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Abstract
Multilingual large language models are known to perform very well on high-resource languages, while their ability to
process severely under-resourced languages remains underexplored. We investigate multilingual LLM translation
performance on Fuzhounese, an under-resourced Sinitic language without a standardized orthography and almost
no digital presence. Having adopted some methodological insights from the HKCanto-Eval benchmark, this paper
presents a bidirectional translation framework based on a dataset of 305 sentences (300 constructed English
sentences and 5 additional reference translations), that assesses the comprehension and generation of Fuzhounese,
evaluated using automatic metrics and human Likert-scale judgments. The results reveal poor performance on
Fuzhounese in both translation directions: BERTScore and chrF++ values consistently stay low when models are
faced with comprehension tasks, while for generation tasks, scores are generally more than twofold lower than those
for Mandarin or Cantonese. These findings highlight structural biases in multilingual LLMs toward high-resource
languages and stress the need for resource-aware modeling and evaluation approaches in multilingual NLP systems.
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1. Introduction and the lack of any systematic evaluation that we
are aware of, it is unclear how well current mul-

Multilingual large language models (LLMs) have tilingual LLMs process this language. Within the
been developing rapidly, raising questions about ~ Sinitic landscape, Cantonese research provides
how effectively these systems handle linguistic di-  the closest available comparison. The HKCanto-
versity. Recent studies show a substantial dif- Eval benchmark (Cheng et al., 2025) assesses the
ference in performance when comparing high- comprehension, translation, and idiomatic fluency
resource languages to low-resource languages of multilingual LLMs when faced with Cantonese,
(Joshi et al., 2020), which challenges the inclusive- @ comparatively well-documented Chinese variety.
ness and generalizability of current NLP technolo- It is consistently found that models often default to
gies. LLMs are primarily trained on high-resource ~ Mandarin-centric grammar and vocabulary, lead-
languages, performing far more reliably on well-  ing to the assumption that if robust models already
represented languages than under-resourced ones  Struggle with Cantonese, the performance drop on
(Qin et al., 2025), while nearly 90% of the world’s ~ Fuzhounese is likely to be even steeper.

languages do not have sufficient data for robust We address this gap by evaluating Fuzhounese
NLP modeling (Joshi et al., 2020). This under- Mmachine translation when paired up with Can-

scores a structural bias inherent in the design and ~ tonese, Mandarin or English. ~ Two different
training processes of modern multilingual LLMs. translation directions are assessed: Fuzhounese-

to-English/Cantonese/Mandarin and English-to-
Fuzhounese/Cantonese/Mandarin. Mandarin and
Cantonese serve as reference languages and rep-
resent different levels of linguistic standardization
and resource availability within the Sinitic language
family. In doing so, we also contribute the first par-
allel dataset for Fuzhounese machine translation
benchmarking. The gold translations were con-

the Fuzhounese language or its variants has never  Structed by a native Fuzhounese speaker and sub-
been mentioned in the 73,285 papers in the ACL sequently reviewed by additional native e}nd her-
Anthology up until 2022 (ACL OCL corpus, 1952- itage speakers to ensure linguistic validity.

2022, Rohatgi et al., 2023) and subsequently, that ] _ _
survey was the only mention. All dgta, prompts, and evaluation scripts
are  available at  https://github.com/fzhkch/

fuzhounese-translation-benchmark.
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Fuzhounese represents a particularly neglected
case in multilingual NLP research. Despite its large
speaker population of 10 million people (Norman,
1988; Eberhard et al., 2023), it has no standardized
orthography and minimal publicly available corpora
(Maclay and Baldwin, 1929), making it a perfect
example of a severely under-resourced language.
A recent survey by Liu and Best (2025) reveals that

Given this lack of attention in the community,
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We hypothesize that multilingual LLMs will ex-
hibit clear performance disparities between the
languages. Based on prior research into cross-
lingual transfer and data imbalance (Conneau et al.,
2020; Wu and Dredze, 2020), we expect that, when
Fuzhounese serves as the input language, Man-
darin, considering its high-resource status and
Sinitic affiliation, will be the most accurate, fol-
lowed by English and, lastly, Cantonese. When
English serves as the input language for transla-
tion, Mandarin translations are, likewise, expected
to be the most accurate, followed by Cantonese,
with Fuzhounese showing the lowest performance.

2. Background
2.1,

Multilingual large language models (LLMs) are
trained on data from multiple languages using
shared tokenization schemes and shared embed-
ding spaces (Xu et al., 2025). As a result, lan-
guages are not learned in isolation but through
joint representations that enable the application of
knowledge from one language to another, called
cross-lingual transfer.

High-resource languages tend to develop
stronger and more stable representations than
under-resourced languages, because training data
is highly imbalanced across languages. Subse-
quently, as a result of cross-lingual transfer, under-
resourced languages are more likely to be pro-
cessed through proxy mappings from dominant lan-
guages, which introduces systematic errors and
bias (Joshi et al., 2020; Conneau et al., 2020).

Multilingual Large Language Models

2.2. Under-resourced Language
Processing

The lack of standardized writing systems, robust
digital corpora and consistent annotation are all
factors that play a big role in under-resourced NLP
(Pakray et al., 2025), complicating both model be-
havior and its evaluation: models may fail to rec-
ognize non-standard writing, and the lack of cor-
pora makes multilingual LLMs rely heavily on proxy
transfer from dominant languages, resulting in in-
correct or distorted outputs. Automatic evaluation
metrics might underestimate quality when outputs
differ from references (Doddapaneni et al., 2025),
as their embedding spaces are often not trained
to capture linguistic variation in low-resource lan-
guages.

2.3. Cross-Lingual Transfer in Sinitic
Languages

Sinitic languages, despite displaying substantial
variation in lexicon, syntax and phonology, are of-
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ten clustered together by multilingual LLMs. Lower-
resourced varieties are put in the same group as
Mandarin, whose dominant resource status far out-
weighs that of the other languages. This results
in the incorrect mapping of non-Mandarin varieties
onto Mandarin-like structures (Cheng et al., 2025),
which may lead to significant errors for Sinitic vari-
eties that are structurally divergent from Mandarin,
such as Fuzhounese.

2.4. Evaluating LLMs through Translation

Translation tasks require models to demonstrate
several kinds of linguistic capabilities, such as lex-
ical access, grammatical mapping, and semantic
preservation (Papineni et al., 2002). For under-
resourced languages, these tasks are especially
revealing as they show whether a multilingual LLM
relies on genuine linguistic representations or de-
faults to structures from better-represented lan-
guages (Shani and Basirat, 2025). Moreover, trans-
lation tasks highlight asymmetries between com-
prehension and generation, providing insight into
how well a model can process a language that
is effectively absent from its training data (Cheng
et al., 2025). For these reasons, translation tasks
are widely used as a primary diagnostic tool for as-
sessing multilingual LLM performance on severely
under-resourced languages, such as Fuzhounese.

2.5. Linguistic and Sociotechnical
Background of Fuzhounese

Fuzhounese, as a member of the Eastern Min (Min
Dong) branch, split from other branches of the
Sinitic language family prior to the major phono-
logical and lexical developments that shaped most
modern Chinese languages (Norman, 1991). The
language is primarily spoken in and around the
city of Fuzhou, in a region characterized by moun-
tains and rivers. This limited mobility has fostered
a strong local identity (Ramsey, 1989) which, in
combination with the early divergence from other
Sinitic branches, allowed Fuzhounese to evolve rel-
atively independently from neighbouring language
variants. This resulted in substantial phonological
and lexical differences from most Sinitic languages
(Branner, 2000). Presently, the language is also
spoken by a diaspora community from this region.
Phonologically, Fuzhounese has a complex tonal
system with extensive tone sandhi chains, in which
tones change across entire phrases rather than
only in isolated pairs (Chen, 2000). Another prop-
erty that sets Fuzhounese apart from other Sinitic
languages is its lexical distinctiveness: many com-
mon Fuzhounese words have no direct equivalents
in other Sinitic varieties (Norman, 1991).
Fuzhounese does not have a standardized or-
thography. There is no official system that pre-



scribes the correct way to write Fuzhounese, re-
sulting in ambiguous and inconsistent written forms
(Branner, 2000). This study adopts Bang-ua-cé
(Foochow Romanized), which is a long-established
romanization system designed to reflect the phono-
logical structure of the language (Baldwin, 1871),
as the primary representation of Fuzhounese. Al-
though not officially standardized, Bang-uéa-cé pro-
vides the most transparent and linguistically faithful
representation currently available. It directly en-
codes tonal and segmental distinctions that may
get obscured or lost in character-based approxima-
tions, making it well suited for translation-based
evaluation.

In relation to other Sinitic varieties, Fuzhounese
shares more typological properties with other
Southern Chinese languages, in particularly Can-
tonese. While Fuzhounese and Cantonese don’t
belong to the same branch of the Sinitic Family,
both preserve rich tonal inventories and complex
tonal realizations: this is a feature that has been
shown to contribute to perceived similarity across
Southern Sinitic languages, even when lexical over-
lap is limited (Tang and van Heuven, 2007). Thus,
tonal complexity appears to provide perceptual
cues that facilitate partial comprehension. This
relative tonal closeness stands in contrast to Man-
darin’s simplified tonal system, which differs sub-
stantially in both tonal inventory and sandhi behav-
jor (Duanmu, 2007), and motivates the inclusion of
both Mandarin and Cantonese as complementary
comparison languages in our evaluation.

Excluding Hong Kong, where Cantonese is
widely supported and used in public and institu-
tional domains, Mandarin is the only standardized
language of formal instruction and governance in
mainland China (Norman, 1988). This policy limits
support for regional varieties, making Fuzhounese
one of many Chinese languages that are largely
confided to informal and spoken domains. As
Fuzhounese does not hold an official language sta-
tus in China, the availability of linguistic resources
becomes limited: the production of textual materi-
als is constrained due to not having a standardized
orthography (Branner, 2000), and the language’s
primary use in informal spoken contexts further lim-
its its presence in formal written communication
(Norman, 1991). Overall, Fuzhounese is widely
considered a low-resource language in both lin-
guistic and computational contexts. Existing writ-
ten resources consist mostly of fragmented and
sparse data, which are often outdated or lacking
consistency in spelling and representation (Nor-
man, 1991).

Therefore, Fuzhounese may be a particularly
challenging case for multilingual large language
models. The absence of standardized orthography
and limited textual data affects model exposure,

increasing the reliance on cross-lingual transfer
from dominant Sinitic languages (Jiang et al., 2025).
Such characteristics provide a clear motivation
for evaluating LLM performance on Fuzhounese
through translation-based tasks. To date, there are
no known large language models that have been
pre-trained or fine-tuned on Fuzhounese corpora
(Liu and Best, 2025).

2.6. Related Work

NLP researchers have previously examined how
multilingual language models perform across lan-
guages that vary in levels of linguistic resources,
revealing that inequalities in the distribution of train-
ing data directly influences model performance.
Qin et al. (2025) provide empirical evidence show-
ing that multilingual models consistently favor lan-
guages with bigger corpora over low-resource lan-
guages, as they produce more accurate and stable
outputs.

The HKCanto-Eval benchmark (Cheng et al.,
2025) reveals that even state-of-the-art multilingual
LLMs often mistranslate idiomatic expressions or
default to Mandarin vocabulary and syntax in trans-
lating Cantonese. Medium-resource languages
studies, such as Armengol-Estapé et al.’s (2021)
work on Catalan, reveal the same issues. Studies
on low-resource machine translation show that mul-
tilingual LLMs struggle with under-resourced lan-
guages lacking parallel data (Kumar et al., 2025;
Mamasaidov et al., 2025). Furthermore, it is ar-
gued that dialects, which mostly do not have stan-
dardized orthographies, are significantly under-
evaluated (Joshi et al., 2020).

3. Methodology

To examine how LLMs handle Fuzhounese, our
methodology draws inspiration from HKCanto-Eval
(Cheng et al., 2025) by adopting a selection of their
components. Although HKCanto-Eval was origi-
nally developed for Cantonese, the benchmark of-
fers a useful structural reference for assessing the
performances of other Sinitic languages in LLMs.
As Fuzhounese is represented using Bang-ua-cé,
we adapt the evaluation into a translation-focused
benchmark suited to the linguistic and resource
constraints of Fuzhounese.

3.1. Dataset Construction

The dataset used in this study consists mainly
of 300 newly prepared English source sentences,
manually constructed to cover a range of linguis-
tic phenomena, including basic syntax, grammati-
cal variation, idiomatic expressions, and narrative
structures. Additionally, an extra five sentences
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with previously documented Fuzhounese transla-
tions are added to complement the dataset, provid-
ing a reference point for the qualitative assessment
of translation accuracy. While the dataset size is
modest, it reflects the practical constraints of con-
structing expert-validated Fuzhounese data under
severe resource scarcity.

Category Short Medium Long  Total
Everyday 60 48 12 120
Grammar 40 32 13 85
Idioms 30 24 6 60
Narratives 10 10 10 30
Imperatives 10 0 0 10
Total 150 114 41 305

Table 1: Sentence distribution by category and
length — short (2-5 words), medium (6-11 words),
long (=12 words).

Table 1 shows the sentence distribution across
five semantic categories and three different sen-
tence lengths. The categorization follows the
same scheme as HKCanto-Eval (Cheng et al.,
2025), ensuring coverage of multiple language func-
tions, including everyday usage, grammatical con-
structions, idiomatic expressions, narrative descrip-
tions, and imperative forms. Sentences are fur-
ther grouped into short (2-5 words), medium (6-11
words), or long (=12 words), which allows analysis
of how sentence complexity influences translation
performance.

To form a parallel multilingual dataset, we man-
ually translated each English sentence into gold-
standard Cantonese and Mandarin translations. As
previously mentioned, these languages serve as
comparative baselines, possessing different levels
of larger digital corpora as well as greater repre-
sentations in the training data of multilingual LLMs.
This makes them suitable comparison candidates
for evaluating the relative difficulty that multilingual
LLMs encounter when processing Fuzhounese.

Furthermore, as the absence of a standardized
writing system and the extremely limited digital foot-
print make it difficult to source any suitable written
corpora, we create a full set of manual Fuzhounese
gold-translations in Bang-ué-cé for the 300 English-
source sentences in the dataset. These transla-
tions were created in a two-step procedure.

In the first step, initial translations were formu-
lated by a native Fuzhounese speaker, in consulta-
tion with historical materials to confirm romanization
accuracy and lexical validity. Specifically, The Man-
ual of the Foochow Dialect (Baldwin, 1871) and
the Dictionary of the Foochow Dialect (Maclay and
Baldwin, 1929) were consulted, which are some of
the few detailed descriptions of the dialect’s phonol-

201

ogy and vocabulary and provide good reference
information for tone categories and grammatical
markers. At this stage, the translations were also
cross-checked with a publicly available translitera-
tion tool for Eastern Min, which outputs rough Bang-
ua-cé romanizations based on Mandarin tokens?,
to have a more modern reference.

In the second step, five Fuzhounese speakers
from mainland China and overseas communities
review the sentences to help uncover and correct
potential issues, including tone sandhi errors, un-
natural lexical choices, and grammatical inconsis-
tencies. This ensures that the translations reflect
natural and correct Fuzhounese.

The resulting dataset is a four-way parallel cor-
pus of gold translations. This structure enables
detailed comparative analyses across languages
and categories, helping the study evaluate trans-
lation performance in both directions and allowing
the outputs of multilingual LLMs to be compared
against the reference translations.

3.2. Adaptations from HKCantoEval

Rather than reproducing the full HKCantoEval
framework (Cheng et al., 2025), this study adapts
3 main elements that are transferable to a low-
resource, romanized linguistic setting:

3.2.1. Bidirectional Translation

The main component of this evaluation is a
bidirectional translation task that examines both
Fuzhounese to English and English to Fuzhounese
comprehension, as multilingual LLMs often show
asymmetric capabilities. Including both translation
directions allows the study to capture these differ-
ences and evaluate whether the model’s linguistic
representations are robust or merely pattern-based
approximations.

3.2.2. Zero-Shot Evaluation Setting

Multilingual LLM performance is evaluated in a zero-
shot setting, meaning that no Fuzhounese exam-
ples or task demonstrations are provided prior to
generation. Zero-shot testing is essential given
the absence of training corpora for Fuzhounese,
making fine-tuning or supervised alignment infeasi-
ble. Therefore, this setup reflects real-world usage
conditions and allows model performance to be in-
terpreted as a direct indicator of existing multilingual
generalization rather than the result of task-specific
guidance.

We use the same prompt template as HKCan-
toEval (Cheng et al., 2025), modified slightly to

2https://transliterationtool&blogspot.com/2023/
11/eastern-min-conversion-tool.html
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accommodate romanized Fuzhounese input and
output. A single standardized translation prompt
is used across all models and languages to en-
sure comparability. Using an identical instruction
template prevents prompt-engineering bias, which
allows performance differences to be attributed to
model competence rather than instruction quality.
The prompt templates used in this study are pro-
vided in Appendix A.

3.3. Model Set-Up

The evaluation is conducted on a set of five dif-
ferent language models, developed across two
different research environments. GPT-40, GPT-
40 mini (OpenAl), and Gemini-2.5 Flash (Google
DeepMind) originate from Western research en-
vironments, whereas DeepSeek (DeepSeek Al)
and Qwen (Alibaba Cloud) come from Chinese re-
search and industry contexts. While information on
the representation of particular languages in the
training or instruction tuning data of these models
is not available, and all of these models are de-
signed as general-purpose multilingual systems,
their stated language support and development
in different research environments provides a ra-
tionale for examining whether performance differs
between Chinese and non-Chinese language pairs.

All models are accessed through their respec-
tive APIs using a consistent prompting format, with
each sentence being evaluated using one single
API call per model. All generation parameters are
kept at their API default values: the temperature
parameter is set to 0.0 to minimize randomness
and maximize determinism in model output. Top-p
is set to 1.0, and there is no frequency penalty or
presence penalty. No post-editing is applied to the
model outputs.

All prompts, API versions, dataset details, and
evaluation scripts are publicly available in the
aforementioned online supplementary materials on
GitHub.

3.4. Evaluation Framework and Metrics

The evaluation framework consists of two transla-
tion directions, which are assessed using a combi-
nation of automatic scoring with established metrics
and a manual evaluation tailored to the linguistic
properties of Fuzhounese.

3.4.1. Automatic Evaluation Metrics

Following recommendations from multilingual
machine-translation research and the HKCanto-
Eval Framework (Cheng et al., 2025), we apply two
automatic evaluation metrics: BERTScore (Zhang
et al., 2020) and chrF++ (Popovi¢, 2015).

BERTScore evaluates translation quality based
on semantic similarity, using contextualized em-
beddings. Scores range from 0 to 1, with prior
work showing that high-quality translations typically
achieve scores around 0.80, while values below
0.55 indicate poor semantic alignment (Zhang et al.,
2020). A clear limitation of this metric in our set-
ting is that BERT models are not trained to repre-
sent Bang-uéa-cé or other orthographic conventions
of Fuzhounese, which may lead to unreliable or
uninterpretable similarity scores for the language.
Therefore, we use BERTScore only to evaluate
translations in English, Mandarin, and Cantonese,
where pretrained BERT models do provide mean-
ingful semantic representations (Joshi et al., 2020).

chrF++ compares character-level n-gram se-
quences rather than word tokens, making the metric
more robust for low-resource and romanized lan-
guages like Fuzhounese. chrF++ has been shown
to perform reliably on Chinese-family languages
due to shared morphophonological patterns and
overlapping character sequences (Ma et al., 2019).
Scores range from 0 to 100, with values around
45 being common in high-quality translations, and
values below 20 reflecting minimal overlap with the
reference translation (Popovi¢, 2015).

3.4.2. Likert Scale for Translation
Comparison

Due to the limitations of BERTScore for evaluat-
ing Bang-ua-cé, automatic evaluation alone cannot
provide a complete comparison of model perfor-
mance with respect to translation accuracy across
Fuzhounese, Mandarin, and Cantonese genera-
tion. Thus, we additionally use a human Likert-
scale evaluation to evaluate English-source transla-
tions, an approach adopted in other work on under-
resourced languages (Graham et al., 2013; Kumar
et al., 2025). We use a five-point Likert scale to
evaluate translation quality across multiple dimen-
sions: Adequacy, Fluency, and Word Validity.
Every produced translation is rated indepen-
dently by three reviewers that are fluent in all three
languages, including native and heritage speakers
of Fuzhounese. They are instructed to prioritize se-
mantic equivalence over literal word matching and
to disregard spelling or character variation where
meaning is clear. This allows the direct comparison
of Fuzhounese, Mandarin, and Cantonese transla-
tions on a shared qualitative scale. When a model’s
output is clearly invalid or unintelligible, the trans-
lation will be considered a failure. Such outputs
are automatically assigned the minimum score of 1
without further subjective judgment, ensuring con-
sistency in the handling of faulty translations. Rat-
ings are averaged across annotators and across
the three dimensions to obtain final scores. To
assess the reliability of the ratings and contextual-

202



ize the result, we present separate inter-annotator
agreement values per dimension and per language.

4. Results

4.1. Fuzhounese-Source Translation
Tasks

In Table 2 we observe that in most cases, En-
glish generated translations obtain the highest
BERTScore values, with Cantonese predictions
ranking second and Mandarin predictions con-
sistently performing worst. This pattern is ob-
served across almost all evaluated models. The
BERTScores range from 0.151 to 0.508, meaning
that even the highest-scored model translations in-
dicate very limited comprehension of Fuzhounese.

The chrF++ scores exhibit a similar pattern: En-
glish scores notably higher across all models, while
absolute values are much lower for Mandarin and
Cantonese. Like BERTScore, the highest chrF++
score is also suboptimal, being a mere 30.59, once
again indicating very limited overlap between the
model outputs and gold translations.

As for models, we see that Gemini-2.5 Flash
achieves the highest scores across all categories.
Among these models, there doesn’t appear to be
a clear advantage for models developed in a Chi-
nese context. Despite Qwen-2.5-72b coming from
a Chinese context, it achieves higher scores when
translating Fuzhounese into English than into Can-
tonese or Mandarin. The relative ranking of models
remains consistent across languages.

4.2. English-Source Translation Tasks

Clear performance differences across the target
languages can be observed in Table 3. Unsur-
prisingly, English sentences that are translated
into Mandarin consistently achieve the highest
scores across both human and automatic met-
rics, obtaining near-ceiling Likert scores and strong
BERTScores (= 0.81-0.83) which indicate fluent
and semantically correct output. Cantonese ex-
hibits a similar but slightly weaker pattern, with
Likert scores above 4.1 and chrF++ values in the
27-45 range, suggesting that multilingual LLMs are
largely capable of producing acceptable Cantonese
translations, albeit with reduced lexical and syntac-
tic similarity compared to Mandarin. Fuzhounese
generated translations score substantially lower,
with Likert ratings being consistently poor and sev-
eral models even receiving scores close to the min-
imum.

Between models, the largest performance dis-
parities emerge in Fuzhounese translations, which
is the most challenging task. All models except
Gemini-2.5 Flash fail to produce somewhat intelli-
gible translations, with Likert scores clustered near
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the minimum (1.0-2.1). Its performance, however,
still lags far behind its own results for Cantonese
and Mandarin. In both translation directions, trans-
lation quality does appear to be slightly influenced
by model capacity, but a persistent gap between
Fuzhounese on the one hand and Cantonese and
Mandarin on the other hand remains.

4.3. Stratified evaluation

We subdivide our results by two factors that may
affect translation difficulty. For these analyses, we
average scores across all models and only distin-
guish translation directions. Detailed evaluation re-
sults per model, including breakdowns by sentence
length and category, are reported in Appendix B.

Table 4 shows that the BERT and Likert scores
decrease with sentence length, indicating worse
semantic overlap, but the surface-level chrF++ met-
ric shows the opposite trend. This indicates that
surface-level character overlap does not always re-
liably correspond to perceived translation quality.
Table 5 shows that imperative sentences achieve
the highest scores across sentence categories, re-
flecting their structural simplicity. ldioms receive
the lowest scores, indicating that models struggle
with non-literal and culturally specific expressions in
Fuzhounese. Patterns for sentence categories are
largely the same across both translation directions.
Overall, even under the best conditions, average
scores remain far below those observed for high-
resource languages.

4.4. Inter-annotator agreement

To assess the reliability of our Likert-scale ratings
and gain insight into the difficulty of the rating task,
we computed inter-annotator agreement for the
ratings of translations generated for the three lan-
guages, split by the three different dimensions they
were rated on. As our agreement metric, we use
Krippendorff’s « (ordinal, Krippendorff, 2004). We
choose this metric as there are more than two raters
(three raters) which excludes Cohen’s kappa, and
the data is ordinal, while Fleiss’ kappa would treat
it as nominal.

Table 6 shows that agreement is very high for
Fuzhounese and high for Mandarin. For Can-
tonese, agreement is high for Adequacy but lower
for Fluency and Validity ratings. This difference for
Cantonese may be explained by the fact that raters
are from an area where Cantonese isn't a standard
language, so it is more difficult for raters to assess
Validity in particular (e.g. was the correct regis-
ter used). The exceptionally high agreement for
Fuzhounese is likely due to the fact that it's easy to
agree on low ratings for this task — a bad translation
is clearly bad to any native speaker — and the low-
est rating of 1 was very common for Fuzhounese.



Cantonese English Mandarin
Model BERTScore chrF++ | BERTScore chrF++ | BERTScore chrF++
Gpt-4o0 0.297 6.66 0.305 14.45 0.251 5.55
Gpt-40 mini 0.225 410 0.302 12.49 0.197 4.02
Gemini-2.5 Flash 0.508 17.08 0.507 30.59 0.496 20.23
DeepSeek-v3.2 0.395 10.61 0.388 22.36 0.382 13.73
Qwen-2.5-72b 0.199 3.19 0.249 11.61 0.151 2.91

Table 2: Automatic evaluation results per model and language with Fuzhounese as the source language.

Fuzhounese Cantonese Mandarin
Model Likert chrF++ BERT | Likert chrF++ BERT | Likert chrF++ BERT
GPT-40 1.18 3.96 - 4.73 44.81 0.792 4.80 51.88 0.829
GPT-40 mini 1.10 7.46 - 4.33 27.05 0.681 4.80 50.49 0.823
Gemini-2.5 Flash 2.76 20.86 - 4.68 4168 0.778 4.76 48.08 0.810
DeepSeek-V3.2 2.07 12.66 - 4.70 40.97 0.764 4.78 48.26 0.808
Qwen-2.5-72B 1.09 8.06 - 417 29.86 0.712 4.72 47.83 0.818

Table 3: Translation performance into Fuzhounese, Cantonese and Mandarin from English sentences.

Fzh Source Fzh Target
Length BERT chrF Likert chrF
Short (2-5) 0.36 12.54 171  9.66
Med (6-11) 0.29 10.60 1.60 11.32
Long (z12) 0.28 13.69 1.50 12.03

Table 4: Evaluation results by sentence length for
Fuzhounese as source and target language.

Fzh Source Fzh Target
Category BERT chrF Likert chrF
Everyday 0.33 11.97 1.60 10.51
Grammar 0.35 13.16 1.76 10.98
Idioms 0.28 9.62 1.55 9.65
Imperatives 0.38 16.14 1.88 12.75
Narrative 0.30 11.91 1.59 11.06

Table 5: Evaluation results by sentence category
for Fuzhounese as source and target language.

Overall, these results indicate that our Fuzhounese
and Mandarin Likert ratings are reliable, and for
Cantonese, at least translation adequacy is agreed
upon.

4.5. Error Analysis

When Fuzhounese serves as the source language,
failures most commonly take the form of explicit
translation refusals. Models respond with state-
ments indicating that they do not understand the
sentence or are unable to translate it, declining to
produce a translation. When Fuzhounese is the
target language, the dominant failure mode is script
mismatch. Instead of producing output in Bang-ua-
cé romanization, models will generate translations
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Language Adequacy Fluency Validity
Fuzhounese 0.932 0.926 0.920
Cantonese 0.792 0.392 0.199
Mandarin 0.840 0.727 0.600

Table 6: Inter-rater agreement for generated trans-
lations across three dimensions and between three
annotators. Values are Krippendorff's a (ordinal).

in Chinese characters. These outputs do not consti-
tute written Fuzhounese in characters, but instead
reflect a fallback to Mandarin translation. Although
these outputs may be semantically related to the
English source sentence, they are invalid under
the task definition and are therefore annotated as
translation failures.

Table 7 shows clearly distinct failure patterns
across models. Qwen-2.5-72B and GPT-40 mini,
which exhibit the highest number of explicit transla-
tion refusals, also consistently achieve the lowest
BERT- and chrF++ scores for Fuzhounese-input
translations 2. In contrast, GPT-40, despite ex-
hibiting 181 script mismatches for Fuzhounese-
output translations, still attains higher Likert scores
than several models with substantially fewer mis-
matches, indicating that its translations are gener-
ally of higher quality when the output is produced
in the correct script (Table 3).

We observe further error types through manual
examination of the data. To illustrate this, Table 8
presents a representative example of semantic dis-
tortion.

When Fuzhounese serves as the source lan-
guage, model outputs are generally fluently written,
but misrepresent the meaning of the input. Sim-



Model Refusal Script N
DeepSeek-v3.2 4 56 60
Gemini-2.5 Flash 3 5 8
GPT-40 9 181 190
GPT-40 mini 24 1 25
Qwen-2.5-72b 48 52 100

Table 7: Frequency of translation failures by model
— translation refusals, script mismatches, totals.

Input Gold Model Output
I don’t feel Nguai ma su Nguaising-tai ma
well huk. ho .

Table 8: Example of semantic distortion in English-
to-Fuzhounese translation.

ilarly, when Fuzhounese is the target language,
outputs may appear structurally plausible, yet fail to
convey the intended meaning. While the latter does
not happen as frequently, surface-level fluency may
mask semantic errors in both cases.

Moreover, repetition and degeneration are also
frequently observed across models. They are
most prominent, however, when GPT-40 mini is
tasked with English-Fuzhounese translation. In
such cases, the model outputs repeated syllables
or short strings without semantic content, often by
generating the same token multiple times.

Finally, nonsensical outputs are also a com-
mon failure pattern. Translations with nonsensi-
cal output contain strings that resemble Bang-ua-
cé romanization, but do not correspond to real
Fuzhounese words. This renders the output un-
intelligible to native speakers.

5. Discussion

Looking at the results, it is clear that a systematic
degradation in translation quality takes place as
language resources decrease. This holds across
models and evaluation methods, suggesting that
current multilingual LLMs remain highly sensitive to
data availability and orthographic standardization.

The consistently low performance scores for
Fuzhounese-source tasks across all languages
suggest that models do not necessarily benefit from
the larger amount of English-based representations
nor from cross-Sinitic mappings when processing
Fuzhounese. Remarkably, translations into Can-
tonese did achieve higher scores than those into
Mandarin, suggesting that the closer genealogi-
cal proximity between Fuzhounese and Cantonese
has a more positive influence on translation qual-
ity than Mandarin’s higher resource status in this
setting. The overall low scores, however, indicate
that similarity alone is insufficient without sufficient
exposure in training data.
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For English-source tasks, the contrast is sharper.
Models generate high-quality Mandarin and Can-
tonese translations, but more often than not fail
to produce valid Fuzhounese in Bang-ua-cé. Hu-
man ratings showed that many Fuzhounese out-
puts were judged as largely unintelligible, reflecting
limited lexical knowledge and instability in roman-
ized generation. While Gemini-2.5 Flash achieved
higher Fuzhounese scores than others, it is still far
below its Cantonese and Mandarin performance,
indicating that even larger multilingual models strug-
gle with severely under-resourced language vari-
eties.

In our error analysis, the explicit refusals and
script mismatches can be interpreted as responses
to low model certainty under severe data scarcity:
models either decline the task when comprehen-
sion is weak, or fall back to more familiar ortho-
graphic systems when uncertain over Bang-ua-
cé generation. This interpretation is further sup-
ported by the observation that translation failures
are mostly systematic responses to extreme data
scarcity and unfamiliar orthographic constraints.

Lastly, the stratified evaluation shows that sen-
tence length and type do have a modest effect on
translation quality. These findings align with prior
studies on machine translation and the results from
HKCanto-Eval, where short directive sentences
were also the easiest category and idiomatic ex-
pressions the hardest (Cheng et al., 2025; Isabelle
et al., 2017).

5.1.

Despite these findings, our study has several
methodological limitations. The dataset primarily
consists of English source sentences. As they are
manually translated into gold-standard Fuzhounese
translations, the amount of Fuzhounese-specific
grammatical constructions is likely minimal. The
usage of natively Fuzhounese source sentences
could have resulted in a broader range of
Fuzhounese-specific structures, but this was not
feasible due to the severe scarcity of written
Fuzhounese resources.

Furthermore, for the same reason, the gold-
standard Fuzhounese sentences are manually
translated with the assistance of native and her-
itage speakers. This is a limitation as well, as it
reduces reproducibility and verifiability, making it
less ideal than gold standards derived from verified
parallel written corpora.

Lastly, another limitation is that the human evalu-
ation is conducted by only a small group of annota-
tors. While all annotators are fluent in the evaluated
languages and follow a standardized rubric, sub-
jective judgment, especially when rating severely
degraded or partially intelligible outputs, cannot be
entirely eliminated. Two of the rated dimensions

Limitations



had lower inter-annotator agreement for Cantonese,
making our Cantonese ratings potentially less reli-
able.

Despite all of the previous points, this study pro-
vides a systematic and comparative analysis of
multilingual LLM performance on a severely under-
resourced Sinitic variety, offering insights into cur-
rent model capabilities and failure modes.

6. Conclusion

We investigated how effectively multilingual large
language models translate the severely under-
resourced Fuzhounese language, using Cantonese
and Mandarin as higher-resource baselines. To
address this research question, we constructed a
novel bidirectional translation benchmark and used
it to evaluate five multilingual LLMs using automatic
metrics and human judgments. As far as we are
aware, this is the first study addressing Fuzhounese
capabilities of language models.

Our results show that multilingual LLMs demon-
strate inconsistent translation performance across
Fuzhounese, Cantonese, and Mandarin when deal-
ing with English-source translations. While models
perform well on Mandarin and reasonably on Can-
tonese, translation quality deteriorates sharply for
Fuzhounese across all evaluated LLMs. Gemini-
2.5 Flash showed the best results out of the tested
models, though its performance is still rather lim-
ited.

Furthermore, we observe that rather than af-
fecting model performance, translation direction
leads to different types of model-failure. Models
frequently fail to generate valid Bang-ua-cé when
translating into Fuzhounese, and translations are
often refused or semantically distorted when trans-
lating from Fuzhounese. This indicates that nei-
ther direction of Fuzhounese translation is reliably
supported in current multilingual LLMs, with both
directions involving Fuzhounese exhibiting poor per-
formance.

Ultimately, the results have shown that a broader
resource bias is present in multilingual LLMs,
with multilingual LLMs performing well on higher-
resource languages but crumbling under the low-
resource conditions of Fuzhounese. These findings
show that current multilingual LLMs remain strongly
constrained by data availability and do not general-
ize reliably to Fuzhounese.

6.1. Future Directions

Given the lack of attention for Fuzhounese in
the NLP literature so far, future work can extend
these findings in many directions. For example,
future benchmarking efforts could include more
Fuzhounese-native source sentences to better cap-

ture language-internal structures and discourse
patterns that may not surface through English-
based sentence design. Additionally, the bench-
mark could be expanded beyond translation to ad-
ditional tasks, such as summarization, paraphras-
ing, question answering, or dialogue in Bang-ua-
cé, which would simultaneously evaluate whether
model failures generalize across tasks.

To address the performance gap, future stud-
ies could experiment with lightweight adaptation
methods such as parameter-efficient fine-tuning
(e.g., LoRA), using small amounts of curated
Fuzhounese data to explore whether targeted adap-
tation could yield meaningful performance gains
under extreme data scarcity.
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A. Prompt Design

This appendix provides the full set of prompt
templates used in the evaluation. The prompts
specify the source and target languages, as well as
output constraints, and are kept consistent across
all models and translation directions to ensure com-
parability and minimize prompt-engineering effects.

HKCanto-Eval (Cheng et al., 2025) makes use
of structured translation prompts that explicitly
specify the source language, target language, and
output constraints. Consequently, each prompt
in this study likewise specifies these elements.
This design ensures comparability across models,
languages, and translation directions while mini-
mizing prompt-engineering effects.

A.1. Fuzhounese-to-Target Language
Prompts

For translations from Fuzhounese (in Bang-ua-cé)
into English, Standard Mandarin, and Cantonese,
the following prompt templates are used. <Text>
represents the source sentence inserted into the
prompt during evaluation:

Fuzhounese to English

Fuzhounese (Bang-ui-cé) Text to Trans-
late:
<Text>

Ensure the translation is accurate and
natural,
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preserving the original meaning and using
concise and fluent English expression.

ONLY RETURN THE TRANSLATION.
DO NOT EXPLAIN.

Fuzhounese to Standard Mandarin

Fuzhounese (Bang-ué-cé) Text to Trans-
late:
<Text>

Ensure the translation is accurate and
natural,
preserving the original meaning and using
concise and fluent Standard Mandarin ex-
pression.

ONLY RETURN THE TRANSLATION.
DO NOT EXPLAIN.

Fuzhounese to Written Cantonese

Fuzhounese (Bang-ua-cé) Text to Trans-
late:
<Text>

Ensure the translation is accurate and
natural,

preserving the original meaning and
using

concise and fluent written Cantonese
expression.

ONLY RETURN THE TRANSLATION.
DO NOT EXPLAIN.

A.2. English-to-Target Language
Prompts

For translations from English into Fuzhounese (in
Bang-ua-cé), Standard Mandarin, and Cantonese,
the following prompt templates are used. <Text>
represents the source sentence inserted into the
prompt during evaluation.

English to Fuzhounese

English Text to Translate:
<Text>

Ensure the translation is accurate and
natural,

preserving the original meaning and using
concise and fluent Fuzhounese romaniza-
tion

(Bang-ué-cé) expression.

ONLY RETURN THE TRANSLATION.
DO NOT EXPLAIN.



English to Standard Mandarin

English Text to Translate:
<Text>

Ensure the translation is accurate and
natural,
preserving the original meaning and using
concise and fluent Standard Mandarin ex-
pression.

ONLY RETURN THE TRANSLATION.
DO NOT EXPLAIN.

English to Written Cantonese

English Text to Translate:
<Text>

Ensure the translation is accurate and
natural,
preserving the original meaning and using
concise and fluent written Cantonese ex-
pression.

ONLY RETURN THE TRANSLATION.
DO NOT EXPLAIN.

This study maintains consistent prompt struc-
tures across all translation directions and target
languages, ensuring that observed performance
differences can be attributed to model capabilities
rather than prompt variation.

B. Extended Evaluation Results

This appendix presents additional detailed
evaluation results that complement the main
analysis in the paper. Specifically, it includes
model performance broken down by sentence
length and sentence category, providing a more
fine-grained view of how different linguistic factors
affect translation quality.

B.1. Performance per Sentence Length
Table 9 reports the translation performance per
model across different sentence lengths (short,
medium, and long). For each model, scores are
shown separately for Fuzhounese input translations
(BERTScore and chrF++) and Fuzhounese output
translations (Likert ratings and chrF++). This table
illustrates how sentence length affects performance
per model.
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Model Length Fuzhounese Input Fuzhounese Output

BERTScore chrF++ Likert chrF++
Short 0.345 10.02 1.31 4.32
GPT-40 Medium 0.241 7.60 1.07 3.21
Long 0.185 8.31 1.04 4.71
Short 0.293 7.43 1.19 6.96
GPT-40 mini Medium 0.204 6.03 1.03 7.80
Long 0.157 7.16 1.01 8.35
Short 0.506 23.23 2.70 18.21
Gemini-2.5 Flash Medium 0.481 20.09 2.86 23.27
Long 0.556 27.52 2.69 23.87
Short 0.414 16.18 2.20 11.05
DeepSeek-V3.2 Medium 0.359 13.78 2.02 14.30
Long 0.380 18.54 1.76 13.96
Short 0.246 5.79 1.16 7.75
Qwen-2.5-72B Medium 0.165 5.60 1.03 8.02
Long 0.124 6.91 1.01 9.27

Table 9: Effect of sentence length on translation
quality per model.

B.2. Performance per Sentence Category

Table 10 presents the translation performance
per model across different sentence categories.
The table contrasts Fuzhounese input and out-
put performance using human and automatic
evaluation metrics, highlighting the influence of
different linguistic constructions on multilingual
LLM behavior.

Model Category Fuzhounese Input Fuzhounese Output
BERTScore chrF++ Likert chrF++
Everyday 0.293 8.95 1.10 4.08
Grammar 0.305 10.21 1.28 4.59
GPT-40 Idioms 0.245 7.19 1.1 2.26
Imperatives 0.362 10.21 1.67 7.79
Narrative 0.248 7.82 1.24 3.81
Everyday 0.246 6.95 1.12 7.40
Grammar 0.269 7.73 1.14 7.23
GPT-40-mini Idioms 0.223 5.99 1.04 7.23
Imperatives 0.241 6.68 1.12 8.27
Narrative 0.180 5.93 1.05 8.52
Everyday 0.515 22.75 2.67 20.07
Grammar 0.527 23.71 2.96 22.11
Gemini-2.5 Flash | Idioms 0.422 17.71 2.59 19.40
Imperatives 0.549 32.02 3.19 25.15
Narrative 0.542 25.81 273 21.99
Everyday 0.386 15.30 1.99 12.62
Grammar 0.445 18.03 2.36 13.84
DeepSeek-V3.2 Idioms 0.312 11.76 1.96 11.15
Imperatives 0.524 26.15 1.83 14.37
Narrative 0.349 14.06 1.91 11.89
Everyday 0.198 5.86 1.09 8.37
Grammar 0.222 6.26 1.07 7.15
Qwen-2.5-72B Idioms 0.186 5.36 1.05 8.20
Imperatives 0.240 5.62 1.60 8.15
Narrative 0.156 5.90 1.02 9.08

Table 10: Effect of sentence category on translation
quality per model.
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