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A Survey on Interpretability of Facial Expression Recognition

ZHANG Miao-Xuan ZHANG Hong-Gang
(School of Artificial Intelligence » Beijing University of Posts and Telecommunications, Beijing 100876)

Abstract In recent years, Facial Expression Recognition (FER) has been widely used in
medicine, social robotics, communication, security and many other fields. A growing number of
researchers are showing interest in the FER area and have proposed useful algorithms. At the
same time, the study of FER interpretability has attracted increasing attention from researchers,
as it can deepen their understanding of the models and ensure fairness, privacy preservation, and
robustness. In this paper, we summarized the interpretability works in the field of FER based on
the classification of result interpretability, mechanism interpretability, and model interpretability.
Result interpretability indicates the extent to which people with specific experience can
consistently understand the results of the models. Specifically, result interpretable FER mainly
includes methods based on text description and the basic structure of the face. Wherein the
methods based on face structure consists of approaches based on facial action units (AU) ,
topological modeling, caricature images and interference analysis. In addition, mechanism
interpretability focuses on explanation of the internal mechanism of the models, including the
attention mechanism in FER, as well as the interpretability methods based on feature decoupling
and concept learning. As for model interpretability, researchers often try to find out the decision
principle or rules of the models. This paper illustrates the interpretable classification methods in
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FER, which belong to model interpretability. Such approaches involve those based on Multi-
Kernel Support Vector Machine (MKSVM) and those based on decision trees and deep forest.
Additionally, we compared and analyzed the FER interpretability works. We also identified
current problems in this area, including the lack of evaluation metrics for FER interpretability
analysis, the challenge of balancing the accuracy and interpretability of FER models, and the
limited interpretability data available for expression recognition. Afterwards, a discussion and
outlook on the way forward took place. First is about the interpretability of complex expressions
recognition, mainly focusing on the compound expressions and more delicate fine-grained
expressions. Then it comes to the interpretability of multi-modal emotion recognition. Multi-
modal models can obtain better performance by complementing the information of each modality,
and their interpretability analysis is also an important direction worth exploring in the future.
Additionally, we believe that interpretability of expression and emotion recognition with large
models is another significant future direction, including interpretability of Large Vision Models,
Vision Language Models and Multi-modal Large Models. Interpretability study can help to
improve the safety and reliability of large models. Finally, we address the enhancement of
generalization ability based on interpretability. When the models are learning “relevance” rather
than “causality”, they are easy to make wrong judgments when encountering new data or being
affected by other factors, that is, the models do not have good generalization performance. The
interpretability analysis helps deepen our understanding of the nature of the models, explain the
causal relationship between input and output, and therefore improve the generalization
performance. This paper intends to provide interested researchers with a comprehensive review
and analysis of the current state of research on the interpretability of facial expression recognition,
thereby promoting further advancements in this field.

Keywords facial expression recognition; interpretability; computer vision; affective computing;
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SRR T

26 SCHRI86]H A FiR% UCK+§&}EE¢6§$%$%EE’J
B PR B0 715 11

1) 54 TR B B A A o A ok 1 R I DX IR 1
SRS A A B T TSR R B 22 e e f rh L
AAFTFUNEE R . SCHRLST -~ B AR AE T LU
S n] ABR A A AR TE SRR A, H F 0] LIRS B

7 A B Y AT A B
Li % A4 T#ﬂ‘ FI MBS R A A S

H. 2% 2] (Self-supervised Exclusive-Inclusive Interactive

Learning, SEIL) J7 ¥ . Hoip A 45 T — 4~ 155 25 ff #5
GEH LU A HEADAE RO 2 PR A1 45 R A, 38 2o 53



123

sARE AR N R VUN TR T Stik

2835
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A GXARIE T EMEIEA O R 1E= ]
5.2 ETFHMEEINAE
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JE PRI 1) N PR IE SO LR
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CAV)[1) F BB A R Ay i — IS A i 1 iy
HHIEHE . Google W53 A1 A A T —F 44 24 Testing
with CAV(TCAV) ™ WYL n] i 7 12 I D5 1)

FHOR AL e ORI o 2 g5 R ) AR
& . Asokan % ANPUHE T TCAV #4172
5 IR Fsf A4 25 D) 24 1) AT g R ) . oAy 1 43 AT A
RYFVEAEZS (8] A SC T I IR AR I AT 8
FRABE A SRS PEAN T 3K SR A E R ] b SR J
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LSTM) Z )2 s, LA BT T 18 B i 22
) &4 Py P 2ok AR AT DA RN 288 AT 3 e A ARk ok R
N IR VR X AR AT RO R g, DA R W]
CATZAE S AT i etk B A 2 . K 27 &
7~ TIEEGR A TCAV I i .

E3

BEEhRE

it #CAVs
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4 Sl=

ESE PN

EA S s A

B27 U TCAV BT A

BRI Z A0, LisE N T —Fh A T SO
WU AT B T30k AR BT BRI S A 2R R
AR AL iy SOME A& IR IR IX A 3R 16 . (]
ML B D7 AL R AR T B R (4 4 K, T L i 4
T EGAEAE AN SO . A Bl T 8 i A5 ) i

6 HREEESETIE

AT FEA ] ERE STk TR R
O A AT AR S A AT T B, R AR
it ] 22 4% SRR I S ALY 7 s, DA R At I S 55 0%
FERDRMRAYITVE . AT RENE 73 2 5 i i d A A T 3
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Z ¥ 3 FF ) i Ml (Multiple Kernel Support
Vector Machine, MKSVM)" " *JE AL 45 7 F¢ ] i L

(Support Vector Machine, SVM) [ 34l I, K 2 4
B R B ALV 5 i 7 KA T R SR R Tzl
B RN — 1 SVM p s . KL Ky, o, K,
Hm RN, P K =]k (2, ;)] 1 _‘nU\Klﬁl

hLj=1,-

R AE B VR AR A Il MKS VM A ik X (D
7R . AE SVM A B8 3R Je i i R B B e 1
(4 1 MKSVM 214 T 248 R 5, I3 i Il 215
FIAS A A AL EE , S A ] () A% R B0 143 2R 1) B3
FRFR 5 DT i o A T8 F 1T i R
K,=>" BK, (D
P A L In) A R MKSVM 2L il 1R
SRS B BT — M2 m)E, R4 5
Sk A2 I FLAR R 2590 ) g 2 S50 51 I A el ik (i 45
15 TEU [0 REAE 45 T — M 43 S ) T &2 2% L 43 S e
FETE i . i 2 4% SVM AHEL T 5u4% SVM, b 1 45 Z%
7] %) fiE 7 5 . TR B, MIKS VM3 3 1 AN [ f
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MKSVM 5 4 1 ] fif Bk nl LUl 248 UM S5 78
HAT O PERE R TR ELAT R et

Zhang % NV HL T — Ui & e = B9
T T MKS VM 5 1 2R 5 o 2500 T ffp 6 11 E_
PR SR B, A1 38 1 Je SR AT MG B B8 ) 3 O B
(Supervised Locality Preserving Projection%, SLPP)
SPGB, LA DR J) i O B B2 Tk 22
N SR TR 4G A Y ) x,?\i?)iﬁﬁﬁzﬁé;% KRS &R
T L TRU PEIR 2  ad adk B 5 DI A 70 2 1 2 8K
LA =W RS Sk S GRS e
PERE . 28803 , Huang %5 N F] SLPP A JK: 5115

PRSI T i R
6.2 {ERRRHESRERMK
TSR — 2 28 ML 1Y) B AR S Y AT i gk 1)
L IR BE #R AR (Deep Forest, DF) I Jg& LAY SR #4 Ay
FEA LA ) —Fh B B 22 S HE 4L . K] 28 JE 7 T 9Bk
TR BE R LA G544, P AR 0K 9 1 )
FH PR B LR CR ) T A 58 4 Bl ATLMR ClE £8) 21
B AR AT =2 AT T, R o RS AORE e — A
SYEE ) i AR JE N H AR B LA E T Rom A . LADRR
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1 o AT ELAT 3558 1) T i e

=31 2 fein
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Con - —f Ce-E
28 DF Bk TAE R
RN PUNGURN ] DF BA —26fi i . |5k, &5 ERA &

TE 40 T RA Y DF #5880 ELAG AR 4 AT i B
R AR T — A9 43 2 [R) 8 (] 41 TmageNet £ 4
B 25 1500 J7 5K B R 5 RAF TR A0 £ 4 A2 8K
P — N A SRR R R A LA R
AL AR T TR BE #2828 (Deep Neural Network s
DNN) . DF 5 288 i) S 408 D, O B e i E 8]
DIAR M i 2 15 W S5m A 3 1 1 L 6 AR e R 1 R
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INEEAN R R DF 78 808 R 122 550/ 9 2R 1 R 0
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[l =] R

i

1

[

Lin 8 NS48 T —Fi I 2 55 i 1 A (Error-
Correcting Output Codes, ECOC) B # ! DF ¥}
. R 8 EDF, F TR 1G] . aniEl 29 frs , 178
EDF ', DF # I /E ECOC 250 (9 Faill 27 X % . [7]
mf . 5 Bh A R A 5 B, B — X — (One-vs-One,
OVO) Fl— %4> (One-vs-ALL,OVA) , ECOC #.7¢G
HARKMZ R, 7T LN ZA A B A5 2800 2 17]
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& B DF ., & Al DL 3o PR g A0l 4 e 3 [ A% ok E A
FRAEAR o DA DA A8 0 MR o T B AL . [ , AR
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> " SEB S
. I‘i 1‘?
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(a) {EJHOVOSRENEHIECOC S J4 3%
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S5 14z .
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(b) {#FHOVALENS IECOC 7 25 2%

130 SCAR[96]H WP 25 1Y ECOC 43 26 4% (H 0/ SR bk
IR A BC S +H1/-140 . S R B TG
TURHIE S, B2 A0 BE B, FRAE 18] 7R T WP LE R Al 2
TEERAY  FRHBET AT RN 15 B, . of, 3R R kI 28
1155 Y BEALARBR CBIAN , af, T 5T AL SRS B AR 25 A
TSI 3 HAES5 M af, T X S TE IR AILAB 2 )

R 2 A s Kim 25 N7 LA SR04 8 X
TR 2 BE ML AR AR B 45 A TR AR T 45 AE T kAT
B 5 R AR A 2 i U £ P A B SR A L TRk
VR A5 BV RRAE STRREE 1 MU BR 5 0% | e A of
B TRORL, BRI SR PR I AT DUR BB AR
TERITERE .

4

7 EXBRERBEBRSSHT

A e £ T AR R A N T kA T
TR MR I b T H AT AR —
] .

7.1 KIGHER

Bt 5 R AF PUNAE 55 N T & e s A TR O v
2T FH 00T FH S 0 2 BRI v ) s e A R Sy TR
e H T LA SRR SR [ AR PR CnFL Y L IR
WS H A EE . 2R 2. 3R 3R A BB T H R SE A
M H SR H O A A XT i AS EMG ] i R R 1R
I Y B 5 T 4 26 5 )43 8 HE T S e A
H AR IAEE T 2h 2 WA rh mT i B 1 10 O i i L
B Hrh B 4E T 07 BT E Al R AL, DL AR
R R 4 b B A 2 (3555 v oy LR 3R A 2 51

®2 TRENBEHEE LTHBERSRBERANTEN

Ay

Kk I3k 53k AT R HERIEE / %

AR face™ SCHR47] BT AREAZE  86.6(32)
DAM-CNN™ - SEFRg ApLH 99, 320620

JAFFE™ FDM™ ) 89.7(7%)
SEIIL™® TSRS 91.89(72%)

AUDN#! 92.05(82%)

Zero-bias 98.3(63%)/

CNN#! 96. 4(82%)

MSAU-Net™ 99.1(72%)

. AT ARGSALSH )

SG-DSN 99.23(72%)

97 (CNN)/

SCHR[40] 88 (FAU+

MLP) (62%)

DAM-CNN™ 95.88(62%)

FMPN™ 98. 06(72%)

CK+ gACNN™  BFEEAHH 96.4(720
SCHR[74] 98.06(72%)

FERAt" 90. 30(82%)

DDL™ 99.16(72%)
PD-FER™ 99.28(62%)/

98.65(72%)
DFERM® ST 98.35(725)/

97.76(8%%)

FDM®! 97.7(62%)

SEIL 98.77(7%)

SCHRI91] HTg e 85. 60(4%%)

FEI" SCHR[91] FE TR 89.25(22%)
AUDN# 74.76(72%)

MSAU-Net™ JEF AIEARLEH  86.5(63%)

SG-DSN#! 82.64(62%)

MMI* FMPN™  JEFEE M 82. 74629
DDL™ 83.67(62)

IDFERM™  JEFHREMAS 81 13620

SEINL™ 79.42(72%)

TFD! Zfr;\?;; HT NIGHARGEH 89.8(729)
Ol CA SG—DSNM BT ANRSEARZE 89, 24(625)
i DDL™ 88.26(62%)

SIA® R il ,
IDFERM 88.25(62%)
i

ﬁﬁziﬁ% SCHOZ]  WRERMEAE I 90.55(2%)
FA-CNN™ 89.11(62%)

pugprges ORTE TR
FERA#™ 82.11(72%)

DiFER® FEFRAEfRE 89.15(62%)

Bosphorus™ Scrﬁk[m FETHEEIE 83.63(62%)
DrFER® ST RHE AR 86. 77(62%)
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R3 BARRHEE EUBRSHSRER A ENLER

Bl Iy 15 Sk A BT HERE /%
300w SCiik[44] BT AN IEALE 56.63(72%)
Helen!'*™ Cifik[44] T MG IEAGEH 58.54(72%)
LFpw!Y SCiik[44] T M FEALEHY 56.30(72%)

MSAU-Net! T NFEARLE 78.3(72%%)
FER2013"! . . .
DAM-CNNP? FET R ILH 66.2(72%)
TransFER™ . 90. 83(8%%)
oo . T HER TIPS ,
FERPlus™* EAC™® 89. 64(82)
IPD-FER™! FETHFAE R 88.42(82%)
BAUM-2i DAM-CNNP®! FETFEREILH 67.92(62%)/61.52(72%)
CLIPER™ BT SO R 91.61(72%)
MSAU-Net?! 75.8(7%)
S FET NGFEALE K .
SG-DSN™ 87.13(72%)
TransFER'® 90.91(72%)
EAC™! 89.99(72%)
RAF-DB-basic"! gACNN!Y FFER I 85.07(7%)
DAN! 89. 70(72%)
SCHk[74] 87.10(7%%)
DDL" 87.71(73%)
IPD-FER"™ FE TR R 88.89(7%)
SEIIL® 88.23(72%)
RAF-DB-compound™!” MSAU-Net™® S N8 N 1] 50. 2(112%)
CLIPER® FEF SO A 66.29(72%)/61.98(83%)
MSAU-Net®! FET NG FEALE K 71.2(72%)
FMPN!* 61.52(72%)
TransFER™ 66.23(72)
- EAC™! S 65.32(72)
AffectNet o] FETF = HLH] _ X
gACNN 58. 78(72)
DAN! 65.69(725)/62.09(82%)
k[ 74] 62.10(73%)
k(78] 60.53(73%)
. FET R R o
IPD-FER™ 62.23(72%)
AUDN? 26. 14(72%)
MSAU-Net?! FT NIGHEALE R 57.4(7%%)
SG-DSN! 57.42(73%)
SFEW!! DAM-CNN® e 42.30(7%%)
o) TR IILH .
DAN® 53.18(72%)
DDL" L 59.86(72%)
. FETHRAE MR
IPD-FER™ 58.43(73%)

KO XX — GBS T T H SRS
T AT — 28 AN [ A IR S AT i e
PO IE AT LR S 0 B . de R T SOR R A
HS B A SEAA 1 T v  AEAR Z2 AR D0 T T LASRAT G 1
BRI PERE . [ i BE A S 4 SR AT MR . e il e X T
BT SO 17 1 B PRSI S R A AN T K
Ji&  HAEREA W &, I HSCTF R RIR T USRI A
el PR AR B A B T EE TSR A R

P FRAT AN R AR R E R R R TT0 Z2— . [HEX
PSR TR T A Bl A AR s S AR TR 73 52
NS BT A B . 3T SOAN R 1 7R 5 1A SCA
RS LA B 2 A5 00 S R A 5 1T T R 54
AR A AU RS R S5 R Bl . S ff
PRI o B T AR ARl e — e R B 1%
AR IBORIASE R 1| g ¥ E

VE R JILE AR AE R 73 Sh P2 Y
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R4 ZRENGHIRE LTRBEHERERINTEOLE

ol sE D5 5 Sk =St WEWRE /%
TMSAU-Net?! 99.5(72%)
) FT A HALE 1 .
STSGN 98.63(72%)
e STCAM™ ST HEEE LR 99.08(73%)
IFERCV*" e 97.85(7%)
- BT ARIE RN .
TFEN® 98.78(72%%)
SLMRF"™ A g R S 20 92.5(62%)
TMSAU-Net®  JET A B 451 99.1(62%)
) STCAM™ 82.21(62%)
MM ] . B S Re=waLilNi| )
CEFLNet™ 91.00(62%)
TFEN® FETHFE s 81.73(62%)
TMSAU-Net™ T AL 87.4(63%)
W e AN ZE 1)
M ASIA STSGN'™ e 87.23(62%)
ulu-CAS - -
STCAM™ TR LR 91.25(6%%)
TFEN® T RAE RS 91.67(63%)
BU-3DFE!”! CEFLNet™ TR IALH 85.33(62%)
BU-4DFE!M? SCHk[87] FETHEE R 96. 6463, FETHRAAMD / 82. 80(6 25, KT A D)
CASMEN"™ 4 sMICH! 4 SAMM!! EDF™ AR 2 2 vk 77.15(3%%)

R5 BARRHEE EUBRIHSRERN T ENLER

K 4 J5id 5 3k A RS TR /%
CLIPER™ o 56.43(7%%)
EmoCLIP™ AT 46.19(72%)
AFEW™  TMSAU-Net™' J:T ARHBALEH  47.6(73%)
CEFLNet™  JEFHEEIHM  53.98(72
IFERCV™! HTRHEMRE 51,8672
CLIPER™ 70.84(72%)
A'lign-DFER®  JEFIORRIER 74, 200729
DFEW™  EmoCLIP® 62.12(72%)
CEFLNet™  JEFEEIHM 65 3572
TFEN! FETRHAEMRE 56,6072
CLIPER™ 51.34(72%)
FERV39K™ A’lign-DFER™  HFICANR  51.77(72%)
EmoCLIP® 36.18(72%)
Allign-DFER™ 53.24(112%)
MARWE EmoCLIP* AT 41.46(112%)
9 . o

] R REPEFAR RUN J7 1  BEAE R AL B 1 i
BERL . ST ML A Tk AR BUSBPERE Y
7 s e AR A ) i P A 2 AT R LA AT 486 5 T
VLB AT AR . (H FRTRTE B AL R A
R B4 [ L T 19 R 23 A7 A — S8 LR AR )
TIPS B, Xof ik 28 4R R BN IO, B S AE 1 T HL
il T BETCIEAG HE A AR . S5 A0, IE AN 4 1 P il — 2
Al SE R i R B . A8 R T R LA 4T3 9% )
REAF 70 DR A i 22 » RIVISE TR T o 5 SV A9 R iE ] BE
FA I TR A UM e g S BRE R L [RLRE

TR AR 7 v ] DASE TSR (9 ] A e, OF HLoA B
TR A A B AR BIRCR B2 Ty it A7
ARG B 1) (] 8L CN 5. 1795 wp i — 26 m] Ak B % rh
WA F D XA FEAF BB EK . Ji4h TEPEAN
FRIE AR A 8RB H TR 2RA% RO 45U T v K
HBAE FHTE 1 R B 1Y 72 Ak R PP i 40 SR e i AH:
b —LE PP HE AR A SR B R B )R] DL
T H AN Tk i PR R 5 AR R I TR T
AT TE R REE B R AF BN 5T Th A
UL, AT REE PR R e M SR AR X LR R
IF H AT Be A 30 O, 53 AN &2 2] 2 ke
SAUA

2T T AT A R 3 28 O i R R R Bk
FE AR AR AR 0, AT X AT B2 T2
T AR Y ) DR SR RN 43 2 aek AR T i AR AR
] AL B AU S5 ) o AN 22 4% SRR I s AL SR AN 45 L
AR AE — R L BRI TR A MR . PR, G ey
VAR 1 PR R S ] AR 2 H R R IR
ST i VA 92 A D i R 2 — 7 — 5 TR 3R AT
Pt — iR —[nl

HARE B2 HRTE R TN, OC T 7T i
BRI ERIEATIIR 2 e PR o B, JF R IE
ZFE B E B G — B PR R bR O T X — (7]
AR 7. 1. 27 e AT BN TR AN IR A
7.2 @S
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PEBIF S (AR 56 SCRRATD SR AR X 350, Bk AT SR I WA
BRI HRA — R R BR A .

TG KT A TR AT A e ) 8 ) T 545 9K
B RO P D 2. TS TR AT R Y
SR AR AT R SR 2 1 b 43 B A5 50 AT e e T ke
/DS i OB RY AT A R R AT B i O HL i TR R
B SR JE R [ S D R L B2 G — A T
W S R 2 20 f Bk B EAL O =X, %
FAF VN (v R ) AT BT E VPA AT LR FH LA R $845

55— R ELE (Infidelity) {8 B (Fidelity) » &
2 FF R A AT 80 88 705 30 L 4 2 5 2 X A 7R 248 52 i
BRI AFFE 05 2 2 D0 SRR B e, S
o RME AR TS558 . e R B RIMES b R E
JFE AT T PEAG AT i BT 58 2 A e HR B L 5 5%
17 PSS RY i 14 AH OGP 5 R A T R ARALE . 2R LAY
T ORVET Ancona 55 NME LR SR REE A B
PRI S RN A« € R BRI £ (), fit T
AL D (fi2) B TE ROEMERII N 0, WO BEHLAS
R ELE

INFD(®, f,2)=

E[(I'e(fix)—(f(2)—f(a—1)F]

E AU ) B0 ey, IR o A 46 30 mT B 2 B ek
NI P A0 v 1 e 5 22 (L S T 58 v 11 i 2 X
A

5 RAKUE (Sensitivity) » & 5 1942 7T il Btk
T T A S B . — LT L 3
TIAS T SR A1) B8/ N i 3 3 B0 R A2 4k L TR Ry 3
R RS G RS A | IR RN
U AR DR At AR B R 28 1 DR TR AT AN A
EER R TUNRG A UNe AT 5= 2 W N G
Z A s R AT LU S DAk M P X i 86 12 ) 5 i
1713 R 7 A FR AR S U2 B S SR A P 2
I AEAEN 5 ANKE YU B 2 51 A K
7. Yeh A5 NI R 14 iR R AR 1 L=t (3)
FiR s Herfr o M LS (o) AR L & ( f, 2 )R]
R T VbR R R 24 A X T 22 T
AT SR ABCRE AT LRI ELRE 2 A A T S AR fige
XA 2B Aot A U 1
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ol (fy)— (Lol (3)
B = W B M (Sparsity ) » BIAEE7 RV 12 4l $2 0 L

X3 A E B A AR L iR HEER AN A SC B FRAE . AE
TR AETE AL S R ZAE L B VB DR
MG e R RGN TR R . T 2,
FAG P R B B AR KRR TIE R . RS
TEUI AT figp B F 55 10 122 )8 P e 220 AN AH G R AR AIE
TR B X U B J AR A RAE , 29K X SR RAAE
JOE 2] RE SR B Y . B R P Y AT AR A
ey A 5 TR OF AR T E R R
BP9 29 TR AR . Yuan 55 A28 ) 56 T # it
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HR, A VRO AR R T 2P o A 2 0 ) i
P AE— MR AR Y 5 2 RIS Y A o A
TE—EFEE I S IEAHSC, SR AT 2 AR A, A7
SE LA FCHEAT A A2 {5 0 R SRR 45 15 B 1) T
PRI AE 52 4= 1 37 S5 R B rh AR A AR ME SR SR 4 1)
ROR . UH R OIME S5 AT L — e 2R 55 B
B A S A AR DU S Py 2 S0 X R
FLEA A 00 3 X B DRI IR, ST A8 o 2 e
fife PRS2 H RO R S py )@l — . — 5T
AL DA A f A AR AR ) X CAnASE Y B R0, FE
TRPERE AT 42232 B HTHE T 4R FHE A AT g B . o5 —
7 T o A5 TR (1) R i Rk RN VA 1 I AN S 58 A X0 S Y
KF ARG PR R W] LATE —E FRJE Tk e
AU 27 2] 5 8 Ji 1o o AT R ARR RS AR 11 B a5
VeI AT REE . 3R BT U R SRR RV e 1 S
FEDRN. AEFRAG WM R, w] LUR) AT A R PR
G T 22 Hb DG I L OE 5 2R E AH G Y T 5 X
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[e) Fsf o 175 PR 00 AT e o M A 880 A PR 1Y )
R, BE A R TR AT 55 W 5 | Bk i 2 1
FEH T, RPN B B AR LA 1 20 & S A5
# , 45 EmotioNet ™ \RAF-DB"" | AffectNet ™% £
AR B ERAE . SR AT LA 55, e
UM A B R SEATY SR 5 A B Ty 5 ] fif
)2 AN T 18 2 15 AR R s A 0 B D Lt 1T
PR BB A A A AR i R A 0O DU W B A ik
YIhfp ks, T oD R s AR SR AR BN
PRIME . — B A AT AT 9 7 v 2 ol FH e W sl e
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T A6 K B om0 B 0T 4% HON AT i g )

) (4



123

sARE AR N R VUN TR T Stik

2841

AT ST .
8 REKEEE

AW AE XS H AT U 1) 8 LA R g R
TIF 58 T3 ¥ 09 0 A %) b 1 X6 R ke 3 — 45 5k 1] g
) & JE 5 n] R AT S B, SR B R 1 A 5% B AL
5% .
8.1 EZXFRFBINHHFIERM

H Y AT fi B R TR 1 2 B XT 6 AR
FEN BN RV PR AR AR AR, wm A
TG 7SR R | SR, ARG A IR
ZRMZHFE . M, DufE NHR T B ARG i
AL Z AP RN A A N R A2 R
WAV X 2 A R AG R A AT T AR
F LA N T S AR R S B

RAF-DB. il & T4 & T WRIEARENE S
FENE WA 31 R AR —Fh 7 L Gl A R R Ak
AT 1 [ ISP R A Joy A 22 30 M R 3 S TR B R 1Y
FIBEE ST, WL T EAME G RIE RS . Liu %
N T — i FR A “Boosting POOF” 1) [ Zh HE
20 feft DA 308 1T S DX sl B B (IR R AIE (4n LBP
HOG.SIFT Hl Gabor) A $#& 02 54k i) th G RRAIE
ZHEARIE T HAME GRS . Liu S AR
BT — M 10,045 A4 B SR PR A& A e B i
KAV RS G 16 BEHE E MAFW IR A48 1 —F
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models.

Background algorithms have gained continuous development.

Facial expression recognition is an important topic in the field It 1s worth noting that while researchers focus on model
of affective computing and computer vision, with unique practical accuracy, they are also paying increasing attention to the
significance. With the abundance of facial expression datasets and interpretability. Interpretability reflects the extent to which

the enhancement of computational power, expression recognition humans can understand the decisions of models. Studies on
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interpretability help deepen researchers” understanding of models
and ensure their fairness, robustness, and privacy-preserving
performance. There have already been several works summarizing
the interpretability of machine learning. However, our work
systematically summarizes the interpretability in the field of facial
expression recognition, classifying it into result interpretability ,
mechanism interpretability , and model interpretability.

According to the different perspectives and objects of
interpretability research, interpretability can be categorized into
three main types. Result interpretability refers to the extent to
which people with specific expertise can understand the outcomes
of the models. Mechanism interpretability focuses on explaining
the internal mechanism of models. Model interpretability involves
works trying to uncover the decision-making principles of models.
Based on the above categorization, this paper reviews of
interpretability studies in the field of expression recognition.
Specifically, result interpretability in FER mainly includes
methods based on text descriptions and the basic structure of the
face. Among the mechanism interpretable methods, the attention
mechanism in FER is studied, as well as the interpretability

methods based on feature decoupling and concept learning. For

model interpretability, the focus is primarily on interpretable
classification methods. Additionally, the interpretable FER works
are compared and analyzed. We acknowledge the existing
challenges in current expression recognition interpretability
studies. This is followed by a discussion and outlook on future
directions, including the interpretability of complex expression
recognition, multi-modal emotion recognition, expression and
emotion recognition using large models, and the enhancement of
generalization ability through interpretability.

Our previous works on FER include “Joint Patch and Multi-
label Learning for Facial Action Unit and Holistic Expression
Recognition” (TIP) , “Deep region and multi-label learning for
facial action unit detection” (CVPR) , “Multi-label learning with
prior knowledge for facial expression analysis” (Neurocomputing) ,
etc.
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Foundation of China No. 62076034. This paper aims to provide
interested researchers with a comprehensive review and
analysis of the current state of the interpretability of facial
expression recognition, and to promote further development in
this field.



