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Abstract. This study assesses, automatically and manually, the performance of 

two hybrid machine translation (HMT) systems, via a text corpus of questions in 

the Spanish and English languages. The results show that human evaluation met-

rics are more reliable when evaluating HMT performance. Further, there is evi-

dence that MT can streamline the translation process for specific types of texts, 

such as questions; however, it does not yet rival the quality of human translations, 

to which post-editing is key in this process. 

Keywords: Hybrid Machine Translation, automatic evaluation, human evalua-

tion, post-editing,  

1 Introduction  

Access to information is increasingly global, which brings with it the growth in a non-

English speaking public and, as such, a demand for tools that allow users to access this 

information. Faced with this scenario, when assessing an IR (Information Retrieval) 

system we find, among a number of key aspects, its capacity for enabling users to find 

a corpus of documents in different languages, and provide the relevant information de-

spite limitations of linguistic competence [1]. 

So-called CLIR (Cross Language Information Retrieval) systems retrieve relevant 

documents without affording importance to the language of the query [2]. The fact that 

these systems involve the participation of at least two languages makes it necessary to 

apply a translation tool. Machine Translation (MT) is one of the most utilised tools by 

https://doi.org/10.1007/978-3-319-77703-0_26
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these systems to carry out translative processes [3–6]. Nevertheless, the majority of 

researchers agree that MT systems are not developed enough to overcome the barriers 

that language poses in CLIR systems [5].  

At present, ever more search applications have been focusing on queries formulated 

in natural language [7]. It is therefore interesting to analyse MT performance regarding 

the translation of questions made in natural language, from the perspective of its poten-

tial as a CLIR tool. 

The translation market can be classified as global, decentralised, specialised, dy-

namic, virtual and demanding [8]. The incorporation of information and communica-

tion technologies has been pivotal for the development of new tools to help profession-

als in this field. This is the case for MT systems, which can be integrated together with 

other resources to carry out the translation process more quickly and efficiently  [9, 10]. 

Although MT does not boast the level of excellence of human translations [9, 11], it is 

useful in the development of this process.  

Globalisation and companies’ intentions to expand towards international markets 

has meant an increase in MT use, as in many cases it is impossible to satisfy translation 

demand while also seeking to reduce costs as far as possible [12]. Another factor having 

an impact on this field are expectations regarding demands for quality; on occasions it 

is enough for a general idea about the content to satisfy the needs of the client [11]. All 

of these changes have made post-editing—the revision process for a text that has been 

previously translated by an MT system—increasingly important. This process is carried 

out to correct possible errors, adjusting itself to quality criteria and making the least 

edits possible [10]. 

Furthermore, measuring the performance of an MT system is essential to be able to 

progress in its research, development and improvement. However, assessing the MT 

can present difficulties as in the majority of cases there is not just one correct translation 

[13, 14]. This is why there are a number of metrics and criteria for undertaking the 

evaluation of MT systems.  

The main objective of this study is the evaluation, both automatic and manual, of the 

performance of two hybrid machine translation systems (HMT) via a corpus of ques-

tions used for IR system evaluation. This process will allow us, as well as taking a 

closer look at new trends in MT and IR, to assess whether the automatic evaluation 

metrics are sufficient to determine the quality of an MT system or whether, on the con-

trary, it is necessary to combine these metrics with human evaluation to obtain more 

reliable results. 

1.1 New trends in Machine Translation 

Given the continuous evolution of technology, MT can be understood from different 

perspectives. One of these perspectives emphasises the complete or partial automatiza-

tion of the translation of one natural language to another [15, 16]. One of the current 

trends in MT is the combination of different types of methods, giving rise to hybrid 

technologies [17, 18]. These new systems combine the advantages of two different ap-

proaches: rule-based MT and statistical or analogy-based MT. Thus, there is an attempt 

at solving problems detected in these types of technologies to produce translations with 
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greater accuracy and quality [19, 20]. Hybridization can be carried out via a single en-

gine—Single-Engine Hybridization (SEH)—or various—Multi-Engine Hybridization 

(MEH)[21].   

1.2 Evaluation of machine translation 

The combination of various metrics that evaluate different aspects can lead us to more 

reliable results. There are two main types of MT evaluation: human and automatic. 

Human evaluation, undertaken by experts, is more reliable, but more expensive, re-

quires more time and is more subjective. Human evaluation revolves around the cate-

gories of fluency and adequacy [22]. 

The metrics requiring human intervention include SSER (Subjective Sentence Er-

ror Rate), where each segment is evaluated according to an error scale between 0 and 

10, taking into account both adequacy and fluency [23]. In this case, being translations 

of short questions, a scale between 0 and 3 was employed to simplify the manual 

evaluation process. 

0: unintelligible 

1: comprehension difficult (serious syntax and/or content errors) 

2: comprehension acceptable (minor syntax and/or content errors) 

3: correct both in terms of syntax and semantics 

On the other hand, machine evaluation reduces both costs and time necessary to 

carry out the evaluation, with just an algorithm being necessary for it to work, which 

guarantees objectivity [13]. However, the values obtained with this type of evaluation 

are artificial and a high value does not necessarily imply the quality of a translation 

[22].  

In general, the metric most used for evaluating MT quality is BLEU [24]. Notwith-

standing, it is criticised due to the difficulty in interpreting its results, and for not 

measuring the quality of translations, rather their similarity with reference translations 

[25–27]. To attempt to obtain the most reliable results possible, seven more metrics 

are applied, in addition to BLEU 

BLEU (Bilingual Evaluation Understudy). BLEU is a precision metric carried out at 

the level of n-grams, indivisible linguistic units. A modified precision is used that takes 

into account the maximum number of appearances of each n-gram in the reference 

translation, and a brevity penalty is applied, which is added to the calculation of the 

metric [28]. 

 𝐵𝐿𝐸𝑈 = 𝐵𝑃 ∙ exp(∑ 𝑊𝑛 log 𝑝𝑛
𝑁
𝑛=1 ) 

 (1) 

GTM (General Text Matcher). GTM calculates the precision, exhaustiveness and 

f-measure measure, based on the maximum number of unigrams that coincide. This 

metric favours coincidences that are longer and in the correct order, as it assigns them 

a greater weighting in the calculation of the metric parameters [29]. GTM has variants 
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that depend on the weighting it assigns to the longest coincidences. The GTM-3 variant 

has been selected for this study. 

METEOR (Metric for Evaluation of Translation with Explicit ORdering). 

METEOR is based on the word-for-word correspondence between the MT generated 

translation and one or more reference translations. Correspondence is not just made 

between identical words, but also words with the same root and synonyms, for which 

it employs different modules. The METEOR-ex variant has been used for this study, 

with machine assessment carried out, initially employing the exact module, which as-

sociates two unigrams if they are exactly the same[30]. 

 𝑀𝐸𝑇𝐸𝑂𝑅 = 𝐹𝑚𝑒𝑎𝑛 ∗ (1 − 𝑃𝑒𝑛𝑎𝑙𝑡𝑦)  (2) 

ROUGE (Recall Oriented Understudy for Gisting Evaluation). A metric very sim-

ilar to GTM and METEOR, as it is also based on precision, exhaustiveness and, to an 

extent, symmetry, for MT evaluation [31]. ROUGE, however, does not apply the brev-

ity penalty. In this case, the variant ROUGE-L has been selected to carry out this in-

vestigation, which takes into account the length of the longest sequences which coin-

cide between the candidate translation and the reference translation, to undertake the 

evaluation [13, 32]. 

WER (Word Error Rate). WER is based on the Levenhstein distance, or editing dis-

tance. This metric does not admit the reordering of word and so substitutions, elimina-

tions and insertions incur the same penalty. The number of editing operations are di-

vided between the number of words from the reference translation [14, 33].  

 𝑊𝐸𝑅 (𝑝) =  
1

𝑁𝑟𝑒𝑓
∗ ∑ min

𝑟
𝑑𝐿

𝐾

𝑘=1
 (𝑟𝑒𝑓𝑘,𝑟 , ℎ𝑦𝑝𝑘)  (3) 

PER (Position-independent word error rate). PER attempts to solve the problem 

created by WER, by not allowing word reordering. This metric compares the words in 

the two sentences without taking order into consideration [14, 33]. 

 𝑃𝐸𝑅 (𝑝) =  
1

𝑁𝑟𝑒𝑓
∗ ∑ min

𝑟
𝑑𝑃𝐸𝑅

𝐾

𝑘=1
 (𝑟𝑒𝑓𝑘,𝑟 , ℎ𝑦𝑝𝑘)  (4) 

TER (Translation Error Rate). TER counts the number of edits required for an MT 

generated translation to coincide with a reference translation. This metric allows the 

reordering of words and furthermore considers it as one more edit together with inser-

tions, eliminations and replacements [14]. 

 𝑇𝐸𝑅 =  
# 𝑜𝑓 𝑒𝑑𝑖𝑡𝑠

𝑎𝑣𝑒𝑟𝑎𝑔𝑒 # 𝑜𝑓 𝑟𝑒𝑓𝑒𝑟𝑒𝑛𝑐𝑒 𝑤𝑜𝑟𝑑𝑠
  (5) 
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2 Methodology 

To respond to the objectives of the investigation, the machine translators used in the 

study had to be free of charge, have Spanish and English amongst the available lan-

guages, and apply hybrid technology. Systran and ProMT were the only HMTs to fulfil 

all of the established requirements. In 2009, Systran launched the first hybrid MT motor 

onto the market. For its part, ProMT, like Systran, began as a rule-based system, but in 

recent years the company has created an HMT system through the incorporation of 

statistical techniques [34]. 

The text corpus used is comprised of a collection of evaluation questions proposed 

by the CLEF (Cross Language Evaluation Forum). These collections are used on this 

type of forum to carry out the evaluation of techniques and IR systems, allowing com-

parative studies to be performed [3, 35–44]. In order to carry out the study presented 

here we used two collections of questions on European legislation from the ResPu-

bliQA track (2009 and 2010), related to the Europarl corpus, which includes the 

minutes of the European Parliament in a number of languages [45]. The collection of 

questions is available in various languages and they have been translated by human 

translators. The corpus, comprised of a sample of 100 questions, was translated from 

English (EN) into Spanish (ES), and from Spanish into English, both with ProMT and 

Systran. This gave the result of a total of 400 translations—200 EN-ES and 200 ES-

EN. Later, the translations were evaluated both automatically and manually. The auto-

matic evaluation was carried out with ASIYA1, a tool developed by the Polytechnic 

University of Catalonia, which allows machine generated translations to be assessed.  

Firstly, an evaluation was made of each question translated by Systran and ProMT 

individually, both EN-ES and ES-EN. Given that the corpus questions are translated 

into various languages by human translators, it was possible to employ them as refer-

ence translations when comparing translations generated by machine translators. The 

metrics employed for automatic evaluation were the aforementioned—BLEU, 

METEOR-ex, ROUGE-L, TER, WER, PER and GTM-3. The manual evaluation was 

undertaken based on the criteria determined by the SSER metric. 

3 Results 

3.1 Automatic evaluation 

The results obtained by both MT systems following evaluation with ASIYA are quite 

similar (Fig.1 and Fig. 2). ProMT is the machine translator that gives the best results 

both when translating from English to Spanish and vice-versa. 

 
1  Available at http://asiya.cs.upc.edu/ (Last visit 05/01/2018) 

http://asiya.cs.upc.edu/
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Fig. 1. BLEU, GTM-3, METEOR-ex and ROUGE-L average results 

 

Fig. 2. WER, PER and TER average results. 

Basing ourselves on the results obtained following the automatic evaluation, if we an-

alyse the values obtained by both translators as a whole, it could be stated that the gen-

eral performance of both translators is not adequate for producing quality translations 

(Table 1). Save for the values of ROUGE-L and PER, none of the values exceeds half 

of the maximum value of each metric. 

Table 1. General performance of both MT systems 

Metrics Total average Maximum value 

BLEU 0.28 1 

GTM-3 0.35 1 

WER -0.54 0 

PER -0.43 0 

METEOR-ex 0.35 1 

ROUGE-L 0.60 1 

TER -0.50 0 
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3.2 Manual evaluation 

ProMT is a machine translator that obtains better results with manual evaluation (Fig. 

3), especially when translating ES-EN: nearly half of the translations generated (49%) 

only contain minor errors relating to content or syntax. 

On the other hand, Systran performs the poorest with ES-EN translation: over a third 

of the translations generated are unintelligible (38%). 

For the general performance of both machine translators, translations with an ac-

ceptable comprehension stand out (39%), which show minor syntax or content errors; 

therefore, these phrases would be quick and simply to post-edit. In second place 

(23.5%) are those translations that can be understood, but with great difficulty, due to 

presenting serious grammar or content errors. These translations could be post-edited 

but would require more time and effort. The next group is that of unintelligible transla-

tions (22.25%); it is not worth post-editing these translations, as this would take longer 

than human translation. Correct translations in terms of syntax and semantics, that is, 

those which would not need post-editing, is the least numerous group; despite this, it 

can be considered as an acceptable result, given that 15% of translations would not 

require human intervention. 

Fig. 3. Results of the manual evaluation. 

4 Conclusions 

The analysis carried out allows us to verify that automatic evaluation in the majority of 

cases is insufficient for assessing MT performance. It is always recommendable to also 

carry out human evaluation as it may better determine translation quality. Notwith-

standing, it is important to define the criteria with which human evaluation must be 

implemented in order for it to be as accurate as possible, always taking into account 

that it will have a subjective component. 
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The carrying out of both human and automatic evaluation of the HMTs Systran and 

ProMt has allowed us to confirm that, although automatic evaluation seemed not to 

perform well following the analysis of the results, after the human evaluation it has 

been observed that the performance was better than that indicated by the automatic 

evaluation metrics, as approximately 15% of the translations were correct in both se-

mantics and syntax, and around 40% of the translations only had minor errors, to which 

little time needs to be employed on their post-editing.  
In this case, MT has accelerated the process for the translation of a corpus of 400 

short questions created for their input into IR systems. As we have seen, MT, although 

not reaching the quality of human translation, can be employed for time-saving pur-

poses, above all when it involves a large volume of short translations that are not too 

difficult. However, MT cannot be appropriate for other types of longer or more complex 

texts. Even if MT can aid the translation process, we must not forget that machine trans-

lators are not yet capable of matching the quality of human translations, to which post-

editing is becoming a new stage in the translation process. 

Acknowledgements. This work was supported by the University of Granada Special 
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