
Vol.:(0123456789)

Complex & Intelligent Systems (2025) 11:72 
https://doi.org/10.1007/s40747-024-01641-7

ORIGINAL ARTICLE

T‑LLaMA: a Tibetan large language model based on LLaMA2

Hui Lv1,2 · Chi Pu1 · La Duo3 · Yan Li1 · Qingguo Zhou1 · Jun Shen4

Received: 30 December 2023 / Accepted: 19 August 2024 / Published online: 19 December 2024 
© The Author(s) 2024

Abstract
The advent of ChatGPT and GPT-4 has generated substantial interest in large language model (LLM) research, showcasing 
remarkable performance in various applications such as conversation systems, machine translation, and research paper sum-
marization. However, their efficacy diminishes when applied to low-resource languages, particularly in academic research 
contexts like Tibetan. In this study, we trained Tibetan LLaMA (T-LLaMA), a model based on efficient pre-training tech-
nology for three downstream tasks: text classification, news text generation and automatic text summarization. To address 
the lack of corpus, we constructed a Tibetan dataset comprising 2.2 billion characters. Furthermore, we augmented the 
vocabulary of LLaMA2 from META AI by expanding the Tibetan vocabulary using SentencePiece. Notably, the text clas-
sification task attains a state-of-the-art (SOTA) accuracy of 79.8% on a publicly available dataset Tibetan News Classification 
Corpus. In addition, manual review of 500 generated samples indicates satisfactory results in both news text generation and 
text summarization tasks. To our knowledge, T-LLaMA stands as the first large-scale language model in Tibetan natural 
language processing (NLP) with parameters in the billion range. We openly provide our trained models, anticipating that 
this contribution not only fills gaps in the Tibetan large-scale language model domain but also serves as foundational models 
for researchers with limited computational resources in the Tibetan NLP community. The T-LLaMA model is available at 
https://​huggi​ngface.​co/​Pagew​ood/T-​LLaMA.
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Introduction

Large language model (LLM) has achieved remarkable suc-
cess in the field of Natural Language Processing (NLP), par-
ticularly since the introduction of ChatGPT [1], which has 
generated extensive research interest. These models have 
demonstrated exceptional performance across various tasks, 

including text generation, machine translation, sentiment 
analysis, and question answering.

However, a notable observation is that the majority of large 
language models have predominantly concentrated on lan-
guages with abundant corpora, such as English and Chinese [2, 
3]. Tibetan, spoken by over 4.5 million people, lags behind in 
research on large language models. This challenge stems from 
the scarcity of Tibetan language corpora and limited engage-
ment from researchers in the Tibetan NLP domain. In previous 
research, to leverage large language models in scenarios with 
limited corpora, researchers have demonstrated the effective-
ness of fine-tuning pre-trained multilingual models [4]. For-
tunately, the open-sourcing of the LLaMA2 by META AI [5] 
has obviated the need to initiate training from scratch. Addi-
tionally, the introduction of Low-Rank Adaptation (LoRA) 
for LLM, as proposed by Hu et al. [6], allows us to fine-tune 
large models with 7 billion parameters using significantly less 
computational power. These technological advancements open 
avenues for training LLMs for low-resource languages, par-
ticularly Tibetan, laying the groundwork for the informatiza-
tion of the Tibetan language.
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In this paper, we aim to bridge the gap in Tibetan NLP 
by leveraging large language models. To achieve this, we 
employed LoRA technology to fine-tune a model named 
Tibetan LLaMA (T-LLaMA), utilizing the pre-existing 7 
billion parameters of LLaMA2 [5]. The training data com-
prised a Tibetan corpus containing 2.2 billion characters. 
In order to assess the impact of vocabulary size on model 
performance, we employed SentencePiece to construct 
vocabularies of varying sizes [7]. These vocabularies were 
subsequently integrated into the LLaMA2 lexicon, and their 
effects on performance were assessed through a text classi-
fication task. Moreover, we broadened our investigation by 
examining the influence of different rank configurations on 
model performance. Finally, our model evaluation encom-
passed three fundamental NLP tasks: text classification, 
news text generation, and automatic text summarization.

For text classification, we utilized the Tibetan News Clas-
sification Corpus (TNCC) [8]. T-LLaMA achieved a state-
of-the-art accuracy of 79.8%, showcasing exceptional per-
formance. We explored the impact of varying max sequence 
lengths on text classification accuracy, noting an improve-
ment as sequence length increased. Moving on to news text 
generation, we transformed proprietary news data into a 
dataset and manually reviewed 500 generated articles for 
grammatical correctness and content relevance to headlines. 
Results showed that the majority of articles were grammati-
cally correct, with 81% exhibiting content relevance. Finally, 
we fine-tuned the T-LLaMA model for text summarization 
using LoRA. The evaluation, conducted on 500 randomly 
chosen test samples, demonstrated the model’s effectiveness 
in generating accurate and concise summaries.

These results collectively underscore the effectiveness of 
T-LLaMA as a powerful LLM for the Tibetan language. It 
marks the introduction of the first Tibetan large-scale model 
with parameters in the billion range. However, challenges 
persist, including the lack of a substantial prompt engineer-
ing corpus for downstream tasks such as dialogue, reason-
ing, and translation. We acknowledge the need for a more 
extensive collaborative effort within the research community 
to address these challenges and propel the development of 
Tibetan large language models. We encourage and aspire 
to see more researchers join this community in the future, 
contributing their expertise and efforts to overcome the hur-
dles and advance the capabilities of Tibetan large language 
models.

Related work

 Large language models

The recent evolution of NLP has been marked by a trans-
formative paradigm shift, propelled by the advent of LLM. 

Notable models such as GPT-3 [9], PaLM [10] and LLaMA 
[5] exemplify the capabilities of pushing the boundaries of 
machine understanding and text generation. Large language 
models have showcased exceptional performance across a 
spectrum of complex NLP tasks, including text classification 
[11], question answering (QA) [12, 13], text generation [14, 
15] and text summarization [16].

However, the demanding computational resources 
required for training large models pose a challenge, hin-
dering full-scale model pre-training and fine-tuning. Con-
sequently, various efficient parameter fine-tuning methods 
have been proposed, including adapter tuning [17], prefix 
tuning [18], prompt tuning [19], and LoRA [6].

Despite the strides made by LLM in NLP, progress in 
low-resource languages, such as Tibetan and Southeast Asia 
languages, has been notably sluggish [20, 21]. Furthermore, 
the performance of multilingual large models on Tibetan, to 
the best of our knowledge, remains unsatisfactory. Accord-
ing to our analysis and practical usage of ChatGPT [1], 
LLaMA [5], and Baichuan2 [22], it is evident that these 
models exhibit notable performance disparities in Tibetan 
when compared to high-resource languages like English and 
Chinese. This highlights an existing gap in the application of 
these advanced models to languages with limited resources, 
underlining the importance of our efforts in addressing these 
challenges within the Tibetan NLP domain.

 Tibetan pre‑trained language models

Pre-trained language models such as BERT [23], ALBERT 
[24] and GPT [25, 26] are widely recognized for their effec-
tiveness in enhancing a model’s language understanding 
capabilities. Language-specific pre-trained models have 
proven to be particularly effective in this regard [27, 28]. 
Within the Tibetan NLP community, Li undertook the train-
ing of a pre-trained model based on ALBERT, finetuning 
it on self-constructed text classification and summariza-
tion datasets, yielding satisfactory results [29]. Sun et al., 
by constructing a vocabulary based on SentencePiece [7], 
trained a pre-trained model named TiBERT [30] to excel in 
Tibetan NLP downstream tasks. Additionally, Yang et al. 
introduced a Chinese minority pre-trained language model 
(CINO) based on XLM-R [31], achieving satisfactory results 
in downstream tasks for minority languages by enriching the 
vocabulary of the original XLM-R tokenizer.

More recently, a method for Tibetan text classification, 
utilizing pre-trained models and based on prompt, has 
been developed [32]. Similarly, Zhou et al. explored three 
efficient fine-tuning methods based on the TNCC dataset, 
achieving preliminary success [33]. While these works have 
made strides in pre-trained models and prompt learning, 
the exploration of billion-parameter LLM in the Tibetan 
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context remains largely uncharted. This gap has motivated 
our efforts in this field.

Our model builds upon LLaMA2, a large language model 
offering various models ranging from 7 to 65 billion param-
eters. Through fine-tuning the LLaMA2 model with 7 billion 
parameters based on our own corpus and leveraging LoRA 
technology [6], our model has demonstrated satisfactory 
results.

 T‑LLaMA

In this study, our approach involves the initial optimization 
of the Tibetan vocabulary, which is subsequently integrated 
into the LLaMA2 tokenizer. Following this, we proceed to 
train a fine-tuned model utilizing LoRA technology. Finally, 
we assess the performance of the model through evalua-
tions on downstream Tibetan classification tasks, news text 
generation tasks and text summarization tasks. The code 
employed in this paper is based on the implementation pro-
vided in Ref. [4].

 Introduction of LLaMA2

LLaMA, introduced by META AI in 2023 [2], stands out as 
a large language model featuring four models with varying 
scales, spanning from 7 to 65 billion parameters. The ini-
tial version of LLaMA, constructed using the Transformer 
deep learning framework [34], adheres to scaling laws [35] 
by training on a more extensive dataset while employing 
smaller models. Notably, LLaMA-13B, one of these models, 
outperformed GPT-3 (175B) [9] in the majority of bench-
mark tests.

LLaMA exhibits exceptional proficiency in various tasks, 
including text generation, machine translation, sentiment 
analysis, and automated question answering, providing 
robust support for a wide spectrum of NLP applications. In 
a bid to enhance both the quality and quantity of the training 
data, the researchers introduced LLaMA2 [5], which effec-
tively doubled the context length of the model. LLaMA2 has 
demonstrated state-of-the-art (SOTA) performance across 
multiple tasks, solidifying its position among numerous 
open-source models.

 Low‑Rank adaptation

The training of large language models is widely recognized 
as a resource-intensive process. The endeavor necessitates an 
extensive corpus, exemplified by the 45 TB data [36] volume 
utilized in the training of models like ChatGPT. Further-
more, it demands a substantial number of GPUs to provide 
the necessary computational power, coupled with a consider-
able amount of time to complete the training process. Given 

these challenges, the prospect of training a large language 
model for Tibetan seems nearly impossible.

In response to this predicament, Edward Hu et al. intro-
duced the Low-Rank Adaptation (LoRA) approach [6]. 
LoRA posits that over-parametrized models learned during 
training inherently exist within a lower intrinsic dimension. 
This innovative approach empowers researchers to train 
models by optimizing much smaller low-rank matrices, sig-
nificantly alleviating computational demands and dataset 
requirements.

The adoption of LoRA technology has made it feasi-
ble for us to train a large language model for Tibetan, a 
low-resource language where such training was previously 
challenging due to resource constraints. This breakthrough 
not only broadens the scope of language modeling but also 
facilitates applications in Tibetan-specific NLP tasks.

 Data preparation

We constructed a dataset consisting of approximately 2.2 bil-
lion characters, amalgamating content from diverse sources 
such as websites, various books, journal papers, textbooks, 
and historical documents. This dataset spans a broad spec-
trum of content, covering fields such as encyclopedic knowl-
edge, legal documents, history, language, economics, and 
more. The distribution of content across these categories is 
outlined in Table 1.

 Vocabulary optimization

Tokenization is a critical step in the domain of pre-trained 
models and large language models. Notably, among various 
tokenization models, WordPiece [19] and SentencePiece [7] 
stand out as prominent choices. WordPiece excels in break-
ing down words into smaller components, facilitating the 
handling of intricate words and languages. In contrast, Sen-
tencePiece offers notable flexibility, accommodating various 
languages and tokenization granularities, including whole 
words, subwords, or characters, all of which can be referred 
to as tokens.

The Tibetan language, following a phonetic writing 
system, structures its syllables through a combination of 

Table 1   Data distribution of the 
corpus

Document source Size (GB)

Ancient literature 1.3
Website news 2.8
Blog and Weibo 0.26
Books 1.77
Journal Article 0.12
Teaching material 0.002
Total 6.27
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vertical and horizontal, separated by the separator . (Tsheg). 
The combination of upper and lower characters is also called 
Vertical Combination Character (VCC). Each syllable is 
composed of one or more characters [37], as illustrated in 
Fig. 1 for the syllable  which consists of components 
like Prefix , Superfix , Root , Subfix , Vowel 

, Suffix  and Postfix Suffix  named according to 
their positions. These components collectively form Tibetan 
characters. In contrast to the subject-verb-object structure 
found in Chinese and English sentences, Tibetan sentence 
structure follows a pattern where the subject precedes the 
object, with the predicate coming after. Figure 2 illustrates 
the fundamental structure of a Tibetan sentence, exempli-
fied by  (He likes to draw). It mentions the 
components of subject, object, and predicate. Each sen-
tence concludes with  (shed) as a standard grammatical 
requirement.

In the context of Tibetan script intricacies, Sentence-
Piece emerges as a superior choice due to its adaptability 
in handling variations in multicomponent characters and 
adjustments in word segmentation granularity. Its ability to 
flexibly adapt to the unique requirements of Tibetan script 
positions SentencePiece as a crucial tool in achieving effec-
tive tokenization.

In LLaMA2, a significant part of the training data is in 
English, with a vocabulary consisting of only 315 Tibetan 

tokens. This has resulted in significant disparities in LLa-
MA2's comprehension and generation capabilities in Tibetan 
compared to English and Chinese. To address this issue, we 
utilized SentencePiece to generate vocabularies of varying 
sizes on our corpus. Subsequently, we fine-tuned the model 
separately on each of the expanded vocabularies derived 
from the original vocabulary of LLaMA2 to choose a better 
model.

However, during the direct generation of the vocabulary 
with SentencePiece, two issues surfaced. Firstly, some words 
ended with , which serves as a punctuation symbol in 
Tibetan, making it inappropriate. Secondly, certain charac-
ter components were segmented as individual tokens in the 
vocabulary, increasing coverage but posing challenges for 
word segmentation. To address these issues, we removed 
clearly inappropriate cases during the vocabulary genera-
tion process.

 Experiments and Results

 Fine‑tune of LLaMA2

LoRA has proven to be a highly efficient tool for fine-tuning 
pre-trained models. Different ranks can influence the mod-
el’s performance post fine-tuning. To identify the optimal 
model, we conducted separate fine-tuning experiments with 
ranks r = 1, r = 8, and r = 16. These fine-tuning tasks were 
executed on 8 NVIDIA A100 GPUs, with each task complet-
ing within one day. Figure 3 illustrates the loss curves of the 
three models with different ranks. The experimental results 
indicate that as the rank increases, the rate of loss reduction 
exhibits a slight increment. To ascertain the influence of 
different ranks on model performance, we conducted tests 
on the text classification task with various rank configura-
tions. Our results suggest that increasing the rank does not 
significantly enhance the model’s performance, as shown in 
Table 2. From this series of experiments, we obtained the 
highest accuracy of 77.17% at a rank of r = 8, which is high-
lighted in Table 2 (in bold). This model was then selected 
for further validation.

Furthermore, in large language models, the size of the 
vocabulary is another crucial factor that significantly impacts 
the model's performance. To assess the influence of vocabu-
lary size on model performance, we utilized SentencePiece 
to generate separate vocabularies containing 2000, 4000, 
6000, 8000, 10,000, and 12,000 tokens, respectively. These 
vocabularies were then merged with the original vocabulary 
of the LLaMA2 model and tested in the text classification 
task. The results showcase the effectiveness of the additional 
Tibetan vocabulary, and we achieved the best performance 
with an additional vocabulary size of 8000, as highlighted 
in Table 3 (in bold).

Fig. 1   Tibetan syllable structure

Fig. 2   Tibetan Sentence Structure
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Our experiments unveiled a lack of linear improve-
ment in performance with the increasing vocabulary size, 
ranging from 2000 to 12,000. Instead, we observed fluc-
tuations in the model's performance. Notably, even after 
fine-tuning the text classification task on the original 
LLaMA2, the accuracy failed to meet satisfactory lev-
els. However, following the enlargement of the vocabu-
lary, significant performance enhancement was evident, 
even with a vocabulary size of 2000. And the vocabulary 
expanded by 8000 Tibetan tokens attained the highest per-
formance in the fine-tuned text classification task. Despite 

the limitations inherent in using performance from a single 
task as a basis, we opted for the vocabulary size of 8000 
for subsequent experiments, given the results of the text 
classification task.

 Text classification

Text classification, a fundamental task in NLP, finds appli-
cations in sentiment analysis, spam detection, topic cate-
gorization, and more. To evaluate the performance of our 
trained T-LLaMA model, we selected text classification as 
the natural language understanding task. The chosen data-
set is TNCC, a publicly available dataset as referenced in 
[38], comprising 12 classes, with data distribution depicted 
in Fig. 4.

The fine-tuning for this task was accomplished using 
LoRA within 2 h on our 8 NVIDIA A100 GPUs. The clas-
sification model, based on LLaMA2, prepared for fine-tun-
ing in downstream tasks by adding a sequence classification 
head on top of LLaMA2. The code implementation lever-
aged the AutoModelForSequenceClassification module pro-
vided by Hugging Face.

Our training parameter settings are outlined in Table 4. 
We conducted three sets of experiments on different ranks of 
T-LLaMA, with each set containing three experiments with 
varying max sequence lengths.

Our evaluation of text classification results on the TNCC 
dataset, when compared to publicly available benchmarks, 
highlights the superior performance of our model in this 
task (Table 5). The experimental results indicate that an 
increase in the max sequence length generally leads to 
improved performance, while an increase in rank does not 
consistently result in performance enhancement. TLLaMA 
exhibited optimal performance with a configuration of r = 8 
and msl = 1536, achieving an impressive accuracy rate of 
79.8%, as highlighted in Table 5 (in bold). Furthermore, a 
comprehensive analysis of the confusion matrix is visualized 

Fig. 3   The training loss during the fine-tune task of different rank

Table 2   TNCC text classification results with different rank configu-
ration

rank Accuracy (%) Macro-F1 (%)

1 76.52 74.94
8 77.17 75.9
16 75.98 74.05

Table 3   TNCC text classification results with varied extra Tibetan 
token counts

Extra Tibetan token 
counts

Accuracy (%) Macro-F1 (%)

0 68.3 68.3
2000 78.61 78.64
4000 77.96 77.91
6000 78.94 79.11
8000 79.8 79.77
10,000 76.98 77.05
12,000 78.72 78.73

Fig. 4   The data distribution of the Tibetan classification dataset
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in Fig. 5. The results underscore the efficacy of T-LLaMA 
in outperforming existing models in text classification tasks, 
particularly in low-resource language scenarios like Tibetan.

From the confusion matrix, we observe notable preci-
sion and recall values for specific classes. For instance, 
Class Politics (0) demonstrates a precision of 82.27% and 
a recall of 80.29%. Despite having the largest sample size 
in the dataset, Politics (0) does not exhibit the lowest per-
formance among all categories. Conversely, classes Eco-
nomics (1) and Tourism show precision of 67.96% and 
66.67%, respectively, making them influential categories 
in evaluating model performance. This is attributed to 
sample imbalance, as evident from the data distribution in 
Fig. 4. Misclassifications for class Economics (1) are pri-
marily directed towards Politics (0), potentially stemming 
from the close ties between politics and the economy, as 
political news often includes elements of economic data.

According to these experiments, T-LLaMA exhibits 
strong performance in low-resource Tibetan text clas-
sification tasks, particularly on the TNCC dataset. The 
model’s effectiveness, especially with optimized set-
tings, highlights its potential for addressing challenges in 

resource-constrained language scenarios. The successful 
use of LoRA technology underscores its practical utility. 
Opportunities for improvement include addressing data 
imbalances and further exploration of fine-tuning strat-
egies. Looking forward, T-LLaMA shows promise for 
applications in low-resource language contexts, with ongo-
ing opportunities for model refinement and enhancement.

 News text generation

The ability of LLM to generate text on specific topics is 
a crucial aspect for various applications such as content 
creation and automated writing. In this study, we sought 
to further validate the effectiveness of T-LLaMA by con-
ducting experiments on news text generation based on news 
titles. We established a news text generation corpus using 
our extensive proprietary news dataset, consisting of a bil-
lion Tibetan characters. Filtering out shorter news articles 
(less than 1024 characters), we retained 80% of the dataset, 
utilizing the titles as inputs and the corresponding contents 
as outputs.

In our experiment, we explored two types of prompts 
inspired by the structure of Stanford Alpaca for prompt tun-
ing using LoRA. The first prompt featured an instruction 
section describing the task, with the title and content as input 
and output, respectively (Fig. 6a). The second prompt took 
a different approach, utilizing the title as a direct instruction 
and the content as the output, with null input (Fig. 6b). And 
both prompts underwent prompt tuning with LoRA, proving 
effective in this task.

Table 4   Train parameters of text classification tasks

Parameters Value

LoRA rank of T-LLaMA 8
Max sequence length 512, 1024, 1536
Rank 2
lora_alpha 32
Num of epochs 20
Learning rate 1e-4
Batch size per device 1

Table 5   Text classification results of TNCC, r means the rank of 
T-LLaMA and msl means the max sequence length of input text

Models Accuracy (%) Macro-F1 (%)

Transformers 28.63 28.79
CNN(syllable) 61.51 57.34
TextCNN 61.71 61.53
DPCNN 62.91 61.17
TextRCNN 63.67 62.81
BERT-base-Tibetan – 51
CINO-base 73.1 70
CINO-large 76.3 73.7
TiKEM 74.46 72.61
T-LLaMA r = 8, msl = 512 77.17 75.90
T-LLaMA r = 8, msl = 1024 79.02 77.35
T-LLaMA r = 8, msl = 1536 79.8 79.77

Fig. 5   The confusion matrix of the text classification task of the 
model with r = 8 and msl = 1536. The numerical labels ranging from 
0 to 11 correspond to specific categories: Politics, Economics, Edu-
cation, Tourism, Environment, Language, Literature, Religion, Arts, 
Medicine, Customs, and Instruments
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Considering that the primary beneficiaries of our devel-
oped Tibetan language model are users with constrained 
computational resources, we recognized the necessity of 
model quantization during the validation phase. Quanti-
zation refers to the process of reducing the bit precision 
of model parameters to minimize storage requirements 
and computational overhead. By quantizing the model to 
lower bit precision, we can enhance inference efficiency on 
resource-constrained systems. This becomes particularly 
crucial in scenarios where resources are limited, such as 
when conducting inference on low-performance GPUs or 
CPUs. Thus the model's performance was evaluated after 
quantization using llama.cpp [39]. We randomly selected 

500 news headlines from the test dataset and generated cor-
responding news content for manual evaluation using the 
second prompt.

The manual evaluation revealed that the model exhib-
ited minimal grammatical errors and demonstrated strong 
alignment between the generated content and the headlines. 
Table 6 showcases two sets of samples with closely matched 
generated content and headlines. Conversely, Table 7 pre-
sents two sets with poorer alignment. Out of the 500 sam-
ples, 51 were generated as empty lines. Almost all remaining 
data exhibited correct grammar, with only one exception. 
Despite the labor-intensive nature of manual evaluation, it 
remains the most accurate assessment method. In terms of 
content relevance, 81% of the samples closely matched the 

Fig. 6   The two different 
prompts we used in our experi-
ments

Table 6   The generated content exhibits a strong alignment with the headline
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keywords in the headlines. Among the remaining 19%, 10% 
contained empty lines, while the other 9% did not closely 
align with the headline keywords. These results underscore 
the proficiency of T-LLaMA in generating news text, show-
casing its capabilities beyond classification tasks.

 Text summarization

Text summarization plays a pivotal role in NLP by address-
ing the need for efficient information extraction and compre-
hension. In the vast sea of textual data available, summari-
zation techniques enable the distillation of key information, 
facilitating quicker and more effective understanding. This 
is particularly crucial in scenarios where the volume of text 
is overwhelming, such as news articles, research papers, and 
lengthy documents.

The dataset employed in this experiment comprises 
35,381 samples, each consisting of a lengthy text and 1–3 
corresponding summaries. To adapt this dataset for prompt 
learning, samples containing multiple summaries were split 
into individual instances. Utilizing the prompt structure 
depicted in Fig. 7, a total of 92,906 samples were generated. 

Half of these were selected as the training set. The hyper-
parameters of this task is set as shown in Table 8 and the 
training duration for this task was approximately 40 min on 
8 A100 GPUs.

Table 7   The generated content does not have a strong match with the headline

Fig. 7   The prompt we used in 
our text summarization experi-
ments

Table 8   Train parameters of 
text summarization tasks

Parameters Value

Max sequence length 1024
Rank 16
lora_alpha 128
Num of epochs 1
Learning rate 1e-5
Batch size per device 8

Table 9   ROUGE Scores

Metric F1 Recall Precision

ROUGE-1 53.26 42.25 72.0
ROUGE-2 15.89 12.60 21.49
ROUGE-L 24.54 19.47 33.18
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To validate the effectiveness of our model, we employed 
the Recall-Oriented Understudy for Gisting Evaluation 
(ROUGE) metrics for the evaluation of text summarization 
task [40]. ROUGE constitutes a set of automatic evaluation 
metrics designed to gauge the quality of text summaries, 
with a primary emphasis on word overlap between the gen-
erated summary and the reference summary. The various 
sub-metrics within ROUGE include ROUGE-1 (single-
word overlap), ROUGE-2 (bigram overlap), and ROUGE-L 
(length of the longest common subsequence). The results 
of the evaluation on a subset of 500 samples from the test 
set are presented in Table 9. Table 10 illustrates a case of 
our model performing text summarization. The prelimi-
nary results of our experiments indicate that our model has 
achieved satisfactory performance in this task.

 Conclusion

In this study, we presented T-LLaMA, a large language 
model fine-tuned for Tibetan language processing, with a 
focus on text classification, news text generation and text 
summarization. The experiments conducted on the TNCC 
showcased TLLaMA’s robust performance in text classifica-
tion, surpassing existing models with an accuracy of up to 
79.8%. Moreover, T-LLaMA demonstrated its proficiency 
in news text generation, leveraging a proprietary dataset and 
two distinct prompts for prompt tuning with LoRA. Manual 
evaluations of the generated content revealed minimal gram-
matical errors and a strong alignment with news headlines. 
And we have also achieved satisfactory results in the text 
summarization task.

The incorporation of LoRA technology proved instru-
mental in fine-tuning T-LLaMA, enabling effective training 

in resource-constrained environments. The model’s excep-
tional performance highlights the significant potential of 
large language models in advancing natural language pro-
cessing tasks for minority languages. Although we have 
achieved good results in several downstream tasks using 
large language models, there is currently a lack of specific 
evaluation methods for Tibetan natural language processing 
in comparison to the established evaluation approaches for 
mainstream large language models.

Looking ahead, our focus is on constructing datasets 
that cover a wider array of downstream tasks, allowing 
the model to demonstrate its effectiveness across various 
Tibetan natural language processing challenges. Addition-
ally, there are promising directions for future research, 
including delving into hyperparameter tuning, enhancing 
model interpretability, and exploring applications in addi-
tional low-resource language tasks. T-LLaMA’s notable 
achievements in text classification, news text generation, 
and text summarization position it as a valuable asset for 
the advancement of Tibetan NLP. Furthermore, its con-
tributions extend to the broader landscape of other low-
resource languages, signifying its importance in driving 
progress in these linguistic domains. We anticipate that the 
release of the T-LLaMA model will significantly contrib-
ute to the advancement of the Tibetan NLP community.
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