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Abstract

The rapid development of Inner Mongolia has led to a growing demand for Mongolian-Chinese
translation. However, Mongolian presents significant challenges for machine translation, such as
data scarcity and its complex syntactic structures. Consequently, traditional Mongolian-Chinese
machine translation methods often produce outputs with poor fluency and suffer from the loss
of critical semantic information. In this paper, we propose a Mongolian-Chinese machine trans-
lation method based on large language models (LLM-CPT-SymFT). Specifically, LLM-CPT-
SymFT involves continual pre-training (CPT) of the base model using Mongolian and Chi-
nese corpora, followed by symmetrical fine-tuning (SymFT), which leverages a mix of origi-
nal Mongolian-Chinese parallel data and its synthetically reversed counterpart, primarily to en-
hance Mongolian-to-Chinese translation performance. We evaluated our method on two datasets,
achieving an average BLEU score improvement of 28.89 compared to baseline models. Results
confirm our method’s strong potential for improving Mongolian-Chinese machine translation.

Keywords: Large Language Model;Low-Resource;Mongolian-Chinese Translation;Continual
Pre-training;Symmetrical Fine-tuning

1. Introduction

Accelerated economic and cultural expansion in Inner Mongolia has fostered increasingly
frequent interactions with other domestic regions. Given these interactions and the linguistic
differences between Mongolian (one of Inner Mongolia’s official languages) and Chinese, en-
suring effective cross-linguistic communication through high-quality Mongolian-Chinese trans-
lation has become critically important[25]. However, most existing machine translation research
focuses on resource-rich language pairs such as English, Chinese, and French[10], where mod-
els like mT5[23] and NLLB[4] have demonstrated remarkable performance. These models have
not been specifically optimized for the Mongolian-Chinese language pair, meaning its specific
linguistic challenges and translation demands are largely unaddressed by these advanced ap-
proaches.

To bridge this gap, Zhi and Wang [30] proposed a data augmentation method based on BERT
semantic similarity. This method translates Mongolian sentences from the Mongolian-Chinese
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dataset into Chinese, calculates the semantic similarity between these translations and the orig-
inal Chinese sentences, and then selects high-similarity pairs to expand the dataset. Although
this method improved performance to some extent, the synthesized data highly overlapped se-
mantically with the original dataset, which limited the model’s generalization ability. To address
this issue, Yin et al. [26] introduced the CSGAN to generate pseudo-parallel data and combined
it with co-training for optimization. However, CSGAN exhibited significant instability during
training, and the pseudo-parallel data contained noise, negatively impacting translation quality.
To further address these challenges, Zhang et al. [28] proposed a method that combined CNN
and DESCAT. This approach leveraged phrase structure and dependency structure information
to improve performance. However, this approach suffers from drawbacks such as the difficulty
of Mongolian syntactic analysis and inadequate handling of Out-Of-Vocabulary (OOV) words.

In this paper, we propose a Mongolian-Chinese machine translation method based on large
language models (LLM-CPT-SymFT). This method utilizes Gemma2-9B-it [19] as its base model,
given that its robust multilingual processing capabilities and efficient tokenization strategy pro-
vide a solid foundation for the Mongolian-Chinese machine translation task. It comprises two
stages: continual pre-training and symmetrical fine-tuning. First, we continually pre-train the
base model using vast Mongolian and Chinese monolingual corpora to deepen its understanding
of Mongolian syntactic structures and cultural context, while reinforcing its Chinese compre-
hension and generation capabilities. Second, we symmetrically fine-tune the pre-trained model
using Mongolian-Chinese parallel dataset to enhance the model’s Mongolian-Chinese alignment
and generation capabilities. To evaluate the effectiveness of our method, we conducted extensive
experiments on two datasets, comparing it with three baseline models. The experimental results
demonstrate that our method achieves significantly superior performance to the baseline models
in terms of the BLEU score. Our contributions are as follows:

• To the best of our knowledge, this is the first work to propose a Mongolian-Chinese ma-
chine translation method based on Large Language Models. It provides a novel and effec-
tive approach for low-resource translation challenges.

• Our method achieves competitive performance on both datasets, demonstrably outperform-
ing several baseline models. This validates the effectiveness of the proposed approach.

2. Related Work

2.1. Neural Machine Translation

Neural Machine Translation (NMT) refers to modeling the translation from a source language
to a target language directly using neural networks[14]. Kalchbrenner and Blunsom [9] proposed
the concept of an end-to-end translation model based on neural networks, which laid the foun-
dation for modern NMT. Subsequently, Sutskever et al. [15] introduced the Encoder-Decoder ar-
chitecture, which involves the encoder compressing a source sentence into a fixed-length vector
representation, and the decoder generating the target sentence word by word based on this vector.
However, this information compression can lead to information loss. To address this, Bahdanau
et al. [2] introduced the attention mechanism, which allows the decoder to dynamically focus on
relevant parts of the source sentence when generating each target word. Following this, Vaswani
et al. [22] proposed the Transformer, which constructs both the Encoder and Decoder based on
self-attention mechanisms. Subsequently, with breakthroughs in large-scale pre-trained language
models (PLMs) such as BERT[5] and GPT[13], researchers began to explore integrating these
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models into NMT tasks. The latest trend involves directly utilizing Large Language Models for
translation via prompting[29], without the need for task-specific fine-tuning. Neural Machine
Translation has undergone rapid evolution in recent years. These advancements have not only
driven improvements in translation quality but have also laid a solid foundation for the future
development of machine translation technology.

2.2. Large Language Models

Large Language Models (LLMs) represent a significant development direction in Natural
Language Processing. Their prominence surged with the release of OpenAI’s ChatGPT[11] at
the end of 2022, and they have gradually bifurcated into closed-source and open-source models.
In the closed-source domain, OpenAI has released models such as GPT-4 Turbo[1], GPT-4o[7],
and GPT-4.5. These models have undergone continuous optimizations in areas such as con-
text window size, multimodal capabilities, and overall performance. Google introduced Gemini
series[16]. Gemini 1.0 includes three sizes: Ultra, Pro, and Nano. Gemini 1.5 Pro[17] intro-
duced a 1 million token context window and a Mixture-of-Experts (MoE) architecture. Gemini
2.0 and 2.5 series offer versions like Flash and Pro, further enhancing inference and tool-use
capabilities. In the open-source domain, Meta AI’s Llama series[21, 6], aimed at the research
community, has spurred the development of numerous community-fine-tuned models. Alibaba
developed the Qwen series, encompassing Qwen1.5[3], Qwen2, Qwen2.5[24], and Qwen3, with
parameter sizes ranging from 0.5B to 72B, supporting context windows of up to 128k tokens and
multiple languages. Additionally, Google launched the Gemma series models[18, 19, 20], based
on Gemini technology. This series is characterized by its lightweight and versatile nature. The
continuous evolution of these models demonstrates the immense potential of LLMs in the field
of Natural Language Processing.

3. Methodology

This section details the LLM-CPT-SymFT. As shown in Figure 1, the method comprises two
stages: continual pre-training and symmetrical fine-tuning. To facilitate understanding, we first
introduce the task definition, followed by a detailed description of the specific implementation
of each stage.

3.1. Task Definition

Mongolian-Chinese machine translation refers to automatically converting Mongolian text
into semantically equivalent and fluently expressed Chinese text. Let the Mongolian-Chinese
parallel dataset be denoted as Dtrans = {(xk, yk)}Nk=1, where N represents the total number of
parallel sentence pairs. Each sentence pair (xk, yk) consists of a Mongolian source sentence
xk = (x1, x2, . . . , xm) and its corresponding Chinese target sentence yk = (y1, y2, . . . , yn), where
xi represents the i-th token in the source sentence, m is the length of the source sentence, y j

represents the j-th token in the target sentence, and n is the length of the target sentence. Then,
the training process of a Mongolian-Chinese machine translation model can be formulated as:

θ̂ = arg max
θ

N∑
k=1

log P(yk | xk; θ) (1)
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Figure 1: Illustration of the proposed method LLM-CPT-SymFT, detailing the Continual Pre-training (Step 1) and Sym-
metrical Fine-tuning (Step 2).

where θ represents the model parameters, and P(yk | xk; θ) denotes the conditional probability of
generating the Chinese sentence yk given the Mongolian sentence xk. The objective is to find pa-
rameters that maximize this conditional probability across the dataset. This is achieved through
Maximum Likelihood Estimation, where the optimization objective is to find the parameters θ̂
that maximize the joint log-likelihood of the dataset. However, due to the low-resource nature
of Mongolian, achieving high-quality Mongolian-Chinese machine translation faces numerous
challenges. This motivates our exploration of solutions that leverage the capabilities of Large
Language Models.

3.2. Continual Pre-training
3.2.1. Continual Pre-training Data

To enable the Large Language Model to deeply understand the linguistic characteristics of
Mongolian and to consolidate Chinese processing capabilities, we constructed large-scale Mon-
golian and Chinese monolingual pre-training corpora. Given the relative scarcity of publicly
available Mongolian monolingual corpora, we collected a 3 billion tokens corpus from the in-
ternet using web scraping techniques. However, this corpus contained substantial noise, such as
HTML tags, non-Mongolian content, and low-quality text segments. Therefore, we designed a
multi-stage Mongolian corpus filtering pipeline:

4 DataIntelligence



How Large Language Models Enhance Low-Resource Mongolian-Chinese Machine
Translation?

31.0%

29.1%

19.5%

18.4%

2.0%

(a) Mongolian Corpus

28.7%

24.3%
18.4%

15.4%

13.2%

(b) Chinese Corpus

Domains
Government & Legal
General Web Content
Literature
News
Specialized (e.g., Medical)
Science
Health
Economy
Culture

Figure 2: Domain composition of Mongolian (a) and Chinese (b) corpora for Continual Pre-training.

Heuristic-based Filtering: This stage primarily involves coarse-grained cleaning. First,
we used regular expressions to remove HTML tags and other irrelevant web markup from the
text, and performed initial text format normalization. Subsequently, we employed fastText[8] to
eliminate text segments in Chinese, English, and other non-Mongolian languages mixed within
the corpus. Finally, to ensure each text segment contained sufficient contextual information for
effective learning, we set a length threshold and removed all overly short sentences.

BERT-based Quality Classification Filtering: To further enhance corpus quality, we built
a Mongolian text quality classifier based on BERT[5]. Specifically, we first manually annotated
a set of high-quality (e.g., grammatically correct, fluently expressed) and low-quality (e.g., in-
appropriate word choice, disorganized structure) samples to train the classification model. After
training, we applied this classifier to the heuristically filtered Mongolian corpus, discarding sen-
tences predicted as low-quality and retaining the high-quality portion.

Perplexity-based Filtering: To ensure the fluency and naturalness of the corpus, we trained
an N-gram language model using the high-quality Mongolian corpus obtained from the previous
BERT-based filtering stage. Subsequently, this model was used to evaluate the perplexity score
of each sentence in the corpus. Generally, sentences with higher perplexity scores are more likely
to have unnatural or incoherent linguistic expressions. Therefore, we set an empirical threshold,
discarding sentences with scores above this threshold and retaining those with lower perplexity,
which the language model deemed more fluent.

After these filtering stages, we selected a 1 billion tokens high-quality corpus from the initial
3 billion tokens Mongolian corpus. Concurrently, to reinforce the LLM’s Chinese capabilities,
we extracted 1 billion tokens high-quality Chinese text directly from an existing open-source
corpus, covering multiple domains such as news, encyclopedias, and literature. For a clearer un-
derstanding of the Mongolian corpus, we present its specific domain distribution in Figure 2(a),
and for the Chinese corpus in Figure 2(b). Ultimately, the total corpus scale for continual pre-
training reached approximately 2 billion tokens. This processed and proportioned pre-training
corpus will serve as a collective input for the knowledge-enhancing continual pre-training of the
base model.
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3.2.2. Continual Pre-training Process
We selected Gemma2-9B-it[19] as the base model, primarily considering its strong multilin-

gual processing capabilities and its use of BPE for tokenization. These features provide a solid
foundation for enhancing the model’s understanding and generation capabilities for Mongolian.
Compared to the BBPE tokenization method commonly used by other mainstream large language
models, BPE produces tokenization results that more effectively represent the rich morphologi-
cal forms and linguistic structural characteristics of agglutinative languages like Mongolian. The
core difference lies in their operational units: BPE operates on characters, allowing it to learn
splits that align with the language’s natural morphemic boundaries. It can, for example, learn
to separate a word’s root from its various grammatical suffixes (such as those indicating case
or plurality), thus preserving the word’s inherent linguistic structure. In contrast, BBPE oper-
ates on raw bytes, which can result in arbitrary splits that cut across these natural boundaries,
sometimes even breaking apart the bytes that constitute a single traditional Mongolian character.
Such fragmentation creates artificial, linguistically meaningless tokens. This segmentation into
more meaningful sub-words provides a superior structural foundation for the model to learn the
language’s grammatical patterns during the continual pre-training phase.

The primary objective of the continual pre-training stage is autoregressive language model-
ing. Specifically, given the pre-training corpus Dpre = DM ∪ DC , where DM is the Mongolian
corpus, and DC is the Chinese corpus. For any text sequence s = (x1, x2, . . . , xl) in Dpre, where
xi represents the i-th token in the sequence, the model’s objective is to predict the token xt in
the sequence based on x<t = (x1, . . . , xt−1). This process can be represented by the following
formula:

θ̂ = arg max
θ

∑
s∈Dpre

|s|∑
t=1

log P(xt |x<t; θ) (2)

where θ represents the trainable parameters of the model, and P(xt |x<t; θ) is the probability of
the model predicting token xt given x<t. The optimization objective is to obtain the optimized
model parameters θ̂ by training on Dpre, thereby enabling the model to more accurately capture
the syntactic structures and deep semantic patterns of both languages. This serves to enhance the
model’s understanding and generation capabilities for Mongolian and to consolidate its Chinese
processing abilities.

3.3. Symmetrical Fine-tuning

To further adapt it to the Mongolian-Chinese machine translation task, we perform task-
specific fine-tuning. Based on the common understanding that an individual’s proficiency in us-
ing a language for creation and expression typically indicates a more thorough understanding of
that language, this study proposes a symmetrical fine-tuning strategy. This strategy, through bi-
directional collaborative learning on Mongolian-Chinese translation tasks, jointly optimizes the
two inverse translation tasks. This compels the model to simultaneously learn the bi-directional
mapping between the two languages, thereby promoting deeper cross-lingual alignment and rep-
resentation learning.

In the symmetrical fine-tuning stage, we utilize the Mongolian-Chinese dataset Dtrans to
construct bi-directional fine-tuning instances: Mongolian-Chinese (source = xk, target = yk) and
Chinese-Mongolian (source = yk, target = xk). During the training process, we mix instances
from both translation directions in each training batch for joint optimization. The optimization
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objective is designed as a multi-task learning loss, formulated as:

LS FT (θ) = −
n∑

k=1

(
log P(yk | xk; θ) + log P(xk | yk; θ)

)
(3)

where, θ represents the model parameters. log P(yk | xk; θ) denotes the log-likelihood for the
Mongolian-Chinese direction; and log P(xk | yk; θ) denotes the log-likelihood for the Chinese-
to-Mongolian direction. By minimizing LSFT(θ), the model is driven to simultaneously optimize
translation tasks in both directions. This compels it to learn more robust cross-lingual alignment
knowledge and enhances its comprehensive understanding and generation capabilities for the
linguistic structures and semantics of both languages.

4. Experiments

4.1. Datasets
We conducted experiments on CCMT2021 [27] and the in-house laboratory dataset MCMT.

CCMT2021 covers multiple domains, including news and literature. It consists of 50,000 parallel
sentence pairs, which we randomly divided into 40,000 training pairs, 5,000 validation pairs, and
5,000 test pairs. MCMT is collected by our laboratory, which includes diverse content such as
news, legal texts, and fiction. This diverse composition ensures the dataset’s breadth. Similar to
CCMT2021, the MCMT dataset also contains 50,000 parallel sentence pairs. Furthermore, we
adopted an identical random splitting strategy to that of CCMT2021, allocating them into 40,000
training pairs, 5,000 validation pairs, and 5,000 test pairs.

4.2. Baselines
We compared the performance of our method with the following baseline methods: (i) mT5-

large[23] is a multilingual extension of T5-large, pre-trained on the mC4 corpus using a text-
to-text denoising generative objective, enabling it to handle understanding and generation tasks
across multiple languages. (ii) LLaMA-3.1-8B-Instruct[6] has amassed a wealth of linguistic
knowledge through its large-scale pre-training process. This makes it a highly adaptable tool
for diverse NLP applications, including machine translation via its strong instruction-following
capabilities. (iii) Qwen2.5-7B-Instruct[24] leverages a predominantly English training dataset
that is augmented with extensive multilingual corpora. This hybrid training approach not only
solidifies its performance in English-language tasks but also significantly boosts its cross-lingual
capabilities.

4.3. Experiment Settings
To ensure reproducibility, we detail the following experimental parameter settings. (1) Train-

ing: For fine-tuning Gemma2-9B-it (our base model), LLaMA-3.1-8B-Instruct, and Qwen2.5-
7B-Instruct, we employed the Low-Rank Adaptation (LoRA) method for supervised fine-tuning.
The LoRA rank was set to 8, the number of epochs was 3, the initial learning rate was 1.0×10−4,
and the warmup ratio was 0.2. For the mT5-large model, we performed full-parameter fine-
tuning with a learning rate of 1.0×10−4 and 3 epochs. Baseline models employed unidirectional
Mongolian-Chinese fine-tuning. (2) Evaluation: To ensure stable evaluations during generation,
we set the temperature to 0, frequency penalty to 0, presence penalty to 0, and max tokens to
1024. (3) Metric: To reflect the fluency and accuracy of the model-generated text, this study
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Table 1: Comparison of BLEU scores between our method and baseline models on the CCMT2021 and MCMT datasets.
Baseline models employed unidirectional Mongolian-Chinese fine-tuning. Red highlights indicate the best metrics for
each dataset.

Method CCMT2021 MCMT AVG
mT5 34.15 16.25 25.20
LLaMA3.1-8B-Instruct 37.31 18.25 27.78
Qwen2.5-7B-Instruct 46.52 20.47 33.50
LLM-CPT-SymFT 72.50 42.93 57.72

uses BLEU[12] to evaluate the translation performance of the models. (4) Hardware: All model
training and evaluation were conducted on 2 NVIDIA A100 GPUs. On this hardware, the sym-
metrical fine-tuning phase for each dataset took approximately 9 hours.

4.4. Results and Analysis

4.5. Main Results

As shown in Table 1, our proposed LLM-CPT-SymFT markedly outperforms all baseline
models on both datasets. This confirms the overall superiority of the proposed method. Specifi-
cally, LLM-CPT-SymFT achieves a BLEU score of 72.50 on CCMT2021, which is 25.98 higher
than that of the second-best model, Qwen2.5-7B-Instruct. On MCMT, it maintains an absolute
lead with a BLEU score of 42.93, significantly outperforming Qwen2.5-7B-Instruct’s score of
20.47. Overall, the proposed method achieves an average BLEU score of 57.72, representing an
average improvement of 24.22 compared to Qwen2.5-7B-Instruct. This strongly demonstrates
its stability and generalization ability across different test scenarios.

Source

Reference

(Translation)

ᠶᠠᠮᠠᠷᠪᠠ ᠵᠣᠬᠠᠶᠠᠨ ᠪᠠᠢᠠᠢᠯᠤᠠᠲᠢᠠᠶᠠᠯᠠᠨᠠᠬᠮᠪᠶᠠᠯᠠᠠᠢᠨᠠᠬᠠᠪᠠᠢᠤᠴᠠᠭᠶᠠᠠᠠᠶᠠᠢᠠᠮᠢᠨᠴᠠᠯᠠᠠ
ᠣᠷᠵᠢᠴᠠᠬᠯᠴᠠᠯᠠᠠᠬᠥᠮᠠᠠᠠᠶᠠᠢᠠᠭᠳᠠᠭᠴᠨᠴᠠᠠᠴᠤᠠᠶᠠᠮᠠᠷᠪᠠᠰᠦᠭᠳᠭᠡᠯᠠᠯᠠᠷᠭᠬᠠᠢᠯᠠᠲᠢᠬᠯᠠᠦᠭᠡᠨᠠ᠃

 ᠭᠷᠪᠠᠳᠠᠪᠠᠷᠠ ᠦᠭᠯᠠᠳᠠᠪᠠᠪᠠᠢᠯᠤᠠᠬᠢᠠᠠᠥᠲᠠᠪᠨᠠᠢᠢᠭᠯᠴᠠᠠᠶᠠᠨ ᠷᠨᠴᠠᠠᠴᠤᠴᠨᠶᠠᠨᠪᠠᠢᠯᠠᠢᠢᠭᠯᠠᠢᠢᠳᠠᠭᠶᠠᠳᠴᠠᠠᠶᠠᠨᠤᠠᠨᠠᠠᠵᠪᠠᠶᠴᠯᠠᠠᠳᠠᠪᠠᠪᠠᠢᠯᠠᠯᠯᠠ ᠭᠭᠡᠢᠤᠢᠵᠠ
ᠭᠠᠬᠠᠴᠭᠢᠠᠭᠶᠠᠶᠠ ᠵᠪᠵᠰᠠ ᠭᠭᠡᠢᠤᠭᠴᠨᠴᠡᠴᠡᠠᠶᠠᠮᠠᠷᠪᠠᠬᠡᠢᠪᠡᠷᠨᠴᠠᠭᠶᠠᠭᠠᠷᠳᠠᠮᠴᠠᠠᠶᠠᠰᠦᠭᠳᠭᠡᠯᠠᠪᠤᠬᠯᠠᠳᠠᠪᠠᠪᠠᠢᠯᠤᠴᠠᠭᠶᠠᠰᠦᠭᠳᠭᠡᠯᠠᠯᠠᠷᠭᠬᠠᠢᠯᠠᠲᠢᠬᠯᠠᠦᠭᠡᠨᠠ᠃

任何组织和个人参与法律援助，都不得收取
受援人任何费用。
(No organization or individual participating in legal aid 

shall charge the recipient any fees.)

出现担保基金不足时，由当地财政补充或申请上级财政部门予以弥
补。
(When the guarantee fund is insufficient, it shall be supplemented by the local finance 

or an application shall be made to the superior finance department for compensation.)

Case 1 Case 2

mT5

(Translation)

Llama3.1-8B-Instruct

(Translation)

Qwen2.5-7B-Instruct

(Translation)

LLM-CPT-SymFT

(Translation)

任何组织不得摊派。O

(No organization shall apportionment.)

发生基金拖欠时，当地部门弥补。O

(When there is a fund default, the local department makes up for it.)

任何组织和个人不得向捐助人摊派。O
(No organization or individual may impose contributions 

on donors.)

发生不履行清算基金的，应当由当地财政补助或者上一级财政部门

责令补助。O
(Where the liquidation fund is not fulfilled, the local finance department shall provide 

subsidies or the higher-level finance department shall order subsidies.)

任何组织和个人参加法律援助，不得向捐助

者收取费用。O
(No organization or individual may charge donors for 

participating in legal aid.)

发生拖欠工资问题时，由当地人民政府协调解决或由上级财政部门

予以垫付。O
(When the problem of wage arrears occurs, it shall be coordinated and resolved by the 

local people's government or advanced by the superior financial department.)

任何组织和个人参与法律援助，不得向受援

人收取任何费用。P
(No organization or individual participating in legal aid 

may charge any fees from the recipients.)

担保基金出现不足时，由当地财政予以补助或者申请上级财政部门

予以补助。P
(When the guarantee fund is insufficient, the local finance department shall provide 

subsidies or apply to the superior financial department for subsidies.)

Figure 3: Two Mongolian-to-Chinese translation examples comparing outputs from mT5, Llama3.1-8B-Instruct,
Qwen2.5-7B-Instruct, and LLM-CPT-SymFT against a reference translation. English translations are provided for clar-
ity. Correct (✓) and incorrect (✗) translations are marked.
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Table 2: Ablation study of Continual Pre-training (CPT) and Symmetrical Fine-tuning (SymFT), where UniFT denotes
unidirectional Mongolian-Chinese translation fine-tuning.

Method CCMT2021 MCMT AVG
LLM-UniFT 60.04 31.47 45.76
LLM-SymFT 61.24 33.11 47.18
LLM-CPT-UniFT 63.00 35.87 49.44
LLM-CPT-SymFT 72.50 42.93 57.72

To intuitively demonstrate the advantages of our method, Figure 3 presents two illustrative
translation examples. In Case 1, for instance, our method successfully identifies and translates
both the core legal concept and the key referential term. In contrast, baseline models often
misinterpret or mistranslate these critical components, leading to severe semantic deviations.
Case 2, which involves the exposition of a fiscal supplementary mechanism, further underscores
our model’s capabilities: the translation generated by LLM-CPT-SymFT is logically coherent
and contextually complete. This level of accuracy and completeness is markedly superior to
that of the baseline models, which frequently exhibit deficiencies such as the omission of key
information or significant semantic distortion. These examples suggest that the continual pre-
training phase establishes a robust foundation for the model’s comprehension of Mongolian. Fur-
thermore, symmetrical fine-tuning optimizes translation accuracy and fluency via bi-directional
learning, thereby enhancing the model’s capacity to process complex long sentences and discern
subtle semantic nuances within specific contexts. Consequently, the translations produced by
LLM-CPT-SymFT demonstrate superior overall performance in terms of both faithfulness and
fluency.

Additionally, we can observe performance differences among the baseline models from the
Table1. Among the baseline models that all employed unidirectional fine-tuning, Qwen2.5-7B-
Instruct and LLaMA3.1-8B-Instruct demonstrated stronger performance than the mT5 model.
Specifically, Qwen2.5-7B-Instruct achieved BLEU scores of 46.52 on CCMT2021 and 20.47
on MCMT, with an average of 33.5. This performance is significantly superior to that of mT5,
exceeding it by approximately 8.3 on average. LLaMA3.1-8B-Instruct also outperformed mT5
on both CCMT2021 and MCMT. This indicates that Qwen2.5 and LLaMA3.1, being newer
generation large language models than mT5, possess advantages such as larger parameter scales,
and greater scale and diversity in pre-training data. These factors likely contribute to their higher
performance even under identical unidirectional fine-tuning conditions. Meanwhile, Qwen2.5-
7B-Instruct, also a large language model, significantly outperformed LLaMA3.1-8B-Instruct on
both datasets and in terms of average score. This advantage exhibited by Qwen2.5 may stem from
richer Chinese and multilingual coverage in its pre-training data, specific optimizations for Asian
languages, differences in model architecture details, or its instruction fine-tuning strategies, all
of which could potentially influence its final performance on the Mongolian-Chinese translation
task.

4.6. Ablation Study

To further evaluate the effectiveness of each component, we conducted a series of ablation
studies, focusing on two key aspects: the effectiveness of Continual Pre-training and the effec-
tiveness of Symmetrical Fine-tuning. By systematically examining these components, we aim to
understand the contribution of each component to the overall performance. The following details
the findings from each ablation study.
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Effectiveness of Continual Pre-training: As shown in Table 2, the impact of Continual Pre-
training (CPT) on performance is significant. Compared to LLM-SymFT, LLM-CPT-SymFT
demonstrates substantial improvements in BLEU scores: on CCMT2021, the score increased
from 61.24 to 72.50; on MCMT, from 33.11 to 42.93. Overall, the average BLEU score improved
by 10.54. Furthermore, comparing LLM-CPT-UniFT with LLM-UniFT, CPT also yielded sig-
nificant gains, with the average BLEU score increasing by 3.68 points. This demonstrates that
continual pre-training enables the large language model to learn richer semantic information
and domain knowledge, thereby effectively alleviating the model’s deficiency in understanding
low-resource languages.

Effectiveness of Symmetrical Fine-tuning: The results in Table 2 show that employing
Symmetrical Fine-tuning (LLM-CPT-SymFT) instead of Unidirectional Fine-tuning (LLM-CPT-
UniFT) increases the BLEU score on CCMT2021 from 63.0 to 72.5, and on MCMT from 35.87
to 42.93, with an average BLEU improvement of 8.28. These results indicate that symmetri-
cal fine-tuning, by synchronously optimizing both Mongolian-Chinese and Chinese-Mongolian
translation tasks, can more fully leverage the bi-directional translation knowledge and constraints
within the parallel dataset than traditional unidirectional fine-tuning. This promotes the model’s
learning of more robust and precise cross-lingual alignments. As we posited, exercising the
generation capability in a language can, in turn, promote an enhanced understanding of it.

5. Conclusion

In this paper, we proposed LLM-CPT-SymFT, a Mongolian-Chinese machine translation
method based on large language models. This method begins with continual pre-training on
Mongolian and Chinese monolingual corpora. Subsequently, symmetrical fine-tuning is em-
ployed, using joint optimization on the complementary Mongolian-to-Chinese and Chinese-
to-Mongolian translation tasks. Experimental results across two datasets show that our pro-
posed method significantly surpasses multiple baseline models, validating its effectiveness in
Mongolian-Chinese machine translation and offering a novel approach for this low-resource lan-
guage pair. Future work could explore the applicability of this framework to other low-resource
language pairs to further verify its generalizability.
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