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Deep emotional arousal network for multimodal sentiment analysis and
emotion recognition

ZHANG Feng, LI Xi-cheng, DONG Chun-ru, HUA Qiang®

(1. College of Mathematics and Information Sciences, Hebei University, Baoding 071002, China; 2. Hebei Key
Laboratory of Machine Learning and Computational Intelligence, Baoding 071002, China)

Abstract: Multimodal sentiment analysis and emotion recognition have become an increasingly popular research topic,
with a large number of emerging of various images and videos on internet. Compared with the unimode sentiment
analysis, one of the key issues in multimodal sentiment analysis is the fusion strategy. Inspired by the emotional arousal
model in cognitive science, a deep emotional arousal network (DEAN) is proposed, which can simulate emotional
coherence. The proposed DEAN consists of three parts: A crossmodal transformer module that simulates the functions
of a human perception analysis system, a multimodal BiLSTM system that simulates the cognitive comparator, and a
multimodal gating module that is used to simulate the activation mechanism in the physiological emotional arousal
model. Extensive experimental comparisons on three benchmarks for multimodal sentiment analysis and emotion
recognition are conducted, and the experimental results show that the DEAN outperforms the state-of-the-art methods.

Keywords: multimodal sentiment analysis; multimodal emotion recognition; deep emotional arousal network;

crossmodal Transformer; multimodal BiLSTM system; multimodal gating module
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metric

Acc F1  Acc Fl1  Acc Fl1 Acc Fl

BC-LSTM 83.1 81.7 82.1 81.7 850 842 66.1 64.1

MFN 90.2 858 884 86.1 875 86.7 721 68.1
RAVEN 87.3 858 834 831 873 867 69.7 693
MulT 90.7 88.6 86.7 860 874 87.0 724 70.7

DEAN (ours) 90.6 89.2 86.4 863 88.1 87.7 724 71.5
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H# 1 7] LLE H, DEAN B R B 7B 45 1 24 25 5
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DEAN 58 #H5 Y Hy 3 AN SEELZH i, B 22 455745 0[]
LSTM R 4, R4 Transformer AR AN 2 B A4S [ 1984
B AL UL DEAN 58 BB R Ay S A 1 2 3k 4T G0 R 1Y)
DEAN w/o GATE: 7% 56 % 155 71 (1) B it b ) 3
H R S T TR A
DEAN w/o LSTMs: 7 56 8 B8 1 B Al b fh R 2
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DEAN w/o LSTMs & GATE: 7E 58 ¥R 7 ) JE 7tk
I RAR B EE RS Transformer B,

#2451 T CMU-MOSEI $35 48 _F R4 & 1)
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S0 R B e, R D AN (R AR R 2 6 S 5 SR AN
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R T 134 E 4 k. AT 0, 7E 1 B M E 55
I 2 B Z 175 SR AR I 224 T R 2] 0 155 SRR AT A EE Y
M.

%<2 CMU-MOSEI #{F5 R\ S RYERISIINEE R

Acc7  Acc2 F1 MAE

DEAN 52.1 828 829 0573
DEAN w/o GATE 51.4 82.0 823 0.591
DEAN w/o LSTMs 50.8 822 816 059

DEAN w/o LSTMs & GATE ~ 50.3 80.9 80.9  0.599

352 AFEEASKEEME
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RS A A,

=3 CMU-MOSEI ##E S 1E R msoid 5 R

metric Acc7 Acc2 F1 MAE
language 47.2 77.4 78.5 0.652
audio 44.7 65.9 70.0 0.757
vision 43.0 65.2 69.8 0.777

3.53 EAFPHEEER
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metric Acc7 Acc2 F1 MAE
V=L 49.7 78.5 79.6 0.593
A—L 50.0 78.1 79.6 0.596
L—V 49.2 77.5 79.4 0.626
A—V 443 69.6 71.7 0.755
L— A 48.1 71.5 79.1 0.631
V- A 44.5 69.2 71.9 0.752
V,A— L 51.4 80.6 81.4 0.579
L,A—>YV 51.1 79.8 80.8 0.597
L,V - A 50.8 78.4 80.4 0.580
DEAN 52.1 82.8 82.9 0.573
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