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LLM in practice:
Retrieval-Augmented-Generation 

(RAG)
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Retrieval-Augmented-Generation (RAG)
▪ RAG stands for Retrieval-Augmented-Generation.

▪ It is technique that improves the performance of a LLM, especially for tasks 
that require accurate and detailed information.

▪ Benefits of RAG:
◦ Increased Accuracy: By incorporating external knowledge.

◦ Contextual Relevance: RAG allows LLMs to tailor responses to specific 
contexts and user needs. 

◦ Up-to-Date Information: RAG can access and utilize the latest information 
from external sources. 

◦ Customization: RAG enables organizations to integrate their specific 
knowledge bases and data into LLM applications. 

◦ Improved Reliability: Users can verify the sources of information used by RAG 
models, enhancing trust in their responses. 
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RAG
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Pre-Retrieval Optimization 
(Improve the chunking process )
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Pre-Retrieval Optimization 
(Improve the chunking process )
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Pre-Retrieval Optimization 
(Improve the chunking process )
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Pre-Retrieval Optimization 
(Improve the chunking process )
▪ Semantic Chunking – Steps

◦ Splitting: We split the document to sentences using separators(.,?,!).

◦ Grouping: Select anchor sentences and choose how many sentences to 
consider at either side of the anchor (window size).

◦ Similarity Check: Calculate the distance between the group of sentences (e.g.: 
cosine similarity).

◦ Chunking: Chunk together the similar sentences.
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Pre-Retrieval Optimization 
(Improve the chunking process )
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Semantic 
Chunking 



Pre-Retrieval Optimization 
(Improve the chunking process )
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Semantic 
Chunking 



Post-Retrieval – Re-ranking
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Compare query 
vector to document 
vectors with cosine 
similarity

feed the document and query 
vectors into the cross-encoder 
(output a single
similarity score)



Post-Retrieval – Re-ranking
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LLM in practice:
Prompting
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Zero/few-shot prompting
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Limits of prompting for harder tasks?
▪ Some tasks seem too hard for even large LMs to learn through 

prompting alone. Especially tasks involving richer, multi-step 
reasoning.
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Solution: Chain-of-thought prompting



Chain-of-thought prompting
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Downside of prompt–based learning
▪ Inefficiency: The prompt needs to be processed every time the model makes a 

prediction.

▪ Poor performance: Prompting generally performs worse than fine-tuning

▪ Sensitivity to the wording of the prompt

▪ Lack of clarity regarding what the model learns from the prompt.
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LLM in practice:
Fine-Tuning
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Transfer Learning
▪ Transfer Learning is the process of leveraging knowledge learned from one 

task/domain to improve performance on another related task/domain.
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Source Domain

• Large dataset 

• Knowledge learned previously 

Target Domain

• New task 

• Usually smaller dataset 



What is LLM fine-tuning?
▪ Fine-tuning is the process of adjusting the parameters of a pre-trained large 

language model to a specific task or domain. 

▪ Although pre-trained language models like GPT possess vast language 
knowledge, they lack specialization in specific areas.

▪ By exposing the model to task-specific examples during fine-tuning, the model 
can acquire a deeper understanding of the nuances of the domain
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Why is LLM fine-tuning important?
▪ Customization: Every domain or task has its own unique language patterns, 

terminologies, and contextual nuances. 

▪ Data compliance: In many industries, such as healthcare, finance, and law, 
strict regulations govern the use and handling of sensitive information. 
Organizations can ensure their model adheres to data compliance standards by 
fine-tuning the LLM on proprietary or regulated data.

▪ Limited labeled data: Fine-tuning allows organizations to leverage pre-existing 
labeled data more effectively by adapting a pre-trained LLM to the available 
labeled dataset, maximizing its utility and performance.
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Types of LLM fine-tuning
▪ Feature extraction: 

◦ It involves freezing the weights of a pre-trained 
model's layers and using it as a feature 
extractor

◦ Used when a smaller dataset is available, and 
the target domain is closely aligned with the 
original domain of the pre-trained model. 

◦ Faster training, requires less computational 
resources, and can be more effective when the 
new dataset is small. 
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Types of LLM fine-tuning
▪ Full fine-tuning

◦ involves unfreezing some or all of the pre-trained 
layers and retraining them along with new layers.

◦ Used when a larger dataset is available and more 
flexibility is needed to adapt the pre-trained model 
to the specific task

◦ Allowing the model to learn new features that are 
specific to the target task

◦ Can achieve higher accuracy, better adaptability to 
the new task, and allows the model to learn more 
task-specific features while preserving the general 
knowledge from the original dataset.
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Types of LLM fine-tuning
▪ partial fine-tuning

◦ Partial Fine-Tuning is a transfer learning approach 
where only a subset of the pretrained model's 
parameters is updated, while the remaining 
parameters stay frozen.
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Types of LLM fine-tuning
▪ Multi-stage fine-tuning

◦ A technique where a model is trained in multiple sequential stages, each stage 
building upon the previous one.

◦ The process might involve: 

◦ Pre-training 

◦ Initial Fine-Tuning: smaller dataset relevant to a specific domain e.g. medical text.

◦ Domain-Specific Fine-Tuning: further fine-tuned on a dataset specifically related to 
a narrow sub-domain, such as clinical trial reports.
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Self-Supervised Learning as a 
Bridge to Effective Fine-Tuning
▪ Self-Supervised Learning serves as a bridge 

between a general foundation model and effective 
fine-tuning, particularly when labeled data is 
scarce.

▪ When labeled data is scarce, self-supervised 
learning can be used before fine-tuning to adapt a 
foundation model to the target domain using large 
amounts of unlabeled data, leading to better 
downstream performance.
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Small Labeled Dataset
↓

Not Enough

General LLM
↓

Self-Supervised Learning
(Unlabeled Domain Data)

↓
Domain-Specialized LLM

↓
Fine-Tuning

(Small Labeled Dataset)
↓

Better Performance



Self-Supervised Learning as a Bridge to 
Effective Fine-Tuning

RIAD SONBOL - ML COURSE 28

Is there a way we can train neural networks without 
the need for huge manually labeled datasets?



Self-Supervised Learning as a Bridge to 
Effective Fine-Tuning

Pretext Task

▪ Define a task based on the 
data itself

▪ No manual annotation- 
Could be considered an 
unsupervised task;
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Self-supervised pretext tasks 
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Masked Autoencoder 



Self-supervised learning method
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LLM in practice:
 parameter efficient fine-tuning 

(PEFT)
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Parameter efficient fine-tuning (PEFT)
▪ Why fine-tuning only some 

parameters?

▪ Fine-tuning all parameters is 
impractical with large models

▪ State-of-the-art models are 
massively overparameterized

 → Parameter-efficient 
finetuning matches performance of 
full fine-tuning
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Why do we need efficient adaptation?
▪ Emphasis on accuracy over efficiency in 

current AI paradigm

▪ Hidden environmental costs of training 
(and fine tuning) LLMs

▪ As costs of training go up, AI development 
becomes concentrated in well-funded 
organizations, especially in industry
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Different perspectives to think about PEFT
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A Parameter Perspective of Adaptation
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A Parameter Perspective of Adaptation
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A Parameter Perspective of Adaptation - Sparse subnetworks (pruning) 

Sparse subnetworks (pruning) adapt a pretrained model by identifying and updating only a small subset of the 
most important parameters while keeping the majority of weights fixed. This reduces memory and computational 
requirements while preserving much of the model’s original performance, making adaptation more efficient.



A Parameter Perspective of Adaptation
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A Parameter Perspective of Adaptation - Low-rank Composition



A Parameter Perspective of Adaptation
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A Parameter Perspective of Adaptation - Low-rank Composition

Low-rank composition adapts a pretrained model by learning a small set of low-rank matrices that approximate changes to the 
original weight matrices, instead of updating all parameters. This significantly reduces the number of trainable parameters and 
memory requirements while maintaining strong performance, as used in methods such as LoRA (Low-Rank Adaptation).



An input perspective of adaptation
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An input perspective of adaptation
Prefix-Tuning and Prompt-Tuning

▪ Prompt-Tuning: You give the student instructions before the exam starts.

▪ Prefix-Tuning: You can whisper guidance during every step of solving the 
exam.

▪ Prompt-Tuning learns trainable prompts at the input layer, whereas Prefix-
Tuning learns trainable prefixes that influence every Transformer layer 
throughout the model.

▪ Prompt-Tuning prepends trainable embeddings to the input tokens, whereas 
Prefix-Tuning prepends trainable Key/Value vectors to the attention 
mechanism of every Transformer layer.a
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An input perspective of adaptation
Prefix-Tuning and Prompt-Tuning: 

▪ Prompt-Tuning: You give the student instructions before the exam starts.

▪ Prefix-Tuning: You can whisper guidance during every step of solving the exam.

▪ Prompt-Tuning learns trainable prompts at the input layer, whereas Prefix-Tuning learns 
trainable prefixes that influence every Transformer layer throughout the model.
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A functional perspective of adaptation
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A functional perspective of adaptation
▪ Adapter fine-tuning is a parameter-efficient technique that allows for efficient 

adaptation of large language models (LLMs) to specific tasks by training small, 
task-specific "adapter" modules instead of updating all model parameters.

▪ Adapters: Adapters are small neural network layers (typically a pair of fully 
connected layers) inserted into the pre-trained model. 
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LLM in practice:
Domain Adaptation
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Domain Adaptation
▪ Domain adaptation is a field associated with machine learning and 

transfer learning.

▪ It addresses the challenge of training a model on one data 
distribution and applying it to a related but different data 
distribution.
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Domain Adaptation 
(domain adversarial training)
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Domain Adaptation 
(domain adversarial training)
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Domain Adaptation 
(domain adversarial training)
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LLM in practice:
Fact Checking
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Fact Checking Methods
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Fact Checking Methods
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