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B HRE S EARERE BRI 221116)
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W OE. EETESTP, M A OpenSMILE T B4 T VAR EFAZ 5 P IRICR E F F 448, i3t Transformer
Encoder M % A % & 7 5 45 48 F LR R B4 AR, - H R X B IERR S A R E F F oo B R AE ., &
IABE Y, EINERE EEHE A MG LR, KES A LA R RR ISR S, R AIEM
G ity 7 KB AZMAZ B A mBHFT X AP, Bilid DCBERT A K REFRLAHIE, FRFw 5
FhH X AFEFTRS, AN RETEZEZ N HIH G R G K482 12 (Bidirectional long short-term
memory-attention, BILSTM-ATT) A 2 M & # 7 H B o £, ®RE, AL T 3HRE EE A HH
ABILSTM R & )& sF i BR AN 6 Fve BR B3 E R A EZEAR S K AEZN , LA/ FEZH AR
RERf., EBEAA, ALR BN FTHAEIEMOCAP # L L4 X RS £ B EAELRT
T87% MTAELE K.
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Multimodal Emotion Recognition Based on Acoustic and Lexcial Features

GU Yu', JIN Yun"?, MA Yong®, JIANG Fangjiao', YU Jiajia'

(1. School of Physics and Electronic Engineering, Jiangsu Normal University, Xuzhou 221116, China;2. Kewen College, Jiangsu Normal
University, Xuzhou 221116, China;3. School of Linguistic Sciences and Arts, Jiangsu Normal University, Xuzhou 221116, China)

Abstract: In the speech mode, the OpenSMILE toolbox is used to extract low-level acoustic features from
the speech signal. Transformer Encoder is richer to excavate deep features from low level acoustic features
and fuses them so as to obtain more useful emotional representation. In the text mode, considering the
association between pause and emotion, the speech and text are aligned to obtain the pause information and
the pause information is added to the transcript text by pause encoding. The utterance-level lexical features
are obtained by the improved DC-BERT model. Then, acoustic features and lexical features are fused and
the bi-directional long short-term memory based on attention neural network (BiLSTM-ATT) is used for
emotion classification. Finally, this paper compares the effects of three different attention mechanisms
integrated into BILSTM on emotion recognition (local attention, self-attention and multi-headed
attention) , and local attention is found to be the most effective. In the experiments on [IEMOCAP dataset,

the method proposed in this paper achieves 78.7% in weighted accuracy for four emotion categories, which

ELWHE: BFRARPFIEEFEEL T H (52005267) ; TLIF 4 # AL H AR FBR2 3 4 (18KIB510013, 17KIB510018) 5 & A1l 87 1t A
(2021XKT1250).
I 5 B #3:2022-01-04; 81T H#1:2022-11-07
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is better than the baseline system.
Key words: multimodal emotion recognition; deep and shallow feature fusion; DC-BERT model; attention

mechanism; pause encoding
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il

SR 1 JBGR 3] (Speech emotion recognition, SER) il B X i 7 Ab B (Natural language process-
ing, NLP)© &M TR K iy #kfE B AR Lk SHLE 3EAT AR M sgint . Rtk /7 — B REE 7E A
PLAE B A I e R BT B . (H iy T A IR 278 PR RN S % L X T AR 02 — T A Bk Rk 1
155 o AL 48 A BRI 32 AT X T BB, SO TR R IRNR AR TR R I PR R AR AR — i Y R R
PES AR R T8 1 R BT 45 ST ON B TS P AR 3 P B SR R AR R — B A G Y A
SRR AR Z AL T i I 0 BARE UE R CURFE R o HAE B R S AL S AR b R AT
XN —BOCAR N AR, ZFHBUIAC . 25 I8 B 5 M SO S Z 18] 1 6] — 1 | BRI A AR G
B L AN BIESE N 51N BB ZS e ) 1 2 B 1 BRI 5 o b, Rl G T R SO X A AN [ A 2
15 B AT AR L 8 T R Ty ) . SRR WY, 5 RSB L, R I R 2 RIS AR BLAT
DL O o 0 AR AR L A A A T T, 5 SR P 3 R A S R A R LA DR B L K
IRARNA . Kim 2] I B #0259 4% (Deep neural network, DNN) $2 B i 2% 75 27 S8 1F A1 L) 43
A1 FRAE VT BRI Ay B Al 9 SCACRRAE |, 4 33X 6 75 22 R0 SCAR R AR 47 I il 5 A 2 55 — 1> DNN M)
AT S PR T R AR o SCHERE 3 18 OpenSMILE T2 H A 48 B Ff AE A5 46 0948035 e AE 1R
R TS TE G SRR T AE SCARREAE J5 1 ) N-gram o 5 8 B SEAT 43R, I8 BT BEER SE 43 A
R, BT UOR RS . WA PTG ) REBRAR R R BCTE S SR B RS b, SRR 4148
— PP 2SR X A R S 4% (Multimodal cross and self-attention network, MCSAN) , % ¥
2% F BRI 28 SO I HLHIR 51 5 — A B DG TE Iy — AL, DT S5 B RR AIE 1Y B

Bt 25 1 AR % B 1 22 BF ST ML U0 A S R IR R0 (T8 S B R . 2019 45 ST 5 BT 1 YR Bk — o 3 7
W H RAEAS BERT , B R AT LA 0 2 K018 5 300 3RAE X [ AR 1 5 Ak 3% 04T 55 1 25 R AR A 1R
Ky Tt . SCHRI6FFH BERT #k45 FF SCia) e A Sk RAE % 5% SCA b BF 6 3 915 5L B A % 8 21 IA
BERT & 7% W 44 25 ¥ 5 1 B8k P22 506 1 AN JE TGS DS JC 9 1R) B . BER'T BRUAR T DA oK 2B i SCA R B
RAE B TCIE VR AN 5% SO A B 20— LE TR 1 2R B RO 2 o 7R 5 s SCARI I A 2o (R B D03 i At v
AP o SCHERL7 RO T BEE A5 5 B 51 R TR A R, R IS PR RRBROR L AR A R B 1
JEOR TR, TR A5 01 114 7 24 e K ot 8 Bea o 0 LR n 1, L3 2 0 b T A [ 1 R 2 R 15097 45 1 Fr) A
R ARSI [a] LA B st e A L AR 2 AT B DXl o 55— O D, R TR R ML AR A R R R0 285 A A B B B
N T LAY PERE TR A AR TR AL BORE S UN SUE0 R AR B Tz A . MR BRI T
JBAFAETE I ) 2p AT R AR 57, A D98 N R AE I IR BT 55 vh B8 n 7 i R 0 LR, an SCik[8-10],
A5 0 266 X 40 25 17 A VR 2 I i 40 LA 8 LR L o 5% R A e HLR IR 15 R

B o8 i v A SR B MR RE L AS SCHR Y T — R T RS AR R SO RRIE Y 2B U i . TR SUAREE
b B B B S SO B R TR TR DG 1 TR A ASE AT S DRI T AR S R A S SOAS ) R A 6T 5 K A5
TR S SN SO o iR A% 58 BERT S 2% 1 W0 28 45 44 5 17 R R 40 2t /0 9 AN DG JiC ) 880, o SCAR B
A5 2% 4 % 3 BERT B 5 (Densely connected bi-directional encoder representation from transformers,
DC-BERT) $& B 18 2 SCAKEAF o 78185 B2 L, A OpenSMILE $2£ B0E 35 15 & A9 1% 2 F24E , It 5
Transformer Encoder 2% 2 3% J2 5 11E J5 15 2 0 R J2 R AR AT flG AR L2 2 IR P 22 REAE . AR SCR T T
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FH T 31 3 WU a9 X K e e AZ 0 2 M 25 (BILSTM-ATTOAE 402688 . Hidb BILSTM M 45 11y
eI B8 98 50 43 R e 30 MR 4R U &0y BT SCIE B i 2 0 HLE A Bl T i BURAAE Hh 58 WA R
B o AT BT . BJE AR SOM T AR R Iz 0 3R B L BRI B
FY A AN Lk A LR RS B AR AE T . R AR SO #E IEMOCAP
B b ARSI SR AR RIAF] 78.7% . SHLRFH L, B T RIFPERE.

1 ZEEBRIRAER

AN EEMR T RGE AR ARMELR LA M AR . %R G 7 2R R AR BB B | SCAS R AE $2 B
FEHR BILSTM-ATT M 45 15 R 21 1, , 2 48 B AR HEZR AN el 1R
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Fig.1 System framework of the proposed model for multimodal emotion recognition

1.1 FEEHERR

AR OpenSMILE T E A1 ) Emobase FFAIE 48 2 BT 988 4k 12 74 = R AE . B AT ] ey ARG

AR FF (Low-level descriptors, LLDs) 4 i, W5is & 0 & A R 350 % 48] 1% 2 50 (Mel-frequency cepstral coef-

ficients, MFCC) . & 1 LA S B ATTHE 36 1 9% b B A B it 1) G T, Qb5 RARL L e /ML L1 249 6 R A s 22
G o B ARG AT R A & 4 R iR 2 AF B AU 3R Ik 5 B2 A8 110, 5 BN Az i B A T Y
7 IR A AR R AIE

Z SR A B AT Transformer 8551 (4 4 &, 5% F Transformer Encoder [ 2% 45 ¥4 %% 2% 46 i
FFHEAT 2 K 2% 2 S BOR R R ik . Transformer £ 8 fe 7 T ML &% B RAT: 55, AT DUAR G b figg e 5 30 381 ) 571
(Sequence to sequence, Seq2seq) [ [a1# , AT )2 W ] T A SR 6 5 AL PR . 1200 AL 3 B 60 45 G 1S 45
ff A% o Horh 7R Seq2seq BERL TR S it &% 2 SR A A BRTA] e 51 WS Ay R 4 Y 2 S R ALY A T AT A%
DU 2 7 20 7 o 2 3 B2 3R AR P 9 IS B0 AR B — A~ B3] e 10 S i s

RAE T 3 1 IR A AT 55 o, — ) R R — A1 AR 4, FLBCHE 1 N QAL 2% B0 R AR 55, IR T AR SCACR
A Transformer i9 255 85 25 14 , o580 K B R 1E 22 S 8 152 25 T N BB A9 8 3 AL, 7T LUA R Dk 2 75
2R P2 ) 5 0 JEROIR 2 R B AH DG Y TR J2 R AE L
1.2 MXARHHERE

S B U0 A5 T 17 R R IR 1Y B R, AR SO B A7 5 JE I K AR T bR A 5 G 5F T (Penn pho-
netics lab forced aligner, P2F A )X T Ab B 5 1149 % 55 SCAS R0 4504 A 5 1) 6T 56, DA T 5 452 50 ) 6 ' R 45
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SR IE] o SCAS TR AL B AL & M BR 5 EOCAR AR SRS U R IR R — R o NS o AR R SCER 15 &
B B B K 43 6 AN X ] 0.05~0.15,0.1~0.3'5,0.3~0.6 5,0.6~1.05,1.0~2.0 s FI K T 2.0 so. %f
3K 6 AN X A] 23 S BEAT SR Ay L7 T T T T D EOE I AR A LS B R B AE N
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=> | BN (sp) K AO0.13, IRL “oe-”
* S2DMF (sp)f K011, RERT “ooe”
© BE3ME (sp) K 90.1, XM -7

@7 d) aRrmmag <.

4/11) Hitl: um... yes... it.. was very romantic.

0917914

P2 e ) A P

Fig.2 Procedure for pause encoding
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Fig.3 DC-BERT model structure
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B i A28 R B A 3 B R 7 0 26 7R B 2% 450 (query) L BE (keey) L (value) !, ]
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K cw, cw, vw, 73 5 A R R 5w, S AR SR I ]
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K Q WA K MM, V N A F IEERE  d, A .
1.3.3 2k AEZTHMNA
T R AR N AN [A) A B DG R T, AR SCHE B R AU B B AL X L T 23k A T LR
W N R BAE S5 a2 R . 2 Sk 0 48 B A RRAE F 51 9 B A A2 i (query Jkey FT value) 19 3 52 B0AS 1IE —
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FENZZEM, 2k AFEZENITEALN
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2 SRIGIEIE

2.1 HiEESR

N T B IE B4R 7k A Rk AR SCfE TEMOCAP BB 4 b7 T 2 A0k . iR a s
S I H. AR 2 h , I ALEE 12 h B9 BT BOHE (5 0t 5 i SO O A T R Sl ARl 4 ) o AR SO T T
RN S SOAS, — 26 Z RS G A A 3 i 5 U (Automatic speech recognition, ASR) & 4844
T B BSCAS AR SO B A A X% R & IR — DL TTHY ASR R 4L, T2 BT H] TEMOCAP %45 4
JIT B 5 ) B SR SCAS 980/ TR ASR ZR G R R SR B TR AR WL, T SRR T AR L A SE B SR T B R
A S SCAS R 5 2 19 B3 A iz R

IEMOCAP #ffs A 10 85 B CBURS (i 2% G oz TH Ak %y RME 50 O A, &
AR AR 3 TERE A BEAT I A E . O T e T BT T A R B AT X e BT 4 RS AT 42, I
HORs 2% 5 % AT R — 28 LASF A RO A A [R) 2850 22 1] A 0 A o e A S ER BOE SE 3 5 531 AiE I L 26
50 L 5 R < AR 19.9 %0, TSR 29.5%, ST 30.8 %6, 6455 19.5%6 4
2.2 BHIRE

AR SR AR 5 N 37 58 SO IE A O Fe A S B 45 8 o B 1) 2 B T AR A 52 UG IE Y 45 SR AT
PR S T BT )3z AL RE T, A S IR R SE YIRS 2 A 10y, FE AR IR AR 9 1 A UESE 147,
i 3 A7 B 22 SRR SR P SRR RS LR R S 8. AL, BEE T Dropout By (AR L5, 78 42 4 4
JZ A Dropout AT LA BEAL b 4 E 88 Fiy 1 EE O, AR 25 T34 00 1 WA, N By (kA R G 4 o SEER 2 R 3R
B, A SCHR Y O7 1 B B Z AL RE ) o I AR RS 2400 - BILSTM M 45 i) fft 22 50 80582 o 200
(1004~ TE 1] 5 5 F1 100 4> Bz 1 19 ), YRtttk K/ 8o 64, 126 AR BGRE E 20, Dropout 8 4 0.55
K H TEMOCAP B4 4 5505 F 9 PE4 46 A5 < IASUAE 5 558 WA F0 A I A B 38 UA R PPk 455 80 4 g 19 £
%o WA I BEA I R B MR B 3R UA R B A 155 IR O B9~ B4 0 3 o SR 58 SR A8 2 o A
R RS TRY f4 J pR R, 2 ST

1
c:—;z,[ylna+(1—y)1n<1—a)} (8)

s AR K y R 0 B s o P 2R ST S B i
2.3 ZLHWHER

Yy B I BT Y 2 RS Rl G O 125 DL RG2S Y B DB AR SOy 3 B BRIEAT SR o T . B
et X P R O A R A L P A A R SO T A R LA R HE S B - (1) 1S09+ BILSTM: fili
384 4E [y IS09 FEAIE FE A Ay 75 % REAE , IR A BILSTM W 45 #1743 25 5 (2) emobase+BILSTM : ffi ] 988
4 (1) emobase 45 fE 45 1 0 75 22 F5 41, 2R F BILSTM M % #4743 2% 5 (3) emobase+deep features (pro-
posed) : i F 988 4 1) emobase F# fiE £ A 2 1 2 ¢
i, B Hodii A Transformer Encoder 3 BUR JZ F#AE Rl WETRSHIRAILER
PR AR AL A 26 A BILSTM W% HEA5 /0 2 . Table1 Experimental comparison results for only
XS a RNER L. hiR LAl LA 7

speech modal

) " . e L WA/%  UA/%
BILSTM %240 5 138 B — B0 RT3 F L% =
R 1S09+ BiLSTM 65.66  64.67
T HIE GBS F , Emobase+deep features (pro- ,
emobase+BiLSTM 66.81 65.97

posed) 1) WA F1 UA 43l #] LA ik 2] 67.55% Al

emobase+deep features (proposed)  67.55 66.39
66.39% o TRl AFFE B WAL T AU IR ik
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R E R . [R5 3E T Al Transformer Encoder J2 7] DL M ¥ 2 B 1F v 32 BT & 25 19 J5) 3B 175 I8¢
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Fi /& o

FLUR B R B SCARBEZS AR SO T A N LA B2 5 2 (1) Word2vee+ BILSTM : fifi HI % 55 1) i A
B word2vec $& BUSCARRE , JF 2R H BILSTM M 25 3#£ 174325 5 (2) BERT+BILSTM : B 4% R i #% 5t
A f Hofi A BERT BN ZR BB S |, 2 BUEIECEE 2 2 19 768 4k th e 5/ S SCARRRAE , 3F R ] BILSTM
W 26 #4743 25 5 (3) DC-BERT +BILSTM : H # 5K H % 5% SCA 4 i A DC-BERT Hlilll 2R B AL f5 |, 42
HUE) B 2 J2 19 768 4 fir e 5 AE Ry SCARRRAE , I 2R FH BILSTM M 45 #E 47 432 5 (4) Pause+BERT +
BiLSTM : fiff FH 8 o 45240 4 5% J 110 7% 5% SCAR 8 Hoin A BERT B2 780 J , $2 U0 8050 2 )2 10 768 4t i
P SR S SCARRRIE , OF R ] BILSTM W 26 #1743 26 5 (5) Pause+DC-BERT + BiLSTM : fii J1] £ i 45
1 Gt B I 14 % 53 SCAS o o A DC-BERT FI S5 A0 J5 2 U1 8055 2 J22 1 768 4k 4 17 914 ol SOA
FRAE, JF R A BILSTM M 2% #4740 . XA RmFE 2 s, MR 2ATHL 7 BILSTM W& S 4805 Lk
WE B Wae T, FRCABENE .,
DC-BERT+BILSTM iy WA #] L1k #] 69.01%,

K2 NXAEEHIEILER

Table 2 Experimental comparison results for only

UA K 2] [ 68.93%6 5 1li BERT +BIiLSTM A WA text (transcribed text) modal
H68.78% , UA H 68.69% , Word2vec+ BILSTM ey WA/ UAI%
I WA ALl 65.21% . i i DC-BERT #Y 1 fig 2 Word2vee— BILSTM 65.21 _
It T BERT S Al word2vec, BRULZ S, AHE% BERT+BiLSTM 68.78 68.69
PR 8 T 4 FH 2 53 SCAS SR 8 ok 45 it G DC-BERT +BiLSTM 69.01 68.93
Jo B SCAB 3G T 1 S AT B IR, A — Pause+ BERT +BiLSTM 69.66 69.64

PR RESE XS B IFE A, T LA Pause+DCBERT+BILSTM  70.13 70.34
=5 15 BRI B E AR P, T DC-BERT 5 1 i 45 5

B4 &t ik — A 3R T T IR B HETE M, o WA .
FIUA S BIAE] T 70.13% F170.34% *3 ZHEASEEAEIEMOCAPEIEE FHXTLER

= v o ). I, N Table 3 Comparison results on IEMOCAP dataset
5 JE A4 8 S0 A A Tl 1 25 S (R SCR: part !
FH 2% TR IR JZ Rl 00 SRS ) 5 B T B — S8 S 4

using multimodal models

S dsr, Hora se G| F R0 TR R (%) 1 ek R ERLE] WA/Y% UA/%
J )R AR Al B A SRS B T 3 AR W T Concat (Yoon et al., 2018)™ 71.80  —
FIHLH, W 3 s . Concat(Gu et al., 2018) " 72.70 —
~ [19) 4B oo
(1) Concat (Yoon etal., 2018) ™ : 4t ti — Concat(Xu et al., 2019) & 72.50  70.90
5 S B S A P '
Z RS DR R 2R T A B BRI RNNRBE e 4w (ki eral, 201907 —  75.50
N S 45 46 7 P il 24 ] 2% 06 4 i
HUCKESUL 00 ORI S5 I
I 4 AT 52 AR K O A T . )
N h . Concat(Patamia et al., 2021)” 70.18 —
MOCAP BHR4E LA T 71.8% MU %, ‘
. . (201 o LLDs+word2vec+ BiLSTM 71.10 —
(2) Concat(Gu et al., 2018)""" . & H —Fp £ ( )
e e . . . BiLSTM-LocalAt sed 78.70 79.51
WA 4 2 1 7 )1 25 #9 (Multimodal hierarchical at- 1 ocalAttipropose 7
BiLSTM-SelfAtt(proposed) 77.99  78.77

tention structure ) , % 4% ¥4 32 B AU 5 SCA 7 2 S B
Ho R B R A R e A BB BiLSTM-MultiAtt(proposed) 76.39  75.97
B SCAS RN AT R X TR o SR A SCAS TR R RN O 3 3 AR He DURH N 4 B A P R BURFAE |, I 3 2
Tl A5 J (4 AE R A7 17 SR, Fie 4 4E TEMOCAP $¥i 8 3845 17 72.7 % B9 B1R

(3) Concat(Xu et al., 2019)"*" . fiff Fl v 2 3 WL i 5 2 o7 15 85 WA SCAS ) =22 ] B9 % 5%, P85 %) 5% 150
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LIS FRAE 0 A 2 A AY oh JEA T BRI e 287 TEMOCAP S5 4 1) WA R UA 43 5128 72.50%
F170.90% .

(4) BN+, + 0%, (Kim et al. ,2019)": F] F} DNN 48 BUE 15 98 75 27 0 SR AE L B % DLy A5 R AEF
IV IR Ry HE Bl () SCACREAE | B 75 2% R SCAS RRAE #EAT WO A& ARG A 295 — A DNN 4328 IR 2
EIEMOCAP 4545 I UA R 75.5%

(5) Concat(Pepino et al., 2020)'" : il i BERT $K 153 ) 1 F SCI i A b B 5% SCA B B 4iE, A1)
OpenSMILE T. H A 42 I 36 4k (19 75 < FR1E , SR B B il & 00 7 S0 A RS (5 B & & HF 1E-
MOCAP $t#54E 1/ UA S} 65.10% .

(6) Concat(Patamia et al., 2021)" . FI ] librosa $K Bt 34 4 75 2: 45 4F , 30 3 BERT #8/5 19 I R 3CiA
W AANE R SCA B RRAE , 165 RSB 25 A9 SR 0E A Al 28 I 246 3R BUTE R J22 ) SRR AIE , R AR A J2 i & 1 5K
AWM ESE R, RATEIEMOCAP 5E 4 FAY WA 5 70.18%.

(7) LLDs+word2vec—+ BiLSTM 18 & A5 1 988 4k L1 Ds A SCAAE S o i ] word 2vec SR B il 4%
AT B AR AR D Bk A S RSB0 B — 20 BILSTM M4 b A5 U] i X WA A 71.10% .
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Fig.4 Confusion matrices of four categories of emotion recognition results under three different attention mechanisms
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