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Ïðèçíàêè

Íà ñàìîì äåëå:

Ìàøèííîå îáó÷åíèå ñ ó÷èòåëåì:
Äàíà âûáîðêà (xi , yi )

n
i=1
, xi ∈ X = Rp, yi ∈ Y

ïî âûáîðêå (oi , yi )
n
i=1
, oi ∈ O (ìíîæåñòâî îáúåêòîâ), yi ∈ Y

ñãåíåðèðîâàòü p ïðèçíàêîâ ñ ïîìîùüþ ôóíêöèé f1, . . . , fp

fj : O → R
xi = [f1(oi ), . . . , fp(oi )]

ïîñòðîèòü ôóíêöèþ f : X → Y
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Ïðîñòðàíñòâà ïðèçíàêîâ âûñîêîé ðàçìåðíîñòè

Ïðèìåð 1. Êëàññèôèêàöèÿ òåêñòîâ. Ïðåäñòàâëåíèå â âèäå
ìåøêà ñëîâ.
Ïðèçíàêè - N-ãðàììû.
Ïðèçíàêè - N-ãðàììû ñ ïðîïóñêàìè. (K-skip-N-grams)

Òåêñò: ABCDE
2-ãðàììû: AB, BC, CD, DE
1-ñêèï-2-ãðàììû: A?C, B?D, C?E

Ðàçìåðíîñòü áûñòðî ðàñòåò ñ ðîñòîì N

Ïðèìåð 2. Ïðåäñêàçàíèå âåðîÿòíîñòè êëèêà. Êîìáèíàöèè
êàòåãîðèàëüíûõ ïðèçíàêîâ.
UserID ∼ 106,AdID ∼ 106

UserID× AdID ∼ 1012
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Ãåíåðàöèÿ ïðèçíàêîâ

xi = [f1(oi ), . . . , fp(oi )]

Ìåòîäû ìàøèííîãî îáó÷åíèÿ ïðèíèìàþò íà âõîä âåêòîð
ïðèçíàêîâ x ∈ Rp

Ïîäõîä 1. Ïðîíóìåðîâàòü ïðèçíàêè, ïðîñòàâèòü fj(oi ) â
îáó÷åíèè è òåñòå.

1 Íóìåðàöèÿ ìîæåò èäòè äîëüøå, ÷åì îíëàéí îáó÷åíèå

2 Óâåëè÷åíèå ðàçìåðà äàòàñåòà

3 Ïîëó÷àåòñÿ ïðîñòðàíñòâî áîëüøîé ðàçìåðíîñòè

4 Íå îíëàéí

5 Íåîáõîäèìî èñïîëüçîâàòü ñëîâàðü <ïðèçíàê, èíäåêñ> ïðè
ïðîãíîçå
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Ãåíåðàöèÿ ïðèçíàêîâ

Õðàíèòü ïàðàìåòðû ìîäåëè â àññîöèàòèâíîì ìàññèâå
(õåø-òàáëèöà, äåðåâî): map<ïðèçíàê, âåñ>

xi = [f1(oi ), . . . , fp(oi )]

Ìåòîäû ìàøèííîãî îáó÷åíèÿ ïðèíèìàþò íà âõîä âåêòîð
ïðèçíàêîâ x ∈ Rp

Îáúåêò: o = ABCDE
Ìåòêà: y
Ïðèçíàêè: x = AB, BC, CD, DE
Øàã ñòîõàñòè÷åñêîãî ãðàäèåíòà:

1 for key in { AB, BC, CD, DE }:

2 w [key ] = w [key ]− η ∂L(fw (x),y)∂w [key ]



Ãåíåðàöèÿ ïðèçíàêîâ
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Ãåíåðàöèÿ ïðèçíàêîâ

Ïîäõîä 2. Ãåíåðèðîâàòü ïðèçíàêè ¾íà ëåòó¿, èñïîëüçîâàòü
àññîöèàòèâíûé ìàññèâ.

1 Íóìåðàöèÿ íå èñïîëüçóåòñÿ

2 Ðàçìåðà äàòàñåòà íå óâåëè÷èâàåòñÿ

3 Ïîëó÷àåòñÿ ïðîñòðàíñòâî áîëüøîé ðàçìåðíîñòè

4 Îíëàéí

5 Íåîáõîäèìî èñïîëüçîâàòü ñëîâàðü <ïðèçíàê, âåñ> ïðè
ïðîãíîçå



Õåø-òàáëèöà

Õåø-ôóíêöèÿ: ïðèçíàê (ñòðîêà) → {1, . . . 2b}
Îòîáðàæåíèå äîëæíî áûòü äîñòàòî÷íî ¾ðàâíîìåðíûì¿.

Õåø-òàáëèöà, v1 = Õåø-ôóíêöèÿ + òàáëèöà ðàçìåðà 2b, â
ÿ÷åéêàõ òàáëèöû õðàíèì ñïèñêè (êëþ÷, çíà÷åíèå), åñëè
êîëëèçèè ðàçðåøàþòñÿ ìåòîäîì öåïî÷åê
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Êàê ïî ïðèçíàêó íàéòè çíà÷åíèå âåñà

Õåø-òàáëèöà, v2 - ñ êîëëèçèÿìè.



Ñðàâíåíèå ìåòîäîâ õðàíåíèÿ âåñîâ
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Ñðàâíåíèå ìåòîäîâ õðàíåíèÿ âåñîâ
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×åì áîëüøå õðàíèì âåñîâ - òåì ëó÷øå!



Êîëëèçèè

Îñíîâíûì âîçðàæåíèåì ïðîòèâ õåøèðîâàíèÿ ÿâëÿþòñÿ
êîëëèçèè.

1 Àêòóàëüíî òîëüêî íà äàòàñåòàõ ñ íåáîëüøèì ÷èñëîì
ïðèçíàêîâ. Åñëè ïðèçíàêîâ ìíîãî, òî ñðåäè íèõ, êàê
ïðàâèëî, åñòü ñèëüíî êîððåëèðîâàííûå (èçáûòî÷íîñòü).
×àñòü èç íèõ èçáåæèò êîëëèçèé.

2 Íà ïðàêòèêå ìîæíî ïîäîáðàòü ÷èñëî áèò â õåø-òàáëèöå b,
òàê ÷òî ïðè åãî óâåëè÷åíèè êà÷åñòâî ïðåäñêàçàíèÿ íå
óëó÷øàåòñÿ. Çíà÷èò ïðè äàííîì çíà÷åíèè b êîëëèçèè íå
âðåäÿò.
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Õåø-ÿäðî

Ïóñòü o - èñõîäíûé îáúåêò îáó÷àþùåé âûáîðêè.

Îáîçíà÷èì φ(o) ∈ R2b - âåêòîð ïðèçíàêîâ ïîñëå õåøèðîâàíèÿ.

K (o,w) = (φ(o),w) − õåø-ÿäðî

Ðåøàþùåå ïðàâèëî
K (o,w) > a

â íîâîì ïðèçíàêîâîì ïðîñòðàíñòâå áóäåò ëèíåéíûì:

(φ(o),w) > a

Ïðåäñòàâëåíèå îáúåêòà o â ïðèçíàêîâîì ïðîñòðàíñòâå íå
íóæíî õðàíèòü ÿâíî, ìîæíî âû÷èñëÿòü ¾íà ëåòó¿.
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Hashing trick

Äàíî: x ∈ Rn (n - áîëüøîå),
õåø-ôóíêöèè h : N→ {1, . . . , 2b}, ξ : N→ {−1,+1}

φh,ξi (x) =
∑

j :h(j)=i

ξ(j)xj

(x, x′)φ
def
=

2b∑
i=1

φh,ξi (x)φh,ξi (x′)

Óòâåðæäåíèå 1. Õåø-ÿäðî íå ñìåùåíî:

E[(x, x′)φ] = (x, x′)

Óòâåðæäåíèå 2. Îöåíêà íà äèñïåðñèþ åñëè ‖x‖2 = ‖x′‖2 = 1:

D[(x, x′)φ] = O

(
1

2b

)
Ìîæíî èñïîëüçîâàòü êàê ñïîñîá ïîíèæåíèÿ ðàçìåðíîñòè äëÿ
ðàçðåæåííûõ x.



Ãåíåðàöèÿ ïðèçíàêîâ

Ïîäõîä 3. Ãåíåðèðîâàòü ïðèçíàêè ¾íà ëåòó¿, èñïîëüçîâàòü
õåø-òàáëèöó ñ êîëëèçèÿìè.

1 Íóìåðàöèÿ íå èñïîëüçóåòñÿ

2 Ðàçìåðà äàòàñåòà íå óâåëè÷èâàåòñÿ

3 Ðàçìåð ïðîñòðàíñòâà ïðèçíàêîâ ôèêñèðîâàí

4 Îíëàéí

5 Äëÿ ïðîãíîçà íóæåí òîëüêî âåêòîð ðàçìåðà 2b



Ïðèìåð: ïåðñîíàëèçîâàííàÿ ôèëüòðàöèÿ ñïàìà

1 3.2 ∗ 106 ðàçìå÷åííûõ ïèñåì.
2 433167 ïîëüçîâàòåëåé.

3 ∼ 40 ∗ 106 óíèêàëüíûõ ñëîâ.

Êàê îáó÷èòü ïåðñîíàëèçîâàííûé ñïàì-ôèëüòð, êîòîðûé áûë áû
ëó÷øå íåïåðñîíàëèçîâàííîãî?

Ïëîõîå ðåøåíèå: Îáó÷èòü îáùèé ôèëüòð (äëÿ âñåõ
ïîëüçîâàòåëåé) + 433167 ïåðñîíàëüíûõ ôèëüòðîâ,
èñïîëüçóþùèõ hashmap äëÿ õðàíåíèÿ âåñîâ ïðèçíàêîâ. Ýòî
ïîòðåáóåò 433167 ∗ 40 ∗ 106 ∗ 4 ∼ 70 Òåðàáàéò.
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Èñïîëüçóåì õåøèðîâàíèå

Èñïîëüçóåì õåøèðîâàíèå äëÿ ïðîãíîçà: 〈w , φ(x)〉+ 〈w , φu(x)〉
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226 ïàðàìåòðîâ = 64M âåñîâ = 256MB RAM.
Â x270K áîëåå ýôôåêòèâíîå èñïîëüçîâàíèå RAM.
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