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Abstract

In view of the huge amount of music resources, the existing music recommendation methods have
low classification accuracy, fuzzy recognition of user emotions, and low concentration of target
data analysis, which makes it difficult to satisfy people’s preference for music in daily life. Due to
demand and other issues, a music classification and recommendation method combining Long
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Short-Term Memory and Attention Model is proposed. The method consists of a music classifica-
tion model and a music classification model. The recommended model consists of two parts. First
to capture audio data of various acoustic characteristics, constitute a sequence containing multi-
dimensional characteristics, through the LSTM Neural network classification of music emotion
and attention mechanism; the next, gathering user history to record, select its most recent ten
songs and generate the spectrum diagram, combined with CNN (Convolutional Neural Networks,
CNN) to accurately identify the user’s current emotion, recommend the efficiency of ascension. The
experimental part compares the new model with other traditional music classification models, and
the results show that compared with the existing models in recent years, the new model signifi-
cantly improves the accuracy of emotion judgment and user emotion recognition, and the accura-
cy of music recommendation is enhanced to some extent.
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1. 5|8

BEE L ZNHR BB A R, B R B AR I =l R R AT AT A 2 B 8 SR M sl BB AR R E R P . HATWY
TR BA BN NITE S RFEEE_EAERE A I 8] o R 1) — R A X071, ELRBIH O B2 & AR
SER PR E SR A AL, RIS, s 2 AU RE[ 1], FEIXSEE R )& R EE T, BFEPOEE R
B A fe i — BN 18] O R) 38 AR IR e o SR PE IS R R, 4R THHH P AR5 2 B AR IR I 5 07 19
FHEN G RGBS & R0 R EEA w7 ) B SE PR o XTI AN )R, AR
T EAS 5 WS IURHAE DL R P USCWT 1 g SEAE SRAE AR s SR 8 SR 24T 155 88 40 S8 DL R HEERE

FtH AT BRI S, & ARAE A 18 SRR AR BRSSO, R R AN IF (2], 154t
HORHERE T, BN T SCRRRE M HERE S0L(3], FR ZRE N AR, AFEFER K HARR . A
It Huang 5454 7 B ZE M 4% (Convolutional Neural Networks, CNN)FIVE = JHLH], X 5& &g EERIE
ORI SE B T B 4] Mirsamadi S8BT VR ML S TP 28 K 4% (Recurrent Neural Network,
RNN), S4B — L8 5 15 8O S TG AR J I It 28 75 22 AR ik B 3l 0 18 15 25 (1 15 126 [ 5] Picza KJ H4fij 52
AR 22 X 28 5/ T Log M /RANEE Bk 73 AL HR 75 5 [6]; Zhang S5l &GN 4 E 45 1 5IR G FEA
A P RE AN ZR N 4, AR ER T T A PR A A B 38R (7]

ARG TR STROR BN 508, KB IEZ M 4 LSTM B T & IR 15 B % (Music Informa-
tion Retrieval, MIR)HUA3 T E KRG [8] o [R5 45 2 T J5 46 75 2245 5 43 A 18 SR A vl ik A TR AiE
SRR PN T —J2 AR AR & SO P i S s A BT 0 75 22, 4R B AR SHR-IE9]: R EHAER I
B IS ATUR FE S S HESE o SRR FH I S e I AN J2 DLERGIE Y - a0 5 e AR A AN e e e, DRIE AR
SR RS LSTM FIVE R A WL BEAT & 55 20 R A HERE I U732, Horh i R R s 456 7 3 ok
KRG 2 IUESURAE, BiG LSTM. JERE IR & R AT 7528, IR SR B R, 4%
RS F P g SISO I SR B AT I A, I U AT AR ME OB 5 CNN A S5 & R0 & AR AT 4R

ARG B WA EXT L, SR T 2 406 EEllt,  SIBe 45 SR n] 50k 35 AR A 84 28 DL P I K
Sy RMIHERA T, X 3R T SRS R SRR, SRR
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Figure 1. Music emotion classification process

E 1. ERBROERE

2.1. EEESARYERAFE

TR R I 2 DA f T AR, X R FREEHENEE S L RARE LR EEr
FRAE R BRI T IRRFAE A2 AT 85 58 P B IR 2R ) o AR ST RIAE G A 1l 42 A S5 46 1 75 22K AE, 5%
BT 5 BUAFAE (7] 5 ) e e o AL 7R BE 45 S ARG FE IR AT LLD, LLD fEARENS TRk & 405 5 4 BURFAE
(AR R, F A NEAREIE . WERRAEAN T BURFIE = R2K[10]. BIEEFHERE S —Ma /4850, REHAR
EMEEA —, FEASERE. MO AAAEE A EREE R A HAE S RN,
o SR PRI R AIE B B ¥ BT O Mg 2R AR () 22 % (M el-scale Frequency Cepstral Coefficients, MFCC); % %
ETZAE R, . HE. ERAMAESE11], AR Rk H R IA R LLD 4% MFCC. 3%
PRUG | FEI RE g FEE AR A I I R, KX AR T B R RHIE S 8, H 3 R X & R & = (i
) ERCETZE) W EEE )RR ESE[12].

2.1.1. RIS EE R

N A R AE A ), AR AEERE TR B AR R &, T DL RTINS A 0 2%
FRERH K. MFCC 2T NEWr et Hit, 2 R T8 & 5 (Speech Recognition) F1i% 2 K]
(Speaker Recognition) /5 T, 45 AW S BE4T N[ 13], ML ESEEA FIFSErE, 245 8RR
IS ATE AR B BT (AR Sl P e

TSR SR B AT TRAL B DA I MFCC FRRAE, 2260 & FUME | 20l IR PRos {8 B -2 6 (Fast
Fourier Transform, FFT). Mel 3254 . X #5002 51 B U4 5% 45 ¥ (Discrete Cosine Transform, DCT)%
YEo AR B AR AT OIS AL B, R 9RAE 5 AR A N IR RIEEE . 54, BT ERGES
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HAEATPRME, W T RRREE FRIEE S e, FEE 53T i, K —iigk LA
ORIG N e s AAG i (S, Aod FRT 33— WIfEANE FIReE A, SRS T iHE . 3T
SRt 48 A T 1) Mel 838 3 88 4R A7 IV A B R A BE HEA TP AL, K RS A RE BT N DCT k153 3
MFCC it MFCC FHIE RS BUd R W& 2 fras .

ST >  HNE > 43 > e
\ 4
FFT > MelJE 2540 > XTHUEHE > DCT »  MFCC

Figure 2. MFCC extraction process
2. MFCC RRELE 12

MFCC J&7E Mel F3E ARSI A H SR EIE S5, Mel bR 7 NSRS, & 550
KPR RN (D) FTR:

2505 % I
Mel( f) = 2595 1g[1+700] (1)
Hop, s, JLHALE Hz.
MFCC W5 777 =0Q2) Fs :
MFCC(t,i) = \/%ZN:lg[E(t,j)]cos[i(j—0.5)%:| )

e, MFCC(1,i) 9 ¢t W ZIH) MECC 24, N WIEBSECR, E(r,)) /& ¢ 215 j MIEBE L. &
SCAEBLARSEERIN T 18 4E MFCC F#iE, RA 7 AT & NI LIS, 5 S s B IS 1R

FEH

2.1.2. tiRiE

LIRS 7 75 355 A h e B N S T ) — e X 3, LRI AE 35 R g R 2K, i Ho ek 1
TG (GEIRIE) FO B A o & S e P TR A R 0 B AR, A5 (S S A FE b AR EE A ES S, AR
BT REEBREENRIE, AT 7 LRGN 8 4ERFE, A& SRR . A 5 B AR .

2.1.3. JERTFHIgEE

T B B B OB (] N S S Re i, R IS T B SREAE o X EL ) RN T T () — i,
R — Mg s 1] P ()5 RE it A2 RN BB B 1 R A R B A e i 3 R R — i A A ) e AT B ok
EFREMT X BTG S B, AR BT 70 7, it 1B S S 5 00 7 AT DL A
HERMES SO TE SR, HiH ARG Fixw.

E, = Zn: [x(m)a)(n—m):lz 3)
m:nf(Nfl)

TR Wm ME, E, J8n WNZKEN-FEENENRETER, o(n) &R, £XEER

—HMTE, NRNEKHLERSIES BHAS, X BN % 2N 10~30 ms, FEEUH 10 4ERFIE.
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2.1.4. EEME

FEFAE BRI, AR BRI IRE PR A S R, RNz & BRI )R
P SRS A KRR, ERKEE BN 1A S RRHIE . B0 RHE, AR S ZEHE I 7 2 i
1) 6 4EREAE, B EfE ¥ME. 72 P ERRIE.
2.1.5. FEREHTER

It %% (Zero-Crossing Rate, ZCR)& I8 — M5 5 IIFF S HI L, &5l /5 & AT /0 2R 2 2L
FHE, —WiE G S e i, BISCRR S s B oA 5. HTHE S HARNE, EARCK
155 A 30 ms A—Bor A TWOEAT 204, PIMGER LA sAHRS S ms, $EEUH 10 4ERFAE.

B SCHREUH Y 50 4k S AURFIEI 4R IOk SRR O R E KR . 4h, LSTM 2 —FAAKidiz
HFAIE A PR 22 P 2% (Recurrent Neural Networks, RNN), [l HGid 75 B & SRR 34T 0%, & 3 #h—
BOE I SEECH —> 50 4ERRAE, 49 2IRRIE 7 51 BI A4 ok LSTM AR I g N\ 25045

2.2. B4 LSTM #1 AM B9 R4y 4R

A RIE XA o SERU 3 SR A I ISR BIHEAT Rl 70, Bl T OWUZ LSTM S5 4 AN I AL A el
LB =JZ LSTM. FERZE KRR . HARRHEZR N 3 Fror.

ay ap a3 ar

[ ] { b | {hs ]|- —

[ ] { b | {hs ||- —#{br]
Iy { 7} B |- —
/Yl X2 -X3 XT

Figure 3. LSTM attentional neural network model

& 3. LSTM ;EE HHEMEIER

2.2.1. =B LSTM 443

RN 2 T 556 5 904 2 1) o L, o A PR B3 Ao 20 X % OB ARL 31 2 PRV I L) A9 6 s ) ) 4
BAL IR AR RA B NI, 5 SO DAAR SR IR R, 1 LSTM /EJy RNN I —FPRe k282, Hifiaid
145Kk R e n s BRI MIR S AR /). B B Hochreiter A1 Schmidhuber T+ 1997 fE#£H, HocHfE
FUMLRAS, AKCFERAE 7 B 5 3a AT, A& & T R B AN T i 18] 7 51 e 1 B AN 2 38 A K i B B A
LSTM FEEARZER [ 1411 (5)~(10) TR

f=0(W,[h.x]+b,) 4)
i, =c(W[h_.x]+b) (5)
C, = tanh (W, [h_,.x,]+b;) (6)
C =f*C  +i*C @)

o, =c(W,[h_.x]+b,) (8)
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h, = o, *tanh (C,) ©9)

Hr, MESHMEW, . W, W W,, WMEEDHZD, . by bs b, EERKEAKFILFS X,
AR — 2 MBGEE b, IRESHHES A i BSR4 sigmoid SR BCRIETT £, S, M x, , fH—4
0 2] 1 Z [ G NMEHMIRE C_ FIT. TR — 2 RBUZ RS E B b AT RIE B
x, 6143 tanh BREH, ZOBE—NFIMEIEERE, K sigmoid fiHH{E S tanh FIfIHEAHE, sigmoid
()% H B R TR € tanh % A h IR Le H0dls A2 B 2 HLRR S OR BRIt B i A e ok e ML S
kPN

2.2.2. FEIHF
ANATTEEE A B Arei N g =i SR H A R EE 1 R R S ik B & BN ERER.
TR 2 2 Hh R B ML A9 A% 0 B PR RLE A T v 2 S AL ARALL, AT DARK K3 5 B A B 1) 50 RN v
YRR R AR, A BT ik RNN AR RCRAR N & i, A% O e TR R IR 22 5], Eat ek
REEH P IMAN—NEI I RT0 22 N 28 R 2 2 o IERIBGE o, FITHEITE N D R,

exp(f(xl.))

a=—

ZeXp(f(xj))

Horp, RHPRVEMIREL TR TR A RTS8, A AR R M
R R R EAE N THENERE, ZAEE A GBS, 10265 a8 4 FrA Rk
A RV B AL B BI NV =8 0 J2 B0t 45 2R . i 45 2R artentive _ x B THSR 72000 (11)

7N o

(10)

attentive _x = Zal.xi (11)

ASCAE I R E LSTM AMIE S AL PR 17 1R 3 AR, KRR o L A 57 2 s 156 JE K ) S I 5 2 1
R AR X R AR OR, ST S B O O BE 5 B

2.23. WHBE

TR E A, il softmax BECE 50 4k -S54 BAH G FVRFE 7 ZI LS 2110, 1 1FE I I, D T 5 ds b BE 7
i, e N a AN 180 B 1 2 ME/N . &R AIR T B ORIME . I IR 7 B 7 2%
AR IEHT R R IR

3. FRHEFEE

FEXS & R HATIR Y RIG, IEARRER A SR, 5 Z a0 R AT 2 A kAT 20 #r
ZJE A REREERE I B AR AN . & SRR R AL ) TR R G ] 4 o o

ASCAEIX Bt 1 — AN SRR, et F P i st lSelrac s e sk h 2 AT R SRR S — &R 51
WERE, SRJG PR LSTM 2. AM 2 DA softmax J2, HEARFAE [ B FR4E AL T #EAT FH P BT i 26 LA
A FEAT R TR AR el BN R P RO SR, X R R S ME.

3.1. RPeRRS

ASER R R Bt — AR R 3 ST i ot P B IGHEAT #1550 5 48 B30k F RS MECC
SR, FENRER . JEF PR AN I TR AVRIHAST LLD. LSTM Al AM A, RIS 5K
FIWrRR, HARARE A 5 R .
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Figure 4. Flow chart of music recommendation model
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Figure 5. User’s emotion discrimination model

5. MPRYIERFAIHEE

A

FC

Ay IR BOLFE 5 2.1 455 2.2 H5 h IRFE SR B AR 505 B d PR A — 3, F5 B3RS IR
B LLD #iik, B iRaks: 0 Boab s, Btk N3 s, HE —BREIMFEAS 18 48 MFCC. 8 4iliR
. 10 4EREI PR . 6 4EIE5 MR DL 8 4R it TR & fit 50 4EM R AR SZ L, FHI 153 (14
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3.1.2. PSR iE REDIEIFE R 1§ Rk 2

T, B DT e e SR AR A, wT DA D7 SRR SRR E ) AR TR P IR e
AN — JE N RO HE 4, BLEE A TR . SRR B 2 1 RS AR R . Ik Ab IR BUE —
WET k AR, A ASR B B R (0 REAE R A AT IS AL B] B AR BRI 51 B R s
SERTME . IMBCER A an =X (13)Frr

i+k
Ze[

F@H:} (12)

Horb, ki g AR ECR, o VAR i B IRHIE S, F (k) IG5 i+ kK AR
Fe S BEAT BT T 45 2087 91 o I BOBT RHIE P SR VR 03 R R =2 LSTM 45 # i A\t 14
LRLVER SR MR RIAE B AT IR, hnom e 5 1 BRI M R SE R, 1T R A B A B B ok
SEEIRTBLA T 2 73 3800 softmax /2, BAMCHIRI P AT S 2K, BLARSRAMKIR . RR . T,
FARNA I o

3.2. ERHFRANRGSR

HI B3O B 4 AL a6 o AR AR R ) B AAROD IR

1) SREH P se e ic g, bd s b 3 AR BEAT 6 12k 5

2) EERFHEERIE IR, SREUH R E E IR 50 4RI G F AAOAE S AFIE, R L AR R A U
BOPY, 43 208 FIRHIE P51 5

3) REBRFIE SR UGB = J& LSTM AT AM Z544), 43 208 (R AE A0 &, X6 PP 24 1 SRS ik
AT I3 BRI 5E 5

4) FI AT Bk R A2 L UCHERE , A R WA AT, DUJE s AR A ) P R i S IR 28 T
R
5) FHM AR HES:, W ZIR DT 3, FFr o # F ™ 20 A1 IR S DU RE R R LAt
HIRo

TORE AR T R B Ak 2 £ 0 SRR AE S AT 0 M R RTS8 22 5 SR BT 7 B 28 A, o K IR EE A A
FT P B se 8l <5 8 AR B, SN AT A 1 5 AR I A5 D5 TVRFAE A U2, IR, SEIUL 7 2R
TRAIRES,  RENE IR BEIR 5 AR R

4. LI
4.1. BIRERIEE

HIF Last FM. QQ # v~ MK I LA S A 5 5 58 19 el AR B 8 HLA PP 30— JA) oA FRD 3 TR 1
TS B AEL, DA SEIG 0 F W 5 = 3 SR IR 52, SRS Ak 4 . T4 LI A RS BAn 254
SRIER, 2R RINZREMI LEsEig . DLAkih A4 . 3T 4 AL AR A2 R W — i Al A R HE
o LU A bR 25 1 AR RN R 4R

4.2. LELSHERE

ARSI N 5 2z A IR T 10,000 B & 5K, IZIRAT SO KRR FTIR, HRZ& 7 NIURMEEEER, 2
B PURS TR B DI B E RO A AL EARRE, HRRIIE 6 AN . Kt
THERARLL 3 s B AT 0 W, A9 BIHL I TR RS ) AR .
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TEENRTE SR S SR E SR Be— L ER AU 50 4EREAE, Hod MFCC 18 4k, :4iRIE 8 4. FIHT T3
RERE 10 4. FEE AR 6 4 DL AN I T3 8 4E, SOPRFE 7 Z1 il S 20 [0, 117G NI, >R A max-min #4714
—Ab, AR, R AT R B SRR . FEAE B KB B R B =2 LSTM M 4% LA
S AM, Hirp a2 2] #2658 54 0.002, EE 100 > Epoch H AN Epoch HI{E 4 4 1000, Dropout B &N 0.7,
e tanh WU K%L, Batchsize €4 128, fELIL A LR SGD.

TEESRHERAS A, i AN P R SO — A NS B 2 10 10 B, L2 s A—B, B
FRAL S A AR T[RRI A B S0 S BUREAE , B IO R A sigmoid BR#K, softmax T
REUE N 6, sigmoid Z BT MR ZTT BAE N 64, softmax 112K B ECHN CE.

4.3. KWERBHAI LS4

TEAR A B F, CPU BLE N Intel i7 8th Gen, HEZEIEF] Tensor Flow, 44’5 M8 Jupyter
Notebook 1 PyCharm. fE¥GEHREE 73 N IINZREEFNMARER IS, AR A T4 28 ik

TR RIS I R, SO TR RS T &0 50 4ERFIE. =2 LSTM LA AM [ 8L 5 HAh
RERBEATRIEL, 2250009 50 4EAFAEHLSTM; 50 4ERFAE+LSTM+AM; 50 4ERFE+ =)= LSTM+AM; SCHF
M E AL SVM(Support Vector Machines, SVM)H 4 28558 s [& 5k F) 50 & 745 LDA (Latent Dirichlet Allo-
cation, LDA)RRL R 43 B o X6 LU 1) P 25 BV A B AR R0 IR 3R AT 70 R IO AER B2, X ER S5 R ane 1 o

Table 1. Emotional classification accuracy of music

1. ERNBERSLERE

A STIUER R %
50 YEFFAE+LSTM 65.8
50 Z4EEHE+LSTM+AM 68.2
50 4E4FE+ =2 LSTM+AM 71.6
SVM 69.2
LDA 66.3

7 1 ATLAEH, A E S URHEAL S0 LSTM BERY I 73 e B2 B AR, Ul B I 5 05 5
FHEFE B R AR, A AEIINGE R AU S, 15 B 00 v ot 5 F0 8 b FE G i Tt Fndik
T SVM (15 SR 15 A3 AL LA R B T LDA (18 SR A% R OB RUAR L, A SCH P A FH 5 AR AAE 0 = )2
LSTM %, AM [R5 B AE 42 2 43 K WA FE 5 e 1)

TEXTHHE RTINS ,  ARAR IR U Bl 2 — AR5 EEEAT X LU & e DY SR 17 R ) R0
RUNE 2 IR

Table 2. Emotional recognition rate of music

2. BRIERUARIER

W% PR HH /N it
PRI 74.5 11.2 9.6 47
TEH 10.1 68.3 16.4 52
TR 4.6 11.5 78.2 5.7
11 6.1 10.3 10.9 72.7
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A3 2 WL, RIS T TR A5 DU AN RS, RN ZE A BRI E B S 4 X 7
MZHEUNE, WS REA R E IR, —FH AR LR S PRIE.

B e R 30— A 06 3 SO TC SR oRox P (0 28 HEAT 20 RIS B, X B 0y ik 4%
RIPAE— FA P P e SR R B 2 HRT 1 E S BT 3 . AT S B BT 10 B AR RIRHE R AR K
X PG S8 o LR BEBEAT XL, X bR A R A 3 R .

Table 3. Accuracy of User’s emotion classification

3. AP LERE

LAY FIHERI R /%
A 1 % +LSTM+AM 60.2
BT 3 1 +LSTM+AM 64.3
Al 5 1 +LSTM+AM 65.4
A 10 B +LSTM+AM 70.8

H1¢ 3 ATCUA B, AEA AP 3 — A R R 2 1 10 & & AR EOINBCT 4 AL 7 51 e, HER A
BRI, MELDCBCRIATRT 18 /T 3 EATRT 5 & & AR AN 2 LAHERR IR 5 A £E Sl — B[R] 9 B 17
AT AR 47, PRIEA SCHR A3 AN & SR AR A (R R AT PR AR AT LA

5. RESRE

XFF H R R AR R S S, R 18 AR SN AN v A (), AR SO AR R
A iE T =2 LSTM IR JIHURIRRRY,  FFK I & SRAESGE R IE B Rk i1 AT 4 25 & SRt
R AUE R RGP 7 SIS e S R AR AR R S EEAT BT A A B RS LSTM 5 AM
TR, N BT A 3 H ) 50 T8 SBURF I 3 BRI P B 1 4 AT IR AT 3 AR . S e G HER:
I AN S 1 B — BRI HERE T i B, AR SR T AR M P 5 TR W P T R B e, 0
BN MHETEAE A L S e, (AP AE RS BRI R R R A D SR L, RN BRI M 5 = & R P 2 1
HORARZERA RT3, AN XT LSTM B HEAT [ 8 0 (1 SO R G vy M5 5 ORI R, b 3R
e HERE I HERR L

e HE

X HREFA R4 H (62073090); |44 AR EES I H (2019A1515010700); T 44 BHE R
T H (2020B1010010010+ 2019B101001021).
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