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Odkud p̌rǐsla motivace?

61th ISI World Statistics Congress

Marakéš (Maroko), 16. – 21. července 2017

ISI = International Statistical Institute

,,Statistical Science for a Better World“
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Maroko — co to je?
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M. Černý (Katedra ekonometrie, VŠE) Narrow Big Data. . . Robust 2018 5 / 22



Web konference
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Web konference

Motto (organizátor̊u) konference: Payment!
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Nejčastěǰśı téma

Nejčastěǰśı téma:

BIG Data.
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Nejčastěǰśı téma

Nejčastěǰśı téma:

BIG Data.

Nejčastěǰśı věta:

Big Data — Yes! That’s extremely important!
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Plenárńı p̌rednáška (T. Hastie)

Big Data: A ∈ Rn×p
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Big Data: A ∈ Rn×p

Narrown

p

Widen

p
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Narrow Big Data: Formalizujme to p̌resněji!

Data: A ∈ Rn×p
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p
apod.]
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Narrow Big Data: Formalizujme to p̌resněji!

Data: A ∈ Rn×p

Narrow: n � p [např. n ≈ plog p , n ≈ 2p , n ≈ 22
p
apod.]

Big: v paměti lze uložit řádově pO(1) č́ısel, ne v́ıce

Data se nevejdou do paměti. Jak se k nim přistupuje?

Zde předpokládáme, že jsou organizována jako stream.

M. Černý (Katedra ekonometrie, VŠE) Narrow Big Data. . . Robust 2018 11 / 22



Streamový model jako Turingův stroj

A a11, . . . , a1p

a21, . . . , a2p

a31, . . . , a3p

a41, . . . , a4p

.

.

.

an1, . . . , anp

END

pO(1)
buněk
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Dva p̌ŕıklady

Př́ıklad 1: (Karel Ha) Large Hadron Collider v CERNu

Př́ıklad 2: (ISI WSC) Let přes Atlantik ≈ 650T dat
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Co je pamět’ová buňka?

Nep̌ŕıjemná technikálie: je ťreba omezit velikost pamět’ové buňky
(k uložeńı jednoho č́ısla)
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L = maxij bitsize(aij)

Proč to?!

Pamět’ová buňka má být dost velká, abychom mohli uložit
např.

∑
i ,j aij [−→ výpočetńı model nemá být nepřirozeně omezuj́ıćı]
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L = maxij bitsize(aij)

Proč to?!

Pamět’ová buňka má být dost velká, abychom mohli uložit
např.

∑
i ,j aij [−→ výpočetńı model nemá být nepřirozeně omezuj́ıćı]

Ale: do buňky velikosti ≈ Lpn už bychom mohli uložit celý dataset
[−→ výpočetńı model nemá připouštět ,,nefér“ podvody]
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Otázka

Otázka: Co lze ve streamovém modelu spoč́ıtat přesně?
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Př́ıklad: 1
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∑
i ai . . .LZE

M. Černý (Katedra ekonometrie, VŠE) Narrow Big Data. . . Robust 2018 15 / 22



Otázka

Otázka: Co lze ve streamovém modelu spoč́ıtat přesně?
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M. Černý (Katedra ekonometrie, VŠE) Narrow Big Data. . . Robust 2018 15 / 22



Otázka

Otázka: Co lze ve streamovém modelu spoč́ıtat přesně?

Full
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Model
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Stream
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.

.

.

A

A

Př́ıklad: 1
n

∑
i ai . . .LZE

Př́ıklad: 1
n

∑
i a

`
i . . .LZE, je-li ` = O(1)

Př́ıklad: Empirické kvantily . . .NELZE
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Negativńı d̊ukazy

Konečná 0-1 posloupnost = string: y = 01100010 · · · 1
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Negativńı d̊ukazy

Konečná 0-1 posloupnost = string: y = 01100010 · · · 1

Kolmogorovská složitost:

K(y) = délka nejkratš́ıho programu, jenž y vytiskne

Př́ıklad:

string y = 01010101 · · ·01 délky 2m
K(y ) = O(logm)
Důkaz: for i := 1 to m; print(01); end.
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Negativńı d̊ukazy

Konečná 0-1 posloupnost = string: y = 01100010 · · · 1

Kolmogorovská složitost:

K(y) = délka nejkratš́ıho programu, jenž y vytiskne

Př́ıklad:

string y = 01010101 · · ·01 délky 2m
K(y ) = O(logm)
Důkaz: for i := 1 to m; print(01); end.

Věta: Pro každé m existuje string y délky m t.ž. K(y) > m.

Neformálně: y je ,,nestlačitelný“, ,,algoritmicky náhodný“ string
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Proč nelze spoč́ıtat medián

Sporem. Necht’ kdosi sestroj́ı stream-algo

M(a1, . . . , an) = median(a1, . . . , an).
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M. Černý (Katedra ekonometrie, VŠE) Narrow Big Data. . . Robust 2018 17 / 22
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M(a1, . . . , an) = median(a1, . . . , an).

Vezměme y = y1 y2 y3 . . . yn t.ž. K(y) > n

Vytvǒrme data

ai = y1 + y2 + · · ·+ yi , i = 1, . . . , n

a1 a2 a3 . . . . . . . . . an

M

0 . . . 0

M(a1, . . . , an, 0, 0, 0, . . . , 0) = a1

00 END
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Proč nelze spoč́ıtat medián

Sporem. Necht’ kdosi sestroj́ı stream-algo

M(a1, . . . , an) = median(a1, . . . , an).

Vezměme y = y1 y2 y3 . . . yn t.ž. K(y) > n

Vytvǒrme data

ai = y1 + y2 + · · ·+ yi , i = 1, . . . , n

a1 a2 a3 . . . . . . . . . an

M

n n 0 . . . 0

M(a1, . . . , an, 0, 0, 0, . . . , 0) = a1

M(a1, . . . , an, n, 0, 0, . . . , 0) = a2

M(a1, . . . , an, n, n, 0, . . . , 0) = a3

END

Právě jsme popsali algo prokazuj́ıćı K(y) 6 logO(1) n. Spor.
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Co negativńı výsledky ř́ıkaj́ı?

Je rozumné klást si otázku:

Které (běžné) statistické procedury lze stremovaně vyč́ıslit přesně?

Důkaz, že to nejde: alibi pro přibližné poč́ıtáńı (např. subsampling)

Jde-li to: data-reduction techniky nejsou poťreba
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Několik pozitivńıch pozorováńı

Regrese y = Xθ + ε
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Několik pozitivńıch pozorováńı
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Kvadratická forma v r . . .LZE, je-li dost ř́ıdká

0

0

pO(1)

rTQr

RSS, Durbin-Watson, F-testy, Chow . . .LZE
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Několik pozitivńıch pozorováńı

Regrese y = Xθ + ε

OLS: θ̂ = (XTX )−1XT y . . .LZE

Ale: vektor residúı r = y − X θ̂ má délku n → nevejde se do paměti

Kvadratická forma v r . . .LZE, je-li dost ř́ıdká

0

0

pO(1)

rTQr

RSS, Durbin-Watson, F-testy, Chow . . .LZE

Momenty r řádu O(1) . . .LZE

→ Jarque-Bera . . .LZE
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Občas je to p̌rekvapivé. . .

Dvoustupňové regrese

Základńı regrese: y = Xθ + ε → OLS-residua r
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Dva d̊uležité p̌ŕıklady

White̊uv test na heteroskedasticitu . . . LZE, je-li stupeň Taylorova
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Pomocná regrese: z(X , y , r) = W (X , y , r)ψ + δ → OLS-residua u

t-test, F -test, LM-test nad u

Dva d̊uležité p̌ŕıklady

White̊uv test na heteroskedasticitu . . . LZE, je-li stupeň Taylorova

polynomu v W (X , y , r) nanejvýš pO(1)

Breush-Godfreẙuv test na AR(s) v disturbanćıch: LZE, je-li s = pO(1)
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Závěr

Poznámky na závěr

Lze-li stremovaně poč́ıtat přesně, dělejme to (redukce dat vede ke
zbytečné ztrátě informace)

Chceme-li poč́ıtat nepřesně, nejprve si dokažme větu, že přesně to
nelze

Zaj́ımavé jsou např. changepoint statistiky typu

max
k

RSS1:n − RSS1:k − RSSk+1:n

RSS1:k + RSSk+1:n

Děkuji za diskuse

T. Cipra: rekursivńı procedury v autoregresńıch procesech

V. Holý: streamované poč́ıtáńı nad vysokofrekvenčńımi daty

J. Antoch: za Robust. . .

Daľśı otázky

Jaký je přirozený výpočetńı model pro Wide Big Data?
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Poděkováńı

Děkuji Vám za pozornost.

Přeji organizátor̊um ISI WSC 2019, aby se jim podǎrilo zorganizovat skvělou konferenci.
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