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Abstract

Despite major advances in machine transla-
tion (MT) in recent years, progress remains
limited for many low-resource languages that
lack large-scale training data and linguistic re-
sources. Cantonese and Wu Chinese are two
Sinitic examples, although each enjoys more
than 80 million speakers around the world.
In this paper, we introduce SiNiTICMTER-
ROR, a novel dataset that builds on existing
parallel corpora to provide error span, er-
ror type, and error severity annotations in
machine-translated examples from English to
Mandarin, Cantonese, and Wu Chinese. Our
dataset serves as a resource for the MT com-
munity to utilize in fine-tuning models with er-
ror detection capabilities, supporting research
on translation quality estimation, error-aware
generation, and low-resource language evalua-
tion. We report our rigorous annotation pro-
cess by native speakers, with analyses on inter-
annotator agreement, iterative feedback, and
patterns in error type and severity.

1 Introduction

Machine translation (MT) has made significant ad-
vancements in recent years as either supervised sys-
tems (Luong et al., 2015; Lakew et al., 2018; Liu
et al., 2020; Wang et al., 2022; Liu, 2022; Park
et al., 2023) or LLMs (Zhu et al., 2024; Freitag
et al., 2024). However, such work often focuses on
higher-resource languages, and progress remains
limited with low-resource languages (Ranathunga
et al., 2023), where fine-tuned models suffer from
poor performance (Lee et al., 2022; Shliazhko
et al., 2024) and LLMs output noise (Iyer et al.,
2024; Levine et al., 2025).

We focus on two major yet low-resource Sinitic
languages, Cantonese' and Wu Chinese?. They re-

'Also known as Yue (Eberhard et al., 2023)

*Whose most well-known dialect is Shanghainese (Eber-
hard et al., 2023). We discuss our terminology for these lan-
guages in Appendix A.

Source: The weather is beautiful today.

MT: 5% |[E&3E Xx=5E E%
Today I think the weatheris beautiful
Reference: §kX XS1R ¥¥o
Today the weatheris beautiful

Annotation Spans:
o Text: “FHRF"
Error type: Addition
Severity: Major
Start:2 End:5

o Text: B
Error type: Mistranslation
Severity: Minor
Start:8 End: 10

Figure 1: Sample Mandarin entry. mt looks fluent, but
contains subtle semantic errors: an unwarranted subjec-
tive phrase (Addition) and a lexical mistranslation (Mis-
translation). While 255 directly translates to beautiful,
it usually describes people or objects and #f good is
more natural when used to describe the weather.

main underserved despite having more than 80 mil-
lion and 83 million speakers respectively, across
southern and eastern China and various diasporas
across the world (Chappell, 2015; Eberhard et al.,
2023). The limited progress is attributable to the
dominance of Mandarin as lingua franca in these
regions (Norman, 1988; Li, 2006), scarcity in pub-
licly available parallel corpora (Xiang et al., 2024),
the lack of standardization in writing systems (Pan
etal., 1991; Tang et al., 2002; Kwan-hin and Bauer,
2002; Snow, 2008), and their status as primarily
vernacular (i.e. spoken rather than written) lan-
guages (Pan et al., 1991; Snow, 2004; Li, 2006).

In this paper, we add to the Sinitic MT literature
by presenting SiNniTicMTERROR, a novel suite of
datasets that build on FLORES+ (Goyal et al., 2022;
NLLB Team et al., 2024; Yu et al., 2024) to pro-
vide erroneous machine translation examples and
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Figure 2: Overview of our annotation pipeline. We input English sentences from FLORES+ to generate mt outputs
(e.g., from NLLB) into Sinitic languages (Mandarin, Cantonese, Wu).

detailed span-level error annotations including er-
ror type and severity for Mandarin, Cantonese, and
Wu Chinese (Figure 1).

We report preliminary statistics across 2,000
Mandarin and 1,000 Cantonese sentences, with
Wu Chinese annotations still in progress. Early re-
sults suggest distinctive error distributions across
languages. We describe our annotation process
conducted by native speakers (Figure 2; Section 3),
discussions on patterns in error types and severity
(Section 4), and detailed analyses on translation is-
sues (Section 5), offering both linguistic insights
and resources to advance low-resource MT. A sam-
ple of our dataset is available at an Anonymous
GitHub Repository.

2 Related Work

Annotation frameworks like Multidimensional
Quality Metrics (MQM; Burchardt, 2013) and Er-
ror Span Annotations (ESA; Chen et al., 2020;
Kocmi et al., 2024, inter alia) represent important
steps toward more equitable multilingual NLP by
introducing standardized methods for evaluating
translation quality. MQM and ESA facilitate iden-
tifying and localizing errors to improve translation
pipelines (Chen et al., 2020; Zhang et al., 2025),
and explicit fine-tuning or prompting to improve
the quality of generative model output (Kocmi and
Federmann, 2023; Wang et al., 2024).

While these frameworks offer a promising foun-
dation, existing datasets built on them have largely

focused on high-resource languages such as En-
glish, French, and Mandarin Chinese (Freitag
et al., 2021; Sellam et al., 2021). One effort to
adapt these tools to lower-resource languages is by
Singh et al. (2024) who focus on low-resource In-
dic languages.

FLORES-101, FLORES-200, and FLORES+
(Goyal et al., 2022; NLLB Team et al., 2024)
are initiatives that have introduced multilingual
benchmarks covering over 100 languages, many of
which are low-resource, to support equitable evalu-
ation of MT systems. Building upon FLORES-200,
AfriCOMET (Wang et al., 2024) is an annotation
effort aiming to bridge the gap between low-
resource languages and MT systems by providing
annotated datasets for underrepresented African
languages. Similar work has emerged for Bambara
(Dou and Neubig, 2022), Amharic and Tigrinya
(Shapiro et al., 2023), and Spanish languages
(Perez-Ortiz et al., 2024), offering parallel corpora
and baseline models. Within the Sinitic language
family, resources in Hokkien® (Lu et al., 2022;
Chen et al., 2023; Lu et al., 2024) and Hakka
(Hung and Huang, 2022; Lai et al., 2024) have
been compiled.

Despite related efforts, publicly available re-
sources in Cantonese and Wu Chinese remain
scarce. Proprietary LLMs offer commercial ser-
vice in Cantonese (OpenAl et al., 2024; Team et al.,

3 Also known as Min Nan (Southern Min; Eberhard et al.,
2023)
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2024) and several Cantonese—Mandarin or Can-
tonese—English parallel corpora exist in the form
of subtitles (Wong and Zhang, 2017), dictionaries
(Mair and DeFrancis, 2003), or government tran-
scripts (Lee, 2011). However, resources are lim-
ited in scale or accessibility as surveyed by Xiang
et al. (2024). As a result, previous work in Can-
tonese MT have relied on synthetic data augmenta-
tion (Liu, 2022; Hong et al., 2024). To the best of
our knowledge, the recent addition to FLORES+ (Yu
et al., 2024) represents the sole publicly available
MT resource in Wu Chinese.

3 Dataset Construction and Annotation

We follow Han orthographic standardization of
Yu et al. (2024) for Wu Chinese, where phonetic
transliterations follow the pronunciation of the
Chongming dialect. We also follow NLLB Team
et al. (2024)’s choice of traditional Han orthogra-
phy for Cantonese.

Each example in the dataset consists of a triplet
of sentences: a source sentence (src), a machine-
translated sentence (mt), and a reference transla-
tion (ref). The src and ref pairs are drawn
from the FLORES+, which is an extension of the
FLORES-200 dataset (NLLB Team et al., 2024).
The mt sentences are generated using the 600M
NLLB-200 (Team et al., 2022) for Mandarin and
Cantonese, and Qwen2.5 Max (Team, 2024) for
Wu Chinese. We describe our model selection and
mt generation in detail in Appendix B.

Annotation
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Figure 3: Annotators were presented with the original
English source sentence, the machine-translated output
(mt), and a human reference translation for comparison.
The green check marks indicate completed annotations.

The constructed dataset is then provided to an-
notators for error span annotation. For each lan-
guage pair (English-Mandarin, English-Cantonese,
English-Wu Chinese), we recruit three bilingual
annotators who are listed as collaborating authors.
The annotators are native speakers of their respec-
tive target languages and highly proficient in En-
glish. They are familiar with both the linguistic
conventions of their target language and the goals

of the annotation task.

We use the TRANSLATIONCORRECT tool (Wasti
et al., 2025) as our annotation interface. A sam-
ple screen from the interface is illustrated in Fig-
ure 3. We discuss the interface in greater detail in
Appendix C.

3.1 Annotation Guidelines

Annotators are instructed to examine the mt sen-
tence with reference to both src and ref, and iden-
tify any translation errors by highlighting spans
directly on the mt sentences. For each error
span, annotators categorize the severity and er-
ror type, while recording the erroneous span in-
dices in the mt sentence. The label spaces for
severity and type, adopted from MQM guidelines
(Burchardt, 2013) and the AfriCOMET framework
(Wang et al., 2024) are described in Appendix D.

Granularity. When identifying errors, the an-
notators are asked to be as fine-grained as possi-
ble. For example, if a sentence contains two words
that are each mistranslated, two separate mistrans-
lation error spans should be recorded. If a single
text segment contains multiple errors, the leftmost
span with highest severity is to be recorded.

Additional info. One error type is omission,
where content in the source sentence is missing
from the translation. In such case, annotators are
instructed to insert the missing information the
post-editing box and highlight the inserted span
with the appropriate type (omission), span, and
severity labels.

3.2 Annotation Workflow

First, annotators were trained on using the annota-
tion tool, then provided with detailed guidelines,
including definitions of error categories and sever-
ity levels, along with examples. The training was
then followed by a multi-stage pilot setup.
Mandarin pilot. Mandarin annotators had two
rounds of pilot studies. In the first round, each an-
notator completed 50 examples, which were then
reviewed by a language lead. The lead provided
feedback and held group discussions to ensure con-
sistency, before annotators completed a second
round of 50 examples. Qualitative analysis showed
clear improvement in annotation consistency.
Cantonese pilot. Cantonese annotators fol-
lowed a more granular setup consisting of 4-rounds.
The initial round included 50 examples and the
others 10 examples each, completing 80 examples
in total. Additional rounds of 10 examples were



added to ensure sufficient agreement before pro-
ceeding. We describe the details of adjustments
made during the pilot stages in Appendix E.

Main annotation phase. During the main an-
notation phase, annotators worked in batches of 50
to 200 sentences. With each batch, we employed
a similar iterative process where annotations were
reviewed, recurring issues discussed, and relevant
guidelines fine-tuned. During such iterative pro-
cess, guidelines on annotation granularity and cat-
egorizing missing punctuation as omission were es-
tablished.

Quality assurance. After completing the first
round of annotations (main annotator round), anno-
tators proceed to the Quality Assurance (QA) stage.
In this phase, each annotator will be assigned sen-
tences previously annotated by another team mem-
ber. Each participant reviews these annotations
and discusses any discrepancies with the original
annotator, should there be any, to improve consis-
tency across annotators. We plan to perform inter-
annotator agreement analysis in multiple stages.

4 Preliminary Dataset Statistics

We report our preliminary statistics from the on-
going annotation of Mandarin and Cantonese data.
At the time of writing, we have annotated 2009
Mandarin sentences and 996 Cantonese sentences,
with Wu Chinese still in its pilot training phase.
Table 1 and Table 2 present the distribution of er-
ror categories and severity levels in our current
annotation data. On average, each Mandarin sen-
tence contains 1.93 annotation spans, while each
Cantonese sentence contains 6.82 spans, showing
a much higher span density than Mandarin. For
Wu Chinese, we will follow the same annotation
setup as Mandarin.

In Mandarin annotations, mistranslation, omis-
sion, and grammar errors are the most frequent er-
ror types. For Cantonese, the most common er-
ror types are omission, typography, and mistrans-
lation. This suggests that although these language
models are capable of generating well-formed sen-
tences, they often struggle with incomplete repre-
sentations of semantic and syntactic structure (c.f.
Berglund et al., 2024; Min et al., 2025). Cantonese
outputs also record a much higher number of error
spans per sentence compared to Mandarin, which
indicates that the model performs worse in Can-
tonese. This likely represents the limited avail-
ability of high-quality Cantonese resources (Xiang

Type Count Proportion Freq/ 1k
Mistranslation 2,306 61.2% 1,148
Omission 534 14.2% 266
Grammar 267 7.1% 133
Unintelligible 198 5.3% 99
Typography 133 3.5% 66
Untranslated 128 3.4% 64
Spelling 114 3.0% 57
Addition 86 2.3% 43
(a) Mandarin (2009 sentences)
Type Count Proportion Freq/1k
Mistranslation 2,471 36.3% 2,481
Typography 1,723 25.6% 1,730
Omission 1,355 19.9% 1,360
Addition 470 6.9% 472
Grammar 348 5.1% 349
Spelling 244 3.6% 245
Untranslated 180 2.6% 181
Unintelligible 1 0.0% 1

(b) Cantonese (996 sentences)

Table 1: Error Category counts in Mandarin and Can-
tonese mt outputs, sorted by frequency.

Severity Mandarin Cantonese
Minor 2,127 5,863
Major 1,639 949

Table 2: Error severity counts in Mandarin and Can-
tonese mt outputs. Minor errors are more frequent in
both languages, though major errors remain substantial.

et al.,, 2024). Finally, an analysis of the number
of major versus minor errors shows that many er-
rors are minor semantic or felicity issues rather
than complete misinterpretations, attesting to the
powerful multilingual adaptability of transformer-
based language models (e.g. Liu et al., 2020; Zhu
etal., 2024). Overall, these early results show both
shared and language-specific challenges in Sinitic
machine translation.

5 Annotation Insights

In this section, we discuss several insights we
gathered during span-level our annotation efforts,
which highlight cross-lingual differences in syntax
and semantics.

Differences in error type distribution. Beyond
lexical differences, Cantonese and Mandarin differ
in several ways, e.g. word order and function word
inventory (Zhang, 1998). The suite of aspect and
feature markers and sentence-final particles differ,
with Cantonese boasting a richer inventory that en-
codes more fine-grained nuance in tense, speaker



stance or attitude (Yap and Chor, 2011; Lee, 2019).
Cantonese also allows serial verb constructions
(e.g. go buy eat rice as a sequence) to a greater
extent than in Mandarin (Matthews, 2006). Such
differences may be reflected in Table 5, where the
grammar error type is much more frequent per sen-
tence in Cantonese than in Mandarin. The differ-
ence in functional word inventory is likely a major
source of such error; we observe erroneous particle
uses in Cantonese mt sentences, many of which are
valid particles in Mandarin yet ungrammatical in
Cantonese. Examples include erroneous use of 7}
in place of Cantonese particle 4 only after, Man-
darin possessive f in place of Cantonese Mf; and
Mandarin 7F in place of Cantonese copula Mz be
at.

Translationese. Compared to English, Chinese
languages typically have simpler sentence struc-
ture and clause segmentation (Morbiato, 2018), re-
lies much more heavily on particles and pro-drop
(Li and Thompson, 1979; Paul, 2014), and has dif-
ferent headedness principles (Levy and Manning,
2003). However, many machine translation out-
puts were constructed in an English clause struc-
ture (i.e. translationese; Riley et al., 2020), which
results in unnatural or even ungrammatical phras-
ing. For example, subordinate clauses were often
translated as long embedded segments, instead of
being split into multiple short sentences, which is
more natural in Chinese.

Lack of standardization. As discussed in Sec-
tion 1, MT in Cantonese and Wu Chinese face
unique difficulties as a primarily a spoken lan-
guage. Written Cantonese most often appears in
informal contexts like texting, where conventions
are inconsistent. As a result, both MT systems and
Cantonese annotators face the challenge of the lack
of an accepted written norm. There are several in-
stances in the annotations where multiple written
forms correspond to the same spoken word, such
as WUER, MR like this, this way. Annotators ac-
cept both variants: B is considered the standard
form, while "H#% is more widely used in practice.

Language Confusion. We also observe lan-
guage confusion; some machine translations in Wu
or Cantonese unexpectedly output material from
other languages. While it may have been unsur-
prising to observe language confusion within the
Sinitic family, we observe one instance where flu
was erroneously translated into Japanese 4 >~ 7

)V I > ¥, a Katakana adoption of influenza. This
behavior may resemble code mixing in humans,
a behavior noted across bilingual infants (Lanza,
1997) and adults (Muysken, 2000). However, we
believe this is closer to language confusion or in-
terference often observed in multilingual NLP sys-
tems (Wang et al., 2020; Yu et al., 2024; Lee et al.,
2025), which has been attributed to high temper-
ature, language mismatch between representation
learning and preference tuning, and under-training
(Marchisio et al., 2024).

These behaviors illustrate the challenge of stable
and accurate generation in a low-resource language
in multilingual machine translation. More broadly,
these findings call for more attention and resources
for low-resource Sinitic languages, which lack rep-
resentation in current multilingual NLP research.

6 Conclusion

In this paper, we introduce SiNITICMTERROR, a
parallel English-to-Sinitic machine translation er-
ror dataset in Mandarin, Cantonese, and Wu Chi-
nese that comprise of erroneous machine trans-
lation text, erroneous spans, their error type and
severity, and a gold-label translation. The dataset
is a work-in-progress; the Mandarin split is com-
plete with 2,000 sentences; Cantonese in progress
with 1,000, and Wu in its pilot stages.
SinrricMTERROR will be one of the first human-
annotated span-level resources for Wu Chinese,
along with the Shanghainese Universal Dependen-
cies dataset (Yang, 2025) and serve as a significant
addition to a small collection of Cantonese human-
annotated resources. Beyond the dataset’s imme-
diate role in error analysis and MT, we anticipate
that the parallel dataset can support a wide range
of downstream applications. The dataset may be
adapted for several natural language understanding
tasks, including language detection and linguistic
acceptability judgment. Moreover, the parallel na-
ture of the dataset makes it a promising resource
for transfer learning, which allows models trained
on high-resource languages to be adapted more ef-
fectively to low-resource Sinitic varieties.

Limitations and Future Work

While we present the annotation guidelines and
workflow, the annotation is incomplete at the time
of submission. We plan to complete the annota-
tion by the time the paper is to be presented, but
the reported analysis is preliminary and may not



be representative of our completed work.

In addition, the dataset builds on FLORES+
(Goyal et al., 2022; NLLB Team et al., 2024; Yu
et al., 2024), whose source sentences are in En-
glish. Although the Cantonese and Wu sentences
are parallel, the erroneous machine translations are
attempts to translate from English using MT sys-
tems and LLLM, and may not represent real-world
use cases of translating to and from Cantonese and
Wu Chinese, whose speakers may often be lim-
ited proficiency bilinguals fluent in Mandarin (Li,
2006).

Finally, our work only spans Cantonese and Wu
Chinese among over a dozen of Sinitic languages
(Tang and van Heuven, 2007; Chappell, 2015),
each with varying numbers of native and bilingual
speakers (Norman, 1988; Eberhard et al., 2023).
Future work may bootstrap our annotation guide-
lines and tools to expand to other Sinitic languages
as well.

In the future, we plan to finish the annotation of
about 2000 sentences for both Mandarin and Can-
tonese, as well as around 1000 sentences for Wu
Chinese. We also intend to conduct experiments
that showcase the utility of the datset for machine
translation evaluation and error analysis. We fur-
ther plan to release both the dataset and our exper-
imental results to encourage broader adoption and
future research in this area.
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available, non-sensitive source dataset FLORES+
(Goyal et al., 2022; NLLB Team et al., 2024; Yu
et al., 2024). The annotators are native speakers
of the target language (Cantonese or Wu Chinese),
knowledgeable about their work and the dataset’s
downstream use. We internally review the work to
ensure it does not contain any personally identifi-
able information.

The mt outputs on which error spans were anno-
tated were generated by publicly available LLMs
and may contain unintended biases or stereotypes.
We encourage responsible and context-aware use
of our dataset in downstream applications.
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A Language Terminology

Names and boundaries between languages in
China are often fuzzy (Chappell, 2015), with vary-
ing conventions across fields. We clarify that this
work discusses annotations in the language rather
than dialects specific to the city or a region, al-
though the annotations may reflect the prestige di-
alect that is spoken in Shanghai and Pearl Delta Re-
gion, respectively (Chappell, 2015; Eberhard et al.,
2023).

Yue or Cantonese? The distinction between
Yue and Cantonese can be unclear. While Eber-
hard et al. (2023) describes Cantonese as an al-
ternate name for Yue, some use it to describe the
Guangzhou dialect of Yue (e.g. Matthews and Yip,
2011). In this work, we follow Ethnologue (Eber-
hard et al., 2023) and previous work in Cantonese
MT (Liu, 2022; Hong et al., 2024) to refer to the
entire Yue language as Cantonese. We note that
NLLB Team et al. (2024) use ”Yue Chinese” to de-
scribe what we describe as Cantonese in this paper.

Wu or Shanghainese? The distinction be-
tween Wu and Shanghainese is much clearer—
Shanghainese is a dialect of Wu (Eberhard et al.,
2023). In MT, the sole work in Wu Chinese
(Yu et al., 2024) does not use the term Shang-
hainese. We follow such prior work to discuss
our annotations in Wu Chinese, rather than
Shanghainese.

B Model Selection and mt Generation

B.1 Cantonese

The model selection process determined the model
family used for the machine translations and the
particular parameter size used. Models in the 1 bil-
lion parameter range and 6 billion parameter range
were investigated, as models with around 1 billion
parameters can be run locally on mobile devices,
while models in the 6 billion parameter range can
be run locally with a mid-range GPU such as an
NVIDIA RTX 9060. Improving models within
these parameter ranges can increase accessibility
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of high quality multilingual models while preserv-
ing privacy, as users would be able to prevent third-
parties from gathering user data. To compare per-
formance, the first 10 sentences from the English
subset of FLORES+ (Yu et al., 2024) were trans-
lated with each of the models into Cantonese. For
instruct or chat models, the instruction was left as
the model default, as changing the instruction to
“translate the following sentence to Cantonese”and
simply having the English sentence as a prompt
failed to provide Cantonese output.

To determine whether the output was in Can-
tonese, two strategies were employed. The first
was to ensure the output was in Traditional Chi-
nese instead of Simplified Chinese, as Hong Kong
Cantonese is written in Traditional characters. The
second is to observe whether the output con-
tains Cantonese-specific characters, while avoid-
ing Mandarin-specific characters. If a model’ s
output was not in Cantonese, attempts to re-prompt
the model to receive Cantonese output would be
taken, such as asking to “translate the following
sentence to Yue Traditional Chinese” orto “trans-
late the following sentence to Cantonese with Can-
tonese features” .

The performance of each model was then evalu-
ated with the assistance of an annotator from the
annotation team: the best output of each model
was then corrected to produce a corrected sentence.
Once corrections for all outputs were done for all
models, the corrected versions of each sentence
were aggregated along with the reference transla-
tion to create a set of reference sentences, and each
of the models’ outputs were evaluated using Sacre-
BLEU (Post, 2018) and ChrF++ (Popovié, 2017).

The following models in the 1 billion parame-
ter range were explored: 600M NLLB-200 (Team
etal., 2022), 1.5B Qwen 2.5 Instruct (Team, 2024),
1B Llama 3.2 Instruct (Grattafiori et al., 2024),
1.1B Bloomz (Muennighoff et al., 2023), and 1.2B
mTO Large (Muennighoff et al., 2023). However,
only NLLB was able to produce Cantonese, even
after repeated re-prompting of the other models.

In the 8 billion parameter range, the following
models were explored: 7B Qwen Chat (Bai et al.,
2023), 8B Llama 3.1 (Grattafiori et al., 2024), and
8B Aya Expanse (Dang et al., 2024). However,
Qwen was not able to produce Cantonese, even af-
ter repeated re-prompting. So, in the 8 billion pa-
rameter range, only Llama 3.1 and Aya were con-
sidered.

Upon further investigation, while all models

above supported “Chinese” , only NLLB-200 and
AyaExpanse’ s training data included data that was
explicitly “Cantonese” . Llama and Qwen’ s train-
ing data could not be found, and the training data
used for other models did not include Cantonese
data.

The SacreBLEU and ChrF++ scores of the

three models evaluated were as follows: While
Model NLLB-200 Aya Expanse Llama-3.1
# Params 600M 8B 8B
SacreBLEU 74.5 79.9 82.1
ChrF++ 75.0 72.7 82.0

Table 3: Comparison of Translation Models Using
SacreBLEU and ChrF++.

NLLB-200 had the lowest average SacreBLEU and
ChrF++ scores, the 8B models only did around
10% better in evaluation, while having almost an
order of magnitude more parameters.

NLLB-200 was chosen as the model for machine
translations for two reasons. The first reason is its
smaller size: by virtue of having less parameters,
it can be run on a larger variety of machines, mak-
ing it more accessible to those without dedicated
hardware for ML models. The second reason is
that its lower average evaluation scores could lead
to the creation of a more useful dataset: more er-
rors in the machine translations mean more errors
to mark down, meaning there are more examples of
what machine translations are doing wrong. How-
ever, NLLB-200 is less than 10% worse than Aya
8B and Llama 3.1 8B, meaning the errors being
identified are a lot more fine-grained than a model
that just produces irrelevant outputs.

B.2 Mandarin

For consistency across languages, we used the
same model for Mandarin as we did for Cantonese.
As discussed in B.1, 600M NLLB (Team et al.,
2022) was selected based on a thorough analysis
of model quality and parameter size. Using a sin-
gle model allows us to maintain consistency in
prompts and output formatting across languages.
Moreover, NLLB shows decent performances in
Mandarin, thus making it an ideal choice for pro-
ducing the mt outputs.

B.3 Wu Chinese

For Wu Chinese, we chose Qwen 2.5 Max (Team,
2024) for producing MT outputs since it re-
mains the only publicly accessible large language



model with stable Wu Chinese ability, apart from
DeepSeek, which could not be used due to insti-
tutional restrictions. We tried other models, in-
cluding Llama and NLLB-200, which were unable
to produce usable Wu Chinese output even after
prompt engineering. We ensured Qwen 2.5 Max
was regularly able to produce Wu Chinese trans-
lations using basic prompts. Following several
rounds of experimentation, we chose the following
prompt for producing consistent Wu Chinese trans-
lations with Qwen:

Please translate the following English texts into idiomatic
Shanghainese.

1. Ensure the translation is accurate.

2. Each sentence in English should be matched by a sepa-
rate sentence in Shanghainese, with the complete meaning
preserved.

For example, for a complex sentence containing multiple
clauses (and thus multiple periods), all parts should be
translated. For example:

”Downhill snowsports, which include skiing and snow-
boarding, are popular sports involving sliding down snow-
covered terrain with skis or a snowboard attached to your
feet.”

This example contains two sentences, and both should be
fully translated.

C Annotation Interface

The TrRANSLATIONCORRECT tool (Wasti et al.,
2025), a web-based annotation platform designed
for machine translation post-editing and error tag-
ging, is used for our annotations. As shown in Fig-
ure 3, for each example, annotators can see the src,
mt, and ref sentences, and whether it has been an-
notated.

The tool allows annotators to highlight spans
in the machine-translated output and assign error
severity levels and error categories from prede-
fined label sets (See Figure 4). All annotation data
were stored in our database and later exported for
analysis.

D Annotation Labels

We adapted our error severity and category defini-
tions based on MQM guidelines (Burchardt, 2013)
and the AfriCOMET framework (Wang et al.,
2024), with modifications informed by language-
specific characteristics of Sinitic Languages. More
detailed information on the guidelines and modifi-
cations can be found in E. After multiple rounds
of pilot annotation and qualitative analysis as de-
scribed in Section 3, we refined the labels to better
capture common translation issues observed in our

data. Table 4 and Table 5 show the definition of
severity levels and error categories, respectively.

E Additional Details on Annotation
Guidelines

While we base our annotation guidelines on prior
work in MQM (Burchardt, 2013) and AfriCOMET
(Wang et al., 2024), we make several adjustments
during the pilot and main annotation stages de-
scribed in Section 3.2. We describe such adjust-
ments in detail below.

Inappropriate Proper Nouns. For proper
nouns such as specific names of people and places,
if their translations are not the same as in the ref-
erence sentences, then annotators should classify
them as Spelling errors, instead of Mistranslation.
This guideline is based on the assumption that
the reference translations from Flores+ (Goyal
et al., 2022; NLLB Team et al., 2024; Yu et al.,
2024) are of high quality, as they were created by
professional human translators. The purpose is to
distinguish between general semantic mistransla-
tion and inappropriate translations of the proper
nouns, which may vary historically or regionally.
Labeling such differences as Spelling errors helps
the future work, as models could better learn about
the boundaries between semantic-level errors and
surface-level variations.

Full-width form punctuations. In Sinitic writ-
ing systems, full-width punctuation marks are com-
monly used. However, the 600M NLLB-200
model (Team et al., 2022) consistently outputs sen-
tences with punctuations in half-width forms. The
annotators were instructed to skip such annotation
cases, as the goal is to distinguish between misuse
of punctuations and incorrect forms of them. In
the future QA stage, we plan to consult linguistic
experts and may introduce a new error category, if
this issue will significantly affect translation qual-
ity according to the experts.

Omission of quality score evaluations. In our
dataset, we focus exclusively on the error span po-
sitions, error type, and severity, rather than assign-
ing overall quality scores to the machine transla-
tions. Our design reflects our goal of helping the
models better identifying and classifying errors, in-
stead of performing quality assessments. Omitting
quality scores also improves the translation effi-
ciency and helps avoid subjectivity and disagree-
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Figure 4: Annotators could select spans in the machine-translated output, assign an error type (e.g., “Mistranslation”
), and specify the severity level (e.g., “Major” ). In this example, the span has been tagged as a major mistranslation.

Severity Level Definition

Major The error introduced causes a significant change in the meaning of the translated sentence.
Minor The error does not change the core meaning of the translated sentence, but introduces a slight issue
affecting fluency or readability.

Table 4: Definitions of severity levels used for error annotation.

ment over score interpretation, thus improving con-
sistency and efficiency in the annotation process.



Error Category

Definition

Addition
Omission

Mistranslation
Untranslated
Grammar
Spelling
Typography

Unintelligible

The highlighted span in the translation corresponds to information that does not exist in the source text.
The highlighted span corresponds to content manually inserted by the annotator into the translation,
representing information present in the source text but missing from the original MT output.

The highlighted span in the translation does not have the exact same meaning as the corresponding span
in the source segment.

The highlighted span in the translation is a copy of the corresponding span in the source segment, but
should have been translated into the target language.

The highlighted span corresponds to issues related to grammar or syntax in the translated text, excluding
spelling and orthography.

The highlighted span corresponds to spelling issues. Mistranslations of names (e.g., locations, people)
are also categorized as spelling errors.

The highlighted span corresponds to issues related to punctuation or diacritics, except omission of punc-
tuations.

The exact nature of the error cannot be determined, indicating a major breakdown in fluency.

Table 5: Definitions of error categories used for annotation.
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