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ABSTRACT

This paper builds on previous work aimed at uniagelthe

structure of the speech signal using probabilistigresentations.
The context of this work is a multi-pass speeclogadion system
in which a phone lattice is created and used assis ffor a lexical
decoding pass (search) that allows symbolic mismestat certain
costs. The focus is on the optimization of the cadtthe phone
insertions, deletions and substitutions that aexlla the lexical
decoding pass. Two optimization approaches areepted, one
related to a multi-pass computational model for Aonspeech
recognition, the other based on a decoding thainmdes Bayes’
risks. In the final section, the advantages of tthe optimization

methods are discussed and compared.

1. INTRODUCTION

Currently, there is a growing interest in revigitirmulti-pass
approaches for automatic speech recognition (ASR) [€] [5]
[11]. In a multi-pass system, a (weighted) phortécka is often
created in the first pass, followed by a lexicahrsh applying
additional specialized decoding steps, or using emdetailed
information, e.g., morphological and domain knowiedCompared
with an integrated search, there are at least tivargages to such
an approach. First, a multi-pass approach is usefidn spoken
keywords are to be detected from a potentially widege of
domains such as meetings, interviews, voicemaild,lectures (cf.
[14]). A second advantage is the greater flexipilitith which
specialized knowledge sources can be brought toibheabsequent
passes, utilizing cross-word triphones, phonotacéstrictions,
morphology, long-span syntax, etc. (e.g., [2]).

Weighted phone lattices have shown to be very tilzsa a
recently developed computational model for humanrdwo
processing (SpeM). SpeM is a multi-pass decodetich a phone
recognizer in the first pass generates a phorieddtiat is used in
the subsequent lexical search module. SpeM has bsed to
successfully model a number of key results fromcheylinguistic
experiments [8][9]. In SpeM, mismatches between hene
sequences in the lattice and the phone represamaibriginating)
from the lexicon are dealt with in a more flexillanner than in
previous computational
recognition. However, although SpeM does offer nftexibility,
all the experiments conducted so far have appliedsame penalty
for each substitution (and mutatis mutandis alscefeh insertion
and deletion) in the lexical decoding. In other émronly three
indiscriminate penalties have been used.
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In SpeM, the acoustic scores (costs) in the phaitcé
computed by the phone recognizer, and the penaitidse phone
mismatches (also called ‘symbolic mismatches’) rade in a
complex way. For example, if the mismatch cost aw,|the
likelihood of associating phone paths in the lattigith a word
sequence will be large (since mismatches are cheag)therefore
the probability of decoding theorrect word sequence might
diminish. On the other hand, if the mismatch péeslare high,
phone paths must be canonical (and are therefssdikely to have
a low cost) to induce a lexical solution; this eritly decreases the
likelihood of finding any lexical solution in thehpne graph.
Therefore, the correct trade-off between the vahfesymbolic’
mismatches on the one hand and the acoustic aosteiphone
lattice on the other hand is essential for the ese®f any lexical
search pass that takes the phone lattice as input.

This paper focuses on approaches to find an optirakince
between acoustic scores and symbolic mismatch fesiaMore
specifically, our aim is to investigate how the tsofr insertions,
deletions, and substitutions affect the likelihoofd finding the
phone sequence that corresponds to the correct seapdence (as
defined by the annotation on word level), and hbese optimal
costs relate to the acoustic costs in the photiedaflo that end,
we discuss two related optimization approachesSdation 2, we
will deal with the optimization in the context ohe SpeM
decoding, in which the optimal values for mismapeimalties have
been found by a systematic search based on irnisighé structure
of the search space. In Section 3, we will deahwaiother, data-
driven way to derive optimal mismatch penalties ridial
Bayesian Risk Decoding). In the final section, widl velate the
two approaches and discuss their advantages aawivdistages.

2. LEXICAL PHONE PATHSAND SYMBOLIC
MISMATCHES

Our starting point is a phone lattice generated e phone loop,
guided by a phone bigram. In general, it is ofte& ¢tase that the
canonical phone transcription of a word (sequeiscedt present in
the phone graph, even though a phone lattice magisto of
millions of phone paths. For instance, earlier aese has shown
that the canonical phone transcription of the attee was not
present in the phone graph for 34.9% of a set 6ff@®ne lattices
that were created with a phone bigram [12]. Thesf@hone
insertions, deletions, and substitutions must ladt ddth to decode
utterances in terms of lexical tokens.

In this section, we investigate which conditiond vésult in the
discovery of correct ‘lexical’ phone paths in pholadtices if
symbolic mismatches are allowed. A phone patteischl’ if it is a
series of phone sequences corresponding to worttseitexicon,



and ‘correct’ if it is made up of those phone semas that
correspond to the orthographic transcription.

The approach consisted of the following steps:

1) For each utterance, a phone lattice is created) @sioustic
models trained on an independent training set.

2)
associated with sequences of words — allowing syimbo
mismatches (phone insertions, deletions, and substis)
at a specific cost.

3) Symbolic mismatch penalties are chosen to optirttiee

likelihood of thecorrect lexical phone path being the best

among all other lexical phone paths through theckat
Below, these steps are described in more detail.

2.1. Data and feature extraction

We used a sub-corpus of the Spoken Dutch Corp@smélion-

word database comprising 1000 hours of speech ataubton
various tiers (e.g. orthographic, prosodic, parspeech) [6]. This
sub-corpus contains read speech from a Dutch spliemy for

the blind. The material comprises word labels a assmanually
verified word-level segmentations.

The data in the sub-corpus were divided into tisets: a
training set, test set and a development test7( 687 and 687
sentences, respectively). Table | gives an overaiethe number of
word tokens, speakers, and the amount of speedriaigter set.

Table I. Datasets used in this study.

Training| Test |Development| Total
Orthographic| 45,172 | 7,917 7,507 60,596
word tokens
Speakers/ 125/ 125/ 125/ 125/
Female/Male| 70/55 | 70/55 70/55 70/55
Duration 04:51:27/00:51:34)  00:48:13 | 06:31:14
(hh:mm:ss)

Feature extraction was carried out at a frameahf#® ms using a
25-ms Hamming window. A pre-emphasis factor of 0Wds
employed. 12 Mel Frequency Cepstral Coefficient-Q@&s) and
log-energy with corresponding first and second ordiene
derivatives were used. Channel normalization waplieg by
means of CMN over complete recordings (with a maaration of
3.5 minutes). For training and testing purposes, dlata were
chunked to grammatical sentences. The feature otixinawas
performed using HTK [13].

The training corpus was used to create 39 conteldgendent
acoustic models (including 2 different silence nmisdell models
are 3-state left-to-right HMMs with 8 Gaussians ptte) on the
basis of the lexical phone transcriptions. Thedexi covered all
words in the training, test, and development setd,contained one
pronunciation variant per word.

A phone bigram (‘phonotactic model’) was trained tre
lexical phone transcriptions of the training corp8ince leading
and trailing silences as well as inter-word silenage annotated on
the word level, this method automatically includégrams of the
form P(sillg) andP(@sil) (@ denoting an arbitrary phone).

2.2. Phone lattice parameter settings

A word search algorithm is used to search phonaspat

For the construction of the phone lattices, the nghinsertion

probability and phone-LM factor were tuned using development
set such that the number of phones of the first{desne path and
the number of phones of the canonical phone trgotgnr were

equal on average. This was done since mismatchhsregipect to
these lengths will bias the values for phone insestand deletions.
Furthermore, the LM factor was chosen to be aedsspossible to
0 (i.e., the decoding is as unbiased as possiB)a result, the
insertion log probability and the LM factor weret $e -6 and 4,
respectively. The beam width was chosen to be largrigh to
make sure that the time-averaged number of ards different

phone labels was close to 3, i.e., a plausible runol realistic

phonetic alternatives is present in the lattice. &srage, the
resulting lattices had 810 arcs/second, with 124& alive per a
time slice of 10 ms. The phone paths containedcqpately 12.8
phones/second.

2.3. Thelexical decoder and the search space

In this reseach, the search for the lexical phatagthrough the
phone lattices was based on an FST decoder. Tkisdde was
constructed by interfacing an HTK phone decodehlie AT&T
wFST software [4]. The decoding was implementea finite state
composition of the phone lattice and an FST. TI83 Was based
on the lexical tree, but expanded by including tiddal arcs with
appropriate costs: arcs that accepted any inputwaote out the
null label e (modeling phone insertions), arcs that acceptedd
write out a phone label (deletions), and arcs #itaepted a phone
@2 and wrote oupl (substitutions). All insertions shared the same
penalty value (idem for deletions and substitutoresulting in
three penalties).

[12] shows that the penalties for symbolic mismeschre to be
chosen within certain bounds related to the acowsstores in the
original phone lattice. The structure of the evahearch space is
aunion of lattices, such that each of these latticess®eated with
exactly one triplet [I, D, § of non-negative integers D and S
(representing the number of insertions, deletiord substitutions,
respectively, in that particular lattice). Togethiee parameters D
and Sdetermine the cost that must be added to the atigitoustic
cost distribution. The problem of finding optimaisbolic costs is
greatly alleviated by restricting the parametershimse regions in
the cost space that avoid these distributions ¢orbe disjoint.

2.4. Decoding accuracy
We investigated how the costs for insertions, d®iset and
substitutions affect the likelihood of finding tipdone sequence
that corresponds to the correct word sequencedfised by the
orthographic annotation), and how these optimalscosate to the
acoustic costs in the phone lattice. Tthecoding accuracyis
defined as the proportion of phone lattices witle fiollowing
property: after composition with the lexical FShetcorrect lexical
phone sequence is the cheapest among all lexicalepbequences.
This property will guarantee that the lexical sbandll be able to
correctly recognize all words in the entire utte@an

The search is actually three-dimensional, but thtaur plot in
Figure 1 shows an example of the behavior of theodieg
accuracy as a function of the insertion penaltgriglthe x-axis)
and the substitution penalty (along the y-axis)tHe figure, the
deletion penalty is constant (2.5).

The performance of 0.68 (68 percent of the latticed the
correct word sequence corresponding to the cheggh) was
obtained for substitution, insertion and deleti@ngties of about



3.5, 2.4, and 2.5, respectively. In other words, 68% of the

graphs, the correct lexical phone sequence washibepest among
all lexical phone sequences. For these ‘cheapegtesees’, the
proportion of symbolic mismatches compared with glhath length

depends on the utterance and varies from 18 toetdept. For

comparison: using a similar technique, [1] repansaverage of
26.6 percent phone mismatches on phonetically dalraanually

transcribed spontaneous speech. The performarfeeedi€e can, at
least partially, be explained by the fact that waysearched for
canonical paths in the lattice, whereas it is evidbat the actual
pronunciation often deviated from the canonical.tHé phone
recognizer would detect the ‘exact’ sequence ofhpbadn a careful
manual transcription, the minimum mismatch rateréad speech
would be about 10%.

decoding accuracy as function of insertion and substitution penalty value

substitution penalty value

1k 4
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Figure 1. Decoding accuracy as a function of theeition
penalty (along the x-axis) and the substitution gign
(along the y-axis). The horizontal and vertical bled lines
indicate the average acoustic ‘penalty’, i.e. thfedence
between acoustic score of competing phones.

The optimal symbolic penalties for insertions argdletions are a
factor of 1.2 larger than the acoustic mismatchtssoshile the

substitution penalty is 1.4 to 1.5 times largemnthize insertion and
deletion penalties. We observe that these ratiesnalependent of
the acoustic costs: since all numerical operatfonshe total cost
along paths are linear, the symbolic penalties esagith the

acoustic costs and, thus, the ratios are constant.

3. DATA-DERIVED PHONE-PHONE SUBSTITUTION
COSTS

3.1 Minimum Bayesian Risk decoding

In the previous section, the optimal mismatch caste found by a
systematic search that was motivated by the streicof the
distribution of path costs. One of the evident drawks of such a

method is the fact thatll substitutions are penalized by the sam

amount, independent of the phonetic or acousti@udie between
the source and the target phone. However, the usgaoy more
parameters becomes prohibitive.

Equation 1 provides the mathematical formulatiom fobe
optimization of the probability to find the corrggione path in the

phone lattice according to the SpeM decoding fraonkwThe
signalX is given,P is the hypothesized lexical path, a@ds a path
variable running over the set of all paths avadainl the phone
lattice. The term -log{(X|Q)) denotes the minus log probability
(acoustic score) in the phone lattice, whi(®, Q) denotes the sum
of all penalties for symbolic mismatches betweee tthone
sequencel andQ.

R =argminp{ming (-logP(X |Q) +d(P,Q))} @
Shafran & Byrne [10] present a procedure for sgvansimilar

decoding problem. Their approach is based on usifjnimum
Bayes Risk (MBR) criterion given by Equation 2:

P, =argmine » C(P,QP(X [QP(Q) @
Q

in which X, QandP denote the signal, a path variable (running
over all phone sequences in the lattice), and ésalting path,
respectivelyC(P, Q)denotes the cost of rewriting the p&tinto
the pathP. Their aim is to automatically learn the substitatcosts
C(P, Q)from data.

It can be seen that Equations 1 and 2 have a sistilacture:
the min, is replaced by a sum, ami{P, Q) can be interpreted as
C(P, Q) (both these terms are basically edit distancegafion 1
aims at optimizing the probability of finding thercect lexical path
in the lattice, while Equation 2 supports the dediar optimal
penalty values that are valid across all lexicghgan the lattice.

In order to contrast the two approaches, we havaneatt an
iterative scheme using Equation 2 in order to estnthe cost(P,
Q) as follows:

(1) Decode the data using the current model (acoustic
models and current parameter settings that define
C(P.Q)

(2) Compute alignments between the hypothetical
transcription from (1) and reference transcription

(3) Compute the update@(P, Q)by settingC(P, Q)equal to

-log(P® | Q)

Here, C(P, Q) refers to the weighted edit distance, i.e. the
minimum weighted number of modifications to be #mplto the
phone pathQ to obtain the phone path The scheme was applied
using the same speech data as in Section 2. Teaserobustness
of the algorithm, we did not introduce new subsiitu cost
parameters for each phone-phone combination - adste
substitution costs were trained for all combinadiai five broad
phonetic manner classes: plosive (stop), fricatigejd, nasal, and
(semi)vowel. The initial choice for bootstrappindnese 25
substitution costs is given in Table lla. This &l inspired by the
optimal substitution penalty found by the SpeM dicg. Table
lIb illustrates the result of applying the iteratiecheme on all
phone lattices of the training set after the tliiedation. The third
iteration was chosen since, from this iteration alhmatrix entries
differ less than 1 percent compared with the vahlesined after
the third iteration. The evolution of the decodexguracy (‘Acc’)

ofor the first 5 iterations is presented in TableThis shows that the

Shafran-Byrne scheme is potentially able to outperfthe SpeM
search due to the feasibility of training more fgrained mismatch
costs — something that was not feasible with theMsapproach.



Table Il shows the penalty values in the same szslesed in
the previous section. That means that they canoh®ared with
2.1, the average acoustic cost for a symbolic misima

3. DISCUSSION AND CONCLUSIONS

The balance between acoustic costs and symbolimatifies is
important for the performance of a multi-pass spedecoding
system. In this paper, we discuss two approache§irfding the
optimal balance, one in the context of the SpeMbdery and one

based on Minimum Bayesian Risk (MBR) decoding. The

underlying mathematical formulation of the two nueth is very
similar. The advantage of the SpeM decoding istthastructure of
the search space is known in terms of the threalfyewalues: the
cost distribution is an overlay of smaller distfions that are
spaced apart according to the symbolic mismatcluegal This
structure simplifies the optimisation, because Itoves the
restriction of the search to specific sub-regioh®e have shown
that the MBR approach is able to train more refinatkgories of
mismatch costs (by distinguishing more phone ctgssethods.

Table Il (a, top): Initial substitution cost matrifb, bottom): Cost
matrix after three iterations.

(a) Plos Fric Liq Nas Vowel
Plos 0.0 3.5 3.5 3.5 3.5
Fric 3.5 0.0 3.5 3.5 3.5
Liq 35 35 0.0 35 35
Nas 35 35 35 0.0 35
Vowel | 3.5 3.5 3.5 3.5 0.0
(b) Plos Fric Lig Nas Vowel
Plos 0.4 3.2 3.6 4.0 5.1
Fric 3.0 0.6 3.5 3.6 3.9
Lig 3.1 3.5 1.1 2.3 2.8
Nas 3.6 3.9 2.2 0.9 3.2
Vowel | 5.2 3.9 2.6 3.4 14

Table Il Decoding accuracy in percent before tiptimization
(Iteration 0) and after a number of iteration stéfieration 1 to 5)
using the MBR optimization scheme.

Iteration | O 1 2 3 4 5

Acc (%) | 68 | 71 | 71 72| 12 72

It is interesting to observe that the costs traiferdwithin-broad-
phonetic-class substitutions by the MBR approaeHager than 0.
One might expect them to be identically zero. Hosvevhese
positive values can be explained by the fact thesé substitution
costs also account for substitutions between neomeplosives,
non-equal nasals (e.g. C(/p/, /q/), C(/m/, In/).etc

It is expected that further improvements can beaiokd by
allowing more fine-grained distinctions in the céstction, e.g. by
applying phone-phone dependent substitution cosSteus of
research in the near future will be on the relaiop between the
acoustic costs, symbolic mismatch penalties, aeddécoding of
speech in terms of lexical tokens, applied on kacgepora of read
speech and on spontaneous speech.
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