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vanced speech recognition services and applications have been
ABSTRACT introduced during the past years, the simple and straightforward
This paper discusses the applicability and role of automatic Speaker-dependent (speaker-trained) ASR technology is still
speech recognition in portable wireless devices. Due to the widely applied in embedded wireless devices. Today, only this
author's background, the viewpoints are somewhat biased toSimple technology is capable of meeting all these real-world
mobile phones, but many of the aspects are nevertheless comrequirements. Despite the progress made in microelectronics,
mon for other portable devices as well. While still dominated by the step from speaker-dependent to speaker-independent ASR
the speaker-dependent technology, there are today signs thatequires further advances in noise robust, low complexity, and
also in wireless devices, ASR trends towards speaker- multilingual speech recognition.
independent systems. As these modern communication devices In addition to pure terminal based ASR implementations,
are usually intended for mass markets, the paper reviews thespeech recognition services can also be provided remotely,
ASR areas that are relevant for speech recognition on low costthrough telecommunication networks. Due to the modular
embedded systems. In particular, multilingual ASR, low com- structure of ASR systems, it is possible to place the entire
plexity ASR algorithms and their implementation, and acoustic SPeech recognition service to a network server end, or the rec-
model adaptation techniques play a key role enabling cost ef-0gnition system can also be distributed between the terminal
fective realization of ASR systems. Low complexity and ad- and the server, as is done in the DistributeeeSp Recognition
vanced noise robust ASR algorithms are sometimes conflicting (PSR) framework. The possibility to use efficient network serv-
concepts. The paper also briefly reviews some of the most im- €rs in ASR application development enables the creation of
portant noise robust ASR techniques that are well suited for more versatile and computationally complex applications than

embedded systems. when relying on speech recognizers implemented on terminals
only.
1. INTRODUCTION The remainder of this paper is organized as follows. First,

the nature of ASR applications in portable wireless devices is
. . . _discussed. Both application and implementation perspectives
Automatic Speech Recognition (ASR) applications and Services 4re reyiewed. Next, in the more technical part of the paper,
have already for some time attracted a significant interest in yarioys issues related to ASR implementation on portable wire-
portable wireless devices, such as mobile phones or personalegg devices are reviewed. In particular, the objective is to dis-
digital assistants (PDA). New voice controlled services, and in ;55 the real-world issues that one is facing when trying to in-
particular, the usability aspects have driven the introduction of .yquce advanced speech recognitiomtetogy for embedded
the ASR technology in these systems. The small physical size Ofportable systems. Finally, in Section 5, the paper is summarized

these handheld devices, together with the rich set of various,yiih the brief discussion about the future of ASR in portable
applications, put very high requirements for input and output \yireless devices.

technologies to ensure the ease of use of these devices. This
paper discusses the requirements and possible solutions that one

needs to take into account when starting to integrate ASR tech- 2. SPEECH RECOGNITION IN MOBILE
nology into portable devices with low implementation re- AND WIRELESS SYSTEMS
sources.

Portability and low implementation resources are the two It is generally believed that speech recognition has lots of appli-
key characteristics of wireless devices that mainly determine the cation potential in mobile communication devices and it can
technical ASR solutions to be used in real-world systems. Fur- truly enhance the way in which these devices are going to be
thermore, wireless devices, e.g. mobile phones, are typically used in the future. There are two major facts that make this be-
targeted to be sold in large volumes at mass markets. It islief realistic:-
therefore essential that ASR can be brought into practical use in
a profitable way. The development and implementation of cost- ~
effective ASR solutions, which is crucial in real-world systems,
is an aspect that has up to now partially been ignored by the
speech recognition research community. Everugh fairly ad-

The development of easy-to-use user interfaces is crucial
for mobile phones and other portable wireless devices. The
small size and the continuously increasing number of new
applications and functions challenge the conventional user
interface solutions. Voice user interface has many good



qualities and it can be considered as one of the key tech-2.2. Towards Speaker Independence

nologies that enable the further miniaturization of devices. As of tod ker-d dent h ition is th .
2. Mobile communication systems have an enormous user S o today, speaker-dependent speech recognition IS the major
technology in wireless devices, i.e. mainly in mobile phones.

population. It has been estimated that the mobile phone i . . .
user base will exceed one billion users during the first half There are several good qualities behind the popularity of this

of 2002 [25]. This huge user base could greatly benefit simple technology. Since recognizers are trained by the users,

from a convenient access to various network services andt.he systems inherently support. all languages W't.hom any addi-
Internet. tional efforts. Moreover, the high degree of noise robustness

combined with the low implementation complexity satisfy the
2 1. Characteristics of Wireless ASR requirements set for the recognition accuracy and implementa-
tion costs.
Even though speaker-trained technology appears to be a

Speech recognition in mobile devices has certain special re-t hnicall lution bedded wirel devi
quirements and characteristics that make it different from gen- echnically proven solution for embedded wIreless devices,
there are several application-specific issues and usability rea-

eral speech recognition. Even if there have recently been some .
attempts to direct speech recognition research activities to meet>ONS why spegker-lndependent ASR techn.ology WOUId. be' pre-
the requirements of wireless ASR, many of the fundamental ferr.ed. There IS only a narrow range of different appllcatlons.

technical issues have only been addressed very superficially. InV.VhICh can be [mplemented using a spggker-dependent recogni-
the following, some basic properties of ASR applications run- Flon engine. It is apparent that future visions cannot be realized
ning on mobile terminals are summarized. if one has to rely ona tgchnology that requires the users to go
through a tedious and time consuming training step for all vo-

. Operating environmentan range from clean to very noisy cabulary items to be recognizeq. As speaker-independent ASR

o systems have already been available for PCs and network based
conditions. Not only handsets are used, but the use of car \gr services, speaker-independent technology is also a logical

hands-free and headset devices is today customary. step in embedded devices to enable the realization of more ver-
e Both processing power and memory resourtigsted. As satile ASR applications.

the amount of memory is a major cost factor in real-world

systems, its use is carefully optimized by setting severe 2 3. ASR in Consumer Products

limitations to the ASR technology. 8gch recognition o ) )

competes for these small resources with several other re-When speech recognition is included in any kind of real-world

source-hungry technologies, e.g. imaging, video, and en- appliances, whether mobile phones or coffee machines, the use

tertainment audio. of speech control must always be made as transparent as possi-
«  Portable devices are powered by batteries which means thatole for the users. Speech recognition_ engineer_s need to remem-

computing resourceare available only for short periods of ber that foremost, the users are buying a device, not a speech

time. Usually, if the device is not actively used by any ap- recognition system. In addition to speech control, other criteria,

plication, the system is in the stand-by mode for maximiz- ©-9- what other_ _applications can be found on the device, the de-

ing the battery life-time. Due to this, it is not currently fea- Sign. the usability, the “cool” factor, etc., may often play the

sible to run "continuous listening" type of ASR applica- greater rqle than ASR when the user is judging between differ-

tions [7], or perform any background computation (e.g. on- €nt téchnical solutions.

line background noise estimation) if no power supply is Since ASR is still today very much an imperfect technology,
available. it is essential to apply all possible techniques which are capable

«  Mobile handsets are intended for mass markets so that they®! maximizing the recognition performance. One should, how-

are verycost critical appliances. All functions and new ever, be careful not to over-emphasize the importance of speech

features that increase the costs per unit need to be well jus-"6c0gnition in the host-application, but the user's perspective
tified needs primarily to be taken into account when these algorithms

are implemented.

While the users may be motivated to carry out a long en-
rollment session in dictation systems, speaker adaptation and
other similar techniques must be hidden from the user in the
domain of consumer appliances. In the same way, the use of
speech recognitiorhsuld not be dependent on the use of some
special hardware. In noise robustesph recognition, special
types of microphones are for example often used to maximize
the Signal-to-Noise Ratio (SNR) of the input signal. Head-
mounted microphones or microphone arrays should only be
used if they are a normal part of an appliance. If the user is re-
quested to do special hardware installations just for the sake of
ASR, the speech control feature will not gain the wide accep-
tance of large user groups, but only some of the most technically
oriented end-users are likely to use the feature.

*  Mobile phones arglobal devices. The GSM technology is
used for instance in more than 100 countries worldwide.
Although it would be technically feasible to create country-
or language-specific devices, the logistic and cost issues
make this in practice not possible. A new ASR framework
is required to manage different languages in the cost effi-
cient way.

* Mobile phones are today considered highbrsonalde-
vices. The personalization of terminals, e.g. own ringing
tones and various display icons, is nowadays very popular.
This suggests that various ASR personalization techniques,
e.g. speaker adaptation, can be utilized for maximizing the
speaker-specific recognition rate.

« Terminals with thenetwork capabilitiesopen new possi-
bilities to update spech recognizers, acoustic models, lan-
guage configurations, or almost any part of a recognition
system.



2.4. Network Speech Recognition ing the hardware and manufacturing costs. Because the factory
price has a crucial importance in mass-produced products, it is
necessary to minimize all implementation costs. A compact im-
plementation of the ASR system can result in substantial cost
savings making the product more competitive in terms of retalil
price.

In the general level, cost efficient implementation of speech
recognition can be separated into two parts: 1) the efficient and
compact implementation of ASR systems and 2) the minimiza-
tion of development costs of an ASR system.

Network ASR for mobile phones is in essence the same as inter-
active voice services that have already for some time been pro-
vided for fixed telecommunication networks. Compared with
fixed networks, low bit rate speech coding hoats used in mo-
bile networks and the high degree variability of radio channels
tend to distort the original speech signal resulting in recognition
performance degradations [5]. The Distributed Speech Recog-
nition (DSR) framework [11], where instead of the speech sig-
nal, only the output of the front-end module is sent to the server,
has been introduced to alleviate these problems typical for mo-3 1 | qw Complexity ASR
bile communication.

Mobile networks can also open some new application areas, When discussing low complexity ASR, one should distinguish
e.g. location based services, which are not as relevant for thebetween two different concepts:-
users of fixed networks. Mobile networks are also capable of
combining speech and data transmission which enables the.
creation of multimodal applications where several input and
output modalities can simultaneously be utilized. While the first concept refers to the efficient implementation of

Due to their different technical properties, terminal and the "standard" ASR algorithms, e.g. good practices to realize the
network based ASR are best suited for different types of appli- standard Viterbi search, the second bullet covers a set of ad-
cations. Terminal based ASR is considered as a value-addedvanced methods that are capable of providing the same recogni-
technology which enriches the feature set included in the prod- tion performance as the baseline system with substantially
ucts. ASR is typically used to provide spoken shortcuts to vari- smaller resource requirements. Obviously, both of these aspects
ous Ul functions as done for instance in name dialing. must be well mastered in order to implement the recognizer on

Network ASR is more directed towards service type of ASR an embedded platform. In this paper, the emphasis is on the
applications. Thanks to large implementation resources, net- second bullet.
work ASR enables the creation of very sophisticated ASR serv-  The decoding speed and the memory consumption are two
ices. These systems can also rely on large application-specificaspects which are usually considered when evaluating the com-
databases, e.g. timetable and stock quote inquiry applications.plexity of an ASR system. These two aspects are usually de-
Due to various delays associated with communication betweenpendent on each other, i.e. by using more memory it is possible
the terminal and server, network ASR is not though ideal for to speed up the decoding process, and vice versa. Due to the
applications that require a strict real-time throughput. No termi- nature of ASR applications running on portable terminals (see
nal critical functions should be put behind the network ASR Section 2), the high memory consumption and related imple-
system, as the availability of the recognizer may be limited be- mentation costs are today a greater issue than the decoding
cause of the lack of network connection, or the number of too speed. Therefore, the following discussion focuses on the meth-
many simultaneous users. From the user's perspective, it is im-ods that are capable of reducing the memory consumption even
portant to note that the use of network ASR applications is not if they have also turned out to be fairly efficient in terms of de-
necessarily free of charge, as one may need to pay for a networkcoding speed. Furthermore, the discussion is limited to com-
connection. To be successful, network ASR applications must mand and control type of applications which do not require any
therefore be such that they attract users even though the servicemnguage models to be used in recognition.
are not offered for free. Either the content behind the applica-
tion must be interesting, or alternatively, speetioutd be 3.1.1. Memory Efficiency

~ X
clearly the best (only?) way to have an access to the service. Both in speaker-dependent and —independent ASR systems the

Even though terminal and networkeggh recognition are major memory use is due to acoustic models. Continuous Den
sometimes in certain business contexts considered as the comh' y )

. . sity Hidden Markov Models (CDHMM) are today almost a de
peting approaches, they are technically very much complemen- . . . .
tary methods. Together, they provide a more enriched set offacto acoustic modeling technique used in ASR. The accuracy

ASR applications and services for wireless devices, and there'gaﬁs?sTalledsi'slt?ib?thtﬁ) r:w:mvsirtﬂ\i/rdetall\/:ng;Z?:smgT:\hee igzggg; O(If
fore, it obvious that both of these two implementation options ’

will co-exist in the future. Gaus§ian mixtures indqeq imprpves the recognition accuracy,
but this performance gain is achieved at the expense of memory
and computational complexity. The challenge in memory effi-
3. TOWARDS COST-EFFICIENT cient acoustic modeling is then to find a more compact repre-
REALIZATION OF ASR SYSTEMS sentation of acoustic characteristics of speech than that of
CDHMMs without degrading the recognition rate.
Wireless devices, e.g. mobile phones, are typically aimed to be  Substantial memory reduction was achieved when Gaussian
sold in high volumes in mass markets. This fact also needs to bedistributions were replaced by artificial neural nets [13]. Com-
considered when making decisions on the speech recognitionPared with continuous density HMMs, the artificial neural net
technology. Low complexity implementation, both in terms of based HMMs were able to provide approximately the same rec-
memory and computational overhead, is essential for minimiz- ognition performance with 3-6 times less parameters.

e Low complexity implementation of ASR algorithms
Low complexity ASR algorithms



Efficient acoustic model representation can also be achieved eral languages and have been defined for example according to
by quantizing the parameters of CDHMMSs. A quantized pa- the International Phonetic Alphabet (IPA) [24]. This arrange-
rameter HMM framework (qHMM) was introduced in [19][20] ment results in substantial savings in the system development
where it is observed that efficient quantization of Gaussian costs. By sharing acoustic models across various languages it is
mixtures can at least half the memory consumption without sac- possible to add new languages to the system without any addi-
rificing the recognition accuracy. If small performance degrada- tional training steps (provided that the multilingual phoneme set
tions are acceptable, it is possible to reduce the memory con-contains all necessary phonemes of a new language). Acoustic
sumption up to 70%. model adaptation techniques play an important part in multilin-

It should also be noted that acoustic model adaptation tech-gual ASR for compensating the mismatches between the train-
niques that have commonly been applied to speaker and envi-ing and testing conditions.
ronment adaptation with very impressive results, enable the use Vocabulary items
of more compact-sized models as well. By applying the basic in textual form
adaptation techniques developed for CDHMMs, e.g. MAP [1]
and MLLR [9] adaptation, it is also possible to reduce the
memory footprint without a loss of performance with respect to - Decision trees | anguage

a non-adapted ASR system. -Neuralnets | |gentification
In addition to minimizing the memory occupied by acoustic - IPA phoneme definition
models, it is also necessary to minimize the run-time memory i - Data-driven phoneme clustering
consumption. Run-time memory consumption is typically di-
rectly proportional to the vocabulary size and the complexity of - Decision trees Pfogulnciation Multilingual
grammar networks. Tree-structured grammars, Viterbi beam gfcunf;r'];‘rel; Modeling Phoneme Set
search [17], and grammar minimization using finite-state trans- _ te,i.1o-phonemes rules ‘
ducers [10] have widely been found effective to reduce the use v

of run-time memory while still maintaining the recognition rate.
Recognizer <

Adaptation

3.2. Cost Efficiency Through Multilingual ASR

Language dependency is an inherent problem associated with ~ Figure 1: A multilingual ASR framework.

the speaker-independent ASR technology. One important, but
often neglected, driver behind multilingual ASR systems is ar- . )
guably the need to develop the technology in the cost efficient 3-2-1-  Multilingual ASR and Portable Terminals

way. The development of speaker-independent ASR systems sy wireless devices, multilinguality aspects of ASR have a spe-
both time-consuming and expensive. Large data collection pro- ¢jg importance. As the same systems, e.g. GSM phones, are
cedures followed by acoustic model training steps involve a sold over large geographic areas covering numerous different
great deal of time and man-power. If the full development cycle |anguages, it is preferred that there would be a "global® ASR
always needs to take place for all languages taippasted, the engine integrated into terminals which would be capable of si-
cost of speaker-independent ASR becomes very high making it multaneously supporting the required languages. The following

difficult to integrate this technology into practical systems. characteristics of portable terminals justify the need to develop
To reduce the development costs, it is therefore important to mytilingual ASR technology:-

have a flexible multilingual ASR framework to which it is easy

to add new languages with minimum efforts and still to achieve * Many languages spoken in the same area to where systems
an acceptable recognition rate. It is also important that the rec- are offered

ognizer can easily be configured to different tasks, i.e. both the *  Non-native users

recognition vocabulary and grammar can be processed dynami-¢+  Non-native vocabulary items

cally without any user involvement. This type of framework,
illustrated in Figure 1, was proposed in [22].

Before converting the written vocabulary item into a se-
quence of spoken sounds, one first needs to perform text base
language identification and chooaecordingly the appropriate
automatic text-to-phoneme conversion approach. These two
automatic steps ensure that no user involvement is at all re-
quired when downloading the recognition vocabulary and . . . o
grammar. Figure 1 also lists some basic techniques that can b ngly global. Voice browsing type of _appllcatlo_ns, e.g. the
applied to these tasks. Since automatic data-driven techniques rowsmg_of the "?‘e”‘Et content by voice, contain lOtS,Of vo-
are prone to errors, one should utilize application-specific cabulary 'te”.‘s Wh'(.:h do not necessgrlly match Fhe_ USers ne_ttlve
knowledge, e.g. for language identification, if just possible. In language. It is obvious that non-native pronunciation modeling

wireless devices, the use of large pronunciation dictionaries is Fechnlques need fo be developed as non-native speakers tend to

understandably only seldom feasiblechuse of memory limita- |ns_ert or delete certain phon_emes Wh'.Ch are (not) spoke_n by
tions. native speakers. Recent studies have indeed shown the impor-

The acousic basi of e recogion ystem s a et o muk 2% O TS porunacton moteing DILS The
tilingual monophone HMMs that simultaneously support sev- P y

By providing multilingual ASR systems, the development costs
associated with localization and logistics can be minimized as
here is no need to tailor several different language versions
rom the same recognizer. It is therefore preferred to include as
many languages as possible in the same recognizer version.
Recognition of non-native spch is a new emerging chal-
lenge as speech recognition applications are becoming increas-



siderably depending on the user's ability to speak the languagelow complexity is an undoubted advantage of all front-end
To compensate these variations, acoustic model adaptationbased noise compensation methods. Computational complexity

techniques are again needed. of almost all these techniques is so insignificant that there are
usually no technical obstacles to include them in embedded de-
4. MAXIMIZATION OF RECOGNITION vices. The major issue is in the performance column — there

does not exist an advanced compensation algorithm which
would maximize the recognition rate in all tasks across all pos-
) . ) ) sible noise conditions. While a high recognition rate can easily
A high recognition rate with all speakers across all possible op- e achieved in one test environment, these positive results very
erating conditions is of course a natural goal in all ASR appli- se|dom generalize to other operating conditions with completely
cations. !n real-world systems, and espemally in embedded de-gifferent acoustics characteristics.

vices, it is nevertheless always essential to question each.new Many noise removal and spectral subtraction techniques re-
algorithm in order to ensure that the performance gain obtained g e certain parameters to be estimated, e.g. a noise estimate
is \{vorth the addltllonal implementation costs. In thI.S section, pefore the actual parameter compensation can be performed.
various ASR algorithms and methods running on wireless ter- This on-line estimation has turned out to be difficult in real-
minals are reviewed. This overview is not complete by any \orid ASR applications. First, there are no well performing
means, but the pros and cons of some of the most popular andsg|ytions to carry out the noise estimation for non-stationary
recent techniques are here discussed. The reader is referred fogjstortions which reduces the efficiency of the techniques. Sec-
example to [4][8] for more complete reviews of robust ASR  ong, accurate noise estimation is difficult as only very short
techniques. segments of noise are usually available for estimation. The in-
teraction time is usually short, e.g. 1-3 seconds in command &
control type of ASR applications, and the system often needs to
The portability of wireless devices sets very high technical provide almost an immediate feedback to the user. It is thus ob-
challenges for the ASR technology. Since the devices can virtu- Vious that accurate noise estimation is not feasibleowit in-

ally be taken everywhere, noise robustness is a major issue to bdroducing long processing delays and decreasing the usability of
considered in the algorithm design. This is particularly true applications.

when knowing that the recognition accuracy of the state-of-the- ~ Despite the signigicant efforts put on noise robust feature
art speech recognizers tends to degrade even in the controlledXtraction, fairly basic front-end algorithms are still today cus-
noise conditions. In portable devices, SNR may vary between tomary in real-world ASR applications. Cepstral coefficients,
+30 and —10 dB and the background noise types can range frontheir first- and second-order time derivatives together with cep-
stationary to highly non-stationary noise signals. There is also Stral mean normalization have been to date, and will still likely
no guarantee that two consecutive utterances would be spokerbe in the foreseeable future, the standard feature set on which
in the same, or even similar, noise conditions, as environmentthe real-world ASR applications mainly rely. If the target envi-
changes can occasionally occur abruptly. Due to limited battery ronment is fixed and prior known, the use of highly optimized
life, it is also not technically feasible to attempt to continuously Spectral subtraction algorithms has also found to be effective.
track noise characteristics using some on-line estimation tech-
niques.

ACCURACY

4.1. Noise Robustness

4.1.2. Noise Compensation in Acoustic Models

Since the extracted features are not resistant to background
noise, numerous techniques have been proposed for carrying out
Ideally, all processing required to compensate for the harmful noise compensation directly in acoustic models. The following
effects of ambient background noise would be done in the fea- basic families of techniques can be distinguished:-

ture extraction stage. As of today, noise robust feature extrac-,
tion typically includes methods which:-

4.1.1. Noise Robust Feature Extraction

Multi-style (or multi-environment) trained acoustic models
e Parallel Model Combination (PMC) [1] type of techniques
« Aim at extracting parameters that are inherently robust to «  On-line adaptation of acoustic models
environmental variations, e.g. RASTA processing [6]. This
has turned out to be difficult as there are today no such
front-end algorithms which would produce truly noise im-
mune features.

e Attempt to modify or normalize features to another repre-
sentation where it is easier to cope with distortions, e.g.
cepstral mean (and variance) normalization [14][21], or
linear discriminant analysis [16].

e Attempt first to estimate the noise spectrum, and then to
subtract this from the noisy input signal resulting in a clean
speech estimate, e.g. all different variants of spectral sub-
traction.

« A combination of all above.

In practical systems, the PMC type of techniques suffer from the
same limitation as many noise removal methods. ddwairate
estimation and modeling of non-stationary noises reduces the
performance gains. Although some promising results have been
obtained in a reasonably stationary car environment using PMC
or Jacobian adaptation [15], the improvements are more moder-
ate if more non-stationary noises are considered. Many model
level noise compensation schemes, e.g. PMC, are also compu-
tationally costly which make them not very attractive solutions
in many cases.

If the noise characteristics of an operating environment of
an ASR system are known in advance, multi-style training is a
good alternative to many more advanced noise compensation
techniques. Multi-style training is simple and it performs relia-



bly as long as there is a reasonably good match between the 5. SUMMARY AND OUTLOOK

training and testing conditions. In wireless devices, however,

the assumption of a fixed and prior known operating condition |, yhis haper, the role of automatic speech recognition in port-
is only seldom valid due to the high degree of portability of the 56 yireless devices, particularly in mobile terminals, has been
devices. Multi-style training is therefore used mainly to Opti- o\iewed. Today, due to its low complexity and a high degree of
mize the system performance for specific acoustic conditions. o ,siness, the speaker-dependent technology is today, and also
Car enwronment is a typlgal example of an environment where in the near future, the major ASR approach in mobile phones
the xse of _multl-jt);Ieéralnm.g has be?n fck))und US%UL g and wireless devices. Various technical issues required to make
_ Acoustic model adaptation can also be considered as an oN+he transition from speaker-dependent to speaker-independent
line version of multi-style training. The HMM adaptation algo-  AgR were discussed. Clearly, there is a lot of potential behind
rithms developed for speaker adaptation, such MAP and MLLR, gn0aer-independent ASR, but there are several technical obsta-

can both be applied to environment adaptation as well. EnVi- ¢joq 15 be solved, such as multilinguality, cost-efficient ASR

ronment adaptation has widely been reported to provide good language development, and noise robustness, just to name a

performance improvement in various recognition tasks. few, until the wide-scale utilization of speaker-independent
ASR is feasible.

Arguably, more advanced ASR applications and services
In all speaker-independent speech recognition applications, notwill gradually appear for wireless devices. In terminals, the
only in those running on embedded wireless systems, acousticease-of-use aspects continue to drive the introduction and de-
model adaptation techniques play an important role for maxi- velopment of new voice user interface applications. Since the
mizing the recognition accuracy. An exhaustive overview of the characteristics of network and terminal ASR are very different
different model adaptation techniques can be found for example to each other, it is obvious both network and terminal ASR ap-
in [23]. As pointed out in various places in this paper, adapta- plications will co-exist in the future. From the end-user's per-
tion is required to carry out compensation along many direc- spective, it is of course less important where the recognition
tions in multilingual ASR applications. engine is actually located, but the main issue is that the offered

First, speaker adaptation is needed to compensate the misASR services and applications provide clear tangible benefits
match between the speaker-independent acoustic models and théor the users.
speaker-specific pronunciation characteristics. Second, envi- Instead of the rapid breakthrough, it is more likely that the
ronment adaptation optimizes the acoustic models to match theappearance of more advanced ASR applications will occur only
operating environment(s) where the user is using the ASR ap-gradually, as there are no readily available solutions for various
plication. Third, it is possible that the language spoken by the technical problems. Making significant progress in any of the
user is not seen during the initial training phase. Model adapta- key areas of ASR takes nowadays a lot of time. Furthermore, the
tion is then required to adjust the parameters of multilingual first algorithmic solutions are usually nowhere near the capa-
HMMs for a new unseen language. Fourth, the initial acoustic bilities of low cost wireless devices, and therefore, an additional
model training has often been done using the publicly available R&D cycle is often needed to cut down the complexity of new
databases (for minimizing the data collection burden), and technology while still maintaining the original performance
therefore, the recognition task in testing does not necessarilygain. In addition to technology development, it is also essential
match the data collection domain, e.g. continuousedp in to focus on analyzing the application and economical sides of
training vs. isolated words in testing. Adaptation is thus also ASR. It is important to understand what are the reasons behind
performing parameter optimization to an unseen recognition the success or failure of certain ASR applications. Only the
task domain. The role of acoustic model adaptation is crucial for combined efforts of technology and application development
maximizing the recognition performance for the given speaker, ensure the realization of technically and economically viable

4.2. Acoustic Model Adaptation

environment(s), language, and recognition task. ASR applications for wireless devices.
The major issue behind generally well performing adapta-
tion techniques is that they require speech for carrying out pa- 6. ACKNOWLEDGMENTS
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