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Introduction

The Seventh Conference on Machine Translation (WMT 2022) took place on Wednesday, December 7
and Thursday, December 8, 2022 immediately preceding the 2022 Conference on Empirical Methods in
Natural Language Processing (EMNLP 2022).

This is the seventh time WMT has been held as a conference. The first time WMT was held as a conferen-
ce was at ACL 2016 in Berlin, Germany, the second time at EMNLP 2017 in Copenhagen, Denmark, the
third time at EMNLP 2028 in Brussels, Belgium, the fourth time at ACL 2019 in Florence, Italy, the fifth
time at EMNLP-2020, which was held as an online event due to the COVID-19 pandemic, and the sixth
time at EMNLP 2021 at Punta Cana, Dominican Republic. Prior to being a conference, WMT was held
10 times as a workshop. WMT was held for the first time at HLT-NAACL 2006 in New York City, USA.
In the following years the Workshop on Statistical Machine Translation was held at ACL 2007 in Pra-
gue, Czech Republic, ACL 2008, Columbus, Ohio, USA, EACL 2009 in Athens, Greece, ACL 2010 in
Uppsala, Sweden, EMNLP 2011 in Edinburgh, Scotland, NAACL 2012 in Montreal, Canada, ACL 2013
in Sofia, Bulgaria, ACL 2014 in Baltimore, USA, EMNLP 2015 in Lisbon, Portugal.

The focus of our conference is to bring together researchers from the area of machine translation and
invite selected research papers to be presented at the conference.

Prior to the conference, in addition to soliciting relevant papers for review and possible presentation,
we conducted 13 shared tasks: General Machine Translation of News, Similar Language Translation,
Biomedical Translation, Large-Scale Machine Translation Evaluation for African Languages, Transla-
tion Efficiency, Sign Language Translation, Code-mixed Machine Translation, Chat Translation Task,
Unsupervised MT and Very Low Resource Supervised Machine Translation, Metrics for Machine Tran-
slation, Quality Estimation of Translation, Word-Level Auto-Completion, Translation Suggestion, and
the Automatic Post-Editing task.

The results of all shared tasks were announced at the conference, and these proceedings also include
overview papers for the shared tasks, summarizing the results, as well as providing information about the
data used and any procedures that were followed in conducting or scoring the tasks. In addition, there
are short papers from each participating team that describe their underlying system in greater detail.

Like in previous years, we have received a far larger number of submissions than we could accept for
presentation. WMT 2022 has received 48 full research paper submissions (not counting withdrawn
submissions). In total, WMT 2022 featured 16 full research paper presentations and 96 shared task
presentations.

The invited talk entitled was given by Ondfej Bojar from Charles University, Prague, Czech Republic

We would like to thank the members of the Program Committee for their timely reviews. We also
would like to thank the participants of the shared task and all the other volunteers who helped with the
evaluations.
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Keynote Talk: Speech Translation — When Two

Superhuman Technologies Combined Fail

Ondrej Bojar
Charles University

Abstract: In my talk, I will describe the challenges we faced in the EU project ELITR when we put
together low-latency speech recognition and machine translation, both *at or above human levels of per-
formance’ in order to simultaneously translate spontaneous speech to 42 languages. I will have to talk
about various aspects of quality and I will delve into both source and target multilinguality. Our ongoing
quest is to put human interpreters on the same scales as machines, to contrast their virtues, complement
them in their service and build upon their output.

Bio: Ondiej Bojar is an associate professor at UFAL, Charles University, and a lead scientist in Machine
Translation in the Czech Republic. He has been co-organizing WMT shared tasks in machine translation
and machine translation evaluation since 2013. His system has dominated English-Czech translation in
the years 2013-2015, before deep learning and neural networks fundamentally changed the field. Having
taken part and later supervised UFAL’s participation in a series of EU projects (EuroMatrix, EuroMatri-
xPlus, MosesCore, QT21, HimL, CRACKER, Bergamot), he has recently concluded his coordination of
the EU project ELITR (http://elitr.eu/) focussed on simultaneous speech translation into over 40 langua-
ges. ELITR has also coined the task of project meeting summarization with its AutoMin 2021 shared
task.
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Abstract

This paper presents the results of the General
Machine Translation Task organised as part of
the Conference on Machine Translation (WMT)
2022. In the general MT task, participants were
asked to build machine translation systems for
any of 11 language pairs, to be evaluated on test
sets consisting of four different domains. We
evaluate system outputs with human annotators
using two different techniques: reference-based
direct assessment and (DA) and a combination
of DA and scalar quality metric (DA+SQM).

1 Introduction

The Seventh Conference on Machine Translation
(WMT22)! was held online with EMNLP 2022
and hosted a number of shared tasks on various
aspects of machine translation. This conference
built on 15 previous editions of WMT as workshops
and conferences (Callison-Burch et al., 2007, 2008,
2009, 2010, 2011, 2012; Bojar et al., 2013, 2014,
2015, 2016, 2017, 2018; Barrault et al., 2019, 2020;
Akhbardeh et al., 2021).

For more than a decade, the machine translation
(MT) community has focused on the news domain,
which has many desirable features for MT evalu-
ation, such as sufficiently long and grammatically

lhttp ://www.statmt.org/wmt22/
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correct sentences that are easy for both profession-
als to translate (to produce references) and for hu-
man raters to evaluate without specific in-domain
knowledge. However, with recent advances in MT
and potential overfitting on the news domain (with
methods such as fine-tuning on past WMT testsets),
we decided to open a fresh research direction of
testing the “General Machine Translation” capabil-
ities.

How to test general MT capabilities is a research
question in itself. Countless phenomena could be
evaluated, the most important being:

* various domains (news, medicine, IT, patents,
legal, social, gaming, etc.)

* style of text (formal or spoken language, fic-
tion, technical reports, etc.)

* noisy or robust user-generated content (gram-
matical errors, code-switching, abbreviations,
etc.)

Evaluating all possible phenomena is near im-
possible and creates many unforeseen problems.
Therefore, we decided to simplify the problem
and start with an evaluation of different domains.
We select the following four domains: news, e-
commerce, social, and conversational, chosen to
represent various topics with different content

Proceedings of the Seventh Conference on Machine Translation (WMT), pages 1 - 45
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styles. Additionally, these domains are understand-
able for humans without special in-domain knowl-
edge, thus not requiring specialized translators or
human raters for evaluation.

Another significant change for this year is the
redesign of our human evaluation procedure for
English— X and non-English language pairs. We
introduce SQM-style DA rating, improved sam-
pling of sentences for human judgements, and we
opt in for using professional raters.

In addition to language pairs evaluated yearly,
we introduce several new language pairs that
have never been evaluated at WMT or other
venues: Ukrainian<»English, Ukrainian<+Czech,
Livonian<English, Yakut<+Russian  and
English—Croatian.

Lastly, with multiple different shared tasks run
at WMT evaluating different phenomena over the
same language pairs, we proposed to aggregate
test sets and ask participants of different shared
tasks to also translate test sets from other shared
tasks (for shared language pairs), allowing cross-
task evaluation of systems on various phenomena.
More details are in Section 4.2.

General MT task submissions and human judge-
ments are available at https://github.com/
wmt-conference/wmt22-news-systems. The
interactive visualization and comparison of differ-

ences between systems is at http://wmt.ufal.

cz using MT-ComparEval (Sudarikov et al., 2016).

The structure of the findings is as follows. We
describe process of collecting, cleaning and trans-
lating of test sets in Section 2 followed by sum-
mary of allowed training data for constrained track
Section 3. We list all submitted systems in Sec-
tion 4. We use two different techniques for human
evaluation. Reference-based DA is used to evalu-
ate languages into English and described in Sec-
tion 5. DA+SQM technique used for non-English
and from English translation directions is described
in Section 6. In Section 7, we describe our analysis
of English—Croatian, translation direction contain-
ing professional and student produced references.
We conclude the findings in Section 8.

2 Test Data

In this section, we describe the process of collect-
ing data in Section 2.1, followed by the explanation
of preprocessing steps in Section 2.2. Producing
human references is summarized in Section 2.3 and
test set analysis is conducted in Section 2.5. Lastly,

Section 2.4 describes specific language pairs that
are prepared differently.

2.1 Collecting test data

As in the news shared tasks in previous years, the
test sets consist of unseen translations prepared
specially for the task. However, in contrast, we
introduce several domains instead of only the news
domain. The test sets are publicly released to be
used as translation benchmarks. Here we describe
the production and composition of the test sets.

With the new direction towards testing general
MT capabilities, we redesign the content of the test
sets. We decided to collect data from four domains
(news, social, e-commerce, and conversation). For
all language pairs, we aimed for a test set size of
2000 sentences and to ensure that the test sets were
“source-original”, namely that the source text is
written in the source language, and the target text
is the human translation. This is to avoid “trans-
lationese” effects on the source language, which
can have a detrimental impact on the accuracy of
evaluation (Freitag et al., 2019; Laubli et al., 2020;
Graham et al., 2020). We collected roughly the
same number of sentences (around 500 sentences
with document context) for each domain. For some
languages, we could not locate high-quality data
and therefore selected more sentences from other
domains.

News domain - This domain contains data
prepared in the same way as in previous years
(Akhbardeh et al., 2021). We collect news arti-
cles from the second half of 2021 extracted from
online news sites, keeping document information.
The news domain is mainly of the highest quality.

Social domain - For most languages (Czech,
English, French, German, and Japanese), we ex-
tract data from public Reddit discussions, keeping
separate posts as a single document. We target sub-
reddits that come from countries speaking a given
language. We remove all posts marked by Reddit
as inappropriate.

We use different data source for Chinese and
Russian social domain as there is not enough Red-
dit content. For Chinese, we collected posts from
various social media webpages used in China, a list
provided by our Chinese colleague. For Russian,
we took data from Zen, one of the most popular
blog platforms among Russian-speaking users.

E-commerce domain - Contains product de-
scriptions donated by individual companies.
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#segments

Source / Domain conversation ecommerce news  social other  total
Chinese 349 518 505 503 - 1875
Czech - - 957 491 - 1448
Czech (to Ukrainian) - - - - 1930 1930
English 484 530 511 512 - 2037
English (to Croatian) - 1015 656 - - 1671
French 501 524 504 477 - 2006
German 462 501 506 515 - 1984
Japanese 502 503 505 498 - 2008
Livonian - - - - 420 420
Russian - 508 1004 - 504 2016
Russian (to Yakut) - - - - 1123.0 1123
Ukrainian - - - - 2018 2018
Ukrainian (to Czech) - - - - 2812 2812
Yakut - - - - 1123 1123

Table 1: Number of segments for individual source languages used in the general translation test sets.

For Japanese e-commerce domain, we used
search advertising text ads provided by an adver-
tising company with their client’s prior consent.
Defining documents and sentences in search ads is
tricky. Clients define multiple titles and multiple
descriptions, called assets. We defined a document
as the longest possible combination of assets. We
also defined a sentence as either an asset or a unit
separated by sentence-ending punctuations within
an asset. Since the diversity of Japanese ad sen-
tences is small, we chose the test sentences greedily
to minimize the test set’s self-BLEU.

Conversational domain - data for English, Ger-
man, French, and Chinese are provided by the
Chat Shared Task organizers (Farinha et al., 2022).
These data contain a discussion between an agent,
talking in English, and a customer, each of them
talking in a different language. To avoid the ef-
fects of translationese, we split conversations into
individual messages and handled each as a sepa-
rate document, only using messages written in the
original language (therefore, the English side only
contains messages from agents) resulting in often
short documents.

For Japanese conversational domain, We used
question-answer pairs from a community question-
answering website, Oshiete!goo>. The operator
provided us with a dump as of March 2022. Top-
ics are diverse, ranging from life advice to enter-
tainment. Since there were usually many answers
to a question, we extracted question-answer pairs
whose answers were marked as the best answer. We
considered a question-answer pair as a document
and randomly sampled test data from question-
answer pairs with a total length of 180 characters or

2https://oshiete.goo .ne.jp

fewer. We did not indicate the boundary between
them.

After collecting all data, we applied several steps
to filter out documents of lower-quality, see Sec-
tion 2.2. Specifically paying attention to short docu-
ments. Whenever we had enough data, we removed
the shortest documents, usually a single or two sen-
tences. We advised linguists who were checking
the data to further remove short documents. This
helped us to add document context to the test set.

2.2 Human preprocessing of test data

In the News task of previous years, we asked hu-
mans to check collected data and carry out minor
corrections (mainly checking sentence splits and
discarding similar or repeated content), which was
sufficient for the news domain because is often
clean and without serious problems. However, with
the expansion towards general MT, we run into an
issue of source data being noisier and not well for-
matted that needs to be handled before translation.

Although testing of robustness of MT is an im-
portant task, the noisy data introduces problems
for human translators and annotators. Therefore,
we decided to discard data that are considered too
noisy. Furthermore, publicly available data often
contains inappropriate content, which can stress
either human translators or human annotators, lead-
ing to a decrease in the quality (for example, trans-
lators refuse to translate political content consid-
ered censored in their countries).

Therefore, the source data for test sets’ goes

SExcept for sources from the following transla-
tion directions: English—Croatian, Livonian<+English,
Yakut<>Russian, Ukrainian—English, Ukrainian<>Czech.
Data for these directions have been checked differently and
should not contain noisy or inappropriate content.
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through human validation checks involving lin-
guists discarding inappropriate content altogether
or carrying out minor textual corrections to the data.
You can find the linguistic brief for prepossessing
in Appendix C.

2.3 Test set translation

The translation of the test sets was performed
by professional translation agencies, accord-
ing to the brief in Appendix D. Different
partners sponsored each language pair and
various translation agencies were therefore used,
which may affect the quality of the transla-
tion. The exception is that Chinese<>English,
German<«>English,  Ukrainian<+English  and
reference-B for Czech<+English were translated
by the same agency. These languages also received
a special treatment of being translated by one
translator and checked by a second different
translator.

Several language pairs received special atten-
tion. For Chinese<+English, Czech>English,
German<English, and English—Croatian, we ob-
tained a second reference in each direction from
different translators.

For Czech<«+English, our partner paid profes-
sional agency to provide high-quality translations.
However, as it turned out, the quality is rather low.
We fixed manually the reference with grammar cor-
rection tools, however, that isn’t sufficient. We
provide this reference as reference—C. There is no
issue with reference-B as that was provided by dif-
ferent partner.

Human translations would not be possible with-
out the sponsorship of our partners. We are thank-
ful for the support from: Microsoft, Charles Univer-
sity, LinguaCustodia, NTT, Dublin City University,
Google, and Phrase.

2.4 Language pairs prepared differently

English—Croatian The English-Croatian test
data is a sub-corpus of the DiHuTra corpus*
(Lapshinova-Koltunski et al., 2022). The English
source texts include Amazon product reviews and
news articles. The document information is avail-
able for both domains.

The reviews were selected from the publicly
available Amazon product reviews>-® containing

4https://github.com/katjakaterina/dihutra

5https://s3.amazonaws.com/
amazon-reviews-pds/readme.html

6http://jmcauley.ucsd.edu/data/amazon/

reviews divided into 24 categories (topics). The
selected corpus covers fourteen categories, pay-
ing attention to the data balance: an equal number
of positive and negative reviews and a balanced
distribution of categories (topics). In total, 196
reviews (1015 sentences) were included, fourteen
from each of the fourteen selected topics: ‘Beauty’,
‘Books’, ‘CDs and Vinyl’, ‘Cell Phones and Acces-
sories’, ‘Grocery and Gourmet Food’, ‘Health and
Personal Care’, ‘Home and Kitchen’, ‘Movies and
TV’, ‘Musical Instruments’, ‘Patio, Lawn and Gar-
den’, ‘Pet Supplies’, ‘Sports and Outdoors’, ‘Toys
and Games’ and ‘Video Games’.

The news articles were selected from the News
test corpus of the WMT (2019 and 2020) shared
task.” In total, 68 news articles (656 sentences)
from different sources are included.

These English texts were then translated into
Croatian by professional translators and by trans-
lation students, thus providing two reference trans-
lations. Both professional and student translations
were produced in cooperation with the University
of Zagreb and the University of Rijeka in Croatia.
In total, four professional translators and twenty
translation students participated, all native speak-
ers of Croatian and fluent in English. Translation
experience of professional translators ranges be-
tween five and ten years, while for students the
range is from zero to five years, the majority being
in the range between two and four years. The two
students who indicated no experience (zero years)
also indicated that they had no real professional
experience yet, only work in the framework of their
studies. All students were in their first or second
year of master’s studies.

The translators were asked too keep the sentence
(segment) alignment (not to merge or to split seg-
ments so that each English segment corresponds
to one translated segment) and not to use any kind
of machine translation in the process. No further
restrictions were given to the translators.

Yakut<>Russian Source texts for
Yakut<>Russian translation were selected
from Ulus media, which is Yakutia’s official news
aggregator. The majority of the data are local
news.® The professional translators were asked
to translate 42 news texts for the test set. Yakut
is one of the minor languages spoken by around

"http://www.statmt.org/wmt20/
translation-task.html
8https://ulus.media/
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450,000 native speakers. It is one of the official
languages of Sakha (Yakutia), a federal republic in
the Russian Federation.

Livonian«<>English The source language for
Livonian<+English was English, since the amount
of Livonian monolingual and parallel data is
severely limited. The source texts were selected
from various news articles published in 2022; po-
litically neutral topics were selected. One addi-
tion to the set was the text describing the addition
of WMT’22 Livonian«+English shared task itself.
Translations were done by two professionals. Livo-
nian is a critically endangered language spoken in
Latvia but belonging to the Finno-ugric language
family. Its last native speaker passed in 2013 and
currently there are about 20 near-native speakers;
however, there is an Institute of the Livonian Lan-
guage at the University of Latvia that leads efforts
on collecting and preserving Livonian texts as well
as other materials (audio, video, hand-written, etc).

Ukrainian<+Czech and Ukrainian— English
Source texts for Ukrainian+Czech and
Ukrainian—English translation were selected
from the inputs collected through the Charles
Translator for Ukraine.® Charles Translator for
Ukraine is an online translation service that has
been developed by the team from the Charles
University, Prague'” as a response to the wave of
Ukrainian refugees coming to the Czech Republic
after the 2022 Russian invasion of Ukraine.!! The
service is powered by a model trained with Block
Backtranslation (Popel et al., 2020b). With users’
consent, the service can log their inputs for the
purpose of creating a dataset of real use cases. The
datasets are extracted from the inputs collected in

March and April 2022.
After automatic filtering,'’> we asked
linguistically-educated annotators to filter

and preprocess the source data manually. The
filtering aimed at obtaining a data sample with di-
verse examples. The preprocessing was performed
according to the brief in Appendix C with the

9http ://translate.cuni.cz

]Ohttp ://ufal.mff.cuni.cz/udu

'TAt that time, the most popular online MT services ei-
ther did not support translation between Czech and Ukrainian
(e.g. DeepL) or they seemed to pivot the translation for the
language pair via English (e.g. Google Translate, Microsoft
Translator).

2This includes the removal of intermediate inputs, HTML-
tagged inputs, inputs identified as written in a language other
than the source language, and backtranslated inputs.

following modifications. First, as the content is
closely related to the war, someone may always
find it polarizing or controversial. We did not
filter out texts based on this criterion. Second,
we asked the annotators not to delete or fix noisy
inputs as long as they are comprehensible. This
concerns, for instance, errors in casing, punctua-
tion, diacritics, grammar and typos. Furthermore,
all emojis are kept. Third, our annotators were
instructed to join multiple related sentences to the
same line whenever they found them too short
compared to the rest of the dataset. The dataset
thus does not satisfy the rule that each line contains
a single sentence. Finally, any personal data
related to people other than well-known people
was pseudonymized.

The user inputs cover three broader domains:
(1) personal communication, (2) news, and (3) for-
mal communication. Our annotators assigned these
categories (often accompanied by a finer subcate-
gory) to every data example. If none of the above
categories fit, they labeled the example with the
“other” tag.

The source texts were translated by profes-
sional translation agencies principally following
the brief in Appendix D. A sample of translated
sentences were checked by native speakers of
the target language. It revealed that post-edited
MT had allegedly been used for parts of the
Ukrainian—Czech test set, although this was de-
nied by the translator. Therefore, we decided to
add additional data to the test set for this direc-
tion translated by a different translation agency.
This extra data consists of about 600 segments
downloaded from the web (news, example CV)
and about 200 segments from the Charles Transla-
tor inputs logs. It was pre-processed similarly as
described above except for the domain annotation
(all segments have the “unknown” tag assigned).

2.5 Test set analysis

As described previously, the aim was for the test
sets to be composed of approximately 500 sen-
tences per domain, although this depended on the
language pair. The number of segments for each
domain (including unspecified domain ‘other’) is
given in Table 1 per source language, with the tar-
get language being specified where the composi-
tion differs. All four domains are available for Chi-
nese, English, French, German and Japanese source
texts, whereas only certain domains are available
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for Czech, Russian and English into Croatian.

Document context Document context is avail-
able for most language pairs (the exception be-
ing Livonian<>English). The length of documents
varies considerably by domain but also by language
pair. As can be see in Table 2, e-commerce doc-
uments tend to be longest, followed by news and
social (together), with conversational documents
being shortest, although this does not hold for all
languages. For example, the Ukrainian test set
has short documents (2.28 segments on average),
whereas Yakut«>Russian has very long ones (26.12
segments on average).

Lexical diversity We can compare the type-
token ratio (TTR) to get an idea of the relative
lexical diversity of (i) domains and (ii) original
vs. translated sentences.!'?*!* Raw TTRs for each
language pair and domain are given in Table 28 in
Appendix E. Regarding domains, the TTR is gener-
ally lowest for conversations, whereas e-commerce
and news are most diverse, followed by social.
Translated texts appear to show a lower lexical
diversity than original texts. If we look at the ratio
between the TTRs of a language A and a language
B (i.e. the diversity of A with respect to B), this
ratio is higher when A is the source and B the target
than when B is the source and A the target. For
example, given the language pair Czech++>English,
the ratio of the TTRs of Czech and English (i.e.
Eﬁ:} is higher when Czech is the original text and
lower when it is the translation. This can be seen
in Table 3 comparing for individual domains.

Anonymisation One characteristic that stands
out is the presence of placeholders for anonymised
elements in the conversation and social domains.
There are a total of 17 difference placeholders,
indicated by the entity type surrounded by #,
e.g. #NAME#, #EMAIL#, #Productl#, #Prod-
uct2#, etc. The entities are identical in the ref-
erence translation (where there is a direct trans-
lation), rather than the entity being translated
(e.g. #NAME# and not #NOM# for French). Man-
ual corrections were carried out to homogenise

3The TTR is the ratio of unique tokens to total tokens,
and it is higher the diverse the vocabulary of a text is. It is
dependent on the morphological complexity of a language,
but can also vary due to other factors.

4Texts are tokenised using the language-specific Spacy
models (Honnibal and Montani, 2017) where available. For
Czech, Livonian and Yakut, for which Spacy models are not
available, we took as a rough approximation models for Croa-
tian, Finnish and Russian respectively.

variants in terms of capitals, space issues and place-
holders that were translated rather than copied by
the professional translators.

Translation quality As mentioned previously,
the quality of the human references differed ac-
cording to the agency used. A few translations
were erroneous due to problems with anonymi-
sation, where some overzealous anonymisation
added entity tags within non-entity words, therefore
making the source sentence non-sensical. How-
ever this affected only one or two sentences, and
some minor corrections were introduced. There
were some particular problems with the quality
of Czech—English translations, including wrong
quote marks, grammatical and spelling mistakes
and unnatural translations as mentioned in Sec-
tion 2.3.

3 Training Data

Similar to previous years, we provide a selection
of parallel and monolingual corpora for model
training. The provenance and statistics of the
selected parallel datasets are provided in Ap-
pendix in Table 20 and Table 19. Specifically,
our parallel data selection include large multi-
lingual corpora such as Europarl-v10 (Koehn,
2005), Paracrawl-v9 (Baiion et al., 2020), Com-
monCrawl, NewsCommentary-v16, WikiTitles-v3,
WikiMatrix (Schwenk et al., 2021), TildeCor-
pus (Rozis and Skadin§, 2017), OPUS (Tiede-
mann, 2012), UN Parallel Corpus (Ziemski et al.,
2016), and language specific corpora such as
CzEng-v2.0 (Kocmi et al., 2020), YandexCorpus, '
ELRC EU Acts, YakutCorpus 16, JParaCrawl (Mor-
ishita et al., 2020), Japanese-English Subtitle Cor-
pus (Pryzant et al., 2018), Livonian multipar-
allel corpus Liv4ever (Rikters et al., 2022),17
KFTT(Neubig, 2011), TED (Cettolo et al., 2012),
CCMT, and back-translated news. Similar to pre-
vious years, we provided links to these datasets on
the task web page.'® However, new to this year,
we automate the data preparation pipeline using
a tool named MTDATA (Gowda et al., 2021)."
MTDATA downloads all available datasets, except

15https ://github.com/mashashma/WMNT2022-data

16https ://github.com/mashashma/WMNT2022-data/
tree/main/yakut

https://huggingface.co/datasets/tartuNLP/livdever

18https ://statmt.org/wmt22/translation-task.
html

19https ://statmt.org/wmt22/mtdata
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#segments per doc

Source / Domain conversation ecommerce news social  other all
Chinese 2.13 17.86 1329 20.12 - 7.32
Czech - - 14.07 7.12 - 10.57
Czech (to Ukrainian) - - - - 1.86 1.86
French 2.61 2278 14.00 14.03 - 7.04
German 2.87 17.28 11.50 13.92 - 7.32
English 5.20 23.04 16.48 15.06 - 11.25
English (to Croatian) - 5.18 9.65 - - 6.33
Japanese 4.40 449 1530 8.03 - 6.26
Livonian - - - - 1.00 1.00
Russian - 10.58 12.55 - 5.09 8.88
Russian (to Yakut) - - - - 2612 26.12
Ukrainian - - - - 2.28 2.28
Ukrainian (to Czech) - - - - 2.98 2.98
Yakut (to Russian) - - - - 2612 26.12

Table 2: Average document length (in # segments) for individual source languages used in the general translation test sets.

conversation  ecommerce news social other
Lang. pair — — — — — — — — =
Czech—English - - 1.9 158 173 157 -
Czech—Ukrainian - - - - 106 0093
German-English  1.39  1.00 150 113 135 1.15 138 1.13 -
German-French 125 095 150 1.15 135 1.15 126 1.08 -
English—-Czech - - 063 052 0.64 058 -
English-German  1.00 0.72 089 0.67 0.87 0.74 0.88 0.72 -
English-Japanese 1.50 1.00 141 120 144 1.13 1.28 1.00 -
English-Livonian - - - - 074 074
English-Russian - 069 059 067 0.57 - -
English-Chinese  1.15 0.71 1.09 070 1.00 0.68 0.92 0.74 -
French—German 1.06 080 0.87 0.67 087 074 093 0.79 -
Japanese-English  1.00 0.67 0.83 0.71 0.88 0.69 1.00 0.78 -
Livonian—-English - - - - 136 136
Russian—English - 169 146 175 150 - -
Russian—Yakut - - - - 089 0.89
Yakut—Russian - - - - L12 1.12
Ukrainian—Czech - - - - 108 094
Chinese-English 141 087 143 092 147 100 135 1.09 -

Table 3: For each language pair A-B, the ratio of the TTRs of A and B, for the A—B test set (—; i.e. A is the original text) and

for the B—A test set («—, i.e. A is the translated text).

the two which required user authentication: CCMT
and CzEng-v2.0.

4 System submissions

In 2022, we received a total of 107 primary submis-
sions?® and 82 online systems. The participating
institutions are listed in Table 4 and detailed in the
rest of this section. Each system did not necessarily
appear in all translation tasks. We also included
online MT systems (originating from 5 services),
which we anonymized as ONLINE-A,B,G,W,Y. All
submissions, sources and references are made avail-
able via github.

For presentation of the results, systems are
treated as either constrained or unconstrained.
When the system submitters report that they were

2GTCOM was removed from human evaluation, however,
we calculate automatic scores in Appendix G.

only trained on our provided data, we class them
as constrained. The online systems are treated
as unconstrained during the automatic and human
evaluations, since we do not know how they were
built. In Appendix F, we provide brief details of
the submitted systems, for those where the authors
provided such details.

4.1 OCELoT

To collect submissions, we used the open-
source OCELoT platform?®! again, which pro-
vides anonymized public leaderboards for several
WMT?22 shared tasks.?”> Similarly to the setup
from the previous year, only registered and ver-
ified teams with correct contact information were
allowed to submit their system outputs and each

https://github.com/AppraiseDev/OCELoT
22https ://ocelot-wmt22.mteval.org


https://github.com/AppraiseDev/OCELoT
https://ocelot-wmt22.mteval.org

Team

Language Pairs

System Description

AISP-SJTU en-ja, en-zh, ja-en, zh-en Liu et al. (2022)
AIST ja-en (no associated paper)
ALMANACH-INRIA cs-en, cs-uk, ru-en, uk-cs, uk-en Alabi et al. (2022)
AMU cs-uk, uk-cs Nowakowski et al. (2022)
ARC-NKUA en-uk, uk-en Roussis and Papavassiliou (2022)
CUNI-BERGAMOT en-cs Jon et al. (2022)
CUNI-DOCTRANSFORMER cs-en, en-cs Jon et al. (2022)
CUNI-TRANSFORMER cs-en, cs-uk, en-cs, uk-cs Jon et al. (2022)
CHARLESTRANSLATOR cs-uk, uk-cs Popel et al. (2022)
DLUT en-ja, en-zh, ja-en, zh-en (no associated paper)
GTCOM cs-uk, en-hr, en-uk, en-zh, uk-cs, uk- | Zong and Bei (2022)

en
HUAWEITSC cs-uk, en-hr, en-liv, en-ru, en-uk, en- | Wei et al. (2022)

zh, liv-en, ru-en, uk-cs, uk-en, zh-en
JDEXPLOREACADEMY cs-en, de-en, en-cs, en-de, en-ja, en- | Zan et al. (2022)

ru, en-zh, ja-en, ru-en, zh-en
KYB en-ja, ja-en Kalkar et al. (2022)
LT22 de-en, de-fr Malli and Tambouratzis (2022)
LAN-BRIDGE cs-en, cs-uk, de-en, en-cs, en-de, en- | Han et al. (2022)

hr, en-ja, en-ru, en-uk, en-zh, fr-de,

ja-en, ru-en, ru-sah, sah-ru, uk-cs, uk-

en, zh-en
LANGUAGEX en-ja, en-zh, ja-en, zh-en Zeng (2022)
LIV4EVER en-liv, liv-en Rikters et al. (2022)
NAIST-NICT-TIT en-ja, ja-en Deguchi et al. (2022)
NTS en-ja, ja-en Morishita et al. (2022)
NIUTRANS en-hr, en-liv, liv-en, zh-en Shan et al. (2022)
OPENNMT en-de (no associated paper)
PROMT de-en, en-de, en-ru, uk-en Molchanov et al. (2022)
SRPOL en-hr, en-ru, ru-en Dobrowolski et al. (2022)
TAL-SJTU en-liv, liv-en He et al. (2022)
TARTUNLP en-liv, liv-en Tars et al. (2022)
ETRANSLATION en-ru, en-uk, fr-de Oravecz et al. (2022)
MANIFOLD en-zh Jin et al. (2022)
SHOPLINE-PL cs-en (no associated paper)

Table 4: Participants in the shared translation task. The translations from the online systems were not submitted by their
respective companies but were obtained by us, and are therefore anonymized in a fashion consistent with previous years of the
workshop.



verified team was limited to 7 submissions per test
set. Submissions on leaderboards with BLEU and
CHRF scores from SacreBLEU (Post, 2018) were
displayed anonymously to avoid publishing rank-
ings based on automatic scores during the submis-
sion period. Until one week after the submission
period, teams could select a single primary submis-
sion per test set, specify if the primary submission
followed a constrained or unconstrained setting,
and submit a system description paper abstract. All
entries were mandatory for a system submission to
be included in the human evaluation campaign.

OCELOT has helped to simplify the submission
process—from collecting submissions to gathering
system information—and it supported the multi-
domain shift introduced in the general task this year.
The platform was also used for the Biomedical
Shared Task (Neves et al., 2022). This made it
easier to include the biomedical test set as another
domain data in the test sets of the general task for
languages that overlapped between the two tasks,
which made it possible to collect outputs from the
general domain systems for the biomedical domain.

4.2 Collaboration across WMT shared tasks

There are various shared tasks at WMT evaluating
same language pairs but with different participants.
This leads into inability to compare systems spe-
cialized for a particular task with participants of
other tasks.

Therefore, we decided to open a collaboration
across WMT shared tasks by asking participants
to translate test sets from other shared tasks as
well. This open the possibility to see how general
MT systems compete for example in biomedical
domain, or what is the general translation quality
of specialized systems.

We set up a collaboration with Biomedical
Shared Task (Neves et al., 2022) on all shared
language pairs (Chinese-English, German-English,
Russian-English).

This effort did not increase the number of partici-
pants for General MT Task because all participants
of Biomedical Shared Task also participated in Gen-
eral MT. However, other participants of General
MT have been evaluated on biomedical domain,
too. For details, see Neves et al. (2022).

Language Pair Sys.  Assess. Assess/Sys
Czech—English 12 20,094 1,674.5
German—English 10 21,006 2,100.6
Japanese—English 14 28,638 2,045.6
Livonian—English 5 4,638 927.6
Russian—English 10 27,651 2,765.1
Ukrainian—English 9 20,305 2,256.1
Chinese—English 13 28,120 2,163.1
Total to-English 73 150,452 2,061

Table 5: Amount of data collected in the WMT22 manual
evaluation campaign for evaluation into-English; after removal
of quality control items.

(A) (A)

Sig. Diff. & No Sig. Diff.

All  Bad Ref. Exact Rep.
Czech—English 373 91 (24%) 78 (86%)
German—English 365 92 (25%) 84 (91%)
Japanese—English 538 129 (24%) 113 (88%)
Livonian—English 101 15 (15%) 15 (100%)
Russian—English 601 140 (23%) 125 (89%)
Ukrainian—English 395 88 (22%) 83 (94%)
Chinese—English 395 98 (25%) 79 (81%)

Total 1,422 428 (30%) 388 (91%)

Table 6: Number of crowd-sourced workers taking part in the
reference-based SR+DC campaign; (A) those whose scores
for bad reference items were significantly lower than corre-
sponding MT outputs; those of (A) whose scores also showed
no significant difference for exact repeats of the same transla-
tion; note: many workers evaluated more than one language
pair.

5 Human Evaluation of Translation into
English

As in previous years, reference-based Direct As-
sessment (DA, Graham et al., 2013, 2014, 2016)
was employed as the primary method of evaluation
for translation into English. DA human evalua-
tion has several important features including accu-
rate quality control of crowd-sourcing and standard
methods of significance testing differences in rat-
ings for systems. Human assessors are asked to
rate a given translation by how adequately it ex-
presses the meaning of the corresponding reference
translation or source language input on an analogue
scale, which corresponds to an underlying absolute
0-100 rating scale.”®> Direct Assessment is also
employed for evaluation of video captioning sys-
tems at TRECvid (Graham et al., 2018; Awad et al.,
2019) and multilingual surface realisation (Mille
et al., 2018, 2019, 2020).

For evaluation of translation into-English, we

»No sentence or document length restriction is applied
during manual evaluation.



use the monolingual configuration of DA, where
the human evaluator reads and rates the system
output translation and compares its meaning to an
English reference translation, which was manually
translated by a human translator. As recommended
in Graham et al. (2020), we only employ forward-
created test data to avoid potential bias. Since eval-
uating segments without their context (i.e. the sur-
rounding document) can cause further bias (Laubli
et al., 2018; Toral et al., 2018), we evaluate sen-
tences in turn taken from a single document and
system (described as “SR+DC” in previous WMT
reports).>* Similarly to last year, for all language
pairs for which document context was available,
we include it when evaluating translations. Note
that the ratings are nevertheless collected on the
segment level, motivated by the power analysis
described in Graham et al. (2020), as well as bet-
ter inter-annotator agreement and lower effort de-
scribed in Castilho (2020).

In terms of the manual evaluation for the trans-
lation task for into-English language pairs, a total
of 428 Turker accounts were involved.?®> 510,451
translation assessment scores were submitted in to-
tal by the crowd, of which 187,922 were provided
by workers who passed quality control.?®

System rankings are produced from a large set of
human assessments of translations, each of which
indicates the absolute quality of the output of a
system. Table 5 shows total numbers of human
assessments collected in WMT22 for into-English
language pairs contributing to final scores for sys-
tems.”’

Quality control was carried out exactly as de-
scribed in last year’s WMT for crowd-sourcing
into-English translation assessments on Amazon
Mechanical Turk (see Akhbardeh et al. (2021) for
full details). Table 6 shows results of workers
who passed quality control (by showing signifi-
cant differences in scores attributed to translations
of known to be of distinct qualities) and numbers
of workers who also showed no significant differ-
ence for ratings of identical pairs of translations
judged separately in repeat tests. Data from the
non-reliable workers in all language pairs were re-

2*The implementation still has the limitation that the asses-
sors cannot go back to the previous segment.

*Numbers do not include the 988 workers on Mechanical
Turk who did not pass quality control.

2Both numbers include quality control segments.

*"Number of systems for WMT22 includes “human” sys-
tems comprising human-generated reference translations used
to provide human performance estimates.
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moved prior to calculation of results.

Similar to last year, all rankings for to-English
translation were reached through segment ratings
presented one at a time in their original document
order (SR+DC). As is usual with DA assessments,
human assessment scores for translations were first
standardized according to each individual human
assessor’s overall mean and standard deviation
score. Average standardized scores for individual
segments belonging to a given system were then
computed, before the final overall DA score for
a given system is computed as the average of its
segment scores (Ave z in Table 7). Results are also
reported for average scores for systems, computed
in the same way but without any score standardiza-
tion applied (Ave % in Table 7).

Human performance estimates calculated
through the evaluation of human-produced
reference translations are denoted by “HU-
MAN” in all tables. Translations HUMAN-C in
Czech—English are known to be of lower quality
than usual for manual translations.

Clusters are identified by grouping systems to-
gether according to which systems significantly
outperform all others in lower ranking clusters, ac-
cording to Wilcoxon rank-sum test.

All data collected during the human evaluation is
available at http://www.statmt.org/wmt22/results.
html. Appendix B shows the official results for the
underlying head-to-head significance test for all
pairs of systems.

6 Human Evaluation of Translation out of
English and without English

Human evaluation for out-of-English and non-
English translation directions”® was performed
with source-based (“bilingual”) direct assessment
of individual segments in context similar to the ap-
proach described in Akhbardeh et al. (2021). We
use open-source framework Appraise for the evalu-
ation (Federmann, 2018).

This year, several changes were made to the an-
notation procedure, the data sampling, and the inter-
face display. In contrast to the standard DA (sliding
scale from 0-100) used in 2021, this year annotators
performed DA+SQM (Direct Assessment + Scalar
Quality Metric). In DA+SQM, the annotators still
provide a raw score between 0 and 100, but also

BWe decided not to run human evaluation for
French<>German due to the small number of system
submissions this year.


http://www.statmt.org/wmt22/results.html
http://www.statmt.org/wmt22/results.html

Czech—English
Rank Ave. Ave.z System
1 740 0.133 Online-W
2 753 0.055 CUNI-DocTformer
2 69.8 0.050 Lan-Bridge
2 70.7 0.037 Online-B
2 725 —0.004 JDExploreAcad
2 70.5 —0.014 Online-A
2 712 —0.015 CUNI-Transformer
2 714 —0.028 Online-G
2 719 —0.086 SHOPLINE-PL
10 67.7 —0.145 Online-Y
11 61.2 —0.290 HUMAN-C
11 64.0 —0.301 ALMAnaCH-Inria
Japanese—English
Rank Ave. Ave.z System
1 667 0.069 DLUT
1 66.1 0.068 NT5
1 663 0.059 JDExploreAcademy
1 67.0 0.054 LanguageX
1 682 0.049 Online-B
1 66.1 0.046 Online-W
1 685 0.016 Lan-Bridge
1 67.1 0.006 Online-G
1 648 0.006 Online-A
1 63.8 —0.018 AISP-SJTU
1 665 —0.021 NAIST-NICT-TIT
1 66.6 —0.035 Online-Y
1 625 —0.056 KYB
14 262 —1.285 AIST
Russian—English
Rank Ave. Ave.z System
1 775 0.055 JDExploreAcademy
1 775 0.040 HuaweiTSC
1 750 0.033 Online-G
1 76.7 0.008 Lan-Bridge
1 752 0.005 Online-Y
1 746 —0.003 SRPOL
1 743 —0.011 Online-B
1 747 —0.021 Online-A
1 76.1 —0.039 Online-W
10 69.8 —0.238 ALMAnaCH-Inria

German—English

Rank Ave. Ave.z System
1 68.8 0.004 Lan-Bridge
2 70.8 —0.023 Online-W
2 68.1 —0.038 JDExploreAcademy
2 64.1 —0.057 Online-G
2  67.3 —0.070 Online-A
2 68.3 —0.086 HUMAN-B
2 66.5 —0.089 Online-Y
2 66.3 —0.092 Online-B
2 648 —0.126 LT22
2  66.2 —0.127 PROMT
Ukrainian— English
Rank Ave. Ave.z System
1 735 0.048 Lan-Bridge
1 74.8 0.047 Online-B
3 69.8 0.039 HuaweiTSC
3 69.8 0.007 Online-A
3 73,6 —0.010 PROMT
3 734 —0.023 Online-G
7 71.0 —0.071 Online-Y
7 702 —0.082 ARC-NKUA
9 68.8 —0.246 ALMAnaCH-Inria
Livonian— English
Rank Ave. Ave.z System
1 67.7 0.024 TartuNLP
1  66.0 —0.014 TAL-SJITU
1 64.0 —0.035 HuaweiTSC
1 635 —0.079 Liv4ever
5 604 —0.346 NiuTrans
Chinese— English
Rank Ave. Ave.z System
— 734 0.134 HUMAN-B
1 69.8 —0.026 JDExploreAcademy
1 69.0 —0.034 HuaweiTSC
1 69.1 —0.063 AISP-SJTU
1 69.2 —0.079 LanguageX
1  69.7 —0.083 Online-A
1 68.6 —0.083 DLUT
1 674 —0.089 Online-B
1 69.9 —0.098 Online-G
1 665 —0.109 Online-W
1 653 —0.117 Lan-Bridge
1  66.5 —0.122 Online-Y
1 663 —0.164 NiuTrans

Table 7: Official results of WMT?22 General Translation Task for translation into-English (SR+DC). Systems ordered by DA
score z-score; systems within a cluster are considered tied; lines indicate clusters according to Wilcoxon rank-sum test p < 0.05;
rank ranges are based on the same test; grayed entry indicates resources that fall outside the constraints provided.
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are presented with seven labeled tick marks, as vis-
ible in Figure 1. Discrete SQM (0-6) was found to
correlate well with MQM (Multidimensional Qual-
ity Metrics) annotations by Freitag et al. (2021),
while internal preliminary experiments suggested
that DA+SQM helps to stabilize scores across anno-
tators (as compared to DA). Annotators performing
DA+SQM annotations at IWSLT 2022 human eval-
uation campaign (Anastasopoulos et al., 2022) also
provided positive feedback about the annotation
format. In previous years, full documents were
sampled for annotation. This year we sampled
a maximum of 10 consecutive segments from a
document (a document “snippet’”) for annotation.
This provides the potential to annotate segments
from a more diverse range of documents while still
maintaining a similar number of total annotations.
Up to 10 source segments preceding and follow-
ing the snippet being evaluated are displayed as
static extra context for the annotator in the inter-
face, as presented in Figure 1. As in past years,
annotators provide both segment-level scores and
document-level scores (in this case it is more ac-
curate to call them snippet-level scores), however
only the segment-level scores were used to com-
pute the official rankings. As the English—Livonian
data was not document-level, those annotations
are run with segment-level-only DA+SQM. HITs
(using the Amazon terminology of “Human Intel-
ligence Task” to describe an annotation task) con-
tained quality control segments, as described in
Section 6.2. Rankings are computed as described
in Section 6.4 based on segment-level scores.

6.1 Human Annotators

All annotations in the bilingual human evaluation
campaign were carried out by hired professional
annotators. This year, for the first time, we did not
ask participants of the general task to contribute
to human evaluation, but instead made it volun-
tary. The main motivations for this change were
the attempt to increase the reliability and consis-
tency of the judgements and the immense amount
of time that was needed to be devoted to the pro-
cess of collecting annotations from participating
teams. Annotations for different language pairs
were provided by different parties with their pool
of annotators of distinct profiles as summarized in
Table 8.

Charles University provided annotators for
language pairs involving the Czech language,
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i.e. English—Czech and Ukrainian<+Czech. Their
annotators were linguists, translators, researchers
and students who are native speakers of the tar-
get language®® with high proficiency in the source
language.

University of Tartu provided the annotations
for Livonian<>English, with 15% of the Livonian-
speaking population participating in the annota-
tion efforts. All three participants were near-native
speakers of Livonian and participated in source-
based Livonian-English and English-Livonian an-
notations, as well as reference-based Livonian an-
notation.

The second annotator group was provided
by Toloka AI>® who collected annotations for
English—Russian and Russian<+Yakut. Toloka
Al is a global data labeling company that helps
its customers to generate machine learning data at
scale by harnessing the wisdom of the crowd from
around the world. It relies on a geographically di-
verse crowd of several million registered users>!
(Pavlichenko et al., 2021). Toloka tests proficiency
of their annotator crowd and excludes from future
annotations anyone who does not pass quality con-
trol in the Appraise tool.

The last part of annotations was sponsored by
Microsoft, who contributed with their pool of qual-
ified paid bilingual speakers experienced in the MT
evaluation process. Microsoft provided annotations
for English into Chinese, Croatian, German, and
Japanese, as well as Chinese—English as a com-
parison for reference-based evaluation described
above and MQM evaluated in Metrics shared task
(Freitag et al., 2022). For this pool of annotators,
their performance is tracked over time, and those
who fail quality control are permanently removed
from the pool. This process increases the overall
quality of the human assessment.

6.2 Sampling and Quality Control

In past WMT annotations, document-system pairs
were sampled randomly for annotation, resulting
in different subsets of the test set being annotated
for each system. This year we first randomly sam-
ple a subset of document snippets from each of
the domains for annotations, sampling the domains

»Some of Ukrainian—Czech annotators were not native
Czechs, but native Ukrainians with near-native knowledge of
Czech.

3Ohttps ://toloka.ai

Shttps://hackernoon. com/
evolution-of-the-data-production-paradigm-in-ai
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2: Some meaning preserved: The translation preserves some of the meaning of the source but misses significant parts. The narative is hard to follow
due to fundamental errors. Grammar may be poor

4: Most meaning preserved and few grammar mistakes: The translation retains most of the meaning of the source. It may have some grammar
mistakes or minor contextual inconsistencies

6: Perfect meaning and grammar: The meaning of the translation is completely consistent with the source and the surrounding context (f
applicable). The grammar is also correct

Sxpans uramotstes || Colispse s fams.

A Joint Aid for Dogs can be fed to all dogs from any age atthe ‘General
Support level to maintain free dom of movement and muscle condition
throughouttheir lives

Joint Aid for Dogs Wo3Ha AaBaTH BCi CobaKalt 6yb-
KOFO Biky 3 METOI0 SaransHol NIETPHNKH CEOBOMIM PYXIS Ta
CTaHy WASIE MPOTATOM YCHOTO XHTTR.

1

Reset
™ For elderly and working dogs or those showing reduced mus cle [InA CTapwx T2 NPauIOIOHX CODAK, @ TAKOX COBAK i3

mass, Joint Ald for Dogs is recommended to be fed atthe ‘Full SUpport  HWKeHOH0 W#30B0I0 acoio Joint Aid for Dogs
Tevel. DEKOMEH[IYETECA B AKOCTI NOBHOT NIATPHIKH.

V' Whatare the key benefits of using Joint Aid for Dogs?

FIKi 0CHOBHI NepeBarw BuKopHCTaKKA Joint Aid for Dogs?

V' -Maintains flexibiity of movement n all working and pet dogs
regardless of age, size andlevel of exercise

- MATDHMYE CEOBOAY PYXiB Y BCIX NpaLo0MX Ta
‘mowaunix cobak Hesanexwo BiA BiKy, PoSNIpy Ta pisHA
isHaHOTO HaBaHTaEHHS.

™ -Supports the formation of cartiage, tendons, ligaments, synovial
fluid and muscles.

- CrIpHAE CHOPYBaHHI0 XPALLIE, CYXOKMM, I8'AIOK,
CHHOBianLHOT pipHM Ta WASiE.

(a) Top part of the screen with segment-level scoring.

~ -Contains the unique Oatinol™ Delivery System to maintain a high
rate of nutrient absorption.

- Micrums ywixankHy cuctemy focTasku Oatinol™, ska
30€3Me 4y BHCOKY WBHIKICTE NOTTTHHGHH NIOXHBHAX
peosu

v -Contains highlevels of Omega 3 to support optimum health and
performance.

- MicTHTL BHCOKI DiBHi Omega 3 AN NATPHAKH
ONTHMANIEHOTO 310POB Ta ecbeKTHEHOCT.

v -Manufactured as palatable and easy-to-feed 2mm pellets - BUTOTOBMAETLCA Y BHITAAI CHAYHIX | SPYHAX TPaHYT

‘Aiawerpou 2 .

v -Can be fed o all dogs regardess of age, size or level of exercise. - MAXOAMTS AN BCIX COBAK HEIANEXHO BIA BIKY, POIMIDY

Ta piBHA CDISHIHOTO HABAHTAEHHS.

0: Nonsense/No meaning preserved: Nearly al information is lost between the translation and source. Grammar is irelevant
2: Some meaning preserved: The translation preserves some of the meaning of the source but misses significant parts. The narative is hard to follow
due to fundamental errors. Grammar may be poor

4: Most meaning preserved and few grammar mistakes: The translation retains most of the meaning of the source. It may have some grammar
mistakes or minor contextual inconsistencies

6: Perfect meaning and grammar- The meaning of the translation is completely consistent with the source and the surrounding context (if
applicable). The grammar is also correct

(b) Bottom part of the screen with document-level scoring.

Figure 1: Screen shot of the document-level DA+SQM configuration in the Appraise interface for an example assessment from
the human evaluation campaign for out of English language pairs. The annotator is presented with the entire translated document
snippet randomly selected from competing systems (anonymized) with preceding and following contexts and is asked to rate the
translation of individual segments and then the entire document on sliding scales.

Language pairs

Annotators’ profile

English—Chinese/Croatian/German/Japanese

English—Czech in English

English—Livonian
English—Russian/Ukrainian, Russian<>Yakut
Ukrainian<+Czech

Microsoft annotators: bilingual target-language native speakers, professional
translators or linguists, experienced in MT evaluation
Czech paid linguists, annotators, researchers, students with high proficiency

Livonian speakers
Toloka paid crowd: bilingual target-language native speakers
Paid translators and target-language native speakers

Table 8: Human annotator types for each language pair in bilingual human evaluation.

with approximately the same number of segments
per domain. We use document snippets with 10
consecutive segments, or fewer in the case of short
documents. In this way, all systems are annotated
over almost exactly the same subset of document
snippets.3> All HITs consists of exactly 100 seg-
ments and are generated as in the past: (1) first
snippet-system pairs are randomly sampled (from
the restricted set of pre-sampled snippets) with up
to 80 segments; (2) then random snippets with the

32For English—{Czech, German, Japanese, Russian,
Ukrainian, Chinese} and the additional Chinese—English
collection, all systems received annotations for all the sam-
pled snippets. For Czech— Ukrainian, Ukrainian—Czech,
English—Croatian, Yakut—Russian, and pairs including Livo-
nian, annotation coverage of sampled snippets was incomplete;
not all systems were scored over exactly the same set of seg-
ments.

remaining 20 (or more) segments are duplicated
to serve as quality control items; (3) BAD refer-
ences are introduced to the random segments in
the duplicated snippets to have about 12-14% of
quality control segments per HIT.*> BAD refer-
ences consist of segments in which an embedded
sequences of tokens is replaced from a randomly
placed phrase of the same length, sampled from a
different reference segment.

We perform quality control by measuring an an-
notator’s ability to reliably score BAD translations
significantly lower than corresponding original sys-
tem outputs using a paired significance test with
p < 0.05. We pair two HITs into a single annota-

3For full details, see the HIT and batch gener-
ation code: https://github.com/wmt-conference/
wmt22-news-systems
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Language Pair Sys. Assess. Assess/Sys
Chinese—English 14 26,800 1,914.3
Czech—Ukrainian 12 21,285 1,773.8
English—Czech 12 24,000 2,000.0
English—German 11 21,800 1,981.8
English—Croatian 10 19,046 1,904.6
English—Japanese 14 27,600 1,971.4
English—Livonian 6 3,903 650.5
English—Russian 12 46,675 3,889.6
English— Ukrainian 9 35,048 3,894.2
English—Chinese 14 27,800 1,985.7
Yakut—Russian 3 4,200 1,400.0
Ukrainian—Czech 12 14,622 1,218.5

Table 9: Amount of data collected in the WMT22 manual
evaluation campaign for evaluation out-of-English; including
human references as systems; after removal of quality control
items.

Language Pair Ann. HITs HITs/Ann.
Chinese—English 12 134 11.2
English—Czech 16 120 7.5
English—German 14 109 7.8
English—Croatian 13 96 7.4
English—Japanese 17 138 8.1
English—Chinese 8 139 17.4

Table 10: Numbers of individual annotators taking part in the
WMT22 human evaluation campaign and the average number
of HITs collected per annotator.

tion task with about 24-28 quality control segments
to ensure a sufficient sample size for the statisti-
cal test. If an annotator is not able to demonstrate
reliability on BAD references, they are excluded
from further annotations, the HITs are reset and
annotated from scratch by another annotator.*

In addition to the quality control items, because
this annotation is performed bilingually, reference
translations are also evaluated as though they were
submitted systems.

For language pairs where there was a concern
about having sufficient annotations, two smaller
batches of HITs were generated (such that at least
all segments in the first batch could be covered for
all systems, with the second campaign completed if
possible; in the case of translation between Czech
and Ukrainian, due to a large number of single-
sentence documents, larger documents were sam-
pled first).

6.3 Calibration HITs

For several language pairs (English— {Chinese,
Croatian, Czech, German, Japanese} and

The quality control in bilingual human evalua-
tion excluded 17 HITs in total: 1 Yakut—Russian,
2 English—Russian, 3 English—Ukrainian, 7
English—Livonian, 4 Czech<Ukrainian.
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Language Pair Min. Max. Med.
Chinese—English 0.03 0.77 0.40
English—Czech 0.15 0.81 0.49
English—German  -0.18 0.47 0.21
English—Croatian ~ 0.23 0.65 0.41
English—Japanese -0.11 0.68 0.24
English—Chinese  -0.13 0.56  0.16

Table 11: Minimum, maximum, and median Spearman’s
rank correlation coefficients between pairs of annotators on
calibration HIT segments.

Source-Based English— Livonian
(Official WMT22 ranking)

Rank Ave. Ave.z System
1 74.4 1.255 HUMAN-A
2 46.2 0.215 TAL-SITU
3-4 36.9 -0.147 HuaweiTSC
3-4 36.3 -0.175 TartuNLP
5 33.8 -0.262 Liv4ever
6 17.9 -0.853 NiuTrans

Ref.-Based English— Livonian

Rank Ave. Ave.z System
1 395 0499 TAL-SJITU
2-4  31.8 0.077 TartuNLP
2-4 31.5 0.051 Livdever
2-4  31.0 0.037 HuaweiTSC
5 183 -0.656 NiuTrans

Source-Based Livonian— English

Rank Ave. Ave.z System
1 81.7 1.009 HUMAN-A
2-3 60.3 0.257  TartuNLP
2-3 60.2 0.252 TAL-SJTU
4 50.4 -0.084 HuaweiTSC
5 41.3 -0.406 Liv4dever
6 23.1 -1.052 NiuTrans

Table 12: Three rankings for systems translating between
English and Livonian.

Chinese—English), we collect calibration HITs
in the DA+SQM interface: one identical HIT
with 100 randomly selected segments completed
by all annotators, in addition to their regular
annotation HITs. By providing a small set of
sentences annotated by all annotators, we are better
able to examine questions about inter-annotator
consistency. We release these alongside the other
annotations and the anonymized mapping between
annotators and HITs in order to enable additional
analysis.

Table 10 shows the number of unique annotators
for these languages, along with the total number
of HITs and average number of HITs per annota-
tor. For all pairs of annotators who completed both
a calibration HIT and additional HIT(s) within a
given language pair, we compute the Spearman’s
rank correlation coefficient between the two an-



notators’ scores of the segments in the calibration
HIT. Table 11 shows the minimum, maximum, and
median correlations obtained by pairs of annotators
for each language. These vary quite widely be-
tween languages, and we also note that across the
calibration HITs, annotators vary widely in their
use of the scoring space and the shape of their score
distributions. Even within the same language pair
(i.e., scoring the exact same set of segments in the
calibration HIT), some annotators’ scores are dis-
tributed across most of the 0-100 scoring space,
some only produce scores above a certain thresh-
old, and some treat the scale as though it were
discretized according to the numerical scale shown
in the interface (clustering most of their scores at
the numerical marks the one can see in Figure 1).

6.4 Human Ranking Computation

The official rankings shown in Table 13 are gener-
ated on the basis of the segment-level DA+SQM
scores that are collected within document snippet
context for all language pairs.>> The quality con-
trol (BAD) segments and any HITs that failed to
pass quality control are removed prior to comput-
ing the rankings. Means and standard deviations
for computing z-scores are computed at the HIT
level. To compute system-level averages (both raw
and z-score), any instances of multiple scores for
the same segment are first averaged together, then
all segment-level scores are averaged per system
to compute the system-level scores. The clusters
are computed using the Wilcoxon rank-sum test
with p < 0.05. Rank ranges indicate the number
of systems a particular system underperforms or
outperforms (i.e., the top end of the rank range is
{ + 1 where [ is the number of losses, while the
bottom is n — w where n is the total number of
systems and w is the number of systems that the
system in questions significantly wins against).
The rankings for translation between Livonian
and English shown in Table 12 are computed in the
same manner described above, but because the test
set does not include document boundaries the data
was collected without document context and some
of the data collection was source-based while other
portions were reference-based. As the official rank-
ing for English—Livonian we consider the ranking
computed from source-based human evaluation.

®The code used to generate the rankings in Ta-
ble 13 can be found here: https://github.com/
AppraiseDev/Appraise/blob/main/Campaign/
management/commands/ComputeWMT21Results.py
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6.5 Comparison of Human Evaluation
Methods

In collaboration with the metrics shared task (Fre-
itag et al., 2022), human annotation data for the
Chinese—English direction was collected using
three different approaches: the official monolingual
reference-based SR+DC DA (Section 5, Table 7),
the source-based fully document-level DA+SQM
approach used for out-of-English and non-English
directions (Section 6), and the Multidimensional
Quality Metrics (MQM) framework (Freitag et al.,
2021, 2022). We present the rankings produced by
the three approaches in Table 14.

The DA rankings produced large clusters only
for this language pair; that is, it was not possible to
separate the performance into many system clusters
with statistical significance. It is also important to
note that the set of data over which each of these
rankings was produced may have differed (e.g., the
distribution over topic domains or the amount of
coverage of the full test set), making it difficult to
determine whether these differences in rankings
represent differences due to data or due to different
annotation methods.

7 Manual Error Analysis of
English— Croatian translations

In addition to the official human evaluation by
assigning DA scores, an analysis of errors in
English—Croatian translations was carried out by
an MT researcher with experience in human trans-
lation. The evaluation was carried out bilingually,
while looking at the original English segment and
all of its translations, both machine and human, all
mixed together in a random order. The segments
were presented in the natural order in the document,
and the entire document (news article or review)
was available by scrolling down or up.

The analysis was performed on the first 100
documents (80 reviews and 20 news articles),
containing 603 segments (416 in reviews and
187 in news). All 14 review topics mentioned in
Section 2.4 are included, although not uniformly
distributed. The annotations are publicly available
at  https://github.com/wmt-conference/
wmt22-news-systems/humaneval/en-hr/.

The errors were not coupled to any quality crite-
rion (adequacy, fluency, readability) — all problem-
atic words found in the translations were tagged
as errors, no matter whether they are related to the
source language, or are specific to the target lan-
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English— Chinese

Range Ave. Ave.z System
1 81.7 0.154 HUMAN-A
2-5 819 0.099 Online-W
English— Czech 2-5 809 0.074 HUMAN-B
Range Ave. Ave.z System 2-9 80.3 0.073 JDExploreAcad.
1 912 0335 HUMAN-C 2-7 79.7 0.026 Online-Y
7909 0279 Online-W 4-11 80.0 0.020 Lan-Bridge
3 88.6 0.158 JDExploreAcad. 4-11 785 0.019 Manifold English— Croatian
4-6 853 0.045 Online-B 5-12 79.4 —0.012 LanguageX Range Ave. Ave. z System
7-10 84.2 —0.059 CUNI-Bergamot 8-12 79.6 —0.043 HuaweiTSC 23 920 0232 Online-B
7-10 83.7 —0.074 CUNI-DocTransf. _ 012 79.0 —0.045 AISP-SITU 4 912 0155 Lan-Bridec
7-10 84.0 —0.087 Online-A 13-14 77.5 —0.150 DLUT 3.8 88.5 70.018 Onli Ag
7-10 83.2 —0.128 CUNI-Transf. 13-14 772 —0.153 Online-G 5.8 87.3 _0.057 Hn 1ne-.T
- . . uaweiTSC
11-12 83.3 —0.258 Online-G 3-8 885 —0.068 SRPOL
11-12 80.8 —0.310 Online-Y English—German 5-8 87.0 —0.094 NiuTrans
Range Ave. Ave.z System 9 845 —0.333 Online-G
Czech— Ukrainian 1-6 939 0.116 HUMAN-A 10 82.3 —0.414 Online-Y
Range Ave. Ave.z System %'i ggg 8%82 81'1%@6']\3&]
1 856 0295 HUMAN-A - . - nline- ; _—
75 846 0225 Online-B 1-5 924 0.071 JDExploreAcad. R English—Ukrainian
53 841 0151 AMU 3.7 938 0.05] HUMAN-B ange Ave. Ave.z System
3-6 825 0.125 Lan-Bridge 5-9 93.6 0.015 Lan-Bridge I 7 01 T
36 8.1 0.065 HuaweiTSC 4-9 91.1 —0.019 Online-A 2-4 840 0.124 Online-B
4-8 819 0.062 CharlesTranslator 6-11 92.2 —0.054 Online-Y 2 ) G Lan.-Brldge
6-8 802 0.26 CUNI-JL-TH 6-11 932 —0.066 Online-G 24 8.5 0092 Online-G
6-8 80.2 —0.002 CUNL-Transt. 811 90.8 —0.110 PROMT SN2 R RO e
9-10 79.8 —0.008 Online-G 8-11 89.9 —0.189 OpenNMT 5-7 82.0 —0.037 HuawelTSC
9-10 79.2 —0.075 Online-A o7 505 D19 elranslation
11 76.0 —0.257 Online-Y English—>Japanese 8-9 798 70233 Alnzglj\lKUA
12 684 —0.669 ALMAnaCH-Inria Range Ave. Ave.z System
T 863 0218 HUMAN-A . L
Ukrainian—Czech 2-11 841 0.103 NT5 English—Livonian
Range Ave. Ave.z System 2-9 83.6 0.099 LanguageX Range Ave. Ave.z System
T 896 0417 HUMAN-A 29 843 0.093 JDExploreAcad. 1 744 1255 HUMAN-A
33 856 0182 AMU 2-8 843 0.087 Online-B 2 462 0215 TAL-SJITU
24 835 0.148 HuaweiTSC 29 839 0078 DLUT 344 369 -0.147 HuaweiTSC
4-8 83.5 0.127 Lan-Bridge 2-11 832 0.058 Online-Y 3-4 363 -0.175 TartuNLP
3-8 820 0.110 CUNI-Transf. 3-11 829 0.022 Lan-Bridge 5 338 -0.262 Livdever
4-8 825 0.082 CharlesTranslator ~ 6-11 829  0.018 Online-A 6 17.9 -0.853 NiuTrans
4-8 814 0.052 CUNI-JL-TH 2-11 83.3  0.004 NAIST-NICT-TIT
4-8 819 0.042 Online-B 11-12 81.9 —0.027 AISP-SITU
9-10 80.0 -0.101 Online-A 6-12 83.0 —0.029 Online-W
9-10 77.5 -0.138 Online-G 13 79.5 —0.311 Online-G
11 739 -0.351 Online-Y 14769 —0434 KYB
12 69.2 -0.617 ALMAnaCH-Inria
English—Russian
Yakut— Russian Range Ave. Ave.z System
Range Ave. Ave.z System 1-2 873 0.222 Online-W
1 71.3 0.708 HUMAN-A 1-2 86.6 0.194 HUMAN-A
2 54.6 0.178 Online-G 3-5 86.0 0.136 Online-G
3 16.0 —0.873 Lan-Bridge 3-5 844 0.131 Online-B
3-5 84.2 0.096 JDExploreAcad.
6-7 843 0.046 Lan-Bridge
6-7 82.5 0.005 Online-Y
8-10 80.7 —0.086 Online-A
8-11 81.0 —0.123 PROMT
8-11 79.5 —0.159 SRPOL
9-12 79.6 —0.203 HuaweiTSC
11-12 79.4 —0.220 eTranslation

Table 13: Official results of WMT22 General Translation Task for translation out of English or without English. Systems
ordered by DA score z-score; systems within a cluster are considered tied; lines indicate clusters according to Wilcoxon rank-sum
test p < 0.05; rank ranges indicate the number of systems a system significantly underperforms or outperforms; grayed entry
indicates resources that fall outside the constraints provided. All language pairs except English—Livonian used document-level

evaluation.
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guage, or both. There was no distinction of error
severity (“major”, “minor” or similar).

All identified errors (issues) were tagged by their
possible causes and/or plausible explanations of
their origin, as in (Popovic, 2021). Some of the
identified “issue types" are equivalent to the typical
error classes that can be found in MQM or similar
schemes (such as “mistranslation”, “gender”, etc.),
while some go beyond that, often including several
different intertwining types of errors. Some of them
involve single words, while others might involve
a large group of words. The main difference be-
tween such tags in comparison to MQM or similar
tags is that they are related to (linguistically mo-
tivated) causes of errors, also taking into account
differences between source and target language as
well as the translation process, and not only to the
“symptoms”” manifested in the MT output.

For example, the most frequent issue is related
to “rephrasing”, and refers to a sequence of words
that is not translated properly for some of the fol-
lowing reasons: 1) the translation of the source
words follows the structure of the source language
although it should be expressed differently in the
target language (rephrasing is needed); 2) rephras-
ing is needed but incorrectly applied; 3) rephrasing
is not needed but is applied, and/or 4) the choice of
target words is related to source words but seems
random, both in lexical as well as grammatical
terms. The issue is manifested by several consecu-
tive different but intertwined types of errors such
as case, gender, verb form, mistranslation, function
word, omission, addition, word order, etc. Incorrect
translation of multi-word expressions and colloca-
tions falls under this type.

Overall error rates Table 15 presents the aggre-
gated error rates for each translation, calculated
as the number of words which were tagged as any
type of error divided by the total number of words
in the text. Thus, the interpretation of, for example,
the overall error rate of 12.76% for the MT sys-
tem ONLINE-B is that about 12-13 incorrect words
were found in each group of 100 words. The error
rates are presented for the entire analysed text, as
well as separately for the two domains. The trans-
lations are ranked from the lowest to the highest
overall error rate.

The ranking is similar to the official direct as-
sessment results presented in Table 13, however
there are some different tendencies. The main dif-
ference is the preference for human translations
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— error rates exhibit a clear preference for human
translations over MT outputs. While both scores
agree on the four best translations (two human and
two MT outputs), error rates clearly distinguish
the two human translations with about 10% less er-
rors than in the best MT output. Direct assessment
scores, however, are all close, ranging from 93.7 to
91.2, and even put student translations at the same
rank as the best MT output. The same tendency
has been reported in Freitag et al. (2021), where
the MQM error annotation on English—German
and Chinese—English translations clearly distin-
guished human translations from MT outputs, con-
trary to direct assessment scores. These findings
indicate that for evaluating human translations in
any context (comparing different human transla-
tions, comparing with MT outputs), some kind of
error annotation should be performed.

Another potentially interesting difference is the
system ONLINE-G, which is clearly ranked as sec-
ond worst by direct assessment, but less clearly as
third worst by error annotation. A potential reason
is the different nature of errors in different MT sys-
tems discussed below. Other differences between
the two rankings affect only the mid-range systems
which have very close scores in both set-ups.

It can be seen that errors were detected both in
human and in machine translations, although the
error rates are notably lower in human translations.
Overall error rate is lower than 1% for professional
translations and lower than 3% for students’ trans-
lations, while in MT outputs, the overall error rates
range from 12 to 22%.

In human translations, error rates are similar for
both domains. In MT outputs, however, the error
rates are notably higher for reviews than for news,
which is not surprising given that there are much
less training resources for reviews. Furthermore,
it can be noted that the rankings would be slightly
different if only one of the domains were used: NI-
UTRANS would be ranked higher on news while
ONLINE-G would be ranked higher on reviews and
HUAWEITSC would be ranked lower. Neverthe-
less, those variations in rankings can be observed
only for the mid-ranged systems where differences
in error rates are small anyway.

Comparing machine and human translations
Table 16 presents issue types identified in machine
and in human translations and their corresponding
error rates. In addition, the distribution between
the two domains is presented for each, meaning



SR+DC DA DA+SQM MQM

Rank Ave. Ave.z Order , Range Ave. Ave.z Order , MQM score Order
HUMAN-A - - - - 1-3 824 0.137 1 1.223 1
HUMAN-B 1 734 0.134 1 8-12 80 -0.029 9 1.997 2
JDExploreAcademy 2 698 -0.026 2 3-7 815 0.048 6 2.827 6
HuaweiTSC 2 69 -0.034 3 3-7 80.7 0.056 5 3.089 8
AISP-SJITU 2 69.1 -0.063 4 8-10 80.8 -0.013 8 3.187 9
LanguageX 2 692 -0.079 5 1-6 82 0.109 2 2.738 5
Online-A 2 69.7 -0.083 6 9-14 79.1 -0.078 10 3.731 11
DLUT 2 68.6 -0.083 7| 11-14 79 -0.181 14 - -
Online-B 2 674 -0.089 8 1-3 819 0.1 3 2.714 4
Online-G 2 699 -0.098 9 3-7 814  0.065 4 2.933 7
Online-W 2 665 -0.109 10 9-14 784 -0.098 12 3.953 12
Lan-Bridge 2 653 -0.117 11 4-7 81  0.041 7 2.471 3
Online-Y 2 665 -0.122 12 8-12 79.6 -0.086 11 3.281 10
NiuTrans 2 663 -0.164 13| 11-14 79 -0.107 13 - -

Table 14: Comparison of three methods of generating human annotations and rankings. Note that each method used different
subsets of the test data, and the DA approaches only produced weak clusterings.

en—hr error rate (%) |
translation overall [ news  reviews
HT  professionals 0.71 0.86 0.60
students 2.43 2.23 2.59
MT  online-B 12.76 11.19 13.98
Lan-Bridge 13.42 | 11.46 14.95
" HuaweiTSC || 17.39 | 12.87 = "20.83 |
online-A 17.69 14.30 20.29
SRPOL 17.96 14.55 20.56
online-G 18.43 16.60 19.80
NiuTrans 18.99 | 13.51 23.15
“online-Y || 2151 | 1848 "23.82 |

Table 15: Percentage of words marked as errors (error rate)
in all translations: two human translations (by professional
translators and by students) and eight machine translation hy-
potheses. The percentages are presented for the entire text
(overall) and separately for news and for reviews. The trans-
lations are ranked from best to worst according to the overall
error rate. Bold values indicate domain-specific ranks which
are different from the overall rank.

that, for example, 32.2% of all rephrasing errors
are found in news and 67.8% in reviews. Issue
types are ranked according to their percentage in
MT outputs.

The most prominent issues in MT outputs are
similar to those reported in in (Popovic, 2021):
rephrasing (described at the beginning of the sec-
tion), ambiguity (different meanings of a word in
different contexts), noun phrases (sequences of
nouns and possibly adjectives) and omissions (ei-
ther a part of the source text is omitted or something
is missing in the target language), with the error
rates ranging from 1% to 5%. Interestingly, the
same issue types are the most frequent issues in hu-
man translations, too, although with much smaller
error rates (less than 0.4%).

The majority of issue types in MT outputs is
found more frequently in reviews than in news, al-
though the differences vary. From the most promi-
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nent issues, only noun phrase errors are slightly
more frequent in news. In human translations, the
distribution of issue types between the two domains
is more even, although the most prominent four are
more frequent in reviews.

Somewhat surprisingly, hallucination errors
were identified in the human translation of news.
Further manual inspection revealed that in one
sentence, a phrase not related to any part of the
source text indeed appears in the professional trans-
lation. The probable reason is a somewhat specific
financial term “like-for-like" meaning “financial
growth". The source sentence “Drink-led pubs
and bars performed by far the strongest with like-
for-likes up more than restaurants were down."
ended up translated as “Drink-led pubs and bars
performed by far the strongest, while pubs and
bars selling both drinks and food had more up
than restaurants were down". The translator proba-
bly did not recognise the term and assumed that it
refers to something similar to the previously men-
tioned “drink-led pubs and bars", so they added
the phrase about ‘pubs and bars selling both drinks
and food” which were not mentioned whatsoever
in the source. Without this hallucination, all error
rates (overall, news and reviews) for professional
translations presented in Table 15 would be 0.60%.

Comparing MT systems Table 17 presents the
most frequent issue types (with error rate greater
than 1%, or, in other words, which were found at
least once in each 100 words) in each of the eight
MT outputs. The outputs are ranked from best to
worst according to the overall error rate (Table 15).
For each issue type, its overall error rate together
with the separated error rates in news and reviews



en—hr MT outputs human translations
error % of the issue type error % of the issue type

issue type || rate % | innews | inreviews || rate % | innews | inreviews
rephrasing 5.12 322 67.8 0.27 47.9 52.1
ambiguity 3.38 32.8 67.2 0.21 27.0 73.0
noun phrase 2.55 53.6 46.4 0.14 20.8 79.2
omission 1.22 48.0 52.0 0.37 46.9 53.1
named entity 0.86 47.4 52.6 0.05 50.0 50.0
verb form 0.86 31.3 68.7 0.06 80.0 20.0
gender 0.85 27.3 72.7 0.05 0 100
pron/det 0.64 12.7 87.3 0.02 0 100
preposition 0.54 42.0 58.0 0.07 69.2 30.8
untranslated 0.52 17.0 83.0 0.07 154 84.6
case 0.50 37.9 62.1 0.11 73.7 26.3
mistranslation 0.48 38.1 61.9 0.07 61.5 385
addition 0.43 14.8 85.2 0.01 0 100
source 0.34 2.6 97.4 0.02 0 100
order 0.28 33.7 66.3 0.03 66.7 333
non-existing 0.25 35.6 64.4 0.04 0 100
passive 0.19 534 46.6 0.01 0 100
number 0.17 24.1 759 0.01 0 100
-ing 0.16 59.5 40.5 0.01 0 100
rel. phrase 0.09 66.7 333 0 0 0
POS ambiguity 0.08 34 96.6 0 0 0
hallucination 0.07 30.8 69.2 0.06 100 0
negation 0.06 0 100 0 0 0
repetition 0.02 43.8 56.2 0.01 100 0

Table 16: Identified issues in all MT hypotheses and in both HT references: error rate together with the distribution between
news and reviews. The issue types are ordered by their percentage in MT hypotheses. Bold values indicate the domain with the

higher amount of a particular issue type.

18 shown.

First, it can be noted that in the two best-ranked
systems, there are three clearly predominant issue
types for both domains: rephrasing, ambiguity and
noun phrase. These three issue types are predom-
inant in other systems, too, however with higher
error rates.

Furthermore, for all systems, rephrasing errors
and ambiguity problems are more frequent in re-
views, whereas noun phrase errors are more fre-
quent in news. Also in all systems, there are slightly
more omissions in news than in reviews.

When looking at lower ranked systems, it can be
noted that not only the error rates for the generally
most prominent issue types increase, but also more
error types emerge: incorrect verb forms, incorrect
gender and problems with pronouns or determiners
in reviews.

The most interesting system is ONLINE-G: while
the rephrasing error rate is only slightly worse than
the two best-ranked systems, and ambiguity and
noun phrase errors are also not much worse than
some of the higher-ranked systemes, it is the only
system with notable problems with named entities
(more than 2%) and mistranslations (more than 1%)
in both domains, as well as generating non-existing
words in reviews (more than 1%). This specific
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distribution of error types could be the reason that
this system was clearly ranked as the second worst
by direct assessment, although it has similar error
rate as some other systems.

In the lowest-ranked systems, apart from the
higher error rates for all common issue types, the
appearance of untranslated words in reviews can
be noted in NTUTRANS, and problems with named
entities in news in ONLINE-Y.

Apart from the described quantitative analysis, a
qualitative inspection of the translation showed, as
can be expected, that the MT outputs generally are
close to the source language, without divergences.
Nevertheless, some very creative and very nice
machine translations were found, too.

Comparing human translations Table 18
presents the most frequent issue types (with error
rate greater than 0.1%, or in other words, that were
found at least once in each 1000 words) in each of
the two human translations. The translations are
ranked from best to worst according to the overall
error rate (Table 15). For each issue type, its overall
error rate together with the separated error rates in
news and reviews is shown.

First, it can be noted that the most frequent error
in both human translations in omission, being more
frequent in student translations. The second issue



en—hr: MT hypotheses
most frequent error rate |
MT system issue types || overall [ news [ reviews
online-B rephrasing 4.14 | 2.87 5.13
ambiguity 252 | 195 2.96
noun phrase 1.86 | 2.77 1.15
Lan-Bridge rephrasing 433 | 298 5.38
ambiguity 262 | 2.03 3.08
noun phrase 2.01 | 290 1.31
HuaweiTSC rephrasing 549 | 397 6.65
ambiguity 343 | 243 4.19
noun phrase 264 | 277 2.54
omission 1.04 1.23 <1
verb form <1 <1 1.04
gender <1 <1 1.10
online-A rephrasing 5.06 | 3.68 6.12
ambiguity 385 | 2.99 4.50
noun phrase 2.88 | 3.20 2.63
omission 1.11 1.38 <1
gender <1 <1 1.18
SRPOL rephrasing 533 | 4.12 6.25
ambiguity 3.82 | 2.69 4.68
noun phrase 2.69 | 3.25 2.26
omission 1.44 1.52 1.38
verb form <1 <1 1.00
pron/det <1 <1 1.08
online-G rephrasing 459 | 354 5.38
ambiguity 3.06 | 2.33 3.61
noun phrase 2.17 | 3.28 1.33
named entity 2.11 | 2.59 1.75
omission 1.41 1.61 1.26
mistranslation 1.37 1.11 1.57
non-existing 1.06 <1 1.32
verb form <1 <1 1.22
gender <1 <1 1.04
pron/det <1 <1 1.16
NiuTrans rephrasing 576 | 4.14 6.99
ambiguity 330 | 2.29 4.08
noun phrase 2.84 | 293 2.77
omission 1.69 | 1.78 1.63
gender 1.03 <1 1.45
verb form <1 <1 1.24
untranslated <1 <1 1.14
pron/det <1 <1 1.18
online-Y rephrasing 6.26 | 5.08 7.16
ambiguity 443 | 3.5 4.95
noun phrase 329 | 4.07 2.70
omission 1.32 1.49 1.20
verb form 1.15 <1 1.32
named entity 1.14 | 1.38 <1
gender 1.13 <1 1.42
pron/det <1 <1 1.18

Table 17: The most frequent issue types (error rate > 1%)
in each of the eight MT hypotheses separately, overall as
well as separately for news and reviews. The hypotheses are
ranked from best to worst according to the overall error rate
(Table 15).
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en—hr: human translations

most frequent error rate .
issue types || overall | news | reviews
prof. omission 0.20 | 0.13 0.25
rephrasing 0.14 | 0.18 0.10
hallucination 0.11 | 0.26 0
stud. omission 0.54 | 0.64 0.45
rephrasing 041 | 041 0.41
ambiguity 0.37 | 0.23 0.47
noun phrase 0.25 | 0.13 0.35
case 0.14 | 0.18 0.10
untranslated 0.14 | <0.1 0.21
mistranslation 0.13 | 0.15 0.10
preposition 0.11 | 0.15 <0.1
verb form <0.1 | 0.18 <0.1
order <0.1 | 0.10 <0.1
named entity <0.1 | 0.10 <0.1
non-existing <0.1 0 0.14
gender <0.1 | <0.1 0.14

Table 18: The most frequent issue types (error rate > 0.1%)
in each of the two human reference translations separately,
overall as well as separately for news and reviews. The trans-
lations are ranked from best to worst according to the overall
error rate (Table 15).

type is rephrasing, also more frequent in student
translations. The third ranked issue in professional
translations are hallucinations, which is discussed
in one of the previous paragraphs. For students, the
third ranked issue are ambiguous words, apparently
more problematic in reviews.

Furthermore, a number of issue types with error
rate larger than 0.1% in student translations are less
frequent or even not appearing at all in professional
translations.

Apart from the described quantitative analysis, a
qualitative inspection of the translation showed that
students generally diverged more from the source
language than professionals, which is the opposite
of what could be intuitively expected. This is the
probable reason that for all MT outputs, both auto-
matic metrics, COMET and CHRF, are lower when
calculated using student references.

8 Conclusions

The General Machine Translation Task at WMT
2022 covered 21 translation pairs, 15 of which had
English on the source or target side and 6 were
without English. Direct assessment (DA) was the
main golden truth, although the style varied across
language pairs. Into-English translation was evalu-
ated against human reference translation, preserv-
ing the order of sentences in a document but not
presenting the whole document at once (SR+DC).
Out-of-English and non-English pairs offered the
context to the annotators and allowed them to re-



visit the scores assigned to individual segments
(DA+SQM), evaluating against the source.

9 Limitations

We opened a research question of testing general
capabilities of MT systems. However, we have
simplified this approach. Firstly, we only used four
domains that are not specialized. Secondly, we
used only cleaner sentences avoiding noisy in the
source sentences.

Although we accept human judgement as a gold
standard, giving us more reliable signal than au-
tomatic metrics, we should mention that human
annotations are noisy (Wei and Jia, 2021) and their
performance is affected by quality of other eval-
vated systems (Mathur et al., 2020). Moreover,
reference-based human judgements are biased by
the quality of references.

The error analysis of Croatian translations was
carried out by one evaluator. Also, the selected
sample is different than the one used for direct
assessment.

10 Ethical consideration

Several of the domains contained texts that in-
cluded personal data, for example the conver-
sational data (See Section 2.5 for more de-
tails). Entities were replaced by anonymisation
tags (e.g. #NAME#, #EMAIL#) to preserve the
anonymity of the users behind the content.

The sentences in Ukrainian datasets (as de-
scribed in Section 2.4) were collected with users’
opt-in consent and any personal data related
to people other than well-known people was
pseudonymized (using random first names and
surnames). Sentences where such pseudonymiza-
tion would not be enough to preserve reasonable
anonymity of the users (e.g. describing events
uniquely identifying the persons involved) were
not included in the test set.

As described in Section 2.2 and in the linguis-
tic brief (Appendix Section C), inappropriate, con-
troversial and/or explicit content was filtered out
prior to translation, particularly keeping in mind the
translators and not exposing them to such content
or obliging them to translate it. A few sentences
containing explicit content managed to escape the
filter, and we removed these sentences from the test
sets without translation.

Human evaluation using Appraise for collecting
human judgements was fully anonymous. Auto-
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matically generated accounts associated with an-
notation tasks with single-sign-on URLs were dis-
tributed randomly among pools of annotators and
did not allow for storing personal information. For
language pairs for which we used calibration HITs,
we received lists of tasks completed by an individ-
ual anonymous annotator.

Acknowledgments

This task would not have been possible without the
sponsorship of monolingual data, test sets trans-
lation and evaluation from our partners. Namely
Microsoft, Charles University, Toloka, NTT Reso-
nant, LinguaCustodia, Webinterpret, Google, Cy-
berAgent, and Phrase. This work was supported by
the European Commission via its H2020 Program
(project WELCOME, contract no. 870930) and by
20-16819X (LUSyD). We greatly appreciate the
help of Jaroslava Hlavacova, Lucie Poldkova, Pavel
Pecina, and Mariia Anisimova with preparation of
the Ukrainian<+>Czech testset. Additionally, we
would like to thank Loic Barrault, Markus Freitag,
Jests Gonzales Rubio, Marcin Junczys-Dowmunt,
Raheel Qader, Matiss Rikters and many others.

Rachel Bawden’s participation was funded by
her chair position in the PRAIRIE institute funded
by the French national agency ANR as part of the
“Investissements d’avenir” programme under the
reference ANR-19-P31A-0001.

Maja Popovi¢’s participation was funded by the
ADAPT SFI Centre for Digital Media Technology,
funded by Science Foundation Ireland through the
SFI Research Centres Programme and co-funded
under the European Regional Development Fund
(ERDF) through Grant 13/RC/2106.

Michal Novék’s and Martin Popel’s participation
was funded by LM2018101 (LINDAT/CLARIAH-
CZ) of the Ministry of Education, Youth, and
Sports of the Czech Republic.

Yvette Graham’s participation was supported
by the ADAPT Centre for Digital Content Technol-
ogy (www.adaptcentre.ie) at Trinity College Dublin
funded under the SFI Research Centres Programme
(Grant 13/RC/2106) co-funded under the European
Regional Development Fund.

References

Farhad Akhbardeh, Arkady Arkhangorodsky, Mag-
dalena Biesialska, Ondfej Bojar, Rajen Chatter-
jee, Vishrav Chaudhary, Marta R. Costa-jussa,



Cristina Espafia-Bonet, Angela Fan, Christian Fe-
dermann, Markus Freitag, Yvette Graham, Ro-
man Grundkiewicz, Barry Haddow, Leonie Harter,
Kenneth Heafield, Christopher Homan, Matthias
Huck, Kwabena Amponsah-Kaakyire, Jungo Kasai,
Daniel Khashabi, Kevin Knight, Tom Kocmi, Philipp
Koehn, Nicholas Lourie, Christof Monz, Makoto
Morishita, Masaaki Nagata, Ajay Nagesh, Toshiaki
Nakazawa, Matteo Negri, Santanu Pal, Allahsera Au-
guste Tapo, Marco Turchi, Valentin Vydrin, and Mar-
cos Zampieri. 2021. Findings of the 2021 conference
on machine translation (WMT21). In Proceedings of
the Sixth Conference on Machine Translation, pages
1-88, Online. Association for Computational Linguis-
tics.

Jesujoba Alabi, Lydia Nishimwe, Benjamin Muller,
Camille Rey, Benoit Sagot, and Rachel Bawden.
2022. Inria-almanach at wmt 2022: Does tran-
scription help cross-script machine translation? In
Proceedings of the Seventh Conference on Machine
Translation, Online. Association for Computational
Linguistics.

Antonios Anastasopoulos, Loic Barrault, Luisa Ben-
tivogli, Marcely Zanon Boito, Ondfej Bojar, Roldano
Cattoni, Anna Currey, Georgiana Dinu, Kevin Duh,
Maha Elbayad, Clara Emmanuel, Yannick Esteve,
Marcello Federico, Christian Federmann, Souhir
Gahbiche, Hongyu Gong, Roman Grundkiewicz,
Barry Haddow, Benjamin Hsu, David Javorsky,
Véra Kloudova, Surafel Lakew, Xutai Ma, Prashant
Mathur, Paul McNamee, Kenton Murray, Maria
Nédejde, Satoshi Nakamura, Matteo Negri, Jan
Niehues, Xing Niu, John Ortega, Juan Pino, Eliz-
abeth Salesky, Jiatong Shi, Matthias Sperber, Se-
bastian Stiiker, Katsuhito Sudoh, Marco Turchi, Yo-
gesh Virkar, Alexander Waibel, Changhan Wang,
and Shinji Watanabe. 2022. Findings of the IWSLT
2022 evaluation campaign. In Proceedings of the
19th International Conference on Spoken Language
Translation (IWSLT 2022), pages 98—157, Dublin,
Ireland (in-person and online). Association for Com-
putational Linguistics.

George Awad, Asad Butt, Keith Curtis, Yooyoung Lee,
Jonathan Fiscus, Afzal Godil, Andrew Delgado, Jesse
Zhang, Eliot Godard, Luca Diduch, Alan F. Smeaton,
Yvette Graham, and Wessel Kraaij. 2019. Trecvid
2019: An evaluation campaign to benchmark video
activity detection, video captioning and matching,
and video search & retrieval. In Proceedings of
TRECVID, volume 2019.

Marta Bafién, Pinzhen Chen, Barry Haddow, Kenneth

Heafield, Hieu Hoang, Miquel Espla-Gomis, Mikel L.
Forcada, Amir Kamran, Faheem 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 acqui-
sition of parallel corpora. In Proceedings of the 58th
Annual Meeting of the Association for Computational
Linguistics, pages 4555-4567, Online. Association
for Computational Linguistics.

22

Loic Barrault, Magdalena Biesialska, Ondfej Bo-

jar, Marta R. Costa-jussa, Christian Federmann,
Yvette Graham, Roman Grundkiewicz, Barry Had-
dow, Matthias Huck, Eric Joanis, Tom Kocmi,
Philipp Koehn, Chi-kiu Lo, Nikola Ljubesi¢, Christof
Monz, Makoto Morishita, Masaaki Nagata, Toshi-
aki Nakazawa, Santanu Pal, Matt Post, and Marcos
Zampieri. 2020. Findings of the 2020 conference on
machine translation (WMT20). In Proceedings of
the Fifth Conference on Machine Translation, pages
1-55, Online. Association for Computational Linguis-
tics.

Loic Barrault, Ondfej Bojar, Marta R. Costa-jussa,

Christian Federmann, Mark Fishel, Yvette Gra-
ham, Barry Haddow, Matthias Huck, Philipp Koehn,
Shervin Malmasi, Christof Monz, Mathias Miiller,
Santanu Pal, Matt Post, and Marcos Zampieri. 2019.
Findings of the 2019 conference on machine trans-
lation (WMT19). In Proceedings of the Fourth Con-
ference on Machine Translation (Volume 2: Shared
Task Papers, Day 1), pages 1-61, Florence, Italy. As-
sociation for Computational Linguistics.

Ondfej Bojar, Christian Buck, Chris Callison-Burch,

Christian Federmann, Barry Haddow, Philipp Koehn,
Christof Monz, Matt Post, Radu Soricut, and Lucia
Specia. 2013. Findings of the 2013 Workshop on
Statistical Machine Translation. In Proceedings of
the Eighth Workshop on Statistical Machine Trans-
lation, pages 1-44, Sofia, Bulgaria. Association for
Computational Linguistics.

Ondfej Bojar, Christian Buck, Christian Federmann,

Barry Haddow, Philipp Koehn, Johannes Leveling,
Christof Monz, Pavel Pecina, Matt Post, Herve Saint-
Amand, Radu Soricut, Lucia Specia, and Ale§ Tam-
chyna. 2014. Findings of the 2014 workshop on
statistical machine translation. In Proceedings of the
Ninth Workshop on Statistical Machine Translation,
pages 12-58, Baltimore, Maryland, USA. Associa-
tion for Computational Linguistics.

Ondrej Bojar, Rajen Chatterjee, Christian Federmann,

Yvette Graham, Barry Haddow, Shujian Huang,
Matthias Huck, Philipp Koehn, Qun Liu, Varvara
Logacheva, Christof Monz, Matteo Negri, Matt Post,
Raphael Rubino, Lucia Specia, and Marco Turchi.
2017. Findings of the 2017 conference on machine
translation (WMT17). In Proceedings of the Second
Conference on Machine Translation, pages 169-214,
Copenhagen, Denmark. Association for Computa-
tional Linguistics.

Ondfej Bojar, Rajen Chatterjee, Christian Federmann,

Yvette Graham, Barry Haddow, Matthias Huck, An-
tonio Jimeno Yepes, Philipp Koehn, Varvara Lo-
gacheva, Christof Monz, Matteo Negri, Aurélie
Névéol, Mariana Neves, Martin Popel, Matt Post,
Raphael Rubino, Carolina Scarton, Lucia Specia,
Marco Turchi, Karin Verspoor, and Marcos Zampieri.
2016. Findings of the 2016 conference on machine
translation. In Proceedings of the First Conference



on Machine Translation: Volume 2, Shared Task Pa-
pers, pages 131-198, Berlin, Germany. Association
for Computational Linguistics.

Ondfej Bojar, Rajen Chatterjee, Christian Federmann,

Barry Haddow, Matthias Huck, Chris Hokamp,
Philipp Koehn, Varvara Logacheva, Christof Monz,
Matteo Negri, Matt Post, Carolina Scarton, Lucia
Specia, and Marco Turchi. 2015. Findings of the
2015 workshop on statistical machine translation. In
Proceedings of the Tenth Workshop on Statistical
Machine Translation, pages 1-46, Lisbon, Portugal.
Association for Computational Linguistics.

Ondfej Bojar, Christian Federmann, Mark Fishel, Yvette

Graham, Barry Haddow, Matthias Huck, Philipp
Koehn, and Christof Monz. 2018. Findings of the
2018 conference on machine translation (WMT18).
In Proceedings of the Third Conference on Machine
Translation: Shared Task Papers, pages 272-303,
Belgium, Brussels. Association for Computational
Linguistics.

Chris Callison-Burch, Cameron Fordyce, Philipp Koehn,

Christof Monz, and Josh Schroeder. 2007. (meta-)
evaluation of machine translation. In Proceedings of
the Second Workshop on Statistical Machine Transla-
tion, pages 136-158, Prague, Czech Republic. Asso-
ciation for Computational Linguistics.

Chris Callison-Burch, Cameron Fordyce, Philipp Koehn,

Christof Monz, and Josh Schroeder. 2008. Further
meta-evaluation of machine translation. In Proceed-
ings of the Third Workshop on Statistical Machine
Translation, pages 70—106, Columbus, Ohio. Associ-
ation for Computational Linguistics.

Chris Callison-Burch, Philipp Koehn, Christof Monz,

Kay Peterson, Mark Przybocki, and Omar Zaidan.
2010. Findings of the 2010 joint workshop on sta-
tistical machine translation and metrics for machine
translation. In Proceedings of the Joint Fifth Work-
shop on Statistical Machine Translation and Metrics-
MATR, pages 17-53, Uppsala, Sweden. Association
for Computational Linguistics.

Chris Callison-Burch, Philipp Koehn, Christof Monz,

Matt Post, Radu Soricut, and Lucia Specia. 2012.
Findings of the 2012 workshop on statistical machine
translation. In Proceedings of the Seventh Workshop
on Statistical Machine Translation, pages 10-51,
Montréal, Canada. Association for Computational
Linguistics.

Chris Callison-Burch, Philipp Koehn, Christof Monz,

and Josh Schroeder. 2009. Findings of the 2009
Workshop on Statistical Machine Translation. In
Proceedings of the Fourth Workshop on Statistical
Machine Translation, pages 1-28, Athens, Greece.
Association for Computational Linguistics.

Chris Callison-Burch, Philipp Koehn, Christof Monz,

and Omar Zaidan. 2011. Findings of the 2011 work-
shop on statistical machine translation. In Proceed-
ings of the Sixth Workshop on Statistical Machine

23

Translation, pages 22—64, Edinburgh, Scotland. As-
sociation for Computational Linguistics.

Sheila Castilho. 2020. On the same page? compar-
ing inter-annotator agreement in sentence and doc-
ument level human machine translation evaluation.
In Proceedings of the Fifth Conference on Machine
Translation, pages 1150-1159, Online. Association
for Computational Linguistics.

Mauro Cettolo, Christian Girardi, and Marcello Fed-
erico. 2012. WIT3: Web inventory of transcribed and
translated talks. In Proceedings of the 16th Annual
conference of the European Association for Machine
Translation, pages 261-268, Trento, Italy. European
Association for Machine Translation.

Colin Cherry and George Foster. Batch tuning strategies
for statistical machine translation. In Proceedings of
the 2012 Conference of the North American Chap-
ter of the Association for Computational Linguistics:
Human Language.

Hiroyuki Deguchi, Kenji Imamura, Masahiro Kaneko,
Yuto Nishida, Yusuke Sakai, Justin Vasselli, Huy-
Hien Vu, and Taro Watanabe. 2022. Naist-nict-tit
wmt22 general mt task submission. In Proceedings
of the Seventh Conference on Machine Translation,
Online. Association for Computational Linguistics.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and
Kristina Toutanova. 2019. BERT: Pre-training of
deep bidirectional transformers for language under-
standing. In Proceedings of the 2019 Conference of
the North American Chapter of the Association for
Computational Linguistics: Human Language Tech-
nologies, Volume 1 (Long and Short Papers), pages
4171-4186, Minneapolis, Minnesota. Association for
Computational Linguistics.

Liang Ding, Di Wu, and Dacheng Tao. 2021. Improving
neural machine translation by bidirectional training.
In Proceedings of the 2021 Conference on Empiri-
cal Methods in Natural Language Processing, pages
3278-3284, Online and Punta Cana, Dominican Re-
public. Association for Computational Linguistics.

Adam Dobrowolski, Mateusz Klimaszewski, Adam
Mysliwy, Marcin Szymafiski, Jakub Kowalski, Ko-
rnelia Szyputa, Pawet Przewtocki, and Pawet Przy-
bysz. 2022. Samsung r&d institute poland partici-
pation in wmt 2022. In Proceedings of the Seventh
Conference on Machine Translation, Online. Associ-
ation for Computational Linguistics.

Angela Fan, Shruti Bhosale, Holger Schwenk, Zhiyi
Ma, Ahmed El-Kishky, Siddharth Goyal, Mandeep
Baines, Onur Celebi, Guillaume Wenzek, Vishrav
Chaudhary, Naman Goyal, Tom Birch, Vitaliy
Liptchinsky, Sergey Edunov, Michael Auli, and Ar-
mand Joulin. 2021a. Beyond english-centric mul-
tilingual machine translation. Journal of Machine
Learning Research.



Angela Fan, Shruti Bhosale, Holger Schwenk, Zhiyi
Ma, Ahmed El-Kishky, Siddharth Goyal, Mandeep
Baines, Onur Celebi, Guillaume Wenzek, Vishrav
Chaudhary, et al. 2021b. Beyond english-centric mul-
tilingual machine translation. Journal of Machine
Learning Research, 22(107):1-48.

Ana C. Farinha, M. Amin Farajian, Marianna Buchic-
chio, Patrick Fernandes, José G. C. de Souza, Helena
Moniz, and André F. T. Martins. 2022. Findings of
the wmt 2022 shared task on chat translation. In
Proceedings of the Seventh Conference on Machine
Translation. Association for Computational Linguis-
tics.

Christian Federmann. 2018. Appraise evaluation frame-
work for machine translation. In Proceedings of the
27th International Conference on Computational Lin-
guistics: System Demonstrations, pages 86—88, Santa
Fe, New Mexico. Association for Computational Lin-
guistics.

Markus Freitag, Isaac Caswell, and Scott Roy. 2019.
APE at scale and its implications on MT evaluation
biases. In Proceedings of the Fourth Conference on
Machine Translation (Volume 1: Research Papers),
pages 34-44, Florence, Italy. Association for Com-
putational Linguistics.

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, Ricardo Rei, Nitika Mathur, George
Foster, Chi kiu Lo, Craig Stewart, Tom Kocmi, Eleft-
herios Avramidis, Alon Lavie, and André F. T. Mar-
tins. 2022. Results of the wmt22 metrics shared
task. In Proceedings of the Seventh Conference on
Machine Translation. Association for Computational
Linguistics.

Thamme Gowda, Zhao Zhang, Chris Mattmann, and
Jonathan May. 2021. Many-to-English machine
translation tools, data, and pretrained models. In
Proceedings of the 59th Annual Meeting of the Asso-
ciation for Computational Linguistics and the 11th
International Joint Conference on Natural Language
Processing: System Demonstrations, pages 306-316,
Online. Association for Computational Linguistics.

Yvette Graham, George Awad, and Alan Smeaton. 2018.
Evaluation of automatic video captioning using direct
assessment. PLOS ONE, 13(9):1-20.

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,
Sofia, Bulgaria. Association for Computational Lin-
guistics.

24

Yvette Graham, Timothy Baldwin, Alistair Moffat, and
Justin Zobel. 2014. Is machine translation getting bet-
ter over time? In Proceedings of the 14th Conference
of the European Chapter of the Association for Com-
putational Linguistics, pages 443-451, Gothenburg,
Sweden. Association for Computational Linguistics.

Yvette Graham, Timothy Baldwin, Alistair Moffat, and
Justin Zobel. 2016. Can machine translation systems
be evaluated by the crowd alone. Natural Language
Engineering, pages 1-28.

Yvette Graham, Barry Haddow, and Philipp Koehn.
2020. Statistical power and translationese in machine
translation evaluation. In Proceedings of the 2020
Conference on Empirical Methods in Natural Lan-
guage Processing (EMNLP), pages 72—-81, Online.
Association for Computational Linguistics.

Bing Han, Yangjian Wu, Gang Hu, and Qiulin Chen.
2022. Lan-bridge mt’s participation in the wmt 2022
general translation shared task. In Proceedings of the
Seventh Conference on Machine Translation, Online.
Association for Computational Linguistics.

Zhiwei He, Xing Wang, Zhaopeng Tu, Shuming Shi,
and Rui Wang. 2022. Tencent ai lab - shanghai jiao
tong university low-resource translation system for
the wmt22 translation task. In Proceedings of the
Seventh Conference on Machine Translation, Online.
Association for Computational Linguistics.

Matthew Honnibal and Ines Montani. 2017. spaCy 2:
Natural language understanding with Bloom embed-
dings, convolutional neural networks and incremental
parsing. To appear.

Chang Jin, Tingxun Shi, Zhengshan Xue, and Xiaodong
Lin. 2022. Manifold’s english-chinese system at
wmt22 general mt task. In Proceedings of the Sev-
enth Conference on Machine Translation, Online.
Association for Computational Linguistics.

Josef Jon, Martin Popel, and Ondfej Bojar. 2022. Cuni-
bergamot submission at wmt22 general translation
task. In Proceedings of the Seventh Conference on
Machine Translation, Online. Association for Com-
putational Linguistics.

Shivam Kalkar, Yoko Matsuzaki, and Ben LI. 2022.
Kyb general machine translation systems for wmt22.
In Proceedings of the Seventh Conference on Ma-
chine Translation, Online. Association for Computa-
tional Linguistics.

Urvashi Khandelwal, Angela Fan, Dan Jurafsky, Luke
Zettlemoyer, and Mike Lewis. 2021. Nearest neigh-
bor machine translation. In International Conference
on Learning Representations (ICLR).

Tom Kocmi, Christian Federmann, Roman Grund-
kiewicz, Marcin Junczys-Dowmunt, Hitokazu Mat-
sushita, and Arul Menezes. 2021. To ship or not to
ship: An extensive evaluation of automatic metrics
for machine translation. In Proceedings of the Sixth
Conference on Machine Translation, pages 478-494,
Online. Association for Computational Linguistics.



Tom Kocmi, Martin Popel, and Ondrej Bojar. 2020.
Announcing czeng 2.0 parallel corpus with over 2
gigawords. CoRR, abs/2007.03006.

Philipp Koehn. 2005. Europarl: A parallel corpus for
statistical machine translation. In Proceedings of
Machine Translation Summit X: Papers, pages 79-86,
Phuket, Thailand.

Ekaterina Lapshinova-Koltunski, Maja Popovié, and
Maarit Koponen. 2022. DiHuTra: a parallel corpus
to analyse differences between human translations.
In Proceedings of the 23rd Annual Conference of
the European Association for Machine Translation,
pages 337-338, Ghent, Belgium. European Associa-
tion for Machine Translation.

Samuel Liubli, Rico Sennrich, and Martin Volk. 2018.
Has machine translation achieved human parity? a
case for document-level evaluation. In Proceedings
of the 2018 Conference on Empirical Methods in Nat-
ural Language Processing, pages 4791-4796, Brus-
sels, Belgium. Association for Computational Lin-
guistics.

Chunyuan Li, Xiang Gao, Yuan Li, Baolin Peng, Xiujun
Li, Yizhe Zhang, and Jianfeng Gao. 2020. Optimus:
Organizing sentences via pre-trained modeling of a
latent space. In Proceedings of the 2020 Conference
on Empirical Methods in Natural Language Process-
ing (EMNLP), pages 46784699, Online. Association
for Computational Linguistics.

Guangfeng Liu, Qinpei Zhu, Xingyu Chen, Renjie Feng,
Jianxin Ren, Renshou Wu, Qingliang Miao, Rui
Wang, and Kai Yu. 2022. The aisp-sjtu translation
system for wmt 2022. In Proceedings of the Seventh
Conference on Machine Translation, Online. Associ-
ation for Computational Linguistics.

Samuel Liubli, Sheila Castilho, Graham Neubig,
Rico Sennrich, Qinlan Shen, and Antonio Toral.
2020. A set of recommendations for assessing hu-
man—Machine parity in language translation. Journal
of Artificial Intelligence Research (JAIR), 67.

Marilena Malli and George Tambouratzis. 2022. Eval-
uating corpus cleanup methods in the wmt’22 news
translation task. In Proceedings of the Seventh Con-
ference on Machine Translation, Online. Association
for Computational Linguistics.

Nitika Mathur, Timothy Baldwin, and Trevor Cohn.
2020. Tangled up in BLEU: Reevaluating the eval-
uation of automatic machine translation evaluation
metrics. In Proceedings of the 58th Annual Meet-
ing of the Association for Computational Linguistics,
pages 4984-4997, Online. Association for Computa-
tional Linguistics.

Simon Mille, Anja Belz, Bernd Bohnet, Yvette Gra-
ham, Emily Pitler, and Leo Wanner. 2018. The first
multilingual surface realisation shared task (SR’18):
Overview and evaluation results. In Proceedings of

the First Workshop on Multilingual Surface Realisa-
tion, pages 1-12, Melbourne, Australia. Association
for Computational Linguistics.

Simon Mille, Anja Belz, Bernd Bohnet, Yvette Graham,
and Leo Wanner. 2019. The second multilingual
surface realisation shared task (SR’19): Overview
and evaluation results. In Proceedings of the 2nd
Workshop on Multilingual Surface Realisation (MSR
2019), pages 1-17, Hong Kong, China. Association
for Computational Linguistics.

Simon Mille, Anya Belz, Bernd Bohnet, Thiago Cas-
tro Ferreira, Yvette Graham, and Leo Wanner. 2020.
The third multilingual surface realisation shared task
(SR’20): Overview and evaluation results. In Pro-
ceedings of the Third Workshop on Multilingual Sur-
face Realisation, pages 1-20, Barcelona, Spain (On-
line). Association for Computational Linguistics.

Alexander Molchanov, Vladislav Kovalenko, and Na-
talia Makhamalkina. 2022. Promt systems for wmt22
general translation task. In Proceedings of the Sev-
enth Conference on Machine Translation, Online.
Association for Computational Linguistics.

Makoto Morishita, Keito Kudo, Yui Oka, Katsuki
Chousa, Shun Kiyono, Sho Takase, and Jun Suzuki.
2022. Nt5 at wmt 2022 general translation task. In
Proceedings of the Seventh Conference on Machine
Translation, Online. Association for Computational
Linguistics.

Makoto Morishita, Jun Suzuki, and Masaaki Nagata.
2020. JParaCrawl: A large scale web-based English-
Japanese parallel corpus. In Proceedings of the
12th Language Resources and Evaluation Confer-
ence, pages 3603-3609, Marseille, France. European
Language Resources Association.

Graham Neubig. 2011. The Kyoto free translation task.
http://www.phontron.com/kftt.

Mariana Neves, Antonio Jimeno Yepes, Amy Siu,
Roland Roller, Philippe Thomas, Maika Vicente
Navarro, Lana Yeganova, Dina Wiemann, Giorgio
Maria Di Nunzio, Federica Vezzani, Christel Ger-
ardin, Rachel Bawden, Darryl Johan Estrada, Sal-
vador Lima-Lopez, Eulalia Farre-Maduel, Martin
Krallinger, Cristian Grozea, and Aurelie Neveol.
2022. Findings of the wmt 2022 biomedical transla-
tion shared task: Monolingual clinical case reports.
In Proceedings of the Seventh Conference on Ma-
chine Translation. Association for Computational
Linguistics.

Artur Nowakowski, Gabriela Patka, Kamil Guttmann,
and Mikotaj Pokrywka. 2022. Adam mickiewicz
university at wmt 2022: Ner-assisted and quality-
aware neural machine translation. In Proceedings
of the Seventh Conference on Machine Translation,
Online. Association for Computational Linguistics.

Csaba Oravecz, Katina Bontcheva, David Kolovrat-
nik, Bogomil Kovachev, and Christopher Scott. 2022.



etranslation’s submissions to the wmt22 general ma-
chine translation task. In Proceedings of the Seventh
Conference on Machine Translation, Online. Associ-
ation for Computational Linguistics.

Kishore Papineni, Salim Roukos, Todd Ward, and Wei-
Jing Zhu. 2002. Bleu: a method for automatic evalu-
ation of machine translation. In Proceedings of the
40th Annual Meeting of the Association for Compu-
tational Linguistics, pages 311-318, Philadelphia,
Pennsylvania, USA. Association for Computational
Linguistics.

Nikita Pavlichenko, Ivan Stelmakh, and Dmitry Ustalov.
2021. CrowdSpeech and Vox DIY: Benchmark
Dataset for Crowdsourced Audio Transcription. In
Proceedings of the Neural Information Processing
Systems Track on Datasets and Benchmarks.

Martin Popel. 2020. CUNI English-Czech and English-
Polish systems in WMT20: Robust document-level
training. In Proceedings of the Fifth Conference on
Machine Translation, pages 269-273, Online. Asso-
ciation for Computational Linguistics.

Martin Popel, Jindfich Libovicky, and Jindfich Helcl.
2022. Cuni systems for the wmt 22 czech-ukrainian
translation task. In Proceedings of the Seventh Con-
ference on Machine Translation, Online. Association
for Computational Linguistics.

Martin Popel, Marketa Tomkova, Jakub Tomek, Lukasz
Kaiser, Jakob Uszkoreit, Ondfej Bojar, and Zdenék
Zabokrtsky. 2020a. Transforming machine transla-
tion: a deep learning system reaches news translation
quality comparable to human professionals. Nature
Communications, 11(4381):1-15.

Martin Popel, Marketa Tomkova, Jakub Tomek, Lukasz
Kaiser, Jakob Uszkoreit, Ondfej Bojar, and Zdenék
Zabokrtsky. 2020b. Transforming machine transla-
tion: a deep learning system reaches news translation
quality comparable to human professionals. Nature
Communications, 11(4381):1-15.

Maja Popovié. 2015. chrF: character n-gram F-score
for automatic MT evaluation. In Proceedings of the
Tenth Workshop on Statistical Machine Translation,
pages 392-395, Lisbon, Portugal. Association for
Computational Linguistics.

Maja Popovic. 2021. On nature and causes of observed
MT errors. In Proceedings of Machine Transla-
tion Summit XVIII: Research Track, pages 163—175,
Virtual. Association for Machine Translation in the
Americas.

Matt Post. 2018. A call for clarity in reporting BLEU
scores. In Proceedings of the Third Conference on
Machine Translation: Research Papers, pages 186—
191, Brussels, Belgium. Association for Computa-
tional Linguistics.

Reid Pryzant, Youngjoo Chung, Dan Jurafsky, and
Denny Britz. 2018. JESC: Japanese-English subtitle

26

corpus. In Proceedings of the Eleventh International
Conference on Language Resources and Evaluation
(LREC 2018), Miyazaki, Japan. European Language
Resources Association (ELRA).

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, Online. Association
for Computational Linguistics.

Matiss Rikters, Marili Tomingas, Tuuli Tuisk, Valts
Ernstreits, and Mark Fishel. 2022. Machine trans-
lation for Livonian: Catering to 20 speakers. In
Proceedings of the 60th Annual Meeting of the As-
sociation for Computational Linguistics (Volume 2:
Short Papers), pages 508-514, Dublin, Ireland. As-
sociation for Computational Linguistics.

Dimitrios Roussis and Vassilis Papavassiliou. 2022. The
arc-nkua submission for the english-ukrainian gen-
eral machine translation shared task at wmt22. In
Proceedings of the Seventh Conference on Machine
Translation, Online. Association for Computational
Linguistics.

Roberts Rozis and Raivis Skadins. 2017. Tilde MODEL
- multilingual open data for EU languages. In Pro-
ceedings of the 21st Nordic Conference on Computa-
tional Linguistics, pages 263-265, Gothenburg, Swe-
den. Association for Computational Linguistics.

Holger Schwenk, Vishrav Chaudhary, Shuo Sun,
Hongyu Gong, and Francisco Guzman. 2021. Wiki-
Matrix: Mining 135M parallel sentences in 1620 lan-
guage pairs from Wikipedia. In Proceedings of the
16th Conference of the European Chapter of the Asso-
ciation for Computational Linguistics: Main Volume,
pages 1351-1361, Online. Association for Computa-
tional Linguistics.

Weigiao Shan, Zhiquan Cao, Yuchen Han, Siming Wu,
Yimin Hu, Jie Wang, Yi Zhang, Hou Baoyu, Hang
Cao, Chenghao Gao, Xiaowen Liu, Tong Xiao, Anxi-
ang Ma, and Jingbo Zhu. 2022. The niutrans machine
translation systems for wmt22. In Proceedings of the
Seventh Conference on Machine Translation, Online.
Association for Computational Linguistics.

Roman Sudarikov, Martin Popel, Ondiej Bojar,
Aljoscha Burchardt, and Ondfej Klejch. 2016. Using
MT-ComparEval. In Translation Evaluation: From
Fragmented Tools and Data Sets to an Integrated
Ecosystem, pages 76-82.

Maali Tars, Taido Purason, and Andre Téattar. 2022.
Teaching unseen low-resource languages to large
translation models. In Proceedings of the Seventh
Conference on Machine Translation, Online. Associ-
ation for Computational Linguistics.

Jorg Tiedemann. 2012. Parallel data, tools and inter-
faces in OPUS. In Proceedings of the Eighth In-
ternational Conference on Language Resources and



Evaluation (LREC’12), pages 2214-2218, Istanbul,
Turkey. European Language Resources Association
(ELRA).

Antonio Toral, Sheila Castilho, Ke Hu, and Andy Way.
2018. Attaining the unattainable? reassessing claims
of human parity in neural machine translation. In Pro-
ceedings of the Third Conference on Machine Trans-
lation: Research Papers, pages 113—123, Brussels,
Belgium. Association for Computational Linguistics.

Daimeng Wei, Zhigiang Rao, Zhanglin Wu, Shaojun Li,
Yuanchang Luo, Yuhao Xie, Xiaoyu Chen, Hengchao
Shang, Zongyao Li, Zhengzhe Yu, Jinlong Yang,
Miaomiao Ma, Lizhi Lei, Hao Yang, and Ying Qin.
2022. Hw-tsc’s submissions to the wmt 2022 gen-
eral machine translation shared task. In Proceedings
of the Seventh Conference on Machine Translation,
Online. Association for Computational Linguistics.

Johnny Wei and Robin Jia. 2021. The statistical advan-

tage of automatic NLG metrics at the system level.
In Proceedings of the 59th Annual Meeting of the
Association for Computational Linguistics and the
11th International Joint Conference on Natural Lan-
guage Processing (Volume 1: Long Papers), pages
6840-6854, Online. Association for Computational
Linguistics.

Changtong Zan, Keqin Peng, Liang Ding, Baopu Qiu,
Boan Liu, Shwai He, Qingyu Lu, Zheng Zhang,
Chuang Liu, Weifeng Liu, Yibing Zhan, and Dacheng
Tao. 2022. Vega-mt: The jd explore academy ma-
chine translation system for wmt22. In Proceedings
of the Seventh Conference on Machine Translation,
Online. Association for Computational Linguistics.

Hui Zeng. 2022. No domain left behind. In Proceedings
of the Seventh Conference on Machine Translation,
Online. Association for Computational Linguistics.

Michat Ziemski, Marcin Junczys-Dowmunt, and Bruno

Pouliquen. 2016. The United Nations parallel cor-
pus v1.0. In Proceedings of the Tenth International
Conference on Language Resources and Evaluation
(LREC’16), pages 3530-3534, PortoroZz, Slovenia.
European Language Resources Association (ELRA).

Hao Zong and Chao Bei. 2022. Gtcom neural machine

translation systems for wmt22. In Proceedings of the
Seventh Conference on Machine Translation, Online.
Association for Computational Linguistics.

27



A Statistics of training data

This section describes statistics of the training corpora.

ja-en Segments en Toks en Types
JParacrawl-v3 25.74M  682.78M 2.84M
NewsComm-v16 1.84k 45.28k 6.28k
WikiTitles-v3 757.04k 2.02M 281.88k
WikiMatrix 3.90M 72.32M 1.11M
JESC 2.80M 23.90M 161.38k
KFTT 440.29k 11.54M 190.88k
TED 241.74k 4.95M 64.04k
CTotal 33.88M 797.55M  3.75M
zh-en Segments en Toks en Types

ParaCrawl(bonus) 14.17M  253.78M 1.87TM
NewsComm-v16 313.67k 7.98M 76.36k

WikiTitles-v3 921.96k 2.55M 380.23k
UNPC 17.45M  479.54M 939.62k
CCMT
WikiMatrix 2.60M 58.62M 1.06M
BackTrans News 19.76M  416.5TM 1.19M

" Total 5522M  1.22B  4.0IM

Table 19: Training data statistics for ja-en and zh-en. Only the English side statistics are reported, which are obtained after
running MosesDecoder’s tokenizer.perl, similar to Table 20.
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Corpus Name Segments Tokens Types

cs-en cs en cs en
Europarl-v10 644.43k 14.95M 17.38M  172.47k 63.27k
ParaCrawl-v9 50.63M  738.33M  805.54M 4.77TM 4.53M
CommonCrawl 161.84k 3.53M 3.93M 210.48k  128.39k
NewsCommentary-v16 253.27k 5.6TM 6.27M | 176.38k 70.77k
WikiTitles-v3 410.94k 985.54k 1.07M | 219.38k 186.37k
WikiMatrix 2.09M 34.82M 39.20M 1.07M  798.09k
Tilde Corpus 2.09M 44.03M 47.83M | 349.78k  210.28k
CzEng 2.0 60.98M | 757.32M  848.02M 3.68M 2.49M
BackTrans News 126.83M 2.35B 2.66B 5.75M 3.84M

" Total 24410M | ~ 395B° ~ 442B | T T T 77
de-en de en de en
Europarl-v10 1.82M 48.10M 50.47M | 371.70k 11391k
ParaCrawl-v9 278.31M 4.63B 490B | 31.91M 15.99M
NewsCommentary-v16 388.48k 9.92M 9.83M | 215.04k 86.50k
CommonCrawl 2.40M 54.68M 58.90M 1.64M  823.89k
WikiTitles-v3 1.47M 3.23M 3.76M | 67495k 573.28k
WikiMatrix 6.23M | 114.22M  118.08M 2.86M 1.83M
Tilde Corpus 5.19M | 118.11M 120.82M | 986.37k  379.92k

“Total 2058IM |~ 498B ~ 526B | T T 7~
fr-de fr de fr de
Europarl-v10 1.79M 55.33M 47.49M | 144.80k 368.53k
ParaCrawl-v9 7.22M | 14520M  123.51M 1.53M 2.37TM
CommonCrawl 622.29k 16.59M 14.23M | 332.24k  578.30k
WikiTitles-v3 1.01M 2.54M 2.15M | 449.70k  503.34k
NewsCommentary-v16 295.65k 9.34M 7.6TM 92.30k  185.28k
Tilde Corpus 431M | 118.15M 96.00M | 391.10k  954.49k
WikiMatrix 3.35M 68.26M 59.85M 1.10M 1.85M

T Total T~ T T 7 7 7 7 7 T 1860M | 41542M 35090M | T T T T T T T 7
hr-en hr en hr en
ParaCrawl-v9 3.24M 80.75M 90.83M 1.05M  690.15k
Tilde Corpus 745.62k 14.38M 15.49M | 196.78k  109.23k
OPUS 85.56M | 928.96M 1.06B 5.26M 4.06M

“Total 8955M | ~ 1.02B° ~ 17B | T T T T T T 77
ru-en ru en ru en
ParaCrawl-(bonus) 5.38M 99.0IM  120.02M 1.73M 1.22M
BackTranslation enru 36.77TM | 799.38M  839.92M 3.78M 1.92M
Yandex Corpus 1.00M 22.26M 24.30M | 697.02k 377.83k
CommonCrawl 878.39k 20.61M 21.54M | 712.81k  432.62k
UN Parallel Corpus 985.72k 887.11k 893.73k 5.68k 5.54k
WikiTitles-v3 1.19M 3.24M 3.26M | 53443k 457.93k
NewsCommentary-v16 331.51k 8.37T™™ 8.82M | 206.54k 82.93k
WikiMatrix 5.20M 94.00M 102.94M 2.24M 1.59M
Tilde Corpus 34.27k 813.70k 855.68k 62.61k 28.93k

CTotal 5177M | 105B° © r12B | T T 7
uk-en uk en uk en
ParaCrawl-(bonus) 13.35M | 706.98M  721.28M 1.89M 1.26M
WikiMatrix 2.58M 43.76M 49.06M 1.40M 981.85k
Tilde 1.63k 39.93k 41.15k 8.38k 4.70k
ELRC EU Acts 129.94k 3.20M 3.46M 71.46k 33.52k
OPUS Corpus 48.94M | 629.35M  704.32M 4.17M 2.89M

“Total 650IM | ~138B ~ 1488 |~~~
cs-uk cs uk cs uk
WikiMatirx 848.96k 12.30M 12.28M | 586.14k  641.72k
OPUS 11.65M | 124.21M  125.84M 1.44M 1.68M
ELRC EU Acts 130.00k 2.86M 3.14M 69.58k 71.67k

“Total T T 7 7 7 7 7 T 1263M | 139.38M 14126M | T T T T T T 7
liv-en liv en liv en
Total (from OPUS) 0.77k 23.13k 14.21k 2.51k 2.43k
sah-ru sah ru sah ru
Total (from Yakut corpus) 30.15k 199.94k 225.95k 40.60k 40.64k

Table 20: Statistics for parallel training set provided for General/News Translation Task. All numbers are obtained after
running MosesDecoder’s tokenizer.perl. Tokens are the total number of words, whereas Types are total number of distinct
case-insensitive words. Suffixes, k, M, and B, are short for thousands, millions, and billions, respectively.
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B Differences in Human Scores

Tables 23-27 show differences in average standardized human scores for all pairs of competing to-English
systems for each language pair. The numbers in each of the tables’ cells indicate the difference in average
standardized human scores for the system in that column and the system in that row.

Because there were so many systems and data conditions the significance of each pairwise comparison
needs to be quantified. We applied Wilcoxon rank-sum test to measure the likelihood that such differences
could occur simply by chance. In the following tables % indicates statistical significance at p < 0.05,
1 indicates statistical significance at p < 0.01, and I indicates statistical significance at p < 0.001,
according to Wilcoxon rank-sum test.

Each table contains final rows showing the average score achieved by that system and the rank range
according to Wilcoxon rank-sum test (p < 0.05). Gray lines separate clusters based on non-overlapping
rank ranges.
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rank| 1 2-3 27 38 2-8 39 38 49 79 10 11-12 11-12

Table 21: Head to head comparison for Czech—English systems
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rank 1 2-6 2-7 2-9 2-9 3-9  4-11 29 4-11 8-12 812 10-13 12-13
Table 22: Head to head comparison for Chinese—English systems
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LAN-BRIDGE| -  0.03% 0.04f 006 0.07f 0.09f 009% 0.10f 0.13f 0.13%
ONLINE-W |-0.03 - 0.02 0.03 0.05 006 0.07f 0.07« 0.10f 0.10%
JDEXPLOREACADEMY [-0.04 -0.02 - 0.02 0.03 0.05 0.05f 0.05x 0.09f 0.09%
ONLINE-G |-0.06 -0.03 -0.02 - 0.01 0.03 0.03x 0.03 0.07f 0.07x
ONLINE-A |-0.07 -0.05 -0.03 -0.01 - 0.02 0.02 0.02 0.06f 0.06
HUMAN-|[-0.09 -0.06 -0.05 -0.03 -0.02 - 0.00 0.01 0.04f 0.04%
ONLINE-Y |-0.09 -0.07 -0.05 -0.03 -0.02 0.00 - 0.00 0.04 0.04
ONLINE-B |-0.10 -0.07 -0.05 -0.03 -0.02 -0.01 0.00 - 0.03x 0.04
LT22|-0.13 -0.10 -0.09 -0.07 -0.06 -0.04 -0.04 -0.03 - 0.00
PROMT [-0.13 -0.10 -0.09 -0.07 -0.06 -0.04 -0.04 -0.04 0.00 -
score| 0.00 -0.02 -0.04 -0.06 -0.07 -0.09 -0.09 -0.09 -0.13 -0.13
rank 1 2-6 2-6 2-7 2-9 2-8 5-10 49 810 6-10
Table 23: Head to head comparison for German— English systems
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JDEXPLOREACADEMY - 0.01 0.02 0.05« 0.05x 0.06x 0.07f 0.08f 0.09% 0.29%
HUAWEITSC |-0.01 - 0.01  0.03%x 0.04x 0.04x 0.05f 0.061 0.08% 0.28%
ONLINE-G |-0.02 -0.01 - 0.02 0.03 0.04 004 005 0.07« 0.27%
LAN-BRIDGE |-0.05 -0.03 -0.02 - 0.00 0.01 0.02 003 0.05« 0.25%
ONLINE-Y |-0.05 -0.04 -0.03 0.00 - 0.01 0.02 0.03 004 0.24%
SRPOL [-0.06 -0.04 -0.04 -0.01 -0.01 - 0.01 0.02 0.04 023%
ONLINE-B [-0.07 -0.05 -0.04 -0.02 -0.02 -0.01 - 0.01 0.03 0.23%
ONLINE-A |-0.08 -0.06 -0.05 -0.03 -0.03 -0.02 -0.01 - 0.02  0.22%
ONLINE-W [-0.09 -0.08 -0.07 -0.05 -0.04 -0.04 -0.03 -0.02 - 0.20%
ALMANACH-INRIA |-0.29 -0.28 -0.27 -0.25 -0.24 -0.23 -0.23 -0.22 -0.20 -
score| 0.06 0.04 003 001 0.01 -000 -0.01 -0.02 -0.04 -0.24
rank | 1-3 1-3 1-8 3-8 3-9 3-9 3-9 3-9 5-9 10

Table 24: Head to head comparison for Russian—English systems
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DLUT - 0.00 0.01 0.02 002 0.02 0.05~ 0.06f 0.06f 0.09f 0.09% 0.10f 0.13f 1.35%
NT5 | 0.00 - 0.01 0.01 0.02 002 0.05x 0.06x 0.06x 0.09% 0.09t 0.10f 0.12f 1.35%
JDEXPLOREACADEMY |-0.01 -0.01 - 0.00 0.01 001 0.04 0.05 0.05 0.08f 0.08« 0.09t 0.11f 1.34%
LANGUAGEX [-0.02 -0.01 0.00 - 0.01 0.01 0.04 0.05 0.05 0.07f 0.07« 0.09f 0.11f 1.34%
ONLINE-B [-0.02 -0.02 -0.01 -0.01 - 0.00 0.03 0.04x 0.04x 0.07f 0.07« 0.08f 0.10f 1.33%
ONLINE-W [-0.02 -0.02 -0.01 -0.01 0.00 - 0.03 0.04 0.04 0.06f 0.07« 0.08f 0.10f 1.33%
LAN-BRIDGE [-0.05 -0.05 -0.04 -0.04 -0.03 -0.03 - 0.01 0.0l 0.03 004 005 0.07t 1.30%
ONLINE-G [-0.06 -0.06 -0.05 -0.05 -0.04 -0.04 -0.01 - 0.00 0.02 0.03 004 0.06f 1.29%
ONLINE-A [-0.06 -0.06 -0.05 -0.05 -0.04 -0.04 -0.01 0.00 - 0.02 0.03 004 0.06f 1.29%
AISP-SJTU [-0.09 -0.09 -0.08 -0.07 -0.07 -0.06 -0.03 -0.02 -0.02 - 0.00 0.02 0.04 1.27%
NAIST-NICT-TIT |-0.09 -0.09 -0.08 -0.07 -0.07 -0.07 -0.04 -0.03 -0.03 0.00 - 0.01  0.04% 1.26%
ONLINE-Y [-0.10 -0.10 -0.09 -0.09 -0.08 -0.08 -0.05 -0.04 -0.04 -0.02 -0.01 - 0.02 1.25%
KYB|-0.13 -0.12 -0.11 -0.11 -0.10 -0.10 -0.07 -0.06 -0.06 -0.04 -0.04 -0.02 - 1.23%
AIST|-1.35 -1.35 -134 -1.34 -133 -1.33 -1.30 -1.29 -1.29 -127 -126 -1.25 -1.23 -
score| 0.07 0.07 0.06 0.05 005 005 0.02 001 001 -002 -0.02 -0.04 -0.06 -1.28
rank | 1-6 1-6 1-9 1-9 1-7 1-9 3-12 4-12 4-12 7-13 7-12 7-13 11-13 14

Table 25: Head to head comparison for Japanese—English systems
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TARTUNLP| - 0.04 0.06x 0.10f 0.37%
TAL-SJTU |-0.04 - 0.02 0.07 0.33%f
HUAWEITSC|-0.06 -0.02 - 0.04 031%
LIV4EVER [-0.10 -0.07 -0.04 - 0.27%

NIUTRANS [-0.37  -0.33 -0.31 -0.27 -
score| 0.02 -0.01 -0.04 -0.08 -0.35

rank | 1-2 1-4 2-4 2-4 5

Table 26: Head to head comparison for Livonian—English systems
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LAN-BRIDGE| - 000 00lx 0.04% 0061 007t 0.12% 0.13f 0.29f
ONLINE-B|0.00 - 001t 0.04x 006} 0.07f 0.12% 013} 0.29%
HUAWEITSC [-0.01 001 - 003 005 006 0.1t 012 0.28f
ONLINE-A |-0.04 -0.04 -003 - 002 003 008f 009t 025}
PROMT|-0.06 -0.06 -0.05 -002 - 001 006x 007% 024f
ONLINE-G|-0.07 -0.07 -0.06 -003 -0.01 -  0.05% 0.06% 0.22%
ONLINE-Y |-0.12 -0.12 -0.11 -008 -0.06 -005 - 001 0.17%
ARC-NKUA|-0.13 -0.13 -0.12 -009 -007 -0.06 -001 - 0.6}
ALMANACH-INRIA |-029 029 -028 -025 -024 -022 -0.17 -0.16 -
score| 0.05 005 004 001 -001 -0.02 -0.07 -0.08 -025
rank| 12 12 3.6 36 36 36 78 78 9

Table 27: Head to head comparison for Ukrainian—English systems
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C Preprocessing cleanup brief for linguists

In this task, we wish to check the data to remove all inappropriate content, remove repetitive content, or
correct minor problems with the text.

The data is automatically broken down into individual sentences, which may be wrong sentence splitting.
Each document is separated by empty lines. Keep the document-separators intact, split long documents
into several by adding empty lines if necessary based on the context (some documents may be merged).
In general, documents should be under 30 sentences long.

In the first step, check if a document shouldn’t be removed (delete sentences from document) based on
the following conditions, be on the save side, rather remove documents where you are uncertain. The
conditions for removal of documents are as follows:

* Remove inappropriate content (such as sexually explicit, vulgar, or otherwise inappropriate)
* Remove controversial content (propagandist, controversial political topics, etc.)

* Remove content that is too noisy or doesn’t resemble natural text (such as documents badly for-
matted, hard to understand, containing unusual language, lists or other structured data generated
automatically)

* Remove repeated/similar content already part of previous documents

For documents that are not removed, do minor corrections (do not try reformulating the content). The
main goal is to make sure each line contains a single sentence (or is empty line which represent document
boundaries). The result should be documents that are fluent when reading. Here is a non-complete list of
phenomena to pay attention to:

» Each line must be a single sentence, remove anything that dangles around or doesn’t fit the context.
Also reconnect sentences that have been accidentally split (for example trailing words or punctuation
should be appended to the previous line).

* You may do small corrections to make the text cleaner (adding punctuation, correcting small typos,
etc.). If text would need more correction, remove whole document. Also, do not polish everything.

» Sentences containing a short phrase or single words that are not necessary for the context (like
"Description:" or emoticons like ":)") can be removed.
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D Translator Brief for General MT

Translator Brief

In this project we wish to translate online news articles for use in evaluation of Machine
Translation (MT). The translations produced by you will be compared against the translations
produced by a variety of different MT systems. They will be released to the research
community to provide a benchmark, or “gold-standard” measure for translation quality. The
translation therefore needs to be a high-quality rendering of the source text into the target
language, as if it was news written directly in the target language. However, there are some
constraints imposed by the intended usage:

All translations should be “from scratch”, without post-editing from MT. Using
post-editing would bias the evaluation, so we need to avoid it. We can detect post-
editing so will reject translations that are post-edited.

Translation should preserve the sentence boundaries. The source texts are
provided with exactly one sentence per line, and the translations should be the
same, one sentence per line. Blank lines should be preserved in the translation.
Translators should avoid inserting parenthetical explanations into the translated
text and obviously avoid losing any pieces of information from the source text.
We will check a sample of the translations for quality, and we will check the entire set
for evidence of post-editing.

Please do not translate the anonymization tags (e.g. #NAME#), but use the same
form as in the source text. These tags are used to de-identify names and various
other sensitive data. In other words, translation must contain given tag #NAME# on a

position where it would naturally be placed before anonymization.

The source files will be delivered as text files (sometimes known as “notepad” files), with one
sentence per line. We need the translations to be returned in the same format. If you prefer
to receive the text in a different format, then please let us know as we may be able to
accommodate it.
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E Additional statistics of the test sets

Table 28 shows the type-token ratios for the source and target side of each of the test sets, shown for each
available domain. As mentioned previously, texts are tokenised using the language-specific Spacy models
(Honnibal and Montani, 2017) where available. For Czech, Livonian and Yakut, for which Spacy models
are not available, we took as a rough approximation models for Croatian, Finnish and Russian respectively.
The type-token ratio is calculated as the number of unique tokens divided by the total number of tokens.
The absolute value depends not only on the lexical diversity of the text but also on the morphological
complexity of the language in question.

Type-token ratio (source) Type-token ratio (target)

conversation ecommerce news social other | conversation ecommerce news social other
cs-en - - 040 0.38 - - - 021 0.22 -
cs-uk - - - - 034 - - - - 032
de-en 0.25 036 0.35 0.29 - 0.18 024  0.26 0.21 -
de-fr 0.25 036  0.35 0.29 - 0.20 0.24 0.26 0.23 -
en-cs 0.15 024  0.26 0.23 - 0.23 0.36 041 0.36 -
en-de 0.15 024  0.26 0.23 - 0.15 0.27 0.3 0.26 -
en-hr - 020 0.24 - - - 0.31 0.36 - -
en-ja 0.15 024  0.26 0.23 - 0.10 0.17  0.18 0.18 -
en-liv - - - - 025 - - - - 034
en-ru 0.15 024 0.26 0.23 - 0.21 0.35 0.39 0.33 -
en-uk 0.15 024  0.26 0.23 - 0.20 0.34  0.37 0.34 -
en-zh 0.15 024 0.26 0.23 - 0.13 0.22  0.26 0.25 -
fr-de 0.19 026 0.27 0.26 - 0.18 0.30 0.31 0.28 -
ja-en 0.24 020 0.23 0.24 - 0.24 024  0.26 0.24 -
liv-en - - - - 034 - - - - 025
ru-en - 0.44  0.35 - 043 - 0.26  0.20 - 027
ru-sah - - - - 034 - - - - 038
sah-ru - - - - 038 - - - - 0.34
uk-cs - - - - 028 - - - - 026
uk-en - - - - 028 - - - - 013
zh-en 0.24 030 0.25 0.27 - 0.17 0.21 0.17 0.20 -

Table 28: Type-token ratio for individual source languages used in the general translation test sets.

F News Task System Submission Summaries

F.1 AISP-SJTU (Liu et al., 2022)

This paper describes AISP-SJTU’s participation in WMT 2022 shared general mt task on English-
>Chinese, Chinese->English, English->Japanese and Japanese->English with constrained training data.
Our systems are based on the Transformer architecture with several novel and effective variants, including
network depth and internal structure. In our experiments, we employ data filtering, large-scale back-
translation, knowledge distillation, forward-translation, iterative in-domain knowledge finetune and model
ensemble.

F.2 AIST (no associated paper)

The model was trained similarly to Optimus (Li et al., 2020) with the difference of using BERT (Devlin
et al., 2019) for both encoding and decoding instead of BERT for encoding and GPT-2 for decoding as in
Optimus, therefore enabling non-autoregressive sequence-to-sequence modeling. We used the pre-trained
"bert-base-cased" configuration for English and the "bert-base-japanese" from CL Tohoku for Japanese.

F.3 ALMAnaCH-Inria (Alabi et al., 2022)

ALMAnaCH-Inria’s primary submissions are multilingual transformer models between English, Russian,
Ukrainian and Russian. The models exploit a dedicated Latin-script transcription convention designed
to represent the Slavic languages in a way that maximises character- and word-level correspondences
between them as well as with English. For directions where the target language is not English, this
involves a final translation step into the original script. Our hypothesis was that bringing the languages
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closer together could boost vocabulary sharing and have a positive impact on machine translation results.
Initial results indicate that the transcription strategy was not successful, resulting in lower results than
baselines. We nevertheless submit these models as our primary systems.

F4 AMU (Nowakowski et al., 2022)

AMU submission is a weighted ensemble of 4 models based on the transformer-big architecture. Models
use source factors to utilize the information about named entities present in the input. Each of the
models in the ensemble was trained using only the data provided by the shared task organizers. A noisy
back-translation technique was used to augment the training corpora. One of the models in the ensemble
is a document-level model, trained on parallel and synthetic longer sequences. During the sentence-level
decoding process, the ensemble generated the n-best list (n=200). The n-best list was merged with the
n-best list (n=50) generated by a single document-level model which translated multiple sentences at a
time. Finally, existing quality estimation models and minimum Bayes risk decoding were used to rerank
the n-best list so that the best hypothesis is chosen according to the COMET evaluation metric.

F.5 ARC-NKUA (Roussis and Papavassiliou, 2022)

The ARC-NKUA submission to the WMT22 General Machine Translation shared task concerns the
unconstrained tracks of the English-Ukrainian and Ukrainian-English translation directions. The 2
Neural Machine Translation systems are based on Transformer models and our primary submissions were
determined through experimentation with (a) checkpoint averaging, (b) ensemble decoding, (c) continued
training with a subset of the training data, (d) data augmentation with back-translated monolingual data,
and (e) post-processing of the translation outputs. We used various techniques to clean and filter the data
provided by the organizers, as well as the additional parallel and monolingual data which we acquired
from various sources.

F.6 CUNI-Bergamot (Jon et al., 2022)

CUNI-Bergamot submission is based on block-backtranslation method and MBR decoding using neural
metrics. Block-BT is a method which switches between blocks of authentic parallel and backtranslated
data during training based on a predefined pattern. The paper compares various parameters of the block-
BT method: block size, checkpoint averaging methods, using only BT or also forward translation. The
authors also show that MBR decoding can profit from more diverse checkpoints created by this method,
as opposed to traditional mixed data training.

F.7 CUNI-DocTransformer (Jon et al., 2022)
Exactly the same as submitted in WMT20 (Popel, 2020), document-level Transformer trained with Block
Backtranslation.

F.8 CUNI-Transformer (Jon et al., 2022)

The English<+Czech sentence-level models are exactly the same as submitted in WMT20 (Popel,
2020). The Ukrainian<+Czech models are very similar, also trained with Block Backtranslation. The
Czech— Ukrainian system uses in addition special preprocessing (romanization of the Ukrainian side and
a novel vocabulary-based inline casing on both sides).

F.9 CharlesTranslator (Popel et al., 2022)

Charles Translator for Ukraine is a free Czech-Ukrainian online translation service available for the public
athttps://translator.cuni.cz and as an Android app. It was developed at Charles University in
March 2022 to help refugees from Ukraine by narrowing the communication gap between them and other
people in the Czech Republic. It is based on Transformer and Block Backtranslation (Popel et al., 2020a).

F.10 DLUT (no associated paper)

We participate in the WMT 2022 general translation task in 2 language pairs and four language directions,
English-Chinese and English-Japanese. Our submission use standard Transformer bilingual models.

36


https://translator.cuni.cz

We mainly improve performance by data filtering, large-scale data generation (i.e., back-translation,
forward-translation, knowledge distillation, R2L training), domain finetuning, model ensemble and
post-editing.

F.11 GTCOM (Zong and Bei, 2022)

This submission is based on Transformer architecture and involves data augmentation techniques.

F.12 HuaweiTSC (Wei et al., 2022)

This paper describes the submission of huawei translation services center (HW-TSC) to WMT?22 general
MT translation task.

F.13 JDExploreAcademy (Zan et al., 2022)

We push the limit of our previous work — bidirectional training (Ding et al., 2021) for machine translation
by scaling up two main factors, i.e. language pairs and model sizes, namely the Vega-MT system.
As for language pairs, we scale the “bidirectional” up to the “multidirectional” settings, covering all
competitive high-resource languages, including en-de, en-cs, en-ru, en-zh, and en-ja, to exploit the
common knowledge across languages, and transfer them to the downstream bilingual tasks. As for model
size, we scale the transformer-big up to the extremely large model that owns nearly 4.7 Billion parameters,
to fully enhance the model capacity for our Vega-MT. Also, we adopt the widely-used data augmentation
strategies, e.g. back translation, knowledge distillation, cycle translation, and bidirectional self-training
to comprehensively exploit the bilingual and monolingual data. To adapt our Vega-MT to the general
domain test set, the noisy channel reranking and generalization tuning are employed.

F.14 KYB (Kalkar et al., 2022)

KYB team participated in the WMT22 general machine translation task on English-to-Japanese and
Japanese-to-English directions. Our submissions are based on the transformer model with base setting.
We employed several techniques to improve system’s performance, such as data cleaning and selection,
model ensembling/averaging, beam search, fine-tuning, and post-processing.

F.15 LT22 (Malli and Tambouratzis, 2022)

Our submission consists of translations produced from a series of NMT models of the following two
language pairs: german-to-english and german-to-french. All the models are trained using only the
parallel training data specified by WMT22. The models follow the transformer architecture employing
eight attention heads and six layers in both the encoder and decoder. It is also worth mentioning that, in
order to limit the computational resources that we would use during the training process, we decided to
train the majority of models by limiting the training to 21 epochs. Moreover, the translations submitted at
WMT22 have been produced using the test data released by the WMT22. The aim of our experiments has
been to evaluate methods for cleaning-up a parallel corpus to determine if this will lead to a translation
model producing more accurate translations. For each language pair, the base NMT models have been
trained from raw parallel training corpora, while the additional NMT models have been trained with
corpora subjected to a special cleaning process with the following tools: Bifixer and Bicleaner. It should
be mentioned that the Bicleaner repository doesn’t provide pre-trained classifiers for the above language
pairs, consequently we trained probabilistic dictionaries in order to produce new models. The fundamental
differences between these NMT models produced are mainly related to the quality and the quantity of the
training data, while there are very few differences in the training parameters. To complete this work, we
used the following three tools:(i) MARIAN NMT (Version: v1.11.5), which was used for the training of
the NMT models and (ii) Bifixer and (iii) Bicleaner, which were used in order to correct and clean the
parallel training data. Concerning the Bifixer and Bicleaner tools, we followed all the steps as described
meticulously in the relevant article.
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F.16 Lan-Bridge (Han et al., 2022)

Team Lan-Bridge’s submission are transformer base models. For non-Chinese language pairs, we trained
some multilingual models. For Chinese-English and English-Chinese, we train seperated models for each
direction.

F.17 LanguageX (Zeng, 2022)

LanguageX submission is an ensemble model equipped with our recent technique of fast domain adaptation
and data selection.

F.18 Livdever (Rikters et al., 2022)

The submitted translations were generated by an ensemble of three different iterations of multi-lingual
transformer models trained on Latvian, Estonian, English and Livonian data from the constrained track.
All parallel data were filtered (?) before training. After initial training the models were further improved
by performing iterative back-translation of batches of 200,000 sentences from each language to the other
languages (Livonian monolingual data was upscaled) for four iterations. The ensemble was composed of
the single best checkpoint from the last three iterations of the back-translation process.

F.19 NAIST-NICT-TIT (Deguchi et al., 2022)

This paper describes the NAIST-NICT-TIT submission to the WMT22 general machine translation task.
We participated in this task in the English-Japanese language pair. Our system is built on an ensemble of
Transformer big models, k-nearest-neighbor machine translation (kNN-MT) (Khandelwal et al., 2021),
and reranking.

Our base translation system is a combination of kKNN-MT and an ensemble of four Transformer big
models. Each of the Transformer model instances is trained using a different random seed, and we reuse
one of the models for kKNN-MT. A notable point of our system is that we construct the datastore for
kNN-MT from back-translated monolingual data. We find that using the back-translated data improves
translation performance when compared to using a parallel training corpus for the datastore.

We designed a reranking system to select a sentence from among the n-best sentences generated by
the base translation system. For each translation hypothesis, the reranker computes a weighted sum
of multiple model scores. It then selects the hypothesis with the highest score. We used k-best batch
MIRA (Cherry and Foster) to select the weights for the model scores that maximize the BLEU score of
the development set. We use context-aware model scores to improve the document-level consistency of
the translation.

F.20 NT5 (Morishita et al., 2022)

The NT5 team submission is standard ensemble Transformer models equipped with several extensions,
including our recent techniques, followed by a reranking module based on source-to-target, target-to-
source, and masked language models. We also applied data augmentation and selection techniques to
training data of the Transformer models.

F.21 NiuTrans (Shan et al., 2022)

This paper describes NiuTrans neural machine translation systems of the WMT22 General MT task with
constrained data sets. We participated in Chinese to English, English to Croatian, and Livonian-English
total of three tasks. We mainly utilized iterative back-translation, iterative knowledge distillation, and
iterative fine-tuning. We also use various Transformer variants to improve the model’s performance further,
e.g., ODE-Transformer, UMST. Moreover, we tried some multi-domain methods, such as multi-domain
model structure and multi-domain data clustering method, to adapt to this year’s multi-domain test set.
We also tried some methods to build a machine translation system using pre-trained language models.

F.22 OpenNMT (no associated paper)

In this paper, we first benchmark the mainstream translators on the English-to-German task by making sure
we take into account: - The changes that occurred in the WMT test sets starting 2019 - The post-processing
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differences between systems - The recent research in automatic metrics beyond BLEU Over the past 3
years, WMT has shown that both OnlineW and FacebookAlI have a clear lead in the human evaluations.
When looking at various metrics, we make the assumptions that one reason comes from the very good
fluency which exposes a low perplexity when measuring with a GPT-2 language model.

We will therefore try 3 types of experiments: 1) filter various datasets with a GPT-2 model to retain
only sentences under a given threshold. 2) Use a noisy channel decoding reranking method (used by
FacebookAl) and maybe by OnlineW since their API is way slower then G/M/A. 3) Use a GPT-2 large
model distillation during NMT training.

Given the training time of the last experiment we were not able to submit this system, however we will
continue and report results in the paper.

F.23 PROMT (Molchanov et al., 2022)

The PROMT systems are trained with the MarianNMT toolkit. All systems use the transformer-big
configuration. We use BPE for text encoding, the vocabulary sizes vary from 24k to 32k for different
language pairs. All systems are unconstrained. We use all data provided by the WMT organizers, all
publicly available data and some private data.

F.24 SRPOL (Dobrowolski et al., 2022)

We present the work of Samsung R&D Institute Poland in WMT 2022 General MT solution for medium
to low resource languages: Russian and Croatian. Our approach combines iterative back-translation with
noise and iterative distillation. We investigated different monolingual resources and compared their effects
on the final translation. We used available BERT-like models to classify texts and to distinguish text
domains. We attempted to predict ensemble weight vectors based on BERT-like domain classification for
individual sentences. The final models achieved quality comparable to the best online translators using
only limited resources during training.

F.25 TAL-SJTU (He et al., 2022)

TAL-SJTU submission is based on M2M100 (Fan et al., 2021a) with novel techniques that adapt it to the
target language pair: (1) We propose a cross-model word embedding alignment method that transfers a
pre-trained word embedding to M2M100, enabling it to support Livonian. (2) We also utilize Estonian
and Latvian languages as auxiliary languages for training and pivot languages for data augmentation.
(3) Finally, the best result was achieved after fine-tuning the model using the validation set and online
back-translation. In model evaluation: (1) We find that previous work (Rikters et al., 2022) underestimated
the translation performance of Livonian due to inconsistency in Unicode normalization, which may cause
a discrepancy of up to 19 BLEU score. (2) In addition to the standard validation set, we also employ
round-trip BLEU to evaluate the models, which we find a more appropriate way for this task.

F.26 TartuNLP (Tars et al., 2022)

TartuNLP’s submission is a model based on Transformers. Our main approach was utilizing large pre-
trained multilingual neural machine translation models, specifically the M2M-100 model (Fan et al.,
2021b). In our systems we used the 1.2 billion parameter model. We fine-tuned the pre-trained model
(more specifically we performed cross-lingual transfer learning) to our data, which consisted of WMT22
liv-en, en-liv data and other data from the Finno-Ugric language family for support. The main pipeline
was the following: fine-tuning with original parallel data, then two iterations of back-translation and
finally fine-tuning on original parallel data again.

F.27 eTranslation (Oravecz et al., 2022)

eTranslations’s Fr-De system is an ensemble of 4 big transformers, trained from all available parallel
data and with additional tagged, back-translated data generated from a 30M subset of various German
monolingual corpora. The monolingual and original parallel data is cleaned up and filtered with heuristic
rules. In the model trainings, the original parallel data is upsampled to a 1:1 ratio. Each transformer
model is then fine tuned for 3 epochs on the original parallel data. The models use a 32k SentencePiece
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vocabulary. The SentencePiece module as built in the Marian toolkit is used for end-to-end text processing,
without the standard pre- and postprocessing steps of truecasing, or (de)tokenization.

The En-Uk system is an ensemble of 4 multilingual (En -> Uk, Ru) big transformers, trained from all
available parallel data. Each transformer model is then fine tuned only on the En-Uk data for about 50
epochs and the best checkpoint is used in the ensemble. Vocabulary and pre/postprocessing settings are
the same as the Fr-De system. The En-Ru system is built with the same setup as the En-Uk, except it is an
ensemble of 3 models.

F.28 manifold (Jin et al., 2022)

Manifold’s English-Chinese System at WMT?22 is an ensemble of 4 models, each trained by one of four
different configurations and fine-tuned by applying scheduled-sampling. The four configurations are
DeepBig (Xenc), DeepLarger (Xenc), DeepBigTalkingHeads (Xenc) and DeepBig (LaBSE). DeepBig is
an extension to TransformerBig, the only difference is the former has 24 encoder layers. DeepLarger has
20 encoder layers and its FFN dimension is 8192. *TalkingHead applies talking-heads trick. For Xenc
configs, we selected monolingual and parallel data that is similar to the past newstest datasets using Xenc,
and for LaBSE, we cleaned the officially provided parallel data using LaBSE pretrained model.

F.29 shopline-pl

The model we submitted is based on the query results of the transformer and its variants, which includes
the integration effect of different models and incorporates the reserved word mechanism.

40



G Automatic scores

This section contains automatic metric scores. While human judgement is the official ranking of systems
and their performance, we share automatic scores to show expected system performance for various
testsets.

We use COMET (Rei et al., 2020) as the primary metric and ChrF (Popovié¢, 2015) as the sec-
ondary metric, following recommendation by (Kocmi et al., 2021). We present BLEU (Papineni et al.,
2002) scores as it is still widely used metric. The COMET scores are calculated with the default
model wmt20-comet-da. The ChrF and BLEU scores are calculated using SacreBLEU with signature
(Post, 2018) is chrF2 |nrefs:all|case:mixed|eff:yes|nc:6|nw:0|space:no|version:2.0.0.
Scores are multiplied by 100.

The different suffix represents the name of reference used for calculation (A, B, C, stud), references has
been translated by different translators but with the same sponsor. A notable difference is Czech-English,
where we are missing reference "A" for it’s low quality, which was partly corrected and placed under
"C". The second exception is Croatian reference "stud" which was created by students in contrast to
"A" prepared by professionals. Lastly, testsets liv-en and ru-sah are reverse testsets to their opposite
counterparts (i. e. "en" and "sah" are original sources)

Table 29: Automatic metric scores for en-cs.

System COMETs 1t COMET¢s ChrFp ChrF¢ BLEUp BLEU¢
Online-W 97.8 79.3 68.2 51.8 45.8 25.0
Online-B 97.5 76.6 69.0 52.7 48.2 27.0
CUNI-Bergamot 96.0 79.0 63.2 50.3 38.6 24.4
JDExploreAcademy 95.3 77.8 65.1 51.8 41.4 25.5
Lan-Bridge 94.7 73.8 68.2 52.3 45.6 25.9
Online-A 92.2 71.1 65.8 50.8 41.8 24.5
CUNI-DocTransformer 91.7 72.2 63.9 50.8 39.8 25.2
CUNI-Transformer 86.6 68.6 62.1 50.1 37.7 24.5
Online-Y 83.7 62.3 62.9 49.0 37.8 22.8
Online-G 82.3 61.5 62.8 49.0 38.1 22.7

Table 30: Automatic metric scores for en-de.

System COMET4s 1 COMETr ChrFy ChrFg BLEUs BLEUg
Online-W 65.5 64.4 64.1 62.7 36.6 353
JDExploreAcademy 63.2 62.5 64.3 63.8 37.8 38.2
Online-B 62.3 61.9 64.6 64.1 38.4 383
Online-Y 61.1 60.9 63.7 63.5 37.0 37.2
Online-A 60.6 60.0 63.9 63.6 36.5 37.2
Online-G 60.2 59.3 63.4 63.1 36.4 36.6
Lan-Bridge 58.8 58.3 64.1 63.7 36.1 36.5
OpenNMT 57.2 57.0 62.1 61.5 35.7 35.7
PROMT 55.8 55.3 62.8 62.2 36.1 36.0

Table 31: Automatic metric scores for en-hr.

System COMETAs 1 COMETstuq ChrFy4  ChrFsqg BLEUA  BLEUgtyq
Online-B 80.4 77.6 58.5 57.6 315 29.8
Lan-Bridge 79.6 76.7 58.5 574 31.5 29.7
GTCOM 77.4 74.7 58.1 57.0 30.7 28.6
Online-A 69.5 67.1 56.5 559 29.1 28.1
SRPOL 69.4 67.6 56.3 55.6 29.1 27.8
HuaweiTSC 67.6 66.3 56.8 56.1 29.9 28.6
NiuTrans 65.5 63.4 56.3 55.6 293 28.1
Online-G 64.2 63.0 53.2 52.5 25.7 243
Online-Y 56.7 55.1 543 53.6 26.6 25.1
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Table 32: Automatic metric scores for en-ja.

System COMET4s 1 ChrF4  BLEU4
JDExploreAcademy 65.1 36.1 41.5
NTS 64.1 36.8 42.5
LanguageX 62.1 36.1 41.7
Online-B 60.8 355 41.2
DLUT 60.5 36.1 41.8
Online-W 59.8 35.2 40.8
Online-Y 56.8 34.4 39.9
Lan-Bridge 56.5 34.1 39.4
Online-A 53.6 34.1 38.8
NAIST-NICT-TIT 533 33.8 39.2
AISP-SJITU 524 33.9 393
KYB 31.8 28.6 33.1
Online-G 24.9 28.0 32.1

Table 33: Automatic metric scores for en-liv.

System COMET4 1 ChrFs  BLEU4
TAL-SITU -29.5 43.8 17.0
TartuNLP -36.8 39.2 15.0
HuaweiTSC -38.9 37.7 12.8
Liv4ever -394 39.6 14.7
NiuTrans -81.9 30.5 12.3

Table 34: Automatic metric scores for en-ru.

System COMET s 1T ChrF4 BLEU4
Online-W 75.1 58.3 324
Online-G 73.1 59.5 32.8
Online-B 72.9 59.7 34.9
Online-Y 69.8 58.3 332
JDExploreAcademy 69.6 58.4 327
Lan-Bridge 67.3 59.0 32.6
Online-A 67.3 58.1 33.1
PROMT 60.3 56.1 30.6
SRPOL 59.7 56.4 30.4
HuaweiTSC 59.2 56.1 30.8
eTranslation 57.9 55.8 29.8

Table 35: Automatic metric scores for en-uk.

System COMET4 1t ChrF4 BLEU4
Online-B 73.2 59.3 32.5
GTCOM 72.0 59.0 30.8
Online-G 69.9 57.2 27.2
Lan-Bridge 65.7 58.8 29.5
Online-A 60.9 56.0 28.0
eTranslation 54.5 54.8 26.2
HuaweiTSC 54.4 54.8 26.5
Online-Y 51.9 54.9 26.9
ARC-NKUA 49.2 54.0 25.2
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Table 36: Automatic metric scores for en-zh.

System COMET4s 1T COMETs ChrFa ChrFp  BLEU4 BLEUpg
GTCOM 64.7 69.4 44.1 45.7 47.7 50.5
LanguageX 63.8 71.5 49.1 53.1 54.3 59.8
Online-B 61.8 80.4 44 .4 68.6 49.1 73.7
JDExploreAcademy 61.7 70.6 44.6 51.1 49.7 57.6
Lan-Bridge 614 69.4 42.8 49.2 48.3 56.0
Online-W 61.0 69.5 41.1 47.7 44.8 52.6
Manifold 60.1 71.2 44.2 54.3 48.7 59.6
Online-Y 59.7 71.7 42.3 54.0 46.8 59.9
HuaweiTSC 59.5 73.1 44.5 58.1 49.7 64.4
Online-A 57.3 70.1 42.5 55.5 46.4 60.7
AISP-SJTU 56.5 66.6 439 50.9 48.8 57.3
DLUT 52.1 63.0 41.3 50.1 45.2 554
Online-G 51.2 62.5 39.4 49.8 439 55.2
Table 37: Automatic metric scores for cs-en.
System COMETz 1t COMET¢s ChrFp ChrF¢ BLEUp BLEU¢
Online-W 717.5 45.6 79.3 52.0 64.2 23.8
JDExploreAcademy 74.7 49.0 74.4 53.7 54.9 25.1
Lan-Bridge 71.8 472 74.0 54.0 54.5 25.5
Online-B 71.8 474 73.8 54.0 54.3 25.5
CUNI-DocTransformer 70.6 45.3 72.2 53.0 51.9 24.8
Online-A 69.8 443 73.4 53.4 53.3 25.0
CUNI-Transformer 69.2 432 71.7 52.0 51.6 239
Online-G 63.0 38.8 70.3 52.1 48.5 23.0
SHOPLINE-PL 61.1 39.6 69.2 532 46.8 24.6
Online-Y 58.6 35.2 67.9 51.5 44.6 23.1
ALMAnaCH-Inria 19.3 49 56.9 48.3 29.9 19.7
Table 38: Automatic metric scores for de-en.
System COMET4s 1T COMETs ChrFa ChrFp  BLEU4 BLEUpg
JDExploreAcademy 58.0 63.5 58.5 61.8 33.7 35.8
Online-B 56.9 63.6 58.3 61.9 33.3 36.6
Lan-Bridge 56.5 63.6 58.5 62.3 334 37.0
Online-G 55.2 61.7 58.7 62.5 33.7 36.5
Online-Y 54.6 61.4 58.0 61.9 32.9 36.3
Online-A 54.5 62.2 58.4 62.7 333 37.2
Online-W 54.3 61.7 57.7 61.7 32.6 36.0
PROMT 51.8 59.4 57.8 62.1 32.5 36.6
LT22 25.6 333 51.3 55.7 26.0 30.9
Table 39: Automatic metric scores for ja-en.
System COMET s 1t ChrF4  BLEU4
NTS 42.0 51.3 26.6
Online-W 41.2 51.7 27.8
JDExploreAcademy 40.6 50.1 25.6
Online-B 39.6 49.9 24.7
DLUT 37.2 49.8 24.8
NAIST-NICT-TIT 334 48.3 22.7
Online-A 329 48.4 22.8
LanguageX 32.9 49.1 224
Online-Y 32.3 48.2 21.5
Lan-Bridge 31.9 48.7 22.8
AISP-SJTU 30.1 48.0 22.0
Online-G 22.3 45.7 19.7
KYB 17.3 434 18.1
AIST -152.7 114 0.1
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Table 40: Automatic metric scores for liv-en.

System COMET4s 1 ChrF4  BLEU4
TartuNLP -5.8 53.5 29.9
TAL-SITU -8.4 53.2 30.4
HuaweiTSC -27.3 48.4 23.4
Liv4dever -44.0 46.7 23.3
NiuTrans -88.3 35.6 13.0

Table 41: Automatic metric scores for ru-en.

System COMET4s T ChrFya  BLEU4
Online-G 65.1 70.0 46.7
JDExploreAcademy 64.9 68.9 45.1
Online-Y 64.1 68.2 43.8
Lan-Bridge 63.1 68.5 45.2
Online-B 63.1 68.3 45.0
Online-A 62.2 68.3 439
Online-W 61.6 66.3 42.6
HuaweiTSC 60.9 68.5 45.1
SRPOL 59.5 67.2 43.6
ALMAnaCH-Inria 26.8 57.9 30.3

Table 42: Automatic metric scores for uk-en.

System COMET4s 1 ChrF4  BLEU4
Online-B 62.5 67.2 444
Lan-Bridge 62.4 67.3 44.6
GTCOM 61.9 67.1 43.9
Online-G 57.4 66.0 432
Online-A 52.1 65.2 423
HuaweiTSC 50.1 63.9 41.6
Online-Y 49.8 64.6 41.8
PROMT 49.6 64.7 42.1
ARC-NKUA 49.6 64.6 41.9
ALMAnaCH-Inria 21.8 55.6 30.0

Table 43: Automatic metric scores for zh-en.

System COMET 4 T COMETp ChrF 4 ChrFp BLEU 4 BLEUB
Online-G 45.6 36.2 59.7 54.1 29.6 21.7
JDExploreAcademy 45.1 35.2 61.1 54.1 335 22.3
LanguageX 44.9 353 60.5 542 31.9 22.1
Lan-Bridge 43.0 34.0 57.8 52.7 28.1 20.9
HuaweiTSC 42.8 335 58.5 52.8 29.8 21.7
Online-B 42.1 32.8 58.2 52.9 28.8 21.1
AISP-SJTU 41.6 32.8 59.2 53.8 29.7 21.4
Online-Y 40.8 31.0 57.6 52.1 27.1 19.8
Online-A 352 26.0 57.3 52.1 27.3 19.9
Online-W 31.6 23.1 54.5 49.9 24.0 18.0
NiuTrans 31.3 223 56.0 51.2 26.2 19.5
DLUT 30.6 22.0 55.2 50.5 25.0 18.6
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Table 44: Automatic metric scores for cs-uk.

System COMET4s 1t ChrFs BLEU4
AMU 99.4 61.5 347
Online-B 94.3 64.0 38.3
GTCOM 934 63.9 36.8
Lan-Bridge 91.8 64.0 38.3
CharlesTranslator 90.8 61.5 343
HuaweiTSC 90.7 62.6 36.0
CUNI-JL-JH 90.0 61.6 34.8
Online-G 88.3 60.8 32.5
Online-A 87.8 62.2 35.9
CUNI-Transformer 87.3 61.6 35.0
Online-Y 78.4 59.6 32.1
ALMAnaCH-Inria 61.3 54.5 26.8
Table 45: Automatic metric scores for de-fr.
System COMETAs 1T ChrF4 BLEU4
Online-B 70.5 74.6 58.4
Online-W 63.6 65.5 43.6
Online-Y 57.8 66.8 46.2
Online-A 52.2 64.5 41.3
Online-G 44.8 62.7 39.0
LT22 10.4 54.4 28.3
Table 46: Automatic metric scores for fr-de.
System COMET4s 1 ChrF4  BLEU4
Online-W 77.9 81.2 64.8
Online-B 63.7 68.7 46.6
Online-Y 61.6 67.5 45.0
Online-A 59.2 67.2 44.4
eTranslation 554 68.4 46.5
Lan-Bridge 51.1 65.0 41.8
Online-G 48.2 66.0 41.1
Table 47: Automatic metric scores for ru-sah.
System COMET4s 1T ChrFa  BLEUA
Online-G -17.1 47.0 14.7
Lan-Bridge -124.3 11.3 0.0
Table 48: Automatic metric scores for sah-ru.
System COMET4s 1t ChrF4  BLEUA
Online-G 31.1 55.5 29.6
Lan-Bridge -75.9 28.3 7.1
Table 49: Automatic metric scores for uk-cs.
System COMETA 1T ChrF4 BLEU4
AMU 104.8 60.7 37.0
Online-B 96.5 60.3 36.4
Lan-Bridge 94.5 60.4 36.5
HuaweiTSC 91.4 59.6 36.0
CharlesTranslator 90.2 59.0 35.9
CUNI-JL-JH 89.0 58.7 35.1
CUNI-Transformer 88.5 59.0 35.8
Online-A 854 57.5 33.3
Online-G 84.2 56.3 31.5
GTCOM 80.2 55.8 31.3
Online-Y 78.6 55.3 29.6
ALMAnaCH-Inria 62.4 50.7 25.3
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Abstract

This paper presents the results of the WMT22
Metrics Shared Task. Participants submitting
automatic MT evaluation metrics were asked
to score the outputs of the translation systems
competing in the WMT22 News Translation
Task on four different domains: news, social,
e-commerce, and chat. All metrics were eval-
uated on how well they correlate with human
ratings at the system and segment level. Similar
to last year, we acquired our own human rat-
ings based on expert-based human evaluation
via Multidimensional Quality Metrics (MQM).
This setup had several advantages, among other
things: (i) expert-based evaluation is more reli-
able, (ii) we extended the pool of translations
by 5 additional translations based on MBR de-
coding or rescoring which are challenging for
current metrics.

In addition, we initiated a challenge set subtask,
where participants had to create contrastive test
suites for evaluating metrics’ ability to capture
and penalise specific types of translation errors.

Finally, we present an extensive analysis on
how well metrics perform on three language
pairs: English—German, English—Russian
and Chinese—English. The results demon-
strate the superiority of neural-based learned
metrics and demonstrate again that overlap met-
rics like BLEU, SPBLEU or CHRF correlate
poorly with human ratings. The results also
reveal that neural-based metrics are significant
better than non-neural metrics across different
domains and challenges.

1 Introduction

The metrics shared task! has been a key component
of WMT since 2008, serving as a way to validate
the use of automatic MT evaluation metrics and

drive the development of new metrics. We eval-

uate reference-based automatic metrics that score
MT output by comparing the translations with a

'https://wmt-metrics-task.github.io/
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reference translation generated by human transla-
tors, who are instructed to translate “from scratch”
without post-editing from MT. In addition, we also
invited submissions of reference-free metrics (qual-
ity estimation metrics or QE metrics) that compare
MT outputs directly with the source segments. All
metrics are evaluated based on their agreement with
human rating when scoring MT systems and hu-
man translations at the system or sentence level.
The final ranking of this year’s submitted primary
metrics is shown in Table 1. We provide details in
the remainder of the paper.

Metric | avg rank
METRICX XXL 1.20
COMET-22 1.32
UNITE 1.86
BLEURT-20 1.91
COMET-20 2.36
MATESE 2.57
COMETKIWI* 2.70
MS-COMET-22 2.84
UNITE-SRC* 3.03
YiSi-1 3.27
COMET-QE* 3.33
MATESE-QE* 3.85
MEE4 3.87
BERTSCORE 3.88
MS-COMET-QE-22*% 4.06
CHRF 4.70
F101SPBLEU 497
HWTSC-TEACHER-SIM* | 5.17
BLEU 5.31
REUSE* 6.69

Table 1: Official ranking of all primary submissions of
the WMT22 Metric Task. The final score is the weighted
average ranking over 201 different scenarios. Metrics
with * are reference-free metrics.

We implemented several changes to the method-
ology that was followed in previous years’ editions:

* Expert-based human evaluation: Like last year,
we collected our own human ratings for select
language pairs (en—de, en—ru, zh—en) from
professional translators via MQM (Lommel et al.,
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2014). Freitag et al. (2021a) showed that expert-
based MQM evaluations produce more reliable”
scores when compared to the DA-based human
ratings acquired by the WMT Translation task.
This step was necessary as Freitag et al. (2021a)
showed that the DA-based ground-truth is already
of lower quality than some of our submissions
(Section 3).

Additional Training Data: We encouraged the
participants to make use of existing MQM anno-
tations for newstest2020 (Freitag et al., 2021a)°,
and the MQM annotations from the WMT21 Met-
rics Task (Freitag et al., 2021b) to improve and/or
test their metrics.

Additional MT systems: The primary use case
for automatic metrics is guiding research to trans-
lations that are better than what we can generate
right now. To address this scenario, we not only
want to evaluate metrics on MT output that we
are currently capable of generating, but also on
translations that are better than the current WMT
submissions. For that we need to add alternative
translations that cover a wider space of possible
translations. To address this, we added MT sys-
tems that were generated with MBR decoding or
reranking (Section 2.2).

Challenge sets subtask: In the main metrics task,
the metrics are evaluated on MT systems translat-
ing test sets drawn from large sources of continu-
ous text. In an effort to have a more fine-grained
analysis on the strengths and weaknesses of the
metrics, we introduced the concept of challenge
sets. A challenge set consists of contrasting MT
outputs, which have been deliberately devised or
selected to include correct and incorrect transla-
tions of particular phenomena, along with their
respective reference translation. The evaluation
of every metric in this setup depends on its ability
to rank the correct translations higher than their
corresponding incorrect ones. Whereas a first
version of challenge sets appeared in last year’s
metrics shared task (Freitag et al., 2021b), this
year they appear for the first time as a subtask in a
decentralized manner. Inspired by the Build it or

DA is unreliable for high-quality MT output; ranks human
translations lower than MT; correlates poorly with metrics.
Expert-based MQM ranks human translations higher than MT
and correlates generally much better with automatic metrics.

Shttps://github.com/google/
wmt-mgm-human-evaluation
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break it: The Language Edition shared task (Et-
tinger et al., 2017), participants (the Breakers)
had to submit their own test suites to test the ro-
bustness of MT metrics to particular phenomena
that they choose. Our first edition of this subtask
(Section 8) received four challenge set submis-
sions covering a wide range of phenomena and
languages.

Meta Evaluation: A main aim of the metrics
task is to rank the overall performance of various
metrics. This requires some way of aggregating
scores across different settings (language pair, do-
main, granularity etc.), in order to provide a bal-
anced picture. Correlations with human scores
have different ranges in different settings, so aver-
aging them is not a good solution. Last year, we
adopted a proposal by Kocmi et al. (2021) that
involves taking the microaverage of a metric’s
accuracy in making pairwise system-ranking de-
cisions across different settings. This is easy to
interpret and reflects a common use-case for met-
rics, but because we have only three language
pairs, and thus relatively few pairwise compar-
isons, it tends to place many metrics into large
significance clusters (eg, 8 metrics in the top
cluster last year, including CHRF but excluding
COMET). In an effort to better discriminate, and
to represent a broader set of use-cases, this year
we computed the average rank of each metric
across a large set of tasks (Section 5). This statis-
tic has a clear interpretation, is justified by social
choice theory (Colombo et al., 2022), and makes
it easy to zoom into different subsets of tasks to
provide finer-grained characterizations. To re-
flect the importance of the accuracy metric from
last year, we define it as a single highly-important
task (out of 201 tasks in total), with an overall
weight of 25%.

MTME: Similar to last year, all results in this
paper are calculated with MTME*. We want to
encourage every metric developer to use this tool
to calculate scores for consistency and compara-
bility going forward.

Our main findings are:

e Out of 13 reference-based metrics BLEU is
ranked last, followed by F200SPBLEU and
CHRF.

*nttps://github.com/google-research/
mt-metrics—-eval
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* Neural fine-tuned metrics are not only bet-
ter, but also robust to different domains.
Furthermore, based on the results from the
four submitted challenge sets, neural fine-
tuned metrics exhibit superior performance
when compared to lexical and embedding sim-
ilarity metrics.

Top performing metrics from previous years
are still top-performers, being only outper-
formed by model ensembles or metrics based
on considerably larger neural models.

For the first time since 2008, there was no
new purely lexical metric submission, which
indicates that metric developers are moving
away from lexical metrics.

The rest of the paper is organized as follows: Sec-
tion 2 describes the additional MT systems. Sec-
tion 3 presents an overview of the conducted expert-
based human evaluation. Section 4 describes the
metrics evaluated this year (baselines and partici-
pants). Section 5 describes the conducted meta-
evaluation. Section 6 reports our main results.
Section 7 summarizes our results for additional
WMT?22 Translation task language-pairs based on
their Direct Assessment human evaluation. Sec-
tion 8 presents a description of the submitted chal-
lenge sets along with their findings. Finally, Sec-
tion 9 presents our most relevant conclusions.

2 Translation Systems

Similar to the previous years’ editions, the source,
reference texts, and MT system outputs for the
metrics task are mainly derived from the WMT22
general MT Task. In addition to the MT system
outputs from the WMT evaluation campaign, we
added translations from six additional MT systems
which we deemed interesting for evaluation.

2.1 WMT Test Sets

The general MT 2022 test set contains around 2000
segments for each translation direction. This year,
the test sets cover 4 domains: news, social, con-
versational, and e-commerce. There are around
500 sentences for each domain resulting in rea-
sonably balanced test sets. English sources are
identical for both into-German and into-Chinese
translation directions. The reference translations
provided for the test sets are translated by profes-
sional translators. We have two reference transla-
tions for English—German and Chinese—English
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sponsored by Microsoft and one reference trans-
lation for English—Russian sponsored by Google.
For more details regarding the news test sets, we
refer the reader to the WMT22 General MT task
findings paper (Kocmi et al., 2022a).

2.2 Additional MT Output

Similar to last year, we want to expand the pool of
translations beyond the WMT submissions, which
usually are quite similar to each other. We added
translations based on M2M100 and translations
generated with MBR decoding.

M2M100 1.2B As the field moves forward to
large multilingual pre-trained models, we are in-
terested in comparing such general-purpose large
multilingual MT systems against direct submis-
sions to the general MT task. Models such as
MBARTS50 (Tang et al., 2021) and M2M100 (Fan
et al., 2021) are publicly available, easy to use and
have recently been used as baselines and/or as a
backbone for new research. We tested both mod-
els on the newstest2021 and we decided to include
M2M100 1.2B as an additional MT output as it
yielded better automatic scores.

MBR Outputs Minimum Bayes Risk (MBR) de-
coding has recently gained attention in MT as a de-
cision rule, with the potential to overcome some of
the biases of MAP decoding in NMT (Eikema and
Aziz, 2020; Miiller and Sennrich, 2021; Eikema
and Aziz, 2021; Freitag et al., 2022; Fernandes
et al., 2022). MBR decoding centrally relies on a
reference-based utility metric: its goal is to identify
a hypothesis with a high estimated utility (expecta-
tion under model distribution) with the hope that a
high estimated utility translates into a high actual
utility (with respect to a human reference). MBR
decoding is particularly interesting for reference-
based metrics as it stress tests the metric, using it
as a utility function.

This year, we added three different MBR
runs using three different utility functions (BLEU,
BLEURT-20, and COMET-20) as additional trans-
lations. Freitag et al. (2022) demonstrated that
the translations generated with a neural-based util-
ity (BLEURT-20, and COMET-20) generate trans-
lations that are not only better when compared
to MAP decoding, but the resulting translations
are also significantly different from both the beam
search decoding and the MBR decoding output us-
ing BLEU as a utility function. To make it even
more interesting for the metric task, for these MBR



translation models we used a transformer-big base-
line trained only on WMT?22 bilingual training data.
By not using the strongest NMT system, we hope to
see interesting new errors in the translation output.
To generate the candidate list for MBR decoding,
we sampled 256 times from the model using unbi-
ased ancestral sampling.

Reranking Outputs Complementary to MBR
outputs, we were also interested in comparing
and evaluating the quality produced by rerank-
ing approaches based on QE. Our hope is that
QE based reranking would lead to translations
that are lexically different than traditional beam
search output and thus lead to more diverse
translations for the same source sentences. For
English—German and English—Russian we used
the Fairseq WMT19 systems’ (Ng et al., 2019) with
Nucleus Sampling (Holtzman et al., 2019) to gen-
erate 200 candidate translations, from which we
choose the best translation according to the Tune
Reranker proposed in Fernandes et al. (2022). For
Chinese—English we used the same process but
replacing the NMT model with MBARTS50 (many-
to-one) and using only 50 samples.

3 MQM Human Evaluation

Automatic metrics are usually evaluated by measur-
ing correlations with human ratings. The quality of
the underlying human ratings is critical and recent
findings (Freitag et al., 2021a) have shown that
crowd-sourced human ratings are not reliable for
high quality MT output. Furthermore, an evalua-
tion schema based on MQM (Lommel et al., 2014),
which requires explicit error annotation, is prefer-
able to an evaluation schema that only asks raters
for a single scalar value per translation. Similar to
last year, we decided to not use the human ratings
from the WMT General MT task, and conducted
our own MQM-based human evaluation on a subset
of submissions and a subset of language pairs that
are most interesting for evaluating current metrics.
This not only had the advantage of more reliable
ratings for a subset of language pairs, but also gave
us the opportunity to add our own translations that
might be challenging for current metrics and are
not part of an WMT submission.

MQM is a general framework that provides a
hierarchy of translation errors which can be tai-
lored to specific applications. Google and Unba-

*https://github.com/facebookresearch/
fairseg/tree/main/examples/wmt19

bel sponsored the human evaluation for this year’s
metrics task for a subset of language pairs using
either professional translators (English—German,
Chinese—English) or trusted and trained raters
(English—Russian). The error annotation typology
and guidelines used by Google’s and Unbabel’s
annotators differ slightly and are described in the
following two sections.

3.1 English—German and Chinese— English

Annotations  for  English—+German  and
Chinese—English were sponsored and exe-
cuted by Google, using 11 professional translators
(7 for English—German, 4 for Chinese—English)
having access to the full document context. Each
segment gets annotated by a single rater. Instead
of assigning a scalar value to each translation, an-
notators were instructed to label error spans within
each segment in a document, paying particular
attention to document context. Each error was
highlighted in the text, and labeled with an error
category and a severity. To temper the effect of
long segments, we imposed a maximum of five
errors per segment, instructing raters to choose the
five most severe errors for segments containing
more errors. Segments that are too badly garbled
to permit reliable identification of individual errors
are assigned a special Non-translation error. Error
severities are assigned independent of category,
and consist of Major, Minor, and Neutral levels,
corresponding respectively to actual translation
or grammatical errors, smaller imperfections and
purely subjective opinions about the translation.
Since we are ultimately interested in scoring
segments, we adopt the weighting scheme shown
in Table 2, in which segment-level scores can
range from O (perfect) to 25 (worst). The final
segment-level score is an average over scores from
all annotators. For more details, exact annotator
instructions and a list of error categories, we refer
the reader to Freitag et al. (2021a) as the exact
same setup was used for the WMT21 metrics task.

Severity | Category | Weight
Major Non-translation 25

all others 5
Minor Fluency/Punctuation | 0.1

all others 1
Neutral | all | 0

Table 2: Google’s MQM error weighting.


https://github.com/facebookresearch/fairseq/tree/main/examples/wmt19
https://github.com/facebookresearch/fairseq/tree/main/examples/wmt19

3.2 English—Russian

The annotations for English—Russian were pro-
vided by Unbabel who utilized four professional,
native language annotators with ample translation
experience. Annotation was conducted using Un-
babel’s own proprietary variant of the MQM frame-
work (Lommel et al., 2014) which is fully compli-
ant with MQM 2.0, being the most recent iteration
of the framework®. Annotation was split along
the four domain boundaries with each of the an-
notators evaluating all of the systems for a single
content type. Similarly to Google, the annotators
were given the full document context (up to ten
segments) and were instructed to identify (by high-
lighting) and classify errors in accordance with the
MQM typology. Annotators were also asked to
classify error severity; in addition to Minor and
Major error severities used by Google, Unbabel
also uses a Critical error severity. However, in
the interest of maintaining consistency in evalua-
tion, we calculated the MQM score in a manner
compliant with the Google methodology outlined
above. Specifically all annotated Critical errors
were counted as Major and punctuation errors were
weighted using the weighting scheme in Table 2.

3.3 Human Evaluation Results

As discussed in Section 1, we decided to run our
own human evaluation in order to generate our
golden-truth ratings and come to stronger conclu-
sions about the quality of each automatic metric
across all domains. However, this also meant that
we were only able to evaluate a subset of the test
sets. In Table 3, you can see the number of seg-
ments for each language pair and test set that we
used for human evaluation. We followed a simple
and consistent approach to downsample the data:
we kept the first 10 sentences of each document.
By doing this, we did not need to discard any docu-
ments and only needed to crop longer documents.
An exception is Chinese—English where we evalu-
ated the full test set.

language | news | social | ecomm. | conv.

en—de 300/511 | 340/512 | 230/530 | 445/484
en—ru 300/511 | 340/512 | 230/530 | 445/484
zh—en 505/505 | 503/503 | 518/518 | 349/349

Table 3: Numbers of MQM-annotated segments per
domain.

*https://themgm.org/

The results of the MQM human evaluation
can be seen in Table 4. Most of the reference
translations are ranked first, except for refB for
English—German. Not ranking the human evalua-
tion on top of the MT output is usually a signal for
a corrupt human evaluation. We double checked
the annotation for refB and can confirm that the
reference translation indeed contained some errors.

4 Baselines and Primary Submissions

We computed scores for several baseline metrics
in order to compare submissions against previous
well-studied metrics. We will start by describing
those baselines and then we will describe the sub-
missions from participating teams. An overview of
the evaluated metrics can be seen in Table 5.

4.1 Baselines

SacreBLEU baselines We use the following met-
rics from the SacreBLEU (Post, 2018) as baselines:

* BLEU (Papineni et al., 2002) is based on the
precision of n-grams between the MT output
and its reference weighted by a brevity penalty.
Using SacreBLEU we obtained sentence-
BLEU values using the sentence_bleu
Python function and for corpus-level BLEU
we used corpus_bleu (both with default
arguments’).

* F101SPBLEU (Goyal et al., 2022) and
F200SPBLEU (NLLB Team et al., 2022) are
BLEU scores computed with subword tok-
enization done by standardized Sentencepiece
Models (Kudo and Richardson, 2018). We
used the command line SacreBLEU to com-
pute the sentence level F101SPBLEU® and
F200SPBLEU” and we average those scores
to obtain a corpus-level score.

* CHRF (Popovi¢, 2015) uses character n-
grams instead of word n-grams to compare
the MT output with the reference. For CHRF
we used the SacreBLEU sentence_chrf
function (with default arguments!®) for
segment-level scores and we average those
scores to obtain a corpus-level score.

"Inrefs.1lcase. mixedllang. LANGPAIRItok. 1 3alsmooth.exp

Iversion.1.5.0
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English—German | Chinese—English |
System ‘all news social ecom. conv. System ‘all news social ecom. conv.
refA 0.64 097 0.68 056 042 refA 122 142 1.10 142 0.82
Online-W 079 095 074 093 0.65 refB 200 2.18 1.83 1.69 0.96
refB 091 138 093 1.17 046 Lan-Bridge 247 245 197 355 1.39
MBR-bleu 096 129 1.14 082 0.67 MBR-bleurt 251 252 206 3.68 1.55
Online-B 1.04 144 127 088 0.67 Online-B 271 266 207 373 1.55
JDExploreAcademy | 1.05 1.36 1.21 1.20 0.64 LanguageX 274 274 246 378 1.58
MBR-comet 1.08 140 1.33 1.01 0.71 JDExploreAcademy | 2.83 2.84 2.56 3.81 1.60
MBR-bleurt 1.11 155 141 0.72 0.78 MBR-comet 2.87 288 263 398 1.61
Online-A 1.21 140 155 135 0.76 Online-G 293 290 273 416 1.63
Online-G 122 1.78 151 1.17 0.66 MBR-bleu 3.00 294 277 422 1.64
Online-Y 130 1.99 145 1.02 0.86 HuaweiTSC 3.09 296 280 430 1.68
QUARTZ 1.34 185 159 1.10 0.94 AISP-SJTU 3.19 3.08 289 5.03 176
Lan-Bridge 1.41 243 172 1.09 0.65 Online-Y 328 327 3.03 520 179
OpenNMT 1.68 198 214 1.73 1.09 Online-A 373 349 348 539 204
PROMT 1.76 241 194 156 1.27 Online-W 395 396 360 576 230
M2M100 2.82 346 299 294 219 M2M100 6.82 747 578 937 3.61
English—Russian |,

System \ all news social ecom. conv.

refA 1.13 043 217 195 0.39

Online-W 1.37 135 296 090 041

MBR-bleu 1.85 1.57 401 139 0.63

Online-B 194 159 429 137 0.68

Online-G 203 150 433 188 0.71

JDExploreAcademy | 2.09 1.14 4.63 223 0.71

MBR-comet 2.10 2.01 474 126 057

Lan-Bridge 234 214 549 149 051

Online-Y 255 206 579 1.66 0.86

Online-A 285 1.83 656 262 0.83

PROMT 294 204 688 255 073

HuaweiTSC 340 1.72 8.07 3.02 1.17

SRPOL 3.68 2.02 819 353 143

eTranslation 379 230 854 349 132

QUARTZ 406 382 7.02 503 146

M2M100 456 374 927 442 1.58

Table 4: MQM human evaluations for generaltest2022.

BERTSCORE (Zhang et al., 2020) leverages
contextual embeddings from pre-trained transform-
ers to create soft-alignments between words in can-
didate and reference sentences using cosine similar-
ity. Based on the alignment matrix, BERTSCORE
returns a precision, recall and F1 score. We used
F1 without TF-IDF weighting.

Yi1Si1-1 (Lo, 2019) is a MT evaluation metric that
measures the semantic similarity between a ma-
chine translation and human references by aggre-
gating the IDF-weighted lexical semantic similari-
ties based on the contextual embeddings extracted
from pre-trained language models (e.g. ROBERTa,
CamemBERT, XLM-RoBERTa3, etc.).

BLEURT (Sellam et al., 2020) is a learned met-
ric that is fine-tuned to produce a DA for a given
translation by encoding it jointly with its refer-
ence. We used the BLEURT20 checkpoint (Pu et al.,
2021) which was trained on top of RemBERT us-

Lower average error counts represent higher MT quality.

ing DA from previous shared tasks ranging 2015
to 2019 and additional synthetic data created from
Wikipedia articles.

COMET (Rei et al., 2020) is a learnt metric that
is fine-tuned to produce a z-standardized DA for
a given translation by comparing its representa-
tion to source and reference embeddings. We used
the default model wmt 20-comet—-da provided
in version 1.1.2 which is trained on top of XLM-R
large using data from from previous shared tasks
ranging 2017 to 2019.

COMET-QE (Rei et al., 2021) is a reference-
free learnt metric similar to COMET. We used
the wmt 21 -comet—ge—-mgm) model which was
a top-performing metric from last year’s shared
task. This metric is first trained on z-standardized
DA from 2017 to 2020 and then fine-tuned on z-
standardized MQM from (Freitag et al., 2021a).
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metric broad category sup- ref. citation availability (attps://github.com/)
erv. free

BLEU lexical overlap Papineni et al. (2002)  mjpost/sacrebleu
F101SPBLEU lexical overlap Goyal et al. (2022) mjpost/sacrebleu

" F200SPBLEU lexical overlap NLLB Team et al. mipost/sacrebleu

L (2022)

53 CHRF lexical overlap Popovié (2015) mjpost/sacrebleu

E BERTSCORE embedding similarity Zhang et al. (2020) Tiiiger/bert_score
BLEURT fine-tuned metric v Sellam et al. (2020) google-research/bleurt
COMET fine-tuned metric v Rei et al. (2020) Unbabel/COMET
COMET-QE fine-tuned metric v V" Reietal. (2021) Unbabel/COMET
Y1Si-1 embedding similarity Lo (2019) chikiulo/yisi
COMET-22 fine-tuned metric v Rei et al. (2022) Unbabel/COMET
COMETKIWI fine-tuned metric v v' Reietal. (2022) Unbabel/COMET
EE-BERTSCORE embedding similarity Liu et al. (2022) (not available)

Z KG-BERTSCORE embedding similarity v' Liuetal. (2022) (not available)

-% MATESE fine-tuned metric v Perrella et al. (2022)  (not available)

é MATESE-QE fine-tuned metric v V' Perrellaetal. (2022)  (not available)

< MEE4 lexical & embedding Mukherjee and Shri- ananyacoder/wuT225ubnission

2 similarity vastava (2022b)

5 METRICX XXL fine-tuned metric v (not available)

g MS-COMET fine-tuned metric v Kocmi et al. (2022b) MicrosoftTranslator/MS-Comet

B MS-COMET-QE fine-tuned metric v v Kocmi et al. (2022b) MicrosoftTranslator/MS-Comet
REUSE embedding similarity v Mukherjee and Shri- ananyacoder/wMT225ubmission_REUSE

vastava (2022a)

TEACHER-SIM fine-tuned metric v v' Liuetal. (2022) (not available)
SESCORE fine-tuned metric Xu et al. (2022) %u1998hz/SEScore
UNITE fine-tuned metric v Wan et al. (2022b) NLP2CT/UniTE

Table 5: Baseline metrics and primary submissions for the metrics task. We categorize metrics into 3 major classes:
lexical, embedding similarity and fine-tuned metrics. Regarding fine-tuned metrics we have metrics that use human
quality scores such as DA or MQM and metrics that use synthetic labels for fine-tuning (3rd column).

4.2 Metric Submissions

The rest of this section summarizes participating
metrics. The ¥ symbol indicates that the metric is
the primary submission of the research group.

COMET-22* (Rei et al., 2022) is an ensemble
of two models; 1) COMET estimator model trained
with Direct Assessments and 2) a newly proposed
multitask model trained to predict sentence-level
MQM scores along with OK/BAD word-level tags
derived from annotation spans.

COMETKIWI* ensembles 2 QE models simi-
larly to COMET-22; 1) classic Predictor-Estimator
QE model trained on DAs ranging 2017 to 2019
and then fine-tuned on DAs from MLQE-PE (the of-
ficial DA from the QE shared task) and 2) the same
multitask model used in the COMET-22 submis-
sion but without access to a reference translation.

MS-COMET-22* and MS-COMET-QE-
22%* (Kocmi et al., 2022b) are built on top of
COMET by Microsoft Research using proprietary
data. This metric is trained on a several times
larger set of human judgements compared to
COMET-baseline, covering 113 languages and
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15 domains. Furthermore, the authors propose
filtering of human judgement with potentially low
quality to further improve the model.

MS-COMET-22 evaluated source, MT hypoth-
esis and human reference from the input, while
MS-COMET-QE-22 calculated scores in quality es-
timation fashion with only source segment and MT
hypothesis.

EE-BERTSCORE* (Liu et al., 2022) stands
for Entropy Enhanced BERTSCORE and aims at
achieving a more balanced system-level rating by
assigning weights to segment-level scores produced
by BERTSCORE. The weights are determined by
the difficulty of a segment determined by the en-
tropy between the hypothesis-reference pair.

KG-BERTSCORE (Liu et al., 2022) is a
reference-free machine translation (MT) evaluation
metric, which incorporates multilingual knowledge
graph into BERTScore by linearly combining the
results of BERTScore and bilingual named entity
matching.

CROSS-QE (Liu et al., 2022) is a reference-free
metric with a similar architecture to COMET-QE.


https://github.com/mjpost/sacrebleu
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https://github.com/mjpost/sacrebleu
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https://github.com/google-research/bleurt
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https://github.com/Unbabel/COMET
https://github.com/Unbabel/COMET
https://github.com/AnanyaCoder/WMT22Submission
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https://github.com/MicrosoftTranslator/MS-Comet
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HWTSC-TEACHER-SIM* (Liu et al., 2022)
is a reference-free metric by fine-tuning the
multilingual Sentence BERT model paraphrase-
multilingual-mpnet-base-v2

HWTSC-TLM (Liu et al., 2022) is a reference-
free metric which only uses a target-side language
model to score the system translations as input.

MATESEX (Perrella et al., 2022) and MATESE-
QE* leverage transformer-based multilingual
encoders to identify error spans in translations, and
classify their severity between Minor and Major.
The quality score returned for a translation is com-
puted following the MQM error weighting used by
Google (see Section 3.1).

MEE (Mukherjee et al., 2020) is an automatic
evaluation metric that leverages the similarity be-
tween embeddings of words in candidate transla-
tion and the corresponding reference. Unigrams
are matched based on their surface forms, root
forms and meanings while semantic evaluation is
achieved by using pretrained fasttext embeddings.
MEE computes evaluation score using three mod-
ules namely exact match, root match and synonym
match. In each module, fmean-score is calculated
giving more weight to recall. Final score is the
average of the three individual modules.

MEE2 and MEE4* (Mukherjee and Shrivas-
tava, 2022b) are improved versions of MEE
focusing on computing contextual and syntactic
equivalences along with lexical, morphological and
semantic similarity. The intent is to capture flu-
ency and context of the MT outputs along with
their adequacy. Fluency is captured using syntactic
similarity and context is captured using sentence
similarity leveraging sentence embeddings. The
final score is the weighted combination of three
similarity scores: a) syntactic similarity achieved
by modified BLEU score; b) lexical, morphological
and semantic similarity: measured by explicit uni-
gram matching; c) contextual similarity: sentence
similarity scores from Language-Agnostic BERT
model.

REUSEX* (Mukherjee and Shrivastava, 2022a)
is a bilingual, unsupervised reference-free metric.
It estimates the translation quality at chunk-level
and sentence-level. Source and target sentence
chunks are retrieved by using a multi-lingual chun-
ker. Chunk-level similarity is computed by lever-
aging BERT contextual word embeddings and sen-
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tence similarity scores are calculated by leverag-
ing sentence embeddings of Language-Agnostic
BERT models. The final quality estimation score
is obtained by mean pooling the chunk-level and
sentence-level similarity scores.

METRICX XL and METRICX XXL*  are mas-
sive multi-task metrics, which fine-tune large lan-
guage model checkpoints such as mT5 on a variety
of human feedback data such as DA, MQM, QE,
NLI and Summarization Eval. The resulting pri-
mary submission uses the MQM score outputted
by a fine-tuned 30B mT5.

UNITE* (Wan et al., 2022a,b) is a learnt metric
that can possess the ability of evaluating translation
outputs following all three evaluation scenarios, i.e.,
source-only, reference-only, and source-reference-
combined. Following their previous work, the
authors improve their models by pre-training on
pseudo-labeled data examples, and applying data
cropping and a ranking-based score normalization
during fine-tuning. The resulting submission is
an ensemble of two models trained with different
backbone models (XLM-R and InfoXLM).

SESCORE* (Xu et al., 2022) isan unsupervised
reference-based evaluation metric, which takes
model output and reference to produce a quality
score. SESCORE is trained from a pre-trained lan-
guage model (Ex. Roberta) on synthetic triples
generated from raw text. The synthetic triples con-
sist of (raw text, synthetic error text, pseudo score),
corresponding to (reference, model output, human
rating). The data used for training the metric is
constructed by synthesising candidate sentences
y’ to mimic plausible errors by transforming raw
input sentences multiple times. At each step, a
random span of text is selected and new content
is inserted, deleted or replaced. All these errors
are non-overlapping. The authors name this data
construction process “stratified error synthesis”,
which randomly samples a set of potential errors
and stochastically applies them on a given sentence.
The score assigned to the perturbed sentences is a
raw count of the severities applied by each transfor-
mation. In the end, SESCORE is a regression qual-
ity prediction model trained on synthetic triples.
Since this process can be applied to raw data and
the resulting model can be developed for any text
generation domain.



5 Meta Evaluation

Our main goal in evaluating metrics is to establish
a ranking that reflects a metric’s accuracy across a
broad range of settings and applications. Combin-
ing results across different settings is challenging
because correlations with human gold scores have
different ranges and may be subject to differing
degrees of noise. There are also many ways of
measuring correlation, with different strengths and
weaknesses, and it is often not clear which is best
in a given setting.

This year, our overall ranking is just each met-
ric’s average rank across a large number of “tasks”.
Unlike raw correlation scores, ranks are compa-
rable across tasks. The resulting global ranking
approximates the “Kemeny consensus” — the rank-
ing with lowest aggregate Kendall distance to the
per-task rankings — which in turn satisfies several
criteria from social choice theory (Colombo et al.,
2022). Our version has the following features:

* We use a large number of tasks which may
contain overlapping information. For instance,
on each dataset, we compute both Pearson
and Kendall-Tau correlation, and treat these as
separate tasks. This makes the overall ranking
robust to quirks in particular correlations.

To guard against inadvertent bias toward set-
tings that have more tasks than others, we use
a task weighting that reflects the relative im-
portance of various attributes (language pair,
domain, etc.).

Within each task, we establish a ranking that
includes ties to reflect statistical significance.
This naturally up-weights tasks that are more
discriminative. For instance, a task that yields
the ranking 1, 1, 1, 1 will not affect the overall
ranking at all, while a ranking of 1, 2, 3, 4 is
a maximal vote.

In order to indicate metric proximity, we re-
port raw averages over (weighted) per-task
ranks rather than the resulting ranking as advo-
cated by Colombo et al. (2022). For instance,
average ranks of 1.1, 1.2, 2.1, 3.9 indicate that
the top two metrics perform similarly and the
last metric is considerably worse; these details
is lost in the global ranking 1, 2, 3, 4.

We also report rankings on selected subsets
of tasks to characterize metric behavior on
attributes such as language or domain.
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5.1 Tasks

Tasks are identified by unique value assignments
for each of the following attributes: language, do-
main, level, include-human, averaging method, and
correlation. These are as follows:

Language (4 values)

Language pairs include those for which we
have MQM ratings English—German,
English—Russian, and Chinese—English
plus All, which indicates all pairs pooled together.

Domain (5 values)

We computed correlations on domain-specific por-
tions of each test-set as well as on each test-set as
a whole. All language pairs have the same set of
domains: conversation, e-commerce, news, and so-
cial. We use mixed to refer to all domains together,
i.e., the whole test set.

Level (2 values)

For each domain (including mixed), we computed
correlations at the system level and the segment
level. Human scores for each domain are averages
over the corresponding segments. For metric sub-
missions that did not include domain-level scores,
we computed similar averages.

Include-human (2 values)

We computed separate correlations over sets of
outputs that exclude human references (include-
human=false) and that include all available refer-
ences (include-human=true) except the standard
reference, which is never scored by metrics. The
first scenario reflects the standard use-case for
metrics; the second captures a future scenario in
which MT output quality approaches human qual-
ity. Since English—Russian has only a single refer-
ence, it participates only in the first condition. For
the other two language pairs we use the reference
that was judged best by the MQM raters. Table 6
summarizes the use of reference translations for
different language pairs.

language

bestref  scored ref
en—de A B
en—ru A {}
zh—en A B

Table 6: Use of reference translations.



language domain level +human averaging correlation ‘ tasks weight
all (1/4) mixed (1/1) sys (1/1) no (1/1) none (1/1) acc (1/1) 1 1/4
en-ru (1/4) *(1/5) sys(1/2) no(1/1) none (1/1) PK (1/2) 10 1/80
seg (1/2)  no (1/1) *(1/3) PK (1/2) 30 1/240
en-de,zh-en (1/4) *(1/5)  sys (1/2) *(1/2) none (1/1) PK (1/2) 40  1/160
seg (1/2) *(1/2) *(1/3) PK (1/2) | 120 1/480

201

Table 7: Task weighting. Column entries are sets of values for the attribute in the heading, with * designating all
possible values. Numbers in brackets show the weight assigned to each value in the set. Each line corresponds to a
set of tasks that have the same weight: the product of all the per-attribute weights shown in brackets. P and K refer

to Pearson and Kendall correlation, respectively.

Averaging (3 values)

At the segment level, metric and human scores are
naturally represented as system X segment matri-
ces. However, correlations operate over pairs of
vectors rather than pairs of matrices. There are
three ways to resolve the problem: flatten the ma-
trices into single vectors, compute average correla-
tions over matching pairs of row vectors, or com-
pute average correlations over matching pairs of
column vectors. We designate these as none, sys-
tem, and segment averaging, respectively. They
measure a metric’s ability to rate an arbitrarily-
chosen (system, segment) pair, an arbitrary seg-
ment for a fixed system, and different system out-
puts for the same segment. Last year we used
only the first alternative; this year include all three.
System-level correlations do not require averaging,
since their inputs are vectors in the first place.

Correlation (3 values)

We computed three correlations: system-level pair-
wise ranking accuracy (as proposed by Kocmi et al.,
2021), Pearson and Kendall. Accuracy was used
only for a single task in which all language pairs
were pooled (language=All), while Pearson and
Kendall were used for all other tasks. Pearson
correlation tests linear fit with MQM scores, a
stringent but reasonable criterion since we expect
these scores to conform to a linear scale (for ex-
ample, a translation with two minor errors is twice
as bad as one with only a single error). Pearson
has well-known drawbacks (Mathur et al., 2020),
notably sensitivity to outliers, which we minimized
by choosing only relatively high-performing sys-
tems. Like accuracy, Kendall is based on pairwise
score comparisons, and thus reflects a common
ranking use-case. It is susceptible to noise in gold
pairwise rankings, for which a common strategy
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is to discard pairs judged not to be significantly
different. We did not take this into account, relying
instead on our significance tests for metric (rather
than system) rankings.

5.2 Task Weighting

As explained in the previous section, attributes
are not independent. For instance, there are three
averaging methods for segment-level tasks, but
only one for system-level tasks. If all tasks were
weighted equally, this would have the undesirable
consequence of making segment-level correlations
count for 3 x as much as system-level correlations
when determining the overall ranking.

To avoid this, we used a hierarchical weighting
scheme. We first ordered the attributes as listed
in the previous section, then distributed weights
evenly among all permissible values at each step
of the hierarchy. The results are shown in Table 7.
There are a total of 201 tasks, of which the accuracy
task for all language pairs receives a weight of 1/4,
with the remaining mass of 3/4 distributed among
tasks whose individual weights vary between 1/80
and 1/420.

In Figures 1 through 4, we show analyses of how
metric performance varies along different dimen-
sions (attributes) such as language, domain, etc..
To do this, we partition tasks according to the val-
ues of the selected attribute, re-normalizing their
global weights so they sum to 1 for each partition.
We then compute weighted average ranks for each
partition separately, in the same fashion as the over-
all ranking.

5.3 Per-task Ranking

For each task, we compare all pairs of metrics, and
determine whether the difference in their correla-
tion scores is significant according to the PERM-



BOTH hypothesis test of Deutsch et al. (2021),
using 1000 re-sampling runs, and setting p = 0.05.
For the averaging methods, sampling is performed
separately for each row or column vector prior to
averaging.

We then assign ranks as follows. Starting with
the highest-scoring metric, we move down the list
of metrics in descending order by score, and assign
rank 1 to all metrics until we encounter the first
metric that is significantly different from any that
have been visited so far. That metric is assigned
rank 2, and the process is repeated. This continues
until all metrics have been assigned a rank.

6 Main Results

As we have seen in Section 5, the main results are
defined across different settings including system-
level and segment-level tasks. Nonetheless, since
the main use case of automatic metrics is to rank
systems, system-level accuracy has a 1/4 weight on
the final score with the remaining 3/4 distributed
over 200 different settings.

Table 1 shows the official ranking of all primary
submissions over the 201 different settings. A key
observation is that neural metrics perform signifi-
cantly better than lexical metrics. Of the 20 evalu-
ated metrics, BLEU and SPBLEU are ranked 19th
and 17th respectively. On the other hand, fine-
tuned neural baseline metrics such as COMET-20
and BLEURT-20 are still ranked above several of
the new primary submissions. They are outper-
formed only by submissions based on models that
are considerably larger'!. Figure 1 shows the rank-
ing split by the different language pairs. The trend
is very similar for all language pairs. While MET-
RICX XXL performs best for En—De and En—Ru,
COMET-22 performs best for Zh—En.

One open question about neural metrics has
been their ability to generalise to new domains,
since most training and testing data from previ-
ous years were based on News data. In Figure 2
we present the performance of each metric across
four domains: news, social, conversational, and e-
commerce. Similar to last year, we observe that the
neural metrics perform better than lexical overlap
metrics across all four domains.

Figure 3 shows the average rankings when
grouped separately by system-level and segment-

""Both UNITE and COMET-22 are ensembles of two mod-
els trained on XLLM-R variants while METRICX XXL uses
mT5 XXL as a backbone

#metricx_xxI_MQM_2020
COMET-22
UniTE
BLEURT-20 2
«+COMET-20
-+-MATESE
4«COMETKiwi *
*-MS-COMET-22
#UniTE-src *
-#-SEScore
~+YiSi-1 4
+«COMET-QE * /ad
MATESE-QE *
MEE4
BERTScore
MS-COMET-QE-22 *
--chrF
f200spBLEU
<+-HWTSC-Teacher-Sim *
=*BLEU
-*-REUSE *

- - /

d

(45

overall en-de en-ru zh-en

Figure 1: Weighted ranking of metrics’ correlation with
human grouped by translation directions.

level tasks. Many metrics fall into the same signifi-
cance cluster when evaluated on the system-level as
we only have a very limited number of MT systems.
Nevertheless, we observe that the metric rankings
are largely stable across both granularities and that
METRICX XXL and COMET-22 perform best on
both the segment-level and system-level tasks. The
differences are more prevalent in the segment-level
task, though.

In Figure 4, we compare the rankings when in-
cluding human translations as MT systems (with
human) or just considering MT submission (with-
out human). Overall, the majority of metrics show

“m-metricx_xx|_MQM_2020
COMET-22
UniTE
BLEURT-20

—

~@=-COMET-20
=+=MATESE
=#=COMETKiwi *
«0=MS-COMET-22
“m=UniTE-src *
~+=YiSi-1
=#=COMET-QE *
=e=-MATESE-QE *
MEE4
BERTScore
MS-COMET-QE-22 *
chrf
~#-f200spBLEU
HWTSC-Teacher-Sim *
=#=BLEU
~=REUSE *

overall  ecommerce news social  conversation  mixed

Figure 2: Weighted ranking of metrics’ correlation with
human grouped by domains.
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“+YiSi-1
+«COMET-QE *
--\MATESE-QE *
MEE4
BERTScore
MS-COMET-QE-22 *
chrf
#f200spBLEU
HWTSC-Teacher-Sim *
-+BLEU
-*-REUSE *

10

overall system segment

Figure 3: Weighted ranking of metrics’ correlation with
human grouped by granularity levels.

lower correlation when we include human transla-
tions, except COMET-22 and MATESE.

7 Direct Assessment Human Evaluation

In addition to our MQM annotations and as a con-
trastive evaluation to cover more language pairs,
we look into the performance of metrics when
compared to the human evaluation campaign con-
ducted by the General MT shared task (Kocmi et al.,
2022a), who ran human evaluation for all 21 trans-
lation directions and WMT?22 submissions. Last
year, we decided to exclude the human ratings by
the WMT main task as they were of lower qual-
ity than the best automatic metrics. However, the
GeneralMT task improved their evaluation method-
ology in particular for all from-English and non-
English translation directions and implemented
the Scalar Quality Metric (SQM) which has been
shown to have high correlation with MQM on at
least the system-level (Freitag et al., 2021a). The
GeneralMT task used two different human evalu-
ation methodologies depending on the language
pair: reference-based Direct Assessment (Ref. DA)
(Graham et al., 2013) and SQM style source-based
DA (DA+SQM) (Kocmi et al., 2022a).

Ref. DA has been used for all into-English trans-
lation directions and asks human raters to judge
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Figure 4: Weighted ranking of metrics’ correlation with
human grouped by candidate pools (with or without
human translations).

each system translation against human reference
translation on a 0—100 scale. This technique does
not use bilingual speakers and is evaluated by non-
professional crowd workers. In order to increase
quality of assessment, there are several quality con-
trol items. Out of all collected human annotations,
63% have been removed due to failing quality con-
trol.

DA+SQM asks bilingual raters to annotate sys-
tem translations against original sources on a 0-
100 labeled scale. The scale is marked with seven
points representing expected quality. In this setting,
Kocmi et al. (2022a) evaluated all from-English
and non-English translation directions. They used
mainly professional raters.

We present system-level accuracy results in Ta-
ble 8. The ranking generated based on accuracy
scores when taking the DA+SQM annotation as
ground truths is comparable to the primary results
in Table 1, ranking METRICX XXL as the best per-
forming metric followed by UNITE and COMET-
22. Similarly, it ranks n-gram matching metrics
(BLEU, CcHRF, F1I01SPBLEU) among worst per-
forming metrics. This confirms the main findings
from MQM evaluation.

On the other hand, accuracy scores taking ref.
DA as the ground truth, result in a very different
ranking of the metrics. It ranks n-gram matching
metrics as the top performing metrics. This suggest
that the technique does not evaluate systems well



Number of languages 13 6
Number of system pairs 564 329
Human judgement style DA+SQM ref. DA
METRICX XXL 0.862 (1) 0.620 (11)
UNITE 0.849 (2) 0.623 (10)
COMET-22 0.842 (3) 0.626 (9)
COMETKIWI* 0.835(4) 0.617 (12)
MS-COMET-22 0.833(5) 0.626 (9)
BLEURT-20 0.830(6)  0.650 (5)
COMET-20 0.826 (7)  0.635(8)
MS-COMET-QE-22%* 0.824 (8) 0.641 (7)
COMET-QE* 0.821 (9) 0.605 (13)
UNITE-SRC* 0.800 (10) 0.623 (10)
Y1SI-1 0.785 (11)  0.660 (3)
BERTSCORE 0.764 (12)  0.666 (2)
CHRF 0.762 (13)  0.666 (2)
EE_BERTScore 0.750 (14)  0.647 (6)
F101SsPBLEU 0.748 (15)  0.669 (1)
HWTSC-TEACHER-SIM*  0.720 (16) 0.568 (15)
BLEU 0.707 (17)  0.653 (4)
REUSE* 0.344 (18) 0.584 (14)

Table 8: System-level pairwise accuracy for WMT style
human evaluation. Numbers in brackets show rank of
metrics given human judgement style. The highest score
is present bolded.

and instead human crowd workers are incentivized
to quickly compare the surface forms of translation
against reference without understanding. We would
advise metric developers and researchers running
human evaluations not to use reference-based DA,
especially when evaluated with non-professional
crowd workers.

8 Challenge Sets Subtask

The challenge sets subtask is inspired by the
Build it or break it: The Language Edition shared
task (Ettinger et al., 2017) which aimed at testing
the generalizability of NLP systems beyond the dis-
tributions of their training data. With that said, our
goal is to encourage researchers to build a set of
test sets that measure metrics’ ability to detect dif-
ferent targeted phenomena that might not be well
represented in traditional test sets used to evaluate
metrics.

This subtask is made of three consecutive phases;
1) the Breaking Round, 2) the Scoring Round and
3) the Analysis Round:

1. In the Breaking Round, the challenge set par-
ticipants (Breakers) submit their challenge
sets composed of contrastive examples for dif-
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ferent phenomena with source sentences (s),
incorrect translations (%), correct translations
(t) and references (7).

In the Scoring Round the metrics participants
from the main task (the Builders) are asked to
score all translations with their metrics with-
out knowing which ones are correct or incor-
rect. Also, in this phase the organisers score
all data with the baseline metrics.

. Finally, after gathering all metric scores, the
data is returned to the Breakers for the Anal-
ysis round, where they look at which metrics
are able to correctly rank the correct transla-
tions above the incorrect ones for the different
phenomena being tested.

We had a total of 4 submissions to this shared task,
covering a wide range of phenomena and 146 dif-
ferent language pairs. Table 9 provides an overview
of the submitted challenge sets. A short description
of every submission follows:

ACES The ACES (Translation Accuracy Chal-
lenge Sets; Amrhein et al., 2022) results from a col-
laboration between the University of Zurich with
the University of Edinburgh. This challenge set,
highly inspired by the MQM framework, consists
of 36,499 examples, covering 146 language pairs
and 68 phenomena, ranging from simple perturba-
tions at the word/character level to more complex
errors based on discourse and real-world knowl-
edge. The data was created artificially for some
error types and manually for others.

Their analysis aimed to reveal the extent to
which metrics take into account the source sentence
context and the surface-level overlap with the ref-
erence, and if they profit by using multilingual em-
beddings. Finally, they recommend that one consid-
ers a) combining metrics with different strengths
and b) explicitly modelling additional language-
specific information beyond what is available via
multilingual embeddings.

SMAUG The challenge set based on Sentence-
level Multilingual data Augmentation (SMAUG;
Alves et al., 2022), submitted by Unbabel and IST
evaluates the robustness of MT metrics to 5 differ-
ent types of translation errors; Named entity errors,
numerical errors, meaning errors, insertion of con-
tent and content missing. These errors are created
by perturbing reference translations and then cu-
rated by the authors. The challenge set covers 3



challenge set method lang. pheno- items citation availability (attps://github.com/)
pairs mena
ACES automatic 146 68 36,499 Amrhein et al. (2022)  EdinburghNiP/ACES
DFKI-CS semi-autom. 2 107 19,347  Avramidis and Mack-  prk1-nip/mt-testsuite
etanz (2022)
HwTsc-CS semi-autom. 1 5 721 Chen et al. (2022) HwTsc/Challenge-Set-for-MT-Metrics
SMAUG automatic 5 632 Alves et al. (2022) Unbabel/smaug

Table 9: Overview of the participations at the challenge sets task

language pairs and contains close to 50 high-quality
examples for each phenomenon.

In this challenge set the authors show that there
has been a promising progress in terms of detecting
these critical errors when compared to last year’s
metric submissions. Nevertheless, errors related to
named entities and numbers were found to pose
a challenge for several tested metrics. Also, due
to a high variance in the observed results across
all the error types it becomes hard to predict per-
formance of current methods with respect to
untested translation errors.

HWTSC Challenge Set The challenge set sub-
mitted by Huawei Translation Services Cen-
ter (Chen et al., 2022) aims at examining metrics
ability to handle synonyms and to discern criti-
cal errors in translations. This challenge set is
composed of 721 zh-en examples for 5 different
error types; Named entity errors, numerical er-
rors, time & date errors, wrong unit conversions
and Affirmation/Negation errors. The underlying
data is either WMT 21 or Flores 101 which cov-
ers two distinct domains, News and Wikipedia re-
spectively. To create alternative translations the
authors used in-house translators (performing post-
edit) and to create the adversarial translations they
used LIST (Alzantot et al., 2018).

The authors of this challenge set conclude that
although embedding-based metrics perform rel-
atively well on discerning sentence-level nega-
tion/affirmation errors, they perform poorly on
relating synonyms. Additionally they find that the
generalizability of some metrics is compromised,
as they are susceptible to different text styles.

DFKI Challenge Set The submission by DFKI
(Avramidis and Macketanz, 2022) employs a lin-
guistically motivated challenge set that includes
about 20,000 items extracted from 145 MT systems
for two language directions (German<English). It
is based on a test suite (Macketanz et al., 2022)
that covers more than 100 linguistically-motivated
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phenomena organized in 14 categories.

The best performing metrics are YISI-1,
BERTSCORE and COMET-22 for German-
English, and UNITE, UNITE-REF, METRICX-
XL-DA-2019 and METRICX-XXL-DA-2019 for
English-German. Metrics in both directions are
performing worst when it comes to named-entities
& terminology and particularly measuring units.
Particularly in German-English they are weak at
detecting issues at punctuation, polar questions,
relative clauses, dates and idioms. In English-
German, they perform worst at present progres-
sive of transitive verbs, future II progressive of
intransitive verbs, simple present perfect of di-
transitive verbs and focus particles.

9 Conclusion

This paper summarizes the results of the WMT22
shared task on automated machine translation eval-
uation, the Metrics Shared Task. We presented an
extensive analysis on how well metrics perform on
our three main language pairs: English—German,
English—Russian and Chinese—English. The
results, based on 201 different tasks, demon-
strated the superiority of neural-based learned met-
rics over overlap-based metrics like BLEU, SP-
BLEU or CHRF. These results are confirmed with
DA+SQM human judgement. Although this was al-
ready the case in the previous years’ Metric Shared
Tasks, we further strengthened the case for neural-
based fine-tuned metrics by demonstrating their
superiority across four different domains. In ad-
dition, we initiated a challenge set subtask, where
participants had to create contrastive test suites for
evaluating metrics’ ability to capture and penalise
specific types of translation errors.

10 Ethical Considerations

MQM annotations and additional reference transla-

tions in this paper are done by professional transla-

tors. They are all paid at professional rates.
Organizers from the National Research Council


https://github.com/EdinburghNLP/ACES
https://github.com/DFKI-NLP/mt-testsuite
https://github.com/HwTsc/Challenge-Set-for-MT-Metrics
https://github.com/Unbabel/smaug

Canada and Unbabel have submitted to this task
the frozen stable versions of their metrics (YiSi
and COMET) dated before this year’s shared task
and publicly available. Newer versions of COMET
were developed without using any of the test set,
test suite or challenge sets.
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Task Accuracy en-de  en-de en-ru zh-en  zh-en
Human Translation Included No Yes No No Yes No

metricx_x1_DA_2019 0.865 0.908  0.905 0.977 0.966  0.982
metricx_xxI_DA_2019 0.865 0.907  0.901 0.982 0.961 0.984
metricx_xxI_MQM_2020 0.850 0.862  0.847 0.949 0.924  0.920
BLEURT-20 0.847 0.691 0.719 0.959 0.909 0.938
metricx_x1_MQM_2020 0.843 0.848  0.832 0.927 0.920 0914
COMET-22 0.839 0.761 0.771 0.900 | 0947 0.942
COMET-20 0.836 0.812  0.876 0.936 0.964 0.970
UniTE 0.828 0.642  0.624 | 0.888 0922 0914
MS-COMET-22 0.828 0.634  0.695 0.809 0.918 0.909
UniTE-ref 0.818 0.652  0.632 0.831 0.902 0.892
MATESE 0.810 0.647  0.617 0.757 0.869  0.856
YiSi-1 0.792 0.506  0.626 0.881 0.867  0.935
MEE4 0.788 0.404  0.537 0.792 0.818 0.905
COMETKiwi* 0.788 0.592  0.674 | 0.763 0.795 0.866
HuaweiTSC_EE_BERTScore_0.8_With_Human 0.785 0.354  0.463 0.818 0.903 0.960
HuaweiTSC_EE_BERTScore_0.8_Without_Human 0.785 0.338  0.451 0.818 0.900  0.957
Cross-QE* 0.781 0.643  0.661 0.806 0.817  0.870
HuaweiTSC_EE_BERTScore_0.5_With_Human 0.781 0.287  0.400 | 0.792 0.938 0.953
COMET-QE* 0.781 0.480  0.502 0.468 0.544  0.569
HuaweiTSC_EE_BERTScore_0.5_Without_Human 0.774 0.246  0.370 | 0.795 0.930 0.942
BERTScore 0.774 0.338  0.428 0.811 0.843 0.924
HuaweiTSC_EE_BERTScore_0.3_With_Human 0.759 0.243  0.356 0.754 | 0.945 0.943
UniTE-src* 0.759 0.509  0.509 0.779 0.791 0.874
MEE2 0.759 0.360  0.479 0.811 0.753 0.872
MS-COMET-QE-22% 0.755 0.417  0.539 0.672 0.799  0.897
MATESE-QE* 0.748 0.363  0.337 0.637 0.741 0.767
MEE 0.748 0.358  0.445 0.823 0.727  0.824
f101spBLEU 0.745 0.210  0.298 0.816 0.613 0.718
f200spBLEU 0.741 0.230  0.283 0.819 0.614  0.728
HuaweiTSC_EE_BERTScore_0.3_Without_Human 0.737 0.189 0.316 0.761 0.931 0.926
chrF 0.734 0.159  0.346 0.815 0.647  0.630
BLEU 0.708 0.038  0.179 0.724 | 0579 0.594
HWTSC-TLM* 0.697 0.311 0.428 0.597 0.368 0.460
HWTSC-Teacher-Sim* 0.686 0.290  0.385 0.675 0.294  0.356
KG-BERTScore* 0.664 0.369 0400 | 0.612 0.617 0.743
REUSE* 0.347 -0.514 -0.465 | -0.349 | -0.330 -0.142
SEScore - 0.581 0.660 - 0.920 0.944

Table 10: Pearson correlation of all metrics with system-level MQM scores for the three main language pairs. Rows
are sorted by the system-level pairwise accuracy across the three language pairs. Primary submissions are bolded,
and baselines are underlined. Reference-free metrics are indicated using an asterisk.

A Language-Specific Results Tables

Language-specific results are given in Table 10 and Table 11. Each page contains results for scores over
all domains over a single granularity (system or segment).

For all tables, the correlations are calculated on metric scores comparing MT system translations with
Reference A, and any additional human reference translations are not included.

For segment level correlation, we report results on the “none” averaging method, where we flatten the
matrices into single vectors before computing the Kendall Tau correlation.

B Correlations with WMT Human Evaluation

Correlations with WMT Direct Assessment Human scores are given in the following tables, with results
for language pairs evaluated using reference-based Direct Assessment (Ref. DA) (Graham et al., 2013),
followed by results for language pairs evaluated using SQM style source-based DA (DA+SQM) (Kocmi
et al., 2022a). Since most language pairs contained only a single reference, we used reference A for all
pairs, and report results only for scoring MT output (omitting additional scored references for language
pairs where these were available). System-level correlations use Pearson and segment-level scores use
Kendall. For simplicity, both statistics are computed over raw rater scores, with no traditional difference-25
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Task (sys) Accuracy || en-de en-de | en-ru | zh-en zh-en
Human Translation Included No Yes No No Yes No
metricx_x1_DA_2019 0.865 0.356  0.362 | 0.393 | 0.383 0.392
metricx_xxI_DA_2019 0.865 0.355 0.361 | 0.405 | 0.377 0.386
metricx_xxI_MQM_2020 0.850 0.356  0.360 | 0.420 | 0.421 0.427
BLEURT-20 0.847 0.338 0.344 | 0.359 | 0.352 0.361
metricx_x1_MQM_2020 0.843 0.362 0.367 | 0.383 | 0416 0.423
COMET-22 0.839 0.361 0.368 | 0.400 | 0.420 0.428
COMET-20 0.836 0.312  0.319 | 0.330 | 0.325 0.332
UniTE 0.828 0.362 0.369 | 0.378 | 0.351 0.357
MS-COMET-22 0.828 0.277 0.283 | 0.351 | 0.335 0.341
UniTE-ref 0.818 0.356  0.362 | 0.374 | 0.354 0.361
MATESE 0.810 0.323  0.323 | 0.279 | 0.382 0.389
YiSi-1 0.792 0.229 0.235 | 0.227 | 0.288 0.296
MEE4 0.788 0.236  0.243 | 0.210 | 0.189 0.194
COMETKiwi* 0.788 0.283 0.290 | 0.359 | 0.352 0.364
HuaweiTSC_EE_BERTScore_0.8_With_Human 0.785 - - - - -
HuaweiTSC_EE_BERTScore_0.8_Without_Human 0.785 - - - - -
Cross-QE* 0.781 0.259 0.263 | 0.310 | 0.368 0.378
HuaweiTSC_EE_BERTScore_0.5_With_Human 0.781 - - - - -
COMET-QE* 0.781 0.277 0.281 | 0.341 | 0.356 0.365
HuaweiTSC_EE_BERTScore_0.5_Without_Human 0.774 - - - - -
BERTScore 0.774 0.226  0.232 | 0.192 | 0.307 0.316
HuaweiTSC_EE_BERTScore_0.3_With_Human 0.759 - - - - -
UniTE-src* 0.759 0.283 0.287 | 0.342 | 0.332 0.343
MEE2 0.759 0.238 0.244 | 0.201 | 0.197 0.201
MS-COMET-QE-22* 0.755 0.226  0.233 | 0.305 | 0.277 0.287
MATESE-QE* 0.748 0.242 0.244 | 0.229 | 0.328 0.337
MEE 0.748 0.187 0.192 | 0.148 | 0.149 0.149
f101spBLEU 0.745 0.169 0.174 | 0.135 | 0.143 0.145
f200spBLEU 0.741 0.176  0.180 | 0.153 | 0.139 0.140
HuaweiTSC_EE_BERTScore_0.3_Without_Human 0.737 - - - - -
chrF 0.734 0.208 0.214 | 0.168 | 0.146 0.147
BLEU 0.708 0.164 0.169 | 0.140 | 0.143 0.145
HWTSC-TLM* 0.697 0.087 0.092 | 0.121 | 0.079 0.086
HWTSC-Teacher-Sim* 0.686 0.150 0.155 | 0.143 | 0.264 0.272
KG-BERTScore* 0.664 0.126 0.129 | 0.111 | 0.214 0.219
REUSE* 0.347 0.057 0.065 | 0.078 | 0.116 0.130
SEScore - 0.261 0.266 - 0.324 0.331

Table 11: Kendall Tau correlation of all metrics with segment-level MQM scores for the three main language pairs.
Rows are sorted by the system-level pairwise accuracy across the three language pairs. Primary submissions are
bolded, and baselines are underlined. Reference-free metrics are indicated using an asterisk.

filtering.!?

2The traditional recipe made little difference in overall correlation patterns.
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Task Accuracy | cs-en de-en ja-en ru-en uk-en zh-en
Incl. Human Translation False False False False False False False

f200spBLEU 0.669 0.812 0405 0949 0.831 0.714 0.517
chrF 0.666 0.806 0.354 0983 0.827 0.688 0.568
BERTScore 0.666 0.825 0.440 0988 0.851 0.717 0.396
YiSi-1 0.660 0.824 0.443 0989 0.847 0.708 0.415
f101spBLEU 0.660 0.810 0.406 0944 0.830 0.718 0.521

BLEU 0.653 0.801 0.352 0934 0.843 0.648 0.563
BLEURT-20 0.650 0.833 0458 0990 0.849 0.733 0.266
HWTSC_EE_BERTScore_0.8_Without_Human 0.647 0.824 0442 0989 0.858 0.714 0.417
HWTSC_EE_BERTScore_0.3_Without_Human 0.647 0.808 0.391 0987 0.876 0.678 0.437
HWTSC_EE_BERTScore_0.3_With_Human 0.647 0.799 0.390 0987 0.876 0.680 0.412
HWTSC_EE_BERTScore_0.8_With_Human 0.644 0.820 0.440 0989 0.858 0.715 0411

HWTSC_EE_BERTScore_0.5_With_Human 0.644 0.808 0.410 0988 0.870 0.696 0.416
HWTSC_EE_BERTScore_0.5_Without_Human 0.644 0.815 0411 0988 0.870 0.695 0.434
MS-COMET-QE-22* 0.641 0.769 0395 0990 0.867 0.699 0.312
COMET-20 0.635 0.827 0424 0989 0.847 0.723 0.330
metricx_xx1_DA_2019 0.635 0.831 0.469 0987 0.850 0.730 0.148
UniTE-ref 0.629 0.822 0440 0982 0.855 0.727 0.167
MS-COMET-22 0.626 0.807 0.419 0990 0.858 0.701 0.108
COMET-22 0.626 0.821 0446 0976 0.857 0.714 0.135
metricx_x1_DA_2019 0.623 0.833 0468 0987 0.851 0.730 0.157
Cross-QE* 0.623 0.791 0415 0989 0.863 0.719 0.129
UniTE 0.623 0.832 0431 0984 0.852 0.728 0.195
UniTE-src* 0.623 0.777 0.402 0989 0.863 0.703 0.210
metricx_xI_MQM_2020 0.620 0.821 0.487 0978 0.856 0.718 -0.039
metricx_xxI_MQM_2020 0.620 0.823 0.490 0978 0.856 0.715 -0.061
COMETKiwi* 0.617 0.787 0.409 0984 0.862 0.718 0.181

COMET-QE* 0.605 0.811 0.443 0981 0.864 0.744 -0.006
REUSE* 0.584 0.200 0.194 0990 0.683 0.150 0.531

HWTSC-TLM* 0.578 0.822 0356 0980 0.842 0.695 0.083
HWTSC-Teacher-Sim* 0.568 0.804 0322 0985 0.848 0.691 -0.011
KG-BERTScore* 0.568 0.539 0.052 0989 0.805 0.516 0.264
MEE - - - - - - 0.578
MEE2 - - - - - - 0.511

MEE4 - - - - - - 0.455
SEScore - - - - - - 0.331

MATESE - - - - - - 0.013
MATESE-QE* - - - - - - 0.013

Table 12: System-level Pearson correlation with crowdsourced Ref. DA scores. Rows are sorted by the system-level
pairwise accuracy across all language pairs. Primary submissions are bolded, and baselines are underlined.
Reference-free metrics are indicated using an asterisk.

System-level Metric accuracy and correlations with REFDA scores contradict the main results. We strongly
recommend against using Ref. DA scores to evaluate MT metrics.
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Task (sys) Accuracy | cs-en de-en  ja-en  ru-en uk-en  zh-en
Incl. Human Translation False False False False False False False
f200spBLEU 0.669 0.043 0.010 0.085 0.018 0.006  0.026
chrF 0.666 0.042 0.017 0.083 0.015 0.003 0.025
BERTScore 0.666 0.039 0.011 0.084 0.019 0.003 0.020
YiSi-1 0.660 0.037 0.012 0.087 0.018 0.004  0.020
f101spBLEU 0.660 0.042 0.010 0.085 0.020 0.008 0.026
BLEU 0.653 0.043 0.009 0.081 0.014 0.007 0.024
BLEURT-20 0.650 0.036 0.018 0.085 0.014 0.002 0.013
HWTSC_EE_BERTScore_0.8_Without_Human 0.647 - - - - - -
HWTSC_EE_BERTScore_0.3_Without_Human 0.647 - - - - - -
HWTSC_EE_BERTScore_0.3_With_Human 0.647 - - - - - -
HWTSC_EE_BERTScore_0.8_With_Human 0.644 — — — — — —
HWTSC_EE_BERTScore_0.5_With_Human 0.644 - - - - - -
HWTSC_EE_BERTScore_0.5_Without_Human 0.644 — — — — — —
MS-COMET-QE-22% 0.641 0.022 0.011 0.088 -0.002 0.003 0.001
COMET-20 0.635 0.034 0.018 0.084 0.014 -0.002 0.009
metricx_xx1_DA_2019 0.635 0.040 0.019 0.086 0.015 0.005 0.008
UniTE-ref 0.629 0.032 0.018 0.084 0.009 0.004 0.005
MS-COMET-22 0.626 0.030 0.013 0.081 0.007 -0.000 0.004
COMET-22 0.626 0.031 0.019 0.079 0.013 0.002  0.002
metricx_xI_DA_2019 0.623 0.036 0.016 0.085 0.014 0.002 0.007
Cross-QE* 0.623 0.015 0.011 0.087 0.003 0.001  -0.000
UniTE 0.623 0.036 0.019 0.084 0.012 0.004 0.006
UniTE-src* 0.623 0.026 0.018 0.087 0.001 0.003 0.007
metricx_xI_MQM_2020 0.620 0.025 0.013 0.079 0.010 0.004 -0.002
metricx_xxI_MQM_2020 0.620 0.026 0.014 0.079 0.011 0.002  -0.003
COMETKiwi* 0.617 0.028 0.011 0.091 0.001 0.004  0.002
COMET-QE* 0.605 0.010 0.020 0.076 -0.005 -0.002 0.003
REUSE#* 0.584 0.002 0.009 0.091 -0.007 0.000 0.011
HWTSC-TLM* 0.578 0.030 0.011 0.097 0.013 0.001 0.013
HWTSC-Teacher-Sim* 0.568 0.018 0.016 0.098 0.007 0.007  0.001
KG-BERTScore* 0.568 0.010 0.007 0.087 -0.012 0.008 -0.002
MEE - - - - - - 0.020
MEE2 - - - - - - 0.021
MEE4 - - - - - - 0.021
SEScore - - - - - - 0.013
MATESE - - - - - - -0.009
MATESE-QE* - - - - - - -0.006

Table 13: Segment-level Kendall-like correlation with crowdsourced Ref. DA scores. Rows are sorted by the
system-level pairwise accuracy across all language pairs. Primary submissions are bolded, and baselines are
underlined. Reference-free metrics are indicated using an asterisk.

The segment level Kendal-like correlations of all metrics with Ref. DA scores are all very close to zero,

and these numbers are completely meaningless. We strongly recommend against using Ref. DA scores to evaluate
MT metrics.
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Abstract

We report the results of the WMT 2022 shared
task on Quality Estimation, in which the chal-
lenge is to predict the quality of the output of
neural machine translation systems at the word
and sentence levels, without access to refer-
ence translations. This edition introduces a few
novel aspects and extensions that aim to enable
more fine-grained, and explainable quality esti-
mation approaches. We introduce an updated
quality annotation scheme using Multidimen-
sional Quality Metrics to obtain sentence- and
word-level quality scores for three language
pairs. We also extend the Direct Assessments
and post-edit data (MLQE-PE) to new language
pairs: we present a novel and large dataset on
English-Marathi, as well as a zero-shot test-set
on English-Yoruba. Further, we include an ex-
plainability sub-task for all language pairs and
present a new format of a critical error detection
task for two new language pairs. Participants
from 11 different teams submitted altogether
991 systems to different task variants and lan-
guage pairs.

1 Introduction

The 11th edition of the shared task on Quality Es-
timation (QE) builds on its previous editions and
findings to further benchmark methods for estimat-
ing the quality of neural machine translation (MT)
output at run-time, without the use of reference
translations. It includes (sub)tasks that consider
quality of machine translations at the word and
sentence levels.

Over the past years, the QE field has been mov-
ing towards trainable, large, multilingual models
that have been shown to achieve high performance,
especially at sentence-level (Specia et al., 2021).
In this edition, we further expand the provided re-
sources, introducing new low-resource language
pairs: a large dataset of English-Marathi, suit-
able for training, development and testing and a
smaller test-set on English-Yoruba for zero-shot

69

approaches. These, as well as previously published
datasets for QE, rely mainly on Direct Assessments
(DA)! and post-edited translations, which provide
estimates of quality either by using the human qual-
ity score(s) for each segment or by estimating the
distance of a translation from a human-provided
correction. As these annotations can sometimes
obscure the exact location and/or significance of
a translation error, we wanted to investigate the
feasibility and efficiency of using a more fine-
grained annotation schema to obtain quality esti-
mations at word- and sentence- level, namely Mul-
tidimensional Quality Metrics (MQM) (Lommel
et al., 2014). MQM annotations have shown to be
more trustworthy for the metrics task (Freitag et al.,
2021a,b), motivating us to evaluate their suitability
for the QE task. We make available new develop-
ment and test data on three language pairs using
MQM annotations.

The aforementioned boost in performance of QE
systems frequently comes at the cost of efficiency
and interpretability, since they heavily rely on large
models with many parameters. As a result, the pre-
dicted quality estimates are hard to interpret. At
the same time, such high-performance, “black-box”
models are frequently susceptible to systematic
errors, such as negation omission (Kanojia et al.,
2021) and mistranslated entities (Amrhein and Sen-
nrich, 2022). Both phenomena are major concerns
for MT quality estimation since they can under-
mine users’ trust in new technologies and ham-
per the adoption of such models on a wide scale.
To motivate approaches that address these cases
we include an explainability subtask following its
first edition at Eval4NLP 2021 (Fomicheva et al.,
2021). In this subtask we ask participants to predict

'We note that the procedure followed for our data diverges
from that proposed by Graham et al. (2016) in three ways: (a)
we employ fewer but professional translators to score each
sentence, (b) scoring is done against the source segment (bilin-
gual annotation) and not the reference, and (c) we provide
translators with guidelines on the meaning of ranges of scores.
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Task 2

the erroneous words as rationale extraction for a Task 3 The critical Error Detection task, aiming to

sentence-level quality estimate, without any word-
level supervision. By framing error identification
as rationale extraction for sentence-level quality
estimation systems, this subtask offers an opportu-
nity to study whether such systems behave in the
same way as humans would do. We also reshape
the critical error detection task of last year and we
build a new corpus to test the ability of QE systems
to detect critical errors that simulate hallucinated
content with additions, deletions, named entities,
polarity changes and numbers. The corpus is cre-
ated using SMAUG (Alves et al., 2022) and we al-
low participation in constrained and unconstrained
settings. For the constrained setting, participants
have to build QE systems without having access
to data from SMAUG, whereas participants from
the unconstrained task can train their systems using
additional data from SMAUG.

In addition to advancing the state-of-the-art at
all prediction levels, our main goals are:

* To extend the languages covered in our
datasets;

* To further motivate fine-grained quality anno-
tation, informed at word and sentence level
using MQM;

* To encourage language-independent and even
unsupervised approaches especially for zero-
shot prediction;

* To study and promote explainable approaches
for MT evaluation; and

¢ To revisit critical error detection.

We thus have three tasks:

Task 1 The core QE task, consisting of separate

sentence-level and word-level subtasks. For
the sentence-level sub-tasks, the goal is to pre-
dict a quality score for each segment in the
test set, which can be a variant of DA (§2.1.1)
or MQM (§2.1.1). For the word-level sub-
tasks, participants have to predict translation
errors at word-level, via binary quality tags
(see §2.1.2).

Explainable QE task, aiming to obtain word-
level rationales for sentence-level quality
scores (§2.2).
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predict sentence-level binary scores indicating
whether or not a translation contains a critical
error (§2.3).

The tasks make use of large datasets annotated
by professional translators with either 0-100 DA
scoring, post-editing or MQM annotations. We up-
date the training and development datasets of pre-
vious editions and provide new test sets for Tasks
1 and 2. Additionally, we provide a novel setup
for Task 3, with novel train, development and test
data. The datasets and models released are publicly
available?. Participants are also allowed to explore
any additional data and resources deemed relevant,
across tasks.

The shared task uses Codalab as submission
platform, where participants (Section 4) could sub-
mit up to 2 submissions a day for each task and
language pair (LP), up to a total of 10 submissions.
Results for all tasks evaluated according to standard
metrics are given in Section 5. Baseline systems
were trained by the task organisers and entered in
the platform to provide a basis for comparison (Sec-
tion 3). A discussion on the main goals and findings
from this year’s task is presented in Section 6.

2 Quality Estimation tasks

In what follows, we briefly describe each subtask,
including the datasets provided for them.

2.1 Task 1: Predicting translation quality

Being able to automatically predict the quality
of translations on sentence- or word-level with-
out access to human-references is the core goal
of the QE shared task. In this edition, we ex-
plored some new approaches towards quality anno-
tations for sentence- and word-level, and redefined
the word-level quality labelling scheme, in an at-
tempt to allow participants to employ multi-task
approaches and exploit fine-grained quality annota-
tions. Hence, the data was produced in two ways:

1. DA & Post-edit approach: The quality of each
source-translation pair is annotated by at least
3 independent expert annotators, using DA on
a scale 0-100. The translation is also post-
edited to obtain the closest possible, fully cor-
rect translation of the source. Using the post-
edited data, we generate Human-mediated

https://github.com/WMT-QE-Task/
wmt—ge—-2022-data


https://github.com/WMT-QE-Task/wmt-qe-2022-data
https://github.com/WMT-QE-Task/wmt-qe-2022-data

Translation Edit Rate (HTER) (Snover et al.,
2006) scores, which are obtained by calculat-
ing the minimum edit distance between the
machine translation and its manually post-
edited version. By additionally considering
the alignment between the source and post-
edited sentence, we can propagate the errors to
the source sentence and annotate the segments
that were potentially mistranslated and/or not
translated at all. The HTER scores were made
available to participants as additional data, but
are not used as prediction targets.

MQM approach: Each source-translation pair
is evaluated by at least 1 expert annotator, and
errors identified in text are highlighted and
classified in terms of severity (minor, major,
critical) and type (omission, style, mistransla-
tion, etc).

The DA and MQM data was further processed
to a) obtain normalised quality scores that have
the same direction between high and low quality
and b) obtain word-level binary quality labels. We
provide more details on the required pre-processing
in §2.1.1 and §2.1.2.

DA & Post-edit data: For all language pairs
the data provided is selected from publicly avail-
able resources. Specifically for training we
used the following language pairs from the
MLQE-PE dataset (Fomicheva et al., 2022):
English-German (En-De), English-Chinese (En-
Zh), Russian-English (Ru-En), Romanian-English
(Ro-En), Nepalese-English (Ne-En), Esthonian-
English (Et-En) and Sinhala-English (Si-En),
which are all sampled from Wikipedia, except
for the Ru-En pair, which also contains sentences
from Reddit. Additionally, the language-pairs
used for development and testing also originate
from Wikipedia: English-Czech (En-Cs), English-
Japanese (En-Ja), Khmer-English (Km-En) and
Pashto-English (Ps-En).

Finally, the new English-Marathi (En-Mr) data
that is made available for train, development and
testing this year is sampled from a combination of
sources. More specifically the source side segments
of the English-Marathi data contain segments from
three different domains — healthcare, cultural, and
general/news. The general domain and cultural do-
main data were obtained from the English (source
side) segments in the IITB English-Hindi Parallel
Corpus (Kunchukuttan et al., 2018). However, the
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healthcare domain data was obtained from publicly
available NHS monolingual corpus?.

All of the data was translated using large
transformer-based NMT models, with established
high performance for the languages in question.
Specifically, for the language pairs in the training
data (En-De, En-Zh, Et-En, Ne-En, Ru-En, Ro-
En, Si-En), all source sentences were translated
by a fairseq Transformer (Ott et al., 2019) bilin-
gual model. The exception is the English-Marathi
which was translated by the multilingual IndicTrans
(En-X) Transformer-based NMT model, which was
trained on the Samanantar parallel corpus (Ramesh
et al., 2022).

For the languages provided in the development
and test set, namely: En-Cz, En-Ja, Km-En and
Ps-En we maintain the same we use the MBART50
(Tang et al., 2020),* to translate the source sentence
of the other languages pairs, since it has been found
to perform well, especially for low-resource lan-
guages (Tang et al., 2020). The En-Mr portion of
the development and test data is translated similarly
to the training data for this language pair.

Zero-shot language pair: This year we intro-
duced a “surprise” language-pair, English-Yoruba
(En-Yo), which represents a low-resource language
pair. The Yoruba language is the third most spoken
language in Africa, and it is native to southwest-
ern Nigeria and the Republic of Benin (Eberhard
et al., 2020). We extracted 1010 sentences in En-
glish from Wikipedia across 7 topics and translated
them to Yoruba using Google Translate. Using
adjusted guidelines from Fomicheva et al. (2021),
we trained annotators to indicate sentence-level
DA scores and to highlight erroneous words as
word-level explanations for the DA scores.” On
the 1010 sentences, they obtained agreements of
0.487 Pearson on sentence-level and 0.380 kappa
on word-level. Note that in order to further en-
courage multilingual and unsupervised approaches,
the setup for this zero-shot approach was slightly
different to the previous edition, since we did not
reveal the language pair before the release of the
test data, and the zero-shot pair was included only
in the multilingual sub-tasks for quality estimation

3The NHS corpus source sentences were crawled from
the health directory of NHS available here: https://www.
nhs.uk/conditions/

*https://github.com/pytorch/fairseq/
tree/master/examples/multilingual

> Annotators were graduate students and native speakers of
Yoruba and fluent in English.


https://www.nhs.uk/conditions/
https://www.nhs.uk/conditions/
https://github.com/pytorch/fairseq/tree/master/examples/multilingual
https://github.com/pytorch/fairseq/tree/master/examples/multilingual

(as opposed to a standalone subtask for this lan-
guage pair only).

MQM data: As training data, we used annota-
tions released for the Metrics shared task namely,
the concatenation of the annotations released from
Freitag et al. (2021a) with the annotations from
last year Metrics task (Freitag et al., 2021b). To-
gether, these annotations, cover 3 high-resource
language pairs, namely: Chinese-English (Zh-En),
English-German (En-De) and English-Russian (En-
Ru), and span across two domains (News and Ted
Talks). In contrast to DA, instead of one transla-
tion for each source, we have multiple translations
coming from system participation’s in the 2020
and 2021 News translation tasks (Barrault et al.,
2020; Akhbardeh et al., 2021). For development
set however, we follow an approach that is similar
to the one use for the DA data: we translated the
Newstest 2019 using a single NMT system, namely
MBARTS50. Subsequently, for each language pair
we asked an expert translator to provide MQM an-
notations. The test set was created similarly to the
development, but instead of using Newstest 2019
we used the Newstest 2022 (the News data from
this year’s General MT shared task).

Overall, the released data for Task 1covers a total
of 9 language pairs for training, 4 language pairs
for development and 6 language pairs for testing
including 1 zero-shot language pair. Statistics and
details for each language pair are provided in Table
1.

2.1.1 Sentence-level quality prediction

There were two competition instances for the
sentence-level sub-task. The first one focuses on
DA- and the second one on MQM-derived annota-
tions, both including a separate multilingual track.
In the future, we aim to consolidate the competition
instances into a single one for sentence-level, using
our findings from this edition to align the annota-
tion schemes in a better manner. We provide below
the details for each annotation scheme and a com-
prehensive table with statistics for all annotations
(Table 1).

DA annotations: For DA annotations, we fol-
lowed the annotation and scoring conventions of
previous editions. We provided MLQE-PE data
(Fomicheva et al., 2022) used in previous years for
training, which includes seven language pairs with
~ 8,000 segments each. We also provided 26,000
segments of En-Mr which were annotated using the

72

same annotation conventions. All translations were
manually annotated for perceived quality, with a
quality label ranging from 0 to 100, following the
FLORES guidelines (Guzmaén et al., 2019). Ac-
cording to the guidelines given to annotators, the
0-10 range represents an incorrect translation; 11-
29, a translation with few correct keywords, but the
overall meaning is different from the source; 30-50,
a translation with major mistakes; 51-69, a trans-
lation which is understandable and conveys the
overall meaning of the source but contains typos or
grammatical errors; 70-90, a translation that closely
preserves the semantics of the source sentence; and
91-100, a perfect translation. For each segment,
there were at least three scores from independent
raters (four in the case of En-Mr). DA scores were
standardised using the z-score by rater, and the
z-scores were provided as training targets. Par-
ticipating systems are required to score sentences
according to z-standardised DA scores.

MQM annotations: As we have seen (§2.1), for
the MQM annotations, we built on the available
Google MQM annotations (Freitag et al., 2021a)
that contain annotated data for the En-De and Zh-
En data of WMT 2020 News Translation Systems
(Barrault et al., 2020) as well as En-De, Zh-En and
En-Ru annotations from WMT Metrics 2021 (Fre-
itag et al., 2021b). These annotations, provided
as training data, amount to more than 30,000 seg-
ments in total (see Table 1 for details per language
pair). In addition, we provide newly annotated
development and test sets for all three language
pairs (En-De, En-Ru, Zh-En), amounting to ap-
proximately 1,000 segments per language pair.

Originally, MQM annotated segments include
annotated erroneous text-spans on the transla-
tion side that are assigned two types of labels:
(a) an error severity label {minor, major,
critical} and (b) an error category label such
as {grammar, style/awkward, omission,
mistranslation}, ...}. Each error sever-
ity is associated with a specific weight; hence a
sentence score can be calculated for each segment
based on these error weights. We demonstrate an
example of MQM annotations and scores in Figure
1.

MQM scores according to Google weight
scheme have the opposite direction of the DA
scores since larger MQM scores denote worse trans-
lation quality, i.e., a larger number of errors or more
severe errors. To address this inconsistency, we



Language Sentences Tokens DA PE MQM CE Data Source
Pairs Train / Dev / Test22 Train / Dev / Test22

En-De ! 9,000/ 1,000/ - 131,499 /16,545 /- v v Wikipedia
En-Zh 9,000/ 1,000/ - 131,892 /16,637 / — v v Wikipedia
Ru-En 9,000/ 1,000/ - 94,221 /11,650 / - v v Reddit
Ro-En 9,000/ 1,000/ - 137,466 /17,359 / — v v Wikipedia
Et-En 9,000/ 1,000 / - 112,503 / 14,044 / — v v Wikipedia
Ne-En 9,000/ 1,000 / - 120,078 / 15,017 / — v v Wikipedia
Si-En 9,000/ 1,000/ - 125,223 /15,709 / — v v Wikipedia
En-Mr 26,000/1,000/ 1,000 690,532/27,049/26,253 v v

Ps-En —/1,000/ 1,000 —/27,045/27,414 v v Wikipedia
Km-En —/1,000/ 1,000 —/21,981/22,048 v v Wikipedia
En-Ja —/1,000/ 1,000 —1/20,626 /20,646 v v Wikipedia
En-Cs —/1,000 /1,000 —/20,394 /20,244 v v Wikipedia
En-Yo -/-1/1,010 -/-1721,238 v v

En-De 2 28,909/1,005/511 839,473 /24,373 /13,220 v WMT-newstest
En-Ru 15,628 /1,005 /511 357,452 /24,373 /13,220 v WMT-newstest
Zh-En 35,327/1,019/505 1,586,883 /51,969 /15,602 v WMT-newstest
En-De 155,511/17,280/500 8,193,693 /915,061 /27,771 V' News-Commentary
Pt-En 39,926/4,437/500 2,281,515/253,594 /29,794 v News-Commentary

Table 1: Statistics of the data used for Task 1 (DA), Task 2 (PE) and Task 3 (CE) (last four rows). The number of

tokens is computed based on the source sentences.

Source:

This year's trend for a second Christmas tree in the bedroom sends sales of smaller spruces soaring

Translation:

Der diesjahrige Trend fir einen zweiten Weihnachtsbaum in der Schlafzimmer sendet Umsatz von kleineren Fichten steigen

severity: Major

category: Grammar

severity: Major
category: Mistranslation

Figure 1: Example of MQM annotations on the target (translation) side, on a English-German (En-De) sentence

pair.

invert the MQM scores and standardise per anno-
tator. For training data we had access to multiple
annotations per segment and calculated an aver-
age score after standardisation, keeping also the
original MQM scores per annotator, to allow the
participants to take full advantage of the different
annotations (Basile et al., 2021). For the same
reasons, we opted not to aggregate the annotated
text-spans.

Regarding evaluation, systems in this task (both
for DA and MQM) are evaluated against the true
z-normalised sentence scores using Spearman’s
rank correlation coefficient p as the primary
metric. This is what was used for ranking sys-
tem submissions. Pearson’s correlation coefficient,
r, Mean Absolute Error (MAE), and Root Mean
Squared Error (RMSE) were also computed as sec-
ondary metrics but not used for the final ranking
between systems.
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2.1.2 Word-level quality prediction

This sub-task focuses on detecting word-level er-
rors in the MT output. The goal is to automatically
predict the quality of each token using a binary
decision, i.e., using OK as a label for tokens trans-
lated correctly and BAD otherwise. We deviate
from the annotation pattern of previous years in
that, we do not consider annotations of the gaps
between tokens or source-side annotations. Instead,
to account for omission errors, we consider the fol-
lowing convention: the token on the right side of
the omitted text in the translation is annotated as
“BAD”. An additional <EOS> token is appended
at the end of every translation segment to account
for omissions at the end of each sentence. This al-
lows the provision of a unified framework for both
the post-edit originated annotations and the MQM
annotations.

We thus use the same source-translation pairs
used for the sentence-level tasks and obtain the
binary tags as follows:



* For post-edited data, we use TER (Snover
et al., 2006) to obtain alignments between
translation and post-edit and annotate the mis-
aligned tokens as BAD.

For MQM data, the tokens that fall within the
text-spans annotated as errors (or any sever-
ity or category) are annotated as BAD. If the
whitespace between two words is annotated as
an error, then this is considered an omission,
and the next token is annotated as BAD.

Participants were encouraged to submit for each
language pair and also for the multilingual vari-
ants of each sub-task. For the DA-based sentence-
level competition, as well as the word-level sub-
task, there was an additional multilingual variant
that included the zero-shot language pair (En-Yo).
The latter aimed at fostering work on language-
independent models, as well as models that are
truly multilingual.

For word-level task, submissions are ranked us-
ing the Matthews correlation coefficient (MCC)
as the primary metric, while F1-scores are pro-
vided as complementary information.

2.2 Task 2: Explainable Quality Estimation

Following the success of the shared task on Ex-
plainable Quality Estimation organized by the
Eval4NLP workshop in 2021 (Fomicheva et al.,
2021), in this sub-task we aim to address trans-
lation error identification as rationale extraction
from sentence-level quality estimation systems. If
a QE system reasonably estimates the quality of a
translated sentence, an explanation extracted from
the system should indicate word-level translation
errors in the input (if any) as reasons for imper-
fect sentence-level scores. Particularly, for each
input pair of source and target sentences, participat-
ing teams are asked to provide (7) a sentence-level
score estimating the translation quality and (i) a list
of continuous word-level scores where the tokens
with the highest scores are expected to correspond
to translation errors considered relevant by human
annotators.

In this explainable QE task, we use all the nine
language pairs and their word-level test sets from
Task 1 (see §2.1.2) with En-Yo being a separate
language pair (rather than blending it in the mul-
tilingual test set). Therefore, the participants are
allowed to use the sentence-level scores from the
datasets in Task 1 to train their sentence-level mod-
els in Task 2. However, as Task 2 aims to promote
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the research on the explainability of QE systems,
we encourage the participants to use or develop
explanation methods to identify contributions of
words or tokens in the input. Unlike Task 1, the
participants of Task 2 are not allowed to super-
vise their models with any token-level or word-
level labels or signals (whether they are from
natural or synthetic data) in order to directly
predict word-level errors. Consequently, we do
not require the participants to convert their word-
level scores into predicted binary labels (OK/BAD)
since this process usually requires a word-level QE
dataset to search for an optimum score threshold.

Concerning the evaluation of this task, we fo-
cus on assessing the quality of explanations (i.e.,
the submitted word-level scores), not the sentence-
level predictions. Specifically, we measure how
well the word-level scores provided by the partici-
pants correspond with human word-level error an-
notations, which are binary ground truth labels. Un-
like the Eval4NLP 2021 shared task, which ranked
participating systems by a combination of three
metrics (Fomicheva et al., 2021), we use Recall at
Top-K, also known as R-precision in information
retrieval literature (Manning et al., 2008, chap-
ter 8), as the primary metric this year due to
two reasons. First, it is preferable to have a single
main metric to avoid confusion and also some po-
tential side effects that combining the three metrics
might produce. Second, Recall at Top-K seemed
to help discriminate best between the participating
submissions in the Eval4NLP shared task. Assume
that, for a given pair of source and target sentences,
there are K words annotated as translation errors
by humans. Recall at Top-K equals 7 when there
are r out of the K error words appearing in the list
of top-K words ranked by the submitted word-level
scores descendingly. In addition, AUC (an area un-
der the receiver operating characteristic curve) and
AP (average precision) are used as secondary met-
rics. Considering the word level, AUC summarises
the curve between true positive rate and false posi-
tive rate, while AP summarises the curve between
precision and recall. For both of the secondary
metrics, higher values are the better. Although we
report metrics for sentence-level predictions, in-
cluding Pearson’s correlation and Spearman’s cor-
relation, as additional information, we do not use
them for ranking the participants or determining
the winner in this explainability task.



2.3 Task 3: Critical Error Detection

In this sub-task, we reshape the binary classifica-
tion task introduced in last year’s edition (Specia
et al., 2021) to predict whether the translated sen-
tence contains (at least) one critical error.

Following Specia et al. (2021), we consider that
a translation contains a critical error if it deviates
from the meaning of the source sentence in such a
way that it is misleading and may lead to several
implications. As noted by Specia et al. (2021), de-
viations in meaning can happen in three ways: mis-
translation errors have critical content translated
incorrectly into a different meaning; hallucination
errors introduce critical content in the translation
that is not in the source; and deletion errors re-
move critical content that is in the source from the
translation.

In this task, we focus on five critical error cate-
gories:

¢ Additions: The content of the translation is
only partially supported by the source.

* Deletions: Part of the source sentence is ig-
nored by the MT engine.

* Named Entities: A named entity (people, or-
ganization, location, etc.) is mistranslated into
another incorrect named entity.

* Meaning: The translated sentence either intro-
duces or removes a negation and the sentence
meaning is completely reversed.

* Numbers: The MT system translates a num-
ber/date/time or unit incorrectly.

For this task, we introduce a new dataset ob-
tained by perturbing a corpus of News articles with
SMAUG (Alves et al., 2022) and using humans to
validate perturbation on the test set. The original
data for this task is composed of the News arti-
cles from OPUS News-Commentary (Tiedemann,
2012) for the language pairs English-German and
Portuguese-English.

For the English-German language pairs, there
are no Deviation in Meaning errors, as the pertur-
bation is only available for into English language
pairs. The new dataset is purposefully unbalanced,
as these phenomena are rare, containing approxi-
mately 5% of translations with critical errors. Table
1 presents the number of records for each language
pair.
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Since the dataset for this task is artificially gen-
erated, the participants were encouraged to submit
systems that did not rely on the provided training
data. As such, submissions were split into two
groups: unconstrained and constrained. In the first
group, the participants have access to the training
data. In the second, the systems should only be
trained on quality scores such as DA, HTER and
MQM annotations. With this setting, we aim to
evaluate whether systems can identify critical er-
rors while maintaining correlations with human
judgements.

In the evaluation of this task, the participants
were not required to submit any classification
threshold for their systems. For the unconstrained
setting, the systems are specifically trained to detect
errors and should output high scores for translations
containing these errors. As such, for each language-
pair, we considered as positive predictions the K
records with highest scores, where K is the num-
ber of positive records for that language-pair in the
test set. Regarding the constrained setting, these
systems are only trained on quality scores and are
expected to assign lower scores to translations with
critical errors. Therefore, we considered the K
records with lowest scores as positive predictions.
From here, we measured the MCC, Recall and Pre-
cision for each submission.

3 Baseline systems

Task 1: Quality Estimation baseline systems:
For Task 1, both for word and sentence-level, we
used a multilingual transformer-based Predictor-
Estimator approach (Kim et al., 2017), which is de-
scribed in detail in Fomicheva et al. (2022). For the
implementation and training we use the OpenKiwi
(Kepler et al., 2019) framework. We trained the
baseline model using a multilingual and multitask
setting and training jointly on the sentence-level
scores and word-level tags. For the word-level loss,
Lyord, the weight of BAD tags is multiplied by a
factor of Ap4p = 3.0, but the sentence- and word-
level loss have equal weight in the overall joint
loss estimation: £ = Lyord + Lsent. We trained
different baselines for the DA/post-edit originated
language pairs and the MQM originated language-
pairs.

For the DA/post-edit baseline, the model was
trained using the DA scores as sentence targets and
the OK/BAD tags as word targets. For training we
used the concatenated data for all language pairs



available under training data and used the concate-
nation of the additional language pairs that were
made available in the development set as valida-
tion. We trained two baselines with this setup, us-
ing different encoders for the encoding (predictor)
part of the architecture: (a) XLM-R transformer
with the x1m-roberta-large model and (b)
RemBERT model which has been pre-trained on
additional languages that include Yoruba and can
hence account for the zero-shot language.

For the MQM baseline, the model was trained
using the normalised and inverted MQM scores
as sentence targets and the OK/BAD tags as word
targets. The baseline model was trained using the
concatenated training data for all three language
pairs and used the concatenated development data
for the same pairs as the validation set. The XLM-
R transformer with the x1lm-roberta-large
model was used as an encoder.

Task 2: Explainability baseline systems: We
provide two baseline systems for Task 2. One is
a random baseline where we sampled scores uni-
formly at random from a continuous [0..1) range
for each target token and for a sentence-level score.
The other one is a combination of a supervised
quality annotation model, OpenKiwi (Kepler et al.,
2019) and LIME (Ribeiro et al., 2016) where
OpenKiwi is used to predict sentence-level quality
scores while LIME is used to compute, for every
token in the target sentence, its importance for the
sentence-level quality score returned by OpenKiwi.
For the OpenKiwi implementation we used a sim-
ilar setup described for the baselines of Task 1,
but we trained the OpenKiwi model using only
sentence-level supervision, to align with the task re-
quirements. We trained two multilingual instances,
one on DA- and one on MQM-derived data, using
XLM-R large encoder in both cases.

LIME is a model-agnostic post-hoc explanation
method which trains a linear model to estimate the
behavior of a target model (i.e., OpenKiwi in our
case) around an input example to be explained so
the weights of the linear model correspond to the
importance of individual input tokens. Because
higher sentence-level scores in our gold standard
mean better translation quality, we invert token-
level scores generated by LIME so that higher val-
ues correspond to errors as required by the task
description.

Task 3: Critical Error Detection baseline sys-
tems: For task 3, we consider a baseline system
for each setting.

In the constrained setting, we considered
COMET-QE (Rei et al., 2021)°, which was a top-
performing QE-as-a-Metric system in last years
Metrics shared task (Freitag et al., 2021b).

Regarding the unconstrained setting, we fine-
tune an xlm-roberta-large model using the
COMET framework (Rei et al., 2020). Both the
source and translation are jointly encoded into a
vector representation which is the input of a final
estimator that predicts the probability of the transla-
tion containing a critical error. Here, the estimator
weights are randomly initialised. We fine-tune the
model on the provided training data for a maximum
of 5 epochs. At the end of each epoch, we perform
a validation step by measuring the MCC on the
validation set considering a classification threshold
of 0.5. We select the model with the highest MCC
on the validation data.

4 Participants

Alibaba-Translate (T1-DA): For the DA subtask,
the team participated in all language pairs
except the zero-shot LP. The implemented
system (Wang et al., 2021), uses glass-box
QE features to estimate the uncertainty of ma-
chine translation segments and incorporates
the features into the transfer learning from the
large-scale pre-trained model, XLM-R. The
participants used exclusively the DA data pro-
vided for this edition of the QE shared task. Of
the provided data, the 7 language pairs except
for English-Marathi, were combined to train
a multilingual model. For English-Marathi, a
separate bilingual model was trained. For the
final submission the participants ensembled
multiple checkpoints.

(T1-MQM): The submission for sentence-
level MQM task is based on a multilingual
unified framework for translation evaluation.
The applied framework UniTE (Wan et al.,
2022) considers three input formats — source-
only (QE or reference-free metric), reference-
only and source-reference-combined. The par-
ticipants used synthetic datasets with pseudo
labels during continuous pre-training phase,
and fine-tuned with DA and MQM training

®More precisely we used the wmt 21 -comet—ge—mgm
model



datasets from the year 2017 to 2021. To
obtain the final model predictions they use
the source-only evaluation. For multilingual
phase, they ensembled predictions using two
different backbones — one using XLLM-R en-
coder and the other using InfoXLM. For the
ensembling, they picked the best 2 check-
points on the development dataset.

BJTU-Toshiba (T1-MQM): BJTU-Toshiba par-

ticipation focused on ensembling different
models and using external data. They ensem-
ble multiple pre-trained models, both mono-
lingual and bilingual. The monolingual mod-
els are trained only on the text of the target
language. Specifically, they use monolingual
BERT, Roberta, and Electra-discriminator as
the monolingual extractor, and XLM-R as the
bilingual extractor. They also use in-domain
parallel data to fine-tune and adapt the pre-
trained models to the target language and do-
main. The in-domain data is selected by a
BERT-classifier from the parallel data pro-
vided by the news translation task, and for
each direction, they end up using roughly 1
million sentence pairs for fine-tuning. They
explore two styles of fine-tuning, namely
Translation Language Model and Replaced
Token Detection. For Replaced Token Detec-
tion, they use the first 1/3 layers of the model
as generator, and after the training they drop
the generator and only use the discriminator
as the feature extractor.

HW-TSC (T1): HW-TSC’s submission follows

Predictor-Estimator framework with a pre-
trained XLM-R Predictor, a feed-forward Es-
timator for sentence-level QE subtask and a
binary classifier Estimator for word-level QE
subtask. Specially, the Predictor is a cross-
lingual language model that receives source
and target tokens concatenated and returns
representations that attend to both languages.
WMT 2022’s news translation task training
data is been used to train the Predictor us-
ing a cross-lingual masked language model
objective. All of the WMT QE 2022 DA and
MQM training data are used to train two differ-
ent multilingual QE models, one for sentence-
level and another one for word-level.

(T2:) The language encoder trained for Task
1 is being used to get source and target token
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HyperMT - aiXplain (T1-all): The

embeddings. After computing cosine similar-
ity between target and source token embed-
dings, the max cosine similarity of each target
token to all the source tokens is selected as
quality score. Intuitively, a low score means
the target token is more likely to be an error
(lack of good alignment), so every target word
quality score is multiplied by a negative value.

system is
trained with AutoML functionalities in
FLAML framework using lightgbm estimator.
It utilizes COMET-QE score as feature
along-side with many other linguistic features
extracted with Stanza from source texts and
their translations: the number of tokens,
characters, and the average word length of
sentences; the frequency of Part-of-Speech
and Named Entity Recognition labels, and
the frequency of morphological features. The
differences in values of linguistic features
between source texts and translations are also
included as features. This allows the system
to work in multilingual settings as well.

IST-Unbabel (T1-all): IST-Unbabel team pro-

posed an extension of COMET, dubbed
COMET-Kiwi, which includes a word-level
layer and can be trained on both sentence-
level scores and word-level labels in a multi-
tasking fashion. Their final submission for
task 1 is a weighted ensemble between mod-
els trained using InfoXLM (Chi et al., 2021)
and RemBERT (Chung et al., 2021). All
these models are pretrained on the data from
the metrics shared tasks and, for word-level,
they pretrained on both QT21 and APE-Quest
datasets.

(T2) For the second task they use the
COMET-Kiwi framework as the backbone of
a sentence-level QE model and added layer
and headwise parameters to the QE model: for
each layer and for each head, they train indi-
vidual parameters to construct a sparse distri-
bution over the layers/heads to better leverage
these representations. They leveraged differ-
ent encoders — InfoXLM and RemBERT — and
used them individually as the backbone of our
QE sentence-level models. The models used
to extract explanations were multilingual ones
trained for DA and MQM separately. The ex-
plainability weights were obtained from the at-



tention weights scaled by the norm of the gra-
dient of the value vectors (Chrysostomou and
Aletras, 2022). No word supervision was used
and all explanations were extracted relying
solely on models that produced the sentence-
level scores. The final submissions are ensem-
bles of explanations from different attention
layers/heads according to the validation data.
For the zero-shot language pair (En-Yo), they
created an ensemble with the attention lay-
ers/heads that were among the top-performing
ensembles for other language pairs.

(T3) For task 3 a single model from task 1
using InfoXLM encoder and trained on DA
annotations was submitted.

KU X Upstage (T3): KU X Upstage employs an

XLM-R large model without leveraging any
additional parallel corpus. Instead, they at-
tempt to maximise its capability by adopting
prompt-based fine-tuning, which reformulates
the Critical Error Detection task as a masked
language modelling objective (a pre-training
strategy of this model) before training. They
generate hard prompts suitable for QE task
through prompt engineering, and templates
consist largely of three types according to
the information utilised: naive template, tem-
plate with a contrastive demo, and template
with Google Translate. The final score is ob-
tained by extracting the probability of a word
mapped to BAD among verbalizers. They
gain an additional performance boost from
the template ensemble by adding the values
from multiple templates.

NJUNLP (T1-all): NJUNLP submission makes

use of pseudo data and multi-task learning.
Inspired by DirectQE (Cui et al., 2021), they
experiment with several novel methods to gen-
erate pseudo data for all three subtasks (MQM,
DA, and PE) using the conditional masked lan-
guage model and the NMT model to generate
high quality synthetic data and pseudo labels.
The proposed methods control the decoding
process to generate more fluent pseudo trans-
lations close to the actual distribution of the
gold data. They pre-train the XLM-R large
model with the generated pseudo data and
then fine-tune this model with the real QE task

regression and rank tasks) and word-level tags
(with a sequence tagging task). For the fi-
nal submissions they ensemble sentence-level
results by averaging all valid output scores
and ensemble word-level results using a vot-
ing mechanism. For the pseudo label genera-
tion they use publicly available parallel data,
specifically: the data provided by the WMT
translation task for En-De (9M), En-Ru (3M),
and Zh-En (3M) language pairs. The 660K
parallel sentences from OPUS’ for the Km-
En language pair. They also use 3.6M parallel
data from the target translation model® for the
En-Mr language pair, as well as WMT2017,
WMT2019, and WMT2020 En-De PE data
for the En-De language pair.

Papago (T1-full): Papago submitted a multilin-

gual and multi-task model, trained to predict
jointly both sentence and word level. The
system’s architecture consists of Pretrained
Language Model with task independent layers
optimized for both sentence and word level
quality prediction. They propose an auxiliary
loss function to the final objective function to
further improve performance. They also aug-
ment training data by either generating (i.e.
pseudo data) or collecting open source data
that is deemed to be relevant to QE task. Fi-
nally, they train and select the checkpoints for
the final submission with cross-validation for
better generalization and ensemble multiple
models for their final submission.

UCBerkeley-UMD (T1:DA): UCBerkeley-

UMD used a large-scale multilingual model
to back translate from Czech to English. They
compared the quality of the Czech translation
by examining the translation from Czech back
to English with the original source text in
English. This is motivated by literature that
humans tend to perform quality checks on
translations when they do not understand the
target language.

UT-QE (T2): The UT-QE team used XLMR-

Score (Azadi et al., 2022) as an unsupervised
sentence-level metric, which is computed as
BERTScore but in a cross-lingual manner
while using the XLM-R model. The matched

"https://opus.nlpl.eu/
8https://indicnlp.aidbharat.org/
indic—-trans/
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data, using multi-task learning in both stages.
They jointly learn sentence-level scores (with


https://opus.nlpl.eu/
https://indicnlp.ai4bharat.org/indic-trans/
https://indicnlp.ai4bharat.org/indic-trans/

ID

Affiliations

Alibaba Translate

BJTU-Toshiba
HW-TSC

HyperMT - aiXplain
IST-Unbabel

KU X Upstage
NJUNLP

Papago
UCBerkeley-UMD

UT-QE
Welocalize-ARC/NKUA

DAMO Academy, Alibaba Group & University of Sci-
ence and Technology of China & CT Lab, University
of Macau, China & National University of Singapore,
Republic of Singapore

Beijing Jiaotong University, China & Toshiba Co., Ltd.
Huawei Translation Services Center & Nanjing Univer-
sity, China

aiXplain

INESC-ID & Instituto de Telecomunicagdes & Instituto
Superior Técnico & Unbabel, Portugal

Korea University, Korea & Upstage

Huawei Translation Services Center, China

Papago, Naver Corp

University of California, Berkeley & University of Mary-
land

University of Tehran, Iran

Welocalize Inc, USA & National Kapodistrian Univer-

(Bao et al., 2022)

(Huang et al., 2022)
(Suet al., 2022)

(Rei et al., 2022)

(Eo et al., 2022)

(Geng et al., 2022)
(Lim and Park, 2022)
(Mehandru et al., 2022)

(Azadi et al., 2022)

(Zafeiridou and Sofianopoulos, 2022)

sity & Athena RC, Greece

Table 2: Participants to the WMT22 Quality Estimation shared task.

tokens distances in this metric were used
as token-level scores. In order to alleviate
the mismatching issues, they also try to fine-
tune the XLM-R model on word alignments
from parallel corpora to make it represent the
aligned words in different languages closer
to each other, and use the fine-tuned model
instead of XLLM-R for scoring sentences and
tokens.

Welocalize-ARC/NKUA (T1-DA): Welocalize-
ARC/NKUA’s submission for the Task 1
follows the Predictor-Estimator framework
(Kim et al., 2017) with a regression head
on top to estimate the z-standardised DA.
More specifically, they use a pre-trained
Transformer for feature extraction and then
concatenate the extracted features with
additional glass-box features. The glass-box
features are also produced using pre-trained
models and by applying multiple techniques
to estimate different types of uncertainty for
each translated sentence. The final features
are then used as input for the QE regression
model, which is a simple sequential Neural
Network with a linear output layer. Finally,
the performance of the model is optimised
by employing Monte Carlo Dropout during
both training and inference. Regarding the
data, they use only the provided datasets
(the MLQE-PE train/dev sets along with
the additional dataset for Marathi language)
as well as some of the provided additional
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training resources of the Metrics shared task.

Table 2 lists all participating teams submitting
systems to any of the tasks, and Table 3 report
the number of successful submissions to each of
the sub-tasks and language pairs. Each team was
allowed up to ten submissions for each task variant
and language pair (with a limit of two submissions
per day). In the descriptions below, participation in
specific tasks is denoted by a task identifier (T1 =
Task 1, T2 = Task 2, T3 = Task 3).

5 Results

In this section, we present and discuss the results
of our shared task. Please note that for all the
three subtasks we used statistical significance test-
ing with p = 0.05.

5.1 Taskl1

As we have seen in Task 1 description (§2.1.1),
submissions are evaluated against the true z-
normalised sentence scores using Spearman’s rank
correlation coefficient p along with the following
secondary metrics: Pearson’s correlation coeffi-
cient, r, Mean Absolute Error (MAE), and Root
Mean Squared Error (RMSE). Nonetheless, the fi-
nal ranking between systems is calculated us-
ing the primary metric only (Spearman’s p).
Also, statistical significance was computed using
William’s test.”

For the Task 1 word-level task, the submissions
are ranked using the Matthews correlation coeffi-

‘https://github.com/ygraham/mt-ge-eval
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Task/LP # submission
Task 1 — Sent-level Direct Assessment 161
Multilingual w/o En-Yo 21
Multilingual w En-Yo 23
English-Marathi 24
English-Czech 33
English-Japanese 22
Pashto-English 16
Khmer-English 22
Task 1 — Sent-level MQM 402
Multilingual 38
English-German 65
English-Russian 62
Chinese-English 76
Task 1 — Word-level 247
Multilingual w/o En-Yo 18
Multilingual w En-Yo 17
English-Czech 32
English-Japanese 27
English-Marathi 24
Pashto-English 13
Khmer-English 28
English-German 28
English-Russian 18
Chinese-English 27
Task 2 — Explainable QE 161
English-Czech 14
English-Japanese 14
English-Marathi 13
Pashto-English 30
Khmer-English 25
English-German 17
English-Russian 12
Chinese-English 12
English-Yoruba 12
Task 3 — Sent-Level Critical Error Det. 20
Constrained
English-German 2
Portuguese-English 2
Unconstrained
English-German 10
Portuguese-English 6
Total 991

Table 3: Number of submissions to each sub-task and
language-pair at the WMT22 Quality Estimation shared
task.

cient (MCC). F1-scores are provided as comple-
mentary information only and statistical signif-
icance was computed using randomisation tests
(Yeh, 2000) with Bonferroni correction (Abdi,
2007) for each language pair.

The majority of participants implemented mul-
tilingual models and the top performing sys-
tems adopted a multi-tasking approach, learning
the sentence- and word-level targets jointly (IST-
Unbabel, Papago, NJUNLP). It is important to note
that all participants relied on large pre-trained en-
coders (XLM-R, RemBERT, BERT, ELECTRA),
which seems to be the norm for high-performance
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in quality estimation, but can constitute a limita-
tion for performance in truly multi-lingual scenar-
ios where the target languages are not seen during
pre-training. Additionally, many final submissions
consisted of ensembles combining different large
pretrained models increasing even further the total
number of model parameters.

Another trend that seems to carry on from pre-
vious editions of the task is the incorporation of
additional features in QE models (glass-box fea-
tures were incorporated in Alibaba’s DA systems
while linguistic features were incorporated in aiX-
plain QE system), however in this edition such ap-
proaches were outperformed by models that put
more emphasis on pre-training, using auxiliary
tasks and external data.

For the sentence-level sub-tasks, participants
managed to achieve high correlations for the major-
ity of language pairs, especially for the DA origi-
nated data, with the exception of En-Ja. The results
show an improvement compared to the last edition,
although it is hard to draw a direct comparison due
to changes in the available train/development data.
However, it is interesting to note that performance
for En-Mr, for which we provided considerable
more data than for the other language pairs is still
in the same range as results for the other language
pairs. It would thus be interesting to investigate fur-
ther which properties render a language pair harder
to evaluate.

For the MQM data the overall correlations
achieved were lower in comparison to the DA ones
although still meaningful. Note that compared to
the DA data, the MQM language pairs were high-
resource ones, which could also influence perfor-
mance. Additionally, small discrepancies between
the annotation guidelines in the train set and the
dev/test sets could have further complicated the
task. We intend to further investigate the MQM
potential in future editions, with the addition of
new language pairs and more annotated data.

For the word-level subtask, IST-Unbabel,
NJUNLP and Papago tied at the top for most lan-
guage pairs, and we can observe that correlations
are moderate across language pairs (both DA and
MQM originated ones). It is important to note that
no team seems to have submitted predictions us-
ing a word-level only supervision; instead all the
participants of this task used a multi-task approach,
learning jointly word and sentence level scores.



Model Multi Multi (w/o0 En-Yo) = En-Cs En-Ja En-Mr 1 Km-En Ps-En
IST-Unbabel 0.572 0.605 . 0.655 0.385 0.592 ;. 0.669 0.722
Papago 0.502 0.571 1 0.636 0.327 0.604 1 0.653 0.671
Alibaba Translate - 0.585 I 0.635 0.348 0.597 I 0.657 0.697
Welocalize-ARC/NKUA | 0.448 0.506 ' 0.563 0.276 0.444 1 0.623 -
BASELINE 0.415 0.497 : 0.560 0.272 0.436 : 0.579 0.641
Ip_sunny} 0.414 0.485 ; 0511 0.290 0.395 , 0.611 0.637
HW-TSC - - i 0.626 0.341 0.567 i 0.509 0.661
aiXplain - - 1 0.477 0.274 0.493 I - -
NJUNLP - - I - - 0.585 I - -
UCBerkeley-UMD* - - ‘ 0.285 - - ‘ - -

Table 4: Spearman correlation with Direct Assessments for the submissions to WMT22 Quality Estimation Task 1.
For each language pair, results marked in bold correspond to the winning submissions, as they are not significantly
outperformed by any other system according to the Williams Significance Test (Williams, 1959). Baseline systems
are highlighted in grey; I indicates Codalab username of participants from whom we have not received further
information and * indicates late submissions that were not considered for the official ranking of participating systems

Model Multi | En- En- Zh-En
| De Ru

IST-Unbabel 0.474 1 0.561 0.519 0.348
NJUNLP 0.468 ' 0.635 0.474  0.296
Alibaba-Translate | 0.456 : 0.550  0.505  0.347
Papago 0449 | 0582 0.496  0.325
Ip_sunny 0.415 1 0.495 0.453 0.298
BASELINE 0.317 ' 0455 0.333  0.164
BJTU-Toshiba - : 0.621 0434  0.299
HW-TSC - 1 0494 0.433 0.369
aiXplain - 10376 0338  0.194
pu_nlp § - ' 0611 - -

Table 5: Spearman correlation with MQM for the sub-
missions to WMT22 Quality Estimation Task 1. For
each language pair, results marked in bold correspond
to the winning submissions, as they are not significantly
outperformed by any other system according to the
Williams Significance Test (Williams, 1959). Baseline
systems are highlighted in grey; I indicates Codalab
username of participants from whom we have not re-
ceived further information.

Best performers The scores in Tables 4 - 6 show
the participant scores for the main metric, ordered
by the best performance in the multilingual sub-
tasks. IST-Unbabel is the clear winner for the mul-
tilingual subtasks, but for the individual language
pairs results vary and multiple participants are tied
at the top. All top-performing approaches (IST-
Unbabel, Papago, NJUNLP and Alibaba) share
some common characteristics: (1) they constitute
multilingual and multi-task approaches; (2) they
use external data during pre-training, either adapted
from other tasks (such as the Metrics task (Freitag
et al., 2022)) or generated artificially (pseudo data);
and (3) they use ensembling for the final submis-
sion.

5.2 Task2

Three teams participated in Task 2, IST-Unbabel,
HW-TSC and UT-QE. IST-Unbabel participated
in all 9 language pairs, HW-TSC in all languages
pairs except English-Yoruba, and UT-QE only in
Khmer-English and Pashto-English. As shown in
Table 7, IST-Unbabel wins 7 of 9 LPs according to
the metric Recall at Top-K, HW-TSC the remaining
2. With Bonferroni correction, IST-Unbabel wins
4 LPs, HW-TSC wins 2, and both are indistinguish-
able on the remaining 3 LPs. Average precision
(AP) yields identical results as Recall at Top-K in
terms of ranking of the teams. There is one dif-
ference according to the metric AUC in terms of
winners: HW-TSC wins English-Japanese. Finally,
all participating teams beat both baselines in all
cases.

For sentence-level performance (see Appendix
D), IST-Unbabel wins all LPs according to Pear-
son’s correlation and all LPs according to Spear-
man’s correlation except for Khmer-English, which
HW-TSC wins. Not all teams beat all baselines in
terms of sentence-level performance.

The winning teams obtain the lowest sentence-
level correlations for English-Chinese, English-
Japanese and English-Yoruba and the highest cor-
relations for Khmer-English and English-German.
This may be related to the quality of annotations
and the quality of MT systems involved. For word-
level explainability scores, the lowest Recall at
Top-K scores are obtained for English-Yoruba and
English-Marathi, whereas the highest scores are ob-
tained for Pashto-English and Khmer-English. The
fact that the winning systems obtain low sentence
and word-level scores for English-Yoruba and high
scores for Khmer-English may indicate that the
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Model Multi  Multi (w/o En-Yo) 1 En-Cs En-Ja En-Mr Kh-En Ps-En  En-De En-Ru Zh-En
IST-Unbabel | 0.341 0.361 , 0436 0238 0392 0425 0424 0303 0427  0.360
Papago 0.317 0.343 0396  0.257 0418 0429 0374 0319 0421 0.351
BASELINE | 0.235 0.257 1 0325 0.175 0306 0402 0359 0.182 0.203 0.104
HW-TSC - 0.218 0424 0258  0.351 0.353 0358 0.274 0343  0.246
NJUNLP - - - - 0412 0421 - 0352  0.390 0.308

Table 6: Matthew Correlation Coefficient (MCC) for the submissions to WMT22 Quality Estimation Task 1
(word-level). For each language pair, results marked in bold correspond to the winning submissions, as they are
not significantly outperformed by any other system based on randomisation tests with Bonferroni correction (Yeh,

2000). Baseline systems are highlighted in grey.

Model En-Cs En-Ja En-Mr En-Ru En-De En-Yo Km-En Ps-En Zh-En
IST-Unbabel 0.561 0.466 0.317 0.390 0.365 0.234 0.665 0.672  0.379
HW-TSC 0.536 0.462 0.280 0.313 0.252 - 0.686 0.715 0.220
BASELINE (OpenKiwi+LIME) | 0417 0367 0.194 0.135 0.074  0.111 0.580 0.615 0.048
BASELINE (Random) 0.363 0.336 0.167 0.148 0.124  0.144 0.565 0.614  0.093
UT-QE - - - - - - 0.622 0.668 -

Table 7: Recall at Top-K for the submissions to the WMT22 Quality Estimation Task 2 (Explainable QE). For
each language pair, results marked in bold correspond to the winning submissions, as they are not significantly
outperformed by any other system based on randomisation tests with Bonferroni correction (Yeh, 2000). Baseline

systems are highlighted in grey.

Model En-De En-De  Pt-En Pt-En

(Cons)  (UN- (Cons) (UN-

cons) cons)

KU X Upstage | — 0.964 - 0.984
IST-Unbabel 0.564 - 0.721 -

BASELINE 0.074 0.855 -0.001 0.934

aiXplain - 0.219 - 0.179

Table 8: Matthews Correlation Coefficient (MCC) for
the submissions to WMT21 Quality Estimation Task
3 (Critical Error Detection). For each language pair,
results marked in bold correspond to the winning sub-
missions, as they are not significantly outperformed
by any other system based on randomisation tests with
Bonferroni correction (Yeh, 2000). Baseline systems
are highlighted in grey.

tasks are correlated (as one may intuitively expect):
a QE system that yields better sentence-level scores
also highlights word-level errors more correctly.

5.3 Task3

In this task, we divide participants into uncon-
strained and constrained settings, and address each
group in separate. As in the last year, this task at-
tracted few participants, which we attribute to the
recentness of the task.

In the unconstrained setting, there are two par-
ticipants: KU X Upstage and HyperMT - aiXplain.
The first achieved very high values for the mea-
sured metrics, and is the best performer for this
setting for both language pairs. The second ob-
tained lower values, falling below the baseline on
both language pairs.
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In the constrained setting, a single submission
was received: IST-Unbabel. Their system outper-
formed the baseline on both language pairs.

6 Discussion

In what follows, we discuss the main findings of
this year’s shared task based on the goals we had
previously identified for it.

General  progress Participating  systems
achieved very promising results for most
languages, including the newly introduced

language-pairs as well as the new annotation
style (MQM). The best performing submissions
showed moderate to strong correlation for
sentence-level DA and MQM prediction tasks.
While it is hard to draw direct comparisons with
the previous editions, the overall correlation scores
obtained are similar or improved for the common
language-pairs. In combination with the outcomes
of previous editions, it seems that multi-lingual and
multi-task systems that are able to take advantage
of multiple resources, are showing better and more
robust results. However, the word-level quality
prediction is still a challenging task and there
is ample room for improvement. Along the
same lines, further exploring explainability tasks,
that support the sentence level predictions with
word level scores seems a promising path to
motivate finer-grained approaches to word-level
quality annotations.



DA vs MQM annotations To further understand
the observed discrepancies between top perfor-
mances in the DA and MQM sub-tasks for sentence-
level quality estimation, we analyse the distribu-
tions of predicted scores vs gold scores for each
language pair, as presented in Figure 2.

We can see in the scatter plots that there are mul-
tiple test-segments which are annotated as perfect
translations (maximum possible normalised MQM
score), which fail to be classified accordingly as
indicated by the top parts of the MQM scatter plots
in Figure 2. Overall, even with DA annotations we
can see that language pairs with more balanced
distribution between high and low quality seg-
ments (Km-En, Ps-En) are those for which QE
systems obtain better correlations, compare to
more skewed language pairs (En-Mr, En-Ja).

Additionally, we can see that the MQM scores
are significantly skewed towards higher scores,
with long-tails of few very low quality instances.
This provides motivation to revisit the quantifica-
tion of MQM annotations to generate sentence level
scores and further experiments into consolidating
MQM annotations from different annotators. Fur-
thermore, perhaps providing access to finer-grained
MQM annotations (using the category or severity
labels as targets) could aid in obtaining more mean-
ingful outcomes. In future editions we intend to
further expand the coverage of languages for MQM
annotations that will allow us to draw further con-
clusions and push the state-of-the-art further in this
track.

Zero shot predictions We found that even with-
out development data or prior knowledge about
the language pair, the systems that submitted
predictions for En-Yo still achieved meaning-
ful correlations. For the quality assessment and
explainability tasks, the achieved correlations are
lower compared to the “seen” language pairs, but
still comparable. We can also observe the scatter
plot distributions that show the correlation obtained
by the top performing system that is comparable
with the other DA distributions.

However, we noticed that the availability of
the zero-shot languages in the frequently used
pretrained encoders posed an additional chal-
lenge for the participants as the performance on
En-Yo seemed dependent on whether the pretrained
language model had seen Yoruba text during pre-
training. In future editions, we hope that mixing
different zero-shot languages will further motivate

&3

unsupervised approaches.

Explainable quality estimation The perfor-
mance of the baselines in Task 2 suggests that ap-
plying a model-agnostic explanation method (i.e.,
LIME) to a relatively good sentence-level QE sys-
tem (i.e., OpenKiwi) straightforwardly may not re-
sult in plausible explanations. In particular, the
OpenKiwi+LIME baseline got higher Recall at
Top-K than the random baseline for only 5 LPs.
Using randomisation tests with Bonferroni correc-
tion, we found that the OpenKiwi+LIME base-
line can significantly outperform the random base-
line for only 2 LPs (En-Cs and En-Ja). Despite
its higher Pearson’s correlation at the sentence
level, OpenKiwi+LIME yielded random-like (or
even worse) explanations for MQM language pairs.
This also calls for a stronger baseline for the fu-
ture edition of the QE shared task. Additional sig-
nals/heuristics might be added to the future shared
task’s baselines such as sparsity of the rationales
(as used by IST-Unbabel) and alignments between
source and target sentences (as used by HW-TSC
and UT-QE).

Critical error detection. By comparing the per-
formance of the submitted systems, in particular
the baselines, we see that the difficulty of the con-
strained setting is much higher. We attribute this
discrepancy to the fact that the artificially generated
data follows a specific set of patterns, which can be
captured by current methods when given enough
examples. The HyperMT - aiXplain submission
seems to be an exception. However, although this
system is unconstrained, it is composed of fine-
tuned decision trees where the base features are
constrained. We consider that these features are
unable to provide sufficient information for the
decision trees to be able to identify critical errors,
even when fine-tuned on the provided training data.

Due to the scarcity of annotated data containing
critical errors, we argue that the constrained setting
presents a much more realist challenge, where sys-
tems are trained for correlating with human judge-
ments but are tested for robustness to critical errors.

For a future edition of this task, we envision a
design that simultaneously considers both corre-
lations with human judgements and robustness to
critical errors when evaluating a QE system. This
can be combined with Task 1, where besides the
current evaluation method, participants would also
receive a robustness score for their systems, mea-
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Figure 2: Scatter plots for the predictions against true DA/MQM scores for the top-performing system for each
language pair. The histograms show the corresponding marginal distributions of predicted and true scores.
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sured on a test set with critical errors. We hope that
this configuration would both attract more partici-
pants to this task (as it would not required training
a specific system for critical error detection) and
further motivate the treatment of critical errors in
the development of QE systems.

7 Conclusions

This year’s edition of the QE Shared Task in-
troduced a number of new elements: new low-
resource language pairs (Marathi and Yoruba), new
annotation conventions for sentence and word level
quality (MQM), new test sets, and new versions of
explainability and critical error detection subtasks.
The tasks attracted a steady number of participating
teams and we believe the overall results are a great
reflection of the state-of-the-art in QE.

We have made the gold labels and all submis-
sions to all tasks available for those interested in
further analysing the results, while newly inter-
ested participants can still access the competition
instances on codalab and directly compare their
performance to other models. We aspire for the
future editions to continue the efforts set in this
and previous years and expand the resources and
coverage of QE, while further exploring recent and
more challenging subtasks such as fine-grained QE,
explainable QE and critical error detection.
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A Official Results of the WMT22 Quality Estimation Task 1 (Direct Assessment)

Tables 9, 10, 11, 12, 13, 14 and 15 show the results for all language pairs and the multilingual variants,
ranking participating systems best to worst using Spearman correlation as primary key for each of these
cases.

Model Spearman RMSE MAE Disk footprint (B) # Model params
e IST-Unbabel 0.572 0.689  0.539 2,260,735,089 583,891,109
Papago 0.502 2404  2.077 2,243,044,839 560,713,447
Welocalize-ARC/NKUA 0.448 0.794 0.632 2,307,101,417 576,733,248
BASELINE 0.415 0.979 0.820 2,280,011,066 564,527,011
Ip_sunny i 0.414 1.054  0.898 2,356,736,392 580,792,183

Table 9: Official results of the WMT22 Quality Estimation Task 1 Direct Assessment for the Multilingual variant.
Teams marked with "e" are the winners, as they are not significantly outperformed by any other system according to
the Williams Significance Test (Williams, 1959). Baseline systems are highlighted in grey. I indicates Codalab
usernames of participants from whom we have not received further information.

Model Spearman RMSE MAE Disk footprint (B) # Model params
e [ST-Unbabel 0.605 0.671 0.521 2,260,735,089 583,891,109
Alibaba Translate 0.587 0.675 0.533 2,191,440 560,981,507
Papago 0.571 1.793  1.451 2,243,044,839 560,713,447
Welocalize-ARC/NKUA 0.506 0.733  0.571 2,307,068,585 576,725,041
BASELINE 0.497 0.748 0.585 2,280,011,066 564,527,011
Ip_sunny i 0.485 0.757  0.596 2,356,736,392 580,792,183

Table 10: Official results of the WMT22 Quality Estimation Task 1 Direct Assessment for the Multilingual (w/o
English-Yoruba) variant. Teams marked with "e" are the winners, as they are not significantly outperformed by any
other system according to the Williams Significance Test (Williams, 1959). Baseline systems are highlighted in
grey. 1 indicates Codalab usernames of participants from whom we have not received further information.

Model Spearman RMSE MAE Disk footprint (B) # Model params
o IST-Unbabel 0.655 0.720  0.545 2,260,735,089 583,891,109
e Papago 0.636 1.371 1.081 2,243,044,839 560,713,447
Alibaba Translate 0.635 0.746  0.607 2,191,440 560,981,507
HW-TSC 0.626 0.712  0.545 540,868,112 222,353,517
Welocalize-ARC/NKUA 0.563 0.785 0.610 2,307,068,585 576,725,041
BASELINE 0.560 0.804 0.608 2,280,011,066 564,527,011
Ip_sunny I 0.511 0.786 0.614 2,356,736,392 580,792,183
aiXplain 0.477 0.825 0.679 745,679,835 12,345
UCBerkeley-UMD* 0.285 1.252  0.961 - 177,853,440

Table 11: Official results of the WMT22 Quality Estimation Task 1 Direct Assessment for the English-Czech
dataset. Teams marked with "e" are the winners, as they are not significantly outperformed by any other system
according to the Williams Significance Test (Williams, 1959). Baseline systems are highlighted in grey. | indicates
Codalab usernames of participants from whom we have not received further information and * indicates late
submissions that were not considered for the official ranking of participating systems
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Model Spearman RMSE MAE Disk footprint (B) # Model params
e [ST-Unbabel 0.385 0.689 0.528 2,260,735,089 583,891,109
Alibaba Translate 0.348 0.673  0.522 2,191,440 560,981,507
HW-TSC 0.341 0.726  0.555 540,868,112 222,353,517
Papago 0.327 2253  1.957 2,243,044,839 560,713,447
Ip_sunny 0.290 0.718 0.556 2,356,736,392 580,792,183
Welocalize-ARC/NKUA 0.276 0.755 0.579 2,307,068,585 576,725,041
aiXplain 0.274 0.704  0.547 745,679,835 12,345
BASELINE 0.272 0.747 0.576 2,280,011,066 564,527,011

Table 12: Official results of the WMT22 Quality Estimation Task 1 Direct Assessment for the English-Japanese
dataset. Teams marked with "e" are the winners, as they are not significantly outperformed by any other system
according to the Williams Significance Test (Williams, 1959). Baseline systems are highlighted in grey. i indicates
Codalab usernames of participants from whom we have not received further information.

Model Spearman RMSE MAE Disk footprint (B) # Model params
e Papago 0.604 0.658 0.514 2,243,044,839 560,713,447
e Alibaba Translate 0.597 0.456 0.349 2,191,440 560,981,507
e [ST-Unbabel 0.592 0.498 0.365 6,932,353,559 583,891,109
e NJUNLP 0.585 0.617 0414 3,264,730,349 560,145,557
HW-TSC 0.567 0.506 0.372 222,353,517 540,868,112
aiXplain 0.493 0.540 0.396 745,679,835 12,345
Welocalize-ARC/NKUA 0.444 0.534 0.401 2,307,068,585 576,725,041
BASELINE 0.436 0.628 0.461 2,280,011,066 564,527,011
Ip_sunny § 0.395 0.570  0.443 2,356,736,392 580,792,183

Table 13: Official results of the WMT?22 Quality Estimation Task 1 Direct Assessment for the English-Marathi
dataset. Teams marked with "e" are the winners, as they are not significantly outperformed by any other system
according to the Williams Significance Test (Williams, 1959). Baseline systems are highlighted in grey. i indicates
Codalab usernames of participants from whom we have not received further information.

Model Spearman RMSE MAE Disk footprint (B) # Model params
e IST-Unbabel 0.669 0.714  0.569 2,260,735,089 583,891,109
Alibaba Translate 0.657 0.778 0.596 2,191,440 560,981,507
Papago 0.653 2786  2.291 2,243,044,839 560,713,447
Welocalize-ARC/NKUA 0.623 0.794 0.619 2,307,068,585 576,725,041
Ip_sunny 0.611 0.784 0.621 2,356,736,392 580,792,183
BASELINE 0.579 0.774 0.616 2,280,011,066 564,527,011
HW-TSC 0.509 1.043  0.804 222,353,517 540,868,112

Table 14: Official results of the WMT22 Quality Estimation Task 1 Direct Assessment for the Khmer-English
dataset. Teams marked with "e" are the winners, as they are not significantly outperformed by any other system
according to the Williams Significance Test (Williams, 1959). Baseline systems are highlighted in grey. | indicates
Codalab usernames of participants from whom we have not received further information.
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Model Spearman RMSE MAE Disk footprint (B) # Model params
e [ST-Unbabel 0.722 0.719  0.575 2,260,735,089 583,891,109
Alibaba Translate 0.697 0.720  0.594 2,191,440 560,981,507
Papago 0.671 0.763  0.646 2,243,044,839 560,713,447
HW-TSC 0.661 0.729  0.592 540,868,112 222,353,517
BASELINE 0.641 0.788 0.663 2,280,011,066 564,527,011
Ip_sunny § 0.637 0.954 0.775 2,356,736,392 580,792,183

Table 15: Official results of the WMT22 Quality Estimation Task 1 Direct Assessment for the Pashto-English
dataset. Teams marked with "e" are the winners, as they are not significantly outperformed by any other system
according to the Williams Significance Test (Williams, 1959). Baseline systems are highlighted in grey. | indicates
Codalab usernames of participants from whom we have not received further information.
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B Official Results of the WMT22 Quality Estimation Task 1 (MQM)

Tables 16, 17, 18 and 19 show the results for all language pairs and the multilingual variant, ranking
participating systems best to worst using Spearman correlation as primary key for each of these cases.

Model Spearman RMSE MAE Disk footprint (B) # Model params
e IST-Unbabel 0.474 0.973  0.559 2,260,735,089 583,891,109
NJUNLP 0.468 0.945 0.579 3,264,730,349 560,145,557
Alibaba Translate 0.456 0.855 0.493 2,260,733,079 565,137,999
Papago 0.449 1.332  0.990 2,243,044,839 560,713,447
Ip_sunny i 0.415 0.952 0.536 2,356,736,392 580,792,183
BASELINE 0.317 1.041 0.575 2,280,011,066 564,527,011

Table 16: Official results of the WMT22 Quality Estimation Task 1 MQM for the Multilingual variant. Baseline
systems are highlighted in grey. I indicates Codalab usernames of participants from whom we have not received

further information.

Model Spearman RMSE MAE Disk footprint (B) # Model params
e NJUNLP 0.635 0.838  0.594 3,264,730,349 560,145,557
e BJTU-Toshiba 0.621 0.818 0.545 2,239,711,849 559,893,507
pu_nlp I 0.611 0.997 0.716 1,326,455,799 237,846,178
Papago 0.582 0.906 0.556 2,243,044,839 560,713,447
IST-Unbabel 0.561 0.854 0.521 2,260,743,851 565,139,485
Alibaba Translate 0.550 0.769  0.466 2,260,733,079 565,137,999
Ip_sunny i 0.495 0.875 0.534 2,356,736,392 580,792,183
HW-TSC 0.494 0.953 0.612 470,693,617 117,653,760
BASELINE 0.455 0970 0.576 2,280,011,066 564,527,011
aiXplain 0.376 0.995 0.747 368,857,948 12,345

Table 17: Official results of the WMT?22 Quality Estimation Task 1 MQM for the English-German dataset. Teams
marked with "e" are the winners, as they are not significantly outperformed by any other system according to
the Williams Significance Test (Williams, 1959). Baseline systems are highlighted in grey. I indicates Codalab
usernames of participants from whom we have not received further information.

Model Spearman RMSE MAE Disk footprint (B) # Model params
¢ IST-Unbabel 0.519 0.963 0.531 2,260,743,915 565,139,485
e Alibaba Translate 0.505 0.961  0.590 2,260,733,079 565,137,999
e Papago 0.496 1.428 1.126 2,243,044,839 560,713,447
¢ NJUNLP 0.474 0.997 0.666 3,264,730,349 560,145,557
Ip_sunny 0.453 0915 0.548 2,356,736,392 580,792,183
BJTU-Toshiba 0.434 1.011  0.659 2,239,711,849 559,893,507
HW-TSC 0.433 1.257  0.809 2,260,780,823 565,137,436
aiXplain 0.338 1.116  0.785 368,857,948 12,345
BASELINE 0.333 1.051  0.606 2,280,011,066 564,527,011

Table 18: Official results of the WMT22 Quality Estimation Task 1 MQM for the English-Russian dataset. Teams
marked with "e" are the winners, as they are not significantly outperformed by any other system according to
the Williams Significance Test (Williams, 1959). Baseline systems are highlighted in grey. I indicates Codalab
usernames of participants from whom we have not received further information.
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Model Spearman RMSE MAE Disk footprint (B) # Model params
e HW-TSC 0.369 1.163  0.770 2,260,780,823 565,137,436
e [ST-Unbabel 0.348 1.073  0.559 2,260,735,089 583,891,109
e Alibaba Translate 0.347 0.989 0.490 2,260,733,079 565,137,999
e Papago 0.325 0.980 0.397 2,243,044,839 560,095,633
e BJTU-Toshiba 0.299 1.128  0.612 1,736,199,083 434,015,235
Ip_sunny 0.298 1.064  0.525 2,356,736,392 580,792,183
NJUNLP 0.296 0.999 0476 3,264,730,349 560,145,557
aiXplain 0.194 1.481 1.079 368,857,948 12,345
BASELINE 0.164 1.102 0.543 2,280,011,066 564,527,011

Table 19: Official results of the WMT22 Quality Estimation Task 1 MQM for the Chinese-English dataset. Teams
marked with "e" are the winners, as they are not significantly outperformed by any other system according to
the Williams Significance Test (Williams, 1959). Baseline systems are highlighted in grey. I indicates Codalab
usernames of participants from whom we have not received further information.
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C Official Results of the WMT22 Quality Estimation Task 1 (Word-level)

Tables 20, 21, 22, 23, 24, 25, 26, 27, 28 and 29 show the results for all language pairs and the multilingual
variants, ranking participating systems best to worst using Matthews correlation coefficient (MCC) as
primary key for each of these cases.

Model MCC Recall Precision Disk footprint (B) # Model params
¢ IST-Unbabel 0.341 0.466 0.810 2,260,744,555 565,139,485
Papago 0.317 0422 0.787 2,241,394,304 560,301,035
BASELINE 0.235 0.356 0.765 2,280,011,066 564,527,011

Table 20: Official results of the WMT22 Quality Estimation Task 1 (word-level) for the Multilingual task. Teams
marked with "e" are the winners, as they are not significantly outperformed by any other system according to the

Williams Significance Test (Williams, 1959). Baseline systems are highlighted in grey.

Model MCC Recall Precision Disk footprint (B) # Model params
o IST-Unbabel 0.361 0.494 0.830 2,260,744,555 565,139,485
e Papago 0.343 0451 0.858 2,241,394,304 560,301,035
BASELINE 0.257 0.378 0.838 2,280,011,066 564,527,011
HW-TSC 0.218 0.404 0.628 2,336,352,552 612,368,384

Table 21: Official results of the WMT22 Quality Estimation Task 1 (word-level) for the Multilingual w/o English-
Yoruba task. Teams marked with "e" are the winners, as they are not significantly outperformed by any other
system according to the Williams Significance Test (Williams, 1959). Baseline systems are highlighted in grey.

Model MCC Recall Precision Disk footprint (B) # Model params
e IST-Unbabel 0.436  0.578 0.852 2,260,744,555 565,139,485
e HW-TSC 0424  0.570 0.848 2,260,780,823 565,137,436
e Papago 0.396  0.549 0.739 2,240,570,795 560,095,834
BASELINE 0.325 0.426 0.870 2,280,011,066 564,527,011

Table 22: Official results of the WMT22 Quality Estimation Task 1 (word-level) for the English-Czech dataset.
Teams marked with "e" are the winners, as they are not significantly outperformed by any other system based on
randomisation tests with Bonferroni correction (Yeh, 2000). Baseline systems are highlighted in grey.

Model MCC Recall Precision Disk footprint (B) # Model params
e HW-TSC 0.258 0.497 0.728 2,260,780,823 565,137,436
e Papago 0.257  0.502 0.699 2,241,394,304 560,301,035
¢ IST-Unbabel 0.238 0.491 0.687 2,260,743,979 565,139,485
BASELINE 0.175 0.375 0.795 2,280,011,066 564,527,011

Table 23: Official results of the WMT22 Quality Estimation Task 1 (word-level) for the English-Japanese dataset.
Teams marked with "e" are the winners, as they are not significantly outperformed by any other system based
on randomisation tests with Bonferroni correction (Yeh, 2000). Baseline systems are highlighted in grey. “Rank”
indicates the averaged ranking of participants with regards to all metrics (including memory print and number of
parameters) and not the final shared task ranking which is decided according to MCC.
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Model MCC Recall Precision Disk footprint (B) # Model params
e Papago 0418 0.420 0.951 2,241,394,304 560,301,035
e NJUNLP 0412 0472 0.939 3,264,730,349 560,145,557
¢ IST-Unbabel 0.392 0414 0.947 2,260,744,107 565,139,485
HW-TSC 0.351 0.428 0.917 2,260,780,823 565,137,436
BASELINE 0.306  0.282 0.946 2,280,011,066 564,527,011

Table 24: Official results of the WMT22 Quality Estimation Task 1 (word-level) for the English-Marathi dataset.
Teams marked with "e" are the winners, as they are not significantly outperformed by any other system based on
randomisation tests with Bonferroni correction (Yeh, 2000). Baseline systems are highlighted in grey.

Model MCC Recall Precision Disk footprint (B) # Model params
e Papago 0429 0.762 0.660 2,241,394,304 560,301,035
e [ST-Unbabel 0.425 0.779 0.555 2,260,744,107 565,139,485
e NJUNLP 0421 0.744 0.677 3,264,730,349 560,145,557
BASELINE 0.402 0.769 0.567 2,280,011,066 564,527,011
HW-TSC 0.353  0.759 0.395 2,260,780,823 565,137,436

Table 25: Official results of the WMT22 Quality Estimation Task 1 (word-level) for the Khmer-English dataset.
Teams marked with "e" are the winners, as they are not significantly outperformed by any other system based on
randomisation tests with Bonferroni correction (Yeh, 2000). Baseline systems are highlighted in grey.

Model MCC Recall Precision Disk footprint (B) # Model params
¢ IST-Unbabel 0424  0.691 0.733 2,260,744,107 565,139,485
Papago 0.374  0.646 0.723 2,241,394,304 560,301,035
BASELINE 0.359  0.695 0.628 2,280,011,066 564,527,011
HW-TSC 0.358  0.699 0.597 2,260,780,823 565,137,436

Table 26: Official results of the WMT22 Quality Estimation Task 1 (word-level) for the Pashto-English dataset.
Teams marked with "e" are the winners, as they are not significantly outperformed by any other system based on
randomisation tests with Bonferroni correction (Yeh, 2000). Baseline systems are highlighted in grey.

Model MCC Recall Precision Disk footprint (B) # Model params
e NJUNLP 0.352  0.351 0.980 3,264,730,349 560,145,557
e Papago 0.319 0.336 0.960 2,241,394,304 560,301,035
e [ST-Unbabel 0.303 0317 0.956 2,260,744,107 565,139,485
HW-TSC 0.274 0.292 0.954 2,260,780,823 565,137,436
BASELINE 0.182 0.213 0.970 2,280,011,066 564,527,011

Table 27: Official results of the WMT22 Quality Estimation Task 1 (word-level) for the English-German dataset.
Teams marked with "e" are the winners, as they are not significantly outperformed by any other system based on
randomisation tests with Bonferroni correction (Yeh, 2000). Baseline systems are highlighted in grey.

Model MCC Recall Precision Disk footprint (B) # Model params
¢ IST-Unbabel 0.427 0.468 0.958 2,260,743,915 565,139,485
e Papago 0421 0.381 0.966 2,241,394,304 560,713,447
e NJUNLP 0.390 0.440 0.949 3,264,730,349 560,145,557
HW-TSC 0.343  0.396 0.945 2,260,780,823 565,137,436
BASELINE 0.203 0.144 0.960 2,280,011,066 564,527,011

Table 28: Official results of the WMT22 Quality Estimation Task 1 (word-level) for the English-Russian dataset.
Teams marked with "e" are the winners, as they are not significantly outperformed by any other system based on
randomisation tests with Bonferroni correction (Yeh, 2000). Baseline systems are highlighted in grey.
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Model MCC Recall Precision Disk footprint (B) # Model params
¢ IST-Unbabel 0.360 0.327 0.966 2,260,743,915 565,139,485
e Papago 0.351 0.338 0.973 2,241,394,304 560,713,447
e NJUNLP 0.308 0.303 0.988 3,264,730,349 560,145,557
HW-TSC 0.246  0.181 0.910 2,260,780,823 565,137,436
BASELINE 0.104 0.123 0.965 2,280,011,066 564,527,011

Table 29: Official results of the WMT22 Quality Estimation Task 1 (word-level) for the Chinese-English dataset.
Teams marked with "e" are the winners, as they are not significantly outperformed by any other system based on
randomisation tests with Bonferroni correction (Yeh, 2000). Baseline systems are highlighted in grey.
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D Official Results of the WMT22 Quality Estimation Task 2 (Explainable QE)

Tables 30, 31, 32, 33, 34, 35, 36, 37 and 38 show the results for all language pairs, ranking participating
systems best to worst using ‘“Recall at Top-K” on target sentences as primary key for each of these cases.

Model Word-level (Target sentence) Sentence-level
Recall at Top-K  AUC AP | Pearson’s Spearman’s

e IST-Unbabel 0.561 0.725 0.659 0.548 0.511

e HW-TSC 0.536 0.709 0.632 0.314 0.323

BASELINE (OpenKiwi+LIME) 0.417 0.537 0.500 0.342 0.352

BASELINE (Random) 0.363 0.493 0.453 0.011 0.016

Table 30: Official results of the WMT?22 Quality Estimation Task 2 for the English-Czech dataset. Teams marked
with "e" correspond to the winning submissions, as they are not significantly outperformed by any other system
based on randomisation tests with Bonferroni correction (Yeh, 2000). Baseline systems are highlighted in grey.

Model Word-level (Target sentence) Sentence-level
Recall at Top-K  AUC AP | Pearson’s Spearman’s

e IST-Unbabel 0.466 0.641 0.557 0.252 0.243

e HW-TSC 0.462 0.651 0.547 0.132 0.148

BASELINE (OpenKiwi+LIME) 0.367 0.509 0.451 0.202 0.217

BASELINE (Random) 0.336 0.503 0.418 0.028 0.019

Table 31: Official results of the WMT22 Quality Estimation Task 2 for the English-Japanese dataset. Teams
marked with "e" correspond to the winning submissions, as they are not significantly outperformed by any other
system based on randomisation tests with Bonferroni correction (Yeh, 2000). Baseline systems are highlighted in

grey.
Model Word-level (Target sentence) Sentence-level
Recall at Top-K  AUC AP | Pearson’s Spearman’s
e IST-Unbabel 0.317 0.667 0.448 0.585 0.467
e HW-TSC 0.280 0.625 0412 0.317 0.426
BASELINE (OpenKiwi+LIME) 0.194 0.479 0.310 0.336 0.372
BASELINE (Random) 0.167 0.489 0.296 0.043 0.017

Table 32: Official results of the WMT22 Quality Estimation Task 2 for the English-Marathi dataset. Teams marked
with "e" correspond to the winning submissions, as they are not significantly outperformed by any other system
based on randomisation tests with Bonferroni correction (Yeh, 2000). Baseline systems are highlighted in grey.

Model Word-level (Target sentence) Sentence-level
Recall at Top-K  AUC AP | Pearson’s Spearman’s
o IST-Unbabel 0.390 0.747 0.511 0.416 0.459
HW-TSC 0.313 0.686 0.422 0.369 0.426
BASELINE (Random) 0.148 0.527 0.256 0.022 0.015
BASELINE (OpenKiwi+LIME) 0.135 0.428 0.230 0.252 0.330

Table 33: Official results of the WMT22 Quality Estimation Task 2 for the English-Russian dataset. Teams marked
with "e" correspond to the winning submissions, as they are not significantly outperformed by any other system
based on randomisation tests with Bonferroni correction (Yeh, 2000). Baseline systems are highlighted in grey.
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Model

Word-level (Target sentence)

Sentence-level

Recall at Top-K  AUC AP | Pearson’s Spearman’s
e [ST-Unbabel 0.365 0.776  0.490 0.559 0.553
HW-TSC 0.252 0.689 0.361 0.375 0.435
BASELINE (Random) 0.124 0.504 0.212 | -0.049 -0.043
BASELINE (OpenKiwi+LIME) 0.074 0.442 0.172 0.370 0.414

Table 34: Official results of the WMT22 Quality Estimation Task 2 for the English-German dataset. Teams marked

"nan

with "e" correspond to the winning submissions, as they are not significantly outperformed by any other system
based on randomisation tests with Bonferroni correction (Yeh, 2000). Baseline systems are highlighted in grey.

Model Word-level (Target sentence) Sentence-level
Recall at Top-K  AUC AP | Pearson’s Spearman’s
e IST-Unbabel 0.234 0.671 0.359 0.309 0.321
BASELINE (Random) 0.144 0.514 0.246 | -0.086 -0.101
BASELINE (OpenKiwi+LIME) 0.111 0.442 0.218 0.085 0.160

Table 35: Official results of the WMT22 Quality Estimation Task 2 for the English-Yoruba dataset. Teams marked
with "e" correspond to the winning submissions, as they are not significantly outperformed by any other system
based on randomisation tests with Bonferroni correction (Yeh, 2000). Baseline systems are highlighted in grey.

Model Word-level (Target sentence) Sentence-level
Recall at Top-K  AUC AP | Pearson’s Spearman’s
e HW-TSC 0.686 0.720 0.751 0.601 0.610
IST-Unbabel 0.665 0.660 0.751 0.617 0.598
UT-QE 0.622 0.628 0.694 0.222 0.190
BASELINE (OpenKiwi+LIME) 0.580 0.520 0.653 0.417 0.430
BASELINE (Random) 0.565 0.498 0.633 -0.048 -0.045

Table 36: Official results of the WMT22 Quality Estimation Task 2 for the Khmer-English dataset. Teams marked
with "e" correspond to the winning submissions, as they are not significantly outperformed by any other system
based on randomisation tests with Bonferroni correction (Yeh, 2000). Baseline systems are highlighted in grey.

Model Word-level (Target sentence) Sentence-level
Recall at Top-K  AUC AP | Pearson’s Spearman’s
e HW-TSC 0.715 0.716 0.777 0.393 0.418
IST-Unbabel 0.672 0.612 0.740 0.593 0.601
UT-QE 0.668 0.643 0.727 0.409 0.402
BASELINE (OpenKiwi+LIME) 0.615 0.503 0.676 0.378 0.403
BASELINE (Random) 0.614 0.497 0.662 -0.002 0.002

Table 37: Official results of the WMT22 Quality Estimation Task 2 for the Pashto-English dataset. Teams marked

nan

with "e" correspond to the winning submissions, as they are not significantly outperformed by any other system
based on randomisation tests with Bonferroni correction (Yeh, 2000). Baseline systems are highlighted in grey.

Model Word-level (Target sentence) Sentence-level
Recall at Top-K  AUC AP | Pearson’s Spearman’s
e IST-Unbabel 0.379 0.785 0.475 0.103 0.190
HW-TSC 0.220 0.652 0.315 0.097 0.159
BASELINE (Random) 0.093 0.463 0.162 0.041 -0.010
BASELINE (OpenKiwi+LIME) 0.048 0.388 0.126 | -0.007 0.159

Table 38: Official results of the WMT22 Quality Estimation Task 2 for the Chinese-English dataset. Teams marked
with "e" correspond to the winning submissions, as they are not significantly outperformed by any other system
based on randomisation tests with Bonferroni correction (Yeh, 2000). Baseline systems are highlighted in grey.
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E Official Results of the WMT22 Quality Estimation Task 3 (Critical Error Detection)

Tables 39, 40, 41 and 42 show the results for all language pairs and the multilingual variants, ranking
participating systems best to worst using Matthews correlation coefficient (MCC) as primary key for each
of these cases.

Model MCC Recall Precision Disk footprint (B) # Model params
e IST-Unbabel 0.564 0.619 0.619 2,260,735,025 565,137,435
BASELINE 0.074  0.191 0.191 2,277,430,785 569,330,715

Table 39: Official results of the WMT22 Quality Estimation Task 3 (Critical Error Detection) for the English-
German (Constrained) dataset. Teams marked with "e" are the winners, as they are not significantly outperformed
by any other system based on randomisation tests with Bonferroni correction (Yeh, 2000). Baseline systems are
highlighted in grey.

Model MCC Recall Precision Disk footprint (B) # Model params
e KU X Upstage 0.964 0.968 0.968 2,244,861,551 559,890,432
BASELINE 0.855 0.873 0.873 2,260,734,129 565,137,435
aiXplain 0.219 0.318 0.318 2,052,963,739 12,345

Table 40: Official results of the WMT22 Quality Estimation Task 3 (Critical Error Detection) for the English-
German (UNconstrained) dataset. Teams marked with "e" are the winners, as they are not significantly outper-
formed by any other system based on randomisation tests with Bonferroni correction (Yeh, 2000). Baseline systems
are highlighted in grey.

Model MCC Recall Precision Disk footprint (B) # Model params
e IST-Unbabel 0.721  0.761 0.761 2,260,735,025 565,137,435
BASELINE -0.001  0.141 0.141 2,277,430,785 569,330,715

Table 41: Official results of the WMT22 Quality Estimation Task 3 (Critical Error Detection) for the Portuguese-
English (Constrained) dataset. Teams marked with "e" are the winners, as they are not significantly outperformed
by any other system based on randomisation tests with Bonferroni correction (Yeh, 2000). Baseline systems are
highlighted in grey.

Model MCC Recall Precision Disk footprint (B) # Model params
e KU X Upstage 0.984 0.986 0.986 2,244,861,551 559,890,432
BASELINE 0.934 0.944 0.944 2,260,734,129 565,137,435
aiXplain 0.179  0.296 0.296 9,395,107 12,345

Table 42: Official results of the WMT22 Quality Estimation Task 3 (Critical Error Detection) for the Portuguese-
English (UNconstrained) dataset. Teams marked with "e" are the winners, as they are not significantly outperformed
by any other system based on randomisation tests with Bonferroni correction (Yeh, 2000). Baseline systems are
highlighted in grey.
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Abstract

The machine translation efficiency task chal-
lenges participants to make their systems faster
and smaller with minimal impact on transla-
tion quality. How much quality to sacrifice
for efficiency depends upon the application, so
participants were encouraged to make multi-
ple submissions covering the space of trade-
offs. In total, there were 76 submissions from 5
teams. The task covers GPU, single-core CPU,
and multi-core CPU hardware tracks as well as
batched throughput or single-sentence latency
conditions. Submissions showed hundreds of
millions of words can be translated for a dollar,
average latency is 3.5-25 ms, and models fit in
7.5-900 MB.

1 Introduction

The efficiency task complements the collocated
news task by challenging participants to make their
machine translation systems computationally effi-
cient. This is the fifth edition of the task, expanding
upon previous editions (Heafield et al., 2021, 2020;
Hayashi et al., 2019; Birch et al., 2018).

Participants built English—German machine
translation systems following a constrained data
condition. The data condition follows the con-
strained 2021 Workshop on Machine Translation
news translation task. This year, to reduce the
barrier to entry, organisers provided an ensemble
of teacher systems, as well as cleaned data and
distilled output from the teacher ensemble. Partic-
ipants were required to use the provided teacher
systems, but were free to distil additional data from
the constrained condition. The SentencePiece vo-
cabulary used by the teachers was also made avail-
able.

For translation quality measurement, we use the
news-focused WMT?22 dataset, and the systems are
ranked according to the COMET (Rei et al., 2020)
automatic metric. We also evaluate systems on
BLEU and chrF for additional reference.

{Kenneth.Heafield,b.zhang,graeme.nail, jelmer.vanderlinde,n.bogoych}@ed.ac.uk

Throughput Latency
CPU-ALL GPU CPU-1 GPU
CUNI 1 1 1 1
ECNU 1 1 1 1
Edinburgh 15 11 15 11
HuaweiTSC 5 5
RoyalFlush 6

Table 1: Number of systems submitted by each partici-
pant for the different hardware and batching conditions.
CPU-ALL refers to the 36-core hardware setting.

Submissions are made as Docker containers so
we can consistently measure their performance in
terms of quality, speed, memory usage, and disk
space. We run the containers in three different
hardware environments: one GPU, one CPU core,
and multiple CPU cores. Systems were tested for
throughput by providing 1 million sentences up-
front to allow batching and parallelization. We also
tested for latency with a program that drip-feeds
one input sentence, waits for the translation, and
then provides the next input sentence. There were
four conditions in total: GPU throughput, GPU
Latency, 1 CPU Core Latency, and 36 CPU cores
throughput. We did not measure latency in a multi-
core CPU setting because the test hardware has 36
cores and overhead for 36 threads is larger than the
cost of arithmetic for the small tensors in optimized
models. We also did not measure throughput on a
single CPU core as we found that setting to be a
somewhat unrealistic real world scenario.

Participants were free to choose which condi-
tions to participate in. The condition was passed to
the Docker container as command line arguments.
Table 1 shows the five participants and the number
of systems they submitted to each of the conditions.

Machine translation is used in a range of settings
where users might choose different trade-offs be-
tween quality and efficiency. For example, a high-
frequency trading system might prefer the lowest
latency at the expense of quality given that the out-
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put will only be read by a machine. Conversely,
in a post-editing scenario the personnel costs out-
weigh many computational costs. Therefore there
is not a single best system, but a range of options
that trade between quality and efficiency.

We emphasize the Pareto frontier: the fastest
systems at each level of quality, or the smallest
systems at each level of quality. To explore the
Pareto frontier, participants were encouraged to
make multiple submissions covering the range of
trade-offs. In total, 76 combinations of models,
hardware, and batching were benchmarked.

2 Hardware

We chose modern hardware to encourage exploit-
ing new hardware features. The GPU is an NVidia
A100 from the Oracle Cloud BM.GPU4.8 in-
stance. The instance has eight GPUs and we limited
Docker to using only one GPU. The GPU machine
has an AMD EPYC 7542 CPU with all cores al-
lowed.

The CPU-only condition used a dual-socket
Intel Xeon Gold 6354 from Oracle Cloud
BM.Optimized3.36 with a total of 36 cores.
For the single-core CPU track, we reserved
the entire machine then ran Docker with
—cpuset—-cpus=0. In the 36-core CPU track,
participants were free to configure their own CPU
sets and affinities.

The Oracle Cloud machines are bare metal
servers, meaning there was no shared tenancy, no
virtualization, and the test machines were otherwise
quiescent.

3 Input Text

To amortize loading time, avoid starving highly par-
allel submissions, and reduce the ability to cheat,
we benchmark systems on 1 million sentences of
input. The test set is hidden inside these 1 mil-
lion sentences, shuffled with filler sentences. Many
filler sentences are drawn from parallel corpora to
check that systems are in fact translating all sen-
tences, though we do not consider scores on noisy
corpora reliable enough to report. The composition
of this set changes each year and is decided after
the submission deadline.

The filler data was gathered from parallel cor-
pora and gender bias challenge sets: WMT news
test sets from 2008 through 2022 (Akhbardeh et al.,
2021), the additional test inputs in WMT 2021,
Khresmoi summary test v2 (Dusek et al., 2017),

Corpus Sentences
WMT 08-19 32,477
WMT 20 under 150 tokens 1,416
WMT 20 sentence split 2,048
WMT 21 sentence split 1,096
WMT 21 inc. additional tests 14,938
WMT 22 2,037
Khresmoi Summary Test v2 1,000
IWSLT 2019 2,278
SimpleGen 2,664
WinoMT 3,888
TED 2020 vl 293,562
Tilde RAPID 2019 663,922
Total 1,021,326
Deduplicated 1,000,000

Table 2: Summary of corpora used for the input text.

IWSLT 2019 (Jan et al., 2019), SimpleGen (Ren-
duchintala et al., 2021), WinoMT (Stanovsky et al.,
2019), TED 2020 (Reimers and Gurevych, 2020),
and Tilde RAPID 2019 (Rozis and Skadins, 2017).
We limit sentence lengths to 150 space-separated
tokens. Because WMT 2020 includes excessively
long segments that are actually concatenated sen-
tences, we also added sentence split versions of
WMT 2020 and WMT 2021, though the differ-
ence on WMT 2021 was minor. Source sentences
were concatenated, deduplicated, and shuffled. The
Tilde RAPID corpus was clipped to make a total of
1 million deduplicated lines. Counts are shown in
Table 2.

Input text and tools to extract test sets from
system outputs are available at https://data.
statmt.org/wmt22/efficiency-task/
wmt22-testdata.tar.xz.

The input file is 1,000,000 lines, consisting of
19,926,744 space-separated words, or 124,186,772
bytes of English text in UTF-8. This is a mean
of 19.9 words per sentence and is comparable to
the previous year (Heafield et al., 2021). Teams
were responsible for their own tokenization and
detokenization; for this they were permitted to use
the SentencePiece vocabulary provided with the
teacher system, or to implement an alternative. We
provided raw UTF-8 English input text with one
sentence per line.
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4 Metrics

4.1 Resources

Time was measured with wall (real) time reported
by t ime and CPU time reported by the kernel for
the process group. We do not measure loading
time because it is small compared to translating 1
million sentences, some tools load lazily, and it is
easily gamed by padding loading time.

Peak RAM consumption was measured using
memory.max_usage in bytes from the kernel
for the CPU and by polling nvidia-smi for the
GPU. Swap was disabled.

Participants were instructed to separate their
Docker images into model and code files so that
models could be measured separately from the rel-
atively noisy size of code and libraries. A model
was defined as “everything derived from data: all
model parameters, vocabulary files, BPE config-
uration if applicable, quantization parameters or
lookup tables where applicable, and hyperparam-
eters like embedding sizes.” Code could include
“simple rule-based tokenizer scripts and hard-coded
model structure that could plausibly be used for an-
other language pair.” They were also permitted to
use standard compression tools such as xz to com-
press models; decompression time was excluded in
results. We report size of the model directory cap-
tured before the model ran. We also measured the
total size of the Docker image (after compressing
with xz).

4.2 Quality

Translation quality is measured on the WMT
2022 news test set. The automatic met-
rics are COMET (Rei et al., 2020) from
unbabel-comet version 1.1.3  with
the pretrained model wmt20-comet-da,
BLEU from sacrebleu (Post, 2018)
nrefs:l|case:mixed|eff:no|tok:13a

| smooth:exp|version:2.3.1, and chrF
also from sacrebleu.

5 Results

The results of the task evaluation for the latency
scenario are presented in Table 3, and those for
throughput are presented in Table 4. Results are
separated by the different hardware conditions and
within each hardware setting the results are ordered
by their COMET score, which is shown to have
closer correspondence to human evaluation as com-
pared to BLEU and ChrF (Freitag et al., 2021).

Figure 1 shows the trade-off between quality and
speed of batched translation submissions separated
by hardware environment. Each plot shows the
Pareto frontier as a black staircase to highlight the
best combinations of quality and speed. While
GPU systems (Figure 1a) achieve higher through-
put compared to CPU systems (Figure 1b), this
ignores pricing differences between these compute
options. In Figure 2, we combine GPU and 36 Core
CPU speed by using Oracle Cloud pricing. Despite
the less expensive per-hour pricing of CPU, GPU
is cheaper for throughput-oriented tasks that allow
batching.

The all-hardware latency Pareto frontier is
shown in Figure 3. This year all participants sub-
mitted systems to the latency task. This year, for
the first time, the semi-autoregressive GPU system
by RoyalFlush dominates the lower quality settings
of the latency Pareto frontier, with Edinburgh GPU
systems having won on some higher quality sys-
tems.

Model sizes at rest on disk appear in Figures 4a.
Participants were allowed to compress their mod-
els using their own tools and standard tools like
xz. The Pareto frontier consists of almost entirely
Edinburgh submissions, with HuaweiTSC produc-
ing several systems on the lower quality settings,
due to their 4-bit compression models. Docker
image sizes, which include model and software,
appear in Figure 4b, where the Pareto frontier is
dominated by Edinburgh submissions. Conversely,
some others opted to optimize other metrics and
included large Linux installations. We compressed
all docker images with xz before measuring.

Memory (RAM) consumption appears in Fig-
ure 5. GPU memory consumption reflects batch
size and some participants set a large batch size
to maximize speed. Optimizing speed for multi-
socket CPU machines implies having a copy of the
model in RAM close to each socket, so memory
consumption is larger beyond simply having tempo-
rary space for more batches. Finally, participants
may have sorted the entire 118 MB input file in
RAM to form batches of equal length sentences.
RoyalFlush is the clear winner on the GPU latency
RAM consumption, and HuaweiTSC is the winner
of CPU latency RAM consumption.

6 Conclusion

Using the highest quality system in this evalua-
tion, translating 124,186,772 characters took 283
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NVIDIA A100 GPU Latency

Automatic Seconds Disk MB RAM MB
Team Variant coMEr BLEU cwF| Wall CPU|Model Docker| GPU
Edinburgh  6-1.base.wide-gpu 0.542 34.50 61.90| 15051 15141 900 2316 37961
Edinburgh  12_1.large-gpu 0.541 34.10 61.60| 14116 14186 624 2039 37555
Edinburgh  6-2.base-gpu 0.528 33.80 61.50| 16548 16584 171 1587 37181
Edinburgh  12_1.base-gpu 0.518 33.90 61.40| 13081 13118 225 1641 37211
RoyalFlush royalflush_hrt_e20d1_k2 | 0.512 33.80 61.50| 6008 6051 345 869 2021
Edinburgh  6-1.base-gpu 0.507 33.50 61.10| 12665 12698 159 1574 37175
RoyalFlush royalflush_hrt_el2d1_k2 | 0.498 33.90 61.40| 5437 5472 259 781 1973
Edinburgh  8-4.tied.tiny-gpu 0.462 32.40 60.10| 24126 24157 84 1500 37133
RoyalFlush royalflush_hrt_e20d1_k3 | 0.458 33.40 61.10| 4706 4752 345 870 2021
Edinburgh  6-2.micro.4h-gpu 0.454 31.70 59.80| 15003 15031 74 1489 37129
Edinburgh  6-2.tied.tiny-gpu 0.443 31.50 59.50| 15236 15261 77 1492 37129
ECNU ecnu-mt 0.432 33.20 60.70| 25306 25338 492 15680 4989
Edinburgh  6-2.micro.lh-gpu 0.432 31.30 59.20| 14789 14817 73 1489 37129
RoyalFlush royalflush_hrt_el12d1_k3 | 0.430 33.30 60.90 4093 4129 257 783 1973
Edinburgh  ib-6-2-tiny-gpu 0.388 31.10 59.40| 12624 12653 81 1496 37133
RoyalFlush royalflush_hrt_e20d1_k4 | 0.376 33.00 60.80| 4024 4064 343 866 2021
Edinburgh  ib-12_1-tiny-gpu 0.373 31.90 59.80| 10763 10793 929 1515 37141
RoyalFlush royalflush_hrt_e12d1_k4 | 0.342 32.60 60.30| 3409 3443 259 783 1973
CUNI cuni-large-ende 0.250 30.80 59.10| 8327 8410 856 1676 1875

1 Core Ice Lake CPU Latency

Automatic Seconds Disk MB RAM MB
Team Variant coMEr BLEU cwF| Wall CPU|Model Docker CPU
Edinburgh  6-1.base.wide-cpu 0.517 33.90 61.50| 79230 79234 162 212 2487
Edinburgh  12_1.large-cpu 0.516 33.70 61.30| 51991 51995 121 171 1537
Edinburgh  12_1.base_efh_0.05 0.513 33.80 61.40| 37183 37190 176 1176 1337
Edinburgh  6-2.base-cpu 0.509 33.30 61.00| 18101 18102 32 82 542
Edinburgh  12_1.base_efh_0.05_ft8 | 0.507 33.50 61.20| 14669 14679 156 217 1256
Edinburgh  6-1.base-cpu 0.496 33.10 60.90| 13383 13385 29 79 533
Edinburgh  12_1.base-cpu 0.494 33.70 61.20| 19100 19102 44 94 640
HuaweiTSC huawei.cpu.base.docker | 0.485 34.00 61.10| 15743 15741 40 112 254
HuaweiTSC huawei.cpu.sm.docker 0.455 3290 60.30| 9955 9954 22 94 162
Edinburgh  8-4.tied.tiny_efth_0.3_ft8 | 0.444 31.80 59.70| 13360 13361 36 97 459
Edinburgh  ib-12-4-micro-cpu 0.442 31.90 59.90| 12071 12072 18 68 328
Edinburgh  8-4.tied.tiny-cpu 0.439 31.60 59.60| 14090 14090 15 65 270
ECNU ecnu-mt 0.434 33.20 60.70|327823 327764 492 14469 4900
Edinburgh  6-2.micro.4h-cpu 0.418 30.90 59.20| 8916 8917 13 63 247
HuaweiTSC huawei.cpu.t12.docker 0.417 3220 59.70| 7591 7590 15 87 122
Edinburgh  6-2.micro.lh-cpu 0.383 2990 58.40| 8632 8632 13 63 256
Edinburgh  6-2.tied.tiny-cpu 0.378 30.00 58.50| 9371 9372 13 63 257
Edinburgh  ib-6-3-tiny-cpu 0.372 30.40 58.80| 9258 9258 15 65 302
Edinburgh  12_1.tiny_efh_0.5_ft8 0.371 30.00 58.50| 6590 6592 30 91 374
HuaweiTSC huawei.cpu.t6.docker 0.315 30.20 58.30| 5871 5870 11 84 100
CUNI cuni-large-ende 0.250 30.80 59.10335787 335806 856 1676 4857
HuaweiTSC huawei.cpu.ex.docker 0.128 26.30 55.10| 6286 6285 7 80 70

Table 3: Results of system evaluation on the latency task. Total time measured in seconds is equivalent to
microseconds/sentence because the input is 1 million sentences.
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NVIDIA A100 GPU Batch

Automatic Seconds Disk MB RAM MB
Team Variant COMET BLEU  cuF| Wall CPU | Model Docker| GPU
Edinburgh  6-1.base.wide-gpu 0.543 34.60 61.90| 283 349 900 2316 37961
Edinburgh  12_1.large-gpu 0.540 34.10 61.60| 217 262 624 2039 37555
Edinburgh  6-2.base-gpu 0.529 33.80 61.50| 158 169 171 1587 37181
Edinburgh  12_1.base-gpu 0.517 33.90 61.50| 156 172 225 1641 37211
Edinburgh  6-1.base-gpu 0.509 33.40 61.10| 136 146 159 1574 37175
Edinburgh  8-4.tied.tiny-gpu 0.468 32.50 60.20| 156 161 84 1500 37133
Edinburgh  6-2.micro.4h-gpu 0.456 31.90 59.90| 125 128 74 1489 37129
Edinburgh  6-2.tied.tiny-gpu 0.443 31.50 59.50| 130 134 77 1492 37129
ECNU ecnu-mt 0.432 33.20 60.70|23600 23643 492 15680 5719
Edinburgh  6-2.micro.1h-gpu 0.431 31.30 59.20| 124 128 73 1489 37129
Edinburgh  ib-6-2-tiny-gpu 0.392 31.10 59.50| 127 132 81 1496 37133
Edinburgh  ib-12_1-tiny-gpu 0.376 32.10 59.90| 128 134 99 1515 37141
CUNI cuni-large-ende 0.237 30.80 59.10| 1029 1115 856 1676 4179

36 Core Ice Lake CPU Batch

Automatic Seconds Disk MB RAM MB
Team Variant COMET BLEU  crF| Wall CPU | Model Docker| CPU
Edinburgh  12_1.large-cpu 0.531 33.90 61.40| 1864 65214 121 171 57879
Edinburgh  6-1.base.wide-cpu 0.529 34.10 61.60| 3121 108057 162 212 77379
Edinburgh  12_1.base_efh_0.05 0.521 34.00 61.50| 972 34532 176 1176 32754
Edinburgh  6-2.base-cpu 0.516 33.50 61.20| 535 18982 32 82 24467
Edinburgh  12_1.base_efh_0.05_ft8 | 0.514 33.70 61.40| 445 15571 156 217 22373
Edinburgh  12_1.base-cpu 0.510 34.00 61.40| 656 23159 44 94 33434
Edinburgh  6-1.base-cpu 0.506 33.30 61.00| 450 15795 29 79 23520
HuaweiTSC huawei.cpu.base.docker | 0.496 34.10 61.30| 562 36577 40 112 17513
Edinburgh  8-4.tied.tiny_efth_0.3_ft8 | 0.460 31.90 59.80| 254 8909 36 97 16473
HuaweiTSC huawei.cpu.sm.docker 0.459 3290 60.30| 351 21437 22 94 12461
Edinburgh  8-4.tied.tiny-cpu 0.450 31.90 59.80| 319 11041 15 65 13880
Edinburgh  ib-12-4-micro-cpu 0.446 32.00 60.00| 337 11781 18 68 16707
ECNU ecnu-mt 0.434 33.20 60.70 | 88463 2059785 492 14469 2103
Edinburgh  6-2.micro.4h-cpu 0.423 30.90 59.30| 227 7925 13 63 11154
HuaweiTSC huawei.cpu.t12.docker 0.406 31.80 59.60| 238 13532 15 87 5797
Edinburgh  6-2.micro.lh-cpu 0.394 30.00 58.50| 223 7671 13 63 10526
Edinburgh  6-2.tied.tiny-cpu 0.390 30.30 58.50| 244 8559 13 63 12804
Edinburgh  ib-6-3-tiny-cpu 0.381 30.50 58.90| 266 9280 15 65 13464
Edinburgh  12_1.tiny_efh_0.5_ft8 0.376 30.20 58.60| 161 5531 30 91 11843
HuaweiTSC huawei.cpu.t6.docker 0.312 30.20 58.40| 205 11147 11 84 7166
CUNI cuni-large-ende 0.237 30.80 59.10| 8243 295751 856 1676 138539
HuaweiTSC huawei.cpu.ex.docker 0.131 26.20 55.20| 211 11495 7 80 7458

Table 4: Results of system evaluation on the throughput task. Total time measured in seconds is equivalent to
microseconds/sentence because the input is 1 million sentences.
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seconds on an A100 GPU that costs $3.05/hr in
a cloud. That is $0.002/million characters. By
comparison, Google Translate’s cost is $20/million
characters.!

In terms of translation throughput cost per $
spent, the GPU submissions are better value for
money, provided that enough sentences can be fed
to the GPU continuously.

The GPU latency track had been intended to
attract non-autoregressive machine translation sub-
missions in their ideal condition with a large GPU
and no batch to parallelize. For the first time
this year, we had a mix of autoregressive, semi-
autoregressive and non-autoregressive systems:

e CUNI submitted a fully non-autoregressive
system based on connectionist-temporal-
classification (CTC) networks (Helcl et al.,
2022).

* Edinburgh submitted bidirectional decoder
based semi-autoregressive system (Zhang
et al., 2020). This system generates two to-
kens at an autoregressive step at a time from
both sides of the sentences.

* RoyalFlush submitted a semi-autoregressive
system based on their novel hybrid regressive
translation framework (HRT). They first per-
form a coarse-grained autoregressive pass that
generates some words in the target sentence,
with gaps of up to several words in between.
Afterwards a second, non-autoregressive pass
fills in all the missing words.

The RoyalFlush system proves extremely well
suited to the GPU latency task, dominating the
pareto frontier in the lower quality setting, even
outperforming CPU systems, which have tradition-
ally won this task.

Finally, we note that in semi-autoregressive mod-
els and non-autoregressive models, a small drop
in BLEU results in a large drop in COMET com-
pared to an autoregressive system, as evidenced
by all teams who submitted any form of non-
autoregressive MT to the task. This corroborates
the findings of (Helcl et al., 2022) where the large
discrepancies between BLEU and COMET were
noted. We urge participants in future editions of
the task to examine manually the output of their
non-autoregressive systems.

"https://cloud.google.com/translate/
pricing

7 Future tasks

This year’s shared task had an increased number
of participants, likely due to the organisers provid-
ing the distilled data and therefore substantially
decreasing the computational cost to participants.
We intend to keep this format of the task for fu-
ture years, in the hopes of attracting even more
participants.

German is a high-resource language, which
raises the computational cost of participation. We
would be interested in also potentially includ-
ing a medium resource language for distillation
so that we can see if the methods that work on
high-resource languages generalize well to lower-
resource languages, or languages with more mor-
phological complexity.

Last year (Heafield et al., 2021) the organis-
ers suggested that an efficient training shared task
would be an interesting natural extension to the effi-
cient translation shared task, however it has proven
difficult to set up in practice: we are conscious
that the validity of such a task can be easily under-
mined by participants finding a favorable random
seed that fits the training data, or more egregiously
by including evaluation data in their training data.
We are looking for potential solutions to these prob-
lems and we are open to suggestions for next year’s
edition of the task.
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Abstract

We present the results from the 8" round of
the WMT shared task on MT Automatic Post-
Editing, which consists in automatically cor-
recting the output of a “black-box” machine
translation system by learning from human
corrections. This year, the task focused on a
new language pair (English—Marathi) and on
data coming from multiple domains (health-
care, tourism, and general/news). Although
according to several indicators this round was
of medium-high difficulty compared to the past,
the best submission from the three participating
teams managed to significantly improve (with
an error reduction of 3.49 TER points) the orig-
inal translations produced by a generic neural
MT system.

1 Introduction

This paper presents the results of the 8" round
of the WMT task on MT Automatic Post-Editing
(APE). The task consists in automatically correct-
ing the output of a “black-box” machine translation
system by learning from human-revised machine-
translated output supplied as training material. The
overall task formulation (see Section 2) remained
the same as in all previous rounds, where the chal-
lenge consisted in fixing the errors present in En-
glish documents automatically translated by state-
of-the-art, not domain-adapted neural MT (NMT)
systems unknown to participants. However, two
main factors of novelty characterized the APE 2022
evaluation setting:

e Language Pair: This year, we focus on
English—Marathi. Marathi is an Indo-Aryan
language predominantly spoken by Marathi
people in the Indian state of Maharashtra (see
Section 3).

* Data Domain: Instead of covering one sin-
gle domain as in previous rounds (either
news, medical, or information technology of

Fondazione Bruno Kessler

Zoom Video Communications

Wikipedia documents), training/dev/test data
were selected from a mix of domains, namely:
healthcare, tourism, and general/news.

This year, we had three teams submitting a total
of five systems for final evaluation (see Section 5).
While the difficulty (Section 4) of this round falls
in a medium-high range attested by relatively high
baseline results on the test data (20.28 TER / 67.55
BLEU), final results indicate the overall good qual-
ity of the submitted runs. Two teams were indeed
able to significantly improve over the baseline in
terms of the official automatic evaluation metrics
(Section 6). In particular, according to the primary
metric (i.e., the TER score computed between auto-
matic and human post-edits), the top-ranked system
(16.79 TER / 72.92 BLEU) achieved an error re-
duction of 3.49 TER points. Also, this year, the
standard automatic evaluation was complemented
by a human evaluation based on direct assessment.
However, some problems in the procedure! were
later discovered, which make it unreliable to draw
insights except for the confirmation that two of
the three submitted systems were able to improve
over the baseline significantly. Specifically, both
of them achieved a mean direct assessment score
that drastically reduces the gap between the base-
line and human post-editing quality. However, due
to the mentioned problems in the human evalua-
tion procedure, further details about it will not be
included in the discussion below.

Although the different language/domain testing
conditions prevent from drawing precise conclu-
sions about the progress of APE technology with
respect to last year, the overall positive results con-
firm its viability for downstream improvements of
“black-box” MT systems whose inner workings are
not accessible.

"Basically, due to an error in assigning the direct assess-
ment tasks, the scores collected can be used to compare sys-

tems to the baseline but cannot be used to compare them to
each other.
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2 Task Description

MT Automatic Post-Editing (APE) is the task
of automatically correcting errors in a machine-
translated text. As pointed out by (Chatterjee et al.,
2015), from the application point of view, the task
is motivated by its possible uses to:

* Improve MT output by exploiting information
unavailable to the decoder, or by performing
deeper text analysis that is too expensive at
the decoding stage;

* Cope with systematic errors of an MT system
whose decoding process is not accessible;

* Provide professional translators with im-
proved MT output quality to reduce (human)
post-editing effort;

* Adapt the output of a general-purpose MT sys-
tem to the lexicon/style requested in a specific
application domain.

This 8" round of the WMT APE shared task
kept the same overall evaluation setting of the pre-
vious seven rounds. Specifically, the participating
systems had to automatically correct the output of
an unknown ‘“black-box” MT system (a generic
NMT system not adapted to the target domain) by
learning from training data containing human revi-
sions of translations produced by the same system.
The selected language pair and the data domain,
however, were totally new to the task. Different
from previous rounds covering more language pairs
(or directions), this year focused only on English-
Marathi, presenting participants with the traditional
source language and, for the third time in a row, an
Eastern language as the target. Moreover, while
the training, development and test data released
in previous rounds were always drawn from a sin-
gle domain, this year, they covered three domains:
healthcare, tourism, and general/news.

3 Data, Metrics, Baseline

3.1 Data

In this round of the APE task, we introduce a new
language pair - English-Marathi. Marathi is one of
the most spoken Indian languages, with approxi-
mately 83 million native speakers and 16 million
speakers as a second/third language®. Marathi

Ethnologue-2022 - Ethnologue has been an active re-

search project since 1951 which maintains online archives
of recognized languages list, and their statistics.

is a known agglutinative language and presents
various challenges to machine translation when
compared to its other Indian counterparts (Kha-
tri et al., 2021; Banerjee et al., 2021). Moreover,
the English-Marathi language pair is considered a
low-resource language pair compared to English-
Hindi/Bengali/Malayalam (Ramesh et al., 2022) de-
spite having more native speakers around the world.
An automatic post-editing approach which helps
correct the issues posed by NMT systems is crucial
for a low-resource language such as Marathi.

As in all previous rounds, participants were
provided with training and development data
consisting of (source, target, human post-edit)
triplets. This year, the two sets respectively com-
prise 18,000 and 1,000 instances, in which:

* The source (SRC) is an English sentence;

* The target (TGT) is a Marathi translation
of the source produced by a generic, black-
box NMT system unknown to participants.
This multilingual NMT system (Ramesh et al.,
2022) is based on the Transformer architec-
ture (Vaswani et al., 2017) and is trained on
a total of 49 million sentence pairs where the
En-Mr parallel corpus is 4.5 million sentence
pairs. This parallel data is generic and covers
many domains, including the three domains
covered by the evaluation setting of this year:
healthcare, tourism/culture and general/news.

e The human post-edit (PE) is a manually-
revised version of the target, which was pro-
duced by native Marathi speakers.

Also this year, a corpus of artificially-generated
data has been released as additional training mate-
rial. It consists of 2 million triplets derived from the
Anuvaad en-mr parallel corpus®. The Anuvaad par-
allel corpus consists of data for 12 language pairs
en-X, where X is 12 Indian languages, including
Marathi. The English-Marathi data consists of 2.5
million parallel sentences. Specifically, the source,
target, post-edit instances of this synthetic corpus
are respectively obtained by combining: i) the orig-
inal English source sentence from the Anuvaad
corpus, ii) its automatic translation in Marathi?,
iii) the original Marathi target sentence from the
Anuvaad corpus.

3https ://github.com/project-anuvaad/

anuvaad-parallel-corpus
*from IndicTrans En-X Model (Ramesh et al., 2022)
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Test data consisted of 1,000 (source, target)
pairs, similar in nature to the corresponding el-
ements in the train/dev sets (i.e., same domains,
same NMT system). The human post-edits of the
target elements were left apart to measure APE
systems’ performance both with automatic metrics
(TER, BLEU) and via manual assessments.

3.2 Metrics

In line with the previous rounds, also this year the
plan was to evaluate the participating systems both
by means of automatic metrics and, manually, via
source-based direct human assessment (Graham
et al., 2013). However, as discussed in Section 1,
some issues in the manual evaluation procedure
were later discovered. For this reason, the discus-
sion of the evaluation results in Section 6 will only
concentrate on the automatic metrics. Automatic
evaluation was carried out after tokenizing the data
using sacremoses> and then computing the distance
between the automatic post-edits produced by each
system for the target elements of the test set, and
the human corrections of the same test items. Case-
sensitive TER (Snover et al., 2006) and BLEU (Pap-
ineni et al., 2002) were respectively used as primary
and secondary evaluation metrics. The official sys-
tems’ ranking is hence based on the average TER
calculated on the test set by using the TERcom®
software: lower average TER scores correspond to
higher ranks. BLEU was computed using the multi-
bleu.perl package’ available in MOSES. Automatic
evaluation results are presented in Section 6.1.

3.3 Baseline

Also this year, the official baseline results were the
TER and BLEU scores calculated by comparing
the raw MT output with human post-edits. This
corresponds to the score achieved by a “do-nothing’
APE system that leaves all the test targets unmod-
ified. For each submitted run, the statistical sig-
nificance of performance differences with respect
to the baseline was calculated with the bootstrap
test (Koehn, 2004).

’

4 Complexity Indicators

To get an idea of the difficulty of the task, in pre-
vious rounds, we focused on three aspects of the
released data, which provided us with information

Shttps://pypi.org/project/sacremoses/

®http://www.cs.umd.edu/~snover/tercom/

"https://github.com/moses-smt/mosesdecoder/
blob/master/scripts/generic/multi-bleu.perl

about the possibility of learning useful correction
patterns during training and successfully applying
them at test time. These are: i) repetition rate, ii)
MT quality, and iii) TER distribution in the test set.
For the sake of comparison across the eight rounds
of the APE task (2015-2022), Table 1 reports, for
each dataset, information about the first two as-
pects. The third one, instead, will be discussed by
referring to Figure 1.

4.1 Repetition Rate

The repetition rate (RR), measures the repetitive-
ness inside a text by looking at the rate of non-
singleton n-gram types (n=1...4) and combining
them using the geometric mean. Larger values in-
dicate a higher text repetitiveness that may suggest
a higher chance of learning from the training set
correction patterns that are also applicable to the
test set. However, over the years, the influence of
repetition rate in the data on system performance
was found to be marginal.®

Looking at the data released this year, the very
low RR values (i.e., 1.46, 0.89, and 0.72 respec-
tively for the SRC, TGT and PE elements) seem
to confirm that repetition rate is a scarcely reliable
complexity indicator. On one side, these values
are close to those observed in rounds were the top-
ranked submissions achieved both very large (2020)
and very small (2021) gains over the baseline. On
the other side, the best result for this year is close
to the best results obtained, in previous rounds, on
data featuring considerably higher repetition rates
(2016, 2017). This suggests that other complexity
factors may provide more reliable insights about
the difficulty of the task, possibly with an addi-
tive effect, still to be fully understood, given by
repetition rate.

4.2 MT Quality

Another possible complexity indicator is MT qual-
ity, that is the initial quality of the machine-
translated (TGT) texts to be corrected. We measure
it by computing, the TER ({) and BLEU (7) scores
(Basel. TER/BLEU rows in Table 1) using the hu-
man post-edits as reference. In principle, higher
quality of the original translations leaves the APE
systems with smaller room for improvement since
they have, at the same time, less to learn during

8The analyses carried out over the years produced mixed
outcomes, with impressive final results obtained in spite of low
repetition rates (Chatterjee et al., 2020) and vice-versa (Chat-
terjee et al., 2018, 2019; Akhbardeh et al., 2021).
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Lang. Domain MT type || RR_SRC | RR_TGT | RR_PE || Basel. BLEU | Basel. TER | 6 TER
2015 | en-es News PBSMT 29 3.31 3.08 n/a 2384 | +031
2016 | en-de IT PBSMT || 6.62 8.84 824 6211 24.76 3.24
2017 | en-de IT PBSMT || 7.2 9.53 8.95 62.49 24.48 488
2017 | deen | Medical | PBSMT || 522 6.84 6.29 79.54 15.55 026
2018 | en-de IT PBSMT || 7.4 9.47 8.93 62.99 2424 6.24
2018 | en-de IT NMT 711 9.44 8.94 7473 16.84 -0.38
2019 | en-de IT NMT 7.11 9.4 8.94 7473 16.84 -0.78
2019 | enru IT NMT 18.25 1478 | 1324 76.20 1616 | +0.43
2020 | en-de Wiki NMT 0.65 0.82 0.66 50.21 3156 | -11.35
2020 | en-zh Wiki NMT 08T 127 12 312 5949 | -12.13
2021 | en-de Wiki NMT 0.73 0.78 0.76 71.07 18.05 0.77
2022 | enmr | Dealtheare gy 1.46 0.89 0.72 67.55 20.28 -3.49

tourism/news

Table 1: Basic information about the APE shared task data released since 2015: languages, domain, type of MT technology,
repetition rate and initial translation quality (TER/BLEU of TGT). The last column (§ TER) indicates, for each evaluation round,
the difference in TER between the baseline (i.e., the “do-nothing” system) and the top-ranked submission.

training and less to correct at the test stage. On
one side, training on good (or near-perfect) auto-
matic translations can drastically reduce the num-
ber of learned correction patterns. On the other
side, testing on similarly good translations can i)
drastically reduce the number of corrections re-
quired and the applicability of the learned patterns,
and ii) increase the chance of introducing errors,
especially when post-editing near-perfect TGTs.
The findings of all previous rounds of the task sup-
port this observation, which is corroborated by the
high correlation (>0.83) between the initial MT
quality (“Basel. TER” in Table 1) and the TER
difference between the baseline and the top-ranked
submission (“4 TER” in Table 1).

As discussed in Section 6, this year seems to
confirm the trends observed in the past, albeit with
a less evident match. The quality of the initial
translations (20.28 TER / 67.55 BLEU) places
this round among those of medium-high difficulty
(20.0<TER<25.0) for which, except in one case
(2015°), the performance gains obtained by the
top-ranked submissions fall in the range -3.2<¢
TER<-6.2. The § TER of this year (-3.49) also falls
in this range, confirming the correlation between
the quality of the initial translations and the actual
potential of APE.

4.3 TER Distribution

A third complexity indicator is the TER distribution
(computed against human references) for the trans-
lations present in the test sets. Although TER dis-

°The 2015 round is the one in which the APE task was
launched. It is somehow an exception being one of the two
cases in which none of the participants managed to beat the
do-nothing baseline (the other one was the 2019 sub-task on
English-Russian, also exceptional in the choice of the target
language).

% of Test Sentence

0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95100
TER score

Figure 1: TER distribution in the APE 2022 English-Marathi
test set.

tribution and MT quality can be seen as two sides
of the same coin, it’s worth remarking that, even at
the same level of overall quality, more/less peaked
distributions can result in very different testing con-
ditions. Indeed, as shown by previous analyses,
harder rounds of the task were typically charac-
terized by TER distributions particularly skewed
towards low values (i.e., a larger percentage of test
items having a TER between 0 and 10). On one
side, the higher the proportion of (near-)perfect test
instances requiring few edits or no corrections at
all, the higher the probability that APE systems will
perform unnecessary corrections penalized by au-
tomatic evaluation metrics. On the other side, less
skewed distributions can be expected to be easier to
handle as they give automatic systems larger room
for improvement (i.e., more test items requiring -
at least minimal - revision). In the lack of more fo-
cused analyses on this aspect, we can hypothesize
that in ideal conditions from the APE standpoint,
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ID Participating team

IITB Computation for Indian Language Technology - IIT Bombay, India
(Deoghare and Bhattacharyya, 2022)

IIT-Lucknow | IDIAP Research Institute, Switzerland

LUL Samsung Research and Communication University of China, China

(Xiaoying et al., 2022)

Table 2: Participants in the WMT22 Automatic Post-Editing task.

the peak of the distribution would be observed for
“post-editable” translations containing enough er-
rors that leave some margin for focused corrections
but not too many errors to be so unintelligible to
require a whole re-translation from scratch.'?

Also, with respect to this complexity indicator,
the APE 2022 test set can be considered of medium-
high difficulty compared to the past rounds. As
shown in Figure 1, the TER distribution is quite
skewed towards lower values (about 45% of the
samples fall in the 15<TER <45 interval) but only
10% of the items can be considered as perfect or
near-perfect translations (i.e., 0<TER<S5). These
values are lower compared to those observed in the
test data of harder rounds and higher compared to
those observed in the test data of easier rounds.'!
All in all, the improvements over the baseline ob-
served this year for two of the three participating
systems (respectively -3.49 and -1.22 TER for the
top-ranked and the second-best one) seem to con-
firm the correlation between TER distribution and
task difficulty. However, weighing and understand-
ing the actual contribution of TER distribution and
MT quality, together with the possible additive ef-
fect of RR, remains a topic for more focused future
research.

OFor instance, based on the empirical findings reported
in (Turchi et al., 2013), TER=0.4 is the threshold that, for
human post-editors, separates the “post-editable” translations
from those that require complete rewriting from scratch.

! Although the final results are not comparable due to the
different evaluation settings (i.e., different target languages
and data domains), the findings from the last two rounds of the
APE task provide good examples. In the 2021 round (English-
German), where the top submission achieved a small TER
reduction compared to the baseline (-0.77), more than 35%
of the test instances featured a TER between 0 and 5 and
almost 50% of them had 0<TER< 10. In contrast, in the 2020
round (English-Chinese) where the top submission achieved
the largest baseline improvement ever observed (-12.13), less
than 1% of the test samples had 0<TER<S5 and ~89% of
them had 40<TER<S8S5.

5 Submissions

As shown in Table 2, this year we received sub-
missions from three teams. Two of them (IIIT-
Lucknow and LUL) submitted two runs, while the
third one (IITB) participated with only one submis-
sion. The main characteristics of two of the three
participating systems are summarized below.!?

Samsung Research and Communication Univer-
sity of China (LUL). This team participated with
a Transformer-based system built using fairseq (Ott
et al., 2019). Their submissions are characterized
by two main aspects: data augmentation and the
use of a mixture of experts’ approach (Jacobs et al.,
1991). Data augmentation is pursued by generat-
ing synthetic triplets by means of both an in-house
MT system and an external system (Google Trans-
late). The former is used to translate text drawn
from several resources, while the latter is used to
back-translate the post-edits in the APE training
set. The resulting material is combined in different
ways so as to obtain different data sets for model
fine-tuning. The mixture of experts’ approach ex-
ploits three domain-specific adapters (Bapna and
Firat, 2019; Pham et al., 2020), which are added to
the decoder of the base APE model. At inference
time, a classifier (added after the encoder) is used
to decide which adapter has to be activated.

Computation for Indian Language Technology -
IIT Bombay (IITB). This team participated with
a Transformer-based system. It exploits a multi-
source approach similar to the one in (Chatterjee
et al., 2017), with two separate encoders to gener-
ate representations for SRC, MT and one decoder.
The model is trained with a curriculum learning
strategy similar to the one applied by the 2021 win-
ning system (Oh et al., 2021). This is done by first
incrementally using out-/in-domain synthetic data
(i.e., those released to participants and additional

"2The TIT-Lucknow did not produce a system description
paper and is left out of our analysis.
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ones generated via MT) and then by fine-tuning the
model on the real APE data. To ensure the qual-
ity of the training material, the LaBSE technique
(Language-agnostic BERT sentence embedding) by
Feng et al. (2022) is used to filter out low-quality
synthetic triplets. To reduce over-correction, a
sentence-level quality estimation system trained
on the WMT-22 QE English-Marathi sub-task is
used to select the final output between an origi-
nal translation and the corresponding (corrected)
version generated by the APE model.

6 Results

6.1 Automatic Evaluation

Participants’ results are shown in Table 3. The
submitted runs are ranked based on the average
TER (case-sensitive) computed using human post-
edits of the MT segments as a reference, which
is the APE task’s primary evaluation metric. We
also report the BLEU score, computed using the
same references, which represents our secondary
evaluation metric.

As it can be seen from the table, the two rank-
ings are coherent: the top submission (16.79 TER,
72.92 BLEU) is the same, and the top three sys-
tems outperform by a large margin (~1 TER and
~?2 BLEU scores) the do nothing baseline, both
in term of BLEU and TER score. These systems
are statistically better than the baseline. This is in-
deed an interesting result showing the effectiveness
of the APE systems and confirming their capabil-
ity of profitably leveraging additional and external
resources compared to the MT system.

Looking at relationships between the primary
and contrastive submissions (IIT and LUL), the
contrastive system shows slightly better perfor-
mance of the primary submission in one case
(LUL). This highlights the difficulty to select the
best configuration during system development and
indirectly confirms the difficulty to handle APE
data characterized by high MT quality, and TER
distribution skewed towards perfect/near-perfect
translations.

6.2 Systems’ Behaviour

Modified, improved and deteriorated sentences.
To better understand the behaviour of each APE
system, we now turn an eye toward the changes
made by each system to the test instances. To this
aim, Table 4 shows, for each submitted run, the
number of modified, improved and deteriorated

sentences, as well as the overall system’s precision
(i.e., the proportion of improved sentences out of
the total number of modified instances for which
improvement/deterioration is observed). It’s worth
noting that, as in the previous rounds, the number
of sentences modified by each system is higher
than the sum of the improved and the deteriorated
ones. This difference is represented by modified
sentences for which the corrections do not yield any
TER variations. This grey area, for which quality
improvement/degradation can not be automatically
assessed, would contribute to motivating the inte-
gration of human assessments, as done previously.
As it can be seen from the table and similarly to
last year’s edition, the top systems have been quite
conservative in applying their edits by modifying a
limited percentage of sentences (~50% on average,
45.2 for the top submission). Considering the TER
distribution where a large number of samples lay in
the 15<TER<45 interval, there is the possibility of
substantially changing the MT outputs to achieve
better performance. This limited number of ed-
its is unexpected and similar to more difficult test
sets with more skewed TER distributions toward
near-perfect translations. However, systems’ final
scores are inversely proportional to their aggres-
siveness showing that limiting the APE edits and
carefully selecting them is the right strategy toward
significant improvements in quality.
Precision-wise, this year’s systems reached 63.9
(in 2021 it was 51.12 and 58.0 in 2020) on average
with the best run peaking at 69.49 (vs 53.96 in 2021
and 69.0 in 2020). It is important to note that the
average value is significantly affected by the low-
performing systems having a precision close to 0.
Looking at the percentage of improved (55.6 on
average, 63.49 for the top submission) and deterio-
rated (31.2 on average, 27.87 for the winning sys-
tem) sentences, the results confirm the capability
of the top systems to minimize the wrong changes.
Compared to the last editions, the percentage of
the improved sentences is among the largest ones
achieved by the all-time submitted APE systems.

Edit operations. Similar to previous rounds, we
analysed systems’ behaviour also in terms of the
distribution of edit operations (insertions, deletions,
substitutions and shifts) done by each system. This
fine-grained analysis of how systems corrected the
test set instances is obtained by computing the TER
between the original MT output and the output of
each primary submission taken as a reference. Sim-
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TER BLEU

en-mr IITB_APE_QE_combined_ PRIMARY.tsv 16.79 72.92
LUL_HyperAug_Adaptor CONTRASTIVE 19.06 69.96
LUL_HyperAug_Finetune_PRIMARY 19.36  69.66
baseline (MT) 20.28  67.55
IIT-Lucknow_adversia-machine-translation. PRIMARY.txt 57.14 2343
IIIT-Lucknow_adversia-machine-translation_CONTRASTIVE.txt 99.81 3.16

Table 3: Results for the WMT22 APE English-Marathi shared task — average TER (J.), BLEU score (1) Statistically significant

improvements over the baseline are marked in bold.

Systems Modified Improved Deteriorated Prec.
IITB_APE_QE_combined_PRIMARY 452 (45.2%) | 287 (63.49%) | 126 (27.87%) | 69.49
LUL_HyperAug_Adaptor CONTRASTIVE 491 (49.1%) | 261 (53.15%) | 150 (30.54%) | 63.5
LUL_HyperAug_Finetune_PRIMARY 537 (53.7%) | 269 (50.09%) | 189 (35.19%) | 58.73
IIT-Lucknow_adversia-machine-translation_ PRIMARY 999 (99.9%) | 46 (0.46%) 929 (92.99%) | 0.47
III'T-Lucknow_adversia-machine-translation_CONTRAS. | 1000 (100%) | 9 (0.09%) 987 (98.7%) 0.09
Average 69.6 (49.3) 31.4 (55.6) 57.0 (31.2) 38.4 (63.9)

Table 4: Number (raw and proportion) of test sentences modified, improved and deteriorated by each run submitted to the APE
2022 English-Marathi sub-task. The “Prec.” column shows systems’ precision as the ratio between the number of improved
sentences and the number of modified instances for which improvement/deterioration is observed (i.e., Improved + Deteriorated).
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Figure 2: Distribution of edit operations (insertions, deletions,
substitutions and shifts) performed by the three primary sub-
missions to the WMT22 APE English-Marathi shared task.

ilar to last year, differences in systems’ behaviour
are minimal. All of them are characterised by a
large number of deletions (~55.0% on average),
followed by insertions (~30%), shifts (~10%) and
substitutions (~6%). The system that seems to
have a slightly different distribution is II'T-Lucknow
resulting in more shifts and substitutions, but these
differences are barely visible. Although this year’s
test set turned out to be simpler than last year (less
shewed TER distribution and higher TER), the edit
operations are very similar to last year’s with a
small difference in the number of deletions (65%
last year, 55% this year) and insertions (19.2% vs
30%). These variations may depend on the new
data, target language and MT system. More thor-
ough future investigations would be needed to find
clear explanations for these observations.

7 Conclusion

The 8" round of the shared task on Automatic
Post-Editing at WMT was characterized by two
main factors of novelty: the language pair (English-
Marathi) and the domain of the released data (a mix
covering healthcare, tourism, and general/news).
Apart from this, the overall setting was the same
as in previous recent rounds, in which participat-
ing systems had to automatically correct the output
of a generic neural MT system, being evaluated
with the TER (primary) and BLEU (secondary) au-
tomatic metrics. In continuity with the past, also
human evaluation via source-based direct assess-
ment was carried out, but it is not discussed in this
report due to its unreliable outcomes. In terms of
the three complexity indicators discussed in Sec-
tion 4 (repetition rate, original MT quality and TER
distribution), the difficulty of this round falls in a
medium-high range. This is reflected by the perfor-
mance of the systems submitted by the three par-
ticipating teams: two of them were indeed able to
improve over the do-nothing baseline with (statisti-
cally significant) error reductions up to -3.49 TER
points (+5.37 BLEU). Although these results are
not comparable with those from previous years due
to the different language/domain testing conditions,
the observed improvements in the new language
direction confirm the viability of APE for down-
stream improvements of “black-box” MT systems
whose inner workings are not accessible.
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Abstract

We present a very simple method for extending
pretrained machine translation metrics to incor-
porate document-level context. We apply our
method to four popular metrics: BERTScore,
Prism, COMET, and the reference-free met-
ric COMET-QE. We evaluate our document-
level metrics on the MQM annotations from the
WMT 2021 metrics shared task and find that
the document-level metrics outperform their
sentence-level counterparts in about 85% of the
tested conditions, when excluding results on
low-quality human references. Additionally,
we show that our document-level extension of
COMET-QE dramatically improves accuracy
on discourse phenomena tasks, supporting our
hypothesis that our document-level metrics are
resolving ambiguities in the reference sentence
by using additional context.

1 Introduction

Automatic evaluation is crucial to the machine
translation (MT) community for tracking progress,
evaluating new ideas and making modeling choices.
While human evaluation is the gold standard for
MT evaluation, it is very expensive, and thus most
research groups must rely on automatic metrics.
Current State-of-the-art (SOTA) metrics are pre-
trained (Kocmi et al., 2021; Freitag et al., 2021b),
leveraging existing language models (LMs) or
sequence-to-sequence models to judge how well
a hypothesis (i.e. MT system output) conveys the
same meaning as a human reference translation.

Sentences are often ambiguous, and many re-
cent works have demonstrated that incorporating
inter-sentential (i.e. document-level) context is ben-
eficial in both MT (Lopes et al., 2020; Fernandes
et al., 2021) and human evaluation of MT (Laubli
et al., 2018; Toral, 2020; Freitag et al., 2021a).

A human reference translation is (at least ideally)
created taking the entire source document into ac-
count. However, just as source sentences are often

*Work conducted during an internship at Amazon.

ambiguous, we hypothesize that human reference
sentences also contain ambiguities. Thus, when a
system output deviates from the human reference,
we may need to look at additional context to de-
termine if those deviations are acceptable, in the
context of the full document translation.

In this study, we present a simple procedure for
extending pretrained MT metrics to the document
level. Prior work has used pretrained models mod-
els like BERT (Devlin et al., 2019) to embed a sin-
gle human reference sentence and hypothesis (e.g.
an MT output) sentence. We instead argue that a
better representation of the reference or hypothesis
sentence can be obtained by providing several sen-
tences of context to the pretrained model, allowing
the pretrained model to use surrounding context
when embedding each sentence of interest. Once
the embeddings of the reference or hypothesis sen-
tence have been computed (taking into account sur-
rounding sentence context), the metric is computed
in the same manner as the sentence-level metric.'>2

We apply this method to extend four popular

pretrained metrics to the document level:?

* BERTScore (Zhang et al., 2020), a text gener-
ation metric that uses the alignments from to-
ken embeddings of a pretrained BERT model
to score the similarity of a hypothesis and ref-
erence.

* Prism (Thompson and Post, 2020a), a text
generation metric which utilizes a sequence-
to-sequence paraphrase model to score how
well a hypothesis paraphrases the reference.

* COMET (Rei et al., 2020), an MT metric
which fine-tunes a multilingual LM, namely

'In the case of Prism (Thompson and Post, 2020a), we
modify this logic slightly to retain only the probabilities of the
sentence of interest (see § 3.2).

In the case of COMET/COMET-QE (Rei et al., 2020),
which incorporates the source sentence, we provide additional
source context in the same manner (see § 3.3 and § 3.4).

3We release our code at https://github.com/
amazon-research/doc-mt-metrics.
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XLM-R (Conneau et al., 2020), to predict
translation quality given a hypothesis, source,
and reference.

¢ COMET-QE (Rei et al., 2020), the reference-

free (i.e. “quality estimation as a metric”)
version of COMET.

To test the effectiveness of our document-level
metrics, we measure system-level correlation with
human judgments. We select the so-called "plat-
inum" Multidimensional Quality Metrics (MQM)
judgments collected for the WMT 2021 metrics
task (Freitag et al., 2021b). We believe MQM judg-
ments are the best available to test document-level
MT metrics as these judgments are made by expert
translators that have access to—and are strongly
advised to consider—source-side document-level
context when judging each target sentence. We
perform evaluation on all the WMT 2021 language
pairs (En—De, Zh—En, En—Ru) and domains
(TED talks and news) for which MQM judgments
are available.

We find that our document-level extensions of
these four metrics outperform their sentence-level
counterparts in 75% of cases considered. Exclud-
ing Zh—En news, where the human reference is
of low quality (see § 4.1), we see improvements in
85% of cases. This provides strong evidence that
document-level context is useful in the automatic
evaluation of MT.

We also conduct analysis to better understand
the performance improvement that we observe.
We demonstrate that our document-level exten-
sion of COMET-QE significantly improves over its
sentence-level counterpart on targeted tasks evalu-
ating discourse phenomena, namely pronoun reso-
lution and Word Sense Disambiguation (WSD).#
This finding provides further evidence that our
document-level metrics are using context to resolve
ambiguities in the reference sentence. We also
show that using reference context is better than us-
ing context from the MT output, likely because the
MT output contains more errors than the reference.

In summary, our contributions are:

1. We present a simple but effective method to
extend pretrained sentence-level metris to the
document level, and apply it to four popular
metrics.

2. We show that the proposed document-level
metrics tend to have better correlation with

“The use of a reference would make these tasks trivial, so
we limit our analysis to the reference-free COMET-QE.

human judgments than their sentence-level
counterparts.

3. We improve over both COMET and COMET-
QE, which appear to be the previous SOTA
automatic metric and reference-free metric, re-
spectively (Freitag et al., 2021b; Kocmi et al.,
2021).

4. We conduct analysis to show that the improve-
ments observed using our approach can be at-
tributed to better context utilization, and also
show that using reference context is better
than using context from the hypothesis.

2 Related Work

Our work has parallels in human MT evaluation,
where document-level judgments are required to
distinguish human translation quality from MT
system quality (Laubli et al., 2018; Toral, 2020).
Castilho et al. (2020) showed that many source sen-
tences are ambiguous, but that ambiguities are of-
ten resolved using only a few additional sentences
of context. This suggests that we do not need to
incorporate very many additional sentences of con-
text into a document-level metric in order to see an
improvement in quality.

Pretrained metrics are metrics which leverage
large existing pretrained LMs or sequence-to-
sequence models, and include YiSi (Lo, 2019),
COMET (Rei et al., 2020), BERTscore (Zhang
et al., 2020), Prism (Thompson and Post, 2020a),
BLEURT (Sellam et al., 2020), and others. Pre-
trained metrics have been shown to consistently out-
perform surface-level metrics such as BLEU (Pap-
ineni et al., 2002), TER (Snover et al., 2006), and
chrF (Popovié, 2015) — see Mathur et al. (2020);
Kocmi et al. (2021); Freitag et al. (2021b).

Prior to the rise of pretrained metrics, sev-
eral works targeted discourse-level phenomena in
MT metrics such as pronominal anaphora (Hard-
meier and Federico, 2010; Miculicich Werlen and
Popescu-Belis, 2017; Jwalapuram et al., 2019)
and lexical cohesion (Wong and Kit, 2012; Gong
et al., 2015). For a detailed overview of evalua-
tion of discourse-level phenomena, we direct the
reader to Maruf et al. (2021). Recently, Jiang
et al. (2022) proposed BlonDe, a document-level
metric that focuses on discourse phenomena in or-
der to score a translated document. However, we
find that BlonDe substantially under-performs mod-
ern pretrained metrics, despite taking advantage of
document-level context (see § 5.1).
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Figure 1: To extend BERTScore to the document level, we add reference context (e.g. “Take your heavy jacket”) to
both the reference sentence (e.g. “It is freezing today”) and hypothesis sentence (e.g. “The weather is cold today™).
This context is used to improve the embeddings of the reference and hypothesis sentences (e.g. helping the model
understand that “it” is likely referring to weather). However, the additional context is not used when performing
alignment and scoring, which follows standard sentence-level BERTScore. The same methodology is applied to
Prism and COMET/COMET-QE (not shown). Image adapted from Zhang et al. (2020).

3 Method

At a high level, we propose a very simple procedure
for extending pretrained MT metrics to the docu-
ment level: As in standard sentence-level metrics,
we produce a score for a single hypothesis sentence
compared to a single human reference translation
sentence. However, we use additional context>-®
from the reference translation when computing the
contextual embeddings for both the hypothesis sen-
tence and reference sentence. Once the hypothesis
and reference sentence have been embedded, we
discard the extra context sentences before comput-
ing metric scores following the same process as the
corresponding sentence-level metric. Additional
details are provided for each metric below.

For the following discussion, let s refer to the
source sentence, h refer to the hypothesis (i.e. MT
system output) sentence, r refer to the human ref-
erence translation sentence, and let c,, ¢, and ¢,
refer to the source, hypothesis, and reference con-
text, respectively.

3.1 Document-level BERTScore

BERTScore (Zhang et al., 2020) is an unsupervised
text generation metric that leverages the power
of a pretrained large LM to score generated text.
BERTScore encodes tokens of both the reference
and the hypothesis with a pretrained LM and com-

SWe use two preceding sentences from the reference as
context, but our method could be applied to additional previous
and/or subsequent sentences.

5We only use valid context. For example, when using
a nominal value of two prior sentences as context, the first
sentence in a document gets no context sentences and the
second sentence gets one context sentence.

putes soft alignments based on token similarities.
The alignment matrix is then used to calculate the
precision, recall and F1 scores of the hypothesis
compared to the reference.

To extend BERTScore to the document level, we
use the reference context (c,) while encoding the
hypothesis or the reference with the LM. However,
we align only the tokens of the reference/hypothesis
sentence being scored (see Figure 1 for an illustra-
tion).

For BERTScore we use the default LM option
for each language pair, which is the multilingual
BERT-base (Devlin et al., 2019) for all En—* pairs
and RoBERTa-large (Liu et al., 2019) for *—En
pairs. BERT and RoBERTa are naively document-
level; specifically, the LMs are trained on up to
512 tokens at a time, which is significantly longer
than the average sentence length. Thus no changes
to the underlying model were required to extend
BERTscore to the document level.

3.2 Document-level Prism

Prism (Thompson and Post, 2020a,b) is an unsuper-
vised text generation metric that uses a sequence-
to-sequence paraphraser to evaluate how well a
hypothesis paraphrases a human reference trans-
lation. Specifically, to score a translation the ref-
erence is fed to the encoder and the hypothesis is
force-decoded in the decoder via teacher forcing.
The token-level probabilities of the reference are
aggregated to produce a score and the process is
repeated with the hypothesis in the encoder side
and the reference in the decoder. The final score is
the average of the two scores.

In order to generalize Prism for document-level
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evaluation we concatenate the reference context ¢,
to both the reference and hypothesis (c,; 7, ¢, h).
The context is used as a prompt; that is, we only
aggregate token-level probabilities for the sentence
being evaluated. The authors of Prism release the
sentence-level multilingual MT model that they
zero-shot paraphrase model. However, we require
a document-level model to extend Prism to the doc-
ument level. One option for extending Prism to the
document level is to train a document-level, mul-
tilingual MT model. While document-level data
collection methods and datasets do exist (Guo et al.,
2019; Thompson and Koehn, 2020; Cettolo et al.,
2012; Lison et al., 2018), document-level data is
not currently available in nearly as many language
pairs as sentence-level data. To extend Prism to the
document level, we instead use mBART-50 (Tang
et al., 2020), a multilingual encoder-decoder LM.
mBART-50 is trained on document fragments of
up to 512 tokens, in 50 languages, resulting in a
multilingual document-level paraphraser. Note that
while an mBART model fine-tuned on (sentence-
level) translations is available, we do not use it
because we require a document-level model. As a
result, although the mBART model we use is mul-
tilingual, it is not a translation model so we cannot
use it for the reference-free version of Prism.

3.3 Document-level COMET

COMET (Rei et al., 2020) is a supervised metric
that is trained on human judgments. COMET en-
codes the source, hypothesis and reference via a
multilingual pretrained LM and the representation
of each sentence is the average of its output to-
ken embeddings. The encoded representations are
further combined via subtraction and multiplica-
tion and fed to a regressor that predicts a score
for each translated sentence. We use COMET-
MQM_2021 (Rei et al., 2021), which is built on
top of XLM-RoBERTa-large (Conneau et al., 2020).
The COMET models are pretrained on direct as-
sessment judgements from WMT 2015 to WMT
2020 and fine-tuned on MQM z-scores from Fre-
itag et al. (2021a).

To extend COMET to the document level, we
integrate source context cgs and reference context
¢, by concatenating them with the source and hy-
pothesis/reference in the encoder. We obtain sen-
tence representations by averaging the output em-
beddings of the tokens of the current sentence only
before passing them to the regressor.

As with BERTscore, the model underlying
COMET is inherently document-level. However,
the underlying LM is fine-tuned for a few epochs
on human judgments from previous WMT cam-
paigns that consist of a single (source, reference,
and hypothesis) sentence and the corresponding
score. As the amount of fine-tuning is quite limited,
we hypothesize that the model has still retained its
ability to handle text beyond sentence level, and
this assumption appears to be confirmed by experi-
mental results (see § 5.1).

3.4 Document-level COMET-QE

COMET-QE (Rei et al., 2021) is the reference-free
version of COMET. We use the latest COMET-
MQM-QE_2021, trained similarly to the COMET-
MQM_2021 discussed above. Although COMET-
QE does not does not have access to the reference
it has been shown to perform reasonably well com-
pared to strong reference-based metrics (Kocmi
et al., 2021).

Similar to reference-based COMET, to extend
COMET-QE to the document level, for each source
s and hypothesis h, we concatenate the previ-
ous source and hypothesis sentences as context
(cs; 8, cp; h) and score the hypothesis A in ques-
tion.

The pretrained model for COMET-QE is the
same as the one used in COMET, therefore no fur-
ther modifications are required to extend COMET
to the document level.

4 Experiments

Motivated by the finding of Scherrer et al. (2019);
Kim et al. (2019); Castilho et al. (2020) that two
previous sentences are sufficient context to cor-
rectly resolve ambiguities in the majority of sen-
tences, we use two previous reference sentences as
context unless otherwise noted. Sentences are sep-
arated using the separator token of each model:
[SEP] for RoBERTa and <\s> for XLM-R and
mBART-50. We use reference context ¢, as ref-
erence for the hypothesis, as opposed to hypothesis
context cp,. This is done in order to avoid propaga-
tion of translation errors (see § 6.1 for an ablation
using hypothesis context instead of reference con-
text).

4.1 Human Judgment Experiments

We compare our document-level metrics judgments
of MT outputs with those of the human-generated
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Model Input TED talks News

En—De En—Ru Zh—En | En—+De En—Ru Zh—En
BlonDe (Chyhycp,T) - - -0.232 - - 0.212
Prism (m39v1) (h,r) 0.656 0.867 0.272 0.841 0.799 0.558
Prism (mBART-50) (h,r) 0.486 0.845 0.240 0.661 0.710 0.363
Doc-Prism (mBART-50) (crihy ;) 0.692 0.852 0.372 0.825" 0.777 0.374
BERTScore (h,r) 0.506 0.831 0.293 0.930 0.629 0.575"
Doc-BERTScore (crihy ;) 0.613" 0.836 0.344" 0.948" 0.622 0.535
COMET (s,h,T) 0.818 0.841 0.266 0.772 0.659 0.628
Doc-COMET (cs;8,¢rshyersr) | 0.816 0.849 0.297 0.802" 0.676 0.513
COMET-QE (s, h) 0.694 0.818 -0.209 0.711 0.688 0.529
Doc-COMET-QE (cs; 8, cp; hY 0.724 0.830 -0.255 0.733 0.733" 0.462

Table 1: System-level correlation with WMT 2021 MQM annotations for Prism, BERTScore, COMET and COMET-
QE and their generalization for document-level evaluation (Doc-*, this work). Within each document/sentence-level
pair, bold denotes the best correlation and “*” denotes a statistically significant (p < 0.05) difference. Excluding
Zh—En news data, which has a very low-quality human reference (see § 4.1), our document-level metrics outperform
their sentence-level counterparts in 17 of 20 (85%) of cases, and 6 of 6 (100%) of statistically significantly different

cases.

MQM annotations from the 2021 WMT metrics
shared task (Freitag et al., 2021a). We select MQM
for several reasons: They are produced by profes-
sional translators (compared to crowd workers or
translation researchers) and require explicit error
annotations that are believed to lead to higher qual-
ity annotations. Also, MQM annotators are specifi-
cally instructed to "identify all errors within each
segment in a document, paying particular attention
to document context." In 2021, in addition to the
news domain, annotations were also produced for
translations of TED talks in three language pairs:
En—De, Zh—En and En—Ru.

One potential problem with the metrics dataset
is the quality of the Zh—En news human reference.
The WMT metrics shared task organizers acquired
MQM scores for the human references, in addition
to MT system outputs. The Zh—En reference re-
ceived an MQM score of just 4.27, only slightly
better than the best MT system at 4.42 (Freitag
et al., 2021b). For reference, 0.0 is a perfect score
and a score of 5.0 corresponds to one major error
(or many minor errors) per sentence. In contrast,
for the same language pair, the TED reference has
an MQM score of 0.42 vs the best MT system at
1.65.

4.2 Discourse Phenomena Experiments

In order to confirm that any gains we see from
document-level metrics are in fact due to their abil-
ity to correctly handle ambiguities in the reference
which can be resolved using document-level con-
text, we also perform targeted evaluation of dis-

course phenomena using contrastive sets. These
testsets are common in the evaluation of document-
level MT systems where a context-aware model
should ideally assign the highest probability to the
correct translation; all translations are plausible
and only the use of context can reveal the correct
translations. For our case, since we are evaluating
MT metrics, we treat each sentence as a differ-
ent hypothesis and calculate how often our metric
ranks the correct translation the highest. Since
the use of a reference would make this task triv-
ial for reference-based metrics, we only evaluate
on COMET-QE. We use ContraPro (Miiller et al.,
2018), a selection of sentences from OpenSubti-
tles2018 (Lison et al., 2018) that contain the En-
glish anaphoric pronoun if in the source side. Start-
ing from the correct translation in German, con-
trastive translations are automatically created to
contain the German pronouns er, sie and es. In
order to identify the correct translation the model
must look into previous context. We also evaluate
on a similar dataset for En—Fr created by Lopes
et al. (2020) for the translation of it and they into
il, elle, ils, elles in French. Finally, we evaluate on
DiscEvalMT (Bawden et al., 2018), a contrastive
test which consists of 200 examples of anaphoric
pronoun translation for En—Fr and 200 examples
of WSD.

4.3 Baseline Methods

For correlation with human MT quality judg-
ments, in addition to the sentence-level version
of each metric we extend, we also compare to
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Model En—De En—Fr

Intra Inter Total | Intra Inter Total | Anaphora | WSD
Lopes et al. (2020) - - 70.8 - - 83.2 82.5 55.0
COMET-QE 782 409 484 | 763 76.6 76.5 50.0 50.0
Doc-COMET-QE (this work) | 80.5 72.6 74.2 | 88.7 88.0 88.3 83.5 68.0

Table 2: Accuracy (percentage correct) for targeted evaluation of contextual phenomena. Our document-level
version of COMET-QE substantially outperforms the sentence-level COMET-QE, and also outperforms the best
methods proposed by Lopes et al. (2020), demonstrating that it is successfully incorporating contextual information.

BlonDe (Jiang et al., 2022), an overlap-based
document-level metric that focuses on discourse
phenomena.” We also compare to Prism using the
m39v1 model released by the authors of Prism.

For discourse phenomena, we compare our
document-level COMET-QE model to the sentence-
level COMET-QE as well as the best reported re-
sults of Lopes et al. (2020).

5 Results

5.1 Correlation with Human Judgments

We present the system-level Pearson correlation
with the human annotations of the 2021 WMT met-
rics task for all metrics (sentence- and document-
level) in Table 1. Statistical significance (p <
0.05) is computed for each sentence- vs document-
level metric pair following Freitag et al. (2021b)
using the PERM-BOTH hypothesis test (Deutsch
etal., 2021). We also provide the results of BlonDe
(only for *—En since this metric relies on entity
taggers and discourse markers that are only trained
in English) and Prism with the original model
(m39v1) for comparison.

Overall, adding document-level context leads to
improved correlation with human judgments for all
metrics. Our document-level metrics outperform
their sentence-level counterparts in 18 of 24 (75%)
of cases considered. Excluding Zh—En news data,
which has a very low-quality human reference (see
§ 4.1), our document-level metrics outperform their
sentence-level counterparts in 17 of 20 (85%) of
cases. Looking at only pairs with statistically sig-
nificant differences, our document-level metrics
outperform their sentence-level counterparts in 6
of 7 cases (86%), and 6 of 6 (100%) of cases ex-
cluding Zh—En news.

We see that document-level metrics outperform

"We report BlonDe results in English only, as BlonDe uses
a discourse marker script from Sileo et al. (2019) which was
trained only in English. BlonDe could likely be extended to
other languages but we did not attempt to do so.

sentence-level metrics in only 1 of 4 cases on
Zh—En news This suggests that the document-
level metrics are sensitive to errors in the reference
context. This hypothesis is further supported by
analysis in § 6.1.

For Prism, we observe that the sentence-level
results with the original m39v1l model are bet-
ter than the sentence-level results with mBART-
50. However, by using document-level context we
are able to improve over the sentence-level Prism
with mBART-50 in every language pair/domain.
This narrows the gap between Prism with mBART
and Prism with m39v1, outperforming the stronger
m39v1 model in two TED language pairs.

Although the COMET models are fine-tuned
on single sentences, experimental results suggest
they are able to retain their ability to handle inter-
sentential dependencies. We considered retraining
COMET excluding older direct assessment judg-
ments which did not take document-level context
into account; however this would have severely lim-
ited the amount of (already very limited!) training
data.

Finally, we observe that BlonDe performs signif-
icantly worse than the pretrained metrics as well as
our document-level extensions, underperforming
everything except document-level COMET-QE in
TED Zh—En.

5.2 Discourse Phenomena Improvements

We provide the results of targeted evaluation on
contrastive datasets for COMET-QE and Doc-
COMET-QE in Table 2. We also provide the scores
of the best-performing document-MT model for
each dataset from Lopes et al. (2020) for compar-
ison. The reference-based metrics are not consid-
ered in this section as the use of a reference would
make the task trivial.

We observe that the document-level COMET-
QE substantially outperforms the sentence-level
COMET-QE, and even outperforms document-
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Context Doc-Prism | Doc-BERTScore | Doc-COMET
hypothesis | (cs; s, ¢y 7, cp; h) 0.595 0.624 0.630
reference | (cs;s,¢p57, 5 h) 0.649 0.650 0.659

Table 3: Average correlation with MQM human judgments of our document-level metrics using previous hypothesis
sentences as context vs. previous reference sentence as context. COMET-QE is excluded because it does not depend
on the reference. For all three methods, we see better correlation using the reference for hypothesis context. We
hypothesize that this is because using previous hypothesis sentences allows for propagation of errors (i.e. an error in

a previous sentence can impair the judgment of the current sentence).

level translation models optimized for discourse
tasks. Surprisingly, we observe improvements in
the evaluation of pronoun translation not only when
the necessary information is located in a previous
sentence (Inter) but even in the case where the an-
tecedent can be found in the same sentence (Intra),
suggesting additional context is helpful in these
cases as well. Apart from pronoun translation, our
approach also improves over both the sentence-
level metric and the document-level MT of Lopes
et al. (2020) at WSD. These findings all support
our hypothesis that our document-level metrics are
resolving ambiguities in the reference sentence by
using additional context.

6 Ablations

6.1 Hypothesis vs Reference Context

For our document-level MT metrics described prior
to this point, we use the reference context c, (as
opposed to the hypothesis context c;) as context
for the hypothesis. Our reasoning behind this de-
cision is that previous translations could contain
errors that might bias the document-level metric
into rewarding erroneous translations. To test this,
we conduct an ablation experiment in which we
concatenate the hypothesis context to the hypoth-
esis while the context of the remaining inputs (i.e.
the reference and the source sentence) remains un-
changed. Table 3 shows the average correlation
across all language pairs and domains using either
the hypothesis context or the reference context. We
do not provide these scores for COMET-QE as it
does not have access to the reference.

We observe that the use of the hypothesis context
degrades performance for all metrics, which is in
line with the findings of Fernandes et al. (2021)
for document-level MT. We suspect that this is
because the previous hypothesis sentences contain
more errors than previous reference sentences, and
thus using previous hypothesis sentences allows
for more propagation of errors (i.e. an error in a

previous sentence can impair the judgment of the
current sentence).

One disadvantage of using reference context for
the hypothesis is that we cannot measure document-
level fluency, that is, how well a document flows
from one sentence to the next. Our analysis sug-
gests that either document level fluency is of less
concern than error propagation, and/or that MQM
judgments are not adequately capturing document-
level fluency.

6.2 Amount of Context

In our experiments so far we have used the previous
two sentences as context, motivated by the finding
of Scherrer et al. (2019); Kim et al. (2019); Castilho
et al. (2020) that two previous sentences are suffi-
cient context to resolve ambiguities in the majority
of sentences. Figure 2 shows the results for [0, 1,
2] previous sentences as context for news articles
and TED talks. In the news domain we observe
that for En—De and En—Ru), adding more con-
text helps. On the other hand, for Zh—En, adding
context appears to be harmful. We believe this is
likely explained by the relatively low-quality hu-
man references in Zh—En (see § 4.1). For TED
talks, although the results are somewhat noisy, we
also observe that more context tends to improve
correlation across all three language pairs.

7 Conclusion

We proposed a simple and effective approach to
generalize pretrained MT metrics to the document
level. We apply our approach to BERTScore, Prism,
COMET-QE, and COMET-QE, and we believe
that it could easily be extended to other pretrained
sentence-level metrics. To the best of our knowl-
edge, our work is the first example of pretrained
document-level MT metrics.

We demonstrate that the use of document-level
context in pretrained metrics improves correlation
with human judgments, and that the improvements
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Figure 2: System-level Pearson correlation with human correlation vs. number of sentences of context for News
(upper) and TED talks (lower). Although the results are noisy, in general we observe that correlation improves as
the amount of context increases. The one exception is Zh—En News, which we attribute to poor human references
(see § 4.1).

are likely due to fact that the document-level met-
rics can resolving ambiguities in the reference sen-
tence by using additional context. We present re-
sults on MT evaluation but our approach may also
be beneficial in other Natural Language Genera-
tion (NLG) tasks where discourse phenomena are
present (e.g paraphrasing, data to text generation,
chatbots, etc).

In conclusion, we argue that the MT commu-
nity (and possibly the greater NLG community)
should adopt metrics—such as those presented in
this work—which take document-level context into
account. This would better align automatic met-
rics with human evaluation, where document-level
judgements have been shown to be more discrim-
inative than sentence-level judgements. We also
recommend that future research in metrics explore
novel ways to incorporate context.
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Abstract

In MT evaluation, pairwise comparisons are
conducted to identify the better system. In con-
ducting the comparison, the experimenter must
allocate a budget to collect Direct Assessment
(DA) judgments. We provide a cost effective
way to spend the budget, but show that typi-
cal budget sizes often do not allow for solid
comparison. Taking the perspective that the
basis of solid comparison is in achieving statis-
tical significance, we study the power (rate of
achieving significance) on a large collection of
pairwise DA comparisons. Due to the nature of
statistical estimation, power is low for differen-
tiating less than 1-2 DA points, and to achieve
a notable increase in power requires at least 2-
3x more samples. Applying variance reduction
alone will not yield these gains, so we must
face the reality of undetectable differences and
spending increases. In this context, we propose
interim testing, an “early stopping” collection
procedure that yields more power per judgment
collected, which adaptively focuses the budget
on pairs that are borderline significant. Interim
testing can achieve up to a 27% efficiency gain
when spending 3x the current budget, or 18%
savings at the current evaluation power.

1 Introduction

In machine translation (MT), pairwise evaluations
are conducted to identify the better system over
a test domain. MT has long taken intrinsic qual-
ity as an object of interest, and assumes it can be
determined directly from the output (Gatt and Krah-
mer, 2018). Most practitioners accept that human
judgments reflect such quality, and take human
evaluation as the gold standard (Bojar et al., 2016).
In conducting an evaluation, the experimenter must
allocate a budget to collect human judgments, and
so evaluation can be an expensive endeavor. No
one in the history of MT research has ever been
satisfied with the cost or reliability of human evalu-
ation (Graham et al., 2017; Chaganty et al., 2018;
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Fixed: Significance:
p < 0.05?
collect 1200 judgments
Interim: Futlhty Futlllty
p > 0.5? p > 0.5?
Significance: Significance:
p < 0.029? p < 0.029?
collect 600 collect 600

Figure 1: A graphical representation of evaluation with
different testing procedures. Currently, our evaluation
uses fixed testing, and our current budgets (depicted)
often result in underpowered comparison (§5). To get a
notable increase in power, we will need to spend more
(§6), and interim testing is a way to spend efficiently.
Interim testing allows for early stopping by trading off
power for additional peeks. In MT, such a tradeoff is a
favorable and can yield more power per judgment (§7).

Saldias Fuentes et al., 2022, inter alia). Likewise,
we were keen to find savings, upon the foundation
of statistically rigorous inference.

Evaluation is a noisy process, and we may not
expect a repeat experiment to declare the same win-
ners. For one, we may want a holistic answer of
the best system over the entire test domain, but we
can only evaluate on a small and finite set of input
source sentences (Koehn, 2004; Dror et al., 2018).
This introduces a sample bias that our conclusion
must be wary of. For another, human judgments
on the same output may diverge, so we assume that
humans are only a noisy reflection of the true intrin-
sic quality (Graham et al., 2015). This introduces
additional noise when drawing a conclusion from
our observations. Intuitively, using a larger test set
or averaging over more human judgments should
yield more consistency in pairwise comparison.

Inferential statistics is necessary in MT evalua-
tion to declare “winning” MT systems under un-
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certainty. Basic usage of statistical testing covers
the use case of pairwise MT system comparison
(Mathur et al., 2020). After data collection is com-
plete, we can declare significance by computing
a p-value (statistical primer in §3). When the p-
value is low, a real effect is likely to exist. When
the p-value is high, repeat experiments will be in-
consistent (effectively tossing a coin), and no good
decisions can be made even if you used the gold
standard Direct Assessment (DA; Graham et al.,
2015) annotation. Significance is the meta-analysis
that guards against falsely declaring winners due
to noise, with some level of guarantee.

Our work takes the perspective that the basis of
solid comparison is in achieving significance. The
rate/likelihood an experiment will observe signif-
icance is the power, and we would like it to be
high. At the same time, we would like to minimize
human effort and keep costs low. This paper inves-
tigates several aspects of the relationship between
power and cost in human evaluation:

1. How can we reason about the power of an
evaluation? We recommend a sensitivity per-
spective to evaluation, where we characterize
an evaluation by its minimum detectable effect
(MDE), or the smallest pairwise difference the
evaluation will reliably yield significance on.
By retrospectively analyzing significance in
pairwise comparisons, we can derive an em-
pirical MDE. Our evaluations can reliably
detect up to 2-3 point of DA difference, but
comparisons often exhibit even smaller dif-
ferences.

2. How can we notably increase the sensitivity
of an evaluation? With the appropriate power
analysis, we can get a rough estimate of the
number of samples required to achieve an ac-
ceptable sensitivity. To increase the sensitivity
to the desired level, we might hope variance
reduction techniques can give us the necessary
sample efficiency. If we wanted half of the
past comparisons to reliably achieve signifi-
cance, we needed at least 2x more samples,
far beyond the ~1.2x sample efficiency vari-
ance reduction offers.

3. How can we spend more money efficiently?
If we are not satisfied with the power of our
current evaluation, increasing the budget and
collecting more judgments is necessary. Cru-
cially, if we accept that small differences can’t

be known, our evaluation can be more effi-
cient by focusing the budget elsewhere. We
verify that an “early stopping” procedure
(interim testing) can can achieve up to a
27% efficiency gain when spending 3x our
current budget, or 18 % savings at our cur-
rent evaluation power.

2 Related work

There is a tradition of using test sets to estimate
system performance over the general domain in
machine learning (Hastie et al., 2001). There have
been calls for statistically rigorous evaluation in
natural language processing using significance test-
ing (Dror et al., 2018), however its adoption in
reporting has been mixed. For a classic task such
as part-of-speech tagging, evaluation is generally
significant/consistent even for small gains (Gor-
man and Bedrick, 2019). In MT, even moderate
differences in metric gains (e.g. DA, MQM) may
not be consistent, so there is a stronger need for
significance testing. Historically, MT evaluation
has been heavily based on statistical significance
(Koehn, 2004).

MDEs have been used to describe the power of
experiments in contexts such as education (which
program results in increased test scores?) and so-
ciology (Bloom, 1995). Berg-Kirkpatrick et al.
(2012) empirically investigate the conventional wis-
dom that a certain metric gain corresponds to sig-
nificance (e.g. 0.5 for BLEU). This threshold is ex-
actly an evaluation’s MDE. They find that a thresh-
old has strong empirical backing, but a few exper-
imental parameters affect this threshold. In our
work, we propose taking a sensitivity perspective
to evaluation, and reporting the expected MDE of
an experiment instead of the other experimental
parameters.

Any statistical technique that reduces the cost of
human evaluation is, in another view, improving
the power offered by some fixed budget. Chaganty
et al. (2018) first proposed applying control vari-
ates to human evaluation. Control variates increase
the sensitivity of an evaluation by leveraging in-
formation from a metric. This formulation con-
veniently allows us to analytically understand its
performance based on the experimental conditions.
In realistic experimental conditions, they found that
the sample efficiency gain is at most 20%, which is
in line with results reported in MT (Saldias Fuentes
et al., 2022). Mendonga et al. (2021) propose using
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online learning to adaptively spend the evaluation
budget on determining the best MT systems. How-
ever, their technique lacks in statistical rigor for
decision making.

Knowing when to “early stop” an evaluation al-
lows us to adaptively spend the budget on difficult
pairs and save on easily distinguished pairs. It is
known that peeking at the p-value while data collec-
tion is ongoing is problematic. Peeking inflates the
chance of observing significance and the chance
that such significant observation is incorrect (Al-
bers, 2019). While always valid p-values can be
calculated that adjust for this error and can be re-
ported at any time, they are mathematically difficult
to apply (Johari et al., 2015). Interim testing has
been used in medical trials, where experimenters
have an ethical consideration in stopping the ex-
periment early (O’Brien and Fleming, 1979). By
planning the number of peeks in advance, interim
testing can offer rigorous statistical inference while
potentially saving time and effort, packaged in an
easy to understand technique (Lakens et al., 2021).
Our work investigates whether the tradeoff between
power and savings is favorable for MT evaluation.

3 A primer on inferential statistics

We consider pairwise comparisons as the basic
unit of evaluation echoing calls from Mathur et al.
(2020) and Kocmi et al. (2021). Pairwise compar-
isons are more interpretable than correlations, and
more practical for production deployment scenar-
ios. In a pairwise comparison we test the difference
between two systems A and B. If you were just to
collect a number of DA judgments for each system
and declare a winner, a repeat experiment could
yield different results due to experimental noise.
A statistical test guards against making an in-
correct conclusion due to experimental noise. To
do this, we assume a null hypothesis (that A is
better than B) and examine how likely we could
have made observed our data under this assumption.
There are two outcomes of conducting a test:

(i) there is evidence of a significant difference
which rejects the null hypothesis, or

(i1) the evidence is insufficient and we are unable
to reject the null hypothesis.

In the case of (i), a significance test usually guar-
antees a false detection rate of at most «, where
usually o« = 0.05. Therefore, the best outcome

of statistical testing is the presence of significance,
where our inferences enjoy a low false detection
rate. The rate at which we can declare significance
is called an experiment’s power (typically denoted
as 1 — 3, where (3 is the false negative rate). In pair-
wise comparison, our evaluation should have an
accuracy (1 — a)(1 — ) against the true, pairwise
judgment.'

Intuitively, statistical testing can be loosely
thought of as reducing the width of two confidence
intervals, spaced by the true system difference of A
and B (Krzywinski and Altman, 2013). The power
of an experiment is then a function of these three
aspects:

(a) First, the true system difference plays a role in
the power. When the distance between the true
scores is large relative to the noise, noise is
unlikely to obfuscate the true pairwise ranking
of the systems.

(b) Second, the variance of human judgment. The
larger the variance in a single judgment, the
more judgments that will be needed in an av-
erage to get a consistent estimate.

(c) Finally, the sample size or the budget. The
number of judgments you collect shrinks the
confidence intervals by a factor of v/N from
the single judgment variance.

The more judgements you can collect the smaller
these confidence intervals will be. When the con-
fidence intervals don’t overlap, the comparison is
likely to achieve significance. These three factors
all play a role in whether the intervals will be nar-
row enough.

If we know two of (a), (b), or (c), we can use
the appropriate power analysis to deduce the third.
Typically, we will observe the (b) human judgment
variance, and make a guess at what the true differ-
ence (a) would be, to compute what (c) the budget
we would have to spend is. When providing esti-
mates for the budget, we would provide estimates
under a range of guesses at what the true difference
is (Card et al., 2020). Alternatively, we may also
ask what the minimum detectable effect is for some
fixed budget. Wei and Jia (2021) conducted power
analysis in MT and found that small differences

'This pairwise accuracy holds if you assume that different
MT systems always have different quality. By randomizing
the systems, the null hypothesis will be true exactly half of
the time.
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Figure 2: The minimum detectable effect (MDE) is il-
lustrated in the ENU — FRA language pair. Each point
represents a pairwise comparison conducted for this
language pair. When evaluating pairs exhibiting differ-
ences larger than the MDE, 95% of pairs will achieve
significance at the o = .05 level, which totals to a pair-
wise accuracy of 90%. Unfortunately, most pairs are on
the left hand side of this line. This is also the case for
many other language pairs in the ShipData.

require an infeasible amount of budget. This gives
a hint that most of our MT evaluation is under-
powered. Consistently conducting underpowered
experiments run the risk of inflating the error rate
in significant observations (Ioannidis, 2005).

4 Dataset

MT evaluation has an established tradition of con-
ducting human evaluation and releasing public
datasets. At the time of writing, the current an-
notation method of choice in MT is Direct Assess-
ment (DA; Graham et al., 2015; Akhbardeh et al.,
2021). Direct Assessment asks annotators to rate a
translation’s quality on a sliding point scale from
0-100. We study the ShipData presented in Kocmi
et al. (2021), which is the largest human evaluation
dataset of pairwise comparisons, accumulated over
two years from internal evaluation campaigns at Mi-
crosoft Translator. No text is contained i.e. source,
references, or outputs, but the raw DA scores are
sufficient for our purposes. We focus on this dataset
because it is large and often contain comparisons
between state-of-the-art systems. It contains 4004
pairwise comparisons between two systems, where
each system pair contains about 600 human judg-
ments per system (1200 for both systems).

5 The sensitivity approach to evaluation

The basis of solid comparison is significance.
Therefore, we need a way to reason about the power
of an experiment. In this section, we recommend

Significant/  Obs. Median
insignificant MDE difference
ENU — FRA 30/153 3.8 1.2
ENU — DEU 197151 3.5 0.7
FRA — ENU 3/140 24 0.6
DEU — ENU 2717130 1.9 0.6
JPN — ENU 7817127 29 32
ENU — JPN 40/94 3.8 1.8
ITA — ENU 2/81 2.8 0.5
CHS — ENU 30/78 2.6 1.5
ENU — PTB 28/74 1.0 0.6
ENU — SVE 31/73 4.4 1.4

Table 1: Significance and MDE results in the top-10
language pairs (by number of comparisons). Signifi-
cance is calculated at the o = 0.05 level. Observed
MDEs are calculated for 90% pairwise accuracy. The
median system difference is observed from the data. For
most language pairs, less than half of the pairs had a
significant observation. MDEs are small but most of the
system differences appear to be even smaller.

a sensitivity approach to evaluation, and retrospec-
tively deduce the power of previous evaluations.
By looking at the observed effect sizes we can also
set a meaningful target power.

5.1 Minimum detectable effects (MDEs)

The pairwise evaluation of two MT systems is not
a one-size fits all procedure, even though the MT
literature uses a consistent annotation method (Fe-
dermann, 2018). Rather, an evaluation is our best
attempt to answer which MT system is better with
the evaluation annotation budget at hand. How
much budget to allocate should depend on the cir-
cumstantial factors. Statistical inference can give
us a probabilistic answer to this question with what-
ever evidence we are able to collect.

In the best case scenario, a significant result is
observed and a winner is declared after the data is
collected. However, significance depends on the
conditions of the experiment (see §3), where the
size of the pairwise difference, annotation variance,
and number of samples all play arole. The pairwise
difference and annotation variance are determined
by the annotation method. Since most prefer to use
a widely accepted annotation such as Direct Assess-
ment (DA; Graham et al., 2015), these are factors
we may not be able to change. However, we can
increase the budget, and the larger the budget, the
more likely we will be able to achieve significance
for some fixed difference.
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Figure 3: Power analysis for the total number of judg-
ments required to achieve an MDE with 90% inference
accuracy. These figures are calculated through simu-
lation with distributional assumptions on the human
scoring function (see §6.1). Compared to the observed
MDEs, figures here serve as a lower bound. As the
differences decrease linearly, the number of samples
required increases exponentially.

We recommend to think about an MT eval-
uation in terms of its sensitivity. With a fixed
budget and annotation method, there is some
deducible minimum detectable effect (MDE;
Bloom, 1995), where evaluating differences larger
than the MDE will enjoy a comfortable level of
power (rate of significance). Alternatively, if we
did not observe significance for some experiment,
we may suspect that the true difference is likely
to be lower than the experiment’s MDE. With a
sensitivity perspective, our consideration is now to
conduct DA evaluations with a budget large enough
to exhibit an appropriate MDE. Ideally, our eval-
uation exhibits an MDE small enough where we
believe any smaller differences are not practically
meaningful (more in §6.1). Realistically, we would
set up an evaluation with MDEs as small as our
budgets allow.

5.2 Observed MDEs

In this section, we attempt to retrospectively un-
derstand the MDEs/sensitivity of our past evalu-
ations. Refer to Figure 2 for graphical intuition.
We can empirically estimate (as opposed to mak-
ing assumptions and simulating, see Card et al.,
2020) an (observed) minimum detectable effect by
sorting all the pairs by their observed absolute sys-
tem difference, and choosing the difference where
comparisons with a larger system difference (effect
size) will have at least 95% of experiments showing
significance (corresponding to experimental power
1 — B8 =0.95) at a level of a = 0.05 by the Mann

Variance Reducible

(std. dev.)  variance
WMT21 «*-en 866.2 (29.4) 23.1%
pSQM zh—-en | 683.226.1) 9.8%
pSQM en—de | 705.4 (26.5) 53.4%

Table 2: Total annotation variance and the reducible pro-
portion of that variance. pSQM scores are provided
by Freitag et al. (2021) and are collected from pro-
fessional annotators. WMT21 scores are provided by
Akhbardeh et al. (2021) and are collected from crowd-
workers. pSQM scores are normalized from 0-100 for
ease of interpretation. At least half of the variance is
irreducible.

p WMT21 pSQMzh-en) pSQM (en-de)
1.0 1.30 1.20 4.33
0.5 1.06 1.12 3.09
0.2 1.01 1.11 2.94

Table 3: Data efficiencies for the control variates estima-
tor under different conditions. Each column represents
a different condition of reducible variance, instantiated
from observed statistics from Table 2. p is the corre-
lation of the metric that would be used in the control
variates estimator. With the exception in pSQM en-de,
variance reduction is far from giving us the 2x-10x mul-
tiplier we need.

Whitney U (MWU) test. This ensures that at least
(1 —a)(1 — B) = 0.9 of the pairs should be accu-
rate (Wei and Jia, 2021). We can interpret this as
the threshold at which our experiments will stop
being accurate at the 90% level.

The minimum detectable effects (MDE) are
small, but differences between systems are even
smaller. Refer to Table 1. Our evaluations have
been able to detect up 1 or 2 points of system-level
DA difference, but often a third of the comparisons
are still not significant. Looking at the density of
the differences (see the x-axis in Figure 2) we see
that most of the pairs exhibit small differences. An
immediate consequence is that most of the budget
is being spent to declare ties. Most of our compar-
isons are underpowered, and where the p-value is
high the experiments are not much better than a
coin toss. The median difference provides a target
MDE if we want half of our evaluations to show
significance (alternatively, declaring ties in half of
the evaluations is acceptable).
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6 Known unknowns

Now that we have established a way to reason about
experimental power, we conduct power analysis to
understand how much more gain we need to im-
prove our power to a desired sensitivity. We inves-
tigate whether variance reduction techniques are
sufficient, and conclude that the only way forward
is to increase the annotation budget.

6.1 Power analysis for the desired sensitivity

As suggested in Card et al. (2020), we can roughly
determine the number of samples for a fixed power
using simulation. As with any power analysis, we
must make some assumptions to estimate the num-
ber of samples needed. Here we assume that the
judgments for a given system’s translation is dis-
tributed as s ~ 100 — Gamma(k, 6) where k = g—z
and 6 = "72 are fit to match the average mean and
variance of a system for that language pair. We
choose the use of the Gamma distribution because
the resulting scoring distribution is such that most
of the scores are high, and the more severe the
translation error the more rare it is, which matches
what we observe in Kocmi et al. (2021). We then
use the bisection method to determine the integer
whose power has the closest match to our desired
5 value. We find that the simulation reasonably
matches empirically observed MDEs.

Power analysis shows that most pairs needs
not a little, but a lot more judgments. Refer
to Figure 3. Comparing to the observed MDEs,
the power analysis is optimistic, where the figures
we provide can be seen as a lower bound. Even
a reduction of our MDE to 1 point can require
up to 2x times more judgments (than originally
used in the ShipData). We highlight the fact that
as differences get linearly smaller, the number of
samples is an exponential growth. The nature of
statistical estimation is that smaller differences are
increasingly elusive.

In the search for higher power, we must also keep
in mind that arbitrarily small differences require
arbitrarily large budgets. Therefore, for modern
state-of-the-art comparisons, some differences will
be left unknown. We can not fantasize about de-
tecting every single small difference out there just
by spending more budget or applying some strong
statistical technique (see §6.2). Perhaps this may
be taken in stride, as mathematicians learned to
accept the existence of unprovable theorems nearly
a century ago (Gdodel, 1934). Many other important

fields such as domain adaption also grapple with
their unknowns (Ben-David et al., 2010).

6.2 Variance reduction is inadequate

Generally, we assume that a human evaluator
scores a segment with the true segment level qual-
ity score, plus some noise. If H(x) is the human
scoring function on system translations z, there are
2 parts to the scoring variance. We can decompose
the variance of H to

Var(H()) = EVar(H(@)|e)] (1)
+ Var(E[H (x)|x])

by the law of total variance. The first part is the
variance of the true translation quality scores, cap-
turing the real difference in quality across output
translations, and the second part is the rest of the
variance. The second term, which we broadly term
annotator noise, can include annotator biases, pref-
erences, and even mood.

Using repeat judgments we can estimate the sec-
ond term (annotator noise), which is similar to
an inter-annotator agreement (Wei and Jia, 2021).
Since the ShipData doesn’t contain any repeat judg-
ments, we provide estimate of the second term from
a few similar datasets (Akhbardeh et al., 2021; Fre-
itag et al., 2021). Refer to Table 2. In designing
variance reduction techniques, we usually leverage
metric scores to reduce the first term, but not an-
notator information to reduce the annotator noise
(second term), as it is too difficult (Saldias Fuentes
et al., 2022).

With variance reduction (VR) techniques, we
can achieve a higher power with the current bud-
get by leveraging side information (Owen, 2013).
However, VR is not arbitrarily powerful, and its
effectiveness is constrained by the amount of re-
ducible variance present, and how much of the
reducible variance you can actually reduce. Here,
we look at the control variates technique” which
leverages the linear information in a metric for the
estimation of system quality. The data efficiency in
Chaganty et al. (2018) describes how many times a
control variates estimator improves over the regular
sample mean estimate, and is characterized by

DE ;= Yalmen) _ 147
Var(ficy) 1—p*+~

2

2Equal proportion stratified sampling is a special case of
control variates, so these results also apply (Owen, 2013). Any
technique which uses a metric to bin outputs, where the same
number of outputs are sampled for scoring within each bin,
are constrained by these results as well.
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Figure 4: The average power of each pairwise compari-
son for fixed testing at 1200 against interim-futility test-
ing at 2300. Each point represents a pairwise compari-
son. When planning for 2300 judgments with interim-
futility, the actual amount of judgments collected in our
simulation is about 1200. For the same budget, we see
that interim-futility testing boosts the power of moder-
ate to high-powered pairs, but drops that of the lower
powered pairs.

where p is the sentence-level Pearson correlation
of the metric and
o E[Var(H (z)|z)]

2
"= 52 T Var(E[H (2) ) )

~

Refer to Table 3. With the optimistic assumption
of a perfect metric, we often only get a ~1.2x
efficiency gain from VR, far from the 2-10x mul-
tiplier we need to obtain significant comparisons.
The gains we predict for VR is consistent with the
practical results presented in Saldias et al. (2022).
These reduction techniques work, but is far from
achieving what we need, echoing the narrative of
Chaganty et al. (2018).

7 Spending effectively

To have a notable gain in sensitivity, variance re-
duction alone is inadequate. Therefore, spending
is necessary in the search for higher power. This
section describes a simple yet statistically rigor-
ous way of “early stopping” in a human evaluation
campaign. Interim testing adaptively allocates the
budget to borderline significant pairs, and can be
seen as an efficient way to spend.

7.1 Peek-a-boo! Planning interim peeks

Savings can be achieved if we can stop data col-
lection as soon as a result can be concluded. If the
experimenter runs the preferred statistical test (at
false detection rate o = 0.05) periodically while
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Figure 5: The average number of judgments collected by
each sampling method. For interim and interim-futility,
1200 judgments were planned, and the actual judgments
collected are strictly less. As the system differences
grow larger, both methods have the potential to stop
early. For interim-futility, pairs with small differences
also incurred less judgments.

data collection is on-going, the final process will
have a false detection far higher than the « intended
(Albers, 2019). There are a class of sequential
sampling techniques, which allow you to test after
every single sample while maintaining the false
detection rate constant, but are mathematically dif-
ficult to apply (Johari et al., 2015).

A simpler solution is to use interim sampling
and apply a correction for multiple testing (Lakens
et al., 2021). For instance, the Pocock correction
(Pocock et al., 1987) is appropriate when multiple
comparisons are made, but we want a false detec-
tion to be maintained at a desired o> Refer to Fig-
ure 1. For interim testing, we can plan in advance
to collect batches of data, and test between each
batch. To maintain a final false detection rate to the
fixed procedure, your interim tests must have an oy
appropriately adjusted with the Pocock correction.
The downside is that this correction is conservative,
and each test has less power.

At each interim point, we can also stop for fu-
tility, or when we see that even in completion of
the data collection, we are unable to achieve signif-
icance. Practically, there are many ways to set up
this stopping rule (Lakens et al., 2021), but in our
simulation we find that a simple heuristic (checking
if t