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Abstract
Large language models often face challenges in
low-resource agglutinative language text summa-
rization tasks due to poorly designed prompts, lead-
ing to core information dilution, reduced fidelity,
and critical information loss caused by the com-
plex grammatical structures of agglutinative lan-
guages. For traditional Mongolian, a typical low-
resource agglutinative language, this paper pro-
poses a Nucleus-to-Periphery Retrieval-Iterative
Prompting (NPRIP). This method first guides the
model to extract highly condensed semantic core
information (events, persons, time, etc.) from
the original text. Subsequently, through mul-
tiple rounds of self-refinement iteration, it pro-
gressively expands peripheral details (background,
causes, consequences, secondary facts, etc.). The
model performs fact consistency checks, redun-
dancy removal, and fidelity correction on the cur-
rent draft, achieving gradual improvements in in-
formation completeness and fidelity. To enhance
Mongolian language representation, we perform
parameter-efficient fine-tuning on LLaMA3-8B us-
ing the CCMT2019 Mongolian-Chinese parallel
corpus, and construct a larger abstractive Mon-
golian news summarization dataset MoSum along
with its augmented version. Experiments on tradi-
tional Mongolian text summarization tasks demon-
strate that our proposed method significantly out-
performs multiple baseline models on automatic
evaluation metrics including ROUGE-1, ROUGE-
2, and ROUGE-L. This validates the effective-
ness of core-priority structured iterative prompting
in low-resource agglutinative language summariza-
tion scenarios.

1 Introduction
In the era of information explosion, automatic text summa-
rization technology has become a significant research di-
rection in the field of natural language processing. How-
ever, generating summaries for Mongolian texts still faces

∗Corresponding author

considerable challenges: high-quality parallel corpora are
scarce, and the complex agglutinative grammar structure
and non-linear writing characteristics of traditional Mongo-
lian often lead to semantic loss and reduced fidelity dur-
ing the summarization process. These issues severely con-
strain the development of Mongolian text summarization
technology. In recent years, large language models (LLMs)
have demonstrated formidable capabilities in handling gen-
eral tasks and deep language understanding. Their exten-
sive world knowledge and zero-shot/few-shot learning prop-
erties offer a novel research paradigm for low-resource text
summarization tasks. Related studies indicate that LLMs
can preliminarily comprehend and summarize text through
prompting instructions without relying on task-specific an-
notated data, thereby mitigating data scarcity to some extent.
The application of large language models in automatic text
summarization traces back to OpenAI’s research, which op-
timized GPT-3 through reinforcement learning to generate
summaries more aligned with human preferences[Stiennon
et al., 2020]. However, as models grow larger, the compu-
tational and storage costs of full-parameter fine-tuning be-
come prohibitive. This has driven research toward more effi-
cient fine-tuning and adaptation techniques, such as adapter-
based few-shot fine-tuning[Bražinskas et al., 2022], prompt
tuning, and prefix tuning. Zhang et al. enabled models to
generate summaries meeting specific requirements by adding
learnable control prompts before input[Zhang et al., 2022].
Chen et al. enhanced model adaptability for few-shot sum-
marization by combining multi-task pre-training with task-
specific prefix vectors [Chen et al., 2023]. Prompt engi-
neering effectively unlocks the potential of large language
models by designing high-quality input prompts, signifi-
cantly reducing computational overhead and improving sum-
mary generation quality without extensive parameter updates.
While template engineering offers an intuitive approach to
prompt design, its construction heavily relies on human ex-
pertise, making it challenging to ensure optimality for com-
plex tasks[Jiang et al., 2020]. To address these limitations,
some studies have proposed automated prompt design and
structured summarization methods. For instance, [Narayan
et al., 2021] guided summary generation by constructing en-
tity chains within text ; Zhou et al. integrated retrieved infor-
mation using a “retrieval-summarization” strategy. [Zhou et
al., 2023]The Chain-of-Thought (CoT) technique, by intro-
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ducing intermediate reasoning steps, significantly improved
LLM performance in complex reasoning tasks [Wei et al.,
2022] and has gradually been applied to text summarization.
To address factual hallucinations—a common issue in ab-
stract generation—[Wang et al., 2023] proposed the Chain-
of-Thought method, which simulates human stepwise ab-
stract writing to guide models in better integrating source
information . Adams et al. further introduced the entity-
centric “Density Chain” approach to generate summaries
with higher information density. Their experiments demon-
strated advantages in abstractness and integration, while ex-
hibiting less prompting bias compared to summaries gener-
ated by GPT-4 under conventional prompts [Adams et al.,
2023]. Although these approaches have achieved significant
progress in multilingual summarization tasks, text summa-
rization for traditional Mongolian—a low-resource aggluti-
native language—still faces unique challenges. The com-
plex grammatical structures, limited corpus resources, and
distinctive cultural semantics of Mongolian cause existing
models to underperform in key information extraction, log-
ical coherence, and domain adaptation. This frequently re-
sults in information omission, factual hallucinations, or dis-
torted cultural expressions. Therefore, it is imperative to ex-
plore more efficient and interpretable summarization strate-
gies that enhance fidelity and overall quality without rely-
ing on external resources. In recent years, advanced prompt
engineering methods such as Self-Refine [Madaan et al.,
2023] and Self-RAG [Asai et al., 2024] have provided signif-
icant insights for addressing the aforementioned challenges.
These approaches embed few-shot examples within prompts
and guide models through multiple rounds of self-feedback
and iterative refinement (typically 2–5 iterations) on initial
outputs, significantly enhancing generation quality. Unlike
traditional Retrieval-Augmented Generation (RAG)[Lewis et
al., 2020] that relies on external vector databases, these ap-
proaches emphasize self-reflection and iterative simulation at
the prompt level. They effectively mitigate hallucination is-
sues and enhance output consistency through carefully de-
signed prompts, making them particularly suitable for low-
resource language tasks. However, existing iterative prompt-
ing methods (e.g., Chain-of-Density [Adams et al., 2023])
predominantly employ a forward-generation sequence that
progressively focuses from contextual details to core infor-
mation. This approach remains prone to diluting or omit-
ting core semantic information during generation, especially
in summarization tasks for traditional agglutinative languages
like Mongolian. Based on these observations, this paper pro-
poses a Nucleus-to-Periphery Retrieval-Iterative Prompting
(NPRIP) method. This method introduces a structured rea-
soning sequence of “core-first, periphery-expansion,” guid-
ing the model to first focus on the most critical semantic
core information in the original text (e.g., events, persons,
and time). Subsequently, through multiple rounds of self-
reflection, it progressively supplements secondary details and
background descriptions. This approach better adapts to the
summarization needs of low-resource agglutinative languages
like Traditional Mongolian. NPRIP achieves significant im-
provements in summary fidelity and structural integrity solely
through prompt optimization, without requiring external re-

trieval systems or additional knowledge bases. Experimental
results demonstrate that NPRIP outperforms baseline meth-
ods on traditional Mongolian text summarization tasks across
metrics including ROUGE-1, ROUGE-2, and ROUGE-L.

2 Related Work
The advent of large language models has brought numerous
opportunities and challenges to the field of automatic text
summarization, simultaneously driving a shift in the techni-
cal paradigm from traditional pre-training and fine-tuning ap-
proaches toward more flexible prompt-based learning meth-
ods. In recent years, extensive research has explored the ap-
plication of large language models in automatic text summa-
rization tasks [Tang et al., 2023]. [Zhang et al., 2024] found
that despite stylistic differences, summaries generated by
large language models now rival human-written summaries
in overall quality. [Goyal et al., 2022] conducted human
evaluations comparing GPT-3 operating in zero-shot mode
against pre-trained models fine-tuned on summary datasets.
Results showed evaluators preferred GPT-3-generated sum-
maries, which exhibited no significant dataset-specific bias.
However, as model sizes continue to grow, the computational
and storage costs of full-parameter fine-tuning become pro-
hibitive. Consequently, research focus has shifted toward
more cost-effective parameter-efficient approaches, includ-
ing knowledge distillation, parameter-efficient fine-tuning,
and prompt engineering. Regarding parameter-efficient fine-
tuning, due to the massive parameter count of large lan-
guage models, direct full-parameter updates are often im-
practical. Researchers have proposed several efficient al-
ternatives. [Bražinskas et al., 2022] employed an adapter-
based few-shot fine-tuning approach, pre-training the adapter
module on a large dataset before fine-tuning it on a small,
manually annotated dataset. Additionally, other studies have
explored techniques like prompt tuning and prefix tuning.
[Zhang et al., 2022] introduced learnable control prompts be-
fore input documents, enabling the model to learn generating
summaries that meet specific requirements during training.
At inference, these control prompts can be flexibly specified
by users, allowing fine-grained control over summary out-
puts. [Chen et al., 2023] injected task-specific prefix vectors
into each summarization task within a multi-task pretraining
framework, jointly optimizing them with model parameters
to enhance adaptability for few-shot summarization tasks.

3 Method
To address the challenges faced by traditional Mongolian—a
low-resource agglutinative language—in abstract summariza-
tion tasks, this paper proposes a phased optimization frame-
work encompassing dataset construction and augmentation,
efficient model parameter adaptation, and structured prompt
optimization during inference. Specifically, our approach
comprises the following three stages:

• Dataset Construction and Data Augmentation Phase:
Constructed the large-scale abstract traditional Mon-
golian abstract dataset MoSum, and performed data
augmentation through context rewriting and entity re-
placement driven by large language models to gener-
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Figure 1: Overall flowchart.Upper part: Data augmentation pipeline using DeepSeek-V3 to extend MoSum into MoSumAug via contextual
rewriting and non-core entity substitution,followed by LoRA fine-tuning of the LLaMA. Lower part: NPRIP inference process, consisting of
Nucleus Extraction, Periphery Expansion, and Self-Refine (iterative 2–5 times for fact-checking, redundancy removal, and optimization).

ate MoSumAug, thereby mitigating the scarcity of low-
resource data.

• Model-Side Parameter Efficient Summarization
Adaptation Phase: Based on MoSum and its aug-
mented dataset MoSumAug, we perform a low-cost
supervised fine-tuning on large language models to
enhance their adaptability for traditional abstractive
summarization tasks in the Mongolian language.

• Structured Prompt Optimization Phase for Infer-
ence: Further enhance summary quality through a self-
iterative prompt strategy progressing from core to pe-
riphery, without introducing additional parameter up-
dates.

3.1 Traditional Mongolian Abstract Dataset and
Data Augmentation

Traditional Mongolian, as a typical low-resource aggluti-
native language, suffers from an extreme scarcity of high-
quality publicly available parallel abstracting corpora. Cur-
rently, the most representative single-document abstracting
dataset for Mongolian is MTESum.[Qi et al., 2025]. It
contains approximately 1,000 original news article-summary
pairs, primarily constructed using a headline-guided extrac-
tive approach. Reference summaries are mostly direct ex-
tracts from the source text, making it a typical extractive
dataset. Although MTESum holds significant value as the
first publicly available Mongolian summary dataset, its small

scale, extractive-oriented summary types, and limited domain
coverage make it insufficient for fully supporting the training
and evaluation of modern abstractive summarization models.

To overcome these limitations, this paper constructs Mo-
Sum, a larger-scale traditional Mongolian news summary
dataset supporting abstractive generation. The dataset and
code are publicly available at: https://github.com/LeeMhh/
Mo Summary. Compared to MTESum, MoSum offers the
following significant advantages:

1. Larger Scale: Contains approximately 17,000 high-
quality original text-reference summary pairs (versus only
1,000 in MTESum), providing more abundant supervised sig-
nals for model training;

2. Broader Domain Coverage: Spans news across multi-
ple domains including politics, economy, culture, society, and
technology (2018–2024), enhancing model generalization;

3. Higher Data Quality: Combines original texts from au-
thentic news websites with LCSTS translation versions, un-
dergoing rigorous preprocessing and human proofreading.

This dataset primarily originates from two sources:
(1) The Inner Mongolia Daily, a Mongolian-language news

website in Inner Mongolia1, covering multi-domain news re-
ports from 2018 to 2024;

(2) The high-quality human-translated version of the Chi-
nese abstract dataset LCSTS (Part II)[Hu et al., 2015].

The original corpus underwent a unified preprocessing

1https://www.mgyxw.cn
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workflow, including symbol normalization, special character
filtering, and duplicate content removal, ultimately yielding
approximately 17,000 samples. Data is organized in Alpaca
instruction format, with each sample comprising a task in-
struction, the original news article, and a human-reviewed
reference summary.

To alleviate the problem of limited training data scale in
Mongolian and enhance model robustness, this study selects
DeepSeek-V3, which possesses multilingual adaptability and
cost-effectiveness advantages, as the foundational model and
designs a data augmentation method. Its multilingual capabil-
ity optimizes for low-resource languages, effectively support-
ing Mongolian processing, while its high cost-effectiveness
meets the expansion needs under resource constraints. Based
on this, MoSum is extended into an enhanced training dataset
named MoSumAug This method references the LLM-DA
framework [Ye et al., 2024], with task-specific adaptations
for summarization. Specifically, the data augmentation pro-
cess includes: (1) Contextual rewriting with semantic preserv
ation utilizes the DeepSeek-V3 model to diversify the original
text while maintaining factual consistency. (2) non-core en-
tity substitution, replacing entities, dates, or numerical values
that do not affect core semantics with similar types, while si-
multaneously updating the reference summary to ensure sam-
ple alignment. These strategies effectively expand training
sample diversity without introducing semantic drift.

To ensure evaluation fairness, data augmentation applies
only to the training set, while the validation and test sets
retain their original distributions. Ultimately, the original
approximately 17,000 samples were expanded into roughly
84,000 high-quality augmented samples.Detailed statistics
are shown in Table 1.

Dataset Samples Avg. Src. Len. Avg. Summ. Len.
Orig. Train 17295 1178 142
Aug. Train 83474 1118 143

Val. 2250 1301 117
Test 2250 1394 118

Note: Abbreviations used in the table: Orig. = Original, Aug.
= Augmented, Val. = Validation

Table 1: Dataset Statistics

3.2 Mongolian Text Summarization Capability
Adaptation

To achieve efficient adaptation of large language models
for traditional Mongolian text summarization tasks, full-
parameter updates incur high computational costs, consume
substantial GPU memory, and are prone to catastrophic for-
getting of pre-trained knowledge. To address this issue, this
paper employs the LoRA (Low-Rank Adaptation) parameter-
efficient fine-tuning technique [Hu et al., 2022]. The core
idea of LoRA is to represent updates to the pre-trained weight
matrix as a low-rank decomposition. Specifically, for the
original weight matrix W0, the final weight after fine-tuning
is expressed as:

W = W0 +∆W (1)

Among these, ∆W is the low-rank update matrix to be
learned, which can be decomposed as:

∆W = A ·B (2)

Where these A ∈ Rd×r,B ∈ Rr×k with r ≪ min (d, k)
representing the low-rank value. During fine-tuning, only the
low-rank matrices and are trained, while the original weights
remain frozen. This reduces the number of trainable param-
eters to a minimal fraction of the original model while pre-
serving its generalization capability.

To enhance the adaptability of large language models to
low-resource Mongolian, we employed a domain adaptation
approach using the CCMT2019 Mongolian-Chinese paral-
lel corpus to fine-tune the LLaMA3-8B base model. This
method effectively improved the model’s understanding of
Mongolian morphological features and syntactic structures
while preserving pre-trained knowledge, laying the ground-
work for subsequent Mongolian summarization tasks.

Due to the limited size of the Mongolian abstract dataset,
full-parameter fine-tuning is prone to overfitting and incurs
high computational costs. Therefore, this paper applies LoRA
for prompt fine-tuning based on the LLaMA3-8B model.

3.3 Nucleus-to-Periphery Retrieval-Iterative
Prompting Method

Although supervised fine-tuned models have demonstrated
basic summarization capabilities in Mongolian, traditional
prompting approaches remain prone to diluting or omitting
core semantic information during generation in low-resource
agglutinative language scenarios. Existing prompting meth-
ods typically follow a forward generation sequence from
contextual details to core information, a limitation partic-
ularly pronounced in traditional Mongolian summarization
tasks. Inspired by Self-Refine [Madaan et al., 2023] and Self-
RAG [Asai et al., 2024], this paper proposes a Nucleus-to-
Periphery Retrieval-Iterative Prompting (NPRIP) method. By
explicitly reversing the reasoning sequence, NPRIP guides
the model to follow a structured iterative process during the
inference phase:

• Core Extraction: First, highly condense the most crit-
ical semantic core information (such as events, people,
and time) from the original text, forming 1–2 sentences
of minimalist expression;

• Peripheral Expansion: Gradually supplement sec-
ondary details, background information, and processes
based on core information to generate a complete draft
summary.

• Self-Refinement: Conduct self-review and revision of
the draft, identifying missing information, redundancy,
or potential biases, and perform 2–5 iterations of opti-
mization.

The structured iterative process of NPRIP can be expressed
in the following form:

Let d(0) be the original document, and s(0) = ∅ the initial
(empty) summary draft. NPRIP proceeds in T iterative steps
(T ≈ 3–5 in practice), For each iteration t = 1, . . . , T :
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Configuration ROUGE-1 ROUGE-2 ROUGE-L BERTScore F1
LLaMA3-8B (Zero-shot) 52.28 30.80 22.74 85.07

Mo-LLaMa3-8B (Zero-shot) 77.15 42.29 28.99 96.24
LLaMa3-8B + SFT 87.72 56.61 52.63 96.51

Mo-LLaMa3-8B + SFT 88.18 56.95 53.46 96.89
+Aug 89.12 58.24 55.18 97.28

+NPRIP 89.35 58.87 56.42 97.89

Table 2: Experimental results. Experimental results under different configurations. Among them, Mo represents LLaMA3-8B, which has
been fine tuned in the Mongolian language domain using the Mongolian part of the CCMT2019 dataset; SFT stands for Supervisory Fine
tuning; Aug represents training using MoSumAug enhanced dataset; NPRIP represents the application of the kernel to periphery retrieval
iterative prompting method proposed in this paper.

1. Nucleus Extraction: Generate the core semantic nu-
cleus

n(t) = LLM
(
d(0), s(t−1), P romptcore

)
2. Periphery Expansion: Retrieve and append peripheral

details

p(t) = LLM
(
d(0), n(t) ∪ s(t−1), P romptexpand

)
3. Self-Refinement: Refine the current draft for faithful-

ness and conciseness

s(t) = LLM
(
d(0), s(t−1) ∪ n(t) ∪ p(t), P romptrefine

)
The final summary is s(T ).
To enhance contextual guidance capabilities, NPRIP em-

beds fixed few-shot examples within prompts as retrieval-
style references. During the inference stage, it employs a
bundle search strategy with summary length constraints to
improve output consistency and information density. Operat-
ing entirely within the inference phase, NPRIP significantly
boosts summary fidelity, completeness, and structural coher-
ence without requiring external retrieval systems, additional
knowledge bases, or model parameter updates.

The overall flowchart is shown in Figure 1.

4 Experiments
4.1 Model and Training
This paper employs LLaMA3-8B-instruct as the base model
and utilizes the parameter-efficient fine-tuning method LoRA
to adapt the model for summarization tasks. During the Mon-
golian adaptation phase, we performed pre-training(PT) fine-
tuning using the Mongolian section of CCMT2019. This
approach preserved the model’s general language capabili-
ties while significantly enhancing its performance on Mon-
golian text. Without increasing model size, just 0.4 cy-
cles of LoRA fine-tuning improved the model’s ROUGE-L
score by 6.25 percentage points over the baseline on zero-
shot summarization tasks. During the summarization fine-
tuning phase, the model was trained using supervised fine-
tuning (SFT). LoRA introduced low-rank updates only on
the q proj, k proj, v proj, and o proj layers of the attention

mechanism to minimize disruption to the model’s genera-
tive distribution and enhance generalization. LoRA param-
eters were set with rank=32, alpha=64, and dropout=0.05.
The learning rate was set to 1×10−5 with a cosine schedul-
ing strategy and a warmup ratio of 0.06. Training batch size
was 2, gradient accumulation steps were 4, and total training
epochs were 3. 8-bit quantization and FP16 mixed precision
were enabled during training to reduce GPU memory usage
and improve training efficiency. During inference, to ensure
highly deterministic outputs and strictly adhere to NPRIP’s
structured inference steps, we employ a beam search decod-
ing strategy (num beams=3). By setting temperature=0 and
do sample=false to disable sampling, we achieve fully deter-
ministic generation, significantly improving summary con-
sistency and fidelity. All experiments were conducted on
NVIDIA V100s (32GB) GPUs.

4.2 Main Experiment Results
We conducted a comprehensive evaluation of the proposed
method against various baselines on the MoSum and Mo-
SumAug datasets. As detailed in Table 2, the experiments
progressively introduce Mongolian domain adaptation, Su-
pervisory Fine-Tuning (SFT), data augmentation (+Aug), and
finally the proposed NPRIP framework.

As shown in Table 2, the zero-shot LLaMA3-8B strug-
gles significantly with Mongolian abstractive summariza-
tion (ROUGE-L: 22.74, BERTScore F1: 85.07), highlight-
ing the inherent challenges posed by low-resource aggluti-
native languages. However, Mongolian domain adaptation
(Mo-LLaMA3-8B Zero-shot) yields substantial gains across
all metrics, particularly in semantic alignment, where the
BERTScore F1 increases by over 11 points (to 96.24). Subse-
quent Supervised Fine-Tuning on the MoSum dataset further
boosts performance, with Mo-LLaMA3-8B + SFT achiev-
ing a ROUGE-L of 53.46 and a BERTScore F1 of 96.89.
The introduction of the augmented dataset (+Aug) contin-
ues this upward trend, improving semantic faithfulness to a
BERTScore F1 of 97.28. Critically, applying NPRIP at in-
ference on this strongest baseline delivers the best overall re-
sults, pushing ROUGE-L to 56.42 (+1.24) and BERTScore
F1 to 97.89 (+0.61). This notable improvement underscores
NPRIP’s ability to preserve the semantic core while itera-
tively expanding peripheral details, effectively mitigating the
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Figure 2: Training and Evaluation Loss Image

information dilution often observed in summarizing aggluti-
native languages.

Overall, these experimental results validate the effective-
ness of a layered strategy that combines parameter-efficient
fine-tuning, data augmentation, and structured prompt opti-
mization. As a parameter-free, incremental approach dur-
ing the inference phase, NPRIP delivers stable and signifi-
cant performance gains beyond existing high baselines. This
demonstrates the unique value of the ”core-to-periphery re-
trieval self-iteration” strategy in preserving core information
and optimizing fidelity for Traditional Mongolian abstract
generation.

To further analyze the necessity and optimal configura-
tion of iteration rounds in NPRIP, we examined the trend
of ROUGE-L and BERTScore F1 under different iteration
rounds T, with results shown in Figure 3. As the iteration
rounds increased, both metrics exhibited a trend of rapid im-
provement followed by convergence. Specifically, ROUGE-L
rapidly climbs from 54.76 to 56.42 (+1.66) over the first three
rounds, with gains subsequently slowing. This indicates that
core extraction and peripheral expansion stages contribute
most significantly to long-sequence structural consistency.
BERTScore F1 shows substantial improvement in the first
two rounds, reaching near saturation after the third round, re-
flecting the self-refinement step’s sustained optimization of
semantic fidelity. Overall, T=3 approaches the performance
ceiling, with limited marginal gains from further iterations.
This result validates NPRIP’s multi-round iterative design for
its efficiency and robustness in low-resource Mongolian sum-
marization tasks. T=3 is recommended as the default config-
uration in practical applications. The loss image is shown in
Figure 2.

4.3 Ablation Experiments
To verify the independent contributions and synergistic ef-
fects of the NPRIP framework’s components (core extraction,
peripheral expansion, and self-refinement), we conducted ab-

Figure 3: Impact of iteration rounds T on NPRIP performance:
ROUGE-L and BERTScore F1 show rapid improvement in the first
three rounds, primarily due to core extraction and periphery expan-
sion, indicating the effectiveness of self-refinement. Performance
converges after T=3.

lation experiments by sequentially removing each step from
the strongest baseline (Mo-LLaMA3-8B + SFT + Aug), as
shown in Table 3. The complete NPRIP framework achieves
optimal performance across all metrics (ROUGE-L: 56.42,
BERTScore F1: 97.89). The ablation results reveal distinct
contributions from each module: Core Extraction: Removing
this component leads to the most significant drop in ROUGE-
L (-0.96). This indicates that the ”core-first” strategy is essen-
tial for capturing long-distance semantic dependencies and
maintaining structural integrity. Peripheral Expansion: The
removal of this module primarily impacts BERTScore F1
(-1.06), demonstrating that the ordered supplementation of
contextual details significantly contributes to overall semantic
completeness. Self-Refinement: Removing self-refinement
leads to a slight ROUGE-L drop (-0.28), confirming its role
in fine-tuning generation and factual accuracy. Collectively,
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Configuration ROUGE-1 ROUGE-2 ROUGE-L BERTScore F1
Mo-LLaMA3-8B + SFT + Aug 89.12 58.24 55.18 97.28

+ NPRIP 89.35 58.87 56.42 97.89
w/o Core extraction 88.64 57.82 55.46 97.01

w/o Peripheral Expansion 89.14 57.85 55.21 96.83
w/o Self refinement 89.23 58.12 56.14 97.32

Table 3: Ablation study on NPRIP components. All experiments are conducted on the strongest baseline (Mo-LLaMA3-8B + SFT + Aug).
Removing any component leads to performance degradation, with core extraction having the largest impact on ROUGE-L and self-refinement
on BERTScore F1.

these results validate the NPRIP design. Specifically, the
”core-first” strategy yields the most substantial gains, while
the ablation study demonstrates the framework’s modularity
and interpretability.

5 Conclusion
This paper addresses challenges in traditional Mongolian text
summarization tasks, including data scarcity, complex ag-
glutinative structures, and susceptibility to core information
loss. We propose a hybrid framework combining parameter-
efficient fine-tuning with structured prompt optimization. We
construct MoSum, a large-scale Mongolian news summariza-
tion dataset, and augment it into MoSumAug via LLM-based
semantic retention, alleviating data scarcity in low-resource
settings. Built on LLaMA3-8B, we apply LoRA for ef-
ficient supervised fine-tuning, reducing computational cost
while improving adaptability to Mongolian morphological
and syntactic characteristics. Building upon this foundation,
the core innovation lies in our proposed Nuclear-to-Peripheral
Retrieval Iterative Prompting (NPRIP) method. This ap-
proach reverses the traditional generation sequence by first
extracting a highly condensed core semantic nucleus, then
progressively expanding peripheral details through multi-
round self-refinement iterations. It leverages the model’s
self-refinement mechanism for fact consistency checks, re-
dundancy removal, and logical optimization. This process
requires no additional parameter updates or external knowl-
edge, relying solely on structured prompts to significantly en-
hance summary fidelity, information completeness, and long-
sequence consistency—particularly suited for low-resource
languages like Mongolian with rich morphology and flex-
ible syntax. Experimental results demonstrate that NPRIP
achieves stable performance improvements over zero-shot,
SFT, and augmented data baselines on the MoSum test set,
fully validating the effectiveness of the “core-first + iterative
refinement” strategy. This study demonstrates that combin-
ing parameter-efficient fine-tuning with structured prompting
during inference offers a computationally efficient and scal-
able solution for low-resource agglutinative languages. The
framework not only provides a practical approach for Mongo-
lian summarization but also establishes a reference paradigm
for abstractive generation tasks in other low-resource lan-
guages. Future work may explore integration with RAG and
multimodal inputs, as well as extension to other Altaic lan-
guages.
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