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Attention-based LSTM % A\ /-
ARV RR: 1 [O): ST vt %3l

Bl dhAe) PR D

BE: 77y 7BETIE, Nay - HER - O PREVS TR G0 H B & 912, BlsEFEr N
BRI L o TRBIEWA A SN L. EROFEIEBZRZNS DRI DOV TERMRFHBEIT) — 5T,
FRAEHALE TIE, B EINR 2 & TR A EEICI) B MRS fThN T 5. RIFFETIE,
B 2 & OO 2w B EH T A TR LT, ISRV D S BoBRK S 2@+ 5 =2 —J
2y NI =2 EFNVERET D, AHETIRETLTHER, K020 70w A05%5. (1) word2vec
2 & 2 HFOSHFEB O, (2) Attention 75 % 3E A L 72 Long Short-Term Memory (LSTM) {2 & % k5l
EFINOREE. (2) DIWEFTVOATE LT, (1) THONLGHEBEZHVS. (1) IZ2nTiE, J#
8L 7227 bV % t-Distributed Stochastic Neighbor Embedding (t-SNE) % Fi\ T RJCICEMET A &, WL
Yo F o IAOENT I AY # B L, RO & IEREAHEL, & 5N 3 BRI CERIRIC
WA EDPHERINZ. () IZD0WTIE, 7Yy 7 FHROMEMR 13 A0S 2,396 #i &%z, ~Noy
7 IR - O VIRD 3 7 T A EAT R o KRR, BT VORI 76% Th ol iy, &K
WFZECIREET 5 Fikid, BRIZ L 2 5B OEVE ERBIIIR) HEL LTHHTH L LE20N5,

F—7— N RRGERR, AT, s #EEBL word2vec, Attention HEfE, LSTM

Attention-based LSTM for Period Identification of Classical Music

1,a) 1,b)

HARrRUKI MoORIYAMA Yuzuru HirAGA

Abstract: Classical music is divided into such eras as Baroque, Classical, and Romantic periods, each of which has
its characteristic style. While traditional music theory qualitatively analyzes such peculiarities, the quantitative dif-
ference among periods or composers are studied in music information retrieval. Aiming for quantitative analysis, this
paper proposes a neural network that classifies a series of chords according to when it was inferred to be written. The
proposed model is comprised of two stages: generation of distributed representations of chord tones using word2vec
and chord sequence classification with Attention-based Long Short-Term Memory (LSTM). The distributed represen-
tations are employed as the input to the LSTM classifier. Some musicologically reasonable phenomena were confirmed
in the obtained word2vec vector space visualized in 2-D with t-Distributed Stochastic Neighbor Embedding (t-SNE).
For example, notes belonging to the same pitch class were gathered into a cluster, scale notes and non-scale notes were
separated, and the scale notes formed a cyclic form of diatonic third intervals. The LSTM classifier achieved 76% ac-
curacy in 3-class (Baroque/Classical/Romantic) classification where 2,396 works of 13 classical music composers were
used. The results showed the capability of the model to capture the stylistic difference among periods quantitatively.

Keywords: Period identification, Style analysis, Distributed representation, word2vec, Attention, LSTM
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T, HEER 2 ST A SRR SN T E 7

SH, Bl - EROXBIR ek x fi—3 20 F 055 %
DOERBRE LTEBREINTVE, 205 OMADHET S
N7z Nay 7RO Z L THEH., FEICBITA N Ty
70317 HAEEA S 18 Al P AR L, #E& I3t
FROERTHo72. ZORROTEL, FHEEROHER
RHERNTHBEOTEL L ESNb0THY, 1EMHE
B0 BTG R AL & B R ALEEA ORI B L ON#Z
B OMHPHEHNTH 5 [1], [2].

18 AT HE A & 19 HALHERIC T T, TREHROHE
BLOBFEEROBREZTRIC, BEOZOOFEIIHR
DIDDOTEANELERE L Tz, I OEAL OB il
RCTH A, HHREEY AN T 2 EMEEOZfLE L
T, MFEREREGE OB, R 74+ =—5KET +
==\ H B [1], [2].

19 HALIZIE, ROS LR 2IRE T~ Y EROEE
RS, FIMFRIIEMR L L OmAMEZBRT A L9 1
ol Zouw U REFROTEIL, 3502 B L2
7R EAE I 2 B S & B SR e FHDWEHN T 5 [1], [2].

Z LT, 20 HEACLARE, B - I - Lo o e E
TOFRAZEHET 5 HEMRDBN, BREENEHEWT
W5, (11, 12]

PERDEHEBERTIE, SREROFEIFEHOE N IZOW
THIFEREAGH D AT b NS (21, 3], [41, [5),
(6], [7]. ZNSDOT 7a—FI2X B50HE. Bl TER
HIFCIR D 2 W E & ATV A 720, FHEREETOFEI A
WEETH D, —F, BEERLEOBISE»H1E, T
LCHERFOMAEZEHT L2 EI1I2X ), BRRElR
EDOEENIFE T BRI T AR TR TE 5T
REMEASH 5. —oo e LT, EEMICHEUT 5500
FHZEMETEWEICRESND L) 2F#~7 L
HWT, FE2EHTLIENTENE, TR ERMWIC
W) BEROMEICEMTE 2L E 21615,

FIT, AWIETIE, 793 v 7 ERENRIC, BT &
DERIVER AR - ERNERTFEOM .2 BIEL T,
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X, BREFELTHROEMDEICER L, BRSELE O
HCHELNZAMAZI ANSZ LT, L1 AHEIZEED
RERFIM AL 22 5 2 & &2 HIET.

2. BEEMRRE

2.1 {FRRZREAT!

AW #2050 L LT, EIEEHRICED L
VEMF DB 5. Pollastri b1, Aa7F1 &% ANE L,
Hidden Markov Model (HMM) % F\» TIEMIR % 555 %
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Mozart/Beethoven/Dvotak/Stravinsky & The Beatles @ 5 7
T A ATV, 2% OFGIRE 2R TV 5.

BN 5137V — 6 ORI Tk (9] DEEALZ Al A
BT E 4T - 72 [10). B A 2B - HIsD 7 5> v 7 %
R, MEIZER L7 14 OREE % FvC 26 1Fill
ROEHEHBIGHT 2TV, 56% ORGEZET W5, HBI45
M OFEFRIK L CRERER 2 7 A8 53t 247\, i3 2 Ik
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22 BARSEESROHELUIE

HARSHE L EROMIZITWL 22 0@a2d 5. HF
L OMMMEEYIE L TEH SN L SR ENELEE D
DELEVRZFORTH L. 2O L) RELOEIZESHTH
IREFE L BEZ MG, BARTHEONAM AL HFHEIHET
THILETHEORELZFEL L) LT AMAENINET
WATHhINTE 72 [11]. EEEGHT I BRSRELE OBl % H
WAIFZELITHhNTE 2D, SRETOEZ A, HERDE
B L O LWHSZ R T & 5 X ) 2RSS
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23 BAEZENE

VAR, HAREEBAHICBW =2 —F)Vhy NT—2F
FURKELEEEHITTNDB[13]. 29 LD % <
(&, HEEOS R [14] % 2120 L0 R % Ak
L, ZNEEHNTHADY A7 #HNTWA [15]. HiE
DR EBHEEI S ¥ A7 UHICEL T TOE 7O L A3,
IRTCZ2—F)try NI—=2I 2L NFEHAINL. HFED
B OISR R 7o R AR T 5 ke LTk
b OPRESINTVDD, EN6DOFEDOL 5K
F[16] £ VI EZ ISV TWE, HHERHEE, [H5
HEEROBERIZZ OB T 2 BT TH L2010 & -
TEEDH] EWIEZTHD. word2vec[17] 1%, AT
2D W THFEO SR Z EST 2 20O REMFEET
4. wordvec Tld, XEBEHOSHLHFEZ AT EL, #
OFFEICHBT 2 HEEERERTA =2 — TVt PT—
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word2vec |2 & 1) 15 5 1 % BEEO - E IR INEA% 5o % i
2THY, king — man + woman ~ queen[18] [2XFE &1 5
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HRSFED & ) INEEEW®E b OWR5 7 — 7 24
720 DFET )N & LT, Recurrent Neural Network (RNN)[19]
PHWSNTWS, @H O RNN Tld, ATIORFIDEL
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FHET A, RIORESOGETERE T L D EEAHM
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L, AROKE SHPEBBEBICHRDT 52 EPERTH
5. RNNO®y NI =27 1ZHilze1=y FN&EBMT 52
& THIHE RO MBI L 72 77V 28 Long Short-Term
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[23], [24], [25], [26], [27], [28], [29] (ZF1& D - E R %,
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5T L ERET ABERIMFELN TS [24], [25]. LAaL,
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AR = A L0581k, HF DITbThin,
AFgecix, 9, word2vec # F\V THEZT O EEH
ST D, BATEIZE T, MIERVEZFHT LI LT
MEODUEHZBETHLOII L, ABFETIE, X HiR
KW BREOMRERIER L, IEH,5Z20ME 2K
THENENOEOTHEREXERTL. 2612, lIEgh
SO N HEOSEEBE W THIE O 5B * A K
L, MERVORERX GO Y A7 10T 5. 2
L0, HHEROBTENFSL ERNICIRZ 2 FEEHEET
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3. REFE
31 BZOHEMKRR
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Fig.1 Conversion from MIDI to chord sequence.
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Fig. 2 Skip-gram model for chord tones.
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H£42 (M2). ZOETNVIHIEOBEE Y FEIELZ
ET, FEIZOWVWT RRITOTHEB > EHT 5
HAABHEWETIE, BEOSBERIBEERITTET LD
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Fig. 3 Period classifier of chord sequence.
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Table 1 Test data.
HRAUX o) PElZ ¥ | A=y MK
A. L. Vivaldi 20
N G. P. Telemann 49
AWEE@ﬁ G.F. Hindel | 238 23:997
J. S. Bach 721
& R F.J. Haydn 462 25.063
2 fRiliE - 683 i W. A. Mozart 221
M. Mendelssohn 46
F. F. Chopin 107
R. Schumann 67
iR I.Brahms | 127 24,988
A. L. Dvorak 94
P. I. Tchaikovsky 175
G. U. Fauré 69
&EF | 2,396 74,048

7T ANBT MEE TN ENLIIT 5.

ETNVOMNIL 5 FEIREMFEIC L VA7), 3.1 HITHF
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B, AEOMEFEL, HIFoNs M VvERREY
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72 [23], [24], [25], [26], [271, [28], [29] & BZe > T 5. HI
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HH AR CRIE R —E LN WHIFIZOWTIE, #
YWy P VERESLONEEE, 5 WIEARTEEE VW)
MEAA U5 [33]. HEXRYZ MVOERZRLZET, K
FHETEZOMELMREL T2,

4. HBEREER

4.1 BFODMKIR

3.1 i CHEIR L7 g DX 7 | L % t-Distributed Stochastic
Neighbor Embedding (t-SNE)[34] & F\» C ZIRITIZJEAR L,
b L7z (B5). HEHIREAIX32H 5.
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Fig.4 Conversion from chord sequence to input unit.
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Fig. 5 Visualization of distributed representations for notes using t-SNE.
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Fig. 6 Confusion matrix of period classification.
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Table 2 Performance evaluation of period classifier.

77 | K| EEE | mE | Fl

Na vy y — 73.0% | 85.0% | 78.4%
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Ty | 76.0% | 76.6% 76.2% | 75.9%
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