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Abstract

Front-end features computed using Multi-Layer Perceptron
(MLPs) have recently attracted much interest, but are dexinge
to scale to large networks and very large training data Jétis.
paper discusses methods to reduce the training time forethe g
eration of MLP features and their use in an ASR system using a
variety of techniques: parallel training of a set of MLPs df d
ferent data sub-sets; methods for computing features frpm b
combination of these networks; and rapid discriminatiaentr
ing of HMMs using MLP-based features. The impact on MLP
frame-based accuracy using different training strateigietis-
cussed along with the effect on word rates from incorpoggtie
MLP features in various configurations into an Arabic braedc
audio transcription system.
Index Terms: Arabic Speech Recognition, Multi-Layer Percep-
tron, Acoustic Modelling

1. Introduction

In recent years, the use of front-end features derived fraritiM
Layer Perceptrons (MLP) trained to estimate phone posterio
probabilities have received a lot of attention [1][2]. Sueh-
tures perform well in when used in the acoustic feature vecto
to augment more traditional features such as cepstra based o
perceptual linear prediction (PLP) [3]. However, trainitip
MLPs is computationally expensive, especially if largenarks

and training sets are used. Furthermore, each time thetacous
front-end is changed the associated HMM-based acoustic mod
els need to be re-trained with is also time consuming if éiscr
inative training is used, as is now common-place in statthef

art systems. This paper investigates strategies to retiedante
required to first train MLPs on large data sets and then to make
discriminative training of HMMs with these features moré-ef
cient.

MLP training for acoustic feature extraction tends to be/ver
computationally expensive. It has been shown [2, 3] that MLP
performance depends on the amount of available training. dat
However, for a fixed-size network, training time is roughhpp
portional to the amount of data. For large MLPs with millions
of parameters, and hundreds of millions of training franmem¢
dreds or thousands of hours), MLP training can require many
days or even weeks on modern multi-threaded multi-core com-
puters. This time might be reduced by a more aggressive-train
ing schedule [2] but with the risk that this will lead to poore
performance from the final MLP. A drawback of a conventional
MLP design is that if additional training data becomes add,
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a new network needs to be trained to incorporate it. Oneisalut

to address this training problem is to divide the trainingis®

N subsets, train a separate MLP on each and then combine the
outputs from these MLPs with a separate merger network. This
technique allows thé&V subset MLPs to be trained in parallel re-
ducing the overall latency for MLP construction by a factér o
N. Furthermore, any additional data can be dealt with by train
ing further subset MLPs and only the merger network needs to
be retrained.

Once the MLP-based features have been derived for the en-
tire training set, new HMM-based acoustic models must be es-
timated. Assuming that discriminative training is usedisabe
case with most state-of-the-art systems, the main compoédt
burden is the lattice generation step [4]. To reduce the com-
putational load, lattices that have been previously geedrfor
an alternative front-end can be used with the assumptidrititba
sets of confusable hypotheses and model-level segmergate
main unaltered. The approach was introduced as a “rapid MLP
system build” in [6], but no detailed performance contrastse
given. In this paper, the effect of discriminative trainiladtice
mismatch is investigated.

In this paper, the various strategies for efficient MLP train
ing and rapid acoustic model estimation are explored in ¢ime ¢
text a state-of-the-art Arabic large vocabulary contirsigpeech
recognition (LVCSR) system developed for the DARPA GALE
project.

2. MLP subset combination

This section assumes that MLPs are to be trained on individua
subsets of the data. Issues that need to be addressed ittfdude
training of these subset MLPs and how these individual newo
outputs should be combined.

2.1. Parallel training of subset MLPs

In the parallel training stage, the training data has beeidet
into N sets andN — 1 of these sets are used to train subset
MLPs. The remaining one set of data is used for training the
merger network. In this paper, 4-layer MLPs, with the MLP-fea
tures generated at a ‘bottleneck’ layer [7], were used. Heeofi
features generated at an intermediate bottleneck layeselvasal
advantages over using posteriors at the MLP output. Inquarti
lar, such features remove the need for an additional dirneaki

ity reduction step. Furthermore, the merger network caa &k
input the outputs from the bottleneck layer from each of the s
set MLPs. The data is partitioned using a random selectimn in
N chunks. In this work a total of 1350 hours of Arabic acous-
tic data was available. It was divided into six sets of 200reou
each for MLP training, leaving 150 hours for the training loé t
merger network. All of subset MLPs are trained by wLP-TRAP



input feature used in [3][6]. Frame accuracies are giverémh |_MLP config. | Training data| Train Acc. | Test Acc.

of the 200 hours subset MLPs in Table 1 and all subset networks 1350hr 69.51% 65.61%
give similar results. 1350htbig 71.37% 67.57%
200hrset#1 | 68.77% 63.92%

4 layer MLP #1 200hr set #2 68.54% 63.66%

o Merger MLP Bottleneck | 200hr set #3 68.69% 63.86%

wLPTRAR 200hr set#4 | 68.74% 63.91%

" » 200hrset#5 | 68.53% | 63.71%

200hr set#6 | 68.33% 63.32%

Loy WP LOM 150hr 68.86% | 65.42%

SOM 150hr 69.57% 66.09%

wLP-TRAP | }

475

26

Table 1: Frame accuracies for the 1350 hours, 200 hours MLPs,
and for the merger MLPs of the combination networks.
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4 layer MLP #N-1 2.4. Evaluation of MLP frame accuracies

Table 1 contrasts a single MLP network trained on 1350 holurs o
audio with the 6 subset MLPs each trained on 200 hours of data.
All these networks had 475 features in the input layer, 3560 h
den nodes, a bottleneck layer with 26 features. A furtheglgin
MLP ‘1350hr.big’ was trained with double the size of hidden
layer (7000 nodes). The 200hr networks have an approxiynatel
2.2. Merger network to combine MLP outputs 1.8% lower frame accuracy than the 1350hr network. How-
. ever, combining the 200hr networks reduces the performance
Once the su_bset MLI_Ds have been trained, the_ merger networkgap_ Though the LOM configuration still performs 0.1% ab-
must be designed. Since bottleneck features will be uselieas t 5o\ te poorer than the 1350hr network, the SOM configuration
input, it is convenient to use another MLP to combine thete se outperforms the 1350hr network by 0.5% in absolute frame ac-
of features. , o _ curacy. As the SOM performs better than the LOM network
There are several options for designing the merger MLP in- the | OM is not further used for this work. Finally, comparing
cluding the level of complexity and the number of hidden faye  the 1350hmig network with the SOM network, an additional
In preliminary experiments, it was found that using a 4-fdya- gain of approximately 1.5% in absolute testset frame acgug
tleneck merger network was unnecessary and didn’'t outperfo  ¢4,,nd.
a m_uch simpler 3-layer merger MLP, Where_ the hidden layer is For both acoustic model training and decoding, the data
again a bottleneck structure. The size of the '"P”"ayef@m’.’ needs to be fed-forward through the MLPs. For the combina-
MLP depends on the number of subset MLPs and the size of tion networks, this is computationally more expensive tfan

their bottleneck layers. The size of the second bottlenagérl : . .

will determine the final number of MLP features and the third \t/\k/‘;erglr;g:sniit\:]vgirtl; :n?g?\éirrhg]:rgg Tﬁ%ﬁ;ﬁﬁkgﬁﬂgﬂ: ne

: ; ' S : Sworks or to decoding. The parallel network build reduced the
are trained to eSt'mate. phone postgnor.probabllltllesstr(n- elapsed training time from 288 hours for a 3500 hidden node
ple network can be trained very_rapldly in comparison with th MLP, 720 hours for the larger 7000 hidden node network to a to-
other networks in the system. Figure 1 presents the ovestll n tal of 60 hours (including data feed-forwarding) for traigithe

work structure for the combination network. subset MLPs and the combination network.

wLP-TRAP | i
475 i

Figure 1: Configuration of the combination MLP.

2.3. Selecting bottleneck output as input of merger

_ _ 3. Rapid MLP system build
In order to train the merger network, an appropriate outgfut o
subset MLPs must be selected as input of merger network. As State-of-the-art LVCSR systems typically make use of discr
briefly mentioned subsection 2.1, taking bottleneck ost@s inative training schemes such as Minimum Phone Error (MPE)
input of merger network has an advantage over phone paosterio training [5], and these often use lattices as a compact sepre
outputs in terms of dimensionality reduction. In this papee tation of all possible competing paths. The lattice pathsder
further option for selecting the bottleneck output is exgtbin pend on the form of the acoustic models being used. Chang-
which the bottleneck output from either before or after tlge s ing the acoustic front-end may change the set of paths, agd ma
moid activation function is used. If the output is taken befo  therefore have a significant impact on discriminative frajn
the sigmoid, it is passed, after mean and variance normalisa methods. Incorporating MLP-features at the acoustic feprtt
tion, to the merger network (‘Lin Output Merger’, LOM). Inigh should require new lattices. However, this is computatlgna
case, the inputs to the merger network are unbounded, aritw expensive as thousand of hours of training data might beinsed
found to lead to some features with relatively small vareanc  alarge system.
within the HMM acoustic models. The alternative to to také bo To address this, a ‘fast’ build was proposed in [6]. The MLP
tleneck outputs after the sigmoid activation functiongrfrthe features were constrained to share as much of the standé&d PL
subset MLPs (‘Sig Output Merger’, SOM). In this case no mean feature configuration as possible. The acoustic modelsghwhi
and variance normalisation is performed as these featuees a used PLP+MLP-features or pure MLP-features, used the same
already bounded between zero and one. These sigmoid outputlecision tree and linear feature-transform as the undeylyLP-
features make training of merger network simple and perhapssystem. As a starting poirgngle-pass retraining (SPR) from
handle outliers better than the LOM approach. the standard PLP-system to the PLP+MLP-system was used to



0.94 an average of 36 components per state. MPE was used for dis-
criminative training. Both gender-independent (GI) anddge-
dependent (GD) models were then constructed for evaluating
cross-adaptation performance.

Two decoding configurations are used, ‘unadapted’ and
‘adapted’. ‘Unadapted’ is a simple 1-pass with a trigram LiMdi a
no acoustic model adaptation. ‘Adapted’ is a 3-pass degodin
(P3). The first two passes implement lattice generation and |
tice rescoring with a four-gram LM. Pass three performs acou
tic lattice rescoring, applying constrained Maximum Likelod

T2 oot Linear Regression (MLLR) followed by lattice-MLLR and Con-
% o pupeLe semn fast| fusion Network (CN) decoding. Further details on the tragni
08 ‘ ‘ ‘ ‘ ‘ ‘ and decoding configuration can be found in [9].
! 2 % rerations. 5 6 7 Four different network configurations are investigatece th

single bottleneck MLP trained on 1350 hours data (Vs ),
Figure 2: Normalised expected phone accuracies for differe a 200 hours subset MLP (MLRs.)' the double-sized hidden
MPE training schedules. layer bottleneck MLP trained on 1350 hours data(MsBRr_big)
and the 1350 hours network combination configurations vaigh t
sigmoid output merger (ML&y).

The system performance was evaluated on three testsets
dev07 (2.58 hours), dev08 (3.04 hours) and a set not used for
development eval372.85 hours). All testsets consist of Broad-
cast News/Conversation style data. The LM was trained using
approximately 1G words. 24 source-specific components @ ST
acoustic data sets, 6 newswire sources, and 14 webdatasets)
built and merged. Out-of-vocabulary (OQV) rates for the 850
wordlist and the testsets are approximately 1.2%.

make the lattices more appropriate. For the discriminatzi@-
ing stage, the PLP+MLP-system share lattices from the PLP-
system. The main training steps are described in [6].

The ‘fast’ system performance was compared to ‘semi-fast’
and ‘rebuild’ approaches. In case of the ‘semi-fast’ systima
original lattices were re-phonemarked; in the ‘rebuildsedhey
were rebuilt from scratch. The PLP+MLEo, front-end and
the ‘unadapted’ decoding configuration were used (see @ecti
4.1). To permit a fast turn-around cycle, the training datzlie
acoustic models was reduced to 180 hours.

Figure 2 shows a significant improvement in terms of nor-
malised expected phone accuracy, as computed for the MPEIn a first test series the use of MLP features is evaluatedimwith
objective function, for the PLP+MLP systems compared to the the ‘unadapted’ decoding setup applying ML and MPE trained
standard PLP system. However, the difference between theacoustic models. Table 3 gives results comparing a PLP based

4.2. Unadapted decoding results

PLP+MLP-systems is small. system with four PLP+MLP systems and a pure MLP system.
On the ML stage all PLP+MLP systems exhibit reductions
System WER in WER of 11.3%-16.7% relative compared to the PLP system.
Training | Front End | Lattices || dev07 | dev08 PLP+MLPi3s0n: oUtperforms PLP+MLRox. but is itself outper-
MPE PLP Original 205 | 22.8 formed by PLP+MLEBuw and PLP+MLR3sonrb:¢. This indicates
PLP+MLPrasons Fast 177 | 200 that an improved system performance can be obtained by-apply

Semi-fast|| 17.7 19.9 ing more network parameters and by using more acoustic data

Rebuild || 17.7 | 199 for network training.
Table 2: Contrast of the ‘fast’, ‘semi-fast’, and ‘rebuildaining WER
procedures, (WER in %). System dev07 | eval07 | devos

Table 2 shows that all three systems achieve nearly idéntica PLP 21.1 22.9 251

performance. This indicates that the mismatch in the feomt- MLP1350nr 20.2 21.2 22.6
between the models used for lattice generation and for nredel ML PLP+MLPxoonr 18.7 20.1 216
estimation doesn’t harm the final model quality. Thereféoe, PLP+MLP;350nr 18.6 19.8 21.2
all further experiments the ‘fast’ system build was usedttibcb PLP+MLP:s50nr big 18.0 195 20.9
PLP+MLP models. PLP+MLPsgu 18.2 19.2 20.9

) PLP 15.8 17.7 18.8

4. Experiments MLP 1350nr 16.7 | 18.0 | 18.9
- PLP+MLPxoonr 14.7 15.7 16.9

4.1. System Description MPE PLP+MLPss0s 14.6 15.7 16.8
Graphemic and phonetic systems based on the 36 graphemes PLP+MLP:ss0nr big 14.1 15.7 16.4
and 39 phonemes (including 3 short-vowels) were built as-bas PLP+MLPsgy 141 15.6 16.6

line Arabic PLP-based acoustic systems [8]. These used a 39-

dimensional PLP-based front-end that was derived using 13- Table 3: Contrast of the PLP, MLP, and the PLP-MLP front-ends
dimensional PLP, including the Cepstra with first., sepond an for ‘unadapted’ decoding using graphemic models, (WER in %)
third delta parameters followed by an HLDA projection from | yhe case of MPE trained models similar patterns to ML train

_52-(_1imensions d_own to 39-dime_nsions_ Cepstral mean n_ermal ing are found, although the gains with respect to the PLP case
isation was applied. The baseline system used approxiynatel

1500 hours of acoustic training data. Cross-word decitiea- 1The best performing 200 hours subsets MLPs.
state-clustered triphones were built with about 9000 stated 2The GALEeval 07 non-sequestered testset version is used.




were reduced to 6.9%-11.3% relative. This reduction is at-
tributed to the fact that MLP features already exploit a s
native parameter estimation scheme. This reasoning iosigp

by comparing the pure PLP and MLP systems in the ML and in
the MPE case. In the ML case MLEon, outperforms PLP, but

in the MPE case PLP performs better than MisR.. Thus,
MPE training on a PLP system is more efficient than in the MLP
case.

In summary, in case of unadapted decoding a clear advan-
tage for the PLP+MLRyy system is found. Performing as well
as the most advanced single network system, its modulagrdesi
facilitates the network build process significantly whileatly
reducing the training costs.

4.3. Adaptation and System Combination

The first two blocks of Table 4 give P3 adapted decoding re-
sults. For lattice generation, a graphemic standard PLR®sys
is used. Pass 3 decoding performs lattice adaptation tcettie v
ous PLP+MLP, MLP, and PLP systems. All passes apply MPE
trained models.

As in the unadapted case, the standard PLP systems are out

WER

System dev07 ] eval07 | dev08

G3a | PLP 13.5 14.3 15.4
G3b | PLP+MLPxyonr 12.7 13.4 14.7
G3c | PLP+MLPissonrbig 12.4 13.3 14.4
G3d | PLP+MLPsgy 12.9 13.5 14.7
G3e MLP 1350nr 14.1 14.7 15.7
G3f | PLP+MLPi3sonr 12.5 13.6 14.6
V3a | PLP 11.4 12.8 13.9
V3b | PLP+MLPxonr 11.2 12.5 13.6
V3c PLP+MLP1350hr_big 11.0 12.3 13.6
V3d | PLP+MLPsgu 11.4 12.5 13.8
G3apG3e 12.6 13.4 14.5
G3apG3f 12.4 13.3 14.5
G3apV3a 11.0 12.4 12.9
G3bdV3b 10.9 11.9 12.9

CNC | G3opV3c 10.5 11.7 12.7
G3dpV3d 11.0 12.0 13.1
G3apV3apG3bdV3b 10.6 11.8 12.6
G3apV3apG3apV3c 10.6 11.6 12.5
G3apV3apG3dpV3d 10.6 11.6 12.6

performed by the PLP+MLP systems. Reductions in relative
WER of 4.5%-8.1% in the graphemic case and of 0.7%-2.6% in
the phonetic case are found. The larger gains in the grajghemi
case are attributed to the MLP features which are trained on
phonetic targets, therefore enhancing the graphemicragsty
implicit graphemic knowledge. However, in contrast to time u
adapted case PLP+ML{2onr b1 OUtperforms PLP+MLRy

In a 2-way Confusion Network Combination (CNC) experi-
ment (first CNC block of Table 4) it is investigated whethez th
PLP+MLP front-end combination can further be improved by
additional CNC with the PLP system. These setups are further
compared to a straight forward CNC of the pure PLP and MLP
systems. Comparing G8453f to G3f only shows that the ad-
ditional CNC with the pure PLP system gives gains of 0.1%-
0.3% in absolute WER. Comparing G8&3e with G3&G3f
confirms the necessity to combine the features at the frat en
as this gives gains of up to 0.2% in absolute WER.

In case of 2-way combination of the graphemic PLP and
PLP+MLP systems with their phonetic counterparts (second
CNC block of Table 4), the pure PLP combination (@3£8a) is
always outperformed by the PLP+MLP combinations. The best
performance is obtained by the PLP+Mb&:.. vz, cOmbina-
tion (G3aeBV3c). Combining the two PLP+ML&y (G3dBV3d)
does not give any improvements over combining the pure PLP
systems.

Finally, 4-way CNC is performed by combining the two
standard PLP branches, G3a and V3a with two corresponding
PLP+MLP branches. The results (third CNC block of Table 4),
indicates no significant difference between these threeisys
Furthermore, the best 4-way result (@G343apG3chV3c) is
only marginally better than the best 2-way result (G%@c).
However, it is remarkable that the use of the PLP+MkR
front-end (G3kbV3b) results in a nearly as good performance as
the use of one of the more sophisticated PLP+MLP front-ends.

5. Conclusions

It has been shown that training sets of MLPs on data subséts an
merging the outputs can be effective. The use of MLP features
derived in this way can provide an reduction in WER as well as
efficiency in training complex MLPs with very large amounts o

data. However, when used with complex adaptation, final WER

Table 4: Contrast of the PLP, MLP, and the PLP-MLP front-ends
for ‘adapted’ P3 and CNC decoding, (WER in %).

reductions were not obtained. A number of system combinatio
experiments explored how HMMs using MLP features could be
combined with PLP-based systems. The best overall system fo
Arabic speech recognition was a 4-way CN combination of sys-
tems with acoustic models with either PLP-based or PLP+MLP-
based features and either graphemic or phonetic models.
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