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Regional Context Perception enhanced Network, EMR-
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HTF VGG 1Y XA i B L B ER BR K H A FE 1) XA
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BRI N2 450000 kA B 284k . o VGG fii
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Fig. 1 Framework of emotional modeling relationship guided regional context perception enhanced network
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Fig.2 (a) Regional context perception enhanced Twins-SVT encoder structure diagram; (b) Regional context perception block structure

diagram; (c) Res-Conv position encoder generator structure diagram
Je BRI A A 5% 22 R FE R RT3t 2% (FFN), 3% 5
Rl S AR AR B SRIKAE 1 o RS, R FEN B9 B iR 28 A
LayerNorm 2 fil Linear JZ2 17 % . H AR~ =40

R (7)~9) iR

Y’ = Squeeze (zf ) +7"!

z, = FFN(LayerNorm (Y')) + ¥'

(N
®)

Zheps = Linear (LayerNorm (zi))

©))
Horpr, ! IR A8 S R 7 )2 0 i R X TR Sk
HIH ) S AAHINAS B 452R, 28 Ronali A 5k 22 1 4%
A9 FEN fi i . 1834 LayerNorm /2 FIZETE 2 1 i 2%
J& , BERIAG B G bt 2% )2 i 45 2R 2 o

FRIE 2 RCPB Ji, H R B A R 8 1 45 6,
BEEGE N RS o T B IR EURRRIE R e B A TR



$sil

ARYRFE, 45 SET DB SCBHIBE R [ 246 (1 G T A% 685

1= A 1R Ak, I s A% D Ak BRAS ) RO~ L 1 B

51 ABR 2= G BB g A LA T RRE AT E— 22 1
AbFE

112 REBRZE S A RS  PEG R 45 fis A
J¥ 31 11 ) B 4P A B 20 25 b A B A A A, (A5
Twins-SVT B AL FAL K JE W AP H] . 75050
o, AR SR BLGI A PEG SO 2 b B0 RR R  k o
R T fE R AN 8] 8, A SC3Z F)) Conv PEP I Twins-
SVTR )i %& , I FH G FRZ BRI & 4w, IF (1 F 5%
LN Z A B B RREAR N . X AhE5 R AT BY T W
225 o B N RRE R, B UL, F— A5k 22 3%
555k RCPB, JEZEH M A A E R K/l 3x3
() PR Hefie A2 B s 2 AT AL 3. R A,
271 ik A RCPB, Hofi th FRAE 20 WA — k2215 42
it PEG. 2! 5 A PEG b T ab . SR 5 ¥ A
B AR . BAR A= (10)75s:

¢ = Convyyg (Convm (z"l )) +RCPB (z"l) +PEG (zlz)
(10)
1.2 [ERES5| SEHR
ARSCH) AN B A, A o B0 R A H AR R
55 FUI I R[] () 25 5, (AR A AR I S 72 R A

_________________________________

X 1E B AR AR AR, LA I 4 5 RS 1 %G 7% 10 1E
it BRI SR AR e e . O TR A
B AE S IAE BN, 5T ATENS BB 4 Flicke™ gE47
TR 2, F 0000 A ok Pl 5 B 17 e

TGS 5| AR AN 3 FF, B B AR EAR AR
Z5 R A L MG GR AR, AR AR 28 2o 1 R 2
RS B BN ARZE, BT A bR 2 Bk AR U IR A 1x 8
F sk, e, sk b RS T Z (B 2R R X I 1 R
FHIRER . ARG, TR 5K o X i 28 S 2%
=k (11) fzs:

> yideGi) (11)

TE G BT RS 1 IR P 1) ) 6 o o
ZRK . U, MG R 1 S5 4 AR SO 8 it
ST Ry PRI, A AR | Bl R R A i U S AR
B AR B, T AT RS . DO | AR IR £ B 9 Sy 9 B A
SRS A BURE A TN Ay A R A B A, R 52 B
TEST o N T A5 B I AR AR, AR SCRHE IR
1x 8 (145K 3 v A A [l B 1 0 3 % oz ) {ELAH I, 45
FPER N 1x 2 iy sk, Horh A5 I8 38 3R A 17 IR
P O MEAS o TSR B e kB X 1 52 SO AR 2R, =X
(12) Ir7R:

M=

1
Lce =
N

___________________________________

(@ s | (b) g i
£ 5] [
Q Q °F
i g | ) 3 2 S| | ;
o, = I QL = g z 5| ¢
1 \\ 7 « £ 3 =
1 8 s <D YA K : 52 £ 2 :
! 2 > 5 ! i Al 3 | e = E gl
1 = ) 15 - TIIUSC- S el & 5=
1 & g 10D / ment £C] y | ~ v °f
| = [ ! // 5 4 i ! [ 1
1 Noof ! ’ 1 1 N oo ——
! B N 9 SRR 1 Rk . :
E e ) (o) (L Ji-2 o £ 2 '
: =7 e i Lo ) Lo - - = = :
| . O e 4
K3 (a) 5 IAE5 ] RLRES AL (b) TR ES AL (o) 2R R K
Fig. 3 (a) Emotion-wheel guided module structure diagram; (b) Emotion wheel structure diagram; (c) Multiple loss diagram
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Fig. 4 Application of ETCM in four different examples
R AN 7R 25 2 A TR
Table 1 Prediction probability of various emotions in four different examples
Prediction probability
Example
Fear Sadness Disgust Anger Amusement Contentment Awe Excitement
1 0.20 0.5 0.05 0.10 0.05 0 0.1 0
2 0.20 0.1 0 0.05 0 0.05 0 0.6
3 0.10 0.1 0.05 0.70 0.05 0 0 0
4 0.05 0.1 0 0.05 0 0.10 0.5 0.2

B2, I IR R | B LR IR
IR AL 8 OC FOR T ETCM, 1] LU RUX 53 B
VRIS BB, T A THT M £ AR R S B 155 U Y RE

J1o BAKME, — R A FI0AR 25 S — 4> N x 8 4
B 1), H BRI R ) o B HE R pe o B
N AR pre BIEE NS s, , W28 (16) Fis:
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Table 2 Detailed information on emotion, score and ETCM in four different examples

Example Target Source Prediction cls_score pola_score dist_score ETCM
1 Fear Amusement Sadness 0.20 1.85 0.3679 2.4179
2 Fear Amusement Anger 0.20 0.35 0.3679 0.2000
3 Fear Amusement Excitement 0.10 1.95 0.0498 2.0098
4 Excitement Amusement Awe 0.20 1.80 0.3679 2.3679

# 3 FATE T REGE B EBIRE M A S5 S.+ 5,4+ 84, if pola is correct
Table 3 Detailed parameter for the FATE emotion ETCM = (19)
S.+5,X 4, else

Number of images

Item
Content set Target set FATE dataset
Total 13230 646 13876
Amusement 2017 81 2098
Anger 1041 62 1103
Awe 2002 82 2084
Contentment 2014 56 2070
Disgust 1290 56 1346
Excitement 1997 84 2081
Fear 1149 92 1241
Sad 1720 133 1853
1 N
= 2P (16)

BRI AR A LA AEE R R, TR IR T
S T AR S ERR BEE R d,, , IS
AR EOEE R d,, o d,, A d, 5350 F AR 2L
e BIFREL, IR ENTRILR s, , i (17) Fis:
1 &y et
Vb
37 TR A A0 P 73 JORR B0 T s 28 22 7 A )
WAEICR MR Z RIS, BN s, o N T 58 3
WP 0 B M AR s, O — A OCHE R .
FEARG I BRI, I EE R s, N 0. A
B, SHREAR o BN TE A AT, R F AR T s
WAERIHER pie (pola) 5 1 AR, FEHARKT 1. A7
B s, 5 sq PEATSRANERAE, X (18) P

(17

e
;) = N Z Z (1+ pic(pola)), if pola is correct

0, e_lse_
(13)
Wa, B osq s, M s, ¥IEREJE FEAS B PR 17 B0
T4, 3158 ETCM, 1= (19) FrR:

2 EIGiIZIT
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PE, A SCUL 44 7z Al By 1% R A 4R FL B2,
TwitterLDL ¥ Emotion6 ! Fl ArtPhoto®* Sy JLfit, #4)
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Table 4 Experimental results on emotion transfer

Method Acc/% ETCM
SANet™! 14.69 1.0540
Adaattn® 20.85 1.1585
Stytr2!! 20.94 1.1239
S2WATES) 22.03 1.1825
Ours 24.31 1.2001
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Table 5 Experimental results on image quality

Method Reconstructed error  LPIPS  PSNR  SSIM FID
SANet?! 52.25 0.3579 2798 0.7706 544.13
Adaattn 41.54 0.3064 2797 0.8002 488.49
Stytr2! 57.70 0.3875 2796 0.7450 460.30
S2WATES 44.43 0.2887 2797 0.7960 437.51
Ours 36.32 0.2218 28.02 0.8213 368.07
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Table 6 Experimental results of image quality in ablation study

Reconstructed
Method LPIPS PSNR SSIM  FID

error

Twins-SVT+decoder 47.04 0.3033 27.98 0.7883 454.37

Ours 36.32 02218 28.02 0.8213 368.07
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Table 7 Experimental results of image sentiment in ablation study

Method ETCM Acc/%
RCPN 1.1527 21.59
EMR-RCPN 1.2001 24.31
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Table 8 Ablation experiment results on different combinations of

loss functions in the EGM
Loss function ETCM Acc/%
RCPN 1.1527 21.59
RCPN + Leyele 1.1668 23.61
RCPN + Lyjs + Loycte 1.1946 23.88
RCPN + Lojs + Lpota + Leycle 1.2001 2431
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Fig. 5 Visual comparison of results generated by different methods
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Fig. 6 Visual example of ablation experiment on regional context perception block
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Regional Context Perception Enhanced Network for
Image Emotion Transfer

ZHU Jixiang, ZHANG Jing
(School of Information Science and Engineering, East China University of Science and Technology,
Shanghai 200237, China)

Abstract: To achieve accurate and effective image emotion transfer, a region context aware enhancement network
guided by emotion modeling relationships is proposed. Under the guidance of external emotion knowledge, multiple
losses are combined to achieve accurate image induced emotion transfer. In this network, a novel regional context
perception block (RCPB) is introduced to enhance the Twins-SVT encoder. It extracts context features of different
receptive fields in images through various Locally-grouped Self Attention, Axis-wise Self Attention, and Neighbor Self
Attention, and adaptively fuses them through cross attention to comprehensively integrate image information. On this
basis, the lost information in the fusion of deep features are restored through residual connections to more accurately
preserve the image content. Additionally, a novel emotion-wheel guided module (EGM) is proposed, which uses the
emotion distribution in the emotion wheel to guide the model in accurately transferring image emotions. To accurately
and effectively evaluate the ability of the model to transfer image emotion, an innovative emotion transfer
comprehensive metric (ETCM) is proposed, which evaluates the effect of image emotion transfer from multiple
perspectives, including emotion categories, emotion polarities, and the position of emotions in the emotion wheel. To
effectively evaluate the model effectiveness of the model, a new emotion transfer dataset FATE is constructed based on
four widely used emotion datasets with different styles: FI, Twitter-LDL, Emotion6, and Artphoto. The extensive
experiments on FATE have fully validated the effectiveness of the proposed method and demonstrated its superiority
over other compared methods.

Key words: image emotion transfer; regional context perception enhanced; emotion modeling relationship;

emotion transfer comprehensive metrics; self attention mechanism

(TAESRH . F4H)



	1 模型与算法
	1.1 区域上下文感知增强网络
	1.1.1 区域上下文感知块
	1.1.2 残差卷积位置编码生成器

	1.2 情感轮引导模块
	1.3 情感迁移综合度量

	2 实验设计
	2.1 FATE数据集构建及实验设置
	2.2 对比实验
	2.3 消融实验
	2.4 可视化分析

	3 结束语
	参考文献

