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Abstract

Speech Emotion Recognition (SER) is a key technology within the myriad of speech
solutions. A unique fairness issue in SER stems from the inherent emotional
perception bias present in the data labels provided by raters. To enhance both
recognition performance and fairness in SER, addressing rater bias is paramount. In
this study, we propose a two-stage framework. In the first stage, we generate
debiased representations using a fairness-constrained adversarial framework.

Subsequently, in the second stage, following gender-wise perceptual learning, we
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empower users with the ability to toggle freely between specific gender-wise
perceptions as needed. We utilize two significant fairness metrics to evaluate our
results, demonstrating that our distributions and predictions across genders are fair.
Further analysis indicates that our model effectively mitigates the influence of

gender perspectives in the feature learning space.

Keywords: Speech Emotion Recognition, Rater Bias, Fair Representation,
Perceptual Fairness

1. &% (Introduction)

B T2 8E(Emotion Al » {F Ry AIRHE SR — (M E B2 - B8 A\ B F B
(Speech Emotion Recognition, SER)f54H » I T~ 1 &5 B2 A = [ #E 1T & BE GBIV AE
(Kaur & Sharma, 2021; Narayanan & Georgiou, 2013) - ZR|f] » & S EEAAIRHT &0
KT FENRE  (HMRAEERANE ATEREL EEEEERRZR » EEER
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VERGETEE B o B REEE A EEHE# o Chien % A (Chien & Lee, 2023)
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Fey o SRS E AR o MY B ERS R R R E AR EE R T E B A AR
Bk (Verma, 2019; Angwin et al., 2016) - AT A HE ZHINTT Ryt 278 FE H SHIEER
T AN EEIIAVEEE - HEFE A ERE RS BRI s Al ) - TEIRARIEE S
5 B 2T EIE > KRER o TN R /D EEE MR 2 o BI40 > Gorrostieta S A
(Gorrostieta et al.,, 2019)$2 H T — 18 A1 F UM A S SR EE EBR M RIFI 6007 S AV EE S 1548
PRI o 2R > VBTG (EREENEEES ) 191 EIMEBusso er al, 2008;
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Mariooryad et al., 2014) » RIS (GEEEIIR ) BA—EH & EZ 2 2E /DR
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BB A 2 nY BRI - BPE T EEEAANMEERENESE - 5t BHE
A AP A LAY B A SROEAR [ E RS E I T AR A B A (TR R ANV RE
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2. W55 7% (Research Methodology)

2.1 EFE (Database)

IEMOCAP #§54E(Busso et al, 2008) 235 & E44 P iy E R EIR 2 — » W20
REMNEE - BEEBBECE AAOEOREEE » SR B M — 20
BT - TEEETIB i mE s RIAEA G E S0 EEP@%WTXZ%&%DIEME
2tk o E G EEEREN LB E TRy - R DA A sHE EH E R
TRy o KBS HIFANG IR A RIE R EE - Wl s5aE T 25 - A
AIBFCER B IE T A AU TSRV A b B AEEEERE - b - thee &
R~ G LURCHTE o 1E SIS L B E AR SRS S PR ) & o R RiE AU
%‘E}\*EFHZ%%EF‘ R REREARIE G - RMImEEEETE I BT
AR AR e A E RIRE - W3 Es %FW&%U&{T}%E%@%WWJ

2.1.1 EHEFERYEA (Rater’s Perception)

TEE—EF - TR A RSB 4R i AR o FAMAVIHsEmE T AT
BB o AT EET 7362 (EEEREEA o B4 o BMIEHAEBEGTE - B/
A B EEERE Y T e, B EEAY B A (Ground Truth Label) ~ IV UCEC 5 47 EL
B 1B T EEMEEN TIELFIAE o #532 » TR R BhE a7 BB A 2o e R = I F
TEIG&E RS2 BIVEAR » WELEFTEEN TIEEEE | - B 2 BT EEENGEET
FLH B [ M A A o A 45 SR 2 AV ISR B 40 BE - BB EUR > BT R
FQ%DJ:EEE?E%%W%E B EAHEL - B s i E —BEEER

HERER(R - M EMmFTA B EE RS -

Overall 67.7 % 4324 323 %
Neutral | 87.3% 1323 12.7 %
Happiness 69.7 % 446 30.3 %
Anger |85.0% 628 15.0 %%
Sadness | 77.5 % 628 22.5%
Frustration 339 % 1299 66.1 %
100.0% 50.0% 0.0% 50.0% 100.0%

Male = Female

B 1. KB - B LML R (6 &R U E 5
LLEIEIZE BT ©

[Figure 1. Consensus Data — Preliminaly analsysis on the matching
percetage between male/female consesnsus and ground truth data.]
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Overall | 80.7 % 7362 59.9 %
Neutral |90.0/% 1706 348 %
Happiness |91.7 % 1633 81.0 %
Anger |90.8% 1099 50.8 %
Sadness [85.8 % 1080 53.8%
Frustration 29.2 % 1844 75.7 %
100.0% 50.0% 0.0% 50.0% 100.0%

Male =Female

[ 2. FEHBBAE - B LI B R R &R VA
TEERIEIZE FHT

[Figure 2. Non-Consensus Data — Preliminaly analsysis on the matching
percetage between male/female consesnsus and ground truth data.]
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EEEA  FEABEE IR G (7 m SIS E R - RS EIEE 7 - FRFIHIE
SR T ) PR O IR 2 SR AN T S A IR Y P

2.2 EAIZERE (Computational Framework)

TEIETAWFE T - IR BRI 42RE - HE(ReEF B PR AP - HoaskMiie
HUaE B R EUE Rl A > (R85 — PR B (H PR A — TR LRI A PR (B 3 FR) -
EEREEE T A EERRE S E BB IR R BRI A SRR S B 44 Wk 2
SRt TR o FEEE A PEREVERE B JET T ISR TAE - B RISEY
SR(AIE 4 Fw) « 22— PEEY B R RSB IR MV EE B I 4E Wk A AR 1 R
[ E I > FEIT S A s FE (R E IR oK - ST S B SRS A 78 T B B 5 4
Pk RS e T HEEMEAEMEALAVEE ST - (FH A5 A E N B 155

e

2.2.1 EBEBIER (Acoustic Features)

AR fairseq T.E (Ott ef al, 2019) $EHL 512 4EfY7E(E vq-wav2vec [a) & (F B
F##(Baevski et al., 2019) » DUERFRIAERAVEREER A o THACHISREY S 4RI 1 DLE
PR R AR A BB 2218 - BT A RN LAGE S R BRI T 211k -
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2.2.2 E—PEES | BE/\EAIFE T~ (Stagel: Fair Representation Learning)

WE 3 Frs o ERFIEVIAZE T - AT E SR T —E B A LIRS U2 E 2 > 2
EEHRAEER B PR E TS o FMAZETEHN PR ARIMEREE - 5211
BHERBEN G ARED - LEREIER B ERE -

JRets Fair Representation Learning (FairRep) .. | Technology Enabler
Input Feature from S1 Input Feature from Sz : Individual Input Feature
iy | i1 OOaTrty

: :
'y '

i| Gender- Cross WD Lo | — I

: entropy L ! - . .

| Free LossLy| temmommnd Pt Learning Fair
SER 1 Fy— Representation
H 1 Loss : H

H [ Eminiufe: N

H Binary Emotion Label l

Gender Label
Lo Llrep=-Litalp+ly

Fair Embedding

B 3. 2-PHIEEE 1557 (SER) 201 - F—IER/H TR -F2T
(Fair Representation) » FEEZF /1P AETTIE AT RIFINR -
[Figure 3. Overview of the fair speech emotion recognition (SER) architecture
using our proposed first-stage framework. The first stage is used to train for a

fair representation, then utilize the fair representation to train for the gender-
wise perceptual predictions.]

ORGSR - FMEEE BRI T — R ERIRAVEH © SORTERFEEER T > AFEME
BRI i FE R A ERY - 18 — & RAYEE (B FMAVER E AR A FEAe & It
(Ganin et al., 2016) {2 HYIS A ZELF TG - 152 — RS A S HI 2 E B2 A 4
BGRITTE - BTG T HFIRIF R 7 BAVEAS - WAE S2 (RS ) LERSEE
RAERBALEAR - BBIERETTE - TR LUA ROt a8 5l MR 2 o AP Bl R R 22 -
MM > TSR S MR R 25 > L > T — 2P M 15 <& R HI SIS s
K TEEHHERL, - DU RIGREY AT -
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PP — 2 Rz R TR 09 S AR I A SPAY R o DARECR BE 47U 2 22 14 - Dwork
% N(Dwork et al., 2012)Z0R » WK G/ MER{EEERS 2 fE#Y Wasserstein fEEE (WD) - HI
w] DL [E] B B W 2 B N OF B A ¢ 4 st S 55 (Statical Parity) 1 — ZUME 47 8
(Consistency Score) « [t > ZEEHHEHEF WD 5%51 R B b B > FRAPT T DARECRAE (22
BT B E REAFW B TEERELp » BATHE B R ER LR
HyEEEED,, (Fengetal., 2019) - £%1% > S {HAEREIIS U E B EIMELL TR R Bk 4]
Y -

LRep =L —Lsg+alLp (1)

BRI B Lgep H=E074HEE © L@ FIFAETAE S1 AT S2 BB R/ SRAE AR AL 15
55 Ly R EIERTE » ARSI A P&/ DERIERE  LpE T s b & S
PE4H 2 TR VB E 22 I TR Y I AR BRI AR TS « S B H A S0 oty o EARSCHE T 2RHIAN
ap o BRSPS VAL &y FairRep -

2.2.3 ETREES - EEERIRA S ERE S BEYER (Stage2: Gender-wise
Perceptual SER Learning)

TERATII TSR - = C4HIBR MRy T RASEAV A @ - SIS REEAIE 4 A - sZ 48988
B —HE = TCMHEETE (xf o x) Xl R BT x) RETH
—VERIAREEE > T x{, xRFE T REIGMER - FMA fx) KRETBHA x AT —
(B d 4EBKsS a2 R AR BIER S IMbiE s = TR BT HIR M (X ,le X =
JLéHIER Ly o iE— SRR RS SO (Veit er al, 2017) RV ERIR AT » K T HIRIE
AR » BAME R e A s iy Almaseat 1 — (8 2B EESE - 5 — B DIRE 2R R 4G
F A\ BB A il G T =T AR R IR ARV WIE 4 AR -

B TR R A R g B R SRR &S S — e - TR T —{E S8 B =T 4H
TEE R AT LGRS o FMTEE ([EAEETEAL - RIS —TEEIER R - EEEERR
B aEE T ERZER - DRI AL TR E RV = B & s - sesz
TR FERTMERE -

Lper = Ly + ALt
B Lo 2 EHEEMERIE EE RO U - A 502 RIEIEA Z MHREE - fEA
HEETARIAN AT > AR 4RSS — P B AV AY Fy FairPer o
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Fair Embedding

Gender-wise Perceptual SER Learning (FairPer) } o { Service Provider
Female“specti\-'e Male I’*&ctive /
¥ -, @
HE Gender-wise Gender-Free
Perceptual SER SER

l

i Gender-Free
E Logr = ALy + 1 7 Tripletloss T - Wise Prediction
i - A A HEH yredictio

[0, 101, ..,1, 0] [0, 101,...1, 0] . Viale

[ 4588 —[EEE - HIREERIE/TGR - —AENFTR2E 1€ FairRep
P T LV PHIRA -+ [REGLELEE BT LT B 77 75 LR TR EOEE -
[Figure 4. Overview of the fair speech emotion recognition (SER) architecture
using our proposed second-stage framework. For the corresponding application
scenarios, once the technology enabler provides a fair embedding from the
FairRep, the service provider provides users the ability to toggle options on-
demand.]

3. EEpssTHI4E R (Experimental Setup and Results)

3.1 EEs%E (Experimental Setup)

BMEETT 2 EEHAFERMMEHO T ENERE - BT B E R A
TUAE NP RIER AR RE 2 Rt FRAPTER T 5B A HE AT DA e o 5 (1 B 2 1 W (161 R
G A SRR AR -

(1) Expl : fE5E—(EEF S - FM00 BEB AR B E 4 (ground truth) > FRIE

FINOHE Fl-score {F RyatfETEHE - My E P MAVEIILE S1 BURE ERVIBEIRRAES] - 2
T T AR B RE SR AE B SR B 1T P B AR > S MERE R Z E T &

o WELES > BMIAVEIERECR AP IERIEIR > MR R RN - 250
OPIEFERE TR I 4Ra 95 8 (BE = 0) (Yang & Stoyanovich, 2017) »
S (ETERAE et i BPI AR TUAE ORI A (Bl P A2 R B IR Sl R Y 2P - FRAMIAE S2 8
B RAETTRVAS - SRR IS BB MR (£ — (SR A & A fRiF -
BN PIERVESE A R T RIS - A EEIREM T E AL
P -
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(2) Exp2 : FEE_(EEET - BMRISEIEEI T AFERFIE T - Ui
TR EMERRUSESE o Bt > FMTFIH T BB AT H A SR EE
R A B0V AR - HIEE SRR B B B MR v Hak - FefiE#
HOFE F1 43 BRI E M AIAIHE Bk BIRREE > E0E T R FTA S FI 20 M B
TE Ry BAEREECHUIE N o RSP EE » BRI E 28 Ry R — 50k 2 ME eV A T
FATFEZEME BB bR EEEEN T AR TR R R B ]
NBERIE o F T SR E A > IPTEEH -2 B E R AR (3
TEEEy 1) (Zemel et al., 2013) » ZIEIEH & T NERAE k BT (k=20) NIVEE
AREAE MR B 2 8 — B o St 7 SR A T IR A M B A SRR A
g > AR E BRI EE LR AT A -

TEARMFE S FRAPTEEE T R R AT RS A4S (DNN) E BB B4R 77k » EHEHE AR

B R —E e & = (2B s - (ERtbiEnyE s > RIS E T WifE

AW FEFRRITE  BIEF R R(LFR)(Zemel et al., 2013) » 3% 774K & Bl E#E7BL4

FEE IRUE B V8RR 5 (ESFRREEE (NRL)(Feng et al., 2019)AIlZ2—FEE A A PSR

W RS ERE DS « FRAIER AT R 704 FairRepF 585145 M BIASE &5, - B1 NRL

FEZEFE{LL 5 1] FairRepG RN g ALY R - fTERTA B > FFERA T8I R & 550

T IGEg I o BTN RIR T3 B F 0.001 > dropout FHEE £y 0.2 TR A L&

ZZAE[0.01,0.001 &G [E N ¥HHE S8 L FT o BEFTHREE - b8 A/INEE B 32 | RERRE R

500 - {B{LESEEHE T Adam HL -

3.2 EEg4E R (Experimental Results)
AT P B R 2L RS A A PR BT T S AR (VSR — P ERAsis: Expl A P& ER
AL Exp2) - Hih o £ 1R 2B TETRENVGER - HRERFTEFER SN T A
PELIEE o AT DU BIA AR ST B A PR TEAERY 7704 (141 DNN) - SR 5 ATE RS %
AIVERE RESA N v DATHREAY - 280f > F-{FI8Y FairRep J7/AEARIAESS - (1) K
MR R AN T A CHEEERE AT A B BEEENER () fEAHREIEE (SD
FHYRREE TR A AR -

BT ST E BN 2)  EAEHM - EEAYEIRE - (R 1 M DIER
F) - MFLHEAFEAIRS] > sEEE YR (SER) BB TTRE & 78 4= BHEERY R A FEM - BB
W I HE—MERIEI B RUAT - (EFFIHY ¥ FR (ablated) 7572 FairRepG o » MEHIZERAE—E
TR EHEERR - (HEHN T RS PR AL » R o REEFEE TR M
IR 1 EC A0 B8 1 S5 B Y T 12 4 722 (Zliobaite, 2015) » fE M B4 5 14555 70 B th R FASAR A 8 -
BE4b > FairRepF Wi A B #2 bR AN R AU A 22 i RS THERIERE « 480950 - 7
W H RS SRR E o N S M RIRERE T M UCRC B 2 20T - 6 BT M0 S s 2R e g il
AIMERE - FoFIEIZ2 5] - B DNN AHEL > FofI#2 Y7774 FairRep 7F F1-Score iy 14 ~ 3¢
T ERRUHEA S BAE S B IR T 1.97% ~ 0.97% ~ 1.88%F(1 0.79% - ZAifi » EAE&E!
FHEMSE EREW T EAB RN AERE S o EEEERRH - UMY FairRep 7774
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RESH B P HYTEE SIS R - WRES A RUR B L BUR % (S Mthl R 2B
(82) -

& 1. BRI FFTEL IR (F1 78 (%) ° ARETEHIEES D
BN TBIERTIERE + MR FZ BN RIELILEE » “All” BHEE TR
o TG SER” BIFRAIGER » A1E 1 AT ©

[Table 1. A summary of the experimental recognition results on Fair Representation
Learning by F1 score (%). The underlined datasets indicate the performance we are
interested in. The bold numbers represent the corresponding best performance. The
performance in ‘All’ dataset provides the “Gender-Free SER” prediction, which is
mentioned in Fig.1.]

Emotion | Dataset DNN LFR NRL FairRepg FairRepr  FairRep
All 77.73 67.89 68.55 66.89 68.82 68.80
Neutral S1 79.07 73.64 75.12 77.62 76.46 77.10
S2 66.12 65.17 66.84 63.58 65.46 63.25
All 70.00 66.01 69.46 64.48 66.46 65.14
Happiness S1 73.75 70.77 72.10 70.88 71.66 72.78
S2 62.73 61.22 65.65 64.86 63.84 62.83
All 76.44 70.92 70.76 76.28 78.26 75.68
Anger S1 80.54 70.56 71.40 78.20 79.00 78.66
S2 73.28 68.11 69.81 73.90 76.69 70.15
All 82.28 76.74 78.74 80.15 78.26 76.84
Sadness S1 88.54 80.39 82.01 76.33 79.00 80.00
S2 78.68 76.28 77.98 79.58 77.44 76.28
All 63.54 70.54 64.32 67.54 69.02 70.22
Frustration S1 67.61 60.43 65.02 66.72 66.61 66.82
S2 61.30 62.30 64.88 62.68 63.68 67.43

K 2. FAERINFIOREERTL - FERBER (4512515778 Statical Parity
Score) » ZFS2 BRIE LHTEEE -

[Table 2. A summary of the fairness performance by statistical parity score on Fair
Representation Learning on S2 subset.]

Emotion DNN LFR NRL FairRepg FairRepr FairRep
Neutral 0.650 0.350 0.332 0.342 0.350 0.350
Happiness 0.428 0.142 0.134 0.128 0.136 0.126
Anger 0.389 0.194 0.197 0.197 0.208 0.189
Sadness 0.169 0.069 0.068 0.106 0.104 0.088
Frustration 0.626 0.493 0.452 0.472 0.467 0.448
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HEA TS IR BB B (Exp2) » FAFTEEHE—2 734 1 MY U5 A AR iE B B A B
A7 SR EEE A R ERVRLRE - & 3 IR 4 3 pldess 7 RFIES —IEEH E iR & -
TEIEEPEE - FRAMIEH BRI Al B Hy He ek B AR 1T T P oA W EE
FE AP 7 A AT AE M ORI MR BE A [ - $R AL BA M B RUAIHY B 4% 35 20 - Tt
BlZE)  EAEA PILRE - PR 15 4 o 8 B IR T R
BB NI RZEIEN T #E A #E26Y - T B B AR B LRI - &
B - MO AE R A AT R AV ISk n4E R T - FHEHE HE - #
AZRER - 18 L 4E TS E PR MY S P EL A R AR DL R FIFR LAY FairRep J502% - FeffIeytE
BIRNEAEPREEE4E A MERE Y [EIRT > WEOR TP - 1 LB B A RS E S - wJ DI
R e MERIHI TG & s T B AL - B R P PEAN BRE ME(E R FIIRE A e s — TSR KRRV TR
A] DA SRR AR R 48 38 ) TP Y A 22 52 > DA AR R A PR EI - $2 = 1548
s S TERE © J8HYACES - BT HHY FairPer J57ALE B A [EIMERIEF Al 2 Ula M 5l IRk
FEOAT5 T B H AR AY MR - 78 BEAE B MAE BT A M 1 4 s (785 o BRI 18 2 38 1 38
RE T BRI AE SN AR -
K 3. F BRI SER EBERIPEHGR (F1 78 (%) - M I F {CZ4E
I L AL T Fr B KRR B -
[Table 3. A summary of the recognition results on Gender-wise Perceptual SER

Learning by F1 (%).. ‘M’ and ‘F’ represents evaluating all data with male/female
labels from male/female perspectives.]

Emotion | Dataset DNN LFR NRL  FairRepg FairRepr FairRep FairPer
M 67.68 65.23  67.25 66.32 65.10 68.26 80.83
Neutral
F 62.18 63.44 6551 64.04 64.66 75.82 86.75
) M 67.33 64.00 66.12 67.57 64.57 66.73 73.64
Happiness
F 61.10 60.71  63.02 62.22 63.86 68.15 75.89
A M 75.52 69.22  69.98 77.33 76.98 78.36 80.46
nger
¢ F 66.52 68.15  68.33 70.16 78.03 75.54 88.30
M 82.04 77.06  78.43 73.40 78.80 77.97 79.16
Sadness
F 75.90 72.41  75.62 75.62 76.69 77.25 80.96
) M 62.17 61.17  64.05 63.00 62.06 75.88 85.16
Frustration
F 64.96 65.02  63.72 60.77 64.16 77.98 77.42
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K 4. BIERIETIRIA SER TR/ FRIER (—H M7 % Consistency
Score)

[Table 4. A summary of the fairness performance by consistency score on Gender-
wise Perceptual SER Learning..]

Emotion DNN LFR NRL FairReps FairRepr FairRep  FairPep

Neutral 0.537 0.685 0.786 0.791 0.788 0.802 0.853
Happiness 0.552 0.698 0.783 0.772 0.761 0.777 0.827
Anger 0.583 0.722 0.790 0.801 0.762 0.809 0.822
Sadness 0.552 0.735 0.762 0.766 0.733 0.739 0.797
Frustration 0.568 0.706 0.741 0.743 0.752 0.760 0.840

ABHE » MR BMA TR AN TE 1 E 2 PEEEIA AR
S o BEIBIAPIHY FairPer 581 - gE5 H A WUt 1B B ISR B & RHE LR £
BIEAEMAFTE ARG B IAVETRS E (AE 2 Fom) fFEERCREZRAVEIL T - PRI
PSSR BHRE 5 B BEEE - DL Frustration $548 K5 - SBUERFALEHIRFAE B ZAVEEA
K2 AAMBFIHITERI AT RE Sl BRI - F1 D8USE 85.16% -

B s — B BV FRIR - PR 7RIV ERE RORE S B T A
et A — MR AR A S S MO SR A i TSRS — 2 MR R IR e - BB
fE AR A TR RE A A PR RR S T+ EEEERY » JEHYZIGER - ISt TR E 1 PRy A
RES A St A FE P TR 22 52 > WO RESOAE R I BUE MR B ~ ZotEem M B 2
EHETT U - I - FMIEVIAAIA AR S P2 (1 B A M bR PRy e ss - i Bt
REFa S A st ER AR A s BV IR TR S Th RIS 2 -

3.3 EEg1T (Experimental Analyses)

FEBAIBTZE T - FeMTEEE— P LR BT A TR E B R T T TR AT « TR
7 DNN fERIFIFATEH S HEH AT FairRep 155 > A5 T-SNE J57 AR 41 222 i o
B2 H Ao -

BizzlE 5> FMTOTLASEIAE DNN AU SR1% - 55 1B BR 2 B B i AR A
—EMNEERS SR ER > A2 FI M AR — E R WEREFRR
S N RHFERIERT - T AR & BIRE S S WA N A AR VB AR R A - SR IR
6 Bf > FAMHY FairRep fE780H R [EAYEE 5 > 55 M BERD 20 M B BE A A AR (e 22 i o
WP BL o N I B R AR B G > th Bk B e T MUY A Sk 00 7 B M R B 2 2
HECREH R A BRI EBR A EARES HE R B EAGR EMEZ - LT
FAEFHBAMEIIN AR > o] B sh o S i A A 1 -
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[Figure 5. The t-SNE scatter plot of [Figure 6. The t-SNE scatter plot of
DNN from Anger detector.] FairRep from Anger detector.]

4. %55 (Conclusion)

FEADTFE > FAFTEE H — T AT HY S B RS - 2 R HIRZ O AE T A A PSR
PURTEAE S — PSR EE A A PIVEBURTROR > 1258 RSB et A PARIR R oK B L DA 2
TERIPERI RIS - FMIAVBIFEaE R © (1) Pt YR RLAE B fm B 1 R as
R > BT T HEAE TR ¢ (2) BB PHEFEEREY A FRMIRERE T FMIAyiE
RESR AT S D I S s T YA PR -

5. RAREE (Future Work)

Fo T HE— DRIV R AR A S G5 PRI A PIERRE - BT E e g R HINT 5T

ERE B RIRFG & e R A B A ACE it B AR s — R R BT

IS 2 A B AR IR 4 37 T B M A 22 3 SRR AR ~ S AMEAVIS GBI - i

BRI FISHIZE IR R VTP EL - fm RN G DR ER T RIS AR

WrFefR A - DA — AR b iE — ST 5E -

o EEfmARNZRAHR - BRI EEE SRR L o TARZRATBTE o] LURHS
FARAEIEM TR B R R AR R EEREE - BIAEEE ~ JEE R RS - =
A B I B i SR R A R S B R I B P P R B TR 2R

o IHEFIHAMGEEHEBEGIIEN @ BATHYIAR S o] DR B Bt EaE S AR 0T
o AR E BB TR ERE - EESRET S > RIS L
Sk IR AP > R AR SRR S R Y FE R S B A
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o  PETEBEETHVRBRNE | 2UIEOIEMENINEF 7T S H i R4S RE A 2
It - W% R R S e RN o 45 SR AV AT BE 2 2 > Martinez-Lucas 5 A ( Martinez-
Lucas, 2023) {3+ 51545 EE (Affective Priming) B 48 EEECHY §2 BHEUAR I 15 48 4
FE3HT - BERRAVERETR A BN E— B LITEaREt - $R S oe Ay BRI AT 58
M o

AR A FHEE B 5 4 P ek I B BT b 95 7 1) - 38 S IS sa PRl iy 5

HAEENGEESE WS A TG A MR a3 M R RE R A AU 20 1 F A

B o WA ARRATIA ST o] DAE 2 S iy A | RN ERVRE S IS P T eF
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