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ਂଟॏԻݕग़Λ༻͍ͨԻڹ৴߸͔ΒָේͷϐΞϊ࠾ේ

ࣲా݈ଠ1,a) தଜӫଠ1,2,b) (c,1྄ݟۋ ٢ҪՂ1,d)
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ͱΛࣔ͢ͱಉ࣌ʹɼఏҊ͢Δ෦ਪఆʹΑָͬͯේͷՄಡੑ্͕͢Δ͜ͱΛࣔ͢ɽ

1. ͡Ίʹ

ࣗಈ࠾ේԻָใॲཧͷʹ͓͍ͯͷະղܾ

Ͱ͋Δ [1–3]ɽࣗಈ࠾ේͷ࠷ऴඪԻָԻڹ৴߸Λ
શͳָේม͢Δ͜ͱͰ͋ΓɼಘΒΕָͨේԻָԋ

ه߸ྖҬͰͷԻָ༰ղੳʹཱͭɽଟԻָͷࣗಈ࠾

ේͦͷͷ͔͠͞ΒɼଟॏԻݕग़ͱϦζϜྔࢠԽͷ

̎ͭͷʹ͚ͯओʹ͞ڀݚΕ͖ͯͨɽଟॏԻݕग़ɼ

Իڹ৴߸ΛԻ୯ҐͷԻߴͱൃԻɾফԻࠁ࣌Ͱද͞ΕΔԻ

ූྻɼ͓ΑͼϕϩγςΟʔʢԻڧʣͷྻܥͰ͋ΔԋMIDI
Δ͢ʢϐΞϊϩʔϧʣͱมྻܥ [4–9]ɽϦζϜྔࢠԽ
ɼԋMIDIྻܥΛൃԻɾফԻ͕ࠁ࣌ഥ୯ҐͰهड़͞Ε
ΔྔࢠԽMIDIྻܥͱม͢Δ [10–13]ɽ
ࣗಈ࠾ේʹؔ͢Δͷ͕ڀݚଟ͘ߦΘΕΔͳ͔ɼԻڹ৴߸

͔Βશͳָේ·Ͱਪఆ͢ΔڀݚͷݶΒΕΔ [14–17]ɽ
จݙ [14]ଟॏԻݕग़ͱϦζϜྔࢠԽΛଟஈॲཧͷΈ
Ͱ౷߹ͨ͠ϐΞϊ࠾ේख๏ΛఏҊ͍ͯ͠Δɽ͜ͷख๏ɼ

࠷࣌ੑ͕ྑ͍ख๏ͷ̍ͭͰ͋ͬͨ֬తજࡏ

ੳʢprobabilistic latent component analysis; PLCAʣΛଟॏ
Իݕग़ʹ༻͍͍ͯΔɽPLCAͷग़ྗඇৗʹଟ͘ͷޡΓΛ
ؚΉͨΊɼ࣮༻ʹఔԕ͍࠾ේ݁Ռ͕͠͠ಘΒΕͨɽ

ҰํɼਂχϡʔϥϧωοτωοτϫʔΫʢDeep Neural
Network; DNNʣ[7–9]Λ༻͍ͨଟॏԻݕग़๏͕֮·͍͠
ՌΛ͓ͯ͛ڍΓɼԻ͔ڹΒָේͷ࠾ේʹ͓͚Δେ෯ͳ
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㡮鿇ⴓꨄ

㡮鿇䞔㜠➰ֹꆀ㶨⻉MIDI

⻉禸剑黝ֻב㛇חزأ؝

ਤ 1 ਂଟॏԻݕग़Λ༻͍ͨԻڹ৴߸͔ΒָේͷϐΞϊ࠾ේख๏

ੑظ্͕Ͱ͖Δɽ

·ͨɼϐΞϊ࠾ේʹ͓͍ͯ෦ɼಡΈָ͍͢ේ

ͷੜʹඞཁͳɼॏཁͳͷҰͭͰ͋Δ [18–24]ɽϐΞ
ϊָේͷ෦ߏ֊తͰ͋Δɽ·ͣɼ௨ৗӈखͱࠨख

ʹରԠ͢Δೋͭͷύʔτ͕͋Δɽ͞ΒʹͦΕͧΕͷύʔτ

ͷதʹෳͷ෦͕͋ΓɼͦΕΒ෦ָේ্ͰҟͳΔ

ϨΠϠʔͰද͞هΕΔɽطଘख๏ͷେ֤෦͕୯ટ

ͩͱԾఆ͍ͯ͠ΔͨΊɼ֤෦͕ԻΛؚΉ͜ͱ͕ଟ͍ϐ

Ξϊָේͷ࠾ේʹద͍ͯ͠ͳ͍ɽจݙ [14]Ͱهේιϑ
τʹ࣮͞Ε͍ͯΔ෦ख๏Λ༻͍͓ͯΓɼෆཁͳλ

Πͨͬޡॴʹஔ͞ΕͨූٳʹΑͬͯग़ྗָේͷಡΈ

͕͢͞ଛͳΘΕ͍ͯΔɽ

ຊڀݚͷతɼߴ࠷ਫ਼ͷϐΞϊԻڹ৴߸ʹର͢Δࣗ

ಈ࠾ේ๏ͷϕϯνϚʔΫΛཱ֬͢Δͱͱʹɼݱঢ়Ͱͷݶ

քͱ͞ΕͨओཁͳΛࣔ͢͜ͱͰ͋Δɽ࠷৽ͷଟॏԻ

Խɾ෦ख๏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 (MusicXMLPDFוז)

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࠷Λୡ͍ͯ͠Δख๏ ɼ৽ͨͳ͖ͮجʹ[9,25]
ଟॏԻݕग़๏ΛఏҊ͢Δɽ·ͨɼԻΛؚΉ෦Λѻ͑Δ

ίετʹͮ͘ج෦๏ΛఏҊ͢ΔɽMAPSσʔληο
τ [26]Λ༻͍ͯɼจݙ [14, 27]ͰఏҊ͞ΕͨධՁईʹج
ɽ·ͨɼఏҊ͢Δ෦ਪఆख͏ߦΛݧ౷తͳධՁ࣮ܥͮ͘

๏ͷ༗ޮੑΛ͔֬ΊΔͨΊͷओ؍ධՁ࣮ݧΛ͏ߦɽ

ఏҊ͢Δ࠾ේγεςϜͷߏจݙ [14]ͰఏҊ͞Εͨ
ͷͷ֦ுͰ͋Γਤ 2ʹࣔ͢௨ΓͰ͋Δɽզʑ৽ͨͳଟॏ
Իݕग़๏ΛఏҊ͢Δͱͱ ʢʹ2ষʣɼදతͳख๏ [8]ͱͷ
ൺֱ͏ߦɽϦζϜྔࢠԽεςοϓͰɼഥઅӅΕϚϧί

ϑϞσϧʢhidden Markov model; HMMʣΛ༻͍ͯഥ୯Ґͷ
ൃԻࠁ࣌Λਪఆ͢Δʢഥ͕ࢠৗʹ̐/̐ഥݻʹࢠఆ͞ΕΔ͜
ͱΛআ͖ɼจݙ [14]ͷ 4.1ষͱಉ༷ʣɽͦͷޙ,ഥ୯Ґͷফ
Իࠁ࣌ΛϚϧίϑ֬Ϟσϧ [28]Λ༻͍ͯਪఆ͢Δɽ
෦εςοϓͰɼ·ͣॳΊʹ྆खύʔτख๏ [22]
Λద༻͢Δɽ͜ͷख๏ɼҰൠతͳMIDIྻܥΛೖྗͱ͠
ͯड͚औΓɼӈखͱࠨखʹରԠ͢Δ̎ͭͷMIDIྻܥΛग़
ྗ͢Δɽͦͷޙɼ3ষͰड़Δ෦ͷ৽ख๏Λద༻͢
Δɽ࠷ऴεςοϓͰɼެ։ιϑτMuseScore 3 [29]Λ
༻ͯ͠ɼָේͷάϥϑΟΧϧͳදݱΛಘΔɽ

2. ଟॏԻݕग़

ఏҊ͢ΔଟॏԻݕग़๏ʢPOVNetʣ̎ͭͷ DNN͔Βߏ
͞ΕΔɽ̍ͭԻߴղੳ༻ͷωοτϫʔΫʢPitchNetʣɼ
͏̍ͭൃԻࠁ࣌ͱϕϩγςΟʔͷਪఆ༻ͷωοτϫʔ

ΫʢOnVelNetʣͰ͋Δʢਤ 3ʣɽ͜ΕΒͷωοτϫʔΫɼจ
ݙ [9]ͰॳΊͯଟॏԻղੳʹ༻͍ΒΕͨɼDeepLabv3+ [30]
ͱݺΕΔը૾ྖҬྨ༻ͷΈࠐΈχϡʔϥϧωοτ

ϫʔΫʢconvolutional neural network; CNNʣʹͮ͘جɽ֤
ωοτϫʔΫΛผʑʹֶश͠ɼͦΕΒͷग़ྗΛԻූτϥο

ΩϯάεςοϓͰ౷߹͢Δ͜ͱͰԋMIDI͕ྻܥಘΒΕ
Δɽ྆ωοτϫʔΫHCFPʢharmonic combined frequency
and periodicityʣಛྔ Z ∈ R2H×F×T

+ [9] Λೖྗͱ͢Δɽ

怴㤈MIDI

遤؍ذءٗك遤زحإٝؔⳢ椚幥ؙأو

ّٝء٦ك؍ذؙ،갈넝ֹ➰زحإٝؔ

遤؍ذءٗك遤زحإٝؔ

갈갟يؚٓٗزؙلأ

PitchNet

OnVelNet

Velocities

Onsets

Velocities

Onsets

갈넝،ؙّٝء٦ك؍ذ

ਤ 3 ଟॏԻݕग़ωοτϫʔΫʢPOVNetʣͷߏਤɽ

͜͜ͰɼHɼFɼT ͦΕͧΕௐԻͷɼपϏϯͷ

ɼؒ࣌ϑϨʔϜͷͰ͋ΔɽຊߘͰจݙ [9]ͱಉ༷ʹ
H = 6ɼF = 352 = 88× 4ͱͨ͠ɽ

2.1 ଟॏԻղੳωοτϫʔΫʢPitchNetʣ
HCFPಛྔ ZΛ༩͑ΔͱɼPitchNet֬ྻߦ Pp ∈

[0, 1]F×T Λग़ྗ͢Δɽ͜͜ͰɼPp(f, t) ϑϨʔϜ t ʹ

͓͚Δप f ͷαϦΤϯεʢݦஶ͞ʣΛද͢ɽೖྗ͕

2H = 12νϟωϧɼग़ྗ͕̍νϟωϧͰ͋Δ͜ͱΛআ͍ͯɼ

PitchNetจݙ [9]ͰఏҊ͞Εͨͷͱಉ͡ωοτϫʔΫ
Ͱ͋Δɽ࠷ऴͰγάϞΠυؔΛ༻͍ͯPp͕ಘΒΕΔɽ

PitchNetҎԼͷଛࣦؔΛ࠷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࠷ʹɼPpΛ̎Խ͠ɼμϯαϯϓ

ϧ͢Δ͜ͱͰԻߴΞΫςΟϕʔγϣϯྻߦDp∈{0, 1}M×T

͕ಘΒΕΔɽ͜͜ͰɼDp(m, t)ϑϨʔϜ tʹ͓͚ΔԻ

୯ҐͷԻߴmͷԻͷ༗ແΛද͠ɼM = 88ϐΞϊͷݤ൫

ͷݸΛද͢ɽ

2.2 ൃԻࠁ࣌ɾϕϩγςΟʔਪఆωοτϫʔΫʢOnVelNetʣ
HCFPಛྔ ZΛ༩͑ΔͱɼOnVelNetΦϯηοτ֬

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

Δɽ͜͜ͰɼPo(f, t)ͱ Pv(f, t)ͦΕͧΕɼϑϨʔϜ tɼ

प f ʹ͓͚ΔΦϯηοταϦΤϯεͱԻڧΛද͢ɽ·

ͨɼԻڧMIDI֨نͰϕϩγςΟʔͱͯ͠ఆΊΒͨ 0͔

Β 127·ͰΛϦεέʔϧͨ͠ 0͔Β 1·ͰͷΛͱ

Δɽग़ྗ͕Φϯηοτྻߦ༻ͱԻྻߦڧ༻ͷ̎νϟωϧͰ

͋Δ͜ͱΛআ͍ͯɼOnVelNet PitchNetͱಉ͡ߏͰ͋
Δɽ࠷ऴͰɼγάϞΠυؔΛ༻͍ͯ Po ͕ɼ[0, 1]۠

ؒͷΫϦοϓؔΛ༻͍ͯ Pv ͕ͦΕͧΕಘΒΕΔɽ͜ͷ

ωοτϫʔΫҎԼͰఆٛ͞ΕΔόΠφϦΫϩεΤϯτϩ

ϐʔଛࣦͱ Loͱฏۉೋࠩޡଛࣦ LvͷॏΈ͖Λ࠷খ

Խ͢ΔΑ͏ֶश͞ΕΔɽ
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ਤ 4 ෦ஔͷྫ

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

τʹ͓͚ΔԻڧΛද࣮͢ྻߦͰ͋ΔɽP̂o ͱ P̂v  2.1અ
ʹ͓͚Δ P̂p ͱಉ༷ͷํ๏Ͱਖ਼ղMIDI͔ΒಘΒΕΔɽൃ
Իࠁ࣌ͷΘ͔ͣͳ༳Β͗Λڐ༰͢ΔͨΊɼP̂o(f, t) = 1ͳ

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

ͷΦϯηοτͰϚεΫ͞ΕͨޙͰ͞ࢉܭΕΔɽ

ɼPoʹޙ࠷ ΛೋԽ͠μϯαϯϓϧ͢Δ͜ͱͰΦϯ

ηοτྻߦ Do ∈ {0, 1}M×T ͕ಘΒΕΔɽDo ͍͓࣌ͯʹ

࿈ଓͨ͠ʹํؒ 1ͷཁૉதԝͷཁૉΛআ͍ͯ 0ʹઃఆ

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

ରͯ͠εέʔϦϯάɼԽͨ͠ޙμϯαϯϓϧ͢Δ͜

ͱͰಘΒΕΔɽ

2.3 ԻූτϥοΩϯά

ԋ MIDI ྻܥ Dn ԻූͷԻߴɼൃԻࠁ࣌ɼফԻ࣌

ΞΫςΟϕʔߴ͞Εɼ্ड़ͷԻߏͱϕϩγςΟʔͰࠁ

γϣϯྻߦDp,ΦϯηοτྻߦDo,ϕϩγςΟʔྻߦDv

͔ΒٻΊΒΕΔɽDn ͷΦϯηοτ Dp(f, t) = 1 ͔ͭ

Dp(f, t−1) = 0ͷ݅Λຬͨ͢ 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 msҎʹೖ͍ͬͯΔ߹ɼ
ઌ͢ߦΔΦϯηοτͷΈΛ࠾༻͢Δɽ

• ଓ͕ܧऴతͳԻූ࠷ 30 msҎͷԻූআ͢ڈΔɽ

3. ϐΞϊ࠾ේͷͨΊͷ෦

զʑͷఏҊ͢Δ෦ख๏ɼ෦ͷదͳߏͱɼ

ೖྗMIDIྻܥʹର͢Δ෦ͷద߹Λද͢ݱΔίετؔ

ʹ࠷ྻܥ͍ͨͮجదԽख๏Ͱ͋ΔɽೖྗMIDIྻܥӈ
खࠨखύʔτʹࡁΈͱ͠ɼຊख๏Ͱӈखࠨखύʔτ

ʹରͯ͠ಠཱʹ෦Λ͏ߦɽ࠷ྻܥదԽͰൃԻࠁ࣌

͕ಉ͡Ͱ͋ΔԻූͷΛ୯Ґͱͯ͠ѻ͏ɽൃԻ͕ࠁ࣌ಉ͡

Ͱ͋ΔԻූͷʹରͯ͠ΫϥελʔΛߏ͠ɼͦΕΑΓ

ൃԻ͕ؒ࣌લͰԻ͕Φʔόʔϥοϓ͢ΔԻූʢܧଓԻͱݺ

ͿʣͦͷΫϥελʔʹՃ͑ΔɽΫϥελʔͷԻූʹର

͢Δ෦Λͷϥϕϧ 1, 2, . . . , Vmax Ͱهड़͢Δɽ͜͜

Ͱɼ෦ͷ্ݶ VmaxҙʹઃఆͰ͖ΔมͰ͋Δɽ

֤Ϋϥελʔ Ck ʹରͯ͠ɼΫϥελʔͷԻූ n ∈ Ck ͷ

෦ϥϕϧ Sk = (sn)ͷΛ෦ஔͱݺͿɽ෦ͷ

୳ۭؒࡧશͯͷΫϥελʔʹର͢ΔશͯͷՄͳ෦

ஔͷू߹Ͱ͋Δɽ

ίετؔɼҎԼͰఆٛ͞ΕΔਨίετͱਫฏίε

τͷͰߏ͞ΕΔɽਨίετ V (Sk)ɼ͋ΔΫϥε

λʔʹର͢Δ෦ஔͷద͞Λهड़͠ɼҎԼͷ 4ͭͷҼ
ͷͰఆٛ͞ΕΔɽࢠ

• ֤Իූ n ∈ Ckʹ snΛ༩͑Δʢෆཁͳ෦ʹϖφϧςΟ

Λ༩͑Δʣ.
• ෦ͷॱ൪ͱԻߴͷॱ൪͕ٯʹͳ͍ͬͯΔԻූͷϖΞ
ͦΕͧΕʹ λ2 Λ༩͑Δʢ෦ͷަࠩʹϖφϧςΟΛ༩

͑Δʣ.
• ෦ϥϕϧ͕ಉ͡ͰফԻ͕ࠁ࣌ҟͳΔԻූͷϖΞͦΕ
ͧΕʹ λ3 Λ༩͑Δɽ

• ಉ͡෦ϥϕϧΛܧͭ࣋ଓԻͱܧଓԻͰͳ͍Իූͷϖ
ΞͦΕͧΕʹ λ4 Λ༩͑Δɽ

ਫฏίετH(Sk−1, Sk)ྡ͢ΔΫϥελʔͷ෦ஔ

ͷదͳͭͳ͕ΓΛهड़͠ɼҎԼͷ 3ͭͷҼࢠͷͰఆٛ
͞ΕΔɽ

• ෦ϥϕϧ͕Ұ؏͍ͯ͠ͳ͍ܧଓԻʹ λ5 Λ༩͑Δ.
• ಉ͡෦ϥϕϧΛͪ࣋ͳ͕Βؒ࣌ͷ։͖͕͋Δྡ͢
ΔԻූͷϖΞͦΕͧΕʹ λ6 Λ༩͑Δɽ ϖφϧʹූٳ)
ςΟΛ༩͑Δ).

• ಉ͡෦ϥϕϧΛͪ࣋ͳ͕Βؒ࣌తΦʔόʔϥοϓ͕
͋Δྡ͢ΔԻූͷϖΞͦΕͧΕʹ λ7 Λ༩͑Δɽ

దԽ࠷ྻܥ ViterbiΞϧΰϦζϜʹΑͬͯղ͘͜ͱ͕
Ͱ͖Δɽ෦ͷԻͷফԻࠁ࣌ҰகͤͶͳΒͣɼ͔

ͭͦͷ෦ͷ࣍ͷԻූͷൃԻࠁ࣌ͱಉ͔ͦ͡ΕΑΓલͰ

ͳ͍ͱ͍͚ͳ͍ͱ͍͏෦ͷ੍Λຬͨͨ͢Ίʹɼ෦ਪ

ఆޙʹɼফԻࠁ࣌ಘΒΕͨ෦ʹ͕ͨͬͯ͠ิਖ਼͞Ε

Δɽ্هͷίετؔͷॏΈ͚͍͔ͭ͘ͷߦࢼʹΑ

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

ϝʔλ࠷దԽͷ༨͕͍ͯͬΔɽ

4. ධՁ

4.1 ઃఆݧ࣮

ଟॏԻݕग़ͷਫ਼ΛධՁ͢ΔͨΊʹ MAPSσʔλϕʔ
ε [26] ͷ “ENSTDkCl” ͱ “ENSTDkAm” ͷϥϕϧ͕͍
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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࠾ේਫ਼ΛධՁ͢ΔͨΊʹ “ENSTDkCl”ͷϥϕ
ϧ͕͍ͨ Λ༻͍ͨɽैདྷख๏ۂ30 [14]ͱಉ༷ʹɼָේ
ͷධՁʹͦΕͧΕͷԻͷ࠷ॳͷ 30 sΛධՁͷରͱ͠
ͨɽPitchNetͱ OnVelNetͷֶशʹMAPSσʔληοτ
ͷ͏্ͪهͷ Λ༻͍ͨɽωοτϫʔۂΛআ͘શͯͷۂ60
Ϋͷύϥϝʔλ࠷దԽख๏ RAdam [31]Λ༻͍ͯߋ৽͠ɼ
ֶशͷॳظ 0.001ͱͨ͠ɽOnVelNetͷଛࣦؔͷॏ
ΈͦΕͧΕ wo = 0.9ɼ wv = 0.1ͱͨ͠ɽ

2ষͷଟॏԻݕग़ͷੑධՁʹจݙ [32]Ͱಋೖ͞Εͯ
͍ΔϑϨʔϜ୯ҐٴͼԻූ୯ҐͷධՁईΛ༻͍ͨɽϑ

ϨʔϜ୯ҐͷईͰ 10 msͷؒ࣌ղͰద߹ Pfɼ࠶

RfɼFݱ Ff Λఆٛ͢ΔɽԻූ୯ҐͷईͰԻූͷ

ൃԻ͍ͯͮجʹࠁ࣌ධՁ͞ΕɼਪఆԻූͷൃԻ͕ࠁ࣌ਖ਼ղ

ԻූͷൃԻࠁ࣌ͷ ±50 msҎʹೖ͍ͬͯΕਖ਼ղͱΈͳ
͞ΕΔɽ͜ͷج४ʹ͖ͮجԻූ୯Ґͷద߹ Pnɼݱ࠶

RnɼF Fn Λఆٛ͢Δɽ࠾ේγεςϜશମͷੑධՁʹ

จݙ [14]ʹͯಋೖ͞Εͨฤूڑʹͮ͘جධՁईͱจ
ݙ [27]ʹͯಋೖ͞ΕͨධՁईMV2HΛ༻͍ͨɽલऀͰ
ҎԼͷޡΓΛఆٛ͢ΔɿԻޡߴΓ EpɼෆԻූ

Emɼ༨Իූ EeɼൃԻޡࠁ࣌Γ EonɼফԻޡࠁ࣌Γ

 Eoff ͱ͜ΕΒ 5ͭͷईͷฏۉͷ૯߹ޡΓ Eall Ͱ͋

ΔɽධՁईMV2HͰɼҎԼͷਫ਼Λఆٛ͢ΔɿଟॏԻ
ग़ݕ Fpɼ෦ FvoiɼഥઅҐ Fmet,ԻՁਪఆ Fval,
ղੳ Fharm ͱ͜ΕΒͷฏۉ FMV2Hɽ͜͜Ͱɼจݙ [27]
Ͱ Fharm͕ίʔυϥϕϧਪఆਫ਼ͱௐਪఆਫ਼ͷॏΈ

͖ͱͯ͠ఆٛ͞Ε͍ͯΔ͕ɼఏҊγεςϜͰίʔυϥ

ϕϧग़ྗ͠ͳ͍ͷͰɼௐਪఆਫ਼Λҙຯ͢Δɽ

4.2 ݁Ռ

ද 1ʹଟॏԻݕग़ख๏ͷਫ਼Λࣔ͢ɽఏҊख๏ʢPOVNetʣ
ͱͷൺֱͱͯ͠ɼจݙ [14]ͷ PLCAʹͮ͘جख๏ɼจݙ [33]
ͷ DNN දతͳख๏ʢMAESTROͮ͘جʹ σʔλϕʔ
εͰֶशͨ͠ Onsets and Framesʣɼ͓Αͼจݙ [9]ͷख๏
ʢDeepLabv3+ʣʹ ΑΔ݁ՌΛࣔ͢ɽ͞ΒʹɼOnVelNetΛ༻͍
ͳ͍ PitchNetͷΈʹΑΔ݁Ռ͕ࣔ͢ɼ͜ ΕDeepLabv3+
ͱ΄΅ՁͰ͋ΔɽදΑΓɼզʑͷఏҊ͢Δ POVNet͕ϑ
ϨʔϜ୯ҐͱԻූ୯Ґ྆ํͷ Fʹ͓͍ͯൺֱख๏Λ্ճ
Δ͜ͱ͕ͯݟऔΕΔɽPOVNetͱ Onsets and Frames Fn

ʹ͓͍ͯಉͳਫ਼ͱͳ͍ͬͯΔ͕ɼPLCAʹͮ͘جख๏

ʹରͯ͠େ͖ͳ͕ࠩݟΒΕΔɽPitchNetͷΈͱ POVNet
ͷRnͷؒʹେ͖ͳ͕ࠩ͋Δ͜ͱ͔ΒɼOnVelNetʹΑͬͯ
ಉԻ࿈ଧΛѻ͑ΔΑ͏ʹͳͬͨޮՌ͕ͯݟऔΕΔɽ

ද ߴේγεςϜશମͷධՁͷ݁ՌΛࣔ͢ɽਂԻ࠾ʹ2
ͯݟේਫ਼͕େ෯ʹվળ͍ͯ͠Δ͜ͱ͕࠾ग़ʹΑͬͯݕ

औΕΔɽฤूڑʹͮ͘جධՁई্ͰɼଟॏԻݕग़ػ

ʹߏ PONVnetΛ༻͍ͨγεςϜ͕ Onsets and Frames [33]
Λ༻͍ͨγεςϜΑΓ૯ͯ͡ਫ਼͕Α͍ɽPOVNet+RQͱ
POVNet+RQ+VSͷ݁ՌΛݟൺΔ͜ͱͰɼఏҊͨ͠෦
ਪఆ๏͕Θ͔ͣͳ͕Βฤूڑج४ͷޡΓΛԼͤ͞

Δ͜ͱ͕͔Δɽ෦ਪఆख๏Λ༻͍ͳ͍ POVNet+RQ͕
Fvoiʹ͓͍ͯ PLCA+RQ+VS্ճ͍ͬͯΔ͜ͱʹ
͢Δɽ͜Εʹؔͯ͠ɼධՁई FvoiͰ୯ટͷ෦ͷ

ΈΛԾఆ͍ͯ͠ΔͨΊɼϐΞϊָۂͷΑ͏ʹԻΛؚΉ

෦ͷධՁʹద͍ͯ͠ͳ͍Մੑ͑ߟΒΕΔɽ

PLCA+RQ+VSͷฏޡۉΓ͕ Nakamura et al. [14]ΑΓ
ѱ͍ཧ༝ͱͯ͠ɼऀޙ༨ͳԻූΛল͘ߏػΛͭ࣋

Noisyഥઅ HMMΛ༻͍͍ͯΔ͜ͱ͕͑ߟΒΕΔɽ͜ͷ༨
ͳԻΛऔΓআ͘ߏػΛࡏݱͷγεςϜʹಋೖ͢Δ͜ͱ

ग़Λ༻͍ͨϞσϧͰద߹ݕߴΒΕΔ͕ɼਂԻ͑ߟ Pn

ΘΕΔɽදࢥఆతͩͱݶΊɼޮՌ͍ͨߴ͕ 2ͷҰ൪Լͷ
Խͱ෦Λਖ਼ղԋMIDIʹରͯ͠దࢠϦζϜྔߦ
༻ͨ݁͠ՌΛ͍ࣔͯ͠Δɽ͜ͷ݁Ռ͔ΒɼଟॏԻݕग़ͷਫ਼

ɼԻߴਪఆʹؔ࿈͢ΔईͷΈͳΒͣɼϦζϜ࠾ේʹ

ؔ͢Δईʹґવͱͯ͠େ͖ͳӨڹΛ༩͑Δ͜ͱ͕ͯݟ

औΕΔɽ

ਪఆָේͷҰྫΛਤ 5ʹࣔ͢ɽਂԻݕߴग़Λ༻͍ͨख
๏ʹΑͬͯಘΒΕָͨේैདྷख๏ [14]ʹΑΔָේΑΓ
େ෯ʹվળ͍ͯ͠Δ͜ͱ໌Β͔Ͱ͋ΔɽPOVNet+RQͱ
POVNet+RQ+VSͷ݁ՌΛൺֱ͢Δ͜ͱͰɼ෦ख๏
͕༨ͳλΠූٳΛޮՌతʹݮΒ͍ͯ͠Δ͜ͱ͕ͯݟऔ

ΕΔɽ·ͨɼશͯͷਪఆ݁Ռʹ͓͍ͯਤ 5ͷ੨Ͱࣔ͢௨
ΓɼޙଧԻਖ਼͘͠ೝࣝ͞Ε͓ͯΒͣɼ͜ΕզʑͷϦζ

ϜྔࢠԽख๏ͷࡏݱͷݶքΛ͍ࣔͯ͠Δɽ

͞Βʹɼ෦ਪఆָ͕ේͷՄಡੑʹ༩͑ΔӨڹΛূݕ

͢ΔͨΊʹɼओ؍ධՁ࣮ݧΛͨͬߦɽPOVNet+RQ+VSͱ
POVNet+RQʹΑΔਪఆָේΛͲͪΒʹΑΔͷ͔Ӆͯ͠
̎ຕಉ࣌ʹඃͤݟʹऀݧɼʮԋ͢Δʹ͋ͨͬͯͷָේͷಡ

Έ͢͞ʯ͕ํ͍ߴɼ͘͠ʮͲͪΒͱ͑ݴͳ͍ʯͷ

બࢶΛબΜͰΒͬͨɽ࣮ݧʹ༻͍ͨϓϥοτϑΥʔϜ

ϦϯΫઌ [34]͔Β֬ೝͰ͖ΔΑ͏ʹͳ͍ͬͯΔɽ࣮ݧʹ
ɼMAPSσʔληοτͷ͏ͪ “ENSTDkCl”ͷϥϕϧ͕
͍ͨ ϐΞϊָේΛಡΊΔʹݧΛ༻͍ͨɽ࣮ۂ30 21ਓ͕
Ճ͠ɼͦͷ͏ͪࢀ 60%ਓ͕ 10Ҏ্ͷϐΞϊԋݧܦ
ऀͰ͋ͬͨɽಘΒΕͨ 630ͷճͷ͏ͪɼPOVNet+RQ+VS
͕ 496ճʢ78.7%ʣɼPOVNet+RQ͕ 54ճʢ8.57%ʣɼʮͲͪ

Βͱ͑ݴͳ͍ʯ͕ 80ճʢ12.7%ʣબΕͨɽ͜ͷ݁Ռɼ

ఏҊͨ͠෦ਪఆ๏ʹΑΓָේͷՄಡੑ্͕͢Δ͜ͱΛ
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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࠾ේͷޡΓʢ%ʣͱਫ਼ʢ%ʣɽ‘+RQ’ Ϧζ
ϜྔࢠԽ๏Λద༻ͨ͜͠ͱΛද͠ɼ‘+VS’զʑ͕ఏҊͨ͠෦๏Λద༻ͨ͜͠ͱΛ
ද͢ɽ‘+VS’ ͕ͳ͍߹ɼ෦ʹ 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

ਪఆਫ਼ɼैདྷͷੑߴ࠷ͷγεςϜΛେ෯ʹ্ճΔ͜

ͱΛࣔͨ͠ɽσϞϖʔδ*1ʹ͞ࡌܝΕͨྫ͔ΒͯݟऔΕΔ

༷ʹɼఏҊγεςϜʹΑͬͯਪఆ͞ΕΔָේϐΞϊԋ

ͷͨΊͷָේͱ࣮ͯ͠༻తͳϨϕϧʹୡ͍ͯ͠Δ͜ͱଟ

͍ɽ͔͠͠ɼ·ͩզʑͷఏҊ͢ΔγεςϜʹݶքଟ͘ɼ

վળͷ༨͕͞Ε͍ͯΔɽද 2͔ΒͯݟऔΕΔ༷ʹɼଟ
ॏԻݕग़ͷվળʹΑͬͯ࠷ऴతͳָේͷਪఆਫ਼ʹߋ

্͢Δɽಉ༷ʹϦζϜྔࢠԽɼಛʹফԻࠁ࣌ਪఆਫ਼ Eoff

ਖ਼ղMIDI͔Βͷ࠾ේ݁ՌͰ͑͞ 20%Λӽ͓͑ͯΓɼվ

ળʹΑΓਪఆָේͷ࣭େ্͖͘͢ΔͱࢥΘΕΔɽ͜

ͷͷղܾࡦͱͯ͠ɼਂֶशͷٕज़ΛফԻࠁ࣌ਪఆ

ʹద༻͢Δ͜ͱͱɼ෦ஔͱফԻࠁ࣌Λಉ࣌ਪఆ͢Δ͜

ͱ͕ࠐݟΈ͕͋Δͱ͑ߟΒΕΔɽ͞ΒʹɼফԻࠁ࣌ΛΑΓ

ਖ਼͘͠ਪఆ͢ΔʹαεςΠϯϖμϧΠϕϯτͷݕग़ॏ

ཁͰ͋Δɽ

τϦϧɼΞϧϖδΦɼલଧԻɼޙଧԻɼάϦοαϯυͱ

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

͍ͬͨ০Ի͜Ε·Ͱࣗಈ࠾ේͷڀݚʹ͓͍ͯѻΘΕΔ

͜ͱكͰ͕͋ͬͨɼϦζϜྔࢠԽͷਫ਼Λ্ͤ͞Δͨ

Ίʹ໌ࣔతͳϞσϧԽ͕ෆՄܽͰ͋Δɽᘳͳָේͷਪ

ఆΛ্͢ࢦͰɼϖμϧΠϕϯτɼڧऑه߸ɼεϥʔɼΞʔ

ςΟΩϡϨʔγϣϯӡࢦ൪߸ͷਪఆॏཁͰ͋Δɽຊݚ

͞ΕΔߏͰΫϥογοΫԻָͷΈͰڀ MAPSσʔλ
ηοτͷΈΛ༻͍͕ͨɼδϟζϙϐϡϥʔԻָΛ༻͍ͯ

ϞσϧͷֶशٴͼূݕΛ͜͏ߦͱޙࠓͷ՝Ͱ͋Δɽ

5. ݁

ຊߘͰɼ࠷৽ͷଟॏԻݕग़ɼϦζϜྔࢠԽख๏ɼ͓ Αͼ

෦ख๏Λ౷߹͢Δ͜ͱͰɼߴ࠷ࡏݱਫ਼ͷϐΞϊԻ

ʹݧේγεςϜΛఏҊͨ͠ɽධՁ࣮࠾৴߸ʹର͢Δࣗಈڹ

ΑΓɼఏҊγεςϜ͕طଘγεςϜͷ࠾ේਫ਼Λେ্͖͘

ճΔ͜ͱΛ֬ೝ͢Δͱಉ࣌ʹɼࡏݱͷࣗಈ࠾ේͷݶքͱࠓ

Λͨ͡ɽఏҊͨ͠ख๏ʹΑੑͷํڀݚΒΕΔͷ͑ߟޙ

Γɼ࣮༻ϨϕϧͷϐΞϊࣗಈ࠾ේͷ࣮ظ͕ݱ͞ΕΔɽࠓ

Խͱ෦ਪఆʹਂֶशͷٕज़ΛదࢠͰϦζϜྔڀݚͷޙ

༻͢Δ͜ͱͰɼ͞ΒͳΔਫ਼্Λ͢ࢦ༧ఆͰ͋Δɽ·

ͨɼࠓճఏҊͨ͠γεςϜΛΣϒαʔϏεͱͯ͠ެ։͠ɼ

YouTubeͷϐΞϊԋಈըҙͷϐΞϊԻڹ৴߸͔Β
ָේΛਪఆͯ͠ఏ͢ڙΔΈΛߏங͢Δ༧ఆͰ͋Δɽ

6. ँࣙ

ຊڀݚͷҰ෦ɼJSPS Պݚඅ No. 16H01744ɼNo.
19H04137ɼ19K20340͓Αͼ JST ACCEL No. JPMJAC1602
ͷࢧԉΛड͚ͨ .
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