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Abstract

The decline of proficient practitioners poses an
existential threat to numerous ancient writing
systems, risking the loss of the cultural her-
itage they encode. Among these systems is
Sawndip, a logographic script whose compu-
tational preservation faces severe challenges
due to the scarcity of standardized corpora.
In this paper, we present the first systematic
framework for low-resource Sawndip—Chinese
translation and bilingual conversational model-
ing. We introduce a newly curated dataset com-
prising sentence-level Sawndip—Chinese paral-
lel data and character-level lexical definitions.
Building upon this foundation, we propose
a knowledge-enhanced supervised fine-tuning
paradigm that incorporates lexical knowledge
during training. To address the additional chal-
lenges of Chinese-to-Sawndip generation, we
further develop a manually curated template-
based substructure substitution strategy for syn-
thesizing reverse-direction data. Bilingual con-
versational data is then constructed through
a dimension-conditioned dialogue generation
and multi-candidate back-translation pipeline,
enabling controllable and diverse dialogue syn-
thesis. Experimental results show that our
final unified model effectively supports both
Sawndip—Chinese translation and bilingual con-
versational abilities. Ultimately, this work pro-
vides a foundational reference for the digital
preservation of Sawndip, offering broader in-
sights into the computational documentation of
globally-endangered languages.

1 Introduction

The preservation of endangered languages is a crit-
ical global imperative, as these languages serve as
important carriers of cultural diversity and histori-
cal knowledge. Estimates suggest that over 60% of
the world’s roughly 7,000 languages are currently
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endangered (Moseley, 2010). Among these threat-
ened systems is Sawndip (Old Zhuang Script), a
traditional logographic writing system used by the
Zhuang people, an ethnic group primarily resid-
ing in southern China. Historical studies suggest
that Sawndip can be traced back at least to the
Tang dynasty (7th century CE), giving it a docu-
mented history of more than 1,300 years (Diller
et al., 2004). As an essential carrier of Zhuang cul-
ture, Sawndip holds significant value for historical
linguistics and ethnographic research. However,
with the promotion of the modern Zhuang roman-
ization system and shifting sociolinguistic environ-
ments, its active usage has steadily declined. Today,
Sawndip survives primarily in a limited number
of historical documents and a dwindling circle of
individual practitioners, while digitally annotated
resources remain extremely scarce. Consequently,
Sawndip represents both a low-resource and endan-
gered writing system, highlighting the urgency of
systematic computational documentation to safe-
guard this component of global cultural heritage.

While Large Language Models (LLMs) have
demonstrated remarkable capabilities in machine
translation (Costa-Jussa et al., 2022; Vilar et al.,
2023) and instruction following (Ouyang et al.,
2022; Dubey et al., 2024), Sawndip presents unique
challenges that render standard fine-tuning ineffec-
tive. The script possesses an immense character
inventory with many local and historical variants,
most of which are not covered by Unicode. In
addition, the system exhibits severe semantic am-
biguity, characterized by extensive one-to-many
glyph-to-meaning mappings. Finally, the limited
historical corpora suffer from substantial ortho-
graphic noise, complicating model training and
generation. Consequently, frontier models such as
GPT-5.5 (OpenAl, 2025), Claude Opus 4.7 (An-
thropic, 2026), and even Chinese-focused systems
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like DeepSeek-v4-Pro (DeepSeek Al, 2026) can-
not reliably translate or generate Sawndip based on
their native knowledge.

To address these challenges, we present the first
unified framework for Sawndip—Chinese bidirec-
tional translation and bilingual dialogue modeling.
We first construct a curated dataset, consisting of
Sawndip—Chinese parallel sentences and Sawndip
character-level lexical definitions collected from
lexical databases and historical materials. Based
on this dataset, we investigate machine transla-
tion and propose a knowledge-enhanced supervised
fine-tuning (KE-SFT) strategy that incorporates
character-level lexical information during training
to improve Sawndip-to-Chinese translation. For
Chinese-to-Sawndip translation, where reverse lex-
ical resources are unavailable, we construct man-
ual templates and further expand them via LLM-
guided substructure substitution for synthetic data
augmentation to alleviate data scarcity.

Beyond translation, we argue that preserving
an endangered writing system requires not only
sentence-level translation, but also interactive
bilingual generation capable of conveying cul-
tural knowledge and historical context. Such ca-
pabilities can support Sawndip learning and use
by enabling Chinese-speaking users to compose
Sawndip text, develop educational resources, and
engage with Sawndip in contextualized communi-
cation. Motivated by this goal, we further extend
the translation framework into a bilingual dialogue
system. To support dialogue training under noisy
low-resource conditions, we propose a dimension-
conditioned dialogue synthesis pipeline for gener-
ating dialogues aligned with Sawndip cultural and
linguistic contexts, together with a multi-candidate
back-translation filtering strategy for constructing
high-quality bilingual dialogue data. Finally, we
jointly train the model on both translation and dia-
logue resources, enabling a unified system for both
bidirectional translation and bilingual interaction
under extreme low-resource conditions.

To the best of our knowledge, this is the first
study to explore Sawndip through a systematic,
data-driven computational framework. We hope
that this work can serve as an initial step towards
the computational study of Sawndip and, more
broadly, raise awareness of the importance of col-
lecting, documenting, and preserving endangered,
historically grounded languages globally. Our core
contributions are summarized as follows:

* We curated the first Sawndip—Chinese compu-
tational resource, including authentic parallel
sentence pairs, lexical definitions, and synthetic
bilingual dialogue data, and introduce Sawndip—
Chinese machine translation and bilingual dia-
logue benchmarks.

* We propose a KE-SFT framework for Sawndip-
to-Chinese translation and an LLM-guided sub-
structure substitution method with manually
designed templates for synthetic Chinese-to-
Sawndip data augmentation under extreme low-
resource conditions.

* We introduce a dimension-conditioned dialogue
synthesis pipeline together with multi-candidate
back-translation filtering to construct culturally
coherent bilingual dialogue data for Sawndip.

» Extensive experiments demonstrate that our
framework significantly improves bidirectional
translation quality, outperforming strong com-
mercial LLM baselines, while also enabling co-
herent bilingual dialogue generation.

2 Related Work

Computational Studies of Low-Resource and
Endangered Languages The preservation of lin-
guistic diversity has motivated increasing Natu-
ral Language Processing (NLP) research on low-
resource and endangered languages. While foun-
dational work remains a cornerstone of the field,
recent studies also emphasize corpus construction,
benchmark design and computational modeling
for under-explored languages, scripts, and dialects.
For instance, Zheng and Yu (2025) introduced the
first Tangut-Chinese parallel corpus, utilizing LLM-
based translation with lexicon-aligned prompting.
In the domain of dialectology, Le and Tuan (2023)
presented a parallel corpus for central-northern
Vietnamese dialect transfer and evaluated mono-
lingual and multilingual language models. Be-
yond Asian contexts, datasets for indigenous lan-
guages like Mapudungun (Pendas et al., 2023), sup-
ported by initiatives like the AmericasNLP Work-
shop (Mager et al., 2024), further advance research
on cross-lingual transfer. These studies highlight
growing interest in computational modeling of
under-explored languages and scripts. Building
on this momentum, our work introduces the first
systematic framework for Sawndip, a historically
grounded but digitally neglected writing system.
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Figure 1: Overview of our unified framework for low-resource Chinese—Sawndip bidirectional translation and
bilingual dialogue modeling. All data and supervision are in Chinese—Sawndip format. Our framework consists of
five stages: (i) data construction and curation from diverse sources with expert evaluation; (ii) knowledge-enhanced
SFT for Sawndip-to-Chinese translation with character-level lexical grounding; (iii) manually designed templates
combined with LLM-guided substructure substitution for synthetic Chinese-to-Sawndip data augmentation; (iv)
dimension-conditioned dialogue synthesis combined with multi-candidate back-translation filtering for constructing
high-quality bilingual dialogue data; and (v) a unified model jointly trained on translation and dialogue data,
enabling bidirectional translation and bilingual interaction under extremely low-resource conditions.

Low-Resource Neural Machine Translation
Low-resource machine translation remains chal-
lenging due to the scarcity of parallel corpora
or linguistic resources required for extensive pre-
training. Prior work has explored a variety of strate-
gies in neural machine translation (NMT) settings
(Ren et al., 2021; Haddow et al., 2022; Ranathunga
et al., 2023). Traditional approaches leverage data
augmentation techniques such as back-translation
(Sennrich et al., 2016; Fadaee and Monz, 2018),
which synthesize pseudo-parallel samples to boot-
strap translation models. Other paradigms focus on
knowledge transfer, including pivot-based transla-
tion (Cheng, 2019; Kim et al., 2019), which utilizes
an intermediate language for indirect alignment, or
transfer learning (Zoph et al., 2016; Dabre et al.,
2017; Neubig and Hu, 2018), where models pre-
trained on high-resource language pairs are adapted
to low-resource targets. Furthermore, multilingual
NMT (Arivazhagan et al., 2019; Fan et al., 2021)
leverages shared representations across languages
to improve performance on tail languages. While
effective, these methods often struggle with scripts
like Sawndip, as its highly complex writing system
hinders reliable cross-lingual mapping.

Low-Resource LLM-Based Machine Transla-
tion Recent LLMs demonstrate emergent trans-
lation capabilities via In-Context Learning (ICL)
in low-resource settings (Brown et al., 2020; Lin
et al., 2022) without task-specific training. How-
ever, for rare languages like Sawndip, performance

degrades significantly due to limited pretraining
exposure, leading to hallucinations and unstable
generation (Ghazvininejad et al., 2023). To address
this, recent research emphasizes the integration
of external knowledge sources. Strategies include
incorporating dictionary entries and parallel sen-
tence examples (Ghazvininejad et al., 2023; Zhang
et al., 2024b; Zheng et al., 2024), grammar refer-
ences (Tanzer et al., 2023; Hus and Anastasopoulos,
2024; Zhang et al., 2025), and morphological an-
alyzers (Zhang et al., 2024b) during fine-tuning
or inference. Pei et al. (2025) further show that
lexical resources often provide stronger gains than
explicit grammatical supervision. Consistent with
these findings, we propose a knowledge-enhanced
SFT approach for Sawndip-to-Chinese translation.
Building upon this, we further extend our frame-
work to support Chinese-to-Sawndip translation
and bilingual dialogue modeling, enabling a unified
system for both translation and interactive genera-
tion under extreme low-resource conditions.

3 Method

In this section, we present a unified framework for
low-resource Sawndip—Chinese bidirectional trans-
lation and bilingual dialogue modeling. As shown
in Figure 1, the proposed system integrates dataset
construction, knowledge-enhanced translation, syn-
thetic data augmentation, and dialogue synthesis
into a single pipeline. In the following, we describe
each component in detail, emphasizing how they

24750



jointly form a unified framework that couples trans-
lation and dialogue modeling to address the data
scarcity and structural complexity of Sawndip.

3.1 Dataset Curation

We present a machine-learnable Sawndip—Chinese
dataset, comprising both sentence-level parallel
translations and character-level definitions. The
core data are derived from a lexical database devel-
oped and continuously curated over the past two
decades by domain experts at collaborating insti-
tutes, supplemented with online resources and his-
torical materials.

To transform these diverse sources into a
machine-learnable dataset, we conducted a multi-
stage curation pipeline over several months:

» Data Acquisition: We extracted all accessible
Sawndip—Chinese sentence pairs and character-
level lexical entries from the source database.
Since many Sawndip logograms are not yet cov-
ered by the Unicode standard, we adopt the pub-
licly available Sawndip ZwSun font' as the uni-
fied encoding standard throughout the pipeline.

* Preprocessing and Normalization: We con-
ducted a systematic refinement process to ensure
cross-source coherence, including mapping vari-
ant codes for the same glyph to a single standard,
converting raw dictionary entries into a standard-
ized key-value format, and removing duplicate
or corrupted entries.

* Expert-in-Loop Validation: After automated
cleaning, linguistic specialists performed iter-
ative manual reviews. In each iteration, ap-
proximately 5% of the corpus was randomly
sampled for expert validation. When inconsis-
tencies, including incorrect Sawndip—Chinese
sentence correspondences, character-level map-
ping or rendering errors, and translation-related
issues, were identified, programmatic correc-
tions were applied to all affected instances in
the dataset. This iterative process continued un-
til the corpus reached a stable quality level, with
no additional issues requiring correction identi-
fied in three consecutive rounds of inspection.

The final dataset consists of 5,805 sentence pairs
and 11,573 character-level definition entries. De-
tailed statistics are summarized in Table 1, high-

'The ZwSun font is freely available at https: //m. fontke.
com/font/188811823/download/

Category | Statistic Value
Sentence Pairs 5,805
Avg. Sawndip Length 4.17
Corpus Avg. Chinese Length 5.65
Type-Token Ratio 0.249
Unique Characters 6,008
Characters | Single-occurrence Characters 3,122
Rare Characters (f < 5) 5,215
Lexical Entries 11,573
Lexicon Avg. Definitions per Character 2.65
Characters with > 3 Definitions 3,748
Characters with > 5 Definitions 851

Table 1: Statistics of the original Sawndip—Chinese
resources.

lighting the extreme sparsity, long-tail character
distribution, and semantic ambiguity of Sawndip.

3.2 Knowledge-Enhanced
Sawndip-to-Chinese Translation

We adopt a knowledge-enhanced SFT paradigm
tailored for extremely low-resource scenarios.
While recent works utilize dictionary-guided
inference-time prompting for LLM-based transla-
tion (Ghazvininejad et al., 2023) or investigate the
synergy between domain-specific fine-tuning and
dictionary injection (Zheng et al., 2024), we shift
the focus to the fundamental character-level lexi-
cal unit, where we explicitly incorporate character-
level lexical knowledge into the fine-tuning phase.
This is particularly critical for Sawndip, where the
model’s pre-trained parametric knowledge of its
unique logographic system is nearly non-existent.

To implement this, we formalize the Sawndip-
to-Chinese (S2C) translation task into a unified
instruction-response format. Character definitions
are retrieved through exact string matching against
the lexical entries in our dataset. Following the
format of Ghazvininejad et al. (2023), each train-
ing instance structurally consists of (i) a translation
instruction with the source Sawndip sentence, (ii)
retrieved character-level lexical definitions, (iii) a
prompt guiding the model to generate the transla-
tion, and (iv) the target Chinese sentence. During
inference, we maintain the same structure while
removing the target answer portion. Providing defi-
nitions in a structured and explicit manner enables
the model to access lexical information and resolve
ambiguities within a highly contextualized transla-
tion objective. For controlled comparison, we also
consider a dictionary-free variant where the model
is trained and tested solely on sentence-level paral-
lel data, serving as a rigorous ablation baseline.
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3.3 LLM-Guided Substructure Substitution
for Chinese-to-Sawndip Translation

While the knowledge-enhanced approach substan-
tially improves S2C translation, establishing the
reverse Chinese-to-Sawndip (C2S) translation ca-
pability presents a distinct set of challenges: (i)
extremely limited parallel data that is insufficient
for the model to generate target-side morphosyn-
tax; (ii) the absence of a curated reverse dictionary;
and (iii) the severe vocabulary long-tailness where
the unique unrepeated logograms are exceptionally
high despite the small total sentence count.

To overcome these limitations, we introduce an
LLM-guided substructure substitution framework
tailored for C2S data augmentation. Inspired by
Shi et al. (2021), we reformulate our augmentation
as a localized, grammar-preserving LLM-guided
replacement mechanism within manually curated
sentence templates.

The pipeline of our proposed framework oper-
ates as follows:

* Manual Template Curation: We manually cu-
rate 25 representative semantic templates de-
rived from authentic sentences in our dataset, as
exemplified in Appendix B. These master tem-
plates are carefully engineered to span a wide
variety of scenarios and domains, thereby estab-
lishing a reliable grammatical framework that
accommodates rich lexical variations.

* Generative Lexical Expansion: Within each
template, specific semantic slots are designated
for replacement. We prompt a high-capacity
LLM to perform open-ended vocabulary expan-
sion, generating diverse, contextually appropri-
ate Chinese word variants for each slot. This
maximizes vocabulary diversity while strictly
preserving the overall sentence fluency and
grammatical correctness compared with fully
free-form generation.

* Dictionary-Constrained Alignment: Gener-
ated Chinese phrases are mapped back to
Sawndip via an inverted variant of the character-
level definitions simplified from our dataset.
Crucially, this inverted version consists solely of
isolated, decontextualized lexical pairs and lacks
target-side syntactic rules or particles. Conse-
quently, it cannot be directly integrated into the
translation architecture as in Section 3.2, as rich
Chinese synonyms and contextual paraphrases

inevitably trigger matching omissions or struc-
tural misalignments during decoding. Instead,
it acts as a post-expansion filter: only Chinese
phrases with completely unambiguous mappings
are retained to construct the synthetic parallel
pairs to prevent semantic drift.

Through this controlled pipeline, we success-
fully synthesize 7,491 high-quality, syntactically
fluent parallel sentence pairs for C2S training.
These synthetic samples are combined with the
original corpus to jointly fine-tune a unified Bidi-
rectional Sawndip—Chinese Translation Model.

3.4 Dimension-Conditioned Dialogue
Synthesis and Multi-Candidate
Back-Translation Filtering

While the bidirectional translation model demon-
strates competent cross-lingual alignment, extend-
ing it into a functional conversational model re-
quires high-quality bilingual chat data. However,
generic Chinese dialogue corpora are heavily satu-
rated with contemporary slang and Internet expres-
sions, which are poorly aligned with the historical
and cultural context associated with Sawndip.

A naive solution is to prompt a high-capacity
LLM to generate historical-style dialogues. How-
ever, our preliminary experiments reveal that such
unconstrained generation suffers from repetitive
phrasing and limited lexical diversity. To address
this issue, we introduce a dimension-conditioned
dialogue synthesis strategy. Specifically, we first
prompt the LLLM to generate a rich pool of spe-
cific values across three daily-life dimensions: (i)
Topic (e.g., farming, trading), (ii) Action (e.g., argu-
ing, inviting) and (iii) Location (e.g., marketplace,
farmland). One element from each dimension is
randomly sampled and combined into a structured
generation constraint, providing explicit control
over the semantic contexts of generated dialogues
and prompting balanced coverage across different
interaction scenarios. LLM-generated examples
are provided in Appendix C.

To project the synthesized Chinese dialogues
into Sawndip while maintaining semantic equiv-
alence, we implement the multi-candidate back
translation filtering mechanism. For each gener-
ated sentence, we utilize our fine-tuned transla-
tion model to generate £ = 8 Sawndip candidates,
balancing candidate diversity against the compu-
tational cost of subsequent filtering. These can-
didates are subsequently back-translated into Chi-
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nese. Each reconstructed candidate is evaluated
against the original Chinese seed using BLEU-2.
For each generation pool, only the top-scoring can-
didate surpassing a predefined threshold (7 = 60)
is retained, and is then verified by a high-capacity
LLM to ensure high-fidelity cross-lingual semantic
consistency. The BLEU-2 threshold serves as an
empirical pre-filter to remove low-quality candi-
dates before the more computationally expensive
LLM verification.

Through this joint pipeline, we ultimately cu-
rate a bilingual conversational corpus comprising
11,629 highly aligned dialogue turns. To arm the
model with bidirectional conversational capability,
the verified parallel pairs are compiled into two
single-turn formats: Chinese-Query to Sawndip-
Response, and vice-versa. The resulting dialogue
corpus, along with all translation data, is used to
fine-tune our final Bidirectional Sawndip—Chinese
Dialogue Model, bridging the gap between raw text
translation and authentic conversational interaction.

4 [Experiments

4.1 Experimental Setup

Baselines and Tasks We evaluate our framework
under two settings: Machine Translation (MT)
and Bilingual Dialogue (BD). Due to the extreme
low-resource nature of Sawndip, general-purpose
LLMs exhibit very limited capability in generat-
ing valid Sawndip text, and no publicly available
domain-specific baselines currently exist. There-
fore, baseline comparisons are primarily conducted
on the S2C MT task, while the C2S MT and BD set-
tings are used to evaluate the effectiveness of our
proposed framework and the bilingual conversa-
tional capability of the resulting model. We adopt
Qwen3-8B (Yang et al., 2025) as the backbone
model for all specialized variants. For the S2C
MT task, we compare against DeepSeek-v4-Flash
(DeepSeek Al 2026), DeepSeek-v4-Pro, GPT-5.5
(Singh et al., 2025), Qwen3.6-Plus (Qwen Team,
2026b), and Qwen3.6-27B (Qwen Team, 2026a)
under a zero-shot prompting setting.

Datasets We organize our localized resources
into two task-specific configurations:

* Machine Translation: The MT benchmark
is built from the authentic corpus introduced
in Section 3.1, consisting of 5,805 Sawndip—
Chinese sentence pairs. We split the corpus
into 5,205 pairs for training and 300 pairs each

for validation and testing. To improve C2S
generation, we further augment the training set
with 7,491 synthesized pairs developed via the
method described in Section 3.3. These syn-
thetic samples are used solely during training
and are excluded from validation and testing
to guarantee unbiased benchmarking. We fur-
ther analyze the characteristics of the held-out
test set, with detailed statistics provided in Ap-
pendix A.

* Bilingual Dialogue: The BD benchmark is
constructed from the synthesized dialogue cor-
pus described in Section 3.4, containing 11,629
single-turn dialogue pairs. For balanced bidirec-
tional evaluation, we reserve 500 pairs for val-
idation and 1,000 pairs for testing, both evenly
divided between the C2S and S2C directions.
For the final BD training stage, all MT train-
ing resources are combined with the dialogue
training split to jointly optimize a robust and
multi-task Sawndip-specific model.

Implementation Details We fine-tune the
Qwen3-8B model using the Swift (Zhao et al.,
2024) framework with full-parameter SFT on
8 NVIDIA A100 (40GB) GPUs. The model is
optimized using the AdamW optimizer with a
learning rate of 1 x 107>, a cosine learning rate
scheduler, a weight decay of 0.1 and a warmup ra-
tio of 0.03 for a maximum of 4 epochs. The global
batch size is set to 32 and the maximum sequence
length is set to 1024 tokens. To prevent overfitting,
we employ an early stopping strategy based on
validation loss. We adopt the vLLM (Kwon et al.,
2023) framework during inference. To ensure
reproducibility, all decoding is performed with the
temperature set to 0 and a fixed seed.

Evaluation Evaluating Sawndip generation
remains challenging due to the lack of standardized
evaluation resources and the limited Sawndip
ability of existing LLMs. Therefore, for tasks
involving generated Sawndip outputs, we employ a
fixed external back-translation model to translate
them into Chinese before downstream evaluation,
enabling both automatic metrics and LLM-based
evaluation in a stable and reproducible semantic
space. For the MT task, S2C Chinese outputs
are directly evaluated against the correspond-
ing Chinese references, while C2S Sawndip
outputs are first back-translated into Chinese
and then evaluated against the original Chinese
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\ s2cC \ C28
Model

| BLEU-21 chrF++1 LLM-Judget | BLEU-21 chrF++1 LLM-Judge 1
DeepSeek-v4-Flash 42.21 21.71 3.19 - - -
DeepSeek-v4-Pro 40.25 21.29 3.20 - - -
GPT-5.5 43.54 23.26 333 - - -
Qwen3.6-Plus 41.54 21.57 322 - - -
Qwen3.6-27B 40.48 21.00 3.15 - - -
Qwen3-8B | 27.60 13.28 242 | - - -
Vanilla SFT 19.50 8.84 1.06 20.37 8.61 1.34
Knowledge-Enhanced SFT 44.53 22.61 349 20.65 8.72 1.37
+ Synthetic Data 43.21 22.26 3.25 28.62 12.03 1.88

Table 2: Machine translation results on the Sawndip—Chinese benchmark. C2S outputs are back-translated using
DeepSeek-v4-Flash before evaluation. General-purpose LLM baselines are not reported for C2S due to their inability
to consistently generate valid Sawndip outputs under the zero-shot setting.

inputs. For the BD task, the benchmark contains
both (Sawndip question, Chinese answer) and
(Chinese question, Sawndip answer) pairs. For
the former, the corresponding Chinese translation
of the Sawndip question is used as the question
context during evaluation, and the generated
Chinese response is directly evaluated. For the
latter, the generated Sawndip response is first
back-translated into Chinese, and the resulting
Chinese response is then evaluated together with
the original Chinese question.

Specifically, to translate all generated Sawndip
outputs into Chinese before evaluation, DeepSeek-
v4-Flash is prompted under the same zero-shot
knowledge-enhanced translation setting used in our
S2C task, where retrieved lexical definitions are
provided during inference. We intentionally avoid
using our fine-tuned translation model to reduce
self-evaluation bias. While the choice of a fixed
external model may not yield the highest possible
absolute scores, we prioritize fair and reproducible
comparison by applying the same model and infer-
ence procedure across all systems, in the absence
of standardized Sawndip evaluation benchmarks.

For the MT task, we evaluate translation quality
using BLEU-2 (Papineni et al., 2002) and chrF++
(Popovic, 2017). Details of automatic metrics are
provided in Appendix F. We further conduct LLM-
as-a-Judge evaluation using DeepSeek-v4-Flash,
where the judge model compares the generated or
reconstructed Chinese sentence against the origi-
nal reference under a fixed evaluation prompt and
assigns a quality score from 1 to 5.

For the BD task, overlap-based metrics are less
reliable due to the open-ended nature of conversa-
tion generation. Therefore, we employ DeepSeek-

v4-Flash as a dialogue judge to evaluate responses
along three complementary dimensions, motivated
by commonly adopted criteria in previous LLM-
based dialogue evaluation studies (Li et al., 2025;
Zhang et al., 2024a): (i) logical coherence, evaluat-
ing whether the response is contextually appropri-
ate to the querys; (ii) interaction quality, evaluating
the informativeness and engagement level of the
response compared with the reference answer; and
(iii) factual faithfulness, evaluating whether the re-
sponse contains meaningful content without hallu-
cinated, repetitive, or empty generation. These di-
mensions cover complementary aspects of dialogue
quality while avoiding excessive overlap among in-
dividual criteria.

4.2 Machine Translation Results

Table 2 presents the machine translation results on
both the S2C and C2S tasks. Vanilla SFT denotes
the configuration where dictionary knowledge is
absent during both training and inference, while
all other configurations incorporate retrieved dictio-
nary knowledge during training, inference or both.

Effects of Knowledge-Enhanced Training For
the S2C task, knowledge-enhanced SFT (KE-SFT)
substantially outperforms the Vanilla SFT baseline
across all evaluation metrics, with BLEU-2 im-
proving dramatically from 19.50 to 44.53 and the
average LLLM-Judge score increasing from 1.06 to
3.49. These results indicate that sentence-level par-
allel supervision alone is insufficient for extremely
low-resource logographic scripts such as Sawndip.
By explicitly incorporating character-level lexical
definitions, the model can better integrate lexical
semantics with contextual information and reduce
translation ambiguity.
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Figure 2: Distribution of LLM-Judge scores on the bilingual dialogue benchmark for the S2C and C2S directions
across three evaluation dimensions: logical coherence, interaction quality, and factual faithfulness.

Despite being trained on substantially larger mul-
tilingual corpora, high-capability LLMs including
DeepSeek-v4-Flash, DeepSeek-v4-Pro, GPT-5.5,
Qwen3.6-27B, and Qwen3.6-Plus fail to consis-
tently outperform the proposed KE-SFT framework
on the S2C task. Our KE-SFT model achieves the
highest BLEU-2 and LL.M-Judge score among all
evaluated models.

Notably, the original Qwen3-8B backbone ex-
hibits very limited Sawndip understanding ca-
pability under the same dictionary-augmented
prompting format during inference, suggesting that
inference-time lexical retrieval alone is also in-
sufficient for robust Sawndip translation in the
extremely low-resource setting. These results
highlight the importance of combining retrieval-
grounded lexical augmentation with domain-
specific supervised adaptation.

Effectiveness of Synthetic Augmentation for
C2S Generation For the C2S task, Vanilla SFT
and KE-SFT exhibit similarly weak performance,
indicating that the limited volume of authentic par-
allel data is insufficient for stable target-side gen-
eration. This is expected because reverse genera-
tion requires the model to actively synthesize valid
Sawndip sequences under severe vocabulary spar-
sity and long-tail character distributions.

After introducing our synthetic augmentation
framework, the model achieves significant improve-
ments across all C2S metrics with only a negligible
trade-oft on S2C. BLEU-2 increases from 20.65 to
28.62, and the LLM-Judge score rises from 1.37 to
1.88. These results show that the proposed LLM-
guided substructure substitution framework effec-
tively provides the contextual diversity necessary to
improve the controllability and stability of Sawndip
generation in the C2S direction.

Metric Value
Seen-in-Train Character Rate 98.20%
Lexicon Coverage Rate 97.92%
Full Sentence Lexicon Coverage Rate  93.33%

Table 3: Target-side lexical validity statistics for gener-
ated C2S outputs on the evaluation set.

Task | Metric KE-SFT + Syn.  Dialogue Model
BLEU-2 43.21 44.81

S2C chrF++ 22.26 22.87
LLM-Judge 3.25 3.44
BLEU-2 28.62 28.22

C2S chrF++ 12.03 12.32
LLM-Judge 1.88 2.10

Table 4: Comparison of the KE-SFT + synthetic data
and the final dialogue model on the MT benchmark.

Target-side Lexical Validity Analysis To fur-
ther validate the structural plausibility of generated
Sawndip outputs beyond back-translation based
evaluation, we analyze the lexical validity of gen-
erated C2S outputs on the 300-sentence evaluation
set. As shown in Table 3, most of the generated
characters appear in the training corpus and lexi-
cal dictionary. This suggests that the model rarely
produces hallucinated glyphs and largely remains
within the observed Sawndip lexical space.

4.3 Bilingual Dialogue Results

Table 4 presents the performance of the final dia-
logue model on the MT tasks, while Figure 2 shows
the score distribution on the BD benchmark.

Preserved Translation Capability in Joint Fine-
tuning A major concern of adding conversational
data under extremely low-resource settings is that
the model may overfit to dialogue-style generation
and consequently degrade its original translation
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capability. However, the results in Table 4 show
that the final dialogue model exhibits no major
degradation on the MT benchmarks.

Notably, on the more challenging C2S MT task,
the dialogue model further improves the LLM-
Judge score from 1.88 to 2.10. This suggests
that conversational fine-tuning further enhances
the semantic adequacy and fluency of generated
Sawndip responses, even without explicitly opti-
mizing for translation quality during the dialogue
training stage. These results indicate that the pro-
posed bilingual dialogue synthesis framework ac-
tivates conversational capability while preserving
the model’s original translation performance.

Dialogue Quality Analysis Figure 2 illustrates
the score distribution of the DeepSeek-v4-Flash
dialogue evaluation for both the S2C and C2S di-
rections. Most generated responses receive scores
of 4 or 5 in logical coherence and factual faithful-
ness, indicating that the proposed framework suc-
cessfully enables semantically consistent bilingual
understanding and dialogue generation capability
under the extremely low-resource setting.

Compared with other dimensions, interaction
quality exhibits a broader distribution with more
score-3 responses. This is partly because the refer-
ence responses are generated by a strong LLM and
therefore contain richer conversational content, and
partly due to the inherent difficulty of generating
engaging bilingual dialogues in an extremely low-
resource Sawndip setting. In addition, the C2S di-
rection remains slightly weaker than S2C, suggest-
ing that target-side Sawndip generation still leaves
room for further improvement. We believe that
collecting larger-scale authentic corpora, expand-
ing high-quality conversational resources, and im-
proving target-side generative supervision remain
important directions for future work.

5 Conclusion

In this paper, we present a unified computational
framework for bidirectional machine translation
and bilingual dialogue modeling of Sawndip. To
mitigate the severe scarcity of digitized resources,
we curated a machine-learnable parallel corpus and
a character-level lexical database under expert vali-
dation. Addressing the unique lexical ambiguities
and non-Unicode orthographic noise of Sawndip,
we introduced a KE-SFT paradigm for S2C trans-
lation. We further introduce an LLM-guided sub-
structure substitution strategy to support reverse

data augmentation based on manually curated tem-
plates. We then extend the framework to inter-
active bilingual communication via a dimension-
conditioned dialogue synthesis and multi-candidate
back-translation filtering pipeline. Experiments
demonstrate that our specialized models substan-
tially outperform strong, general-purpose commer-
cial LLM baselines in S2C translation quality,
while also exhibiting solid capability in interac-
tive conversations. Ultimately, this work serves as
a foundation for the digital preservation of Sawndip
and advocates for the synergistic integration of
data collection and language modeling to safeguard
global linguistic heritage.

Limitations

Although our work demonstrates promising results
for Sawndip—Chinese translation and bilingual dia-
logue generation, several limitations remain.

First, due to the scarcity of Sawndip resources, a
substantial portion of the reverse translation and di-
alogue data is inevitably synthetically constructed.
While this helps strengthen model training under a
low-resource setting, it may still introduce distribu-
tional bias and limit linguistic diversity.

Second, the evaluation of Sawndip generation
remains challenging due to the lack of large-scale
standardized benchmarks or native-speaker evalua-
tion protocols. Our C2S evaluation therefore par-
tially relies on back-translation-based assessment,
which provides an indirect, though imperfect, yet
useful proxy for fluency and structural validity.

Finally, the current dialogue setting focuses on
single-turn interactions under constrained daily-life
scenarios, and does not yet capture more complex
multi-turn conversational dynamics.

We hope future work can benefit from expanded
authentic corpora, the incorporation of expert hu-
man evaluation, and further exploration of more
comprehensive preservation-oriented modeling for
endangered historical scripts.
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A Analysis of the MT Test Set C Examples for Dimension-Conditioned

Table 5: Statistics of the held-out machine translation
test set. OOV rate is calculated with respect to the
corresponding training set.

Statistic Sawndip Chinese
Avg. sentence length 4.58 6.03
Max. sentence length 9 20
Type-Token Ratio (TTR)  0.558 -
OOV rate 13.03% -

To better characterize the held-out test set used
for machine translation evaluation, we analyze its
sentence length, lexical diversity, and vocabulary
coverage with respect to the training set. The statis-
tics are summarized in Table 5. The TTR of the
test set is 0.558, indicating a non-trivial level of lex-
ical diversity. Moreover, 13.03% of the Sawndip
characters appearing in the test set are not observed
in the training set, providing a degree of lexical
challenge beyond direct training-set overlap.

Dialogue Generation

Topic: X & (food) 7% 1E(agriculture) < (weather) i
R (health) 3£ 3E(trade) 7K (festival) #( & (education)

Action: 153K (request) Bi& (statement) 37
#2(complaint) 1] [7(inquiry) FTWE(reminder) %
2% (praise) ZE(comfort) E4ff(refusal) ...

Location: J5f 5 (kitchen) N (bedroom) HH(field) 3%
[tl(vegetable garden) LLI_(mountain) 7T#k(bamboo
forest) J]38 (riverside) ...

Examples:

X 18 3K-J§T B (food-request-kitchen):
SREB T ANH?

-BH — W -

(-What’s in the pot to eat?

-There’s only a bowl of porridge.)

PRAE-FRIR-EPE (agriculture-statement-bedroom):
-RETHRREEHEE .

-2 H R AP HF AR

(-There are soybeans in the sack under the bed.
-Take them out and dry them in the sun.)

R S-F78- H i (weather-complaint-field):
-REANTW, HHEET -

AR, SERMANET -

(-It hasn’t rained for so long, the crops are turning
yellow.

-If it still doesn’t rain, this year will be wasted.)

D Ablation Study: Synthetic Data Scaling

B Cases of Manually Curated
Substructure Substitution Templates
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for C2S Generation

Effect of Synthetic Data Scaling on C2S Performance

29 78,57
28 4
274
Original Template 26 25
Sawndip: Sawndip: 5 25
FIF T Elli=els Gl o 24
2 24
) h E
Chinese: —  Chinese: 23
EIFERIRG EIEMRIRE
2249
English: English 21420
Cut grass to feed the cows Cut [plant] to feed the [animal] : : : ; ; : : :
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Sawndip: Sawndjg: _ Synthetic C2S Data Size
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Figure 3: Effect of synthetic data scale on C2S trans-
Chinese: —  Chinese: 1 _axi
4 s M 5 s RS 2R lation performgnce. The x axis repfesents the number
of synthetic Chinese-to-Sawndip training pairs, and the
English: English y-axis reports BLEU-2 scores on the C2S test set. The
Go up the slope to build a house Go [direction] the [location] to [action of . . . . .
building] a [building] results show a consistent improvement with increasing
Sowndio: — data scale.
awndip: Sawndip:
eSS X[ TR [GE] R/ Btn]
As shown in Figure 3, we observe that BLEU-2
Chinese: — Chinese: . .
SAREITRT ST EE RS/ B scores consistently increase as the amount of syn-
thetic training data grows, indicating that scaling
English: English . . . . .
Usg Ia stick to knock down the Usela [tool] to [action of hitting] Synthetlc data is effective for mmproving C2S trans-
fruit [fruit/target]

lation performance.



E Examples of LLM-as-a-Judge
Back-Translation Evaluation

Original Sentence
—Selected Generated Sawndip Sentence for Back-Translation
—Back-Translated Sentence
—LLM Judge Result

AE—HiF IR, (There is still a bowl of porridge.)
— BRI,
—IEF—HE# IR, (There is still one bowl of porridge left.)
— Pass

HBa/K4FMB, (Scoop some water for me to drink.)
—THSRAM,

—EHKALEFHKE.,  (Scoop water for me to drink.)
— Pass
M, REJLA? (0K, how many do you want?)

—&, {BELIE?

-, fREJL4? (OK, how many do you take?)

—RKABBEM —17. (Each household can produce one copy.)

— Fail

JKREEHIKMIG?  (Is there water in the sink?)
—IFEBIRBE?
—BEBEHKIG? (Is there water in the pond?)
— Fail

EARDL A R E G
— YRR ?
—TLEEXKIAD?

— Fail

(Is fish soup sold at the ferry pier?)

(Is rice porridge sold at the pier?)

F Implementation and Evaluation Details

BLEU-2 and chrF++ are computed using Sacre-
BLEU (Post, 2018). For BLEU-2 evaluation, we
use SacreBLEU with the internal zh tokenization,
and employ the default exponential smoothing.
We adopt BLEU-2 instead of the commonly used
BLEU-4 because the Sawndip—Chinese corpus
mainly contains relatively short sentences where
higher n-gram overlaps are extremely sparse.

We use the original Qwen3-8B tokenizer without
any modification. The tokenizer follows the stan-
dard Qwen byte-level BPE scheme. For Sawndip
codepoints that are not included in the tokenizer
vocabulary, they are decomposed and encoded
through the tokenizer’s byte-level fallback mecha-
nism, ensuring that all unseen characters are repre-
sented as sequences of bytes.

G System Prompt for Qwen3-8B
Translation SFT

System Prompt

fhR— A E T AEEBRNTE", CRTF T
L5305 [ R (25 -

SRR R T, AT ESFLL T AL
LES SR IR S BRI S - B0
EE AL, MIGRER RS, BIRE
SRR M HIRI o FOR - FRERE
FILTREOR Y, MR B BT R AT
5. EgEAiL.

2 i, AESERSEAME, (U RAR
RERICE, N OSHE . LR SRR
FTAERRE P - ‘

3 BEY. BRI TS S
MESHUREE, KRR CUEAEIE 115 %
el FERTEIT IS & L T SGHATHIN, H4 ik
WA AT OB AR

H System Prompt for Qwen3-8B
Dialogue SFT

System Prompt

iE—&H CFMEEEED T, TRTHLEF
508 2 [ DI R A AGE A8 (E55 -
NERIE R G H AR E R Rt E R
TESFLUR A

1. AESSHE R AR 5 M B

- [FEEat] . EWMARSENFEES (Wew

B 9EEE) | REURHEBRAR BIRESE
B, MEEEAER. SEER . B, T
fi# . HEULIATAEB RN A -

- DHEER] - EWMANEEZIK . RS R
XSG, RGN AR FORHE K T B IR
RFHEAFEBRNTEA) T, ERRARHITHEAR
PR AR -

2. B 5FMRA TR

- UEERNE ORGP RA NIRRT, RS
W5 A5 P R 4 R ST [

- YR A SOREH P RN B RS, &
SR U AT B

- AT, BREIEATLTE RSN, N
BN ESCHR R SHITNG - B Et .
3. .

- EENREE T e A AR L KRR OR
B8, XENET LUERENER S0, 8
BRI ZE G R SGRHTHNT, A BRI REHE
ROBHREE R -

I System Prompt for DeepSeek-v4-Flash
Chinese Judge

System Prompt

5 R BRI E 5 -
IRHES 2
iR B A B A 0 S B 74T

S e
PSR ‘ \
5o ENGEA—E, HEHANE, MR

®
-45r: FOKIER, fFAERmaRTF el T £
-390 RIERERBIEE, EFENEETRAER
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-24r: (GRS, KEFBASEIR
S 14y EEARTEER R

-04r: SEREER . R HEE . BH

1. R —10-5 AUEEEL

2. NE R

3. NEHH HAB A

J System Prompt for DeepSeek-v4-Flash
Dialogue Judge

System Prompt

YRIE—% BRI LR AEIFIE R . IREMES 2
IRIERAL A —H P OIS  BE, FE40TE SURIXT
i;ﬁ%igﬁﬁ}%ﬁﬁﬁﬁﬂﬂ'ﬂ@/ﬁﬁiﬁﬁzéﬁfﬁﬁé\ﬁ
R

REBEI=A01E, EFQuery & AL

8] - Response AL AIE% - Reference A& 7] {5
ZRINLEE

HMALLN ZAMZ04ERE, RIBIEHEAIQuery, WHE
T Response HATIES (B NMERFETH DS ) -

1. i2%8% 5 P (Logical Coherence, 1-557):

- WAl BA5: T Response X Query B E:
o XS FiReference & 3% o

- VRS R

* 5% : Response TH B AR T Query HIIEM,
%%%éﬁ%ﬁﬂij{%/ HHERZPRES, AEA
*34>: Response 5Query KAEFHR, BRI T
*, (BRI R B (A Bl AR i B8 ST -
Zlﬁ: SEREIERTIN, BHEYENE, MiETe
R -

2. FRvES IR T #9738 B Jfi & (Reference-Anchored
Interaction Quality, 1-557):

- VAl B AR B FEReferenceHITE X ST AR, T
T A S B 5 A, DIREREEN
L EIRE ERE ShER S A R SR .

- A BRI

*59r.  [BEEKIERESENTT] BAUNES S
B ERE S . TIREEE T SRS LE
ML (WPMERIE RELE, WAL |
HARIEH A% B S Query FIFRARERE - E TR XHE
B DUREEITHOEARRE, #AT e

T Reference 7K -

34y (A BEEFEERNE] BRI EEZL
BEAMRUEE, BEEEESEEEE LHE
55T Reference (Flt0: FERISLEHE T EARFTEYS
R, AT R E T A R RN EE) 8
FHESE O AR RN EREEMAEN .
14y (WIEREEAR] KA RS EZHE
LSERTCENTT . ARXERETE T BT RS
BHIRMESHE (Flan: drvEE S REME R,
HESAAETCE G A, B IRER S RIH IR4L,
BRESRIMERERE) | TL2RRTIMERE
T B &R ETE S A B

3. [B]7% 5L ¥ (Factual Faithfulness, 1-597):

- 4% BAR: Response FIWE S HE, 2 HAEMRKK
\Eﬁgfﬂiiﬁ N=RE 1R QR L oy S EA o

1= o

- VRS BRI

*55y: GEIREIRTE, EREER .

* 35y EEAERZOER, EEREERBEREE L
%%\Eﬁm@ﬁ,ﬁ%ﬁ$7¢§$%Wkﬁm
AT

* 14 PRAEMTEAE X, RIES LK A
L, EEERSENELRNLRE RS DKE

24761

e

Ui Hi kg =X

N T 77 _Ei#Python IIAKEVEERENT, 1E A% R LA
NISON &=k I RAVBIRGE R, NE &R fTH]
S48 (40" Here is the result:") ~ Markdown #&=UbT
e (W<“json) BUEAMERIMIMERE: {
"coherence_score": 0.0, "intent_score": 0.0,
"informativeness_score": 0.0 }



