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IOL GPT-4 Claude3.5 Tower70B
Human 0.137 0.137 0.127 0.109
Tower70B = 0.176 0.158 0.151
Claude3.5 0.178 0.221

GPT-4 0.202
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Source Diversity  Unique

length errors embd chrF outputs

Random 0.00 0.00 0.00 0.00 0.00
LLM-as-a-Judge 0.26 0.19 0.23

Length 0.25 0.31 0.24 —0.52

Artificial Crowd 0.04 —0.11 —0.17 —0.46

Sentinel 0.12 —0.01 —0.09 —0.36

Oracle-src —-0.22 -0.16 —0.47 —0.49 —0.28

Oracle-tgt —0.22 —0.16 —0.47 —0.49 —0.28
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1 (difficult): City get a nice easy draw at home.

2 (difficult): Alex Bregman Predicted To Betray Astros,
Sign With Shocking Blue Jays

3 (difficult): Some folks really do deserve a badge of hon-
our for their pedantry (C8). Veronica Coyne of Spring-
field claims that "when bemoaning the loss of the express
lane at Woolies "12 items or less," a friend told me she’d
never used it on principle as it should have been "12 items
or fewer.""

4 (easy): Washington

5 (easy): Developing the next generation of hybrid vehi-
cles in Europe

6 (easy): We cannot allow this to happen. This legislation
is enormously unpopular. It is exactly what the American
people do not want. It must not be passed by Congress.

Example 1: Texts from the WMT24 dataset of En-

glish sources with Sentinel-src decisions on difficulty
(easy=lowest difficulty, difficulty=highest difficulty in
each length bin).

R VR 22 B IR 0 SCA LB v B A
e . &a, WRATEREN, Fra
FEAh Tl o e B S B30 2 2 AR R R
H YR SCAS

JRAEE RS X ok BN [A] 40U R - Sk . —
AP O R R B 2 TR
ZREVE, FRATT R AT [ 8 25 1) 40 SR A i
— 5o Bff 5% Figure 3 7R, & THERHKR, 25
ARSI 4E . B, BEVLER A @
FEMEF RN — MR EZL . H—hH, A
HAMEFE AT ), f35 Oracle, #ior B
[N, HEWRE A 2. R
SRR E RN, MFEER BRI R,
SERONAFIRIRELE, e RS P ad e wfE
flirt e Tk .

TE WMT 2024 b pFAhXE BEAL 1 VA7 —
MR XA IHAR B 2 —ANTE R
T TR OREE, IR N TR, XS
SRR NLTRE. N T, 3K
A B R B LR B AT A, IR FE R SR
Figure 4 Wit 455 .

6.3 EtEsrbr
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ik (Example 1.1). A5EBERA1 B, Wtn
BN B =R (Example 1.2), X5
NEWEHI—3 X T 2Bl s s
(Example 1.3) o2k, —Jhm, FAEE:
% fREA)FEERE, BURR AR )
R ETE, $AhREA S (Example 1 .4
%] Example 1.6).

7 Hie

AEX I TAE, FeATIE 20 LT B M G
RS, HEIAT —F & TR AL 5 bR R 3T
fEXE AL T2 R . KT, FATRHEA I
A A TR AT T SR A VRN, RIE S
F ST R A EA A T . 1eAh, R
TR BAE R PEEH G KIS 5 8 Ty 1 R B
2, WA L) AT 55 U SR i O 3 i A
Horr, FATHE Sentinel-src-24 2 X4 Fiji% AT 55
W et ks, HEEEH T RN . A
I, BAVERMEREQETS R ETHYS
HoAb AL TH 2SR B, SR K AR A A 1 1 24
AL 7 13 A 28 2% BHAS A 1) IR A A T TR AR
L2 Sentinel-src-24 FE3X — R WEN FH F1 47}
SRR ZIE R, FITELHE
Sentinel-src-24 1) Il 254 18 HOMA B I8 T
% T Sentinel-src-25 , FH N & T X L
B, BeJa, AKX Sentinel-src-25 (1) T 4T
T, $RAE T T A R MER SCAR DS
EUONERUR R

8
Jri PR
TVERDERINESS . APTTCET AN B 3

ATTAT DASE 3232 SCA 77 A2 1) R 36 o o AR X
BE o BARFRATARINIRALE D0 T RHIFEME BE B 2 UK
SCA A S8 RO T AT R oA
B——HX — TAEREAFERAWE R, R
& T TR g @ B Pk A E AL AR R
HE. SChs b, RATHIBFSE H b R a0 24 5l
BLAS R RAST LT S 0 E AR SO, TS 2 4R
PRI S . oy PR AR &
IEAITESE 3 T e IAREE, 45 SCARI Bl
PEMERE P RE LT HARIE S, XSS Bk
Bugliarello et al. (2020) ffiEsZ. FMTIAHE]X
— R R S, ARSI B S AR A
5E. BRI, FRATHYSLER SRR MR - Uil
AU HAME T G BB, E RS RS
A (LLM-as-a-Judge) HITERESAH Tt
PRt FRATTEE A SR AT IR AR ER H
Bt 5 o B BE o), R e A
FrIEEAT B A LABME B AT vk .

www.xueshuxiangzi.com



9

(oSS pil
FATHILFANT) TAEA 2 H B P )7

References

Ana Sofia Vieira de Jesus Almeida. 2017. Difficulty
estimation of machine translation. MSc Thesis.

Duarte Miguel Alves, José Pombal, Nuno M Guerreiro,
Pedro Henrique Martins, Jodo Alves, Amin Farajian,
Ben Peters, Ricardo Rei, Patrick Fernandes, Sweta
Agrawal, Pierre Colombo, José G. C. de Souza, and
Andre Martins. 2024. Tower: An open multilingual
large language model for translation-related tasks.
In First Conference on Language Modeling .

Sahar Araghi and Alfons Palangkaraya. 2024. The link
between translation difficulty and the quality of ma-
chine translation: A literature review and empirical
investigation. Language Resources and Evaluation ,
58(4):1093-1114.

Marta Ba

textasciitilde nén, Pinzhen Chen, Barry Haddow,
Kenneth Heafield, Hieu Hoang, Miquel Espla-
Gomis, Mikel L. Forcada, Amir Kamran, Fa-
heem Kirefu, Philipp Koehn, Sergio Ortiz Rojas,
Leopoldo Pla Sempere, Gema Ramirez-Sanchez,
Elsa Sarrias, Marek Strelec, Brian Thompson,
William Waites, Dion Wiggins, and Jaume Zaragoza.
2020. ParaCrawl: Web-scale acquisition of parallel
corpora. In Proceedings of the 58th Annual Meet-
ing of the Association for Computational Linguistics
, pages 4555-4567. Association for Computational
Linguistics.

Anna Bavaresco, Raffaella Bernardi, Leonardo Berto-
lazzi, Desmond Elliott, Raquel Ferndndez, Albert
Gatt, Esam Ghaleb, Mario Giulianelli, Michael
Hanna, Alexander Koller, André F. T. Mar-
tins, Philipp Mondorf, Vera Neplenbroek, Sandro
Pezzelle, Barbara Plank, David Schlangen, Alessan-
dro Suglia, Aditya K Surikuchi, Ece Takmaz, and
Alberto Testoni. 2024. LLMs instead of human
judges? a large scale empirical study across 20 NLP
evaluation tasks. Preprint , arXiv:2406.18403.

Yoshua Bengio, Jérome Louradour, Ronan Collobert,
and Jason Weston. 2009. Curriculum learning. In
Proceedings of the 26th Annual International Con-
ference on Machine Learning , ICML ’09, page 41—
48, New York, NY, USA. Association for Comput-
ing Machinery.

Emanuele Bugliarello, Sabrina J. Mielke, Anto-
nios Anastasopoulos, Ryan Cotterell, and Naoaki
Okazaki. 2020. It‘s easier to translate out of English
than into it: Measuring neural translation difficulty
by cross-mutual information. In Proceedings of the
58th Annual Meeting of the Association for Compu-
tational Linguistics , pages 1640-1649. Association
for Computational Linguistics.

Cohere and 1 others. 2025. Command A: An
enterprise-ready large language model. Preprint ,
arXiv:2504.00698.

Alexis Conneau, Kartikay Khandelwal, Naman Goyal,
Vishrav Chaudhary, Guillaume Wenzek, Francisco
Guzmén, Edouard Grave, Myle Ott, Luke Zettle-
moyer, and Veselin Stoyanov. 2020. Unsupervised
cross-lingual representation learning at scale. In Pro-
ceedings of the 58th Annual Meeting of the Associ-
ation for Computational Linguistics , pages 8440-
8451. Association for Computational Linguistics.

Daniel Deutsch, Rotem Dror, and Dan Roth. 2021. A
statistical analysis of summarization evaluation met-
rics using resampling methods. Transactions of the

Association for Computational Linguistics , 9:1132—
1146.

Daniel Deutsch, George Foster, and Markus Freitag.
2023. Ties matter: Meta-evaluating modern metrics
with pairwise accuracy and tie calibration. In Pro-
ceedings of the 2023 Conference on Empirical Meth-
ods in Natural Language Processing , pages 12914—
12929. Association for Computational Linguistics.

Shachar Don-Yehiya, Leshem Choshen, and Omri
Abend. 2022. PreQuEL: Quality estimation of ma-
chine translation outputs in advance. In Proceedings
of the 2022 Conference on Empirical Methods in
Natural Language Processing , pages 11170-11183.
Association for Computational Linguistics.

Achilles Fang. 1959. Some reflections on the difficulty
of translation. In On translation , pages 111-134.
Harvard University Press.

Markus Freitag, George Foster, David Grangier, Viresh
Ratnakar, Qijun Tan, and Wolfgang Macherey. 2021.
Experts, errors, and context: A large-scale study of
human evaluation for machine translation. Transac-
tions of the Association for Computational Linguis-
tics , 9:1460-1474.

Markus Freitag, Nitika Mathur, Daniel Deutsch, Chi-
Kiu Lo, Eleftherios Avramidis, Ricardo Rei, Brian
Thompson, Frederic Blain, Tom Kocmi, Jiayi Wang,
David Ifeoluwa Adelani, Marianna Buchicchio,
Chrysoula Zerva, and Alon Lavie. 2024. Are LLMs
breaking MT metrics? results of the WMT24 met-
rics shared task. In Proceedings of the Ninth Confer-
ence on Machine Translation , pages 47-81. Associ-
ation for Computational Linguistics.

Markus Freitag, Nitika Mathur, Chi-kiu Lo, Elefthe-
rios Avramidis, Ricardo Rei, Brian Thompson, Tom
Kocmi, Frederic Blain, Daniel Deutsch, Craig Stew-
art, Chrysoula Zerva, Sheila Castilho, Alon Lavie,
and George Foster. 2023. Results of WMT23 met-
rics shared task: Metrics might be guilty but refer-
ences are not innocent. In Proceedings of the Eighth
Conference on Machine Translation , pages 578-
628. Association for Computational Linguistics.

www.xueshuxiangzi.com


https://fenix.tecnico.ulisboa.pt/downloadFile/1689244997257812/ExtendedAbstract.pdf
https://fenix.tecnico.ulisboa.pt/downloadFile/1689244997257812/ExtendedAbstract.pdf
https://openreview.net/forum?id=EHPns3hVkj
https://openreview.net/forum?id=EHPns3hVkj
https://doi.org/10.1007/s10579-024-09735-x
https://doi.org/10.1007/s10579-024-09735-x
https://doi.org/10.1007/s10579-024-09735-x
https://doi.org/10.1007/s10579-024-09735-x
https://doi.org/10.18653/v1/2020.acl-main.417
https://doi.org/10.18653/v1/2020.acl-main.417
https://arxiv.org/abs/2406.18403
https://arxiv.org/abs/2406.18403
https://arxiv.org/abs/2406.18403
https://doi.org/10.1145/1553374.1553380
https://doi.org/10.18653/v1/2020.acl-main.149
https://doi.org/10.18653/v1/2020.acl-main.149
https://doi.org/10.18653/v1/2020.acl-main.149
https://arxiv.org/abs/2504.00698
https://arxiv.org/abs/2504.00698
https://doi.org/10.18653/v1/2020.acl-main.747
https://doi.org/10.18653/v1/2020.acl-main.747
https://doi.org/10.1162/tacl_a_00417
https://doi.org/10.1162/tacl_a_00417
https://doi.org/10.1162/tacl_a_00417
https://doi.org/10.18653/v1/2023.emnlp-main.798
https://doi.org/10.18653/v1/2023.emnlp-main.798
https://doi.org/10.18653/v1/2022.emnlp-main.767
https://doi.org/10.18653/v1/2022.emnlp-main.767
https://doi.org/10.1162/tacl_a_00437
https://doi.org/10.1162/tacl_a_00437
https://doi.org/10.18653/v1/2024.wmt-1.2
https://doi.org/10.18653/v1/2024.wmt-1.2
https://doi.org/10.18653/v1/2024.wmt-1.2
https://doi.org/10.18653/v1/2023.wmt-1.51
https://doi.org/10.18653/v1/2023.wmt-1.51
https://doi.org/10.18653/v1/2023.wmt-1.51

Gemma, Aishwarya Kamath, Johan Ferret, Shreya
Pathak, Nino Vieillard, Ramona Merhej, Sarah Per-
rin, Tatiana Matejovicova, Alexandre Ramé, Mor-
gane Riviere, Louis Rouillard, Thomas Mesnard,
Geoffrey Cideron, Jean bastien Grill, Sabela Ramos,
Edouard Yvinec, Michelle Casbon, Etienne Pot, Ivo
Penchev, and 197 others. 2025. Gemma 3 technical
report. Preprint , arXiv:2503.19786.

Yvette Graham, Timothy Baldwin, Alistair Moffat, and
Justin Zobel. 2013. Continuous measurement scales
in human evaluation of machine translation. In Pro-
ceedings of the 7th Linguistic Annotation Workshop
and Interoperability with Discourse , pages 33—41.
Association for Computational Linguistics.

Nuno M. Guerreiro, Ricardo Rei, Daan van Stigt, Luisa
Coheur, Pierre Colombo, and André F. T. Mar-
tins. 2024a. xcomet: Transparent machine transla-
tion evaluation through fine-grained error detection.
Transactions of the Association for Computational
Linguistics , 12:979-995.

Nuno M Guerreiro, Ricardo Rei, Daan van Stigt,
Luisa Coheur, Pierre Colombo, and André FT Mar-
tins. 2024b. xcomet: Transparent machine transla-
tion evaluation through fine-grained error detection.
Transactions of the Association for Computational
Linguistics , 12:979-995.

Sandra Hale and Stuart Campbell. 2002. The interac-
tion between text difficulty and translation accuracy.
Babel , 48(1):14-33.

Juraj Juraska, Daniel Deutsch, Mara Finkelstein, and
Markus Freitag. 2024. MetricX-24: The Google
submission to the WMT 2024 metrics shared task.
In Proceedings of the Ninth Conference on Machine
Translation , pages 492-504. Association for Com-
putational Linguistics.

Juraj Juraska, Mara Finkelstein, Daniel Deutsch,
Aditya Siddhant, Mehdi Mirzazadeh, and Markus
Freitag. 2023. MetricX-23: The Google submission
to the WMT 2023 metrics shared task. In Proceed-
ings of the Eighth Conference on Machine Trans-
lation , pages 756-767. Association for Computa-
tional Linguistics.

Tom Kocmi, Eleftherios Avramidis, Rachel Baw-
den, Ondfej Bojar, Anton Dvorkovich, Chris-
tian Federmann, Mark Fishel, Markus Freitag,
Thamme Gowda, Roman Grundkiewicz, Barry Had-
dow, Marzena Karpinska, Philipp Koehn, Benjamin
Marie, Christof Monz, Kenton Murray, Masaaki Na-
gata, Martin Popel, Maja Popovi¢, and 3 others.
2024a. Findings of the WMT24 general machine
translation shared task: The LLM era is here but MT
is not solved yet. In Proceedings of the Ninth Con-
ference on Machine Translation , pages 1-46. Asso-
ciation for Computational Linguistics.

Tom Kocmi, Eleftherios Avramidis, Rachel Bawden,
Ondrej Bojar, Anton Dvorkovich, Christian Fed-
ermann, Mark Fishel, Markus Freitag, Thamme

Gowda, Roman Grundkiewicz, Barry Haddow,
Philipp Koehn, Benjamin Marie, Christof Monz,
Makoto Morishita, Kenton Murray, Makoto Nagata,
Toshiaki Nakazawa, Martin Popel, and 2 others.
2023. Findings of the 2023 conference on machine
translation (WMT23): LLMs are here but not quite
there yet. In Proceedings of the Eighth Conference
on Machine Translation , pages 1-42. Association
for Computational Linguistics.

Tom Kocmi, Rachel Bawden, Ondfej Bojar, Anton
Dvorkovich, Christian Federmann, Mark Fishel,
Thamme Gowda, Yvette Graham, Roman Grund-
kiewicz, Barry Haddow, Rebecca Knowles, Philipp
Koehn, Christof Monz, Makoto Morishita, Masaaki
Nagata, Toshiaki Nakazawa, Michal Novak, Martin
Popel, and Maja Popovi¢. 2022. Findings of the
2022 conference on machine translation (WMT22).
In Proceedings of the Seventh Conference on Ma-
chine Translation (WMT) , pages 1-45. Association
for Computational Linguistics.

Tom Kocmi and Ondfej Bojar. 2017. Curriculum learn-
ing and minibatch bucketing in neural machine trans-
lation. In Proceedings of the International Confer-
ence Recent Advances in Natural Language Process-
ing, RANLP 2017 , pages 379-386. INCOMA Ltd.

Tom Kocmi, Vilém Zouhar, Eleftherios Avramidis,
Roman Grundkiewicz, Marzena Karpinska, Maja
Popovi¢, Mrinmaya Sachan, and Mariya Shmatova.
2024b. Error span annotation: A balanced approach
for human evaluation of machine translation. In Pro-
ceedings of the Ninth Conference on Machine Trans-
lation , pages 1440-1453. Association for Computa-
tional Linguistics.

John P. Lalor, Hao Wu, Tsendsuren Munkhdalai, and
Hong Yu. 2018. Understanding deep learning perfor-
mance through an examination of test set difficulty:
A psychometric case study. In Proceedings of the
2018 Conference on Empirical Methods in Natural
Language Processing , pages 4711-4716. Associa-
tion for Computational Linguistics.

Zheng Wei Lim, Trevor Cohn, Charles Kemp, and Eka-
terina Vylomova. 2023. Predicting human transla-
tion difficulty using automatic word alignment. In
Findings of the Association for Computational Lin-
guistics: ACL 2023 , pages 11590-11601. Associa-
tion for Computational Linguistics.

Zheng Wei Lim, Ekaterina Vylomova, Charles Kemp,
and Trevor Cohn. 2024. Predicting human trans-
lation difficulty with neural machine translation.
Transactions of the Association for Computational
Linguistics , 12:1479-1496.

Xuebo Liu, Houtim Lai, Derek F. Wong, and Lidia S.
Chao. 2020. Norm-based curriculum learning for
neural machine translation. In Proceedings of the
58th Annual Meeting of the Association for Compu-
tational Linguistics , pages 427—436. Association for
Computational Linguistics.

www.xueshuxiangzi.com


https://arxiv.org/abs/2503.19786
https://arxiv.org/abs/2503.19786
https://aclanthology.org/W13-2305/
https://aclanthology.org/W13-2305/
https://doi.org/10.1162/tacl_a_00683
https://doi.org/10.1162/tacl_a_00683
https://direct.mit.edu/tacl/article/doi/10.1162/tacl_a_00683/124263
https://direct.mit.edu/tacl/article/doi/10.1162/tacl_a_00683/124263
https://doi.org/10.18653/v1/2024.wmt-1.35
https://doi.org/10.18653/v1/2024.wmt-1.35
https://doi.org/10.18653/v1/2023.wmt-1.63
https://doi.org/10.18653/v1/2023.wmt-1.63
https://doi.org/10.18653/v1/2024.wmt-1.1
https://doi.org/10.18653/v1/2024.wmt-1.1
https://doi.org/10.18653/v1/2024.wmt-1.1
https://doi.org/10.18653/v1/2023.wmt-1.1
https://doi.org/10.18653/v1/2023.wmt-1.1
https://doi.org/10.18653/v1/2023.wmt-1.1
https://aclanthology.org/2022.wmt-1.1/
https://aclanthology.org/2022.wmt-1.1/
https://doi.org/10.26615/978-954-452-049-6_050
https://doi.org/10.26615/978-954-452-049-6_050
https://doi.org/10.26615/978-954-452-049-6_050
https://doi.org/10.18653/v1/2024.wmt-1.131
https://doi.org/10.18653/v1/2024.wmt-1.131
https://doi.org/10.18653/v1/D18-1500
https://doi.org/10.18653/v1/D18-1500
https://doi.org/10.18653/v1/D18-1500
https://doi.org/10.18653/v1/2023.findings-acl.736
https://doi.org/10.18653/v1/2023.findings-acl.736
https://doi.org/10.1162/tacl_a_00714
https://doi.org/10.1162/tacl_a_00714
https://doi.org/10.18653/v1/2020.acl-main.41
https://doi.org/10.18653/v1/2020.acl-main.41

Arle Lommel, Hans Uszkoreit, and Aljoscha Burchardt.
2014. Multidimensional quality metrics (MQM): A
framework for declaring and describing translation
quality metrics. Tradumatica , 0(12):0455-463.

Felipe Maia Polo, Lucas Weber, Leshem Choshen,
Yuekai Sun, Gongjun Xu, and Mikhail Yurochkin.
2024. tinyBenchmarks: Evaluating LLMs with
fewer examples. In Proceedings of the 41st Inter-
national Conference on Machine Learning , volume
235 of Proceedings of Machine Learning Research ,
pages 34303-34326. PMLR.

Abhijit Mishra, Pushpak Bhattacharyya, and Michael
Carl. 2013. Automatically predicting sentence trans-
lation difficulty. In Proceedings of the 51st Annual
Meeting of the Association for Computational Lin-
guistics (Volume 2: Short Papers) , pages 346-351.
Association for Computational Linguistics.

Jinjie Ni, Yifan Song, Deepanway Ghosal, Bo Li,
David Junhao Zhang, Xiang Yue, Fuzhao Xue, Zian
Zheng, Kaichen Zhang, Mahir Shah, Kabir Jain,
Yang You, and Michael Shieh. 2024a. MixEval-X:
Any-to-Any evaluations from real-world data mix-
tures. Preprint , arXiv:2410.13754.

Jinjie Ni, Fuzhao Xue, Xiang Yue, Yuntian Deng,
Mahir Shah, Kabir Jain, Graham Neubig, and Yang
You. 2024b. MixEval: Deriving wisdom of the
crowd from LLM benchmark mixtures. Preprint ,
arXiv:2406.06565.

NLLB, Marta R. Costa-jussa, James Cross, Onur
Celebi, Maha Elbayad, Kenneth Heafield, Kevin
Heffernan, Elahe Kalbassi, Janice Lam, Daniel
Licht, Jean Maillard, Anna Sun, Skyler Wang,
Guillaume Wenzek, Al Youngblood, Bapi Akula,
Loic Barrault, Gabriel Mejia Gonzalez, Prangthip
Hansanti, and 20 others. 2022. No language left be-
hind: Scaling human-centered machine translation.
Preprint , arXiv:2207.04672.

OpenAl, Josh Achiam, Steven Adler, Sandhini Agar-
wal, Lama Ahmad, Ilge Akkaya, Florencia Leoni
Aleman, Diogo Almeida, Janko Altenschmidt,
Sam Altman, Shyamal Anadkat, Red Avila, Igor
Babuschkin, Suchir Balaji, Valerie Balcom, Paul
Baltescu, Haiming Bao, Mohammad Bavarian, Jeff
Belgum, and 262 others. 2024. GPT-4 technical re-
port. Preprint , arXiv:2303.08774.

OpenAl and 1 others. 2024.
Preprint , arXiv:2410.21276.

GPT-40 system card.

Stefano Perrella, Lorenzo Proietti, Alessandro
Scire, Edoardo Barba, and Roberto Navigli.
2024. Guardians of the machine translation meta-
evaluation: Sentinel metrics fall in! In Proceedings
of the 62nd Annual Meeting of the Association
for Computational Linguistics (Volume 1: Long
Papers) , pages 16216-16244. Association for
Computational Linguistics.

Emmanouil Antonios Platanios, Otilia Stretcu, Graham
Neubig, Barnabas Poczos, and Tom Mitchell. 2019.

Competence-based curriculum learning for neural
machine translation. In Proceedings of the 2019
Conference of the North American Chapter of the
Association for Computational Linguistics: Human
Language Technologies, Volume 1 (Long and Short
Papers) , pages 1162—-1172. Association for Compu-
tational Linguistics.

Qwen, :, An Yang, Baosong Yang, Beichen Zhang,
Binyuan Hui, Bo Zheng, Bowen Yu, Chengyuan
Li, Dayiheng Liu, Fei Huang, Haoran Wei, Huan
Lin, Jian Yang, Jianhong Tu, Jianwei Zhang, Jianxin
Yang, Jiaxi Yang, Jingren Zhou, and 25 others.
2025.  Qwen2.5 technical report.  Preprint ,
arXiv:2412.15115.

Ricardo Rei, Craig Stewart, Ana C Farinha, and Alon
Lavie. 2020. COMET: A neural framework for MT
evaluation. In Proceedings of the 2020 Conference
on Empirical Methods in Natural Language Process-
ing (EMNLP) , pages 2685-2702. Association for
Computational Linguistics.

Nils Reimers and Iryna Gurevych. 2019. Sentence-
BERT: Sentence embeddings using Siamese BERT-
networks. In Proceedings of the 2019 Conference on
Empirical Methods in Natural Language Processing
and the 9th International Joint Conference on Natu-
ral Language Processing (EMNLP-IJCNLP) , pages
3982-3992. Association for Computational Linguis-
tics.

Parker Riley, Daniel Deutsch, George Foster, Viresh
Ratnakar, Ali Dabirmoghaddam, and Markus Fre-
itag. 2024. Finding replicable human evaluations
via stable ranking probability. In Proceedings of the
2024 Conference of the North American Chapter of
the Association for Computational Linguistics: Hu-
man Language Technologies (Volume 1: Long Pa-
pers) , pages 4908—4919. Association for Computa-
tional Linguistics.

Pedro Rodriguez, Joe Barrow, Alexander Miserlis
Hoyle, John P. Lalor, Robin Jia, and Jordan Boyd-
Graber. 2021. Evaluation examples are not equally
informative: How should that change NLP leader-
boards? In Proceedings of the 59th Annual Meet-
ing of the Association for Computational Linguistics
and the 11th International Joint Conference on Nat-
ural Language Processing (Volume 1: Long Papers)
, pages 4486—4503. Association for Computational
Linguistics.

Jie Ruan, Xiao Pu, Mingqi Gao, Xiaojun Wan, and
Yuesheng Zhu. 2024. Better than random: Reliable
NLG human evaluation with constrained active sam-
pling. Proceedings of the AAAI Conference on Ar-
tificial Intelligence , 38(17):18915-18923.

Darcy A Santor and James O Ramsay. 1998. Progress
in the technology of measurement: Applications of
item response models. Psychological assessment ,
10(4):345.

Roy Schwartz, Gabriel  Stanovsky, Swabha
Swayamdipta, Jesse Dodge, and Noah A. Smith.

www.xueshuxiangzi.com


https://ddd.uab.cat/record/130144
https://ddd.uab.cat/record/130144
https://ddd.uab.cat/record/130144
https://proceedings.mlr.press/v235/maia-polo24a.html
https://proceedings.mlr.press/v235/maia-polo24a.html
https://aclanthology.org/P13-2062/
https://aclanthology.org/P13-2062/
https://arxiv.org/abs/2410.13754
https://arxiv.org/abs/2410.13754
https://arxiv.org/abs/2410.13754
https://arxiv.org/abs/2406.06565
https://arxiv.org/abs/2406.06565
https://arxiv.org/abs/2207.04672
https://arxiv.org/abs/2207.04672
https://arxiv.org/abs/2303.08774
https://arxiv.org/abs/2303.08774
https://arxiv.org/abs/2410.21276
https://doi.org/10.18653/v1/2024.acl-long.856
https://doi.org/10.18653/v1/2024.acl-long.856
https://doi.org/10.18653/v1/N19-1119
https://doi.org/10.18653/v1/N19-1119
https://arxiv.org/abs/2412.15115
https://doi.org/10.18653/v1/2020.emnlp-main.213
https://doi.org/10.18653/v1/2020.emnlp-main.213
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/D19-1410
https://doi.org/10.18653/v1/2024.naacl-long.275
https://doi.org/10.18653/v1/2024.naacl-long.275
https://doi.org/10.18653/v1/2021.acl-long.346
https://doi.org/10.18653/v1/2021.acl-long.346
https://doi.org/10.18653/v1/2021.acl-long.346
https://doi.org/10.1609/aaai.v38i17.29857
https://doi.org/10.1609/aaai.v38i17.29857
https://doi.org/10.1609/aaai.v38i17.29857
https://psycnet.apa.org/record/1998-11993-004
https://psycnet.apa.org/record/1998-11993-004
https://psycnet.apa.org/record/1998-11993-004

2020. The right tool for the job: Matching model
and instance complexities. In Proceedings of the
58th Annual Meeting of the Association for Compu-
tational Linguistics , pages 6640-6651. Association
for Computational Linguistics.

Petru Soviany, Radu Tudor Ionescu, Paolo Rota, and
Nicu Sebe. 2022. Curriculum learning: A survey.
Int. J. Comput. Vision , 130(6):1526-1565.

Lucia Specia, Zhenhao Li, Juan Pino, Vishrav Chaud-
hary, Francisco Guzman, Graham Neubig, Nadir
Durrani, Yonatan Belinkov, Philipp Koehn, Hassan
Sajjad, Paul Michel, and Xian Li. 2020. Findings of
the WMT 2020 shared task on machine translation
robustness. In Proceedings of the Fifth Conference
on Machine Translation , pages 76-91. Association
for Computational Linguistics.

Robyn Speer. 2022. rspeer/wordfreq: V3.0.

Surat Teerapittayanon, Bradley McDanel, and H.T.
Kung. 2016. Branchynet: Fast inference via early
exiting from deep neural networks. In 2016 23rd
International Conference on Pattern Recognition
(ICPR) , pages 2464-2469.

Bram Vanroy, Orphee de clercq, and Lieve Macken.
2019. Correlating process and product data to get
an insight into translation difficulty. Perspectives .

Xin Wang, Yudong Chen, and Wenwu Zhu. 2022.
A survey on curriculum learning. IEEE Transac-
tions on Pattern Analysis and Machine Intelligence ,
44(9):4555-4576.

Guillaume Wenzek, Vishrav Chaudhary, Angela Fan,
Sahir Gomez, Naman Goyal, Somya Jain, Douwe
Kiela, Tristan Thrush, and Francisco Guzman. 2021.
Findings of the WMT 2021 shared task on large-
scale multilingual machine translation. In Proceed-
ings of the Sixth Conference on Machine Transla-
tion , pages 89-99. Association for Computational
Linguistics.

Runzhe Zhan, Xuebo Liu, Derek F. Wong, and Lidia S.
Chao. 2021a. Difficulty-aware machine translation
evaluation. In Proceedings of the 59th Annual Meet-
ing of the Association for Computational Linguistics
and the 11th International Joint Conference on Nat-
ural Language Processing (Volume 2: Short Papers)
, pages 26-32. Association for Computational Lin-
guistics.

Runzhe Zhan, Xuebo Liu, Derek F. Wong, and Lidia S.
Chao. 2021b. Variance-aware machine translation
test sets. In Thirty-fifth Conference on Neural In-
formation Processing Systems Datasets and Bench-
marks Track (Round 1) .

Wenbo Zhang. 2024. IOL research machine transla-
tion systems for WMT24 general machine transla-
tion shared task. In Proceedings of the Ninth Confer-
ence on Machine Translation , pages 147—154. Asso-
ciation for Computational Linguistics.

Xuan Zhang, Gaurav Kumar, Huda Khayrallah, Kenton
Murray, Jeremy Gwinnup, Marianna J Martindale,
Paul McNamee, Kevin Duh, and Marine Carpuat.
2018. An empirical exploration of curriculum
learning for neural machine translation. Preprint ,
arXiv:1811.00739.

Lianmin Zheng, Wei-Lin Chiang, Ying Sheng, Siyuan
Zhuang, Zhanghao Wu, Yonghao Zhuang, Zi Lin,
Zhuohan Li, Dacheng Li, Eric P. Xing, Hao Zhang,
Joseph E. Gonzalez, and Ion Stoica. 2023. Judging
LLM-as-a-Judge with MT-Bench and chatbot arena.
Preprint , arXiv:2306.05685.

Vilém Zouhar, Tom Kocmi, and Mrinmaya Sachan.
2025a. Al-assisted human evaluation of machine
translation. In Proceedings of the 2025 Confer-
ence of the Nations of the Americas Chapter of the
Association for Computational Linguistics: Human
Language Technologies (Volume 1: Long Papers) ,
pages 49364950, Albuquerque, New Mexico. As-
sociation for Computational Linguistics.

Vilém Zouhar, Peng Cui, and Mrinmaya Sachan.
2025b. How to select datapoints for efficient hu-
man evaluation of NLG models? Preprint
arXiv:2501.18251.

www.xueshuxiangzi.com


https://doi.org/10.18653/v1/2020.acl-main.593
https://doi.org/10.18653/v1/2020.acl-main.593
https://doi.org/10.1007/s11263-022-01611-x
https://aclanthology.org/2020.wmt-1.4/
https://aclanthology.org/2020.wmt-1.4/
https://aclanthology.org/2020.wmt-1.4/
https://doi.org/10.5281/zenodo.7199437
https://doi.org/10.1109/ICPR.2016.7900006
https://doi.org/10.1109/ICPR.2016.7900006
https://doi.org/10.1080/0907676X.2019.1594319
https://doi.org/10.1080/0907676X.2019.1594319
https://doi.org/10.1109/TPAMI.2021.3069908
https://aclanthology.org/2021.wmt-1.2/
https://aclanthology.org/2021.wmt-1.2/
https://doi.org/10.18653/v1/2021.acl-short.5
https://doi.org/10.18653/v1/2021.acl-short.5
https://openreview.net/forum?id=hhKA5k0oVy5
https://openreview.net/forum?id=hhKA5k0oVy5
https://doi.org/10.18653/v1/2024.wmt-1.8
https://doi.org/10.18653/v1/2024.wmt-1.8
https://doi.org/10.18653/v1/2024.wmt-1.8
https://arxiv.org/abs/1811.00739
https://arxiv.org/abs/1811.00739
https://arxiv.org/abs/2306.05685
https://arxiv.org/abs/2306.05685
https://aclanthology.org/2025.naacl-long.255/
https://aclanthology.org/2025.naacl-long.255/
https://arxiv.org/abs/2501.18251
https://arxiv.org/abs/2501.18251

EN—DE EN—ES JA—ZH
# Source texts 486 622 559
# Translators 19 15 15

Table 4: WMT 2024 $: 3 54T 55 o & A 1 I
i 114 (Freitag et al., 2024) . “# Y5 SCA” Fonill
IR FSORIECR, #1338 Fm e N SoAR ]
FH BRI SCRURE

A ﬁ%/\ Tb

Kendall ) 7 28K b & X Hy:

C—-D
V(C+D+T,)(C+ D+Tpy)

Hefr, C 1D 4512 RANR 2 a i —Fou
FIA—EOS B, T Ty A Ty Bl Ae ik
HEF A ESEHE T e e . BRI
sk sign(r; — rj) = sign(#y, 75) , WX (4,7) &
—E0y, R sign(r; — rj) # sign(ry, 7#5) , W
B, Jwha, MR A =780 =1r;,
MAE MR HE T B S HE T X (4, ) 2R .

AR T HH/RA 7 A2 BRI 56
REEBRAHT R, N2 REENE.
WAL O R bR e, B E e
IR SR 2 2R B - A PR TR A I O

B Ji%k; Sentinel-MQM-24 i
Sentinel-MQM-25

2

Ty =

FRATHT O A ME BE A V1AL, Sentinel-MQM-

24 F1 Sentinel- MQM-25, i T Perrella et al.
(2024) 5] A Sentinel-MQM #5524 i {1 ] (1) AH

[l A F ZR AR . A B B T XLM-

RoBERTa KZUAEN T 4iid#s , X G2 FE [CLS]
brieZ FZ 2L .. BRI AN
gh?ﬁi%ﬂﬁ%&%nkﬁﬁ%ﬁéﬁzrﬂ 3 7 R 2
MSE).,

AR A E Sentinel-MQM LA [ 1 R By
BolZimk. 1E55— W By, MALTE B PAL
(DA, Graham et al., 2013 ) %3 _E 347145
TESE B, BAHE MQM RS AT 0
FATHYBALE Sentinel-MQM [ K £ X I HE T
BEABY B i U1 2580 -

ke 1

zek et al., 2021) ERE, PANSEH WMT
22 (Kocmi et al., 2022) 1 WMT 23 (Kocmi
et al., 2023) ) DA+SQM H R, 9 T
Perrella et al. (2024) {#i il (1) DA Il 25 %%
. Sentinel-MQM-25 H#f— #4335 T 3k H
WMT 24 ] ESA 7%,

DA il %, X}T Sentinel-MQM-
24, FRATE T HE R H WMT 21 (Wen-

o Bz 2: MQM . TEX B BeH, F'Al)
AR 5 WMT 23 (1) MQM RS
& MQM 1l|Z:4E. 5 Sentinel-MQM 1)l Zk
SRR, AR EEEN 2 A PR
AT I, FRATREBrE v H R RE
YER BRI ZRS50, PREEVE 34 2 (B
k. X FAEE T WMT 20 #il WMT
22 1 MQM ##ia4E , BN REFEARE =
M ANLIF5r BT H—Fr B DA 15,
TE Sentinel-MQM-25 AR OL T, FKAT]
ALE R H WMT 24 1) MQM 8.

WA Perrella et al. (2024) fJ7%, FATRFEEAS
PR R SCAS 7 BRI L 7 8 N ZE 9770 2H s X AR
b, e VA | S P B NG S A s
ZE RN, BRIRTRE R Rl — R SR E
R FATA S PAEAT 5 A X 289147,
M2 R EATEH S 7E DA F1 MQM K Bai il
AR, YA SE S Perrella et al. (2024)
T Sentinel- MQM [ 4 VLHL. FrA Bl
HRAE—1% NVIDIA GeForce RTX 4090 GPU |-
AT SR o AT 2RI R R 55—~ (DA) B
B =/~ GPU /M, S5 (MQM) fifE By
24— GPU /N . X 2645113 Fl T Sentinel-
MQM-24 #{1 Sentinel- MQM-25,

C BN i

o XF Tl aE A WM B A, AT
wordfreq Python % (Speer, 2022) 3£ i
=RTETR

o XTFAREE AR ARSI RKE, A1
i spacCy FREURAFAS AL AR T,

X T ZWEF A, FATM I sentence-
transformers/paraphrase-multilingual-
MiniLM-L12-v2 (Reimers and Gurevych,
2019)

AT G, FATERAT:

* NLLB-moe-54B: Ffii| 145 % Z I dm bt
PE MR A B PEEAY (NLLB et al., 2022) .

e Gemma-3-27B-IT: ¥ H Gemma £ £
B 2% LLM (Gemma et al., 2025) .

e Qwen2.5-72B-IT: 3k H Qwen2.5 &5 1
K A5 LB KB E F LB (Qwen et al,,
2025) .

» CommandA: JTEHEAHFIH) 111 B
24 LLM (Cohere et al., 2025)

www.xueshuxiangzi.com


https://github.com/rspeer/wordfreq
https://github.com/explosion/spaCy
https://huggingface.co/sentence-transformers/paraphrase-multilingual-MiniLM-L12-v2
https://huggingface.co/sentence-transformers/paraphrase-multilingual-MiniLM-L12-v2
https://huggingface.co/sentence-transformers/paraphrase-multilingual-MiniLM-L12-v2
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# Source texts 634 634 634 634 634 634 634 634 1954
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Method System  Lang DEC
i) Oracle 4 % 1.000
§ Oracle (source text + target lang) X 4 0.430
o Oracle (source text only) X X 0.404
2 Text Length P P 0.222
& Syntactic Complexity ® ® 0.170
é Word Rarity x X  —0.052
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Average EN—DE EN—ES JA—ZH

Rank DEC DEC DEC DEC

Oracle 1 1.000 1.000 1.000 1.000
Oracle (source text + target lang) 2 0430 0.505 0.280 0.503
Oracle (source text only) 3 0404 0.488 0.221 0.503
Internal Artificial Crowd (XCOMET-QE-XXL) 4 0.278 0.309 0.208 0.315
Internal Artificial Crowd (MetricX-24-Hybrid-QE-XXL) 5 0.248 0.268 0.192 0.284
Sentinel-MQM-24 5 0.246 0.278 0.168 0.291
Sentinel-MQM 6 0.235 0.273 0.165 0.268
Text Length 7 0222 0.262 0.147 0.256
External Artificial Crowd (XCOMET-QE-XXL) 8 0.207 0.243 0.159 0.220
External Artificial Crowd (MetricX-24-Hybrid-QE-XXL) 9 0.185 0.209 0.145 0.201
Syntactic Complexity 10  0.170 0.158 0.073 0.278
PreCOMET Difficulty 10 0.169 0.219 0.129 0.159
PreCOMET Diversity 10 0.167 0.241 0.143 0.117
LLM-as-a-Judge (Command A, tgt-based) 11 0.120 0.122 0.088 0.150
LLM-as-a-Judge (Command A, src-based) 11 0.114 0.117 0.060 0.165
LLM-as-a-Judge (GPT-4o, tgt-based) 12 0.090 0.096 0.064 0.110
LLM-as-a-Judge (GPT-4o, src-based) 12 0.090 0.111 0.049 0.109
Random 13 0.002 0.003 0.004 0.000
Word Rarity 14 -0.052 -0.114 -0.043 0.001

Table 8: 7: MQM FryE () WMT24 ot , Sy iR 7 B i & _ L AXEREAN THAH Xk (DEC) . SR ELIT

BEVERTE, FARYE Preitag et al. (2024) {148,
o o

XA A T ry Deutsch et al. (2021) 2] Af#y PERM-BOTH {& i

Method AvgScore % Perfect
Random 84.4 21.0 %
Oracle (source text only) 74.9 133 %
Oracle (source text + target lang) 71.6 114 %
Text Length 82.7 14.1 %
Sentinel-MQM-24 79.1 12.1 %
External Artificial Crowd (XCOMET-QE-XXL) 78.3 13.3 %
Command A (source text + target lang) 83.0 16.1 %
Table 9: HLAZ A ESA MIALE PP MR 25 % REASHY T K, PPASARIE N (1) BTk TARR) P9 N T3

G (2) Fir e 14 ez A B 58 52 N TAE A EE Bl

GERAETE TR R B E. BTN

1845 (AvgScore) hy 84.4, SEEHHME S (% Perfect) 4 20.7 %.

Table 10: H# H T MQM {46 e85
A3FN (2) FT e T A A A H R B 5E 58 A8

Method AvgScore % Perfect
Random -2.5 58.8 %
Oracle (source text only) -6.6 32.7 %
Oracle (source text + target lang) -6.8 30.5 %
Text Length -4.5 43.6 %
Sentinel-MQM-24 -5.1 39.6 %
External Artificial Crowd (XCOMET-QE-XXL) -4.4 43.8 %
Command A (source text + target lang) -3.1 511 %

I R ME T 25%7@4‘9@7?& LL(UE?L%?%_EE{/JEF@)\ W
TR EEBIBER TP . 45 5R

LD IIIX_J‘_[/T%:7 ““):SF‘ig ;Ek/\U

AR 20 %0 (AvgScore) -2.5, SESHi I F 70 L (% Perfect) 2y 57.7 %
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AvgScore % Perfect

Method News Social Literary Speech News Social Literary Speech
Random 86.5 84.7 84.7 80.3 193% 22.6% 19.7% 12.3%
Oracle (source text only) 825 75.8 76.0 71.1 141% 16.9% 11.0% 7.0%
Oracle (source text + target lang) 796 713 72.9 68.3 11.8% 13.7%  8.0% 4.7%
Text Length 84.6 83.1 78.4 82.0 15.0% 155% 9.7% 11.8%
Sentinel-MQM-24 84.1 80.2 78.7 775  144% 15.1% 10.0% 8.6%
External Artificial Crowd (XCOMET-QE-XXL) 84.6 79.6 77.6 75.6  153% 16.6% 11.9% 8.1%
Command A (source text + target lang) 849 82.1 79.7 78.8 155% 17.4% 10.6% 10.2%

Table 11: Xf>% H ESA A B MR AR o f5e BRIMERY) 25 A% SEATAIRLEE PRAL, X SEREAS S AR A A4,
GBris . #h32. SC2f. YE) MSriPRny, HAEES X Z 8. 458 8RN AvgScore (P N T3E4)
1% Perfect (#1745 H AT 523 N TP HLB)

AvgScore % Perfect
Method News Social Literary Speech News Social Literary Speech
Random -14 -14 =35 -55 64.6% 689% 56.5% 37.5%
Oracle (source text only) -45 =31 =59 =105 37.0% 45.6% 40.9% 24.6%
Oracle (source text + target lang) 4.7 -34 -59 -11.0 33.6% 41.8% 40.7% 22.2%
Text Length -33 =20 =52 6.0 474% 585% 464% 37.2%
Sentinel-MQM-24 =27 22 -4.9 -7.1  48.7% 56.5% 48.5% 30.2%
External Artificial Crowd (XCOMET-QE-XXL) -2.5 -2.0 -3.5 =76  51.0% 57.8% 504% 30.4%
Command A (source text + target lang) -23 -1.6 -4.1 -44  50.0% 642% 512% 40.5%

Table 12: £} MQM JIHKHE a4 CBrie . 4150, S0, ) SIedeng 25 i RME% iilte
FEAHERT T AR BE VA, FFAETR S 0 Z MO, 4558 Rk AvgScore (P N TA4534)) Fl% Perfect
(RRZR Gt AR5 52 56 N TAS4 R L) -
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Prompt for LLLM-as-a-judge (source text only):

You are given a source text. Your goal is to determine the approximate proficiency level required to translate this text, based
on a detailed analysis of its complexity. The final result should be reported as a single numeric score on a scale of 0 to
120, where higher numbers correspond to a higher difficulty (i.e., more advanced language proficiency requirements). You
should also relate this numeric score to commonly recognized proficiency levels (e.g., Al, A2, B1, B2, C1, C2). Here is the
expected mapping: 0-20 for A1 (Beginner); 21-40 for A2 (Elementary); 41-60 for B1 (Intermediate); 61-80 for B2 (Upper
Intermediate); 81-100 for C1 (Advanced); 101-120 for C2 (Mastery).

Instructions: First, examine the text to identify features that affect reading difficulty, including complexity of vocabulary,
grammar, semantic density, and any specialized knowledge required. Then, provide a brief explanation of your reasoning
for each major factor. Consider whether the text includes domain-specific terminology, cultural references, idiomatic
expressions, or advanced grammatical constructions. Finally, assign a numeric score from 0 to 120 and map that score
to one of the CEFR levels. Conclude with a final statement that clearly states your numeric score and the corresponding
proficiency level surrounded by triple square brackets, for example [[[86, C1 (Advanced)]]]

Analyze following text:
{ src }

Prompt for LLM-as-a-judge (source text + target language):

You are given a source text. Your goal is to determine the approximate proficiency level required to translate this text
into { target language } , based on a detailed analysis of its complexity. The final result should be reported as a single
numeric score on a scale of 0 to 120, where higher numbers correspond to a higher difficulty (i.e., more advanced language
proficiency requirements). You should also relate this numeric score to commonly recognized proficiency levels (e.g., Al,
A2, B1, B2, C1, C2). Here is the expected mapping: 0-20 for A1 (Beginner); 21-40 for A2 (Elementary); 41-60 for B1
(Intermediate); 61-80 for B2 (Upper Intermediate); 81-100 for C1 (Advanced); 101-120 for C2 (Mastery).

Instructions: First, examine the text to identify features affecting the translation into { target_language } , which affect
reading difficulty, including complexity of vocabulary, grammar, semantic density, and any specialized knowledge required.
Then, provide a brief explanation of your reasoning for each major factor. Consider whether the text includes domain-
specific terminology, cultural references, idiomatic expressions, or advanced grammatical constructions. Finally, assign a
numeric score from 0 to 120 and map that score to one of the CEFR levels. Conclude with a final statement that clearly
states your numeric score and the corresponding proficiency level surrounded by triple square brackets, for example [[[86,
C1 (Advanced)]]].

Analyze following text:
{ src }

Example 2: Prompts used to estimate the difficulty of a given text using LLM-as-a-judge (Section 4.2).
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