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Abstract
In this paper, we investigate the performance of segment-based
detectors for three taxonomic sets of acoustic-phonetic classes.
Acoustic-phonetic detectors form an important processing layer
for speech event decoding in the new detection-based auto-
matic speech recognition. In this study, detectors are trained
within a minimum verification error (MVE) framework which is
markedly different from the conventional maximum likelihood
(ML) method. Performance evaluations are conducted upon
the TIMIT database by comparing detectors trained via MVE
and detectors trained via maximum likelihood. Remarkable im-
provement in terms of detection error reduction is observed and
reported. The result is a solid manifestation of the effectiveness
of the discriminative training method, particularly MVE, in the
detection-based speech recognition approach. These detectors,
aside from being an important processing stage in an overall
speech recognition system, can also be extended for applica-
tions in diagnostic information retrieval or recognition rescor-
ing for utterance verification.

1. Introduction
Conventional automatic speech recognition (ASR) techniques
are based on the concept of pattern matching, whether it is ex-
plicit as in template-matching or implicit as in statistical pat-
tern recognition. These techniques are in general task specific
with a fixed system construct (vocabulary, grammar, etc.) which
does not permit alteration to adapt to new application environ-
ments without completely re-designing the entire system. Per-
formance degradation due to mis-matched design (e.g., the pres-
ence of out-of-vocabulary words or out-of-grammar sentences,
different training and testing conditions, different background
noise or microphones) is often so severe that it rendered the
system inoperable.

Detection-based ASR was proposed in [1] as an alternative
approach, which provides a bottom-up framework based on hy-
pothesis testing supported by the Neyman-Pearson lemma. The
biggest advantage of the detection-based ASR is its flexibility to
incorporate different knowledge sources and the ability to fuse
lower level information into higher level hypotheses. Promising
preliminary results of detection-based ASR have been reported
(e.g., [2]).

The fundamental idea of detection-based ASR is to detect
the presence of linguistically relevant information, of various
kinds, in a speech signal at a given time and then integrate
them to form a higher-level hypothesis. Therefore, an appro-
priate design of linguistic event detectors is essential in this
new approach. The events of interest could be broadly selected
from any attributes, for example, from spectrum characteristics

to manner of articulation. In a previous study [3], an artifi-
cial neural network (ANN) detector array was presented. By
combining the spectral knowledge and articulatory knowledge,
a rescoring system was built to improve the recognition accu-
racy. One possible drawback of the detectors in [3] is that it is
frame-based and hence does not take advantage of the intrinsic
properties of the speech signal which is demonstrably segmen-
tal. In this work, we study segment-based detectors, from the
design method to performance evaluation conducted over sev-
eral taxonomical sets of acoustic-phonetic classes.
Conventional hypothesis testing is based on the Neyman-

Pearson lemma which teaches the use of likelihood ratio to ac-
cept or reject a proposed hypothesis. A generalized likelihood
ratio is generally computed when a testing data is observed,
and then compared against a decision threshold to decide if
which one of two hypotheses is to be accepted. The two hy-
potheses are the hypothesis with parameters and the

hypothesis with parameters . is accepted
(i.e., an event is detected) when

(1)

In order to conduct the test, one needs knowledge about
the two probabilistic models, which are conventionally obtained
through distribution estimation using pre-labelled data of suffi-
cient amount. As argued in [4], the approach of distribution
estimation for constructing hypothesis test is flawed, particu-
larly when the forms of the “true” distributions of the data are
unknown. A mis-matched form of distribution will not result
in accurate estimate of the model and thus does not lead to any
optimal performance as one may predict following the analysis
of Neymean-Pearson (or Bayes for the problem of recognition).
Discriminative training methods such as minimum verifica-

tion error (MVE) training are data-driven approaches that aim
at determining optimal boundaries to minimize an empirical es-
timate of the test error. They have been extensively applied
to event verification applications, such as speaker verification.
In this paper, the minimum verification error (MVE) training
method is employed in designing the detectors to achieve an
optimal performance in terms of composite testing error, which
is a combination of the type I error (miss) and the type II error
(false alarm). We also conduct a comparison between detectors
designed on MVE and on maximum likelihood (ML). Remark-
able performance enhancement has been obtained.
Note that in this paper the hypothesis test is constructed on a

set of conventional features, namely spectral parameters such as
the Mel-Frequency Cepstrum. No investigation was performed
to optimize the search for features for the detection of any par-
ticular class of acoustic-phonetic event; in this sense, no claim
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of optimal detectors is made here, although within the compara-
tive framework, we did achieve very encouraging results. Here,
our main objective is to justify and demonstrate the effective-
ness of discriminative training methods (particularly MVE) in
prospective applications such as the detection-based ASR.

This paper is organized as following: we will review the
theory of MVE in the next section. Experiment settings and
results are presented in section . Finally, conclusions and dis-
cussions are in section .

2. Minimum Verification Error (MVE)
Training

Minimum classification error (MCE) training [4] is a popular
discriminative training method which aims at directly minimiz-
ing the training errors. To take advantage of the MCE method
in detection problems, a special version of MCE called mini-
mum verification error (MVE) training [5] is introduced. In this
section, we will review the theoretical framework of MVE.

Analogous to MCE, the essence of MVE is to directly min-
imize the total detection errors. In detection problems, there are
two different kinds of errors: type I error (missing) and type II
error (false alarm). Viewed from a classification problem per-
spective, there are two misclassification measures respectively.
Assume there are classes and training tokens in the train-
ing set. For any training token labelled in the th class, a type I
error (missing) may result when applied to the detector of the th
class, and possibly type II errors (false alarm) when ap-
plied it to detectors for all the other classes. The type I misclas-
sification measure for an incoming training token labelled in
the th class can be formulated as

(2)

where is the normalized log likelihood of
the target model for the th class. is the number of frames in
the incoming token. is the normalized
log likelihood of the anti-model for the th class. and are
respectively parameter sets of the target and the anti models.
is the decision threshold for class .

At the same time, the type II misclassification measure of
the th class for an incoming training token labelled in the
th class is

(3)

The two misclassification measures can be embedded into
smoothed loss functions written as

(4)

and

(5)

Finally, the empirical loss for a training set
is given by

(6)

where the parameter set is defined by ,
. The composite error estimation function

is a combination of type I and type II errors.

(7)
and are penalty weights for type I and type II errors

which can be task-specifically adjusted to bias the preference
between these two errors. In equation , it can be seen that
the total verification errors (weighted sum of type I and type II
errors) are represented by a continuous function of the model
parameters and decision thresholds. Therefore, the minimiza-
tion of can be done through the generalized probabilistic
descent (GPD) method [4] w.r.t. all parameters.

To avoid confusion, it would be necessary to compare the
MVE definition in this paper to some other definitions (e.g. SB-
MVE in [6]). In fact, the “SB-MVE” in [6] was not really de-
signed for minimize the “verification errors”. Specifically, its
objective function is written in a criterion of minimizing the
recognition errors when using a pair of detectors as a recog-
nizer. The algorithm proposed in this paper, on the other hand,
minimizes the weighted sum of type I and type II errors directly.

Unlike [5], which treats as part of the verification pa-
rameter set, we consider to be a “decision policy” which in
any discriminative training framework has to be fixed for the
performance evaluation to be meaningful. This is because if
the policy (i.e., the threshold here) is floating, the significance
of data upon the decision boundary can not be correctly and
consistently evaluated and the optimization result may not con-
verge. In the following experiments, we have adopted a fixed
policy implementation. Note that one can still investigate the
ROC curve and determine the operating point (i.e., the thresh-
old) to satisfy the requirements on Type I and Type II errors in
a postmortem fashion. Or, one can fix thresholds in and
before training.

3. Experiments and Results
In this paper, we introduce our investigation of segment-based
detectors working upon different phoneme categories. Three
categories were studied: . a 6-class category based on articu-
latory manner (vowels, fricatives, stops, nasals, silence and oth-
ers) [7]; . a 14-class category based on the broad phonetic def-
inition from [8]; . a 48-class category based on monophones
defined in [9].

3.1. System Description

The detectors are based on representing training classes using
continuous density Gaussian mixture hidden markov models
(CDHMM). The training units of the first two detector arrays
are concluded from knowledge in regard to articulatory manner
and place. The third detector array uses 48 context-independent
(CI) monophones defined in [9]. Each detector consists of a
target model and an anti-model. All models are represented
by 3-state strict left-to-right HMMs, with 16 Gaussian mixture
components per state. These models are trained first by Maxi-
mum Likelihood (ML) method implemented by the HTK toolkit
then by Minimum Verification Error(MVE) method. The exper-
iments were carried out by comparing the system trained using
MVE to the baseline system trained by ML. In all experiments
we assume equal loss weights of type I and II errors.

The experiments were conducted on the TIMIT database.



Starting from the 48 CI phones from [9], we first gener-
ated feature vectors for all 4,620 utterances in the train-
ing set of the TIMIT database. Each feature vector has
12MFCC+12 +12 and 3 energy values so that total 39 fea-
tures are used. Then the long feature vectors for each utterances
are decomposed into short feature vectors for phonemes accord-
ing to the transcript. The feature generation process is also ap-
plied on the testing set with 1,680 utterances. The smoothing
parameters are fixed at .

We mapped 48 monophones into 6 and 14 classes respec-
tively using mapping rules illustrated in Table and . We did
not emerge phones “cl”, “vcl” and “epi” into “sil”. In the first
two sets of detectors(6-class and 14-class), training tokens be-
longing to these three phones were simply ignored. Therefore,
in the first two experiments we have 119,580 training tokens
and 42,657 testing tokens. For the last one, we have 140,225
training tokens and 49,762 testing tokens. The prior percentage
of each class in the testing set is also provided in the last column
of Table and .

Table 1: Mapping rule for the 6-classes category.
6-class monophones percentage(%)

in the testing set

fricatives ch dh f jh s sh th v z zh 16.88
vowels aa ae ah ao aw ax ay eh 39.62

er ey ih ix iy ow oy uh uw
nasals en m n ng 10.32
stops b d g k p t 13.06
others dx el hh l r w y 12.95
silence sil 7.14

Table 2: Mapping rule for the 14-class category.
14-class monophones percentage(%)

in the testing set

front vowels ae eh ey ih ix iy 20.06
mid vowels ah ax er 9.33
back vowels aa ao ow uh uw 7.02
diphthongs aw ay oy 2.41

voiced fricatives dh v z 6.50
unvoiced fricatives f th s sh zh 9.08
affricates ch jh 1.30

voiced consonants b d g 3.73
unvoiced consonants k p t 7.91

nasals en m n ng 10.32
liquids dx el l r 10.91
glides w y 2.98
whispers hh 1.31
silence sil 7.14

3.2. Experiment Results

Before providing our results, we would like to recall the ob-
jective of these experiments. The aim of these evaluation is
not to report optimal detector performance. Although, theoreti-
cally, our detectors can be optimal in term of minimizing train-
ing detection errors, we only use spectral knowledge (in this
paper,MFCC) as diagnosis information. Further more, param-
eter tuning is way from mature. The generic motivation of this
paper is to demonstrate the great potential of knowledge inte-
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Figure 1: ROC curves for the 6-class category.

gration under this detector-based structure using MVE. In the
future, more different features from various speech attributes
(e.g., landmarks, articulatory knowledge) would be introduced
to improve the performance of current ASR systems.

3.2.1. 6-class

Fig. 1 shows the ROC curves of all 6 detectors. Table 3 shows
the minimum total error rate. Note that the minimum total error
rates do not necessarily locate at the equal-error rate point. They
are simply the minimum error rates based on the exhausted
search by shifting the thresholds when applying the testing to-
kens onto detectors. Hence, these error rates can be seen as
lower bounds or the “best performance” of detectors.

Table 3: Minimum total error rate (%) for the 6-class category
based on grid search on threshold

6-class ML MVE

fricatives 5.89 3.91
vowels 12.94 7.11
nasals 4.14 2.97
stops 8.77 4.60
others 13.04 9.19
silence 0.75 0.53

WEIGHTED AVERAGE 9.44 5.61

From Fig. 1 and Table 3, it is sufficiently supported that
MVE outperforms ML in all detectors. The average error rates
weighted by the prior phonetic distribution in the testing set are

and for ML and MVE, respectively.

3.2.2. 14-class

We select four classes of total 14 classes to show the perfor-
mance evaluation in term of ROC curves. They are liquids,
front vowels, unvoiced consonants, and voiced fricatives. Fig.
2 shows their ROC curves. Table 4 shows the minimum total
error rates of all 14 classes. We can observe that the weighted
average error rate drops from to .

3.2.3. 48-class

Table 5 displays the error rate reduction of the 48-class category
alphabetically. The prior percentage of each phoneme in the
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Figure 2: ROC curves for 4 representative classes from the 14-
class category.

Table 4: Minimum total error rate (%) for the 14-class category

14-class ML MVE

front vowels 14.70 8.71
mid vowels 9.33 8.97
back vowels 7.02 6.50
diphthongs 2.41 2.28

voiced fricatives 6.30 5.09
unvoiced fricatives 4.44 3.46
affricates 1.30 1.17

voice consonants 3.72 3.49
unvoiced consonants 6.37 4.07

nasals 4.11 3.02
liquids 10.91 9.16
glides 2.88 2.78
whispers 1.15 0.99
silence 0.72 0.53

WEIGHTED AVERAGE 7.61 5.65

testing set is displayed in the parenthesis in the first column.
The weighted average values of the minimum error rates for
ML and MVE are and , respectively.

4. Conclusions
We have investigated the performance about MVE training in
the application of designing different speech attributes detec-
tors. The parameters of target models and anti-models are esti-
mated according to the criterion of directly minimizing the total
verification errors. Experiments are conducted on the TIMIT
database, suggesting that MVE can effectively improve the de-
tection performance than ML. This is a promising result for us-
ing discriminative training criterion (especially MVE) in the fu-
ture research such as detection-based automatic speech recog-
nition.
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