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LLM
Large Language Model

Model interactions

without RAG

What was the result for the 
European cup 2024 game 
Netherlands against England? The European Cup 2024 has not yet taken 

place, so there is no result for the game 
between Netherlands and England..[1]

Prompt

Answer

[1] Produced with gemini-1.0-pro-001, temperature = 0.0, top_p = 1.0

What is your knowledge cut-off?

Prompt

My knowledge cutoff is April 2023. 
This means that I do not have access 
to real-time information or events 
that have occurred after this date.
However, I am able to provide information and answer questions based on 
my knowledge up to April 2023. If you have questions about events or 
information beyond this date, I may not be able to provide an accurate or 
up-to-date response.
Is there anything else I can help you with today?[1]

Answer

[1] Produced with gemini-1.0-pro-001, temperature = 0.0, top_p = 1.0
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⤫ Outdated knowledge
⤫ No internal company 

data
⤫ Hallucinations
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LLM
Large Language Model

Model interactions

with RAG

What was the result for the 
European cup 2024 game 
Netherlands against England?

England beat Netherlands 2-1 in the 
second semi-final of the UEFA European 
Football Championships, Euro 2024.[1]

Prompt

Answer

[1] Produced with gemini-1.0-pro-001, temperature = 0.0, top_p = 1.0,
grounded in Google Search



RAG ?Why

LLM
Large Language Model

Model interactions

with RAG

Documents

?

Live query

/ database

Relevant information

✓Up to date 
knowledge

✓ Internal company 
data

✓ Factual answers



RAG is useful, 
so how does it 
work?
Let’s together understand RAG 
and its levels of difficulty.

RAG 
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Level 1

Basic RAG

Answer generation2

You are an assistant for 
question-answering tasks. Use 
the following pieces of 
retrieved context to answer the 
question. If you don't know the 
answer, just say that you don't 
know. Use three sentences 
maximum and keep the answer 
concise.

Question: {question} 

Context: {context} 

Answer:

https://smith.langchain.com/hub/rlm/rag-prompt

https://smith.langchain.com/hub/rlm/rag-prompt
https://smith.langchain.com/hub/rlm/rag-prompt
https://smith.langchain.com/hub/rlm/rag-prompt
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LLM
Large Language Model

?

Level 1

Basic RAG

Let’s give it a spin!

Schedule

Which talks are related to sports?
return a bullet list

Prompt
Here's a list of talks related to sports:
• Enhancing Event Analysis at Scale: Leveraging 

Tracking Data in Sports.
• Computer vision at the Dutch Tennis Federation: 

Utilizing YOLO to create insights for coaches
• Predicting the Spring Classics of cycling with my 

first neural network
• How I lost 1000€ betting on CS:GO with machine 

learning and Python

Answer

[1] Produced with gemini-1.5-pro, temperature = 0.7 (defaults)

# Enhancing …
# Computer vision …
# Predicting the …
# How I lost 1000€ …

Embed
each session

You are an assistant for question-answering tasks. Use the following pieces of retrieved context to answer the question. If you don't 
know the answer,  just say that you don't know. Use three sentences maximum and keep the answer concise.

Question: Which talks are related to sports?

Context:

# Enhancing Event Analysis at Scale: Leveraging Tracking Data in Sports.
Learn how to automate the generation of contextual metr ics from tracking data to enrich event analysis, handling the influx o f games 
arriving daily in an efficient way by scaling-out the entire architecture.

## Description
In the dynamic landscape of sports analytics, the integration of tracking data has opened new frontiers for in -depth event analysis. 

Yet, the use of this data remains a bottleneck, particularly when dealing with a large volume of games. Indeed, such computat ion is 
either too expensive or too long. The focus of the presentation will be on automating the generation of these contextual metr ics at 
scale, and their  usage by professionals and decision-makers.

The presentation will showcase an architecture and an automated pipeline designed to handle the influx of games. Leveraging 
Python and cloud computing services such as message queues, we efficiently manage incoming game data by scaling the 
infrastructure based on the workload, ensuring optimal performance during peak period while minimizing costs during quieter t imes. 

The presentation will str ike a balance between technical depth and practical application. Attendees will gain insights into t he 
architecture required to efficiently process hundreds of games weekly, while accommodating the thousands already present in the 
database. The advantage granted by this method will be quantified in terms of time and resources to inform data scientists an d data 

engineers the efficiency they could reach.

## Timeslot

2024-07-11T14:45:00+02:00 with a duration of 00:30

## Room

If (1.1)

## Speaker

### Yannis MOUDERE
I am a French Data Scientist, holding an engineering diploma from Telecom Paris and a Master's degree from Institut Polytechnique 
de Paris in Applied Mathematics and Data Science.

At the end of my studies, I completed a Data Science internship at Parma Calcio 1913. I now serve as a full -time Data Scientist at the 
club, working on leveraging tracking data.

Answer:
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Schedule

Which talks are related to sports?
return a bullet list

Prompt

# Enhancing …
# Computer vision …
# Predicting the …
# How I lost 1000€ …

Embed
each session

You are an assistant for question-answering tasks. Use the following pieces of retrieved context to answer the question. If you don't 
know the answer,  just say that you don't know. Use three sentences maximum and keep the answer concise.

Question: Which talks are related to sports?

Context:

# Enhancing Event Analysis at Scale: Leveraging Tracking Data in Sports.
Learn how to automate the generation of contextual metr ics from tracking data to enrich event analysis, handling the influx o f games 
arriving daily in an efficient way by scaling-out the entire architecture.

## Description
In the dynamic landscape of sports analytics, the integration of tracking data has opened new frontiers for in -depth event analysis. 

Yet, the use of this data remains a bottleneck, particularly when dealing with a large volume of games. Indeed, such computat ion is 
either too expensive or too long. The focus of the presentation will be on automating the generation of these contextual metr ics at 
scale, and their  usage by professionals and decision-makers.

The presentation will showcase an architecture and an automated pipeline designed to handle the influx of games. Leveraging 
Python and cloud computing services such as message queues, we efficiently manage incoming game data by scaling the 
infrastructure based on the workload, ensuring optimal performance during peak period while minimizing costs during quieter t imes. 

The presentation will str ike a balance between technical depth and practical application. Attendees will gain insights into t he 
architecture required to efficiently process hundreds of games weekly, while accommodating the thousands already present in the 
database. The advantage granted by this method will be quantified in terms of time and resources to inform data scientists an d data 

engineers the efficiency they could reach.

## Timeslot

2024-07-11T14:45:00+02:00 with a duration of 00:30

## Room

If (1.1)

## Speaker

### Yannis MOUDERE
I am a French Data Scientist, holding an engineering diploma from Telecom Paris and a Master's degree from Institut Polytechnique 
de Paris in Applied Mathematics and Data Science.

At the end of my studies, I completed a Data Science internship at Parma Calcio 1913. I now serve as a full -time Data Scientist at the 
club, working on leveraging tracking data.

Answer:

Here's a list of talks related to sports:
• Enhancing Event Analysis at Scale: Leveraging 

Tracking Data in Sports.
• Computer vision at the Dutch Tennis Federation: 

Utilizing YOLO to create insights for coaches
• Predicting the Spring Classics of cycling with my 

first neural network
• How I lost 1000€ betting on CS:GO with machine 

learning and Python

Answer

[1] Produced with gemini-1.5-pro, temperature = 0.7 (defaults)
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Which talks are related to sports?
return a bullet list

Prompt
Here's a list of talks related to sports:
• Enhancing Event Analysis at Scale: Leveraging 

Tracking Data in Sports.
• Computer vision at the Dutch Tennis Federation: 

Utilizing YOLO to create insights for coaches
• Predicting the Spring Classics of cycling with my 

first neural network
• How I lost 1000€ betting on CS:GO with machine 

learning and Python

Answer

[1] Produced with gemini-1.5-pro, temperature = 0.7 (defaults)

# Enhancing …
# Computer vision …
# Predicting the …
# How I lost 1000€ …

You are an assistant for question-answering tasks. Use the following pieces of retrieved context to answer the question. If you don't 
know the answer,  just say that you don't know. Use three sentences maximum and keep the answer concise.

Question: Which talks are related to sports?

Context:

# Enhancing Event Analysis at Scale: Leveraging Tracking Data in Sports.
Learn how to automate the generation of contextual metr ics from tracking data to enrich event analysis, handling the influx o f games 
arriving daily in an efficient way by scaling-out the entire architecture.

## Description
In the dynamic landscape of sports analytics, the integration of tracking data has opened new frontiers for in -depth event analysis. 

Yet, the use of this data remains a bottleneck, particularly when dealing with a large volume of games. Indeed, such computat ion is 
either too expensive or too long. The focus of the presentation will be on automating the generation of these contextual metr ics at 
scale, and their  usage by professionals and decision-makers.

The presentation will showcase an architecture and an automated pipeline designed to handle the influx of games. Leveraging 
Python and cloud computing services such as message queues, we efficiently manage incoming game data by scaling the 
infrastructure based on the workload, ensuring optimal performance during peak period while minimizing costs during quieter t imes. 

The presentation will str ike a balance between technical depth and practical application. Attendees will gain insights into t he 
architecture required to efficiently process hundreds of games weekly, while accommodating the thousands already present in the 
database. The advantage granted by this method will be quantified in terms of time and resources to inform data scientists an d data 

engineers the efficiency they could reach.

## Timeslot

2024-07-11T14:45:00+02:00 with a duration of 00:30

## Room

If (1.1)

## Speaker

### Yannis MOUDERE
I am a French Data Scientist, holding an engineering diploma from Telecom Paris and a Master's degree from Institut Polytechnique 
de Paris in Applied Mathematics and Data Science.

At the end of my studies, I completed a Data Science internship at Parma Calcio 1913. I now serve as a full -time Data Scientist at the 
club, working on leveraging tracking data.

Answer:

How to nicely 

visualise? 
Logging / monitoring?
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Basic RAG

That was nice. But can 
we get more detailed?

╳ Embedding a large piece 
of text cause 
embeddings to get 
saturated and lose 
meaning

╳ Imprecise citations
╳ Large context → high 

cost

Divide up text 
in smaller 
pieces, then 
embed.

= Chunking

PyData Eindhoven 2024
Schedule

Embed
each session



Maximizing marketplace experimentation: 

switchback design for small samples and 

subtle effects

Conventional A/B testing often falls short 

in industries such as airlines, ride-

sharing, and delivery services, where 

challenges like small samples and subtle 

effects complicate testing new features.

Created using https://chunkviz.up.railway.app/
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vectorstore_chunked.similarity_search(
query=”

a methodology for comparing two versions of a webpage or 
app against each other to determine which one performs 
better

",
)

[
 Document(page_content='and recognize its 
advantages over conventional A/B testing for more informed 
decisions and improved’ , …),
 Document(page_content='design as a practical 
alternative to conventional A/B testing. By addressing small 
sample size’, …),
 Document(page_content="It addresses 
traditional A/B testing's limitations on small samples and subtle 
effects, highlighted", …),
 Document(page_content='Conventional A/B 
testing often falls short in industries such as airlines, ride-
sharing, and’ , …)
]

Citations

https://github.com/dunnkers/levels-of-rag

https://github.com/dunnkers/levels-of-rag
https://github.com/dunnkers/levels-of-rag
https://github.com/dunnkers/levels-of-rag
https://github.com/dunnkers/levels-of-rag
https://github.com/dunnkers/levels-of-rag
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Let’s take PDF’s 
as an example

PyPDFLoader

© Space Exploration Technologies Corp. All rights 
reserved.
COPYRIGHT
Subject to the existing rights of third parties, Space 
Exploration Technologies Corp. (SpaceX) is the owner of 
the copyright in this work, and no portion hereof is to 
be copied, reproduced, or disseminated without the 
prior written consent of SpaceX.

Falcon 9 Launch Vehicle NAFCOM  Cost Estimates August 
2011 NASA Associate  Deputy Administrator  for Policy 1

CAPABILITIES & SERVICESFALCON 9DESTINATIONSpaceX offers 
competitive pricing for its Falcon 9 and Falcon Heavy launch 
services. SpaceXalso offers crew transportation services tolow-
Earth orbit (LEO) destinations.See additional information at 
spacex.com/humanspaceflight. LOW-EARTH ORBIT 
(LEO)GEOSYNCHRONOUS TRANSFER ORBIT (GTO)PAYLOAD TO MARS22,000 
kg50,265 lbs8,300 kg18,300 lbs4,020 kg8,860 lbsSTANDARD PAYMENT 
PLAN(through 2024)$69.75 MUp to 5.5 mT TO GTOPRICE * *Pricing 
adjustments made in January 2024 account for inflation. 
Missions purchased in 2024 but flown beyond 2027 may be subject 
to additional adjustments due to inflation.Performance 
represents max capability on fully expendable vehicle.
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Retrieve documents

Keyword 
search

Vector 
search

Matching document texts and metadata

Question

Reciprocal 
Rank Fusion

HTML
</>

PDF
……

.txt, .pdf, .html

TXT

……

Doc to text
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https://www.spacex.com/media/Capabilities&Services.pdf

https://www.spacex.com/media/Capabilities&Services.pdf
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Context: CAPABILITIES & SERVICESFALCON 

9DESTINATIONSpaceX offers competitive pricing for its Falcon 

9 and Falcon Heavy launch services. SpaceXalso offers crew 

transportation services tolow-Earth orbit (LEO) destinations.See 

additional information at spacex.com/humanspaceflight.

LOW-EARTH ORBIT (LEO)GEOSYNCHRONOUS TRANSFER 

ORBIT (GTO)PAYLOAD TO MARS22,000 kg50,265 lbs8,300 

kg18,300 lbs4,020 kg8,860 lbsSTANDARD PAYMENT 

PLAN(through 2024)$69.75 MUp to 5.5 mT TO GTOPRICE *

*Pricing adjustments made in January 2024 account for 

inflation. Missions purchased in 2024 but flown beyond 2027 

may be subject to additional adjustments due to 

inflation.Performance represents max capability on fully 

expendable vehicle.

© Space Exploration Technologies Corp.  All rights reserved.  
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Destination Load Carry

LOW-EARTH ORBIT 
(LEO)

22,000 kg (50,265 lbs)

GEOSYNCHRONOUS 
TRANSFER ORBIT (GTO)

8,300 kg (18,300 lbs)

PAYLOAD TO MARS 4,020 kg (8,860 lbs)

Computer 
Vision model
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Destination Load Carry

LOW-EARTH ORBIT 
(LEO)

22,000 kg (50,265 lbs)

GEOSYNCHRONOUS 
TRANSFER ORBIT (GTO)

8,300 kg (18,300 lbs)

PAYLOAD TO MARS 4,020 kg (8,860 lbs)

Markdown formatted table in context
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We were using 
GPT-3.5 turbo 
for this task.
What about 
newer models?

I have to 
make a 
confession.
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GPT-4o with picture input GPT 3.5 with only text input

2000x increase in 
input prompt cost

Level 4

Multimodal
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The Levels of RAG

• Retrieval, 
Augmentation & 
Generation

• RAG components : 
Data- collection and 
parsing, Chunking, 
Embedding, Vector 
database, Large 
Language Model 
(LLM)

• Vector search

• Chunking

• Combining vector 
search and keyword 
search.

• Sparse text search 
using: TF-IDF and BM-
25

• Reciprocal Rank 
Fusion

• HTML, Word, PDF

• PDF with native text 
but also images

• Jumbled text

• Tables: using 
Computer Vision and 
Markdown

• Multimodal for audio, 
images and even 
video.

• Images in prompt can 
be very powerful. 
Beware of cost.
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The Levels of RAG

• RAG consists out of a Retrieval and 
a Generation step

• The main RAG components are: 
Data- collection and parsing step, 
Chunking, an Embedding model, a 
Vector database and a Large 
Language Model (LLM)

• Vector search allows us to find 
source information familiar to the user 
query.

• Chunking comes in to split long 
pieces of text and get accurate 
answer citations.

• … but what if we miss obvious 
matches? Is Vector search enough?

• Going hybrid: combining vector 
search and keyword search.

• Popular algorithms for text search 
are: TF-IDF and BM-25

• Reciprocal Rank Fusion allows us 
to combine keyword search and 
vector search.

• This gives us better performing 
search to prevent missing obvious 
matches.

• … but now what if we have more 
complicated document types?

• Formats like HTML, Word but 
especially PDF can lack structure 
and are harder to parse.

• Luckily, many PDF parsers exist. 
Most importantly, sometimes we 
need OCR to read the PDF’s when 
native text is lacking.

• However, be cautious when parsing 
PDF’s: text can be presented to the 
LLM in jumbled fashion, causing the 
LLM to convingly give wrong ansers.

• Answering originating from tables 
can be hard to answer with in your 
RAG system. We can give them a 
special treatment by parsing them 
separately and inserting them as 
Markdown in the prompt. 

• … another way to parse tables and 
much more is to go Multimodal.

• Multimodal models are around. They 
process not only text but also audio, 
images and even video.

• Images can be inserted in the 
prompt and presented to the LLM, 
opening up new possibilities. 
Beware of the cost.

• Good luck with building your RAG 
system! 

What is 
your 

level?



Jeroen Overschie

Machine Learning Engineer

jeroen.overschie@xebia.com

Thank you!

♡

mailto:daniel.overschie@xebia.com
mailto:daniel.overschie@xebia.com
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