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Introduction to Al engineering

Agentic Al
® Al agent:

® can gather information about its environment

can request additional resources
can cause actions on the environment
reports its state to the user

® Large Language Models (LLMs) accelerated the
emergence of Al Agents:
® |LLMs as universal conversational natural
language-based interface between the user and
the actions
® |LMs as systems capable of some level of
reasoning, deduction and problem solving

Large Language Models (LLMs)

What gives them their level of intelligence in the first
place?
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Introduction to Al engineering
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Figure 1: Al agent flow: interaction with the user, gathering
resources and causing actions on the environment.
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. Word (Token) Embedding

Lecture

10: Al En-

gineering

Tomss Token embeddings as basis for today's LLMs

Etec
® First showed by Tomas Mikolov (2013, [1])

LLMs

Embedding

Transformers .

o Aspect #1: transforming text
":'r:: ® The LLMs don't operate with characters or
engineering words. They are fed with vector representation
:AG . of the chunks of the input text: the token

P embeddings.

RAG -
Graph RAG

Corrective .

RAG Aspect #2: latent embedding space

NotebookLM
er ® The embedding space as a garden for contextual
o operations.

eferences

® The inner-mechanism of an LLM operates on
vectors in the latent space. Figure 2: Illustration: the concept of “Womannes” have of
v

distinct direction in the latent space.
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I—Word (Token) Embedding
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Word (Token) Embedding.

Token embedelings as bsi or today's LLMS
i s by Tomas Moo (013 1)

Aspect #1: transforming text
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Word (Token) Embedding

Tokenizer

® Transforms a sentence into a series of tokens.

® Optimizes covering the sentence with least
amounts of tokens.

® Not trained, but handcrafted.

Token Embedding in GPT-3
® tokens: V = 50257
® |atent space dimension: d = 12288

Embedding encoder returns an embedding vector e;
for respective token t;:

e, = Wg [ti},

where Wi € RV %4, and t; is the token’s ID.

Tom4s Ba¢a (CTU in Prague)
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I—Embedding
I—Word (Token) Embedding

Lecture 10: Al Engineering

How do we find the embedding
transformation?

® The embedding matrix W is learnt during the
process of training the LLM on the task of text
prediction.

® When learnt well, it encodes semantically and
syntactically similar tokens in close proximity
within the vector space. Directions in the vector
space tend to have a meaning.

® Question: How many distinct directions are
there in R122887

December 2nd, 2025
Wrd (Token) Embecding
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How do we find the embeding




Attention-based transformers [2]
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e The attention mechanism — transferring “meaning” in between embedding vectors
Tomas

Bata

Red is the color for a sports car.

+
ma

‘Can you have a color?"

LLMs

Embedding

Transformers

Al engi Key el
TG

Prompt

engineering "Are you a color?"
RAG

Naive RAG A
Advanced 1

|

|

|

|

|

|

|

RAG
Graph RAG

Corrective

RAG
NotebookLM
MCP
References
*hugely simplified, don't

use as a reference
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The atenton mecharism — transfering “meaning in betveen embedding vectors

Attention-based transformers [2]
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e Great video by 3BluelBrown https://www.youtube.com/watch?v=eMlx56fFNoYc


https://www.youtube.com/watch?v=eMlx5fFNoYc
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Attention-based transformers [2]

Transformed Embeddings

* Many details were omitted or s‘.m\nfiFizd.

-

f

N
i
-

User's prompt

Token Embeding
+ pos. encoding

Self-Attention head

Queries l

Attention score ’L

N M

\

MLP
Transformed

o| A T2 | Feed | enbeddings *
o "9 Forward
1|/
“u
e
S

)_) -/

Generating N new tokens
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Attention-based transformers [2]
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e Great playlist about Deep learning and LLMs by 3BluelBrown
https://wuw.youtube.com/playlist?1ist=PLZHQObOWTQDNU6R1_67000Dx_ZCJB-3pi



https://www.youtube.com/playlist?list=PLZHQObOWTQDNU6R1_67000Dx_ZCJB-3pi
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Attention-based transformers [2]

The training process

® Massive dataset (500B tokens of data for
GPT-3): comparatively, and average human
might read about 1 GB of text during his entire
lifetime.

® The training process runs over numerous epochs.
v

Interpretation of the inner embeddings

® The MLP FF layers transform the latent space
each time

® The interpretation of the embeddings is getting

difficult just after few layers.

Tom4s Ba¢a (CTU in Prague)
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Transformers

Attention-based transformers [2]

Lecture 10: Al Engineering

Knowledge representation in LLM

® Unlike some might think, the training set is not
part of the LLM.

® The LLMs learns parameters that form the
matrices:

® token embedding, position embedding

® query, key, value matrices of the attention heads

® MLP layers in between the attention blocks
(majority of the weights)

® .. some other that we neglected due to
simplification

® ~ 175B for GPT-3

Embedding models

® output is the embedding vector, and
® are trained to preserve similarity:

® contextually similar input will result in large cosine
similarity of the embeddings, and vice versa.

December 2nd, 2025

Actention-based transformers 2]




Al Agent
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1. conversational capabilities
Tomas

Bata ® the ability to digest information and produce

. . User
outputs according to a required scheme

LLMs

N\

Embedding

Transformers S . . additional initial query
PRy 2. prior information retrieval

info
":err:f ® retrieval of domain knowledge based on the

e question —> [ Additional
RAG o

Naive RAG AL Agent resources &
Advanced . . . . < services
RAG 3. additional information retrieval

Graph RAG

Corrective ® getting up-to-date data in real-time from APls 1

RAG
NotebookLM

and the user ) ellicitation Final Response

MCP

References 4. acting on the environment
® causing changes to the environment by

informing other systems
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I—AI Agent
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Prompt engineering

LS o ok Wit Exinae
g
i 1 H{{__ Chain-of-Thought (CoT) Prompting [Wei et al., 20221
Toma Prompt englnee”ng H Automatic Chain-of-Thought (Auto-CoT) [Zhang et al., 2022]
Baca Self-Consistency [Wang er al., 2022]
® 2020-2021 era, [3]
LLMs ® the model is frozen in time {M
Embedding .
B prompts can convince the model to K e
B e 2 Attention Prom ton and Sukhbaatar, 2023]
behave in specific ways S o P 2 2 55
s _
e ® entire books can be extracted [4]
N . {( Retrieval Augmented Generation (RAG) [Lewis ef al. 20201 )
cngintering ® we can “teach” the model to conduct a i Refc Prompting oo r ol 022 )
. . L o oo 1 Chai ot Nereation (Cove Dol o 1 35 )
RAG certain task, but it must fit into the (o ]{ = H[ c.,..m.m‘c.,,:‘m.'n:,:,‘,v:',,,,.;:m
Naive RAG model's context window L Chain-of-Knowledge (CoK) Prompting [Li ef al 202341
e . . [ s G T T R P R
e ® they can (and probably will) hallucinate N (Aot Frompt Eogoce (P8 (o e )
Graph RAG V. Knowledge-Based Reasoning and Automatic Reasoning

Generations26 and Tool-use (ART) [Puranjape et al 2023]
Corrective

RAG Improving Consistency. Contrastive Chain-of-Thought J
and Coherence §2.7 Prompting (CCoT) [Chia er al., 20231
NotebookLM o
Notable (old-school) examples (S S ST T O
McP

Program of Thoughts (PoT) Prompting [Chen e al__ 2022]

® zero-shot prompting Cole Generaton and Execaion 129 —
(SCoT) Prompting [Li et al., 2023c]

‘Chain of Code (CoC) Prompting [Li ¢t al., 2023b]

1 Optimization and Eificency 210} Optimisation by Prompting [Vang er o, 2023 )
¢ chain-of-thought prompting R s Rspord K rompin s o - 3 )

y Metacognition and Self-Reflection §2.12 Take a Step Back Prompting

References

® few-shot prompting
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Prompt engineering
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Al engineering

Prompt engineering

Prompt engineering

Notabe (lé schoal) examples

2025-12-03

e Although prompt engineering is old and does not provide the same level of emergent intelligence like RAG or MCP tooling
(later in this lecture), it is still today an irreplaceable engineering tool. MCP or RAG won't work without clever prompt
engineering.



Retrieval-Augmented Generation (RAG)
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Tomas

Bica The Problem

T ® the LLM alone will struggle to answer factual questions about data that were not present in training set
Eeceding ® even for the ones that were, it can hallucinate

Transformers

Iy ® how do we allow the LLM to work with up-to-date information? )
Prompt.

o Thought process ...

::wf ® |et's engineer our prompts with pieces of information about our subject — actual factual data.

:AGMAC ® Let's pull our facts from a custom data source:

Sraph RAG

Corrective ® file system?

R ® database?

NotehookLht ® knowledge graph?
e ® how to pull the relevant data out of all the options?
References ® feeding the LLM irrelevant or misleading information “confuses"” it y

Tom3s Ba¢a (CTU in Prague)

Lecture 10: Al Engineering
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Rt Augnened Gnesion (RAG)
Al engineering
RAG

Retrieval-Augmented Generation (RAG)

The Problem

Thought process

2025-12-03

e |t takes months to train an LLM from scratch.

e Although today’'s models have huge context windows (up to 1M tokens),

and although the LLM's are great in finding
needle in a haystack, using large context is expensive and slow.
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Retrieval-Augmented Generation (RAG)

Indexing

Documents

Input
How do you evaluate the fact
5 that OpenAl's CEO, Sam Altman,

I i
] L
i i
i, went through a sudden dismissal 4
i by the board in just three days, E
, i
i i

Output and then was rehired by the
company, resembling a real-life
version of "Game of Thrones" in
terms of power dynamics?

...l am unable to provide comments on
future events. Currently, | do not have
any information regarding the dismissal
and rehiring of OpenAl's CEO ...

Question :
How do you evaluate the fact that the
OpenAls CEQ, ... ... dynamics?

.....This suggests significant internal

Please answer the above questions
disagreements within OpenAl regarding based on the following information :
the company's future direction and Chunk 1:
strategic decisions. All of these twists. Chunk 2 :
and turns reflect power struggles and Chunk 3:

corporate governance issues within
OpenAl...

Combine Context
and Prompts

Tom4s Ba¢a (CTU in Prague) Lecture 10: Al Engineering

Lecture 10: Al Engineering
Al engineering
RAG
Retrieval-Augmented Generation (RAG)

>
Chunks|Vectors

embeddings

Chunk 1: "Sam Altman Returns to
OpenAl as CEOQ, Silicon Valley Drama
Resembles the 'Zhen Huan' Comedy"

Chunk 2: "The Drama Concludes? Sam

Altman to Return as CEO of OpenAl,
Board to Undergo Restructuring"

Chunk 3: "The Personnel Turmoil at

OpenAl Comes to an End: Who Won
and Who Lost?"

December 2nd
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( Relevant Documents J

Retrieval- Augmented Generation (RAG)
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Naive RAG

1. Embedding models
® encoders, trained for embedding

® unmasked attention (tokens attend to all the
tokens in the context)
® small embedding dimension than the LLMs

® similarity search and retrieval does not need high
dimension (for a small precision penalty)
cheaper computation, cheaper storage, cheaper
comparison

® EmbeddingGemma (300M params) [5] (2025)

® lightweight, multi-lingual
® mobile-ready

How does it perform?

2. Creating the vector database (Naive RAG)

® 1. splitting the input documents into small
chunks

® EmbeddingGemma has 2048-token context
® overlap in the chunks helps
® passing each chunk through the encoder and
storing the embedding vector

3. The Retrieval

® finding “k" most similar chunk embeddings to
the query

® cosine similarity: xTy/(||x|| ||y|])

® not a guaranteed success: similarity does not mean the chunk contains the answer

® the chunk might even contain misleading information (similar but not helpful)

® calculating cosine similarity between all chunks and the query is costly

Tomds Ba¢a (CTU in Prague)

Lecture 10: Al Engineering
Al engineering

Naive RAG
Naive RAG

Lecture 10: Al Engineering
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Naive RAG

1. Embedding medels

How docs it pertorm?




Naive RAG — demo

Lecture
10: Al En-
gineering
Tomis Interactive notebook Setting up python environment (Ubuntu 24.04)
® 0l_rag naive.ipynb
LLMs . 1 # install the python3’s virutal environment
Embedding ® setup a HuggingFace token for > | sudo apt get install python3-venv
VS ETS downloading gated models 3
Al engi ° .. . . 4 # create the virtual environmetn
neering login into hugging face: 5 | python3 -m venv python-env
Prompt 6
:ﬁgmmg 1 |hf auth login 7 |# activate the environment
Naive RAG 8 | source ./python-env/bin/activate
4 9
Advanced
RAG 10 |# install dependencies manually
Graph RAG o > 11 ip install num
G Pipeline PP it
RAG
NotebookLM ® EmbeddingGemma-300M for or install dependencies in bulk
MCP embedding and retrieval ) -
) 1 |# install deps from requirements.txt
Reftaianges ® Gemma-3-1B-it as conversational > | python3 -m pip install -r requirements.txt
LLM ) )

Tomds Ba¢a (CTU in Prague) Lecture 10: Al Engineering December 2nd, 2025
Lecture 10: Al Engineering v RAG — demo
Al engineering i bk \
3 Naive RAG
o
5 Naive RAG — demo Pine
o
o
N




Advanced RAG

Lecture
10: Al En-
grees Advanced RAG (= 2023, [6]) A R|eBe AR ||ICBES
T0[715§ . . User Query Documents User Query Documents
B ® incremental improvement 1
.o . 1 l
T Pre-retrieval operations T

L] 1 . . i -
Transformers ® making prompts better for retrieval: richer, less e G

Al engi ambiguous 1
neering ® making several different queries for parallel
Prompt retrieval [ Retrieval ] [ Retrieval J
engineering
RAG ® Post-retrieval operations
Nave RAG ® combining results from parallel retrieval -
Aovanced ® re-ranking the results _/‘ p“"T”el‘”e"a' -

v S| =
Graph RAG o Summery  Fusion
Corrective @ % 1
RAG . —_
NotebookLM Re- ran kl ng Prompt Frozen LLM
mcp ® cross-attention encoders

Prompt Frozen LLM
References

® models trained to check the relevance of the

chunk against the query
[ Output J [ Output j
® mixedbread-ai/mxbai-rerank-xsmall-v1
(100M weights) Naive RAG Advanced RAG

Tomd B&¢a (CTU in Prague) Lecture 10: Al Engineering
Lecture 10: Al Engineering Hdanced G
Al engineering
Advanced RAG
Advanced RAG
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Advanced RAG

Why this pipeline?

Why do we use limited retrieval model and another larger reranking model?

Pre-processing

Information Vector
p Retrieval model
source o!o‘tal:ase

selected
Reranking results
_______________________________________________ model >

Tomds Ba¢a (CTU in Prague) Lecture 10: Al Engineering December 2nd, 2025
Lecture 10: Al Engineering paama e
. . Why ths pipeine?
Al engineering [ T R ———
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Advanced RAG
Advanced RAG

e The larger retrieval model will have a difficult job also confirming that the data also answer the question. The retrieval
model is an encoder that returns an embedding vector the encodes the semantic meaning. That is not the same thing.

e The hypothetical combined ranking retrieval model would have to work the raw data pairs of (query, data) (which is what
the reranking model does anyway) and would have to always process all the data. This would be infeasible in runtime.
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Advanced RAG

Why not this pipeline?

Why not using one larger and better retrieval model and skipping the reranking completely?

Pre-processing

Information Retrieval Vector

source model database

selected
results

Retrieval
wmodel

Tom3s Ba¢a (CTU in Prague) Lecture 10: Al Engineering December 2nd, 2025
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Advanced RAG
Advanced RAG

e The larger retrieval model will have a difficult job also confirming that the data also answer the question. The retrieval
model is an encoder that returns an embedding vector the encodes the semantic meaning. That is not the same thing.

e The hypothetical combined ranking retrieval model would have to work the raw data pairs of (query, data) (which is what
the reranking model does anyway) and would have to always process all the data. This would be infeasible in runtime.
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Advanced RAG

Or this pipeline?

Why not one large combined ranking retrieval model?

Information
source

Romkiv\g selected
Retrieval results
model

Tom3s Ba¢a (CTU in Prague) Lecture 10: Al Engineering December 2nd, 2025
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O this pipeine?

Al engineering

Advanced RAG
Advanced RAG

Wihy nat one large combined ranking rtrieva model?

e The larger retrieval model will have a difficult job also confirming that the data also answer the question. The retrieval
model is an encoder that returns an embedding vector the encodes the semantic meaning. That is not the same thing.

e The hypothetical combined ranking retrieval model would have to work the raw data pairs of (query, data) (which is what
the reranking model does anyway) and would have to always process all the data. This would be infeasible in runtime.
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Advanced RAG

The similarity check is expensive anyway

Metadata-based pre-selection of the vector database.

Pre-processing

Vector

database
top k selected
results Remnkmg results
wodel >

\
'
'
'
'
|
|
'
]
'
|
'
'
'
'
'
'
'
|
'

Metadata
database

Database
PY&'SEGYCI'\

Information
source Retrieval model

Metadata model

Retrieval model

Tomds Ba¢a (CTU in Prague) Lecture 10: Al Engineering December 2nd, 2025
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“The sy check s expensie sy
Al engineering Mot b e slction o thevcor s

@

I_Advancc-.‘d RAG Q
L Advanced RAG “.* /

e The larger retrieval model will have a difficult job also confirming that the data also answer the question. The retrieval
model is an encoder that returns an embedding vector the encodes the semantic meaning. That is not the same thing.

e The hypothetical combined ranking retrieval model would have to work the raw data pairs of (query, data) (which is what
the reranking model does anyway) and would have to always process all the data. This would be infeasible in runtime.



Advanced RAG — demo

Lecture

10: Al En-

gineering

T Interactive notebook Setting up python environment (Ubuntu 24.04)

e ® 02_rag_advanced.ipynb

LLMs ® setup a HuggingFace token for 1 |# install the python3’s virutal environment
i"’bﬂ(dd”’% downloading gated models 2 | sudo apt get install python3-venv

ransformers 3
Al engi ° |0gin into hugging face: 4 |# create the virtual environmetn

neering 5 | python3 -m venv python-env

:;::ffm,g 1 hf auth login 6

0@ 7 |# activate the environment

Naive RAC y s | source ./python-env/bin/activate

Advanced 9

RAG

. . 10 |# install dependencies manually
Graph RAG P|pe||ne 11 | pip install numpy

Corrective
e ® EmbeddingGemma-300M for
embedding and retrieval

NotebookLM

or install dependencies in bulk

MCP
) ® mxbai-rerank-xsmall-v1 for 1 # install deps from requirements.txt
e reranking 2 | python3 -m pip install -r requirements.txt
® Gemma-3-1B-it as an LLM ) y

Tom3s Ba¢a (CTU in Prague) Lecture 10: Al Engineering December 2nd, 2025

Lecture 10: Al Engineering dnced G — demo
Al engineering

Advanced RAG 3
Advanced RAG — demo s

2025-12-03

e It is difficult to show the benefit of the reranking on a small handcrafted example with such a good model as the
EmbeddingGemma.

— In the provided example, we have a set of claims about Alice and Bob, their families and hobbies.

— However, the last claim is secretly about the Alice from Wonderland.

— In the example, the retrieval model picks it up as one of the candidates, but the reranking model gives it the smallest
rank.



Graph RAG

Lecture
w ae  Graph RAG [7]
gineering
Tomsg ® Creation of a knowledge graph with handcrafted and semantic-based relationships between documents
Béata .. . e .
® Additional graph-based retrieval after the initial vector database retrieval.
L ® The graph-search can supply documents with transitive relationships.
Embedding.
Transformers.
o .
Al engi 1 Pre-processing Sewmantic grnp'ﬁ DB ‘:
neering ! i
Prompt i |
engineering ! . e
RAG ! Intormation semantic
! . Vector '
Advanced : '
: i
RAG ! . handerafted !
Graph RAG | Seeell dges i
Corrective i "‘-~-___ - N !
RAG T meee i
NotebookLM :\ H
e e N N /
MCP
At ._) =) s clected
Retrieval model Reroml:;ng results
— —> > wodel
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Al engineering
Graph RAG
|—Graph RAG

Gragh RAG [7] ’

2025-12-03

e Graph RAG has a better retrieval performance than the other alternatives.

e Graph RAG is also much more resource-demanding. Maintenance of the graph can be very expensive.



Corrective RAG (CRAG)

Lecture
10: Al En- r i )
gineering Retrieval i X: Who was the screenwriter for Death of a Batman? EREtrIEVEd Documents
Tomé¥ Corrective RAG (2024, [8]) | .o _ _ I ___C i
Baka
® A retrieval evaluator model Retrieval (“Ask: If retrieved Knowledge Refinement
LLMs . . .
o decides if the provided data E"aluat" S
S is correct, ambiguous, or %ﬁ
- incorrect Recompose
";””’ ® When the retrieved data is Knowledge
rompt - i
engineering correct or ambiguous, they Correction
e are passed to the LLM
Naive RAG
Advanced ® When the retrieved data is
RAG - .
e ambiguous or incorrect, a
Corrective web search is executed _
RAG
NotebookLM ® Nowadays (2025), models
McP are fined-tuned to decide
S automatically when to
et Generation
search the web and when to | |
rely on its internal Generator
knowledge [9]
v

Figure 3: Corrective RAG pipeline [8].
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Corrective RAG (2024, [§])
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Figure 5: Naive integration of APls.
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Model Context Protocol (MCP)
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e MCP is not an easy solution for everything. Just the fact that tools are available does not mean the LLM will use them or
use them properly.

e The tools need to be properly explained to the LLM and the intent that the LLM is supposed to use it, instead of
hallucinating its own results, should be clear in the system prompt.

e Chaining more tool usage together is challenging and might require some more engineering, e.g., pre-processing the task
with an LLM that can not call the tools and then passing the individual tasks to separate agents with their own small
context.
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Model Context Protocol — demo
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How to run

Support scripts are located in scripts/mcp.
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e The system prompt should inform the LLM that the tools should be used. The is not done automatically. My system
prompt: You are a helpful Al assistant. You can think, reason, and respond conversationally while accessing tools provided
by the host. The host exposes these tools: Time tools for obtaining the current time and converting between time
representations; A file system tool for reading, writing, and manipulating files and directories; A calculator tool for
evaluating mathematical expressions and performing numerical computations. When appropriate, call these tools to gather
information, perform computations, or take other actions. Decide whether to use a tool or answer directly based on what
will best help the user. You can use more tools to answer one query. When more than one tools are needed, you need to
call them sequentially, waiting for the answer of one tool at once. The host will execute any requested tool and return the
results for you to interpret. Use tools responsibly when they improve your response or are required to complete a task; If no
tool is relevant, respond normally using your internal knowledge. If a tool can help, request it through the host's interface
and incorporate the returned results into your answer. DO NOT tell the user how to use the tools but use the tools yourself
and give short answers with the results. If you call a tool, respond ONLY with a single JSON object of the form name:
parameters: .... Do not explain what you are doing. Do not say ‘Let’s call a tool’. Do NOT modify the tool names.

o Set the following parameters for better results: temperature = 0.0, top_p = 0.5.
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MCP’s security threads
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References
Figure 7: Prompt injection in a seemingly trusted MCP server. This can cause context leakage (or other tools’ data leakage)
without user’s consent. In more severe case, the computer system that executes the model can be compromised. Source: [10].
y
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e The malicious prompt is hidden in the tool's description (documentation), which is also passed to the LLM (such that it
can understand better how the tool should be used).
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