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Learned Index
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Model
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Model predicts the location of the data
like the librarian predicts the location of the book




How to build models to predict the location
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Why are learned indexes so good?

B-tree is designed for the average case

Learned index adapts to the specific instance
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Instance-specific optimization
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~3x faster lookups,
~10x smaller size vs.
B+Tree

Works for static,
read-only workloads

Learned Index”

Key
¥
Root model
/"’-\ -
Model 1.1 Model 1.2
Model 2.1 Model 2.2 Model 2.3 Model 2.4

ﬂosition

I

Error bound for min

*Kraska et al., “The Case for Learned Index Structures”, in SIGMOD 2018.

Error bound for max

Static
RMI



ALEX design goals

Lookup time Slow Fast Faster
Insert time Fast Not Supported Fast

Space usage High Low Low



ALEX design overview

~ Legend
* Recursive Model Index (RMI) Internal
* Hierarchy of models Node Adaptive
" RMI

* Higher level models pick model at the next — Data
level Node

* Leaf level models predict the position

I Key

Gap

At leaf nodes, leave gaps (free spaces)

* Efficiently absorb inserts

exponential
search

* Use model-based inserts which lead to
faster lookups



Lookups in ALEX

~_ Legend

Internal
Node

Use the RMI to predict the location of
)
Node

Adaptive
" RMI

the key in a leaf data node

I Key

Use exponential search within the leaf - Gap
node, starting at the predicted —
location

\J/
exponential
search



Inserts in ALEX

Key
v -
_ Legend oo | T
Internal _IEIZ/
_ . Node [TJ
 Use the RMI to predict the location Adaptive
where the key should be inserted in the — Data RMI
leaf data node Node A
[M]
I Key
o Lfet?e predicted location is empty, insert the — Gap
* Else shift the existing keys towards the n R
closest gap - N/
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Mechanisms to dynamically grow ALEX

Node Expansions
* I a node becomes full, allocate a new larger node by an expansion factor ¢’
* Scale or retrain the model

Node Splits

* I a node becomes full and has reached a max node size, split it into two nodes
—B-Tree like splits
—Downward splits

Insertion Algorithm

« Combines these “mechanisms” with appropriate “policies”
—All decisions are driven by simple “cost models” that are learned from the workload



Dataset characteristics

Table 1: Dataset Characteristics

longitudes longlat lognormal YCSB

Num keys 1B 200M 190M 200M
Key type double double  64-bit int 64-bit int
Payload size 8B 8B 8B 80B

Total size 16GB 3.2GB 3.04GB 17.6GB




Performance summary

* Read-only workloads:
—ALEX has 2.2x faster search speed vs. Learned Index, with 15x smaller index
—ALEX has 4.1x faster search speed vs. B-Tree, with 3 orders of magnitude smaller index

 Read-write workloads:
—ALEX has 2-4x faster search speed vs. B-Tree



Read-only Workload
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Write-heavy Workload
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~2-3x faster than B+Tree ~3 orders of magnitude less space for index



Write-only Workload
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Range-scan Workload
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ALEX is still faster but relative performance
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Scalability
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Insert Latency

—e— ALEX p50 =¥~ ALEX p99 = ALEX max
== B+Tree p50 ---- B+Tree p99 =—- B+Tree max

Longitudes

Single Op Latency (ns)

4KB ©64KB 1MB 16MB 256MB
Max node size

Increasing the max node size decreases
median and P99 latency

... but tail latency is increased



Summary

« ALEX is an adaptive learned index for dynamic workloads

—effectively combines the core insights from the Learned Index with proven storage &
indexing techniques used in B+trees

» ALEX beats all baselines on all datasets
—while consuming up to three orders of magnitude less storage space for indexing

* Next steps:
—persistence on SSDs or Persistent Memory
—concurrency control
—open source



Related Research

* High performance, latch-free indexing for NVM

—"BzTree: A high-performance latch-free range index for non-volatile memory”’, joint work
with J. Arulraj, J. Levandoski, and PA. Larson, in VLDB 2018

* Hiding memory stall latencies for in-memory indexes

—"Exploiting coroutines to attack the killer nanoseconds”, joint work with C. Jonathan, J.
Hunter, J. Levandoski, and G. Nishanov, in VLDB 2018
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Database Group @ MSR Redmond

Always Encrypted — data processing on encrypted data

AMBROSIA — a programming Iangua%e independent approach for authoring and deploying highly robust
distributed applications (https://github.com/microsoft/ambrosia)

Cipherbase — a comprehensive database system that provides strong end-to-end data confidentiality
through encryption

CRA — a software layer (library) that makes it easy to create and deploy distributed dataflow-style
applications (https://github.com/microsoft/cra)

Deuteronomy — a database architecture that provides a clean separation of transaction functionality from
data management functionality

FASTER — a new key-value store for point operations, that combines a highly cache-optimized concurrent
hash index with a novel self-tuning data organization (https://github.com/microsoft/faster)

FISHSTORE — a new ingestion and storage layer for flexible- and fixed-schema datasets
(https://github.com/microsoft/fishstore)

MISON — fast parser for data analytics
Socrates — The New SQL Server in the Cloud (https://aka.ms/sqglsocrates)
TRILL — fast stream processing library: a trillion tuples a day (https://github.com/microsoft/trill)



https://github.com/microsoft/ambrosia
https://github.com/microsoft/cra
https://github.com/microsoft/faster
https://github.com/microsoft/fishstore
https://aka.ms/sqlsocrates
https://github.com/microsoft/trill

Database Group @ MSR Redmond

Now accepting, FY 2020 applications

Internships:
https://careers.microsoft.com/us/en/job/722104/Research-Intern-Database-Group

Full-time:
Please contact ufminhas@microsoft.com for details. ©
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B-Tree Like Split — Case 1

Split Data Node Left Half Right Half
(a)



B-Tree Like Split — Case 2
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Distribution Shift
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Longitudes dataset CDF
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Errors distribution

ALEX: After Inserts
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Exponential vs. Binary Search

—&— Binary (bound 1K) =~ Binary (bound 131K)
=)= Binary (bound 8K) -3 Exponential

Search Time: Uniform Data
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Why a learned index?

* Instance-specific optimizations
—Use statistical or machine learning models to learn the specific distribution of the data at
initialization
— Adapt the structure of the index dynamically with more data

* More efficient execution on modern CPUs

—Traverse-to-leaf in a learned index is “computation” based (vs. comparison based) — hence
avoids branch mispredictions

—The index structure is much more compact — hence CPU caches can be more effective



