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Abstract

This study examines the human evaluation of machine translation (MT) systems, with particular emphasis
on its significance in the contemporary era of neural machine translation. The evaluation employed a scalar
quality metric comprising 11 distinct parameters, each rated on a scale from 0 to 4. Three MT engines—
Google Translate, Bing Translator, and Anuvad MT Engine—were assessed using this framework. Human
evaluators systematically analyzed translations across all parameters and documented recurring error
patterns specific to each engine. Among the systems evaluated, the Anuvad MT Engine demonstrated
superior performance in terms of overall translation quality.
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1. Introduction

In a world where technology and automation continue to grow, human evaluation remains
essential across various fields. Despite the rise of machine learning, artificial intelligence, and
automated systems, it is human evaluation that is crucial for assessing subtle aspects such as
context, relevance, ethical considerations, cultural sensitivity, and user satisfaction through the
insights of human experts, which automated metrics might miss. Therefore, human evaluation
involves involving humans or experts to analyse the outputs of machine learning models to
measure their performance, usability, accuracy, and relevance in real-world situations. It addresses
the limitations of automated metrics, ensuring not only accuracy but also outputs that are
contextually appropriate and ethically sound. It helps to address and reduce biases, promote
fairness and reliability, and provides human feedback that refines models to better meet user
needs, thereby enhancing overall user engagement and satisfaction.

To adapt to the continuous flow of new data and emerging issues, machine learning models
undergo ongoing evaluation and refinement, reflecting the perpetual human evaluation process.
Some challenges faced by human evaluators include the influence of their own perspectives and
experiences, which can lead to inconsistent assessments where the same output might be judged
differently by different evaluators, thereby affecting reliability. This process is often labour-
intensive and time-consuming, especially when dealing with large datasets or models requiring
frequent updates. It can also be less cost-effective and may demand specialised knowledge or
expertise in specific domains, which may not always be available, thus limiting its effectiveness
and accuracy. Despite these challenges, human evaluation remains a vital component in ensuring
that models are developed and deployed to meet real-world needs. By providing technically
sound, accurate, fair, and contextual judgement-based, user-centric outputs, human evaluators
help create machine learning systems that are trustworthy, effective, and capable of making
meaningful societal contributions. Therefore, human evaluation continues to be a cornerstone of
decision-making in a technology-driven world. While automated systems offer scalability and
efficiency, human evaluators provide essential depth of understanding, ethical judgment, and
contextual awareness to ensure these systems' effectiveness.

2. Literature Survey

Bojic et al. (2023) proposed a scale-based evaluation scoring system and its application to a
specific NLP system, thereby identifying gaps in existing methodologies. Mathewson & Pilarski
(2022) designed and evaluated Human-Centred Interactive Machine Learning (IML) through
decision-making processes initiated by humans to mitigate risks and ensure integrity,
accountability, and reliability in system development. Human evaluation in ML systems could
potentially be replaced by large language models (LLMs), as they are capable of providing
consistent and reliable assessments of text quality, as suggested by Chiang & Lee (2023) in their
research. LLMs are mainly used to evaluate texts, and their responses align with those of expert
human evaluators.

For the consistent human evaluation of machine translation systems across various language pairs,
focusing on semantic equivalence, the paper by Licht et al. (2022) introduces a new scoring metric
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XSTS and a cross-lingual calibration method that enhance assessment across language pairs. It
demonstrates the effectiveness of XSTS in large-scale evaluation studies. Research conducted by
Freitag et al. (2021) highlights the importance of context and error analysis to prevent erroneous
conclusions in evaluating system performance. With the use of explicit error analysis and a
Multidimensional Quality Metrics (MQM) framework, desired results were achieved.

Rusinovich et al (2024) research focuses on integrating Artificial Intelligence (Al) with Machine
Learning (ML) in healthcare and clinical settings to enhance patient outcomes and streamline
healthcare processes. This approach considers user experience, patient engagement, and the
ethical implications of deploying Al techniques in the healthcare sector, while also addressing data
privacy concerns and emphasising the importance of interdisciplinary collaboration.

Human evaluation in ML systems plays a vital role in interpretability and feedback incorporation,
as proposed by Kumar & Sharma (2022) in their research on human feedback adaptive learning
using interpretable and interactive intelligent systems. The paper focuses on the principles,
guidelines, metrics, and adaptive learning algorithms to design and provide human feedback
interactive ML systems with conflict resolution. According to Van Der Lee et al. (2021), human
evaluation in ML systems assesses automatically generated texts, highlighting the importance of
human judgment in evaluating text quality. The paper by Kadam & Vaidya (2021) evaluated the
cognitive aspects of machine learning agents, focusing on human-like evaluation methods for
assessing their performance and decision-making processes. By analysing human-like cognitive
processes in Al systems, one finds the positive impact of autonomy and the negative impact of
rewards on intrinsic motivation. Issac et al. (2019) highlighted human evaluation in ML systems by
focusing on understanding the factors that make models interpretable. Human-subject
experiments were conducted to assess model interpretability, concluding that variable repetitions
have relatively less effect on interpretability, while the number of cognitive chunks and model size
significantly influence it. A framework was formulated by Hannah et al. (2022) for human
evaluation by understanding cognitive differences and matching trials between human
participants and algorithm evaluations. This paper demonstrates the utility of designing human
performance evaluations for one-shot learning.

Nadia et al (2018) discussed the challenges of evaluating interactive machine learning systems,
which learn from and adapt to humans while also receiving feedback. To study the system’s
behaviour and utility, combining algorithm-centred analysis and human-centred evaluation was
suggested. To support both visible and hidden roles in interactive machine learning, the authors
emphasised the importance of human-Al interaction methodologies for employing an interactive
evolutionary approach for guided search.

3. Human Evaluation Methodology
3.1 Machine Translation Engines Used

In our study, we evaluated three Machine Translation (MT) engines—Google Translate, Bing
Translator, and Anuvaad—uwhich are distinguished by their target language coverage, underlying
technological frameworks, and intended user applications. While automated evaluation metrics
offer objective and scalable ways to compare, human evaluation provides a more nuanced
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understanding of translation quality. It captures subtleties such as contextual appropriateness,
cultural sensitivity, and idiomatic accuracy—dimensions often overlooked by algorithmic scoring
systems. Therefore, integrating human judgment is essential for a comprehensive assessment of
MT system performance.

3.2 Machine Translation Engines Used

The dataset of 1024 sentences was considered, and translations were carried out for each platform
based on different MT engines. Once we obtained the translated sentences from Hindi to English,
the human evaluation process was implemented. Using the 11 parameters (as seen in Table 1)
proposed in this research, 1024 translated sentences were assessed. Additionally, ranks were
assigned to each sentence based on the HEval (Human Evaluation Metric) Scale, with certain ranks
given between 0 and 4 (as seen in Table 2). After ranking each translation from the various MT
engines, a comparison was made between the results of the earlier experiments to reach a final
conclusion.

Based on the parameters of Table 1, the evaluators or experts assign a ranking to each translated
sentence according to the proposed HEval-Scale, as shown in Table 2. After each sentence is
ranked based on the 11 parameters in table 1, an average is calculated for each sentence across
each MT engine platform, enabling a comparison among the three proposed MT engines.

S.No Parameter Description
1. Gender and Number of the Noun(s) Change of gender in the translated sentence and the
number of nouns.
2. Proper Noun(s) Proper noun of source sentence not identified as a
proper noun in target sentence.
3. Use of Adjectives and Adverbs Incorrect use of adjectives and adverbs
corresponding to the Nouns and Verbs.
4, Proper words/Synonym (Lexical Choice) Source text left untranslated or improper translation
of words.
5. Sequence of Phrases and Clauses Incorrect translation of phrases and clauses in the
target sentence or its misarrangement.
6. Punctuation Marks Incorrect punctuation.
7. Tenses Use of incorrect tense in the target sentence.
8. Voice Use of incorrect voices in the target sentence.
9. Semantics Problems with the semantics of the target sentence
10. Fluency Incorrect fluency in the target sentence
11. Evaluating the translation of the source | Change in the syntax and the intended meaning of
sentence (w.rt. syntax and intended | the target sentence from the source sentence.
meaning).

Table 1. Human Evaluation Measure
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Score Description
4 Ideal
3 Perfect
2 Acceptable
1 Partially Acceptable
0 Not Acceptable

Table 2. Human Evaluation Scale

4. Results and Discussion

In this section, we examine the various translations generated by different MT engines when given
a similar source sentence and the scores assigned by the human evaluator.

Example 1

Source Sentence: Some of the government initiatives like Swachh Bharat Abhiyan (to create mass
awareness on cleanliness and environmental pollution, to eliminate open defecation, and improve
solid waste management) and Namami Gange (significant reduction of pollution, conservation
and resuscitation of the river Ganga) are worth mentioning here.

Google Translate Output: <& #Rd HAIAGT (Faeodl 3R GATRUT YOI W A9H
STaTEehcl deT &iet, G & AT A WA A 3R 31 HIRISC Joted # FUR Hi & fov)
AR FAR T (FGWOT H ST Hal, I AT HT W& R Yeoliael) S F& TWHRT
g A& g1 @l oo™ X @ o

Bing Translator Output: F=& HRd AAT (FTeodl 3N TITHRUT YGuUT T el STTaTEehdT
UeT e, gl 7 A Y WeA A R o1 IfIse yeud # UR S & fov) AR Faa
@ (I AT & YGNUT H IooW@ed FHAT, TET IR Yelsiider) ST F& TIHRT Igel Tei
oo @ gl

Anuvad MT Output: ¥9e6& #Rd HRAE (Faeodl HR IO JuuT W Sl Sereehe dar
A, Gl H AT T FATCT el AR B IARISE Jaed H YR o & fAw) 3R danfa o
(GUT 3 HAGAYUT AT, TN AT & HIETOT 3R Yeoiiae]) S & TWHRT GgT TgT SeclTeid
gl

Example 2

Source Sentence: The highest is the Xvaitu, who is self-sufficient and no longer requires religious
instruction; the Airyamna, or friend, who befriends people to keep them from going astray; and
the Verezanah, or worker, who is the active field worker on the ground and is to spread the faith.
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Google Translate Output: TETd Xvaitu g, 3T cATAIR § 3R 38 319 arfde fRew &
3TARTSAT 8T & TIIFT, AT AT, S el ) ey & T & v 398 fAFar aar g 3k
SATAT, AT FHISHdT, ST FTHT 9 ihT &7 F-IFdT & 3R 39 gy e &

Bing Translator Output: 3Tad# Xvaitu g, ST 3TcATIeR ¢ 3R 39 aiffie Ader & smagsar
Jel & TIIHAT, AT aIEd, ST A1 Fl chad F T & [T 309 SIEdT FAT &; 3R &,
IT FRIGdT, St STHT W FhT &7 FRISar § 3K ey haa & T gl

Anuvad MT Output: G680 34T § Td, T ATeAHIR § 3N 58 39 enfAes et $r raegerar
8T & YR, A1 aNEd, St Al B e § Ashel & [T 38 Qe e §; 3R T,
T HRERA], S STHIT W G 817 dEdT ¢ 3R faara $aer & o g

Example 3

Source Sentence: The seat of the court was the Chamber of Princes in the Parliament Building in
Delhi.

Google Translate Output: 3gTald &1 dic feooll # TG 3 & dav 3% oaw o)
Bing Translator Output: 3Gleld #r Hie fGeel # THE Haa # dax 3w Taa o

Anuvad MT Output: 3gleld &1 dic feoell # TH Had & d&R 3w TBaw o)

Example 4

Source Sentence: On 28 December 2010, the non-governmental organisation, Coalition to
Uproot Ragging from Education (CURE) co-founder Harsh Agarwal wrote a letter to the Raghavan
Committee, a panel headed by former HRD Minister R. K. Raghavan, explaining distress over a
particular scene, where the lead actors get ragged by seniors.

Google Translate Output: 28 f&&eY 2010 &I, IW-THN Haras, Fifere ¢ 3rawe T wiA
T (CURE) & HE-HEUUHh Y 300ETeT o qudel HATT & Uh 97 for@n, St q@ Aea
T ah HAT 3R, ST6T HET FollhRI S Wierad earr YT v S &

Bing Translator Output: 28 f&H&X 2010 &I, IR-TRSRT TarasT, RIer & IFHT & 3@rs & o
MSU (FIN) & FE-HEATH gY 33qaTel o Toasl A, qF AIa garee G 73 3R
{Eae] S 3EFETAT drell Ueh AIATA &I Teh 97 foran, Hd T faIY 527 W Hehe 1 FAsm
T, STET ALT IAAAIT H aRear gary Iar dr Ser g

Anuvad MT Output: 28 fGHR 2010 I, IN-TFHRT Haroe, HITfRE ¢ Ha&e T HiA
ToheleT (. g, AR, §.) & HE-HEUTS gY IaTe o qoasl AT H Teh 97 for@r, st g
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T, HR. 3. HA AR, . e I HEFETAT dTell Teh WA AT, 0 a@s Toh a9 g7 T Hehe
1 earear fr 75 N, fwd qEr AffaAar aisst gart wee fHe s g

Example 5

Source Sentence: A 2003 Battelle Environmental Evaluation System (BEES) evaluation of
Bangalore's physical, biological and socioeconomic parameters indicated that Bangalore's water
quality and terrestrial and aquatic ecosystems were close to ideal, while the city's socioeconomic
parameters (traffic, quality of life) air quality and noise pollution were poor.

Google Translate Output: seTc[® & #ifash, Sifder AR AATTGH-31TTh AEST & 2003 de
TATROT FHeAlehel FUTRl (NSSTH) Hediohed & Hehel Al § o Soreqe T Sfer poraem 3R
e 3R ey aiRfEfadr a7 et & w9 4, Sefe aEy & amfes e RE
(AT, SfideT T IOTaT) ary IoTaem 3R eafa geuor e A

Bing Translator Output: §3TaiR & $iifas, Sifde 3R Taoe e AmEst & 2003 & dea
UTEROT Hedichel YOl (MSSTH) o Heohel T foh Saelik &1 Sfel Fporaar 3R &g 3R
STy aRREYfas 7 e & HIT I, i T & qrATod e Refex (Irarnd, sfae
Y I[UTadT) aTY AUTaT 3R Al Gewor TR |

Anuvad MT Output: 3R & #ifds, dfas iR aEfos-3nde A=t & 2003 & S
TATEROT Hedidhel JOTell (. §. 3. TH.) Hedidhed o Hehal foaT faF dereliy &1 St aoraar 3R
T AR Seirg IR $r a7 el & =9 I, Jefh gk & grAfos-3nis AT
(AT, Sftael & IOTaT) arg Auladm 3R tdi Jqwor @e A

The results of these five examples are shown in Tables 3, 3,4, and 5 respectively for Google
Translate, Bing Translator, and Anuvad MT Engine. While performing translations using Google
MT Engine, a common error was when the source sentence was longer than usual; as a result, the
translation often broke into two sentences separated by a full stop, thus losing punctuation,
semantics, and the original meaning of the target sentence. For example

Source Sentence: As per sub-section (3), on receipt of such an application, the Competent
Authority, by order in writing, may either grant or refuse to grant such permission after giving an
opportunity to the parties of being heard and after making such summary inquiries into the
circumstances of the case as it thinks fit.

Google Translate Output: 3TYURT (3) & 3R, T 3dead T Wifcd &R, FaTd Iriny, fof@d
3MTERT EaRT, Jail T FoAaTs 1 AR o AR Wl FfaIed qodies el & a1g a1 ar Ot At
& THhAT § IT T ¥ SARR W ol §| AHS I gRFEAfIAT & S ag 3T a#sy
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Another limitation of the Google Translation is when the source sentence contains formal
salutations like Mr. or Mrs,, the " In the formal salutation is considered as the ending of the
sentence by Google thus splitting the target sentence into two thereby affecting the overall
meaning of the sentence. For example

Source Sentence: Later, an agreement was entered into with M/s. HLL with effect from March 22,
1997.

Google Translate Output: §T1¢ & HTT & ATY U FASIAT [T AT TIvAT 22 AT 1997
T gaTdT|

Also in some sentences, it was noticed that some words of the source language are not translated
into the target language and are available as it is in the target sentence. For example

Source Sentence: In the 1980s, the Spanish firm Esperanza y Cia developed a 120-mm mortar
bomb that contained 21 anti-armour submunitions.

Google Translate Output: 1980 & &2 H, TIfAY A Esperanza y Cia o 120-fF#T AR I
fasfaa frar o fws 21 wag-Ud wefAer anfae &

Human evaluation, when performed on Bing MT Engine, it was concluded that Bing Translations
majorly lacked in providing the proper words repetitively, thus affecting the semantics and
changing the meaning of the target sentence. For example

Source Sentence: Cinnamon is native to India and, as such, its uses range from that of a flavoring
agent to a medicinal agent.

Bing Translator Output: Gleldiisll AR $ HT fFardl § 3R 38 g, $HHT 3UANT Ueh FTiaSe
Jelel Tl Tole ¥ oo NN Tole d giar &
Source Sentence: This template was modified in 1875 to the court design that exists today, with

markings similar to Wingfield's version, but with the hourglass shape of his court changed to a
rectangle.

Bing Translator Output: 38 ¢FJelc I 1875 H HaTold & 3o # @nfad frar s/ or S
IS HISE 8, [darthles & HE0T & FART Rl & A1, dfehel 367 @R & °¢ & TH &
PR & ITT Tdh Ad H a6l 7|

While translations were performed on Anuvaad MT Engine, it was noticed that the least number
of errors was noted here. In some sentences, the translation was not proper as it lacked the
adjective’s proper translation, thus affecting the semantics of the target sentence. For example

Source Sentence: An appearance is a bunch of attributes related to the service person, like their
shoes, clothes, tie, jewelry, hair-style, make-up, watch, cosmetics, perfume, etc.
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Anuvad Translator Output: 3UTEITT AT A T Afdd & FRIT [AATATHT 1 Th Fog
g o fF 3% S, FUS , TS, IMWOT , her At |, AFHT , w9 |, Higd gaeT |, 37 30

Therefore, in Anuvaad, there occurred the least number of errors among the translations of all the
three above-discussed MT Engine.

5. Conclusion

Upon comparing the results of all the MT engines, it was found that Anuvaad MT Engine stood
out as the best translation system with the fewest errors and the highest quality outputs, with
Bing MT Engine ranking next with fewer errors compared to Google MT Engine. This indicates that
Google Translator scores the lowest among the three. This research thus highlights the importance
of Human Evaluation in the machine translation development process, thereby enhancing the
relevance and effectiveness of machine translation systems.
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Example Noun/ Proper | Adjectives Proper Clause | Punctuati | Tens | Voic | Semantic | Fluency | Intended | Averag

and Words s on es e s e Score

Gender | Noun Meaning
Adverbs Synonyms | Phrase
s
Example 1 | 3 3 3 3 3 3 0 0 0 0 0 0.4091
Example2 |0 3 3 0 3 0 0 3 0 0 0 0.2727
Example3 |3 3 3 3 3 3 3 3 3 3 3 0.7500
Example4 |0 3 3 0 3 0 0 0 0 0 0 0.2045
Example 5 |3 3 3 3 0 0 1 3 0 0 0 0.3636
Table 3. Human Evaluation Scores of Google Translate

Example Noun/ | Proper | Adjectives | Proper Clause | Punctuati | Tens | Voic | Semantic | Fluency | Intended | Averag

and Words s on es e s e Score

Gender | Noun Meaning
Adverbs Synonyms | Phrase
s

Example1 |4 4 4 4 4 4 4 4 4 4 4 1.0000
Example2 |4 4 4 0 4 1 4 4 0 0 0 0.5682
Example3 |3 4 4 3 4 4 4 4 3 3 3 0.8182
Example4 |4 4 4 4 4 4 4 4 4 4 4 1.0000
Example5 |4 4 4 4 4 4 4 4 4 4 4 1.0000

Table 4. Human Evaluation Scores of Bing Translate
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Example Noun/ | Proper | Adjectives Proper Clause | Punctuati | Tens | Voic | Semantic | Fluency | Intended | Averag

and Words s on es e s e Score

Gender | Noun Meaning
Adverbs Synonyms | Phrase
s

Example 1 4 4 4 4 4 4 4 4 4 4 4 1.0000
Example 2 4 4 4 4 4 4 4 4 4 4 4 1.0000
Example 3 4 4 4 4 4 4 4 4 4 4 4 1.0000
Example 4 4 4 4 4 4 4 4 4 4 4 4 1.0000
Example 5 4 4 4 4 4 4 4 4 4 4 4 1.0000

Table 5. Human Evaluation Scores of Anuvad MT System




