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Abstract: Text classification in low-resource languages like Khmer remains challenging due to linguistic complexity, limited
annotated data, and noise from real-world applications. This study addresses these challenges by systematically comparing
text embedding techniques for Khmer news classification. We evaluate traditional methods (TF-IDF with SVM) against
state-of-the-art multilingual transformers (XLM-RoBERTa, LaBSE) using a self-collected dataset of 7,344 Khmer news
articles across six categories—politics, economics, entertainment, sports, technology, and life. The dataset intentionally
retains noise (e.g., mixed-language text, unstructured formatting) to reflect practical scenarios. To address Khmer’s lack of
word boundaries, we employ word segmentation via khmer-nltk for traditional models, while transformer models leverage
their inherent subword tokenization. Experiments reveal that transformer-based embeddings achieve superior performance,
with XLM-RoBERTa and LaBSE attaining F1 scores of 94.2% and 94.3%, respectively, outperforming TF-IDF (93.3%).
However, the “life” category proves challenging across all models (F1: 85.5-88.1%), likely due to semantic overlap with
other categories. Our findings underscore the effectiveness of transformer architectures in capturing contextual nuances for
low-resource languages, even with noisy data. This work offers insights for NLP researchers and practitioners, emphasising
the need for domain-specific adaptations and expanded datasets to improve performance in underrepresented languages.
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I. INTRODUCTION narios. However, they fall short when dealing with complex
linguistic structures and contextual nuances, especially in
morphologically rich or low-resource languages [7] like
Khmer. The rise of deep learning has transformed NLP,
with models like BERT [8]] and GPT [9] achieving state-
of-the-art classification accuracy [10] by leveraging self-
attention mechanisms to capture word context and seman-
tics.

Text classification has become an essential task [, [2]] in
natural language processing (NLP), enabling the automatic
organization of text data into predefined categories. As
unstructured data continues to grow exponentially [3] across
diverse platforms, such as social media, news websites,
and customer feedback systems, the need for efficient and
accurate text classification techniques is more critical than

I. . L I
eve These improvements primarily benefit widely used lan-

Khmer news classification plays a crucial role in applica- guages with large datasets and pre-trained models, whereas
tions such as misinformation detection, news recommenda-  |ow-resource languages like Khmer remain underrepre-

tion systems, and digital archiving, yet remains challenging  gepted in NLP research [1T]. Unlike prior studies that
due to the language’s unique structure and the scarcity of  focused solely on either traditional machine learning models
annotated data. or deep-learning architectures, this study systematically

Traditional approaches, such as Term Frequency-Inverse evaluates a diverse range of embeddings TF-IDF, XLM-
Document Frequency (TF-IDF) [4] paired with classifiers RoBERTa, and LaBSE on a noisy, real-world Khmer news
such as SVM [5] or Logistic Regression [6], have laid dataset. Additionally, we investigate how noise and mixed-
the groundwork for text classification. These models offer ~ language text impact classification performance, providing
interpretability and reasonable performance in various sce- insights for future Khmer NLP research.
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The remainder of this paper is organized as follows. Sec-
tion II reviews related work on text classification, with an
emphasis on Khmer text classification. Section III outlines
the methodology, detailing each embedding technique and
classification model used in the study. Section IV describes
the dataset and the preprocessing steps undertaken to pre-
pare the Khmer news articles for classification. Section
V presents the experimental setup and evaluation metrics
used to assess model performance. Section VI reports the
experimental results, and the discussion provides an in-
depth analysis of model performance and the implications
of our findings, highlighting the strengths and limitations
of each approach. Finally, Section VII concludes the paper
and suggests potential avenues for future research.

II. RELATED WORK

Text classification has been extensively studied in natural
language processing (NLP), with a broad spectrum of meth-
ods ranging from traditional machine learning algorithms
to more advanced deep learning approaches. Classical tech-
niques such as SVM, Decision Trees [12], and Naive Bayes
[13} [14] have demonstrated effectiveness in various text
classification tasks, leveraging simple yet powerful feature
extraction methods like TF-IDF.

The emergence of deep learning has revolutionized text
classification, with architectures like Deep Neural Networks
[[15] (DNNs), Recurrent Neural Networks [16]] (RNNs), and
pre-trained models such as BERT [17] becoming state-of-
the-art solutions. These models are better at understanding
context and semantics by leveraging large-scale pre-training
and the power of word embeddings. As a result, they have
set new benchmarks [[18, [19] across numerous NLP tasks
in high-resource languages.

However, significant challenges remain for low-resource
languages like Khmer, where research and resources are
limited. Existing studies [L1} |20] on Khmer text classifica-
tion have often emphasized language-specific challenges,
such as the absence of spaces between words, complex
morphological structures, and a lack of annotated data.
To improve model performance, some approaches have
focused on effective preprocessing techniques, including
word segmentation [21] and noise reduction.

A notable study by [22] introduced a dataset of 15,205
Khmer news articles collected from three sources, cov-
ering six categories. The authors preprocessed the data
by removing special characters, numbers, punctuation, and
non-Khmer characters, and by applying word segmentation
tailored to the Khmer language. They evaluated DNNs,
RNNs with attention mechanisms, and FastText for classifi-
cation. Their findings revealed that FastText outperformed
the other models, achieving an accuracy of 93.81%, thereby
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highlighting the effectiveness of FastText’s subword-level
embeddings for Khmer text classification.

In a study on Khmer text classification by [L1], the
author developed a pipeline for multi-class and multi-label
tasks using an in-house word segmenter and a dataset
from local news sources. The research compared SVM
with TF-IDF to deep learning models, such as CNNs
and RNNs, with FastText embeddings. Neural network
models consistently outperformed the baseline SVM+TF-
IDF, with RNNs achieving the best performance across
metrics, demonstrating the effectiveness of deep learning
for Khmer text classification.

Another study [23] investigated the use of SVM with TF-
IDF and Delta TF-IDF [24] as feature extraction methods
for Khmer text classification. The results showed that SVM
achieved accuracies of 83.47% and 83.40%, respectively,
using these feature extraction techniques. This research
underscores the impact of practical feature engineering,
such as TF-IDF, in improving the performance of traditional
models for Khmer text.

Even with these advancements, a gap remains in under-
standing how modern multilingual transformers and robust
embeddings perform on noisy, mixed-language Khmer data.
Our work aims to fill this gap by evaluating a range of
techniques, from classical methods like TF-IDF to state-
of-the-art embeddings such as XLM-RoBERTa [25] and
LaBSE [26], using a self-collected, noise-prone dataset.
This investigation will provide new insights into the robust-
ness and applicability of various text classification models
for low-resource languages in real-world scenarios.

III. METHODOLOGY

In this section, we describe the models selected for text
classification, focusing on their unique features and their
application to the classification of Khmer text data.

1. TF-IDF

Term Frequency Inverse Document Frequency (TF-IDF)
[4] is a statistical method used to assess the importance
of words within a document relative to a corpus. Term
Frequency (TF) measures the frequency of a word in a doc-
ument, while Inverse Document Frequency (IDF) evaluates
how rare or common the word is across the entire document
set. Multiplying these values yields a score that highlights
significant words while down-weighting common but less
informative ones.

tfidf.a = tfr,a X idf:

tfr.a =logo(cout(t,d) + 1)
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Figure 1. Overall pipeline for text classification with different feature extraction and word embedding techniques.
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We chose TF-IDF because it provides a balance between
corpus-wide relevance and word specificity, which makes
it optimal for text classification in morphologically compli-
cated languages like Khmer. After segmentation, TF-IDF
maintains linguistically significant features while reducing
noise from common words by highlighting terms that are
common in individual documents but uncommon through-
out the corpus. For this study, we use TF-IDF to convert
the textual content into a sparse matrix representation.
This matrix is input to a Support Vector Machine (SVM)
classifier. Given the morphological complexity and lack of
spaces between words in Khmer text, we employ khmer—
nltk ['| to perform word segmentation, inserting spaces
between words before vectorizing them with TF-IDF. Word
segmentation is the foundational task for enhancing the
performance of the TF-IDF representation for Khmer text.

2. XLM-RoBERTa

XLM-RoBERTa introduced in [25] is a multi-lingual
model that builds upon BERT [8] and RoBERTa [27]
which provides a powerful contextualize embedding over
100 languages including Khmer. Unlike BERT that utilize
transformer encoder architecture [28] to train on the bidirec-
tional encoding approach producing a richer contextualize
word representation, XLM-RoBERTa adopted RoBERTa’s
optical approach over BERT by removing Next sentence
Prediction (NSP) and applying dynamic masking techniques
for better model learning.

Since BERT and RoBERTa are monolingual models
trained primarily for English, XLM-RoBERTa is specifi-
cally trained for multiple languages using a massive dataset
from Common Crawl E] and Wikipedia, containing approx-
imately 30 million Khmer tokens. This enables it to learn
effective representations for Khmer text through powerful
transfer learning techniques.

Thttps://github.com/VietHoang1512/khmer-nltk
Zhttps://commoncrawl.org
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3. LaBSE

LaBSE (Language-Agnostic BERT Sentence Embed-
ding) [26] is a multilingual sentence embedding model
developed by Google, designed to provide high-quality em-
beddings in over 100 languages, including Khmer. Unlike
XLM-RoBERTa, which is effective for cross-lingual rep-
resentation by training with a huge cross-language corpus,
LaBSE is designed to utilise BERT effective method for
learning monolingual embedding to cross-lingual represen-
tations with different approaches by investigating a com-
bination of the best method for learning monolingual and
cross-lingual representation together with techniques such
as masked language modeling (MLM), translation language
modeling (TLM) [29], dual encoder translation ranking
[30]. By utilizing dual encoder translation approach, it
is given the advantage to the low resource language like
Khmer to learn and gain benefits from weight sharing and
transfers learning process from rich resource language like
English and French, as the model is trained on the parallel
corpus aligning both language for each encoder.

Due to its language-agnostic architecture, it is partic-
ularly effective for cross-lingual applications and low-
resource languages. We can utilise LaBSE to transform each
piece of text into a fixed-length vector that captures the
semantic meaning of the content in our work.

IV. DATASET

The dataset includes 7,344 Khmer news articles with
3,448,153 tokens, compiled from various publicly acces-
sible Cambodian news websites. We used automated web
scraping and manual filtering to ensure a balanced selection
while removing duplicates and irrelevant content. Each
article includes two key features: the content of the news
article and its corresponding label defined by its authors,
which indicates the news category. The data is divided into
six categories: entertainment (13.6%), economic (16.6%),
political (29.1%), sport (13.6%), technology (13.6%) and
life (13.6%). These categories were chosen as they repre-
sent the most frequently occurring topics in Khmer news
media, ensuring a balanced dataset for classification. They



align with existing news categorisation frameworks in other
languages, allowing for meaningful cross-linguistic compar-
isons. Table [l illustrates the distribution of these categories,
showing that political news is the most frequent than other
type of news.

Table I
THE DISTRIBUTION OF THE 6 CATEGORIES IN THE
DATASET COLLECTED FROM KHMER NEWS WEBSITES.

Label Number of Number of Token per
Article Token Article
Politic 2,136 1,018,294 476.73
Economic 1,216 798,066 656.30
Entertainment | 1,000 386,944 386.94
Life 998 463,089 464.02
Sport 996 316,771 318.04
Technology 998 464,989 465.92
Total 7,344 3,439,078 468.28

To ensure data quality while maintaining real-world char-
acteristics, we applied preprocessing steps such as removing
HTML tags, URLSs, and redundant special characters. How-
ever, to better reflect real-world Khmer text classification
challenges, we retained elements typically considered noise,
such as punctuation marks, mixed English and Khmer
words, and unstructured text patterns. While irrelevant web
elements were removed, meaningful content features were
preserved to ensure model robustness and evaluate the
impact of noisy data on classification performance.

By incorporating this level of noise and mixed language
content, we aim to assess how well the models can handle
linguistic diversity and unclean data, contributing to our
understanding of model performance in less controlled
environments.

V. EXPERIMENT

1. Experimental Setup

In our experiment, we utilized Google Colab Note-
book, which offers an NVIDIA T4x2 GPU and 16 GB
of RAM. The notebook was set up with Python 3.10,
and we employed the HuggingFace transformers library
for model implementation. A 70-10-20 split was chosen to
balance training data availability with model generalisation,
ensuring a reliable validation and testing process. The 10%
validation set monitors overfitting during fine-tuning, while
the 20% test set provides a solid final evaluation. Some
NLP papers justify an 80-10-10 split to provide more
training data, whereas deep learning models sometimes
use a 90-5-5 split to maximise training while relying on
minimal validation. However, given our dataset size and the
need for a reliable test evaluation, we found the 70-10-20
ratio to be the most effective balance for this study.
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Different models were trained with the following config-
uration:

o« XLM-RoBERTa and LaBSE: These models were
fine-tuned with the learning rate of 2 X 1073, over 5
epochs, with a batch size of 8, and optimized using
the AdamW [31] optimizer with a categorical cross-
entropy loss function.

o TF-IDF + SVM: We limited TF-IDF to 10,000 fea-
tures to prevent excessive dimensionality while retain-
ing key informative terms. This threshold was selected
based on empirical testing, balancing feature richness
and computational efficiency. For the SVM classifier,
we retained scikit-learn’s default parameters (C=1.0,
kernel="rbf’, gamma=’scale’) to better handle high-
dimensional sparse text data.

While both models were fine-tuned with the same hyper-
parameters (batch size = 8, learning rate = 2% 1079), XLM-
RoBERTa was trained with a maximum sequence length of
512 tokens. In contrast, LaBSE leveraged a fixed sentence
embedding size of 768 dimensions, as it is optimized for
sentence-level representation.

2. Evaluation Metrics

To assess the performance of the models, we used
three standard evaluation metrics: Precision, Recall, and F1
Score. These metrics are commonly used in classification
tasks to assess the accuracy and reliability of predictions.
The formulas and definitions for each metric are provided
below.

« Precision: Precision measures the proportion of true
positive predictions (TP) to the total number of posi-
tive predictions (TP + FP), where FP represents false
positives. Precision can be defined as:

TP

TP+ FP @

o Recall: Recall, also known as the sensitivity or true
positive rate, measures the ability of the model to
identify all relevant instances. It is defined as the ratio
of true positives to the sum of true positives and false
negatives (FN):

Precision =

TP
TP+ FN )
o F1 Score: The F1 score is the harmonic mean of
Precision and Recall, providing a single measure that
balances the trade-offs between them. It is particularly
useful in scenarios where the dataset is imbalanced,
as it takes into account both false positives and false
negatives. The F1 score is computed as:

Recall =

Fl=2x Precision X Recall

6)

Precision + Recall
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These evaluation metrics allow us to assess model ef-
fectiveness across different Khmer news categories. The
following section presents our experimental results and
discusses key observations from the model performance.

VI. RESULTS AND DISCUSSION

In this section, we present and analyse the performance
of various models applied to our self-collected Khmer
news dataset, which covers six distinct categories. Table
provides an overview of the precision, recall, and F1 scores
for each model, highlighting key trends and insights.

The close performance between LaBSE and XLM-
RoBERTa suggests that both transformer models effectively
capture semantic nuances. However, LaBSE’s sentence-
level embeddings might contribute to its higher recall by
reducing misclassifications in longer documents, whereas
XLM-RoBERT2’s token-level encoding might introduce
more fine-grained misinterpretations. The lower perfor-
mance of TF-IDF + SVM highlights its reliance on
word frequency rather than contextual meaning, leading to
weaker results in semantically overlapping categories.

1. Results Analysis

The performance metrics illustrate the performance of
different models in classifying news articles into our pre-
defined six categories, which is sharing similar results on
the testing set of the Khmer news.

TF-IDF: The TF-IDF model achieved commendable
results with a precision of 0.935, a recall of 0.932, and
an F1 score of 0.933. The simplicity of TF-IDF in con-
verting text into sparse representations allows for efficient
classification, especially in well-separated categories.

XLM-RoBERTa: XIL.M-RoBERTa produced a steady
result of 0.942 for precision, recall and the F1 score. This
high performance highlights the model’s ability to leverage
transformer-based architectures and large-scale multilingual
pre-training to understand contextual and syntactic varieties
in the data. Balanced precision and recall scores indicate
that XLM-RoBERTa is effective in identifying relevant
news categories and minimizing false negatives.

LaBSE: LaBSE achieved the close results compared
to XLM-RoBERTa with the precision of 0.942, while its
recall is slightly higher at 0.946 and the F1 score of 0.943.
LaBSE’s slightly superior performance suggests that its ar-
chitecture effectively leverages state-of-the-art multilingual
sentence embeddings, making it particularly robust in text
classification tasks.

Table [[] shows that the "life" category is the lowest
accuracy among the models, 0.855, 0.863, and 0.881 F1
score of TF-IDF, XLM-RoBERTa, and LaBSE respectively,
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due to its complex information, which is sharing similar
information with other categories. The lower F1-score for
the "life" category (85.5-88.1%) suggests that this category
overlaps significantly with others, particularly "Entertain-
ment" and "Economy." Many articles in this category
contain subjective or lifestyle-related content, making it
harder for models to distinguish clear decision boundaries.
Additionally, the shorter average document length in this
category might reduce available contextual information for
transformers.

While transformer models (XLM-RoBERTa and LaBSE)
outperformed TF-IDF + SVM in terms of Fl-score, they re-
quired significantly higher computational resources. Train-
ing time for XLM-RoBERTa and LaBSE was approximately
X times longer than TF-IDF + SVM, reflecting the cost
of fine-tuning large-scale contextual models. In real-world
applications, practitioners must balance accuracy gains with
computational feasibility when selecting models.

2. Discussion

The results indicate that transformer-based models,
XLM-RoBERTa and LaBSE, are more effective for Khmer
news classification than traditional models like TF-IDF.
This performance boost can be attributed to the trans-
former’s ability to capture contextual and semantic relation-
ships, which is crucial for accurately distinguishing between
classes. However, our dataset is limited and may not fully
showcase the advantages of transformer-based embeddings
in larger-scale applications.

While transformer models (XLM-RoBERTa and LaBSE)
outperformed TF-IDF + SVM regarding the Fl-score,
they required significantly higher computational resources.
Training time for XLM-RoBERTa and LaBSE was approx-
imately X times longer than TF-IDF + SVM, reflecting
the cost of fine-tuning large-scale contextual models. In
real-world applications, practitioners must balance accuracy
improvements with computational feasibility when selecting
models.

The TF-IDF model’s performance demonstrates that even
simple approaches can be effective when text features are
well-separated. However, it struggles to capture deeper
contextual understanding, leading to lower performance in
semantically overlapping categories.

XLM-RoBERTa and LaBSE offer similar performance
but have different strengths based on their architecture.
LaBSE focuses on sentence-level embeddings (94.6% recall
rate), making it ideal for applications like legal text clas-
sification, where minimizing false negatives is important.
XLM-RoBERTa, with its token-level processing, excels
in tasks that require detailed context, such as sentiment
analysis or misinformation detection.
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Table 11
EVALUATION RESULTS OF ALL MODELS FOR EACH NEWS CATEGORIES.
Label TF-IDF XLM-RoBERTa LaBSE
P [R[FI P [R[FI P [R[FI
Politic 0961 | 0976 | 0.968 | 0.973 | 0.980 | 0.977 | 0.984 | 0.951 | 0.967
Economic 0.932 | 0906 | 0919 | 0961 | 0.953 | 0.957 | 0922 | 0.973 | 0.947
Entertainment | 0.975 | 0.943 | 0.959 | 0.940 | 0.962 | 0.951 | 0.965 | 0.929 | 0.947
Life 0.830 | 0.886 | 0.857 | 0.885 | 0.843 | 0.863 | 0.881 | 0.881 | 0.881
Sport 0.986 | 0981 | 0983 | 0.990 | 0.986 | 0.988 | 0.972 | 0.990 | 0.980
Technology 0.931 | 0904 | 0917 | 0.907 | 0.928 | 0.917 | 0.930 | 0.952 | 0.941
Average 0.935 | 0932 | 0933 | 0942 | 0.942 | 0.942 | 0.942 | 0.946 | 0.943
However, transformer models require significantly more REFERENCES

computational resources than traditional methods, with
training taking roughly X times longer than TF-IDF +
SVM. Balancing accuracy and efficiency requires careful
examination in real-world situations. Future research should
improve these models by using methods like model prun-
ing, quantization, or knowledge distillation to train more
efficiently while maintaining classification accuracy.

VII. CONCLUSION

This study systematically evaluated Khmer news classifi-
cation models, comparing traditional TF-IDF + SVM with
advanced transformer-based embeddings (XLM-RoBERTa
and LaBSE) on a real-world dataset.

Our results demonstrate that transformer models sig-
nificantly improve classification performance by capturing
contextual relationships in Khmer text, which is crucial
for low-resource languages. However, their high computa-
tional cost poses challenges for deployment in resource-
constrained environments. While TF-IDF + SVM remains
a viable option for lightweight applications, it struggles to
capture deep semantic relationships in text.

Future research should focus on training models with
more extensive and diverse datasets to improve generalisa-
tion. Investigating lightweight transformer models such as
DistilBERT or TinyBERT could help reduce computational
costs while still delivering robust performance. Addition-
ally, exploring models like DeepSeek, which are designed
for multilingual and efficient language understanding, could
offer promising solutions for Khmer NLP. DeepSeek’s
capabilities in handling low-resource languages and its
energy-efficient architecture make it a strong candidate for
future experiments. Moreover, applying these models to
specific Khmer texts, including legal or financial docu-
ments, may enhance their practical applicability.

This study provides valuable insights for advancing
Khmer NLP, emphasising the trade-offs between model
accuracy, computational efficiency, and real-world appli-
cability.
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