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1- The heed for an external Knowledge !

2- Hallucinations



Hallucinations

Is 9677 a prime number?

No, 9677 is not a prime | incorrect
number. ‘ assertion

'E' It can be factored into 13 | snowballed

and 745, as 9677 = 13 x 745. | hallucination

X

IN a separate session,
GPT-4 recognizes its
claim as incorrect!

.E. No

~~
s 9677 divisible by 137?




Hallucinations

LLM AFTER TRAINING
ON 90% OF THE INTERNET...

e The model Is not trained on enough data.

e The model is trained on noisy or dirty
data.

e The model Is not given enough context .
e The model Is not given enough

constraints (rules, guidelines,
or limitations)
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e These vectors live in a high-dimensional
space where the proximity between
vectors reflects the relatedness of the
original items.

padacacal ¢ Embedding model trained along LLM
— and learn to produce representation
(vectors) based on context in word
appear.

sentence embedding
s

Sentence
TronsFormer
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Vector Search
BasICs

Two different vector embeddings should
be close to each other If they represent a
similar input object.

Embeddings are generated by neural

networks and can represent thousands of
dimensions.

> 1
1

2-Dimensional 3-Dimensional
Vector Vector
Embedding
Model
Data Objects

[0.21,-0.32,0.68, ..]

[0.79,-0.14,0.83, ...]

[-0.94,-0.42,0.69, ..]

Vector Embeddings
11



Vector Search Basics

Although word counting produces embeddings, dense

embeddings are needed to capture semantics

Sparse embedding:
e.g. One Hot Encoding

another

“this is an embedding”

“this is another embedding”

Query:

{“What is an embedding?” J

Dense embedding:
e.qg. from BERT

B Embedding [0.21,-0.32,0.68, ..]
Model
[0.79,-0.14,0.83, ..]
[-0.94,-0.42,0.69, ...]
Data Objects Vector Embeddings
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Superlinked

Vector Database
Feature Comparison
Matrix

Unstructured data
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Fully Open-source |
Self-hosting : run on ur own infra

Super fast: Latency ~0.024s (~24ms)
Hybrid Search

Ul support
Free Tier ~1M(vectors) 768-dim vectors
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This repository uses GPT's visual capabilities 1o solve Woltsig, indicating an jédiriven approach likely involving natural language pracessing SR paem £ Love & i
recognition algorithms. g Love &) Comment

jennifermarsman/DeepReinforcementLearning G

This repository implements the AlphaZero methodology, a deep reinforcement learning algorithm, which is a type of algorithm that can be adapted for solving
complex problems like Wordle. Aithough it is not specifically designed for Wordie, the approach is relevant because |t Involves leafming optimal sirategies

through sesf-play and reinforcement ieaming
Do | have any code repasitories that usa the Phi model?
B Andre Zayami [
jennifermarsman/PhiRecycling l
This repository uses the Phi vision mode! for soriing igfsh and recycling at scale, indicating direct usig of the Phil model in is codebase

jennifermarsman/Phi-3CookBook

] H" i
This repository is divectly refated to the Phi moded, gpecifically F'HJ:'T =ch s a family of open Pismodags developed by Microsoft. It serves as a practical .
resoUrce for geiting siaried with Phi-3, making It highiy periinent f@i Sspne looking to work with or un@erstand the Phi miodel Like ﬁ '.:} A

JH1JhKHe

i = Philippe Bourcier v 2nC
What are some code repositories that | _E'p L L_ _E' - .

m Soon a3 Windows build for Qdrant ?



https://news.microsoft.com/source/features/company-news/introducing-nlweb-bringing-conversational-interfaces-directly-to-the-web/

o Rust-Based Engine
e HNSW (Hierarchical Navigable Small World) Indexing :
fast ANN search (on the best matches without scanning
everything.)
e Vector Quantization (useful for large-scale datasets) :
Saves RAM (up to 16x)
e Batch & Parallel Processing

=" Qdrant
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Vector store

answer
Question — ¢ Retriever



https://arxiv.org/abs/2005.11401
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- if [l w1
fi- '«|im_start|>systemin® 1%
i%- if messages[@].role == ‘system’ %Il
1i- messages[8].content + "‘\nyn"' 1}
i%- endif %t
ii- "# m:s\n"\n"r’uu may call one or more functions to assist with the user quex
y.\ninYou are provided with function signatures within {m:s}u:,-’s} XML tags:‘l.,n{

001 S

i%- forx in 5 ®i
ti- "\n" I}
ii- | tojson 1}

i%- endfor %}

ii- "\n{,-"s}"..n‘l.,nFnI each functiom call, return a json object with function na
me and arguments within {_call}{fm_call} XML tags:\n<phbM callz=YniY“name\": <
function-name>, \“arguments\": dargs-jsnn-ubject}}kndfﬂﬂﬁlﬁmllbdIim_endI}\n' s
i%- else WMT

i%- if meszages[@].role == ‘system’ W™

i- '«|im_start|>system\n' + messages[8].content + "<|im_end|>\n"' 1}

i%- endif %%

i%- endif %7
i%- for message in messages ¥l
i%- if message.content is string Wi
i%- set content = message.content %}
i%- else P

i%- =et content = "' %}
i%- endif %%
i%- if (mes=sage.role == "user") or (meszage.role == "system"” and not loop.first)

-
Ly

ii- '<]im_start|>"' + message.role + '‘\n' + content + '<|im_end|>" + "\n' i}
i%- elif message.role == "assistant™ %}
ii- '«<|im_start|>' + message.role + '‘\n' + content I}
fu- if message.ﬂcalls %1
i%- for _n:all in message. sl calls %1
i1%- if (loop.first and content) or (not loop.first) %}
i1- "\n’ II
{%- endif %1
5%- if [P call.function %}

i%- =et mcall = m_-:all.functian %E

i%- endif %1

L

ii- '«pll call=\n{“name®: °' %%
51- B call.name 11

ii- '", "arguments": ' 1%
i%- if call.arguments is string ¥}
if- call .arguments 1%

fw_ alea Wl

e If a model can use tools or functions,
you can classify it as an agentic Al
model. A simple way to confirm this Is to
look at its chat template.


https://huggingface.co/unsloth/Qwen3-Next-80B-A3B-Instruct-GGUF?chat_template=default

What makes an Al an Agent

class AdditionTool(Tool):

LIRIN}

A class-based tool for adding two numbers.

name = "add numbers"
description = "Adds two numbers (integers or floats) together 'Y N
and returns the result."
inputs = { @tool
&' 2 d -
t ) def add_numbers{a: int, b: int) -> uint:
"type': "integer", 7
‘description': "The first number to add." et
s Adds two numbers (integers or floats) together and returns the
B result.
‘type': "“integer"”,
[] 3 - = W ] Args:
description': "The second number to add.
5 a: The first number to add.
} b: The second number to add.
output_type = "integer"
def forward{self, a: int, b: int) -> int: Returns:

The sum of the two input numbers.®"""

The core logic of the tool. This method is executed when the return a + b

tool is called.

return a + b

addition_tool = AdditionTool() . .

decorator based
e Short.
e Simple.

creating a subclass of Tool.
e Explicit control over schema.

* Good when you want strict typing, validation, or | e« Feels natural when the tool is just a single operation.
more complex tools.

e |deal for quick tools



IS a framework
designed to simplify the creation
of applications using large
language models.

W LangChain

n

IS a handy tool that
acts as a bridge between your
custom data and large language
models (LLMs) which are powerful
models capable of understanding
human-like text.

ﬂh e



https://www.langchain.com/
https://www.llamaindex.ai/
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https://github.com/huggingface/smolagents

Naive RAG

« There are many implementation to further improve o — -
[Query) ' ' [Query)

performance of Naive RAG.

« Advanced RAG has evolved as a new paradigm with - -
| . : Pre-Retrieval
targeted enhancements to address some of the
limitations of the naive RAG paradigm. . '

« Advanced RAG techniques can be categorized into
o pre-retrieval optimization,
o retrieval optimization, and
o post-retrieval optimization ' ' Post-Retrieval
e SOMe examples : :
» Feedback loops (re-ranking, similarity score - | ) -
Augmentation & Generation . : Augmentation & Generation
thresholds) . .
o Hybrid Search (dense + keyword)
o Contextual compression (summarize before feeding to
LLM)

VY S {RY/=Teile] oIl o a[V]o] (e [sTaE{N=Tasl o] o ple R oI EY oI D i ffc rence between Naive and Advanced RAG (Image by the author, inspired by [1




What do we do?

Data: Can we store additional information beyond raw text chunks?
Embeddings: Can we optimize our embedding representations?
Retrieval: Can we do better than top-k embedding lookup?
Synthesis: Can we use LLMs for more than generation? v

| . Chunk | | |
Doc < N o ‘ ‘ {
. Chunk |

Database {

\\“*..

Embeddings Retrieval Synthesis




The Shift to Al Native Search @ adrant

Unstructured Data Is Al Agents Are the New Legacy Search Falls Vector Search Is the
Exploding Users Short Missing Layer

(Data isn't in a spreadsheet)

Wave 1 Wave 2 Wave 3
RAG 1.0 - Static Assistants Agentic Al - Multi-Step Embedded Al - Physical &
je0ed 202 ) Reasoning On-Edge Agents

(2024 - Now) (2025 +)

28



drant-at-a-Glance

Vector Search Engine. Not Database. optimized for scalability and high availability

Built-Out for Search-First
Workflows

Qdrant is built from the ground up with search as
the core functionality. Conventional databases
focus on ACID transactions and strong
consistency.

In contrast, search engines are optimized for
scalability, low-latency search, and high

availability.
Quick and Easy Performance
to Start Centric

Engineered for Vector Search at
Scale

Qdrant is purposed to handle extremely high-
dimensional embeddings. It's designed with a
vector index as a central component of the
system, allowing a custom, finely tuned approach
to data and index management that secures high
performance even as data grows and changes
dynamically

Fully Open All Embeddings
Source Project Types Supported

Specialized for Advanced Vector
Operations

Qdrant is designed from the ground up to
handle high-dimensional vector math and
(dis-)similarity-based retrieval. This allows for
leveraging the full potential of vector search
beyond simple similarity ranking from
multi-stage filtering to dynamic exploration of
high-dimensional spaces.

Scalability Resource
Oriented Optimized
O._..
—0

29



How Qdrant Achieves Search

Core Capabillities Advanced Features
Vector Search Hybrid Search Re-ranking Quantization
Scalable similarity and Combine dense + sparse Maximum Marginal Relevance Binary, scalar & product; lower
discovery search (billions embeddings, filters, and (MMR), score boosting cost without major recall loss
of vectors) metadata
ST Distributed & Multi-vectors: Late Performance
. : T interaction for retrieval - - -
Numeric, categorical, Resilient models (e.g. ColBERT) Optimizations
geo, temporal filters out- Replication, sharding, HNSW tuning, payload indexing,
of-the-box multi-tenancy prefetching

Similarity Search
with MMR

Filterable Similarity Search

HNSW
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Retrieval
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https://github.com/langchain-ai/rag-from-scratch/tree/main?tab=readme-ov-file

e Qdrant + DataTalks.club free course
e Just-RAG Github Repo

e How to get started with Qdrant

Similarity search HNSW

Building_nerual search service with ST and Qdrant

Your RAG powered by Google Search Techhology_

Embedding_models leaderboard

Let’s talk about Llamalndex and LangChain

Retrieval-Augmented Generation (RAG)_framework in Generative Al

(RAG): From Theory to LangChain Implementation

Free Perplexity Pro for 3 months



https://qdrant.tech/blog/datatalks-course/
https://github.com/Goodnight77/Just-RAG
https://github.com/Goodnight77/Just-RAG
https://medium.com/@mohammedarbinsibi/why-qdrant-will-be-your-favorite-vector-database-setup-in-10-minutes-bc0a79651a14
https://towardsdatascience.com/similarity-search-part-4-hierarchical-navigable-small-world-hnsw-2aad4fe87d37/
https://qdrant.tech/documentation/beginner-tutorials/neural-search/
https://qdrant.tech/documentation/beginner-tutorials/neural-search/
https://cloud.google.com/blog/products/ai-machine-learning/rags-powered-by-google-search-technology-part-1?hl=en&utm_medium=unpaidsoc&utm_campaign=fy24q1-googlecloudtech-blog-ai-in_feed-no-brand-global&utm_content=-&utm_term=-&linkId=9446045
https://huggingface.co/spaces/mteb/leaderboard
https://huggingface.co/spaces/mteb/leaderboard
https://superwise.ai/blog/lets-talk-about-llamaindex-and-langchain/#:~:text=On%20the%20one%20hand%2C%20LlamaIndex,driven%20pipelines%20for%20streamlined%20operations.
https://www.linkedin.com/pulse/retrieval-augmented-generation-rag-framework-generative-raja-zjasc/
https://towardsdatascience.com/retrieval-augmented-generation-rag-from-theory-to-langchain-implementation-4e9bd5f6a4f2
https://plex.it/referrals/JY41E5IS
https://plex.it/referrals/JY41E5IS
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The Evolution
l_{husha_l Kumarf@ . Eollowing

oftware Engimesr — GenA ‘; ngify | Masters in I Follow me to Learn Al Engineering uick Si... frOI-’TI RAG tO AgeﬂtIC RAG tO Agent Memory
. ®

once took an interview where a candidate really stood out, 1. Naive RAG

all because of how he handled RAG. T Z
Offline indexing

Most candidates presented the same basic Retrieval-Augmented Generation setup. . Pocuments.
You know, plug in a vector DB, chunk text, retrieve, generate... nothing unusual, =] Database =1

But this candidate went deeper.

He didn't just talk about how RAG works.
He showed how tables and other unstructured data could be extracted and indexed from documents. 2. Agentic RAG Fo—

He thought about real-world use cases, not just the standard pipeline. ul {E} Offiine indexing

r Tools
. () Query |

| 5 & ! e Document
e & =] Database

The attenticn to detail. | databasel [l .'_]
The willingness to go beyond what everyone else was doing. . . { & ( i — > E
g g kT g ¥ wila WETY = d —— Response . ‘ | Search ;6 ._. Database |

database 2 ==

The toocls weren't what impressed me, it was the thinking.

t's been months, and | still remember that interview.
web search

n a world where everyone knows the basics, it's the "depth” that makes you unforgetiable.

Curicus, what's the most memorable interview experience and why? 3. Memory in Agents n—

T 2

And by the way, if you're trying to level up your GenAl interview or assignment game, |'ve created something | == Tools
L) Query

new to help with exactly that.

LLM . Searchin |
. memory e
- - .!.— L :_:.. M
Link's in the comments. — ea | : = Memory
|__J Response { i o Searchin
—_— : memary _
#coding #codinglnterview #RAG #python '

OCK) Ahmed SIDI AHM

visual inspired by The Evolution from RAG to Agentic RAG to Agent Memory, Leonie Monigatti




