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Section 1 – Model Development Setup 

A hybrid symbolic-neural architecture was mounted within a Python GPU-enabled 

environment (Python 3.11) through PyTorch as the deep learning framework to be used 

primarily. Some major dependencies include Hugging Face Transformers Library that will 

support our DistilBERT-based classifier, scikit-learn for preprocessing of data, TF-IDF 

Vectorizer, and Traditional Machine Learning Classifiers implementation among other uses 

Pandas and NumPy were also used for normal numerical operations with Matplotlib plus 

Seaborn undertaking the duty of showing visuals from datasets. 

The data comes from Kaggle’s Logical Reasoning Improvement Dataset. It is split into 80% 

training, 10% validation, and 10% test sets with a stratified approach so that the proportions 

of categories are kept. Preprocessing includes lowercasing, removing punctuation, 

tokenization, and minor normalization—χ² becomes “chi2”. WeightedRandomSampler, were 

used to fight the imbalance of categories representing learning equally across all classes 

 

Section 2 – Model Training and Symbolic Rule Integration 

 
TF-IDF vectorization max applied to text data used to trained Logistic Regression (rules-only 

and TF-IDF), plus DistilBERT Classifier models. They have generally emerged as the top 

performers when dealing with high-dimensional text classification challenges. 

The DistilBERT transformer was fine-tuned with max tokens set to 288, five epochs for 

training, and validation-based early stopping applied. AdamW optimiser also used with its 

learning rate warm-up then decay to further enhance convergence. Rule-based features were 

created over the templates of logic patterns that domain-symbolic knowledge typically 

expresses — probability, combinatorics, and indicators of logic puzzles — among others. 

These symbolic features are induced as separate interpretability baseline such that the model 

is enabled to statistical learning with explicit reasoning signals before making a classification 

decision. 

 

Section 3 – Evaluation and Deployment 

TF-IDF vectorization was applied to the text data. The models that were trained included 

rules-only Logistic Regression, TF-IDF + Logistic Regression, and DistilBERT. These 

models have proven to be the most effective where high dimensions are involved in text 

classification tasks. 

 

The DistilBERT transformer was fine-tuned for deep learning at max token length 288, 

trained across five epochs with early validation-based stopping, under AdamW optimiser 

accompanied by a scheduler for the learning rate (warm-up and decay). It injects symbolic 

reasoning through the generation of rule-based features that express domain-specific logic 

patterns - probability indicators, combinatorics indicators, and logic puzzle indicators. These 

symbolic features are induced as separate interpretability baseline of comparison to the 

neural model rather than being directly fused with its embeddings. 
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