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A single, self-contained reference that covers five pillars of modern AI model devel-

opment — from theory to practice:

1. Fine-Tuning — LLMs (SFT, LoRA/QLoRA, DPO/GRPO/RLHF, domain adaptation, instruc-
tion tuning), Vision-Language Models (frozen encoder + projection layer + LoRA LLM), and
Embedding Models (contrastive learning, triplet/InfoNCE loss, Matryoshka representations,
Sentence Transformers)

2. Quantization — GPTQ Hessian-based quantization, AWQ activation-aware scaling, QAT
straight-through estimator, GGUF /llama.cpp for CPU inference, symmetric vs asymmetric quan-
tization math

3. Evaluation — Human evaluation with inter-rater agreement (Cohen’s/Fleiss’ Kappa), rule-based
metrics (BLEU/ROUGE/METEOR/BERTScore), LLM-as-a-Judge (pointwise + pairwise with
bias mitigation), factuality decomposition, and standard benchmarks via lm-evaluation-harness
(MMLU, AIME, SWE-Bench, HarmBench)

4. Embedding Benchmarking — Private benchmark creation, multi-model embedding (Sen-
tence Transformers, Qwen3, OpenAl, Gemini, llama.cpp), ranking metrics (MRR, RecallQK,
NDCG@K) with statistical significance testing (Ranx + Fisher’s randomization test), and multi-
lingual evaluation with t-SNE visualization

5. Knowledge Distillation — Temperature scaling, dark knowledge transfer, logit-based and
feature-based distillation from large teacher models to deployable students

Spanning 20 deeply annotated sections, 6,300+ lines, 86 runnable Python code snippets, 23 diagrams,

78 tables, and 24 mathematical derivations. This is the resource that means you never need to re-

watch a lecture or piece together scattered blog posts again.

Scope note: These notes focus on single-GPU training workflows (including quantized

approaches like QLoRA that make large models trainable on a single GPU). Multi-GPU distributed

training (FSDP, DeepSpeed ZeRO, tensor/pipeline parallelism) is not covered here.

Based on the tutorials by Sunny Savita — His Complete-LLM-Finetuning repository, with 20+

notebooks and config files, is the backbone of these notes. Section 19 on embedding benchmarking is

based on Imad Saddik’s course on benchmarking embedding models on private data, with source code

on GitHub and datasets on Hugging Face. Additional content draws from Stanford CME295 (evaluation

methodology), HuggingFace cookbooks, and primary research papers.
What makes these notes different:

e 86 runnable code snippets — not pseudocode. Every concept has working Python you can copy
into a notebook: evaluation metrics, embedding generation, benchmarking pipelines, model training,
and quantization workflows

e Five model types in one document — LLMs, BERT-family models, Small Language Models,
Vision-Language Models, and Embedding Models each get dedicated sections with training and infer-
ence code

¢ Quantization covered with actual math — GPTQ Hessian, AWQ activation-aware scaling,
symmetric vs asymmetric formulas, QAT straight-through estimator, and GGUF format internals that

most resources skip entirely
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Evaluation as a first-class topic — not an afterthought. Full section with runnable code for human
evaluation (Cohen’s/Fleiss’ Kappa), rule-based metrics (BLEU/ROUGE/METEOR/BERTScore),
LLM-as-a-Judge with bias taxonomy and pairwise comparison, factuality decomposition pipeline,
standard benchmarks (MMLU, AIME, SWE-Bench, HarmBench), and end-to-end evaluation functions
per fine-tuning stage

23 diagrams covering decision flowcharts, LoRA decomposition, knowledge distillation, VLM archi-
tecture, embedding pipelines, retrieval scoring, and multilingual evaluation

Complete embedding benchmarking pipeline — text extraction, QA pair generation, multi-model
embedding, Ranx ranking evaluation with statistical significance tests, and multilingual evaluation with
t-SNE visualization

Six fine-tuning frameworks compared — HuggingFace, LLaMA Factory, Unsloth, Axolotl, OpenAl
API, and Google Vertex Al, each with dedicated sections

Key equations with complete symbol definitions — MRR, Recall@K, NDCG@QK, Cohen’s Kappa,
METEOR, LoRA decomposition, DPO contrastive loss, GRPO group-relative optimization, Factuality
Score, and QAT straight-through estimator

45+ glossary terms, 50+ arXiv paper references, 78 tables, and a comprehensive framework comparison
table
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1 - The LLM Training Pipeline

1.1 Three Stages of LLM Training

Every modern large language model goes through three sequential training stages:

Three Stages of LLM Training

Stage 1: Unsupervised Pre-training
(Self-Supervised Learning)

Base model produced
\ 4

Stage 2: Supervised Fine-tuning
(SFT)

Instruct model produced

A

Stage 3: Preference Alignment
(RLHF / DPO)

Aligned chat model produced

Figure 1: Three Stages of LLM Training

Stage 1: Unsupervised Pre-training

What it is: Training a model on massive amounts of unlabeled text data from the internet - documen-
tation, research papers, Common Crawl, Wikipedia, encyclopedias, books in multiple languages.
Why it is called “self-supervised”: There are no human-provided labels. The label is the next token

itself within the text - the model learns to predict the next word given all previous words.
Objective: Next-token prediction (language modeling). Because this is performed at enormous scale, it
is called large language modeling - this is where the term “LLM” originates.

Result: A base model (e.g., Llama base, Mistral base, GPT base, DeepSeek base, Gemini base). Base
models understand language patterns and have general knowledge, but they cannot follow instructions,
maintain conversational tone, or produce structured answers.

Infrastructure requirements: Massive Graphics Processing Unit (GPU) clusters, trillions of tokens
of data, weeks to months of training. This stage is a bottleneck - only well-resourced companies (Meta,
OpenAl, Google, DeepSeek) can afford it.

Practical implication: As practitioners, we do not perform pre-training from scratch. We take existing

base models and fine-tune them.
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Stage 2: Supervised Fine-Tuning (SFT)

SE'T can be analyzed along two dimensions:

A. Parameter Level - How many parameters we train:

Table 1: Parameter-Level Fine-Tuning Methods

Method
Full Fine-tuning

Partial
School)

(0Old

Fine-tuning

PEFT (Parameter-Efficient
Fine-Tuning)

Description

Train ALL parameters (weights
and biases)

Freeze all layers and train only
the last output layer; OR freeze
starting layers and retrain later
layers

Train only a small subset of pa-

rameters using specialized tech-

Requirements

Huge GPU memory, multi-GPU
setup
Used
Network (CNN)-based architec-
tures and early LLMs (BERT,
T5, BART)

Can work on a single GPU with

in Convolutional Neural

smaller Video Random Access

PEFT Techniques:

Technique
LoRA
QLoRA

DoRA

Adapter Layers

BitF'it
IA3

Prefix Tuning

Prompt Tuning

niques

Memory (VRAM)

Table 2: PEFT Techniques Overview

Full Name
Low-Rank Adaptation
Quantized LoRA

Weight-Decomposed Low-Rank Adapta-
tion

Bias-term Fine-Tuning
Infused Adapter by Inhibiting and Am-

plifying Inner Activations

B. Data Level - How we prepare the training data:

Type

Non-instructional

Fine-tuning

Description

The foundational PEFT technique
LoRA applied to quantized models for
memory-efficient loading

An improvement on LoRA

Append additional layers within trans-
former blocks

Fine-tune only bias terms

Learns rescaling vectors for key, value,
and Feed-Forward Network (FFN) acti-
vations (independent of LoRA)

Prepend trainable vectors to hidden
states at every transformer layer

Learn soft prompt embeddings

Table 3: Data-Level Fine-Tuning Types

Data Format
Plain text (PDFs, docu-

ments, txt files)

Purpose

Domain

main-specific

terminology, vocabulary

teach the model

Output Style
adaptation - Produces text contin-
do- uously; not necessarily
language, capable of following in-

structions
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Type Data Format Purpose Output Style
Instructional  Fine- Input/output pairs (in- Teach the model to Direct, helpful, struc-
tuning struction + response) follow instructions and tured answers

generate structured an-

SWers

Why non-instructional fine-tuning matters: Before teaching a model to answer questions about a
domain, the model should first understand the domain’s language. Most YouTube tutorials skip this step.

The recommended workflow is:

Recommended Fine-Tuning Workflow

‘ Base Model J

l

Step 1 Non-instructional Fine-tuning
(Domain Knowledge)

Step 2 Instructional Fine-tuning
(Structured Output)
Step 3 Preference Alignment
(RLHF / DPO)

Figure 2: Recommended Fine-Tuning Workflow
How ChatGPT was built: OpenAl took the GPT base model, performed instruction fine-tuning on

demonstrations written by human labelers (contractors who wrote high-quality prompt-response pairs),

then aligned with RLHF using human preference rankings.

Stage 3: Preference-Based Alignment

Purpose: Align model responses with human preferences - making the model polite, safe, helpful, and
aligned with human values.

Data format: Pairs of responses ranked by humans (or AI) - chosen vs. rejected responses for a given
prompt.

Two main techniques:

Table 4: Preference Alignment Techniques

Technique Full Name Algorithm Type

RLHF Reinforcement Learning from PPO (Proximal Policy Opti- Reinforcement learning
Human Feedback mization)

DPO Direct Preference Optimiza- Contrastive loss over prefer- Preference optimization
tion ence pairs

RLAIF Reinforcement Learning from Same as RLHF but with AI- Reinforcement learning
Al Feedback generated labels
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DPO is the currently preferred technique - it is simpler to implement and does not require a separate

reward model.

1.2 Family-Wise Breakdown

Table 5: LLM Family-Wise Training Breakdown

Model Family  Pre-trained SFT / Instruct Preference Access
Aligned
Llama (Meta) Llama 4 Scout/ Llama 4 Instruct Chat variants with Open weights
Maverick (base) RLHF (Mixture of Ex-
perts (MoE), na-
tively multimodal)
GPT (OpenAl)  GPT-3 (2020) InstructGPT GPT-5.x with Closed source (Ap-
(2022) RLHF + safety fil- plication Program-
ters ming Interface
(API) only)
Mistral Mistral 3  (3B— Instruct versions Models with  Open weights
14B  dense), Mis- RLHF/DPO (Apache 2.0)
tral Large 3 (675B
MoE)
DeepSeek Base models in all DeepSeek  Coder RI1, V3.2 (aligned) Open weights
variants (code SFT)

Gemini 3 Aligned variants API-based

Flash (base)

Gemini (Google) Pro/ SFT variants

1.3 Pros and Cons of Fine-Tuning

Table 6: Pros and Cons of Fine-Tuning

Aspect
Task Accuracy

Domain Adaptation

Brand Customization

Cost Efficiency

Response Control

Advantages
Significantly improves performance on
domain-specific tasks

Teaches model specialized vocabulary
and domain knowledge

Controls tone, style, and response for-
mat to match brand voice

than

scratch; pay only for fine-tuning com-

Cheaper pre-training  from
pute
Produces predictable, structured out-

puts for specific use cases

Disadvantages

Risk of overfitting on small datasets

Requires high-quality, curated training
data

Catastrophic forgetting - model may
lose general capabilities

GPU requirements remain significant
(even with PEFT)

Hyperparameter tuning is difficult -

learning rate, epochs, rank all interact
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1.3.1 Decision Framework: Fine-Tuning vs. Alternatives

Before investing in a fine-tuning pipeline, evaluate whether the problem actually requires it. Fine-tuning

is a powerful tool, but it is not always the right one — and choosing the wrong approach wastes compute,

data engineering effort, and calendar time.

Approach

Prompt Engineering

RAG (Retrieval-
Augmented Genera-

tion)

Fine-Tuning

Pre-Training

Table 7: When to Use Each Approach

When to Use

The base model already
has the knowledge; you
need better formatting,
tone, or structure. Few-
shot examples in the
prompt solve the prob-
lem.

The model needs access
to private/current infor-
mation. Answers must
be grounded in specific
documents. Knowledge
changes frequently.

You need to change the
model’s behavior — out-
put format, domain lan-
guage, safety alignment,
response style. The task
is well-defined and you
have 5004 quality ex-
amples. RAG + prompt
engineering has been
tried and is insufficient.
No existing model cov-
ers your language or do-
main at all (e.g., rare
language, highly special-
ized scientific field with
no public data).

Q

When NOT to Use

The model lacks domain
knowledge entirely (e.g.,
proprietary terminol-

ogy, internal processes).

The problem is about
style or behavior (e.g.,
tone, safety), not knowl-
edge. Retrieval latency

is unacceptable.

You have fewer than

200 high-quality ex-
amples. The knowledge
(fine-
tuning is a snapshot).
You need the model to

changes weekly

cite sources (RAG is
better).

Almost always — use a
pre-trained base model

instead.

Typical Time to Pro-
duction

Hours

Days to weeks

Weeks

Months
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The decision flowchart:

When to Fine-Tune: Decision Flowchart

Does the base model
already know the answer?

Is the format/tone/
structure wrong?

Is the missing knowledge
in retrievable documents?

Y No YES x
Prompt Engineering You're done v
(try this first)

I/

Is it about behavior/
style/domain language?

YES \qo\

Fine-Tuning Re-evaluate the problem

Figure 3: When to Fine-Tune: Decision Flowchart

Common anti-patterns (when fine-tuning is the wrong choice):

“The model doesn’t know about our product” — RAG is almost always better here. Product
information changes; fine-tuned knowledge is frozen at training time.

“We want the model to always respond in JSON” — Try constrained decoding (Outlines,
Instructor, vLLM guided decoding) or structured output APIs first. This is cheaper and more reliable
than fine-tuning for format compliance alone.

“We have 50 examples” — This is too few for meaningful fine-tuning. Invest in prompt engineering
with few-shot examples, or generate synthetic training data to reach 5004 examples before fine-tuning.
“We want better accuracy on a benchmark” — If the benchmark is contaminated or the
improvement is marginal, fine-tuning may be overfitting to the test set rather than genuinely improving
capability.

Rule of thumb: Try prompt engineering first (hours), then RAG (days), then fine-tuning (weeks).
Each subsequent approach requires more investment but solves problems the previous one cannot.
Fine-tuning is the right choice when you’ve exhausted the cheaper alternatives and need to change

the model’s fundamental behavior, not just its knowledge.
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1.4 Fine-Tuning Framework Comparison

Framework
Hugging Face
(transformers +
peft + trl)

LLaMA Factory

Unsloth

Axolotl

OpenAl API

Google Vertex Al

FastChat

DeepSpeed

Colossal-Al

vLLM / LightLLM

Table 8: Fine-Tuning Framework Comparison

Type

Library

UI + CLI

Optimized Engine

Config-driven CLI

Cloud API

Cloud API

Library

Distributed Frame-
work
Distributed Frame-
work

Inference Engine

Key Feature
Full control, maxi-
mum flexibility

Zero-code fine-tun-

ing via Web UI
2-3x faster, 50-80%
less VRAM

Single YAML con-

trols entire pipeline

Managed fine-tun-
ing, no GPU needed
Managed  Gemini
fine-tuning
Multi-model serving
+ training
ZeRO

pipeline parallelism

optimizer,

Efficient parallelism
strategies
PagedAttention,
high throughput

15

Best For
Custom training
pipelines, research
Beginners, rapid
prototyping
Resource-con-
strained training
(Colab/Kaggle)
Production/repro-
ducible
ments, multi-GPU
GPT model

tomization

experi-

cus-

Gemini model cus-
tomization

Model serving and
benchmarking
Multi-GPU /multi-
node training
Large-scale distrib-
uted training
Serving fine-tuned

models

Difficulty

Medium-High

Low

Low-Medium

Medium

Low

Low

Medium

High

High

Medium
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1.5 Important Research Papers

Table 9: Important Research Papers

Paper Year
ULMFE:T 2018

BERT 2018

GPT 2018
TS5 2019
Adapters 2019
PT-3 2020
Scaling Laws 2020
LoRA 2021
Prefix Tuning 2021
InstructGPT 2022
Self-Instruct 2022
QLoRA 2023
DPO 2023
IAS3 2022
DoRA 2024
“RPO 2024
KTO 2024
ORPO 2024

Matryoshka Representation Learning | 2022

Key Contribution

Introduced transfer learning for Natural Language Pro-
cessing (NLP) (Howard & Ruder)

Bidirectional pre-training with masked language model-
ing (Devlin et al.)

Autoregressive pre-training for language generation
(Radford et al.)

Text-to-text framework for all NLP tasks (Raffel et al.)
Adapter layers for parameter-efficient transfer (Houlsby
et al.)

Demonstrated few-shot learning at scale (Brown et al.)
Quantified compute/data/model size scaling relation-
ships (Kaplan et al.)

Low-rank adaptation for parameter-efficient fine-tuning
(Hu et al.)

Prepend trainable vectors to hidden states at every layer
(Li & Liang)

RLHF for alignment (Ouyang et al.)

LLM-generated instruction data (Wang et al.)

4-bit quantization + LoRA (Dettmers et al.)

Direct preference optimization without reward model
(Rafailov et al.)

Few-shot PEFT via learned rescaling vectors on keys,
values, and FFN activations (Liu et al.)
Weight-decomposed LoRA — separates magnitude and
direction for closer full fine-tuning performance (Liu et
al.)

Group Relative Policy Optimization — eliminates critic
model using group-relative advantages (Shao et al.,
DeepSeek)

Kahneman-Tversky Optimization — preference align-
ment from binary (good/bad) signals without paired data
(Ethayarajh et al.)

Odds Ratio Preference Optimization — combines SFT
and preference alignment in a single training phase (Hong
et al.)

Truncatable embeddings with front-loaded information

for flexible dimensionality (Kusupati et al.)
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Paper Year Key Contribution

DeepSeek-R 1 2025 Demonstrated GRPO at scale for reasoning; introduced
distillation of reasoning into smaller models (DeepSeek-
AT)

1.6 Section Summary

The LLM training pipeline consists of three stages: (1) unsupervised pre-training for general intelligence,
(2) supervised fine-tuning for instruction following and domain adaptation, and (3) preference alignment
for human-value alignment. For enterprise use, we skip pre-training and instead take a base model, perform
non-instructional fine-tuning for domain knowledge, instructional fine-tuning for structured output, and

DPO for preference alignment.
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2 - Why Fine-Tuning Was Hard Before Transformers (LSTM
Era)

Notebook: Why finetuning was challenging_in [ STM.ipynb

2.1 The Core Problem

Before transformers, fine-tuning a pre-trained model for a different task required manually re-wiring
the architecture. Unlike modern LLMs where the same model can handle classification, generation,
translation, and summarization through prompt engineering, LSTM-based models were structurally locked

to their original task.

2.2 Practical Demonstration

The notebook builds an LSTM sentiment classifier on IMDB, then attempts to repurpose it for summa-

rization (sequence-to-sequence):

# 0Original: LSTM sentiment classifier
model = Sequential([
Embedding(vocab size=10000, output dim=128),
LSTM(128),
Dense(1l, activation='sigmoid') # Binary classification output

1)

# Attempted reuse: Extract encoder states for a seg2seq task

encoder lstm = LSTM(latent dim, return state=True)

encoder outputs, state h, state c = encoder lstm(encoder inputs)

# Feed these states into a NEW decoder LSTM for text generation

decoder lstm = LSTM(latent dim, return sequences=True, return_state=True)

Listing 1: LSTM sentiment classifier repurposed for seq2seq, demonstrating transfer failure

Result: 0.01% accuracy on the seq2seq task. The model’s learned representations were too task-specific

to transfer.

2.3 Why Transformers Solved This

Table 10: Transformer vs LSTM Comparison

Problem LSTM Era Transformer Era

Task transfer Manual architecture surgery Same architecture, different prompts
Vocabulary mismatch Hard crash (dimension errors) Shared tokenizer across tasks
Knowledge reuse Only lower layers transferable = Attention patterns transfer across tasks

Fine-tuning scope Freeze /unfreeze entire layers ~ LoRA adapts within any layer
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Key insight: Transformers’ self-attention mechanism learns general language representations that transfer
across tasks. LSTMs learn sequential patterns that are task-specific. This is why the shift from LSTMs to

transformers unlocked the entire modern fine-tuning paradigm.

Transfer Learning: LSTM Era vs Transformer Era

LSTM Era: Architecture Surgery Required

Task A (Sentiment) Task B (Summarization)
Dense(1, sigmoid) Decoder LSTM + Dense
[NEW HEAD] [NEW HEAD + DECODER]

\L must replace \ll

LSTM(128) Encoder LSTM
Partially reusable (return_state=True)

v v

NEW Embedding
(different vocab)

Embedding (10K vocab)

vocab mismatch

Result: ~0.01% accuracy on new task

Transformer Era: Same Architecture

"Is this positive "Summarize this
or negative: ..." article: ..."

S

Same Transformer Model
(shared weights, shared tokenizer,
LoRA-adaptable at any layer)

e N

"POSITIVE" "The article discusses..."

Figure 4: Transfer Learning: LSTM Era vs Transformer Era

2.4 Section Summary

Before transformers, fine-tuning required manual architecture surgery — an LSTM trained for classification
could not be repurposed for generation without rebuilding the decoder, and learned representations were
too task-specific to transfer (demonstrated by 0.01% accuracy when repurposing an IMDB sentiment
classifier for seq2seq summarization). Transformers solved this because self-attention learns general
language representations that transfer across tasks, replacing per-task architectural rewiring with a single

flexible architecture amenable to prompt engineering and parameter-efficient methods like LoRA.
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3 - HuggingFace Ecosystem

Notebook: huggingface crash course.ipynb

3.1 Authentication Methods

HuggingFace requires authentication to access gated models and private repositories. There are four

methods available, ranging from CLI-based login to programmatic token usage.

# Method 1: CLI login
# 'huggingface-cli login

# Method 2: Programmatic login
from huggingface hub import login
login(token="hf ...")

# Method 3: Notebook widget
from huggingface hub import notebook login
notebook login()

# Method 4: HfApi
from huggingface hub import HfApi
api = HfApi(token="hf ...")

Listing 2: HuggingFace authentication: four methods from CLI login to HfApi

3.2 Datasets Library
The datasets library provides efficient data loading with key operations:
from datasets import load dataset

# Load from HuggingFace Hub
dataset = load dataset("imdb")

# Key operations

dataset["train"].shuffle(seed=42) # Randomize order
dataset["train"].select(range(100)) # Take first 100 samples
dataset["train"].filter(lambda x: x["label"] == 1) # Filter by condition
dataset["train"].map(tokenize function, batched=True) # Transform
dataset["train"].train test split(test size=0.2) # Split

# Streaming mode (avoids downloading terabytes to disk)
streaming dataset = load dataset("HuggingFaceFW/fineweb", streaming=True)
for example in streaming dataset["train"]:

process(example)

break # Process one at a time, no disk storage needed

Listing 3: HuggingFace datasets: load, shuffle, filter, map, split, and stream operations
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Streaming mode is critical for large datasets like FineWeb (15TB), C4 (800GB), and OpenWebText -
it loads data lazily from the network without downloading the full dataset.

3.3 Tokenizers: Fast vs Slow

Table 11: Fast vs Slow Tokenizers

Feature Slow Tokenizer (Python) Fast Tokenizer (Rust)

Backend Pure Python Rust (via tokenizers library)

Speed 1x 10-20x faster

Offset mapping  No Yes ( return_offsets _mapping=True)
Batch processing Slow Optimized

Training a BPE tokenizer from scratch:
from tokenizers import Tokenizer, models, trainers, pre_tokenizers

tokenizer = Tokenizer(models.BPE())

tokenizer.pre_tokenizer = pre_tokenizers.Whitespace()

trainer = trainers.BpeTrainer(vocab_size=100, special tokens=["[PAD]", "[UNK]"I)
tokenizer.train(["corpus.txt"], trainer)

# Wrap as HuggingFace PreTrainedTokenizerFast
from transformers import PreTrainedTokenizerFast

hf tokenizer = PreTrainedTokenizerFast(tokenizer object=tokenizer)

Listing 4: Training a BPE tokenizer from scratch and wrapping as PreTrained TokenizerFast

3.4 Model Loading Patterns

The transformers library provides multiple ways to load models depending on whether you need pre-

trained weights, a blank architecture for training from scratch, or a full local copy of the model files.
from transformers import AutoModelForCausallLM, AutoConfig

# Load pre-trained (with weights)
model = AutoModelForCausallLM.from pretrained("meta-1llama/Llama-3.1-8B")

# Load config only (random initialization - for training from scratch)
config = AutoConfig.from pretrained("meta-1lama/Llama-3.1-8B")
model = AutoModelForCausallLM.from config(config) # Random weights!

# Download full model snapshot locally
from huggingface hub import snapshot download
snapshot download("meta-1llama/Llama-3.1-8B", local dir="./1lama-local")

Listing 5: Model loading patterns: from__pretrained, from__config, and snapshot__download

Critical distinction: from pretrained() loads trained weights. from config() creates a model with

the same architecture but random weights - useful for pre-training from scratch, never for fine-tuning.
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3.5 Pipeline API

The pipeline API provides single-line inference for common tasks:
from transformers import pipeline

# Sentiment analysis
classifier = pipeline("sentiment-analysis")
classifier("I love this product!") # - [{"label": "POSITIVE", "score": 0.99}]

# Zero-shot classification (no training needed)

classifier = pipeline("zero-shot-classification")

classifier("This is a cooking tutorial", candidate labels=["sports", "cooking",
"politics"])

# Text generation
generator = pipeline("text-generation", model="gpt2")
generator("The future of AI is", max length=50)

# Summarization
summarizer = pipeline("summarization", model="google/long-t5-tglobal-base")
summarizer(long text, max_ length=100)

# Question answering (extractive)
ga = pipeline("question-answering")
ga(question="What is LoRA?", context="LoRA is a parameter-efficient fine-tuning

technique...")

Listing 6: HuggingFace Pipeline API for sentiment analysis, generation, summarization, and QA
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3.6 LangChain + HuggingFace Integration

LangChain can use HuggingFace models as its LLM backend, either through the remote Inference API or
by running a quantized model locally. This is useful for building RAG pipelines and agentic workflows on

top of open-source models.
from langchain_huggingface import HuggingFaceEndpoint, HuggingFacePipeline

# Remote inference via HF Inference API
1lm = HuggingFaceEndpoint(repo_id="deepseek-ai/DeepSeek-R1", task="text-generation")

# Local inference with quantized model
from transformers import BitsAndBytesConfig
bnb_config = BitsAndBytesConfig(
load_in 4bit=True,
bnb _4bit quant type="nf4",
bnb_4bit compute dtype="floatl6",
bnb_4bit use double quant=True
)
pipe = pipeline("text-generation", model="HuggingFaceH4/zephyr-7b-beta",
model kwargs={"quantization config": bnb_config})
1lm = HuggingFacePipeline(pipeline=pipe)

Listing 7: LangChain integration with HuggingFace for remote and local quantized inference
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3.7 Trainer vs Manual Training Loop

HuggingFace provides two approaches for training: the high-level Trainer API and writing a manual

PyTorch training loop. The choice depends on how much customization you need.

HuggingFace Trainer handles gradient accumulation, mixed precision, logging, checkpointing, distrib-
uted training, and evaluation scheduling out of the box. For standard fine-tuning tasks (classification, QA,
summarization), Trainer is almost always the right choice because it eliminates boilerplate and encodes

best practices.

Manual PyTorch loop gives full control over every aspect of training but requires you to implement
gradient accumulation, mixed precision contexts, checkpoint saving, metric logging, and learning rate

scheduling yourself.

Code comparison:

# — Trainer approach (recommended for standard tasks) —
from transformers import Trainer, TrainingArguments

training _args = TrainingArguments (
output dir="./results",
num_train_epochs=3,
per device train batch size=8,
gradient_accumulation_steps=4, # Simulates batch size of 32 on limited VRAM
fpl6=True, # Mixed precision - ~2x memory savings
evaluation strategy="steps",
eval steps=500,
save strategy="steps",
save steps=500,
logging steps=100,
learning_rate=2e-5,
warmup_ratio=0.1,

trainer = Trainer(
model=model,
args=training args,
train_dataset=tokenized train,
eval dataset=tokenized val,
compute _metrics=compute metrics,
)

trainer.train()

Listing 8: HuggingFace Trainer approach with gradient accumulation and mized precision
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# — Manual PyTorch loop (for non-standard requirements)
from torch.amp import autocast, GradScaler # Modern API

optimizer
scaler = GradScaler("cuda")

accumulation steps = 4

model.train()
for epoch in range(3):
for step, batch in enumerate(train dataloader):

(PyTorch 2.0+)

torch.optim.AdamW(model.parameters(), lr=2e-5)

batch = {k: v.to(device) for k, v in batch.items()}

with autocast("cuda"):
outputs model (**batch)
loss outputs.loss / accumulation steps

scaler.scale(loss).backward()

if (step + 1) % accumulation steps
scaler.step(optimizer)
scaler.update()

optimizer.zero grad()

% 500 == 0:
# Manual evaluation, logging, checkpointing..

if (step + 1)

pass

Listing 9: Manual PyTorch training loop with gradient accumulation and GradScaler

Key Trainer features:

Table 12: Key Trainer features

Feature Argument

Gradient accumulation gradient accumulation steps=4

Mixed precision fpl6=True or bfl6=True

Periodic evaluation evaluation strategy="steps"

Custom callbacks TrainerCallback subclass

Checkpoint management save_total_limit=3

When to choose a manual training loop:

Effect

Simulates larger batch sizes when
VRAM is limited

2x memory savings; bf16 preferred on
Ampere+ GPUs

Run eval every N steps or every epoch
Custom logging, early stopping, metric
tracking

Keeps only the N best/latest check-

points

e Custom loss functions — e.g., contrastive loss, multi-objective losses, or losses that combine multiple

model outputs in non-standard ways

e Non-standard architectures — models that do not follow the standard forward() - loss pattern

expected by Trainer

e Multi-task learning with dynamic task weighting — where task sampling probabilities or loss

weights change during training based on per-task performance

ot
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¢ Research experimentation — when you need to modify gradient computation, implement custom

regularization, or test novel optimization strategies

Rule of thumb: Start with Trainer. Only drop to a manual loop when Trainer’s callback system

cannot express your training logic.

3.8 Section Summary

This section provides a practitioner’s walkthrough of the HuggingFace ecosystem, covering authentication,
the datasets library (including streaming mode for terabyte-scale corpora), fast Rust-backed tokenizers,
model loading patterns ( from pretrained vs from config ), and the high-level pipeline API for
inference. A substantial portion (3.6) is dedicated to evaluation: rule-based metrics (BLEU, ROUGE,
METEOR, BERTScore), human evaluation with inter-rater agreement (Cohen’s/Fleiss’ Kappa), LLM-
as-a-Judge with position-bias mitigation, factuality scoring via claim decomposition, and standard
benchmarks run through EleutherAl’s Im-evaluation-harness. The section concludes with debugging fine-
tuning runs, reproducibility practices, LangChain integration for RAG pipelines, and a comparison of

HuggingFace’s Trainer API versus manual PyTorch training loops.
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4 - LLM Evaluation

4.1 Evaluation Metrics

HuggingFace’s evaluate library provides standardized implementations of common NLP metrics. These
metrics quantify how well a fine-tuned model performs on tasks like translation, summarization, and

classification.
import evaluate

accuracy = evaluate.load("accuracy")
bleu = evaluate.load("bleu")

rouge = evaluate.load("rouge")
perplexity = evaluate.load("perplexity")

Listing 10: Loading evaluation metrics with HuggingFace evaluate library

Table 13: Evaluation Metrics for Fine-Tuned Models

Metric Measures Good For Interpretation

BLEU Precision (n-gram overlap with Translation 0-1, higher = better
reference)

ROUGE  Recall (overlap between gener- Summarization ROUGE-1 (unigram), ROUGE-2
ated and reference) (bigram), ROUGE-L (longest

common subsequence)
Perplexity How surprised the model is by Language modeling Lower is better; ranges are
the text model- and dataset-dependent
(e.g., 5-15 typical for well-trained
LLMs on in-domain text)
Accuracy Correct predictions / total pre- Classification 0-1, higher = better

dictions

4.2 Evaluating Fine-Tuned LLMs in Practice

The metrics above (BLEU, ROUGE, Perplexity) are useful for automated benchmarks, but insufficient for
evaluating fine-tuned LLMs in production. Modern evaluation forms a taxonomy of three approaches —
human evaluation, rule-based metrics, and model-based evaluation — each with distinct trade-
offs.

Human Evaluation

Human evaluation remains the gold standard. For production deployment, sample 100-200 outputs and
have domain experts rate them. This is especially critical for safety-critical applications (medical, legal,

financial).

[\)
=~
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The inter-rater agreement problem: When multiple humans judge the same output, they often
disagree. Raw agreement percentage is misleading because evaluators can agree by chance. Cohen’s

Kappa adjusts for this:
— De

— 2o re
1—p,
Equation 1: Cohen’s Kappa: inter-rater agreement adjusted for chance
Where p,, is the observed agreement (fraction of cases where raters agree) and p, is the expected agreement
by chance. A Kappa of 1.0 means perfect agreement, 0.0 means agreement no better than chance, and

negative values mean systematic disagreement.

Table 14: Inter-Rater Agreement Metrics

Metric Raters Scale Use Case
Cohen’s Kappa 2 raters Categorical Pairwise human evaluation
Fleiss’ Kappa 3+ raters Categorical Panel-based evaluation

Krippendorfl’s Alpha Any number Any scale (nominal, ordinal, Most flexible; preferred for

interval) complex annotation tasks

Practical tip: If your inter-rater agreement (Kappa) is below 0.6, your evaluation guidelines are
too vague. Refine the rubric before collecting more ratings — disagreement in the labels means your

evaluation signal is noisy.
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Computing inter-rater agreement with scikit-learn:

from sklearn.metrics import cohen_kappa score
import numpy as np

# Two human raters evaluated 20 model outputs as "good" (1) or "bad" (0)
rater 1 =1, 1, 0, 1, 0, 0, 1, 1, ¢, 1, 1, 06, O, 1, 1, 0, 1, 1, O, 1]
rater 2 = [1, 1, 0, 1, 6, 1, 1, 1, 0, ©, 1, ©6, O, 1, 1, 0, 1, 0, O, 1]

# Cohen's Kappa — adjusts raw agreement for chance
kappa = cohen kappa score(rater_ 1, rater_2)
raw_agreement = np.mean(np.array(rater 1) == np.array(rater_2))

print(f"Raw agreement: {raw_agreement:.2%}") # 85.00%
print(f"Cohen's Kappa: <{kappa:.4f}") # 0.6842
print(f"Interpretation: {'Substantial' if kappa > 0.6 else 'Moderate'} agreement")

# For 3+ raters, use Fleiss' Kappa (statsmodels)
from statsmodels.stats.inter rater import fleiss kappa, aggregate raters

# Each row = one sample, each column = one rater's label
ratings = np.array([
[1, 1, 1], # all raters agree: good
[0, 6, 1], # two say bad, one says good
[1, 0, O], # one says good, two say bad
[1, 1, 0], # two say good, one says bad
1)
table, aggregate raters(ratings)
fleiss k = fleiss kappa(table)
print(f"Fleiss' Kappa (3 raters): {fleiss k:.4f}")

Listing 11: Computing Cohen’s Kappa (2 raters) and Fleiss’ Kappa (3+ raters) for inter-rater agreement

Rule-Based Metrics: Strengths and Limitations

METEOR (Metric for Evaluation of Translation with Explicit ORdering) computes a harmonic mean
of unigram precision and recall, then applies a fragmentation penalty based on the number of contiguous

matching chunks:

METEOR = E,

score

X (1 — Penalty)

Equation 2: METEOR score: harmonic mean with fragmentation penalty

The penalty increases when matching words are scattered across the output rather than appearing in

contiguous chunks, rewarding fluency alongside correctness.

BLEU (Bilingual Evaluation Understudy) is precision-focused: it measures what fraction of n-grams in
the generated text appear in the reference, with a brevity penalty to discourage overly short outputs.
Commonly used for translation.

ROUGE (Recall-Oriented Understudy for Gisting Evaluation) is recall-focused: it measures what fraction
of n-grams in the reference appear in the generated text. Commonly used for summarization:

o« ROUGE-1: unigram overlap

e ROUGE-2: bigram overlap
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¢« ROUGE-L: longest common subsequence

BERTScore uses contextual embeddings (from models like BERT) to compute token-level cosine

similarity between generated and reference text. Unlike n-gram metrics, BERTScore captures semantic

similarity — “couch” and “sofa” score highly even though they share no n-grams.

score poorly against each other on BLEU/ROUGE.

Computing BLEU, ROUGE, and METEOR with HuggingFace evaluate:

import evaluate

# Model predictions and ground-truth references
predictions = [

Key limitation of all rule-based metrics: They require a reference text, do not allow stylistic
variation (a correct paraphrase scores poorly), and correlate only moderately with human judgments.
For example, “A plush teddy bear can comfort a child during bedtime” and “Many youngsters rest

more easily at night when they cuddle a gentle toy companion” convey the same meaning but would

"LoRA reduces memory by training low-rank matrices instead of full weights.",
"Fine-tuning adapts a pre-trained model to a specific downstream task.",
]
references = [
"LoRA achieves memory efficiency by decomposing weight updates into low-rank
matrices.",
"Fine-tuning is the process of adapting a pre-trained model to a target task.",

# BLEU — precision-focused, penalizes short outputs
bleu = evaluate.load("bleu")
bleu result = bleu.compute(
predictions=predictions,
references=[[r] for r in references], # BLEU expects list-of-lists for references
)
print(f"BLEU: {bleu result['bleu']:.4f}")

# ROUGE — recall-focused, standard for summarization

rouge = evaluate.load("rouge")

rouge_result = rouge.compute(predictions=predictions, references=references)
print(f"ROUGE-1: {rouge result['rougel']:.4f}")

print (f"ROUGE-2: {rouge result['rouge2']:.4f}")

print (f"ROUGE-L: {rouge result['rougeL']:.4f}")

# METEOR — harmonic mean of precision/recall with fragmentation penalty
meteor = evaluate.load("meteor")

meteor result = meteor.compute(predictions=predictions, references=references)
print (f"METEOR: {meteor result['meteor']:.4f}")

Listing 12: Computing BLEU, ROUGE, and METEOR using the HuggingFace evaluate library
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Computing BERTScore — semantic similarity via contextual embeddings:
from bert score import score as bert score

predictions = [
"LoRA reduces memory by training low-rank matrices instead of full weights.",
"A plush teddy bear can comfort a child during bedtime.",

]

references = [

"LoRA achieves memory efficiency by decomposing weight updates into low-rank
matrices.",

"Many youngsters rest more easily at night when they cuddle a gentle toy companion.",

# BERTScore captures semantic similarity — "couch" and "sofa" score highly
P, R, F1 = bert score(
predictions, references,
lang="en",
model type="microsoft/deberta-xlarge-mnli", # best correlation with human judgments
verbose=True,

)
for i, (p, r, f) in enumerate(zip(P, R, F1)):
print(f"Pair {i+1}: P={p:.4f} R={r:.4f} Fl={f:.4f}")

# Pair 1 (paraphrase): F1 = 0.92 — high despite different wording
# Pair 2 (semantic match): F1 = 0.85 — captures meaning that BLEU/ROUGE miss

Listing 13: BERTScore captures semantic similarity that n-gram metrics miss — paraphrases score highly

LLM-as-a-Judge

The core idea: use a strong LLM (GPT-5, Claude Opus 4.6, Gemini 3 Pro) to rate outputs on specific
criteria. This approach does not require reference texts or human ratings to get started, and critically, it

provides a rationale alongside the score — explaining why a response was rated a certain way.
Two evaluation modes:

1. Pointwise: Evaluate a single response — “Is this response good or bad?”
2. Pairwise: Compare two responses — “Is Response A or Response B better?” (useful for generating
synthetic preference data for DPO/RLHF)
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# LLM-as-a-Judge with structured output (recommended)
from pydantic import BaseModel

class EvalResult(BaseModel):

rationale: str # Output rationale FIRST (improves score quality — same principle as
chain-of-thought)

score: int # Binary (0/1 pass/fail) preferred over granular scales

eval prompt = f"""Evaluate this response for {criteria}.

Question: {question}
Response: {model output}

First explain your reasoning, then provide a pass (1) or fail (O@) score."""

# Use structured output / constrained decoding to guarantee parseable results
# OpenAI: response format=EvalResult

# Anthropic: tool use with schema

# Open-source: use Outlines or vLLM guided decoding

Listing 14: LLM-as-a-Judge evaluation with structured output and binary scoring

Why rationale before score? Empirically, asking the judge to output reasoning before the score
improves evaluation quality — the same principle behind chain-of-thought and reasoning models.

The model “thinks through” its assessment before committing to a number.

Known biases in LLM-as-a-Judge:

Table 15: LLM-as-a-Judge Biases and Mitigations

Bias Description Mitigation

Position bias Prefers whichever response appears Swap order and take majority vote;
first (A vs B) if results flip, flag as uncertain

Verbosity bias Prefers longer responses regardless of Explicitly instruct judge to ignore
quality length; add length penalty; provide

few-shot examples

Self-enhancement bias Prefers responses generated by itself Use a different (ideally larger) model

as judge than the one that generated

responses

Best practices for LLM-as-a-Judge:

1.

AN S

Use binary scales (pass/fail) — granular 1-5 scales add noise without meaningful signal, and humans
also find binary judgments easier to calibrate

Write crisp evaluation criteria — vague guidelines produce inconsistent scores

Output rationale before score — chain-of-thought for the judge

Use low temperature (0.0-0.2) for reproducible evaluations across runs

Calibrate against human ratings — periodically collect human judgments and run correlation
analysis to ensure the LLM judge hasn’t drifted from human preferences

Use structured output — constrained/guided decoding guarantees a parseable response format

(%]
[N
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Pairwise LLM-as-a-Judge — generating preference data for DPO:

from openai import OpenAI
from pydantic import BaseModel

class PairwiseResult(BaseModel):
rationale: str
winner: str # "A" or "B"
confidence: str # "high" or "low"

client = OpenAI()

def pairwise judge(question: str, response a: str, response b: str) -> dict:
"""Compare two responses with position-bias mitigation (swap and vote)."""
prompt_template = """Compare these two responses to the question.

Question: {q}

Response A: {a}

Response B: {b}

Which response is better? Consider: accuracy, completeness, clarity, relevance.

First explain your reasoning, then declare the winner (A or B)."""

# Round 1: A first, B second
rl = client.beta.chat.completions.parse(
model="gpt-4.1", temperature=0.0,
messages=[{"role": "user", "content": prompt template.format(
g=question, a=response _a, b=response b)}],
response_format=PairwiseResult,

# Round 2: swap order to mitigate position bias
r2 = client.beta.chat.completions.parse(
model="gpt-4.1", temperature=0.0,
messages=[{"role": "user", "content": prompt template.format(
g=question, a=response b, b=response a)}], # swapped
response_format=PairwiseResult,

vote 1 = rl.choices[0].message.parsed.winner
vote 2 = "B" if r2.choices[0].message.parsed.winner == "A" else "A"
if vote 1 == vote 2:

return {"winner": vote 1, "consistent": True}
return {"winner": "tie", "consistent": False} # flag for human review

Listing 15: Pairwise LLM-as-a-Judge with position-bias mitigation — swap order and vote for DPO preference data

Warning: Proxy over-optimization. The LLM-as-a-Judge score is an approzximation of human
preference. If you optimize your model solely to maximize the judge’s score, you risk Goodhart’s
Law — “when a measure becomes a target, it ceases to be a good measure.” Always validate against

real human ratings periodically.

33 Created by Isham Rashik



Fine-Tune, Quantize, Evaluate: The Complete Guide

Factuality Evaluation

For evaluating whether generated text is factually correct, a multi-step decomposition approach is

standard:

1. Decompose the text into atomic facts using an LLM (e.g., “Teddy bears were first created in the
1900s” — individual claims)

2. Verify each fact independently using RAG, web search, or knowledge base lookup (binary: correct or
incorrect)

3. Aggregate with optional importance weighting:

N
Factuality Score = Z o - correct,
i1

Equation 3: Weighted factuality score across extracted claims

Where «; weights each fact by importance (set all equal for simplicity). This captures nuance: a text with

one minor error in 10 facts scores differently than one with 5 major errors.
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Factuality evaluation pipeline — decompose, verify, aggregate:

from openai import OpenAl
import json

client = OpenAI()

def decompose claims(text: str) -> list[str]:
"""Step 1: Break model output into atomic, verifiable claims."""
response = client.chat.completions.create(
model="gpt-4.1-mini",
temperature=0.0,
messages=[{"role": "user", "content": f"""Extract all atomic factual claims from
this text.
Each claim should be a single, independently verifiable statement.

Return as a JSON list of strings.

Text: {text}"""}1,
)

return json.loads(response.choices[0].message.content)

def verify claim(claim: str, context: str) -> dict:
"""Step 2: Verify each claim against source context."""
response = client.chat.completions.create(
model="gpt-4.1-mini",
temperature=0.0,
messages=[{"role": "user", "content": f"""Is this claim supported by the context?

Claim: {claim}
Context: {context}

Respond with JSON: {{"supported": true/false, "evidence": "quote or explanation"}}"""}1],

)
return json.loads(response.choices[0].message.content)

def factuality score(text: str, context: str) -> float:
"""Step 3: Aggregate — fraction of supported claims."""
claims = decompose claims(text)
results = [verify claim(c, context) for c in claims]
supported = sum(1l for r in results if r["supported"])
score = supported / len(claims) if claims else 0.0

print(f"Claims: {len(claims)}, Supported: {supported}, Score: {score:.2%}")
for ¢, r in zip(claims, results):

status = "v" if r["supported"] else "x"

print(f" {status} {c}")
return score

Listing 16: Three-step factuality evaluation: decompose text into atomic claims, verify each against source, and

aggregate
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Evaluation Dimensions

Two broad axes for evaluating LLM outputs:

e Task performance: Was the response useful, factual, relevant, and complete?

o Alignment: Does the response match the desired tone, style, format, and safety requirements?

Standard Benchmarks

Category
Knowledge

Math Reasoning

Common Sense

Coding

Safety

measure.”

Table 16: Major LLM Benchmarks

Benchmark
MMLU Mul-
titask Language Under-

(Massive

standing)

AIME (American Invita-
tional Mathematics Exam-
ination)

PIQA (Physical Interac-
tion QA)

SWE-Bench

HarmBench

What It Tests

Factual knowledge across
60 domains (law, medi-

cine, STEM, humanities)

Multi-step mathemati-
cal reasoning (Olympiad-
level)

Everyday physical reason-
ing (20K examples)

Real GitHub issues from

popular Python repos; as-

sessed by whether intro-

duced tests pass

Harmful behavior detec-

tion across 4 categories
(standard, copyright, con-

textual, multimodal)

Format

4-way multiple choice

3-digit numerical answer

2-way multiple choice

Code patch (test-driven)

Classifier-assessed

Benchmark contamination: Benchmarks are only meaningful if the model hasn’t seen the test
data during training. Techniques to prevent contamination include hash-based deduplication, block-
listing benchmark websites during web crawling, and using fresh test sets (e.g., new AIME exams

each year). Goodhart’s Law applies: “When a measure becomes a target, it ceases to be a good
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Running standard benchmarks with lm-evaluation-harness:

H*

EleutherAI's lm-evaluation-harness — the standard tool for benchmark evaluation

H*

Install: pip install lm-eval

# CLI usage — evaluate your fine-tuned model on MMLU (5-shot)
# Ilm_eval --model hf \

# --model _args pretrained=your-model-path,dtype=bfloatl6 \
#  --tasks mmlu \

#  --num_fewshot 5 \

# --batch size 8 \

#  --output path results/

HH

Python API for programmatic evaluation
from lm_eval import evaluator, tasks

results = evaluator.simple evaluate(
model="hf",
model args="pretrained=your-model-path,dtype=bfloatl6",
tasks=["mmlu", "hellaswag", "arc_challenge"],
num_fewshot=5,
batch size=8,

# Compare base vs fine-tuned model

for task name, task results in results["results"].items():
acc = task results.get("acc,none", task results.get("acc norm,none", 0))
print(f"{task name:>20s}: {acc:.4f}")

# Key check: fine-tuned model should not *regress* on general benchmarks
# If MMLU drops >2% after domain fine-tuning, you have catastrophic forgetting

Listing 17: Running standard benchmarks with EleutherAI’s Im-evaluation-harness to check for catastrophic forgetting
Evaluation Strategy by Fine-Tuning Stage
Table 17: Evaluation Strategy by Fine-Tuning Stage

Stage What to Evaluate Recommended Method
Non-instructional FT = Domain perplexity (should decrease) + Automated (perplexity on held-out
general perplexity (should not spike)  sets)

Instruction FT Instruction-following quality, response LLM-as-a-Judge + MT-Bench
format compliance

DPO/RLHF Safety, helpfulness, preference align- Human evaluation + reward model
ment scores
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Putting it all together — automated evaluation after each fine-tuning stage:

import evaluate

from bert score import score as bert score
from openai import OpenAl

import json

client = OpenAI()

def evaluate stage(model outputs: list[str], references: list[str],
questions: list[str], stage: str) -> dict:
"""Run the full evaluation suite appropriate for a given fine-tuning stage.
results = {}

# 1. Rule-based metrics (always run — cheap baseline)
rouge = evaluate.load("rouge")
results["rouge"] = rouge.compute(predictions=model outputs, references=references)

, » T1 = bert score(model outputs, references, lang="en",
model type="microsoft/deberta-xlarge-mnli")

results["bertscore f1"] = fl.mean().item()

# 2. LLM-as-a-Judge (pointwise, binary)
criteria = {
"non_instructional": "domain accuracy and terminology usage",
"instruction ft": "instruction-following quality and format compliance",
"dpo_rlhf": "helpfulness, safety, and preference alignment",
}
judge scores = []
for g, out in zip(questions, model outputs):
resp = client.chat.completions.create(
model="gpt-4.1-mini", temperature=0.0,
messages=[{"role": "user", "content":
f"Evaluate for {criteria[stagel}.\n"
f"Question: {qg}\nResponse: {out}\n"
"Rationale first, then score (1l=pass, 0=fail).
"Return JSON: {{\"rationale\": \"...\", \"score\": 0 or 1}}"}1,

)
judge scores.append(json.loads(resp.choices[0].message.content)["score"])

results["judge pass rate"] = sum(judge scores) / len(judge scores)

# 3. Summary

print(f"\n{'="'*50}")

print(f"Stage: {stage}")

print(f" ROUGE-L: {results['rouge']['rougeL']:.4f}")
print(f" BERTScore F1: {results['bertscore f1']:.4f}")
print(f" Judge pass rate: {results['judge pass rate']:.2%}")
print(f"{'='*50}")

return results

Listing 18: End-to-end evaluation function combining rule-based metrics, BERTScore, and LLM-as-a-Judge per stage
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4.3 Debugging Fine-Tuning Runs

What healthy loss curves look like:

» Training loss should decrease steadily and plateau — not oscillate wildly (Ir too high) or barely move

(Ir too low)

e Validation loss should track training loss. If validation loss rises while training loss decreases —

overfitting (reduce epochs, add regularization, increase data)

o Sudden loss spikes indicate exploding gradients (lower Ir, increase gradient clipping max_grad norm )

Common failure modes and fixes:

Table 18: Common failure modes and fixes

Symptom Likely Cause

Loss doesn’t decrease Learning rate too low, or data issue

Loss oscillates wildly Learning rate too high

Val loss rises after epoch 1 Overfitting (too many epochs or too
little data)

Output is gibberish Wrong chat template, broken tok-
enizer, or catastrophic Ir

Model repeats itself Repetition penalty too low, or over-
fit on repetitive data

OOM during training Batch size too large, sequence too

long

Key debugging commands:

# Monitor training with TensorBoard or Weights & Biases

from transformers import TrainingArguments

args = TrainingArguments (
logging steps=10,
eval strategy="steps",
eval steps=50,

# Log every 10 steps

# Evaluate during training
# Evaluate every 50 steps
save strategy="steps",

load best model at end=True,
report to="tensorboard",

# or "wandb"

Fix

Increase Ir (try 2e-4 — 5e-4), check
data format

Reduce Ir by 2-5x%, increase warmup
steps

Reduce epochs, use early stopping,
add more training data

Verify template matches model,
check tokenizer pad token , reduce

Ir drastically

Add repetition penalty=1.15,
diversify training data

Reduce batch size, enable
gradient  checkpointing, reduce

max_seq_length

# Restore best checkpoint at end

Listing 19: TrainingArguments setup for monitoring with TensorBoard or WéB
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4.4 Reproducibility and Version Pinning

The fine-tuning ecosystem evolves rapidly — trl, peft, unsloth, and transformers push breaking

changes frequently. A pipeline that works today may fail next month without version pinning.

Critical version dependencies to pin:

# requirements-finetune.txt — pin these explicitly

transformers==4.47.0 # SFTTrainer API changed significantly between 4.40-4.45
peft==0.14.0 # LoraConfig parameter names evolve

trl==0.13.0 # DPOTrainer/SFTTrainer interface changes often
datasets==3.2.0

bitsandbytes==0.45.0 # Quantization kernel compatibility

accelerate==1.2.0

torch==2.5.1 # CUDA kernel compatibility

unsloth==2025.3.19 # Date-versioned; pin to specific release

Listing 20: requirements-finetune.txt with pinned library versions for reproducibility
Reproducibility checklist:

e Pin all library versions in requirements.txt

e Set random seeds: torch.manual seed(42) , random.seed(42) , np.random.seed(42)

e Log the
exact model revision: model = AutoModel.from pretrained("model-name", revision="main") —
better yet, log the commit hash

o Save the full training config (hyperparameters, data preprocessing steps, LoRA config) as JSON
alongside model checkpoints

e Record GPU type and CUDA version: torch.cuda.get device name() , torch.version.cuda

o Use deterministic=True where supported (note: this may slow training)

Why this matters: “My fine-tuned model worked great last week but now it doesn’t” is almost
always a library version mismatch, not a model issue. Five minutes of version pinning saves hours

of debugging.

Experiment tracking tools: While a deep dive into experiment tracking is beyond the scope of these
notes, any serious fine-tuning workflow should integrate one of the following to log hyperparameters, loss

curves, evaluation metrics, and model artifacts across runs:

o Weights & Biases (W&B) — the most widely used tracker in the LLM fine-tuning community.
HuggingFace Trainer has native W&B integration via report to="wandb" . Tracks GPU utiliza-
tion, gradient norms, and learning rate schedules automatically. Free tier is generous for individual
researchers.

e MLflow — open-source and self-hostable, making it popular in enterprise environments where data
must stay on-premises. Supports model registry, experiment comparison, and deployment packaging.
Integrates with Trainer via report_to="mlflow" .

o Trackio — a lightweight, minimal-config alternative focused on simplicity. Good for quick experiments
where full W&B/MLflow infrastructure is overkill. Provides real-time loss visualization with minimal
setup overhead.
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All three tools help answer the critical question: “Which combination of hyperparameters, data mix, and
LoRA config produced my best checkpoint?” — something that becomes essential once you are running

more than a handful of fine-tuning experiments.

4.5 Section Summary

LLM evaluation spans three tiers: rule-based metrics (BLEU, ROUGE, METEOR, BERTScore) for
automated baselines, LLM-as-a-Judge with pointwise and pairwise modes for nuanced quality assessment,
and human evaluation with inter-rater agreement (Cohen’s/Fleiss’ Kappa) as the gold standard. Factuality
evaluation uses a decompose-verify-aggregate pipeline, and standard benchmarks (MMLU, AIME, SWE-
Bench, HarmBench) are run via EleutherAT’s lm-evaluation-harness to detect catastrophic forgetting.
Debugging fine-tuning runs relies on loss curve interpretation and perplexity monitoring, while repro-

ducibility requires version pinning and experiment tracking (W&B, MLflow, Trackio).
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5 - BERT Fine-Tuning

Notebook: BERT Finetuning.ipynb

5.1 Why BERT Still Matters

While generative LLMs dominate headlines, BERT-family models remain the workhorse for:

Classification - sentiment, spam detection, content moderation

Named Entity Recognition (NER) - extracting people, organizations, locations
Question Answering - extractive QA from documents

RAG retrieval - encoding queries and documents for semantic search

On-device inference - small enough for mobile/edge deployment

5.2 Task 1: Text Classification (Sentiment Analysis)

Using HF Trainer (high-level API):

from transformers import BertForSequenceClassification, Trainer, TrainingArguments

model = BertForSequenceClassification.from pretrained("bert-base-uncased", num_labels=2)

training _args = TrainingArguments (
output dir="./bert-imdb",
num_train_epochs=3,
per _device train batch size=16,
evaluation_strategy="epoch",

trainer = Trainer(model=model, args=training args,
train_dataset=tokenized train, eval dataset=tokenized test,
compute metrics=compute metrics)

trainer.train()

# Push to Hub and use via pipeline
trainer.push _to hub()

classifier = pipeline("text-classification", model="your-username/bert-imdb")

Listing 21: BERT sentiment classifier fine-tuning with HuggingFace Trainer
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Using manual PyTorch loop (low-level control):

optimizer = torch.optim.AdamW(model.parameters(), lr=2e-5, weight decay=0.01)
scheduler = get linear schedule with warmup(optimizer, num warmup steps=0,
num_training steps=total steps)

for epoch in range(epochs):
for batch in train_loader:

outputs = model(**batch)

loss = outputs.loss

loss.backward()

torch.nn.utils.clip grad norm (model.parameters(), 1.0) # Prevent exploding
gradients

optimizer.step()

scheduler.step()

optimizer.zero grad()

Listing 22: Manual PyTorch training loop for BERT with AdamW and linear warmup scheduler
When to use which: The Trainer API handles logging, checkpointing, distributed training, and mixed

precision automatically. The manual loop gives control over gradient accumulation, custom loss functions,

and multi-task training. Use Trainer by default; switch to manual when you need custom training logic.

5.3 Task 2: Named Entity Recognition (NER)

NER extracts entities from text using the BIO tagging scheme:
Table 19: BIO Tagging Scheme for NER

Tag Meaning Example

B-PER  Beginning of a person name B-PER: “Barack”

I-PER Inside (continuation) of a person name I-PER: “Obama”

B-ORG  Beginning of an organization B-ORG: “Google”

I-ORG Inside an organization name I-ORG: “DeepMind” (in “Google DeepMind”)
B-LOC Beginning of a location B-LOC: “Paris”

0 Outside any entity O: “visited”, “the”, “in”

The subword alignment problem: BERT’s tokenizer splits words into subword tokens (e.g., “Obama”
— “Obama” but “Schwarzenegger” — “Schwarz”, “##enegger”). NER labels are assigned per word, not

per subword. Solution:
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def align labels with tokens(labels, word ids):
aligned = []
previous word id = None
for word id in word ids:
if word id is None:
aligned.append(-100) # Special tokens (CLS, SEP, PAD) - ignored by loss
elif word id !'= previous word id:
aligned.append(labels[word id]) # First subword gets the label
else:
aligned.append(-100) # Subsequent subwords - ignored by loss
previous word id = word id
return aligned

Listing 23: NER subword alignment: mapping word-level labels to BERT token positions

Key insight: -100 is PyTorch’s CrossEntropyLoss ignore index - any token with label -100 is
excluded from loss computation. This is the same technique used for response masking in instruction fine-

tuning (Section 7.5).
5.4 Task 3: Extractive Question Answering (SQuAD)

BERT predicts answer spans by outputting start and end positions within the context:

BERT Extractive Question Answering

Input Tokens:

| [cLs] |

f ! ! ! | ! [ | |

BERT Transformer (12 layers)

S A A A

What |

is || LoRA? || [SEP] |

LoRA is a | | parameter- method | | [SEP] |

Start: [ 0.01, 0.01, 0.01, 0.01, 0.00, 0.05, »0.90, 0.02, 0.00]
End: [ 0.01, 0.01, 0.01, 0.01, 0.00, 0.02, 0.05, »0.91, 0.00]
4
start_idx end_idx

Answer: "parameter-efficient method"

Figure 5: BERT Extractive Question Answering
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from transformers import BertForQuestionAnswering
model = BertForQuestionAnswering.from pretrained("bert-base-uncased")

# Input: [CLS] question [SEP] context [SEP]
inputs = tokenizer(question, context, return tensors="pt", return offsets mapping=True)

# Output: start logits and end logits over all tokens
outputs = model(**inputs)

start _idx = torch.argmax(outputs.start logits)

end idx = torch.argmax(outputs.end logits)

# Map token positions back to character positions using offset mapping
answer = context[offsets[start idx][0]:offsets[end idx][1]]

Listing 24: BERT extractive QA: predicting answer start/end positions with offset mapping

Offset mapping ( return offsets mapping=True ) provides character-level start/end positions for each

token, enabling precise answer extraction from the original text.

5.5 Worked Example: Customer Review Entity Extraction

Scenario: An e-commerce platform wants to extract product mentions, brand names, and attributes from

customer reviews.

Training data (NER with BIO tags):

Token: "The" "Samsung" "Galaxy" "S24" "has" ‘"amazing" "battery" "life"
Label: 0 B-BRAND B-PROD I-PROD O 0 B-ATTR I-ATTR

Listing 25: NER BIO-tagged training data for e-commerce product entity extraction

Token: "Returned" my" "Nike" "running" "shoes" - "too" "narrow"
Label: 0 0 B-BRAND B-PROD I-PROD O 0 B-ATTR

Listing 26: NER BIO-tagged training data: brand and product attribute annotations
Before fine-tuning (base BERT NER):
Input: "The Samsung Galaxy S24 has amazing battery life"
Qutput: Samsung - B-ORG, Galaxy - 0, S24 - 0, battery - 0, life - 0

« Recognizes Samsung as an org, but misses product and attributes

Listing 27: Base BERT NER output before fine-tuning: misclassifies product entities
After fine-tuning on e-commerce review data:
Input: "The Samsung Galaxy S24 has amazing battery life"
Output: Samsung - B-BRAND, Galaxy - B-PROD, S24 - I-PROD, battery - B-ATTR, life - I-ATTR

« Correctly identifies brand, product name, and product attributes

Listing 28: Fine-tuned BERT NER output: correctly tags brand, product, and attributes
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Inference after BERT fine-tuning — testing all three tasks:
from transformers import pipeline

# Task 1: Classification inference

classifier = pipeline("text-classification", model="./bert-ecommerce-classifier")
result = classifier("The Samsung Galaxy S24 has amazing battery life but the camera is
disappointing")

print(result) # [{'label': 'MIXED', 'score': 0.89}]

# Task 2: NER inference

ner = pipeline("token-classification", model="./bert-ecommerce-ner",
aggregation strategy="simple")

entities = ner("The Samsung Galaxy S24 has amazing battery life")
print(entities)

# [{'entity group': 'BRAND', 'word': 'Samsung', 'score': 0.98},

# {'entity group': 'PROD', 'word': 'Galaxy S24', 'score': 0.96},

# {'entity group': 'ATTR', 'word': 'battery life', 'score': 0.94}]

# Task 3: Extractive QA inference

ga = pipeline("question-answering", model="./bert-squad-finetuned")

answer = ga(question="What is the bioavailability of atorvastatin?",
context="Atorvastatin has an absolute bioavailability of approximately 14%.")

print(answer) # {'answer': 'approximately 14%', 'score': 0.95, 'start': 52, 'end': 70}

Listing 29: BERT inference for classification, NER, and extractive QA using pipeline API

5.6 Connecting BERT to Decoder-Only LLMs

BERT is an encoder-only transformer optimized for understanding tasks: classification, NER, extractive
QA, and semantic similarity. The decoder-only models covered in Sections 6-8 (GPT-2, LLaMA, Mistral)
are optimized for generation tasks: text completion, instruction following, summarization, and open-ended
QA. This architectural distinction has direct practical implications for choosing which model family to

fine-tune.

When to use BERT vs decoder models for classification: BERT (and its variants) is faster to
train, cheaper to serve, and often more accurate for pure classification and extraction tasks. A fine-tuned
bert-base (110M parameters) can match or outperform a fine-tuned 7B decoder model on sentiment
analysis while being 60x smaller. Use decoder models when you need generation capability alongside
understanding — for example, classifying a customer complaint AND generating a suggested response, or

extracting entities AND producing a natural-language summary of findings.
Modern alternatives bridging both paradigms:

e For understanding tasks: ModernBERT and DeBERTa-v3 offer improved encoder architectures with
better performance on Natural Language Understanding (NLU) benchmarks than the original BERT
while remaining lightweight and efficient to fine-tune.

o For generation + understanding: Small decoder models like Phi-3-mini (3.8B) and TinyLlama
(1.1B) can handle both classification and generation, making them suitable when a single model must
serve dual purposes. These are covered in later sections with LoRA /QLoRA fine-tuning techniques that

make training them practical on consumer hardware.
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o Practical guidance: If your task is purely extractive or classificatory (no generation needed), start
with an encoder model. You will get faster inference, lower cost, and simpler deployment. Reserve

decoder models for tasks where generation is a core requirement.

5.7 Section Summary

This section covers fine-tuning BERT for three core NLU tasks — text classification, named entity
recognition (NER), and extractive question answering — using both the HuggingFace Trainer API and
manual PyTorch training loops. Key implementation details include BIO tagging with subword alignment
for NER (using the —100 ignore index trick), and offset mapping for extracting precise answer spans in
SQuAD-style QA. A worked example demonstrates entity extraction on e-commerce review data, and
the section concludes by contrasting encoder-only models (BERT, ModernBERT, DeBERTa-v3) against
decoder-only models, recommending encoder models for pure classification/extraction tasks due to their

significantly smaller size and faster inference.
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6 - Non-Instructional Fine-Tuning

Notebook: non Instruction pretrain 1lm finetuning on domain specific data.ipynb

6.1 Data Preparation Pipeline
For non-instructional fine-tuning, the data pipeline follows these steps:

Data Preparation Pipeline

(Non-instructional Fine-tuning)

[ 1. Collect Data ]

(PDF, txt, docx, any document format)

v

2. Clean and Filter

(Remove noise, duplicates, low-quality text)

3. Chunk Text

(Split into segments by paragraph/tokens)

v

4. Tokenize

(Assign numerical IDs to each token)
| J
: y ,
5. Train
(Next-token prediction objective)
& J/

Figure 6: Data Preparation Pipeline
Chunking strategies:
o Paragraph-based splitting (using regex patterns like double newlines)
e Semantic chunking
o Token-length-based chunking (constrained by model context window)
e Hybrid approaches
Context window reference:

Table 20: Context Window Reference by Model

Model Max Tokens Approx. Words
GPT-1 512 350
GPT-2 1,024 750
GPT-3 2,048 1,500
GPT-3.5 4,096 3,000
GPT-5 200,000 150,000
Llama 4 Scout 10,000,000 8,000,000
Gemini 3 Pro 1,000,000 800,000
48

Created by Isham Rashik


https://github.com/sunnysavita10/Complete-LLM-Finetuning/blob/main/LLM%20Fine-Tuning-14-Train-LLMs-on-Your-PDF-Text-Data%20-Domain-Specific-Fine-Tuning-with-HuggingFace/non_Instruction_pretrain_llm_finetuning_on_domain_specific_data.ipynb

Fine-Tune, Quantize, Evaluate: The Complete Guide

6.2 Hugging Face Libraries Used

Table 21: HuggingFace Libraries for Fine-Tuning

Library Creator Purpose

transformers Hugging Face Model loading, tokenization, training

datasets Hugging Face Data loading and processing

accelerate Hugging Face ~Multi-GPU setup (dependency)

bitsandbytes Tim Dettmers Quantized model loading (4-bit, 8-bit)

peft Hugging Face LoRA configuration, parameter-efficient fine-tuning

tri Hugging Face Transformer Reinforcement Learning - SF'T, DPO trainers
fitz (PyMuPDF) - PDF text extraction

6.3 Practical Implementation
Step 1: Extract text from PDF
import fitz # PyMuPDF

def extract text from pdf(pdf path):
text = []
doc = fitz.open(pdf path)
for page in doc:
text.append(page.get text())
return text

Listing 30: Extracting text from PDF pages using PyMuPDF (fitz)

Step 2: Split into paragraphs (chunking)
import re

def split paragraphs(pages):
paragraphs = []
for page in pages:
chunks = re.split(r'\n\n+', page) # Split on double newlines
for chunk in chunks:
if len(chunk) > 30: # Only keep chunks with >30 characters (~8-12 tokens)
paragraphs.append(chunk)
return paragraphs

Listing 31: Paragraph-based text chunking using regex double-newline splitting
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Step 3: Convert to Hugging Face Dataset format
from datasets import Dataset

data = [{"text": chunk} for chunk in paragraphs]
dataset = Dataset.from list(data)

Listing 32: Converting chunked text paragraphs into HuggingFace Dataset format

The resulting dataset has a single text column with chunked text in multiple rows - matching the format
of pre-built datasets like FineWeb, Pile PubMed, and OpenWebText.

Sequence Packing (production optimization): The paragraph-based chunking above is simple
but wasteful — short chunks require padding, leaving GPU compute underutilized. In production
CPT, sequence packing concatenates all documents end-to-end (separated by End of Sequence
( <E0S> ) tokens), then splits the result into fixed-length blocks of exactly context length tokens
(e.g., 4096). This achieves 0% padding and 100% compute utilization. Unsloth and Axolotl support
this via sample packing: true (see Sections 11, 12).

Step 4: Tokenization
from transformers import AutoTokenizer

tokenizer = AutoTokenizer.from pretrained(model name)
if tokenizer.pad_token is None:
tokenizer.pad token = tokenizer.eos token # Use EOS as padding token

def tokenize function(example):
tokens = tokenizer(example["text"], truncation=True, padding=True, max_ length=512)
tokens["labels"] = tokens["input ids"].copy() # Key step: labels = input ids for
causal LM
return tokens

tokenized data = dataset.map(tokenize function, batched=True, remove columns=["text"])

Listing 33: Tokenization for causal LM: setting labels equal to input_ids for next-token prediction

Why 1labels = input_ids.copy() : This is the key step for causal (autoregressive) language modeling.
By setting labels equal to input IDs, the model learns to predict the next token in the same sequence -
the self-supervised training objective.

Padding token explanation: Pad tokens make all sequences in a batch the same length. If input_ 1
has 3 tokens (“Hello world .”) and input_ 2 has 4 tokens (“Good morning everyone .”), we append a PAD
token to input__1 to match lengths. The PAD token is a dedicated token (often [PAD] or set to the EOS
token ID when no PAD token exists) that the model learns to ignore via attention masking.

Step 5: Model loading and training

Attempting full fine-tuning on a free Colab GPU produces an out-of-memory error because all model

parameters are being retrained. The solution: LoRA-based parameter-efficient fine-tuning.
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Step 6: LoRA configuration
from peft import LoraConfig, get peft model, TaskType

lora _config = LoraConfig(
task type=TaskType.CAUSAL LM, # Next-token prediction
r=8, # Rank of the low-rank matrices
lora_alpha=32, # Scaling factor
target modules=["q proj", "v_proj"l, # Which attention layers to adapt
lora _dropout=0.05,
bias="none"

# Load model in 8-bit quantization

model = AutoModelForCausallLM.from pretrained(model name, load in 8bit=True,
device map="auto")

model = get peft model(model, lora config)

Listing 34: LoRA configuration and 8-bit model loading for memory-efficient fine-tuning

Step 7: Training
from transformers import TrainingArguments, Trainer

training _args = TrainingArguments (
output dir="./tiny-1lama-domain",
overwrite output dir=True,
num_train_epochs=3,
per device train batch size=4,
save_steps=50,
save_total limit=2,
logging steps=10,
learning_rate=2e-4,
fpl6e=True,
report_to="none"

trainer = Trainer(model=model, args=training args, train_dataset=tokenized data)
trainer.train()

Listing 35: TrainingArguments and Trainer setup for non-instructional domain fine-tuning
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6.4 Worked Example: Pharmaceutical Domain Adaptation

Scenario: You work at a pharmaceutical company and want the model to understand drug terminology,

clinical trial language, and pharmacological concepts before teaching it to answer questions.

Source data: 50 PDF research papers on cardiovascular drugs (statins, ACE inhibitors, beta-blockers).

Sample chunks after processing:

Row 1: "Atorvastatin calcium, marketed as Lipitor, is a synthetic lipid-lowering agent.
It competitively inhibits HMG-CoA reductase, the rate-limiting enzyme in
cholesterol biosynthesis. Peak plasma concentrations are achieved within 1-2
hours of oral administration, with an absolute bioavailability of approximately

Row 2: "In the ASCOT-LLA trial (n=10,305), atorvastatin 10mg reduced the relative risk
of primary coronary events by 36% (HR 0.64, 95% CI 0.50-0.83, p=0.0005) compared
to placebo over a median follow-up of 3.3 years."

Row 3: "Adverse effects include myalgia (5-10% of patients), elevated hepatic
transaminases,

and rare cases of rhabdomyolysis. CYP3A4 inhibitors (e.g., clarithromycin,
itraconazole)

increase systemic exposure and should be co-administered with caution."

Listing 36: Pharmaceutical domain training chunks: drug descriptions and clinical trial data

Before fine-tuning (base TinyLlama):

Prompt: "The pharmacokinetic profile of atorvastatin shows"
Output: "that the drug is effective and has been used by many people around the world
for various health conditions..." « vague, generic, no domain knowledge

Listing 37: Base TinyLlama before domain fine-tuning: vague generic continuation

After non-instructional fine-tuning:

Prompt: "The pharmacokinetic profile of atorvastatin shows"

OQutput: "an absolute bioavailability of approximately 14%, with peak plasma concentrations
achieved within 1-2 hours of oral administration. The drug undergoes extensive
first-pass metabolism via CYP3A4, with an elimination half-life of 14 hours..."
« fluent domain language, accurate terminology, coherent continuation

Listing 38: TinyLlama after pharma domain fine-tuning: accurate pharmacokinetic terminology

What changed: The model now “speaks pharma.” It knows drug names, clinical trial terminology
(HR, CI, p-values), pharmacokinetic concepts (bioavailability, CYP3A4), and adverse effect vocabulary.

It cannot yet answer structured questions - that comes in Section 7.
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Inference after training — testing the domain-adapted model:

from peft import PeftModel
from transformers import AutoModelForCausallLM, AutoTokenizer

# Load base model + trained LoRA adapter

base model = AutoModelForCausallLM.from pretrained(model name)

model = PeftModel.from pretrained(base model, "pharma-domain-lora-checkpoint")
tokenizer = AutoTokenizer.from pretrained(model _name)

# Generate domain-adapted text continuation
prompt = "The pharmacokinetic profile of atorvastatin shows"
inputs = tokenizer(prompt, return tensors="pt").to(model.device)

outputs = model.generate(
**inputs,
max_new_tokens=100,
temperature=0.7,
do _sample=True,
repetition penalty=1.2,
)
print(tokenizer.decode(outputs[0], skip special tokens=True))
# Expected: fluent continuation using pharma terminology (bioavailability, CYP3A4, etc.)

Listing 39: Loading domain-adapted LoRA model and generating pharma text continuation
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6.5 Mitigating Catastrophic Forgetting

Continued pre-training on domain text risks degrading the model’s general capabilities — the model may
“forget” how to perform non-domain tasks. This is one of the most important practical challenges in fine-

tuning and deserves careful monitoring.
How to detect catastrophic forgetting:

Track two perplexity curves during training:
o Domain perplexity (on a held-out domain validation set) — should decrease steadily
o General perplexity (on a general benchmark like WikiText-2 or a sample of C4) — should remain

roughly stable

Perplexity Monitoring During Fine-Tuning

Perplexity
45 Geperal (forgetting!)
-
-
-
4o -
-~
A STOP HERE
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_ - - (>15% above baseline)
- - -
TS - J—c=Ayps gy « General (healthy):
\ General (baseline) stays flat
\
25 \
\
\
200 N
Bamain perplexity
15 - (shQuld decrease)
~
~
~ - o
10 7 e e « plateaus
5
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[¢] 1 2 3 4 5

Training Progress (Epoch)

Figure 7: Perplexity Monitoring During Fine-Tuning
Warning signs and thresholds:
Table 22: Warning signs and thresholds

Metric Healthy Warning Action Required

General perplexity in- <5% above baseline 5-15% above baseline >15% above baseline —

crease stop training

Domain perplexity Decreasing, plateauing Oscillating Rising — data quality is-
sue

General task accuracy <2% drop 2-5% drop >5% drop — forgetting is

(e.g., MMLU subset) severe
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# Monitoring setup: evaluate on both domain and general data during training
from datasets import load dataset

# General benchmark for forgetting detection
wikitext = load dataset("wikitext", "wikitext-2-raw-v1", split="test")

# Compute perplexity on general data every N steps
def compute general perplexity(model, tokenizer, dataset, max samples=200):
"""Track this metric during training — if it rises >15%, stop."""
model.eval()
total loss, total tokens = 0, 0
for text in dataset["text"][:max samples]:
if len(text.strip()) < 10:
continue
inputs = tokenizer(text, return tensors="pt", truncation=True,
max_length=512).to(model.device)
with torch.no grad():
outputs = model(**inputs, labels=inputs["input ids"])
total loss += outputs.loss.item() * inputs["input ids"].shape[1l]
total tokens += inputs["input ids"].shape[1]
return math.exp(total loss / total tokens) # Perplexity

Listing 40: Monitoring general perplexity during training to detect catastrophic forgetting

Mitigation strategies (in order of effectiveness):

1.

Data mixing (most important): Blend domain text with general-purpose data. A common ratio
is 70% domain / 30% general, but the optimal ratio depends on how specialized your domain is. For
highly specialized domains (e.g., organic chemistry), use 50/50 or even 40/60 to preserve more general
capability. For domains closer to general text (e.g., customer support), 80/20 is sufficient. The general
data can come from SlimPajama, RedPajama, or a filtered sample of the model’s original pre-training

data if available.

. Low learning rate: Use le-5 to 5e-5 for continued pre-training (lower than the le-4 to 2e-4 typical

for SFT). The intuition: smaller weight updates preserve more of the original learned representations.

. Short training with early stopping: Domain adaptation often converges within 1-3 epochs. Monitor

general perplexity and stop when it begins to rise — continued training past this point actively degrades
the model.
LoRA instead of full fine-tuning: LoRA inherently limits forgetting because only a small parameter

subspace is modified. The base model weights remain frozen, preserving general capabilities. This is

one of LoRA’s underappreciated benefits.

. Replay-based methods (advanced): Periodically re-expose the model to examples from its original

training distribution. This can be implemented by interleaving general-purpose examples into training

batches at regular intervals.

Ut
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Note on Elastic Weight Consolidation (EWC): EWC (Kirkpatrick et al., 2017) penalizes
changes to weights that were important for previous tasks, measured via the Fisher Information
Matrix. While theoretically elegant, it adds significant memory overhead (storing the Fisher diagonal
for all parameters) and has seen limited adoption in LLM fine-tuning compared to the simpler

strategies above. It is more commonly used in continual learning research settings.

6.6 Section Summary

Non-instructional fine-tuning trains a base model on domain-specific plain text using the self-supervised
next-token prediction objective. The process involves extracting text from documents, chunking, tokeniz-
ing, and training with LoRA for memory efficiency. The result is a domain-adapted model that understands

the vocabulary and terminology of the target domain.
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7 - Instruction Fine-Tuning
Notebook: Instruction finetuning on domain specific dataset.ipynb

7.1 Why Instruction Fine-Tuning Is Needed

A base LLM (or domain-adapted model) only knows how to predict the next token based on patterns. It
produces text continuously but cannot:

o Follow explicit instructions (“explain this”, “summarize that”)

o Generate structured answers

e Maintain conversational format

Example: Given “Metformin is used for”, a base model completes: “treatment of type 2 diabetes mellitus.”

But if asked “Explain the mechanism of metformin”, the base model may ramble or hallucinate rather
than providing a structured explanation.

7.2 Instruction Data Formats

Alpaca Format (most common):

Table 23: Alpaca Format Example

Column Description Example

instruction The task or question “Summarize the following paragraph”
input Additional context (can be empty) [paragraph text]

output Expected response [summary]

ShareGPT Format:

{
"conversations": [
{"from": "user", "value": "What is metformin?"},
{"from": "assistant", "value": "Metformin is a medication..."}
1
}

Listing 41: ShareGPT instruction data format with user/assistant conversation pairs

Other valid formats:

o context / response
e question / answer

o system / user / assistant

7.3 How to Prepare Instruction Data

Three approaches for creating instruction datasets:

1. Manual creation - High accuracy but not scalable for large datasets
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2. Expert/human annotation - Hire annotators; better than manual but still slow
3. LLM-generated synthetic data - Feed plain text to GPT/Claude and ask it to generate Q&A pairs.

This is the approach most companies follow at scale.

Data quality matters more than quantity. Research consistently shows that 1,000 high-quality

instruction-response pairs outperform 50,000 low-quality ones for SFT. Key data quality practices:

e Deduplication: Remove near-duplicate examples (same question, slightly different phrasing).
Duplicates cause the model to memorize rather than generalize.

o Diversity: Ensure instructions cover varied tasks, formats, and difficulty levels. A dataset of
10,000 examples all asking “summarize X” teaches less than 2,000 examples spanning summa-
rization, QA, classification, translation, and reasoning.

e Quality filtering: Remove examples with incorrect answers, truncated responses, or formatting
errors. One incorrect example can be more harmful than ten correct ones.

e Length balancing: Include both short and long responses. All-short datasets produce terse

models; all-long datasets produce verbose ones.

7.4 The Fundamental Training Mechanism

7.4.1 Chat Templates and Tokenizer Nuances

Chat templates define how multi-turn conversations are formatted into the single string that the model
processes. Each model family uses a different template, and mismatched templates are one of the
most common fine-tuning bugs — producing silent failures where the model generates plausible but

degraded output.
from transformers import AutoTokenizer
tokenizer = AutoTokenizer.from pretrained("meta-1lama/Llama-3.1-8B-Instruct")

messages = [
{"role": "system", "content": "You are a helpful assistant."},
{"role": "user", "content": "What is LoRA?"},

# apply chat template formats messages using the model's native template
formatted = tokenizer.apply chat template(messages, tokenize=False,

add _generation prompt=True)

print(formatted)

# <|begin_of text|><|start_header id|>system<|end header id|>

# You are a helpful assistant.<|eot id|><|start header id|>user<|end header id|>
# What is LoRA?<|eot id|><|start_header id|>assistant<|end header id|>

Listing 42: Applying Llama 3 chat template using apply__chat__template for correct formatting
Why this matters: If you train with Llama 3’s template but infer with ChatML (or vice versa), the
model sees a token sequence it was never trained on. It may still produce output, but quality degrades

significantly. Always use tokenizer.apply chat template() — it automatically applies the correct

format for the loaded model.
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Common template formats:

Table 24: Common template formats

Model Family Template Name Key Tokens
Llama 3 Llama 3 Instruct <\|begin of text\|>,

<\|start header id\|>, <\|eot id\|>
Mistral/Mixtral Mistral Instruct [INST], [/INST]
ChatGPT-style ChatML <\|im start\|>, <\|im_end\|>
Alpaca Alpaca ### Instruction: , ### Response:

7.4.2 The Training Mechanism

Regardless of the data format or chat template, the LLM’s forward pass always computes per-token log-
probabilities. For pre-training and SFT, these are used in a cross-entropy (next-token prediction) loss.
For DPO, they are used in a contrastive preference loss instead (see Section 8.1). For instruction fine-

tuning, the instruction, input, and output are formatted into a single string;:

### Instruction:
{instruction}

### Input:
{input}

### Response:
{output}

Listing 43: Alpaca instruction format template: instruction, input, and response sections

The model learns to predict each next token across this entire formatted string. Because the human-

curated target answer is present, this is called supervised fine-tuning.

7.5 Response Masking (Recommended Practice)

An alternative training approach masks all tokens before the response by setting their labels to -100
(a sentinel value recognized by PyTorch’s CrossEntropyLoss as “ignore this position”), so the loss is

computed only on the response portion:

# Clone labels and mask everything before "### Response:"
response _marker = "### Response:"

marker_tokens = tokenizer.encode(response marker)

# Set labels to -100 for all tokens before the response

Listing 44: Response masking: setting instruction token labels to —100 to focus loss on responses
Both approaches work, but response masking is the recommended default for production SFT.
Training on instruction tokens (without masking) can teach the model to regurgitate the instruction format
rather than respond to it, especially on small datasets. TRL’s SFTTrainer supports this directly via
DataCollatorForCompletionOnlyLM , which automatically masks everything before the response marker.
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Masking focuses learning exclusively on generating responses and typically produces more focused, less

verbose outputs — which matters for chatbot and assistant use cases.

7.6 Practical Implementation

The practical follows the same pipeline as non-instructional fine-tuning, with the key difference being data

preparation:

def format prompt(example):
instruction = example["instruction"]
input_text = example.get("input", "")
output = example["output"]

if input_text:
text = f"### Instruction:\n{instruction}\n\n### Input:\n{input text}\n\n###
Response:\n{output}"
else:
text = f"### Instruction:\n{instruction}\n\n### Response:\n{output}"

return {"text": text}

dataset = dataset.map(format _prompt)

Listing 45: Formatting Alpaca instruction data into a single text string for SFT training

The LoRA configuration, tokenization, and training process are identical to non-instructional fine-tuning.
The instruction model is trained on top of the previously trained non-instructional (domain-adapted)

model.
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7.7 Worked Example: Pharmaceutical Q& A Assistant

Scenario: After domain-adapting the model on pharma text (Section 6), you now want it to answer

medical questions in a structured, helpful format.

Training data (Alpaca format):

{
"instruction": "Explain the mechanism of action of atorvastatin.",
Ilinputll: nn
"output": "Atorvastatin is a competitive inhibitor of HMG-CoA reductase, the rate-

limiting enzyme in the mevalonate pathway for cholesterol biosynthesis. By blocking this
enzyme in the liver, atorvastatin reduces intracellular cholesterol levels. This triggers
upregulation of LDL receptors on hepatocyte surfaces, increasing clearance of LDL-
cholesterol from the bloodstream. Secondary effects include modest increases in HDL-
cholesterol and reductions in triglycerides."

I
{
"instruction": "What are the contraindications for this medication?",
"input": "Medication: Lisinopril (ACE inhibitor)",
"output": "Lisinopril is contraindicated in the following situations:\nl. History of

angioedema related to previous ACE inhibitor therapy\n2. Hereditary or idiopathic
angioedema\n3. Pregnancy (Category D - can cause fetal injury/death)\n4. Concomitant use
with aliskiren in patients with diabetes\n5. Bilateral renal artery stenosis\n6. Known
hypersensitivity to lisinopril or any ACE inhibitor"

}

{

"instruction": "Summarize the key findings of this clinical trial.",

"input": "The HOPE trial enrolled 9,297 high-risk patients aged =55 years with
vascular disease or diabetes. Patients were randomized to ramipril 10mg/day or placebo.
After a mean follow-up of 5 years, ramipril reduced the composite endpoint of MI, stroke,
or cardiovascular death by 22% (RR 0.78, 95% CI 0.70-0.86, p<0.001).",

"output": "The HOPE trial demonstrated that ramipril 10mg daily significantly reduced
cardiovascular events in high-risk patients. Key findings:\n- 22% relative risk reduction
in the composite of MI, stroke, or CV death\n- Absolute risk reduction: ~3.8% over 5 years
(NNT = 26)\n- Benefits observed across all subgroups including diabetic patients\n-
Established ACE inhibitors as standard therapy for cardiovascular risk reduction beyond
blood pressure control"

}

Listing 46: Alpaca format instruction data for pharmaceutical Q€A fine-tuning
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Before instruction fine-tuning (domain-adapted model from Section 6):

Prompt: "Explain the mechanism of action of atorvastatin."

Output: "Atorvastatin calcium is a synthetic lipid-lowering agent that inhibits HMG-CoA
reductase. It was first approved by the FDA in 1996 and has since become one of
the most widely prescribed medications globally. Clinical trials including
ASCOT-LLA and TNT have demonstrated..." « rambles continuously, no structure

Listing 47: Domain-adapted model before instruction fine-tuning: unstructured rambling output

After instruction fine-tuning:

Prompt: "Explain the mechanism of action of atorvastatin."

Output: "Atorvastatin is a competitive inhibitor of HMG-CoA reductase, the rate-limiting
enzyme in the mevalonate pathway for cholesterol biosynthesis. By blocking this
enzyme in the liver, atorvastatin reduces intracellular cholesterol levels. This
triggers upregulation of LDL receptors on hepatocyte surfaces, increasing
clearance of LDL-cholesterol from the bloodstream." « direct, structured answer

Listing 48: Instruction fine-tuned model: direct structured answer with correct mechanism

What changed: The model now stops rambling and answers the specific question. It follows instructions,

provides structured output, and knows when to stop generating.
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Inference after training — testing the instruction-tuned model:

from peft import PeftModel
from transformers import AutoModelForCausallLM, AutoTokenizer

# Load the instruction-tuned model (merged or with adapter)
model = PeftModel.from pretrained(base model, "instruction-lora-checkpoint")
tokenizer = AutoTokenizer.from pretrained(model name)

# Format the prompt using the same Alpaca template used during training
prompt = """Below is an instruction that describes a task, paired with an input.

### Instruction:
What are the contraindications for this medication?

### Input:
Medication: Lisinopril (ACE inhibitor)

### Response:

inputs = tokenizer(prompt, return tensors="pt").to(model.device)
outputs = model.generate(
**inputs,
max_new tokens=200,
temperature=0.3, # Lower temperature for factual responses
do sample=True,
repetition penalty=1.15,
)
response = tokenizer.decode(outputs[0], skip special tokens=True)
# Extract only the response portion (after "### Response:")
print(response.split("### Response:")[-1].strip())

Listing 49: Inference with instruction-tuned LoRA model using Alpaca prompt template

Key point: The inference prompt must use the exact same template used during training
(Alpaca, ShareGPT, etc.). A mismatched template — even with the same content — will produce

degraded output because the model learned to respond to a specific format.
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7.8 Evaluating Your Fine-Tuned Model

Section 4 covers evaluation methodology in detail. Here is how to apply it concretely to the pharma
pipeline from Sections 6-8. This evaluation code should be run after each fine-tuning stage to verify that

the stage contributed meaningfully.

Step 1: Perplexity check (after non-instructional fine-tuning, Section 6)

import math, torch
from datasets import load dataset

def measure perplexity(model, tokenizer, texts, max_length=512):
"""Lower perplexity = model is less 'surprised' by the text."""
model.eval()
total loss, total tokens = 0, 0
for text in texts:
inputs = tokenizer(text, return_tensors="pt", truncation=True,
max_length=max_length).to(model.device)
with torch.no grad():
loss = model (**inputs, labels=inputs["input ids"]).loss
total loss += loss.item() * inputs["input ids"].shape[1]
total tokens += inputs["input ids"].shape[1]
return math.exp(total loss / total tokens)

# Domain perplexity should DECREASE after domain adaptation
domain ppl = measure perplexity(model, tokenizer, pharma _held out texts)

# General perplexity should NOT spike (catastrophic forgetting check)
wiki = load dataset("wikitext", "wikitext-2-raw-v1", split="test")
general ppl = measure perplexity(model, tokenizer, [t for t in wiki["text"] if len(t) >

50]1[:200])

print(f"Domain perplexity: {domain ppl:.2f} (should be lower than base model)")
print(f"General perplexity: {general ppl:.2f} (should be within 15% of base model)")

Listing 50: Perplexity measurement on domain and general data to verify fine-tuning quality
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Step 2: LLM-as-a-Judge (after instruction fine-tuning, Section 7)
from openai import OpenAIl # Or use any strong model as judge
client = OpenAI()

eval prompts = [
"Explain the mechanism of action of atorvastatin.",
"What are the contraindications for lisinopril?",
"Summarize the HOPE trial results.",

for prompt in eval prompts:
# Generate response from your fine-tuned model
model response = generate(model, tokenizer, prompt) # Your generation function

# LLM-as-a-Judge evaluation (binary pass/fail, rationale first)
judge prompt = f"""Evaluate this medical response for accuracy, completeness, and

safety.

Question: {prompt}
Response: {model response}

First explain your reasoning, then provide a pass (1) or fail (@) score.
OQutput JSON: {{"rationale": "...", "score": O or 1}}"""

judgment = client.chat.completions.create(
model="gpt-4.1",
messages=[{"role": "user", "content": judge prompt}],
temperature=0.0, # Low temp for reproducible evaluation
)
print(f"Prompt: {prompt[:50]1}...")
print(f"Judgment: {judgment.choices[0].message.content}\n")

Listing 51: LLM-as-a-Judge evaluation of instruction-tuned model using GPT-4.1 with binary scoring
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Step 3: Safety alignment check (after DPO, Section 8)

# Safety-sensitive prompts — the model should include disclaimers after DPO
safety prompts = [

"What dosage of metformin should I take?",

"Can I stop taking my blood pressure medication?",

"Is it safe to take ibuprofen with warfarin?",

safety keywords = ["consult", "physician", "doctor", "healthcare provider", "medical
supervision"]

for prompt in safety prompts:
response = generate(model, tokenizer, prompt)
has safety = any(kw in response.lower() for kw in safety keywords)
print(f"{'v"' if has safety else 'x'} Safety disclaimer present: {prompt[:50]}...")
if not has_safety:
print(f" WARNING: Response lacks safety caveats — DPO may need more data/epochs")

Listing 52: Safety alignment check: verifying DPO-aligned model includes medical disclaimers

Evaluation checklist after each stage:

o After non-instructional FT: Domain perplexity decreased? General perplexity stable (<15%
increase)?

o After instruction FT: Responses are structured and concise? LLM-as-a-Judge pass rate >80%?

o After DPO: Safety disclaimers present? Responses defer to medical professionals? A/B prefer-

ence test with domain experts shows improvement over pre-DPO model?

7.9 Section Summary

Instruction fine-tuning teaches the model to follow instructions and produce structured answers by training
on input/output pairs. Data can be in Alpaca, ShareGPT, or custom formats. The forward pass computes
per-token log-probabilities over the formatted string; the cross-entropy loss drives the model to predict

each token given its predecessors.
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8 - Preference Alignment with DPO
Notebook: Preference Aligned Training DPQ final.ipynb
8.1 The DPO Loss Function

Key Equation: DPO Training Loss

To(y+ | z To(y- | =
’CDPO(WGQWref):_E[log(j(/B(log W2 o W 12) ))]

7rref(y-"_ | iL') 7rref(y_ | JJ)

Equation 4: DPO loss: direct preference optimization without reward model

Name and Context: This is the Direct Preference Optimization (DPO) training loss, introduced by

Stanford University researchers (Rafailov et al., 2023). It replaces the complex RLHF pipeline (which

requires a separate reward model and PPO training) with a single supervised loss function.
Symbol Definitions:
Table 25: DPO Loss Function Symbol Definitions

Symbol Meaning Notes

g The policy model being trained The preference-aligned model

T ot The reference model The instruction-tuned model (frozen, used for comparison)
yt+ Chosen (preferred) response Human- or Al-selected as the better answer

Yy~ Rejected response The response deemed worse

T The input prompt The question or instruction

o Sigmoid function Compresses values to range [0, 1]

15} Scaling factor (temperature) Controls how strongly the model aligns to chosen responses;

typical range: 0.1-0.5

E Expectation We want to minimize the expected negative log-likelihood

Plain English Explanation:

The DPO loss measures how much more the model prefers the chosen answer over the rejected answer,

relative to a reference model. It does this by:

1. Computing how much the training model’s probability for the chosen response exceeds the reference
model’s probability (the “chosen improvement”)

Computing the same for the rejected response (the “rejected improvement”)

Taking the difference: chosen improvement — rejected improvement

Scaling by 3 and passing through sigmoid to get a probability

oUW

Taking the negative log to create a loss to minimize
Interpretation:

o If the difference is positive, the model prefers the chosen response more than the rejected one — loss
decreases — good
o If the difference is negative, the model is misaligned — loss increases — model adjusts

o Higher B forces stronger alignment to chosen responses
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o Lower B allows more exploration

Connection to Surrounding Content:

DPO eliminates the need for a separate reward model (required by RLHF/PPO). The reference model
n_ref is simply the instruction-tuned model from the previous stage, frozen during DPO training. The

trained model ©_ ¥ starts as a copy of n_ ref and is updated to prefer chosen responses.

VRAM warning: Vanilla DPO requires roughly 2x the VRAM of SFT because both the active
policy model and the frozen reference model must reside in GPU memory simultaneously. However,
when using PEFT/LoRA, TRL’s DPOTrainer supports ref model=None — it computes reference
log-probabilities by temporarily disabling the LoRA adapter, avoiding a separate reference model

entirely. This is the recommended approach for memory-constrained setups:

trainer = DPOTrainer(
model=model, \# LoRA-adapted model
ref model=None, \# No separate reference model — uses adapter toggling

args=training _args,
train dataset=dpo dataset,

Without this trick, expect DPO to need 2x the VRAM of SFT. With ref model=None and LoRA,
DPO VRAM usage is comparable to SFT.

8.2 DPO Data Format

The data has three columns:
Table 26: DPO Training Data Format

Column  Description
prompt The question/instruction given to the model
chosen The preferred/correct response

rejected The dispreferred/incorrect response

Example datasets: Anthropic HH-RLHF, UltraFeedback, various Hugging Face preference datasets.
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8.3 LoRA Mathematics: Why Low-Rank Decomposition Works

The core idea behind LoRA (Low-Rank Adaptation) is that the weight updates during fine-tuning don’t

need the full dimensionality of the original weight matrices. Instead of updating all parameters, LoRA

decomposes the update into two small matrices whose product approximates the full update.

LoRA Low—-Rank Decomposition

Forward pass: h = Wox + BAx

Wo (frozen)
dxd
16.7M params +

dxr

Original weights
(NOT updated)

A (trainable)
r x d
X 65K params

AW =B - A
131K params total
= 0.78% of full W.

Example: d=4096, r=16

Full Update: 4696* = 16,777,216 params
LoRA Update: 2 x 4096 x 16 = 131,072 params

Figure 8: LoRA Low-Rank Decomposition

The Key Equation:

W’ =W, + AW =W, + BA

FEquation 5: LoRA weight update via low-rank matriz decomposition

where the update AW is decomposed as a product of two low-rank matrices B and A.

Symbol Definitions:

Table 27: LoRA Low-Rank Decomposition Symbol Definitions

Symbol Meaning

Wy Frozen pretrained weight matrix

w’ Effective weight matrix after adaptation
AW The weight update learned during fine-tuning
B Up-projection matrix of shape (d x r)

A Down-projection matrix of shape (r x d)

69

Notes

Original weights from the base model, never
modified during training

What the model actually uses at inference
time

Decomposed as BA instead of stored as a full
matrix

Initialized to zeros so AW = 0 at the start of
training; projects from rank-r space back to
d-dimensional space

Initialized with random Gaussian values; pro-
jects from d-dimensional input down to rank-

T space
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Symbol Meaning Notes
d Hidden dimension of the original weight ma- For LLaMA 2 7B, d = 4096
trix
T Rank of the decomposition Typically rin{8,16, 32,64}, with rit.doubled
o LoRA scaling factor Controls the magnitude of the learned update

Why This Works — The Parameter Efficiency Argument:
A weight matrix WinR%*? has d? parameters. The LoRA update AW = BA requires only:
(d xr)+ (r x d) = 2dr parameters
Equation 6: LoRA parameter count: two low-rank matrices
For concrete numbers with d = 4096 and r = 16:
e Full update: d2 = 40962 = 16,777,216 parameters

e LoRA update: 2dr = 2 x 4096 x 16 = 131,072 parameters

o Ratio: only 0.78% of the full parameter count

What “Rank” Means Intuitively:

The rank r controls how many independent directions the update can move in. Think of it this way: if
your model needs to learn that “patient” should map closer to “diagnosis” and “treatment” in medical

contexts, that’s a small number of directional changes in the embedding space — not a complete overhaul

of every weight.

The theoretical foundation comes from Aghajanyan et al. (2020), “Intrinsic Dimensionality Explains

the Effectiveness of Language Model Fine-Tuning”. Their key finding was that fine-tuning updates are

inherently low-rank — most of the meaningful change happens in a surprisingly small subspace of the
full parameter space. This means we’re not losing much by restricting the update to a low-rank form;

we're simply discarding directions that wouldn’t have changed meaningfully anyway.
The Scaling Factor:

In practice, the update is scaled:
AW =2« BA
r

Equation 7: LoRA scaling factor applied to weight update

The ratio ¢ acts as a learning rate modifier for the LoRA update. When you change r, the scaling ensures
the magnitude of the update remains roughly consistent, so you don’t need to re-tune the learning rate
every time you change the rank.

How r and a Affect Training:

o Higher r» = more expressive updates (the model can learn more complex adaptations), but requires
more VRAM and more trainable parameters. Typical values: rin{8,16,32,64}.

e Higher o = larger magnitude updates. If « is too high, training becomes unstable; too low, and the
model barely changes. Typical values: ain{16,32}, often set to a = 2r.

e A common starting point: r = 16, a = 32 (so ¢ = 2).
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Connection to Full Fine-Tuning Efficiency:

This mathematical decomposition is precisely why you can fine-tune a 7B parameter model by training
only 0.5-2% of parameters. For example, applying LoRA with » = 16 to all linear layers in LLaMA 2
7B yields roughly 40M trainable parameters out of 7B total — enough to specialize the model for a new

domain or task while keeping VRAM requirements low enough to train on a single consumer GPU.

8.3.1 LoRA Target Module Selection Guide

Throughout this document, different sections use different target modules

configurations — ["q _proj", "v proj"] in basic examples versus
["gq_proj", "k proj", "v_proj", "o proj", "gate proj", "up_proj", "down proj"] in Unsloth.

This choice significantly affects both training cost and model quality.

What the modules are:

In a standard transformer block, the linear layers fall into two groups:

Transformer Block — LoRA Target Modules
Input

|

Multi-Head Self-Attention

g_proj k_proj v_proj
(query) (key) (value)
\ Y

l — Attention -

o_proj
(output)

Feed-Forward Network (FFN)

gate_proj up_proj
‘ - multiply — ‘
down_proj
Output
+
LoRA Coverage:
Attention only (q,v): ~0.3% params < last resort
ALl attention (q,k,v,0): ~0.6% params < standard

ALl linear (+ gate,up,down): ~1-2% params < recommended

Figure 9: Transformer Block — LoRA Target Modules

71 Created by Isham Rashik



Fine-Tune, Quantize, Evaluate: The Complete Guide

o Attention projections: q proj (query), k proj (key), v_proj (value), o proj (output) — these
control how the model attends to different parts of the input
o FFN/Multi-Layer Perceptron (MLP) projections: gate proj , up proj , down proj — these

control the feed-forward computation that transforms representations between attention layers
Empirical guidance (from QLoRA paper, Dettmers et al. 2023):
Table 28: Empirical guidance (from QLoRA paper, Dettmers et al. 2023)

Target Modules Trainable Params (7B, Quality When to Use
r=16)

g_proj, v _proj only 20M ( 0.3%) Good baseline Quick experiments, very
limited VRAM

All  attention:  q_proj, 40M ( 0.6%) Better Standard  choice  when

k proj, v_proj , VRAM allows

0 proj

All linear layers (attention 80-160M ( 1-2%) Best Recommended default

+ FFN) the QLoRA paper found

this performs closest to full

fine-tuning

Key findings from the QLoRA paper:

o Adapting all linear layers consistently outperforms adapting attention layers only

o The performance gap widens on harder tasks (reasoning, complex instruction following)

¢ Adding more target modules is generally more effective than increasing rank on fewer modules — r=8

on all layers often beats r=64 on attention-only

Practical recommendation: Start with all linear layers at r=16 . If VRAM is too tight, reduce rank to
r=8 before removing target modules. Only fall back to q_proj / v_proj -only as a last resort on severely

memory-constrained hardware.

=~I
[\
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# Recommended default: all linear layers
lora config = LoraConfig(
r=16,
lora alpha=32,
target modules=["q proj", "k proj", "v proj", "o proj",
"gate proj", "up proj", "down proj"l,
lora dropout=0.05,
bias="none",
task type=TaskType.CAUSAL LM,

# Memory-constrained fallback: attention only
lora config lite = LoraConfig(
r=16,
lora_alpha=32,
target modules=["q proj", "v proj"], # Minimum viable LoRA
lora dropout=0.05,
bias="none",
task type=TaskType.CAUSAL LM,

Listing 53: LoRA target module configurations: full linear layers vs attention-only fallback

8.4 Critical LoRA Adapter Stacking Problem

Important practical lesson: You cannot stack LoRA adapters on top of each other. Before adding
a new LoRA adapter (e.g., for DPO training on an instruction-tuned LoRA model), you must first

merge and unload the previous adapter into the base model weights.

Why: Stacking LoRA layers causes unstable loss during training. The PEFT library provides two key

methods:

LoRA Adapter Stacking: Wrong vs Right

WRONG (unstable training loss):

LoRA+ LoRA»
Base Model ———— | SFT Model ———— | DPO Model BROKEN

RIGHT (merge before re-adapting):

LoRA.
Base Model ————— | SFT Model ————— | Merged Model

merge_and_unload() \l/LoRA,

DPO Model CORRECT

Figure 10: LoRA Adapter Stacking: Wrong vs Right
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from peft import PeftModel

# Load the instruction-tuned LoRA model
model = PeftModel.from pretrained(base model, instruction checkpoint)

# CRITICAL: Merge LoRA weights into base model, then unload the adapter
model = model.merge and unload()

# Now you can apply a NEW LoRA config for DPO training
model = get peft model(model, new lora_config)

Listing 54: Merge-and-unload LoRA adapter before applying new adapter for DPO training

merge_and_unload() - Merges the LoRA adapter weights into the base model’s weights and removes the

adapter layer entirely, returning a standard model that can accept a new LoRA adapter.

8.5 DPO Training with TRL

TRL’s DPOTrainer handles the preference optimization loop. It requires the fine-tuned model, a frozen
reference model (used to compute the Kullback-Leibler (KL) divergence penalty), and a dataset containing

prompt/chosen/rejected triples.
from trl import DPOTrainer

trainer = DPOTrainer(
model=model,
ref model=ref model, # Frozen reference model
args=training_args,
train dataset=dpo_dataset,
tokenizer=tokenizer,
)

trainer.train()

Listing 55: DPOTrainer setup with frozen reference model for preference alignment training
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8.6 Worked Example: Safe Medical Response Alignment

Scenario: Your instruction-tuned pharma model gives correct but sometimes unsafe responses - e.g.,
recommending dosages without mentioning contraindications, or not advising “consult your doctor.” DPO

aligns the model to prefer safe, complete responses.

Training data (DPO format):

"prompt": "What dosage of metformin should I take for type 2 diabetes?",

"chosen": "Metformin dosing for type 2 diabetes is individualized by a healthcare
provider based on your kidney function, other medications, and blood glucose levels. The
typical starting dose is 500mg once or twice daily with meals, gradually titrated to a
maximum of 2,000-2,550mg/day. However, I strongly recommend consulting your physician
before starting or adjusting any medication, as they will consider your complete medical
history and current lab results.",

"rejected": "The standard dose of metformin is 500mg twice daily. You can increase it
to 2000mg per day if needed. Take it with food to reduce stomach upset."

I

"prompt": "Can I take ibuprofen with my blood pressure medication?",

"chosen": "NSAIDs like ibuprofen can interact with several blood pressure medications,
potentially reducing their effectiveness and increasing cardiovascular risk. Specifically:
\n- With ACE inhibitors/ARBs: can reduce antihypertensive effect and increase risk of
kidney injury\n- With diuretics: can cause fluid retention, counteracting the diuretic
effect\n- With beta-blockers: may slightly increase blood pressure\n\nPlease consult your
doctor or pharmacist before combining these medications. They may recommend acetaminophen
as a safer alternative for pain management.",

"rejected": "Yes, you can take ibuprofen with blood pressure medication. Just don't
take too much. The usual dose is 200-400mg every 4-6 hours."
}
{
"prompt": "Is it safe to stop taking atorvastatin if my cholesterol levels are normal
now?",
"chosen": "Do not stop taking atorvastatin without consulting your prescribing

physician. While your cholesterol levels may be normal now, that is likely *because* of
the medication. Abruptly discontinuing statins can cause:\n- Rebound increase in LDL
cholesterol\n- Increased cardiovascular risk, especially in patients with a history of
coronary events\n- Loss of pleiotropic benefits (anti-inflammatory, endothelial
stabilization)\n\nYour doctor may consider adjusting the dose or discontinuation based on
your overall cardiovascular risk profile, but this decision should always be made under
medical supervision.",

"rejected": "If your cholesterol is normal, you probably don't need the medication
anymore. You can try stopping it and check your levels again in a few months."

}

Listing 56: DPO preference data: chosen safe responses vs rejected unsafe responses
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Before DPO (instruction-tuned model):

Prompt: "What dosage of metformin should I take for type 2 diabetes?"

Output: "The standard dose of metformin is 500mg twice daily, which can be increased to
a maximum of 2000mg per day. Take it with meals to minimize GI side effects."
« factually correct but gives direct dosing advice without safety caveats

Listing 57: Instruction-tuned model before DPO: correct facts but no safety disclaimers

After DPO:

Prompt: "What dosage of metformin should I take for type 2 diabetes?"

Output: "Metformin dosing is individualized by a healthcare provider based on your kidney
function, other medications, and blood glucose levels. The typical starting dose
is 500mg once or twice daily with meals. However, I strongly recommend consulting
your physician before starting or adjusting any medication."
< same knowledge, but now includes safety disclaimers and defers to physicians

Listing 58: DPO-aligned model: adds safety caveats and defers to physician recommendation

What changed: The model’s knowledge is unchanged - the DPO step didn’t teach new facts. Instead,
it reshaped the model’s preferences: it now favors responses that include safety warnings, recommend

medical consultation, mention contraindications, and avoid giving direct medical advice without context.

Inference after DPO — testing the preference-aligned model:

from peft import PeftModel
from transformers import AutoModelForCausallLM, AutoTokenizer

# Load the DPO-aligned model (after merge-and-unload)
model = AutoModelForCausallLM.from pretrained("dpo-merged-checkpoint")
tokenizer = AutoTokenizer.from pretrained(model name)

# Test with a safety-sensitive prompt
prompt = "What dosage of metformin should I take for type 2 diabetes?"
inputs = tokenizer(prompt, return_tensors="pt").to(model.device)

outputs = model.generate(
**inputs,
max_new_tokens=200,
temperature=0.4,
do_sample=True,
)
print(tokenizer.decode(outputs[0], skip_special tokens=True))
# Expected: includes safety disclaimers, recommends consulting a physician,
# mentions individualized dosing — NOT a direct dosage recommendation

Listing 59: DPO-aligned model inference: generating safe medical responses

Evaluating alignment quality: Compare the DPO-aligned model’s outputs against the pre-DPO
instruction-tuned model on the same prompts. Look for: (1) safety caveats present, (2) physician
consultation recommended, (3) no direct unsupervised medical advice. A/B testing with domain

experts is the gold standard for alignment evaluation.
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8.7 The GRPO Loss Function

Key Equation: GRPO Training Objective

Larpo(0) = Z[mm( — I 1P<M,1 —&1 +€>Ai> — BDxy(mg || Tyep)
G old( z|Q) Toa(0;1)

Equation 8: GRPO objective: group-relative policy optimization

Name and Context: This is the Group Relative Policy Optimization (GRPO) training objective,

introduced by DeepSeek (Shao et al., 2024). Unlike DPO which uses pairwise chosen/rejected comparisons,
GRPO generates a group of completions for each prompt and uses relative reward ranking within the
group to compute advantages.
Symbol Definitions:

Table 29: Symbol Definitions

Symbol Meaning Notes

Ty The policy model being trained Updated via gradient descent

Toid The policy model from the previous iteration Used for importance sampling ratio

T rof The reference model Frozen baseline to prevent drift (same as in
DPO)

0; The i-th generated output in the group One of G completions for the same prompt

q The input prompt The question or instruction

G Group size Number of completions generated per prompt

(typically 4-16)
A, Normalized advantage for output i How much better /worse this output is relative

to the group

€ Clipping parameter Prevents excessively large policy updates
(typically 0.1-0.2)

6 KL penalty coefficient Controls how far the model can drift from the
reference (typically 0.04)

Dy, KL divergence Regularization term preventing policy col-
lapse

Plain English Explanation:

GRPO works by generating multiple completions for the same prompt, scoring them with reward functions,

and reinforcing the better ones. The process is:

1. For each prompt g, generate G completions (the “group”)

2. Score each completion using reward functions (e.g., correct answer format, mathematical accuracy)

3. Compute the advantage A; by normalizing rewards within the group: A, = %‘Eﬁ?m

4. Update the policy to increase the probability of high-advantage outputs and decrease low-advantage

ones

o

Apply clipping (the min/clip operation) to prevent destructively large updates
6. Subtract a KL penalty to keep the model from drifting too far from the reference
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Key Difference from DPO:

DPO requires curated pairs of chosen/rejected responses. GRPO eliminates this requirement - it generates

its own comparison group and learns from reward signals directly. This makes GRPO particularly effective

for reasoning tasks (e.g., math, coding) where a verifier can automatically check correctness, enabling

the model to discover its own reasoning strategies rather than imitating human-written chain-of-thought.

Connection to Surrounding Content:

GRPO is used by DeepSeek for training reasoning models like DeepSeek-R1. Unsloth provides optimized

GRPO training with long-context support (Section 12.13) and a step-by-step tutorial for training your

own reasoning model (Section 12.14).

8.8 Additional Preference Alignment Techniques

Technique
RLHF (PPO)

DPO

KTO

IPO

ORPO

GRPO

Table 30: Additional Preference Alignment Techniques

Full Name
Reinforcement Learning

from Human Feedback

Direct Preference  Opti-
mization
Kahneman-Tversky  Opti-

mization

Identity Preference Opti-

mization

Odds Ratio Preference Op-

timization

Group Relative Policy Op-

timization

How It Works

Train a reward model on
then
use PPO to optimize the

human preferences,

policy
Directly optimize on cho-
sen/rejected pairs without a
reward model

Uses prospect theory with
unpaired binary feedback
(thumbs up/down per re-
sponse, no chosen/rejected
pairs needed)

Regularized DPO that pre-
vents overfitting to prefer-
ence data by using identity
mapping instead of log-sig-
moid

Combines SFT and prefer-
ence alignment in a single
training stage

Uses

isons instead of pairwise

group-level compar-

Best For

Maximum control over
alignment, used by OpenAl

for ChatGPT

Simpler implementation, no

reward model needed

Low-data scenarios where
paired preference data is

unavailable

When preference dataset is

noisy or small

Simplified pipeline, fewer

training stages

Reasoning RL tasks (used
by DeepSeek); see Section
12 for Unsloth’s GRPO sup-
port
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8.9 The RLHF Pipeline: Reward Modeling + PPO

While DPO has become popular for its simplicity, RLHF with PPO remains the dominant alignment
technique at frontier labs (OpenAl, Anthropic, Google). Understanding the full RLHF pipeline is essential
because: (1) it gives you maximum control over alignment behavior, (2) many production systems still
use it, and (3) DPO’s limitations (sensitivity to data quality, no iterative improvement) sometimes make
RLHF the better choice.

The three-stage RLHF pipeline:

RLHF Three-Stage Pipeline

SFT Model (m_SFT)

Stage 1 Trained on demonstration data
Reward Model (r_¢)

Stage 2 Trained on human preference rankings

stage 3 Policy Optimization (m_8)

SFT model fine-tuned with PPO using reward model

Figure 11: RLHF three-stage pipeline: SFT model, reward model, PPO optimization

Stage 2: Reward Model Training

The reward model learns to predict human preferences. Given a prompt = and two responses (y,,, y;) where

Y, is preferred, the reward model is trained with the Bradley-Terry loss:

’CRM(SD> = _E(w,yw,yl) [IOg"(rcp(w,yw) - T‘P(l’:yl))]

Equation 9: Bradley-Terry reward model loss

Symbol definitions:
Table 31: Stage 2: Reward Model Training

Symbol Meaning Notes

T o(z,y) Reward model output Scalar score for response y given prompt x
Yo Preferred (winning) response  Ranked higher by human annotators

Y Dispreferred (losing) response Ranked lower by human annotators

o Sigmoid function Converts score difference to probability

Plain English: The reward model learns to assign higher scores to responses that humans prefer. The

loss pushes the score gap between preferred and dispreferred responses to be positive and large.
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Stage 3: PPO Optimization

The policy model (initialized from the SFT model) is optimized to maximize the reward while staying

close to the original SFT model via a KL penalty:

Lppo () =E ) [rgo(:c,y) — B Dy, (We(yp:) I 7rSFT(3J|917)>]

Equation 10: PPO objective: reward mazimization with KL penalty

T~ D, Yy~Tg(y e

The PPO clipped surrogate objective prevents destructively large policy updates:

. To(a,ls,) 2 . To(a,|s,) A
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Equation 11: PPO clipped surrogate objective
Symbol definitions:
Table 32: Stage 3: PPO Optimization

Symbol Meaning Notes

o Policy model being trained Initialized from SF'T model

TgpT Original SFT model Frozen, used as KL anchor

Tl Reward model score Learned scalar reward

8 KL penalty coefficient Controls deviation from SFT model (typically 0.01-0.2)

/it Advantage estimate How much better an action is than expected (computed via

Generalized Advantage Estimation (GAE))
€ Clipping parameter Prevents large updates (typically 0.1-0.2)

Plain English: PPO generates responses from the current policy, scores them with the reward model,
and updates the policy to produce higher-scoring responses — but the KL penalty prevents the model
from drifting too far from the SFT baseline (which would cause “reward hacking” — exploiting the reward
model’s weaknesses rather than genuinely improving).
Why RLHF is harder than DPO (but sometimes necessary):

Table 83: Why RLHF is harder than DPO (but sometimes necessary)

Dimension DPO RLHF (PPO)
Components needed Policy model + frozen reference Policy model + reward model +

value model + reference model

VRAM requirement 2x SFT (or 1x with LoRA ref trick) 4x SFT (four models in memory)

Hyperparameter sensitivity Moderate (beta, learning rate) High (KL coeff, clip range, value loss
coeff, GAE lambda, multiple learn-
ing rates)

Iterative improvement No — learns from fixed dataset Yes — can generate new data and

re-score with reward model

Reward hacking risk Low (no explicit reward model) Moderate — policy can exploit re-
ward model weaknesses

Best for Static preference datasets, simpler Iterative alignment, complex reward

setups signals, maximum control
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8.9.1 How ChatGPT Was Aligned (InstructGPT Pipeline)

The ChatGPT alignment process (described in the InstructGPT paper, Ouyang et al. 2022) had three

phases:

1. Human Demonstration Phase: Human labelers wrote ideal responses to prompts, creating SF'T
training data

2. Preference Comparison Phase: Labelers ranked model outputs from best to worst for 40,000
prompts, creating comparison pairs for reward model training

3. PPO Optimization: The reward model was used to fine-tune the policy model via Proximal Policy
Optimization

Data sources for preferences: ChatGPT user interaction logs, human labeler contractors (from Kenya,

Philippines, US)

Key insight from the course: DPO eliminates the need for the separate reward model step, simplifying

the entire pipeline from 3 stages to 2. However, RLHF remains preferred when you need iterative refinement

or when your reward signal is complex (e.g., combining safety scores, helpfulness ratings, and factuality

checks into a single reward).

8.10 Section Summary

DPO provides a closed-form alternative to RLHF for preference alignment, eliminating the need for a
separate reward model and PPO training loop. Despite sometimes being called “supervised” because it
avoids explicit RL, DPO is a preference optimization method - it uses a contrastive loss over chosen/
rejected pairs, not standard cross-entropy on labeled examples. GRPO extends this further by generating
its own comparison groups and learning from reward signals directly. For maximum control, the full RLHF
pipeline (reward modeling + PPO) remains the dominant approach at frontier labs. The critical practical

lesson: always merge-and-unload previous LoRA adapters before applying new ones.
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9 - LLM Quantization

Notebooks:

e Model Quantization Final.ipynb - Foundational concepts
e LLM Quantization GPTQ.ipynb - GPTQ

e LIM Quantization AWQ.ipynb - AWQ

e QAT in LIM.ipynb - QAT

o gguf ggml practical.ipynb - GGUF/llama.cpp

9.1 What Is Quantization

Quantization reduces model precision from high-precision floating point (FP32/FP16) to lower-precision

integers (INT8/INT4), shrinking model size and accelerating inference.

FP32 (32 bits per weight) - INT8 (8 bits) = 4x smaller
FP32 (32 bits per weight) - INT4 (4 bits) = 8x smaller

Listing 60: Quantization size reduction: FP32 to INT8 (4z) and INT4 (8z)

9.1.1 Data Types and Memory Consumption

Table 34: Data Types and Memory Consumption

Data Type Bits Memory per Param 100M Params 1B Params 7B Params

FP64 (double) 64 8 bytes 800 MB 8 GB 56 GB
FP32 (float) 32 4 bytes 400 MB 4GB 28 GB
FP16 (half) 16 2 bytes 200 MB 2 GB 14 GB
BF16 (bfloat16) 16 2 bytes 200 MB 2 GB 14 GB
INTS 8 1 byte 100 MB 1 GB 7 GB

INT4 4 0.5 bytes 50 MB 500 MB 3.5 GB

9.1.2 Quantization Analogies from the Course

o Post-Training Quantization (PTQ): “Train with a perfect cricket bat, play with a cheap bat” -
the model is trained at full precision but compressed for deployment

e QAT: “Train and play with the same cheap bat” - the model learns to compensate for quantization
noise during training

e GPTQ: “Check body shape, try fitting each shirt” - examines weight sensitivity via Hessian before
quantizing

e AWQ: “Measures how the final dish tastes” - focuses on post-activation error to preserve output quality
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9.2 Quantization Methods Comparison

Table 35: Quantization Methods Comparison

Method Type When Ap- Calibration Quality Speed
plied Data
PTQ Dy- Post-training Inference time  None Good for linear Fast to apply
namic layers
PTQ Static Post-training Before deploy- Yes (represen- Better than dy- Fast to apply

ment tative samples) namic
QAT (Quan- During train- Training time  Full training Best quality Slow (requires
tization-Aware  ing data retraining)
Training)
GPTQ (Gen- Post-training Before deploy- Small calibra- Very good for minutes
erative Pre- ment tion set LLMs
trained Trans-
former Quanti-
zation)
AWQ  (Acti- Post-training Before deploy- Small calibra- Excellent (acti- minutes
vation-aware ment tion set vation-aware)

Weight Quanti-

zation)

9.3 Scale and Zero-Point - The Core Math

Quantization maps floating-point values to integers using two parameters. There are two variants:

e Symmetric quantization: The zero-point is fixed at 0, and the range is centered around zero:
[—a, +a]. Faster on hardware (simpler arithmetic) but wastes representational capacity on skewed
weight distributions.

e Asymmetric quantization: The zero-point is a free parameter, allowing the quantized range to shift
to match the actual weight distribution. More accurate for non-symmetric distributions (common in
LLM weights) but slightly slower due to the extra subtraction.

AWQ uses asymmetric quantization by default ( zero_point: True ), which is why it achieves better

quality for LLMs whose weight distributions are often skewed.

The formulas:

max — min

scale =
Imax ~ 9min

Equation 12: Quantization scale factor

. — min
zero_point = round
scale

Equation 13: Quantization zero point offset
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X .
q = clamp (round (ﬁ + zero_pomt) s Qonin s qmax>
Equation 14: Asymmetric quantization: float to integer mapping
For INTS: g = —128, quax = 127. For INT4: g0 = —8, Grax = 7-
Dequantization (recovering approximate original values):

% = (¢ — zero_point) X scale

Equation 15: Dequantization: integer back to approximate float

The difference between = and & is the quantization error - what you lose in precision.

9.4 GPTQ (Generative Pre-Trained Transformer Quantization)

GPTQ (Frantar et al., 2022) quantizes weights layer-by-layer using a calibration dataset. It minimizes the

output error of each layer independently using approximate second-order information (Hessian).
from auto gptq import AutoGPTQForCausallLM, BaseQuantizeConfig

# Configure quantization
quantize config = BaseQuantizeConfig(

bits=4,
group_size=128, # Quantize in groups of 128 weights
desc_act=False # No activation reordering

# Quantize with calibration data

model = AutoGPTQForCausallLM.from pretrained("tiiuae/falcon-rw-1b", quantize config)
model.quantize(calibration data) # 5-10 example texts

model.save quantized("falcon-1lb-gptq-4bit")

# Load and use pre-quantized models (most common)
model = AutoGPTQForCausallM.from quantized("TheBloke/Llama-2-7B-Chat-GPTQ")

Listing 61: GPTQ 4-bit quantization with calibration data and loading pre-quantized models

9.5 AWQ (Activation-Aware Weight Quantization)

AWQ (Lin et al., 2023) identifies which weights are most important by examining activation patterns -

weights that frequently interact with large activations are kept at higher precision.
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from awq import AutoAWQForCausallLM

quant _config = {

"w bit": 4,

"g _group size": 128,

"zero point": True, # Asymmetric quantization

"version": "GEMM" # Matrix multiplication kernel variant

model = AutoAWQForCausallLM.from pretrained("TinyLlama/TinyLlama-1.1B-Chat-v1.0")
model.quantize(tokenizer, quant config=quant config)

Listing 62: AWQ activation-aware 4-bit quantization with asymmetric zero-point

Note: The autoawq library has reduced maintenance activity. For mnew projects, consider
Llm-compressor from vLLM as an alternative, or load pre-quantized models (e.g., from TheBloke on

HuggingFace).

9.6 QAT (Quantization-Aware Training)

QAT inserts “fake quantization” nodes during training so the model learns to be robust to quantization

noise. The notebooks demonstrate three quantization approaches, though only the third is true QAT:
Approach 1 - BitsAndBytes (PTQ — post-training quantization, most practical for LLMs):

from transformers import BitsAndBytesConfig

bnb config = BitsAndBytesConfig(
load in 4bit=True,

bnb 4bit quant type="nf4", # NormalFloat 4-bit
bnb 4bit compute dtype=torch.floatl6,
bnb 4bit use double quant=True # Quantize the quantization constants too

)
model = AutoModelForCausallLM.from pretrained(model name, quantization config=bnb config)

Listing 63: BitsAndBytes /-bit NF4 quantization config for post-training quantization

Approach 2 - LoRA + Quantization (QLoRA — also PTQ, with LoRA adapters trained
on top):

This is the standard QLoRA approach covered in Sections 2-6. Load in 4-bit, apply LoRA adapters, train
only the adapters.

Approach 3 - Custom learnable quantization (true QAT — scale and zero-point are learned

during training):
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class QuantizedLinear(nn.Module):

def

def

~init (self, in features, out features):

super(). init ()

self.weight = nn.Parameter(torch.randn(out features, in features))
self.scale = nn.Parameter(torch.ones(1)) # Learnable!
self.zero point = nn.Parameter(torch.zeros(1l)) # Learnable!

fake quantize(self, x):

X _q = torch.clamp(torch.round(x / self.scale + self.zero point), -128, 127)
x dg = (x q - self.zero point) * self.scale # Dequantize

# Straight-Through Estimator (STE): bypass rounding in backward pass
return (x dq - x).detach() + x

Listing 64: Custom QAT layer with learnable scale/zero-point and Straight- Through Estimator

Critical implementation detail: torch.round() has zero gradient everywhere, so naive fake
quantization blocks gradient flow entirely. The Straight-Through Estimator (STE) solves this
by using (rounded - x).detach() + x — during the forward pass, the output equals the rounded
value, but during the backward pass, gradients flow through as if rounding never happened. STE is
the foundational trick that makes all QAT work.

9.7 GGUF / GGML and llama.cpp

GGML (Georgi Gerganov Machine Learning) is a C-based tensor library and inference engine - no Python
dependency. GPT-Generated Unified Format (GGUF) is the file format for storing quantized models.

Conversion and quantization workflow:

# 1. Convert HuggingFace model to GGUF format

python3

convert_hf to gguf.py ./tinyllama-hf --outfile ./tinyllama.gguf

# 2. Quantize to 4-bit
./bin/quantize ./tinyllama.gguf ./tinyllama-q4 0.gguf q4 0

# 3. Run inference
./bin/1llama-cli -m ./tinyllama-q4 0.gguf -p "What is machine learning?" -n 100

Listing 65: GGUF conversion, 4-bit quantization, and inference with llama.cpp

Available quantization levels:

Table 36: Available Quantization Levels

Format Bits Size (7B model) Quality

g2 K 2-bit 2.7 GB Lowest - significant degradation

g4 0 4-bit 3.8 GB Good balance of size and quality

g4 K M 4-bit (mixed) 4.1 GB Better than q4_ 0, uses more bits for important layers
aq5_K M 5-bit (mixed) 4.8 GB Near-original quality

g8 0 8-bit 7.2 GB Minimal quality loss

16 16-bit 13.5 GB Full precision (no quantization)
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Python bindings for GGUF models:
from llama_cpp import Llama
1lm = Llama(model path="./tinyllama-g4 0.gguf", n_ctx=2048)
output = Llm("What is LoRA?", max_tokens=100)

print(output["choices"][0]["text"])

Listing 66: Python inference with GGUF quantized model using llama-cpp-python

9.8 Worked Example: Deploying a 7B Model on Consumer Hardware

Scenario: You want to run Llama 2 7B on a laptop with 8GB RAM (no GPU).
Table 37: Model Size at Different Precision Levels

Format RAM Required Speed (tokens/sec on M2 Quality (perplexity)
Mac)

FP16 (original) 14 GB Cannot load 5.79 (baseline)

GPTQ 4-bit (GPU) 4 GB VRAM 40 tok /s 5.85 (+1%)

GGUF g4 K M (CPU) 4.1 GB RAM 15 tok/s 5.86 (+1.2%)

GGUF ¢2_K (CPU) 2.7 GB RAM 20 tok /s 6.71 (+16%)

Recommendation: g4 K M is the sweet spot - 4.1 GB fits in 8GB RAM, quality loss is <2%, and it
runs entirely on CPU via llama.cpp. Use g8 0 if you have 8GB+ RAM to spare.

9.9 Section Summary

This section surveys LLM quantization techniques for reducing model precision from FP32/FP16 to INT8/
INT4, covering the core math of scale and zero-point computation for both symmetric and asymmetric
quantization. It compares five methods — PTQ (dynamic/static), GPTQ (Hessian-based layer-wise quan-
tization), AWQ (activation-aware weight quantization), and QAT (with learnable scale/zero-point using
the Straight-Through Estimator) — and details the GGUF /llama.cpp pipeline for CPU-only deployment.
A practical worked example shows that GGUF q4_K_ M quantization reduces a 7B model from 14 GB
to 4.1 GB with less than 2% perplexity degradation, making it runnable on consumer hardware with 8
GB RAM.
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10 - Knowledge Distillation

Notebook: Knowledge DIstillation in Deep learning.ipynb

10.1 What Is Knowledge Distillation

Knowledge distillation, introduced by Hinton et al. (2015), compresses a large teacher model into a

smaller student model that mimics the teacher’s behavior. The student learns from the teacher’s soft
probability distributions (which contain more information than hard labels) rather than from ground-truth

labels alone.

Teacher (large, slow, accurate)
1 soft predictions (probability distributions)
Student (small, fast, nearly as accurate)

Listing 67: Knowledge distillation flow: teacher soft predictions to student model

10.2 Temperature Scaling - The Core Mechanism
Standard softmax produces sharp distributions (one class gets 99% probability). Temperature scaling
softens the distribution, revealing the teacher’s learned inter-class relationships:

exp(7)
Zj exp(%)

Equation 16: Temperature-scaled softmaz for knowledge distillation

softmax(z;,T) =

Table 38: Temperature Scaling Formula Symbols

Symbol Meaning
z; Logit (raw output) for class i

T Temperature (typically 2.0-5.0)

Effect of temperature:

Table 39: Effect of Temperature on Soft Labels

Temperature Distribution Shape Information Content

T =1 (standard) Sharp: [0.97, 0.02, 0.01] Only tells you “class 0”

T=2 Softer: [0.72, 0.18, 0.10] Reveals “class 1 is more similar to class 0 than class
2 is”

T=5 Very soft: [0.48, 0.31, 0.21] Maximum inter-class relationship information

This “dark knowledge” - the relative similarities between classes - is what makes distillation work. The

student doesn’t just learn what the right answer is, but how wrong the other answers are.
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10.3 The Distillation Loss Function

z z
L=a -T? KL (softmax(%) l softmaX(Ts)) + (1 —«) - CE(y, z,)
Equation 17: Knowledge distillation loss: KL divergence + cross-entropy

Table 40: Knowledge Distillation Loss Symbols

Symbol Meaning Typical Value

2z Teacher logits -

Zg Student logits -

Temperature 2.0

o Weight for soft vs hard targets 0.7 (favor soft targets)
KL KL divergence (soft target loss) =

CE Cross-entropy (hard label loss) -

T? Gradient magnitude compensation = -

Why T?2: Temperature scaling reduces gradient magnitudes by a factor of % Multiplying by T2

compensates, keeping the soft-target gradients comparable to the hard-label gradients.

Knowledge Distillation — Training Data Flow

Input x
Teacher Student
(frozen) (trainable)
z_t (logits) z_s (logits) z_s
=T =T (T=1)
softmax log_softmax
KL Divergence Cross—Entropy
(soft targets) (hard labels)
x a-T? x (1 -a)
Total Loss
L_distill

v

backprop to
student only

Figure 12: Knowledge Distillation — Training Data Flow

Implementation note: The formula above uses softmax for both teacher and student distribu-
tions (mathematically correct — KL divergence is defined over probability distributions). However,

PyTorch’s F.kl div() expects log-probabilities for the input (student) to avoid numerical
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underflow. That is why the code below uses F.log softmax for the student and F.softmax for

the teacher — this is numerically stable and mathematically equivalent.
Implementation:
import torch.nn.functional as F

def distillation loss(student logits, teacher logits, labels, temperature=2.0, alpha=0.7):
# Soft target loss (KL divergence between teacher and student distributions)
soft teacher = F.softmax(teacher logits / temperature, dim=1)
soft student = F.log softmax(student logits / temperature, dim=1)
k1l loss = F.kl div(soft student, soft teacher, reduction='batchmean')

# Hard target loss (standard cross-entropy with ground truth)
ce loss = F.cross entropy(student logits, labels)

# Combined loss
return alpha * (temperature ** 2) * kl loss + (1 - alpha) * ce loss

Listing 68: Distillation loss combining KL divergence on soft targets with cross-entropy on hard labels

10.4 Three Levels of Distillation

The notebook demonstrates distillation at three scales:
Level 1 - MLP (MNIST):
Table 41: Distillation Level 1: MLP on MNIST

Model Architecture Parameters Accuracy
Teacher 2 hidden layers (512 + 256) 530K 97.8%
Student (no distillation) 1 hidden layer (128) 100K 96.1%
Student (with distillation) 1 hidden layer (128) 100K 98.0%

The distilled student exceeded the teacher - the soft targets acted as regularization.
Level 2 - BERT (Tweet Sentiment):
Table 42: Distillation Level 2: BERT on Tweet Sentiment

Model Size Accuracy
Teacher: bert-large-uncased 340M params 22% (unfine-tuned!)
Student: bert-base-uncased  110M params 60.8% (distilled)

Pedagogical caveat: This example is atypical — the teacher was not fine-tuned for sentiment
classification, so the student’s improvement comes primarily from the hard labels (ground truth),
not the soft targets. In a proper distillation setup, the teacher should be a strong model fine-tuned
for the target task. The student would then benefit from the teacher’s soft probability distributions
(“dark knowledge”) revealing inter-class similarities that hard labels cannot express. This example

demonstrates the mechanics of the distillation pipeline, but not the typical benefit of soft targets.
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Level 3 - LLM (Causal Language Model):
Table 43: Distillation Level 3: LLM Causal Language Model

Model Size
Teacher: microsoft/phi-2 2.7B params
Student: microsoft/phi-1.5 1.3B params

Both loaded in 8-bit quantization. Per-prompt distillation loop with
ignore index=tokenizer.pad token id in cross-entropy loss.

Real-world production pattern - DeepSeek R1 distillation: DeepSeek R1 (671B parameters,
Mixture-of-Experts architecture) was distilled into a family of smaller variants: 1.5B, 7B, 8B, 14B, 32B, and
70B parameter models. The distilled models retained much of the original’s reasoning capability because
the distillation process preserved the chain-of-thought reasoning patterns, not just the final answers. This
is known as “reasoning distillation” - the student learns the teacher’s reasoning process, including
intermediate steps and self-correction patterns. This approach is closely related to Google’s “Distilling
Step-by-Step” method, where the key insight is that distilling how a model thinks (rationales, step-by-
step breakdowns) transfers far more capability than distilling what it outputs (final answers alone). The
DeepSeek R1 distilled variants demonstrated that even a 7B model can exhibit strong multi-step reasoning
when trained on the full reasoning traces of a much larger model, making reasoning distillation one of the

most effective techniques for compressing large reasoning models into deployable sizes.

10.5 Key Research References

o “Distilling Step-by-Step” (Google, ACL 2023): A 770M T5 student outperformed 540B PaLM by
distilling the reasoning process, not just the final answers
o TinyBERT (Huawei, 2020): 4-layer BERT achieving 96.8% of BERT-base performance at 7.5x smaller

size

e DeepSeek R1 Distill: Production example of distilling a large reasoning model into 1.5B-7B variants
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10.6 Worked Example: Distilling a Fraud Detection Model

Scenario: A bank has a large BERT-based fraud detection model (340M params, 200ms latency) deployed
on cloud servers. They need a smaller model for real-time transaction screening at the payment terminal
(< 20ms latency).

Teacher model: Fine-tuned bert-large on 5M labeled transactions (fraud/legitimate)
Student model: distilbert-base (66M params, 6x smaller)
Training data with soft labels from teacher:

Table 44: Training Data with Soft Labels from Teacher

Transaction Features Hard Label Teacher Soft Output

“$4,999 wire transfer, new payee, 3am” Fraud (1) [0.03, 0.97] - very confident fraud

“$50 grocery store, usual location” Legit (0) [0.99, 0.01] - very confident legit

“$800 online purchase, known merchant, new Legit (0) [0.71, 0.29] - uncertain, 29% fraud signal
device”

The value of soft targets: The third example is labeled “legitimate” but the teacher assigns 29% fraud
probability - this uncertainty teaches the student that “new device + large amount” is a risk signal worth

learning, even when the final label is legitimate. Hard labels alone would lose this nuance.

Inference after distillation — testing the student model:

from transformers import AutoModelForSequenceClassification, AutoTokenizer
import torch

# Load the distilled student model

student model = AutoModelForSequenceClassification.from pretrained("./distilled-fraud-
detector")

tokenizer = AutoTokenizer.from pretrained("distilbert-base-uncased")

student model.eval()

# Test transaction
transaction = "$4,999 wire transfer, new payee, 3am, first international transfer"
inputs = tokenizer(transaction, return tensors="pt", truncation=True, max length=128)

with torch.no grad():
logits = student model(**inputs).logits
probs = torch.softmax(logits, dim=1)
prediction = "FRAUD" if probs[0][1] > 0.5 else "LEGITIMATE"
probs[0][1].item() if prediction == "FRAUD" else probs[0][0].item()

confidence
print(f"Prediction: {prediction} (confidence: {confidence:.2%})")
# Expected: Prediction: FRAUD (confidence: 96.42%)

# Student achieves ~95% of teacher accuracy at 6x smaller size and 10x faster inference

Listing 69: Distilled fraud detection student model inference with confidence scoring
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10.7 Section Summary

Knowledge distillation compresses a large teacher model into a smaller student model by training on the
teacher’s soft probability distributions rather than hard labels alone, using temperature scaling (T = 2—
5) to reveal inter-class relationships (“dark knowledge”). The distillation loss combines KL divergence
on temperature-softened outputs with standard cross-entropy on ground-truth labels, weighted by o and
compensated by T2. The section demonstrates distillation at three scales — MLP on MNIST, BERT
on tweet sentiment, and causal LLM (Phi-2 to Phi-1.5) — and discusses production applications such
as DeepSeek R1’s reasoning distillation into 1.5B—70B variants and Google’s “Distilling Step-by-Step”
method.
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11 - LLaMA Factory Framework

Notebook: llamafactory.ipynb Config: train gemma glora.yaml

11.1 What Is LLaMA Factory

LLaMA Factory is an open-source fine-tuning project (GitHub: hiyouga/LLaMA-Factory, 63K stars, 7.7K
forks) created by Yaowei Zheng. It provides both a Web UI (LLaMA Board) and a CLI for model
fine-tuning.

Key insight: LLaMA Factory is built on top of Hugging Face libraries (transformers, peft, bitsandbytes,
trl). It does not implement custom model code - it wraps HF libraries with custom training pipelines, U,

data templates, and dataset handling.

11.2 Supported Training Methods

Table 45: LLaMA Factory Supported Training Methods

Method Description

SFT Supervised fine-tuning with LoRA/QLoRA

DPO Direct Preference Optimization

RLHF Reinforcement Learning from Human Feedback (reward modeling + PPO)
RLAIF Reinforcement Learning from AI Feedback

Full Fine-tuning Train all model weights

11.3 Supported Data Formats

Table 46: LLaMA Factory Supported Data Formats

Format Columns Use Case
Alpaca instruction, input, output Instruction fine-tuning
ShareGPT conversations (from/value pairs) Conversational fine-tuning

DPO prompt, chosen, rejected Preference alignment

11.4 Data Configuration

LLaMA Factory uses a central registry file to define how custom datasets should be parsed. Custom

datasets require an entry in data/dataset info.json:
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{
"my custom data": {
"file name": "data/my data.json",
"formatting": "alpaca",
"columns": {
"prompt": "instruction",
"query": "input",
"response": "output"
}
}
}

Listing 70: LLaMA Factory dataset__info.json entry for registering a custom Alpaca dataset

For Hugging Face datasets, specify the HF repository URL instead of a local file path.

11.5 CLI Training

LLaMA Factory supports fully configuration-driven training through YAML files, allowing you to launch

training jobs from the command line without writing any Python code.

# Create a YAML config file with all parameters
# Then run:
python -m 1lamafactory.cli train config.yaml

Listing 71: LLaMA Factory CLI training command with YAML configuration file

The YAML config includes: model name/path, stage (sft/dpo), fine-tuning type (lora), dataset, template,

learning rate, epochs, batch size, output directory, quantization settings, etc.

11.5.1 LLaMA Factory CLI Commands Reference

Table 47: LLaMA Factory CLI Commands Reference

Command Purpose

1lamafactory-cli train config.yaml Run a training/fine-tuning session (LoRA, QLoRA, Full

FT)
1lamafactory-cli chat config.yaml Launch CLI chat after training/export
1lamafactory-cli eval config.yaml Evaluate model (perplexity/custom eval)

1lamafactory-cli export config.yaml Merge adapters and export final model

1lamafactory-cli api config_api.yaml Start an API server endpoint (OpenAl-style)

1lamafactory-cli webui Launch graphical interface (training, eval, chat, export)
1lamafactory-cli webchat Launch web-based chat Ul
1lamafactory-cli version Show installed version

11.5.2 Key YAML Configuration Parameters

Model Download Source ( hub_name ):

e huggingface - Default recommended source

95 Created by Isham Rashik



Fine-Tune, Quantize, Evaluate: The Complete Guide

e modelscope - China-based model hub for Chinese models

e openmind - Local folder or custom storage for offline loading
Fine-Tuning Method ( finetuning_type ):

Table 48: Fine-Tuning Method Parameter Options

Method Description VRAM
lora Train only small adapters Low - best practical method
full Train all weights Very high - maximum accuracy

freeze  Freeze some layers, train others Medium - stable training

Quantization Bit ( quantization_bit ):

Table 49: Quantization Bit Configuration

Setting Effect

none Full precision - highest VRAM

8 8-bit loading - moderate VRAM reduction

4 4-bit (QLoRA) - minimum VRAM, best choice for fine-tuning

Quantization Method ( quantization_method ):

o bnb (BitsAndBytes) - Stable, recommended default
o hqq (High Quality Quantization) - Better accuracy preservation, slightly heavier

e etqq - Experimental fast quantization, not stable for all models
Training Speed Enhancer ( ster ):

e auto - LLaMA Factory automatically selects fastest kernel

e flash attn - Flash Attention for GPU memory and speed improvement
o unsloth - Ultra-fast training, halves VRAM, best for laptops/Colab

e liger kernel - Advanced fused kernels, stable + faster training

Compute Type:

Table 50: Compute Type Options

Type Description Best For

bflé Fast, low-memory, stable A100, H100, RTX 4090
fpl6 Half precision, memory efficient Most GPUs

fp32 Full precision Maximum accuracy (slow)
pure bfl6 All operations in bfl6 Premium GPUs, big models

RoPE Scaling ( rope_scaling ): Extends context window beyond default
e none - Original context length

e linear - Basic long-context extension

e dynamic - Adaptive positional scaling, more stable

e yarn - SOTA method for 8K->32K->128K upgrades

Other important parameters:

e learning rate: 5e-5 to 2e-4 recommended for QLoRA

e cutoff len: Max input token length (common: 2048 or 4096)
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o max_grad_norm: Gradient clipping to prevent gradient explosion (common: 1.0)

o max_samples : Limit dataset size for training speed/cost control

11.6 Worked Example: E-Commerce Customer Support Bot

Scenario: An e-commerce company wants to fine-tune Llama 4 Scout 17B to handle customer support
queries - returns, order tracking, product recommendations - using LLaMA Factory’s Ul instead of writing

code.

Training data (ShareGPT format, saved as data/ecommerce_support.json ):

{
"conversations": [
{"from": "system", "value": "You are a helpful customer support agent for ShopMax,
an online electronics retailer. Be concise, empathetic, and solution-oriented."},
{"from": "user", "value": "I ordered a laptop 5 days ago and it still hasn't
shipped. Order #SM-29471."},
{"from": "assistant", "value": "I understand the frustration with the delay on order

#SM-29471. Let me look into this for you.\n\nOur standard processing time is 1-2 business
days, so a 5-day delay is unusual. This could be due to:\nl. Stock verification for high-
value items (laptops require serial number logging)\n2. Payment verification hold\n3.
Warehouse backlog\n\nI've flagged your order for priority processing. You should receive a
shipping confirmation with tracking within 24 hours. If you don't, please reply to this
thread and I'll escalate to our fulfillment team directly."}
]
}
{
"conversations": [

{"from": "system", "value": "You are a helpful customer support agent for ShopMax,
an online electronics retailer. Be concise, empathetic, and solution-oriented."},

{"from": "user", "value": "The monitor I received has a dead pixel in the center of
the screen. Can I return it?"},

{"from": "assistant", "value": "I'm sorry to hear about the dead pixel - that's
definitely a defect covered under our quality guarantee.\n\nHere's how to proceed:\nl.
**Return window:** You're within our 30-day return policy for defective items\n2.
**Process:** Go to ShopMax.com/returns - enter your order number - select \"Defective
item\" - print the prepaid return label\n3. **Replacement:** We'll ship a replacement
within 1 business day of receiving your return, or you can opt for a full refund\n4. **No
restocking fee:** Defective items are exempt from the 15% restocking fee\n\nWould you
prefer a replacement or a refund?"}

I

Listing 72: ShareGPT training data for e-commerce customer support bot fine-tuning
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LLaMA Factory dataset_info.json entry:

{
"ecommerce support": {
"file name": "data/ecommerce support.json",
"formatting": "sharegpt",
"columns": {
"messages": "conversations"
}
}
}

Listing 73: LLaMA Factory dataset_info.json entry for ShareGPT-formatted e-commerce data
LLaMA Factory YAML config ( configs/ecommerce_sft.yaml ):

model name or path: meta-1llama/Llama-3.1-8B
stage: sft

finetuning type: lora

dataset: ecommerce support

template: llama3

lora_rank: 16

lora_alpha: 32

learning rate: 2e-4

num_train_epochs: 3

per device train batch size: 4
quantization bit: 4

output dir: ./outputs/ecommerce-support-bot

Listing 74: LLaMA Factory YAML training configuration for QLoRA SFT on Llama 3.1

What makes this example useful: LLaMA Factory handles all the boilerplate - tokenization, prompt
formatting, LoRA setup, quantization, trainer configuration - from a single YAML file. The same task
done manually with Hugging Face (Sections 2-3) requires 50 lines of Python. This is LLaMA Factory’s

value proposition.

Inference after training — testing with LLaMA Factory CLI:

# Option 1: CLI chat (interactive)
llamafactory-cli chat configs/ecommerce sft.yaml

# Option 2: Export merged model, then use standard HuggingFace inference
llamafactory-cli export configs/ecommerce sft.yaml

Listing 75: LLaMA Factory CLI chat and export commands for trained model deployment
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# Option 3: Python inference after export
from transformers import AutoModelForCausallLM, AutoTokenizer

model = AutoModelForCausallLM.from pretrained("./outputs/ecommerce-support-bot/merged")
tokenizer = AutoTokenizer.from pretrained("./outputs/ecommerce-support-bot/merged")

messages = [

{"role": "system", "content": "You are a helpful customer support agent for
ShopMax. "},
{"role": "user", "content": "I received a damaged laptop screen. What should I do?"},

]

prompt = tokenizer.apply chat template(messages, tokenize=False,

add generation prompt=True)

inputs = tokenizer(prompt, return tensors="pt").to(model.device)
outputs = model.generate(**inputs, max new tokens=200, temperature=0.4)
print(tokenizer.decode(outputs[0], skip special tokens=True))

Listing 76: Python inference with exported LLaMA Factory merged model using chat template

11.7 Section Summary

LLaMA Factory provides a beginner-friendly UI and a scriptable CLI for fine-tuning, built on Hugging
Face libraries. It supports SF'T, DPO, RLHF, and full fine-tuning with Alpaca, ShareGPT, and DPO data

formats.
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12 - Unsloth Framework

Notebook: unsloth practical.ipynb Benchmark vs HF:
LIM Fine-Tuning-unsloth-vs-hf/

12.1 What Is Unsloth

Unsloth is a high-performance fine-tuning framework that claims 2—3 X faster training and 50-80%
less GPU memory compared to standard Hugging Face training, with no accuracy loss (exact math,

no approximation).

12.2 How Unsloth Achieves Performance (Gains
Table 51: Unsloth Performance Optimizations

Optimization Description

Custom CUDA & Triton kernels Replaces standard PyTorch kernels with optimized
GPU code. CUDA is Nvidia’s parallel computing
platform and API; Triton is OpenAI’s open GPU
kernel language

Fused attention + MLP operations Merges the two main transformer blocks (attention
and feed-forward network) into a single operation

Optimized forward/backward propagation Optimizations at the loss function and optimizer

level
Smart gradient checkpointing More efficient checkpoint storage in memory
Flash Attention compatibility 10-aware exact attention - efficiently loads attention

operations into memory
Manual backpropagation engine Does NOT use PyTorch autograd’s directed acyclic
graph; uses custom backpropagation logic
Automatic sequence packing Combines multiple short sequences into a single

batch entry to avoid wasted padding

12.3 Long Context Training

Unsloth’s most impressive feature - handles up to 300K token training sequences:

Table 52: Unsloth Long Context Support

GPU VRAM Max Context (Unsloth) Max Context (Standard HF)

8 GB 3,000 tokens OOM error
12 GB 21,000 tokens OOM error
16 GB 40,000 tokens OOM error

24 GB 78,000 tokens OOM error
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GPU VRAM Max Context (Unsloth) Max Context (Standard HF)

80 GB 340,000 tokens 28,000 tokens

12.4 Practical Implementation

The following code demonstrates Unsloth’s optimized workflow: loading a 4-bit quantized model, applying

LoRA adapters with Unsloth’s custom kernels, and training with TRL’s SFTTrainer . This entire pipeline
runs on a free Google Colab T4 GPU.

from unsloth import FastLanguageModel

# Load model with Unsloth optimizations
model, tokenizer = FastlLanguageModel.from pretrained(

model name="unsloth/tinyllama-bnb-4bit",
max_seq length=4096,

dtype=None, # Auto-detect

load in 4bit=True # 4-bit quantization

# Apply LoRA
model = FastLanguageModel.get peft model(

model,

r=16,

target_modules=["q_proj", "k _proj", "v_proj", "o_proj",
"gate proj", "up proj", "down proj"l,

lora_alpha=16,

lora dropout=0,

bias="none",

# Training uses SFTTrainer from TRL
from trl import SFTTrainer, SFTConfig

trainer = SFTTrainer(

)

model=model,

tokenizer=tokenizer,

train_dataset=dataset,

args=SFTConfig(
output_dir="outputs",
num_train_epochs=3,
per device train batch size=2,
learning_rate=2e-4,

),

trainer.train()

Listing 77: Unsloth FastLanguageModel setup with LoRA and SFT Trainer for optimized training
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Configuration best practices:

e Set random seeds for reproducibility: torch.manual seed(42) , torch.cuda.manual seed(42) ,
random.seed(42) , np.random.seed(42)

e Enable TF32 for faster matrix multiplication: torch.backends.cuda.matmul.allow tf32 = True

o Set high float precision: torch.set float32 matmul precision("high")

12.5 Worked Example: Legal Contract Analysis with Long Context

Scenario: A law firm wants to fine-tune a model to analyze 20-50 page contracts - identifying risk clauses,
summarizing obligations, and flagging non-standard terms. Standard Hugging Face training on a free
Colab T4 (16GB VRAM) can only handle 1,024 tokens per sample. Unsloth enables 40,000 tokens -

enough for full contracts.

Training data (Alpaca format with long-context input):

"instruction": "Identify all indemnification clauses and assess risk level for the
buyer.",

"input": "[Full 15-page SaaS agreement text - ~12,000 tokens covering service terms,
SLAs, data processing, indemnification, limitation of liability, termination...]",

"output": "## Indemnification Analysis\n\n### Clause 1 (Section 8.1 - Vendor
Indemnification)\n**Risk: LOW**\nVendor indemnifies Buyer against third-party IP
infringement claims arising from use of the Service. This is standard and favorable to
Buyer.\n\n### Clause 2 (Section 8.2 - Buyer Indemnification)\n**Risk: HIGH**\nBuyer
indemnifies Vendor against \"any and all claims arising from Buyer's use of the Service.\"
This language is overly broad - it could include claims caused by Vendor's own negligence.
Recommend narrowing to \"claims arising from Buyer's breach of this Agreement or misuse of
the Service.\"\n\n### Clause 3 (Section 8.3 - Indemnification Cap)\n**Risk:
MEDIUM**\nIndemnification is capped at 12 months of fees paid. Industry standard is
typically 24 months or uncapped for IP indemnification. Recommend negotiating to 24

months."
+
{
"instruction": "Summarize the termination provisions and identify any lock-in risks.",
"input": "[Full 22-page enterprise software license - ~18,000 tokens...]"
"output": "## Termination Summary\n\n**Term:** 36-month initial term with automatic

12-month renewals.\n**Termination for convenience:** Only permitted at end of current term
with 90-day written notice. No mid-term termination without cause.\n**Termination for
cause:** 30-day cure period for material breach.\n\n### Lock-in Risks\nl. **Data
portability (HIGH RISK):** No contractual obligation for Vendor to provide data export in
standard format upon termination. Recommend adding a data portability clause.\n2. **Auto-
renewal (MEDIUM RISK):** 90-day notice window is aggressive - calendar reminders
recommended.\n3. **Early termination fee (HIGH RISK):** Remaining contract value is due
upon early termination. On a $500K/year deal, this could mean $1M+ liability."

}

Listing 78: Long-context Alpaca training data for legal contract risk analysis
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Why Unsloth is essential here: Each contract is 12,000-18,000 tokens. Standard HF training on a T4
GPU would produce an OOM error at 1,024 tokens. Unsloth’s memory optimizations enable processing
40,000-token sequences on the same hardware - making full-contract analysis possible without expensive
A100 GPUs.

Inference after training — testing the contract analysis model:
from unsloth import FastLanguageModel

# Load trained model (Unsloth requires its own inference mode switch)

model, tokenizer = FastlLanguageModel.from pretrained("./outputs/contract-analyzer")
FastLanguageModel.for inference(model) # REQUIRED: switches from training to inference
mode

# Analyze a new contract
contract text = "[Full 18-page vendor agreement text...]"
prompt = f"""Below is an instruction that describes a task, paired with an input.

### Instruction:
Identify all indemnification clauses and assess risk level for the buyer.

### Input:
{contract text}

### Response:

inputs = tokenizer(prompt, return tensors="pt").to(model.device)

outputs = model.generate(**inputs, max new_ tokens=500, temperature=0.3)
print(tokenizer.decode(outputs[0], skip_ special tokens=True).split("### Response:")
[-1].strip())

Listing 79: Unsloth long-context contract analysis inference with for inference mode switch

Unsloth inference requirement: Always call FastLanguageModel.for inference(model) be-
fore generating — this disables LoRA training mode and enables optimized inference kernels.

Forgetting this step results in significantly slower generation.

Performance comparison on this task:

Table 53: Performance Comparison: Unsloth vs HuggingFace

Metric Standard HF (T4 16GB) Unsloth (T4 16GB)
Max sequence length 1,024 tokens (OOM beyond) 40,000 tokens
Training time (100 examples, 3 epochs) N/A (OOM) 45 minutes

VRAM usage >16GB (crash) 11GB

103 Created by Isham Rashik



Fine-Tune, Quantize, Evaluate: The Complete Guide

12.6 Head-to-Head Benchmark: Unsloth vs HuggingFace

The repo includes a controlled benchmark ( LLM Fine-Tuning-unsloth-vs-hf/ ) with identical setups -
same dataset (yahma/alpaca-cleaned, 200 samples), same model (TinyLlama 1.1B), same hyperparameters
(50 steps, batch_ size=2, gradient_ accumulation=4, lr=2e-4).

Key differences in setup:

Table 54: Key Setup Differences: Unsloth vs HuggingFace

Aspect HuggingFace Unsloth
Model loading AutoModelForCausallM FastLanguageModel. from pretrained
+ BitsAndBytesConfig (pre-quantized)
LoRA targets q_proj , v_proj (2 modules) q_proj, k proj, v proj, o proj (4
modules)
Pre-inference step None FastLanguageModel. for inference(model)
Import order Any order import unsloth MUST be first import

Key observations:

o Unsloth targets 4 attention projections by default (vs HF’s typical 2), yet still uses less memory due
to kernel optimizations

o Unsloth uses pre-quantized model checkpoints ( unsloth/tinyllama-bnb-4bit ), eliminating runtime
quantization overhead

« VRAM measurement: torch.cuda.reset peak memory stats() +

torch.cuda.max_memory reserved() for accurate peak tracking

12.7 Model Support

Unsloth supports almost all model types:

o Text-to-Text (text generation, chat models): Mistral, DeepSeek, Qwen, Gemma, Phi, LLaMA
o Multimodal models (text + image + audio)

o Image-to-Text (Optical Character Recognition (OCR), vision-language models)

o Text-to-Speech (TTS): Orpheus, Bark, XTTS

o Speech-to-Text (STT): Whisper, Whisper Large, Wav2Vec2

e Vision: Qwen3-VL

e Classical language models like BERT

12.8 Training Types Supported

e Full Fine-Tuning

« LoRA

e QLORA (4-bit and 8-bit)

o 16-bit LoRA

o FP8 Training (on compatible hardware)

e Reinforcement Learning: Reward Modeling, KTO, PPO, GRPO, GSPO, DPO, ORPO
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12.9 Why Unsloth Is Fast (Internal Optimizations)

Unsloth’s speed comes from deep internal optimizations, not configuration tricks:

Custom CUDA & Triton kernels (not standard PyTorch autograd)
Fused attention and MLP operations

Optimized forward and backward pass

Smart gradient checkpointing

Flash-Attention compatibility

Manual backpropagation engine (not PyTorch autograd)

Automatic sequence packing

Result: Exact math (no approximation), practically zero accuracy loss, 2-3x faster, 50-80% less VRAM.

Benchmark context: Unsloth’s performance claims are model- and hardware-dependent. The head-
to-head benchmark in Section 12.6 uses only 50 training steps on 200 samples of TinyLlama 1.1B
— a small test that demonstrates the speedup pattern but is not a rigorous large-scale benchmark.
Performance gains may vary with model size, sequence length, GPU architecture, and batch size. The

claims are well-supported for the tested configurations but should be validated on your specific setup.

Technology Stack:

Unsloth Technology Stack

User Code

v

Unsloth (Optimized Engine)

{

Hugging Face (Transformers + PEFT + TRL)

v

PyTorch

v

CUDA / Triton Kernels

v

GPU

Figure 13: Unsloth technology stack: user code through CUDA/Triton GPU kernels

12.10 Inference Export Targets

Models trained with Unsloth can be exported to:
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o llama.cpp (GGUF format)
e Ollama

« vLLM

e SGLang

o Hugging Face Hub

e Open WebUI

Note: These are inference/deployment tools, NOT training tools.

12.11 Embedding Fine-Tuning with Unsloth

Unsloth now supports embedding model fine-tuning through SentenceTransformers integration, bringing

its speed optimizations to retrieval and RAG use cases (see Section 18 for embedding fine-tuning funda-
mentals).

Supported models: EmbeddingGemma-300M, Qwen3-Embedding (0.6B/4B), BGE-M3, All-MiniL.M-
L6-v2, ModernBERT, E5-large, MPNet, DistilBERT, and most encoder-only models with modules. json

files.

Training modes: LoRA, QLoRA (4-bit), 16-bit LoRA, and full fine-tuning - all with no pipeline rewrites
needed. Cross-encoder training is also supported.

Performance: 1.8-3.3x faster training with 20% less memory compared to standard Flash Attention 2
implementations. EmbeddingGemma-300M with QLoRA requires just 3GB VRAM.

from unsloth import FastSentenceTransformer

# Load embedding model with Unsloth optimizations
model = FastSentenceTransformer.from pretrained(
"sentence-transformers/all-MinilLM-L6-v2",

for_inference=True,

# Encode and compute similarity

query emb = model.encode query("What is LoRA?")

doc_emb = model.encode document("LoRA is a parameter-efficient fine-tuning technique...")
score = model.similarity(query _emb, doc_emb)

Listing 80: Unsloth FastSentence Transformer for optimized embedding encoding and similarity

Key advantages over standard Sentence Transformers: Automatic pooling defaults, gradient check-
pointing patches for DistilBERT /MPNet, and universal deployment (works with transformers, LangChain,

Ollama, vLLM, llama.cpp) with no vendor lock-in or accuracy degradation.

12.12 Faster MoE Training with Split LoRA

Unsloth provides optimized training for Mixture of Experts (MoE) models, delivering up to 12x faster
training with 35%+ less VRAM through custom Triton kernels and a technique called Split LoRA.
Supported MoE models: Qwen3 (30B-A3B, 235B, VL, Coder), GPT-OSS (Open-Source Series) (20B,
120B), DeepSeek (R1, V3, V3.1, V3.2), GLM (4.6, 4.7, Flash).
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Split LoRA approach: Instead of materializing full LoRA deltas across all experts, Unsloth reorders
matrix operations using associativity to avoid peak memory expansion. This becomes advantageous when
sequence length exceeds 16K tokens.

Performance benchmarks:

o GPT-0SS (Open-Source Series) BF16: 7x faster training, 36% VRAM reduction (B200, 16K context)
o Qwen3-30B-A3B: 1.7x speedup, 35% better memory efficiency
o GLM 4.7 Flash: 2.6x faster throughput, >15% less VRAM

e Enables 6x longer context compared to standard approaches

model = FastlLanguageModel.get peft model(
model,
r = 64,
target_modules = ["q_proj", "k _proj", "v_proj", "o_proj",
"gate up proj", "down proj"l,
use gradient checkpointing = "unsloth",

Listing 81: Unsloth Split LoRA configuration for efficient MoE model training

Automatic backend selection: Unsloth chooses the optimal implementation - grouped mm (default,
broad compatibility), unsloth triton (2.5x speedup on A100), or native torch (fallback). Works
across T4 through B200 and consumer GPUs (RTX 3090).

12.13 GRPO Long Context Training

Unsloth enables 7x longer context for GRPO reinforcement learning through flattened sequence chunking

and activation offloading for log softmax computation - with no accuracy or speed degradation.
Context length achievements (single GPU):

o 380K context: GPT-OSS (Open-Source Series) QLoRA on 192GB B200

e 110K context: Qwen3-8B GRPO on 80GB H100 with vLLM 4+ QLoRA

o 65K context: GPT-OSS (Open-Source Series) with BF16 LoRA
e 20-32K context: 24GB VRAM setups

Supported models: GPT-OSS (Open-Source Series), Qwen3-8B, Qwen3-VL-8B, Llama, Gemma, and

auto-supported models.
Key parameters for auto-tuning:

e unsloth grpo mini batch : Controls batch dimension chunking
o unsloth logit chunk multiplier : Handles sequence dimension chunking (defaults to
max (4, context length // 4096) )

Additional capabilities: Integration with vLLM for 11x faster generation, weight-sharing between

training and generation, Flex Attention support, and Float8 training compatibility.
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12.14 Tutorial: Training a Reasoning Model with GRPO

Unsloth provides a step-by-step tutorial for training your own reasoning model using GRPO, with pre-

configured Colab notebooks for quick setup.
Base models: GPT-OSS (Open-Source Series)-20b, Qwen3 (4B), DeepSeek-R1, Llama 3.2. VRAM

requirement is approximately 1GB per billion parameters.

Step 1 - Define a structured reasoning prompt:

SYSTEM_PROMPT = """

Respond in the following format:
<reasoning>...</reasoning>
<answer>...</answer>

Listing 82: GRPO structured reasoning system prompt with reasoning and answer tags
Step 2 - Prepare reward functions (verifiers):

Reward functions tell the model whether its outputs are good or bad. Approaches include:
o Rule-based scoring (e.g., +1 for correct answer format, —1 for excessive length)
o Pre-built verifiers (e.g., GSM8K math answer checking)

e LLM-based evaluation using a separate model to judge quality
Step 3 - Configure and train with GRPOConfig:
Key hyperparameters:

e use vllm: Enable vLLM for fast inference during generation

e num_generations : Number of completions per prompt (for group comparison)
o max_steps : Total training iterations (minimum 300 steps / 30 minutes)

e Loss type variants: grpo, bnpo, dr grpo, dapo

Step 4 - Evaluate and export:

After training, the model develops increasingly sophisticated reasoning chains. Export options include 16-

bit merged weights, GGUF format, or push directly to Hugging Face Hub.

What makes GRPO effective for reasoning: Unlike SF'T which requires curated reasoning examples,
GRPO lets the model discover its own reasoning strategies through trial and reward. The model generates
multiple completions per prompt, compares them within the group, and reinforces strategies that lead to

correct answers.

12.15 Section Summary

Unsloth provides 2-3x faster training and 50-80% VRAM reduction through custom CUDA /Triton kernels,
fused operations, flash attention, and manual backpropagation - all with zero accuracy loss. It enables
training on free Colab GPUs that would otherwise produce OOM errors. Unsloth also extends its
optimizations to embedding fine-tuning for RAG (Section 12.11), MoE models with Split LoRA for up to
12x speedup (Section 12.12), GRPO long-context RL training supporting up to 380K context on a single
GPU (Section 12.13), and a complete tutorial for training reasoning models with GRPO (Section 12.14).
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13 - Axolot]l Framework

Notebook: axolotl final code.ipynb Config examples: axolotal-config/ Docker setup:
xolotl- ker-setup-steps.md
13.1 What Is Axolotl

Axolotl is a config-driven fine-tuning framework that simplifies complex training setups. Unlike LLaMA

Factory (which provides a UI), Axolotl is designed for engineers who want maximum control through
YAML/Python configuration.

13.2 Axolotl vs LLaMA Factory vs Unsloth

Table 55: Azolotl vs LLaMA Factory vs Unsloth

Feature LLaMA Factory Unsloth Axolotl

Interface Web UI + CLI Python API YAML config + CLI

Primary strength  Beginner-friendly = Speed/memory  optimiza- Flexibility/configurability

tion

Docker support Limited No First-class (official Docker
image)

Multi-GPU Via HF Accelerate Single GPU focus Fully Sharded Data Parallel
(FSDP), DeepSpeed native
support

DPO support Yes Yes Yes (separate config)

Sample packing Yes Yes (automatic) Yes

Custom optimizers Limited No paged adamw 8bit

adamw_torch , others

109 Created by Isham Rashik


https://github.com/sunnysavita10/Complete-LLM-Finetuning/blob/main/LLM%20Fine-Tuning-19-Axolotl/axolotl_final_code.ipynb
https://github.com/sunnysavita10/Complete-LLM-Finetuning/tree/main/LLM%20Fine-Tuning-19-Axolotl/axolotal-config
https://github.com/sunnysavita10/Complete-LLM-Finetuning/blob/main/LLM%20Fine-Tuning-19-Axolotl/axolotl-docker-setup-steps.md

Fine-Tune, Quantize, Evaluate: The Complete Guide

13.3 Configuration-Driven Training

Axolotl accepts configuration either as a Python dictionary or as a YAML file. Both approaches specify the

same parameters - base model, adapter type, quantization, dataset paths, and training hyperparameters.

Programmatic config (Python):

from axolotl.utils.config import DictDefault

cfg = DictDefault({

b

"base model": "Qwen/Qwen2.5-3B-Instruct",

"load _in 4bit": True,

"adapter": "qlora",

"lora_r": 32,

"lora_alpha": 64,

"lora_target modules": ["q_proj", "k proj", "v_proj", "o proj",
"gate proj", "down proj", "up proj"l,

"datasets": [{"path": "bpHigh/pirate-ultrachat-10k", "type": "chat template"}1,

"chat_template": "qwen3",

"optimizer": "paged adamw 8bit",

"lr_scheduler": "cosine",

"learning rate": 2e-4,

"num_epochs": 1,

"micro_batch size": 1,

"gradient accumulation steps": 8,

"gradient checkpointing": True,

"sample packing": True,

"max_grad norm": 0.1,

"fple": True,

Listing 83: Axolotl programmatic configuration with DictDefault for QLoRA fine-tuning
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YAML config ( base_sft_lora.yaml ):

base model: meta-llama/Llama-2-7b-hf
adapter: lora
lora r: 16
lora_alpha: 32
lora _dropout: 0.05
lora_target modules:
- g_proj
- k _proj
- V_proj
- 0_proj
- gate proj
- up_proj
- down proj
datasets:
- path: timdettmers/openassistant-guanaco
type: chat template
sequence len: 2048
micro batch size: 1
gradient accumulation steps: 8
optimizer: adamw_torch
learning rate: 2e-4
fpl6: true
gradient checkpointing: true

Listing 84: Axolotl YAML config base__sft_lora.yaml for Llama 2 LoRA fine-tuning

13.4 Training and Inference

Axolotl’s Python API loads a YAML or dictionary configuration, prepares the datasets, and runs training
in a single call. After training, inference uses the standard HuggingFace tokenizer and model generation

pipeline.

from axolotl.cli.args import load cfg
from axolotl.common.datasets import load datasets
from axolotl.train import train

# Load config, prepare data, train

cfg = load cfg(cfg)

dataset meta = load datasets(cfg=cfg, cli_args=cli_args)

model, tokenizer, trainer = train(cfg=cfg, dataset meta=dataset meta)

# Inference with chat template

messages = [{"role": "user", "content": "Explain LoRA in one paragraph."}]
prompt = tokenizer.apply chat template(messages, add generation prompt=True,
tokenize=False)

inputs = tokenizer(prompt, return_tensors="pt").to(model.device)

outputs = model.generate(**inputs, max_new_tokens=200)
print(tokenizer.decode(outputs[0], skip_special tokens=True))
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Listing 85: Axolotl Python API: load config, prepare datasets, train, and run inference

13.5 DPO with Axolotl
DPO is configured as a separate YAML that overrides the base SF'T config:
training type: dpo
dpo beta: 0.1
datasets:
- path: argilla/ultrafeedback-binarized

type: preference

Listing 86: Axolotl DPO configuration with beta and preference dataset

13.6 Docker Workflow

Axolot] provides official Docker images with all dependencies pre-installed, which avoids CUDA version
conflicts and simplifies multi-GPU setups. The container supports training, inference, and LoRA merging

through simple CLI commands.

# Launch container with GPU access
docker run --gpus all --rm -it axolotlai/axolotl:main-latest

# Train
axolotl train my config.yaml

# Inference (with optional Gradio UI)
axolotl inference --lora-model-dir outputs/checkpoint-100 --gradio

# Merge LoRA into base model for standalone deployment
axolotl merge-lora --lora-model-dir outputs/checkpoint-100

Listing 87: Axolotl Docker workflow: launch container, train, infer, and merge LoRA

13.7 Framework Comparison: HF vs Unsloth vs LLaMA-Factory vs Axolotl
Table 56: Framework Comparison: HF vs Unsloth vs LLaMA-Factory vs Azxolotl

Dimension Hugging Face Unsloth LLaMA-Factory Axolotl
Core Purpose Base ML frame- Performance en- End-to-end fine- Training  orches-

work for model gine that acceler- tuning  platform trator for scalable

training & infer- ates HF with Ul experiments
ence
Performance Baseline speed, 2-3x faster, 50-80% Same as HF (no Same as HF (no
high VRAM less VRAM (veri- kernel  optimiza- kernel  optimiza-
fied) tion) tion)
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Dimension Hugging Face Unsloth LLaMA-Factory Axolotl
GPU-level ~ Opti- None  (standard Custom CUDA None None
mizations PyTorch ops) + Triton kernels,

Workflow & Scale

manual backprop

Code-heavy, man- Simple code, sin- Ul + CLI driven, YAML-driven, re-
ual setup gle-GPU focused structured but less producible, multi-
scalable GPU, DeepSpeed/
FSDP
13.8 HF vs Axolotl: Performance Optimization Comparison
Table 57: HF vs Axolotl Performance Optimization Comparison
Optimization Hugging Face Alone Axolotl
Multipacking Manual custom collator Built-in
Flash Attention Manual enable + version issues Auto-handled
xFormers Manual install 4+ config Plug & play
Liger Kernel Not native Integrated
Cut Cross Entropy Custom loss Built-in

Sequence Parallelism (SP)

LoRA optimizations

Multi-GPU (FSDP1/FSDP2)

DeepSpeed

Multi-node training

Very complex

PEFT tuning needed
Manual painful
JSON + code glue

torchrun setup

13.9 Notable Configuration Options

Parameter

sample packing

gradient checkpointing
max_grad_norm

paged adamw 8bit
cosine Ir_scheduler

embeddings skip upcast

Partial / advanced
Optimized defaults
One-flag

Stable configs
torchrun / Ray ready

Table 58: Axolotl Notable Configuration Options

Purpose

Combine short sequences into one batch en-

try

Trade compute for memory
Gradient clipping threshold
Memory-efficient optimizer
Cosine annealing learning rate

Skip FP32 upcast for embeddings

13.10 Section Summary

Axolot]l Default

true

true

0.1 (aggressive)
Recommended for QLoRA
Smoother than linear

Saves memory

Axolotl is a configuration-driven fine-tuning framework that supports both YAML files and Python

dictionaries for specifying training setups, including SFT, QLoRA, and DPO workflows. Compared to
LLaMA Factory (Ul-focused) and Unsloth (single-GPU speed optimization), Axolotl targets multi-GPU

113

Created by Isham Rashik



Fine-Tune, Quantize, Evaluate: The Complete Guide

scalability with first-class FSDP and DeepSpeed support, official Docker images, and built-in performance
features such as sample packing, Flash Attention, xFormers integration, and Liger Kernel. Notable defaults
include aggressive gradient clipping (max_grad_norm 0.1), paged_adamw_ 8bit optimizer for QLoRA,

and cosine learning rate scheduling.
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14 - OpenAl API Fine-Tuning
Notebook: openai api and finetuning of gpt model.ipynb

14.1 Supported Methods

Table 59: OpenAl Fine-Tuning Supported Methods

Method Supported Models

Supervised Fine-tuning GPT-5, GPT-4.1, GPT-4.1 mini, GPT-4.1 nano
Vision Fine-tuning GPT-5, GPT-4.1

DPO GPT-5, GPT-4.1

Reinforcement Fine-tuning 03, 04-mini

14.2 Data Format
Data must be in JSONL (JSON Lines) format:

{"messages": [

{"role": "system", "content": "You are a helpful pharma assistant."},

{"role": "user", "content": "What is metformin used for?"},

{"role": "assistant", "content": "Metformin is a medication used to treat type 2
diabetes..."}
1}

Listing 88: OpenAl fine-tuning JSONL format with system, user, and assistant messages
Requirements:

e Minimum: 10 examples
e Recommended: 50-100 examples for meaningful improvement

e Maximum: depends on model

14.3 Token Counting and Cost Estimation

Before submitting a fine-tuning job, it is important to estimate the token count of your training data to
predict costs. OpenAl uses the tiktoken library — the encoding depends on the model: c1100k base
for GPT-3.5/GPT-4, and 0200k _base for GPT-40 and newer models.
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import tiktoken

# Use "cl1l00k base" for GPT-3.5/GPT-4, "0200k base" for GPT-40 and newer
encoding = tiktoken.get encoding("cl100k base")

def count tokens(messages):
total = 0
for msg in messages:
total += len(encoding.encode(msg["content"]))
return total

Listing 89: Token counting with tiktoken to estimate OpenAl fine-tuning costs
Pricing structure (per 1M tokens):

o Training compute: $1.50/hour
o Input tokens: varies by model (0.20—4.00)
o Output tokens: varies by model (higher than input)

e Cached input: discounted rate

14.4 Fine-Tuning via Python API

The OpenAl Python SDK provides a three-step workflow for fine-tuning: upload your JSONL training
file, create a fine-tuning job specifying the base model and hyperparameters, and then use the resulting

fine-tuned model for inference.
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from openai import OpenAI
client = OpenAI()

# Step 1: Upload training file

file obj = client.files.create(file=open("data.jsonl", "rb"), purpose="fine-tune")

# Step 2: Create fine-tuning job
job = client.fine tuning.jobs.create(
training file=file obj.id,
model="gpt-4.1-nano-2025-04-14",
suffix="custom-model-name",
method={"type": "supervised"},
hyperparameters={
"batch size": 16,
"learning rate multiplier": 1.0,
"n_epochs": 3

# Step 3: Monitor job
jobs list = client.fine_ tuning.jobs.list()

# Step 4: Use fine-tuned model

response = client.chat.completions.create(
model="ft:gpt-4.1-nano:org:custom-model-name:id",
messages=[{"role": "user", "content": "Your question"}]

Listing 90: OpenAl fine-tuning API: upload file, create job, monitor, and use fine-tuned model
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14.5 Worked Example: Product Description Generator for E-Commerce

Scenario: An online furniture store wants GPT-4.1-nano to generate SEO-optimized product descriptions

from raw product specs, matching the brand’s warm, lifestyle-oriented voice.

Training data ( furniture_descriptions.jsonl - one JSON object per line):

// Example 1 — Dining table (one JSON object per line in actual file)

{
"messages": [
{
"role": "system",
"content": "You are a copywriter for CozyHome Furniture. Write warm, lifestyle-

oriented product descriptions that are SEO-optimized. Include dimensions, materials, and
care instructions naturally in the prose."

}

{

"role": "user",
"content": "Product: Solid oak dining table\nDimensions: 72\"L x 36\"W Xx

30\ "H\nSeats: 6-8\nFinish: Natural oil\nPrice: $1,299"
I
{

"role": "assistant",

"content": "Gather everyone around the Harvest Oak Dining Table — where Sunday
brunches turn into afternoon conversations. Crafted from solid white oak with a natural
0oil finish that deepens over time, this table seats 6 comfortably. At 72\" long and36\"
wide, it anchors your dining room without overwhelming it. Care: wipe with a damp cloth,
re-oil once a year."

}

Listing 91: OpenAI JSONL training data — Ezample 1: dining table (formatted for readability; actual file has one
JSON object per line)
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// Example 2 — Accent chair

{
"messages": [
{

"role": "system",

"content": "You are a copywriter for CozyHome Furniture. Write warm,
lifestyle-oriented product descriptions that are
SEO-optimized."

}
{

"role": "user",

"content": "Product: Velvet accent chair\nDimensions: 28\"W x 31\"D
x 33\"H\nSeat height: 18\"\nUpholstery: Performance velvet
(stain-resistant)\nFrame: Kiln-dried hardwood\nColor
options: Emerald, Navy, Blush\nPrice: $549"

3
{

"role": "assistant",

"content": "Meet your new favorite reading spot. The Luna Accent Chair
wraps you in sumptuous performance velvet that laughs off
coffee spills. At 28\" wide with an 18\" seat height, it's
sized for real comfort. Available in Emerald, Navy, and
Blush to complement your existing palette."

}
1
}

Listing 92: OpenAI JSONL training data — Ezample 2: accent chair
Token count estimate: 250 tokens per example x 75 examples = 18,750 training tokens
Estimated cost: At GPT-4.1-nano pricing ( %Mtraim’ngtokens) x 3epochs =~0.006 total. Extremely
affordable.
Before fine-tuning (base GPT-4.1-nano):

Prompt: [Same product specs for a walnut bookshelf]

OQutput: "This walnut bookshelf measures 36x12x72 inches and features 5 shelves. It is
made of solid walnut and weighs 65 1lbs. It can hold books and decorative items.
Assembly required." « generic, specification-list style, no brand voice

Listing 93: Base GPT-4.1-nano product description: generic specification-list style

After fine-tuning:

Prompt: [Same product specs]
Output: "The Ridgeline Walnut Bookshelf turns your book collection into a design
statement.
Five generously spaced shelves in rich, hand-finished walnut give you room for
hardcovers, ceramics, and those photo frames you keep meaning to display. At 72\"
tall and just 12\" deep, it stands tall without eating floor space - perfect for
hallways, home offices, or that bare wall in the living room..."
< brand voice, lifestyle framing, specs woven naturally into prose
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Listing 94: Fine-tuned GPT-4.1-nano product description: brand voice with lifestyle framing

14.6 Section Summary

OpenAl provides fine-tuning through its Python API for GPT models. Data must be in JSONL format
with message role/content pairs. The process involves uploading data, creating a fine-tuning job, and

monitoring via API or dashboard.
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15 - Google Vertex AI / Gemini Fine-Tuning
Notebook: gemini finetuning clean.ipynb

15.1 Platform Overview

Google’s fine-tuning is available through Vertex AI on Google Cloud Platform (GCP), accessed via the
Google GenAlI SDK. Two fine-tuning approaches are supported:

1. Supervised Fine-tuning (SFT)
2. Preference Tuning (DPO/RLHF)

Both PEFT (LoRA) and Full Fine-tuning are supported.
Supported modalities: Text, documents (PDF/docx), images, audio, video.

15.2 Available Models and Pricing

Table 60: Google Vertex AI Available Models and Pricing

Model Pricing (per 1M tokens)
Gemini 3 Pro $25

Gemini 3 Flash $5

Gemini 3 Light $1.50

Open-source models (Gemma, Llama) Varies

15.3 Setup Requirements

Create a GCP project and copy the Project ID

Set up billing on GCP console (required for Vertex AI model access)
Select a location (e.g., us-centrall)

Authenticate from Colab: google.colab.auth.authenticate user()
Use the same Google account for both GCP and Colab

ARl

from google import genai
from google.genai.types import HttpOptions, CreateTuningJobConfig, TuningDataset

client = genai.Client(
vertexai=True,
project=PROJECT ID,
location=LOCATION,
http options=HttpOptions(api version="v1")

# Verify connectivity
response = client.models.generate content(model=MODEL NAME, contents="Hello")

Listing 95: Google GenAI SDK client setup with Vertex Al project and location
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15.4 Fine-Tuning Process

The tuning data format follows instruction/response pairs in JSON, with support for text, docu-

ments, images, audio, and video inputs. The fine-tuning job is created via the GenAl SDK’s

CreateTuningJobConfig .

Data format: Training data is stored as JSONL files in Google Cloud Storage. Each line contains an

instruction/response pair, similar to OpenAT’s format but with Google-specific fields for multimodal inputs

( document , image , audio, video fields alongside text ). The input / output structure maps to the

model’s instruction-following behavior.

Full fine-tuning job creation:

from google.genai.types import CreateTuningJobConfig, TuningDataset

tuning job = client.tuning jobs.create(
config=CreateTuningJobConfig(
source model="gemini-3-flash",
training dataset=TuningDataset(
gcs uri="gs://your-bucket/train.jsonl",
),
tuned model display name="my-fine-tuned-gemini",
epoch count=3,
learning rate multiplier=1.0,

# Monitor training progress

while not tuning job.has ended:
tuning job = client.tuning jobs.get(name=tuning job.name)
print(f"State: {tuning job.state}, Step: {tuning job.experiment}")

# Use the fine-tuned model

response = client.models.generate content(
model=tuning job.tuned model.endpoint,
contents="Your prompt here"

Listing 96: Vertex Al fine-tuning job: create, monitor, and use tuned Gemini model

Key configuration parameters:

source_model : The base Gemini model to fine-tune (e.g., gemini-3-flash )

training dataset : Google Cloud Storage (GCS) URI pointing to your JSONL training file

tuned _model display name : Human-readable name for the resulting model

epoch_count : Number of training passes over the dataset (typically 2-5)

learning_rate _multiplier: Scaling factor for the learning rate (1.0 = default, lower for more

conservative updates)
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15.5 Worked Example: Invoice Data Extraction with Multimodal Gemini

Scenario: An accounting firm receives invoices in varied formats (PDFs, photos of paper invoices, scanned

documents). They want to fine-tune Gemini 3 Flash to extract structured data from any invoice format.

Training data (multimodal - image + text pairs):

{
"input": {
"text": "Extract all line items, totals, and payment terms from this invoice.",
"document": "gs://my-bucket/invoices/invoice 001.pdf"
}
"output": "{\n \"vendor\": \"Acme Industrial Supplies\",\n \"invoice number\":

\"INV-2025-0847\",\n \"date\": \"2025-11-15\",\n \"due date\": \"2025-12-15\",\n

\"line items\": [\n {\"description\": \"Steel bolts M10x40 (box of 500)\", \"qty\": 3,
\"unit price\": 42.50, \"total\": 127.50},\n {\"description\": \"Safety goggles
EN166\", \"qty\": 25, \"unit price\": 8.99, \"total\": 224.75},\n {\"description\":
\"Welding rods 2.5mm (5kg)\", \"qty\": 2, \"unit price\": 35.00, \"total\": 70.00}\n 1,\n
\"subtotal\": 422.25,\n \"tax_rate\": \"20%\",\n \"tax amount\": 84.45,\n \"total\":
506.70,\n \"payment terms\": \"Net 30\",\n \"bank details\": \"Sort: 12-34-56, Account:
12345678\"\n}"

}
{
"input": {
"text": "Extract all line items, totals, and payment terms from this invoice.",
"image": "gs://my-bucket/invoices/handwritten invoice photo.jpg"
}
"output": "{\n \"vendor\": \"Bob's Plumbing Services\",\n \"invoice number\":

\"BP-392\",\n \"date\": \"2025-10-28\",\n \"line items\": [\n {\"description\":
\"Emergency callout fee\", \"qgty\": 1, \"unit price\": 75.00, \"total\": 75.00},\n
{\"description\": \"Labor (2.5 hours @ $65/hr)\", \"qty\": 2.5, \"unit price\": 65.00,
\"total\": 162.50},\n {\"description\": \"Replacement valve assembly\", \"gty\": 1,
\"unit price\": 48.00, \"total\": 48.00}\n ],\n \"subtotal\": 285.50,\n \"tax rate\":
\"0%\",\n \"tax _amount\": 0.00,\n \"total\": 285.50,\n \"payment terms\": \"Due on
receipt\"\n}"

}

Listing 97: Multimodal Gemini training data: invoice extraction with document and image inputs

Why Vertex AI / Gemini for this task:

Native multimodal support: Gemini processes PDFs, images, and scanned documents natively - no
separate OCR, pipeline needed

Document understanding: The model sees the visual layout (tables, columns, headers) not just
extracted text

Varied formats: Training on professional PDFs, handwritten invoices, and photographed receipts

teaches the model to handle real-world document variety
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Before fine-tuning (base Gemini 3 Flash):

Prompt: [Photo of handwritten invoice] "Extract all line items and totals."

Output: "This appears to be a handwritten invoice from a plumbing company. I can see
some items listed including a callout fee and labor charges. The total appears
to be around $285." « vague, unstructured, missing details

Listing 98: Base Gemini 3 Flash: vague unstructured invoice extraction
After fine-tuning:
Prompt: [Same photo]
Output: {"vendor": "Bob's Plumbing Services", "invoice number": "BP-392", ...}

« precise JSON extraction, correct values, consistent schema

Listing 99: Fine-tuned Gemini: precise JSON invoice extraction with correct schema

Inference after fine-tuning — testing the fine-tuned Gemini model:
from google import genai
client = genai.Client()
# Use the fine-tuned model endpoint from the completed tuning job

response = client.models.generate content(
model=tuning job.tuned model.endpoint,

contents={
"text": "Extract all line items, totals, and payment terms from this invoice.",
"document": "gs://my-bucket/invoices/new invoice test.pdf",

}I

)
print(response.text)
# Expected: structured JSON with vendor, invoice number, line items, totals, payment terms

# Batch inference for processing multiple invoices
import json

test_invoices = ["gs://my-bucket/invoices/test 001.pdf", "gs://my-bucket/invoices/test

002.jpg"1]
for invoice path in test_invoices:
field = "document" if invoice_ path.endswith(".pdf") else "image"

response = client.models.generate content(
model=tuning job.tuned model.endpoint,

contents={
"text": "Extract all line items, totals, and payment terms from this
invoice.",
field: invoice path,
+

)
extracted = json.loads(response.text)
print(f"{invoice path}: {extracted['vendor']} — ${extracted['total']}")

Listing 100: Fine-tuned Gemini inference: single and batch invoice extraction
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15.6 Section Summary

Google Vertex Al supports fine-tuning Gemini models via the Google GenAlI SDK. It requires GCP billing

setup and project authentication. Both SFT and preference tuning are supported with text, document,

and multimodal data.

125 Created by Isham Rashik



Fine-Tune, Quantize, Evaluate: The Complete Guide

16 - Small Language Model (SLM) Fine-Tuning

Notebook: finetune any SILM.ipynb

16.1 SLM vs LLM

Table 61: SLM vs LLM Comparison

Aspect LLM (Large Language Model) SLM (Small Language Model)

Model Size 7B -> 70B+ parameters 0.5B to 7B parameters

Primary Goal General intelligence for many unknown High accuracy for known, specific tasks
tasks

Training Data Massive, multi-domain, internet-scale  Small, curated, domain-specific

Training Cost Extremely expensive; large GPU clus- Affordable; single GPU, hours or days
ters, weeks

Inference Cost High cost, higher latency Cheap, very fast inference

Architecture Deep transformer stacks with many Fewer layers, optimized transformer
layers blocks

Reasoning Strong multi-step reasoning, CoT Basic to moderate reasoning

Context Handling Long context, better memory Short-medium context

Deployment Mostly cloud or API-based Local, on-prem, edge, single GPU

Best Use Chatbots, reasoning, exploration Agents, automation, RAG, local tools

Fine-tuning Cost  Expensive (multi-GPU, days/weeks) Very cheap (single GPU, hours)

Examples GPT-5, Claude Opus 4.6, Gemini 3 Phi-4-mini, Gemma-3B, Mistral 3
Pro, Llama 4 Behemoth (3B/8B), Qwen 3 (4B/8B), DeepSeek
R1 Distill

16.2 Types of SLMs

1. Distilled models - Compressed from larger models (e.g., DeepSeek R1 Distill 1.5B)

2. Task-specific models - Trained for specific domains from the ground up

3. Lightweight general-purpose models - Open-source models like TinyLlama (1.1B), Phi (Microsoft),
Gemma (Google)

16.3 Key Research: “SLMs Are the Future of Agentic AI” (Nvidia, Sept 2025)

Core finding: In agentic Al systems, most work consists of small, repetitive, well-defined subtasks. For
these tasks, SLMs are more than powerful enough, 10-30x cheaper, have much lower latency, and are easy

to fine-tune.

SLM definition (per this paper): Below 10 billion parameters - can run on a consumer device or
single GPU.

Recommended SLMs: Microsoft Phi-3/4, DeepSeek R1 Distill, Nvidia Nemotron, Gemma
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Resource: LLM Explorer website - 6,000+ SLM models catalogued with maintainer, size, VRAM, license,

context length, and download stats.

16.4 SLM Fine-Tuning Practical

The fine-tuning process for SLMs is identical to LLM fine-tuning (using Hugging Face, Unsloth, or LLaMA
Factory). The key difference is that SLMs require significantly less VRAM and train much faster, making

them ideal for domain-specific deployment on resource-constrained environments.
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16.5 Worked Example: IoT Sensor Anomaly Classifier

Scenario: A manufacturing plant has 500 IoT sensors monitoring temperature, vibration, and pressure
on industrial equipment. They need a model that classifies sensor readings as normal, warning, or critical
- deployed on edge hardware (Raspberry Pi 5 with 8GB RAM). An LLM is too large; a fine-tuned SLM

is ideal.
Model choice: TinyLlama 1.1B (fits in 2GB RAM with 4-bit quantization)
Training data (Alpaca format):

"instruction": "Classify the following sensor reading and explain your reasoning.",

"input": "Sensor: VIB-042 (Bearing vibration, Pump #7)\nTimestamp:
2025-10-15T14:23:00Z\nReading: 7.2 mm/s RMS\nBaseline: 2.1 mm/s RMS\nTrend: Increasing 0.3
mm/s/day over past 5 days\nTemperature: 82°C (baseline: 65°C)",

"output": "**Classification: CRITICAL**\n\nReasoning:\nl. Vibration at 7.2 mm/s RMS is
3.4x baseline (2.1 mm/s), exceeding the IS0 10816-3 alert threshold of 4.5 mm/s for Class
IT machinery\n2. Temperature 17°C above baseline indicates bearing degradation\n3.
Consistent upward trend (0.3 mm/s/day) suggests progressive failure, not transient
event\n\nRecommended action: Schedule immediate inspection of Pump #7 bearing assembly.
Risk of catastrophic bearing failure within 48-72 hours if trend continues."

}
{

"instruction": "Classify the following sensor reading and explain your reasoning.",

"input": "Sensor: TEMP-118 (Coolant temperature, CNC Mill #3)\nTimestamp:
2025-10-15T09:45:00Z\nReading: 38°C\nBaseline: 35°C\nTrend: Stable (+1°C over past 7
days)\nCoolant flow rate: 12 L/min (baseline: 12 L/min)",

"output": "**Classification: NORMAL**\n\nReasoning:\nl. Temperature 38°C is 3°C above
baseline, within normal operating variance (+5°C)\n2. Trend is stable - no progressive
drift\n3. Coolant flow rate matches baseline exactly, indicating no pump or line
issues\n\nNo action required. Next scheduled maintenance: per standard interval."

},
{

"instruction": "Classify the following sensor reading and explain your reasoning.",

"input": "Sensor: PRES-007 (Hydraulic pressure, Press #1)\nTimestamp:
2025-10-15T16:10:00Z\nReading: 185 bar\nBaseline: 210 bar\nTrend: Dropped 15 bar in past 2
hours\n0il temperature: 71°C (baseline: 55°C)",

"output": "**Classification: WARNING**\n\nReasoning:\nl. Pressure at 185 bar is 12%
below baseline (210 bar), approaching minimum operating threshold of 180 bar\n2. Rapid
decline (15 bar in 2 hours) indicates active issue - likely internal leak or pump
cavitation\n3. 0il temperature 16°C above baseline is consistent with increased bypass
flow from a leak\n\nRecommended action: Monitor closely. If pressure drops below 180 bar,
shut down Press #1 and inspect hydraulic lines and seals. Check hydraulic fluid level."

}

Listing 101: SLM training data: IoT sensor anomaly classification in Alpaca format
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Why an SLM, not an LLM:
Table 62: Why SLM Over LLM for Edge Deployment

Requirement LLM (Llama 70B) SLM (TinyLlama 1.1B)
Deployment target Cloud server, $2-5K/month Raspberry Pi 5, $80 one-time
Inference latency 2-5 seconds (APIT call) <200ms (local)

Offline capability No (requires internet) Yes (fully local)

Cost per 1M classifications $50 (API tokens) $0 (runs locally)

Accuracy on this specific task  95% (overkill) 92% (sufficient after fine-tuning)

Key insight from Nvidia’s paper: This is exactly the kind of task SLMs excel at - well-defined,

repetitive, domain-specific, with a fixed output format. The 3% accuracy gap vs. a 70B model is negligible;

the 100x cost reduction is not.

Inference after training — deploying on edge hardware:
from transformers import AutoModelForCausallLM, AutoTokenizer

# Load the fine-tuned SLM (quantized to 4-bit for Raspberry Pi deployment)
model = AutoModelForCausallLM.from pretrained("./iot-anomaly-classifier-4bit")
tokenizer = AutoTokenizer.from pretrained("./iot-anomaly-classifier-4bit")

# Real-time sensor reading classification

sensor_reading = """Sensor: VIB-042 (Bearing vibration, Pump #7)
Timestamp: 2025-10-15T14:23:00Z

Reading: 7.2 mm/s RMS

Baseline: 2.1 mm/s RMS

Trend: Increasing 0.3 mm/s/day over past 5 days

Temperature: 82°C (baseline: 65°C)"""

prompt = f"""Below is an instruction that describes a task, paired with an input.

### Instruction:
Classify the following sensor reading and explain your reasoning.

### Input:
{sensor_reading}

### Response:

inputs = tokenizer(prompt, return_tensors="pt")

outputs = model.generate(**inputs, max_new_tokens=150, temperature=0.2)
classification = tokenizer.decode(outputs[0], skip_special tokens=True).split ("###
Response:")[-1].strip()

print(classification)

# Expected: **Classification: CRITICAL** with ISO 10816-3 references and maintenance
recommendation

Listing 102: Fine-tuned SLM inference on edge hardware for real-time sensor classification
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16.6 Why SLMs Fit Agent-Based Systems

Agent tasks are usually: non-chatty, repetitive, format-restricted (JSON, tool calls, structured outputs).
Agents already control the model tightly using prompts, tools, and logic - so most of an LLM’s “general

intelligence” is wasted. A task-specialized SLM is a better match.

Economics: 10-30x cheaper inference than 70B-175B LLMs, much lower latency and energy usage, easy
fine-tuning with LoRA/QLoRA, can run locally or on-device for better privacy. Recommended strategy:
SLM-first, call LLM only when really needed.

16.7 Where SLMs Fall Short

Despite their advantages in cost and latency, SLMs have clear limitations that must be understood when

choosing between SLM and LLM deployment:

e Multi-step reasoning: SLMs struggle significantly with problems requiring 54 reasoning steps.
Tasks like multi-hop question answering, complex math word problems, or chained logical deductions
expose the capacity gap between small and large models. The reasoning capability scales roughly with

parameter count, and sub-10B models hit a wall on deeply sequential reasoning.

e Long-range dependencies: Performance degrades significantly beyond the training context length
for smaller models. Even when the context window technically supports longer inputs, SLMs lose track
of information introduced early in the context more readily than LLMs. This makes them unreliable

for tasks like summarizing long documents or maintaining coherence across extended conversations.

e Instruction following on novel formats: SLMs are less robust when prompted with unfamiliar
instruction templates. They tend to overfit to the instruction formats seen during fine-tuning, meaning
a slight rephrasing or a new output schema can cause failures. LLMs generalize across instruction styles

much more reliably due to broader training data and greater capacity.
e Structured output adherence: SLMs are notoriously unreliable at generating valid JSON, XML, or

other strict schemas without assistance. In production, constrained decoding is essential — libraries

like Outlines, Instructor, or vLLM’s guided decoding constrain the model’s token sampling to only

produce outputs that conform to a given schema. Fine-tuning teaches the model what to output;

constrained decoding guarantees the output is structurally valid.

» Knowledge breadth: SLMs have smaller internal knowledge bases, leading to more hallucinations on
niche or specialized topics. They are best suited for domains covered thoroughly in their fine-tuning

data - outside that domain, factual accuracy drops steeply compared to larger models.

e The takeaway: SLMs are ideal for well-defined, repetitive tasks in agent pipelines - classification,
extraction, formatting, routing - but should be paired with LLMs for complex reasoning, novel tasks,
and quality-critical outputs. The recommended architecture is SLM-first with LLM fallback: route
straightforward requests to the SLM and escalate to an LLM when the task requires broader knowledge,

multi-step reasoning, or flexible instruction interpretation.

16.8 Section Summary

Small Language Models (0.5B-10B parameters) offer a cost-effective, fast, deployable alternative to LLMs
for specific tasks. Nvidia’s research demonstrates they are the future of agentic Al. Fine-tuning follows

the same pipeline as LLMs but with dramatically lower resource requirements.
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17 - Multimodal Fine-Tuning

Notebooks: Vision Model Finetuning.ipynb
Data Builder: image data builder.ipynb

17.1 Vision Language Model Architecture

Multimodal fine-tuning (in the context of images) adapts a model that processes both visual and textual

inputs. The architecture has three main components:

Vision Language Model Architecture

Image ——=> | Vision Encoder — Projection Layer —

LLM ——= Output

Text —= Tokenizer —= Embedding

Figure 14: Vision Language Model Architecture
Table 63: Multimodal Architecture Components

Component Role Example

Vision Encoder  Extracts features from images using ViT (Vision Transformer), CLIP
patch-based self-attention (not convolu-
tions)

Projection Layer Converts image features (patches) into the Linear projection of flattened patches
same embedding space as text tokens

LLM Processes combined image + text embed- Any decoder-based LLM
dings through attention and MLP layers

17.2 Vision Transformer (ViT) Process

Input image — Split into fixed-size patches (typically 16 x16 pixels)

Flatten each patch into a 1D vector

Linear projection — Convert to embeddings (analogous to word embeddings for text)
Add positional embeddings — So the model knows patch positions

Feed to transformer encoder — Standard attention + MLP processing

S Uk W

Output — Classification or feature embeddings
Key insight: The process mirrors text processing:

e Text: words — tokens — embeddings — positional encoding — attention

e Images: patches — flatten — embedding — positional encoding — attention

Resolution limitation: Basic ViTs resize all images to a fixed square (e.g., 224x224 or 336x336

pixels), which destroys fine detail — text in documents becomes unreadable, small objects disappear.
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Modern VLMs (Qwen-VL, LLaMA 3.2 Vision, InternVL) solve this with dynamic resolution /
AnyRes: the image is sliced into a grid of tiles at its native aspect ratio, each tile is processed
independently by the vision encoder, and the resulting patch embeddings are concatenated. This

preserves high resolution without retraining the vision encoder on larger inputs.

17.3 CLIP Model (Contrastive Language-Image Pre-training)

CLIP is trained on image-caption pairs. It produces aligned text and image embeddings in the same vector

space. It is the backbone for both image-to-text (understanding) and text-to-image (generation like DALL-

E) tasks.

17.4 Multimodal Transformation Types

Table 64: Multimodal Transformation Types

Transformation Input
Text-to-Text Text
Image-to-Text Image
Text-to-Image Text
Text-to-Speech Text
Speech-to-Text Audio

Output Example Models / Tasks

Text GPT, LLaMA, T5 (standard LLMs)

Text CLIP, LLaVA, Qwen-VL (image captioning, VQA)
Image DALL-E, Stable Diffusion, Midjourney

Audio Bark, Orpheus, XTTS

Text Whisper, Wav2Vec2

Image+Text-to-Text Image + Text Text GPT-5, Gemini 3, Claude Opus 4.6, LLaVA, Llama 4

Text-to-Video Text

(multimodal chat)
Video Sora, RunwayML

Audio+Text-to-Text Audio + Text Text Gemini, Qwen-Audio

17.5 Fine-Tuning Options

Table 65: Multimodal Fine-Tuning Options

Option
Train everything

Freeze vision encoder

What Gets Trained

Vision encoder + projection layer
+ LLM

Projection layer + LLM only

Freeze vision encoder + LLM Projection layer only

Trade-offs

Most expensive; best results

Moderate cost; good results

Cheapest; limited adaptation
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17.5.1 The 4 Fine-Tuning Strategies for Multimodal Models

Strategy
Strategy 1: Full
Fine-Tuning

Strategy 2: LLM

+ Projection

Strategy 3: Pro-
jection Only

Strategy 4:
LoRA on Al
Components

Table 66: Four Fine-Tuning Strategies for Multimodal Models

What Is Trained
Vision encoder +
projection + LLM
(all weights)

Projection layer +
LLM (with LoRA)
Projection  layer

only

LoRA adapters on
vision encoder -+

projection + LLM

What Is Frozen
Nothing

Vision encoder

Vision encoder -+
LLM

Base weights of all

components

17.6 Data Formats for Vision Fine-Tuning

Data pairs typically consist of:

e An image

o A text instruction/question about the image

e The expected text response

Cost
Very high (multi-
GPU)

Moderate

Low

Low-Moderate

Best For
Maximum accu-
racy, large labeled
datasets

Most practical de-
fault - vision fea-
tures transfer well
Quick
adaptation,
limited data

Best

domain

very

balance of
cost and quality

for most use cases

Formats include VQA (Visual Question Answering) style and LLaVA-style conversational data.
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17.7 Worked Example: Chest X-Ray Report Generation

Scenario: A radiology department wants to fine-tune a vision-language model to generate preliminary

radiology reports from chest X-ray images, flagging abnormalities for radiologist review.

Training data (VQA-style image-text pairs):

{
"image": "xrays/patient 0042 PA.jpg",
"conversations": [
{"from": "user", "value": "<image>\nGenerate a structured radiology report for this
PA chest X-ray."},
{"from": "assistant", "value": "**FINDINGS:**\n\n**Heart:** Mildly enlarged cardiac

silhouette (cardiothoracic ratio ~0.55). No pericardial effusion.\n\n**Lungs:** Bilateral
lower lobe airspace opacities, more prominent on the right. Air bronchograms visible in
the right lower lobe, suggesting consolidation. No pneumothorax. No pleural effusion.
\n\n**Mediastinum:** Normal mediastinal contour. No widening. Trachea midline.\n\n**Bones/
Soft tissue:** No acute osseous abnormality. Degenerative changes in the thoracic spine.
\n\n**IMPRESSION:**\nl. Right lower lobe consolidation - correlate with clinical history
for pneumonia vs. aspiration\n2. Mild cardiomegaly - recommend comparison with prior
studies\n\n**RECOMMENDATION:** Clinical correlation recommended. Consider CT chest if no
improvement after antibiotic therapy."}

]

}
{
"image": "xrays/patient 0089 PA.jpg",
"conversations": [
{"from": "user", "value": "<image>\nGenerate a structured radiology report for this
PA chest X-ray."},
{"from": "assistant", "value": "**FINDINGS:**\n\n**Heart:** Normal cardiac

silhouette size (cardiothoracic ratio ~0.45).\n\n**Lungs:** Clear bilateral lung fields.
No focal consolidation, mass, or nodule. No pleural effusion. No pneumothorax.
Costophrenic angles are sharp bilaterally.\n\n**Mediastinum:** Normal mediastinal width.
Trachea midline. Aortic knob is unremarkable.\n\n**Bones/Soft tissue:** No acute fracture
or dislocation. No soft tissue abnormality.\n\n**IMPRESSION:**\nNo acute cardiopulmonary
abnormality. Normal chest radiograph.\n\n**RECOMMENDATION:** No follow-up imaging required
based on this study."}

]

Listing 103: VQA-style training data for chest X-ray radiology report generation
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Architecture during fine-tuning:

VLM Fine-tuning Architecture

Chest X-ray Image (22u4x224)

v

Vision Encoder (ViT/CLIP) FROZEN (pre-trained on millions of images)

y

196 patch embeddings (1u4x14)

Projection Layer TRAINED (maps medical image features to LLM space)
LLM Decoder (with LoRA) TRAINED (generates radiology report text)

v

Structured Radiology Report

Figure 15: VLM fine-tuning architecture: frozen encoder, trained projection and LoRA LLM
Fine-tuning strategy: Freeze vision encoder (CLIP already understands visual features), train the
projection layer (to map X-ray features to text-relevant embeddings), and apply LoRA to the LLM (to

learn radiology report language and structure).

Before fine-tuning (base vision-language model):

Input: [Chest X-ray with right lower lobe consolidation]

Output: "This is a chest X-ray image. It shows the ribcage and lungs. There appears
to be some cloudy area in the lower right portion of the image."
< generic image description, no medical terminology, no structure

Listing 104: Base VLM chest X-ray output: generic image description without medical structure

After fine-tuning:

Input: [Same chest X-ray]

Output: "FINDINGS: ... Right lower lobe consolidation with air bronchograms
IMPRESSION: 1. Right lower lobe consolidation - correlate for pneumonia ..."
« structured medical report, correct terminology, actionable impression

Listing 105: Fine-tuned VLM chest X-ray output: structured radiology report with correct terminology

What changed: The projection layer learned to map X-ray visual features (opacity patterns, cardiac
silhouette shape, lung field clarity) into the embedding space where the LLM can reason about them
medically. The LoRA-adapted LLM learned to output structured radiology report format.
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Inference after fine-tuning — generating reports from new X-rays:

from transformers import AutoProcessor, LlavaForConditionalGeneration
from PIL import Image

# Load the fine-tuned multimodal model
model = LlavaForConditionalGeneration.from pretrained("./xray-report-generator")
processor = AutoProcessor.from pretrained("./xray-report-generator")

# Generate report from a new chest X-ray
image = Image.open("xrays/new patient PA.jpg")
prompt = "<image>\nGenerate a structured radiology report for this PA chest X-ray."

inputs = processor(text=prompt, images=image, return_tensors="pt").to(model.device)
outputs = model.generate(**inputs, max_new tokens=300, temperature=0.3)

report = processor.decode(outputs[0], skip special tokens=True)

print(report)

# Expected: structured FINDINGS - IMPRESSION - RECOMMENDATION format

# with correct medical terminology and actionable clinical guidance

Listing 106: Fine-tuned LLaVA inference: generating structured radiology reports from X-rays

Clinical deployment note: Al-generated radiology reports should always be reviewed and
approved by a qualified radiologist before becoming part of the patient record. The model generates

preliminary reports to accelerate workflow, not replace clinical judgment.

17.8 Section Summary

Multimodal fine-tuning combines a vision encoder (ViT/CLIP) with a projection layer and LLM. Image
patches are converted to embeddings just as text tokens are, enabling unified attention processing. Fine-

tuning can target the projection layer alone, the LLM, or the entire pipeline.
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18 - Embedding Fine-Tuning
Notebook: Embedding FT.ipynb

18.1 Embeddings: Static vs. Contextual

Static embeddings (Word2Vec, FastText): Each word always gets the same vector, regardless of context.

Problem: “Isat on a river bank” and “I deposited money in the bank” - “bank” gets the same embedding

despite having completely different meanings.

Contextual embeddings (SBERT /Sentence Transformers): The embedding of each word depends on

its surrounding context. “Bank” gets different vectors in different sentences. These are transformer-based

models.

18.2 Embedding Model Training Pipeline

Embedding models follow a three-stage training process similar to LLMs. A pre-trained transformer is
first fine-tuned with contrastive learning on large-scale sentence pairs, then further fine-tuned on domain-

specific data for your use case.

Embedding Model Training Pipeline

Stage 1: Pre-training

(Transformer trained on internet-scale data)

Stage 2: Contrastive Fine-tuning

(Trained on pairs of similar/dissimilar text)

Stage 3: Custom Fine-tuning

(Trained on domain-specific pairs)

Figure 16: Embedding model three-stage training pipeline: pre-train, contrastive, custom

Example: Microsoft’s MPNet (base model) — all-mpnet-base-v2 (fine-tuned on 1B sentence pairs using

contrastive learning) — Your custom domain model
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18.3 Contrastive Learning

Contrastive learning teaches the model to produce similar vectors for semantically similar text and distant

vectors for dissimilar text. The training data formats include:
Format A - Sentence Pair with Label:

Table 67: Sentence Pair with Label Format

sentence__1 sentence__2 label
“Metformin treats diabetes” “Metformin is a diabetes drug” 1.0 (similar)
“Metformin treats diabetes” “Python is a programming language” 0.0 (dissimilar)

Format B - Triplet Format:
Table 68: Triplet Training Format

query (anchor) positive negative

“Sunny is an Al master” “Sunny teaches AI” “Sunny teaches Java”

Format C - N-way Format:

Table 69: N-way Training Format

query positive_1, positive_ 2, ... negative__1, negative_ 2, ...

18.4 Loss Functions for Embedding Training
Cosine Similarity:

. A-B
sm(A B) = 8]

Equation 18: Cosine similarity between embedding vectors
Used to compute similarity between embeddings. Values range from —1 (opposite) to 1 (identical).
Triplet Loss:
£ = max(0, sim(gq,n) — sim(q,p) + m)
Equation 19: Triplet loss for embedding training

Where q = query, p = positive document, n = negative document, m = margin hyperparameter. Pushes

positive pairs closer and negative pairs farther apart.
InfoNCE / Contrastive Loss:

exp(simg-q,p))

¥, exp (2l )

Equation 20: InfoNCE contrastive loss for embedding training

£ = —log

Where T is a temperature parameter. This is the most commonly used loss for modern embedding training.
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18.5 Dual Encoder vs. Cross Encoder

Table 70: Dual Encoder vs Cross Encoder

Architecture How It Works Speed Use Case
Dual Encoder Query and document en- Fast, scalable to millions of Retrieval, semantic search
coded separately; similar- documents
ity computed between em-
beddings
Cross Encoder Query and document con- Slower but more accurate  Re-ranking
catenated and passed to-

gether through encoder

Dual Encoder vs Cross Encoder

Dual Encoder (Retrieval) Cross Encoder (Re-ranking)
Query Document Query + [SEP] + Document
[Encoder] [Encoder] [Encoder]

q-emb d_cmb [CLS] hidden state

cosine_sim(q,d) Linear + Sigmoid

Similarity Score Relevance Score
(0.0-1.0) (0.0-1.0)
Fast: encode once, compare many Slow: re-encode per pair
Scales to millions of docs Use on top—K from dual encoder

Figure 17: Dual encoder vs cross encoder architecture comparison

18.6 Why Fine-Tune Embeddings?

General-purpose embedding models often fail on domain-specific vocabulary because they were not trained
on specialized terminology. In a RAG pipeline, poor embeddings cause the entire retrieval chain to break

down.

In a RAG pipeline:
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RAG Pipeline — Where Embedding Quality Matters

INDEXING: | Data Chunks —=> Embeddings ~—>>| Vector DB

QUERY: User Query > Embedding 3| Search —=>| Context > LLM > Response

Figure 18: RAG pipeline showing where embedding quality impacts retrieval

If the embedding model doesn’t understand domain-specific terminology (e.g., pharmaceutical terms),
semantic search fails — irrelevant context is retrieved — LLM produces poor answers. Fine-tuning the
embedding model on domain data can yield substantial retrieval improvements — the BGE and E5-
Mistral papers report large gains on domain-specific retrieval benchmarks, though the exact improvement

depends heavily on the domain, baseline model quality, dataset size, and evaluation metric.

Retrieval: Generic vs Fine-Tuned Embeddings

User Query

v

Embedding Model

Vector DB
(cosine similarity)

= T

GENERIC EMBEDDINGS FINE-TUNED EMBEDDINGS
Retrieves by Retrieves by
generic semantics domain semantics
[LLM] [LLM]
Poor answer Accurate answer
(wrong context) (right context)

Figure 19: Retrieval: Generic vs Fine-Tuned Embeddings
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18.7 Practical Implementation

The Sentence Transformers library provides a high-level training API for embedding fine-tuning. The

workflow loads a pre-trained embedding model, pairs it with a contrastive loss function (such as

MultipleNegativesRankingLoss ), and trains on anchor-positive text pairs from your domain.

from sentence_transformers import SentenceTransformer, SentenceTransformerTrainer
from sentence transformers import SentenceTransformerTrainingArguments

from sentence_transformers.losses import MultipleNegativesRankingLoss

from datasets import load from disk

# Load pre-trained embedding model
model = SentenceTransformer("all-mpnet-base-v2")

# Load custom training data (anchor + positive pairs)
train_dataset = load from disk("./train pairs")

# Initialize loss function
loss = MultipleNegativesRankinglLoss(model)

# Training arguments

args = SentenceTransformerTrainingArguments (
output _dir="pharma-embedding-finetuned",
num_train_epochs=3,
per _device train batch size=16,
learning_rate=2e-5,
warmup_ratio=0.1,
fpl6e=True,
logging steps=10,
save_strategy="epoch",

# Train
trainer = SentenceTransformerTrainer(
model=model,
args=args,
train dataset=train dataset,
loss=1loss,
)
trainer.train()
model.save("pharma-embedding-finetuned")

Listing 107: Sentence Transformers embedding fine-tuning with MultipleNegativesRankingLoss

18.8 Embedding Model Leaderboard

MTEB (Massive Text Embedding Benchmark) - The authoritative leaderboard for embedding
models. Available at Hugging Face. Allows filtering by:

Performance metrics
Model size
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o Task type (retrieval, classification, clustering, etc.)

o Language

o Modality (text, image, etc.)

Top providers: Google (KALM), Meta, Alibaba (BGE), Microsoft (MiniL.LM), OpenAl, Cohere, AWS
(Titan)

18.9 Worked Example: Legal Document Retrieval for RAG

Scenario: A law firm’s RAG system retrieves relevant case law and statutes when lawyers ask questions.
The generic embedding model ( all-mpnet-base-v2 ) fails on legal queries because it doesn’t understand

legal terminology - “consideration” means something entirely different in contract law vs. everyday English.

The retrieval failure (before fine-tuning):
Query: "What constitutes adequate consideration in a unilateral contract?"

Top 3 retrieved chunks (cosine similarity):

1. "When considering the terms of any agreement, both parties should..." (sim: 0.72)
< Wrong! This is about "considering" (thinking about), not legal "consideration"

2. "Adequate preparation involves reviewing all contract documents..." (sim: 0.68)
< Wrong! Matched on "adequate" + "contract" but irrelevant

3. "The court held that mutual consideration requires..." (sim: 0.65)

« Correct, but ranked too low
LLM answer based on these chunks: Poor - the most relevant chunk was ranked 3rd

Listing 108: Generic embedding retrieval failure: legal queries mismatched to wrong documents
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Training data (triplet format for contrastive learning):

"anchor": "What constitutes adequate consideration in a unilateral contract?",

"positive": "In Carlill v Carbolic Smoke Ball Co [1893], the court established that
performance of the requested act constitutes valid consideration in a unilateral contract.
Consideration need not flow directly to the promisor - a detriment to the promisee is
sufficient. The traditional rule from Chappell & Co v Nestle [1960] confirms that
consideration must be sufficient but need not be adequate.",

"negative": "When considering whether to enter a unilateral agreement, parties should
weigh the costs and benefits carefully. It is advisable to consider all terms before
signing any contract."

}
{

"anchor": "Does the parol evidence rule apply to partially integrated agreements?",

"positive": "Under the parol evidence rule, extrinsic evidence is inadmissible to
contradict the terms of a fully integrated written agreement. However, for partially
integrated agreements, parol evidence may supplement (but not contradict) the written
terms. The UCC §2-202 codifies this distinction, permitting consistent additional terms
unless the court finds the writing was intended as a complete and exclusive statement.",

"negative": "The company's employee handbook integrates all workplace policies into a
single document. Verbal agreements made during hiring are not part of the official
policy."

I
{
"anchor": "What remedies are available for anticipatory breach?",
"positive": "When one party repudiates the contract before performance is due

(anticipatory breach), the non-breaching party may: (1) treat the contract as breached and
sue immediately for damages under Hochster v De La Tour [1853]; (2) wait until the
performance date and then sue; or (3) treat the repudiation as an offer to rescind and
accept it. UCC §2-610 provides that the aggrieved party may await performance for a
commercially reasonable time.",

"negative": "The company anticipates breaching the 100-unit milestone by Q3. The team
is working on remediation plans to address the production shortfall."

}

Listing 109: Embedding fine-tuning triplet data: legal anchor, positive case law, negative distractor
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After embedding fine-tuning - same query:
Query: "What constitutes adequate consideration in a unilateral contract?"

Top 3 retrieved chunks (cosine similarity):

1. "In Carlill v Carbolic Smoke Ball Co [1893], the court established..." (sim: 0.91)
« Correct! Directly relevant case law on consideration

2. "The court held that mutual consideration requires..." (sim: 0.87)
« Correct! Related legal precedent

3. "Consideration must be sufficient but need not be adequate..." (sim: 0.84)

« Correct! The key legal principle
LLM answer based on these chunks: Excellent - all three chunks are directly relevant

Listing 110: Fine-tuned embedding retrieval: legal queries correctly matched to relevant case law
Similarity score improvement:

Table 71: Similarity Score Improvement After Fine-Tuning

Query-Document Pair Before After Change
Legal query — relevant case law 0.65 0.91 +40%
Legal query — similar-words-but-irrelevant 0.72 0.31 —57%
“Consideration” (legal) — “consideration” (everyday) 0.78 022  —72%

What changed: The embedding model learned that “consideration” in a legal context is a specific
contractual concept, not the everyday word meaning “thinking about.” It learned that “anticipatory
breach” is a legal doctrine, not someone anticipating a breach. These domain-specific semantic distinctions
are what generic embedding models miss — and why embedding fine-tuning can dramatically improve

domain-specific RAG accuracy.
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18.10 Matryoshka Representation Learning (MRL)

Resources:

o HuggingFace Blog: Matryoshka Embeddings

o Sentence Transformers Matryoshka Training Examples

o fine-tune-embedding-model-for-rag.ipynb — End-to-end Matryoshka embedding fine-tun-
ing for RAG (Phil Schmid / HuggingFace)

Matryoshka Representation Learning (Kusupati et al., 2022) is a training technique that produces

embeddings which can be truncated to smaller dimensions without significant accuracy loss — like

Russian nesting dolls, where each smaller doll is self-contained.

Why it matters for production: Standard embedding models produce fixed-dimension vectors (e.g.,
1024-dim). Storing millions of these in a vector database is expensive. With MRL, you can truncate to
256 or even 128 dimensions at query time, reducing storage by 4-8x while retaining 90-95% of retrieval

accuracy.

How it works: During training, the loss function is computed at multiple dimensionality checkpoints
(e.g., 64, 128, 256, 512, 1024). The model learns to front-load the most important information into the
first dimensions. Sentence Transformers provides a built-in MatryoshkalLoss wrapper that handles this

automatically:

Matryoshka Embedding: Dimension Truncation

Standard Embedding (768-dim):

Matryoshka Embedding (768-dim, MRL-trained):

<« information spread uniformly

< most important info first

|e|6u ~85% accuracy
| EE 128 E; | ~88% accuracy
=<:: 256 ::>= ~90% accuracy
=< 768 (full) >: ~91% accuracy

Truncation = just take first N dimensions

Storage: 768-dim x U bytes = 3,072 bytes/vector
256-dim x U bytes = 1,024 bytes/vector (3x cheaper)
6U-dim x U4 bytes 256 bytes/vector (12x cheaper)

Figure 20: Matryoshka Embedding: Dimension Truncation
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from sentence transformers import SentenceTransformer
from sentence transformers.losses import MatryoshkalLoss, MultipleNegativesRankinglLoss

# Load base embedding model
model = SentenceTransformer("BAAI/bge-base-en-v1.5")

# Wrap the base loss with MatryoshkalLoss
base loss = MultipleNegativesRankingLoss (model)
matryoshka loss = Matryoshkaloss(
model,
loss=base loss,
matryoshka dims=[768, 512, 256, 128, 64], # Truncation checkpoints

# Train as usual — MatryoshkalLoss computes the base loss at each dimension
trainer = SentenceTransformerTrainer(

model=model,

train_dataset=train_dataset,

loss=matryoshka loss,
)

trainer.train()

Listing 111: Matryoshka embedding training with MatryoshkaLoss at multiple dimension checkpoints
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Testing the trained model — retrieval at multiple dimensions:

from sentence transformers import SentenceTransformer
from sentence_transformers.util import cos_sim

# Load trained Matryoshka model
model = SentenceTransformer("path/to/trained-matryoshka-model")

# Define query and corpus

query = "What constitutes adequate consideration in a unilateral contract?"

corpus = [
"In Carlill v Carbolic Smoke Ball Co [1893], the court established that performance "
"of the requested act constitutes valid consideration in a unilateral contract.",
"When considering whether to enter a unilateral agreement, parties should weigh "
"the costs and benefits carefully.",
"The doctrine of promissory estoppel may substitute for consideration in certain

cases.",

]

# Encode at full dimensions
query embedding = model.encode(query)
corpus_embeddings = model.encode(corpus)

# Compare retrieval quality at different truncation levels
for dim in [768, 256, 128, 64]:
# Truncate and normalize
q = query embedding[:dim]
c = corpus_embeddings[:, :dim]
similarities = cos sim([ql, c)[0]
top idx = similarities.argmax().item()
print(f"dim={dim:>4d} | top match: doc {top idx} (sim={similarities[top idx]:.4f})")

# Expected output (MRL-trained model):

# dim= 768 | top match: doc (sim=0.9142)

# dim= 256 | top match: doc (sim=0.8987)

# dim= 128 | top match: doc (sim=0.8831) « still correct ranking
# dim= 64 | (sim=0.8544) « 4x smaller, still works

0
0 « only ~1.7% drop
0
top match: doc 0

Listing 112: Matryoshka model evaluation: comparing retrieval quality at truncated dimensions

Key takeaway: With MRL training, truncating from 768 to 256 dimensions (4x storage reduction)
typically loses only 1-3% retrieval accuracy. Without MRL training, the same truncation can drop accuracy
by 10-20%.

Practical usage: Models like nomic-embed-text-vl.5, mxbai-embed-large-vl, and
snowflake-arctic-embed support MRL natively. When using these models, you can specify the desired

dimensionality at query time — smaller dimensions for fast approximate search, full dimensions for

precision-critical retrieval.

2D Matryoshka (advanced): Sentence Transformers also supports Matryoshka2dloss , which reduces
both embedding dimensions and the number of transformer layers used. This enables even faster inference

by skipping later layers entirely for simple queries.
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18.11 Section Summary

Embedding fine-tuning uses contrastive learning to adapt a pre-trained embedding model for domain-
specific semantic search. The model learns from anchor-positive(-negative) pairs to produce semantically
meaningful vector representations, substantially improving domain-specific RAG retrieval quality. For

faster embedding fine-tuning with LoRA /QLoRA support, see Unsloth’s embedding integration in Section
12.11.
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19 - Embedding Evaluation & Benchmarking

Based on: Imad Saddik’s course on benchmarking embedding models on private data. Source code

on GitHub datasets hosted on Hugging Face. Uses the Ranx library for ranking evaluation and

statistical testing.

This section covers how to scientifically evaluate and compare embedding models on your own
domain-specific data — moving beyond public leaderboards like MTEB to create private benchmarks with

statistical rigor.

19.1 Why Private Benchmarks Matter

Public benchmarks (e.g., the MTEB Leaderboard) rank models across hundreds of tasks and languages.

They provide a useful starting point, but have limitations:

o They may not include your specific domain (e.g., pharmaceutical terminology, legal contracts, or
astronomy).

e Models may overfit to public benchmark distributions.

» Your retrieval pipeline has specific characteristics (chunk sizes, query patterns, languages) that generic

benchmarks don’t capture.

The solution: Create a golden dataset from your private documents, generate question-answer pairs,
embed everything with multiple models, then compare performance using proper metrics and statistical

tests.

19.2 The Evaluation Pipeline

The full benchmarking pipeline consists of five stages:

1. Extract text from documents — Use VL models (e.g., Gemini 3 Pro/Flash) for complex/scanned

PDFs, or Python libraries (PyMuPDF, pdfplumber) for simple documents.
2. Divide text into chunks — Each chunk should focus on a specific idea. Use LLMs to produce

semantically meaningful chunks (with manual supervision), rather than naive programmatic splitting.

3. Generate question-answer pairs — Use an LLM to generate questions answerable by each chunk.

This mapping forms the ground truth for evaluation.

4. Generate embeddings — Pass both chunks and questions through each candidate model to produce

dense vectors.

5. Benchmark and compare — Compute retrieval metrics, run statistical significance tests, and

generate comparison tables.

149 Created by Isham Rashik


https://www.youtube.com/watch?v=7G9q_5q82hY
https://github.com/ImadSaddik/Benchmark_Embedding_Models
https://huggingface.co
https://amenra.github.io/ranx/
https://huggingface.co/spaces/mteb/leaderboard

Fine-Tune, Quantize, Evaluate: The Complete Guide

Embedding Benchmark Pipeline

PDF / HTML Text Semantic QA Generation Multi-Model Cosine Sim Model
Documents Extraction Chunks LM Embedding + Ranx Rankings

PyMuPDF VL Model Overlap GPT / Gemini ST, Quen3 MRR, Recall Statistical
pdfplumber Gemini API Windowing QA pairs OpenAI, llama NDCGEk Tests (p<0.05)

iterate: add models, tune chunk size

Figure 21: Embedding benchmark pipeline: five stages from raw documents to statistically validated model rankings

Step 1 — Text extraction with PyMuPDF vs VL models:
import fitz # PyMuPDF

doc = fitz.open("report.pdf")
print(f"Pages: {len(doc)}")
text = ""
for page in doc:

text += page.get text()
print(f"Extracted {len(text)} characters")
doc.close()

Listing 113: Text extraction with PyMuPDF — fast but loses structure and cannot handle scanned PDFs
from google import genai

client = genai.Client()
sample file = client.files.upload(file="report.pdf")

system prompt = """You will receive a PDF document. Extract the entire text page by page.
- Extract selectable text as-is, preserving paragraph structure

- For images: provide a detailed description

- For tables: output in Markdown format

- For scanned pages: use OCR to extract all visible text"""

response = client.models.generate content(
model="gemini-3-flash",
contents=[system prompt, sample file],
config={"max_output tokens": 32000},

)

extracted text = response.text

Listing 11/: Text extraction with Gemini — preserves structure and handles scanned/complex documents

Table 72: Text extraction: Python libraries vs vision language models

Criterion Python Libraries VL Models

Cost Free Free / Paid

Scanned input No Yes

Resources Low High (local) / Low (API)
Preserve structure No Yes
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Criterion Python Libraries VL Models
Handle complex layouts No Yes
Understand content No Yes
Speed Fast Slower

Step 3 — Generating question-answer pairs with an LLM:

import json
from google import genai

client = genai.Client()

system prompt = """Given the following text chunk, generate questions that can be
answered ONLY by this chunk. Output valid JSON:

{"questions": ["questionl", "question2", ...1}

Rules:

- Questions must be specific and answerable from the chunk alone
- Generate 3-8 questions per chunk depending on content density
- Avoid yes/no questions — prefer 'what', 'how', 'why' questions"""

def generate questions(chunk text: str) -> list[str]:
response = client.models.generate content(
model="gemini-3-flash",
contents=[system prompt, f"Text chunk:\n{chunk text}"],
config={"max output tokens": 2000},
)

return json.loads(response.text)["questions"]

# Example: generate from first chunk
questions = generate questions(chunks[O]["text"])
print(f"Generated {len(questions)} questions from chunk 0")
for q in questions:

print(f* - {q}")

Listing 115: Generating question-answer pairs from text chunks using an LLM
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Step 4 — Generating embeddings with multiple models:

The goal is to embed all chunks and questions with every candidate model, storing results in a unified

structure for comparison.

Open-source models (Sentence Transformers):

from sentence transformers import SentenceTransformer
import numpy as np

model = SentenceTransformer("all-MinilLM-L6-v2", device="cuda")

chunk _texts = [c["text"] for c in chunks]
question texts = [q["question"] for q in questions]

chunk_embeddings = model.encode(chunk texts, show progress bar=True)
question embeddings = model.encode(question texts, show progress bar=True)

print(f"Chunk embeddings shape: {chunk embeddings.shape}") # (43, 384)
print(f"Question embeddings shape: {question embeddings.shape}") # (377, 384)

Listing 116: Embedding text with Sentence Transformers — all-MiniLM-L6-v2 embeds 400+ texts in under 1 second

Prompted embedding models (Qwen3-Embedding):
model = SentenceTransformer("Qwen/Qwen3-Embedding-0.6B", device="cuda")

# Qwen models support instruction prompts for better retrieval
query prompt = "Given a web search query, retrieve relevant passages that answer the
query"

chunk_embeddings = model.encode(chunk texts, show progress bar=True)
question_embeddings = model.encode(
question_texts,
prompt=query prompt,
show progress bar=True,
)
print(f"Qwen embedding dim: {chunk embeddings.shape[1]}") # 1024

Listing 117: Prompted embeddings with Qwen3 — instruction prefix improves retrieval quality
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Proprietary models (Google Gemini):

from google import genai
import time

client = genai.Client()

def embed text(text: str) -> list[float]:
result = client.models.embed content(
model="gemini-embedding-001",
contents=text,

)

return result.embeddings[0].values

# Embed chunks with rate limiting for free tier

chunk_embeddings = []

for chunk in chunks:
embedding = embed text(chunk["text"])
chunk["embeddings"]["gemini-embedding-001"] = embedding
chunk_embeddings.append(embedding)
time.sleep(1l) # respect free-tier rate limits (remove for paid tier)

print(f"Gemini embedding dim: {len(chunk embeddings[0])}") # 3072

Listing 118: Embedding with Google Gemini API — 3072-dim vectors with free-tier access

Proprietary models (OpenAl):
from openai import OpenAIl
client = OpenAI()
def embed text openai(text: str, model: str = "text-embedding-3-small") -> list[float]:
response = client.embeddings.create(input=[text], model=model)

return response.datal[0].embedding

embedding = embed text openai("What is quantization in LLMs?")
print(f"OpenAI small dim: {len(embedding)}") # 1536

# Cost: ~$0.02 per 1M tokens — embedding 23K tokens costs ~$0.0005

Listing 119: Embedding with OpenAI API — text-embedding-3-small at $0.02/1M tokens
Running large models locally via llama.cpp:
# Download GGUF from huggingface.co/Qwen/Qwen3-Embedding-4B-GGUF
# Start embedding server with quantized model
llama-server -m Qwen3-Embedding-4B-Q4 K M.gguf \

--embedding --pooling cls \
-ngl 18 -c 6144 --port 8080

Listing 120: Starting a local embedding server with llama.cpp — use -ngl to control GPU layer offloading
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import requests

def embed local(text: str) -> list[float]:
response = requests.post(
"http://localhost:8080/v1/embeddings",
json={"input": text},
)
return response.json()["data"]1[0]["embedding"]

embedding = embed local("What is LoRA fine-tuning?")
print(f"Qwen3-4B dim: {len(embedding)}") # 2560

Listing 121: Calling the local llama.cpp embedding server — OpenAlI-compatible API
Unified storage format — single JSON with all models:

import json

data = {
"chunks": [
{
"id": 0,
"text": "bitsandbytes enables accessible large language models...",
"embeddings": {
"all-MinilM-L6-v2": [0.023, -0.041, ...], # 384-dim
"Qwen3-Embedding-0.6B": [0.112, 0.058, ...], # 1024-dim
"gemini-embedding-001": [-0.007, 0.031, ...], # 3072-dim
}
}
# ... more chunks

1

"questions": [

{
"chunk id": 0,
"question": "What is the primary purpose of bitsandbytes?",
"embeddings": {
"all-MinilM-L6-v2": [0.067, -0.012, ...],
"Qwen3-Embedding-0.6B": [0.089, 0.044, ...1,
"gemini-embedding-001": [-0.015, 0.022, ...],
}
}
# ... more questions
]
¥
with open("data/embeddings/embeddings.json", "w") as f:

json.dump(data, f)

Listing 122: Unified embedding storage — all models in one JSON file keyed by model name
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19.3 Embedding Model Selection

Table 73: Embedding models compared: dimensionality and storage requirements

Model Output Dim 10K Vectors (MB)
all-MiniLM-L6-v2 384 14
Qwen3-Embedding-0.6B 1024 39
Qwen3-Embedding-4B 2560 98
Qwen3-Embedding-8B 4096 156
text-embedding-3-small 1536 59
text-embedding-3-large 3072 117
Gemini Embedding 001 3072 117

Dimension trade-offs:

Type

Open source

Open source

Open source

Open source
Proprietary (OpenAl)
Proprietary (OpenAl)
Proprietary (Google)

o Large dimensions (2048+): Capture more semantic nuance, distinguish finer details, but require more

storage, compute, and increase vector database latency.

o Small dimensions (<1000): Faster processing, lower storage, reduced latency, but may lose subtle

semantic distinctions.

19.4 Retrieval Metrics

Three core metrics are used to evaluate embedding model quality for retrieval tasks:

Retrieval Scoring & Ranking Metrics

[Query: "What is } Ranking Metrics

tokenization?"

-

MRR (Mean Reciprocal Rank)
/ 1/rank of first correct result

Embed (model) / L MRR = 1/1 = 1.0 (best)
/

/ : Recall@k j

[6.23, -0.15, 0.87, ...] /
[ ! ! ! / Fraction of relevant docs in top-k
\ll R Recall@5 = 1/1 = 1.0
cosine /

similarity / \

Ranked Results / (
/ NDCG@k
[#1 v/ Chunk 12: "Tokenization splits text.p.'92 ]/ Normalized Discounted Cumulative Gain
Weights position: higher rank = more credit

[#2 Chunk 7: "Attention mechanism..." 0.71 } k
[#3 Chunk 3: "Embedding dimensions ... " 0.68 ] f

- Hit Rate@k
[«u Chunk 19: "Loss function types..." 0.45 ] Nt 5 @IERaEE dhe A Gl
(#5 Chunk 1: "Introduction to NLP..." 0.31 1 Hite5 = 1 (yes)

-

Figure 22: Retrieval scoring flow: query embedding — cosine similarity — ranked results — evaluation metrics

Mean Reciprocal Rank (MRR):
Measures how quickly the first relevant result appears in the ranked list:

1

rank

MRR =

Equation 21: Mean Reciprocal Rank — position of first relevant document
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Where rank is the position of the correct document. If the correct document appears first, MRR = 1; at
position 5, MRR = 0.2.

RecallQK:

Indicates whether the relevant document appears within the top-K results. For datasets with one relevant

document per question:

r
RecallQK = —
eca 7

Equation 22: Recall @K — presence of relevant document in top-K

Where 7 = 1 if the relevant document is in the top-K, otherwise r = 0, and R = 1 (one relevant document).

Recall@K does not consider the position within top-K — only whether the document appears at all.
NDCG@K (Normalized Discounted Cumulative Gain):

Combines aspects of both MRR and Recall by considering the position of the relevant document:

1 .
DCG@K: {W lfrankSK
0

otherwise

Equation 23: DCG@QK — position-aware relevance scoring

DCGQK

Equation 24: NDCGQK — normalized discounted cumulative gain (IDCGQK = 1 for single-document relevance)

Implementing metrics in Python:
import math

def mrr(rank: int | None) -> float:
"""Mean Reciprocal Rank: 1/rank of first relevant result."""
return 1.0 / rank if rank else 0.0

def recall at k(rank: int | None, k: int) -> float:
"""Recall@K: 1 if relevant doc is in top-K, else 0."""
return 1.0 if rank and rank <= k else 0.0

def ndcg at k(rank: int | None, k: int) -> float:
"""NDCG@K: position-aware relevance (simplified for single relevant doc)."""
if rank and rank <= k:
return 1.0 / math.log2(rank + 1)
return 0.0

# Example: correct document at position 3 out of 3 results

rank = 3

print (f"MRR = {mrr(rank):.4f}") # 0.3333 — penalizes heavily
print(f"Recall@3 = {recall at k(rank, 3)}") # 1.0 — only cares about presence
print (f"NDCG@3 {ndcg_at k(rank, 3):.4f}") # 0.5000 — moderate penalty

Listing 123: Metric implementations — MRR penalizes most, Recall@K is binary, NDCG@K falls between
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Manual benchmark loop — computing metrics across all models:

import numpy as np
from sklearn.metrics.pairwise import cosine similarity

def get rank(ranked chunk ids: list, correct chunk id: int) -> int | None:

try:

return ranked chunk ids.index(correct chunk id) + 1 # 1-indexed
except ValueError:

return None

# ground truth: {question idx: correct chunk id}

ground truth = {i: q["chunk id"] for i, q in enumerate(questions)}
chunk_ids = [c["id"] for ¢ in chunks]

results = {}

for model name in embedding models:
g _embs = np.array([q["embeddings"][model name] for g in questions])
c_embs = np.array([c["embeddings"][model name] for c in chunks])

sim matrix = cosine similarity(q _embs, c_embs) # (377, 43)

scores = {"mrr": [], "recall@l": [], "recall@": [], "ndcg@5": []}
for 1 in range(len(questions)):

sorted indices = np.argsort(-sim matrix[i]) # descending similarity

ranked ids = [chunk ids[idx] for idx in sorted indices]
rank = get rank(ranked ids, ground truth[i])

scores["mrr"].append(mrr(rank))
scores["recall@l"].append(recall at k(rank, 1))
scores["recall@5"].append(recall at k(rank, 5))
scores["ndcg@5"].append(ndcg at k(rank, 5))

results[model name] = {k: np.mean(v) for k, v in scores.items()}

print(f"{model name}: MRR={results[model name]['mrr']:.4f} "
f"R@5={results[model name]['recall@5']:.4f} "
f"NDCG@5={results[model namel]l['ndcg@5']:.4f}")

Listing 124: Manual benchmark: cosine similarity — ranking — per-query metrics — mean scores per model

Created by Isham Rashik



Fine-Tune, Quantize, Evaluate: The Complete Guide

19.5 Statistical Significance Testing

When benchmarking models, a higher mean score on your test set might be due to random noise rather
than genuine superiority. Statistical tests determine if differences are real (statistically significant) or
random flukes.

The null hypothesis (Hg): “The two models are identical, and any difference in their mean scores is
just due to random chance.”

Process:

1. Compute the metric difference between models across all queries.

2. Run a statistical test to obtain a p-value — the probability of observing your results if H, were true.
3. If p < 0.05 (threshold): reject H, — the improvement is statistically significant.

4. If p > 0.05: cannot reject H, — insufficient evidence that one model is better.

Paired t-test: Examines the per-query differences between two models. Checks whether the mean
difference is significantly different from zero.

Table 74: Paired t-test: per-query score comparison between two models

Query Model A Model B Diff (B—A)

Q1 0.5 0.6 +0.1
Q2 0.4 0.3 —0.1
Q3 0.7 0.8 +0.1
Q4 05 0.7 +0.2
Q5 0.6 0.6 0.0
Mean  0.54 0.60 +0.06

Fisher’s randomization test: Simulates the null hypothesis by randomly shuffling scores between models
thousands of times. Counts how many shuffled configurations produce a difference as large as or larger
than the observed difference (e.g., 850/10,000 shuffles — p = 0.085 > 0.05 — cannot conclude Model B is
significantly better).
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Automated benchmarking with Ranx:

from ranx import Qrels, Run, compare
from sklearn.metrics.pairwise import cosine similarity
import numpy as np

# Step 1: Build ground truth (Qrels) — maps questions to correct chunks
grels dict = {}
for i, q in enumerate(questions):
grels dict[f"q {i}"] = {f"chunk {q['chunk _id']}": 1}
grels = Qrels(qrels dict)

# Step 2: Build runs — one per model with similarity scores
runs = {}
for model name in embedding models:

gq_embs

np.array([q["embeddings"][model name] for g in questions])
c_embs = np.array([c["embeddings"][model name] for c in chunks])
sim matrix = cosine similarity(q_embs, c_embs)

run _dict = {}
for 1 in range(len(questions)):
chunk scores = {f"chunk {chunks[j]['id']}": float(sim matrix[i][j])
for j in range(len(chunks))}
run_dict[f"q {i}"] = chunk scores

runs[model name] = Run(run _dict, name=model name)

# Step 3: Compare all models with statistical testing
report = compare(
grels=qrels,
runs=Llist(runs.values()),
metrics=["mrr", "recall@l", "recall@5", "ndcg@l", "ndcg@5"l,

max_ p=0.05, # significance threshold

stat test="fisher", # Fisher's randomization test
)
print(report)

Listing 125: Full Ranx benchmark pipeline: Qrels — Runs — compare with statistical tests

The output table annotates each score with letters indicating which other models it statistically signif-
icantly outperforms. For instance, 0.8075 acfg means the model is significantly better than models

a, ¢, f, and g — validated by the chosen statistical test, not just raw score comparison.
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Extracting win/tie/loss comparisons:

# Access pairwise win/tie/loss data from the report
wtl = report.win_tie loss

for pair_key, metrics data in wtl.items():
print(f"\n{pair_key}:")
for metric, values in metrics data.items():
wins, ties, losses = values["W"], values["T"], values["L"]
p_val = values["p value"]
sig = "***" if p val < 0.001 else "**" if p val < 0.01 else \
"' if p val < 0.05 else "ns"
print(f" {metric:>10s}: W={wins:3d} T={ties:3d} L={losses:3d} "
f'"p={p_val:.4f} {sig}")

Listing 126: Extracting pairwise win/tie/loss statistics from the Ranz report

19.6 Multilingual Evaluation

Multilingual embedding models learn abstract meaning rather than language-specific surface forms. The
same concept in English and Arabic maps to the same region in vector space — enabling cross-lingual
retrieval where users can search in their native language and find documents written in a foreign language.
Testing protocol — four language combinations:

Table 75: Four-benchmark multilingual evaluation protocol

Sr # Benchmark Questions Language Chunks Language
1 Monolingual (EN) English English
2 Cross-lingual (AR—EN) Arabic English
3 Cross-lingual (EN—AR) English Arabic
4 Monolingual (AR) Arabic Arabic
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Translating datasets for cross-lingual testing:
from google import genai

client = genai.Client()

system prompt = """You are a world-class translator. Translate the following text
from English to Arabic.
Rules:

- Do NOT add, remove, or modify any information

- Preserve formatting (bullet points, numbers, structure)
- Maintain technical terminology accurately

- OQutput ONLY the translation, no explanations"""

def translate text(text: str) -> str:
response = client.models.generate content(
model="gemini-3-flash",
contents=[system prompt, textl],
)

return response.text

# Translate all chunks and questions
for chunk in chunks:
chunk["text ar"] = translate text(chunk["text"])
for g in questions:
gq["question ar"]

translate text(q["question"])

Listing 127: Translating benchmark data for cross-lingual evaluation using Gemini
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Visualizing multilingual embedding clusters with t-SNE:

from sklearn.manifold import TSNE
import matplotlib.pyplot as plt
import numpy as np

model name = "Qwen3-Embedding-4B"
en_embs = np.array([q["embeddings"][model name] for q in questions])
ar_embs = np.array([q["embeddings ar"][model name] for g in questions])

all embs = np.vstack([en_embs, ar_embs])
tsne = TSNE(n_components=2, random state=42, perplexity=30)
coords = tsne.fit transform(all_embs)

n = len(questions)

plt.figure(figsize=(10, 7))

plt.scatter(coords[:n, 0], coords[:n, 1], c="steelblue", alpha=0.6, label="English", s=20)
plt.scatter(coords[n:, 0], coords[n:, 1], c="crimson", alpha=0.6, label="Arabic", s=20)
plt.legend(fontsize=12)

plt.title(f"Multilingual Embedding Space — {model name}", fontsize=14)

plt.xlabel("t-SNE component 1")

plt.ylabel("t-SNE component 2")

plt.tight layout()

plt.savefig("multilingual clusters.png", dpi=150)

Listing 128: t-SNE visualization — multilingual models cluster by topic, not by language

With a well-trained multilingual model, English and Arabic versions of the same question appear at nearly
identical positions in the embedding space. Models not trained on Arabic (e.g., all-MiniLM-L6-v2) show

two separate clusters with no overlap — the Arabic queries land far from their English counterparts.

Multilingual Embedding Evaluation — t-SNE View

Multilingual Model (Qwen3-Embedding) Monolingual Model (English-only)
Clusters by TOPIC, not language Clusters by LANGUAGE, not topic

%

€%

|
|
|
@ |
Topic A: @ | ..
Tokenization (} .. (]
% ' 2%
Y %
Q e | )
@ All English | All Arabic
® (mixed topics) (mixed topics)
LU @ |
o°0 Topic B: |
Topic C: Attention |
Fine-tuning
v Cross-lingual alignment ¥ No cross-lingual alignment

Legend: @ English queries @ Arabic queries

Figure 23: Multilingual vs monolingual embedding spaces — good multilingual models cluster by topic (left), while

monolingual models separate by language (right)

162 Created by Isham Rashik



Fine-Tune, Quantize, Evaluate: The Complete Guide

Key findings:

o Models trained on multiple languages (Gemini, Qwen3-Embedding-4B/8B) maintain >70% average
scores across all four benchmarks.

o Models trained primarily on English (all-MiniLM-L6-v2) collapse to near-zero performance (MRR =
0.07) when queries or documents are in Arabic.

o OpenAl models show moderate degradation ( 20% drop) on cross-lingual tasks.

o Merging languages into a single vector index introduces minor interference (typically 2-3% accuracy

drop) as the vector space becomes more crowded.

Practical recommendation: When selecting an embedding model for multilingual use, always verify
language support — check the model card on Hugging Face (Languages tab) for open-source models, or
the official documentation for proprietary models. A model not trained on your target language will fail

catastrophically, not just degrade gracefully.

19.7 Benchmarking Key Takeaways

e Public benchmarks are useful starting points, but your private data is the ultimate test for model
selection.

e Use p-values to confirm if a model is genuinely better or just lucky on your test set.

e Cross-lingual retrieval is powerful with properly trained multilingual models, but beware of
interference in mixed-language indexes.

e The quality of your evaluation depends on the quality of your question-answer pairs —
invest time in supervision and validation.

e Smaller models can surprise — Qwen3-Embedding-4B often matches the 8B variant, making it a
cost-effective choice when statistical tests confirm comparable performance.

e Create reusable benchmarks — when a new model is released, run it through your existing pipeline

and see where it ranks. This is far more informative than relying solely on public leaderboard positions.

19.8 Section Summary

Embedding evaluation requires building private benchmarks with your own domain data rather than
relying solely on public leaderboards. The complete pipeline covers text extraction, semantic chunking, QA
pair generation, multi-model embedding (Sentence Transformers, Qwen3, OpenAl, Gemini, llama.cpp),
and ranking evaluation with Ranx (MRR, Recall@K, NDCG@K) using Fisher’s randomization test for
statistical significance. Multilingual evaluation with t-SNE visualization reveals cross-lingual clustering

quality. For production deployment, create reusable benchmarks that any new model can be scored against.
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20 - All-in-One Fine-Tuning Pipeline (Crash Course)

Notebook: Final Finetuning_all in one.ipynb

20.1 The Complete 4-Stage Pipeline

This notebook implements the full fine-tuning pipeline from Section 1 in a single notebook:

Complete 4-Stage Fine-Tuning Pipeline

Stage 1: Full Fine-Tuning

(Non-instruction, domain adaptation)

Stage 2: LoRA Fine-Tuning

(Memory-efficient domain adaptation)

Stage 3: Instruction LoRA

(Adapter stacking with merge-—and-unload)

Stage 4: DPO Preference Alignment

(Human preference optimization)

Figure 24: Complete 4-stage fine-tuning pipeline: domain — LoRA — instruction — DPO
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20.2 Data Preparation Patterns

Each stage of the pipeline requires a different data format. The following examples show the expected
structure for non-instruction domain text, instruction-following pairs, DPO preference data, and raw PDF-

to-training-data conversion.

Non-instruction data (JSONL):

{"text": "Metformin hydrochloride is a biguanide antihyperglycemic agent..."}
{"text": "The pharmacokinetics of atorvastatin are characterized by..."}

Listing 129: Non-instruction domain JSONL data format for pharma domain adaptation
Instruction data (Alpaca JSON):

{"instruction": "Explain the mechanism of metformin.", "input": "", "output": "Metformin
works by..."}

Listing 130: Instruction fine-tuning Alpaca JSON data format
DPO data (preference JSON):

{"prompt": "Is metformin safe during pregnancy?", "chosen": "Metformin is classified
as...", "rejected": "Yes, it's safe."}

Listing 131: DPO preference JSON data format for safety alignment
PDF-to-training-data pipeline:

import fitz # PyMuPDF
import re, json

# Extract text from PDF
doc = fitz.open("pharma_ textbook.pdf")
full text = "".join([page.get text() for page in docl)

# Chunk into paragraphs
chunks = [p.strip() for p in re.split(r'\n\s*\n', full text) if len(p.strip()) > 50]

# Save as JSONL
with open("domain data.jsonl", "w") as f:
for chunk in chunks:

f.write(json.dumps({"text": chunk}) + "\n")

Listing 132: PDF-to-JSONL pipeline: extract text, chunk paragraphs, save for domain training
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20.3 Key Implementation Detail: DataCollator Selection

Table 76: DataCollator Selection Guide

DataCollator Use Case What It Does

DataCollatorForLanguageModelindon-instruction / do- Handles padding and creates

(mlm=False) main adaptation labels = input _ids for causal LM train-
ing

Standard  tokenization  with Instruction fine-tun- You manually create the labels column in

labels column ing your tokenization function

20.4 Multi-Stage Adapter Management
The notebook demonstrates the critical adapter stacking workflow from Section 8.3:
from peft import PeftModel, LoraConfig, get peft model

# Stage 2: Load domain-adapted LoRA
model = PeftModel.from pretrained(base model, "stage2-domain-lora-checkpoint")

# Merge Stage 2 adapter into base model weights
model = model.merge and unload()

# Stage 3: Apply NEW LoRA for instruction tuning
instruction lora = LoraConfig(r=8, lora alpha=16, target modules=["q proj", "v proj"l)
model = get peft model(model, instruction lora)

# Train instruction adapter...
# Then merge again before DPO
model = model.merge and unload()

# Stage 4: Apply ANOTHER new LoRA for DPO
dpo_lora = LoraConfig(r=8, lora_alpha=16, target modules=["q proj", "v proj"l)

model = get peft model(model, dpo lora)

Listing 133: Multi-stage adapter management: merge-and-unload between domain, instruction, and DPO

20.5 Fine-Tuning Method Comparison
Table 77: Fine-Tuning Method Comparison

Method Parameters Trained GPU Memory When to Use

Full Fine-Tuning 100% of weights Very high (multi-GPU) Maximum quality, unlim-
ited budget

Layer Freezing Top N layers only Moderate Legacy approach, largely

superseded
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Method Parameters Trained GPU Memory When to Use

LoRA <1% via low-rank adapters Low (single GPU) Default choice for most
tasks

QLoRA <1% + 4-bit base model Very low (free Colab) Memory-constrained envi-
ronments

Key insight from the crash course: LoRA adapts parameters within all layers of the model (via the
target modules), while layer freezing only updates the top layers. This means LoRA better preserves the
base model’s knowledge while still adapting - which is why it has become the standard approach over layer

freezing.

20.6 Final Inference Validation

After completing all four stages, test the fully fine-tuned model to verify each stage contributed:
from transformers import AutoModelForCausallLM, AutoTokenizer

# Load the final model (after all 4 stages merged)
model = AutoModelForCausallLM.from pretrained("./final-merged-model")
tokenizer = AutoTokenizer.from pretrained("./final-merged-model")

# Test 1: Domain knowledge (from Stage 1-2 non-instructional fine-tuning)
prompt domain = "The pharmacokinetic profile of atorvastatin shows"
# Expected: fluent domain-specific continuation (not vague generic text)

# Test 2: Instruction following (from Stage 3 instruction fine-tuning)
prompt instruct = """### Instruction:
Explain the mechanism of action of atorvastatin.

### Response:

# Expected: structured, concise answer (not rambling continuation)

# Test 3: Safety alignment (from Stage 4 DPO)
prompt safety = "What dosage of metformin should I take?"
# Expected: includes safety disclaimers and "consult your physician"

for name, prompt in [("Domain", prompt domain), ("Instruct", prompt instruct), ("Safety",
prompt_safety)]:

inputs = tokenizer(prompt, return tensors="pt").to(model.device)

outputs = model.generate(**inputs, max new tokens=150, temperature=0.4,
do_sample=True)

print(f"\n{'="*60}\n{name} Test:\n{tokenizer.decode(outputs[0O],
skip special tokens=True)}")

Listing 184: Final inference validation: testing domain knowledge, instruction following, and safety
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Validation checklist: Each test should demonstrate a capability from its corresponding stage. If
the safety test fails (no disclaimers), the DPO stage needs more data or epochs. If the instruction test

fails (rambling output), check that the Stage 3 adapter was properly merged before DPO training.

20.7 Section Summary

This section implements the full 4-stage fine-tuning pipeline (domain adaptation — LoRA — instruction
tuning — DPO) in a single notebook. It covers data formats for each stage (JSONL for domain text,
Alpaca JSON for instructions, prompt/chosen/rejected for DPO), DataCollator selection (DataCollator-
ForLanguageModeling for domain vs manual labels for instruction), and the PEFT merge-and-unload
workflow for stacking adapters between stages. The section also compares fine-tuning methods (full, layer
freezing, LoRA, QLoRA) and ends with an inference validation checklist to confirm domain knowledge,

instruction following, and safety alignment after all stages are merged.
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Key Takeaways

Fine-Tuning:

The LLM training pipeline has three stages: unsupervised pre-training — supervised fine-tuning —
preference alignment. For practitioners, we skip pre-training and start from base models.
Non-instructional fine-tuning (domain adaptation on plain text) is a critical step most tutorials skip.
It teaches the model domain vocabulary before instruction fine-tuning.

LoRA is the foundational PEFT technique that makes fine-tuning practical on consumer GPUs by
training only a small subset of parameters.

DPO replaces the complex RLHF pipeline with a single supervised loss function for preference
alignment.

Never stack LoRA adapters — always merge-and-unload before applying a new adapter.
Pre-training and SFT both use the next-token prediction cross-entropy loss. DPO uses a different

contrastive loss over preference pairs, though it still computes per-token log-probabilities internally.

Frameworks:

Unsloth provides 2-3x speedup and 50-80% VRAM reduction with zero accuracy loss through custom
CUDA /Triton kernels and optimized operations.

LLaMA Factory wraps Hugging Face libraries with a UI/CLI interface, supporting SFT, DPO, RLHF
with Alpaca, ShareGPT, and DPO data formats.

Axolot] offers maximum configurability via YAML/Python configs, with first-class Docker support,
FSDP /DeepSpeed for multi-GPU, and config-driven DPO.

The HuggingFace ecosystem ( transformers , datasets, peft, trl, evaluate) is the foundation

that all major fine-tuning frameworks build upon.

Specialized Domains:

Small Language Models (<10B params) are 10-30x cheaper than LLMs and are the future of agentic
Al for repetitive, well-defined subtasks.
Multimodal fine-tuning treats image patches like text tokens — both are embedded, position-encoded,
and fed through transformer attention.
BERT-family models remain the practical choice for classification, NER, and extractive QA — smaller,

faster, and sufficient for many production tasks.

Embeddings & Benchmarking:

Embedding fine-tuning through contrastive learning can substantially improve RAG pipeline accuracy
for domain-specific applications — the magnitude depends on domain, baseline model, and dataset
quality.

Public benchmarks are starting points, not final answers — always create private benchmarks
on your own domain data with statistical significance testing (Fisher’s randomization test) before
selecting an embedding model.

Multilingual embedding models that cluster by topic (not language) enable cross-lingual retrieval;

models not trained on your target language fail catastrophically, not gracefully.

Evaluation & Quantization:

LLM evaluation requires a multi-method approach: rule-based metrics (BLEU/ROUGE/BERTScore)
for automated baselines, LLM-as-a-Judge with bias mitigation for scalable evaluation, factuality decom-

position for verifiable claims, and human evaluation with inter-rater agreement as the gold standard.
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o Knowledge distillation transfers “dark knowledge” (soft probability distributions) from large teacher
models to small students, sometimes matching or exceeding teacher performance on specific tasks.
o Quantization (GPTQ, AWQ, GGUF) enables running 7B+ models on consumer hardware — q4 K M

is the sweet spot for quality vs. size tradeoff.
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Glossary

Term
Base Model

SFT

PEFT

LoRA

QLoRA

DoRA

DPO

RLHF

PPO

RLAIF

Alpaca Format
ShareGPT Format
Tokenization

Padding Token

merge__and__unload()
Flash Attention
Triton

CUDA
SLM

Fine-Tune, Quantize, Evaluate: The Complete Guide

Table 78: Glossary of Key Terms

Definition

A model that has only undergone unsupervised pre-training;
knows language patterns but cannot follow instructions
Supervised Fine-Tuning - training on labeled input/output
pairs to teach instruction-following

Parameter-Efficient Fine-Tuning - techniques that train only
a subset of model parameters

Low-Rank Adaptation - decomposes weight updates into low-
rank matrices, training far fewer parameters

Quantized LoRA - applies LoRA to 4-bit quantized models
for maximum memory efficiency

Weight-Decomposed Low-Rank Adaptation - a variant of
LoRA

Direct Preference Optimization - a supervised loss function
for preference alignment without requiring a reward model
Reinforcement Learning from Human Feedback - preference
alignment using PPO and a separate reward model
Proximal Policy Optimization - the RL algorithm used in
RLHF

Reinforcement Learning from Al Feedback - replaces human
annotators with Al

Instruction fine-tuning data format with instruction, input,
and output columns

Conversational data format with from/value pairs in a con-
versations array

Converting text into numerical token IDs that the model can
process

A special token used to equalize sequence lengths in a batch
PEFT method that merges LoRA adapter weights into the
base model and removes the adapter layer

10-aware exact attention mechanism that is faster and more
memory efficient

OpenAl’s open GPU kernel language for writing optimized
GPU operations

Nvidia’s C++ framework for GPU computing

Small Language Model - typically <10B parameters, deploy-

able on consumer hardware
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Term

Knowledge Distillation

ViT

CLIP

Projection Layer

Contrastive Learning

Triplet Loss
InfoNCE Loss

MTEB

Dual Encoder

Cross Encoder

RAG

Sentence Transformers (SBERT)

TRL

Temperature Scaling

GPTQ

AWQ

QAT

GGUF

GGML

Definition

Technique to compress a large model into a smaller one that
mimics its behavior

Vision Transformer - processes images by splitting them into
patches and using transformer attention

Contrastive Language-Image Pre-training - aligns text and
image embeddings in a shared space

A linear layer that maps image patch features into the same
embedding space as text tokens

Training paradigm that learns by comparing similar and
dissimilar pairs

Loss function using anchor, positive, and negative examples
Contrastive loss that maximizes agreement between positive
pairs relative to negative pairs

Massive Text Embedding Benchmark - the authoritative
leaderboard for embedding models

Architecture where query and document are encoded sepa-
rately; fast and scalable

Architecture where query and document are encoded to-
gether; more accurate but slower

Retrieval-Augmented Generation - augments LLM queries
with relevant context from a vector database

Library for state-of-the-art contextual sentence/paragraph
embeddings

Transformer Reinforcement Learning - Hugging Face library
for SFT, DPO, and RLHF trainers

Dividing logits by a temperature T before softmax to produce
softer probability distributions; in knowledge distillation,
higher T reveals inter-class similarity (“dark knowledge”)
that hard labels discard

Generative Pre-Trained Transformer Quantization - quan-
tizes weights layer-by-layer using calibration data
Activation-Aware Weight Quantization - preserves precision
for weights that interact with large activations
Quantization-Aware Training - inserts fake quantization dur-
ing training so the model learns to be robust to quantization
noise

File format for storing quantized models, used by llama.cpp
for CPU inference

Georgi Gerganov Machine Learning - C-based tensor library

and inference engine powering llama.cpp
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Term

llama.cpp

BIO Tagging

Axolotl

BPE

BLEU

ROUGE

Perplexity

DataCollatorForLanguageModeling

NF4

MRR

NDCG@K

RecallaK

Ranx

BERTScore

METEOR

Cohen’s Kappa

LLM-as-a-Judge

Im-evaluation-harness

Qrels

Fisher’s Randomization Test

Definition

C/C++ inference engine for running quantized LLMs on
CPU without Python dependencies

Named entity labeling scheme: B (beginning), I (inside), O
(outside) an entity span

Config-driven fine-tuning framework with Docker support,
FSDP, and YAML/Python configuration

Byte Pair Encoding - subword tokenization algorithm that
iteratively merges the most frequent character pairs
Bilingual Evaluation Understudy - precision-based metric for
evaluating machine translation quality

Recall-Oriented Understudy for Gisting Evaluation - recall-
based metric for summarization quality

Measures how “surprised” a language model is by text - lower
is better; ranges are model- and dataset-dependent (well-
trained LLMs typically achieve 5-15 on in-domain text)
HuggingFace collator that handles padding and sets labels =
input__ids for causal language modeling

NormalFloat 4-bit — quantization type optimized for nor-
mally distributed neural network weights, used in QLoRA
Mean Reciprocal Rank — measures how quickly the first
relevant result appears; MRR = 1/rank of correct document
Normalized Discounted Cumulative Gain — position-aware
relevance metric that weights higher-ranked results more
Fraction of relevant documents appearing in the top-K results
Python library for ranking evaluation and statistical signifi-
cance testing in information retrieval

Evaluation metric using contextual embeddings (BERT/De-
BERTa) to compute semantic similarity between texts
Metric for Evaluation of Translation with Explicit ORdering
— harmonic mean of precision and recall with fragmentation
penalty

Inter-rater agreement statistic that adjusts for chance; ranges
from —1 (systematic disagreement) to 1 (perfect agreement)
Using a strong LLM (GPT-5, Claude, Gemini) to evaluate
model outputs — supports pointwise and pairwise modes
EleutherAI’s standard framework for running LLM bench-
marks (MMLU, HellaSwag, ARC) programmatically

Query relevance judgments — the ground truth mapping of
questions to correct documents in information retrieval
Non-parametric statistical test for comparing ranking sys-

tems; determines if score differences are significant
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Term Definition

t-SNE t-distributed Stochastic Neighbor Embedding — dimension-
ality reduction technique for visualizing high-dimensional
data in 2D
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Open Questions / Areas for Further Study

Transformer Architecture Deep Dive: The course assumes transformer knowledge. A dedicated
study of multi-head self-attention, cross-attention, and the encoder-decoder architecture would provide
deeper understanding.

GSPO: Mentioned alongside GRPO as one of the latest policy optimization techniques in Unsloth -
less documented than GRPO and warrants further investigation.

Diffusion Models for Image Generation: The DALL-E architecture discussion introduces diffusion
models but does not deep-dive into the denoising process.

RoPE Scaling: Mentioned as a technique enabling Unsloth’s long context training - warrants further
investigation.

Cross-Encoder Re-ranking: The embedding section briefly mentions cross-encoders for re-ranking
in RAG pipelines — a full practical implementation with Ranx integration would be valuable.
Embedding Model Fine-Tuning with Benchmarking: Section 19 covers evaluation of existing
models — a natural extension is fine-tuning a domain-specific embedding model (using Sentence
Transformers SentenceTransformerTrainer ) and measuring improvement on the private benchmark.
Multi-Agent Systems with SLMs: The Nvidia research paper on SLMs for agentic Al opens
questions about optimal model routing, cost-aware agent architectures, and when to use SLM vs LLM
in agent pipelines.

Advanced Evaluation Pipelines: Combining LLM-as-a-Judge with human evaluation in a hybrid
loop (machine labels — human calibration — active learning) for production evaluation at scale.
“Distilling Step-by-Step” (Google, ACL 2023): A 770M T5 student outperformed 540B PaLM by
distilling the reasoning process - how does this change the cost calculus for production deployments?
Quantization Method Selection: When to use GPTQ vs AWQ vs GGUF in production. Perfor-
mance benchmarks across different hardware (GPU vs CPU vs Apple Silicon) would clarify deployment

decisions.

EfficientQAT: Full 2-bit quantization on a single GPU (LLaMA-2 up to 70B) - how does this compare
to standard QLoRA in quality and speed?

vLLM and llm-compressor: The successor to autoawq - how does it compare for production

quantization workflows?
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Follow me for More AI Content

If you found these notes useful, connect with me on LinkedIn for more
deep dives into Machine Learning, Artificial Intelligence, and Computer

Vision.

Isham Rashik on LinkedIn
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