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ABSTRACT performing any misguided actions based on an incorrect recogni-
tion string.

This paper presents a word level confidence scoring technique  This g[])aper focuses on word level confidence scores derived
based on a combination of multiple features extracted from the from purely acoustic features. Specifically, the research focuses
output of a phonetic classifier. The goal of this research was t0 on various features that can be extracted from the output of a pho-
develop a robust confidence measure based strictly on acoustic innetic classifier, i.e., features that can be derived from acoustic ob-
formation. This research focused on methods for augmenting stanservations only. This means that features based on language model
dard |Og likelihood ratio techniques with additional information to Outputs are not uti”zed' even though their use has proven to be ef-
improve the robustness of the acoustic confidence scores for wordkective in past work [1,7]. However, our goal is to develop an
recognition tasks. The most successful approach utilized a Fisheraccurate acoustic confidence measure which could be combined

linear discriminant projection to reduce a set of acoustic features, with features from a language understanding component at a later
extracted from phone level classification results, to a single dimen- stage in the processing.

sion confidence score. The experiments in this paper were imple-
mented within theurPITERweather information system. The pa-
per presents results indicating that the technique achieved signif-
icant improvements over standard log likelihood ratio techniques
for confidence scoring.

2. IMPLEMENTATION

2.1. Overview

In this paper the derivation of a word level acoustic confidence
metric is a two step process incorporated into the SUMMIT speech
recognition system [3]. First acoustic confidence scores are calcu-
. . lated for the underlying components of each word. In this case, the
Because the speech recognition systems of today remain far fromyecqgnizer scores observations extracted ftandmarks which
perfect, the process of discovering errors in recognition remains ;.o potential phonetic boundaries proposed by a segmentation al-
an important task. In earlier work we examined this problem at gorithm. These landmarks are scored using context-dependent
the utterance level [6]. By examining various features extracted diphoneboundary models. This is similar to a standard Hidden
from the results of the recognition and understanding components;4rkov Model (HMM) approach with the exception that the pro-

of the system, a decision on whether or not to accept or reject theposa Jandmark observations included measurements which span
system's hypothesized understanding of an utterance was madep,jipje frames and do not occur at a fixed rate. A hypothesized
This approach was successful at rejecting a large number of ut-,.4'is thus composed of a sequence of hypothesized diphones.
terances which contained out-of-vocabulary words, severe noiseatier the landmarks have been scored, a word confidence score is

or non-speech events, poorly articulated speech, misrecognized,,mp ted via some combination of the underlying diphone scores.
words, etc. However, the system was limited in that it could only

accept or reject an entire utterance but was unable to accept or re- .
ject individual words or phrases contained within an utterance. 2.2. Phone Level Scoring

In this work we look to extend our confidence scoring ap- The acoustic features are primarily based on two common pho-
proach to the level of words, thus allowing a finer grained analysis netic classification scoring approaches: normalized log-likelihood
of the output from the recognition process. The goal is to develop (NLL) scoring and maximura posterioriprobability (MAP) scor-
word level confidence scores which can serve as robust indicatorsing. This work builds on previous work which has dealt with these
of the correctness of word hypotheses. In a spoken language systechniques [7]. The MAP score for a boundary modglgiven a
tem, these scores could help determine what portions of a user'Ssandmark observatiorz, is expressed as:
query the system has recognized correctly and what portions of
the utterance the system had difficulty recognizing. Ideally, these C (ci|) = P(ci| @) = p(&]ci)P(ci) 1)
scores would enable the system to target potential misunderstand- mapit ‘ p()
ings and take measures to correct, clarify, or confirm them before

1. INTRODUCTION

Similarly the equivalent NLL score is expressed as:
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In both of these scoring techniques, the likelihood of the hypoth- | Feature | Description
esized model is normalized by a geneciatch-all model p(Z), Chap Arithmetic mean otC,,,., Scores
which can be expressed as: ca, Arithmetic mean ofC,,;; scores
C’r(rj;ap Geometric mean of,.., SCores
N. Cg, Geometric mean of’,,;; scores
7) — 2l e . Omap Standard deviation af'.qp
p(@) ; p(@le; )Ples) ) Onll Standard deviation of',;
Cmin—map Minimum C'.., Score in word
. ] - ) Cmin—map—internal | Min. internalC,q, score in word
The MAP score also utilizes the prior probability of the diphone  ~¢7 == Minimum C,,;; score in word
model to produce a true probability measure which varies between —a Arith. mean ofcatch-allmodel score
0 and 1. The NLL score is expressed in the log domain and can —x7 Number of utts. im-bestist
be viewed as a zero-centered score where positive scores are googt 37 Number of landmarks in word

and negative scores are bad.

Table 1: A complete list of word level features used for confidence
scoring.
2.3. Word Level Scoring

Word level confidence scores can be derived by extracting various2.4. Combining Word Level Features
measurements deaturesfrom the underlying phone level NLL )

and MAP scores (or other recognition output features) and then ~ 2.4.1. Overview

combining them together in some fashion to produce a single word
level confidence score. In this work twelve word level features are
derived from the results produced by the recognizer. A summary
of these twelve features is presented in Table 1.

While is is possible that some of the word level features can pro-
vide adequate confidence scores on their own, improvements in
performance over the single best features should be possible by
i ) combining the features in an appropriate fashion. Significant im-
The first four features are simply averagesthf., andCnii  provements may be possible if the features provide complementary
over all obser_v_atlons in a word. Both arlthm_et_lc and geometric jnformation. This paper explored two methods for analyzing and
means are utilized. The two means have distinct behaviors de-combpining the full set of features: probabilistic hypothesis testing

pending on the underlying scores. The geometric mean can beang Fisher Linear Discriminant Analysis (FLDA) [2].
heavily biased by poorly scoring observations, whereas the arith-

metic mean is less sensitive to small outliers, and thus more in-
dicative of the average ability of a model’s ability to account for 2.4.2. Hypothesis Testing
the observations.

In addition to the above means several other features were uti-The probabilistic hypothesis testing approach utilizes two prob-

lized. The standard deviations for t&,., andCi; SCOreSgmap abilistic models which are applied to the vectors of word level

and o1, are used as indicators of the consistency of the scoresf€atures,f. The modelMc models the features of words that
across the word. A high arithmetic mean along with a low stan- Were correctly recognized, while the modef is for words which

dard deviation indicates consistently high phonetic scores acrossVere incorrectly recognized. During word level confidence scor-
the whole word. A high standard deviation means that the pho- INg: & simple hypothesis testing ratio between the two models can

netic scores are widely dispersed, and hence not consistent acros?e” computed to generate a word level confidence scdrg, as

all the phones. ollows: .
The three minimum Scoreé:’,minfmapy Cmin—map—internalu C t = 7p(f_!MC) (4)
andCh,in—nu1, represent the lowest scores obtained across all ob- p(fIMr)

servatlons_. Generally, a |_°W minimum Score 1S an indicator _that This research explored the use of mixture Gaussian models (both
some portion of the word is not well matched to its hypothesized full covariance and diagonal) for representibly; and M;.
phonetic unit.
The arithmetic meap“ is the average ability of the catch-all
model to account for the acoustic observations in a word. This ~ 2.4.3. Fisher Linear Discriminant Analysis
score is independent of the hypothesized string, but is an indica-

tor of how well matched the observed acoustics are to the typical Fisher Linear Discriminant Analys_is (FLDA) is a means c.)f redu_c-
acoustics observed in the training data. ing a set of measurements to a single measurement using a linear

. projection. The linear projection is determined from training data
Thcle Iz_asé_twot:‘eauljcres ?Wnb?t‘handN l‘”‘t‘? . th'jle thesctshtwo for a two class discrimination task (correctly and incorrectly hy-
are only Indirectly a function oftne acoustic evidence, ey can pothesized words in this case). An FLDA projection vectoérjs
be correlated with correctnes®,.;.s: is the number of compet-

ina h h in the-best list. The h h h learned from the development data containing correctly and incor-
Ing hypotheses in the-best list. The fewer hypotheses there are, rectly recognized word hypotheses. The projection vector is then
the better the models are doing at discriminating between compet-

ing hypotheses.Nj,.q is the number of landmarks within each applied to the word level feature V?‘C“ﬂ* of any newly hypothe-
word. Generally, longer words are more acoustically distinct than sized word to produce a word confidence scGfga, as follows:

shorter ones, thus the chance of confusion is much smaller for e
longer words. Ctiaa =W f (5)



2.5. Catch-all Model Estimation 1

In a real-time recognition system, the computation of ¢h&ch- 09
all model p(#) becomes an issue. A large number of context-
dependent diphone models are typically required for adequate per-
formance. However, because pruning is typically performed dur- o7
ing the search to reduce computation, only a fraction of the di-
phone models may actually be computed for any given landmark.
In order to maintain real-time performance it is not feasible to
compute the value gf(Z) directly because it requires the compu-
tation of all diphone models. In order to reduce the computational
burden, a method for estimatipgz) is proposed.

This method is based on a binary bottom-up clustering of all of
the Gaussian components in the catch-all model. At each iteration o2}
of the bottom-up clustering, the two most similar Gaussians are
found using a weighteBhattacharyyalistance metric. These two 01 ! ‘ ‘ — g'gda ‘
Gaussians are then combined together to form a new single Gaus- | ‘ ‘ ‘ ‘ ‘ ‘ — ‘
sian, which is an ML estimate of the sum of the separate models. ~ °  °* %2 03 04 08 em > 07 0% 0o 1
The new Gaussian then replaces its two constituent Gaussians in
the next iteration. Each iteration reduces the number of GaussianFigure 1: The ROC curves indicating relative word level confi-
components by one. The process is continued until the estimateddence performance for the single best feattfg vs. the FLDA
model is reduced enough for it to be computed efficiently during combined feature s&fy;4.
recognition. Details of the clustering algorithm and distance met-
ric can be found in [5].
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3. EXPERIMENTS Cutt 0.4114

Chu 0.3782

3.1. System Description Crin—map 0.3617

. . . CSap 0.3546

To evaluate the word confidence scoring techniques, the utterances Coninnil 0.3018

used for the evaluation process were actual spontaneous queries cA 0.2591

collected over the telephone by theriTERweather information C’"‘”’ 04502
system [8]. The word confidence scoring techniques are applied to [ Crtda | - |
[ chance | 0.1 |

the recognition results for the recognizer used bysthe TERSYS-

tem [4]. The version of the recognizer used for these experiments
had a vocabulary of 1893 words and was trained on 20064 utter-Table 2: The figure of merit performance of six individual word
ances. A development set of 3437 utterances was used to train théeatures and the FLDA combined feature confidence scores.
hypothesis testing models and the FLDA projection vector. A test

set of 2405 utterances was used to evaluate the confidence scoring

techniques. The word error rate of the recognizer was 19.4%. 3.3. Word Level Feature Performance

Of the 12 proposed word level features the geometric mean of the
Cnu scoresCS,, was the single best performing feature. In gen-

To evaluate the performance of confidence metrics, hypothesizederal the NLL based scores outperformed the MAP scores, leading
words are compared against the true transcription of the utter-t0 the conclusion that the priors do not improve confidence scor-
ance with each hypothesized word being classifiedaasect or ing performance. Excluding the priors, as is the case with the NLL
incorrect The confidence scores for each word are then com- Pased scores, allows the acoustic evidence to speak for itself. It is
pared against a confidence threshold and the hypothesized word8Iso interesting that the geometric means consistently outperform
are eitheracceptedor rejected The threshold can be varied to their arithmetic mean counterparts, for both the NLL and MAP
control the tradeoff between false alarms (incorrect words that arePased scores. This result can be accounted for by the characteristic
accepted) and detections (correct words that are accepted). B)behawors of each of the means. The geometric mean allows a sin-
varying the confidence score threshold, a receiver operating char-9le low score to pull down the score for the whole word, where as
acteristic (ROC) curve can be plotted. an arithmetic mean can be immune to a single low score, especially
Performance can also be measured in termsigiae of merit if many values are ave_rag_ed._ '_I'able 2 shows the FOM performance
(FOM), which measures the performance of a system at or aroundfor the 6 best performing individual word level features.
a particular operating point on the curve. In our system it is desir-
able to maintain a high de_tection_r_ate at th_e expense _of increased; 4. Combining Word Level Features Performance
false alarms. To capture this condition our figure of merit measures
the area under the ROC curve in the range of .8 to 1.0 for correctIn a set of preliminary experiments, the FLDA approach for com-
acceptances. This area is then normalized by the total area in thidining features performed significantly better than the probabilis-
range to produce an FOM whose optimal value is 1.chance tic hypothesis testing approach. Because hypothesis testing per-
FOM of 0.1 is achieved by random guessing. formed so poorly in these initial experiments it was abandoned

3.2. Evaluation Metrics



[ Reduction || Figure of Merit | Content || Figure

None 0.4502 Feature Type of Merit

75% 0.4451 Cflda High 0.5249

95% 0.4316 Cfida Low 0.4311

99% 0.4161 Cfida All 0.4502

99.5% 0.4092 c%, High 0.4297

Cc&, Low 0.4102

Table 3: Effects ofcatch-all model reduction on figure of merit Ccg, All 0.4114
performance. | hance [ 01 |

early, and the FLDA approach was adopted for the remainder of t5pe 4- Figure of merit performance values @4, andCS,
our experiments. Figure 1 illustrates the relative performance of 5, content classesgh, low, and all words.

the FLDA combination method vs. the single best feattifg. Ta- T
ble 2 shows the FOM performance for the FLDA combined score,
C'14a, as compared to the six best individual word feature scores.
This table illustrates a significant increase in performance from us-
ing all of the features instead of using just the best single feature.

low-content words. On the other hand, the difference in perfor-
mance between low-content and high-content words using the sin-
gle featureCS;, is significantly smaller. This indicates that the
added value of using the full set of features is most pronounced
when examining the words which are most important to the cor-

3.5. Performance of Estimated Catch-all Model rect understanding of the utterance.

It was hoped that the size of tlvatch-allmodel could be signif-
icantly reduced without harming performance. Table 3 shows the
FOM performance for the FL.DA de_rlved confl'dem_:e score when This paper has presented a method for word level acoustic con-
re_ducmg th'ecatch-_all I size using the estimation proqedure fidence scoring which combines multiple features using a Fisher
discussed in Section 2. The initieatch-all model was defined  inear giscriminant analysis technique. This approach performs
by 11433 mixture Gaussian components. The percentages on th%ignh‘icantly better than a standard normalized log-likelihood ap-

left hand column of the table indicate the reduction in the num- proach. This performance improvement is even larger when exam-

ber of Gaussian components. A 99.5% reduction corresponds t0ning only the high-content words which are most important to the
a catch-all model which is defined by only 57 mixture Gaussian g ony g P

7 ) understanding of a query. The next step of our work is to begin in-

components. Thus a99.5% reduction in the size of the catch model, oo rating confidence scores into the dialogue component of our
resulted in only a 9% relative reduction in the FOM. system. Itis our hope that these scores can be useful for providing
informed feedback to the user about potential misrecognitions that

3.6. Effects of Word Content Classes the system may have incurred.
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