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H E FATREIFINNGFEFTEEEEFTAEFER, WAZFRITEAXGELTH T ZARIFS, B, F R AR
BRARARIRZH B F RO EMAZE T BN m% iuﬁé’a%»és%n RERKXSEMATHRAFEAZ AN E 7 X .25
RABEBZ R EFEAOHERAERELE  AHRAREREAAREFTRAERSFIE, 4 B 4,320 74 Tkt éﬁm;ﬂfr/&o/\
% 4 B % A % (Gaussian Mixture Variational Autoencoders, GMVAE) #9 ¥ % B & & & £ & # % (Semg-GMVAE) , ¥ &
W AHEREXAFELS W EAAE IR ARG GMVAE % 51 N —FfF 45 42 7 2] 22 904 & 5 7] 5 U:zﬂiiﬁa‘%mé’vzéﬁxfim,
SR AT FREREREY ., REBIBRAFTRONERT, FRTASTRR ER . EG.FHHROTRARSH AR,
Bl B 4t 3 GMVAE AR 5 RE A LA HEG P M, FHB B L XL B R A GMVAEZEE TR PO LZENRAL 212 8
WH AR EEN GBI ZLBBEREL AT P FE I R TORERERGBEEFRAGE AR E, B, Semg-GMVAE
X R B F 5 A AT T E Fo k5%, 42 R Transformer XL F A B M BA A EARALKFIN TR L EE D, L TFA
WM TR AR MLILA F %, Semg-GMVAE % '@4%$m'*ﬁ2aéﬁ%ﬁiﬁﬁ§1‘ﬂ b EAF S E R TFRS N
)%Xééa‘éﬁéé%i HASAHS ARG RFERTRAES B REBIRXEHIERFEFRENT AT RAERIE B W#H,
KEIF F‘)&j"?iﬁk F WA R R EE TR ,mﬁfrzi/\f’\ﬂ%;ﬂjf% Transformer-XL
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Semi-supervised Emotional Music Generation Method Based on Improved Gaussian Mixture
Variational Autoencoders

XU Bei"? and LIU Tong'
1 School of Computer Science, Nanjing University of Posts and Telecommunications, Nanjing 210023, China

2 Jiangsu Key Laboratory of Big Data Security & Intelligent Processing, Nanjing 210023, China

Abstract Music can transmit audio content and emotions through serialized audio features. Emotion is an important component in
the semantic expression of music. Therefore, music generation technology should not only consider the structural information of
music but also incorporate emotions. Most existing emotional music generation technologies use the complete supervised methods
based on emotion labeling. However, the music field lacks a large number of standard emotional labeling datasets,and emotional
labels are insufficient to express the emotional features of music. To solve these problems.this paper proposes a semi-supervised
emotional music generation method (Semg-GMVAE) based on improved Gaussian mixture variational autoencoders(GMVAE) ,
which connects the rhythm features and mode features of music with emotions,incorporates a feature disentanglement mechanism
into GMVAE to learn the potential variable representations of these two features,and performs semi-supervised clustering infe-
rence on them. Finally,by manipulating the feature representation of music,our model can achieve music generation and emotion
switching on happy,tense,sad,and calm emotions. Meanwhile, this paper conducts a series of experiments on the problem that
GMVAE is difficult to distinguish different emotional categories of data. The key reason for the problem is that the variance regu-
larization term and mutual information suppression term in the evidence lower bound of GMVAE make the Gaussian components
of each category less dispersed,thus affecting the performance of learned representation and the quality of generation. Therefore,
Semg-GMVAE penalizes and augments these two factors respectively,and uses Transformer-X1. as the encoder and decoder to
enhance the modeling capabilities on long sequence music. Experimental results based on real data show that,compared to existing
methods, Semg-GMVAE achieves better separation of music with different emotions in potential space,enhances the correlation

between music and emotions, effectively disentangles different music features,and finally achieves better emotional music genera-
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tion and emotion switching by changing the feature representation.

Keywords

ture variational autoencoders, Transformer-XL

1 3l

ifl

TRERNZARGE T —FMEEMNRETLNERT —F
AEBAMBAEREX, TR HAES M. TLEYF
SRS B RN ARG R, BEARTARIES HEES
IRITAG ISR B E Ay . E AR S & RN TESS
F 25 PIAH G, Haz BIRE RS L 9 0 & SR o R IPFIiE R . Bk,
TR A S A B ER A RN, FHEFEABRTE
VIR AN M, T B AR AR R ] T s
XA A 7 50 BOE R AR AR T AR 0 BIR YT AE R HT

FEAEE, A S RERBARBE THERELRE. O KEA
BB B G 405 AR g b 2= ) SR () S5 KRR AE L D R R YRR
A, ARBD A AT I R OT R AE B R A R A . —Fh i
LT R I ol Ay v I £ I I8 N 2
(RNND)E2 Transformer™*! 25 FE 51 %} JF %1] (Seq2Seq) # #1 [6]
B X 5% 5 B0 RV A 48 A T, 2 3 e o 7 IR I AR IE e, 4R
Jo B AR A 2 A B AR BURE AR R R O A RS 1Y
SR VLT SR R AR Ol B AT AR . O T A B0 B A 9 1 R
I SCFRA AR FT R AR 43 [ e 5 2% (VAE) ™) 2 2 1 I b
28 ik AN et B 4 9 T 2 (AL R AT AR B B 1 4 A e A
Bl — ARG % 2 25 (8] b SR 5 W AR 23 o) R A DLAE I B
A FGE SR REAS . (B bk ok 58 4 W By DI 20T B4 2
TR A AR R N AR A TR T T I BB . — O T 58
4 We B I oo ok B A A8 A A 5 A L AL AR SR i = K AR
Y018 TR AR AR . B IR EL A AR SR 1 S O L 7 A v AR ) AT
RETAE R Z AR MR . 51— B RS A R U RIEF
SR BRRR AR L T AR A N R 2 TS ARt
R R AR 3¢ 3, J0 vk X AR 0 Y W O i R G 9 A Y 1 R
RAE,

(A1, B 3T A AF 58 Music FaderNets ™ i) FH & ¥ 1R A 48 4
B 4548 (GMVAE) ™ 58 o 2 W8 7 % 30 7 35 FF 4R AE Ay
ZAFAETE Russell 4 15 /& 43 8177 19 Arousal 4 & I (% 1 7E
25 (A1 7R, FF R 3 AP RRAE SEBL T XF Arousal 4 BE 1 4% il
MG A B B I W ¥ Sk . GMVAE 1T LUK VAE i) B —
WA Y B ZA S o b B S i AR — 24
. SRTT . GMVAE 775 — 72 W30 7T B8 23 ) S I433 1]
FREOT 7T Y B A AR L 7E I SR AR o A A
43 TC ARG A B DL IX A3 O [ 28 500 454 AT 5 g
2 2] F R B PR RE AN AR LAY RIS FE AR B IR . D) — T I
WA AT VAE A9 63 5 A2 BB B K 22 5k FIAG 36 0 22 )
2 (RNNDE Sy 2t % 25 A0 i 250071020 4 35 SR 8 T K 1)
s RNN 7E UL 2S804 @i ie A BR . 45 5 &2k 1 F 30K
8 OCFR L I ELAFTE M 0 O SOpt % M 1 ]

BEX b AR TR R, AR SCR T — ol B T 28 00 A R v T IR
ARGy B G B A% 1 2P M B R SR AR ARUBE T (Semg-GM-
VAE) , | T2 2 A & AR R AE X% 8% 5% . Az i B K

Emotional music generation, Semi-supervised generative models, Disentangled representation learning, Gaussian mix-

MRS 235 K 07 2 R A S L O S R A R AR AR DR S
IR IR . AR SO BAR TR AN T -

(D#W T —F B )7 25 M 05 B GMVAE
e W B AE B AR AR UL BE 6% R TE R [ B Y SR RS T
23 1) o BUAS B A 14 40 B RO B T AR 5 I R R A 56
TR (A5 AR B0 5 AR N S B AR R T B T M AR A
B £ B T Rz AL RE T .

(23T — T B A7t 57 2 A 2 240 R A 2 o 0 2% o
B2 TR R AIE A 2 9 BL TR DA AR B oh A s 2 ) T B2
AR AR AIE 1 0 AR AR SRR A 4 4 3 1 A R AIE R R T
S A T IR AR Y A S e

(3)5I AT Transformer-XL R 4/ %3 GMVAE 1 %
T 25 RN i 48 o ik HL B GO0 B0 L 1 A0 AR X0 5 4 5D L fE 0%
AR EH IR P ER M B SORBSE R I HLH R T R
RGN G FRAE (4 G 1 B8 ), $ e TR R .

2 MHXIE

2.1 fEREER

I GATIR T — R ARk R I .
FH B A5 AT B 3 Sy T 288« 3 286 17 B A5 B R 4 R R R A, i
R 43 28 15 B B 4 Hevner BE8I0Y CE A5 8 A28 511 67
MEREFED L L HANLE BT AERY CEmd o2k
I 45 AT AR A ) o i B I AL o R A TR LRI
TR P DL 3R IR A B — A B b0 i AR AR B 2 N T
VAAT 55 b, BiAn Thayer #52#10%T 25 W T 195 b5 gk 2 B . 3 8K
¥ (Energetic) Fll % 5K & (Tense) ., PAD BIRINTIZA T 3 il
JRHYE B . B0 BE (Pleasure) e i B (Arousal) | ff 3 & (Domi-
nance) . Russell™ {1y Z 2k 1% B2 8] J2 5 4645 B AT 55 1 19 %
RREAY A 1 R Y 4 3 43 O 16 MR ( Arousal) FAL H JE (Va-
lence) . WM 1 BizR . Hovb Arousal 2678 F P #2890 0% 7K °F-
R e as B (i 2% 4 N IE(H L IR 2% 87 28 T {ED 5 Valence & H
P RS 1 R A O 1D RS A 1 (R fED

A

Arousal
Tense Happy
Valencey
Sad Calm

K1 Russell @45 m1

Fig. 1 Russell emotion model
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Table 2 Performance comparison of supervised and semi-supervised methods on Arousal emotion dimension
%)
Supervised Semi-Supervised
Models

Ace Pre Rec F1 Acc Pre Rec F1

EMOPIA 61.55 58.69 61.52 60.07 - - - -

EmotionBox 60. 06 57.35 58.71 58.02 — — — —

CVAE 58.63 55.99 56.11 56.05 — — — —
SSVAE 61.28 58. 84 58.73 58.78 73.66 7 4 72.11 72.02
CCVAE 63.74 61.49 61.21 61.35 76.24 5.58 73.07 74.30
FaderNets 68. 37 65. 21 70.17 67.60 78.65 .54 78.73 77.62
Semg-GMVAE 70.52 66.92 73.77 70.18 82.54 79.56 84. 60 82.00

# 3 Valence 188 4EFE T MBIy vk 55 20 WoB 7 i 9 PR RE X L
Table 3 Performance comparison of supervised and semi-supervised methods on Valence emotion dimension
%)
Supervised Semi-Supervised
Models

Ace Pre Rec F1 Ace Pre Rec F1

EMOPIA 57.84 59. 81 57.82 58. 80 — — — —

EmotionBox 57.18 59.06 57.66 58.35 - - — —

CVAE 55.27 59.96 57.34 57.15 - - - -
SSVAE 58.12 59.96 59.70 59. 32 67.15 68.00 69.61 68. 80
CCVAE 60.03 61.67 63.43 62.28 69. 30 72.88 65.28 68. 87
FaderNets 63.45 64.94 64. 64 64.79 71.63 72.44 73.38 72.91
Semg-GMVAE 66. 63 68.93 65.28 67.05 75. 87 77.37 75.78 76.57
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Fig. 6 Accuracy of the generated music on Arousal dimension
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Fig. 7 Accuracy of the generated music on Valence dimension
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Table 4 Evaluation of the accuracy of music emotion transformation
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