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Learning Objectives

1. Understand the general purpose of index structures
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2. Understand the basic concepts of learned index structures (LIS)

3. Case study: Recursive Model Index (RMI)



Outline

• Background
• Learned Index Structures: Concept
• Learned Index Structures: Approaches 
• Learned Index Structures: Discussion
• Learned Index Structures: Roadmap
• Demo
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Background: A Table Layout in Disk
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Background: Data Retrieval (No Index)
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Background: Data Retrieval (No Index)
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7

Disk

RAM

1

7 8

4

9

2 3

65

load
2

3

5

6

Get row for SID==100



Background: Data Retrieval (No Index)

8

Disk

RAM

1

7 8

4

9

2 3

65

load
2

3

5

6

Get row for SID==100

SID Name Major GPA

1 Jay DS 4.0

2 John CS 3.9

… … … …

99 Morgan CS 3.95

100 Matt CE 3.66



Background: Data Retrieval (No Index)
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Background: Data Retrieval (No Index)
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Iterate each row to get SID==100We need to load 4 pages into RAM. Too slow!
Can we do better? (Any thoughts)
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Background: Data Retrieval (B-Tree)
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Background: Data Retrieval (B-Tree)
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Background: Data Retrieval (B-Tree)
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Background: Data Retrieval (B-Tree)
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BuildTree (SIDs)

Sort the SIDs and record the row location of each SID 
1 page

B-Tree

SID Name Major GPA
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2 John CS 3.9
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100 Matt CE 3.66



Background: A Table Layout in Disk (B-Tree)
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Background: B-Tree
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Background: Data Retrieval (B-Tree)
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Background: Data Retrieval (B-Tree)
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Background: Data Retrieval (B-Tree)
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Background: Data Retrieval (B-Tree)
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2. B-Tree lookup(100) -> page 6
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Background: Data Retrieval (B-Tree)
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2. B-Tree lookup(100) -> page 6

1. Load page 9 

3. Load page 6
6

4. search SID==100 within page 6

Disk I/O: 2 pages vs 4 pages
Time: O(log N) vs O(N)

Space cost: O(size of SID)



23

1

Location

2

Location

3

Location

4

Location

5

Location

6

Location

7

Location

8

Location

96

Location

97

Location

97
Location

100

Location

…

4 8 12 91 95

20 70 90 Root-Node

…
Sorted Array

What if keys are uniformly distributed 
between 1 – 100?



24

1

Location

2

Location

3

Location

4

Location

5

Location

6

Location

7

Location

8

Location

96

Location

97

Location

97
Location

100

Location

…

Sorted Array

data_array[lookup_key]
B-Tree is unnecessary

O(1) Lookup
O(1) memory

What if keys are uniformly distributed 
between 1 – 100?



Learned Index Structures: Key Insights
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• Traditional index structures make no 
assumptions about the data (black-box)
• Scales with the data size

• Learning the data distribution allows for 
performance improvements
• Overfitting
• Scales with the complexity of data 

distribution, not size
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B-Trees

B-Tree
A B-Tree maps a key to a page

Then searches within the page

key
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B-Trees 

key

B-Tree

A B-Tree: key -> pos

Then searches from: [pos, pos + page_size]

pos pos + page_size
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B-Trees are Models

Model

Model: f(key) -> pos

Then searches from: [pos - errmix, pos + errmax]

key

pos - errmin pos + errmax
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B-Trees are Models

Model

Model: f(key) -> pos

pos - errmin pos + errmax

This is equivalent to modeling the CDF
Pos = P(x ≤ key) * num_keys

key



Learned Index Structures: Naïve Approach
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SID Name Major GPA

1 Jay DS 4.0

2 John CS 3.9

… … … …
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100 Matt CE 3.66…
In-memory dense array
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Learned Index Structures: RMI Overview
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Learned Index Structures: RMI Lookup
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Learned Index Structures: RMI Lookup
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Learned Index Structures: RMI Lookup
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Learned Index Structures: RMI Lookup
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Learned Index Structures: RMI Lookup
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Limitation: does not 
support update operations



Discussion: B-Tree vs. Learned Index
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RMI [SIGMOD’18]
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Learned Index Structures: Roadmap
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RMI [SIGMOD’18]

FITing-Tree [SIGMOD’19] 

Learned Index Structures: Roadmap

2018 2019 2020 2021 20242022



40

RMI [SIGMOD’18]

PGM [VLDB’20]

ALEX [SIGMOD’20]

FITing-Tree [SIGMOD’19] 

Learned Index Structures: Roadmap

2018 2019 2020 2021 20242022



41

RMI [SIGMOD’18]

PGM [VLDB’20]

ALEX [SIGMOD’20]

FITing-Tree [SIGMOD’19] 

Learned Index Structures: Roadmap

LIPP [VLDB’21]

2018 2019 2020 2021 20242022



42

RMI [SIGMOD’18]

PGM [VLDB’20]

ALEX [SIGMOD’20]

FITing-Tree [SIGMOD’19] 

Learned Index Structures: Roadmap

LIPP [VLDB’21] APEX [VLDB’22]

2018 2019 2020 2021 20242022



43

RMI [SIGMOD’18]

PGM [VLDB’20]

ALEX [SIGMOD’20]

FITing-Tree [SIGMOD’19] 

Learned Index Structures: Roadmap

LIPP [VLDB’21] APEX [VLDB’22]

Algorithmic Complexity Attacks on 
Dynamic Learned Indexes [VLDB’24]

2018 2019 2020 2021 20242022



44

RMI [SIGMOD’18]

PGM [VLDB’20]

ALEX [SIGMOD’20]

FITing-Tree [SIGMOD’19] 

Learned Index Structures: Roadmap

LIPP [VLDB’21] APEX [VLDB’22]

Today

Algorithmic Complexity Attacks on 
Dynamic Learned Indexes [VLDB’24]

2018 2019 2020 2021 20242022



45

RMI [SIGMOD’18]
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FITing-Tree [SIGMOD’19] 

Learned Index Structures: Roadmap

LIPP [VLDB’21] APEX [VLDB’22]

Today

Algorithmic Complexity Attacks on 
Dynamic Learned Indexes [VLDB’24]

Our work on investigating the robustness 
of dynamic learned indexes

Algorithmic Complexity Attacks on Dynamic Learned Indexes [VLDB’24]:
https://www.vldb.org/pvldb/vol17/p780-yang.pdf

2018 2019 2020 2021 20242022

https://www.vldb.org/pvldb/vol17/p780-yang.pdf


285 papers
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RMI Demo and Quiz 8
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