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A Survey of Transfer Learning Problems in Emotion Recognition

HUANG Zhaopei' ZHANG Fengyuan' ZHAO Jinming” JIN Qin'
(1. School of Information, Renmin University of China, Beijing 100872, China; 2. Qiyuan Lab, Beijing 100095, China)

Abstract: Emotion recognition is an essential process of natural human-computer interaction. However, the high cost of data
collection and labeling has become a bottleneck in the development of emotion recognition research. It is worth exploring how
to improve the recognition performance by the cross-domain or cross-task knowledge transfer in scenarios with no or limited
annotations. This paper organizes and analyzes transfer learning problems in emotion recognition. Firstly, transfer learning
problems are divided into two parts, which are problems for domain discrepancies and for task differences. Each part of them
is further subdivided into several different situations. Then, existing works of emotion recognition in different situations are
summarized respectively. In the case of scarce training resources in the target domain, other annotated datasets can be used
as the source domain to train the model. During this process, the feature distributions from different domains should be
aligned, or the features should be mapped to a shared space. Considering that the supervision information provided by emo-
tion annotations is often limited, in order to further improve the recognition performance of the model, other related tasks can
be introduced for joint training, or the prior semantic knowledge provided by the pre-training model and external knowledge

base can be transferred to the emotion recognition task. Finally, transfer learning problems in the emotion recognition task
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which need more attention and exploration in the future are discussed, aiming to bring new inspiration to researchers.

Key words: emotion recognition; transfer learning; deep learning
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Fig. 1 Illustration of the Transfer Learning Problem
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Fig. 2 Summary of Transfer Learning Problems in Emotion Recognition
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Tab. 1 Works to Solve Discrepancies of Facial Expression Feature Distribution
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Tab.2 Works to Solve Discrepancies of Speech Feature Distribution
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Tab.3  Works to Solve Discrepancies of EEG Feature Distribution
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*hitps://www.kaggle.com/lakshmi25npathi/imdb-dataset-of-S0k-movie-reviews

*https:/fwww.kaggle.com/yelp-dataset/yelp-dataset



596 & =

b

539 %

Li % NN JEF Transformer 155 5 24 3] 3 58 M 55 i
PR AR Bt i), A AT TN A 2 S A R Bt )Xo 1 Y AR I 2R
ANACEE i 5 R B A v A G SR 3
%5 S AR B TE G, DL 2T AT DATR VA S A 1 25 %)
@ Gk I, TR T T AR AR e Y
T LR PO AT: 55, DA RME 5808 i L v () A Bt i)
DL 7N P AR 230 308 i EL A B0 1) 30 i i 7 ) 2R
1% A Transformer Z % , I X5 44 358 ke 74 A0 et 1] ot 1y
) R A T 4R R ) A% o AT Kend-
all' 45 A& A DL S AS B 2 P A o ik AR A
SR AN E AR B RS AR B A S AF
hy Ak Bt ] 0 e e R A AR H B 8 s R A I 2N
W ST A i) . AR IR R KNV IN T ROE I R )
HATTIA R ) 2 A2 2] B BB AR A BE T, T
P YN s i 1 5 R S o € TR T A
SR, SRR AT E AT ik m g A
AT DL B2 [ — S R A0k A A DG A e 1 A By
1A), TS B AR T+ B SCAS 73 SR
TR At i) 04 5 1k v R A T K Bt ] ) 22 B
JOTE SR T A B DUl P R IO IR AT A A
R, HAERPEME LIS B0 UE . NIl 1 2 0
AT AR 3 0 A T SOAR B 1Y
FEAE SR 22 S, Li %8 AV 5] AT DANN
Pty R SRR ) 2 RN B R SR A R R T T
XTI 2R iC A2 2% AMN At i TR — BE SCAS S A
o BT A R ME S S AN AR R O A T
— A ) o, PR Y G A A% o i Tz A )
XA B A BRI R B IAGE , IEE T
IOBCR A W0 =1 I BUS B 25 538 5 A i) ) i 28
MU S M EE RARES & AE R — R EE T
R A 1) i, 3 2 2 R e — IR AL
45 AR R i 1 SCARRRIE IR . Bl #al
T 28 T 5 S S AR A BB Y RRAE R 36 AT IR A
e TR A A Sl i A i A S v B BRI
PN R AT i v, o R S 1] A B A
SRR R )2 S S S O AR AR B S
TR Pl o G IR Zha A2, A i) 1] 2 fiE
% Shy i A TR R A DR G B A R T 5 AR A 4
AH AR A B ) D7 S R B AR, Ay JH A 3] TR
TR/NACE , LB R LA shn i ST A
) A BRI AT, AT 2 20 311 38 F T I AT

%5 B URTE G A MR IE RN . He 25 N0 U Ak
F Zhuang % A\ H BOHFR KL 2 B/ Mb
PRI A s 3 i) S 491 76 5 AR i A 23 18] AR R
TEXT 55 A8 A AR B R A A i, Sl T AR T
DR AR TE RO I 2 Y 1) 0 245 ) F A 30
AEFA B0 1 X7 RE T, AT T2 M B 2~ P iy
Ik /MR RIS T BT AT H A s 000 25 2R /Y
L 5 [R) s ads A2 PSR R8s AT A AR B A
it B, LhE— B4R T o3 S 1 A T SRR

B T ZRit 5 R Y &, —SEF 5 E T IR
SR T PN S 7Y A ¥ v Rt B SRR B3
FHE 5 AR D R A 55 b AN [R] 450 =2 8] A4 5 A
OrA 22 SRR, Ye S5 NH HIFI 2Rt 5 A6 8 i
B W U A A R S B A L DA 3 R )
ALE RSP R SCARRAE . AAT TN, B ZRAse 2 g v
)2 R AL AL LE v SR AR B B SR A T A 1
AH T[] B BB I 20 5 B R Y e S N 2
P 28 A 1 H I 051 it 25 00 0% 0 T2 2 0 WL )2 4 i
AURFIEIE R He vh X6 V2 10 i AR 20 AR R
A VR T T Ui B s R AT 55 IR E . 0 T
HE— 2D SR AR RS H AR i X 7 BE 7, A 1R
FURR IR ECE A2 B T OB I , IR i 2t A e o
B F AR A B 20 RAT 55 U Zrpr o O 1ok
G Db 28 1 W 7 2 I o At S R 2 i, A T3k
R TN ZRASE Y 1) i 1) -5 5 I A A R 1) i o 22 )
B B 5 5, 8 H AR BRI 4 h AT
{7 BB KRR ZR N S5, (A e & T H br sy 26
55 BRI RE 08 5 R 2 3 O B TN R Y vp
FE SCfE B . Du SE N BERT Il 25 45
LSR5 IR 2Bl B AT TS 25 (post-
training ) A2 . AATTECT 74X A 55 A H ARk
HEA TR F AT 55, 10 [A] o A ) Rl
L 50% F AL 3 DT A 3 45 BB — ) 358 BF 4 1 —
i, 5351 50% BIMEATT DA H AR BB P A3 B AR
— i, BRI N WP i B9 R R A R U T [
— G e W HRHT E ol , SE2% BERT A
MIMLM AT 55 o Zead J IR I B, A8 B i i T
LS TP ITFIRE B SCR Ry A, B 3 T X
N IPEEE ST RE T, A B T RS B SR0E B BER
POl 7 0 = Vi e 200 5 o W ST 11 o T TRV
%‘j\:“] JFUJ )I%E% i 1% Hi Y ?ﬁ ‘}iEéZT_\‘ 1] (soft prompt) 7'17



o 4 3]

IR A5 ARG TP AT AR A A RELR A 597

TG X PTG T RS A 30 S A O B A
S AR R R 1] 1) e, DI /NGl 22 5
X A7 T i 0 23 R %) S T token 18 B ARFAIE F IR
5]

e AXF SCARFE 43 A 22 5 A0 OC TAE SR B I
RIEAT T R4
3.1.2 HBiEZFEERNES

TE3. 1 1V PR i TAE T WA el b i 5t 4
i AN BORAEAE AT 25 5 AHR SR R Ak T IR —
FREAE 23 [B) v, DR Ik 4 % 5% 255 ) vl A4 €3 358 17 )
FEAE 20 A i TT 5280 g BT i 1L F% o AR AE A 2L
DT A [r] 5Tl 4 JE 4w A 23 A0 T AN [R] A Ak 25
), G Jm TR RS A BSCAR B0k A AS [
SHWEAGE o BT IE TR I 2k i #5575 24 5] 5|
) A2 AR I ) AR 22 R B s 2 % () A B 33 G R, 7R TR
BN H BRI IR RRAE S RS RIS G0 T, SR TE
BN T B AR R A WA 55 o IR AT
DUUE S T A 8% D G SR Bl S 38— A e ] 1)
fEZS [a] b B, R FH VR S 0 R 1 25 H S 8
REMS P AT R RS ) H bR U L &l 4 Rk
23 (] 2 S5 [l R ) s L

FATTHCHE A4 1 1 FH 37 S5 4 R AIE 25 ) 22 57 1]
IR 53 0y 5 15 5 it A2 ) 5 TR ) 7 28 ] R
B X VP 2 ) R () — S i R 7 VA AR — i AL Z AL - 151
] LA T B B S ARG — A G i S5 i R ik B
FERG I3 Iy — A G R Ak s (8] v 50 ] LUK
PR AN Gk A B8 2 T i S ) REAE 5 [
I HE A5 45 T A ARG AL IR A 5T 1Y A, TR
TR AT LA R 1 518 5 sl 218 5 Ol 2R 5 05
FLTERRAIE 23 (] (1) 27 2] P4k R4 i 2l 5 (E AR 5 AN
5 SRR TR) R o e = AT A B BN ZR 550 . LA

TR B A B LA R RS AU ] B
AT v
3.1.2. 1 ANIAITE T ARAR 23 (] 22 5 R AL

XF T SCABEZS (A5 BB, RIS = 2 SCRR] Y
— A, AR AN [ A 5 R LR i AR
B TAF R AE R B 2 rp o an 2R IAT A 8
P — D RERE LE H ARtk B R BLIE R A AR, fix
by 07 2O AR A S AR R R 5 5080
YIZRZAEAL SR, AN RIS 5 6 h I R R
R BRI ZE S X T — 28/ N AR TR F R UG, 7]
REAROME Fie 21065 7 A R MRS RL , L 22 m] REXE L 4% 5]
FEA AR T A SCA R o RSPy B, el
2 A E R IR 8 n i & Bk R R B
Bl e BE IR B = WO TR = BRIl i A T A
TR ES U AR SRR AR 25 ) 22 S R 1R R
RGP S 5 P RSO C I R o 181 5 R
TSR RGN T B R R Ik

TR B I S A — o LA LA B
B H b —Fh i 5 A4 AR ) — Pl
T SRR AR A, DRIEORT ARG TE R IR A 2 2R A%
I ] 58— G — R 5, 45 0 F DR A 1 2R i
0 2 AR BES ELIE N T T H PR i & L. Bala-
hur 55 5 Y51 1 R UN B LR IR &
il I T T 1A a8 B H i o P R
AR 25 28 DA O 7 A8 JEUbR 28 U1 2 T H AR IR 5 Y
152845 . T Hajmohammadi %5 A" #5314 7 6
W) 55 ZAH B, B TERRTERY H bR & B IR T =
PR R UR I 75 3 L Y 1) 43 S 25 000 17 J8
X B X i A BSOS 2E AT B 0 O SR AR R
Fe AHROR 32 B HL & B R G A B BHPR A R Y
B, LR A BRI A RE R DR P A 5 22 1]

Rd SORFHEIM 0 25 5 )R G A

Tab. 4 Works to Solve Discrepancies of Text Feature Distribution
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Fig. 4 Illustration of Feature Space Differences Problems
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Fig. 5 The Development Diagram of Cross-lingual Emotion
Recognition Method in Text Modality
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