
To build an AI engineering application grounded in custom data, you must understand 

three interconnected layers: the reasoning engine (LLM), the instruction set (Prompt 

Engineering), and the knowledge retrieval system (RAG). 

 

1. LLM Fundamentals (The Reasoning Engine)  

Large Language Models (LLMs) like GPT-4, Claude, or Llama serve as the core 

processor of your application. 

 Parameterized Knowledge: LLMs "know" what they were trained on (e.g., public 

internet data) up to a specific cutoff date. 

 The "Hallucination" Problem: When asked about information not in their training data 

(like your private company reports), LLMs may confidently generate false information. 

 Context Window: This is the "short-term memory" limit of an LLM. It can only process a 

certain amount of text at once for any single query.  

 

2. Prompt Engineering (The Instruction Set) 

Prompt engineering is the art of crafting precise inputs to guide the LLM's behavior 

without retraining it.  

 Dynamic Injection: In a grounded system, prompts are not static. They are 

"augmented" templates that combine a user's question with retrieved data. 

 System Instructions: You define the model's persona (e.g., "You are a helpful HR 

assistant") and constraints (e.g., "Only use the provided documents to answer"). 

 Chain-of-Thought (CoT): Encouraging the model to "think step-by-step" improves its 

ability to reason through complex custom data.  

 

 

 

 

 

 

3. Retrieval-Augmented Generation (RAG) (The Knowledge 

Bridge)  



RAG is the architectural framework that "grounds" the AI by letting it "look up" 

information in an external knowledge base before answering.  

How RAG Works (The Pipeline) 

 

1. Data Preparation (Indexing): 

1. Chunking: Breaking your large custom documents (PDFs, Excel, etc.) into smaller, 

manageable pieces. 

2. Embeddings: Using a model to convert these text chunks into numerical "vectors" that 

represent their mathematical meaning. 

3. Vector Database: Storing these vectors in a specialized database 

(like Pinecone or Weaviate) for fast searching. 

2. Retrieval Phase: 

0. When a user asks a question, the system converts that question into a vector. 

1. It performs a Semantic Search to find the most relevant chunks in your database—

even if the keywords don't match exactly. 

3. Augmentation & Generation: 

0. The system takes the user's original question + the retrieved text chunks and "bundles" 

them into a single, comprehensive prompt. 

1. The LLM reads this "open-book" context and generates a response based only on those 

facts.  

Summary Comparison 

Feature  Prompt Engineering Fine-Tuning RAG (Grounding) 

Primary Goal Direct model behavior Change model "style" or "tone" Provide new/private facts 

Data Access Static (Public) Static (Training set) Dynamic (Real-time) 

Cost Low High Medium 

Reliability Variable High for tasks High for facts 

https://www.pinecone.io/


To fine-tune Llama 3 for use with Ollama, the most efficient workflow involves using 

the Unsloth Python library to perform the training and then exporting the result to 

GGUF format for local serving. Ollama itself does not support training/fine-tuning; it is 

purely for inference and model serving.  

 

Step 1: Set Up Python Environment  

Use Unsloth for training as it is 2x faster and uses 70% less memory than standard 

methods. Install the necessary libraries: - 

 

pip install unsloth "trl<0.9.0" peft accelerate bitsandbytes 

 

Step 2: Python Fine-Tuning Code 

Load the Llama 3 model in 4-bit quantization and apply LoRA (Low-Rank Adaptation) to 

update a fraction of the parameters.  

 

from unsloth import FastLanguageModel 

import torch 

from trl import SFTTrainer 

from transformers import TrainingArguments 

from datasets import load_dataset 

 

# 1. Load Model and Tokenizer 

model, tokenizer = FastLanguageModel.from_pretrained( 

    model_name = "unsloth/llama-3-8b-bnb-4bit", 

    max_seq_length = 2048, 

    load_in_4bit = True, 

) 

 

# 2. Add LoRA Adapters 

model = FastLanguageModel.get_peft_model( 

    model, 

    r = 16, # Rank (suggested 8, 16, 32) 

    target_modules = ["q_proj", "k_proj", "v_proj", "o_proj"], 

    lora_alpha = 16, 

    lora_dropout = 0, 

) 

 



# 3. Load Dataset (Alpaca format example) 

dataset = load_dataset("json", data_files="your_dataset.jsonl", 

split="train") 

 

# 4. Initialize Trainer 

trainer = SFTTrainer( 

    model = model, 

    train_dataset = dataset, 

    dataset_text_field = "text", 

    max_seq_length = 2048, 

    args = TrainingArguments( 

        per_device_train_batch_size = 2, 

        gradient_accumulation_steps = 4, 

        max_steps = 60, # Adjust based on dataset size 

        learning_rate = 2e-4, 

        fp16 = not torch.cuda.is_bf16_supported(), 

        bf16 = torch.cuda.is_bf16_supported(), 

        output_dir = "outputs", 

    ), 

) 

trainer.train() 

 

Step 3: Export to Ollama (GGUF) 

After training, convert the model directly into a format Ollama can read.  

# Save to GGUF format for Ollama 

model.save_pretrained_gguf("model_ollama", tokenizer, quantization_method = 

"q4_k_m") 

 

 

 

 

 

 

 

 

 



Step 4: Create Ollama Model 
Once you have the .gguf  file, create a Modelfile  to define your custom model.  

1. Create a file named Modelfile : 

dockerfile 

FROM ./model_ollama.gguf 

SYSTEM "You are a specialized assistant fine-tuned for [Your Task]." 

2. Build and run the model in terminal: 

ollama create my-custom-llama3 -f Modelfile 

ollama run my-custom-llama3 

 

 

 

Note:- 

In the context of fine-tuning Llama 3, LoRA (Low-Rank Adaptation) is a technique 

used to make the training process significantly more efficient, faster, and cheaper by 

updating only a tiny fraction of the model's parameters.  

Instead of retraining the entire massive Llama 3 model (which has billions of 

parameters), LoRA "freezes" the original weights and adds small, trainable layers on top 

 

 

 

 

Fine-tuning is a transfer learning process where a pre-trained model (a "foundation 

model" like Llama 3) is further trained on a smaller, specialized dataset to adapt it for a 

specific task or domain.  

 

Think of it like hiring a chef who already knows how to cook (pre-trained model) and 

then teaching them your restaurant's specific secret recipes (fine-tuning).  

 

 

 

 



Key Concepts of Fine-Tuning 

 

 Knowledge Adaptation: It allows a general-purpose model to learn industry-specific 

jargon (e.g., medical or legal), match a brand's specific tone, or follow complex 

formatting rules (e.g., generating SQL). 

 Parameters: In "Full Fine-Tuning," all model weights are updated, which is resource-

intensive. In "Parameter-Efficient Fine-Tuning" (PEFT), only a tiny fraction of 

parameters are updated, making it much faster and cheaper. 

 LoRA & QLoRA: These are popular PEFT methods that use "low-rank" matrices to 

update weights without changing the entire base model, preserving its core knowledge 

while adding new skills.  

 

Learning Roadmap 

 

To master fine-tuning, you should follow this structured path:- 

 

1. Prerequisites 

 

 Python Proficiency: Familiarity with libraries like PyTorch or TensorFlow. 

 NLP Basics: Understand tokenization, embeddings, and how 

the Transformer architecture works. 

 Hugging Face Ecosystem: Learn to use the transformers , datasets , 

and peft  libraries, which are industry standards.  

2. Practical Skills 

 Data Preparation: Learn how to format data into JSONL or Alpaca instruction-

response pairs. 

 Training Frameworks: Experiment with tools like Unsloth for fast training or Hugging 

Face AutoTrain for a no-code/low-code entry point. 

 Evaluation: Learn to track Training vs. Validation Loss to avoid "overfitting" (where 

the model memorizes data instead of learning it). 

 



How To Fine Tune Llama3 Using Hugging Face 
And Pytroch 
To fine-tune  

Llama 3 

 using Hugging Face and PyTorch, you typically use a combination of 

the transformers , peft  (for LoRA), and trl  (for the Supervised Fine-Tuning or SFT 

Trainer) libraries.  

1. Set Up the Environment 

Install the necessary Hugging Face and PyTorch-based libraries:  

pip install -U torch transformers datasets peft trl bitsandbytes accelerate 

2. Python Fine-Tuning Script  

This script uses QLoRA (4-bit quantization with LoRA) to allow fine-tuning on a single 

consumer GPU.  

python 
import torch 

from transformers import AutoModelForCausalLM, AutoTokenizer, 

BitsAndBytesConfig, TrainingArguments 

from peft import LoraConfig, prepare_model_for_kbit_training, get_peft_model 

from trl import SFTTrainer 

from datasets import load_dataset 

 

# 1. Configuration 

model_id = "meta-llama/Meta-Llama-3-8B" 

dataset_name = "your_dataset.jsonl" 

 

# 2. Load Tokenizer & Model with 4-bit Quantization 

bnb_config = BitsAndBytesConfig( 

    load_in_4bit=True, 

    bnb_4bit_quant_type="nf4", 

    bnb_4bit_compute_dtype=torch.bfloat16 

) 

 

tokenizer = AutoTokenizer.from_pretrained(model_id) 

tokenizer.pad_token = tokenizer.eos_token 

 

model = AutoModelForCausalLM.from_pretrained( 



    model_id, 

    quantization_config=bnb_config, 

    device_map="auto" 

) 

 

# 3. Prepare for LoRA 

model = prepare_model_for_kbit_training(model) 

peft_config = LoraConfig( 

    r=16, 

    lora_alpha=32, 

    target_modules=["q_proj", "k_proj", "v_proj", "o_proj"], 

    lora_dropout=0.05, 

    bias="none", 

    task_type="CAUSAL_LM" 

) 

model = get_peft_model(model, peft_config) 

 

# 4. Load Dataset 

dataset = load_dataset("json", data_files=dataset_name, split="train") 

 

# 5. Training Arguments 

training_args = TrainingArguments( 

    output_dir="./llama3-finetuned", 

    per_device_train_batch_size=4, 

    gradient_accumulation_steps=4, 

    learning_rate=2e-4, 

    logging_steps=10, 

    max_steps=100, 

    fp16=not torch.cuda.is_bf16_supported(), 

    bf16=torch.cuda.is_bf16_supported(), 

    optim="adamw_8bit" 

) 

 

# 6. Initialize Trainer 

trainer = SFTTrainer( 

    model=model, 

    train_dataset=dataset, 

    peft_config=peft_config, 

    dataset_text_field="text", 



    max_seq_length=1024, 

    tokenizer=tokenizer, 

    args=training_args, 

) 

 

trainer.train() 

trainer.model.save_pretrained("./final_adapter") 

 

Key Components Explained 

 BitsAndBytesConfig: Enables 4-bit quantization, allowing an 8B model to fit on a GPU 

with ~10-12GB VRAM. 

 SFTTrainer: Simplifies Supervised Fine-Tuning by handling instruction formatting and 

data packing. 

 LoraConfig: Defines LoRA adapters, focusing training on specific weight matrices. 

 AdamW 8-bit: Reduces memory overhead by 75% 

 

 

 

Note:- 

To fine-tune Llama 3 using the Hugging Face SFTTrainer , the most reliable format is 

the JSONL (JSON Lines) format. Each line is a standalone JSON object containing a 

prompt and a response. 

For your computer courses website, you should use the Llama 3 Chat Template style 

( system , user , and assistant ) to ensure the model behaves correctly after training. 

dataset.jsonl  Example 

Save the following as a file named dataset.jsonl : 

json 
{"text": "<|begin_of_text|><|start_header_id|>system<|end_header_id|>\nYou 

are a helpful assistant for a computer education 

website.<|eot_id|><|start_header_id|>user<|end_header_id|>\nWhat topics are 

covered in the Python 

course?<|eot_id|><|start_header_id|>assistant<|end_header_id|>\nOur Python 

https://huggingface.co/docs/trl/sft_trainer


course covers basics like variables and loops, advanced topics like 

decorators, and practical web scraping with BeautifulSoup.<|eot_id|>"} 

{"text": "<|begin_of_text|><|start_header_id|>system<|end_header_id|>\nYou 

are a helpful assistant for a computer education 

website.<|eot_id|><|start_header_id|>user<|end_header_id|>\nDo you teach CSS 

Flexbox in the Web Design 

course?<|eot_id|><|start_header_id|>assistant<|end_header_id|>\nYes! The Web 

Design module includes a deep dive into CSS Flexbox and Grid to help you 

create responsive layouts.<|eot_id|>"} 

{"text": "<|begin_of_text|><|start_header_id|>system<|end_header_id|>\nYou 

are a h 

 

 

 

Why this format? 

1. JSONL vs JSON: JSONL is better for large datasets because it allows the trainer to 

read one line at a time rather than loading a massive 1GB list into memory. 

2. Special Tokens: Tags like <|start_header_id|>  and <|eot_id|>  are specific 

to Llama 3. Using them during fine-tuning prevents the model from "hallucinating" or 

breaking character when you use it later in Ollama. 

 


