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Àííîòàöèÿ

Àíàëèç ýìîöèîíàëüíîé îêðàñêè òåêñòà � ýòî ñîâðåìåííûé ïîäõîä îöåíêè

ìíåíèÿ àâòîðà ïî îòíîøåíèþ ê îáúåêòàì, êîòîðûå îïèñûâàþòñÿ â òåêñòå. Â

äàííîé ðàáîòå ðàññìàòðèâàþòñÿ ðàçëè÷íûå ìåòîäû îïðåäåëåíèÿ òîíàëüíîñòè

òåñòà, ïðåäëîæåííûå â ëèòåðàòóðå, ïðîèçâîäèòñÿ èõ àíàëèç è ñðàâíåíèå. Ñðàâ-

íåíèå ïðîèçâîäèòñÿ íà íåñêîëüêèõ ñîâðåìåííûõ íàáîðàõ äàííûõ. Êðîìå òîãî,

ïðåäëàãàåòñÿ ìîäèôèêàöèÿ îäíîãî èç ìåòîäîâ, êîòîðàÿ óëó÷øàåò êà÷åñòâî åãî

ðàáîòû. Òàêæå, â íàñòîÿùåé ðàáîòå ðàññìàòðèâàþòñÿ êîìïîçèöèè íåñêîëüêèõ

àëãîðèòìîâ ìàøèííîãî îáó÷åíèÿ, ÷òî ïîçâîëÿåò äîáèòüñÿ íàèáîëåå âûñîêîãî

êà÷åñòâà ñðåäè âñåõ ðàññìîòðåííûõ ïîäõîäîâ.
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1 Ââåäåíèå

Àíàëèç ýìîöèîíàëüíîé îêðàñêè òåêñòà � ýòî ñîâðåìåííûé ïîäõîä îöåíêè ìíå-

íèÿ àâòîðà ïî îòíîøåíèþ ê îáúåêòàì, êîòîðûå îïèñûâàþòñÿ â òåêñòå. Äàííàÿ çà-

äà÷à ñòàíîâèòñÿ âñ¼ áîëåå àêòóàëüíîé â ïîñëåäíèå ãîäû â ñâÿçè ñ âîçðàñòàþùèì

÷èñëîì ïîëüçîâàòåëåé ðàçëè÷íûõ èíòåðíåò-óñëóã. Ê òàêîãî ðîäà óñëóãàì îòíîñÿò-

ñÿ ìàãàçèíû, ñåðâèñû äëÿ ïðîñìîòðà êèíîôèëüìîâ, ïðîñëóøèâàíèÿ àóäèîçàïèñåé,

÷òåíèÿ ýëåêòðîííûõ êíèã. Ïîñêîëüêó îáú¼ì ïðåäîñòàâëÿåìîé èíôîðìàöèè îãðîìåí,

äëÿ óñïåøíîãî ôóíêöèîíèðîâàíèÿ òàêèõ ñåðâèñîâ òðåáóþòñÿ êà÷åñòâåííûå ðåêîìåí-

äàòåëüíûå ñèñòåìû.

Çàäà÷à âûäà÷è ðåëåâàíòíûõ ðåêîìåíäàöèé ðåøàåòñÿ ðàçëè÷íûìè ìåòîäàìè ìà-

øèííîãî îáó÷åíèÿ, îäíèì èç êîòîðûõ è ÿâëÿåòñÿ àíàëèç òîíàëüíîñòåé òåêñòîâ, êîòî-

ðûé ïîçâîëÿåò îïðåäåëÿòü îòíîøåíèå àâòîðà òåêñòà ê îïèñûâàåìîìó â òåêñòå ïðåä-

ìåòó. Àíàëèç òîíàëüíîñòè, ïðèìåí¼ííûé ê îòçûâàì ïîëüçîâàòåëåé íà ðàçëè÷íûé

êîíòåíò, ïîçâîëÿåò âûÿâëÿòü îòíîøåíèÿ ê ýòîìó êîíòåíòó ñî ñòîðîíû ðàçíûõ ãðóïï

ïîëüçîâàòåëåé. Ýòî ïîçâîëÿåò ïðåäîñòàâëÿòü èì â áóäóùåì áîëåå ðåëåâàíòíûå êèíî-

ôèëüìû, àóäèîçàïèñè, êíèãè è ò.ï.

Â äàííîé ðàáîòå ðàññìàòðèâàåòñÿ ÷àñòíûé ñëó÷àé çàäà÷è àíàëèçà òîíàëüíîñòè,

à èìåííî áèíàðíûé. Òðåáóåòñÿ îïðåäåëèòü, ÿâëÿåòñÿ ëè îòíîøåíèå àâòîðà ê îïèñû-

âàåìîìó êîíòåíòó ïîçèòèâíûì èëè íåãàòèâíûì. Ò.å. ñòàâèòñÿ çàäà÷à äâóõêëàññîâîé

êëàññèôèêàöèè. Â êà÷åñòâå èñõîäíûõ äàííûõ èñïîëüçóþòñÿ îòçûâû íà êèíîôèëüìû,

êíèãè è ýëåêòðîíèêó.

Äâóìÿ îñíîâíûìè ïîäõîäàìè â äàííîé îáëàñòè ÿâëÿþòñÿ ò.í. ñòðóêòóðíûå è

ñòàòèñòè÷åñêèå ìåòîäû. Â ïåðâîé ãðóïïå ìåòîäîâ èñïîëüçóåòñÿ ñòðóêòóðà àíàëè-

çèðóåìîãî òåêñòà, âòîðûå æå íå îïåðèðóþò èíôîðìàöèåé î ñòðóêòóðå òåêñòà, à èñ-

ïîëüçóþò, íàïðèìåð, ÷àñòîòû âñòðå÷àåìîñòè ñëîâ èëè ñëîâîñî÷åòàíèé.

Â íàñòîÿùåé ðàáîòå ðàññìàòðèâàþòñÿ ðàçëè÷íûå ïðåäëîæåííûå â ëèòåðàòóðå ìå-

òîäû, ïðîèçâîäèòñÿ èõ àíàëèç è ñðàâíåíèå. Êðîìå òîãî, ïðåäëàãàåòñÿ ìîäèôèêàöèÿ

îäíîãî èç ìåòîäîâ, êîòîðàÿ óëó÷øàåò êà÷åñòâî åãî ðàáîòû. Òàêæå, â íàñòîÿùåé ðà-

áîòå ðàññìàòðèâàþòñÿ êîìïîçèöèè íåñêîëüêèõ àëãîðèòìîâ ìàøèííîãî îáó÷åíèÿ, ÷òî

ïîçâîëÿåò äîáèòüñÿ íàèáîëåå âûñîêîãî êà÷åñòâà.
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Äàííàÿ ðàáîòà èìååò ñëåäóþùóþ ñòðóêòóðó.

Â ðàçäåëå 1 ïðèâîäèòñÿ ñîäåðæàòåëüíàÿ ïîñòàíîâêà çàäà÷è è ââîäÿòñÿ îñíîâíûå

îáîçíà÷åíèÿ.

Â ðàçäåëå 2 ïðîâîäèòñÿ îáçîð ñîâðåìåííûõ ìåòîäîâ àíàëèçà òîíàëüíîñòè òåêñòà.

Â ðàçäåëå 3 îïèñûâàþòñÿ äàííûå, íà êîòîðûõ â äàëüíåéøåì áóäóò ïðîâîäèòñÿ

ýêñïåðèìåíòû.

Ðàçäåë 4 âêëþ÷àåò â ñåáÿ îïèñàíèå ïðîâåäåííûõ ýêñïåðèìåíòîâ è èõ ðåçóëüòàòû.

Òàêæå, â ýòîì ðàçäåëå îïèñàíî ñðàâíåíèå ðàçëè÷íûõ ïîäõîäîâ ê àíàëèçó òîíàëüíîñòè

òåêñòà.

1.1 Îïðåäåëåíèÿ è îáîçíà÷åíèÿ

Çàäàíà êîëëåêöèÿ òåêñòîâûõ äîêóìåíòîâD, ìíîæåñòâî óïîòðåáëÿåìûõ â íèõ ñëîâ

W . Êàæäûé äîêóìåíò d èç êîëëåêöèèD ïðåäñòàâëÿåò ñîáîé ïîñëåäîâàòåëüíîñòü ñëîâ

Wd = (w1, . . . , wnd
) èç ñëîâàðÿ W , ãäå nd � äëèíà äîêóìåíòà d. Êàæäîìó äîêóìåíòó

ìîæíî ïîñòàâèòü â ñîîòâåòñòâèå åãî òîíàëüíîñòü t ∈ T = {0, 1} (0 � íåãàòèâíûé

êëàññ, 1 � ïîçèòèâíûé).

Ñóùåñòâóåò íåèçâåñòíàÿ öåëåâàÿ çàâèñèìîñòü � îòîáðàæåíèå y∗ : D → T ,

çíà÷åíèÿ êîòîðîé èçâåñòíû òîëüêî íà îáúåêòàõ êîíå÷íîé îáó÷àþùåé âûáîðêè

Dm = {(d1, t1), . . . , (dm, tm)}. Òðåáóåòñÿ ïîñòðîèòü àëãîðèòì a : D → T , êîòîðûé

ïðèáëèæàë áû íåèçâåñòíóþ öåëåâóþ çàâèñèìîñòü êàê íà ýëåìåíòàõ âûáîðêè, òàê è

íà âñ¼ì ìíîæåñòâå D. Äëÿ îöåíêè êà÷åñòâà ðàáîòû àëãîðèòìà áóäåì èñïîëüçîâàòü

èíäèêàòîðíóþ ôóíêöèþ ïîòåðü, ÷àñòî èñïîëüçóåìóþ â çàäà÷àõ êëàññèôèêàöèè:

L(t, t′) = [t′ 6= t]

Ýìïèðè÷åñêèé ðèñê � ýòî ôóíêöèîíàë êà÷åñòâà, õàðàêòåðèçóþùèé ñðåäíþþ

îøèáêó àëãîðèòìà a íà âûáîðêå Xm:

Q(a,Xm) = 1
m

m∑
i=1

L(a(xi), y
∗(xi)).
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2 Èñïîëüçóåìûå ìåòîäû

Â ïîñëåäíèå ãîäû ÷èñëî ïóáëèêàöèé, îñâåùàþùèõ ïðîáëåìó àíàëèçà òîíàëüíîñòè

òåêñòà, ñóùåñòâåííî âîçðîñëî. Ðàññìîòðèì íåêîòîðûå ïîïóëÿðíûå ìåòîäû, êîòîðûå

èñïîëüçóþòñÿ â íàñòîÿùåå âðåìÿ.

Â ðàáîòå [7] èññëåäîâàëàñü ïðîáëåìà îïðåäåëåíèÿ ýìîöèîíàëüíîé îêðàñêè îòçû-

âîâ íà êèíîôèëüìû. Ðàññìàòðèâàëîñü íåñêîëüêî ìîäåëåé ïðåäñòàâëåíèÿ äîêóìåíòîâ

âûáîðêè � óíèãðàììíàÿ, áèãðàììíàÿ, â âèäå òåêñòîâ, ñîñòîÿùèõ òîëüêî èç ïðèëà-

ãàòåëüíûõ è ò.ä.

Ïðè óíèãðàììíîé ìîäåëè òåêñòà (òàê æå èçâåñòíîé êàê ¾ìåøîê ñëîâ¿, bag�of�

words) äåëàåòñÿ ïðåäïîëîæåíèå î íåçàâèñèìîñòè ñëîâ, è, òàêèì îáðàçîì èãíîðèðó-

þòñÿ ëþáûå ñâÿçè ìåæäó ñëîâàìè â ïðåäëîæåíèè è ìåæäó ïðåäëîæåíèÿìè â öåëîì.

Äîêóìåíò d ∈ D ìîæåò áûòü ïðåäñòàâëåí êàê |W |-ìåðíûé âåêòîð d = (w1, . . . , w|W |),

ãäå |W | � ðàçìåð ñëîâàðÿ (÷èñëî íåïîâòîðÿþùèõñÿ ñëîâ), à wi, i = 1, . . . , |W | � âåñ

iîãî ñëîâà â äîêóìåíòå, âåñ ðàññ÷èòûâàëñÿ ïî ñëåäóþùèì ôîðìóëàì:

wi = 1, åñëè tfi > 0,

wi = 0, åñëè tfi = 0,
èëè wi = tfi,

ãäå tfi � ÷àñòîòà âñòðå÷àåìîñòè i-îãî ñëîâà â äîêóìåíòå. Äàííûå ñïîñîáû îïðå-

äåëåíèÿ âåñà ñëîâ â äàëüíåéøåì áóäåì íàçûâàòü ÷àñòîòíûì è áèíàðíûì ñîîòâåñò-

âåííî.

Ðåçóëüòàòû ýêñïåðèìåíòîâ, êîòîðûå áóäóò îïèñàíû äàëåå ïîêàçûâàþò, ÷òî áèíàð-

íîå ïðåäñòàâëåíèå òåêñòà âûèãðûâàåò ïî ñðàâíåíèþ ñ ÷àñòîòíûì.

Ïðè áèãðàììíîé ìîäåëè (â îáùåì ñëó÷àå � n-ãðàììíîé) èñïîëüçóåòñÿ ïðåäñòàâ-

ëåíèå äîêóìåíòà â âèäå n-ãðàìì (óïîðÿäî÷åííîé ïîäïîñëåäîâàòåëüíîñòè ñëîâ äî-

êóìåíòà äëèíû n). Èñïîëüçîâàíèå äàííîé ìîäåëè ïîçâîëÿåò, íàïðèìåð, ó÷èòûâàòü

èíôîðìàöèþ î ñëîâîñî÷åòàíèÿõ.

Òàêæå àâòîðû ðàáîòû èñïîëüçîâàëè ìåòà-èíôîðìàöèþ, ñâÿçàííóþ ñ òåêñòîì, íà-

ïðèìåð, àïðèîðíóþ èíôîðìàöèþ î ÷àñòÿõ ðå÷è ñëîâ. Îäíàêî òàêàÿ äîïîëíèòåëü-

íàÿ èíôîðìàöèÿ íå óëó÷øèëà êà÷åñòâî êëàññèôèêàöèè. Â ðàáîòå èñïîëüçîâàëèñü
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ñëåäóþùèå êëàññèôèêàòîðû: SVM, áàéåñîâñêèé êëàññèôèêàòîð, max-entropy-text-

classi�er. Ýêñïåðèìåíòû ïîêàçàëè, ÷òî íàèëó÷øèé ðåçóëüòàò áûë ïîëó÷åí ñ ïîìîùüþ

SVM â ðàìêàõ ïðèçíàêîâîãî ïðîñòðàíñòâà, çàäàâàåìîãî óíèãðàììíîé ìîäåëüþ.

Àâòîðû [9] ïðåäëîæèëè àëãîðèòì îáó÷åíèÿ áåç ó÷èòåëÿ äëÿ çàäà÷è îïðåäåëåíèÿ

òîíàëüíîñòè îòçûâîâ. Â ðàáîòå áûëî âûñêàçàíî ïðåäïîëîæåíèå, ÷òî íàèáîëåå âàæ-

íàÿ èíôîðìàöèÿ îá îòçûâå ñîäåðæèòñÿ â ïðèëàãàòåëüíûõ è íàðå÷èÿõ. Äëÿ ïðîâåðêè

ýòîãî ïðåäïîëîæåíèÿ ê òåñòó áûëà ïðèìåíåíà àâòîìàòè÷åñêàÿ ðàçìåòêà íà ÷àñòè

ðå÷è (part-of-speech tagger) äëÿ âûäåëåíèÿ ôðàç, ñîäåðæàùèõ ïðèëàãàòåëüíûå (ñ ñó-

ùåñòâèòåëüíûìè) èëè íàðå÷èÿ (ñ ãëàãîëàìè).

Íà ñëåäóþùåì ýòàïå îïðåäåëÿëàñü ýìîöèîíàëüíàÿ îöåíêà êàæäîé âûäåëåííîé

ôðàçû. Îíà îïðåäåëÿëàñü áëèçîñòüþ ôðàçû ê ýòàëîííûì ñëîâàì ¾excellent¿ è ¾poor¿.

Â êà÷åñòâå ìåðû áëèçîñòè àâòîðû èñïîëüçîâàëè ìåòðèêó ïîòî÷å÷íîé âçàèìíîé èí-

ôîðìàöèè (Pointwise Mutual Information), èñõîäÿ èç ïðåäïîëîæåíèÿ, ÷òî âûñîêàÿ

ñòåïåíü ñîâìåñòíîé âñòðå÷àåìîñòè ôðàç óêàçûâàåò íà èõ ñõîæåñòü.

PMI(word1, word2) = log2

P (word1, word2)

P (word1) P (word2)

Çíà÷åíèÿ ìåòðèêè áûëè ïðèáëèçèòåëüíî ïîñ÷èòàíû ñ ïîìîùüþ ïîèñêîâîé ñèñòå-

ìû Altavista 1 :

PMI(word1, word2) = log2

hits(word1 NEAR word2)

hits(word1) hits(word2)
,

ãäå hits(query) � ÷èñëî îòâåòîâ âûäàâàåìûõ ïî äàííîìó çàïðîñó.

Òîíàëüíîñòü ôðàçû polarity îïðåäåëÿëàñü êàê

polarity(phrase) = PMI(phrase, ¾excellent¿)− PMI(phrase, ¾poor¿)

polarity(phrase) = log2

hits(phrase NEAR ¾excellent¿) hits(¾poor¿)

hits(phrase NEAR ¾poor¿) hits(¾excellent¿)

Îöåíêà òîíàëüíîñòè îòçûâà ïîëó÷àëàñü óñðåäíåíèåì âñåõ îöåíîê òîíàëüíîñòåé

ôðàç ýòîãî îòçûâà. Êëàññ äîêóìåíòà (ïîçèòèâíûé èëè íåãàòèâíûé) îïðåäåëÿëñÿ ñ

ïîìîùüþ ïîðîãîâîãî ðåøàþùåãî ïðàâèëà.

1http://www.altavista.com/sites/search/adv
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Îïèñàííûé ïîäõîä íåïëîõî ïîêàçàë ñåáÿ ïðè ðåøåíèè ðÿäà çàäà÷. Òåì íå ìå-

íåå, ðåçóëüòàòû, ïîëó÷åííûå èì ïðè ðåøåíèè ïðîáëåìû îïðåäåëåíèÿ òîíàëüíîñòè

îòçûâîâ íà êèíîôèëüìû, îêàçàëèñü íèæå, ÷åì ó SVM [7].

Â ðàáîòå [4] äàííûå ïðåäñòàâëÿëèñü ìîäåëüþ ¾ìåøêà ñëîâ¿ (d = (w1, . . . , wn),∀d ∈ D).

Îäíàêî â îòëè÷èè îò [7], ãäå èñïîëüçîâàëèñü ïðîñòûå ïîäõîäû ê âçâåøèâàíèþ

ñëîâ (2), àâòîðû ïðåäëîæèëè íåñêîëüêî áîëåå ñëîæíûõ âåñîâûõ ôóíêöèé. Â êà÷åñòâå

îñíîâû èñïîëüçîâàëàñü ñòàòèñòè÷åñêàÿ ìåðà TF-IDF :

wi = tfi × idfi,

• ãäå tfi � ÷àñòîòà âñòðå÷àåìîñòè i-ãî ñëîâà â äîêóìåíòå;

• idfi � îáðàòíàÿ ÷àñòîòà äîêóìåíòà (inverse document frequency).

Àâòîðû ñòàòüè ðàññìîòðåëè ðàçíûå ìîäèôèêàöèè ýòîé ìåðû, íàïðèìåð, ìîäèôèêà-

öèÿ ∆(t) idf :

wi = tfi log2(
N1

dfi,1
)− tfi log2(

N2

dfi,2
) = tfi log2(

N1 dfi,2
N2 dfi,1

),

• ãäå Nj � ÷èñëî òðåíèðîâî÷íûõ äîêóìåíòîâ â êëàññå j,

• dfi,j � ÷èñëî òðåíèðîâî÷íûõ äîêóìåíòîâ êëàññà j, êîòîðûå ñîäåðæàò ñëîâî i.

Äàííûé ïîäõîä íå ïðåäëàãàåò íèêàêîãî ñãëàæèâàíèÿ, è ïîýòîìó âîçíèêàþò ïðî-

áëåìû ñ ñëîâàìè, êîòîðûå âñòðå÷àþòñÿ òîëüêî â îäíîì êëàññå (dfij = 0). Äëÿ ðåøåíèÿ

ýòîé ïðîáëåìû áûë ïðåäëîæåí ñãëàæåííûé àíàëîã:

wi = tfi log2(
N1 dfi,2 + 0.5

N2 dfi,1 + 0.5
)

Íîðìèðîâàíèå âåñîâ ñëîâ îäíîãî äîêóìåíòà d = (w1, . . . wn), ∀d ∈ D ïðîèç-

âîäèëîñü ïî ôîðìóëàì:

‖d‖ =
1√

w2
1 + · · ·+ w2

n

(l2), èëè ‖d‖ =
1

w1 + · · ·+ wn

(l1),

ëèáî íå ïðîâîäèëîñü ñîâñåì.

Âåñ ñëîâà â äîêóìåíòå çàäàâàëñÿ òðîéêîé (tf, idf, norm) � ãäå ôîðìóëû äëÿ ðàñ-

÷åòà êîìïîíåíò áðàëèñü èç òàáëèöû 2. Áûëà ïðîâåäåíà ñåðèÿ ýêñïåðèìåíòîâ, â õîäå
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êîòîðûõ âñåâîçìîæíûå ïðåäñòàâëåíèÿ âåñîâ ñëîâ èñïîëüçîâàëèñü ñ íîðìèðîâêîé è

áåç íå¼. Íàèëó÷øèå ðåçóëüòàòû ïîêàçàëè êîìáèíàöèè o∆(k)n, b∆(t′)n.

Îïèñàííûå âûøå ìîäèôèêàöèè ìåðû TF-IDF ïîçâîëèëè äîáèòüñÿ óëó÷øåíèÿ ðå-

çóëüòàòîâ êëàññèôèêàöèè äîêóìåíòîâ.

Àááðåâèàòóðà TF Àááðåâèàòóðà IDF

n (natural) tf n (no) 1

l (logarithm) 1 + log(tf) t (idf) log N
df

a (augmented) 0.5 + 0.5tf
max_t(tf)

p (prob idf) log N−df
df

k (BM25 idf) log N−df+0.5
df+0.5

b(boolean) I[tfi > 0]
∆(t) (Delta idf) log N1df2

N2df1

L(log ave) 1+log(tf)
1+log(avg_dl)

∆(t′) (Delta smoothed idf) log N1df2+0.5
N2df1+0.5

o(BM25) (k1+1)tf

k1((1−b+b dl
avgdl

)+tf
∆(k) log (N1−df1+0.5)df2+0.5

(N2−df2+0.5)df1+0.5

Òàáëèöà 1: avg_dl ñðåäíåå ÷èñëî ñëîâ â äîêóìåíòàõ, dl � äëèíà äîêóìåíòà, k1 = 1.2, b = 0.95 �

ïàðàìåòðû áûëè ïîäîáðàíû àâòîðàìè ñòàòüè [4].

Íîâûé ïîäõîä ê ðåøåíèþ äàííîé çàäà÷è áûë ïðåäëîæåí â [5]. Â åãî ðàìêàõ êàæ-

äûé äîêóìåíò ïðåäñòàâëÿëñÿ â âèäå ãðàôà. Âåðøèíàìè ýòîãî ãðàôà ÿâëÿþòñÿ ïðåä-

ëîæåíèÿ, ð¼áðàìè � ò.í. êîýôôèöèåíòû ñâÿçè, ðàññ÷èòûâàåìûå ñ ïîìîùüþ ðàçëè÷-

íûõ ýâðèñòèê. Êðîìå òîãî, â êàæäîì òàêîì ãðàôå èìåþòñÿ äâå äîïîëíèòåëüíûå âåð-

øèíû � ñóáúåêòèâíûå è îáúåêòèâíûå ïîëþñà. Àâòîðû îïèñàëè àëãîðèòì ðàçáèåíèÿ

äîêóìåíòà íà îáúåêòèâíûå è ñóáúåêòèâíûå ïðåäëîæåíèÿ íà îñíîâå ïîèñêà ìèíè-

ìàëüíîãî ðàçðåçà (ñå÷åíèÿ) ýòîãî ãðàôà, ïîñëå ÷åãî ïðèìåíÿëè ìåòîäû ìàøèííîãî

îáó÷åíèÿ òîëüêî ê ÷àñòÿì äîêóìåíòà, ñîäåðæàùèì ýìîöèîíàëüíóþ îêðàñêó. Â ñðàâ-

íåíèè ñ ïðåäûäóùåé ðàáîòîé, òàêîé ïîäõîä ïîçâîëèë óëó÷øèòü êà÷åñòâî àíàëèçà

(íà 2-3% ïðè èñïîëüçîâàíèè SVM) è â ñðåäíåì ñîêðàòèòü ðàçìåð òåêñòà îáó÷àþùèõ

îòçûâîâ íà 40%.

Âñå ðàññìîòðåííûå ðàííåå ïîäõîäû íå ó÷èòûâàþò ñòðóêòóðó äîêóìåíòà, èíôîð-

ìàöèÿ î êîòîðîé ìîæåò óëó÷øèòü òî÷íîñòü êëàññèôèêàöèè.

Çíàíèå î ñòðóêòóðå äîêóìåíòà ïîçâîëÿåò, íàïðèìåð, ââîäèòü ðàçëè÷íûå âåñà äëÿ

ðàçëè÷íûõ ÷àñòåé òåêñòà (ââåäåíèÿ, çàêëþ÷åíèÿ è ò.ä). Áîëüøèíñòâî îòçûâîâ ñî-

äåðæàò çíà÷èìóþ èíôîðìàöèþ â êîíöå, ïîýòîìó, ïðèñâàèâàÿ ñëîâàì èç çàêëþ÷åíèÿ
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áîëüøèé âåñ, ìîæíî äîáèòüñÿ ïîâûøåíèå êà÷åñòâà êëàññèôèêàöèè. Â îáùåì, ìîæíî

äåëèòü îòçûâ íà íåêîòîðîå êîëè÷åñòâî ÷àñòåé è ïðèñâàèâàòü ðàçíûå âåñà ñëîâàì èç

ðàçíûõ ÷àñòåé.

Àâòîðû ñòàòüè [8] ïðåäëîæèëè ìåòîä îïðåäåëåíèÿ òîíàëüíîñòè îòçûâà ñ ïîìî-

ùüþ ïîäñ÷åòà íåêîòîðîé ìåòðèêè è èñïîëüçîâàíèÿ ïîðîãîâîãî ðåøàþùåãî ïðàâè-

ëà. Äëÿ îöåíèâàíèÿ òîíàëüíîñòè îòçûâà èñïîëüçîâàëñÿ àëãîðèòì SO-CAL (Semantic

Orientation CALculator): òîíàëüíîñòü êàæäîãî ñëîâà âû÷èñëÿëàñü ñ ïîìîùüþ ïîèñ-

êîâîé ñèñòåìû Google, ïóòåì îïðåäåëåíèÿ ìåðû ñîâìåñòíîé âñòðå÷àåìîñòè äàííîãî

ñëîâà è ñëîâ èç ðàçìå÷åííîãî ñëîâàðÿ; ó÷èòûâàëîñü âëèÿíèå ñëîâ-ìîäèôèêàòîðîâ

(òàêèõ êàê ¾really¿, ¾(the) most¿, ¾pretty¿ è ò.ä.) íà îáùóþ ýìîöèîíàëüíóþ îêðàñêó

ôðàçû; òàêæå àâòîðû àëãîðèòìà ó÷èòûâàëè èíâåðòèðîâàíèå òîíàëüíîñòè, íàïðèìåð,

ñ ïîìîùüþ ñëîâ ¾not¿, ¾never¿ è ò.ä. Äàííûé ïîäõîä ïîçâîëèë ëó÷øå îöåíèâàòü òî-

íàëüíîñòü ñëîæíûõ îòçûâîâ.

Â ðàáîòå [2] àâòîðû èñïîëüçîâàëè òåîðèþ ðèòîðè÷åñêîé ñòðóêòóðû (Rhetorical

Structure Theory). Äàííàÿ òåîðèÿ îñíîâàíà íà òîì, ÷òî òåêñò ðàçáèâàåòñÿ íà íåêî-

òîðûå ÷àñòè (spans) è ìåæäó íèìè îïðåäåëÿþòñÿ ðèòîðè÷åñêèå îòíîøåíèÿ. Âû-

äåëÿþò íåñêîëüêî òèïîâ ðèòîðè÷åñêèõ îòíîøåíèé: ïîñëåäîâàòåëüíîñòü (sequence),

ïðîòèâîïîñòàâëåíèå (contrast), êîíúþíêöèÿ (joint) è ò.ä. Â îáùåì, ñóùåñòâóåò äâà

ñïîñîáà ïîñòðîåíèÿ ñëîæíîãî ïðåäëîæåíèÿ: ïàðàòàêñèñ [11] è ãèïîòàêñèñ [11]. Ïðè

ãèïîòàêñèñå îäíà ÷àñòü òåêñòà ÿâëÿåòñÿ ÿäðîì ÿäðîì (nucleus), à îñòàëüíûå � ñàòåë-

ëèòàìè (satellite). ßäðî � ýòî íàèáîëåå èíôîðìàòèâíàÿ ÷àñòü òåêñòà. Ñàòåëëèòû �

ìåíåå âàæíûå ÷àñòè òåêñòà, îíè çàâèñÿò îò ÿäåð. Ïðè äðóãîì ñïîñîáå ïîñòðîåíèÿ

ïðåäëîæåíèÿ (ïàðàòàêñèñå) âñå ÷àñòè òåêñòà îäèíàêîâî çíà÷èìû, ñëåäîâàòåëüíî îíè

âñå ðàññìàòðèâàþòñÿ êàê ÿäðà. Äðóãèìè ñëîâàìè, ðàññìàòðèâàþòñÿ ñëîæíîïîä÷è-

íåííûå è ñëîæíîñî÷èíåííûå ïðåäëîæåíèÿ. Â òåîðèè ðèòîðè÷åñêîé ñòðóêòóðû ïðî-

ñòûå ïðåäëîæåíèÿ ÿâëÿþòñÿ ýëåìåíòàðíûìè ÷àñòÿìè òåêñòà, îíè ìîãóò îáúåäèíÿòñÿ

è îáðàçîâàòü áîëåå ñëîæíûå åäèíèöû. Äàííûé ïîäõîä ïîçâîëÿåò îïèñûâàòü ñòðîå-

íèå òåêñòà â âèäå èåðàðõè÷åñêîé ñòðóêòóðû � RST-äåðåâà [3]. Òàêîé ñïîñîá ïðåä-

ñòàâëåíèÿ òåêñòà ïîçâîëÿåò ââîäèòü ðàçëè÷íûå âåñà äëÿ ñëîâ èç ðàçíûõ ÷àñòåé, ÷òî

ïîçâîëÿåò áîëåå òî÷íî îïðåäåëÿòü òîíàëüíîñòü äîêóìåíòà â öåëîì.
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3 Îïèñàíèå äàííûõ

3.1 Äàííûå

Äëÿ ïðîâåäåíèÿ ýêñïåðèìåíòîâ áûëè âûáðàíû äâà íàáîðà äàííûõ: Movie Review

Data 2 è Multi-Domain Sentiment Dataset 3. Movie Review Data ñîäåðæèò êîëëåêöèþ

îòçûâîâ íà êèíîôèëüìû èçâëå÷åííûõ èç Internet Movie Database (IMDb). Áûëè îòî-

áðàíû òîëüêî ïîëîæèòåëüíûå è íåãàòèâíûå îòçûâû. Òàêæå, ÷òîáû èçáåæàòü äîìèíè-

ðîâàíèÿ ñïåöèôè÷åñêîé ëåêñèêè áûëî íàëîæåíî îãðàíè÷åíèå íà êîëè÷åñòâî îòçûâîâ

îò îäíîãî àâòîðà (íå áîëåå 20 îòçûâîâ). Â èòîãå áûë ïîëó÷åí íàáîð äàííûõ èç 2000

îòçûâîâ: 1000 ïîëîæèòåëüíûõ è 1000 íåãàòèâíûõ.

Multi-Domain Sentiment Dataset ñîäåðæèò îòçûâû ïîêóïàòåëåé íà ðàçëè÷íûå ïðî-

äóêòû, èíôîðìàöèÿ áûëà ïîëó÷åíà ñ ñàéòà Amazon.com. Äàííûé íàáîð äàííûõ ñî-

ñòîèò èç îòçûâîâ íà êíèãè, dvd è ýëåêòðîíèêó, ïî 2000 îòçûâîâ íà êàæäóþ êàòåãîðèþ,

êëàññû ñáàëàíñèðîâàíû (1000 îòçûâîâ íà êàæäûé êëàññ).

Â òàáëèöå 2 ïðèâåäåíû íåêîòîðûå õàðàêòåðèñòèêè äàííûõ.

êèíîôèëüìû êíèãè dvd ýëåêòðîíèêà

ñðåäíÿÿ äëèíà îòçûâà 629 166 160 103

ñðåäíÿÿ äëèíà ïîëîæèòåëüíîãî îòçûâà 593 170 151 103

ñðåäíÿÿ äëèíà íåãàòèâíîãî îòçûâà 665 162 169 102

ðàçìåð ñëîâàðèêà 39659 22503 21758 11450

Òàáëèöà 2: Õàðàêòåðèñòèêè äàííûõ.

3.2 Ïðåäîáðàáîòêà äàííûõ

Òàê êàê èñõîäíûå äàííûå ÿâëÿþòñÿ íåîáðàáîòàííûì òåêñòîì, áûëà ïðîâåäåíà

ïðåäâàðèòåëüíàÿ îáðàáîòêà äëÿ ïðèâåäåíèÿ äîêóìåíòîâ ê íîðìàëèçîâàííîìó âèäó.

Ðàññìîòðèì òðè ýòàïà ïðåäîáðàáîòêè òåêñòà: ïðèâåäåíèå òåêñòà ê íèæíåìó ðåãèñòðó,

ñòåììèíã, óäàëåíèå ðåäêî è ÷àñòî âñòðå÷àþùèõñÿ ñëîâ.

2http://www.cs.cornell.edu/people/pabo/movie-review-data/

3http://www.cs.jhu.edu/~mdredze/datasets/sentiment/index2.html
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Ñòåììèíã ñëîâ ïðîèçâîäèòñÿ äëÿ ïðèâåäåíèÿ ñëîâà ê åãî îñíîâå. Òî åñòü ðàçíûå

ôîðìû ñëîâà ïðèâîäÿòñÿ ê åäèíîìó âèäó. Â íàñòîÿùåé ðàáîòå èñïîëüçîâàëñÿ ñòåììåð

Ïîðòåðà4.

Òàê êàê âñå íàáîðû äàííûõ èìåþò áîëüøîé ðàçìåð ñëîâàðÿ, íå ðàññìàòðèâàëèñü

ïðèçíàêè, êîòîðûå âñòðå÷àþòñÿ ðåæå ÷åì çàäàííîå ïîðîãîâîå ÷èñëî ðàç. Äëÿ îïðåäå-

ëåíèÿ äàííîãî ïîðîãà áûëà ïðîâåäåíà ñåðèÿ ýêñïåðèìåíòîâ. Åñëè íå ðàññìàòðèâàòü

ïðèçíàêè, êîòîðûå âñòðå÷àþòñÿ ðåæå, ÷åì òðè ðàçà, òî êà÷åñòâî êëàññèôèêàöèè íå

óõóäøèòñÿ, ïî ñðàâíåíèþ ñ èñïîëüçîâàíèåì âñåõ ïðèçíàêîâ, ñì. ðèñ. 1.
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books
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Ðèñ. 1: Òî÷íîñòü êëàññèôèêàöèè äëÿ ðàçëè÷íûõ ïîðîãîâ íà ÷àñòîòó âñòðå÷àåìîñòè ïðèçíàêîâ. NB,

ìîäåëü (1,1).

Òàêæå íå ó÷èòûâàëèñü ÷àñòî âñòðå÷àåìûå ñëîâà (äàííîå ïðåîáðàçîâàíèå, â îñíîâ-

íîì, çàòðàãèâàåò ïðåäëîãè, ñîþçû è ò.ä.).

4http://www.nltk.org/api/nltk.stem.html
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4 Ðåçóëüòàòû ýêñïåðèìåíòîâ

4.1 Èñïîëüçóåìàÿ ñèñòåìà äëÿ ýêñïåðèìåíòîâ

Âñå âû÷èñëåíèÿ ïðîèçâîäèëèñü íà êîìïüþòåðå Toshiba Satellite. Èñïîëüçîâàëñÿ

ïðîöåññîð 2 ÃÃö Intel Core i5, 4 Ãá îïåðàòèâíîé ïàìÿòè 1600 ÌÃö, îïåðàöèîííàÿ

ñèñòåìà Ubuntu 14.04.2 LTS.

4.2 Ñòðóêòóðà ýêñïåðèìåíòà

Ýêñïåðèìåíòû ïðîâîäèëèñü ïî ñëåäóþùåé ñõåìå: êàæäàÿ èñõîäíàÿ âûáîðêà äå-

ëèëàñü íà 2 ÷àñòè, 20% ñòàíîâèëèñü ñêðûòîé òåñòîâîé âûáîðêîé, à îñòàëüíûå 80%

âûáîðêè ôèêñèðîâàëèñü äëÿ ïðîâåäåíèÿ ïðîöåäóðû ñêîëüçÿùåãî êîíòðîëÿ ñ öåëüþ

ïîâûøåíèÿ óñòîé÷èâîñòè ðåçóëüòàòà. Îïèøåì ïðîöåäóðó ñêîëüçÿùåãî êîíòðîëÿ: âòî-

ðàÿ ÷àñòü âûáîðêè ñëó÷àéíûì îáðàçîì äåëèëàñü íà âîñåìü ïîäâûáîðîê. Äàëåå, áûëî

ïðîèçâåäåíî âîñåìü çàïóñêîâ, â õîäå êîòîðûõ êàæäàÿ ïîäâûáîðêà áûëà èñïîëüçîâàíà

â êà÷åñòâå òåñòîâîé îäèí ðàç. Âñå îñòàëüíûå ïîäâûáîðêè, ïðè ýòîì, áûëè èñïîëüçîâà-

íû äëÿ îáó÷åíèÿ ìîäåëåé. Èòîãîâàÿ òî÷íîñòü êëàññèôèêàöèè áûëà ïîëó÷åíà óñðåä-

íåíèåì ðåçóëüòàòîâ âñåõ âîñüìè çàïóñêîâ. Òàêèì îáðàçîì, â êàæäîì ýêñïåðèìåíòå

âû÷èñëÿþòñÿ äâå âåëè÷èíû: òî÷íîñòü íà ñêîëüçÿùåì êîíòðîëå ñ âîñüìüþ ôîëäàìè

è òî÷íîñòü íà ñêðûòîé òåñòîâîé âûáîðêå.

4.3 Êëàññèôèêàòîðû

Â äàííîé ðàáîòå áûëè ðàññìîòðåíû ñëåäóþùèå êëàññèôèêàòîðû: ëèíåéíûé SVM,

SVM ñ RBF ÿäðîì, äâóõñëîéíàÿ íåéðîííàÿ ñåòü ñ ñèãìîèäàëüíîé ôóíêöèåé àêòèâà-

öèè (NN) è íàèâíûé áàéåñîâñêèé êëàññèôèêàòîð (NB). Îíè ÿâëÿþòñÿ îäíèìè èç ñà-

ìûõ ðàñïðîñòðàíåííûõ êëàññèôèêàòîðîâ, èñïîëüçóåìûõ äëÿ ðåøåíèÿ çàäà÷è îïðå-

äåëåíèÿ òîíàëüíîñòè òåêñòà. Ïîýòîìó èìåííî îíè áûëè âûáðàíû äëÿ ïðîâåäåíèÿ

ýêñïåðèìåíòîâ. Äëÿ SVM è íåéðîííîé ñåòè áûëà ïðîèçâåäåíà íàñòðîéêà ïàðàìåò-

ðîâ ïî ñåòêå. SVM � íàñòðîéêà ïàðàìåòðà ðåãóëÿðèçàöèè C; SVM ñ RBF ÿäðîì �

íàñòðîéêà ïàðàìåòðà ðåãóëÿðèçàöèè C è øèðèíû ÿäðà γ; NN � ïîäáîð êîëè÷åñòâà

íåéðîíîâ íà ñêðûòîì óðîâíå è íàñòðîéêà êîýôôèöèåíòà ñêîðîñòè îáó÷åíèÿ.
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4.4 Ïðîãðàììíàÿ ðåàëèçàöèÿ

Ýêñïåðèìåíòû áûëè ðåàëèçîâàíû íà ÿçûêå ïðîãðàììèðîâàíèÿ Python 2.7.6 ñ èñ-

ïîëüçîâàíèåì áèáëèîòåê scikit-learn 14.15 è nltk6. Òàêæå áûëà èñïîëüçîâàíà áèáëèî-

òåêà Vowpal Wabbit (VW)7.

Ïðîãðàììíóþ ðåàëèçàöèþ ìîæíî óñëîâíî ðàçäåëèòü íà äâå ÷àñòè. Ïåðâàÿ ÷àñòü

âêëþ÷àåò â ñåáÿ ïðåäîáðàáîòêó òåêñòà, à òàêæå ðàçáèåíèå êîëëåêöèè íà êîíòðîëüíóþ

è îáó÷àþùóþ âûáîðêè. Äàëåå, äëÿ ïîâòîðíîãî âîñïðîèçâåäåíèÿ ýêñïåðèìåíòîâ, ïðå-

äîáðàáîòàííûå äàííûå ñîõðàíÿëèñü â ôîðìàòå svmlight8. Âòîðàÿ ÷àñòü ïðîãðàììû

ñîäåðæèò êîä, ðåàëèçóþùèé íåïîñðåäñòâåííî êëàññèôèêàöèþ äîêóìåíòîâ. Ëèñòèíã

ïðîãðàììíîé ðåàëèçàöèè ïðèâåä¼í â ïðèëîæåíèè À.

4.5 Èñïîëüçóåìûå ìåòîäû

Ðàññìîòðèì ðàçëè÷íûå ìîäåëè ïðèçíàêîâîãî ïðåäñòàâëåíèÿ äàííûõ: óíèãðàìì-

íóþ, áèãðàììíóþ è ò.ä. Â òàáëèöå 3 ïðèâåäåíû çíà÷åíèÿ òî÷íîñòè êëàññèôèêàöèè

ýòèõ ìîäåëåé íà ñêîëüçÿùåì êîíòðîëå. Çäåñü è äàëåå, ïîä îáîçíà÷åíèåì (1, n) ïîäðà-

çóìåâàåòñÿ êîìáèíàöèÿ óíèãðàìì, áèãðàìì è n-ãðàìì. (1, n) (÷) � êîìáèíàöèÿ 1-n

ãðàìì, ÷àñòîòíîå ïðåäñòàâëåíèå âåñîâ (2). Äëÿ êàæäîãî íàáîðà äàííûõ æèðíûì áû-

ëî âûäåëåíî ëó÷øåå çíà÷åíèå. Ê âñåì ñïîñîáàì ïðåäñòàâëåíèÿ ïðèçíàêîâ áûëà ïðè-

ìåíåíà íîðìèðîâêà, ïî ôîðìóëå (l2) (äàííàÿ íîðìà áûëà âûáðàíà ïîñëå ïðîâåäåíèÿ

ñåðèè ýêñïåðèìåíòîâ ñ ðàçëè÷íûìè âèäàìè íîðìèðîâêè). Òî÷íîñòü êëàññèôèêàöèè

âûáîðîê ñ íîðìèðîâàííûìè ïðèçíàêàìè âûøå, ÷åì áåç íîðìèðîâêè.

Äëÿ âñåõ íàáîðîâ äàííûõ íàèëó÷øèå ðåçóëüòàòû ïîêàçûâàåò 1-2 ãðàììíîå è 1-3

ãðàììíîå ïðèçíàêîâîå ïðåäñòàâëåíèå. Çàìåòèì, ÷òî óâåëè÷åíèå ÷èñëà n-ãðàìì íå

äàåò ïðèðîñòà êà÷åñòâà, à ðàçìåðû ïðèçíàêîâîãî ïðîñòðàíñòâà ïðè ýòîì ñèëüíî óâå-

ëè÷èâàþòñÿ. Áèíàðíîå ïðåäñòàâëåíèå âåñîâ ñëîâ äîêóìåíòà äàåò áîëåå âûñîêèå ïî-

êàçàòåëè êà÷åñòâà, ïî ñðàâíåíèþ ñ ÷àñòîòíûì àíàëîãîì.

5http://scikit-learn.org/stable/

6http://www.nltk.org/

7https://github.com/JohnLangford/vowpal_wabbit/wiki

8http://scikit-learn.org/stable/modules/generated/sklearn.datasets.dump_svmlight_

file.html
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dvd dvd dvd ýë-

êà

ýë-

êà

ýë-

êà

êíè-

ãè

êíè-

ãè

êíè-

ãè

ê/ô ê/ô ê/ô

NN SVM NB NN SVM NB NN SVM NB NN SVM NB

(1,1) 79.5 80.25 80 79.05 78.29 78.19 80 81.56 82.06 85.56 86.81 83.31

(1,1) (÷) 80.4 81.15 82.05 80.3 79.42 80.98 81.5 82.31 82.98 86.18 87.1 84.7

(1,2) 83.5 83 80.75 81.12 79.14 80.44 83.31 83.62 84.94 85.63 87.38 84.44

(1,2) (÷) 82.12 81.97 78.8 79.92 78.2 79.74 82.5 81.8 83.44 84.1 86.9 82.14

(1,3) 82.5 82.75 81.25 80.62 79.57 79.5 83 83.69 85.69 84.31 87.19 85.19

(1,3) (÷) 81.9 82.05 80.22 79.5 78 77.91 82.1 84.1 84.14 83.6 86.12 83.8

(1,4) 83 83 81.75 80.75 79.43 79.88 83.06 83.69 85.1 85.44 86.8 85.44

(1,4) (÷) 81.5 82.1 79.85 79.44 76.4 77.6 80 81.7 82.78 83.2 85.1 84.14

(2,2) 78.25 77 80.25 79.31 77.79 74.88 80.19 81.19 83.25 83.75 82.31 84.44

(2,2) (÷) 77.5 76.1 79.1 78 76.14 74.04 79.4 80 81.75 82.13 80.4 82.28

(3,3) 68.75 72.5 72.25 72.56 69.79 67.94 73.69 75.69 76.88 79.88 78.44 80.75

(3,3) (÷) 66 70.7 70.65 70.12 65.1 64.19 72.05 73.8 74.57 77 77.5 79.1

(4,4) 61.75 65.5 63.75 64.25 63.21 62.25 65.5 68.19 63.81 71.5 72.12 74.94

(4,4) (÷) 60.5 63.2 60.4 62.8 62.1 60.5 63.97 66.91 62 69.41 70.14 72.2

Òàáëèöà 3: Òî÷íîñòü êëàññèôèêàöèè (â %) ðàçëè÷íûõ ìîäåëåé ïðåäñòàâëåíèÿ ïðèçíàêîâ.

Â òàáëèöå 4 âûïèñàíû ðåçóëüòàòû òî÷íîñòè êëàññèôèêàöèè íà ñêîëüçÿùåì êîí-

òðîëå îòçûâîâ íà dvd. Äëÿ âñåõ ìîäåëåé ïðåäñòàâëåíèÿ äàííûõ êëàññèôèêàòîð SVM

c RBF ÿäðîì äà¼ò íàèõóäøèå ðåçóëüòàòû. Íà îñòàëüíûõ íàáîðàõ äàííûõ äàííàÿ

òåíäåíöèÿ ñîõðàíÿåòñÿ. Â äàëüíåéøåì îòêàæåìñÿ îò ðàññìîòðåíèÿ äàííîãî êëàññè-

ôèêàòîðà, åñëè íå îãîâîðåíî äðóãîå.

Â òàáëèöå 5 ïðåäîñòàâëåíû ðåçóëüòàòû ñðàâíåíèÿ ðàçëè÷íûõ ìîäèôèêàöèé TF-

IDF, îïèñàííûõ â ðàçäåëå 2. Íàïîìíèì, ÷òî èñïîëüçîâàëàñü ìîäåëü ïðåäñòàâëåíèÿ

äîêóìåíòà âåñàìè ñëîâ: d = (w1, . . . , wn), ∀d ∈ D. Âåñ ñëîâà wi çàäàâàëñÿ òðîé-

êîé (tf, idf, norm), ôîðìóëû äëÿ ðàñ÷åòà êîìïîíåíò áðàëèñü èç òàáëèöû 2. Òàê

êàê îáùåå ÷èñëî êîìáèíàöèé áîëüøîå â òàáëèöå ïðèâåäåíû ðåçóëüòàòû òîëüêî äëÿ
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(1,1) (1,2) (1,3) (1,4) (2,2) (3, 3) (4, 4)

NN 79.5 83.5 82.5 83 78.25 68.75 61.75

SVM 80.25 83 82.75 83 77 72.5 65.5

SVM RBF 77.5 76.9 77.25 76.75 75.5 67.9 63.5

NB 80 80.75 81.25 81.75 80.25 72.25 63.75

Òàáëèöà 4: Ñðàâíåíèå êëàññèôèêàòîðîâ. Íàáîð äàííûõ dvd.

ëó÷øèõ òðîåê. Ýêñïåðèìåíòàëüíî áûëî óñòàíîâëåíî, ÷òî íîðìèðîâàíèå ïðèçíàêîâ

ìîæåò äàòü ñóùåñòâåííûé (äî 5%) ïðèðîñò â êà÷åñòâå. Ïðèìåíåíèå l2 íîðìèðîâêè

äàåò áîëåå âûñîêèå ðåçóëüòàòû ïðè êëàññèôèêàöèè, ÷åì ïðèìåíåíèå l1 íîðìèðîâêè.

Íàèëó÷øèå ðåçóëüòàòû ïîêàçàëè òðîéêè (n, t, l2) è (l,∆(k), l2). Â ñòàòüè [4] íàè-

ëó÷øèå ðåçóëüòàòû ïîêàçàëè òðîéêè (l, ∆(k), l2) è (l, t, l2). Àâòîðû ñòàòüè äëÿ

îöåíêè ïîñòðîåííîé ìîäåëè èñïîëüçîâàëè LOO êîíòðîëü. Âûáîð LOO áûë ñâÿçàí

ñ òåì, ÷òî ðàñ÷åò çíà÷åíèé TF è IDF ÷óâñòâèòåëåí ê ðàçìåðàì òðåíèðîâî÷íîé âû-

áîðêè. Â äàííîé ðàáîòå, êàê óæå îòìå÷àëîñü ðàíåå, äëÿ óíèôèêàöèè ðåçóëüòàòîâ

ðàçëè÷íûõ ìåòîäîâ âî âñåõ ýêñïåðèìåíòàõ ïðîâîäèëñÿ êîíòðîëü ïî âîñüìè áëîêàì.

dvd dvd dvd ýë-

êà

ýë-

êà

ýë-

êà

êíè-

ãè

êíè-

ãè

êíè-

ãè

ê/ô ê/ô ê/ô

NN SVM NB NN SVM NB NN SVM NB NN SVM NB

(n,t) 83.25 83 83.19 80 81.79 81.69 82.13 85.88 86.56 86.31 87.69 86.38

(l,k) 79.5 82.5 82.8 79.38 81.71 81.8 81.25 83.5 84.14 85.75 86.12 86.87

(l,∆(k)) 83.75 83.25 83 81.86 80.75 80.14 83.1 82.75 80.63 86.19 87.44 86

(o,t) 77.75 79.75 80.5 76.75 78.75 80.43 79.44 83 83.56 82.69 84.69 83

Òàáëèöà 5: Òî÷íîñòü êëàññèôèêàöèè (â %) ðàçëè÷íûõ ìîäèôèêàöèé TF-IDF. Óíèãðàììû.

Ñðàâíèì ðåçóëüòàòû ðàçëè÷íûõ ìîäèôèêàöèé TF-IDF ñ ðåçóëüòàòàìè êëàññèôè-

êàöèè â ñëó÷àå ïðåäñòàâëåíèÿ ïðèçíàêîâ êàê áèíàðíûõ èëè ÷àñòîòíûõ óíèãðàìì.

Òî÷íîñòü êëàññèôèêàöèè âñåõ âûáîðîê âûøå ó TF-IDF ìîäåëè, ÷åì ó ïðîñòîé áè-

íàðíîé èëè ÷àñòîòíîé n-ãðàììíîé ìîäåëè (ñì. òàáëèöû 3, 5).
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Äàëåå, ðàññìîòðèì îäèí èç ïðîñòåéøèõ ñòðóêòóðíûõ ïîäõîäîâ: áóäåì èñïîëüçî-

âàòü óíèãðàììíóþ ìîäåëü ïðåäñòàâëåíèÿ ïðèçíàêîâ è áóäåì ïðèñâàèâàòü ðàçíûå

âåñà ñëîâàì èç ðàçëè÷íûõ ÷àñòåé òåêñòà. Äîêóìåíò áóäåì äåëèòü íà äâå, òðè, ÷å-

òûðå è ïÿòü ðàâíûõ ÷àñòåé. Â òàáëèöå 6 ïðèâåäåíû íàèëó÷øèå çíà÷åíèÿ òî÷íîñòè

êëàññèôèêàöèè íà ñêîëüçÿùåì êîíòðîëå è íà ñêðûòîé òåñòîâîé âûáîðêå. Äàííûé

ïîäõîä íåçíà÷èòåëüíî óâåëè÷èâàåò òî÷íîñòü êëàññèôèêàöèè íà íàáîðå îòçûâîâ íà

ýëåêòðîíèêó è êèíîôèëüìû. Äëÿ îñòàëüíûõ äâóõ íàáîðîâ (îòçûâû íà êíèãè è dvd)

ðåçóëüòàòû êëàññèôèêàöèè áåç âçâåøèâàíèÿ ëó÷øå.

dvd ýë-êà êíèãè ê/ô

cv ht cv ht cv ht cv ht

áåç âçâåøèâàíèÿ 80.25 78.75 79.05 78.75 82.06 80.5 86.81 85.75

2 ÷àñòè 79.4 74.25 81.72 81.25 82.04 82 87.05 86.5

3 ÷àñòè 79.63 77.5 82.1 81.75 84 82.75 87.22 86.75

4 ÷àñòè 80.17 78.25 80.93 80 81.7 80.25 86.98 86

5 ÷àñòåé 79.9 76 80.05 77.75 81.41 79.5 85.63 82.5

ïîçèöèÿ ñëîâà 78.8 74.75 81.84 79.75 80.02 77.5 85.4 84

Òàáëèöà 6: Òî÷íîñòü êëàññèôèêàöèè (â %) äëÿ óíèãðàììíîãî ïðåäñòàâëåíèÿ ñ ïåðåâçâåøèâàíèåì

îòäåëüíûõ ÷àñòåé äîêóìåíòà.

Ðàññìîòðèì ñòðóêòóðíûé ïîäõîä, îïèñàííûé â ñòàòüå [8]. Áóäåì èñïîëüçîâàòü

ðåàëèçàöèþ ïàðñåðà äëÿ RST ïðåäëîæåííóþ Feng è Hirst9. Äëÿ âû÷èñëåíèÿ òîíàëü-

íîñòè îòäåëüíîãî ñëîâà áóäåì èñïîëüçîâàòü êîðïóñ SentiWordNet10. Äàííûé êîðïóñ

ïîçâîëÿåò äëÿ êàæäîãî ñëîâà ðàññ÷èòàòü îöåíêó çà ïîëîæèòåëüíûé è íåãàòèâíûé

êëàññ. Òîíàëüíîñòü âñåãî äîêóìåíòà áóäåì âû÷èñëÿòü óñðåäíåíèåì âñåõ îöåíîê, ñ

ó÷åòîì íåêîòîðûõ ðèòîðè÷åñêèõ îòíîøåíèé, òàêèõ êàê îòðèöàíèå è óñèëåíèå. Ðå-

çóëüòàòû ýêñïåðèìåíòà íà óêàçàííûõ íàáîðàõ äàííûõ ïðåäîñòàâëåíû â òàáëèöå 7.

Ó÷¼ò îäíîâðåìåííî è îòðèöàíèÿ, è óñèëåíèÿ óâåëè÷èâàåò òî÷íîñòü êëàññèôèêàöèè.

9http://www.cs.toronto.edu/~weifeng/software.html

10http://sentiwordnet.isti.cnr.it/
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Îäíàêî, ïî ñðàâíåíèþ, íàïðèìåð, ñ TF-IDF äëÿ óíèãðàìì ðåçóëüòàòû ïîëó÷èëèñü

õóæå.

dvd ýë-êà êíèãè ê/ô

cv ht cv ht cv ht cv ht

óñèëåíèå 81.5 79.25 80.14 79.75 84.5 82.75 86.93 85.75

îòðèöàíèå 82.84 80.75 80.6 79.75 85.8 82.25 87.4 86.5

óñèëåíèå è îòðèöàíèå 83.1 81.5 81.23 80.25 86.4 84.5 87.12 86.25

Òàáëèöà 7: Òî÷íîñòü êëàññèôèêàöèè (â %) ñòðóêòóðíîãî ìåòîäà.

TF-IDF ìîäåëü äàåò íàèëó÷øèå ðåçóëüòàòû êëàññèôèêàöèè, ïîïðîáóåì åãî åù¼

óëó÷øèòü. Ïîñòàâèì ýêñïåðèìåíòû ñ áèãðàììíîé ìîäåëüþ ïðåäñòàâëåíèåì äîêóìåí-

òà. Âû÷èñëåíèå âåñîâ áóäåì ïðîâîäèòü ïî ïðèâåäåííûì ðàíåå ôîðìóëàì. Ðåçóëüòàòû

êëàññèôèêàöèè äëÿ òàêîãî ïðåäñòàâëåíèÿ ïðåäîñòàâëåíû â òàáëèöå 8. Çäåñü è äàëåå,

ñèìâîë b â îáîçíà÷åíèÿõ îçíà÷àåò áèãðàììíîå ïðåäñòàâëåíèå. Äëÿ äàííûõ, ñîäåðæà-

ùèõ îòçûâû íà dvd è êèíîôèëüìû òî÷íîñòü êëàññèôèêàöèè óâåëè÷èëàñü è ÿâëÿåòñÿ

ëó÷øèì çíà÷åíèåì òî÷íîñòè äëÿ ýòèõ íàáîðîâ, ñðåäè ðàññìîòðåííûõ ðàíåå â äàííîé

ðàáîòå.

dvd dvd dvd ýë-

êà

ýë-

êà

ýë-

êà

êíè-

ãè

êíè-

ãè

êíè-

ãè

ê/ô ê/ô ê/ô

NN SVM NB NN SVM NB NN SVM NB NN SVM NB

(n,t)b 82.75 83.05 82.06 79.63 81.07 81.12 82.38 85.44 84.81 86.75 86.56 85.31

(l,k)b 78.57 82.75 81.44 78.06 81.29 80.74 82.88 84.12 82.7 85.44 87.06 85.34

(l,∆(k))b 83.88 84.05 84.25 80.38 80.93 80.1 84.56 84.25 83.74 86.6 87.92 86.4

(o,t)b 79.25 79 80.12 75 79.93 80.12 80.75 83.5 80.75 84.69 85.38 83.7

Òàáëèöà 8: Òî÷íîñòü êëàññèôèêàöèè (â %) ðàçëè÷íûõ ìîäèôèêàöèé TF-IDF. Áèãðàììû.
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dvd dvd dvd ýë-

êà

ýë-

êà

ýë-

êà

êíè-

ãè

êíè-

ãè

êíè-

ãè

ê/ô ê/ô ê/ô

NN SVM NB NN SVM NB NN SVM NB NN SVM NB

(1,2) 83.5 83 80.75 81.12 79.14 80.44 83.31 83.62 84.94 85.63 87.38 84.44

(1,3) 82.5 82.75 81.25 80.62 79.57 79.5 83 83.69 85.69 84.31 87.19 85.19

(n,t) 83.25 83 83.19 80 81.79 81.69 82.13 85.88 86.56 86.31 87.69 86.38

(l,∆(k)) 83.75 83.25 83 81.86 80.75 80.14 83.1 82.75 80.63 86.19 87.44 86

(l,∆(k))b 83.88 84.05 84.25 80.38 80.93 80.1 84.56 84.25 83.74 86.6 87.92 86.4

Òàáëèöà 9: Ñðàâíåíèå ðàçëè÷íûõ ìîäåëåé ïðåäñòàâëåíèÿ äàííûõ.

4.6 Êîìïîçèöèÿ ìåòîäîâ

Â äàííîé ðàáîòå áûëè ðàññìîòðåíû äâà ñïîñîáà êîìïîçèöèè êëàññèôèêàòîðîâ: ãî-

ëîñîâàíèå è êîìïîçèöèÿ íàèâíîãî áàéåñîâñêîãî êëàññèôèêàòîðà è SVM. Ðàññìîòðèì

ïîäðîáíåå êàæäûé èç ýòèõ ñïîñîáîâ.

Îáó÷èì íåñêîëüêî íàèâíûõ áàéåñîâñêèõ êëàññèôèêàòîðîâ íà ðàçëè÷íûõ ìîäåëÿõ

ïðåäñòàâëåíèÿ äàííûõ. Ñ ïîìîùüþ ïðîöåäóðû ñêîëüçÿùåãî êîíòðîëÿ âûáåðåì òå

ìîäåëè, íà êîòîðûõ îáó÷åííûå êëàññèôèêàòîðû, äàþò íàèëó÷øèå ðåçóëüòàòû. Òàê

êàê áàéåñîâñêèé êëàññèôèêàòîð îïåðèðóåò âåðîÿòíîñòÿìè, ìîæíî ïîëó÷èòü îöåíêó

âåðîÿòíîñòè îòíåñåíèÿ êàæäîãî îáúåêòà ê îïðåäåëåííîìó êëàññó. Ýòè âåðîÿòíîñòè

è áóäåì ïîäàâàòü íà âõîä SVM. Â íàñòîÿùåé ðàáîòå áûëè ðàññìîòðåíû ðàçëè÷íûå

êîìáèíàöèè ìîäåëåé ïðåäñòàâëåíèÿ ïðèçíàêîâ, íàèëó÷øèå êîìáèíàöèè âûïèñàíû â

òàáëèöå 10.

Äðóãîé, ðàññìîòðåííûé â äàííîé ðàáîòå, ìåòîä êîìïîçèöèè êëàññèôèêàòîðîâ �

ýòî ãîëîñîâàíèå ïî áîëüøèíñòâó. Âûáåðåì íàèëó÷øèå ìîäåëè ïðèçíàêîâûõ ïðåäñòàâ-

ëåíèé è îáó÷èì íà íèõ ðàçëè÷íûå êëàññèôèêàòîðû. Äëÿ âñåõ äîêóìåíòîâ êàæäûé

èç êëàññèôèêàòîðîâ ïðîãîëîñóåò çà ñâîé êëàññ, â êà÷åñòâå îòâåòà âûáåðåì òîò êëàññ,

çà êîòîðûé íàáåðåòñÿ áîëüøå âñåãî ãîëîñîâ.

Êà÷åñòâî êëàññèôèêàöèè ïðè êîìïîçèöèè íåñêîëüêèõ ìåòîäîâ ìàøèííîãî îáó÷å-

íèÿ ÿâëÿåòñÿ íàèëó÷øèì íà ñêîëüçÿùåì êîíòðîëå. Ïîñìîòðèì, êàê èçìåíèòñÿ òî÷-

íîñòü êëàññèôèêàöèè íà ñêðûòîé âûáîðêå. Â òàáëèöàõ 10 � 14 ñîäåðæàòñÿ ðåçóëü-
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íàáîð äàííûõ êîìáèíàöèÿ cv ht

dvd (n,t)+(n,t)b+(1,4)+(l,∆(k))b 85.98 83.25

ýë-êà (1,2)+(n,t)+(l,k)+(n,t)b 82.14 81.25

êíèãè (1,3)+(1,4)+(n,t) 87 85.25

ê/ô (1,2) + (1,3) +(1,4)+ (n,t) 87.38 86.5

Òàáëèöà 10: NB + SVM.

íàáîð äàííûõ êîìáèíàöèÿ cv ht

dvd (n,t)+(1,4)+(l,∆(k))b 85.78 83.75

ýë-êà (n,t)+(l,k)+(n,t)b 81.7 80.25

êíèãè (1,3)+(1,4)+(n,t) 86.98 85

ê/ô (1,3) +(1,4)+ (n,t) 86.31 85.5

Òàáëèöà 11: Ãîëîñîâàíèå NB.

òàòû êëàññèôèêàöèè äàííûõ ìåòîäîâ íà ñêîëüçÿùåì êîíòðîëå è íà ïðîâåðî÷íîé òå-

ñòîâîé âûáîðêå. Êàê è îæèäàëîñü, òî÷íîñòü êëàññèôèêàöèè íà ïðîâåðî÷íîé âûáîðêå

ïàäàåò.

4.7 Âûâîäû

• Íàèëó÷øèå ðåçóëüòàòû óäàëîñü ïîëó÷èòü ñ ïîìîùüþ ïðèìåíåíèÿ êîìïîçèöèè

àëãîðèòìîâ. Îáà ðàññìîòðåííûõ ìåòîäà ïîñòðîåíèÿ êîìïîçèöèè ïîêàçàëè ñî-

ïîñòàâèìûå ðåçóëüòàòû (ñì. òàáëèöó 14).

• Äëÿ íàáîðîâ îòçûâîâ íà ýëåêòðîíèêó è êèíîôèëüìû íàèëó÷øèå ðåçóëüòàòû

áûëè ïîëó÷åíû ïðè èñïîëüçîâàíèè ãîëîñîâàíèÿ ïî áîëüøèíñòâó c êëàññèôèêà-

òîðîì SVM.

• Äëÿ îòçûâîâ íà dvd ïðîäóêöèþ ìàêñèìóì òî÷íîñòè êëàññèôèêàöèè áûë äî-

ñòèãíóò, òàêæå, ñ ïîìîùüþ ãîëîñîâàíèå ïî áîëüøèíñòâó, íî óæå c íåéðîííîé

ñåòüþ.
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íàáîð äàííûõ êîìáèíàöèÿ cv ht

dvd (1,2)+(l,∆(k))+(l,∆(k))b 86.02 84.5

ýë-êà (1,2)+(1,4)+(l,∆(k)) 82.14 81

êíèãè (1,2)+(l,∆(k))+(l,∆(k))b 84.1 81.5

ê/ô (1,1)+(n,t)+(n,t)b 86.56 85.75

Òàáëèöà 12: Ãîëîñîâàíèå NN.

íàáîð äàííûõ êîìáèíàöèÿ cv ht

dvd (n,t)b+(1,4)+(l,∆(k))b 85.31 82.25

ýë-êà (n,t)+(l,k)+(l,k)b 82.21 81.75

êíèãè (1,3)+(n,t)+(n,t)b 86.44 82.25

ê/ô (1,2)+(1,3)+(n,t)+(l,∆(k))+(l,∆(k))b 88.19 87.5

Òàáëèöà 13: Ãîëîñîâàíèå SVM.

• Êîìïîçèöèÿ íàèâíîãî áàéåñîâñêîãî êëàññèôèêàòîðà è SVM ïîêàçàëà íàèëó÷-

øèå ðåçóëüòàòû íà íàáîðå îòçûâîâ íà êíèãè.

• Âî âñåõ êîìáèíàöèÿõ áûëè èñïîëüçîâàíû êëàññèôèêàòîðû, îáó÷åííûå íà íîð-

ìèðîâàííûõ ïðèçíàêàõ. Ýêñïåðèìåíòàëüíî áûëî óñòàíîâëåíî, ÷òî íîðìèðîâà-

íèå ïðèçíàêîâ äàåò íåáîëüøîé ïðèðîñò êà÷åñòâà (1�2 %).

• Íà âñåõ íàáîðàõ äàííûõ ëèíåéíûé SVM äàåò òî÷íîñòü êëàññèôèêàöèè âûøå,

÷åì SVM c RBF ÿäðîì.

• Òî÷íîñòü êëàññèôèêàöèè âñåõ âûáîðîê âûøå ó TF-IDF ìîäåëè, ÷åì ó ïðîñòîé

áèíàðíîé (÷àñòîòíîé) n-ãðàììíîé ìîäåëè.

• Ñðàâíåíèå ïðîñòûõ áèíàðíûõ è ÷àñòîòíûõ ìîäåëåé ïîçâîëÿåò ñäåëàòü âûâîä,

î òîì, ÷òî ÷àñòîòíîå ïðåäñòàâëåíèå èçáûòî÷íî, è ïðè áèíàðíîì ïðåäñòàâëåíèè

ðåçóëüòàòû ïîëó÷àþòñÿ ëó÷øå.

• Ñðåäè áèíàðíûõ n-ãðàììíûõ ìîäåëåé íàèëó÷øèå ðåçóëüòàòû ïîëó÷àþòñÿ ïðè

ïðåäñòàâëåíèè òåêñòà â âèäå êîìáèíàöèè óíèãðàìì è áèãðàìì (â íåêòîðûõ ñëó-
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íàáîð äàííûõ ìåòîä cv ht

dvd (1,2)+(l,∆(k))+(l,∆(k))b, NN vote 86.02 84.5

ýë-êà (n,t)+(l,k)+(l,k)b, SVM vote 82.21 81.75

êíèãè (1,3)+(1,4)+(n,t), NB+SVM 87 85.25

ê/ô (1,2)+(1,3)+(n,t)+(l,∆(k))+(l,∆(k))b, SVM vote 88.19 87.5

Òàáëèöà 14: Íàèëó÷øèå ðåçóëüòàòû.

÷àÿõ òðèãðàìì). Äàëüíåéøåå óâåëè÷åíèå äëèí n-ãðàìì ïðèâîäèò ê óõóäøåíèþ

êà÷åñòâà êëàññèôèêàöèè.

5 Çàêëþ÷åíèå

Â äàííîé ðàáîòå áûëè ðàññìîòðåíû ñóùåñòâóþùèå ïîäõîäû ê êëàññèôèêàöèè òåê-

ñòîâ ïî ýìîöèîíàëüíîé îêðàñêå, òàêæå áûëî ïðîèçâåäåíî ñðàâíåíèå êà÷åñòâà ðàáîòû

ýòèõ ïîäõîäîâ íà ðåàëüíûõ äàííûõ. Â ðåçóëüòàòå ýêñïåðèìåíòîâ, â õîäå êîòîðûõ äëÿ

êàæäîé èç ðàññìîòðåííûõ ìîäåëåé áûëè ïîäîáðàíû îïòèìàëüíûå ïàðàìåòðû, âûÿñ-

íèëîñü, ÷òî íàèáîëåå âûñîêîãî êà÷åñòâà ìîæíî äîñòè÷ü ïðè èñïîëüçîâàíèè êîìïî-

çèöèè àëãîðèòìîâ. Äëÿ êàæäîãî èñïîëüçîâàííîãî íàáîðà äàííûõ áàçîâîå ñåìåéñòâî

àëãîðèòìîâ ïîäáèðàëîñü èíäèâèäóàëüíî.

Äëÿ ïîëó÷åíèÿ õîðîøåãî êà÷åñòâà êëàññèôèêàöèè âàæíî òàêæå ïðàâèëüíî ïîäî-

áðàòü ïðèçíàêîâîå îïèñàíèå òåêñòîâ. Ïðåäëîæåííàÿ â äàííîé ðàáîòå èäåÿ èñïîëüçî-

âàíèÿ áèãðàììíîé ìîäåëè ñ ïðåäñòàâëåíèåì âåñîâ ñëîâ ñ ïîìîùüþ TF-IDF ïîçâîëèëà

ïîëó÷èòü íàèëó÷øèå ðåçóëüòàòû íà íåñêîëüêèõ íàáîðàõ äàííûõ ñðåäè âñåõ ðàññìîò-

ðåííûõ ïðèçíàêîâûõ ïðåäñòàâëåíèé.

5.1 Ïîëîæåíèÿ âûíîñèìûå íà çàùèòy

• Ïðîãðàììíàÿ ðåàëèçàöèÿ ðàçëè÷íûõ ìåòîäîâ, èñïîëüçóåìûõ äëÿ àíàëèçà ýìî-

öèîíàëüíîé îêðàñêè òåêñòîâ;

• Ðåàëèçàöèÿ ïðîãðàììíîãî ñòåíäà äëÿ ïðîâåäåíèÿ ýêñïåðèìåíòîâ;
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• Ïðîâåäåíèå ýêñïåðèìåíòîâ è ñðàâíåíèå ðàçëè÷íûõ ìåòîäîâ íà íàáîðàõ ðåàëü-

íûõ äàííûõ;

• Ðåàëèçàöèÿ àëãîðèòìè÷åñêîé êîìïîçèöèè ìåòîäîâ.
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A Èñõîäíûé êîä ýêñïåðèìåíòîâ.

Listing 1: Ìîäóëü äëÿ ïðåäîáðàáîòêè òåêñòà è ðàçäåëåíèÿ åãî íà äâå âûáîðêè

1 # makes t e x t p r e p r o c e s s i n g
2 # makes p a r t i t i o n to h idden t e s t s e t and cv s e t
3 # sav e s f i l e s i n s vm l i g h t fo rmat
4 import os
5 import pdb
6

7 import n l t k
8 import numpy as np
9 import math

10

11 from n l t k . stem import ∗
12 from s k l e a r n . d a t a s e t s import dump_svml ight_f i l e
13 from s k l e a r n . c r o s s_ v a l i d a t i o n import S t r a t i f i e dKF o l d
14 from s k l e a r n . f e a t u r e_ e x t r a c t i o n . t e x t import Coun tVec t o r i z e r
15 from s k l e a r n . p r e p r o c e s s i n g import no rma l i z e
16 from s c i p y . s p a r s e import c s r_mat r i x
17

18 # f u n c t i o n s f o r TF−IDF model
19 def t f ( co rpus ) :
20 return no rma l i z e ( corpus , norm=' l 1 ' , a x i s =1)
21

22 def num_docs_containing ( index_word , co rpus ) :
23 return co rpus [ : , index_word ] . i n d i c e s . shape [ 0 ]
24

25 def i d f ( corpus , c o rpu s_ labe l s , method ) :
26 i d f_data = np . z e r o s ( ( 1 , co rpus . shape [ 1 ] ) , d type=np . f l o a t )
27 i f method == " de l t a−t " or method == " de l t a−t−" :
28 i n d i c e s_ p o s i t i v e = np . where ( c o r pu s_ l a b e l s == −1) [ 0 ]
29 i n d i c e s_n e g a t i v e = np . where ( c o r p u s_ l a b e l s == 1) [ 0 ]
30 N_pos i t i v e = l en ( i n d i c e s_ p o s i t i v e )
31 N_negative = l en ( i n d i c e s_n e g a t i v e )
32 fo r i in xrange ( i d f_data . shape [ 1 ] ) :
33 d f_po s i t i v e = f l o a t ( num_docs_containing ( i ,

co rpus [ i n d i c e s_p o s i t i v e , ] ) )
34 d f_nega t i v e = f l o a t ( num_docs_containing ( i ,

co rpus [ i n d i c e s_nega t i v e , ] ) )
35 i f method == " de l t a−t " :
36 i d f_data [ 0 , i ] = math . l o g ( ( N_pos i t i v e ∗ d f_nega t i v e )

/ \
37 ( N_negative ∗ d f_po s i t i v e ) )
38 e l s e :
39 i d f_data [ 0 , i ] = math . l o g ( ( N_pos i t i v e ∗ d f_nega t i v e

+ \
40 0 . 5 ) / ( N_negative ∗ d f_po s i t i v e +

0 . 5 ) )
41 e l i f method == "n" :
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42 fo r i in xrange ( i d f_data . shape [ 1 ] ) :
43 i d f_data [ 0 , i ] = f l o a t ( num_docs_containing ( i , co rpus ) )
44 e l i f method == " t " :
45 fo r i in xrange ( i d f_data . shape [ 1 ] ) :
46 i d f_data [ 0 , i ] = math . l o g ( co rpus . shape [ 0 ] / \
47 f l o a t ( num_docs_containing ( i , co rpus ) ) )
48 e l i f method == "p" or method == "k" :
49 fo r i in xrange ( i d f_data . shape [ 1 ] ) :
50 d f = f l o a t ( num_docs_containing ( i , co rpus ) )
51 i f method == "p" :
52 i d f_data [ 0 , i ] = math . l o g ( ( co rpus . shape [ 0 ] − d f ) /

d f )
53 e l s e :
54 i d f_data [ 0 , i ] = math . l o g ( ( co rpus . shape [ 0 ] − d f +

0 . 5 ) /\
55 ( d f + 0 . 5 ) )
56 e l i f method == " de l t a−k" :
57 i n d i c e s_ p o s i t i v e = np . where ( c o r pu s_ l a b e l s == −1) [ 0 ]
58 i n d i c e s_n e g a t i v e = np . where ( c o r p u s_ l a b e l s == 1) [ 0 ]
59 N_pos i t i v e = l en ( i n d i c e s_ p o s i t i v e )
60 N_negative = l en ( i n d i c e s_n e g a t i v e )
61 fo r i in xrange ( i d f_data . shape [ 1 ] ) :
62 d f_po s i t i v e = f l o a t ( num_docs_containing ( i ,

co rpus [ i n d i c e s_p o s i t i v e , ] ) )
63 d f_nega t i v e = f l o a t ( num_docs_containing ( i ,

co rpus [ i n d i c e s_nega t i v e , ] ) )
64 i d f_data [ 0 , i ] = math . l o g ( ( ( N_pos i t i v e − d f_po s i t i v e + \
65 0 . 5 ) ∗ d f_nega t i v e + 0 . 5 ) / \
66 ( ( N_negative − d f_nega t i v e + 0 . 5 ) ∗ \
67 d f_po s i t i v e + 0 . 5 ) )
68 return i d f_data
69

70 def t f_ i d f ( data_set , id f_data , method ) :
71 d = cs r_mat r i x ( data_set . shape )
72 t f_data = t f ( data_set )
73 i f method == "n" :
74 fo r i in xrange ( data_set . shape [ 0 ] ) :
75 i n d i c e s = data_set [ i , ] . i n d i c e s
76 fo r i n d in i n d i c e s :
77 d [ i , i nd ] = tf_data [ i , i nd ] ∗ i d f_data [ 0 , i nd ]
78 e l i f method == " l " :
79 fo r i in xrange ( data_set . shape [ 0 ] ) :
80 i n d i c e s = data_set [ i , ] . i n d i c e s
81 fo r i n d in i n d i c e s :
82 d [ i , i nd ] = (1 + math . l o g ( t f_data [ i , i nd ] ) ) ∗ \
83 i d f_data [ 0 , i nd ]
84 e l i f method == "a" :
85 max_t = [ t f_data [ : , i ] .max( ) fo r i in

xrange ( t f_data . shape [ 1 ] ) ]
86 fo r i in xrange ( data_set . shape [ 0 ] ) :
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87 i n d i c e s = data_set [ i , ] . i n d i c e s
88 fo r i n d in i n d i c e s :
89 d [ i , i nd ] = (0 . 5 + 0 .5 ∗ t f_data [ i , i nd ] /

max_t [ i nd ] ) ∗\
90 i d f_data [ 0 , i nd ]
91 e l i f method == "o" :
92 avg_dl = data_set . sum ( ) / data_set . shape [ 0 ]
93 k1 = 1 .2
94 b = 0.95
95 fo r i in xrange ( data_set . shape [ 0 ] ) :
96 i n d i c e s = data_set [ i , ] . i n d i c e s
97 dl_to_avg = data_set [ i , ] . sum ( ) / avg_dl
98 fo r i n d in i n d i c e s :
99 t f_ ind = ( k1 + 1) ∗ t f_data [ i , i nd ] / \

100 ( k1 ∗ (1 − b + b ∗ dl_to_avg ) + \
101 t f_data [ i , i nd ] )
102 d [ i , i nd ] = t f_ ind ∗ i d f_data [ 0 , i nd ]
103

104 return d
105 # read i n g f i l e from XML format
106 f o l d e r = "dvd"
107 f = open ( " . . / d a t a s e t /" + f o l d e r + "/ p o s i t i v e . t x t " , " r " )
108 tmp = ""
109 data = [ ]
110 i t s_ t e x t = Fa l s e
111 end_of_text = Fa l s e
112 fo r l i n e in f :
113 i f l i n e == '<rev i ew_text >\n ' :
114 i t s_ t e x t = True
115 continue

116 i f l i n e == '</rev i ew_text >\n ' :
117 end_of_text = True
118 i f i t s_ t e x t and not end_of_text :
119 tmp = tmp + l i n e
120 i f end_of_text :
121 data . append ( tmp)
122 tmp = ""
123 end_of_text = Fa l s e
124 i t s_ t e x t = Fa l s e
125 f . c l o s e ( )
126 #stemming
127 stemmer = PorterStemmer ( )
128 fo r i in xrange ( l en ( data ) ) :
129 do c_ l i s t = n l t k . word_token ize ( data [ i ] )
130 stemmed_doc = [ stemmer . stem ( word ) fo r word in do c_ l i s t ]
131 data [ i ] = " " . j o i n ( stemmed_doc )
132 l a b e l s = np . conca t ena t e ((−1 ∗ np . ones (1000) , np . ones (1000) ) )
133 # de f i n e pa ramete r s
134 params = {}
135 params [ "ngram" ] = (1 , 1 )
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136 params [ "min_df" ] = 7
137 params [ "max_df" ] = 0 .9
138 params [ " b i n " ] = True
139 params [ "method" ] = "TF−IDF"
140 params [ "norm" ] = " l 2 "
141 params [ " t f " ] = "a"
142 params [ " i d f " ] = " t "
143 # f o r s e n t iwo r d model
144 i f params [ "method" ] == " s en t iwo r d_s t r u c t " :
145 c = Coun tVe c t o r i z e r ( b i n a r y=params [ " b i n " ] ,

ngram_range=params [ "ngram" ] , \
146 min_df=params [ "min_df" ] , stop_words=None ,
147 t o k e n i z e r=n l t k . word_tokenize ,

max_df=params [ "max_df" ] )
148 data = c . f i t_ t r a n s f o rm ( data )
149 feature_names = c . get_feature_names ( )
150 pos_score = [ ]
151 fo r f in feature_names :
152 pos = 0
153 s y n s e t = swn . s e n t i_ s y n s e t s ( f [ 0 ] )
154 fo r s in s y n s e t :
155 pos = pos + s . pos_score ( )
156 i f len ( s y n s e t ) != 0 :
157 pos = pos / l en ( s y n s e t )
158 pos_score . append ( pos )
159 data = data . a s t yp e ( np . f l o a t )
160 fo r i in xrange ( data_vec . shape [ 0 ] ) :
161 i n d = data [ i , : ] . i n d i c e s
162 fo r i n d e x in i n d :
163 data [ i , i n d e x ] = ( pos_score [ i n d e x ] )
164 # sub f o l d e r , where the data w i l l be saved to
165 s u b f o l d e r = s t r ( params [ " b i n " ] ) + s t r ( params [ "ngram" ] ) + \
166 s t r ( params [ "min_df" ] )
167 i f params [ "method" ] == "TF−IDF" :
168 s u b f o l d e r = s t r ( params [ " t f " ] ) + s t r ( params [ " i d f " ] ) + "_" + \
169 s t r ( params [ "min_df" ] ) + s t r ( params [ "ngram" ] )
170 e l i f params [ "method" ] == " sent iment−s t r u c t u r a l " :
171 s u b f o l d e r = s t r ( " sent iment−s t r u c t u r a l " + params [ " b i n " ] ) + \
172 s t r ( params [ "ngram" ] ) + s t r ( params [ "min_df" ] )
173 s u b f o l d e r = ' ' . j o i n ( s u b f o l d e r . s p l i t ( ) )
174 i f not os . path . e x i s t s ( "data_vw/" + f o l d e r + "/" + s u b f o l d e r ) :
175 os . mkdir ( "data_vw/" + f o l d e r + "/" + s u b f o l d e r )
176

177 # hidden s e t p a r t i t i o n
178 t e s t_ index = set ( range (200) + range (1000 , 1200) )
179 t r a i n_ i nd e x = set ( range (2000) ) − t e s t_ index
180 h i d e_t r a i n = [ data [ i ] fo r i in t r a i n_ i nd e x ]
181 h i d e_te s t = [ data [ i ] fo r i in t e s t_ index ]
182 y_t ra i n = [ l a b e l s [ i ] fo r i in t r a i n_ i nd e x ]
183 y_test = [ l a b e l s [ i ] fo r i in t e s t_ index ]
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184 c = Coun tVe c t o r i z e r ( b i n a r y=params [ " b i n " ] ,
ngram_range=params [ "ngram" ] , \

185 min_df=params [ "min_df" ] , \
186 stop_words=None , t o k e n i z e r=n l t k . word_tokenize , \
187 max_df=params [ "max_df" ] )
188 h i d e_t r a i n = c . f i t_ t r a n s f o rm ( h i d e_t r a i n )
189 h i d e_te s t = c . t r an s f o rm ( h i d e_te s t )
190 h i d e_t r a i n = h i d e_t r a i n . a s t yp e ( np . f l o a t )
191 h i d e_te s t = h i d e_te s t . a s t yp e ( np . f l o a t )
192 i f params [ "method" ] == "TF−IDF" :
193 i d f_data = i d f ( h i d e_t ra i n , y_tra in , params [ " i d f " ] )
194 h i d e_t r a i n = t f_ i d f ( h i d e_t ra i n , id f_data , params [ " t f " ] )
195 h i d e_te s t = t f_ i d f ( h ide_tes t , id f_data , params [ " t f " ] )
196 # sav i n g r e s u l t s
197 dump_svml ight_f i l e ( h i d e_t ra i n , y_tra in , f="data_vw/" + f o l d e r + "/" +
198 s u b f o l d e r + "/ h i d e_t r a i n . t x t " , zero_based=Fa l s e )
199 dump_svml ight_f i l e ( h ide_tes t , y_test , f="data_vw/" + f o l d e r + "/" +
200 s u b f o l d e r + "/ h i d e_te s t . t x t " , zero_based=Fa l s e )
201 i f params [ "norm" ] != " l 2 " :
202 t r a i n_no rma l i z e d = no rma l i z e ( h i d e_t ra i n , norm=params [ "norm" ] ,

a x i s =1)
203 t e s t_no rma l i z ed = no rma l i z e ( h ide_tes t , norm=params [ "norm" ] ,

a x i s =1)
204 dump_svml ight_f i l e ( t r a i n_no rma l i z ed , y_tra in , f="data_vw/" +
205 f o l d e r + "/" + s u b f o l d e r + "/" +

params [ "norm" ] +
206 "_hid_tra in . t x t " , zero_based=Fa l s e )
207 dump_svml ight_f i l e ( t e s t_norma l i z ed , y_test , f="data_vw/" +
208 f o l d e r + "/" + s u b f o l d e r + "/" +

params [ "norm" ] +
209 "_hid_test . t x t " , zero_based=Fa l s e )
210 # cv p a r t i t i o n on 8 f o l d s
211 i n d e x e s = set ( range (0 , 2000) ) − set ( t e s t_ index )
212 data_cut = [ data [ i ] fo r i in i n d e x e s ]
213 l a b e l s_cu t = [ l a b e l s [ i ] fo r i in i n d e x e s ]
214 s k f = S t r a t i f i e dKF o l d ( l abe l s_cu t , 8 , random_state=1)
215 n_fold = 0
216 fo r t r a i n_ index , t e s t_ index in s k f :
217 n_fold = n_fold + 1
218 X_train = [ data_cut [ i ] fo r i in t r a i n_ i nd e x ]
219 X_test = [ data_cut [ i ] fo r i in t e s t_ index ]
220 y_t ra i n = [ l a b e l s_cu t [ i ] fo r i in t r a i n_ i nd e x ]
221 y_test = [ l a b e l s_cu t [ i ] fo r i in t e s t_ index ]
222 c = Coun tVe c t o r i z e r ( b i n a r y=params [ " b i n " ] , \
223 ngram_range=params [ "ngram" ] , \
224 min_df=params [ "min_df" ] , \
225 stop_words=None ,

t o k e n i z e r=n l t k . word_tokenize , \
226 max_df=params [ "max_df" ] )
227 t r a i n_ s e t = c . f i t_ t r a n s f o rm ( X_tra in )
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228 t e s t_s e t = c . t r an s f o rm ( X_test )
229 t r a i n_ s e t = t r a i n_ s e t . a s t yp e ( np . f l o a t )
230 t e s t_s e t = t e s t_s e t . a s t yp e ( np . f l o a t )
231 i f params [ "method" ] == "TF−IDF" :
232 i d f_data = i d f ( t r a i n_se t , y_tra in , params [ " i d f " ] )
233 t r a i n_ s e t = t f_ i d f ( t r a i n_se t , id f_data , params [ " t f " ] )
234 t e s t_s e t = t f_ i d f ( t e s t_se t , id f_data , params [ " t f " ] )
235 dump_svml ight_f i l e ( t r a i n_se t , y_tra in , f="data_vw/" + f o l d e r +
236 "/" + s u b f o l d e r + "/ t r a i n " + s t r ( n_fo ld ) +
237 " . t x t " , zero_based=Fa l s e )
238 dump_svml ight_f i l e ( t e s t_se t , y_test , f="data_vw/" + f o l d e r + "/"

+
239 s u b f o l d e r + "/ t e s t " + s t r ( n_fo ld ) + " . t x t " ,\
240 zero_based=Fa l s e )
241 i f params [ "norm" ] != "none" :
242 t r a i n_no rma l i z e d = no rma l i z e ( t r a i n_se t , norm=params [ "norm" ] ,

\
243 a x i s =1)
244 t e s t_no rma l i z ed = no rma l i z e ( t e s t_se t , norm=params [ "norm" ] , \
245 a x i s =1)
246 dump_svml ight_f i l e ( t r a i n_no rma l i z ed , y_tra in , f="data_vw/" +
247 f o l d e r + "/" + s u b f o l d e r + "/" +
248 params [ "norm" ] + "_tra in " +
249 s t r ( n_fo ld ) + " . t x t " , zero_based=Fa l s e )
250 dump_svml ight_f i l e ( t e s t_norma l i z ed , y_test , f="data_vw/" +
251 f o l d e r + "/" + s u b f o l d e r + "/" +
252 params [ "norm" ] + "_test " +
253 s t r ( n_fo ld ) + " . t x t " , zero_based=Fa l s e )

Listing 2: Ìîäóëü äëÿ ïðîâåäåíèÿ êëàññèôèêàöèè ñ ïîìîùüþ NB

1 #makes NB c l a s s i f i c a t i o n
2 import numpy as np
3 import pdb
4

5 from s k l e a r n . d a t a s e t s import l o a d_s vm l i g h t_ f i l e
6 from s k l e a r n . svm import LinearSVC
7 from s k l e a r n . na ive_bayes import Mult inomia lNB
8 from use r_log import l o g
9

10 f o l d e r = "data_vw/dvd"
11 params = {}
12 params [ "ngram" ] = (1 , 1 )
13 params [ "min_df" ] = 7
14 params [ "max_df" ] = 0 .9
15 params [ " b i n " ] = True
16 params [ "method" ] = "TF−IDF"
17 params [ "norm" ] = " l 2 "
18 params [ " t f " ] = "a"
19 params [ " i d f " ] = " t "
20 # su b f o l d e r w i th the s t o r e d data
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21 s u b f o l d e r = s t r ( params [ " b i n " ] ) + s t r ( params [ "ngram" ] ) + \
22 s t r ( params [ "min_df" ] )
23 i f params [ "method" ] == "TF−IDF" :
24 s u b f o l d e r = s t r ( params [ " t f " ] ) + s t r ( params [ " i d f " ] ) + "_" + \
25 s t r ( params [ "min_df" ] ) + s t r ( params [ "ngram" ] )
26 e l i f params [ "method" ] == " sent iment−s t r u c t u r a l " :
27 s u b f o l d e r = s t r ( " sent iment−s t r u c t u r a l " + params [ " b i n " ] ) + \
28 s t r ( params [ "ngram" ] ) + s t r ( params [ "min_df" ] )
29 s u b f o l d e r = ' ' . j o i n ( s u b f o l d e r . s p l i t ( ) )
30 p r e c i s i o n = [ ]
31 prec i s i on_norm = [ ]
32 p r e c i s i o n_h i d e = [ ]
33 t r a i n_se t , y_t ra i n = l o a d_s vm l i g h t_ f i l e ( f o l d e r + "/" + s u b f o l d e r +
34 "/ h i d_t r a i n . t x t " , zero_based=Fa l s e )
35 t e s t_se t , y_test = l o a d_s vm l i g h t_ f i l e ( f o l d e r + "/" + s u b f o l d e r +
36 "/ h i d_te s t . t x t " , zero_based=Fa l s e , \
37 n_fea tu r e s=t r a i n_ s e t . shape [ 1 ] )
38 c l = Mult inomia lNB ( ) . f i t ( t r a i n_se t , y_t ra i n )
39 p r e d i c t e d_ l a b e l s = c l . p r e d i c t ( t e s t_s e t )
40 tmp = 100 ∗ f l o a t (sum( p r e d i c t e d_ l a b e l s == y_test ) ) / l en ( y_test )
41 p r e c i s i o n_h i d e . append ( tmp)
42 i f params [ "norm" ] != "none" :
43 t r a i n_se t , y_t ra i n = l o a d_s vm l i g h t_ f i l e ( f o l d e r + "/" + s u b f o l d e r

+
44 "/" + params [ "norm" ] + "_hid_tra in . t x t " )
45 t e s t_se t , y_test = l o a d_s vm l i g h t_ f i l e ( f o l d e r + "/" + s u b f o l d e r +
46 "/" + params [ "norm" ] + "_hid_test . t x t " , \
47 zero_based=Fa l s e ,

n_fea tu r e s=t r a i n_ s e t . shape [ 1 ] )
48 c l = Mult inomia lNB ( ) . f i t ( t r a i n_se t , y_t ra i n )
49 p r e d i c t e d_ l a b e l s = c l . p r e d i c t ( t e s t_s e t )
50 tmp = 100 ∗ f l o a t (sum( p r e d i c t e d_ l a b e l s == y_test ) ) / l en ( y_test )
51 p r e c i s i o n_h i d e . append ( tmp)
52 fo r i in range ( 1 , 9 ) :
53 t r a i n_se t , y_t ra i n = l o a d_s vm l i g h t_ f i l e ( f o l d e r + "/" +
54 s u b f o l d e r + "/ t r a i n " + s t r ( i ) + " . t x t " , \
55 zero_based=Fa l s e )
56 t e s t_se t , y_test = l o a d_s vm l i g h t_ f i l e ( f o l d e r + "/" +
57 s u b f o l d e r + "/ t e s t " + s t r ( i ) + " . t x t " , \
58 zero_based=Fa l s e , \
59 n_fea tu r e s=t r a i n_ s e t . shape [ 1 ] )
60 c l = Mult inomia lNB ( ) . f i t ( t r a i n_se t , y_t ra i n )
61 p r e d i c t e d_ l a b e l s = c l . p r e d i c t ( t e s t_s e t )
62 tmp = 100 ∗ f l o a t (sum( p r e d i c t e d_ l a b e l s == y_test ) ) / l en ( y_test )
63 p r e c i s i o n . append ( tmp)
64 i f params [ "norm" ] != "none" :
65 t r a i n_se t , y_t ra i n = l o a d_s vm l i g h t_ f i l e ( f o l d e r + "/" +
66 s u b f o l d e r + "/" + params [ "norm" ] +
67 "_t ra in " + s t r ( i ) + " . t x t " , \
68 zero_based=Fa l s e )
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69 t e s t_se t , y_test = l o a d_s vm l i g h t_ f i l e ( f o l d e r + "/" +
70 s u b f o l d e r + "/" + params [ "norm" ] +
71 "_test " + s t r ( i ) + " . t x t " ,

zero_based=Fa l s e , \
72 n_fea tu r e s=t r a i n_ s e t . shape [ 1 ] )
73 c l = Mult inomia lNB ( ) . f i t ( t r a i n_se t , y_t ra i n )
74 p r e d i c t e d_ l a b e l s = c l . p r e d i c t ( t e s t_s e t )
75 tmp = 100 ∗ f l o a t (sum( p r e d i c t e d_ l a b e l s == y_test ) ) / \
76 l en ( y_test )
77 prec i s i on_norm . append ( tmp)

Listing 3: Ìîäóëü äëÿ ïðîâåäåíèÿ êëàññèôèêàöèè ñ ïîìîùüþ SVM

1 # makes svm c l a s s i f i c a t i o n
2 import numpy as np
3 import pdb
4

5 from s k l e a r n . d a t a s e t s import l o a d_s vm l i g h t_ f i l e
6 from s k l e a r n . svm import LinearSVC
7 from s k l e a r n . svm import SVC
8 from use r_log import l o g
9

10 f o l d e r = "data_vw/dvd"
11 #de f i n e pa ramete r s
12 params = {}
13 params [ "ngram" ] = (1 , 1 )
14 params [ "min_df" ] = 7
15 params [ "max_df" ] = 0 .9
16 params [ " b i n " ] = True
17 params [ "method" ] = "TF−IDF"
18 params [ "norm" ] = " l 2 "
19 params [ " t f " ] = "a"
20 params [ " i d f " ] = " t "
21 # su b f o l d e r w i th the s t o r e d data
22 s u b f o l d e r = s t r ( params [ " b i n " ] ) + s t r ( params [ "ngram" ] ) + \
23 s t r ( params [ "min_df" ] )
24 i f params [ "method" ] == "TF−IDF" :
25 s u b f o l d e r = s t r ( params [ " t f " ] ) + s t r ( params [ " i d f " ] ) + "_" + \
26 s t r ( params [ "min_df" ] ) + s t r ( params [ "ngram" ] )
27 e l i f params [ "method" ] == " sent iment−s t r u c t u r a l " :
28 s u b f o l d e r = s t r ( " sent iment−s t r u c t u r a l " + params [ " b i n " ] ) + \
29 s t r ( params [ "ngram" ] ) + s t r ( params [ "min_df" ] )
30 s u b f o l d e r = ' ' . j o i n ( s u b f o l d e r . s p l i t ( ) )
31 p r e c i s i o n = [ ]
32 prec i s i on_norm = [ ]
33 p r e c i s i o n_h i d e = [ ]
34 CS = [ 0 . 0 1 , 0 . 05 , 0 . 1 , 0 . 2 , 0 . 5 , 1 , 1 . 5 , 2 ]
35 fo r co e f in CS :
36 p r e c i s i o n_c = [ ]
37 p r e c i s i on_ l1_c = [ ]
38 p r e c i s i on_ l2_c = [ ]
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39 p r e c i s i on_h ide_c = [ ]
40 t r a i n_se t , y_t ra i n = l o a d_s vm l i g h t_ f i l e ( f o l d e r + "/" + s u b f o l d e r

+
41 "/ h i d_t r a i n . t x t " , zero_based=Fa l s e )
42 t e s t_se t , y_test = l o a d_s vm l i g h t_ f i l e ( f o l d e r + "/" + s u b f o l d e r

+
43 "/ h i d_te s t . t x t " , zero_based=Fa l s e , \
44 n_fea tu r e s=t r a i n_ s e t . shape [ 1 ] )
45 c l = LinearSVC (C=coe f ) . f i t ( t r a i n_se t , y_t ra i n )
46 #c l = SVC(C=coef , gamma=gamma_coef ) . f i t ( t r a i n_se t , y_t ra i n )
47 p r e d i c t e d_ l a b e l s = c l . p r e d i c t ( t e s t_s e t )
48 tmp = 100 ∗ f l o a t (sum( p r e d i c t e d_ l a b e l s == y_test ) ) / l en ( y_test )
49 p r e c i s i on_h ide_c . append ( tmp)
50 i f params [ "norm" ] != "none" :
51 t r a i n_se t , y_t ra i n = l o a d_s vm l i g h t_ f i l e ( f o l d e r + "/" +
52 s u b f o l d e r + "/" + params [ "norm" ] +
53 "_hid_tra in . t x t " )
54 t e s t_se t , y_test = l o a d_s vm l i g h t_ f i l e ( f o l d e r + "/" +

s u b f o l d e r +
55 "/" + params [ "norm" ] + "_hid_test . t x t " , \
56 zero_based=Fa l s e ,

n_fea tu r e s=t r a i n_ s e t . shape [ 1 ] )
57 c l = LinearSVC (C=coe f ) . f i t ( t r a i n_se t , y_t ra i n )
58 #c l = SVC(C=coef , gamma=gamma_coef ) . f i t ( t r a i n_se t , y_t ra i n )
59 p r e d i c t e d_ l a b e l s = c l . p r e d i c t ( t e s t_s e t )
60 tmp = 100 ∗ f l o a t (sum( p r e d i c t e d_ l a b e l s == y_test ) ) /

l en ( y_test )
61 p r e c i s i on_h ide_c . append ( tmp)
62 fo r i in range ( 1 , 9 ) :
63 t r a i n_se t , y_t ra i n = l o a d_s vm l i g h t_ f i l e ( f o l d e r + "/" +
64 s u b f o l d e r + "/ t r a i n " + s t r ( i ) + " . t x t " ,

\
65 zero_based=Fa l s e )
66 t e s t_se t , y_test = l o a d_s vm l i g h t_ f i l e ( f o l d e r + "/" +
67 s u b f o l d e r + "/ t e s t " + s t r ( i ) + " . t x t " , \
68 zero_based=Fa l s e , \
69 n_fea tu r e s=t r a i n_ s e t . shape [ 1 ] )
70 c l = LinearSVC (C=coe f ) . f i t ( t r a i n_se t , y_t ra i n )
71 #c l = SVC(C=coef , gamma=gamma_coef ) . f i t ( t r a i n_se t , y_t ra i n )
72 p r e d i c t e d_ l a b e l s = c l . p r e d i c t ( t e s t_s e t )
73 tmp = 100 ∗ f l o a t (sum( p r e d i c t e d_ l a b e l s == y_test ) ) /

l en ( y_test )
74 p r e c i s i o n_c . append ( tmp)
75 i f params [ "norm" ] != "none" :
76 t r a i n_se t , y_t ra i n = l o a d_s vm l i g h t_ f i l e ( f o l d e r + "/" +
77 s u b f o l d e r + "/" + params [ "norm" ] +
78 "_t ra in " + s t r ( i ) + " . t x t " , \
79 zero_based=Fa l s e )
80 t e s t_se t , y_test = l o a d_s vm l i g h t_ f i l e ( f o l d e r + "/" +
81 s u b f o l d e r + "/" + params [ "norm" ] +
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82 "_test " + s t r ( i ) + " . t x t " , \
83 zero_based=Fa l s e , \
84 n_fea tu r e s=t r a i n_ s e t . shape [ 1 ] )
85 c l = LinearSVC (C=coe f ) . f i t ( t r a i n_se t , y_t ra i n )
86 #c l = SVC(C=coef , gamma=gamma_coef ) . f i t ( t r a i n_se t ,

y_t ra i n )
87 p r e d i c t e d_ l a b e l s = c l . p r e d i c t ( t e s t_s e t )
88 tmp = 100 ∗ f l o a t (sum( p r e d i c t e d_ l a b e l s == y_test ) ) / \
89 l en ( y_test )
90 prec i s ion_norm_c . append ( tmp)
91 p r e c i s i o n . append (sum( p r e c i s i o n_c ) / l en ( p r e c i s i o n_c ) )
92 prec i s i on_norm . append (sum( prec i s ion_norm_c ) /

l en ( prec i s ion_norm_c ) )
93 p r e c i s i o n_h i d e . append (sum( p r e c i s i on_h ide_c ) /

l en ( p r e c i s i on_h ide_c ) )

Listing 4: Ìîäóëü äëÿ ïðîâåäåíèÿ ýêñïåðèìåíòîâ ñ êîìïîçèöåé àëãîðèòìîâ ÷åðåç ãîëîñîâàíèå

1 # makes compos i t i on by v o t i n g
2 import s y s
3 import pdb
4

5 import numpy as np
6

7 from s k l e a r n . c r o s s_ v a l i d a t i o n import S t r a t i f i e dKF o l d
8 from s k l e a r n . svm import LinearSVC
9 from s k l e a r n . svm import SVC

10

11 #f o l d e r s t ha t c on t a i n b e s t p r e d i c t i o n s
12 best_ps = [ "ot_3 (2 , 2 ) " , "nt_3 (2 , 2 ) " , "True (1 , 4 ) 3" ]
13 f o l d e r = "data_vw/books /"
14 n_pred i c t ed = 200
15 p s_ f o l d e r s = [ ]
16 fo r i in xrange (8 ) :
17 p s_ f o l d e r s . append ( np . z e r o s ( ( n_pred ic ted , l en ( best_ps ) ) ) )
18 ps_hid = np . z e r o s ( ( n_pred i c t ed ∗ 2 , l en ( best_ps ) ) )
19 fo r i in xrange ( l en ( best_ps ) ) :
20 f = open ( f o l d e r + best_ps [ i ] + "/nb/ p r e d i c t i o n s . t x t " )
21 p r e d i c t e d = [ ]
22 fo r l i n e in f :
23 i n d e x = l i n e . i n d e x ( ' : ' ) + 1
24 l i n e = l i n e [ i n d e x : l en ( l i n e ) − 1 ]
25 tmp = 1 − 2 ∗ ( f l o a t ( l i n e ) > 0 . 5 )
26 p r e d i c t e d . append ( tmp)
27 f . c l o s e ( )
28 ps_hid [ : , i ] = p r e d i c t e d
29 fo r j in xrange (8 ) :
30 f = open ( f o l d e r + best_ps [ i ] + "/nb/ p r e d i c t i o n s_ f o l d " +
31 s t r ( j + 1) + " . t x t " )
32 p r e d i c t e d = [ ]
33 fo r l i n e in f :
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34 i n d e x = l i n e . i n d e x ( ' : ' ) + 1
35 l i n e = l i n e [ i n d e x : l en ( l i n e ) − 1 ]
36 tmp = 1 − 2 ∗ ( f l o a t ( l i n e ) > 0 . 5 )
37 p r e d i c t e d . append ( tmp)
38 f . c l o s e ( )
39 p s_ f o l d e r s [ j ] [ : , i ] = p r e d i c t e d
40

41 p r e c i s i o n = [ ]
42 t r u e_ l a b e l s = np . conca t ena t e ((−1 ∗ np . ones ( l en ( p r e d i c t e d ) / 2) , \
43 np . ones ( l en ( p r e d i c t e d ) / 2) ) )
44 fo r f o l d in p s_ f o l d e r s :
45 p r e d i c t e d = np . a r r a y ( f o l d . sum(1 ) )
46 p r e d i c t e d [ np . where ( p r e d i c t e d > 0) ] = 1
47 p r e d i c t e d [ np . where ( p r e d i c t e d < 0) ] = −1
48 p r e c i s i o n . append (100 ∗ f l o a t (sum( p r e d i c t e d == t r u e_ l a b e l s ) ) / \
49 l en ( t r u e_ l a b e l s ) )
50

51 p r e d i c t e d = np . a r r a y ( ps_hid . sum(1 ) )
52 t r u e_ l a b e l s = np . conca t ena t e ((−1 ∗ np . ones ( l en ( p r e d i c t e d ) / 2) , \
53 np . ones ( l en ( p r e d i c t e d ) / 2) ) )
54 p r e d i c t e d [ np . where ( p r e d i c t e d > 0) ] = 1
55 p r e d i c t e d [ np . where ( p r e d i c t e d < 0) ] = −1
56 p r e c i s i o n_h i d e = f l o a t (100 ∗ sum( p r e d i c t e d == t r u e_ l a b e l s ) ) / \
57 l en ( t r u e_ l a b e l s )
58 p r e c i s i o n = sum( p r e c i s i o n ) / l en ( p r e c i s i o n )

Listing 5: Ìîäóëü äëÿ ïðîâåäåíèÿ ýêñïåðèìåíòîâ ñ êîìïîçèöåé àëãîðèòìîâ NB + SVM

1 # makes compos i t i on o f NB and SVM
2 import numpy as np
3 import pdb
4

5 from s k l e a r n . svm import LinearSVC
6 from s k l e a r n . svm import SVC
7

8 best_ps = [ "True (1 , 3 ) 3" , "True (1 , 4 ) 3" , "ot_3 (2 , 2 ) " , "nt_3 (2 , 2 ) " ]
9 f o l d e r = "data_vw/books /"

10 name = " f o l d "
11 hide_name = " h id "
12 n_pred i c t ed = 200
13 p s_ f o l d e r s = [ ]
14 fo r i in xrange (8 ) :
15 p s_ f o l d e r s . append ( np . z e r o s ( ( n_pred ic ted , l en ( best_ps ) ) ) )
16

17 ps_hid = np . z e r o s ( ( n_pred i c t ed ∗ 2 , l en ( best_ps ) ) )
18 fo r i in xrange ( l en ( best_ps ) ) :
19 f = open ( f o l d e r + best_ps [ i ] + "/nb/" + hid_name + " . t x t " )
20 p r e d i c t e d = [ ]
21 fo r l i n e in f :
22 i n d e x = l i n e . i n d e x ( ' : ' ) + 1
23 l i n e = l i n e [ i n d e x : l en ( l i n e ) − 1 ]
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24 tmp = f l o a t ( l i n e )
25 p r e d i c t e d . append ( tmp)
26 f . c l o s e ( )
27 ps_hid [ : , i ] = p r e d i c t e d
28 fo r j in xrange (8 ) :
29 f = open ( f o l d e r + best_ps [ i ] + "/nb/" + \
30 name + s t r ( j + 1) + " . t x t " )
31 p r e d i c t e d = [ ]
32 fo r l i n e in f :
33 i n d e x = l i n e . i n d e x ( ' : ' ) + 1
34 l i n e = l i n e [ i n d e x : l en ( l i n e ) − 1 ]
35 tmp = f l o a t ( l i n e )
36 p r e d i c t e d . append ( tmp)
37 f . c l o s e ( )
38 p s_ f o l d e r s [ j ] [ : , i ] = p r e d i c t e d
39

40 p r e c i s i o n = [ ]
41 p r e c i s i o n_h i d e = [ ]
42 CS = [ 0 . 0 0 1 , 0 . 01 , 0 . 05 , 0 . 1 , 0 . 5 , 1 , 2 ]
43 fo r co e f in CS :
44 t r u e_ l a b e l s = np . conca t ena t e ((−1 ∗ np . ones ( l en ( p r e d i c t e d ) / 2) , \
45 np . ones ( l en ( p r e d i c t e d ) / 2) ) )
46 p r e c i s i o n_c = [ ]
47 t e s t_ index = range ( n_pred i c t ed / 4) + \
48 range ( n_pred i c t ed / 2 , 3 ∗ n_pred i c ted / 4)
49 t r a i n_ i nd e x = range ( n_pred i c t ed / 4 , n_pred i c t ed / 2) + \
50 range ( n_pred i c t ed ∗ 3 / 4 , n_pred i c t ed )
51 fo r f o l d in p s_ f o l d e r s :
52 t r a i n_ s e t = f o l d [ t r a i n_ index , : ]
53 t e s t_s e t = f o l d [ t e s t_ index , : ]
54 y_tra in , y_test = t r u e_ l a b e l s [ t r a i n_ i nd e x ] ,

t r u e_ l a b e l s [ t e s t_ index ]
55 c l = LinearSVC (C=coe f ) . f i t ( t r a i n_se t , y_t ra i n )
56 p r e d i c t e d_ l a b e l s = c l . p r e d i c t ( t e s t_s e t )
57 tmp = f l o a t (sum( p r e d i c t e d_ l a b e l s == y_test ) ) / l en ( y_test )
58 p r e c i s i o n_c . append ( tmp)
59 p r e c i s i o n . append (100 ∗ sum( p r e c i s i o n_c ) / l en ( p r e c i s i o n_c ) )
60 t r u e_ l a b e l s = np . conca t ena t e ((−1 ∗ np . ones ( l en ( p r e d i c t e d ) ) , \
61 np . ones ( l en ( p r e d i c t e d ) ) ) )
62 n_pred i c t ed = l en ( t r u e_ l a b e l s )
63 t e s t_ index = range ( n_pred i c t ed / 4) + \
64 range ( n_pred i c t ed / 2 , 3 ∗ n_pred i c ted / 4)
65 t r a i n_ i nd e x = range ( n_pred i c t ed / 4 , n_pred i c t ed / 2) + \
66 range ( n_pred i c t ed ∗ 3 / 4 , n_pred i c t ed )
67 h id_t ra i n , h i d_te s t = ps_hid [ t r a i n_ index , : ] , ps_hid [ t e s t_ index ,

: ]
68 y_tra in , y_test = t r u e_ l a b e l s [ t r a i n_ i nd e x ] ,

t r u e_ l a b e l s [ t e s t_ index ]
69 c l = LinearSVC (C=coe f ) . f i t ( h i d_t ra i n , y_t ra i n )
70 p r e d i c t e d_ l a b e l s = c l . p r e d i c t ( h i d_te s t )
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71 tmp = 100 ∗ f l o a t (sum( p r e d i c t e d_ l a b e l s == y_test ) ) / l en ( y_test )
72 p r e c i s i o n_h i d e . append ( tmp)

Listing 6: Ìîäóëü äëÿ ýêñïåðèìåíòîâ ñ PMI.

1 #c a l c u l a t e s PMI u s i n g goog l e
2 def h i t s (word_x , word_y ) :
3 query =

" ht tp : // a j a x . g o o g l e a p i s . com/ a j a x / s e r v i c e s / s e a r c h /web?v=1.0&q=%s"
4 r e s u l t s = u r l l i b . u r l o p en ( que ry % word_x + " AROUND(10) " +

word_y )
5 j s on_re s = j s o n . l o a d s ( r e s u l t s . r ead ( ) )
6 goog l e_h i t s = i n t ( j s on_re s [ ' r e sponseData ' ] \
7 [ ' c u r s o r ' ] [ ' e s t ima t edRe su l tCoun t ' ] )
8 return goog l e_h i t s
9

10 def so ( word , h i t s_poor , h i t s_ e x c e l l e n t ) :
11 return l o g ( ( h i t s ( word , " e x c e l l e n t " ) ∗ h i t s_poor ) / \
12 ( h i t s ( word , " poor " ) ∗ h i t s_ e x c e l l e n t ) , 2)

Listing 7: Ìîäóëü äëÿ ïåðåâîäà èç ôîðìàòà svmligth â VW ôîðìàò

1 # s c r i p t f o r making VW format f i l e from s vm l i g h t fo rmat
2 # 1 − way to the s vm l i g h t
3 # 2 − way to the VW format f i l e
4 o l d_ f i l e=$1
5 new_f i l e=$2
6 p e r l −pe ' s /\ s / | / ' $ o l d_ f i l e >> $new_f i l e

Listing 8: Ìîäóëü äëÿ ïðîâåäåíèÿ ýåñïåðèìåíòîâ ñ NN VW

1 # s c r i p t f o r r unn i ng e xpe r imen t s
2 # with NN c l a s s i f i c a t i o n u s i n g VW
3 # INPUT :
4 # 1 − way to the t r a i n f i l e
5 # 2 − way to the t e s t f i l e
6 # 3 − way to the r e s u l t f i l e
7 # 4 − way to the model f i l e
8 # OUTPUT:
9 # PRECISIONS − an a r r a y o f p r e c i s i o n s

10 # f i r s t d imens i on − r a t e
11 # second d imens i on − number o f h idden u n i t s
12 TRAIN=$1
13 TEST=$2
14 RESULT=$3
15 MODEL=$4
16 PASSES=250
17 INDEX_H_U=0
18 fo r HIDDEN_UNITS i n 4 7 8 10 15 16 31
19 do

20 INDEX_R=0
21 fo r RATE i n 0 .4 0 .5
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22 do

23 sh exper iment_one_fo ld . sh $TRAIN $TEST $PASSES $HIDDEN_UNITS
$RATE $RESULT $MODEL

24 INDEX=0
25 f i l e n ame=$RESULT
26 while read −r l i n e
27 do

28 a [ $INDEX]= $ l i n e
29 INDEX=$ ( ( $INDEX+1) )
30 done < " $ f i l e n ame "
31 SUM=$ ( IFS="+" ; bc <<< "${a [ ∗ ] } " )
32 LENGTH=${#a [ ∗ ] }
33 unset a
34 PRECISION=` c a l c "$SUM∗100/$LENGTH" `
35 PRECISION_RATE [ $INDEX_R]=$PRECISION
36 INDEX_R=$ ( ($INDEX_R+1) )
37 done

38 PRECISIONS [$INDEX_H_U]=${PRECISION_RATE [ ∗ ] }
39 INDEX_R_H=$ ( ($INDEX_R_H+1) )
40 done

Listing 9: Ìîäóëü äëÿ ïðîâåäåíèÿ ýåñïåðèìåíòîâ ñ NN VW

1 # s c r i p t f o r r unn i ng expe r imen t f o r one f o l d
2 # INPUT :
3 # 1 − way to the t r a i n f i l e
4 # 2 − way to the t e s t f i l e
5 # 3 − number o f p a s s e s
6 # 4 − number o f h idden u n i t s
7 # 5 − r a t e
8 # 6 − way to the r e s u l t f i l e
9 # 7 − way to the model f i l e

10 TRAIN=$1
11 TEST=$2
12 PASSES=$3
13 HIDDEN_UNITS=$4
14 RATE=$5
15 RESULT=$6
16 MODEL=$7
17 PARAMS_TRAIN="−−q u i e t −k −c −f $MODEL −−b i n a r y −−random_seed 1

−−pa s s e s $PASSES − l $RATE −−nn $HIDDEN_UNITS"
18 PARAMS_TEST="−−q u i e t −k −c − i $MODEL −−random_seed 1 −p $RESULT"
19 vw −d $TRAIN $PARAMS_TRAIN
20 vw −t −d $TEST $PARAMS_TEST
21 rm $MODEL
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