.
E = argmaxy P(E|W,F) = argmaxy P(W,E,F) (1) The HMM is a generative modeling approach; it describes
= argmaxy P(W, E)P(F|W, E). a stochastic process with hidden variables (metadata ®vent
that produces the observable data. The HMM approach has
We further assume conditional independence of the prosogligy main drawbacks. First, the standard training methods fo
features and the word sequence given the events, that is, HpMMs maximize the joint probability of the observed and

n the hidden events, as opposed to the posterior probabflity o
P(F|E,W)~ P(F|E) ~ H P(Fi|E;). the correct hidden events assignment given the obsergation
i=1 The latter criterion is more closely related to classifimati

This conditional independence assumption is an approximerformance for the metadata event detection task, which is
tion, sinceF; is based on the phone times and labels associat®@asured for each word or word boundary. Second, when
with the wordW;, but the approximation is fairly reasonableising correlated textual information, the only principleey
since the word identity is not used directly. of modeling these correlated features in HMMs is to fornaulat
There are two sets of parameters in the HMM framéhe model in terms of the cross-product of the feature values
work. Thestate transition probabilities are estimated using thus significantly increasing the number of parameters (as
a hidden event N-gram language model (LM) [47], whickhe product of feature set cardinalities). Hence, it is hard
models the joint distribution of the word and event sequenggcorporate a wide variety of textual knowledge sourcehin t
W,E=Wy,E1,Ws,...E\_1,W,, Ey: HMM.
" 2) Maximum Entropy (ME) ModelMaximum entropy was
P(E,W) = HP(Wi|Wii:k1’Eii:li)P(EilWiifk’Eii:li)a first introduced for language processing problems in [50].
i We evaluate the ME model in an attempt to overcome the
shortcomings of the HMM approach [51]. An ME model,

letting negative indices fo#V; and E; be start symbols to ~ . . - .
simplify notation. k is determined by the order used in th%’;’12'(;2aetlsjtr'gatgsk;zetﬁ:nglg%gi'ﬂ%ﬁﬁf;mw of the everivey

N-gram LM. The hidden event LM is trained similarly to
the normal N-gram LM except that the SU boundary is 1
) - 9e . ; P(E)|W,F) = ——— E,,W,F)),
inserted explicitly in the word sequence and is a token in the (BilW, F) Z\(W, F) exp(; Axgi(Er, W, )
vocabulary. Note that non-SU tokens are not included in the ) o
vocabulary. We used the SRILM toolkit [48] for the hidder¥hereZx(W, F') is the normalization term
event LM and Kneser-Ney smoothing, which has been shown

; L ZI\(W,F) = Aegr(Ei, W, F)). 3
to be a very effective LM smoothing method [49]. AW, F) Zexp(z k9x( ) )

The second set of HMM parameters is thbservation _ o _

likelihood P(F;|E;). Instead of training a likelihood model The functions g,.(E;, W, F) are indicator functions corre-
here, we make use of the decision tree prosody model (ts@0nding to features defined over events, words, and prosodi

estimatesP(E;|F})) to obtain the observation probabilities: features. The index is used to indicate different features,
P(E:|F) each of which has an associated weigt For example, one

PED P(F). such feature function for the SU detection task might be

1:if W; = uhhuhand E; = SU
0 : otherwise.

E; k

P(F;|E;) =

5For example, FO features in an unvoiced region are missiayifes.

Q(Ei,WF):{
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This feature is triggered for the wondhhuhfollowed by a parameters, which was optimized based on the development
backchannel SU boundary. set.

The ME model is estimated by finding the parameters  CRFs have been successfully used for a variety of text
with the constraint that the expected values of the varieas f processing tasks, such as [54], [56], [57], but have not been
ture functionsEp[gx (E;, W, F)] match the empirical averageswidely applied to speech-related tasks that utilize botiuatic
in the training data. These parameters ensure the maximanud textual knowledge sources.
entropy of the distribution and also maximize the condiion 4) Model Tradeoffs:A CRF differs from an HMM with
likelihood []; P(£;|W, F) over the training data. In the ME respect to its training objective function and its handlisfg
model, decoding is conducted for each sample individuhbdly. correlated textual features. The CRF directly optimizesdio
our experiments we used an existing ME toofkithich uses tional posterior probabilities of the event label E|W, F).
the L-BFGS parameter estimation method [52] and Gaussiarnke ME, the CRF model supports simultaneous correlated
prior smoothing [53] to avoid overfitting. The Gaussian priofeatures, and therefore gives greater freedom for incatjyay
was determined based on the development sets and was set\ariety of knowledge sources; hence it is able to bettéreiti
1 in our experiments. multiple representations of the word sequence (e.g., words

The conditional likelihoodP(E;|W, F') is a better match to POS) without the impact of the independence assumptions
the classification task (i.e., determining the most likelgr® used by the HMM. A CRF differs from the ME method
E; at each point), which is an advantage of the ME modalith respect to its ability to model sequence information.
over an HMM. In addition, the ME framework provides arhe primary advantage of the CRF over the ME approach is
principled way to combine a large number of overlappingat the model is optimized globally over the entire seqaenc
features, as confirmed by the results of [51]; however, itésakthe ME model makes a decision for each point individually
the decision for each boundary individually, unlike the HMMwithout considering the contextual event information. $ha
which uses more contextual event information. conditional random field (CRF) model combines the benefits

3) Conditional Random Fields (CRF)A CRF [54] is an of the HMM and ME approaches [54].
undirected graphical model that defines a global log-linearTraining a CRF model is more computationally expensive
distribution of the state (or label) sequenEeconditioned on than the ME model because of its inherent characteristics
an observation sequence, consisting of the word sequéhce(optimization at the sequence level versus individual esei
and prosodic featureg. The conditional probability has the Equation (3) and (4)). HMM training is the most time efficient

following formula: among these approaches because it only needs to estimate the
1 N-gram LM parameters in addition to the prosody model,
P(E|W,F) = m“ﬁp(z A+ Gr(E, W, F)), which is needed for all three approaches. Decoding is not
’ k

costly in any of the approaches.
where the functiongr are potential functions over the events
and the observations. Each of the potential functions can
be either a state feature function of the event at position
and the observation sequenséF;, W, F,i) or a transition  We first provide a more detailed description of the features
feature function of the observation sequence and the labetsd the setup used by the models for SU detection, and then
at positioni-1 andi, t(E;_1, E;, W, F,i,i — 1). Similar to the provide the results.
ME model, these features are indicator functions that ecaptu
the co-occurrence of events and some observations. The key )
difference between ME and CRF is that the feature functiofs SU Boundary Detection Setup
G, are over the sequence E in a CRF versus individual events]) Knowledge Source Refinemerftor the textual knowl-
E; in the ME model. In our case, we use a first-order modetge sources, in addition to the word identities, we makefise
that includes only two sequential events in the featureT$et. additional corpora and various automatic taggers that rap t
index k represents different features, aids the weight for word sequence to other representations. The tagged version
a feature.Z, is the normalization term: the word stream are obtained to support generalizatioresdbas
_ on syntactic or semantic structure and to smooth out pgssibl
HW F) = XE: ewp(; Ak Gr(E, W, F)). () undertrained word-based probability estimates (the daitass

small for training a word-based LM as shown in Table I). The

We use the Mallet package [55] to implement the CREqgitional textual sources used for SU boundary detectien a
model. The CRF model is trained to maximize the conditiongle following®

I_og-l|keI|hood of a given training seP_(E|V_V,F). _The most « POS tags: The TnT tagger [58] (which does HMM-based
likely sequencer is found using the Viterbi algorithm during . . .

S . - L . POS tagging) is used to obtain POS sequeRctr a
testing! To avoid overfitting, similar to training the ME model, word sequencél’. The POS tagger was trained from two
we employed a Gaussian prior [53] with a zero mean to the LDC Treebanks, the Switchboard Treebank for CTS data,

5The ME toolkit is available from http://homepages.infamuk/s0450736/ and the Wall Street Journal Treebank for the BN data.
maxenttoolkit.html.

"The forward-backward algorithm would most likely be betbere, but it 8We describe these lexical features here rather than indPe@iA because
is not currently implemented in the software used [55]. these are used only for SU detection.

V1. SU BOUNDARY DETECTION
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« Automatically induced classes: Word class labels (wef the eventsPeog(E;|P), where P is the POS sequence
used 100 classes) are automatically induced from bigrararresponding to the word sequerigée This is then combined
word distributions [59]. with P(E;|W, F), the output from the HMM module, as

o Chunks: The chunks capture phrase-level informationdicated by the box “posterior probability interpolatfoim
(e.g., noun phrase, verb phrase). The chunk tags for tRigure 1:

BN task were generated using a TBL chunker [60] trained
on the Wall Street Journal Treebank. Binal(Ei|W, ) = AP(E;|W, F) + (1 = A) Peos( Ei| P).

y Out-of-domalr_l _corpora: In addition to the MDE-rq interpolation weight\ is tuned using the development
annotated training data released by LDC, we used auXst10 More details on HMM can be found in [63].
iliary text corpora that are not annotated precisely ac-
cording to LDC's annotation guideline, but are generally HMM
quite large. For example, we used the 130M word corpus

of standard broadcast news transcripts with punctuation :- -:
for the BN task, and the Switchboard Treebank data for i Word-LM i
CTS. Punctuation was used to approximate SUs for model | !
training. Word seqélengs : P(EIW,F) c
We used the prosodic features and the decision tree clasgi- il AIC-LM i =
fiers for the SU prosody model as described in Section V-A.2 i { g
We have previously conducted studies to evaluate different i i 2
sampling approaches for training better decision treequps ! ! > | Final
models [61]. Based on our prior work, we employ bagging ,! ! 5 |output
: . == ~IProsodit ! S
[62] (50 bags in our experiments) for prosody model training [, cd Prosody model i S
which has significantly improved SU boundary classification| ———* i ;
performance. We also examine the impact of different speake R L T T 4 i
turn identification approaches for SU detection. g
2) HMM Setup for SU Boundary DetectioRigure 1 shows L» T;@Eig POS sequencg POS-LM P(E|P)= .

the method used during testing to combine the prosody model
and .Vanous LMs. The r.eg|on Surrounded. l.)y the dOtt.e.d l.l 19. 1. Integration methods for the various LMs and the pdgsmodel in
box is the HMM, for which the state transition probability ishe HMM for the SU detection task. Word-LM is the word-base trained
obtained by combining three LMs: Word-LM, a word-basedsing the LDC training set. AIC-LM is the LM based on the auatically
LM trained from the LDC data: Word-LM-00D. a word-base induced classes. Word-LM-OOD is the word-based LM that aingd from
. . ' . ' qt:e out-of-domain data (i.e., data that is not annotatedrdoty to the same
LM trained using the out-of-domain corpus; and AIC-LM, th@nnotation guideline). POS-LM is the POS-based LM.
automatically induced class-based LM trained from the LDC
data (after mapping the word sequeréeto class sequence
C). All these LMs are hidden event 4-gram LMs. The LM 3) Features for the ME and CRF Models on the SU Bound-
probability of W; given its historyH; from these three LMs ary Detection TaskKnowledge sources similar to those used
in the HMM box is by the HMM are employed in the ME and CRF models, but
with a slightly different representation:
P(Wil ;) = oPaora(Wil H:) + fPaic (Wil Hi) ©) « Word: The word features include different lengths
+(1 — a = 3) Puord-ood Wil H;), of N-grams (up to 4) and different positional
information for a locationi, e.g., <w;>, <w;+1>,

where the subscript foP is used to indicate the LM type,
<Wj, Wig1>,  <Wwi—1,w;>, <wi_2,w;—1,w;>, and

and weightsoe and 5 are tuned using the development %et.
The probability from the interpolated LMs (as shown in ~ SWi Witl, Wit2>. _ . .
Equation (5)) is then combined with the prosody model as ® POS: Features capturing PQS mformatlo_n are similar to
shown in Equation (2). For the two word-based LMs (from those used for words, replacing Wor@é with tags F;.
the LDC training set and the additional corpus), interpotat ~ *® Chunk: We use the same combination of contex}s for
them is usually more effective than pooling the trainingadat chunk tags_ as used for words and POS tags. Th!s type
because it allows control over the contributions of theed#ht of fgat_ure IS “S?d o_nly_on the_ BN task because in our
SOUrCes. preliminary studies it did not improve performance on
The POS-LM is trained from the LDC training data (after the devellopment set for CTS.
tagging the word sequend& with POS tagsP). Since POS ~ * Class: Similarly to the word aqd POS N-grams, we also
tags cannot be obtained on the fly, during testing, we adopt a use featu.res from the a_tutomaﬂcal_ly |_nduced classes.
loosely coupled approach. For each word boundary, the POS? Turn: A binary feature is used to indicate whether there
based LM is applied via the HMM approach (without using is a speaker change.

the prosody model) to generate the posterior probabilities® Prosody: The prosody model is th_e_ Same as in the HMM.
We encode the posterior probabilities from the prosody

9In our experiments, for CTSx=0.45 and(3=0.45; for BN: =0.2 and
B8=0.2. 10) is set to 0.9 in our experiments.
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: . . TABLE Il
model into several binary features through thresholdln%uBOUNDARY DETECTION RESULTS(NIST SUERROR RATE IN%6) ON

in a cumulative fashionp > 0.1, p > 0.3, p > 0.5, p >

. F . RT-04F .
0.7, p > 0.9, with heuristically chosen thresholds. Thi e EVALUATION DATA SET

g . SU Boundary Error Rate (%
representation is more robust to the mismatch between the Models g R D)
posterior probability in training and test sets, since $mal REF | SIT | REF | STT
changes in the posterior value affect at most one feature BBaS?“”eH'RAM,\;I 39.70 | 46.76 | 73.74 | 79.39
. . aseline .
Even though I\/_IE_ does not prevent using contmuolus word LM + prosody (DS) 3320 | 4153 | 61.41 | 68.90
features, a preliminary study (see [63]) has shown that improved HMM:
using the posterior probabilities as continuous featwses| i all LMs + prosody (DS) 30.73 | 39.48 | 55.94 | 64.14
e : ; [ Improved HMM:
less effective in practice than cumulatively binning the “all LMs + prosody (bagging on DS| 28.84 | 37.47 | 52.23 | 60.64

Note that a jack-knife or round-robin paradigm is needed
to generate these features for the training set.

« Additional LMs: We include posterior event probabllltlesserveOI significant improvements when the speaker infoomati

from the additional LMs (obtained using the HMMis obtained from the speaker diarization results compaoed t

framework) as features, in a way similar to that for the _. . .
: . o . gsing automatic clustering. For example, for the BN refeeen
prosody model (i.e., cumulatively binning them using th

Sondition, SU detection error rate is 58.87% using autarnati
same thresholds).

) , clustering [44] compared to 52.23% using diarization aswsho
Our experiments (see [63]) showed that preserving all )¢ Tapje 1. Speaker diarization aims to segment speech by

features benefits performance compared to pruning featuggsaker and provides more appropriate speaker turn change
using information-theoretic metrics. There are about 4iomil 5 mation for the SU boundary detection task than autamat

features for BN and 5 million for CTS in both the ME and CRFspeaker clustering as used in speech recognition, in which

models. To date, we have not fully investigated compoungy, gitferent speakers can be merged into one cluster for
features that might be able to improve the performance Qﬁaptation purposes.

mod_el_ing the int_eraction among jointly in_formative fe_asur 2) Effect of Modeling ApproachesTable Il shows the
explicitly. We do include one such feature in Our experinsentres its for each of the different modeling approaches alone
that is, the combination of the decision tree’s hypothests agng in combination on CTS and BN. One combination result

POS contexts. is based on interpolating the HMM and ME posterior proba-
bilities (with weights of 0.5 for each). Another combinatio
B. SU Boundary Detection Results result is from the majority vote of the three approaches. The

For all the MDE tasks we trained the models using th@olkit we use for the implementation of the CRF does not
reference transcriptions (plus speech waveforms and mietadiave the functionality of generating a posterior probgbftor
annotation), and applied the models to both the referende &&ch boundary. Therefore, we do not yet combine the system
the recognition output conditions in the same way. All theutput via posterior probability interpolation, which wewd
results presented in the paper were obtained using the NISJpect to yield better performance. We will investigates tini
scoring tool md-eval-v20.pt. future work.

1) HMM Results:We first look at the HMM SU detection TABLE Ill

T?SU":S, since it is the most Commonly used apprOQCh n pr%U BOUNDARY DETECTION RESULTS(NIST SUERROR RATE%) USING
vious work. Table Il shows the SU boundary detection resultS \,,r0us MODELING APPROACHES ALONE AND IN COMBINATION

using the setup described in Section VI-A.2. For comparison cTS BN

we also report results from two baseline systems: one used REF [ STT | REF | STT

only the hidden event LM, without the prosody model; the HMM 28.84 | 37.47 | 52.23 | 60.64
; ; ME 27.81 | 37.39 | 49.60 | 58.60

other one used the HMM approach, in which a word-based oRF 5513755 4588 [ 5521

hidden event LM is trained USing Only the LDC MDE training AMM+ME combination 26:96 36:68 47:44 57:36

data, and the decision tree prosody model is trained from a | Majority vote combination| 26.43 | 36.26 | 48.21 | 57.23

downsampled training set (DS). From Table II, we observe
significant improvements over the baseline system by apglyi As can be seen from the table, on CTS using the reference

bagging in the prosody model and incorporating addition@}ords, the ME model performs better than the HMM, and
textual knowledge sources in the HMM. Table Il also sho e CRF achieves the best performance among the three
the importance of prosodic modeling (eg., cpmparing tesu pproaches when used alone. On the STT condition, the ME
frorg tlheAtI\lNoh ba_\sellne systems,hwnh _andh_wnhg:ﬂ a prosogy,q cRF models are more negatively impacted by word errors
mo e)._ t € |mp_roveme_nts shown in this ta € are Staliye cause of their heavier reliance on the textual informatio
tically significant with confidence level < 0.05 using the and so their gain over the HMM on the STT condition is

matched pair test described in Section II-C. negligible. For BN, the conditional models (ME and CRF)

Re_s“'ts reported in Tabl_e I.l us_ed speaker change informatl erform better than the HMM on both reference and STT
obtained from speaker diarization results [43]. We have o

onditions. However, the difference between the ME and CRF

11The scoring tool is available from http:/Awvww.nist.govésgh/tests/rt/ is margin.al, possibly bepause SUs ar_e generally Iong in BN,
rt2004/fall/tools/. so there is a smaller gain from modeling the event sequence.
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On CTS, the majority vote combination is not significantl
better than using the CRF alone on the reference conditic N  —— e
however, on the STT condition, the difference between ti 80 § CTSRef |
combined results and the CRF model is statistically siggific "‘,‘ AL
On BN, the combination of the three models always yields t 60 [ %
best result (significantly better than the best single modéle )
combined results from the HMM and ME are significantl
better than either model alone, and are comparable to !
majority vote results on the STT condition. The combinatio
of HMM and ME is better than majority vote on the referenc
condition, but the improvement is not statistically sigrafit.

There is a large performance degradation for both CTS a 51 S
BN on the STT condition compared to the reference conditio | ,
Generally, the LM is impacted more by word errors than tF N ‘ ‘ ‘
prosody model [63]. The degradation is greater on CTS th o e A probabiy (nogy O
on BN because of the higher WER on CTS. Also notice th..

,the SU error rate is generally higher.on BN than on CTS. This . 2. DET curves for SU boundary detection on both REF and ST

is partly because the performance is measured per referegggitions for CTS and BN.

SU event, and on BN the percentage of SUs is smaller than

on CTS as shown in Table I. On the other hand, this also o ) _
suggests that detecting SUs on BN is even harder than orfN€ top left box in Figure 3, shown with a dashed line,
CTS (relative to the chance performance in each domain)."fPresents a two-way c_IaSS|f|cat|on _model for IP detgctlon
conversational speech, there are many backchannels and ¥##hd the HMM. The LM is a 4-gram hidden event LM trained
person pronouns, which are very good cues for SU boundarit@M the LDC training set. We trained a decision tree prosody
for BN, sentence initial and final words are quite variabld afmodel to detect IP and non-IP boundaries using a downsam-

thus the data tends to be sparse. In addition, speaker chaPi§8 training séf to better capture the characteristics of the
information is more reliable in CTS than in BN. infrequent IPs. The prosodic features used for IP detection

trates the missed versus false SU detection error for a rakgterence transcription condition, all the word fragmests

of operating points on a DET curve for the reference arlf hypotheses. _

STT conditions for CTS and BN. Results are a combinationA word-based LM can learn only certain frequently oc-
of the confidences from the HMM and ME systems, whef@irring disfluencies from the training data and tends not
the confidences were available. The curves for the STT outp@tgeneralize to other related disfluencies involving défe

level off at a high missed detection rate because of delketigpfords. To address this issue, we have modified the word-based
in recognition output; boundary events after deleted wargs LM to account for repetitions [64]. In addition, in the rejtien
always “missed” in this scoring framework. The CTS detettiodetection module, we predefine some cue words that tend to
performance is always at least as good as that for BN ovepP& SUs and so should not be considered to be edit disfluencies
range of operating points, with dramatic differences at loépuch asuhhuh uhhuhj. _

false alarm rates. At higher false alarm rates, the missed SUVe use a simple rule to resolve the conflict of an IP hy-
detections are mainly due to STT deletions and differencB8thesis and an SU boundary hypothesis for a word boundary.

90

40 f

20 |

Miss probability (in %)

10

across tasks become insignificant. If the posterior probability of the SU hypothesis is greater
than a threshold (0.85 in our experiments), we keep the SU
VIl. EDIT WORD AND IP DETECTION hypothesis and remove the IP hypothesis. Otherwise, we keep
A. Edit Detection Approaches the IP hypothesis.

For edit disfluency detection, we need to identify where the The “_knowledge rule_” box |n_F|_gure 3 uses the IP hpr’the'
edit region starts and ends, or in other words, all the wor§€S @S input, and applies heuristic knowledge to deterrhie t
in an edit disfluency. Since speakers are still fluent at tf&tent of the reparandum in a disfluency (i.e., output whteee t
starting point of an edit disfluency, it is likely that thereea €dit disfluency starts). Linguistic studies (e.g., [65]pgest
no acoustic or lexical cues at that location, but there shoJat people tend to start from the beginning of a constitirent

be cues at the point when the speaker interrupts his or KEPetitions or revisions (e.g., repeating the function dspr

speech. Therefore, we use these features in our modelsgto H&l! €xample, a revision disfluency may be red a blue

identify interruption points, which indicate the end of gl Ca" - If an IP is correctly hypothesized at the interword
edit disfluencies. boundary betweenréd ” and “@”, that is, “a red (IP) a

1) HMM: Our HMM approach first uses prosodic andlue car”, then we can search backward to find whether the
lexical features to detect the IP and then uses knowledg@me word as the word after the IRa( in this example)
based rules to locate the corresponding reparandum orrset s occurred before the IP and thus determine the onset of
th? hypothesized IPs. Figure 3 shows a system diagram fofye gig not use bagging for IP detection because we did notrebse
this method. significant improvement in a prior study [63].
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HMM
S i
Speech ! 1
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| LProsody [ p hypothese Knowledge| Reparandum
| L ]
ipti 1 rules
Human transcri tl_(ml Word-LM H g_
or ASR output | 1 L, _ =
[ | .| Union _>OE
c
Repetition Repetitions iT
pattern LM (Reparandum)

Fig. 3. System diagram for edit word and IP detection.

the edit disfluency. We stop searching backward when an SU IP detection module. The posterior probabilities are
hypothesis is met or the number of edit words is greater than a  discretized by cumulative binning, as described in Sec-
predefined threshold (6 in our experiments). The “union” box  tion VI-A.3 using the same binning thresholds.

combines the ouftput from repetition detection and the HMM- 3) CRF: The CRF approach used for edit word detection
based IP detection followed by the rule-based reparandys gesigned to find the entire region of the reparandum,
onset detection algorithm. . o imilar to the named entity recognition task [57]. Each word

2) ME: In the ME aPproaCh' first an ME classifier IS US€Ras an associated tag, representing whether or not it is an
for a 3-way class_lﬁc_atlon: SU, IP, or NULL. Then SlrT"laredit word. The classes used in the CRF edit word detection
to the HMM, heuristic rules are used to determine the on

i proach are the beginning of an edit (B-E), inside of an edit
of the reparandum. By using three target classes, we Gafky “each of which has a possible IP associated with it (B-

potentially _gain from join_tly modeling the SU and IP eventse, p or I-E+IP), and outside of an edit (O), resulting in five
Take“that is great. that is great’as an example. These Al&tates, as shown in Table IV. The following is an example of

two SUs, r_ather than an edit disfluency, even _though the Woéd[ranscription excerpt together with the class tags usdioein
sequence is repeated. In the HMM, we predefined some wo E edit word detection model:

that should not be considered as edits even though they are

repeated, whereas the probabilistic ME model is able tanledr * work * uh i’man anal yst
these kinds of cue words, together with other features, frofE+IP |-E I-E*xIP O O O O

the training set and thus model them more elegantly. Alse not

that in the heuristic rules, the system’s SU hypotheses frand i t got * it got real rough

the ME model itself are used when determining the onsetola B-E I|-E+¢IP O O O (@]
reparandum based on the IP hypotheses; therefore, a separat . _ .
SU detection module is not needed. For the HMM approach te that IP_S are mglud_ed in the tar_get glass When using the
have also investigated using a 3-way classification approa RF for edit detection in order to identify the internal IPs

however, it turned out to be less effective, possibly beeau|§lside complex edit disfluencies. For exampld,Work” in the

IPs are rarer than SUs and the HMM is less able to uti”zag)ove example is the reparandum in a complex edit disfluency,

textual features (as used in the ME model) for IP detection\."’Ith an internal IP after the first "

The features used in the ME model for the SU/IP/NULL TABLE IV

detection task are as follows: _ _ _ STATES AND TRANSITIONS USED BY THECRFFOR EDIT WORD ANDIP
A All the features used for SU detection as described inyerecrion. THE cLASS TAGS ARE THE BEGINNING OF AN EDIT(B-E),

Section VI-A.3. INSIDE OF AN EDIT (I-E), EACH OF WHICH HAS A POSSIBLEP
B Repetition information. At each word boundary* this ASSOCIATED WITH IT (B-E+IPORI-E+IP),AND OUTSIDE OF AN EDIT
feature represents whether there is a repeated word (0).
Sequenc_e (as _many_as three words) that e_nds at tq'%ttate Notation Meaning Possible state destinations
point, with optional filler words allowed starting from—p 0 outside edit O, B-E+IP, BE
that point. 1 B-E+IP | begin edit with an IP O, I-E+IP, I-E
C Fragment information. This feature represents whether a 2 B-E | begin edit IE+IP, I-E
word is a fragment. Only in the reference transcriptiop i "'I_:_E'P 'ns'd?n(;?&tevggi‘tan Pl _O. B'EELF:’P"'EE'P’ LE
condition can this feature be triggered. In the speech
recognition output condition, no word fragment infor-
mation is available. The CRF model is able to learn valid state transitions from
D Filler words. This feature represents whether there iSge training data, for example, state 0 cannot transit tte sta
predefined filler phrase after a word boundéty. 3 or 4. All of the possible states that a state can go to are

E Prosody model posterior probabilities. This is obtaineghown in the last column of Table IV. An advantage of the
from the same prosody model as used in the HMMRE method is that it is a probabilistic model capable of
13This is not from the filler word detection results; rather,ist bf cue representing the information captured by the heuristiesul
words is used. used by the HMM and ME approaches.
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Features used in the CRF method are the N-grams of word#\lso note that an important feature for edit word and
and POS tags, speaker turn change (as used in SU detectitih)detection is the occurrence of word fragments, which is
and all the features used by the ME IP detection model thatovided in the reference condition but is unavailable ia th
are not used for SU detection, that is, features (B) throigh (STT condition. The severe performance degradation in the
as described in Section VII-A.2. STT condition is partly due to the unavailability of such
word fragment information, as well as word errors in the edit
disfluency region. A preliminary study [66] has shown that
there are some acoustic-prosodic cues that can be effigctive

The different models for edit word and edit IP detectiofised for automatic word fragment detection, so in futurekwor
are compared in Table V on the CTS data using the NISje will attempt to incorporate those features.
error rate. For the reference condition, the CRF is better at
finding edit words, but poorer at IP detection compared to the VIII. FILLER WORD DETECTION
HMM or ME methods. This is most likely due to how the Presently, our system detects only filed pauses (FPs) and
models are trained: the HMM and ME systems are trained éo Y, our sy ty fiiled pau

. [scourse markers (DMs), not explicit editing terms beeaus
detect IPs, but the heuristic rules used may not be as aecurﬁ .
they are extremely rare events (fewer than 0.1%). For filler

at finding the correct onset for the reparandum. The CI:u:vl\/s()rd detection, we evaluated only the HMM boundary detec-

trained to jointly c_zletect the edit wqrds and IPs and thus_ m%n approach. The HMM first detects the filler word boundary,
not be as well trained for IP detection. On the STT condition . .
d then looks backward to find the onset of the filler word

we observe that the CRF outperforms both the ME and HM ring based on a predefined list of possible filler words.

for both the edit word and edit IP tasks, suggesting that t (lance filled pauses are only single words, we need to identif
CRF degrades less on this task for the STT condition. P y sing ' Y

only the start of the filler words for discourse markers. We

B. Edit Detection Results

TABLE V hypothesize that FPs and DMs are quite different phenomena,;
RESULTS(NIST ERROR RATE IN%) FOR EDIT WORD ANDIP pETECTION,  therefore, we use a separate model for each. For each of the
USING THEHMM, ME, AND CRF APPROACHES ONCTS. FP and DM detection tasks, a prosody model is trained from
TS a downsampled training set, using the same prosodic feature
Approaches]  Edit word Edit IP as used for the SU and edit IP detection tasks. 4-gram hidden
REF | STT | REF | STT event word-based LMs are used, in which the events are the
H&"g' ggég g‘;:gé gg:g‘l" ;g:gg end boundary of an FP or DM, respectively.
CRE 51.49 | 79.80 | 37.23 | 74.35 Table VII shows the results for filler word detection. Again,

performance degrades significantly in the STT conditior. Fo

Table VI shows the results for the BN corpus, using ththks such as filler word detection, which strongly depend

HMM and the ME approaches. A CRF was not used for t on word identity, inaccurate STT output severely affeces th

BN data because disfluencies are rare in BN, so there is a s performance. In related experiments [63], we found tha

a . : : . .
sparsity problem. The ME approach yields better results faﬁre effective prosodic features for filler detection areteui

both edit word and IP detection than the HMM., in contra ifferent from those for SU detection, for example, dunatio

to the CTS corpus. Performance degrades severely in the :?Er.tures_ (e.g., word Iengthenlng) are gsed more frequamtly.
" . s g he decision trees for filler word detection than for SU oit edi
condition compared with reference transcriptions, witargér

error rate increase than that observed for the CTS edit Wodrlgﬂuency detection.

and IP detection tasks. TABLE VII
FILLER WORD DETECTION RESULTS(NIST ERROR RATE%) FORBN AND

TABLE VI
RESULTS(NIST ERROR RATE IN%) FOR EDIT WORD ANDIP DETECTION CTS,ONREFAND STTCONDITIONS.
USING THEHMM AND ME APPROACHES ONBN. Conditions | Error Rate (%)
REF 26.98
_BN , CTS [ STT 4166
Approaches|  Edit word Edit IP REE 18.11
REF STT REF STT BN STT 56.00
HMM 4480 | 91.66 | 33.62 | 91.81
ME 42.62 | 89.60 | 30.72 | 88.91

We observe from the table that the edit detection error rate IX. EFFECT OFWE_R _
on BN is not worse than CTS for the reference condition, evéh Effect of WER across SU and Edit Word Detection Tasks
though the percentage of edit words is much smaller on BNAs we have already observed, there is a decreased accuracy
than CTS, which significantly affects the denominator used for the MDE system when testing on STT output compared
the performance measure. This suggests that, for the nefereto human transcriptions, largely due to recognition errors
condition, edit word detection is an easier task on BN than do understand just how much WER affects performance,
CTS. This makes sense since many of the disfluencies in Bl consider STT output from different recognition systems.
are simple repetitions, whereas disfluencies are more emprlable VIII shows SU and edit word detection results using
in CTS. different STT systems on CTS and BN corpora. We chose to
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focus on the SU and Edit detection tasks here because thgpothesis, and SU/non-SU events were inserted into thd wor
are more challenging than filler word detection. The WER fatream at each word boundary with their respective posterio
each STT system is indicated in the table. For comparisgrpbabilities. The resulting hypotheses were then contbine
we also show results when using the reference transcriptiomto a single word confusion network [68},using only the
which has essentially a 0% WER. The SU detection systemcognition scores so that the single best word stream thus
is the majority vote of the HMM, ME, and CRF models. Thebtained was not changed by adding the SU events. The SU
edit word detection system is the CRF model for CTS, araVents in this network had probabilities based on a combi-
the ME model for BN. nation of predictions from individual sentence hypotheses
each weighted by the recognizer posterior for that hypdghes
Choosing SU events based on these probabilities gave a small
reduction in SU error rate, but gains were not statistically
significant, and there was no opportunity to improve ASR

TABLE VI
SUAND EDIT WORD DETECTION RESULTS(NIST ERROR RATE IN%) FOR
CTSAND BN, ON REFAND VARIOUS STT CONDITIONS. STT-1AND
STT-2ARE TWO DIFFERENTSTTOUTPUTS AND THE WER (%)FOR

performance.
THEM IS SHOWN IN THE TABLE. . .
_ : To consider a larger number of word hypotheses and with
Conditions WER | SU boundary| Edit word .. . . "
REE 5 5673 =149 the hope of positively impacting recognition performanae,
CTS [ STT-1| 149 36.26 79.80 investigate here lattice-based joint decoding of words$idd.
STT-2| 186 40.27 80.55 To simplify the implementation, only the HMM SU framework
REF 0 4821 42.62 : d. First dic feat tracted i
BN ST 117 5753 3960 is used. First, prosodic features are extracted over altisvor
STT-2 | 15.0 60.40 91.40 the lattice, and then prosodic posteriors from the decisies

are attached to each possible boundary position (after each
. ) ] word). The probabilities for each of the SU LMs in the HMM
Comparing the results using the reference transcripts gR@del are also associated with each arc in the lattice. Rgnni
STT outputs, we find that word errors have a more negatiygs forward-backward algorithm on the lattice, with the sam
impact on edit word detection than on SU detection and thgtore combination weights as in independent recognitieh an
generally system performance degrades to a relativelft@reasy gecoding, we obtain SU and non-SU posteriors for each
degree when using a less accurate recognition output; lWey,orq houndary in the lattice. The resulting log posteriams a
the relationship between WER and structural event detectigseq in joint word and SU decoding, with a tunable weight
performance appears to be nonlinear, especially for edil Wqo the SU scores. The use of SU posteriors (that sum to one)
detection. For edit word detection, better STT accuraciesiner than the separate SU-related scores is important for

improve performance only slightly, and there is a large 9asyring that word posteriors (as computed by the forward-
between using the best STT output and the reference conditigs ckward algorithm) are unchanged.

This suggests that for STT output, more errors may occur inThe plot in Figure 4 illustrates the tradeoff in SU error
the region of edit disfluencies, and thus the word errors baveg,q WER as the weight on the SU posterior is varied in STT
greater impact on the edit word detection task. Also retai t decoding, for the CTS task. As the weight of the SU score
an important difference between the reference transoriptis increased relative to the other STT scores (e.g., agousti
and STT output for edit word detection is whether or not WOfEIM, pronunciation), the SU error decreases, but it evehtual
fragment information is available. The lack of word fragmen,g,;ses a degradation in WER. Unfortunately, only smallgain
knowledge in the STT case greatly impacts edit word detectigre optained before causing a degradation in WER. To better
performance. Word errors in different positions may havgnderstand this result, we analyzed confidence estimates fo
different levels of impact on SU detection as well. Intll,  sys and words to determine whether the SU detection scores
sentence initial and final words have a greater effect on thg, causing problems. As it turned out, the SU posteriors are
system performance for SU de'Fection. In add_ition, deletiq@|ative|y good estimates of confidence of an SU, but the
errors in STT output are more likely to occur in short SUgyorg confidences are optimistically biased (i.e., highemth
such as backchannels, and so would have a more severe imggctrequency of correct words). We conjecture that this bia
on SU detection than other deletion word errors that occur #3,1d be one reason for the lack of benefit to SU performance

the middle of an utterance. from considering different recognition hypotheses. Thet fa
_ _ that SUs provide no benefit to recognition performance may
B. Joint Word and SU Decoding be due to their relatively high error compared to recognitio

Speech recognition errors limit the effectiveness of Serror rate, but it may also be the case that a more sophesticat
boundary prediction, because they introduce incorrecdsorintegration of SUs and language modeling is needed.
to the word stream. As our experiments have shown, SU
boundary detection error rates increased by roughly 20% and X. SUMMARY
40% relative, for BN and CTS respectively, when moving We have described our modeling efforts for rich transcrip-
from the reference transcript to recognition output. ldahg tion of speech and shown the MDE performance of a state-
additional recognizer hypotheses may allow for altermatiwf-the-art system. We have investigated various knowledge

word choices to improve SU boundary prediction.
P yp 14A confusion network is a compacted representation of a waittité or

In [(_37]’ we eXplored the use of N-best hypOtheseS in SIldj-best list that is essentially a series of slots with a setvofd hypotheses
detection. The HMM (or HMM+ME) system was run on eacland null arcs) and associated posterior probabilities.
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the interaction among the various knowledge sources. Iir add
tion, we plan to generate posterior probabilities for ameie

the CRF model for more effective system combination. Given
the results of Johnson et al. [69], we also plan to investigat
methods to incorporate more syntactic information into our
models for edit detection. For filler word detection, we plan
to build word-dependent prosody models for discourse miarke
words such asso” and“like” .

To further improve MDE performance, we will continue to
search for better features and modeling approaches that are
more discriminative and robust to speech recognition srror
We will also investigate how to make use of unlabeled or
partially labeled data. Another future direction is to depe
a unified framework that can detect various metadata events
jointly, instead of building a separate model for each event

sources and modeling approaches for different tasks in bothautomatic detection of structural events can enrich speech
conversational and broadcast news speech, using both fgtognition output, improve human readability, and aid dow
erence transcriptions and speech recognition output. A sigream language processing modules. Investigating thadmp

nificant difference between corpora and speaking styles WafSstructural event detection on downstream applicatisash
observed. Prosodic and textual information showed dllffere;as parsing, machine translation, summarization, and rirdier

strengths across models and tasks. For SU detection, yj¢ extraction, is also an important future direction.
have shown that prosodic model performance was greatly
improved by using bagging to build more robust classifiers fo ACKNOWLEDGMENTS

probability estimation, and that different textual infation
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