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Key Questions

How do data products with operational requirements 
complicate lakehouse architectures?

Why does retrieval remain important in the era of LLMs?

How is retrieval formulated as the problem of computing 
vector similarity?

What’s the intuition behind sparse and dense representations?



Recap: What are we doing and why?



Build a useful product

analyze user behavior 
to extract insights

transform insights 
into actions

$
(hopefully)

Google. Facebook. Twitter. Amazon. Uber.

The Data Flywheel
(a virtuous cycle)

Context…



What’s this course about?
The infrastructure that supports the data flywheel.

data platforms + data engineering

Context…



What problems do data platforms solve?
Ingesting, storing, manipulating, maintaining, serving… 

the data that supports the data flywheel.

Context…
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What does that really mean?
Transform Insights into Actions

Dashboards
Report generation

Ad hoc analyses
ML models

Business Intelligence

Data Science

Context…



Syllabus
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Build a useful product

analyze user behavior 
to extract insights

transform insights 
into actions

$
(hopefully)

The Data Flywheel
(a virtuous cycle)

What does that really mean?
Transform Insights into Actions

Dashboards

Report generation

Ad hoc analyses

ML models

Business Intelligence

Data Science

(but not in terms 
of data products)



Syllabus



Model

👍

amazing spot for good 
food & a fun time 🍕🍝 
they offer a super unique 
dine-in experience with 
their interactive tables! 
also love that they have 
innovative weekly feature 
dishes 😋

Instance

Prediction



Model

👍

amazing spot for good 
food & a fun time 🍕🍝 
they offer a super unique 
dine-in experience with 
their interactive tables! 
also love that they have 
innovative weekly feature 
dishes 😋

Instance

Prediction

xi = [x1, x2, x3, . . . , xd]

y 2 {0, 1}Feature Vector

f : X ! Y



Model

Input Output
👍

👎

Model learns from the data

(review, 
👍

 )
(review, 

👎
 )

(review, 
👍
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(review, 

👍
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(review, 
👎
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👎
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Machine learning algorithm 
adjusts the model parameters

f : X ! Y

Components of 
an ML solution

(data, features, model, optimization)
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Trained

ModelTrained

Deployment

Inference / Prediction

A group of us stopped by 
yesterday afternoon to 
enjoy an outdoor lunch. 
The food was da bomb. 👍

Where might you actually deploy this?



Build a useful product

analyze user behavior 
to extract insights

transform insights 
into actions

$
(hopefully)

The Data Flywheel
(a virtuous cycle)

What does that really mean?
Transform Insights into Actions

Dashboards

Report generation

Ad hoc analyses

ML models

Business Intelligence

Data Science

(data products)
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Remainder of the Semester

“Weird stuff” that doesn’t fit traditional lakehouses

Data products with operational requirements

Both!



Recap: What are we doing and why?
Also: Where are we going and why?



What’s the problem we’re trying to solve?

How to connect users 
with relevant information

search (information retrieval)…
… but also question answering, summarization, etc.

… on text, images, videos, etc.
… for “everyday” searchers, domain experts, etc.

“information access”



What’s the problem we’re trying to solve?

Given an information need expressed as a query q, the 
text retrieval task is to return a ranked list of k texts 

{d1, d2 ... dk} from an arbitrarily large but finite collection 
of texts C = {di} that maximizes a metric of interest, for 

example, precision, nDCG, AP, etc.

The “core” (text) retrieval problem



Results

“Documents”
Query



That is so last millennium!



Source: https://www.businessinsider.com/heres-what-google-looked-like-the-first-day-it-launched-in-1998-2013-9



Source: https://www.businessinsider.com/heres-what-google-looked-like-the-first-day-it-launched-in-1998-2013-9



Source: https://blog.google/inside-google/message-ceo/google-25th-birthday-sundar-pichai/



But you know what’s not boring?





What’s not boring?

Natural Language
 Prompt

Large Language Model



Source: https://www.engadget.com/microsofts-next-gen-bing-more-powerful-language-model-than-chatgpt-182647588.html



How does Sydney work?

Natural Language
 Query

Large Language Model
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How does Sydney work?

Source: https://www.engadget.com/microsofts-next-gen-bing-more-powerful-language-model-than-chatgpt-182647588.html



Large Language Model

Natural Language
 Query

Retrieval Model
“Documents”

How does Sydney work?

“Retrieval Augmentation” 
RAG



Why Retrieval Augmentation?

(combat) Hallucinations
(incorporate) Up-to-date information

(exploit) Private data



Large Language Model

Natural Language
 Query

Retrieval Model
“Documents”

Why Retrieval Augmentation?

Generate a short biography of Jimmy Lin.

Given the following facts, generate a short biography of Jimmy Lin.

- Jimmy Lin is a professor at the University of Waterloo.
- Lin holds the David R. Cheriton Chair in the David R. Cheriton School of 

Computer Science.
- Jimmy Lin received his Ph.D. from MIT in 2004
- …

- He recently joined Yupp as Chief Scientist…

- His cell phone number is (519) 721-xxxx…



Large Language Model

Natural Language
 Query

Retrieval Model
“Documents”

Why Retrieval Augmentation?

Retrieval forms the foundation of 
information access with LLMs!

GI/GO



Results

“Documents”
Query

Given an information need expressed as a query q, the 
text retrieval task is to return a ranked list of k texts 

{d1, d2 ... dk} from an arbitrarily large but finite collection 
of texts C = {di} that maximizes a metric of interest, for 

example, precision, nDCG, AP, etc.

The “core” (text) retrieval problem

GI/GO



Results
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Query

How?



Salton et al. (1975) A Vector Space Model for Automatic Indexing. 
Communications of the ACM, 18(11):613-620.



Salton et al. (1975) A Vector Space Model for Automatic Indexing. 
Communications of the ACM, 18(11):613-620.



Results

Term Weighting

“Documents”
Query

The Manhattan Project and its atomic bomb helped bring an end to World 
War II. Its legacy of peaceful uses of atomic energy continues to have an 
impact on history and science.

{'atom': 4.0140, 'bomb': 4.0704, 'bring': 2.7239, 'continu': 
2.4331, 'end': 2.1559, 'energi': 2.5045, 'have': 1.0742, 'help': 
1.8157, 'histori': 2.4213, 'ii': 3.0998, 'impact': 3.0304, 'it': 
2.0473, 'legaci': 4.1335, 'manhattan': 4.1345, 'peac': 3.5205, 
'project': 2.6442, 'scienc': 2.8700, 'us': 0.9967, 'war': 
2.6454, 'world': 1.9974}

“bag of words”

sparse vector
“lexical”
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War II. Its legacy of peaceful uses of atomic energy continues to have an 
impact on history and science.
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“bag of words”

sparse vector
“lexical”



Results

Term Weighting Multi-hot

“Documents”
Query

Inverted Index {'atom': 1, 'bomb': 1}

atomic bomb
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Term Weighting Multi-hot

Top-k Retrieval

“Documents”
Query

Inverted Index {'atom': 1, 'bomb': 1}

atomic bomb



Results

Term Weighting Multi-hot

Top-k Retrieval

“Documents”
Query

Inverted Index
The Manhattan Project and its 
atomic bomb helped bring an 
end to World War II…

{'atom': 4.0140, 'bomb': 
4.0704, 'bring': 2.7239, 
'continu': 2.4331, 'end': 
2.1559, 'energi': 2.5045, 
'have': 1.0742, 'help': 
1.8157, 'histori': 2.4213, 
'ii': 3.0998, 'impact': 
3.0304, 'it': 2.0473, 
'legaci': 4.1335, 
'manhattan': 4.1345... }

{'atom': 1, 'bomb': 1}

atomic bomb

inner (dot) product
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Results

Term Weighting Multi-hot

Top-k Retrieval

“Documents”
Query

Inverted Index

tl;dr – retrieval ~ computing 
dot products on vector 

representations!
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Results

Term Weighting Multi-hot

Top-k Retrieval

“Documents”
Query

Inverted Index
The Manhattan Project and its 
atomic bomb helped bring an 
end to World War II…

{'atom': 4.0140, 'bomb': 
4.0704, 'bring': 2.7239, 
'continu': 2.4331, 'end': 
2.1559, 'energi': 2.5045, 
'have': 1.0742, 'help': 
1.8157, 'histori': 2.4213, 
'ii': 3.0998, 'impact': 
3.0304, 'it': 2.0473, 
'legaci': 4.1335, 
'manhattan': 4.1345... }

{'nuclear':1, 'weapon':1}

nuclear weapon

… which is?
inner (dot) product



Semantic Mismatch
bag-of-words representations rely on lexical overlap

0



Results

Term Weighting Multi-hot

Top-k Retrieval

“Documents”
Query

Inverted Index
The Manhattan Project and its 
atomic bomb helped bring an 
end to World War II…

{'atom': 4.0140, 'bomb': 
4.0704, 'bring': 2.7239, 
'continu': 2.4331, 'end': 
2.1559, 'energi': 2.5045, 
'have': 1.0742, 'help': 
1.8157, 'histori': 2.4213, 
'ii': 3.0998, 'impact': 
3.0304, 'it': 2.0473, 
'legaci': 4.1335, 
'manhattan': 4.1345... }

{'nuclear':1, 'weapon':1}

nuclear weapon

inner (dot) product = 0

But…



Results

Term Weighting Multi-hot

Top-k Retrieval

“Documents”
Query

Inverted Index
The Manhattan Project and its 
atomic bomb helped bring an 
end to World War II…

{'atom': 4.0140, 'bomb': 
4.0704, 'bring': 2.7239, 
'continu': 2.4331, 'end': 
2.1559, 'energi': 2.5045, 
'have': 1.0742, 'help': 
1.8157, 'histori': 2.4213, 
'ii': 3.0998, 'impact': 
3.0304, 'it': 2.0473, 
'legaci': 4.1335, 
'manhattan': 4.1345... }

{'nuclear':1, 'weapon':1}

nuclear weapon

“meaning”

“meaning”

Semantic matching?



What does “meaning” mean?
What type of representations?

What if representations can capture “meaning”?



Results

Term Weighting

“Documents”
Query

The Manhattan Project and its atomic bomb helped bring an end to World 
War II. Its legacy of peaceful uses of atomic energy continues to have an 
impact on history and science.

{'atom': 4.0140, 'bomb': 4.0704, 'bring': 2.7239, 'continu': 
2.4331, 'end': 2.1559, 'energi': 2.5045, 'have': 1.0742, 'help': 
1.8157, 'histori': 2.4213, 'ii': 3.0998, 'impact': 3.0304, 'it': 
2.0473, 'legaci': 4.1335, 'manhattan': 4.1345, 'peac': 3.5205, 
'project': 2.6442, 'scienc': 2.8700, 'us': 0.9967, 'war': 
2.6454, 'world': 1.9974}

sparse vector



Results

Encoder

“Documents”
Query

The Manhattan Project and its atomic bomb helped bring an end to World 
War II. Its legacy of peaceful uses of atomic energy continues to have an 
impact on history and science.

[0.099843978881836, 0.8700575828552246, 0.520509719848633, 
0.030491352081299, 0.7239298820495605, 0.134523391723633, 
0.4331274032592773, 0.644286632537842, 0.645430564880371, 
0.0473427772521973, 0.070496082305908, 0.504533529281616, 
0.8157329559326172, 0.133575916290283, 0.9974448680877686, 
0.0742542743682861, 0.1559412479400635, 0.421395778656006, 
0.014032363891602, 0.996794581413269...]

dense vector



What does “meaning” mean?
What type of representations?

What if representations can capture “meaning”?

What if…
vectors of queries and relevant passages get high inner products

vectors of queries and non-relevant passages get low inner products

And you have lots of examples?

This sounds an awful lot like…



A machine learning problem!



What does “meaning” mean?
What type of representations?

What if representations can capture “meaning”?

What if…
vectors of queries and relevant passages get high inner products

vectors of queries and non-relevant passages get low inner products

And you have lots of examples?

learned representations
= embeddings

But how?



Transformers!





Transformer (2017)

GPT (2018)
Generative Pretrained 
Transformer

BERT (2018)
Bidirectional Encoder 
Representations from 
Transformers

T5 (2019)
Text-To-Text Transfer 
Transformer
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Results

“Documents”
Query

Doc Encoder Query Encoder

The Manhattan Project and its atomic bomb helped bring an end to World 
War II. Its legacy of peaceful uses of atomic energy continues to have an 
impact on history and science.

[0.099843978881836, 0.8700575828552246, 0.520509719848633, 
0.030491352081299, 0.7239298820495605, 0.134523391723633, 
0.4331274032592773, 0.644286632537842, 0.645430564880371, 
0.0473427772521973, 0.070496082305908, 0.504533529281616, 
0.8157329559326172, 0.133575916290283, 0.9974448680877686, 
0.0742542743682861, 0.1559412479400635, 0.421395778656006, 
0.014032363891602, 0.996794581413269...]



Top-k Retrieval

Results

“Documents”
Query

Doc Encoder Query Encoder

This is vector search!

But wait, there’s 
more!



Reranking
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Top-k Retrieval
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Large Language Model

Natural Language
 Query

Retrieval Model
“Documents”

The Big Picture
(combat) Hallucinations

(incorporate) Up-to-date information
(exploit) Private data

Why?



RAG / Lakehouse Integration: Why?
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RAG / Lakehouse Integration: Why?

Ingesting multiple sources of data
User-generated content + behavioral data

Other sources…

Performing “standard” lakehouse tasks
Joining, filtering, projecting, etc. heterogenous data

Data cleaning, aggregation, etc.

Training ML models
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User-generated 
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Frontend

Backend

users

OLTP 
RDBMS

Data Lake

ELT

Lakehouse

Unified Metadata + 
Governance Layer

LLM

Retrieval Model

Other acquisition 
methods

User-generated 
content

How does this 
actually happen?




