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Abstract
Speech-to-speech translation is a challenging problem, due to poor sentence planning typically associated with
spontaneous speech, as well as errors caused by automatic speech recognition. Based upon a statistically trained
speech translation system, in this study, we try to investigate methodologies and metrics employed to assess the
(speech-to-speech) way in translation systems. The speech translation is performed incrementally based on
generation of partial hypotheses from speech recognition. Speech-input translation can be properly approached
as a pattern recognition problem by means of statistical alignment models and stochastic finite-state transducers.
Under this general framework, some specific models are presented. One of the features of such models is their
capability of automatically learning from training examples. The speech translation system consists of three
modules: automatic speech recognition, machine translation and text to speech synthesis. Many procedures for
incorporation of speech recognition and machine translation have been projected. In this research, we want
explore methodologies and metrics employed to assess the (speech-to-speech) way in translation systems.
Keyword: Methodology, speech to speech, translation systems
1. Introduction
A Speech-to-Speech Translation (SST) system is composed of an Automatic Speech Recognizer (ASR) chained
to a Spoken Language Translation (SLT) module and to a Text-To-Speech (TTS) component in order to produce
the speech in the target language (Hamon & Mostefa, 2008). Speech-to-speech translation is a challenging
problem, due to poor sentence planning typically associated with spontaneous speech, as well as errors caused by
automatic speech recognition. Most speech translation systems reported in the literature operate within more or
less restricted domains (Levin et al., 2000; Frederking et al., 2002; Gao et al., 2002; Rayner and Bouillon, 2002).
Many are based on the Interlingua approach to translation; however, systems differ in their linguistic complexity.
Knowledge-lean statistical machine translation approaches are nearly universally embraced for the task of
unrestricted text translation (Koehn et al., 2003), perhaps because it is more difficult to effectively exploit
knowledge in the broad domain. In restricted domains, rule-based and statistical-based approaches clearly show
different strengths and weaknesses, which make them complement each other nicely (Wang & Seneff, 2004).
Moreover, the translation module of a speech translation system, a natural off-spring of text-input based
translation system, usually takes a single-best recognition hypothesis transcribed in text and performs standard
text-based translation. Lots of supplementary information available from speech recognition, such as N-best
recognition hypotheses, likelihoods of acoustic and language models, is not well utilized in the translation
process. The information can be effective for improving translation quality if employed properly. The
supplementary information can be exploited by a tight coupling of speech recognition and machine translation
(Ney, 1999) or keeping the cascaded structure unchanged but using an integration model, log-linear model, to
re-score the translation hypotheses (Zang et al., 2004).
1.1 Speech Translation
The goal of the speech translation system research is to make straightforward real-time, interpersonal
communication via usual spoken language for people who do not share a neutral language. Speech Translation
(ST) is the process which spoken expressions are rapidly translated and spoken clearly in a second language.
This is in contrast from phrase translation method, where the system merely translates a predetermined and finite
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set of senntences that haave been mannually entered into the systtem. Speech tto speech trannslation techno
ology
supports sppeakers of varrious languagees to interconnnect. Thus it prrovides fabulous value for hhumankind in terms
t
of sciencee, cross-culturaal interchange and global buusiness. Nowaadays, speech translation syystems are use
ed all
through thhe domain. Exxamples includde medical faacilities, policee, schools, rettail stores, hotels, and facto
ories.
These systtems are appllicable everyw
where that spoken language is being usedd to communicate (Sangeeth
ha &
Jothilakshm
mi, 2015).
Speech traanslation is in many respectss a particularlyy difficult verssion of the trannslation task. H
High quality output
is essentiaal: the speech produced muust sound natuural if it is to be easily com
mprehensible. The quality of
o the
translationn itself must also
a
be high, iin spite of thee fact that, by the nature off the problem, no post-editin
ng is
possible. T
Things are equually difficult oon the input siide: pre-editingg, too, is difficcult or imposssible, yet ill-formed
input and recognition errrors are both likely to be qquite common.. Thus robust analysis and ttranslation are
e also
required. F
Furthermore, any
a attempted solutions to thhese problems must be capaable of operatinng at a speed close
enough to real time that users are not ffaced with unaacceptable delaays (Carter et aal, 1997)
ation,
Speech traanslation (ST) is an importannt technology for cross linguual (one-way oor two-way) orral communica
whose soccietal role is rapidly increeasing in the modern globaal and intercoonnected inforrmational age
e. ST
technologyy as key enabler of universall translation iss one of the moost promising aand challenginng future needs and
wants in thhe coming decade (Treichlerr, 2009).
A ST system consists of two major ccomponents: auutomatic speecch recognitionn (ASR) and m
machine translation
(MT). Oveer the past yeaars, significant progress has bbeen made in the integrationn of these two components in the
end-to-endd ST task (Cassacuberta et al,, 2008; Matsouukas et al, 2007; Matusov et al, 2006; Neyy, 1999; Wang et al,
2010; Zhoou et al, 2007).
In the studdy of Ney (19999), a Bayes--rule-based inttegration of ASR and MT w
was proposed, in which the ASR
output is ttreated as a hidden variablee. In the studyy of Zang et aal (2004) a loog-linear modeel was propose
ed to
directly m
model the posteerior probabilitty of the transllated output giiven the input speech signall, where the feature
functions aare derived froom the overalll outputs of thhe ASR model,, the translatioon model, and the Part-of-Sp
peech
language m
model. This set
s of work iss later extendeed with the usse of the phraase-based MT
T component and
a a
lattice/connfusion-networrk based interfa
face between A
ASR and MT (M
Matusov, et al,, 2005; Saleem
m et al, 2004).
1.1.1 Speeech Translationn Systems
A general framework foor ST is illustraated in Fig. 1. The input speeech signal X iis first fed intoo the ASR module.
Then the A
ASR module generates
g
the reecognition outpput set {F}, w
which is in the ssource languagge. The recogn
nition
hypothesiss set {F} is finnally passed too the MT moduule to obtain thhe translation ssentence E in the target lang
guage
(He et al, 22011)
{F}

X

ASR

E

MT

Figure 1. Tw
wo componentss of a full speeech translation system
ngual
Currently, speech translaation technologgy is availablee as a product that instantly iinterprets free form multi-lin
conversations. These syystems instantlyy convert uninnterrupted speeech. Challengges in achievinng this task inc
clude
overcominng speaker deppendent changes in fashion oof speaking orr pronunciationn are issues thhat have to be dealt
with so as to give a highh quality transllation for everyy user. Moreovver, automatic speech recognnition systems have
to be preppared to tackle external factoors such as acooustic noise orr speech by otther speaker inn real-world use
u of
speech traanslation system
ms. For the m
motivation thatt the client does not know tthe target langguage when sp
peech
translationn is used, a meethod need be delivered to tthe user to cheeck whether thhe translation is correct, by such
means as ttranslating it again
a
back intoo the user's laanguage (Satosshi, 2009).Wheen we consideer speech-to-sp
peech
(S2S) translation system
ms, several absttract models arre possible.
1.1.2 Statistical Framew
work to Speech Translation
r
an be
Let xT1 bee the acoustic representation
of an input seentence. The ttranslation of xT1 into anotheer language ca
formulatedd as the probleem of searchingg for a sequencce of words
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ˆ
tˆ1I = arg max Pr(t 1I | x 1T )

The maxim
mization is carrried out over aall possible seqquences, tI1, off all possible leengths, I. for siimplicity purposes;
we do not present expliccitly the maxim
mization over II. Speech transslation can be sseen as a two ssteps process.

x 1T → S 1j → t 1I
Where:
SJ1 is possible decoding of xT1 in the ssource languagge which can bbe translated innto a sequence of words, tJ1 in the
target langguage. Consequuently (Casacuuberta et al, 20004)

arg maxx Pr(t 1I | x 1T ) = arg max  Pr(t 1I , s1I | x 1T )
t1I

t1I

s1I

1.1.3 Autoomatic Speech Recognition
Speech Reecognition (is also
a known as Automatic Sppeech Recognittion (ASR), orr computer speeech recognitio
on) is
the processs of convertinng a speech siggnal to a sequuence of wordss, by means off an algorithm
m implemented
d as a
computer pprogram (Anuusuya & Katti, 2010)
1.1.4 Basicc Model of Speech Recognittion
Research iin speech proccessing and coommunication for the most ppart, was motivvated by peopple s desire to build
mechanicaal models to emulate
e
humann verbal comm
munication cappabilities. Speeech is the moost natural forrm of
human com
mmunication and
a speech proocessing has bbeen one of thhe most excitinng areas of thee signal processsing.
Speech reecognition techhnology has m
made it possiible for compputer to follow
w human voice commandss and
understandd human languuages. The maiin goal of speeech recognitionn area is to devvelop techniquues and system
ms for
speech inpput to machinee. Speech is thhe primary meaans of commuunication betweeen humans. F
For reasons ran
nging
from technnological curioosity about thee mechanismss for mechaniccal realization of human speeech capabilitiies to
desire to aautomate simplle tasks which necessitates hhuman machinee interactions and research inn automatic sp
peech
recognitionn by machiness has attracted a great deal off attention for sixty years (Trran, 2000)
Based on major advancces in statisticaal modeling oof speech, autoomatic speechh recognition ssystems today find
widespreadd application in tasks that require humaan machine innterface, such as automatic call processin
ng in
telephone networks, andd query based information ssystems that provide updated travel inform
mation, stock price
quotationss, weather repports, Data entry, voice dictation, access to informatioon: travel, bannking, Comma
ands,
Avoinics, Automobile portal,
p
speech transcription,, Handicappedd people (blinnd people) suppermarket, raiilway
reservationns etc. Speech recognition teechnology wass increasingly uused within teelephone netwoorks to automa
ate as
well as to enhance the operator
o
servicces. This reporrt reviews major highlights dduring the lastt six decades in the
research aand developm
ment of autom
matic speech rrecognition, so as to provide a technollogical perspe
ective
(Anusuya & Katti, 2010)).

Figuure 2. Basic m
model of speechh recognition
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Fig.2 show
ws a mathemattical representaation of speechh recognition ssystem in simpple equations w
which contain front
end unit, m
model unit, lannguage model uunit, and searcch unit. The reccognition proccess is shown bbelow.
1.2 Metriccs of Speech to Speech Translation System
Regardlesss of how manyy levels and coomponents theere are in a givven implementtation, differennt metrics could be
applied aroound any inpuut-output pair oof interest to hhelp drive qualiity improvemeents. In figure 3, for example
e, we
could havee a metric aroound each proccessing modulle; that is, onee metric for thhe mapping SL
LU to SLT, another
metric for SLT to TLT, and
a a third from
m TLT to TLU
U. Each metric would be usedd to study the eeffectiveness of
o the
system moodule of interesst.

mapping SLU tto SLT, SLT to TLT and TLT
T to TLU
Figure 3. Mm
ments—as oppoosed to system
m developmennt—translation metrics are tyypically applie
ed to
In producttion environm
random saamples of source and target llanguage transslations. Metriccs based on staatic reference translations fo
or the
automatic evaluation of system qualityy during systeem developmeent [Doddingtoon] are thus noot in the doma
ain of
this discusssion. Evaluattion is usuallyy performed bby a qualifiedd translator w
with domain kknowledge, wh
ho is
generally employed by a translation agency, thouggh client com
mpanies sometiimes perform their own intternal
evaluationns (Godden, 20002).
1.3 The BL
LEU Measure
A fundam
mental problem
m of translation evaluation is that there aare many possible translatioons from a so
ource
language iinput to a targget language ooutput. The IB
BM researchers who develooped BLEU inn 2001 provid
ded a
partial soluution to this problem by creeating test sets with more thaan one translattion for each iinput. The mac
chine
translationn output is thenn compared to these referencce translations, and a score is computed baased on the number
of n-gramss in the output that match thee references (C
Condon et al, 22009)
As autom
mated measurees are used more extensiively, researchhers learn m
more about thheir strengths and
shortcominngs, which alloows the scoress to be interpreeted with greaater understandding and confiddence. Some of
o the
limitationss that have beeen identified for BLEU arre very general, such as thhe fact observved earlier tha
at the
measure pprimarily refleccts the accuraacy of the worrds that the syystem produced with only a brevity penallty to
assess whaat the system may have miissed. This maakes the meassure more likee a document similarity mea
asure
(Owczarzaak, 2007)
1.4 The ME
METEOR Measuure
METEOR
R also addresses another probblem that has bbeen associatedd with BLEU. The ability off BLEU to take
e into
account m
many possible translations
t
for a given segm
ment of languaage depends soolely on the nuumber of referrence
translationns that are avaailable for com
mparison. In ccontrast, METE
EOR accepts synonyms deffined in a reso
ource
called Woord Net, allow
wing additionaal options thaat are not preesent in refereence translatioons. For exam
mple,
METEOR
R would recognnize the equivvalence of paiin and ache inn Figure 4. M
METEOR also uses stemmin
ng to
remove innflectional affixxes that may prevent translations from m
matching due tto minor variaation. For exam
mple,
after stemm
ming, METEO
OR would matcch cries and crrying in Figuree 1 because theey are both forrms of the verb
b cry.
However, these enhanceements are available only forr English: theree is no equivallent of WordN
Net for Iraqi Arrabic,
and Arabicc affixes are offten ambiguouus out of contexxt, making it ddifficult to stem
m words accurrately (Condon
n et al,
2009)
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Ref 1: he has some pain in his stomach and always cries and complains about stomach pain
Ref 2: he has some pain in his stomach and he always cries and says I have a stomach pain
Ref 3: he has some stomach pain and always cries saying my stomach hurts
Ref 4: he has a stomach ache and he always cries and says my stomach hurts
System: he has stomach pain and always crying he says pain in stomach
Ref 1: he has some pain in his stomach and always cries and complains about stomach pain
Ref 2: he has some pain in his stomach and he always cries and says I have a stomach pain
Ref 3: he has some stomach pain and always cries saying my stomach hurts
Ref 4: he has a stomach ache and he always cries and says my stomach hurts
System: he has stomach pain and always crying he says pain in stomach
Figure 4. Sample Reference Translations and System Output
The METEOR score is computed by aligning the system output to the closest reference translation as in Figure 6.
After stemming, cries and crying are considered a match, as are saying and says. In Figure 5, three words of the
reference translation (in boldface) are not matched to the system output, and three words of the system output
(not boldface) do not match the reference translation (Condon et al, 2009).
Ref 3: he has some stomach pain and always cries saying my stomach hurts
System: he has stomach pain and always crying he says pain in stomach
Figure 5. METEOR Alignment of System Output and Reference Translation

1.5 The TER, STER and HTER Measures
The TRANSTAC program has also experimented with the TER metric to measure translation quality. Unlike
METEOR, TER allows any number of contiguous words to shift positions in a single move. Computation of the
TER score is based on the Levenshtein edit distance measure for string matching (Cohen et al, 2003), which
counts the number of insertions, deletions, and substitutions required to transform one string into another. Figure
6 shows how the alignment in Figure 6 would be edited to transform the system output into the reference
translation. The deletions and substitutions that transform he says pain in into saying could have been aligned
differently with no effect on the number of deletions and substitutions (Condon et al, 2009).

Ref 3: he has some stomach pain and always cries saying my stomach hurts
System: he has stomach pain and always crying he says pain in stomach
Edits: insertion substitution deletion substitution deletion substitution deletion
Figure 6. TER Alignment of System Output with Reference Translation and Edits
2. Methodology Used for Automatic Speech Recognition
2.1 IBM’s MASTOR
The IBM MASTOR shorthand for Multilingual Automatic Speech-to-Speech Translator is developed for the
DARPA CAST and its mission is to develop technologies that facilitate rapid deployment of real-time
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Speech-to-Speech Translation of low-resource languages on mobile devices (Gao, et al, 2006).The general
structure of MASTOR system has the components of ASR, MT and TTS. This pipelining approach allows
system for the deployment of the existing speech and language handing out techniques, while taking care of
unique problems in Speech-to-Speech Translation (Dureja and Gautam, 2015)
Grapheme based acoustic models are used to overcome the problem of absence of short vowels Grapheme based
acoustic model lead to unambiguous pronunciation of lexicons and hence facilitates the model training and
decoding. Also, depending on its context the same grapheme may yield different phonetic sound and lead to less
accurate acoustic models. For this reason two different approaches come into existence. The first one is to use
short vowels known as full phonetic approach and the second one uses the context-sensitive graphemes in which
two different phonemes are generated for the letter “A” (Alif) depending on its position in the word. The IBM
ViaVoice product engine is a highly robust and efficient framework which is used for acoustic modelling by
using rank based acoustic scores that are derived from tree-clustered context reliant Gaussian Models for both
the desktop systems and hand-held systems (Narayanan et al, 2006)
2.2 Verbmobil
Verbmobil is a two way Speech-to-Speech Translation system which does not depend on the speaker. It is used
for translation of spontaneous dialogs in mobile situations. It firstly identifies the input and further analyses and
translates it, and finally delivers the final translation. This is a multilingual system which handles dialogs
delivery in three-business-oriented domains where the translation depends on the context between three
languages (German, English and Japanese) (Wahlster, 2013)
This system deals with the spontaneous dialogs. In this case it doesn’t mean just continuous speech like in the
current dictation systems, but here rational disfluencies and repairing phenomena such as changing mid word,
ums and arr, and some short words that are accidently left out in rapid speech are also included in the speech. For
example, Verb Mobil corpus has the chance that 20% of all dialog turns having at least one auto-correction and 3%
also include false starts. A combined approach for deep and shallow analysis methods is used by this system to
find out the slips in the speech and then translate it in accordance to what the person tried to say rather than what
was actually said by him (Dureja and Gautam, 2015)
3. Literature Review
Prior work on S2S translation has primarily focused on providing either one-way or two-way translation on a
single device (Waibel et al., 2003; Zhou et al., 2003). Typically, the user interface requires the participant(s) to
choose the source and target language apriori. The nature of communication, either single user talking or turn
taking between two users can result in a one-way or cross-lingual dialog interaction. In most systems, the
necessity to choose the directionality of translation for each turn does take away from a natural dialog flow.
Furthermore, single interface based S2S translation (embedded or cloud based) is not suitable for cross-lingual
communication when participants are geographically distant, a scenario more likely in a global setting. In such a
scenario, it is imperative to provide real-time and low latency communication (Bangalore et al, 2012)
Researchers have recognized that translation quality is multi-faceted and that human judgments of even more
specific qualities such as fluency and fidelity are not always reliable (King, 1996; Turian, Shen & Melamed,
2003). Given the unevenness and cost of human judgments, researchers have welcomed automated measures
such as BLEU and have proposed a plethora of alternative methods, all of which involve comparisons to one or
more reference translations (Candon et al, 2008)
In contrast, evaluations of speech translation have relied on human judgments such as the binary or ternary
classifications adopted by CMU (Gates et al., 1996) and Verb Mobil (Nübel, 1997) researchers, which combine
assessments of accuracy and fluency. Other methods use abstract semantic representations of the source
utterances and require human judges to score structural elements of those representations separately. CMU
researchers use the Interlingua Interchange Format to represent utterance intent and content (Levin et al., 2000).
Sageetha and Jothilakshmi (2015) conducted a research named “Integrating Machine Translation and Speech
Synthesis Component for English to Dravidian Language Speech to Speech Translation System”. This paper
provides an interface between the machine translation and speech synthesis system for converting English
speech to Tamil text in English to Tamil speech to speech translation system. The speech translation system
consists of three modules: automatic speech recognition, machine translation and text to speech synthesis. Many
procedures for incorporation of speech recognition and machine translation have been projected. Still speech
synthesis system has not yet been measured. In this paper, we focus on integration of machine translation and
speech synthesis, and report a subjective evaluation to investigate the impact of speech synthesis, machine
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translation and the integration of machine translation and speech synthesis components. Here they implement a
hybrid machine translation (combination of rule based and statistical machine translation) and concatenative
syllable based speech synthesis technique. In order to retain the naturalness and intelligibility of synthesized
speech Auto Associative Neural Network (AANN) prosody prediction is used in this work. The results of this
system investigation demonstrate that the naturalness and intelligibility of the synthesized speech are strongly
influenced by the fluency and correctness of the translated text.
Sanders et al, (2013) conducted a research named “Evaluation methodology and metrics employed to assess the
TRANSTAC two-way, speech-to-speech translation systems”. One of the most difficult challenges that military
personnel face when operating in foreign countries is clear and successful communication with the local
population. To address this issue, the Defense Advanced Research Projects Agency (DARPA) is funding
academic institutions and industrial organizations through the Spoken Language Communication and Translation
System for Tactical Use (TRANSTAC) program to develop practical machine translation systems. The goal of
the TRANSTAC program is to demonstrate capabilities to rapidly develop and field free-form, two-way,
speech-to-speech translation systems that enable speakers of different languages to communicate with one
another in real-world tactical situations without an interpreter. Evaluations of these technologies are a significant
part of the program and DARPA has asked the National Institute of Standards and Technology (NIST) to lead
this effort. This article presents the experimental design of the TRANSTAC evaluations and the metrics, both
quantitative and qualitative, that were used to comprehensively assess the systems’ performance.
Brian et al (2011) conducted a research named “Performance Assessments of Two-Way, Free-Form,
Speech-to-Speech Translation Systems for Tactical Use”. A critical challenge for military personnel when
operating in foreign countries is effective communication with the local population. To address this issue, the
Defense Advanced Research Projects Agency (DARPA) created the Spoken Language Communication and
Translation Systems for Tactical Use (TRANSTAC) program. The program’s goal is to develop speech-to speech
translation technologies enabling English speakers to quickly communicate with the local population without an
interpreter. DARPA has funded the National Institutes of Standards and Technology to lead the design and
implementation of the TRANSTAC performance evaluations. This article presents these evaluations that enabled
the collection of rich quantitative and qualitative metrics.
He et al, (2011) conducted a research named “WHY WORD ERROR RATE IS NOT A GOOD METRIC FOR
SPEECH RECOGNIZER TRAINING FOR THE SPEECH TRANSLATION TASK?” Speech translation (ST) is
an enabling technology for cross-lingual oral communication. A ST system consists of two major components:
an automatic speech recognizer (ASR) and a machine translator (MT). Nowadays, most ASR systems are trained
and tuned by minimizing word error rate (WER). However, WER counts word errors at the surface level. It does
not consider the contextual and syntactic roles of a word, which are often critical for MT. In the end-to-end ST
scenarios, whether WER is a good metric for the ASR component of the full ST system is an open issue and
lacks systematic studies. In this paper, they report recent investigation on this issue, focusing on the interactions
of ASR and MT in a ST system. They show that BLEU-oriented global optimization of ASR system parameters
improves the translation quality by an absolute 1.5% BLEU score, while sacrificing WER over the conventional,
WER-optimized ASR system. They also conducted an in-depth study on the impact of ASR errors on the final
ST output. Our findings suggest that the speech recognizer component of the full ST system should be optimized
by translation metrics instead of the traditional WER.
Bangalore et al. (2012) conducted a research named “Real-time Incremental Speech-to-Speech Translation of
Dialogs”. In this work, they addressed the problem of incremental speech-to-speech translation (S2S) that
enables cross-lingual communication between two remote participants over a telephone. They investigated the
problem in a novel real-time Session Initiation Protocol (SIP) based S2S framework. The speech translation is
performed incrementally based on generation of partial hypotheses from speech recognition. They describe the
statistical models comprising the S2S system and the SIP architecture for enabling real-time two-way
cross-lingual dialog. They presented dialog experiments performed in this framework and study the tradeoff in
accuracy versus latency in incremental speech translation. Experimental results demonstrate that high quality
translations can be generated with the incremental approach with approximately half the latency associated with
non-incremental approach.
Hamon and Mostefa (2008) conducted a research named “An Experimental Methodology for an End-to-End
Evaluation in Speech-to-Speech Translation”. This paper describes the evaluation methodology used to evaluate
the TC-STAR speech-to-speech translation (SST) system and their results from the third year of the project. It
follows the results presented in (Hamon et al., 2007), dealing with the first end-to-end evaluation of the project.
In this paper, we try to experiment with the methodology and the protocol during the second end-to-end
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evaluation, by comparing outputs from the TC-STAR system with interpreters from the European parliament.
For this purpose, we test different criteria of evaluation and type of questions within a comprehension test. The
results reveal that interpreters do not translate all the information (as opposed to the automatic system), but the
quality of SST is still far from that of human translation. The experimental comprehension test used provides
new information to study the quality of automatic systems, but without settling the issue of what protocol is best.
This depends on what the evaluator wants to know about the SST: either to have a subjective end-user evaluation
or a more objective one.
Gao et al. (2006) conducted a research named “IBM MASTOR SYSTEM: Multilingual Automatic
Speech-to-speech Translator”. In this paper, they described the IBM MASTOR, a speech-to-speech translation
system that can translate spontaneous free-form speech in real-time on both laptop and hand-held PDAs.
Challenges include speech recognition and machine translation in adverse environments, lack of training data
and linguistic resources for under-studied languages, and the need to rapidly develop capabilities for new
languages. Another challenge is designing algorithms and building models in a scalable manner to perform well
even on memory and CPU deficient hand-held computers. They described their approaches, experience, and
success in building working free-form S2S systems that can handle two language pairs (including a low-resource
language).
Narayanan et al. (2006) conducted a research named “SPEECH RECOGNITION ENGINEERING ISSUES IN
SPEECH TO SPEECH TRANSLATION SYSTEM DESIGN FOR LOW RESOURCE LANGUAGES AND
DOMAINS”. Engineering automatic speech recognition (ASR) for speech to speech (S2S) translation systems,
especially targeting languages and domains that do not have readily available spoken language resources, is
immensely challenging due to a number of reasons. In addition to contending with the conventional data-hungry
speech acoustic and language modeling needs, these designs have to accommodate varying requirements
imposed by the domain needs and characteristics, target device and usage modality (such as phrase-based, or
spontaneous free form interactions, with or without visual feedback) and huge spoken language variability
arising due to socio-linguistic and cultural differences of the users. This paper, using case studies of rating
speech translation systems between English and languages such as Pashto and Farsi, describes some of the
practical issues and the solutions that were developed for multilingual ASR development. These include novel
acoustic and language modeling strategies such as language adaptive recognition, active-learning based language
modeling, class-based language models that can better exploit resource poor language data, efficient search
strategies, including N-best and confidence generation to aid multiple hypotheses translation, use of dialog
information and clever interface choices to facilitate ASR, and audio interface design for meeting both usability
and robustness requirements.
Godden (2002) conducted a research named “Towards a Speech-to-Speech Machine Translation Quality Metric”.
General characteristics of a pragmatic metric for the production evaluation of speech-to-speech translations are
discussed. While these characteristics constrain the space of allowable metrics, infinite definition space remains
from which to select and define any particular metric. The recommended characteristics are drawn from the
author’s experience as primary developer of a text-based translation quality metric used in a production
environment. The primary contribution is that of strict category ordering and two meta-rules that reduce the
variance in assignment of errors to categories.
4. Conclusion
In this paper we investigated the methodology and metrics employed to assess the (speech-to-speech) way in
translation systems. We talked briefly about speech translation. Then we introduced speech translation system
and the components of it. We described Metrics of speech to speech translation system involved The BLEU
Measure, The METEOR Measure and The TER, STER and HTER Measures. We explored Methodology used
for automatic speech recognition involved IBM’s MASTOR and VERBMOBIL. In the experiments we presented,
some methods were applied to translating automatic speech recognition output for English utterances. Based on
the Goddon study (2002), U2U (utterance-to-utterance) metric does not automatically become a good metric.
The category definitions are of extreme importance, as are the examples used to illustrate the definitions and the
training materials created for evaluators. Without clear, unambiguous and precise error definitions no metric will
be of any practical value. Hamon and Mostefa (2008) found that that interpreters do not translate all the
information (as opposed to the automatic system), but the quality of SST is still far from that of human
translation. Bangalore et al demonstrated that high quality translations can be generated with the incremental
approach with approximately half the latency associated with nonincremental approach. He et al, (2011)
concluded that BLEU-oriented global optimization of ASR system parameters improves the translation quality
by an absolute 1.5% BLEU score, while sacrificing WER (word error rater) over the conventional,
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WER-optimized ASR system. Sageetha and Jothilakshmi (2015) implemented a hybrid machine translation
(combination of rule based and statistical machine translation) and concatenative syllable based speech synthesis
technique. The results of this system investigation demonstrate that the naturalness and intelligibility of the
synthesized speech are strongly influenced by the fluency and correctness of the translated text.
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