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Introduction 



Overview of Our Process

Text BERT Vector DB

● Chunk text by section
● Pass text into BERT (or any embeddings model)
● Store embeddings of chunked text in Vector DB
● Evaluate Vector DB with cluster quality & retrieval experiments



Our Dataset - Tax Law

● We utilize the US Code 26 (USC 26), the code describing federal taxes
○ Link: https://uscode.house.gov
○ It is subdivided into 11 subtitles



What is BERT? 



BERT 

Source: BERT: Pre-training of Deep Bidirectional Transformers for
Language Understanding https://arxiv.org/pdf/1810.04805

● BERT: Bidirectional Encoder Representations from Transformers

● A foundation model for language modeling tasks 

● Allows for only slight fine tuning to produce SOTA results

● Has a representation of language in its weights

● It is based on the transformer architecture
○ Specifically the encoder portion

Transformer Encoder

Source: Attention Is All You Need https://arxiv.org/pdf/1706.03762



How do we use BERT?

● We create vector embeddings from our chunked text

● We create a section-classifier given chunked text
○ One of the 11 subtitles in the case of the USC 26

● We fine tune BERT with the section-classification task
○ Allow the weights to vary while training the classifier

Source: Effectively Leveraging BERT for Legal Document Classification 
https://aclanthology.org/2021.nllp-1.22.pdf 



Fine Tuning 
BERT 



How do we finetune BERT?

● Classify to which portion of the law a piece of text belongs

● We do 5-Fold Cross Validated, Grid Search Hyperparameter Optimization
○ Vary learning rate, epochs, and batch size

● Evaluate on Macro F1-Score & Accuracy

● Optimal Hyperparameters:
○ USC 26: 

■ learning rate: 3e-5, batch size: 8, epochs: 4

Chunk Text BERT Classifier on 
pooled token



How do we finetune BERT?



Comparison to Pretrained BERT
1. Train a classifier for the fine tuned BERT and the pretrained BERT
2. Use identical setup, only changing whether or not we freeze the model parameters
3. Evaluate the F1 score and accuracy on the same held out test set (10% of data)

Accuracy Macro F1 Score

Pretrained BERT (USC 26) 0.8685 0.6933

Fine Tuned BERT (USC 26) 0.8873 0.7408 (~5% improvement)

Fine tuned USC 26 BERT: https://huggingface.co/chandlerNick/sentence-transformers-usc26-bert



Creating our 
Vector DBs 



What is a Vector Database?
● A database (DB) allowing storage of complex data
● Uses an ML model to create embeddings of text, images, or other more complex data types
● Stores the embeddings of the items input to the DB

Steps to Creation:

1. Pass content into embedding model
2. Store vectors (this is the DB)
3. On query, 

a. Embed the query
b. Retrieve those items most 

similar to the query

Source: https://www.kdnuggets.com/2023/06/vector-databases-important-llms.html



Which Vector Databases Do We Use?
● Four different databases

○ Fine tuned BERT & Annoy
○ Pretrained BERT & Annoy
○ Fine tuned BERT & FAISS
○ Pretrained BERT & FAISS

● Creation of each was on the order of 5 minutes.
● FAISS worked better on the USC 26



Vector DB via Langchain (USC 26)

Embedding Models

Vector Store Creation



Evaluating Our 
Vector DBs 



Embeddings Visualization (USC 26)
● We expect subtitles to contain related information that is different from other subtitles
● We see (in 2 dimensions) that the fine tuning separated the embeddings based on 

subtitle



Sample Query (USC 26)

● The fine tuning made a difference!
● The first query is a direct quote
● The second query is not directly quoting
● FT BERT is fine-tuned, CLS BERT is only pretrained



Using the Vector 
DB for RAG 



What is Retrieval Augmented Generation (RAG)?

● A way to give more context to an LLM

● Useful for private, new, or specific documents

● Can increase qualitative performance

● A form of automated prompt writing

● Commonly used in many modern NLP applications

Source: 
https://blog.stackademic.com/mastering-retrieval-augmented-generati
on-rag-architecture-unleash-the-power-of-large-language-a1d2be5f34
8c



RAG Pipeline with Langchain (USC26)
We use an edge model since the larger 
models have basically memorized the USC.



RAG Result - Pro RAG (USC26)
Query: In under 100 characters what should I know about tax on head of household?

RAG (Helpful Answer) Response: The tax on head of household is a percentage of income 
over $100,000, with deductions allowed for dependents. It's important to file correctly to 
avoid penalties.

LLM Response: In under 100 characters  what should I know about tax on head of household?  
What is the difference between a head of household and single?  How do you calculate your 
tax? [continues]

ChatGPT comparison

ChatGPT Preference: RAG



RAG Result - Pro Raw (USC26)
Query: In under 100 characters what should I know about tax on head of household?

RAG (Helpful Answer) Response: Penalties for tax evasion include assessment of taxes due 
plus interest and possible imprisonment.

LLM Response: In under 100 characters what are the penalties for tax evasion under USC 26? 
The answer is: "Penalties for tax evasion under US Code § 26 include fines, imprisonment, and 
civil penalties."

ChatGPT comparison

ChatGPT Preference: LLM



Any questions?  
Ask away! 



Thank you 


