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Abstract 

Isolated Word Verification (IWV) is the task of verifying the 
occurrence of a keyword at a specified location within a 
speech stream.  Typical applications of IWV are to reduce the 
number of incorrect results output by a speech recognizer or 
keyword spotter.  Such algorithms are also vital in reducing 
the false alarm rate in many commercial applications of speech 
recognition, such as automated telephone transaction systems 
and audio database search engines. 
 
In this paper, we propose a new method of isolated word 
verification that we call Cohort Word-level Verification 
(CWV).  The CWV method attempts to increase IWV 
performance by incorporating higher level linguistic and word 
level information into the selection of non-keyword models for 
verification.  When used in conjunction with speech 
background model based IWV, we are able to achieve 
significant performance improvements for IWV of short 
words.  

1. Introduction 

Isolated word verification algorithms are paramount in speech 
recognition applications where the number of recognition 
errors needs to be reduced.  Many commercially available 
keyword spotting systems and audio information retrieval 
systems would be virtually unusable without the use of some 
form of isolated word verification system to reduce false alarm 
rates. 
  
Currently available IWV algorithms perform relatively well 
for long keywords (longer than 8 phones) [1].  Simple IWV 
algorithms are often able to almost completely remove all false 
alarms without adversely affecting the false rejection rate of 
the recognition system.  For example, in the experiments we 
performed, speech background model based IWV on long 
keywords in the TIMIT speech database sustained a 1% false 
acceptance rate at a 5% false rejection rate.  
 
However, IWV performance for shorter keywords (less than 7 
phones) is significantly lower [2].  When speech is 
parameterised there are fewer observation vectors to use for 
the verification of short duration keywords.  Consequently, 
attaining high confidence scores is more difficult for short 
keywords. 
 
IWV for short keywords becomes even more difficult when it 
is used in conjunction with a keyword spotter.  Typically the 
performance of keyword spotters decreases with the length of 
the keyword being spotted.  In [1], authors report a low miss 
rate of less than 5% at 10 false alarms/hour for long keywords 
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er than 8 phones), but a very high miss rate of 45% at 10 
alarms/hr for short keywords (6 phone length).  

fore, it is important to operate the IWV system at a very 
alse rejection rate, so as not to further increase the 
y high miss rate of the keyword spotter.  However, 
g the IWV at a very low false rejection rate results in a 

r false acceptance rate.  This means that the potential 
iveness of the IWV system in decreasing the false alarm 
 greatly reduced. 

aper presents a new method of IWV, that we call Cohort 
 Verification (CWV).  The technique, when combined 
ackground model based IWV, achieves a very low false 

tance rate at a relatively low false rejection rate (for short 
rds). 

2. Background 

isolated word verification methods derive some form of 
ence score for a candidate word.  Thresholding is then 
med to accept or reject word occurrences.  A number of 
ence scoring methods have been proposed for such a 

including [2-7].  A commonly used method is the log-
ood ratio method.  We used a version of this method as 
line system. 

og-likelihood ratio method 

og-likelihood ratio hypothesis test statistic (LLR IWV) 
e used as a confidence score.  Given a sequence of 
ation vectors, X, a keyword model λkw and a filler (non-
rd) model λfiller, the log likelihood ratio is defined as,  

)|(log)|(loglog fillerkw XpXpRLLR λλ −==  (1) 

Cohort Word-level Verification method 

iculty encountered with LLR IWV is how to accurately 
l the non-keywords in the filler model.  A good filler 
l should model all keywords that are not the target 
rd.  This is difficult when the vocabulary of the system 
ounded or very large.  A number of architectures have 
roposed for the filler model, such as a large background 

h model  [8], anti-syllables [7] and a uniform 
ution [9].  All these methods result in LLRs with good 

minative capabilities between keywords and non-
rds for long words.   

t keywords are words that have a similar pronunciation 
 target word.  Using similarly pronounced words as non-
rd models results in the selection of non-keywords at 
ord level.  This extends the concept of anti-syllables 
sed by the authors in [7], however selection is 



performed at the more natural (for word verification) word 
level instead of the syllable level. 
 
By selecting non-keyword models at the word level, linguistic 
and word-level information is implicitly incorporated into the 
selection process.  When selection is done at the phone or 
syllable level, the resulting sequence of anti-syllables that are 
used for verification may be an improbable syllable sequence 
in the target language.  Using cohort word non-keyword 
models ensures that verification is performed against non-
keywords that are part of the target language. 
 
It is anticipated that cohort keyword filler models will 
particularly excel in the case where the speech to be verified 
is a word that is very similar to the target word (eg. verifying 
whether DINER is DONER, or FATHER is FEATHER).  
Intuitively, one expects this to be a fairly common situation, 
especially when the IWV system is used on the outputs of a 
keyword spotter, since the output candidate words are likely 
to be acoustically or phonetically similar to the target word. 
 
Average speech IWV methods, such as background model 
based IWV or a uniform distribution IWV, derive a 
confidence score based on the deviation of the candidate word 
from the ‘average’ word.  There will hence be very poor 
discrimination for similar words such as DINER and 
DONER, and FATHER and FEATHER. 
 
Using the CWV method, a confidence score is derived based 
on the difference between the candidate word and similarly 
pronounced words.  Hence it is expected that there will be 
significantly better discrimination for similar words such as 
DINER and DONER, and FATHER and FEATHER. 

3.1.1. Selecting cohort words 

Given a very large word dictionary with adequate coverage of 
the target language, cohort words can be selected using a 
string distance algorithm such as the Minimum Edit Distance 
(MED) algorithm [10].  A summary of the MED is provided 
as detailed discussion is beyond the scope of this paper. 
  
Given a target keyword, W, an associated phone sequence {w1, 
w2, …, wN}, a candidate cohort word, C, and an associated 
phone sequence {c1, c2, …, cM}, the MED algorithm calculates 
the minimum number of insertion, deletion, substitution and 
match operations required to transform sequence W to 
sequence C.  The result of the Minimum Edit algorithm is a 
set of operations, S, that, if applied in order to sequence W, 
will result in sequence C, with a minimum cost. 

 ),(},...,...,,{ 21 CWtMinimumEdissssS Kk ==  (2) 

 { }matchsubstdeleteinsertsk ,,,ε  (3) 

The algorithm accounts for various costs associated with each 
operation using the cost function operation φ(op), where the 
operand op is one of insertion, deletion, substitution or match. 
The overall minimum transformation cost or Minimum Edit 
Distance, d(W,C), can then be calculated 

 ∑= )(),( ksCWd ϕ  (4) 

To select cohort words for a given target word, the MED is 
calculated for each word in the dictionary.  Any words that 
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 MED within a pre-determined selection range are then 
s cohort words.  

et of cohort words that are selected from the dictionary 
ds on the cost function, φ(op), as well as the selection 
 [dmin, dmax].  These are the parameters required for the 
t word selection algorithm, and hence some preliminary 
 should be done to select the optimum parameters. 

ionally, as the size of the dictionary for cohort word 
ion increases, the number of cohort words that fall 
 the selection range will probably increase.  Hence, it is 
mended that some kind of upper limit be set on the 
er of cohort words that are used. 

 Verification using cohort words 

 a target word and a corresponding set of cohort words, 
q1, q2,…, qB}, verification is performed similarly to the 
method.   

ach cohort word, qi, the likelihood of the observation 
nce, X, is calculated.  Additionally, the likelihood of X 
e target word is calculated.   

fidence score can then be calculated using the LLR 
d.  Some examples of LLRs that can be used are the 
cohort word LLR (eqn. 5) and the maximum cohort 

LLR (eqn. 6). 
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4. Experimental Procedure 

WV method was evaluated on the TIMIT speech 
se.  Two test sets were used - acoustically dissimilar 

eywords and acoustically similar non-keywords.  Three 
ectures for CWV were evaluated.  Baseline system 
s were obtained using background model based IWV [3, 

ecogniser parameters 

est speech was processed in 25ms length windows at a 
 rate of 100 frames/second.  Mel Frequency Cepstral 
icients (12 MFCCs + deltas + accelerations) were 
ted and then Cepstral Mean Subtraction (CMS) was 
d to reduce any cross channel effects (although in this 
ular experiment, cross channel effects were not much of 
ern).  HMM models (12-mixture triphone) were used to 

l the keywords and cohort words.  The models were 
d on the WSJ1 short and long training sets.  A 256-
onent Gaussian Mixture Model (GMM) was used as the 
h background model for the baseline verifier.  The 
 was trained using the entire TIMIT training data set. 

ohort word selection 

arameters that were adjusted for cohort word selection 
own in Table 1.  Additionally, φ(subst) was set to 1, and 
ch) was set to 0 the reduce the complexity of the 



experiment.  The number of cohort words used was limited to 
a maximum of 200 to allow a good compromise between 
verification speed and the cohort word set size.  If more than 
200 cohort words existed in the dictionary, 200 were picked at 
random. 
 

Parameter Range Parameter Range 
φ(ins) 1-2 dmin 1-4 

φ(del) 1-2 dmax 1-4 

Table 1: Cohort word selection parameters 

4.3. Evaluation word sets 

Two evaluation word sets taken from the TIMIT database 
were used for the evaluation.  The first set, Acoustically 
Dissimilar (AD), consisted of 54 keywords and 180 non-
keywords randomly selected from the TIMIT test set.  All 
keywords used were short (6 phone length).  The second set, 
Acoustically Similar (AS), consisted of 37 keywords 
randomly selected from the TIMIT test set.  Keyword spotting 
was performed for the 37 keywords on the TIMIT test set.  
From the keyword spotter result set, 286 incorrect keyword 
spot results were selected as acoustically similar non-
keywords.  It was anticipated that IWV on the AS test set 
would be significantly more difficult than the AD set because 
of the acoustic similarity between the keywords and the non-
keywords. 

4.4. Evaluation procedure 

IWV was performed for each word in a given evaluation word 
set.  The methods evaluated were: 
 

1. BASELINE: Baseline background model based 
IWV (eqn. 1) 

2. LLRMEAN: CWV using mean log-likelihood of 
cohort words (eqn. 5) 

3. LLRMAX: CWV using maximum log-likelihood of 
cohort words (eqn. 6) 

4. RANK: CWV using rank of target keyword within 
cohort word scores. 

 
For each word, the corresponding speech segment was scored 
against the target keyword and any corresponding filler 
models.  Duration normalization was then applied to all raw 
model scores.  Following this, a confidence score was 
calculated, using the appropriate confidence score equation.  
Finally, thresholding was performed to accept or reject word 
occurrences.  
 
For each of the CWV methods, evaluation was performed 
using all combinations of cohort word selection parameters 
described in Table 1. 

4.5. Performance measures 

False acceptance rate and false rejection rates were calculated 
using the following formulae: 
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5. Results 

esults for the various experiments performed are given 
.  When reporting results for any of the CWV methods, 
he performance for the best combination of cohort word 
ion parameters is given.  The cohort word selection 
eters are given in the format: {φ(ins), φ(del), dmin, dmax} 

esults for Acoustically Dissimilar evaluation set 

 anticipated that IWV performance for the AD test set 
 be good, as the non-keywords were acoustically 
ilar to the keywords.  Experiment results are given in 

 2. 

IWV 
method 

FARate @ 3% 
FRRate 

FARate @ 10% 
FRRate 

ASELINE 5.56% 5.00% 
LRMEAN 3.89% {1,1,2,2} 3.33% {1,1,2,2} 
LRMAX 1.67% {1,2,2,3} 1.11% {1,2,2,3} 
RANK 0.56% {1,2,2,3} 0.56% {1,2,2,3} 

Table 2: Results for the AD test set 

y all CWV methods significantly outperform the 
ne system.  The RANK IWV method gives the best 
s, with 0.56% false acceptance rate at 3% false rejection 

esults for acoustically similar evaluation set 

of the AS test set was expected to be more prone to error 
WV on the AD test set because of the acoustic similarity 
en the test non-keywords and the test keywords.  
ts for the AS test set evaluation are shown in Table 3. 

IWV 
method 

FARate @ 3% 
FRRate 

FARate @ 10% 
FRRate 

ASELINE 23.1% 11.9% 
LRMEAN 67.8% {2,1,1,4} 44.1% {2,1,1,4} 
LRMAX 31.5% {2,1,2,4} 17.8% {2,1,3,3} 
RANK 39.9% {1,1,1,3} 20.6% {2,2,3,3} 

Table 3: Results for the AS test set 

valuation results show that all CWV methods perform 
 compared to the baseline system, for the AS test set. 

explanation for this poor performance is that the 
ood scores of cohort words and the target keyword are 

similar due to their phonetic similarilty.  Therefore, 
mination using simple thresholding is more difficult.  
 kind of variance normalisation or likelihood 
ution modelling may improve performance. 

er explanation is that although the AS test set contains 
tically similar non-keywords, the non-keywords are not 
sarily instances of one of the cohort words.  Let us 
 the Augmented Verification Set (AVS) as the union of 
t word set and the target word.  Verification of a 
ate word that is a member of the AVS is 

bilistically well understood – on average, the matching 



member of the AVS will score highest.  However, when the 
candidate word is not a member of the AVS, the AVS 
member that scores the highest is not probabilistically 
predictable.  There will therefore be cases where the target 
word scores highly, only because it is the member of the AVS 
that is most similar to the candidate word.  If this is the cause 
of some of the errors in CWV, then a joint verifier that 
combines an average speech model verifier with the cohort 
word verifier may improve performance.  Candidate words 
that are not a member of the AVS will be rejected by the 
average speech model verifier while candidate words that are 
one of the cohort words will be rejected by the cohort word 
verifier.     

5.3. Joint verification evaluation 

Experiments were performed to evaluate a simple joint 
verifier that combined the baseline verifier and the cohort 
word verifiers.  For each candidate word, verification was 
performed using each of the verifiers.  The candidate word 
was accepted if it exceeded the thresholds for both verifiers.  
Thresholds were chosen manually to optimise the 
performance of the joint verifier.  The results for experiments 
on the AS test set are shown in Table 4.  It was not possible to 
get exact results for false reject rates of 10%, so results were 
obtained for false reject rates of 15% instead. 
 

IWV method False 
accept @ 
3% false 

reject 

False 
accept @ 
15% false 

reject 
BASELINE only 23.1% 10.8% 

BASELINE+LLRMEAN 23.1% 10.8% 
BASELINE+LLRMAX 14.7% 5.24% 

BASELINE+RANK 21.0% 3.85% 

Table 4: Results for joint evaluation on AS test set 

The results show that the BASELINE+RANK and 
BASELINE+LLRMAX joint verifiers have significantly 
better performance than the baseline verifier. 
 

FRRate FARate 
BASELINE 

only 

FARate 
BASELINE 

+ RANK 

FARate 
BASELINE 
+ LLRMAX 

3% 23.0% 21.0% 14.7% 
5% 23.0% 18.2% 12.6% 
8% 15.4% 12.6% 12.6% 

10% 11.9% 9.80% 7.69% 
13% 10.8% 6.30% 5.60% 
15% 10.8% 3.85% 5.24% 
18% 9.40% 3.50% 4.90% 

Table 5: Performance of joint verifiers at different 
operation points 

6. Conclusions 

Isolated word verification is a difficult problem, especially 
when the target word has a short duration.  Simple IWV 
algorithms such as LLR verifiers provide acceptable 
performance for long keyword IWV but have room for 
improvement for short keyword IWV. 
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ave proposed a new method of IWV named Cohort 
 Verification.  When CWV is combined with the 
round model based IWV, this method yields a 
icant decrease in false alarm rate for a difficult test set 
ning non-keywords that are acoustically similar to the 
rds. 
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