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Research advance of multimodal personality recognition
based on audio and visual cues

ZHAO Xiaoming'’, TANG Zhiwei', ZHANG Shiqing’

(1. School of Faculty of Mechanical Engineering and Automation, Zhejiang Sci-Tech University, Hangzhou 310018, China; 2. Insti-
tute of Intelligent Information Processing, Taizhou University, Taizhou 318000, China)

Abstract: Personality recognition analysis is an important research topic in personality computing, which has important
applications in human behavior analysis, artificial intelligence, human-computer interaction, and personalized recom-
mendation. In recent years, personality recognition analysis has become an active research topic in psychology, cogni-
tion, and computer science. This study introduces different types of personality representation theories and databases re-
lated to personality recognition and presents various audio-visual cue feature extraction technologies for personality re-
cognition, such as handcrafted and depth features. Then, multimodal fusion methods integrating audio and visual cues
for personality recognition are classified and summarized in detail. Finally, the development trend of multimodal person-
ality recognition integrating audio and visual cues is explored and summarized.

Keywords: Personality recognition; personality computing; types of personality; audio-visual cues; feature extraction;
hand-crafted features; depth features; multimodal fusion
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Table 2 Summary of audio-based personality recognition
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Table 3 Summary of visual-based personality recognition
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Tl M IE . N8 AL 55 ) Z 05 AR R 5 S Ak B AR
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B 15 B (HOG) ., Jayi — i 8 (LBP), RUEE AR
ARFEAE AR $ (SIFT) 45

Dhall %™ $ ) 7 — Ff R A WL 5 %
SEPEN PR Twitter SO A #E 0T P 9 A
R . X RMIT ARNGE S A F 7 — D N5

BHA R sk S0 H = A DHIEN & R E e R A
T8 7 K 4548 (pyramid of histogram of
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quantisation, LPQ)"® % T T fhil /E 45 AiF #5845, 1%
SRR TE ] P SR E R BRI . SRS
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Guntuku 557§ H R ARG BRS04 3 6 5
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WL F X 8 2 (8] 1) 26 F v 4 BOAS [m] B ARG 2 4 40E o
filn, J7 e B E 7 (HOG) H Fiiid e BB
R, MR HE B H TR RIS v . b T 22
TR FEAE RS2 R AR 2 18] A S22 5, it SR 2K
() 75 3 AR JZE U8 5 1) 86 B2 507 Bl (HOG) L #
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SE L REAE o B B ] 2R Y RRAE, SRS R S
Fra AL (SVM) SEBLALF 250 S A HY 2 010 5 5]
BAEA B R T AAE BRI o

TS R R S R L GE RR AL, f 45 B
{0 oCER AR PRI EE (Ttten contrast) AT 45
fiE, SR R A AMEIAL, 7 64 A
2 000 I EIEAEA 52 K 1 F 2 B0l . Tareaf
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puter expression recognition toolbox, CERT) % 4 3k
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FHIE
322 REALHFAE

H AT, R 2 I7 T 2 T AR U0 G,
FH DA BB 2 oy 0 RRAE, W AT CNN
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1) 8 25 R 0k T 285 R0 IR B8 AR AE 4
., Zhang %" $& 112Kl CNN I TS & A 186
K 186 MR R AEA B A A 300, K
RVFAG— NS R BT g A AT i) 7
T AR L AR I R T DN e Y
BARAR, ARG PR T — b B o (1) CNN LAY, 5
i SHCUE 5 U 25 2 1) VG G-face A5 71 Sfe 3t [W] 13 )
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B 25 SRR W], CNN FRRAEALE T AR HE 5T 07 AL T
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PG K (class activation map, CAM) #E47 7] 41
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2) B IT 51« XT3 AT 51 TR B
FEAE 4R B, Girpnar 25 38 3 S0 — > 1 56 DI 45
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W 2R 75 T ER A AN 5 0 ML RRAE 6 AT 5 O, B
A B PR %% 2J HL (kernel extreme learning ma-
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CAAI [EPr N T3 HEZS L (CICAI 2021)
CAALI International Conference on Artificial
Intelligence (CICAI 2021)

The CAALI International Conference on Artificial Intelligence (CICAI 2021) will be held at Hangzhou, China on
June 5th-6th. CICALI is organized by Chinese Association for Artificial Intelligence (CAAI). The aim of CICAI is to pro-
mote advanced research in Al, and foster scientific exchange between researchers, practitioners, scientists, students, and
engineers in Al and its affiliated disciplines.

CICAI 2021 will be a hybrid conference with both online and in-person presentations.

The program committee of CICAI 2021 invites the submission of papers for the technical program of the confer-
ence. High-quality original submissions are welcome from research results and applications of all areas of Al including
but not limited to the following areas:

* Brain Inspired Al

* Optimization

* Machine Learning

* Multi-agent Systems

» Computer Vision

* Humans and Al

* Natural Language Processing

* Al Ethics, Privacy, Fairness and Security
» Knowledge Representation and Reasoning
* Explainability, Understandability, and Verifiability of Al
* Data Mining

* Multidisciplinary Research with Al

* Robotics

* Applications of Artificial Intelligence

* Al Ethics, Privacy, Fairness and Security

* Other Al related topics



