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Abstract a faithful transcription of conversational spoken language,
. ) we consider the potentially easier but still useful goal of es-
We report the results of a study on topic Spotting  imating the topic of the conversation from among a fixed
in conversational speech. Using a machinelearn- ot of possible topics. As an example of a potential appli-
ing approach, we build classifiers that accept an  44ion of this topic spotting task, we are building a system
audio file of conversational human speech as in- 3 meq EnE (for “Eyes and Ears”) that will reside in a cof-
put, and output an estimate of the topic being dis- g ygom at AT&T Labs and will include a PC, microphone,
cussed. Our methodology makes use of a well- - jjeq camera, and other sensors and actuators. We want the
known corpus of transcribed and topic-labeled gy gtem to learn to interact in simple yet natural ways with
speech (the Switchboard corpus), and involves  na community of humans in its environment. As such, EnE
an interesting double use of theoOBSTEXTER must have an appropriately high-level internal representa-
learning algorithm. Our work is distinguished tion of the current state of the environment. To complement
from previous efforts in topic spotting by our ex- other features we have designed, we would like to include
plicit study of the effects of dialogue length on features that can provide even coarse and noisy estimates

classifier performance, and by our use of off-the- ¢ yhe cyrrent topic of conversation, leading us to under-
shelf speech recognition technology. One of our take the work we describe here.

main results is the identification of a single clas-
sifier with good performance (relative to our clas- Topic spotting has been the subject of several previous
sifier space) across all subdialogue lengths. studies. Like many earlier works, we use the Switchboard
corpus of conversational speech (Godfrey, Holliman, &
McDaniel, 1992). This corpus consists of audio files and
text transcriptions, labeled by topic, for roughly 2500 spon-
taneous telephone conversations on topics such as music,
While significant advances have been made over the lastooks, movies and sports. A partial transcription of such a
two decades in automatic speech recognition (ASR) irconversationisin Table 1. We address the problem of learn-
controlled acoustic environments, major challenges remaimg, from Switchboard corpus training data, a classifier that
for ASR in noisy environments and conversational speechaccepts as input only an audio file (and no text transcript),
such as everyday human-human dialogue. For exampl@nd outputs a topic label.
while speech recognizers achieve word error rates as low Bur interest in eventually in i | dcl
7.8% for read speech in quiet environments, such as news,. . y Incorporating our fearned cas-
. sifier into the EnE system places some constraints on our
broadcasts (Pallet, et al., 1999), the best recognizers far, . . ;
. . study and solution that may be of independent interest.
conversational speech over the telephone achieve word er-

ror rates around 36% (Martin, et al., 1998). It seems Iikte'ElrSt’ our desire for the EnE system to be able to form

: L : gven crude estimates of topic from ever-shorter fragments
that highly accurate transcriptions of conversational speechs . versation (osubdialogue® has led us to undertake
will be beyond ASR technology in the near term. However, 9
even noisy ASR transcripts may be of value for a variety of  'We want the EnE system to form topic estimates from short
natural language problems. subdialogues in order to make natural and timely conversational

. contributions—for instance, giving the score of a recent game if
This paper reports the results of a study on the problenit detects that the topic is sports.

of conversational topic spottingRather than striving for

1. Introduction



parameters (which include the way the Switchboard data

Table 1.Verbatim transcript of the first 10 turns of a Switchboard e .
i . . o ) are segmented for training, and the size of the grammar
conversation on the topic Music. As described in Section 2, we re-

move the first five turns (marked with asterisks) from the training/€2/n€d for the ASR) on classifier accuracy; and anew topic
and test data, since they often “give away” the topic. spotting algorithm using off-the-shelf technologies like the
BOOSTEXTER classifier and the WrsoN ASR system.

*A.1:  [Laughter].

«B.2:  Uh-huh, 2. Methodology and Algorithms

*A.3:  Um, | guess we're supposed to talk about music.

«B.4:  Okay. This section describes both the data used to train and test

*A.5:  And, uh, let me go ahead and push one here. | . . A .
[tone] Uh, do you ha-, are you a musician our topic spotting classifiers and our learning algorithm. It
yourself? i i i

B6:  Uh well. | sing. begins with a summary of the Switchboard corpus.

A.7: Uh-huh.

B.8: | don't play an instrument. ;

A.9:  Uh-huh. Where, do you sing in, in a choir or 2.1 The Switchboard Corpus

a choral group? . .
B.10:  Oh, not right now. To create the Switchboard corpus (Godfrey, Holliman,

& McDaniel, 1992), an automated system prompted the
two participants in each telephone conversation to discuss,

in unrestricted conversational English, a designated topic

a systematic study of the effects of decreasing test set Co?r-om a set of approximately 70 topics. For our experiments

versation length on classifier accuracy. To our knowledge, . :
all previous topic spotting studies on the Switchboard Cor_wfe“seleﬁte?k%o tf?plcs that seemgzq reprt;al_sentatwe \o/\f/the type
pus have measured classifier accuracy on full conversatiorgs slme:jl t% do hen encountqre '? pu |charea§. e rgl_n—
only. Second, since we are not speech recognition spe-omy lvided the conversations for each topic into dis-

cialists, we incorporated “off-the-shelf” ASR technology joint training, validation, and test sets, as shown in Table 2.

o o Note that this resulted in zero counts for a single category
rather than buildin ialized ASR ms for th ( L .
ather than building specialized ASR systems for t etaskm both the validation and test sets.) The Sports topic forms

Third, the desire for real-time interaction induces a bias e majority classi3%) over all the data, which serves as
towards faster performance, even at the possible expen%la Jority ¢ o . '
ur classification accuracy baseline.

of classification accuracy. Finally, we selected a subse?
of Switchboard topics with the coffee room target environ-

ment in mind. Table 2.Counts of conversations by topic in the training, valida-

Our learning algorithm involves an interesting double usetion, and test sets, obtained by random division of the full data set.
. - The Sports topic combines conversations on Football, Basketball,

of the BOOSTEXTER algorithm for document classifica- e :

. - . . . Golf, and Baseball, and forms the majority class, accounting for

tion (Schapire & Singer, 2000), combined with thext/ 38/292 — 13.0%.

SON ASR system (Sharp, et al., 1997), both developed at

AT&T Labs. Our results show we can identify the topic

on complete Switchboard conversations with a classifica- TOPIC TRAIN  VALID  TEST

tion accuracy of 45% (versus the majority-class baseline of

13%)2 Furthermore, our results on the newly defined sub- ESS;S@E‘&;&E?:L%ZE %g g 2
dialogue problem establish a baseline for topic spotting on  £aviy LiFe 27 3 1
smaller segments of Switchboard conversations. We show Movies 26 4 7
that we can achieve topic classification accuracies ranging Music 25 3 3
from 2% to 32% absolute improvement over the majority- PETS 25 S 2
class baseline, depending on subdialogue length, and that, EEE'TZE‘:’Q;?SSD' COOKING ig f g
as expected, the topic classification problem becomes more \y e arHer AND CLIMATE 17 0 4
difficult as subdialogue length decreases. One of our main SporTs 31 5 2
results is the identification of a single classifier whose per- Total 234 29 29
formance is competitive (within our classifier space) across

all subdialogue lengths. In addition to audio files, each five-minute conversation has

The main contributions of this work are the first study of @ verbatimtext transcript produced by paid human listen-
the effects of test conversation length on topic classifica€rs, as well as a label indicating which topic the participants
tion accuracy; a careful analysis of the effects of algorithmwere prompted to discuss. Thus, each conversation in the
- Switchboard corpus may be viewed as a triple: the audio

?Direct quantitative comparison of our results to earliertopic____
spotting studies is difficult due to the experimental differences 3The termverbatim distinguishes these transcripts from a
stemming from the EnE constraints described above. noisy version discussed shortly.



of the conversation, an accurate text transcription, and the AR P%%;ﬁ'éﬁg‘r; Generic
. . . . ase One) coustic Mo
topic label. While our learning algorithm takes advantage

of the verbatim transcripts, (as have previous approaches i \L
to topic spotting) the topic classifiers we learn classify con-
versations based only on the audio data. - ASR Asé_l'?;é%%ript -
. . . . . . Audio File ASR (Phase Two) Topic
Since one of our main objectives is a systematic study Transcript Weights

of the dependence of topic spotting performance on the

length of the conversation being classified, we augmenteéigure 1.Simplified representation of the components of our two-
the Switchboard data by dividing the audio data of the vali-stage topic spotting classifiers.

dation and test sets insubdialoguesf decreasing lengths

(full conversations, halves, quarters, and so on), thus cre-

ating six distinct subdialogue lengths for measuring classiTable 3.Excerpts from an ASR transcript for the conversation in
fication accuracies. As we move to shorter subdialoguedable 1. The ASR has successfully spotted the keyword “sing”,
(say, quarters), the number of validation and test examwhich is indicative of the Music topic, but much of the transcript
ples increases (by a factor of four), while the length of thetonsists of false recognition of unrelated words.

corresponding audio decreases (by a factor of four). The
subdialogues are always labeled by the same topic as the
full source dialogue. Clearly the topic spotting problem
becomes more difficult as we reduce conversation length.
(Consider the limiting case where each “subdialogue” con-
tains only a single word.)

...east any uh...the deer the grass dip
..that i dip...sing ankle cook

...the fish...cat the sing yeah and um

sentences we expect the ASR to recognize in the audio in-
2.2 A Two-Phase Learning Algorithm put. One approach would be to build a grammar from a

very long list of English phrases to cover as many utter-
LOOking ahead Sllghtly, we note that our Iearning algorithmances as possible (the SO-Ca"ane Vocabu|ary recogni_
has three parameters that can together assume 72 differgpin (LVR) approach uses several thousand phrases). We
values. We thus run our algorithm 72 times (exhaustivelychose tolearn considerably smaller grammars because of
exploring the parameter space) to obtain 72 different claspyr interest in the fastest possible classification, as the ASR
sifiers. Since this set is too |al’ge to Optimize direCtly on thq'unning time grows with grammar Size, which is not in-
test set, we use the validation set to select the “best” hyconsiderable for very large grammars under real-time con-
pothesis for each subdialogue length. All results are theRtraints. However, there are performance trade-offs of a
reported on the remaining independent test set. precision-recall nature: smaller grammars typically result

We now describe our learning algorithm. Figure 1 shows" more accurate spotting of the included phrases, at the
a block diagram of the two-stage classifier constructed bPvious expense of missing phrases not in the grammar.
our learning algorithm. At the highest level, this classifier FOr this reason, we compare performance across a number
first gives the audio input file to the ASR, producing what Of grammar sizes, all of them considerably smaller than in
we call theASR transcript This transcript, which is quite
different from the verbatim transcripts that form part of the yow will we learn the ASR grammar? We chose
training data discussed above, should be thought of as ag take advantage of the verbatim transcripts, applying
extremely noisy text transcript of the audio. (See the samthe BoosTEXTER text classification algorithm to them.
ple ASR transcript in Table 3.) However, we can still hopegoosTEXTER (Schapire & Singer, 2000) is a document
to succeed in the topic spotting task as long as these erroggassification algorithm that works by finding a linear
are nearly invariant across topics (Seymore & Rosenfeldgombination of simple rules, each of which has a (per-
1997) The ASR tranSCfipt is then fed to a text tOpiC ClaS'hapS S||ght) advantage over random guessing on some
sifier, which outputs the topic for the audio input (or more (re)weighting of the training data. The algorithm proceeds
precisely, a weighting over the 10 topics). To instantiatejn rounds, with each round adding a new rule to the linear
such a two-stage classifier, we must learn two things: &ombination. Our motivation in usingd@STEXTER was
grammar for the ASR, and a text topic classifier mappingan interest in its performance in this application, as well
noisy ASR transcripts to topics. We discuss these in turn. a5 the ease with which one can naturally extract a variable
sized set of rules from its output, as described below.

2.3 Phase One: Learning the ASR Grammar . . .
g The verbatim transcripts from the Switchboard corpus and

The WATSON ASR requires that we provide a language their topic labels were given to®STEXTER, which was
model orgrammar specifying the universe of phrases or run for 1000 rounds to produce a text classifier comprised



of 1000 classification rules. These rules test whether a tions but unlikely to appear in shorter subdialogues. For
particular sequence of one to five words appears in the tranastance, a 5-minute conversation on movies may be quite
script (that is, the ruldires), and assign weights to the 10 likely to contain the term “movies”, but very short conver-
topics if it does. sations on movies may be better identified by less obvious
While the usual use of such ad®STEXTER rule list would terms like “tq see it’. For this reason, we varied the si;e
X of the verbatim transcripts used for ASR grammar learning

outbut weiahtings on topics. here we would like to deriveeoy running BOOSTEXTER on verbatim transcripts divided
b ghting pics, into smaller segments (full, eighths, and sixteenths). For

an ASR grammar from the rule list by selecting the word. ; . : X
B A instance, in the case of eighths, each verbatim transcript
sequences from the rules that “best” distinguish among top-

ics. As an example, consider the tw@BSTEXTER rules yields eight labeled training documents foo8STEXTER,

and weights in Table 4. As we might hope, the presencéaach containing a contiguous one-eighth segment of the

of the word sequence “listen to” yields a strong positiveongmal verbatim transcript and having the same label as

X . X . . this original transcript. Thiserbatim transcript lengtlis
weight for the topic Music and negative weights for every- another of the three parameters of our learning algorithm
thing else. In contrast, the word sequence “uh yeah” leads '
to weights comparable in magnitude across topics. Intu- . . .
itively, we want to keep “listen t0” in our ASR grammar, 2.4 Phase Two: Mapping ASR Transcripts to Topics
and eliminate “uh yeah”. One way to quantify this is with The second phase of our algorithm is to learn a mapping
thevarianceof the topic weights given by BOSTEXTER.  from the noisy ASR transcripts into weightings over topics.
In the example here, the weights for “listen to” have a muchror this we apply BOSTEXTER a second time, this time
higher variance than those for “uh yeah”. We ranked theyn the ASR transcripts produced by running all the training
rules (word sequences) learned b @TEXTER by their  audio files through the ASR (using the grammar learned in
weight variances and selected the best ones for our granphase One). Again, we face the issue that topic-identifying
mar. In keeping with our earlier comments on investigatingphrases from the full ASR transcripts of five-minute train-
the performance variation over (relatively small) grammaring conversations might not be useful for testing on shorter
sizes, we examined performance for ASR grammars withest conversations. Therefore, we created six training data
20, 100, 200, and 400 word sequences. Gsnmar size  sets of ASR transcripts by dividing the full ASR transcripts
is one of the three parameters of our training procedure. into pieces of different lengths, exactly as was done for the

verbatim transcripts in the grammar learning:his final

parameter of our algorithm is th&SR transcript length
Table 4 Weights assigned to each topic by tw@8STEXTER

rules when the given word sequence appears in the text. In summary, our two-phase training process has three pa-
rameters: the length of the verbatim training transcripts
for the first application of BOSTEXTER (verbatim tran-

Topic LISTENTO UH YEAH script length); the size of the grammar extracted from this
BOOKS AND L ITERATURE .0.183 .0.474 first application of BDOSTE'XTER (grammar size); e.md.the
EXERCISE AND FITNESS -0.972 -0.548 length of the ASR transcripts for the second application of
FAMILY LIFE -0.815 -0.077 BOOSTEXTER (ASR transcript length). These three pa-
MoVIES -1.604 0.530 rameters and their values are summarized in Table 5. To-
';)"EUTZ'C _i-ggg :éé%g gether, we explored x 4 x 6 = 72 different parameter
RECIPES FOOD, COOKING -1.089 -1.542 gettmgs, re.sult.mg in72 dlffgrent classifiers mapping audio
RESTAURANTS -2.371 -0.998 input to weightings over topics.

WEATHER AND CLIMATE -0.605 0.456

SPORTS -0.639 -0.138 2.5 Testing the System

Variance 1.306 0.470

As mentioned above, exhaustive exploration of the param-

. ) . . eter space of our two-phase learning algorithm results in
One possible concern with this approach to leaming the,, ¢|assifiers of the form given in Figure 1. Since this is

ASR grammar is that by training ®STEXTER on the 5 j3ige number of classifiers, we used the validation set to
complete verbatim transcripts, we may “overfit” by Choos’choose a single “best” classifier for each of the six subdi-

ing word sequences accurate in classifying full conversag qq e |engths. This results in a much smaller set of six

4\We removed the first five conversational turns from each tranlassifiers, each “tuned” to a different subdialogue length.

script to avoid the tendency to “give away” the topic,asinTable 1——_————— . . . .
(“Um, | guess we're supposed to talk about music.”). We also Since the beginnings of Switchboard conversations are often

stripped the remaining text of punctuation, the non-verbal tag&innaturally rich in keywords (as noted earlier), we removed the
like “[Laughter]”, and the speaker/turn indicator (“A.1", “B.2"). ASR transcripts of the first three audio files for each speaker.



Table 5.Parameters varied in training the learning algorithm. The
particular values explored were chosen to yield wide coverage,
while obeying our constraints and keeping the total number of o
classifiers constructed manageable.
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Figure 2.Boxplots of classification accuracy on the test set. Each
In the next section, we present a variety of performancéoxplot corresponds to a single subdialogue length, and summa-

measures over these six classifiers, with all results beingzes the 72 test set classification accuracies obtained by varying
reported on the independent test set. the learning parameters. The majority-class baseline is 13%.

3. Results and Analysis classifiers chosen for lengths eighth and sixteenth are iden-

3.1 Overview of Classification Performance tical, meaning we really only have a pool of five classifiers
. _ (to be evaluated on six different lengths).

Before analyzing the test set performance of the six clas- ) o

sifiers maximizing validation set accuracy, we first present! e clearest conclusion we can draw from the optimized

a summary of test set accuracy across the original pool gfarameter settings given in Table 6 is that the longer (200-
72. Figure 2 shows six boxplots corresponding to the si@nd 400-term) grammars perform best across all test sub-
subdialogue lengths; each boxplot summarizes the test s@@logue lengths. However, due to our aforementioned in-

classification accuracy of the 72 classifiers on the indicateffrest in fast classification, we explicitly examined the ef-

length® (Note that although for this particular analysis we fect of smaller grammar sizes on classification accuracy.
are reporting test errors for a large number of classifiersfigure 3 shows the test set performance of the best classi-
no explicit optimization over this large pool is being per- fiers within each fixed grammar size on each subdialogue

formed, so there is no risk of overfitting the test data.) ~ !ength. (Thus, grammar size was held fixed, and the re-
maining two parameters of learning were optimized for val-

The boxplots clearly demonstrate the increased difficulty ofgation set classification accuracy; Figure 3 presents the test
the problem as the subdialogue length get smaller. In adset errors of the resulting classifiers.) We see that while
dition, the high variability in the boxplots indicate that the the 400-term grammar performs best overall in all but one
parameter settings do indeed impact performance, particise, the 200-term grammar is reasonably close for all test
larly for longer test subdialogues. (Note that some setting%ngths, whereas the 20-term grammar performs consider-
lead to classifiers that perform worse than the majority-gply worse, especially on longer test dialogues. The ap-

class baseline of 13% accuracy.) parent leveling off of the performance in the 200- to 400-
_ o term range suggests that acceptable performance may be
3.2 Analysis of Optimized Parameters obtained far short of large vocabulary methods.

We now proceed to analyze the test set performance of thehe dependence of classification accuracy on grammar size
six classifiers obtained by optimizing validation set accu-is confirmed by ANOVA analyses establishing that gram-
racy at each subdialogue length. The parameter settings ofar size is a significant predictor of accuracy at the 0.05
these six classifiers and the numeric values of their test sédvel for all six subdialogue lengths. The importance of
classification accuracies are given in Table 6 (along withthe other two parameters (verbatim and ASR transcript
many other quantities we discuss shortly). We note that théengths) is less clear, as the ANOVAs indicate significance

e . _ , only at some subdialogue lengths. Furthermore, at those
A boxplot is a graphical representation of a five-number sum- bdial | ths wh iqnifi th .
mary: it shows the locations of the minimum, first quartile, me- Subdialogue lengths where signiicance occurs, there 1S no

dian, third quartile, and the maximum points in the data, as labelegléar monotonic relationship between accuracy and ver-
in the left-most boxplot in Figure 2. batim or ASR transcript lengths (unlike the situation for



Table 6.Summary of best classifiers for each subdialogue length, selected by classification accuracy on the validation set. The perfor-
mance measures are over the test set.

BESTPARAMETER SETTINGS (VALIDATION SET) PERFORMANCEMEASURES(TEST SET)
SUBDIALOGUE | VERBATIM TRSCRPT GRAMMAR ASR TRSCRPT | CLASSIFICATION MEAN MAX

LENGTH LENGTH SIZE LENGTH ACCURACY REGRET REGRET
FuLL FuLL 200 FuLL 0.4483 0.0806 0.1207
HALF SIXTEENTH 400 FuLL 0.4828 0.0422 0.0862
FOURTH EIGHTH 200 FOURTH 0.3534 0.0528 0.1034
EIGHTH SIXTEENTH 400 THIRTY-SECOND 0.3017 0.0201 0.0862
SIXTEENTH SIXTEENTH 400 THIRTY-SECOND 0.2371 0.0201 0.0862
THIRTY-SECOND FuLL 200 SXTEENTH 0.1541 0.0517 0.1034

grammar size discussed above). The only significant interand maximunregretsfor each classifier. For each classi-
actions uncovered by the ANOVAs are between grammafier h among the five listed in Table 6, we compared the
size and verbatim transcript length for longer subdialoguegest set classification accuracy/obn a given length with

the best test set classification accuracy at that length among
the five. This gives us the regret bfat the given length—
that is, how much we lose in performance by using clas-
sifier h rather than the best classifier for that length. Av-
erage and maximum regrets over all six lengths can then
be computed. We see in the table that the classifier tuned
for eighth- and sixteenth-length subdialogues jointly min-
imizes the mean and maximum regrets, and so is the best
(and a rather good) anytime classifier.

0.5

0.4

0.3

0.2

Classification Accuracy

3.4 Comparison to Perfect ASR

— Full —_—
B T Half

0.1

- Fourn — To what extent is the difficulty of the topic spotting problem
s EoUR— due to the spoken medium and the challenges of ASR, as
M 100 200 w00 opposed to the difficulty of classifying conversational text
Grammar Size by topic? The Switchboard corpus makes a direct compar-

ison possible. We trained newd®STEXTER classifiers
Figure 3.Performance of the best classifiers within each grammagXactly as in Phase Two, this time using the verbatim tran-
size for each subdialogue length. The classifiers were chosen IBCripts rather than the noisy ASR transcripts. This might be
performance on the validation set; the figure shows performanclikened to training with “perfect” ASR performance. Ta-
over the test set. ble 7 compares the performance of these new classifiers on
the verbatim transcripts with that of the five classifiers cho-
) o sen in Table 6 on the ASR transcripts. There is again clear
3.3 Anytime Classification evidence of the increasing difficulty of the pure text classifi-

Given the large variation in performance across paramecation problem as subdialogue length decreases. There are
ter settings and the increasing difficulty of the problem on@SC considerable differences between pure text and pure
shorter conversations, it is natural to ask whether there igudio performance, as much as 55% at the longest dialogue
asinglesetting of the parameters that performs well acrosd€ngth. Thus the speech recognition component is adding

all test subdialogue lengths. In other words, we would likeconsiderably to the difficulty of the problem, as expected.

to find a setting of parameters resulting in a singte/- "Note that this notion of regret is weaker than regret computed
time topic spotter—able to form a reasonable estimate obver all 72 trained classifiers, instead of within the pool of five

the topic from very short conversations, with performanceoptimized on the validation set. However, we feel there is not
improving on longer conversations—rather than relying orenough test data to compute the former meaningfully, and that

il P PP since each classifier in the pool of five is obtained by a “good
a multiplicity of classifiers tuned to differing lengths. faith” effort to optimize performance for the given length, the re-

The last two columns in Table 6 show that there is such agults indicate that a good anytime classifier has been found.
anytime classifier, as measured by a comparison of mean



Table 7.Test set classification accuracies ad&sTEXTERwhen
trained and tested on verbatim transcripts vs. ASR transcripts.

SUBDIALOGUE VERBATIM ASR
LENGTH TRANSCRIPTS TRANSCRIPTS g ©
FULL 1.0000 0.4483 £ 3
HALF 0.9483 0.4828 [
FOURTH 0.7845 0.3534 g 3
EIGHTH 0.7056 0.3017
SIXTEENTH 0.6442 0.2371 Sosd T Full —
THIRTY-SECOND 0.5089 0.1541 B Eahh —
S Thirty-second —

0.0 02 04 0.6 0.8 10

Rate of Abstention

Figure 4.Conditional accuracy vs. abstention curves of the six
classifiers in Table 6 over the test set.

While our discussion thus far has focused on the basic and

important measure of raw.classmcatlon accuracy, We Can o .16 sion Matrices

also consider a richer profile of performance that incorpo-

rates some measure of confidence in our classifiers’ prdn addition tooverall classification accuracy, another ques-
dictions. The final vector of weights over the 10 topicstion is whether certaitopicsare more difficult to identify.
that each of our classifiers produces provides a natural corFable 8 shows a confusion matrix generated by running the
fidence measure: the distangebetween the largest and best anytime classifier on eighth-length test subdialogues.
second-largest weights, which we might call thargin Each column of the confusion matrix represents the true
We can usey to produce the curves in Figure 4 as follows. topic of an eighth-length subdialogue, while each row en-
Let A and B represent the total number of correctly and try indicates how the anytime classifier classified that sub-
incorrectly classified test examples, respectively, for somelialogue. The diagonal of the matrix gives classification
classifierh. Let T be a threshold such that if the margin  accuracy percentages for each topic, where perfect perfor-
in the output of: is greater tharr, we make the prediction mance would be a diagonal matrix of ones.

dictated by the highest-weight topic accordingitather-
wise weabstainfrom making any prediction. Each value
of r specifies valueg, andb,, the number of correctly and
incorrectly classified test examples with margin exceedin
7. (Note thatd = ag andB = by.) Now we can calculate
theconditionalclassification accuracy as /(a, + b, ), the

3.5 Incorporating Confidence Measures

The table points to some confusability between the Family
and Exercise topics, since the classifier predicted Exercise
in 38% of the Family conversations. Likewise, the Sports
Qfopic is often predicted for Restaurant and Weather conver-
sations, and Family is often predicted for Sports. Some of
X . . . this confusability might be explained by the fact that the
proportion of correctly classified examples with margin ex- . . . )

: o . . Sports topic combines several Switchboard topics (see Ta-
ceedingr. This is they-axis in Figure 4. The-axis shows ) ;

ble 2), so that these conversations range quite broadly, or

the proportion of test examples on which we abstain, WhICi%here may be significant content overlap between, say, the

IS 1 —(ar +br)/(A+ B) As we vary the threshold, we Family topic and Sports or Exercise. In general, though,
trace out a curve profiling the tradeoff between conditional .

) : o the table columns show that the classifier does reasonably
accuracy and abstention for a given classifier. A . -

well in distinguishing topics, always predicting the correct

Figure 4 shows such curves for each of the classifiers itiopic most or second-most often.
Table 6. Note the left-most point on each curve (corre-
sponding tOr“: 0) IS.jUSt the raw classification accuracy 4 piscussion
for that classifier as in Table 6. We see that considerable
gains in classification accuracy are possible if we abstaifwWhile we have introduced a new subdialogue topic spot-
on larger fractions of the test examples, confirming the leting task in this paper, aspects of our work—such as the
gitimacy of the margin as a predictive confidence measureuse of a statistical learning method for learning an ASR
Such abstention may be permissible in many contexts, ingrammar, and the use ofSTEXTER to classify ASR
cluding the motivating EnE application. The curves againtranscripts—are related to previous work. For instance,
show how the problem becomes more difficult as test subWright, Gorin, and Riccardi (1997) automated the selection
dialogue length decreases. of salient phrases to form grammars for an automatic call



Table 8.Confusion matrix for best anytime classifier on eighth-length subdialogues, with cells giving column percentages.s C
gives the number of subdialogues in the test set for each topicR & dicates how many times the classifier predicted each topic.

ToPiCS Bks EXER Fam Mov Mus PETS REC REST  WTHR SPRT | % PRED
BOOKS — 0062 0120 0.110 0.083 0.062 0 0042 0.120 0.0620.078
EXERCISE — 0310 0380 0.036 0.083 0.062 0.170 0 0.062 0.120 0.110
FAMILY — 0190 0120 0.140 0.120 0.062 0083 0.120 0.031 0.3]0 0.130
MoOVIES — 0031 0120 0250 0.083 0 0 0120 0062 0.067 0.100
Music — 0031 0 0071 0290 0.062 0 0 0 0| 0.056
PETS — 0220 0120 0.110 0.250 0.560 0 0 0.094 0.120| 0.150
RECIPES — 0031 0120 0.089 0.042 0 0540 0.120 0.094 0| 0.120
RESTAURANTS ~ —  0.031 0 0054 0042 0120 0.042 0210 0.062 0.062| 0.069
WEATHER — 0031 0 0.036 0 0 0.083 0 0220 0| 0.052
SPORTS —  0.062 0 0.110 0 0.062 0.083 0.380 0.250 0.250 | 0.140
COUNTS 0 32 8 56 24 16 24 24 32 14 232
routing task known asglow May | Help You? (HMIHY) tional Conference on Acoustics, Speech, and Signal Pro-

by using simple statistical tests on phrases from verbatim cessingpp. 517-520).

transcripts. Schapire & Singer (2000) applied@®sTEX- . )

TERto classify ASR transcripts from the HMIHY task but Martm, A.etal., (1998). 1998 .HUb'S Workshop: The.eval-
. ! uation. Notebook for the Ninth Hub-5 Conversational

did not learn the language model for the speech recognizer. Speech Recoanition Worksho

McDonough, et al. (1994), working with the Switchboard P 9 P

corpus, explored many approaches, and recommended ugicDonough, J., Ng, K., Jeanrenaud, P., Gish, H., &

ing ASR transcripts instead of verbatim transcripts for se- Rohlicek, J.R. (1994). Approaches to topic identification

lecting phrases for topic detection, since words that dis- on the Switchboard corpuBroceedings of the IEEE In-

criminate well on text might be difficult to recognize reli-  ternational Conference on Acoustics, Speech, and Signal

ably. Using 4100-word grammars and specialized gender- Processingpp. 385-388).

dependent acoustic models trained on Switchboard aUd'BaIIett, D., Fiscus, J., Garofolo, J., Martin, A., Przybocki,

N 0
?u?ri’ot:fgrégﬁg:;ﬁfﬁ;::ﬁi?rnszf%;r; (;y tgf lijcpstoTiEigfsﬁ) o_n M. (1999). 1998 Broadcast News benchmark test results.
pics. 9 Proceedings of the DARPA Broadcast News Transcrip-

gests that, r'10t surprlsmgly, t'here IS room to improve per tion and Understanding Workshofan Francisco: Mor-
formance with more sophisticated language and acoustic
gan Kaufmann.

models rather than off-the-shelf technology.

Our results differ from these and other previous efforts bysctr)]:spelrde’sss-tfr::‘gg?&:&ggggr)i'zalat?@jlzzﬁi(:g:I_Zabrﬁ?nsg;lng-

setting the baseline for topic spotting performance when 39 135-168
decreasing the length of Switchboard subdialogues, by us- =™ '
ing an off-the-shelf speech recognizer, and by demonstraSeymore, K.,& Rosenfeld, R. (1991)arge-scale topic de-
ing the existence of a good anytime topic spotting system tection and language model adaptatiéfechnical Re-
within our parameter space. As future work, we intend to port CMU-CS-97-152). Carnegie Mellon University,
integrate our anytime classifier in the motivating “Eyes and Pittsburgh, PA.
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