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Atharva Sanjay Bhalilkar
Student ID: 23299371

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 Legal BERT, 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:

e Google Colab — for GPU-accelerated model training and interpretability analysis.
e VS Code (local) — for preprocessing, feature engineering, and evaluation scripts.
e 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).



2.2 Libraries Used

# Core

Utilities

import

import
import

numpy as
pandas as pd

from tqdm import tqdm

import joblib

# Visualization

import
import

matplotlib.pyplot as plt
seaborn as sns

# Machine Learning & Preprocessing

from sklearn.preprocessing import Mult

from sklearn.metrics import classifica port, fl_score, precis score, recall_score, confusion_matri
from sklearn.manifold import TSNE

import

D

# NLP & Transformers

import to

from torch.nn import BCEW
from transformers import (

|
)

# Interpretability
import
from lime.lime_text import LimeText

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/JISON
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



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:

e Hands-On Tuning of Legal BERT model
e 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)

Change kernel for notebooks/08_evaluations.ipynb® o080
@ EXPLORER « 2 metr minimal I_env (Python 3.10.1 |_env/binjpython - Currently Selected &> O
© G ERES notebo, _finnlp (Python 3.10.17) ¥ nlp/binjpython
O v dam %, Gene  Select Another Kernel ‘ariables = Outline B, minimal_env (Python 3.10.16)
features
=D Dy B uf
> il filtered - T
oo - # Core Utilities
inport
> processed o t
S ST M &
raw import pandas as
> top_100 from tqdm import
="y inport

03_filter_labels.ipynb

= 04_preproce

08_evaluations.ipynb M
09_rule_based_baseline.ipynb M
= 10_interpretability.ipynb

11_lime_explainations.ipynb M

= 12_test_evaluations.ipynb

13_error_analysis.ipynb

Interpretability
port
rom Lime. Lime_text import
final_test_metrics.csv u
label_binarizer.pkI U . e EREE
u
M
™ =
im unpy as np
()] iy ral
fro .utils.data import Dataloader, TensorDataset
fro rt AutoModelForSequenceClassification, AutoTokenizer
fro

& > TIMELINE

X Pmaint Q0var ®0AN

mport classification_report, f1_score, precision_score, recall_score

Spaces:4 ()} E3FinishSetup Cell10f8 L)

Figure 2: Select Interpreter
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https://www.anaconda.com/download
https://code.visualstudio.com/

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

Change runtime type

Runtime type

Python 3

Hardware accelerator (?)
Q cru @ TacPu () mocru () LaGPU

Q vzatru O veelTPU (O vEe1TPU

Want access to premium GPUs? Purchase additional compute units

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

Ipip install transformers datasets scikit-learn shap lime umap-learn


https://colab.google/

4 Dataset — EURLEXS7K

4.1 Dataset Source

) Hugging Face Models Datasets Spaces Community Docs Pricing = @
=] eurlex ™ O like Follow B Natural Language Proc...
¢ Text Classification multi-label-classification @ English 10K<n<100K legal-topic-classification = ccby-sa-4.0
Dataset card Files and versions Community
Downloads last month 195

B3 Dataset Viewer

The viewer is disabled because this dataset repo requires arbitrary Python code execution. Please consider
removing the loading_script and relying on automated data support (you can use convert to parquet from the

datasets library). If this is not possible, please open a discussion for direct help. 2 Edit dataset card (] Papers with Code

Dataset Card for the EUR-Lex dataset
nlp.cs.aueb.gr  nlp.cs.aueb.gr  aclweb.org

Dataset Summary
N/A llias Chalkidis

EURLEX57K can be viewed as an improved version of the dataset released by Mencia and Furnkranzand (2007),

which has been widely used in Large-scale Multi-label Text Classification (LMTC) research, but is less than half the Models trained or fine-tuned on NLP-AUEB/curlex

size of EURLEX57K (19.6k documents, 4k EUROVOC labels) and more than ten years old. EURLEX57K contains 57k
legislative documents in English from EUR-Lex (https://eur-lex.europa.eu) with an average length of 727 words. % muhtasham/bert-small-eurlex

Each document contains four major zones:

the header, which includes the title and name of the legal body enforcing the legal act;
B Spaces using NLP-AUEB/eurlex

the recitals, which are legal background references; and

the main body, usually organized in articles.

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:
e celex id uniquely identifies the legal act.
e text contains the merged title and full legal text.
e labels is a list of EuroVoc concept codes.


https://huggingface.co/datasets/NLP-AUEB/eurlex

4.3 Preprocessing Steps

EXPLORER - T 04_preprocessing.ipynb X & > O -
RESEARCHPROJECT = notebooks > = 04_preprocessing.ipynb > @ import os
€ data < Generate + Code - Markdown | [> RunAll 'O Restart = Clear All Outputs | [T Jupyter Variables i B, minimal_env (Python 3.10.16)
features
i filtered
os
pandas pd
ast

il labels

i processed
o raw

il top_100 PROJECT. 0s.path.abspath(os.path. join(os.getcwd
INPUT_DIR = os.path.join(PROJECT_ROOT, 5
OUTPUT_DIR = os.path.join(PROJECT_ROOT, 5

> i diagrams

os.makedirs(OUTPUT_DIR, exist_ok= )
= 01_download_data.ipynb
= 02_json_to_csv.ipynb clean_text(text):

— 03_filter_labels.ipynb urn text.lower().strip()

ER0STDIShrocess 1Py preprocess_dataframe(df):
05_label_binarization.ipynb df[ 1 = df[ 1.apply(clean_text)

= 06_feature_engineering.ipynb

= 07_model_train.ipynb df [ 1 = df[ 1.apply(ast.literal_eval)

08_evaluations.ipynb ——

= 09_rule_based_baseline.ipynb

< 10_interpretability.ipynb r split in [ o 5 e

= 11_lime_explainations.ipynb input_path = os.path.join(INPUT_DIR, f'{split}

= (P output_path = os.path.join(OUTPUT_DIR, f'{split}

2 13_error_analysis.ipynb _— {spUith...")

14_error_interpretation.ipynb

15_visualizations.ipynb df = pd.read_csv(input_path)

error_analysis_output.csv df = preprocess_dataframe(df)

) e s df.to_csv(output_path, index=l )

B final_t v print( {split} {output_path}")

[ label_binarizer.p

B lak

= metrics_reports.ipynb

MagicPython

Processing train...
Saved cleaned train to
Processing validation...
> M outputs Saved cleaned validation to
Processing test...
S Saved cleaned test to
OUTLINE © Generate | + Code
TIMELINE
X Jomaint S0v4r ®0AO Spaces:4 {} @FinishSetup |Cell1of1 0

@ visualize_errors.py

—+ Markdown

y_test.npy
y_train.npy
y_validation.npy

v @ processed
E) test.csv
train.csv
validation.csv

Figure 6. Sample Data Generation

e 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.



e Saved / Generated Files:

e Preprocessed CSV files: train preprocessed.csv,

validation preprocessed.csv, test preprocessed.csv
. Binary label arrays: y train.npy,y validation.npy,y test.npy
e Label binarizer: label binarizer.pkl

4.4 Data Understanding

Label Distribution (Top 100 EUROVOC Labels)

Frequency

3559
863
888
889
893
9246

Taxonomy
3870
2080
4314
4315
4316
4320
4381
4385
4663
4682
4687
4689
4692

Scientific research
European Parliament
European Union law
Food safety

3483

National law
International relations

Label Nam

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.

v wa top_100
] test_top100.csv

E] train_top100.csv
5] validation_top100.csv

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.



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.

outputs

LABEL_0 LABEL_1 LABEL_2 LABEL_3 LABEL_4 LABEL_5 LABEL_6 LABEL_7 LABEL_8 LABEL_9 LABEL_10 LABEL_11 LABEL_12 LABEL_13 LABEL_14 LABEL_15 LABEL_16 LABEL_17 LABEL_18

LABEL_19 LABEL_20 LABEL_21 LABEL_22 LABEL_23 LABEL_24 LABEL_25 LABEL_26 LABEL_27 LABEL_28 LABEL_29 LABEL_30 LABEL_31 LABEL_32 LABEL_33 LABEL_34 LABEL_35 LABEL_36

LABEL_37 LABEL_38 LABEL_39 LABEL_40 LABEL_41 LABEL_42 LABEL_43 LABEL_44 LABEL_45 LABEL_46 LABEL_47 LABEL_48 LABEL_49 LABEL_50 LABEL_51 LABEL_52 LABEL_53 LABEL,_54

LABEL_55 LABEL_56 LABEL_57 LABEL_58 LABEL_59 LABEL_60 LABEL_61 LABEL_62 LABEL_63 LABEL_64 LABEL_65 LABEL_66 LABEL_67 LABEL_68 LABEL_69 LABEL_70 LABEL_71 LABEL,_72

LABEL_73 LABEL_74 LABEL_75 LABEL_76 LABEL_77 LABEL_78 LABEL_79 LABEL_80 LABEL_81 LABEL_82 LABEL_83 LABEL_84 LABEL_85 LABEL_86 LABEL_87 LABEL_88 LABEL_89 LABEL_90
LABEL_91 LABEL_92 LABEL_93 LABEL_94 LABEL_95 LABEL_96 LABEL_97 LABEL_98 LABEL_99

base value £ agm sonPULS)

0.001 0.00129033 0.002 0.003 0.00337723 0.004

B30 efob St iy~ o i e Y el sty s i of vn Yeommon s v o comman 91 0t o il ol ALY
inputs
council regulation ( ec ) no 1400 / 1999 of 24 june 1999 fixing the target price for milk and the intervention prices for butter and skimmed - milk powder for the 1999 / 2000 milk marketing year council regulation ( ec ) no 1400
/1999 of 24 june 1999 fixing the target price for milk and the intervention prices for butter and skimmed - milk powder for the 1999 / 2000 milk marketing year the council of the european union, having regard to the treaty
i the european ity, having regard to council regulation ( eec ) no 804 / 68 of 27 june 1968 on the common organisation of the market in milk and milk products ( 1), and in particular articles 3 (4 ) and 5
thereof, having regard to the proposal from the commission ( 2 ), having regard to the opinion of the european parliament ( 3 ), having regard to the opinion of the economic and social committee (4 ), whereas : ( 1) when fixing
the common agricultural prices each year, account should be taken of the objectives of the common agricultural policy ; whereas the objectives of the common agricultural policy are in particular to secure a fair standard of
living for the agricultural community and to ensure that supplies are available and that they reach the consumers at reasonable prices ; ( 2 ) the target price for milk should bear a balanced relationship to the prices for other
agricultural products and in particular to the prices for beef and veal, and be consistent with the desired general pattern of cattle farming ; whereas it is also necessary, in fixing that price, to take account of the community's
efforts to establish a long term balance between supply and demand on the milk market, allowing for external trade in milk and milk products ; ( 3 ) the intervention prices for butter and for skimmed - milk powder are intended
to contribute to the achievement of the target price for milk ; whereas it is necessary to determine price levels in the light of the overall supply and demand situation on the community market in milk and the opportunities for
disposal of butter and skimmed - milk powder on the community and world markets, for the 1999 / 2000 milk marketing year, the target price for milk and the intervention prices for milk products shall be as follows : > table >
this regulation shall enter into force on the day of its publication in the official journal of the european communities. this regulation shall be binding in its entirety and directly applicable in all member states.

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

/usr/local/lib/python3.11/dist-packages/torch/nn/modules/module.py:1784: FutureWarning: ‘“encoder_attention_mask®' is deprecated and will be removed in version
return forward_call(*args, sxkwargs)

Prediction probabilities NOT 4860
butter Text with highlighted words
4860 -1 ec on council regulation (ec) no 1400/1999 of 24 june 1999 fixing the target price for milk and the intervention prices
2763 005 for butter and skimmed-milk powder for the 1999/2000 milk marketing year
1565 opinion| council regulation (ec) no 1400/1999
2871 Dol of 24 june 1999
oOther [N 0.66 " 003 fixing the target price for milk and the intervention prices for butter and skimmed-milk powder for the 1999/2000
[committee milk marketing year
sear 002 the council of the european union
o Imember having regard to the treaty establishing the european community,
002 having regard to council regulation (eec) no 804/68 of 27 june 1968 on the common organisation of the market in
grétlnely milk and milk products(1), and in particular articles 3(4) and 5 thereof,
off having regard to the proposal from the commission(2),
0.00) having regard to the opinion of the european parliament(3),
o
None

Saved to: /content/drive/MyDrive/researchproject/outputs/lime_explanation_sample@.html

Figure 10. Example Results : LIME Explainations (Phase 3)



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.

Metric Transformer (LegalBERT)
F1 Score (Micro) 0.7774
F1 Score (Macro 0.6993
Precision (Micro) 0.8817
Recall (Micro) 0.6951

Figure 11. LegalBERT Evaluation Metrics

Metric Score
F1 Score (Micro Avg) 0.2972
F1 Score (Macro Avg) 0.1836
Precision (Micro Avg) 0.3412
Recall (Micro Avg) 0.2703

Figure 12. Rule-Based Classifier Evaluation Metrics
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