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Accurate classification of diplomatic cables is crucial for Mission’s
evaluation and policy formulation. However, these documents often cover
multiple topics, hence a multi-label classification approach is necessary.
This research explores the application of pre-trained language models
(CahyaBERT, IndoBERT, and MBERT) for multi-label classification of
diplomatic cable executive summaries, which align with the diplomatic
representation index. The study compares full-parameter fine-tuning and
low-rank adaptation (LORA) techniques using cables from 2022-2023.
Results demonstrate that Indonesian-specific models, particularly the
INdoBERT, outperform multilingual models in classification accuracy.
While LoRA showed slightly lower performance than full fine-tuning, it
significantly reduced GPU memory usage by 48% and training time by
69.7%. These findings highlight LoRA’s potential for resource-constrained
diplomatic institutions, advancing natural language processing in diplomacy

and offering pathways for efficient, real-time multi-label classification to
enhance diplomatic mission evaluation.
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1. INTRODUCTION

Freedom of communication is guaranteed to diplomatic missions by Article 27 of the Vienna
Convention of 1961 [1]. How diplomacy works has changed since technological advancements existed [2].
Nevertheless, diplomatic cables remain an important form of communication in the world of diplomacy, even
though the communication technology being used has evolved. A cable represents diplomatic correspondence
between a foreign ministry in the home country and its diplomatic missions abroad [3]. Through these cables,
sensitive information is exchanged, an in-depth analysis of the accredited countries is reported, potential
cooperation is explored, and instructions are given from the home government. The vast amount of data
exchanged provides a rich source of information for evaluating diplomatic missions. According to Bjola, in
today’s era, data is “the new oil” [4], and a significant asset to its owner. The information gleaned from
diplomatic cables can be used to gauge a Mission’s performance. The diplomatic representation index serves
as a numerical assessment system that covers a range of performance indicators for areas including politics,
economy, protocol and consular services, socio-cultural affairs, and administration.

However, accurately classifying and indexing this wealth of information poses a significant
challenge. The complexity of diplomatic work, spanning multiple functional domains, makes manual
classification inefficient and prone to error. Accurate classification is essential not only to support the
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diplomatic representation index, which is used to evaluate the performance of diplomatic missions in
different areas but also to ensure that foreign policy decisions are based on the right information. On the
other hand, misclassification could result in incorrect evaluations of a mission’s success, misguided policy
decisions, and even pose risks to national security.

Multi-label classification is a technique in machine learning that enables assigning multiple
categories to a single instance [5]. Using this supervised learning approach [6], diplomatic documents can be
categorized into multiple topics that represent the various natures of diplomatic work. This research explores
two fine-tuning approaches in the context of multi-label classification of diplomatic cables: full parameter
fine-tuning [7], [8], and the more efficient low-rank adaptation (LoRA) [9] method. When applied to the
BERT model [10], which is known for its robust performance on a variety of natural language processing
(NLP) tasks, both methods have shown promising results. Fine-tuning is a process of adjusting a pre-trained
model’s parameters to improve its performance on a specific task, while, LoRA updates only specific
parameters, allowing the model to quickly adapt to specific tasks without requiring extensive computational
resources while achieving competitive performance results compared to full parameter fine-tuning method.

Multi-label text classification of Indonesian customer reviews using IndoBERT as an end-to-end
model improved with an accuracy of up to 19.19%, compared to using IndoBERT with CNN and XGBoost
classifier [11]. In Nabiilah et al. [12], multi-label classification of toxic comments in Indonesian social media
by using IndoBERT for feature extraction and MBERT for classification achieved optimal results with an F1
score of 0.9032. In the context of Indonesian language processing, pre-trained models such as CahyaBERT
have demonstrated promising performance across various NLP tasks, such as for name entity recognition on
hadith texts achieved impressive F1-scores of 99.63% in testing [13]. While focused on NER, this success
has inspired the application of CahyaBERT for multi-label classification tasks. LORA is used in [14] for
classifying legal documents. The results show that LoRA performs better than full parameter fine-tuning
while requiring fewer computational resources, with a rank of 32. The researcher developed a dataset called
Taiwan Legal Judgement Prediction (TWLJP) and compared the performance of LoRA against full
parameter fine-tuning methods and other models like Lawformer. Results show that LoRA achieved
comparable performance to full fine-tuning while significantly reducing computational resources and training
time, requiring only about 0.72% of the trainable parameters compared to the full model.

This article will compare cahya/bert-base/indonesian-1.5G, indolem/indobert-base-uncased, and
bert-base-multilingual-cased using full parameter fine-tuning and LoRA to classify the diplomatic cables,
into multi-labels categories, which is politics, economics, protocol and consular services, socio-cultural
affairs, and administrative matters. The dataset used is diplomatic cables sampled from 2022-2023, and only
the executive summaries sections are taken. This study will be conducted using a single NVIDIA GeForce
GTX 1080 8GB GPU to enable comprehensive evaluation trade-offs between model performance and
resource utilization, which is crucial for diplomatic institutions that have limited computational resources.
Accurately determining and assessing the categories of diplomatic cables is essential so that diplomatic
activities can align with the national foreign policy and contribute to international relations strategy.

2. METHOD

Figure 1 shows the steps for this research in general. In data collection, the executive summaries
are extracted from the document samples and annotated. The next step is data preparation, which includes
pre-processing, data splitting, and exploratory data analysis (EDA). Two different modeling techniques are
applied to the model, full-parameter fine-tuning and fine-tuning with LoRA. The final step is evaluating
both models.

( DATA COLLECTION

3 Executive N - Exploratory E—
Diplomatic . Labeling Data Pre- Split P ¥ BERT Fine-Tuning
— Summary [— ) — — Data B
Documents X . Process processing Data . with LoRA

Extraction Analysis
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BERT Example-based
Fine-Tuning Metrics

Figure 1. Steps in the proposed method
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2.1. Data collection

The dataset utilized for this study was obtained from the Ministry of Foreign Affairs of the Republic
of Indonesia, comprising 1,329 diplomatic cables collected from 130 Missions. The executive summaries of
all documents were extracted and categorized using a multi-labeling system. Table 1 displays samples of
labeled data. Each sample may be associated with multiple categories that reflect the overlapping themes
present in the executive summaries.

Table 1. Example of data labeling

No Summary Label
B-00327/Frankfurt/231124 The Indonesian Consulate General in Frankfurt held a virtual discussion economic,
with BNl London entitled “Developing Indonesian Diaspora socio-cultural

Entrepreneurship in the Consulate General's Area of Responsibility” on

November 23, 2023. The event was opened by the Indonesian Consul

General in Frankfurt and featured speakers from BNI London and BNI

Headquarters.....

B-00268/Bratislava/231227 The Indonesian Embassy in Bratislava held a community outreach event socio-cultural

in the form of a Christmas service and celebration on December 19,

2023. The event was organized in collaboration with the Indonesian

Christian Family in Slovakia (Garisindo). The event was attended by

around 100 Indonesians and members of the Indonesian diaspora in....

The dataset encompasses five categories of diplomatic functions: political, economic, socio-cultural,
protocol and consular, and administration. Each of these functions is specifically detailed in the regulation
[15]. Figure 2 illustrates the distribution of documents based on how many labels each document has, ranging
from one to five labels per document. The data reveals that single-label documents are the most prevalent,
totaling 842 documents. Documents with dual labels follow, accounting for 323 documents. The number of
documents with three labels amounted to 61 documents, with four labels reaching 78, and the least common
are documents with five labels, only 25 documents.

Documents with Multiple Labels
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800 4
700 4
600
500 4
400 4
323
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Number of Documents

Figure 2. Distribution of the number of labels in the dataset

2.2. Data preparation

In order to preserve its context [16], text pre-processing is minimized, with only removal of URLs
from the executive summary. Data splitting is a process of dividing a dataset into separate subsets to reduce
bias, prevent overfitting, and accurately evaluate the model performance on unseen data [17]. For this
research, a stratified sampling method is applied, where the population of the data is divided into different
subgroups and ensures that the final samples reflect the proportions of these subgroups [18]. This approach is
crucial for multi-label datasets, as it helps maintain the balance of label combinations across all subsets,
ensuring that each subset is representative of the overall data distribution. By applying this approach, the
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dataset is split into three subsets: 80% for the training set and the remaining 20% for the testing set, whilst
one-tenth of the training set is randomly selected for validation data [19]. However, due to the constraints of
maintaining label balance across subsets in multi-label datasets led to a modified distribution, as shown in
Table 2. Furthermore, additional EDA was performed to analyze the training data, in order to get more info
about the data pattern.

Table 2. Dataset statistic

Multi-label Dataset Datatrain  Datatest Data validation
1 label (single) 842 605 169 68
2 labels 323 232 65 26
3 labels 61 44 12 5
4 labels 78 56 16 6
5 labels 25 18 5 2

2.3. Model settings

In this research, three different NLP models were selected: two BERT-base models trained in
monolingual, namely IndoBERT [20] and CahyaBERT [13], as well as one multilingual model,
MBERT [21]. These models share the same configuration for embedding size, number of hidden layers, and
attention heads which are 768, 12, and 12, respectively. Table 3 provides a summary of the hyperparameter
configurations used in prior research to develop the pre-trained BERT that are utilized in this research.

Table 3. Hyperparameter summary of BERT models

Model Type Parameters Corpus size Vocab size
cahya/bert-base/indonesian-1.5G ~ Monolingual (Indonesian) 110 M 15G 32,000
indolem/indobert-base-uncased Monolingual (Indonesian) 110 M 220 M 31,923
bert-base-multilingual-cased Multilingual 172 M Wikipedia (104 languages) 119,547

Two prominent approaches were used for this study, which are full-parameter fine-tuning and
parameter-efficient tuning, with a particular focus on LoRA. Full-parameter fine-tuning involves updating all
parameters of a pre-trained model during the training process, allowing the model to adapt fully to the task
[22], [23]. On the other hand, LoRA aims to adapt models with minimal changes to the original parameters,
which results in high parameter efficiency [24]. It introduces trainable rank decomposition matrices to the
weights, allowing adaptations while keeping most of the original model frozen [9]. Table 4 outlines the
hyperparameters used during the fine-tuning process, and Table 5 detailing the hyperparameters specific to
LoRA-based tuning. All experiments were conducted using an NVIDIA GeForce GTX 1080 8GB GPU.

Table 4. Hyperparameter settings for full-parameter fine-tuning
Hyperparameter Value

Learning rate le-5
Epoch 30
Batch size 16
Warmup ratio 0.1
LR scheduler type  Linear
Dropout rate 0.3
Weight decay 0.01
Patience 3

Table 5. Hyperparameter settings for LORA

Hyperparameter Value

Learning rate 3e-5
Epoch 30
Batch size 4
Warmup ratio 0.1
LR scheduler type  Cosine
Dropout rate 0.3
Weight decay 0.01
Patience 3
Rank 16
Alpha 32

Target modules Q. KV
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2.4. Evaluation method

In this study, the evaluation metrics used to measure the performance of the multi-label
classification task are hamming loss and subset accuracy [6]. Hamming loss evaluates whether each label of
each sample is predicted correctly. A lower hamming loss value indicates that the model is more accurate in
predicting each label. Subset accuracy evaluates whether the entire set of labels for a given sample is
predicted exactly correctly. The higher the subset accuracy value, the better the performance of the model.

3. RESULTS AND DISCUSSION

To determine the optimal token length, a tokenizer from each pre-trained model is used to calculate
the distribution of token lengths in the dataset. Table 6 shows the distribution of token counts for each model,
where the majority of samples have token lengths under 512, except for MBERT, where only 0.6% of the
data are outliers. Therefore, 512 is used as the maximum token length. By maximizing, token lengths helps to
capture the essential context of the data, enabling a richer understanding of the text.

Table 6. Distribution of token counts

Model MinToken  MaxToken % of entries <=512
cahya/bert-base/indonesian-1.5G 13 437 100
indolem/indobert-base-uncased 14 442 100
bert-base-multilingual-cased 16 568 99.4

Additional EDA was performed to analyze the training data, revealing that it remains imbalanced.
To address this uneven distribution, two complementary approaches were applied: data augmentation and
random undersampling (RUS). Data augmentation is a technique that increases the amount and diversity of
data by modifying existing examples or creating a new one [25]. One common data augmentation method is
back translation [26]-[28]. In this study, back translation is used where the original Indonesian text is
translated to English, and then converted back to Indonesian. This process is carried out using the Translator
class from the googletrans library. A ratio threshold is introduced to ensure the augmentation does not
disproportionately increase synthetic data, helping to maintain a balanced dataset. To further balance the
data, RUS were implemented. RUS is a method for handling imbalanced data by randomly removing samples
from the majority class [29]-[31].

As shown in Figure 3, the process of back translation and RUS has significantly altered the
distribution of label combinations in the training data. The most notable changes are observed in single and
double label combinations. The original data of 955 samples has been expanded to 1,655 samples, an
increase of 73.3%. The least frequent data category containing 5 labels also doubled in quantity.

Document with Multiple Labels: Original vs Balanced

Original
1000 955 g
- Balanced
5 800
3 605
2 600
S 464
5
e
E 400
z 232
200 112
ag B8 56 18 36
0
1 2 3 4 5
Number of Labels

Figure 3. Data training with multiple labels: original vs balanced
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Figure 4 shows the hamming loss metrics across various epochs. In the full-parameter fine-tuning,
as shown in Figure 4(a), INdoBERT achieves the lowest hamming loss value compared to CahyaBERT and
MBERT. While in Figure 4(b), the hamming loss value for LoRA-based tuning demonstrates that LoRA-
INndoBERT consistently maintains the lowest loss. Figure 5 compares subset accuracy. The full-parameter
fine-tuning in Figure 5(a) IndoBERT starts with the lowest accuracy but surpasses other models by epoch 8.
The LoRA-based tuning graph in Figure 5(b) reveals a longer training period, with LORA-IndoBERT
demonstrating the highest final accuracy.

Hamming Loss Hamming Loss
NBERT — cahyaBERT ul - LORA-cahyaBERT LORA-indoBERT

epoch ) epoch

1 2 3 4 5 6 7 8 5 10 15 20

(@) (b)

Figure 4. Hamming loss for (a) full-parameter fine-tuning and (b) LoRA-based tuning
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Figure 5. Subset accuracy for (a) full-parameter fine-tuning and (b) LoRA-based tuning

The experiment as illustrated in Table 7, shows that among the full fine-tuned models, IndoBERT
achieves the lowest hamming loss of 0.0831 and shares the same highest value for subset accuracy of 0.6779
with CahyaBERT. This suggests that Indonesian-specific pre-trained models are particularly effective for this
task. Interestingly, the implementation of LoRA method shows a slight decrease in the performance of all
models. For instance, LORA-INdoBERT has a higher hamming loss (0.0914) and lower subset accuracy
(0.6517) compared to its full fine-tuned model. The MBERT, while competitive, consistently underperforms
compared to Indonesian-specific models, highlighting the importance of a language-specific model for this task.

As shown in Table 7, there is a slight performance gap between LoRA and the full fine-tuned
model. This difference can be attributed to architectural differences in parameter updating, where full fine-
tuning modifies all components of the models, while LoRA only updates parameters in the self-attention
layer through LoRA. As reported in Table 8, LoRA only trains about 0.78% of total parameters in
CahyaBERT and indoBERT, and 0.49% in mBERT. In the multi-label context, where the data often contain
overlapping topics, LoORA’s limited parameter space particularly affects its ability to capture complex topic
interdependencies between 5 different labels. This architectural constraint becomes evident in our results
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where LoRA requires more epochs to achieve optimal performance compared to full fine-tuning, as a trade-
off between parameter efficiency and model adaptability.

Table 7. Evaluation results on testing data

Model Hamming loss  Subset accuracy
cahya/bert-base/indonesian-1.5G 0.0869 0.6779
indolem/indobert-base-uncased 0.0831 0.6779
bert-base-multilingual-cased 0.0974 0.6517
cahya/bert-base/indonesian-1.5G + LoRA 0.1019 0.6255
indolem/indobert-base-uncased + LoRA 0.0914 0.6517
bert-base-multilingual-cased + LoRA 0.1004 0.6217

Table 8. Trainable parameters

Model Total parameter  LoRA trainable parameter  Trainable (%)
cahya/bert-base/indonesian-1.5G 113.873.674 888.581 0.7803
indolem/indobert-base-uncased 113.814.538 888.581 0.7807
bert-base-multilingual-cased 181.109.770 888.581 0.4906

While LoRA achieves slightly lower performance metrics, Figure 6 shows that LoRA-IndoBERT
only uses 52% of GPU memory and training duration completed in under 45 minutes, which is a 69.7%
reduction in time compared to full fine-tuning. This efficiency makes LORA an attractive option for
institutions with limited computational resources, as it can effectively run on consumer-grade GPUs. Future
improvements could focus on optimizing LoRA’s architecture specifically for multi-label classification tasks,
such as developing mechanisms to better capture label relationships or exploring selective parameter
adaptation in other layers while preserving its core efficiency benefits.

Process GPU Memory Allocated (%)
LORA-indoBERT
100

80

60

Time (minutes)

20 40 60 80 100 120 140

Figure 6. GPU memory utilization

4. CONCLUSION

This study has successfully demonstrated the effectiveness of utilizing pre-trained language models,
especially CahyaBERT, IndoBERT, and MBERT, with full-parameter fine-tuning and LoRA-based tuning
techniques for multi-label classification of diplomatic cables. This research finds that the Indonesian-specific
model, particularly IndoBERT, outperforms the multilingual model in accurately categorizing diplomatic
cables into politics, economics, protocol and consular services, socio-cultural affairs, and administrative
matters. LORA demonstrated significant advantages in GPU memory consumption by 48% and training time
by 69.7% compared to full fine-tuning. However, by focusing LoRA adaptation on the self-attention layer,
the study revealed several challenges, where the model’s ability to capture complex relationships between
labels was slightly compromised. LoRA showed a small drop in performance metrics compared to the full
fine-tuning method, by 3.87% lower in subset accuracy and 9.99% higher in hamming loss. Future research
could explore optimizing LoRA’s application across different model layers or exploring hybrid find-tuning
approaches that can better preserve semantic complexity. Ultimately, this experiment shows that LORA is a
promising approach for diplomatic institutions with limited computational resources, bridging the gap
between model performance and computational efficiency.
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