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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 At A S S A T DAAR EL A 78, AT TR A S A T RSB I 1R SO B AR A U R, AR SO A
A58 FH 5 R ML A R ST 350 s A B A -

'max LY av, 1 H W . .
Ay (k) = maxg ) (eaG ). ) = S Z ;xA(z,J, k)
o @)
() = maxg, (e (i 0. 300 = o ; ;xg(i,j, 5)
FErh, A k) 2 dm 5 k TOEE, xa(i, ) $E I o 10505 kA B R0 B AE G, ) (00 48, FARRIEL. AR, A

S B e ey A A (k) | d™E (k) TS (k) HEAT ERARAE, FEK AR B AT ReLU SO BB 11 BBV kA7
R b 3. JE I DA b5 O e F0 e (I8 TE R IR AP HEAT ST, LA SR P38 TR AR O .
™% = ReLU (convy ([dT™,d3*])), I8 = ReLU(convi (3%, dy *1)) )
HH, convig BRI RA A 131 [PERUZ, JE AR e e RFVRIIYe € REV . 400 0 38 HR 75 HEAT i
FEIT, AR T ReLU ¥i& R 1x1 B RUZ 773X, FIFE AT LR F A 5 X a0 40 42 2 5 B0 s B0 75 1,
AR T e — Py 2 A2 mT AT M, SO - 1B 16.
Be Tk, ASCHE 1 Ve AR Ry 51 G L Ty BT IRFEAS B wierr € ROl Woner € RO, 3144 Softmax £
F T werr B womer RN A BTG5, LI 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
v s v Sy )
avg _ avg _
Wse]f(k) - pUSE(AIYE | oV (K, )lve ° Wother(k) - pUMERAIE | oV (K, )l

Horh, Umx e RO, Wmax @ ROE JESHHIE, FIRCHS 51 SAF 1o B4t g wimas Flwmax | gmax (k, ) FI VP (k, ) 5351
ARH kAT, S R W E, LR AR 2 TR R R AL PO e Rl ROTRIE 4ERE L. S, B REAS
LU Werr F Wogner TH x4 F xp PR 25 (R 45 S5 T, AL 242X (1) SRSEFAFAE Y F & R AT L.
3.3 {EBIEHEE TR

ZALSS 2 0 53— KRB PROE AR G5 b ST~ AN ] (R AE 55 AR SRS AR, AR SOV SR BN AL 55 A8 S5
RMWSOHR AR R ZE 5. W AT AT AR P A 12 0 (R i 00 LRI ZRPTANME S5, INZRad R b 1) e 1w AL 4k 55
TEARDE Gy AT 45 TORR BE T 3, AT 56 0 JCAMAT: 25 TR PR R, BEXaX - o) B, 3R (WA 942t T LR 2 AT 4586
JSE A7 S 4O LR R, T S W 4D THT 1) 2 OB 22 1) AT 45 2 2y o E X e St o, AR S [T 4%
YN Zfe o RS S0 5 11 22 e M B, A% i) FBUAE T B A i 2 5 25 103 R TR AR TR

X ZHUICE I AT 555 29 7 3, A SCHRAE T — 0B B AT 55 ) A6f 11 SRS - B PS8 AU, S T A SR
IR, 5 B3 WA 55 AR VI o R v iy 300 0 B 0 240 02 2 27 PN AT 45 B0 B 1) 10 5 2, ARG SR IN K20 2
2-3 5. FERR S I AL RRIN, ek AFT BEH S, AT 55 IR0 (ROR0 FE AR e AH HL ), R B PR BRI S 4 LT 2
&, DR B8 T SRR IR 27 2 5 1) WA SCIRIF I8, A 55 ) 66 3 e R IR AR DE R 2 S 2 ol . AR [R) T~ HITRIF 5 b o) -
SR RTEAT ISR J5 20, A S5 15 R AEAR YR S v BN o) AFT BEER it [BI4% 60 5 EAT AR ¥R, i R UE L e 8
5 AN 55 03 SCIRME (K06 FE EAT 22 A (A8 . DLSR 2RV AR 55 W 2% 3 SN ), X TAE— B R4, 1658 gAq NE
i AFT ASEH AL (R BE B . g5 W& AL RE ML IO BE M. T gy & 10 2K B B AR 45 1 K b B, ks
g gl AN BT g AT/ A B



8 BRPk 4R e A gk K R

T/(log(llghmll/lIgeel) + DX ghe  Ilghmll/lgdell > 1
S £5c) ‘{ 1% ghms llgArll/llgacl < 1
AT BB RE I 1 JE R RHEAT BEGLLER. 24 gA ol AR T gAll I, FE0) AFT BEH I H B E 15352 VP 43 32 11
(A BB Y, AT LB TS 2 gl KT 1Al IR, WUT BN LA T4 M L. Horp T RSt %% 127 5110
S, YRRk 1.0, A X ERR B B LR e, 15 T PRIt AFT Rl B B AT I R
e AFT BT A B S EAT TR RIS, 7T LA 55 552 VP I 2% 53 2 1R 0 B 3 g BEAT 42 4 I3 £
gA = f(gﬁFI’ géc) + ggc ®
A5 T2 DT 45 I 46 435, A% SCSREUA [ PR 6 B8 A M S5

4 JHRASCI

FEARTT R, ARSGHAT — R AV SE K, IASTH] R B VPG A SOy 0. BT I sE 36 38 fE il 8 A7 10 #% 2.4 GHz 1)
Intel Xeon #b2EZY, NVIDIA Titan XP 2R 1 TAEST BT, XT38 220000 518 B A AE BB O 1) 4 AT 55, &%
SCAEFHHER 2 Accuracy B Fy 4353 AE VR HEI. Forb Fy 4393 52 53 K5 BE Precision FIA 101% Recall (¥R F1°F-1)
B FEITA i B2 5236 v In AR ASCR R W, B8 48 F UAE 308 42 o0 (0 4 80 347 5256, I 454278 10 22086 1
BBENL A IR (70%, 15460 TRER). Kb (10%, 2209 & &%) FIMHERE (20%, 4417 1EE1{E).

Xt B IE MR AS FASEE, A5 3 A B SR M AR SO IR B R AESE T I 4 v 3@ DR IEAS HASER )
FNNLE, VR W 25 (1 2 5O IR A0 SR, S5 5 & AERFAEAS FL IS I B & 1Rt Ak 77 30, A S ResNetS0 2514 1F
ST R 4 AT i S
4.1 BENFEXEERBANLE

ResNet P48 3573y 4 MR (block)™, 4 HE B 1 . ResNet 4% 11382 2 SR B 1B i 25 1E, DA H At
J . R DL BT B A M MG AE B TAE R 2R (R 2, JL R BRI R 5 B 4 1078 X5 B AR E IR 1
EAZ H AT BE T KA —RE A5 . U0 SR AE R 2 AT 1R A T, UM 21 410K JSE 45 6, AT 45 1) 43 S5 10 2 O L A PO A 2.
MAETRIZATAS ., AT 55 M L2 [ S 4 1Rl 545 B BT LA, AF R 1012 DLRGR 2 A TR IR AS B A 0 AL A
I 1B 3P R EAZ AT R A AN [ [ S 50 R, 82 REAT W AT 70Ok B0 AR . RS2 80 v, J 4% 2 IR 1%,
ResNet P45 [ AT P AMSTEAE by ¥ 2B, 5 AN BEHAE S IR A REER. 36 1 IR T RFEAS FRSEHAE A\ A 5 11 ¥ Rl 52
Ko . NGE R, AR SR IS PR AEAS AR 2 LU A A8 T (¥ 55 2 R I AT 45 4 I S (Vo M B B2 T T FLAE I
28R 2 5 VR 23 NRREAS HBEER AT DLy K S W) 2 R Mk BB T, RIT 45 1022 B BE 75 20 2 I AR BE R MR AR B TR
BRI S et G A5 5. D, AR SO0 3T 9 24 (R B BEHR 1 5 T 4N B 38 AR HE AL B HR, IXAF BE e 4ERE
BT W 1 A AR, XRE VAT 20 )7 A TR HEAS L.

Q)

Rl AIENRFIEAS E AR 3 AL B TR LRI 2 (%)

22 S A o R LN
LSRR TR AR Ammj” f - Ammf% il -
BTS2k 79.28 77.31 64.36 54.27
EZ 80.25 78.37 65.53 54.37
Rz 80.34 78.30 65.35 54.31
RIZHR)Z 80.55 78.61 65.85 54.90

4.2 IR IRER

FEXS P Z8 AR AT S 5O AGIN, AR SCH R T 3 FRyTas b skms. 55 1 o2 AL 4010 Xavier HIH k775 W S oh,
AR SCR PN AT 25 W 4 PO 2R AL 1) Ty vk, 3t it IR B3 27 20 vh s i SR T IR — R i A vk, LAkt AR
S35 NAE ImageNet 245 HE R UAE $4i 4 F 3RS 10 I S AL R BT AR D AT 4 WAL WA L S 4. T s SC
R2JEIRT 3 FOILA LSRN ¥ S50 5 5L, wT LA B, A4 0 3 AT 45 9 % T A AL PR R AR A T v LA B e e



P A R TFREZESF 5] BB LB S EIRETNA T 9

fit, IESMIP 8 bs LIRIR KRR T Xavier ik, M7E UAE HE 45 L AT AL S ms SURSAHIE T ImageNet K4
£, TR, 78 H bR BT 45 1 P SRR R N SR o1 2 5, 8 AR SC 7 V58 I sz .
4.3 thiLIRRg

J& T 3 Fhib b s, RSP LR AR S AR A DL R P (A A A AN R A 1 X i 1) 5% i
R 3 PR, BA TR, S Rty A LT Bt Al SIS 5 A SO 5, s Kt i A A B ik 21 T de i 2%
BB, SR TP Rt AR T BE 2 T8 R AR T ARFAE LR SCAE BAR 7T, R, 7EACS T, AR SCR I i
KA~ Bt A 26 5 77 5K

2 PIEBIRRIAR AL 7 2O TR R T (%) 3 AR VAR RE I R (%)
KN 15 A HT By 15 A
ST HL 3 s
RIGUES Accuracy F Accuracy F, AL Accuracy F, Accuracy F,
Xavier 67.25 63.17 45.19 32.08 IR 80.01 77.22 64.62 54.17
ImageNet 80.13 77.26 64.38 54.22 SEHAHLAY, 79.84 77.03 64.11 54.12
UAE 80.55  78.61 6585 5490 PR 7RG 8055 78.61 6585  54.90

5 XfEEscig

FEAAT R, W S AR SO BG4 VPN R B AT IR BT 45 626 )y VR AT LU TRVIRE, 29 K AR S0 i85
A 0 5 25 22 5FAN 77 72 DMAM IS 840 M7 77 7k DeepSentiBank! HEAT % b, vk, BI AL ST S 40hg St =
) AT 55 2 I SLARE AR LA, ST A TS 2 R B G RUR, R E — M EE RT3, Lk
ANMTS5 BTN Ak, 3 55 30 1R H 1R B 08 1) 22 AT 45 36 AU 22 N 46 5 053R4 LR, 045 cross stitch 91 4% U1
NDDR W% 2%, 3% 4 F15% 5 J@7R T 4R E 7 VEE I VGG16 F1 ResNet50 1 4 5L 45 B Sc i 45 3. 783K 4 o,
AR SCJTIRAR S S BAT 55 (K T A VRN R b LA T 1) BT 45 3L 42 Dk LA AT 452 5 7 ik, i HH BT 45 0k
L TTEL 1%, AT S5 3L R T v AL 5. [RIRE, 7636 5 W, ARSCT7VRSIl T SRR RS, IXRE 1 45 SRt 0 I AR 5%
T A T7vE, A SCTTVEAE B WG IET M2 13 — e R e T, AR e .

#4 LT VGGI16 MERIPEREXS LR (%) # 5 JET ResNet50 M5 1 REXT LE S5 (%)
ik E2VHN 155 Ay T o L2V 15 AT
Accuracy F Accuracy F Accuracy F Accuracy F

TS5 2k 79.23 77.18 64.33 54.46 TS5 2k 79.28 77.31 64.36 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
SRR 4 79.41 77.43 64.67 54.21 A T 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 79.96 77.50 64.92 5459 NDDR 79.86 77.52 64.87 54.81
ARSI 80.37 78.32 65.87 55.16 AT 80.55 78.61 65.85 54.90

PR, ASCHE A B B ACHE A X 5622 5 T I AR 55 2 S L RE P IO S s, 10, A S0 5 I 2 B
R T 12 (fixed weight) BEAT FUEE. ]2 453 AN T 7k 7 ZE0E . (A% 19 2R E K - 4R A G RO BCERLAE, JFAE S50 i 73l
Sl e, S bn LARMEAER AOIE IR AR, PR IAE AR SR i, AL R A 55 BURBCE 1. BEAh, ASOR I iide th
(¥ 25 BIL 34T 55 1) Ao P35 S A7 SRS AR by f B D579, (04 Uncertainty™®. DWAPYHT GradNorm™. % 6 FeoR T AN A Jr ik
KSR A& 6 AT LA H, [ S5V R TS VAAE T I M AT 55 b 5 ST o BU R AT 2208 L, T AE SR 24 PP
RS KA PEO FiE bR LRI 2. JRINAE TAEAR NP E A& 2% S R b, i MRS KB R E T T
ARG I IR AL R L, AESC A PP AR 55w i 122 2 U5 1), UL RE T . JL Uncertainty. DWA
GradNorm 3452 38 1 2% R A [ £ 55 UM il 52 AL SHGE 2 18 22 5 P DAY 5 %A 55 BRI, SR ACRA AN K,



10 R SR R LR R K kA

AT DAAG B e R BE (VR BESR T AR ST $8 Y (K0 52 T A 4 SRS 0 A TLASE I 1] A [ o JBE JEA T TASCHE, AL 8 5 4514
289y SOHAT G A G, T S HER AL 45 55 B0 45 U1, JRAEXT BESEs 58 21 1 Sk fig

K6 BHEPAT SR LSS (%)

N FEEVHNY e
T ris 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
T S5 TR HE 81.15 79.09 66.34 55.62

6 HEBTAIL

T B B A SC AR R ) 3 AR AT AR (AFT BB (12808, A S0 ] Grad-Cam BA haf ik E
IR (A2, Grad-Cam 8 FH S i) £ 3 (1066 5 SR 7 A 80 181, 58 Hh B N UG b FH 700 E AR 2R ) 2 X
B SR TR I, AR ST AR T R AR W e R R B T AR S5 AR R Bk, ASCTERL & S — A
AFI BN H Grad-Cam J772:, 73 AR 1006 25 R A 55 (R T A 25 2R, I 5 A 45 B 48 7 L IR T AL 45 B4 T L
8BS R T A IR S TR S5 R, RS B GObRE T IL S (1026 SRR B AR A, LA H ARSI Softmax
THI 5350 p. B b 622 PPN R B A S Is ], T 38 SRR AR A 4% 1) B J — A AFT RSEHRRN BT 25 R 46 1) B
Ja—MNERZ R

1. AR i, O

an

A, R 3 fIRJTR, W2 4.

]11

Jit

17, %

) KA 5. IR, B

%%L-T-ﬁl fi oy v

T N S 3 o (W 0 T a3 L[ U

~
z p |
k_d z

P=0.9381 P=0.5575

PS5 L

P=0.9783 P=0.5437

I 3 AR AE
AT A

P=0.9974 P=0.5575 P=09741 P=0.8916

P=0.9970 P=0.5731

6. U B 9. FUR, e 10. iU, L

MAERZ
KV EE T

. I

KEETEN AT

FAE SR

P=0.9752 P=0.845 8 P=0.9957 P=0.2969

P=0.9614 P=0.5311 P=0.9906 P=0.6274

SR

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

P=0.9974 P=0.6189

H i B RAIE
AL

P=0.9831 P=0.8594

K5 AT OB R K ar A R



b % A TR S ES %D W BERAALHAKSTNFL 1

P BT, NSO R AFT BEH A — S B AU A2 RN SR AR T AR AL S B LAEL 5 20 30 4. 8
X4 G 5], AFT AR B A 1 P 450 ) T S8 Dl By LA 55 R 2 1) B L DI AR B 2 AN K, {HL AFT AR
A S BR AR T 2 DT AN 7 . AFT BRI 55— NSO e Bt 1155 2 18] (1 AR R, BIAR 5 At A 55 (K Rp AR R 2
P E BT HRFE. LLE 5 58 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. AR L AFTRHUR, T AT AL 55 IS AL AT 28K e B8 2 5G4 VP AT 55 v, Aol HL 78 ot T 8 A 7.
[T T30 7 MBS, AFTBEHORE S22 P4 v 11 2R 22 DI B B S0 A o, AT S M 10 DX s 75 DA vy St s
JiAb, R R, AR SRR B R R, AFUBIHEN H ARSI Softmax 73 15 BAT 55 S 4T i Bt st il 1
WHET S RPN T 20 4. 50 6. 8. 10 AR KR, AFTBEHAESS BT AE 55 P B /1 T Softmax 73
H, AE 3. 5 PR IEHGH R 2 PO K Softmax 73 Bt THE . 1 DL L (K20 B, ASCRT LUR BB 1L AFT BEB (K B
I NAFAEAS B ARAT, AT LMRBF IR A4S 58 T 55 IHFE, I 535 52T H AR2K1K Softmax 7 4, A REME S5 1O 1E REAR
PSR ONIESIR

7 B &g

FEASCH, TATRR T B2 I BMESS KA ERRR, I 5N S AT B S WAL AT TR (R 2 A1 55 2
STHEZE, Mol 10— (¥ P A5 S 2 MR ] i . A S0 v, AN SOV R B DRe5 45 A 55 (K B P 2 22 R 20, I
EASCER Y T 0B A 0 A 55 1) P~ 17 SR, 30 3k X 22 4 55 4 W P A 55 TR A2 TLABE B ] A 18 o S8 {0 AT T A o,
PAGRAIE G 27 IR AT 55 AR S8 5 ST HOMEZE R~ > S8 45 RAVUAIE T A & AR AEAS BT SE 2 PR A
O HTAESS B RTATPE, TR B UE ] 1 AR ST e A0 B P8 TR SR B DB PE . BRAh, ARSCBIEE T 56 245 TR & Kl
5 UAE, 1 CRE BB 222 AR I BR B AT ORIBE, IR FLA ) AORBIE T I BE At ER R (K TAE b, ATt P IRR
BUGS2AVPOT S I IR 55 (R IR IR TR IR AR, S Dy JLAR AL TRT SR AT 288 P 55 W B P~ 4 s
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