
Ïîñòàíîâêà çàäà÷è

Â êà÷åñòâå çàäà÷è áûë âûáðàí àíàëèç òîíàëüíîñòè òåêñòà öåëèêîì. Íà
âõîä ïîäàåòñÿ òåêñò, íåîáõîäèìî îïðåäåëèòü ïîëîæèòåëüíóþ èëè îòðèöàòåëü-
íóþ îöåíêó îí èìååò. Òàêèì îáðàçîì, ðàññìàòðèâàëàñü çàäà÷à áèíàðíîé êëàñ-
ñèôèêàöèè.

Â íàñòîÿùåå âðåìÿ çàäà÷è îïðåäåëåíèÿ ýìîöèîíàëüíîé îöåíêè òåêñòà è
èçâëå÷åíèÿ ìíåíèé ïîëüçîâàòåëåé ÿâëÿþòñÿ îäíèìè èç ñàìûõ ïîïóëÿðíûõ
â îáëàñòè îáðàáîòêè òåêñòà. Îíè íàøëè ïðèìåíåíèå âî ìíîãèõ ñôåðàõ, íà-
ïðèìåð: àíàëèç âîñïðèÿòèÿ òîâàðîâ è óñëóã, ìîíèòîðèíã áëîãîâ, ïîëèòè÷å-
ñêèå èññëåäîâàíèÿ, êèíîèíäóñòðèÿ, áèçíåñ, ñáîð ìíåíèé î êîìïàíèÿõ è ò. ä.
Íà àêòóàëüíîñòü ýòîãî âîïðîñà â îñíîâíîì ïîâëèÿëî óâåëè÷åíèå èíòåðíåò-
ïîëüçîâàòåëåé è ðàçâèòèå ñàéòîâ, íà êîòîðûõ îíè ìîãëè áû îáñóæäàòü òå
èëè èíûå îáúåêòû.

Ñóùåñòâóåò ìíîæåñòâî ðàçëè÷íûõ ðàáîò, ïîñâÿùåííûõ òîíàëüíîìó àíà-
ëèçó. Áîëüøèíñòâî èç íèç èñïîëüçóåò ëèáî ìàøèííîå îáó÷åíèå, ëèáî ñëîâàðè
è íàáîð ïðàâèë. Ïåðâûå èç íèõ â îñíîâíîì îáó÷àþòñÿ íà çàðàíåå ðàçìå÷åí-
íûõ òåêñòàõ è èñïîëüçóþò ïîëó÷åííóþ ìîäåëü ïðè äàëüíåéøåé ðàáîòå. Äëÿ
îáó÷åíèÿ òåêñò ïðåäñòàâëÿåòñÿ â âèäå âåêòîðà ïðèçíàêîâ. Â öåëîì, ýòè ìå-
òîäû ñïðàâëÿþòñÿ ñ ïîñòàâëåííîé çàäà÷åé, íî ìîäåëè ðàáîòàþò íà êîíêðåò-
íûõ ïðåäìåòíûõ îáëàñòÿõ è ïëîõî ïåðåíîñÿòñÿ íà äðóãèå. Òàêæå ðàçìå÷åí-
íûå êîëëåêöèè äëÿ îáó÷åíèÿ òðåáóþò áîëüøèõ çàòðàò, òàê êàê ïîëó÷åíèå
äîñòàòî÷íûõ äëÿ õîðîøèõ ðåçóëüòàòîâ îáúåìîâ çàíèìàåò äëèòåëüíîå âðåìÿ
ó ýêñïåðòîâ. Íå âñå ìåòîäû ìàøèííîãî îáó÷åíèÿ, íàïðèìåð íåéðîííûå ñåòè,
õîðîøî èíòåðïðåòèðóþòñÿ, ïîýòîìó ïîëó÷åííûå îøèáêè òðóäíî èñïðàâèòü.
Ìåòîäû, îñíîâàííûå íà ñëîâàðÿõ è ïðàâèëàõ, èñïîëüçóþò ñëîâàðü îöåíî÷íîé
ëåêñèêè. Åãî ìîæíî ïîëó÷èòü ñ ïîìîùüþ ðó÷íîé èëè àâòîìàòè÷åñêîé ðàç-
ìåòêè. Èíîãäà ïåðåâîäÿò óæå ñóùåñòâóþùèå ñëîâàðè ñ äðóãèõ ÿçûêîâ, íî
áåç ó÷åòà çíà÷åíèé ñëîâ êà÷åñòâî òàêèõ ñëîâàðåé íèçêîå. Ïðè ðó÷íîé ðàçìåò-
êå âîçíèêàåò òàêàÿ æå ïðîáëåìà, ÷òî è â îáó÷åíèè ñ ó÷èòåëåì. Òàê èëè èíà÷å
ðåçóëüòàòû çàâèñÿò îò ïîëó÷åííûõ ñëîâàðåé. Ïðàâèëà, èñïîëüçóþùèåñÿ äëÿ
ïîëó÷åíèÿ èòîãîâîé ýìîöèîíàëüíîé îêðàñêè, ïîõîæè íà ïðèçíàêè â ïåðâîì
ïîäõîäå, òàê êàê â êàæäîì èññëåäîâàíèè áåðóòñÿ ðàçíûå, íî åñòü è íàáîð
îáùèõ. Â îòëè÷èå îò ïåðâîãî ïîäõîäà, ðåçóëüòàòû õîðîøî îáúÿñíÿþòñÿ, ÷òî
ïîìîãàåò äîðàáàòûâàòü è óëó÷øàòü ìåòîäû ñ ó÷åòîì âûÿâëåííûõ îøèáîê.

Îñíîâíûìè ìåðàìè êà÷åñòâà â äàííîé çàäà÷å ÿâëÿþòñÿ ïðàâèëüíîñòü
êëàññèôèêàöèè (accuracy) è F1-ìåðà â âàðèàíòå ìàêðî- èëè ìèêðî-
óñðåäíåíèÿ.
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Îáçîð ðåøåíèé

Áûëè ðàññìîòðåíû ñëåäóþùèå ñèñòåìû: Texterra API, Eureka Engine è
Alchemy API. Ïåðâàÿ áûëà ðàçðàáîòàíà â ÈÑÏ ÐÀÍ è ïðåäîñòàâëÿåò REST
API ê ðåàëèçîâàííûì ìåòîäàì. Òàêæå åñòü âåá-èíòåðôåéñ. Ïîìèìî àíàëèçà
òîíàëüíîñòè îíà ðåøàåò ðÿä äðóãèõ çàäà÷: ìîðôîëîãè÷åñêèé è ñèíòàêñè÷å-
ñêèé àíàëèç, âûäåëåíèå èìåíîâàííûõ ñóùíîñòåé è ò. ä. ßçûêîì ðåàëèçàöèè
ÿâëÿåòñÿ Java. Èñïîëüçóåò Apache OpenNLP è Yandex MyStem äëÿ ðåøå-
íèÿ íåêîòîðûõ çàäà÷. Òîíàëüíîñòü îïðåäåëÿåòñÿ ñ ïîìîùüþ ìåòîäà îïîð-
íûõ âåêòîðîâ. Îïóáëèêîâàííûå ðåçóëüòàòû äëÿ ðóññêîãî ÿçûêà: F1 = 0.86 è
F1 = 0.91 äëÿ ïðèñóòñòâèÿ è ïîëÿðíîñòè (ïîëîæèòåëüíàÿ, îòðèöàòåëüíàÿ è
íåéòðàëüíàÿ) îöåíêè ñîîòâåòñòâåííî.

Ñëåäóþùàÿ ñèñòåìà, Eureka Engine, òàêæå ðåøàåò ðàçëè÷íûå çàäà÷è îáðà-
áîòêè òåêñòîâ: îïðåäåëåíèå ÿçûêà, òîíàëüíîñòè (îáúåêòíîå è áåçîáúåêòíîå),
êëàññèôèêàöèÿ òåêñòîâ, îïðåäåëåíèå è êëàññèôèêàöèÿ èìåíîâàííûõ ñóùíî-
ñòåé, ìîðôîëîãè÷åñêèé àíàëèç. Ïðîãðàììó ìîæíî êóïèòü èëè ïîïðîáîâàòü
÷åðåç âåá-èíòåðôåéñ èëè REST API. Òîæå âûäåëÿåòñÿ òðè êëàññà òîíàëü-
íîñòè, íî åñòü âîçìîæíîñòü îïðåäåëèòü îòíîøåíèå ê êîíêðåòíîìó îáúåêòó.
Îáúåêòîì ìîæåò áûòü êàê îòäåëüíîå ñëîâî, òàê è ñëîâîñî÷åòàíèå. Ðåçóëüòàòû
ïîêàçàëè 86-ïðîöåíòíóþ òî÷íîñòü â ñðåäíåì ïî òðåì êëàññàì.

Ïîñëåäíèì èíñòðóìåíòîì ÿâëÿåòñÿ Alchemy API. Êàê ñëåäóåò èç íàçâàíèÿ
ïðåäîñòàâëÿåòñÿ REST API, è êàê è â îñòàëüíûõ ñèñòåìàõ � âåá-èíòåðôåéñ.
Ïðèíàäëåæèò êîìïàíèè IBM. Óìååò èçâëåêàòü êëþ÷åâûå ñëîâà, èìåíîâàííûå
ñóùíîñòè è îòíîøåíèÿ ìåæäó ïîñëåäíèìè. Òîíàëüíûé àíàëèç ïðîâîäèòñÿ
êàê ê êîíêðåòíîìó îáúåêòó, òàê è îáùèé ïî òåêñòó. Â êà÷åñòâå àëãîðèòìîâ
èñïîëüçóþòñÿ ìàøèííîå è ãëóáèííîå îáó÷åíèÿ. Ðåçóëüòàòû íå îïóáëèêîâàíû.
Áîëåå ïîäðîáíîå îïèñàíèå ïðèâåäåíî â òàáëèöå 1.
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Èíñòðóìåíòû

NLTK

NLTK1 � ïàêåò áèáëèîòåê è ïðîãðàìì äëÿ ñèìâîëüíîé è ñòàòèñòè÷å-
ñêîé îáðàáîòêè åñòåñòâåííîãî ÿçûêà, íàïèñàííûõ íà ÿçûêå ïðîãðàììèðîâà-
íèÿ Python. Ïðîåêò íà÷àë ñóùåñòâîâàíèå â 2001-ì ãîäó è äî ñèõ ïîð ðàçâè-
âàåòñÿ. Êîä ðàñïðîñòðàíÿåòñÿ ïîä ëèöåíçèåé Apache 2.0. Íåêîòîðûå çàäà÷è,
êîòîðûå ìîæåò ðåøèòü NLTK:

• ñåãìåíòàöèÿ íà ïðåäëîæåíèÿ;
• òîêåíèçàöèÿ;
• ìîðôîëîãè÷åñêèé àíàëèç;
• àíàëèç òîíàëüíîñòè;
• ìàøèííûé ïåðåâîä;
• ïîñòðîåíèå äåðåâà çàâèñèìîñòåé;
• ïîäñ÷åò n-ãðàìì.

Áîëüøèíñòâî èç íèõ ðåøàþòñÿ òîëüêî äëÿ àíãëèéñêîãî ÿçûêà, íî ÷àñòü ïðè-
ìåíèìà è äëÿ ðóññêîãî. Ïðîåêò ñîäåðæèò îáøèðíóþ äîêóìåíòàöèþ, ÷òî ïîç-
âîëÿåò ñ ëåãêîñòüþ èíòåãðèðîâàòü åãî äëÿ ðåøåíèÿ ñâîèõ çàäà÷ ïî îáðàáîòêå
åñòåñòâåííîãî ÿçûêà.

scikit-learn

Scikit-learn2 � ýòî áèáëèîòåêà äëÿ ìàøèííîãî îáó÷åíèÿ íà ÿçûêå ïðî-
ãðàììèðîâàíèÿ Python ñ îòêðûòûì èñõîäíûì êîäîì (ëèöåíçèÿ BSD). Áèá-
ëèîòåêà ðàçâèâàåòñÿ ñ 2007-ãî ãîäà è ïî ñåé äåíü. Ñ ïîìîùüþ íåå ìîæíî
ðåàëèçîâàòü ðàçëè÷íûå àëãîðèòìû êëàññèôèêàöèè, ðåãðåññèè è êëàñòåðèçà-
öèè. Òàêæå åñòü ìíîãî äîïîëíèòåëüíûõ èíñòðóìåíòîâ, íàïðèìåð: grid search,
êðîññ-âàëèäàöèÿ, âûáîð ïðèçíàêîâ, ïðåäîáðàáîòêà äàííûõ è ò. ä. Ïîìèìî ïî-
äðîáíîé äîêóìåíòàöèè ñ ïðèìåðàìè, î÷åíü ïîëåçíûì ÿâëÿåòñÿ ðèñóíîê 1 ñ
ïîäñêàçêàìè ïî âûáîðó íóæíîãî àëãîðèòìà.

pymorphy2

pymorphy23 � ìîðôîëîãè÷åñêèé àíàëèçàòîð ñ îòêðûòûì èñõîäíûì êî-
äîì (ëèöåíçèÿ MIT), ðàçðàáîòàííûé íà ÿçûêå ïðîãðàììèðîâàíèÿ Python.
Èñïîëüçóåò ñëîâàðíûé ïîäõîä. Â êà÷åñòâå ñëîâàðÿ âûñòóïàåò OpenCorpora4.
Êðîìå èçâëå÷åíèÿ ãðàììàòè÷åñêîé èíôîðìàöèè î ñëîâå, pymorphy2 òàêæå

1Natural Language Toolkit. URL: http://www.nltk.org.
2scikit-learn: machine learning in Python. URL: http://scikit-learn.org/stable/.
3Ìîðôîëîãè÷åñêèé àíàëèçàòîð pymorphy2. URL: http://pymorphy2.readthedocs.io/en/latest/.
4OpenCorpora: îòêðûòûé êîðïóñ ðóññêîãî ÿçûêà. URL: http://www.opencorpora.org.
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Ðèñ. 1: Âûáîð íóæíîãî àëãîðèòìà

óìååò ñòàâèòü ñëîâî â íóæíóþ ôîðìó, íàïðèìåð íà÷àëüíóþ. Àëãîðèòì îñíî-
âûâàåòñÿ íà ëèíãâèñòè÷åñêèõ ïðàâèëàõ è ìîæåò îáðàáàòûâàòü íåèçâåñòíûå
ñëîâà. Ïîñëåäíåå âîçìîæíî çà ñ÷åò íàáîðà ïðàâèë, íàïðèìåð: îòñå÷åíèå èç-
âåñòíûõ ïðåôèêñîâ, ïðåäñêàçàíèå ïî êîíöó ñëîâà, àíàëèç ñîñòàâíûõ ñëîâ, è
ò. ä.

Äàííûå

Ðàññìàòðèâàëèñü ðåöåíçèè íà ôèëüìû ñ ñàéòà ÊèíîÏîèñê1. Òàê êàê ðå-
öåíçèè èìåþò øêàëó îöåíîê îò 1 äî 10, òî áûëî íåîáõîäèìî ïåðåâåñòè èõ â
áèíàðíûé âèä ïåðåä íà÷àëîì ðàáîòû. Ïîìèìî îöåíîê ïîëüçîâàòåëè òàêæå ïî-
ìå÷àþò îòçûâ êàê ïîëîæèòåëüíûé èëè îòðèöàòåëüíûé. Ñòîèò îòìåòèòü, ÷òî
áûâàþò ðåöåíçèè, îòìå÷åííûå êàê îòðèöàòåëüíûå, íî èõ ÷èñëåííàÿ îöåíêà
ìîæåò áûòü âûñîêîé. Ïîýòîìó ïåðåâîä â áèíàðíûé âèä ïðîèçâîäèëñÿ ñëåäó-
þùèì îáðàçîì:

• ïîëîæèòåëüíàÿ ðåöåíçèÿ ñ îöåíêîé îò 7 äî 10 âêëþ÷èòåëüíî: ïîëîæè-
òåëüíî;

• îòðèöàòåëüíàÿ ðåöåíçèÿ ñ îöåíêîé îò 1 äî 4 âêëþ÷èòåëüíî: îòðèöàòåëü-
íî.

1ÊèíîÏîèñê � Âñå ôèëüìû ïëàíåòû. URL: http://www.kinopoisk.ru.
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Êîë-âî \ Ðåöåíçèè Ïîëîæèò. Îòðèöàò. Âñå
Ïðåäëîæåíèé 139090 156014 295104
Ïðåäëîæåíèé â ñð. íà òåêñò 28 31 30
Ñëîâ 1736404 1867523 3603927
Ñëîâ â ñð. íà ïðåäëîæåíèå 12 12 12
Ñëîâ â ñð. íà òåêñò 347 374 360

Òàáëèöà 2: Ñòàòèñòèêà ðåöåíçèé

Â ðåçóëüòàòå áûëî îòîáðàíî 10 òûñÿ÷ ðåöåíçèé, ïî 5 òûñÿ÷ íà êàæäûé êëàññ.
Ñòàòèñòèêó ïî ïîëó÷åííûì ðåöåíçèÿì ìîæíî óâèäåòü â òàáëèöå 2. Ïåðåä
ñáîðîì ñòàòèñòèêè áûëà ïðîèçâåäåíà ïðåäîáðàáîòêà, îïèñàííàÿ â ñëåäóþùåì
ðàçäåëå.

Ïðåäîáðàáîòêà òåêñòà

Â öåëîì ðåöåíçèè íà ÊèíîÏîèñêå ïî ñòðóêòóðå è ãðàìîòíîñòè áëèæå ê
íîâîñòíûì ñîîáùåíèÿì, ÷åì ê òåêñòàì èç ñîöèàëüíû ñåòåé, íî íåáîëüøàÿ
ïðåäîáðàáîòêà âñå ðàíî íåîáõîäèìà. Ïðîèçâîäèëèñü òàêèå äåéñòâèÿ, êàê:

• óäàëåíèå ññûëîê;
• óäàëåíèå ñìàéëîâ;
• óäàëåíèå ïåðåíîñîâ ñòðîê;
• çàìåíà ïîâòîðÿþùèõñÿ òî÷åê, ïðîáåëîâ èëè òàáóëÿöèé íà îäèí ñèìâîë.

Ðåçóëüòàòû

Äëÿ ðåøåíèÿ çàäà÷è áûë ðàññìîòðåí ðÿä êëàññèôèêàòîðîâ èç áèáëèîòåêè
scikit-learn. Â êà÷åñòâå áàçîâîãî ðåøåíèÿ áûë âçÿò ìåòîä îïîðíûõ âåêòîðîâ1 ñ
óíèãðàììàìè è áèãðàììàìè â âèäå õàðàêòåðèñòèê è ðàäèàëüíûì ÿäðîì. Äëÿ
èõ èçâëå÷åíèÿ èñïîëüçîâàëñÿ êëàññ CountVectorizer èç áèáëèîòåêè NLTK.
Ïðè ýòîì ïðåäîáðàáîòêà òåêñòà íå ïðîèçâîäèëàñü.

Îñòàëüíûå ðåøåíèÿ èñïîëüçîâàëè äëÿ õàðàêòåðèñòèê óíèãðàììû è áè-
ãðàììû êàê äëÿ ñëîâ, òàê è äëÿ ñèìâîëîâ. Äëÿ íîðìàëèçàöèè â ñîîò-
âåòñòâèè ñ ìåðîé tf-idf áûë âçÿò êëàññ TfidfTransformer ñ íîðìîé l2.
Êëàññó CountVectorizer â ïàðàìåòðå ïåðåäàâàëñÿ ðåàëèçîâàííûé êëàññ
LemmaTokenizer, êîòîðûé èñïîëüçóåò pymorphy2 äëÿ ïîñòàíîâêè ñëîâà â íà-
÷àëüíóþ ôîðìó. Ïðåäîáðàáîòêà âûïîëíÿëàñü â ñîîòâåòñòâèè ñ ïðåäûäóùèì
ðàçäåëîì. Ïàðàìåòðû äëÿ êëàññèôèêàòîðîâ ìîæíî óâèäåòü â êîäå ïðîãðàì-
ìû â ïðèëîæåíèè À.

1Support vector machine. URL: http://en.wikipedia.org/wiki/Support_vector_machine.
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Îöåíêà ïðîèçâîäèëàñü ñ ïîìîùüþ êðîññ-âàëèäàöèè ïðè k = 10,
êîòîðàÿ ñîõðàíÿåò ïðîöåíòíîå ñîîòíîøåíèå äëÿ êàæäîãî êëàññà (êëàññ
StratifiedKFold). Ðåçóëüòàòû ïîêàçàíû â òàáëèöàõ 3, 4. Â ïåðâîé èç íèõ çíà-
÷åíèÿ ìàêðî-óñðåäíåíû äëÿ äâóõ êëàññîâ è ïî 10 çàïóñêàì, ïîýòîìó íåêîòî-
ðûå çíà÷åíèÿ ìåðû F1 ìîãóò íå ñîâïàäàòü ñî çíà÷åíèåì èç ôîðìóëû 2·PR·RE

PR+RE .

Âñå êëàññèôèêàòîðû îáîøëè áàçîâûé, à Perceptron1 è MultinomialNB2 ïðå-
âûñèëè îòìåòêó â 90% äëÿ ìåðû F1, ÷òî ÿâëÿåòñÿ õîðîøèì ðåçóëüòàòîì. Äëÿ
óëó÷øåíèÿ ðåçóëüòàòîâ íåîáõîäèì áîëåå òùàòåëüíûé ïîäáîð ïðèçíàêîâ è ïà-
ðàìåòðîâ.

Êëàññèôèêàòîð Òî÷íîñòü Ïîëíîòà F1
SVC 62.89 52.76 41.06
RandomForestClassi�er 63.52 63.83 62.84
LogisticRegression 87.41 86.89 86.84
Perceptron 93.9 93.86 93.86
PassiveAggressiveClassi�er 92.56 93.01 88.96
MultinomialNB 94.18 94.07 94.06

Òàáëèöà 3: Ìàêðî-óñðåäíåíèå ðåçóëüòàòîâ êðîññ-âàëèäàöèè ðàçëè÷íûõ êëàñ-
ñèôèêàòîðîâ

Êëàññèôèêàòîð Êëàññ Òî÷íîñòü Ïîëíîòà F1
SVC îòðèö. 74.31 8.3 14.82

ïîëîæ. 51.47 97.22 67.3
RandomForestClassi�er îòðèö. 65.69 64.82 64.32

ïîëîæ. 64.77 64.32 63.57
LogisticRegression îòðèö. 83.39 92.38 87.61

ïîëîæ. 91.44 81.4 86.06
Perceptron îòðèö. 93.2 94.66 93.91

ïîëîæ. 94.6 93.06 93.81
PassiveAggressiveClassi�er îòðèö. 88.97 88.5 85.46

ïîëîæ. 92.46 86.84 88.17
MultinomialNB îòðèö. 92.98 95.5 94.18

ïîëîæ. 95.38 92.64 93.95

Òàáëèöà 4: Ðåçóëüòàòû êðîññ-âàëèäàöèè ïî êëàññàì

1Perceptron. URL: http://en.wikipedia.org/wiki/Perceptron.
2Naive Bayes classi�er. URL: http://en.wikipedia.org/wiki/Naive_Bayes_classi�er.
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Ïðèìåð ïðàâèëüíî îïðåäåëåííîé ïîëîæèòåëüíîé ðåöåíçèè.

Òîëüêî ÷òî çàêîí÷èë ïðîñìîòð ýòîãî Ôèëüìà. . . Ïîïûòàþñü îïè-
ñàòü ñâîè îùóùåíèÿ.
Ýòî íåïîâòîðèìî. . . Áëåñòÿùå. . . Íåñðàâíåííî. . . Ìíå ñåé÷àñ ñëîæíî

ñîáðàòü ñâîè ìûñëè âîåäèíî, è ñêàçàòü ÷òî-íèáóäü áîëåå èëè ìåíåå
âíÿòíîå, íî ÿ âñå æå ïîïûòàþñü.
ß äîëãî íå ðåøàëñÿ ïîñìîòðåòü ýòîò ôèëüì. Âîçìîæíî, èç-çà ìîåãî

ïðåäóáåæäåíèÿ íàñ÷åò ïåâèö â êèíî. ß âñåãäà ñ÷èòàë, ÷òî êàæäûé
÷åëîâåê äîëæåí çàíèìàòüñÿ ÑÂÎÈÌ äåëîì, à íå ïûòàòüñÿ óñïåòü âåçäå.
Íî Áüîðê ñòàëà èñêëþ÷åíèåì. Åå èãðà ïðîñòî çàâîðàæèâàåò, íå îòïóñêàåò
îò ýêðàíà.
Ýëåìåíòû ìþçèêëà, êîòîðûìè óêðàøåí ýòîò ôèëüì, â ïåðâûå ìèíóòû

ïðîñìîòðà íåñêîëüêî ðàçäðàæàëè. (Îòêðîþ ñåêðåò: íó íå ïîêëîííèê
ÿ ýòîãî æàíðà â êèíåìàòîãðàôå, óæ íå ñóäèòå ñòðîãî.) Íî ïîòîì, ïî
ìåðå ðàçâèòèÿ ñþæåòà, ÿ íà÷àë ñ íåòåðïåíèåì æäàòü èõ. È óæå íå ìîã
ñåáå ïðåäñòàâèòü ýòîò ôèëüì áåç ýòèõ ìóçûêàëüíûõ íîìåðîâ, áåç ýòèõ
êðóæåâ, íà ïîëîòíå, ñïëåòåííîì Ëàðñîì Ôîí Òðèåðîì.
Ïîðàæàåò è îïåðàòîðñêàÿ ðàáîòà. Íà ïðîòÿæåíèè âñåãî ôèëüìà

îïåðàòîðó óäàâàëîñü âûõâàòûâàòü ñàìóþ ñóòü, êâèíòýññåíöèþ ñöåí.
Íåîæèäàííûå ðàêóðñû, ïåðååçäû êàìåðû ñ îäíîãî ïîëîæåíèÿ íà äðóãîå,
äàæå ýòî ïðîèãðûâàíèå êàìåðîé ñîçäàþò îñîáóþ àòìîñôåðó ôèëüìà.
Âîò óæ íèêîãäà ðàíüøå íå äóìàë, ÷òî â ôèëüìå ìíå ïîíðàâèòñÿ òàêàÿ,

ñ ïåðâîãî âçãëÿäà íåçàìåòíàÿ âåùü, êàê ìîíòàæ. Íî è îí îêàçàëñÿ íà
âûñîòå! Êàê íè ñòðàííî ýòî ìîæåò ïðîçâó÷àòü, ëè÷íî ìíå áûëî î÷åíü
èíòåðåñíî ñìîòðåòü, ÷åãî æå Ëàðñ Ôîí Òðèåð íå ïîêàæåò, ÷òî îí çàõî÷åò
âûðåçàòü, óáðàòü ïðè ìîíòàæå çà íåíàäîáíîñòüþ.
Ôèëüì äîñòîèí âñÿ÷åñêèõ ïîõâàë. (Îòêðîþ åù¼ îäèí ñåêðåò: ýòî

òðåòèé ôèëüì çà âñþ ìîþ æèçíü, âî âðåìÿ ïðîñìîòðà êîòîðîãî, ÿ ïóñòèë
ñëåçó. . . äàæå äâå.)

10 èç 10.
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Ïðèìåð îòðèöàòåëüíîé ðåöåíçèè, ðàñïîçíàííîé êàê ïîëîæè-
òåëüíàÿ.

Ýíäðþ (Äýéí Äå Õààí) æèâ¼ò ñ áîëüíîé ìàìîé è îòöîì, áûâ-
øèì ïîæàðíèêîì, à òåïåðü èíâàëèäîì. Íà ñêîïëåííûå äåíüãè îí êóïèë
ñòàðåíüêóþ, íî âïîëíå ðàáî÷óþ âèäåîêàìåðó è íà÷àë ñíèìàòü âñ¼, ÷òî ñ
íèì ïðîèñõîäèò äîìà, â øêîëå, íà âå÷åðèíêå, òî åñòü âåñòè õðîíèêó ñâîåé
æèçíè. Îäíàæäû ïîñëå âå÷åðèíêè ïðèÿòåëè Ìýéò è Ñòèâ ïðèãëàñèëè
åãî çàñíÿòü òàèíñòâåííóþ ïåùåðó. Äðóçüÿ ñïóñòèëèñü âíèç äëÿ ñú¼ìîê è
ïîëó÷èëè ñèëüíîå îáëó÷åíèå. Íà ñëåäóþùèé äåíü îíè îáíàðóæèâàþò ó
ñåáÿ íåâåðîÿòíûå ñïîñîáíîñòè òåëåêèíåçà.
Íà ìîé âçãëÿä, îñíîâíàÿ èäåÿ ôèëüìà â òîì, ÷òî ëþáîé ïîäàðåííûé

ñóäüáîé øàíñ ìîæíî èñïîëüçîâàòü êàê âî áëàãî, òàê è âî âðåä ñåáå è
îêðóæàþùèì. Åñëè Ìýéò è Ñòèâ ïðèìåíÿþò íîâóþ îïöèþ ëèøü äëÿ
ðàçâëå÷åíèÿ, òî Ýíäðþ íàõîäèò óäîâîëüñòâèå â òîì, ÷òîáû èñïîëüçîâàòü
ñèëó â íåäîáðûõ öåëÿõ. Îí îùóùàåò ñåáÿ ñâåðõ÷åëîâåêîì è àëüôà-
õèùíèêîì. Íîâûé äàð ïðîÿâèë åãî ñóùíîñòü è Ýíäðþ äàæå ïîäâîäèò
ôèëîñîôñêîå îáîñíîâàíèå ñâîåé æåñòîêîñòè.
Ôèëüì ñíÿò ñ ðó÷íîé êàìåðû, ÷òîáû óñèëèòü îùóùåíèå õîóì âèäåî

íàìåðåííî èñïîëüçóåòñÿ òðÿñóùèéñÿ êàäð, ÷òî èçðÿäíî ðàçäðàæàåò.
Èãðà àêò¼ðîâ âåñüìà ïîñðåäñòâåííàÿ, äàæå îñîáî âûäåëèòü íåêîãî.
Ñïåöýôôåêòû, ïðèìåí¼ííûå â ôèëüìå, âèäàíû óæå íå ðàç è äàæå
ñûãðàíû â êîìïüþòåðíûõ èãðàõ. Ñêàæó îòêðîâåííî, ÿ íå îòíîøóñü ê
öåëåâîé àóäèòîðèè ïîäîáíûõ ôèëüìîâ è ïîòîìó ìîÿ îöåíêà

4 èç 10
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À Êîä ïðîãðàììû

import glob

import os

import re

import shutil

import ujson

import numpy as np

import pymorphy2

import requests

from joblib import Parallel

from joblib import delayed

from lxml import etree

from nltk import word_tokenize , sent_tokenize ,

RegexpTokenizer , defaultdict

from sklearn.ensemble import RandomForestClassifier

from sklearn.feature_extraction.text import

CountVectorizer , TfidfTransformer

from sklearn.linear_model import LogisticRegression

from sklearn.linear_model import

PassiveAggressiveClassifier

from sklearn.linear_model import Perceptron

from sklearn.metrics import classification_report

from sklearn.metrics import

precision_recall_fscore_support

from sklearn.model_selection import StratifiedKFold

from sklearn.naive_bayes import MultinomialNB

from sklearn.pipeline import Pipeline , FeatureUnion

from sklearn.svm import SVC

BASE_URL = 'https ://www.kinopoisk.ru'

BASE_USER_URL = BASE_URL + '/user /3927381/ votes/list/

ord/date/page/%d/#list'

FILMS_REVIEWS = '%s/ord/rating/perpage /200/ page/%d/#

list'

REVIEWS_DIR = './ reviews '

def get_links(page_number):

films_links = []
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doc = etree.HTML(requests.get(BASE_USER_URL %

page_number).text)

page_films_links = doc.xpath('.//div[@class ="

nameRus "]/a[not(@style)]/@href')

if page_films_links:

films_links.extend ([ BASE_URL + x for x in

page_films_links ])

print(BASE_USER_URL % page_number)

return films_links

def to_windows_1251(match):

try:

return bytes([ord(match.group (0))]).decode('

windows -1251 ')

except UnicodeDecodeError:

return ''

def restore_windows_1252_characters(s):

return re.sub(r'[\u0080 -\ u0099]', to_windows_1251 ,

s)

def normalize(text):

text = restore_windows_1252_characters(text)

return text

def get_reviews(film_link):

print(film_link)

reviews = {'good': [], 'bad': []}

i = 1

while True:

html = requests.get(FILMS_REVIEWS % (film_link ,

i)).text

html = re.sub('<[brisupa /]*?>', '', html)

html = re.sub('<a.*?>', '', html)

doc = etree.HTML(html)
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good = doc.xpath('.// div[contains(@class , "good

")]// span[@itemprop =" reviewBody "]')

good_texts = doc.xpath('.//div[contains(@class ,

"good")]// span[@itemprop =" reviewBody "]/ text

()')

if len(good) != len(good_texts):

assert False

if good:

reviews['good']. extend ([ normalize(text) for

text in good_texts ])

bad = doc.xpath('.//div[contains(@class , "bad")

]// span[@itemprop =" reviewBody "]')

bad_texts = doc.xpath('.//div[contains(@class ,

"bad")]// span[@itemprop =" reviewBody "]/ text()

')

if len(bad) != len(bad_texts):

assert False

if bad:

reviews['bad']. extend ([ normalize(text) for

text in bad_texts ])

if not good and not bad:

break

else:

i += 1

return reviews

def check_review(review , interval):

scores = re.findall(r'(\d+).*?\b??\b.*?\d+', review

, re.IGNORECASE)

if scores and interval [0] <= int(scores [-1]) <=

interval [1]:

return review

else:

return None

def filter_reviews(reviews , interval):
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results = Parallel(n_jobs=-1, verbose =10)(delayed(

check_review)(review , interval) for review in

reviews)

return [result for result in results if result]

def chunks(l, n):

for i in range(0, len(l), n):

yield l[i:i + n]

def prepare(text):

# links

text = re.sub(r'http[s]?://(?:[a-zA-Zà -ÿÀ-ß

]|[0 -9]|[$-_@ .&+]|[!*\(\) ,]|(?:%[0 -9a-fA -F][0-9a

-fA -F]))+', '', text)

# smiles

text = re.sub(r'[\)]+', '.', text)

text = re.sub(r'[\(]+', '.', text)

# newlines

text = re.sub(r'[\r\n]+', '. ', text)

text = re.sub(r'[\.]+', '.', text)

# tabs

text = re.sub(r'\t+', ' ', text)

text = re.sub(r' +', ' ', text)

return text

class LemmaTokenizer(object):

def __init__(self):

self.morph = pymorphy2.MorphAnalyzer(

result_type=None)

self.cache = {}

def process(self, token):

value = self.cache.get(token)

if not value:

value = self.morph.normal_forms(token)[0]

self.cache[token] = value

return value
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def __call__(self, doc):

return [self.process(token) for token in

word_tokenize(doc)]

def scrap_reviews ():

if os.path.exists(REVIEWS_DIR):

shutil.rmtree(REVIEWS_DIR)

os.makedirs(REVIEWS_DIR)

films_links = []

results = Parallel(n_jobs=-1, verbose =10)(delayed(

get_links)(page_number + 1) for page_number in

range (50))

for result in results:

films_links.extend(result)

print(len(films_links))

reviews = {'good': [], 'bad': []}

results = Parallel(n_jobs=-1, verbose =10)(delayed(

get_reviews)(film_link) for film_link in

films_links)

for result in results:

reviews['good']. extend(result['good'])

reviews['bad']. extend(result['bad'])

print(len(reviews['good']), len(reviews['bad']))

intervals = {'good': [7, 10], 'bad': [1, 4]}

for polarity , polarity_reviews in reviews.items():

reviews[polarity] = filter_reviews(

polarity_reviews , intervals[polarity ])

print(len(reviews['good']), len(reviews['bad']))

final_json = []

for polarity , polarity_reviews in reviews.items():

for review in polarity_reviews:

final_json.append ({'text': review , 'p': 1

if polarity == 'good' else 0})
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for idx , chunk in enumerate(chunks(final_json , 500)

):

with open(REVIEWS_DIR + '/reviews_%d.json' % (

idx + 1), mode='w', encoding='utf8') as file

:

file.write(ujson.dumps(chunk , indent=4,

ensure_ascii=False))

reviews_files = glob.glob(REVIEWS_DIR + '/reviews_*

')

reviews = []

for reviews_file in reviews_files:

with open(reviews_file , mode='r', encoding='

utf8') as file:

reviews.extend(ujson.load(file))

try:

with open('reviews.json', mode='w', encoding='

utf8') as file:

ujson.dump(reviews , file , ensure_ascii=

False)

except MemoryError:

pass

def load_reviews(size=None):

reviews = []

if os.path.exists('reviews.json'):

try:

with open('reviews.json', mode='r',

encoding='utf8') as file:

reviews = ujson.load(file)

except MemoryError:

pass

if not reviews:

reviews_files = glob.glob(REVIEWS_DIR + '/

reviews_*')

reviews = []

for reviews_file in reviews_files:
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with open(reviews_file , mode='r', encoding=

'utf8') as file:

reviews.extend(ujson.load(file))

good_reviews = [review for review in reviews if

review['p'] == 1]

bad_reviews = [review for review in reviews if

review['p'] == 0]

if not size or size > len(reviews):

size = len(reviews)

return good_reviews [:size] \

+ bad_reviews [:size]

if __name__ == '__main__ ':

reviews = load_reviews (5000)

STATS = False

if STATS:

good_reviews = [prepare(review['text']) for

review in reviews if review['p'] == 1]

bad_reviews = [prepare(review['text']) for

review in reviews if review['p'] == 0]

# SENTENCES

good_sentences_count = 0

for review in good_reviews:

good_sentences_count += len(sent_tokenize(

review))

print('good all sents: %d' %

good_sentences_count)

print('good avg sents: %d' % round(

good_sentences_count / len(good_reviews)))

bad_sentences_count = 0

for review in bad_reviews:

bad_sentences_count += len(sent_tokenize(

review))

print('bad all sents: %d' % bad_sentences_count

)
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print('bad avg sent: %d' % round(

bad_sentences_count / len(bad_reviews)))

print('total all sents: %d' % (

good_sentences_count + bad_sentences_count))

print('total avg sents: %d' % round((

good_sentences_count + bad_sentences_count)

/ len(reviews)))

print ()

# WORDS

tokenizer = RegexpTokenizer(r'[a-zA-Z?-??-?0-9_

-]+')

good_words = []

for review in good_reviews:

good_words.extend(tokenizer.tokenize(review

))

print('good all words: %d' % len(good_words))

print('good avg words per sent: %d' % round(len

(good_words) / good_sentences_count))

print('good avg words per text: %d' % round(len

(good_words) / len(good_reviews)))

bad_words = []

for review in bad_reviews:

bad_words.extend(tokenizer.tokenize(review)

)

print('bad all words: %d' % len(bad_words))

print('bad avg words per sent: %d' % round(len(

bad_words) / bad_sentences_count))

print('bad avg words per text: %d' % round(len(

bad_words) / len(bad_reviews)))

print('total all words: %d' % len(good_words +

bad_words))

print('total avg words per sent: %d'

% round(len(good_words + bad_words) / (

good_sentences_count +

bad_sentences_count)))
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print('total avg words per text: %d' % round(

len(good_words + bad_words) / len(reviews)))

print ()

exit (0)

X = np.array([ review['text'] for review in reviews

])

y = np.array([ review['p'] for review in reviews ])

TEST = False

pipelines = []

if TEST:

vectorizer = CountVectorizer(analyzer='word',

ngram_range =(1, 2))

pipeline = Pipeline ([

('features ', vectorizer),

('clf', SVC())

])

pipelines.append(pipeline)

else:

X = np.array([ prepare(x) for x in X])

tokenizer = LemmaTokenizer ()

clfs = [

RandomForestClassifier(max_depth=3, n_jobs

=-1, n_estimators =5),

PassiveAggressiveClassifier(n_iter =10,

n_jobs =-1),

Perceptron(n_iter =10, alpha =0.00001 , n_jobs

=-1),

LogisticRegression(C=3, solver='liblinear ',

dual=True , class_weight='balanced ',

n_jobs =-1),

MultinomialNB (),

]

estimators = [

('CV1', CountVectorizer(analyzer='word',

ngram_range =(1, 2), tokenizer=tokenizer)

),
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('CV2', CountVectorizer(analyzer='char_wb ',

ngram_range =(1, 2)))

]

combined = FeatureUnion(estimators , n_jobs =-1)

for clf in clfs:

pipelines.append(Pipeline ([

('features ', combined),

('TFIDF', TfidfTransformer(norm='l2')),

('clf', clf)

]))

clfs_results = defaultdict(list)

full_clfs_results = defaultdict(list)

CV = StratifiedKFold(n_splits =10)

for pipeline in pipelines:

clf_name = type(pipeline.named_steps['clf']).

__name__

if clf_name != 'MultinomialNB ':

continue

print(clf_name)

for train_index , test_index in CV.split(X, y):

pipeline.fit(X[train_index], y[train_index

])

y_true , y_pred = y[test_index], pipeline.

predict(X[test_index ])

print(classification_report(y_true , y_pred)

)

clfs_results[clf_name ]. append(

precision_recall_fscore_support(y_true ,

y_pred , average='macro')[:3])

full_clfs_results[clf_name ]. append(

precision_recall_fscore_support(y_true ,

y_pred)[:3])

print(clf_name)

results = clfs_results[clf_name]

print('\t'.join([

'macro',
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str(round(sum([x[0] for x in results ]) *

100 / len(results), 2)),

str(round(sum([x[1] for x in results ]) *

100 / len(results), 2)),

str(round(sum([x[2] for x in results ]) *

100 / len(results), 2))

]))

results = full_clfs_results[clf_name]

print('\t'.join([

'bad',

str(round(sum([x[0][0] for x in results ]) *

100 / len(results), 2)),

str(round(sum([x[1][0] for x in results ]) *

100 / len(results), 2)),

str(round(sum([x[2][0] for x in results ]) *

100 / len(results), 2))

]))

print('\t'.join([

'good',

str(round(sum([x[0][1] for x in results ]) *

100 / len(results), 2)),

str(round(sum([x[1][1] for x in results ]) *

100 / len(results), 2)),

str(round(sum([x[2][1] for x in results ]) *

100 / len(results), 2))

]))
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