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Introduction to AI engineering

Agentic AI

• AI 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 AI Agents:

• LLMs as universal conversational natural
language-based interface between the user and
the actions

• LLMs 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? Figure 1: AI agent flow: interaction with the user, gathering

resources and causing actions on the environment.
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Word (Token) Embedding

Token embeddings as basis for today’s LLMs

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

Aspect #1: transforming text

• The LLMs don’t operate with characters or
words. They are fed with vector representation
of the chunks of the input text: the token
embeddings.

Aspect #2: latent embedding space

• The embedding space as a garden for contextual
operations.

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

distinct direction in the latent space.
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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

• latent space dimension: d = 12288

Embedding encoder returns an embedding vector ei
for respective token ti:

ei = WE [ti] ,

where WE ∈ RV ×d, and ti is the token’s ID.

How do we find the embedding
transformation?

• The embedding matrix WE 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 R12288?
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Attention-based transformers [2]

The attention mechanism — transferring “meaning” in between embedding vectors
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• Great video by 3Blue1Brown https://www.youtube.com/watch?v=eMlx5fFNoYc

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

• Great playlist about Deep learning and LLMs by 3Blue1Brown
https://www.youtube.com/playlist?list=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.

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.

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.
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AI Agent

1. conversational capabilities

• the ability to digest information and produce
outputs according to a required scheme

2. prior information retrieval

• retrieval of domain knowledge based on the
question

3. additional information retrieval
• getting up-to-date data in real-time from APIs

and the user

4. acting on the environment

• causing changes to the environment by
informing other systems
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Báča
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Prompt engineering

Prompt engineering

• 2020–2021 era, [3]

• the model is frozen in time
• prompts can convince the model to

behave in specific ways
• entire books can be extracted [4]

• we can “teach” the model to conduct a
certain task, but it must fit into the
model’s context window

• they can (and probably will) hallucinate

Notable (old-school) examples

• zero-shot prompting

• few-shot prompting

• chain-of-thought prompting
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Prompt engineering

• 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.
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Retrieval-Augmented Generation (RAG)

The Problem
• the LLM alone will struggle to answer factual questions about data that were not present in training set

• even for the ones that were, it can hallucinate

• how do we allow the LLM to work with up-to-date information?

Thought process ...

• Let’s engineer our prompts with pieces of information about our subject — actual factual data.
• Let’s pull our facts from a custom data source:

• file system?
• database?
• knowledge graph?

• how to pull the relevant data out of all the options?
• feeding the LLM irrelevant or misleading information “confuses“ it
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• It takes months to train an LLM from scratch.

• 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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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

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: x⊺y/(||x|| ||y||)

How does it perform?

• 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
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Naive RAG — demo

Interactive notebook
• 01 rag naive.ipynb

• setup a HuggingFace token for
downloading gated models

• login into hugging face:

1 hf auth login

Pipeline

• EmbeddingGemma-300M for
embedding and retrieval

• Gemma-3-1B-it as conversational
LLM

Setting up python environment (Ubuntu 24.04)

1 # install the python3 ’s virutal environment
2 sudo apt get install python3 -venv
3

4 # create the virtual environmetn
5 python3 -m venv python -env
6

7 # activate the environment
8 source ./python -env/bin/activate
9

10 # install dependencies manually
11 pip install numpy ...

or install dependencies in bulk

1 # install deps from requirements.txt
2 python3 -m pip install -r requirements.txt

Tomáš Báča (CTU in Prague) Lecture 10: AI Engineering December 2nd, 2025 13 / 25

Naive RAG — demo

Interactive notebook
• 01 rag naive.ipynb

• setup a HuggingFace token for
downloading gated models

• login into hugging face:

1 hf auth login

Pipeline

• EmbeddingGemma-300M for
embedding and retrieval

• Gemma-3-1B-it as conversational
LLM

Setting up python environment (Ubuntu 24.04)

1 # install the python3 ’s virutal environment
2 sudo apt get install python3 -venv
3

4 # create the virtual environmetn
5 python3 -m venv python -env
6

7 # activate the environment
8 source ./python -env/bin/activate
9

10 # install dependencies manually
11 pip install numpy ...

or install dependencies in bulk

1 # install deps from requirements.txt
2 python3 -m pip install -r requirements.txt

2
0
2
5
-1
2
-0
3

Lecture 10: AI Engineering

AI engineering

Naive RAG

Naive RAG — demo



Lecture
10: AI En-
gineering

Tomáš
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Advanced RAG

Advanced RAG (≈ 2023, [6])

• incremental improvement
• Pre-retrieval operations

• query expansion
• making prompts better for retrieval: richer, less

ambiguous
• making several different queries for parallel

retrieval

• Post-retrieval operations
• combining results from parallel retrieval
• re-ranking the results

Re-ranking

• cross-attention encoders

• models trained to check the relevance of the
chunk against the query

• mixedbread-ai/mxbai-rerank-xsmall-v1

(100M weights)
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Advanced RAG

Why this pipeline?

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

• 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?
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Advanced RAG

The similarity check is expensive anyway

Metadata-based pre-selection of the vector database.
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Advanced RAG — demo

Interactive notebook
• 02 rag advanced.ipynb

• setup a HuggingFace token for
downloading gated models

• login into hugging face:

1 hf auth login

Pipeline

• EmbeddingGemma-300M for
embedding and retrieval

• mxbai-rerank-xsmall-v1 for
reranking

• Gemma-3-1B-it as an LLM

Setting up python environment (Ubuntu 24.04)

1 # install the python3 ’s virutal environment
2 sudo apt get install python3 -venv
3

4 # create the virtual environmetn
5 python3 -m venv python -env
6

7 # activate the environment
8 source ./python -env/bin/activate
9

10 # install dependencies manually
11 pip install numpy ...

or install dependencies in bulk

1 # install deps from requirements.txt
2 python3 -m pip install -r requirements.txt
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• setup a HuggingFace token for
downloading gated models

• login into hugging face:

1 hf auth login

Pipeline

• EmbeddingGemma-300M for
embedding and retrieval

• mxbai-rerank-xsmall-v1 for
reranking

• Gemma-3-1B-it as an LLM

Setting up python environment (Ubuntu 24.04)

1 # install the python3 ’s virutal environment
2 sudo apt get install python3 -venv
3

4 # create the virtual environmetn
5 python3 -m venv python -env
6

7 # activate the environment
8 source ./python -env/bin/activate
9

10 # install dependencies manually
11 pip install numpy ...

or install dependencies in bulk

1 # install deps from requirements.txt
2 python3 -m pip install -r requirements.txt
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• 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.
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Graph RAG

Graph RAG [7]

• Creation of a knowledge graph with handcrafted and semantic-based relationships between documents

• Additional graph-based retrieval after the initial vector database retrieval.

• The graph-search can supply documents with transitive relationships.
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Graph RAG

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

• Graph RAG is also much more resource-demanding. Maintenance of the graph can be very expensive.
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Corrective RAG (CRAG)

Corrective RAG (2024, [8])

• A retrieval evaluator model
decides if the provided data
is correct, ambiguous, or
incorrect

• When the retrieved data is
correct or ambiguous, they
are passed to the LLM

• When the retrieved data is
ambiguous or incorrect, a
web search is executed

• Nowadays (2025), models
are fined-tuned to decide
automatically when to
search the web and when to
rely on its internal
knowledge [9]

Figure 3: Corrective RAG pipeline [8].
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The RAG landscape

Figure 4: Evolution of RAG approaches [6].
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Google’s NotebookLM

• The first RAG for normal people (and
enterprise).

• you can supply up to 300 sources:
• notes, docs, text files
• webpages
• images, youtube videos (with closed captions)
• API for Google Drive

• Data-grounded research

• Low hallucinations

• Large context for this task

• Privacy
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Towards an AI agent

Building an AI agent

• 1. starting a conversational mode with the LLM

• 2. supplying prior data

• 3. building connectors to the desired APIs

Problem?
• it is possible

• each API will require different connector

• poorly scalable

• not very modular

• integration and maintenance hell

Figure 5: Naive integration of APIs.
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Model Context Protocol (MCP)

Model Context Protocol
• a standard developed by

Anthropica

• defines abstraction between an
LLM agent and additional
resources and services

• automatic discovery of the offered
services to the LLM

• offers ellicitation templates:
asking the user for additional
input

• prompt templates that inform the
LLM to how to use the tools or
obtain data

• requires models that are
fine-tuned to follow instructions
(-it), and support tooling.

ahttps://modelcontextprotocol.io

Figure 6: AI Agent architecture with MCP.
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MCP

Model Context Protocol (MCP)

• 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.

• 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.

• 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.

https://modelcontextprotocol.io
https://modelcontextprotocol.io
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Model Context Protocol — demo

Ollama (http://ollama.com)

• Tool for running LLMs locally.

• Provides API and CLI.

• Downloads models from its registry.

MCP for Ollama (https://github.com/
jonigl/mcp-client-for-ollama)

• MCP Host for Ollama

• Detailed configuration of the LLM

• Simple integration of servers

• Good introspection

How to run

Support scripts are located in scripts/mcp.

Example MCP servers

• Time
• Obtaining current time
• Time conversions

• Filesystem
• runs in docker
• operations normally supported by shell and

additional utilities
• tree view

• Calculator
• Evaluation mathematical expressions

Available MCP servers

https:

//github.com/modelcontextprotocol/servers
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• 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 AI 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.

• Set the following parameters for better results: temperature = 0.0, top p = 0.5.

http://ollama.com
https://github.com/jonigl/mcp-client-for-ollama
https://github.com/jonigl/mcp-client-for-ollama
https://github.com/modelcontextprotocol/servers
https://github.com/modelcontextprotocol/servers
http://ollama.com
https://github.com/jonigl/mcp-client-for-ollama
https://github.com/jonigl/mcp-client-for-ollama
https://github.com/modelcontextprotocol/servers
https://github.com/modelcontextprotocol/servers
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MCP’s security threads

Tool poisoning

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].
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Tool poisoning

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].2
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MCP

MCP’s security threads

• 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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