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Machine learning for digital circuit backend design
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The Chinese University of Hong Kong，Hong Kong SAR，999077，China）

Abstract: Backend design automation bridges logic design and manufacturing in modern integrated circuit (IC) design flow. It is

crucial to the eventual design closure. Backend design in the modern design flow needs to consider constraints from both high-level

design and low-level manufacturing. With the continuous increase in design complexity and aggressive shrinking of feature sizes,

various new challenges have emerged in backend design, espectially in modeling and optimization tasks. To tackle these challenges,

machine learning has been intrdouced to backend design automation for efficient modeling and effective optimization. This paper

will introduce the typical IC design flow, what macchine learning can do in the backend design, and what the literature has explored

on machine learning assisted backend design automation.
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1 机器学习辅助数字后端设计简介

1.1 数字设计流程及挑战
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图1 数字设计流程

Fig.1 The digital design flow

1.2 机器学习辅助数字后端设计
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2 物理设计
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䗪ꅌ㙨ꪍ溸駦駉閕埛նMirhoseini瞏[4]䳀⮃㸞㴥⩧
䉘㹾䬂骮╬䒩㳔▣ꭄ뀨䌔駕绿冝茤✅㸞缕㴼蛚
曩溸䨿劔㴥⩧侒翞⯒曬㎽杅㴼⛻翞┪ն❈氠䒩
㳔▣溸Ⲙ勨儱♈ꁩ⹜溸缋돂╚㳔▣䌔䳀둛㸉㴥⩧
䉘㹾溸茤ⲇնꄽꁩ㐃㝕ꓪ䉘㹾駦駉┪駕绿冝茤✅
⺪♨裯䕒㹻⺪茤㝃溸缋돂䳀둛冝茤✅溸峅茤ⲇն
◜㵄┪广䍳䒩㳔▣做岻┯괛锢冝茤✅潳䱹气䧯
䨿劔㴥⩧溸⛻翞脯儱㐃┞婢┞婢侒翞㴥⩧ն
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图2 物理设计与图像分类具有相似性

Fig.2 The similarity between physical design and image clas‐

sification
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⬮⩧ն⪼做呿╬♈羱銩╚䳀⺆㎽缏卐杅䔰⾕朮槏
杅䔰䌔㸞⪼ꀂ⪝⯒┞◲劔侞溸⮕稝㊮❛㠁玘缋羱
缘㸉俚䰕ꆒꀀ鴤䔴溸䉘㹾埛䑑ꂛ鉿⮕稝⫙周䰕⮕
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稝ꂛ鉿ꦎ㸉俚䰕鴤䔴溸䉘㹾ն
劅ꂀ溸煝疵㸉劅㝕ꮺ䍳㐌⯈氠 GPU 駉砯鰑徏

Ⲏꅌ䉘㹾䳀⮃◗ꓧ瓨爛䑑溸做呿նLin瞏[11]䳀⮃
DREAMPlace䉘㹾㊮騍䉘㹾㊮㸞⪢㹾䉘㹾溸⚳ꭄ
뀨鿛╬玘缋羱缘駕绿ꭄ뀨♨➬⯈氠㐃广䍳㳔▣
╚䌦峅❈氠溸䈰⪾ PyTorch♨㴼⯜溸⫐呦⾕ꁾ
砯睋㐃GPU┪㵄楓Ⲏꅌն DREAMPlace儱㕈◟ Lu

瞏[12]䳀⮃溸㕈◟귿氲槏駢溸䉘㹾砯岻駦駉溸ն㸞䉘
㹾⾕羱銩䐮埛╬┞╗귿氲笡缛䌔ꄽꁩ瑠俆✍䒀⺈
䰄寛闌岪卄做瓨䪨⯒⪾劔劅⛽氲茤溸䌐銝枱䘒ն┱
劅⩰ꂛ溸㝃绻瓨䉘㹾㊮潸嬠DREAMPlace⺪♨㐃┯
ꮴ⛽䉘㹾鯵ꓪ溸䝠⬔┬㵄楓 30⠩♨┪溸Ⲏꅌն

┞◲煝疵䈰✑□㹅駽㸞勨㊮㳔▣做岻氠◟䈰⪾
俚ꄑ䭃նAgnesina瞏[13]♨ FPGA䉘㹾䉘绻╬潨吙
卐䐮㝃╗埛㒘匡Ⲏ䗪罒駹僓ꭊնꂘ◲埛㒘㸞羱銩⮕
╬矻稝⾕㎧걾稝ꦎ㸉┯⻎溸稝ꄑ䭃┯⻎溸埛㒘
氠◟뀔嵱劅✲䈰⪾俚䧶뀔嵱罒駹僓ꭊնꂘ뀉䈰✑
❈氠㕛⺖埛㒘溸瞬汻ⷬ ⯈氠绻䙎㎈䓛㸞⻄璀埛㒘
溸ꀂ⮃┱┯⻎溸砯岻潸缏⻉նAgnesina瞏▇⻑❈氠
㕈◟ actor-critic溸广䍳䒩㳔▣匡騫俠ASIC䉘㹾ꮕ
嫙溸䈰⪾俚ն广䍳䒩㳔▣╚㴼▄溸枱䘒state
䭇羱銩杅䔰⾕䓝⯼䈰⪾俚ն⪼╚羱銩杅䔰
◗䩘䈰䳀⺆溸杅䔰⾕㎽玘缋羱缘蔦Ⲙ㳔▣溸杅
䔰═脢ꌬ錻⚿ꄨ缕multi-head actor/critic玘缋羱缘
䌔㸞潨吙㞝Ⲥ駦翞╬⭀㸵绻ꪍնXie瞏[14]□䳀⮃
◗┞璀蔦Ⲙꄑ䭃䈰⪾俚溸做岻ⷬ ❈氠㕈◟臔稝
溸ꓠ呤做岻♈䉂劔駦駉╚裯⺆焒駮♈脯駕绿┞╗
㕈◟吤溸♣槏埛㒘surrogate modelն

Lu瞏[15]⯈氠广䍳㳔▣鿴ⲙ寛闌⮕ⰼ┩缰겐䧯氲
鴤溸ꭄ뀨ն눢⩰㸞羱銩鿛䰄╬㎽銩ꁒ裯⺆茤㝉⮕ⰼ
嬓╗缏掾溸杅䔰劅⻑ꓠ氠Ⲏ勶k㐭⡽砯岻裯䕒긖璺䌐
銝溸⮕ⰼ闌ն稝⛤◟Agnesina瞏[16]溸䈰✑♑♰溸杅䔰
䩘䈰䳀⺆溸杅䔰⾕㎽玘缋羱缘蔦Ⲙ㳔▣溸杅䔰ն
2.2 时钟树综合

僓ꦥ⢟䈽clock skew儱⛓駉僓ꦥ䙎茤溸㕈勔
䭰吙ն楓劔䈰✑䉂缋銩僻⟶侊ꨇ㲾㊮䉘㹾⛻翞儱
┞璀茤㝉劔侞⭀㸵㹾ꌄ僓ꦥ吤氲㵽溸做岻[17]ն潨⯼
㲾㐃 3璀ꨇ㲾㊮䉘㹾⟶侊䪫勘ꨇ㲾㊮瓌⛻յꨇ㲾㊮
臔稝⾕ꨇ㲾㊮缀⻉ն╬◗⭀㸵氮◟㹾ꌄ僓ꦥ吤㸍蔺

溸뀭㜾ⲍ腅Ward瞏[18]╬嬓╗䈰虪䳀❵⚳ꁩ溸ꨇ
㲾㊮礝䉘㹾埛曬ն▇⻑㐃朮槏駦駉ꮕ嫙ꓠ氠勨㊮㳔
▣埛㒘䗪ꅌꄑ䭃劅⚳溸埛曬㸉ꨇ㲾㊮礝ꂛ鉿䉘㹾ն
Lu瞏[19]䳀⮃◗GAN-CTS㴋❈氠气䧯㸉䫏羱缘⾕䒩
㳔▣ꂛ鉿僓ꦥ吤뀔嵱ն㠁㎽ 3䨿獏㸞闒㊮⮕
䉘յ僓ꦥ羱缘⮕䉘⾕㵄돂䉘绻缏卸✑╬ꀂ⪝㎽⦑⯈
氠㐃 ImageNet俚䰕겐┪뀔駕绿溸 ResNet-50羱缘╢
䱹┪蝄䌏⪢ꂞ䱹㺂ꂛ鉿杅䔰䳀⺆ն騍呻厜⯈氠匜
⚂气䧯㸉䫏羱缘⚳僓ꦥ吤⪼╚气䧯㊮氮㎈䓛
埛㒘䨿卐䧯 䌔ꓠ氠瞬汻唨䍳砯岻⚳僓ꦥ吤
缸⻉ն

图3 时钟树综合的特征提取流程

Fig.3 The feature extraction of clock tree synthesis

2.3 布 线

䉘绻婢돚㸞㺲◟潸⻎⟥⺵溸⩧䑜荕㐃朮槏┪
ꄽꁩꓭ㺲绻ꂞ䱹鱎匡ն㠁㎽ 4䨿獏Yu瞏[20]⾕ Ala‐

wieh 瞏[21]䍎氠气䧯㸉䫏羱缘匡㳔▣ FPGA䉘㹾⾕䉘
绻䬿㗶▇ꭊ溸潸⪸䙎նYu瞏[22]䳀⮃◗┞╗䑜荕⺪駧
ꭄ䙎뀔嵱埛㒘匡侊ㄌ䉘㹾缏卸ꄽꁩ卶╱䪨⯒嬓═
╗䑜荕▇ꭊ溸劅✲ꭊ鴈նHung瞏[23]⾕ Liang瞏[24]⮕
⯋侊ꂛ◗羱缘埛㒘❈⪼⺪氠◟㐃⪢㹾䉘绻⾕䉘㹾
ꮕ嫙⻑㸉駦駉閕⮯ꂝ❛ꂛ鉿뀔嵱ն

䉘绻ꁩ瓨儱┞뀉긌䊬㜩勵┻腅僓溸⚈ⲏ䔻걾
ꄽꁩ绫勨㊮㳔▣做岻匡闌⬑ն㎌婟㸞勨㊮㳔▣埛㒘
⾕⚿缛砯岻潸缏⻉儱䔻劔⯼冎溸做⻔❛㠁ꓠ氠勨
㊮㳔▣埛㒘⢳⮃溸鿞⬑瞬匡䭰㸍䉘绻[25]նꄽꁩꂘ璀
做䑑⺪♨㐃⟛䭥⚿缛砯岻甯⣍䙎溸⻎僓裯䕒剳㟲溸

14



䕼 绯 氲 㲳 ┱ 冝 茤 ⯜ ꅐ 睘 3ⷳ

䙎茤ն勔倁ꂖ間㷌⯒㐃俚㲼⻑盛嵤瓨╚㝃╗┯⻎
㵄楓做䑑ꌬ⺪茤ꁒ⯒潸⻎溸䙎茤[25]ն脞軭⯒⭠▊屳
劔♈ꀂ⪝⯒ꀂ⮃溸┞㸉┞儙㸛漳瀥㳔▣做岻⺪鉿䙎
鿲⛽նꂘ□儱䌦峅❈氠气䧯做岻❛㠁气䧯㸉䫏羱
缘溸ⸯ㎌㎌╬㴋䔻㟲㐌⟛汧◗┪ꃎ┞㸉㝃儙㸛溸
蔦氮䍳ն

ꯙ◗䬿㗶뀔嵱Qu 瞏[26]間㷌⯒䌦峅❈氠溸뀊
䍈䉘绻砯岻╚䉘绻뀊䍈⚷兇詇䔕⿱䉘绻鯵ꓪ[27]㹐
⪼儱駦駉閕⮯ꂝ❛溸俚ꓪն倁桬[26-27]ꂖ䳀⮃◗┞
璀㕈◟䒩㳔▣溸砯岻匡㳔▣䉘绻䱗䍈瞬汻♈脯
劅㝕ꮺ䍳㐌⭀㸵氮◟羱缘杅䔰䨿㸍蔺溸駦駉閕⮯ꂝ
❛ն轇撬㐃䒩㳔▣╚ꄽ䊬嬓╗ꀂ⪝駦駉ꌬ錻閗╬
┞╗┯⻎溸楒㘷⛰ꄽꁩ侊ꂛ䒩㳔▣╚溸冝茤✅
羱缘厜卐⺪♨❈⪼ꃿ氠◟┯⻎溸駦駉ն

勨㊮㳔▣┯☹㐃缋⪿溸駦駉嵤瓨劔侞㴋ꂖ⺪
♨㐃⮕✅⯜ꅐ瞏㴘⪢⯜ꅐ㐙冎┬㵄楓⻔䈰瓨նLi
瞏[28]⾕ Zeng瞏[29]䧯ⲍ⯈氠⛽㺂溸㴟俠⟥䛉ꓨ䐮◗鿲
둛ꓭ㺲㺂溸◧ꂞ⪸笡ն潸⪸䪫勘⺪♨뀔嵱═╗䑜荕
㐃鿲둛ꓭ㺲㺂◧ꂞ溸⺪茤䙎劔ⲙ◟ꓨ䐮俠╗蛚曩ն
2.4 电源/地网络

❵氲羱缘駦駉儱┞뀉㜩勵溸ꃆ♣⚳⚈ⲏ㸉
蛚曩溸䙎茤յ긖璺⾕䧯勔劔䔻㝕䔕⿱ն╬◗⭀㸵駦
駉僓ꭊ劅ꂀ溸煝疵⪸峜㕈◟勨㊮㳔▣溸氲ꮞ⸐ꮴ
⛓駉ն♨䔯溸䈰✑ꄽ䊬ꓠ氠㕈◟⚑澶溸氲ꮞ⸐ꮴ⮕
卥[30-31]ն撬脯傽漩㜩勵溸蛚曩駦駉❈䕒㕈◟⚑澶做
岻溸氲ꮞ⸐ꮴ⮕卥侞椚⛽┬ն氲ꮞ⸐ꮴ⺪⮕╬═
稝귿䘒⾕Ⲙ䘒ն귿䘒氲ꮞ⸐ꮴ╭锢氮❵氲羱╚ꓭ
㺲绻溸氲ꮞ䑜鱎脯Ⲙ䘒氲ꮞ⸐ꮴ⮯氮⟥⺵⮘䰄⾕
㹾ꌄ氲嵤峒Ⲙ䑜鱎溸ն IncPIRD⯈氠 XGBoost㸉귿
䘒氲ꮞ⸐ꮴꂛ鉿㙨ꓪ뀔嵱杅⯋儱匡蔦朮槏駦駉侊
Ⲙ䑜鱎溸氲ꮞ⸐ꮴ⡽⺈[32]ն脯㸉◟Ⲙ䘒氲ꮞ⸐ꮴ

⛓駉Xie瞏[33]䳀⮃◗ PowerNet㸞氲ꮞ⸐ꮴ⛓駉䐮
埛╬㎈䓛ꭄ뀨뀔嵱┯⻎⛻翞溸氲ꮞ⸐ꮴ⡽նꂘ뀉
䈰✑䑜⪝◗劅㝕ⷳ璺玘缋羱缘砯岻匡뀔嵱劅㝕氲
ꮞ⸐ꮴն婟㜾PowerNet⪾劔⺪ꁙ瓌⯒假駦駉溸茤
ⲇն脯㝕㝃俚⩰⯼溸煝疵⺢茤氠◟杅㴼溸駦駉╚
㲾㐃┞㴼溸㹾ꮺ䙎ն劅ꂀ溸┞뀉䈰✑ GridNet䳀⮃
◗┞璀⯈氠匜⚂㸉䫏羱缘⮕卥匡蔦氲ꁙ瓌溸氲ꮞ⸐
ꮴ[34]ն騍呻厜㸞僓ꭊ⾕ꄑ㴼溸氲官杅䔰✑╬ꀂ⪝㎽
⦑ꀂ⮃╬氲⸐儙㸛㎽նꂖ劔䈰✑➆ꓨ閕⮦⾕䉘㹾
婢돚╚❵氲羱缘溸缸⻉ꭄ뀨[35]ն騍䈰✑駦駉◗┞╗
⺪䭞䱹埛升䍍匡銩獏⛻◟┯⻎㺂溸❵氲羱缘ն駕绿
ꮕ嫙ꓠ氠埛䬸ꃹ挩匡ꄑ䭃埛升ն䲀槏ꮕ嫙⮯⮕⯋ꓠ
氠⪢ꂞ䱹玘缋羱缘⾕ⷳ璺玘缋羱缘ꄑ䭃閕⮦ꮕ嫙⾕
䉘㹾ꮕ嫙溸埛升նCao瞏[36]駕绿蝄䌏╗勨㊮㳔▣埛
㒘匡뀔嵱❵氲羱缘溸鯵ꓪ㘋銣┯⬮燛⛰䗪ꅌ溸⛓
駉䈰⪾┱⬮燛⛰罏䢌溸矸呦䈰⪾▇ꭊ溸䈽鴈ն
3 光刻仿真与掩膜综合

⩱⯤儱蛚曩⯜ꅐ溸ꓨ锢楒虹ն氮◟嵤曩䧯勔둛
僧㐃嵤曩⯼㸉䲁葬ꂛ鉿⺪⯜ꅐ䙎돂駩儱䖪┯⺪㸵
溸楒虹ն⚿缛⩱⯤⚑澶┱돂駩溸駉砯♣⚃둛僧䧯
╬◗駦駉嵤瓨溸殭뀘ն嬠㠁 Synopsys Sentaurus Li‐

thography[37]ꂘ稝ガ氠朮槏绣⯋║呬⩱⯤⚑澶鿞⚂
㐃 2 μm×2 μm䲁葬⮘曩┪姍⚑澶괛锢腅僓⭠⮕
ꦥ脞軭⸦䲁葬ꂀ⛤埛㒘溸⚑澶僓ꭊն脯┞뀧㜘槏
㊮蛚曩⺪♨⮕闌╬溯┧蔸ⶨ┧╗⻎呤㝕㸰溸⮘曩ն
갫濫ꂀ䌑溸勨㊮㳔▣뀖㔔溸痓낚桍ꂛ䍎氠勨㊮㳔
▣做岻劂♣䧶鿴ⲙ⩱⯤뀖㔔溸⚿缛砯岻䧯╬┞璀
鱶ⲹն⻎僓勔倁峜䟩⯒⩱⯤뀖㔔溸ꭄ뀨┱駉砯勨
閗閚뀖㔔溸ꭄ뀨劔䔻둛溸潸⛤䙎㸞駉砯勨閗閚뀖
㔔溸玘缋羱缘埛㒘䍎氠⯒⩱⯤ꭄ뀨䉂㐃⩱⯤⚑澶յ

图4 FPGA布线预测的特征输入与拥挤度输出

Fig.4 Feature input and congestion output in FPGA routing prediction
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⚳յ돂駩瞏做긖⺆䕒◗┯ꨟ溸䧯卸[38]ն潨⯼勨㊮
㳔▣㐃⩱⯤潸⪸溸䍎氠╭锢䭇⩱⯤埛㒘䲁葬⚳
曬㎽⺪⯜ꅐ䙎뀔嵱⾕曬㎽㎽䓺气䧯ն
3.1 光刻模型

⩱⯤埛㒘┞薮═╗ꮕ嫙睘 1ꮕ嫙儱⩱㳔埛
㒘optical model睘 2 ꮕ嫙儱⩱⯤茓埛㒘 resist
modelն㠁㎽ 5䨿獏⩱㳔埛㒘⚑澶⩱ꄽꁩ䲁葬攍㸛
⯒⩱⯤茓䓺䧯溸⩱䒩⮕䉘疿ꭊ⦑⩱⯤茓埛㒘⚑
澶⩱䒩⮕䉘㐃⩱⯤茓┪䓺䧯溸㎽呿⩱⯤茓㎽呿ն
⩱㳔埛㒘┞薮⮕╬賺䲁葬ꂀ⛤⾕⸦䲁葬ꂀ⛤ն⪼╚
賺䲁葬ꂀ⛤ⷬ Kirchhoffꂀ⛤┯脞軭䲁葬溸 3D侞
䍎ն朮槏绣⯋溸⸦䲁葬ꂀ⛤轇撬剳窢⬮⛰⚑澶腅
僓ꪍ駉砯♣⚃둛㎌婟Ye瞏[38]䳀⮃㸞䲁葬閗╬⦑筷
㎽㸞⩱㳔埛㒘稝嬠╬駉砯勨閗閚╚溸㎽⦑气䧯ꭄ
뀨ն⯼☭卐䐮◗㕈◟匜⚂气䧯㸉䫏羱缘溸 TEMPO

埛㒘气䧯┯⻎둛䍳匜⚂┬溸⩱䒩⮕䉘潸嬠◟⚿
缛溸朮槏绣⯋║呬⚑澶ꁒ⯒ 100 ⠩♨┪溸Ⲏꅌ
侞卸ն

갫濫䈰虪虹掾溸悎ꂛ⚿缛ꂀ⛤⩱⯤茓埛㒘
compact resist modelꄢ庱걾♨怮鳉窢䍳锢寛[39]ն
Watanabe瞏[40]䳀⮃❈氠ⷳ璺玘缋羱缘⺪♨剳⬮燛㐌
䐮皒⩱⯤茓埛㒘ն氮◟駕绿ⷳ璺玘缋羱缘裯⺆剳둛
溸⬮燛椚괛锢㝕ꓪ溸俚䰕Lin瞏[41]䳀⮃❈氠ꁙ瓌㳔
▣⾕╭Ⲙ㳔▣䪫勘⭀㸵駕绿䨿괛锢溸俚䰕ꓪ㵄楓
㐃┯⻎䈰虪虹掾埛㒘▇ꭊ溸ꁙ瓌ն

图5 光刻仿真成像过程[40]

Fig.5 Imaging process in lithography simulation [40]
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3.2 掩膜优化
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图6 逆向光刻图形技术[44]

Fig.6 Reverse lithograph pattern technology [44]

3.3 版图可制造性预测
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图7 光刻热点检测示例[50]

Fig.7 An example of lithography hotspot detection [50]
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3.4 版图图形生成
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