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Äèôôóçèîííûå âåðîÿòíîñòíûå ìîäåëè øóìîïîäàâëåíèÿ èëè ïðîñòî äèô-
ôóçèîííûå âåðîÿòíîñòíûå ìîäåëè � ýòî êëàññ ãåíåðàòèâíûõ ìîäåëåé, êîòî-
ðûå íà êàæäîì âðåìåííîì øàãå äîáàâëÿþò ãàóññîâûé øóì ê äàííûì (ïðî-
öåññ ïðÿìîé äèôôóçèè), à çàòåì îáó÷àþòñÿ îáðàùàòü ïðîöåññ äèôôóçèè,
÷òîáû ïîëó÷èòü èñõîäíûå äàííûå (ïðîöåññ îáðàòíîé äèôôóçèè).

Ðèñ. 1: Âîçìóùåíèå êàðòèíêè ãàóññîâûì øóìîì.

Äèôôóçèîííûå âåðîÿòíîñòíûå ìîäåëè ïðèíöèïèàëüíî îòëè÷àþòñÿ îò
âñåõ ïðåäûäóùèõ ãåíåðàòèâíûõ ìîäåëåé. Èíòóèòèâíî îíè íàïðàâëåíû íà
ðàçëîæåíèå ïðîöåññà ãåíåðàöèè ñýìïëà íà ìíîæåñòâî íåáîëüøèõ øóìîïî-
äàâëÿþùèõ øàãîâ.

Âïåðâûå äèôôóçèîííûå ìîäåëè áûëè ïðåäëîæåíû â [11]. Â [5] àâòî-
ðû ïðåäëîæèëè îïðåäåëåííóþ ïàðàìåòðèçàöèþ ìîäåëè, êîòîðàÿ íå òîëü-
êî óïðîùàåò îáó÷åíèå, íî è ñïîñîáñòâóåò ãåíåðàöèè âûñîêîêà÷åñòâåííûõ
ñýìïëîâ, êîòîðûå èíîãäà äàæå ïðåâîñõîäÿò ñýìïëû, ñãåíåðèðîâàííûå äðó-
ãèìè âèäàìè ãåíåðàòèâíûõ ìîäåëåé. Ïîñëå ýòîé ðàáîòû èíòåðåñ ê äèôôóçè-
îííûì âåðîÿòíîñòíûì ìîäåëÿì âûðîñ. Ïîÿâèëèñü ðàáîòû â òàêèõ îáëàñòÿõ,
êàê àóäèîìîäåëèðîâàíèå [9], [2], âèäåîìîäåëèðîâàíèå [21], ïðîãíîçèðîâàíèå
âðåìåííûõ ðÿäîâ [18], à òàêæå ïðåîáðàçîâàíèå òåêñòà â ðå÷ü [16].

Â ðàáîòå [12] âìåñòî âîçìóùåíèÿ äàííûõ êîíå÷íûì ÷èñëîì øóìîâûõ
ðàñïðåäåëåíèé àâòîðû ïðåäëîæèëè èñïîëüçîâàòü êîíòèíóóì ðàñïðåäåëå-
íèé. Ïðîöåññ ïðåîáðàçîâàíèå äàííûõ â øóì çàäàåòñÿ ñ ïîìîùüþ ñòîõà-
ñòè÷åñêîãî äèôôåðåíöèàëüíîãî óðàâíåíèÿ, êîòîðîå íå çàâèñèò îò äàííûõ è
íå èìååò îáó÷àåìûõ ïàðàìåòðîâ. Îáðàòíûé ïðîöåññ äèôôóçèè òàêæå îïè-
ñûâàåòñÿ ñòîõàñòè÷åñêèì äèôôåðåíöèàëüíûì óðàâíåíèåì, êîòîðîå ìîæåò
áûòü ïîëó÷åíî èç óðàâíåíèÿ ïðÿìîé äèôôóçèè, åñëè èçâåñòíà îöåíêà ïëîò-
íîñòè ìàðãèíàëüíîãî ðàñïðåäåëåíèÿ ∇x log pt(x), êàê ôóíêöèè âðåìåíè.
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Ðèñ. 2: Ïðåîáðàçîâàíèå äàííûõ â ïðîñòîå ðàñïðåäåëåíèå øóìà âûïîëíÿåòñÿ
ñ ïîìîùüþ ñòîõàñòè÷åñêîãî äèôôåðåíöèàëüíîãî óðàâíåíèÿ.

Ïðåäëàãàåìûé ïîäõîä óëó÷øàåò ãåíåðàòèâíûå ðåçóëüòàòû è îáåñïå÷è-
âàåò áîëåå ýôôåêòèâíîå ñýìïëèðîâàíèå ïî ñðàâíåíèþ ñ äèôôóçèîííûìè
ìîäåëÿìè ñ êîíå÷íûì ÷èñëîì øóìîâûõ ðàñïðåäåëåíèé.

Îñíîâíîé íåäîñòàòîê äèôôóçèîííûõ âåðîÿòíîñòíûõ ìîäåëåé ñîñòîèò â
òîì, ÷òî îíè òðåáóþò ìíîãî èòåðàöèé äëÿ ïîëó÷åíèÿ âûñîêîêà÷åñòâåííîãî
ñýìïëà. Ïîýòîìó ñýìïëèðîâàíèå ïðîèñõîäèò íà 2-3 ïîðÿäêà ìåäëåííåå, ÷åì
ó ãåíåðàòèâíî-ñîñòÿçàòåëüíûõ íåéðîííûõ ñåòåé è âàðèàöèîííûõ àâòîýíêî-
äåðîâ. Äëÿ ðåøåíèÿ ýòîé ïðîáëåìû â [13] ïðåäëîæåíà íåÿâíàÿ äèôôóçèîí-
íàÿ âåðîÿòíîñòíàÿ ìîäåëü, â êîòîðîé èñïîëüçóåòñÿ íåìàðêîâñêèé ïðîöåññ
ïðÿìîé äèôôóçèè. Â [10] ïðåäëîæåí ìåòîä äëÿ ïðåîáðàçîâàíèÿ ìíîãîøàãî-
âîãî ïðîöåññà øóìîïîäàâëåíèÿ â îäíîøàãîâûé. Îäíàêî óïîìÿíóòûå ìåòîäû
óñòóïàþò â êà÷åñòâå ñãåíåðèðîâàííûõ ñýìïëîâ.

Â [1] ïðåäëîæåíà èìïóëüñíàÿ äèôôóçèîííàÿ âåðîÿòíîñòíàÿ ìîäåëü äëÿ
ãåíåðàöèè èçîáðàæåíèé. Àâòîðû ïðåäëîæèëè àðõèòåêòóðó, êîòîðàÿ äîñòè-
ãàåò ãåíåðàòèâíîé ïðîèçâîäèòåëüíîñòè, ñðàâíèìîé ñ ïðîèçâîäèòåëüíîñòüþ
íå èìïóëüñíîé äèôôóçèîííîé âåðîÿòíîñòíîé ìîäåëè âñåãî çà 4 èìïóëüñ-
íûõ âðåìåííûõ øàãà. Áîëåå òîãî, ïðåäëîæåííàÿ ìîäåëü ïðåâîñõîäèò äðó-
ãèå ãåíåðàòèâíûå ìîäåëè íà îñíîâå èìïóëüñíûõ íåéðîííûõ ñåòåé â ïðî-
èçâîäèòåëüíîñòè, äîñòèãàÿ 12-êðàòíîãî è 6-êðàòíîãî óëó÷øåíèÿ íà áàçàõ
CIFAR-10 è CelebA ñîîòâåòñòâåííî.

Óñïåõ ãåíåðàòèâíûõ ìîäåëåé è, â ÷àñòíîñòè, äèôôóçèîííûõ ìîäåëåé,
îáúÿñíÿåòñÿ òåì, ÷òî îíè ìîãóò ãåíåðèðîâàòü íîâûå ýêçåìïëÿðû äàííûõ, â
îòëè÷èè îò äèñêðèìèíàòèâíûõ ìîäåëåé, êîòîðûé òîëüêî ðàçëè÷àþò âèäû
äàííûõ.

Ñ ïîìîùüþ äèôôóçèîííûõ ìîäåëåé ìîæíî:
1. Íàó÷èòüñÿ ðàáîòàòü ñ çàøóìë¼ííûìè è íå÷¼òêèìè äàííûìè (÷àñòî

äàííûå äëÿ òðåíèðîâêè íåòî÷íî ðàçìå÷åíû) [3];
2. Íàó÷èòüñÿ îïèñûâàòü ñëîæíûå ðàñïðåäåëåíèÿ äëÿ ñîçäàíèè ñèíòåòè-

÷åñêèõ äàííûõ [4].
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Â êà÷åñòâå ïðèìåðîâ äèôôóçèîííûõ ìîäåëåé îòìåòèì Stable Di�usion
[15] äëÿ ñîçäàíèÿ èçîáðàæåíèé, êîòîðàÿ ÿâëÿåòñÿ íàèáîëåå ïîïóëÿðíîé, à
òàêæå Grad-TTS [16] äëÿ ñèíòåçà ðå÷è. Äëÿ ìîäåëèðîâàíèÿ òåêñòà äèô-
ôóçèÿ ïîêà íå ñîâñåì ïðèìåíèìà, òàê êàê ñëèøêîì ñëîæíûå ðàñïðåäåëå-
íèÿ ïðèõîäèòñÿ ìîäåëèðîâàòü. Ïîýòîìó äèôôóçèîííûå ìîäåëè ñî÷åòàþò ñ
òðàíñôîðìåðàìè [20].

Ìîæíî òàêæå ïðîâåñòè ïàðàëëåëè ìåæäó ãåíåðàòèâíûì ìîäåëèðîâàíè-
åì, â ÷àñòíîñòè, äèôôóçèîííûì, è ðàáîòîé ìîçãà. Ýêñïåðèìåíòû ïîêàçàëè,
÷òî ÷åëîâå÷åñêîå ïîâåäåíèå â âûñîêîé ñòåïåíè ñîãëàñóåòñÿ ñ âåðîÿòíîñòíûì
ìûøëåíèåì â ñåíñîðíîé, ìîòîðíîé è êîãíèòèâíîé îáëàñòÿõ [17]. Ñóùåñòâóåò
íåñêîëüêî òåîðèé, êàê ìîçã ïðîèçâîäèò âåðîÿòíîñòíûé âûâîä. Ýòó ñëó÷àé-
íîñòü â ïðîöåññàõ ìûøëåíèÿ ìîæíî ñðàâíèòü ñ âåðîÿòíîñòíîé ïðèðîäîé
ãåíåðàòèâíûõ ìîäåëåé. Ïîýòîìó íàì áûëî èíòåðåñíî ïîïðîáîâàòü ïðèìå-
íèòü èäåè ãåíåðàòèâíîãî ìîäåëèðîâàíèÿ â èìïóëüñíûõ íåéðîííûõ ñåòÿõ.

Äëÿ ãåíåðàöèè çâóêîâûõ êîìàíä ìû èñïîëüçóåì èìïóëüñíóþ äèôôóçè-
îííóþ ìîäåëü èç ðàáîòû [1]. Â àðõèòåêòóðû äàííîé ìîäåëè èñïîëüçóåòñÿ
äèñêðåòíàÿ âåðñèÿ IF ìîäåëè èìïóëüñíîãî íåéðîíà, êîòîðàÿ îïèñûâàåòñÿ
ñëåäóþùèìè óðàâíåíèÿìè:

U(n) = V (n− 1) + I(n),

S(n) = Θ(U(n)− ϑth),

V (n) = U(n)(1− S(n)) + VresetS(n),

ãäå n� âðåìåííîé øàã, U(n) � ìåìáðàííûé ïîòåíöèàë äî "ñáðîñà" . Êîãäà
ìåìáðàííûé ïîòåíöèàë U(n) äîñòèãàåò ïîðîãà ϑth, íåéðîí ãåíåðèðóåò èì-
ïóëüñ S(n), Θ � ôóíêöèÿ Õåâèñàéäà. V (n) ïðåäñòàâëÿåò ìåìáðàííûé ïî-
òåíöèàë ïîñëå ãåíåðàöèè èìïóëüñà, êîòîðûé "ñáðàñûâàåòñÿ" äî Vreset.

Ãàóññîâûé øóì ïðåîáðàçóåòñÿ ýíêîäåðîì â èìïóëüñíóþ ïîñëåäîâàòåëü-
íîñòü. Ýíêîäåð ñîñòîèò èç äâóõ ñâ¼ðòî÷íûõ ñëîåâ ñ ïàêåòíîé íîðìàëèçà-
öèåé è îäíîãî ñëîÿ èìïóëüñíûõ íåéðîíîâ. Time embedding � ýòî âåêòîðû,
êîòîðûå îòìå÷àþò êàæäóþ 32 ìèëëèñåêóíäó èëè êàæäûé îòñ÷åò, ÷òîáû
íåéðîñåòü ìîãëà èõ îòëè÷àòü. Äàëåå èìïóëüñíàÿ ïîñëåäîâàòåëüíîñòü âìå-
ñòå ñ "time embedding" ïîäàþòñÿ íà îñíîâíóþ êîìïîíåíòó àðõèòåêòóðû �
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Ðèñ. 3: Àðõèòåêòóðà èìïóëüñíîé äèôôóçèîííîé âåðîÿòíîñòíîé ìîäåëè.

èìïóëüñíóþ U-net. Îíà ñîñòîèò èç ñóæàþùåãîñÿ ïóòè (ñëåâà) è ðàñøèðÿ-
þùåãîñÿ ïóòè (ñïðàâà). Íà êàæäîì ýòàïå ñóæàþùåãîñÿ ïóòè ðàçðåøåíèå
äàííûõ óìåíüøàåòñÿ, à êîëè÷åñòâî êàíàëîâ ñâîéñòâ óâåëè÷èâàåòñÿ. Êàæ-
äûé øàã ðàñøèðÿþùåãîñÿ ïóòè âîññòàíàâëèâàåò ðàçðåøåíèå è óìåíüøà-
åò êîëè÷åñòâî êàíàëîâ. Ýòè äâà ïóòè ñâÿçàíû ïðîïóñêíûìè ñîåäèíåíèÿìè
(Skip Connection), êîòîðûå íåîáõîäèìû äëÿ âîññòàíîâëåíèÿ ïðîñòðàíñòâåí-
íîé èíôîðìàöèè, ïîòåðÿííîé ïðè óìåíüøåíèè ðàçðåøåíèÿ. Ñóæàþùèéñÿ è
ðàñøèðÿþùèéñÿ ïóòè ñîñòîÿò èç íåñêîëüêèõ îñòàòî÷íûõ áëîêîâ (Pre-Spike
Residual Block), êàæäûé èç êîòîðûõ ñîäåðæèò èìïóëüñíûå ñëîè, ñâ¼ðòî÷-
íûå ñëîè è ïàêåòíóþ íîðìàëèçàöèþ. Ïðîïóñêíûå ñîåäèíåíèÿ â îñòàòî÷íîì
áëîêå ñòàáèëèçèðóþò îáíîâëåíèÿ ãðàäèåíòà ïðè îáó÷åíèè.

Ðèñ. 4: Pre-Spike Residual block.

Èìïóëüñíàÿ U-net ïåðåäàåò òîëüêî èìïóëüñû, ïðåäñòàâëåííûå âåêòîðà-
ìè èç íóëåé è åäèíèö. Äàëåå, èìïóëüñû èç U-net ïåðåäàþòñÿ â äåêîäè-
ðóþùèé ñëîé, êîòîðûé ñîñòîèò èç äâóõ ñâ¼ðòî÷íûõ ñëîåâ è ñïåöèàëüíîãî
ñëîÿ ìåìáðàííîãî ïîòåíöèàëà [6], ãäå âîñïðîèçâîäèòñÿ çâóê. Ïðîöåññ ñýì-
ïëèðîâàíèÿ ñîñòîèò èç ìíîæåñòâà øàãîâ øóìîïîäàâëåíèÿ, ãäå êàæäûé øàã
ïðîõîäèò ÷åðåç èìïóëüñíóþ äèôôóçèîííóþ âåðîÿòíîñòíóþ ìîäåëü.
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Ðèñ. 5: Ñýìïëèðîâàíèå.

Äàííûå

Äëÿ òðåíèðîâêè èñïîëüçóåòñÿ çàïèñè àíãëèéñêèõ êîìàíä Google Speech
Commands V2 [19]. Äàòàñåò ñîñòîèò èç êîðîòêèõ çàïèñåé êîìàíä, âñåãî
105000 çàïèñåé, 35 ðàçëè÷íûõ ñëîâ, 2618 ãîëîñîâ. Ïåðåä òðåíèðîâêîé ðå-
÷åâîé ñèãíàë ïðåîáðàçóåòñÿ â ìåë-ñïåêòðàëüíûå êîýôôèöèåíòû ðàçìåðíî-
ñòüþ 32 è íàðåçàåòñÿ íà íåñêîëüêî ñåãìåíòîâ 32 × 32. Òî åñòü âû÷èñëÿåì
ýíåðãèþ ñèãíàëà äëÿ êàæäîãî îêíà â ìåë-øêàëå è íàðåçàåì íà ôðàãìåíòû
äëèòåëüíîñòüþ 0.32 ñåêóíäû.

Ðèñ. 6: Èñõîäíûé ñèãíàë è ìåë-ñïåêòðàëüíûå êîýôôèöèåíòû.

Âû÷èñëåíèÿ

Äëÿ òðåíèðîâêè èñïîëüçóåòñÿ SpikingJelly � ïàêåò Python äëÿ îáó÷åíèÿ
èìïóëüñíûõ íåéðîííûõ ñåòåé, â êîòîðîì àëãîðèòì îáó÷åíèÿ îñíîâàí íà
ìåòîäå ñóððîãàòíîãî ãðàäèåíòà [14].

Òðåíèðîâêà ïðîèçâîäèòñÿ íà êîìïüþòåðå ñ âèäåîêàðòîé NVIDIA GTX
1080 è çàíèìàåò 3 äíÿ.

Ìåòðèêà

Äëÿ îöåíêè ìîäåëè èñïîëüçóåòñÿ ìåòðèêà Frechet Audio Distance (FAD)
[7], êîòîðàÿ ÿâëÿåòñÿ àíàëîãîì ìåòðèêè FID äëÿ èçîáðàæåíèé è ñðàâíèâàåò
íàáîðû àóäèîôàéëîâ ïî ñòàòèñòè÷åñêèì ïàðàìåòðàì.

Ðåçóëüòàòû

Â êà÷åñòâå ñðàâíåíèÿ èñïîëüçóåòñÿ:VITS(GAN) [8],Grad-TTS(äèôôóçèÿ)
[16], íàòðåíèðîâàííûå íà äàííûõ LibriTTS.
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Model FAD
VITS 10.5

GRAD-TTS 8.5
SDDPM 11.5

Òàêèì îáðàçîì, ïðåäëîæåííûé ìåòîä äà¼ò ñðàâíèìîå êà÷åñòâî ãåíåðà-
öèè ïðè ïðåèìóùåñòâàõ èìïóëüñíûõ íåéðîííûõ ñåòåé. Â äàëüíåéøåì ìû
ïëàíèðóåì óâåëè÷èòü ñêîðîñòü ñýìïëèðîâàíèÿ, cîçäàòü áîëüøóþ ìîäåëü íà
ïîëíîöåííûõ çàïèñÿõ äëÿ ñèíòåçà ïðîèçâîëüíîé ðå÷è è èñïîëüçîâàòü ïîëó-
÷åííóþ ìîäåëü äëÿ ïðàêòè÷åñêèõ çàäà÷.

Äàííàÿ ðàáîòà ïðåäñòàâëåíà íà êîíôåðåíöèè https://neuro.kaspersky.
ru/conference/.

Ëèòåðàòóðà

[1] J. Cao, Z. Wang, H. Guo, H. Cheng, Q. Zhang, R. Xu, Spiking Denoising
Di�usion Probabilistic Models, arXiv preprint arXiv: 2306.17046, 2023.

[2] N. Chen, Y. Zhang, H. Zen, R. J. Weiss, M. Norouzi and W. Chan,
Wavegrad: Estimating gradients for waveform generation, International
Conference on Learning Representations, 2021.

[3] B. Fr�enay, A. Kab�an, A comprehensive introduction to label noise,
The European Symposium on Arti�cial Neural Networks, Computational
Intelligence and Machine Learning, Belgium 2014.

[4] Xu Guo, Yiqiang Chen, Generative AI for Synthetic Data Generation:
Methods, Challenges and the Future, arXiv preprint arXiv:2403.04190,
2024.

[5] J. Ho, A. Jain and P. Abbeel, Denoising di�usion probabilistic models, 34th
Conference on Neural Information Processing Systems, Vancouver, Canada,
2020.

[6] H. Kamata, Y. Mukuta, and T. Harada, Fully spiking variational
autoencoder. In AAAI, volume 36, pages 7059�7067, 2022.

[7] K. Kilgour, M. Zuluaga, D. Roblek, M. Sharif, Frechet Audio Distance:
A Metric for Evaluating Music Enhancement Algorithms, arXiv preprint

arXiv:1812.08466v4, 2019.

[8] J. Kim, J. Kong, J. Son, Conditional Variational Autoencoder with
Adversarial Learning for End-to-End Text-to-Speech, arXiv preprint

arXiv:2106.06103v1, 2021.

6

https://neuro.kaspersky.ru/conference/
https://neuro.kaspersky.ru/conference/


ÀÖ Òåõíîëîãèè

[9] Zh. Kong, W. Ping, J. Huang, K. Zhao, B. Catanzaro, Di�Wave: A Versatile
Di�usion Model for Audio Synthesis, International Conference on Learning
Representations, 2021.

[10] E. Luhman, T.Luhman, Knowledge Distillation in Iterative Generative
Models for Improved Sampling Speed, arXiv preprint arXiv:2101.02388v1,
2021.

[11] J. Sohl-Dickstein, E. Weiss, N. Maheswaranathan, S. Ganguli, Deep
Unsupervised Learning using Nonequilibrium Thermodynamics,
Proceedings of the 32nd International Conference on Machine Learning,
V. 37, France, 2015.

[12] Y. Song, J. Sohl-Dickstein, D. P. Kingma, A.k Kumar, S. Ermon, B.
Poole, Score-Based Generative Modeling through Stochastic Di�erential
Equations, ICLR 2021.

[13] J. Song, Ch. Meng, S. Ermon, Denoising Di�usion Implicit Models, arXiv

preprint arXiv:2010.02502v4, 2022.

[14] SpikingJelly, https://spikingjelly.readthedocs.io/zh-cn/latest/

index.html#index-en .

[15] D. Podell, Z. English, K. Lacey, A. Blattmann, T. Dockhorn, J. Muller, J.
Penna, R. Rombach, SDXL: Improving Latent Di�usion Models for High-
Resolution Image Synthesis, arXiv preprint arXiv:2307.01952 , 2023.

[16] V. Popov, I. Vovk, V. Gogoryan, T. Sadekova, M. Kudinov, Grad-
TTS: A Di�usion Probabilistic Model for Text-to-Speech, arXiv preprint

arXiv:2105.06337v2, 2021.

[17] A. Pouget, J.M. Beck, W.J. Ma, P.E. Latham, Probabilistic brains: knowns
and unknowns, Nature Neuroscience, 16, 2013.

[18] K. Rasul, C. Seward, I. Schuster and R. Vollgraf, Autoregressive denoising
di�usion models for multivariate probabilistic time series forecasting,
International Conference on Machine Learning, 2021.

[19] P. Warden, Speech Commands: A Dataset for Limited-Vocabulary Speech
Recognition,arXiv preprint arXiv:1804.03209v1, 2018.

[20] T. Wu, Zh. Fan, X. Liu, Y. Gong, Y. Shen, J. Jiao, Hai-Tao Zheng, J.
Li, Zh. Wei, J. Guo, N. Duan, W. Chen, AR-Di�usion: Auto-Regressive
Di�usion Model for Text Generation, arXiv preprint arXiv:2305.09515 ,
2023.

[21] R. Yang, P. Srivastava, S. Mandt, Di�usion Probabilistic Modeling for
Video Generation, arXiv preprint arXiv:2203.09481v5, 2022.

7

https://spikingjelly.readthedocs.io/zh-cn/latest/index.html#index-en
https://spikingjelly.readthedocs.io/zh-cn/latest/index.html#index-en

