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Multilevel emotion recognition of audio features based on multitask
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Abstract: The traditional audio classification tasks involve extracting feature vectors from single—level audio, which can result in
coupling between features even when using large models due to excessive parameters, violating the principle of high cohesion and
low coupling in feature extraction. We observe that some emotion—related covariates are not fully utilized. Therefore, we incorporate
gender—prior knowledge into the model. Furthermore, we transform the multilevel audio feature classification problem into a multi—
task problem, thereby decoupling and classifying multilevel features separately. Finally, we introduce center loss for further
optimization of feature distribution. Experimental results on the IEMOCAP dataset demonstrate that the proposed model achieves a
weighted accuracy (WA) of 71.94% and an unweighted accuracy (UA) of 73.37%, which are improved by 1.38% and 2.35%
respectively compared to the original multilevel model. In addition, we have designed two single-level audio feature extractors based
on the Nlinear and Dlinear algorithms, which have yielded promising results in single—level audio feature classification experiments.
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Audio+W2E 65.89 66.39
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WA/ % UA/ %

SER 70.56 71.02
SER+MF 71.94 73.06
SER+MTL 71.88 72.26
SER+CR 70.68 72.35
SER+MF+MTL 71.75 73.37
SER+MF+CR 71.44 72.23
SER+MTL+CR 71.90 72.78
SER+MF+MTL+CR 70.31 71.64

(1) SER : ¥R A ;

(2) SER+MF ; WA A I APE RN e 80 15 .

(3) SER+MTL. ¥I IR E AU A 24T 5L 5

(4) SER+CR : DAL A OB AL 5

(5) SER+MF +MTL . %] A 155 38Y fin APE ) e 36 1%
BAZAT 55 P

(6) SER+MF+CR : P4 B i AR Se 565 5
AL

(7) SER+MTL+CR : ¥ 45 15 AU A 24T 55 Bl
A AL 5

(8) SER+MF+MTL+CR : %] 4 2 8 i A 1 1] 56
5 B ARG HLHIF OB R AL

it 1 R 2 T Z RGBSR AR KA
BARIEER (WA UA) X, 2R 0E B
KRR R TR RIESE RS, XL
ANZ R B FEAE A 5 VR 2 AL R, X I R
IIRAT S AR, 8 iR M4 (1M, 1F,
2M) FR BE 2, i 2R DI 2R U R, M e 7s A
BOGRE (UA) . FTLUE Y Dk el il iz
1155 F 2 PLHIEE T T 22 08-S 5 IE80R

H2 2 PG REE IR LIER , 2 2 REFIE 5
AL A AR AT S5 LA SR 5 (S B
ZJ5, WA R UA Y915 80 74T, B0 0E T AR SCF AL
R RHE, o Je s s BT RE 4R TR o A
SER+MF+MTL H 3 T e i (A AU BE (UA), B
TINAURE BE 4 v (EAH X T SER+MF B8, 1 SER
+MF+CR .SER+MTL+CR .SER+MF+MTL+CR £~
WO HGR G AR T A SR AT BT T
B X UL 2 A RRHE A0 AT PR L B B e R RETE LA T



1 B, . BT 25522 SEESPUNZ E RS R IEE BOR BT 93
0.70
0.75
0.650
0.70 0.625 0.65
0.600
0.65 0.60
0.575
0.60 0.550 055
0.55 0.525
SER SER SER
SER+MF 0500 SFR+MF 0.50 SER+MF
0.50 SER+MTL+CR SER+MTL+CR SER+MTL+CR
SER+MF+MTI+CR  0.475 SER+MF+MTLA+CR SER+MF+MTI+CR
0 5 10 15 0 5 10 15 0 5 10 15
(a) MREE R 1M (b) M H 1F (c) MREE R 2M

30

20

10

t=SNE Dimension 2

-20

=30

Class 0

Class 1

True

Class 2

Class 3

Class 0

-20 0 20
t=SNE Dimension 1

(a) SER Experiment

&9

Confusion Matrix

Class 1 Class 2
(a) SER Experiment

B8 FREMIXERFEE Lk

Fig. 8 Accuracy curves for different test sets

SER il SER+MF+MTL+CR 525 19 R 1 7] 94k
SERFNRIE R 9 K 10 Fron, 189 KR A
SEE P RFAE [ SE T t-sne BRZES] — 4ERS (194016
Kl 10 g —A7 AR T 8RR 1SR E 280, B
—FIRE T IR EES E ] W A e E

classO
classl
class2
class3

40

t=SNE Dimension 2

B AL # LRI AL OB RS RS S B
kT 573 A4S 2 1 B W0l | (RIS AE BE O SR AR | S+
FERHE Z 0] (22 SR o3 B TEIRVEFE P, classO
(15T2%) FT class2 (RAR ) ARG I 245 SR A5 21 B & okt
R WA FN UA TER T B0 A R

40
30
20

0

classO
classl
class2
class3

20 40

t=SNE Dimension 1

(b) SER+MF+MTL+CR Experiment

i#id t-SNE AI{LL IR BN FHE R B
Fig. 9 Visualizing the Features Extracted from the SER Experiment (a) and the SER+MF+MTL+CR Experiment (b) using t—-SNE

Class 3

0.8

0.7

0.6

0.5

0.4

0.3

0.2

0.1

Class 0

Class 1

True

Class 2

Class 3

Confusion Matrix

Class 0 Class 1

Class 2

0.8

0.7

0.6

0.5

0.4

0.3

0.2

0.1

0.0
Class 3

(b) SER+MF+MTL+CR Experiment
E 10 SER 5 SER+MF+MTL+CR L35 HI3R 5 5/
Fig. 10 Confusion matrices for the SER Experiment(a) and the SER+MF+MTL+CR Experiment(b)



94 S

aod
[Ny

itow oM 5w

14 3%

4 HERIE

AR SCEF X 1 B 2 IR, 7E 2 R AR
W 2AT 55 v, AR i i A9 3£ T Nlinear #1 Dlinear
PRI AR AT DA 35 SRR AE 4 L, (R 2 HLAiUR
AT, TEZ 2R BUREAE SR 1 $2h T—
T A 31 SC 5615 S8 RVERAE R ) 70 2845 357
W= REAE (S MFCC Seii e 2) 2 5l i 24T 55
=5 S HUHIAVE DU A3 S A BT T AR, e 20835 0 — 4
TESPERERAE AL A, I A 2 50 JEARE U 4y FE R T
gk, BT IEMOCAP BE 4 i s miliad 6 32
B AT 5543 2RGSO J32 R InABSORS 2 1 4K 45
THET, AE T A M A R, (R AR A
(RS BEAT SR A 4R T 25 0], M A0t A P 28 5
TEFRICAR Y, R 3 T et — 2P el AR

S 3k

[1] DEMSZKY D, MOVSHOVITZ - ATTIAS D, KO J, et al.
GoEmotions; A dataset of fine — grained emotions [ J]. arXiv
preprint arXiv:2005.00547, 2020.

[2] FENG T, NARAYANAN S. PEFT-SER: On the use of parameter
efficient transfer learning approaches for speech emotion
recognition using pre—trained speech models[ J]. arXiv preprint
arXiv:2306.05350, 2023.

[3] AKHAND M A H, ROY S, SIDDIQUE N, et al. Facial emotion
recognition using transfer learning in the deep CNN [ J].
Electronics, 2021, 10(9) . 1036.

[4] MARTIN C H, MAHONEY M W. Traditional and heavy —tailed
self regularization in neural network models[ J]. arXiv preprint
arXiv:1901.08276, 2019.

[5] KRIZHEVSKY A, SUTSKEVER I, HINTON G E. Imagenet
classification with deep convolutional neural networks [ J ].
Communications of the ACM, 2017,60(6) :84-90.

[6] LIPTON Z C, BERKOWITZ J, ELKAN C. A critical review of
recurrent neural networks for sequence learning[ J . arXiv preprint
arXiv:1506.00019, 2015.

[7] ZENG A, CHEN M, ZHANG L, et al. Are transformers effective
for time series forecasting? [ C] // Proceedings of the AAAI
conference on artificial intelligence.2023, 37(9) . 11121-11128.

[8] CLARK K, LUONG M T, MANNING C D, et al. Semi-
supervised sequence modeling with cross—view training[ J]. arXiv
preprint arXiv:1809.08370, 2018.

[9] CHO K, VAN MERRIENBOER B, GULCEHRE C, et al.
Learning phrase representations using RNN encoder —decoder for
statistical machine translation [ J]. arXiv preprint arXiv. 1406.
1078, 2014.

[10] VASWANI A, SHAZEER N, PARMAR N, et al. Attention is all
you need[ C]// Proceedings of the 31% International Conference
on Neural Information Processing Systems, 2017:6000-6010.

[11]DEVLIN J, CHANG M W, LEE K, et al. Bert: Pre—training of
deep bidirectional transformers for language understanding [ J].
arXiv preprint arXiv:1810.04805, 2018.

[12]OORD A, LI Y, VINYALS O. Representation learning with
contrastive predictive coding [ J ]. arXiv preprint arXiv. 1807.
03748, 2018.

[13]ZENG A, CHEN M, ZHANG L, et al. Are transformers effective
for time series forecasting? [ C ]//Proceedings of the AAAI
conference on artificial intelligence. 2023, 37(9) . 11121-11128.

[14]DAS A, KONG W, LEACH A, et al. Long—term forecasting
with TiDE: time-series dense encoder[J]. arXiv preprint arXiv:
2304.08424, 2023.

[15]WOO G, LIU C,SAHOO D, et al. Learning deep time —index
models for time series forecasting[ C]// International Conference
on Machine Learning. PMLR, 2023.37217-37237.

[16] XU H, ZHANG H, HAN K, et al. Learning alignment for
multimodal emotion recognition from speech [ J].arXiv preprint
arXiv:1909.05645, 2019.

[17]ZOU H, SI' Y, CHEN C, et al. Speech emotion recognition with
co — attention based multi — level acoustic information [ C |//
Proceedings of ICASSP 2022 - 2022 IEEE International
Conference on Acoustics, Speech and Signal Processing
(ICASSP). IEEE, 2022. 7367-7371.

[18]RUDER S. An overview of multi—task learning in deep neural
networks[ J]. arXiv preprint arXiv:1706.05098, 2017.

[19]KANG L, ZHANG L, JIANG D. Learning robust self-attention
features for speech emotion recognition with label—adaptive mixup
[C]//ICASSP 2023 — 2023 IEEE International Conference on
Acoustics, Speech and Signal Processing ( ICASSP). IEEE,
2023; 1-5.

[20]BAEVSKI A, ZHOU Y, MOHAMED A, et al. wav2vec 2.0; A
framework for self—supervised learning of speech representations
[C]// Advances in Neural Information Processing Systems,
2020 12449-12460.

[21]HU D,BAO Y, WEI L, et al. Supervised adversarial contrastive
learning for emotion recognition in conversations [ J]. arXiv
preprint arXiv:2306.01505, 2023.

[22] ALDENEH Z, PROVOST E M. Using regional saliency for
speech emotion recognition [ C ]//Proceedings of 2017 IEEE
International Conference on Acoustics, Speech and Signal
Processing (ICASSP). IEEE, 2017, 2741-2745.

[23] TATSUNAMI Y, TAKI M. Sequencer: Deep Istm for image
classification[ C]// Advances in Neural Information Processing
Systems, 2022 38204-38217.

[24]ZUPAN B, BABBAGE D, NEUMANN D, et al. Sex differences
in emotion recognition and emotional inferencing following severe
traumatic brain injury[ J]. Brain Impairment, 2017, 18(1) ; 36—
48.

[25] PLEISS G, CHEN D, HUANG G, et al. Memory — efficient
implementation of densenets [ J ]. arXiv preprint arXiv: 1707.
06990, 2017.

[26] CHENG B,MISRA I, SCHWING A G, et al. Masked—attention

mask transformer for universal image segmentation [ C ]//

Proceedings of the IEEE/CVF Conference on Computer Vision

and Pattern Recognition, 2022 1290-1299.

HEIDARI M, MOATTAR M H, GHAFFARI H. Forward

propagation dropout in deep neural networks using Jensen -

[27

[

Shannon and random forest feature importance ranking[ J]. Neural
Networks, Neural Networks: the Official Journal of the
Internatinal Neural Network Socienty, 2023, 165:238-247.

(FFEEE 101 1)



