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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 



mas.ccsenet

 

set of sen
supports sp
of science
through th
These syst
Jothilakshm
Speech tra
is essentia
translation
possible. T
input and 
required. F
enough to 
Speech tra
whose soc
technology
wants in th
A ST syst
(MT). Ove
end-to-end
2010; Zho
In the stud
output is t
directly m
functions a
language m
lattice/con
1.1.1 Spee
A general 
Then the A
hypothesis
(He et al, 2

 

 
Currently, 
conversati
overcomin
with so as 
to be prep
speech tra
translation
means as t
(S2S) tran
1.1.2 Stati

Let xT
1 be

formulated

t.org 

ntences that ha
peakers of var

e, cross-cultura
he domain. Ex
tems are appl
mi, 2015). 

anslation is in 
al: the speech 
n itself must a
Things are equ
recognition er

Furthermore, a
real time that 

anslation (ST) 
cietal role is 
y as key enabl
he coming dec
em consists o
er the past yea
d ST task (Cas
ou et al, 2007). 
dy of Ney (19
treated as a h

model the poste
are derived fro
model. This s

nfusion-networ
ech Translation
framework fo

ASR module g
s set {F} is fin
2011) 

X 

speech transla
ons. These sy

ng speaker dep
to give a high

pared to tackle 
anslation system
n is used, a me
translating it a
slation system
stical Framew

e the acoustic r

d as the proble

ave been man
rious language
al interchange 
xamples includ
licable everyw

many respects
produced mu

also be high, i
ually difficult o
rrors are both 
any attempted 
users are not f
is an importan
rapidly incre

er of universal
ade (Treichler
f two major c

ars, significant 
sacuberta et al,

999), a Bayes-
idden variable

erior probabilit
om the overall
set of work is
rk based interfa
n Systems 
or ST is illustra
generates the re
nally passed to

Figure 1. Tw

ation technolog
ystems instantly
pendent chang
h quality transl

external facto
ms. For the m
ethod need be 
again back into

ms, several abst
work to Speech 

representation 

em of searching

Modern

nually entered 
es to interconn

and global bu
de medical fa

where that spo

s a particularly
ust sound natu
in spite of the
on the input si
likely to be q
solutions to th

faced with una
nt technology 
easing in the 
l translation is

r, 2009). 
components: au

progress has b
, 2008; Matsou

-rule-based int
e. In the study
ty of the transl
l outputs of th
s later extende
face between A

ated in Fig. 1. 
ecognition outp
o the MT modu

wo components

gy is available
y convert unin
es in fashion o
lation for every
ors such as aco

motivation that
delivered to t

o the user's la
tract models ar
Translation 

of an input se

g for a sequenc

ASR

n Applied Scienc

56 

into the syst
nect. Thus it pr
usiness. Nowa

acilities, police
ken language 

y difficult vers
ural if it is to 
e fact that, by 
ide: pre-editing
quite common.
hese problems
acceptable dela
for cross lingu
modern globa

s one of the mo

utomatic speec
been made in 
ukas et al, 200

tegration of A
y of Zang et a
lated output gi

he ASR model,
ed with the us

ASR and MT (M

The input spe
put set {F}, w
ule to obtain th

     {F}

 

s of a full spee

e as a product 
nterrupted spe
of speaking or
y user. Moreov
oustic noise or
t the client do
the user to che

anguage (Satos
re possible. 

entence. The t

ce of words t̂

ce

tem. Speech t
rovides fabulo
adays, speech 
e, schools, ret
is being used

sion of the tran
be easily com
the nature of

g, too, is diffic
. Thus robust 
 must be capa

ays (Carter et a
ual (one-way o
al and interco
ost promising a

ch recognition
the integration
7; Matusov et 

SR and MT w
al (2004) a lo
iven the input 
, the translatio
se of the phra
Matusov, et al,

eech signal X i
which is in the s
he translation s

ech translation 

that instantly i
eech. Challeng
r pronunciation
ver, automatic 
r speech by ot
es not know t
eck whether th
shi, 2009).Whe

translation of x

ˆ
1̂
I  in the targe

MT

to speech tran
us value for h
translation sy

tail stores, ho
d to communi

nslation task. H
mprehensible. 
f the problem,
cult or imposs
analysis and t

able of operatin
al, 1997) 
or two-way) or
onnected infor
and challengin

n (ASR) and m
n of these two 
al, 2006; Ney

was proposed, 
og-linear mode

speech signal
on model, and 
ase-based MT
, 2005; Saleem

is first fed into
source languag
sentence E in 

system 

interprets free 
ges in achievin
n are issues th
speech recogn
ther speaker in
the target lang
he translation 
en we conside

xT
1 into anothe

et language tha

Vol. 11, No. 4;

nslation techno
humankind in t
ystems are use
tels, and facto
cate (Sangeeth

High quality o
The quality o
 no post-editin

sible, yet ill-fo
translation are
ng at a speed 

ral communica
rmational age
ng future need

machine transl
components i

y, 1999; Wang 

in which the 
el was propose
l, where the fe
the Part-of-Sp

T component a
m et al, 2004).

o the ASR mo
ge. The recogn
the target lang

E

form multi-lin
ng this task inc
hat have to be 
nition systems 
n real-world u
guage when sp
is correct, by 

er speech-to-sp

er language ca

at maximizes.

2017 

ology 
terms 
ed all 
ories. 
ha & 

utput 
of the 
ng is 
rmed 

e also 
close 

ation, 
e. ST 
s and 

ation 
n the 
et al, 

ASR 
ed to 
ature 

peech 
and a 

dule. 
nition 
guage 

ngual 
clude 
dealt 
have 

use of 
peech 

such 
peech 

an be 



mas.ccsenet

 

The maxim
we do not 

Where: 
SJ

1 is poss
target lang

1.1.3 Auto
Speech Re
the proces
computer p
1.1.4 Basic
Research i
mechanica
human com
Speech re
understand
speech inp
from techn
desire to a
recognition
Based on 
widespread
telephone 
quotations
Avoinics, 
reservation
well as to 
research a
(Anusuya 

t.org 

mization is car
present explic

ible decoding 
guage. Consequ

omatic Speech 
ecognition (is a
ss of convertin
program (Anu
c Model of Sp
in speech proc
al models to e
mmunication a

ecognition tech
d human langu
put to machine
nological curio

automate simpl
n by machines
major advanc
d application 
networks, and

s, weather rep
Automobile p

ns etc. Speech 
enhance the o

and developm
& Katti, 2010)

rried out over a
citly the maxim

of xT
1 in the s

uently (Casacu

1

arg max
It

Recognition 
also known as 
ng a speech sig
usuya & Katti, 

eech Recognit
cessing and co
emulate human
and speech pro
hnology has m

uages. The mai
e. Speech is th
osity about the
le tasks which 
s has attracted 
ces in statistica

in tasks that 
d query based 
ports, Data en
portal, speech 
recognition te

operator servic
ment of autom

). 

Figu

Modern

ˆ
1̂ argIt =

all possible seq
mization over I

1
Tx →

source languag
uberta et al, 20

1 1x Pr( | )I Tt x

Automatic Sp
gnal to a sequ
2010) 
tion 

ommunication 
n verbal comm
ocessing has b
made it possi
in goal of spee

he primary mea
e mechanisms
necessitates h
a great deal of
al modeling o
require huma
information s

try, voice dic
transcription,

echnology was
ces. This repor

matic speech r

ure 2. Basic m

n Applied Scienc

57 

1max Pr( |It

quences, tI
1, of

I. Speech trans

1 1
j IS t→ →

ge which can b
004) 

1 1

arg max
I It s

= 

peech Recognit
uence of words

for the most p
munication cap
been one of th
ible for comp
ech recognition
ans of commu
s for mechanic
human machine
f attention for 
of speech, auto
an machine in
systems that p
tation, access 
, Handicapped
s increasingly u
rt reviews maj
recognition, s

model of speech

ce

1 )Tx  

f all possible le
slation can be s

be translated in

1 1Pr( , |I It s x

tion (ASR), or
s, by means of

part, was motiv
pabilities. Spe

he most excitin
puter to follow
n area is to dev

unication betwe
cal realization 
e interactions 
sixty years (Tr
omatic speech

nterface, such 
rovide update
to informatio

d people (blin
used within te
or highlights d
o as to prov

 
h recognition

engths, I. for si
seen as a two s

nto a sequence 

1 )T  

r computer spe
f an algorithm

vated by peop
eech is the mo
ng areas of the
w human voi
velop techniqu
een humans. F
of human spe
and research in
ran, 2000)  
h recognition s

as automatic 
d travel inform
on: travel, ban
nd people) sup
elephone netwo
during the last
ide a technol

Vol. 11, No. 4;

implicity purp
steps process.

of words, tJ
1 i

eech recognitio
m implemented

ple s desire to 
ost natural for
e signal proces
ce commands
ues and system
For reasons ran
eech capabiliti
n automatic sp

systems today
call processin

mation, stock 
nking, Comma
permarket, rai
orks to automa
t six decades i
logical perspe

2017 

oses; 

n the 

on) is 
d as a 

build 
rm of 
ssing. 
s and 

ms for 
nging 
ies to 
peech 

find 
ng in 
price 
ands, 
ilway 
ate as 
n the 

ective 



mas.ccsenet

 

Fig.2 show
end unit, m
1.2 Metric
Regardless
applied aro
could have
metric for 
system mo

 
In product
random sa
automatic 
this discus
generally 
evaluation
1.3 The BL
A fundam
language i
partial solu
translation
of n-grams
As autom
shortcomin
limitations
measure p
assess wha
(Owczarza
1.4 The ME
METEOR
account m
translation
called Wo
METEOR
remove in
after stemm
However, 
and Arabic
2009) 

t.org 

ws a mathemat
model unit, lan
cs of Speech to 
s of how many
ound any inpu
e a metric aro
SLT to TLT, a

odule of interes

tion environm
amples of sour

evaluation of 
ssion. Evaluat
employed by 

ns (Godden, 20
LEU Measure 

mental problem
input to a targ
ution to this p

n output is then
s in the output 

mated measure
ngs, which allo
s that have be
primarily reflec
at the system 
ak, 2007) 

METEOR Measu
R also addresse
many possible t
ns that are ava
ord Net, allow

R would recogn
nflectional affix
ming, METEO
these enhance
c affixes are of

tical representa
nguage model u

Speech Trans
y levels and co

ut-output pair o
ound each proc
and a third from
st. 

Figure 3. Mm

ments—as oppo
ce and target l
system quality

tion is usually
a translation 

002). 

m of translatio
get language o
roblem by cre
n compared to 
that match the

es are used 
ows the scores
een identified 
cts the accura
may have mi

ure 
s another prob
translations fo
ailable for com
wing additiona
nize the equiv
xes that may 

OR would matc
ements are ava
ften ambiguou

Modern

ation of speech
unit, and searc
lation System
omponents the
of interest to h
cessing modul
m TLT to TLU

mapping SLU t

osed to system
language trans
y during syste
y performed b
agency, thoug

n evaluation 
output. The IB

eating test sets 
these referenc

e references (C
more extensi

s to be interpre
for BLEU ar

acy of the wor
issed. This ma

blem that has b
r a given segm

mparison. In c
al options tha
valence of pai
prevent transl
ch cries and cr
ilable only for

us out of contex

n Applied Scienc

58 

h recognition s
ch unit. The rec

ere are in a giv
help drive quali
le; that is, one

U. Each metric 

to SLT, SLT to

m developmen
slations. Metric
em developme
by a qualified
gh client com

is that there a
BM researche
with more tha

ce translations
Condon et al, 2
ively, research
eted with grea
re very gener
rds that the sy
akes the meas

been associated
ment of langua
contrast, METE
at are not pre
in and ache in
ations from m
rying in Figure
r English: there
xt, making it d

ce

system in simp
cognition proc

ven implement
ity improveme

e metric for th
would be used

 TLT and TLT

nt—translation 
cs based on sta

ent [Doddingto
d translator w

mpanies someti

are many pos
rs who develo
an one translat
, and a score i

2009) 
hers learn m

ater understand
al, such as th

ystem produce
sure more like

d with BLEU. 
age depends so
EOR accepts 
esent in refere
n Figure 4. M

matching due t
e 1 because the
e is no equival
difficult to stem

ple equations w
cess is shown b

tation, differen
ents. In figure 
he mapping SL
d to study the e

 
T to TLU 

metrics are ty
atic reference 

on] are thus no
with domain k
imes perform 

sible translatio
oped BLEU in
tion for each i
s computed ba

more about th
ding and confid
he fact observ
d with only a 

e a document 

The ability of
olely on the nu
synonyms def
ence translatio

METEOR also 
to minor varia
ey are both for
lent of WordN
m words accur

Vol. 11, No. 4;

which contain 
below. 

nt metrics cou
3, for example

LU to SLT, an
effectiveness o

ypically applie
translations fo

ot in the doma
knowledge, wh

their own int

ons from a so
n 2001 provid
input. The mac
ased on the nu

heir strengths 
dence. Some o

ved earlier tha
 brevity penal
similarity mea

f BLEU to take
umber of refer
fined in a reso
ons. For exam
uses stemmin

ation. For exam
rms of the verb

Net for Iraqi Ar
rately (Condon

2017 

front 

ld be 
e, we 
other 

of the 

ed to 
or the 
ain of 
ho is 
ternal 

ource 
ded a 
chine 
mber 

and 
of the 
at the 
lty to 
asure 

e into 
rence 
ource 
mple, 
ng to 
mple, 
b cry. 
rabic, 
n et al, 



mas.ccsenet.org Modern Applied Science Vol. 11, No. 4; 2017 

59 
 

 

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). 

 

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). 

 

 

 

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 

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 

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 

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 
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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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