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Standard Prompting
• Combine a prompt template together with an input

Please answer this question: 

I think Vin Diesel has been a voice actor for several 
characters in TV series, do you know what their names are?



Problems
• Accuracy issues: 

• Knowledge cutoffs: parameters are usually only 
updated to a particular time 

• Private data: data stored in private text or data 
repositories not suitable for training 

• Learning failures: even for data that the model was 
trained on, it might not be sufficient to get the right 
answer 

• Verifiability issues: It is hard to tell if the answer is 
correct



I asked Google Gemini:

How do WWW links get incorporated with your LLM?











Retrieval-augmented Generation 
(Chen et al. 2017)

• Retrieve relevant passages efficiently 
• Read the passages to answer the query

passage passage passage 
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passage passage passage 
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passage passage passage 
passage passage passage
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A typical case of  RAG 

When answering questions or 
generating text, it first retrieves 
relevant information from a large 
number of documents, and then  
LLMs generates answers based 
on this information.

By attaching a external 
knowledge base, there is no need 
to retrain the entire large model 
for each specific task.

The RAG model is especially 
suitable for knowledge-intensive 
tasks.

Retrieval-Augmented Generation (RAG)



https://aws.amazon.com/what-is/retrieval-augmented-generation/



Umar Jamil – https://github.com/hkproj/retrieval-augmented-generation-notes

QA with Retrieval Augmented Generation

Query

Vector DB

Web PagesDocuments

LLM

How many parameters are there in Grok-0?

Prompt
Template

Context

[...]
After announcing xAI, we trained a prototype LLM (Grok-0) with 
33 billion parameters. This early model approaches LLaMA 2 
(70B) capabilities on standard LM benchmarks but uses only 
half of its training resources. 
[...]

Answer

Grok-0, the prototype LLM 
mentioned in the provided 
context, is stated to have been 
trained with 33 billion parameters.

Split into chunks

Embeddings

Embeddings

Store

Search

Top-K

https://github.com/hkproj/retrieval-augmented-generation-notes


Example

https://www.behindthevoiceactors.com/Vin-Diesel/

https://www.behindthevoiceactors.com/tv-shows/Big-Mouth/Vin-Diesel/



Umar Jamil – https://github.com/hkproj/retrieval-augmented-generation-notes

Strategies to teach new concepts to LLM

Base LLM

Fine-tune on custom data

Fine-tuned LLM

+

=

Base LLM

Vector DB + Embeddings

RAG

+

=

Fine-tuned LLM + RAG

https://github.com/hkproj/retrieval-augmented-generation-notes


RAG  vs Fine-tuning



Retrieval Methods



Umar Jamil – https://github.com/hkproj/retrieval-augmented-generation-notes

Why do we use vectors to represent words?

Given the words “cherry”, “digital” and “information”, if we represent the embedding vectors 
using only 2 dimensions (X, Y) and we plot them, we hope to see something like this: the angle 
between words with similar meaning is small, while the angle between words with different 
meaning is big. So, the embeddings “capture” the meaning of the words they represent by 
projecting them into a high-dimensional space.

Source: Speech and Language Processing 3rd Edition Draft, Dan Jurafsky and James H. Martin

We commonly use the cosine similarity, which is based on the dot product between the two 
vectors.

https://github.com/hkproj/retrieval-augmented-generation-notes


Sparse Retrieval
• Express the query and document as a sparse word 

frequency vector (usually normalized by length) 

• Find the document with the highest inner-product or 
cosine similarity in the document collection
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Term Weighting 
(See Manning et al. 2009)

• Some terms are more important than others; low-
frequency words are often more important 

• Term frequency - in-document frequency (TF-IDF) 
 
 
 
 
 

• BM25: TF term similar to smoothed count-based LMS
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Dense Retrieval

• Encode document/query 
and find nearest neighbor 

• Can use: 
• Out-of-the-box 

embeddings 
• Learned embeddings

query



K-NN: a naïve approach

Imagine we want to search for the query in our database: a simple way would be comparing 
the query with all the vectors, sorting them by distance, and keeping the top K.

Query

How many parameters are there in Grok-0?
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If there are N embedding vectors and each 
has D dimensions, the computational 
complexity is in the order of O(N*D), too 
slow!

🐌



Approximate Nearest 
Neighbor Search

• Methods to retrieve embeddings in sub-linear time

• Software: FAISS, ChromaDB

101100

110

010

011

001

Locality sensitive hashing: 
make partitions in continuous 
space, use like inverted index

Graph-based search: create 
“hubs” and search from there



Cross-encoder Reranking
• Jointly encode both queries and documents using 

neural model (Nogueira et al. 2019)

Figure from Khattab et al. (2020) 

• Precludes approximate nearest neighbor lookup, so 
can only be used on small number of candidates

Bi-encoder Cross-encoder



Token-level Dense Retrieval
• ColBERT (Khattab et al. 2020) use contextual 

representations of all query and document tokens 
to compute retrieval score.

• Significantly more effective (but more costly) than 
single-vector retrieval



Similarity Search: let’s trade precision for speed

The naïve approach we used before, always produces accurate 
results, since it compares the query with all the stored vectors, but 
what if we reduced the number of comparison, but still obtain 
accurate results with high probability?

The metric we usually care about in Similarity Search is recall.

we will explore an algorithm for Approximate Nearest Neighbors, 
called Hierarchical Navigable Small Worlds (HNSW). 

Source: Wikipedia



HNSW in the real world

It is the same algorithm that powers Qdrant, the open source Vector DB used by Twitter’s (X) Grok LLM, 
which can access tweets in real time.



HNSW: idea #1

HNSW is an evolution of the Navigable Small Worlds algorithm for Approximate Nearest Neighbors, which 
is based on the concept of Six Degrees of Separation.

Milgram's experiment aimed to test the social connections among people in the United States. The 
participants, who were initially located in Nebraska and Kansas, were given a letter to be delivered to a 
specific person in Boston. However, they were not allowed to send the letter directly to the recipient. 
Instead, they were instructed to send it to someone they knew on a first-name basis, who they believed 
might have a better chance of knowing the target person.

At the end of Milgram’s small-world experiment, Milgram found that most of the letters reached the final 
recipient in five or six steps, creating the concept that people all over the world are all connected by six 
degrees of separation.

Facebook found in 2016 that its 1.59 billion active users were connected on average by 3.5 degrees of 
separation: https://research.facebook.com/blog/2016/02/three-and-a-half-degrees-of-separation/

This means that you and Mark Zuckerberg are only 3.5 connections apart!

https://research.facebook.com/blog/2016/02/three-and-a-half-degrees-of-separation/


Navigable Small Worlds

The NSW algorithm builds a graph that – just like Facebook friends – connects close vectors with each other 
but keeping the total number of connections small. For example, every vector may be connected to up to 6 
other vectors (to mimic the Six Degrees of Separation).

01

02

03

05

04

06

09

08

13

11

12

15

1007

14

Node Text

01 […] The Transformer is a model […]

02 […] Diagnose cancer with AI […]

03 […] A transformer-based model […]

04 […] The Transformer has 6 layers […]

05 […] An MRI machine that costs 1$ […]

06 […] The dot-product is a […]

07 […] Big-Pharma is not so big […]

08 […] Cross-Attention is a great […]

09 […] To solve an ODE […]

10 […] We are aging too fast […]

11 […] Open-source models like […]

12 […] MathBERT: a new model […]

13 […] AI to control aging […]

14 […] Attention is all you need […]

15 […] LLaMA 2 has 7B params […]



Navigable Small Worlds: searching for K-NN
Given the following query: “How many Encoder layers are there in the Transformer model?”
How does the algorithm find the K Nearest Neighbors?
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Local best: stop search

We repeat the search with randomly chosen starting 
points and then keep the top K among all the visited 
nodes.



Navigable Small Worlds: inserting a new vector

We can insert a new vector by searching the top KNN with the searching algorithm described before and 
making an edge between the vector and the top K results.



HNSW: idea #2

To go from NSW (Navigable Small Worlds) to HNSW (Hierarchical Navigable Small Worlds), we need to 
introduce the algorithm behind the data structure known as Skip-List.

The skip list is a data structure that maintains a sorted list and allows search and insertion with an average of 
𝑂(log 𝑁) time complexity.
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HNSW: Hierarchical Navigable Small Worlds



HNSW: Hierarchical Navigable Small Worlds

Q

Layer 0 (dense)

Layer 3 (sparse)

Layer 1

Layer 2

Let’s search!

We repeat the search with 
randomly chosen starting 
points (on the top layer) and 
then keep the top K among 
all the visited nodes.



QA with Retrieval Augmented Generation
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How many parameters are there in Grok-0?
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Context

[...]
After announcing xAI, we trained a prototype LLM (Grok-0) with 
33 billion parameters. This early model approaches LLaMA 2 
(70B) capabilities on standard LM benchmarks but uses only 
half of its training resources. 
[...]

Answer

Grok-0, the prototype LLM 
mentioned in the provided 
context, is stated to have been 
trained with 33 billion parameters.

Split into chunks
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When do we Retrieve?
• Once, at the beginning of generation

• Default method used by most systems (Lewis et al. 
2020) 

• Several times during generation, as necessary
• Generate a search token (Schick et al. 2023) 
• Search when the model is uncertain (Jiang et al. 2023) 

• Every token  
• Find similar final embeddings (Khandelwal et al. 2019) 
• Approximate attention with nearest neighbors (Bertsch 

et al. 2023)



Triggering Retrieval w/ Tokens
• Toolformer 

(Schick et al. 
2023) generates 
tokens that 
trigger retrieval 
(or other tools) 

• Training is done 
in an iterative 
manner - 
generate and 
identify 
successful 
retrievals



Triggering Retrieval w/ Uncertainty
• FLARE (Jiang et al. 2023) tries to generate 

content, then does retrieval if LM certainty is low
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