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Abstract—The support for typically out-of-vocabulary query
terms such as names, acronyms, and foreign words is an important
requirement of many speech indexing applications. However, to
date many unrestricted vocabulary indexing systems have strug-
gled to provide a balance between good detection rate and fast
query speeds. This paper presents a fast and accurate unrestricted
vocabulary speech indexing technique named Dynamic Match
Lattice Spotting (DMLS). The proposed method augments the
conventional lattice spotting technique with dynamic sequence
matching, together with a number of other novel algorithmic
enhancements, to obtain a system that is capable of searching
hours of speech in seconds while maintaining excellent detection
performance.

Index Terms—Audio indexing, information retrieval, keyword
spotting, speech data mining, speech indexing.

I. INTRODUCTION

HE growing importance of speech and multimedia data
Tin society has necessitated the development of technolo-
gies that can index and search these mediums effectively. To
date, the most common solution to this problem has been to use
speech-to-text transcription (STT) systems to generate textual
transcriptions that can then be rapidly searched using conven-
tional text search engines (e.g., [1]-[3]). Unfortunately, such ap-
proaches are severely restricted by the vocabulary of the STT
system, and thus are inappropriate for tasks that require sup-
port for typically out-of-vocabulary keyword queries such as
names, acronyms, and foreign keywords. These tasks include
news-story indexing, technical document database searching,
and multilanguage surveillance.

For such applications, unrestricted vocabulary keyword
spotting methods, such as HMM-based keyword spotting [4],
have provided a solution, though at the expense of consider-
ably slower query speeds. Faster approaches such as reverse
dictionary lookup search methods [5] and lattice spotting
techniques [6]-[9] offer significantly quicker searching but are
encumbered by poor miss rate performance.

This paper presents and extends the work on the Dynamic
Match Lattice Spotting (DMLS) method first presented in [10].
The DMLS method combines the fast performance of lattice
spotting with dynamic sequence matching techniques to obtain
more satisfactory keyword detection performance. The resulting
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system is capable of searching 1 h of audio in under 2 s while
maintaining good detection performance.

Initial sections of this paper discuss the motivation for
the DMLS method and present a detailed description of all
associated algorithms. Subsequent sections then report on
experiments to compare the performance of DMLS to other in-
dexing methods. These sections also provide a detailed analysis
of the various parameters of DMLS. The final sections discuss
methods of optimising the execution speed of DMLS to im-
prove real-time speed without affecting detection performance.

II. MOTIVATION

Preliminary experiments using HMM-based keyword spot-
ting found that although such systems provided good detec-
tion performance, they left much wanting in terms of execu-
tion speed. Specifically, it was found that it took 110 s ! to
search 1 h of speech for a single keyword using a 3-GHz Pen-
tium 4 processor. Although such speeds are more than ade-
quate for real-time monitoring tasks such as broadcast moni-
toring and keyword control systems, significantly faster speeds
are required for tasks such as large database searching.

One solution is to first transcribe the audio using a STT
system and then only search the resulting text at query time.
Such an approach provides very fast searches since query time
processing is purely textual. However, keyword queries using
this method are restricted by the vocabulary of the STT system.
In very large vocabulary domains or domains with dynamic vo-
cabulary sets—such as the broadcast domain—this restriction
will be problematic. For example, the name of the latest elected
president of Sri Lanka is unlikely to be in the vocabulary of
most STT systems, but may be of interest to a user searching
for any related news stories.

In contrast, lattice-based and bottom-up indexing methods
provide unrestricted query-time vocabularies while maintaining
fast query speeds. Instead of transcribing the speech into words
during the preparation stage, these methods use a low-level rep-
resentation such as phone or syllable labels. This low-level rep-
resentation can then be searched at query time to infer putative
locations of a target word.

Unfortunately, the detection performances of such methods
are significantly poorer than HMM-based methods. For ex-
ample, the bottom-up method proposed by [5] achieved a miss
rate of approximately 35% @ 10 FA/kw-h (false alarms per
queried keyword per hour of speech searched). A miss rate
of 30% @ 10 FA/kw-h was reported by [6] for lattice-based
spotting.

IThis timing was obtained using a HMM keyword spotter with a Gaussian
mixture model (GMM) background model, as described by [11].
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A major reason for the poor performance of lattice-based and
bottom-up methods is that query time searching is based on
highly erroneous phone recognizer transcriptions. Phone recog-
nizer error rates are typically in the vicinity of 30%—50% in fa-
vorable conditions, and potentially even poorer for adverse con-
ditions. This high error rate will clearly be propagated to the
query-time search stages resulting in poor search performance.

Lattice-based approaches (e.g., [6]) attempt to accommodate
phone recognizer errors by encoding an utterance within the
recognition lattice in terms of multiple hypotheses. A phone
lattice not only represents multiple utterance level transcrip-
tions, but also maintains multiple localized transcriptions at a
given time point in an utterance. It is hoped then, that at least
one of the localized hypotheses occurring at the point of a
true target keyword occurrence will match the target keyword
phone sequence.

One means of further reducing the impact of phone recog-
nizer error is to incorporate any prior knowledge of recognizer
errors into the search process. For example, if the phones /aa/
and /ih/ are known to be highly substitutionary for a given
phone recognizer, then improved detection rates may be ob-
tained by including this prior information in the search process.

However, an unfortunate side-effect is that allowing for
such error corrections will inadvertently lead to an increase in
false alarm rates. For example, when using the /aa/ < [ih/
substitution rule, true occurrences of the word STICK
(/s/,/t/,]ih/,/k/) will be labeled as instances of the word
STOCK = (/s/,/t/,/aa/,[k]). As such, any error correc-
tion will need to incur some kind of cost that affects the overall
likelihood of a putative instance.

A method that successfully incorporates phone recognizer
error correction will improve overall keyword spotting robust-
ness. The resultant gains in performance will improve the suit-
ability of lattice-based and bottom-up approaches for the speech
indexing task.

III. DMLS METHOD

DMLS is an extension of conventional lattice-based spot-
ting, but uses the minimum edit distance (MED) [12] during
lattice searching to compensate for phone recognizer insertion,
deletion, and substitution errors. This addresses a major short-
coming of lattice-based methods—the requirement for the target
phone sequence to appear in its entirety within the phone-lattice
for consideration as a hypothesised keyword occurrence.

Given source and target sequences, the MED calculates the
minimum cost of transforming the source sequence to the target
sequence using a combination of insertion, deletion, substitu-
tion, and match operations, where each operation has an asso-
ciated cost. In the DMLS method, each observed lattice phone
sequence is scored against the target phone sequence using the
MED. Lattice sequences are then accepted or rejected by thresh-
olding on this MED score, hence providing robustness against
phone recognizer errors. Conventional lattice-based indexing is
a special case of DMLS where a score threshold of 0 is used.

This means of phone recognizer error correction has signifi-
cant potential for improving detection performance. Consider
the phone lattice segment shown in Fig. 1 corresponding to
an instance of the word STOCK . Using the conventional lat-
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Fig. 1. Segment of phone lattice for an instance of the word STOCK. .

tice-based search, none of the paths will match the target se-
quence STOCK = (/s/,/t/,/aa/, k/). However, the lattice
shows that the phone recognizer correctly transcribed three of
the four phones correctly: /s/, /t/ and /k/. Yet a simple sub-
stitution error for the phone /aa/ prevents the word STOCK
from being detected. In contrast, the DMLS search will match
a large number of paths, though each path will have a nonzero
MED score. The decision to accept or reject these putative oc-
currences is then left to a subsequent thresholding or keyword
verification stage (e.g., [13]). This is one of the many examples
where DMLS’ error robustness aids detection performance.

As stated before, a downfall of DMLS is that there will be an
increase in false alarm rate since the sequence matching process
is significantly more liberal than the conventional lattice-based
technique. However, since each putative occurrence will have an
associated MED score that is indicative of the looseness of the
match, simple techniques such as thresholding can be used to
limit the looseness of the final result set. Additionally a subse-
quent keyword verification stage can be used to post-process the
DMLS result set to further aid in false alarm reduction. Thus, al-
though the anticipated increase in false alarm rate for the DMLS
technique is unfortunate, it is an addressable issue.

Another dynamic sequence matching-inspired approach was
previously proposed in [9]. This method differs from DMLS as
it applies a dynamic programming match on a path/utterance
level. In contrast, the proposed DMLS technique performs se-
quence matching on a localized per-word-length scale. It is be-
lieved that the DMLS approach is better suited to the spotting
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task as keyword spotters seek to discriminate keywords from
nonkeywords on a localized scale.

A. Basic Method

The DMLS algorithm is an extension of the conventional lat-
tice-based indexing method. This is a two stage process con-
sisting of an initial lattice building stage and a subsequent query-
time search stage.

During the lattice building stage, each utterance is decoded
using a Viterbi phone recognizer to generate a recognition phone
lattice. The quality and complexity of this lattice can be con-
trolled be adjusting a variety of factors including the phone
language model, the word insertion penalty, the grammar scale
factor, and the number of phone classes.

Lattice building only needs to be performed once per utter-
ance. Once a lattice is built, it can be used repeatedly in subse-
quent queries regardless of the query term.

The second stage of DMLS is the lattice search stage. This
step is considerably faster than the initial lattice building stage
since processing is purely textual. The process consists of
a modified Viterbi traversal of the lattice that emits putative
matches during traversal.

Let P = (p1,...,pn) be defined as the target phone se-
quence, where N is the target phone sequence length. Addition-
ally let Sp,,x be the maximum MED score threshold, K be the
maximum number of observed phone sequences to be emitted
at each node, and V be defined as the number of tokens used
during lattice traversal. Then for each node in the phone lattice,
where node list traversal is done in time-order:

1) For each token in the top K scoring tokens in the current

node:

a) let @ = (q1,...,qm) be defined as the observed
phone sequence obtained by traversing the current
token history backward M levels, where:

DM =N+ MAX(C;) X Smax;
ii) C; is the insertion MED cost function.
b) let S = BESTMED(Q, P,C;,Cy4,Cs), where:
i Cy is the deletion MED cost function;
ii O is the substitution MED cost function;

iii BESTMED(...) returns the score of the first
element in the last column of the MED cost ma-
trix that is less than or equal to Sy,ax (or co oth-
erwise).

c) emit () as a keyword occurrence if S < Spax-

2) For each node linked to the current node, perform V -best
token set merging of the current node’s token set into the
target node’s token set.

B. Improved Dynamic Match Lattice Search

The DMLS method described previously will execute signif-
icantly faster than HMM-based keyword spotting. This is be-
cause all search-time processing is purely textual. However, a
significant part of this search process is Viterbi decoding, which
in itself is a computationally intensive task. It is in fact pos-
sible to remove this Viterbi lattice traversal from query-time
processing, as described below. This results in significant in-
creases in query speed.

Since the paths traversed through the lattice are independent
of the query term (traversal is done purely by maximum likeli-
hood), itis possible to perform the lattice traversal during the lat-
tice building stage. Then it is only necessary to store the observed
phone sequences at each node for searching at query-time.

Furthermore, if it is assumed that the maximum queried
phone sequence length is fixed at N, and the maximum
sequence match score threshold is preset at Sp,,x, then it is only
necessary to store observed phone sequences of length M, =
Niax+ MAX(C;) X Siax- Clearly, a larger value of Nypay will
provide support for longer query sequences, but will also result
in an increase in storage requirements. Thus it is important
to carefully select a value of Ny, that supports sufficiently
long query sequences without unnecessarily penalizing storage
requirements to support rare queries of very long sequences.

This optimization results in a significant reduction in the com-
plexity of query-time processing. Whereas in the basic DMLS
approach, full Viterbi traversal was required, processing using
this optimized approach is now a linear progression through a
set of observed phone sequences.

The improved lattice building algorithm is then given as
follows.

1) Construct the recognition lattice using the same approach

as in the basic DMLS method.
2) Let A = {}, where A is the collection of observed phone
sequences
3) For each node in the phone-lattice, where node list traversal
is done in time-order:
a) for each token in the top K scoring tokens in the cur-
rent node:

)let @ = (qi,---.,qu,,., ) be the observed phone
sequence obtained by traversing the token his-
tory backward M. levels;

ii) append the sequence @) to the collection A, as
well as any associated timing information.
b) For each node linked to the current node, perform
V -best token set merging of the current node’s token
set into the target node’s token set.
4) Store the observed phone sequence collection for subse-
quent searching.
5) The recognition lattice can now be discarded as it is no
longer required for query-time searching.
This allows the considerably simpler query time search algo-
rithm shown below.
1) Load the previously computed observed phone sequence
collection for the current utterance.
2) For each member, Q) of the collection of observation se-
quences, A:
a) let S = BESTMED(Q,P,C;,Cy4,Cs);
b) emit ) as a putative occurrence if S < Spax.

IV. EVALUATION OF DMLS PERFORMANCE

Experiments were performed to compare the DMLS tech-
nique with conventional indexing approaches. This initial set of
experiments were performed on the TIMIT clean microphone
speech database to limit the task complexity. Later sections in
this paper present experiments on a more difficult conversational
telephone speech task.
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A. Baseline Systems

An HMM-based keyword spotter using a high-order GMM
background model (as described in [11] and [13]) was used
for evaluating HMM-based keyword spotter performance. This
baseline provides a comparison with standard state-of-the-art
keyword spotting performances achieved for real-time keyword
spotting.

The lattice-based baseline system was constructed using the
method proposed by [6]. This algorithm was implemented by
simply using a DMLS system with S,,,.x = 0. This in essence
would result in only exact matches within the recognition lattice
being emitted as putative occurrences, as required for conven-
tional lattice-based spotting. Miss and false alarm rates obtained
using this approach would be indicative of conventional lat-
tice-based spotting performance. However, true execution times
could not be measured for this baseline system, as a simulated
system was being used rather than the true lattice-based system
described by [6].

B. Evaluation Set

A keyword spotting evaluation set was constructed using
speech taken from the TIMIT test database. The choice of query
words was constrained to words that had six-phone-length pro-
nunciations to reduce target word length dependent variability.

Approximately 1 h of TIMIT test speech (excluding the SA1
and SA2 utterances that are repeated for every speaker, so as
to reduce test set bias) was labeled as evaluation speech. From
this speech, 200 six-phone-length unique words were randomly
chosen and labeled as query words. These query words appeared
a total of 480 times in the evaluation speech.

C. Recognizer Parameters

Sixteen-mixture triphone HMM acoustic models and a
256-mixture GMM background model were trained on a 140-h
subset of the Wall Street Journal 1 (WSJ1) database for use in
the experiments. Additionally 2-gram and 4-gram phone-level
language models were trained on the same section of WSJ1 for
use during the lattice building stages of DMLS and the con-
ventional lattice-based methods. The resulting acoustic models
achieved a word error rate of 21.1% on a TIMIT evaluation set
using a 6 K word list.

All speech was parameterized using perceptual linear predic-
tion coefficient feature extraction and cepstral mean subtraction.
In addition to 13 static cepstral coefficients (including the Oth
coefficient), deltas and accelerations were computed to generate
39-dimension observation vectors.

D. Lattice Building

The following lattice building procedure, based on the opti-
mized lattice building approach described in Section III-B, was
used for these experiments.
1) Lattices were generated for each utterance by performing
a U-token Viterbi decoding pass using the 2-gram phone-
level language model.

2) The resulting lattices were expanded using the 4-gram
phone-level language model.

3) Output likelihood lattice pruning was applied using a

beam-width of W to reduce the complexity of the lattices.
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This essentially removed all paths from the lattice that
had a total likelihood outside a beamwidth of W of the
top-scoring path.

4) A second V-token traversal was performed to generate the
top ten scoring observed phone sequences of length 11 at
each node (allowing detection of sequences of up to 11 —
MAX(C;) X Smax phones).

Lattice building was only performed once per utterance. The
resulting phone sequence collections were then stored to disk
and used during subsequent query-time search experiments.

E. Query-Time Processing

The optimized lattice search algorithm described in Sec-
tion III-B was used for these experiments. The sequence
matching threshold Sy,.x was fixed at 2 for all experiments
unless noted otherwise. MED calculations used a constant
deletion cost of Cy = oo, as preliminary experiments obtained
poor results when noninfinite values of Cy; were used. The
insertion cost was also fixed at C; = 1.

In contrast, Cs was allowed to vary based on phone substitu-
tion rules. Initially, experiments attempted to use costs directly
estimated from the phone confusion matrix. However, this intro-
duced a considerable dependence of the cost function upon the
actual recognizer characteristics, and although this dependence
could be reduced through smoothing, it was decided to use a
simpler set of knowledge-driven rules to provide a greater de-
gree of generalization. Further experimentation found that there
was no loss in performance using this set of knowledge-driven
rules compared to a data-driven estimation from the phone con-
fusion matrix, thus further reinforcing the choice to use a knowl-
edge-derived rule set.

The basic rules used to obtain these costs are shown in
Table I(a) and were determined by examining phone recognizer
confusion matrices. However, some exceptions to these rules
were made based on empirical observations from small scale
experiments using a separate development data set. The final
set of substitution costs used in the reported experiments are
given in Table I(b). Substitutions were completely symmetric.
Hence, the substitution of a phone m in a given phone group
with another phone 7 in the same group yielded the same cost
as the substitution of n with phone m.

F. Evaluation Procedure

The systems were evaluated by performing single-word key-
word spotting for each query word across all utterances in the
evaluation set. The total miss rate for all query words and the
false alarm per queried word per hour (FA/kw-h) were then cal-
culated using reference transcriptions of the evaluation data. Ad-
ditionally the total CPU processing seconds per queried key-
word per hour (CPU/kw-h) was measured for each experiment
using a 3-GHz Pentium 4 processor.

For DMLS, CPU/kw-h only included the CPU time used
during the DMLS search stage. That is, the time required for
lattice building was not included.

All experiments used a commercial-grade decoder to ensure
that the best possible CPU/kw-h results were reported for the
HMM-based system. This is because HMM-based keyword
spotting time performance is bounded by decoder performance.
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TABLE I
PHONE SUBSTITUTION COSTS FOR DMLS
Rule Cost Phones Cost || Phones | Cost
close consonant substitution 0 aa ae ah ao aw ax ay d dh 0
eg. /n/ < [nx/, [z] < [zh/ ch en er ey ih iy 1 n nx 0
vowel substitutions 1 ow oy uh uw t th 0
closure and stop substitutions 1 bddhgkptthjh 1 uw w 1
all other substitutions o) z zh s sh 1 w wh 0
(a) (b)
TABLE II TABLE IIT
BASELINE RESULTS EVALUATED ON TIMIT CoST RULES FOR ISOLATED RULE DMLS SYSTEMS
Method Miss | FA/ | cpu/ System Ca | Gi Cs(a,b)
Rate | kw-hr | kw-hr Close consonant | co | oo | a and b close consonants, 1
HMM[oc] 1.6 531 94.8 subst otherwise, co
HMMI[-7580] 104 43.9 94.8 Vowel oo | oo a and b are vowels, 1
HMMI[-7000] 39.8 | 202 | 948 subst otherwise, 00
CLS[3,10.200,0] 329 0.5 __ Closure/stop 0o | oo | aand b are closure/stop, 1
DMLS[3,10,200,2] | 102 | 222 | 18.0 subst otherwise, oo
Insertions 00 1 00

G. Results

To aid discussion, the notation DMLS[U, V, W, S\,ax] is used
to specify DMLS configurations, where U is the number of to-
kens for lattice generation, V' is the number of tokens for lat-
tice traversal, W is the pruning beamwidth, and S\, is the se-
quence match score threshold. The notation HMM]|«] is used
when referring to baseline HMM systems, where o was the du-
ration-normalized output likelihood threshold used. Addition-
ally, the baseline conventional lattice-based method is referred
to as CLS.

Performances for the DMLS, HMM-based and lattice-based
systems measured for the TIMIT evaluation set are shown in
Table I1. For this set of experiments, the DMLS[3,10,200,2] con-
figuration was chosen as the baseline DMLS configuration (the
decision was based on small scale experiments used to establish
sensible but not necessarily optimal parameter values)

The timing results demonstrate that as expected DMLS was
significantly faster than the HMM method, running at approxi-
mately five times the speed. This amounts to a baseline DMLS
system capable of searching 1 h of speech in 18 s. DMLS also
had more favorable FA/kw-h performance: at 10.2% miss rate,
it had a FA/kw-h rate of 22.2, significantly lower than the 43.9
FA/kw-h rate achieved by the HMM[—7580] system. However,
the HMM system was still capable of achieving a much lower
miss rate of 1.6% using the HMM][oo] configuration, though at
the expense of considerably more false alarms.

The miss rate achieved by the conventional lattice-based
system was very poor compared to that of DMLS. This con-
firms that the phone error robustness inherent in DMLS yields
considerable detection performance benefits. However, the false
alarm rate for CLS was dramatically better than all other sys-
tems, though with such a high miss rate, this is not surprising.

V. ANALYSIS OF DYNAMIC MATCH RULES

A notable result from the previous section was the consider-
able improvement in achievable miss rate for DMLS over the
baseline lattice-based system. This indicated that the phone rec-
ognizer error robustness incorporated into the DMLS search
did significantly improve detection performance. However, it
was not immediately clear which aspects of the dynamic match
process were most effective in improving performance.

Specifically, improvements in performance could be at-
tributed to the four main cost rules used in the dynamic
match process: insertions, close consonant substitutions (e.g.,
/d/ < [dh/, /n] < [nx/), vowel substitutions and clo-
sure/stop substitutions (e.g., /b/ < /d/, [k] < [p/). As
such, experiments were performed to quantify the benefits of
individual cost rules.

Specialized DMLS systems were built to evaluate the ef-
fects of individual cost rules in isolation. The systems were
implemented by using customised MED cost functions shown
in Table III. The evaluation set, recognizer parameters, exper-
imental procedure, and DMLS algorithm are the same as used
in Section IV.

A. Results

Table IV shows the results of the specialized DMLS systems,
baseline lattice-based CLS system, and the previously evaluated
DMLS[3,10,200,2] system with all MED rules.

The experiments demonstrate that the magnitude of contri-
butions of the various rules to overall detection performance
varies drastically. Interestingly no single rule brought perfor-
mance down to the all rules DMLS system. This indicates that
the rules are complementary in nature and yield a combined
overall improvement in miss rate performance.



THAMBIRATNAM AND SRIDHARAN: RAPID YET ACCURATE SPEECH INDEXING

TABLE 1V
TIMIT PERFORMANCE WHEN ISOLATING VARIOUS DP RULES
Method Miss FA/
Rate | kw-hr
CLS[3,10,200,0] 329 0.5
DMLS|[3,10,200,2] insertions 28.5 1.4
DMLS|[3,10,200,2] close consonant subst | 31.0 0.6
DMLS[3,10,200,2] vowel subst 15.6 9.4
DMLS|[3,10,200,2] closure/stop subst 23.5 3.6
DMLS[3,10,200,2] all rules 10.2 222

Using the close consonant substitution rules only yielded a
small gain in performance over the null-rule CLS system: 1.9%
absolute in miss rate with only a 0.1 drop in FA/kw-h rate. The
result suggests that the phone-lattice is already robust to close
consonant substitutions, and as such, inclusion of this does not
obtain significant gains in performance. Empirical study of the
phone-lattices revealed this to be the case in many situations.
For example, typically if the phone /s/ appeared in the lattice,
then it was almost guaranteed that the phone /sh/ also appeared
at a similar time location in the lattice.

The insertions-only system yielded a slightly larger gain of
4.4% absolute in miss rate with only a 0.9 drop in FA/kw-h
rate. The result indicates that the lattices contain extraneous
insertions across many of the multiple hypotheses paths, pre-
venting detection of the target phone sequence when insertions
are not accounted for. This observation is to be expected since
phone recognizers typically do have significant insertion error
rates, even when considering multiple levels of transcription
hypotheses.

A significant absolute miss rate gain of 17.3% was observed
for the vowel substitution system. However, this gain was at the
expense of a 8.9 absolute increase in FA/kw-h rate. This is a
pleasing gain and is supported by the fact that vowel substitution
is a frequent occurrence in the realization of speech. As such,
incorporating support for vowel substitutions in DMLS not only
corrects errors in the phone recognizer but also accomodates this
substitutionary habit of human speech.

Finally, significant gains were also observed for the closure/
stop substitution system. An absolute gain of 9.4% in miss rate
combined with an unfortunate 3.1 absolute increase in FA/kw-h
rate was obtained for this system. Typically closures and stops
are shorter acoustic units and, therefore, more likely to yield
classification errors. As such, even though the phone lattice en-
codes multiple hypotheses, it appears that it is still necessary
to incorporate robustness against closure/stop confusion for lat-
tice-based keyword spotting.

Overall, the experiments demonstrate the benefits of the var-
ious classes of MED rules used in the evaluated DMLS sys-
tems. It was pleasing to note that even the simplest of these
rules still provided tangible gains in performance over the base-
line lattice-based CLS system. This clearly reinforces the fact
that the dynamic matching aspects of DMLS are beneficial. The
results showed that insertion and close consonant substitution
rules only provided a small performance benefit over a con-
ventional lattice-based system, whereas vowel and closure/stop

TABLE V
EFFECT OF ADJUSTING NUMBER OF LATTICE GENERATION TOKENS
Method Miss Rate | FA/kw-hr | CPU/kw-hr
DMLS[3,10,200,2] 10.2 222 18.0
DMLSJ5,10,200,2] 5.8 46.0 42.6
TABLE VI
EFFECT OF ADJUSTING PRUNING BEAMWIDTH
Method Miss Rate | FA/kw-hr | CPU/kw-hr
DMLS[3,10,150,2] 12.5 14.6 10.8
DMLSJ3,10,200,2] 10.2 222 18.0
DMLS[3,10,250,2] 9.2 29.6 28.2
DMLS[3,10,00,2] 7.3 72.7 175.8

substitution rules yielded considerable gains in miss rate. Gains
in miss rate were typically unfortunately offset by increases in
FA/kw-h rate, although the majority of these gains were fairly
small, and would most likely be justifiable in light of the re-
sulting improvements in miss rate.

VI. ANALYSIS OF DMLS ALGORITHM PARAMETERS

The experiments reported earlier in this paper used a fixed
DMLS[3,10,200,2] configuration to reduce the scope of ex-
periments. This section reports on experiments to quantify
the effects of individual algorithm parameters on detection
performance. The evaluation set, recognizer parameters, exper-
imental procedure, and DMLS algorithm are the same as used
in Section IV.

A. Number of Lattice Generation Tokens

The number of tokens used for lattice generation U has a di-
rect impact on the maximum size of the resulting phone lattice.
For example, if a value of U = 3 is used, then a lattice node
can have at most three predecessor nodes. Whereas, if a value
of U = 5 is used, then the same node can have up to five prede-
cessor nodes, greatly increasing the size and complexity of the
lattice when applied across all nodes.

Tuning of U directly affects the number of hypotheses en-
coded in the lattice, and hence the best achievable miss rate.
However, using larger values of U also increases the number
of nodes in the lattice, resulting in an increased amount of pro-
cessing during DMLS searching and, therefore, increased exe-
cution time.

Table V shows the result of increasing U from 3 to 5. As
expected, increasing U resulted in an improvement in miss
rate of 4.4% absolute but also in an increase in execution time
by a factor of 2.3. A corresponding 23.8 absolute increase in
FA/kw-h rate was also observed.

The obvious benefit of tuning the number of lattice generation
tokens is that appreciable gains in miss rate can be obtained.
Although this has a negative effect on FA/kw-h rate, a subse-
quent keyword verification stage may be able to accommodate
the increase.
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Fig. 2. Effect of lattice traversal token parameter.

B. Pruning Beamwidth

Lattice pruning is applied to remove less likely paths from
the generated phone lattice, thus making the lattice more com-
pact. This is typically necessary when language model expan-
sion is applied. For example, applying 4-gram language model
expansion to a lattice generated using a 2-gram language model
results in a significant increase in the number of nodes in the
lattice, many of which may now have much poorer likelihoods
due to additional 4-gram language model scores.

The direct benefit of applying lattice pruning is an immediate
reduction in the size of the lattice that needs to be searched.
This will give improvements in execution time, though at the
expense of losing potentially correct paths that unfortunately did
not score well linguistically.

Table VI shows the effect of pruning beamwidth for four dif-
ferent values: 150, 200, 250, and co. As predicted, decreasing
pruning beamwidth yielded significant gains in execution speed
at the expense of reductions in miss rate. Corresponding drops
in FA/kw-h rate were also observed.

Adjusting pruning beamwidth appears to be particularly well
suited for tuning execution time. The changes in CPU/kw-h fig-
ures were dramatic, and in comparison, the miss rate figures
varied in a much smaller range.

C. Number of Lattice Traversal Tokens

The number of lattice traversal tokens V' corresponds to the
number of tokens used during the secondary Viterbi traversal.
Tuning this parameter affects how many tokens are propagated
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TABLE VII
EFFECT OF ADJUSTING NUMBER OF TRAVERSAL TOKENS

Method Miss Rate | FA/kw-hr | CPU/kw-hr
DMLS[3,5,200,2] 10.4 20.9 16.8
DMLS[3,10,200,2] 10.2 222 18.0
DMLS[3,20,200,2] 9.8 22.6 17.4

out from a node, and hence, the number of paths entering a node
that survive subsequent propagation.

The impact of this on DMLS is actually more subtle, and is
demonstrated by Fig. 2. In this instance, the scores of tokens
propagated from the ¢ node are much higher than the scores from
the other nodes. As such, in the five-token propagation case, the
majority of the high-scoring tokens in the target node are from
the ¢ node. Hence, the tokens above the emission cutoff (i.e., the
tokens from which observed phone sequences are generated) are
mainly £ nodes. However, using the same emission cutoff and
three-token propagation results in a set of top-scoring tokens
from a variety of source nodes. It is not immediately obvious
whether it is better to use a high or low number of lattice tra-
versal tokens for optimal DMLS performance.

Table VII shows the results of experiments using three different
numbers of traversal tokens: 5, 10, and 20. It appears that all three
measured performance metrics were fairly insensitive to changes
in the number of traversal tokens. There was a slight decrease in
miss rate when using a higher value of V, though this may not
be considered a dramatic enough change to justify the additional
processing burden required at the lattice building stage.
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TABLE VIII
EFFECT OF ADJUSTING MED COST THRESHOLD S ax

Method Miss Rate | FA/kw-hr | CPU/kw-hr
DMLS[3,10,200,0] 31.0 0.6 18.0
DMLS[3,10,200,1] 13.3 52 18.0
DMLS[3,10,200,2] 10.2 222 18.0
DMLS[3,10,200,3] 8.7 62.4 18.0

D. MED Cost Threshold

Tuning of the MED cost threshold, S\,ax, is the most direct
means of tuning miss and FA/kw-h performance. However, if
discrete MED costs are used, then Sy, itself will be a discrete
variable, and as such, thresholding will not be on a continuous
scale.

The Smax parameter controls the maximum allowable dis-
crepancy between an observed phone sequence and the target
phone sequence. Experiments were carried out to study the ef-
fects of changes in Sp,,x on performance. The results of these
experiments are shown in Table VIII. Since thresholding was
applied on the result set of DMLS, there were no changes in ex-
ecution time.

The experiments demonstrated that adjusting Sp,.x gave dra-
matic changes in FA/kw-h. In contrast, the changes in miss rate
were considerably more conservative except for the Sp.x = 0
case. Tuning of the MED cost threshold therefore appears to be
most applicable to adjusting the FA/kw-h operating point. This
is intuitive since adjusting Sy,,x adjusts how much error an ob-
served phone sequence is allowed to have, and as such has a
direct correlation with false alarm rate.

E. Tuned Systems

Previous sections examined tuning of the various DMLS
parameters in isolation. However, it was not clear from these
experiments how a system constructed using a combination
of tuned parameters would perform. In particular, it was es-
sential to know whether the benefits obtained from tuning the
individual parameters were complementary, resulting in even
greater increases in keyword spotting performance.

As such, two tuned systems were constructed and evaluated
on the TIMIT data set. Parameters for these systems were se-
lected as follows.

1) The number of lattice generation tokens appeared to be
well suited to adjusting miss rate. As such, a value of U =
5 was used for the tuned systems.

DMLS performance appeared insensitive to changes in the
number of lattice traversal tokens. Hence, to remain con-
sistent with previous experiments, a value of V' = 10 was
used.
The speed increases observed using a reduced lattice
pruning beamwidth were quite dramatic and in com-
parison only resulted in a small decrease in miss rate.
Considering the anticipated gains in miss rate from the
increase in the number of lattice generation tokens, a
reduced value of W = 150 was used.
4) Two values of S, were evaluated to obtain performance
at different false alarm points. The values evaluated were

2)

3)
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TABLE IX
TUNED DMLS CONFIGURATIONS EVALUATED ON TIMIT

Method Miss Rate | FA/kw-hr | CPU/kw-hr
Untuned DMLS[3,10,200,2] 10.2 222 18.0
Tuned DMLS[5,10,150,1] 11.5 6.7 18.6
Tuned DMLSJ5,10,150,2] 73 26.8 18.6

Smax = 1 and Spax = 2. Although it was anticipated
that a reduction in miss rate would be observed for the
lower Spax = 1 system, it was hoped that this would be
compensated for by the increase in the number of lattice
generation tokens, and further justified by the significantly
lower false alarm rate.

The results of the tuned systems on the TIMIT evaluation set
are shown in Table IX. The first system achieved a significant
reduction in FA/kw-h rate over the initial DMLS[3,10,200,2]
system at the expense of only a small 1.3% absolute increase in
miss rate. The second system obtained a good decrease in miss
rate of 2.9% with only a small 4.6 FA/kw-h rate increase. Both
these systems maintained almost the same execution speed as
the initial DMLS system. It is difficult to say which of the tuned
systems is more optimal, since typically the choice of operating
point is application dependent.

VII. CONVERSATIONAL TELEPHONE SPEECH EXPERIMENTS

Previous sections of this paper only evaluated DMLS on the
clean microphone speech domain. The conversational telephone
speech domain is a more difficult domain but is more represen-
tative of a real-world practical application of DMLS. As such,
this section reports on experiments to evaluate the performance
of DMLS for this domain.

Specifically, experiments were performed using the Switch-
board 1 telephone speech corpus. To maintain consistency, the
same baseline systems, DMLS algorithms and evaluation pro-
cedure as used in previous sections were used here.

A. Evaluation Set and Recognizer Parameters

The evaluation set was constructed in a similar fashion to the
previously constructed TIMIT evaluation set. Approximately
two hours of speech was taken from the Switchboard corpus
and labeled as evaluation speech. From this speech, 360 six-
phone-length unique words were randomly chosen and marked
as query words. In total, these query words appeared a total of
808 times in the evaluation set.

Acoustic and language models were trained up on a 165-h
subset of the Switchboard-1 database using the same approach
as used for the previous TIMIT experiments. The resulting
acoustic models achieved a word error rate of 31.1% on a 6-h
Switchboard-1 evaluation set using a 20 K word list.

B. Results

The results for the HMM-based, conventional lattice-based,
and DMLS experiments on conversational speech SWB1 data
are shown in Table X. DMLS performance was measured using
the baseline DMLS[3,10,200,2] system as well as a number of
tuned configurations. Tuned systems were constructed using a
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TABLE X
KEYWORD SPOTTING RESULTS ON SWB1

Method Miss Rate | FA/kw-hr | CPU/kw-hr
HMM[-7500] 8.0 4109 106.2
HMM]I-7300] 14.1 358.0 106.2
CLS[3,10,200,0] 38.4 3.6 -—
DMLS[3,10,200,2] 17.5 66.1 30.6
DMLS][5,10,150,2] 11.0 93.6 432
DMLS[5,10,150,1] 14.2 25.8 432
DMLS][5,10,100,2] 13.9 40.4 10.8

combination of lattice generation tokens, pruning beamwidth,
and Sp,.x tuning.

Of note is the dramatic increase in FA/kw-h rates for all
systems compared to those observed for the TIMIT evaluations.
This is an expected result, since the conversational telephone
speech domain is a more difficult domain for recognition.
For DMLS, this increase in false alarm rate is a result of the
increased complexity of the lattices. It was found that the
lattices generated for the Switchboard data were significantly
larger than those generated for the TIMIT data when using the
same pruning beamwidth. This meant that there were more
paths with high likelihoods, indicating a greater degree of
confusability within the lattices. As a result, more false alarms
were generated.

Losses in miss rate in the vicinity of 5% absolute were also
observed for all systems compared to the TIMIT evaluations.
Although this is unfortunate, these losses are still minor in light
of the increased difficulty of the data.

Overall though, DMLS still achieved more favorable per-
formance than the baseline HMM-based and lattice-based
systems. The DMLS systems not only yielded considerably
lower miss rates than CLS but also significantly lower FA/kw-h
and CPU/kw-h rates than the HMM-based systems.

In terms of detection performance, the two best DMLS sys-
tems were the DMLS[5,10,150,1] and the DMLS[5,10,100,2]
configurations. Both had lower false alarm rates than the other
DMLS systems and still maintained fairly low miss rates. How-
ever, the execution speed of the DMLS[5,10,100,2] configura-
tion was four times faster than the DMLSJ[5,10,150,1] system.
In fact, this system was capable of searching 1 h of speech in 10
s and thus would be more appropriate for applications requiring
very fast search speeds.

Overall, the experiments demonstrate that DMLS is capable
of delivering good keyword spotting performance on the more
difficult conversational telephone speech domain. Although
there was some degradation in performance compared to the
clean speech microphone domain, the losses were in line with
what would be expected. Also, DMLS offered much faster
performance than the HMM-based system and considerably
lower miss rates than the conventional lattice-based system.

VIII. NONDESTRUCTIVE OPTIMIZATIONS

Experiments on the TIMIT and Switchboard databases have
clearly demonstrated that DMLS is capable of obtaining very

ald|c|k|d aj|d|clk|d]|e

0[1]2]|3|4]|5 0[1]2]|3]|4|5]|6

allj0[1]2]3]|4 a|l|0|1|2|3|4]|5

b|2|1|1[2[|3]|4 b|2|1|1[2]|3]|4]|5
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Fig. 3. Relationship between cost matrices for subsequences. (a) 2(A, B’).
(b) Q(A, B).

fast keyword spotting speeds. Although these speeds are im-
pressive, further gains in throughput can be obtained through
optimization of the MED calculations.

MED calculations are in fact the mostly costly operations per-
formed during the DMLS search stage. The basic MED algo-
rithm is an O(N?) algorithm and, hence, not particularly suit-
able for high-speed calculation. However, within the DMLS
search context, two specific optimizations can be applied to re-
duce the computational cost of these MED calculations. These
optimizations are the prefix sequence optimization and the early
stopping optimization.

A. Prefix Sequence Optimization

The prefix sequence optimization utilizes the similarities in
the MED cost matrix of two observed phone sequences that
share a common prefix sequence.

Let A = (a1,as2,...,an), and B = (by,ba,...,bar). Also,
let B’ be defined as the first-order prefix sequence of B, given
by B’ = (b;)}'~'. Finally, let the MED cost matrix between
two sequences be defined as Q(X,Y).

From the basic definition of the MED cost matrix, the (N +
1) x M cost matrix (A, B') is equal to the first M columns of
the cost matrix (A, B). This is because B’ is equal to the first
M — 1 elements of B.

Therefore, given the cost matrix, (A, B’), it is only neces-
sary to calculate the values of the (M +1)th column of (A4, B)
to obtain the full cost matrix (A4, B). This is demonstrated in
Fig. 3.

The argument extends to even shorter prefix sequences of B.
For example, let B”’ be defined as the third-order prefix se-
quence of B, given by B = (b;) 3. Then, given Q(A, B"),
it is only necessary to calculate the (M — 1)th, Mth, and (M +
1)th column of (A, B) to obtain the full cost matrix.

Now, given that the MED cost matrix (A, B) is known, con-
sider the task of calculating the MED cost matrix (A, C). Let
P(B, C) return the longest prefix sequence of B that is also a
prefix sequence of C'. Then, 2(A4, C) can be obtained by taking
Q(A, B) and recalculating the last |C| — |P(B, C)| columns.

In DMLS, an utterance is represented by a collection of
observed phone sequences. Typically, there is a degree of
prefix similarity between sequences from the same temporal
location, and in particular between sequences emitted from
the same node. As demonstrated above, knowledge of prefix
similarity will allow a significant reduction in the number of
MED calculations required.
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Observed Phone Prefix # MED cols

Sequences Similarity | to calculate
aabaegkbae 0 7
aabaegkbeh 6 1
aabaegkdae 5 2
aa b ae kt ow wh 3 4
aa b ae k t uh ae 5 2
aa g eh sh hh ow p 1 6

Fig. 4. Demonstration of the MED prefix optimization algorithm.

The simplest means of obtaining this knowledge is to simply
sort the phone sequences of an utterance lexically during the
lattice building stage. Then, the degree of prefix similarity be-
tween each sequence and its predecessor can be calculated and
stored. For this purpose, the degree of prefix similarity is defined
as the length of the longest common prefix subsequence of two
sequences.

Then, during the DMLS search stage, all that is required is to
step through the sequence collection and use the predetermined
prefix similarity value to determine what portion of the MED
cost matrix needs to be calculated, as demonstrated in Fig. 4.
As such, only changed portions of the MED cost matrix are
iteratively updated, greatly reducing computational burden.

B. Early Stopping Optimization

The early stopping optimization uses knowledge about the
Smax threshold to limit the extent of the MED matrix that has
to be calculated.

From MED theory, the element Q(X,Y); ; of the MED
cost matrix €2(X,Y) corresponds to the minimum cost of
transforming the sequence (z)} to the sequence (y)j. For
convenience, the notation §2 is used to represent Q(X,Y). The
value of €; ; is given by the recursive expression

Q11+ Cs(zi,y,),
Qij=Min| Q-; + Ca(zi), |. (D
Qij-1 +  Ci(y))

Given the above formulation, and assuming nonnegative cost
functions, the value of ; ; has a lower bound (LB) governed by

LB(S;) 2 Min ({Qk,j}i-_:ﬁ u {Qk,j—l}L}ill) - @

That is, it is bounded by the minimum value of column 5 —
1 and all values above row ¢ in column j. This states that the
lower bound of €; ; is a function of {2;_; ;, which implies the
recursive formulation

LB(Q; ;) = Min ({LB<Q'L'71,J')} U {Qk-,jfl}‘k)ill) NC)

This states that the lower bound of €2; ; is governed by all entries
in the previous column and the lower bound of the element di-
rectly above it in the cost matrix. If the recursion is continuously
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unrolled, then the lower bound reduces to being only a function
of the previous column and the very first element in column j,
that is

LB(9:5) > Min ({LBQ1;)} U {15 ) . @)

Now, MED theory states that ; ; = j x C;(y;) for all values
of 5. This means that for a positive insertion cost function

LB(QL]') > LB(QLjfl). (5)
Substituting this back into (4) gives
LB( ;) > Min ({LB(Q; 1)} U{Q%; 1} 6
(Qi,5) > Min ({LB(,;-1)} U{Qkj-1}p=y ). (©)
This reduces to the simple relationship
LB(Qi ;) 2 Min ({Qk,j—l}fill) : )

It has, therefore, been demonstrated that the lower bound of
€2, ; is only a function of the values of the previous column of
the MED matrix. This lends itself to a significant optimization
within the DMLS framework.

Since Spax is fixed prior to the DMLS search, there is an
upper bound on the MED score of observed phone sequences
that are to be considered as putative hits. When calculating
columns of the MED matrix, the relationship in (7) can be used
to predict what the lower bound of the current column is. If this
lower bound exceeds Sp,ax, then it is not necessary to calculate
the current or any subsequent columns of the cost matrix, since
all elements will exceed Siax.

This is a very powerful optimization, particularly when com-
paring two sequences that are very different. It means that, in
many cases, only the first few columns will need to be calcu-
lated before it can be declared that a sequence is not a putative
occurrence.

C. Combining Optimizations

The early stopping optimization and the prefix sequence
optimization can be easily combined to give even greater speed
improvements. Essentially, the prefix sequence optimization
uses prior information to eliminate computation of the starting
columns of the cost matrix, while the early stopping optimiza-
tion uses prior information to prevent unnecessary computation
of the final columns of the cost matrix.

When combined, all that remains during MED costing is to
calculate the necessary in-between columns of the cost matrix.
As such, the combined algorithm is given as follows.

1) Initialize a MED cost matrix of size (N + 1) x (M + 1),
where N is the length of the target phone sequence, and M
is the maximum length of the observed phone sequences.

2) For each sequence in the observed phone sequence collec-
tion:

a) Let k be defined as the previously computed degree
of prefix similarity metric between this sequence and
the previous sequence.
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b) Using the prefix sequence optimization, it is only nec-
essary to update the trailing columns of the MED ma-
trix. Thus, for each column j from (M + 1) — k + 1
to M + 1 of the MED cost matrix:

i) Determine the minimum score, MinScore(j —
1) in column j — 1 of the cost matrix.

i) If MinScore(j — 1) > Smax, then using the
early stopping optimization, this sequence can
be declared as not being a putative occurrence
and processing can stop.

iii) Calculate all elements for column 5 of the cost
matrix.

c) Obtain S = BESTMED(...) in the normal fashion
given this MED cost matrix.

IX. OPTIMIZED SYSTEM TIMINGS

Experiments were performed to evaluate the execution time
benefits of the prefix sequence and early stopping optimizations.
Five systems were evaluated.

1) NOPT: DMLS system without prefix sequence and early

stopping optimizations.
2) ESOPT: DMLS system with early stopping optimization.

3) PSOPT: DMLS system with prefix sequence optimization.

4) COPT: DMLS system with combined early stopping and
prefix sequence optimizations.

5) CXOPT: COPT system with miscellaneous coding opti-
mizations applied such as removal of dynamic memory al-
location, more efficient passing of data, etc.

A. Experimental Procedure

Experiments were performed using 100 randomly selected ut-
terances from the Switchboard evaluation set detailed in Sec-
tion VII-A. Single-word keyword spotting was performed for
each utterance using a six-phone-length target word.

Each utterance was processed repeatedly for the same word
1400 times, and the total execution time was measured for all
passes. The total time was then summed across all tested utter-
ances to obtain the total time required to perform 100 x 1400
passes.

The relative speeds were calculated by finding the ratio be-
tween the measured speed of the tested system and the measured
speed of the baseline NOPT system. The entire evaluation was
then repeated a total of ten times, and the average relative speed
factor was calculated. Execution time was measured on a single
3-GHz Pentium 4 processor.

Additionally, the final putative occurrence result sets were
examined to ensure that exactly the same miss rate and FA/kw-h
rates were obtained across all methods, since both optimizations
should not affect these metrics.

B. Results

Table XI shows the speed of each system relative to the base-
line unoptimized NOPT system. Tests were performed using
Smax values of 2 and 4, since the benefits of the early stopping
optimization depend on the value of Spax.

The results clearly demonstrate that both optimizations
yielded significant speed benefits. An even more pleasing result
was that the two optimizations combined effectively to reduce

TABLE XI
RELATIVE SPEEDS OF OPTIMIZED DMLS SYSTEMS

Smaz | System | Relative speed factor
2 NOPT 1.00
2 PSOPT 0.61
2 ESOPT 0.42
2 COPT 0.25
2 CXOPT 0.16
4 NOPT 1.00
4 PSOPT 0.60
4 ESOPT 0.63
4 COPT 0.32
4 CXOPT 0.21
TABLE XII
FULLY OPTIMIZED SYSTEM ON SWITCHBOARD
Method Miss | FA/ | CPU/
Rate | kw-hr | kw-hr
DMLS][5,10,100,2] 13.9 | 404 10.8
DMLS[5,10,100,2] with CXOPT | 139 | 404 1.8

execution time by a factor of 4 for the S),.x = 2 tests, and by a
factor of 3 for the Syax = 4 tests. Overall the fully optimized
CXOPT system ran about five to six times faster than the
original unoptimized system.

Table XII shows the execution time of the unoptimized
DMLS system evaluated in Section VII as well as the CPU/kw-h
figure for the same system incorporating the early stopping and
prefix sequence optimizations. It can be seen that the resultant
speed is 1.8 CPU/kw-h. This is an impressive result and clearly
emphasises the suitability of DMLS for very fast large database
keyword spotting applications.

X. CONCLUSION

This paper has presented a novel unrestricted vocabulary
speech document indexing method named dynamic match
lattice spotting. Through experimentation, it was demonstrated
that the technique was capable of searching hours of data using
only seconds of processing time, while maintaining excellent
detection performance for both the conversational telephone
and microphone speech domains.

The lack of robustness to subevent recognizer error was iden-
tified as a reason for the poor detection performance of preex-
isting indexing techniques. It was postulated that incorporating
prior knowledge of subevent recognizer errors would be a means
of improving detection rates. The DMLS method was proposed
as a means of doing this.

Initial experiments using DMLS demonstrated that it out-
performed preexisting techniques for the clean microphone
speech domain. Compared to HMM-based keyword spotting,
DMLS was significantly faster and also obtained considerably
lower false alarm rates. Comparisons with the conventional
lattice-based technique demonstrated the miss rate performance
of DMLS to be vastly superior.
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An analysis of the contributions of dynamic matching rules
to DMLS performance was presented, to rationalize the bene-
fits of DMLS over the conventional lattice search. It was found
that the vowel substitution and closure/stop substitution rules
contributed significantly to improving miss rate performance,
while the close consonant substitution and insertion rules only
offered small improvements. Nevertheless, in all cases, inclu-
sion of any given dynamic matching rule offered clear benefits
over the null-rule conventional lattice-based method.

A study of key parameters of DMLS was also presented. It
was found that tuning of these parameters offered the ability
to significantly enhance DMLS performance. Through careful
adjustment of these parameters, it was possible to construct a
tuned DMLS system that outperformed the previously evaluated
baseline DMLS system.

Evaluation results were also provided for the conversational
telephone speech domain. As would be expected, there was
some degradation in performance compared to the clean micro-
phone speech domain. Nevertheless, the performance of DMLS
was still excellent compared to that of the evaluated baseline
techniques.

Finally, two key algorithmic optimizations to increase the
speed of DMLS were presented. It was shown that these op-
timizations could be combined to further improve the execution
speed of DMLS by a factor of five to six times.

In summary, this paper has demonstrated that DMLS is an
excellent candidate for fast unrestricted vocabulary speech doc-
ument indexing. It offers rapid search speeds while maintaining
good detection performance, thus providing clear benefits com-
pared to other approaches such as the conventional lattice search
and HMM-based spotting methods.
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