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Abstract

Emotion recognition in conversation (ERC) is a key component for building emotional
dialogue systems. In recent years, graph-based fusion methods have been proposed to
dynamically aggregate multimodal context features in conversation, which improve the
performance of models on multimodal emotion recognition in conversation. However,
these methods do not fully preserve and utilize valuable information in the input data.
Specifically, they do not retain task-relevant information from input to fusion result,
and ignore the information implied by labels themselves. In this paper, to overcome
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the above issues, we propose a new model based on Mutual Information and Con-
trast(MMIC), for multimodal emotion recognition in conversation. The model maxi-
mizes the mutual information between modalities at input level and fusion level hierar-
chically, which preserves task-relevant information during fusion process and generates
richer multimodal representations. We also introduce supervised contrastive learning
into graph-based dynamic fusion network, which leverages the information implied by
labels to make different emotions repel each other and enhances the model’s ability to
recognize similar emotions. Extensive experiments on two public benchmark datasets
and a new Chinese dataset demonstrate the effectiveness of our proposed model. In
addition, case studies conducted on the proposed model effectively confirmed that the
model can effectively retain task-related information and better distinguish similar emo-
tions. Ablation experiments and visualization results demonstrated the effectiveness of
each module in the model.

Keywords: multimodal emotion recognition in conversation , graph convolutional
network , mutual information , supervised contrastive learning

1 5§

TBER AR A H TR EZARE Y - XHEFHIEERS (ERC) BEME IS A3hiR
BIFIER BRI H RIS, WELFTR - R, EHokEsE T BRES A EMEREL
BT R E FIRE - ERCER ZIBENATEE, OB . AN EAIHLE NS0
f e BRI, XERGEEM KT E MR ERIYE, sy R s —EriEREE, Bt
K FH PG T IERR BIR R AT B AF 153 KB (Zhou et al., 2018) - ZEERCHIH R F, A
WEHEREFEMERNFEREEREEZR, FAXEE - PERMoISHERE, B2 Lhsd
AL, WEWE, EERBEMREES S . Bl o MAXEAFREANZHEEGEE,

BATRT LAt R IR E B SE B AR -
Oewtral) et s

o~
( N (Neutral) 4 ZFAA A4 Fh %K
Are you hiding something from me?
(Sad) Mg, HRAT. 3
Xiaoan, I am sorry.

ST,
1. MPEDHEUES B — xS iER ]

SR HO A K (A TR STRH B AR 2 — . SR s
FBIOE BT, HEWETBIE— KIS SN BT IS AL AN K . [
Sty AR BB T, R BT R T R IO - (SO ERE]E — R
i eI I X A L EL R i3 R TS R L AT A
7 2 A48 55 175 B B4 2 2 o P B A T8 125 25 (Zaleh et
al, 2016). BEOF, XTEVEEESIA] 0T B T A A R UTR SR I A1 5
B AT ZIREE P AN . SEE A T EBIEAE (Hu ot al, 2019), FES
IR SR S AN B T . A DUE S A OTIOR e R SO RS AR 5t
MU, LB s T LS A AR & . R B S RS R T, 1
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IR RN P A BRI SR, TR AE 7 R U 2 ot AT A A A Bl M AR B U7 VA (Majumder
et al., 2019; Ghosal et al., 2019)5LILK), H= X ZRESE BFE A HRR -

TR, CRERERIE U5 R R G PR B S BB ST B (Hu et al., 2021; Liu
et al., 2021), X AEREFEERA B AMERR M TIRZIBILEE - #1508 (Hu et al., 2022)FHETE
ORGSR H SRS S TR B R SUE BT sh S, b TEERETHIRER -
IR, XLETEARRER S MABIEHFAEREMENER, AWM AZIR &S RAESHERE
BULRERSESIEER - Fith, XETTETIERIREEE TR R X AR R 1258 24
o TADBAR, RRBESHRXEENBARE IR EE RS, 7T LUIEBORIEE & 5\ B SR
BIEGEE, WMAERFEEENZHEESER(Han et al., 2021). Bb4h, FIFRE 2SR5
FE., FILAMEARRIEZE Z M EHER, WM X AR IELE, 0 E e fr By, “tk
RYFI“EE” (Li et al., 2022) -

N T FERR EAREE R, ARSGR T —FET B BN S R AR 2 B EE
LERRIETL— MMIC - A7 B A FENFAZIB A S RIESHRER, BITE SRR
TEEESFRZENEER - HETEERZEGIREERE, BI#E—PRRNESEIK
FREESRRZENEER . BT EASHAEREPREERNELS, TATRAREX %S,
HEEEHRABENIERBEEANRNE, NRABZENOFEAHEEARE - TATEN DA REEEEEEM
— IR EaE T T ORESSR, IER T TR RR R RO A A o A, FERTIR AR
B EHAT IR BIERTTE R UESE TR B A LU SR B RS RE R, B X 5 AL
25 o THRNSCIS AN AT AL EE SR — IR TR B MEER A R - AR SCH T EETTRA A T -

o FATRM T —MET EAEEAN IR KNS ESINEFERAIGERL, ST T % AL 5
FAFM, RERAEZ RN EEE RS ERITERE -

o HATEMARIE SR LD REARWETZRINEER, FiFtaEm e IRETRESES
MRAER, WMERFEESEEER .

o HATR BRI MARETERIE S ML, TAMAREEER, EEEHERABENEAR
BEAENENE, ARBEREAMEEHF, Amsgsax B LI riRm) -

o FATHEM DI FEMERR AN — D A I P SCEE & BT T RESKRSE, BIE T A
SR H ARSI T i 0t T TR ARCR

2 MXIE

ARILABT ST TR E AR B ABIETENEMER, REREEZREEEER
B ERIVERE . AT RSN BN R BOR T, FHE BRSO R ARG LR T ER TR YE -

BEE T EERAL T PR R PR E P, DL LR & R, FATIAE T 2 EEEER
BAEIN K, R S . FEISEAETE T, SRS EIRE T B = MESEA: W A
RO . —OoRUE, F—HEERPRARRESETREEAEAMER, FiE LEEHE
RALBIMNZE R (L et al., 2011) . ZHEEHIR/M G ZEH R P ERXEERTR S, KA ZENET
BRARETRIMNBEELR, FTREFBEIEEE ARG - Fit, RAGESET RS Y
RN, BT HESHEREENFEE ZEEFRR, MEE R+ K.

R LA B AL £ RLSTM (Poria et al., 2017)FIICON(Hazarika et al., 2018),
EATE S FE=MESHFERMAZREER, MANREEZ BRI EFHETER . Chents
A(Chen et al., 2017)7E #17/KF E#EfT ZHSRE, WIGLANEEHTIHEE RG] - Zadehs
AN(Zadeh et al., 2018)32 HIMFNR@L & £ W E RIF 5, TR # 0 8 o B AN A4 =X B 4
fE - HuFALiu§ A (Hu et al., 2021; Liu et al., 2021)7E EIZEH) PIEHUS S FI RS A H, RIF
R TS ZRIFEAME « 5 (Hu et al., 2022)M1F] FH 2T B BOR4 75 25060 9 3R FE LS A
1) BN IUE BT e SR, WA TESREGTHIUARER - WM, XL R Z x5 WE i
W AR S ARG BRAER, XA S SEE BRARM G BT ERIEZSHRER -

HfFE. (mutual information, MI) ZfF B M—MESE, 8- HENLAL & 2 8] /) 5B
BE. MEaE—1THIERE, A—1HEIZENHEENHISEERE . BEREKX, WM
BEHLAE &2 (A AR SR, B RN, SRR &2 FNRE R KR - BERATLUH
KIFMAN T ERTERAR, ULKRWIRT, HAENERES] - WESS MR s S auEssg

FoHZE P BT RIS S A ARIRSUE, 2640552760, VE/KIE,

%, hE, 20234E8H3HAE5H.
(c) 2023 FEPXFEEESTHIETETWRRS

266



HEESY

JIZHIRA - Alemi%s A (Alemi et al., 2016) B 5ERF S5 MISVRE 2 S BRGHEITEE & - WARRT L,
KERZEIE(Bachman et al., 2019; He et al., 2020; Amjad and Geiger, 2019)8f5TH-UERA T MI#x
KACEN T4 - BE B R AR CEWIUEA T ERDE T ESTRNTIRER, REIESH
FAF B 7 HREHMAEA (Poole et al., 2019; Han et al., 2021) - fEAITAEF, FATFAHE
BERRMN, FPIESHAN LA EZESM A GRS BRSEA SR Z AP EFEEH#HITHRK
b, BT IERE S, ERE T ETRESESHERPER -

X H2%>] (contrastive learning, CL) (Hinton et al., 2006)&— 5 TxF Hb BRI A5 =%
INFEIREZE, O TR . UK 1IBEESE M . WEXTH>] (supervised contrastive
learning, SCL) (Khosla et al., 2021) M2 —FAH TR F B ORIR SO 22 SRR BT 1% - K EL
23RBS, Tl HEEAREARN, R 2ES X ANFEREERR - WEX ]
MEEE—DMRUCEE A, AR FREAR RO R IR, TN E SR AR ORI - X
AT DA R A I RE I A2 ALRE ST - FIRIFIREAR S PR AE R, T 1] LI 1% & B
LIRS HE N . WEXTHES) AR, ERSFAREEEREI T, 7T LUE
BEMRAIFEIERABEGANRE, FREBEVEREELHER (L et al., 2022) FEARTH, Al
RGBS LSV AE T BRI W4, FIARREE B At B IR A §E ST -

3 ZHRENEEERAEA

Bt b, — AN NAE I AR E A LB — R IR (u, un, . un) o BANIE
R A = RE R R R, BRSO (RIS, TR LR d —
(ul ol ul} o ZHASERCH) B R TG MEE o By, -

FHR HMMICHTIEI LR, RIS A, A5 « 5T Em A rE B i
Bk« BE BRI L0 . RIS St RS | T ORI 5 5
i - RERNTRANHIDE S EARAZ AN EEE - M TEIE, BT hE A
A RIEERE, RIS B R TR G A . R T A S LR,
ST B RS R DB SRR BT S . Bl PR3 4 5 O S B 5 1 2 S A
HHEE, ARIRA AT, BERALMA SIS RLENEEARAZ LR
RS, PSS OB A R AT AR R B B o LR SR AR

3.1 ESGSE

ERMENESREEE, RO EMESOE BN UGB IE R o X T SO
A, BAE R AT B E A2 W& (LS TM) R iy SCAR bR SCE R 3517 2 A9 (Hochreiter et al.,
1997) o AT EFEAER, BTN T — DML

¢!, h¢ = LSTM, (ul, h¢ ) (1)
c; = Wiu; +bg, ¢ € {a,v} (2)

RIS WO NGEEE MG, Fit, FA1LRAREGRU(Chung et al.,
2014) ML AARIR[F]—HHE R LS5 TG Z [ B A « Bl i A AT N

ST b3 ;= GRU, (ud b3 1) j € [1, U] 3)

HH5 e {a,0,t}. by ; BFiTpr, A = o(uw) WEBURE - £—BXHEF, FrEfp gkt
NU, -
3.2 ETEREE A KREX K

FERTE TAE(Hu et al., 2021) KA B, FATME T — DI m BRI S, KR NG =
(V,€), EFV(V] = 3N ER=MLRIEET I, € CVx VEEENSES . T8 L FX
AIEE AT HIIA 1L

x) =l ++°s,6 € {a,v,t} (4)

Frbge, 40 o BATEERSE . DRIRUE A BT E Ay = 1 — 2recoimie) |
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Predictor

2. MMICHLT 45+

T RS RIS A LR 3UE, TH?%CF%%E’J XEWW%Q, HA TR — )Zﬁﬂﬂlﬁ
FERME . fE(Hu et al,, 2022) 25, [TEAEATHSME SEFNSES LI XER

e® c® — LSTM . <g<k—1>, H/(k—l)) (5)

23 A I BTHIZE (Chen et al., 2020)F R A:

H® = ReLU(((l — a)PH/(D 4 aH<°>)

(6)

(1= Byt T + B WED))
EWEEﬁﬁTEJ”'WLE’J@%*H%EB?mP = D 2AD 2. a2 —MBSEL. p, B[BEFITIES
B o BT HRREIC N, H'®) = HF) 4 g FIRELZERHH -

% %|(Khosla et al. 2021)97?7;%, AT B WA E G R R O R T R R A R . H IR E
XTtKaaTHH:I:&LEEEPJ@TﬁEﬁ*EHﬁﬁlﬁ%ﬂi%ﬁﬁj}fb#z& TSI EBE R T, KE
AR PR AR B 5 21| H =i A\ S (R Z B RS AIR G - 98T, AFEEKZ EEREILRS
HHR A LUBE R - B WE RN S, FREmEEER, —Il«/li"‘ﬁzﬁ%*”ﬁ?i‘ﬁfﬂ*%
RANWFERIGRE S, MRS ERIAEEIRA BTG - A TERIEE RS SN PHE RS, Efta
HPEHBENMERBOLT, MRITER RS HE S (Poria et al., 2020) - 5 T FRRAERCEIE S
FEEAFERRE, FHATOETE B S Hywin PRI, #ﬁ%ﬁﬁfﬁ%ﬁ%ﬁ%ﬁﬂ@%i&ﬁt
1o NECAT SRR IR AP BT RE AR B S A B AR 2k

X = [Hd— win a}_[d—win] (7)

SIM(p, i) = log Z;;I;E g}ip(f(p) /XT'a) /7) (8)

Lscr = j{j‘ j{j SIM(p, i) (9)
el

HrpP(i) = Liz; — i} BRn5RAMERENERE B BRRER, AG) =1 - {i,N +i}FZrZUHE
B FERBRE B ZAMNIREAR . X e R2VX4 4 e T = {1,2,--- , 2N}V EREZWEMAHE FEARER
gle 7€ RSB TS 2 [ PR RS AR B2 R %K -

3.3 HE&EKXHL

& iau)\?&%umm/\f&iLﬁ SRAEAFRREAM, BRI TEEHIEAR ZE RS Z 8 f R e
R, REESHFEER iﬁi$*ﬁﬁy$ﬁ*i%?(Barber et al., 2004; Han et al., 2021) - FIt,
BATRAT 4 \%MIEMME%(HM et al., 2021)

T ETETEIE SRRSO, 2642767, 1S 20234E8 H3HE5H .
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BMAREAGBRRM - W THRAMZESE AR ZHFIMI, FA1RA T (Barber et al.,
2004)RITEREHHAIMI R 5, Fg(y | 2)RERIp(y | 2) - HWE2ZN:

I(X;Y) =B, [log | x)] +

p(y)
Ep) [KL(p(y | 2)lla(y | z))] (10)
> Epeglloga(y | )] + H(Y)
< Ipa

Z BB ARELSIRM T £ (5 B (Arandjelovic et al., 2017), FAIULAL T PFFELSRT (3L
A, FEEFICUAR, M)A S . H(Y)RY IR, &R H S TR & 2 (Nilsson et al.,
2002) « fB8qo(y | ) = N (y | py, (®), 05, (x)T)(Cheng et al., 2020)« zRTE T ~ZHHIFH A
S pe, XESHGEE HEVA2 R AR (MLP) R R « RURE AR R ECy:

N
1
Lua =~ ) logq (i | @) (11)
tv,ta i=1
HA N RPN o v, 1B TE TR 2. RGBTSR H (Y )RR 2%
A (GURIAE 5 FOREAR 5 BT R TR A LR . 1, = - SN hi, S = & Y0 b @ hi —
alp,, H(Y) #iTHE N (Huber et al., 2008):

_ % llog ((det (1) det ()] (12)

H(Y)
Heh R R, SRNAEEY, RO . FEMITREA AR R T
Lpa=—Igy —Igh (13)
BA RIS BB W TEA GRS 6 S 2 H MR AL, (L B FREma M
AR G4 RZ = F (X', XY, XY) o FAEH—DIE R ECR AL I3 — (L B AN B 5K ) &
Z [R] A AE SR

Gy(Z) — hon
G (7] = =02 g
A2 = TE o, Tl

HAGR—NZHONOHIHENMGS, ZFRERIE, hy ZRRSm - || - |22 EULEREEL,

AR E ISR BN KE I E - CPCHEER NS (hi, Z) , 08, RIESEM SRS
L E - B MR G TTRESR, IEREGI RN ERE & R R I BB O RE & R T2 ALY
K, SRR 5] — IR A B A A AR ) B S SR AR & R T AR - %2 5K B RO

(14)

o \T
s (hm, Z) = exp (hm (G¢(Z)) ) (15)
Z,ht,
Ln(Z,Hp) = —FExr |log —— (2, hin) , (16)
ZhineHm § (Z’ hgn)
Lope = L3+ LR+ LY (17)

3.4 WBHETRSB
FEETMBKENEEGZE, S8 MEAE=MERRRR A Lt — 24 ol of; of - B
Ja, RS KA A MEERIFS:

¥i = Softmax (W [x{;x};x}; 0f;0;0!] +b.) (18)

79 4>y gy Vg Yg s Yy
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HAW, M TGRS E . T HEMESIR, B AHEL2ENL A5 w2k

Et ask =

lo (C] 19
ZH =0 Zzy g (v1,) +nlill: (19)

HAc@) 3P IR EE, N IEE . PR X 1 R TS 2B b 2 R oy
i, i,y AR RIRE - ON2IEMALAUE E E%BIETU” HHZE - HARNERE
JJIJWTEIG’%EEUHZ?H‘%W

Limain = Ltask + aLscr + BLepc +(LBa (20)
HoRER BN RIS E . BSEBFCRETE T MIS A IS EL .

4 LR

4.1 BUES

BEE BRI RE LB, THEBEBORME , HAaHE— %06 x %L E
B o FATHE X IR S 98 A o0 FH A A PR A B ST 2 3 2 v RN AR R — 5B A& A B R SCEHR
£, BIIEMOCAP, MELDFIMPED . ¥-FIEMOCAP, MELD, A% T M5 (Hu et al.,
2021) —EHNIHIBRFHIE - X TM3ED, A1 H M (Zhao et al. 2022)%@%6’]%%?—%@15EF%E%»E‘J
TEEREHE . = M EIREINVEAEIR S AR -

IEMOCAP MELD M3ED
train val test | train wval test | train val test
T A= 8 2 307 100 | 421 87 118
SEECE 120 31 1153 280 | 685 126 179
TR E 5810 1623 11098 2610 | 17427 2821 4201
FENEIBEKE 48.4 52.4 9.65 9.3 | 25.44 22.39 2347

* 1. SFREEREAIEAE R

IEMOCAP(Busso et al., 2008)f & AR A 115 A6 Z [Al FXHRAIS - B A HE7433 1%
BANSIAE o WG B EER P IRNE T S BB HHEERESFR—1, EERERE -
AEMG R IR NEFEE . &MLﬁZw%ﬁﬁQMNMMwmﬂQMQ,@%WEWW
g, S — KGR, FHRETLIE 0 N IZRAHEE RIS UE 5 #] -

MELD(Poria et al., 2019)8& £ /%1, XEXIGEEZ N (ERIL) R EAE I ER
ARG, SR EH AN LRRIEESE . EA&1433 100 1E, 13708 1ME1E
FIB0AANFIRIULIEE - SEF B aIERH A CMEERETH—1, RERFEHIE, KE,
Bl B, R, BRI o NATPRIELES, FATENE(Hu et al., 2021) & E AT -

MPED(Zhao et al., 2022) % % B 5655 ANF LRI 11990 — T fFER1E, & H 30 K
R SBEIGEIRE - T 990 ME, 24449 MEEHG626 AR HIEE - SHEH &
TNEEHARE TR PIEEREFR—1, WSS 2 W B KB
RANEAR o FAT T FHMBED HTIE SLAYIZR /98 0E /M 5 B AT 5255

4.2 EBSEKE

FESRIS A, T A B2 T REYLEE B T FEJAdam(Kingma et al., 2017)fL 1025 R I 453K
ITAIREAY o Sy T 8503 #1 4, Dropout(Srivastav et al., 2014)#1% & H0.180.5# 175 E . B
HBSEOEEWN T ZPEIEENGCONEZEIINI6ZE, A/ (Batchsize) HE N6, « in
{0.8,1.0}, B, ¢ in {0.01,0.05,0.10} - ¥EHIHL, HTIEMOCAPEUE S TRENLEE D, Al
B & EA0- LJTZ*%EPE’J@ITEi’Jﬁ LOIRIHSL SIS WM - FE SE58357E GeForce RTX A5000
GPU_L#17 -

T ETETEIE SRRSO, 2642767, 1S 20234E8 H3HE5H .
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Model IEMOCAP MELD
Happy Sad Neutral Angry Excited Frustrated | Weight-Avg-F1 | Weight-Avg-F1
BC-LSTM 33.82 78.76 56.75 64.35 60.25 60.75 60.42 57.29
MFEN 48.19 73.41 56.28 63.04 64.11 61.82 61.60 57.80
ICON 32.80 74.40 60.60 68.20 68.40 66.20 63.50 -
DialogueRNN | 32.20 80.26 57.89 62.82 73.87 59.76 62.89 57.11
DialogueGCN | 47.10 80.88 58.71 66.08 70.97 61.21 65.04 57.34
MMGCN 43.44 77.80 60.03 67.25 75.20 61.79 65.20 57.87
MM-DFN 42.06 79.66 65.37 68.11 74.56 67.16 67.86 58.07
COGMEN 54.89 79.13 64.81 60.61 74.17 57.71 65.71 -
MMIC(Ours) 44.44 82.83* 66.27* 69.72* 73.38 67.27* 68.74% 58.57*

# 2. ZEIEMOCAPFIMELDEUREE FIPEREST H

Model M?ED
Weight-Avg-F1

DialogueRNN 51.57
DialogueGCN 45.90
MMGCN 49.28
MM-DFN 53.27
COGMEN 52.06
MMIC(Ours) 53.65*

# 3. EMPEDEUIELE L IPERERT L

4.3  SERXT HAERY
NV RA TR HAIMMICH T, A5 DU R T L8

e BC-LSTM (Poria et al., 2017):iZ & A AETETEJH] FHLS TM M 28 1 5K 2 A S HFE
e MFN (Zadeh et al., 2022): Z&EASRHZME I R ITRB ZEEFF -
ICON (Hazarika et al., 2018): ZRAL T & 2 BRER AR (8 28 12 HE MBS B S d et

DialogueRNN (Majumder et al., 2019): ZAH 5] AJEER M L&A BR ER Ui 18 A RPIRAS TIN5
)RR

e DialogueGCN (Ghosal et al., 2019): ZIRAH| FH EIE L5 RHE G B SUHHT R 3 -

e MMGCN (Hu et al., 2021): ZEZHL 5T P BBl & BEHOR I RS S N AR A IR A _E
IR -

e MM-DFN (Hu et al., 2022): %85 FHzh S EIE RS R R R & 505 1 T 2SR £ N 30
£

e COGMEN (Joshi et al., 2022): %R F 2T B FIZRFAE N 5 P @B 20 MR R (REL
MEREL)-

4.4 F5E%H

5 2B M TAE(Poria et al., 2017; Majumder et al., 2019; Joshi et al., 2022)—#, FMTEZL
FRSFHEIEER A5G IR L BUE R WA FEIT « R2FNFRIHIR T EEZERRX
B TMMICS AR 7L = MR FAITERE - PR *EE RFERERMNRTE T, MMICS &
S LA SIS E L (p < 0.05) - T —EAERIRHEINEGE R 5 [FI0 Uk & R4 R E
5, N T WRORGE SR AT SEVERI R, T TR A IS R -

BT E TSRS S AR, 52640155276 I, ﬂﬁ@ ,
2 A

2 J27600, e/RiE, P, 202348 H3HES5H.
(c) 2023 FEFLGFGEESUFIETYLWERS
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PG IEMOCAP MELD M3ED
AL 7% Weight-Avg-F1

MMIC 68.74 58.57 53.65
-MI 68.48(10.26) 58.37(10.20) 53.42(10.23)
-Contrast 68.34(10.40) 58.36(10.21) 53.46(10.19)

“MI, Contrast 67.86(10.88) 58.07(10.50) 53.27(10.38)

% 4. MMICH)VH Bl s 45

RS Tt B REA] w/o ML, Contrast w/o MI w/o Contrast MMIC  FEHRE
M3ED TESEAT! Sad Angcr Sad Angcr Angcr
M3ED ISR P — I /N 5] F A 7 RS, Neutral Neutral Sad Sad Sad
MELD I will! Surprise Anger Joy Joy Joy
Yes!! Yes! Yes! Yes!! That’s my Dad, that’s Frank! . . .
MELD Joy Surprise Joy Surprise  Surprise

Yeah!I'm sorry I'm getting all flingy.

5. REIFER

ctt

RIEF2MEIATH, MMICHE = MEURE LOF1EEERI, it T EE BRI B g
AR . BEARRYE, MMICZEIEMOCAP F#F 12 5 50.88%, MELD FHISFH R &
90.50%, MSED EHISFH$2E290.38% - IEMOCAPEUESE |, MMICET M EM e A D
PR FEM T E, FEEEMIER L REFETEE RS ISR . Ui R R
TMMICEH M Z SR TEBFEIRAER, PR CREFER TR E T T EMmr K
BIPFER 4, BUSIEFHRERERIL -

4.5 F—FW5R

I A A EEE R AT LR ), MMICERIUG T RIFAITERE - O T —DIRGEAERER
TR, BATE et T TIHRSES, DI A SUR TS A A A [R] SR 2L FY 50 R IS B (A
ORI - N5, BN TP IR MR LT T RORGFTA AT ALERIE, LUESHZRR AT LI
MREESHRERAFAREREE, BFX o HAELEBGE, REERLERNESFHIRBIA
[R5 25 HOVEERR 22 -

4.5.1 JHREISELR

AT TIHRSEI LS TR, PR T TR AR A S BARER « = B R L (5 B R B i B XS
FURURAE IR PRI, BR R LAOSEREE T - AP DR RZ PRI, S5 Rt —5 N .
SRR T MR = MR LR, DU AN R S AR THEA R R REAT
EENER - FA T

e HERMAMNERFBE: MR ABERREAMEEEER . NERFHRATTLIER,
FEIEMOCAPH 5 48 FF190 50 T B 70.26%, FEMELDEUHE £ FHF147 50N B 70.20%,
EMPEDEUIEE FF1 80N BE 70.23% - XK, FABLEE&RKIML, 2R ESHA
UK Z SR A SRS RS A SR 2 AN ER BT R AR, AT LUE I H g i i
B, ORISR EREERMATETNER, REBEMEZESIEBEE R MR

e HERBWBEX K RINER AR RGBS AR . NERFRANTTLLE
3|, ZFIEMOCAPEUREFF1I9E T T70.40%, EMELDEUREE FF145CTF R T0.21%,
FEMPEDEIREEFF1IECTRE T0.19% - iIXFRAH, BFUEEXT AT AT B RORA P4
BRI TRSFAGERFR, BT ELIEEMIRBIGE S, REHEERAIERE -
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3. t-SNE R #ALRS I

4.5.2 ZEHIEFR

FATEMELDFMPEDEUE £ _EFE1T T REIEF, WHRSFR. AfUER, HEZBRTHIE
MRS, A SIREW NHEORELSE, NS BE I TERAG . HEREER
B, BT LOERIR AR F12 - SHRIFERIESE, (2% RE 140317 TEIRIEA - 3
1125 FEX AT RE 2 T RON 4R G FAERE BB D a7 B L, TEFRLZH LT UE
BRIAAIESE, M T BEREY, MmSREAEEF LSRG R, M s
ITTEREAIF o Y RBRT LIRSS, A AT DR R B R B4 AR LB LS, (HEXT
ZHI2FN3MFEAT T ENRAIRA] « FoA 125 X AT e 2 T RFI2F3AR 5 15 B 2 A AER R
ARPERBGAE, SEOE SUHLUER S, AR ARES Z B AEBITR - ST 5 i s
e, BRITEER AR E BR R A B E AT RS BB, WA TR AA ] . T
LA BRI ER VR W R BRAT, AEAYET DLER R A DU RFI B, Xt — IR T
SRR AT DU SR RSN E T ARG R REEE NS L AITERE .
4.5.3 t-SNEA#i4L

N T RBRBEAFEMLUEERN R, BEREMAR L EIRAERRZR S, mH
[F] 2R B FOEUE R R 25 (B AR FE T - XRERT LUB RO = AR B 2 (B i A AR B, HEhnAH Rl 2%
B2 BRI B« KA TR R TR IR K 2 A ) SR BRI TR, N SR 2 e w2 T
JLEZ BRI . BT, A TEEA R AT L FEIEMOCAPEURSE b, A2 FA ]
WERIZE S BAT B R RN B LR BB 0 N Ft-SNERT AL 85 5, A2 Bl ] s s iy
MILER o JEER L, BATRZIIBRATITR PR AN FE R B EIEE R RS B FE S, HF
KA FEIEER R B R E N, REER T DU A SO & AR 2R B 2 B AR A R
HEINARI 2R B 2 B A PN R PE X UERA TR AT DL 73 [X S R AL IB 2% -

5 B4

O ZEEIIEEERBIT IR B, ASCR T — M T AR A H6 Kk Y B R
AT MMIC. 7y [ BIiF R N A IR S 45 RIVESHERER, BITELRRML TR
BRERRZANERER - Bt ESHZERIMEERE, RIE—PRANE SRR
WRESRRZANERELE - N THEAPBAAREFRESHES, HATRFEELEIPAET
KRR & ML, FEFMEFEIFEOHEARFNRYE, ARBENEAREELANT . ZITERDL
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)
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