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1 Introduction 
 
This configuration guide can be described as a guide that covers the setting up, 
implementation, and repeating the Extracting Rule Representations from Financial 
Regulatory Documents using Transformer Models project. It records the hardware and 
software setup, Python packages, data preparation steps, and the pipeline developed used in 
the implementation, all the way to pre-processing, evaluation and interpretability. The project 
uses transformer-based language models, mainly LegalBERT, that are fine-tuned over multi-
label classification on the EURLEX data pre-filtered to the 100 most common EuroVoc 
labels. 
 
This is done to compare transformer-based classification with a baseline of a simple rule-
based classifier when evaluating the performance in terms of precision, recall, F1 scores, 
interpretability (using SHAP and LIME) and scalability. Using this manual, other researchers 
can replicate those experiments and comprehend every phase of the pipeline and use the 
framework on other comparable classification of legal or financial documents. 
 
2 System Configuration 

2.1 Software & Coding Tools 
 
The project developed and implemented was on a hybrid environment: 

• Google Colab – for GPU-accelerated model training and interpretability analysis. 
• VS Code (local) – for preprocessing, feature engineering, and evaluation scripts. 
• Python 3.10 – used across all environments. 

 
Google Colab was selected considering the possibility to access to NVIDIA T4 GPU A 
hardware, which decreased training times significantly. Processing and debugging was 
performed in VS Code, and dependency management was performed by a Conda virtual 
environment (minimal_env). 
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2.2 Libraries Used 
 

 
Figure 1: Used Libraries / Packages 

Packages / Libraires Purpose Overview: 

• os, tqdm, joblib – File management, progress tracking, and model/data serialization. 
• numpy, pandas – Data manipulation, numerical computations, and CSV/JSON 

handling. 
• matplotlib, seaborn – Data visualisation (confusion matrices, label distributions, 

dimensionality reduction plots). 
• scikit-learn – Multi-label binarization, evaluation metrics, and dimensionality 

reduction (t-SNE). 
• umap-learn – Alternative dimensionality reduction for visualising high-dimensional 

embeddings. 
• torch – PyTorch backend for transformer training. 
• transformers – Tokenization, model loading, fine-tuning, and evaluation of 

LegalBERT and other transformer models. 
• shap, lime – Post-hoc interpretability to explain model predictions. 

 
3 Setting up the Environment 
 
In this project, the code was developed and data preprocessed locally in Visual Studio Code 
in an Anaconda environment, although model training and analysis of model interpretability 
require computationally intensive processing which was done in Google Colab on an 
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NVIDIA T4 GPU. This was a hybrid solution that gave the flexibility of local debugging and 
speed and scalability of cloud-based GPU acceleration. 
 
Google Colab is specifically well suited to resource-intensive processing like transformer 
model fine-tuning, because they provide free or low-cost access to GPU-accelerated 
hardware, without the requirement to have a high-spec locally located machine in order to 
typically run training. As we did in our case, training on the T4 GPU Ampere reduced the 
training time by up to 10x against the running on CPU.  
 
Application of the T4 GPU was in: 
 

• Hands-On Tuning of LegalBERT model 
• Executing interpretability scripts based on SHAP- and LIME-based models 

 

3.1 Local Environment Setup (VS Code + Anaconda) 
 
Step 1: Install Anaconda and Visual Studio Code. 
 
Step 2: Open a terminal in VS Code and create the Conda environment 
  
 conda create -n minimal_env python=3.10 

conda activate minimal_env 
 
Step 3: Install the required dependencies 
  
 pip install transformers datasets scikit-learn shap lime matplotlib seaborn tqdm  

joblib umap-learn 
 
Step 4: Select the fin-nlp environment in VS Code (Command Palette → Python: Select 
Interpreter) 
 

 
Figure 2: Select Interpreter 

https://www.anaconda.com/download
https://code.visualstudio.com/
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Step 5: Run preprocessing, feature engineering, and baseline scripts locally. 
 

3.2 Cloud Environment Setup (Google Colab) 
 
Step 1: Go to: Google Colab 
 
Step 2: Create a New Notebook  
 
Step 3: Navigate to Runtime → Change runtime type 
 

 
Figure 3: Change Google Colab Runtime Type 

 

Step 4: Set 

 Runtime Type: Python3 
Hardware Accelerator: CPU to T4 GPU 

Step 5: Mount Google Drive if accessing project files stored there 

! from google.colab import drive 
drive.mount('/content/drive') 

 
Step 6: Install all the required libraries and dependencies 
  
 !pip install transformers datasets scikit-learn shap lime umap-learn 
 

  

 

https://colab.google/
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4 Dataset – EURLEX57K 
 

4.1 Dataset Source 
 

 
Figure 4: HuggingFace Dataset 

 
 
Step 1: The data was collected through the Hugging Face Datasets library which uses the 
official EURLEX repository (Dataset Link) 
 

4.2 Dataset Format 
 
Each record in the raw JSON files follows this structure 
 

{ 
  "celex_id": "32014R0517", 
  "text": "full text of the legal document", 
  "labels": ["0406", "1206", "1421"] 
} 

 
Where: 

• celex_id uniquely identifies the legal act. 
• text contains the merged title and full legal text. 
• labels is a list of EuroVoc concept codes. 

 
 
 
 

https://huggingface.co/datasets/NLP-AUEB/eurlex
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4.3 Preprocessing Steps  
 

 
Figure 5. Preprocessing Workflow for EURLEX Dataset 

 
 

 
Figure 6. Sample Data Generation 

 

 
•  The major steps involved in preprocessing the text: 

1. Merged title and body fields into a single text column. 
2. Lowercased text for consistency. 
3. Removed special characters and extra spaces. 
4. Converted labels from lists of strings to binary vectors using MultiLabelBinarizer. 

 

 



 
 

7 
 

 

•  Saved / Generated Files: 

• Preprocessed CSV files: train_preprocessed.csv, 
validation_preprocessed.csv, test_preprocessed.csv 

• Binary label arrays: y_train.npy, y_validation.npy, y_test.npy 
• Label binarizer: label_binarizer.pkl 

  

4.4 Data Understanding 

 
Figure 7. Label Frequency Distribution (After filtering top 100 labels) 

  
The EURLEX dataset first consisted of more than 19,000 legal documents tagged with more 
than 4,000 EuroVoc tags. This yielded an extremely skewed distribution of labels where a 
few categories appeared extremely often whereas others ended up appearing only a few 
times. These matching biases can distort the operation of the model from the point of view of 
training and undermine the accuracy of forecasting by less frequent labels. 
 

 
Figure 8. Filtered Labelled Documents 

 
Upon filtering to the top 100 most frequent labels, the dataset was left with about 15,000 
training documents, 2,000 test documents and 2,000 validation documents. This labelling 
process allowed obtaining a more balanced representation of labels at the expense of 
maintaining a short data set that can be useful when training transformer-based models in a 
GPU-enabled computational environment. 
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5 Models & Evaluation 
 
The project will be organized in three key sections in order to compare performance of 
different transformer architectures to be used in multi-label classification of legal documents 
based on EURLEX data. 

5.1 Modelling 
 
Phase 1 – Transformer Fine-Tuning 
The top-100-label subset of the EURLEX against which transformer model such as 
LegalBERT was fine-tuned. The weights pretraining was loaded, and the last classification 
was adjusted to the multi-label output by using the sigmoid activation function. Hugging 
Face tokenizers tokenized the token texts and supported a maximum sequence length of 512 
tokens. 
 
Phase 2 – Baseline: Rule-Based Classifier 
Traditional rule-based baseline was performed with below keyword match and regular 
expression matching hurt the concepts of EuroVoc. This was used as a standard on the 
performance of the transformer models. 
 
Phase 3 – Interpretability and Error Analysis 
To explain the predictions of labels, interpretability analysis of the top-scoring transformer 
was done by using SHAP and LIME. Also, errors were executed to test the shortcomings of 
the misclassified samples, and one of these shortcomings is confusion among closely related 
EuroVoc categories. 
 

 
Figure 9. Example Results : SHAP Summaries (Phase 3) 

 

 
Figure 10. Example Results : LIME Explainations (Phase 3) 
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5.2 Model Evaluation 
 
For assessing the performance of the models, some quantitative and qualitative measures 
were combined to give a comprehensive evaluation of the models. Compared to, the 
quantitative assessment involved calculating micro-averaged F1-scores, micro-averaged 
precision, and recall, measured overall in the data, as well as on a per-label basis. The 
performances were measured using a baseline comparison of rule-based classifier and fine-
tuned transformer models. SHAP summaries plots as well as LIME were created to increase 
interpretability where the most relevant tokens related to each prediction are highlighted. 
Lastly, a confusion matrix and plot of label-wise error rates were also analysed to determine 
tendencies of misclassification and possible areas of further enhancements in the model. 
 

 
Figure 11. LegalBERT Evaluation Metrics 

 
 

 
Figure 12. Rule-Based Classifier Evaluation Metrics 
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