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Background: IR + Text Generation
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What is RAG?
• Integrating Information Retrieval (IR) Techniques in Text Generation
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Information Retrieval
• Information Retrieval (IR) is the process of retrieving unstructured content (typically 

text) from large collections to satisfy a user’s information need

• Distinct forms of IR
• Desktop search
• Web search
• Vertical search

• Video search
• Audio search
• …

• …
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Architecture of an IR System (Search Engine)
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Information Retrieval Models
• An IRS is based on a mathematical model (IR model) that provides a formal description:

• of the document
• of the query
• of how to compare the query and the document representations to estimate the relevance of 

documents to the query

• It should be noted that the use of the same formal framework to represent both 
documents and queries guarantees a correct matching

• IMPORTANT: An IR system simplifies the complexity of the retrieval activity → the 
results produced are not «perfect» (estimate of relevance)
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The Notion of Relevance
• Retrieving the relevant documents for the user → The relevance of a document is 

relative to the formulated query (i.e., topical relevance, a.k.a. topicality)
• Nowadays → Multi-dimensional relevance, i.e., topicality “+” novelty, popularity, factual accuracy, …

• Exact comparison: “binary” notion of relevance
• Relevant / Not relevant

• Partial comparison: “gradual” notion of relevance:
• Idea: comparison between the document and the query that tolerates mismatches (e.g., similarity of 

the query to the “document”)
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Sparse VS Dense Retrieval
Sparse Retrieval

• Represents queries/docs as sparse vectors 
(mostly zeros)
• Bag-of-Words, TF-IDF

• Based on term matching (e.g., VSM, BM25)
• Relies on exact keyword overlaps
• Fast and interpretable
• Limited in capturing semantic meaning

Dense Retrieval

• Represents queries/docs as dense vectors
• Neural embeddings (e.g., BERT-based)

• Captures semantic similarity, not just 
keywords

• Requires more compute (Approximate 
Nearest Neighbor search)

• Often more effective in open-domain QA 
and semantic search
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Text Generation
• Text generation, also known as Natural Language Generation (NLG), is the task of 

automatically producing coherent and contextually relevant text, to approximate or 
replicate human-written language

• Several applications
• Machine translation
• Open-ended text generation
• Summarization
• Dialogue generation / Chatbots
• Data-to-text generation
• …
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NLG and Language Modeling
• Natural Language Generation (NLG) and Language Modeling (LM) are deeply 

connected — you can think of language modeling as the foundation of many NLG 
systems

• A language model is a probabilistic model that estimates the likelihood of a given 
sequence of words:
• 𝑃(𝑤1, 𝑤2, … , 𝑤𝑛)
• This is useful for evaluating how “likely” (“fluent”) a sentence is
• Example: Estimating the likelihood of “The cat sat on the mat” vs. “Cat the on sat mat the”
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Predicting the Next Word
• It can be regarded as a probabilistic mechanism for “generating” text, thus also 

called a “generative” model

• The language model learns to predict the next word given the previous ones
• 𝑃(𝑤𝑡 ∣ 𝑤1, 𝑤2, … , 𝑤𝑡−1)
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LMs in Everyday Life!
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Traditional (Pre-Deep Learning) Way
𝒏-gram LMs

• Collect statistics about how frequent different 𝑛-
grams are (Auto-regressive LM / Causal Language 
Modeling)

• 2-gram (bigram) LM: the probability of a word in a 
sequence depends on the word that precedes it

• 3-gram (trigram) LM: the probability of a word in a 
sequence depends on the two words that precede it

• Example of a 4-gram LM (prediction based on the 
previous three words):
• As the proctor started the clock, the students opened 

their _____
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For example, suppose that in the corpus:
• “students opened their” occurred 1,000 times
• “students opened their books” occurred 400 times

→ 𝑃(books | students opened their) = 0.4
• “students opened their exams” occurred 100 times

→ 𝑃(exams | students opened their) = 0.1



Some Issues with 𝑛-gram LMs
• Sparsity

• Hard to compute the probability of unseen text

• Storage
• Need to store count for all 𝑛-grams. Increasing 𝑛 or corpus increases model size!

• Insufficient model of language
• Language has long-distance dependencies: “The computer which I had just put into the 

machine room on the fifth floor crashed”
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Going beyond 𝑛-gram LMs
Neural Language Models

• Use neural networks to learn word 
representations and model longer 
dependencies

• Milestones:
• Word2Vec / GloVe (Static embeddings)
• RNNs / LSTMs (Model sequences better than 
𝑛-grams)

• Limitations: Still struggles with long-term 
context, sequential computation is slow

Transformers and Pretrained LMs

• Attention-based architectures (e.g., 
Transformer by Vaswani et al., 2017)
• Can process entire sequences in parallel 

(non-sequential)
• Pre-trained Language Models (PLMs):

• BERT (2018): Masked Language Modeling 
(MLM) (bidirectional)

• GPT (2018+): Causal Language Modeling 
(CLM) or Autoregressive Language Modeling 
(ALM) (left-to-right)
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Large Language Models (LLMs)
• Massive scale: Billions of parameters, 

trained on diverse and massive corpora

• Knowledge is baked into weights

• Self-supervised learning. No labeled data 
needed

• General-purpose, but not always task- or 
domain-specific

• GPT (Generative Pre-trained Transformer):
• GPT-1 (2018) → 117 million parameters, 985 

million words
• GPT-2 (2019) → 1.5 billion parameters
• GPT-3 (2020) → 175 billion parameters. Chat 

GPT is also based on this model
• GPT-4 (early 2023) → likely to contain trillions 

of parameters
• GPT-4 Turbo (late 2023), optimized for 

efficiency→ unspecified parameter count
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General-purpose, but not always task- or domain-specific
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Optimizing LLMs
• Fine-tuning → Adapting a pre-trained 

model to a specific task or domain by 
training it further on a new, usually smaller, 
dataset
• The model's weights are updated to perform 

better on the new task
• Task-specific fine-tuning: Like text classification, 

question answering, or summarization
• Domain-specific fine-tuning: Like medical, legal, or 

technical text
• Costly, data-hungry, hard to update knowledge

• In-context learning → Teaching a language 
model to perform a task just by showing 
examples or instructions in the input prompt
• No need to change model weights — just craft 

clever inputs (“prompts”) to guide the model
• Zero-/Few-shot learning → Generalize with 

minimal examples
• Zero-shot: “Translate to French: ‘Good morning’”
• Few-shot: “Translate this to French: ‘Good morning’. 

English = ‘Good morning’, ‘French = ‘Bonjour’”
• Short-term→ The model "learns" the task only 

during the current interaction
• Not scalable for large systems
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ALERT: LLMs Hallucinate!
• Hallucination refers to when the LLM generates information that is false, 

inaccurate, or made up, but it sounds convincing or plausible
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Factual hallucination→ “The capital of Italy is Milan.”

Fabricated citation → “According 
to a study by Smith et al. (2021), 

the human brain can process 
10,000 thoughts per second”

(non-existing citation)

Made-up data → “According to 
the latest data, 92% of people 
believe in extraterrestrial life”

(non-existing poll)



Why does Hallucination Happen? Solutions?
• Contextual gaps → The model may not 

have enough information to answer a 
query accurately and “fills the gap”

• Overfitting to patterns → The model 
learns patterns from large amounts of 
data, which could sometimes include 
incorrect information that gets reflected 
in its responses

• Fine-tuning
• Fine-tune the model on a specific, curated 

dataset to reduce hallucination in that 
domain

• Post-processing and Fact-checking
• Use of external fact-checking tools to verify 

outputs 

• Combine LLMs with External Knowledge 
via Retrieval-Augmented Generation 
(RAG)→ The core of this lecture
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Retrieval-Augmented Generation

20



The Emergence of the Concept (2020)
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Why RAG?

“LLMs’ ability to access and precisely manipulate knowledge is still limited,     
and hence, on knowledge-intensive tasks, their performance lags behind          

task-specific architectures”

“Additionally, providing provenance for their decisions and updating their world 
knowledge remain open research problems”

22



RAG: Basic Notions
• The idea behind RAG techniques is to make use of knowledge “outside” the 

model to provide a “local” context (in-context) that can supplement the model 
with appropriate knowledge without changing its parameters. 

• These are basically prompting techniques that supplement the user's input with 
contextual knowledge retrieved by accessing external sources of information 
through a search engine.
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Naive RAG
• During the nascent stages of RAG, its core framework is constituted by indexing, 

retrieval, and generation, a paradigm referred to as Naive RAG

24



Naive RAG: Indexing
• Indexing involves creating an inverted index—mapping each token to the documents/positions 

where it appears.
• This stage involves text normalization processes such as tokenization, stemming, and the removal of stop 

words to enhance the text’s suitability for indexing

• The integration of Deep Learning has revolutionized indexing through the use of pretrained 
LMs for generating semantic vector representations of texts

• When dealing with Transformer models and embedding-based search:
• We often tokenize and chunk documents → Each chunk is a set of tokens that can fit within the model’s 

context window
• We generate embeddings for those chunks and index those
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Naive RAG: Retrieval
• Traditional retrieval methods, such as BM25, focus on term frequency and presence for 

document ranking → they often overlook the semantic information of queries

• Current strategies leverage pretrained LMs like BERT, which capture the semantic 
essence of queries more effectively → Dense retrieval models
• They consider synonyms and the structure of phrases, thereby refining document ranking through 

the detection of semantic similarities
• This is typically achieved by measuring vector distances between documents and queries, combining 

traditional retrieval metrics with semantic understanding to yield search results that are both 
relevant and aligned with user intent
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Naive RAG: Generation
• The generation phase is tasked with producing text that is both relevant to the query 

and reflective of the information found in the retrieved documents

• The usual method involves concatenating the query with the retrieved information, 
which is then fed into an LLM for text generation

• The generated text should accurately convey the information from the retrieved 
documents and align with the query’s intent, while also offering the flexibility to 
introduce new insights or perspectives not explicitly contained within the retrieved data
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Naive RAG: An Example
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Naive RAG: Issues
• Shallow understanding of queries

• The semantic similarity between a query and a document chunk is not always highly consistent
• Relying solely on similarity calculations for retrieval lacks an in-depth exploration of the 

relationship between the query and the document

• Retrieval redundancy and noise
• Feeding all retrieved chunks directly into LLMs is not always beneficial
• Research indicates that an excess of redundant and noisy information may interfere with the LLM’s 

identification of key information, thereby increasing the risk of generating erroneous and 
hallucinated responses
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Advanced RAG
• Advanced RAG focuses on optimizing the retrieval phase, aiming to enhance 

retrieval efficiency and strengthen the utilization of retrieved chunks

• Typical strategies involve pre-retrieval processing and post-retrieval processing

• For instance, query rewriting is used to make the queries clearer and more specific, 
thereby increasing the accuracy of retrieval, and the reranking of retrieval results 
is employed to enhance the LLM’s ability to identify and utilize key information
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Advanced RAG: Pipeline
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Advanced RAG: Pre-Retrieval
• The specificity of indexing depends on the task and data type

• E.g., sentence-level indexing or paragraph-level indexing is better for Q-A systems to precisely locate answers, 
while document-level indexing is more appropriate for summarizing documents to understand their main 
concepts and ideas

• Data modification is also critical in enhancing retrieval efficiency
• Preprocessing techniques → Removing irrelevant/redundant information and/or enriching the data with 

additional information, such as metadata, to boost the relevance and diversity of the retrieved content

• Query manipulation is performed to adjust user queries for a better match with indexed data
• Query reformulation → Rewrites the query to align more closely with the user’s intention
• Query expansion → Extends the query to capture more relevant results through synonyms or related terms
• Query normalization → Resolves differences in spelling or terminology for consistent query matching

32



Advanced RAG: Post-Retrieval
• In the re-ranking step, the documents previously retrieved are reassessed, scored, and 

reorganized
• Objective→ More accurately highlight the documents most relevant to the query and diminish the 

importance of the less relevant ones
• Methods→ Incorporating additional metrics and external knowledge sources to enhance precision

• Filtering aims to remove documents that fail to meet specified quality or relevance 
standards
• Methods: 

• Establishing a minimum relevance score threshold to exclude documents below a certain relevance level
• Using the feedback from users or prior relevance evaluations assists in adjusting the filtering process, 

guaranteeing that only the most relevant documents are retained for text generation
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Advanced RAG:
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An Example



Advanced RAG: Issues
• There remains a gap between RAG capabilities and real-world application 

requirements

• RAG currently faces the following new challenges:
• Complex data sources integration. RAGs are no longer confined to a single type of unstructured text 

data source but have expanded to include various data types (e.g., tables, knowledge graphs)
• New demands for system interpretability, controllability, and maintainability
• Component selection and optimization. More neural networks are involved in the RAG system, 

necessitating the selection of appropriate components to meet the needs of specific tasks and 
resource configurations

• Workflow orchestration and scheduling. Components may need to be executed in a specific order, 
processed in parallel under certain conditions, or even judged by the LLM based on different outputs
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Modular RAG
• The current RAG paradigm → Surpassing the traditional linear retrieval-generation 

paradigm

• Modular RAG → Consists of multiple independent yet tightly coordinated modules, each 
responsible for handling specific functions or tasks

• Advantages of Modular RAG → It enhances the flexibility and scalability of RAG systems
• Users can flexibly combine different modules and operators according to the requirements of data 

sources and task scenarios
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Modular RAG: Pipeline
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Modular RAG: Some Optimization Modules
• Indexing

• Chunk optimization
• Sliding window
• Metadata attachment

• Structure organization
• Hierarchical indexing
• KG-based indexing

• Pre-retrieval
• Query manipulation

• LLM-based query expansion or rewriting
• Multiple queries / sub-queries

• Retrieval
• Sparse / Dense / Hybrid retrieval
• Fine-tuning retrieval models

• Post-retrieval
• Compress and select the retrieved content
• Selection and removal of irrelevant chunks

• Generation
• Generator fine-tuning
• Verification (KB-verification, model-based 

verification)
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Modular RAG: Orchestration
• Modular RAG incorporates decision-making at pivotal junctures and dynamically selects 

subsequent steps contingent upon the previous outcomes
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• Routing
• In response to diverse queries, the RAG 

system routes to specific pipelines tailored 
for different scenario, a feature essential for 
a versatile RAG architecture designed to 
handle a wide array of situations

• Fusion
• Enhancing diversity by exploring multiple 

pipelines → Fusing for the best output

• Scheduling
• It identifies critical junctures that require 

external data retrieval, assessing the 
adequacy of the responses, and deciding on 
the necessity for further investigation

• It is commonly utilized in scenarios that 
involve recursive, iterative, and adaptive 
retrieval



RAG vs ALL
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RAG: A Use Case Example
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RAG and Health Information Retrieval
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The Proposed Solution
• Integrating generative LLMs with a reputed, external knowledge, such as the 

curated scientific repository of PubMed Central (PMC), a strategy designed to 
increase both the topical relevance and factual accuracy of the retrieved 
documents

• The proposed solution is characterized by three key stages:
• User query-based passage retrieval from PMC
• GenText generation through LLMs
• Calculating topicality and factual accuracy, and final document ranking
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The Proposed Solution: Pipeline
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GenText generation through LLMs
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Based on the context provided, there is a 
misconception linking 5G antennas to the 
19 pandemic (Reference: 10316077). 
connection has no statistically significant 
to support it (Reference: 10316077). Instead, 
important to note that 5G networks play a 
role in ensuring secure data handling and 
enhancing user privacy (Reference: 
Moreover, SARS-CoV-2 variants remain the 
cause of COVID-19 outbreaks (Reference: 
10288941).



Topicality, Factual Accuracy, and Final Ranking
• The topicality score 𝑇 is computed for each 

document 𝑑 in the document collection, and 
it is derived using the BM25 retrieval model 
against the considered query 𝑞

𝑇 𝑑, 𝑞 = BM25 𝑑, 𝑞

• The factual accuracy score 𝐹 integrates two 
distinct metrics to assess the adherence of 
documents to be retrieved to scientific 
evidence within GenText 𝐺

𝐹 𝑑, 𝐺
= 𝛼 ⋅ 𝑠𝑡𝑎𝑛𝑐𝑒 𝑑, 𝐺 + 1 − 𝛼 ⋅ cos(𝑑, 𝐺)
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• The final document ranking is obtained by performing a linear combination of topicality and 
factual accuracy scores in order to obtain the Retrieval Status Value (RSV)

𝑅𝑆𝑉 𝑑, 𝑞, 𝐺 = 𝛽 ⋅ 𝑇 𝑑, 𝑞 + 1 − 𝛽 ⋅ 𝐹(𝑑, 𝑔)



Some Results
Model CAMMAP CAMNDCG Embeddings

Top-5 Documents
BM25 0.0431 0.1045 −

DigiLab 0.0433 0.1109 −
CiTIUS 0.0455 0.1119 −

WISE 0.0611 0.1198 BioBERT
WISENLI 0.0883 0.1823 BioBERT
GPTRAG 0.1045 0.2098 BioBERT

LlamaRAG 0.1079 0.2146 BioBERT
FalconRAG 0.0994 0.2011 BioBERT

Top-10 Documents
BM25 0.0784 0.1923 -

DigiLab 0.0823 0.1992 -
CiTIUS 0.0843 0.1999 -

WISE 0.1102 0.211 BioBERT
WISENLI 0.1302 0.2321 BioBERT
GPTRAG 0.1502 0.2655 BioBERT

LlamaRAG 0.1532 0.2702 BioBERT
FalconRAG 0.1495 0.2568 BioBERT

Model CAMMAP CAMNDCG Embeddings

Top-5 Documents
BM25 0.0631 0.1435 -

DigiLab 0.0712 0.1543 -
CiTIUS 0.0754 0.1554 -

WISE 0.0844 0.1608 BioBERT
WISENLI 0.0923 0.1922 BioBERT
GPTRAG 0.1178 0.2234 BioBERT

LlamaRAG 0.1222 0.2298 BioBERT
FalconRAG 0.1123 0.2165 BioBERT

Top-10 Documents
BM25 0.1047 0.2052 -

DigiLab 0.1186 0.2011 -
CiTIUS 0.1194 0.2095 -

WISE 0.1233 0.22 BioBERT
WISENLI 0.1341 0.2455 BioBERT
GPTRAG 0.1547 0.2712 BioBERT

LlamaRAG 0.1602 0.2723 BioBERT
FalconRAG 0.1501 0.2665 BioBERT
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CLEF eHealth 2020 dataset TREC HM 2020 dataset



A Tool for Explainability?
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