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.-"'- CONNECTED PAPERS « Share W Follow About Feedback Donate @
.“. CONNECTED PAPERS Applications of Frequent Pattern Mining « Share ¥ Follow About Feedback Donate -@
Applications of Frequent Pattern Mining ( Priorworks ( Derivative works HH
Q ot Bxpand. | . Mining Frequent Patterns without Candidate Generation: A
Origin peper Frequent-Pattern Tree Approach
Applications of Frequent Pattern Mining Jiawei Han ~ +2authors ~ Runying Mao
2006, Sixth IEEE International Conference on Data Mining - Workshops
C. Aggarwal 2014 (ICDMIW06)
Frequent Pattern Mining 2527 Citations, 48 References .o
C. Aggarwal, Jiawei Han 2014 O

Openiin: ‘i Vv @ A

Mining frequent patterns in transaction databases, time-series
databases, and many other kinds of databases has been studied
popularly in data mining research. Most of the previous studies
adopt an Apriori-like candidate set generation-and-test approach.
However, candidate set generation is still costly, especially when

An Introduction to Frequent Pattern Mining
C. Aggarwal 2014
How to read the graph X

Frequent pattern mining: current status and future directions
g P g Each node is an academic paper related to the

eeH T e SO A RTeeg e o origin paper there exist a large number of patterns and/or long patterns.In this
Frequent Pattern Mining Algorithms: A Survey « Papers are arranged according to their uguin:::- stu#y, We propose a novel frequent-pattern tree (EP—tree) structure,
T . 2014 similarity (this is not a citation tree) which |§ an extehded prefix-tree structure for storing compressed,
« Node Size is the number of citations crucial information about frequent patterns, and develop an
Mining and Using Sets of Patterns through Compression . N.od.e color is the publishing year o efficient FP-tree-based mining method, FP-growth, for mining the
) + Similar papers have strong connecting lines complete set of frequent patterns by pattern fragment growth.

ey il and cluster together Efficiency of mining is achieved with three techniques: (1) a large
bafta Mining - 6 ) L HiBHS database is compressed into a condensed, smaller data structure,

g Loaepeid e uRs FP-tree which avoids costly, repeated database scans, (2) our FP-
M. Ramaswamy 2006

= : L g
2) @ e ——— oy —2017 tree' based mining adopt.s a pattern-fragment growth method to
< " avoid the costly generation of a large number of candidate sets,

JEIESCFIE R R Informal and Other Publications


https://dblp.org/
https://www.connectedpapers.com/

FTEHARSM | CCFgEI| 2016 2017 2018 2019 2020 2021
A 0 0 0 0 1 1
A System
B 0 0 1 0 0 1
Data Storage A 1 0 0 1 2 2
LSM-Tree A 0 2 4. 9 10 14
A 3 0 2 2 3 0
Ind
ety INHCRS B 1 1 2 1 4 0

HeIRETSHITAMIBENE

FUBEEEFTIVIAR . Eanl R, [RFAFUEEIA. LSM+NVM, Al4DB and DB4AI
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6053k, EUERRARTURI, EHARRE, BUEEWIKEILE, REHX!

70s34iie
. > 80s&E \ 90s3th 00sKZHE
60-"‘5EE> : 2%?@% > o OLTP> o OLAP> e NoSQl >

=IRE
Heelt
yaXisE=¥
g PostgreSQL  MySQL J\EZ%Z_:
~ma] -
% |
& EREAUNE
AR 1 R Google Spanner GaussDB Oceanbase TID ?é\ﬁ%ﬁl)‘
T ZagLIE
NoSQL £0 Abkkf@
G IE A REMNE FEAE )
B5R3Z: Charles Bachman E|5R3Z: Edgar Codd BR3Z: Jim Gray

ElR3Z: Mick.Stonebraker ER3Z: Leslie Lamport
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| EMBEEEROAKEER ...

KV, Document, XML, Json

Graph
Time series
2PC-+Paxos / SMP, NUMA
DB+LLVM RAM, NVM
Big Data fr S RDMA
Blockchain RIS GPU, FPGA
Al Optimization Goal: SGX, TEE
Throughput, consistency, latency,
fault tolerance, availability,
elasticity, security, privacy, On premise
OLAP robustness Cloud
OLTP Serverless
HTAP End-Edge-Cloud
Stream
Security & Privacy Single-node

Primary-standby(AA, AP)
Multi-master
Distributed




EN:
Wikipedia: A time series database (TSDB) is a software system that is optimized for storing and

serving time series through associated pairs of time(s) and value(s).

B FrEiE e R IRT B FF IR Em LR — MR RS, RS2 HZ RS EHHEXTHR.

Timestamp Name | Temperature
1580950800 Jack 36.5
1580950800 Peter 36.9
1580950800 Harry 36.7
1580950800 Rose 36.3
1580950946 Peter 37.0
1580950957 Harry 36.6
1580951566 Peter 37.1
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- RIS ZOEINERNENRY, Z%aIXEX, RO-ENNFEIREERAKKER, HaREREvERE
- CRUDYH1%: Create & Retrieve & Update & Delete

SEERRma K TiE, WOEHREEE, FHLEMRERIE. HREiEErESSYI8EN.

metric name data point(DP)

(series_name,tags,timestamp,value) 1.B9F(Time Series): BIRRY—1MEE BIFAEEE A0 —NMREERY

7_ series keyéﬂ}ﬁ, BAaFE R <SK, <DP1,DP2,...DP3>>,
2. BB EIH)(Single-dimension query)

series key(SK)
e Rt = tag n 3.Z4EEEIA(Multi-dimension query)
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a dimension series key data point

series hame tags timestamp value

\ mem_usage local=nanjing,os=linux,id=1 1580540293000 0.3

o B mem usage | local=shanghai,os=win,id=2 || 1580540293010 0.4

mem_usage local=nanjing,0s=win,id=3 1580540293014 0.2

mem_usage local=shanghai,os=linux,id=4 1580540293017 0.1

Cpu_usage local=nanjing,os=linux,id=1 1580540293026 0.5

Cpu_usage local=nanjing,0s=win,id=3 1580540293032 0.6

Cpu_usage local=nanjing,os=linux,id=1 1580540293049 0.7

Cpu_usage local=shanghai,os=win,id=2 1580540293084 0.6




1. 79 A TR INEARRTF A #TEVEERE?
S SSEK

>ERKEEE

>EEHRE

2 AT AKBESIAR T ERERRIESUERE?

FRLE, HEERESENDRIZSEFZRTIIEERR.




>EhEEUERA: KEEHIEEIEEERITHEL.
HRREDITEELE
A RBE—FFRVEIEERSFFRIEB AN, REETENBREIEE.



4. BT LA FAERS iR R T 2 dEID, BN REEIERE?

SAALL, SURERERREFEEEN, NFEUERRHdE, BRI FEREERGFME. (B2, 5
FFEUEEENSELUEFHENN R, BERAE. (B FENFREUEnISSSEuEmER Ael)

What database engine are you using to store time series data?
(Source: Percona Survey, Feb 2017. Total voters: 1,103.)

Non time-series

Purpose-built for time-series

0% 15% 30% 45% 60%

Percentage of respondents

HIERIR: https://www.percona.com/blog/2017/02/10/percona-blog-poll-database-engine-using-store-time-series-data/
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2019
TD Engine 2020
1999 20%5 /:\ IBM Db2 Event Store
Gorilla - A
RRDTool 2011 N 2016 2016 | 2020 i
A OpenTSDB | BtrDB TSI . ByteSeries
: A A A A :
RRDtool S22 oeen ﬂ - 5% Awre | HEIOTEH . o —
logging & graphing : ; -IBTrDB u I : Ill ?ﬁﬂﬂﬁﬁﬂ &':;:‘T:
I I [ | | I | !
S oraphite E W Dotoninos :
\1, @E nr+escule aWS : C J:H]E_ a
| v ~ 2 0
2008 i v | viil e
Graphite y 2016 ': 2019 :
2013 o016  llmesStream i |indorm TSDB b
InfluxDB TimeScale 2018 Monarch

DolphinDB

i R T BB BRI R EUEET
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m

160
150
140
— Time Series DEMS
130 — Key-value stores
o — Document stores
g‘ — Graph DBMS
c 120 — Multivalue DBMS
Fry Spatial DEMS
B 110 — Object oriented DBMS
g — Search engines
- 100 — Wide column stores
— Relational DEMS
RDF stores
20 — Native XML DBMS
80
70
Oct 2019 Jan 2020 Apr 2020 Jul 2020 Oct 2020 Jan 2021 Apr 2021 Jul 2021 Oct 2021
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DB-Engines Ranking of Time Series DBMS InfluxDB
— Kdb+
Prometheus

Graphite
— TimescaleDB
10 — Apache Druid
RRDtool
— OpenT5DB
- Fauna
GridDB
DolphinDB
= Amazon Timestream
KairosDB
QuestDB
— eXtremeDB

<
=

core (logarithmic scale)

[
2

0.01

© October 2021, DB-Engines.com

2013 2014 2015 2016 2017 2018 2019 2020 2021 12W

0.001
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 HESEESSHEE I

A TEERRIFET NS > se ~)
A L RER N B R \ SEACAEAF A RR S

] include secondary database models 38 sygflems in ranking, October 2021 18. #20. LT_DEn_gine [+] : Time Series, i-model @ 0.36 +0.03
Rank Score 19. 19. ¢ 15. ! Alibaba Cloud TsDB! Time Sep 0.33 -0.01 -0.12
Ooct Sep oct DBMS Databage Model Oct Sep Oct 20. ¢ 18. $ 19. Axibase

| Ittt ———
Series 0.30 -0.06 -0.04
2021 2021 2020 2021 2021 2020
21, A22. #23. M3DB Time Series 0.24 0.00 -0.02

o
>
il
=
X

1. 1. InfluxDB 3 Time/beries, Multi-model g 28.52 -0.98 +4.37
, ) - 22, $21. $18. Riak TS Time Series 0.23 -0.03 -0.15
2. 2. 2. Kdb+ E3 e Series, Multi-model g 8.00 -0.13 +0.34
. , ) 23. 23. $22. Quasardb 3 Time Series 0.19 -0.04 -0.07
3. 3. 3.  Prometheus ime Series 6.64 +0.21 +1.31 24 9 rAT:J;%;TOTI'EB-i e Serie 0.18 +0.01
4, 4. 4. Graphite Time Series 5.50 +0.41 +1.14 ' : L ___.! : :
25. An26. A0 26. Warp 10 Time Series 0.16 +0.02 -0.02
5. 5. 4 6. TimescaleDB [} Time Series, Multi-model g 3.96 +0.24 +1.05 26. w25 & 25. Blueflood e Seri 011 005 -0.08
. . . Ime >eries . - -uU.
6. 6. #7. Apache Druid Multi-model @ 3.44 +0.17 +1.06 7 27. 431, Bangdb E3 Multi-model @ 0.09 -0.03 +0.07
7. 7. ¥5. RRDtool Time Series 2.28 -0.16 -0.91 o8 ArcadeDB Multi-model g 0.07
8. 8. 8. OpenTSDB Time Series 1.86 0.00 -0.43 29. & 28. & 14. Heroic Time Series 0.07 -0.02 -039
5. 9 9 Fauna Multi-model 1.57 -0.16 -0.22 30. ¥ 29. $20. Machbase 3 Time Series 0.05 -0.04 -0.25
10. 10 10. GridDB Time Series, Multi-model @ 1.30 -0.04 +0.46 31. @ 30. & 27. Hawkular Metrics Time Series 0.04 -0.03 -0.06
-, | : . ) : . : :
11. 11 412.} DolphinDB , Time Series 1.08 -0.01 +0.38 32. 32 $30. SiteWhere Time Series 0.03 0.00 +0.02
12, 12. 16, Amazon Timestream Time Series 0.88 +0.09 +0.45 33, 33. 32. NSDb Time Series 0.00 0.00 +0.00
13.  13. y11. KairosDB Time Series 0.75 -0.04 -0.02 34. 435 §32. Hyprcubd Time Series 0.00 +0.00 +0.00
14, 415 A4 21. QuestDB & Time Series, Multi-model @ 0.71 +0.10 +0.45 34, 34. y28. IRONdb Time Series 0.00 0.00 -0.10
15. $14. $ 13. eXtremeDB 3 Multi-mode! g 0.69 -0.03 +0.15 34, 435 $32. Newts Time Series 0.00 +0.00 +0.00
16. 16. A~ 24.  VictoriaMetrics 3 Time Series 0.54 -0.05 +0.30 34, J31. $29. SiriDB Time Series 0.00 -0.04 -0.09
17. 17. 17. IBM Db2 Event Store Multi-model g3 0.48 +0.04 +0.08 34, 435 ¥ 32. Yanza Time Series 0.00 +0.00 +0.00
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|TSM-Tree

HE&H M (Log Structured Merge Tree, LSM-Tree): fiRRAFNIMIEEGES A5

(ORI IERBRIERE B Tree/B+ Tree, XEMTRESTFIMFENSGH TR SR
KR, o

B X

U R

LSMZzORIERZERIBINFSRIRE 56, EEALSMDERITH (s ERIERIZ IREHIE
MEks), BEETLSMiZ4se (LSMEBITE/\aboizitre kS EESHY)

IS FREEEE =Rz Ot ANZ LSM-Tree



/ Memory \ / Disk\ LSM#XEHActive MemTable(AM). Immutable
WAL MemTable(IM). SSTable=/NEEZRHS B,
Active
{ Memtable } > Active MemTable(AM) : EENFEFHEIELEK, BT
T e RERAEMONIE, SRAEKey BRI
L (1 > Immutable MemTable(IM) : 24 MemTableiAZ|—EA/\
Immutable
{Memtable >oTable — 5, fFfLEImmutable MemTable, SiE{ERHH
ompaction
5 MemTablefhi®, FiEFIREPAHELUEEEE.
SSTable
Block cache » SSTable(Sorted String Table) : BFR#ENES, £LSM
\_ y N ) AR IRY

IS FREEEE =Rz Ot ANZ LSM-Tree



4 Memory ) // Disk \

WAL
it f Active
Write /L Memtable

full N LO
SSTable
flu |
1
L1 ; L1 )
Immutable > ' Compaction
SSTable ||| SSTable pact!
Memtable |
|
|
@ L [ B L2
SSTable SSTable SSTable

i Block cache / \ /

IS FREEEE =Rz Ot ANZ LSM-Tree



| LsmzigmniE

LSMI TR B S R, R A L R AT A R IR

Key, Value, Key, Value, Keys Value; | ... | ...

SSTable

AT AFSEEIEICHERES, BAINEEIEEEZ(UCHERISIEEIR. 97 INRSSTableRY2HEEEEY,
AT LAERkeyRIZR S IZRIAN i iEsa RN iRkeyFIE K,

[ ]
‘ g
Bloom Filter key query
Index i
|
Key, Of festy hashs //I/I \\\
Key, | Offest, hashy  padn. N
Keys Of fest; v ¥ v
____________ I T T T T T S— - o(0(0(0|1{0{0f(1|0|17]0(0(1(0
KeyR9ZE5 |3 FRMEL SRR AN ERTE Mg Ess

IS FREEEE =Rz Ot ANZ LSM-Tree



1) EERLK : B EUERTSCRMSEENAISIEE XN THIERIEHEE. AINELSMBhEE T EMemTableEE
BikeyEBEFE, AEEHLLMSSTabledrF X,

2) BK : EAHIENIREANNEIEEATEIERSUEE. HINELSMMFE NI BIgEft A Compact
BE, SECCRBENNEIEER K T1ZzkeydIEUEE.

3) AKX : BUESCIR G A ET B EIRIIRIEX/NEZ, ljj_JﬁEkeyEIJ?‘ EREF, NEFEEHUE
£ 2SSTabled, XN keyRTARIFHEN. € 5« 1 > OneDive- Y » ReadingPoer 5 15M v 0| 5 mmow

- P B Er o] =L ey Fn
O . . | 4K' B il == li AOS21_NVLSM: A Persistent Memo... ©@ 2021/11/24 10:33 Adobe Acrobat ... 1,318 KB
rigina | i i ;
. g 4 KIB 4 KIB LR [£) ATc 8_Redesigning LSMs for Nonv... O] 2021/11/17 16:37 Adobe Acrobat ... 959 KB
written from host 3 o -
| WEs [ ATC'21_Differentiated Key-Value Sto... @ 2021/11/25 11:58 Adobe Acrobat ... 856 KB
Frequent Pattern [£] EuroSys'21_ChameleonDB: a Key-val... © 2021/11/15 16:25 Adobe Acrobat ... 4,922 KB
LSM [£] FAST'16_WiscKey Separating Keys fr... (& 2021/11/30 12:37 Adobe Acrobat ... 2,292 KB
Paper Content [ FAST'19_SLM-DB Single-Level Key-V... 2021/11/16 10:27 Adobe Acrobat 1,538 KB
H ngle ey- 610: obe Acrobat ... .53
Wear leveling and ! | - .
H I FAST'21_REMIX Efficient Range Quer... (O] 2021/11/29 9:58 Adobe Acrobat .. 1,018 KB
garbage collection » @ OneDrive - AFAS ’
cause data to be 4 KIB - [£) Fast'21_SpanDB: A Fast, Cost-Effec (©] 2021/11/15 13:57 Adobe Acrobat . 1,025 KB
> I raf
rewritt en on t he SSD - Ié 0OSDI'20_From WiscKey to Bourbon ... (©] 2021/11/24 21:55 Adobe Acrobat .. 1,028 KB
1 1 | > R
é |£] ospi2o _Persistent State Machines f... & 2021/11/14 14:59 Adobe Acrobat .. 537 KB
~ Linux
4 KiB <:I 4 KiB 5 = Ubuntu |£] 0SDI21-Modernizing File System thr... © 2021/10/2 15:51 Adobe Acrobat ... 873 KB
I SIGMOD'21 Nova-LSM A Distributed ... & 2021/11/13 16:57 Adobe Acrobat ... 3,092 KB
R . Ié SIGMOD'21_Chuncky A Succinct Cuc... (©] 2021/11/13 16:57 Adobe Acrobat ... 2,755 KB
Solid state drive flash memory P AEE D 17 ATEE 262 W
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Timestamp Name  Temperature

IEQ;EEQE 1580950800 Jack 36.5

1580950800 Peter 36.9

SHRETERRAVZEEFERE, BHRifFiEil 1580950800 Harry 36.7

XM EFEL N e st o
R1 R2 R3

L ] | |
1580950800 | Jack 136.5 | 1580950800 Peter| 36.9 | 15809508001 Harry| 36.7| -
I I | | I I

(RE=VE

| i | T T
158095080011 580950800@1 580950800 ------ Jack IPeterIHarry! ------ 36.5 136.9 136.7 }----

| l | | I I | | |
I ' \ I I
\ | |
Encode Chunk BTt It Encode Chunk Encode Chunk

Bt R EIEE = Kz AN Z BB E 48 0o VFE (—)



| {53t vs. FIs

14720708 - IBZIERRAVSIRIERER iR —i

2 HTFE | SRR SRR —E
> Rizessdl
e.g., select Temperature from table where Temperature > 36.5

> &R RIS E4E

| i | T T
158095080011 580950800@1 580950800 ---- Jack iPeter!Harry! ------ 36.5 136.9 136.7 b+

\ ' \ } l
| f |
Encode Chunk BT Encode Chunk Encode Chunk
1580950800
1 0/0[0] -3] 0
ZEFME iz et

Bt R EIEE = Kz AN Z BB E 48 0o VFE (—)



E4 R iE%5)

o

Data stream

Compressed data

Header: oy - | . 11 4] -1
March 24, 2015 02:00:00 bz 12 1052 0 0 LRI 000
Bit length 64 14 9 1 1 2+5+6+1
b) C)
N-2 timestamp | 02:00:00 - Previous Value 12.0 0x4028000000000000
N-1 timestamp | 02:01:02 Delta: 62 Value 24.0 0x4038000000000000
timestamp 02:02:02 Delta: 60 XOR - 0x0010000000000000
— Delta of deltas:

-2 ( 11 leading zeros, # of meaningful bits is 1 )

Bt R EIEE = Kz AN Z BB E 48 0o VFE (—)



P IFERIN FEUREES— T RERA
FhEsE: B, &9, 2%, =

Put Get
\

Memstore « il / / \
Memory \\\ a'g::r/ ‘ \~|
Storage R\ * * Y
device HFile | | HFile HFile
WAL
B F LS > B {FERR?

Bt RREIEE = Ktz DA Z BB E 48 1o VFE (2)



PHhFEEEL SN TRBEESmEIZ a8 L, Blo A (sharding)yia@. 75 hi
73 R 73 ERNEIEM ST R AR E)RR,

> IBHEhH
> —HI58%
> SEEXID
v & "

PhRITER:

0/232
Key 1 Key 2
Node 4 g Node T
<
: g Key 3
i/(:ag b g
I ’I” KQB q’
| &
Node 3 >
Yoy o Node 2
Key 5

($0-$49.99)
PRODUCT PRICE
TRINKET $37
1
| | THINGAMAJIG $18
1

74

PRODUCT PRICE
WIDGET $118
GIzmMO $88
TRINKET $37
THINGAMAJIG $18
DOODAD $60
TCHOTCHKE $999
($50-$99.99)
PRODUCT PRICE
GIzZmMO $88
DOODAD $60

Bt RREIEE = Ktz DA Z BB E 48 1o VFE (2)

N

($100+)
PRODUCT PRICE
WIDGET $118
TCHOTCHKE $999




Node 1
\ “ \
ORBESH: 9EEEYF, (B&ERE / ] Key 3
Ry Ryl '
- . . i/ Key &
O—X58%: 9EEY, £ E Node 5w,
\. _—/ Node 2
Z (EnMiREs) |, (BLmE s 5
Zy — NS FH PIEINES S
> [EEERIRR S
> FREN SIS R |
Set k y o Sef k&
OSBENS: BT R, S5E v Gt k727
EFEHNsE
— e HmPREISER
Cache A Cache B

— B PR

Bt RREIEE = Ktz DA Z BB E 48 1o VFE (2)



[CIKM'16 ] PISA : An Index for Aggregating Big Time Series Data
FERRYAR . X _HZZERIREHITREEIR(SUM, MAX, MIN, AVG)
ERREERERZINGEA:

1HER [1,5, 37 8g2,5,7 ]
2 REIR( ISR, FEREEE) KSR NEERH
Summary Summary Summary
Information Information Information
1
Data Data Data 1 2
1 3 2 5
| 1(5(3|7[3]2]5]|7
e -
Block

RFRERE= % OARZRS| (—)



TIAFRISIREN SRS NRE G
2. BN AFEERLRK
3. AR FHHRK

1 : :

1 1 2

1 2 SRR 1 > | 2 |

1 3 2 5 .
1 3 2 R

115|373 ]2]|5]7 . .
115|373 |2]|5]7]92]

RFRERE= % OARZRS| (—)
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(RS : AMIEIEER S EEMAITTREHIAYRUREL? BlaNsdEEREBFZESELECT count(v) WHERE v
>= | AND v < r, EXEEERERR, ERALUASTERHR.

LRI Count-Min Sketche] LUTHEENITHERAER, IBAR(CIEE CENIATRATSRERINE
R, FHRX I EERTTREINNEE T 15?

¥ +C

hl L [ B +C

[T BT E M sketch#RILIME, SMEUEREMN, RESHEIK, FTLUXANZEARAT,

FRERE= K ORARZRS| (D)



BRRAVINEZERZ "DEEER" AERICount-Min Sketch,

XFF—PNEAERS = (x4, %2, ..., %}, SEARTTENEER, WXSRHITRS{0, 1,2....R-1}, {RiI®R=256,
BHRIHRS /127, 172)RITTE=LIREL
12730y = 01111111
17230 = 10101100,
{EFE8  sketch, & sketchFEIHAIE—MNEISRHBINANREL (256=2"8) , 8NbitA]LARRIX2561N 5.
BISRKE 18RS : 0. 1;
BISRIKEA28Y808%: 00, 01, 10, 11;
BIZREE H38YaI4%: 000, 001, 010, O11, 100, 101, 110, 111;
BRI A409804% . 0000, 0001, 0010, 0011, 0100, 0101, 0110, 0111, 1000, 1001, 1010,
1011, 1100, 1101, 1110, 1111;

FRERE= K ORARZRS| (D)




|T\/Iulti-Layer CMS

Multi-Layer CMSHazE, #EANFIEIR:

levelg

level,

level,

level.

level,

level,

level,

level,

O mmkensms , |

AISR 0 1HIATER
EIE 3 NP PN ETES

range

EIE 3 NP RN ETIES

EIE 3 NP L N ETIES

item |

EIE 3 NP NETIES ' | |

BB KR TR T

EIIE 3 NP N ETIES

FRERE= K ORARZRS| (D)




MFESRAIEUREDBRESIERT G A(Piecewise Aggregate Approximation, PAA)RIERTE L,
RIRIES D SR RIFS A RS HER.

3
21 A time series T PAA(7.4)
/ —y ——
1 /
0 .___,4—-' ‘--If ——
IRV ®
2
Sl | | J | ! ' | |
0 4 8 12 16 0 4 8 12 16

=l L

3

2

L

or . 10

AF 7 ‘\,\/ 11 \/‘\//
27

A _ ! !

FRERE= K OARZRE| (=)
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 HARBESRE

A{TRIARAE

® ARBFHIEERSR (x) | AREFEEKX. NEBR, alLAEEEXIINERFHLI,

¢ MRS HAFESHIEEEFEE (x ) | DVFELRERAR, FEEELIIBEMTET. EXW,
& LSM-Treeffift, (V) : EE—LEEIFEMISENM, W: NVM+LSM, Machine Learning + LSM;
¢ Z5| (V) : MAEZE FTHEEEE;

& IFEEEISHE (V) @ RIVLES. oREERE. FEall. mETUR5!;

]

B4

& SCfR b, RFEEIRE= AR (LSM-Tree. Data Storage and Compression . Index for Big
Time Series Data) fARFHSEFRATEIRE, (BRZAIRENIENEIEEHKBINEXAK, EES
PR T Eas (Al+loT) RE, ZEIXLES A0 s EIEaefian, XEHmEABRAHRNE,;

& SR LR EFHAR SR T R AIZESE,



hikH

NANJING UNIVERSITY




[1] Schlossnagle T, Sheehy J, McCubbin C. Always-on time-series database: keeping up where there's
no way to catch up[J]. Communications of the ACM, 2021, 64(7): 50-56.

[2] Karger D, Sherman A, Berkheimer A, et al. Web caching with consistent hashing[J]. Computer
Networks, 1999, 31(11-16): 1203-1213.

[3] Huang X, Wang J, Wong R, et al. Pisa: An index for aggregating big time series
data[C]//Proceedings of the 25th ACM International on Conference on Information and Knowledge
Management. 2016: 979-988.

[4] Karger D, Lehman E, Leighton T, et al. Consistent hashing and random trees: Distributed caching
protocols for relieving hot spots on the world wide web[C]//Proceedings of the twenty-ninth annual

ACM symposium on Theory of computing. 1997: 654-663.

[5] Wang C, Huang X, Qiao J, et al. Apache IoTDB: time-series database for internet of things[J].
Proceedings of the VLDB Endowment, 2020, 13(12): 2901-2904.



[6] Pelkonen T, Franklin S, Teller J, et al. Gorilla: A fast, scalable, in-memory time series database[J].
Proceedings of the VLDB Endowment, 2015, 8(12): 1816-1827.

[7]1 Yu X, Peng Y, Li F, et al. Two-level data compression using machine learning in time series
database[C]//2020 IEEE 36th International Conference on Data Engineering (ICDE). IEEE, 2020: 1333-
1344.

[8] McBride B, Reynolds D. Survey of time series database technology[J]. 2020.

[9] Deri L, Mainardi S, Fusco F. tsdb: A compressed database for time series[C]//International

Workshop on Traffic Monitoring and Analysis. Springer, Berlin, Heidelberg, 2012: 143-156.

[10] O° Nell P, Cheng E, Gawlick D, et al. The log-structured merge-tree (LSM-tree)[J]. Acta
Informatica, 1996, 33(4): 351-385.

[11] Chang F, Dean J, Ghemawat S, et al. Bigtable: A distributed storage system for structured data[J].
ACM Transactions on Computer Systems (TOCS), 2008, 26(2): 1-26.



[12] XUiELE. BIFF#UEREE Apache-loTDBIREREfEITZ SUFETVEN (=) [EB/OL]. https://blog.csdn.net/
a13965645/article/details/104239769, 2020-02-09.

[13] Ajay Kulkarni, Ryan Booz. What the heck is time-series data (and why do | need a time-series
database)? [EB/OL]. https://blog.timescale.com/blog/what-the-heck-is-time-series-data-and-why-
do-i-need-a-time-series-database-dcf3b1b18563, 2020-12-1.

[14] 2. [EEEE "#UERERE" © LT, ANa)J3HA[EB/OL]. https://zhuanlan.zhihu.com/p/
65295184#comments, 2019-05-10.

[15] LSM-Tree 5 LevelDB BY/RIEEFISLHN[EB/LO]. https://wingsxdu.com/post/database/leveldb/
#gsc.tab=0. 2020-11-05

[16] M InfluxDBZMatrixDB -- E83hE X AT FEERZE[EB/LO].https://zhuanlan.zhihu.com/p/406545402.
2020-09-03. g
we bnd

/—




