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This paper presents a neural network model to improve sentiment classi�cation in dynamically
updated text collections in natural language. As social networks are constantly updated by users there
is essential to take into account new jargons, crucial discussed topics while solving classi�cation task.
Therefore neural network modelfor solutionthis problem is suggested along with supervised machine
learning method and unsupervised machine learning method all of them were used for sentiment
analysis. It was shown in the paper that the quality of text classi�cation by sentiment is reduced
up to 15 % according to F-measure over one and a half year. Therefore the aim of the approach
is to minimise the decrease according toF-measure while classifying text collections that are spaced
over time. Experiments were made on su�ciently representative text collections, which were brie�y
described in the paper.

Automatic sentiment classi�cation is rather a topical subject. The great amount of information
contained in social networks is represented as text in natural language. Therefore it is requires
computational linguistics methods to proceed all this information. Over the about past ten years,
a lot of researcher worldwide were involved in the task of automatically extracting and analysing the
texts of social media. Moreover as one of the main tasks was consideredthe problem of sentiment
classi�cation of texts in natural language.

Researches and experiments on automatic text classi�cation show that the �nal results of
classi�cation highly depend on the training text set and also the subjectare that the training collection
corresponds to. Great amount of projects centred onfeature engineering and the involvement of
additional data, such as externaltext collections (that do not overlap with the training collection)
or sentimentvocabulary. Additional information can reduce the reliance on the training collectionand
improve classi�cation results. In order to successfully classify texts by sentiment, it is necessary
to havetagged by sentiment text collections. Moreover, in order to improve sentimentclassi�cation
in dynamically updated text collections, it is necessary to have severalcollections identical by their
properties, compiled in di�erent periods of time.

The prepared text collections formed the basis for training and test collections of Twitter posts used
to assess the sentiments of tweets towards a given subject at classi�er competition at SentiRuEvalin
2015 and 2016. It was shown that the collections are complete and su�ciently representative

Previously author showsquite good results of the models builded on feature space for training
the classi�er based on the training collection and is therefore highly dependent on the quality
andcompleteness of this collection. Describedabove, there are no semantic relationships between the
terms, and the addition of new terms leads to an increase in the dimension of feature vectorspace.
Another way to overcome the obsolescence of a lexicon is the use of thedistributed word representations
as features to train the classi�er. So this paper was focused on distributed word representations.

In the basis of this approach is the concept of a distributed word representation and the Skip-gram
neural language model. External resources were used here. The distributed word representationspace
was built on an untagged collection of tweets gathered in 2013 that was many times largerthan the
automatically tagged training collection. It is important to mention that the length of thevector space
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was only 300 this is the �rst advantage of the approach. A second advantage of this approach is the
classi�cation results: the di�erence between

Collection of 2013 and of 2015 years is 0.26 % according to F-measure.
In summary, proposed approached can reduce the deterioration of sentiment classi�cation results

for collections staggered over time.

Key words: natural language processing, sentiment analysis, sentiment classi�cation, machine
learning.
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Â äàííîé ðàáîòå îïèñàí àëãîðèòì ïîñòðîåíèÿ êëàññèôèêàòîðà òåêñòîâ ïî òîíàëüíîñòè, èñ-
ïîëüçóþùèé ïðîñòðàíñòâî ðàñïðåäåëåííûõ ïðåäñòàâëåíèé ñëîâ è íåéðîííóþ ÿçûêîâóþ ìîäåëü
Skip-gram. Ýêñïåðèìåíòàëüíî ïîêàçàíî, ÷òî ïîñòðîåííàÿ ìîäåëü êëàññèôèêàòîðà òåêñòîâ ìî-
æåò áûòü ïåðåíåñåíà íà êîëëåêöèè, ñîáðàííûå â äðóãîé âðåìåííîé ïðîìåæóòîê áåç ïîòåðè
êà÷åñòâà êëàññèôèêàöèè.

Êëþ÷åâûå ñëîâà: àíàëèç òîíàëüíîñòè, êëàññèôèêàöèÿ òåêñòîâ, ìàøèííîå îáó÷åíèå.

Ââåäåíèå. Â ñåòè Èíòåðíåò ñîäåðæèòñÿ îãðîìíîå êîëè÷åñòâî òåêñòîâîé èíôîðìàöèè.
Áîëüøàÿ ÷àñòü èíôîðìàöèè ïðåäñòàâëåíà â íåñòðóêòóðèðîâàííîì âèäå íà åñòåñòâåííîì
ÿçûêå, ÷òî óñëîæíÿåò åå îáðàáîòêó. Ïîïûòêè ñòðóêòóðèðîâàòü èíôîðìàöèþ è èçâëå÷ü
èç íåå ïîëüçó èíòåðåñíû êàê êîììåð÷åñêîìó ñåêòîðó, òàê è èññëåäîâàòåëÿì. Ïîýòîìó çà
ïîñëåäíèå íåñêîëüêî ëåò óâåëè÷èëîñü êîëè÷åñòâî èññëåäîâàíèé, ïîñâÿùåííûõ ëèíãâèñòè-
÷åñêèì çàäà÷àì. Òàêæå âîçðîñëî ÷èñëî ïðîãðàììíûõ ñèñòåì, êîòîðûå èçâëåêàþò ôàêòû èç
íåñòðóêòóðèðîâàííûõ ìàññèâîâ òåêñòîâîé èíôîðìàöèè, êëàññèôèöèðóþò è êëàñòåðèçèðó-
þò èíôîðìàöèþ. Ðàçðàáàòûâàþòñÿ ñèñòåìû, íàöåëåííûå êàê íà àíàëèç ñàìèõ ñîîáùåíèé
â ñåòè, òàê è íà âûÿâëåíèå èñòî÷íèêîâ ðàñïðîñòðàíÿåìîé èíôîðìàöèè è ëèäåðîâ ìíåíèé.
Â íàñòîÿùåå âðåìÿ çàäà÷åé àâòîìàòè÷åñêîãî èçâëå÷åíèÿ è àíàëèçà îòçûâîâ è ìíåíèé èç
ñîöèàëüíûõ ìåäèà çàíèìàåòñÿ äîñòàòî÷íî áîëüøîå êîëè÷åñòâî ó÷åíûõ è èññëåäîâàòåëåé
ïî âñåìó ìèðó. Îäíîé èç ãëàâíûõ ðåøàåìûõ çàäà÷ ðàññìàòðèâàåòñÿ çàäà÷à êëàññèôèêàöèè
òåêñòîâ ïî òîíàëüíîñòè.

Òåìà àâòîìàòè÷åñêîé êëàññèôèêàöèè òåêñòîâ ïî òîíàëüíîñòè àêòóàëüíà â Ðîññèè è
çà ðóáåæîì. Åæåãîäíî ïðîâîäÿòñÿ ñîðåâíîâàíèÿ ñèñòåì è ïðîãðàììíûõ êîìïëåêñîâ ïî
àâòîìàòè÷åñêîé êëàññèôèêàöèè òåêñòîâ ïî òîíàëüíîñòè [1�8].

Êëàññèôèêàöèÿ òåêñòîâûõ äîêóìåíòîâ ïî òîíàëüíîñòè íà ðàçíûõ óðîâíÿõ èññëåäóåòñÿ
â òðóäàõ ðîññèéñêèõ è çàðóáåæíûõ ó÷åíûõ. Êëàññèôèêàöèÿ íà óðîâíå âñåãî äîêóìåíòà
öåëèêîì îïèñûâàåòñÿ â ðàáîòàõ [9, 10]. ×óòü ïîçæå êëàññèôèêàöèþ íà óðîâíå êîðîòêèõ
ôðàç è âûðàæåíèé, à íå íà óðîâíå àáçàöåâ èëè öåëûõ äîêóìåíòîâ, ïðîâîäèëè Wilson,
Wiebe è Ho�mann [11]. Åùå îäèí âèä êëàññèôèêàöèè òåêñòîâ � ýòî êëàññèôèêàöèÿ îòíî-
ñèòåëüíî çàäàííîãî îáúåêòà. Â îäíîì òåêñòå ìîæåò áûòü óïîìÿíóòî íåñêîëüêî ñóùíîñòåé,
è àâòîð ñîîáùåíèÿ ìîæåò âûñêàçûâàòü ðàçëè÷íûå ìíåíèÿ îòíîñèòåëüíî êàæäîé èç óïîìÿ-
íóòûõ ñóùíîñòåé, ïîýòîìó ñòàëà àêòóàëüíîé çàäà÷à àíàëèçà òîíàëüíîñòè ïî îòíîøåíèþ
ê çàäàííûì îáúåêòàì, óïîìÿíóòûì â òåêñòå [2, 5, 7, 12�14].
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Îäíàêî, ïðàêòè÷åñêè âñå èññëåäîâàíèÿ ñâîäÿòñÿ ê ïîñòðîåíèþ è îöåíêå êëàññèôèêàòî-
ðîâ íà òåêñòîâûõ êîëëåêöèÿõ, ñîáðàííûõ â îäèí âðåìåííîé ïðîìåæóòîê, íå ðàññìàòðèâà-
þòñÿ íà òåêñòîâûõ êîëëåêöèÿõ, ñîáðàííûõ â ðàçíûå âðåìåííûå èíòåðâàëû. Â ýòîé ðàáîòå
ïðèâîäÿòñÿ àëãîðèòì è ðåçóëüòàòû ðàáîòû êëàññèôèêàòîðà, êîòîðûé áûë îáó÷åí íà òåê-
ñòîâîé êîëëåêöèè, ñîáðàííîé â 2013 ãîäó, è ïðîòåñòèðîâàííûé íà êîëëåêöèÿõ, ñîáðàííûõ
â 2014 è 2015 ãîäàõ. Ïðåäëîæåí ìåòîä âûäåëåíèÿ ïðèçíàêîâ, îñíîâàííûé íà íåéðîííîé ñå-
òè, êîòîðûé ïîêàçàë ñòàáèëüíûå ðåçóëüòàòû íà âñåõ òåêñòîâûõ êîëëåêöèÿõ, ðàçíåñåííûõ
âî âðåìåíè.

1. Òåêñòîâûå êîëëåêöèè. Èññëåäîâàíèÿ ïî àâòîìàòè÷åñêîé êëàññèôèêàöèè òåêñòîâ
ïîêàçûâàþò, ÷òî ðåçóëüòàòû êëàññèôèêàöèè, êàê ïðàâèëî, çàâèñÿò îò îáó÷àþùåé òåêñòî-
âîé âûáîðêè è ïðåäìåòíîé îáëàñòè, ê êîòîðîé îòíîñèòñÿ îáó÷àþùàÿ êîëëåêöèÿ. Êëàññè-
ôèêàòîð ìîæåò ïîêàçûâàòü îòëè÷íûå ðåçóëüòàòû íà îäíîé êîëëåêöèè òåêñòîâ è ñîâåð-
øåííî íå ñïðàâèòüñÿ ñ òàêîé æå çàäà÷åé íà äðóãîé êîëëåêöèè.

Äëÿ êà÷åñòâåííîãî ðåøåíèÿ çàäà÷è êëàññèôèêàöèè òåêñòîâ ïî òîíàëüíîñòè íåîáõîäèìî
èìåòü ðàçìå÷åííûå êîëëåêöèè òåêñòîâ. Áîëåå òîãî, äëÿ ðåøåíèÿ çàäà÷è óëó÷øåíèÿ êëàñ-
ñèôèêàöèè ïî òîíàëüíîñòè â äèíàìè÷åñêè îáíîâëÿåìûõ êîëëåêöèÿõ, íåîáõîäèìî èìåòü
íåñêîëüêî òåêñòîâûõ êîëëåêöèé, êîòîðûå áûëè ñîáðàíû â ðàçíûå âðåìåííûå ïðîìåæóò-
êè.

Ñáîð ïåðâîãî êîðïóñà òåêñòîâ ïðîõîäèë â äåêàáðå 2013 ãîäà � ôåâðàëå 2014 ãîäà, äëÿ
êðàòêîñòè áóäåì íàçûâàòü åå êîëëåêöèåé 2013 ãîäà. Â ñîîòâåòñòâèè ñ ïèñüìåííûì îáî-
çíà÷åíèåì ýìîöèé áûë ïðîèçâåäåí ïîèñê ïîçèòèâíî è íåãàòèâíî îêðàøåííûõ ñîîáùåíèé.
Òàêèì îáðàçîì, èç êîëëåêöèè 2013 ãîäà ñôîðìèðîâàíî äâå êîëëåêöèè: êîëëåêöèÿ ïîëî-
æèòåëüíûõ òâèòîâ è êîëëåêöèÿ íåãàòèâíûõ òâèòîâ. Íåéòðàëüíàÿ êîëëåêöèÿ áûëà ñôîð-
ìèðîâàíà èç ñîîáùåíèé íîâîñòíûõ è îôèöèàëüíûõ àêêàóíòîâ twitter. Ñ ïîìîùüþ ìåòîäà
[15] è ïðåäëîæåííîé àâòîðîì ôèëüòðàöèè [16] èç òåêñòîâ 2013 ãîäà áûëà ñôîðìèðîâàíà
îáó÷àþùàÿ êîëëåêöèÿ.

Ñáîð âòîðîãî êîðïóñà, êîòîðûé ñîñòîèò èç îêîëî 10 ìèëëèîíîâ êîðîòêèõ ñîîáùåíèé,
ïðîõîäèë â èþëå-àâãóñòå 2014 ãîäà. Òðåòèé êîðïóñ, ñîñòîÿùèé èç îêîëî 20 ìëí. ñîîáùåíèé,
áûë ñîáðàí â èþëå è íîÿáðå 2015 ãîäà.

Èç òåêñòîâ 2014 è 2015 ãã. ñôîðìèðîâàíû äâå òåñòîâûå êîëëåêöèè. Òåêñòû 2014 è 2015
ãîäîâ ïîäâåðãëèñü èäåíòè÷íîé ôèëüòðàöèè, ÷òî è îáó÷àþùàÿ êîëëåêöèÿ 2013 ãîäà. Ôîð-
ìèðîâàíèå òåñòîâûõ êîëëåêöèé ïî êëàññàì òîíàëüíîñòè ïðîèñõîäèëî àíàëîãè÷íî îáó÷àþ-
ùåé êîëëåêöèè. Ðàñïðåäåëåíèå êîëè÷åñòâà ñîîáùåíèé ïî êëàññàì òîíàëüíîñòè â êîëëåê-
öèÿõ ïðåäñòàâëåíî â òàáë. 1. Âñå òðè êîëëåêöèè ÿâëÿþòñÿ ïðåäìåòíî íåçàâèñèìûìè, òî
åñòü íå îòíîñÿòñÿ íè ê êàêîé çàðàíåå îïðåäåëåííîé ïðåäìåòíîé îáëàñòè.

Ðàíåå â ðàáîòàõ [17, 18] àâòîðîì áûëî ïîêàçàíî, ÷òî ñîáðàííûå êîëëåêöèè ÿâëÿþòñÿ
ïîëíûìè è äîñòàòî÷íî ïðåäñòàâèòåëüíûìè.

2. Èñïîëüçîâàíèå ðàñïðåäåëåííûõ ïðåäñòàâëåíèé ñëîâ â êà÷åñòâå ïðèçíà-

êîâ. Â ïðåäûäóùèõ ðàáîòàõ [19, 20] áûëî ïîêàçàíî, ÷òî åñëè ïðîñòðàíñòâî ïðèçíàêîâ
äëÿ îáó÷åíèÿ êëàññèôèêàòîðà ñòðîèòñÿ íà îñíîâå îáó÷àþùåé êîëëåêöèè, òî ðåçóëüòàòû
ðàáîòû êëàññèôèêàòîðà ñèëüíî çàâèñÿò îò êà÷åñòâà è ïîëíîòû ýòîé êîëëåêöèè. Áîëåå òî-
ãî, èñïîëüçîâàíèå â êà÷åñòâå ïðèçíàêîâ âñåõ ñëîâ, âõîäÿùèõ â îáó÷àþùóþ êîëëåêöèþ,
ïðèâîäèò ê òîìó, ÷òî ïðîñòðàíñòâî ïðèçíàêîâ èñ÷èñëÿåòñÿ ñîòíÿìè òûñÿ÷.

Îäíèì ñïîñîáîì ïðåîäîëåíèÿ óñòàðåâàíèÿ ëåêñèêîíà ÿâëÿåòñÿ èñïîëüçîâàíèå ïðî-
ñòðàíñòâà ðàñïðåäåëåííûõ ïðåäñòàâëåíèé ñëîâ â êà÷åñòâå ïðèçíàêîâ äëÿ îáó÷åíèÿ êëàñ-
ñèôèêàòîðà òåêñòîâ ïî òîíàëüíîñòè.
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Òàáëèöà 1

Ðàñïðåäåëåíèå ñîîáùåíèé â êîëëåêöèÿõ ïî êëàññàì òîíàëüíîñòè

Ïîëîæèòåëüíûå Îòðèöàòåëüíûå Íåéòðàëüíûå
ñîîáùåíèÿ ñîîáùåíèÿ ñîîáùåíèÿ

2013 ãîä 114 911 111 922 107 990
2014 ãîä 5 000 5 000 4 293
2015 ãîä 10 000 10 000 9 595

3. Ïðîñòðàíñòâî ðàñïðåäåëåííûõ ïðåäñòàâëåíèé ñëîâ. Ðàñïðåäåëåííîå ïðåä-
ñòàâëåíèå ñëîâà (àíãë. distributed word representation, word embedding) � ýòî k-ìåðíûé
âåêòîð ïðèçíàêîâ w=(w1,. . . ,wk), ãäå wi∈R � ýòî êîìïîíåíòû âåêòîðà [21]. Êîëè÷åñòâî êî-
îðäèíàò k òàêîãî âåêòîðà ñóùåñòâåííî ìåíüøå. Îáû÷íî ýòî ÷èñëî íå ïðåâîñõîäèò íåñêîëü-
êèõ ñîòåí, ñîîòâåòñòâåííî, ïðîñòðàíñòâî ïðèçíàêîâ èìååò ñðàâíèòåëüíî íåáîëüøóþ ðàç-
ìåðíîñòü.

Îñíîâíàÿ èäåÿ âåêòîðíîãî ðàñïðåäåëåííîãî ïðåäñòàâëåíèÿ ñëîâ çàêëþ÷àåòñÿ â íàõîæ-
äåíèè ñâÿçåé ìåæäó êîíòåêñòàìè ñëîâ. Èäåÿ çàêëþ÷àåòñÿ â òîì, ÷òî íàõîäÿùèåñÿ â ïî-
õîæèõ êîíòåêñòàõ ñëîâà, ñêîðåå âñåãî, îçíà÷àþò èëè îïèñûâàþò ïîõîæèå ïðåäìåòû èëè
ÿâëåíèÿ, ò. å. ÿâëÿþòñÿ ñåìàíòè÷åñêè ñõîæèìè. Äëÿ ýòîãî êàæäûé òåðìèí ïðåäñòàâëÿåòñÿ
â âèäå âåêòîðà èç k êîîðäèíàò, â êîòîðûõ çàêîäèðîâàíû ïîëåçíûå ïðèçíàêè, õàðàêòåðèçó-
þùèå ýòîò òåðìèí è ïîçâîëÿþùèå îïðåäåëÿòü ñõîäñòâî ýòîãî òåðìèíà ñ ïîõîæèìè òåðìè-
íàìè â êîëëåêöèè. Ôîðìàëüíî ïðåäñòàâëåíèå òåðìèíîâ ÿâëÿåòñÿ çàäà÷åé ìàêñèìèçàöèè
êîñèíóñíîé áëèçîñòè ìåæäó âåêòîðàìè ñëîâ, êîòîðûå ïîÿâëÿþòñÿ ðÿäîì äðóã ñ äðóãîì â
áëèçêèõ êîíòåêñòàõ, è ìèíèìèçàöèÿ êîñèíóñíîé áëèçîñòè ìåæäó âåêòîðàìè ñëîâ, êîòîðûå
íå ïîÿâëÿþòñÿ â áëèçêèõ êîíòåêñòàõ. Êîñèíóñíàÿ ìåðà áëèçîñòè ìåæäó âåêòîðàìè, cos(θ),
ìîæåò áûòü ïðåäñòàâëåíà ñëåäóþùèì îáðàçîì (ôîðìóëà 1):

cos(θ) =

n∑
i=1

Ai ×Bi√
n∑
i=1

(Ai)2 ×
√

n∑
i=1

(Bi)2
, (1)

ãäå Ai è Bi � êîîðäèíàòû âåêòîðîâ A è B ñîîòâåòñòâåííî.
Ïîìèìî ñîêðàùåíèÿ ðàçìåðíîñòè âåêòîðà ïðèçíàêîâ, ðàñïðåäåëåííîå ïðåäñòàâëåíèå

ñëîâ ó÷èòûâàåò ñìûñë ñëîâà â êîíòåêñòå. Òî åñòü ðàñïðåäåëåííîå ïðåäñòàâëåíèå ñëîâ
ïîçâîëÿåò îáîáùèòü, íàïðèìåð,

”
áûñòðûé àâòîìîáèëü“ íà îòñóòñòâóþùåå â îáó÷àþùåé

âûáîðêå
”
øóñòðàÿ ìàøèíà“, ÷òî ïîçâîëÿåò ñíèçèòü çàâèñèìîñòü îò îáó÷àþùåé âûáîðêè.

Ðåçóëüòàòû èññëåäîâàíèé ïîêàçûâàþò [22], ÷òî íåéðîííàÿ ÿçûêîâàÿ ìîäåëü Skip-gram
ïðåâîñõîäèò äðóãèå ìîäåëè ïî êà÷åñòâó ïîëó÷àåìûõ âåêòîðíûõ ïðåäñòàâëåíèé. Ïîýòîìó
â äàííîé ðàáîòå èñïîëüçóåòñÿ ìîäåëü Skip-Gram.

4. Ìîäåëü Skip-Gram. Ìîäåëü Skip-Gram áûëà ïðåäëîæåíà Òîìàñîì Ìèêîëîâûì ñ
ñîàâòîðàìè â 2013 ãîäó [23]. Íà âõîä ìîäåëè ïîäàåòñÿ íåðàçìå÷åííûé êîðïóñ òåêñòîâ, äëÿ
êàæäîãî ñëîâà ðàññ÷èòûâàåòñÿ êîëè÷åñòâî âñòðå÷àåìîñòè ýòîãî ñëîâà â êîðïóñå. Ìàññèâ
ñëîâ ñîðòèðóåòñÿ ïî ÷àñòîòå, ðåäêèå ñëîâà óäàëÿþòñÿ. Êàê ïðàâèëî, ìîæíî óñòàíàâëè-
âàòü ïîðîã âñòðå÷àåìîñòè ñëîâà, ïðè êîòîðîì ñëîâî ìîæíî ñ÷èòàòü ðåäêèì è äî êîòîðîãî
âñå ðåäêî âñòðå÷àþùèåñÿ ñëîâà áóäóò óäàëåíû. Äëÿ òîãî ÷òîáû ñíèçèòü âû÷èñëèòåëüíóþ
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Ðèñ. 1. Àðõèòåêòóðà ìîäåëè Skip-gram

ñëîæíîñòü àëãîðèòìà, ñòðîèòñÿ äåðåâî Õàôôìàíà (àíãë. Hu�man Binary Tree). Äàëåå àë-
ãîðèòì ïðîõîäèò çàðàíåå çàäàííûì ðàçìåðîì îêíà ïî âûáðàííîìó îòðåçêó òåêñòà. Ðàçìåð
îêíà çàäàåòñÿ êàê ïàðàìåòð àëãîðèòìà. Ïîä îêíîì ïîäðàçóìåâàåòñÿ ìàêñèìàëüíàÿ äèñòàí-
öèÿ ìåæäó òåêóùèì è ïðåäñêàçûâàåìûì ñëîâîì â ïðåäëîæåíèè. Òî åñòü åñëè îêíî ðàâíî
òðåì, òî äëÿ ïðåäëîæåíèÿ

”
ß âèäåë õîðîøèé ôèëüì“ ïðèìåíåíèå àëãîðèòìà Skip-gram áó-

äåò ïðîõîäèò âíóòðè áëîêà, ñîñòîÿùåãî èç òðåõ ñëîâ:
”
ß âèäåë õîðîøèé“,

”
âèäåë õîðîøèé

ôèëüì“. Äàëåå ïðèìåíÿåòñÿ íåéðîííàÿ ñåòü ïðÿìîãî ðàñïðîñòðàíåíèÿ (àíãë. Feedforward
Neural Network) ñ ìíîãî ïåðåìåííîé ëîãèñòè÷åñêîé ôóíêöèåé.

Ñõåìàòè÷åñêè ìîäåëü Skip-gramm ïðåäñòàâëÿåòñÿ â âèäå íåéðîííîé ñåòè (ðèñ. 1):
Èçîáðàæåííàÿ íà ðèñ. 1 íåéðîííàÿ ñåòü ñîñòîèò èç òðåõ ñëîåâ: âõîäíîé (àíãë. input),

âûõîäíîé (àíãë. output) è ñêðûòûé (àíãë. projection). Ñëîâî, ïîäàâàåìîå íà âõîä, îáîçíà÷å-
íî w(t), â âûõîäíîì ñëîå ñëîâà w(t-2), w(t-1), w(t+1) è w(t+2) � ñëîâà êîíòåêñòà, êîòîðûå
ïûòàåòñÿ ïðåäñêàçàòü íåéðîííàÿ ñåòü. Èíûìè ñëîâàìè, ìîäåëü skip-gram ïðåäñêàçûâàåò
êîíòåêñò ïðè çàäàííîì ñëîâå.

4.1. Ôîðìàëüíàÿ çàïèñü ìîäåëè Skip-gram ïðåäñòàâëÿåòñÿ ñëåäóþùèì: ïóñòü çàäàíà
òåêñòîâàÿ êîëëåêöèÿ, ñîñòîÿùàÿ èç ñëîâ w è èõ êîíòåêñòîâ c. Çàäà÷à ìîäåëè ñîñòîèò â
òîì, ÷òîáû ïîäîáðàòü âåêòîð ïàðàìåòðîâ θ ìîäåëè òàêèì îáðàçîì, ÷òîáû ìàêñèìèçèðîâàòü
óñëîâíóþ âåðîÿòíîñòü âñåé êîëëåêöèè p(c|w) äëÿ âñåõ âîçìîæíûõ ïàð êîíòåêñòîâ è ñëîâ
(ôîðìóëà 2):

arg max
θ

∏
(w,c)∈D

p(c|w; θ), (2)

ãäå D � ìíîæåñòâî âñåõ âîçìîæíûõ ñî÷åòàíèé ñëîâà è êîíòåêñòà.
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Îäèí èç ñïîñîáîâ ïàðàìåòðèçàöèè ìîäåëè (ôîðìóëà 2) � ýòî èñïîëüçîâàíèå
ëîãèñòè÷åñêîé ôóíêöèè (àíãë. Soft-max-function) äëÿ îïðåäåëåíèÿ âåðîÿòíîñòè p(w|c,θ)
(ôîðìóëà 3):

p(c|w; θ) = evc·vw∑
c′∈C

evc′ ·vw
, (3)

ãäå vc è vw∈Rd � âåêòîðíûå ðàñïðåäåëåííûå ïðåäñòàâëåíèÿ êîíòåêñòà è ñëîâà. C � ýòî
ìíîæåñòâî âñåõ êîíòåêñòîâ. Â ÷èñëèòåëå çàïèñàíà ñåìàíòè÷åñêàÿ áëèçîñòü ñëîâ êîíòåêñòà
(vc) è âûáðàííîãî öåëåâîãî ñëîâà (vw), â çíàìåíàòåëå � áëèçîñòü âñåõ äðóãèõ êîíòåêñòîâ
êîëëåêöèè (vc′) è âûáðàííîãî öåëåâîãî ñëîâà (vw).

Äàëåå öåëåâàÿ ôóíêöèè ëîãàðèôìèðóåòñÿ (ôîðìóëà 2) è ïîäñòàâëÿåòñÿ çíà÷åíèå âå-
ðîÿòíîñòåé (ôîðìóëà 3), â ðåçóëüòàòå èìååì:

arg max
θ

∑
(w,c)∈D

logp(c|w) =
∑

(w,c)∈D

(logevc·vw − log
∑
c′

evc′ ·vw). (4)

Öåëåâàÿ ôóíêöèÿ (ôîðìóëà 4) âû÷èñëèìà, îäíàêî îíà ïðåäñòàâëÿåò ñîáîé âû÷èñ-
ëèòåëüíî ñëîæíóþ çàäà÷ó, òàê êàê äëÿ âû÷èñëåíèÿ p(w|c,θ) òðåáóåòñÿ ñóììèðîâàíèå∑

c′∈C e
vc′ ·vwïî âñåì âîçìîæíûì êîíòåêñòàì òåðìèíà, êîòîðûõ ìîæåò áûòü îãðîìíîå ìíî-

æåñòâî.
Ñ öåëüþ îïòèìèçàöèè ôóíêöèè ôîðìóëû 4 ïðåäëàãàåòñÿ çàìåíèòü îáû÷íóþ ëîãèñòè-

÷åñêóþ ôóíêöèþ (ôîðìóëà 3) íà èåðàðõè÷åñêóþ ñîôòìàêñ (àíãë. Hierarchical Softmax)
èëè èñïîëüçîâàòü íåãàòèâíîå ñýìïëèðîâàíèå (àíãë. Negative Sampling).

Äëÿ êàæäîãî ñëîâà ìîæåò ñóùåñòâîâàòü áîëüøîå êîëè÷åñòâî êîíòåêñòîâ. Îäèí èç ñïî-
ñîáîâ ïðåîäîëåíèÿ ýòîé ïðîáëåìû � ýòî íåãàòèâíîå ñýìïëèðîâàíèå. Åãî ïðèíöèï çàêëþ-
÷àåòñÿ â òîì, ÷òî äëÿ âûáðàííîãî òåðìèíà ñ÷èòàþòñÿ íå âñå âîçìîæíûå êîíòåêñòû, íî
ñëó÷àéíûì îáðàçîì âûáèðàåòñÿ íåñêîëüêî êîíòåêñòîâ (vc′). Íàïðèìåð, åñëè ñëîâî ”

ôèëüì“
ïîÿâëÿåòñÿ â êîíòåêñòå ðàçâëå÷åíèé, òî âåêòîð ñëîâà

”
ðàçâëå÷åíèÿ“ áóäåò áëèæå ê âåêòî-

ðó ñëîâà
”
ôèëüì“, ÷åì âåêòîðû íåêîòîðûõ äðóãèõ ñëó÷àéíî âûáðàííûõ ñëîâ (òàêèõ êàê

ñòâîë, òâîðîã èëè ðàíåö), è íå íóæíî ïðîâåðÿòü âñå ñëîâà èç îáó÷àþùåé êîëëåêöèè. Òàêîé
ïîäõîä ñóùåñòâåííî îáëåã÷àåò ïîñòðîåíèå ìîäåëè.

5. Èñïîëüçîâàíèå ìîäåëè Skip-Gramm äëÿ ñíèæåíèÿ çàâèñèìîñòè îò îáó-

÷àþùåé êîëëåêöèè. Äëÿ îáó÷åíèÿ ìîäåëè Skip-Gramm ïðîèçâîëüíûì îáðàçîì áûëî
âûáðàíî 5 ìèëëèîíîâ òåêñòîâ èç ïåðâîíà÷àëüíîé, íå ðàçäåëåííîé ïî êëàññàì òîíàëüíîñòè
êîëëåêöèè 2013 ãîäà. Êîëëåêöèè 2014 è 2015 ãîäîâ â îáó÷åíèè íå ó÷àñòâîâàëè, òàê êàê äå-
ëàåòñÿ ïðåäïîëîæåíèå, ÷òî îáó÷åííàÿ ìîäåëü äîëæíà áûòü ïåðåíîñèìà íà áîëåå ïîçäíèå
êîëëåêöèè.

Â êà÷åñòâå ïðîãðàììíîé ðåàëèçàöèè ìîäåëè Skip-gram áûë èñïîëüçîâàí ïðîãðàììíûé
èíñòðóìåíò Word2Vec [24].

Îäíîé èç îñîáåííîñòåé Word2Vec ÿâëÿåòñÿ òî, ÷òî àëãîðèòì ðàçäåëÿåò òåðìèíû ìåæäó
ñîáîé, åñëè ìåæäó íèìè ñòîèò ïðîáåë. Äëÿ çàäà÷è êëàññèôèêàöèè òåêñòîâ ïî òîíàëüíîñòè
âàæíû ÷àñòèöû íå è íè, ïîýòîìó, ÷òîáû

”
íå + ñëîâî“ íå áûëî ðàçäåëåíî íà äâà ðàçëè÷íûõ

òåðìèíà, ïðîáåë ìåæäó ÷àñòèöàìè íå è íè áûë çàìåíåí íèæíèì ïîä÷åðêèâàíèåì (íàïð.

”
íè_ðàçó“,

”
íå_õîòåë“).

Êàæäûé òåêñò èç îáó÷àþùåé è òåñòîâûõ êîëëåêöèé áûë ïðåäñòàâëåí â âèäå óñðåäíåí-
íîãî âåêòîðà âõîäÿùèõ â íåãî ñëîâ (ôîðìóëà 5):
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Òàáëèöà 2

Ðåçóëüòàòû êëàññèôèêàöèè òåêñòîâ ïî òîíàëüíîñòè ñ èñïîëüçîâàíèåì âåêòîðîâ ñëîâ,
ïîëó÷åííûõ ïðè èñïîëüçîâàíèè ðàñïðåäåëåííûõ ïðåäñòàâëåíèé ñëîâ â êà÷åñòâå ïðèçíàêîâ

Acc. Pecision Recall F-ìåðà

2013 0,7206 0,7250 0,7221 0,7226
2014 0,7756 0,7763 0,7836 0,7787
2015 0,7289 0,7250 0,7317 0,7252

d =

∑
wi

n
, (5)

ãäå wi � âåêòîðíîå ïðåäñòàâëåíèå i -ãî ñëîâà, âõîäÿùåãî â èññëåäóåìûé òåêñò, i=(1,..,n).
n � ÷èñëî ñëîâ èç ñëîâàðÿ, âõîäÿùèõ â èññëåäóåìûé òåêñò.

Êëàññèôèêàòîð áûë îáó÷åí íà êîëëåêöèè 2013 ãîäà, äàëåå îáó÷åííàÿ ìîäåëü êëàññè-
ôèêàòîðà ïðèìåíÿëàñü äëÿ òåñòèðîâàíèÿ íà êîëëåêöèÿõ 2014 è 2015 ãîäîâ. Ðåçóëüòàòû
ðàáîòû êëàññèôèêàòîðà ïðåäñòàâëåíû â òàáë. 2. Â êà÷åñòâå ìåòðèê îöåíêè êà÷åñòâà êëàñ-
ñèôèêàöèè âûáðàíû ñòàíäàðòíûå ìåòðèêè: ïðàâèëüíîñòè � accuracy, ïîëíîòû � recall,
òî÷íîñòè � precision, ãàðìîíè÷åñêîãî ñðåäíåãî � F-ìåðà.

Çàêëþ÷åíèå. Ïðè èñïîëüçîâàíèè ðàñïðåäåëåííîãî ïðåäñòàâëåíèÿ ñëîâ â êà÷åñòâå
ïðèçíàêîâ äëÿ êëàññèôèêàòîðà òåêñòîâ ïî òîíàëüíîñòè êà÷åñòâî êëàññèôèêàöèè íà òðè
êëàññà íå òîëüêî íå ñíèæàåòñÿ íà êîëëåêöèÿõ, ñîáðàííûõ ñ ðàçíèöåé â ïîëãîäà�ãîä, íî
è äåðæèòñÿ íà óðîâíå ëó÷øèõ çíà÷åíèé, çàôèêñèðîâàííûõ â èññëåäîâàíèÿõ [3]. Âàæíî
òàêæå îòìåòèòü, ÷òî ÷èñëî êîîðäèíàò â âåêòîðå ïðèçíàêîâ � ðîâíî 300 (çàäàâàåìûé ïàðà-
ìåòð), à íå íåñêîëüêî ñîòåí òûñÿ÷, êàê â áóëåâîé ìîäåëè äëÿ ýòîé æå òåñòîâîé êîëëåêöèè.

Äàííûé ìåòîä õîðîøî ïîäõîäèò äëÿ ïðèìåíåíèÿ ïðè íàëè÷èè âíåøíåé äîñòàòî÷íî
ïðåäñòàâèòåëüíîé êîëëåêöèè òåêñòîâ, ñõîæåé ïî ëåêñèêå ñ îáó÷àþùåé è òåñòîâîé êîë-
ëåêöèÿìè. Îäíàêî, êàê äëÿ äðóãèõ íåéðîííûõ ñåòåé, â ýòîì ñëó÷àå òðåáóåòñÿ áîëüøàÿ
îáó÷àþùàÿ âûáîðêà òåêñòîâ. Ìåòîä ïîçâîëÿåò ïîëó÷èòü óñòîé÷èâûå è ñòàáèëüíûå
ðåçóëüòàòû.
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