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Abstract

Fine-tuning multilingual models for low-
resource  dialect translation frequently
encounters a “plausibility over faithfulness”
dilemma, resulting in severe semantic drift
on dialect-specific tokens. We term this
phenomenon the “Probability Trap,” where
models prioritize statistical fluency over
semantic fidelity. To address this, we propose
MVS-Rank (Multi-View Scoring Reranking),
a generate-then-rerank framework that decou-
ples evaluation from generation. Our method
assesses translation candidates through three
complementary perspectives: (1) Source-Side
Faithfulness via a Reverse Translation Model
to anchor semantic fidelity; (2) Local Fluency
using Masked Language Models to ensure
syntactic precision; and (3) Global Fluency
leveraging Large Language Models to capture
discourse coherence. Extensive experiments
on Cantonese-Mandarin benchmarks demon-
strate that MVS-Rank achieves state-of-the-art
performance, significantly outperforming
strong fine-tuning baselines by effectively
rectifying hallucinations while maintaining
high fluency.

1 Introduction

Cantonese is one of the most widely spoken va-
rieties of Chinese, serving as a vital linguistic
link for over 86.6 million native speakers globally
(Suen et al., 2024). Despite sharing a writing sys-
tem with Standard Mandarin, Cantonese exhibits
significant diglossia, characterized by distinct di-
vergence in lexicon, syntax, and phonology. For
instance, Cantonese retains unique items such as
“{E” (he/she) and specific post-verbal adverbs that
are absent in Mandarin. Consequently, Mandarin-
centric NLP models often fail to generalize to Can-
tonese. Given the scarcity of high-quality paral-
lel corpora, the dominant paradigm involves fine-
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tuning multilingual Pre-trained Language Models
like mBART (Liu et al., 2020).

However, we observe a critical limitation in this
paradigm: a trade-off between fluency and faith-
fulness, often referred to as the “plausibility over
faithfulness” trap. When encountering dialect-
specific tokens absent from Mandarin-dominant
pre-training data, models frequently suffer from se-
mantic drift. Driven by the objective of maximiz-
ing next-token probability, models tend to generate
words that are statistically plausible in the target
context but contradict the source meaning—a phe-
nomenon we term the “’Probability Trap.”

Consider the Cantonese sentence: “Ni go man
tai tai lai zung jau dak aau” (W 1[& 5] 2 Fef W2 i
G 13 #)), which translates to “This issue seems
debatable.” The character “#)” (argue/debate) is
rare in Standard Mandarin. Our analysis reveals
that mBART-based models typically mistranslate
this as “This issue seems hopeless” (i2 fl&l ] /&
ERBEIREAET). This error stems from
the model’s reliance on the language prior: in the
general training corpus, the completion “hopeless”
follows “This issue seems...” with significantly
higher probability than the faithful translation. The
model thus defaults to the most “fluent” hallucina-
tion, sacrificing semantic fidelity.

To address this hallucination problem caused
by the “Probability Trap,” we propose Multi-View
Scoring Reranking (MVS-Rank') , a framework
that shifts from single-view generation to a com-
prehensive, multi-dimensional assessment. Our
method evaluates candidate translations through
three distinct yet complementary perspectives to
ensure holistic quality. First, we establish a Source-
Side Faithfulness View using a Reverse Model
to calculate the conditional likelihood P(zx|y).
Rather than generating back-translations explicitly,

'Our code is available at https://github.com/
fangtuyu/yue-cmn-rerank.
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this metric measures how effectively the candi-
date reconstructs the source information, serving
as a rigid anchor against semantic drift. Second,
we incorporate a Local Fluency View via Masked
Language Models to correct fine-grained syntactic
errors and phrase collocations. Finally, we inte-
grate a Global Fluency View using Large Language
Models (LLMs) to capture long-range dependen-
cies and discourse-level coherence.

By synthesizing these views, MVS-Rank ef-
fectively decouples generation from evaluation.
Experiments on Cantonese-Mandarin benchmarks
demonstrate that our approach achieves state-of-
the-art performance, significantly outperforming
strong fine-tuning baselines by mitigating seman-
tic drift while maintaining high fluency.

Our main contributions are summarized as fol-
lows:

* We identify the “Probability Trap” in low-
resource dialect translation, providing con-
crete evidence of how Mandarin-dominant
language priors override semantic content on
rare dialectal tokens.

* We propose MVS-Rank, a generate-then-
rerank framework that enforces semantic con-
sistency. Specifically, we utilize the recon-
struction likelihood from a Reverse Model as
a rigid penalty for fluent but unfaithful hallu-
cinations.

* We introduce a novel hybrid fluency scor-
ing mechanism that combines the local pre-
cision of BERT with the global coherence
of LLMs. This multi-granularity approach
ensures translations are both grammatically
sound and contextually natural.

2 Related Work

Cantonese machine translation presents unique
challenges due to the substantial lexical, syntactic,
and stylistic divergence between Cantonese and
Standard Mandarin. Furthermore, the scarcity of
high-quality parallel corpora characterizes it as a
quintessential low-resource and dialectal MT prob-
lem.

Early approaches primarily relied on rule-based
or example-based methods, necessitating extensive
handcrafted linguistic resources and expert knowl-
edge (e.g., Zhang, 1998; Wu et al., 2006; Mak and
Lee, 2021; Wang et al., 2007). With the advent of

statistical machine translation, research shifted to-
ward leveraging limited parallel data. For instance,
Hong et al. (2024) explored data augmentation via
back-translation to construct synthetic parallel cor-
pora. Similarly, Dare et al. (2023) investigated un-
supervised machine translation by exploiting cross-
lingual word embeddings to mitigate the depen-
dency on large-scale parallel data.

In the era of pre-trained models, the dominant
paradigm involves fine-tuning multilingual mod-
els like mBART (Liu et al., 2020). Kozhirbayev
(2024) demonstrated that such models could trans-
fer knowledge to unseen dialects through fine-
tuning on related language pairs. Salazar et al.
(2020) demonstrated leveraging full bidirectional
context to assess sentence fluency and grammat-
icality more holistically. More recently, efforts
have focused on mining potential parallel sen-
tences from Wikipedia to scale up training re-
sources (Liu, 2022) . Despite these advancements,
standard fine-tuning often struggles with dialect-
specific idioms, leading to the “Probability Trap”
where models prioritize fluency over adequacy.

Most recently, Large Language Models have
opened new avenues for this task. Dai et al. (2025)
enhanced Cantonese comprehension in LLMs by
fine-tuning on syntactic and POS data, followed
by post-processing refinement. Jiang et al. (2025)
systematically evaluates the performance of large
models of the mainstream in Cantonese under-
standing and reasoning. Chang et al. (2025) pro-
posed integrating Retrieval-Augmented Genera-
tion with LLMs to incorporate external knowledge.
However, while LLMs exhibit strong generaliza-
tion, they still suffer from hallucinations when han-
dling rare dialectal tokens without explicit con-
straints, highlighting the need for robust reranking
mechanisms.

3 Methodology

To address the scarcity of Cantonese data and
the semantic drift caused by language priors, we
propose MVS-Rank (Multi-View Scoring Rerank-
ing). As illustrated in Figure 1, our framework
operates in a coarse-to-fine retrieve-then-rerank
paradigm. It comprises two core stages: (1) Can-
didate Generation, where a fine-tuned mBART
model serves as the forward backbone to gener-
ate an N-best hypothesis set; and (2) Multi-View
Reranking, where we evaluate candidates through
three distinct perspectives to ensure holistic qual-

472



ity.
3.1 Candidate Generation

We adopt the multilingual pre-trained model
mBART as our backbone forward model. Given a
source Cantonese sentence x, the model seeks the
target Mandarin sentence y that maximizes the con-
ditional probability P(y|x). In the inference phase,
we employ Beam Search to generate a set of [V best
candidate sequences Y = {yi1,y2,...,yn}. For
each candidate y € ), its base forward score Styq
is defined as the length-normalized log-probability
calculated by mBART:

|yl

Stwa(ylz) = v ‘ZlongBART(yt‘nyax) (D

where |y| denotes the length of the target sequence.

3.2 Source-Side Faithfulness View

To explicitly model the semantic consistency (ade-
quacy) between the source text and the translation,
and to counter the “Probability Trap” where flu-
ent hallucinations are preferred, we establish the
Source-Side Faithfulness View.

We train a reverse (Target-to-Source) translation
model on the same parallel corpus. For each candi-
date translation y, we calculate the probability of
reconstructing the source text . This reconstruc-
tion likelihood serves as the reverse score Siey:

||

1
Srev(xk‘/ | Zlogprev(ffﬂl“q, ) ()
Jj=

Functionally, this score is the negative cross-
entropy loss of the reverse model given the pair
(y, z). Ahigher Sy, implies that the candidate y re-
tains sufficient information to restore the source x,
thereby penalizing candidates with semantic omis-
sions or deviations.

3.3 Local Fluency View

Traditional language models often struggle to bal-
ance local precision with global coherence. To
ensure local syntactic correctness and idiomatic
phrasing, we employ the Local Fluency View us-
ing Masked Language Models (such as BERT).
We utilize BERT to calculate Pseudo-Log-
Likelihoods, which capture bidirectional context
dependencies. By masking each token in the candi-

date sentence sequentially and predicting its origi-
nal probability:

|yl

Smim(y) = ol Zlog Peerr(yilyyi) (3
=1

where y,; denotes the sequence with the i-th to-

ken masked. This view effectively penalizes fine-

grained syntactic errors and unnatural collocations

(e.g., grammatical particles or word order issues)

that may be produced by the forward model.
3.4 Global Fluency View

To compensate for the limited context window of
BERT and to enhance sentence-level coherence,
we introduce the Global Fluency View. We utilize
a LLLM to estimate the generation probability of the
entire candidate sentence.

To align with the log-probability scale of the
other modules (where higher scores indicate bet-
ter quality), we define the LLM score Sy, as the
negation of the model’s cross-entropy loss:

|yl

Stim(y) ’1 Zlog Pim(ye | y<t) @)
t=1
Leveraging its extensive pre-training knowledge,
the LLM effectively identifies long-range depen-
dencies and discourse-level patterns. This view
ensures that the translation conforms to natural
Mandarin linguistic patterns at the whole-sentence
level, which is particularly crucial for longer, com-

plex sentences.

3.5 Scoring and Optimization

We compute an adjustment score to refine the N-
best candidates via a linear combination of the
scores from the three views:

Sadjust(ya x) = A Srev(l"y) + Am
+ A1 Sim(y)

: Smlm(y)

®

where A\, A, and \; are hyperparameters control-
ling the weights of the faithfulness, local fluency,
and global fluency features, respectively.

The final score for each candidate is defined as
the combination of the original forward score and
the adjustment score:

Sﬁnal(?/a l’) = wad(y’x) + Sadjust(yy $) (6)

Finally, we select the candidate with the highest
aggregated score as the final translation output 3:

g=arg max  Shna(y, ) @)

ye{y1,...yn
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Figure 1: Overview of the MVS-Rank framework. We generate N-best candidates using mBART and rerank them
by integrating scores from three views: Source-Side Faithfulness (Reverse Model), Local Fluency (BERT), and

Global Fluency (LLM).

4 Experiment

4.1 Dataset

In our experiments, we use two datasets, Dare-
Cantonese (Dare et al., 2023) and Cantonese-
Chinese-Parallel. The dataset descriptions are pro-
vided below, and their statistics are reported in Ta-
ble 1.

¢ Dare-Cantonese (Dare et al., 2023) : in-
cluding: (1) 1,004 manually transcribed and
aligned sentence pairs from the Cantonese-
HK/Chinese-HK Universal Dependencies
Treebank; and (2) 13,004 bilingual sentences
from the Kaifangcidian? online dictionary.

* Cantonese-Chinese-Parallel: A parallel
dataset of Cantonese and Traditional Chinese,
extracted from a publicly available corpus.’

4.2 Baseline

We compare our approach with five baseline meth-
ods, spanning traditional models to state-of-the-art

"https://kaifangcidian.com/han/yue/
*https://huggingface.co/datasets/raptorkwok/
cantonese-traditional-chinese-parallel-corpus

Split Dare- Cantonese-Chinese
Cantonese Parallel

Train 10,085 10,800

Validation 1,121 1,200

Test 2,802 3,000

Table 1: Dataset Statistics

LLMs. Detailed descriptions are provided in Ap-
pendix A.

4.3 Experimental Setup

We employ the fine-tuned mBART-large-50* as
the generator to produce the top-N = 10 candi-
date translations. For the re-ranking components,
we utilize bert-base-chinese’ to calculate lo-
cal fluency (Eq. 3) and Qwen2.5-7B° to measure
global fluency (Eq. 4). All experiments are con-
ducted on NVIDIA RTX 3090 (24GB) GPUss; fine-
tuning the mBART model requires approximately
1 hour, while the re-ranking process takes about 50

*https://huggingface.co/facebook/
mbart-large-50

https://huggingface.co/google-bert/
bert-base-chinese

6https://huggingface.co/Qwen/Qwen2.5—7B

474


https://kaifangcidian.com/han/yue/
https://huggingface.co/datasets/raptorkwok/cantonese-traditional-chinese-parallel-corpus
https://huggingface.co/datasets/raptorkwok/cantonese-traditional-chinese-parallel-corpus
https://huggingface.co/facebook/mbart-large-50
https://huggingface.co/facebook/mbart-large-50
https://huggingface.co/google-bert/bert-base-chinese
https://huggingface.co/google-bert/bert-base-chinese
https://huggingface.co/Qwen/Qwen2.5-7B

Dataset Method SacreBLEU BERTscore ChrF ChrF++ COMET
NLLB 11.29 07096 1129 973  0.6736
Dic-based 21.44 07841  19.14 1653  0.7825
Dare-Cantonese Qwen2.5-ZS 23.41 07977 2148 1867  0.7960
Llama3.1-ZS 14.61 07824  14.82 12.87  0.7932
mBART-FT 40.11 0.8504 3423 3050  0.8469
MVS-Rank 42.52 0.8584  36.26 3240  0.8597
NLLB 13.75 06950  13.18 9.92  0.6675
Dic-based 29.57 07890  27.03 2393  0.7959
. Qwen2.5-ZS 25.68 07849 2249 1726  0.7907
Cantonese-Chinese-Parallel | 1\ 7 19.32 07709 1779 13.88  0.7846
mBART-FT 39.07 0.8013 3574 2995  0.8000
MVS-Rank 40.62 0.8052  37.00 3092  0.8096

Table 2: Main results on Dare-Cantonese and Cantonese-Chinese-Parallel datasets. The best performance in each
column is highlighted in bold. *ZS’ denotes Zero-Shot setting.

SacreBLEU BERTscore ChrF ChrF++ COMET
MVS-Rank 42.52 0.8584 36.26  32.40 0.8597
w/o Reverse Translation 40.93 0.8496 34.98 31.16 0.8511
w/o MLM 42.10 0.8570 35.90 32.02 0.8581
w/o LLM 42.24 0.8572 36.00 32.17 0.8575
S fwa only (mBART) 40.11 0.8504 34.23 30.50 0.8469

Table 3: Ablation study of the MVS-Rank framework on the Dare-Cantonese dataset, systematically removing the
Source-Side Faithfulness (Reverse), Local Fluency (MLM), and Global Fluency (LLM) components.

minutes. The hyperparameters A, A, and )\; are
determined via a grid search on the validation set,
selected to maximize the SacreBLEU score.

4.4 Evaluation Metrics

To comprehensively assess translation quality, we
employ five metrics: SacreBLEU, ChrF, ChrF++,
BERTScore, and COMET. Detailed descriptions
of these evaluation metrics are provided in Ap-
pendix B.

4.5 Main result

Table 2 presents the evaluation results on the Dare-
Cantonese and Parallel datasets. Our proposed
MVS-Rank consistently achieves the best perfor-
mance across all metrics.

Baseline Analysis. The performance of baselines
highlights their respective limitations: NLLB per-
forms poorly, yielding the lowest scores across
all metrics, as its capacity is diluted across many
languages and lacks the dialect-specific depth re-
quired for Cantonese. The dictionary-based model
is heavily constrained by lexicon coverage, fail-
ing to translate out-of-vocabulary terms. Notably,
Zero-shot LLMs exhibit a divergence between re-

spectable COMET and low SacreBLEU scores.
This confirms they generate fluent Mandarin para-
phrases, preserving semantics but lacking the spe-
cific Cantonese lexical accuracy. mBART-FT
serves as the strongest baseline due to domain adap-
tation, significantly outperforming other methods.

Our Method. MVS-Rank further improves upon
the strong mBART baseline by +2.41 and +1.55
SacreBLEU on the two datasets, respectively.
This demonstrates that our reranking framework
—which enforces faithfulness through the reverse
model and ensures multi-granularity fluency via
hybrid language models—effectively mitigates se-
mantic drift and the "Mandarinization™ issues ob-
served in standard fine-tuning.

4.6 Ablation Study

To assess the individual contributions of each com-
ponent in the proposed framework, we perform an
ablation study on the Dare-Cantonese dataset by
systematically removing the Reverse Translation
model (Source-Side Faithfulness View), the MLM
scorer (Local Fluency View), and the LLLM scorer
(Global Fluency View). The results are summa-
rized in Table 3.
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ID Model Sentence Remark / Error Analysis
Source a5, KM Gloss: Ready to eat, everyone take your seats.
Ref ATRAIZTY, KRR AR
NLLB R TR, Omission: Misses the “eating” context.

1 Dic-based RIS, KEEAL Copying: Output is identical to Cantonese source.
Qwen2.5-ZS Wz T, REEM[ENEM,  Mistranslation: Interprets “Y¥i{ii” (take seat) as “give up seat”.
LLama3.1-ZS WZM 7, KRFHERALLAIT Mistranslation: Translates “Ready to eat” as “Full”.
mBART-FT ZnE, KRR T Grammar: “ ” is not a commonly used expression in Mandarin..
MVS-Rank A LARZIE, KR AT Correct.

Source BEnEME Gloss: Take a stone and press it down.
Ref FAEREE
NLLB FEOEEAM, Literal: Copies “E” without translating meaning.

2 Dic-based EIA A Mixed: Partially Cantonese (“E{1").
Qwen2.5-ZS ST TRl {3 Nuance: “fli” (smash) implies violence.
LLama3.1-ZS & %¥fth—if Mistranslation: Mistakes “E” for “blame/scold”.
mBART-FT EWHHEEE Mistranslation: “E” means cover, not press.
MVS-Rank EWOEREET Correct.

Source SASEMA N EAR L0 Gloss: That person just now was really kind.

Ref WA T N 2 40

NLLB KA 2ER A5 AN,  Hallucination: Completely unrelated to source.

3 Dic-based TR EPN=AE RN Grammar: “fl \” does not follow standard classifier usage in

Mandarin.

Qwen2.5-ZS SR AR NERRALD, Entity Error: Changes “that person” to “myself”.

LLama3.1-ZS SEZCM AR ZRGHOE Mistranslation: Interprets “{E A\ as “people”.

mBART-FT il R NE=R TN Grammar: “ffl \” does not follow standard classifier usage in
Mandarin.

MVS-Rank WA BB N B4 0 Correct.

Source PRI 2R —ER Gloss: The whole school only has one court.

Ref BNAEE — BRI,

NLLB A EER Omission: Misses “whole” and “only”.

4 Dic-based AR — Bk G. Copying: Output is identical to Cantonese source.

Qwen2.5-ZS P EEMEE —EEKS, Mistranslation: “All schools” contradicts “one school”.
LLama3.1-ZS %P4 &8, Omission: Misses the constraint “only”.

mBART-FT BB A —(E#8F %,  Mistranslation: “&8H” (all have) vs “LH” (only have).
MVS-Rank  FEEEA A —EERY. Correct.

Table 4: Comprehensive qualitative analysis of translation outputs. We compare our proposed method against
multiple baselines including NLLB, Dictionary-based Translation, Qwen, LLama, and fine-tuned mBART.

As shown in Table 3, the full MVS-Rank method
outperforms all ablated variants, validating the ef-
fectiveness of our multi-view scoring mechanism.
Removing the Reverse Translation module results
in the most significant performance degradation
across all metrics (e.g., SacreBLEU drops by 1.59).
This underscores the critical role of source-side
faithfulness in ensuring semantic adequacy and
filtering out hallucinations. The removal of the
MLM scorer leads to a clear drop in ChrF/ChrF+
+, which relies on character n-grams. This aligns
with the role of MLM in ensuring Local Fluency,
as it helps refine morphology and local word pat-
terns. The LLLM scorer (Global Fluency) provides
further marginal gains, ensuring the final output
is not only grammatically correct but also coher-

ent at the sentence level. All ablated variants
still outperform the S,,q only baseline (mBART),
demonstrating that our re-ranking strategy—even
with partial components—consistently selects bet-
ter translations than the greedy decoding of the
base model.

4.7 Case Study

4.7.1 Comparison with Baselines

To qualitatively compare the translation outputs
of various baseline methods with our proposed
method MVS-Rank, we select several representa-
tive examples from the dataset. The reference sen-
tences are the annotated translations provided in
the dataset. Detailed examples are presented in Ta-
ble 4.
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Sentence (Chinese) Remark / Gloss

mBART MVS-Rank "0 o wlo
MLM LLM Rev.

Source WefE RSB ITH 1S3
Ref EEMEEREBEE —FTHR

Gloss: This issue seems still open for debate. - - - - -

ElEMEERERRARET
EEMEEARRRATE
EEHEE KB AT
EIEMEEABREHTTHR
10-best S MEMEE KIBHG M

Correct.

Cands. 3 EREEAIEREATTHI T2 Mistranslation: “Open solution” instead of “debate”.

EEMEEACRREA TN T
EEMEERBERLEIZA
EEMEERBAR T
EEMEE AR AR

Hallucination: Ungrammatical meaning.

Hallucination: Ungrammatical phrasing.
Mistranslation: “Salvageable” vs “Debatable”.

Mistranslation: Interprets “can argue” as “hopeless”. 1 5 7 6 1
Mistranslation: Interprets “can argue” as “hopeless”. 2 8 10 8 2
3 1 1 1 5
Hallucination: Invented term “opening strategy”. 4 10 9 0 9
Mistranslation: “Manageable” instead of “debatable”. 5 3 3 2 6
6 7 8 7 4
7 9 5 9 7
Mistranslation: “Unfinished” vs “Debatable”. 8 4 4 4 3
9 6 6 5 10
10 2 2 3 8

Table 5: Ablation case study demonstrating the impact of the Reverse Translation model. Numbers indicate the
rank of the corresponding sentences within the candidate translations.

Sentence (Chinese) Remark / Gloss

w/o w/o wlo

mBART MYVS-Rank MLM LLM Rev.

Source FERIEEE
Ref /PNEEME

Gloss: It’s just a trivial matter / a piece of cake. - - - - -

PRy sy S Literal: Retains Cantonese term “F#¥}”, unnatu- 1 2 1 2 3
ral in Mandarin.
H SR/ N 5L Grammar: Unnatural phrasing (“small bits”). 2 5 7 6 7
NERH Acceptable: Idiomatic meaning (“child’s play”). 3 6 8 4 5
10-best 1EHE/NARITE. Acceptable: Natural phrasing. 4 3 3 5 2
Cands. HJ2/NGERHTE  Correct. 5 1 2 1 1
B R/ MEE Mistranslation: Translates as “violin” (/N Z228). 6 7 4 8 6
BRZ/DEE Hallucination: Nonsense output. 7 9 9 9 8
gty Literal: Retains Cantonese term “F¢f}” 8 8 5 7 9
HRBLE/MEERTBPE Literal: Misses the metaphorical meaning. 9 4 6 3 4
R Literal: Misses the metaphorical meaning. 10 10 10 10 10

Table 6: Ablation case study demonstrating the impact of the MLM scorer. Numbers indicate the rank of the

corresponding sentences within the candidate translations.

First, we observe that NLLB suffers from signif-
icant information omission. For instance, in Case
1, the core action “eating” is missing, and in Case
4, the critical quantifier “only one” (1§ — 1) is
dropped, leading to an incomplete translation.

Second, the Dictionary-based method is heavily
constrained by lexicon coverage. When encoun-
tering Cantonese-specific terms not present in the
dictionary, it resorts to copying the source text di-
rectly. A clear example is found in Case 2, where
the verb “E {¥” (press down) is left untranslated,
resulting in a code-mixed output.

Third, LLMs (Qwen and LLaMA) demonstrate
a tendency to generate highly fluent but semanti-
cally unfaithful sentences (hallucinations). They
often fail to grasp specific Cantonese semantics,
leading to divergence from the original mean-
ing. Taking Case 2 as an example, the Can-
tonese character “&” implies “to press.” However,

LLaMA misinterprets it as the Mandarin homo-
graph for “blame” (EH %), while Qwen interprets
it as “smash” (filf), both deviating from the source
intent.

Finally, while the mBART-FT baseline achieves
the highest semantic similarity to the reference
among all baselines, it still struggles with precise
nuances and occasional unnatural phrasing (e.g.,
mistranslating “only have” as “all have” in Case
4).

In contrast, MVS-Rank effectively addresses
these issues by incorporating the Multi-View Scor-
ing Reranking framework. By leveraging the re-
verse model to ensure semantic faithfulness and
the hybrid language models to guarantee multi-
granularity fluency, our method successfully cor-
rects the lexical ambiguities and omissions found
in baselines, yielding translations that are both ac-
curate and natural.

477



Sentence (Chinese) Remark / Gloss

w/o wlo wlo
mBART MYVS-Rank MLM LLM Rev.

Source 1EENEHEREEE
Ref fBERET

Gloss: He went to see a doctor.

fth25 T B Slightly Unnatural: Word order “% 7 ...” is less 1 2 3 1 3
idiomatic.
MEBRET Correct. 2 1 1 4 1
fETEEE Acceptable: “Went to see the doctor”. 3 5 7 3 4
10-best EF THEEYE  Mistranslation: “Took a look at the doctor”. 4 3 4 2 2
Cands. fhEETER Unnatural: “Took a look at the illness”. 5 4 2 5 10
BB B Added Info: Explicitly mentions “hospital”. 6 8 8 9 6
MmEBWRET Acceptable: Slightly unnatural. 7 6 6 6 7
feEslE= e =g Added Info: “Arrived at hospital”. 8 10 9 10 8
fEE T EBE Acceptable: “Went and saw the doctor”. 9 9 10 8 5
mEBWRT Acceptable: “Has gone to see a doctor”. 10 7 5 7 9

Table 7: Ablation case study demonstrating the impact of the LLM scorer. Numbers indicate the rank of the

corresponding sentences within the candidate translations.

4.7.2 Ablation Case Study

To qualitatively assess the contributions of the Re-
verse Translation model, the MLM scorer, and the
LLM scorer, we select several representative cases
from the Dare-Cantonese dataset to highlight their
respective effects.

Ablation case study highlighting the role of the
Reverse Translation model: As shown in Table 5,
the character “#” is a rare character in Mandarin.
The source phrase “f15#” means “open for de-
bate.” The mBART baseline incorrectly predicts
A A (“hopeless”), likely due to a semantic
hallucination. By contrast, MVS-Rank, leveraging
the faithfulness constraint from the reverse model,
correctly produces the semantically accurate trans-
lation “JEH15FEm” (“debatable”).

Ablation case study highlighting the role of the
MLM scorer: Table 6 shows an ablation case
study on translating Cantonese slang. The source
“WFRL” (fragments) metaphorically means “trivial
matter”. The mBART baseline (Rank 1) produces
a literal translation “/N#AL, retaining the dialect
term which is incorrect in Standard Chinese. The
variant w/o MLM fails to correct this lexical is-
sue (Rank 1 remains unchanged). However, MVS-
Rank successfully identifies the idiomatic Man-
darin equivalent “/N5d B} (child’s play). This
highlights the role of the MLM scorer in filtering
out non-standard lexical usages.

Ablation case study highlighting the role of the
LLM scorer: As shown in Table 7, the mBART
baseline produces “ftfl 25 T & %", which suffers
from slightly awkward word order. The variant

Parameter Sensitivity Analysis

38.00
37.75
37.50

o

837.25

(2]

337.00

@ 36.75
36.50 Am
36.25 A

— A

0.00 0.05 0.10 0.15 0.20 0.25 0.30
Hyperparameter Value (A)

Figure 2: Parameter sensitivity analysis of the weight-
ing coefficients \;, A, and A\; on SacreBLEU score.

w/o LLM fails to distinguish this nuance and as-
signs it Rank 1. In contrast, MVS-Rank, leverag-
ing the LLM’s capability in modeling global flu-
ency and long-range dependencies, correctly re-
ranks the more natural phrasing “fl &K% T
to the top position.

Additional ablation case studies are provided in
Appendix D.

4.8 Parameter Sensitivity

As shown in Figure 1, )\, demonstrates a mono-
tonic improvement in SacreBLEU score as it in-
creases from 0.0 to 0.3, highlighting its strong con-
tribution to model performance. On the other hand,
both )\, and \; exhibit an inverted U-shaped be-
havior, peaking at A = 0.1. Beyond this thresh-
old, further increases may degrade performance,
likely due to excessive interference with the pri-
mary training objective. These results suggest that
while ), can be safely increased within the tested
range, careful tuning is required for A,, and \; to
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avoid negative impacts.

Limitations

A primary limitation of our method lies in its de-
pendence on the search space defined by the for-
ward model (mBART). As a reranking approach,
our method selects the optimal hypothesis from a
generated N-best list but lacks the capability to
synthesize new translations from scratch. There-
fore, the improvement ceiling is determined by the
recall of the N-best list; if the mBART model fails
to generate a valid translation within the top-N can-
didates, our reranker is unable to produce the cor-
rect output.
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A Appendix A: Baseline Details
The baselines are described as follows:

* NLLB (Costa-jussa et al., 2022): A
Transformer-based  multilingual  transla-
tion model optimized for low-resource
languages, which controls translation direc-
tion via target language identifiers. We use
the nllb-200-distilled-600M variant
supporting both Cantonese and Mandarin.

Dictionary-based Translation (Dic-based):
A traditional hybrid system that combines dic-
tionary lookup for lexical mapping with lan-
guage model-based rules for reordering Can-
tonese syntax to Mandarin.

mBART Fine-tuned (mBART-FT) (Tang
etal., 2020): A sequence-to-sequence denois-
ing autoencoder pre-trained on large-scale
multilingual corpora is used as the back-
bone model. We perform full-parameter fine-
tuning.

Qwen2.5 Zero-shot (Qwen2.5-ZS) (Yang
et al., 2024): We evaluate the Qwen2.5-7B-
Instruct variant. The model is instructed
to translate Cantonese input into Mandarin us-
ing the specific prompt illustrated in Figure 3.

Llama3.1 Zero-shot (Llama3.1-ZS) (Team,
2024):  We evaluate the Llama3.1-8B-
Instruct variant by applying the same zero-
shot prompting strategy illustrated in Figure 3
to generate translations

B Appendix B: Evaluation Metrics
Details

We further elaborate on the evaluation metrics used
in our experiments. SacreBLEU measures lexi-
cal overlap by computing the geometric mean of
n-gram precisions, scaled by a brevity penalty.
ChrF and ChrF++ evaluate translation quality us-
ing character n-gram F-scores, which are partic-
ularly robust for morphologically rich languages.
While ChrF relies solely on character n-grams,
ChrF++ additionally incorporates word n-grams.
BERTScore captures semantic similarity using
contextualized embeddings; specifically, we em-
ploy the bert-base-chinese model to calcu-
late BERTScore. Finally, COMET utilizes cross-
lingual pre-trained language models to encode se-
mantic information, measuring the semantic con-

sistency between the generated translation and the
reference text. We employ the wmt22-comet-da
variant’ for our evaluation.

C Appendix C: Prompt

The prompts used for LLM-based translations are
presented in Figure 3.

D Appendix D: More Ablation Case
Study

Additional ablation case studies are presented in
Tables 8, 9, and 10.

"https://huggingface.co/Unbabel/
wmt22-comet-da

481


https://huggingface.co/Unbabel/wmt22-comet-da
https://huggingface.co/Unbabel/wmt22-comet-da

Qwen prompt

You are a professional Cantonese translation expert. Please accurately translate the following Can-
tonese sentences into Traditional Written Mandarin, using formal and natural Chinese expressions
without adding any explanations, titles, or extra content. Only output the translated Traditional
Mandarin sentences.

Cantonese:

Traditional Mandarin:

(a) Qwen prompt
Llama prompt

You are a professional Cantonese translation expert. Please accurately translate the following Can-
tonese sentences into Traditional Written Mandarin, using formal and natural Chinese expressions
without adding any explanations, titles, or extra content. Only output the translated Traditional
Mandarin sentences. Do not include prefixes such as *Traditional Mandarin:’ or similar phrases.
Cantonese:

Traditional Mandarin:

(b) Llama prompt

Figure 3: Prompts used for LLM-based translation.

Sentence (Chinese) Remark / Gloss mBART MVS-Rank w/o w/o w/o
(Rank) Rank MLM LLM Rev
Source F=M ML 1T Gloss: 1 didn’t sleep all night last night. - - - - -
Ref  FRWEML— 2 0E - - - - -
FRHEREETR IZ & Hallucination: “Didn’t suit/fit” makes no sense 1 2 1 2 3
here.
FWERMEE IR & Hallucination: Nonsense. 2 5 4 5 6
FWEREE IR 518 Hallucination: Nonsense. 3 4 5 3 5
10-best FRHEHERFETIZMEE  Acceptable: “Didn’t sleep”. 4 3 3 4 1
Cands. FRIFMURETRIS M Correct. 5 1 2 1 2
FHERM R AIEAR Idiomatic: “Didn’t close my eyes”. 6 8 8 9 4
FRHEMIER % & Hallucination: Nonsense. 7 7 7 7 9
FWEMEETE % A7# Collocation Error: Same as Rank 1. 8 6 6 6 7
FRWEMRRE R Mistanslation: ~ Opposite meaning (“Slept 9 10 10 8 8
soundly”).
FRWERGS FiR Omission: Misses “all night” (F&7X). 10 9 9 10 10

Table 8: Ablation case study highlighting the role of the MLLM scorer. The numbers in the table indicate the ranking
of the corresponding sentences in the candidate translations. The mBART baseline (Rank 1) generates “VZ & &
(didn’t suit), which is a clear collocation error likely intended to be “{% & HE” (didn’t close eyes). w/o MLM fails to
correct this error (assigning it Rank 1). However, MVS-Rank, leveraging BERT’s bidirectional context modeling,

identifies this awkward phrasing and correctly reranks the fluent translation “#47% 2" to the top position.
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Sentence (Chinese) Remark / Gloss mBART MVS-Rank w/o w/o w/o
(Rank) Rank MLM LLM Rev.

Source 1B & 4T P4t HHEH Gloss: He will get better soon, I suppose. - - - - -
Ref  fERPLGFERE - - - - -
flEr R He o] 2 Mistranslation: “Come back” (A 2R) vs “Re- 1 4 4 4 1
cover” (47HH).
fh R PIrEIARE)  Mistranslation: Blends “recover” and “come 2 3 3 3 6
back”.
10-best fHERUMARRAIEIZE Mistranslation: Blends “recover” and “come 3 7 9 7 2
Cands. back”.
f @ AR PR AR AR Acceptable: “He will get better soon”. 4 2 2 2 5
EIR LT Correct. 5 1 1 1 3
f R PAEIARE)  Mistranslation: Blends “recover” and “come 6 5 5 6 4
back”.
f Rty 3= Hallucination: Contains Korean text. 7 9 8 9 10
flEr R P 18 Bt Unnatural: “Revert/Return” is archaic/ 8 8 7 8 8
technical.
(A=FFNE PR Mistranslation: Blends “recover” and “come 9 10 10 10 7
back”.
TERR TR Wrong Pronoun: “It” (E) vs “He” (if). 10 6 6 5 9

Table 9: Ablation case study demonstrating the impact of the Reverse Translation model. Numbers indicate the
rank of the corresponding sentences within the candidate translations. The source term 4f%&H” means “recover.”
The mBART baseline mistranslates it as [F]5€” (“come back™), likely due to a hallucination. The w/o Rev. variant
fails to detect this semantic error, leaving it at Rank 1. In contrast, MVS-Rank, leveraging the faithfulness constraint
from the Reverse Model, correctly identifies the semantic mismatch and reranks the accurate translation “YFFLAR”
(“recover”) to the top.

Sentence (Chinese) Remark / Gloss mBART MYVS-Rank w/o w/o  w/o
(Rank) Rank MLM LLM Rev.
Source 1EATHHEITIER Gloss: He didn’t do his homework. - - - - -
Ref i AEMIIER - - - - -
T E DR Mistranslation: “Inability” (ff X 2l) vs. 1 2 2 1 1
“Did not” (% ).
IR TR Mistranslation: He has no homework. 2 7 3 8 8
R EE7 Acceptable: (Correct meaning). 3 1 1 2 3
10-best THIZE LIk Mistranslation: He has no homework. 4 4 4 5 5
Cands. AR Hallucination: Nonsense. 5 10 9 10 10
AR REDIER Hallucination: Ungrammatical. 6 6 8 4 7
ENSEZER I @PI Correct. 7 3 5 3 2
B MR Added Info: Added “yet”. 8 5 6 7 4
AR Mistranslation: “did not” was translated as 9 9 10 6 6
“refuse”
Refusal.
IR R Mistranslation: “did not” was translated as 10 8 7 9 9
“has not”.

Table 10: Ablation case study demonstrating the impact of the LLM scorer and the Reverse Translation model.
Numbers indicate the rank of the corresponding sentences within the candidate translations. The Cantonese source
“A7f% ] simply means “did not do”. However, the mBART baseline (Rank 1) hallucinates capability, translating
it as “fi~ 2" (unable to do). Both w/o LLM and w/o Rev fail to correct this semantic error, keeping the incorrect
candidate at Rank 1. MVS-Rank effectively identifies the nuance and ranks the acceptable translation “VZff{IER"
as the top candidate.
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