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Abstract
This paper describes a model based on multiple translations of Natural Languages. The term Match
Coefficient (MC) was introduced to determine the semantic similarity of two text items. The introduced
model and MC enable the comparison of Natural Language translators to determine the quality of the
translation output, to measure the loss of information during multiple translations, etc. Examples are
provided to illustrate the use of the described model. Everyday written text was used to evaluate the
translators and the quality of the translations.
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1. Introduction
Natural language processing (NLP) is an interdisciplinary field of computer science and linguistics. Its
development began with the advent of the first computers. NLP is widely available today and enables:
natural language understanding, tanslation from one natural languge to another, spam detection and more.
Complex software is designed to maintain the wide use of NLP. The most important components of this
software are the translation tools. According to [1], translation tools refer to Machine Translation (MT) and
they represent software used to translate written text or speech from one natural language (the source
language) into text in another natural language (the target language). In [4], machine translation tools are
classified into Human Translation with Machine Support, Machine Translation with Human Support and
Fully Automated Translation. Similar classification is specified in [1], but slightly different terminology is
used. Namely, three types of translation tools are defined: Fully Automated Machine Translation (or
FAMT), Human Aided Machine Translation (or HAMT) and Machine Aided Human Translation (or
MAHT). The main role of translation tools is to provide a quality translation of any particular text. In [2]
and [3] it is pointed out that good quality translations are obtained by using Human Translation with
Machine Support. Moreover, translation tools need to meet a number of requirements, such as: application
efficiency, maintainability, expansibility, robustness and so on. Here we focus only on Fully Automated
Translation when considering the problems with multilingual translation. Fully Automated Translation is
prone to mistakes that a human translator almost never makes, especially when a single spelling of a word
can have multiple meanings (homographs). If a text is automatically translated multiple times using multiple
languages, errors are more likely to occur. Our goal is to examine whether these errors are significant and
whether they can change the meaning of the text.
2. Related work
Combining output from various machine translation (MT) systems is presented in [5]. In this way, the
overall translation quality of the source text should increase. The author states that the key results of this
research are new state-of-the-art machine translation systems for English ↔ Estonian. In the paper [6] the
translation of long sentences using an English-Chinese machine is considered. Four hundred long sentences,
randomly selected from the patent corpus, were used for testing the recognition and segmentation effects of
the regular match method and the error-driven method. In [7] the Bilingual Evaluation Understudy (BLEU)
method for Automatic Evaluation of Machine Translation is also described. The paper [8] presents a
comparison of the effectiveness of two free online machine translation systems (Google Translate and
Babylon machine translation) in translating Arabic to English. The Bilingual Evaluation Understudy
(BLEU) method is used to evaluate the translation quality of the two free online machines. The Example
Based Machine Translation (EBMT) system that translates sentences from English to Hindi is described in
[9]. In [10] An Error Analysis of English-to-Persian and Persian-to-English Translations is studied by using
Keshavarzʼs (1999) model of error analysis. Translation Errors and Incomprehensibility of Machine
Translation are considered in [11].
3. Model based on multiple translations (MBMT)
In this section, we describe a process in which one or more translators are applied multiple times using
several languages which is the basis of our model based on multiple translatons (MBMT). The text given in
a natural language L1 (what we call it the original or sourse text and denote it by T (L1)) is translated into
natural languages L2 and L3, so that the texts T (L2) and T (L3) are obtained. Then, the texts from these
languages are translated into L4 and the texts T (L2, L4) and T (L3, L4) are obtained. This process describes
a model of translator application that can be used in multiple ways.
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Example 1: Let the original text T (L1) be in French:
Mark était le fils bien-aimé de Mary et Steve. Il adorait sa sœur aînée.
We use Google translation (https://translate.google.com/) to translate.
Let L2 = Turkish, then T (L2):
Mark, Mary ve Steve'in sevgili oğluydu. Ablasına bayıldı.
Let L3 = Arabic, then T (L3):
و س ت يف ل ماري ال ح ب يب االب ن مارك ك ان. ال ك برى أخ ته ي ع شق ك ان.
Let L4 = English, then T (L2, L4) (translation from Turkish to English):
Mark was the beloved son of Mary and Steve. She loved her sister.
As T (L3, L4) (translation from Arabic to English), we get:
Mark was the beloved son of Mary and Steve. He loved his older sister.
From this we can see that T(L2,L4) and T(L3,L4) differ.
The described MBMT model does not specify whether one or more translators were used. Hence, in theory,
the model can be applied for both human and machine translation. All possibilities can be considered, and
restrictions are imposed on implementation of a apecific model.
One can immediately ask whether there is a difference between the texts T (L2, L4) and T (L3, L4) and
whether it is significant. We can schematically present this as follows:

T(L2)

T(L2, L4)

=
?
T(L3)

T(L3, L4)

The problem can be generalized by continuing to translate T (L2) and T (L3) using new natural languages
and making the final translations into the same language. The whole process can be illustrated as follows
(n>3):
T(L2)

T(L4)

T(L2n-2, L2n)

=
?

T(L1)

T(L3)

T(L5)

T(L2n-1,L2n)
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The key question is how to compare the translated texts. There are various free software tools available
online for comparing text data (see: https://www.geckoandfly.com/32135/text-codes-comparison/). We are
interested in the semantic of the text' similarity and we choose Twinword's tool for measuring semantic
similarity of text items (available online at https://www.twinword.com/api/text-similarity.php). Semantic
textual similarity is defined as the measure of the degree of semantic equivalence between two texts. The
semantic comparison of the two texts examines not only the equivalence of words, but also the equality of
meaning. This can be illustrated by an example from [12]; these two sentences:
t1. A manager fired the worker.
t2. An employee was terminated from work by his boss.
have no common words, but they are semantically similar. In examples below, the semantic similarity is
expressed by the value of 0 to 1, with 1 representing the highest similarity.
3.1 Twinword's API
At https://www.twinword.com/api/text-similarity.php there is the following description: “This API was used
in creating the first semantic keyword research tool that can sort by relevance. Keyword research involves
skimming through long lists of keywords to find the most relevant ones. This API makes keyword research
quicker by auto sorting each keyword in the list by its similarity to a user-specified topic”. Beside this API,
one can use ADW (http://lcl.uniroma1.it/adw/) which is defined as “A WordNet-based approach for
measuring semantic similarity of arbitrary pairs of lexical items, from word senses to full texts. (For more
details about ADW, and semantic similarity of arbitrary texts, see [12].)
Example 2. After applying Twinword's API to T(L2,L4) and T(L3, L4), from example 1, we get:
The similarity is: 0.90909090909091
We call the obtained value Match Coefficient (MC).
There are a number of questions regarding the MC, but two are particularly interesting:
Does the match coefficient depend on:
- the size of the text to be translated?
and
- the languages to be translated?
We will try to answer these questions posed through two experiments using Google translator.
Experiment 1. Using Google trannslator,we translate the texts of various sizes (sentence, paragraph,
section) and calculate the MC. For the sourse text we will use a scientific paper origially written in French
and translate it into German (L2) and Russian (L3). The target language L4 is English. The following results
are obtained:
Text-item
Sentence
Paragraph
Section

MC
0.60236097577097
0.71915860933008
0.84274873549851

Based on the above data and a series of additional experiments, we can conclude that the size of text does
not significantly affect our match coefficient.
Experiment 2. We will translate the same text from Serbian into French and German, and select English as
the target language. When using Google translate we get MC=0.98. After that, we translate the same source
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text into Japanese and Hindi (choosing these languages because they are substantially different from
European langages). We select English as the target language and (unexpectedly) get an MC = 0.98. A
similar result is obtained if the target languages are German or Finnish. (For these languages the final
translation should be done to English to correctly calculate MC.) From these experiments it can be
concluded that Google Translate is well suited to translate various languages and that the choice of language
does not significantly affect the MC.
4. Comparison of machine translators
Various translators are available on the internet (see: https://rapidapi.com/collection/translation-apis ). But
what is the quality of their translations? In many papers ([14],[15],[16], [17],...) the properties of the
translators are measured by the quality of the translations received. The paper [14] refers to metamorphic
testing, i.e. examines the relations between the inputs and outputs of multiple executions of a program under
going testing. In particular, round-trip translation (RTT) is considered. This approach can be compared with
our MBMT model. A lot of scientific papers are concerned with measuring the performance of natural
language translation (see [18], [19], [20]) based on metrics which take into account linguistic and entailment
features of texts. We will not engage in linguistic analysis, or analyze any other features of the texts with
which we operate.
5. Applications based on the MBMT model
The MBMT model can be used for a variety of applcatons, most notably machine translation testing. Here
we will present cases using simple written text (for example, from a daily newspaper) for testing. It is
possible to create particular text based on the weaknesses of Google translation
(http://mentalfloss.com/article/48795/ 9-little-translation-mistakes-caused-big-problems), but the test results
would not be fair.
5.1 Comparison of Google and Microsoft translators
The MBMT model can be used for the comparison of two translators. The Fully Automated Machine
Translation is used in all examples. We use the same source text and the same languages L1, L2, L3 and L4
for two translators. We treat machine translators as "black boxes", taking care only of input to output and not
interfering with their implementation. We label machine translators with Mt1 and Mt2. Then, we calculate a
match coefficient for both translators. We assume that a higher quality translation is provided by the
translator whose matching coefficient is higher.
Example 3. Compaing the translation quality of Google and Microsoft translators
(https://translate.google.com/ and https://www.bing.com/translator). We will use the same original text for
both translators. It is french text (from the Figaro newspaper): “PORTRAIT - Cette femme de ménage
espagnole a fait l’unanimité au Parlement, qui l’a félicitée pour son minutieux travail de nettoyage en pleine
crise du coronavirus.“
We choose: L2 = Russian, L3 = Arabic and L4 = English. After computing the match coefficients, we get:
MC (Google translator) = 0.81826000325802,
MC (Microsoft translator) = 0.7191586093300
We conclude that, in this case, better translation is provided by Google translator.
5.2. Comparison of translators of different languages
The MBMT model can be used to compare translations obtained with a single translator for two or more
languages. Assuming L4 is different from L1, we will translate the obtained translations T (L2, L4) and
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T(L3, L4) into L1 (denoting the obtained translations by T (L2, L1) and T (L3, L1)) and comparing with T
(L1). If MC for T (L1) and T (L2, L1) is larger than MC for T (L1) and T (L3, L1), then the translator for L2
has been more efectively implemented and vice versa.
Example 4. Let: L1 = English, L2 = German, L3 = Arabic and L4 = Russian. We use Google translation and
select, as the original text T (L1), the beginning of the abstract from [13]:
„This study aims to examine the efficiency of Google translation in translating verb tense from English to
Persian, the acceptable translation of Google translation, and the areas of possible errors in the Google
translation. To this end, Google translated four passages of Oliver Twist.“
and we make conversions using Google translators. T (L2, L1) is the following:
„The aim of this study is to study the effectiveness of Google translation in translating a verb form from
English to Persian, an acceptable translation of Google translation, and areas of possible errors in Google
translation. To do this, Google translated four passages of Oliver Twist.”
T (L3, L1) is the following:
„The purpose of this study is to study the effectiveness of Google Translate in translating verbs from English
to Persian, an acceptable translation of Google Translate, and possible areas of error in Google Translate. To
do this, Google translated four sections of Oliver Twist.“
Comparing T (L1) and T ((L2, L1), we obtain MC = 0.79950183042521
Comparing T (L1) and T ((L3, L1), we obtain MC = 0.71579765513794
Based on the coefficients obtained, we conclude that the German translator has been more effective
compared to the Arabic translator.
5.3. Comparison of translation quality for two translators
We can compare the two translators using the following. We translate the original text T (L1) using the
translator Tr1 into T1(L2), then to T1(L2, L3) and finally to the original language T1(L1). We do the same
with the translator Tr2 and form T2(L2), T2(L2, L3) and T2(L1). Preceding T1(L1) with T(L1), i.e. T2(L1)
with T (L1), we can see which translation is more effective.
Example 5. Let L1 = English, L2 = German and L3 = Russian. If we use Google translator, then we can use
the data from Example 4, so we have T1 (L1) = T (L2, L1) and MC = 0.79950183042521. When translating
with Microsoft translator, we get T2(L1): “This study aims to study the effectiveness of Google's translation
of verbs from English to Persian, acceptable translation of Google translation, and areas of possible errors in
Google translation. To that end, Google translated four excerpts of Oliver Twist.” Computing MC for
T2(L1) and T(L1), we get 0.6894527367428. We see that the MC for Google Translate is higher, so we can
conclude that the translation obtained with this translator is of better quality.
5.4. Changing the meaning of text when translating multiple times
The general MBMT model can be used to test how much information is lost when translating a text multiple
times. It is necessary to translate the text T (L1) and get T (L2n-1, L2n) and T (L2n-2, L2n). For the resulting
texts, we can calculate the MC on the basis of which we can conclude whether the loss of information is
significant.
Example 6. Let L1 = Serbian and T (L1):
Eкипа астронаута која за неколико месеци треба да полети ка Међународној свемирској станици,
наредног месеца ће прескочити церемоније које је одржавала пред сваки лет због пандемије вируса
корона. Астронаути неће обићи Кремљ у којем се налази пепео Јурија Гагарина, нити ће обићи
његову канцеларију у којој је све остало нетакнуто од 1968. године и дана када је погинуо у
авионској несрећи.
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Let L2 = German, L4 = Greek, L6 = Japanese
L3 = Spanish, L5 = Finnish, L7 = Arabic
The target language L8 is English. Using Google translator, we can determine T (L6, L8):
A team of astronauts planning to fly to the International Space Station within a few months will miss a
ceremony held before next month due to a coronary pandemic. Astronauts do not visit the remains of the
Kremlin or Yurigagarin or visit his office, where everything remains intact from 1968 until the day of his
death when the plane crashed.
Text T (L7, L8) reads as follows:
A group of astronauts who are due to fly to the International Space Station within a few months will skip the
celebrations that take place before each subsequent flight due to coronary heart disease. Astronauts do not
visit the Kremlin, which has the ashes of Yuri Gagarin, nor visit its office, since everything has remained the
same since 1968 and the day he died in a plane crash.
The MC for T (L6, L8) and T (L7, L8) is: 0.80893227471252.
One can conclude that the difference between the final translations that are received is about 20%.
It is interesting to compare the original text with the translations obtained. First, we translate the original text
into English and get: T(L1,L8). MC for T(L6,L8) and T(L1,L8) is: 0.95791694330199. MC for T(L7,L8)
and T(L1,L8) is: 0.79776351845644. Therefore, a better result was obtained by translating Serbian T(L1)
using the German, Greek, Japanese and English sequence, when compared to Spanish, Finnish, Arabic and
English sequence.
5. Conclusion and further work
We have described here an MBMT model designed to test the natural language translators' performance as
well as the quality of the translations obtained. The key factor in the comparison of the two texts is the
matching coefficient obtained by calculating the semantic similarity of the texts. We utilized Fully
Automated Machine Translation, operating with arbitrarily written text. We treated the translators as "black
boxes" without considering how they were designed. A more precise determination of the performance of
translators can be made by analyzing their structure and mode of operation. In future work, we should also
consider Human Aided Machine Translation, as well as the more widely used text for testing (withimages,
structural data, etc.).
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