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ࣲా݈ଠ࿠1,a) தଜӫଠ1,2,b) (c,1྄ݟۋ ٢Ҫ࿨Ղ1,d)
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1. ͸͡Ίʹ

ࣗಈ࠾ේ͸Իָ৘ใॲཧͷ෼໺ʹ͓͍ͯ௕೥ͷະղܾ໰

୊Ͱ͋Δ [1–3]ɽࣗಈ࠾ේͷ࠷ऴ໨ඪ͸ԻָԻڹ৴߸Λ׬
શͳָේ΁ม͢׵Δ͜ͱͰ͋ΓɼಘΒΕָͨේ͸Իָԋ૗

΍ه߸ྖҬͰͷԻָ಺༰ղੳʹ໾ཱͭɽଟ੠Իָͷࣗಈ࠾

ේ͸ͦͷ໰୊ͷ೉͔͠͞ΒɼଟॏԻݕग़ͱϦζϜྔࢠԽͷ

̎ͭͷ໰୊ʹ෼͚ͯओʹ͞ڀݚΕ͖ͯͨɽଟॏԻݕग़͸ɼ

Իڹ৴߸Λ൒Ի୯ҐͷԻߴͱൃԻɾফԻ࣌ࠁͰද͞ΕΔԻ

ූྻɼ͓ΑͼϕϩγςΟʔʢԻڧʣͷྻܥͰ͋Δԋ૗MIDI
Δ͢׵ʢϐΞϊϩʔϧʣ΁ͱมྻܥ [4–9]ɽϦζϜྔࢠԽ
͸ɼԋ૗MIDIྻܥΛൃԻɾফԻ͕࣌ࠁഥ୯ҐͰهड़͞Ε
ΔྔࢠԽMIDIྻܥ΁ͱม͢׵Δ [10–13]ɽ
ࣗಈ࠾ේʹؔ͢Δͷ͕ڀݚଟ͘ߦΘΕΔͳ͔ɼԻڹ৴߸

͔Β׬શͳָේ·Ͱਪఆ͢Δڀݚͷ਺͸ݶΒΕΔ [14–17]ɽ
จݙ [14]͸ଟॏԻݕग़ͱϦζϜྔࢠԽΛଟஈॲཧͷ࿮૊Έ
Ͱ౷߹ͨ͠ϐΞϊ࠾ේख๏ΛఏҊ͍ͯ͠Δɽ͜ͷख๏͸ɼ

౰࣌࠷΋ੑೳ͕ྑ͍ख๏ͷ̍ͭͰ͋ͬͨ֬཰తજࡏ੒෼

෼ੳʢprobabilistic latent component analysis; PLCAʣΛଟॏ
Իݕग़ʹ༻͍͍ͯΔɽPLCAͷग़ྗ͸ඇৗʹଟ͘ͷޡΓΛ
ؚΉͨΊɼ࣮༻ʹ͸ఔԕ͍࠾ේ݁Ռ͕͠͹͠͹ಘΒΕͨɽ

Ұํɼਂ૚χϡʔϥϧωοτωοτϫʔΫʢDeep Neural
Network; DNNʣ[7–9]Λ༻͍ͨଟॏԻݕग़๏͕໨֮·͍͠
੒ՌΛ͓ͯ͛ڍΓɼԻ͔ڹΒָේ΁ͷ࠾ේʹ͓͚Δେ෯ͳ
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嚂陖

鎸陖زؿا
嚂陖邌爙

㡮鿇ⴓꨄ

㡮鿇䞔㜠➰ֹꆀ㶨⻉MIDI

⻉禸⴨剑黝ֻב㛇חزأ؝

ਤ 1 ਂ૚ଟॏԻݕग़Λ༻͍ͨԻڹ৴߸͔Βָේ΁ͷϐΞϊ࠾ේख๏

ੑೳظ্͕޲଴Ͱ͖Δɽ

·ͨɼϐΞϊ࠾ේʹ͓͍ͯ੠෦෼཭͸ɼಡΈ΍ָ͍͢ේ

ͷੜ੒ʹඞཁͳɼॏཁͳ໰୊ͷҰͭͰ͋Δ [18–24]ɽϐΞ
ϊָේͷ੠෦ߏ଄͸֊૚తͰ͋Δɽ·ͣɼ௨ৗӈखͱࠨख

ʹରԠ͢Δೋͭͷύʔτ͕͋Δɽ͞ΒʹͦΕͧΕͷύʔτ

ͷதʹෳ਺ͷ੠෦͕͋ΓɼͦΕΒ੠෦͸ָේ্Ͱ͸ҟͳΔ

ϨΠϠʔͰද͞هΕΔɽطଘख๏ͷେ൒͸֤੠෦͕୯ટ཯

ͩͱԾఆ͍ͯ͠ΔͨΊɼ֤੠෦͕࿨ԻΛؚΉ͜ͱ͕ଟ͍ϐ

Ξϊָේͷ࠾ේʹ͸ద͍ͯ͠ͳ͍ɽจݙ [14]Ͱ͸هේιϑ
τʹ࣮૷͞Ε͍ͯΔ੠෦෼཭ख๏Λ༻͍͓ͯΓɼෆཁͳλ

Π΍ͨͬޡ৔ॴʹ഑ஔ͞ΕͨූٳʹΑͬͯग़ྗָේͷಡΈ

΍͕͢͞ଛͳΘΕ͍ͯΔɽ

ຊڀݚͷ໨త͸ɼߴ࠷ਫ਼౓ͷϐΞϊԻڹ৴߸ʹର͢Δࣗ

ಈ࠾ේ๏ͷϕϯνϚʔΫΛཱ֬͢Δͱͱ΋ʹɼݱঢ়Ͱͷݶ

քͱ͞࢒Εͨओཁͳ໰୊Λࣔ͢͜ͱͰ͋Δɽ࠷৽ͷଟॏԻ

Խɾ੠෦෼཭ख๏Λ౷߹͢Δ͜ͱͰϐΞࢠग़ɾϦζϜྔݕ

ϊ࠾ේγεςϜΛߏங͢ΔɽࡏݱϑϨʔϜ୯ҐͷଟॏԻਪ
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㢳ꅾ갈嚂갈갟⥋〾

怴㤈MIDI

涪갈儗ⵟٔيؤꆀ㶨⻉ [14]

갈⣣钠陎 [28]

⚕䩛ز٦ػⴓꨄ [22]

㡮鿇ⴓꨄ (Sec. 3)

㡮鿇䞔㜠➰ֹꆀ㶨⻉MIDI

MuseScore 3 [29]

嚂陖 (MusicXMLPDFוז)

갈넝涪갈&嶊갈儗ⵟ
(猱⽃⡘)٦؍ذءٗك

涪갈儗ⵟծ؍ذءٗك䱿㹀 (2.2眍)
㢳ꅾ갈鍑匿

(2.1眍)

갈痗ؚٝؗحٓز (2.3眍)

갈넝涪갈&嶊갈儗ⵟ
(䬝⽃⡘)٦؍ذءٗك䬝㶨⚕䩛ز٦ػ
&㡮鿇䞔㜠

ꆀ㶨⻉MIDI

갈넝涪갈&嶊갈儗ⵟ
(䬝⽃⡘)٦؍ذءٗك䬝㶨

㢳ꅾ갈嗚⳿

⻉ꆀ㶨يؤٔ

㡮鿇ⴓꨄ

ਤ 2 ఏҊγεςϜͷߏ੒

ఆͰੑߴ࠷ೳΛୡ੒͍ͯ͠Δख๏ ɼ৽ͨͳ͖ͮجʹ[9,25]
ଟॏԻݕग़๏ΛఏҊ͢Δɽ·ͨɼ࿨ԻΛؚΉ੠෦Λѻ͑Δ

ίετʹͮ͘ج੠෦෼཭๏ΛఏҊ͢ΔɽMAPSσʔληο
τ [26]Λ༻͍ͯɼจݙ [14, 27]ͰఏҊ͞ΕͨධՁई౓ʹج
ɽ·ͨɼఏҊ͢Δ੠෦ਪఆख͏ߦΛݧ౷తͳධՁ࣮ܥͮ͘

๏ͷ༗ޮੑΛ͔֬ΊΔͨΊͷओ؍ධՁ࣮ݧΛ͏ߦɽ

ఏҊ͢Δ࠾ේγεςϜͷߏ੒͸จݙ [14]ͰఏҊ͞Εͨ΋
ͷͷ֦ுͰ͋Γਤ 2ʹࣔ͢௨ΓͰ͋Δɽզʑ͸৽ͨͳଟॏ
Իݕग़๏ΛఏҊ͢Δͱͱ΋ ʢʹ2ষʣɼ୅දతͳख๏ [8]ͱͷ
ൺֱ΋͏ߦɽϦζϜྔࢠԽεςοϓͰ͸ɼഥઅӅΕϚϧί

ϑϞσϧʢhidden Markov model; HMMʣΛ༻͍ͯഥ୯Ґͷ
ൃԻ࣌ࠁΛਪఆ͢Δʢഥ͕ࢠৗʹ̐/̐ഥݻʹࢠఆ͞ΕΔ͜
ͱΛআ͖ɼจݙ [14]ͷ 4.1ষͱಉ༷ʣɽͦͷޙ,ഥ୯Ґͷফ
Ի࣌ࠁΛϚϧίϑ֬཰৔Ϟσϧ [28]Λ༻͍ͯਪఆ͢Δɽ੠
෦෼཭εςοϓͰ͸ɼ·ͣॳΊʹ྆खύʔτ෼཭ख๏ [22]
Λద༻͢Δɽ͜ͷख๏͸ɼҰൠతͳMIDIྻܥΛೖྗͱ͠
ͯड͚औΓɼӈखͱࠨखʹରԠ͢Δ̎ͭͷMIDIྻܥΛग़
ྗ͢Δɽͦͷޙɼ3ষͰड़΂Δ੠෦෼཭ͷ৽ख๏Λద༻͢
Δɽ࠷ऴεςοϓͰ͸ɼެ։ιϑτMuseScore 3 [29]Λ࢖
༻ͯ͠ɼָේͷάϥϑΟΧϧͳදݱΛಘΔɽ

2. ଟॏԻݕग़

ఏҊ͢ΔଟॏԻݕग़๏ʢPOVNetʣ͸̎ͭͷ DNN͔Βߏ
੒͞ΕΔɽ̍ͭ͸Իߴղੳ༻ͷωοτϫʔΫʢPitchNetʣɼ
΋͏̍ͭ͸ൃԻ࣌ࠁͱϕϩγςΟʔͷਪఆ༻ͷωοτϫʔ

ΫʢOnVelNetʣͰ͋Δʢਤ 3ʣɽ͜ΕΒͷωοτϫʔΫ͸ɼจ
ݙ [9]ͰॳΊͯଟॏԻղੳʹ༻͍ΒΕͨɼDeepLabv3+ [30]
ͱݺ͹ΕΔը૾ྖҬ෼ྨ༻ͷ৞ΈࠐΈχϡʔϥϧωοτ

ϫʔΫʢconvolutional neural network; CNNʣʹͮ͘جɽ֤
ωοτϫʔΫΛผʑʹֶश͠ɼͦΕΒͷग़ྗΛԻූτϥο

ΩϯάεςοϓͰ౷߹͢Δ͜ͱͰԋ૗MIDI͕ྻܥಘΒΕ
Δɽ྆ωοτϫʔΫ͸HCFPʢharmonic combined frequency
and periodicityʣಛ௃ྔ Z ∈ R2H×F×T

+ [9] Λೖྗͱ͢Δɽ

怴㤈MIDI

遤⴨؍ذءٗك遤⴨زحإٝؔ׫Ⳣ椚幥ؙأو

ّٝء٦ك؍ذؙ،갈넝ֹ➰زحإٝؔ

遤⴨؍ذءٗك遤⴨زحإٝؔ

갈갟يؚٓٗزؙلأ

PitchNet

OnVelNet

Velocities

Onsets

Velocities

Onsets

갈넝،ؙّٝء٦ك؍ذ

ਤ 3 ଟॏԻݕग़ωοτϫʔΫʢPOVNetʣͷߏ੒ਤɽ

͜͜ͰɼHɼFɼT ͸ͦΕͧΕௐ࿨Իͷ਺ɼप೾਺Ϗϯͷ

਺ɼ࣌ؒϑϨʔϜͷ਺Ͱ͋ΔɽຊߘͰ͸จݙ [9]ͱಉ༷ʹ
H = 6ɼF = 352 = 88× 4ͱͨ͠ɽ

2.1 ଟॏԻղੳωοτϫʔΫʢPitchNetʣ
HCFPಛ௃ྔ ZΛ༩͑ΔͱɼPitchNet͸֬཰ྻߦ Pp ∈

[0, 1]F×T Λग़ྗ͢Δɽ͜͜ͰɼPp(f, t) ͸ϑϨʔϜ t ʹ

͓͚Δप೾਺ f ͷαϦΤϯεʢݦஶ͞ʣΛද͢ɽೖྗ͕

2H = 12νϟωϧɼग़ྗ͕̍νϟωϧͰ͋Δ͜ͱΛআ͍ͯɼ

PitchNet͸จݙ [9]ͰఏҊ͞Εͨ΋ͷͱಉ͡ωοτϫʔΫ
Ͱ͋Δɽ࠷ऴ૚ͰγάϞΠυؔ਺Λ༻͍ͯPp͕ಘΒΕΔɽ

PitchNet͸ҎԼͷଛࣦؔ਺Λ࠷খԽ͢ΔΑ͏ֶश͞ΕΔɽ

Lp = − 1

F × T

F∑

f=1

T∑

t=1

P̂p(f, t) logPp(f, t) (1)

͜͜ͰɼP̂p ∈ {0, 1}F×T ͸ਖ਼ղMIDIσʔλʢαεςΟϯ
ϖμϧΠϕϯτΛؚΉʣΛΞοϓαϯϓϧͯ͠ಘΒΕͨό

ΠφϦྻߦͰ͋Δɽޙ࠷ʹɼPpΛ̎஋Խ͠ɼμ΢ϯαϯϓ

ϧ͢Δ͜ͱͰԻߴΞΫςΟϕʔγϣϯྻߦDp∈{0, 1}M×T

͕ಘΒΕΔɽ͜͜ͰɼDp(m, t)͸ϑϨʔϜ tʹ͓͚Δ൒Ի

୯ҐͷԻߴmͷԻͷ༗ແΛද͠ɼM = 88͸ϐΞϊͷݤ൫

ͷݸ਺Λද͢ɽ

2.2 ൃԻ࣌ࠁɾϕϩγςΟʔਪఆωοτϫʔΫʢOnVelNetʣ
HCFPಛ௃ྔ ZΛ༩͑ΔͱɼOnVelNet͸Φϯηοτ֬

཰ྻߦPo ∈ [0, 1]F×T ͱԻྻߦڧPv ∈ [0, 1]F×T Λग़ྗ͢

Δɽ͜͜ͰɼPo(f, t)ͱ Pv(f, t)͸ͦΕͧΕɼϑϨʔϜ tɼ

प೾਺ f ʹ͓͚ΔΦϯηοταϦΤϯεͱԻڧΛද͢ɽ·

ͨɼԻڧ͸MIDI֨نͰϕϩγςΟʔͱͯ͠ఆΊΒͨ 0͔

Β 127·Ͱ੔਺஋ΛϦεέʔϧͨ͠ 0͔Β 1·Ͱͷ஋Λͱ

Δɽग़ྗ͕Φϯηοτྻߦ༻ͱԻྻߦڧ༻ͷ̎νϟωϧͰ

͋Δ͜ͱΛআ͍ͯɼOnVelNet͸ PitchNetͱಉ͡ߏ଄Ͱ͋
Δɽ࠷ऴ૚Ͱ͸ɼγάϞΠυؔ਺Λ༻͍ͯ Po ͕ɼ[0, 1]۠

ؒͷΫϦοϓؔ਺Λ༻͍ͯ Pv ͕ͦΕͧΕಘΒΕΔɽ͜ͷ

ωοτϫʔΫ͸ҎԼͰఆٛ͞ΕΔόΠφϦΫϩεΤϯτϩ

ϐʔଛࣦͱ Loͱฏۉೋ৐ࠩޡଛࣦ LvͷॏΈ෇͖࿨Λ࠷খ

Խ͢ΔΑ͏ֶश͞ΕΔɽ
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ਤ 4 ੠෦഑ஔͷྫ

Lo = − 1

F × T

F∑

f=1

T∑

t=1

P̂o(f, t) logPo(f, t), (2)

Lv =
1

F × T

F∑

f=1

T∑

t=1

P̂o(f, t)
(
P̂v(f, t)−Pv(f, t)

)2
,

(3)

Lov = woLo + wvLv, (4)

͜͜ͰɼP̂o ∈ {0, 1}F×T ͸ਖ਼ղԻූͷΦϯηοτͷ༗ແΛ

ද͢όΠφϦྻߦɼP̂v ∈ [0, 1]F×T ͸ਖ਼ղԻූͷΦϯηο

τʹ͓͚ΔԻڧΛද࣮͢਺ྻߦͰ͋ΔɽP̂o ͱ P̂v ͸ 2.1અ
ʹ͓͚Δ P̂p ͱಉ༷ͷํ๏Ͱਖ਼ղMIDI͔ΒಘΒΕΔɽൃ
Ի࣌ࠁͷΘ͔ͣͳ༳Β͗Λڐ༰͢ΔͨΊɼP̂o(f, t) = 1ͳ

Β͹ P̂o(f, t± 1) = 1ͱͨ͠ɽจݙ [8]ͱಉ༷ʹ Lv ͸ਖ਼ղ

ͷΦϯηοτͰϚεΫ͞ΕͨޙͰ͞ࢉܭΕΔɽ

ɼPoʹޙ࠷ Λೋ஋Խ͠μ΢ϯαϯϓϧ͢Δ͜ͱͰΦϯ

ηοτྻߦ Do ∈ {0, 1}M×T ͕ಘΒΕΔɽDo ʹ͓͍ͯ࣌

࿈ଓͨ͠ʹ޲ํؒ 1ͷཁૉ͸தԝͷཁૉΛআ͍ͯ 0ʹઃఆ

͢ΔɽϕϩγςΟʔྻߦDv ∈ {0, . . . , 127}M×T ͸ɼPvʹ

ରͯ͠εέʔϦϯάɼ੔਺Խͨ͠ޙμ΢ϯαϯϓϧ͢Δ͜

ͱͰಘΒΕΔɽ

2.3 ԻූτϥοΩϯά

ԋ૗ MIDI ྻܥ Dn ͸ԻූͷԻߴɼൃԻ࣌ࠁɼফԻ࣌

ΞΫςΟϕʔߴ੒͞Εɼ্ड़ͷԻߏͱϕϩγςΟʔͰࠁ

γϣϯྻߦDp,ΦϯηοτྻߦDo,ϕϩγςΟʔྻߦDv

͔ΒٻΊΒΕΔɽDn ͷΦϯηοτ͸ Dp(f, t) = 1 ͔ͭ

Dp(f, t−1) = 0ͷ৚݅Λຬͨ͢ TFϏϯΛྻ͢ڍΔ͜ͱͰ
ಘΒΕΔɽDo ͸ಉԻ࿈ଧΦϯηοτΛٻΊΔͨΊ͚ͩʹ

༻͍ΒΕΔ͕ɼԻྻߦߴ Dn ͱͷෆ੔߹͕ੜ͡ͳ͍༷ʹɼ

Dp(f, t) = 0ͱͳΔ TFϏϯͰ͸ Do(f, t)͸ 0ͱͳΔΑ͏
ʹϚεΫΛ͔͚Δɽ࠷ऴతʹDn ͸ҎԼͷنଇʹΑͬͯੜ

੒͞ΕΔɽ

• Dp ʹΑͬͯಘΒΕΔΦϯηοτͱϚεΫ͞ΕͨDo ͔

ΒಘΒΕΔΦϯηοτ͕ 50 msҎ಺ʹೖ͍ͬͯΔ৔߹ɼ
ઌ͢ߦΔΦϯηοτͷΈΛ࠾༻͢Δɽ

• ଓ௕͕ܧऴతͳԻූ࠷ 30 msҎ಺ͷԻූ͸আ͢ڈΔɽ

3. ϐΞϊ࠾ේͷͨΊͷ੠෦෼཭

զʑͷఏҊ͢Δ੠෦෼཭ख๏͸ɼ੠෦ͷద੾ͳߏ଄ͱɼ

ೖྗMIDIྻܥʹର͢Δ੠෦ͷద߹౓Λද͢ݱΔίετؔ

਺ʹ࠷ྻܥ͍ͨͮجదԽख๏Ͱ͋ΔɽೖྗMIDIྻܥ͸ӈ
खࠨखύʔτʹ෼཭ࡁΈͱ͠ɼຊख๏Ͱ͸ӈखࠨखύʔτ

ʹରͯ͠ಠཱʹ੠෦෼཭Λ͏ߦɽ࠷ྻܥదԽͰ͸ൃԻ࣌ࠁ

͕ಉ͡Ͱ͋ΔԻූͷ૊Λ୯Ґͱͯ͠ѻ͏ɽൃԻ͕࣌ࠁಉ͡

Ͱ͋ΔԻූͷ૊ʹରͯ͠ΫϥελʔΛߏ੒͠ɼͦΕΑΓ΋

ൃԻ͕࣌ؒલͰԻ͕Φʔόʔϥοϓ͢ΔԻූʢܧଓԻͱݺ

Ϳʣ΋ͦͷΫϥελʔʹՃ͑ΔɽΫϥελʔ಺ͷԻූʹର

͢Δ੠෦Λ੔਺ͷϥϕϧ 1, 2, . . . , Vmax Ͱهड़͢Δɽ͜͜

Ͱɼ੠෦਺ͷ্ݶ஋ Vmax͸೚ҙʹઃఆͰ͖Δม਺Ͱ͋Δɽ

֤Ϋϥελʔ Ck ʹରͯ͠ɼΫϥελʔ಺ͷԻූ n ∈ Ck ͷ

੠෦ϥϕϧ Sk = (sn)ͷ૊Λ੠෦഑ஔͱݺͿɽ੠෦෼཭ͷ

୳ۭؒࡧ͸શͯͷΫϥελʔʹର͢ΔશͯͷՄೳͳ੠෦഑

ஔͷू߹Ͱ͋Δɽ

ίετؔ਺͸ɼҎԼͰఆٛ͞ΕΔਨ௚ίετͱਫฏίε

τͷ࿨Ͱߏ੒͞ΕΔɽਨ௚ίετ V (Sk)͸ɼ͋ΔΫϥε

λʔʹର͢Δ੠෦഑ஔͷద੾͞Λهड़͠ɼҎԼͷ 4ͭͷҼ
ͷ࿨Ͱఆٛ͞ΕΔɽࢠ

• ֤Իූ n ∈ Ckʹ snΛ༩͑Δʢෆཁͳ੠෦ʹϖφϧςΟ

Λ༩͑Δʣ.
• ੠෦ͷॱ൪ͱԻߴͷॱ൪͕ٯʹͳ͍ͬͯΔԻූͷϖΞ
ͦΕͧΕʹ λ2 Λ༩͑Δʢ੠෦ͷަࠩʹϖφϧςΟΛ༩

͑Δʣ.
• ੠෦ϥϕϧ͕ಉ͡ͰফԻ͕࣌ࠁҟͳΔԻූͷϖΞͦΕ
ͧΕʹ λ3 Λ༩͑Δɽ

• ಉ͡੠෦ϥϕϧΛ࣋ͭܧଓԻͱܧଓԻͰͳ͍Իූͷϖ
ΞͦΕͧΕʹ λ4 Λ༩͑Δɽ

ਫฏίετH(Sk−1, Sk)͸ྡ઀͢ΔΫϥελʔͷ੠෦഑ஔ

ͷద੾ͳͭͳ͕ΓΛهड़͠ɼҎԼͷ 3ͭͷҼࢠͷ࿨Ͱఆٛ
͞ΕΔɽ

• ੠෦ϥϕϧ͕Ұ؏͍ͯ͠ͳ͍ܧଓԻʹ λ5 Λ༩͑Δ.
• ಉ͡੠෦ϥϕϧΛ࣋ͪͳ͕Β࣌ؒͷ։͖͕͋Δྡ઀͢
ΔԻූͷϖΞͦΕͧΕʹ λ6 Λ༩͑Δɽ ϖφϧʹූٳ)
ςΟΛ༩͑Δ).

• ಉ͡੠෦ϥϕϧΛ࣋ͪͳ͕Β࣌ؒతΦʔόʔϥοϓ͕
͋Δྡ઀͢ΔԻූͷϖΞͦΕͧΕʹ λ7 Λ༩͑Δɽ

దԽ͸࠷ྻܥ ViterbiΞϧΰϦζϜʹΑͬͯղ͘͜ͱ͕
Ͱ͖Δɽ੠෦಺ͷ࿨ԻͷফԻ࣌ࠁ͸ҰகͤͶ͹ͳΒͣɼ͔

ͭͦͷ੠෦ͷ࣍ͷԻූͷൃԻ࣌ࠁͱಉ͔ͦ͡ΕΑΓલͰ

ͳ͍ͱ͍͚ͳ͍ͱ͍͏੠෦ͷ੍໿Λຬͨͨ͢Ίʹɼ੠෦ਪ

ఆޙʹɼফԻ࣌ࠁ͸ಘΒΕͨ੠෦ʹ͕ͨͬͯ͠ิਖ਼͞Ε

Δɽ্هͷίετؔ਺ͷॏΈ෇͚͸͍͔ͭ͘ͷߦࢼʹΑ

Γ (λ2, . . . ,λ7) = (3, 1, 1, 5, 0.2, 1)ͱ͕ͨ͠ɼܥ౷తͳύϥ

ϝʔλ࠷దԽͷ༨஍͕͍ͯͬ࢒Δɽ

4. ධՁ

4.1 ઃఆݧ࣮

ଟॏԻݕग़ͷਫ਼౓ΛධՁ͢ΔͨΊʹ MAPSσʔλϕʔ
ε [26] ͷ “ENSTDkCl” ͱ “ENSTDkAm” ͷϥϕϧ͕෇͍
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ख๏
ϑϨʔϜ୯Ґ ϊʔτ୯Ґ

Pf Rf Ff Pn Rn Fn

PLCA [14] — — — 77.9 68.9 72.8
Onsets and Frames [33] 92.9 78.5 84.9 87.5 85.6 86.4
DeepLabv3+ [9] 87.5 86.3 86.7 — — —
PitchNet ͷΈ 89.3 84.4 86.6 91.1 68.4 77.5
POVNetʢఏҊख๏ʣ 89.3 85.7 87.3 89.7 84.1 86.7

ද 1 ଟॏԻݕग़ਫ਼౓ (%)

ͨ ऴతͳग़ྗͰ͋࠷Λ༻͍ͨɽ·ͨɼఏҊγεςϜͷۂ60
Δָේͷ࠾ේਫ਼౓ΛධՁ͢ΔͨΊʹ͸ “ENSTDkCl”ͷϥϕ
ϧ͕෇͍ͨ Λ༻͍ͨɽैདྷख๏ۂ30 [14]ͱಉ༷ʹɼָේ
ͷධՁʹ͸ͦΕͧΕͷ࿥Իͷ࠷ॳͷ 30 sΛධՁͷର৅ͱ͠
ͨɽPitchNetͱ OnVelNetͷֶशʹ͸MAPSσʔληοτ
ͷ͏্ͪهͷ Λ༻͍ͨɽωοτϫʔۂΛআ͘શͯͷۂ60
Ϋͷύϥϝʔλ͸࠷దԽख๏ RAdam [31]Λ༻͍ͯߋ৽͠ɼ
ֶश཰ͷॳظ஋͸ 0.001ͱͨ͠ɽOnVelNetͷଛࣦؔ਺ͷॏ
Έ͸ͦΕͧΕ wo = 0.9ɼ wv = 0.1ͱͨ͠ɽ

2ষͷଟॏԻݕग़ͷੑೳධՁʹ͸จݙ [32]Ͱಋೖ͞Εͯ
͍ΔϑϨʔϜ୯ҐٴͼԻූ୯ҐͷධՁई౓Λ༻͍ͨɽϑ

ϨʔϜ୯Ґͷई౓Ͱ͸ 10 msͷ࣌ؒ෼ղೳͰద߹཰ Pfɼ࠶

཰RfɼF஋ݱ Ff Λఆٛ͢ΔɽԻූ୯Ґͷई౓Ͱ͸Իූͷ

ൃԻ͍࣌ͯͮجʹࠁධՁ͞ΕɼਪఆԻූͷൃԻ͕࣌ࠁਖ਼ղ

ԻූͷൃԻ࣌ࠁͷ ±50 msҎ಺ʹೖ͍ͬͯΕ͹ਖ਼ղͱΈͳ
͞ΕΔɽ͜ͷج४ʹ͖ͮجԻූ୯Ґͷద߹཰ Pnɼݱ࠶཰

RnɼF஋ Fn Λఆٛ͢Δɽ࠾ේγεςϜશମͷੑೳධՁʹ

͸จݙ [14]ʹͯಋೖ͞Εͨฤूڑ཭ʹͮ͘جධՁई౓ͱจ
ݙ [27]ʹͯಋೖ͞ΕͨධՁई౓MV2HΛ༻͍ͨɽલऀͰ
͸ҎԼͷޡΓ཰Λఆٛ͢ΔɿԻޡߴΓ཰ Epɼෆ଍Իූ཰

Emɼ༨෼Իූ཰ EeɼൃԻ࣌ޡࠁΓ཰ EonɼফԻ࣌ޡࠁΓ

཰ Eoff ͱ͜ΕΒ 5ͭͷई౓ͷฏۉͷ૯߹ޡΓ཰ Eall Ͱ͋

ΔɽධՁई౓MV2HͰ͸ɼҎԼͷਫ਼౓Λఆٛ͢ΔɿଟॏԻ
ग़ݕ Fpɼ੠෦෼཭ Fvoiɼഥઅ഑Ґ Fmet,ԻՁਪఆ Fval,࿨
੠ղੳ Fharm ͱ͜ΕΒͷฏۉ FMV2Hɽ͜͜Ͱɼจݙ [27]
Ͱ͸ Fharm͕ίʔυϥϕϧਪఆਫ਼౓ͱௐਪఆਫ਼౓ͷॏΈ෇

͖࿨ͱͯ͠ఆٛ͞Ε͍ͯΔ͕ɼఏҊγεςϜͰ͸ίʔυϥ

ϕϧ͸ग़ྗ͠ͳ͍ͷͰɼௐਪఆਫ਼౓Λҙຯ͢Δɽ

4.2 ݁Ռ

ද 1ʹଟॏԻݕग़ख๏ͷਫ਼౓Λࣔ͢ɽఏҊख๏ʢPOVNetʣ
ͱͷൺֱͱͯ͠ɼจݙ [14]ͷ PLCAʹͮ͘جख๏ɼจݙ [33]
ͷ DNN ୅දతͳख๏ʢMAESTROͮ͘جʹ σʔλϕʔ
εͰֶशͨ͠ Onsets and Framesʣɼ͓Αͼจݙ [9]ͷख๏
ʢDeepLabv3+ʣʹ ΑΔ݁ՌΛࣔ͢ɽ͞ΒʹɼOnVelNetΛ༻͍
ͳ͍ PitchNetͷΈʹΑΔ݁Ռ΋͕ࣔ͢ɼ͜ Ε͸DeepLabv3+
ͱ΄΅౳ՁͰ͋ΔɽදΑΓɼզʑͷఏҊ͢Δ POVNet͕ϑ
ϨʔϜ୯ҐͱԻූ୯Ґ྆ํͷ F஋ʹ͓͍ͯൺֱख๏Λ্ճ
Δ͜ͱ͕ͯݟऔΕΔɽPOVNetͱ Onsets and Frames͸ Fn

ʹ͓͍ͯಉ౳ͳਫ਼౓ͱͳ͍ͬͯΔ͕ɼPLCAʹͮ͘جख๏

ʹରͯ͠͸େ͖ͳ͕ࠩݟΒΕΔɽPitchNetͷΈͱ POVNet
ͷRnͷؒʹେ͖ͳ͕ࠩ͋Δ͜ͱ͔ΒɼOnVelNetʹΑͬͯ
ಉԻ࿈ଧΛѻ͑ΔΑ͏ʹͳͬͨޮՌ͕ͯݟऔΕΔɽ

ද ߴේγεςϜશମͷධՁͷ݁ՌΛࣔ͢ɽਂ૚Ի࠾ʹ2
ͯݟේਫ਼౓͕େ෯ʹվળ͍ͯ͠Δ͜ͱ͕࠾ग़ʹΑͬͯݕ

औΕΔɽฤूڑ཭ʹͮ͘جධՁई౓্Ͱ͸ɼଟॏԻݕग़ػ

ʹߏ PONVnetΛ༻͍ͨγεςϜ͕ Onsets and Frames [33]
Λ༻͍ͨγεςϜΑΓ૯ͯ͡ਫ਼౓͕Α͍ɽPOVNet+RQͱ
POVNet+RQ+VSͷ݁ՌΛݟൺ΂Δ͜ͱͰɼఏҊͨ͠੠෦
ਪఆ๏͕Θ͔ͣͳ͕Βฤूڑ཭ج४ͷޡΓ཰Λ௿Լͤ͞

Δ͜ͱ͕෼͔Δɽ੠෦ਪఆख๏Λ༻͍ͳ͍ POVNet+RQ͕
Fvoiʹ͓͍ͯ PLCA+RQ+VS্ճ͍ͬͯΔ͜ͱ͸஫໨ʹ஋
͢Δɽ͜Εʹؔͯ͠͸ɼධՁई౓ FvoiͰ͸୯ટ཯ͷ੠෦ͷ

ΈΛԾఆ͍ͯ͠ΔͨΊɼϐΞϊָۂͷΑ͏ʹ࿨ԻΛؚΉ੠

෦෼཭ͷධՁʹ͸ద͍ͯ͠ͳ͍Մೳੑ΋͑ߟΒΕΔɽ

PLCA+RQ+VSͷฏޡۉΓ཰͕ Nakamura et al. [14]ΑΓ
΋ѱ͍ཧ༝ͱͯ͠ɼऀޙ͸༨෼ͳԻූΛল͘ߏػΛ࣋ͭ

Noisyഥઅ HMMΛ༻͍͍ͯΔ͜ͱ͕͑ߟΒΕΔɽ͜ͷ༨
෼ͳԻΛऔΓআ͘ߏػΛࡏݱͷγεςϜʹಋೖ͢Δ͜ͱ΋

ग़Λ༻͍ͨϞσϧͰ͸ద߹཰ݕߴΒΕΔ͕ɼਂ૚Ի͑ߟ Pn

ΘΕΔɽදࢥఆతͩͱݶΊɼޮՌ͸͍ͨߴ͕ 2ͷҰ൪Լͷ
Խͱ੠෦෼཭Λਖ਼ղԋ૗MIDIʹରͯ͠దࢠ͸ϦζϜྔߦ
༻ͨ݁͠ՌΛ͍ࣔͯ͠Δɽ͜ͷ݁Ռ͔ΒɼଟॏԻݕग़ͷਫ਼

౓͸ɼԻߴਪఆʹؔ࿈͢Δई౓ͷΈͳΒͣɼϦζϜ࠾ේʹ

ؔ͢Δई౓ʹ΋ґવͱͯ͠େ͖ͳӨڹΛ༩͑Δ͜ͱ͕ͯݟ

औΕΔɽ

ਪఆָේͷҰྫΛਤ 5ʹࣔ͢ɽਂ૚Իݕߴग़Λ༻͍ͨख
๏ʹΑͬͯಘΒΕָͨේ͸ैདྷख๏ [14]ʹΑΔָේΑΓ
େ෯ʹվળ͍ͯ͠Δ͜ͱ͸໌Β͔Ͱ͋ΔɽPOVNet+RQͱ
POVNet+RQ+VSͷ݁ՌΛൺֱ͢Δ͜ͱͰɼ੠෦෼཭ख๏
͕༨෼ͳλΠ΍ූٳΛޮՌతʹݮΒ͍ͯ͠Δ͜ͱ͕ͯݟऔ

ΕΔɽ·ͨɼશͯͷਪఆ݁Ռʹ͓͍ͯਤ 5ͷ੨࿮Ͱࣔ͢௨
ΓɼޙଧԻ͸ਖ਼͘͠ೝࣝ͞Ε͓ͯΒͣɼ͜Ε͸զʑͷϦζ

ϜྔࢠԽख๏ͷࡏݱͷݶքΛ͍ࣔͯ͠Δɽ

͞Βʹɼ੠෦ਪఆָ͕ේͷՄಡੑʹ༩͑ΔӨڹΛূݕ

͢ΔͨΊʹɼओ؍ධՁ࣮ݧΛͨͬߦɽPOVNet+RQ+VSͱ
POVNet+RQʹΑΔਪఆָේΛͲͪΒʹΑΔ΋ͷ͔Ӆͯ͠
̎ຕಉ࣌ʹඃͤݟʹऀݧɼʮԋ૗͢Δʹ͋ͨͬͯͷָේͷಡ

Έ΍͢͞ʯ͕ํ͍ߴɼ΋͘͠͸ʮͲͪΒͱ΋͑ݴͳ͍ʯͷ

બ୒ࢶΛબΜͰ΋Βͬͨɽ࣮ݧʹ༻͍ͨϓϥοτϑΥʔϜ

͸ϦϯΫઌ [34]͔Β֬ೝͰ͖ΔΑ͏ʹͳ͍ͬͯΔɽ࣮ݧʹ
͸ɼMAPSσʔληοτͷ͏ͪ “ENSTDkCl”ͷϥϕϧ͕෇
͍ͨ ͸ϐΞϊָේΛಡΊΔʹݧΛ༻͍ͨɽ࣮ۂ30 21ਓ͕
Ճ͠ɼͦͷ͏ͪ໿ࢀ 60%ਓ͕ 10೥Ҏ্ͷϐΞϊԋ૗ݧܦ
ऀͰ͋ͬͨɽಘΒΕͨ 630ͷճ౴ͷ͏ͪɼPOVNet+RQ+VS
͕ 496ճʢ78.7%ʣɼPOVNet+RQ͕ 54ճʢ8.57%ʣɼʮͲͪ

Βͱ΋͑ݴͳ͍ʯ͕ 80ճʢ12.7%ʣબ͹Εͨɽ͜ͷ݁Ռ͸ɼ

ఏҊͨ͠੠෦ਪఆ๏ʹΑΓָේͷՄಡੑ্͕͢޲Δ͜ͱΛ

c⃝ 2019 Information Processing Society of Japan 4

Vol.2019-MUS-125 No.1
2019/11/19



৘ใॲཧֶձڀݚใࠂ
IPSJ SIG Technical Report

ख๏ Ep Em Ee Eon Eoff Eall Fp Fvoi Fmet Fval Fharm FMV2H

Nakamura Β [14] 2.92 28.1 11.4 19.4 41.8 20.7 68.1 45.8 31.1 80.5 57.2 56.5
PLCA [14]+RQ+VS 3.29 23.5 13.4 25.1 41.8 21.4 67.2 46.7 32.5 81.3 57.1 57.0
Onsets and Frames [33]+RQ+VS 0.96 8.23 7.36 12.8 28.1 11.5 82.8 46.7 41.6 86.6 74.6 66.4
POVNet+RQ 0.74 8.19 5.83 12.9 28.6 11.3 83.9 48.2 43.6 86.5 71.1 66.7
POVNet+RQ+VSʢఏҊख๏ʣ 0.74 8.11 5.75 12.8 27.9 11.0 84.3 46.1 43.4 87.3 71.1 66.4
Ground truth MIDI+RQ+VS 0.45 2.60 2.46 5.36 21.3 6.44 90.4 49.2 47.4 86.7 77.8 70.3

ද 2 MAPS-ENSTDkCl σʔληοτʹର͢Δ࠾ේͷޡΓ཰ʢ%ʣͱਫ਼౓ʢ%ʣɽ‘+RQ’ ͸Ϧζ
ϜྔࢠԽ๏Λద༻ͨ͜͠ͱΛද͠ɼ‘+VS’͸զʑ͕ఏҊͨ͠੠෦෼཭๏Λద༻ͨ͜͠ͱΛ
ද͢ɽ‘+VS’ ͕ͳ͍৔߹ɼ੠෦෼཭ʹ͸ MuseScore 3 Λ༻͍ͨ͜ͱΛද͢ɽ

POVNet+RQ

POVNet
+RQ+VS

(䲿周䩛岀)

Ground truth

Nakamura[13]׵

Onsets and
Frames[33]

+RQ+VS

ਤ 5 ේ݁Ռͷྫ࠾ (MAPS-ENSTDKClσʔληοτɼMozart: Piano
Sonata K. 333).

͍ࣔͯ͠Δɽ

4.3 ࡯ߟ

ේγεςϜͷָේ࠾ΑΓɼզʑͷఏҊ͢ΔϐΞϊʹݧ࣮

ਪఆਫ਼౓͸ɼैདྷͷੑߴ࠷ೳͷγεςϜΛେ෯ʹ্ճΔ͜

ͱΛࣔͨ͠ɽσϞϖʔδ*1ʹ͞ࡌܝΕͨྫ͔ΒͯݟऔΕΔ

༷ʹɼఏҊγεςϜʹΑͬͯਪఆ͞ΕΔָේ͸ϐΞϊԋ૗

ͷͨΊͷָේͱ࣮ͯ͠༻తͳϨϕϧʹୡ͍ͯ͠Δ͜ͱ΋ଟ

͍ɽ͔͠͠ɼ·ͩզʑͷఏҊ͢ΔγεςϜʹ͸ݶք΋ଟ͘ɼ

վળͷ༨஍͕͞࢒Ε͍ͯΔɽද 2͔ΒͯݟऔΕΔ༷ʹɼଟ
ॏԻݕग़ͷվળʹΑͬͯ࠷ऴతͳָේͷਪఆਫ਼౓͸޲ʹߋ

্͢Δɽಉ༷ʹϦζϜྔࢠԽɼಛʹফԻ࣌ࠁਪఆਫ਼౓ Eoff

͸ਖ਼ղMIDI͔Βͷ࠾ේ݁ՌͰ͑͞ 20%Λӽ͓͑ͯΓɼվ

ળʹΑΓਪఆָේͷ඼࣭͸େ্͖͘͢޲ΔͱࢥΘΕΔɽ͜

ͷ໰୊΁ͷղܾࡦͱͯ͠ɼਂ૚ֶशͷٕज़ΛফԻ࣌ࠁਪఆ

ʹద༻͢Δ͜ͱͱɼ੠෦഑ஔͱফԻ࣌ࠁΛಉ࣌ਪఆ͢Δ͜

ͱ͕ࠐݟΈ͕͋Δͱ͑ߟΒΕΔɽ͞ΒʹɼফԻ࣌ࠁΛΑΓ

ਖ਼͘͠ਪఆ͢Δʹ͸αεςΠϯϖμϧΠϕϯτͷݕग़΋ॏ

ཁͰ͋Δɽ

τϦϧɼΞϧϖδΦɼલଧԻɼޙଧԻɼάϦοαϯυͱ

*1 http://sap.ist.i.kyoto-u.ac.jp/members/shibata/sigmus125/

͍ͬͨ૷০Ի͸͜Ε·Ͱࣗಈ࠾ේͷڀݚʹ͓͍ͯѻΘΕΔ

͜ͱ͸كͰ͕͋ͬͨɼϦζϜྔࢠԽͷਫ਼౓Λ্ͤ͞޲Δͨ

Ίʹ͸໌ࣔతͳϞσϧԽ͕ෆՄܽͰ͋Δɽ׬ᘳͳָේͷਪ

ఆΛ໨্͢ࢦͰɼϖμϧΠϕϯτɼڧऑه߸ɼεϥʔɼΞʔ

ςΟΩϡϨʔγϣϯ΍ӡࢦ൪߸ͷਪఆ΋ॏཁͰ͋Δɽຊݚ

੒͞ΕΔߏͰ͸ΫϥογοΫԻָͷΈͰڀ MAPSσʔλ
ηοτͷΈΛ༻͍͕ͨɼδϟζ΍ϙϐϡϥʔԻָΛ༻͍ͯ

ϞσϧͷֶशٴͼূݕΛ͜͏ߦͱ΋ޙࠓͷ՝୊Ͱ͋Δɽ

5. ݁࿦

ຊߘͰ͸ɼ࠷৽ͷଟॏԻݕग़ɼϦζϜྔࢠԽख๏ɼ͓ Αͼ

੠෦෼཭ख๏Λ౷߹͢Δ͜ͱͰɼߴ࠷ࡏݱਫ਼౓ͷϐΞϊԻ

ʹݧේγεςϜΛఏҊͨ͠ɽධՁ࣮࠾৴߸ʹର͢Δࣗಈڹ

ΑΓɼఏҊγεςϜ͕طଘγεςϜͷ࠾ේਫ਼౓Λେ্͖͘

ճΔ͜ͱΛ֬ೝ͢Δͱಉ࣌ʹɼࡏݱͷࣗಈ࠾ේͷݶքͱࠓ

Λ࿦ͨ͡ɽఏҊͨ͠ख๏ʹΑੑ޲ͷํڀݚΒΕΔͷ͑ߟޙ

Γɼ࣮༻ϨϕϧͷϐΞϊࣗಈ࠾ේͷ࣮ظ͕ݱ଴͞ΕΔɽࠓ

Խͱ੠෦ਪఆʹਂ૚ֶशͷٕज़ΛదࢠͰϦζϜྔڀݚͷޙ

༻͢Δ͜ͱͰɼ͞ΒͳΔਫ਼౓্޲Λ໨͢ࢦ༧ఆͰ͋Δɽ·

ͨɼࠓճఏҊͨ͠γεςϜΛ΢ΣϒαʔϏεͱͯ͠ެ։͠ɼ

YouTube౳ͷϐΞϊԋ૗ಈը΍೚ҙͷϐΞϊԻڹ৴߸͔Β
ָේΛਪఆͯ͠ఏ͢ڙΔ࿮૊ΈΛߏங͢Δ༧ఆͰ͋Δɽ

6. ँࣙ

ຊڀݚͷҰ෦͸ɼJSPS Պݚඅ No. 16H01744ɼNo.
19H04137ɼ19K20340͓Αͼ JST ACCEL No. JPMJAC1602
ͷࢧԉΛड͚ͨ .
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