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ABSTRACT ClickHouse s designed to address five key
Over the past several decades, the amount of data being stored ~ 39alytical data management:
and anslyzed has increased exponentially. Businesses across in- 1 Huge data sets with high ingestion rates. Many data-
chstries and sectorshave b eyingon this data to mprove SV pplications i ndusrics ke web analytics, e, and
products, evaluate and, ; ical deci- by uge and grow-
sions However, as i ulmTu analytical databases
scale, businesses have needed to manage historical and new data  mustnot only
in a cost-effective and scalable manner, while analyzing it using a but also allow is (scale-out)
high nusmber of concurrent querics and an cxpeciation of rea time 34 ingle servers are limited to several dozen terabytes of storage.
Intencies (e.g, less tham one second, depending on the wse case). Moreover. recent data is often more relevant for real-time insights

Jopcr prcaculs wm evervicw of CHeA B popular open-  than historical data. As a result. analytical databases must be able
mTMM‘:mMF:h@:—p:frr;ﬁmMym 0 ingret mew data ot consistently ligh rates or in bursts. a5 well s

over petabyte-scale data sets with high ingestion rates. Iis storage Fprioritize” (c g agregate. data

layer combines a data format based on traditional log-structured ing d o

merge (LSM) trees with novel techniques for continuous trans- 2 Many si ion of low

formation (e.g. aggregation, archiving) of historical data in the hkmhﬁmwmﬂvhnmmd-dh(c;
i e i SQL dislect and mhﬂwvdlﬂmdymlwmlqpﬂw

processed by a. £.the n " i, the lower query laten-

vith Click

of |

e mmmmwmnwmw
; execution. Recurring queries additionally provide an opportunity

Other dsta management systems can be integrated at the table to-adupt the pleysical database leyout to the workload. As o rosslt,

function, table engine, or database engine level. Real offer pruning techniques that allow optimizing
marks demonstrate that ClickHouse is amongst the fastest analyti-  ffequent queries. Depending on the query priority, databases must
eal databases on the market. further grant equal or prioritized access to shared system resources
such as CPU, memory, disk and network U0, even if a large mamber
PVLDB Reference Format o quescs runsimutancously
mnsdux'ro-mnpmm and
Alexey Milividov. Click House - Lightning Fast Analytics for Everyone. lmrummkmmanmhnmm
Pvu)nmmml 3744, 2004, analytical databases shoukd exhibit a high degree of openness to
ok 10.14778/3645800.3645802 read and write external data in any system, location, or format.
4. A convenient query language with support for perfor-
1 INTRODUCTION ‘mance introspection. Real-worid usage of OLAP databases
This paper describes ClickHouse, 3 columnar OLAP datsbase de-  3dditional “soft” requirements. For example. instead of 2 niche pro-
signed for analytical querics on tables with tril.  Eramuming language, users often prefer to interface with databases
lions of rows and hundreds of columns. ClickHouse was started 1028 expressive SQL dialect with nested data types and a broad
in 2009 as a filter and aggregation operator for web-scale log file ~ "2nge of regular, aggregation, and window functions. Analytical
data’ and was open sourced in 2016. Figure | major also provide sophisticated to introspect
features described in this paper were introduced to ClickHouse.
5. Industry-grade and versatile As

L Vit g resietsmmms s e e Sveawpe  replication for robustncss against mode falures. Also, databascs
e

hcenie. Fas ry e beyoad those covered by tha heene. btain permiscce by should run on any hardware, from old laptops to powesful servers.

o e g Pinally, o avoid the everhead of garbage collection in JVM-bascd
Vol 17, 1 e £ SIMD), databases

o0 1077 sensoon semsanz are ideally deployed as native binaries for the target platform.
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Robert Schulze
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and Dresden University of Technology

Supervising student theses (BSc, MSc) and interns (link)



https://github.com/ClickHouse/ClickHouse/issues/58394

What is ClickHouse?

An analytical (workload), relational (data
model), columnar (data organization),
shared-nothing/shared-disk (architecture,

on-premises/Cloud) database with eventual

consistency (consistency model).

Goal: super-fast %’ and scalable analytics
over tables with trillions of rows and
hundreds of columns.

Open Source (Apache 2.0, except some
Cloud bits), built in C++, runs on anything
from Raspberry Pi to clusters with 100s of
nodes.

Self-managed (on-premises) or ClickHouse
Cloud, a database-as-a-service (DBaaS)

GitHub Stars

30.0k

20.0k

10.0k

Star History

# (D clickhouse/clickhouse
w / apache/druid
w2 Starrocks/starrocks
@ duckdb/duckdb
= / apache/pinot
» @ postgres/postgres

2022 2024

B} star—history.com

2016 2018

Date

2012 204 2020



ClickHouse History

2009 2012 2016 2017 2018
o o 0 0 0
Start of Open Mutations
development ; source :
Production launch First intégration

engine (Kafka)

2019 2020 2021 2022 2023 2024
0 0 0 0 o o
' Improved | ClickHouse Cloud |

introspection tools

New exécution Async fnserts, Column statisfics
framework Projections CPU and 10 scheduling



What is an Analytics Database?

HTAP (Hybrid Transactional
Analytical Processing)

Workload

Data Volumes
Emphasis

Data Organization

Use Cases

Examples

Processing)

OLTP (Online

Transactional
Processing)

Short-running point queries

Moderate (GB — TB)

Data integrity and correctness

Row-wise

Enterprise Resource Planning (ERP)

ORACLE PostgreSOL

MysaL® = >

-w.n\'
5QL server

> OLAP (Online Analytical

Long-running batch queries
Huge (TB — PB)

Scalability and performance
Column-wise

“Big data” and decision making, e.g.
dashboards and ad-hoc data exploration

ll ClickHouse 9 druid ©

pinot DuckDB

GEUMBRA monetdb) 6



Row-wise vs. Column-wise

Row-wise
(n-ary storage

Columnar
(decompositional "".
)

. . model, NSM) storage model, DSM
Data Organisation o8 G
Row 1 Lambda Column 1 ER
350 us
Country Product Sales FR Lambda
Row 3 Column 2
GB Lambda 350 Kappa Kappa
FR Kappa 400 400 lota
us lota 1300 us 350
Row 4 lota Column 3 400
1300 1300
Compressability low high
= Tuple reconstruction cost low high
Hybrid Single-row operations
(PAX) . fast slow
— (point lookups)
[A. Ailamaki et. al.: Weaving .
Relations Column operations slow oy

for Cache Performance. 2001] (scans, aggregation)



System Architecture

Server on-premise

| QUERY PROCESSING LAYER g
saL Query— Tl AsT- g Logical Plan [ Physical Plan External

DBMS
Plan Executor & & ﬁ
4 1 4 : @_

Il Node ]
lll DB Engine

Cloud
Data Lakes/
; Object stores
MERGETREE* FAMILY SPECIAL-PURPOSE VIRTUAL
Il DB Engi : TABLE ENGINES TABLE ENGINES TABLE ENGINES QA
p ngine ;
Inserts — Parts 2> Merges chtlonary Fast lookups Pub/sub
_— ! LAYER systems
Standalone — f") RAMstorage |
— ~ i JE Thread pools gﬂ
=) Command-line __ DI GIVCM Data sharding ! ® ot KV stores
aches
b f DISTRIBUTED
ll- DB Engine DATA PROCESSING
i RBAC
: lil- Node 1 EETS  (QUERES lll- Node 3 i R
In-process : } 1| [2) Backups
: Replicated o Replicated - Users
Python process c . MergeTree MergeTree R \r Monitoring l
! f g ; i i H ; ok ORTHOGONAL
@ Keeper i _ Apps
8 [l Node 2 /' \ Ill: Node 4 S @ User sessions
3 Replication
Replicated coordination Replicated ! &’ Wire protocols
MergeTree RS il Native, gRPC, HTTP, MySQL,

i Shard-1 replica Shard-2 replica PostgreSQL Drivers
Execution . . JDBC / ODBC /
Modes o il

Table Engine:
Location and format
of table data




Storage Layer



= @ influxdb e RocksDB i

leveloe cassandra

[F. Chang et. al.: Bigtable: A
Log-Structured Merge (LSM) Trees  Dsrovigd Siorage Systemior

[P. O'Neil et. al.: The Log-Structured —
Merge-Tree (LSM-Tree), 1996]

Memory Disk

|
: Sorted String
|

Incoming writes Memtable Table (SST)

Sort &
Doo)| ™.\ (ooo Ooo Ooo

‘EEE» [DD...]:>[DDDJ [I:II:II:IJ [I:II:II:IJ

Sorted and immutable

| D

|
|
: Past data
|
|

Recent data



LSM Trees: Compaction

/ \
Level 0 / ooo \ Compaction Strategies
(memtable) )/ oo N
/ N - When? level saturation, file size, file
,' * age, file “temperature” ...
Level 1 ! SIS (IS \ . .
)/ 00D0) |0D0O ' . What? individual SSTs, entire levels, ...
/ \
/ \ .

(m ]
Level 2 // o

/ \
\
/ V24 \

/ Compact and merge\
[...]  |OO0O00D0O0O00O o o (k-way sort merge)
oooooooo o o

[S. Sakar et. al.:| ===
Constructing and Analyzing
the LSM Compaction|
Design Space, 2022]|




LSM-Tree-Based Storage in ClickHouse

INSERT

INSERT

INSERT

ASYNC
INSERT

ASYNC
INSERT

INSERT

Inactive part

v

v

Buffer

v

v

Active part

Part

---» Part merge

Part

INSERTSs create a sorted and
immutable part (aka. SST).

INSERTSs are synchronous or
asynchronous.

All parts are equal, no levels or
notion of recency.

Periodic merges, the source parts
are deleted once their reference
count drops to 0.



Example Part (1/2)

Row EventTime RegionID URL
;e 2023-10-19 17:03:05.154 EMEA https://...
gei . . .
:8,191 2023-18-19 17:03:087.490 APAC https://...
i 8,192 |/2023-10-19 17:03:07.492 APAC https://...
gri . . . |
116,383 | 2023-10-19 17:03:09.838 AMER https://... ||
Compressed Compressed| | Compressed
Block Block Block

Local (per-part) sorting defined by primary key:

CREATE TABLE page_hits

(
EventTime Date CODEC(Delta.ZSTD),
RegionId  String ICODFC(174)
URL String CODEC (AES),

)

ENGINE = MergeTree() PRIMARY KEY (EventTime)

Part are further divided into granules g0, g1, ...

Consecutive granulesin a column form b/ocks
which are compressed:

« generic bit codecs: LZ4, zstd, ...
« logical codecs: delta, ...

- specialised codecs: Gorilla (FP), AES, ...




Example Part (2/2)

Row EventTime

58,191 2023-10-19 17:03:07.

0 2023-16-19 17:83:05.

| 8,192 | 2023-10-19 17:03:07.

g1

516,383 2023-16-19 17:03:09.

Granule
selection Primary key index

ge | 2023-10-19 17:83:05

g1 2023-10-19 17:83:07.

.154
492

RegionID URL
154 EMEA https://...
490 APAC https://...
492 APAC https://...
838 AMER https://... |

SELECT
count() AS PageViews

FROM hits

WHERE
EventTime>='2023-12-089'
__________________________ oot

Index lookup

Primary key defines sorting AND
a lightweight index structure.

Maps primary key index values to
granules.

Small enough to reside in DRAM.

Used to accelerate predicate
evaluation on primary key
columns.



Data Pruning (1/3)

Analytical databases deal with tables sizes of many petabytes.

The fastest scan is not scanning at all!

Primary Key: Sorting and light-weight index



Data Pruning (2/3)

Table Projections

ALTER TABLE hits ADD PROJECTION proj(
SELECT * ORDER BY RegionID
)

ALTER TABLE hits MATERIALIZE PROJECTION pj;

- Alternative table versions sorted by a different primary key

EventTime RegionID URL

2023-10-19 17:03:05.154 EMEA https://...
2023-10-19 17:03:05.462 APAC https://...
2023-10-19 17:03:05.875 AMER https://...
2023-10-19 17:03:06.104 APAC https://...
2023-10-19 17:03:07.550 AMER https://...

EventTime RegionID URL

2023-10-19 17:03:05.875 AMER https://...
2023-10-19 17:03:07.550 AMER https://...
2023-10-19 17:03:06.104 APAC https://...
2023-10-19 17:03:05.462 APAC https://...
2023-10-19 17:03:05.154 EMEA https://...

« Speed up queries on columns different than primary key columns.

- Work at the granularity of parts. Parts may or may not have projections.

- High space consumption and insert/merge overhead.

[M. Stonebraker et. al.: C-Store: A
Column-oriented DBMS, 2005]



Data Pruning (3/3)

[G. Moerkotte: Small
Materialized Aggregates:
A Light Weight Index
Structure for Data
Warehousing, 1998]

Skipping indexes

Light-weight alternative to projections

Store small amounts of metadata at the level of
granules or multiple granules which allows to
skip data during scans

Skipping index types:

«  Minimum/maximum value - great for
loosely sorted data.

« Unique values - great for small
cardinality.

«  Bloom filter for row / tokens / n-grams).

min/max
m index
25 |
8 min: 7
7 max: 25
25
25
18
20 N min: 17
22 A max: 22
19
17
N/
é\\ // min: 5
6 )( max: 13

SELECT *
FROM tab
WHERE clicks BETWEEN 15 AND 30;

Some match - load
and check block ®

All match -->
skip scan ©

None match -
skip scan ©




Merge-Time Data Transformation

Merges (optionally) apply additional transformations.

Replacing merges
Check for rows with same primary key values. Keeps the more recent
row.

TTL (time-to-live) merges
Compress, move, or, delete rows or parts based on the data age.

Aggregating merges
Combine aggregation states into new aggregation states.



Merge-Time Data Transformation

Part

Region Max Average Region
ID Latency @ Latency ID

Aggregating merge

Merged part

Part

Max
Latency

Region Max Average
ID Latency Latency

EMEA 200 300, 2
APAC 80 260, 4

Average
Latency




Data Replication (1/3)

Data Replication means to store the same data redundantly across nodes. This enables high

availability (tolerance against node failures), /oad balancing (scale-out), and zero-downtime
upgrades.

Based on (abstract) concept of table state: Table are a set of table parts + table metadata.

How is the table state advanced?

Add Part Delete Part Change Metadata
Inserts v

Merges Recorded in
g v v T Global Replication Log

Operation

DDL Statements v v v




[D. Ongaro: In Search of an

Data Replication (2/3) - Understandable Consensus

Algorithm, 2014]

— Add entry — Fetchentry — Download part

Node 1 I Node 2 Node 3
INSERT —— PartA - Part A T PartA ~ Intra-node
) replication
. i mege PartC  (iaple data) is
INSERT ——— PartB - PartB — asynchronous
Reeper  Replication Log INSERT INSERT MERGE Intra-Keeper

replication
(replication log)
is synchronous

21



Data Replication (3/3)

Nodes replay the replication log asynchronously.

Nodes may see an old table state but eventually they will converge to
the latest state.

The A between current and latest state is typically small compared to
entire table. Applications must still be okay with that.

On-premise vs. Cloud: shared-nothing vs. shared-disk

22



Query Layer



Query Compilation and Optimization (1/4)

% SQL QuerywASTm (ML= INMENE S Physical Plan Builder Physical Plan

— Plan Executor 3 & ﬁ

B - B B =

By MERGETREE* FAMILY SPECIAL-PURPOSE VIRTUAL

TADI EC CAl~INMES TADIC CAI~INEDS L TADI C CAIAINMES

24



Query Compilation and Optimization (2/4)

Optimization of AST
Constant folding
Distributive law
OR - IN list
[...

%

]

QUERY PROCESSING LAYER

SQL Query—bm—AST—»m— Logical Plan @S =1 R ET N =TT [e [Yg Physical Plan

Plan Executor & B ﬁ

_____________________________

MERGETREE* FAMILY SPECIAL-PURPOSE VIRTUAL

TADI C CAl~IMES

TADI C CAlNIANECC ' TADI C CAI/AINMEC o
Example input Example output
concat(lower(‘a’, upper(‘b’)) ‘aB’
sum(2 * x) 2 * sum(x)

Xx=cORx-=4d x IN (c, d)

25



Query Compilation and Optimization (3/4)

QUERY PROCESSING LAYER

% SQL Query—-’MAST—bm— LI CEEERTE S Physical Plan Builder Physical Plan

= Plan Executor & B ﬁ

| i -

B MERGETREE* FAMILY SPECIAL- PURPOSE VIRTUAL

IIIIIIIIIIIIIIIIIIIIIIIIIIII ' TADI C CAAINEC

Optimizations of logical plan (e.g. join, scan, aggregate)
Filter pushdown

[...]

26



Query Compilation and Optimization (4/4)

)
% SQL Query—m -»m—Loglcal HELEZ Physical Plan Builder Physical Plan
. Plan Executor & & ﬁ

R - I B B

B MERGETREE* FAMILY SPECIAL-PURPOSE VIRTUAL

TADI C CAl~IMES TADI C CAI~INMEDS ' TADI C CAI/AINMEC ¢

Optimizations of physical plan (e.g. hash join, filter evaluation with PK)
Exploit particularities of table engine. E.g. exploit primary key:
WHERE columns form prefix of PK columns - replace full scan by PK lookup
ORDER BY columns form prefix of PK columns - remove sort operator

GROUP BY columns form prefix of PK columns - remove aggregation operator

27



Parallelization Across Data Chunks (1/2)

Classical Volcano-style execution
Evaluate operator tree recursively top-to-leaf, one-tuple-at-a-time.
Problem 1: Too many costly (virtual) function calls, bad L1/L2/L3 cache locality.
Problem 2: Not parallelized.

Works for OLTP, unsuitable for OLAP.

Solve problem 1: "VVector Vulcano” model
Pass batches of tuples between operators.

Amortize cost of calling operators, enables SIMD.
[P. Boncz: MonetDB/X100:

Hyper-Pipelining Query
Execution, 2005]

28



SELECT RegionID, avg(Latency) AS AvglLatency
FROM hits

H H filter| WHERE URL = 'https://clickhouse.com'
Parallellzatlon ACCI'OSS aggregation| GROUP BY RegionID

sort| ORDER BY AvglLatency DESC

Data Chunks (2/2) LT 3

- Node 1 SINK OPERATOR

PrettyTableFormat
4
Limit
4
MergeSort

T
( StreamSort | | StreamSort ] ( StreamSort )

4
[ ChunkSort | | ChunkSort ChunkSort )
™~

- Solve problem 2: Unfold execution plan
into N /anes (typically 1 lane / core).

- Lanes decompose the data to be

g
§ Dlstrlbute
processed into non-overlapping ranges. g [GmupsmeMerge]
Py % Aggregate Aggregate )f Aggregate
- Exchange operators (repartition, g [ [ - ) )
3 . . 2 epartition
distribute) ensure lanes remain balanced. u *
g ( MergeTreeScan | YMergeTreeScan
2 SOURCE [OPERATOR SOURCE [OPERATOR SOURCE|OPERATOR
§ LANE 1 LANE 2 LANE 3
HITS TABLE

RegionID URL Latency

29



[J. Zhou: Implementing Database
Operations Using SIMD

Parallelization Across Data Elements (1/2) insructions, 2002
- Apply the same operation to consecutive data elements.
- Based on compiler auto-vectorisation or manually written intrinsics.

- Compiled into compute kernels which are selected at runtime based based on the
system capabilities (cpuid).

SELECT coll + col2 Dispatch code based on cpuid

FROM tab if (isArchSupported(TargetArch::AVX512))
implAVX512BW(in1, in2);

else if (isArchSupported(TargetArch::AVX2))
implAVX2(in1, in2, out);

else if (isArchSupported(TargetArch::SSE42))
implSSE42(in1, in2, out);

else
implGeneric(in1, in2, out);

30



Parallelization Across Data Elements (2/2)

f

else

if (isArchSupported(TargetArch::AVX512))
imp1AVX512BW(in1, in2);
else if (isArchSupported(TargetArch::AVX2))
implAVX2(in1, in2, out); [
else if (isArchSupported(TargetATTI—
imp1SSE42(in1, in2, out);

implGeneric(in1, in2, out);

AVX-512 kernel, manually vectorised

H)

MULTITARGET_FUNCTION_AVX512F_AVX2 _SSE42 (
MULTITARGET_FUNCTION_HEADER(),

impl,

MULTITARGET_FUNCTION_BODY ( (
const double * inft,

const double * in2

double * out, size_t num_elements)

for (size_t 1 = 0; 1 < (sz & ~Bx7); i += 8)

{

_mm512_load_pd(&in1[i]);
_mm512_load_pd(&in2[i]) ;

const __m512d _in1
const __m512d _in2
const __m512d _out
out[i] = (double*)&_out;

_mm512_add_pd(_in1, _in2);

=

FROM tab

SELECT coll + col2

AVX2 kernel, compiler auto-vectorised

MULTITARGET_FUNCTION_AVX2_SSE42 (
MULTITARGET_FUNCTION_HEADER(),
impl,
MULTITARGET_FUNCTION_BODY ((
const double * in1, const double * in2
double * out, size_t num_elements)

for (size_t i = @; i < num_elements; ++i)
*out[i] = *in1[i] + *in2[i];
1)

31




Wrap up

- Looked at LSM-style data organization, data pruning techniques, and parallel query execution.

- The rabbit hole goes muuuuch deeper:
+  powerful SQL dialect,
» regular, aggregation and window functions with rich functionality,
+ tools for performance introspection and physical database tuning,
* interoperability with other databases and data formats,
* user management and backup
e drivers

. much more ...

o ClickHouse is open source, development is in the open, contributions are welcome.
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