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1. Project Description

Last year, we focused on the problems of proe¢ection and rejection in an isolated word
recognition task consisting of a set of keywordd amt-of-vocabulary (OOV) words for real
application scenarios under mismatched conditioh &is a new speaker or a new environment
which is not matched with the original speakersenvironments during training. Two main
achievements have been reported in [1] and [2]1]nwe presented an investigation of the
minimum verification error linear regression (MVE)LRnethod for discriminative linear-
transform based adaptation. The minimum verificatesror (MVE) criterion is employed to
estimate a set of discriminative linear transfoiored which achieve the smallest empirical
average loss with the given adaptation data. Tip®rted results confirmed the proposed
MVELR method significantly reduces the total errate over all categories of the detectors
compared to the conventional adaptation methodjmanx likelihood linear regression (MLLR).
On the other hand, in [2] an adaptive and integratéerance verification (UV) framework using
the MVE training criterion was proposed as a new afesolutions for the entire utterance
verification system in real application scenaridrs. contrast to the conventional utterance
verification framework in which the label informati (segments/boundary) obtained from the
recognition model is fixed throughout the trainsegssion, we proposed the adaptive reusability
of the label information obtained from the MVE-trad target model at every iteration during
the discriminative training of the verification mald. In addition, in the context of the
conventional utterance verification, the recognibggotheses do not change regardless of the
utterance verification models. On the contrary,pr@posed the use of the target models updated
in the MVE training for the recognition stage taah improved segmentation and duration in a
way consistent with the verification models and tmgpothesis testing. Under this new
framework, remarkable enhancement in not only rettmgn performance, but also verification
performance has been obtained.

As an extended research, the main goal ofydas's project is to investigate the problem and
issues related to the rejection of invalid inputewhapplied to a continuous speech recognition
(CSR) system. In the case of CSR, the recognitioore can be classified into three types after
alignment between the transcription and the reaaghstring by a dynamic programming (DP)
procedure. They are deletion, insertion, and swit&th errors. This is in contrast to the case of
isolated word recognition where only the substtatierror is of concern. Depending on the
application of the system, these three types afrgmay have a varying degree of significance.
For example, a deletion error by the ASR system ipayregarded as more serious than a
substitution error in an automatic dialog-enabladguage learning system because currently
there is no evaluation guideline for deletion esrand the system does not know how to respond
to such errors. Thus, it is desirable to formulateaining algorithm which can directly minimize
each of these three types of errors, separatejgimty. In this report, we summarize first our
investigation of the minimization of individual tgp of error, and then the result of multi-
objective minimization.



The main application of this year's projecaispoken dialog system for English education of
a non-native speaker such as Korean. In the gipgtication, each of these three errors is
treated with a different degree of significancecadmg to the learning level or under the certain
situation for the English education. In additionppeer rejection for the insertion and substitution
errors is also required to provide a user-friendtgrface with flexibility in accepting/rejecting a
wide range of user responses. Therefore, thisweadrave investigated a new training paradigm
to selectively minimize each of the errors anchatsame time to effectively reject insertion and
substitution errors. For the ultimate goal, we dallthe minimum error principle for acoustic
modeling and formulate error objectives in insertideletion, and substitution separately for
minimization during training.

Several Discriminative Training (DT) methodsich as maximum mutual information
estimation (MMIE) [3], minimum classification errdMCE) [4], and minimum phone/word
error (MPE/MWE) [5], have achieved success in uigpeech recognition tasks over years.
Among them, the MCE and the MPE/MWE aim at diregtimization of mainly the substitution
error on the chosen unit class, say a word, egheghe same level as the unit, or at a level above
(e.g., a string of words) or below (e.g., a strrigphonemes) “word”. It is considered very hard
to present a natural solution for directly minimgithe deletion and insertion errors. However, if
we re-interpret the three types of recognition reimothe context of a detection problem, the
deletion, insertion, and substitution errors camdspectively explained as miss, false alarm, and
miss/false-alarm errors happening together. Thach ef the errors can be minimized under the
framework of the detection theory. Table 1 compdhesdifference between the two problem
descriptions. First, in error type, the recognitipnoblem is associated with only one
misclassification error, while the detection prablées associated with both Type | error (miss)
and Type Il error (false alarm). Second, in aligntmerror, the recognition problem produces
deletion, insertion and substitution errors andcheaicthe errors in the recognition problem can
be viewed as miss, false alarm and both in thectieteproblem. Last, in the training criterion,
normally during recognition, only the substitutierror can be minimized to solve the
recognition problem, whereas the training criteriimon the detection problem minimizes a
combination or the total of the detection errorsoagated with miss and false-alarm,
respectively. As a result, we may rethink the redtgn problem as a detection problem.

Table 1. Comparison between different problem descriptions

Error Alignment Training
Type Errors Criterion
Recognition Misclassification Deletl.on Minimize
Problem Error Insertion sub-errors
Substitution only
. Type I/l Type | Minimize
Detect :
Peroeb‘ie'?n” (Miss/FA) Type Ii Type 1&lI
Errors Type 1&lI both

In this report, based on the above analysesspmwpose a new multi-objective discriminative
training method using minimum verification erroiterion (MVE) [6,7] to directly not only deal
with each type of the recognition errors in theedgon viewpoint, but also minimize each of the



errors and the overall recognition error rate ali. winder the MVE criterion which is a special
version of MCE for detection and verification pretvls, by applying two mis-verification
measures for miss and false alarm errors selegtaleihg with the types of recognition error
definition, we developed a multi-objective learniingmework, of which the objective functions
are designed to directly minimize each of the thypes of recognition errors and all together. In
contrast to string-level MCE [4], the proposed héag framework is performed only on error
segments between the transcription and the recedrsizing after DP matching. This learning
framework provides a more direct measure of eaple ©yf the three errors and significantly
reduces the computational complexity comparedecsthing-level MCE. Hence, we named each
objective criterion minimum deletion error (MDE), imfimum insertion error (MIE), and
minimum substitution error (MSE), respectively.

The rest of this report is organized as foloim Section 2, we will describe the details @ th
multi-objective learning framework in the detectigiewpoint, followed by a derivation of the
proposed method under MVE criterion. In Sectionw@, will show the effectiveness of the
individual criterion in minimizing its target errdor continuous speech recognition task. In
particular, the experimental results will be preéednseparately in the continuous phone
recognition (CPR) task on TIMIT corpus and the éavgcabulary continuous speech recognition
(LVCSR) task on WSJ corpus. Finally, conclusions @rawn and the planned future works are
discussed in Section 4.

2. Multi-objective learning framework using minimum verification error

2.1. Recognition error from a detection viewpoint

Although the conventional MCE has shown howniaimize the total empirical errors on the
training data, the MCE objective function was deem) to mainly reduce the empirical
substitution errors on the training data. For evémgining utteranceX, , a string-level
misclassification measure [4] in MCE criteriat(X,|A), compares two discriminant functions,
9 (X, S| A) for the known reference string,. andG (Xy, S,,|A) for the competingN-best strings
Sn, Which can be formulated as:

d(Xp|A) = =g (Xje, Sy |A) + G (X, Sn|A) )

whereA is the HMM parameter set addX;, S,,|A) is a weighted sum over the competiNg
best strings. Given the misclassification measoindy the local accumulation of the string-level
errors can be minimized. However, as argued inrttieduction, it is not appropriate to ignore a
direct measure of deletion and insertion errofthéndiscriminative training.

As an alternative, the enhanced minimum diassion error (E-MCE) was proposed in [8].
By generating three sets of competing strings faomstrained\-best search, MDI, MIE, and
MSE were constructed following the conventional M@&ining. However, E-MCE is not a
direct individual error minimization method, butbalanced method for the three types of
recognition errors. Furthermore, since it exphcitbllows the conventional string based MCE
framework based on the misclassification measurggn(1), the objective function of the E-
MCE still focuses on minimizing the empirical avgealoss of the three errors in the given
competing string.

In order to construct direct objective funodfor deletion and insertion errors, we propose a
new training framework presented in Fig. 1. Supgbsereference string I#" and the one best
decoded string from ASR i&¢. After a DP-based string alignment procedure, deketion



errorW} and one insertion errd/s are ounted as shown in Fig. 1. If we interpret the
recognition errors from a detection viewpoint, thedetion errolW; can be regarded as a m
error in the detection problem sinWW/; has to exist on the decoded string but it is missitd
respect to the decoded output sequence. On the béma, W& has to be rejected but it
inserted on the decoded output sequence. Thusngheion erroW4 can be viewed as a fal
alarmerror in the detection problem. Then, from the M&#erion, the segments of the delet
error W) and the insertion erroWy are trained by the first migerification measur
d; (X, WJ |A) and the second n-verification measurd,; (X,, W4 |A), respectively, as follov:

di (X, W3 [A) = =g (Xp, W3 [AY) + ga(Xi, WS |AQ) (2)
d (X, Wzd [A) = +gt(Xk1 WzdlAt) - ga(Xk: WzdlAa) (3)

whered; andd;; are the type | and type Il n-verification measurgsespectivel. In Eg. (2) and
(3), g andg, are the normalized log likelihood aA; andA, are the parameter set of {
target and the anti model for the given segmespeetively

Fig. 1. Error count and corresponding I-verification measuresi{ andd,;) under MVE criterio

This new training paradigm generalized from the M¥YHerion can explain the dire
relationship between the recognition errors anddigitection errors. evertheless, it is intuitivel
obvious that counting only error segmeiw; andW,s, may not reflect the effective moc
separation and error minimization in the discrinive training phase since the deletion
insertion errors are directly reed to the preceding and succeeding segments. iticagdhere
is a prominent need in identifying the part of speeata that contain potential deletion
insertion errors for the purpose of discriminatpagameter optimization. Therefore, we prop
a new training framework covering the segmentstiigiiore and right after the error segmen
shown in Fig. 1. One can further extend this framdwby associating the preceding ¢
succeeding segments with noniform error cost like [Por by containing more connect
segments withi; andd;; than we propo-.



2.2. Derivation of multi-objective discriminativeatning using the MVE criterion

Segment-based MVE has shown its effectiveriasgonstructing detectors [1,10] and
rescoring hypotheses [11,12] from ASR system fqurowed continuous speech recognition. In
this section, we will derive the multi-objectivesdriminative training extended from the
segment-based MVE criterion.

Suppose there aM classes an& training samples in a given training data set. A&
matching, the giverK training samples are assigned if%$, X7, ..., X; }for the reference
transcript andX{, X4, ..., X4} for the decoded output. From the samples and assignments
of the decoded output, the empirical average sieiined by

K
~ 1
L(R) =2 ) Leotar XA N) *)
k=1

Whereltotal(X,‘ﬂA) is the composite loss function which combines fdiiferent types of the
recognition output from the general DP-based stangr assignment. For the multi-objective
discriminative learning, the composite loss functoan be described as

Liotat (XE|A) = lpey (X3 A)1(X2 € "Del ")+1ns(XE|A)1(XEE"INS")
+loup (XEA)LXE € "SUb™) + Ly (X2|A)1(X2 € "Hit")  (5)

wherelp.;(*), lins(+), andlg,, (+) are respectively represented for an individuakotdye function:
MDE, MIE, and MSE. First, the objective functiorr fdDE can be written as

M
Loer(X2|A) = PW; > 1 (d)(XE[A)) 1085 € €)

i=1
M

+PWy ) > 1 (d (i 1A) 10X € ) 6)

j=—1,11i=1

wherePW, andPW,; are the penalty weights for type | and type Ibesrand(-) is a smoothed
loss function normally defined by a sigmoid funatip4]. Note that the two kinds of mis-
verification measures are separately assignedetoetierence segmekf and decoded segment

Xi,; as defined by
d;(Xp|AY) = —ge(XE|AL) + ga(XE|AG) (7)
di (X j|AY) = +g:(Xiki 1AL — ga(Xis ;| AG)- (8)

Unlike Eq. (1), in Eq. (7) and (8§, andg, are the segment-based normalized log likelihood

andAlandAl, are the parameter set of the target and the antehdor theith class, respectively.
Similar to MDE, the objective function of MIE cae lwritten as



M
s (XEIA) = PW, > ) 1(d) (X [4)) 10X € €1)

j=—1,11i=1
M
+PWy ) (i (XEAD) 1(x¢ € C7). ©)

=1

For MSE, as discussed in the previous sectionssubstitution error can be regarded as miss
and false alarm errors happening together at tengsegments. As we did above, the objective
function of MSE can be formulated as

M

Loun (XZ|A) = PW, E [(d;(xE]AD) 10x% € )
i=1
M

+PW,,Z (du(XE]AT)) 1(x8 € C). (10)

i=1

Last, as the conventional segment-based MVEhithwkens can be optionally trained either
on the reference transcript or on the decoded outputhis report, we will derive for only
reference transcript as follows:

M
L (XE14) = PW, > 1(d (XE|49)) 1085 € €1

=1

M M
+ Py T > 1 (dn(XE|A7)) 10K € €. (11)

i=1 j,j=#i

Finally, the minimization of each objective funeticcan be accomplished through the
generalized probabilistic descent (GPD) method][#6.t. all parameters. In the following
experiments, we used uniform penalty weights fothb@W, and PW,, . Moreover, the
experiments in this report are conducted on eacjecbte criterion and then a simple
combination of the multi-objective criteria. Onendavestigate the non-uniform penalty weights
and rule-based combinations of the multi-objectkigeria with particular constraints such as [17]
over the proposed learning framework.

3. Experimental Setup and Results

The experiments reported in this section amied out on TIMIT corpus and WSJ corpus,
respectively. The TIMIT corpus was mainly used ¢ontinuous phone recognition (CPR) task
and the WSJ corpus was used for large vocabularynemus speech recognition (LVCSR) task.
In TIMIT, we use the standard experimental setuppeified in [13,14]. We first present word
recognition results as a preliminary experiment #reh show phone recognition results. Note
that the word recognition results are not intenttethe general discriminative training scenario
under separate training and testing sets. Thenpredry experiment is based only on a testing set
for both discriminative training phase and tesigise. From this experiment, we could observe
how much the proposed method directly reduced therseon the testing set. In addition, this



experiment is performed by a simple combinationhef multi-objective training methods such
as D+S+l and H+D+S+l. On the other hand, for thetiooous phone recognition, we followed
the general discriminative training scenario andl present the detailed performance by each
objective training criterion as well as the perfarme by the combined objective training criteria.
In WSJ, the baseline system is built following the recipe
(http://www.inference.phy.cam.ac.uk/kv227/htk/) WwitWSJO database and we followed the
general discriminative training scenario with thairting corpus, the SI-84 set, and the test
corpus, standard Nov92 set. For LVCSR task on W&Jwill first present recognition results
and then show verification performance as a hymihtesting of the individual recognized
words.

3.1. Preliminary Experiment - Continuous Word Reutign (CWR) Task on TIMIT corpus

In continuous word recognition task on TIMIthe total number of words in the lexicon is
6,078 and for the ML models as a baseline the st@n@IMIT training set 3,696 utterances were
used. As a comparative method in the recognitianyi¥l present MCE performance. For MCE
and E-MVE training and testing, the standard TIMé&Bting set 1,344 utterances were used in
both. As the baseline performance by the ML modbksword error rate on testing set is shown
in Table 2. With 41 Cl monophones and a bigram lagg model, the word error rate of 46.89 %
was observed. Based on the comparison betweendgestt reference transcription and 1-best
decoding output, we set up two kinds of ExtendedBV¥-MVE) training scenarios as a simple
combination of the individual objective trainingiteria. The first scenario attempts to use all
tokens consisting of all error tokens including tukens on testing set. The second scenario
attempts to use only error tokens assigned intetidel, insertion, and substitution.

Table 2. Detailed recognition performance with verification

Hit Del Sub Ins WER
ML 6.114 1135 3.776 259 46.89 %
MCE 7.624 792 2 609 226 32.89 %
7.700 511 2 814 428 34.04%
E-MVE
(H+D+S+1) 6.930 1.822 268
11 56 9
(10%) > (35.22%) | (37.15%) o220
7.299 836 2 890 222 35.819%
E-MVE °
(D+S+) 6.570 836 2127 168 34.91 %

In the Table 2, each row shows the detailezbgrition performance by each learning
method. The second row shows the MCE performandetlaa third row, E-MVE by HDSI,
means all the tokens on the testing output werd taethe E-MVE training. The fourth row, E-



MVE by DSI, means only error tokens were used fer E-MVE training. In the performance
analysis, both MCE and E-MVE significantly redudeé number of word errors on testing set.
First, in the Correct (%), E-MVE shows better periance than MCE. However, in total word
error rate, MCE is slightly better than E-MVE besawf the number of increased insertion
errors in E-MVE. In particular, as shown in theléalwe could see a trade-off in the deletion and
insertion errors between the two E-MVE trainingre#os. In E-MVE including Hit tokens, the
number of deletion error drops from 1,135 to 511 te number of insertion error was a lot
increased compared to MCE. One possible reasdmaisMVE training with Hit tokens may
produce over-estimated models. As we saw in theatesn of E-MVE with Hit tokens, one true
class is computed by the first misclassificatioraswed;, and at the same time, given the same
observation (segment), all other classes excluthegtrue class are computed by the second
misclassification measuré;;. That might impact overestimation. On the otherdhavithout hit
tokens during the training phase all types of ermwere reduced compared to ML baseline. In
particular, MCE mainly reduced the substitutionoesr as following its training criterion.
However, E-MVE reduced the deletion and insertionrs more than MCE.

Furthermore, the advantage of E-MVE is noitkah only to the recognition stage, but can be
further extended to the verification phase. InTaéle 2, each E-MVE method has two rows and
the second row is the performance after the vatibo. For the verification phase, each word is
considered as an independent hypothesis and tht&nMWE-trained corresponding target and
anti models we did hypothesis testing. Note thatsiecific false rejection rate at the verification
stage is 10%. Thus, the number of Hit is decreagyaen percent for each E-MVE method. And
the number of deletion error does not change aimtle the verification was performed on the 1-
best decoding output. As we discussed in the intthdn, there is no evaluation measure for
deletion errors in the given task as well as in yngeneral ASR systems. However, with respect
to the substitution and insertion errors, over 353€jéction rate on both errors were obtained.
Finally, in the total word error rate, we could este additional error reduction rate as follows in
the table. Of course, this hypothesis testing camebdefined on keyword detection and OOV
rejection task as we did in [2].

3.2. Continuous Phone Recognition (CPR) Task onITIsbrpus

In this section, we will report phone recogmitresults. Unlike the previous subsection, we
followed the general discriminative training sceaand will present the detailed performance
by each objective training criterion as well as therformance by the combined objective
training criteria. As baseline, we trained both teatrindependent (Cl) and context-dependent
(CD) HMM phone recognizers using the latest versadrnthe HTK toolkit. The Cl system
consists of 48 monophones defined in [13] andha&llghones except for the short pause “sp” are
modeled by 3-state left-to-right HMMs with 70 Gaass per state. The short pause model “sp”
has only one state. On the other hand, the CD rmystmtains a total of 3420 physical triphone
models with 986 tied-states and each state is raddeding a 16-component Gaussian mixture.
Note that for the proposed discriminative trainippase in both ClI and CD systems,
corresponding anti models are limited to 48 CI nmhmanes. It is obvious that the CD anti-
subword models with the same context as the CDetangodel would affect the direct
performance improvement as shown in [15]. As ar&utwork in the following year, we will
develop the CD anti-subword models and directly h\apthem to the proposed training
framework.



In all experiments, we represented the spamsthg 39 dimensional feature vectors with
12MFCC, 12, 12AA and 3 log energy values. The standard 3696 trginiterances excluding
the “sa” utterances and 192 core-test utterance® weed. In the phonetic recognizer
evaluation, we used a bigram language model oveng# estimated from the training set and
merged the 48 monophones into 39 monophones aogatalithe standard mapping described in
[13] and the confusion among the merged phone®tionsidered as errors. In addition, the
number of training iterations for all the MCE am tproposed method in Table 3 and 4 is fixed
to be five.

3.2.1 Cl Results

Table. 3 shows the performance comparisondmivthe conventional string-based MCE and
the proposed multi-objective discriminative tramimethod. In particular, we present the
detailed performance of each objective criteriod &mo kinds of simple combinations of the
individual objective criteria such as “D+S+I” an#i+D+S+1". Note that the combined multi-
objective training methods mean the three errommssgs and “hit” segments are simply
incorporated in the discriminative training phase.

Table 3.Detailed performance comparisons on Cl system

Del Ins Sub Acc %

ML 678 170 1,289 70.57 %

MCE 674 179 1265 70.83 %
MDE 655 175 1279 70.95 %
MIE 687 156 1278 70.79 %

MSE 691 159 1273 70.76 %
D+I+S 687 159 1272 70.83 %
H+D+I+S 521 274 1278 71.45 %

It can be seen from Table 3, MCE mainly redube substitution error as intended. However,
each objective criterion of MDE, MIE, and MSE rdsdl in primarily reducing its target error
type, respectively. Furthermore, although we caomstd the simple combinations of the
individual objective criteria, the two combined tindbjective training methods still confirm the
effectiveness of the proposed learning frameworkuke-based optimization method such as
[17], unlike the simple combinations reported henay bring about more overall error reduction.

3.2.2 CD Results



Table 4 shows the performance comparisonenGb system. In particular, we ignored the
training criterion with the “hit” tokens since imwstrast to the CI system the CD system consists
of a huge number of classes. Thus, we only shovdétaled performance of MDE, MIE, MSE
and “D+1+S” as presented in Table 4.

Table 4. Detailed performance comparisons on CD system

Del Ins Sub Acc %
ML 444 246 1,271 73.26 %
MCE 448 250 1,265 73.23 %
MDE 435 266 1254 73.34 %
MIE 468 222 1257 73.45 %
MSE 453 243 1245 73.53 %
D+I+S 449 243 1255 73.45 %

Similar to the results in [16], we could nditain performance gain from the conventional
string-based MCE in the CD system. However, theppsed methods reconfirm that each
objective criterion reduces its target error typd the combined multi-objective training method
also reduces the overall recognition error. Howeeempared to the ML baseline, MDE and
MIE yield more insertion and deletion errors, regpely. One possible cause of the instability
is the lack of modeling the anti models with a esponding discriminability. As mentioned, the
anti models for the limited 48 CI monophones weargleyed during evaluation with the CD
target models in the discriminative training phasas likely that use of the CD anti-subword
models discriminatively trained with the correspmigd CD target models would lead to
improved performance as shown in [15].

3.3. Large Vocabulary Continuous Speech Recogn{iMCSR) Task on WSJ corpus

We also evaluate the proposed discriminatirgning method on a large vocabulary
continuous speech recognition (LVCSR) task, nari¢8J0 database. The training corpus is the
SI-84 set with 7133 utterances from 84 speakers thadtest set standard Nov92 with 330
utterances from 8 speakers. The baseline systembust following the recipe
(http://www.inference.phy.cam.ac.uk/kv227/htk/) #8tSJ database using the Hidden Markov
Model Toolkit (HTK). Crossword tri-phone models tvia total number of 2750 tied-states are
trained, which are represented by 3-state stritttderight HMMs with each state having 8
mixture Gaussian components. Note that the anti etsodre currently limited to 40 CI
monophones similar to CPR task on TIMIT corpushe previous subsection and all the anti-
phones are modeled by 3-state strict left-to-ridhtMs with 16 Gaussians per state. In addition,
the input feature is 12MFCCs + energy, and thest fand second order time derivatives. The



WER of the baseline system is 7% after 5 iterationsvith maximum likelihood estimatic
(MLE) using a standard lgram languac model. The parameter set estimated by the bas:
system acts as thmeitial model for the all discriminate training experiments, whi along with
a weak unigram language model trained from the traii corpus are used to generate
competing strings/segmeritsthe reference transcripti.

In oder to appropriately apfr the proposed learning framexkoto the LVCSR task, th
extended error counting and learning framework khbe considered since in the LVC&ask
the training and recognitiodecision are not on the same linguistic level of the perfamoe
measure. For example, teeor count andearning frameworkor the CPR task shown in Fig.
take account intthe each phoneme segment in the recognition decasidmap: the segment
directly to the trainingoken in the discriminative training phi. However,in LVCSR task the
training and reagnition are performed on tiphone level but the system evaluation measur
defined on thavord level. Hence, we propose the extended error cawhiearning framewor

as shown in Fig 2.
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Fig. 2. ExtendecError count andearning framework for LVCSltask

In contrast to the previous framewocounting the proceedingnd succeeding segme
(phonemesas the training tokens no matter what they aregasdi from the D-matching, more
or less phonemes/segments can be selectively accordingto their word level decision ar
user’s pre-defined settingror example, he all word-level classe$y"andW ¢, determined by
the recognition decision are internally represerged sequence of phoneme segments ar
number of the phonemes for discriminative training is set to 2 in Fig.Qf course one can
take whole phonemes in tipeecedini and succeeding words but it is not reasonable winey
are assigned ddit word from the recognition decision. Thus, we propose lelphhonemes al
chosen only if the precedini and succeeding words are assigned as ¢
(insertion/substitution/deletion). On tother hand, if they are assignedHisword, we use p-



specified numbers for taking the preceding and eeding phonemes. In our investigation, the
best performance has been obtained when the nushpeonemes is set to 2 as shown in Fig. 2.

In the following subsection, we first preseatognition results and then show verification
performance as a hypothesis testing of the indalidecognized words.

3.3.1 Recognition results

Table. 5 shows the recognition performance pammson between the baseline MLE and the
proposed multi-objective discriminative training tmed, MIE/MSE/MDE. In particular, we
present the detailed performance of each objectiferion and recognizer output voting error
reduction (ROVER) [18] as a post-processing schiméhe multiple ASR system combination
of the proposed MIE/MSE/MDE. The ROVER algorithmsaaiginally proposed to improve the
performance of speech recognition by combining ipleltspeech recognizers. The outputs of
multiple ASR systems are aligned into a word triagmsi network (WTN) by dynamic
programming and then a majority voting is perfornfed each correspondence set. Here,
ROVER works at the output of the multiple ASR systeand thus no acoustic and language
models are involved.

Table 5. Detailed recognition performance comparisons o \&8pus

Hit Del Sub Ins WER %

ML 5053 21 279 84 7.17 %
MIE 5059 21 273 78 6.95 %
MSE 5062 24 267 82 6.97 %
MDE 5056 20 277 86 7.15 %
ROVER 5064 21 268 80 6.89 %

It can be seen from Table 5, each objectiveraon of MIE and MSE resulted in primarily
reducing its target error type, respectively. HoereWIDE reduced only one out of twenty one
in the deletion error. It is mainly because the hanof the deletion errors is substantially small
compared to the total word error rate (WER %) amdthof them are either an article such as “a”
and “the” or one short syllable-based word suchirdsand “on”. As we have already observed
in TIMIT corpus, we anticipate that MDE criteriorowld effectively reduce the deletion error in
another type of LVCSR corpus rather than WSJ corptsally, we tested ROVER for
combining the recognition outputs from the threHfedent training criteria, MIE/MSE/MDE.
The consensus output yields word error rate (WHRH.89%, which is a slight reduction over
the best single system of WER of 6.95%.

3.3.2 Verification results



For the hypothesis testing of the given recgphword, after the recognition (decoding) with
the MVE-trained target model, we first consider wald-level (monophone-level) acoustic
verification scores based on the correspondingetaagbword and anti-subword models and then
add up them for the word-level verification scoess same as we did in subsection 3.1. The
verification performance was measured in two ewanametrics, equal error rate (EER %) and
rejection rate of substitution and insertion err@irghe certain false rejection rate of hit woids.
practice, one usually has to pick a specific falseeptance or false rejection rate as part of the
operating specifications on the system [19]. Itm®re desirable to optimize verification
performance at a particular operating point instefaglqual error rate (EER %). Nevertheless, the
EER has been widely used as one of the importafdrpgance metrics in the fields of detection
and verification researches. Thus, we also incltlile EER performance in our overall
performance evaluation.

Table 6.Detailed verification performance comparisons
in Equal Error Rate (EER %)

Del Sub- Ins- Total
EER EER EER
ML . 38.34 % 36.92 % 38.29 %
MIE . 36.27 % 31.18% 35.46 %
MSE . 34.83 % 36.59 % 35.25 %
MDE . 36.84 % 36.05 % 36.71 %

Table 7.Detailed verification performance comparisons
at 7% false rejection point

At 7% Sub- Ins-
FaIsePR_eJecnon Del Rejection Rate Rejection Rate
oint
ML - 27.96 % 30.95 %
MIE - 26.74 % 42.86%
MSE - 29.09 % 35.37 %
MDE - 28.16 % 36.05 %




Table. 6 shows the verification performanceadrms of EER % and Table. 7 presents the
verification performance of the substitution andeirtion errors at a 7% false rejection point of
hit words. Similar to the recognition results i ghrevious subsection, each objective criterion of
MIE and MSE mainly reduced the equal error ratésiiarget error type. For example, the EER
in MIE drops from 36.92 % to 31.18 % and MSE yiettle EER of 34.83 %, which is a lot
reduced over the ML baseline of the EER of 38.3B&6thermore, at 7 % false rejection rate, the
rejection rate of the insertion error is signifidgnncreased from 30.95 % up to 42.86 %. On the
other hand, the rejection rate of the substituéoor is slightly increased to 29.09 % at 7 % false
rejection rate. As we discussed throughout Se@iathe anti models play a critical role in not
only the proposed discriminative training phaset &lso the verification phase (hypothesis
testing). We expect that use of the CD anti-subwuoatiels discriminatively trained with the
corresponding CD target models would directly leiad improved performance in both
recognition and verification.

4. Conclusions and Planned Future Works

In this report, we interpret the commonly kmowhree recognition error types, insertion,
deletion and substitution, from an event detectgwpoint and introduce a new training
paradigm aiming at direct reduction of these irdlinl errors. By considering the deletion,
insertion, and substitution errors as miss, falsena and simultaneous miss/false-alarm, the
MV (erification)E criterion is generalized to MD(¢len)E, MI(nsertion)E, and MS(ubstitution)E,
as the objective functions for direct minimizatiami each of the three types of errors.
Furthermore, we studied combined multi-objectivening criteria by incorporating the three
individual objectives and the “hit” segments anaogmnizer output voting error reduction
(ROVER) as a post-processing scheme for the meltdSR system combination of the
proposed MIE/MSE/MDE. We first carried out experittgein phone recognition on the TIMIT
corpus. Results for both Cl and CD systems confitat each objective criterion of MDE, MIE,
and MSE results in minimization of its target efroespectively. In addition, the combined
multi-objective training methods outperform the wentional string-based MCE. Then, we also
evaluated the proposed discriminative training métlwith the extended error count and
learning framework which takes account into thaalde number of the phonemes in preceding
and succeeding words for LVCSR task on WSJ corBusilar to the results in CPR task on
TIMIT corpus, each objective criterion of MIE andS¥ resulted in primarily reducing its target
error type, respectively. Furthermore, the vertfma performance both in terms of EER % and
at 7 % false rejection rate was significantly imyed.

Although we have obtained various prelimineggults with positive potential both in CPR
and LVCSR tasks, there are still many challengsgués. First of all, the CD anti-subword
modeling is very important in both discriminativaihing and hypothesis testing. We anticipate
well-constructed CD anti-subword models will leax further performance improvement as
shown in [15]. Another possible issue can come femsociating the preceding and succeeding
segments for the error-counted segment with nofeumierror cost like [9]. Furthermore, we
plan to apply task-dependent non-uniform penaltygtts for bothPW, andPW,; and further
investigate certain rule-based optimization meth&gsh as [17] rather than the majority voting
method such as ROVER for the improved multi-objectystems. Finally, for the long term
goal of our collaboration in the following year, weopose the extension of detection-based ASR
[20,21,22], an alternative paradigm to conventioh@R techniques, which constructs a bottom-
up hypothesis testing framework based on the detetheory. The biggest advantage of the



detection-based ASR is its flexibility to incorpteaifferent knowledge sources and the ability
to fuse lower level information (e.qg., attribut@®p higher level hypotheses (e.g., events), and at
the same time to neglect superfluous input thabtgelevant to the speech decoding task.
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