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Abstract: The research of music emotion recognition has broad application prospects in the fields
of music intelligent recommendation and music visualization. Aiming at the problem that only
using low-level audio features for emotion recognition has limited effectiveness and poor
interpretability. Firstly, an emotion recognition model ERMSLM based on MIDI (musical
instrument digital interface) data is constructed, which can learn the semantic information of
notes. The features of this model are composed of melodic features extracted with skip-gram and
LSTM (long short-term memory) , tonal features extracted by pre-trained MLP and manually
constructed features. Secondly, an emotion recognition model ERMBT based on text data that
integrates lyrics and social tags is constructed. The lyrics features are composed of emotional
features extracted with BERT, emotional dictionary features constructed by using ANEW lists
and TF-IDF features of lyrics. Finally, two multimodal fusion models of feature-level fusion and
decision-level fusion are constructed based on MIDI and text data. The experimental results show
that the ERMSLM and ERMBT models can achieve accuracies of 56.93% and 72.62%
respectively. And the decision-level multimodal fusion model is more effective.

Key words: music emotion recognition; deep learning; multimodal; LSTM

TR ARG B A, BRI RE M E ERRE . H ARIE A (music emotion recognition,

s EHEE: 2023-02-09
BHEWE.: HFEARPEES W H (61672144) ; [HF & S 6 &5 H (2019YFB1405302).
EHE B BARL(1968-), L&, WAL IL A, R R HE% .



% 6

AR F R S RBRAIIEE RIAN F R R 777

MER ) J2& 5 1 FH 3+ 5 0L 4 AR 52 A 20 B 8 SR
E B B SR R AT 55 17 S [R] 22 [R) A B 53 OC 301
U & AR P ek IR i AR T SR
TGS AL B B ARG AL A 2 B AE X
WFFE R, FE R RB I R S & AR TR
H 30 g il R SRR T AR S A I
AT LA B ARAE b A A R B Y 51

BEE N T BB AR By P & e, TR i 2
S IR AR 98 5 | A T 2238 1 OG0
A BT C RS AR I PERE (BT SR —
SRR ST Y 7] A

1) TE5 SRRSO T, K2 AW Hi%
AT B A3 S A Hh B UM 23 AR A B 5
R ARJZ SRR T oAt 45T 55 T
1, 58 AR 8 ORI B T HLARER R T,
PRI 80 A PR LT i R 22 . SR e A
S rpos RS R AR R & AR s 2
WS HEA T RRAE Sl O] 32 2 1 B i v pf 32 7

2) Z BN, A 2 R e 2 AU
The musiXmatch dataset, H:{F 6] 4k () BOW
(bags—of-words ) FFAIF , B — 5 #c iy i iml Sc 4 H A
Fr Horb B e AR SR A B AR B = R
T SCA SRR B ORI R 1 3, it 45 35 T il 11
BRI A R 2% .

3) P & A0 s i) A B S S R R A T
SRIE AR B 28 filh B AF R R < R AR O
il A Z P EE A AR AL (E B B b2
FhE R AR 55 (P BE

R fifake AR [R) 8, [l 58 MIDI & | e At
SN 28 A SR B IE Je T 2 B S A o AR IR
SIWFSE G, A MIDTEUE R B S 17 Jeak
JHVH 2 0 1) R BB A A v R SUE R i
ERMSLM FERY 5 LR, AT FR B i) B v 4 B
T A B, I A B R 2 SOAS i — D2 i1
JE& 4 i ERMBT #2815 fi J >R FRRIE 9 il 5 Tl 2
TS W R A 2 RS I AR
A IREAIE T 0T A RUE

1 T AE

AUTAF A TR JEE = ] B AE N T RE Y1 2 4
SR HURE T K, BOR B £ (19 MER BF5E H
H st BB b B 3l o R AERRAE T B
TURBE 7 ] B R S5 IR I8 26 Rl 9 AR
T T[] UM 3% 252 AR A AR A G I (mwsic

emotion variation detection, MEVD )3 ™ ff 55 J5 1]
LI R

TEH 2 ARSI 2807 ), SCHR[ 13 P2t
ST B B 54 (short time Fourier transformation,
STET) AR TEIE EIVE A TS R 2t 4
FUZ LAk 2 R ROEZ 9 TR, e & 43 softmax
BT B R 2 . BRIBRAES T, SCHR [ 14 181
figi 5, /€] (electroencephalogram, EEG ) A1 H: b A= Bt
RRAIE S5 R R R A R T b 2 . SR [ 15 ] 251K
T 2T VGGNet (RS, I %t JURe ik #EAT 145
RSO Z A Sl T ST B A A

TE WO 903 AR R [l A 7 1], Ma S5 4
TR T 2 ROEE B SO TE R R
(multi-scale context based attention model, MCA ),
AN Z A TE TR 2 7 AL A2 AN [R] 1Y B
] RCBE DA 3l 25 2 2] 3 SR 09 IR R 2 IR L
Liu 25"/ {fi Jfl BiLSTM (bidirectional LSTM ) % %!
PRI ATURAAE  [F] Ao B B g B A ARE T
LSTM 4 A & A3 R AiE 4R 1 fs R4 719 I8R5 3¢
HRL18 4R Y AT 55 I BT i B R ) 24T 55 4
RN AT 552 TR 70 28 32 STk 1 e 1y
TR SRR AF DL R 7 A5 R 2 A O, U n it
TRIF X — AT 55227 ) AR I IR 1Y 6 R
A i TAFIEGHBIR AR

TEIELE MEVD J7 ], SCHRL19 J43 5 R T L &S
ot S FIG BE 2 > B S8 J i A RN Bl 2 B0 3 AR
AR BITE 55, S 45 R R W, 78 #0 A8 BUN T
F5 v, v B e R [ A R S A ) i TR E AE AR y
PEREMER T 22 gt IR i FH K R Ak
FIE R4 22 X 28 (1 416 X F 8l AT 55 g 35 21 i
FEPERE . LigE I & AR h B — U IO
POSZHTM N AR, W52 ZE N AEA
X, #2457 H DBLSTM (deep bidirectional LSTM)
FEECFI AN J7 [ 1945 . . Chaki 45242 1 Attentive
LSTM AR, R R —Fh 25 5 T 2ok T 1AL
il i LSTM , Hoak oy 3 AR 8 i — I 220175 J H e
TR I SRNA ST E I %) 7 3
li) I, 0% T T BRIk 2

2 it

2.1 EFMIDIHHENIFRIRZEE ERMSLM
2,11 [al8E X

FI A 0 MIDLECHE U 8 A 55 I8, 17 Ik
PN B FR AT« NS i 87 5 AR A MIDT A H 4
BT & R P={p,py o) s BT E R L=



778 FAKFFHR(A A FR) % 45 %
Vi, i BN RKED=1d, 4, ,d |, &R AIF H ORI 17 SR ) A e P 358 4, R 2 A

W BPM, AL YE KEY,, VI 2580008 5 2 ) 15 5]
55 BRI ERMSLM , DATRO A A5 1 B 48 v
BRI RS

ERMSLM HEZE FI NP 1 fT7m %R0 5y 45

He MK A B T B A 17 SRS BURAEAE , R
AR 0 MIDT B $12 502 AR A e | I M A s
SRR AR G AR B A FH 2 A0 R 0 1 71 JRR
n.

[ |
| EEIRE [
I ’ softmax NifP I
[ |
[ [
! 000|000 |000] !
L I N |
r ___________________________________________ A
| FRIESRE :
e —— RSOSSN R TR E— :
| — i AR Fl
| AT m QOO | | #E LARIE zl
1 DR o
: M softmax %ﬁ :
I FNN *
: i 4 it A f
: ‘ LSTM H LSTM ‘ LSTM ‘ i ¥
. 1
| [eee} {eo0] - [000] |
| M PM; mA Py E—
I a8 7y x
| e A 5
E o |
: |
| : B g
5 i z|
: PE ’% E@Q ey, ; |
| o A :
: N O
: P, I, D, BPM, H
I PO, A :
[ i KEY, :
L X ¥
i |
2 [ =/} |
I ' a
.................................................................................................................................................................... i
: P,I,D,BPM, KLY, :
s S )

E1 ERMSLMiIEZE

Fig. 1

2.1.2 FRIEHEEL

1) BEEFRAESR I, an &l 1 Fros , e R A 42
BUZER i 1 8 SR 0 A e 2 P SR IO R
AE 1] 15 m,. 7 538 3 skip—gram A5 7)1 215 21 %
P A PEJEFE , LA H PR S/ 5 R P,
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Fig.2 Pretrained MLP
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Fig. 3 Diagram of ERMBT frame
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Table 1 Lexical similarity
iR Happy Anxious Sad Relaxed
Happy — 0.368  0.326  0.329
Anxious  0.368 — 0.416 0.276
Sad 0.326 0.416 — 0. 341
Relaxed  0.329 0.276 0. 341 —

22 1 BY BRO(E S 6 B R A 1) AY AR AL
(similarity ) , F) FH 2 (18) 118 H A —Ak J5 1) 1] &=
R A i A R B F R A )
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h, ) HAORH 5 E RIS T BERT 1Y BAFIE
o AR RIEL . 2 (19) FK fe 55 ) A4 B iy H5A
T, ew, AR i B AR B S kA FLIE ff ] BERT
TN AR ZRAT 1 1) 1] 5, em, 2 BERT FiI| 2345
RISRAT 1) VA 155 85 ) v 25 > G BRI % 53] 1Y)
T ) E A R AR A BRI

h=>" ew,xem, (19)

2) i A R A A R B A

similarity =

FL5E N, ANEW 51| 3 16] + , The musiXmatch dataset
PEAL T A A8 T4k B im] TR TE 2 ) B3 KR %
XTRERXT ANEW S804 T T a4k . Z Jextinl 4k
J& i ANEW 41|38 58008 48 rh i s it il SR ICSE 4R LA
AR, IR E G IR A EE (Valence )
Finge e BE (Arousal) 1553 ; % 1 5 G884 J5 , WA
JH 1) Y Valence Fil Arousal {i (VA) 347 ial ¥4
HEAREN AT BT AR FRIRAE VAT
JE S [B) T AR A5 4 A1 IR PR 2 FRLIR) FE VA &S
(] HF X R A DR R e X (20) 14
p= @ Py . (20
SR 18 ML 4 A~ B 85 v 5 i A TR 28 i
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Table 2 Distribution of sentiment dictionary vocabulary

B VAT VA" VA VA
AR 199 133 48 119

1 : VPA"(happy) , V"A"(anxious) , V-A™(sad) , V'A™ (relaxed).
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TR . Ho e 195 AN 4E R BT G (23).
ti= > tf(w,)xidf(w,). (23)
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O L AW Yal 70 T i V= R 350 i VI 3 W N
575 BN ) S B, A5 B SRR A 3, e Je AR A
I3 A AT HREE KR Ao R AT SRR

1) Bds Ak B8 . 4k 38 bR 28 4E Tag B j 1> F 4
AR, BS54 Tag, Hh A0 4 & 1 17— 1 8%k
501l e, 1A SR 50N BT A 5 A 5SS AR BT R AL,
— AT A B A S AR A B X R AR
A R R R B HES A 5S AR 4 Tag 3L 47 44~
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AR T BEESE b BEAY BT A+ A bR 25
B, 4 A A e s BRI AT HE Y . B T
b PR 5 A B4 SRS AE Tag FIBRZITDEE T

2) A ZEHREE S AT AT A A AR A oy

Broad i O A AR W3R 3. K 3 h 55 2)~3) 1T H
KR BRI, 55 4)~9) 17 o M 5 — 4k A2 2 Hh BLTE
Tag £/ 21> 3B 4 A TR I 235 =X 26
10)~13) 47 1 FI Wit SR 28 10 DR BA 07 L 565 14) ~
15) A7 R RAGHE AR A SR A 7
x3 HERELSTHWEE
Table 3 Social tag distribution analysis algorithm

B : i B PS DAL AR AR Tag 2L EAR T

i i A EASAREE S A A

1) Begin

2) WAL EERREE S Tag A= BT R AESSARZE 3 A 4k

3) MRS AL TR R AR ¢,

4) ForeachsinT

5) #7 11E Tag 19 3504 FAR 3R

6) BRSSP MR T o,

7) v L AP STAR A Tag (RS F AR HH 2

8) W L IMANG A Temp

9) End for

10)  EHUIG IS Temp H A9 A1 3841825 ta,

11) For each ta, in Temp

12) ST ta, L1 IR B, K L DA S A5 8 X 7 11
AT AR 2 oA = P N B

13) End for

14) AT IR 3R

15) End

AT S5 28 23 A1 o3 B 5 vk AR AR A S 28
IR R A AR < 1 el At S AR 25 4 Tag
Fet S FI 3, HR 439 4 B AL bR 48 Hh BRAE
R IR TP R R i B HEATHES , 52
B AR Ak BS99 AR D A SR A 23 A R A )
B33 s B UPR AT S T, # IRAE A hn 46t LAY
AR e BERAR UK B iz A A2 R 25 H IR AE Tag 1
B BB, A L T 3 UL b DR H AR 4y
FEASHRAE A 2 b 2B , 2t B 2. 0K DU e
TR IR A SR 2 R AT AE 1R 81 36 Temp
A ZAT SRR A A BE 1O, R SR T HR A 5 K
Uit i 0 1) 2 Temp , J Wi 1 4L S bR 2 75 2
S = L VB OK A= O VA= 1 T 1 £ R
TEZ 5 X IO 1 S 5 AR i al v L BB 5, for
A S ) e AN AR T A X R R AR A
BRI AR, DR TE R IR A SR 28 A R, f
PSSR AR S oL B A X5 8 I B 5 5 i Lok
BAR e A B AL SSARSE oA R M RSk
PRI SRS 3 A 3% (Top 5) AN 4 s .

3) ARASAR B RFAEAR I 2 i 1 R AT AR A
FEAE R OB R 0 T4 0 1 3 AR AR S AR
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%4k tag={ta,, -+, ta, |, WK UL HI W AR 25 ta, &
A IR AT SR A o A e rh 2 B Bk Ao
At BAEA 2SS oA e rh , F B L BRAE A A A 2
Oy A HIEE 1B ZSRE L 1A BB K%
FEASHRZE B 15 ts, I BN 1 SRS B AE 4SS bR 26
FEAF fea, (OO0 48 B [ AL SCHRBERFAE fa, o 4k
t R 25) I3, i n FRoR 55 i 8 SR T4
A B ASHRZEEL, stat A0 TR 515 2 51 e #HC Y
M HE A AT A AR S A A (25) 1T
YRR R R R T B e A SR 245 41
Y SR . R AE BE TS A — A ED AT A5 2 4
SCHRAERFALE fta,

t=>" ts,.ta, € stdt, (25)

x4 HRBRES
Table 4 Social tag distribution

VA" VA" V A" VA~
happy heartbreak sad chillout
upbeat angry soft soul
fun epic acoustic smooth
party heartache emotional relax
catchy aggressive dark relaxing

2.2.4 RG]
it B ) By B B9 AT 55 2 K5 w0 iR) AN A 38 A 2%

;
:
:

FRAESEAT AR, 5% )5 H A MLP il softmax 15 2] 1%
AR yL FREAR A 2 (26) 715, A i g ok
TR SR FRAE A () .y = (27) 11
HLER(28) 2K (29) T, & 2B E i
W R b R R SEL . 1) PR S 2 R 28 SO 9
KRB (4) T

fte,=fl, + ft,, (26)
y!=softmax(h, x W +b), (27)
h=relu(h x Wi+bY), (28)
I =relu(fte, x W' +b'). (29)

2.3 EFZERESHENTRERIRAIER
I R AR G il Tk RN 3R ) il W
25, Al G 2 RSB A TR R AR O VA Y
5% .
2.3.1 FEAEZR AR
P& H R RRAE G Rl 5 IR ) A A FF-ERM
(feature fusion emotion recognition model ) 4b FEHE
ZENTE 4 7 . S o R TG 4R P ) MIDI&L
it 0 SCA KA MR 2 HiF B 0 O i 4 i) 4 B
MIDIHHAE £ FISCAKEAE fte,, 28 J5 3 H2 PN FRAE
152 Fh A J5 B RRE fu,, 525 % A MLP Fl softmax
R BIHIREG R .

B4 FF-ERM#EZEE
Fig. 4 Diagram of FF-ERM frame

1 TR TIU 45 2R ) f T3 (30) 358, 75X
(3 ZFA(32) v, Ao % 2 I BSURLZ i i, <Al
bR IZ SR

y!=softmax(hs' x W+ bsh), (30)
h'=relu(ht x WS+ b, 31)
he' =relu(fu, x W+ b"). (32)

2.3.2 YURENA IR

Fi H A R SR 5 1 SRR 85 8 (decision
fusion emotion recognition model, DF-ERM ) &b Ft
R S N S I TN E 1wl | 7 I AR & T G R )

MIDI FlSCA K | AR 4 22 A 3 H 18 325 43 o1 44
B MIDT I SCASFEAE £ fte, 5 2 )5 43 90 K5 1 4
fE4 A4 F 19 MLP 1 softmax J2 #E171# B2 2511
g, T g5 R 5 Ry =™, ", ™, x," i y=
Loyt ot ot HHb ™ x5 39l 3R 78 MIDI S 25
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fii T MER <3l a2 oK BB R
& 2 W) JF B 2 MSD, B A T 155 The
musiXmatch Datasets, The Last. fm Dataset
Lakh MIDI Dataset 55 7 P 1) 2 P BUgk ¥ Ak 41 X
5P , H P The musiXmatch Datasets $2 {1 8% i)
¥4 , The Last.fm Dataset #2L 55 R IRZEE(E B,
AH 5 (1) 41 22 A5 25 B , Lakh MIDI Dataset $2 {3t
MIDI S . IR 8 AR 18 BRI Ry 4325 [R) R,
TSRS AL N 7 (1) 4 2815 8%, B VA" (happy)
V- A'(anxious), V' A (sad) F1 V'A (relaxed).

3.2 BHIEE
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ERMBT £ % 8 ¥+ 28 b5 4 70 i = 0917 %
(o) BYIBUAE 2y 10, IR RHAE 5 41 22 bR 25 4R AE AR T
A - A AR 28 AL EE (B) R HUE R 3.

P Y Fil A 1 8L (DF-ERM) % B MIDI 25
ORGSR T 0 FEE i HUELR 0.3.

PE IR AR (1) 27 ) 22 (1) Y15 R 0.000 1.2
AR LI , WA iR 6 NS EY
K SLI e .
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[27 142 H A AL . 42 I DBM A AU () 2 8514 8
T AT ULZZSE0R 5000, B )2 B2 5928000 51
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IDF FRAE & 55 T SCHk[ 23 ] 094 AE 4 U 2 o
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2) RS2 (D ERMBT (1) « A FI i) 4
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Table 5 Contrast and ablation experiment results

el Ay

Accuracy Marco-F1

FTHHE+RIZE 4% 0.3832  0.3884
. MFCC+SVM(RBF)  0.5511 0.5386

X SR o
MFCC+SVM(sigmoid) 0.5547 0.5194
MFCC+DBM 0.5511 0.5944
N ERMSLM (m,) 0.4635 0.4895

Tl S 5

ERMSLM (m+k,) 0.5474 0.5972
ERMSLM 0.5693 0.5999

Xof Lb S 5 235 SRR W, T TURRAE + ol 28 ) 245 A58
YR AERfR 302 PT A B Rt B IRAY , AT RE 2 Ti%
IR B8 T 8 & i o N K A5 B IR A
A A At AR 1 s 2 AR E . MFCCH
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FEOE+P 22 28 B RUAR LU AT T R4 7 I T
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AR A AL B B B E B R IR AN
IR, HERR R A B BT, DA
X T8 AR R Rk R A MR Ul B R P
SR OB B A R . 52 B ERMSLM 55 7 of
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TR AU A 0, o B A | O R R A AR
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EMRBT 455 7 (14 5% L1 178 il 512 56 45 5 L 3% 6.
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Table 6 Contrast and ablation experiment results

eSSl HiAY Accuracy  Marco-F1
TFIDF+KNN 0.5342 0.462 6
R LS5
BOW+DBM 0.5511 0.594 4
. ERMBT(f1,) 0.5511 0.594 4
TH RS
ERMBT(fta,) 0.7153 0.743 4
ERMBT 0.7262 0.7947

3 3 AT T S T A R A Y ]
AR TR BT B ER 35 55.11%, 5 %) HLSE 56
PR e 5% A ) BOW+DBM 5 78 A0 24 5 AV ) 4t
SEHR AR HEA T 3 28 MERA 32 71.53%, 1
At 2 AR 2 REAE AR KRR b S i3 IR 1 B
B, BT BRI A SE AR A S AR TR A G,
A ] 42 Ul B SR T UR 5 8 AR 5 B T BB AE AR AH G
P 5 B TR R A bR 28 AT Rl A 2 R R
72.62%, b gl fii AL AR 4 & T 1.09%, kB
T A SCAS B AT Rl RE i — 2D R T TR

U A TR 2
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Table 7 Accuracy on each sentiment category

BRIZF  VA© VAT VA VA JTUEE
ERMSLM 0.5380 0.55 0.6364 0.5 0.5693
ERMBT 0.7226 0.75 0.8485 0.6 0.7262
FF-ERM 0.7115 0.70 0.7879 0.6 0.7080
DF-ERM 0.7372 0.75 0.8788 0.7 0.7372
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Fig.6 Histogram of experiment results
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