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Abstract

With the rapid development of artificial intelligence technology, speech emotion recognition, as a
key technology in the field of human-computer interaction, is of great significance for enhancing the
interaction experience and understanding user intentions. Traditional speech emotion recognition
methods have certain limitations in feature extraction and model generalization ability. The Trans-
former model, due to its powerful self-attention mechanism, can effectively capture the dependen-
cies in long-sequence data and has achieved remarkable results in fields such as natural language
processing, providing new ideas for speech emotion recognition. This paper conducts research on
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speech emotion recognition based on the improved Transformer model, making full use of the ad-
vantages of LSTM in handling long-term dependencies and the capabilities of Transformer in cap-
turing global dependencies and parallel processing. The experimental results show that such an
improvement can increase the accuracy of a single model.
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1. 518

BEE S BEAN CEA R, AWAZERA T RE Y, EEERRAERLIAR. mAA
PUAE B SRBERAR, R332 7 iz k. HIB 8 &5 5 P A IE . 75 AR 4T 0T,
HEMTHERT 3G # I BORAS, MERBEHE . EIT e W, BRIt BRI ANME -

SR, H AT & 1 AR A AR TH G 3 2 BhlR . S RIAATE 22T AH [R] 175 IR B (1 15 5 R I A7 A i 35 2
S, HABIERI S A5 2 RS AL 20 B R o RIS, 508 000 AN P4l DL R B e 75 455 1) 7,
7 H 2 T RB RGP REIR T . — RS 2 1 B R 51 (Speech Emotion Recognition, SER)AR A 4% =4~
B 15 S TALHE . REAESE ORI B o

A BERPHE & EUUN R oG B R, @l QI A S RBARAL, B TR IR A % .
$EH LT Transformer PIZEA5ERL,  JE45 4K A AL IZ M4 (Long Short-Term Memory, LSTM)BAY i 4715 %
TR

2. HXEMAEIREHARIR
2.1. IBEHERIRA

TETE & 1 BRSO T, A8 3 15 R AR SR 3 270 AR R AR AR B2 SRR P N S [1] o (R Z%
FRAEMA AR LT . SR ME/RPR BT R A, S To0I 3 1 SR 805 o T VR FEEARR AR i P e o V% 2 P 2% i X
FIRRFE, EREEENESE S PRI UL . 25 S 5 EOR BB AR 75 TH, 53055 15 B
FEs ARG 5 21 B, WRS By /R ] RS R S A AR (2] H AT R 2 R IR 5 ) g 14,
i fin 35 FA k022 /9 24 [3] (Convolutional Neural Networks, CNN). I} 4122 k5 £% (Temporal Convolutional Net-
work, TCN)EA K& LSTM 2§[4]. fETEE BN AR Z AR, FEAHE: (1) HEARE RN,
XHFBOLE A5 HIA BTG, (2) AFEIEERFMAAAEZES . WAL, ERNRED, FHER
EIAT BL (R RRAE U B0t e 2 45 SRFZ M K

EE RSO EERE WA 1 PR, G4 FUACHE, RHMERIG RHAEIZ, BRI,

22. B RRYMIEE

EEHE R TE S G SRR R S SR A, S RO PR A2 4 R E
TR B . — AT R ATE I RBEE R THE TS B R R A B . RS TR
WU, S LB N PIRN A — PR MRS R 5 SR B B A P a1 R 5

i
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Figure 1. The main links of speech emation recognition
E 1. BEERIRANEETT

Table 1. Common speech emotion databases
* 1 BRESIRREIEE

175 AR P BEE 112k
EMODB s PO B, ARG, =4, RYE. B,
CASIA W g R V. P AR B W m%
IEMOCAP Eiath UE RS B @ k. M. BT
ACCorpus SR SLBliAT oA, . B, BE. Pk
Belfast PEE B, m. . YR R

2.3. $FERE

JFG i E S AR E R K HAERIUR, HEMTHERMECRICN . B, FEMIRESES
IR ST RCRAL T A I S B, DA IRBIR 4R, S REERE .

LR RS RV L R N Dk S 7 R P K

HRZR IR R E(MFCC): 25T AR it R AR NSRRI . 27 e f el (5 5 it
AT WO BT AL R, SR JE X RS S BEAT DA B AR W (FFT), RS S e B, R0 . 4%
% I R IR S A AT RS, K S AR e WO M IR, UL A ST B R GEX AN R
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R ERAIREE . 25, XHUE R i 4 RO £, JF 27 B HUR 7222 #(DCT), 152 MFCC #%t. MFCC
REBE A BRAETE S 55 MG G ARE, 7615 S 1 BRS8N 6]

LR ME TR (311 2B (LPCC): FE T ZME 2w A (LPC)HE . % VIR B S HT B S REA T DA £ 45
MEHEFEAREYA A RIET . B, @R IETES(E 5T WU EE, AR5 55— WilfE 5 3047 2k
TR HT, ik — 2R VT R E(LPC &%), XL REEHIA TIESE S A REBA. B, @t
LPC REUkA7H4:, 195 LPCC. LPCC RELfEH WIS (55 A ERFE, 7EIE & 1B Pt A5
UFHITERER o

2.4, AL

RG-S TS BOR B FE i, BOE TAL B2 R TR AR SR (OG0 B8 LI A AL B 4 . P
AEEE ARG B A

1) FEREAbEE

TESEBR R AR DG B0 RN S PP, BRI . R T TS XA S TIEEE S
I ERFE, PRAIR R 2 o 5 AR A B 5 VR A 1 a2 A /N A i

2) H—1k

TEVE B RN, AN FRIRFAEE B A BOE A A B A B 0 RBERI A AV Bl . i, RSk AE A BUE
VO ATREAE O~1 8], T o) —SeRpE M EUE AT REAE ) LB EE 2 LT XA EE RS 1) 2 72 S 8L 2% 2
B AE Y ZRad 72 AR A [V ARFAE ) SEAAR BE AN Y, (A SR B A0 1) 2 ) ROBEBCRRHE RS B, 1T 2%
FBEEBINFFAE R E B, DT RIS Y (1 B R ik B RZ A RE F0 . DRIk, D T Y B Bl R 22 S s A
SRR, N R B AT A — AL B

w5 ILI A — 4k 7 VR AL

/N - F KIA—1kb(Min-Max Normalization): WFR NS ZFrEl, & —FhfE s o A —1 7.
75 1 A SE AR R W B B b )RR RRAE A S B — AN R X TR], S8 2[0, 1] HARTF A -

X = X
Xmm=xmﬂ_xmn @

Ho, XORRIGRFEE, X, M X, 2 B R EE SR s ME R RS, X, 2 H— R
FFAEAE -

/N - RORA—WINET R B, Be A S0 R B B R 46 2 AR, I HLAE SRR AR A B Y
BBl 0 HARX R M oL, BB B mIA— R . SR, 207 i B0 o it e s A O U, R
S E SRR IUE, AT S 20— S B e 2 3L I A e e .

Z-5y#03—1k.(Z-Score Normalization): AR ANFRMEZIREN, & —FP T E0ds 1S58 AR vHE 22 34T
H—A BT 5 %7 RO AR R 4 h I B N R E O LIS E S oty DIbRHEZE N
PLIIARHEAAR (A3 00— 1k 5 s B B E A A bR 7 . BT AR

Xy =2t @)

norm
o

Horp, X RFUSKILE, p AR EEREEE T M, o RZRHEAESIEE T ARHEE, X o 22—
A JE BRFAEfEL -

Z-5y BT iR RS AT Rt BRI B AN, RS RIS AR 4 P 1 Bhs BT T Ee v, R FLAE
B RHIE I 73 A O8RS E HAEPUIRMIES AR OL T, A BIFA—RER . A, %77 300 B
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rlE A

R A R TE, RO A T R E AR HE 2 N SO AR, TR 1 5 HAE
XSS RIIFEM . SR, Z-70 80— W T7 IR AE B R L K 70 A1 7™ B i B IR S 0 A I, AT RE = S EUH
— A JE BB A I, TR MR R (R RE

3) Hudhaag o

FEAEH S BRI BT, SR AR B T E R R B e S 3. SR, SERRSRIBCR AR
A 1 1 AR AR A T W 22 PR, ) A et R B A v« A RE SR B L7 B RiRAE, X
BT bR E A PR . S B AN S S SRR AE Y Zad R v ToiE 78 70 2 S B3 5 1 A B AR AR AT
R, TS BUR R 2 AL RE DB, RN BT IR L iy, IR e R 2 B T . N T &%
PREEE A SRS RERE BRI REM, BRI s EoR NS T A

L PR 4 55 5 VA

NI FS L SRR B0 A N A A SR R A, S RS L OB LIRR A L PRSI (A
W P AT SR P A ) LS BRI B R (T S BIWR A T UG DL o AL IS I 7S AT i 1 o
ANCAT CAKE INACE K 2 R, 3 AT DLAE AR R I 250 R v 25 = B 0] JARGE 5 7 5% b SR B R 8 5 1
RFAE, DT B e R TR IR 7 1 65 P A S B 52 2 R 85 o U3 P E

I TR 5 e i X B AR 515 5 A IS TR Al BEAT R AR T i 45 A o I 1] S A 2 $8 4 5 35 (55 AE I 18]
EHATY R, MG RS W ORAR S I IR 2 AR 1 A S A (8] B AT R, A TR AR R .
S I (B i P A, T AR R AN R TR TR R, HONBEE R R E . TR R AR ]
RE RN & I IR AR IK, DA T AR I 250 A rh T DA ) B8 RIS T 5 T R B RF IS, T 4R
PR TR Xt AN [ 1 T U 15 AR RO BE

2.5. KIGHAICIZMEIER

K J HH 1012 M 4% (Long Short-Term Memory, LSTM) /& — Fft 5 Bk () 18 ¥4 1t 22 9 4% (RNN) , 1 Sepp
Hochreiter A1 Jiirgen Schmidhuber [7]7E 1997 442 H . B4 BRI 7488 RNN 78K 7 41 K d i i 21
(IR P55 Y04 2 st FEE RN ) 0, AT ZE B 1D PR A T SR 5 A B 35S TR A S e 2 U3 3 1 T 12 A

LSTM HIS5 R FEAA IR -

AHAARAS(Cell State): LSTM (RO IE T AR, B — & ST BA M L%, 15507 DT
MR SRS . MRS SOV R A AL FE I R R R KIS B, I AT DA B B S A
X EAE E .

I 1#=#/L1 (Gating Mechanisms): LSTM Ja sk =i [ 42 ML i S 42 il 40 Btk 45 1045 B A sh, BT T (Input
Gate). i [ J(Forget Gate)fl% Hi1](Output Gate). X 26 1#E LI H— > Sigmoid #1428 /4 2% 2 Al — A fi e
BEYLK, Sigmoid R — M 0 M1 1 ZIRIAEUE, I TRaxt BT R R, 0 FoRsg 45k H],
1 BRI

BRI (Forget Gate): MR THRE T AIMUIRAS s (5 B R B EFT . w2 BRBOR S R
AT ZI %N, @ik Sigmoid BRECTHEH —AN ISR R E R4 S 8 1T AR R A e
Wi, BEERIE L -NZMARESHT S IRIZH, BT HET0HEEMARES. xR, 8
RN TE AT DRSS AT AN I ZIBRGEOIRAS, s Hh v GRS i a5 B T B AR B, MRS R
(RS Ui

FAT](Input Gate): i) 7 D42 4 7T I 21 R4S B NGEMOIRAS . B R B — 2B
SRS S AT 205N, JEId Sigmoid MG E H— MR RE,  HAPORI S AR T A A
fRE A . FE, B —A Tanh e&EAE S AMEIRAIHCRAS, 3poR1 2 )2 AR R % 40 R A 1A R 4R
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A g B A . A, R RECS R IR AT s 5, BRlgd A TR E)E KGR
W, L BE TS RS 5 L N T T BS A S AN, 45 21 241 20 558 5 r4h
JERZS . IXBE, BT DHCTT DR 24 B AR L — I 21 BGB0IR S, ShaA bl 24 i da A 15 2 A 4R
&, ISR R B AR E BT R, AT SEEUT AR IR A B S BT

S i 11(Output Gate): iyt 1 T 42 | 4 BPR A v MR L5 2R A5 an 210 =24 1S 220 RO BRGBR S - B4k
b I BEBOIRAS R S AT Z N, i Sigmoid BRECTHELH —ANi R, H A g B )
AR AR R B ) B SRS, R R B TN 2R R A RS AT RRIZ S, BRI
MBS R S . a2t A5 B HE BoE i — A Tanh BEOEITAZHE, 13202500
ZIRIBSGEOIR S o IXFE, 1Tl T AR 24 iy A AT b — I ) BERIR S, Sh a1 42 ) 4 bR 2 rh ik 245
SR B 2 AT 2 A FERIRAS T SEBUT BRGBCIRAS BB, IR BRgBlIR A5 A% 8 21 R — AN 2 sl
DR e o

2.6. WEKFFHAICIZ R LERE

XU [ K46 W10 AZ 9 2% (Bidirectional Long Short-Term Memory, Bi-LSTM)J& 7E LSTM FERli & & ifij Sk )
—FPPE IR N 2 20K, I R I AL B R R R S R RS S, SR R TR AL e A v A K
ORI HERE /. Bi-LSTM W48 R Z AN ZE . AT AR LSTM 2. &2 DL H E 5.
TEARHE T HIEAEIS, N T F1 RIS 3% N IE [ LSTM JZ R A LSTM JZ . 1E[] LSTM JZ 2 #8551 fr i) i)
JIGFY A A J5 AL BRI, T S m) LSTM 2 D) 42 R30I (] 57 A5 A2 AT AL BRSO . X4 LSTM 2 & 3k
SIS ) P AAEANF T 1) B HRIER R . BfJE, 1E[ LSTM ZE R[] LSTM Z1E RN B 25 BRIk &
Wi &I EHAT A . & 1057 08 H A B2 (concatenate) FIAH I (add) P, b B2 B 1E 181 R [ PRI Bt
ORI AL FEPHEAE — S, XM 7 BES IR EEPIAN T M BGEUIRAS I 28 E B, WA — M EEFE
5 REAE A B AR 0 U I 1) A ) PRI BRGBRCR &S X RL TG AR I, X Fh oy SUAE XS TR, RS S A
77 1) BRI [E 5 B4 . 5, &1 RIRHIE [ B E NS 2, St 2 ARE BRI %5 75 5K,
Wy, [BIAEE, SRR R S AT — P 10T, B A4S BRI 4t 45

U] LSTM [ 48 3@ i kR A 5 ) B it,  BENS (A1 M IE 1R e ] PN J7 Tl %o 7 20 B0 14 4T A B RN
TEFREL, A Rt HE 7 21 Hdhs vh K BE B RO R BT B B

2.7. Transformer &M%

RGN AL BN AT BN, AR MOI R — AN, RAEFE /- 23800 )5 i\ [ 2 A %
o Bltn, TEAE—BSCER, 0RO A B, A P A B R R, IBART
BANG B AR T RE 27 AR ZE . 18 CNN A RNN X AR PR 28 1Y, i S fE AR BOCHRIE FE h AE7E — 8
() JR BR A

TR, NTHEERMEIRFFIRIcRZ <R, Ashish Vaswani 28 A\[8]#H T Transformer #1744,
AR5 DA I X 8 AR AR ORI XA, e 22 SR UL AN AT ek 22 I 2 A R o IX P BT 1S
BB AT B N T AN 0 R Z (ML E R I AR, AT B 47 b Al 38 0 28 [ 1) O B o

Transformer #iALEE AN BIER 1), XHNAT 2@ E N LELE, FoaitEHER 57
P X se g Mg 40t — IR B fE, )it v ss s 44 . 5 RNN F1 CNN 7E/KF 7 [afE
FEAF 2, Transformer fE4F— )= E#EATEBEATIFATIH 5, Blitk, Transformer 7EALFE R | 1t REFIAS E |,
AL S RNN FT CNN R I H AR R I .

TEIT ) LAE BE 5 1 BRI B 7o, Transformer BTz FHHH . 7E 2023 4F, Wagner J [9]% X %
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rlE A

T Transformer HIALRILELE S 15 BOR A IR AT TIR AT AEEAEZ DN TIZRE wav2vec 2.0 F
Hubert 2844 FHEATH0IE, 4% MSP-Podcast %4 £ (MR B E . SO BE AN 4 B EAT 5050, IR IE-
MOCAP 1 MOSI Hffa S 105 1 RL EEZ AL RE J1 - B FE A ILEE T Transformer F Z& K78 R0 T 5 1T 22 3L
Hft, HEEIET CNN fFELE B fafit. 2024 48, Ting Dang [10]1%5 A$2H 7 —Fh3EF CNN-Transformer 1
% Y PR B IHLAI I E A BRI 2%, B EXNE & RN EDRLE R S A A /G BT @8, MG
LA TR ], 2 RGBSR . SKIR7E IEMOCAP il Emo-DB $uifi4E FibfT, 45 RE M%7k
Eem 1 1ERE.
2.8. ANIER

ZRE UL EWFFRHOIR, AR SCIR BT % 2E S S S KA SR SRR R SRR A A, R
Transformer 2% b iR = DML DCVERS BG5 7, B MFCC 1R NHRIE, FER H A A2 Frie iR &
LSTM-Transformer 732885 iR A 45 8 . K LSTM 5 Transformer 454, A LAFE /0 FI A LSTM 78 AbHE K 3
Was T RS, LA Transformer ZEAHE 4% R MR FEAT AL BE 7 THI I B 77 o ANHIF 70 1 PN 258 ASE 204 225 4y ]
2 fhm.

Input: MFCC

\/
Bidirectional LSTM

/

Dropout

Attention

\
Transformer encoder

Y
Fully connected layer

Y
Output layer

Figure 2. Network model structure
B 2. MERBLEH

NS E @ N EEAL N R R, LSTM JZ A0 X s ) &, 3l 41855 4] A 1) Ja0 30 B T A i 2k,
LSTM JZ % H B4 A Transformer 2%\, Transformer 25 E R JIHLH]E— B 4 BRI
#, ®J5, ¥ LSTM Ml Transformer (1% HEAT LA (W0 PHEZ  INBCRANSE), J4m N BI85 2T 02K
A BT FUARIE SR 55

TEIXANGE R

NP H(Input): JELRITF ISR, WsCAR . B E TS
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WNZ: BTN R RN, XL WA )5 SR N .

LSTM JZ: AbFfixsep i, FiHeT o KBk & .

Transformer Z: #Yit LSTM Z (%t FIH B3 & I HLE 34 /AR OC & .

fil7 JZ (Fully connected): ¥ LSTM 1 Transformer ffif i 3EA7 k&, 19 2| ARIFFER R . W Trans-
former (%1 AT e RAT , LSTM f%itH o Le RdL , JEHAR dT =dL=d (&4EEARMH, i@t 4%
B2 ot 2UAH F 48 E) o SIAPIAN AT IRE S E o M1 B, A MBCRAE &4 F alDARoR
y‘j:

F=aT+pL ®)

WO T A, ST IH LB, Bl o+ B=1, BRINTATRL R A AN S AL E S
o, Ya=0, f=1-0, MNANXLN:

F =0T +(l—a))L (@)
Ba, KR S F s — AN BT A A e, SRR AR O -
O=WF +b (5)

Hrfr, W e Rdout xd 245 Z A EARE, b e Rdout MW E M, dout & 24 H 4L .
it 2 (Output): MRAEREL & 5 FIRHIE RN HEAT 7028 . 2B BREF HIR TSRS .

AT S I HRAE RS0 Windows 10, f# I I4wF2 15 5 4 Python 3.7, FF kK T.H A PyCharm 2022, JF
KAEZEN TensorFlowl.13.1, CPU /R A A Inter Core™ i5-7300HQ, GPU fix &4 NVIDIA GeForce
GTX1050Ti 8GB.

3.1 BIESE

AR EMO-DB,  BIAH A 1% BGE 35 %4 P2 (Berlin Database of Emotional Speech). HiAH#k Tk
KSR BB BB &, B 10 AR (5 B 5 o)Xt 10 MEA)(S & 5 JE)iEAT 7 Rl (M /neutral |
AR Janger. FHA/fear. 52 happy. FEffi/sadness. PRE/disgust. JGHil/boredom) AL F], Hf 7 800
AIERE, SREEE 48 kHz (JEE4i %] 16 kHz), 16 bit Bk, TERISCA IR BUE M IE e TE 1 B 17 (1)
G, HoHE DE XK, Tt 2 M -BHiE S, 185 s L s = b, BoRE A Ems
TR 1 AT B2 B B S R I 3T T A B, SR BRTE 4 1 k. & 20 M3 5%
(10 55 10 Zz)fWr sk, 4531 84.3%IM MW HHF 2.

3.2. BiEAbE

TIN5 MFCC $FAEFEH .

{1 librosa.load R HOINER & SIS, 126k 0K S5 ARSI NumPy $040, R 8] & 43 8] /7 41 y
FERAEZ 1o

{8 librosa.feature.mfcc BRI & T4 & 491K MFCC R#fiE. $2HUY MFCC RHIEAE R L B,  DAVTHC () [)
By FREE) MR, IR IR FE 2 ST A N BT B AR X

PRSI 5 i -

i 46 8 B4R N TR . wav EACM, ARSI RS AR . X BRI A R LS T AR
SRUE R, I HIXAME B Bk M emotion_labels 57 Hit A6 2 BAKHIFR 2 L2 F5R
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rlE A

{8 LabelEncoder X AR AT 4l , 44 715 Hf AR B 4 PR 25 o 1K A2 RN K 2 B 38 2 S B,
R AR TR B 2 SIS, A N R SUE A

EETE S

BB OB AR BRI A ] 1 0 K08 7 48 (b 40) 3 36 78 MfccEmotionDataset 28+, 1X N84k
7 H PyTorch [¥) Dataset 25, len J57%iR A1 B 4 FF A REAS B0

getitem J7 V2 ARYE Z 51 INE B AMREAS, AHE SIS MECC RHAERN RLIFREE o IXAN 7 1R £ 5T
FHATART A 3 () 5 e e, A B 55 MK P S — 011 ) A

A F AT AN — 3

BT AN R B SO R BE P REAS ], VAR B8 2% SR AR 1 5 SR A N A AR R AR, R 5 22
X MFCC FHEHHAT B BT BB 78, LAUTHC H bR (FE X A7 /2 128).

R MFCC R AE RS 5 B0 B AR K E, W7 8 il F BARKEE, WERBRINEH T .

A PR B e -

I transform 244, W LAZEFEE MFCC HRRAE 5 B F AN A A0HE AL B0 98, ndrdE e si)a —1k . ix
S IR T 1 A A P R AN AR e M IR

L {cia) £ N/

get_one JjVEHRME 7 —FhAb B AN E S A 17, T 0 R O AN HOE SR . 30T T I B
AEFESCAHARA

3.3. SEEBUEAMSTHT

ARSI AR MR RR, MERRANRIEHE ME = T i A sk g i o . AR ISR RE D, BUREHS
SEIHCPRE N ERES, WM IR RIS 5, BN INZOE R AE T IR, A LR
HMEIR . KRR R RER A 3 Frr.

Training and Validation Loss over Epochs

I T
— Training Loss
| Validation Loss |

L T N —

0 20 40 60 80 100 120 140
Epoch

Figure 3. Training and validation loss over epochs

3. BIUNGEIREVIZRIR K FIIEIE 5 5k
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XA B R 2545 2 A TN #E 5 2% (Accuray), 45 R 4 s

Accuracy per Emotion Class
100.00% 100.00%  g9g.43%
92.59% 93.67%

100{ gs59  97.18%

80

[<2]
o
'

Accuracy (%)

IS
o
|

204 : — — —

An'ger Anxiétylfear Ekel Langéweile Neutral Sadness Argér (Wut)
Emotion Class (Label Number)

Figure 4. Accuracy per emotion class

B 4. SRR R

R AR AL AR ) FARAE 92% LA L, #8731 AR 28 IR A MER A 2 T 100%, Bt A 4L
TR RIKT . SRERRIRT R 2 93%.

Confusion Matrix of Emotions

5 120
<) 1 0 0 1 1 0
<
3
L
2- 1 0 0 0 0 1 100
=
[—
<
g- 0 0 46 0 0 0 0 80
=
g o
E o
b 3- o 0 0 75 6 0 0
Y -60
© c
2 8
Q
<5
€. o 0 0 4
2 -40
[}
8
é" 0 0 0 0
@ -20
s
2. o 2 0 0 125
[
(7]
2
L
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