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Metaphorical affective prediction integrating intra-class
differences and interclass associations
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2. School of Foreign Languages, University of Science and Technology Beijing, Beijing 100083, China)

Abstract: Metaphorical affective prediction can help improve the user experience of social media content, while also
having potential value in mental health monitoring and virtual psychotherapy. In addition, it can more accurately
identify the affective needs of the target audience, optimize advertising strategies, and improve business efficiency. In
order to further enhance the effectiveness of metaphorical affective prediction, architecture on multi-mode metaphorical
affective prediction method that consolidating intra-class difference and inter-class coherence is proposed. Firstly, three
single-mode models are introduced, including image semantic model, text semantic model, and voice semantic model,
to extract personalized differential features from three data sources, respectively. Then, a deep layering multi-mode
model is introduced to learn the coherences between multiple modes through intermediate layer fusion, better utilizing
the complementary information provided by bi-modal and tri-modal data. Finally, the four aforementioned models are
fused using a decision-making layer fusion approach to predict multi-modal metaphorical feelings in an end-to-end
architecture. Extensive ablation experiments and comparative studies conducted on open-source datasets have
demonstrated the effectiveness of proposed approach.
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Horp N R B R B0 A TR 5L PR S R
WA E ok, X, 25 0 A U8 # 1Y X BRE &,
g VBN 1 B M, RoR A AR TS

OFETTL o WG — B0 T A A0S O 1
LR T e ol L ot 2 4 ) el B RABDRAE B, =X (13)
D0 kX [k]

>0 X [k]

FO L XLk R § WA bink A B0 18 EL0E A5t
MR, REBOM R S S R A B R RN e
TR A T iR

5) 33 Z & (zero-crossing rate, ZCR) , i3 F &K 38
o 1R 8 I BN I 2R 38 SRR Al R 1 T 3
BE . ATIE UL, B ORAE S A IE [ B 4 fm) 5 B 16 B GE 1) 09
SR, EVHEE TP HAAERAR, M 25 5 b K
fEf R a4 .

ZCR =

SpectralCentroid,; = (13)

M—1
VT2 T iy <0} (14)

Hor, s, BRREERNE WES, 1T HEREE.

6)THY YL . T Y TSR HE A AE R R VA I — 2 Ak 1 B
. BEHET o Prigiarss, mtas .

SpectralBandwidth = ( 2, S (f(1) — fH")"

(15
Hodr, S Al f () 53 BRI bine 4b 935 5 A1
Ky fFORIERTL . Moo= 2 W BT AR E2
DAMK. ARKRE LTG5 55 A Z 18 5 A1
WIRREE . Bk HFPUINE S EEHREA. 55 s WA
MK a R
alt) = 25 s(k)stk—1) (16)

H, t ZARWESE, « (O 1t = 0N ERKME.

M, OFRRE & — N T A J6 R AR 1)
7B T EX N S A PR RRE .

DB F . e Al LA S R R R
FE. BEPRE RSB R EOR RS M,

0 1 3 B R AR W] LA FE 43 FRAE 1% 25 R IR G 11 3 A
FHAIE , HE— 5 A B 24> FC 2 o, LM g 3 s 2 1 817
SRR RN

Y. (a) = f,(X.:30,(a)),Y, € R" a7
H, 0,(e) H FC ZMBHES.C RRIEHILHMN

2.4 REBXRZSEAKE

W2 R Z BB B 7R LG — 7 s 3 A T
AOBERY , LARAS 3 AP 22 6] i) AR A S P . (2 585 OF
TS TR (14 75 325 22— 0 4 A R ) 0 43 SR (S0 ke 5 2=
Fil e R B 7 SUOF A BEAT R0 2 > S A A8 X 2 1) ) Ay
FHRAE . A SCR AT P ]2 il 5 7 SRS IR R 3 i A6

o OB, DUR WA T 78 4 R BT 3 At =X 22 1) 19
MRS, B, TR RA S, & N IHER
BT L SR K BT WU SR AT il & o = B A, o X
il 2 5L AT D2 o B R Y 3 bR X =2 T G XA X A A
TR S o DA 3JR A5 B o A A S T 45 R

DX A . 1 Bt =0 i R AE 1) i 2 S ok 4 A AR
3 TP A [H] Y RUARE 3, A5 - A L R - S0 AR AL -
A,

X 5 A RO X L 2 ) 3 (A X P 5 218 AR AE
X, PSSR E R, G & a0 F .

B” = (X,®R).B" € R (18)

SR M HAE R i A AL 28 245 24> FC 2, LUIZ & 3 A
R 5 A5 2R R 22 ) 19 AR 2 04 T DU = Je AV T

Y& = f,(BY3057), Y € RC 19

Hor, 6, Rax FCIZM S C Rt b L5011

il

ZE ARl 3o T M- SO A B X, 2 2] B A o A
T SURRE X, FISCAR I SUHRRAE Z, A IR

B =(X,®Z).B* € R” (20)

SRJG W HAE R iy A& B8 45 24> FC )2, DL & 3 A
SCA B AR AR 22 ] B4 A DG P o 15 AT R0RE 2R T

Y& = f,(BY301),Y™ € RC 2D

Hrr, 05 S FCRMSELC RRFTNEE.

ZE ARl o TR - S0 A BUARE X, 2 2] B A K P R AR
FRAE R, FSCAKRAE Z, MG 0T

BY= (R, ®Z).B" € R” (22)

SR W HAE R i A AR B8 45 24 FC 2, ULT2 3 L3 A
SCA BRI 22 1] F4) A D@ P, 15 AT R0RE 2R T

Y& = f,(BY30:), Y™ € R¢ (23)

Hrp, 0, S FC BHISE.C RREHNH &,

A 0, B A DR ECERIRAS T — A 40 B i 32, A i 4R 4t
T — 21 S 5 0 A SRR AE ) L 0 — 4B S Bl 3RS = AR
Z 1A A e

) =HEARA . N T EIE ISR A 3 A 2 1A
ME SRR G — LA T LR 15 2 0915 45 FIE B 56 1Y 3L
MR B B BY M BY .

T = (B* @ B“ ®BY), T™ € R” (24)

SR AR Ry i AL 38 45 24> FC 2. LUK I 3 FowL
A2 22 V) 11 P 5 A G it 2 A R T

Y = f£ (TS50, Y € R¢ (25)

Horp, 07 R FCRMBE.C FaBHEE. . mb 5
B Y FRon 515 4 FE B DG 1 = R E . A
T LR B 2 vk i T 2R AT I 45 0 B B AR =X 2 1] Y A
O FR M T 1 2 A SRS B R

XA A rh ]2 A RLE T R W TR R E R S A R
I FRAE AT REAE R AE 19 RUBE L o3 4 55 07 I A7 76 R — Bk 22
o MHLER2E S X T A5 B T0 AR B ok — M R A i %
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CUnR 77 R0 AR R 55D B I 2 2 IR0 23 T L e 4 )
IINT) AT bR — R E BTG BAR Z ] R AL . A
SC T X X AT AR AR B TT AR . 7E 5K )2 3 A X AR
BT SCRE Y | SCAS T SURE R 5 A SRS BRI B2 2 Ik 22
OB [ T 25 R AT 2B S AR RN — Bk =
s R 4 A e R T U A7 T

2.5 ETREEHEHBBERN

ARG EIR 4 BB GG SO TR SURBREAY A58 1 AR
R P SCRTRLRIR BE 43 2 2 U i D SR B L
R ARERL, AR & BB 25 5, TR R A R
— R S TR B 19 AR 1 S 1 SR W, G T

Y, = MajorityVoting {Y " in put : (V,)

Y"input : (T,)

Y “input : (A,

Y ““input (A, V.. T )}

AU 2 B B0 45 2R Y, 238 i 2 B0 55 0 B WAL a8 R
SUBERL (V) L SCARTE SCBEEL (T ), E J0R RBEAL (A ) i
A 3 MBI G (A,V,. T Rt aE K, Rk
Z ORI TR A2 A 5 — B L, AR 4 B A
dpe R A AGE 1 S0 5 e 2 1A TN 45 2R

3 XWERKSH

HiEsE

BT SAIE INT2-M3AP A58 [ 75 800 L 36 F I U5 ik 4
i £ IEMOCAP™ #F 17 £ # X B 1% 1 I /A 56 JiF.
IEMOCAP $#5 8 & — 2 B X Zon 2820 BHE , Hodp
5 20 A A R 20 0 3 05 L LA L B SR 098 B il BRI .
BIET 10 A5, B B3, th 5 vk R 2% 3% 8 A
FEEA B IF R 3 A Am i X 1 4 280 CaL g B A0 LT AR LB
B A T 24T O RO VDR At ) HEAT RS L R
WA R R 2 %o 15 28 O 1 O A 5 RO ) L S B R (58 558
G B O #5589 T i R, X PS4 U E 5%,
T 5 H A I AT F e, 5 B A AR IR L R
B 25— 3D 3 AN FRTEE R = DHF PAA [ — 4R 25
B 3% 7 Cutterance) . 75 — J7 [T, XF T 15 K AT 55, % I8
IEMOCAP B 15 Bkt R likerts S 1F 4312 ik 47 PEA
HoA A B BN 1TGEO 2 5 CRRARD . 7 e T, 7
T DR TP SBE AN . T BRI R A R AR AE T
0 2P, B0 S0 43 Ry B B0 T AR A AR 1
B TG A R 1~2.5.2.5~3.5 Fl 3.5~5, W%k 1
A2 iR 43 s T 26 SRR B S5

3.1

®1 BMEEXANPREEHE
Table 1 Number of utterances in each emotion category
o1 2% PR Eb ok R4
1103 1636 1084 1708 5531

114 -

R2 BIERENFHIEEHE
Table 2 Number of utterances in each sentiment category
GRS ok A B
1633 2010 1 888 5531

5 CMU-MOSI 1 CMU-MOSET £ H i % 4% 48 41 1L,
IEMOCAP # R E P BRIEA T E 22, METF A &1 K
IV 25 2k b SR 70000 A5 0 45 (36 T O A b HL B A 28K
IR MBI SR, A, IEMOCAP S04 4 vh A 5 3k [
AR SO AN AR 1, R S B B
BAGE R E AR ERIAEME 2. W R N,
A LAV /b R R R R LA B RS R R R RS . £ I,
IEMOCAP S48 40 B i 2 45 2 8% % 1000 0F 53 109 3 o 41
TR
3.2 LWiEE

AR EAE 4 AR P RAL, 3 A 3 A AR
RUFI— AR A =B X AR, 7RIk 2 AR 2
T A BB RS 22k T ol i N 5, DR IURRE 2 B P
FREAE AT &5 SR, A T Ab BECHE P i MR R T 45 R
Ao T A A B 5 T L U — b R AE 45 R DL AT R
Ref AT 28 o 0 P 19 T A 1R B 4 v 5 T 1

FE AL B8 1 SO R b, i g R R TR G B T 45 ok
224 X224 W R/ RGB 1838 , SR J5 9 47 41 i BAL 2,
Bl o B 3k 26 [R5 i A 45 #E TmageNet WY ZR Y VGG19
WL EATRBEIE AR AE$R B, 5 — 2SR Z R
AE T R X3, 4 ol 196 X 512, IXRE— 3k, M4 18 B
Rirh f) &g A BIAR AT LU RIS i 48 B R 512 1Y 196 A~ X 3
FEAE

FESCAE SCBEAI p , B4R] PP 51 1) Je K BE B 5E A 100,
X KB A 0 5 SR R LT SR, i X 5 100 A
AR G F A I SEAT R AL B . X SCASRRAE L N TR 25
1) GloVe i AN 751 v (%) B A~ BRI 5% 46 5 300 4 A 1l &
BiGRU g 2R84 5% & R 360 Fl 230 A H 40T, T 45
BUZ B FRAE A H0h 12,

T A B OB AN v e 5 AR A S R A T DA
44.1 kHz MR 4T RAE . i Librosa & 554 B 115
BB 17 DR 22 R R, 2E BN E
7 96~64, BTE AR RelLU,

TR R IR 2B AR B A BB R R A & 2 ok,
FEAVEIE U P2 2R 1Y 25 088 4k ML 15 SUERAE , SCARTE X
RERL =2 (1 12 4k SCARTE SURRAE , LA B 400 SCRE AL 7= 2 1y
64 4T AT SURRAE . AERLE S L B R — A 25 100 ZE g
B SCA AT ] B, — AN 25 152 4 4 A8 00 4 AT 1] 4 R
— A 76 HEME - SCARFRIE R R . 225, 3 FOBUEE SCRRAE )
A I —A 50 328 HEAY =R RAFHE A,

B {38 85 5 T . A SO R AL F Python i L DL
Keras fil Tensorflow fEZRSZIEL, AT A SL B A0 E — & ¥ 3%
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64 GB E MM NVIDIA GeForce RTX 2080 Ti(44
GPU NfER 22 GB)RY HP 28 G4 T {Eul 47, eV
GRZE TR I 4 R B A A i o i Rl . B
A AR By e R8T sigmoid WO BRECSI L. KRR
Fie 8+ 1+ 1 AL o3 SR I 5 4 A AR R B IE4E L (]
Adam Fl RMSprop fE Rk es . % 2] % 0. 001, N HZ
Boh 0,000 1 B L2 IE WAL DL S s 480 . RSB A i Il

%5 batch 24 32 I F o 28 I VE ik iR B, 76 I 25
At 30 5 0 56 TE B 48 2%, W patience DA 30 Y FLE R I,

By 1k A 3 A
3.3 XBERRESW
)18 2518 5 45 x0T L 5 404t

INT2-M3AP HEZEZE IEMOCAP ¥ 4 b 17 iy 1%

PURIME 5 a5 Rk 3 fios .

®3 BEA SEASEXFTENBERANE R

Table 3 Comparison of emotion recognition results among unimodal , multimodal, and the proposed method

@

ik 78 TR/ % A/ % K/ % F1 43 %
R o S 7Y 96. 04 96. 30 95.55 95. 92
LNy SCARE YA 84.43 80.72 84.75 82. 30
AT AR A 77.79 73. 99 77.92 75. 90
Z R BRI A AR A 91. 20 92. 21 90. 00 91. 09
HpE -+ 2Rt INT2-M3AP 93.0 94. 47 92. 16 93. 07
GEIR R SCARTE UL A T R 84. 43 % . B T35 x5 AAARBNERNEHRFNLERTL

MR SRS 77,790 HE AR R, IR G 1 SO A L)
96. 04 Yo B HER R T H AL WA AR R RL, IRER K Z
BRI T B 1 U501 SCBE RN 2 A i) ) Fofr A AR Y
HERG R 91. 200 3k % W 1K 24 A BN T 45 2k
BIARE . AL B A INT2-M3AP HE 4L AL T Bk T
PLBE T SORERL 2 A1 9 BT A AR Y, i A< a5 31 9300, it
Sh AT LR B A [0 3RORG HE AR F1 20 SR 25 21 5 i 6 R
SV

W 4 Fros, B BT A IR 2 0 0 A 4 R o A R 3R
B 1068 2 14 03 JEROCRAL T A 4

R4 TEEANWEHFIRANERIT L
Table 4 Comparison of emotion recognition results

across different categories

1% 48 255 R/ %
15 &% 96. 80
AR 90. 79
45 91.56
i 85. 64

a1 U | S N
R, L 5 in, A3 e, #RXRHATHT
ImageNet %4 45 9 I R A .

5 At 2 TR 0 I B o ik 2 SRR L 3R 6 TR .
A LU B4 09 05 3 b 3k TR U A U R i 2 R
HREART .

2) 18 IR A I 45 SR X LY 5 4 A

i SRS TN 455 SR [R) A 2 T TEMOCAP 34 4 17 1A
mns 7 s,

Table 5 Comparison of emotion recognition results among

different visual semantic models

e LER L

A Y % y F1 705
VGG16 96. 04 98.11 93. 86 95.93
VGGI19 96. 11 98. 48 93. 62 96. 00

ResNet18 92. 47 96. 15 88. 84 92. 35
ResNet34 94. 85 97.33 92.23 94. 71
ResNet50 95.62 97.72 93. 39 95. 50
InceptionV3 91.02 94. 23 87.6 90. 80

SEILET, TR Y INT2-M3AP #5555 3 Ml 5 7 0
BB SCRE I (1 7 AR TR A B OIS T A A 45 S R R A
BT 85% . 74. 27 % HE W F G SCA T AT LY oE A RN
68. 47 Yo Y T5 SR TE AR 6 2 BB AT, T WL T A R )
B T H A 3 b BAE SBED L EB R R F) 90. 47 % . LA,
AL H L B T RS I SRR 2 Ah BT A B B AR AR Y
(14 P BB B AR T VR J2 K 248 AR Y, )5 35 43 2818 Ja I 1 v A
FIRF| T 83.59% . BLAM, AT LLE B, A | R, R AR A FL
BB 5 R R I R UE  T R A 2 R
FEAE,

W 8 From , BB T A [R) 25 51 A0 5 B A I v B 3, R
A < B 155 JR 1 0 2R R A T At 17 IR

e 9 iy , X AN ) 3 1) 25 A5 7Y (%) 400 i 45T 7R A7 Jak
R R AT T, A, Bk T T
ImageNet $04i6 4 1) B R B 4%

W% 10 FioR 4 I B2 1 00 O 1 5 e et 0 ik ik AT
TR AN T R TR SRR AN L T AR S A R 7
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Table 6 Comparison with other emotion recognition benchmark methods

, i B
ik AR H e T \% A T+V T+A A+V  A+VHT
Hk[44] Y2 A -3 4R — — — 75.9 76.1 69.5 76.5
SCHRL46] Ul SRR S — — — 78. 32 78. 85 67.75 80. 87
SCHRL26] 28 X B HIE 70. 81 — 69. 89 — 79. 22 — —
SCHR[34] Yl 25 A -3 4R 54. 8 — 57.4 — 69.5 — —
XHR[51] 28 B AIE 65. 90 — 55. 60 — 72.82 — —
k(52 ] Y 25 40 iR 4R 66. 09 — — - — — —
Xmk[12] 2 LB IE — — — — 75.3 — —
SCHRLS3] Y2 - 4R 65.13 41. 47 32. 84 70. 61 — 55. 70 71. 84
SCHRLS4] 28 B HIE 80.12 90. 86 71. 22 87. 90 79. 22 88. 90 92. 4
XHk[55] k% SRR S 82. 54 94. 87 75. 46 94. 55 82.11 92.01 92. 88
INT2-M3AP LEF SRR S 84.43 96. 04 77.79 97.74 83.98 94. 86 93.0

®7 BRA SBRASEXFENBERENE R

Table 7 Comparison of sentiment detection results among unimodal , multimodal, and the proposed method

ik FEAY TR/ % AW/ % KR/ % F1 4%
P58 1 SUASE TR 90. 47 88. 89 91. 39 90. 12
BRI SCAR T AR 74.27 69. 23 74. 23 71. 64
B AR 68. 47 61. 54 68. 26 64.73
ZHA R 2B AR 83.59 84. 62 81.33 82. 94
B+ 2 INT2-M3AP 85. 0 88. 46 81. 27 84.71
Fx8 AEARFMBHRENERILL x99 AEWRIENEEMNBERGNLE R
Table 8 Comparison of sentiment detection results across Table 9 Comparison ofsentiment detection results among
different categories different visual semantic models
i HEw R/ % " R, BER R,
ER 87.01 A [ %4 [ F1 74
0 0 0
;Eg ;g fi VGG16 90. 47 94.12 86. 42 90. 09
VGG19 93.91 96. 15 91. 31 93. 67
W I EA Wt YT ResNetl8 87.11 88. 00 84.16 86.03
YA R B T INT2-M3AP 76K ) e 28T (4 ResNetdd - 90. 32 92,00 87.32 89.59
FR T8 batch KA F RO MU A R 5 ResNeO 92,84 96,00 89,15 9244
S RO BRI RE MO0 S5 R 11 Pk 12 pi,  _InceptionVs 82.71  80.77 8222 8149

R0 S5HMERGMERET LR

Table 10 Comparison with other sentiment detection benchmark methods

; o [T
ik 5 e T \ A T+V T+A A+V A+V+T
SCHRE56] A& 5k — 60.9844.96 49.9943.63 — — 64.6746. 48 —
SCHR[57] 28 LB E — 55.53 47.08 — — 63. 92 —
SCHRL58] 28 X HHIE — — 61.9 — — — —
SCHR[59] 28 SLYHIE — — 49. 80 — — — —
SCARL60] 28 LR 64. 8 — 59.0 — 69. 4 — —
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Continuation table 10
WIS Xl 73 5w s
T \ A T+V T+A A+V A+V+T
SCHRL10] YIl 2 A -3 4R — — — — — — 64. 3
SCHRL61] Yl - 4R — — 74. 99 — — — —
k53] YIE-ML4E  65.17 46. 05 43. 83 65. 33 — 48.70 68. 28
SCHR[54] 2 S 68.95 74. 29 59. 66 84.43  70.55 78. 89 70.0
CHR[55] Y- E 72,85 85. 03 65. 04 86.23  71.15 86. 96 79. 07
INT2-M3AP  YIGE-MHLE 74,27 90. 47 68.47 91.66  73.77 91.13 85.0

Rl FREBSHTHHEBREAL R
Table 11 Comparison of sentiment detection

results under different hyperparameters

i Batch K/ R/ %
16 83.0
Rmsprop 32 85.0
64 85.0
16 84.0
Adam 32 85.0
64 84.0

K12 AABSHTHRERANE R
Table 12 Comparison of emotion recognition results

under different hyperparameters

iRia Batch K/ B2/ %
16 91.0
Rmsprop 32 93.0
64 92.0
16 92.0
Adam 32 93.0
64 92.0

] LA WL X TS RS AT 55, H Rmsprop £l
Adam 1k 8. 4 batch K /MK 32, #E R &5, ik 5
85. 00, [HIHE,XF T 1% 45 IR BT 55 » Rmsprop 1 Adam fI
1645 5 24 batch K/NH 32, H0F F H AL S EH & 45 R T
UL HERAIAE] 93. 0%,

4 % it

ASCHE T — AT 28 U E BU A INT2-M3AP
HES, BEHEEEARRZR LR T 282 W N
R ZR . A AR T SO | L A5 R AR A 2 =2 ) i ) )
PERRAE . HRE AT DL K 06 1 S R TR 4
JEOH & Y 23] | KSR S 2R AR L, 3k Rl k(0 A R i g
I B AMR B T O A O A . R . ON
TUrF Z A 2L, INT2-M3AP b 2Rl G A1 e 58 )2 il &

HARBGE NG —WIERN., XMEETERRT 2
R VR 3 i 3] i 455 78 o R T DUAH BLRN TS, AE T R A B
A EAFAHIEN] T INT2-M3 AP HE ST T 175 S A 0 7 25 12
T B A RONE o AR SR T 2R WD A0 T b SR 17 SR 17 2
DT, 2807 B B T R I B, R TE 2 T i
PR b, B — A5 Y ey R T LA ok A AR AR R b
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