BAF2£R ISSN 1000-9825, CODEN RUXUEW E-mail: jos@iscas.ac.cn
Journal of Software,2023,34(5):2494-2506 [doi: 10.13328/j.cnki.jos.006487] http://www.jos.org.cn
O FE R B AT T RRASUIT AT Tel: +86-10-62562563

RS 3 3 Ay N *
ETREZESFINEIGERSFRREEE TR
¥R, BRRS EEEL & R F 2 AU
"R K BAFEEBE, 12K BFRE 250101)

QLAWK R SH AR B, (178 BFE 250014)

*(Department of Computer Science and Engineering, Lehigh University, Bethlehem PA 18015, USA)
WWAFVE#: 4%, E-mail: creui@sdufe.edu.cn; 7 X%, B-mail: ylyin@sdu.edu.cn

W B BREFIPNARROIES AT AT APFAAZL &2 3 BARALIE AR R T 7= A 8 F E AR
AR BT CN LA LR 2 9B S 2R, AR ) £ BB BRI R AR ILeY; AR, S FIA
Ja iy b, POAT R0 B IS RAD B R B AAR E R 4. LB, R R B AR5 3 ik e — AR R T AL
BRE FIRNA T RIS, RANIR K BAMES R 09 A K BR. BARRSL, Rk — A B 18 S 45 48 X Z AR A B A
BAL G0 KT R AT KB, AT B & F RN A I B TR S 09 BRG-TRR. AR R FINT — AP AEZ) & R
I, T AARIEAE S5 18] 69 HFAEAR B K 2 B & s R AT S0 B B AT HAE R B A2 R . JE S A5 M5 i 5
A AR, AR £ F IR G RSATE S0 F 3] Z AR AR L £, Rk — A AE S AP R, VA
PRAEEAME ST VA BB TUMGIAE R T P75 3] oo, M T — AN KIE BIR 2 F R ABRSHIE £ UAE. £C
AR, AHBEEREARN QL ERPREFEGEBRES. AEEKRZBUR UAE HFEELENH A
https://github.com/zhenshen-mla/Aesthetic-Emotion-Dataset.

XA AR FRN, BRI RO, KB SAE5F 3 B & R AFAE AR AE 45 18 A T4 SR v
HEESES: TP391

R A G, AR, HAERE, R, W, TR, BTIRE AT 5 ) M BGOSR A TR I, R A2 4],
2023, 34(5): 2494-2506. http://www.jos.org.cn/1000-9825/6487.htm

J3L 5] FiI#%3X: Shen Z, Cui CR, Dong GX, Yu J, Huang J, Yin YL. Unified Image Aesthetic and Emotional Prediction Based on Deep
Multi-task Learning. Ruan Jian Xue Bao/Journal of Software, 2023, 34(5): 2494-2506 (in Chinese). http://www.jos.org.cn/1000-9825/
6487 .htm

Unified Image Aesthetic and Emotional Prediction Based on Deep Multi-task Learning
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Abstract: Image aesthetic assessment and emotional analysis aim to enable computers to identify the aesthetic and emotional responses of
human beings caused by visual stimulations, respectively. Existing research usually treats them as two independent tasks. However, people’s
aesthetic and emotional responses do not appear in isolation. On the contrary, from the perspective of psychological cognition, the two
responses are interrelated and mutually influenced. Therefore, this study follows the idea of deep multi-task learning to deal with image
aesthetic assessment and emotional analysis under a unified framework and explore their relationship. Specifically, a novel adaptive feature
interaction module is proposed to correlate the backbone networks of the two tasks and achieve a unified prediction. In addition, a
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dynamic feature interaction mechanism is introduced to adaptively determine the degree of feature interaction between the tasks according
to the feature dependencies. As the multi-task network updates structural parameters, the study, based on the inconsistency in complexity
and convergence speed between the two tasks, proposes a novel gradient balancing strategy to ensure that the network parameters of each
task can be smoothly learned under the unified prediction framework. Furthermore, the study constructs a large-scale unified image
aesthetic and emotional dataset-UAE. According to the study, UAE is the first image collection containing both aesthetic and emotional
labels. Finally, the model and codes of the proposed method as well as the UAE dataset have been released at https://github.com/zhenshen-
mla/Aesthetic-Emotion-Dataset.

Key words: aesthetic assessment; emotion analysis; deep multi-task learning; adaptive feature interaction; gradient balancing strategy
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SCUA A P Aot A S S A A T DAAR B 78, AT TR A S AT 3B I 1R SO B R A U R, AR SO S
A58 FH 5 R ML A R ST 450 it A B A -

o 1 H W
Ay (k) = max (a0, dER) = = 3D xalin iK)
i=1 j=1
| “
AP (k) = max(xp( ), dyE 0 = —— > " X j.K)
E @)\ VE E HxW ; IZ:; E
FCrf, dyos (k) S dy (058 K TEH, xali, k) TR xa (0055 kR AREAE B R B G ) 1O TE 08, JUB IR, 4805,

S BT e ey A A (k) , dE (k) B (k) HEAT EREARAE, FEK AR B EAT ReLU SO BB 11 BB kA7
R b 3. JE I DA b5 3O e F0 e (T8 TE R IR AT HEAT T3, LA SR8 TR AR 6 F:
™% = ReLU (convy ([d7T™,d3*])), I8 = ReLU(convi (3%, d3y *1)) )
HH, convig RRBEBIERA A 131 PERUR, JEP AR e e RFVRIIYe € REV . 400 0 38 H R 75 HEAT i
FEIT, AR T ReLU 3G BRI 1x1 B RUZ 773X, FFE AT LR A 5 X a0 40 42 2 5 B0 s B0 75 T,
AR T e — P 2 A2 AR M, SO - B 16.
Be Tk, ASCHE 1 e AR R 5GP E Ty BT IRFEAS TR wierr € ROl Woner € RO, 3144 Softmax £
F T werr B womer IR R BTG 2, AL 2 A (2) BIZIR:

U™MaX () max Y/max (g .ymax

e e
max — max —
Wself (k) - eUmax(k,,)lmax + eVmax(k’,)]max ’ Wolher(k) - eUlnax(k’,)lmux + eVmax(ky,)lmux
Ny o y SV ©)
Wself(k) = eUan(kv)l‘wg + eV“Vg(k,-)la"g ’ Wother(k) = eUa"g(/(,‘)I“Vg + evavg(k’A)[a\rg

ey, gmex e RO, v e ROCEJEBHURE, HIKAE 51 45 I By wrnse Rlwims U™ (k, ) RV (k) 43 5%
RELE kAT, SRR B, DL R KR AR 2 TR RO WL N T e A BRIAAE L FE L. RS RIS
AT W et A Wotner 15 200 AWl O AR BE RETF, B 2230 (1) R SEBRASAE R 138 AT T
3.3 fESSIEIGERE AR

ZATIS 2 [0 53— A R BEP L R BN b P G AN ) AT 55 RSB0, A SCHE BN AT 55 A BB L
RSO B EAT R 5. WA B AT PG R A 50 R S DR AT 55, IZRIERR 5 i 146 5
ARG BRET S5 (BRI £ 3, AT S Wi SEAAT 55 (O PERE. SHXSIE— I, 3T B SR T LA 22 AT 55
FEET- i s B (R R, 1K SR 391 1) 2 MO s 1) 22 AT 952 20 0 2K AR IK LG S o, WU A T 55
DI J32 A SR P2 PR 22 e P A, A2 T A £ f 2 25N 95 5 R RO,

BN SRR AT 5527 20 U5 2K, AR T BRI AT 55 0B 210 S : B . S i AR SR
IR, 175 I HTAT. 55 A N 3ol Rt e iy 0T 6 B8 R4 R 0 P VP AT 55 6 B BRI 10 i 204, AEMIZRGTA K42
2-3 fii. FEBH LR AR, 283 AFLBESUR, 1551 (O BR SEAB AN BGRB8 VF T 55 BRI R T2
i, RS T JSUR )5 50 5 1. WA AR SCIBIF AR, AT 55 [0 Bl B2k 2 19 AN UC PG A 1 AL AN ) - 2 R S oRt #4541
5 BAT IBURAN 77 3K, ARSI IR AEAERRBR S VST XF AFT BT [ 86 AT TR HE, AT PRAE SLREDS
5 AL 55 0 3C A O BR BEEAT S A (R 48 A, LASRE VP55 W 48 0 SO B, X FAT— B BUR AL, 175E gl W4
t AFT BB £ (R B 8. g o 28 LBt el A AR B P AL 1T g o 10K IR AT AT 55 O K I B E, K
8 M g5 BETTHI T BT gy HEATAH /AL HL:
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T/(log(lIghmll/lIgecl) + DX ghe  Ilghmll/lgdell > 1
S £50) ‘{ 1% ghms llgArll/llgacl < 1
AT FIBBRE I 1 JE R RHEAT BEGLLER. 24 g4 ol AR T gAll I, FE0) AFT BEHf I H B E 15352 VPR 43 3211
(A BB Y, AT LB TS 2 gl KT 1Al IR, WUT BN LA T4 M L. Horh T RSt %% 2% 5110
S, WAk 1.0, A PR R B H R L e, 15 T Wt AFT Rl B B AT I R E
et AFT BT A B BEEAT TR R IS, 7T LA 55 55 2 VP I 2% 53 2 1R 0 e B B g HEAT 42 4 3 £
gA = f(gﬁFI’ géc) + g‘;c ®
A7 TR AT 45 I 46 43, A SCSREUA [ PR o P A M S

4 HEhSIG

FEARTT P, ARSGHAT — R AV SE RS, IASIH] IR 5 VEAG A SOy 0. BT I SE 36 38 fE il 847 10 #% 2.4 GHz 1)
Intel Xeon 4L PEAY, NVIDIA Titan XP 2R F TAEST BT, XT3 22000 515 B AT S B BN 1) 4y AT 55, &
A FHHERZE Accuracy T Fy 1550V VAR HEN]. Forb Fy #3493 02 0 KRG Precision F143 P12 Recall (AR
8. L5 AT S5 210 S0 b n R AU i U8 1], #A8 F UAE 3088 88 b (0 4 30 B dh 47 5206, FR44-42 381 22 086 1 ]
BBENL A IR (70%, 15460 TRER). Filb 4 (10%, 2209 18 &%) FIMHERE (20%, 4417 TEEI{E).

o A N RFEAS AR, 45 3 AN 3 BRI B M AR SO VA E e — AL M 48 o B 35 A AR A ELAR R
FNNLE, F U W 25 (1 2 5O IR A SR, S5 I & CEARFAEAS I I B & 1Rt Ak 77 3. A SO ResNetS0 2514 1F
ST R 4 AT i S
4.1 BENYFEXEERBALE

ResNet W25 3E23 % 4 MEER (block)™, 4 vk HE B 11 . ResNet 4% (1938 R I 3 2 i 2401, LU H ¥R
J R LA R EARRT A O G AT . TTCE P4 1R 2, L PRI R B L v 4 (R UM R AN TR 2 IR I
EAZ H AT BEAT KA —REIZ5 J. W SRAE v 2 AT R HE A T, WM 31 IR A5 6, AT 55 1 23 2 100 0 s L A TR A
MAETRIZATAS B, AT 45 M L2 [ D = 4 1Rl 545 B BT LA, A MR 1012 DL RGO 2 A TR AR A8 B A 0 AL AN
[7i) 7B 3P R MEAS AT RE 7 A AN [ (¥ SE 50 008, 2 T SRIEAT W R 70k B0 AR 8. 6 SE80 b, $ 4 A RIIR B,
ResNet P45 [ HIT P AMSTERAE by v 2 BEH, I AN BEHAR D IR AR, 6 1 IR T RFEAS FASEH A N\ A 5 11 ¥ Rl 52
o . NGRS, AR SR IS PR AEAS FASEER 2 LU A A8 T (K 56 2% R I AT 45 A I Sl (V0 M BB T 1 ELAE I
SRR 52 AR N RFE AT L ASSR AT LA R 5 W S5 (R B T, BT 55 TR) A T BOR 75 3 2 1 40 FEE R A £ 8 L 7
BRI S e G A5 B DR, AR S0 T 0 2 IR B A BEER (1 )5 T 4N B 3G AR IR A B H, IXAF BE RE4ERR
B W 1 A AR, XRE LU EAT 200 )7 A TR HEAS .

Q)

Rl AIENRFIEAS A3 AL EXS TR EREIR I (%)

LS AN [N TAN
38 N AFIEAS B b AN AV Accum@%%ﬁbI F| Accumc)rz':j e F,
AT 25 2k 79.28 77.31 64.36 54.27
KR 80.25 78.37 65.53 54.37
[Ye7= 80.34 78.30 65.35 5431
RIEHR)E 80.55 78.61 65.85 54.90

4.2 FIHRILIRER

FEXF SRR AT SRR, A RE T 3 i) ahi Ak Sk, 55 1 AL 4000 Xavier HIHH LTI 53 4h,
AR SR FH I AT 25 I 28 RN RS 1) Jy vk, 3t it IR B3 27 20 vh s i SR T IR — R i A vk, LAkt AR S
o355 INAE ImageNet £ 4R UAE $dls g Bk A3 (6 POV RS 200 (R BT AE Dl 24T 25 BE AL I W0 AR Ak 2 0. s SC
R2EIRT 3 FILA SR (¥ S 50 5 5L, wT LA B, A4 0 3 AT 45 9 5 T A AL PRI R AR A T v LA B e v
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fit, IESMIP 8 bs LR KRR T Xavier 51k, M7E UAE HE 45 L AT AL S SURSAHIE T ImageNet K
£, TR, 78 H bR BT 45 1 P SRR R N SR o1 2 5, 8 AR SC 7 V58 I sz .
4.3 LR

J& T 3 Rt s, RSP ER AR L S AR A DL R P (A A A AN R AR 1 X i 1) 5% i
R 3 PR, BA TR, S Rty A LT Bt Al SIS 5 A SO, s Kt i A B ik 21 T de i 2%
BN, SR TP Rt AR T BE 2 T8 R AR T ARRFAE LR SCAE BR 7T, R, 7EASC R, A SCR I i
KA S5~ Bt A 26 5 77 5K

®2 MBI T SN T I RE RIS (%) R3O AN TIETERE R (%)
FAPOY IO TV I
i . == ¥ N
PR Accuracy F Accuracy F LS Accuracy F Accuracy F,
Xavier 67.25 63.17 45.19 32.08 Rtk 80.01 77.22 64.62 54.17
ImageNet 80.13 77.26 64.38 54.22 SEI AL, 79.84 77.03 64.11 54.12
UAE 8055  78.61 6585 5490 PiFl7 A4 8055  78.61 6585  54.90

5 XfEEsCid

TEARNTH, B SeW A S 0:5 BUG SN RO I A3 BT 1) BT 25 2R 26 7 VAT LU RIS, e B A SR 5
LA 1 B 25 27 BP0 75 73 DMAM A5 8O3 M7 5 15 DeepSentiBank! EAT % Hh. JLUK, BI AL S 3L T S Hohdi 3t =
[ 2 AT 5% 5 ST AR AR L1, ST LS 2R ZGRUE, ARG — M EREEEIT 45, ks
AT S5 (T e Ab, 315 30 4R Y 11 B S8t (14 22 4 5526 AR 40 00 2% 05 10:8EAT L AR, A4S cross stitch 942 UPTA
NDDR %% 2. % 4 f14 5 J@oR T 4R 7 55 B VGG16 Fl ResNet50 1 Sy K190 2% I (1) S 36 45 . 754 4 h,
AICJTETE R 2 515 BAT - W T B VR Fabs B0 T30 1R ST 45 B 88 T LU R AT 552 ) U i, R A BT 45 26
L TEL 1%, WRAMTSS IBR v L AR R, [AlRE, 73R 5w, ARSCR AL T Stk v e, IXFE R 45 R AR i I AR R
T Hol 7922, A S AE H R L3R T 4% AT e R (R M RE R T, HA Ao AR e k.

F£ 4 T VGG16 ML IPEREXT L SEE (%) %5 BT ResNet50 W48 H: Rext Eb S5 (%)
- RPN 175 &5 # - FVHN 1% AT
7:7 Accuracy F Accuracy Fy I Accuracy Fy Accuracy Fy
TS 7923 77.18 64.33 5446 RS HEE 7928 7731 6436 5427
DMA 79.55  77.52 N/A N/A DMA 79.43 77.49 N/A N/A
DeepSentiBank N/A N/A 64.51 54.54 DeepSentiBank N/A N/A 64.73 54.39
SRS 2% 79.41 77.43 64.67 5421 SRS o 2 79.39 77.38 64.42 54.09
Cross stitch 79.82 77.48 65.24 54.65 Cross stitch 79.95 77.74 64.57 54.37
NDDR 7996  77.50 64.92  54.59 NDDR 79.86  77.52 64.87 5481
VNSRS 80.37 78.32 65.87 55.16 AILTT i 80.55 78.61 65.85 54.90

FEF R, A SR FE B SR X 56 2 5 IR AT 55 2% 2D I AR b A FH . 150, AR SO 5 T e 4
RAETT i (fixed weight) BEAT EERL. [ 58 2 JAHE 77 0k 7 B30 0 A% 48 2 0ok SR G I& M BCE A, JF7E S0 T i
Self e, SEbr FARMEMERS 13 HR AR, PRI AEAR IR LI v, ARSI 8 AT S5 A 1. Ak, AR SO AR
) 22 0 FR AT 5 IR 90 2 P-4 S AR Sy % B 5922, 404 Uncertainty®?. DWAPYRI GradNorm™™. % 6 J#/R T AR 75
SRR IR 6 1T LUE H, [ 58 958 KA 5 74 A AT AR 55 v 55 It 7 AR B U AR ZE T8 )L, 7R S5 27 VR
S PPN Fa b IR IR 22, JR N TE T 7R AR ISP B A 27 S il F b, A O TS I R E R =2 T
ZAES A ) I X AR R R, SR E PR AT S 5 T 2 ) U7 ), SRR RE T KR, Hoth Uncertainty. DWA Al
GradNorm 342 1 b 2 REAN [ AT 55 V11 2 3 J5 R S0 J 11 22 e o DA 28 & AT 25 LR AR, AL R E A K,
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A DAAG B R BE (VR BEAR T AR ST $8 Y (K0 52 T A 4 SRS 0 A TLASE IR [1] A [ o 38 JEA T TASCHE, AL 6 5 4514
289y SOHAT G A G, T S HER AL 45 55 B0 45 U1, JRAEXT BESEs 58 21 1 Sk fig

6 BRBETH MG LE LT (%)

N iR 155 &4y b
RS T ik Accuracy F Accuracy F,
Fixed weight=1 80.55 78.61 65.85 54.90
Uncertainty 80.72 78.78 66.21 55.19
DWA 80.62 78.95 65.64 54.95
GradNorm 80.75 78.71 65.90 54.87
B P A 81.15 79.09 66.34 55.62

6 RAETAIL

ST UL SR AR SC TR H () O R IEAS FLASEH (AFT R IR, A S8 Grad-Cam HEAR ™k &
WIZREF IR, Grad-Cam AT S 1) A4 O B0 RE B R 7™ AR G P, 5% e an A\ B T Tl H A2 ) T 2 X
. 30 I L5 T D, AR SCRT AR T RS R oy A PR S AT 55 AR B AR B, ASSCAE R B s A
AFI BEHN ] Grad-Cam J572, 73l A2 B 24 AU AR 55 I T RRAL 45 2R, JF Ly AT 95 3R 07 ik i T AL 45 R A T L
B S s T TR R I T ML AR, RN R bR T B0 56 2/ RS AR 28, LA H BRI Softmax
TG K P. P R SR AR PR AN T G P, T B S RS L 4 A B JE A AFTBEHRAN AT 55 2k 1 4
Ja— AN ERZ AR

1 AR i,

]11

i, R 3 fIRJTR, W2 4. IR, XA 5 AR, B

%%ﬁ%}l fi oy v

AP EEOHT R ST

PP T

PS5 L

~
z p |
k_d z

P=0.9783 P=0.5437 P=0.9381 P=0.5575

I3 R ARAE
AL A

P=0.9974 P=0.5575 P=09741 P=08916 P=0.9970 P=0.5731

6. U B 9. FUR, e 10. =i, L

MAERZ
KV EER T . N

KETE T SR T

AR5

P=09752 P=0.845 8 P=09957 P=02969 P=09906 P=0.6274

SRy

P=09942 P=0.8485 P=0.9974 P=09247 P=09991 P=0.6479 P=0.9993 P=0.9913

K5 AT OB R K ar A R

P=0.9614 P=0.5311 P=0.9974 P=0.6189

i B RAE
2L

P=0.9831 P=0.8594
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D BT, NSO R AFT BEE A — S B AU A2 RN SR AR T AR AL AT B LAEI 5 20 30 4. 8
X4 G ], AFT AR ER A 1 P 450 ) T S8 DXl By LA 55 R 2 1) B S DI AR A7 B 22 AN K, {HL AFT AR
A S BR AR T B DT AN 7 . AFT BRI 55— NSO A2 14155 2 18] (1 AR R, BIAR At A 55 (K Rp AR R 4
B E BT HRFE. LUK 5 5 5 08 PG 1, SR VP A BAT: 55 ik 2 ) B2 2 DO AN 35 b s 1) T 7 P9 2, T
RUE T HIAT 5. ARG AFTRHUR, T AT AL 55 IS L AT 28K e 78 205G 24 VP AT 55 v, A FL 7 ot T 8 A 7.
[FIFEXST28 7 W BR, AFTREHURE SE 27 PP i v 10 22 DS 2R I A o, AT A SEE A ) DX 3R DA v 58 .
JiAb, R RN, AESERR B RE R, AFUBIHEIN H ARSI Softmax 73 05 AT 55 S 4T i B se il 1
WHER R RPN T 20 4. 5. 6. 8. 10 A IR KR, AFTBEHAESS BT AE 55 P B /1 T Softmax 73
H, AE 30 5 PR IEHGH LA VPH K Softmax 73 Bt THE . 1 DL L 20 B, ASCR] LUK BB 1L AFT BEB () B
I NS AEAS B ARAT, AT LMRBF IR A4S RE T 55 IOHFAE, I S 35 52T H AR2K1K Softmax 7345, 8 REME55 11 REAT
SR TT

7 B O&g

FERTC, BATRR T BB E S WAL A FEBCR, T 51N S B I8 NSRS TR (R B 2 AT 55 %7
STHEZE, Mol 10— (¥ P45 S 2 R N i) 7. A S, AR SOV R B ORFF 45 A 55 (KB BE - 2 R QTR 201, I
A SCER Y T B 0 A 55 1A P17 SR, 30 3 X 22 4 55 4 W P A 55 [) A2 TLABE B ] A 16 o PS8 I A T A U,
PAGRAIE G 27 A A 55 AE G827 ST HOMEZE R~ o 2 SEUR 45 RANVUIRHIE T I AR AEAS TR S 2 PR AN
SO HTAESS I RTAT L, TR BRI 1 AR ST He (R B P58 TR v SR R DB L. AR, ARSI T 56 2 TR & 2ol
5 UAE, 1 UCRE BB A AR I bR B AT ORIBR, IR FLAE ) AR T IStk 2R R (0 TAE R, AT P IRR
BUGS2AVPT S I MM AE 55 (R IR IR R IR AR, S Dy LA AL TRT AT 28 P 55 W) B P14 s
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