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Abstract

High-quality machine translation requires
datasets that not only ensure linguistic accu-
racy but also capture regional and cultural nu-
ances. While many existing benchmarks, such
as FLORES-200, rely on English as a pivot
language, this approach can overlook the speci-
ficity of direct language pairs, particularly for
underrepresented combinations like Catalan-
Chinese. In this study, we demonstrate that
even with a relatively small dataset of approx-
imately 1,000 sentences, we can significantly
improve MT localization. To this end, we intro-
duce a dataset specifically designed to enhance
Catalan-to-Chinese translation by prioritizing
regionally and culturally specific topics. Unlike
pivot-based datasets, our data source ensures
a more faithful representation of Catalan lin-
guistic and cultural elements, leading to more
accurate translations of local terms and expres-
sions. Using this dataset, we demonstrate better
performance over the English-pivot FLORES-
200 dev set and achieve competitive results
on the FLORES-200 devtest set when evalu-
ated with neural-based metrics. We release this
dataset as both a human-preference resource
and a benchmark for Catalan-Chinese transla-
tion. Additionally, we include Spanish transla-
tions for each sentence, facilitating extensions
to Spanish-Chinese translation tasks.

1 Introduction

In recent years, the field of neural machine trans-
lation (NMT) has seen substantial progress in the
development of multilingual models, which can
translate across multiple languages as a single
unified model (e.g., Zhang et al., 2020; Siddhant
et al., 2020; Fan et al., 2021; Costa-jussà et al.,
2022; Kudugunta et al., 2024), as well as the cre-
ation of human-translated multilingual benchmark
datasets (e.g., Costa-jussà et al., 2022; Federmann
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et al., 2022). These advancements have pushed the
boundaries of many-to-many translation capabili-
ties. However, practical applications often require
systems to be tailored to specific cultural and re-
gional contexts (e.g., Naveen and Trojovskỳ, 2024).
One particularly challenging area is the transla-
tion of texts that contain entity names, as cultural-
related references can vary significantly across lan-
guages (Conia et al., 2024). Translating names
between languages with different scripts, such as
Latin and logographic (e.g., Chinese), also involves
transliteration to maintain ease of pronunciation
and closeness to the original sound. Sometimes,
the same name can even yield different translitera-
tions based on the source language’s pronunciation.
For example, the name José is transliterated as若
泽(ruò zé) from Portuguese to Chinese, but from
Spanish, it becomes何塞(hé sài). Therefore, we
need to adapt the many-to-many system to be more
language- and culture-specific.

This study focuses on the Catalan-to-Chinese
(CA→ZH) translation, a relatively underexplored
area despite its growing relevance given the deep-
ening economic and cultural connections between
Catalonia and China. Chinese speakers form one
of the five largest immigrant communities in Cat-
alonia, where Catalan is an official language.1

Besides, China is also Catalonia’s third-largest
non-European investor and the top source of non-
European, non-English-speaking tourists.2 These
growing interactions underline the urgent need for
effective translation tools to facilitate communica-
tion and foster collaboration between Catalan and
Chinese speakers. Despite its significance, develop-
ing robust CA-ZH MT systems remains challeng-

1https://www.idescat.cat/novetats/?id=4815&lang=e
n. Accessed January 3, 2025.
2https://catalonia.com/w/catalan-government-lau
nches-china-desk-to-promote-chinese-investmen
t-and-strengthen-economic-ties#. Accessed January 3,
2025.
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ing due to the limited availability of high-quality
parallel datasets.

In this study, we address the problem of adapting
multilingual NMT models to CA→ZH for more
region-specific translation. More specifically, the
contributions of our work are as follows:

• Human-crafting a Catalan-Chinese parallel
dataset containing 1,022 sentences sourced
from Catalan/Spanish Wikimedia, translated
directly to Mandarin Chinese. This dataset
captures cultural and linguistic nuances more
specific to Catalonia and Spain than existing
benchmark datasets, which are more English-
centric.3

• Demonstrating the benefits of using prefer-
ence data with more region-specific content
in Contrastive Preference Optimization (CPO)
to align the model with human preferences,
especially for cultural-specific terms. This
approach better enhances the model’s abil-
ity to handle both region-specific content and
English-centric data. Notably, with only 1,022
sentences, we achieve good improvements in
MT localization.

2 Related work

2.1 Research on Catalan-Chinese machine
translation

Research on CA-ZH MT remains limited, with
most previous efforts focusing on creating and
mining parallel corpora for this low-resource lan-
guage pair. Early work by Costa-Jussa et al.
(2019) first addressed the lack of resources by cre-
ating a pseudo-parallel corpus via pivot transla-
tion, with Spanish as the intermediary language.
Later, Zhou (2022) created human-selected CA-
ZH parallel corpora by mining and validating bi-
texts from Wikipedia. Their efforts resulted in two
datasets: CA-ZH 1.05 (110k sentence pairs) and
CA-ZH 1.10 (65k higher-quality pairs). Using
these datasets, Liu (2022) fine-tuned the M2M-
100-418M multilingual model (Fan et al., 2021).
Their full fine-tuning improved translation perfor-
mance for both CA→ZH and ZH→CA directions,
achieving BLEU score gains of +0.3–0.5 with the
larger CA-ZH 1.05 corpus and +0.1–0.2 with the
smaller, higher-quality CA-ZH 1.10 corpus. More
recently, Chen et al. (2024) combined pivot transla-
tion (using Spanish) with multilingual training to
3The dataset is available upon request from the authors.

leverage both synthetic and authentic data. Using
the FLORES-200 benchmark (Costa-jussà et al.,
2022), their findings showed that fine-tuning M2M-
100-418M on the authentic CA-ZH dataset from
Zhou (2022) only marginally improved the sp-
BLEU score from 22.0 to 22.4. However, combin-
ing pseudo-parallel CA-ZH and Spanish-Chinese
(ES-ZH) data alongside authentic CA-ZH and ES-
ZH data yielded a significant improvement, increas-
ing the spBLEU score to 26.7.

In this study, we take a different approach by cre-
ating a much smaller dataset of authentic CA-ZH
data, consisting of 1,022 sentence pairs. Despite
the dataset’s small size, we demonstrate meaning-
ful improvements in translation performance.

2.2 Contrastive Preference Optimization
Reinforcement Learning from Human Feedback
(RLHF) has proven effective in aligning large lan-
guage models (LLMs) with human preferences
(Christiano et al., 2017; Ouyang et al., 2022). How-
ever, RLHF relies on a complex training pipeline,
requiring first the training of a reward model based
on human preference data. To simplify the training,
recent work has proposed contrastive preference
learning methods, such as Direct Preference Op-
timization (DPO) (Rafailov et al., 2024), which
tune models directly on human preference data
without explicitly training a reward model. The pri-
mary objective of these methods is to increase the
likelihood gap between preferred and dispreferred
responses.

Building on DPO, Contrastive Preference Op-
timization (CPO) was originally developed for
machine translation tasks. CPO trains models
to consistently favor preferred translations and
avoid generating adequate but not perfect outputs.
It has demonstrated significant improvements in
translation quality. For example, in Spanish-to-
Aranese translation tasks using only the FLORES-
200 dev split, CPO outperformed both supervised
fine-tuning and 5-shot fine-tuning, achieving a 1.9
BLEU score improvement with a Qwen2-0.5B-
based (Yang et al., 2024) distillation model evalu-
ated on the FLORES-200 devtest split (Hu et al.,
2024).

In this study, we apply CPO to CA→ZH transla-
tion using a preference dataset that captures cultural
and linguistic nuances more specific to Catalonia
and Spain, in contrast to the more common English-
pivot approach (using FLORES-200 ). We then
compare the results to assess the impact of this lo-
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calization. In the following section, we describe
the construction of the preference datasets.

3 Dataset Construction

CPO requires a preference dataset, consisting of a
“prompt”, a “chosen” completion, and a “rejected”
completion. The objective is to train the model
to prefer the “chosen” response over the “rejected”
response.

This section describes the construction of our
preference datasets. Specifically, we create two
datasets to assess the effects of using different types
of data in CPO:

• CPO FLORES DEV: Based on the dev split of the
FLORES-200 dataset, which is an English-
pivot multilingual dataset including Catalan
and Chinese.

• CPO CA-ZH: Built by sourcing sentences from
Catalan and Spanish Wikimedia resources,
and subsequently directly translated to Chi-
nese.

Below, we describe the data sourcing process
for CPO CA-ZH, the translation methodology, and a
more detailed composition of the two preference
datasets.

3.1 Sourcing sentences

Original Source. Following the methodology
of FLORES-200 , all source sentences were ex-
tracted from Wikimedia resources, which are pub-
licly available under permissive licensing. To en-
sure that the selected data did not overlap with par-
allel datasets already included in the models, we
verified that none of the chosen Wikimedia pages
had corresponding versions in Chinese.

The dataset was divided into three (roughly)
equal parts to ensure diversity and coverage across
different domains. Approximately one-third of the
sentences were collected from Catalan Wikinews4,
a collection of news articles, with content selected
from ten distinct topics. These topics, chosen
to maintain balance and variety, include science
and technology, culture and leisure, law, economy,
sports, environment, obituaries, politics, health,
and incidents. The second portion of the dataset
was drawn from Catalan Wikipedia, a general-
purpose encyclopedia containing a wide range of

4https://ca.wikinews.org/wiki/Portada.

topics. The final third was sourced from Wikivoy-
age, a travel guide featuring articles on travel tips,
cuisine, and destinations worldwide. Since Catalan
Wikivoyage is still under development and, as of
January 3, 2025, contains only 31 articles, this por-
tion was instead sourced from Spanish Wikivoyage,
which is significantly more developed and includes
3,347 articles.

Sentence Selection. Sentences were selected us-
ing a systematic approach to ensure diversity. Arti-
cles were selected from each source domain by ran-
domly generating URLs using the requests library.5

Following the methodology of FLORES-200 , be-
tween 3 and 5 contiguous sentences were extracted
from each selected article, avoiding very short or
malformed sentences. For Catalan Wikinews and
Catalan Wikipedia, sentences were chosen equally
from the beginning, middle, and end of each article
to capture varied contexts. For Spanish Wikivoy-
age, selected sentences represented different topics,
such as “drinking and nightlife”, “climate”, “shop-
ping”, and “flora and fauna” (see Appendix B for
detailed dataset statistics).

Each selected sentence was annotated with meta-
data, including the article ID, sentence ID, URL
and topic. On average, 3.5 contiguous sentences
were extracted per article, with URLs included to
allow access to the full document, which can be
useful for document-level translation.

3.2 Translation

We used GPT-4 (OpenAI et al., 2024), which has
demonstrated performance comparable to junior
translators (Yan et al., 2024), to translate Catalan
sentences into Spanish and Chinese. For sentences
sourced from Spanish Wikivoyage, GPT-4 was used
to translate them into Catalan and Chinese (see Ap-
pendix A for the specific GPT-4 prompt). Given the
linguistic similarities between Spanish and Cata-
lan, high-quality translations are assumed for this
pair. For the Chinese translations, a native Chinese-
speaking translator conducted post-editing and revi-
sions of the machine-translated sentences to ensure
naturalness and accuracy.

3.3 Two preference datasets

The CPO CA-ZH dataset consists of 1,022 triplets.
Each Catalan sentence sourced from Wikimedia
5For example, a GET request to https://es.wikivoyag
e.org/wiki/Especial:Aleatoria redirects to a random
article on Spanish Wikivoyage.
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served as the prompt. Machine-translated Chinese
sentences from GPT-4 were used as the rejected
translations, while human-revised translations were
labeled as the chosen sentences. Although GPT-4
translations are of relatively high quality, the goal
of CPO is to train the model to recognize and prefer
human-revised translations, thereby aligning more
closely with human preferences.

In CPO FLORES DEV, there are in total 997
triplets. Catalan sentences from the FLORES-
200 dev split served as the prompt. GPT-4 was
used to translate the original English sentences into
Chinese, producing the rejected translations. The
original Chinese translations from the FLORES-
200 dev split, which were also translated from En-
glish sentences, served as the chosen sentences.

In summary, CPO CA-ZH features direct Catalan-
to-Chinese translations, while CPO FLORES DEV
relies on an English pivot for generating Chinese
translations. Both datasets use GPT-4 generated
translations as rejected outputs and human-revised
or human-produced translations as chosen outputs.

4 Entities in the CPO CA-ZH dataset

To analyze the key entities discussed in our CPO
CA-ZH dataset, we used spaCy (version 3.8.3) to
extract proper noun phrases and their correspond-
ing frequencies from the Catalan sentences. These
entities were then compared with those in the
FLORES-200 and NTREX (Federmann et al.,
2022) to assess how the topics in our dataset differ
from those in existing datasets.

Overall, the CPO CA-ZH dataset is more focused
on geographically specific topics, with frequent
references to entities such as Barcelona, Espanya
(Spain), and Catalunya (Catalonia). These entities
are either absent or significantly less prominent in
the other datasets. In contrast, the dev and devtest
splits of the FLORES-200 prominently feature
Estats Units (United States) as the most frequent
entity, and the NTREX also tends to focus more
often on entities like Trump and USA. For a com-
plete comparison, see Table 1 and the frequency of
each phrase in Appendix C.

This analysis suggests that our CPO CA-ZH
dataset is more localized and culturally specific,
emphasizing topics relevant to the region, whereas
the FLORES-200 and NTREX are more focused
on the United States and globally oriented topics.

5 Experiments

We applied CPO to the M2M-100-1.2B model us-
ing each of the two preference datasets introduced
in Section 3.3. To assess the models after CPO
training, we evaluated their translation performance
on the FLORES-200 devtest split, which primar-
ily focuses on topics relevant to the United States
and global contexts. In addition, we conducted A/B
testing on translations of 100 sentences containing
localized terms specific to Catalonia. This allowed
us to evaluate and compare the models’ capabilities
in handling more region-specific translations.

5.1 Training setup
We used the facebook/m2m100_1.2B (Fan et al.,
2021)6, a seq-to-seq model trained for multilingual
translation, as the base model. It covers 100 lan-
guages, including Catalan and Mandarin Chinese.

Fine-tuning was performed using the Hugging
Face’s CPOTrainer class7 which is compatible with
the M2M-100 encoder-decoder architecture. We
adhere to the default β value of 0.1 as suggested by
Rafailov et al. (2024). The fine-tuning process in-
volved a total batch size of 5, training for 6 epochs.
The learning rate started at 8e-6 and linearly de-
cayed throughout training. Checkpoints were saved
every 50 steps and evaluated on the FLORES-
200 devtest set. Training was conducted on a sin-
gle NVIDIA H100 GPU with 64GB of RAM and
completed in approximately 10 minutes.

5.2 Inference
Inference for all models was conducted using beam
search with a beam size of 5, limiting the transla-
tion length to 200 tokens.

6 Results

6.1 Evaluation on FLORES devtest
This section reports the evaluation results of
the models on the FLORES-200 devtest split
for the Catalan→Chinese translation direction.
The evaluation was conducted using MT Lens
(Gilabert et al., 2024).8 To provide a com-
prehensive assessment, we report a variety
6The smaller M2M-100-418M model often generates un-
known tokens when translating from Catalan to Chinese
(e.g., unknown tokens appear in 15% of translations on the
FLORES-200 devtest split). To better support our evaluation
of the translation of localized terms, we chose the larger 1.2B
model, which provides greater vocabulary coverage for our
experiments.
7https://huggingface.co/docs/trl/en/cpo_trainer
8
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Our Dataset FLORES-200 Dev FLORES-200 Devtest NTREX

Barcelona Estats Units (United States) Estats Units (United States) Trump
Estats Units (United States) Terra (Earth) Terra (Earth) EUA (USA)
Europa (Europe) Xina (China) Austràlia (Australia) Regne Unit (United Kingdom)
Universitat (University) EUA (USA) Alemanya (Germany) Xina (China)
Espanya (Spain) Europa (Europe) França (France) Kavanaugh

Catalunya (Catalonia) Àfrica (Africa) Japó (Japan) Corea (Korea)
Xina (China) Sol (Sun) Europa (Europe) Palu
França (France) Itàlia (Italy) Hong Kong Nord (North)
Madrid Alemanya (Germany) Taiwan UE (EU)
Alemanya (Germany) Turquia (Turkey) Suècia (Sweden) Washington

Table 1: Top 10 most frequent proper noun phrases across datasets

of metrics: BLEU (version 2.3.1), BLEURT
(lucadiliello/BLEURT-20-D12), COMET
(Unbabel/wmt22-comet-da), COMET-Kiwi
(Unbabel/wmt22-cometkiwi-da), MetricX
(google/metricx-23-xl-v2p0), MetricX-QE
(google/metricx-23-qe-xl-v2p0) and statis-
tical significance testing using paired bootstrap
resampling (Koehn, 2004).

As shown in Table 2, BLEU scores (Papineni
et al., 2002) indicate that +CPO FLORES DEV
achieved a significant improvement in n-gram over-
lap between model translations and the reference,
while the improvement with +CPO CA-ZH was not
statistically significant. This result was expected,
given the similarities between FLORES-200 dev
(used for training) and FLORES-200 devtest.

In contrast, neural-based metrics such as
BLEURT (Sellam et al., 2020), COMET (Rei
et al., 2020), and MetricX (Juraska et al., 2023),
as well as neural-based reference-free metrics like
COMET-Kiwi (Rei et al., 2022) and MetricX-QE,
suggest that +CPO CA-ZH led to greater improve-
ments in translation quality. This indicates that
+CPO CA-ZH improves aspects of translation qual-
ity such as semantic accuracy and fluency, without
necessarily relying on the same n-gram phrases as
the reference translation.

6.2 Evaluation on more culture-specific
entities and data

In addition to the FLORES-200 devtest set, we
assessed the models on sentences that contain
Catalan- and Spanish-specific topics and culturally
significant entities. We randomly selected 100 sen-
tences from the Catalan Entity Identification and
Linking dataset (Gonzalez-Agirre et al., 2024)9 and

9This datset comprises sentences from tweets, news articles,
reports, forums, encyclopedias, parliamentary proceedings,
and reviews, and was originally designed for Named Entity

ensured that most selected sentences contained re-
gionally or culturally specific entities.

We used the two fine-tuned models to gener-
ate Chinese translations of these sentences. The
translations were then assessed through A/B test-
ing by two annotators: a linguist (the author) fluent
in both Catalan and Chinese, and a professional
Catalan-Chinese translator with eight years of expe-
rience. The annotators evaluated which translation
more accurately conveyed the original meaning and
sounded more natural. To measure the consistency
between the annotators’ preferences, we calculated
the inter-annotator agreement using Cohen’s kappa
statistic with the sklearn library (version 1.5.2).
The kappa score was 0.68, indicating substantial
agreement according to the guidelines by Landis
and Koch (1977).

Translations produced by +CPO CA-ZH were pre-
ferred more often (Annotator 1: 59% of the time;
Annotator 2: 68%) compared to +CPO FLORES DEV.
Among the 85 items where both annotators agreed,
56 (66%) favored +CPO CA-ZH. These results indi-
cate a general preference for the translations from
+CPO CA-ZH.

Furthermore, through manual examination, +
CPO CA-ZH produced more accurate translations for
region-specific terms and exhibited better transliter-
ation capabilities from Catalan to Chinese. Exam-
ples of these translations are shown in Table 3, with
the complete translated sentences available in the
Appendix D. Even though these terms have never
appeared in our preference dataset, aligning the
model with localized data improved its ability to
accurately translate and transliterate region-specific
terminology. This highlights the effectiveness of in-
corporating culturally and regionally relevant data
into the training process for practical use.

Recognition.
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Models BLEU ↑ BLEURT ↑ COMET ↑ COMET-Kiwi ↑ MetricX ↓ MetricX-QE ↓

M2M100 1.2B 28.23 0.65 0.82 0.77 3.12 2.71
+ CPO CA-ZH 29.15 0.68 0.84 ∗ 0.79 ∗ † 2.51 ∗ † 1.91 ∗ †

+ CPO FLORES DEV 29.58 ∗ † 0.67 0.84 ∗ 0.77 2.60 ∗ 2.15 ∗

∗ Significant improvement over the baseline M2M100 1.2B (p < 0.05).
† Significant difference between the two CPO-tuned models (p < 0.05).
Note: Significance testing was not performed for BLEURT as it is currently unsupported by MT Lens.

Table 2: The results in CA→ZH for FLORES-200 devtest set.

Catalan phrase in sen-
tences

Explanation + CPO FLORES DEV + CPO CA-ZH

Bàsquet Girona professional basketball
club based in Girona

吉罗纳篮球队(Girona
Basketball Team)

吉 罗 纳 篮 球 俱 乐
部(Girona Basketball
Club)

autònoms self-employed workers
or freelancers

自治人(Autonomous
People)

自 主 经 营 者(Self-
Employed)

Sant Feliu de Llobregat municipality in the
province of Barcelona

罗布拉格(Robrag) 圣费利乌·德·卢布雷
加特(Sant Feliu de Llo-
bregat)

Blanes municipality in Catalo-
nia

布莱斯(bù lái sı̄) 布拉内斯(bù lā nèi sı̄)

Corredor Mediterrani Mediterranean Corri-
dor, a major rail trans-
port network in Europe

地 中 海 跑
道(Mediterranean
Track)

地 中 海 走
廊(Mediterranean
Corridor)

merder dels okupes the mess caused by
squatters; colloquial

混乱(Chaos) 占 领 活 动 的 混
乱(Chaos of Squatter
Activities)

Table 3: Examples of Chinese translation of Catalan and Spanish region-specific terms, with English translations or
pinyin provided in parentheses.

7 Conclusion

Many existing machine translation benchmarks,
such as FLORES-200, rely on English as a pivot
language for non-English language pairs. This
approach can overlook the linguistic and cultural
specificity of direct translations, particularly for
language pairs like Catalan-Chinese (CA-ZH),
where structural differences, idiomatic expressions,
and cultural references may not have direct equiva-
lents in English. To address this gap, we present a
CA-ZH parallel dataset containing 1,022 sentences
sourced from Catalan and Spanish Wikimedia and
directly translated into Mandarin Chinese. Unlike
most existing benchmarks, our dataset prioritizes
linguistic and cultural authenticity by capturing
regional nuances specific to Catalonia and Spain.
This localization ensures that translations reflect
real-world usage rather than being filtered through
a more globalized or English-centric lens. By com-

paring our dataset to the FLORES-200 dev set,
we demonstrate the benefits of aligning machine
translation (MT) systems with culturally and re-
gionally grounded data. This direct translation
approach outperforms English-pivoted methods,
which often introduce biases from the English-
speaking world. Additionally, our dataset enables
more accurate pronunciation mapping and translit-
eration between Catalan and Chinese, further im-
proving transliteration quality for practical appli-
cations. Our work highlights the importance of
developing non-English-centric datasets to better
serve low-resource language pairs. We hope that
the release of this dataset will encourage further
research into localized, culturally rich resources
and improve MT systems for real-world use.

Limitations

One limitation of our dataset is its relatively small
size. While we aimed to create a high-quality
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dataset, the process of finding linguists and pro-
fessional translators who are fluent in both Chinese
and Catalan, as well as knowledgeable about Cata-
lan culture, is costly. However, this constraint also
ensures that the dataset (1,022 sentences) allows for
meaningful comparisons with the FLORES dev set
(997 sentences), maintaining fairness in evaluation.

That said, the limited number of sentences, com-
bined with the fact that we did not explicitly ensure
that every randomly selected document discusses
Catalan or Spanish culture during the sentence
sourcing process, means that the dataset could have
been richer in regionally and culturally specific top-
ics. Future expansions could address this by incor-
porating more diverse sources that better reflect the
cultural and linguistic nuances of Catalan-speaking
communities.

Ethical statements

The annotators were fairly compensated at a rate of
approximately 20 euros per hour, ensuring ethical
payment for their work. Sentences in our dataset
were sourced from Wikimedia under a public li-
cense, adhering to open data principles and respect-
ing intellectual property rights.

Carbon impact Statement

This work considers the environmental impact of
computational resources used in model training.
Each CPO training runs in 10min on 1 NVIDIA
H100 GPU, and draws 201.47 Wh. Based in
Spain, this has a carbon footprint of 34.46 g CO2e,
which is equivalent to 3.76e-02 tree-months, (cal-
culated using green-algorithms.org v2.2 (Lanne-
longue et al., 2021)). Compared to large-scale deep
learning methods, which can emit several metric
tons of CO2e, our approach remains computation-
ally efficient and environmentally sustainable. In
fact, the emissions per run are comparable to just a
few Google searches, highlighting the low-carbon
footprint of this training process while maintaining
high model performance.
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A Prompt for translations

Adhering to the prompt format for translation as utilized by Xu et al. (2024) for GPT models, we use the
same prompt for GPT-4 in our study, as shown in Figure 1.

GPT-4 Prompt

System:
You are a helpful translator and only output the result.

User:
### Translate this from <source language> to <target language>, <source language>:
<source sentence>
### <target language>:

Figure 1: The prompt employed for GPT-4 to perform translations.

B Statistics of the CPO CA-ZH dataset

The CPO CA-ZH dataset includes sentences collected from three primary sources: Catalan Wikinews,
Catalan Wikipedia, and Spanish Wikivoyage. Approximately one-third of the sentences come from each
source:

Source Wikinews Wikipedia Wikivoyage
n. sent 328 341 353

Table 4: Number of sentences collected from different sources.

For Catalan Wikinews and Catalan Wikipedia, sentences were chosen roughly equally from the
beginning, middle, and end of each article to capture varied contexts:

Sentence Position Count

Middle 231
End 222
Beginning 216

Table 5: Distribution of sentence positions for Catalan Wikinews and Catalan Wikipedia.

The statistics for the Wikinews portion of the dataset are shown in Table 6. The topics, along with
their English translations, are as follows: Ciència i Tecnologia (Science and technology), Cultura i esplai
(Culture and leisure), Dret (Law), Economia (Economy), Esports (Sports), Medi ambient (Environment),
Necrologia (Obituaries), Política (Politics), Salut (Health), Successos (Incidents).

C Top 10 most frequent proper noun phrases across datasets

Table 7 shows the top 10 most frequent proper noun phrases and their frequency in our CPO CA-ZH dataset,
FLORES-200 dev split, FLORES-200 devtest split, and the NTREX dataset.

D Examples of translation of region-specific terms

In Section 6.2, we have only shown translation of the phrases. Table 8 below shows the translation of the
full sentences where these phrases come from.
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Topic # Articles # Sentences
Ciència i tecnologia 9 29
Cultura i esplai 9 28
Dret 10 36
Economia 10 35
Esports 10 35
Medi ambient 10 35
Necrologia 9 28
Política 10 37
Salut 10 34
Successos 10 31
Total 97 328

Table 6: Statistics of the Wikinews portion of the dataset.

Our Dataset Freq. FLORES-200 Dev Freq. FLORES-200 Devtest Freq. NTREX Freq.

Barcelona 18 Estats Units 14 Estats Units 17 Trump 64
Estats Units 13 Terra 10 Terra 11 EUA 61
Europa 12 Xina 9 Austràlia 9 Regne Unit 42
Universitat 9 EUA 8 Alemanya 9 Xina 40
Espanya 9 Europa 7 França 8 Kavanaugh 36
Catalunya 8 Àfrica 7 Japó 7 Corea 35
Xina 7 Sol 7 Europa 7 Palu 29
França 7 Itàlia 6 Hong Kong 6 Nord 27
Madrid 6 Alemanya 6 Taiwan 6 UE 26
Alemanya 6 Turquia 6 Suècia 6 Washington 22

Table 7: Top 10 most frequent proper noun phrases and their frequency across datasets
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Catalan sentence (keyword) + CPO FLORES DEV + CPO CA-ZH

Són també representatius el
Bàsquet Girona (fundat el
2014 per Marc Gasol), actual-
ment a l’ACB, La Salle Girona,
el Vedruna Girona, el Sant Nar-
cís, el Club Bàsquet Onyar o el
CESET

吉罗纳篮球队 (由马克·加索
尔(Marc Gasol) 于2014 年创
立)也代表了这支球队,目前
属于ACB 的La Salle Girona
、维德鲁纳·吉罗纳(Vedruna
Girona)、圣纳基斯(San Nar-
cís)、 奥 尼 亚 尔 篮 球 俱
乐 部(Club Bàsquet Onyar)
和CESET。

吉罗纳篮球俱乐部 (由 马
克·加索尔于2014年创办)也
代表着它,目前它属于ACB、
拉萨尔·吉罗纳俱乐部、维德
鲁纳·吉罗纳俱乐部、圣纳西
斯俱乐部、奥尼亚尔篮球俱
乐部以及塞塞斯特俱乐部。

Més de 6.500 autònoms
sol·liciten l’ajut del Govern
i Treball estudia ampliar-lo
i fer-lo complementari amb
l’estatal.

超过6500 名自治人向政府
申请了援助,劳工正在考虑扩
展援助,并将该援助与州政府
互补。

超 过6500名自主经营者申
请了政府的援助,劳工部门正
在考虑扩大援助计划并将其
与州政府的援助互补。

Les obres per soterrar les vies
a Sant Feliu de Llobregat
començaran aquest 2019.

罗布拉格 (Sant Feliu de Llo-
bregat) 的道路埋葬工作将
于2019年开始。

圣费利乌·德·卢布雷加特 (Sant
Feliu de Llobregat)的道路埋
葬工程将于2019年开始。

Per al passeig Marítim de la ciu-
tat de Blanes se li va encar-
regar el monument homenatge
a l’escriptor Joaquim Ruyra
(1958) amb ocasió del cente-
nari del seu naixement, ho va
representar com el frare caputxí
«sant Sadurní de Croïlles» pro-
tagonista de la seva obra Les
coses benignes, la intenció de
l’escultor va ser expressar la
gran unió que existeix entre la
literatura de Ruyra i l’esperit
franciscà.

对 于布莱斯(Blanes)市的
海 上 漫 游 活 动,他 在1958
年为作者约阿基姆·鲁伊
拉(Joaquim Ruyra) 诞生100
周年纪念日提供纪念碑,他
将其描绘成“克鲁伊莱斯
圣萨德尼”(Saint Sadurní de
Croïlles),其著作《善良的事
物》(The Good Things)的主
角。雕塑家意图是表达鲁
伊拉(Ruyra)文学与法兰西
斯(Franciscan)精神之间存在
的巨大联系。

对于布拉内斯市的海上散
步,在1958年出生百周年之
际,他委托了作家约阿基
姆·鲁伊拉(Joaquim Ruyra)的
纪念碑。他将其描绘成“圣
萨杜尼·德·克鲁伊莱斯”(Saint
Sadurní de Croïlles)作为他的
作品主角。雕塑家的目的是
表达鲁伊拉文学与弗朗西斯
克精神之间深远的联系。

De la Serna assenyala que
el ritme inversor al Corredor
Mediterrani no depèn d’un
problema econòmic sinó admin-
istratiu.

德尔·塞尔纳(De la Serna)指
出,地中海跑道的变速不是
因为经济问题,而是因为行政
问题。

德 拉·塞 尔 纳 指
出,地中海走廊的 投 资 步
伐并非因为经济问题,而是因
为行政问题。

Aquest merder dels okupes a
Barcelona i en extensió a tota
Catalunya va ser propiciat per la
Colau, que oblidem molt ràpid
les coses.

巴塞罗那的这一混乱 ,以及
整个加泰罗尼亚的混乱,是
由“科洛” (La Colau) 造成
的,我们很快就忘了这些事
情。

这 场 在 巴 塞 罗 那 以
及 整 个 加 泰 罗 尼 亚
的占领活动的混乱 ,是 由
劳 拉·科 劳(La Colau)推 动
的。我们很快就忘记了这些
事情。

Table 8: Examples of translation of Catalan and Spanish region-specific terms in sentences.
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