Sentence Unit Detection without an Audio Signal

William Morgan*

1 Introduction and motivation 2 CRFs

Sentence unit (SU) detection is the task of dividlxilézznw&r:r& r\‘/ S,\;IESSZTSG(HUMn:ASefSCtEES Sr?jeﬁs_ed
ing a sequence of words into individual sentence:ls. model. (Shriberg et al., 2000: Renals and éo-
SU detection is a close relative of sentence boun 6?1 2000'.Christen§en ot e;I 200_:L' Kim and Wood-
ary detection, which has been a topic of study irI]an(’j 20011) Recent experirr.w’ents \;vith CRFs, how-
the computational linguistics community for over a_ "’ I '
decade. (Palmer and Hearst, 1994; Reynar and R§¥e“ have shown they can exhibit better perfor-
na arkﬁi 1097) ’ » ReY mance on the SU detection task than HMMSs or max-

P T N imum entropy approaches. (Liu et al., 2005)

SU detection is specific to the context of auto- A CRF is an undirected graphical model of repre-
matic speech recognition (ASR) systems, which typsenting an event sequengeglobally conditioned on
ically produce an unstructured sequence of Wordg, ghservation sequenée CRFs are naturally ap-
from an audio signal, and must then recover lateffiicaple to many problems to which HMMs have tra-
structural features in the signal such as word Casfitionally been applied applied, but unlike HMMs
(_“true-_casing”) and sentence boundaries (“SU deteGihich maximize the joint distributionP(E, O),
tion”) in order for the output to be ready for humancrrs directly maximize the posterior event proba-
consumption. Recent efforts by the DARPA EARSjjities P(E|O).

program (Office, 2003) to improve ASR quality has  The most likely sequence of events in a CRF is
renewed interest in this problem. given by

Work on SU detection in modern ASR systems
typically takes in to account the full set of fea- B exp (3o, \Gr(E,0))
. L . = arg max
tures available from the audio signal. Features like E Z)(0)
prosidy, voice quality, and even (in the case of multi- _ _
modal systems) visual cues like gestures have ailhere G.(E,O) are potential functions over the
been shown to be informative in deciding on sen€vents and observations, aufi a normalization

tence boundaries. (Liu et al., 2005; Stolcke et alterm. In general thé& can be any functions, but

2004) in many cases (including ours) it is computationally
In this study, we apply conditional random ﬁeloISbeneficial to restrict oneself to a first-order CRFs, as
(CRFs) to examine the feasibility of detecting Sen(_axemp!lfled by Figure 1. )

In this paper we use the Stanford NLP CRF im-

tence boundaries directly from text, i.e. without the s
corresponding audio signal. These results act asp}iementatlon.
baseline, suggesting the true usefulness of featurgs Data
extracted from the audio and video for SU detection.

Our data was drawn from the NIST RT-03 evalua-
No collaborators or advisors. tion, LDC publication LDC2004T12. (NIST, 2003)




,,,,, e e ° 5 Metrics

In evaluating a system for SU detection, it is likely
that one is concerned both with type | and type Il
errors. We measured system performance using pre-
cision and recall, which capture both these types of

o o o errors. In our case, they are defined as

__ #correctly marked as SU

Figure 1: A first-order CRFE represents the events P= # marked as SU
(sentence boundary or not) andrepresent the ob- and
servations (the words of ASR output). _ #correctly marked as SU

# SUs in the corpus

This corpus consists of 474 human-edited transcrip- ON€ Pléasing feature of these two metrics is that
tions, 172 drawn from broadcast news and 30§{hl|e either may be gamed individually, it is impos-

drawn from conversational speech, altogether confiPl€ t0 game both simultaneously. In our case, pre-
prising of 661k words. Of this, approximately 20%CiSion may be gamed by tagging only the first word

was set aside as test data. The remainder was u¥dhe test setas a SU, and not tagging anything else,

as training data. and recall may be gamed by tagging every word as
an SU, but having high scores in both requires a tag-
4 Feature extraction and modeling ger of both high accuracy and large coverage.

It is often convenient to combine these two scores
The CRF “event” for SU detection was encoded amto a single number. Typically this is done by the
a boolean value for each word in the training datsharmonic mean, or f-measure:
specifying whether that word was at the beginning 9PR
of a sentence or not. PR
The transcript data contained, for each word of N
speech, the lexeme (written representation), sta]rjt";tu't'vely’ as P approachesr, " approaches
time, duration, and speaker identification. From & and as they divergd; approaches 0.
these attributes we extracted the following feature% Results
the lexeme (lower-cased, to prevent confounding
from case information), the duration, the delay sincdable 1 gives the result of the experiments. Some-
the prior word (if any), whether a speaker changwhat surprisingly, neither the part-of-speech tags
had occurred. (“+pos”™) nor the language model (“+lm”) signifi-
Two additional sources of information werecantly affected the performance of the system as
added. Part-of-speech tags for each word were deempared to the baseline. For comparison, three
termined by the Stanford NLP part-of-speech taggesystems which randomly assign SU or not-SU tags
a bi-directional CMM tagger. to each word are given. It is clear that while the
Additionally, a bigram language model was builttrained systems far exceed these in precision, the dif-
from a portion of the the LDC English Gigaword ference in recall scores is much lower.
corpus (LDC publication LDC2003T05). The lan- Figure 2 shows the f-measure of the baseline sys-
guage model was based on 211 million words ofem on both training and test sets as a function of
English text, and simply estimated, for each wordraining set size. Near-maximal scores are obtained

w;, the probability P(w; is the first word in a with fairly small training set sizes ( 50 documents),
sentenclu; ). suggesting that more work on feature extraction is
- needed to improve scores.

1Broaqlca_lst news and conversational speech have different Figures 3 and 4 show the precision, recall and f-
characteristics; we mainly ignore this, but do try to cohton fthe b l t the test and trai
it by drawning samples from the training corpus proporttetya _measure orthe ) aseline S_ys emonthetestan ra'n'
from both types. ing sets respectively. Again, we see that by the time
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Figure 2. Training vs test set performance (ffigure 4. Precision, recall and f-measure of the

measure) of the baseline system. baseline system on the training set.

87 o0 OO 000 0---0---0- -0 System Precision | Recall | F-measure

0 S S baseline 79.10| 64.49 71.05

R R +pos 78.96| 65.45 71.57
§8q°° +Im 78.74| 65.76 71.67
. _ |justldoc |  76.65] 49.82] 60.39 |

— Fmessre random 50%|  11.89] 49.40 19.16

1y ; ; ; : random 10% 11.87| 9.80 10.74

° random 1% 11.40| 0.95 1.75

training set size (docs)

Table 1: Results of training the CRF to perform SU
Yetection. The baseline system has neither part-of-
speech tags nor language model probabilities. “Just
1 doc” is identical to the baseline system but is only

the training corpus contains 50 documents, we hajgained on one document. The “random” systems
achieved the vast majority of our final performanceSimply assign a SU tag to each word by flipping a
These graphs also highlight the fact that the system@in weighted with the respective probability.

errors are primarily those of omission, not of incor-

rect labelling. .
o garison urposes, Liu et al. (2005) reEected about 65% of the possible SUs. However,
P purp ’ : the fact that test set performance reached most of

113 M . ” 0
port a “boundary classification” error rate of 5.43 /oIts maximal value with only 50 documents suggests

when training a CRF without using only textual fea- . .
. need for better modeling and feature extraction. It
tures; i.e., the system correctly labelled 94.57% of . . )
. IS likely that features from the audio stream itself
the words as either SU or non-SU. Our error rate b " Co
. . ould improve these scores significantly.
the same metric is 5.67%, which is roughly compa- " h o h ither the |
rable (they trained on the same corpus). They used Itis somewhat surprising that neither the language

several other textual features (such as automaticallgn()dheI nor the parft—of—speech tagger rl‘(a_d anydef:ject
derived word classes) that may account for the difPh the system performance. More work is needed to

ference. When they added prosodic features, théfderstand this. One approach would be to exam-
error rate went down to 3.47%. ine individual errors and compare the features and

feature weights involved to see if the source of the
errors can be pinpointed.

One interesting question still unaswered is the
Baseline system performance was a respectablegerformance of the system on actual ASR output.
measure of 71; specifically, approximately 80% oflhe data used in this study was exclusively human-
the labels the system made were correct, and it dannotated and thus did not have the characteristic er-

Figure 3. Precision, recall and f-measure of th
baseline system on the test set.

7 Conclusion and Future Work



rors of ASR output, which will likely have a negative
effect on system performance.
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