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[MPOIMHO3MPOBAHUE
BPEMEHHbIX PALOB
HA CLICKHOUSE






>550 000 000

people all over the world
use our apps



O 4yem norosopum

e YTO Takoe NPOrHo3bl BPEMEHHbIX PSO0B
e Kakne ectb cnocobbl npeackasaHus

e Kputepum oLeHKM Ka4yecTBa npenckasaHuin

e [Ipo byayuiee



A — nHxeHep, nobdawmn otey
N OTNTNYHBLIN NapeHb

Bce matepuanbl HOCAT 03HAaKOMUTENbHbIN
XapakTtep



[1lporHo3npoBaHmne

CO2 levels
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[1lporHo3npoBaHue

e [lpenckasaHue dygyuiero
e CoObITUN MNn doakToB

e 3Ha4YeHuUn nokazarteneu



“ The population is constant in size
and will remain so right up to the
end of mankind. ”’

L’Encyclopedie, 1756



“ Computers are multiplying at a rapid
rate. By the turn of the Century there
will be 220,000 in the U.S.’

Wall Street Journal, 1966



[MporHo3npoBaHne BpeMeHHbIX psaoB

e Kak bynoet Bectn ceba meTpuka B OyayLiem
o 3aKynka obopynoBaHus

o [MnaHnpoBaHne NOrnMcTUKN/3akynok



[MporHo3npoBaHne BpeMeHHbIX psaoB

e Kak bynoet Bectn ceba meTpuka B OyayLiem
o 3aKynka obopynoBaHus
o [1naHnpoBaHMe fOrMCcTUKKU/3aKkynokK

e OOHapyxeHMe aHOMarbHOro NoBeAEHUS

o One-step-ahead forecast



KayecTBeHHOE npeackasaHue

e CnoxHble Mogenm n TEXHOSOMK
e PeKypCcuBHble anropmTMsbl
e VlHOomBMayanbHble MOAENN ONA Ka)Xaoro paga

e Xopouwune peanusauun Ha Python n R



Ho noyemy ClickHouse?

e He Topmo3ut!

e [logxoauT ANst MUNNIMOHOB METPUK

e [lapannenbHast obpaboTka
e baryeBbIM aHanNM3 peaynesraTtoB NpeackasaHus

e Peanuni3oBaTtb HeagocTawLlwee MOXHO Bcergal



[logroTtoBKa
OAaHHbIX




OcobeHHOCTb paboTbl C JaHHbIMU

e MoryT oTCyTCTBOBAaTb 3HAYEHUA

o 3aMeHa HOJleM, CpeaHNM



OcobeHHOCTb paboTbl C JaHHbIMU

e MoryTt oTcyTcTBOBaThH 3HAYEHUSA
o 3aMeHa HOJleM, CpeaHNM
e 3Ha4yeHMss MOryT NOCTynaTb HEPErYSIAPHO

o BblpaBHMBaeM No BpeMeHM



OcobeHHOCTb paboTbl C JaHHbIMU

e MoryTt oTcyTcTBOBaThH 3HAYEHUSA
o 3aMeHa HOJleM, CpeaHNM

e 3Ha4yeHMss MOryT NOCTynaTb HEPErYSIAPHO
o BblpaBHMBaeM No BpeMeHM

e HeobxoaMMOCTb rnepecyeTa

o [lapTuuupyem no BbIPOBHEHHbLIM MHTEPBANam
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CREATE TABLE metrics
(
“dt" MATERIALIZED toDate(is),
‘ts” DateTime,
id” Ulnte4 CODEC(Delta, ZSTD),
‘value® Floatc4 CODEC(Goirilla, ZSTD)
)
ENGINE = MergeTree
PARTITION BY (dt, ts)
ORDER BY



“dt" MATERIALIZED toDate(is),
‘ts’ DateTime,

PARTITION BY (d, ts)



id” UInt64 CODEC(Delta, ZSTD),

ORDER BY id
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Naive

e “3aBTpa OyaeT Kak Byepa’
e F =0, (Forecast, Observed)
e [InAa oueHKM KadecTBa Apyrnx moaenemn

e VInn ecnu HUYero He NPOMCXOOUT :)
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WITH
toDateTime('2019-12-12 00:00:00') AS next time,
3600 AS frequency
SELECT
id,
value AS forecast
FROM metrics
WHERE is = (next time - frequency)



WITH
toDateTime('2019-12-12 00:00:00') AS



WITH

toDateTime('2019-12-12 00:00:00") AS
3600 AS freauency

SELECT LUMleHa
’ BbIPOBHEHHOIO
AS forecast e
FROM P

WHERE s = ( . )



Linear Regression

e Annpokcumaumna s3Ha4eHU BpeMeHHOro psaa
NPAMOUN NUHNEN
e Takxe ucrnonb3yetcs angd npeodbpasoBaHUA psAaoB



WITH
toFloat64(toDate Time('2019-12-12 04:00:00')) AS next time,
toFloat64(is) AS casted,
simpleLinearRegression(cast, value) AS k

SELECT

d,

next time * k.1 + k.2 AS forecast
FROM metrics
GROUP BY id



Moving Average

e [lpenckasaHue = cpegHee cpeaun npenbiaywmx
e F=(0_,+..+0_)/n
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WITH
toDateTime('2019-12-12 00:00:00') AS next time,
4 AS num_probes
SELECT
id,
avg(value)
FROM metrics
WHERE s BETWEEN

next_time - (num_probes + 1) * frequency AND next_time



Weighted Linear Moving Average

e [IpeackasaHue = B3BeLLEHHOE cpeaHee cpeau

npenblayLLmnx
e Yem OnmxKe K ToUKe npeackasaHus, TEM Bbillie BEC

WMA _n'pt+(n_1)'pt—1+"'+(n_i)'pt—i‘+‘"'+2'pt—n+1°pt_n_ B S:ln—z o
; n+(n—1)+---+(m—49)+---+2+1 S(n+1) & ¢




ts value weight

2019-12-12 00:00:00 100 1
2019-12-12 01:00:00 200 2
2019-12-12 02:00:00 300 3
2019-12-12 03:00:00 400 4
2
WMA = ------- X (4 x 400 + 3 x 300 + 2 x 200 + 1 x 100) = 500
4x(4-1)
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S
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WITH
4 AS num_probes,
(2 + num_probes) - ((next_time - ts) / frequency)
AS weight
SELECT
(2/ (num probes * (num_ probes - 1))) *
sum(value * weight)
FROM metrics
WHERE ts >= next time - frequency * (num_probes + 1)
AND next time
GROUP BY id



WITH
4 AS num_probes,

(2 + num_probes) - ((next_time - ts) / frequency)
AS weight

CooTBeTcTBME
ts => weight



SELECT
(2/(
sum(




SELECT
(2/(
sum(




Exponential Smoothing

e [eomeTpunyeckun ybbiBaroLlagd cymma npeablayLmnx
3HaYeHUn

{ C1 s =11
Sy =
t St1+a-(cg—s-1) :t>1

e [IpenckasaHune = “pa3mbIToe” 3Ha4YeHUe
npenbliaywen TOYKU



Exponential Smoothing

—— Apha 0.3
—— Alpha 0.05

=




yi = Ay; + (1 = Dy,

Yo = Ay + (1 = Ay, = Ay, + (1 = D)4y, + (1 = 4)y,)
= Ay, + (1 = Dy + (1 — 1)

¥3 = My; + (1 = Ay, + (1 = %y + (A = 1),

¥r=A0r + (1 = Dy + -+ L= Dy + 1 = DT,




WITH
0.3AS a,1-aASDb,
arraySort(groupArray((ts,value))) AS sorted, arrayMap(s -> s.2, sorted) AS values,
length(values) AS pos, values[1] AS initial, a * values[pos-1] AS last_point,

arrayMap(
(x, pos Int)->pos int>pos-27?0:a*pow(b, pos-pos int-1)*x,
values,
arrayEnumerate(values)

) AS smoo,

last _point + arraySum(smoo) + pow(b, pos - 1) * initial AS forecast_last point,
a * values[pos] + b * forecast_last point AS forecast

SELECT
id, forecast

FROM metric

GROUP BY id



WITH
0.3AS a,1-aASDh,



arraySort(groupArray((ts,value))) AS sorted, arrayMap(s -> s.2, sorted) AS values,

SELECT

id, forecast
FROM metric
GROUP BY id



length(values) AS pos, values[1] AS initial, a * values[pos-1] AS last_point,

Just aliases



yr = /1()’7‘ F(( 1. — /1))’7“_1 + - (1= A)T_l)ﬁ) + (L — A)Ty’(),

arrayMap(
(%, )-> > -27?70:2a " pow(b, - -1) * x,
arrayEnumerate( )

) AS smoo,



+ CL — By 4 v il— DTS5t (L — 3,

+ arraySum( ) + pow(b, -1)* AS forecast_last_point,



yr = /1()’7‘ F{( 1. — /1))’7“_1 + (1= A)T_l)ﬁ) + (L — A)Ty’(),

+larraySum( )i+ pow(b, -1)* AS forecast_last_point,



¥r = Ar + (1 = Dyp_y + |+ A = Dy ) + A = D' T,

+ arraySum( ) +pow(b, -1)* AS forecast_last_point,



WITH
0.3AS a,1-aASDb,
arraySort(groupArray((ts,value))) AS sorted, arrayMap(s -> s.2, sorted) AS values,
length(values) AS pos, values[1] AS initial, a * values[pos-1] AS last_point,

arrayMap(
(x, pos Int)->pos int>pos-27?0:a*pow(b, pos-pos int-1)*x,
values,
arrayEnumerate(values)

) AS smoo,

last _point + arraySum(smoo) + pow(b, pos - 1) * initial AS forecast_last point,
a * values[pos] + b * forecast_last point AS forecast

SELECT
id, forecast

FROM metric

GROUP BY id



Mbl Hay4YNJINCb NrOTOBUTb

e Naive

e Linear Regression

e Moving Average

e \Weighted Moving Average

e Exponential Smoothing



He Bownu B short-list

e Polynomial Regression

e ARIMA models

e GARCH

e HeWpoHHblE ceTH

e He 3Ha4UT, YTO BCE 3TO HEpeanm3yemMo

Ha ClickHouse!



Bbibop moaenu




[locnenoBaTeENbHOCTb

e 3adomkcupoBarnun Habop moaenewn

e [IporHanu Bce MeTpPUKN Yepes3 BCe MOAENU

e [lony4ynnun peanbHble 3HAa4YEHNA NOKa3aTeneu
e OuUeHMBaAeEM METPUKU KaxXaon Moaenu

nns nap (observed, forecast)



CREATE TABLE

(
"dt" MATERIALIZED toDate(ts),
‘ts” DateTime,
id” UInte4 CODEC(Delta, ZSTD),
“forecast Float64,
‘model” String

)

ENGINE = MergeTree

PARTITION BY (di, is)

ORDER BY ( , 1d)



SELECT

sum(v. - 1. )
FROM AS v
INNER JOIN AS f

ON (f.id = v.id) AND (f.ts = v.is)
WHERE 1. = 'LinearRegression’

GROUP BY id



SELECT
id,
sum(v.value - f.forecast)

MeTpuka Ka4yecTBa



FROM AS v
INNER JOIN AS f

ON (f.id = v.id) AND (f.is = v.is)
WHERE 1. = 'LinearRegression’



[Tpobnema
e [lna munnuoHa metpuk Hago 10 pas caenatb
SCAN n JOIN

e Distributed x Distributed = HM4ero xopoluero

e ClickHouse He TopMmO3uT,

ecnu “HopmMarbHO aenan — HopMmarnbHO oyaeTt”



CREATE TABLE
(
“dt" MATERIALIZED toDate(ts),
‘ts” DateTime,
id” UInte4 CODEC(Delta, ZSTD),
‘value' Float64,
‘forecast_1" Float64 DEFAULT O COMMENT 'LinearRegression(steps=6)’,
‘forecast 2" Float64 DEFAULT 0 COMMENT 'WMA(steps=6)',
‘forecast_3" Float64 DEFAULT O COMMENT 'Naive’,
‘mask’ UInt64
)
ENGINE = SummingMergeTree
PARTITION BY (di, ts)
ORDER BY



"id” UInt64 CODEC(Delta, ZSTD),
‘value® Float64,



‘forecast_1" Float64 DEFAULT O COMMENT 'LinearRegression(steps=6)’,
‘forecast 2" Float64 DEFAULT 0 COMMENT 'WMA(steps=6)',
‘forecast_3" Float64 DEFAULT O COMMENT 'Naive’,



‘mask’ UInt64
)
ENGINE = SummingMergeTree
PARTITION BY (di, ts)
ORDER BY



INSERT INTO values forecast (s, id, value, mask)
WITH

toDateTime('2019-12-12 00:00:00") AS forecast time
SELECT

forecast_time,

id,

value,

1 AS mask
FROM values
WHERE (s = forecast time



INSERT INTO values forecast (s, id, value, mask)
WITH

toDateTime('2019-12-12 00:00:00") AS forecast time
SELECT

forecast_time,

id,

value,

1 AS mask
FROM values
WHERE (s = forecast time



INSERT INTO values forecast (is, id, forecast 1, mask)
WITH

toDateTime('2019-12-12 00:00:00") AS forecast time
SELECT

forecast_time,

id,

forecast,

2 AS mask
FROM (

/* Mopsanpoc ana mogenu 1 */

)



INSERT INTO values forecast (is, id, forecast 2, mask)
WITH

toDateTime('2019-12-12 00:00:00") AS forecast time
SELECT

forecast_time,

id,

forecast,

4 AS mask
FROM (

/* Mopsanpoc ana mogenu 2 */

)



OPTIMIZE TABLE

PARTITION

('2019-12-12', '2019-12-12 00:00:00')
FINAL



Peannsauna Ha SummingMergeTree

e [IpocyeT MeTpuK ana Bcex moageneun 3a oguH
npoxopn (6e3 JOIN)

e Jlerko noHATL, OT Kakmx moaenen ectb forecast

e \Write amplification (do not write zero columns? :)

e OrpaHuyeHHoe Yncrno moaenen (63)

e MoXXHO ncnpaBuTb?



CREATE TABLE

(
“dt" MATERIALIZED toDate(ts),
‘ts” DateTime,
id” UInte4 CODEC(Delta, ZSTD),
‘value® Float64,
‘forecast_1" Float64 DEFAULT O COMMENT 'LinearRegression(steps=6)’,
‘forecast 2" Float64 DEFAULT 0 COMMENT 'WMA(steps=6)',
“‘forecast 3" Float64 DEFAULT 0 COMMENT 'Naive’,
‘models’ AggregateFunction( : ),
‘mask’ UInt64

)

ENGINE = SummingMergeTree

PARTITION BY (di, is)

ORDER BY



[Mpn INSERT - nma mopgenwu

‘models’ AggregateFunction(groupUnigArray, String),
‘mask’ UlInt64

I

Bceroa nuwem “1”



MeTpukn
KayecTBa
MOJereun




Tekywasa cutyaums

e [IporHanu Bce mogenu

e CoeaouHunu c pearnbHbIM 3HAYEHNEM

e Hapo Bbibpatb Hanbonee agekBaTHyO MoAENb
e BbIiOMpaem mogernb ¢ HAMMEHbLLUUM 3HAYEHUEM

OLLUNOKU



OwnodKmn

e Mean Absolute Error
MAE = LSV y, — 34
e Root Mean Squared Error

o Sive (yi—¥i)’
MSE = L N

e Mean Absolute Percentage Error

100% <~ | A; — F;
M =
n Z At

t=1




Ewe ownbkum

e Symmetric mean absolute percentage error
mn F _A
SMAPE _ 100% Z | t tI
n i (A + [Fi])/2

e \Weighted MAPE

E |Actual — Forecastl
WMAPE

E Actual




I* MAE */
sum(abs(value - forecast))

I* MSE */
sumlf(pow(value - forecast), 2), ts < next time - frequency )/ count()

I* MAPE */
100 / count() * sum( abs(value - forecast) / value )

I* SMAPE */
100 / count() * sum( abs(forecast - value) / ( abs(value) + abs(forecast) )/ 2 )

I* WMAPE */
sum( abs(actual - forecast) ) / sum(actual)



WITH

'LinearRegression(steps=6)',
'WMA(steps=6)',
'Naive'

] AS model names,

[

sum(abs( - )!
sum(abs( - ),
sum(abs( - )
] AS quality _metrics
SELECT
arraySort((x, y) -=>, , )[1] AS best model

FROM
GROUP BY



WITH

'LinearRegression(steps=6)’,
'WMA(steps=6)',
'‘Naive'
] AS model _names,
|
sum(abs(value - forecast 1)),
sum(abs(value - forecast_2)),
sum(abs(value - forecast 3))
] AS quality _metrics
SELECT
id,
arraySort((x, y) -> y, model names, quality _metrics)[1] AS best_model
FROM values forecast
GROUP BY id



WITH

'LinearRearession(steps=6)'",
'WMA(steps=6)',
‘Naive'
] AS model _names,
[
sum(abs(value - forecast_1)),
sum(abs(value - forecast 2)),
sum(abs(value -Torecast 3))
] AS quality _metrics
SELECT
id,
arraySort((x, y) -> y, model names, quality _metrics)[1] AS best_model
FROM values forecast
GROUP BY id



WITH

'LinearRegression(steps=6)',
"A/IMA (etene=R)'
R S MG A
'Naive'
] AS model_names,

sum(abs(value - forecast 1)),

sumlabhelalue - forecast 2))
sumabsivallle=lorecast )

sum(abs(value - forecast 3))
] AS quality _metrics
SELECT
id,
arraySort((x, y) -> y, model names, quality _metrics)[1] AS best_model
FROM values forecast
GROUP BY id



WITH

'LinearRegression(steps=6)’,
'WMA(steps=6)',
'‘Naive'
] AS model _names,
|
sum(abs(value - forecast 1)),
sum(abs(value - forecast 2)),
sum(abs(value - forecast 3))
] AS quality _metrics
SELECT
id
arraySort((x, y) -> y, model names, quality _metrics)[1] AS best_model
FROM values iforecast
GROUP BY id



BbiBOAbI

e YXe cerogHsa OOCTynHbI onepaunn ¢ timeseries



BbiBOAbI

e YXe cerogHsa OOCTynHbI onepaunn ¢ timeseries
e EcTb noTpebHOCTbL B HATMBHOWM peanui3aunm

o LOSS-¢pyHkunm (MAE, MASE, etc.)

o mogenen (Polynomial Regression, ARIMA)

o npeobpasoBaHun (Box-Cox, Kalman, Fourier)



BbiBOAbI

e YXe cerogHsa OOCTynHbI onepaunn ¢ timeseries
e EcTb noTpebHOCTbL B HATMBHOWM peanui3aunm

o LOSS-¢pyHkunm (MAE, MASE, etc.)

o mogenen (Polynomial Regression, ARIMA)

o npeobpasoBaHun (Box-Cox, Kalman, Fourier)

e Ho Bce 310 0bsA3aTenbLHO cry4ntcs!



CINACUBO!

(O bocgngg



