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Error approximation and minimum phone error
acoustic model estimation

Matthew Gibson and Thomas Hain

Abstract—Minimum phone error (MPE) acoustic parameter
estimation involves calculation of edit distances (errofsbetween
correct and incorrect hypotheses. In the context of large veabu-
lary continuous speech recognition, this error calculatio becomes
prohibitively expensive and so errors are approximated. Tls
paper introduces a novel error approximation technique. Aralysis
shows that this approximation yields a higher correlation b the
Levenshtein error metric than a previously-used approximaion.
Experimental evaluations on a large vocabulary recognitia
task demonstrate that the novel approximation also delives
significant performance improvements over the previouslyased
approximation when applied to MPE acoustic model estimatia.

re-estimation is experimentally measured in Section IX. A
concluding discussion is found in Section X.

II. MINIMUM PHONE ERROR THEORY

The MPE criterionRy\pr(6), also referred to as the overall
risk criterion [4; 6], is defined by Equation 1.

ZZ

r= 1wN€W

Ryipr (60 p(wl |o,, 0) L(w{v,wiw(r)) 1)

The setW comprises all possible phoneme transcriptions
of the acoustic data,, w{‘“” is the correct transcription
of o., M(r) is the length of the correct transcription, and
L(wY, M"Y is the Levenshtein distance between the correct
. INTRODUCTION transcription and hypothesig¥. The set)V is called the
ISCRIMINATIVE training of acoustic models hashypothesis spacé, represents the model parameters &his
D yielded significant classification performance improvehe number of training set examples. The symbfl denotes a
ments over maximum likelihood (ML) trained models for théypothesis, wheré/ is the number of labels in the hypothesis.
task of automatic speech recognition [1; 2]. The minimum Adjustment of the acoustic model parameters such that the
phone error (MPE, [3]) or minimum word error (MWE, [4]) MPE criterion is minimised is generally performed by itérat
method is an example of a discriminative approach to mod¢pdates of the model parameters. In the case of continuous
estimation. Acoustic models estimated using the MPE tectiensity hidden Markov model (HMM) acoustic models, these
nique have not only displayed significant classificatiorfgrer updates are given by the extended Baum-Welch (EBW) update
mance improvements over ML-estimated models, but have afssmulae. Different versions of the EBW formulae have been
yielded significant improvements over models learned usifigiroduced, corresponding to the conditional maximum-like
other discriminative approaches [3]. lihood (CML, also known as maximum mutual information,
The implementation of MPE acoustic model estimatioNMI), minimum classification error and MPE criteria. In the
involves approximation of errors associated with a set éfse of the MPE criterion, the EBW update for the mean
transcriptions of the training data, as will be discussed #f a Gaussian state output distribution is given by Equaion
Section IlI-A. This paper introduces a novel error approxNote that only mean updates are used in this work.
mation method and demonstrates how it addresses limitation
of a previously used technique. While it is certainly not fls = M 2)
evident that more accurate error approximation during rhode ¥s +D
estimation leads to improved model generalisation [5], the|n the above equationj, is the updated meany, is
novel error approximation method introduced here is fourghscribed by Equation 3 ar@t} is given by Equation 4. The

to yield significant performance improvements when demloyguantity D is a learning rate discussed in Section 111-B.
for MPE acoustic model estimation.

The paper is structured as follows. Sections Il and Il

Index Terms—Discriminative training, acoustic modelling,
minimum phone error.

respectively explain the theory and implementation of MPE 4 X T(r)
— N N T
acoustic model estimation. Section IV describes previousl * ~ Z; NZ K(r,wy',0) ;%(”wl o1 L0) ()
introduced approaches to error approximation. Limitation i h
of an alignment-based approach, referred to as the base- T(r)
line approximate error, are explained in Section V. Novel 0, = Z Z K(r,wl, Z (tlwY ,0,,0)0:(r) (4)

alignment-based approximations are proposed in Section VI
The experimental system is described in Section VII. The
accuracy of the novel approximations is compared to tfide occupancyys(t/wi', o, ) is the conditional probability
accuracy of the baseline approximate error in Section Vlithat states is the ¢-th element of the hidden state sequence,
The effect of the novel approximations upon MPE parametgiven observation sequengs., hypothesisw) and model

r=1 wNEW t=1
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parameterg. The termK (r,w},0) is described by Equation The idea behind lattice-based MPE is not only to use the
5. lattice as an approximation to the hypothesis space, botals
N o N N A M(r) use the alignment information which is present in the latti
K(r,wy',0) = p(wr'[or, 0)[Lav (r) = L(wi' )] (6)  gqye computation. Note that Equation 3 can be re-phrased as
In Equation 5,L.(r) is the average error of all hypotheses? Sum over all possible alignments of the acoustic data as in

given by Equation 6. Equation 7. A similar re-formulation for Equation 4 is given
M) by Equation 8.
Lav(r) = Z p(wy |oy, ) L(wy, wy ) (6) R T(r)
wiNew
1€ Vs = Z Z K(r,z,0) Z vs(t|z, 0, 0) @)
There have been several different justifications of the EBW r=12z€Z2, t=1
update equations for continuous density HMMs. These justi- " ()
fications include: - | 0. =Y Y K20 Y wltlz0n00(r) ()
« use of a discrete approximation to a continuous probabil- =1 icz, =1

ity distribution [4; 7; 8]. . . .
. use of a weak-sense auxiliary function to derive th&he setZ, comprises all possible alignments of the utterance
update equation [3; 9. o, and K (r, z,0) is given by Equation 9.

« proof of ex_isten.ce of a sufficiently !arge I_eqrnir)g rdie K(r,2,0) = P(z|o,,0) [Lav(r) ~ L(ws, ﬁfiw(")ﬂ 9)
such that iterative updates result in optimisation of the
criterion [10]. In the above equationy, is the hypothesis associated with
« use of a standard auxiliary function to derive the updatdignmentz. Notice also that the average errby, (r) may
equation [11]. also be expressed as a sum over alignments as in Equation
The statistics necessary for MPE model estimation, naméll9- M)
the quantitiesd, and ~,, are calculated via a lattice-based Lay(r) = Z P(zlo, 0)L(w,,w; 7). (10)
implementation discussed in Section Ill. The learning Aate 2€Z,
is discussed in Section I1I-B. Substituting the set of all possible alignmetts with the set

of alignments specified by the lattice, Equations 7 and &lyiel
I1l. | MPLEMENTATION OF MPE PARAMETER UPDATES practical approximations to the statistics required for BMP

This section summarises the state of the art implementatf@?de! estimation. Further, since an alignment is a sequence
of MPE training used in this work. When using small vocabl?f Iatt|ce_ arcs, Equanon 7 can _be expressed in terms Otd*m'
lary systems it is possible to calculate the statistics irequo arcs as In Equat_lon 11. A similar rearrangement of Equation
perform the parameter update specified by Equation 2 withdhin terms of lattice arcs may be performed.
approximation. However, in the context of large vocabulary R
continuous speech recognition, a prohibitively large amtou Vs = Z Z K(r,a,0) Z vs(tla, o, 0) (11)
of computation is required to gather these statistics. This r=1a€A, t=astart
is due to the size of the hypothesis spade A practical The symbols represents a lattice arc which in turn represents
solution to this problem is to approximate the hypothesis label, its start timez ... and end timeu.,q. The setA,

space, and hence the resulting statistics, using an nibest | ,ntains all arcs in the lattice arid(r, a, 0) is expressed by
the hypotheses of highest posterior [4]. In the context afda Equation 12.

vocabulary continuous speech recognition, use of a lafite
to represent the hypothesis space is favoured because it is a K (r,a,0) = p(alo,8)[Lay(r) — L(a,u?{”(’”))] (12)
more compact representation of such a list. For this reason,
lattice representation of the hypothesis space is usedisn :b:
work.

Qend

the above equatiom(a|o,, ) is the posterior probability

at arca is included in any path, i.e. any contiguous sequence
of arcs from the lattice start node to the lattice end node.
The quantityL(a, w{”“)) is the posterior-weighted sum of the

A. Lattice-based MPE Levenshtein error of all the lattice paths which include arc

A lattice-based implementation of MPE estimation is introwhile L., (r) is the posterior-weighted sum of the Levenshtein

duced in [3; 12]. Lattices which include temporal alignmergrror of all the lattice paths.

information, i.e. label start and end times, are used, andCalculation of the Levenshtein distance between a path in

the lattice encodes the alignments of the acoustic datatbé lattice and the reference label sequemfé(") is non-

highest posterior [13]. A lattice is generated via a rectigni trivial. This involves a dynamic programming alignment of

pass of a speech utterance. Additionally, the alignments tbe label sequence associated with the path and the reéerenc

the correct label sequence of highest posterior, generatabdel sequence. Since a lattice encodes many such paths,

using a constrained recognition pass, are added to theelatttalculation of the quantitie5(a, w{”“)) andL,,(r) becomes

produced by recognition. The resulting lattice represargst computationally expensive. This costly computation isiéed

of alternative alignments of the acoustic data associai#fd wby approximating the Levenshtein distance between a dattic

an utterance. path and the reference label sequence. This approximation
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is the focus of this paper. Section IV reviews previouslyerder. Acoustic scaling and unigram LMs are deployed in the
used approaches to error approximation. These approxingatiexperimental work of this paper. Note that acoustic scaikng
assign an errol(a) to each lattice are such that the overall applied to lattice arc acoustic likelihoods.

approximate error of each path is the sum of the errors

associated with its composite arcs. D. I-smoothing

The state occupancieg(t|a, o,,¢) of Equation 11 are cal-  \odel parameters which optimise the MPE criterion often
culated via a forward-backward pass over the models definggbrfit the training data. The I-smoothing technique [3; 12]
by each lattice ara using the segment of acoustic data aligned ysed to alleviate this undesirable overfitting. In theecas
with arc a. This is a standard forward-backward procedur@f the MPE criterion, a prior probability distribution ovére
as implemented in the Baum-Welch algorithm. In order tgcoustic parameters is subtracted from the criterion fanct
calculate the quantitiedt(r,a|f) for each arca, a single  \whnen using I-smoothing, the ML estimates of state means
lattice-level forward-backward pass suffices when an errgpqg covariances are used to define the mode of this prior
l(a) is assigned to each lattice arc. This forward-backwaggstribution. Using this prior, the I-smoothed MPE criteri
algorithm is introduced in [3]. is optimised using a weak sense auxiliary function in [3]. It

is shown that the adjusted EBW formulae shown in Equation
B. Setting the learning rate 14 can be used to optimise the |I-smoothed MPE criterion.

The choice of an appropriate learning rd?ein Equation 2 A 0, + %0;”1 + D
has mainly been studied in the context of the CML (or MMI) frs = 75‘*4_ 5D (14)
discriminative criterion [3; 14; 15]. An occupancy-depent o iy _ _
scheme for determining the learning rate in the case of CML 1 N€ quantities; ™ and@;™" are given by Equations 15 and
training is adopted for MPE training in [3]. The procedure 46 respectively.

as follows. For each mixture component R T(r) M) T

1) CalculateD™, the minimumD required to ensure all =308ty 00 7, 0) (15)
variance updates are positive for component r=1t=1
2) Definevyden as follows. R T(r) P
00 =3 sty 01", B)oy(r)  (16)
Yo = Z Z K(r,a,0) Z vs(t|a, o, 0) r=1t=1
T a€Aden t=astart IV. ERROR APPROXIMATION
(13)

where Ade" denotes the subset of lattice arcs in the set Two types of approximation are used to avoid the need fqr
. : . . a dynamic programming alignment of each label sequence in
of all lattice arcs.A, for which K(r,a,0) is negative. . i
the lattice to the reference label sequence. The first type of
The symbolsag.,; and a.,q denote the start and end - . : X .
) : approximation, discussed in Section IV-A, will be referred
time of arca, respectively.

3) Set the leaming rat®,, to max{2Dm, F4den} where to as alignment-based error approximation. This type of ap-

E is a configurable constant which typically assumes%mx'ma“or! Is the focus of th|§ baper. A S.ecof‘d _type of
value in the interva(l, 2] approximation, referred to as lattice manipulation, ixdssed

. . . ) in Section IV-B.
Since it has been shown to yield reasonably quick converenc

of the MPE criterion, the above procedure used for calaugati 5 Alignment-based error approximation

the learning rate in the experimental work of this paper. . . .
g P pap The accuracy of a label sequence is approximated using

aligned sequences in [3]. This approximation technique is

C. Acoustic scaling and language model specificity shown in Figure 1. A path in a lattice defines what will

It has been noted [2] that use of LM scaling for the purpos&€ referred to as a hypothesis alignment. The most likely
of calculation of the posterior probabilities of a set oftsta alignment of the reference transcription is called therexfee
sequences results in a posterior probability distributigrich ~ alignment. Using the hypothesis and reference alignméres,
is sharply-peaked at the state sequence of maximal paste@gcuracy of the hypothesis label sequence is approximated
probability. When using acoustic probability scalingstpos- Using the following procedure.
terior probability distribution is broader i.e. competistate ~ For each label; in the hypothesis alignment, the set of
sequences have larger posterior probabilities and it has béeference labels which overlap temporally witlis identified.
observed [2] that use of acoustic scaling leads to improvd@en, for each overlapping reference labelthe proportion
generalisation of discriminatively-estimated acoustindels. ©f z which overlaps withg, e(q, z), is calculated. Then the

Similarly, the use of lower-order LMs during training, foraccuracy ofg, A(g), is given by Equation 17. The overall
example a zerogram or unigram, is another method of gen@¢curacy of the hypothesis is equal to the sum of the acagaci
ating stronger (i.e. of higher posterior probability) caetipg ©f the comprising labels.
hypotheses. It has been observed [16] that use of a unigram —1+2¢e(q,2) if ¢ andz same label
LM during training yields acoustic models which generalise q) = mfx{ —1+4elqz) if gandz different }
better than those estimated using LMs of lower or higher 17)
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V. LIMITATIONS OF BASELINE APPROXIMATE ERROR

Reference

A. Error overestimation

Hypothesis ‘ C
Length (frames) 80 20§ 100 The baseline approximate error, described in Section 1V,
Overlap proportion e(q.2) 08 02! 10 often overestimates the error of the hypothesis label semue
{ correct: ZE(q,Z,_l} o6 3_083 oo '_rh|s error overestimation occurs when the_ label alignment
incorrect: e(q,2) - 1 ' e ' times of the hypothesis and reference alignments are not
A(g) (max of overlapping) 06 0.0 identical. Figure 1 shows how this overestimation arisas. |

the example illustrated the Levenshtein errorljsa single
substitution. However the approximate errbd, is larger than

the actual error because the end time of the first labels of the
reference and hypothesis disagree.

Approximate accuracy
Approximate error

|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
|
I
. |
Levenshtein error :

Fig. 1. Alignment-based error approximation. Detailed in SectivpA.
B. Asymmetry
Figure 2 shows the baseline approximate error calculation

In the case of the hypothesis in Figure 1 the approximatgvdhen the reference and hypothesis alignments of Figure 1

. are swapped. The approximate error is smaller due to the
overall accuracy of the hypothesis(is. The actual accuracy correct label of the hvbothesis sequence overlapping with a
is 1; the number of correct labeld) minus the number of yp q ppIng

: : larger portion of the reference label in this case. This gpdam
insertions (). . : L .
. L M N+ llustrates an asymmetry in the error approximation. This
The approximate Levenshtein distan€gpprox(wy”, wy") . . ; .
between the reference sequendd! and hypothesis se asymmetry is not present in the Levenshtein error metrid, an
q yp is therefore difficult to motivate in an approximation to the

N .
quencew}M|s ]rvelatgd to the_ approximate accuracy of', Levenshtein metric. Since the Levenshtein error is symmetr
Aapprox (W1, w1 ), via Equation 18, wheréd/ is the number . - ; - . .

. o it is preferable for an approximation to retain this propert
of labels in the reference sequence. This alignment-based e

approximation will be referred to as the baseline approtm

error. Reference
Hypothesis

\ c
|

20 100
0.17

M, N M N ‘
Lapprox (01", w1") = M — Aapprox(y”, wy' ) (18) Length (frames) 80 !

0.83

1.0 -0.8 -0.17

circumvents the need for a dynamic programming step for eagh correct: 2e(q.2) - 1} }
lattice path. However this error approximation has somé- lim L ncorrect e(@.2) -1 1
tations. Section V highlights several theoretical disadages | A@ (maxofoverlapping)
of the approximated error and Section VI proposes alter@ati ~ Approximate accuracy
approaches to address some of these limitations. Notehtisat t Approximate error
error approximation may be applied to sequences of words,  Levenshteinerror
phonemes or labels of other speech units.

As an alternative to the above approximation, a frame€ig. 2. Asymmetry of alignment-based error approximation. Theregice
level error metric is introduced in [17]. Improvements ireth@nd hypothesis label sequences of Figure 1 are swappeditingsun a

L. . different approximate error.
generalisation of the resulting models are reported. PP

1.0 -0.17

I
0.83
1.17

The baseline approximate error is desirable because| itoveriap proportion e(@z) | Lo
} 1

B. Lattice manipulation C. Insertion to deletion bias

The asymmetry of the baseline approximate error is the
ource of an undesirable bias with regard to the approximati
81‘ insertion and deletion errors. Figure 3 shows the approx-
ate error when an insertion error occurs while Figure 4
ISplays the approximate error when the scenario is regterse
and a deletion error occurs. In both cases the Levenshtein
error is 1, a single insertion or deletion. Note however that
tg}e approximate error is larger in the case of the insertion
error. This example illustrates a bias in the error appratiom

A technique is introduced in [18] which manipulates a
lattice such that each label present in the lattice is atign
with zero or one labels of the reference transcription. Zer
length placeholders are used to manage insertions and d
tions present in lattice label sequences. Errors betwetoela
paths and the reference transcription subsequently regpsc
alignment, reducing the complexity of error calculatiomisr
lattice manipulation technique was used for MWE parame
esltlnmfgio?hg] I[;tgtai]c':e topology is altered to enable efficien{esgltmg.in a larger error being assigned to the sequerite wi

. o . an insertion.
exact calculation of word errors. No significant improvemnen
is noted when using the exact error for the purposes of
MWE training. While these lattice manipulation techniques
are not used in this work, they are mentioned for the sake ofThe asymmetries discussed in Section V can be addressed
completeness. by using an error approximation called the frame error [17].

V1. ALTERNATIVE ERROR APPROXIMATIONS
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Reference

Hypothesis

Length (frames)

Overlap proportion e(q,z)
correct: 2e(q,z) —
{incorrect: e(q,z) - }
A(g) (max of overlapping)
Approximate accuracy

Approximate error

Levenshtein error

| A | 5 |
o~ le ] e |
|
! 80 120 20 80 !
| 0.8 1 0.2) 0.2 0.8 |
| Lo ! |
! 06 1-0.8 0.8/ 06 !
3 06 1o-08 | 06 1
| 0.4 |
| 16 |
| |
| 1 |
! !

Fig. 3. Approximate error in case of insertion. Compare with Figdrerhich

shows the approximate error in the case of a deletion.

Reference

Hypothesis

Length (frames)

Overlap proportion e(q,z)
correct: 2e(q,z) —
{ incorrect: e(q,z) —}
A(g) (max of overlapping)
Approximate accuracy

Approximate error

Levenshtein error

A | c | s

| A | ;

! 80 1201 20 80
!

| 1.0 105, 05| 1.0

| oo

! 10 | -0.5 -0.5! 1.0

3 1.0 1 1.0

3 2.0

3 1.0

| 1

|

Fig. 4. Approximate error in case of deletion. The reference andthgsis
of Figure 3 have been swapped. A smaller approximate errofigiled in

this case.

Reference ‘ A ‘ B ‘
Hypothesis ‘ A ‘ A ‘ B ‘
Overall frame error i 0.0 i

Reference A ‘ C ‘ B
Hypothesis A ‘ B
Length (frames)i 80 3 203 20§ 80 3 Overall error
Frame error 0 1201 20 ! 0 L40
Reference normalised frame errgr 0 105 0.5 0 r10
Hypothesis normalised frame errér 0 3 0.23 0423 0 3 0.4
Symmetrically normalised frame errdr 0 3 0.53 0.53 0 3 1.0

Fig. 7. Frame error normalisation in case of deletion error. In thiase
the reference and symmetrically normalised frame errorrapimations yield
accurate estimates of the Levenshtein errorloffhe hypothesis normalised
frame error underestimates the Levenshtein error.

via a normalisation scheme. The following section dessribe
several such schemes.

A. Frame error normalisation

Figures 7 and 8 illustrate some different approaches to the
normalisation of the frame error. Firstly the temporal oggi
of each label of the hypothesis alignment is divided into
segments corresponding to regions of overlap with differen
labels of the reference alignment. For example, in Figutee8 t
label C is split into two segments, the first being associated
with the label A of the reference alignment and the second

The frame error between two aligned label sequences is @rsociated with label B. The segment boundaries are ditestr
number of frames at which the labels in the alignments giffd?y vertical dashed lines in Figures 7 and 8. Each segment has

as shown in Figure 5. It is clear that this measure is symmetft corresponding frame error; the number of frames within the
since the frame error between two alignments is identicdfgment at which the hypothesis label differs from the label

regardless of which alignment is the reference.

Reference

Hypothesis

Length (frames)
Frame error

Overall frame error

| A | 5 |
s el s |
80 3203203 80
0 3203203 0
1 1 1

Fig. 5.

reference and hypothesis labels differ.

One limitation of the frame error approximation is that al
incorrect label which spans a long period of time contribute
more to the overall error than an incorrect label which spa
a shorter period. A second limitation is illustrated in Figu
6, which shows a hypothesis containing an insertion err

Frame error metric. The number of frames at which the aligne

specified by the reference alignment. Then for each segment
a normalisation factor is defined. The frame error for each
segment is divided by this factor to yield a hormalised frame
error for each segment. The overall approximate error fer th
hypothesis is the sum of the normalised frame error over all
segments.

The reference normalised frame error (RNFE) of Figures 7
and 8 is the result of defining the normalisation factor for a

Reference A ‘ B
Hypothesis A ‘ c ‘ B
Length (frames)f 80 3 203 20 i 80 3 Overall error
k Frame error | 0 1200 20 ! 0 L 40
Reference normalised frame erro‘r 0 3 0.23 0.23 0 3 0.4
ns Hypothesis normalised frame erroir 0 3 0.53 0.53 0 3 1.0
Symmetrically normalised frame errov: 0 3 0.53 0.53 0 3 1.0

I.

However, since the inserted label agrees with the referengg 8. Frame error normalisation in case of insertion error. In shiase the
label in the region of overlap, no error is incurred when gsirhypothesis and symmetrically normalised frame error agnations yield

the frame error metric and the error and the insertion err@iC

urate estimates of the Levenshtein errorlofThe reference normalised
me error underestimates the Levenshtein error.

is overlooked. The first of these limitations can be addigksse
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segment as the length (in frames) of the overlapping referersequences. This effect may be limited by using not only one,
label. In the example of Figure 7, a deletion error, the ndrmaut multiple alignments of the reference label sequence and
isation factor is40 for each of the segments corresponding tminimising the approximate error over this set of reference
the labelC of the reference transcription, the length of thalignments. This set of multiple alignments is generatedgus
reference label corresponding to these segments. This teada recogniser constrained to align only the reference word
an accurate approximation to the Levenshtein errdriofthis sequence.

case. However in the example of Figure 8, an insertion error,Figyre 9 illustrates this calculation. Two reference align
this normalisation method yields an underestimaté)(of the ments and a single hypothesis alignment are shown. The
Levenshtein error. This is because the segments correSBON&SNEFE of the hypothesis sequence is calculated with respect
to the labelC' of the hypothesis transcription are normalisegh each of the reference alignments to give a set of errors.
by 100, the length of the reference label corresponding to the$fie minimal symmetrically normalised frame error (MSNFE)
segments. is the minimum value in this set. In the example of Figure
The hypothesis normalised frame error (HNFE) defingsthe SNFE with respect to Referencellig and the SNFE

the normalisation factor as the length of the overlappingith respect to Reference2 is5. Therefore the MSNFE is
hypothesis label. This method leads to accurate approkimaty 4.

of the insertion error of Figure 8 but an underestimate of the
deletion error of Figure 7.

The third normalisation technique is to normalise the frame Referencel A | s | ¢ |
error of each segment by the length of the shorter of the Referencez | A | B c
overlapping labels. This method leads to an error approxima rpotesis A | o | c |
tion with the desirable symmetric property and yields aateur Length (fames) | S0 | S0 i 80 1200 30 OverallEror

I
Symmetrically normalised frame error (1); 0 i 1.0 1 0.4 0o 1.4

approximations for the deletion and insertion errors ilated

in Figures 7 and 8. This approximation is referred to as the

symmetrically normalised frame error (SNFE). | Minimum symmetricaly normalised frame error 1.4
These approximations to the Levenshtein error are expesgg ™ m symmevicaly nomaised fiame erroy 0 L B

by Equation 19. The approximate error between hypothesis

label sequencew)¥ and reference label sequencg! is

denoted byL.,prox(wl , ), A represents the set of aIignedF_ o Minimal cicall iced 1 SNFE

reference labels corresponding to sequengé, A is the set 1% % Mnmal symmeticaly nomalsed fame eror (WSNFT) e

of aligned hypothesis labels corresponding to sequemfﬁe minimises the SNFE of the entire hypothesis sequence oeerseh of

andl(a, a) is the normalised frame error between the aligneegference alignments. AMSNFE minimises the SNFE of eactittggis label
labelsa anda individually over the set of reference alignments.

Lapprox(wi’,w1") = > >"l(a,a)  (19)

I . I I I
Symmetrically normalised frame error (2); 0o ! 05 | 1.0 1 0 1 15

acAa€A In practice a large amount of reference alignments are

The normalised frame error between two aligned labglsa) encoded by a reference lattice. It is therefore impractical
is defined by Equation 20. to enumerate this set of alignments and explicitly caleulat

. the hypothesis error with respect to each one. So a further

l(a,a) = e(a’(f) (20) approximation is made. This approximation minimises the

n(a,a) error of each hypothesis label over the set of all reference

The quantitye(a,a) is the number of frames at which thealignmenf[s (instead of minimising the error pf the gntire
aligned labels: anda differ (defined as zero if no temporalhypothesis label sequence over all reference alignmertis).
overlap exists between the aligned labels). The divigar ¢) ~approximation avoids the need to explicitly enumerateefi r

is the normalisation term, defined as: erence alignments. The last row of Figure 9 illustrates Hosv t
« the length ofé in the case of the reference normalise@PProximation is applied using the two reference alignment
frame error. For the initial hypothesis label A, the upper referenceralig
. the length ofa in the case of the hypothesis normalise’€nt Referencel provides the minimal error. In the caseeof th
frame error. second hypothesis label D, both reference alignments aduc
« the length of the shorter of anda in the case of the the same error. The error for the third hypothesis label C is
symmetrically normalised frame error. minimised using the lower reference alignment Reference?2.

Summing the minimal error over all hypothesis labels gites t
) ) ) approximate minimal symmetrically normalised frame error
B. Using multiple reference alignments (AMSNFE). Note that in the example illustrated in Figure 6 th
The SNFE described in Section VI-A addresses the asy®MSNFE of 1.0 is a closer approximation to the Levenshtein
metry of the baseline approximate error. However the errerror (1) of the hypothesis sequence than the MSNFH .df
overestimation limitation, illustrated in Figure 1, amgdialso This is a consequence of the flexibility of the former teclueiq
to the SNFE. This overestimation is a consequence of dib select different reference alignments to minimise therer
fering alignment times in the hypothesis and referencel lala different labels of the same hypothesis.
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VIl. EXPERIMENTAL SYSTEM The numerator and denominator lattices are rescored with

The system used for the experimental work of this pap@runigram language model (again, derived from the trigram
is based upon the individual headset microphone (IHM) 20¢t€d in recognition) to improve the MPE-estimated model
AMI meeting speech transcription system [20; 21]. Two reCO@enerahsaﬂon (Section 111-C). _The denommator latticee
nition passes are used. The output of the first recognitisHosequently pruned to a maximum density206.0 arcs per
pass is used in the second pass for unsupervised estimatiofgsond to reduce the computational cost of the MPE criterion
speaker-specific vocal tract length normalisation [22] a#i w OPtimisation process. The alignments present in the umigra
as speaker-specific cepstral mean (CMN) and variance (CViymerator lattices are then added into the corresponding
normalisation [23]. Both passes use the same trigram layggu&nigram denominator Iat_t|ce§ to yield the final latticesduse
model and a language model scaling factot4f). Thel-best N MPE parameter re-estimation.
output of the second pass is the recognised hypothesis. ThBuring parameter estimation, the probability distribatio
pronunciation dictionary contains0000 words and is based described by the unigram LM is further broadened by using
on the UNISYN lexicon [24]. an LM scaling factor of0.5. An acoustic scaling factor of

The speech signal is represented usifzdimensional ﬁ is used. The occupancy-dependent scheme for setting the
features. In the first pass this feature vector comprises leaming rate (Section I1-B) is used, and the consténs set
Mel-frequency-based perceptual linear prediction caefiis 0 0-5.

(MF-PLP, [25]) and the first and second time derivatives

of these features. In the second pass the feature vector is VIIl. ERROR APPROXIMATION ANALYSIS

extracted via smoothed heteroscedastic linear discrimina The theoretical arguments presented in Sections V and VI
analysis (SHLDA, [26]) from &2-dimensional vector com- agre experimentally tested in this section. Approximatetg o
prising13 MF-PLP coefficients and their first, second and thirour of speech comprising851 utterances is selected from
time derivatives. the training corpus of spontaneous meeting speech dedcribe

The training dataset comprisé®4 hours of transcribed iy Section VII. Each utterance is recognised using the fitst a
speech in meetings from a selection of corpora. The Natiorglcond pass of the recognition system described in Section
Institute of Standards and Technology (NIST) 2005 confegeny/|| to produce a phoneme-level hypothesis alignment for
meeting evaluation datase@5sevalis used as test détaThis each utterance. The reference phoneme sequence and ceferen
comprisesl.9 hours of speech}3 speakers and4776 words phoneme-level alignment for each utterance are produced by

(including hesitations, partial words and fillers). aligning the correct word sequence using the same recogniti
o . system. To measure the AMSNFE approximation, a lattice
A. MPE estimation details of reference alignments is also generated by the recognitio

The system used to evaluate MPE-estimated acoustic megstem at this stage.
els in Section IX is based upon the ML system described For each utterance, the phoneme-level Levenshtein error
above. The only difference is that the MPE-estimated a@ousis calculated using dynamic programming alignment, and the
models replace the ML-estimated models in the second recpironeme-level approximate error is calculated using edch o
nition pass. the techniques described in Sections V and VI.

The ML-estimated models used in the second recognition
pass of the baseline system are used as a starting point {orraw error approximation
MPE re-estimation. Using these models, a lattice (so-dalle

denominator lattice) is generated for each training setatice From the dataset described above, the utterances which are

: . : nscribed with non-zero phoneme-level error are selecte
using a recognition pass and a bigram language model. 'II @ P

bigram language model is derived from the trigram used i IS subset _is then further split into threg smallgr subsmg
recognition. A language model scaling factor Ig£0 and an which contains those utterances transcribed with sulistitu

insertion penalty of-10.0 are used at this stage. errors on!y (.S)’ one which contains those utt_erances _tran-
The same ML models are again used in a recognition p ibed with |nsert|(_)n errors onlyZ} and one which contains

to generate a lattice (so-called numerator lattice) cosimmi those utterances with deletion errors oriy){ :

the most likely alignments of the correct transcription for Taple | presents some analysis of the approximate error

each training utterance. These lattices are referred theas ttechnlques. Each row of Table I corresponds to the subset of

numerator lattices. The most likely alignment is choserhas {utterances indicated in the first column, where the notation
reference alignment in MPE parameter estimation. Note th%{t the previous paragraph _has_ been used. The number of
erances in each subset is displayed and the sum of the

the lattices are phoneme-marked to accommodate the optimi- _ X .
sation of the MPE criterion. This means that each arc (whi venshtein errors of each transcribed utterance aredtetic

represents an aligned word) has an associated time—aligH?eiﬁhe sec(:jc_)ndl an<tjhth|rd COHT;S respecpvelty. The remfalmnﬂ
sequence corresponding to the most likely phoneme alignmgﬂ umns dispiay the sum ot In€ approximate errors of eac
of the aligned word. The lattice can thus be considered g'g\nscrlbed utterance in each set for each approximatiin te

a sample of alignments corresponding to the phoneme-legéquel_‘ The acro_nyrr:s BAE an(; 'lc:hE ?re used to repres?_nt the
hypothesis space. aseline approximate error and the frame error, respégtive

The results presented in Table | are used to test the the-
IDetails of these datasets are found at http://www.nistspmech/tests/rt/. Oretical arguments presented earlier. Firstly, it is clewat
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Approximate error . . . .
Set | #Utt | L&V —pre=TFE THNFE|RNFETSNFE AMSNEE and the other which contains little or none, as shown in

S | 110 | 245 |560.9|3211 | 345.4 | 359.1 | 426.4| 290.8 Figure 10. For the dataset considered, the most likely (i.e.
7 | 43 | 82 12082]1317|115.8 | 70.9 |128.7} 80.3 the 1-best) alignment is usually the reference which contains
D | 184 | 327 |552.0| 2297 193.9 | 340.5 | 3702 181.2 silence. When using the SNFE approximation, the most likely
o TABLEI , alignment is used as the reference.
Error approximations for substitution, insertion and dae errors.
Referencel (more Iikel)b h ‘ ay sil
Reference2 h ay
. . Hypothesi h
the baseline approximate errors are greater than the true ypomess | : 2
: . . Length (frames) 80 ! 50 ! 30
Levenshtein errors for each utterance subset. This confirms _ _ ‘ | !
. . . . Symmetrically normalised frame error (1) 0 0 1
that the BAE approximation overestimates errors, as ds®tlS | g . euically normaiised frame error (3 0 P
in Section V-A. Note further that the ratio of the BAE to the Approx. min. symm. norm. frame errof 0 R )
Levenshtein error i2.54 (208.2/82) in the case of insertion

errors, andl.68 (552/327) in the case of deletion errors. The

higher ratio in the case of insertions is evidence of thertitae

to deletion bias discussed in Section V-C Fig. 10. Silence handling using the approximate minimal symmélyica
oL L i normalised frame error.
Examination of the same ratios in the case of the FE

approximation reveals that the FE also possesses an orserti _ o
to deletion bias. The ratio is largetd1 (1317/82)) in the  Inthe example of Figure 10, the SNFE of the hypothesis is
case of insertion errors than in the case of deletiche2( ! due to the deletion of a silence label. When using multiple
(2297/327)). This somewhat surprising result is due to théeference alignments, as in the case of the AMSNFE ap-
fact that, on average, for the dataset considered, deletrons Proximation, a hypothesis which erroneously deletes vesrd-
correspond to phonemes of shorter duration than phonerg#gnce may be assigned zero error due to the presence of the
associated with insertion errors. additional, less likely, reference alignment. In the exbagd

In concurrence with the arguments of Section VI-A, it i§igure 10, the AMSNFE approximation assigns zero error to

clear from Table I that the RNFE approximation underesil® Nypothesis due to the presence of the reference alignmen
mates insertion errors (an approximation7f9, in compar- Reference2. This accounts for the underestimation of idelet

ison with a true insertion error af2), while the HNFE ap- ©rors witnessed in the case of the AMSNFE approximation.

proximation underestimates deletion errors (an approtiima
of 193.9, in comparison with a true deletion error 327). B. Error approximation accuracy

Again, in accordance with the discussion of Section VI-A, The accuracy of the error approximations described in
the results of Table | show that the SNFE does not underestiections V and VI is now measured. Note that there ex-
mate either deletion or insertion errors. The ratio of thé=EN ist several ways to quantify this accuracy, for example the
approximation to true Levenshtein error is57 (128.7/82) summed squared difference between the approximate errors
in the case of insertions antl13 (370.2/327) in the case and the true errors. In this section, the correlation betwee
of deletions, showing that some insertion to deletion biake true Levenshtein error and the approximate error is used
is still present even when using the SNFE. This effect igs a measure of the accuracy of the approximation [27]. This
due to the fact that insertion errors sometimes correspondcbrrelation is used because it is a measure of the similarity
phonemes of longer duration than the overlapping phonemesetween the MPE criterion which uses the error approximatio
the reference transcription. Such insertion errors ane titg- (the approximate MPE criterion, say) and the MPE criterion
malised by the length of a relatively short reference phamenwhich uses the true Levenshtein error (the true MPE critgrio
resulting in an overestimation of the insertion error. Aliigh  say). An approximation which correlates perfectly with the
the analogous phenomenon occurs also in the case of deletiepenshtein error yields an approximate MPE criterion Whic
errors (in this case, normalisation by the length of a red#ifi in turn, yields the same model parameter updates as the true
short hypothesis phoneme occurs), it happens less oftanrthaMPE criterion.
the case of insertions. This in turn is because, on average, f To measure the correlation of the approximate error with
the dataset considered, deletion errors correspond togph@s the true Levenshtein error, the entirg51-utterance subset of
of shorter duration than phonemes associated with ingertie training corpus described above is used. The corralatio
errors. of the phoneme-level Levenshtein and approximate errors is

Comparing the entries in the last and second last columnstioén calculated for each of the error approximations. Téble
Table I, it can be seen that the AMSNFE approximation alwayscords this correlation for the different error approxiioias
yields a lower value than that of the SNFE approximationiscussed above.

However, a large underestimation of deletion errors ocours It is firstly worth noting that the differences between all
this case. Examination of a typical set of reference aligmnsie pairs of correlation coefficients displayed in Table Il aik a
provides an explanation of this phenomenon. The set sifynificant. A significant difference between two corralati
reference alignments often contains two alternative atignts coefficients is indicated by the procedure described in [28]
for a word, one of which contains some word-end silender correlation coefficients derived from the same sample.
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Approximation method Correlation coefficient
Frame error 0.909 365
Baseline approximate error 0.959
Reference normalised frame error 0.968 36 |- o Bascline approximate error
. . — —- - Reference normalised frame error
Hypothesis normalised frame error 0.938 e Hypothesis normaised frame error
Symmetrically normalised frame error 0.976 . —o— Symmetrically normalised frame erro
Approx. min. symm. normalised frame errgr 0.986 =y e EproR iR Sy oM s ot
TABLE Il s
Correlation of error approximations with Levenshtein erro x
2

This procedure assumes that the samples are independer N
selected, a reasonable assumption for the dataset ccedide 335

here. ;
Table Il shows that the frame error displays weaker correle ) i 2 3 4
tion with the Levenshtein error than all other approximasio Iteration

This observation indicates that the unnormalised framar ésr , o

a relatively inaccurate approximation of the Levenshtefore Eﬁ?arli'ppfoiﬁfﬁ];rﬂﬁﬂge(33?22&?%2?;'52{')??ﬁit'gﬂfdamiiﬁsﬁgﬁhi
The RNFE has a higher correlation than the HNFE apmicated in the legend.

proximation. This result is not immediately understandabl

but is due to the nature of the ASR system used to provide

hypotheses in this evaluation. The ASR system is designed to o )

output more deletion errors than insertion errors. As aigue Al Of the error approximations used result in MPE re-

in Section VI-A, the RNFE captures deletion errors morgstimated models which d_|splay improved classification per

effectively than the HNFE approximation. Consequentlg tformance over the ML-estimated models. The models which

RNFE is a better approximation of the Levenshtein error f@€neralise best are generally yielded after three iteratif

this particular dataset. MPE re-estimation after which the effects_of overﬁttmg the
The SNFE approximation displays a higher correlation witli@ining data become evident. Table III. provides some aigly

the Levenshtein error than both the hypothesis and refere/é the errors made by the models yielded after three MPE

normalised frame error. So, with respect to this measuremdfrations.

of accuracy, the SNFE is a more accurate approximation ofl) Discussion:The initial row of Table Il displays the error

the Levenshtein error than both the RNFE and HNFE. analysis for the ML-estimated models used as the startiing po
Despite its underestimation of deletion errors, as dismiis§or MPE estimation. The remaining rows analyse the errors

in Section VIII-A, the AMSNFE metric yields a correlationcommitted by MPE-estimated models. Note firstly that, with

coefficient 0f0.986, greater than that of the SNFE metric. Thighe exception of the RNFE approximation method, all MPE-

result suggests that incorporation of knowledge of mutipPStimated models display deletion rates greater than fhaeo

reference alignments improves the SNFE approximationeof thL-estimated models. This is because, as discussed inoBecti
Levenshtein distance. VIII-A, for the dataset considered, an insertion to deletidas

is manifested when using all error approximations othentha
the RNFE approximation.

The analysis of Table Il shows that the RNFE approxi-

. 'Iéhe !mpz\;\/(it of ea(;]h %f tr?e error ?E/lppr(émme_lt|onsddescr|b%qation technigue yields the least number of deletion errors
In Section VI upon the behaviour o -estimated acoustig,; ,q greatest number of insertion errors of all the error

quels is now measured. Section VII-A descr.|bed the reco pproximations used. This is due to the underestimation of
hition system used to evaluate the IVI_PE—QSUmated acoushtertion errors when using the RNFE technique, as explaine
models and the MPE parameter estimation procedure. iFOSection VI-A.

evaluate the effect of the different error approximaticthg,
MPE-estimated acoustic models are substituted into thenskc
recognition pass of the transcription system. Ti@bseval
NIST evaluation dataset is used as test data.

IX. EVALUATION : MPE-ESTIMATED ACOUSTIC MODELS

The HNFE method gives rise to acoustic models which
yield the highest deletion rate and lowest insertion ratalbf
the approximations considered. This is due to the systemati
underestimation of deletion errors when using this tealmiq
again explained in Section VI-A.

A. Unsmoothed MPE The BAE technique yields models which have a relatively

Figure 11 displays how the recognition WER yielded by thkigh deletion rate and low insertion rate. This is explaibgd
MPE-estimated models varies with each iteration of paramethe insertion to deletion bias discussed in Section V-C.
estimation. No smoothing of the MPE criterion is performed. The use of the SNFE approximation is inherently unbiased
As shown in the legend of Figure 11, each plotted curve caxith regard to the correction of insertion and deletion esro
responds to the use of a different error approximation withMoreover, this technique yields WER improvements over all
the MPE implementation. The zeroth iteration corresponds @ther approximation methods including the baseline erper a
the performance of the baseline ML-estimated models. proximation. A statistical test reveals that these impnogets
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Criterion | Approx. | Sub (%) | Del (%) | Ins (%) | WER (%)
ML - 18.1 13.6 47 36.4
FE 15.9 14.3 37 33.8
BAE 15.7 14.6 35 33.8
MPE RNFE 16.2 135 4.1 337
HNFE 16.0 15.2 3.2 34.4
SNFE 15.6 14.2 3.6 33.4
AMSNFE 15.7 14.4 3.6 33.7
TABLE Il

Performance analysis of models yielded after three iteretiof unsmoothed

MPE estimation (rtO5seval dataset).

are significant. Note that a significant improvement is definé
as significant at th&5% confidence level using the matched""
pairs sentence segment word error test (MPSSWE, [29; 30])

Despite having displayed a higher correlation with the
Levenshtein error (see Table Il), the AMSNFE technique I
significantly out-performed in terms of WER by the SNFE
method. This is due to the underestimation of deletion err
when using the AMSNFE technique, as discussed in Sectid)
VIII-A. This is reflected in the comparatively high deletion’

rate of the AMSNFE technique, as displayed in Table IlI.

B. I-smoothed MPE

10

Figure 12 displays how the recognition WER vyielded by the
smoothed MPE-estimated models varies with each iterafion o
parameter estimation in the cases of the baseline approxima
error and SNFE approximations. Again, the zeroth iteration
corresponds to the performance of the baseline ML-estinate
models. Table IV analyses the errors made by the models
yielded after five smoothed MPE iterations in the case of each
error approximation technique.

1) Discussion:Although the effects of overfitting the train-
ing data are alleviated in later iterations (compare the per
formance of the fourth iteration models in the smoothed
nd unsmoothed cases), the performance of the fifth iteratio
odels in the smoothed case is similar to the performance of
e third iteration models in the unsmoothed case.
‘Examination of Table IV reveals that, as in the case of
nsmoothed MPE model estimation, the baseline approximate
rror technique yields models which have a relatively high

Otijeletion rate and relatively low insertion rate. As in theeaf

ﬁsmoothed MPE model estimation, the SNFE approximation
ields models which in turn yield a lower WER than those
models estimated using the baseline error approximatiba. T
MPSSWE test reveals that the WER improvements yielded by
models estimated with the SNFE approximation are signifi-
cant.

To investigate if the classification performance improve-

ments yielded by the SNFE approximation over the baseline

X. SUMMARY AND FUTURE WORK

approximate error persist when using smoothed MPE criteria | imitations of a previously introduced alignment-based

the experiment described above is repeated using I-smebotky

MPE (see Section 1lI-D). An I-smoothing factor!() equal to
50 is used.

36.

—=e— Symm normalised frame error

35.51 —e— Baseline approximate error

33.5-

Iteration

Fig. 12. Performance of I-smoothed MPE-estimated models usingrelift

error approximations (rtO5seval dataset). The error appmoation used is

indicated in the legend and the I-smoothing factdr is set t050.

Approx. | Sub (%) | Del (%) | Ins (%) | WER (%)
BAE 15.8 14.6 3.3 33.7
SNFE 15.7 14.3 3.4 33.4

TABLE IV

Performance analysis of models yielded after five iteratiof I-smoothed
MPE estimation (rt05seval dataset). An I-smoothing faetbrof 50 is used.

fror approximation technique have been highlighted is thi
paper. Alternative approximations based on the frame error
metric have been introduced. The accuracy of these approxi-
mations has been evaluated, as well as their impact upon the
performance of MPE acoustic model re-estimation. Signitica
improvements over the previously introduced error appnaxi

tion have been recorded for a large vocabulary recognitisk t
when the symmetrically normalised frame error approxiorati

is deployed for MPE acoustic parameter re-estimation.

Future work should compare use of the approximate meth-
ods introduced in this paper with lattice manipulation ap-
proaches [5; 19] and the minimum phone frame error intro-
duced in [17].
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