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High-Level Approaches to Confidence Estimation in
Speech Recognition

Stephen CoxMember, IEEEand Srinandan Dasmahapatra

Abstract—We describe some high-level approaches to es-it is correct, e.g., [4]. We think that an approach that relies
timating confidence scores for the words output by a speech |ess on the details of the recognizer might be useful, for two
recognizer. By *high-level” we mean that the proposed measures o 550ns: first, speech APIs are usually now effectively “black
do not rely on decoder specific “side information” and so should ,, 5 S .
find more general applicability than measures that have been boxes and. the side information ngcessgry to qonstruct _many
deve|0ped for Speciﬁc recognizers_ Our main approach is to Of the Conﬂdence measures deSCI‘Ibed n the ||tera.ture IS not
attempt to decouple the language modeling and acoustic modeling available; and secondly, it has been our experience that the
in the recognizer in order to generate independent information performance of some of these CMs varies from recognizer to
from these two sources that can then be used for estimation of yoqgnizer depending on details of the design of the decoder.
confidence. We isolate these two information sources by using a T . . .
phone recognizer working in parallel with the word recognizer. Qur motivation in _deV(_aloplng the_ techniques described here
A set of techniques for estimating confidence measures using theiS to make the estimation of confidence measures less recog-
phone recognizer output in conjunction with the word recognizer nizer-specific by using extra information in which the acoustic
output is described. The most sffective of tr?’ese techniques isand language models are less tightly coupled than they are
based on the construction of ‘metamodels,” which generate i, the recognizer. If side-informatiois available from the

alternative word hypotheses for an utterance. An alternative . it b bined with the inf fi ted
approach requires no other recognizers or extra information for recognizer, it can be combined wi € Information generate

confidence estimation and is based on the notion that a word USing these approaches to generate more powerful CMs.
that is semantically “distant” from the other decoded words in An important objective in this work is to attempt to isolate
the uttera}nce is Iikely_ to l.)e.inc.o.rrect. We describe a method for the language and acoustic modeling components of the recog-
constructing “semantic similarities” between words and hence ;o in order to assess separately the evidence for decoding a
estimating a confidence. Results using the U.K. version of the Wall - -
Street Journal are given for each technique. _partlcglar segment of the speech as a sequence of vyords. This
is motivated, among other observations, by the following result
' of an experiment. We observed that the conditional probability
of a word being correct or incorrect depends on the correctness
or incorrectness of the word preceding it (the same phenom-
|. INTRODUCTION enon was observed in [5]). Moreover, this deviation from sta-
HERE has recently been considerable research activitytiﬁtical inde_pendence increased _monoton_ically as the language
odel scaling factor was made bigger. This suggested to us that

the field of confidence estimation for the output of speecrlﬁ1 ol  tackling th bl f fid timati
recognizers, for instance [1]-[4]. There are several motivatioftg >€T!' way ot tackiing the problem of confidence estimation
s to disentangle the correlative effects of the language model.

for attaching a measure of confidence to the words output by e . : ;
recognizer: it can be used to improve the efficiency of a spee’(‘é‘ifomplete dg-coupllng qf the acoustic "’F”d Ignguage modeling
dialogue/understanding system by requesting confirmation %qmponents is not possible. prever, in this paper, we hgve
re-input of uncertain words, for detection of out-of vocabular ftempted to weaken the worfj—lntern.al phonotactlg constralqts
(O0V) words, to aid unsupervised speaker adaptation etc. mposed by_the word recognizer Wh'ch can override acoustic

Many approaches to deriving confidence measures (C es that might otherwise indicate a different phone-level_ <_je—
for words have been based on using “side-information” deriv& ding. We then try to correlate the result of such a recognition

from the decoder, such as normalized likelihoods [3], di1‘fere¥\\fIth that of a word-level recognizer W?th the degree of correla-
decodings [2], number of competitors at the end of a word [zﬂ?” tgken to sugges_t degrees of confidence. :
This approach points the way toward a system-independent

etc. This information is often used as a feature vector for a . ) .
thod for computing a confidence score. We isolate the

classifier that attaches a probability to each output word thae 11oC S i . .
acoustic modeling information by using a phone recognizer

working in parallel with the word recognizer, an approach also
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(e.g., with hypotheses from the word recognizer, with theight components associated with it. Performance was 70.4%

language model) to assess confidence in decodings from tugrect and 49.5% accurate.

word recognizer. The development set of the database was divided into a set
We have also examined a technique that takes the high-leo&P13 sentences for training our confidence estimators and an-

approach to its limit in that it requires only the top hypothesisther 913 for testing. Each word in the recognition output from

output by the word recognizer to generate a confidence measeaeh sentence was tagged &8 ‘(correct) or “I” (incorrect)

for each decoded word with no ancillary information from théefore being used in the CM experiments (see Section IV-C for

speech recognizer. The idea is that a word that is semanticatipre details). The HMM training/decoding software used for

unrelated to the other decoded words in the utterance is likelly experiments was HTK v2.2. [9].

to be incorrect. AnV-gram language model incorporates only

“short range” semantic coherence, inasmuch as words that have [ll. THEORETICAL BACKGROUND

a high probability of occurring together are sometimes seman- : : .
. ! ) . . The use of an unconstrained phone recognizer which works
tically linked. Hence, a measure of the “semantic similarity” of

o In parallel with the word recognizer allows a more general ap-
every decoded word to the other decoded words is mdependernol?ach to confidence estimati%n By “unconstraine(% we megn
information that can be included in the decision process. We ‘fﬁét the phoneme decoder is c.onfi ured using a s’im le net-
scribe a technique for estimating this “semantic similarity” and P 9 9 'mp

. 4 : work that allows any phoneme to follow any other with equal
show how it can be used to provide a confidence measure.

The paper is structured as follows. Section Il describes tj?bablmy (a “phone-loop”). The guestion is then how to make

X . e best use for confidence estimation of the extra information
data and the recognizers used throughout the experiments doc- . N
; . . ~from the phone recognizer, which is independent of the lan-
umented in the paper. In Section lll, we introduce the notatign ) )
S . N uage model. In this section, we develop some theory that en-
used and develop the mathematical ideas underlying the “ph ,
ables us to propose two confidence measures that make use of

correlation” technigues. These techniques are described in St%c : S .
: . ! : is extra information: phone-correlation [10] and metamodels
tion IV and results are given for them. Section V gives the mo

vation and the theory behind the development of “metamode 11]. These techniques are described in detail in Sections IV and

and also gives results for the technique. Section VI discussés
the semantically inspired approach to confidence estimation, g&e—
scribes the techniques developed and gives results. In the final
section, Section VII, we summarize the ideas and main resultsl he following notation is used in this paper:
in the paper and discuss future work in this area. 1) A is the acoustic signal input into the recognizer;

2) P ={p1,p2,...} is the set of phonemes;

3) P = {p1,p2,...} is the set of strings of phonemes;

Il. SPEECH DATA AND RECOGNIZERS 4) W = {w1, ws, ...} is the vocabulary, i.e., the set of lex-

USED IN THESE EXPERIMENTS ical entries;
5) W = {wi,wa,...} is the set of strings of lexical entries
The baseline recognizer was trained on speech data fromthe (j.e., strings of words);

U.K. version of theWall Street Journatlatabase, WSJCAMO 6) w* € Wis the output of the word recognizer in response
data-set [8], using mainly “standard” techniques implemented  to an utterance;
in the Entropic HTK package. The data was parameterized t07) q* e P is the transcription ofv* into a sequence of
a 39-D vector consisting of 12 MFCCs and a log energy value  phones;
+ velocity + acceleration coefficients. The specifications of the 8) p* € P is the output of the phone-loop recognizer in
recognizer were as follows: response to an utterance.

1) trained on the speaker-independent trainingssetr of

WSJCAMO (92 talkersy 90 utterances per speaker); B. Decoupling the Acoustic and Language Models

2) number of words in vocabulary 20 000; For speech recognition, we attempt to find the word sequence
3) Bigram language model (trained on 60M words frong* for which the probabilityPr(w|A) is largest among all

the North American business news corpus), perplexifyord-sequencess € W. The decoding is performed in the

~ 160; standard way by expanding a word network into triphone
4) 3500 states created by tree-clustering word-internal t§equences by dictionary lookup. Since the triphone sequences

phones; eight Gaussian mixture components per stateform a proper subset @, we may invoke completeness and

Notation

5) three-state left-to-right models; rewrite Pr(w|A) as
6) test set used: the speaker-independent development set

si_dt in WSJCAMO,~ 1800 utterances; Pr(w|A) = Z Pr(w|p) Pr(p|A). (1)
7) performance (word level): 74.0% correct, 68.2% accu- oeP

rate.

The phone recognizer was also trained on the complétbe second terir(p|A) is evaluated in a phoneme classifica-
WSJCAMO training-set and consisted of 45 monophort®n task, while the first term can be estimated from a pronunci-
models, three states to a model with no skips. As for the woation modePr(p|w) using Bayes theorem and a word segmen-
recognizer, each HMM state had a Gaussian mixture modeltafion algorithm.



462 IEEE TRANSACTIONS ON SPEECH AND AUDIO PROCESSING, VOL. 10, NO. 7, OCTOBER 2002

In Viterbi decoding, the beam threshold placed on log-likeli- IV. PHONE CORRELATION TECHNIQUES

hoods restricts the sum above to an even smaller sub%et of The “phone correlation” techniques described in this section

are based on using an estimatePofqy|px) as a measure of
Pr(w|A) ~ >, Pr(wlp)Pr(pl4). (2 confidence for decoded word,. The recognizer's dictionary
p within beam is used to rewritev;, as a phone sequenqg—if there are mul-
tiple pronunciations of any word decodedwrt, it is necessary
The word recognition problem is to fing* which maximizes to find which one was decoded and use the phoneme string cor-
(2) and whose phoneme sequencq’is responding to that pronunciation.
Instead of choosing this subset®f we may instead choose
the sequencp™ obtained from a phoneme classification task A. Alignment and Comparison Methods

. To estimatér(qx|pk ), the phone streamg® andp* need to
p =arg m%,’; Pr(p|A) be correctly aligned to each other. Two methods for alignment
pe were tested.
:argglé% Pr(Alp) Pr(p)- (3) Frame-Level, FL. q* was used together with the phone
boundaries available from the word recognizer to tag each

In this paper, we set all phonemes to be equiprobab]e af[ﬁame of an utterance with the |dent|ty of the phone decoded
statistically independent (a phone loop), so the Viterbi searghthat time. The frames were similarly tagged using the phone
in this problem ranges over sequences not considered in fR60gnizer boundaries and the phonepin Hence, the tags

word recognition problem as it disregards both intrawordPplied by both word and phone recognizers to a sequence of
(phonotactic) and interword (language model) constraintsframes corresponding to a decoded word could be compared

Thus, a different approximation of (1) gives on a frame by frame basis.
Phone-Level, PL.Dynamic programming was used to align
Pr(w|A) ~ Pr (w|p*) Pr (p*|4) ) q* with p*. The sequence of phongg corresponding to word

wy, decoded by the word recognizer could then be aligned with

P When this method is used, it is possible for some phones
decoded by one recognizer not to be paired by the dynamic pro-
gramming algorithm to a phone decoded by the other recognizer.
These phones are regarded as “insertions” and are ignored in

The knowledge ob* from a phone-recognition experimen
may be used to obtain aiternative decodingf the utterance
by finding the word sequence’ that maximizes each side of

(4) subsequent analysis.
. i i Two methods of comparing the tags on the frame-aligned
W= arg&%f)r (w[p®) Pr(p*[4) sequences (FL) or the DP-aligned sequences (PL) were used.
— arg max_Pr (w|p*) ®) For word wy, let the corresponding subsequencesghe =
weW ’ q-..9¢, andp, = p1 ...pp,. For the frame-aligned method,

the length of the subsequencBs = Qx, as they measure the
Now that the lexical constraints on the choice of phonem@gration of the phoneme in the decoded speech stream; for the
have been lifted, we shall try to gauge the correctness of tiethod in which the phonemes are aligned by dynamic pro-
word-stringw* by comparing it with the phone-string®. We gramming, the same condition entails once the insertions are
can use (5) to make correlative comparisons at the word levighored, excep@; now refers to the number of phonemes in
which we shall do in Section V. In the following section, wevord wy in the lexicon.
shall propose a confidence measure by correlating phone-string) Cross confusion matrix measure, CCMAssuming that
alone. the phoneme occurrences are independent, we define a confi-
To do that, we need to confront the problem of segmentignce measure for word;, as
phone strings into words. We make the simplifying assumption

that in order to assess the correctness of a word given the phone Qr
evidence, it is sufficient to consider the segmentgoaindp* CCOM (wy,) = Z log Pr (qi|p:) - (6)
that correspond to a recognized word. If the decoded word se- 1=1

guence consists aV words, i.e.,w* = wy,ws,...wy then

q* = q1,92,...qy andp* = p1,p2,...pn~, Whereq, isthe The termPr(g|p;) is estimated by forming a “cross confusion
dictionary transcription of théth decoded word ang, is the matrix” ¥ (g, p) (for p, ¢ € P) between the phone-loop and the
sequence of phonemes decoded by the phone decoder thatword recognizers as follows:

responds tay,. We give the details of this correspondence in a) for each utterance, use dynamic programming to ajign
the following section. with p*;

1An imposition of a suitably constraining model of phone-sequence proba- b) to make entrleJ(q,p), count the number of times that

bilities could be an alternative strategy, which would only leave the interword phoneg; = ¢ was aligned with phong; = p;
probabilities used in the word-recognition problem unconstrained. This would c) use\IJ(q7p) to estimathr(q|p)_

also increase the cardinality of the set obtained by intersecting the search spages . .
of the word-recognition problem and that of the phonologically constrained set* e CCM measure is based on the premise that the more the

ting. phone-loop and the word recognizer agree, the more chance
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there is of a correct decoding of the word. A simple way of quan- Using the training-data;’C M and L R measures were com-
tifying this would be define a confideneg for thelth phone in puted for each training-set word and histograms of the values

a word as for “C” and for “I” utterances were estimated. The threshold
L if o= at which theC/I tagging accuracy was maximized (using a
C = { 0’ otﬁle;/v]ijsie (7) Bayesian approach) on the training-set was then determined.

where ¢; and p; are the identities of théth pair of aligned B. Baseline Confidence Measures: ThE-Best” Technique

phonemes. This was tested, but found to be a poor measure, evefhe techniques described in Section IV-A were benchmarked
when zero in the (7) was replaced by an empirically determinggainst a “standard” confidence measure estimating technique,
floor value. An alternative premise is thatcansisten@align- ine N-best method [2]. This technique effectively uses an es-
ment between pairs of phonemes may indicate correct decodjfiate of the stability of each decoded word in the word lat-
of a word, even if the two phones aligned are not the same e, the premise being that words that are stable in the lattice
consistent co-occurrence of a pair of phonemes is expresseyRY more likely to be correct than those that occur infrequently
a higher than average value Bf(q|p;), which increases the ang/or erratically. An N-best” confidence measure was com-

value of CCM (wy) in (6). Hence('C'M (wy.) should be higher pyted for each word in the top hypothesis from the word recog-
for correctly decoded than for incorrectly decoded words.  pizer in the following way:

. 2) Likelihood-ratio, LR. The C'C'M measure dpes hot take_ 1) dynamic programming is used to align the top hypothesis
into account whether the phones decoded by either recognizer w* to each of the next 99 hypotheses from the word rec-

are correct or not. We extendC M by using the training data ognizer;

to form two cross confusion matriced, made using phone 2) the nurr,1ber of timed/;, that wordwy, in the top hypoth-
co-occurrences associated with correctly decoded word¥ and esis occurs in the sarhe alignmeht position in the other
made using phone transcriptions associated with incorrectly de- hypotheses is counted:

coded words. (No_te _thatwhm IS correct_ly decerdlk is the 3) the confidence measure for woud, is estimated as
reference transcription fan,; hence, ¥ is effectively an es- M,/ 100;

timate of the confusion matrix of the phone recognizer.) Using 4) the optimum threshold fa? /I tagging accuracy is set as
U and ¥, we estimatPr(q|p, w = C),w € W (wheregq is stated in Section IV-A.

in word w andp is the corresponding phoneme from the phone .
recognizer) an®r(¢|p, w = I). Using Bayes theorem, we find It could be argued that thb’-bes_t technique does not pgrform
as well as some others in the literature. Howeyétest lists

Pr(qlp,w = C) Pr(w = C) are available from many recognizers and the technique for pro-

Pr(w = Clq,p) = Pr(qlp) cessing them into confidence scores is fairly standard. As a con-
Pr(glp, w = Iq) :;r(w _y sequencelV-best is the closest technique we currently have to a

’ recognizer-independent and standard baseline for deriving CMs

Pr(qlp) and hence is an appropriate baseline for benchmarking the per-
formance of the recognizer-independent CMs described here.

and Pr(w=Il|g,p) =

Hence, a correct/incorrect likelihood ratigf for the co-occur-
rence of a pair of phoneg andp corresponding to the word C. Results for the Phone-Correlation Techniques
wy, can be defined

Various methods for rating confidence measures have been

Li (wy) :PT (w, = Clq, p1) proposed [13]. The measure adopted here is the confidence error
Pr(wg = I|q1, p1) rate C ER) [14], which is just the error-rate on the task of tag-
_Pr (qu|pi, wy = C) Pr (wy, = C) ®) ging each decoded word as either™or “1.” Clearly, if the
Pr(qlpr,wr =1I) Pr(wy=1)° word error rate of the recognizerisa CER of e can be ob-

tained by guessing each word as." Hence, we use the per-
(Note that a similar approach of using a likelihood ratio basexntage improvement i@ £ R over guessing provided by the
on a cross-confusion matrix was taken in [12].) Again assumiggnfidence measure which we define as tomfidence gain
independence of terms, a confidence measure for waris (CG), i.e.,
then
oG - CERg — CERc

Qr
LR (wy) = log L () CERg
=1

x 100% (10)

O whereCE R is the “guessingCER andCER¢ )y theCER
—Qu0+ Y log Pr(qlp, we = C) (9 obtained using the confidence measure.
= Pr(q|pi,wr = 1) The baseline performance of our word recognizer is 74.0%
correct, 68.2% accurate. To measure W8 R when no CM is
whered is estimated as the logarithm of the ratio of correaised, it is required to tag every output word as eith@f or
words to incorrect words. “1.” Hence, substitutions and insertions in the word recognizer
Both these methods can be equally well applied to the smitput are marked ag™ and deletions are ignored. The adjusted

quences of tagged frames rather than aligned phones. word error rate is 31.0% and this correspond€'6 R .
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TABLE |
PERFORMANCE OF PHONE CORRELATION ) T

&

Technique | CERcn (%) | CG (%)

FL + CCM 30.2 2.6 Fig. 1. Architecture of the metamodel of a phoneme.
FL + LR 30.3 2.3
PL + CCM 29.8 3.9 our HMMs model the mapping between the “noisy” phone

stream output by the phone recognizer and the reference
transcription. As these discrete HMMs model the output from
N-best 241 22.2 acoustic HMMs, we have termed themetamodelsand the
associated decodemaeta-recognizer

) ) Fig. 1 shows the architecture of a metamodel of a phoneme.
Table | shows the performance of the techniques. Using a BRe central statB of the metamodel for a phoneme models cor-

phone alignment (PL) of the two phone streams is Superior iQct decodings and substitutions of this phoneme made by the
using a frame-level alignment and this is most effective Wh‘?ﬂ\one recognizer. The outer statésand C, model (possibly
used in conjunction With the Iike!ihood ratio (LR).AIthoughthfarnu|tip|e) insertions. A deletion is accommodated by the loop
results from the techniques using a parallel phone recognizgfm input to output. Each state has a discrete probability dis-

are statistically significant, they are not practically significantjstion over the phonemes associated with it. The metamodels
and none comes close to the performance of the bas®libest are trained in the same manner as acoustic HMMs using em-
technique. It was conjectured that if the acoustic models “Sedoi@dded Baum-Welch re-estimation as follows:

the two recognizers had some independence, these correlati0|_:1L
techniques might perform better. We have some evidence that
this is the case, but have not been able to confirm our results in
time for publication.

PL + LR 29.2 5.8

) Set the nonzero model transition probabilities to random
values and seed the symbol distributions for each state
equiprobably;

2) Use the reference transcriptions to concatenate the appro-
priate sequence of phoneme metamodels for each training
set utterance;

An attractive alternative to correlating the phone hypotheses3) Use the decoded string* for each utterance as training
from the recognizers is to construct word hypotheses from the  data and iterate re-estimation of the transition probabil-
phone recognizer output and compare these hypotheses with ities and distribution probabilities of the metamodels,
those output by the word recognizer. The alternative decodingis  using the Baum-Welch algorithm, until a suitable con-
obtained from (5) by some segmentation algorithm whichincor-  vergence criterion is reached.
porates the classification errors inherenpin Again, we would - Since the phone recognizer tends to produce insertions, there are
expect that where both sets of hypotheses decoded the samgys enough phones in any utterance to train the sequence of
word in the same position, confidence in the correctness of thaétamodels.
word would be high, given that the phoneme strings in the word The language model is then used to compile the meta-recog-
decoding problem and in the phone recognition problem afigzer network, which is identical to the network used in the word
from different “slices” of P imposed by the respective Viterbirecognizer except that the nodes of the network are the appro-
approximations. We first attempted to segmpfitinto words priate metamodels rather than the triphone acoustic models used
using a sliding window to isolate fixed-length subsequencesgf the word recognizer. At recognition time, the output of the
p* that might constitute fragments of a word, together with ghone recognizgs* is passed to the meta-recognizer to produce
confusion matrix that enabled us to account for possible errefset of hypothesesDynamic programming is used to compare
in the phone decoding (a similar approach was used in [15fese hypotheses with the top hypothesis from the word recog-
However, these experiments convinced us that the large numhigier and any word in the word recognizer output that occurs
of errors, especially insertions, in the phone recognizer streamdre thanV times in the same position in the meta-recognizer
made the segmentation problems quite unwieldy [10]. output is marked as “C.N is determined experimentally and is

We therefore sought a method of accounting for likelih the range 1-5.
errors in the phone recognizer stream whilst simultaneously
segmenting it to form word hypotheses. A word recognitiop, Metamodel Results
system effectively uses the Shannon “noisy channel” paradigml_a

. ! ble Il compares the results for the metamodels confidence
and this approach seemed to be also appropriate for our task. . . . :
" . score with those obtained usimg-best. Note that a slightly
In a word recognition system, the HMMs model the mappin ; .
o o aller test-set from that used in Section IV-C was used here
from sequences of “noisy” feature vectors to phonemes and the

and the result forV-best is slightly better than that quoted in
language model ensures that only legal sequences of phonemes

(i.e., sequences of words) can be decoded. We use the sarA@hen formulating word hypotheses using the meta-recognizer, the

principle to decode the stream from the phone recognizer irfgpustic/language modeling balancing faciors set to the same value as is
used to give optimal recognition results from the word recognizer. This may

words. However, the input to our word re_COQn'Zer is the pho'ﬂ@t be optimal for the metarecognizer, nor is it guaranteed to be optimal for
streamp* rather than a stream of acoustic feature vectors amé confidence classification problem.

V. METAMODELS
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TABLE I ) technigues can be used in combination to enable operation over
PERFORMANCE OFMETAMODELS CM COMPARED WITH IV-BESTCM the full range of false alarm/false acceptance tradeoff.

Technique | CERcup (%) | CG (%)

VI. USING SEMANTIC INFORMATION AS A WAY OF

Nbest 23.9 24.8
MEASURING CONFIDENCE
Metamodels 21.9 31.1
An approach to confidence estimation that requires neither
side information from the recognizer nor a parallel phonetic rec-
TABLE I

ognizer must rely on either syntactical or semantical clues. Op-

ERRORPATTERN FORMETAMODELS AND N-BESTCMSs . . .
erating under the premise that correct recognition results should

Metamodel C | Metamodel I be more grammatical than incorrect results, Zhang and Rud-
Nobest C 4413 1120 nicky have used a parser to extract confidence measures [17].
In this section, we describe the use of “semantic” knowledge to

N-best I 1225 463

decide whether a decoded word is likely to be correct or not.
Palmer and Ostendorf made some use of semantic knowledge
TABLE IV in [5], where they found that knowing whether a word was part
PERCENTAGE OFCORRECT AND INCORRECTWORDS (COLUMNS 3 AND 4) of a “location, organization or person phrase" was useful. Pao
COMPARED WITH PREDICTION OF TWO CONFIDENCE MEASURES .. . . .
et al. also used semantic information [18], but their technique

N-best tag | metamodel tag | prob C% | prob 1% required hand-coding of the semantic categories of the vocabu-
lary words, which ours does not.
C C 91.8 8.2 Our technique was inspired by the observation that humans
C I 50.3 49.7 can identify some words that are incorrect in recognizer output
I C 59.9 40.8 on semantic grounds. Consider, for instance, a sentence decoded
p ; a5 g by our recognizer: “Exxon corporations saiq earllie'r this week
that it replaced one hundred forty percent its violin gas pro-

duction in nineteen eighty serve on.” Here, the word “violin”
Section IV-C. Table Il lists the number of words tagged cofiS clearly incorrect because it is not semantically related to the
rectly or incorrectly for each of the two confidence measures f8fher content words in the sentence (the correct transcription is
the subset of words for which both measures gave a tag (soritand”). Of course, not all incorrectly decoded words can be
utterance files had to be discarded because the pruning threi$hclearly identified on semantic grounds as in this example, but
olds for recognition were set too tightly). Table 11l shows, fothe occurrence of “semantic outliers™ is not infrequent in rec-
example, that 1225 words were mistagged¥pest, but cor- 0gnizer decodings (see Section VI-A for some numbers from
rectly tagged by the metamodel confidence measure etc. 104 Own recognizer). If decoded words could be tagged using
promising that only 463 of the 7221 words listed above wef8is principle, no side information from the recognizer would
mistagged by both measures, indicating an upper bound of G_E%requirEd. If side informatiois available, it can be used in
tagging error over the baseline guessing measure (31% ermy]unction with the semantic information, as this information
possible by some combination of the two features. A furth¥ill be independent of any information about the quality of the
breakdown of these figures in order to compare the performarf@ustic matching in the decoder and will also have a degree
of each tag-pair is given in Table IV. Table IV shows that whe@f independence from any measures derived from the decoder’s
both confidence measures tag a word as correct, there is a 91!89guage model. In Section VI-F, we describe how these two
chance that the decoded word is correct. Conversely, when be@its of information were combined to give an improved CM.
tag incorrect, there is a 85.5% chance that the word is incorrect.

Receiver operating curves for thé-best and for the meta- A. Preliminary Experiment

model confidence methods are shown in Fig. 2. In a preliminary experiment, we investigated the viability of
the idea of estimating confidence in the correctness of a decoded
word using semantic information. We examined about 600 sen-
In Fig. 2, the lack of points for metamodel CMs at low falséences decoded by our recognizer from the WSJCAMO corpus
alarm levels is due to the fact that a metamodel CM cannot Bed, without knowing the correct transcription, attempted to
computed for all words decoded by the word recognizer, bevark the words that we thought were incorrect on “semantic”
cause not all the words in the word recognizer output string agrounds. This marking was done conservatively, i.e., only words
pear in the word strings hypothesised by the metarecognizbiat seemed to be clearly wrong because they were incongruous
However, Fig. 2 shows that metamodel CMs are superior Were tagged as. The confusion-matrix of our hand-marking is
N-best CMs in regions where they operate together. In fact, thieown in Table V. Table V indicates th#1 + 49 = 470 words
N-best and metamodel methods are complementary, becawsee tagged a$ out of the2720 + 421 = 3141 that were ac-
it is not possible to operate th&¥-best method at low levels tually incorrect, i.e.Recall = 15%. Of the 470 words tagged
of false acceptance, as there are some incorrect words thatagF, 421 were correctly tagged, $orecision = 89.6% (these
pear in every hypothesis and hence have a confidence of dedinitions of Recalland Precisionare used in Section VI-F).
(a problem also noted in [16]). Hence, metamodels &Rdest This experiment indicated to us that using a machine capable

B. Discussion
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TABLE V that words that tend to co-occur across documents are semanti-
CONFUSION-MATRIX FOR HAND-TAGGING OF WORDS ONSEMANTIC GROUNDS i
cally linked.
CLASSIFIED The essential idea behind LSA is to form a matrix of

Unclassified | Incorrect word/document co-occurrences and then to represent the row
Correct 7680 " and column vectors of this very large matrix in a greatly reduced
ACTUAL _omree subspace using the technique of singular value decomposition
Incorrect 2720 421 (SVD). Because the matrix is very sparse and its rank is also
much lower than its dimensionality, it is possible to represent
the vectors in a low dimensional space with relatively small
of emulating human performance by using a “semantic” criterror. The key property of LSA is that words whose vectors are
rion to identify incorrect words had the potential to identify onlyclose” in the reduced space correspond to semantically similar
a small number of words, but with fairly high precision. Theyords (also, documents whose vectors are close in this space
words we identified were all uncommon nouns or verbs thagbnvey similar semantic meanings). It is this property that we
were incongruous: it would not be possible to identify incomhave exploited for use in forming a confidence measure. By
rectly decoded common words, such as function words. Hoprojecting the vocabulary words into the subspace, we can
ever, nonfunction words, in most cases, bear more informatiggtimate a “semantic similarity” between any pair of words.
and so are generally more important if a confidence measureTisese similarities can be used to provide an estimate of the

needed to support, e.g., a dialogue system. likelihood of the words co-occurring within the same utterance,
under the obvious assumption that the utterance and the training
B. Application of Latent Semantic Analysis texts are homogeneous.

Latent semantic analysis (LSA) is a technique that has been L
in use for some years in the field of information retrieval anff- APPlication of LSA
has latterly been applied in speech recognition [19]. It is not The 1994 subset of the WSJ [available in the North American
proposed to describe the theory of LSA in detail here—for a@dews Text Corpus (NANT)] was used to form a word/document
introduction, see, for example, [20]. LSA is a technique for asaatrix W for latent semantic analysis. A “document” was de-
sociating words that tend to co-occur within documents that dieed to be a news story and the text was preprocessed to remove
“semantically coherent” (examples of documents are entriespaonctuation and to spell out abbreviations, numbers, dates, etc.
an encyclopaedia or stories in a newspaper). The assumptiofili® entries ini/ were formed from the raw counts; of the
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Fig. 3. Distributions of “semantic similarities” for four words.

number of times word appears in documeritaccording to the {L;} for four words at different positions in the ranking. The
technique described in [19]. In [19], entry {) of W is defined implication of Fig. 3 is that broad distributions are associated
asW;; = G;L;;, whereG; is a “global weight” for wordw;  with words that occur with many other words and hence have a
and reflects the fact that words occur with different frequenciésoad range of semantic similarities, whereas the narrower dis-
through documents antd;; a local term that adjusts; to take tributions centred on zero represent words that occur with only
account of widely different values. There were 19 685 differeatsmall fixed set of words and hence have a semantic similarity
words and 19 396 documents in the corpus. SVD/ofvas done close to zero to most other words in the lexicon.
using the special MATLAB routine for sparse matrieesis(). It seemed possible that these “semantic similarities” were ac-
After some experimentation with different dimensionalities alially simply a reflection of the fact that a word that occurred
reduced space, a reduced space dimensionality of 100 was usétén in the training data would naturally co-occur with many
Each word was then described by a 100-D vector and the “s#her words and hence have a high mean similarity, whereas the
mantic similarity” between words),,, andw,, in the lexicon, reverse would be true for infrequently occurring words. How-
S(m,n), was computed as the cosine of the angle between #aeer, it was found that there was only a very weak correlation
vectors, i.e., between the mean semantic similarity and the number of occur-
rences (or the ranking of the number of occurrences) of a word
(11) (Jr| = 0.15 for the latter case). For example, the word “proving”
has a medium number of occurrences in the training-data (91,

Wherew,, is the 100-D vector associated with word, . It rank 6992) but a high mean semantic similarity of 0.385 (rank
should gé noted that1 < S(m,n) < 1 and a high positive 165), which indicates that it co-occurs with a diverse collection

value forS(m, n) indicates that the words,, andw, have a pf words.. Qonversely, “gas” has a high number of occurrences

high semantic correlation. in thg treym.ngjdata (1946, rank 579), but a very !ow mean se-
Before proceeding to use these similarities for estimation Bantic similarity of 0.02 (rank 19 081), which indicates that it

confidence measures, we were interested to examine their ditA=0ccurs only with a very specific set of other words.

butions for different words. The similarity between each word ,

in the lexicon and all other words was computed to give a S8t confidence Measures From LSA

of similarities { L;} for word w;. The mean similarity; was We first attempted to identify words whose meaning and

computed for each word and the words were then ranked byage were not cognate with the other decoded words in the

their value ofL;. It was noticeable that the words with highsentence by using the precomputed semantic similarities to

values ofL; were predominantly (but not exclusively) functioncompute the mean semantic similarity for each decoded word.

words. The words with the lowest values were, without excefuppose that the sequence of words decoded from an input

tion, rarely occurring nouns. Fig. 3 shows the distribution of thetterance iswy (1), wy 2y, - - - , wy(ny, WhereU() maps from

Wy, Wy,

B |wm | lwn|

S (Wi, Wn)
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the number of the decoded word in the sentence to the number TABLE VI
of the same word in the lexicon. The mean semantic similarity EFFECT OFVARYING THE THRESHOLD L7
for theith decoded word is
Threshold % words CERG CERPSS CG (%)
N .
1 Lt discarded
MSS;, == S(U®%),U(y)). 12
‘N ; W@, U@) (12) 0.45 0 0.303 0.288 5.0
0.4 5 0.296 | 0.282 4.7
(Notlge thgt if word w; s the same as wordw;, 0.35 957 0.986 0.274 19
S(U®4),U(j)) = 1, which increases the value dffSS;.
In practice, only common function words usually reoccur in a 03 459 | 0.260 | 0.247 5.0
decoding and as these words will be discarded after the applica- 0.25 53.6 0.238 | 0.221 7.1
tion of a stop list (see Section VI-E), this effect does npt cause 0.2 64.6 0.230 0.999 34
a problem). We would expedt/ S'S to be low for semantically 015 - 0243 021 02
incorrect words and high for words that are cognate. However, i i i .
M SS is a poor indicator of semantically incorrect words. The 0.1 88 0.276 0.285 -3.2
reason for its poor performance is tlrabstwords have high 0.05 97 0.296 | 0.294 0.7

similarities to function words and although a semantically
incorrect word may have low similarities to other content words
in the decoded sentence, these low similarities are maSKEdHé!Jins to rise again and continues to rise. Examination of the
the “noise” from the higher similarities to decoded functiogvords retained whefi < 0.15 shows a greatly increased pro-

words. portion of single letter words, mostly “u,” “p,” and “s.” These
. _ o words are almost always incorrect insertions by the decoder and
E. Using a Stop List to Eliminate Common Words hence the error-rate increases.

This result suggested that it was necessary to discard decodetgble VI does not show the predicted increase in tagging ac-
words that had high mean semantic similarities to most othewracy when commonly co-occurring words are eliminated. An
words in the lexicon, as these words had low semantic weightamination of the distribution of the values B5.S was re-
and contributed mainly noise to the value &fSS for other Vvealing. InFig. 4, the values @SS for correctly (top) and in-
words. Accordingly, we experimented with using a stop list [21qorrectly (bottom) decoded words are shownlfgr= 0.25i.e.,
of decoded words whose value 6f was above a threshold with 53.6% of decoded words excluded. The histograms have
Ly. We then compute a confidence measure for each of the felarge overlap showing thdtS.s is unable to separate these
maining words. The confidence measures we experimented witsses very effectively. However, it is interesting to examine
were as follows. the “tails” of the distributions. Our hypothesis is that a semantic

1) M SS as defined in (12); confidence measure should be effective at identifying incorrect

2) M R, the mean rank of the semantic similarities to the d&vords and so we would expect to see a high probability of low
coded wordy;. M R; was computed by finding the rank of eactvalues of PSS for incorrectwords and a low probability of low
S(U(i),U(j) in the set of semantic similaritigs.;} and then Vvalues of PSS for correctwords. In fact, Fig. 4 shows that the
computing the mean; probabilities of low values of?SS are very similar for both

3) PSS, the probability that the set of semantic similaritiegorrect and incorrect words. Howevaigh values of PSS are
between wordw; and the other decoded words was generatéinificantly more probable for correct words than for incorrect

from the distribution of similaritie§ ; } words. HenceP S S is deriving its discrimination by identifying
correctly decoded words. Analysis revealed that the words as-
PSS — HPr (Li < S(U(G),U>H))) (13) sociated with high values dPS'S were predominantly words

that commonly occurred in the WSJ data (numbers, financial

whereL; is a random variable whose distribution is estimatet rms, etc.) that were highly cognate with each other. Inspection

from {L;}, the set of semantic similarities for word. We ap- of the decoded words that had very low values’#fS associ-

proximated the distributions shown in Fig. 3 by five componer(i:atltjer?ir:’\g/]'tvk\‘l(;rrljesnj{hsa?tot:’:l Zdbterf; ig;?eec(;;tgzii dﬁ??ﬁgﬂgﬁﬂﬁfg
Gaussian mixtures to estimdte(L; < S(U(i),U(j))). '

. . reason that these common words have low semantic similarity to

In practice, we found that all three of the above statistics gave, .
o . : other decoded words is that they have not been seen to co-occur

very similar performance, wit?SS marginally the best. The in the training corous with them

effect of varyingLr on the tagging accuracy 6fS S is shownin g corp '

Table VI. In Table VI,C E R is the error-rate of the recognizer

on the retained words=(the “guessing” error-rate}; K Rpss

is the tagging error-rate when using tR& S confidence-mea-  The semantic confidence-measure based on the valls 8f

sure and’'G is the confidence gain. Itis interesting tliat’ R is a weak indicator of correctly or incorrectly decoded words,

at first decreases, probably as more function-like words, whiblit the information it provides is largely independent of sim-

tend to have a higher error-rate than nonfunction words, are dia+ information from the decoder itself. It seemed possible that

carded. However, when 78% of words are discarded,R; combiningPS.S with a CM derived directly from the decoder

F. Combining Semantic anf-Best Confidence Measures
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Fig. 4. Distributions of values aP S S for correct and incorrect words.

would be useful. We used thé-best CM (V B) as described in This information is largely independent of information derived
Section IV-B to provide this. If we assume thétB; andPSS;, from a “side information” based confidence measure, such as
the values ofVB and PSS for word w;, are independent esti- V-best and hence complements the latter. Although our orig-
mates of the probability that word; is correct, the product of inal idea was that a semantically based CM would be able to
these values BPSS;) gives a further estimate of this probadidentify incorrectly decoded words that were not cognate with
bility. Fig. 5 shows receiver operating curves formed from ththe other decoded words in an utterance, we found unexpectedly
three CMsN B, PSS and NBPSS by varying the threshold that it was better at predicting correctly rather than incorrectly
above which words were classified as correct (N.B. this was rdecoded words. The ability of the technique to identify correctly
onall decoded utterances). Fig. 5 shows tR&S (squares) is decoded words seems to be due to the presence of a set of com-
generally a poor indicator of the status of a decoded word: if alonly occurring content words in the WSJ data that are highly
decoded words are examined, its performance is no better tlcagnate (e.g., numbers, financial terms). The technique was ca-
chance, but as the proportion of decoded words examined drageshle of identifying incongruous words successfully (such as
its accuracy increases to close to 100¥3 (crosses) is better the example quoted in Section VI), but was unable to discrimi-
for high values of recall, but the maximum precisidiB is ca- nate between these words and correctly decoded common words
pable of is 87.5% at a recall of about 50%. The sim§lB point occurring in a previously unseen context. It was clear from the
to the left of this point is made from the values/®i3 that are preliminary experiment that this approach would only ever be
exactly 1.0 (i.e., words that occur in all top 100 decodings) amapable of giving confidence measures for infrequently occur-
the proportion of such words that are actually correct is abauhg content words and future work will include integration of
85.5%. WhenPSS is combined withNV B to form NBPSS word probability measures with the semantic measures to en-
(asterisks), performance with high recall is slightly better thamnce this ability.

N B aloneN BPS S retains the ability of?.S'S to give high pre-

cision for low recall. This is useful if it is desired to identify a VII. SUMMARY AND DISCUSSION

small number of decoded words as correct with a high confi-

dence Our motivation in this work was to develop techniques for

word confidence estimation that are independent of the archi-
tecture and operation of the word recognizer. In doing so, we
have attempted to take a broader view of the problem than pre-
Using information about how well a decoded word relategously and base our measures on additional sources of rela-
semantically to the other decoded words in an utterance damly independent information rather than ad hoc"side in-
provide useful information about whether the word is corrediormation” derived from the recognizer’s internal workings. We

G. Discussion
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TABLE VII N-best or phone correlation that offers substantially better per-
SUMMARY OF PERFORMANCE OF THETECHNIQUESDISCUSSED IN THEPAPER formance than both. It could also be used effectively in tandem

- with the N-best technique ifV-best information is available.

Technique CERcuy (%) | CG (%) Metamodels attempt to capture the mapping from the output of

N-best (baseline)* 24.0 23.5 a phone recognizer to the true transcription and as such may find

Phone level application in other areas of speech recognition (in pronuncia-

. . tion modeling, for instance).

+ likelihood ratio (PLYLR) 292 o8 Section VI introduced an approach that was motivated by the

Metamodels 21.9 311 idea that words decoded by the recognizer that are semantically
LSA + NBest (NBPSS) 22.8 26.3 “distant” from the other decoded words are more likely to be in-

correct. The semantically based technique has the advantage of

h ined f Usi finf . requiring no side information at all from the recognizer: on its
ave examined ways of using two exira sources of informatio n, it is a weak indicator of confidence, but when combined

a ph_one-lo(cj)p f{ecognlz_erc;/_vorklngnlrt; parallel ‘;]V'th thz word reGlith N-best, it produced a very useful gain in the low recall/high
ohgnlzeréam a sgmantlc |sta}|[1c; \(/eltlweent & wor ipresefnﬁf@cision regionN-best performs poorly in this region because
the word recognizer output. Table summarizes the periQfzo e 510 5 significant number of incorrect utterances that have

mance of the techniques discusse_zd in the paper. In Sect_ion N -best “score” of 100%. We speculate that the semantically
we developed some theor_y the_lt gives an approach to using fiRq technique would be most effective when used in an ap-
output of a ph_one recognizer in tandem with the output o4t that has several domains that are fairly independent
a word recognizer to derive confidence measures for the wo each other, but which uses a single vocabulary and language
output by the word recognizer. This theory was utilized in Se¢-

. : . . fiodel.
tion IV in atechnique called “phone correlation.” Phone correla- We are currently in the process of testing the effectiveness

tion gives a small improvement in confidence over guessing, tB‘|‘tall these techniques and comparing them with conventional
Table VIl shows that using a phone-loop recognizer to ConStrLLgEhniques on a real dialogue system
“metamodels” has much more benefit. Section V extended the ' '

ideas of Section Il to develop the use of metamodels, in which
putative word strings are constructed from the output of the REFERENCES
phone recognizer. By comparing these strings with the word . _ _ _

. d d by the word recoanizer a confidence meas I’[91] L. Chase, “Word and acoustic confidence annotation for large vocabu-
strings produced by ne w gniz I Su lary speech recognition,” iRroc. 5th Eur. Conf. Speech Communication
can be produced. This is a more complex technique than either and TechnologySept. 1997, pp. 815-818.
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