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Title: Aesthetic modeling based on Deep Learning

Abstract: Clothing is one of the symbol of modern fashion trends, research
concerning clothing detail’ s recognition still remains a hot topic in the field of
computer. Existing research is mainly focused on relating clothing detail features
and aesthetic styles, realizing the possibilities of auto clothing aesthetic appreciation.
In this paper, based on existing data sets, we will introduce the ideology of Deep
Learning into the association model between clothing visual features to improve the
model’ s effectiveness and accuracy. By calculating the distance between aesthetic
words and seed words, we are able to map the most often used aesthetic words in
a two-dimensional space, building a fashion semantic space. Later, we introduce
the ideology of Deep Learning into the association model between clothing detail
features, and designed experiments to prove the effectiveness of the model. In the
research, we discussed how different parameters and structures in Deep Learning
effect the outcome of the relating model, and by comparison we choose the best
parameters of the model. Based on the work mentioned above, we analyze different
styles of different categories’ clothing in shopping websites, which further confirms
the effectiveness of our model.

Keywords: clothing aesthetic appreciation, fashion semantic space, deep learn-
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WEE HHEEFRPRNGAFTRREL R, AT BTG R ZSREEZ 77T
REHNIFEEIER BCHWESR . FEITHENEPEFEEN—H D, X7
TARZ ANRIEM o ARUEXFSAED — D ANNEERISIME B, AT UEEL—> ARIESE
FPERE, REEEERI R R A WA E P AR DE—HR 5 o R, AREFZE
nEtr HER, BERPNRERRETELES B ORIk, UXENEMT
B R AR o R, N FH B 8 T8 A B K 20 B RO T BB A SE BN AR e 7
%, 2 —PEEMBARDE . ITEN A2 R BEREAE, X B+
P SRR JLER R i NPT SR, R AR ERENT LRI B b5 - SRT,
BT RN % AAR—MHE . ok, TRV REIEFNE
EER G B B, AKX R EHYORESEEANT RAEVGREE, faffit
FHGX RN, IR MR - SRkt B A2 RE R 2 RS
BCHLAE, AR T B LURE ERIRE ST, RACBRER i #2245 5N
5, ANMTRAERE MR 2GR —2iR e, R BATE I — P N TH
RERATBETE AT IR AIRR -

X REE AR, ENSNELE T E R T RES R IRFIAIHTI - Wei
Yang[1F43% 7 — AT UR A AR TIR-AE R B R S8, Kota Yamaguchi[2]BF 5040
AR LR H RS AL E ARSE . Masaru Mizuochi 3|83 T —/~H BER I R E A1)
IRFEFERARGE o (B2 LA TAREROUR T AR IR A], T I AR X S
55 R BRI 8O B 36 2 KB AT SR BK o Bt FOBUR T 58 A LE TH AT I b 3 ft
EANTF, R TITEN B iR A AR IS A ROR DT 54 o Jia Jia[4)1
TR DR IE-E R E S RS i S B = BERR, @ EM MRS %
AL Z AIAVER & o Yihui Ma[5]# 8 T — DM RUE R R B IR B A R e &R &, IF
Bt 7 AT DO AR FE BO AT 38 2 PR IR Y o X BT 5T TARAE AR 19 R RN 56
FRORKEREE AR T ENH T BRmiEBEEA (autoencoder!) o ARICFATRE
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SEL AT R, SRS IR AW R B S
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AL & AN RIRE SR HE AR T S s BTz s R AN L B R Ak A Al e B AR A 4 7y
FHERRE, FA IR FHDeep Neural Network (DNN)AEZRY SRS AR 2 77 FFAEFISE 2234

thttp://deeplearning.stanford.edu/wiki/index.php/Autoencoders_and_Sparsity
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o TR TR A SRR A i) AN [RI 2 BN S A 0] SC RIS SR AN, B %of EE
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Pl iR Z R RS 22591 -
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2.1 R3] K& oy AT RIS

Wei Yang[1i#d #38# — MOy 2 AN H R GURE, KT AR B R A
FEHERI R IRE « B e B At AT vl oy, S AR XL, RE XX
B ANRITTEIAT T REL, WA H — AR BRAT IR . fFRR, R ARG
AT AR HERf I D)5 B H IR B AR - Kota Yamaguchi[2] N — MRS IR %
P 50 4 PO BB 28 5 1 R RS B 7 RS SR RLRY , 3l R AR 2 5T R
B TIICR « SERUER, XA R ITIERORIE E EE T AE R4 T bR AN
fEAT 7 T HVERFIYE « Masaru Mizuochi[3]F5# T — 1 H BB ICIL R AR A AR
RAG, Wi REKEE A FREFBESIET 2RHFIEZ B HREK, XA
IR T AR RSB AR R B MR R R USRI - TR P R R AR )
BB R S T RFI20% - Kevin Lin[6]f% T 7 ZHIRERRER, H—ZMER
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2.2 ETRGREFE R S 22 KAS I 5T

TR R ROR S R MRS AT R, — W S B S X R R AT TR
ARG o Jia Jia[A[FEAREAL G FFHEAN SE 223N TAIL 2 18] 5 |\ FP IR 2 R SLER AR Y
B, ST MR- R E B2 AR LS A = BAER, @SRRI
5RAAICZ B ECR o SERERH, X = RSUARESE AT LU I s i SL AR 5 52
AL Z AR AR - Yihai Ma[5|H0% | — AR R AU AR B A FFIERHESR . HF
BT T AT LB s T AR ECH W o AT BORRL, BN T LN R RIFEFC AR
PN, BEEF B SEER TN ARG FEFL A2 2B o Yejun Liu[8]80T T —aE S AL KSR
FIEMNMH ARG “BE R RARIL S R Z AR R AT B &
H BN SR MU - IZ ARG AT DA T peg 0 AR ) 9% 22 2 T 2t AT AN A AR
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M EIFER, 7R R A B g 7T AR a0 A, BERE SR T
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AR, TATPRZ% Jia Jia[4] FIBF5 TYERH H AR EBR/ O3 22K Shigenobu
Kobayashi[10]) Z4ESE 2R o« YR F AR — DT IR SE A 25 (Al ) 4=
[F] ¥ B% (warm-cool) ~ %KB# (hard-soft) » F3%F H A I A1 AR EE R SE 2214 1A, 491140
HEM - MRS, FATFIAH Shigenobu Kobayashi[10]B7 45 H F 17L& H
TE AP AP 4046, 8 3d WordNet::Similarity [11] 28 71 B Rk B9 3 221040 T AR
TARNCZ (A1 ATE SCBR RS, TR X B2 58 2 3a) L 8 A 81 Z 452 A0 An
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5.1 DNNfa4»

DNN(Deep Neural Network) , XFRIZREEMHEE ML, J& 755 A AN 2 7]
SRR R RREE, BEEZEMET, BRI ENEEITERSZT
WG BRAL, B AT ARIE R € B ] A5 BIRT R A% HE & o DNN A BB A 1 22 %]
WEALIG A=K, MAZE - BERMEHEZE, B4R, —BoRisE— 22
WA, BE—EEEUE, MERNTRIERARSE -

+1

Layer Ly Layer L,

4: DNNE: R L5

5.2 DNN7ERZEH TR

AT R IR BE S ADNNAE R F B BRSSP RIEE T, K25
T I T A REAAT S

| 75 ] 587 | 75 | 5191 |
1% RS R SR e v K LR L E I ]
v; VAR SREKE WO | IR 4+ 1R ZEIES
i o I AR AL B A [) & b | FURREEL + 1B Z ARRE S
N ;[ B A ZEEL e DNN#i tH A% Fwcf il iHE
Y E% THTH J TRE N R A (51 2K R K
we | warm-cool, YHIHE—4E | m YIGRI i A ] R AR
hs | hard-soft, YHIE 4 | A, o JHHESEL
M (VAX)E]Y BT iR 0 BREE NREEE TS EERR
Ny, DNNHJFE S Z4L o AN SR DL AT

*® 2 5

2http:/ /ufldl.stanford.edu/wiki/index.php/Neural Networks




5.2.1 g R

BEREERBUREY, N THPEKE v e V, TATAT A= N4 H
B =(Ti1, Tia, . . ., Tin)(Vay; € [0,1]) R H B FRMAFFIE, HXKRER—
NV ]« NYERFRFERERE, X FITCR vy R om0, 5 4L DR AE -

AL, FATHY (we, hs)(Ywe, hs € [—1, +1])RFRFE 2 HEFH, HFwe-
12+ 1F9 2 AL B & P TH 1 MwarmestEl|coolest FIZEL,  hs A-1E+1FI LN B &
F-TH H MhardestEsoftestBIZ2 Y, - FEY FF AR | — R 51 H AAFREAATTH FH R
IR XURS IR (QnSCRER ~ G230~ BIRINEE) o

AT 5 B RN T —3K i A IR B A, BN EAEY HoRt R 2 Ak
PrRm, FEARE A BB R E] S HEE B ol XS RATE, 1E R A B R B IR
K& o e, JNIFTEING—DTAMEEDM - (V, X) =Y, REBEMNRER R KX
MDA NE B 56 27 Yk ~F- [ I BR 5T -

5.2.2 RGN 514k

TFY (we, hs) FIPNHERE, TATHE—4E I — D BMAIDNNAL, HRH
737V ) — 4RSS R AR VRN 4R R RIALRR, SRS ARFENL AL
P52 T BRSBTS ROAERUE, BATT Blwarm-cool 4E E
71, 4 EDNNRIRIA] 5 AR LUAR T ISR 2 -

EIXDNN—HEA SN, ME SR, BATE CHBZ ZAFR AT

WY = tanh(WORY + 50) (1)

/E\:EF‘hZ(l)i%ﬂ—?vﬂﬂLFjE"]%lE FimsE, WORO5 R ZFBIZFE + 122 BRI E
MR SE, tanh W HKEL (tanh(z) = 7<) - FrHH, hl(o) =x;, W =

ette *

BN

KT RS R o, FATHLL TR BB R E 5 ESEZ MANIRE:

Al & R A
JOW.0) = 253 Jlwe; — el + 3 SS(WOI G+ [p0]3) (2)
i=1 l

HmZRW AW E R ERE, A\, W8S E, RS I 8] §)AE % 5= 2
PE, || - || FRRFrobeniusiB & - F—IE RcH5weZ [BIFIRE, IR
HMWBESEIENNIL, FRECNENTRME AT 1EE LG

SFUGRERE, FATHO = (W, b)RFRINGFEFRRNZE . DNNALILE
PhE SR —HAFE S0, MK RES (W, b) KIE &/

0 = arg main J(W.,b) (3)
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AV BT 2 BEVUREE T RERE[13]) - X TR—RIER, SEIEH
mr:

o
)
b="b—a=J(W,b) (5)

HAa @t NRERIAFH BB R AN

e PR 2 52 90 A1) ) 6 EDNIN#% BE Bk 25 RN 4R 58 e, BT 9 AR 2 gt vl
UM A RAGENSE, N TRANERIREM S 1L, REv T EARE A
tHwelhs, FFENHE My (we, hs), BIRAIR NSRS P E PR —P A, i
PSS IvElL PN PSS NI

6 SHHIL

6.1 SEREIE

AT, BTN FUIREE 27 ST R T A E AL a2 2] [B A BVARI IR A5 R, K
RIUETREE 27 SIS (R E R I A R0 - A1 2R SR A A 9 28 B e A7 5

5

6.2 LR E

BN A SO AT SESS P BT B AR A S, B AT TSR FIDNNAE IR FE 24 3 1)
PR, SVMAZER AL ES 2 I AL . SVME —Fh el & L FEHL, #EE £ L4
ELSVMX 43 Z A0 [E] U3 7] AR B S 47 USRI ACR, R — MR SN EE, FE
ITEFESVMAE R EREENTEIE I RE -

SRS AW P IR, B BB B ERIREL S BEE R TTEL
RIRFZHZARDNNES RN, IR 5 EWIDNNEE R ASVMEE R, ik RA
R ERE - BT RBA VBN BRI E -

6.2.1 DNNHARESESEFT S B AR LS R0

o ARIRETSEIRLE R EHEEEMEITLEE, BESERIRE, &1
48
~F

KT
FIRSHEBCF(E, HAMSE(E « A RIRELS00y AL, HEA55]H
B -

o FEEONLIGLERFM . HULIRAE REERNARIREL, EEZRE, s
TR, BEHTLRERBCEFE, HERMSEE . BXEN—Z, #1535




INHEE -

o MIZZTLECNSRIREE RN EERE, WinaREME T BT = IKEE
RHCFEE, HERMSEE - BREIN—Z, HE2120850E -

6.2.2 ¥H.DNNFMSVMER! {5

Y _E ARSI S HDNN SRS R G, FATHDNNFISVM AL 5645 ok
FEOVR B 2 ST RPN m ] 2 2 SR AY g S UG A5 BRNF Y o AR SO DN NAISVMAS
T RFE T Python A VRS (TensorFlow® flscikit-learn?) -

6.3 SERTRIR

ARG PRI T EIE, BATHRMAET1R2Z (Mean Squared Error,
MSE) R AR FIRZE(E - MSEEB/NMBIREAREBVN, NIMIER R
HERFVE B = o BRI SRR EE RO FLAF 28 RIERIEE R « MSERITT R AT

n

1
MSE = = (observed; — predicted;)” (6)

n;3
6.4 LRHERSL
6.4.1 WRBEZES]PSEELR G RN

TERX T R AT i 5 R S5 % B N DNNH BN [F] 2 £ 45 46 6 ¢ Bk 3
G RPIm « ERRET LS R L Es, T4 3 26 T gD
50, 100, 150 AL SEHERREARIRE . HEIFTL, ME0IRE00IK A IREZE L
SMSEF BN, KIE TR M100IRBN50IRZALEN, B T LA TR T
M20023001K 2 BIFIMSEH TR X 71, #&TFFa - 50X BN300/X LEEE TR
NEAE AR, REREIKT3.80%, HILAT WAEEIRECN 3007 4 BRI 5 AT B
R FRAR RSO AR, R FA TR 300IRME A f5 B2 008 RS IRERVE(E -

0.1903 Q- ---n-mmmmmmommmmmssenen e L e 1)
0.1901 -\ 0.1935  ~-N\ocememmmm oo e
z 0.1898  ------\roooenmeime e N 041910 - Brrmmmmm o
0.1896  ------ - T 01885 -t e
0.1893 0.1860
50 100 150 200 250 300 —BE ZE =R OmOE "R ~E tE

5: BN R ARLE AR 6: JREUN RICEIRLE R AR

3https://www.tensorflow.org/
4http:/ /scikit-learn.org/stable/
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LR Ee, Mo T —RERLE . HEFL, N—ZF
ZEMSEBEAFENR T72.05%, N2 =K T71.09%, M =J22MHERFK
T70.06%, MHEZINEZMWABNEN, ABRLESE 22 MR 5 S35 20
B3, XU REEOT Z A RES RECECERE R, RN TEFEANEENE
LRSS BOR ZEL -

ML TCEON SEYR L5 VI L3R 3, £ EEOE KA B3 hnmorl, |ATL
WY B — ERTREE M E T AR N, MSEEZR i, ZBIEFE4%-8% 2 8],
MY TTEE BT, BEEZEEIN, MSEMEEIL T, EAEES . S
ARIHEASER AR, FATEBGERIRECH300, £AEREE, §—EMETEE
NSOHLEFTIHIL T 5 EIAN0. 1862/ B 1 T 45 5 -

10 20 40 80

P2 | 0.1954 | 0.1915 | 0.1897 | 0.1872
=2 | 0.1952 | 0.1923 | 0.1881 | 0.1877
PURZ | 0.1930 | 0.1899 | 0.1886 | 0.1875
2 | 0.1928 | 0.1900 | 0.1883 | 0.1875
752 | 0.2040 | 0.1917 | 0.1893 | 0.1862

3 REUNEEZ ML T0 0 B ARLE SR AE & Ror

6.4.2 X DNNFSVMERE FiafTas R

SCHS AT AR DNNTE A SCER GBI S EORE A A B ) B (2 S0 B0 (B 901862, B
SPE(E 40.2040, THSVMABEITEE R 70.2083, IRE(EY R TDNNAZITLE R,
REEEZEFHFIT10.6%, miZF FSVMPNaTaHR .« HIbrl I, 8 S50
# 5 WDNNAE AL A DATE 1 5 AR TTRHIER R 2R Z A VR R, IRE ]
R B Rz v T R LR 2 SRR, I AR SO HR B 5  NIR B 245 B
AEUAY) S R AR ] A SR BH VA A S TR JE A

6.5 ZHI55HT

AP LR SERRET Bl Tt — DBt il A R P RO AR U 28 T T — 2878
ARG AT o B, BT TS Rk B REL T 35 45 50 i # Nike® A 1003K Ak
FrmE R, BREAEER/FE - ARIZEIRER - AFEZT . LR TREA
MR, RJERE— KB A BRI E T 56 4P i — D . g0, Bl
o AR AN [R] R TUAE AT P AT T USRS EL

Shttps://nike.tmall.com/
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