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�1. Ââåäåíèå

Â ïîñëåäíèå ãîäû ðàçâèòèå áîëüøèõ ÿçûêîâûõ ìîäåëåé (large
language models, LLM) [13, 71, 74, 138] ïðèâåëî ê çíà÷èòåëüíûì èçìå-
íåíèÿì â ðàçëè÷íûõ îáëàñòÿõ, âêëþ÷àÿ àâòîìàòèçàöèþ ïîðîæäåíèÿ
ïðîãðàììíîãî êîäà. Ýòè ìîäåëè, êàê ñåìåéñòâà LLM îáùåãî íàçíà÷å-
íèÿ � ñåìåéñòâà GPT îò OpenAI [11,18,78,80], Claude îò Anthropic [4,5]
è Gemini îò Google [106], � òàê è ñïåöèàëèçèðîâàííûå ðåøåíèÿ äëÿ
êîäà, â ÷àñòíîñòè Qwen-Coder [47] è DeepSeek-Coder [26], äåìîíñòðè-
ðóþò âûñîêóþ ñïîñîáíîñòü ê ïîðîæäåíèþ êîäà, èíòåðïðåòàöèè èí-
ñòðóêöèé è èñïðàâëåíèþ îøèáîê. Îäíàêî äîñòèæåíèå òàêîãî óðîâíÿ
ïðîèçâîäèòåëüíîñòè òðåáóåò ïðèìåíåíèÿ ñëîæíûõ ìåòîäîâ îáó÷åíèÿ
è äîîáó÷åíèÿ, òàêèõ êàê îáó÷åíèå ñ ïîäêðåïëåíèåì íà îñíîâå ÷åëîâå-
÷åñêèõ ïðåäïî÷òåíèé (RLHF), àäàïòèâíîå äîîáó÷åíèå (PEFT), ïðîìï-
òèíã1 (prompting) è äðóãèõ ïîäõîäîâ.

Öåëü íàñòîÿùåãî îáçîðà � ñèñòåìàòèçèðîâàòü òåêóùèå ìåòîäû îáó-
÷åíèÿ è ïðèìåíåíèÿ áîëüøèõ ÿçûêîâûõ ìîäåëåé äëÿ ïîðîæäåíèÿ ïðî-
ãðàììíîãî êîäà, ðàññìîòðåòü èõ ïðåèìóùåñòâà, îãðàíè÷åíèÿ è îñíîâ-
íûå íàïðàâëåíèÿ ðàçâèòèÿ. Ìû ñîñðåäîòî÷èìñÿ íà íàèáîëåå ïåðñïåê-
òèâíûõ è àêòèâíî èññëåäóåìûõ ïîäõîäàõ äîîáó÷åíèÿ, ìåòîäàõ, íàïðàâ-
ëåííûõ íà ýôôåêòèâíîå èñïîëüçîâàíèå âû÷èñëèòåëüíûõ ðåñóðñîâ, à

Êëþ÷åâûå ñëîâà: áîëüøèå ÿçûêîâûå ìîäåëè, ïîðîæäåíèå ïðîãðàììíîãî êîäà,
îáó÷åíèå ñ ïîäêðåïëåíèåì, îáó÷åíèå ñëåäîâàíèþ èíñòðóêöèÿì, LLM-àãåíòû.

Ðàáîòà áûëà ïîääåðæàíà ãðàíòîì Ðîññèéñêîãî Íàó÷íîãî Ôîíäà #22-11-00135,
¾Èññëåäîâàíèå è ðàçðàáîòêà òåõíîëîãèé îáðàáîòêè è àíàëèçà ìóëüòèìîäàëüíûõ
íåñòðóêòóðèðîâàííûõ äàííûõ èç ðàçëè÷íûõ èñòî÷íèêîâ è èõ ïðèìåíèìîñòè äëÿ
ðåøåíèÿ ýêîíîìè÷åñêèõ è ñîöèàëüíûõ çàäà÷¿.

1Çäåñü, êàê è â íåêîòîðûõ äðóãèõ ñëó÷àÿõ, ïðèä¼òñÿ ïðîñèòü ïðîùåíèÿ ó àä-
ìèðàëà Øèøêîâà � êîíå÷íî, ñëîâî �prompt� ïî-ðóññêè ìîæíî âûðàçèòü ñëîâîì
�çàïðîñ� èëè �âõîä ìîäåëè�, íî âñ¼ ýòî áîëåå îáùèå ïîíÿòèÿ, à äëÿ öåëåé íàñòîÿùå-
ãî îáçîðà è ñîâðåìåííîãî ìàøèííîãî îáó÷åíèÿ â öåëîì ïîëåçíî èìåòü îòäåëüíûé
òåðìèí, îáîçíà÷àþùèé èìåííî òåêñòîâûå çàïðîñû ê ÿçûêîâûì ìîäåëÿì.
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òàêæå îáñóäèì îñíîâíûå íàáîðû äàííûõ äëÿ îöåíêè êîäîâûõ ìîäå-
ëåé.

Áîëüøèå ÿçûêîâûå ìîäåëè (LLM) ìîæíî àäàïòèðîâàòü ê ðåøåíèþ
êîíêðåòíûõ çàäà÷ ÷åðåç äîîáó÷åíèå áàçîâûõ ìîäåëåé (foundational
models), êîòîðûå áûëè ïåðåä ýòèì ïðåäîáó÷åíû íà ãèãàíòñêèõ íåðàç-
ìå÷åííûõ (òî÷íåå, àâòîìàòè÷åñêè ðàçìå÷åííûõ � íàïðèìåð, çàäà÷åé
ÿçûêîâîãî ìîäåëèðîâàíèÿ, ò.å. ïðåäñêàçàíèÿ ñëåäóþùåãî òîêåíà â òåê-
ñòå) äàòàñåòàõ. Òàêîé ïîäõîä ïîçâîëÿåò èíòåãðèðîâàòü èõ â ðåàëüíûå
ñöåíàðèè ïðîãðàììèðîâàíèÿ: îò àâòîäîïîëíåíèÿ êîäà äî àâòîìàòèçè-
ðîâàííîãî èñïðàâëåíèÿ îøèáîê. Â íàñòîÿùåì îáçîðå ìû àêöåíòèðó-
åì âíèìàíèå íà òîì, êàê îïòèìèçèðîâàòü âçàèìîäåéñòâèå ñ ìîäåëÿìè,
âûáèðàÿ ïðàâèëüíûå ìåòîäû äîîáó÷åíèÿ è îöåíêè äëÿ ïðèêëàäíûõ
öåëåé. Âàæíî îòìåòèòü, ÷òî íàø àíàëèç íàïðàâëåí íà èñïîëüçîâà-
íèå LLM â ïðèêëàäíûõ çàäà÷àõ, ãäå íåîáõîäèìî íå òîëüêî ïîðîæäàòü
êîä, íî è ó÷èòûâàòü åãî ïðîèçâîäèòåëüíîñòü, êîððåêòíîñòü è àäàï-
òèðóåìîñòü. Ìû ñîñðåäîòî÷èëèñü íà ïîäõîäàõ, êîòîðûå îáåñïå÷èâàþò
ìàêñèìàëüíóþ ãèáêîñòü è ìèíèìàëüíûå çàòðàòû íà ðåñóðñû, âêëþ÷àÿ
ïðîìïòèíã, àäàïòèâíûå ìåòîäû îáó÷åíèÿ è RLHF.

Îòìåòèì, ÷òî îñíîâíûì êîìïîíåíòîì ëþáîé òàêîé ñèñòåìû âñåãäà
áóäåò îñòàâàòüñÿ áàçîâàÿ ìîäåëü, è â ïîñëåäíèå ãîäû èññëåäîâàíèÿ
â îáëàñòè àðõèòåêòóðíûõ óëó÷øåíèé òðàíñôîðìåðîâ è èõ ìàñøòà-
áèðîâàíèÿ � â ÷àñòíîñòè, èññëåäîâàíèÿ î çàêîíàõ ìàñøòàáèðîâàíèÿ
(scaling laws), ò.å. î òîì, êàê ðàçìåð ìîäåëè âëèÿåò íà å¼ ïðîèçâîäè-
òåëüíîñòü [21, 40, 52] � äîñòèãëè çíà÷èòåëüíûõ ðåçóëüòàòîâ è ïðîäîë-
æàþò îñòàâàòüñÿ öåíòðàëüíîé òåìîé âñåãî ñîâðåìåííîãî èñêóññòâåííî-
ãî èíòåëëåêòà [138]. Îäíàêî ýòè àñïåêòû âûõîäÿò çà ðàìêè íàñòîÿùåãî
îáçîðà, òàê êàê îíè â îñíîâíîì êàñàþòñÿ áàçîâûõ ìîäåëåé, à íå èõ ïðè-
ìåíåíèÿ äëÿ ïîðîæäåíèÿ êîäà; çäåñü ìû ïðåäïîëàãàåì, ÷òî áîëüøàÿ
ÿçûêîâàÿ ìîäåëü óæå ñóùåñòâóåò è ïðåäîáó÷åíà êàê ìèíèìóì íà çà-
äà÷å ïðåäñêàçàíèÿ ñëåäóþùåãî òîêåíà â òåêñòå.

Âìåñòî ýòîãî ìû ñîñðåäîòî÷èëèñü íà áîëåå ïðàêòè÷åñêèõ àñïåêòàõ:
êàê àäàïòèðîâàòü óæå ñóùåñòâóþùèå àðõèòåêòóðû ê ñïåöèôè÷åñêèì
çàäà÷àì ïðîãðàììèðîâàíèÿ. Ýòî îòðàæàåò íàøó öåëü � ïðåäîñòàâèòü
ïðèêëàäíîå ðóêîâîäñòâî ïî èñïîëüçîâàíèþ ñóùåñòâóþùèõ ìîäåëåé, à
íå îáñóæäåíèå ôóíäàìåíòàëüíûõ óëó÷øåíèé â èõ óñòðîéñòâå. Êðî-
ìå ñàìèõ ìåòîäîâ äîîáó÷åíèÿ (�ne-tuning) è ýôôåêòèâíîé àäàïòàöèè
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áîëüøèõ ìîäåëåé (parameter-e�cient �ne-tuning, PEFT), ìû ðàññìàò-
ðèâàåì äàòàñåòû äëÿ äîîáó÷åíèÿ è îöåíêè êà÷åñòâà ìîäåëåé, ðàáîòà-
þùèõ ñ ïðîãðàììíûì êîäîì, à òàêæå ïðèâîäèì ïðèìåðû ïåðåäîâûõ
ñîâðåìåííûõ ìîäåëåé ñ îòêðûòûìè âåñàìè (open weights).

Îáçîð îðãàíèçîâàí ñëåäóþùèì îáðàçîì. Â ðàçäåëå 2 ìû äà¼ì êðàò-
êèé îáùèé îáçîð ìåòîäîâ äîîáó÷åíèÿ áîëüøèõ ÿçûêîâûõ ìîäåëåé â
îáùåì âèäå, áåç êîíêðåòíûõ ïðèìåíåíèé ê ïîðîæäåíèþ ïðîãðàììíîãî
êîäà. Ðàçäåë 3 êðàòêî îïèñûâàåò îñíîâíûå íàáîðû äàííûõ äëÿ îöåíêè
êà÷åñòâà ìîäåëåé ïîðîæäåíèÿ êîäà è ìåòðèêè, êîòîðûå â ýòîé îöåíêå
èñïîëüçóþòñÿ. Ðàçäåë 4 ðàññìàòðèâàåò ïîðîæäåíèå êîäà íà îñíîâå ìå-
òîäîâ îáó÷åíèÿ ñ ïîäêðåïëåíèåì, êàê ïðàâèëî, âàðèàíòîâ îáó÷åíèÿ íà
îñíîâå ÷åëîâå÷åñêèõ ïðåäïî÷òåíèé (RLHF). Â ðàçäåëå 5 ìû ïîãîâîðèì
î ìåòîäàõ äîîáó÷åíèÿ ñ ó÷èòåëåì, â ÷àñòíîñòè äîîáó÷åíèÿ ñëåäîâà-
íèþ èíñòðóêöèÿì (instruction tuning) íà îñíîâå äàòàñåòîâ, â êîòîðûõ
çàäà÷è ïîðîæäåíèÿ èëè èñïðàâëåíèÿ êîäà ïðåäñòàâëåíû êàê íàáîðû
ïðîìïòîâ ê LLM è îòâåòîâ íà íèõ. À â ðàçäåëå 6 ìû îáñóäèì, êàê ëó÷-
øå ñòðîèòü òàêèå ïðîìïòû: êàêîé èìåííî êîíòåêñò íóæíî ïðåäîñòà-
âèòü ìîäåëè äëÿ íàèëó÷øèõ ðåçóëüòàòîâ â ïîðîæäåíèè êîäà. Ðàçäåë 7
êðàòêî ðàññìàòðèâàåò äâà äðóãèõ âàæíûõ êëàññà ìåòîäîâ: ñýìïëèðî-
âàíèå áîëüøîãî ÷èñëà ïîðîæäåíèé ñ âåðèôèêàöèåé è èíòåðàêòèâíîå
âçàèìîäåéñòâèå ñî ñðåäîé ðàçðàáîòêè ïðè ïîìîùè îñíîâàííûõ íà LLM
àãåíòîâ. Íàêîíåö, â ðàçäåëå 8 ìû ïðèâîäèì îáçîð âîçìîæíîñòåé íåêî-
òîðûõ ñîâðåìåííûõ èíäóñòðèàëüíûõ ðåøåíèé, îñíîâàííûõ íà LLM, à
ðàçäåë 9 ñîäåðæèò çàêëþ÷åíèå è îñíîâíûå âûâîäû îáçîðà.

�2. Îáçîð ìåòîäîâ äîîáó÷åíèÿ áîëüøèõ ÿçûêîâûõ

ìîäåëåé

2.1. Îáó÷åíèå ñ ïîäêðåïëåíèåì íà îñíîâå ÷åëîâå÷åñêèõ ïðåä-
ïî÷òåíèé. Ìåòîä îáó÷åíèÿ ñ ïîäêðåïëåíèåì íà îñíîâå ÷åëîâå÷åñêèõ

ïðåäïî÷òåíèé (RLHF) âåä¼ò íà÷àëî ñ ðàáîòû èññëåäîâàòåëåé èç êîì-
ïàíèè OpenAI [18]. Ïåðâûé àâòîð ýòîé ðàáîòû, Ïîë Êðèñòèàíî (Paul
Christiano), ÿâëÿåòñÿ îäíîé èç âåäóùèõ ôèãóð â îáëàñòè ðàçðàáîòêè
äðóæåñòâåííîãî èñêóññòâåííîãî èíòåëëåêòà (AI alignment), è ýòà ðà-
áîòà áûëà òàêæå ìîòèâèðîâàíà çàäà÷åé, ñâÿçàííîé ñ ñîãëàñîâàíèåì:
êàê îáúÿñíèòü, íàïðèìåð, ðîáîòó, ÷åãî èìåííî ìû îò íåãî õîòèì? Åñ-
ëè ìû íå íàõîäèìñÿ â ñòðîãî ôîðìàëüíîé ñèñòåìå, íàïðèìåð â èãðå â
øàõìàòû, òî ëþáàÿ ôóíêöèÿ íàãðàäû, êîòîðóþ ìû ìîãëè áû ñôîðìó-
ëèðîâàòü â ðåàëüíîì ìèðå, ìîæåò áûòü ïîâåðõíîñòíî îïòèìèçèðîâàíà
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Ðèñ. 1. Ãëóáîêîå îáó÷åíèå ñ ïîäêðåïëåíèåì íà îñíîâå
÷åëîâå÷åñêèõ ïðåäïî÷òåíèé [18]: àãåíò îáó÷åíèÿ ñ ïîä-
êðåïëåíèåì äåéñòâóåò â ñðåäå, ãäå íàãðàäû îïðåäåëÿ-
þòñÿ îòäåëüíîé ìîäåëüþ, îáó÷åííîé ñ èñïîëüçîâàíèåì
÷åëîâå÷åñêîé îáðàòíîé ñâÿçè.

ñïîñîáàìè, êîòîðûå òðóäíî ïðåäñêàçàòü, íî êîòîðûå íå äàþò æåëàå-
ìîãî ðåçóëüòàòà [53]. Íàïðèìåð, õîðîøî èçâåñòíî, ÷òî ðîáîòû, îáó÷à-
þùèåñÿ ñëîæíîìó ïîâåäåíèþ â ìîäåëèðóåìûõ ñðåäàõ, ÷àñòî óçíàþò
áîëüøå îá îøèáêàõ è âû÷èñëèòåëüíûõ îãðàíè÷åíèÿõ ñèìóëÿòîðà, ÷åì
î æåëàåìîì ïîâåäåíèè â ðåàëüíîì ìèðå.

Òàêèì îáðàçîì, â ðàáîòå [18] äåëàåòñÿ ñëåäóþùåå ïðåäïîëîæåíèå:
ïîñêîëüêó ìû, ñêîðåå âñåãî, íå ìîæåì ôîðìàëüíî îïðåäåëèòü, ÷åãî ìû
õîòèì, ëó÷øè ñïðîñèòü ÷åëîâåêà íàïðÿìóþ. ×åëîâå÷åñêàÿ îáðàòíàÿ
ñâÿçü áóäåò îïðåäåëÿòü, íàñêîëüêî òåêóùåå ïîâåäåíèå ñèñòåìû ñîîò-
âåòñòâóåò êîíå÷íîé öåëè, êîòîðóþ ëþäè ïîíèìàþò, íî ôîðìàëüíî âû-
ðàçèòü íå ìîãóò; ýòà îáðàòíàÿ ñâÿçü ìîæåò ïðåäîñòàâëÿòüñÿ â ôîðìå
ñðàâíåíèÿ äâóõ îòâåòîâ èëè äâóõ ðåçóëüòàòîâ è âûáîðà îäíîãî èç íèõ.
Îäíàêî òàêîé ïîäõîä íåïðèìåíèì äëÿ ïîëíîãî îáó÷åíèÿ: ìû íå ìîæåì
ïîïðîñèòü ëþäåé ðàçìåòèòü ñòîëüêî äàííûõ, ñêîëüêî íåîáõîäèìî äëÿ
îáó÷åíèÿ áîëüøîé ÿçûêîâîé ìîäåëè ñ ïîäêðåïëåíèåì. Ïîýòîìó èäåÿ
ðàáîòû [18] çàêëþ÷àåòñÿ â îáó÷åíèè îòäåëüíîé ìîäåëè, êîòîðàÿ êîäè-
ðóåò ïðåäïî÷òåíèÿ ïîëüçîâàòåëÿ è ïðåäñêàçûâàåò íàãðàäó, èñïîëüçó-
åìóþ äëÿ ðåàëüíîãî îáó÷åíèÿ ñ ïîäêðåïëåíèåì. Îáùàÿ ñõåìà ýòîãî
îáó÷åíèÿ ïðåäñòàâëåíà íà ðèñ. 1.

×åëîâåê, ïðåäîñòàâëÿþùèé îáðàòíóþ ñâÿçü, íå ìîæåò íàçíà÷èòü
÷èñëîâîå çíà÷åíèå íàãðàäû, ïîýòîìó âìåñòî ýòîãî èñïîëüçóåòñÿ ïîä-
õîä, êîòîðûé ñðàâíèâàåò ïàðû ¾äåéñòâèé¿ � çäåñü âàæíûì òàêæå
ÿâëÿåòñÿ îïðåäåëåíèå îäíîãî äåéñòâèÿ, íàïðèìåð, â ðàáîòå [18] äåé-
ñòâèÿìè áûëè êîðîòêèå ïîñëåäîâàòåëüíîñòè èãðû â Atari èëè õîäüáû
ðîáîòà � è óñòàíàâëèâàåò ïðåäïî÷òåíèÿ ìåæäó ïàðàìè. Â ðåçóëüòàòå
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ïîëó÷àåòñÿ íàáîð äàííûõ, ïðåäñòàâëåííûé ïàðàìè

D = {(σ1, σ2, µ)}Nn=1 ,

ãäå
σi = ((oi0, ai0), (oi1, ai1), . . . , (oi,ki , ai,ki))

ïðåäñòàâëÿþò ñîáîé ïîñëåäîâàòåëüíîñòè ïàð íàáëþäåíèå-äåéñòâèå,
îïèñûâàþùèõ òðàåêòîðèþ â ñðåäå îáó÷åíèÿ ñ ïîäêðåïëåíèåì, à
µ � ýòî ðàñïðåäåëåíèå âåðîÿòíîñòåé, îïðåäåëÿþùåå, ïðåäïî÷èòàåò ëè
ïîëüçîâàòåëü σ1 èëè σ2 (èëè îí èíäèôôåðåíòåí, ÷òî áóäåò âûðàæåíî
ðàâíîìåðíûì µ).

Äëÿ ïðåîáðàçîâàíèÿ ïàðíûõ ïðåäïî÷òåíèé â ôóíêöèþ íàãðàäû ýòîò
ïîäõîä èñïîëüçóåò ïðåäïîëîæåíèÿ ìîäåëåé Áðýäëè�Òåððè, ïðåäíàçíà-
÷åííûõ äëÿ îáó÷åíèÿ ôóíêöèè ðàíæèðîâàíèÿ íà îñíîâå ïàðíûõ ïðåä-
ïî÷òåíèé [10]. Îñíîâíîå ïðåäïîëîæåíèå òàêèõ ìîäåëåé çàêëþ÷àåòñÿ
â òîì, ÷òî âåðîÿòíîñòü ïîáåäû èãðîêà i íàä èãðîêîì j ìîæåò áûòü
ñìîäåëèðîâàíà êàê

p̂ (i � j) =
γi

γi + γj
, (1)

ãäå γi, γj ∈ R � çíà÷åíèÿ ðàíãîâ. Ìîäåëè Áðýäëè�Òåððè ïðåäëàãàþò
àëãîðèòìû äëÿ ìàêñèìèçàöèè ïîëíîé ïðàâäîïîäîáíîñòè íàáîðà äàí-
íûõ ñ òàêèìè ïàðíûìè ñðàâíåíèÿìè, îáû÷íî îñíîâàííûå íà àëãîðèò-
ìàõ ìèíèìèçàöèè-ìàêñèìèçàöèè, êîòîðûå ÿâëÿþòñÿ îáîáùåíèåì îñ-
íîâíîé èäåè EM-àëãîðèòìà [48].

Â ñëó÷àå RL íà îñíîâå ÷åëîâå÷åñêèõ ïðåäïî÷òåíèé òðåáóåòñÿ äî-
ïîëíèòåëüíîå ïðåäïîëîæåíèå, òàê êàê γi äîëæíà áûòü ôóíêöèåé σi;
â [18] ýòî ìîäåëèðóåòñÿ êàê ïðîèçâåäåíèå ýêñïîíåíöèàëüíûõ íàãðàä ïî
ïîñëåäîâàòåëüíîñòè:

γ(σi) = e
∑ki
t=1 r̂(oit,ait), (2)

à ôóíêöèÿ ïîòåðü äëÿ íåéðîííîé ñåòè ìîæåò áûòü îïðåäåëåíà êàê

L = −
∑

(σ1,σ2,µ)∈D

(µ(1) log p̂ (σ1 � σ2) + µ(2) log p̂ (σ2 � σ1)) . (3)

Ìîæåò ïîêàçàòüñÿ, ÷òî ýòà èäåÿ ïðîñòî ïåðåíîñèò íåïðàêòè÷íóþ çà-
äà÷ó ïðåäîñòàâëåíèÿ ÷åëîâå÷åñêîé îáðàòíîé ñâÿçè âî âðåìÿ îáó÷åíèÿ
ñ ïîäêðåïëåíèåì íà ñòîëü æå íåïðàêòè÷íóþ çàäà÷ó ïðåäîñòàâëåíèÿ
äîñòàòî÷íîãî îáúåìà îáðàòíîé ñâÿçè äëÿ îáó÷åíèÿ ìîäåëè ïðåäñêàçà-
íèÿ íàãðàäû. Îäíàêî îêàçàëîñü, ÷òî ñ ýòèì ïîäõîäîì òðåáóåòñÿ âñåãî
íåñêîëüêî ñîòåí çàïðîñîâ ê ÷åëîâåêó, ÷òîáû íàó÷èòü ìîäåëü õîäèòü
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(a) (á)

Ðèñ. 2. Ãëóáîêîå îáó÷åíèå ñ ïîäêðåïëåíèåì íà îñíîâå
÷åëîâå÷åñêèõ ïðåäïî÷òåíèé â ñèìóëÿòîðå MuJoCo [18]:
(a) ïðèìåð âûáîðà, ñäåëàííîãî ÷åëîâåêîì; (á) ïðèìåð
íåæåëàòåëüíîé ìàíèïóëÿöèè ñïåöèôèêàöèåé.

èëè ïðûãàòü â ìîäåëèðóåìîé ñðåäå MuJoCo [107] (ñì. ïðèìåð âûáîðà,
ïðåäñòàâëåííîãî äëÿ îöåíêè ÷åëîâåêîì, íà ðèñ. 2a), à åñëè âû ãîòîâû
âûïîëíèòü áîëåå 1000 çàïðîñîâ, òî ìîæåòå äàæå ïîëó÷èòü ðåçóëüòàòû
ëó÷øå, ÷åì ÷èñòîå îáó÷åíèå ñ ïîäêðåïëåíèåì! Ýòîò ýôôåêò, âåðîÿò-
íî, ñâÿçàí ñ ôîðìèðîâàíèåì íàãðàäû [121]: êîãäà ìû, ëþäè, îöåíèâàåì
ïîâåäåíèå, ìû óñòàíàâëèâàåì ïîðÿäîê, â êîòîðîì ïîñëåäîâàòåëüíîñòè,
áëèæå ê öåëè, îöåíèâàþòñÿ âûøå, à ïîëó÷åííûå íàãðàäû ïðåäîñòàâ-
ëÿþò àãåíòó áîëüøå èíôîðìàöèè, ÷åì ïðîñòî áèíàðíàÿ ìåòêà òîãî,
âûïîëíåíà ëè çàäà÷à óñïåøíî.

Êñòàòè, ýòà ðàáîòà òàêæå ñîäåðæèò èíòåðåñíûé ïðèìåð òîãî, êàê
îáó÷åíèå ñ ïîäêðåïëåíèåì ìîæåò ïîéòè ïî íåâåðíîìó ïóòè. Íà ðèñ. 2b
ïîêàçàí ïðèìåð êàäðà èç âèäåî, ãäå ðîáîòèçèðîâàííàÿ ðóêà ïûòàåòñÿ
çàõâàòèòü ìÿ÷. ×åëîâå÷åñêèå ýêñïåðòû äîëæíû áûëè îïðåäåëèòü, áûë
ëè çàõâàò óñïåøíûì. Îäíàêî, ïîñêîëüêó â ñöåíå èñïîëüçîâàëàñü òîëü-
êî îäíà âèðòóàëüíàÿ êàìåðà, à íà òàêîì îäíîðîäíîì ôîíå ëþäÿì áûëî
ñëîæíî îöåíèòü ãëóáèíó, ðîáîò íàó÷èëñÿ ðàñïîëàãàòü ðóêó ìåæäó ìÿ-
÷îì è êàìåðîé, ÷òîáû ëþäÿì êàçàëîñü, êàê áóäòî îí çàõâàòûâàåò ìÿ÷,
õîòÿ íà ñàìîì äåëå ýòî áûëî íå òàê! Ýòî îòëè÷íûé ïðèìåð òàê íàçûâàå-
ìûõ ìàíèïóëÿöèé ñïåöèôèêàöèåé (speci�cation gaming), êîãäà ìîäåëè
ìàøèííîãî îáó÷åíèÿ ñõîäÿòñÿ ê ïîâåäåíèþ, êîòîðîå íå áûëî çàäóìàíî
ðàçðàáîò÷èêàìè, íî êîòîðîå äåéñòâèòåëüíî îïòèìèçèðóåò óêàçàííóþ
èìè öåëåâóþ ôóíêöèþ; ýòî îäíà èç öåíòðàëüíûõ ïðîáëåì AI alignment.
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Ðèñ. 3. Îáó÷åíèå ðåçþìèðîâàíèþ ñ èñïîëüçîâàíèåì
÷åëîâå÷åñêîé îáðàòíîé ñâÿçè [103].

Èäåè ðàáîòû [18] áûëè ïðîäîëæåíû è ðàçâèòû â öåëîì ðÿäå äàëü-
íåéøèõ ïóáëèêàöèé. Â ÷àñòíîñòè, áûëè ðàçðàáîòàíû ðàñøèðåíèÿ äëÿ
k-ìåðíûõ ñðàâíåíèé ñ ñïåöèàëüíî ðàçðàáîòàííûì ìåòîäîì ìàêñèìàëü-
íîãî ïðàâäîïîäîáèÿ [144], äëÿ íåîïðåäåëåííîé îáðàòíîé ñâÿçè, êîãäà
÷åëîâå÷åñêèé ýêñïåðò ìîæåò íàäåæíî ðàçëè÷àòü òîëüêî òå îáðàçöû,
÷üå êà÷åñòâî ñóùåñòâåííî îòëè÷àåòñÿ [12], à òàêæå äëÿ ìóëüòèàãåíò-
íûõ ñèñòåì [119]. Ñ äðóãîé ñòîðîíû, ýòî íàïðàâëåíèå èññëåäîâàíèé
ìîæíî ðàññìàòðèâàòü êàê ðàçäåë îáó÷åíèÿ ñ ïîäêðåïëåíèåì íà îñíîâå

ïðåäïî÷òåíèé (PbRL), ãäå çíà÷åíèÿ íàãðàä çàìåíÿþòñÿ ïðåäïî÷òåíè-
ÿìè [32,49,123,125].

Íî íàèáîëåå âàæíûì ïðîäîëæåíèåì, êîíå÷íî, ñòàëî ñàìî RLHF,
ïðèìåíåíèå ãëóáîêîãî îáó÷åíèÿ ñ ïîäêðåïëåíèåì íà îñíîâå ÷åëîâå÷å-
ñêèõ ïðåäïî÷òåíèé ê áîëüøèì ÿçûêîâûì ìîäåëÿì. Ïåðâûé øàã áûë
ñäåëàí â 2020 ãîäó, êîãäà èññëåäîâàòåëè OpenAI â ðàáîòå [103] ñîçäàëè
ìîäåëü ðåçþìèðîâàíèÿ (summarization), îñíîâàííóþ íà ÷åëîâå÷åñêîé
îáðàòíîé ñâÿçè. Èõ ïîäõîä, ïîêàçàííûé íà ðèñ. 3, î÷åíü ïîõîæ íà [18]:
îíè ñîáèðàþò ÷åëîâå÷åñêóþ îáðàòíóþ ñâÿçü î òîì, êàêèå ðåçþìå äî-
êóìåíòîâ ëó÷øå, îáó÷àþò ìîäåëü íàãðàäû (reward model) òàê, ÷òîáû
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ñîîòâåòñòâîâàòü ýòèì ïðåäïî÷òåíèÿì, à çàòåì èñïîëüçóþò ìîäåëü íà-
ãðàäû äëÿ äîîáó÷åíèÿ ñ èñïîëüçîâàíèåì îáó÷åíèÿ ñ ïîäêðåïëåíèåì.
Äëÿ îáó÷åíèÿ ìîäåëè íàãðàäû îíè èçìåíèëè ôóíêöèþ ïîòåðü (3) íà
ôóíêöèþ ïîòåðü êëàññèôèêàöèè, îñíîâàííóþ íà ëîãèñòè÷åñêîì ñèã-
ìîèäå:

L =
∑

(x,y1,y2,µ)∈D

log
(
σ
(
r̂(x,yµ)− r̂(x,y1−µ)

))
, (4)

ãäå y1 è y2 � ýòî äâà ðåçþìå òåêñòà x, à µ ∈ {0, 1} ïîêàçûâàåò, êàêîå
èç íèõ ïðåäïî÷¼ë ïîëüçîâàòåëü. Äëÿ îáó÷åíèÿ ñ ïîäêðåïëåíèåì àâòî-
ðû èñïîëüçîâàëè ïðîêñèìàëüíóþ îïòèìèçàöèþ ñòðàòåãèè (proximal
policy optimization, PPO), ñòàíäàðòíûé àëãîðèòì èç îáó÷åíèÿ ñ ïîä-
êðåïëåíèåì, îñóùåñòâëÿþùèé ýôôåêòèâíîå îáó÷åíèå ìåòîäîì ãðàäè-
åíòà ïî ñòðàòåãèè (policy gradient). Ïîäðîáíîå îïèñàíèå ýòîãî ìåòîäà
âûõîäèò çà ðàìêè íàñòîÿùåãî îáçîðà; ñì., íàïðèìåð, [95,104,140].

Âàæíî îòìåòèòü, ÷òî åñëè ïðîöåññ îáó÷åíèÿ ñ ïîäêðåïëåíèåì îñòà-
âèòü áåç êîíòðîëÿ, îí, ñêîðåå âñåãî, áóäåò ñêëîíåí ê ïåðåîáó÷åíèþ,
çíà÷èòåëüíî îòêëîíèòñÿ îò èñõîäíîé ìîäåëè è ïðèâåäåò ê êîëëàï-
ñó â îäíîé òî÷êå, òàê êàê ÷åëîâå÷åñêàÿ îáðàòíàÿ ñâÿçü, êîíå÷íî æå,
ñëèøêîì ñêóäíà äëÿ ïîëíîöåííîãî îáó÷åíèÿ. Ïîýòîìó RLHF äîáàâ-
ëÿåò øòðàôíîé ÷ëåí â ôóíêöèþ íàãðàäû r̂(x,y), êîòîðûé ïîáóæäàåò
îáó÷àåìóþ ñòðàòåãèþ πRL íå ñëèøêîì ñèëüíî îòëè÷àòüñÿ îò èñõîä-
íîé ìîäåëè ñ ó÷èòåëåì πSFT, îáû÷íî â ôîðìå äèâåðãåíöèè Êóëüáà-
êà�Ëåéáëåðà ìåæäó íèìè:

r̂′(x,y) = r̂(x,y)− β log (πRL (y|x) /πSFT (y|x)) . (5)

Íàñòîÿùàÿ ðåâîëþöèÿ â áîëüøèõ ÿçûêîâûõ ìîäåëÿõ ïðîèçîøëà,
êîãäà èññëåäîâàòåëè OpenAI â ðàáîòå [80] ïðèìåíèëè ýòî íàïðàâëå-
íèå èññëåäîâàíèé íåïîñðåäñòâåííî ê áîëüøèì ÿçûêîâûì ìîäåëÿì. Èõ
öåëüþ áûëî ñäåëàòü ìîäåëè ñåìåéñòâà GPT-3 [11] ïîëåçíûìè è äðó-
æåñòâåííûìè ê ïîëüçîâàòåëþ. Ïðîáëåìà çàêëþ÷àëàñü â òîì, ÷òî ïî
óìîë÷àíèþ áîëüøàÿ ÿçûêîâàÿ ìîäåëü îáó÷àåòñÿ ïðîñòî ïðåäñêàçû-
âàòü òîêåíû, ïðåäîñòàâëÿòü ïðàâäîïîäîáíîå ïðîäîëæåíèå òåêñòîâîãî
ïîòîêà. Îíà ¾íå ïûòàåòñÿ¿ áûòü ïîëåçíîé, íåîñêîðáèòåëüíîé èëè äà-
æå ïðàâäèâîé, ïîòîìó ÷òî òàêèå ïðîäîëæåíèÿ, êàê ëîæü, óêëîíåíèå
îò îòâåòà èëè ïåðåâîä ðàçãîâîðà íà äðóãóþ òåìó, ìîãóò â ïðèíöèïå
îêàçàòüñÿ íå ìåíåå ïðàâäîïîäîáíûìè ñ òî÷êè çðåíèÿ îáó÷àþùåãî íà-
áîðà (êîòîðûé äëÿ áîëüøèõ ÿçûêîâûõ ìîäåëåé ñòðåìèòñÿ âêëþ÷èòü
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Ðèñ. 4. RLHF, ïðåâðàùàþùèé GPT-3 â InstructGPT [80].

âñå çíà÷èìûå òåêñòû, ñîáðàííûå èç èíòåðíåòà), ÷åì ÷åñòíûå è ïîëíûå
îòâåòû íà âîïðîñ ïîëüçîâàòåëÿ.

Ïîýòîìó â ðàáîòå [80] ìåòîä RLHF, îïèñàííûé âûøå, áûë ïðèìå-
íåí ê âûõîäíûì äàííûì áîëüøîé ÿçûêîâîé ìîäåëè; îáùàÿ ñòðóêòóðà
ýòîãî ïîäõîäà, ïîêàçàííàÿ íà ðèñ. 4, î÷åíü ïîõîæà íà RLHF äëÿ ðå-
çþìèðîâàíèÿ, ïðåäñòàâëåííîå íà ðèñ. 3. Íà ýòîò ðàç ÷åëîâå÷åñêèå ýêñ-
ïåðòû äîëæíû áûëè îïðåäåëèòü, êàêèå èç âûõîäíûõ äàííûõ ìîäåëè
ÿâëÿþòñÿ íàèáîëåå ïîëåçíûìè, íàèìåíåå îñêîðáèòåëüíûìè è íàèáîëåå
ïðàâäèâûìè. Ïîëó÷èâøàÿñÿ ÿçûêîâàÿ ìîäåëü InstructGPT ïîêàçàëà
çíà÷èòåëüíîå óëó÷øåíèå â ïðàâäèâîñòè, óìåíüøåíèå òîêñè÷íîñòè, áî-
ëåå òî÷íîå ñëåäîâàíèå èíñòðóêöèÿì è ÿâíûì îãðàíè÷åíèÿì â çàïðîñå;
óëó÷øåíèÿ òàêæå îêàçàëèñü äîñòàòî÷íî óñòîé÷èâûìè è ñïîñîáíûìè ê
îáîáùåíèþ. Îòìåòèì çäåñü îñîáî, ÷òî îíè îáîáùàëèñü íå òîëüêî íà
ÿçûêè, îòñóòñòâîâàâøèå â íàáîðå äàííûõ ÷åëîâå÷åñêîé îáðàòíîé ñâÿ-
çè, íî äàæå íà ÿçûêè äðóãîé ïðèðîäû, ÷åì åñòåñòâåííûå, â òîì ÷èñëå
íà òàêèå çàäà÷è ñ ïðîãðàììíûì êîäîì, êàê ñóììàðèçàöèÿ è îòâåòû íà
âîïðîñû ïî êîäó [67,80].

Ïîñëå InstructGPT îñòàâàëñÿ ëèøü íåáîëüøîé øàã äî ChatGPT, êî-
òîðûé âûøåë â íîÿáðå 2022 ãîäà [77] è ïîëîæèë íà÷àëî ñîâðåìåííîé
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âîëíå èññëåäîâàíèé è ïðàêòè÷åñêèõ ïðèìåíåíèé áîëüøèõ ÿçûêîâûõ
ìîäåëåé. Â ñëåäóþùåì ðàçäåëå ìû ðàññìîòðèì äðóãèå ñïîñîáû äîîáó-
÷åíèÿ áîëüøèõ ÿçûêîâûõ ìîäåëåé.

2.2. Ýôôåêòèâíîå ïî ïàðàìåòðàì äîîáó÷åíèå: àääèòèâíûå è
ñåëåêòèâíûå ïîäõîäû. RLHF òðåáóåò àêòèâíîé îáðàòíîé ñâÿçè îò
÷åëîâåêà è â îñíîâíîì èñïîëüçóåòñÿ äëÿ öåëåé, êîòîðûå òðóäíî îïðå-
äåëèòü ôîðìàëüíî, íàïðèìåð äëÿ òîãî, ÷òîáû ñäåëàòü áîëüøóþ ÿçû-
êîâóþ ìîäåëü ¾áîëåå ïîëåçíîé¿.

Íî íà ïðàêòèêå ÷àñòî âîçíèêàþò ñèòóàöèè, êîãäà áîëüøàÿ ìîäåëü
ìàøèííîãî îáó÷åíèÿ, óæå ïðåäâàðèòåëüíî îáó÷åííàÿ ñ èñïîëüçîâàíè-
åì îãðîìíîãî âû÷èñëèòåëüíîãî áþäæåòà, äîëæíà áûòü äîîáó÷åíà äëÿ
íåêîòîðîé õîðîøî îïðåäåë¼ííîé çàäà÷è, äëÿ êîòîðîé èìååòñÿ çíà÷è-
òåëüíî ìåíüøèé äîñòóïíûé íàáîð äàííûõ; òàêèå ñèòóàöèè ïîñòîÿííî
âîçíèêàþò â òîì ÷èñëå è â çàäà÷àõ îáðàáîòêè èñõîäíîãî êîäà ïðî-
ãðàìì. Â òàêèõ ñëó÷àÿõ çàäà÷à ñîñòîèò â òîì, ÷òîáû âíåñòè òàêèå
èçìåíåíèÿ â ïàðàìåòðû ìîäåëè, êîòîðûå ìîæíî áûëî áû îáó÷èòü íà
íåáîëüøîì íàáîðå äàííûõ ñ âû÷èñëèòåëüíûì áþäæåòîì íà ïîðÿäêè
ìåíüøå, ÷åì äëÿ èçíà÷àëüíîãî îáó÷åíèÿ.

Ýòîò íàáîð ìåòîäîâ èçâåñòåí êàê ýôôåêòèâíîå ïî ïàðàìåòðàì äî-

îáó÷åíèå (parameter-e�cient �ne-tuning, PEFT) [38]. Íà ñåãîäíÿøíèé
äåíü ýòî óæå îáøèðíàÿ îáëàñòü èññëåäîâàíèé ñî ìíîæåñòâîì ðàçëè÷-
íûõ ïîäõîäîâ; çäåñü ìû ðàññìîòðèì ëèøü íåêîòîðûå èç íàèáîëåå âàæ-
íûõ äëÿ äàëüíåéøåãî èçëîæåíèÿ.

Ïåðâàÿ êàòåãîðèÿ ìåòîäîâ, àäàïòèâíîå PEFT, ââîäèò íåêîòîðûé
íîâûé ìåõàíèçì â íåéðîííóþ àðõèòåêòóðó. Á�oëüøàÿ ÷àñòü âåñîâ îñòà-
¼òñÿ ¾çàìîðîæåííîé¿ (frozen), íî íîâûé ìåõàíèçì, íàçûâàåìûé àäàï-

òåðîì (adapter), ñïîñîáåí ìîäèôèöèðîâàòü âíóòðåííèå ïðåäñòàâëåíèÿ
äàæå ñ èñïîëüçîâàíèåì íåáîëüøîãî ÷èñëà âåñîâ. Îñíîâíîå ðàçëè÷èå
ìåæäó ìåòîäàìè çàêëþ÷àåòñÿ â òîì, ãäå èìåííî ðàçìåñòèòü ýòîò íî-
âûé ìåõàíèçì.

Àäàïòèâíîå PEFT íà÷àëîñü ñ ðàáîòû [42], ãäå àäàïòåð áûë ââåä¼í
âíóòðü ìîäóëÿ òðàíñôîðìåðà [112]. Â [42] àäàïòåð ðàçìåùàåòñÿ â äâóõ
ìåñòàõ: ïîñëå ñëîÿ ñàìîâíèìàíèÿ è ïîñëå ñëî¼â ïðÿìîãî ðàñïðîñòðà-
íåíèÿ â ìîäóëå êîäèðîâùèêà, îáà ðàçà ïåðåä íîðìàëèçàöèåé ñëîÿ ñ
îñòàòî÷íûì ñîåäèíåíèåì âîêðóã íåãî. Íà ðèñ. 5a áàçîâàÿ ñòðóêòóðà
ìîäóëÿ êîäèðîâùèêà òðàíñôîðìåðà ïîêàçàíà ñåðûì, à öâåò ïîêàçûâà-
åò, êóäà ïîìåùàåòñÿ àäàïòåð. Ñàì àäàïòåð òàêæå ïðåäñòàâëÿåò ñîáîé
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(a) (á)

Ðèñ. 5. Àäàïòèâíîå PEFT: (a) ïîñëåäîâàòåëüíûé àäàï-
òåð â ìîäóëå êîäèðîâùèêà Transformer [42]; (b) ïàðàë-
ëåëüíûé àäàïòåð [39]; (c) óñëîâíûé àäàïòåð
(CoDA) [54].

ìèíèàòþðíóþ àðõèòåêòóðó êîäèðîâùèêà�äåêîäèðîâùèêà ñ ¾áóòûëî÷-
íûì ãîðëûøêîì¿ (bottleneck) ïîñåðåäèíå: îäíà ìàòðèöàW↓ ïðîåöèðó-
åò âõîäíûå âëîæåíèÿ â ïðîñòðàíñòâî ìåíüøåé ðàçìåðíîñòè, à äðóãàÿ
ìàòðèöà ðàñøèðÿåò èõ îáðàòíî ñ íåëèíåéíîñòüþ h, ïðèìåíÿåìîé ïî-
ýëåìåíòíî ïîñåðåäèíå. Ôîðìàëüíî ãîâîðÿ,

Adapter(x) = W↑ · h (W↓x) . (6)

Ýòà àðõèòåêòóðà ñîäåðæèò òàê íàçûâàåìûé ïîñëåäîâàòåëüíûé

àäàïòåð, òàê êàê íîâûå âåñà ïîäêëþ÷àþòñÿ ïîñëåäîâàòåëüíî âíóò-
ðè áëîêîâ òðàíñôîðìåðà. Àëüòåðíàòèâîé ìîæåò áûòü èñïîëüçîâàíèå
ïîäõîäà ïàðàëëåëüíîãî àäàïòåðà, ãäå íîâûå âåñà îáðàçóþò ïîáî÷íóþ
ñåòü, ïîäêëþ÷¼ííóþ ïàðàëëåëüíî, êàê â ðàáîòå [39], ãäå ýòà àðõèòåêòó-
ðà òàêæå âêëþ÷àåò àäàïòåð ñ áóòûëî÷íûì ãîðëûøêîì, îïðåäåë¼ííûì
â (6), íî íà ýòîò ðàç îí ðàáîòàåò ïàðàëëåëüíî ñ áëîêîì êîäèðîâùèêà,
êàê ïîêàçàíî íà ðèñ. 5á. Ïàðàëëåëüíûå àäàïòåðû äàëåå ðàçðàáàòûâà-
ëèñü, íàïðèìåð, â ðàáîòå [145].

Èíòåðåñíîå äàëüíåéøåå ðàçâèòèå ìåòîäà áûëî ïðåäëîæåíî â ïîäõî-
äå óñëîâíûõ àäàïòåðîâ (conditional adapters, CoDA) [54]. Ýòîò ïîäõîä
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èñïîëüçóåò òå æå ïàðàëëåëüíûå àäàïòåðû, ÷òî è [39], íî òàêæå ñòðå-
ìèòñÿ óëó÷øèòü ïðîèçâîäèòåëüíîñòü âûâîäà (inference), îòìå÷àÿ, ÷òî
äëÿ îáðàáîòêè êîíêðåòíîãî çàïðîñà íå òðåáóåòñÿ âñÿ áîëüøàÿ ïðåä-
âàðèòåëüíî îáó÷åííàÿ ìîäåëü. Â ýòîì ïîäõîäå ïàðàëëåëüíûé àäàïòåð
(ðèñ. 5á) ñîñòîèò èç äâóõ âåòâåé. Àäàïòåðíàÿ âåòâü, àíàëîãè÷íî [39],
ïðåäñòàâëÿåò ñîáîé ñåòü ïðÿìîãî ðàñïðîñòðàíåíèÿ ñ áóòûëî÷íûì ãîð-
ëûøêîì ïîñåðåäèíå. Óñëîâíàÿ âåòâü, ñ äðóãîé ñòîðîíû, íàöåëåíà íà
ñîêðàùåíèå îáú¼ìà âû÷èñëåíèé, íåîáõîäèìûõ îò ïðåäâàðèòåëüíî îáó-
÷åííûõ çàìîðîæåííûõ ñëî¼â òðàíñôîðìåðà. Îíà íà÷èíàåòñÿ ñ ôóíê-
öèè ìàðøðóòèçàöèè Frouter, êîòîðàÿ âûáèðàåò k ¾ëó÷øèõ¿ òîêåíîâ èç
âõîäíûõ L òîêåíîâ:

Frouter(X) = (m, P ) , (7)

ãäå P ∈ {0, 1}k×L � ìàòðèöà âåêòîðîâ ñ îäíîé åäèíèöåé (one-hot êîäè-
ðîâàíèå), ïîêàçûâàþùèõ, êàêèå òîêåíû áûëè âûáðàíû, àm ∈ [0, 1]L �
âåñîâàÿ ìàñêà äëÿ âûáðàííûõ òîêåíîâ; Frouter ðåàëèçîâàí ÷åðåç îïå-
ðàòîð ìÿãêîãî âûáîðà top-k (soft top-k), êîòîðûé ÿâëÿåòñÿ îáîáùå-
íèåì ôóíêöèè softmax, åñòåñòâåííîãî ¾ìÿãêîãî âûáîðà top-1¿, äëÿ
k > 1 [54]. Çàòåì k âûáðàííûõ âåêòîðîâ èñïîëüçóþòñÿ â ñòàíäàðòíîì
ñëîå ñàìîâíèìàíèÿ, ëèáî äðóã ñ äðóãîì (k-to-k âíèìàíèå), ëèáî êàê
çàïðîñû ê îðèãèíàëüíûì L âåêòîðàì (k-to-all âíèìàíèå). Â ðåçóëü-
òàòå âû÷èñëåíèÿ, òðåáóåìûå îò çàìîðîæåííûõ ñëî¼â òðàíñôîðìåðà,
çíà÷èòåëüíî ñîêðàùàþòñÿ (åù¼ áîëüøå â ñëó÷àå k-íà-k âíèìàíèÿ, õî-
òÿ ðåçóëüòàòû, êàê ïðàâèëî, ëó÷øå ïðè k-to-all âíèìàíèè), à ôóíêöèÿ
ìàðøðóòèçàöèè ñ âåñàìè, îáó÷åííûìè â ïðîöåññå äîîáó÷åíèÿ, ïîçâî-
ëÿåò âûáðàòü òîêåíû, íàèáîëåå ñîîòâåòñòâóþùèå ïîñòàâëåííîé çàäà÷å.
Ïî ñóòè, CoDA âûáèðàåò òîëüêî ÷àñòü òîêåíîâ äëÿ îáðàáîòêè íà êàæ-
äîì ñëîå ñàìîâíèìàíèÿ.

Ñ ïîìîùüþ àäàïòåðîâ îäíó ïðåäâàðèòåëüíî îáó÷åííóþ ìîäåëü íà
îñíîâå òðàíñôîðìåðà ìîæíî àäàïòèðîâàòü ê ðàçëè÷íûì çàäà÷àì, ïðè
ýòîì îáó÷àÿ òîëüêî âåñà ìîäóëåé àäàïòåðîâ è îñòàâëÿÿ áîëüøóþ ÷àñòü
ïðåäîáó÷åííûõ âåñîâ çàìîðîæåííîé. Îäíàêî ïåðåäà÷à èíôîðìàöèè
ìåæäó ðàçëè÷íûìè çàäà÷àìè çàòðóäíåíà èç-çà ÿâëåíèÿ, èçâåñòíîãî
êàê êàòàñòðîôè÷åñêîå çàáûâàíèå (catastrophic forgetting): êîãäà ìî-
äåëü îáó÷àåòñÿ íà íîâîé çàäà÷å, îíà, êàê ïðàâèëî, òåðÿåò çíàíèÿ, ïî-
ëó÷åííûå èç ïðåäûäóùèõ çàäà÷, òàê ÷òî âìåñòî ñîâìåñòíîãî èñïîëüçî-
âàíèÿ èíôîðìàöèè ïðîñòî ïîëó÷àåòñÿ ìîäåëü äëÿ íîâîé çàäà÷è. Ýòîò
ýôôåêò èçâåñòåí ïî ìåíüøåé ìåðå ñ 1980-õ ãîäîâ [31, 70] è äî ñèõ
ïîð îñòà¼òñÿ ñåðü¼çíîé ïðîáëåìîé â ãëóáîêîì îáó÷åíèè [3, 86]; áûëî
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(a) (á)

Ðèñ. 6. Ìíîãîçàäà÷íîñòü ñ àäàïòåðàìè: (a)
AdapterFusion îáúåäèíÿåò âûõîäû íåñêîëüêèõ àäàï-
òåðîâ, îáó÷åííûõ íà îòäåëüíûõ çàäà÷àõ [85]; (á)
HyperAdapter ñîçäà¼ò âõîä äëÿ ãèïåðñåòè, êîòîðàÿ
ïîðîæäàåò íåîáõîäèìûé àäàïòåð [135].

ðàçðàáîòàíî íåñêîëüêî ðàçëè÷íûõ êëàññîâ ïîäõîäîâ äëÿ åãî ñìÿã÷å-
íèÿ [24, 69, 81, 90], íî îí âñ¼ åù¼ ìåøàåò ïðîåêòàì, ñâÿçàííûì, íàïðè-
ìåð, ñ ïîæèçíåííûì îáó÷åíèåì (lifelong learning) íåéðîííûõ ñåòåé,
ãäå îñíîâíîé öåëüþ ÿâëÿåòñÿ îáó÷åíèå ðàçëè÷íûì çàäà÷àì â ðàçíûå
ìîìåíòû âðåìåíè [82].

AdapterFusion, ïðåäñòàâëåííûé â ðàáîòå [85], ðåøàåò ïðîáëåìó êàòà-
ñòðîôè÷åñêîãî çàáûâàíèÿ, ïðåäëàãàÿ íå òîëüêî èñïîëüçîâàòü íåñêîëü-
êî ðàçëè÷íûõ àäàïòåðîâ, îáó÷åííûõ äëÿ ðàçëè÷íûõ çàäà÷, íî è îáú-
åäèíÿòü ðåçóëüòàòû ýòèõ àäàïòåðîâ, êàê ïîêàçàíî íà ðèñ. 6a.

Îòäåëüíûå àäàïòåðû îáó÷àþòñÿ ëèáî îòäåëüíî äëÿ êàæäîé çàäà÷è,
ëèáî ïàðàëëåëüíî ñ ôóíêöèåé ïîòåðü, êîòîðàÿ êîìáèíèðóåò âñå çàäà÷è
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è èñïîëüçóåò äëÿ íèõ ðàçíûå àäàïòåðû, êàê ýòî áûëî ïðåäëîæåíî ðà-
íåå â [102]. Çàòåì ìû ôèêñèðóåì êàê ïðåäâàðèòåëüíî îáó÷åííûå âåñà,
òàê è îòäåëüíûå àäàïòåðû è îáó÷àåì âåñà ìîäóëÿ îáúåäèíåíèÿ àäàï-
òåðîâ, ñíîâà èñïîëüçóÿ äàííûå èç îòäåëüíûõ çàäà÷; òàêèì îáðàçîì,
ýòàïû èçâëå÷åíèÿ çíàíèé â àäàïòåðàõ è îáúåäèíåíèÿ çíàíèé â ìîäó-
ëå îáúåäèíåíèÿ ðàçäåëåíû, ÷òî ïîìîãàåò ñïðàâëÿòüñÿ ñ êàòàñòðîôè÷å-
ñêèì çàáûâàíèåì. Ñ àðõèòåêòóðíîé òî÷êè çðåíèÿ, ìîäóëü îáúåäèíåíèÿ
àäàïòåðîâ ñíîâà ÿâëÿåòñÿ ñëîåì ñàìîâíèìàíèÿ, ãäå êëþ÷è è çíà÷åíèÿ
áåðóòñÿ èç àäàïòåðîâ, à çàïðîñû èçâëåêàþòñÿ èç ïîëó÷àåìûõ íà âõîä
âëîæåíèé.

Äðóãîé ïîäõîä ñîñòîèò â òîì, ÷òîáû ñîñòàâèòü àäàïòåð íà îñíîâå
çàäà÷è. Õàðàêòåðíûì ïðèìåðîì çäåñü ÿâëÿåòñÿ ãèïåðàäàïòåð íà îñ-

íîâå ïðîòîòèïîâ (prototype-based hyperadapter, PHA) [135], êîòîðûé
èñïîëüçóåò ïîäõîä ãèïåðñåòåé (hypernetworks) [37], òî åñòü íåéðîííûõ
ñåòåé, êîòîðûå âûâîäÿò ïàðàìåòðû äëÿ äðóãèõ íåéðîííûõ ñåòåé. Êàê
ïîêàçàíî íà ðèñ. 6á, HyperAdapter ñîñòîèò èç äâóõ îñíîâíûõ ÷àñòåé:

• âûõîäû êîäèðîâùèêà ïîñòóïàþò â ñïåöèàëüíî îáó÷åííûé ìî-
äóëü ðåòðèâåðà (retriever), êîòîðûé îáó÷àåòñÿ ïðîåöèðîâàòü
âõîäíûå äàííûå â ëàòåíòíîå ïðîñòðàíñòâî; ðåòðèâåð îáó÷àåò-
ñÿ ñ èñïîëüçîâàíèåì êîíòðàñòèâíîé ôóíêöèè îøèáêå (noise-
contrastive estimation, NCE) [111] è, â ÷àñòíîñòè, ïðîòîòè-
ïè÷åñêîãî êîíòðàñòèâíîãî îáó÷åíèÿ (prototypical contrastive
learning, PCL) [57], ÷òîáû êëàñòåðèçîâàòü ýêçåìïëÿðû îäíîé
è òîé æå çàäà÷è â ëàòåíòíîì ïðîñòðàíñòâå, îäíîâðåìåííî îò-
äàëÿÿ ýêçåìïëÿðû ðàçíûõ çàäà÷ äðóã îò äðóãà;

• PCL òàêæå îáó÷àåò ïðîòîòèïû (àíàëîãè÷íûå öåíòðîèäàì êëà-
ñòåðîâ), êîòîðûå íàöåëåíû íà âûäåëåíèå ¾ñóòè¿ êàæäîé çàäà-
÷è â ëàòåíòíîì ïðîñòðàíñòâå; ýòè ïðîòîòèïû ñëóæàò âõîäíûìè
äàííûìè äëÿ ãèïåðñåòè, êîòîðàÿ ñîçäà¼ò ïàðàìåòðû äëÿ ìîäó-
ëÿ àäàïòåðà; àäàïòåð çäåñü ñíîâà ñîñòîèò èç äâóõ ñëî¼â ïðÿìî-
ãî ðàñïðîñòðàíåíèÿ ñ áóòûëî÷íûì ãîðëûøêîì, êàê â [42], íî
âåñà òåïåðü ñîçäàþòñÿ ãèïåðñåòüþ;

• âî âðåìÿ âûâîäà íîâûé ýêçåìïëÿð ïðîõîäèò ÷åðåç òîò æå çàìî-
ðîæåííûé ýíêîäåð è îáó÷åííûé ìîäóëü ðåòðèâåðà; çàòåì áëè-
æàéøèé ïðîòîòèï â ëàòåíòíîì ïðîñòðàíñòâå èñïîëüçóåòñÿ äëÿ
ïîðîæäåíèÿ âåñîâ àäàïòåðà ÷åðåç ãèïåðñåòü, à àäàïòåð ïðèìå-
íÿåòñÿ ê äåêîäèðîâùèêó.
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Ðèñ. 7. Íèçêîðàíãîâûå àïïðîêñèìàöèè.

Ìîæíî òàêæå îáúåäèíèòü íåñêîëüêî ðàçëè÷íûõ àäàïòåðîâ â ñìå-

øàííóþ ýêñïåðòíóþ ìîäåëü (mixture of experts, MoE) [75,130]. Â ÷àñò-
íîñòè, Adamix [115] îáó÷àåò íåñêîëüêî ìàòðèö ïðîåêöèé âíèç è ââåðõ, à
çàòåì âûáèðàåò îäíó èç êàæäîé ñëó÷àéíûì îáðàçîì âî âðåìÿ âûâîäà.
DEMix [36] îáó÷àåò êîëëåêöèþ ýêñïåðòíûõ ñåòåé ïðÿìîãî ðàñïðîñòðà-
íåíèÿ è ñëîé, êîòîðûé ó÷èòûâàåò äîìåí ââîäà âî âðåìÿ îáó÷åíèÿ è
îöåíèâàåò åãî âî âðåìÿ âûâîäà. Ðàáîòà [19] ñòðîèò èåðàðõèþ äîìåíîâ
â âèäå äåðåâà ñ íàáîðîì âåñîâ àäàïòåðà, ñâÿçàííûõ ñ êàæäûì óçëîì.
AdapterSoup [20] îáó÷àåò íåñêîëüêî àäàïòåðîâ è óñðåäíÿåò âåñà àäàïòå-
ðîâ, êîòîðûå íàèáîëåå ñâÿçàíû ñ íîâûì äîìåíîì, òåì ñàìûì ðàñøèðÿÿ
PEFT íà íàñòðîéêè âíå äîìåíà èëè çàäà÷è ñ ñëèøêîì áîëüøèì êîëè-
÷åñòâîì ðàçëè÷íûõ äîìåíîâ. Òàêæå áûëè ðàçðàáîòàíû äðóãèå ñïîñîáû
êîìáèíèðîâàíèÿ àäàïòåðîâ. Íàïðèìåð, â ðàáîòå [145] äîáàâëÿþòñÿ ïà-
ðàëëåëüíûå àäàïòåðû, äîîáó÷åííûå äëÿ êîíêðåòíûõ ÿçûêîâûõ ïàð, ê
áîëüøîé ìíîãîÿçû÷íîé ìîäåëè Transformer äëÿ óëó÷øåíèÿ ìàøèííî-
ãî ïåðåâîäà.

Èòàê, ìû îáñóäèëè ïîñëåäîâàòåëüíûå è ïàðàëëåëüíûå àäàïòåðû,
à òàêæå ñïîñîáû âûáîðà èëè êîìáèíèðîâàíèÿ íåñêîëüêèõ ðàçëè÷íûõ
àäàïòåðîâ, â îñíîâíîì íåçàâèñèìî îò èõ êîíêðåòíîé àðõèòåêòóðû. Îä-
íàêî ñóùåñòâóåò âàæíûé êëàññ àäàïòåðîâ, êîòîðûé ïðèâîäèò ê ýôôåê-
òèâíûì àëãîðèòìàì PEFT. Îíè îáó÷àþò íèçêîðàíãîâûå àïïðîêñèìà-
öèè èçìåíåíèé â ïîëíîé ìàòðèöå âåñîâ, òåì ñàìûì ïîçâîëÿÿ èçìåíÿòü
âñå âåñà, íî ñîõðàíÿÿ íèçêèå âû÷èñëèòåëüíûå çàòðàòû. Ìû ðàññìîò-
ðèì èõ â ñëåäóþùåì ðàçäåëå.

2.3. Äîîáó÷åíèå ñ îãðàíè÷åííûìè ðåñóðñàìè ÷åðåç íèçêîðàí-
ãîâûå àïïðîêñèìàöèè: LoRA. Íèçêîðàíãîâàÿ àäàïòàöèÿ (low-rank
adaptation, LoRA) � ýòî òåõíèêà, ðàçðàáîòàííàÿ äëÿ ýôôåêòèâíî-
ãî äîîáó÷åíèÿ áîëüøèõ ïðåäâàðèòåëüíî îáó÷åííûõ ìîäåëåé çà ñ÷¼ò
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ñîêðàùåíèÿ ÷èñëà îáó÷àåìûõ ïàðàìåòðîâ ñ ïîìîùüþ íèçêîðàíãîâûõ
àïïðîêñèìàöèé. Ïðåäñòàâëåííàÿ èññëåäîâàòåëÿìè èç Microsoft â 2022
ãîäó [43], îíà íà÷èíàåòñÿ ñ êëàññè÷åñêîé èäåè íèçêîðàíãîâîé äåêîì-
ïîçèöèè ìàòðèöû, êàê ïîêàçàíî íà ðèñ. 7: áîëüøàÿ N ×M ìàòðèöà X
àïïðîêñèìèðóåòñÿ ïðîèçâåäåíèåì äâóõ ïðÿìîóãîëüíûõ ìàòðèö,

X ≈ UV, ãäå U ∈ RN×k, V ∈ Rk×M äëÿ k � N,M.

Ïðîèçâåäåíèå UV ïî îïðåäåëåíèþ ÿâëÿåòñÿ ìàòðèöåé ðàíãà k, è ñó-
ùåñòâóþò ýôôåêòèâíûå àëãîðèòìû äëÿ ïîèñêà òàêèõ U è V , ÷òî UV
ÿâëÿåòñÿ íàèëó÷øåé àïïðîêñèìàöèåé äëÿ X ðàíãà k, ãäå ¾íàèëó÷øàÿ¿
îáû÷íî ïîíèìàåòñÿ â òåðìèíàõ L2-íîðìû ðàçíîñòè ‖X − UV >‖22.

Â ìàøèííîì îáó÷åíèè ìåòîäû, îñíîâàííûå íà íèçêîðàíãîâûõ àï-
ïðîêñèìàöèÿõ, èìåþò äîëãóþ èñòîðèþ è âñåãäà ïðåäñòàâëÿþò èíòå-
ðåñ: åñëè ìîæíî ïðåäïîëîæèòü, ÷òî áîëüøàÿ ìàòðèöà, êîòîðàÿ íàñ
èíòåðåñóåò, èìååò ðàíã k, ìû ñìîæåì ïðàêòè÷åñêè ¾áåñïëàòíî¿ çàìå-
íèòü ñëîæíîñòü O(NM) ïðè îáó÷åíèè íà ñëîæíîñòü O((N +M)k) äëÿ
îáó÷åíèÿ ìàòðèö U è V . Äëÿ áîëüøèõ ÿçûêîâûõ ìîäåëåé è áîëüøèõ
íåéðîííûõ ñåòåé â öåëîì ðàíåå ïðîâîäèëèñü èññëåäîâàíèÿ, ïîêàçûâà-
þùèå, ÷òî ïðîñòðàíñòâî ïàðàìåòðîâ â áîëüøèõ ìîäåëÿõ îáû÷íî ñëèø-
êîì âåëèêî:

• â ðàáîòå [55] ââåäåíî ïîíÿòèå âíóòðåííåé ðàçìåðíîñòè

(intrinsic dimension) ïóò¼ì îáó÷åíèÿ íåéðîííûõ ñåòåé â ñëó÷àé-
íûõ ïîäïðîñòðàíñòâàõ ïðîñòðàíñòâà ïàðàìåòðîâ ñ ïîñòåïåííî
óâåëè÷èâàþùåéñÿ ðàçìåðíîñòüþ; áûëî ïîêàçàíî, ÷òî ðàçìåð-
íîñòü, ïðè êîòîðîé íà÷èíàþò ïîÿâëÿòüñÿ ðåøåíèÿ, íåèçìåííî
íàìíîãî ìåíüøå ÷èñëà ïàðàìåòðîâ, è ÷àñòî ýòî ðàçíèöà îêà-
çûâàåòñÿ âåñüìà çíà÷èòåëüíîé;

• â ðàáîòå [1] ýòî ïîíÿòèå áûëî ïðèìåíåíî ê äîîáó÷åíèþ ÿçûêî-
âûõ ìîäåëåé; áûëî ïîêàçàíî, ÷òî ñòàíäàðòíûå ïðåäâàðèòåëüíî
îáó÷åííûå ìîäåëè, íàïðèìåð RoBERTa, èìåþò î÷åíü íèçêèå
âíóòðåííèå ðàçìåðíîñòè, ÷òî îçíà÷àåò, ÷òî íåáîëüøîå äîîáó÷å-
íèå â ïðàâèëüíîì ïîäïðîñòðàíñòâå ìîæåò äàòü çíà÷èòåëüíûé
ðåçóëüòàò.

Ïîñëåäíèé ïóíêò êàê ðàç è ëåæèò â îñíîâå LoRA. LoRA äåëàåò
ïðåäïîëîæåíèå, ÷òî èçìåíåíèÿ, âíåñ¼ííûå äîîáó÷åíèåì, ìîãóò áûòü
ïðåäñòàâëåíû ìàòðèöåé íèçêîãî ðàíãà. Èíûìè ñëîâàìè, îíà ôèêñè-
ðóåò ïðåäâàðèòåëüíî îáó÷åííóþ ìàòðèöó âåñîâ W ∈ RN×M è èùåò
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Ðèñ. 8. Ðàçëè÷íûå äîáàâëåíèÿ LoRA BiAi ê îäíîé è
òîé æå ïðåäâàðèòåëüíî îáó÷åííîé ìàòðèöå âåñîâ W .

îáíîâëåíèå äîîáó÷åíèÿ ∆W â ôîðìå íèçêîðàíãîâîé àïïðîêñèìàöèè:

∆W = BA, ãäå B ∈ RN×k, A ∈ Rk×M .

Äëÿ îáó÷åíèÿ LoRA èñïîëüçóåò ñëó÷àéíóþ èíèöèàëèçàöèþ A ïî íîð-
ìàëüíîìó ðàñïðåäåëåíèþ è íà÷àëüíûå íóëè äëÿ B, ÷òî îçíà÷àåò, ÷òî â
íà÷àëå îáó÷åíèÿ ∆W ðàâíà íóëþ. Çàòåì ìîäåëü äîîáó÷àåòñÿ íà íîâîì
íàáîðå äàííûõ, è èñïîëüçóåòñÿ íîâàÿ ìàòðèöà âåñîâ W + ∆W .

Ôîêóñèðóÿñü íà íèçêîðàíãîâûõ îáíîâëåíèÿõ, LoRA çíà÷èòåëüíî
ñíèæàåò âû÷èñëèòåëüíûå è ðåñóðñíûå çàòðàòû ïî ñðàâíåíèþ ñ òðà-
äèöèîííûìè ìåòîäàìè äîîáó÷åíèÿ. Â ðàáîòå [43] îòìå÷àåòñÿ, ÷òî
äàæå î÷åíü ìàëåíüêèå çíà÷åíèÿ k ìîãóò áûòü äîñòàòî÷íû; íàïðè-
ìåð, àâòîðû ïðèâîäÿò êîíòðîëüíóþ òî÷êó LoRA äëÿ áîëüøîé ìîäåëè
Transformer ñ k = 4, ãäå ìîäèôèöèðóþòñÿ òîëüêî ìàòðèöû âåñîâ çà-
ïðîñîâ è çíà÷åíèé, ÷òî óìåíüøàåò ðàçìåð êîíòðîëüíîé òî÷êè ñ 350 ÃÁ
äëÿ ïîëíîé ìàòðèöû âåñîâ äî 35 ÌÁ � ñîêðàùåíèå â 10000 ðàç!

Ïîñëå îáó÷åíèÿ íåò íåîáõîäèìîñòè õðàíèòü A è B, òàê êàê ìîæíî
ïðîñòî èñïîëüçîâàòü ìîäèôèöèðîâàííóþ ìàòðèöó âåñîâW ′ = W+BA,
âåäü ìàòðèöó âåñîâ N ×M âñ¼ ðàâíî íóæíî õðàíèòü. Íî ñ ïîìîùüþ
LoRA ìîæíî âûïîëíÿòü äîîáó÷åíèå äëÿ íåñêîëüêèõ ðàçëè÷íûõ çàäà÷,
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(a) (á) (â)

Ðèñ. 9. Âàðèàöèè ìåòîäà LoRA; ñèíèå ìîäóëè ñî-
äåðæàò îáó÷àåìûå ïàðàìåòðû: (a) AdaLoRA [133];
(á) SoRA [27]; (â) DoRA [64].

èñïîëüçóÿ îäíó è òó æå áàçîâóþ ìàòðèöó âåñîâ W . Áàçîâóþ ìàòðèöó
íóæíî õðàíèòü òîëüêî îäèí ðàç, à íîâûå âàðèàöèè ìîæíî õðàíèòü â
âèäå íàáîðà ðàçíûõ Ai è Bi, êàê ïîêàçàíî íà ðèñ. 8. Íèçêèå òðåáîâà-
íèÿ ê ïàìÿòè è çíà÷èòåëüíî óìåíüøåííûå âû÷èñëèòåëüíûå çàòðàòû íà
îáó÷åíèå ïîçâîëÿþò îáó÷àòü LoRA-îáíîâëåíèÿ äàæå äëÿ áîëüøèõ ìî-
äåëåé íà ïîëüçîâàòåëüñêîì îáîðóäîâàíèè, áåç äîðîãèõ êëàñòåðîâ èëè
íåñêîëüêèõ GPU. Ýòî óæå ïðèâåëî ê ïîÿâëåíèþ ìíîæåñòâà ìîäèôè-
êàöèé íà îñíîâå LoRA äëÿ îòêðûòûõ ìîäåëåé ãåíåðàöèè èçîáðàæåíèé,
îñîáåííî Stable Di�usion [92], è áîëüøèõ ÿçûêîâûõ ìîäåëåé, òàêèõ êàê
ñåìåéñòâî Llama [108,109].

Èäåÿ LoRA áûëà ïðåäñòàâëåíà â 2021 ãîäó, ïîýòîìó, åñòåñòâåííî,
óæå ïîÿâèëîñü ìíîæåñòâî èññëåäîâàíèé, ðàñøèðÿþùèõ ýòè èäåè. Ðàñ-
ñìîòðèì íåñêîëüêî âàæíûõ íîâûõ ðàñøèðåíèé LoRA.

Âî-ïåðâûõ, âàæíîé ïðîáëåìîé â ëþáîé ñõåìå íèçêîðàíãîâîé àï-
ïðîêñèìàöèè ÿâëÿåòñÿ âûáîð ðàíãà k. Åñëè ðàíã ñëèøêîì âåëèê, ìû
ðàñõîäóåì ëèøíèå âû÷èñëèòåëüíûå ðåñóðñû è ïàìÿòü, à åñëè ñëèø-
êîì ìàë, òåðÿåì öåííóþ âûðàçèòåëüíóþ ñïîñîáíîñòü, êîòîðàÿ ìîãëà
áû ñòîèòü íàì î÷åíü ä¼øåâî. Ïîýòîìó ìíîãèå ðàñøèðåíèÿ LoRA ñî-
ñðåäîòî÷åíû íà àâòîìàòè÷åñêîì âûáîðå ðàíãà k:
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• àäàïòèâíàÿ íèçêîðàíãîâàÿ àäàïòàöèÿ (adaptive low-rank
adaptation, AdaLoRA) [133] ïàðàìåòðèçóåò ∆W êàê ñèíãóëÿð-
íîå ðàçëîæåíèå, ∆W = PΛQ, ãäå ìàòðèöû P ∈ RN×k è
Q ∈ Rk×M ÿâëÿþòñÿ îðòîãîíàëüíûìè, à Λ = diag (λ1, . . . , λk)
� äèàãîíàëüíîé ìàòðèöåé ñèíãóëÿðíûõ çíà÷åíèé (ñì. ðèñ. 9à);
â SVD âåëè÷èíû ñèíãóëÿðíûõ çíà÷åíèé |λi| îòðàæàþò çíà÷è-
ìîñòü ñîîòâåòñòâóþùèõ êîìïîíåíò ðàçëîæåíèÿ, è ìîæíî èñ-
êëþ÷èòü ñèíãóëÿðíûå çíà÷åíèÿ ñ ìàëûìè âåëè÷èíàìè; îäíàêî
âûïîëíåíèå ïîëíîãî SVD äëÿ ìàòðèö ðàçìåðà N ×M íà êàæ-
äîì øàãå ñëèøêîì âû÷èñëèòåëüíî çàòðàòíî, ïîýòîìó AdaLoRA
àïïðîêñèìèðóåò ðàçëîæåíèå, äîáàâëÿÿ ðåãóëÿðèçàòîðû îðòî-
ãîíàëüíîñòè äëÿ P è Q â ôóíêöèþ ïîòåðü:

R(P,Q) =
∥∥P>P − I

∥∥2
+
∥∥Q>Q− I

∥∥2
; (8)

• ðàçðåæåííàÿ íèçêîðàíãîâàÿ àäàïòàöèÿ (sparse low-rank
adaptation, SoRA) [27] îòìå÷àåò, ÷òî êëþ÷åâàÿ ÷àñòü ðàçëî-
æåíèÿ SVD ñîñòîèò â òîì, ÷òî ìàòðèöà Λ âûñòóïàåò â ðîëè
ìåõàíèçìà ôèëüòðàöèè äëÿ ñòðîê è ñòîëáöîâ ìàòðèö A è
B: åñëè ñèíãóëÿðíîå çíà÷åíèå ðàâíî íóëþ, ñîîòâåòñòâóþùåå
èçìåðåíèå ìîæíî èñêëþ÷èòü; ïîýòîìó ýòîò ýòàï ôèëüòðà-
öèè äåëàþò ÿâíûì, ðàññìàòðèâàÿ ∆W êàê êîìïîçèöèþ ñ
ïîêîîðäèíàòíûì óìíîæåíèåì â ñåðåäèíå,

∆Wx = B · (g � (A · x)) , (9)

à çàòåì êîìïîíåíòû g îïòèìèçèðóþòñÿ ñ èñïîëüçîâàíèåì L1-
ðåãóëÿðèçàöèè äëÿ ðàçðåæåííîñòè (ðèñ. 9á);

• ñòðóêòóðíî-îñîçíàííàÿ íèçêîðàíãîâàÿ àäàïòàöèÿ (structure-
aware low-rank adaptation, SaLoRA) [44] òàêæå îáó÷àåò ðàíãî-
âûå çíà÷åíèÿ àäàïòèâíî, óäàëÿÿ êîìïîíåíòû èç äèàãîíàëüíîé
ìàòðèöû â ñåðåäèíå ðàçëîæåíèÿ;

• ðàñïðåäåëÿþùàÿ íèçêîðàíãîâàÿ àäàïòàöèÿ (allocating low-rank
adaptation, ALoRA) [66] òàêæå äîáàâëÿåò äèàãîíàëüíóþ ìàò-
ðèöó Λ ìåæäó A è B, íî íå ñòðåìèòñÿ äåëàòü A è B îðòîãî-
íàëüíûìè; âìåñòî ýòîãî îíà ïðåäëàãàåò îòäåëüíûé àëãîðèòì
àáëÿöèè AB-LoRA äëÿ îöåíêè âàæíîñòè îòäåëüíûõ ðàíãîâ â
Λ, à çàòåì óäàëÿåò ðàíãè ñ íèçêîé âàæíîñòüþ èëè óâåëè÷è-
âàåò ðàçìåðíîñòü ìàòðèö, ãäå êàæäûé ðàíã âàæåí; çäåñü, êàê
îáû÷íî â ïîäõîäàõ LoRA, ðàçëîæåíèå ∆W = BA âûïîëíÿåòñÿ
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îòäåëüíî äëÿ ðàçëè÷íûõ ìàòðèö âåñîâ â ñåòè, è ðàíãè ìîãóò
îòëè÷àòüñÿ ìåæäó íèìè;

• äèíàìè÷åñêàÿ íèçêîðàíãîâàÿ àäàïòàöèÿ áåç ïîèñêà (dynamic
search-free low-rank adaptation, DyLoRA) [110] âûáèðàåò ðàíã k
íà êàæäîì øàãå îáó÷åíèÿ è îáó÷àåò óñå÷¼ííûå âåðñèè A è B;
àâòîðû ïîêàçûâàþò, ÷òî ýòîò ïîäõîä ìîæåò ïðèâåñòè ê çíà÷è-
òåëüíîé ýêîíîìèè âðåìåíè ïðè îáó÷åíèè LoRA;

• íèçêîðàíãîâàÿ àäàïòàöèÿ ñ äåêîìïîçèöèåé âåñîâ (weight-
decomposed low-rank adaptation, DoRA) [64] ðàñêëàäûâàåò êàæ-
äûé ïðåäâàðèòåëüíî îáó÷åííûé âåñ íà äâå ñîñòàâëÿþùèå, âå-
ëè÷èíó è íàïðàâëåíèå, è îáó÷àåò èõ îòäåëüíî; ôîðìàëüíî
ýòî îçíà÷àåò, ÷òî ìàòðèöà âåñîâ W ðàñêëàäûâàåòñÿ êàê W =
‖W‖ · W

‖W‖ , è LoRA ïðèìåíÿåòñÿ òîëüêî ê ÷àñòè, ñîîòâåòñòâó-

þùåé íàïðàâëåíèþ:

W ′ = ‖W‖ ·
(

W

‖W‖
+ ∆W

)
; (10)

âåëè÷èíà m, èçíà÷àëüíî ðàâíàÿ âåêòîðó íîðì ñòîëáöîâ ìàò-
ðèöû W , òàêæå îáó÷àåòñÿ â DoRA (êàê ïîêàçàíî íà ðèñ. 9â); â
öåëîì ýòîò ïîäõîä ìîæåò ñîêðàòèòü ÷èñëî îáó÷àåìûõ ïàðàìåò-
ðîâ, à àâòîðû ïîêàçûâàþò, ÷òî îí ñîîòâåòñòâóåò èëè ïðåâîñõî-
äèò áàçîâûé LoRA â ðàçëè÷íûõ çàäà÷àõ áåç äîïîëíèòåëüíûõ
çàòðàò íà îáó÷åíèå.

Ïðèìåíåíèå íèçêîðàíãîâûõ àïïðîêñèìàöèé äëÿ äîîáó÷åíèÿ áîëü-
øèõ ÿçûêîâûõ ìîäåëåé îñòà¼òñÿ àêòèâíîé îáëàñòüþ èññëåäîâàíèé, è
â áëèæàéøåì áóäóùåì çäåñü íàâåðíÿêà ïîÿâÿòñÿ íîâûå èäåè.

Èòàê, â ýòîì ðàçäåëå ìû ðàññìîòðåëè îñíîâíûå ìåòîäû äîîáó÷åíèÿ
áîëüøèõ ÿçûêîâûõ ìîäåëåé: íà îñíîâå îáó÷åíèÿ ñ ïîäêðåïëåíèåì, íà
îñíîâå äîîáó÷åíèÿ àäàïòåðîâ è, â ÷àñòíîñòè, àäàïòåðû íà îñíîâå íèç-
êîðàíãîâûõ ïðèáëèæåíèé. Âñå îíè áûëè óñïåøíî èñïîëüçîâàíû äëÿ
äîîáó÷åíèÿ ìîäåëåé äëÿ ðàáîòû ñ èñõîäíûì êîäîì ïðîãðàìì, î ÷¼ì
ïîéä¼ò ðå÷ü â ñëåäóþùèõ ðàçäåëàõ.

�3. Îöåíêà êà÷åñòâà êîäîâûõ ìîäåëåé

Â ýòîì ðàçäåëå ìû îáñóäèì ñóùåñòâóþùèå ñïîñîáû îöåíêè êà÷åñòâà
êîäîâûõ ìîäåëåé, ìåòðèêè è îòêðûòûå äàííûå äëÿ èõ òåñòèðîâàíèÿ è
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äîîáó÷åíèÿ. Òåñòîâûå íàáîðû äàííûõ, êîòîðûå îïèñàíû â ýòîì ðàçäå-
ëå, áóäóò ïîÿâëÿòüñÿ â îïèñàíèÿõ ìîäåëåé äàëåå, âåäü èìåííî íà íèõ
ìîäåëè ñðàâíèâàþòñÿ äðóã ñ äðóãîì.

3.1. HumanEval. HumanEval � ýòî îäèí èç ñàìûõ ïîïóëÿðíûõ äà-
òàñåòîâ äëÿ ìîäåëåé, ðàáîòàþùèõ ñ èñõîäíûì êîäîì; îí áûë îïóáëè-
êîâàí èññëåäîâàòåëÿìè èç OpenAI [17]. HumanEval ñîçäàí äëÿ îöåíêè
êà÷åñòâà çàäà÷è ïîðîæäåíèÿ Python-ôóíêöèé ïî äîêóìåíòàöèè. Êîð-
ðåêòíîñòü êîäà ïðîâåðÿåòñÿ ñ ïîìîùüþ ìîäóëüíûõ òåñòîâ, â îòëè÷èå
îò ïîðîæäåíèÿ òåêñòà íà åñòåñòâåííîì ÿçûêå, ãäå îöåíêà îáû÷íî ïðî-
âîäèòñÿ ïî ýâðèñòèêàì èëè âðó÷íóþ. Äëÿ òåñòèðîâàíèÿ áûëè âðó÷íóþ
ñîçäàíû 164 çàäà÷è ïî ïðîãðàììèðîâàíèþ, ïîêðûâàþùèå ïîíèìàíèå
ÿçûêà, àëãîðèòìîâ è áàçîâóþ ìàòåìàòèêó; ýòè çàäà÷è ñîïîñòàâèìû ñ
ïðîñòûìè âîïðîñàìè íà ñîáåñåäîâàíèÿõ íà ïîçèöèþ ðàçðàáîò÷èêà.

Â êà÷åñòâå îñíîâíîé ìåòðèêè èñïîëüçóåòñÿ pass@k, êîòîðàÿ âû÷èñ-
ëÿåòñÿ ïî ôîðìóëå

pass@k := EProblems

[
1−

(
n−c
k

)(
n
k

) ] (11)

ãäå n� îáùåå ÷èñëî ïîðîæä¼ííûõ ðåøåíèé, c� ÷èñëî óñïåøíûõ ðåøå-
íèé, ïðîøåäøèõ òåñòû, k � ÷èñëî âûáðàííûõ ðåøåíèé,

(
n
k

)
� áèíîìè-

àëüíûé êîýôôèöèåíò. Ìåòðèêà ïîêàçûâàåò âåðîÿòíîñòü òîãî, ÷òî õîòÿ
áû îäíî èç k ñëó÷àéíî âûáðàííûõ ðåøåíèé îêàæåòñÿ êîððåêòíûì.

3.2. MBPP. MBPP (Mostly Basic Programming Problems) � åù¼ îäèí
ïîïóëÿðíûé íàáîð äàííûõ äëÿ çàäà÷è ïîðîæäåíèÿ îòäåëüíûõ ôóíê-
öèé íà ÿçûêå Python, íà ýòîò ðàç îò Google Research [7]. Áåí÷ìàðê
MBPP ñîäåðæèò 974 êîðîòêèå ïðîãðàììû íà Python, ñîçäàííûå ñ
èñïîëüçîâàíèåì êðàóäñîðñèíãà ñðåäè ëþäåé ñ áàçîâûìè çíàíèÿìè
Python.

Êàæäàÿ çàïèñü â äàòàñåòå ñîäåðæèò îïèñàíèå çàäà÷è, å¼ ðåøåíèå
â âèäå ôóíêöèè íà Python è òðè òåñòà äëÿ ïðîâåðêè êîððåêòíîñòè.
Àíàëèç ïîêàçàë, ÷òî 58% çàäà÷ èìåþò ìàòåìàòè÷åñêèé õàðàêòåð, 43%
ñâÿçàíû ñ îáðàáîòêîé ñïèñêîâ, 19% ñ îáðàáîòêîé ñòðîê; ñðåäíÿÿ äëè-
íà ðåøåíèÿ ñîñòàâëÿåò 6,8 ñòðîê. Ïîñëå ðó÷íîé ïðîâåðêè è äîðàáîò-
êè áûëî îòîáðàíî 426 ãàðàíòèðîâàííî ÿñíûõ è êîððåêòíûõ âîïðîñîâ,
îáðàçóþùèõ îòðåäàêòèðîâàííûé íàáîð äàííûõ. Â êà÷åñòâå ìåòðèêè
èçìåðÿåòñÿ äîëÿ ðåø¼ííûõ çàäà÷, è çàäà÷à ñ÷èòàåòñÿ ðåø¼ííîé, åñëè



LLM ÄËß ÏÎÐÎÆÄÅÍÈß È ÎÁÐÀÁÎÒÊÈ ÏÐÎÃÐÀÌÌÍÎÃÎ ÊÎÄÀ 297

õîòÿ áû îäíî èç K ðåøåíèé (â ðàáîòå [7] K = 80) óñïåøíî ïðîõîäèò
òåñòû.

3.3. APPS. Ñëåäóþùèé áåí÷ìàðê APPS (Automated Programming
Progress Standard) ñîäåðæèò 10 000 çàäà÷ ïî ïðîãðàììèðîâàíèþ, ñî-
áðàííûõ ñ òàêèõ îòêðûòûõ ïëàòôîðì, êàê CodeForces è Kattis. Îí
ïðåäíàçíà÷åí äëÿ îöåíêè íàâûêîâ ïðîãðàììèðîâàíèÿ è ðåøåíèÿ çà-
äà÷; â í¼ì ñîäåðæàòñÿ çàäà÷è íà åñòåñòâåííîì ÿçûêå è 131 777 òåñòî-
âûõ ñëó÷àåâ äëÿ ïðîâåðêè ïðàâèëüíîñòè ðåøåíèé. Â íàáîðå äàííûõ
ñîäåðæèòñÿ 232 421 ýòàëîííîå ðåøåíèå, íàïèñàííîå ëþäüìè, à óðîâåíü
ñëîæíîñòè çàäà÷ âàðüèðóåòñÿ îò íà÷àëüíîãî äî óðîâíÿ óíèâåðñèòåò-
ñêèõ ñîðåâíîâàíèé.

Ñðåäíÿÿ äëèíà îïèñàíèÿ çàäà÷è â APPS ñîñòàâëÿåò 293,2 ñëîâà, ÷òî
ïîä÷¼ðêèâàåò èõ ñëîæíîñòü. Íàáîð äàííûõ ðàâíîìåðíî ðàçäåë¼í íà
5000 çàäà÷ äëÿ îáó÷åíèÿ è 5000 äëÿ òåñòèðîâàíèÿ, ïðè ýòîì ó òåñòîâûõ
çàäà÷ â ñðåäíåì 21,2 ìîäóëüíûõ òåñòà íà çàäà÷ó, ÷òî îáåñïå÷èâàåò
òùàòåëüíóþ ïðîâåðêó ôóíêöèîíàëüíîñòè ïðîãðàìì.

Äëÿ îöåíêè ìîäåëåé èñïîëüçóþòñÿ äâå îñíîâíûå ìåòðèêè: ñðåäíåå
÷èñëî ïðîéäåííûõ òåñòîâ (Test Case Average) è �ñòðîãàÿ òî÷íîñòü�
(Strict Accuracy). Ïåðâàÿ ìåòðèêà èçìåðÿåò äîëþ òåñòîâ, óñïåøíî
ïðîéäåííûõ ïîðîæä¼ííûìè ðåøåíèÿìè; äëÿ çàäà÷è p ñ íàáîðîì òå-
ñòîâ Cp ýòà ìåòðèêà âû÷èñëÿåòñÿ ïî ôîðìóëå

TestCaseAverage =
1

P

P∑
p=1

1

Cp

Cp∑
c=1

1{eval(〈codep〉, xp,c) = yp,c},

ãäå P � îáùåå ÷èñëî çàäà÷, eval(〈codep〉, xp,c) � ðåçóëüòàò âûïîëíå-
íèÿ êîäà íà âõîäíûõ äàííûõ xp,c, à yp,c � îæèäàåìûé (ïðàâèëüíûé)
ðåçóëüòàò.

�Ñòðîãàÿ òî÷íîñòü� òðåáóåò, ÷òîáû ïîðîæä¼ííûå ðåøåíèÿ ïðîøëè
âñå òåñòû äëÿ çàäà÷è. Îíà âû÷èñëÿåòñÿ êàê

StrictAccuracy =
1

P

P∑
p=1

Cp∏
c=1

1{eval(〈codep〉, xp,c) = yp,c}.

Ýòà ìåòðèêà áîëåå ñòðîãàÿ è ó÷èòûâàåò òîëüêî ïîëíîñòüþ êîððåêòíûå
ðåøåíèÿ.

Òàêèì îáðàçîì, ñðåäíåå ÷èñëî ïðîéäåííûõ òåñòîâ � ýòî ìåíåå òðå-
áîâàòåëüíàÿ ìåòðèêà; îíà ïîçâîëÿåò ôèêñèðîâàòü óëó÷øåíèÿ è òåõ
ìîäåëåé, êîòîðûå ïîêà íå ìîãóò ïîëíîñòüþ ðåøèòü çàäà÷è. �Ñòðîãàÿ
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Ðèñ. 10. Òèïû çàäà÷ â äàòàñåòå LiveCodeBench [50].

òî÷íîñòü�, íàïðîòèâ, îòðàæàåò ñïîñîáíîñòü ìîäåëè ðåøàòü çàäà÷è ïîë-
íîñòüþ, âêëþ÷àÿ ñëîæíûå êðàéíèå ñëó÷àè, ÷òî âàæíî äëÿ ðåàëüíûõ
ïðèìåíåíèé.

3.4. LiveCodeBench. LiveCodeBench � åù¼ îäèí ÷àñòî âñòðå÷à-
þùèéñÿ áåí÷ìàðê äëÿ ÿçûêà Python, êîòîðûé ðåøàåò âàæíûå
ïðîáëåìû åãî ïðåäøåñòâåííèêîâ [50]. Â ýòîé ðàáîòå àâòîðû áî-
ðîëèñü ñ ðèñêîì óòå÷êè òåñòîâûõ äàííûõ â îáó÷àþùóþ âûáîðêó
(contamination). Äëÿ ýòîé öåëè áûëè ñîáðàíû 511 çàäà÷ ïî ñïîð-
òèâíîìó ïðîãðàììèðîâàíèþ ñ ïëàòôîðì LeetCode 2, AtCoder 3 è
CodeForces 4, îïóáëèêîâàííûõ â ïåðèîä ñ ìàÿ 2023 ïî ìàé 2024 ãîäà.

Êðîìå òîãî, äëÿ áîëåå ïîëíîãî ñðàâíåíèÿ êîäîâûõ ìîäåëåé, ïîìèìî
çàäà÷è ïîðîæäåíèÿ ôóíêöèè ïî äîêóìåíòàöèè àâòîðû äîáàâèëè òðè
äîïîëíèòåëüíûå êàòåãîðèè çàäà÷:

• èñïðàâëåíèå îøèáîê â ïðîãðàììå ïî íåêîððåêòíî ïðîéäåííûì
òåñòàì;

• âèðòóàëüíîå �èñïîëíåíèå� ïðîãðàììû ñ êîíêðåòíûì âõîäîì;

2https://leetcode.com/
3https://atcoder.jp/
4https://codeforces.com/
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• ïðåäñêàçàíèå âûõîäíûõ äàííûõ ïî îïèñàíèþ çàäà÷è è âõîä-
íûì äàííûì.

Âñå âèäû çàäà÷ ïðîèëëþñòðèðîâàíû íà ðèñ. 10.
Äëÿ çàäà÷ ïîðîæäåíèÿ è èñïðàâëåíèÿ ïðîãðàìì èñïîëüçîâàëàñü

ìåòðèêà pass@k èç HumanEval, îïðåäåë¼ííàÿ âûøå â (11), à äëÿ �èñ-
ïîëíåíèÿ� ïðîãðàììû è ïðåäñêàçàíèÿ âûõîäíûõ äàííûõ � áèíàðíàÿ
ìåòðèêà ñîïîñòàâëåíèÿ ñ ýòàëîííûì îòâåòîì. Äëÿ ïåðâûõ äâóõ êàòå-
ãîðèé íà îäíó çàäà÷ó â ñðåäíåì ïðèõîäèòñÿ îêîëî 17 òåñòîâ. Êðîìå òî-
ãî, àâòîðû êëàññèôèöèðîâàëè âñå çàäà÷è ïî óðîâíþ ñëîæíîñòè (easy,
medium, hard) è ñáàëàíñèðîâàëè èõ êîëè÷åñòâî, ÷òî ïîçâîëÿåò äåòàëü-
íåå ñðàâíèâàòü ìîäåëè ñ îäèíàêîâûì ñðåäíåì çíà÷åíèåì ìåòðèêè.

Èíòåðåñíî, ÷òî â çàâèñèìîñòè îò äàòû âûõîäà ìîäåëè áûëî çàìå÷å-
íî ðåçêîå ñíèæåíèå êà÷åñòâà äëÿ ìîäåëåé DeepSeek, GPT-4o, Codestral
è äðóãèõ: åñëè çàäà÷è íå ïîïàäàþò â ìàññèâ äàííûõ, äîñòóïíûõ äëÿ
(äî)îáó÷åíèÿ â ìîìåíò âûõîäà ìîäåëè, òî íåêîòîðûå ìîäåëè íà÷èíàþò
çàìåòíî õóæå ñ íèìè ñïðàâëÿòüñÿ. Ïîýòîìó âûáîð áîëåå ñâåæèõ çàäà÷
(îïóáëèêîâàííûõ óæå ïîñëå âûõîäà ìîäåëè) ïîçâîëÿåò ïîëó÷àòü áîëåå
ðåàëèñòè÷íóþ îöåíêó êà÷åñòâà. Äëÿ ïðèìåðà òàáëèöû 1 è 2 ïîêàçû-
âàþò ñîñòîÿíèå äåë íà áåí÷ìàðêå LCB â íà÷àëå äåêàáðÿ 2024 ãîäà5

äëÿ çàäà÷ àâòîìàòè÷åñêîãî ïîðîæäåíèÿ è àâòîìàòè÷åñêîãî èñïðàâëå-
íèÿ êîäà ñîîòâåòñòâåííî; â òàáëèöàõ 1 è 2 îöåíêà âåä¼òñÿ òîëüêî ïî
çàäà÷àì, êîòîðûå äîáàâëåíû ïîñëå 1 ÿíâàðÿ 2024 ãîäà. Êóðñèâîì âû-
äåëåíû ìîäåëè, êîòîðûå ìîãóò áûòü êîíòàìèíèðîâàíû ÷àñòüþ ýòèõ
çàäà÷ â îáó÷àþùåé âûáîðêå, è îíè â èòîãå íå ïîëó÷àþò ðàíã â ñïèñêå.

3.5. HumanEval+ è MBPP+. Ñëåäóþùèå áåí÷ìàðêè HumanEval+
è MBPP+ � ýòî ïðîäîëæåíèÿ è âàðèàíòû HumanEval è MBPP ñîîò-
âåòñòâåííî, â êîòîðûå àâòîðû äîáàâèëè íåîáõîäèìûå òåñòû è èñïðà-
âèëè íåîäíîçíà÷íûå ôîðìóëèðîâêè çàäàíèé [63].

3.6. CodeContests. CodeContests � ýòî íàáîð äàííûõ, êîòîðûé áûë
ñîáðàí äëÿ äîîáó÷åíèÿ è òåñòèðîâàíèÿ AlphaCode ìîäåëè [60]. Îí ñî-
äåðæèò çàäà÷è íà ñïîðòèâíîå ïðîãðàììèðîâàíèå, âçÿòûå ñ ïëàòôîð-
ìû CodeForces 6, ñ íåáîëüøèì íàáîðîì îòêðûòûõ òåñòîâ. Íà êàæäóþ
çàäà÷ó â ñðåäíåì ïðèõîäèòñÿ 203,7 çàêðûòûõ òåñòà. Òåñòîâàÿ ÷àñòü
CodeContests ñîäåðæèò 165 çàäà÷. Â êà÷åñòâå ìåòðèê èñïîëüçîâàëèñü
ñëåäóþùèå:

5https://livecodebench.github.io/leaderboard.html
6https://codeforces.com/
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Òàáëèöà 1. Ñðàâíåíèå êîäîâûõ ìîäåëåé íà äîáàâëåí-
íûõ â 2024 ãîäó çàäà÷àõ äàòàñåòà LiveCodeBench ïî ïî-
ðîæäåíèþ êîäà, ïî ñîñòîÿíèþ íà íà÷àëî äåêàáðÿ 2024
ãîäà [50].

Ìîäåëü Ìåòðèêà Pass@1, %

All Easy Medium Hard

1 O1-Mini-2024-09-12 (N=1) 67.2 93.5 74.1 31.7
2 O1-Preview-2024-09-12 (N=1) 52.5 90.3 53.1 12.5

Claude-3.5-Sonnet-20240620 42.6 85.6 36.9 5.1
Claude-3.5-Sonnet-20241022 42.5 92 30.6 5.5
Qwen2.5-Ins-72B 41.7 85.6 36.3 2.7

3 GPT-4O-2024-08-06 41.3 87.5 33.6 2.6
4 ChatGPT-4O-Latest-08-24 41.2 88.5 31.7 3.6
5 GPT-4-Turbo-2024-04-09 40.7 84.5 33.1 4.5

Qwen2.5-Ins-32B 40.1 84 32.7 3.6
6 GPT-4O-2024-05-13 40.1 86.9 30 3.9

Qwen2.5-Coder-Ins-32B 40 84.2 34.8 0.4
7 LLama3.1-405b-Ins-FP8 37.3 81 27.7 3.5
8 Gemini-Pro-1.5-002 36.4 82.5 24.1 3.5
9 GPT-4-Turbo-1106 35.7 81.8 23.6 2.7
10 Mistral-Large 35.6 82.9 22.1 2.7
11 DeepSeek-V2 34.8 80.6 23.4 1
12 GPT-4O-mini-2024-07-18 34.8 78.2 23.6 3.1
13 DeepSeek-Coder-V2-Instruct-0724 34.6 79.6 24.1 0.6
14 DeepSeek-Coder-V2-Instruct 34.4 80.2 22.1 1.8
15 Gemini-Flash-1.5-002 34.4 81 21.3 1.7
16 DeepSeek-V2-Chat-0628 33.2 78.1 20.6 1.8
17 GPT-4-0613 32.5 74.9 20.6 2.8
18 Claude-3-Opus 31.9 76 18.7 2.1

Qwen2.5-Base-72B 28.2 64 20.4 0.5
Codestral-Latest 27.4 67 15.9 0.3

19 LLama3.1-70b-Ins 26.3 62 15.6 2
Qwen2.5-Coder-Ins-7B 26.2 62.7 16.5 0.1
Qwen2.5-Base-32B 26 62.6 15.7 0.6

20 Qwen2-Ins-72B 25.3 63.1 13.1 0.9

• pass@k � ïðîöåíò ðåø¼ííûõ çàäà÷ ïðè ïðîòîêîëå, â êîòîðîì
ìîäåëü ïîðîæäàåò k ðåøåíèé äëÿ êàæäîé çàäà÷è, îíè òåñòè-
ðóþòñÿ íà ñêðûòûõ òåñòàõ, è åñëè êàêîå-ëèáî ðåøåíèå èç k
ïðîõîäèò òåñòû, ïðîáëåìà ñ÷èòàåòñÿ ðåøåííîé;
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Òàáëèöà 2. Ñðàâíåíèå êîäîâûõ ìîäåëåé íà äîáàâëåí-
íûõ â 2024 ãîäó çàäà÷àõ äàòàñåòà LiveCodeBench ïî
àâòîìàòè÷åñêîìó èñïðàâëåíèþ êîäà, ïî ñîñòîÿíèþ íà
íà÷àëî äåêàáðÿ 2024 ãîäà [50].

Ìîäåëü Ìåòðèêà Pass@1, %

All Easy Medium Hard

1 O1-Mini-2024-09-12 (N=1) 67.7 99.2 76.9 24.2
2 O1-Preview-2024-09-12 (N=1) 57.4 98.4 59.4 12.5

Claude-3.5-Sonnet-20241022 51 96 49.4 6.4
Claude-3.5-Sonnet-20240620 47.4 94.3 43.4 3.8
Qwen2.5-Ins-32B 44.3 90.8 39 2.8

3 GPT-4-Turbo-2024-04-09 44.3 91.5 37.3 3.8
4 GPT-4O-2024-08-06 44.1 91.9 38 2.1
5 GPT-4O-2024-05-13 43.3 90.9 36.2 2.6
6 LLama3.1-405b-Ins-FP8 40.9 88 32.4 2.4
7 Gemini-Pro-1.5-002 40.7 86.5 32.9 2.6
8 GPT-4O-mini-2024-07-18 38 85.1 27.6 1.8
9 Gemini-Flash-1.5-002 36.7 85.4 23.5 2.2
10 Mistral-Large 36.1 87.4 20.4 1.9
11 LLama3.1-70b-Ins 32.1 75.2 20.7 1.2
12 Qwen2-Ins-72B 30.5 72.6 19.2 0.5
13 Claude-3-Haiku 25.4 66.7 10.9 0
14 LLama3.1-8b-Ins 18.8 50.8 6.1 0.8

• 10@k � ïðîöåíò ðåø¼ííûõ çàäà÷ ïðè ïðîòîêîëå, â êîòîðîì
ìîäåëü ïîðîæäàåò k ðåøåíèé äëÿ êàæäîé çàäà÷è, íî ìîæåò
çàïóñòèòü ñêðûòûå òåñòû òîëüêî íà 10 èç íèõ; ýòî îòðàæàåò
ðàçíèöó ìåæäó îòíîñèòåëüíî ¾äåø¼âûìè¿ äîïîëíèòåëüíûìè
ïîðîæäåíèÿìè èç ìîäåëè è îòíîñèòåëüíî ¾äîðîãèì¿ ïðîöåñ-
ñîì èõ ïåðåïðîâåðêè è òåñòèðîâàíèÿ: åñëè ìîäåëü ñàìà ìîæåò
âûáðàòü ëó÷øèå èç ïîðîæä¼ííûõ, áóäåò íåñëîæíî ïîïðîñèòü
å¼ ïîðîæäàòü áîëüøå.

Òàêæå ñòîèò îòìåòèòü, ÷òî íà êàæäóþ çàäà÷ó îòâîäèëîñü ôèêñèðî-
âàííîå âðåìÿ äëÿ ïðîõîæäåíèÿ òåñòîâ.

3.7. Super-NaturalInstructions. Â ñðàâíåíèè ìîäåëåé áóäåò âñòðå-
÷àòüñÿ è áåí÷ìàðê áîëåå îáùåãî íàçíà÷åíèÿ Super-NaturalInstructions,
ñîçäàííûé äëÿ ïðîâåðêè îáîáùàþùèõ ñïîñîáíîñòåé ìîäåëåé; â í¼ì ìî-
äåëü ïðîñÿò ðåøàòü ðàçëè÷íûå çàäà÷è ïî èíñòðóêöèè íà åñòåñòâåííîì
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ÿçûêå [117]. Äàòàñåò ñîäåðæèò 1616 ðàçëè÷íûõ çàäà÷ èç 76 óíèêàëü-
íûõ òèïîâ çàäà÷, â ÷àñòíîñòè êëàññèôèêàöèè, ðåäàêòèðîâàíèÿ òåê-
ñòîâ, íàïèñàíèÿ êðàòêîãî ïåðåñêàçà è ò.ä., âêëþ÷àÿ è çàäà÷è, ñâÿçàí-
íûå ñ ïðîãðàììíûì êîäîì � îïèñàíèå êîäà è ïîðîæäåíèå ïðîãðàììû
ïî òåêñòîâîìó îïèñàíèþ.

3.8. TransCoder. Ñëåäóþùèé áåí÷ìàðê, ïîÿâèâøèéñÿ â ðàáîòå î ìî-
äåëè TransCoder, áûë ñîçäàí äëÿ îöåíêè êà÷åñòâà òðàíñëÿöèè ïðî-
ãðàìì ñ îäíîãî ÿçûêà ïðîãðàììèðîâàíèÿ íà äðóãîé [93]. Äëÿ ýòîé öå-
ëè àâòîðû ñîáðàëè ñ ñàéòà GeeksforGeeks ïðèìåðû ðåàëèçàöèé îäíîé
è òîé æå ôóíêöèè íà ÿçûêàõ C++, Java è Python. Â èòîãå áûëî ñîáðà-
íî ïîðÿäêà 460 ôóíêöèé äëÿ êàæäîãî ÿçûêà è 10 òåñòîâ äëÿ êàæäîé
ôóíêöèè. Â êà÷åñòâå ìåòðèêè êà÷åñòâà ïîäñ÷èòûâàåòñÿ ïðîöåíò ðåøå-
íèé, êîòîðûå óñïåøíî ïðîøëè ìîäóëüíûå òåñòû.

3.9. tldr. Áåí÷ìàðê tldr [143] ñîäåðæèò ïàðû èç ÷åëîâå÷åñêèõ çàïðî-
ñîâ íà àíãëèéñêîì ÿçûêå è íàçâàíèÿ êîìàíäû êîíñîëè bash ñ íóæíîé
êîìáèíàöèåé ôëàãîâ. Âñåãî îí ñîäåðæèò 9187 ïàð è 1879 óíèêàëüíûõ
êîìàíä bash. Áåí÷ìàðê ïîçâîëÿåò îöåíèâàòü êà÷åñòâî ïîðîæäåíèÿ êî-
ìàíä bash ìîäåëüþ ïî èíñòðóêöèè îò ïîëüçîâàòåëÿ. Â êà÷åñòâå ìåòðèê
èñïîëüçóþòñÿ:

• ñîâïàäåíèå èìåíè êîìàíäû,
• òî÷íîå ñîâïàäåíèå êîìàíäû ñ ýòàëîíîì,
• F1-ìåðà íà òîêåíàõ,
• ìåòðèêà charBLEU, âàðèàíò ñòàíäàðòíîãî BLEU, ñ÷èòàþùèé-
ñÿ ïî n-ãðàììàì ñèìâîëîâ, à íå òîêåíîâ [87,88].

3.10. SWE-bench. Áåí÷ìàðê SWE-bench áûë ðàçðàáîòàí äëÿ îöåí-
êè ñïîñîáíîñòè áîëüøèõ ÿçûêîâûõ ìîäåëåé ðåøàòü ðåàëüíûå êîäîâûå
çàäà÷è, âçÿòûå ñ GitHub. Îí âêëþ÷àåò â ñåáÿ 2294 ïàðû îïèñàíèÿ
ïðîáëåìû (issue) è ñîîòâåòñòâóþùåãî ðåøåíèÿ (pull request) èç 12 ïî-
ïóëÿðíûõ ðåïîçèòîðèåâ íà ÿçûêå Python. Ìîäåëÿì ïðåäîñòàâëÿåòñÿ
êîäîâàÿ áàçà è îïèñàíèå ïðîáëåìû, è îò íèõ òðåáóåòñÿ ïîðîäèòü èñ-
ïðàâëåíèå (patch), êîòîðîå ðåøàåò óêàçàííóþ ïðîáëåìó.

SWE-bench ïðîâåðÿåò, ìîãóò ëè ìîäåëè ïîíèìàòü è êîîðäèíèðî-
âàòü èçìåíåíèÿ â íåñêîëüêèõ ôóíêöèÿõ, êëàññàõ è äàæå ôàéëàõ îä-
íîâðåìåííî, ÷òî òðåáóåò ñëîæíûõ ðàññóæäåíèé è âçàèìîäåéñòâèÿ ñ
ïðîãðàììíûì îêðóæåíèåì. Îöåíêà ïðîâîäèòñÿ ñ ïîìîùüþ ìîäóëüíûõ
òåñòîâ: åñëè ïðåäëîæåííîå èñïðàâëåíèå ïðîõîäèò êàê íîâûå, òàê è ñó-
ùåñòâóþùèå òåñòû, îíî ñ÷èòàåòñÿ óñïåøíûì.
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�4. Äîîáó÷åíèå LLM ìåòîäàìè îáó÷åíèÿ ñ

ïîäêðåïëåíèåì

4.1. Ïîñòàíîâêà çàäà÷è îáó÷åíèÿ ñ ïîäêðåïëåíèåì. Îáó÷åíèå
ñ ïîäêðåïëåíèåì (reinforcement learning, RL) äëÿ ïîðîæäåíèÿ êîäà
ðàññìàòðèâàåòñÿ êàê çàäà÷à ïîñëåäîâàòåëüíîãî ïðèíÿòèÿ ðåøåíèé,
ôîðìàëèçóåìàÿ ÷åðåç ìàðêîâñêèé ïðîöåññ ïðèíÿòèÿ ðåøåíèé (Markov
decision process, MDP). MDP çàäà¼òñÿ ïÿò¼ðêîé (S,A,P, r, γ), ãäå:

• S � ïðîñòðàíñòâî ñîñòîÿíèé, ãäå ñîñòîÿíèå st = (y<t, x) âêëþ-
÷àåò íåêîòîðûé ïðåôèêñ èç òîêåíîâ y<t è îïèñàíèå çàäà÷è x;

• A � ïðîñòðàíñòâî äåéñòâèé, ñîîòâåòñòâóþùåå âûáîðó ñëåäóþ-
ùåãî òîêåíà yt;

• P(s′ | s, a) � ôóíêöèÿ ïåðåõîäîâ, îïðåäåëÿþùàÿ âåðîÿòíîñòü
ïåðåõîäà â ñîñòîÿíèå s′ ïîñëå âûïîëíåíèÿ äåéñòâèÿ a â ñîñòî-
ÿíèè s;

• r(s, a) � ôóíêöèÿ âîçíàãðàæäåíèÿ, çàäàþùàÿ îöåíêó äåéñòâèÿ
a â ñîñòîÿíèè s;

• γ ∈ [0, 1] � êîýôôèöèåíò äèñêîíòèðîâàíèÿ áóäóùèõ íàãðàä.

Öåëü îáó÷åíèÿ ñ ïîäêðåïëåíèåì çàêëþ÷àåòñÿ â ìàêñèìèçàöèè îæè-
äàåìîãî ñóììàðíîãî âîçíàãðàæäåíèÿ:

J(πθ) = Eπθ

[ ∞∑
t=0

γtr(st, at)

]
, (12)

ãäå πθ(a | s) � ïàðàìåòðèçîâàííàÿ ñòðàòåãèÿ (policy), îïðåäåëÿþùàÿ
ðàñïðåäåëåíèå âåðîÿòíîñòåé äåéñòâèé â êàæäîì ñîñòîÿíèè.

Ôóíêöèè çíà÷åíèÿ ñîñòîÿíèé è ïàð ñîñòîÿíèå-äåéñòâèå îïðåäåëÿ-
þòñÿ êàê

V π(s) = Ea∼π [Qπ(s, a)] , Qπ(s, a) = E [r(s, a) + γV π(s′)] , (13)

ãäå s′ � ñëåäóþùåå ñîñòîÿíèå.
Îáó÷åíèå ñ ïîäêðåïëåíèåì îáû÷íî äåëàåòñÿ îäíèì èç äâóõ ñïîñîáîâ:

• îáó÷åíèå ôóíêöèé çíà÷åíèé (value-based RL), â êîòîðîì îáó÷à-
þòñÿ ôóíêöèè V è Q, ââåä¼ííûå â (13), â ÷àñòíîñòè ôóíêöèè
V ∗ è Q∗, ñîîòâåòñòâóþùèå îïòèìàëüíîé ñòðàòåãèè π∗, à çàòåì
ñàìà ñòðàòåãèÿ π∗ âûâîäèòñÿ èç íèõ; ê ýòîìó êëàññó îòíîñÿòñÿ
ìåòîäû Ìîíòå-Êàðëî â îáó÷åíèè ñ ïîäêðåïëåíèåì è îáó÷åíèå
íà îñíîâå âðåìåííûõ ðàçíîñòåé (TD-îáó÷åíèå), â ÷àñòíîñòè Q-
îáó÷åíèå [120];
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Ðèñ. 11. Îáó÷åíèå ñ ïîäêðåïëåíèåì íà îñíîâå þíèò-
òåñòîâ (RLTF) [62].

• îáó÷åíèå ñòðàòåãèè íàïðÿìóþ ìåòîäàìè ãðàäèåíòà ïî ñòðàòå-
ãèÿì (policy gradient) [9, 105]; ê ýòîìó êëàññó îòíîñèòñÿ êëàñ-
ñè÷åñêèé àëãîðèòì REINFORCE [122], à òàêæå ñîâðåìåííûå
ìåòîäû îïòèìèçàöèè ñòðàòåãèè íà îñíîâå äîâåðèòåëüíûõ îá-
ëàñòåé (trust region policy optimization, TRPO) [94], ïðîêñè-
ìàëüíîé îïòèìèçàöèè ñòðàòåãèè (proximal policy optimization,
PPO) [95] è äðóãèå.

Êàæäûé èç ðàññìàòðèâàåìûõ íèæå ìåòîäîâ èñïîëüçóåò îäèí èç ýòèõ
àëãîðèòìîâ îáó÷åíèÿ; ïîäðîáíîå èõ èçëîæåíèå âûõîäèò çà ðàìêè îá-
çîðà, ñì., íàïðèìåð, [95,104,140].

4.2. RLTF. Â ðàáîòå [62] ïðåäëîæåí ìåòîä îáó÷åíèÿ ñ ïîäêðåïëå-
íèåì íà îñíîâå äàííûõ èç þíèò-òåñòîâ (Reinforcement Learning from
Unit Test Feedback, RLTF), êîòîðûé ïîçâîëÿåò óëó÷øèòü êà÷åñòâî ïî-
ðîæäåíèÿ ïðîãðàììíîãî êîäà ñ èñïîëüçîâàíèåì ïðåäîáó÷åííûõ ÿçû-
êîâûõ ìîäåëåé (LLM). Îñíîâíàÿ èäåÿ RLTF, ïðîèëëþñòðèðîâàííàÿ
íà ðèñ. 11, çàêëþ÷àåòñÿ â òîì, ÷òîáû èíòåãðèðîâàòü ìåõàíèçì ïîðîæ-
äåíèÿ äàííûõ â ðåàëüíîì âðåìåíè ñ ìíîãîóðîâíåâîé îáðàòíîé ñâÿçüþ
îò þíèò-òåñòîâ, ÷òî ïîçâîëÿåò ìîäåëè ýôôåêòèâíî îáó÷àòüñÿ çà ñ÷¼ò
áîëåå ðàçíîîáðàçíûõ è ðåëåâàíòíûõ ïðèìåðîâ.

Çàäà÷à ñèíòåçà ïðîãðàììíîãî êîäà çäåñü ôîðìàëèçóåòñÿ êàê çàäà-
÷à ïîñëåäîâàòåëüíîãî ïîðîæäåíèÿ êîäàW , óäîâëåòâîðÿþùåãî âûñîêî-
óðîâíåâîìó îïèñàíèþ çàäà÷è D. Öåëü ñîñòîèò â ìàêñèìèçàöèè óñëîâ-
íîé âåðîÿòíîñòè
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max p (W |D,θ) = max

T∏
t=1

p (wt|D,θ,w1:t−1) ,

ãäå θ � ïàðàìåòðû ìîäåëè, T � äëèíà ïîñëåäîâàòåëüíîñòè, wt � t-é
òîêåí ñãåíåðèðîâàííîãî êîäà.

Ìåòîä RLTF èñïîëüçóåò îíëàéí-áóôåð, êîòîðûé äèíàìè÷åñêè îá-
íîâëÿåòñÿ â ïðîöåññå îáó÷åíèÿ. Áóôåð ñîäåðæèò ïàðû äàííûõ, ñîñòî-
ÿùèå èç îïèñàíèÿ çàäà÷è D, ñãåíåðèðîâàííîãî êîäà Ŵ è îáðàòíîé ñâÿ-
çè îò êîìïèëÿòîðà FB(Ŵ ). Äëÿ îïòèìèçàöèè èñïîëüçóåòñÿ ñëåäóþùàÿ
ôóíêöèÿ ïîòåðü, îáúåäèíÿþùàÿ ñòàíäàðòíîå îáó÷åíèå ñ ïîäêðåïëåíè-
åì è îáðàòíóþ ñâÿçü ðàçíîé ñòåïåíè äåòàëèçàöèè:

Ltotal = LSL + Lcoarse + Lfine + Ladaptive,

ãäå LSL � ñòàíäàðòíàÿ ôóíêöèÿ ïîòåðü äëÿ îáó÷åíèÿ ñ ó÷èòåëåì, à
Lcoarse, Lfine, Ladaptive � êîìïîíåíòû äëÿ îáó÷åíèÿ ñ ïîäêðåïëåíèåì.

Àâòîðû [62] âûäåëÿþò òðè ìåõàíèçìà îáðàòíîé ñâÿçè:

• ãðóáàÿ îáðàòíàÿ ñâÿçü (coarse-grained feedback), ãäå âîçíà-
ãðàæäåíèå çàâèñèò îò ñòàòóñà âûïîëíåíèÿ êîäà (óñïåøíîå âû-
ïîëíåíèå, ñáîé èëè ñèíòàêñè÷åñêàÿ îøèáêà):

Rcoarse(Ŵ ) =


1.0, åñëè FB(Ŵ ) = pass,

−0.3, åñëè FB(Ŵ ) = failure,

−0.6, åñëè FB(Ŵ ) = error (íå ñèíòàêñè÷åñêàÿ),

−1.0, åñëè FB(Ŵ ) = syntax error;

• òîíêàÿ îáðàòíàÿ ñâÿçü (�ne-grained feedback), ãäå îøèáêè
êëàññèôèöèðóþòñÿ íà îñíîâå êîíêðåòíûõ ñòðîê èëè êîíêðåò-
íûõ ïðè÷èí îøèáêè è ïðîáëåì â êîäå, è âîçíàãðàæäåíèå îïðå-
äåëÿåòñÿ êàê

R�ne(Ŵ ) =

{
0.0, åñëè îøèáêà îòíîñèòñÿ ê êàòåãîðèè Uignore,

−0.3, â ïðîòèâíîì ñëó÷àå.

• àäàïòèâíàÿ îáðàòíàÿ ñâÿçü (adaptive feedback), ãäå âîçíà-
ãðàæäåíèå çàâèñèò îò äîëè óñïåøíî ïðîéäåííûõ òåñòîâ:

Radaptive(Ŵ ) = −0.3 + 1.3 · Npass

Npass +Nfail
,

ãäå Npass è Nfail � êîëè÷åñòâî ïðîéäåííûõ è ïðîâàëåííûõ òå-
ñòîâ ñîîòâåòñòâåííî.
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Îáùàÿ ôóíêöèÿ ïîòåðü îáúåäèíÿåò âñå óðîâíè îáðàòíîé ñâÿçè:

Ltotal = LSL −
T∑
t=1

R(Ŵ ) log p (wt|D,θ,w1:t−1) ,

ãäå R(Ŵ ) îáúåäèíÿåò Rcoarse, Rfine è Radaptive.
Ýêñïåðèìåíòû íà áåí÷ìàðêàõ APPS è MBPP ïðîäåìîíñòðèðîâàëè,

÷òî RLTF óëó÷øàåò ðåçóëüòàòû ïîðîæäåíèÿ êîäà, ïðåâîñõîäÿ äðóãèå
ïîäõîäû, â ÷àñòíîñòè CodeRL è PPOCoder, êàê ïî êà÷åñòâó ïîðîæäå-
íèÿ, òàê è ïî óíèâåðñàëüíîñòè ïðèìåíåíèÿ íà ðàçëè÷íûõ ìîäåëÿõ �
èññëåäîâàëèñü ìîäåëè CodeT5 è CodeGen. Àáëÿöèîííûå èññëåäîâàíèÿ
òàêæå ïîäòâåðäèëè âàæíîñòü îíëàéí-îáó÷åíèÿ è ïðåäëîæåííûõ ìåõà-
íèçìîâ îáðàòíîé ñâÿçè.

4.3. RLEF. Â ðàáîòå [34] ïðåäëàãàåòñÿ ìåòîä îáó÷åíèÿ ñ ïîäêðåïëå-
íèåì íà îñíîâå äàííûõ èç èñïîëíåíèÿ êîäà (Reinforcement Learning
with Execution Feedback, RLEF), êîòîðûé òàêæå èñïîëüçóåò îáó÷åíèå
ñ ïîäêðåïëåíèåì, íî íà îñíîâå îáðàòíîé ñâÿçè, ïîëó÷àåìîé â ïðîöåññå
âûïîëíåíèÿ êîäà, à íå èç êîìïèëÿòîðà èëè èç þíèò-òåñòîâ. Îñíîâ-
íàÿ èäåÿ çàêëþ÷àåòñÿ â òîì, ÷òîáû ïðåäñòàâèòü çàäà÷ó êàê ÷àñòè÷-
íî íàáëþäàåìûé ìàðêîâñêèé ïðîöåññ ïðèíÿòèÿ ðåøåíèé (MDP), ãäå
äåéñòâèÿìè ÿâëÿþòñÿ ïîñëåäîâàòåëüíûå ïîðîæäåíèÿ êîäà, à íàáëþäå-
íèÿ âêëþ÷àþò îáðàòíóþ ñâÿçü î ðåçóëüòàòàõ âûïîëíåíèÿ òåñòîâ. Ýòî
ïîçâîëÿåò ìîäåëè LLM íå òîëüêî ïîðîæäàòü ðåøåíèÿ, íî è ýôôåê-
òèâíî èñïðàâëÿòü îøèáêè íà îñíîâå ïðåäîñòàâëåííîé îáðàòíîé ñâÿçè,
èñïîëüçóÿ èòåðàòèâíûé ïðîöåññ èñïðàâëåíèé, êàê ïîêàçàíî íà ðèñ. 12.

Ìåòîä RLEF îïòèìèçèðóåò ñòðàòåãèþ π ñ èñïîëüçîâàíèåì àëãîðèò-
ìà Proximal Policy Optimization (PPO). Íàãðàäà îïðåäåëÿåòñÿ ñëåäó-
þùèì îáðàçîì:

r(st, at) =


1, åñëè âñå òåñòû ïðîéäåíû,

−1, åñëè õîòÿ áû îäèí òåñò ïðîâàëåí,

−0.2, åñëè ñãåíåðèðîâàííûé êîä íåêîððåêòåí.

Îáùàÿ ôóíêöèÿ âîçíàãðàæäåíèÿ òàêæå âêëþ÷àåò ðåãóëÿðèçàöèþ â
âèäå KL-äèâåðãåíöèè ìåæäó òåêóùåé ñòðàòåãèåé π è íà÷àëüíîé ñòðà-
òåãèåé ρ:

R(st, at) = r(st, at)− β log
π(at|ct)
ρ(at|ct)

,
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Ðèñ. 12. Îáó÷åíèå ñ ïîäêðåïëåíèåì íà îñíîâå äàííûõ
îá èñïîëíåíèè êîäà (RLEF) [34]; ñëåâà � îáùàÿ áëîê-
ñõåìà àëãîðèòìà, ñïðàâà � ïðèìåð ¾âíóòðåííåãî äèà-
ëîãà¿.

ãäå ct � ïîñëåäîâàòåëüíîñòü ïðåäûäóùèõ íàáëþäåíèé è äåéñòâèé, β �
êîýôôèöèåíò ðåãóëÿðèçàöèè.

Îïòèìèçàöèÿ ïðîâîäèòñÿ íà îñíîâå ôóíêöèè ïðåèìóùåñòâà
(advantage function) At = R(st, at)−V (ct), ãäå V (ct) � ôóíêöèÿ öåííî-
ñòè. Äëÿ ìèíèìèçàöèè ïîòåðü èñïîëüçóåòñÿ îáðåçàííàÿ öåëåâàÿ ôóíê-
öèÿ ìåòîäà PPO:

Lclipped(θ) = Et [min (rt(θ)At, clip(rt(θ), 1− ε, 1 + ε)At)] ,

ãäå rt(θ) = πθ(at|ct)
πθold (at|ct) .

Ýêñïåðèìåíòû, ïðîâåä¼ííûå íà ñëîæíûõ áåí÷ìàðêàõ, â ÷àñòíîñòè
CodeContests, HumanEval+ è MBPP+, ïîêàçàëè, ÷òî RLEF ïîçâîëÿ-
åò óëó÷øèòü ðåçóëüòàòû ñ ñóùåñòâåííî ìåíüøèìè âû÷èñëèòåëüíûìè
çàòðàòàìè. Ìåòîä îáåñïå÷èâàåò óëó÷øåíèå êàê äëÿ ìàëûõ (8B), òàê è
äëÿ êðóïíûõ (70B) ìîäåëåé, äåìîíñòðèðóÿ èõ ñïîñîáíîñòü ýôôåêòèâ-
íî èñïðàâëÿòü îøèáêè è àäàïòèðîâàòüñÿ ê îáðàòíîé ñâÿçè â ïðîöåññå
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èòåðàòèâíîãî ñèíòåçà êîäà. Ýêñïåðèìåíòàëüíîå èññëåäîâàíèå â [34] ïî-
êàçàëî, ÷òî RLEF íå òîëüêî óâåëè÷èâàåò òî÷íîñòü ïåðâîãî ïîðîæäå-
íèÿ, íî è çíà÷èòåëüíî óëó÷øàåò êà÷åñòâî ïîñëåäóþùèõ èñïðàâëåíèé;
ýòî îòêðûâàåò øèðîêèå âîçìîæíîñòè äëÿ àâòîìàòè÷åñêîãî ïîñëåäîâà-
òåëüíîãî èñïðàâëåíèÿ è óëó÷øåíèÿ ïîðîæäàåìîãî êîäà.

4.4. B-Coder. Ìåòîä B-Coder [129] òàêæå ïðåäñòàâëÿåò ñîáîé àðõè-
òåêòóðó, îñíîâàííóþ íà ìåòîäàõ îáó÷åíèÿ ñ ïîäêðåïëåíèåì (RL) äëÿ
çàäà÷è ñèíòåçà ïðîãðàììíîãî êîäà, íî â îòëè÷èå îò áîëüøèíñòâà äðó-
ãèõ ìåòîäîâ, ðàññìîòðåííûõ â ýòîì ðàçäåëå, B-Coder èñïîëüçóåò ïîä-
õîäû íà îñíîâå ôóíêöèè çíà÷åíèé (value-based RL) âìåñòî àëãîðèòìîâ
îïòèìèçàöèè ñòðàòåãèé (policy-based RL), ê êîòîðûì îòíîñèòñÿ óæå íå
ðàç óïîìèíàâøèéñÿ PPO. B-Coder íàïðàâëåí íà îïòèìèçàöèþ ôóíê-
öèîíàëüíîé êîððåêòíîñòè ïðîãðàìì ñ ìèíèìàëüíûìè çàòðàòàìè íà
ïðîåêòèðîâàíèå ôóíêöèé âîçíàãðàæäåíèÿ.

Çàäà÷à ñèíòåçà ïðîãðàìì ñíîâà ôîðìàëèçóåòñÿ êàê çàäà÷à ïîñëå-
äîâàòåëüíîãî ïîðîæäåíèÿ ïðîãðàììû W = (w0, w1, . . . , wT ) íà îñíîâå
òåêñòîâîãî îïèñàíèÿ çàäà÷è D. Ïîðîæäåíèÿ êàæäîãî òîêåíà wt èíòåð-
ïðåòèðóåòñÿ êàê äåéñòâèå at, âûïîëíåííîå â ñîñòîÿíèè st = (w<t, D).
Òàêèì îáðàçîì, ïðîöåññ îáó÷åíèÿ ìîäåëè îïèñûâàåòñÿ ÷åðåç ìàðêîâ-
ñêèé ïðîöåññ ïðèíÿòèÿ ðåøåíèé (MDP), õàðàêòåðèçóåìûé ïÿòåðêîé
(S,A, P, r, γ), ãäå:

r(sT , aT ) =


1, åñëè W ïðîøëî âñå ìîäóëüíûå òåñòû,

−0.3, åñëè W íå ïðîøëî õîòÿ áû îäèí òåñò,

−0.6, åñëè W âûçûâàåò îøèáêó âûïîëíåíèÿ,

−1.0, åñëè W ñîäåðæèò ñèíòàêñè÷åñêóþ îøèáêó.

Çàäà÷à îáó÷åíèÿ ñ ïîäêðåïëåíèåì çàêëþ÷àåòñÿ â ìàêñèìèçàöèè
äèñêîíòèðîâàííîé ñóììû âîçíàãðàæäåíèé:

J(π) = E

[ ∞∑
t=0

γtr(st, at) | π

]
,

ãäå π � ñòðàòåãèÿ âûáîðà äåéñòâèé.
Â îòëè÷èå îò äðóãèõ ìåòîäîâ, B-Coder èñïîëüçóåò Q-îáó÷åíèå äëÿ

îöåíêè ôóíêöèè öåííîñòè ñîñòîÿíèÿ-äåéñòâèÿ

Qπ(s, a) = E
[
r(s, a) + γmax

a′
Qπ(s′, a′)

]
,
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ãäå s′ � ñëåäóþùåå ñîñòîÿíèå, ïîëó÷àåìîå ïîñëå ïðèìåíåíèÿ äåéñòâèÿ
a â ñîñòîÿíèè s.

Äëÿ ñòàáèëèçàöèè ïðîöåññà îáó÷åíèÿ ìåòîä èñïîëüçóåò ñëåäóþùèå
ïðè¼ìû:

• èíèöèàëèçàöèÿ ôóíêöèè Q ñ ïîìîùüþ ïðåäîáó÷åííûõ ìîäå-

ëåé: ôóíêöèÿ Q ôîðìèðóåòñÿ èç ëîãèòîâ l(s, a) ÿçûêîâîé ìî-
äåëè, ïðåîáðàçîâàííûõ ÷åðåç ôóíêöèþ softmax:

Q(s, a) = α
(
l(s, a)−max

a′
l(s, a′)

)
+ V (s),

ãäå V (s) � ôóíêöèÿ öåííîñòè ñîñòîÿíèÿ;
• êîíñåðâàòèâíûé îïåðàòîð Áåëëìàíà: âìåñòî ñòàíäàðòíîãî îï-
òèìàëüíîãî îïåðàòîðà Áåëëìàíà

(B∗Q)(s, a) = r(s, a) + γmax
a′

Q(s′, a′)

èñïîëüçóåòñÿ êîíñåðâàòèâíûé îïåðàòîð

(BqQ)(s, a) = r(s, a) + γQ(s′, a′q),

ãäå a′q = arg maxa′ q(a
′ | s′) � äåéñòâèå, âûáèðàåìîå ôèêñèðî-

âàííîé ñòðàòåãèåé q.

Îáó÷åíèå B-Coder ïðîõîäèò â äâà ýòàïà:
(1) ïðåäîáó÷åíèå V (s), êîãäà ôóíêöèÿ ñîñòîÿíèÿ îáó÷àåòñÿ ÷åðåç ìè-

íèìèçàöèþ îøèáêè âðåìåííîé ðàçíèöû (TD-îáó÷åíèå)

LV = E
[
(r(s, a) + γV (s′)−Q(s, a))

2
]

;

(2) òîíêàÿ íàñòðîéêà Q(s, a), êîãäà îïòèìèçèðóåòñÿ êîìáèíèðîâàí-
íàÿ ôóíêöèÿ ïîòåðü

Lft = LQ + βadvLadv + βceLce,

ãäå LQ � TD-îøèáêà ñ êîíñåðâàòèâíûì îïåðàòîðîì, Ladv � ðåãó-
ëÿðèçàöèÿ ôóíêöèè ïðåèìóùåñòâà A(s, a), à Lce � ôóíêöèÿ îøèá-
êè íà îñíîâå êðîññ-ýíòðîïèè.

Ýêñïåðèìåíòû â ðàáîòå [129] íà áåí÷ìàðêàõ APPS è MBPP ïîêàçà-
ëè, ÷òî B-Coder ïðåâîñõîäèò ïðåäøåñòâóþùèå ïîäõîäû, â ÷àñòíîñòè
CodeRL, PPOCoder è RLTF, äåìîíñòðèðóÿ ëó÷øåå êà÷åñòâî ïîðîæäå-
íèÿ êîäà. Êîíñåðâàòèâíûé îïåðàòîð Áåëëìàíà óëó÷øàåò ñòàáèëüíîñòü
îáó÷åíèÿ, à èñïîëüçîâàíèå o�-policy äàííûõ îáåñïå÷èâàåò âûñîêóþ ýô-
ôåêòèâíîñòü âûáîðêè.
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4.5. PSGPO. Â ðàáîòå [23] ïðåäñòàâëåí âàðèàíò ìåòîäà îïòèìèçàöèè
ñòðàòåãèé íà îñíîâå òàê íàçûâàåìûõ ïðîöåññóàëüíûõ íàãðàä (Process
Supervision-Guided Policy Optimization, PSGPO). Ãëàâíàÿ åãî ìîòèâà-
öèÿ � óñòðàíèòü ïðîáëåìó ðàçðåæåííûõ ñèãíàëîâ âîçíàãðàæäåíèÿ â
çàäà÷àõ ïîðîæäåíèÿ êîäà ñ èñïîëüçîâàíèåì îáó÷åíèÿ ñ ïîäêðåïëåíè-
åì. Îñíîâíàÿ íîâèçíà PSGPO çàêëþ÷àåòñÿ â ðàçðàáîòàííîé ïðîöåññó-
àëüíîé ìîäåëè íàãðàä (Process Reward Model, PRM), êîòîðàÿ îáåñïå-
÷èâàåò äåòàëüíóþ îáðàòíóþ ñâÿçü íà óðîâíå ñòðîê êîäà, ÷òî ïîçâîëÿåò
ìîäåëè óëó÷øàòü ñâîè ðåøåíèÿ íà ïðîìåæóòî÷íûõ ýòàïàõ ïîðîæäå-
íèÿ.

Ïðîáëåìà ïîðîæäåíèÿ êîäà ñíîâà ôîðìóëèðóåòñÿ êàê ïîñëåäîâà-
òåëüíîå ïîðîæäåíèå òîêåíîâ y = (y1, y2, . . . , yT ) íà îñíîâå âõîäíî-
ãî îïèñàíèÿ çàäà÷è x. Ïðåäâàðèòåëüíî îáó÷åííàÿ ÿçûêîâàÿ ìîäåëü
pθ(y | x) îöåíèâàåò óñëîâíîå ðàñïðåäåëåíèå âåðîÿòíîñòåé:

pθ(y | x) =

T∏
t=1

pθ(yt | y<t, x),

ãäå y<t = (y1, . . . , yt−1).
Öåëü îáó÷åíèÿ ñ ïîäêðåïëåíèåì � ìàêñèìèçàöèÿ îæèäàåìîé íàãðà-

äû

Ey∼pθ [R(x, y)] ,

ãäå R(x, y) � ôóíêöèÿ âîçíàãðàæäåíèÿ, îñíîâàííàÿ íà ïðîõîæäåíèè
òåñòîâ.

Ïðîöåññóàëüíàÿ ìîäåëü íàãðàä (PRM) ïðåäîñòàâëÿåò äåòàëüíóþ îá-
ðàòíóþ ñâÿçü, îöåíèâàÿ êîððåêòíîñòü êàæäîé ñòðîêè ñãåíåðèðîâàí-
íîãî êîäà. Äëÿ îáó÷åíèÿ PRM èñïîëüçóþòñÿ àâòîìàòè÷åñêèå ìåòêè,
ïîëó÷åííûå ñ ïîìîùüþ áèíàðíîãî ïîèñêà. Ìåòêà äëÿ ïðåôèêñà y≤m
îïðåäåëÿåòñÿ êàê

lm =

{
+1, åñëè ñóùåñòâóåò äîïîëíåíèå, ïðîõîäÿùåå âñå òåñòû,

−1, åñëè âñå äîïîëíåíèÿ ïðîâàëèâàþòñÿ.

PRM îáó÷àåòñÿ ìèíèìèçèðîâàòü îøèáêó â ôîðìå ñðåäíåêâàäðàòè÷-
íîãî îòêëîíåíèÿ:

min
φ

∑
(x,y≤m,lm)

(Rφ(x, y≤m)− lm)
2
,

ãäå Rφ � ïðåäñêàçàíèå PRM.
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Ðèñ. 13. Îïòèìèçàöèè ñòðàòåãèè íà îñíîâå ïðîöåññó-
àëüíûõ íàãðàä (PSGPO) [23].

Äàëåå â îáó÷åíèè ñ ïîäêðåïëåíèåì PRM èñïîëüçóåòñÿ äâóìÿ ñïîñî-
áàìè:

(1) äåòàëüíûå âîçíàãðàæäåíèÿ (dense rewards): PRM äîáàâëÿåò ïî-
øàãîâûå ñèãíàëû íà óðîâíå ñòðîê êîäà,

RPRM(x, y) =

T∑
m=1

Rφ(x, y≤m),

è îáùàÿ ôóíêöèÿ âîçíàãðàæäåíèÿ ïðåâðàùàåòñÿ â

R(x, y) = RUT(x, y) + λRPRM(x, y),

ãäå RUT � áèíàðíàÿ íàãðàäà çà ïðîõîæäåíèå òåñòîâ, λ � âåñ PRM;
(2) èíèöèàëèçàöèÿ ôóíêöèè çíà÷åíèé (value initialization): PRM èñ-

ïîëüçóåòñÿ äëÿ çàäàíèÿ íà÷àëüíûõ çíà÷åíèé ôóíêöèè çíà÷åíèé
ñîñòîÿíèé

V (x, y≤m) ≈ Rφ(x, y≤m).

Ïðîöåññ àâòîìàòè÷åñêîãî ïîðîæäåíèÿ ìåòîê PRM è èíòåãðàöèÿ PRM
è ïðîöåññ îáó÷åíèÿ ñ ïîäêðåïëåíèåì ïðîèëëþñòðèðîâàíû íà ðèñ. 13.

Ýêñïåðèìåíòû ðàáîòû [23] íà áåí÷ìàðêàõ LiveCodeBench è
InHouseBench(çàêðûòûé áåí÷ìàðê ByteDance) ïîêàçàëè, ÷òî PSGPO
ñ èñïîëüçîâàíèåì PRM óëó÷øàåò ìåòðèêó Pass@1 äëÿ äëèííûõ ðå-
øåíèé (>100 òîêåíîâ) íà 9% ïî ñðàâíåíèþ ñ áàçîâûì ïîäõîäîì íà
îñíîâå RL. Êîìáèíàöèÿ äåòàëüíûõ âîçíàãðàæäåíèé è èíèöèàëèçàöèè
ôóíêöèè çíà÷åíèé óëó÷øàåò îáó÷åíèå è çà ñ÷¼ò äîïîëíèòåëüíûõ ñèã-
íàëîâ îáðàòíîé ñâÿçè, è çà ñ÷¼ò óëó÷øåíèÿ ñòàáèëüíîñòè îáó÷åíèÿ, è
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â ýêñïåðèìåíòàõ ìåòîä PSGPO ïðîäåìîíñòðèðîâàë çíà÷èòåëüíûå ïðå-
èìóùåñòâà â çàäà÷àõ ñ äëèííûì ãîðèçîíòîì ïëàíèðîâàíèÿ.

4.6. ILF. Ðàáîòà [16] ïðèìåíÿåò ê ïîðîæäåíèþ êîäà ðàçðàáîòàííûé
àâòîðàìè ìåòîä èìèòàöèîííîãî îáó÷åíèÿ íà îñíîâå òåêñòîâîé îáðàò-
íîé ñâÿçè íà åñòåñòâåííîì ÿçûêå (Imitation Learning from Language
Feedback, ILF) [15]. Îñíîâíàÿ èäåÿ ILF çàêëþ÷àåòñÿ â èñïîëüçîâàíèè
íåáîëüøîãî îáú¼ìà ÷åëîâå÷åñêèõ àííîòàöèé äëÿ îáó÷åíèÿ ìîäåëè íà
ýòàïàõ ïîðîæäåíèÿ è èñïðàâëåíèÿ ïðîãðàìì, ÷òî äåëàåò ìåòîä ýôôåê-
òèâíûì ñ òî÷êè çðåíèÿ òðåáóþùèõñÿ äàííûõ è óäîáíûì äëÿ èñïîëüçî-
âàíèÿ. Íà ðèñ. 14 ïîêàçàíû îáùàÿ ñõåìà ïîäõîäà (ðèñ. 14à) è ïðèìåð
çàïðîñà ñ òåêñòîâîé îáðàòíîé ñâÿçüþ (ðèñ. 14á).

Çàäà÷à ñèíòåçà ïðîãðàìì çäåñü ôîðìàëèçóåòñÿ êàê çàäà÷à îáó÷å-
íèÿ âåðîÿòíîñòíîé ìîäåëè πθ, ïàðàìåòðèçîâàííîé θ, äëÿ ïîðîæäåíèÿ
ïðîãðàììû x ∈ V ∗ èç îïèñàíèÿ çàäà÷è t ∈ T . Çäåñü V ∗ îáîçíà÷à-
åò ìíîæåñòâî âñåõ âîçìîæíûõ ïîñëåäîâàòåëüíîñòåé òîêåíîâ. Âåðîÿò-
íîñòü ïîðîæäåíèÿ îïðåäåëÿåòñÿ êàê

πθ(x | t) =

|x|∏
i=1

πθ(xi | x<i, t),

ãäå x<i � ïðåôèêñ äëèíû i− 1.
Öåëü ILF ñîñòîèò â ìèíèìèçàöèè äèâåðãåíöèè Êóëüáàêà-Ëåéáëåðà

ìåæäó òåêóùåé ìîäåëüþ πθ è öåëåâûì ðàñïðåäåëåíèåì π∗t :

min
θ

Et∼p(t) [KL(π∗t ‖πθ(· | t))] ,

ãäå π∗t (x) ∝ exp(βR(x, t)), à R(x, t) � ôóíêöèÿ íàãðàäû, îñíîâàííàÿ íà
ïðîõîæäåíèè ìîäóëüíûõ òåñòîâ.

Ñàì àëãîðèòì ILF ñîñòîèò èç íåñêîëüêèõ ýòàïîâ:

(1) ñýìïëèðîâàíèå íåêîððåêòíûõ ïðîãðàìì x0 ∼ πθ(· | t), íå ïðîõîäÿ-
ùèõ òåñòû: eval(x0, t) = 0;

(2) àííîòèðîâàíèå x0 ñ èñïîëüçîâàíèåì îáðàòíîé ñâÿçè f , íàïèñàííîé
÷åëîâåêîì;

(3) îáó÷åíèå ìîäåëè πRe�ne äëÿ ãåíåðàöèè èñïðàâëåíèé x1, êîòîðûå
ïðîõîäÿò òåñòû, íà îñíîâå f è x0;

(4) îáó÷åíèå πθ íà èñïðàâëåíèÿõ x1, ñãåíåðèðîâàííûõ πRe�ne.
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(à) (á)

Ðèñ. 14. Èìèòàöèîííîå îáó÷åíèå íà îñíîâå òåêñòîâîé
îáðàòíîé ñâÿçè (ILF) [16]: (à) îáùàÿ ñõåìà ïîäõîäà;
(á) ïðèìåð çàïðîñà ñ òåêñòîâîé îáðàòíîé ñâÿçüþ.

Ïðåäëîæåííîå ðàñïðåäåëåíèå qt(x1), ïðèáëèæàþùåå π∗t , ôîðìàëè-
çóåòñÿ êàê

qt(x1) =
∑
x0,f

πθ(x0 | t)·pF (f |t,x0)·πRe�ne (x1|t,x0, f)·δ (eval(x1, t) = 1) ,

ãäå pF (f |t,x0) � ðàñïðåäåëåíèå îáðàòíîé ñâÿçè, à δ � äåëüòà-ôóíêöèÿ,
çàäàþùàÿ îãðàíè÷åíèå ïðîõîæäåíèÿ òåñòîâ.

Â ðàáîòå [16] ìåòîä áûë ïðîòåñòèðîâàí íà áåí÷ìàðêå MBPP, ãäå
îí îáåñïå÷èë çíà÷èòåëüíîå óëó÷øåíèå ìåòðèêè Pass@1: +10% â àáñî-
ëþòíûõ âåëè÷èíàõ è +38% â îòíîñèòåëüíûõ ïî ñðàâíåíèþ ñ áàçîâûìè
ïîäõîäàìè. Àíàëèç ïîêàçàë, ÷òî êà÷åñòâî ÷åëîâå÷åñêîé îáðàòíîé ñâÿçè
èãðàåò êëþ÷åâóþ ðîëü, òîãäà êàê àâòîìàòè÷åñêè ïîðîæä¼ííàÿ îáðàò-
íàÿ ñâÿçü èìååò ñóùåñòâåííî ìåíüøóþ ýôôåêòèâíîñòü. Òàêèì îáðà-
çîì, ILF òîæå ïðåäñòàâëÿåò ñîáîé ýôôåêòèâíûé ïîäõîä äëÿ îáó÷åíèÿ
ìîäåëåé ïîðîæäåíèÿ ïðîãðàììíîãî êîäà, îáåñïå÷èâàÿ çíà÷èòåëüíûå
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óëó÷øåíèÿ ñ èñïîëüçîâàíèåì îãðàíè÷åííîãî îáú¼ìà ñäåëàííûõ âðó÷-
íóþ àííîòàöèé.

�5. Ñëåäîâàíèå èíñòðóêöèÿì

5.1. Ïîñòàíîâêà çàäà÷è. Îáó÷åíèå ñëåäîâàíèþ èíñòðóêöèÿì
(instruction tuning) � ýòî ìåòîäèêà ìàøèííîãî îáó÷åíèÿ, èñïîëü-
çóåìàÿ äëÿ äîîáó÷åíèÿ (�ne-tuning) áîëüøèõ ÿçûêîâûõ ìîäåëåé
(large language models, LLM). Â ýòîì ïîäõîäå ìîäåëü äîîáó÷àåòñÿ
íà íàáîðå äàííûõ, ãäå çàäà÷è ïðåäñòàâëåíû â âèäå èíñòðóêöèé íà
åñòåñòâåííîì ÿçûêå. Öåëü îáó÷åíèÿ ñëåäîâàíèþ èíñòðóêöèÿì ñîñòîèò
â òîì, ÷òîáû óëó÷øèòü ñïîñîáíîñòü ìîäåëè ê îáîáùåíèþ íà øèðîêèé
ñïåêòð çàäà÷, ñäåëàâ å¼ áîëåå àäàïòèðîâàííîé ê âûïîëíåíèþ çàïðîñîâ
ïîëüçîâàòåëåé.

Ìîäåëü îáó÷àåòñÿ íà äàííûõ, ñîäåðæàùèõ ïðèìåðû çàäà÷, îïèñàí-
íûõ â âèäå èíñòðóêöèé, îáû÷íî ñ âõîäíûìè äàííûìè è îæèäàåìûì
ðåçóëüòàòîì. Íàïðèìåð:

Èíñòðóêöèÿ: Ïåðåâåäèòå òåêñò "Hello" íà ôðàíöóçñêèé ÿçûê.

Âõîä: "Hello"

Âûõîä: "Bonjour"

Îáðàùàåì âíèìàíèå íà ðàçíèöó ìåæäó ñòàíäàðòíûì îáó÷åíèåì
ñëåäîâàíèþ èíñòðóêöèÿì è îïèñàííîì â ðàçäåëå 2.1 ìåòîäå RLHF:
çäåñü ðå÷ü èä¼ò îá îáû÷íîì îáó÷åíèè ñ ó÷èòåëåì, áåç ìåòîäîâ îáó÷å-
íèÿ ñ ïîäêðåïëåíèåì.

5.2. InstructGPT è Self-Instruct. Îäíîé èç êëþ÷åâûõ ðàáîò â ýòîé
îáëàñòè ÿâëÿåòñÿ ðàáîòà èññëåäîâàòåëåé OpenAI ïðî InstructGPT [79].
Ïîñêîëüêó ýòà ðàáîòà òàêæå áûëà êëþ÷åâîé äëÿ RLHF, ìû óæå ïî-
äðîáíî ðàçáèðàëè å¼ â ðàçäåëå 2.1. InstructGPT óëó÷øàë ñïîñîáíîñòè
ÿçûêîâûõ ìîäåëåé ñëåäîâàòü èíñòðóêöèÿì ïîëüçîâàòåëåé, áûòü ïîëåç-
íîé è áåçîïàñíîé ñ ïîìîùüþ ñïåöèàëüíîé ïðîöåäóðû äîîáó÷åíèÿ, â
êîòîðîé áûëî è îáó÷åíèå ñëåäîâàíèþ èíñòðóêöèÿì, è RLHF, â òðè
ýòàïà:

(1) äîîáó÷åíèå ñ ó÷èòåëåì (SFT), ãäå ìîäåëü äîîáó÷àåòñÿ íà îñíîâå
äåìîíñòðàöèé, ïðåäîñòàâëåííûõ àííîòàòîðàìè, êîòîðûå ñîçäàþò
èäåàëüíûå îòâåòû íà ðàçíîîáðàçíûå ïðîìïòû;

(2) ìîäåëèðîâàíèå íàãðàäû, ãäå àííîòàòîðû ðàíæèðóþò îòâåòû ìî-
äåëè ïî êà÷åñòâó, çàòåì îòðàíæèðîâàííûå îòâåòû èñïîëüçóþòñÿ
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175 seed tasks with
1 instruction and

1 instance per task

Task Pool Step 1: Instruction Generation

No

Step 4: Filtering

Output-first

Input-first

Step 2: Classification
Task Identification

Step 3: Instance Generation

Instruction : Give me a quote from a 
famous person on this topic.

Task

Yes

Task

Instruction : Give me a quote from a famous person on this topic.

Input: Topic: The importance of being honest.
Output: "Honesty is the first chapter in the book of wisdom." - Thomas Jefferson

Task

Task

Instruction : Find out if the given text is in favor of or against abortion.

Class Label: Pro-abortion
Input: Text: I believe that women should have the right to choose whether or not
they want to have an abortion.

Task

LM LM

LM

! !

!

Figure 2: A high-level overview of SELF-INSTRUCT. The process starts with a small seed set of tasks as the task
pool. Random tasks are sampled from the task pool, and used to prompt an o�-the-shelf LM to generate both new
instructions and corresponding instances, followed by filtering low-quality or similar generations, and then added
back to the initial repository of tasks. The resulting data can be used for the instruction tuning of the language model
itself later to follow instructions better. Tasks shown in the figure are generated by GPT3.

true variety of tasks and di�erent ways to describe
them. Continuing to improve the quality and cov-
erage of instruction-tuned models necessitates the
development of alternative approaches for supervis-
ing the instruction tuning process.

In this work, we introduce SELF-INSTRUCT, a
semi-automated process for instruction-tuning a
pretrained LM using instructional signals from the
model itself. The overall process is an iterative boot-
strapping algorithm (see Figure 2), which starts o�
with a limited (e.g., 175 in our study) seed set of
manually-written tasks that are used to guide the
overall generation. In the first phase, the model
is prompted to generate instructions for new tasks.
This step leverages the existing collection of instruc-
tions to create more broad-coverage instructions
that define (often new) tasks. Given the newly-
generated set of instructions, the framework also
creates input-output instances for them, which can
be later used for supervising the instruction tuning.
Finally, various heuristics are used to automatically
filter low-quality or repeated instructions, before
adding the remaining valid tasks to the task pool.
This process can be repeated for many iterations
until reaching a large number of tasks.

To evaluate SELF-INSTRUCT empirically, we run
this framework on GPT3 (Brown et al., 2020),
which is a vanilla LM (§3). The iterative SELF-
INSTRUCT process on this model leads to about 52k
instructions, paired with about 82K instance inputs
and target outputs. We observe that the resulting

data provides a diverse range of creative tasks, as
is demonstrated by examples in Figure 1. These
generated tasks deviate from the distribution of typ-
ical NLP tasks, and also have fairly small overlap
with the seed tasks (§3.2). On this resulting data,
we build GPT3SELF-INST by finetuning GPT3 (i.e.,
the same model used for generating the instruction
data). We evaluate GPT3SELF-INST in comparison to
various other models on both typical NLP tasks in-
cluded in SUPERNI (Wang et al., 2022), and a set of
new instructions that are created for novel usage of
instruction-following models (§4). The results in-
dicate that GPT3SELF-INST outperforms GPT3 (the
original model) by a large margin (+33.1%) and
nearly matches the performance of InstructGPT001.
Moreover, our human evaluation on the newly-
created instruction set shows that GPT3SELF-INST

demonstrates a broad range of instruction follow-
ing ability, outperforming models trained on other
publicly available instruction datasets and leaving
only a 5% gap behind InstructGPT001.

In summary, our contributions are: (1) we
introduce SELF-INSTRUCT, a method for induc-
ing instruction following capabilities with mini-
mal human-labeled data; (2) we demonstrate its
e�ectiveness via extensive instruction-tuning ex-
periments; and (3) we release a large synthetic
dataset of 52K instructions and a set of manually-
written novel tasks for building and evaluating fu-
ture instruction-following models.

Ðèñ. 15. Ñõåìà Self-Instruct. Ïðîöåññ ñèíòåçà è îòáîðà
íîâûõ èíñòðóêöèé [116].

äëÿ îáó÷åíèÿ ìîäåëè âîçíàãðàæäåíèÿ, ïðåäñêàçûâàþùåé ïðåäïî-
÷òåíèÿ ëþäåé;

(3) îáó÷åíèå ñ ïîäêðåïëåíèåì ìåòîäîì PPO [96], êàê îïèñàíî â ðàçäå-
ëå 2.1.

Ýòàïû 2 è 3 çäåñü íåîáõîäèìû äëÿ ìàñøòàáèðîâàíèÿ êîëè÷åñòâà äàí-
íûõ äëÿ îáó÷åíèÿ, òàê êàê ñáîð äåìîíñòðàöèé îò àííîòàòîðîâ íå ìàñ-
øòàáèðóåìóé è ãîðàçäî äîðîæå, ÷åì ìîäåëèðîâàíèÿ íàãðàäû è èñïîëü-
çîâàíèå PPO ìåòîäà. Ýòîò ìåòîä ïîâûñèë êà÷åñòâî ìîäåëè; íàïðèìåð,
àííîòàòîðû ïðåäïî÷èòàëè îòâåòû 175B InstructGPT ïåðåä îòâåòàìè
175B GPT-3 (few-shot) â 71% ñëó÷àåâ.

Ïîñëå InstructGPT ìåòîäû îáó÷åíèÿ ñëåäîâàíèþ èíñòðóêöèÿì àê-
òèâíî ðàçâèâàëèñü; ñì., íàïðèìåð, îáçîð [134]. Íàñòîÿùèé îáçîð ïî-
ñâÿù¼í ìîäåëÿì, ñâÿçàííûì ñ ïðîãðàììíûì êîäîì, è â ñëåäóþùåì
ðàçäåëå ìû ê íèì ïåðåéä¼ì, íî ñíà÷àëà îòìåòèì îäèí âàæíûé îáùèé
ïîäõîä.

Ìåòîä Self-Instruct [116] ïðåäñòàâëÿåò ñîáîé ýêîíîìè÷íûé, ìàñøòà-
áèðóåìûé è ïðàêòè÷åñêè íå òðåáóþùèé àííîòàöèé ñïîñîá îáó÷åíèÿ
ñëåäîâàíèþ èíñòðóêöèé, ÷òî ÿâëÿåòñÿ âàæíûì øàãîì â ñòîðîíó ðàç-
âèòèÿ îòêðûòûõ áîëüøèõ ÿçûêîâûõ ìîäåëåé. Self-Instruct îñíîâàí íà
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ïîëóàâòîìàòè÷åñêîì èòåðàòèâíîì ïðîöåññå, êîòîðûé ñõåìàòè÷íî ïî-
êàçàí íà ðèñ. 15:

• íåáîëüøîé íàáîð âðó÷íóþ íàïèñàííûõ èíñòðóêöèé èñïîëüçó-
åòñÿ äëÿ çàïóñêà ïîðîæäåíèÿ íîâûõ çàäàíèé ñ ïîìîùüþ îáó-
÷åíèÿ íà íåáîëüøîì ÷èñëå ïðèìåðîâ (few-shot learning);

• ìîäåëü (GPT-3 â ñëó÷àå èñõîäíîé ðàáîòû [116]) ñîçäà¼ò, ôèëü-
òðóåò è èñïîëüçóåò ýòè äàííûå äëÿ äîîáó÷åíèÿ;

• àâòîðû ðàçëè÷àþò èíñòðóêöèè, òðåáóþùèå ðåøåíèÿ çàäà÷è
êëàññèôèêàöèè è òðåáóþùèå îòêðûòîãî ïîðîæäåíèÿ òåêñòà,
èç-çà ðàçëè÷èÿ â ïðîöåäóðàõ ñèíòåçà âõîäíûõ è âûõîäíûõ äàí-
íûõ:
� äëÿ çàäà÷ êëàññèôèêàöèè ñíà÷àëà ñèíòåçèðóþòñÿ âûõîä-
íûå äàííûå (îòâåò), à ïîòîì ïîäõîäÿùèé ê íèì âõîä (âî-
ïðîñ),

� à äëÿ çàäà÷ ïîðîæäåíèÿ � íàîáîðîò, ñíà÷àëà âîïðîñ, à
çàòåì îòâåò ê íåìó; ýòî ïîçâîëÿåò äîñòè÷ü áîëüøåãî ðàç-
íîîáðàçèÿ â îòâåòàõ;

• ïîëó÷åííûå äàííûå ôèëüòðóþòñÿ ýâðèñòè÷åñêèìè ñïîñîáàìè,
â ÷àñòíîñòè ïî ìåòðèêå òåêñòîâîé áëèçîñòè ROUGE-L ñ óæå
èìåþùèìñÿ íàáîðîì èíñòðóêöèé, ÷òîáû ïîëó÷åííûé äàòàñåò
ñòàë ðàçíîîáðàçíåå.

Âñåãî â [116] áûëî ïîëó÷åíî ∼52Ê ðàçíîîáðàçíûõ èíñòðóêöèé, êîòî-
ðûå ñâÿçàíû ñ ∼82Ê ïðèìåðîâ âõîäíûõ è âûõîäíûõ äàííûõ, ò.å. õîòÿ
äàòàñåò ïîëó÷èëñÿ äîñòàòî÷íî îáøèðíûì, îí íå èä¼ò íè â êàêîå ñðàâ-
íåíèå ñ îáú¼ìàìè, òðåáóþùèìèñÿ äëÿ îáó÷åíèÿ áîëüøèõ ÿçûêîâûõ
ìîäåëåé.

Òåì íå ìåíåå, äîîáó÷åíèå áàçîâîé ìîäåëè GPT-3 íà ñîáðàííûõ èí-
ñòðóêöèÿõ ïðèâåëî ê óâåëè÷åíèþ òî÷íîñòè íà 33% íà òåñòîâîì äàòà-
ñåòå Super-NaturalInstructions [118], ÷òî ïî÷òè äîñòèãàåò óðîâíÿ ìî-
äåëè InstructGPT îò OpenAI, èñïîëüçóþùåé îáøèðíûå ïîëüçîâàòåëü-
ñêèå äàííûå è äåìîíñòðàöèè, ïðîèçâåä¼ííûå àííîòàòîðàìè. Àâòîðû
ïîä÷åðêèâàþò âàæíîñòü êà÷åñòâà äàííûõ è ðàçíîîáðàçèÿ íàáîðà èí-
ñòðóêöèé äëÿ óëó÷øåíèÿ îáîáùàþùåé ñïîñîáíîñòè ìîäåëè.

Â ïîñëåäóþùèõ ðàçäåëàõ ìû óâèäèì, êàê ïîäîáíûå ìåòîäû ïðèìå-
íÿþòñÿ ê äîìåíó ïðîãðàììíîãî êîäà.
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5.3. Èíñòðóêöèè äëÿ çàäà÷ ñ êîäîì. Âî-ïåðâûõ, ïîäõîä Self-
Instruct áûë ïðèìåí¼í íàïðÿìóþ ê ïðîãðàììíîìó äîìåíó, â ÷àñòíîñòè,
ïîÿâèëñÿ íàáîð èíñòðóêöèé ñ êîäîâûìè çàäà÷àìè CodeAlpaca [14].

Ñðåäè ðàçâèâàþùèõ ìåòîä ðàáîò îòìåòèì ìîäåëü WizardCoder [68],
ïîêàçûâàþùóþ, êàê óñëîæíåíèå îáó÷àþùèõ äàííûõ ñ èíñòðóêöèÿìè
ïîçâîëÿåò îòêðûòîé ìîäåëè îáîéòè êîììåð÷åñêèå ðåøåíèÿ, â ÷àñòíî-
ñòè Claude îò Antropic è Bard îò Google7.

Â ìîäåëè WizardCoder èñïîëüçóåòñÿ ìåòîäèêà ïîä íàçâàíèåì Evol-
Instruct [124], àäàïòèðîâàííàÿ äëÿ çàäà÷ ïðîãðàììèðîâàíèÿ. Îíà ïîç-
âîëÿåò ïîðîæäàòü ïîñòåïåííî óñëîæíÿþùèåñÿ è áîëåå äåòàëèçèðî-
âàííûå èíñòðóêöèè äëÿ ðàáîòû ñ êîäîì, èñïîëüçóÿ ìîäåëè ñåìåéñòâà
ChatGPT ñ ðàçëè÷íûìè ïðîìïòàìè. Ïîêàçàíî, ÷òî ïðèðîñò ïðîèçâî-
äèòåëüíîñòè ñòàáèëèçèðóåòñÿ ïîñëå òðåõ ðàóíäîâ ýâîëþöèè äàííûõ.

Ìåòîä ýâîëþöèè èíñòðóêöèé (Code Evol-Instruct) âêëþ÷àåò â ñåáÿ
ñëåäóþùèå øàãè.

(1) Èçíà÷àëüíî èñïîëüçóåòñÿ íàáîð äàííûõ CodeAlpaca [14] ñ
20,000 ïðèìåðîâ ïðîãðàììíûõ çàäà÷.

(2) Âûáèðàåòñÿ îäíà çàäà÷à èç íàáîðà äàííûõ.
(3) Èíñòðóêöèÿ â çàäà÷å óñëîæíÿåòñÿ îäíèì èç ñëåäóþùèõ ñïîñî-

áîâ:
• äîáàâëåíèå íîâûõ òðåáîâàíèé (íàïðèìåð, îãðàíè÷åíèÿ ïî
ñëîæíîñòè);
• çàìåíà ñòàíäàðòíûõ óñëîâèé íà ðåäêèå;
• óâåëè÷åíèå ÷èñëà ëîãè÷åñêèõ øàãîâ, òðåáóþùèõñÿ äëÿ ðå-
øåíèÿ;
• äîáàâëåíèå îøèáî÷íîãî êîäà äëÿ îòâëå÷åíèÿ;
• óñòàíîâëåíèå áîëåå âûñîêèõ òðåáîâàíèé ê âû÷èñëèòåëü-
íîé ñëîæíîñòè ðåøåíèÿ (ïî âðåìåìè èëè ïàìÿòè).

(4) Íîâàÿ èíñòðóêöèÿ äîáàâëÿåòñÿ ê òåêóùåìó íàáîðó.
(5) Ìîäåëü îáó÷àåòñÿ íà ýòîì óñëîæíåííîì íàáîðå äàííûõ.
(6) Ïðîöåññ ïîâòîðÿåòñÿ íåñêîëüêî ðàç (äî óõóäøåíèÿ ðåçóëüòàòîâ

íà òåñòîâîì íàáîðå), ÷òîáû ñîçäàòü ôèíàëüíûé íàáîð äàííûõ.

Ïîêàçàòåëüíî, ÷òî óñëîæíåíèå âîïðîñîâ ïðîèçâîäèòñÿ òàêæå ÿçûêî-
âûìè ìîäåëÿìè, ïðè÷¼ì ïðè ïîìîùè î÷åíü ïðîñòûõ è ïðÿìîëèíåéíûõ

7Ðàçóìååòñÿ, òàêèå ñðàâíåíèÿ ñïðàâåäëèâû òîëüêî íà êîíêðåòíóþ äàòó ïóáëè-
êàöèè � êîììåð÷åñêèå çàêðûòûå ðåøåíèÿ ïîñòîÿííî îáíîâëÿþòñÿ, è èõ ðåçóëüòà-
òû ñî âðåìåíåì ðàñòóò, äàæå åñëè ìîäåëè íå ïîëó÷àþò íîâîå íàçâàíèå èëè íîâûé
ïîðÿäêîâûé íîìåð.
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çàïðîñîâ; ïðèâåä¼ì èõ â êà÷åñòâå ÿðêîãî ïðèìåðà. Äëÿ óñëîæíåíèÿ èí-
ñòðóêöèé èñïîëüçîâàëñÿ ñëåäóþùèé ïðîìïò:

Please increase the difficulty of the given programming test

question a bit.

You can increase the difficulty using, but not limited to,

the following methods:

{method}

{question}

Çäåñü question ïðåäñòàâëÿåò òåêóùóþ èíñòðóêöèþ, êîòîðóþ ñîáè-
ðàåìñÿ óñëîæíèòü, à method � îïèñàíèå ñïîñîáà óñëîæíåíèÿ. Íèæå
ïðåäñòàâëåíû ïðîìïòû äëÿ óñëîæíåíèÿ èíñòðóêöèé.

Add new constraints and requirements to the original problem,

adding approximately 10 additional words.

Replace a commonly used requirement in the programming task

with a less common and more specific one.

If the original problem can be solved with only a few logical

steps, please add more reasoning steps.

Provide a piece of erroneous code as a reference to increase

misdirection.

Propose higher time or space complexity requirements, but

please refrain from doing so frequently.

Â ðàáîòå OctoPack [72] áûëî ïðîäåìîíñòðèðîâàíî, ÷òî äàííûå ìîãóò
áûòü ïîëó÷åíû áåç èñïîëüçîâàíèÿ çàêðûòûõ êîììåð÷åñêèõ ìîäåëåé.
À èìåííî, íàáîð äàííûõ CommitPackFt áûë ñîçäàí èç îáùåäîñòóï-
íûõ êîììèòîâ (commits) íà GitHub. Áûëè ñîáðàíû èçìåíåíèÿ â êîäå
(ñîñòîÿíèå �äî� è �ïîñëå� êîììèòà) âìåñòå ñ ñîîáùåíèÿìè êîììèòîâ,
êîòîðûå ñëóæàò â êà÷åñòâå èíñòðóêöèé, íàïèñàííûõ ÷åëîâåêîì; ïðè-
ìåð òàêîãî èçâëå÷åíèÿ èíñòðóêöèè ïîêàçàí íà ðèñ. 16. Äëÿ ïîâûøåíèÿ
êà÷åñòâà äàííûõ â íàáîð èíñòðóêöèé âêëþ÷àëèñü òîëüêî êîììèòû ñ
îòêðûòûìè ëèöåíçèÿìè è ïîíÿòíûìè ñîîáùåíèÿìè â èìïåðàòèâíîì
ñòèëå; èñïîëüçîâàëèñü èçìåíåíèÿ, çàòðàãèâàþùèå òîëüêî îäèí ôàéë.
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OCTOPACK: INSTRUCTION TUNING CODE LARGE
LANGUAGE MODELS

Niklas Muennighoff Qian Liu Armel Zebaze Qinkai Zheng Binyuan Hui

Terry Yue Zhuo Swayam Singh Xiangru Tang Leandro von Werra Shayne Longpre
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ABSTRACT

Finetuning large language models (LLMs) on instructions leads to vast performance
improvements on natural language tasks. We apply instruction tuning using code,
leveraging the natural structure of Git commits, which pair code changes with
human instructions. We compile COMMITPACK: 4 terabytes of Git commits across
350 programming languages. We benchmark COMMITPACK against other natural
and synthetic code instructions (xP3x, Self-Instruct, OASST) on the 16B parameter
StarCoder model, and achieve state-of-the-art performance among models not
trained on OpenAI outputs, on the HumanEval Python benchmark (46.2% pass@1).
We further introduce HUMANEVALPACK, expanding the HumanEval benchmark to
a total of 3 coding tasks (Code Repair, Code Explanation, Code Synthesis) across
6 languages (Python, JavaScript, Java, Go, C++, Rust). Our models, OCTOCODER
and OCTOGEEX, achieve the best performance across HUMANEVALPACK among
all permissive models, demonstrating COMMITPACK’s benefits in generalizing to a
wider set of languages and natural coding tasks. Code, models and data are freely
available at https://github.com/bigcode-project/octopack.

import numpy as np
import matplotlib.pyplot as plt

# generate sample data
x_data = np.linspace(-5, 5, 20)
y_data = np.random.normal(0.0, 1.0, x_data.size)

plt.plot(x_data, y_data, 'o')
plt.show()

Code Before

Commit
Message

Code After

Change to sin() function with noise

import math
import numpy as np
import matplotlib.pyplot as plt

# generate sample data
x_data = np.linspace(-math.pi, math.pi, 30)
y_data = np.sin(x_data) + np.random.normal(0.0, 0.1, x_data.size)

plt.plot(x_data, y_data, 'o')
plt.show()

1) CommitPack

2) HumanEvalPack

Figure 1: OCTOPACK Overview. 1) Sample from our 4TB dataset, COMMITPACK. 2) Performance
of OCTOCODER, OCTOGEEX and other code models including non-permissive ones (WizardCoder,
GPT-4) on HUMANEVALPACK spanning 3 coding tasks and 6 programming languages.
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Ðèñ. 16. Ïðèìåð èçâëå÷åíèÿ èíñòðóêöèè èç êîììèòa [72].

Ôèíàëüíûé íàáîð äàííûõ ïîñëå ôèëüòðàöèè îõâàòûâàåò 277 ÿçûêîâ
ïðîãðàììèðîâàíèÿ.

Äîîáó÷åíèå íà ýòîì íàáîðå èíñòðóêöèé ïîçâîëèëî äîáèòüñÿ ëó÷øå-
ãî ðåçóëüòàòà äëÿ StarCoder-16B íà HumanEval Python (46.2% pass@1)
ñðåäè ìîäåëåé, íå îáó÷åííûõ íà ñèíòåòè÷åñêèõ äàííûõ îò ìîäåëåé
OpenAI. Äëÿ îáó÷åíèÿ ìîäåëè StarCoder àâòîðû èñïîëüçîâàëè íèçêî-
ðàíãîâûå àäàïòåðû LoRA, îïèñàííûå ïîäðîáíî â ðàçäåëå 2.3.

5.4. Èñïîëüçîâàíèå îáðàòíîé ñâÿçè îò ÷åëîâåêà èëè êîìïèëÿ-
òîðà. Íåñìîòðÿ íà ðàññìîòðåííûå âûøå äîñòèæåíèÿ â ñëåäîâàíèè îä-
íîøàãîâûì ïîëüçîâàòåëüñêèì èíñòðóêöèÿì, òåêóùèå ìîäåëè ïîðîæ-
äåíèÿ êîäà èìåþò îãðàíè÷åííûå ñïîñîáíîñòè îáðàáàòûâàòü îáðàòíóþ
ñâÿçü îò âíåøíåãî ìèðà â âèäå äèàëîãà. Îáðàòíàÿ ñâÿçü ìîæåò áûòü
ïðåäñòàâëåíà â äâóõ ôîðìàõ:

(1) îáðàòíàÿ ñâÿçü îò êîìïèëÿòîðà, âêëþ÷àþùàÿ ðåçóëüòàòû âûïîë-
íåíèÿ ïðîãðàììû è ñîîáùåíèÿ îá îøèáêàõ;

(2) ÷åëîâå÷åñêàÿ îáðàòíàÿ ñâÿçü, ñîñòîÿùàÿ èç ðåêîìåíäàöèé èëè èí-
ñòðóêöèé îò ïîëüçîâàòåëåé.

Îáðàòíàÿ ñâÿçü îò êîìïèëÿòîðà èãðàåò êëþ÷åâóþ ðîëü, ïîçâîëÿÿ
ìîäåëÿì èñïðàâëÿòü ñèíòàêñè÷åñêèå è ëîãè÷åñêèå îøèáêè â ïðîãðàì-
ìå, à ÷åëîâå÷åñêàÿ îáðàòíàÿ ñâÿçü ïîìîãàåò ìîäåëÿì ëó÷øå ïîíèìàòü
èíñòðóêöèè ïîëüçîâàòåëåé, ÷òî îáëåã÷àåò ñîçäàíèå ðåøåíèé, êîòîðûå
áîëåå òî÷íî ñîîòâåòñòâóþò îæèäàíèÿì ïîëüçîâàòåëåé. Ïðèìåð òàêîãî
âçàèìîäåéñòâèÿ ïîêàçàí íà ðèñ. 17.
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Abstract

The introduction of large language models has
significantly advanced code generation. How-
ever, open-source models often lack the execu-
tion capabilities and iterative refinement of ad-
vanced systems like the GPT-4 Code Interpreter.
To address this, we introduce OpenCodeIn-
terpreter, a family of open-source code sys-
tems designed for generating, executing, and
iteratively refining code. Supported by Code-
Feedback, a dataset featuring 68K multi-turn in-
teractions, OpenCodeInterpreter integrates ex-
ecution and human feedback for dynamic code
refinement. Our comprehensive evaluation of
OpenCodeInterpreter across key benchmarks
such as HumanEval, MBPP, and their enhanced
versions from EvalPlus reveals its exceptional
performance. Notably, OpenCodeInterpreter-
33B achieves an accuracy of 83.2 (76.4) on the
average (and plus versions) of HumanEval and
MBPP, closely rivaling GPT-4’s 84.2 (76.2) and
further elevates to 91.6 (84.6) with synthesized
human feedback from GPT-4. OpenCodeInter-
preter brings the gap between open-source code
generation models and proprietary systems like
GPT-4 Code Interpreter.

1 Introduction

Code generation has been a pivotal challenge
within computer science for several decades. Re-
cently, the landscape of code generation has been
revolutionized by the advent of large language
models (LLMs) pre-trained on extensive code cor-
pora (Nijkamp et al., 2022; Christopoulou et al.,
2022; Zheng et al., 2023; Li et al., 2023a; Wang
et al., 2023c; Roziere et al., 2023; Guo et al., 2024).
These models have showcased remarkable capabil-
ities in generating code that accurately aligns with

*Equal Contributions.
†Corresponding Author.

-------------------------------------------------
error Traceback (most recent call last)
Input In [1], in <cell line: 11>()
error: nothing to repeat at position 21

Execution Result: True

Sure, here is a Python function using Regular 
Expression (regex) to check if a string is a valid 
IPv6 address:
```python
def is_valid_ipv6(ip):

... ...
print(is_valid_ipv6("2404:6800:4003:c02::8a"))#True
```

I apologize for the confusion. It seems like there 
was a mistake in the regular expression pattern. 
Let's correct that. Here is the corrected function:
```python
def is_valid_ipv6(ip):

... ...
print(is_valid_ipv6("2404:6800:4003:c02::8a"))#True
```

Great! The function appears to be working as 
expected now. It correctly identifies the strings 
“2404:6800:4003:c02::8a”…
Let me know if there's anything else I can assist 
you with!

Sure, let me break down the regular expression for 
you:
- ([0-9a-fA-F]{1,4}:){7,7}[0-9a-fA-F]{1,4}: This 
pattern matches an IPv6 address that consists of …

Implement a Python function to check if a string 
is a valid IPv6 address with regular expressions.

Can you explain the generated regular expression
in detail and make this function more maintainable?

76.2
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Figure 1: Overview of the OpenCodeInterpreter and its
pass@1 accuracy on the HumanEval. With appropriate
feedback, OpenCodeInterpreter-33B achieves perfor-
mance comparable to that of the GPT-4 Code Interpreter.

user intents, thus providing substantial support for
software development (GitHub, 2023).

To unleash the capabilities of pre-trained code
models, instruction-tuning methods have been de-
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Ðèñ. 17. Ïðèìåð èñïîëüçîâàíèÿ îáðàòíîé ñâÿçè îò
êîìïèëÿòîðà è ïîëüçîâàòåëÿ [141].
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Â ÷àñòíîñòè, àâòîðû ðàáîòû OpenCodeInterpreter [141] ïðåäëîæèëè
ðåøåíèå ýòîé ïðîáëåìû ñ ïîìîùüþ ïîäãîòîâêè íàáîðà äàííûõ ñ îá-
ðàòíîé ñâÿçüþ îò êîìïèëÿòîðà è ðåàëüíûõ ëþäåé. Ïîëó÷åíèå äàííûõ
âûãëÿäèò ñëåäóþùèì îáðàçîì:

(1) ñáîð îäíîøàãîâûõ èíñòðóêöèé, ãäå èñïîëüçîâàëèñü:
• çàïðîñû èç îòêðûòûõ íàáîðîâ äàííûõ (Magicoder8,
ShareGPT9, Evol-Instruct-Code (îáñóæäàëè â ðàçäåëå 5.3),
LeetCode Problems10, LeetCode Follow Up Questions);
• ôèëüòðàöèÿ äëÿ âûáîðà ñëîæíûõ çàïðîñîâ ñ ïîìîùüþ ìî-
äåëè Qwen-72B-Chat (èñïîëüçîâàëèñü çàïðîñû, ïîëó÷èâ-
øèå îöåíêè 4�5 ïî øêàëå ñëîæíîñòè);

(2) ïðåîáðàçîâàíèå èíñòðóêöèé â äèàëîã îäíèì èç ñëåäóþùèõ ñïî-

ñîáîâ:
• óïàêîâêà îäèíî÷íûõ çàïðîñîâ � îáúåäèíåíèå ñõîæèõ çà-
ïðîñîâ â äèàëîãè, ãäå ïîõîæåñòü îïðåäåëÿëàñü ñ ïîìîùüþ
âëîæåíèé ìîäåëè BERT-base;
• ñèìóëÿöèÿ âçàèìîäåéñòâèé ñ êîìïèëÿòîðîì èëè ÷åëîâå-
êîì � ýòîò ïîäõîä ðàáîòàåò èòåðàòèâíî:

� ñíà÷àëà îòâåò ïîðîæäàåòñÿ áîëåå ñëàáîé ìîäåëüþ
GPT-3.5,

� ñèíòåçèðîâàííûé ïðîãðàììíûé êîä çàïóñêàåòñÿ,
� â ñëó÷àå îøèáêè äèàãíîñòè÷åñêàÿ èíôîðìàöèÿ îò
êîìïèëÿòîðà ñ íà÷àëîì äèàëîãà ïåðåäà¼òñÿ â áîëåå
ñèëüíóþ ìîäåëü GPT-4 äëÿ èñïðàâëåíèÿ

� ïðîöåññ ïîâòîðÿåòñÿ äî òåõ ïîð, ïîêà ïðîãðàììà
íå âûïîëíèòñÿ óñïåøíî; àíàëîãè÷íàÿ ïðîöåäóðà âû-
ïîëíÿëàñü è ñ ÷åëîâå÷åñêèìè çàïðîñàìè äëÿ èñïðàâ-
ëåíèÿ âîçìîæíûõ ïðîáëåì â êîäå

Óïîìÿíóòûå âûøå íàáîðû ñèíòåòè÷åñêèõ èíñòðóêöèé Magicoder è
ShareGPT áûëè ïîëó÷åíû ïîõîæèì ñïîñîáîì, êàê ìû îáñóæäàëè â
ðàçäåëå 5.3. Äëÿ ïðåîáðàçîâàíèÿ â äèàëîã áûëî âûáðàíî 10 êàòåãî-
ðèé çàïðîñîâ: ôîðìàòèðîâàíèå, èñïðàâëåíèå îøèáîê èëè óÿçâèìîñòåé,
ïðîáëåìû ñîâìåñòèìîñòè è ò.ä. Êðîìå òîãî, áûëè ñîçäàíû ñèíòåòè÷å-
ñêèå èíñòðóêöèè äëÿ èñïðàâëåíèÿ êîäà: ñ ïîìîùüþ GPT-4 íàìåðåííî

8https://huggingface.co/datasets/ise-uiuc/Magicoder-OSS-Instruct-75K
9https://huggingface.co/datasets/ajibawa-2023/Python-Code-23k-ShareGPT
10https://leetcode.com/problemset/
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Abstract

The introduction of large language models has
significantly advanced code generation. How-
ever, open-source models often lack the execu-
tion capabilities and iterative refinement of ad-
vanced systems like the GPT-4 Code Interpreter.
To address this, we introduce OpenCodeIn-
terpreter, a family of open-source code sys-
tems designed for generating, executing, and
iteratively refining code. Supported by Code-
Feedback, a dataset featuring 68K multi-turn in-
teractions, OpenCodeInterpreter integrates ex-
ecution and human feedback for dynamic code
refinement. Our comprehensive evaluation of
OpenCodeInterpreter across key benchmarks
such as HumanEval, MBPP, and their enhanced
versions from EvalPlus reveals its exceptional
performance. Notably, OpenCodeInterpreter-
33B achieves an accuracy of 83.2 (76.4) on the
average (and plus versions) of HumanEval and
MBPP, closely rivaling GPT-4’s 84.2 (76.2) and
further elevates to 91.6 (84.6) with synthesized
human feedback from GPT-4. OpenCodeInter-
preter brings the gap between open-source code
generation models and proprietary systems like
GPT-4 Code Interpreter.

1 Introduction

Code generation has been a pivotal challenge
within computer science for several decades. Re-
cently, the landscape of code generation has been
revolutionized by the advent of large language
models (LLMs) pre-trained on extensive code cor-
pora (Nijkamp et al., 2022; Christopoulou et al.,
2022; Zheng et al., 2023; Li et al., 2023a; Wang
et al., 2023c; Roziere et al., 2023; Guo et al., 2024).
These models have showcased remarkable capabil-
ities in generating code that accurately aligns with

*Equal Contributions.
†Corresponding Author.

-------------------------------------------------
error Traceback (most recent call last)
Input In [1], in <cell line: 11>()
error: nothing to repeat at position 21

Execution Result: True

Sure, here is a Python function using Regular 
Expression (regex) to check if a string is a valid 
IPv6 address:
```python
def is_valid_ipv6(ip):

... ...
print(is_valid_ipv6("2404:6800:4003:c02::8a"))#True
```

I apologize for the confusion. It seems like there 
was a mistake in the regular expression pattern. 
Let's correct that. Here is the corrected function:
```python
def is_valid_ipv6(ip):

... ...
print(is_valid_ipv6("2404:6800:4003:c02::8a"))#True
```

Great! The function appears to be working as 
expected now. It correctly identifies the strings 
“2404:6800:4003:c02::8a”…
Let me know if there's anything else I can assist 
you with!

Sure, let me break down the regular expression for 
you:
- ([0-9a-fA-F]{1,4}:){7,7}[0-9a-fA-F]{1,4}: This 
pattern matches an IPv6 address that consists of …

Implement a Python function to check if a string 
is a valid IPv6 address with regular expressions.

Can you explain the generated regular expression
in detail and make this function more maintainable?
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Figure 1: Overview of the OpenCodeInterpreter and its
pass@1 accuracy on the HumanEval. With appropriate
feedback, OpenCodeInterpreter-33B achieves perfor-
mance comparable to that of the GPT-4 Code Interpreter.

user intents, thus providing substantial support for
software development (GitHub, 2023).

To unleash the capabilities of pre-trained code
models, instruction-tuning methods have been de-
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Ðèñ. 18. Ðåçóëüòàòû OpenCodeInterpreter íà HumanEval [141].

äîáàâëÿëèñü îøèáêè â îòâåòû, çàòåì ïðîãðàììà èñïîëíÿëàñü, è ðå-
çóëüòàò âûïîëíåíèÿ ñíîâà ïåðåäàâàëñÿ â ìîäåëü äëÿ ïîñëåäóþùåãî
èñïðàâëåíèÿ îøèáîê. Èñïîëüçîâàëèñü òàêæå çàäà÷è è ïîñòû ñ ôîðóìà
LeetCode, ãäå ìîæíî íàéòè çàäà÷è ñ ðàçíîé ñëîæíîñòüþ è ðåøåíèÿìè,
à òàêæå îáñóæäåíèå çàäà÷ íà ôîðóìå.

Ýòà ðàáîòà âàæíà òåì, ÷òî óñòðàíÿåò ðàíåå âûÿâëåííûé ðàçðûâ
ìåæäó ìîäåëÿìè ñ îòêðûòûì èñõîäíûì êîäîì è ëó÷øèìè êîììåð÷å-
ñêèìè ìîäåëÿìè, â ÷àñòíîñòè GPT-4 ñ ôóíêöèåé Code Interpreter11.
Ðåçóëüòàòû OpenCodeInterpreter íà HumanEval ïîêàçàíû íà ðèñ. 18.

�6. Ïðîìïòèíã

6.1. Ïîñòàíîâêà çàäà÷è. Ïðîìïòèíã (prompting) � ýòî ìåòîä â ìà-
øèííîì îáó÷åíèè, ïðèìåíÿåìûé ê áîëüøèì ÿçûêîâûì ìîäåëÿì, êîòî-
ðûé ïîçâîëÿåò óïðàâëÿòü ïîâåäåíèåì ìîäåëè äëÿ ïîðîæäåíèÿ íóæíûõ
îòâåòîâ. Âìåñòî òîãî ÷òîáû ïîâòîðíî îáó÷àòü ìîäåëü äëÿ âûïîëíåíèÿ
êîíêðåòíûõ çàäà÷, ïðîìïòèíã ìîäèôèöèðóåò òåêñòîâûé ââîä (òîò ñà-
ìûé ïðîìïò) òàê, ÷òîáû âûäàòü èíñòðóêöèè, ïðèìåðû èëè êîíòåêñò â
ôîðìå, ïîçâîëÿþùåé ïîëó÷èòü æåëàåìûé îòâåò. Ýòîò ïîäõîä èñïîëü-
çóåò óæå ñóùåñòâóþùèå çíàíèÿ ìîäåëè äëÿ âûïîëíåíèÿ çàäà÷ áåç äî-
ïîëíèòåëüíîãî äîîáó÷åíèÿ.

Â ýòîì ðàçäåëå ìû ïðèâåä¼ì íåñêîëüêî ïðèìåðîâ ðàçëè÷íûõ ìåòî-
äîâ ñáîðà êîíòåêñòà äëÿ çàäà÷ ðàáîòû ñ ïðîãðàììíûì êîäîì.

11https://platform.openai.com/docs/assistants/tools/code-interpreter
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Repository-Level Prompt Generation for Large Language Models of Code

Figure 1. Repo-Level Prompt Generator: Given a list of prompt proposals and the target hole position along with the associated
repository as input, the prompt proposal classifier predicts a prompt proposal. The context from the predicted prompt proposal p = 14,
i.e., method names and bodies from the imported file (highlighted in violet) is then combined with the default Codex context or context
prior to the position of the hole in the current file (highlighted in gray) to compose a prompt. Prompting Codex with the generated prompt
produces a prediction for the target hole (highlighted in dark red).

to take all the identifiers used in the first import file. These
prompt proposals allow the prompt engineers to induce their
domain expertise in the prompt-designing process. With
the increasing use of LLMs as assistive agents to humans,
the demand for transparency, and the desire of software en-
gineers to tailor prompts to suit their requirements (Jiang
et al., 2022; Sun et al., 2022), this capability becomes im-
portant. Similar to some previous works in NLP (Shin
et al., 2020; Schick & Schütze, 2021), our prompt propos-
als are discrete. However, rather than fixing one particular
prompt proposal for each example, we instead predict the
best prompt proposal conditioned on the example. We do
this by coming up with a neural network called Prompt
Proposal Classifier (PPC) that learns to select a prompt pro-
posal such that the resulting prompt is likely to produce the
desired output. Therefore, RLPG allows the introduction of
domain expertise, and at the same time facilitates automatic
example-specific prompt generation via a learned neural
network. Note that there are some techniques for automatic
prompt generation in NLP (Li & Liang, 2021; Shin et al.,
2020; Lester et al., 2021) that require updating some or all
of the weights of the LLM. However, the strongest LLMs
are not publicly available (e.g. OpenAI provides access only
to the generated output from Codex via an API https:

//openai.com/blog/openai-codex/ and no ac-
cess to model weights and data is provided), making these
techniques less useful under this scenario. RLPG addresses
this limitation by generating prompts assuming only black-
box access to the LLM. Even for cases where we have access
to the model weights, RLPG provides a way to adapt to the
repository-level context without having the need to fine-
tune the model repeatedly. This can be particularly useful
when adapting to a repository that contains proprietary or
niche software, that the model has limited chances of seeing
during training.

We focus on the task of single-line code autocompletion
in an IDE, where the objective is to predict the blanked-
out portion (or target hole) starting from the position of
an imagined cursor to the end of the line (highlighted in
blue in Figure 1). We operate under the line-level main-
tenance setting (Shrivastava et al., 2020; Hellendoorn &
Devanbu, 2017) that reflects the scenario where a user is
editing an existing file. This means that there can be code
following the line. Figure 1 provides an illustration of our
approach. The prompt proposal classifier takes in the hole
position (position of the cursor) in the current file, the repos-
itory to which the current file belongs, and a set of repo-
level prompt proposals as input, and predicts a prompt pro-

2

Ðèñ. 19. Äëÿ çàäàííîãî ñïèñêà êàòåãîðèé êîíòåêñòà
(prompt proposals), ðåïîçèòîðèÿ è ïîçèöèè àâòîäîïîë-
íåíèÿ (hole position) êëàññèôèêàòîð ïðåäñêàçûâàåò ðå-
ëåâàíòíûå ó÷àñòêè êîíòåêñòà. Ôèîëåòîâûì öâåòîì âû-
äåëåí ðåëåâàíòíûé êîíòåêñò (p = 14), ñèãíàòóðà ìåòî-
äà ñ òåëîì èç èìïîðòèðóåìîãî ôàéëà [101].

6.2. Àâòîìàòè÷åñêîå ïîðîæäåíèå ïðîìïòîâ. Íà÷í¼ì ñ èíòåðåñ-
íîãî ïîäõîäà ïîðîæäåíèÿ ïðîìïòîâ íà óðîâíå ðåïîçèòîðèÿ (Repo-
Level Prompt Generator, RLPG) [101], êîòîðûé ïîìîãàåò ïîâûñèòü êà-
÷åñòâî çàêðûòîé ìîäåëè Codex îò OpenAI íà çàäà÷å àâòîäîïîëíåíèÿ
ñòðîêè êîäà áåç ïåðåîáó÷åíèÿ ñàìîé ìîäåëè. Ìåòîä ñíà÷àëà ïîðîæäàåò
âîçìîæíûå ó÷àñòêè êîíòåêñòà, èñïîëüçóÿ ñòðóêòóðó êîäà è ðåïîçèòî-
ðèÿ. Äàëåå èñïîëüçóåòñÿ êëàññèôèêàòîð äëÿ îòñåèâàíèÿ òîëüêî ðåëå-
âàíòíîãî êîíòåêñòà äëÿ çàäàííîé ïîçèöèè àâòîäîïîëíåíèÿ (�äûðêè�,
hole).

Àâòîð âûäåëèëè 10 êàòåãîðèé èñòî÷íèêîâ êîíòåêñòà, â òîì ÷èñëå
èìïîðòèðóåìûé ôàéë, òåêóùèé ôàéë, îáúåìëþùèé êëàññ, ñîñåäíèå
ôàéëû è ò.ä. Èç êàæäîãî èñòî÷íèêà âûäåëÿþò 7 òèïîâ êîíòåêñòà: äå-
êëàðàöèÿ ïîëÿ êëàññà, ñèãíàòóðà ìåòîäà, ñèãíàòóðà ìåòîäà ñ òåëîì,
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ñòðîêîâûå êîíñòàíòû è äðóãèå. Êîìáèíàöèÿ èñòî÷íèêîâ è òèïîâ êîí-
òåêñòà äàåò â ðåçóëüòàòå 63 ïðåäîïðåäåë¼ííûõ âèäà ó÷àñòêîâ êîíòåê-
ñòà, êîòîðûå RLPG ìîæåò äîáàâëÿòü â ïðîìïò ìîäåëè. Ïðîöåññ ñèí-
òåçà êîíòåêñòà ïðîèëëþñòðèðîâàí íà ðèñ. 19.

Äëÿ îáó÷åíèÿ êëàññèôèêàòîðà áûëè ñîáðàíû òðåíèðîâî÷íûå äàí-
íûå èç 19 ðåïîçèòîðèåâ ñ îòêðûòûìè ëèöåíçèÿìè èç Google Code
Archive, êîòîðûå ïðåäïîëîæèòåëüíî íå ïîïàëè â òðåíèðîâî÷íûé íà-
áîð äàííûõ äëÿ ìîäåëè Codex (äëÿ êîòîðîé èñïîëüçîâàëèñü òîëüêî
ïðîåêòû ñ GitHub). Èç êàæäîãî ôàéëà óäàëÿëèñü ïóñòûå ñòðîêè è
êîììåíòàðèè, à �äûðêè� äëÿ àâòîäîïîëíåíèÿ ñîçäàâàëèñü â ñåðåäèíå
îñòàâøèõñÿ ñòðîê (èõ âñåãî 92721). Äëÿ êàæäîãî ðåïîçèòîðèÿ êîëè-
÷åñòâî �äûðîê� îãðàíè÷èâàëîñü âåëè÷èíîé â 10,000, ÷òîáû èçáåæàòü
äèñáàëàíñà. Ïîäñêàçêè ïîðîæäàëèñü íà îñíîâå ðàçëè÷íûõ èñòî÷íè-
êîâ è òèïîâ êîíòåêñòà, êîòîðûå çàòåì îöåíèâàëèñü ñ èñïîëüçîâàíèåì
Codex äëÿ îïðåäåëåíèÿ óñïåøíîñòè: åñëè àâòîäîïîëíåíèå ñîâïàëî ñ
èçíà÷àëüíîé ñòðîêîé, òî ïðèìåð ïîëó÷àë ìåòêó 1, èíà÷å � 0. Âñåãî
áûëî ñäåëàíî îêîëî 150Ê çàïðîñîâ ê Codex äëÿ ñáîðà òðåíèðîâî÷íûõ
äàííûõ.

Èñïîëüçîâàëàñü ñëåäóþùàÿ öåëåâàÿ ôóíêöèÿ:

L =
1

N

N∑
h=1

Lh =
1

N

N∑
h=1

1

Mh

Mh∑
p=1

BCE(ŷhp , y
h
p ) · Thp

ãäå Mh =
∑M
p Thp îáîçíà÷àåò îáùåå ÷èñëî âèäîâ êîíòåêñòà, ïðèìå-

íèìûõ ê äàííîé �äûðêå�, N � îáùåå ÷èñëî äûðîê â íàáîðå äàííûõ,
BCE � áèíàðíàÿ êðîññ-ýíòðîïèÿ.

Ýêñïåðèìåíòû ïðîâîäèëèñü ñ äâóìÿ âàðèàíòàìè ìîäåëè:

(1) ïîëíîñâÿçíàÿ íåéðîííàÿ ñåòü ñ äâóìÿ ñëîÿìè äëÿ ïðîåêöèè
âåêòîðà êîíòåêñòà â âåðîÿòíîñòè äëÿ êàæäîãî âèäà êîíòåêñòà:

ŷhp = P (yhp = 1|Hh) = σ(W 2(ReLU(W 1(Fφ(Hh)) + b1)) + b2),

ãäåHh � îêíî âîêðóã �äûðêè� (àâòîðû áðàëè äâå ñòðîêè ñâåðõó
è ñíèçó), Fφ � BERT-base ìîäåëü, èñïîëüçóåìàÿ äëÿ ïîëó÷åíèÿ
âåêòîðà êîíòåêñòà �äûðêè�; ñàìà ìîäåëü ïðè ýòîì íå îáó÷àëàñü;

(2) ìåõàíèçì ìíîãîãëàâîãî âíèìàíèÿ (multi-head attention) [112]
äëÿ âû÷èñëåíèÿ ñõîæåñòè ìåæäó êîíòåêñòîì �äûðêè� è ó÷àñò-
êîì êîíòåêñòà, èçâëå÷¼ííûì îäíèì èç 63 ñïîñîáîâ, óêàçàííûõ
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def func(s):
  cnt = 0
  if s != '':
    for c in s: cnt += 2
  return cnt

Generated ProgramStep 1 
(Profiling § 2.2)
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analysis to 
build CFG
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if s!='':

A
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B
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C

 return 
cnt

D

Control Flow Graph
Ⓐ~Ⓓ are control blocks 
of the program
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Before C, cnt=0;c='L'
After C, cnt=2;c='L'

Before B, cnt=0
After B, cnt=0;c='L'

…

…

…

6

Variable Values 
Before/After Each Block 

A

B

C

D
…

This block should 
add 1 to cnt 
instead of 2 when 
encountering a 
new character in sStep 2 

(Profiling § 2.2)
Input visible test 
cases & acquire 
execution trace

Visible
Test Cases

input: "LLM"
→ output: 3

Step 3 
(Debugging § 2.3)

Query LLMs to
verify each block
based on the task

Task
Description

Count the 
number of…

add 1 to cnt 
instead of 2

This block is 
correct because…

Debugger Response 

Verdicts and 
Explanation

Count the number 
of characters in a 
string.

Task Description Step 4 
(Regeneration § 2.4)

Refine the program based
on the task description 
and debugger response 

Step 0
Generate seed 

programs  w/ a LLM

Figure 2: Illustration of the debugging workflow of LDB. A code generator is prompted to generate the seed
programs (Step 0). Profiling (§ 2.2): LDB decomposes the seed program into basic blocks based on the control
flow graph (Step 1), and feeds in a failed visible test case to acquire the execution trace (Step 2). Debugging (§ 2.3):
LDB further inspects the runtime states of variables after each basic block during the runtime execution. Gathering
the runtime execution information, LDB queries a LLM for verdicts on the correctness of the blocks in the relation
to the task description (Step 3). Regeneration (§ 2.4): Finally, the LLM regenerates a refined program with the
debugging feedbacks by LDB (Step 4).

LLMs themselves (Tang et al., 2023; Chen et al.,
2023c). This refinement process is akin to debug-
ging in programming practices by human develop-
ers. Chen et al. (2023c); Jiang et al. (2023) intro-
duce unit test results and error messages to LLMs.
These approaches allow LLMs to reflect on po-
tential mistakes and generate corrected programs.
Nevertheless, considering the debugging process
by human developers, it is sub-optimal to solely de-
pend on these post-execution information to debug
the program, especially in cases involving complex
data structures and control flows. In fact, when hu-
man developers encounter a buggy program, they
do more than just collect the program’s outputs.
They delve into the runtime execution to observe
the execution traces1 and examine the intermediate
variables by setting breakpoints. When the interme-
diate execution states deviate from their intention,
developers pinpoint the bugs and make the correc-
tions. This is a common workflow for well-known
interactive debuggers such as GDB (Stallman et al.,
1988) and PDB (Foundation, 2001).

To this end, we propose LDB, a large language
model debugger that refines programs generated
by LLMs using runtime execution information, em-
ulating the debugging practices of human devel-
opers. As shown in Figure 1, feeding in a visible
test case, LDB segments the execution trace into

1Refer to Appendix B for detailed introduction of execu-
tion trace, control flow graph, and basic block.

basic blocks1 based on the control flow graph1.
LDB tracks the intermediate variables at the end of
each basic block, similar to the breakpoints set by
developers. After gathering runtime execution in-
formation, LDB queries LLMs for verdicts on each
code block’s correctness and explanations of the
execution flow in relation to the coding task. This
approach allows language models to concentrate
on simpler code units, verify intermediate states
against the task description, and pinpoint potential
bugs. Consequently, it effectively debugs the pro-
gram and improves the quality of code generation.

We validate LDB on three code generation
benchmarks, including HumanEval (Chen et al.,
2021) and MBPP (Austin et al., 2021) for text-
to-code generation, and TransCoder (Roziere
et al., 2020) for code translation. We conduct
experiments using the proprietary model, GPT-
3.5 (Achiam et al., 2023), and the open-sourced
models, StarCoder (Li et al., 2023) and CodeL-
lama (Roziere et al., 2023). Experiments demon-
strate that LDB consistently improves code genera-
tion accuracy across various LLM backbones and
achieves state-of-the-art performance in debugging
programs. Worth mentioning, even with the pro-
grams generated by more powerful code generators,
such as GPT-4 (Achiam et al., 2023) and Reflex-
ion (Shinn et al., 2023), LDB can still detect errors
overlooked by previous advanced methods, thereby
enhancing the capabilities of code generation even

Ðèñ. 20. Èëëþñòðàöèÿ ïðîöåññà îòëàäêè äëÿ LLM [142].

âûøå; ïîëó÷åííûå îöåíêè ñõîæåñòè ïåðåäàþòñÿ â ïîëíîñâÿç-
íóþ ñåòü äëÿ ïðåäñêàçàíèÿ âåðîÿòíîñòåé:

Qh = Fφ(Hh), Kh
p = Fφ(Chp ), V hp = Fφ(Chp );

ŷhp = P (yhp = 1|Hh, Chp ) = σ
(
WpG(MHA(Qh,Kh, V hp )) + bp

)
,

ãäå ñíîâà èñïîëüçîâàëàñü ìîäåëü BERT-base äëÿ êîäèðîâàíèÿ
êîíòåêñòà �äûðêè� Hh è ó÷àñòêîâ êîíòåêñòà Chp , à MHA îçíà-
÷àåò ìíîãîãëàâîå âíèìàíèå, âûõîäû êîòîðîãî ïåðåäàþòñÿ â ìî-
äóëü G, ñîñòîÿùèé èç äâóõ ïîëíîñâÿçíûõ ñëîåâ ñ ReLU àêòè-
âàöèåé.

Âòîðîé âàðèàíò ïîêàçàë ñåáÿ ëó÷øå íà òåñòîâûõ äàííûõ. Â èòîãå
RLPG óëó÷øèë êà÷åñòâî íà 17% ïî ñðàâíåíèþ ñ Codex.

6.3. Îáðàòíàÿ ñâÿçü îò èíñòðóìåíòîâ. Åùå îäíèì ñïîñîáîì óëó÷-
øåíèÿ êà÷åñòâà ìîäåëè, êîòîðûé íå òðåáóåò äîîáó÷åíèÿ, ÿâëÿåòñÿ èñ-
ïîëüçîâàíèå â êà÷åñòâå îáðàòíîé ñâÿçè èíôîðìàöèè î êîìïèëÿöèè èëè
èñïîëíåíèè ïðîãðàììû. Êàê ìû óæå îáñóæäàëè â ðàçäåëå 5.4, òàêàÿ
èíôîðìàöèÿ ïîìîãàåò LLM ðåøàòü ñëîæíûå çàäà÷è íà ïîðîæäåíèå
êîäà çà íåñêîëüêî øàãîâ âçàèìîäåéñòâèÿ ñ èíñòðóìåíòîì.

Â ýòîì ðàçäåëå ìû ðàññìîòðèì îäèí èç ïðîäâèíóòûõ ñïîñîáîâ
ñáîðà ýòîé èíôîðìàöèè, à èìåííî Large Language Model Debugger
(LDB) [142]. Ýòî íîâûé ïîäõîä äëÿ îòëàäêè ïðîãðàìì, ñèíòåçèðîâàí-
íûõ áîëüøèìè ÿçûêîâûìè ìîäåëÿìè, ÷åì-òî íàïîìèíàþùèé ïðîöåññ
îòëàäêè ïðîãðàìì ÷åëîâåêîì.
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Îñíîâíûå ýòàïû ïðîöåññà îòëàäêè âûãëÿäÿò ñëåäóþùèì îáðàçîì.

(1) LDB çàïóñêàåò èíñòðóìåíòèðîâàííóþ ïðîãðàììó íà ïóáëè÷-
íûõ òåñòàõ äëÿ ñáîðà èíôîðìàöèè î å¼ ïîâåäåíèè. Íà ýòàïå
èíñòðóìåíòèðîâàíèÿ ãåíåðèðóåòñÿ òðàññà èñïîëíåíèÿ, â êîòî-
ðîé óçëû ïðåäñòàâëÿþò ñîáîé áàçîâûå áëîêè (basic blocks) �
ïîñëåäîâàòåëüíîñòè èíñòðóêöèé ñ îäíîé òî÷êîé âõîäà è âûõî-
äà. Äëÿ êàæäîãî áàçîâîãî áëîêà ôèêñèðóþòñÿ ïðîìåæóòî÷íûå
çíà÷åíèÿ ïåðåìåííûõ (çíà÷åíèÿ äî è ïîñëå âûïîëíåíèÿ áëîêà).

(2) Àíàëèçèðóþòñÿ çíà÷åíèÿ ïåðåìåííûõ äëÿ êàæäîãî áàçîâîãî
áëîêà ñ ïîìîùüþ LLM. Äëÿ êàæäîãî áëîêà ìîäåëü îöåíèâàåò
åãî êîððåêòíîñòü îòíîñèòåëüíî îïèñàíèÿ çàäà÷è è âûäàåò âåð-
äèêò (True èëè False), à òàêæå ïèøåò ïîÿñíåíèå äëÿ îøèáî÷-
íûõ áëîêîâ. Ýòîò ïðîöåññ ïîçâîëÿåò ñîñðåäîòî÷èòü âíèìàíèå
ìîäåëè íà íåáîëüøèõ, èçîëèðîâàííûõ ôðàãìåíòàõ êîäà, ÷òî
óïðîùàåò äèàãíîñòèêó îøèáîê è èõ óñòðàíåíèå.

(3) Èñïðàâëåíèå îøèáîê, îñíîâûâàþùååñÿ íà îòëàäî÷íûõ äàííûõ.
Ìîäåëü ïîâòîðíî ïîðîæäàåò êîä, ó÷èòûâàÿ âûÿâëåííûå îøèá-
êè. Ýòîò ïðîöåññ ïîâòîðÿåòñÿ äî òåõ ïîð, ïîêà ïðîãðàììà íå
ïðîéäåò âñå ïóáëè÷íûå òåñòû èëè íå áóäåò äîñòèãíóòî ìàêñè-
ìàëüíîå êîëè÷åñòâî èòåðàöèé îòëàäêè.

(4) Âàëèäàöèÿ. Èòîãîâàÿ âåðñèÿ ïðîãðàììû òåñòèðóåòñÿ íà çàêðû-
òûõ òåñòàõ äëÿ îöåíêè å¼ êîððåêòíîñòè.

Îïèñàííûé âûøå ïðîöåññ îòëàäêè ïðîãðàìì äëÿ LLM ïîêàçàí íà
ðèñ. 20. Ñóùåñòâåííûì íåäîñòàòêîì ýòîãî ìåòîäà ÿâëÿåòñÿ òî, ÷òî îí
òðåáóåò íàëè÷èå òåñòîâ, êîòîðûå ïîçâîëÿþò âûÿâèòü íåñîâïàäåíèå ñ
îæèäàíèåì ïîëüçîâàòåëÿ. Òåì íå ìåíåå, äàííûé ïîäõîä ïîçâîëèë ïî-
âûñèòü ìåòðèêó êà÷åñòâà îòêðûòîé ìîäåëè äî 9.8% íà áåí÷ìàðêàõ
HumanEval, MBPP è TransCoder.

6.4. Ïîèñê. RAG (Retrieval Augmented Generation) � ýòî ìåòîä ñáî-
ðà êîíòåêñòà äëÿ ïðîìïòà, êîãäà ðåëåâàíòíàÿ èíôîðìàöèÿ èçâëå-
êàåòñÿ èç âíåøíèõ èñòî÷íèêîâ (íàïðèìåð, áàçà èñõîäíîãî êîäà, äî-
êóìåíòàöèÿ ê áèáëèîòåêå, âåá-ïîèñê è ò.ä.) è äîáàâëÿåòñÿ ê èí-
ñòðóêöèè ïîëüçîâàòåëÿ äëÿ óëó÷øåíèÿ îòâåòà ïîðîæäàþùåé ìîäåëè.
Ýòîò ìåòîä ïîçâîëÿåò ìîäåëè èñïîëüçîâàòü íîâûå çíàíèÿ áåç îáó÷å-
íèÿ; ñóùåñòâóåò ìíîæåñòâî ðàçëè÷íûõ ìåòîäîâ è âàðèàöèé ïîäõîäà
RAG [6,29,33,45,56,136,137].
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Ðèñ. 21. Èëëþñòðàöèÿ ìåòîäà DocPrompting [143].

Â êà÷åñòâå ïðèìåðà ïðèìåíåíèÿ RAG ê ïîðîæäåíèþ ïðîãðàììíîãî
êîäà ðàññìîòðèì ðàáîòó DocPrompting [143], êîòîðàÿ äîáàâëÿåò ðåëå-
âàíòíóþ äîêóìåíòàöèþ â ïðîìïò ìîäåëè, òåì ñàìûì óëó÷øàÿ êà÷å-
ñòâî íà çàäà÷å ñèíòåçà ïðîãðàìì íà Python è Bash. Íà ðèñ. 21 ïîêàçàí
ïðèìåð èñïîëüçîâàíèÿ äëÿ ÿçûêà Python: äëÿ çàäàííîãî çàïðîñà íà
åñòåñòâåííîì ÿçûêå n ñíà÷àëà èçâëåêàåòñÿ íàáîð ðåëåâàíòíûõ äîêó-
ìåíòàöèé {d1, d2, d3} èç êîðïóñà äîêóìåíòàöèè D. Çàòåì LLM ñîçäà¼ò
êîä c íà îñíîâå çàïðîñà n è èçâëå÷¼ííûõ äîêóìåíòîâ. DocPrompting
ïîçâîëÿåò ìîäåëè îáîáùàòüñÿ íà ðàíåå íå âñòðå÷àâøèåñÿ ñëó÷àè èñ-
ïîëüçîâàíèÿ, ÷èòàÿ èçâëå÷¼ííóþ äîêóìåíòàöèþ. Íà ðèñ. 21 ñèíèì
êóðñèâîì âûäåëåíû îáùèå òîêåíû ìåæäó çàïðîñîì è äîêóìåíòàöè-
åé; æèðíûì øðèôòîì ïîêàçàíû îáùèå òîêåíû ìåæäó äîêóìåíòàöèåé
è ïîëó÷åííûì ôðàãìåíòîì êîäà.

Äëÿ ïîèñêà ðåëåâàíòíîé äîêóìåíòàöèè ìîæíî èñïîëüçîâàòü ëèáî
êëàññè÷åñêóþ ôóíêöèþ BM25 [91], ëèáî ïîèñê ïî âåêòîðàì, ïîëó÷åí-
íûì èç àâòîêîäèðîâùèêà RoBERTa [65]. Àâòîêîäèðîâùèê áûë äîîáó-
÷åí ñ ïîìîùüþ êîíòðàñòèâíîé ôóíêöèè ïîòåðü:

Lr = − log
exp

(
sim(hn, hd+i

)
)

exp
(

sim(hn, hd+i
)
)

+
∑
d−j ∈B/D∗n

exp
(

sim(hn, hd+i
)
) (14)

ãäå sim(hx, hy) � êîñèíóñíîå ðàññòîÿíèå ìåæäó âåêòîðàìè hx è hy,
hn � âåêòîðíîå ïðåäñòàâëåíèå çàïðîñà, hd+i

è hd+i
� âåêòîðíûå ïðåä-

ñòàâëåíèÿ ðåëåâàíòíîé è íå ðåëåâàíòíîé äîêóìåíòàöèè ñîîòâåòñòâåí-
íî. Â ðåçóëüòàòå ìåòîä óëó÷øèë ìåòðèêè êà÷åñòâà ãåíåðàöèè bash-
êîìàíä êîììåð÷åñêîé ìîäåëüþ Codex íà áåí÷ìàðêå tldr.
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Ïîäîáíûì îáðàçîì ìîæíî äîáàâëÿòü ðåëåâàíòíóþ äîêóìåíòàöèþ
âíóòðåííèõ áèáëèîòåê [131] èëè ïîõîæèå ïðèìåðû êîäà [84].

�7. Äðóãèå ìåòîäû

Â äàííîì ðàçäåëå ìû îáñóæäàåì íåñêîëüêî ìåòîäîâ è íàïðàâëåíèé
èññëåäîâàíèé, êîòîðûå íå îòíîñÿòñÿ íàïðÿìóþ ê ïðåäûäóùèì ãëàâàì.

7.1. Ñýìïëèðîâàíèå ñ âåðèôèêàöèåé: LEVER. Äàííûé ïîäõîä,
êîòîðûé ìû îïèñûâàåì íà ïðèìåðå ìåòîäà LEVER (Learning to Verify
Language-to-Code Generation with Execution) [76], îñíîâàí íà ñëåäóþ-
ùåì íàáëþäåíèè: áîëüøèå ÿçûêîâûå ìîäåëè ìîãóò ïðîèçâîäèòü ãàë-
ëþöèíàöèè è ÷àñòî äåëàþò îøèáêè ïðè ïîðîæäåíèè êîäà (äà è ïðè
îòâåòàõ íà âîïðîñû, è ïðè ðåøåíèè äðóãèõ çàäà÷), íî åñëè ïîðîäèòü
äîñòàòî÷íî ìíîãî âàðèàíòîâ îòâåòà, ñðåäè íèõ ñ êóäà áîëüøåé âåðî-
ÿòíîñòüþ ïîÿâèòñÿ ïðàâèëüíûé. Ýòî ïðèâîäèò ê ñëåäóþùåé èäåå: äà-
âàéòå ïîïðîáóåì îáó÷èòü îòäåëüíóþ ìîäåëü âåðèôèêàòîðà (veri�er),
êîòîðûé áóäåò ñïîñîáåí îòëè÷àòü ïðàâèëüíûå îòâåòû (ïðîãðàììû) îò
íåïðàâèëüíûõ, à çàòåì ïîðîäèì ìíîãî âàðèàíòîâ îòâåòîâ íà âîïðîñ
áîëüøîé ÿçûêîâîé ìîäåëüþ è ïðîïóñòèì èõ ÷åðåç âåðèôèêàòîð. Èäåÿ
ïðåäïîëàãàåò, ÷òî çàäà÷à âåðèôèêàöèè îòâåòà äîëæíà áûòü ïðîùå,
÷åì çàäà÷à åãî ïîðîæäåíèÿ ñ íóëÿ.

Äëÿ äðóãèõ ïðèìåíåíèé, íàïðèìåð ðåøåíèÿ òåêñòîâûõ ìàòåìàòè-
÷åñêèõ çàäà÷, òàêîé ïîäõîä áûë ïðåäëîæåí â ðàáîòàõ [22, 98] è ïîçæå
ðàçâèâàëñÿ â ðàáîòàõ [41, 51, 58]. Äëÿ ïîðîæäåíèÿ ïðîãðàììíîãî êîäà
çàäà÷à âåðèôèêàöèè íàâåðíÿêà åù¼ ïðîùå, ÷åì äëÿ ìàòåìàòè÷åñêèõ
äîêàçàòåëüñòâ: âî ìíîãèõ ñëó÷àÿõ îøèáêó ìîæíî íàéòè óæå íà ýòàïå
ïðîâåðêè òîãî, ÷òî ïðîãðàììà êîìïèëèðóåòñÿ, çàïóñêàåòñÿ, óñïåøíî
îòðàáàòûâàåò è ïðîõîäèò ïðîñòûå òåñòû. Ðàáîòû, ïðîâîäÿùèå ñðàâíè-
òåëüíûå èññëåäîâàíèÿ LLM, ïîðîæäàþùèõ ïðîãðàììíûé êîä, äàâíî
îòìå÷àëè, ÷òî ïðè âûáîðå ëó÷øåé ïðîãðàììû èç íåñêîëüêèõ ðåçóëü-
òàòû îáû÷íî ñóùåñòâåííî óëó÷øàþòñÿ [7, 17,28].

Òàêèì îáðàçîì, ïîäõîä ñ ñýìïëèðîâàíèåì è ïîñëåäóþùåé âåðèôè-
êàöèåé ÿâëÿåòñÿ åñòåñòâåííûì ñïîñîáîì óëó÷øèòü ðåçóëüòàòû çà ñ÷¼ò
(îáû÷íî íåñóùåñòâåííîãî) ìàñøòàáèðîâàíèÿ âû÷èñëèòåëüíûõ ðåñóð-
ñîâ. Ìåòîä LEVER [76], ïðåäíàçíà÷åííûé äëÿ óëó÷øåíèÿ êà÷åñòâà ïî-
ðîæäåíèÿ êîäà ñ ïîìîùüþ áîëüøèõ ÿçûêîâûõ ìîäåëåé, ïðåäñòàâëÿåò
ñîáîé õîðîøèé ïðèìåð óñïåøíîãî ïðèìåíåíèÿ òàêîãî ïîäõîäà. LEVER
ðàáîòàåò ñëåäóþùèì îáðàçîì:
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Ðèñ. 22. Îáó÷åíèå âåðèôèêàòîðà ïîðîæä¼ííîãî êîäà
íà îñíîâå ðåçóëüòàòîâ åãî çàïóñêà (LEVER) [76].

(1) ïîðîæäåíèå: èç LLM ñýìïëèðóåòñÿ ìíîæåñòâî ïðîãðàìì-
êàíäèäàòîâ {yi}ni=1 íà îñíîâå âõîäíîãî îïèñàíèÿ çàäà÷è x; äëÿ
âûáîðêè èñïîëüçóåòñÿ òåìïåðàòóðíîå ñýìïëèðîâàíèå

yi ∼ pLM (y|x) ,

ãäå pLM � ðàñïðåäåëåíèå âåðîÿòíîñòåé, îáó÷åííîå LLM; íà äàí-
íîì ýòàïå ìîæíî ñýìïëèðîâàòü ñ ïîâûøåííîé òåìïåðàòóðîé, ÷òî-
áû óâåëè÷èòü ðàçíîîáðàçèå îòâåòîâ;

(2) èñïîëíåíèå: êàæäàÿ ïðîãðàììà yi èñïîëíÿåòñÿ ñ ïîìîùüþ èíòåð-
ïðåòàòîðà èëè êîìïèëÿòîðà, è ðåçóëüòàòû èñïîëíåíèÿ E(yi) äî-
áàâëÿþòñÿ ê âõîäíûì äàííûì;

(3) âåðèôèêàöèÿ: îáó÷àåòñÿ äèñêðèìèíàòèâíàÿ ìîäåëü

pθ (v|x,y, E(y)) ,

ãäå v ∈ {0, 1} îáîçíà÷àåò êîððåêòíîñòü ïðîãðàììû; âõîäîì äëÿ
âåðèôèêàòîðà ñëóæàò
• îïèñàíèå çàäà÷è x,
• êîä ïðîãðàììû y è
• ðåçóëüòàò å¼ âûïîëíåíèÿ E(y).

Ýòà ïîñëåäîâàòåëüíîñòü øàãîâ ïðîèëëþñòðèðîâàíà íà ðèñ. 22.
Ïðè ïðèìåíåíèè ìåòîäà ïðîãðàììû ðàíæèðóþòñÿ ïî ñîâîêóïíîìó

ñ÷¼òó, îñíîâàííîìó íà âåðîÿòíîñòè ãåíåðàöèè ìîäåëè è âåðèôèêàöèè.
Âåðèôèêàòîð èñïîëüçóåòñÿ äëÿ âû÷èñëåíèÿ ñîâîêóïíîé âåðîÿòíîñòè
êîððåêòíîñòè:

pR (y|x) = pLM (y|x) · pθ (v = 1|x,y, E(y)) .
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×òîáû ðåçóëüòàòû íå ñëèøêîì çàâèñåëè îò òàêèõ ïîâåðõíîñòíûõ ôàê-
òîðîâ, êàê èìåíà ïåðåìåííûõ èëè âíåøíèé âèä ïðîãðàììû, ïðîãðàì-
ìû ñ îäèíàêîâûìè ðåçóëüòàòàìè èñïîëíåíèÿ E(y) àãðåãèðóþòñÿ:

R(x,y) =
∑

y′∈S:E(y′)=E(y)

pR (y′|x) .

Ïðîãðàììà ñ ìàêñèìàëüíûì çíà÷åíèåì R(x,y) âûáèðàåòñÿ â êà÷åñòâå
ôèíàëüíîãî ðåçóëüòàòà:

ŷ = arg max
y∈S

R(x,y).

Äëÿ îáó÷åíèÿ âåðèôèêàòîðà èñïîëüçóþòñÿ àâòîìàòè÷åñêè àííîòè-
ðîâàííûå äàííûå. Êàæäàÿ ïðîãðàììà-êàíäèäàò y àííîòèðóåòñÿ ìåò-
êîé v, îïðåäåëÿåìîé ñðàâíåíèåì å¼ ðåçóëüòàòà E(y) ñ ýòàëîííûì çíà-
÷åíèåì E∗:

v =

{
1, åñëè E(y) = E∗,

0, èíà÷å.

Ôóíêöèÿ ïîòåðü âåðèôèêàòîðà îïðåäåëÿåòñÿ êàê

Lθ = − 1

|S|
∑
y∈S

log pθ (v|x,y, E(y)) .

Â ðåçóëüòàòå ìåòîä LEVER èñïîëüçóåò ðåçóëüòàòû èñïîëíåíèÿ äëÿ
ïîëó÷åíèÿ ïëîòíîé (dense) îáðàòíîé ñâÿçè, ÷òî ïîâûøàåò òî÷íîñòü âå-
ðèôèêàöèè, ýôôåêòèâíî ðàáîòàåò â óñëîâèÿõ îãðàíè÷åííûõ äàííûõ,
ïîêàçûâàÿ óëó÷øåíèÿ äàæå ïðè íåáîëüøîì ðàçìåðå îáó÷àþùåé âû-
áîðêè, è â ðåçóëüòàòå ïîâûøàåò óðîâåíü òî÷íîñòè íà çàäà÷àõ ïîðîæ-
äåíèÿ êîäà, â ÷àñòíîñòè äëÿ SQL-ïàðñèíãà, ìàòåìàòè÷åñêèõ çàäà÷ è
ïðîãðàììèðîâàíèÿ íà Python.

LEVER, êîíå÷íî, íå åäèíñòâåííûé ìåòîä, èñïîëüçóþùèé ñýìïëèðî-
âàíèå áîëüøîãî ÷èñëà ïðîãðàìì ñ ïîñëåäóþùåé âåðèôèêàöèåé. Ìîæ-
íî ñêàçàòü, ÷òî ñèñòåìà AlphaCode, äîñòèãøàÿ â 2022 ãîäó ÷åëîâå÷å-
ñêîãî óðîâíÿ íà ïëàòôîðìå CodeForces, òîæå ðàáîòàåò ïîäîáíûì îá-
ðàçîì [61], õîòÿ ìàñøòàáèðîâàíèå âû÷èñëèòåëüíûõ çàòðàò òàì ãîðàç-
äî áîëåå ñóùåñòâåííîå. Êàê ïðèìåð äàëüíåéøåãî ðàçâèòèÿ ýòîé èäåè
ìîæíî ïðèâåñòè ðàáîòó [59], ãäå ñýìïëèðîâàíèå èç LLM ïðîèçâîäèòñÿ
ñ îñîáåííûì îáðàçîì ïîñòðîåííûì ïåðåáîðîì çàïðîñîâ. Â öåëîì ýòî
íàïðàâëåíèå óëó÷øåíèÿ ðåçóëüòàòîâ çà÷àñòóþ ìîæåò áûòü ïðèìåíåíî
ïðàêòè÷åñêè ¾áåñïëàòíî¿ (îñîáåííî åñëè ïðîñòîé âåðèôèêàòîð â âèäå
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íàáîðà þíèò-òåñòîâ óæå ñóùåñòâóåò), è åãî èñïîëüçîâàíèå ïðåäñòàâëÿ-
åòñÿ öåëåñîîáðàçíûì âî ìíîãèõ ïðàêòè÷åñêèõ ñöåíàðèÿõ.

7.2. Àãåíòû, îñíîâàííûå íà LLM. Áîëüøàÿ ÿçûêîâàÿ ìîäåëü ìî-
æåò äåéñòâîâàòü êàê àãåíò â íåêîòîðîé îêðóæàþùåé ñðåäå, âçàèìîäåé-
ñòâóÿ ñ íåé ïðè ïîìîùè òåêñòîâûõ êîìàíä. Òàêèå àãåíòíûå ïîäõîäû
àêòèâíî ðàçâèâàþòñÿ â ðàçíûõ îáëàñòÿõ ïðèìåíåíèÿ LLM. Íàïðèìåð,
ReAct [128] ïðèìåíÿåò àãåíòîâ, ÷òîáû óëó÷øèòü ñïîñîáíîñòè LLM ê
ðàññóæäåíèÿì, WebGPT [73] îáó÷àåò LLM-àãåíòà èíòåðàêòèâíî âçà-
èìîäåéñòâîâàòü ñ âåá-áðàóçåðîì, SayCan [2] ïðèìåíÿåò LLM-àãåíòîâ
â ðîáîòèêå, à ðàáîòû [46, 132] ñòðîÿò LLM-àãåíòîâ äëÿ äèàëîãîâûõ
ðåêîìåíäàòåëüíûõ ñèñòåì. Ðàáîòà [83] ðàññìàòðèâàåò àãåíòîâ êàê �ñè-
ìóëÿöèè ëþäåé�, êîòîðûå çàòåì ìîæíî èñïîëüçîâàòü äëÿ ïîëó÷åíèÿ
ñèíòåòè÷åñêèõ äàííûõ; òàêèå ïîäõîäû óæå àêòèâíî ðàçâèâàþòñÿ â ðå-
êîìåíäàòåëüíûõ ñèñòåìàõ, ãäå èññëåäîâàòåëè ñòðîÿò öåëûå âèðòóàëü-
íûå ìèðû, íàñåë¼ííûå òàêèìè àãåíòàìè [113, 114, 132]. Ïîñëåäíèå íî-
âîñòè ðàçâèòèÿ êîììåð÷åñêèõ LLM óæå âíåäðèëè îñíîâàííûõ íà LLM
àãåíòîâ â ñâîè ñåðâèñû: òåïåðü LLM îò OpenAI èëè Anthropic ìîãóò è
èñêàòü èíôîðìàöèþ â èíòåðíåòå, è äàæå èíòåðàêòèâíî âçàèìîäåéñòâî-
âàòü ñ êîìïüþòåðîì ïîëüçîâàòåëÿ íà îñíîâå ïîñëåäîâàòåëüíûõ ñíèì-
êîâ ýêðàíà.

Â êà÷åñòâå ïðèìåðà ïðèìåíåíèÿ îñíîâàííûõ íà LLM àãåíòîâ ê ïðî-
ãðàììèðîâàíèþ ðàññìîòðèì äâå íåäàâíèå ðàáîòû, êîòîðûå óæå óñïåëè
ïîëó÷èëè èçâåñòíîñòü è ìíîæåñòâî öèòèðîâàíèé. Ìåòîä Re�exion [99]
ïðåäëàãàåò íîâûé ïîäõîä ê îáó÷åíèþ àãåíòîâ íà îñíîâå áîëüøèõ ÿçû-
êîâûõ ìîäåëåé (LLM), ãäå ïðîöåññ îáó÷åíèÿ îñíîâàí íà ñàìîàíàëèçå
è âåðáàëüíîé îáðàòíîé ñâÿçè, à íå íà îáíîâëåíèè âåñîâ. Âìåñòî òðà-
äèöèîííîãî îáíîâëåíèÿ ïàðàìåòðîâ ìîäåëè ÷åðåç ãðàäèåíòíûé ñïóñê
Re�exion óñèëèâàåò àãåíòà ÷åðåç ñîõðàíåíèå è èñïîëüçîâàíèå òåêñòî-
âûõ ðåôëåêñèé â ïàìÿòè.

Re�exion èñïîëüçóåò òðè ìîäóëÿ:

• àêòîð (actor,Ma) ïîðîæäàåò òåêñò è äåéñòâèÿ, âçàèìîäåéñòâóÿ
ñ îêðóæåíèåì;

• îöåíùèê (evaluator,Me) îöåíèâàåò êà÷åñòâî äåéñòâèé è âûäàåò
ñèãíàë âîçíàãðàæäåíèÿ;

• ìîäåëü ðåôëåêñèè (self-re�ection,Msr) ïîðîæäàåò òåêñòîâûå ðå-
ôëåêñèè íà îñíîâå òðàåêòîðèé, ðåçóëüòàòîâ è ñèãíàëîâ âîçíà-
ãðàæäåíèÿ.
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Ðèñ. 23. Èëëþñòðàöèÿ ìåòîäà Re�exion [99].

Êàæäûé øàã îáó÷åíèÿ, ïðîèëëþñòðèðîâàííûé íà ðèñ. 23, ñîñòîèò
èç ñëåäóþùèõ ýòàïîâ:

(1) ïîðîæäåíèå òðàåêòîðèè: àêòîð Ma ïðîèçâîäèò òðàåêòîðèþ
τt = [s0, a0, s1, a1, . . . , sT ], âçàèìîäåéñòâóÿ ñ îêðóæåíèåì;

(2) îöåíêà òðàåêòîðèè: îöåíùèê Me âû÷èñëÿåò ñêàëÿðíîå âîçíà-
ãðàæäåíèå rt = Me(τt);

(3) ïîðîæäåíèå ðåôëåêñèè: ìîäåëü Msr ãåíåðèðóåò òåêñòîâóþ ðå-
ôëåêñèþ srt, êîòîðàÿ ñîõðàíÿåòñÿ â äîëãîñðî÷íóþ ïàìÿòü àãåí-
òà;

(4) îáíîâëåíèå ñòðàòåãèè: â ñëåäóþùèõ ýïèçîäàõ àãåíò èñïîëüçó-
åò íàêîïëåííûå ðåôëåêñèè äëÿ óëó÷øåíèÿ äåéñòâèé.

Âàæíûì ýëåìåíòîì àðõèòåêòóðû àãåíòà â Re�exion ÿâëÿåòñÿ ïà-
ìÿòü, ðàçäåë¼ííàÿ íà äâà òèïà:

• êðàòêîñðî÷íàÿ ïàìÿòü õðàíèò òåêóùóþ òðàåêòîðèþ τt;
• äîëãîñðî÷íàÿ ïàìÿòü õðàíèò òåêñòîâûå ðåôëåêñèè

[sr0, sr1, . . . , srt]; îíà îãðàíè÷åíà ôèêñèðîâàííûì ÷èñëîì
çàïèñåé (íåáîëüøèì, îáû÷íî 1�3).

Ìîäåëü ðåôëåêñèè èíòåãðèðóåò ýòè âîñïîìèíàíèÿ äëÿ ïîðîæäåíèÿ ïî-
ñëåäóþùèõ äåéñòâèé, ÷òî ïîçâîëÿåò àãåíòó äåëàòü âûâîäû èç ïðîøëûõ
îøèáîê.
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Òàêèì îáðàçîì, íà çàäà÷àõ ïðîãðàììèðîâàíèÿ Re�exion îáó÷àåòñÿ
÷åðåç ñãåíåðèðîâàííûå òåñòû è ñàìîàíàëèç: ñíà÷àëà àêòîð Ma ïîðîæ-
äàåò êîä, çàòåì îí îöåíèâàåòñÿ êàê ïî ðåçóëüòàòàì êîìïèëÿöèè è ïðî-
õîæäåíèÿ òåñòîâ, òàê è ìîäåëüþ îöåíùèêà Me, çàòåì ìîäåëü Msr ïî-
ðîæäàåò òåêñòîâóþ ðåôëåêñèþ, îïèñûâàþùóþ, êàêèå èçìåíåíèÿ íóæ-
íî âíåñòè â êîä, à çàòåì êîä èñïðàâëÿåòñÿ íà îñíîâå ðåôëåêñèè, è öèêë
ïîâòîðÿåòñÿ ñíîâà. Òàêîé èòåðàòèâíûé ïîäõîä ïðèíîñèò ñóùåñòâåí-
íûå óëó÷øåíèÿ: íàïðèìåð, íà áåí÷ìàðêå HumanEval Re�exion óâåëè-
÷èë òî÷íîñòü Pass@1 íà 11%, äî 91%, ïðåâçîéäÿ GPT-4, à â äðóãèõ
áåí÷ìàðêàõ óëó÷øåíèÿ åù¼ áîëåå ñåðü¼çíûå: óñïåøíîñòü ðåøåíèé â
AlfWorld [100] âûðîñëà íà 22%, à ðåøåíèÿ çàäà÷ íà ðàññóæäåíèÿ â
HotpotQA [127] óëó÷øèëèñü íà 20%.

Ïîäõîä íà îñíîâå àãåíòîâ ñ òåêñòîâîé ðåôëåêñèåé èìååò è äðóãèå
âàæíûå ïðåèìóùåñòâà:

• èíòåðïðåòèðóåìîñòü, ïîñêîëüêó òåêñòîâûå ðåôëåêñèè ïðåäî-
ñòàâëÿþò ÿâíóþ ÷åëîâåêî÷èòàåìóþ èíôîðìàöèþ î òîì, êàêèå
äåéñòâèÿ áûëè îøèáî÷íûìè è êàê èõ èñïðàâèòü;

• îòñóòñòâèå íåîáõîäèìîñòè â äîîáó÷åíèè, âåäü ìåòîä ðàáîòà-
åò áåç îáíîâëåíèÿ ïàðàìåòðîâ ìîäåëè, èñïîëüçóÿ òîëüêî òåê-
ñòîâûå ïîäñêàçêè;

• ãèáêîñòü, ïîñêîëüêó Re�exion ïîäõîäèò è äëÿ ïðîãðàììèðîâà-
íèÿ, è äëÿ ïðèíÿòèÿ ðåøåíèé è ðàññóæäåíèé, è äëÿ àãåíòíî-
ãî ïëàíèðîâàíèÿ � àäàïòèðîâàòüñÿ ê ðàçíûì òèïàì îáðàòíîé
ñâÿçè ëåãêî, ïîòîìó ÷òî ñàìî óëó÷øåíèå àãåíòà ïðîèñõîäèò â
ëþáîì ñëó÷àå â òåêñòîâîì âèäå.

Òàêèì îáðàçîì, Re�exion îòêðûâàåò ïåðñïåêòèâíîå íàïðàâëåíèå, êîì-
áèíèðóþùåå ìîùü LLM ñ âåðáàëüíûì îáó÷åíèåì íà îñíîâå ñàìîàíà-
ëèçà.

Êàê ïðèìåð äàëüíåéøåãî ðàçâèòèÿ àãåíòíîãî ïîäõîäà ïðèâå-
ä¼ì íåäàâíî ðàçðàáîòàííóþ ñèñòåìó SWE-agent [126], ïðåäíàçíà÷åí-
íóþ äëÿ àâòîìàòèçàöèè çàäà÷ ðàçðàáîòêè ïðîãðàììíîãî îáåñïå÷åíèÿ
(software engineering, SWE) ñ èñïîëüçîâàíèåì ÿçûêîâûõ ìîäåëåé â êà-
÷åñòâå àãåíòîâ. Îñíîâíàÿ èäåÿ ìåòîäà çàêëþ÷àåòñÿ â ñîçäàíèè ñïå-
öèàëèçèðîâàííîãî èíòåðôåéñà âçàèìîäåéñòâèÿ ìåæäó àãåíòîì è êîì-
ïüþòåðîì, íàçûâàåìîãî Agent-Computer Interface (ACI), êîòîðûé ïîç-
âîëÿåò àãåíòó ýôôåêòèâíî ðåøàòü çàäà÷è, ñâÿçàííûå ñ íàïèñàíèåì,
èçìåíåíèåì è òåñòèðîâàíèåì êîäà.
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(à) èíòåðôåéñ ACI (á) ÷åëîâå÷åñêèé èíòåðôåéñ

(â) êîìïîíåíòû èíòåðôåéñà ACI

Ðèñ. 24. Èëëþñòðàöèÿ ìåòîäà SWE-agent [126].

LLM ôóíêöèîíèðóåò êàê àãåíò, âçàèìîäåéñòâóÿ ñ êîìïüþòåðíîé
ñðåäîé ÷åðåç äåéñòâèÿ (íàïðèìåð, ðåäàêòèðîâàíèå ôàéëîâ, çàïóñê òå-
ñòîâ) è ïîëó÷àÿ îáðàòíóþ ñâÿçü îò îêðóæåíèÿ. Â îòëè÷èå îò òðàäè-
öèîííûõ ÷åëîâåêî-îðèåíòèðîâàííûõ èíòåðôåéñîâ (íàïðèìåð, òåðìè-
íàëîâ èëè IDE), ACI èñïîëüçóåò

• êîìïàêòíûå êîìàíäû ñ ìèíèìàëüíûìè ïàðàìåòðàìè,
• èíôîðìàòèâíóþ, íî ëàêîíè÷íóþ îáðàòíóþ ñâÿçü îá èçìåíåíè-
ÿõ, ñäåëàííûõ àãåíòîì, è

• ìåõàíèçìû çàùèòû îò ðàñïðîñòðàí¼ííûõ îøèáîê LLM (íàïðè-
ìåð, ïðîâåðêà ñèíòàêñèñà ïðè ðåäàêòèðîâàíèè).

Ýòî ïîçâîëÿåò óñòðàíèòü îãðàíè÷åíèÿ ñòàíäàðòíûõ èíòåðôåéñîâ, êî-
òîðûå ìîãóò áûòü èçáûòî÷íî ñëîæíûìè äëÿ ìîäåëåé (ñì. ñðàâíåíèå
íà ðèñ. 24à è 24á).

SWE-agent âêëþ÷àåò ñëåäóþùèå îñíîâíûå ìîäóëè (ðèñ. 24â):

• íàâèãàöèÿ ïî êîäîâîé áàçå: ñïåöèàëüíûå êîìàíäû, òàêèå êàê
find_file èëè search_dir, ïîçâîëÿþò àãåíòó áûñòðî íàõîäèòü
ðåëåâàíòíûå ôàéëû è ñòðîêè;
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• ðåäàêòèðîâàíèå ôàéëîâ: êîìàíäà edit ïîçâîëÿåò àãåíòó çàìå-
íÿòü äèàïàçîíû ñòðîê êîäà, àâòîìàòè÷åñêè îòîáðàæàÿ îáíîâ-
ë¼ííîå ñîäåðæèìîå äëÿ ïðîâåðêè;

• êîíòåêñòíîå óïðàâëåíèå: ñèñòåìà óïðàâëÿåò èñòîðèåé äåé-
ñòâèé è íàáëþäåíèé àãåíòà, ÷òîáû ìèíèìèçèðîâàòü èçáûòî÷-
íîñòü â ïðåäîñòàâëÿåìûõ äàííûõ;

• îáðàòíàÿ ñâÿçü: êàæäûé øàã ñîïðîâîæäàåòñÿ îáðàòíîé ñâÿ-
çüþ î ðåçóëüòàòàõ äåéñòâèé àãåíòà, âêëþ÷àÿ îøèáêè ñèíòàêñè-
ñà èëè äðóãèå ïðîáëåìû.

Íà êàæäîì øàãå àãåíò ïîðîæäàåò ñíà÷àëà �ìûñëèòåëüíûé ïðîöåññ�
(thought), ò.å. âûñêàçûâàíèå àãåíòà î åãî ñëåäóþùåì äåéñòâèè, à çà-
òåì ñàìî äåéñòâèå, êîíêðåòíóþ êîìàíäó, âûïîëíÿåìóþ â îêðóæåíèè.
Ïîñëå âûïîëíåíèÿ äåéñòâèÿ àãåíò ïîëó÷àåò îáðàòíóþ ñâÿçü, êîòîðàÿ
ïîìîãàåò åìó êîððåêòèðîâàòü ñâî¼ ïîâåäåíèå. Âîò ïðèìåð ïîñëåäîâà-
òåëüíîñòè ðàáîòû àãåíòà [126]:

• àãåíò èñïîëüçóåò êîìàíäó search_file äëÿ ïîèñêà óïîìèíàíèÿ
ôóíêöèè PVSystem;

• ïîñëå íàõîæäåíèÿ íóæíîãî ôàéëà îí îòêðûâàåò åãî ñ ïîìîùüþ
open è ïðîñìàòðèâàåò ñîäåðæèìîå;

• àãåíò âíîñèò ïðàâêè â ñòðîêè ñ ïîìîùüþ êîìàíäû edit, ïðè
ýòîì ñèíòàêñè÷åñêèå îøèáêè àâòîìàòè÷åñêè âûÿâëÿþòñÿ è âîç-
âðàùàþòñÿ àãåíòó äëÿ èñïðàâëåíèÿ;

• ïîñëå çàâåðøåíèÿ èçìåíåíèé çàïóñêàåòñÿ òåñòèðîâàíèå ñ ïîìî-
ùüþ pytest.

SWE-agent ïîêàçûâàåò çíà÷èòåëüíûå óëó÷øåíèÿ ïî ñðàâíåíèþ ñ
ïðåäûäóùèìè ïîäõîäàìè:

• íà íàáîðå çàäà÷ SWE-bench îí äîñòèãàåò 12.47% ðåø¼ííûõ çà-
äà÷, ÷òî çíà÷èòåëüíî ïðåâîñõîäèò ðåçóëüòàò 3.8%, ïîêàçàííûé
ëó÷øåé èç íåèíòåðàêòèâíûõ ìîäåëåé;

• íà áåí÷ìàðêå HumanEvalFix SWE-agent äîñòèãàåò óðîâíÿ
87.7% ïî ìåòðèêå Pass@1, ÷òî òàêæå çíà÷èòåëüíî âûøå áà-
çîâûõ ïîêàçàòåëåé;

• àíàëèç ïîêàçûâàåò, ÷òî ïðàâèëüíî ñïðîåêòèðîâàííûé ACI çíà-
÷èòåëüíî ïîâûøàåò ïðîèçâîäèòåëüíîñòü ìîäåëè áåç èçìåíåíèÿ
å¼ âíóòðåííèõ ïàðàìåòðîâ.
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SWE-agent èëëþñòðèðóåò ýôôåêòèâíîñòü ïîäõîäà, îáúåäèíÿþùåãî
ÿçûêîâûå ìîäåëè è ñïåöèàëèçèðîâàííûå èíòåðôåéñû, äåëàÿ èõ ìîù-
íûì èíñòðóìåíòîì äëÿ àâòîìàòèçàöèè ïðîãðàììíîé èíæåíåðèè. Â öå-
ëîì, íàì ïðåäñòàâëÿåòñÿ, ÷òî áóäóùåå àâòîìàòèçèðîâàííîé ïðîãðàìì-
íîé èíæåíåðèè èìåííî çà àãåíòíûìè ïîäõîäàìè, êîìáèíèðóþùèìè
âûðàçèòåëüíîñòü, ãèáêîñòü è ñïîñîáíîñòü ê ðàññóæäåíèÿì, êîòîðûå
óæå ñåãîäíÿ äåìîíñòðèðóþò ÿçûêîâûå ìîäåëè, ñ âîçìîæíîñòüþ èòå-
ðàòèâíîé îòëàäêè è óëó÷øåíèÿ â íåêîòîðîé ñðåäå ðàçðàáîòêè; êàê ïî-
êàçûâàåò SWE-agent, ýòà ñðåäà ìîæåò áûòü óñïåøíî àäàïòèðîâàíà äëÿ
LLM.

�8. Ïðèìåðû èíäóñòðèàëüíûõ êîäîâûõ ìîäåëåé

8.1. Ââåäåíèå. Â ýòîé ãëàâå ìû ðàññìîòðèì, êàê âûãëÿäèò ïðîöåññ
äîîáó÷åíèÿ (�ne-tuning, post-training) äëÿ ïîïóëÿðíûõ èíäóñòðèàëü-
íûõ êîäîâûõ ìîäåëåé ñ îòêðûòûìè âåñàìè. Êàê ìû óæå íå ðàç âèäåëè
â ýòîì îáçîðå, ýòàï äîîáó÷åíèÿ íàïðàâëåí íà ïðåîáðàçîâàíèå áàçîâîé
ìîäåëè â ïîëåçíîãî ïîìîùíèêà ïðîãðàììèñòà. Òàê æå, êàê è â áàçî-
âîé ðàáîòå îá InstructGPT (ñì. ðàçäåë 2.1 è ñàìó ðàáîòó [67]), îáû÷íî
ýòîò ïðîöåññ äåëèòñÿ íà äâà îñíîâíûõ øàãà: îáó÷åíèå ñëåäîâàíèþ èí-
ñòðóêöèÿì (ñì. ðàçäåë 5) è ñîãëàñîâàíèå öåëåé è çàäà÷ ìîäåëè ñ ÷åëî-
âå÷åñêèìè (AI alignment), îáû÷íî ìåòîäàìè îáó÷åíèÿ ñ ïîäêðåïëåíèåì
(ñì. ðàçäåë 4).

Íåñìîòðÿ íà òî, ÷òî ïðîãðàììíûé êîä è äàííûå èñïîëüçóåìûå äëÿ
îáó÷åíèÿ â áîëüøèíñòâå ñëó÷àåâ îñòàþòñÿ çàêðûòûìè îò íàó÷íîãî ñî-
îáùåñòâà, èìåþùàÿñÿ èíôîðìàöèÿ î ïðîöåññå äîîáó÷åíèÿ ýòèõ ìîäå-
ëåé ìîæåò áûòü ïîëåçíîé äëÿ äàëüíåéøåé èõ ñïåöèàëèçàöèè ïîä êîí-
êðåòíóþ ïðàêòè÷åñêóþ çàäà÷ó, à òàêæå ìîæåò ñëóæèòü èëëþñòðàöèåé
ýôôåêòèâíîñòè òåõ èëè èíûõ ìåòîäîâ.

Â ýòîì ðàçäåëå ìû ðàññìîòðèì äîîáó÷åíèå íà ïðèìåðå äâóõ ìîäå-
ëåé: Qwen2.5-Coder [47] è DeepSeek-Coder-V2 [26]; ìû âèäåëè èõ ñðàâ-
íèòåëüíûå ðåçóëüòàòû íà LiveCodeBench â òàáëèöàõ 10 è 2, ãäå âèäíî,
÷òî âàðèàíòû ýòèõ ìîäåëåé çàíèìàþò ëèäèðóþùèå ïîçèöèè íà êîäî-
âûõ áåí÷ìàðêàõ íàðàâíå ñ êîììåð÷åñêèìè ðåøåíèÿì îò OpenAI (ñå-
ìåéñòâî GPT) è Anthropic (ñåìåéñòâî Claude).

8.2. Qwen2.5-Coder. Øàã îáó÷åíèÿ ñëåäîâàíèþ èíñòðóêöèÿì

(instruction tuning) äëÿ ìîäåëè Qwen2.5-Coder [47] ñîñòîÿë èç ñëåäóþ-
ùèõ ýòàïîâ.
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Technical Report

Text Data Similar to the Math Data, we included high-quality general natural language
data from the pre-training corpus of the Qwen2.5 model to preserve Qwen2.5-Coder’s
general capabilities. This data had already passed stringent quality checks during the
cleaning phase of Qwen2.5’s dataset, so no further processing was applied. However, all
code segments were removed from the general Text data to avoid overlap with our code
data, ensuring the independence of different data sources.

3.1.2 Data Mixture

Balancing Code, Math, and Text data is crucial for building a foundational model. Although
the research community has explored this balance before, there is limited evidence regarding
its scalability to large datasets. To address this, we conducted empirical experiments with
different ratios of Code, Math, and Text data, designing multiple experiments to identify an
optimal combination rapidly. Specifically, as shown in Table 3, we compared three different
Code for Qwen2.5-Coder-7B: Text ratios — 100:0:0, 85:10:5, and 70:20:10.

Interestingly, we found that the 7:2:1 ratio outperformed the others, even surpassing the
performance of groups with a higher proportion of code. A possible explanation is that
Math and Text data may positively contribute to code performance, but only when their
concentration reaches a specific threshold. In future work, we plan to explore more efficient
ratio mechanisms and investigate the underlying causes of this phenomenon. Ultimately,
we selected a final mixture of 70% Code, 20% Text, and 10% Math. The final training dataset
comprises 5.2 trillion tokens.

Token Ratio Coding Math General AverageCode Text Math Common BCB MATH GSM8K MMLU CEval HellaSwag

100 0 0 49.8 40.3 10.3 23.8 42.8 35.9 58.3 31.3
85 15 5 43.3 36.2 26.1 52.5 56.8 57.1 70.0 48.9
70 20 10 48.3 38.3 33.2 64.5 62.9 64.0 73.5 55.0

Table 3: The performance of Qwen2.5-Coder training on different data mixture policy.

3.2 Training Policy

Qwen2.5 Qwen2.5-CoderFile-Level Pretrain 
5.2T Tokens

Repo-Level 
Pretrain 

300B Tokens

Alignment 
Qwen2.5-Code-Instruct

① ② ③

SFT & DPO

Figure 2: The three-stage training pipeline for Qwen2.5-Coder.

As shown in 2, we employed a three-stage training approach to train Qwen2.5-Coder,
including file-level pretraining, repo-level pretraining, and instruction tuning.

3.2.1 File-Level Pretraining

File-level pretraining focuses on learning from individual code files. In this stage, the
maximum training sequence length is set to 8,192 tokens, covering 5.2T of high-quality data.
The training objectives include next token prediction and fill-in-the-middle (FIM) (Bavarian
et al., 2022). The specific FIM format is shown in Figure 3.

File-Level FIM format.

<|fim_prefix|>{code_pre}<|fim_suffix|>{code_suf}<|fim_middle|>{code_mid}<|endoftext|>

Figure 3: File-Level FIM format.

6

Ðèñ. 25. Ôàçà äîîáó÷åíèÿ äëÿ ìîäåëè Qwen2.5-Coder [47].

(1) Îáó÷åíèå íà 10 ìèëëèîíàõ ðàçíîîáðàçíûõ ñèíòåçèðîâàííûõ
èíñòðóêöèÿõ íèçêîãî êà÷åñòâà (coarse �ne-tuning).

(2) Îáó÷åíèå íà 1 ìèëëèîíå áîëåå êà÷åñòâåííûõ èíñòðóêöèé äëÿ
ïîâûøåíèÿ êà÷åñòâà (�ne �ne-tuning). Äëÿ ýòîãî èñïîëüçîâà-
ëè ìåòîä ñýìïëèðîâàíèÿ ñ îòêëîíåíèåì (rejection sampling), â
êîòîðîì ñ ïîìîùüþ LLM ñèíòåçèðîâàëè ðàçíûå îòâåòû äëÿ
îäíîé è òîé æå èíñòðóêöèè, à ïîòîì îòôèëüòðîâûâàëè ïëîõèå
îòâåòû.

(3) Îáó÷åíèå íà èíñòðóêöèÿõ ñ çàïîëíåíèåì ïðîïóñêîâ (�ll-in-the-
middle, FIM [8]). Ââèäó òîãî, ÷òî èíñòðóêöèè â îñíîâíîì êî-
ðîòêèå, äîáàâëåíèå èíñòðóêöèé ñ FIM â îáó÷åíèå ïîçâîëÿåò ñî-
õðàíèòü ñïîñîáíîñòü ìîäåëè èñïîëüçîâàòü äëèííûé êîíòåêñò.
Äëÿ ýòîãî èñïîëüçîâàëè àâòîìàòè÷åñêèå ïàðñåðû èç áèáëèîòå-
êè tree-sitter-languages12, êîòîðûå ïîçâîëÿþò âûðåçàòü èç ôàé-
ëà ðàçëè÷íûå êîíñòðóêöèè ñ òî÷êè çðåíèÿ ÿçûêà ïðîãðàììèðî-
âàíèÿ � âûðàæåíèå, ôóíêöèþ èëè êîäîâûé áëîê. Ïîñëå ýòîãî ñ
ñîîòâåòñòâóþùåé èíñòðóêöèåé ìîäåëè òðåáóåòñÿ âîññòàíîâèòü
âûðåçàííûé êóñî÷åê êîäà ñ ó÷åòîì êîíòåêñòà.

Íà øàãå ñîãëàñîâàíèÿ (alignment) èñïîëüçîâàëñÿ ìåòîä ïðÿìîé îï-
òèìèçàöèè ïðåäïî÷òåíèé (direct preference optimization, DPO) [89], ãäå
ïîâåäåíèå ìîäåëè êîððåêòèðóåòñÿ íà îñíîâå îáðàòíîé ñâÿçè, ïîëó÷åí-
íîé îò èñïîëíåíèÿ òåñòîâ, à òàêæå îöåíîê êà÷åñòâà äðóãèìè ÿçûêîâû-
ìè ìîäåëÿìè; ïîñëåäíèé ìåòîä èçâåñòåí êàê LLM-as-a-judge [139]. Äàí-
íûé ïðîöåññ, ïðîèëëþñòðèðîâàííûé íà ðèñ. 25, ïîìîãàåò óëó÷øèòü
êà÷åñòâî ñèíòåçà êîäà è ñîîòâåòñòâèå ïîëüçîâàòåëüñêèì îæèäàíèÿì.

12https://pypi.org/project/tree-sitter-languages/
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Ïîäãîòîâêà äàííûõ äëÿ äîîáó÷åíèÿ âêëþ÷àåò ñëîæíûé ïðîöåññ
ñáîðà, î÷èñòêè è àíàëèçà äàííûõ äëÿ ñîçäàíèÿ âûñîêîêà÷åñòâåííîãî
íàáîðà èíñòðóêöèé.

Ñíà÷àëà áûëè ñîáðàíû èñõîäíûå äàííûå èç ðàçíûõ èñòî÷íèêîâ,
âêëþ÷àÿ îòêðûòûå ðåïîçèòîðèè GitHub è ñóùåñòâóþùèå íàáîðû èí-
ñòðóêöèé äëÿ êîäà, â ÷àñòíîñòè McEval-Instruct13. Èñïîëüçîâàëñÿ ñïå-
öèàëüíî îáó÷åííûé êëàññèôèêàòîð íà îñíîâå ìîäåëè CodeBERT [30],
êîòîðûé ïîçâîëÿë ëèáî îïðåäåëèòü, êàêîé ÿçûê ïðîãðàììèðîâàíèÿ èñ-
ïîëüçîâàëñÿ â äàííûõ, ëèáî îïðåäåëèòü îòñóòñòâèå êîäà. Áûëè èñïîëü-
çîâàíû 100 ñàìûõ ïîïóëÿðíûõ ÿçûêîâ ïðîãðàììèðîâàíèÿ.

Äëÿ óâåëè÷åíèÿ îáúåìà è êà÷åñòâà äàííûõ èñïîëüçîâàëèñü ñèíòå-
òè÷åñêèå èíñòðóêöèè, ñîçäàííûå ïðè ïîìîùè áîëüøèõ ÿçûêîâûõ ìî-
äåëåé. Ýòè èíñòðóêöèè ñèíòåçèðîâàëèñü ïî êîäîâûì ôðàãìåíòàì ñ
GitHub, à çàòåì ôèëüòðîâàëèñü ñ ïîìîùüþ LLM äëÿ ïîâûøåíèÿ êà-
÷åñòâà äàííûõ.

Äîïîëíèòåëüíî áûëà ðàçðàáîòàíà ìóëüòèàãåíòíàÿ ñèñòåìà äëÿ ñî-
çäàíèÿ íîâûõ èíñòðóêöèé íà ðàçíûõ ÿçûêàõ ïðîãðàììèðîâàíèÿ. Àãåí-
òàì íàçíà÷àëèñü ÿçûêîâûå ñïåöèàëèçàöèè, è îíè ìîãëè îáìåíèâàòü-
ñÿ çíàíèÿìè äðóã ñ äðóãîì, ÷òîáû óëó÷øàòü îáùèé êîðïóñ äàííûõ.
Òàêæå àãåíòàì ïðåäîñòàâëÿëàñü âíåøíÿÿ ïàìÿòü äëÿ ïðåäîòâðàùå-
íèÿ äóáëèðîâàíèÿ èíôîðìàöèè. Òàêîé ïîäõîä ñïîñîáñòâîâàë ïåðåèñ-
ïîëüçîâàíèþ çíàíèé è êîíöåïöèé ïðîãðàììèðîâàíèÿ ìåæäó ðàçíûìè
ÿçûêàìè ïðîãðàììèðîâàíèÿ.

Âñå äàííûå ïîäâåðãàëèñü ôèíàëüíîé îöåíêå íà îñíîâå ÷åê-ëèñòà,
êîòîðûé âêëþ÷àë òàêèå êðèòåðèè, êàê ðåëåâàíòíîñòü, ñëîæíîñòü, íà-
ëè÷èå êîììåíòàðèåâ, îáðàçîâàòåëüíàÿ öåííîñòü è äðóãèå êðèòåðèè. Íà
çàâåðøàþùåì ýòàïå äàííûå ïî âîçìîæíîñòè ïðîõîäèëè ïðîâåðêó ñ èñ-
ïîëüçîâàíèåì èçîëèðîâàííûõ îêðóæåíèé äëÿ âûïîëíåíèÿ êîäà. Ýòîò
ïðîöåññ âêëþ÷àë ïðîâåðêó ñèíòàêñèñà, àâòîìàòè÷åñêîå ñîçäàíèå ìî-
äóëüíûõ òåñòîâ è ïðîâåðêó íà ïðîõîæäåíèå ýòèõ òåñòîâ.

Ýòè ýòàïû ïîäãîòîâêè äàííûõ îáåñïå÷èëè ñîçäàíèå êà÷åñòâåííîãî
è ìíîãîÿçû÷íîãî íàáîðà èíñòðóêöèé.

8.3. DeepSeek-Coder-V2. Â ìîäåëè DeepSeek-Coder-V2 [26] íà øà-
ãå îáó÷åíèÿ ñëåäîâàíèþ èíñòðóêöèÿì èñïîëüçîâàëñÿ íàáîð äàííûõ,
ñîäåðæàùèé çàäà÷è ïî ïðîãðàììèðîâàíèþ è ïî ìàòåìàòèêå. Ñíà÷à-
ëà àâòîðû âûáðàëè 20 òûñÿ÷ èíñòðóêöèé ïî ïðîãðàììèðîâàíèþ è 30

13https://huggingface.co/datasets/Multilingual-Multimodal-NLP/McEval-Instruct
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and has better generalization ability, in comparison with raw compiler signal. As illustrated in
Figure 3, in our in-house test sets (Leetcode and Leetcode-zh), using a reward model to provide
RL training signal clearly outperforms using raw compiler signal. Hence, we use reward model
signal rather than compiler signal in all subsequent experiments.

Reinforcement Learning Algorithm We employ Group Relative Policy Optimization (GRPO)
Shao et al. (2024) as our RL algorithm, which is the same as what DeepSeek-V2 uses. Notably,
GRPO is proven to be quite effective and has less cost compared with PPO, since there is no
need to maintain an additional critic model.

Figure 3 | Performances of Different Methods

4. Experimental Results

In this section, we evaluate DeepSeek-Coder-V2 on three types of tasks, including coding,
mathematics, and general natural language. We compare DeepSeek-Coder-V2 with the previous
state-of-the-art large language models.

• CodeLlama (Roziere et al., 2023) consists of a series of code language models based on
Llama2 (Touvron et al., 2023), and continue pre-training on datasets ranging from 500 to
1000 billion code tokens. These models are available in four sizes: 7B, 13B, 34B, and 70B.

• StarCoder (Lozhkov et al., 2024) is a publicly accessible model with 15 billion parameters.
It is specifically trained on a meticulously curated subset of the Stack dataset (Kocetkov
et al., 2022), covering 86 programming languages.

• StarCoder2 (Lozhkov et al., 2024) consists of 3B, 7B, and 15B parameters models trained
on 3.3 to 4.3 trillion tokens of the Stack2 dataset (Lozhkov et al., 2024), spanning 619
programming languages.

• DeepSeek-Coder (Guo et al., 2024) comprises a series of code language models, ranging
from 1 billion to 33 billion parameters. Each model is trained from scratch on 2 trillion
tokens, with a composition of 87% code and 13% natural language in both English and
Chinese. These models are pre-trained on a project-level code corpus using a window
size of 16K and an additional fill-in-the-blank task, enabling support for project-level code
completion and infilling.

• Codestral (MistralAI, 2024) is a 22B parameter model developed by Mistral. It is trained
on a diverse dataset of over 80 programming languages, including popular ones such as
Python, Java, and JavaScript, as well as more specialized languages like Swift and Fortran.

7

Ðèñ. 26. Ìåòðèêà êà÷åñòâà Pass@1 äëÿ ðàçíûõ íàãðàä
â DeepSeek-Coder-V2 [26].

òûñÿ÷ ìàòåìàòè÷åñêèõ èíñòðóêöèé èç DeepSeek-Coder [35] è DeepSeek-
Math [97] ñîîòâåòñòâåííî. ×òîáû ñîõðàíèòü îáùèå ñïîñîáíîñòè ìîäåëè,
äîáàâèëè ÷àñòü äàííûõ èç èíñòðóêöèé äëÿ DeepSeek-V2 [25]. Èòîãîâûé
íàáîð äàííûõ ñîäåðæàë 300 ìèëëèîíîâ òîêåíîâ.

Íà øàãå ñîãëàñîâàíèÿ èñïîëüçîâàëñÿ ìåòîä îïòèìèçàöèè ñòðàòåãèé
îòíîñèòåëüíî ãðóïï (Group Relative Policy Optimization, GRPO) [97],
ìîäèôèêàöèÿ PPO, ìåíåå çàòðàòíàÿ ñ òî÷êè çðåíèÿ òðåáóþùåéñÿ ïà-
ìÿòè. Äëÿ ýòîé ôàçû áûëè òàêæå îòîáðàíû èíñòðóêöèè ñ çàäà÷àìè ïî
ìàòåìàòèêå è ïðîãðàììèðîâàíèþ. Äëÿ çàäà÷ ïî ïðîãðàììèðîâàíèþ
áûëè íàïèñàíû ìîäóëüíûå òåñòû. Ïîñëå ôèëüòðàöèè íàáîð äàííûõ
ñîäåðæàë îêîëî 40 òûñÿ÷ èíñòðóêöèé.

Â êà÷åñòâå ôóíêöèè íàãðàäû äëÿ ìàòåìàòè÷åñêèõ çàäà÷ èñïîëüçî-
âàëîñü ñðàâíåíèå ñ ïðàâèëüíûì îòâåòîì. Äëÿ çàäà÷ ïî ïðîãðàììèðî-
âàíèþ ïðîõîæäåíèå òåñòîâ óæå ÿâëÿåòñÿ áèíàðíîé íàãðàäîé, íî íåêî-
òîðûå èíñòðóêöèè ìîãóò ñîäåðæàòü íåäîñòàòî÷íîå êîëè÷åñòâî òåñòîâ,
íå îáåñïå÷èâàþùåå ïîëíîãî ïîêðûòèÿ. Ïîýòîìó áèíàðíàÿ âåëè÷èíà
�ïðîõîæäåíèå òåñòîâ� ìîæåò áûòü øóìíîé è íå îïòèìàëüíîé äëÿ îáó-
÷åíèÿ.

Ïî ýòèì ñîîáðàæåíèÿì àâòîðû ïðèíÿëè ðåøåíèå îáó÷èòü ìîäåëü
íàãðàäû íà äàííûõ, ïîëó÷åííûõ ïîñëå çàïóñêà òåñòîâ, è èñïîëüçî-
âàòü ýòó ìîäåëü íàãðàäû â ïðîöåññå RL îáó÷åíèÿ. Ýòî îáåñïå÷èâàåò
ìåíåå øóìíûé ñèãíàë ïî ñðàâíåíèþ ñ îáðàòíîé ñâÿçüþ îò ïðîõîæäå-
íèÿ òåñòîâ. Êàê ïîêàçàíî íà ðèñ. 26, íà âíóòðåííèõ òåñòîâûõ äàííûõ
(Leetcode è Leetcode-zh) èñïîëüçîâàíèå ìîäåëè íàãðàäû äëÿ îáó÷åíèÿ
ñ ïîäêðåïëåíèåì ÿâíî ïðåâîñõîäèò èñïîëüçîâàíèå äàííûõ î ïðîõîæ-
äåíèè òåñòîâ.
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Ìîäåëè Qwen2.5-Coder [47] è DeepSeek-Coder-V2 [26] â íàñòîÿùåå
âðåìÿ íàõîäÿòñÿ íà ïåðåäíåì êðàå ìîäåëåé èñêóññòâåííîãî èíòåëëåê-
òà, ðàáîòàþùèõ ñ ïðîãðàììíûì êîäîì; èõ ìîãóò ïðåâîñõîäèòü íåêî-
òîðûå çàêðûòûå âàðèàíòû ìîäåëåé OpenAI è Anthropic, íî ïðèíöèïè-
àëüíîé ðàçíèöû â êà÷åñòâå ðàáîòû íåò (åñëè íå ãîâîðèòü î òîëüêî ÷òî
ïîÿâèâøåìñÿ ñåìåéñòâå ìîäåëåé o1 è åìó ïîäîáíûõ, êîòîðûå â ýòîì
îáçîðå ìû ðàññìàòðèâàòü íå áóäåì). Ïîýòîìó èíòåðåñíî, ÷òî îïóáëèêî-
âàííàÿ èíôîðìàöèÿ î ðàáîòå ýòèõ ìîäåëåé õîòÿ è ñîäåðæèò íåêîòîðûå
íîâûå èäåè, â öåëîì ïîëíîñòüþ ïîêðûâàåòñÿ îñíîâíûìè ïîäõîäàìè,
ðàññìîòðåííûìè â íàñòîÿùåì îáçîðå.

�9. Çàêëþ÷åíèå

Â íàñòîÿùèì îáçîðå ìû ðàññìîòðåëè ñîâðåìåííûå ìåòîäû ïðèìåíå-
íèÿ áîëüøèõ ÿçûêîâûõ ìîäåëåé äëÿ ïîðîæäåíèÿ ïðîãðàììíîãî êîäà.
Îñíîâíîå âíèìàíèå áûëî óäåëåíî ïîäõîäàì äîîáó÷åíèÿ (�ne-tuning,
post-training), âêëþ÷àÿ ïîñòðîåíèå è îáó÷åíèå àäàïòåðîâ (ðàçäåë 2),
îáó÷åíèå ñ ïîäêðåïëåíèåì (ðàçäåë 4), äîîáó÷åíèå ñëåäîâàíèþ èíñòðóê-
öèÿì (ðàçäåë 5), ïðîìïòèíã (ðàçäåë 6) è äðóãèå ïîäõîäû (ðàçäåë 7),
ïîçâîëÿþùèå óëó÷øèòü êà÷åñòâî ãåíåðàöèè è àäàïòèðîâàòü ìîäåëè ê
ñïåöèôè÷åñêèì çàäà÷àì, ñâÿçàííûì ñ ïðîãðàììíûì êîäîì; ìû òàêæå
ðàññìîòðåëè äâà êîíêðåòíûõ ïîäõîäà ê äîîáó÷åíèþ, ïðèìåíÿþùèõñÿ
â ëó÷øèõ íà ñåãîäíÿ îòêðûòûõ ìîäåëÿõ (ðàçäåë 8).

Ðàññìîòðåííûå ìåòîäû ïîêàçàëè, ÷òî LLM îáëàäàþò çíà÷èòåëüíûì
ïîòåíöèàëîì äëÿ çàäà÷ ïðîãðàììèðîâàíèÿ, âêëþ÷àÿ ïîðîæäåíèå, èñ-
ïðàâëåíèå è îïòèìèçàöèþ êîäà. Òåì íå ìåíåå, â çàêëþ÷åíèå ìû âûäå-
ëÿåì íåñêîëüêî îòêðûòûõ âîïðîñîâ, òî÷íåå, öåëûõ íàïðàâëåíèé, êî-
òîðûå âñ¼ åù¼ òðåáóþò äàëüíåéøèõ èññëåäîâàíèé.

(1) Ðàçðàáîòêà áîëåå íàä¼æíûõ ìåòîäîâ îöåíêè êà÷åñòâà ìîäå-

ëåé, ó÷èòûâàþùèõ ðåàëüíûå ñöåíàðèè ïðèìåíåíèÿ. Òåêóùèå
ìåòîäû îöåíêè, òàêèå êàê pass@k èëè ñòðîãàÿ òî÷íîñòü, õîðî-
øî ðàáîòàþò äëÿ ñòàíäàðòíûõ áåí÷ìàðêîâ, íî íå âñåãäà îòðà-
æàþò ðåàëüíîå èñïîëüçîâàíèå ìîäåëåé â ðàçðàáîòêå ïðîãðàìì-
íîãî îáåñïå÷åíèÿ. Íàïðèìåð, ðåàëüíûå çàäà÷è ïðîãðàììèðî-
âàíèÿ ÷àñòî ñâÿçàíû ñ ìíîãîêðàòíûìè èòåðàöèÿìè, âçàèìî-
äåéñòâèåì ñ ïîëüçîâàòåëåì è èçìåíåíèåì òðåáîâàíèé, ÷òî ïëî-
õî ìîäåëèðóåòñÿ ñóùåñòâóþùèìè ìåòðèêàìè. Äëÿ óëó÷øåíèÿ
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çäåñü áûëî áû ïîëåçíî ðàçðàáîòàòü ìåòîäû, ó÷èòûâàþùèå òà-
êèå àñïåêòû, êàê èíòåðàêòèâíîñòü, ñïîñîáíîñòü ìîäåëè îáúÿñ-
íÿòü ñâîè äåéñòâèÿ, à òàêæå àíàëèç ñëîæíûõ îøèáîê.

(2) Ìèíèìèçàöèÿ çàâèñèìîñòè îò áîëüøèõ âû÷èñëèòåëüíûõ

ðåñóðñîâ. Ñîâðåìåííûå áîëüøèå ÿçûêîâûå ìîäåëè òðåáóþò
îãðîìíûõ âû÷èñëèòåëüíûõ ðåñóðñîâ êàê äëÿ îáó÷åíèÿ, òàê è
äëÿ ïðèìåíåíèÿ, ÷òî îãðàíè÷èâàåò èõ èñïîëüçîâàíèå â ðåàëü-
íûõ ïðèëîæåíèÿõ, îñîáåííî íà ëîêàëüíûõ èëè ðåñóðñîçàâèñè-
ìûõ óñòðîéñòâàõ. Ìåòîäû PEFT óæå õîðîøî ðàáîòàþò (ýòîìó
ïîñâÿùåíà áîëüøàÿ ÷àñòü îáçîðà), íî èõ ïðîèçâîäèòåëüíîñòü
âñ¼ åù¼ óñòóïàåò ïîëíîìó äîîáó÷åíèþ, è ïðåäñòàâëÿåòñÿ âàæ-
íûì ïðîäîëæàòü èññëåäîâàíèÿ, íàïðàâëåííûå íà ðàçðàáîòêó
åù¼ áîëåå ýôôåêòèâíûõ ñòðàòåãèé, êîòîðûå ïîçâîëÿò äîñòè÷ü
ñîïîñòàâèìîãî êà÷åñòâà ïðè çíà÷èòåëüíî ìåíüøèõ çàòðàòàõ.

(3) Óëó÷øåíèå îáðàáîòêè ñëîæíûõ è íåñòàíäàðòíûõ ñëó÷àåâ,

âêëþ÷àÿ çàäà÷è ñ îãðàíè÷åííûìè äàííûìè èëè óíèêàëüíûìè

òðåáîâàíèÿìè. Ìîäåëè çà÷àñòóþ õîðîøî ðàáîòàþò íà ñòàí-
äàðòíûõ çàäà÷àõ èç ñâîèõ îáó÷àþùèõ âûáîðîê, íî èñïûòû-
âàþò òðóäíîñòè ïðè ñòîëêíîâåíèè ñ íîâûìè, íåñòàíäàðòíû-
ìè ñöåíàðèÿìè. Íàïðèìåð, çàäà÷è, òðåáóþùèå ãëóáîêîãî êîí-
òåêñòà, ñïåöèàëèçèðîâàííûõ çíàíèé èëè îáðàáîòêè óíèêàëü-
íûõ ñòðóêòóð äàííûõ, ÷àñòî îêàçûâàþòñÿ çà ïðåäåëàìè âîç-
ìîæíîñòåé ìîäåëåé. Çäåñü âàæíî ðàçâèâàòü ïîäõîäû, ñïîñîá-
íûå ýôôåêòèâíî îáó÷àòüñÿ íà ìàëîì ÷èñëå ïðèìåðîâ (few-shot
learning), èñïîëüçîâàòü ìóëüòèìîäàëüíûå âõîäû èëè àäàïòèðî-
âàòüñÿ ê óíèêàëüíûì òðåáîâàíèÿì ïîëüçîâàòåëÿ.

(4) Ïðåäîòâðàùåíèå ïîòåíöèàëüíûõ ðèñêîâ, ñâÿçàííûõ ñ ïîðîæ-

äåíèåì íåêîððåêòíîãî èëè âðåäîíîñíîãî êîäà. Áîëüøèå ÿçûêî-
âûå ìîäåëè ìîãóò íåïðåäíàìåðåííî (èëè äàæå ïðåäíàìåðåííî,
õîòÿ ýòî îòäåëüíûé áîëüøîé âîïðîñ) ïîðîæäàòü êîä, ñîäåðæà-
ùèé óÿçâèìîñòè, íåêîððåêòíóþ ëîãèêó èëè äàæå âðåäîíîñíûå
ýëåìåíòû. Ýòè ðèñêè óñèëèâàþòñÿ, åñëè ìîäåëè ïðèìåíÿþò-
ñÿ áåç äîëæíîé âàëèäàöèè. Ïîêà íåò íàä¼æíûõ ìåòîäîâ àâ-
òîìàòè÷åñêîãî îáíàðóæåíèÿ è ïðåäîòâðàùåíèÿ ïîäîáíûõ ñöå-
íàðèåâ, è òðåáóþòñÿ ðåøåíèÿ, êîòîðûå ñìîãóò àíàëèçèðîâàòü
ïîðîæä¼ííûé êîä íà íàëè÷èå òàêèõ ïðîáëåì, ó÷èòûâàòü êîí-
òåêñò çàäà÷è è îãðàíè÷èâàòü ïîðîæäåíèÿ îïàñíîãî èëè óÿçâè-
ìîãî êîäà.
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(5) Èíòåãðàöèÿ LLM ñ èíñòðóìåíòàìè ðàçðàáîòêè è ñîçäàíèå

ãèáðèäíûõ ñèñòåì, èñïîëüçóþùèõ âîçìîæíîñòè ìóëüòèìî-

äàëüíûõ ìîäåëåé. Íåñìîòðÿ íà óñïåõè òàêèõ èíñòðóìåíòîâ, êàê
GitHub Copilot, òåêóùàÿ èíòåãðàöèÿ LLM ñ ïðîöåññàìè ðàç-
ðàáîòêè îñòà¼òñÿ íà ðàííåé ñòàäèè. Â ÷àñòíîñòè, îòñóòñòâó-
åò ãëóáîêàÿ èíòåãðàöèÿ ñ èíñòðóìåíòàìè îòëàäêè, ñèñòåìàìè
êîíòðîëÿ âåðñèé è äðóãèìè êîìïîíåíòàìè DevOps. Êðîìå òî-
ãî, ìóëüòèìîäàëüíûå âîçìîæíîñòè (íàïðèìåð, ñîâìåñòíîå èñ-
ïîëüçîâàíèå òåêñòà, êîäà, ãðàôèêè) ïîêà èñïîëüçóþòñÿ ñëàáî,
÷òî îãðàíè÷èâàåò ïîòåíöèàë ýòèõ ìîäåëåé. Ðàçâèòèå ãèáðèä-
íûõ ñèñòåì, êîòîðûå îáúåäèíèëè áû ðàçíûå èñòî÷íèêè äàííûõ
è ñïîñîáû âçàèìîäåéñòâèÿ, ñòàíåò âàæíûì øàãîì äëÿ ïîâûøå-
íèÿ èõ ïðàêòè÷åñêîé öåííîñòè.

Ñîâðåìåííûå LLM óæå îêàçûâàþò çíà÷èòåëüíîå âëèÿíèå íà ðàçðà-
áîòêó ïðîãðàììíîãî îáåñïå÷åíèÿ, àâòîìàòèçèðóÿ ðóòèííûå çàäà÷è è
îòêðûâàÿ íîâûå âîçìîæíîñòè äëÿ ñîçäàíèÿ ïðîãðàììíûõ ïðîäóêòîâ.
Îäíàêî èõ ïîòåíöèàë äàëåêî íå èñ÷åðïàí, è ìû óâåðåíû, ÷òî äàëüíåé-
øåå ðàçâèòèå ýòèõ òåõíîëîãèé ñïîñîáíî ïðèâåñòè ê ðåâîëþöèîííûì
èçìåíåíèÿì â èíäóñòðèè ðàçðàáîòêè ïðîãðàììíîãî îáåñïå÷åíèÿ.
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corresponding evaluation metrics. Additionally, we describe state of the
art open weight models for working with source code.
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