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Abstract. Due to the increasing integration of machine translation (MT) work-

flows in the day-to-day operations of many LSPs around the world, the raw 

output quality is becoming one of the key elements to be considered during 

translation and localization tasks, as it has a direct influence on turn-around 

times and overall costs. One of the key factors in the use of machine translation 

quality estimation (MTQE) tools will be the possibility to create readable re-

ports for all stakeholders within the localization workflow. In the following, a 

preliminary work on the analysis of MTQE scores and on the creation of such a 

report by comparing them with fuzzy match percentages from CAT tools will 

be illustrated. 
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1 Introduction 

In today’s machine translation (MT) workflows, the quality of the MT raw output is 

usually evaluated after a post-editing (PE) step to be carried out by a linguist or bilin-

gual professional. The MT is compared to the version of the text that has been re-

viewed and corrected by a human and different quality metrics and comparison meth-

ods can be used to evaluate how good the original translation was. Typical such met-

rics include, for instance, BLEU scores [5], TER [8], chrF++ [7], etc. All these evalu-

ation methods rely on a human reference and are therefore necessarily carried out at 

the end of the translation process, after PE. 

MT evaluation is essential to monitor the MT engines’ performance and to manage 

any retrain and/or finetuning steps on the models.  

Contrary to MT evaluation, machine translation quality estimation (MTQE) models 

give an automatic estimate of the quality of the MT raw output without relying on 

human reference texts and may, therefore, be deployed at the beginning of the process 

for a better overview of costs, turn-around times, PE effort, and/or to determine which 

MT engine is better suited for the content at hand. 

Depending on the single use cases, different kind of metrics can be used as the 

MTQE models’ output, and they can be displayed in different ways to the end user 

based on each case’s needs. 
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One popular such method of displaying the result consists in showing the MTQE 

analysis results to the post editors with a “traffic light” coding [1, 6, 10] representing 

a binary indication of the estimated quality of the MT raw output. The linguist in this 

case is given an indication such as: 

- Good/green: the MT output can be used for post-editing according to the au-

tomatic estimation as it requires little to no changes;

- Bad/red: the MT suggestion should be discarded as a human translation from

scratch would require less time/effort.

Béchara et al. [1] based their traffic light system on fuzzy match scores as “transla-

tors are more used to working with TM leveraging and fuzzy matches” and used a 

75% quality threshold to predict the good/bad evaluation. In their study, however, 

fuzzy match percentages are not shown to the post-editors who are then provided with 

the quality estimation by means of color codes. 

It is worth mentioning that previous testing in user settings has shown contradict-

ing results on the usefulness of displaying MTQE scores to post-editors [1, 6, 9, 10], 

the interest for MTQE is still rising there have been suggestions for the fact that MT 

confidence score may be useful during translation and localization workflows and 

Moorkens et al. report that most post-editors who took part in their survey would also 

like “to be presented with confidence scores for each target text segment from the MT 

engine.” [3]. 

In the following sections, the possibility will be discussed to find a correspondence 

between fuzzy match percentages and TER scores resulting from MTQE, with the aim 

of finding an alternative way to present MTQE results to end-users. The analysis is 

still ongoing, and this paper will present only preliminary considerations on the mat-

ter. 

2 MTQE Tool 

The tool presented in the following sections is part of a machine translation quality 

assessment (MTQA) product developed to be used in production [4]. 

The MTQA application was designed as a standalone tool including MT quality 

evaluation metrics and MTQE models to be used by non-programmers in a localiza-

tion workflow. 

2.1 Standalone MTQA Tool 

The MTQA tool was developed as a standalone application so it could address the 

need for flexibility required for typical localization and translation workflows within 

language service providers (LSPs), where the MTQA tool will need to be integrated 

with other existing applications using different file standards. 

It is nowadays not uncommon for LSPs to deploy different computer-assisted 

(CAT) tools during their workflows and even different MT engines, either trained on 

specific domains or generic engines. Such MT models may as well be supplied by 

different providers depending on language combinations, price, trainability, and other 

factors. 
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A standalone tool would allow users to obtain an MTQE analysis of any job re-

gardless of the different systems used to manage the files. 

2.2 MTQE Model 

The results taken into consideration for this paper come from an MTQE model based 

on Google’s BERT [2] and trained with proprietary industry data consisting of a 

source text in English, the MT raw output in Italian and a post-edited version, in the 

technical domain. The labelling for the training consisted of the TER scores between 

the MT and the PE at a sentence-by-sentence level. 

The model provides a hypothesis on how many changes are needed to change the 

MT output into the closest possible correct version. 

The results of the MTQE are presented to the end user in a .csv file by providing an 

estimation of the edit distance for each sentence in the analysed MT raw output text.  

Fig. 1 Example of a .csv file with sentence-by-sentence estimation scores. 

2.3 Interpretation of Results 

For the tool to be usable in a production setting, the aforementioned list of sentence-

by-sentence numbers needs to be easily readable by people working in difference 

capacities within an LSP or localization department. On the one hand, project manag-

ers will need a quick overview of the MT quality to manage costs and time. On the 

other hand, linguists should be able to read the results to decide whether to discard the 

MT output as the quality will be too low or to use it as a starting point for PE, and, in 

the latter case, to gauge the necessary effort for each segment. 

The approach chosen to create a readable report for project managers and linguists 

was to compare the MTQE results for each sentence to a hypothetical fuzzy band 

match between the MT raw output and the post-edited version. 

Fuzzy Matches Scores. To create the fuzzy match scores for each sentence, mock 

projects are set up on common commercial computer-assisted translation (CAT) tools. 

Translation memories (TMs) are created ad-hoc, in which the MT raw output is used 

as source and the text in the source language as target. When the mock project is cre-

ated, the post-edited version is used as source text and a TM match batch task is 

launched using the lowest possible pretranslation threshold. 

This will create a pretranslated bilingual file containing fuzzy match percentages 

calculated between the two Italian versions (MT and PE). 
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It is important to take into consideration that fuzzy match percentages of the same 

sentence do not necessarily correspond from one CAT to another. In fact, in a sample 

text containing 9254 words and 528 segments, 70% of the segments did not receive 

the same scoring, and 55% of the total number of segments would not be categorized 

in the same fuzzy match band in a common CAT fuzzy analysis, either. 

Table 1. Analysis of an example text by two common commercial CAT tools. The fuzzy 

matches scores are calculated by comparing raw MT with its post-edited version. 

CAT 1 CAT 2 

Word count Words % Word count Words % 

100% 1037 11% 1111 12% 

95%-99% 377 4% 2061 22% 

85%-94% 2410 26% 4057 44% 

75%-84% 2825 31% 1336 14% 

50%-74% 2270 25% 657 7% 

New 335 4% 32 0% 

Total 9254 9254 

Skewed Results. During the analysis it was clear that the distribution of both the 

fuzzy match percentages and of the MTQE scores was strongly skewed, showing a 

majority of good to very good quality segments, either with very low TER scores 

from MTQE or with very high fuzzy indication. 

This may show that the training data used to create the model were themselves bi-

ased, the MT raw output used to create the TER labels being of too high quality and 

not containing enough low-quality segments for the engine to learn correctly. 
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Fig. 2 Distribution graphs for (a) fuzzy matches from CAT1, (b) fuzzy matches from 

CAT2, and (c) MTQE scores (expressed in TER, where the lower the score, the less 

changes should be applied and therefore the higher the quality).  

MTQE-Fuzzy Matching. The matching process to create an MTQE analysis to be 

used in production is still on-going. 

The skewed distribution of the CAT fuzzy match percentages has a direct influ-

ence on the availability of segments in the lower bands to be compared with the 

MTQE scores, thus slowing down the mapping of a possible QE analysis. 

3 Conclusions and Future Work 

The one presented above is only one of the possible approaches both for the creation 

of an MTQE tool and for the development of user-readable quality reports. 

Future work for the continuation of the analysis described above includes the re-

training of the models with more symmetrical data and the use of comparison texts 

containing a higher number of fuzzies within the lower bands (50%-74% and 0%-

49%). 

Though clarity in the interpretation of results from MTQE models will be a key 

factor in the uptake of such tools, there can be numerous approaches to obtaining it, 

only one of which has been presented herein, which may be useful for some use-cases 

and not applicable for others. 
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