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À.Â. Æóêîâ, Ä.Í. Ñèäîðîâ

Ïðåäëîæåí ìåòîä êëàññèôèêàöèè íåñòàöèîíàðíûõ ïîòîêîâûõ äàííûõ. Ê òàêèì
äàííûì îòíîñÿòñÿ õàðàêòåðèñòèêè ïîâåäåíèÿ ñëîæíûõ ñèñòåì, ïðîöåññû, îáëàäàþùèå
âûñîêîé ñòåïåíüþ ñòîõàñòè÷íîñòè, òàêèå êàê ñêîðîñòü âåòðà. Â äàííîé ðàáîòå ïðåäëî-
æåíà ýôôåêòèâíàÿ ìîäèôèêàöèÿ àëãîðèòìà ñëó÷àéíîãî ëåñà, ïîçâîëÿþùàÿ ïîâûñèòü
òî÷íîñòü êëàññèôèêàöèè ñîñòîÿíèÿ ïóòåì âçâåøèâàíèÿ îòâåòîâ îòäåëüíûõ êëàññèôè-
êàòîðîâ êîìïîçèöèè. Îïèðàÿñü íà ìåòîä Accuracy Weighted Ensemble (AWE), âçâå-
øèâàíèå ïðîèçâîäèòñÿ â ñîîòâåòñòâèè ñ îöåíêîé îøèáêè êàæäîãî êëàññèôèêàòîðà íà
íîâûõ äàííûõ. Òàêàÿ îöåíêà ïðîèçâîäèòñÿ ñ èñïîëüçîâàíèåì ìåòîäà k áëèæàéøèõ ñî-
ñåäåé è âíóòðåííåé ñòðóêòóðû ñëó÷àéíîãî ëåñà. Â êà÷åñòâå ñòðàòåãèè îáíîâëåíèÿ êîì-
ïîçèöèè èñïîëüçóåòñÿ çàìåíà êëàññèôèêàòîðîâ ñ íèçêîé òî÷íîñòüþ íà íîâûõ äàííûõ.
Ïðèâîäÿòñÿ ðåçóëüòàòû òåñòèðîâàíèÿ ïðåäëîæåííîãî ìåòîäà è ñðàâíåíèå ñ äðóãèìè
ñîâðåìåííûìè ìåòîäàìè.

Êëþ÷åâûå ñëîâà: êëàññèôèêàöèÿ; ñìåùåíèå êîíöåïòà; ñëó÷àéíûé ëåñ; ðåøàþùèå

äåðåâüÿ; êîìïîçèöèè.

Ââåäåíèå

Àíàëèç ïîòîêîâûõ äàííûõ, õàðàêòåðèçóþùèõ ïîâåäåíèå íåñòàöèîíàðíûõ äèíàìè-
÷åñêèõ ñèñòåì, ÿâëÿåòñÿ âàæíîé çàäà÷åé, âîçíèêàþùåé â ðàçëè÷íûõ îáëàñòÿõ íàóêè
è ïðîèçâîäñòâà. Íàïðèìåð, îäíîé èç òàêèõ çàäà÷ ÿâëÿåòñÿ èäåíòèôèêàöèÿ ñîñòîÿíèÿ
ýíåðãîñèñòåìû, òàê êàê ïðè àíàëèçå ýëåêòðîýíåðãåòè÷åñêèõ ñåòåé áîëüøîå âëèÿíèå
íà ïîâåäåíèå ñèñòåìû îêàçûâàþò ðàçëè÷íûå ñîöèàëüíî-ýêîíîìè÷åñêèå ôàêòîðû, õà-
ðàêòåðèçóåìûå âûñîêèì óðîâíåì ñòîõàñòè÷íîñòè. Èäåíòèôèêàöèÿ ñîñòîÿíèÿ, êàê è
ìíîãèå äðóãèå çàäà÷è ýëåêòðîýíåðåòèêè (ñì. áèáëèîãðàôèþ â [1]), ñâîäèòñÿ ê çàäà÷å
êëàññèôèêàöèè ïîñòóïàþùèõ ïîòîêîâûõ äàííûõ.

Îäíèì èç íàèáîëåå ðàñïðîñòðàíåííûõ ïîäõîäîâ ê ðåøåíèþ çàäà÷è êëàññèôèêà-
öèè ÿâëÿåòñÿ èñïîëüçîâàíèå êîìïîçèöèîííûõ ìåòîäîâ. Êîìïîçèöèîííûå ìåòîäû (èëè
àíñàìáëè) êëàññèôèêàöèè ôîðìèðóþò íàáîð ðàçëè÷íûõ ìîäåëåé êëàññèôèêàöèè äëÿ
äîñòèæåíèÿ ëó÷øåé òî÷íîñòè, ÷åì ó êàæäîé ìîäåëè â îòäåëüíîñòè. Êîìïîçèöèè øè-
ðîêî èñïîëüçóþòñÿ â ñàìûõ ðàçëè÷íûõ èññëåäîâàíèÿõ. Îäíèì èç ñàìûõ ýôôåêòèâ-
íûõ êîìïîçèöèîííûõ àëãîðèòìîâ îáùåãî íàçíà÷åíèÿ ÿâëÿåòñÿ ìåòîä ïîñòðîåíèÿ ðå-
øàþùèõ äåðåâüåâ ≪ñëó÷àéíûé ëåñ≫, RandomForest [2]. Ýòîò àëãîðèòì èñïîëüçóåò
áýããèíã [3] è ìåòîä ñëó÷àéíûõ ïîäïðîñòðàíñòâ [4] äëÿ ñîçäàíèÿ êîìïîçèöèè âûñîêî
äåêîððåëèðîâàíûõ äåðåâüåâ ðåøåíèé, ÷òî ïîçâîëÿåò äîñòèãàòü äîñòàòî÷íî âûñîêîé
òî÷íîñòè è óñòîé÷èâîñòè ê øóìó â äàííûõ.

Âî ìíîãèõ ðàáîòàõ, ïîñâÿùåííûõ èññëåäîâàíèþ ìåòîäîâ êëàññèôèêàöèè ñ ïîìî-
ùüþ äåðåâüåâ ðåøåíèé è èõ êîìïîçèöèé, ðàññìàòðèâàåòñÿ ëèøü ñòàöèîíàðíûé ñëó-
÷àé. Ïðè ðàáîòå ñ íåñòàöèîíàðíûìè ïîòîêîâûìè äàííûìè ìû èìååì äåëî ñ èçìå-
íåíèåì ïðèðîäû äàííûõ âî âðåìåíè. Òàêîå èçìåíåíèå â äàííûõ íàçûâàþò ñìåíîé
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êîíöåïòà, òî åñòü èçìåíåíèåì âåðîÿòíîñòíûõ çàêîíîìåðíîñòåé äàííûõ. Ïî õàðàêòå-
ðó èçìåíåíèé ìîæíî ïðîâåñòè (ñì., íàïðèìåð, [5]) ñëåäóþùóþ êëàññèôèêàöèþ ñìå-
íû êîíöåïòà: ðåçêîå èçìåíåíèå (sudden drift), ïîñòåïåííîå èçìåíåíèå (gradual drift),
ïîñëåäîâàòåëüíîå èçìåíåíèå (incremental drift), ñëó÷àéíî ïîâòîðÿþùååñÿ (reoccuring
contexts). Â äàííîì èññëåäîâàíèè ìû áóäåì ãîâîðèòü òîëüêî î ïîñòåïåííîì è ïîñëå-
äîâàòåëüíîì èçìåíåíèè.

Ãîâîðÿ î ïîòîêå ìû èìååì â âèäó äàííûå, ïîñòóïàþùèå ïîñëåäîâàòåëüíî ïî îä-
íîìó ïðèìåðó èëè öåëûìè áëîêàìè ñ îäèíàêîâûìè, ëèáî ðàçëè÷íûìè âðåìåííûìè
èíòåðâàëàìè. Íóæíî òàêæå îòìåòèòü, ÷òî ðàáîòà ñ ïîòîêîâûìè äàííûìè íàêëàäûâà-
åò îãðàíè÷åíèÿ íà èñïîëüçóåìóþ ïàìÿòü, âðåìÿ ðàáîòû è íà êîëè÷åñòâî ïðîõîäîâ ïî
äàííûì ïðè îáó÷åíèè, ÷òî óñëîæíÿåò ïðîöåññ ñîçäàíèÿ íîâûõ ýôôåêòèâíûõ ðåøåíèé
â ýòîé îáëàñòè.

Ñóùåñòâóåò ìíîãî ðàçëè÷íûõ ïîäõîäîâ ê ðàáîòå ñî ñìåíîé êîíöåïòà, â òîì ÷èñëå,
ñ èñïîëüçîâàíèåì êîìïîçèöèîííîãî ïîäõîäà [6]. Îäíàêî, â äàííîé ðàáîòå ìû îãðàíè-
÷èìñÿ ðàññìîòðåíèåì êîìïîçèöèîííûõ ìåòîäîâ ðàáîòû ñ íåñòàöèîíàðíûìè ïîòîêî-
âûìè äàííûìè, îñíîâàííûìè íà ðåøàþùèõ äåðåâüÿõ. Äëÿ áîëåå äåòàëüíîãî ðàññìîò-
ðåíèÿ ÷èòàòåëü ìîæåò îáðàòèòüñÿ ê ìîíîãðàôèè [7] è îáçîðó [8].

Â ðàáîòå [9], ïîñâÿùåííîé êîìïîçèöèîííîìó ìåòîäó Accuracy Weighted Ensemble
(AWE), ïðåäñòàâëåí ïîäõîä, ïîçâîëÿþùèé ïîâûñèòü òî÷íîñòü êëàññèôèêàöèè ïîòî-
êîâûõ äàííûõ çà ñ÷åò âçâåøèâàíèÿ îòâåòîâ îòäåëüíûõ êëàññèôèêàòîðîâ êîìïîçèöèè.
Âåñ êàæäîãî ðàññ÷èòûâàåòñÿ ñ ïîìîùüþ îöåíêè îøèáêè íà âíîâü ïîñòóïèâøèõ äàí-
íûõ. ×åì áîëüøå îøèáêà, òåì ìåíüøèé âåñ ïðèñâàèâàåòñÿ àëãîðèòìó. Òàêàÿ îöåíêà
ôîðìèðóåòñÿ áëàãîäàðÿ èñïîëüçîâàíèþ áóôåðà ñ ðåòðîñïåêòèâíûìè äàííûìè.

Ñ ìîìåíòà èçîáðåòåíèÿ îðèãèíàëüíîãî Random Forest áûëî ïðåäëîæåíî íåñêîëü-
êî ñïîñîáîâ àäàïòàöèè ê íåñòàöèîíàðíûì ïîòîêîâûì äàííûì ðàçëè÷íîé ïðèðîäû.
Ìåòîä Incremental Extremely Random Forest [10] ñïåöèàëèçèðóåòñÿ íà ïîòîêàõ ñ ìà-
ëûì êîëè÷åñòâîì èçìåðåíèé. Â êà÷åñòâå áàçîâûõ êëàññèôèêàòîðîâ â òàêîì àíñàìáëå
âûñòóïàþò ïîëíîñòüþ ðàíäîìèçèðîâàííûå äåðåâüÿ (Extremely Randomized Trees) [11]
ñ êðèòåðèåì êà÷åñòâà ðàçáèåíèÿ, îñíîâàííîì íà èíäåêñå Äæèíè.

Online Random Forest [12] îïèðàåòñÿ íà èäåè îíëàéí áýããèíãà [13] è ïîëíîñòüþ ðàí-
äîìèçèðîâàííûõ äåðåâüåâ [11]. Òàêèì îáðàçîì, óäàåòñÿ ïîëó÷èòü äîñòàòî÷íî áûñòðûé
îíëàéí àëãîðèòì, ïîçâîëÿþùèé èñïîëüçîâàòü åãî äëÿ çàäà÷è îòñëåæèâàíèÿ îáúåêòîâ
â âèäåîïîòîêå.

Ìåòîä Streaming Random Forest [14] ïîëüçóåòñÿ îöåíêîé Õåôäèíãà ïðè ïîñòðîåíèè
ðåøàþùèõ äåðåâüåâ è îáðåçêîé âåòâåé êàê ñòðàòåãèåé çàáûâàíèÿ.

Èíîé ñîâðåìåííûé ìåòîä Mondrian Forests [15] ââîäèò òàê íàçûâàåìûå Ìîíäðè-
àíîâñêèå äåðåâüÿ, êîòîðûå âêëþ÷àþò çàâèñèìîñòü îò âðåìåíè â êàæäîå ðàçáèåíèå
(âåòâü äåðåâà).

1. Ïîñòàíîâêà çàäà÷è

Â çàäà÷å êëàññèôèêàöèè ìû èìååì X � ìíîæåñòâî îïèñàíèé îáúåêòîâ, Y � êî-
íå÷íîå ìíîæåñòâî íîìåðîâ ìåòîê êëàññîâ. Ñóùåñòâóåò íåèçâåñòíàÿ öåëåâàÿ çàâèñè-
ìîñòü � îòîáðàæåíèå y∗ : X → Y , çíà÷åíèÿ êîòîðîé èçâåñòíû òîëüêî íà îáúåêòàõ
êîíå÷íîé îáó÷àþùåé âûáîðêè Xm = {(x1, y1), . . . , (xm, ym)}. Òðåáóåòñÿ ïîñòðîèòü àë-
ãîðèòì a : X → Y , ñïîñîáíûé êëàññèôèöèðîâàòü ïðîèçâîëüíûé îáúåêò x ∈ X. Êàê
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êðèòåðèé êà÷åñòâà àëãîðèòìà ìîæåò áûòü èñïîëüçîâàíà òî÷íîñòü íà òðåíèðîâî÷íîé
âûáîðêå X l = {(x̌1, y̌1), . . . , (x̌l, y̌l)}, ðàâíàÿ

A(a,X l) =
1

l

l∑
i=1

[a(x̌i) = y̌i].

Â ñëó÷àå íåñòàöèîíàðíûõ ïîòîêîâûõ äàííûõ ìû òàêæå äîëæíû ó÷èòûâàòü íåîá-
õîäèìîñòü â àäàïòàöèè ìîäåëè.

Ðèñ. 1. Ñõåìà ðàáîòû ñ ïîòîêîâûìè äàííûìè ñî ñìåíîé êîíöåïòà

Â ðàìêàõ òàê íàçûâàåìîé òåîðèè ïîñëåäîâàòåëüíîãî îáó÷åíèÿ [10], êàê ïîêàçàíî
íà ðèñ. 1, ìû èìååì óïîðÿäî÷åííûé ïî âðåìåíè íàáîð èçìåðåíèé {X}t1, xt ∈ X �
èçìåðåíèå ïîëó÷åííîå â ìîìåíò âðåìåíè t èç èñòî÷íèêà St, yt ∈ Y � ìåòêà êëàññà
ñîîòâåòñòâóþùàÿ xt, X

H = {x1, . . . , xt} � èñòîðè÷åñêèå (ðåòðîñïåêòèâíûå) äàííûå,
xt+1 ∈ X � òåêóùåå èçìåðåíèå. Çàäà÷à ñîñòîèò â òîì, ÷òîáû ïðåäñêàçàòü ìåòêó êëàññà
yt+1 äëÿ xt+1, íàñòîÿùåå çíà÷åíèå êîòîðîé áóäåò ïîëó÷åíî íà ñëåäóþùåì øàãå. Â
êà÷åñòâå êðèòåðèÿ êà÷åñòâà áóäåì èñïîëüçîâàòü ñðåäíþþ òî÷íîñòü ïî âñåì òåñòîâûì
ïðèìåðàì èëè áëîêàì ïðèìåðîâ Ā. Êàê ïîêàçàíî â [16], ñìåíà êîíöåïòà ìîæåò áûòü
ïðåäñòàâëåíà â âèäå èçìåíåíèé â âåðîÿòíîñòÿõ êëàññîâ P (ci), p(x|ci) èëè p(x), ãäå

p(ci|x) =
P (ci)p(x|ci)

p(x)
. (1)

Òàêèì îáðàçîì, êîíöåïò (èëè èñòî÷íèê äàííûõ) ìîæåò áûòü îïðåäåëåí êàê íàáîð
àïðèîðíûõ âåðîÿòíîñòåé êëàññîâ è óñëîâíûõ ïëîòíîñòåé âåðîÿòíîñòè:

St = {(P (c1), p(x|c1)), . . . , (P (ck), p(x|ck))}.

Äëÿ ðàáîòû ñ íåñòàöèîíàðíûìè äàííûìè ìû äîëæíû ïîñòðîèòü ïðåäïîëîæåíèå î
St+1.

2. Ìåòîä PDSRF

Äëÿ ñîçäàíèÿ íîâîãî ìåòîäà êëàññèôèêàöèè, ñïîñîáíîãî ýôôåêòèâíî ðàáîòàòü â
óñëîâèÿõ ñìåíû êîíöåïòà, ìû äîëæíû îòâåòèòü íà ñëåäóþùèå âîïðîñû:
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1) êàê àäàïòèðîâàòü Random Forest äëÿ ðàáîòû ñ ïîòîêîâûìè äàííûìè,
2) êàê îïðåäåëèòü ñòðàòåãèþ îáíîâëåíèÿ (çàáûâàíèÿ) ìîäåëè è áàçîâîå ïðåäïî-

ëîæåíèå îòíîñèòåëüíî St+1.
Ìåòîäîëîãè÷åñêè êîìïîçèöèîííûé ïîäõîä ïîçâîëÿåò àäàïèòðîâàòüñÿ ê èçìåíåíè-

ÿì â äàííûõ ñëåäóþùèìè ñïîñîáàìè: àäàïòèðîâàòü áàçîâûé êëàññèôèêàòîð, ïðîèç-
âåñòè ìàíèïóëÿöèè ñ îáó÷àþùåé âûáîðêîé, àäàïòèðîâàòü àãðåãèðóþùóþ ôóíêöèþ
(êîððåêòèðóþùóþ îïåðàöèþ) èëè èçìåíèòü ñòðóêòóðó êîìïîçèöèè. Â ýòîé ðàáîòå
ìû èñïîëüçóåì êîìáèíàöèþ ïðåäñòàâëåííûõ ïîäõîäîâ. Â ïðîòèâîïîëîæíîñòü îðèãè-
íàëüíîìó Random Forest â êà÷åñòâå àãðåãèðóþùåé îïåðàöèè èñïîëüçóåòñÿ âçâåøåííîå
ãîëîñîâàíèå. Ïðè ýòîì ðåàëèçóåòñÿ ïîäõîä, ïîäîáíûé ïðåäëîæåííîìó â [9], òàê, êàæ-
äîìó áàçîâîìó àëãîðèòìó ñòàâèòñÿ â ñîîòâåòñòâèå âåñîâàÿ ôóíêöèÿ ωt(x) ∈ [0, 1],
êîòîðàÿ, òåì ìåíüøå, ÷åì áîëüøå ïðåäïîëàãàåìàÿ îøèáêà àëãîðèòìà Et(x) â òî÷êå x.
Ýòà ôóíêöèÿ äîëæíà áûòü ïðèáëèæåíà íà îñíîâå ðåòðîñïåêòèâíûõ äàííûõ. Ïðè ýòîì
ìû ïðåäïîëàãàåì, ÷òî õàðàêòåð èçìåíåíèÿ ωt(x) ïî âðåìåíè äîñòàòî÷íî ìåäëåííûé,
òî åñòü èñïîëüçóåì áàçîâîå ïðåäïîëîæåíèå St = St+1.

Äëÿ âû÷èñëåíèÿ âåñîâ àëãîðèòìîâ àíñàìáëÿ íåîáõîäèìî õðàíèòü íåêîòîðûé íà-
áîð èçìåðåíèé. Äëÿ ýòèõ öåëåé ìû èñïîëüçóåì ñêîëüçÿùåå îêíî ïîñòîÿííîé äëèíû ïî
âðåìåíè (êàê ïðåäëîæåíî â ïåðèîäè÷åñêè îáíîâëÿåìîì ñëó÷àéíîì ëåñå [17]). Äëèíà
îêíà îöåíèâàåòñÿ èç ýìïèðè÷åñêèõ ñîîáðàæåíèé è ìîæåò áûòü ïîëó÷åíà ñ ïîìîùüþ
ïåðåêðåñòíîé ïðîâåðêè. Òàê êàê ìû èìååì äåëî ñ ïîòîêîâûìè àëãîðèòìàìè, òî íà
ðàçìåð îêíà òàêæå äîëæíû áûòü íàëîæåíû îãðàíè÷åíèÿ ïî èñïîëüçóåìîé ïàìÿòè è
âðåìåíè ðàáîòû, êîòîðûå îïðåäåëÿþòñÿ óñëîâèÿìè êîíêðåòíîé çàäà÷è.

Â öåëÿõ ñîêðàùåíèÿ çàòðàò ïî ïàìÿòè è âðåìåíè âûïîëíåíèÿ, â êà÷åñòâå áàçîâûõ
àëãîðèòìîâ èñïîëüçóþòñÿ ïîëíîñòüþ ðàíäîìèçèðîâàííûå äåðåâüÿ. Ïðè ýòîì êàæäîå
èç äåðåâüåâ â îòäåëüíîñòè èñïîëüçóåòñÿ â ðåæèìå îôôëàéí, áåç êàêèõ-ëèáî ìîäèôè-
êàöèé.

Òàêèì îáðàçîì, â äàííîé ñòàòüå ïðåäëàãàåòñÿ îðèãèíàëüíûé ïîäõîä, íàçûâàå-
ìûé Proximity Driven Streaming Random Forest (PDSRF), ðåàëèçóùèé ïðèíöèïû êàê
àëãîðèòìà Random Forest, òàê è ìåòîäà AWE. Â êà÷åñòâå áàçîâûõ àëãîðèòìîâ êîìïî-
çèöèè èñïîëüçóåòñÿ Extremely Randomized Tree [11], ÷òî ïîçâîëÿåò óñêîðèòü ïðîöåññ
îáó÷åíèÿ çà ñ÷åò èñïîëüçîâàíèÿ òîëüêî îòäåëüíûõ äåðåâüåâ â ðåæèìå ≪îôô-ëàéí≫ è
îáíîâëåíèÿ êîìïîçèöèè ïðîñòîé çàìåíîé äåðåâüåâ ñ íèçêîé òî÷íîñòüþ. Ïðè ýòîì çà-
ìåíà ïðîèñõîäèò òîëüêî â òîì ñëó÷àå, åñëè ñðåäíÿÿ òî÷íîñòü âñåãî àíñàìáëÿ ìåíüøå
çàäàííîãî ïîðîãà, âûáèðàåìîãî èç ýìïèðè÷åñêèõ ñîîáðàæåíèé. Òàêæå îãðàíè÷èâàåò-
ñÿ êîëè÷åñòâî çàìåí ñ öåëüþ ëèìèòèðîâàòü âû÷èñëèòåëüíûå çàòðàòû è íå äîïóñòèòü
ïåðåîáó÷åíèÿ àíñàìáëÿ.

Îöåíêà îøèáêè êîíêðåòíîãî êëàññèôèêàòîðà íà íîâûõ ïðèìåðàõ âûïîëíÿåòñÿ èç
ñëåäóþùèõ ïðåäïîëîæåíèé:

1) êëàññèôèêàòîðû èìåþò áëèçêèå îøèáêè íà ≪ïîõîæèõ≫ ïðèìåðàõ,
2) ôóíêöèÿ îøèáêè äëÿ êîíêðåòíîãî êëàññèôèêàòîðà ìåäëåííî ìåíÿåòñÿ ñî âðå-

ìåíåì St = St+1.
Ýòî ïîçâîëÿåò ïðèáëèçèòü ôóíêöèþ îøèáêè ñ ïîìîùüþ âçâåøåííîãî ìåòîäà k

áëèæàéøèõ ñîñåäåé. Â êà÷åñòâå îáó÷àþùåé âûáîðêè èçâëåêàþòñÿ ïðèìåðû èç áóôå-
ðà, à â êà÷åñòâå çíà÷åíèé îòêëèêà � îøèáêè êëàññèôèêàòîðîâ íà ïðèìåðàõ áóôåðà.
Òàêèì îáðàçîì, äëÿ òîãî, ÷òîáû íàéòè âåñà äëÿ êëàññèôèêàöèè êîíêðåòíîãî ïðèìå-
ðà, ïåðâîíà÷àëüíî ïðîèñõîäèò ïîèñê ïîõîæèõ ïðèìåðîâ â áóôåðå, çàòåì óñðåäíåíèå
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è ïîëó÷åííîå çíà÷åíèå îïðåäåëÿåòñÿ ñëåäóþùèì îáðàçîì:

ωi =
1

E2
i (x) +∆

, (2)

ãäå Ei(x) � ïðåäïîëàãàåìàÿ îøèáêà i-ãî êëàññèôèêàòîðà àíñàìáëÿ íà ïðèìåðå x, à
∆ � ìàëûé ïîëîæèòåëüíûé ïàðàìåòð, êîòîðûé çàäàåò ìàêñèìàëüíûé âîçìîæíûé âåñ.

Ïðèáëèæåíèå áóäåì ñòðîèòü ñ ïîìîùüþ âçâåøåííîãî ìåòîäà k áëèæàéøèõ ñîñå-
äåé. Ïóòü ìû èìååì áóôåð ñêîëüçÿùåãî îêíà Bq = (x́1, ý1), . . . , (x́q, ýq) ñ ðàçìåðîì q.
Çàäàíà ôóíêöèÿ ðàññòîÿíèÿ ρ(x, x́). Äëÿ ïðèìåðà x ∈ X óïîðÿäî÷èì âñå ïðèìåðû áó-
ôåðà â ïîðÿäêå âîçðàñòàíèÿ ðàññòîÿíèÿ ρ(x, x́1;x) ≤ ρ(x, x́2;x) ≤ · · · ≤ ρ(x, x́q;x), òîãäà
èñêîìàÿ ôóíêöèÿ ìîæåò áûòü îöåíåíà êàê

Ẽt+1
m (x) =

∑k
i=1E

t
m(x́x,i)ρ(x, x́x,i)∑k
i=1 ρ(x, x́x,i)

, (3)

ãäå k � êîëè÷åñòâî áëèæàéøèõ ñîñåäåé, m � íîìåð àëãîðèòìà àíñàìáëÿ.
Ôóíêöèÿ ðàññòîÿíèÿ äëÿ ìåòîäà k áëèæàéøèõ ñîñåäåé ìîæåò áûòü îïðåäåëåíà

ðàçíûìè ñïîñîáàìè. Îäíàêî, ñ öåëüþ ñîêðàùåíèÿ âû÷èñëèòåëüíîé ñëîæíîñòè, öå-
ëåñîîáðàçíî èñïîëüçîâàòü âíóòðåííþþ ôóíêöèþ áëèçîñòè Random Forest Proximity.
Ýòà ôóíêöèÿ èñïîëüçóåò ñòðóêòóðó äåðåâüåâ äëÿ ïîëó÷åíèÿ çíà÷åíèÿ áëèçîñòè ñëå-
äóþùèì îáðàçîì: åñëè äâà ïðèìåðà ïîïàäàþò â îäíó è òó æå ÿ÷åéêó ïðîñòðàíñòâà
ïðèçíàêîâ, ñîîòâåòñòâóþùóþ òåðìèíàëüíîìó óçëó äåðåâà, òî çíà÷åíèå óâåëè÷èâàåòñÿ
íà åäèíèöó. Ïî çàâåðøåíèè ïðîöåññà èòîãîâàÿ ôóíêöèÿ îïðåäåëÿåòñÿ ïî êîëè÷åñòâó
äåðåâüåâ.

Ôîðìàëüíî, òàêàÿ ìåòðèêà ìîæåò áûòü îïðåäåëåíà ïî àíàëîãèè ñ KeRF [18]. Ïóñòü
äëÿ àíñàìáëÿ èç M äåðåâüåâ, ìû èìååì îáó÷àþùóþ âûáîðêó Dn = {(Xi, Yi)}ni=1 è
íàáîð íåçàâèñèìûõ ñëó÷àéíûõ âåëè÷èí Θ = {Θ1, · · · ,ΘM}, êîòîðûå íå çàâèñÿò îò
Dn è èñïîëüçóþòñÿ â ïðîöåäóðàõ ðàíäîìèçàöèè, äëÿ âûáîðà ñëó÷àéíîãî ðàçáèåíèÿ è
ïîñòðîåíèÿ ñëó÷àéíûõ ïîäâûáîðîê (ñîçäàíèå áóòñòðýïà). Òîãäà îïðåäåëèì An(x,Θj)
êàê ÿ÷åéêó ïðîñòðàíñòâà ïðèçíàêîâ, ñîîòâåòñòâóþùóþ òåðìèíàëüíîé âåòâè äåðåâà, â
êîòîðóþ ïîïàäàåò ïðèìåð x, åñëè äåðåâî ïîñòðîåíî ïðè èñïîëüçîâàíèè Θj ïî âûáîðêå
Dn. Â ýòèõ òåðìèíàõ ìåòðèêà áëèçîñòè ìîæåò áûòü âûðàæåíà êàê

Prox(x, u) =
1

M

M∑
j=1

[x ∈ An(u,Θj)]. (4)

Òàêèì îáðàçîì, ìû èìååì äâà ìåõàíèçìà àäàïòàöèè ê èçìåíåíèÿì â àíàëèçèðóåìûõ
äàííûõ: çàìåíà íåýôôåêòèâíûõ áàçîâûõ àëãîðèòìîâ è àäàïòèâíîå ïðàâèëî îáúåäè-
íåíèÿ îòâåòîâ àëãîðèòìîâ êîìïîçèöèè.

3. Òåñòèðîâàíèå

Äëÿ òåñòèðîâàíèÿ áûë âûáðàí íàáîð äàííûõ CoverType [19]. Ýòîò íàáîð äàííûõ
øèðîêî èñïîëüçóåòñÿ äëÿ òåñòèðîâàíèÿ ìåòîäîâ, ðàáîòàþùèõ â óñëîâèÿõ ñìåùåíèÿ
êîíöåïòà. Íàáîð ñîäåðæèò äàííûå î èçìåíåíèè ëåñíîãî ïîêðîâà è ñîñòîèò èç 581 012
ïðèìåðîâ è 54 àòðèáóòîâ.

Ðåàëèçàöèÿ ïðåäëîæåííîãî àëãîðèòìà îñóùåñòâëÿëàñü ñðåäñòâàìè ÿçûêà C++.
Ýôôåêòèâíîñòü ðàáîòû àëãîðèòìîâ îöåíèâàëàñü äëÿ êàæäîãî íîâîãî áëîêà â îòäåëü-
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íîñòè, çàòåì ïðîèñõîäèëî óñðåäíåíèå. Ïîñëå òåñòèðîâàíèÿ íîâûé áëîê ïîïàäàë â ðå-
òðîñïåêòèâíóþ âûáîðêó. Òàêèì îáðàçîì, êàæäûé íîâûé áëîê ñíà÷àëà èñïîëüçóåòñÿ
äëÿ òåñòèðîâàíèÿ, à çàòåì äëÿ äîîáó÷åíèÿ ìîäåëè [20].

Ïðåäëàãàåìûé àëãîðèòì ïðîòåñòèðîâàí ñ ðàçëè÷íûìè ðàçìåðàìè áëîêà, ñêîëüçÿ-
ùåãî îêíà, êîëè÷åñòâîì áëèæàéøèõ ñîñåäåé è ðàçìåðîì àíñàìáëÿ (òàáë. 1). ×òîáû
ñäåëàòü ðåçóëüòàòû áîëåå èíòåðïðåòèðóåìûìè íàðÿäó ñ ñðåäíåé òî÷íîñòüþ Ā ïðåä-
ëîæåííîãî àëãîðèòìà, ïðåäñòàâëåíà òî÷íîñòü àíñàìáëÿ áåç âçâåøèâàíèÿ Ā∗. Òàê ìû
ìîæåì íàãëÿäíî ïîêàçàòü âêëàä îïåðàöèè â èòîãîâóþ òî÷íîñòü ðàáîòû àëãîðèòìà. Â
òàáë. 2 ïîêàçàíî, ÷òî ïðåäëîæåííûé àëãîðèòì ïðåâîñõîäèò äðóãèå ïðåäñòàâëåííûå
àëãîðèòìû ïî òî÷íîñòè. Ðåçóëüòàòû äëÿ àëãîðèòìîâ HOT, AUE2, AUE1, Lev, DWM,
Oza, AWE, Win ïîëó÷åíû ñ èñïîëüçîâàíèåì íàñòðîåê îïèñàííûõ â ðàáîòå [21].

Òàáëèöà 1

Ñðåäíÿÿ òî÷íîñòü ïðåäëîæåííîãî àëãîðèòìà
ïðè ðàçëè÷íûõ ïàðàìåòðàõ,

ãäå k � êîëè÷åñòâî áëèæàéøèõ ñîñåäåé

ðàçìåð
áëîêà

ðàçìåð
îêíà

k Ā∗ Ā

300 1000 5 77,65 81,15
300 1000 10 77,69 81,05
300 1000 20 77,69 80,52
300 1500 5 77,67 81,11
300 1500 10 77,89 81,21
300 1500 20 77,8 80,83
500 500 5 82,76 86,38
500 500 10 82,73 86,16
500 500 20 82,68 86,02
500 1000 5 82,76 86,45
500 1000 10 82,87 86,27
500 1000 20 82,75 86,04
500 1500 5 82,75 86,49
500 1500 10 82,74 86,29
500 1500 20 82,7 85,96

Òàáëèöà 2

Ñðàâíåíèå ðåçóëüòàòîâ òåñòèðîâàíèÿ ðàçëè÷íûõ àëãîðèòìîâ íà íàáîðå äàííûõ

Ìåòîä PDSRF HOT AUE2
PDSRF
(áåç âçâå-
øèâàíèÿ)

AUE1 Lev DWM Oza AWE Win

Ā 87,42 86,48 85,20 82,79 81,24 81,04 80,84 80,40 79,34 77,19

Êàê ïîêàçàíî íà ðèñ. 2, ïðåäëîæåííîå âçâåøèâàíèå ïîçâîëÿåò çíà÷èòåëüíî ïîâû-
ñèòü òî÷íîñòü ðàáîòû. È õîòÿ òàêàÿ ìåðà ñîïðÿæåíà ñ äîïîëíèòåëüíûìè âû÷èñëåíèÿ-
ìè, èõ êîëè÷åñòâî óäàåòñÿ ñîêðàòèòü áëàãîäàðÿ èñïîëüçîâàíèþ âíóòðåííåé ôóíêöèè
áëèçîñòè. Ïðè ýòîì, òàêîå ïðèáëèæåíèå íå óñòóïàåò â òî÷íîñòè äðóãèì ôóíêöèÿì,
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òàêèì êàê ýâêëèäîâî ðàññòîÿíèå (ðèñ. 3). Íóæíî òàêæå çàìåòèòü, ÷òî ïðè äîñòàòî÷-
íî áîëüøèõ ðàçìåðàõ ñêîëüçÿùåãî îêíà îïòèìàëüíîå (â ñìûñëå ìàêñèìóìà òî÷íîñòè)
êîëè÷åñòâî áëèæàéøèõ ñîñåäåé ñòðåìèòñÿ ê åäèíèöå. Ñðàâíåíèå ðåçóëüòàòîâ ðàáîòû
àëãîðèòìà ñ ðàçëè÷íûì êîëè÷åñòâîì áëèæàéøèõ ñîñåäåé ïðèâåäåíî â òàáë. 3.

Ðèñ. 2. Òî÷íîñòü (accuracy) ðàáîòû ïðåäëîæåííîãî àëãîðèòìà ñ âçâåøèâàíèåì è áåç
íåãî íà ïåðâûõ 100 áëîêàõ íàáîðà äàííûõ CoverType

Ðèñ. 3. Ñðåäíÿÿ òî÷íîñòü ïðåäëîæåííîãî àëãîðèòìà äëÿ àíñàìáëÿ áåç âçâåøèâàíèÿ,
à òàêæå ñ èñïîëüçîâàíèåì âíóòðåííåé ôóíêöèè áëèçîñòè ñëó÷àéíîãî ëåñà è ýâêëèäî-
âîãî ðàññòîÿíèÿ äëÿ ðàçìåðà áëîêà ðàâíîãî 500 è ðàçìåðà îêíà 1500 ïðèìåðîâ

Çàêëþ÷åíèå

Â ñðàâíåíèè ñ ñîâðåìåííûìè àëãîðèòìàìè äëÿ ðàáîòû ñî ñìåíîé êîíöåïòà, òàêè-
ìè êàê Online Random Forest è AWE, ïðåäëîæåííûé ìåòîä òðåáóåò áîëüøèõ âû÷èñ-
ëèòåëüíûõ ðåñóðñîâ êàê íà ñòàäèè îáó÷åíèÿ, òàê è íà ñòàäèè ïðåäñêàçàíèÿ, îäíàêî,
îí îáëàäàåò íàèáîëüøåé òî÷íîñòüþ ñðåäè èçâåñòíûõ íàì ïîäõîäîâ. Ïðåäëàãàåìûé
ïîäõîä (êàê è êëàññè÷åñêèé Random Forest) îñòàåòñÿ õîðîøî ðàñïàðàëëåëèâàåìûì è
ìîæåò áûòü ýôôåêòèâíî ðåàëèçîâàí ñ èñïîëüçîâàíèåì òåõíîëîãèè GPGPU.
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Òàáëèöà 3

Ñðåäíÿÿ òî÷íîñòü àëãîðèòìà íà ïåðâûõ 100 áëîêàõ
ðàçìåð
áëîêà

ðàçìåð
îêíà

k êîëè÷åñòâî
äåðåâüåâ

Ā∗ Ā

500 1000 1 5 75,03 79,25
500 1000 1 7 74,37 79,42
500 1000 1 10 74,34 78,76
500 1000 1 13 74,22 79,56
500 1000 1 15 74,00 79,72
500 1000 1 17 74,18 80,09
500 1000 1 20 74,23 79,90
500 1000 2 5 74,96 78,77
500 1000 2 7 74,36 79,33
500 1000 2 10 74,14 79,51
500 1000 2 13 74,03 79,02
500 1000 2 15 74,02 79,51
500 1000 2 17 74,35 79,68
500 1000 2 20 74,09 79,85
500 1000 3 5 74,83 77,78
500 1000 3 7 74,66 79,59
500 1000 3 10 74,34 79,14
500 1000 3 13 74,35 79,17
500 1000 3 15 74,09 79,32
500 1000 3 17 74,09 79,68
500 1000 3 20 74,13 80,22
500 1000 5 5 74,59 78,70
500 1000 5 7 74,29 78,76
500 1000 5 10 74,26 78,66
500 1000 5 13 73,94 79,52
500 1000 5 15 74,37 80,16
500 1000 5 17 74,09 79,41
500 1000 5 20 74,01 80,16

Êàê ïîêàçàíî â òàáë. 3, âûñîêàÿ òî÷íîñòü ìîæåò áûòü äîñòèãíóòà ïðè äîñòàòî÷íî
ìàëîì êîëè÷åñòâå áàçîâûõ àëãîðèòìîâ àíñàìáëÿ.

Íóæíî çàìåòèòü, ÷òî ïðåäëîæåííûé ïîäõîä ìîæåò áûòü ýôôåêòèâíî èñïîëüçîâàí
äëÿ ðàáîòû ñ ïîñòåïåííûìè è ïîñëåäîâàòåëüíûìè èçìåíåíèÿìè êîíöåïòà. Àëãîðèòì
÷óâñòâèòåëåí ê èçìåíåíèþ âñåõ ïàðàìåòðîâ è, ñîîòâåòñòâåííî, êàæäûé ïàðàìåòð äîë-
æåí áûòü òùàòåëüíî íàñòðîåí.

Òàê êàê ïðåäëàãàåìûé â ðàáîòå ìåòîä íàñëåäóåò ìíîãèå ñâîéñòâà ñëó÷àéíîãî ëåñà,
òî îí òàêæå èìååò ïîòåíöèàëüíóþ âîçìîæíîñòü äëÿ ðàáîòû â ðåæèìå áåç ó÷èòåëÿ.
Ñòðóêòóðà ëåñà ìîæåò áûòü èñïîëüçîâàíà äëÿ çàïîëíåíèÿ ïðîïóñêîâ â äàííûõ, ÷òî
êðàéíå âàæíî äëÿ ðàáîòû ñ ïðèëîæåíèÿìè, â êîòîðûõ íåîáõîäèìî ïðåäóñìîòðåòü
âîçìîæíîñòü ïîòåðü äàííûõ.
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Ïëàíèðóåòñÿ ïðèìåíåíèå îïèñàííîãî â ýòîé ðàáîòå ìåòîäà äëÿ ðåøåíèÿ çàäà÷è
èäåíòèôèêàöèè ñîñòîÿíèé ýëåêòðîýîíåðãåòè÷åñêîé ñèñòåìû ñ öåëüþ åå ìîíèòîðèíãà.

Äàííàÿ ðàáîòà ïîääåðæàíà ãðàíòîì Ðîññèéñêîãî íàó÷íîãî ôîíäà 14-19-00054.

Ëèòåðàòóðà / References
1. Tomin N., Zhukov A., Sidorov D., Kurbatsky V., Panasetsky D., Spiryaev V. Random Forest

Based Model for Preventing Large-Scale Emergencies in Power Systems. International Journal
of Arti�cial Intelligence, 2015, vol. 13, no. 1, pp. 221�228.

2. Breiman L. Random Forests. Machine Learning, 2001, vol. 45, no. 1, pp. 5�32.
DOI: 10.1023/A:1010933404324

3. Breiman L. Bagging Predictors. Machine Learning. 1996, vol. 24, no. 2, pp. 123�140.
DOI: 10.1023/A:1018054314350.

4. Ho Tin Kam. The Random Subspace Method for Constructing Decision Forests. Pattern

Analysis and Machine Intelligence, IEEE Transactions, 1998, vol. 20, no. 8, pp. 832�844.
DOI: 10.1109/34.709601

5. �Zliobait
e Indr
e. Learning under Concept Drift: an Overview. arXiv preprint arXiv:1010.4784.
2010.

6. Haixun Wang, Wei Fan, Yu P.S., Han J. Mining Concept-Drifting Data Streams Using
Ensemble Classi�ers. Proceedings of SIGKDD, August 24�27, 2003, Washington, DC, 2003,
pp. 226�235.

7. Gama J. Knowledge Discovery from Data Streams. Singapore, CRC Press Publ., 2010.
DOI: 10.1201/EBK1439826119

8. Kuncheva L. Classi�er Ensembles for Changing Environment. Multiple Classi�er Systems,

2004 5th Intl. Workshop, Springer-Verlag, 2004, pp. 1�15. DOI: 10.1007/978-3-540-25966-
4_1

9. Haixun Wang, Wei Fan, Yu P.S., Han J. Mining Concept-Drifting Data Streams
Using Ensemble Classi�ers. Proceedings of the Ninth ACM SIGKDD International

Conference on Knowledge Discovery and Data Mining. ACM, 2003, pp. 226�235.
DOI: 10.1145/956750.956778

10. Aiping Wang, Guowei Wan, Zhiquan Cheng, Sikun Li. An Incremental Extremely Random
Forest Classi�er for Online Learning and Tracking. Image Processing (ICIP), 2009 16th IEEE
International Conference. IEEE, 2009, pp. 1449�1452.

11. Geurts P., Ernst D., Wehenkel L. Extremely Randomized Trees. Machine Learning, 2006,
vol. 63, no. 1, pp. 3�42. DOI: 10.1007/s10994-006-6226-1

12. Santner J., Sa�ari A., Leistneret C. et al. On-Line Random Forests. Computer Vision

Workshops (ICCV Workshops), 2009 IEEE 12th International Conference. IEEE, 2009,
pp. 1393�1400.

13. Oza N.C. Online Bagging and Boosting. Systems, Man and Cybernetics,

2005 IEEE International Conference. IEEE, vol. 3, 2005, pp. 2340�2345.
DOI: 10.1109/icsmc.2005.1571498

14. Abdulsalam H., Skillicorn D.B., Martin P. Classi�cation Using Streaming Random Forests.
Knowledge and Data Engineering, IEEE Transactions. 2011, vol. 23, no. 1, pp. 22�36.

15. Lakshminarayanan B., Roy D.M., Teh Yee Whye. Mondrian Forests: E�cient Online Random
Forests. Advances in Neural Information Processing Systems, 2014, pp. 3140�3148.

94 Bulletin of the South Ural State University. Ser. Mathematical Modelling, Programming
& Computer Software (Bulletin SUSU MMCS), 2016, vol. 9, no. 4, pp. 86�95



ÏÐÎÃÐÀÌÌÈÐÎÂÀÍÈÅ

16. Kelly M.G., Hand D.J., Adams N.M. The Impact of Changing Populations on Classi�er
Performance. Proceedings of the Fifth ACM SIGKDD International Conference on Knowledge

Discovery and Data Mining, ACM, 1999, pp. 367�371. DOI: 10.1145/312129.312285

17. Zhukov A., Kurbatsky V., Tomin N. et al. Random Forest Based Model for Emergency State
Monitoring in Power Systems.Mathematical Method for Pattern Recognition: Book of Abstract

of the 17th All-Russian Conference with Interneational Participation. Svetlogorsk, TORUS
PRESS, 2015, pp. 274.

18. Scornet E. Random Forests and Kernel Methods. IEEE Transactions on Information Theory,
2016, vol. 62, no. 3, pp. 1485�1500. DOI: 10.1109/TIT.2016.2514489

19. Blake C.L., Merz C.J. UCI Repository of Machine Learning Databases. 1998.

20. Brzezinski D.Mining Data Streams with Concept Drift. Diss. MS Thesis. Dept. of Computing

Science and Management. Poznan University of Technology, 2010.

21. Brzezinski D., Stefanowski J. Reacting to Di�erent Types of Concept Drift: The Accuracy
Updated Ensemble Algorithm. Neural Networks and Learning Systems, IEEE Transactions,
2014, vol. 25, no. 1, pp. 81�94.

Àëåêñåé Âèòàëüåâè÷ Æóêîâ, àñïèðàíò êàôåäðû ≪Èíôîðìàöèîííûå òåõíîëî-
ãèè≫, Èíñòèòóò ìàòåìàòèêè, ýêîíîìèêè è èíôîðìàòèêè, Èðêóòñêèé íàöèîíàëüíûé
èññëåäîâàòåëüñêèé òåõíè÷åñêèé óíèâåðñèòåò (ã. Èðêóòñê, Ðîññèéñêàÿ Ôåäåðàöèÿ),
zhukovalex13@gmail.com.

Äåíèñ Íèêîëàåâè÷ Ñèäîðîâ, äîêòîð ôèçèêî-ìàòåìàòè÷åñêèõ íàóê, âåäóùèé íà-
ó÷íûé ñîòðóäíèê, Èíñòèòóò ñèñòåì ýíåðãåòèêè èì. Ë.À. Ìåëåíòüåâà ÑÎ ÐÀÍ; ïðî-
ôåññîð, êàôåäðà ≪Èíôîðìàöèîííûå òåõíîëîãèè≫, Èíñòèòóò ìàòåìàòèêè, ýêîíîìèêè
è èíôîðìàòèêè Èðêóòñêîãî ãîñóäàðñòâåííîãî óíèâåðñèòåòà; Èðêóòñêèé íàöèîíàëü-
íûé èññëåäîâàòåëüñêèé òåõíè÷åñêèé óíèâåðñèòåò (ã. Èðêóòñê, Ðîññèéñêàÿ Ôåäåðà-
öèÿ), contact.dns@gmail.com.

Ïîñòóïèëà â ðåäàêöèþ 27 ìàÿ 2016 ã.

MSC 68T05 DOI: 10.14529/mmp160408

MODIFICATION OF RANDOM FOREST BASED APPROACH
FOR STREAMING DATA WITH CONCEPT DRIFT

A.V. Zhukov, Institute of Mathematisc, Economics and Computer Science, Irkutsk
State University, Irkutsk, Russian Federation, zhukovalex13@gmail.com,
D.N. Sidorov, Melentiev Energy Systems Institute, Siberian Branch of Russian
Academy of Sciences, Irkutsk State University, Irkutsk National Research Technical
University, Irkutsk, Russian Federation, dsidorov@isem.irk.ru

In this paper concept drift classi�cation method was presented. Concept drift methods
have potential in complex systems analysis and other processes which have stochastic
nature like wind power. We present decision tree ensemble classi�cation method based on
the Random Forest algorithm for concept drift. Inspired by Accuracy Weighted Ensemble
(AWE) method the weighted majority voting ensemble aggregation rule is employed. Base
learner weight in our case is computed for each sample evaluation using base learners
accuracy and intrinsic proximity measure of Random Forest. Our algorithm exploits
ensemble pruning as a forgetting strategy. We present results of empirical comparison of
our method and other state-of-the-art concept drift classi�ers.

Keywords: decision tree; concept drift; ensemble learning; classi�cation; random forest.
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