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Database joins are critical for performance

Employee Table Report
Department Table
Name \Dept.ID Name Dept Name
: Dept. ID Name
Alice 30 Alice Chemistry
10 Computer Science
Bob 10 Bob Computer Science
R0 Mathematics .
1 Carol Mathematics
Caro <0 30 Chemistry .
Dave 10 Dave Computer Science

Joins combine data from multiple tables based on a common attribute
One of the most frequently executed operation in databases!



Indexes In joins: Find matching rows efficiently

With Index

Employee Table Department Table

Name |Dept.ID Dept. ID

Name

Alice 10

Computer Science

Without Index
Employee Table Department Table
Name |Dept. 1D Dept. ID Name
Alice -—> 10 Computer Science
Q0 Mathematics
- Chemistry

Full Scan: O(n) per row

Q0

Mathematics

Chemistry

Index

(Dept. Table)
B-Tree/Hash-Table

Index Lookup : O(log n) or O(1)




This talk: Evaluating learned indexes for joins in external memory
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[1] Ibrahim Sabek and Tim Kraska. 2023. The Case for Learned In-Memory Joins. Proc. VLDB Endow. 16, 7 (March 2023), 1749-1762. https://doi.org/10.14778/3587136.3587148



Key findings

Evaluating learned indexes for external memory joins

Join Performance
1.2-1.6x faster joins over B-Trees for sorted-data joins

Configuration and Build Costs
Tolerate higher error and use less space
Higher construction cost (10x) compared to B-Trees



Learned Indexes: Indexes with ML models

Motivation: Traditional data structures make no assumptions about data
Hypothesis: By learning the key-position relationship, faster and smaller indexes can be builtl2]

[2]Tim Kraska, Alex Beutel, Ed H. Chi, Jeffrey Dean, and Neoklis Polyzotis. 2018. The Case for Learned Index Structures. In Proceedings of the 2018 International Conference on Management of Data (SIGMOD '18)



Learned indexes: Use ML to model key-positions relationship!

Motivation: Traditional data structures make no assumptions about data
Hypothesis: By learning the key-position relationship, faster and smaller indexes can be builtl2]
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Learned indexes: Use ML to model key-positions relationship!

Motivation: Traditional data structures make no assumptions about data

Hypothesis: By learning the key-position relationship, faster and smaller indexes can be builtl2]
Key

Learned Index

Model 1

Model 2 Model 3

Key Value

Smaller (3.6-38x) and Faster (3-5x) than B-Trees/S]

[3]Ryan Marcus, Andreas Kipf, Alexander van Renen, Mihail Stoian, Sanchit Misra, Alfons Kemper, Thomas Neumann, and Tim Kraska. 2020. Benchmarking learned indexes. Proc. VLDB Endow. 14, 1 (September 2020), 1-13.



B-Trees vs. Learned indexes

B-Tree Learned Index
Hierarchy of Pivots Hierarchy of Models
Returns leaf node Returns search window
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B-Trees vs. Learned indexes

B-Tree
Hierarchy of Pivots
Returns leaf node
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Clarification: In this talk, both B-Trees and learned indexes refer to the internal nodes and not the data itself!

Learned Index
Hierarchy of Models

Returns search window
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Learned indexes for sorted-data joins

1.2-1.6x faster joins over B-Trees for sorted-data joins



Joins for sorted data

e Algorithms:
 The Indexed Nested Loop Join (INLJ)

e Sort-Merge Join



The Indexed-Nested Loop Join (INLJ)

Memory
Table S Index

D D D D B-Tree OR Learned

MTTYTITIN Index

Disk
Table R 19 27 45 52 84 92 9699 ..
LAl 5 5 9 10[10 24 45 52)64/60 72 75|80 92 94/99] ...

Goal: Join Tables Rand S



The Indexed-Nested Loop Join (INLJ)

Memory
Table S Index

1. Load Block of Table R
. Query Index
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Disk
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Goal: Join Tables Rand S



The Indexed-Nested Loop Join (INLJ)

Memory
Table S Index

1. Load Block of Table R
D D D D . Query Index

MTTYXTITIT] Index

AR SN

3. Fetch Corresponding Row in Table S

SN 5 | o 11 io110|27 45 62 84 ]02 06 99| .
——
S=—" LRG| o o 10]1 84/45]53[04/ 60| 72| 75| 50| 02 040 .

v

Disk

Goal: Join Tables Rand S



Does a faster index help?

Memory
Table S Index

1. Load Block of Table R
D D D D . Query Index
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3. Fetch Corresponding Row in Table S
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Sorted Data Join: Page Buffering

Memory

Table S Index
1. Load Block of Table R

. Query Index

Index

H “800ns 200ns
/  [100800 ps |_—

3. Fetch Corresponding Row in Table S

EECLEN 5 | 5 1145710 27|45 52 84 92/96 99 .
Table S 9 10]19 24 45/52[64/66 727580 02 04 99| ._

This block is already in memory!
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Goal: Join Tables Rand S



Sorted Data Join: Sequential Access

Memory

Table S Index
1. Load Block of Table R

. Query Index

Index

H “800ns 200ns
/| "520ps |_—

3. Fetch Corresponding Row in Table S

raote R [N sCIEARCICI CACIETICEI O oo e
RSl 5 B8N 0 10[10 24 45 52[64 6672 75]80/02/94 99| ..

This block is already in memory!
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Goal: Join Tables Rand S



Sorted Data Join: CPU Cost matters!

Memory

Table S Index
1. Load Block of Table R

. Query Index

Index

H “800ns 200ns
/| "1080ps |_—

3. Fetch Corresponding Row in Table S

raote R [N sCIEARCICI CACIETICEI O oo e
RSl 5 B8N 0 10[10 24 45 52[64 6672 75]80/02/94 99| ..

This block is already in memory!

CPU costs are |
significant
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Sort-Merge Join

Memory Algo: Sort-Merge Join

Sequentially compare elements using a 2-pointer approach
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Sort-Merge Join

Memory Algo: Sort-Merge Join

Sequentially compare elements using a 2-pointer approach
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Sort-Merge Join

Memory

Algo: Sort-Merge Join
Sequentially compare elements using a 2-pointer approach
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Sort-Merge Join

Memory

Algo: Sort-Merge Join
Sequentially compare elements using a 2-pointer approach
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Sort-Merge Join

Memory

Algo: Sort-Merge Join
Sequentially compare elements using a 2-pointer approach
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Sort-Merge Join

Memory

Algo: Sort-Merge Join
Sequentially compare elements using a 2-pointer approach
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Sort-Merge Join

Memory Algo: Sort-Merge Join

Sequentially compare elements using a 2-pointer approach
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INLJ vs Sort-Merge Join: Data Skipping
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INLJ vs Sort-Merge Join: Data Skipping

Memory
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INLJ vs Sort-Merge Join: Data Skipping

Memory
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INLJ vs Sort-Merge Join: Data Skipping

Memory
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INLJ vs Sort-Merge Join: Data Skipping

Memory
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INLJ vs Sort-Merge Join: Data Skipping
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INLJ vs Sort-Merge Join: Data Skipping

Memory
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INLJ vs Sort-Merge Join: Data Skipping

Memory

Table S Index | Choice of INLJ or |

E | Sort-Merge join |
D D D D B-Tree Learned . depends on table
ITTTYTITIT) Index | sizes and |

selectivity! |

Disk
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Experiment : Join methods vs. table-size ratio

Learned Index (PGM) - B-Tree <<— Sort-Merge Join

Dataset: FB
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Experiment : Join methods vs. table-size ratio

Learned Index (PGM) - B-Tree <<— Sort-Merge Join

Dataset: FB
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Joins on unsorted data
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Joins on unsorted data

Memory
Table S Index

- 1. Load Block of Table R, I
2. Query Index | .j
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Experiment : Join for unsorted data

-+ Learned Index(PGM-Index) <——- B-Tree

Runtime(sec)
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Configuring & maintenance costs of
learned Indexes

Tolerate higher error and use less space

Higher construction cost (10x) compared to B-Trees



Accuracy-space trade-off for learned indexes

Accuracy Space Accuracy Space

! !

>0 Space Usage*

\ O(n/e?) w.h.p'

€ — Inax error
a;x + b,
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POS poOS + ImMax error POS poOS + IMax error

[4] Paolo Ferragina, Fabrizio Lillo, Giorgio Vinciguerra, On the performance of learned data structures, Theoretical Computer Science, Volume 871, 2021,Pages107-120,ISSN
0304-3975, https://doi.org/10.1016/j.tcs.2021.04.015.



Accuracy-space trade-off for learned indexes

Accuracy Space

Accuracy Space

! !

Space Usage*
O(n/e?) w.h.p'
€ = INax error

. Larger Search Window — |
More sequential blocks |

3|59 10/19/24/45/52|64 @E 92|94 99
pos pOS + Mmax error

o ol ol o

pos pOS + max error

[4] Paolo Ferragina, Fabrizio Lillo, Giorgio Vinciguerra, On the performance of learned data structures, Theoretical Computer Science, Volume 871, 2021,Pages107-120,ISSN

0304-3975, https://doi.org/10.1016/j.tcs.2021.04.015.



Benefits of larger I/0O block fetches

HDD

Larger contiguous I/O requests hide Larger I/0 requests utilize internal parallelism of SSDs(6!
seek time in HDDs

Use the affine modells] for more fine-grained analysis of external-memory algorithms

[5] C. Ruemmler and J. Wilkes, "An introduction to disk drive modeling," in Computer, vol. 27, no. 3, pp. 17-28, March 1994, doi: 10.1109/2.268881

[6]Feng Chen, Binbing Hou, and Rubao Lee. 2016. Internal Parallelism of Flash Memory-Based Solid-State Drives. ACM Trans. Storage 12, 3, Article 13 (June 2016), 39 pages. https://doi.org/
10.1145/2818376



Learned indexes take longer to construct

Processing every point:
1000x longer to construct than B-Trees

Posgition
O
® 9
Position

Sampling and processing:
10x longer to construct than B-Trees,
oimilar join performance
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Takeaways

* | earned indexes can outperform B-Trees in external memory in specific use
cases

» Sorted data + Data skipping
* Benefit from larger errors in external memory
* Construction costs are higher! (10x)
 OLAP/data warehouse applications

Code: https://github.com/saltsystemlab/learnedjoindiskexp



