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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 (errors) between
correct and incorrect hypotheses. In the context of large vocabu-
lary continuous speech recognition, this error calculation becomes
prohibitively expensive and so errors are approximated. This
paper introduces a novel error approximation technique. Analysis
shows that this approximation yields a higher correlation to the
Levenshtein error metric than a previously-used approximation.
Experimental evaluations on a large vocabulary recognition
task demonstrate that the novel approximation also delivers
significant performance improvements over the previously-used
approximation when applied to MPE acoustic model estimation.

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

I. I NTRODUCTION

D ISCRIMINATIVE training of acoustic models has
yielded significant classification performance improve-

ments over maximum likelihood (ML) trained models for the
task of automatic speech recognition [1; 2]. The minimum
phone error (MPE, [3]) or minimum word error (MWE, [4])
method is an example of a discriminative approach to model
estimation. Acoustic models estimated using the MPE tech-
nique have not only displayed significant classification perfor-
mance improvements over ML-estimated models, but have also
yielded significant improvements over models learned using
other discriminative approaches [3].

The implementation of MPE acoustic model estimation
involves approximation of errors associated with a set of
transcriptions of the training data, as will be discussed in
Section III-A. This paper introduces a novel error approxi-
mation method and demonstrates how it addresses limitations
of a previously used technique. While it is certainly not
evident that more accurate error approximation during model
estimation leads to improved model generalisation [5], the
novel error approximation method introduced here is found
to yield significant performance improvements when deployed
for MPE acoustic model estimation.

The paper is structured as follows. Sections II and III
respectively explain the theory and implementation of MPE
acoustic model estimation. Section IV describes previously
introduced approaches to error approximation. Limitations
of an alignment-based approach, referred to as the base-
line approximate error, are explained in Section V. Novel
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 the
accuracy of the baseline approximate error in Section VIII.
The effect of the novel approximations upon MPE parameter

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

II. M INIMUM PHONE ERROR THEORY

The MPE criterionRMPE(θ), also referred to as the overall
risk criterion [4; 6], is defined by Equation 1.
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The setW comprises all possible phoneme transcriptions
of the acoustic dataor, ŵ

M(r)
1 is the correct transcription

of or, M(r) is the length of the correct transcription, and
L(wN
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1 ) is the Levenshtein distance between the correct

transcription and hypothesiswN
1 . The setW is called the

hypothesis space,θ represents the model parameters andR is
the number of training set examples. The symbolwN

1 denotes a
hypothesis, whereN is the number of labels in the hypothesis.

Adjustment of the acoustic model parameters such that the
MPE criterion is minimised is generally performed by iterative
updates of the model parameters. In the case of continuous
density hidden Markov model (HMM) acoustic models, these
updates are given by the extended Baum-Welch (EBW) update
formulae. Different versions of the EBW formulae have been
introduced, corresponding to the conditional maximum like-
lihood (CML, also known as maximum mutual information,
MMI), minimum classification error and MPE criteria. In the
case of the MPE criterion, the EBW update for the meanµs

of a Gaussian state output distribution is given by Equation2.
Note that only mean updates are used in this work.

µ̂s =
θs + Dµs

γs + D
(2)

In the above equation,̂µs is the updated mean,γs is
described by Equation 3 andθs is given by Equation 4. The
quantityD is a learning rate discussed in Section III-B.
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The occupancyγs(t|w
N
1 ,or, θ) is the conditional probability

that states is the t-th element of the hidden state sequence,
given observation sequenceor, hypothesiswN

1 and model
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parametersθ. The termK(r, wN
1 , θ) is described by Equation

5.
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In Equation 5,Lav(r) is the average error of all hypotheses,
given by Equation 6.
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∑

wN

1
∈W

p(wN
1 |or, θ)L(wN

1 , ŵ
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There have been several different justifications of the EBW
update equations for continuous density HMMs. These justi-
fications include:

• use of a discrete approximation to a continuous probabil-
ity distribution [4; 7; 8].

• use of a weak-sense auxiliary function to derive the
update equation [3; 9].

• proof of existence of a sufficiently large learning rateD
such that iterative updates result in optimisation of the
criterion [10].

• use of a standard auxiliary function to derive the update
equation [11].

The statistics necessary for MPE model estimation, namely
the quantitiesθs and γs, are calculated via a lattice-based
implementation discussed in Section III. The learning rateD
is discussed in Section III-B.

III. I MPLEMENTATION OF MPE PARAMETER UPDATES

This section summarises the state of the art implementation
of MPE training used in this work. When using small vocabu-
lary systems it is possible to calculate the statistics required to
perform the parameter update specified by Equation 2 without
approximation. However, in the context of large vocabulary
continuous speech recognition, a prohibitively large amount
of computation is required to gather these statistics. This
is due to the size of the hypothesis spaceW . A practical
solution to this problem is to approximate the hypothesis
space, and hence the resulting statistics, using an n-best list of
the hypotheses of highest posterior [4]. In the context of large
vocabulary continuous speech recognition, use of a lattice[2]
to represent the hypothesis space is favoured because it is a
more compact representation of such a list. For this reason,a
lattice representation of the hypothesis space is used in this
work.

A. Lattice-based MPE

A lattice-based implementation of MPE estimation is intro-
duced in [3; 12]. Lattices which include temporal alignment
information, i.e. label start and end times, are used, and
the lattice encodes the alignments of the acoustic data of
highest posterior [13]. A lattice is generated via a recognition
pass of a speech utterance. Additionally, the alignments of
the correct label sequence of highest posterior, generated
using a constrained recognition pass, are added to the lattice
produced by recognition. The resulting lattice representsa set
of alternative alignments of the acoustic data associated with
an utterance.

The idea behind lattice-based MPE is not only to use the
lattice as an approximation to the hypothesis space, but also to
use the alignment information which is present in the lattice to
save computation. Note that Equation 3 can be re-phrased as
a sum over all possible alignments of the acoustic data as in
Equation 7. A similar re-formulation for Equation 4 is given
by Equation 8.
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The setZr comprises all possible alignments of the utterance
or andK(r, z, θ) is given by Equation 9.

K(r, z, θ) = P (z|or, θ)
[

Lav(r) − L(wz, ŵ
M(r)
1 )

]

(9)

In the above equation,wz is the hypothesis associated with
alignmentz. Notice also that the average errorLav(r) may
also be expressed as a sum over alignments as in Equation
10.

Lav(r) =
∑

z∈Zr

P (z|or, θ)L(wz , ŵ
M(r)
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Substituting the set of all possible alignmentsZr with the set
of alignments specified by the lattice, Equations 7 and 8 yield
practical approximations to the statistics required for MPE
model estimation. Further, since an alignment is a sequence
of lattice arcs, Equation 7 can be expressed in terms of lattice
arcs as in Equation 11. A similar rearrangement of Equation
8 in terms of lattice arcs may be performed.

γs =

R
∑

r=1

∑

a∈Ar
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aend
∑
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The symbola represents a lattice arc which in turn represents
a label, its start timeastart and end timeaend. The setAr

contains all arcs in the lattice andK(r, a, θ) is expressed by
Equation 12.

K(r, a, θ) = p(a|or, θ)
[

Lav(r) − L(a, ŵ
M(r)
1 )

]

(12)

In the above equation,p(a|or, θ) is the posterior probability
that 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, ŵ

M(r)
1 ) is the posterior-weighted sum of the

Levenshtein error of all the lattice paths which include arca,
while Lav(r) is the posterior-weighted sum of the Levenshtein
error of all the lattice paths.

Calculation of the Levenshtein distance between a path in
the lattice and the reference label sequenceŵ

M(r)
1 is non-

trivial. This involves a dynamic programming alignment of
the label sequence associated with the path and the reference
label sequence. Since a lattice encodes many such paths,
calculation of the quantitiesL(a, ŵ

M(r)
1 ) andLav(r) becomes

computationally expensive. This costly computation is avoided
by approximating the Levenshtein distance between a lattice
path and the reference label sequence. This approximation
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is the focus of this paper. Section IV reviews previously-
used approaches to error approximation. These approximations
assign an errorl(a) to each lattice arca such that the overall
approximate error of each path is the sum of the errors
associated with its composite arcs.

The state occupanciesγs(t|a,or, θ) of Equation 11 are cal-
culated via a forward-backward pass over the models defined
by each lattice arca using the segment of acoustic data aligned
with arc a. This is a standard forward-backward procedure,
as implemented in the Baum-Welch algorithm. In order to
calculate the quantitiesK(r, a|θ) for each arca, a single
lattice-level forward-backward pass suffices when an error
l(a) is assigned to each lattice arc. This forward-backward
algorithm is introduced in [3].

B. Setting the learning rate

The choice of an appropriate learning rateD in Equation 2
has mainly been studied in the context of the CML (or MMI)
discriminative criterion [3; 14; 15]. An occupancy-dependent
scheme for determining the learning rate in the case of CML
training is adopted for MPE training in [3]. The procedure is
as follows. For each mixture componentm:

1) CalculateDmin
m , the minimumD required to ensure all

variance updates are positive for componentm.
2) Defineγden

m as follows.

γden
m =

∑

r

∑

a∈Aden
r

K(r, a, θ)

aend
∑

t=astart

γs(t|a,or, θ)

(13)
whereAden

r denotes the subset of lattice arcs in the set
of all lattice arcsAr for which K(r, a, θ) is negative.
The symbolsastart and aend denote the start and end
time of arca, respectively.

3) Set the learning rateDm to max{2Dmin
m , Eγden

m } where
E is a configurable constant which typically assumes a
value in the interval[1, 2].

Since it has been shown to yield reasonably quick convergence
of the MPE criterion, the above procedure used for calculating
the learning rate in the experimental work of this paper.

C. Acoustic scaling and language model specificity

It has been noted [2] that use of LM scaling for the purposes
of calculation of the posterior probabilities of a set of state
sequences results in a posterior probability distributionwhich
is sharply-peaked at the state sequence of maximal posterior
probability. When using acoustic probability scaling, this pos-
terior probability distribution is broader i.e. competingstate
sequences have larger posterior probabilities and it has been
observed [2] that use of acoustic scaling leads to improved
generalisation of discriminatively-estimated acoustic models.

Similarly, the use of lower-order LMs during training, for
example a zerogram or unigram, is another method of gener-
ating stronger (i.e. of higher posterior probability) competing
hypotheses. It has been observed [16] that use of a unigram
LM during training yields acoustic models which generalise
better than those estimated using LMs of lower or higher

order. Acoustic scaling and unigram LMs are deployed in the
experimental work of this paper. Note that acoustic scalingis
applied to lattice arc acoustic likelihoods.

D. I-smoothing

Model parameters which optimise the MPE criterion often
overfit the training data. The I-smoothing technique [3; 12]
is used to alleviate this undesirable overfitting. In the case
of the MPE criterion, a prior probability distribution overthe
acoustic parameters is subtracted from the criterion function.

When using I-smoothing, the ML estimates of state means
and covariances are used to define the mode of this prior
distribution. Using this prior, the I-smoothed MPE criterion
is optimised using a weak sense auxiliary function in [3]. It
is shown that the adjusted EBW formulae shown in Equation
14 can be used to optimise the I-smoothed MPE criterion.

µ̂s =
θs + τI

γml
s

θml
s + Dµs

γs + τI + D
(14)

The quantitiesγml
s andθml

s are given by Equations 15 and
16 respectively.
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IV. ERROR APPROXIMATION

Two types of approximation are used to avoid the need for
a dynamic programming alignment of each label sequence in
the lattice to the reference label sequence. The first type of
approximation, discussed in Section IV-A, will be referred
to as alignment-based error approximation. This type of ap-
proximation is the focus of this paper. A second type of
approximation, referred to as lattice manipulation, is discussed
in Section IV-B.

A. Alignment-based error approximation

The accuracy of a label sequence is approximated using
aligned sequences in [3]. This approximation technique is
shown in Figure 1. A path in a lattice defines what will
be referred to as a hypothesis alignment. The most likely
alignment of the reference transcription is called the reference
alignment. Using the hypothesis and reference alignments,the
accuracy of the hypothesis label sequence is approximated
using the following procedure.

For each labelq in the hypothesis alignment, the set of
reference labels which overlap temporally withq is identified.
Then, for each overlapping reference labelz, the proportion
of z which overlaps withq, e(q, z), is calculated. Then the
accuracy ofq, A(q), is given by Equation 17. The overall
accuracy of the hypothesis is equal to the sum of the accuracies
of the comprising labels.

A(q) = max
z

{

−1 + 2e(q, z) if q andz same label
−1 + e(q, z) if q andz different

}

(17)
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{
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Approximate accuracy

A(q) (max of overlapping)

Overlap proportion e(q,z)

Length (frames)

Fig. 1. Alignment-based error approximation. Detailed in SectionIV-A.

In the case of the hypothesis in Figure 1 the approximated
overall accuracy of the hypothesis is0.6. The actual accuracy
is 1; the number of correct labels (1) minus the number of
insertions (0).

The approximate Levenshtein distanceLapprox(ŵ
M
1 , wN

1 )
between the reference sequencêwM

1 and hypothesis se-
quencewN

1 is related to the approximate accuracy ofwN
1 ,

Aapprox(ŵ
M
1 , wN

1 ), via Equation 18, whereM is the number
of labels in the reference sequence. This alignment-based error
approximation will be referred to as the baseline approximate
error.

Lapprox(ŵ
M
1 , wN

1 ) = M − Aapprox(ŵ
M
1 , wN

1 ) (18)

The baseline approximate error is desirable because it
circumvents the need for a dynamic programming step for each
lattice path. However this error approximation has some limi-
tations. Section V highlights several theoretical disadvantages
of the approximated error and Section VI proposes alternative
approaches to address some of these limitations. Note that this
error approximation may be applied to sequences of words,
phonemes or labels of other speech units.

As an alternative to the above approximation, a frame-
level error metric is introduced in [17]. Improvements in the
generalisation of the resulting models are reported.

B. Lattice manipulation

A technique is introduced in [18] which manipulates a
lattice such that each label present in the lattice is aligned
with zero or one labels of the reference transcription. Zero-
length placeholders are used to manage insertions and dele-
tions present in lattice label sequences. Errors between lattice
paths and the reference transcription subsequently respect this
alignment, reducing the complexity of error calculation. This
lattice manipulation technique was used for MWE parameter
estimation in [19].

In [5] the lattice topology is altered to enable efficient
exact calculation of word errors. No significant improvement
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 of
completeness.

V. L IMITATIONS OF BASELINE APPROXIMATE ERROR

A. Error overestimation

The baseline approximate error, described in Section IV,
often overestimates the error of the hypothesis label sequence.
This error overestimation occurs when the label alignment
times of the hypothesis and reference alignments are not
identical. Figure 1 shows how this overestimation arises. In
the example illustrated the Levenshtein error is1, a single
substitution. However the approximate error,1.4, is larger than
the actual error because the end time of the first labels of the
reference and hypothesis disagree.

B. Asymmetry

Figure 2 shows the baseline approximate error calculation
when the reference and hypothesis alignments of Figure 1
are swapped. The approximate error is smaller due to the
correct label of the hypothesis sequence overlapping with a
larger portion of the reference label in this case. This example
illustrates an asymmetry in the error approximation. This
asymmetry is not present in the Levenshtein error metric, and
is therefore difficult to motivate in an approximation to the
Levenshtein metric. Since the Levenshtein error is symmetric,
it is preferable for an approximation to retain this property.

A(q) (max of overlapping)

1.0

A

Length (frames) 80 20 100

Overlap proportion e(q,z) 1.0

{ correct: 2e(q,z) − 1

incorrect: e(q,z) − 1

A

B

C

1.0

1

0.17

−0.83 −0.17

0.83

1.17

−0.17

0.83

Levenshtein error

Hypothesis

Reference

}
Approximate accuracy

Approximate error

Fig. 2. Asymmetry of alignment-based error approximation. The reference
and hypothesis label sequences of Figure 1 are swapped, resulting in a
different approximate error.

C. Insertion to deletion bias

The asymmetry of the baseline approximate error is the
source of an undesirable bias with regard to the approximation
of insertion and deletion errors. Figure 3 shows the approx-
imate error when an insertion error occurs while Figure 4
displays the approximate error when the scenario is reversed
and a deletion error occurs. In both cases the Levenshtein
error is 1, a single insertion or deletion. Note however that
the approximate error is larger in the case of the insertion
error. This example illustrates a bias in the error approximation
resulting in a larger error being assigned to the sequence with
an insertion.

VI. A LTERNATIVE ERROR APPROXIMATIONS

The asymmetries discussed in Section V can be addressed
by using an error approximation called the frame error [17].
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Fig. 3. Approximate error in case of insertion. Compare with Figure4 which
shows the approximate error in the case of a deletion.

incorrect: e(q,z) − 1

1.0

0.5 0.5

80 20 20 80

{ } −0.5 −0.5 1.0

1.0

1.0

1.0
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1
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A B

B

1.0

correct: 2e(q,z) − 1

Approximate accuracy

Approximate error

Levenshtein error

A(q) (max of overlapping)

Length (frames)

Hypothesis

Reference

Overlap proportion e(q,z)

Fig. 4. Approximate error in case of deletion. The reference and hypothesis
of Figure 3 have been swapped. A smaller approximate error isyielded in
this case.

The frame error between two aligned label sequences is the
number of frames at which the labels in the alignments differ,
as shown in Figure 5. It is clear that this measure is symmetric
since the frame error between two alignments is identical
regardless of which alignment is the reference.

80 20

B

A BC

8020

0 20 20 0Frame error

A

40Overall frame error

Hypothesis

Reference

Length (frames)

Fig. 5. Frame error metric. The number of frames at which the aligned
reference and hypothesis labels differ.

One limitation of the frame error approximation is that an
incorrect label which spans a long period of time contributes
more to the overall error than an incorrect label which spans
a shorter period. A second limitation is illustrated in Figure
6, which shows a hypothesis containing an insertion error.
However, since the inserted label agrees with the reference
label in the region of overlap, no error is incurred when using
the frame error metric and the error and the insertion error
is overlooked. The first of these limitations can be addressed

A B

A A B

Reference

Hypothesis

Overall frame error 0.0

Fig. 6. Frame error metric fails to capture insertion error.

20 20 0

0

0

0 0

0.5 0.5

0.2 0.2 0

40

0.5 0.5 1.0

1.0

CA

A

B

BHypothesis

80 20 20 80

0.4

Length (frames) Overall error

Frame error

Reference

0

0Reference normalised frame error

Hypothesis normalised frame error

Symmetrically normalised frame error

Fig. 7. Frame error normalisation in case of deletion error. In thiscase
the reference and symmetrically normalised frame error approximations yield
accurate estimates of the Levenshtein error of1. The hypothesis normalised
frame error underestimates the Levenshtein error.

via a normalisation scheme. The following section describes
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 region
of each label of the hypothesis alignment is divided into
segments corresponding to regions of overlap with different
labels of the reference alignment. For example, in Figure 8 the
label C is split into two segments, the first being associated
with the label A of the reference alignment and the second
associated with label B. The segment boundaries are illustrated
by vertical dashed lines in Figures 7 and 8. Each segment has
a corresponding frame error; the number of frames within the
segment at which the hypothesis label differs from the label
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 normalised frame
error for each segment. The overall approximate error for the
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

20 20 0

0 0

0

0

0.2

0.5 0.5 0

40
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0.4
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0Frame error

1.0

Length (frames) Overall error

C

0.2

0

Reference normalised frame error

Hypothesis normalised frame error

Symmetrically normalised frame error

Fig. 8. Frame error normalisation in case of insertion error. In this case the
hypothesis and symmetrically normalised frame error approximations yield
accurate estimates of the Levenshtein error of1. The reference normalised
frame error underestimates the Levenshtein error.
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segment as the length (in frames) of the overlapping reference
label. In the example of Figure 7, a deletion error, the normal-
isation factor is40 for each of the segments corresponding to
the labelC of the reference transcription, the length of the
reference label corresponding to these segments. This leads to
an accurate approximation to the Levenshtein error of1 in this
case. However in the example of Figure 8, an insertion error,
this normalisation method yields an underestimate (0.4) of the
Levenshtein error. This is because the segments corresponding
to the labelC of the hypothesis transcription are normalised
by 100, the length of the reference label corresponding to these
segments.

The hypothesis normalised frame error (HNFE) defines
the normalisation factor as the length of the overlapping
hypothesis label. This method leads to accurate approximation
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
error of each segment by the length of the shorter of the
overlapping labels. This method leads to an error approxima-
tion with the desirable symmetric property and yields accurate
approximations for the deletion and insertion errors illustrated
in Figures 7 and 8. This approximation is referred to as the
symmetrically normalised frame error (SNFE).

These approximations to the Levenshtein error are expressed
by Equation 19. The approximate error between hypothesis
label sequencewN

1 and reference label sequencêwM
1 is

denoted byLapprox(w
N
1 , ŵM

1 ), Â represents the set of aligned
reference labels corresponding to sequenceŵM

1 , A is the set
of aligned hypothesis labels corresponding to sequencewN

1 ,
and l(a, â) is the normalised frame error between the aligned
labelsa and â.

Lapprox(w
N
1 , ŵM

1 ) =
∑

â∈Â

∑

a∈A

l(a, â) (19)

The normalised frame error between two aligned labelsl(a, â)
is defined by Equation 20.

l(a, â) =
e(a, â)

n(a, â)
(20)

The quantitye(a, â) is the number of frames at which the
aligned labelsa and â differ (defined as zero if no temporal
overlap exists between the aligned labels). The divisorn(a, â)
is the normalisation term, defined as:

• the length ofâ in the case of the reference normalised
frame error.

• the length ofa in the case of the hypothesis normalised
frame error.

• the length of the shorter ofa and â in the case of the
symmetrically normalised frame error.

B. Using multiple reference alignments

The SNFE described in Section VI-A addresses the asym-
metry of the baseline approximate error. However the error
overestimation limitation, illustrated in Figure 1, applies also
to the SNFE. This overestimation is a consequence of dif-
fering alignment times in the hypothesis and reference label

sequences. This effect may be limited by using not only one,
but multiple alignments of the reference label sequence and
minimising the approximate error over this set of reference
alignments. This set of multiple alignments is generated using
a recogniser constrained to align only the reference word
sequence.

Figure 9 illustrates this calculation. Two reference align-
ments and a single hypothesis alignment are shown. The
SNFE of the hypothesis sequence is calculated with respect
to each of the reference alignments to give a set of errors.
The minimal symmetrically normalised frame error (MSNFE)
is the minimum value in this set. In the example of Figure
9 the SNFE with respect to Reference1 is1.4 and the SNFE
with respect to Reference2 is1.5. Therefore the MSNFE is
1.4.
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Fig. 9. Minimal symmetrically normalised frame error (MSNFE) and ap-
proximate minimal symmetrically normalised frame error (AMSNFE). MSNFE
minimises the SNFE of the entire hypothesis sequence over the set of
reference alignments. AMSNFE minimises the SNFE of each hypothesis label
individually over the set of reference alignments.

In practice a large amount of reference alignments are
encoded by a reference lattice. It is therefore impractical
to enumerate this set of alignments and explicitly calculate
the hypothesis error with respect to each one. So a further
approximation is made. This approximation minimises the
error of each hypothesis label over the set of all reference
alignments (instead of minimising the error of the entire
hypothesis label sequence over all reference alignments).This
approximation avoids the need to explicitly enumerate all ref-
erence alignments. The last row of Figure 9 illustrates how this
approximation is applied using the two reference alignments.
For the initial hypothesis label A, the upper reference align-
ment Reference1 provides the minimal error. In the case of the
second hypothesis label D, both reference alignments induce
the same error. The error for the third hypothesis label C is
minimised using the lower reference alignment Reference2.
Summing the minimal error over all hypothesis labels gives the
approximate minimal symmetrically normalised frame error
(AMSNFE). Note that in the example illustrated in Figure 9 the
AMSNFE of 1.0 is a closer approximation to the Levenshtein
error (1) of the hypothesis sequence than the MSNFE of1.4.
This is a consequence of the flexibility of the former technique
to select different reference alignments to minimise the error
of different labels of the same hypothesis.
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VII. E XPERIMENTAL SYSTEM

The system used for the experimental work of this paper
is based upon the individual headset microphone (IHM) 2005
AMI meeting speech transcription system [20; 21]. Two recog-
nition passes are used. The output of the first recognition
pass is used in the second pass for unsupervised estimation of
speaker-specific vocal tract length normalisation [22] as well
as speaker-specific cepstral mean (CMN) and variance (CVN)
normalisation [23]. Both passes use the same trigram language
model and a language model scaling factor of14.0. The1-best
output of the second pass is the recognised hypothesis. The
pronunciation dictionary contains50000 words and is based
on the UNISYN lexicon [24].

The speech signal is represented using39-dimensional
features. In the first pass this feature vector comprises13
Mel-frequency-based perceptual linear prediction coefficients
(MF-PLP, [25]) and the first and second time derivatives
of these features. In the second pass the feature vector is
extracted via smoothed heteroscedastic linear discriminant
analysis (SHLDA, [26]) from a52-dimensional vector com-
prising13 MF-PLP coefficients and their first, second and third
time derivatives.

The training dataset comprises104 hours of transcribed
speech in meetings from a selection of corpora. The National
Institute of Standards and Technology (NIST) 2005 conference
meeting evaluation datasetrt05sevalis used as test data1. This
comprises1.9 hours of speech,53 speakers and24776 words
(including hesitations, partial words and fillers).

A. MPE estimation details

The system used to evaluate MPE-estimated acoustic mod-
els in Section IX is based upon the ML system described
above. The only difference is that the MPE-estimated acoustic
models replace the ML-estimated models in the second recog-
nition pass.

The ML-estimated models used in the second recognition
pass of the baseline system are used as a starting point for
MPE re-estimation. Using these models, a lattice (so-called
denominator lattice) is generated for each training set utterance
using a recognition pass and a bigram language model. The
bigram language model is derived from the trigram used in
recognition. A language model scaling factor of13.0 and an
insertion penalty of−10.0 are used at this stage.

The same ML models are again used in a recognition pass
to generate a lattice (so-called numerator lattice) comprising
the most likely alignments of the correct transcription for
each training utterance. These lattices are referred to as the
numerator lattices. The most likely alignment is chosen as the
reference alignment in MPE parameter estimation. Note that
the lattices are phoneme-marked to accommodate the optimi-
sation of the MPE criterion. This means that each arc (which
represents an aligned word) has an associated time-aligned
sequence corresponding to the most likely phoneme alignment
of the aligned word. The lattice can thus be considered as
a sample of alignments corresponding to the phoneme-level
hypothesis space.

1Details of these datasets are found at http://www.nist.gov/speech/tests/rt/.

The numerator and denominator lattices are rescored with
a unigram language model (again, derived from the trigram
used in recognition) to improve the MPE-estimated model
generalisation (Section III-C). The denominator latticesare
subsequently pruned to a maximum density of200.0 arcs per
second to reduce the computational cost of the MPE criterion
optimisation process. The alignments present in the unigram
numerator lattices are then added into the corresponding
unigram denominator lattices to yield the final lattices used
in MPE parameter re-estimation.

During parameter estimation, the probability distribution
described by the unigram LM is further broadened by using
an LM scaling factor of0.5. An acoustic scaling factor of
1
14 is used. The occupancy-dependent scheme for setting the
learning rate (Section III-B) is used, and the constantE is set
to 0.5.

VIII. E RROR APPROXIMATION ANALYSIS

The theoretical arguments presented in Sections V and VI
are experimentally tested in this section. Approximately one
hour of speech comprising1851 utterances is selected from
the training corpus of spontaneous meeting speech described
in Section VII. Each utterance is recognised using the first and
second pass of the recognition system described in Section
VII to produce a phoneme-level hypothesis alignment for
each utterance. The reference phoneme sequence and reference
phoneme-level alignment for each utterance are produced by
aligning the correct word sequence using the same recognition
system. To measure the AMSNFE approximation, a lattice
of reference alignments is also generated by the recognition
system at this stage.

For each utterance, the phoneme-level Levenshtein error
is calculated using dynamic programming alignment, and the
phoneme-level approximate error is calculated using each of
the techniques described in Sections V and VI.

A. Raw error approximation

From the dataset described above, the utterances which are
transcribed with non-zero phoneme-level error are selected.
This subset is then further split into three smaller subsets, one
which contains those utterances transcribed with substitution
errors only (S), one which contains those utterances tran-
scribed with insertion errors only (I) and one which contains
those utterances with deletion errors only (D).

Table I presents some analysis of the approximate error
techniques. Each row of Table I corresponds to the subset of
utterances indicated in the first column, where the notation
of the previous paragraph has been used. The number of
utterances in each subset is displayed and the sum of the
Levenshtein errors of each transcribed utterance are indicated
in the second and third columns respectively. The remaining
columns display the sum of the approximate errors of each
transcribed utterance in each set for each approximation tech-
nique. The acronyms BAE and FE are used to represent the
baseline approximate error and the frame error, respectively.

The results presented in Table I are used to test the the-
oretical arguments presented earlier. Firstly, it is clearthat
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Set # Utt Lev
Approximate error

BAE FE HNFE RNFE SNFE AMSNFE
S 110 245 560.9 3211 345.4 359.1 426.4 290.8

I 43 82 208.2 1317 115.8 70.9 128.7 80.3

D 184 327 552.0 2297 193.9 340.5 370.2 181.2

TABLE I
Error approximations for substitution, insertion and deletion errors.

the baseline approximate errors are greater than the true
Levenshtein errors for each utterance subset. This confirms
that the BAE approximation overestimates errors, as discussed
in Section V-A. Note further that the ratio of the BAE to the
Levenshtein error is2.54 (208.2/82) in the case of insertion
errors, and1.68 (552/327) in the case of deletion errors. The
higher ratio in the case of insertions is evidence of the insertion
to deletion bias discussed in Section V-C.

Examination of the same ratios in the case of the FE
approximation reveals that the FE also possesses an insertion
to deletion bias. The ratio is larger (16.1 (1317/82)) in the
case of insertion errors than in the case of deletions (7.02
(2297/327)). This somewhat surprising result is due to the
fact that, on average, for the dataset considered, deletionerrors
correspond to phonemes of shorter duration than phonemes
associated with insertion errors.

In concurrence with the arguments of Section VI-A, it is
clear from Table I that the RNFE approximation underesti-
mates insertion errors (an approximation of70.9, in compar-
ison with a true insertion error of82), while the HNFE ap-
proximation underestimates deletion errors (an approximation
of 193.9, in comparison with a true deletion error of327).

Again, in accordance with the discussion of Section VI-A,
the results of Table I show that the SNFE does not underesti-
mate either deletion or insertion errors. The ratio of the SNFE
approximation to true Levenshtein error is1.57 (128.7/82)
in the case of insertions and1.13 (370.2/327) in the case
of deletions, showing that some insertion to deletion bias
is still present even when using the SNFE. This effect is
due to the fact that insertion errors sometimes correspond to
phonemes of longer duration than the overlapping phonemes of
the reference transcription. Such insertion errors are then nor-
malised by the length of a relatively short reference phoneme,
resulting in an overestimation of the insertion error. Although
the analogous phenomenon occurs also in the case of deletion
errors (in this case, normalisation by the length of a relatively
short hypothesis phoneme occurs), it happens less often than in
the case of insertions. This in turn is because, on average, for
the dataset considered, deletion errors correspond to phonemes
of shorter duration than phonemes associated with insertion
errors.

Comparing the entries in the last and second last columns of
Table I, it can be seen that the AMSNFE approximation always
yields a lower value than that of the SNFE approximation.
However, a large underestimation of deletion errors occursin
this case. Examination of a typical set of reference alignments
provides an explanation of this phenomenon. The set of
reference alignments often contains two alternative alignments
for a word, one of which contains some word-end silence

and the other which contains little or none, as shown in
Figure 10. For the dataset considered, the most likely (i.e.
the 1-best) alignment is usually the reference which contains
silence. When using the SNFE approximation, the most likely
alignment is used as the reference.
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Approx. min. symm. norm. frame error

0

Fig. 10. Silence handling using the approximate minimal symmetrically
normalised frame error.

In the example of Figure 10, the SNFE of the hypothesis is
1 due to the deletion of a silence label. When using multiple
reference alignments, as in the case of the AMSNFE ap-
proximation, a hypothesis which erroneously deletes word-end
silence may be assigned zero error due to the presence of the
additional, less likely, reference alignment. In the example of
Figure 10, the AMSNFE approximation assigns zero error to
the hypothesis due to the presence of the reference alignment
Reference2. This accounts for the underestimation of deletion
errors witnessed in the case of the AMSNFE approximation.

B. Error approximation accuracy

The accuracy of the error approximations described in
Sections V and VI is now measured. Note that there ex-
ist several ways to quantify this accuracy, for example the
summed squared difference between the approximate errors
and the true errors. In this section, the correlation between
the true Levenshtein error and the approximate error is used
as a measure of the accuracy of the approximation [27]. This
correlation is used because it is a measure of the similarity
between the MPE criterion which uses the error approximation
(the approximate MPE criterion, say) and the MPE criterion
which uses the true Levenshtein error (the true MPE criterion,
say). An approximation which correlates perfectly with the
Levenshtein error yields an approximate MPE criterion which,
in turn, yields the same model parameter updates as the true
MPE criterion.

To measure the correlation of the approximate error with
the true Levenshtein error, the entire1851-utterance subset of
the training corpus described above is used. The correlation
of the phoneme-level Levenshtein and approximate errors is
then calculated for each of the error approximations. TableII
records this correlation for the different error approximations
discussed above.

It is firstly worth noting that the differences between all
pairs of correlation coefficients displayed in Table II are all
significant. A significant difference between two correlation
coefficients is indicated by the procedure described in [28]
for correlation coefficients derived from the same sample.
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Approximation method Correlation coefficient
Frame error 0.909

Baseline approximate error 0.959

Reference normalised frame error 0.968

Hypothesis normalised frame error 0.938

Symmetrically normalised frame error 0.976

Approx. min. symm. normalised frame error 0.986

TABLE II
Correlation of error approximations with Levenshtein error.

This procedure assumes that the samples are independently
selected, a reasonable assumption for the dataset considered
here.

Table II shows that the frame error displays weaker correla-
tion with the Levenshtein error than all other approximations.
This observation indicates that the unnormalised frame error is
a relatively inaccurate approximation of the Levenshtein error.

The RNFE has a higher correlation than the HNFE ap-
proximation. This result is not immediately understandable,
but is due to the nature of the ASR system used to provide
hypotheses in this evaluation. The ASR system is designed to
output more deletion errors than insertion errors. As argued
in Section VI-A, the RNFE captures deletion errors more
effectively than the HNFE approximation. Consequently, the
RNFE is a better approximation of the Levenshtein error for
this particular dataset.

The SNFE approximation displays a higher correlation with
the Levenshtein error than both the hypothesis and reference
normalised frame error. So, with respect to this measurement
of accuracy, the SNFE is a more accurate approximation of
the Levenshtein error than both the RNFE and HNFE.

Despite its underestimation of deletion errors, as discussed
in Section VIII-A, the AMSNFE metric yields a correlation
coefficient of0.986, greater than that of the SNFE metric. This
result suggests that incorporation of knowledge of multiple
reference alignments improves the SNFE approximation of the
Levenshtein distance.

IX. EVALUATION : MPE-ESTIMATED ACOUSTIC MODELS

The impact of each of the error approximations described
in Section VI upon the behaviour of MPE-estimated acoustic
models is now measured. Section VII-A described the recog-
nition system used to evaluate the MPE-estimated acoustic
models and the MPE parameter estimation procedure. To
evaluate the effect of the different error approximations,the
MPE-estimated acoustic models are substituted into the second
recognition pass of the transcription system. Thert05seval
NIST evaluation dataset is used as test data.

A. Unsmoothed MPE

Figure 11 displays how the recognition WER yielded by the
MPE-estimated models varies with each iteration of parameter
estimation. No smoothing of the MPE criterion is performed.
As shown in the legend of Figure 11, each plotted curve cor-
responds to the use of a different error approximation within
the MPE implementation. The zeroth iteration corresponds to
the performance of the baseline ML-estimated models.
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Fig. 11. Performance of unsmoothed MPE-estimated models using different
error approximations (rt05seval dataset). The error approximation used is
indicated in the legend.

All of the error approximations used result in MPE re-
estimated models which display improved classification per-
formance over the ML-estimated models. The models which
generalise best are generally yielded after three iterations of
MPE re-estimation after which the effects of overfitting the
training data become evident. Table III provides some analysis
of the errors made by the models yielded after three MPE
iterations.

1) Discussion:The initial row of Table III displays the error
analysis for the ML-estimated models used as the starting point
for MPE estimation. The remaining rows analyse the errors
committed by MPE-estimated models. Note firstly that, with
the exception of the RNFE approximation method, all MPE-
estimated models display deletion rates greater than that of the
ML-estimated models. This is because, as discussed in Section
VIII-A, for the dataset considered, an insertion to deletion bias
is manifested when using all error approximations other than
the RNFE approximation.

The analysis of Table III shows that the RNFE approxi-
mation technique yields the least number of deletion errors
but the greatest number of insertion errors of all the error
approximations used. This is due to the underestimation of
insertion errors when using the RNFE technique, as explained
in Section VI-A.

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

The BAE technique yields models which have a relatively
high deletion rate and low insertion rate. This is explainedby
the insertion to deletion bias discussed in Section V-C.

The use of the SNFE approximation is inherently unbiased
with regard to the correction of insertion and deletion errors.
Moreover, this technique yields WER improvements over all
other approximation methods including the baseline error ap-
proximation. A statistical test reveals that these improvements
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Criterion Approx. Sub (%) Del (%) Ins (%) WER (%)
ML - 18.1 13.6 4.7 36.4

MPE

FE 15.9 14.3 3.7 33.8
BAE 15.7 14.6 3.5 33.8

RNFE 16.2 13.5 4.1 33.7
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 III
Performance analysis of models yielded after three iterations of unsmoothed

MPE estimation (rt05seval dataset).

are significant. Note that a significant improvement is defined
as significant at the95% 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 II), the AMSNFE technique is
significantly out-performed in terms of WER by the SNFE
method. This is due to the underestimation of deletion errors
when using the AMSNFE technique, as discussed in Section
VIII-A. This is reflected in the comparatively high deletion
rate of the AMSNFE technique, as displayed in Table III.

B. I-smoothed MPE

To investigate if the classification performance improve-
ments yielded by the SNFE approximation over the baseline
approximate error persist when using smoothed MPE criteria,
the experiment described above is repeated using I-smoothed
MPE (see Section III-D). An I-smoothing factor (τI ) equal to
50 is used.
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Fig. 12. Performance of I-smoothed MPE-estimated models using different
error approximations (rt05seval dataset). The error approximation used is
indicated in the legend and the I-smoothing factorτ

I is set to50.

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 iterations of I-smoothed

MPE estimation (rt05seval dataset). An I-smoothing factorτ
I of 50 is used.

Figure 12 displays how the recognition WER yielded by the
smoothed MPE-estimated models varies with each iteration of
parameter estimation in the cases of the baseline approximate
error and SNFE approximations. Again, the zeroth iteration
corresponds to the performance of the baseline ML-estimated
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
and unsmoothed cases), the performance of the fifth iteration
models in the smoothed case is similar to the performance of
the third iteration models in the unsmoothed case.

Examination of Table IV reveals that, as in the case of
unsmoothed MPE model estimation, the baseline approximate
error technique yields models which have a relatively high
deletion rate and relatively low insertion rate. As in the case of
unsmoothed MPE model estimation, the SNFE approximation
yields models which in turn yield a lower WER than those
models estimated using the baseline error approximation. The
MPSSWE test reveals that the WER improvements yielded by
models estimated with the SNFE approximation are signifi-
cant.

X. SUMMARY AND FUTURE WORK

Limitations of a previously introduced alignment-based
error approximation technique have been highlighted in this
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. Significant
improvements over the previously introduced error approxima-
tion have been recorded for a large vocabulary recognition task
when the symmetrically normalised frame error approximation
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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