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Τοδڥ؀ʹ͓͚Δ஌త৘ใॲཧʹ͚ͨ޲

௿ফඅిྗϓϩηοαΞʔΩςΫνϟʹؔ͢Δڀݚ

࿦จཁࢫ

ຊڀݚ͸ɺΤοδڥ؀ʹ͓͚Δ௿ిྗͳਓ޻஌ೳͷ࣮ݱΛଅਐ͢Δɺ஌తͳ৘ใॲཧ

ΛऔΓೖΕͨϓϩηοαͷΞʔΩςΫνϟʹؔ͢Δ΋ͷͰ͋Δɻ

৘ใॲཧ͸ɺΤοδσόΠεͰऩू͞ΕͨσʔλΛωοͨ͠༺׆஌ೳΛ޻೔ͷਓࠓ

τϫʔΫͰूੵ͠ɺ σʔληϯλͷੑߴೳͳίϯϐϡʔλ͕ूதతʹॲཧ͢Δ࢓૊Έ

Λऔ͍ͬͯΔɻ͔͠͠ɺूੵ͞ΕΔσʔλྔͷരൃతͳ૿Ճ΍ɺݸਓ৘ใͳͲͷσʔ

λʹର͢ΔηΩϡϦςΟҙࣝͷߴ·Γ͔ΒɺΤοδࣗମʹΦϑϥΠϯԼͰ΋ػೳ͢Δ

ਓ޻஌ೳΛ౥͢ࡌΔඞཁੑ͕এ͑ΒΕ͍ͯΔɻΤοδσόΠεͷଟ͘͸ి஑༰ྔ΍ܭ

༺ΉͨΊʹ͸ɺઐࠐ஌ೳΛຒΊ޻ਓ͍ߴෛՙͷࢉܭʹΒΕ͓ͯΓɺ͜ΕΒݶೳ͕ੑࢉ

ॲཧճ࿏Λ༻͍ͨిྗޮ཰ͷ্͔͕ͤܽ޲ͳ͍ɻͦ͜ͰຊڀݚͰ͸ɺΤοδʹ૊Έࠐ

·ΕΔϓϩηοα΁ͷԠ༻ΛࠐݟΈɺ(1)CPUࣗମͷిྗޮ཰Λ্ͤ͞޲Δ൚༻ΞΫη

ϥϨʔλͱֶशܕ෼ذ༧ଌثͷ։ൃɺ(2)ෆੑൃشϝϞϦΛਂ૚ֶशճ࿏ͱͯ͠ར༻͢

ΔͨΊͷֶशଇͷ։ൃʹऔΓ૊Μͩɻ

CPU͸͋ΒΏΔԋࢉΛ࣮ߦͰ͖Δ͕ɺͦͷফඅిྗͷ͏ͪԋࢉ༝དྷͷిྗ͕઎ΊΔ

ׂ߹͸ 10%΄ͲͰ͔͠ͳ͍͜ͱ͕஌ΒΕ͍ͯΔɻͦͷଞͷ΄ͱΜͲͷిྗ͸ɺϝϞϦ

ΞΫηε΍CPUࣗମͷ੍ޚͰੜ͍ͯ͡Δɻಈతߏ࠶੒ΞΫηϥϨʔλ͸ɺେྔͷԋࢉ

ࢉΛ༻͍ͯϓϩάϥϜͷҰ෦ΛCPUͷ୅ΘΓʹฒྻॲཧ͢Δ͜ͱͰɺ͜ΕΒͷඇԋث

ґଘిྗΛॖখ͠ɺ͞Βʹ࣮ߦ଎౓΋Ճ଎ͤ͞Δɻ·ͨɺϓϩάϥϜ࣮ߦதʹԋثࢉ

ؒͷ઀ଓ৘ใ͕ಈతʹ੾Γସ͑ΒΕΔͨΊɺଟ༷ͳϓϩάϥϜʹରԠͰ͖Δɻ͔͠͠ɺ

͜ͷߏ࠶੒࣌ʹੜ͡Δిྗ͕٫ͬͯશମͷফඅిྗΛҾ্͖͛ͯ͠·͍͔Ͷͳ͍ܽ఺

Λซͤ࣋ͭɻຊڀݚͰ͸ɺϓϩάϥϜͷίϯτϩʔϧɾσʔλϑϩʔʹண໨ͯ͠ɺԋ

ڐ੒Λߏ࠶഑ઢͷ͏ͪɺσʔλͷґଘੑ͕มԽ͠ಘΔσʔλύεʹͷΈಈతͳؒثࢉ

͢͜ͱͰɺॊೈੑͱిྗޮ཰Λཱ྆͢ΔΞΫηϥϨʔλΛ։ൃͨ͠ɻ

ԋࢉҎ֎ͷిྗΛ͢ݮ࡟Δख๏ͱͯ͠ɺ෼ذ༧ଌثͷߴਫ਼౓Խ΋༗ޮͰ͋Δɻࠓ೔

ͷ RISCΞʔΩςΫνϟʹͮ͘ج CPU͸ɺ͓Αͦ 10ஈҎ্ͷਂ໋͍ྩύΠϓϥΠϯ

Λ༗͍ͯ͠Δɻ෼ذ༧ଌʹࣦഊ͢ΔͱɺύΠϓϥΠϯΛҰ࣌ఀͯ͠ࢭॲཧ్தͷ໋ྩ

ΛΫϦΞ͠ɺ͞ΒʹϝϞϦ͔Βద੾ͳ໋ྩ΍σʔλΛಡΈग़͠௚͞ͳ͚Ε͹ͳΒͳ͍ɻ

͕ͨͬͯ͠ɺύΠϓϥΠϯ͕ਂ͍ϓϩηοα΄Ͳ෼ذ༧ଌਫ਼౓ʹΑΔফඅిྗ૿ݮͷ

ӨڹΛड͚΍͍͢ɻຊڀݚͰ͸ɺϕΠζͷఆཧʹͮ͘ج౷ܭతػցֶशͷख๏ΛऔΓ



ೖΕͨ෼ذ༧ଌثΛ࣮ࡍͷιϑτίΞCPU΁ϨδελసૹϨϕϧͰ૊ΈࠐΈɺ༧ଌਫ਼

౓ͱফඅిྗΛγϛϡϨʔγϣϯͨ͠ɻͦͷ݁Ռɺ੩తͳ෼ذ༧ଌثͱൺ΂ͯճ࿏ن

໛͕ڊେԽ͢Δ΋ͷͷɺਫ਼౓্޲ʹ൐͍ফඅిྗ͕͞ݮ࡟ΕಘΔ͜ͱΛࣔͨ͠ɻ

্ड़ͨ͠Α͏ͳCPUͷޮྗిߴ཰ԽΛ΋ͬͯͯ͠΋ɺ௿ిྗͳਓ޻஌ೳϓϩηοα

ͷ࣮ݱʹ͸ෆे෼Ͱ͋Δɻࡏݱͷਓ޻஌ೳٕज़͸χϡʔϥϧωοτϫʔΫ͕جຊܗͰ

͋Δ͕ɺχϡʔϥϧωοτϫʔΫʹΑΔ৘ใॲཧͷ΄ͱΜͲ͸৴߸ͱγφϓε݁߹ॏ

Έͷੵ࿨ԋࢉͷ܁Γฦ͠Ͱ͋Δɻ͕ͨͬͯ͠ɺ໋ྩ͓ΑͼσʔλΛஞ࣍ಡΈग़͢ϊΠ

ϚϯܕͷΞʔΩςΫνϟͱ͸ɺ૬ੑ͕ྑ͘ͳ͍ͱ͍͑Δɻͦ͜Ͱ࣍ʹɺ௿ిྗͳෆش

ൃϝϞϦͱͯ͠ظ଴͞Ε͍ͯΔϝϞϦελΛਂ૚ֶशʹ͓͚Δੵ࿨ԋࢉճ࿏ͱͯ͠ར

༻͢ΔͨΊͷɺֶशख๏ͷ։୓ʹऔΓ૊Μͩɻ

ϝϞϦελ͸ిྲྀ΍࣓৔ͳͲͷ֎తཁҼʹΑΓ఍͕߅มԽ͢ΔૉࢠͰ͋Δɻຊདྷ͸

ͦͷ఍߅஋Λར༻ͯ͠৘ใΛهԱ͢ΔϝϞϦͱͯ͠༻͍ΒΕΔ͕ɺฒྻʹ઀ଓ͞Εͨ

ϝϞϦελʹ੒Γཱͭిྲྀ͓ΑͼిѹଇΛར༻͢ΔͱɺχϡʔϥϧωοτϫʔΫͷੵ

࿨ԋࢉΛΞφϩάճ࿏తʹॲཧ͢Δ͜ͱ͕Ͱ͖Δɻ·ͨɺϝϞϦελࣗମ΋௿ిྗಈ

Ͱ͸ɺڀݚ଴͞ΕΔɻຊظ͕༺ΔϝϞϦͰ͋Γɺ௿ిྗͳਂ૚ֶशճ࿏ͱͯ͠ͷԠ͢࡞

͢༺ΈχϡʔϥϧωοτϫʔΫʹརࠐ૚͞ΕͨϝϞϦͷۭؒతಛ௃Λਂ૚৞Έੵݩ3࣍

ΔͨΊͷֶश๏Λ։ൃͨ͠ɻఏҊख๏͸ɺֶश੍ޚΛ؆ૉԽ͢ΔͨΊͷϑΟϧλॏΈ

ඇڞ༗ԽͱɺϝϞϦͷߏ଄ʹదͨ͠૚ຖࢣڭͳ͠ࣄલֶशͷ 2఺Ͱಛ௃෇͚ΒΕΔɻಘ

ΒΕΔہॴ݁߹৞ΈࠐΈDeep Belief Network͸ը૾ͷಛ௃நग़ثͱͯ͠ػೳ͠ɺ͞Β

ʹະ஌ͷσʔληοτʹ͍ͨ͢ΔసҠֶशػೳ΋༗͢Δ͜ͱ͕ࣔ͞Εͨɻ

·ͨɺ2࣍ݩϝϞϦΛ༻͍ͨશ݁߹χϡʔϥϧωοτϫʔΫͷͨΊͷɺ࣮૷ૉࢠ਺Λ

൒͢ݮΔֶश๏΋։ൃͨ͠ɻϝϞϦελʹΑΔχϡʔϥϧωοτϫʔΫ͸ɺਓ޻χϡʔ

ϩϯͷγφϓε݁߹ʹ͓͚ΔॏΈͷਖ਼ෛූ߸Λදͨ͢Ίʹɺ1ݸͷγφϓεΛ ͷૉݸ2

ͷγφϓεΛݸΔඞཁ͕͋ͬͨɻ1͢ݱͰදࢠ ΔͨΊʹ͸ɺ͋Β͑׵Ͱஔ͖ࢠͷૉݸ1

͔͡ΊॏΈͷූ߸Λ஌Δඞཁ͕͋Δɻͦ͜ͰɺॏΈͷූ߸ΛॳظԽ࣌ͷঢ়ଶͰݻఆͨ͠

··ֶशͤ͞Δํ๏ΛߟҊ͠ɺූ߸ඇ੍໿Լͱಉ౳ͷೳྗΛֶश͠ಘΔ͜ͱΛࣔͨ͠ɻ

Ҏ্ɺຊ࿦จʹڀݚͨ͠ه͸ɺΤοδσόΠεʹ૊Έࠐ·ΕΔϓϩηοαʹ͓͍ͯɺ

CPUͱϝϞϦ಺৘ใॲཧͷ྆؍఺͔Β௿ফඅిྗԽʹد༩͢Δ΋ͷͰ͋Δɻίϯϐϡʔ

λͷྺ࢙ͱಉ༷ʹɺਓ޻஌ೳٕज़΋·ͨɺ਎ۙͳσόΠεʹ͢ٴී͘޿Δ͜ͱͰߋͳ

ΔൃలΛ਱͛ΔͰ͋Ζ͏ɻ͜ΕΒͷ͕ڀݚɺখ͞ͳిྗͷΤοδਂ૚ֶशͷ࣮ݱͱɺਓ

଴͢ΔɻظΔ͜ͱΛ͢ݙߩʹͳΔ֦େߋ஌ೳٕज़ͷ޻
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4

ୈ1ষ ং࿦

1.1 ࢫͷओڀݚ

ຊڀݚ͸ɺΤοδڥ؀ʹ͓͚Δ௿ిྗਓ޻஌ೳͷ࣮ݱΛଅਐ͢Δɺ஌తͳ৘ใॲཧ

ΛऔΓೖΕͨϓϩηοαͷΞʔΩςΫνϟʹؔ͢Δ΋ͷͰ͋ΔɻωοτϫʔΫʹྲྀΕ

Δσʔλྔͷരൃత૿Ճ΍ηΩϡϦςΟҙࣝͷߴ·Γʹ൐͍ɺਓ޻஌ೳΛ༻͍ͨ৘ใ

ॲཧγεςϜΛɺσʔληϯλू໿͔ܕΒΤοδ෼ܕࢄ΁స͢׵Δඞཁʹͤ·ΒΕͯ

͍Δɻࡏݱͷਓ޻஌ೳٕज़ͷओྲྀͰ͋Δਂ૚ֶश͸ࢉܭෛՙ͕͘ߴɺΤοδσόΠε

্ͰϦΞϧλΠϜ͔ͭখ͞ͳిྗͰԋ͢ࢉΔͨΊʹ͸ɺϋʔυ΢ΣΞɾΞʔΩςΫνϟ

ͷޮ཰Խ͸ආ͚ͯ௨Εͳ͍ɻͦ͜ͰɺϝϞϦελΛ༻͍ͨਂ૚ֶश༻௿ిྗੵ࿨ԋࢉ

ߴͳपลॲཧΛ୲͏CPUΛൣ޿ͷͨΊͷֶशํ๏ͷ։୓ɺ͓Αͼਂ૚ֶशͷͨΊͷث

ిྗޮ཰Խ͢ΔΞʔΩςΫνϟͷ։ൃʹऔΓ૊Μͩɻ

CPUͷԋੑࢉೳΛ௿Լͤͣ͞ʹফඅిྗΛ௿ͤ͞ݮΔͨΊʹ͸ɺϝϞϦΞΫηε΍

CPUࣗମͷ੍ޚͰੜ͡ΔిྗΛॖখͤ͞Ε͹Α͍ɻಈతߏ࠶੒ΞΫηϥϨʔλ͸ɺେ

ྔͷԋثࢉʹΑΔ໋ྩͷฒྻॲཧͱɺϓϩάϥϜ࣮ߦதͷಈతͳσʔλύεߏ࠶੒ʹ

Αͬͯɺ༷ʑͳϓϩάϥϜΛߴ଎͔ͭ௿ిྗ࣮͢ߦΔɻຊڀݚͰ͸ɺߏ࠶੒͞ΕΔσʔ

λύεΛɺ෼ྩ໋ذʹΑΓΦϖϥϯυͷґଘੑ͕มԽ͠ಘΔՕॴͷΈʹ੍͢ݶΔ͜ͱ

Ͱɺಈతߏ࠶੒ͷͨΊͷిྗΦʔόʔϔουΛ཈੍͠ɺॊೈ͔ͭޮྗిߴ཰ͳݶఆత

ಈతߏ࠶੒ΞΫηϥϨʔλΛ։ൃͨ͠ɻ·ͨɺਂ໋͍ྩύΠϓϥΠϯΛ༗͢Δࠓࡢͷ

CPUʹ͓͍ͯ͸ɺ෼ذ༧ଌͷࣦഊ͸ిྗޮ཰Λஶ͘͠ѱԽͤ͞Δɻͦ͜ͰɺϕΠζͷఆ

ཧʹͮ͘ج౷ܭతػցֶशख๏ΛԠ༻ͨ͠୯७ϕΠζ෼ذ༧ଌثΛιϑτίΞCPUʹ

ϨδελసૹϨϕϧͰ૊ΈࠐΈɺ༧ଌͷߴਫ਼౓ԽʹΑΔফඅిྗޮݮ࡟ՌΛͨ͠ূݕɻ

͞ΒʹɺΤοδʹ͓͚Δਂ૚ֶशΤϯδϯͱͯ͠ɺϝϞϦελΛ༻͍ͨඇϊΠϚϯ

ಈతʹม͕߅఍ؾɻϝϞϦελ͸ిͨ͠ࢦ૚ֶशճ࿏ͷͨΊͷֶशଇͷ։୓Λ໨ਂܕ

Խ͢ΔهԱૉࢠͰ͋Γɺͦͷಈݪ࡞ཧ͓ΑͼϝϞϦͷճ࿏ߏ଄Λར༻͢Δͱɺਂ૚ֶ

शʹཁ͢Δੵ࿨ԋࢉΛΞφϩάճ࿏తʹॲཧ͢Δ͜ͱ͕Ͱ͖ΔɻຊڀݚͰ͸ɺ3࣍ੵݩ

૚͞ΕͨϝϞϦΛɺը૾ͷಛ௃Λநग़͢Δਂ૚৞ΈࠐΈωοτϫʔΫͱͯ͠ར༻͢Δ
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ͨΊʹɺہॴ݁߹৞ΈࠐΈDeep Belief NetworkΛ։ൃͨ͠ɻ·ͨɺ2࣍ݩϝϞϦͷΫ

ϩεόʔߏ଄Λར༻ͨ͠શ݁߹ܕχϡʔϥϧωοτϫʔΫ࣮૷ʹ͓͍ͯɺγφϓεͷ

Խֶతಛੑʹൃ૝Λಘͯɺඞཁૉࢠ਺Λ൒ͤ͞ݮΔॏΈූ߸ݻఆֶश๏Λ։ൃͨ͠ɻ

ΤοδσόΠεʹ౥͞ࡌΕΔϓϩηοα͸ɺCPU΍पลճ࿏Λ୯Ұνοϓ্ʹूੵ

͞Εͨ System-on-a-chip(SoC)ͷܗΛͱΔ͜ͱ͕ଟ͍ɻReRAM΍MRAMͳͲͷϝϞ

Ϧελૉࢠ͸ɺϓϩηοαͷϓϩάϥϜ֨ೲ༻ϝϞϦͱͯ͠ϑϥογϡϝϞϦΛஔ׵

͢Δͱ͑ߟΒΕ͓ͯΓɺ͍ͣΕ͸ SoCʹҰൠతʹຒΊࠐ·ΕΔͰ͋Ζ͏͜ͱ͕༧ଌ͞

ΕΔɻ͕ͨͬͯ͠ɺCPUΞʔΩςΫνϟ͓ΑͼΠϯϝϞϦ৘ใॲཧͷ྆؍఺͔Βిྗ

ޮ཰Λ্ͤ͞޲Δ͜ΕΒͷڀݚ͸ɺ͋ΒΏΔΤοδσόΠε΁ਓ޻஌ೳ͕ຒΊࠐ·Ε

Δະདྷͷ࣮ݱ΁ͷد༩͕ظ଴͞ΕΔɻ

1.2 ܠͷഎڀݚ

2006೥ʹਂ૚χϡʔϥϧωοτϫʔΫʹ͓͚Δޯ഑ফࣦ໰୊Λ؆ܿʹղܾ͢Δख๏

͕ఏࣔ͞ΕͯҎ߱ [1–3]ɺਂ૚ֶशʹΑΔਓ޻஌ೳٕज़͸Ճ଎౓తͳ੒௕Λଓ͚͍ͯ

Δ [4, 5]ɻ͜ΕΒ͸গͳ͔Βͣϋʔυ΢ΣΞͷਐԽʹ͑ࢧΒΕ͍ͯΔͱ͍͑Δɻྫ͑

͹ɺίϯϐϡʔλ΍ϞόΠϧثػΛؚΉ͋ΒΏΔϞϊ͕ωοτϫʔΫʹ઀ଓ͞ΕΔΑ

͏ʹͳΓɺ͜Ε·Ͱʹͳ͍εέʔϧͰ๲େͳσʔλ͕ऩू͞ΕΔΑ͏ʹͳͬͨ [6, 7]ɻ

·ͨɺूੵճ࿏ٕज़ͷ੒ख़ʹΑΓߴ଎ɾେ༰ྔͳίϯϐϡʔλ͕ΑΓ҆ՁʹೖखͰ͖Δ

Α͏ʹͳͬͨ͜ͱͰɺਂ૚ֶशͷߴෛՙͳ࣮ݱ͕ࢉܭతͳ࣮ؒ࣌ߦͰॲཧՄೳͱͳͬ

ͨ [4, 8]ɻͦͷΑ͏ͳഎ͔ܠΒɺࡏݱͷਓ޻஌ೳ (AI: Artificial Intelligence)Λར༻͠

ͨ৘ใॲཧγεςϜ͸ɺωοτϫʔΫ্ͷΤοδσόΠε͸୯ͳΔηϯγϯά୺຤ͱ

ͯ͠ѻ͍ɺAIͷ࣮ମ͸σʔληϯλͷੑߴೳͳίϯϐϡʔλج൫্ʹઃஔ͢Δ͜ͱ͕

ଟ͍ɻ͜ͷํࣜ͸ɺੈքத͔Βऩूͨ͠σʔλΛޮ཰తʹAIʹֶशͤ͞ΒΕΔ͕ɺҰ

ํͰωοτϫʔΫΛհͨ͠৘ใ௨৴͕ΞϓϦέʔγϣϯΛ੍໿͢ΔϘτϧωοΫͱ΋

ͳ͍ͬͯΔɻࠓ೔Ͱ͸ɺେྔͷݸਓ৘ใΛ͕ۀاอ༗͢Δ͜ͱʹରͯ͠ɺηΩϡϦςΟ

΍ྙཧ্ͷݒ೦͕ڧ·͍ͬͯΔଞɺྫ͑͹ࣗಈӡసʹ୅ද͞ΕΔΑ͏ͳϦΞϧλΠϜ

ੑΛཁ͢ΔԠ༻Ͱ͸௨৴ͷϨΠςϯγ͕େ͖ͳো֐ͱͳΔɻ

ͦͷΑ͏ͳ໰୊Λٕज़తʹղܾ͠ಘΔҰͭͷํ๏͕ɺΤοδࣗମʹΦϑϥΠϯԼͰ

ڥΉ͜ͱͰ͋Δɻ͔͠͠ɺΤοδσόΠε͸ඞͣ͠΋Ϋϥ΢υ؀ࠐೳ͢ΔAIΛຒΊػ

ͷΑ͏ʹੑߴೳ͔ͭେిྗͳϋʔυ΢ΣΞΛ౥ࡌͰ͖Δͱ͸ݶΒͳ͍ɻΉ͠Ζখ༰ྔ

ͷి஑Ͱۦಈ͞ΕΔثػͳͲͰ͸ɺࢉܭ଎౓ΑΓ΋௿ফඅిྗੑ͕ཁ͞ٻΕΔ͜ͱ΋
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͋Δɻ͕ͨͬͯ͠ɺΤοδ AIΛ࣮͢ݱΔͨΊʹ͸ɺޮྗి͍ߴ཰ͷ AIॲཧઐ༻ LSI

͕ෆՄܽͰ͋Δɻ

੒͞ΕΔɻߏେͳχϡʔϥϧωοτϫʔΫͰڊͷAIͷओྲྀͰ͋Δਂ૚ֶश͸ɺࡏݱ

χϡʔϥϧωοτϫʔΫΛ༻͍ͨ৘ใॲཧ͸ɺͦͷ΄ͱΜͲ͕୯७ͳੵ࿨ԋࢉͷ܁Γ

ฦ͠Ͱ͋ΔͨΊɺCPUͱϝϞϦؒͷ௨৴͕଎౓͓Αͼిྗ্ͷϘτϧωοΫͱͳΔɻ

ͦ͜ͰɺχϡʔϥϧωοτϫʔΫͷԋࢉʹ͓͚Δ໋ྩͱσʔλͷہॴੑʹண໨͠ɺϝ

ϞϦࣗମʹੵ࿨ԋࢉճ࿏ΛຒΊࠐΈɺԋࢉ૷ஔʹΑΔஞ࣍తͳσʔλͷಡΈॻ͖Λল

ུ͢ΔɺΠϯϝϞϦ৘ใॲཧΞʔΩςΫνϟ͕ఏҊ͞Ε͍ͯΔɻಛʹɺϝϞϦελͷ

Α͏ͳͦΕࣗମ͕௿ిྗͳෆੑൃشϝϞϦͷߏ଄తಛ௃Λར༻ͯ͠ɺϝϞϦ಺෦ͷి

ྲྀͱిѹʹΑΔΞφϩάੵ࿨ԋݱ࣮͕ثࢉͰ͖Ε͹ɺCPU͸σʔλͷηϯγϯά΍ೖ

ग़ྗσʔλͷՃ޻ͳͲɺAIपลॲཧʹूத͢Δ͜ͱ͕Ͱ͖Δɻ͜ͷ৔߹ɺCPUࣗମ͸

ैདྷͷϊΠϚϯܕΞʔΩςΫνϟʹର͢ΔΞϓϩʔνΛҾ͖͍ͩܧ௿ফඅిྗԽ͕ద

༻ՄೳͰ͋Γɺ͜ΕΒͷ૬৐ޮՌʹΑΓޮྗి͍ߴ཰ͰAIΛॲཧ͢ΔϓϩηοαΛ࣮

Δ͜ͱ͕Ͱ͖Δɻ͢ݱ

1.3 ໨తڀݚ

Ҏ্ʹड़΂ͨഎ͔ܠΒɺຊڀݚͰ͸ɺΤοδڥ؀΁ͷAI౥͢ݙߩʹࡌΔޮྗిߴ཰

ͳϓϩηοαΛ࣮͢ݱΔͨΊͷΞʔΩςΫνϟ։୓Λ໨తͱ͢Δɻઌʹड़΂ͨഎ͔ܠ

ΒɺຊڀݚͷҐஔ͚ͮ͸ਤ 1.1ͷΑ͏ʹද͞ΕΔɻϜʔΞͷ๏ଇ ൒ಋମͮ͘جʹ[11]

ϓϩηεͷඍࡉԽʹݶք͕࢝͑ݟΊ͔ͯΒɺϓϩηοα͸ԋࢉίΞ਺Λ૿΍͢͜ͱͰ

ॲཧੑೳΛ্͖ͨͯ͠޲ɻ͜ͷਐԽͷઢ্ʹ͸ɺΫϥ΢υج൫Λߏங͢ΔΑ͏ͳੑߴ

ೳͳίϯϐϡʔλ͕Ґஔ͢ΔɻͦΕʹରͯ͠ɺຊڀݚͰ͸ΤοδσόΠεʹదͨ͠ϓ

ϩηοαΛ໨ͨ͢ࢦΊɺࢉܭͷߴ଎ԽΑΓ΋Ή͠ΖɺैདྷͷੑࢉܭೳΛҡ࣋ͭͭ͠ফ

අిྗΛ௿Լͤ͞ɺੑೳʹର͢Δిྗޮ཰ͷ্޲ΛਤΔɻ

͜ͷ໨తͷୡ੒ͷͨΊʹ͸ɺ·ͣϓϩηοαͷফඅిྗಛੑΛ஌Βͳ͚Ε͹ͳΒͳ

͍ɻਤ 1.2͸ɺಈըॲཧͰ༻͍ΒΕΔ͋ΔҰൠతͳϓϩάϥϜʹର͢ΔCPUͷফඅిྗ

Λղੳ͠ɺճ࿏ͷػೳผʹ෼ྨ͞Ε͍ͯΔ [10]ɻ૯ফඅిྗͷ͏ͪԋࢉΛ͜ͳ͢ALU

ͷׂ߹͸͍͍ͤͥ 10%ఔ౓͔͠઎Ί͓ͯΒͣɺͦͷଞͷେ෦෼͸ϝϞϦ΁ͷΞΫηε

΍CPUࣗମͷ੍ޚͰੜ͍ͯ͡Δɻ͜Ε͸ɺઐ༻ճ࿏Λ༻͍ͯਂ૚ֶशΛ௿ిྗԽͰ͖

ͨͱͯ͠΋ɺͦͷֶश΍ਪ࿦ʹඞཁͳσʔλͷऩू΍Ճ޻ͷͨΊʹిྗޮ཰͕௿Լ͠

͔Ͷͳ͍͜ͱΛҙຯ͢Δɻ͕ͨͬͯ͠ຊڀݚͰ͸ɺCPUͦͷ΋ͷͷޮྗిߴ཰Խͱɺ
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ਤ 1.1ɹ CPUͷϚϧνίΞԽʹΑΔॲཧೳྗ্޲ͱԋੑࢉೳʹର͢Δిྗޮ཰ͷؔ܎ [9]

ϝϞϦΛ༻͍ͨਂ૚ֶशճ࿏ͷ྆໘͔Βɺ

• CPUͷ৘ใॲཧΛޮ཰Խͤ͞Δಈతߏ࠶੒ΞΫηϥϨʔλ͓Αͼ෼ذ༧ଌث

• ϝϞϦΛχϡʔϥϧωοτϫʔΫͷੵ࿨ԋࢉճ࿏ͱͯ͠׆༻͢ΔͨΊͷֶशख๏

ͷ։ൃʹऔΓ૊Μͩ (ਤ 1.3)ɻ

1.4 ࿦จߏ੒

ୈ2ষ

ຊষͰ͸ɺॊೈੑͱిྗޮ཰Λཱ྆͢Δ৽ͨͳಈతߏ࠶੒ΞΫηϥϨʔλʹ͍ͭͯ

ड़΂Δɻಈతߏ࠶੒ΞΫηϥϨʔλ͸૬ޓ઀ଓ͞Εͨ਺े͔Β਺ඦݸͷϓϩηογϯ

άɾΤϨϝϯτ (PE)Ͱߏ੒͞ΕΔɻ֤PEؒ͸ϚϧνϓϨΫαͰ઀ଓ͞Ε͓ͯΓɺϓ

ϩάϥϜΛ࣮͍ͯ͠ߦΔؒͰ΋ɺಈతͳσʔλύεߏ࠶੒͕ՄೳͰ͋Δɻ͕ͨͬͯ͠ɺ

༷ʑͳϓϩάϥϜΛCPUʹ୅Θͬͯฒྻॲཧ͢Δ͜ͱ͕Ͱ͖Δɻͱ͜Ζ͕ɺैདྷͷಈ

తߏ࠶੒ΞΫηϥϨʔλ͸ɺෳࡶͳϓϩάϥϜʹରԠ͢ΔͨΊͷසൟͳߏ࠶੒͕ɺ٫ͬ
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ਤ 1.2ɹRISCϓϩηοαΛ༻͍ͨH.264Τϯίʔυͷ֤ॲཧʹ͓͚Δσʔλύεผͷফඅి

ྗׂ߹ [10]
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SRAM

Reconfigurable
Accelerator

x: 過去の分岐履歴 y: 次の分岐方向
FIFO

Neural Network Accelerator
(ReRAM)

x4 x3 x2 x1

条件付き確率の演算
(単純ベイズ法) P(y | X)

分岐する確率

P(x4 | y)   P(x3 | y)   P(x2 | y)  P(x1 | y)

プログラム

function()
ALU

switch

switch
CPU

Dynamic Datapath Static ALU Array

switch

動的再構成アクセラレータ

ALU

ALU ALU
switch

一部のサブルーチンをCPUの代わりに並列実行
à メモリへのアクセス数を低減、実行速度向上
à 電力効率の向上

統計的機械学習を用いた高精度な分岐予測
à パイプライン・ストールの抑制
à 低消費電力化

CPU

素子数半減

従来：重みの正負符号を
差動的に実装

Feature
ExtractorData A Classifier A Class A

Feature
Extractor

Data B Classifier B Class B

同一の特徴抽出器

層ごとに教師なし事前学習
学習 固定 学習

転移学習・特徴抽出器

データに応じた分類器

!""#

!""$
!"%#

!"%$

&"# &"$ &%# &%$
電流差分,
I-V変換

'("
'("
'(%
'(%

)""#
)""$

*" *%

+" +%

*,

)"%#
)"%$

'(,
'(,

!""#

&"# &"$ &%# &%$

'("
'(%
'(,

)""#

*" *%

+" +%

*,

)"%$

!"%$

'-" '-%

'-" '-%

符号を初期値で固定

第2章：CPUと協働する限定的動的再構成アクセラレータ

第3章：ナイーブベイズ分岐予測器

第5章：ReRAMを用いた全結合ニューラルネットワーク
のための符号固定学習法

第4章：3次元積層ReRAMを用いた深層畳み込み特徴抽出器のための
layer-wiseな事前学習法

ਤ 1.3ɹ֤ষͰѻ͏ڀݚ಺༰֓؍
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ͯফඅిྗ্ͷΦʔόʔϔουͱͳΓ͔Ͷͳ͍ܽ఺͕͋ͬͨɻຊڀݚͰ։ൃͨ͠ख๏

͸ɺPEΞϨΠͷଞʹԋࢉͷ్த݁ՌΛอଘ͢ΔͨΊͷϨδελɾΞϨΠΛ༻ҙ͠ɺPE

ؒͷ઀ଓ͸ϓϩάϥϜ࣮ߦத͸ෆมͱ͠ɺϨδελɾPEؒͷ઀ଓͷΈΛಈతʹߏ࠶੒

͢Δɻ৚݅෼ྩ໋ذʹΑΓ໋ྩؒͰґଘੑ͕มԽ͠ಘΔΦϖϥϯυ͸ɺϨδελΛհ͠

ͯPE΁ϑΥϫʔσΟϯά͞ΕΔɻϓϩάϥϜͷίϯςΩετ͕ભҠ͢ΔͱϨδελɾ

PEؒͷσʔλύε͕ߏ࠶੒͞Εɺద੾ͳPE΁ͷܦ࿏͕ੜ੒͞ΕΔɻ͜ͷΑ͏ʹɺಈ

తߏ࠶੒͞ΕΔσʔλύεΛ࠷খݶͷൣғʹऩΊΔΞΫηϥϨʔλΛઃ͠ܭɺγϛϡ

Ϩʔγϣϯ͓Αͼ࡞ࢼνοϓʹΑΓͦͷిྗޮ཰ޮՌΛ࣮ূ͢Δɻ

ୈ3ষ

ຊষͰ͸ɺ୯७ϕΠζ෼ྨثΛԠ༻ֶͨ͠शܕ෼ذ༧ଌثʹΑΔ௿ফඅిྗԽʹͭ

͍ͯड़΂Δɻࠓ೔ͷCPU͸͓Αͦ 10ஈલޙʹΘͨΔਂ໋͍ྩύΠϓϥΠϯΛ༗ͯ͠

͍Δɻ෼ذ༧ଌͷࣦഊ͸ॲཧ్தͷ໋ྩͷΫϦΞͱɺϝϞϦ͔Βͷਖ਼໋͍͠ྩͷ࠶ಡ

Έग़͠Λট͕͘ɺ͜ΕΒʹΑΔిྗޮ཰ͷϩε͸ύΠϓϥΠϯ͕ਂ͍΄ͲਂࠁԽ͢Δ

ͨΊɺ෼ذ༧ଌثͷߴਫ਼౓ԽʹΑΔ௿ফඅిྗԽ͸ॏཁͳࢹ఺Ͱ͋Δͱ͍͑Δɻߴਫ਼

౓ͳ෼ذ༧ଌثͱͯ͠͸ɺۙ೥Ͱ͸ػցֶशΛ༻͍ͨΞʔΩςΫνϟ͕஫໨͞Ε͍ͯ

Δɻಈతͳ෼ذ༧ଌث͸ɺҰൠతʹաڈͷ෼ذύλʔϯ͔Β࣍ͷ෼޲ํذΛਪ࿦͢Δ

͕ɺ͜ͷֶश͓Αͼਪ࿦ثͱͯ͠ػցֶशͷΞϧΰϦζϜΛऔΓೖΕͨख๏Ͱ͋Δɻ͠

͔͠ɺಛ௃Λे෼ʹֶशͤ͞ΔͨΊʹ͸େ༰ྔͳϨδελ͕ඞཁͰɺ͜Ε͸ফඅిྗ

Λ૿Ճͤͯ͞͠·͏ɻͦ͜Ͱɺ୯७ϕΠζ๏Λ༻͍ͨ౷ܭతػցֶशʹΑΔ෼ذ༧ଌ

ΈɺΫϩοΫɾαΠΫϧɾϕʔεࠐΛιϑτίΞCPUʹϨδελసૹϨϕϧͰ૊Έث

ͷγϛϡϨʔγϣϯʹΑΔඇֶशܕͷ෼ذ༧ଌثͱͷফඅిྗൺֱΛ௨ͯ͠ɺͦͷ༗

༻ੑΛݕ౼͢Δɻ

ୈ4ষ

ຊষͰ͸ɺ3࣍ੵݩ૚ෆੑൃشϝϞϦΛ NNͷੵ࿨ԋثࢉͱͯ͠ར༻͢ΔͨΊͷֶ

शख๏ʹ͍ͭͯड़΂Δɻࡏݱͷਂ૚ֶशٕज़Ͱ͸ɺҰൠతʹٯࠩޡ఻೻๏Λ༻͍ͯશ

χϡʔϩϯ૚ΛҰ౓ʹֶशͤ͞ΔɻϝϞϦελΛ༻͍ͨ ૚ϝϞϦͷ৔߹ɺγφੵݩ3࣍

ϓε݁߹͸֤૚ؒʹ഑ஔ͞ΕΔهԱૉࢠͰ࣮͞ݱΕɺΞφϩάճ࿏తʹੵ࿨ԋߦ࣮͕ࢉ

͞ΕΔɻ͔͠͠ɺ૚ؒΛٯࠩޡ͙ލ఻೻๏͸ϝϞϦ֎෦ʹෳࡶͳ੍ޚճ࿏Λཁ͢Δɻ͠

͕ͨͬͯɺࣗූݾ߸Խث΍੍ݶ෇͖ϘϧπϚϯϚγϯΛ༻͍֤ͯ૚ຖ (layer-wise)ʹॱ
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൪ʹࢣڭͳ͠ࣄલֶशΛ͕ํ͏ߦɺΑΓ࣮ݱతͰ͋Δɻ·ͨɺຊڀݚ͸ ϝϞϦͷݩ3࣍

ۭؒతಛ௃Λ࠷େ׆ʹݶ༻Ͱ͖Δਂ૚৞ΈࠐΈωοτϫʔΫ΁ͷԠ༻Λ໨͢ࢦɻͦ ͜Ͱɺ

૚ؒ഑ઢΛ؆୯Խ͢ΔͨΊʹɺϑΟϧλؒͷॏΈΛڞ༗͠ͳ͍ (locally-connected)৞Έ

ΈDeepࠐॴ݁߹৞Έہஙͨ͠ߏͯ͠ʹΈख๏Λ༻͍ΔɻҎ্ͷΑ͏ࠐ Belief Network

͸ը૾ʹର͢Δಛ௃நग़ثͱͯ͠ػೳ͠ɺ͞Βʹະֶशσʔληοτʹର͢ΔసҠֶ

शೳྗ΋༗͢Δ͜ͱΛࣔ͢ɻ

ୈ5ষ

ຊষͰ͸ɺैདྷͷ൒෼ͷૉࢠ਺ͰϝϞϦελɾχϡʔϥϧωοτϫʔΫΛ࣮૷͢Δֶ

शख๏ʹ͍ͭͯड़΂ΔɻϝϞϦελΛ༻͍ͨ ͢༺଄ΛརߏϝϞϦͷΫϩεόʔݩ2࣍

Δͱɺશ݁߹ܕχϡʔϥϧωοτϫʔΫΛࣗવͳܗͰ࣮૷Ͱ͖Δɻͨͩ͠ɺਓ޻χϡʔ

ϩϯʹ͓͚Δγφϓε݁߹ՙॏ͸ਖ਼ͷ஋΋ෛͷ஋΋औΓ͏Δͷʹର͠ɺෛͷ఍߅஋͸

ͳ͍ɻ͕ͨͬͯ͠ɺ͜Ε·Ͱ͸͠ࡏͷͱ͜Ζ࣮ੈքʹଘࠓ ͷॏΈʹରͯ͠ݸ1 ͷૉݸ2

Δඞཁ͕͢ݱͷిྲྀࠩ෼ΛͱΔ͜ͱͰԾ૝తʹॏΈͷਖ਼ෛූ߸ΛදࢠΛ༻͍ɺ֤ૉࢠ

͋ͬͨɻ1ݸͷॏΈΛ ΔͨΊʹ͸ɺ͋Β͔͡ΊॏΈͷූ߸Λ஌Βͳ͢ݱͰදࢠͷૉݸ1

͚Ε͹ͳΒͳ͍ɻҰൠతʹɺχϡʔϥϧωοτϫʔΫΛֶशͤ͞Δલʹ͸ɺ֤ॏΈΛ

ཚ਺ͰॳظԽ͢Δɻͦ͜ͰຊڀݚͰ͸ɺॳظԽ࣌ͷঢ়ଶͰॏΈͷූ߸Λݻఆ͠ɺֶश

தʹ 0Λූ͙ލ߸൓సΛ͢ࢭېΔֶश๏ΛఏҊ͠ɺͦͷֶशՄೳੑΛ͢ূݕΔɻ

ୈ6ষ

Ҏ্ͷڀݚΛ૯ׅ͢Δɻ
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ୈ2ষ ੒ΞΫηϥߏ࠶ఆతಈతݶ

Ϩʔλ

2.1 ॹݴ

ϊΠϚϯܕίϯϐϡʔλʹ͓͍ͯ৘ใॲཧͷத৺Λ୲͏ϚΠΫϩϓϩηοα͸ɺͦ

ͷফඅిྗͷ͏ͪԋىʹࢉҼ͢Δిྗ͸໿ 10%͔͠ͳ͘ɺ࢒Γͷ 90%͸ɺ(1)ϝΠϯϝ

ϞϦ͔Βͷ໋ྩ/σʔλͷಡΈग़͓͠Αͼσʔλͷॻ͖ग़͠ɺ(2)ϨδελϑΝΠϧ΁

ͷԋ݁ࢉՌಡΈग़͠/ॻ͖ग़͠ɺ(3)ύΠϓϥΠϯϨδελͷۦಈɺͷΑ͏ͳσʔλͷ

ಡΈॻ͖΍ϓϩηοαࣗମͷ੍ޚॲཧͰੜ͡Δ͜ͱ͕஌ΒΕ͍ͯΔ (ਤ 2.1)ɻ͜ͷ࣮ࣄ

͸ɺԋࢉʹ௚઀͸ؔ͠܎ͳ͍ 90%ͷిྗΛॖখ͢Δ͜ͱ͕Ͱ͖Ε͹ɺϓϩηοαͷԋ

ΕΔ͜ͱΛ͍ࣔࠦͯ͠Δɻ͞ݱ཰Խ͕࣮ޮྗిߴೳΛଛͳΘͣʹɺ௿ফඅిྗɾੑࢉ

͜ͷΑ͏ͳඇԋࢉґଘͷిྗͷେ෦෼͸໋ྩͷஞ࣮࣍ࣜํߦʹ༝དྷ͢ΔͨΊɺԋࢉͷ

ฒྻԽʹΑΔిྗͷظ͕ݮ࡟଴͞ΕΔɻྫ͑͹ɺϓϩηοαͷࢉज़࿦ཧԋࢉճ࿏ (ALU:

Arithmetic Logic Unit)Λೋ࣍ݩΞϨΠঢ়ʹෳ਺ݸ഑ஔ͠ɺ֤ALUؒΛϚϧνϓϨΫ

αͰ૬ޓʹ઀ଓ͢Δɻͦͯ͠ɺϓϩηοα͕ॲཧ͢ΔϓϩάϥϜͷதͰɺͦͷ࣮࣌ߦ

ؒΛ઎ΊΔׂ߹͕࠷΋͍ؔߴ਺ (ϗοτύε)Λ͜ͷALUΞϨΠ্ʹల։͢Δɻ͢ͳΘ

ͪɺؔ਺ʹؚ·ΕΔ໋֤ྩΛɺ໋ྩؒͷσʔλґଘੑΛอ֤࣋ͭͭ͠ALUʹׂΓ౰ͯ

Δɻ͢ΔͱɺϝϞϦ΍ϨδελϑΝΠϧΛհͣ͞ʹ໋ྩΛฒྻॲཧ͢Δ͜ͱ͕Ͱ͖Δ

ͨΊɺલड़ͷ (1)ʙ(3)ʹͨ͛ڍΑ͏ͳ༨৒ిྗΛେ෯ʹ͢ݮ࡟Δ͜ͱ͕Ͱ͖Δɻ

্ड़ͨ͠ΞʔΩςΫνϟΛࠜݯͱͯ͠ɺϓϩάϥϜͷҰ෦Λϓϩηοαͷ୅ΘΓʹ

ॲཧ͢Δߏ࠶੒ՄೳͳΞΫηϥϨʔλ͕਺ଟ͘͞ڀݚΕ͖ͯͨ [2–6]ɻͦͷதͰ΋ಈత

੒ϓϩηοαߏ࠶ [2–4]͸ɺ൚༻ੑʹ༏ΕΔར఺Λ΋ͭɻಈతߏ࠶੒ϓϩηοα͸ɺ࣍

ͷखॱͰΞΫηϥϨʔλΛར༻͢Δɻ

1. ϓϩάϥϜͷίϯύΠϧ࣌ʹΞΫηϥϨʔλ΁ͷϚοϐϯάର৅ͱͳΔؔ਺Λந

ग़͢Δɻ

2. நग़ͨؔ͠਺ͷίϯςΩετຖʹճ࿏ͷߏ੒৘ใΛੜ੒͠ɺΞΫηϥϨʔλʹ઀
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ਤ 2.1ɹ RISCϓϩηοαʹΑΔ H.264Τϯίʔυʹ͓͍ͯɺ֤ॲཧͰൃੜ͢Δফඅిྗͷ

σʔλύεผׂ߹ [1]

ଓ͞Εͨߏ੒৘ใϝϞϦ΁ॻ͖ࠐΉɻ

3. ϓϩάϥϜ͕࣮͞ߦΕର৅ؔ਺͕ݺͼग़͞ΕΔͱɺΞΫηϥϨʔλ͕ىಈͯ͠Ξ

ΫηϥϨʔλ಺ͷճ࿏Λߏ࠶੒͠ (ඇಈతͳߏ࠶੒)ɺؔ਺Λฒྻతʹॲཧ͢Δɻ

4. ΋ؔ͠਺ॲཧதʹίϯςΩετ͕มԽ͢Δͱɺঢ়ଶભҠ੍ޚճ࿏ʹΑͬͯίϯς

ΩετʹରԠ͢Δߏ੒৘ใΛߏ੒৘ใϝϞϦ͔ΒಡΈग़͠ɺΞΫηϥϨʔλͷ֤

ཁૉ͕ߏ࠶੒͞ΕΔ (ಈతͳߏ࠶੒)ɻ

ΞΫηϥϨʔλىಈதͷಈతͳߏ࠶੒ʹΑΓɺ໋ྩ਺͕ଟ͘ΞΫηϥϨʔλʹల։͠

͖Εͳ͍ؔ਺ʹରͯ͠͸ɺؔ਺Λෳ਺ͷϒϩοΫʹ࣌෼ׂ͠ɺϒϩοΫ࣮ߦຖʹճ࿏

Λߏ࠶੒͢Δ͜ͱͰॲཧՄೳͰ͋Γɺ·ͨɺؔ਺಺෦ͷσʔλґଘੑ͕ؔ਺಺෦ͷ৚
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݅෼ྩ໋ذʹΑΓมԽͨ͠৔߹΋ɺϚϧνϓϨΫαΛ੾Γସ͑Δ͚ͩͰԋࢉΛܧଓ͢

Δ͜ͱ͕Ͱ͖Δɻͱ͜Ζ͕ɺճ࿏ཁૉͷߏ࠶੒΍ߏ੒৘ใಡΈग़࣌͠ʹ΋౰વిྗ͕

ੜ͡ΔͨΊɺසൟʹߏ࠶੒͕࣮͞ߦΕΔͱ٫ͬͯશମͷফඅిྗ͕૿େ͔͠Ͷͳ͍ͨ

ΊɺԠ༻ର৅ͱͳΔΞϓϦέʔγϣϯ΍OSͷݶఆ [5]΍ɺΞΫηϥϨʔλʹϚοϐϯ

άՄೳͳؔ਺Λ෼ྩ໋ذ਺ґଘͰ੍͢ݶΔ [6]ͳͲͷճආ͕ࡦͱΒΕ͖ͯͨɻ

ͦ͜ͰຊڀݚͰ͸ɺϓϩάϥϜͷίϯςΩετʹ͓͚Δίϯτϩʔϧɾσʔλϑϩʔ

มԽͷಛੑʹண૝Λಘͯɺඇಈతʹߏ࠶੒͞ΕΔ ALUΞϨΠͱಈతʹߏ࠶੒͞ΕΔ

σʔλύεʹ෼ׂ͢Δ͜ͱͰɺॊೈੑͱ௿ిྗੑΛཱ྆͢Δݶఆతಈతߏ࠶੒ΞΫηϥ

ϨʔλΛ։ൃͨ͠ɻఏҊΞΫηϥϨʔλΛRISCΞʔΩςΫνϟͷιϑτίΞCPU [7]

ʹ౷߹͠ɺαΠΫϧɾϕʔεɾγϛϡϨʔγϣϯʹΑΔੑೳධՁΛͨͬߦɻ·ͨɺఏҊ

ΞΫηϥϨʔλͷςετνοϓΛ͠࡞ࢼɺফඅిྗଌఆΛͨͬߦɻ

ຊষͷߏ੒͸ɺҎԼͷ௨ΓͰ͋Δɻ2.2અͰ͸ɺҰൠతͳϓϩάϥϜʹ͓͚Δ໋ྩؒ

ͷσʔλґଘੑʹ͍ͭͯɺίϯτϩʔϧɾσʔλϑϩʔͷ؍఺͔Β͢࡯ߟΔɻ2.3અͰ

͸ɺຊڀݚͰఏҊ͢Δݶఆతಈతߏ࠶੒ΞʔΩςΫνϟʹ͍ͭͯղઆ͢Δɻ2.4અͰ͸

γϛϡϨʔγϣϯ͓Αͼଌఆͷ݁ՌΛࣔ͢ɻ

2.2 ੒ΞΫηϥϨʔλߏ࠶ఆతಈతݶ

ຊষͰఏҊ͢Δಈతߏ࠶੒ΞΫηϥϨʔλ DYNaSTA͸ɺstatic ALU array(STA)

ͱ dynamic operand forwarding matrix(DYN)ͷ 2ͭͷճ࿏ϒϩοΫͰߏ੒͞ΕΔ (ਤ

2.2)ɻSTA͸໋ྩྻΛฒྻ࣮͢ߦΔ͜ͱͰిྗޮ཰Λ্ͤ͞޲ɺDYN͸σʔλύεΛ

ಈతʹߏ࠶੒͢Δ͜ͱͰॊೈੑΛߴΊΔɻ

ϓϩάϥϜ͔ΒΞΫηϥϨʔλʹΑΔՃ଎ର৅αϒϧʔνϯ͕நग़͞ΕΔ (ਤ 2.3(a))

ͱɺαϒϧʔνϯ಺ͷ໋ྩྻͷσʔλϑϩʔ (ਤ 2.3(b))Λ΋ͱʹ STAͷߏ੒৘ใ͕ੜ

੒͞ΕΔɻߏ੒৘ใ͕ߏ੒৘ใϝϞϦ͔Βϩʔυ͞ΕΔͱɺ໋֤ྩ͕ STAͷALUʹ

ׂΓ౰ͯΒΕɺSTAͷεΠον͕ద੾ʹઃఆ͞ΕΔɻ͜͜Ͱɺ৚݅෼ྩ໋ذʹΑΓΦ

ϖϥϯυͷґଘੑ͕มԽ͢Δ໋ྩؒͷσʔλύε͸ɺDYNʹׂΓ౰ͯΒΕΔɻDYN

ͷߏ੒৘ใ͸֤ίϯςΩετຖͷσʔλґଘੑ৘ใ (ਤ 2.3(c))͔Βੜ੒͞ΕɺΞΫη

ϥϨʔλۦಈதʹαϒϧʔνϯͷίϯςΩετ͕੾ΓସΘΔͱɺߏ੒৘ใʹ͍ͯͮج

DYNͷσʔλύε͕ಈతʹߏ࠶੒͞ΕΔɻ

͜ͷΑ͏ʹɺDYNaSTAΞΫηϥϨʔλ͸ಈతʹߏ࠶੒͞ΕΔճ࿏Λඞཁ࠷௿ݶͷ

ൣғʹݶఆ͢Δ͜ͱͰɺిྗޮ཰ͱॊೈੑΛཱ྆ͤ͞Δɻ
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PE

PE
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Switches

Switches
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ਤ 2.2ɹఏҊ͢ΔDYNaSTAΞΫηϥϨʔλͷΞʔΩςΫνϟ֓؍
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Operand Dependency

STA

Instruction Sequence

ST

MV

r1

“1”

“1”- +

r1,r3

Ex
ec

ut
ed

 in
 p

ar
al

le
l

>

>

0xff

“1”

r3r3 “1”

-+
r4

r4

r3

r2

r1

#1 0x00 : mul  r4,r1,r3
   0x04 : subi r3,r3,1
#2 0x08 : sub  r2,r4,r3
#3 0x0c : addi r4,r4,1
#4 0x10 : bg   r2,r4,0x04
   0x14 : and  r1,r2,r3
   0x18 : st   0xff,r1

r4 <- r1*r3#1

#2

#3

#4

#1

#2

#3

#4

r3 <- r3-1

r2 <- r4-r3 r2 <- r4-r3

r4 <- r4+1

r2>r4

r4 <- r1*r3

r3 <- r3-1

r4 <- r4+1

r2>r4

Default Branch taken

(a) (b)

(c) (d)

ਤ 2.3ɹDYNaSTAΞΫηϥϨʔλ΁ͷ໋ྩྻͷϚοϐϯάํࣜɿ (a) ໋ྩྻͷҰྫɺ(b) ໋

ྩྻ͔Βநग़͞Εͨσʔλϑϩʔɺ(c) ໋ྩྻ͔Βநग़͞ΕͨΦϖϥϯυґଘ৘ใɺ(d) DYN

͓Αͼ STA΁ͷϚοϐϯά
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ALU
ALU
BRA

ALU
LD/STALU ALU

ALU
ALU
BRA

ALU
LD/STALU ALU

Branch
Result

Source Line
D

estination Line

Stage 1

Stage 2

D
yn

am
ic

 O
pe

ra
nd

 F
or

w
ar

di
ng

 M
at

rix

SwitchSTA (Static ALU Array)

ਤ 2.4ɹ Static ALU array (STA)ͷϒϩοΫਤ
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2.2.1 Static ALU array

STA͸ALU഑ྻͱεΠον഑ྻΛෳ਺ஈੵΈॏͶͨճ࿏Ͱ͋Δ (ਤ 2.4)ɻ֤ALU͸

ϕʔεͱͳΔϓϩηοαͷࢉज़࿦ཧԋྩ໋ࢉΛαϙʔτ͢Δ͕ɺճ࿏໘ੵΛॖখ͢Δ

ͨΊʹɺ෼ྩ໋ذ͸֤ALU഑ྻͷࠨ୺ɺϩʔυɾετΞ໋ྩ͸ӈ୺ͷALUͷΈ͕α

ϙʔτ͢ΔɻεΠον഑ྻ͸ɺALU഑ྻ΁ͷೖྗ഑ઢΛ੍͢ޚΔιʔεɾϥΠϯͱɺ

ALU഑ྻ͔Βͷग़ྗ഑ઢΛ੍͢ޚΔσεςΟωʔγϣϯɾϥΠϯʹ෼ׂͰ͖ΔɻҰͭ

ͷALU഑ྻͱɺͦͷALU഑ྻͷલޙʹ͋ΔιʔεɾϥΠϯ͓ΑͼσεςΟωʔγϣ

ϯɾϥΠϯΛ·ͱΊͯεςʔδͱΑͿɻ

֤ALU͓Αͼ֤εΠονͷߏ੒͸ɺαϒϧʔνϯ͕ΞΫηϥϨʔλ্ʹϚοϐϯά

͞Ε͔ͯΒαϒϧʔνϯ࣮ߦऴྃ·Ͱҡ࣋͞ΕΔɻ͕ͨͬͯ͠ɺΦϖϥϯυʹґଘੑ

͕ͳ໋͍ྩಉ࢜͸ಉҰεςʔδ಺ͷALUʹϚοϐϯά͞ΕͯฒྻԽ͞ΕΔ͕ɺΦϖϥ

ϯυ͕͍ͣΕ͔ͷίϯςΩετʹ͓͍ͯͲͪΒ͔ҰํʹͰ΋ґଘ͢Δ໋ྩಉ࢜͸ผʑ

ͷεςʔδʹϚοϐϯά͞Εͳ͚Ε͹ͳΒͳ͍ɻྫ͑͹ਤ 2.3(a)ʹ͓͚Δ#2ͷ sub໋

ྩͰ༻͍ΒΕΔม਺ r4͸ɺ#1ͷmul໋ྩͷԋ݁ࢉՌͰ͋Δ r4ʹґଘ͢ΔͨΊɺ#1ͱ

#2͸ผʑͷεςʔδʹϚοϐϯά͞Εͳ͚Ε͹ͳΒͳ͍ɻ

֤εςʔδ͔Βग़ྗ͞ΕΔԋ݁ࢉՌ͸ɺଞͷεςʔδʹରͯ͠ɺલஈͷσεςΟωʔ

γϣϯɾϥΠϯ͔ΒޙஈͷιʔεɾϥΠϯ΁ͷ௚઀తͳड͚౉͠ͱɺDYNΛհͨؒ͠

઀తͳड͚౉͕͠ՄೳͰ͋ΔɻSTAͷεΠονߏ੒͸αϒϧʔνϯ͕Ϛοϐϯά͞Ε

ͨஈ֊Ͱݻఆ͞Εͯ͠·͏ͨΊɺίϯςΩετͷมԽʹΑͬͯґଘ͕ؔ܎มԽͨ͠ม

਺͸ɺDYNΛհͯ͠ద੾ͳεςʔδʹड͚౉͞ΕΔɻ

2.2.2 Dynamic operand forwarding matrix

DYN͸ɺ֤εςʔδ͔Βग़ྗ͞Εͨԋࢉͷ్த݁ՌΛอଘ͢ΔͨΊͷϨδελͱɺ

͜ΕΒϨδελͱ STAͷεςʔδؒͷ഑ઢ৘ใΛ੍͢ޚΔεΠον഑ྻͰߏ੒͞ΕΔ

(ਤ 2.5)ɻDYNͷεΠον഑ྻ͸ɺϓϩάϥϜͷίϯςΩετมԽʹ൐͏σʔλϑϩʔ

ͷมԽΛղܾ͢ΔͨΊʹɺಈతʹߏ࠶੒͞ΕΔɻ

ྫ͑͹ਤ 3(c)தʹ͓͚Δ r4ͷΑ͏ͳɺίϯςΩετʹΑͬͯґଘੑ͕มԽ͢Δม਺

͸ɺ·ͣ STA͔ΒDYNͷϨδελ΁஋Λอଘ͢ΔΑ͏ͳσʔλύε͕ੜ੒͞ΕΔɻͦ

ͯ͠ɺΞΫηϥϨʔλۦಈதʹ෼ྩ໋ذʹΑͬͯίϯςΩετ͕੾ΓସΘΔͱɺDYN

ͷεΠον͕ߏ࠶੒͞Εͯద੾ͳεςʔδ΁ϑΥϫʔσΟϯά͢Δσʔλύε͕ੜ੒

͞ΕΔ (ਤ 2.3(d))ɻ
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ຊڀݚͷফඅిྗධՁͰ༻͍ͨϕϯνϚʔΫͷ͏ͪɺϑΟϘφον਺Λ͢ࢉܭΔϓ

ϩάϥϜʹର͢ΔDYNͷಈతߏ࠶੒ͷ༷ࢠΛɺਤ 2.6ʹࣔ͢ɻਤ͔Β΋Θ͔ΔΑ͏ʹɺ

DYN಺ͷ઀ଓ৘ใ͸ϓϩάϥϜ࣮ߦதʹಈతʹ੾ΓସΘΔͷʹର͠ɺSTA಺ͷ઀ଓ৘

ใ͸Ϛοϐϯάஈ֊ͷঢ়ଶΛอ࣋͢Δɻ͜ͷΑ͏ʹɺඞཁ࠷௿ݶͷ഑ઢͷΈΛߏ࠶੒

͢Δ͜ͱͰɺޮྗి͍ߴ཰Λ࣮͢ݱΔɻ

2.2.3 Context controller

ίϯςΩετɾίϯτϩʔϥ (ਤ 2.7)͸ίϯςΩετભҠΛ੍͢ޚΔɻίϯςΩετ

ͷ৘ใ͸ɺߏ੒৘ใͱͱ΋ʹϓϩάϥϜͷίϯύΠϧ࣌ʹੜ੒͞ΕΔɻϓϩηοα͕

ϓϩάϥϜͷ࣮ߦΛ։࢝͢ΔͱɺίϯςΩετ৘ใ͸ίϯςΩετɾϝϞϦ΁ɺߏ੒

৘ใ͸ߏ੒৘ใϝϞϦ΁ϩʔυ͞ΕΔɻ

ίϯςΩετ৘ใʹ͸ɺ֤ίϯςΩετʹ͓͚ΔDYNͷεΠονͷߏ੒৘ใɺίϯ

ςΩετ࣮ߦʹ͔͔ΔΫϩοΫɾαΠΫϧ਺͓ΑͼભҠઌͷίϯςΩετͱαϒϧʔ

νϯ࣮ߦऴྃޙͷ໭Γ஋ΞυϨεؚ͕·ΕΔɻίϯςΩετ࣮ߦதʹ͸ΫϩοΫ਺͕

Χ΢ϯτ͞ΕɺΫϩοΫɾΧ΢ϯλͱίϯςΩετ৘ใͷΫϩοΫɾαΠΫϧ਺͕౳͠

͘ͳͬͨͱ͖ɺ৚݅෼ྩ໋ذͷ݁ՌʹΑͬͯίϯςΩετભҠ͕τϦΨ͞ΕΔͱɺભҠ

ઌͷίϯςΩετ৘ใ͕ϩʔυ͞ΕͯDYNɹͷεΠον͕ߏ࠶੒͞ΕΔɻDYNaSTA

ʹΑΔαϒϧʔνϯ࣮͕ߦऴྃ͢ΔͱɺϓϩηοαͷϓϩάϥϜɾΧ΢ϯλʹ໭Γ஋

ΞυϨε͕ॻ͖ࠐ·ΕΔɻϓϩηοα͸ɺαϒϧʔνϯίʔϧऴྃޙͷ໋ྩ͔Βϓϩ

άϥϜͷ࣮ߦΛ࠶։͢Δɻ

2.2.4 DYNaSTAϓϩηοα

DYNaSTAΞΫηϥϨʔλ͸ɺయܕతͳ RISCϓϩηοαͱਤ 2.8ͷΑ͏ʹ౷߹͞

ΕΔɻຊڀݚͰ͸ɺϕʔεɾϓϩηοαͱͯ͠ Lattice SemiconductorࣾͷιϑτίΞ

CPUͰ͋Δ LatticeMico32 [7]Λ࠾༻ͨ͠ɻϓϩηοαͱ DYNaSTAΞΫηϥϨʔλ

͸ɺϓϩηοαͷϨδελϑΝΠϧͷҰ෦Λڞ༗͢ΔɻϓϩηοαͱΞΫηϥϨʔλ

ؒͰҾ਺΍໭Γ஋ͷड͚౉͕͠ඞཁͳ৔߹͸ɺڞ༗ϨδελϑΝΠϧΛར༻͢Δɻ
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Registers

Registers

Switch

DYN
(dynamic operand forwading matrix)

Register File

St
at

ic
 A

LU
 A

rr
ay

.

.

.

ਤ 2.5ɹDynamic operand forwarding matrix (DYN)ͷϒϩοΫਤ
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2a8 : mv   r5,r1
2ac : mvi  r4,0
2b0 : mvi  r1,1
2b4 : mv   r2,r4
2b8 : be   r5,r4,2d8
2bc : addi r2,r2,1
2c0 : add  r3,r1,r4
2c4 : mv   r4,r1
2c8 : mv   r1,r3
2cc : be   r2,r5,2d8
2d4 : be   r3,r3,2bc
2d8 : ret

fibonacci
r1

2bc
addi

2b8
be

2c4
mv

2c0
add

2ac
mvi

2a8
mv

2b4
mv

2b0
mvi

2c8
mv

2cc
be mv

2d4
be

Context 1 : 2a8 - 2b8

“0”(from RF)

DYN STA

“1”

r1,r5

(to RF)

2a8 : mv   r5,r1
2ac : mvi  r4,0
2b0 : mvi  r1,1
2b4 : mv   r2,r4
2b8 : be   r5,r4,2d8
2bc : addi r2,r2,1
2c0 : add  r3,r1,r4
2c4 : mv   r4,r1
2c8 : mv   r1,r3
2cc : be   r2,r5,2d8
2d4 : be   r3,r3,2bc
2d8 : ret

fibonacci

2bc
addi

2b8
be

2c4
mv

2c0
add

2ac
mvi

2a8
mv

2b4
mv

2b0
mvi

2c8
mv

2cc
be mv

2d4
be

Context 4 : 2cc - 2d4 --> 2bc - 2cc 

“0” “1”

r1,r5

r2,r4

r1

(to RF)

2a8 : mv   r5,r1
2ac : mvi  r4,0
2b0 : mvi  r1,1
2b4 : mv   r2,r4
2b8 : be   r5,r4,2d8
2bc : addi r2,r2,1
2c0 : add  r3,r1,r4
2c4 : mv   r4,r1
2c8 : mv   r1,r3
2cc : be   r2,r5,2d8
2d4 : be   r3,r3,2bc
2d8 : ret

fibonacci

2bc
addi

2b8
be

2c4
mv

2c0
add

2ac
mvi

2a8
mv

2b4
mv

2b0
mvi

2c8
mv

2cc
be mv

2d4
be

Context 5 : 2cc --> 2d8 --> ret

“0” “1”

r1,r5

r2,r4

r1

(to RF)

2a8 : mv   r5,r1
2ac : mvi  r4,0
2b0 : mvi  r1,1
2b4 : mv   r2,r4
2b8 : be   r5,r4,2d8
2bc : addi r2,r2,1
2c0 : add  r3,r1,r4
2c4 : mv   r4,r1
2c8 : mv   r1,r3
2cc : be   r2,r5,2d8
2d4 : be   r3,r3,2bc
2d8 : ret

fibonacci

2bc
addi

2b8
be

2c4
mv

2c0
add

2ac
mvi

2a8
mv

2b4
mv

2b0
mvi

2c8
mv

2cc
be mv

2d4
be

Context 2 : 2b8 --> 2d8 --> ret (branch is taken)

“0” “1”

r1,r5

2a8 : mv   r5,r1
2ac : mvi  r4,0
2b0 : mvi  r1,1
2b4 : mv   r2,r4
2b8 : be   r5,r4,2d8
2bc : addi r2,r2,1
2c0 : add  r3,r1,r4
2c4 : mv   r4,r1
2c8 : mv   r1,r3
2cc : be   r2,r5,2d8
2d4 : be   r3,r3,2bc
2d8 : ret

fibonacci

2bc
addi

2b8
be

2c4
mv

2c0
add

2ac
mvi

2a8
mv

2b4
mv

2b0
mvi

2c8
mv

2cc
be mv

2d4
be

Context 3 : 2b8 - 2cc (branch is not taken)

“0” “1”

r1,r5

r2,r4

r1

ALU Inactive ALU

Switch

Dataflow Immediate number

Empty registersRegisters

ਤ 2.6ɹ STA΁ͷ໋ྩྻϚοϐϯά͓ΑͼDYNͷಈతߏ࠶੒ͷҰྫ
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ConfigurationContext 1 Context
Memory

Configuration
Memory

Branch Result
(from STA)

Clock Counter

=

Configuration Loader

Context Controller

Instruction Memory

Loaded in parallel with execution of main program

Context 2
Delay

Configuration Delay

Program Counter
(to Base Processor)

DYN

Return Address
Context 3 Configuration Delay
Context 4 Configuration Delay
Context 5 Configuration

Configuration

Delay Return Address

Return Address

Main Program for Base Processor
Extracted Subroutine for DYNaSTA

Instructions

Mapped on STA

Configuration
Information

ਤ 2.7ɹಈతߏ࠶੒Λ࢘ΔίϯςΩετɾίϯτϩʔϥͷϒϩοΫਤ
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...
...

...

...
...

DYN STA

Config. Loader
Context Memory
Delay 1
Delay 2
Delay 3 Return Addr.

...

Config. 1
Config. 2
Config. 3

CLK Count

Comp.

Brunch result

Current
Config.

Context Controller

DYNaSTA

Config. Memory

ALU

Instruction
Decoder

Data
Memory

Control
Status

Logic ADD

SHIFT MUL

Register File

Branch
Predictor

Instruction Unit

Mico32

Instruction
Memory

Program
Counter

Instruction Register

ਤ 2.8ɹ LatticeMico32ͱDYNaSTAΞΫηϥϨʔλͷ౷߹ΞʔΩςΫνϟ
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2.3 ධՁ

2.3.1 ໋ྩϨϕϧͷฒྻੑ

STAͷ֤εςʔδʹؚ·ΕΔALUͷ਺͸ɺফඅిྗͱ໋ྩϨϕϧͷฒྻੑ͔Βܾఆ

͞ΕΔɻALU͕ଟ͗͢Δͱɺ໋ྩׂ͕Γ౰ͯΒΕ͍ͯͳ͍ALUʹΑΔແବͳ੩తి

ྗ͕૿͑ɺগͳ͗͢Δͱɺຊདྷ͸ฒྻԽՄೳͳ໋ྩΛಉҰεςʔδʹϚοϐϯά͢Δ

͜ͱ͕Ͱ͖ͣɺԋੑࢉೳ͕௿Լ͢Δɻͦ͜Ͱɺ͍͔ͭ͘ͷϕϯνϚʔΫɾϓϩάϥϜ

ΛΞΫηϥϨʔλʹϚοϐϯά͠ɺALUͷ࢖༻཰ͱ໋ྩͷฒྻੑΛௐࠪ͠ɺਤ 2.9ʹ

ࣔ݁͢ՌΛಘͨɻ

ਤ 2.9ʹ͓͍ͯɺ࣮ઢ͸ALU࢖༻཰Λɺഁઢ͸໋ྩϨϕϧฒྻੑΛɺx࣠͸ 1ͭͷ

εςʔδʹؚ·ΕΔ ALU(PE: Processing element)ͷݸ਺Λද͢ɻALUͷ࢖༻཰͸ɺ

εςʔδ͋ͨΓͷALU਺͕૿͑ΔʹͭΕͯઢݮʹܗগͨ͠ɻ໋ྩϨϕϧͷฒྻੑ͸ɺ

CRC32ͱ sboxʹ͓͍ͯ͸ 1εςʔδ͋ͨΓͷ ALU਺ʹରͯ͠ෆมͰ͋Δ͕ɺSepia

FilterͰ͸ ALU਺͕ 4ͷͱ͖௿Լͨ͠ɻ͕ͨͬͯ͠ɺຊڀݚͰ͸ 1εςʔδ͋ͨΓ 5

ɻͨͬߦͷALUΛ࣮૷͠ɺফඅిྗͷධՁΛݸ

2.3.2 ফඅిྗγϛϡϨʔγϣϯ

ද 2.1ʹࣔ͢ϕϯνϚʔΫɾϓϩάϥϜ [8]Λ༻͍ͯɺΫϩοΫɾαΠΫϧɾϕʔε

ͰফඅిྗΛγϛϡϨʔγϣϯͨ͠ɻϕʔεͱͳΔϓϩηοαͱͯ͠LatticeMico32 [7]

Λ༻͍ɺDYNaSTAΞΫηϥϨʔλͷ 1εςʔδ͋ͨΓALU਺͸ ɺSTAͷεςʔݸ5

δ਺͸ 10ஈͱͨ͠ɻ

ফඅిྗ͸ɺ֤ϓϩάϥϜͷϗοτύε࣮࣌ߦͷిྗͷΈΛੵݟ΋ͬͨɻ͢ͳΘͪɺ

ϓϩηοαͷ৔߹͸ϓϩάϥϜΛ։͔࢝Βऴྃ·Ͱશ࣮͠ߦɺͦͷ͏ͪϗοτύε࣮

ද 2.1ɹγϛϡϨʔγϣϯͰ༻͍ͨϕϯνϚʔΫɾϓϩάϥϜ [8]

Application # of inst. # of br. PE utilization [%] # of contexts

fibonacci 12 3 24 5

sbox 25 2 50 5

crc32 18 2 36 5

sepia filter 22 1 44 3
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ਤ 2.9ɹ 1εςʔδ͋ͨΓʹؚ·ΕΔPE਺ʹର͢ΔPE઎༗཰͓Αͼ໋ྩϨϕϧฒྻੑͷมԽ

:w

࣮ͣ·தͷফඅిྗͷΈΛϞχλͨ͠ɻҰํDYNaSTAΞΫηϥϨʔλͷ৔߹͸ɺߦ

ίϯ࠶ϑΝΠϧΛσΟεΞηϯϒϧͯ͠ϗοτύεΛநग़͠ɺ࣍ʹϗοτύεͷΈΛߦ

ύΠϧͯ͠ΞΫηϥϨʔλͷߏ੒৘ใΛੜ੒ͨ͠ɻͦͯ͠ɺςετϕϯν্Ͱߏ੒৘

ใΛΞΫηϥϨʔλͷߏ੒৘ใϝϞϦͱίϯςΩετϝϞϦʹɺϗοτύεͷ໋ྩྻ

Λ໋ྩϝϞϦɾϞδϡʔϧʹϩʔυ͠ɺ͔ͭϓϩηοαͷϨδελϑΝΠϧɾϞδϡʔ

ϧʹରͯ͠ద౰ͳॳظ஋Λઃఆͯ͠ɺϗοτύε෦෼ͷΈͷ࣮ྗిߦΛղੳͨ͠ɻ·

ͨɺ໋ྩϝϞϦ͓ΑͼσʔλϝϞϦʹΞΫηε͢Δࡍͷফඅిྗ͸ɺγϛϡϨʔγϣ

ϯ͔ΒಘΒΕ֤ͨϝϞϦ΁ͷΞΫηεճ਺ͱҰൠతͳΦϯνοϓ SRAM΁ͷΞΫηε

࣌ʹੜ͡Δফඅిྗ [9]͔Βੵݟ΋ͬͨɻ

ಘΒΕͨফඅిྗͷੵݟ΋ΓΛਤ 2.10ʹࣔ͢ɻLatticeMico32͸ 1ΫϩοΫαΠΫϧ

ຖʹ໋ྩϝϞϦ͔Β໋ྩΛϑΣον͠ͳ͚Ε͹ͳΒͳ͍ͷʹର͠ɺDYNaSTAΞΫη

ϥϨʔλ͸ߏ੒৘ใΛϩʔυ͢Δͱ͖ʹͷΈ໋ྩϝϞϦ΁ΞΫηε͠ɺαϒϧʔνϯ
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ਤ 2.10ɹ LatticeMico32ͱDYNaSTAΞΫηϥϨʔλͷফඅిྗੵݟ΋Γൺֱ
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ਤ 2.11ɹϑΟϘφον਺ࢉܭϓϩάϥϜ (fibonacci)ʹཁͨ͠ফඅిྗͷσʔλύεผ಺༁ൺֱ
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ද 2.2ɹ࣮ؒ࣌ߦͱΤωϧΪʔޮ཰ͷվળ཰

Application Processor Time [µs] Rate Impr. Energy [nJ] Rate Impr.

Mico32 2.93 1 182 1
fibonacci

DYNaSTA 1.63 0.55
44%

13 0.07
92%

Mico32 0.60 1 37 1
sbox

DYNaSTA 0.36 0.60
40%

4 0.11
88%

Mico32 15.11 1 929 1
crc32

DYNaSTA 11.08 0.73
27%

207 0.22
78%

Mico32 48.10 1 3343 1
sepia filter

DYNaSTA 22.26 0.46
54%

358 0.10
89%

Λࢉத͸໋ྩϑΣονͷඞཁ͕ͳ͍ɻ͕ͨͬͯ͠ɺDYNaSTAΞΫηϥϨʔλͰԋߦ࣮

৔߹͸ͨ͠ߦ࣮ LatticeMico32Ͱ࣮ͨ͠ߦ৔߹ͱൺ΂ͯɺԋࢉͰੜ͡Δফඅిྗ (ਤத

Logic)͚ͩͰͳ໋͘ྩϝϞϦΞΫηεͰੜ͡Δফඅిྗ (ਤத inst. memory)΋େ෯ʹ

Εɺ69͔Β͞ݮ࡟ 86%ͷిྗͷॖখʹ੒ޭͨ͠ɻ

࣍ʹɺϑΟϘφον਺Λ͢ࢉܭΔϕϯνϚʔΫɾϓϩάϥϜ (fibonacci)Ͱੜͨ͡ి

ྗͷ͏ͪϝϞϦΞΫηεҎ֎ͷిྗʹରͯ͠ɺͦͷ಺༁Λճ࿏ͷػೳຖʹղੳͨ͠ (ਤ

2.11)ɻLatticeMico32ʹ͓͚Δԋࢉճ࿏ (ਤதALU+LD/ST Unit)͸ɺDYNaSTAΞΫ

ηϥϨʔλʹ͓͚ΔSTAͱDYNͱݟͳ͢͜ͱ͕Ͱ͖ɺ͜Ε͸ਤதͷ੨͍ϒϩοΫʹ֘

౰͢Δɻ੺͍ϒϩοΫ͸੍ޚճ࿏ɺ྘ͷϒϩοΫ͸ϨδελϑΝΠϧɾΞΫηεɺԫ৭͍

ϒϩοΫ͸ΫϩοΫɾϥΠϯͰੜͨ͡ిྗͰ͋Γɺਤ͔Β໌Β͔ͳΑ͏ʹɺDYNaSTA

Ͱ͸ԋࢉʹ௚઀ؔ༩͠ͳ͍ফඅిྗ͕͞ݮ࡟Εͨ͜ͱ͕Θ͔ͬͨɻ

·ͨɺήʔτ਺͓Αͼτάϧ཰͸ද 2.3Ͱ͋ͬͨɻήʔτ਺Ͱൺֱ͢ΔͱDYNaSTA

ΞΫηϥϨʔλ͸ LatticeMico32ͷ 18.5ഒͷن໛Ͱ͋Δ͕ɺτάϧ཰͸Θ͔ͣ 0.06ഒ

Ͱ͋ͬͨɻ͜Ε͸ɺLatticeMico32ͷԋ͕ࢉஞ࣮࣍ߦͰ͋Δͷʹର͠DYNaSTAΞΫη

ϥϨʔλ͸ฒྻ࣮ߦͰ͋Δ͜ͱʹىҼ͠ɺ͕ͨͬͯ͠ஞ࣮࣍ߦʹඞཁͳ੍ޚʹؔΘΔ

ΒΕΔɻ͑ߟΕͨͱ͞ݮ࡟͕ྗి

͜ΕΒͷγϛϡϨʔγϣϯ݁Ռ͸ɺຊষͷ๯಄Ͱड़΂ͨ (1)ϝΠϯϝϞϦ͔Βͷ໋

ྩ/σʔλͷಡΈग़͓͠Αͼσʔλͷॻ͖ग़͠ɺ(2)ϨδελϑΝΠϧ΁ͷԋ݁ࢉՌಡ

Έग़͠/ॻ͖ग़͠ɺ(3)ύΠϓϥΠϯϨδελͷۦಈɺͷΑ͏ͳඇԋࢉґଘిྗͷॖখ
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ද 2.3ɹ࿦ཧ߹੒ޙͷήʔτ਺͓Αͼ fibonacci࣮࣌ߦͷτάϧ཰

Gate count [k] Average toggle rate [%]

DYN 43.6 20.0

DYNaSTA STA 322.9 1.8

Others 80.2 9.1

All 446.8 4.9

Mico32 24.1 76.8

Ratio

(DYNaSTA / Mico32)
18.48 0.06

ʹ੒ޭͨ͜͠ͱΛ͍ࣔͯ͠Δɻ͞ΒʹɺDYNaSTAͷ໋ྩϨϕϧฒྻੑʹΑΓ࣮ߦ଎

౓΋ 1.4͔Β 2.2ഒʹ্͠޲ɺ࣮ؒ࣌ߦͱฏۉফඅిྗ͔Βੵݟ΋ΒΕͨిྗޮ཰͸ 4.5

͔Β 13ഒʹվળ͞Εͨ (ਤ 2.2)ɻ

2.3.3 νοϓͷ࡞ࢼͱଌఆ

γϛϡϨʔγϣϯʹΑΓDYNaSTAΞΫηϥϨʔλͷ༗ҙੑ͕ࣔ͞ΕͨͨΊɺ࣮νο

ϓͷ࡞ࢼΛͨͬߦɻUMCࣾͷ 0.18µm CMOSϓϩηεΛར༻͠ɺνοϓ໘ੵͷ੍໿্ɺ

STAͷεςʔδ਺͸ 4ஈͱͨ͠ (ද 2.4)ɻ·ͨɺϓϩηοα͸࣮૷ͤͣΞΫηϥϨʔλ

ͷΈΛ࡞ࢼର৅ͱͨͨ͠ΊɺϨδελϑΝΠϧ͸ϓϩηοα (LatticeMico32)ͱಉ༷࢓

Ͱઃ͠ܭDYNaSTAʹຒΊࠐΜͩ (ਤ 2.12)ɻ

νοϓΛ༻͍ͯɺফඅిྗΛଌఆͨͨ͠͠࡞ࢼ (ਤ 2.13ɺਤ 2.14)ɻLatticeMico32Λ

FPGAʹ࣮૷͠ɺ࡞ࢼνοϓ΁ͷςετϕΫλ͓ΑͼΫϩοΫ৴߸͸FPGAϘʔυ͔

Βͨ͠څڙɻ·ͨɺ࡞ࢼνοϓͷۦಈిѹͱͯ͠ɺίΞిѹ 3.3V͓Αͼ I/Oిѹ 1.8V

Λ֎෦ి͔ݯΒͨ͠څڙɻDYNaSTAΞΫηϥϨʔλ͔Βͷग़ྗ৴߸Λ FPGAܦ༝Ͱ

PCϞχλ͠ɺਖ਼ৗʹಈ͍ͯ͠࡞Δ͜ͱΛ֬ೝͨ͠ޙɺిݯʹిྗΞφϥΠβΛ઀ଓ͠

ͯνοϓۦಈதͷফඅిྗΛଌఆͨ͠ɻ

γϛϡϨʔγϣϯͰ༻͍ͨϕϯνϚʔΫͷ͏ͪ fibonacciϓϩάϥϜʹରͯ͠ɺߏ੒

৘ใΛϩʔυͯ͠ STAʹϚοϐϯά͢Δ configuration phaseͱԋߦ࣮ࢉதͷ running

phaseͷফඅిྗΛɺΫϩοΫप೾਺ΛεΠʔϓͯͦ͠ΕͧΕଌఆ͠ɺγϛϡϨʔγϣ

ϯͰಘΒΕͨ݁Ռͱൺֱͨ͠ (ਤ 2.15)ɻ͜͜ͰɺΫϩοΫݯڅڙͰ͋Δ FPGAͷ࠷େ
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ද 2.4ɹͨ͠࡞ࢼ LSIͷ֓ཁ

Specification

Technology UMC 0.18µm 1P6M CMOS

Package 48-pin DIL

Core area 1.06mm × 1.06mm

Gate count 86.5K

Supply voltage 1.8V core / 3.3V IO

Clock frequency 100MHz

Size of register file 32 bit × 4word

Number of stages 4

Number of PE per stage 5

Number of operatable contexts 6

RF

STA (stage 1)

DYN C
on

fig
 &

 C
on

te
xt

 
M

em
or

y
Lo

ad
er

 /
C

on
tro

lle
rSTA

(stage 2)

STA
(stage 3)

STA (stage 4)

1.5 mm

1.
5 

m
m

ਤ 2.12ɹͨ͠࡞ࢼνοϓͷࣸਅ
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FPGA
(Altera Stratix II)

test vector, 
clock

output

3.3V (IO voltage)

1.8V (core voltage)

+

-

+

A+V+ A-V-

-
DYNaSTA power supply

(Agilent E3630A)

power supply
(Agilent E3630A)

power analyzer
(Tektronix PA1000)

PC

ਤ 2.13ɹফඅిྗͷଌఆڥ؀

DYNaSTA FPGA

power analyzer

ਤ 2.14ɹిྗଌఆͷ༷ࢠ
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ਤ 2.15ɹΫϩοΫप೾਺ʹର͢ΔফඅిྗͷมԽ

ද 2.5ɹ 100MHzಈ࣌࡞ʹ͓͚ΔফඅిྗͷγϛϡϨʔγϣϯ݁Ռͱଌఆ݁Ռ

Configuration phase [mW] Running phase [mW]

Simulation 4.03 8.57

Measurement

(interpolated)
6.63 11.20

ΫϩοΫप೾਺͕ 80MHzͰ͋ΔͨΊɺ࣮ଌ஋ʹରͯ͠͸ઢͯؒ͠ิܗ 100MHz·Ͱͷ

ফඅిྗΛϓϩοτ͍ͯ͠Δɻ

100MHzʹ͓͚Δফඅిྗ͸ɺͦΕͧΕද 2.5ʹࣔ݁͢ՌΛಘͨɻ໿ 2.5mWͷࠩޡ

ΒΕΔ͕ɺconfigurationݟ͕ phase͓Αͼ running phaseͰࠩޡͷ஋͸΄΅ಉҰͰ͋Δ

ͨΊɺγϛϡϨʔγϣϯͰ͖͠ݱ࠶Εͳ͍Թ౓ಛੑ΍دੜ༰ྔͳͲ͕ݪҼͰ͋Δͱߟ

͑ΒΕΔɻࠓճ͸ΫϩοΫɾαΠΫϧɾϕʔεͰফඅిྗΛੵݟ΋͕ͬͨɺΑΓ௿ϨΠ

ϠͰσόΠεͷಛੑΛ൓өͨ͠γϛϡϨʔγϣϯΛ͜͏ߦͱͰɺࠩޡ͸ॖখ͞ΕΔͱ

଴͞ΕΔɻظ
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2.4 ݴ݁

ຊষͰ͸ɺిྗޮ཰ͱॊೈੑΛཱ྆͢Δݶఆతಈతߏ࠶੒ΞΫηϥϨʔλDYNaSTA

ʹ͍ͭͯड़΂ͨɻDYNaSTAΞΫηϥϨʔλ͸ɺಈతʹߏ࠶੒͞ΕΔσʔλύε (DYN:

Dynamic operand forwarding matrix)ͱɺ੩తͳߏ࠶੒ͷΈ͕͞ڐΕΔ ALUΞϨΠ

(STA: Static ALU array)Ͱߏ੒͞ΕΔɻSTA͸໋ྩΛฒྻॲཧ͢Δ͜ͱͰిྗޮ཰Λ

ΑΔΦϖϥϯυґଘੑͷมԽΛղফ͢ΔͨΊʹϓϩʹྩ໋ذɺDYN͸৚݅෼্ͤ͞޲

άϥϜ࣮ߦதʹಈతʹߏ࠶੒͞ΕΔɻఏҊ͢ΔDYNaSTAΞΫηϥϨʔλΛΫϩοΫ

प೾਺ 100MHzɺCMOS 0.18µmϓϩηεͷ৚݅ͰɺΫϩοΫαΠΫϧϕʔεͷγϛϡ

ϨʔγϣϯʹΑΔධՁͱɺνοϓͷ࡞ࢼΛͨͬߦɻγϛϡϨʔγϣϯͷ݁Ռͱͯ͠ɺϕ

ϯνϚʔΫɾϓϩάϥϜΛDYNaSTAΞΫηϥϨʔλͰ࣮͢ߦΔͱɺϓϩηοαͰ࣮

৔߹ͱൺ΂ͯফඅిྗ͸ͨ͠ߦ 69͔Β ଎౓͸ߦΕɺ࣮͞ݮ࡟86%͕ 1.4͔Β 2.2ഒ޲

্͠ɺిྗޮ཰͸ 4.5͔Β 13ഒʹվળ͞Εͨɻຊख๏͸ɺDYNͱ STAͰߏ੒͞ΕΔ

ԋࢉεςʔδΛෳ਺ஈੵΈॏͶͯߏ੒͞ΕΔͨΊ (ਤ 2.16)ɺԋ࣌ߦ࣮ࢉʹ͸ΞΫςΟ

ϒͳεςʔδ͕೾ͷΑ͏ʹ఻೻͢Δͱ͍͏ಛ௃͕͋Δɻ͕ͨͬͯ͠ɺඇੑ׆ͳεςʔ

δʹରͯ͠ύϫʔɾήʔςΟϯάΛ͜͢ࢪͱʹΑΓɺϓϩηοαίΞ਺ͷ૿Ճʹ൐͍

ஶͱͳ͍ͬͯΔμʔΫɾγϦίϯ໰୊ݦ [10]Λղܾ͠͏Δ༗ޮͳख๏ͱ͑ߟΒΕΔɻ
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༧ଌث

3.1 ॹݴ

෼ذ༧ଌثͷ༧ଌਫ਼౓͸ CPUͷిྗޮ཰Λେ͖͘ࠨӈ͢ΔҰཁҼͰ͋Δɻࠓࡢͷ

RISCΞʔΩςΫνϟʹͮ͘جCPU͸ɺ͓Αͦ 10਺ஈʹ͓ΑͿਂ໋͍ྩύΠϓϥΠϯ

Λ༗͢Δɻ΋͠෼ذͷ༧ଌʹࣦഊ͢ΔͱɺύΠϓϥΠϯΛҰ࣌ఀ͠ࢭɺॲཧதͷ໋ྩ

ͷΫϦΞͱద੾ͳ໋ྩ͓ΑͼσʔλΛಡΈग़͠௚͢ඞཁ͕ੜ͡Δɻ͜ΕʹΑΔεϧʔ

ϓοτͷ௿Լ΍ফඅిྗͷ૿େ͸ɺύΠϓϥΠϯ͕ਂ͚Ε͹ਂ͍΄ͲਂࠁԽ͢Δɻ

ܭΛ౷޲ํذύλʔϯ͔Β࣍ͷ෼ذͷ෼ڈΛ༧ଌ͢ΔͨΊʹɺա޲ํذਫ਼౓Ͱ෼͍ߴ

తʹਪ࿦͢Δख๏͕͘޿༻͍ΒΕ͍ͯΔ [1–3]ɻͦͷதͰɺχϡʔϥϧωοτϫʔΫΛ

੒੷Λࣔ͠ଓ͚͍ߴ༧ଌίϯςετͰذతͳ෼ࡍࠃցֶशʹΑΔ༧ଌख๏͕ػ͍ͨ༺

͍ͯΔ [4]ɻຊڀݚͰ͸ɺχϡʔϥϧ෼ذ༧ଌثͷ෼ذ༧ଌίΞΛϕΠζ౷ֶܭతػց

ֶशख๏ʹஔͨ͠׵෼ذ༧ଌث [5]Ͱஔ͖͑׵Δɻ͜ͷφΠʔϒϕΠζ෼ذ༧ଌثΛι

ϑτίΞCPUʹϨδελసૹϨϕϧͰ૊ΈࠐΈɺͦͷফඅిྗޮݮ࡟ՌΛ͢ূݕΔɻ

3.2 ύʔηϓτϩϯ෼ذ༧ଌث

ਓ޻χϡʔϩϯ [6–8]Ͱߏ੒͞ΕΔχϡʔϥϧωοτϫʔΫ͸ɺ͋Δσʔληοτ

͔Βσʔλͷಛ௃Λֶश͢Δ͜ͱ͕Ͱ͖ɺ ը૾΍Ի੠ɺจষɺ౷ྔܭͳͲʹର͢Δύ

λʔϯೝࣝ༻్Ͱ͘޿༻͍ΒΕ͍ͯΔ [9–11]ɻCPUʹ͓͚Δ৚݅෼ྩ໋ذͷ෼޲ํذ

΋·ͨɺͦͷཤྺΛͱΔͱ࣌ྻܥʹ૬܎ؔޓͷ͋ΔσʔληοτͱΈͳ͢͜ͱ͕Ͱ͖ɺ

χϡʔϥϧωοτϫʔΫΛ༻͍ͨ༧ଌ͕༗ޮͰ͋Δ͜ͱ͕ࣔ͞Ε͍ͯΔ [12]ɻ

ͷΞʔΩςΫνϟΛਤث༧ଌذ΋୯७ͳύʔηϓτϩϯ෼࠷ 3.1ʹࣔ͢ɻ໋ྩΞυϨ

εͷԼҐ nbitʹରͯ͠ 2nݸͷผݸͷύʔηϓτϩϯΛ༗͠ɺ֤ύʔηϓτϩϯͷॏΈ

͸Χ΢ϯλͰද͞ΕΔɻ໋ྩΞυϨεʹରԠ͢ΔॏΈͱFIFO(First-In First-Out)Ͱ֨

ೲ͞ΕΔάϩʔόϧ෼ذཤྺ (GBH: Global Branch History)͔Βɺਓ޻χϡʔϩϯͷ
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 in

st
ru

ct
io

n 
ad

dr
es

s

n 
bi

ts

weit (m-bits bimodal counter)
m x l bits

l bits

2n  e
nt

rie
s

selected
perceptron

GBH (FIFO)

branch outcome

training

prediction

compute
next branch outcome y

table
of

perceptrons
(weight table)

・

...

x1

past branch outcomes
x1x2…xl

weits
w1w2…wl

x2

xl

w1
w2

wl

ਤ 3.1ɹύʔηϓτϩϯ෼ذ༧ଌث [12].

৴߸఻ୡతʹ࣍ͷ෼޲ํذΛ༧ଌ͠ɺ༧ଌ݁Ռͱਖ਼͍݁͠Ռ͔ΒॏΈΛֶश͢Δɻຊ

ʹͱಉ༷ث༧ଌذ͸ɺ͜ͷύʔηϓτϩϯ෼ث༧ଌذͰ༻͍ΔφΠʔϒϕΠζ෼ڀݚ

άϩʔόϧ෼ذཤྺΛಛ௃ྔͱͯ͠ѻ͏͕ɺਪ࿦͓ΑͼֶशߏػΛϕΠζ౷ֶܭతख

๏ʹஔ͢׵Δɻ

3.3 φΠʔϒϕΠζ෼ذ༧ଌث

3.3.1 ୯७ϕΠζ๏Λ༻͍ͨ෼ذ༧ଌ

୯७ϕΠζ๏͸ϕΠδΞϯωοτϫʔΫͷ࠷΋؆୯ͳϞσϧͰ͋Γɺෳ਺ͷࢠϊʔ

υͱ୯Ұͷ਌ϊʔυͰߏ੒͞ΕΔɻ֤ࢠϊʔυ͸ಛ௃ม਺ xΛɺ਌ϊʔυ͸ΧςΰϦม

਺ yΛද͞Εɺࢠϊʔυͱ਌ϊʔυ͸৚݅෇͖֬཰ද (CPT: Connditional Probability

Table)Ͱؔ܎෇͚ΒΕΔɻࢉܭΛ୯७Խ͢ΔͨΊʹɺಛ௃ม਺ؒʹಠཱੑΛԾఆͯ͠

͓Γɺ͜ͷ఺͕୯७ϕΠζ๏ͷಛ௃Ͱ΋͋ΔɻΧςΰϦม਺͕ y = cͰ͋Δ֬ޙࣄ཰

P (y = c | x1, x2, ..., xn)Λɺ৚݅෇͖֬཰දʹ͍࣍ͯͮجͷΑ͏ʹ͢ࢉܭΔ͜ͱͰɺॴ

๬ͷਪ࿦Λ͏ߦɻ

P (y = c | X) =
P (x1 | y = c)P (x2 | y = c)...P (xn | y = c)P (y = c)

P (x1, x2, ..., xn)
(3.1)

୯७ϕΠζ๏Λ༻͍ͨ෼ྨث͸EϝʔϧͷεύϜϑΟϧλͳͲൣ޿ғʹԠ༻ [13, 14]
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͞Ε͓ͯΓɺ෼ذ༧ଌΛ͏ߦ৔߹ʹ͸ɺઆ໌ม਺X = {x1, x2, ..., xn}͕աڈͷ෼ذͷ
ཤྺʹɺΧςΰϦม਺ y͕༧ଌ͢Δ΂͖࣍ͷ෼޲ํذʹରԠ͢Δ 3.2ɻ͜͜Ͱɺ֤ม਺

xi͓Αͼ y͸ɺ෼ذ৚͕݅ෆ੒ཱͷͱ͖ 0Λɺ੒ཱͷ 1ΛͱΔɻ͕ͨͬͯ͠ɺ֬ޙࣄ཰

P (y = 0 | X)ͱ P (y = 1 | X)ͷେখൺֱʹΑΓɺ࣍ͷ෼ذͷ੒൱͕༧ଌ͞ΕΔɻ

φΠʔϒϕΠϒ෼ذ༧ଌͷճ࿏ΞʔΩςΫνϟΛɺਤ 3.3ʹࣔ͢ɻҰൠతʹɺ୯७ϕ

Πζ๏͸খ਺఺Λ༻͍ͨେྔͷআࢉ΍৐ࢉΛཁ͢ΔͨΊࢉܭෛՙ͕͘ߴɺճ࿏Խ͢Δ

ͱ 5͔Β 10ΫϩοΫαΠΫϧͷϨΠςϯγ͕ੜͯ͡͠·͏ [13, 14]ɻ͔͠͠ɺ࠷΋γ

ϯϓϧͳ໋ྩύΠϓϥΠϯ͸

• IF : Instruction Fetch (໋ྩϑΣον)

• ID : Instruction Decode (໋ྩσίʔυ)

• EX : Execution (ߦ࣮)

• MA : Memory Access (ϝϞϦΞΫηε)

• WB : Write Back (σʔλॻ͖ग़͠)

ͷΑ͏ʹ 5ஈఔ౓Ͱߏ੒͢Δ͜ͱ͕Ͱ͖ΔͨΊɺ൚༻ੑΛߴΊΔͨΊʹ͸ɺ෼ذͷ༧

ଌ͸ IF͔Β EX·Ͱͷ 2ΫϩοΫαΠΫϧ಺Ͱྃ͞׬Εͳ͚Ε͹ͳΒͳ͍ɻͦ͜Ͱɺ

࣍ʹड़΂ΔΑ͏ʹ֬཰ࢉܭΛ؆୯Խͯ͠௿஗Ԇͳ෼ذ༧ଌΞʔΩςΫνϟΛઃͨ͠ܭɻ

·ͣɺ৚݅෇͖֬཰දͷ֤໬౓P (xi | y)͓Αͼࣄલ֬཰P (y)͸ɺ֤ม਺͕ 0·ͨ͸

1͔͠ͱΒͳ͍͜ͱ͔Β
⎧
⎨

⎩
P (y = 0) = 1− P (y = 1)

P (xi = 0 | y = c) = 1− P (xi = 1 | y = c)
(3.2)

ͷ͕ؔ܎੒ΓཱͭͨΊɺP (xi = 0 | y = c) + P (xi = 1 | y = c) = 2n − 1ͷ৚݅Λຬͨ

͢ nbitΞοϓ/μ΢ϯ๞࿨Χ΢ϯλͰ࣮૷͞ΕΔɻ

લ֬཰දࣄ P (y)Λߏ੒͢Δ p(y = 0)͓Αͼ p(y = 1)͸ɺ෼͞ߦ࣮͕ྩ໋ذΕͨ࣌ɺ

ͦͷ෼ྩ໋ذͷ੒൱ tʹ͕ͨͬͯ࣍͠ͷΑ͏ʹߋ৽͞ΕΔɻ

if t = 0 then

p(y = 0)← p(y = 0) + 1

p(y = 1)← p(y = 1)− 1

end if
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branch history [ 0: not taken, 1: taken ]

prediction 
[ P(y | x) = P(y)P(x1 | y)P(x2 | y)....P(xn | y) ]

P(x1 | y)
P(x2 | y)

P(xn | y)

CPT

... xnx1

y

x2

y

xn
1
P(xn = 0 | y = 0)
P(xn = 1 | y = 0) P(xn = 1 | y = 1)

P(xn = 0 | y = 1)0
0 1

ਤ 3.2ɹ୯७ϕΠζ๏Λ༻͍ͨ෼ذ༧ଌɿม਺ xi͸աڈͷ෼ذཤྺΛɺy͸༧ଌ͞ΕΔ࣍ͷ෼

Λද͢ɻذ

y = 0
0000    1100    1001      ∙∙∙      0101
1111    0011    0110      ∙∙∙      1001
1010    1101    0101      ∙∙∙      1111
0101    0010    1010      ∙∙∙      0000

1101 
0010

0         1          1         ∙∙∙          0

xi = 0
xi = 1
xi = 0
xi = 1

y = 0
y = 1

000 ... 0

1
0

101 ... 1

x1 = 0   x2 = 1  x3 = 1     ∙∙∙      xl = 0

y = 1

l bits

compute
P(y = 0 | x)

compute
P(y = 1 | x)

compare

saturating up/down counters
1001 + 0110 = 1111

predictionbranch outcome

P(y)

GBH

CPT

ਤ 3.3ɹ৚݅෇͖֬཰ද͔Β֬ޙࣄ཰Λ͢ࢉܭΔͨΊͷϋʔυ΢ΣΞɾΞʔΩςΫνϟ
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t = 1ͷ৔߹΋ಉ༷Ͱ͋Δɻ

άϩʔόϧ෼ذཤྺ͸γϑτϨδελͰ࣮૷͞Εɺ֤ཤྺ xiʹରͯ͠ ͷΧ΢ϯݸ4

λ p(xi, y)͕ଘ͢ࡏΔ (xi = 0or1, y = 0or1)ɻ͜ΕΒ͸ P (y)ͱಉ༷ʹҎԼͷΑ͏ͳߋ

৽ϧʔϧ͕ద༻͞ΕΔɻ

if t = 0 then

if xi = 0 then

p(xi = 0, y = 0)← p(xi = 0, y = 0) + 1

p(xi = 1, y = 0)← p(xi = 1, y = 0)− 1

end if

end if

͜ΕΒͷΧ΢ϯλΛ༻͍ͯ֬ޙࣄ཰ P (y = 0 | X)͓Αͼ P (y = 1 | X)͕͞ࢉܭΕ

Δɻ͜͜Ͱɺ֬ޙࣄ཰͸ࣜ ༧ଌͰ͸֤ม਺͕ذΕΔ͕ɺ෼͞ࢉܭ͕ͯͬͨ͠ʹ3.1 2஋

Ͱ͋ΔͨΊ P (y = 0 | X) + P (y = 1 | X) = 1͕੒ཱ͠ɺ༧ଌʹ͸ີݫͳ֬཰஋Ͱ͸ͳ

͘େখؔ܎ͷΈ͕Θ͔Ε͹े෼Ͱ͋Δɻ

͕ͨͬͯ͠ɺ·֤ͣ֬ޙࣄ཰Ͱڞ௨ͷ෼฼Λলུ͠ɺ

P (y | X) ∝ P (y)P (x1 | y)P (x2 | y)...P (xn | y) (3.3)

͞Βʹɺ࣍ࣜͷΑ͏ʹ྆ลͷର਺ΛͱΔɻ

logP (y | X) ∝ logP (y) + logP (x1 | y)...+ logP (xn | y) (3.4)

͜ͷΑ͏ʹͯ͠ɺআࢉͱ৐ࢉΛऔΓআ͖ՃࢉͷΈʹஔ͖͑׵Δ͜ͱͰɺճ࿏ԽͷͨΊ

Δɻ͢ݮ࡟Λྔࢉܭʹ

͞Βʹɺࣜ 3.4ͷର਺ಉ࢜ͷՃࢉΛɺ֤Χ΢ϯλͷ্࠷ҐϏοτಉ࢜ͷՃࢉͰஔ͖׵

͑ΒΕΔ [5]͜ͱͰՃثࢉΛॖখ͢Δɻ͜͜Ͱɺ্࠷ҐϏοτಉ࢜ͷՃࢉ͸ɺ͢ͳΘͪ

1͕ηοτ͞ΕͨϏοτΛΧ΢ϯτ͢Δॲཧͱ౳ՁͰ͋Δɻͦ͜ͰಡΈग़͞ΕͨϏοτ

ྻΛ͍͔ͭ͘ͷখ͞ͳ·ͱ·Γʹ෼ׂ͠ɺ“1”ͷݸ਺ΛΧ΢ϯτ͢ΔϧοΫΞοϓςʔ

ϒϧ (LUT: Look-Up Table)ʹೖྗ͢Δɻͦͷग़ྗΛύΠϓϥΠϯԽ͞Εͨখ͞ͳՃࢉ

཰ΛಘΔ֬ޙࣄɺ͍ߦΛࢉͰՃث 3.4ɻ͜ΕΒͷ޻෉ʹΑΓճ࿏໘ੵ͓Αͼ஗ԆΛॖখ

͢Δ͜ͱͰɺ࣍અͰड़΂ΔCPU΁ͷ૊ΈࠐΈʹదͨ͠ΞʔΩςΫνϟΛઃͨ͠ܭɻ
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7 bits                   7bits                  7bits                   7bits                    3bits

adder

P(xi | y)  

l = 30 bits 1 bit
CPT P(y)

pipeline registers

0000000   0
0000001   1
0000010   1

1111111   7

in      out
LUT LUT LUT LUT LUT

... ...

0000000   0
0000001   1
0000010   1

1111111   7

in      out

... ...

0000000   0
0000001   1
0000010   1

1111111   7

in      out

... ...

0000000   0
0000001   1
0000010   1

1111111   7

in      out
... ...

000   0
001   1
010   1

111   3

in  out

... ...

7 7

3 3

4 4

4 4

5

6

2

2

adder

adder

adder

3 3

7 7 3

ਤ 3.4ɹେখൺֱͷͨΊͷ֬ޙࣄ཰ P (y = c | x1, x2, ..., xn)͸ϧοΫΞοϓςʔϒϧͱύΠϓ

ϥΠϯԽ͞ΕͨՃثࢉͰ͞ࢉܭΕΔɻ
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pc

instruction
cache

instruction register

branch predictor instruction decoder

adder

data
cache

align

user
logic

data
memory

register file

CSRs logical shifter multiply
and

divide

by
pa

ss
 in

te
rlo

ck

WISHBORN

WISHBORN

instruction
memory

A

F

D

X

M

W

ਤ 3.5ɹ LatticeMico32ͷϒϩοΫਤͱ໋ྩύΠϓϥΠϯ [15].
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branch destination address

F DA X

inst.
mem.PC fetching inst.

regs.
inst.

decoder

branch
predictor

branch
predictor

branch
decoder

A  F  D  X  M  W
A  F  D  X  M  W

A  F  D  X  M  W

2 cycles

branch
inst. A

inst. B

t

(a)

branch destination address

F DA X

inst.
mem.PC fetching inst.

regs.
inst.

decoder

branch
predictor

A  F  D  X  M  W
A  F  D  X  M  W

A  F  D  X  M  W

1 cycle

branch
inst. A

inst. B

t

(b)

ਤ 3.6ɹ (a)LatticeMico32͸෼ྩ໋ذΛDεςʔδͰ༧ଌ͠ɺXεςʔδͰ࣮͢ߦΔɻ(b)෼

Λث༧ଌذ FεςʔδʹҠಈ࣮ͤͯ͞ߦ·Ͱ 2ΫϩοΫαΠΫϧͷ༨༟Λ֬อͨ͠ɻ

3.3.2 φΠʔϒϕΠζ෼ذ༧ଌثͷCPU΁ͷద༻

Ҏ্ͷΑ͏ʹઃͨ͠ܭφΠʔϒϕΠζ෼ذ༧ଌثΛιϑτίΞ CPU Ͱ͋Δ Lat-

ticeMico32 [15]ʹຒΊࠐΉͨΊʹɺ·ͣ LatticeMico32ͷσʔλύεΛௐࠪͨ͠ɻLat-

ticeMico32͸શ෦Ͱ 6ஈͷ໋ྩύΠϓϥΠϯΛ༗͠ 3.5ɺ෼ذͷ༧ଌ͸DεςʔδͰ࣮

ΕΔɻ͜ͷ৔߹ɺDεςʔδͰ໋ྩ͕σίʔυ͞Ε͔ͯΒXεςʔδ·Ͱ͞ߦ 1Ϋϩο

ΫαΠΫϧͷ༨༟͔͠ͳ͘ɺઃͨ͠ܭφΠʔϒϕΠζ෼ذ༧ଌثͷ஗Ԇઃܭͱద߹͠

ͳ͍ɻͦ͜ͰɺFεςʔδʹϑΣον͞Ε໋ͨྩ͕෼͔ྩ໋ذͲ͏͔Λ൑அ͢Δ෼໋ذ

ྩσίʔμΛઃஔ͠ɺ෼ذ༧ଌث͸͜ͷσίʔμͷ௚ޙʹઃஔ͢Δ͜ͱͰɺ༧ଌ͔Β

Ͱ·ߦ࣮ 2ΫϩοΫαΠΫϧΛ֬อͨ͠ 3.6ɻ

φΠʔϒϕΠζ෼ذ༧ଌثͷΞʔΩςΫνϟΛਤ 3.7 ʹࣔ͢ɻ৚݅෇͖֬཰ද͓Α

ͼࣄલ֬཰ද͸ɺ໋ྩΞυϨεͷԼҐ nϏοτΛϋογϡ஋ͱͯ͠ 2nͷϖʔδ਺Λ࣋
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in
st

ru
ct

io
n 

ad
dr

es
s

n 
bi

ts

compute
P(y = 0 | x)

and
P(y = 1 | x)

training

predictionbranch outcome

•

•

select
entry

l b
its

2n entries

CPT selected

CPT

table of

P(y)

l  e
nt

rie
s

2n entries

G
BP

selected

P(y)

ਤ 3.7ɹφΠʔϒϕΠζ෼ذ༧ଌث (NBBP)ͷΞʔΩςΫνϟ

ͭɻ͜Ε͸ɺύʔηϓτϩϯ෼ذ༧ଌثʹ͓͍ͯಉ༷ʹ 2nݸͷύʔηϓτϩϯΛ༻͍

͍ͯͨ͜ͱΛߟࢀʹͨ͠ɻ෼͕ྩ໋ذϑΣον͞ΕΔͱɺ໋ྩΞυϨεͷԼҐϏοτͱ

άϩʔόϧ෼ذཤྺʹ͕ͨͬͯ͠ࣄલ֬཰P (y)͓Αͼ໬౓P (xi | y)͕ಡΈग़͞Εɺࣄ
཰֬ޙ P (y = 0 | X)ͱ P (y = 1 | X)ͷେখൺֱΛ͍ߦɺ෼ذ੒൱Λ༧ଌ͢Δɻ෼໋ذ

৽͞ΕΔɻߋલ֬཰ɺ໬౓͕ࣄΕͯਅͷ݁Ռ͕൑໌͢ΔͱɺGBH͓Αͼ͞ߦ࣮͕ྩ

3.4 ධՁ

3.4.1 ෼ذ༧ଌਫ਼౓

φΠʔϒϕΠζ෼ذ༧ଌثͷ༧ଌͷਫ਼౓ͱճ࿏ن໛͸ɺ৚݅෇͖֬཰ද͓Αͼάϩʔ

όϧ෼ذཤྺͷαΠζͰܾఆ͞ΕΔɻͦ͜ͰɺϕϯνϚʔΫɾηοτ [16]ͷத͔Β࠷

΋୯७ͳϓϩάϥϜΛબͼɺ෼ذཤྺͷ௕͞ lɺ໋ྩԼҐΞυϨεͷ௕͞ nɺΧ΢ϯλ

ͷϏοτ਺mΛͦΕͧΕมԽͤͯ͞༧ଌਫ਼౓ΛγϛϡϨʔγϣϯ͠ɺ࠷దͳύϥϝʔ

λΛ୳ͨ͠ࡧɻ֤ύϥϝʔλʹର͢Δ༧ଌϛε཰͸ਤ 3.8ͷΑ͏ʹͳͬͨɻཤྺ͓Αͼ

ΞυϨεͷαΠζΛେ͖͘͢ΔͱɺΑΓີͳཻ౓Ͱಛ௃ΛֶशͰ͖ΔͨΊɺϛε཰͕

௿Լͨ͠ɻҰํͰɺ֬཰Χ΢ϯλͷϏοτ਺Λ૿΍͢ͱϛε཰͸্ঢͨ͠ɻ͜Ε͸ɺΧ

΢ϯλͷ্࠷ҐϏοτͷΈΛ༧ଌʹ༻͍͍ͯΔͨΊʹɺϏοτ਺͕૿͑ͯΧ΢ϯλ஋
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ਤ 3.8ɹ֤ύϥϝʔλʹର͢Δ༧ଌϛε཰ (a) άϩʔόϧ෼ذཤྺͷ௕͞ɺ(b) ໋ྩΞυϨε

ͷൣғɺ(c)֬཰Χ΢ϯλͷαΠζ
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SBP: static branch predictor
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ਤ 3.9ɹφΠʔϒϕΠζ෼ذ༧ଌثͱύʔηϓτϩϯ෼ذ༧ଌثɺ੩త෼ذ༧ଌثͷ༧ଌਫ਼౓

ൺֱ

ͷμΠφϛοΫϨϯδ͕͘޿ͳΔͱे෼ʹֶश͕ਐ·ͳ͔ͬͨͨΊͱ͑ߟΒΕΔɻ͜

ΕΒͷ݁Ռ͔Βɺάϩʔόϧ෼ذཤྺͷ௕͞Λ 30bitɺ໋ྩΞυϨεͷൣғΛ 8bitɺΧ

΢ϯλͷαΠζΛ 4bitͱઃఆͨ͠ɻ

࣍ʹɺφΠʔϒϕΠζ෼ذ༧ଌثͱύʔηϓτϩϯ෼ذ༧ଌثɺ੩త෼ذ༧ଌثͷ

༧ଌਫ਼౓Λൺֱͨ͠ɻ੩త෼ذ༧ଌث͸ɺΦϦδφϧͷLatticeMico32ʹ૊Έࠐ·Εͯ

͍Δ෼ذ༧ଌثͰ͋Δɻ෼ذཤྺͷֶश͸ߦΘͣɺ৚݅෼ྩ໋ذͷछྨʹԠͯ͡ɺޙ

ํ৚݅෼ذ͸ෆ੒ཱɺલํ৚݅෼ذ͸੒ཱͱɺҰҙʹ෼ذͷ੒൱Λ༧ଌ͢Δɻγϛϡ

Ϩʔγϣϯʹ༻͍ͨ 7छͷϕϯνϚʔΫɾϓϩάϥϜͷ͏ͪɺ5छʹରͯ͠φΠʔϒϕ

Πζ෼ذ༧ଌ࠷͕ث΋ྑ͍ਫ਼౓Λࣔͨ͠ (ਤ 3.9)ɻ͜Ε͸ɺφΠʔϒϕΠζ෼ذ༧ଌث

͸ɺύʔηϓτϩϯ෼ذ༧ଌثͱൺ΂ͯઢܗ෼཭ෆՄͳσʔλʹରͯ͠΋े෼ʹֶश

͠͏ΔͨΊͩͱ͑ߟΒΕΔɻ·ͨɺଞͷ 2छʹରͯ͠͸੩త෼ذ༧ଌߴ࠷͕ثਫ਼౓Λ

͕ࣔͨ͠ɺ͜ΕΒͷϓϩάϥϜ͸ΑΓ؆୯ͳߏ଄Ͱ͋ͬͨͱ͑ߟΒΕΔɻ

༧ଌਫ਼౓͕͚ߴΕ͹͍ߴ΄Ͳ࣮ؒ࣌ߦ͸୹ॖ͞ΕΔ (ਤ 3.10)ɻຊڀݚͰ͸γϯϓϧ

ͳϕϯνϚʔΫͱγϯϓϧͳCPUΛ࠾༻ͨͨ͠ΊΘ͔ͣͳ্޲ʹͱͲ·͕ͬͨɺΑΓ

ෳࡶͳϕϯνϚʔΫϓϩάϥϜ΍ਂ͍ύΠϓϥΠϯΛ༗͢ΔCPUΛ༻͍Ε͹ɺΑΓݦ
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ਤ 3.10ɹ֤ϕϯνϚʔΫϓϩάϥϜʹର͢Δ࣮ؒ࣌ߦͷվળ཰

ஶͳޮՌ͕ಘΒΕΔͱظ଴͞ΕΔɻ

3.4.2 ফඅిྗ

࣍ʹɺφΠʔϒϕΠζ෼ذ༧ଌ͓ثΑͼ੩త෼ذ༧ଌثΛ౥֤ͨ͠ࡌLatticeMico32

ʹରͯ͠ɺΫϩοΫαΠΫϧɾϕʔεͷγϛϡϨʔγϣϯʹΑΓಘΒΕͨτάϧ཰ͱ

ϝϞϦΞΫηεճ਺͔ΒফඅిྗΛੵݟ΋ͬͨɻγϛϡϨʔγϣϯʹ͠ࡍɺϓϩηε

Λ 0.18 µm CMOSɺίΞిѹΛ 1.8VɺΫϩοΫप೾਺Λ 100MHzͱͯ͠࿦ཧ߹੒Λߦ

ͳͬͨ 3.1ɻLatticeMico32Λ༻͍Δͱɺਤ 3.11ͷΑ͏ͳϓϩηοα͕૝ఆ͞ΕΔ͕ɺ

͜ͷ͏ͪLatticeMico32ͷCPUίΞిྗ (ϩδοΫిྗ)͓Αͼ໋ྩϝϞϦͱσʔλϝ

ϞϦ΁ͷΞΫηεͰੜ͡Δిྗ (ϝϞϦిྗ)ͷΈΛධՁର৅ͱ͢ΔɻϩδοΫిྗ͸

Synopsysࣾͷ Power CompilerʹΑΓղੳ͢Δɻͨͩ͠ɺφΠʔϒϕΠζ෼ذ༧ଌث

ͷ৚݅෇͖֬཰ද͓Αͼࣄલ֬཰ද͸ϨδελͰ࣮૷͢Δʹ͸ن໛͕େ͖͘ɺ࣮༻্

͸ SRAMͱ࣮ͯ͠૷͞ΕΔͱ͑ߟΒΕΔͨΊɺిྗղੳͷର৅͔Β͸আ֎͢Δɻ͔Θ

Γʹɺ֤֬཰ද΁ͷΞΫηεճ਺ͱɺSRAM΁ͷΞΫηεͰੜ͡Δిྗσʔλ [17]͔

ΒɺͦͷΞΫηεফඅిྗΛٻΊɺϩδοΫిྗʹՃ͑ͨɻ·ͨɺ໋ྩϝϞϦ͓Αͼ
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ਤ 3.11ɹ LatticeMico32Λ༻͍ͨϓϩηοαͷ૝ఆਤɻCPUίΞͷফඅిྗͱϝϞϦΞΫη

εͷফඅిྗΛੵݟ΋ͬͨɻ



52 ୈ 3ষ ୯७ϕΠζ๏Λ༻͍ͨಈత෼ذ༧ଌث

ද 3.1ɹ࿦ཧ߹੒࣌ͷ֤৚݅

Specification

Technology UMC 0.18 µm CMOS

Core area 3.0mm× 3.0mm (CPT accounts for 70%)

Supply voltage 1.8V

Clock frequency 100MHz

Size of CPT 122 kbits

Size of P (y) table 2 kbits

Size of instruction memory 800 kByte

Size of data memory 800 kByte

ද 3.2ɹϕϯνϚʔΫɾϓϩάϥϜ basicmath smallΛ 1ճ࣮ͨ͠ߦͱ͖ͷফඅిྗੵݟ΋Γ

Logic Memory

Plogic time Wlogic Pmem access Wmem total

[mW] [ms] [mJ] [mW] [ktimes] [mJ] [mJ]

SBP 12.7 3.03 0.039 70 295 20.7 20.73

NBBP 41.9 2.97 0.124 70 289 20.3 20.42

σʔλϝϞϦʹ͍ͭͯ΋ಉ༷ʹɺγϛϡϨʔγϣϯͰಘΒΕͨΞΫηεճ਺ͱ SRAM

ిྗσʔλ [17]͔ΒɺͦͷফඅిྗΛٻΊͯϝϞϦిྗͱͨ͠ɻ

ϕϯνϚʔΫɾϓϩάϥϜͷ͏ͪ basicmath smallΛ 1ճ࣮ࡍͨ͠ߦͷফඅిྗ͸ද

3.2ͷΑ͏Ͱ͋ͬͨɻදͷ͏ͪɺ“Logic”͸લड़ͨ͠ϩδοΫిྗΛɺ“Memory”͸ಉ༷

ʹϝϞϦిྗΛҙຯ͢ΔɻφΠʔϒϕΠζ෼ذ༧ଌث͸ɺ੩త෼ذ༧ଌثͱൺֱͯ͠

໿ 1.5ഒͷճ࿏ن໛Λཁ͢Δ (ද 3.3)ɻ͕ͨͬͯ͠ɺ༧ଌਫ਼౓ͷվળʹΑΓ࣮ؒ࣌ߦ͸

୹ॖ͞Εͨ (ද 3.2தͷ time)ʹ΋ؔΘΒͣɺϩδοΫిྗ͸૿େͨ͠ɻҰํͰɺϝϞ

ϦΞΫηεճ਺ (ද 3.2தͷ access)ͷॖখʹΑΓϝϞϦిྗ͕ݮগ͞Εͨ͜ͱͰɺશ

ମͷফඅిྗ͸௿Լͨ͠ɻ

͜ͷ݁Ռ͔ΒɺϓϩάϥϜΛ nճ܁Γฦ࣮ͨ͠͠ߦͱ͖ͷফඅిྗΛɺͦΕͧΕ࣍

ࣜʹΑͬͯͨ͠ࢉܭɻ

Wlogic [J] = Plogic [W/s]× execution time [s]× iteration

Wmem [J] = Pmem [W/time]× access freqency [time]× iteration
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ਤ 3.12ɹϕϯνϚʔΫɾϓϩάϥϜΛ܁Γฦ࣮ͨ͠͠ߦ৔߹ͷফඅిྗࠩ෼ɿ0ΑΓԼ͸੩త

෼ذ༧ଌثͷํ͕௿ిྗͰɺ0ΑΓ্͸φΠʔϒϕΠζ෼ذ༧ଌثͷํ͕௿ిྗͰ͋Δ͜ͱΛ

ࣔ͢ɻ

ද 3.3ɹ֤෼ذ༧ଌثΛ LatticeMico32ʹ૊ΈࠐΜͩ৔߹ͷήʔτ਺͓ΑͼίΞ໘ੵ

Gate count Circuit area [mm2]

Mico32 with SBP 30 6k 0.287

Mico32 with PBP 44 8k 0.382

Mico32 with NBBP 51 4k 0.482
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ՌΛϓϩοτ͢Δͱ݁ࢉܭ (ਤ 3.12)ɺ܁Γฦ͠ճ਺ʹର͢Δফඅిྗޮݮ࡟Ռ͸ɺ

difference of power consumption [mW] = 0.32n

ͱͳΓɺ͢ͳΘͪ൓෮ճ਺͕૿͢΄ͲϝϞϦిྗͷݮগʹΑΔফඅిྗݮ࡟ͷԸܙΛ

ड͚ɺϓϩάϥϜΛ 1000ճ (໿ 3ඵؒ)࣮ࡍͨ͠ߦʹ͸ 320mWͷిྗ͕͞ݮ࡟ΕΔݟ

ΈΛಘͨࠐ (ਤ 3.12)ɻ

3.5 ݴ݁

ຊষͰ͸ɺ෼ذ༧ଌͷߴਫ਼౓ԽʹΑΔফඅిྗͷޮݮ࡟Ռʹ͍ͭͯड़΂ͨɻ෼ذ༧

ଌΛߴਫ਼౓Խͤ͞Δͱ໋ྩύΠϓϥΠϯ͕ετʔϧͮ͠Β͘ͳΓɺϝϞϦ΁ͷΞΫη

εճ਺΋গͳ͘ͳΔͨΊɺແବͳిྗͷൃੜΛ཈੍ͤ͞Δ͜ͱ͕Ͱ͖ΔɻҰํͰɺߴ

ਫ਼౓ͳ෼ذ༧ଌثʹΑΔճ࿏ͷେن໛͔͸ిྗͷ૿Ճ΋ট͘ɻ

ຊڀݚͰ͸ɺ୯७ϕΠζ๏Λ༻ֶ͍ͨशܕ෼ذ༧ଌثΛઃ͠ܭɺιϑτίΞCPUʹ

ϨδελసૹϨϕϧͰ૊ΈࠐΜͰγϛϡϨʔγϣϯΛߦͳͬͨɻ͜ͷφΠʔϒϕΠζ

෼ذ༧ଌث͸ɺύʔηϓτϩϯ෼ذ༧ଌث΍੩త෼ذ༧ଌثΑΓ΋͍ߴ༧ଌਫ਼౓Λࣔ

ͨ͠ɻ·ͨɺ੩త෼ذ༧ଌثͱൺ΂ͯճ࿏ن໛͕େ͖͍ͨΊ CPUࣗମͷফඅిྗ͸

૿Ճͯ͠͠·͏͕ɺҰํͰ༧ଌͷߴਫ਼౓ԽʹΑΔϝϞϦΞΫηεిྗͷ͕ݮ࡟ɺ͜ͷ

ిྗΦʔόʔϔουΛ্ճΓɺγεςϜશମͷফඅిྗ͸௿͞ݮΕΔ͜ͱ͕Θ͔ͬͨɻ

ຊڀݚͰ͸؆ૉͳϕϯνϚʔΫͱCPUΛ༻͍͕ͨɺΑΓ࣮༻తͳϓϩάϥϜ΍ෳࡶͳ

CPUΛ༻͍ͨ৔߹ʹ͸ɺ͜ͷిྗޮݮ࡟Ռ͸ΑΓݦஶʹͳΔͱ͑ߟΒΕΔɻ
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ୈ4ষ 3DϝϞϦΛਂ૚ֶशʹ׆༻͢Δ

ͨΊͷہॴ৞ΈࠐΈ૚ֶؒश๏

4.1 ॹݴ

σΟʔϓϥʔχϯάΛؚΉχϡʔϥϧωοτϫʔΫͷٕज़͸ٸ଎ʹ։ൃ͞Ε͓ͯΓɺ

ਓؒͷઐ໳ՈͰ͑͞͏·͘ॲཧͰ͖ͳ͍໰୊΋ղܾͰ͖Δ͜ͱ͕ظ଴͞Ε͍ͯΔɻ͜

ΕΒͷςΫϊϩδ͸ɺࡏݱɺ๛෋ͳϦιʔεͱετϨʔδΛඋ͑ͨྗڧͳίϯϐϡʔ

ςΟϯάΞʔΩςΫνϟͰͷΈ࣮ߦՄೳͰ͋ΔͨΊɺαʔόʔ΍σʔληϯλʔͰओ

Ε͍ͯΔɻ͔͠͠ɺ͜ΕΒͷٕज़͸͍ۙকདྷɺϞϊͷΠϯλʔωοτ͞༺࢖ʹ (IoT)ɺ

͢ͳΘͪΤοδγεςϜʹ΋ల։͞ΕΔඞཁ͕͋ΔɻIoTΤοδγεςϜ͸ࡏݱηϯγ

ϯάσόΠεͳͲͱͯ͠࢖༻͞Ε͍ͯΔ͕ɺχϡʔϥϧωοτϫʔΫͷςΫϊϩδ͸

Τοδʹ஌ੑΛ΋ͨΒ͠ [1]ɺϔϧεέΞ΍๷ࡂͷΑ͏ͳ༷ʑͳ৽͍͠ΞϓϦέʔγϣ

ϯΛϦΞϧλΠϜͰॲཧ͢Δ͜ͱΛՄೳʹ͢Δɻ

΄ͱΜͲͷ IoTΤοδγεςϜ͸όοςϦʹ੍໿͕͋ΔͨΊɺΞʔΩςΫνϟ্ͷ޻

෉ͱσόΠεͷ޻෉ͷ྆ํΛ૊Έ߹ΘͤɺΤωϧΪʔޮ཰ͷ͍ߴΤοδAIγεςϜΛ

ͷதͰɺΊ΋Γͨ͢σόΠڀݚΔ͜ͱ͕ॏཁͰ͋ΔɻσόΠεʹؔ͢Δଟ͘ͷ͢ݱ࣮

ε͸ࡏݱͷγϦίϯσόΠεΛ୅ସ͢ΔͨΊʹूதతʹ͞ڀݚΕ͖ͯͨ [2–4]ɻϝϞϦ

ελσόΠε͸ɺҟͳΔ఍߅ʹΑͬͯҟͳΔ஋Λද͕͢ɺͦΕΒͷ఍߅஋Λར༻͢Δ

͜ͱʹΑͬͯɺࢉज़ԋࢉ૷ஔͱϝϞϦͷ྆ํͱͯ͠ػೳ͢Δɻ͞Βʹɺ3DϝϞϦελ

σόΠε͸ɺ2DରԠσόΠεΑΓ΋ճ࿏໘ੵʹ͓͍ͯ͞Βʹޮ཰తͰ͋Δɻ͕ͨͬ͠

ͯɺ͜ͷ 3Dߏ଄͸৽͍͠ΞʔΩςΫνϟΛݕ౼͢Δͱ͖ʹ׆༻͢Δඞཁ͕͋Δɻྫ͑

͹ɺਓؒͷ೴ΛؚΉ΄ͱΜͲͷ෺࣭తͳ෺ମ͕ຊདྷ 3Dߏ଄Λ༗͢Δͱ͍͏࣮ࣄʹয఺

Λ౰ͯΔͱɺχϡʔϥϧωοτϫʔΫ͸ͦͷΑ͏ͳ 3DϝϞϦૉࢠͷ಺෦ߏ଄Λར༻͢

Δ͜ͱʹΑͬͯޮ཰తʹ࣮͢ݱΔ͜ͱ͕Ͱ͖Δɻ

ຊߘͰ͸ɺ্هͷഎܠʹಈػ෇͚ΒΕͯɺখܕͰిྗޮ཰ͷྑ͍ΤοδAIγεςϜ

Λ࣮͢ݱΔͨΊʹɺ3DϝϞϦελσόΠεΛҙࣝͨ͠χϡʔϥϧωοτϫʔΫϞσϧ

ΛఏҊ͢Δɻ͜ͷϞσϧ͸ɺہॴ݁߹৞ΈࠐΈDeep Belief Network(LCCDBN)ͱݺ͹
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Εɺ৞ΈࠐΈχϡʔϥϧωοτϫʔΫ (CNN)ͱDeep Belief Network(DBN)ʹ͍ͮج

ͯ։ൃͨ͠ɻ3࣍ݩϝϞϦελσόΠε͸੡଄͓Αͼ࣮ࢪʹ͓͍͍͔ͯͭ͘ͷ੍͍͠ݫ

໿͕͋Γɺे෼ͳੑೳΛୡ੒͠ͳ͕Β͜ΕΒͷσόΠεʹ͓͚Δ༷ʑͳల։Մೳͳߏ

଄Λ୳͢ٻΔɻఏҊ͢Δ LCCDBNͷॏཁͳಛ௃ͱݙߩ͸ҎԼͷ௨ΓͰ͋Δɻ

• 3DϝϞϦελσόΠεͰχϡʔϥϧωοτϫʔΫΛ࣮͢ݱΔͱ͖ɺ৞ΈࠐΈͷ

૚ؒ઀ଓ͸ిؒۃͷಋઢʹΑ࣮ͬͯ͞ݱΕΔɻ૷ஔͷܽؕΛճආ͢ΔͨΊʹ͸ɺ

͜ΕΒͷϫΠϠͷෳ͞ࡶΛܰ͢ݮΔඞཁ͕͋ΔɻΑΓ۩ମతʹ͸ɺॏͳΓ߹͏ϫ

ΠϠ͸੍͞ݶΕ͍ͯΔɻզʑͷϞσϧͰ͸ɺ͜ͷ໰୊͸৞ΈࠐΈΛྡ઀͢Δσʔ

λ (͢ͳΘͪہॴσʔλ)ͷΈʹݶఆ͢Δ͜ͱʹΑͬͯղܾ͞ΕΔɻ

• ࣮૷ͷ؍఺͔Β͸ɺϨΠϠ୯Ґͷࢣڭͳֶ͠श͸ɺwire by wireͷ͖ͭࢣڭτϨʔ

χϯάΑΓ΋༏ઌ͞ΕΔɻfine-tuning(·ͨ͸͋ࢣڭΓֶश)͸ΦϑνοϓϝϞϦ

Λར༻ͯ͠ॏΈΛ؅ཧ͢ΔͨΊʹ֤૚ͷίϯτϩʔϥͷΑ͏ͳ௥Ճͷ૷ஔٕज़Λ

ඞཁͱ͢Δ͕ɺ૚͝ͱʹॏΈϨΠϠΛࣄલઃఆ͢Δࢣڭͳֶ͠श͸ͦͷΑ͏ͳٕ

ज़Λඞཁͱ͠ͳ͍ɻզʑ͸ɺ͜ͷ੍໿ͷԼͰ༷ʑͳߏ଄Λྀ͢ߟΔ͚ͩͰͳ͘ɺ

͜ͷ੍໿Λ؇࿨͢Δ͜ͱʹΑΔӨڹ΋ධՁ͢Δɻ

• ఏҊ͢ΔϞσϧ͸ɺϊΠζͳͲʹର͢Δ 3DϝϞϦσόΠεͷ੬ऑੑΛྀ͢ߟΔ

ͨΊʹɺDBN͔Βੜ͡Δ֬཰తੑ࣭Λར༻͢Δɻ

LCCDBN͸ɺΞϓϦέʔγϣϯʹԠͨ͡ΧελϚΠζՄೳੑΛఏ͢ڙΔͨΊʹɺͦ

ͷग़ྗ͕ߏ࠶੒Մೳͳϋʔυ΢ΣΞ·ͨ͸ιϑτ΢ΣΞʹΑͬͯ։ൃ͞ΕΔ෼ྨڙʹث

ͱͯ͠ثΕΔಛ௃நग़͞څ 3DϝϞϦσόΠεʹ࣮૷͞ΕΔͱԾఆ͢Δɻ͕ͨͬͯ͠ɺ

ங͢ΔͨΊʹɺಛ௃நग़ߏʹଘͷసҠֶशख๏͸ɺΤοδAIγεςϜશମΛޮ཰తط

ʹར༻͢Δͷ͕ଥ౰Ͱ͋Δɻ

ຊڀݚͰ͸ɺ༷ʑʹύϥϝʔλΛม͑ͯɺ࣮ߦՄೳͰద੾ͳLCCDBNߏ଄Λఆྔత

ʹௐ΂ͨɻ૚͝ͱͷࢣڭͳֶ͠शΛ࢖༻͢Δͱ͍͏੍͍͠ݫ໿ʹΑΓɺ૚ؒ઀ଓ (͢ͳ

Θͪಋઢ)ͷେ෯ͳݮগʹ΋͔͔ΘΒͣɺզʑͷ LCCDBN͕ैདྷͷDBNͱಉ౳ͷੑ

ೳΛఏ͢ڙΔ͜ͱΛ࣮ূͨ͠ɻ·ͨɺ࣮૷ίετΛ٘ਜ਼ʹͯ͠ɺ͜ͷ੍໿Λ؇࿨͢Δ

ͱύϑΥʔϚϯε͕େ෯ʹ্͢޲Δ͜ͱΛ໌Β͔ʹͨ͠ɻσόΠε࣮૷ʹࠔ೉͕ੜ͡

Δ͕ɺ͜ͷ؇࿨͸औΓ૊ΉՁ஋͕͋Δͱ͑ߟΒΕΔɻ
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ਤ 4.1ɹίϯμΫλϯεͷ੍ߏޚ଄໛ࣜਤ

4.2 ૚ϝϞϦελੵݩ3࣍

CMOSσόΠεʹ୅ΘΔ΋ͷͱͯ͠ɺ૬มԽϝϞϦ (PCM) [5]ɺ࣓ؾϥϯμϜΞΫ

ηεϝϞϦ (MRAM) [6]ɺ͓Αͼ఍߅ϥϯμϜΞΫηεͱϝϞϦ (ReRAM) [7]ͳͲɺ

༷ʑͳ৽͍͠λΠϓͷϝϞϦελσόΠεֶ͕ज़త͓Αͼۀ࢈తͷ྆ํͰ͞ڀݚΕͯ

͖ͨɻ͜ΕΒͷϝϞϦ͸ɺैདྷͷϑϥογϡϝϞϦͱಉ༷ʹෆੑൃشͰ௿ిྗͰ͋Γ

ͳ͕Βɺैདྷͷ̧̢̙̖ͱಉ͘͡Β͍ߴ଎ʹσʔλʹΞΫηε͢Δ͜ͱ͕Ͱ͖Δɻ͞

Βʹڵຯਂ͍͜ͱʹɺͦΕΒ͸ߴ଎ͳϥϯμϜΞΫηεϝϞϦͱ͚ͯͩ͠Ͱͳ͘ɺͦ

ΕΒͷΞφϩάͷৼΔ෣͍Λར༻͢Δ͜ͱʹΑͬͯίϯϐϡʔςΟϯάϢχοτͱ͠

ͯ΋ಇ͘͜ͱ͕Ͱ͖Δɻ

͜ΕΒͷهԱ૷ஔͰ͸ɺಋઢΛར༻ͯ͠σʔλ͕อଘ͞ΕΔɻ(؆ܿͷͨΊɺຊߘͰ

͸ిؒۃͷࢧ഑తͳಋిύε (ྫɿReRAMͷϑΟϥϝϯτ)Λදͨ͢Ίʹʮಋઢʯͱ͍

(Δɻ͢༺࢖Λޠ༺͏ ਤ 4.1͸ɺ̎ͭͷిؒۃͷPCMͳͲͷ͍͔ͭ͘ͷهԱ૷ஔʹ͓

͚ΔίϯμΫλϯε੍ޚͷϝΧχζϜΛද͢ɻಋઢ͸े෼ʹి͍ߴѹԼͰ੍͞ޚΕΔɻ

ίϯμΫλϯε͸ 2ͭͷిؒۃͷࢉज़ԋࢉ (ಛʹ৐ࢉԋࢉͷॏΈ)ʹΑΓిѹ੍ޚͰɺ

ҟͳΔσʔλ·ͨ͸஋Λද͢ɻby v = R(w)i, where v is voltage, i is current, and R()

is a generalized resistance depending on the state variable w, which has a relationship

between time t and electric charge q (i.e., dw/dt ∝ dq/dt) [8]. ͜͜Ͱɺిѹ vɺిྲྀ iɺ

࣌ؒ tͱిՙྔ qʹରͯ͠ dw/dt ∝ dq/dtͷ͕ؔ܎੒Γཱͭwʹґଘ͢ΔՄม఍߅R()

ʹରͯ͠ɺίϯμΫλϯε͸ v = R(w)iͰܾఆ͞ΕΔ [8]ɻΑΓ۩ମతʹ͸ɺ఍߅ʢ͢

ͳΘͪɺίϯμΫλϯεͷٯ਺ʣ͸ɺ୹ؒظͰͷిྲྀʢ·ͨ͸ిѹʣͷมԽྔʹΑͬͯ

มԽ͢Δ [9–11]ɻ͜ΕΒͷಛ௃͸ɺهԱ૷ஔͷૅجΛද͍ͯ͠Δɻ͜ΕΒͷಋઢ͕Ͳ
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ਤ 4.2ɹσόΠεΛ౿·͑ͨχϡʔϥϧωοτϫʔΫ (a)3Dߏ଄ͷྫ (b)ରԠ͢Δχϡʔϥϧ

ωοτϫʔΫͷϞσϧ

ͷΑ͏ʹ੍͞ޚΕΔ͔ͱ͍͏఺ͰɺهԱ૷ஔ͸େ͖͘ஈ֊త੍ޚͱϫϯλΠϜ੍ޚͷ

̎ͭʹ෼ྨ͢Δ͜ͱ͕Ͱ͖ΔɻPCM [12]ͷΑ͏ͳલऀͷ૷ஔͰ͸ɺֶशϓϩηεʹ͓

͚ΔॏΈͷ൓෮తͳ૿Ճ͓ΑͼݮগͷؒʹɺిѹύϧεʹΑͬͯஈ֊తʹॏΈ͕ߋ৽

͞ΕΔɻҰํɺReRAMͷΑ͏ͳऀޙͰ͸ɺॏΈ͸༧ΊܾΊΒΕ͓ͯΓɺҰ౓ʹిѹύ

ϧεʹΑͬͯಋઢʹՃ͑ΒΕΔɻͲͪΒͷλΠϓͷهԱ૷ஔͰ΋ɺॳظঢ়ଶͰͷॏΈ

͸ 0ͱݟͳ͞Ε·͕͢ɺಛఆͷ஋ʹϓϩάϥϜ͞ΕͨޙͷॏΈ͸ 0͔Β 1ͷൣғͷ࣮਺

Λද͢ɻͳ͓ɺຊڀݚͰ͸ಛఆͷϝϞϦελσόΠεΛ૝ఆ͍ͯ͠·ͤΜɻ

ͷσόΠεͰ͸ɺಋిੑϫΠϠ͸௨ৗɺਤࡏݱ 4.2ʹࣔ͢Α͏ʹ 2ͭͷిؒۃʹҰର

Ұͷؔ܎Ͱ࣮͢ݱΔ͜ͱ͕Ͱ͖Δ [13]ɻ͕ͨͬͯ͠ɺ͜ΕΒͷσόΠε͸ɺχϡʔϥϧ

ωοτϫʔΫͷ৞ΈࠐΈΛ࣮͢ߦΔͨΊʹଟ਺ͷΫϩεόʔ઀߹෦Λ༗͢ΔάϦουߏ

଄Ͱ࣮૷͞ΕΔඞཁ͕͋Δɻ࣮ࡍɺ΄ͱΜͲͷΫϩεόʔߏ଄͸ɺCNNͰ͸࢖༻͞Ε

ͳ͍ɻ͜Ε͸ɺਤ 4.2(a)ʹࣔ͢Α͏ʹɺಋిੑϫΠϠΛෳ਺ͷిؒۃΛڮ౉͢͠Δ͜ͱ

Ͱղܾ͢Δ͜ͱ͕Ͱ͖ɺ͜ͷΑ͏ͳख๏͸ 3DϝϞϦελσόΠεͰ͞ڀݚ͘޿Ε͍ͯ

Δ [14]ɻ͜ͷٕज़Λར༻͠ɺಋઢΛద੾ʹ੍͢ޚΔ͜ͱͰ (ਤ 4.2(a))ɺهԱ૷ஔશମ͸

ޮ཰తʹ৞ΈࠐΈΛ࣮͢ߦΔ͜ͱ͕Ͱ͖Δ (ਤ 4.2(b))ɻ֤ϫΠϠͷίϯμΫλϯε͸ॏ

Έ (wi)Λද͠ɺ৴߸্͕෦ి͔ۃΒԼ෦ిۃʹ౉͞ΕΔͱ͖ʹɺh2 = w2×v1+w3×v2.
ͷΑ͏ʹɺॏΈͱೖྗ৴߸ͷੵ (vj)͕͞ࢉܭΕΔɻ

૚ؒͷ഑ઢݮ࡟͸ɺूੵԽͷ؍఺͔Β͚ͩͰͳ͘ɺσόΠε੡଄໰୊ͷ؍఺͔Β΋

ෆՄܽͰ͋Δɻલऀ͸ɺ໘ੵͷॖখʹΑΔ௿ফඅిྗফඅͱ͍͏఺Ͱ໌നͰ͋ΔɻҰ

ํɺ3࣍ݩϝϞϦελσόΠεͰχϡʔϥϧωοτϫʔΫΛ࣮͢ݱΔ৔߹ɺऀޙ͸ɺ૚

ؒͷ഑ઢ͕ෳͨ͗͢ࡶΓଟ͗ͨ͢Γ͢ΔͱɺిؒۃͰϫΠϠ͕ॏͳΓ߹͏ʢ·ͨ͸བྷ
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Έ߹͏ʣ͜ͱ͔Βੜ͡Δɻॏͳ͍ͬͯΔϫΠϠ͸૷ஔʹॏେͳܽؕΛҾ͖͢͜ىͷͰɺ

ͦΕΒ͸ɺ৞ΈࠐΈʹ͓͚Δྡ઀ (·ͨ͸ϩʔΧϧ)σʔλͷΞΫηεͷΈʹݶఆ͢Δ

͜ͱͳͲʹΑͬͯճආ͞Εͳ͚Ε͹ͳΒͳ͍ɻ

4.3 సҠֶश

సҠֶश͸ɺֶश͞ΕͨωοτϫʔΫͷೖྗಛ௃நग़ػೳΛؔ࿈͢Δະֶश໰୊ʹ

ར༻͢Δํ๏Ͱ͋Δ࠶ [15]ɻ͜ͷωοτϫʔΫ͸ಛ௃நग़ثͱͯ͠ػೳ͠ɺͦͷग़ྗ

͸໰୊ (·ͨ͸λʔήοτΞϓϦέʔγϣϯ)ʹԠͯ͡ΧελϚΠζͰ͖Δ෼ྨثʹૹ

ΒΕΔɻͨͱ͑͹ɺਤ 4.3Ͱ͸ɺ࠷ॳʹσʔληοτ AΛͯͬ࢖ಛ௃நग़ثΛߏங͠

·͢ɻ࣍ʹɺಛ௃நग़ثΛͯͬ࢖ʮσʔληοτAʯʹؔ࿈͢ΔʮσʔληοτBʯΛ

෼ྨ͢Δɻ͜ͷͱ͖ɺχϡʔϥϧωοτϫʔΫBͰ͸ɺͦΕʹԠͯ͡෼ྨߏ࠶͕ثங

͞ΕΔɻ

ΤοδAIγεςϜͷΧελϚΠζੑ͸࣮༻্ඞਢͰ͋ΔͨΊɺసҠֶशΛ࠾༻͢Δ

ͷ͕࣮ݱతͰ͋ΔɻຊڀݚͰ͸ɺਤ 4.3ʹࣔ͢Α͏ʹɺಛ௃நग़͕ثϋʔυϫΠϠʔ

υ 3DهԱ૷ஔʹ࣮૷͞ΕɺϢʔβʔఆٛͷ෼ྨ͕ثιϑτ΢ΣΞ·ͨ͸ߏ࠶੒Մೳͳ

ϋʔυ΢ΣΞʹΑͬͯΧελϚΠζՄೳͰ͋ΔͱԾఆ͠·͢ɻಛ௃நग़ث಺ͷϫΠϠͷ

ॏΈʢίϯμΫλϯεʣ͸ɺֶशʹΑͬͯࣄલઃఆɺ͢ͳΘͪ഑ઢ͢Δ͜ͱ͕Ͱ͖Δɻ

AlexNet [16]΍VGG16 [17]ͷΑ͏ʹɺసҠֶशͷͨΊʹ࣮࢖ʹࡍ༻͞Ε͍ͯΔಛ௃

நग़ث͸਺ଟ͘ଘ͢ࡏΔ͕ɺͦΕΒ͸ෳࡶͳߏ଄Λ༗͢ΔͨΊ 3DϝϞϦελσόΠ

εͰ͸࣮ݱͰ͖ͳ͍ɻΑΓ۩ମతʹ͸ɺ૚ؒͷେྔͷ઀ଓ (ྫ͑͹ɺReRAM಺ͷϫΠ

Ϡ)ͷॏͳΓ͸ɺσόΠεʹ࣮૷͞Εͨ৔߹ɺ୹བྷ·ͨ͸ॏେͳܽؕΛҾ͖͢͜ىɻ࣍

ষͰ͸ɺ3DϝϞϦελσόΠεʹ࣮૷͢Δͷʹे෼ʹ୯७Ͱɺલड़ͷ഑ઢͷ໰୊Λղ

ܾ͢ΔͨΊͷɺҰछͷ֬཰తχϡʔϥϧωοτϫʔΫߏ଄Λ঺հ͢Δɻ

4.4 Locally-Connected Convolutional Deep Belief

Network

ຊڀݚͷ໨త͸ɺ૊ΈࠐΈγεςϜɺ͍ ΘΏΔΤοδAIγεςϜͷͨΊͷ௿ిྗ3Dϝ

ϞϦελͰχϡʔϥϧωοτϫʔΫΛ࣮͢ݱΔ͜ͱͰ͋Δɻ͜ ΕΒͷ૷ஔʹ͓͚Δ͍͠ݫ

੍໿Λྀͯ͠ߟɺ৞ΈࠐΈχϡʔϥϧωοτϫʔΫ (CNN)ͱDeep Belief Network(DBN)
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ਤ 4.3ɹసҠֶश

ͷར఺Λ౷߹͢Δ͜ͱʹΑΓہॴ݁߹৞ΈࠐΈ Deep Belief Network(LCCDBN)ͱݺ

͹ΕΔ֬཰χϡʔϥϧωοτϫʔΫΛఏҊ͢Δɻ

໿Λ༗͢Δɻͦͷத੍͍͠ݫϝϞϦελσόΠε͸੡଄ʹ͓͍͍͔ͯͭ͘ͷݩ3࣍

Ͱ΋ɺϫΠϠͷෳ͞ࡶͱίϯμΫλϯε੍ޚ͸ಛʹ͍͠ݫ΋ͷͰ͋Δɻ·ͣɺCNN(AI

ͷ͞·͟·ͳΞϓϦέʔγϣϯͰ࢖͘޿༻͞Ε͍ͯΔχϡʔϥϧωοτϫʔΫ)ʹ஫

໨ͯ͠ɺϨΠϠʔؒͷॏΈઃఆΛֶश͢ΔɻCNNͰ͸ɺ֤ϨΠϠ͸ɺಛ௃ϚοϓΛ࡞

੒͢ΔͨΊʹɺೖྗʹద༻͞ΕΔ୯Ұ·ͨ͸ෳ਺ͷখ͍͞αΠζͷॏΈ෇͖ྻߦΛ࢖

༻͢Δ ༗ॏΈڞ) (ਤ 4.4(a)))ɻ͔͠͠ɺڞ༗ॏΈ͸ɺશ݁߹ΛؚΉωοτϫʔΫͰ͸ɺ

ਤ 4.4(a)ʹࣔ͢Α͏ʹಋઢ͕ॏͳΓ߹ͬͯ͠·͏ͨΊɺ3DϝϞϦελσόΠεͰ͸࣮

ߟΛݶ༗΢ΣΠτΛ༻͍Δ͜ͱͰ੡଄্ͷ੍ڞॴ݁߹ͷඇہͰ͖ͳ͍ɻͦͷͨΊɺݱ

ྀ͠ͳ͕Βɺෳ਺ͷಛ௃ϚοϓΛ࡞੒Ͱ͖ΔΑ͏ʹCNNΛ֦ு͢Δ (ਤ 4.5(b))ɻͨͱ

͑͹ɺ28 × 28ϐΫηϧͷೖྗը૾ͷ৔߹ɺڞ༗ॏΈ͸ 1ͭͷ৞ΈࠐΈϨΠϠʹ 1ͭͷ

ಛ௃ϚοϓΛ࡞੒͢Δ͕ɺ3ʷ 3ॏΈྻߦΛ 1ͭͷθϩύσΟϯάͰ࢖༻͢Δͱɺ֦ு

ೳ͸ػ 28ͷಛ௃ϚοϓΛ࡞੒͢Δɻඇڞ༗ॏΈΛ࢖༻͢Δ͜ͱʹΑΓɺ੡଄ͷ༰қ͞

ͱෳ਺ͷಛ௃Ϛοϓͷ྆ํ͕࣮͞ݱΕΔɻ

࣍ʹɺզʑ͸ͦͷ܇࿅ํ๏ʹΑΔผͷ֬཰తχϡʔϥϧωοτϫʔΫɺDBNʹ஫໨
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ਤ 4.4ɹ഑ઢͷෳੑࡶ (a) ಋઢͷॏͳΓ߹͍ (b) ॏͳΓ߹͍ͷͳ͍഑ઢ.

͢Δɻֶशํ๏͸͋ࢣڭΓͱࢣڭͳ͠ͷ 2ͭͷΞϓϩʔνʹ෼ྨ͞ΕΔɻ3DϝϞϦε

λσόΠεͷ৔߹ɺ͋ࢣڭΓτϨʔχϯάΛ࠾༻͢Δ͜ͱͰɺॏΈΛ wire by wireʹ

ௐ੔͢Δɻ͜Ε͸ɺैདྷͷϑΥϯϊΠϚϯΞʔΩςΫνϟͰߦΘΕ͍ͯͨͷͱಉ༷ʹɺ

ॏΈ͕ࢉज़ԋࢉϢχοτ͔Β཭Εͯ (ྫ͑͹ΦϑνοϓϝϞϦʹ)֨ೲ͞ΕɺΦϑνο

ϓίϯτϩʔϥͷ੍ޚΛཁ͢Δɻ͜Ε͸ɺ෼ྨੑೳΛ্ͤ͞޲ΔҰํͰɺ੡଄্ͷࠔ೉

͓Αͼࢉܭ଎౓ͷ௿Լ΋΋ͨΒ͠ಘΔɻ൓ରʹɺࢣڭͳֶ͠शΛ࠾༻͢ΔͱɺॏΈ͕

layer by layerʹௐ੔͞ΕΔɻͭ·ΓɺॏΈ͸Φϑνοϓίϯτϩʔϥͷհೖͳ͠ʹɺہ

ॴ݁߹ʹΑͬͯௐ੔͞ΕΔɻ͜Ε͸ɺࠓ೔ͷΞʔΩςΫνϟʹ͓͚ΔΠϯϝϞϦɾίϯ

ϐϡʔςΟϯά [13]ͱಉ౳Ͱ͋ΓɺίϯϐϡʔςΟϯά͓ΑͼΤωϧΪʔͷ؍఺͔Βɺ

໌Β͔ʹ੡଄͕༰қͰޮ཰తͰ͋ΔɻͦͷͨΊɺ3DϝϞϦελσόΠεͷτϙϩδΛ

͸ɺᩦཉͳ֊૚ผֶश͕ʹࡍΔͱɺ֊૚ผͷτϨʔχϯά͕ΑΓద͍ͯ͠Δɻྀ࣮͢ߟ

े෼ͳύϑΥʔϚϯεΛಘͯɺDBNͱͯ͠ػೳ͢Δ͜ͱ͕ࣔ͞Ε͍ͯΔ [15, 18, 19]ɻ

DBNʹ஫໨͢Δ΋͏ 1ͭͷཧ༝͸ɺͦͷ֬཰࿦తͳੑ࣭Ͱ͋Δɻۙ࠷ͷ 2DϝϞϦ

ελσόΠεͷڀݚಈ޲Λࢀর͢Δͱ [13]ɺຊڀݚͰ͸໨ඪͱ͢Δ̙̏ϝϞϦελσ

όΠε͸Ξφϩάճ࿏ͱͯ͠΋࢖༻͞ΕΔՄೳੑ͕͋ΓɺͦΕ͸ࡶڥ؀Իɺૉࢠ͹Β

͖ͭͳͲͷಈత৙ཚʹରͯ͠੬ऑͰ͋Δɻ͜ΕΒͷޮՌΛྀ͢ߟΔͨΊʹɺ3DϝϞϦ

ελσόΠεʹΑΔχϡʔϥϧωοτϫʔΫ͸ɺܾఆ࿦తͰ͸ͳ֬͘཰࿦తʹϞσϧ

Խ͢Δඞཁ͕͋ΔɻຊڀݚͰ͸෦෼తʹDBNΛ֦ு͢Δ͜ͱʹΑͬͯɺ֬཰ม਺ͷ૚

Ͱߏ੒͞ΕΔDBNͷ֬཰తੑ࣭ʹ҉໧ͷ͏ͪʹରॲ͢Δɻ
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ਤ 4.5ɹ (a) ॏΈڞ༗৞ΈࠐΈ (b)ॏΈඇڞ༗৞ΈࠐΈ

ཁ໿͢ΔͱɺLCCDBN͸ہॴ݁߹ͷΈΛ࣋ͭ֬཰χϡʔϥϧωοτϫʔΫϞσϧͰɺ

CNN(ඇڞ༗ॏΈ)ͱDBN(֊૚ผֶशͱ֬཰తੑ࣭)͔Β։ൃ͞Εͨɻ͜ͷ LCCDBN

͸ɺಛ௃நग़ثΛߏங͢ΔͨΊʹ 3DϝϞϦελσόΠεʹ૊Έࠐ·Εɺग़ྗ͸શ݁߹

෼ྨث ઀ଓ͞Εʹ(ΕΔ͞ݱ੒Մೳͳϋʔυ΢ΣΞ·ͨ͸ιϑτ΢ΣΞͱ࣮ͯ͠ߏ࠶)

Δɻਤ 4.6͸ɺ3૚ಛ௃நग़ثͱ 1૚෼ྨثͷྫΛઆ໌͍ͯ͠Δɻຊ࿦จͰ͸ɺಛ௃ந

ग़ث͸੡଄ٕज़Λྀͯ͠ߟখ͞ͳ 3x3ϑΟϧλΛ༗͢Δൺֱతগͳ͍૚ (͢ͳΘͪ 1͔

Β 3૚)͔ΒͳΔͱԾఆ͢Δɻ͔͠͠ͳ͕Βɺ͜ΕΒͷ੍ݶ͸ɺσόΠε੡଄ٕज़ͷਐ

าͱڞʹকདྷ؇࿨͞ΕΔՄೳੑ͕͋Δɻ·ͨɺ͜ͷΑ͏ͳߏ੒ͷ؆ૉԽ͸ɺωοτϫʔ

Ϋߏ଄Λௐࠪͨ͠Γมͨ͠ߋΓ͢Δ͜ͱʹΑΔӨڹΛཧղ͢Δ্ͰॏཁͰ͋Δɻ

4.5 ධՁ

4.5.1 ධՁํ๏

ຊڀݚͰ͸MNISTͱCIFAR-10σʔληοτΛ༻͍ͯධՁΛߦͳͬͨɻ

• MNIST [20] (Fig. 4.7)͸ɺ0͔Β 9ͷ 10छྨͷखॻ͖਺ࣈͰߏ੒͞ΕΔσʔλ

ηοτͰ͋Δɻ50000ຕͷֶश༻σʔλɺ10000ຕͷূݕ༻σʔλɺ10000ຕͷς

ετ༻σʔλؚ͕·ΕΔɻ֤ը૾͸ 28x28ϐΫηϧͷάϨʔεέʔϧը૾Ͱ͋Δɻ

MNIST͸ɺͦͷ୯७͔͞Βɺը૾෼ྨλεΫʹ͓͚Δ࠷΋ॳาతͳλεΫͱ͠

ΒΕ͍ͯΔɻ͍༺͘޿ͯ
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ਤ 4.6ɹ LCCDBNͰߏ੒͞ΕΔωοτϫʔΫͷશମਤ

• CIFAR-10 [21] (Fig. 4.8)͸ɺ10Ϋϥε (airplane, automobile, bird, cat, deer, dog,

frog, horse, ship, truck)ͷը૾͔Βߏ੒͞ΕΔσʔληοτͰ͋Δɻ50000ຕͷֶ

श༻σʔλͱ 10000ຕͷςετσʔλؚ͕·ΕΔɻূݕ༻σʔλ͸ؚ·Ε͍ͯͳ

͍͕ɺֶश༻σʔλͷҰ෦Λ੾Γग़͢͜ͱͰɺ༰қʹ࡞੒Ͱ͖Δɻ֤ը૾͸ 32x32

ϐΫηϧͷΧϥʔը૾Ͱ͋Δ͕ɺຊධՁͰ͸؆୯ͷͨΊʹάϨʔεέʔϧʹม׵

ͯ͠༻͍Δɻ͜ͷσʔληοτ΋ɺMNISTΑΓ΋Ұஈ֊࣮ݱతʹσʔληοτ

ͱͯ͠ɺ͘޿ར༻͞Ε͍ͯΔɻ

ຊධՁͰ͸ɺ3छͷҟͳΔߏ଄ͷ LCCDBNΛؚΉɺ4छྨͷχϡʔϥϧωοτϫʔ

Ϋʹରͯ͠ධՁΛߦͳͬͨɻLCCDBNͷίϯηϓτ͸ɺ෦෼తʹDBN [18]͔Βͷ೿

ੜͰ͋ΔͨΊɺੑ׆Խؔ਺ͱͯ͠γάϞΠυؔ਺ΛɺॏΈ͸ਖ਼ن෼෍ͰॳظԽͨ͠ɻ֤

ωοτϫʔΫͷ֓ཁΛҎԼɺ͓Αͼද 4.1ʹࣔ͢ɻ

1. DBN: DBN͸ 1͔Β ੒͞ΕΔɻશ݁߹૚ࣗମ͕ಛ௃நߏͷશ݁߹ӅΕ૚͔Βݸ3

ग़ثͱͯ͠΋෼ྨثͱͯ͠΋ػೳ͢ΔͨΊɺผ్෼ྨثΛෟஔ͢Δඞཁ͕ͳ͍ɻ

HintonΒͷϞσϧ ɺχϡʔϩϯͷ਺͸ୈ͖ͮجʹ[18] 1ӅΕ૚͸ ɺୈݸ500 2Ӆ
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Ε૚͸ ɺୈ̏ӅΕ૚͸ݸ500 ͱઃఆͨ͠ɻݸ2000

2. LCCDBN 2,000: ͜ͷ LCCDBN͸ɺࢣڭͳ͠֊૚ผֶशͷΈ͕ՄೳͰ͋ΔΑ

͏ͳ͍͠ݫσόΠε੍໿ΛԾఆͯ͠ߏஙͨ͠ɻΤοδAIγεςϜʹ͓͍ͯ͸ɺ෼

͸ثΊɺ෼ྨ͍ͨ͠·޷଄ͷํ͕ߏ͸؆ૉͳثྨ 1૚ߏ଄ͷΈͱͨ͠ɻ2000͸෼

͕ثྨ ͷχϡʔϩϯΛؚΉ͜ͱΛද͠ɺ͜Ε͸ϦιʔεɾϦονͳ෼ྨݸ2000

Ͱ͋Δͱ͍͑Δɻث

3. LCCDBN 100: ಛ௃நग़ث͸ LCCDBN 2,000ͱಉҰͰ͋Δ͕ɺ෼ྨث͸ 100

ͷχϡʔϩϯͷΈΛؚΈɺ͢ͳΘͪϝϞϦ༰ྔ͕গͳ͍Α͏ͳϦιʔε͕ΑΓݸ

ΕͨγεςϜΛԾఆͨ͠ɻ͜ΕʹΑΓɺLCCDBNͦͷ΋ͷͷੑೳ͞ݶ੍͘͠ݫ

ΛΑΓ໌Β͔ʹ͢Δ͜ͱ͕Ͱ͖Δɻ

4. LCCDBN supervised: ͜ͷLCCDBN͸όοΫϓϩύήʔγϣϯ (͢ͳΘͪڭ

෰͠ɺ੍໿͕؇࿨͞Εͨ৔߹Λࠀ೉ΛࠔΓֶश)Λ༻͍Δɻ͜Ε͸੡଄্ͷ͋ࢣ

Ծఆ͢Δɻ͜ΕΒͷ੍໿؇࿨ʹΑΓɺੑ׆Խؔ਺ͱͯ͠ReLU [22]ΛɺॏΈͷॳ

Խख๏ͱͯ͠HeΒͷख๏ظ [23] Λ༻͍Δ͜ͱ͕Ͱ͖ɺόοΫϓϩύήʔγϣϯ

ΛΑΓޮՌతʹ׆༻͢Δ͜ͱ͕Ͱ͖Δɻ

·ͨɺຊڀݚͰ͸ಛ௃நग़ثͱͯ͠ͷੑೳΛධՁ͢ΔͨΊʹɺ֤ωοτϫʔΫʹର

͠ɺ࣍ͷΑ͏ʹͯ͠సҠֶश࣮ݧΛߦͳͬͨɻ

• Only classifier: ಛ௃நग़ثΛ༻͍ͣʹɺ෼ྨثͷΈΛόοΫϓϩύήʔγϣϯ

Ͱֶशͤͨ͞ɻ͜Ε͸ɺಛ௃நग़ػೳධՁͷϕʔεࢦඪͱͳΔɻ

• With feature extractor (FE): 4छྨͷ֤ωοτϫʔΫΛಛ௃நग़ثͱͯ͠

༻͍Δɻ࠷ॳʹɺ֤ωοτϫʔΫΛ 10ΫϥεͷσʔληοτΛ༻ֶ͍ͯशͤ͞

Δɻ࣍ʹɺֶश͞Εͨಛ௃நग़ثΛ࠶ར༻͠ɺ෼ྨثͷΈΛ 5Ϋϥεͷσʔλ

ηοτΛ༻ֶ͍ͯशͤ͞Δɻ͜͜Ͱɺ5Ϋϥεͱ͸MNISTͷ৔߹͸ۮ਺ͷΈΛɺ

CIFAR-10ͷ৔߹͸ airplane, bird, deer, frog, shipΛબΜͩɻ

ຊධՁͰ͸ɺ1͔Β 3ͷӅΕ૚ͷ਺ʹର͠ɺલड़ͷ 4ͭͷߏ଄Λൺֱ͢ΔͨΊʹɺ࣍

ʹ͋͛Δ 3ͭͷଌఆج४Λར༻ͨ͠ɻ

• Wire complexity: શ݁߹૚ͱہॴ݁߹૚ΛؚΉDBN [18]͓Αͼ LCCDBNͷ

഑ઢͷෳੑࡶΛੵݟ΋ͬͨɻ
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ද 4.1ɹධՁର৅ͱͨ͠ωοτϫʔΫͷ֓ཁ
DBN LCCDBN LCCDBN LCCDBN

2,000 100 supervised

Hidden layers # 1, 2, 3

Hidden neurons # 1st:500, 2nd:500, 3rd:2,000 Same as input pixels

Classifier layers # - 1 Layer

Classifier neurons # - 2,000 100 2,000

Receptive field size - 3× 3

Zero-padding size - 1

Stride - 1

Learning method Greedy layer-wise training Back prop.

Activation function Sigmoid ReLU

Weight init. Normal distribution He init.

ਤ 4.7ɹMNISTσʔληοτ ਤ 4.8ɹ CIFAR-10σʔληοτ
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ද 4.2ɹWire complexity.

MNIST

DBN LCCDBN

1 Hidden Layer 28×28×500 = 392,000 1×(3×3×28×28) = 7,056

2 Hidden Layers 392,000 + (500×500) = 642,000 2×(3×3×28×28) = 14,112

3 Hidden Layers 642,000+ (500×2,000) = 1,642,000 3×(3×3×28×28) = 21,168

CIFAR-10

DBN LCCDBN

1 Hidden Layer 32×32×500 = 512,000 1×(3×3×32×32) = 9,216

2 Hidden Layers 512,000 + (500×500) = 762,000 2×(3×3×32×32) = 18,432

3 Hidden Layers 762,000+ (500×2,000) = 1,762,000 3×(3×3×32×32) = 27,648

• Image reconstructability: ӅΕ૚ͷ਺Λม͑ͯɺDBN͓Αͼ LCCDBN͕Ͳ

Ε͚ͩೖྗը૾Λ෮͢ݩΔ͔Λ֮ࢹతʹධՁͨ͠ɻ

• Performance of transfer learning: ֤ωοτϫʔΫʹର͠ɺసҠֶशͷੑೳ

ΛMNIST͓ΑͼCIFAR-10Λ༻͍ͯఆྔతʹධՁͨ͠ɻ

4.5.2 ධՁ݁Ռ

·ͣɺDBNͱ LCCDBNͷϫΠϠ਺Λൺֱͯ͠ɺϫΠϠͷෳ͞ݮ͕ܰ͞ࡶΕͨޮՌ

ΛධՁͨ͠ɻ഑ઢͷෳ͞ࡶ͸ 3ͭͷҟͳΔ LCCDBNߏ଄Ͱಉ͡Ͱ͋Δɻද 4.2 ͷ্

෦ͱԼ෦͸ɺӅΕ૚ͷ਺Λม͑ͨ࣌ͷɺMNISTͱ CIFAR-10ͷϫΠϠ਺Λද͍ͯ͠

ΔɻDBNͰ͸ɺୈ 1ͷӅΕ૚಺ͷϫΠϠ਺͸ɺೖྗը૾αΠζͱχϡʔϩϯ਺ 500ͷ

ੵʹΑܾͬͯ·Δɻ૚͕૿͑ΔʹͭΕͯɺલͷ૚ͱ࣍ͷ૚ͷχϡʔϩϯ਺ͷੵʹΑͬ

ܾͯ·ΔϫΠϠ͕௥Ճ͞Ε·͢ɻҰํɺLCCDBNͰ͸ɺ֤૚͸ɺड༰໺αΠζ 3x3ͱ

ೖྗը૾αΠζͱͷੵʹΑܾͬͯఆ͞ΕΔಉ͡ϫΠϠ਺Λ༗͢Δɻ͜ΕΒͷ݁Ռ͔Βɺ

LCCDBNʹΑΔ഑ઢͷ͔͕ݮ࡟ͳΓେ͖͍͜ͱ͕໌Β͔ʹͳͬͨɻ͜Ε͸ 3DϝϞϦ

ελʹ͓͚ΔχϡʔϥϧωοτϫʔΫͷ࣮ݱΛՃ଎͢ΔͰ͋Ζ͏ɻ
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ਤ 4.9ɹMNISTσʔληοτʹର͢Δը૾ߏ࠶੒

ද 4.3ɹMNISTσʔληοτʹର͢Δੑೳൺֱ

DBN LCCDBN LCCDBN LCCDBN

2,000 100 supervised

Only Classifier 96.12% 97.62% 96.18% 98.90%

With 1-layer FE 93.62% 95.47% 90.17% 99.00%

With 2-layer FE 95.96% 94.64% 91.81% 98.94%

With 3-layer FE 93.58% 95.12% 90.13% 99.02%

MNIST

࣍ʹɺLCCDBN͕ಛ௃நग़ثͱͯ͠े෼ʹػೳ͢Δ͜ͱΛ֬ೝ͢ΔͨΊʹɺը૾࠶

ɻMNISTͷதͷ͍ͨͬ͘ߦ఺͔ΒɺMNISTʹ͍ͭͯධՁΛ؍੒ੑͱఆྔతੑೳͷߏ

͔ͭͷબ୒͞Εͨը૾ʹ͍ͭͯɺਤ 4.9͸ݪը૾ͱߏ࠶੒ը૾Λಛ௃நग़ثͷΈʹର͠

ͯൺֱ͢ΔɻDBNͱ LCCDBN͸྆ํͱ΋֊૚ผࢣڭͳֶ͠शʹΑֶͬͯश͞Εͨɻ

LCCDBNͷग़ྗʹϊΠζ͕௥Ճ͞Ε͍ͯΔ͕ɺϫΠϠͷෳ͕͞ࡶେ෯ʹݮগ͍ͯ͠Δ

ʹ΋͔͔ΘΒͣɺը૾͸े෼ʹߏ࠶੒͞Ε͍ͯΔ͜ͱ͕Θ͔Δ (ද 4.2)ɻ

ද 4.3͸ɺը૾෼ྨλεΫʹର͢Δಛ௃நग़ثͷੑೳΛൺֱ͍ͯ͠Δɻ͜͜Ͱ΋΍͸

ΓɺLCCDBN͸͍͠ݫσόΠε੍໿ͷԼͰ΋DBNͱಉ౳ͷੑೳΛୡ੒͍ͯ͠Δ͜ͱ

͕Θ͔Δ (LCCDBN 2,000ͱDBNΛޙ࠷ͷ૚Ͱಉ͡χϡʔϩϯ਺Λ࣋ͭͨΊ)ɻ͔͠

͠ͳ͕ΒɺDBN͓Αͼࢣڭͳ͠ LCCDBN͸ɺ෼ྨثͷΈΑΓ΋ੑೳ͕ྼԽͨ͠ɻ͜

Ε͸ɺMNISTͰͷը૾෼ྨλεΫ͕े෼ʹ୯७ͳͨΊͰ͋Δɻ
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ਤ 4.10ɹ CIFAR-10σʔληοτʹର͢Δը૾ߏ࠶੒

ද 4.4ɹ CIFAR-10σʔληοτʹର͢Δੑೳൺֱ

DBN LCCDBN LCCDBN LCCDBN

2,000 100 supervised

Only Classifier 41.08% 49.78% 41.14% 57.68%

With 1-layer FE 40.96% 47.74% 41.56% 65.06%

With 2-layer FE 43.82% 47.70% 41.78% 64.56%

With 3-layer FE 40.94% 47.54% 41.92% 62.96%

CIFAR-10

MNISTσʔληοτͱಉ༷ʹɺCIFAR-10σʔληοτʹ͍ͭͯ΋ධՁΛߦͳͬͨɻ

ਤ 4.10ͷΑ͏ʹը૾͸MNISTͷը૾ΑΓ΋ෳࡶʹͳΔͨΊɺDBNͱ LCCDBNͷ྆

ํͷߏ࠶੒ը૾͸Θ͔ͣʹ΅΍͚ͯ͠·͏ɻ͜Ε͸ɺಛʹେ෯ͳ഑ઢߦ͕ݮ࡟ΘΕͯ

͍Δ LCCDBNʹ͓͍ͯɺࢣڭͳֶ͠शͷݶքΛࣔࠦ͢Δɻ

ද 4.4͸෼ྨثͷΈͷ৔߹ͱಛ௃நग़ثΛ༻͍ͨ৔߹ͷੑೳ݁ՌΛ͍ࣔͯ͠ΔɻLC-

CDBN͔Βͷը૾ߏ࠶੒ (ਤ 4.10)͸DBN͔Βͷը૾ߏ࠶੒ΑΓྼ͍ͬͯΔͱ͑ߟΒ

ΕΔ͔΋͠Εͳ͍͕ɺDBNͱ LCCDBN2,000Λൺֱ͢Δͱ LCCDBN͕ΑΓྑ͍ੑೳ

͕ୡ੒͞Ε͍ͯΔɻ͜Ε͸ɺLCCDBN͕ෳࡶͳը૾্Ͱ΋෼ྨʹඞཁͳಛ௃Λޮ཰త

ʹநग़Ͱ͖Δ͜ͱΛ͍ࣔͯ͠ΔɻLCCDBNϕʔεͷಛ௃நग़ثΛ࢖༻͢ΔͱɺϦιʔ

ε͕๛෋ͳ Δ৔߹ΑΓ΋ੑೳ͕௿Լ͢͢༺࢖ͷΈثͷχϡʔϩϯΛ༗͢Δ෼ྨݸ2,000
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Δ͕ɺ͜ΕΒͷ݁Ռ͸ɺ෼ྨ͕ث ·స͢ΔɻٯͷχϡʔϩϯͷΈΛ༗͢Δ৔߹͸ݸ100

ͨɺMNISTσʔληοτʹର͢Δ݁ՌʹཱͪฦΔͱɺ෼ྨλεΫ͕ෳࡶͰ͋Δ࣮ݱత

ͳঢ়گͰ͸ɺLCCDBNϕʔεͷಛ௃நग़͸෼ྨʹ໾ཱͮͱ͑ߟΒΕΔɻޙ࠷ʹɺզʑ

͸ɺσόΠε੡଄ٕज़͕੒ख़͢ΔʹͭΕͯΦϑνοϓίϯτϩʔϥͷ࣮૷͕࣮ݱՄೳ

ʹͳΔ͔΋͠Εͳ͍ͱԾఆ͠ɺ͋ࢣڭΓ LCCDBNΛධՁͨ͠ɻද͔ΒΘ͔ΔΑ͏ʹɺ

LCCDBNϕʔεͷಛ௃நग़ث͸ɺ͜ͷ੍໿Λ؇࿨͢Δ͜ͱʹΑͬͯύϑΥʔϚϯεΛ

େ෯ʹ্ͤ͞޲·͢ɻ

͜ΕΒͷධՁΛ௨ͯ͠ɺҎԼͷൃݟΛಘͨɻ

• ϫΠϠͷෳ͕͞ࡶେ෯ʹݮগͨ͠ʹ΋͔͔ΘΒͣɺLCCDBN͸DBNͱಉ౳ͷੑ

ೳͱը૾ߏ࠶੒Λࣔͨ͠ɻLCCDBNͷಛ௃நग़ػೳΛ͞Βʹ࣮ূ͢ΔͨΊʹɺ෼

ͷΈͷੑೳΛثΛআ͘ಛ௃நग़ثྨ t-෼֬ࢄ཰తۙྡຒࠐΈ (t-SNE) [24]ʹΑͬ

ͯࣔ͢ (ਤ 4.11 ͓Αͼද 4.11 )ɻMNISTσʔληοτʹର͢Δ 1ͭͷӅΕ૚ಛ

௃நग़ثͷ݁ՌͷΈ͕ࣔ͞Ε͍ͯΔɻ͜Ε͸ɺଞͷߏ଄ʹ͍ͭͯ΋ಉ༷ͷ݁Ռ͕

Ε͔ͨΒͰ͋Δɻਤ͞࡯؍ 4.11͸ɺಛ௃͕Ͳͷఔ౓͏·͘நग़͞Ε۠ผ͞Εͯ

͍Δ͔Λઆ໌͍ͯ͠Δɻ֤Ϋϥε͕ີͰ͋Δ΄Ͳɺಛ௃͸ΑΓྑ͘நग़͞ΕΔɻ

ಛ௃நग़ثΛ༻͍ͳ͍৔߹ɺΫϥε͸෦෼తʹॏͳΔ͕ (ਤ 4.11(a))ɺಛ௃நग़

Λ༻͍ΔͱΑΓ෼཭͞Εث (ਤ 4.11 (b)-(d))ɺDBNͱ LCCDBNͷ༗༻ੑ͕Θ͔

Δɻಛʹਤ 4.11(b)ͱਤ 4.11(d)ͷ݁Ռʹ஫໨͢Δͱɺ૚ؒ഑ઢ͕DBNΑΓ͸Δ

͔ʹগͳ͍ʹ΋͔͔ΘΒͣɺLCCDBNʹΑͬͯಛ௃͕Α͘நग़͞Ε͍ͯΔ͜ͱ

͕Θ͔Δɻ͞Βʹɺಛ௃நग़ͷఆྔతଌఆج४ͱͯ͠ɺt-SNE࠲ඪʹ͓͚ΔΫϥ

ελʔͷத৺͔Β֤Ϋϥεͷ͢΂ͯͷϕΫτϧͷ߹ܭΛ͞ࢉܭͯ͠༺࢖ΕΔ֯౓

Λಋೖͨ͠ (ද 4.5)ɻද 4.5͔ΒΘ͔ΔΑ͏ʹɺ֤֯౓͸΄΅ۉ౳ʹ཭Ε͓ͯΓɺ

ͭ·Γɺ͢΂ͯͷΫϥε͸໌֬ʹ۠ผ͞Ε͍ͯΔͱ͍͑Δɻ͜ΕΒͷ݁Ռ͸ɺ্

ͱͯ͠ͷLCCDBNͷ༗ޮੑΛे෼ʹ͍ࣔͯ͠ΔɻثͷධՁʹՃ͑ͯɺಛ௃நग़ه

• ҰൠతʹɺϝϞϦελσόΠε͸େ͖ͳมಈੑΛ͍࣋ͬͯΔɻ2ͭͷλΠϓͷϝϞ

ϦελσόΠεͷ͏ͪɺஈ֊తͳίϯμΫλϯε੍ޚλΠϓ͸ɺίϯμΫλϯε

͸ɺޚΓͷίϯμΫλϯε੍ݶೖΕΔ͕ɺҰճʹྀߟϓϩηεதͷมಈੑΛޚ੍

ॏΈͷಡΈऔΓ͓Αͼॻ͖ࠐΈͷ྆ํʹ͓͚ΔมಈੑʹΑͬͯӨڹΛड͚Δɻ͠

͕ͨͬͯɺલऀ͸ऀޙΑΓ΋มಈੑ͸গͳ͍͕ίϯμΫλϯε੍ޚʹ͓͍ͯΑΓ

͕͔͔࣌ؒΔɻίϯμΫλϯε੍ؒ࣌ޚΛྀ͢ߟΔͱɺऀޙͷλΠϓͷϝϞϦε

λσόΠεʹؔ͢ΔมಈੑΛҙֶࣝͨ͠श͕޷·͍͠ɻ͕ͨͬͯ͠ɺࣄલఆٛ͞

ΕͨॏΈʹґଘ͠ͳ͍ͱ͍͏఺Ͱมಈੑ͕͋Δ͜ͱΛೝ͍ࣝͯ͠ΔͨΊɺࢣڭͳ
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ਤ 4.11ɹ t-SNEʹΑΔMNISTͷ 2500σʔλ (500σʔλ x5Ϋϥε)ʹର͢Δಛ௃நग़ͷՄ

Խࢹ (a)ಛ௃நग़ثΛ༻͍ͳ͍৔߹ (b)DBNΛ༻͍ͨ৔߹ (c)LCCDBNΛ༻͍ͨ৔߹ (d)ڭ

Γֶश͞Εͨ͋ࢣ LCCDBNΛ༻͍ͨ৔߹
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ද 4.5ɹ t-SNEʹΑΔྡ઀Ϋϥεͷ֯౓

Angle between two classes Original DBN LCCDBN 2,000 LCCDBN

LCCDBN 100 supervised

Between Class 0 and Class 2 80.0 80.6 78.7 81.3

Between Class 2 and Class 8 64.6 59.9 36.4 66.2

Between Class 8 and Class 4 74.4 73.1 92.3 65.7

Between Class 4 and Class 6 68.1 75.2 67.8 75.7

Between Class 6 and Class 0 72.8 71.2 84.8 71.1

ֶ͠श͕ద͍ͯ͠Δɻ্هͷධՁΛ௨ͯ͠ɺݶΒΕͨ૚ؒ഑ઢʹࢣڭͳֶ͠शΛ

໿ͷԼͰ΋ɺLCCDBN͸ೖྗը૾ͷಛ௃Λநग़͢Δ੍͍͜͠ݫΔͱ͍͏͢༺࢖

ͱ͕Θ͔ͬͨɻ෼ྨλεΫ͕ෳࡶʹͳΕ͹ͳΔ΄ͲɺLCCDBNϕʔεͷಛ௃ந

ग़ث͸ͦͷ༗༻ੑΛൃ͢شΔɻ

• ੑ༺ͷ༗ثɺಛ௃நग़্͠޲ʹΓֶशΛ༻͍ΔͱɺύϑΥʔϚϯε͕େ෯͋ࢣڭ

͕ΑΓڧௐ͞ΕΔɻ֤ӅΕ૚ʹίϯτϩʔϥΛ഑ஔͯ͠ॏΈΛ fine-tuning͢Δɺ

ஈ֊తͳίϯμΫλϯε੍ޚλΠϓͷϝϞϦελσόΠεΛར༻͢Δɺ·ͨ͸ҙ

ਤతͳϦϑϨογϡٕज़Λ࣮͢ݱΔ [25] ɺҰճݶΓͷίϯμΫλϯε੍ޚͷ͹Β

͖ͭΛ཈͑ΔͳͲɺ͍͔ͭ͘ͷҟͳΔΞϓϩʔνͰ࣮ݱͰ͖Δɻ͜ΕΒ͸໌Β͔

ʹ࣮૷্͍͔ͭ͘ͷࠔ೉Λ͍ڧΔ͕ɺͦΕΒ͸औΓ૊ΉՁ஋͕͋Δͱ͑ߟΒΕΔɻ

4.6 ݴ݁

ຊੑͰ͸ɺ3DϝϞϦελσόΠεΛ༻͍ͨ௿ফඅిྗͳΤοδAIγεςϜΛ࣮͢ݱ

ΔͨΊʹɺہॴ݁߹৞ࠐΈDeep Belief Network(LCCDBN)ͱݺ͹ΕΔ֬཰χϡʔϥϧ

ωοτϫʔΫͷϞσϧΛఏࣔͨ͠ɻϝϞϦελσόΠεͷ͍͠ݫ੡଄͓Αͼ࣮૷্ͷ੍

໿Λྀͯ͠ߟɺLCCDBN͸ɺͦΕ͕సૹֶशͷͨΊͷಛ௃நग़ثͱ࣮ͯ͠૷Ͱ͖ΔΑ

͏ʹɺωοτϫʔΫ಺ͷ઀ଓ (ྫ͑͹ReRAM಺ͷϫΠϠ)Λେ੍͖͘͢ݶΔɻ࣮ݧΛ௨

ͯ͠ɺզʑ͸͍͔ͭ͘ͷߏ੒ύϥϝʔλΛม͑ͯ LCCDBNߏ଄Λௐࠪ͠ɺLCCDBN

͕େ෯ͳϫΠϠݮগʹ΋͔͔ΘΒͣैདྷͷDBNʹඖఢ͢Δ͜ͱΛ࣮ূͨ͠ɻLCCDBN

͸ෳࡶͳ෼ྨۀ࡞ͷͨΊͷಛ௃நग़ثͱͯ͠༗༻Ͱ͋Δ͕ɺ͞ΒͳΔվળ͕ඞཁͰ͋

Δɻ͞Βʹɺ͋ࢣڭΓֶशΛ࠾༻͢ΔͨΊʹσόΠεͷ੍໿Λ؇࿨͢Δ͜ͱʹΑͬͯɺ
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ύϑΥʔϚϯε͕ٸ଎ʹ্͢޲ΔՄೳੑ͕ࣔࠦ͞Εͨɻ͜ͷσόΠεͷ੍໿Λอ࣋·

ͨ͸؇࿨͢Δ͜ͱʹΑΔఆྔతͳௐࠪΛ௨ͯ͡ɺ͜ͷ੍໿Λ؇࿨͢Δ͜ͱ͸কདྷͷσ

όΠεςΫϊϩδͰऔΓ૊ΉՁ஋͕͋Δ͸ͣͰ͋Δͱ݁࿦෇͚Δɻશମͱͯ͠ɺຊݚ

ͷ޲ࢦ͸ɺσόΠεڀ LCCDBNߏ଄ͷ༗༻ੑͱݶք͚ͩͰͳ͘ɺ࣮༻తͳ 3DϝϞϦ

ελσόΠεΛ࣮͢ݱΔͨΊʹղܾ͞ΕΔ΂͖ຊ࣭తͳ໰୊΋໌Β͔ʹͨ͠ɻ
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ୈ5ষ Ξφϩάਂ૚ֶशճ࿏ͷૉࢠ਺

Λ൒͢ݮΔॏΈූ߸ݻఆֶश๏

5.1 ॹݴ

Λલఏͱͯ͠ӡ༻͞Ε͍ͯΔɻ͢ͳݯࢿࢉܭͷਂ૚ֶशٕज़ͷଟ͘͸ɺ๛෋ͳࠓࡢ

ΘͪɺΤοδ͕ऩूͨ͠σʔλΛωοτϫʔΫΛհͯ͠σʔληϯλ΁ू໿͠ɺੑߴ

ೳͳػࢉܭͰूதతʹֶशਪ࿦ॲཧΛࣜํ͏ߦΛجຊܗͱ͍ͯ͠Δɻ͜Ε͸ɺ๲େͳ

σʔλΛߴ଎ॲཧ͢Δ͜ͱͰਂ૚ֶशͷޮྗΛ࠷େشൃʹݶͰ͖Δ఺Ͱཧʹద͍ͬͯ

Δ͜ͱ͸ٙ͏΂͘΋ͳ͍͕ɺҰํͰɺݸਓ৘ใΛ࢝Ίͱ͢Δσʔλͷऔѻʹؔ͢Δη

ΩϡϦςΟҙࣝͷߴ·Γ΍ɺӡసࢧԉͷΑ͏ͳϦΞϧλΠϜੑ͕ཁ͞ٻΕΔԠ༻ͱ͍

Γͭͭ͋Δɻ·ߴΔඞཁੑ͕͢ࡌ఺͔ΒɺΤοδ୺຤ࣗମʹਂ૚ֶशΤϯδϯΛ౥؍͏

Τοδʹ͓͚Δਂ૚ֶशʹ͓͍ͯ͸ɺΤοδଆ୺຤͸ిݯͷ੍໿্͔Βੑࢉܭೳ͕

ෆे෼Ͱ͋Δ͜ͱ΋ଟ͘ɺి஑Λ௕ण໋Խͭͭ͠े෼ͳਫ਼౓ɾ଎౓Ͱֶशਪ࿦ॲཧΛ

ΔͨΊͷઐ༻ॲཧճ࿏͕ෆՄܽͰ͋Δɻਂ૚ֶशͷ࣮ମͰ͋Δχϡʔϥϧωο͢ߦ࣮

τϫʔΫʹΑΔσʔλॲཧ͸ɺ΄ͱΜͲ͕χϡʔϩϯؒͷ৴߸఻ୡΛද͢ੵ࿨ԋࢉͰ

ʹॴੑΛར༻͢ΔͱɺGPGPUٕज़ہ੒͞ΕΔɻ͕ͨͬͯ͠ɺͦͷσʔλͱ໋ྩͷߏ

ΑΔฒྻࢉܭ [1]΍ઐ༻ͷฒྻੵ࿨ԋࢉճ࿏ [2]ʹΑΔେ෯ͳॲཧޮ཰্͕޲ՄೳͰ͋

Δɻ͜ͷΑ͏ͳٕज़͸ओʹαʔόଆͰ༻͍ΒΕΔ͕ɺΤοδଆͰ΋ಉ༷ͷΞϓϩʔν͕

ద༻Ͱ͖ɺΑΓ௿ফඅిྗੑʹॏ͖Λ͓͍ͨख๏ͱͯ͠ɺ఍߅มԽܕϝϞϦ (ReRAM)

ͷΑ͏ͳϝϞϦελΛੵ࿨ԋثࢉͱͯ͠׆༻͢ΔఏҊ͕ͳ͞Ε͍ͯΔɻ

ϝϞϦελ [3–6]͸఍߅஋Ͱ৘ใΛهԱ͢ΔૉࢠͰ͋ΓɺΤοδ͚޲ SoCʹ಺ଂ͞

ΕΔϑϥογϡϝϞϦΛஔ͢׵Δ௿ফඅిྗͳෆੑൃشϝϞϦͱͯ͠ظ଴͞Ε͍ͯΔɻ

ͦͷ಺෦ͷΫϩεόʔߏ଄ͱిྲྀɾిѹʹؔ͢ΔجຊଇΛར༻͢Δͱɺχϡʔϥϧωο

τϫʔΫͷੵ࿨ࢉܭΛɺҰ౓ͷϝϞϦಡΈग़͠ಈ࡞ͰΞφϩάճ࿏తʹԋ͢ࢉΔ͜ͱ

͕Ͱ͖Δ [7]ɻ͞ΒʹɺهԱૉࢠͷঢ়ଶͦͷ΋ͷ͕γφϓε݁߹ॏΈΛදͨ͢Ίʹɺॏ

ΈΛ֨ೲ͢ΔͨΊͷϨδελ΍ϝϞϦΛলུ͢Δ͜ͱ͕Ͱ͖ɺճ࿏໘ੵ্ͷԸܙ΋΋

ͨΒ͞ΕΔɻҎ্ͷ͜ͱ͔Βɺຊํࣜ͸Τοδʹ͓͚Δਂ૚ֶशઐ༻ճ࿏ͱͯ͠࠷ద
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ͳख๏ͷҰͭͰ͋Δͱ͑ߟΒΕɺຊষͰ͸ຊํࣜͷճ࿏ߏ଄্ͷܽ఺Λࠀ෰͢Δֶश

๏ΛఏҊ͢Δɻ

5.2 γφϓε݁߹ՙॏͷූ߸ݻఆֶश๏

5.2.1 ΞφϩάɾχϡʔϥϧωοτϫʔΫճ࿏ͷجຊߏ଄

χϡʔϥϧωοτϫʔΫͷجຊ୯ҐͰ͋Δਓ޻χϡʔϩϯͱɺͦͷΞφϩάճ࿏Ϟσ

ϧΛਤ 5.1ʹࣔ͢ɻਓ޻χϡʔϩϯ͸ਆࡉܦ๔ؒͷ৴߸఻ୡͷ࠷΋୯७ͳϞσϧͰɺෳ

਺ͷγφϓεલχϡʔϩϯ͔Β৴߸Λड͚औΓɺ࣍ͷχϡʔϩϯ΁৴߸Λ఻ୡ͢Δ [8]ɻ

֤ਓ޻χϡʔϩϯؒͷ݁߹͸΋ͱͷਆߏܦ଄ʹैͬͯγφϓεͱΑ͹Εɺγφϓε݁߹

ͷڧ౓ʹΑΓ֤৴߸ͷ఻ΘΓ΍͕͢͞ॏΈ͚ͮ͞ΕΔɻ࣮ࡍͷਆࡉܦ๔Ͱ͸ɺγφϓ

εલχϡʔϩϯ͔Βͷ৴߸ʹΑͬͯੜͨ͡׆ಈిҐ͕͋Δᮢ஋Λ௒͑ΔͱʮൃՐʯ͠ɺ

࣍ͷχϡʔϩϯ΁৴߸Λ఻ୡ͢Δ͕ɺਓ޻χϡʔϩϯʹ͓͍ͯ͸ɺ͜ͷൃՐػೳ͸࿈ଓ

ؔ਺ʹΑΔࣸ૾Ͱஔ͖͑׵ΒΕΔ͜ͱ͕ଟ͍ɻ͜ͷੑ׆Խؔ਺Λ fɺγφϓεલχϡʔ

ϩϯ͔Βͷ৴߸Λ xiɺγφϓεͷ݁߹ॏΈΛwiɺग़ྗΛ yͱ͢Δͱɺਓ޻χϡʔϩϯ

ͷਆܦ఻ୡμΠφϛΫε͸

y = f(
∑

i

wixi) (5.1)

ͱද͞ΕΔɻ

Artificial neuron

! = # $%&'&
&

'(
') '*

%(
%) %* +( +) +*

, = # $+&,&
&

,( ,) ,*

-( -) -*
-( + -) + -*

Analog neural circuit

−∞< % < +∞ 0 < +

Memristive device

ਤ 5.1ɹਓ޻χϡʔϩϯͷߏ଄ͱͦͷΞφϩάճ࿏Ϟσϧ
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Neural network Synapse matrix
with memristive device

ਤ 5.2ɹχϡʔϥϧωοτϫʔΫͷΞφϩάճ࿏Ϟσϧɿ1ݸͷγφϓε݁߹Λ Ͱࢠͷૉݸ2

ද͠ݱɺࠩಈతʹॏΈͷਖ਼ෛΛ࣮͢ݱΔɻ

ਓ޻χϡʔϩϯΛΞφϩάճ࿏Ͱද͢ݱΔͱɺγφϓε͸ϝϞϦελʹஔ͖͑׵Β

ΕΔɻϝϞϦελ͸ɺChuaʹΑͬͯఏএ͞ΕͨडಈૉࢠͰ͋ΓɺҹՃ͞ΕΔిྲྀ΍࣓

৔ʹΑͬͯૉࢠͷ఍߅஋͕มԽ͠ɺ͜ͷ఍߅஋ʹΑͬͯ৘ใΛهԱ͢Δ [3–6, 9, 10]ɻ

ճ࿏্͸఍ث߅ͱͯ͠ػೳ͢ΔͨΊɺͦͷ྆୺ʹҹՃ͞ΕΔిѹ vͱిྲྀ i͓Αͼίϯ

μΫλϯε gͷؒʹ͸ɺ

i = gv (5.2)

ͷ͕ؔ܎੒Γཱͭɻ͞Βʹɺෳ਺ͷϝϞϦελૉࢠΛฒྻʹ઀ଓ͢Δͱɺͦͷ઀఺ʹ

͓͚Δిྲྀ͸Ωϧώϗοϑͷ๏ଇʹΑΓ

i =
∑

i

givi (5.3)

ͱ֤ిྲྀͷ૯࿨ͱͯ͠ٻΊΒΕΔɻ͜ͷిྲྀΛؔ਺ hͰද͞ΕΔిྲྀɾిѹม׵ճ࿏
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ʹೖྗ͢Δͱɺͦͷग़ྗిѹ v͸

v = h(
∑

i

givi) (5.4)

Ͱ༩͑ΒΕɺ͜Ε͸໌Β͔ʹਓ޻χϡʔϩϯͷ;Δ·͍Λࣔࣜ͢ 5.1ͱҰக͢Δɻ

͜ͷΑ͏ͳݪཧʹଇΓΞφϩάɾχϡʔϥϧωοτϫʔΫΛ࡞੒͢Δ৔߹ɺਓ޻χϡʔ

ϩϯʹ͓͚ΔॏΈͷࣗ༝౓͕ɺϝϞϦελΛ༻͍ͨճ࿏࣮૷্ͷෆ౎߹Λ΋ͨΒ͢ɻ

χϡʔϥϧωοτϫʔΫͷॏΈ͸ਖ਼ͷ஋ͱෛͷ஋ͷ྆ํΛऔΓ͏Δͷʹର͠ɺࠓͷͱ

͜Ζੈ࣮ݱքʹෛͷిؾ఍߅͸ଘ͠ࡏͳ͍ͨΊͰ͋Δɻ͔͠΋ɺॏΈͷූ߸͸ֶशͷ

աఔͰ 0Λ·͍ͨͰසൟʹ൓స͢ΔͨΊɺे෼ͳֶशΛऴ͑ͨ͋ͱͷ֤ॏΈͷූ߸Λ

༧ଌ͢Δ͜ͱ͸ࠔ೉Ͱ͋Δɻ͜ͷ໰୊Λղফ͢ΔͨΊʹ͸ɺ1ݸͷॏΈΛ Ͱࢠͷૉݸ2

ද͠ݱͳ͚Ε͹ͳΒͳ͍ [11–14](ਤ 5.2)ɻ͢ͳΘͪɺ2ݸͷҟͳΔૉࢠʹಉిѹΛҹՃ

͠ɺ֤ૉࢠͷग़ྗిѹʹର͢ΔࠩಈํࣜΛ࠾༻͢Δ͜ͱͰɺૉࢠରͷ఍߅஋ͷେখؔ

Δ͜ͱ͕ՄೳͱͳΔɻ͔͠͠ɺ͜ͷΑ͏ͳ࣮૷ํ๏Ͱ͢ݱΑΓɺॏΈͷਖ਼ෛΛදʹ܎

͸ɺ͏ݴ·Ͱ΋ͳ͘ిྗ͓Αͼ໘ੵͷ྆໘͔Βඇޮ཰తͰ͋ΓɺϝϞϦελɾχϡʔ

ϥϧճ࿏ͷར఺͕େ͖͘ଛͳΘΕͯ͠·͏ɻ

5.2.2 ॏΈූ߸ݻఆֶशʹΑΔૉࢠ਺ͷݮ࡟

ͷॏΈΛݸ1 ͷॏΈͷූ߸͕͋Β͔͡Ί൑໌ޙΔͨΊʹ͸ɺֶश͢ݱͰදࢠͷૉݸ1

͍ͯ͠Δඞཁ͕͋Γɺֶशաఔʹ͓͚ΔॏΈͷූ߸ʹԿΒ͔ͷ੍໿Λ՝͢ํ๏͕͑ߟ

ΒΕΔɻ͜͜Ͱɺਓ޻χϡʔϩϯͷ΋ͱͱͳΔਆࡉܦ๔ʹཱͪฦΔͱɺਆࡉܦ๔ؒΛ

݁߹͢ΔԽֶγφϓε͸ɺγφϓεޙχϡʔϩϯͷൃՐΛଅਐ͢Δڵฃੑγφϓεͱɺ

ՐΛ཈੍͢Δ཈੍ੑγφϓεͷൃʹٯ 2छྨʹ෼ྨͰ͖Δ [15, 16](ਤ 5.3)ɻ͜ΕΒ 2छ

ͷγφϓε͸ɺγφϓε͕ܗ੒͞Εͨ࣌఺ͰɺͲͪΒͷԽֶతੑ࣭Λ༗͢Δ͔͕ܾఆ

͞Εɺਆ׆ܦಈͷதͰಛੑ͕൓స͢Δ͜ͱ͸͜ىΓಘͳ͍ɻ

ਓ޻χϡʔϩϯʹ͓͍ͯ͸ɺڵฃੑγφϓε͕ਖ਼ͷॏΈʹɺ཈੍ੑγφϓε͕ෛͷॏ

Έʹஔ͖͑׵ΒΕΔɻຊڀݚͰ͸ɺલड़ͨ͠γφϓεͷਆܦՊֶతಛੑʹ͖ͮجɺॏ

Έͷූ߸Λॳظঢ়ଶͰݻఆ͢Δֶश๏ΛఏҊ͢Δ (ਤ 5.4)ɻχϡʔϥϧωοτϫʔΫͷ

ֶशͰ͸ɺֶश։࢝લʹॏΈΛϥϯμϜͳ෼෍ͰॳظԽ͢Δۀ࡞Λඞཁͱ͢Δɻຊख

๏Ͱ͸ɺֶशաఔͰ 0Λ·͍ͨͰॏΈͷූ߸͕൓స͢Δ͜ͱΛ͢ࢭېΔͨΊɺֶश׬

߸Խ࣌ͷූظͷූ߸͕อ࣋͞ΕΔɻ͕ͨͬͯ͠ɺॳޙԽ௚ظͷॏΈͷූ߸͸ɺॳޙྃ

͕Θ͔͍ͬͯΕ͹ֶशޙͷූ߸͕Ұҙʹܾఆ͞ΕΔͨΊɺਤʹࣔ͢Α͏ʹ ͷॏΈݸ1

Λ Δ͜ͱ͕ՄೳͱͳΔɻ͢ݱͰදࢠͷૉݸ1
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Excitatory Post Synaptic Potential

Inhibitory Post Synaptic Potential

ਤ 5.3ɹχϡʔϩϯؒʹܗ੒͞ΕΔԽֶγφϓε͸ɺൃՐΛଅਐ͢ΔڵฃੑγφϓεͱൃՐΛ

཈੍͢Δ཈੍ੑγφϓεͷ 2छʹ෼ྨ͞ΕΔɻ
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Neural network Synapse matrix
with memristive device

ਤ 5.4ɹఏҊख๏ɿ͋Β͔͡ΊॏΈͷූ߸ΛܾΊͯ͠·͑͹ɺ1ݸͷγφϓε݁߹Λ ͷૉݸ1

Δ͜ͱ͕Ͱ͖Δɻ͢ݱͰදࢠ
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5.3 શ݁߹ॱ఻೻χϡʔϥϧωοτϫʔΫ΁ͷద༻

5.3.1 લֶशࣄͳ͠ࢣڭΑΔ૚୯ҐͷʹثԽ߸ූݾࣗ

ຊڀݚͰఏҊ͢ΔॏΈූ߸ݻఆֶश๏ͷ༗༻ੑΛ͢ূݕΔͨΊʹɺ2छͷશ݁߹ܕ

χϡʔϥϧωοτϫʔΫʹରͯ͠ఏҊख๏Λద༻͠ɺ֫ಘ͠ಘΔੑೳΛධՁͨ͠ɻਂ૚

ֶशʹ͓͚ΔχϡʔϥϧωοτϫʔΫ͸ɺχϡʔϩϯͷ֊૚ߏ଄Ͱߏ੒͞ΕΔɻ֤૚͸

ෳ਺ݸͷχϡʔϩϯΛؚΈɺಉҰ૚಺ͷχϡʔϩϯ͸݁߹͓ͯ͠ΒͣɺྡΓ߹͏૚ʹ

ଐ͢Δχϡʔϩϯಉ࢜ͷΈͰγφϓε݁߹Λհͨ͠৘ใ఻ୡ͕ߦΘΕΔɻ1ݸͷχϡʔ

ϩϯ͕ྡΓ߹͏૚ͷશͯͷχϡʔϩϯͱ݁߹ͨ͠ີͳωοτϫʔΫΛશ݁߹ܕχϡʔ

ϥϧωοτϫʔΫͱΑͿɻ2࣍ݩฏ໘্ʹల։͞ΕͨϝϞϦελͷີͳΫϩεόʔߏ଄

Λར༻͢Δ৔߹ɺԠ༻ͱͯ͠͸શ݁߹ωοτϫʔΫ͕࠷΋;͞Θ͍͠ɻ૚ؒχϡʔϩ

ϯಉ͕࢜ૄʹ݁߹͢Δ৞ΈࠐΈωοτϫʔΫʹ͍ͭͯ͸ɺϝϞϦͷ ଄Λߏ૚ੵݩ3࣍

ར༻͢Δํ͕޷·͘͠ɺ͜Εʹ͍ͭͯ͸ୈ 4ষΛࢀর͞Ε͍ͨɻ

Controller

C
on

tro
lle

r

2-layer network

1 memory block

ਤ 5.5ɹϝϞϦΛ༻͍ͨਂ૚χϡʔϥϧωοτϫʔΫͷߏங
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Encode

Visible layer

Hidden layer

Decode

Visible layer

Hidden layer

ਤ 5.6ɹࣗූݾ߸Խثɿೖྗ͞Εͨ৘ใ͸ӅΕ૚Ͱූ߸Խ͞ΕɺՄࢹ૚Ͱ෮߸Խ͞ΕΔɻ

Ϋϩεόʔߏ଄Λ༻͍ͯγφϓε݁߹Λද͢ݱΔͱɺ1ݸͷϝϞϦճ࿏ͷೖग़ྗ͸ɺ

2૚ͷχϡʔϥϧωοτϫʔΫͷೖग़ྗͱ౳ՁͱͳΔɻ͕ͨͬͯ͠ɺ͜ͷϝϞϦճ࿏Λ

͞Βʹ ฏ໘্ʹల։͠ɺ֤ճ࿏Λ઀ଓ͢Δ͜ͱͰɺ༰қʹਂ૚ֶश΁ͱ֦ு͢ݩ2࣍

Δ͜ͱ͕Ͱ͖Δ (ਤ 5.5)ɻͦͷΑ͏ʹߏ੒͞Εͨਂ૚ωοτϫʔΫʹରͯ͋͠Δೖྗ৴

߸Λ༩͑Δͱɺ1ճͷϝϞϦಡΈग़͠ಈ࡞ͰΞφϩάճ࿏తʹੵ࿨͕ࢉܭԋ͞ࢉΕɺਪ

࿦݁Ռ͕ग़ྗ͞ΕΔ [14]ɻ͔͠͠ɺֶशॲཧ΋Τοδʹ୲Θ͍ͤͨ৔߹ʹ͸ɺ͜ͷੵ

࿨ԋࢉճ࿏ʹՃ͑ͯޯ഑͓ࢉܭΑͼॏΈߋ৽ͷͨΊͷ֎෦ίϯτϩʔϥ͕ඞཁͱͳΔɻ

શ૚ʹରͯ͠ٯࠩޡ఻೻๏Λద༻͠Α͏ͱ͢Δͱɺੑ׆Խؔ਺ͷಋؔ਺΍ޯ഑ࢉܭͷ

ͨΊͷෳࡶͳੵ࿨ԋࢉճ࿏΍ɺ֤૚ (֤ϝϞϦճ࿏)ͷೖग़ྗ͓ΑͼࢉܭʹΑͬͯٻΊ

ΒΕΔޯ഑Λ֨ೲ͢ΔͨΊͷڊେͳϨδελΛ֎෦ίϯτϩʔϥʹ૊Έࠐ·ͳ͚Ε͹

ͳΒͣɺ͜Ε͸ফඅిྗ্ͷΦʔόʔϔουʹͳΓ͔Ͷͳ͍ɻ

ͦ͜ͰຊڀݚͰ͸ɺHintonΒʹΑͬͯߟҊ͞Εͨࣗූݾ߸ԽثʹΑΔֶशΛ࠾༻͢
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ਤ 5.7ɹϝϞϦΛ༻͍ͨࣗූݾ߸Խثɿ෮߸ԽʹඞཁͳॏΈͷసஔྻߦ͸Ϋϩεόʔߏ଄ͷର

শੑʹΑΓ୯ҰͷϝϞϦͰදݱͰ͖Δɻ

Δɻࣗූݾ߸Խث͸ຊདྷσʔλͷ࣍ݩѹॖ๏Ͱ͋Δ͕ɺࢣڭͳ͠ͷ layer-wiseͳࣄલֶ

श๏ͱͯ͠΋༻͍ΒΕΔ [17, 18] Մࢹ૚͓ΑͼӅΕ૚ͱΑ͹ΕΔ 2૚ͷີͳχϡʔϥ

ϧωοτϫʔΫͰߏ੒͞Εɺ௨ৗͷχϡʔϥϧωοτϫʔΫͱಉ༷ʹɺՄࢹ૚ʹೖྗ

͞Εͨ৴߸ͱՄࢹ૚-ӅΕ૚ؒͷ݁߹ॏΈͷੵ࿨ԋࢉͰӅΕ૚ͷঢ়ଶ͕ܾఆ͞ΕΔɻ͞

ΒʹɺӅΕ૚͔Βग़ྗ͞Εͨ৴߸ΛՄࢹ૚-ӅΕ૚ؒγφϓεͷసஔྻߦͰද͞ΕΔॏ

Έͱੵ࿨ԋ͢ࢉΔ͜ͱͰɺՄࢹ૚ͱಉ࣍ݩͷ৽ͨͳग़ྗΛಘΔɻಘΒΕͨग़ྗ৴߸͕ɺ

Մࢹ૚΁ͷೖྗ৴߸ͱҰக͢ΔΑ͏ʹॏΈΛߋ৽͢Δֶशख๏Ͱ͋Γɺೖྗ৴߸ʹର

͢Δ࣍ݩѹॖ͓Αͼ෮߸ԽΛූݾࣗ͏ߦ߸Խث (AE: Autoencoder)ͱͯ͠ͷػೳΛֶ

शͤ͞Δ͜ͱ͕Ͱ͖Δ (ਤ 5.6)ɻ͜ͷॏΈͷసஔྻߦΛར༻͢Δࣗූݾ߸Խԋࢉ͸ɺϝ

ϞϦͷΫϩεόʔߏ଄ͷରশੑΛར༻͢Δͱɺਤ 5.7ͷΑ͏ʹग़ྗ৴߸Λؼ࠶తʹϝϞ

Ϧʹೖྗ͢Δ͜ͱͰݱ࠶Ͱ͖ΔͨΊɺෳࡶͳ֎෦ճ࿏Λ༻͍ͣͱ΋୯ҰͷϝϞϦͰࣗ

વʹ࣮૷͢Δ͜ͱ͕Ͱ͖Δɻ

HintonΒ͸ɺਤ 5.8ͷΑ͏ʹࣗූݾ߸ԽثͷӅΕ૚ग़ྗ৽ͨͳೖྗͱͯ͠ɺ࣍ʑͱ

ΛੵΈॏͶ͍ͯ͘͜ͱͰɺਂ૚ֶशʹ͓͚Δޯ഑ফࣦ໰୊͕ղܾ͞ΕΔثԽ߸ූݾࣗ

͜ͱΛࣔͨ͠ [18]ɻϝϞϦΛ༻͍ͨχϡʔϥϧωοτϫʔΫͷ৔߹͸ɺલड़ͨ͠Α͏
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training

Hidden layer

Visible layer

ਤ 5.8ɹࣗූݾ߸ԽثΛੵΈॏͶ͍ͯ͘͜ͱͰɺޯ഑ফࣦʹରͯ͠ڧؤͳਂ૚χϡʔϥϧωο

τϫʔΫ͕ಘΒΕΔ (Deep Belief Network)ɻ

ʹ୯ҰϝϞϦ಺ʹ 2૚ͷχϡʔϥϧωοτ͕ຒΊࠐ·ΕΔɻ͕ͨͬͯ͠ɺΦʔτΤϯ

ίʔμʹΑΓࣄલֶशͨ͠ϝϞϦճ࿏Λਤ 5.9ͷΑ͏ʹฏ໘্ʹฒ΂͍ͯ͘͜ͱͰɺ༰

қʹωοτϫʔΫΛ֦ு͢Δ͜ͱ͕Ͱ͖Δɻ

5.3.2 MNISTσʔληοτʹର͢Δਪ࿦ೳྗධՁ

Ҏ্ͷ͜ͱ͔ΒɺఏҊ͢ΔॏΈූ߸ݻఆֶशΛΦʔτΤϯίʔμ͓Αͼ੍ݶϘϧπ

ϚϯϚγϯ (RBM: Restricted Boltzmann Machine)ʹద༻͠ɺlayer-wiseʹߏஙͨ͠ਂ

૚χϡʔϥϧωοτϫʔΫͷੑೳΛධՁͨ͠ɻRBM [19]͸ΦʔτΤϯίʔμͱಉ༷ͷ

લֶश๏Ͱ͋Δ͕ɺӅΕ૚ͷঢ়ଶ͕γφϓεલχϡʔϩϯ͔Βͷೖྗʹ΋ࣄͳ͠ࢣڭ

ͱͮ֬͘཰෼෍ʹैܾͬͯఆ͞ΕΔ఺Ͱ૬ҧ͓ͯ͠ΓɺΦʔτΤϯίʔμΑΓ΋͍ߴ

൚ԽೳྗΛֶशͤ͞Δ͜ͱ͕Ͱ͖Δɻ͜ΕΒ 2छͷࢣڭͳ͠ࣄલֶश๏Λ༻͍ͯɺ·

ͣ͸ 2૚͔ΒͳΔ࠷΋୯७ͳූ߸Խ-෮߸ԽػೳΛֶशͤ͞ɺఏҊख๏ͷֶशՄೳੑΛ

ɻͨ͠౼ݕ

ֶशͤ͞Δσʔλͱͯ͠ɺػցֶश෼໺ʹ͓͍ͯը૾ೝࣝͷ࠷΋جຊతͳλεΫͱ͠

ͯΑ͘༻͍ΒΕΔɺΞϝϦΧཱࠃඪ४ٕज़ڀݚॴ͕ऩू͓Αͼฤूͨ͠खॻ͖਺ࣈσʔ

ληοτ (MNIST: Modified National Institute of Standards and Technology database)

Λ࠾༻ͨ͠ [20]ɻMNIST͸ɺ0 9ͷ 1ܻͷάϨʔεέʔϧखॻ͖਺ࣈը૾ͱɺ֤ը૾͕

ද͢਺ࣈΛࣔ͢ࢣڭϥϕϧͷηοτͰߏ੒͞ΕΔ (ਤ 5.10)ɻશ෦Ͱ ͷը૾ɾϥݸ70000

ϕϧηοτΛ༗͠ɺҰൠతʹ͸ͦͷ͏ͪ Λֶश༻σʔληοτͱͯ͠ɺ10000ݸ60000
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Synapse matrix
under training

ਤ 5.9ɹ layer-wiseͳࢣڭͳ͠ࣄલֶशΛ༻͍ͨϝϞϦɾχϡʔϥϧωοτϫʔΫͷ֦ு

ਤ 5.10ɹMNISTσʔληοτʹؚ·ΕΔखॻ͖਺ࣈը૾ͷҰ෦
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ਤ 5.11ɹMNISTֶशதͷֶशճ਺ͱଛࣦ஋ɿsign-fixed͕ຊڀݚͰఏҊ͢ΔॏΈූ߸ݻఆֶ

शΛ༻͍ͨ৔߹Λࣔ͢ɻ

ͷೳྗධՁ༻σʔληοτͱͯ͠༻͍ΒΕΔɻը૾Λೖྗͯ͠ಘΒΕͨਪޙΛֶशݸ

࿦݁ՌͱࢣڭϥϕϧͷҰக཰Λൺֱ͢Δ͜ͱͰɺωοτϫʔΫͷ൚ԽੑೳΛධՁ͢Δ

͜ͱ͕Ͱ͖ΔɻࣄલֶशΛ͏ߦ৔߹ɺՄࢹ૚΁ೖྗͨ͠ը૾͕ӅΕ૚Ͱූ߸Խ͞ΕɺӅ

Ε૚͔ΒՄࢹ૚΁ฦ͖ͬͯͨ৴߸͕ೖྗը૾Λ෮߸͢ΔΑ͏ʹɺωοτϫʔΫΛֶश

ͤ͞Δɻ

ຊڀݚͰ͸ɺHintonΒͷϞσϧʹै͍ωοτϫʔΫͷߏ଄Λܾఆͨ͠ɻೖྗ૚ͷ

χϡʔϩϯ਺ΛMNISTͷը૾αΠζ (28 × 28 pixels)ͱ౳͍͠ 784ͱ͠ɺ500ɺ500ɺ

ͷχϡʔϩϯ͔ΒͳΔݸ2000 3૚ͷӅΕ૚Λ࣋ͪɺग़ྗ૚ͱͯ͠ 0͔Β 9ͷ਺ࣈΛ

one-hotද͢ݱΔ ߏͷχϡʔϩϯΛ΋ͭɺ784-500-500-2000-10ͷωοτϫʔΫΛݸ10

ஙͨ͠ [18]ɻ·ͣ 784-500ͷωοτϫʔΫΛΦʔτΤϯίʔμ·ͨ͸RBMͰࣄલֶश
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ද 5.1ɹMNISTͷূݕ༻σʔηοτʹର͢Δ෼ྨਫ਼౓ (fine-tuningඇ࣮ߦ)

AE AE (sign-fixed) RBM RBM (sign-fixed)

92.97% 92.3% 96.32% 95.01%

ͤ͞ɺ࣍ʹ (784-500)͔Βͷग़ྗΛ৽ͨͳೖྗͱͯ͠ (784-500)-500ωοτϫʔΫʹର

ΈͰ͋ΔࡁॳͷεςοϓͰֶश࠷ɻ͜ͷͱ͖ɺ(784-500)ͷॏΈ͸͏ߦલֶशΛࣄͯ͠

ͨΊɺ৽ͨͳߋ৽͸ߦΘͳ͍ɻ͜ͷΑ͏ʹͯ࣍͠ʑʹӅΕ૚ΛੵΈॏͶ͍͖ͯɺޙ࠷

ʹ (784-500-500-2000)-10ͷωοτϫʔΫʹରͯ͠ࢣڭϥϕϧΛ༻͍ͨ͋ࢣڭΓֶशΛ

ɻ͏ߦ

͜ͷӅΕ૚ͱग़ྗ૚ؒͷֶशʹ͓͚Δଛࣦͱֶशճ਺Λϓϩοτ͢Δͱɺਤ 5.11ʹࣔ

݁͢ՌΛಘͨɻਤதͷ sign-nonfixed͸ॏΈූ߸Λݻఆ͠ͳ͍Ұൠతͳֶश๏Λɺsign-

fixed͸ॏΈූ߸Λॳظঢ়ଶͰݻఆͤͨ͞··ֶशͤͨ͞৔߹Λද͢ɻਤ͔Β໌Β͔ͳ

Α͏ʹɺఏҊख๏Λ༻͍ΔͱॏΈූ߸ඇݻఆԽͱൺֱͯ͠෮߸Խਫ਼౓͸एྼׯΔ΋ͷ

ͷɺֶशۂઢ͸ൃͣͤࢄʹ͋ΔҰఆͷ਺஋΁ऩଋ͓ͯ͠ΓɺఏҊख๏Λ༻͍ͨ৔߹Ͱ

΋ֶशͦͷ΋ͷ͸ՄೳͰ͋Δ͜ͱ͕ࣔࠦ͞Εͨɻ

࣍ʹɺHintonΒͷϞσϧʹै͍ೖྗ૚ͷχϡʔϩϯ਺Λ784ͱ͠ɺͦ ΕͧΕ500ɺ500ɺ

ͷχϡʔϩϯ͔ΒͳΔݸ2000 3૚ͷӅΕ૚Λ࣋ͪɺग़ྗ૚ͱͯ͠ 0 9਺ࣈΛ one-hotද

Δ͢ݱ ·ஙͨ͠ɻߏͷχϡʔϩϯΛ΋ͭɺ784-500-500-2000-10ͷωοτϫʔΫΛݸ10

ͣ 784-500ͷωοτϫʔΫΛΦʔτΤϯίʔμ·ͨ͸ RBMͰࢣڭͳֶ͠श͠ɺ࣍ʹ

(784-500)͔Βͷग़ྗΛ৽ͨͳೖྗͱͯ͠ (784-500)-500ωοτϫʔΫʹରͯ͠ಉ༷ʹ

ΈͰ͋ΔࡁॳͷεςοϓͰֶश࠷ɻ͜ͷͱ͖ɺ(784-500)ͷॏΈ͸͏ߦͳֶ͠शΛࢣڭ

ͨΊɺ৽ͨͳߋ৽͸ߦΘͳ͍ɻ͜ͷΑ͏ʹͯ࣍͠ʑʹӅΕ૚ΛੵΈॏͶ͍͖ͯɺޙ࠷

ʹ (784-500-500-2000)-10ͷωοτϫʔΫʹରͯ͠ࢣڭϥϕϧΛ༻͍ͨ͋ࢣڭΓֶशΛ

Λਪ࿦͢Δਂ૚χϡʔϥϧωοτࣈը૾ೖྗʹରͯ͠ඳ͔Εͨ਺ࣈͱɺखॻ͖਺͏ߦ

ϫʔΫ͕ಘΒΕΔɻ

࣍ʹɺֶशͰಘΒΕͨखॻ͖਺ࣈ෼ྨਂ૚χϡʔϥϧωοτϫʔΫʹରͯ͠ɺֶश

Ͱ͸༻͍ͳ͔ͬͨূݕ༻σʔλΛೖྗ͠ɺͦͷਪ࿦ਫ਼౓Λௐ΂Δͱɺද 5.1ʹࣔ݁͢Ռ

Λಘͨɻදத sign-fixedͱॻ͔Εͨྻ͕ॏΈූ߸ݻఆࣄલֶशΛ༻͍ͨ৔߹ͷਫ਼౓Λࣔ

͢ɻද͔Β͸ɺఏҊख๏Λ༻͍ͨ৔߹Ͱ΋ූ߸ඇݻఆԽͱಉ౳ͷೳྗΛ֫ಘͰ͖ͨ͜
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ͱ͕Θ͔Δɻલड़ͨ͠ 2૚ωοτϫʔΫʹ͓͍ͯ͸෮߸Խੑೳ͸ූ߸ඇݻఆԽΑΓ΋

໌Β͔ʹྼΔ݁ՌͰ͕͋ͬͨɺͱ͸͍͑ߴਫ਼౓ͳਪ࿦Λ͢Δͷʹे෼ͳಛ௃Λֶश͠

͍ͯΔ͜ͱ͕ࣔ͞Εͨɻຊ࣮ݧͰ͸ɺॏΈූ߸ݻఆ৚݅ԼͰͷ layer-wiseͳࣄલֶशͷ

༗༻ੑͷݕ౼Λ໨తͱͨͨ͠Ίɺࣄલֶशޙྃ׬ͷ fine-tuningʹΑΔֶश͸࣮ͯ͠ߦ

͍ͳ͍ɻ͕ͨͬͯ͠ɺ͞Βʹ fine-tuningΛऔΓೖΕΔ͜ͱͰɺූ߸ඇݻఆԽͱͷੑೳ

ࠩ͸ΑΓখ͘͞ͳΔͱظ଴͞ΕΔɻ

5.4 ༺χϡʔϥϧωοτϫʔΫ΁ͷదܕؼ࠶

5.4.1 ԽRecurrent߸ූݾࣗ Neural Network

࣍ʹɺ୯७ͳॱ఻೻ܕωοτϫʔΫͱ͸ҟͳΔશ݁߹ܕωοτϫʔΫͱͯ͠ɺؼ࠶

χϡʔϥϧωοτϫʔΫܕ (RNN: Recurrent Neural Network) [21]΁ͷద༻ΛࢼΈͨɻ

RNN͸ɺೖྗ૚ɺதؒ૚ɺग़ྗ૚ͷ 3૚ͷχϡʔϩϯ૚Ͱߏ੒͞ΕΔ (ਤ 5.12)ɻྡ઀

͢Δ֤૚ؒͷχϡʔϩϯಉ࢜͸ີʹ݁߹͓ͯ͠Γɺ͞Βʹதؒ૚ग़ྗ͔Βதؒ૚ೖྗ

΁ͷؐؼ࿏Λ༗͢Δɻ͜ͷؐؼ࿏ʹΑΓɺ࣍ࣜͷΑ͏ʹɺ͋Δ࣌ࠁ tͷதؒ૚χϡʔϩ

ϯͷঢ়ଶ h(t)͕ɺ࣍ͷ࣌ࠁ t+ 1΁ܧঝ͞ΕΔɻ

h(t+ 1) = f(wT
i xt+1) + g(wT

hht) (5.5)

͢ͳΘͪɺRNN͸աڈͷ৘ใΛهԱ͢Δ͜ͱ͕Ͱ͖ɺ͕ͨͬͯ࣌͠ྻܥσʔλʹର͢

Δਪ࿦ೳྗʹ༏Ε͍ͯΔɻ

·ͨɺؐؼ࿏Λਤ 5.13ͷΑ͏ʹ࣌ؒํ޲ʹల։͢Δͱɺঢ়ଶΛܧঝ͢Δ࣌ࠁͷൣғT

ͱಉ਺ͷதؒ૚Λ࣋ͭਂ૚શ݁߹ωοτϫʔΫͱݟͳͤΔͨΊɺલઅͰड़΂ͨॱ఻೻ܕ

ωοτϫʔΫͱಉ༷ʹਪ࿦͓ΑͼֶशͷԋࢉΛద༻͢Δ͜ͱ͕Ͱ͖Δ [22]ɻٯࠩޡ఻೻

๏ʹΑΓֶशͤ͞Δ৔߹ʹ͸ɺೖྗͱͦΕʹରԠ͢Δग़ྗ·Ͱͷ࣌ࠁ෯ (λΠϜεςο

ϓ)ΛܾΊͯɺ࣌ ؒల։͞Εͨதؒ૚Λ͍ލͰࢉܭࠩޡΛ͏ߦ (BPTT: Backpropagation

Throw Time)ɻ

RNNʹରͯ͠΋ɺॱ఻೻χϡʔϥϧωοτϫʔΫͷΑ͏ͳ layer-wiseͳࢣڭͳ͠ࣄ

લֶश͕༗ޮͰ͋Δ͜ͱ͕ใ͞ࠂΕ͍ͯΔ [23, 24] ͜ͷख๏Ͱ͸ɺਤ 5.14ʹࣔ͢Α͏

ʹɺ࣌ྻܥͷσʔλ͕ೖྗ͞ΕΔͱɺ͋Δ࣌ܦ͕ࠁաͨ͠ޙʹॱং͕อ࣋͞Εͨೖྗ

σʔλ͕࠶ੜ͞Εͯग़ྗ͞ΕΔɻ͜ͷͱ͖ɺ͋Δ 1࣌఺ͷೖྗͱɺͦΕʹରԠ͢Δ࠶ੜ

͞Εͨग़ྗؒͷ৘ใ఻ୡܦ࿏ͷΈΛநग़͢ΔͱɺલઅͰड़΂ͨਂ૚ΦʔτΤϯίʔμͷ

଄ʹରͯ͠ΦʔτΤϯίʔμߏ଄ͱҰக͢Δ͜ͱ͕Θ͔Δɻ͕ͨͬͯ͠ɺநग़͞Εͨߏ
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ਤ 5.12ɹܕؼ࠶χϡʔϥϧωοτϫʔΫ (RNN: Recurrent Neural Network)

ʹΑΔ layer-wiseͳࢣڭͳ͠ࣄલֶशΛ͜͏ߦͱ͕Ͱ͖ɺຊڀݚͰ͸ɺ͜ͷRNNΦʔ

τΤϯίʔμʹରͯ͠ॏΈූ߸ݻఆֶश͕Մೳ͔Ͳ͏͔Λͨ͠ূݕɻ

5.4.2 Penn Tree BankΛ༻͍ͨਪ࿦ೳྗධՁ

ֶशͤ͞Δσʔληοτͱͯ͠Penn Treebank(PTB)Λ࠾༻ͨ͠ɻPTB͸ɺϖϯγ

ϧόχΞେֶ͕ఏ͢ڙΔίʔύεͰ͋Δ [25]ɻWall Street Journal΍Brown CorpusΛ

΋ͱʹจষΛߏ଄Խɾूੵͨ͠΋ͷͰɺ඼ࢺͱ౷ߏޠ଄Λλά෇͚ͨ͠࠷΋༗໊ͳίʔ

ύεͷҰͭʹ਺͑ΒΕɺࣗવޠݴॲཧ෼໺ʹ͓͚ΔϕϯνϚʔΫͱͯ͘͠޿༻͍ΒΕͯ

͍ΔɻPTBΛ༻͍ͨRNNͷੑೳධՁͱͯ͠͸ɺPerplexityͱ͍͏ࢦඪ͕ར༻͞ΕΔɻ

จষதʹؚ·ΕΔ୯ؒޠͷؔੑ܎ʹ͸࣌ؒతͳ૬͕ؔؔ͋܎Δɻྫ͑͹ࢺףͷ࣍ʹ͸

ඞ໊͕ͣࢺଓ͘Α͏ʹɺ͋Δ୯ޠͷ࣍ʹग़͢ݱΔ୯ޠ͸ɺจ຺͔Β͋Δఔ౓༧ଌ͞Ε

Δɻ͕ͨͬͯ͠ɺRNNʹରͯ͠୯ޠΛग़ݱॱʹೖྗ͠ɺޙ࠷ʹೖྗ͞Εͨ୯ޠͷ࣍ͷ

୯ޠΛਪ࿦ͤ͞Δ͜ͱ͕Ͱ͖Δɻ͜ͷͱ͖ɺPerplexity͸࣍ʹग़͢ݱΔ୯ޠͷީิ਺ͱ

ͯ͠ఆٛ͞ΕΔɻͨͱ͑͹ɺจষதͷશ୯ޠͷू߹ bag-of-words͔Βਖ਼ղ୯ޠwΛબ

ͼग़͢৚݅෇͖֬཰͕ P (w|bagofwords) = 0.01Ͱ͋ͬͨ৔߹ɺ͜Ε͸ ͷޠͷ୯ݸ100

த͔Β Λબͼग़͢͜ͱʹ౳͘͠ɺPerplexityޠͷ୯ݸ1 = 100ͱͳΔɻ͜ͷΑ͏ʹɺ

Perplexity =
1

P (w|bagofwords)
(5.6)
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!" = !$
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%&%'

)"*+ = )$

,-.-/0. = { !$, 3$ , !4,34 , !5,35 ,… }

Timestep for
truncated BPTT

!"*8

!"*9

!"*+
)"*9
)"*8
)"

ਤ 5.13ɹ RNNͷؐؼ࿏Λ࣌ؒํ޲ʹల։͢Δͱਂ૚ॱ఻೻ܕωοτϫʔΫͱݟͳ͢͜ͱ͕

Ͱ͖Δɻ

ͱද͞ΕɺPerplexitͷ஋͕খ͍͞΄ͲީิΛߜΓࠐΊͨ͜ͱɺ͢ͳΘͪੑೳ͕͍͜ߴ

ͱΛ͢ࢦɻΑΓີݫʹ͸ɺਪ࿦͞Εͨ୯ޠͷੜ֬ى཰Λ pͱ͓͘ͱɺଛࣦؔ਺͸

loss = − 1

N

N∑

i=1

ln ptargeti (5.7)

ͱΫϩεΤϯτϩϐʔࠩޡͰఆٛ͞ΕɺPerplexity͸

Perplexity = eloss (5.8)

Ͱ༩͑ΒΕΔɻ

ຊূݕͰߏங͢ΔωοτϫʔΫ͸ɺೖྗ૚ʹ ɺதؒ૚ݸ1 ʹɺग़ྗ૚ݸ65 ͷݸ1

χϡʔϩϯΛ࣋ͪɺλΠϜεςοϓ͸ ͱͨ͠ɻίʔύεΛχϡʔϥϧωοτϫʔࠁ25࣌

Ϋʹೖྗ͢Δ৔߹ɺݩͷσʔλΛೖྗ૚ͷχϡʔϩϯ਺ʹ߹ΘͤͯϕΫτϧԽ͢Δ࡞

ඞཁͱͳΔ͕ۀ [26, 27]ɻ͜ͷۀ࡞͸ຊূݕͱຊ࣭తͳؔ܎͸ແ͍ͨΊɺ؆ུԽͷͨΊ

ցֶशϑϨʔϜϫʔΫTensorflowػʹ [28]Λ༻͍ͯωοτϫʔΫͷߏஙɺֶशΛ͍ߦɺ

ίʔύεͷϕΫτϧԽ͸ tf.nn.embedding lookupؔ਺ʹΑΓͨͬߦɻ·ͨɺRNNʹ͓

͚Δ layer-wiseࣄલֶश͸ҰൠతʹΑ͘࢖ΘΕΔख๏ͱ͸͍͑ͳ͍ͨΊɺࣄલֶशΛߦ

Θͳ͍BPTTʹରͯ͠΋ॏΈූ߸ݻఆֶश๏Λͨ͠ߦࢼɻ

ֶश༻σʔλʹର͢Δֶशͷ༷ࢠΛϓϩοτ͢Δͱਤ 5.15ʹࣔ݁͢ՌΛಘͨɻϓϩο

τͨ͠RNNϞσϧ͸ɺͦΕͧΕ

• RNN sign-nonfixed: ॏΈූ߸ඇݻఆԼͰࣄલֶशΛͤͣʹBPTTʹΑΓֶश
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!" = !$

!$%&

!$%'

("%) = !$

!$%&

!$%' !$%&

!$%&

!$%'

!$%&*$%&

!$%&*$%&

*$%'

ਤ 5.14ɹ࣌ؒల։͞ΕͨRNNʹର͢ΔΦʔτΤϯίʔμΛ༻͍ͨࣄલֶश
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ਤ 5.15ɹ PTBֶशதͷֶशճ਺ͱ Perplexity

• RNN sign-fixed: ॏΈݻఆԼͰࣄલֶशΛͤͣʹBPTTʹΑΓֶश

• pre-trained RNN sign-nonfixed: ॏΈූ߸ඇݻఆԼͰΦʔτΤϯίʔμʹΑΔࣄ

લֶशΛͨ͠ޙɺBPTTʹΑΓֶश

• pre-trained RNN sign-fixed: ॏΈූ߸ݻఆԼͰΦʔτΤϯίʔμʹΑΔࣄલֶश

Λͨ͠ޙɺBPTTʹΑΓֶश

Λද͢ɻLSTM(Long Short-term Memory) [29]͸BPTTʹ͓͚Δޯ഑ফࣦ໰୊Λղܾ

͢ΔͨΊʹఏҊ͞Εͨɺ๨ߏػ٫ΛऔΓೖΕͨRNNͰ͋Γɺ௨ৗͷRNNΑΓ΋ੑ͍ߴ

ೳΛࣔ͢ͱͯ͠ɺࡏݱͷRNNͷओྲྀΛ୲͍ͬͯΔɻGRU(Gated Recurrent Unit) [30]

͸ LSTMͷهԱ/๨ߏػ٫ΛΑΓ؆ૉʹͨ͠ϞσϧͰ͋ΓɺLSTMΑΓ΋ܰ౓ͳࢉܭ

ෛՙͰಉ౳ͷੑೳΛֶश͠ಘΔ͜ͱ͕஌ΒΕ͍ͯΔɻਤ͔Β͸ɺҎԼͷ 2఺͕ಡΈऔ

ΕΔɻ

• ॏΈූ߸Λݻఆͯ͠΋े෼ͳֶश͕ՄೳͰ͋Δɻ
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ද 5.2ɹ PTBͷূݕ༻σʔληοτʹର͢Δ Perplexity

RNN

nonfixed fixed pre-trained, nonfixed pre-trained, fixed
LSTM GRU

394 496 268 286 247 214

• layer-wiseͳࣄલֶशʹΑΓ൚Խੑೳ্͕͠޲ಘΔɻ

·ͨɺֶशূݕʹޙྃ׬༻σʔληοτΛ༻͍ͯ൚ԽੑೳΛௐ΂Δͱɺද 5.2ͷΑ͏ʹ

ͳͬͨɻҎ্ͷ݁Ռ͔Βɺܕؼ࠶ͷχϡʔϥϧωοτϫʔΫʹ͓͍ͯ΋ɺॏΈූ߸ݻ

ఆ৚݅Λ՝ֶͨ͠श͕ՄೳͰ͋Δ͜ͱ͕ࣔ͞Εͨɻ͞ΒʹɺఏҊख๏͸RNNʹ͓͚Δ

layer-wiseࣄલֶशʹରͯ͠΋༗ޮͰ͋ΓɺϝϞϦελʹΑΔχϡʔϥϧωοτϫʔΫ

࣮૷ͷεέʔϥϏϦςΟʹద༻Ͱ͖Δల๬Λಘͨɻ

5.5 ݴ݁

ຊষͰ͸ɺϝϞϦελΛ༻͍ͨχϡʔϥϧωοτϫʔΫͷͨΊͷɺૉࢠ਺Λ൒͢ݮ

ΔॏΈූ߸ݻఆֶश๏ʹ͍ͭͯड़΂ͨɻैདྷͷϝϞϦελɾχϡʔϥϧωοτϫʔΫͰ

͸ɺ1ݸͷॏΈΛ Ͱ͸ɺॏڀݚɻຊ͍ͨͯ͠ݱΛ༻͍ͯਖ਼ෛͷූ߸ΛදࢠԱૉهͷݸ2

Έͷූ߸Λॳظঢ়ଶͰݻఆ͠ɺֶशதʹ 0Λ·͍ͨͰූ߸͕൓స͢ΔΑ͏ͳߋ৽Λې

ఆֶश๏Λॱ఻೻ωοτϫʔݻ߸Λ՝͢Δֶश๏ΛఏҊͨ͠ɻ͜ͷॏΈූݶΔ੍͢ࢭ

Ϋͱܕؼ࠶ωοτϫʔΫʹద༻ͨ͠ɻ·ͣɺਂ૚ॱ఻೻ωοτϫʔΫΛࣗූݾ߸Խث

ʹΑΓ֊૚ผʹֶशͯ͠Deep Belief NetworkΛߏங͢Δख๏ʹର͠ɺॏΈͷූ߸Λݻ

ఆ͠ͳ͍৔߹ͱݻఆͨ͠৔߹ͱͰੑೳΛൺֱͨ͠ɻMNISTσʔληοτʹର͢Δ෼ྨ

ਫ਼౓Λൺֱ͢ΔͱɺॏΈͷූ߸Λݻఆͯ͠΋ඇݻఆֶशͱಉ౳ͷਫ਼౓Λֶश͠͏Δ͜

ͱΛࣔͨ͠ɻ·ͨɺܕؼ࠶ωοτϫʔΫʹରͯ͠΋ࣗූݾ߸ԽثʹΑΔࣄલֶश๏Λ

ఆֶशΛద༻͢Δͱɺݻ߸ɺ͔ͭॏΈූ͠༺࠾ Penn Tree BankΛ༻͍ͨ୯ޠ༧ଌλε

Ϋʹର͠ɺॏΈූ߸ݻఆԼͰ΋े෼ͳੑೳΛֶश͠͏Δ݁ՌΛಘͨɻఏҊख๏Λ༻͍

ΔͱɺೖྗϥΠϯ͓Αͼग़ྗϥΠϯΛѹॖ͢Δ͜ͱʹΑΓ࣮૷໘ੵΛ 1/4ʹ཈͑Δ͜

ͱ͕Ͱ͖ΔͨΊɺϝϞϦελɾχϡʔϥϧωοτϫʔΫͷ͞ΒͳΔ௿ిྗԽΛظ଴͢

Δ͜ͱ͕Ͱ͖Δɻ
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ғͳωοτϫʔΫͱ५୔ͳൣ޿஌ೳ৘ใॲཧ͸ɺͦͷ΄ͱΜͲ͕޻౓ͳਓߴͷࡏݱ

Λલఏͱ͍ͯ͠Δɻ͜Ε͸େྔͷσʔλΛޮ཰Α͘ॲཧͰ͖Δ఺Ͱ͸ࡏͷଘݯࢿࢉܭ

༏ΕͨγεςϜͰ͋Δ͕ɺ৘ใηΩϡϦςΟҙࣝͷߴ·Γ΍ूੵ͞ΕΔσʔλͷڊେ

Խʹ൐͍ɺࣾձతɾٕज़త՝୊͕໌Β͔ʹͳ͖ͬͯͨɻຊڀݚͰ͸ɺΤοδʹਓ޻஌

ೳ͕ຒΊࠐ·ΕͨΑΓεϚʔτͳ৘ใԽࣾձͷ࣮͚ͯ޲ʹݱɺΤοδڥ؀ʹ͓͚Δߴ

ిྗޮ཰ͳϓϩηοαͷ։ൃΛ໨తͱͨ͠ɻ

ཁ͢ΔσʔʹࢉͰ͋ΔχϡʔϥϧωοτϫʔΫ͸ɺԋܗຊج஌ೳٕज़ͷ޻ͷਓࡏݱ

λͱ໋ྩͷہॴੑ͔ΒɺϝϞϦͷ಺෦Ͱճ࿏తʹੵ࿨ԋࢉΛॲཧ͢Δ͜ͱͰ௿ిྗԽ

͕ՄೳͰ͋Δ͜ͱ͕஌ΒΕ͍ͯΔɻҰํͰɺχϡʔϥϧωοτϫʔΫʹೖྗ͢Δσʔ

λͷલॲཧ΍ɺਪ࿦݁ՌΛར༻ͨ͠ޙॲཧͳͲ͸ CPU͕୲͏ͨΊɺCPUࣗମͷిߴ

ྗޮ཰Խ΋ෆՄܽͰ͋Δɻͦ͜Ͱɺ·ͣ͸CPUͷԋੑࢉೳΛอ࣋ͨ͠··௿ফඅిྗ

ԽΛ࣮ͤ͞ݱΔΞΫηϥϨʔλ͓Αͼ෼ذ༧ଌثͷ։ൃʹऔΓ૊Μͩɻ

ୈ 2ষͰ͸ɺϓϩάϥϜͷίϯτϩʔϧɾσʔλϑϩʔʹண໨͠ɺ໋ྩؒͷΦϖϥϯ

υґଘੑ͕มԽ͢ΔσʔλύεͷΈ͕ಈతʹߏ࠶੒͞ΕΔΞΫηϥϨʔλʹ͍ͭͯड़

΂ͨɻຊΞΫηϥϨʔλ͸ɺೋ࣍ݩΞϨΠঢ়ʹ഑ஔ͞Εͨ਺े͔Β਺ඦݸͷϓϩηο

γϯάɾΤϨϝϯτ (PE)ͱɺԋࢉͷ్த݁ՌΛอଘ͢ΔͨΊͷϨδελɾΞϨΠͰߏ

੒͞ΕɺCPUͷ୅ΘΓʹϓϩάϥϜͷҰ෦Λฒྻॲཧ͢Δɻ֤PEؒͷμΠϨΫτͳ

઀ଓ͸ϓϩάϥϜ࣮ߦ։࢝࣌ʹݻఆ͞ΕΔɻҰํͰɺϨδελΛհͨؒ͠઀తͳ઀ଓ

͸ɺ৚݅෼͞ߦ࣮͕ྩ໋ذΕ໋ͯྩؒͷσʔλґଘੑ͕มԽͨ͠৔߹ʹɺಈతʹߏ࠶

੒͞ΕΔɻ͜ͷΑ͏ʹɺಈతߏ࠶੒͞ΕΔσʔλύεΛ࠷খݶͷൣғʹऩΊΔ͜ͱͰɺ

ଟ༷ͳϓϩάϥϜʹର͢Δ൚༻ੑΛอ࣋ͨ͠··ɺిྗޮ཰Λ͓Αͦ 10ഒ্ͤ͞޲Δ

͜ͱʹ੒ޭͨ͠ɻ

ୈ 3ষͰ͸ɺ୯७ϕΠζ෼ྨثΛԠ༻ֶͨ͠शܕ෼ذ༧ଌثʹΑΔ௿ফඅిྗԽʹ

͍ͭͯड़΂ͨɻಈతͳ෼ذ༧ଌث͸ɺաڈͷ෼ذύλʔϯΛֶश͠ɺͦΕʹ͍ͯͮج

࣍ͷ෼޲ํذΛ༧ଌ͢Δɻ͜ͷֶश͓Αͼ༧ଌʹػցֶशͷख๏ΛऔΓೖΕΔख๏͕ɺ

෼ذ༧ଌίϯςετͰ͍݁ߴՌΛࣔ͠ଓ͚͍ͯΔɻ͔͠͠ɺػցֶशʹΑΔಛ௃ͷे
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෼ͳֶशʹ͸େྔͷ৘ใ͕ඞཁͰ͋Γɺ͜ΕΒΛอଘ͢ΔͨΊͷϨδελ͕ফඅిྗ

Λ૿Ճͤͯ͞͠·͏ɻͦ͜Ͱɺ୯७ϕΠζ๏Λ༻͍ͨ౷ܭతػցֶशʹΑΔ෼ذ༧ଌث

ΛɺιϑτίΞCPUʹϨδελసૹϨϕϧͰ૊ΈࠐΈɺΫϩοΫɾαΠΫϧɾϕʔε

ͷγϛϡϨʔγϣϯʹΑΓফඅిྗΛධՁͨ͠ɻ࠷΋୯७ͳ੩త෼ذ༧ଌثͱൺֱ͠

ͯճ࿏ن໛͸ڊେʹͳΔ͕ɺ༧ଌਫ਼౓ͷ্޲ʹΑΔফඅిྗ͕͜ݮ࡟ͷిྗΦʔόʔ

ϔουΛ্ճΓɺϕϯνϚʔΫϓϩάϥϜΛ 3ඵ࣮ؒ͠ߦଓ͚ͨ৔߹ʹ 300mW௿ి

ྗԽ͞ΕΔੵݟ΋ΓΛಘͨɻ

ୈ 4ষͰ͸ɺ3࣍ੵݩ૚͞ΕͨϝϞϦελΛਂ૚৞ΈࠐΈχϡʔϥϧωοτϫʔΫͷ

ੵ࿨ԋثࢉͱͯ͠ར༻͢ΔͨΊͷֶशख๏ʹ͍ͭͯड़΂ͨɻ3࣍ੵݩ૚͞ΕͨϝϞϦ

ʹ͓͍ͯ͸ɺχϡʔϥϧωοτϫʔΫͷγφϓε݁߹͸֤૚Λ݁߹͢ΔهԱૉࢠ഑ઢ

ͱͯ͠഑ஔ͞ΕΔɻ͔͠͠૚ؒΛٯࠩޡ͍ͩލ఻೻๏͸੍ޚճ࿏ͷෳࡶԽΛটͨ͘Ίɺ

֤૚Λॱ൪ʹֶशͤ͞Δ layer-wizeͳࢣڭͳ͠ࣄલֶश๏Λ༻͍Δ΄͏͕޷·͍͠ɻͦ

͜Ͱɺ૚ؒ഑ઢΛ؆୯Խ͢ΔͨΊʹϑΟϧλؒͷॏΈΛඇڞ༗Խͭͭ͠ɺlayer-wizeʹ

ಘΒ͕ثલֶश͢Δख๏Λ։ൃ͠ɺຊख๏Λ༻͍ΔͱసҠֶशʹ΋༗༻ͳಛ௃நग़ࣄ

ΕΔ͜ͱΛࣔͨ͠ɻ

ୈ 5ষͰ͸ɺैདྷͷ൒෼ͷهԱૉࢠ਺ͰϝϞϦελɾχϡʔϥϧωοτϫʔΫΛ࣮

଄Λར༻ͨ͠χϡʔϥϧߏϝϞϦͷΫϩεόʔݩΔֶशख๏ʹ͍ͭͯड़΂ͨɻ2࣍͢ݱ

ωοτϫʔΫʹ͓͍ͯ͸ɺ֤هԱૉ͕ࢠγφϓε݁߹Λද͢ݱΔɻ͔͠͠ɺχϡʔϥ

ϧωοτϫʔΫʹ͓͚Δγφϓε݁߹ՙॏ͸ਖ਼ͷ஋΋ෛͷ஋΋औΓ͏Δͷʹର͠ɺෛ

ͷ఍߅஋͸࣮ੈքʹଘ͠ࡏͳ͍ɻ͕ͨͬͯ͠ɺैདྷ͸͸ ͷॏΈʹରͯ͠ݸ1 ͷૉݸ2

Δඞཁ͕͢ݱͷిྲྀࠩ෼ΛͱΔ͜ͱͰԾ૝తʹॏΈͷਖ਼ෛූ߸ΛදࢠΛ༻͍ɺ֤ૉࢠ

͋ͬͨɻຊڀݚͰ͸ɺ֤ॏΈͷූ߸Λॳظঢ়ଶͰݻఆ͠ɺֶशதʹ 0Λ͙ލॏΈූ߸

ͷ൓సΛ͢ࢭېΔֶशख๏Λ։ൃͨ͠ɻॱ఻೻ਂܕ૚χϡʔϥϧωοτϫʔΫʹର͢

Δखॻ͖਺ࣈೝࣝλεΫɺ͓Αͼܕؼ࠶χϡʔϥϧωοτϫʔΫʹର͢Δ୯ޠ༧ଌλε

Ϋʹରͯ͠ɺఏҊख๏Λ༻͍ͨ layer-wiseࢣڭͳ͠ࣄલֶशΛద༻͠ɺඇ੍໿Լͱಉ౳

ͷೳྗΛֶश͠ಘΔ͜ͱΛࣔͨ͠ɻ

Ҏ্ʹڀݚͨ͛ڍ͸ɺΤοδʹ౥͞ࡌΕΔϓϩηοα΁ͷԠ༻ΛࠐݟΜͩ΋ͷͰ͋

ΔɻޙࠓɺΤοδ͚޲ϓϩηοα͘޿૊Έࠐ·ΕΔͰ͋Ζ͏ϝϞϦελΛਂ૚ֶशճ

࿏ͱͯ͠༻͍ɺ͞Βʹͦͷଞͷൣ޿ͳॲཧΛ୲͏CPUࣗମͷిྗޮ཰΋্ͤ͞޲Δɻ

͜ΕΒͷ૬৐ޮՌʹΑΓɺΤοδڥ؀΁ͷਓ޻஌ೳͷຒΊࠐΈʹد༩͢Δɺ஌తͳ৘ใ

ॲཧΛऔΓೖΕͨϓϩηοαͷ։ൃΛ໨ͨ͠ࢦɻίϯϐϡʔλͷྺ࢙ʹؑΈΔͱɺ͔

ͭͯ͸େܕͷػࢉܭͰ͋ͬͨ΋ͷ͕ϋʔυ΢ΣΞͷٕज़తਐาʹΑΓখܕԽɾੑߴೳ
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Խ͕ਐΉ͜ͱͰɺ༷ʑͳ৘ใٕज़͕Ճ଎౓తͳਐԽΛ਱͖͛ͯͨɻਓ޻஌ೳٕज़΋·

ͨɺࡏݱ͸େిྗͰੑߴೳͳίϯϐϡʔλʹཔ͍ͬͯΔ͕ɺΑΓখܕͰ਎ۙͳڥ؀ʹ

ීวతʹਓ޻஌ೳ͕ຒΊࠐ·ΕΔ͜ͱͰɺ͞ΒͳΔߴΈ͕։͔ΕΔ΋ͷͱ͑ߟΒΕΔɻ

ຊ͕ڀݚɺ৘ใԽࣾձΛ࣍ͷεςʔδ΁ԡ্͛͠ΔͨΊͷҰͭͷݙߩͱͳΔ͜ͱΛظ

଴͢Δɻ
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ँࣙ

ຊڀݚ͸ɺ๺ւಓେֶେֶӃ৘ใՊֶڀݚՊ৘ใΤϨΫτϩχΫεઐ߈ʹ͓͍ͯઙ

Ҫ ఩໵ڭतͷࢦޚಋͷԼʹߦΘΕͨ΋ͷͰ͋ΓɺຊڀݚΛ਱͢ߦΔʹ͋ͨΓɺऴ࢝࠙

੾ͳࢦޚಋΛࣀΓ·ͨ͜͠ͱʹ৻ΜͰँײͷҙΛද͠·͢ɻ·ͨɺৗ೔ࠒΑΓوॏͳ

Պ৘ใΤϨΫτϩχڀݚΓ·ͨ͠๺ւಓେֶେֶӃ৘ใՊֶࣀΛݴॿޚΑͼ͓ݟҙޚ

Ϋεઐ߈ ຊଜ ਅਓڭतʹް͘ྱޚਃ্͛͠·͢ɻ

ຊڀݚΛਐΊΔʹ͋ͨΓɺ༷ʑͳޚ౼࿦ɺྗڠޚΛ௖͍ͨ๺ւಓେֶେֶӃ৘ใՊ

߈Պ৘ใΤϨΫτϩχΫεઐڀݚֶ ஑ล ক೭ڭतɺͳΒͼʹ๺ւಓେֶେֶӃ৘ใՊ

߈Պ৘ใΤϨΫτϩχΫεઐڀݚֶ લాߴ ৳໵।ڭतʹް͘ྱޚਃ্͛͠·͢ɻ

ຊ࿦จͷ࡞੒ʹ͋ͨΓɺ༗ӹͳޚ౼࿦Λͯ͠௖͍ͨ๺ւಓେֶେֶӃ৘ใՊֶڀݚ

Պ৘ใΤϨΫτϩχΫεઐڮߴ߈ ਃ্͛͠·͢ɻྱޚ͘ްʹतڭ෉߁

ຊڀݚΛ௨ͯ͠ྗڠޚɺޚ౼࿦Λ௖͍ͨ౦ۀ޻ژେֶ ݪ ༞ࢠ।ڭतͳΒͼʹ౦޻ژ

େֶۀ Paniti ACHARARITࢯʹ৺ΑΓँײΛਃ্͛͠·͢ɻ

ຊڀݚΛ਱͢ߦΔʹ͋ͨΓɺ༷ʑͳྗڠޚΛ௖͍ͨ২٢ ຊࢁɺࢯେߊ Ղੜࢯɺ҆౻

ᔨଠࢯΛ͸͡Ίͱ͢ΔूੵΞʔΩςΫνϟ͓ࣨڀݚΑͼूੵφϊγεςϜࣨڀݚͷॾ

ݚԉ͍͍ͨͩͨूੵφϊγεςϜࢧޚΛ׆ੜڀݚͷࠒɻ·ͨɺ೔͢·͍ͨ͠ँײʹࢯ

һڀݚज़ֶࣨڀ ඦ੉ ज़ηϯλʔٕज़৬һٕܥֶ޻ɺࢯܒ ੢ా ɺूੵΞʔΩςࢯฏߒ

Ϋνϟࣨڀݚൿॻ Ӝࡾ ༝ࢯوɺूੵφϊγεςϜࣨڀݚൿॻԣ઒ ྱޚ͘ްʹࢯࢠް

ਃ্͛͠·͢ɻ

कͬݟ͔ͨͨ͋͘͠·ྭ͑ࢧ෺৺྆໘ʹΘͨΓͯ͠ࡍʹಈΛਐΊΔ׆ڀݚɺʹޙ࠷

ͯ͘Εͨ྆਌ʹ͍ͨ͠ँײ·͢ɻ
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