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Ïðåäëàãàåòñÿ îïðåäåëåíèå îáîáù¼ííîãî äèàëîãîâîãî ãðàôà, ñ ïîìîùüþ êîòîðîãî
îïèñûâàåòñÿ ñòðóêòóðà äèàëîãà ïî êîðïóñó îäíîðîäíûõ äèàëîãîâ. Çàäà÷à ïîñòðîå-
íèÿ òàêîãî ãðàôà ÿâëÿåòñÿ àêòóàëüíîé â ñîâðåìåííîì ðàçãîâîðíîì èñêóññòâåííîì
èíòåëëåêòå, îäíàêî ðàáîò ñ êîíêðåòíûìè ðåçóëüòàòàìè ìàëî, ÷àñòî íå äà¼òñÿ ïîë-
íîãî îïèñàíèÿ àëãîðèòìîâ, íå âûêëàäûâàåòñÿ êîä ñ èõ ðåàëèçàöèåé. Â íàñòîÿùåé
ðàáîòå ïðåäëîæåí ìåòîä ïîñòðîåíèÿ îáîáù¼ííîãî äèàëîãîâîãî ãðàôà, êîòîðûé
ðåàëèçîâàí íà ÿçûêå ïðîãðàììèðîâàíèÿ Python è âûëîæåí â îòêðûòûé äîñòóï.
Ïðîâåäåíû ýêñïåðèìåíòû íà îòêðûòûõ äàííûõ è îïèñàíû èõ ðåçóëüòàòû.

Êëþ÷åâûå ñëîâà: äèàëîãîâàÿ ñèñòåìà, îáðàáîòêà åñòåñòâåííîãî ÿçûêà, ãðàô,

äèàëîãîâûé ãðàô, êëàñòåðèçàöèÿ, âåêòîðíûå ïðåäñòàâëåíèÿ.

A GENERALIZED DIALOGUE GRAPH CONSTRUCTION
AND VISUALIZATION BASED ON A CORPUS OF DIALOGUES

P.D. Shtykov, A.G. Dyakonov

Lomonosov Moscow State University, Moscow, Russia

A definition of a generalized dialogue graph is proposed to describe the structure of a
dialogue in terms of a corpus of homogeneous dialogues. The task of constructing such
a graph is relevant in modern conversational artificial intelligence, however, there are
few works with meaningful results, often a complete description of the algorithms is not
given and the code with the implementation is not published. In the paper, a method
for constructing a generalized dialogue graph is proposed, which is implemented in
the Python programming language and made publicly available. Experiments were
carried out on open data and the results were described.

Keywords: dialogue system, NLP, graph, dialogue graph, clustering, embeddings.

Ââåäåíèå
Îáðàáîòêà åñòåñòâåííîãî ÿçûêà (Natural Language Processing, NLP) ÿâëÿåòñÿ îäíèì

èç êëþ÷åâûõ íàïðàâëåíèé â îáëàñòè èñêóññòâåííîãî èíòåëëåêòà. Ïðè ýòîì îäíîé èç
âàæíåéøèõ çàäà÷ â NLP ÿâëÿåòñÿ îáðàáîòêà è ïîíèìàíèå äèàëîãîâ. Â äàííîé ðàáîòå
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èññëåäóåòñÿ îäèí èç ïîäõîäîâ ê ïðåäñòàâëåíèþ è àíàëèçó äèàëîãîâ, à òàêæå ïðåäñòàâ-
ëåíèþ îáùåé ñòðóêòóðû äèàëîãà â âèäå ãðàôà, èäåÿ êîòîðîãî íå íîâà, íî ïóáëèêàöèé
ïî åãî ðåàëèçàöèè êðàéíå ìàëî.

Ïðåäïîëîæèì, ÷òî ó íàñ åñòü äîñòàòî÷íîå ÷èñëî äèàëîãîâ èç íåêîòîðîé óçêîé ïðåä-
ìåòíîé îáëàñòè. Íàïðèìåð, ýòî äèàëîãè ðàáîòíèêîâ êîëë-öåíòðà áàíêà ñ êëèåíòàìè
(çäåñü äèàëîãè åù¼ è ïðîáëåìíî-îðèåíòèðîâàííûå� task-oriented dialogs). Åñòåñòâåí-
íî ïðåäïîëîæèòü, ÷òî èõ ìîæíî ðàçáèòü íà ãðóïïû îäíîöåëåâûõ äèàëîãîâ, íàïðèìåð
¾ïðåäëîæåíèå íîâîé óñëóãè¿, ¾ïåðåâûïóñê áàíêîâñêîé êàðòû¿ è ò. ï. Êàæäîé ãðóïïå
ñîïîñòàâëåí ãðàô äèàëîãà; ó êàæäîãî ðàáîòíèêà êîëë-öåíòðà åñòü ÷¼òêàÿ èíñòðóêöèÿ
ïî îáùåíèþ ñ êëèåíòîì è åé ñîîòâåòñòâóåò îðèåíòèðîâàííûé ãðàô (ðèñ. 1).

Ðèñ. 1. Ïðèìåð äèàëîãîâîãî ãðàôà ðàáîòíèêà êîëë-öåíòðà ñ êëèåíòîì

Ïî îäíîìó äèàëîãó â îáùåì ñëó÷àå íåâîçìîæíî âîññòàíîâèòü äèàëîãîâûé ãðàô,
ïîñêîëüêó íå ðåàëèçóþòñÿ âñå âàðèàíòû ïðîõîäà ïî ýòîìó ãðàôó. Ïî íåñêîëüêèì äèà-
ëîãàì, êîòîðûå ñîîòâåòñòâóþò îäíîìó ãðàôó, ýòî óæå âîçìîæíî. Òåîðåòè÷åñêè (õî-
ðîøèõ ïðàêòè÷åñêèõ ðåàëèçàöèé ýòîé èäåè íåò) ìîæíî âîññòàíîâèòü íàáîð ãðàôîâ
ïî êîðïóñó äèàëîãîâ èç íåêîòîðîé óçêîé äîìåííîé îáëàñòè. Îòìåòèì ñïåöèôèêó ýòîé
çàäà÷è:

� äàæå åñëè ãðàôîâ íåñêîëüêî, ó íèõ åñòü îáùèå âåðøèíû (íàïðèìåð, âåðøèíà ¾ïî-
çäîðîâàòüñÿ îïåðàòîðó¿);

� íå âñåãäà äèàëîã ìîæåò èäòè ïî çàäóìàííîìó ãðàôó, âîçìîæíû îòêëîíåíèÿ (íà-
ïðèìåð, ïîëüçîâàòåëü ïðîñèò ïîâòîðèòü, îòêàçûâàåòñÿ îò óñëóãè è ïðîñèò ïîìîùè
â ÷¼ì-òî è ò. ï.);

� íå âñåãäà òåêóùèé îòâåò ïîëüçîâàòåëÿ îäíîçíà÷íî îïðåäåëÿåò ïåðåõîä íà íîâóþ
âåðøèíó ãðàôà (íàïðèìåð, ïîëüçîâàòåëü ìîæåò ïîïðîñèòü îòêëþ÷èòü óñëóãó è
çàêðûòü ñ÷¼ò, îïåðàòîð ñàì ðåøàåò, ñ ÷åãî íà÷àòü, è ýòî îïðåäåëÿåò ñëåäóþùóþ
âåðøèíó).

Îòìåòèì, ÷òî äèàëîãîâûé ãðàô, àâòîìàòè÷åñêè ïîñòðîåííûé ïî êîðïóñó îäíîðîä-
íûõ äèàëîãîâ, ïîçâîëÿåò ïðåäñòàâèòü èíôîðìàöèþ â ñæàòîé ôîðìå, ïîäõîäÿùåé êàê
äëÿ âèçóàëèçàöèè, òàê è äëÿ âñòðàèâàíèÿ â ñëîæíûå äèàëîãîâûå ñèñòåìû. Â äàííîé
ðàáîòå äà¼òñÿ ïîíÿòèå îáîáù¼ííîãî äèàëîãîâîãî ãðàôà è ïðåäëàãàþòñÿ ñïîñîáû åãî
ïîñòðîåíèÿ è âèçóàëèçàöèè (ðàññìîòðèì ïîñòðîåíèå îäíîãî ãðàôà, à íå íàáîðà).

1. Ñóùåñòâóþùèå ïîäõîäû
Áàçîâàÿ èäåÿ ïîñòðîåíèÿ äèàëîãîâîãî ãðàôà ñîñòîèò â ïîèñêå íåêîòîðîé îáùåé

ñòðóêòóðû äèàëîãîâ â îäíîðîäíîì êîðïóñå. Òàêóþ ñòðóêòóðó ÷àùå âñåãî ïðåäñòàâ-
ëÿþò â âèäå îðèåíòèðîâàííîãî ãðàôà, âåðøèíû êîòîðîãî îòðàæàþò òåìû ðåïëèê, à
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äóãè � ïåðåõîäû ìåæäó íèìè (ðèñ. 2). Ïðèâåä¼ì ðàáîòû ïî èçó÷åíèþ òàêèõ äèàëîãî-
âûõ ãðàôîâ.

Ðèñ. 2. Ïðèìåð äèàëîãîâîãî ãðàôà èç [3]

Â [1, 2] ïðåäïðèíèìàëèñü ïîïûòêè îáíàðóæåíèÿ ¾ñòðóêòóðû äèàëîãà¿, íî áåç ÿâ-
íîãî ïîñòðîåíèÿ ãðàôà. Íàèáîëåå ÷àñòî öèòèðóåìîé ÿâëÿåòñÿ ñåðèÿ ðàáîò [3, 4], â
êîòîðîé ïðåäëàãàþòñÿ äâà ñïîñîáà ïîñòðîåíèÿ òàêîãî ãðàôà. Ïåðâûé îñíîâàí íà èñ-
ïîëüçîâàíèè ðåêóððåíòíîãî âàðèàöèîííîãî àâòîêîäèðîâùèêà [5] (Variational Recurrent
Neural Network �VRNN), ðåçóëüòàò ðàáîòû ýòîãî àëãîðèòìà ïðåäñòàâëåí íà ðèñ. 2. Âî
âòîðîé àâòîðû äîáàâèëè â äàííóþ àðõèòåêòóðó ìåõàíèçì âíèìàíèÿ [6], ÷òî ïîçâî-
ëèëî óëó÷øèòü êà÷åñòâî (Structured-Attention Variational Recurrent Neural Network �
SVRNN).

Â ïîñëåäíèå ãîäû ïîÿâëÿþòñÿ ðàáîòû íà áîëåå àìáèöèîçíûå òåìû, íàïðèìåð â [7]
ñòðîèòñÿ äâóõóðîâíåâûé äèàëîãîâûé ãðàô äëÿ ¾îòêðûòîãî äîìåíà¿ (open domain
dialogs). Îáû÷íî ñòðóêòóðà äèàëîãà âûÿâëÿåòñÿ äëÿ ïðîáëåìíî-îðèåíòèðîâàííûõ äèà-
ëîãîâ, çäåñü æå ðàññìàòðèâàþòñÿ áîëåå ëåêñè÷åñêè ðàçíîîáðàçíûå äèàëîãè. Â [7] èñ-
ïîëüçóåòñÿ äîâîëüíî ñëîæíàÿ òåõíèêà: DVAE-GNN (Discrete Variational Auto-Encoder
with Graph Neural Network).

Íà ðóññêîì ÿçûêå ìîæíî îòìåòèòü ðàáîòû [8, 9]. Ïåðâàÿ âûãîäíî îòëè÷àåòñÿ îò
ìíîãèõ íàëè÷èåì ðåàëèçàöèè â îòêðûòîì äîñòóïå, â íåé ïðèçíàêè, èçâëå÷¼ííûå èç
äèàëîãîâîãî ãðàôà, èñïîëüçóþòñÿ ïðè ãåíåðàöèè ðåïëèê äèàëîãîâîé ñèñòåìîé.

Â äàííîé ðàáîòå áóäåì îðèåíòèðîâàòüñÿ íà ìåòîä TSCAN (Text SCAN) [10], â êî-
òîðîé äëÿ ïîñòðîåíèÿ äèàëîãîâîãî ãðàôà ïðèìåíÿåòñÿ àëãîðèòì êëàññèôèêàöèè èçîá-
ðàæåíèé ñ ñàìîîáó÷åíèåì� SCAN (Semantic Clustering using Nearest Neighbors) [11].
Àâòîðû àäàïòèðîâàëè äàííûé àëãîðèòì äëÿ ðàáîòû ñ òåêñòàìè, èñïîëüçîâàâ äëÿ ïî-
ëó÷åíèÿ âåêòîðíûõ ïðåäñòàâëåíèé (embeddings) òåêñòîâ íåéðîñåòü BERT [12] àðõè-
òåêòóðû òðàíñôîðìåð; îäèí èç ïðèìåðîâ ãðàôà, ïîëó÷åííîãî àëãîðèòìîì, ïðèâåä¼í
íà ðèñ. 3. Â äàííîé ðàáîòå èññëåäîâàíî èñïîëüçîâàíèå âåêòîðíîãî ïðåäñòàâëåíèÿ, ïî-
ëó÷åííîãî ñ ïîìîùüþ ìîäåëè SBERT (SentenceBERT, [13]), êîòîðîå áîëüøå ïîäõîäèò
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äëÿ ñåìàíòè÷åñêîé êëàñòåðèçàöèè. Îäíàêî â [10] àâòîðû èñïîëüçóþò çàêðûòûé íàáîð
äàííûõ äëÿ ñðàâíåíèÿ àëãîðèòìà ñ áîëåå ïðîñòûìè ìåòîäàìè, â ÷àñòíîñòè ñ àëãîðèò-
ìîì êëàñòåðèçàöèè k-ñðåäíèõ (k-means) [14]. Êðîìå ýòîãî, àâòîðû íå ïðåäîñòàâëÿþò
íè ïîäðîáíîãî àëãîðèòìà, íè åãî ïðîãðàììíîãî êîäà. Â äàííîé ðàáîòå àëãîðèòì ðåà-
ëèçîâàí, âûëîæåí â îòêðûòûé äîñòóï, ïðîâåäåíû ýêñïåðèìåíòû íà îòêðûòûõ äàííûõ
ñ ðàçíûìè ìåòîäàìè êëàñòåðèçàöèè. Äîïîëíåíî îïðåäåëåíèå äèàëîãîâîãî ãðàôà äëÿ
áîëåå ïðîñòîãî äàëüíåéøåãî àíàëèçà îïðåäåëÿåìîãî îáúåêòà è âèçóàëèçàöèè.

Ðèñ. 3. Ïðèìåð äèàëîãîâîãî ãðàôà èç [10]

2. Ïîñòàíîâêà çàäà÷è
Ïóñòü D = {d1, d2, . . . , d|D|}�êîðïóñ äèàëîãîâ, êàæäûé äèàëîã di ÿâëÿåòñÿ óïîðÿ-

äî÷åííûì íàáîðîì èç íåñêîëüêèõ âûñêàçûâàíèé: di = {d1i , d2i , . . . , d
n(i)
i }. Êàæäîå âû-

ñêàçûâàíèå dji � ýòî òåêñò, íàïðèìåð ¾Ê ñîæàëåíèþ, òàêîãî òîâàðà íåò â íàëè÷èè.

Ìîæåì ëè ìû Âàì ïðåäëîæèòü ÷òî-òî åù¼?¿. Â äàëüíåéøåì ìû áóäåì ðàáîòàòü
ñ âåêòîðíûìè ïðåäñòàâëåíèÿìè òåêñòîâ è âûñêàçûâàíèå dji îòîæäåñòâëÿòü ñ âåùå-
ñòâåííûì âåêòîðîì. Ìíîæåñòâî âñåõ âûñêàçûâàíèé â êîðïóñå îáîçíà÷èì ÷åðåç

U =
|D|⋃
i=1

n(i)⋃
j=1

dji .

Ìû áóäåì ðàáîòàòü ñ íåðàçìå÷åííûìè êîðïóñàìè äèàëîãîâ, â îáùåì æå ñëó÷àå íåò
îãðàíè÷åíèÿ íà èñïîëüçîâàíèå ðàçìåòêè (êîãäà ó êàæäîãî äèàëîãà èëè âûñêàçûâàíèÿ
åñòü ìåòêà � íåêîòîðàÿ äîïîëíèòåëüíàÿ ìåòàèíôîðìàöèÿ). Äëÿ óäîáñòâà ñ÷èòàåì, ÷òî
êàæäûé äèàëîã di íà÷èíàåòñÿ ñ ¾òåõíè÷åñêîãî¿ âûñêàçûâàíèÿ ¾íà÷àëî äèàëîãà¿:

d1i = BEGIN,

à çàêàí÷èâàåòñÿ ¾òåõíè÷åñêèì¿ âûñêàçûâàíèåì ¾êîíåö äèàëîãà¿:

d
n(i)
i = END,

àíàëîãè÷íûå âåðøèíû áóäóò è â äèàëîãîâîì ãðàôå.
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Îïðåäåëåíèå 1. Íàçîâ¼ì îáîáù¼ííûì äèàëîãîâûì ãðàôîì òðîéêó

T = (G, p′(v′|v), p(u|v)),

ãäå

� G = (V,E)� îðèåíòèðîâàííûé ãðàô;
� V ̸= ∅�ìíîæåñòâî âåðøèí ãðàôà G; p(u|v)�ôóíêöèÿ âåðîÿòíîñòè îòíåñåíèÿ âû-

ñêàçûâàíèÿ u ∈ U ê âåðøèíå v ∈ V . Ìíîæåñòâî V èíòåðïðåòèðóåòñÿ êàê ìíîæåñòâî
òåì âûñêàçûâàíèé, ïîýòîìó |V | < |U | (êàê ïðàâèëî, òàêèõ òåì íåìíîãî);

� E �ìíîæåñòâî äóã ãðàôà G, ïðè ýòîì êàæäîé äóãå (vj, vi) ∈ E ñîïîñòàâëåíà âå-
ðîÿòíîñòü ïåðåõîäà ïî íåé p′(vi|vj), ñóììà âåðîÿòíîñòåé äëÿ äóã, âûõîäÿùèõ èç
êàæäîé âåðøèíû vj ∈ V , ðàâíà 1:

∑
i

p′(vi|vj) = 1.

Â îïðåäåëåíèè åñòü ïðîèçâîë â âûáîðå ìíîæåñòâ V è E, ôîðìàëüíî â êà÷åñòâå G
ïîäîéä¼ò ëþáîé îðèåíòèðîâàííûé ãðàô. Áîëåå òîãî, åñëè â êà÷åñòâå ìíîæåñòâà U
âçÿòü íå ìíîæåñòâî ðåïëèê äèàëîãîâ êîðïóñà, à ìíîæåñòâî âñåâîçìîæíûõ âûñêàçû-
âàíèé, òî äèàëîãîâûé ãðàô íå áóäåò ñâÿçàí ñ êîíêðåòíûì êîðïóñîì. Îäíàêî ïîíÿòíà
èíòåðïðåòàöèÿ óêàçàííûõ ìíîæåñòâ: âåðøèíû v ∈ V îïèñûâàþò òåìû ðåïëèê äèàëî-
ãîâ êîðïóñà, à äóãè (vj, vi) ∈ E �÷åðåäîâàíèå òåì â äèàëîãàõ. Ïðè ýòîì ôóíêöèÿ p
îïðåäåëÿåò ñâÿçü ìåæäó ðåïëèêàìè è òåìàìè, à ôóíêöèÿ p′ îïèñûâàåò ñìåíó òåì. Îñ-
íîâíàÿ çàäà÷à ïðè ïîñòðîåíèè äèàëîãîâîãî ãðàôà ïî êîðïóñó äèàëîãà � ÷òîáû îïèñàí-
íûå ôóíêöèè ñîîòâåòñòâîâàëè ÷åðåäîâàíèþ ðåïëèê â äèàëîãàõ êîíêðåòíîãî êîðïóñà.
Äàëüøå ïðåäëàãàåòñÿ ñïîñîá ïîñòðîåíèÿ äèàëîãîâîãî ãðàôà, â êîòîðîì åñòåñòâåííû
óêàçàííûå èíòåðïðåòàöèè.

Îïðåäåëåíèå 1 íå îãðàíè÷èâàåò íàñ â âûáîðå ìîäåëè äëÿ ïîñòðîåíèÿ îáîáù¼ííîãî
äèàëîãîâîãî ãðàôà. Îáîáùåíèå (îïðåäåëåíèé äèàëîãîâîãî ãðàôà èç ïðåäûäóùèõ ðà-
áîò) ñâÿçàíî ñ ââåäåíèåì ôóíêöèé âåðîÿòíîñòè. Äîïîëíèòåëüíîå òðåáîâàíèå íàëè÷èÿ
ôóíêöèè p(u|v) ïîçâîëÿåò âû÷èñëÿòü ñòàòèñòèêè, ïîëåçíûå äëÿ âèçóàëèçàöèè è äàëü-
íåéøåãî èñïîëüçîâàíèÿ ãðàôà (íàïðèìåð, ñàìîå âåðîÿòíîå ïðåäëîæåíèå èëè ñàìûå
÷àñòîòíûå ñëîâà ñðåäè ïðåäëîæåíèé, àññîöèèðîâàííûõ ñ òåêóùåé âåðøèíîé).

Òàêîé ãðàô äîñòàòî÷íî ïðîñòî îáîáùàåòñÿ íà ñëó÷àé ïåðñîíàëèçèðîâàííûõ äèà-
ëîãîâ (íàïðèìåð, äèàëîãîâ âèäà ¾ïîëüçîâàòåëü¿� ¾ñèñòåìà¿) ââåäåíèåì ðàñêðàñêè
âåðøèí, ò. å. äîïîëíèòåëüíîé ôóíêöèè ϕ(v), ñòàâÿùåé â ñîîòâåòñòâèå êàæäîé âåðøèíå
ïåðñîíàëüíûé èäåíòèôèêàòîð ïîëüçîâàòåëÿ (ID). Îäíàêî äëÿ êîððåêòíîñòè íåîáõîäè-
ìî ââåñòè äîïîëíèòåëüíûå îãðàíè÷åíèÿ: ñìåæíûå âåðøèíû íå äîëæíû áûòü îäèíàêî-
âî îêðàøåíû (òàê êàê âûñêàçûâàíèÿ ïîëüçîâàòåëåé ÷åðåäóþòñÿ), â ãðàôå íåò ïåòåëü
(çàìåòèì, ÷òî îñíîâíîå îïðåäåëåíèå èõ íå çàïðåùàåò). Â äàííîé ðàáîòå ìû áóäåì
ñòðîèòü äèàëîãîâûé ãðàô áåç äîïîëíèòåëüíîé ðàñêðàñêè.

3. Ïðåäëîæåííûé ìåòîä
×òîáû íå ðàáîòàòü ñ òåêñòàìè íàïðÿìóþ, â ìàøèííîì îáó÷åíèè ÷àñòî èñïîëüçóþò

âåêòîðíûå ïðåäñòàâëåíèÿ: îòîáðàæåíèÿ âèäà

emb : U → Rn, n ∈ N,

êîòîðûå ðåàëèçóþòñÿ ñ ïîìîùüþ íåéðîííûõ ñåòåé è ïîçâîëÿþò ðàáîòàòü íå ñ òåêñòîì
u ∈ U , à ñ âåêòîðîì emb(u) ôèêñèðîâàííîé ðàçìåðíîñòè. Äëÿ ðåàëèçàöèè ïðåäñòàâ-
ëåíèÿ ìû èñïîëüçîâàëè ïðåäîáó÷åííóþ ñèàìñêóþ íåéðîííóþ ñåòü SBERT [13] ñ ðàç-
íûìè áàçîâûìè ñåòÿìè (ïîäðîáíåå â ï. 4). Â äàëüíåéøåì, åñëè íå îãîâîðåíî äðóãîãî,
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ïîä âûñêàçûâàíèåì u áóäåì ïîäðàçóìåâàòü åãî ïðåäñòàâëåíèå emb(u) è îòîæäåñòâëÿòü
ìíîæåñòâî âûñêàçûâàíèé è ìíîæåñòâî èõ ïðåäñòàâëåíèé, ò. å.

U =
|D|⋃
i=1

n(i)⋃
j=1

emb(dji ) ⊂ Rn.

Ïðè ýòîì n = 768 èëè 384 â çàâèñèìîñòè îò èñïîëüçîâàííîé áàçîâîé ñåòè â SBERT.
Â ïðîñòðàíñòâå ïðåäñòàâëåíèé ââåäåíà êîñèíóñíàÿ ìåðà ñõîäñòâà, îòðàæàþùàÿ ñåìàí-
òè÷åñêóþ áëèçîñòü âûñêàçûâàíèé, ÷òî ïîçâîëÿåò èñïîëüçîâàòü â ýòîì ïðîñòðàíñòâå
ïðîñòûå ìåòîäû êëàñòåðèçàöèè äëÿ îáúåäèíåíèÿ áëèçêèõ ïî ñìûñëó âûñêàçûâàíèé.

Îïèøåì àëãîðèòì ïîñòðîåíèÿ îáîáù¼ííîãî äèàëîãîâîãî ãðàôà T=(G, p′(v′|v), p(u|v))
äëÿ âûñêàçûâàíèé â ïðîñòðàíñòâå ïðåäñòàâëåíèé. Ïóñòü âûáðàí íåêîòîðûé àëãîðèòì
êëàñòåðèçàöèè a, êîòîðûé ðàçáèâàåò ìíîæåñòâî U íà êëàñòåðû� ïîäìíîæåñòâà ïîõî-
æèõ âûñêàçûâàíèé. Ìíîæåñòâî ïîëó÷åííûõ êëàñòåðîâ îáîçíà÷èì ÷åðåç V � îíî áóäåò
ìíîæåñòâîì âåðøèí ãðàôà. Â ðåçóëüòàòå ðàáîòû àëãîðèòìà êëàñòåðèçàöèè îïðåäå-
ëÿåòñÿ äèñêðåòíàÿ âåðîÿòíîñòü p(v|u) ïðèíàäëåæíîñòè âûñêàçûâàíèÿ u ∈ U ê êëà-
ñòåðó v ∈ V . Ïðè ýòîì êëàñòåðèçàöèÿ ìîæåò áûòü êàê æ¼ñòêîé, íàïðèìåð ìåòîäîì
k-ñðåäíèõ, òàê è ìÿãêîé, íàïðèìåð ñìåñüþ ãàóññèàí (Gaussian mixture model,
GMM) [14]. Çíàÿ p(v|u), ìîæíî âû÷èñëèòü p(u|v), èñïîëüçóÿ òåîðåìó Áàéåñà:

p(u|v) = p(v|u)p(u)
|U |∑
i=1

p(v|ui)p(ui)
,

ãäå p(u)� âåðîÿòíîñòü âñòðå÷àåìîñòè âûñêàçûâàíèÿ u âî âñåì êîðïóñå äèàëîãîâ.
Íà ïðàêòèêå áóäåì ïîëüçîâàòüñÿ îöåíêàìè âåðîÿòíîñòåé � ÷àñòîòàìè. Çàìåòèì, ÷òî
âåðîÿòíîñòü p(u) íå îäèíàêîâà äëÿ âñåõ âûñêàçûâàíèé, òàê êàê â äèàëîãàõ êîðïóñà
ìîãóò âñòðå÷àòüñÿ ïîâòîðÿþùèåñÿ âûñêàçûâàíèÿ.

Îòäåëüíî ïîòðåáóåì, ÷òîáû òåõíè÷åñêèå âûñêàçûâàíèÿ BEGIN è END ïîïàäàëè
â îòäåëüíûå êëàñòåðû {BEGIN} è {END}, äëÿ ýòèõ âûñêàçûâàíèé ìîæåò íå áûòü
ïðåäñòàâëåíèé, äëÿ óäîáñòâà ìîæíî ñ÷èòàòü, ÷òî

emb(BEGIN) = (+∞, . . . ,+∞),

emb(END) = (−∞, . . . ,−∞)

(è èõ ïðåäñòàâëåíèÿ äîñòàòî÷íî äàëåêè îò ïðåäñòàâëåíèé äðóãèõ âûñêàçûâàíèé äèà-
ëîãîâ).

Îñòàëîñü îïðåäåëèòü â ãðàôå G äóãè è íàéòè âåðîÿòíîñòè, àññîöèèðîâàííûå ñ íè-
ìè. Ââåä¼ì âñïîìîãàòåëüíûé îðèåíòèðîâàííûé ãðàô Ĝ = (V̂ , Ê), ìíîæåñòâî âåðøèí
V̂ = U �ìíîæåñòâî âûñêàçûâàíèé èç êîðïóñà, ìíîæåñòâî ð¼áåð

Ê =
|D|⋃
i=1

n(i)−1⋃
j=1

{(dji , d
j+1
i )} ⊂ V̂ × V̂

� ìíîæåñòâî ïàð ïîñëåäîâàòåëüíûõ âûñêàçûâàíèé â äèàëîãàõ êîðïóñà, êàæäîå ðåá-
ðî (ui, uj) èìååò âåðîÿòíîñòíóþ ìåòêó p′′(uj|ui), ðàâíóþ àïîñòåðèîðíîé âåðîÿòíîñòè
âñòðåòèòü îòâåò uj íà âûñêàçûâàíèå ui. Äàííûé ãðàô ñòðîèòñÿ íàïðÿìóþ ïî êîðïóñó
äèàëîãîâ.
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Íà ðèñ. 4 ïîêàçàíà ñõåìà ñîâìåñòíîãî ðàçìåùåíèÿ îáîèõ ãðàôîâ G è Ĝ. Ñîîòâåò-
ñòâåííî ìàòðèöà ñìåæíîñòè Â ãðàôà Ĝ îïðåäåëÿåòñÿ êàê

Â = (âij), âij = p′′(uj|ui)

äëÿ 1 ⩽ i, j ⩽ |U |. Çíàÿ âåðîÿòíîñòè p(u|v), p′′(u|u) è p(v|u), ìîæíî âû÷èñëèòü âåðî-
ÿòíîñòè äóã p′(v|v) â ãðàôå G:

p′(vj|vi) =
∑
α,β

p(vj|uβ)p′′(uβ|uα)p(uα|vi),

ò. å. âåðîÿòíîñòü ïåðåõîäà èç âåðøèíû vi â âåðøèíó vj ãðàôà G ðàâíà ñóììå âåðîÿòíî-
ñòåé âñåõ ïðîñòûõ ïóòåé èç vi â vj, ïðîõîäÿùèõ ÷åðåç ïàðû âûñêàçûâàíèé âèäà (uα, uβ)
â ãðàôå Ĝ. Ïðèìåð òàêîãî ïóòè âûäåëåí íà ðèñ. 4 øòðèõïóíêòèðíîé ëèíèåé.

Ðèñ. 4. Ïðèìåð äâóõ ãðàôîâ: G (ñâåðõó) â ïðîñòðàíñòâå âåðøèí V
è Ĝ (ñíèçó) â ïðîñòðàíñòâå âûñêàçûâàíèé U

Âåðîÿòíîñòíàÿ ìàòðèöà ñìåæíîñòè âçâåøåííîãî ãðàôà G èìååò âèä

A = (aij), aij = p′(vj|vi)

äëÿ 1 ⩽ i, j ⩽ |V |. Òàê êàê â íàøåì ñëó÷àå ñîâìåñòíûå ðàñïðåäåëåíèÿ p(u|v) è p(v|u)
äèñêðåòíû, òî îíè ìîãóò áûòü ïðåäñòàâëåíû â âèäå ìàòðèö, ïîýòîìó ñïîñîá âû÷èñëå-
íèÿ ìàòðèöû ñìåæíîñòè A ìîæåò áûòü çàäàí â ÿâíîé ìàòðè÷íîé ôîðìå

A = P uv · Â · P vu,

ãäå ìàòðèöû â ïðîèçâåäåíèè îïðåäåëÿþòñÿ ñëåäóþùèì îáðàçîì:

P uv = (pij) : pij = p(uj|vi), P vu = (pij) : pij = p(vj|ui).

Îïèñàíèå ïîñòðîåíèÿ îáîáù¼ííîãî äèàëîãîâîãî ãðàôà T çàêîí÷åíî. Çàìåòèì, ÷òî
ýòîä ìåòîä ïðèìåíèì íå òîëüêî â ñëó÷àå êëàñòåðèçàöèè â ïðîñòðàíñòâå ïðåäñòàâëåíèé,
íî è â ñëó÷àå èñïîëüçîâàíèÿ ëþáîãî äðóãîãî àëãîðèòìà, ñïîñîáíîãî îöåíèòü àïîñòå-
ðèîðíûå âåðîÿòíîñòè p(v|u) (íàïðèìåð, ñ ïîìîùüþ ëàòåíòíîãî ðàçìåùåíèÿ Äèðèõëå
(Latent Dirichlet allocation, LDA [15]) èëè íåéðîííîé ñåòè, ðåøàþùåé çàäà÷ó ¾îò íà-
÷àëà äî êîíöà¿ áåç ïðîìåæóòî÷íîãî èñïîëüçîâàíèÿ ïðåäñòàâëåíèé). Êëàñòåðèçàöèÿ
áûëà âûáðàíà êàê íàèáîëåå ïðîñòîé ìåòîä. Èñõîäíûé êîä àëãîðèòìà è ýêñïåðèìåíòîâ
äîñòóïåí ïî ññûëêå [16].
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4. Ýêñïåðèìåíòû
4.1. Ä à í í û å ä ë ÿ ý ê ñ ï å ð è ì å í ò î â

Äëÿ ìíîãèõ çàäà÷ â àíàëèçå äàííûõ è ìàøèííîì îáó÷åíèè åñòü ñòàíäàðòíûå íà-
áîðû äàííûõ (òàê íàçûâàåìûå ¾äàòàñåòû¿� datasets), íà êîòîðûõ îòñëåæèâàåòñÿ êà-
÷åñòâî ïðåäëîæåííûõ ðåøåíèé è îïðåäåëÿåòñÿ ëó÷øåå òåêóùåå ðåøåíèå � SotA (state
of the Art), íàïðèìåð íà ðåñóðñå paperswithcode.com. Ïîñòàíîâêà çàäà÷è, ðàññìàò-
ðèâàåìàÿ â äàííîé ðàáîòå, äîñòàòî÷íî íîâà: ñòàíäàðòíûõ íàáîðîâ äàííûõ, ò. å. êîð-
ïóñîâ äèàëîãîâ, èìåþùèõ íåêîòîðóþ îáùóþ èçâåñòíóþ ñòðóêòóðó, ïî÷òè íåò. Ýòî-
ìó êðèòåðèþ óäîâëåòâîðÿåò ëèøü êîðïóñ STAR (Schema-Guided Dialog Dataset for
Transfer Learning) [17], íà êîòîðîì íå òåñòèðîâàëèñü óïîìÿíóòûå âûøå ìåòîäû. Ïî-
ýòîìó äëÿ ïðîâåäåíèÿ ýêñïåðèìåíòîâ âûáðàíû äâà èçâåñòíûõ êîðïóñà, äëÿ êîòîðûõ
ìîæíî ïðåäïîëîæèòü íàëè÷èå îáùåé ñòðóêòóðû. Ïåðâûé êîðïóñ �Customer Support
on Twitter [18], â êîòîðîì ñîáðàíû îòâåòû îôèöèàëüíûõ àêêàóíòîâ òåõíè÷åñêîé ïîä-
äåðæêè êðóïíûõ êîìïàíèé. Äëÿ îáåñïå÷åíèÿ îäíîðîäíîñòè èç íåãî âûáðàíî ïîäìíî-
æåñòâî ñîîáùåíèé àêêàóíòîâ øåñòè ðàçíûõ àâèàêîìïàíèé ÑØÀ. Âòîðîé êîðïóñ �
DailyDialog [19], â êîòîðîì ñîáðàíû îáû÷íûå äèàëîãè èç ïîâñåäíåâíîé æèçíè íà ðàç-
íûå òåìû. Äëÿ ýêñïåðèìåíòîâ áûëè âçÿòû äèàëîãè íà òåìó ðàáîòû, êàê íàèáîëåå îäíî-
ðîäíûå. Â ðåçóëüòàòå ïîäãîòîâëåíû äâà íàáîðà äàííûõ: 8081 äèàëîã â ñðåäíåì ïî 3,6
âûñêàçûâàíèé â äèàëîãå è 1924 äèàëîãà â ñðåäíåì ïî 7,5 âûñêàçûâàíèé. Ïðèìåðû
äèàëîãîâ èç äâóõ íàáîðîâ ïðèâåäåíû íà ðèñ. 5.

Twitter Customer Support

� @AlaskaAir it says you
open at 5:15 @317258 where
is everyone? #helloooooo
https://t.co/WePfUANLsZ

� @429415 @317258 Ticket counter
opens at 615 is what I see on our
website.

� @AlaskaAir @317258 all good!
They just showed up thanks Andre

� @429415 That is good news

DailyDialog

� Everything's gone wrong.

� I know, it's not as I had planned.

� What are we going to do now?

� I'll speak to Bob, he'll be able to
help us.

Ðèñ. 5. Ïðèìåðû äèàëîãîâ èç êîðïóñîâ Twitter Customer Support è DailyDialog

Âèäíî, ÷òî êîðïóñ Twitter Customer Support î÷åíü çàøóìë¼í, òàê êàê ïåðåïèñêà
â ñîöñåòè Twitter ïóáëè÷íà è â íå¼ ÷àñòî âìåøèâàþòñÿ òðåòüè ëèöà. Ïîýòîìó â êîðïóñå
áûëè îñòàâëåíû òîëüêî òå äèàëîãè ìåæäó êîìïàíèÿìè è ïîëüçîâàòåëÿìè, êîòîðûå
ñîîòâåòñòâóþò ñëåäóþùåé ñõåìå:

¾ñèñòåìà¿� ¾ïîëüçîâàòåëü N¿� ¾ñèñòåìà¿� ¾ïîëüçîâàòåëü N¿ è ò. ä.

Èç âûñêàçûâàíèé áûëè óáðàíû âñå èäåíòèôèêàòîðû ïîëüçîâàòåëåé, à èäåíòèôè-
êàòîðû êîìïàíèé áûëè çàìåíåíû íà åäèíûé òîêåí ¾companyname¿. Ïîñëå ýòîãî áûëà
ïðèìåíåíà ñëåäóþùàÿ ïðåäîáðàáîòêà òåêñòà:

� ïðèâåäåíèå âñåãî òåêñòà ê íèæíåìó ðåãèñòðó;
� óäàëåíèå ñëîâ ñ öèôðàìè;
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� óäàëåíèå ññûëîê;
� ëåììàòèçàöèÿ ñ ïîìîùüþ ïàêåòà NLTK [20];
� óäàëåíèå ñòîï-ñëîâ (èñïîëüçîâàëñÿ íàáîð ñòîï-ñëîâ èç ïàêåòà NLTK).

Êîðïóñ DailyDialog çàøóìë¼í ñóùåñòâåííî ìåíüøå, ïîýòîìó ê íåìó áûëà ïðèìåíå-
íà òîëüêî îïèñàííàÿ ïðåäîáðàáîòêà.

4.2. Î ö å í ê à ê à ÷ å ñ ò â à ê ë à ñ ò å ð è ç à ö è è

Ñíà÷àëà ðàññìîòðèì âèçóàëèçàöèþ ïðîñòðàíñòâà ïðåäñòàâëåíèé, ïîëó÷åííûõ ñ ïî-
ìîùüþ SBERT ñ áàçîâîé íåéðîííîé ñåòüþ Distill-RoBERTa [21]. Ïðîñòðàíñòâî îòîáðà-
æåíî íà ïëîñêîñòü ñ ïîìîùüþ t-SNE (t-distributed Stochastic Neighbor Embedding) [22]
ñ ïåðïëåêñèåé ðàâíîé 50 (ðèñ. 6 è 7). Äëÿ äèàëîãîâ èç îáîèõ êîðïóñîâ çàìåòíà êëà-
ñòåðíàÿ ñòðóêòóðà, îäíàêî êëàñòåðû èìåþò íåáîëüøèå ðàçìåðû è ìåæäó íèìè ìíîãî
øóìà. Ýòî ìîæåò ïðèâåñòè ê çàøóìëåíèþ è ñàìîãî äèàëîãîâîãî ãðàôà.

Ðèñ. 6. Ïðîñòðàíñòâî ïðåäñòàâëåíèé äëÿ
êîðïóñà DailyDialog

Ðèñ. 7. Ïðîñòðàíñòâî ïðåäñòàâëåíèé äëÿ
êîðïóñà Twitter Customer Support

Èçìåðèì êà÷åñòâî êëàñòåðèçàöèè. Â òàáë. 1 ïðåäñòàâëåíû ðåçóëüòàòû ðàáîòû àë-
ãîðèòìà ñ 5-þ âåðøèíàìè â ãðàôå â çàâèñèìîñòè îò ñëåäóþùèõ ïàðàìåòðîâ:

� áàçîâàÿ ìîäåëü â SBERT: MPNet [23], DistillRoBERTa [21, 24] è MiniLM [25];
� êëàñòåðèçàòîð: k-ñðåäíèõ, ñìåñü ãàóññèàí (GMM) è SCAN [10].

Òàê êàê â [10] íå óêàçàíû îïòèìàëüíûå ãèïåðïàðàìåòðû äëÿ SCAN, îí îáó÷àëñÿ äëÿ
êàæäîé êîíôèãóðàöèè ñ íóëÿ ñî ñëåäóþùèìè ñòàíäàðòíûìè ãèïåðïàðàìåòðàìè:

� êîëè÷åñòâî ãîëîâ êëàññèôèêàòîðà: 1;
� òåìï îáó÷åíèÿ: 10−5;
� êîëè÷åñòâî ýïîõ: 15.

Äëÿ ãðàôîâ ñ êîëè÷åñòâîì âåðøèí 10 è 15 àíàëîãè÷íàÿ ñòàòèñòèêà ïðèâåäåíà
â òàáë. 2 è 3.
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Òà á ë è ö à 1
Ðåçóëüòàòû ñðàâíåíèÿ êà÷åñòâà êëàñòåðèçàöèè äëÿ ãðàôà
ñ 5-þ âåðøèíàìè äëÿ èññëåäîâàííûõ íàáîðîâ äàííûõ

Twitter Customer Support DailyDialog

Model Silh. C.-H. D.-B. Entr. Silh. C.-H. D.-B. Entr.

|V
|=

5

MPNet_KMeans 0,052 1043,9 3,912 0,535 0,011 292,3 5,166 0,712
RoBERTa_KMeans 0,043 1003,3 4,43 0,606 0,024 281,8 5,176 0,719
MiniLM_KMeans 0,045 1054,0 3,869 0,523 0,023 286,5 5,287 0,724
MPNet_GMM 0,036 940,4 4,152 0,524 −0,001 253,3 5,517 0,694

RoBERTa_GMM 0,034 988,7 4,544 0,617 0,022 278,1 5,156 0,71
MiniLM_GMM 0,044 1046,8 3,856 0,519 0,01 273,4 4,74 0,663

MPNet_SCAN 0,042 1117,5 4,169 0,576 0,017 230,8 5,992 0,717
RoBERTa_SCAN 0,037 947,8 4,569 0,625 0,024 258,9 5,563 0,718
MiniLM_SCAN 0,036 901,7 4,493 0,624 0,021 247,2 5,596 0,705

Òà á ë è ö à 2
Ðåçóëüòàòû ñðàâíåíèÿ êà÷åñòâà êëàñòåðèçàöèè äëÿ ãðàôà

ñ 10-þ âåðøèíàìè äëÿ êîðïóñîâ Twitter Customer Support è DailyDialog

Twitter Customer Support DailyDialog

Model Silh. C.-H. D.-B. Entr. Silh. C.-H. D.-B. Entr.

|V
|=

10

MPNet_KMeans 0,04 672,1 4,018 0,659 0,016 210,4 4,422 0,778
RoBERTa_KMeans 0,041 634,1 4,147 0,675 0,021 195,1 4,394 0,758
MiniLM_KMeans 0,054 693,4 3,827 0,668 0,015 198,3 4,482 0,759
MPNet_GMM 0,037 652,9 3,669 0,597 −0,002 195,5 4,899 0,776

RoBERTa_GMM 0,036 617,6 3,992 0,611 0,018 185,1 4,724 0,767
MiniLM_GMM 0,026 668,6 3,807 0,623 0,009 182,8 4,373 0,73

MPNet_SCAN 0,032 626,7 4,569 0,663 0,014 176,7 5,117 0,809
RoBERTa_SCAN 0,031 563,0 4,465 0,68 0,021 165,6 5,414 0,809
MiniLM_SCAN 0,03 585,5 4,278 0,679 0,021 175,4 5,003 0,81

Òà á ë è ö à 3
Ðåçóëüòàòû ñðàâíåíèÿ êà÷åñòâà êëàñòåðèçàöèè äëÿ ãðàôà

ñ 15-þ âåðøèíàìè äëÿ êîðïóñîâ Twitter Customer Support è DailyDialog

Twitter Customer Support DailyDialog

Model Silh. C.-H. D.-B. Entr. Silh. C.-H. D.-B. Entr.

|V
|=

15

MPNet_KMeans 0,038 530,2 3,704 0,659 0,018 167,7 4,329 0,796
RoBERTa_KMeans 0,04 490,5 3,936 0,651 0,023 155,2 4,27 0,785
MiniLM_KMeans 0,049 533,7 3,781 0,668 0,018 160,8 4,234 0,788
MPNet_GMM 0,015 508,8 3,711 0,626 0,003 158,4 4,404 0,781

RoBERTa_GMM 0,014 466,8 3,79 0,623 0,016 150,7 4,14 0,772

MiniLM_GMM 0,03 509,1 3,663 0,637 0,014 155,6 4,341 0,775
MPNet_SCAN 0,024 475,5 4,457 0,693 0,005 136,3 4,779 0,832

RoBERTa_SCAN 0,024 447,4 4,418 0,694 0,023 135,2 4,937 0,829
MiniLM_SCAN 0,024 439,9 4,43 0,696 0,022 140,1 5,132 0,826

Â êà÷åñòâå ïîêàçàòåëåé êà÷åñòâà êëàñòåðèçàöèè èñïîëüçîâàëèñü ñëåäóþùèå áàçî-
âûå äëÿ íåðàçìå÷åííûõ äàííûõ: êîýôôèöèåíò ñèëóýòà (Silh.) [26], èíäåêñ Êàëèíñêè�
Õàðàáàñà (C.-H.) [27] è èíäåêñ Äýâèñà �Áîëäèíà (D.-B.) [28]. Ââåä¼ì äîïîëíèòåëüíûé
ïîêàçàòåëü äëÿ îöåíêè ñòðóêòóðû ãðàôà. Íàì õîòåëîñü áû, ÷òîáû ãðàô áûë ¾áîëåå
äåòåðìèíèðîâàííûì¿: åñëè ñëó÷àéíî áëóæäàòü ïî ãðàôó ñîãëàñíî ïðèïèñàííûì äó-
ãàì âåðîÿòíîñòÿì, òî â èäåàëå ïåðåõîäû äîëæíû áûòü äåòåðìèíèðîâàíû (ò. å. òîëüêî



Ïîñòðîåíèå è âèçóàëèçàöèÿ îáîáù¼ííîãî äèàëîãîâîãî ãðàôà ïî êîðïóñó äèàëîãîâ 121

îäíà èñõîäÿùàÿ èç âåðøèíû äóãà èìååò âåðîÿòíîñòü 1, à îñòàëüíûå� 0). Äëÿ ýòîãî
áóäåì èçìåðÿòü ñðåäíþþ íîðìàëèçîâàííóþ ýíòðîïèþ (Entr.):

H(G) =
1

|V | log |V |

|V |∑
i=1

|V |∑
j=1

p′(vj|vi) ln p′(vj|vi).

×åì ìåíüøå ýíòðîïèÿ, òåì áîëåå äåòåðìèíèðîâàí ãðàô.
Èç òàáë. 1�3 âèäíî, ÷òî ìû íå ñìîãëè â òî÷íîñòè ïîâòîðèòü ðåçóëüòàòû àâòîðîâ

TSCAN [10] èõ æå ìåòîäîì: íàøà ðåàëèçàöèÿ SCAN-êëàñòåðèçàòîðà óñòóïàåò ñòàí-
äàðòíûì àëãîðèòìàì k-ñðåäíèõ è ñìåñè ãàóññèàí ïî âñåì ïîêàçàòåëÿì. Âîçìîæíî, ýòî
ñâÿçàíî ñ íåïðàâèëüíî ïîäîáðàííûìè ãèïåðïàðàìåòðàìè.

4.3. Â è ç ó à ë è ç à ö è ÿ ã ð à ô î â

Ïîñòðîèì è âèçóàëèçèðóåì ãðàôû, ïîëó÷åííûå ïðåäëîæåííûì ìåòîäîì. Äëÿ âñåõ
ãðàôîâ èñïîëüçîâàëàñü ëó÷øàÿ (ïî ðåçóëüòàòàì èç òàáë. 1�3) ìîäåëü äëÿ äàííîãî êîëè-
÷åñòâà âåðøèí è íàáîðà äàííûõ. Â êà÷åñòâå ìàðêèðîâêè âåðøèí áóäåì èñïîëüçîâàòü
÷åòûðå ñëîâà èç âûñêàçûâàíèé, êîòîðûå ñîîòâåòñòâóþò âåðøèíå, ñ ñàìûì áîëüøèì
çíà÷åíèåì Tf-Idf (TF� term frequency, IDF� inverse document frequency) [29]. Tf-Idf-
ïðåäñòàâëåíèÿ ñòðîèëèñü äëÿ äâóõñîò íàèáîëåå âåðîÿòíûõ äëÿ äàííîé âåðøèíû âûñêà-
çûâàíèé. Äëÿ óäîáñòâà âèçóàëèçàöèè äóãè íå ïîìå÷àþòñÿ âåðîÿòíîñòÿìè, âåðîÿòíîñòü
îòîáðàæàåòñÿ òîëùèíîé äóãè: ÷åì òîëùå äóãà, òåì áîëüøå âåðîÿòíîñòü ïåðåõîäà ïî
íåé. Òàêæå óáðàíû äóãè ñ âåðîÿòíîñòÿìè ìåíüøå 0,1. Âèçóàëèçàöèÿ ãðàôîâ ïðîèçâî-
äèëàñü ñ ïîìîùüþ ïàêåòà GraphViz [30].

Íà ðèñ. 8 è 9 ïðåäñòàâëåíû ãðàôû ñ 5-þ âåðøèíàìè, ñîñòàâëåííûå ïî îáîèì êîð-
ïóñàì, íà ðèñ. 10 è 11 � ñ 10-þ âåðøèíàìè, íà ðèñ. 12 è 13 � ãðàôû ñ 15-þ âåðøèíàìè.

BEGIN

Flight,
companyname,

received,
pleasure

Thank,
companyname,
much, thanks

Number,
flight,

provide,
received

Welcome,
problem,
behalf,

pleasure

Dm,
confirmation,

via, please

END

Ðèñ. 8. Äèàëîãîâûé ãðàô ñ 5-þ
âåðøèíàìè äëÿ êîðïóñà
Twitter Customer Support

BEGIN

Job, work,
get, office

Strength,
think,

speaking,
name

Morning,
meet, monica,

lucy

Letter, mail,
take, need

END

Sure, thank,
ok, thanks

Ðèñ. 9. Äèàëîãîâûé ãðàô ñ 5-þ âåðøèíàìè äëÿ êîð-
ïóñà DailyDialog
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BEGIN

Flight,
number,
question,
reaching

Companyname,
thank, done,

thx

Flight,
companyname,

quick,
reaching

Enjoy,
flight,

flying, thank

Instance,
consider,

bet, apology

END

Great,
welcome, day,

thank

Let,
assistance,

dm,
confirmation

Anwar,
booking,

check, see

Companyname,
thank,

thanks, much

Charged,
companyname,

checked, bag

Ðèñ. 10. Äèàëîãîâûé ãðàô ñ 10-þ âåðøèíàìè äëÿ êîðïóñà Twitter Customer Support

BEGIN

Fax, machine,
file, office

Good, mr,
smith, hello

Advertising,
company,

hello,
business

Experience,
job,

interested,
position

Strength,
think,

speaking, oh

Afternoon,
next,

tomorrow,
appointment

Work, job,
working, like

Thank,
thanks, ok,

sorry

END

Pocket,
thank, pm,

port

Salary,
price, bonus,

offer

Ðèñ. 11. Äèàëîãîâûé ãðàô ñ 10-þ âåðøèíàìè äëÿ êîðïóñà DailyDialog
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Ãðàôû ñ 5-þ âåðøèíàìè âûãëÿäÿò ïðèåìëåìûìè äëÿ àíàëèçà, äóãè ñ ðàçíîé òîë-
ùèíîé ïîçâîëÿþò ïîíÿòü, êàêèå äèàëîãè íàèáîëåå âåðîÿòíû. Õîòÿ Tf-Idf-ïðåäñòàâëå-
íèå ÿâëÿåòñÿ ïðîñòûì èíñòðóìåíòîì ìàðêèðîâêè âåðøèí, îíî ïîçâîëÿåò ïîíÿòü òåìó
âûñêàçûâàíèé, êîòîðûå ñîîòâåòñòâóþò âåðøèíå. Ãðàôû ñ 10-þ è 15-þ âåðøèíàìè ñòà-
íîâÿòñÿ ïî÷òè ïîëíîñâÿçíûìè, íàèáîëåå âåðîÿòíûå äèàëîãè íà íèõ ìåíåå çàìåòíû,
èíòåðïðåòèðîâàòü òàêèå ãðàôû ñëîæíåå.

BEGIN

Greatest,
people,
airline,

southwest

Booking,
number, hi,

anwar

Companyname,
sent, thank,

ok

Cow, southwes
theart,

response,
correct

Companyname,
luggage, bag,

checked

Missed,
flight,

delayed,
companyname

Number,
flight,

possible,
privacy

Let,
assistance,

great, please

Inconvenience,
customer,
apology,

sorry

Enjoy,
flight,
travel,
flying

Welcome,
great, day,

good

END

Please, dm,
record,

confirmation

Seat, fit,
purchasing,

size

Thanks, much,
companyname,

thank

Privacy,
privilege,
welcome,
positive

Ðèñ. 12. Äèàëîãîâûé ãðàô ñ 15-þ âåðøèíàìè äëÿ êîðïóñà Twitter Customer Support



124 Ï.Ä. Øòûêîâ, À. Ã. Äüÿêîíîâ

BEGIN

Think, thing,
strength,

mind

Machine, fax,
letter,
office

Business,
company,

advertising,
like

Job, company,
position,

work

Hello, mr,
smith, good

Work, job,
working,

thing

END

Yes, sure,
good, yeah

Afternoon,
time,

tomorrow,
hour

Good, well,
please, sorry

University,
english,
school,
course

Salary,
price, bonus,

yuan

Point,
podium,
policy,

portfolio

Meeting,
appointment,

mr, meet

Thanks,
thank, much,

lot

See, ok,
right,

problem

Ðèñ. 13. Äèàëîãîâûé ãðàô ñ 15-þ âåðøèíàìè äëÿ êîðïóñà DailyDialog

Çàêëþ÷åíèå
Ïðåäëîæåí è èññëåäîâàí íà äâóõ íàáîðàõ äàííûõ àëãîðèòì ïîñòðîåíèÿ îáîáù¼í-

íîãî äèàëîãîâîãî ãðàôà ñ ïîìîùüþ êëàñòåðèçàöèè â ïðîñòðàíñòâå ïðåäñòàâëåíèé
SBERT. Ïðîâåäåíû ñðàâíåíèÿ ïðîñòûõ ìåòîäîâ êëàñòåðèçàöèè ñî SCAN. Â ðåçóëü-
òàòå ïîëó÷åíû èçîáðàæåíèÿ äèàëîãîâûõ ãðàôîâ, ïðèãîäíûå äëÿ âèçóàëüíîãî àíàëèçà.
Îòìåòèì, ÷òî ðàáîòà îñòàâëÿåò äîâîëüíî áîëüøîé çàäåë äëÿ áóäóùèõ èññëåäîâàíèé:

� àâòîìàòè÷åñêîå îïðåäåëåíèå ÷èñëà âåðøèí â ãðàôå (ïðîñòåéøèé âàðèàíò ðåøå-
íèÿ� èñïîëüçîâàíèå àëãîðèòìà DBSCAN, ñì., íàïðèìåð, [8, 9]);

� àâòîìàòè÷åñêîå îïðåäåëåíèå âûñêàçûâàíèé, êîòîðûå íå ñîîòâåòñòâóþò âåðøèíàì
(íàïðèìåð, îòêëîíåíèÿ îò òåìû, çäåñü òàêæå ìîæíî èñïîëüçîâàòü DBSCAN);

� àâòîìàòè÷åñêàÿ ïîìåòêà âåðøèí (õîòåëîñü áû, ÷òîáû îíî ïðîèçâîäèëîñü ïîëíîöåí-
íûì ïðåäëîæåíèåì, çäåñü íàïðàøèâàåòñÿ ïðèìåíèòü òåõíèêó ðåôåðèðîâàíèÿ, â [8]
ðàññìàòðèâàëñÿ âàðèàíò èñïîëüçîâàíèÿ âûñêàçûâàíèÿ, ÷ü¼ ïðåäñòàâëåíèå íàèáîëåå
áëèçêî ê öåíòðó ñîîòâåòñòâóþùåãî êëàñòåðà);

� èññëåäîâàíèå îïòèìàëüíîãî ïðåäñòàâëåíèÿ âûñêàçûâàíèé è îïòèìàëüíîé êëàñòåðè-
çàöèè (ýòî áîëåå ýôôåêòèâíî ðåøàåòñÿ ñ íàáîðàìè äàííûõ, çàòî÷åííûõ ïîä ðåøàå-
ìóþ çàäà÷ó, íàïðèìåð, åñëè äèàëîãîâûå ãðàôû ïîñòðîåíû ýêñïåðòàìè èëè çàäàíû
èçíà÷àëüíî êàê â STAR [17]);

� ïðîáëåìà ñðàâíåíèÿ äèàëîãîâûõ ãðàôîâ (â èäåàëå ñðàâíèâàþòñÿ îòâåòû ðàçíûõ àë-
ãîðèòìîâ � ãðàôû, à íå ïðîìåæóòî÷íûå ðåçóëüòàòû èõ ðàáîòû� êëàñòåðèçàöèè);

� ïðîáëåìà ïîñòðîåíèÿ íåñêîëüêèõ ãðàôîâ (êàê îïèñàíî âî ââåäåíèè, ïî-âèäèìîìó,
òàêàÿ ïîñòàíîâêà çàäà÷è ðàíåå íå ðàññìàòðèâàëàñü).
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Àâòîðû âûðàæàþò áëàãîäàðíîñòü àíîíèìíîìó ðåöåíçåíòó çà âíèìàíèå ê ðàáîòå è
ïîëåçíûå çàìå÷àíèÿ, êîòîðûå ïîìîãëè ñóùåñòâåííî óëó÷øèòü ñòàòüþ.
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