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Abstract algorithms for producing scores that are optimal with re-
spect to these criteria.

When evaluating wordspotting systems, one
normally compares receiver operating charac- 2 Assumptions
teristic curves and different measures of accu-
racy. However, there are many other factors
that are relevant to the system’s usability for
searching speech. In this paper, we discuss
both measures of quality for confidence scores
and propose algorithms for producing scores
that are optimal with respect to these criteria.

In order to derive a scoring algorithm, a key assumption
must be made by the wordspotting algorithm: each match
must have a numeric score associated with it. In addition,
there must be some theoretical basis for an additive de-
composition of this score. This decomposition is given

by

L
. RW =3 "R, (1)
1 Introduction ; :

In order to evaluate any system, it is useful to have obje¢yhere R(@) is the score returned by queqyande(‘I) is

tive quality measures that can be automatically applied e score associated with thi phoneme in the query.
systems for comparison. For wordspotting systems, theg@ith, this assumption, we also assume that these compo-
measures are oriented towards recall accuracy. Most gfnts can be modeled with a Gaussian distribution with

these measures are based on receiver operating charad@iendence on whether the match is truly a hit or a miss.
istic (ROC) curves and functions of these curves. Howrpe gistributions are then given by

ever, there are many other factors that are relevant to the

systems usability. RWHIt ~ N (uH (Sl(q)> ,cr%,) 2)
When a user enters a query to the Nexidia wordspotter, @ @ )
the system returns a sorted result list that marks the times R"Miss ~ N (MM (Slq ) ,UM) ) )

where the query matches the audio. In addition, scores

are associated with each result. These scores are relatéeeres,*’ is theith phoneme in query. In this model,

to the likelihood that the tagged audio matches the quertfie meansy are dependent on the phoneme, but the vari-

Although this score gives an indication of the strengtince o, is not. Using the additive model, the raw scores

of the match, users have had difficulty interpreting thére distributed by

scores. L
We found that mqst users Want tp use the.score in one R(q)|Hit ~ N (Z [ (5;‘1)) 7L012LI> (4)

of two ways. The first application is to provide a score

threshold for monitoring applications. Alternatively, peo- <

=1

ple also assume that the score reflects the probability that (@) [Miss ~ N
the tagged audio segment is actually a match.

However, without any objective quality measure of3
these scores, it was difficult to evaluate different score
generation algorithms. In this paper, we discuss botWe propose two scoring evaluation measures. In each of
measures of quality for confidence scores and proposieese methods, the raw score is modified by some scoring

iﬂM (SI(Q)) aLU]Q\/[> . (3
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Performance Measures



function /(). The first measure evaluates a scoring algd®  Model Training

rithms usefulness for setting detection thresholds. Thi ach of the scoring methods described above require
method assumes that the scoring function calculates t eodels of how the %onemes relate 1o the Scores thr?n h
cdf of the missed score distributions. The measureme W P ug

. 2 2 i
is based on the Kolmogorov-Smirnov test statistic, whiclghe parametergiyy, /i, o)y, andog. For this purpose,
a series of hits and misses over the desired range of false

's given by alarms rates must be collected from the wordspotter. With
. i these scores, it is possible to train the miss and hit mod-

KS=max|F (R})) — — 6 i i i
max M N (6) els independently. For this reason, only the miss model

training is described here.

(i) , Given the model in Equation 5, the following distribu-
whereR,; are the raw scores for the false alarms in de:. , N
. tion holds withV observations:
scending order.

A metric for measuring scoring algorithms based on p(R|S’ILLA470'12VI) =

result confidence is given by N L
J1EY (R“” =Y (57, L%) .y

1 - (n) 21 & (n) 2 n=1 =1
B =g 2 [ ()] X P (R7)] S | |
"= M= The maximum likelihood solution fop,, ando?; is a

) (_7) difficult optimization problem. However, if the phoneme
where N, and Ny are the number of hits and m'sses'componentsRl(”) from Equation 1, the distribution sim-

This valug is equal to zero when all hits are scored _to or]r‘ﬁifies to observations of the Gaussian components. By
and allltglzs_?;a;g ;coretdtsos;ero. %T the oft?her 'ﬁm: using the Expectation Maximization (EM) algorithm, the
equal to0.5 if F(R) is set to0.5 regardless of the input. overall likelihood in Equation 11 can be iteratively max-
imized (Dempster et al., 1977).

Similarly, the training problem can also be viewed in a

If one is interested in setting a detection threshold basddfyesian framework, where a Minimum Mean Squared
on false alarms per hour, then one can set the score usiaf®" (MMSE) estimate can be calculated. Like the
the cumulative density function of the misses. This yield§'aximum likelihood estimate, this requires an iterative

4 Algorithms

the score method where the components of the score are generated.
This can be computed by a Gibbs sampler (Gamerman,
Fe ( R(q)) — Pr (z < R(q)) 1997).

In addition to providing a mechanism for creating
1 (@ L (@) meaningful scores, these models can be useful for other
R —ZMM(S ) ;(8)
VLo l purposes. For example, one can analyze the mean vectors
=1 to determine which phonemes provide better discrimina-
whereQ is the cdf of the unit normal distribution. To set ation for wordspotting. These can also be used to diagnose
threshold fork false alarms per hour, then the thresholdroblems in performance that are phoneme specific.
should be set to
6 Results

=Q

a=10-— (9) The effect of using different scoring algorithms was ac-

Kr complished using a nine hour subset of the HUB-4 1996
where K1 is the range of false alarms per hour that thélorth American English broadcast corpus. From this cor-
miss model is trained. pus, 8500 search terms with were randomly selected from

If one is looking at a list of scores, one might be inter!he transcripts. These queries were equally Qigtributed in
ested in the probability that the score was generated by @9th from 4 to 20 phonemes, and then split into a test-
true match. By Bayes law, the conditional probability cari"9 and training set. For each search term, results ranging

be calculated by from the top score down to ti##)th false alarm were col-
lected. The results from the training terms were then used
Fy (R(q)) — Py (Hit|R(‘1)) to train the score models using both the EM algorithm and
a Gibbs sampler.

Pyp(R@ |Hit) These trained models were then used to generate both
= . . 7(10) it “ n
Pup(R@ Hit) + (1— P )p(R@ [Miss) Fp and F. In addition, the “Standard” scores were
generated as well. These scores are what the Nexi-
where Py is the prior probability of a hit. dia wordspotting product reveals to the users, and are




calculated by scaling the raw scores by the number dReferences
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one measure resulted in very poor scores on the other.

This is due to the fact that the objective of each mea-

sure is very different. In addition, the estimation scheme

had little effect on the overall scores. Since the EM al-

gorithm requires a small fraction of the computation that

the Gibbs sampler requires, this method is preferable.

Table 1: Comparison of different scoring algorithms
based on two scoring measurements

Algorithm Performance Measure
KS l B
. CFAR 0.312 0.350
Gibbs |5 es T 0.790 0.197
EM CFAR 0.322 0.351
Bayes 0.789 0.196
Standard 0.633 0.496

To illustrate the differences between the three scoring
algorithms, the hits and misses were also collected and
plotted in Figure 6. In each subplot, there are histograms
of the hits and misses. In all three cases, most of the hits
tend to have scores close to one. However, the misses
in the standard scoring scheme are concentrated §tom
to 0.8. When the Bayes scoring method is used, half of
the hits are very close th0, while half of the misses are
very close t00.0. The other half of the scores are dis-
tributed along the score range. Finally, the misses from
the CFAR scoring algorithm are distributed evenly along
entire range of scores. Because the normal score assump-
tion does not strictly hold, this distribution is not perfectly
flat at the start and the end, but it is fairly close.

7 Conclusions

Several methods for for both generating and evaluating
scores from wordspotting systems have been proposed.
These methods can operate on any system that generates
scores where an additive model based on phonemes is
valid. The scores that are produced by the algorithms
described can be used to both give intuitive confidence
levels, as well as provide a simple mechanisms for setting
thresholds in monitoring environments. These methods
have been shown to provide superior performance when
compared to their relevant metrics.
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Figure 1: Comparison of different scoring methods on Broadcast English queries. Scores are derived from results

ranging from zero to ten false alarms per hour.



