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based on Colour, Shape, and Texture
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Abstract: We consider the problem of automatically evaluating the search result quality for image-
to-image product search applications where each product image is iconic (i.e., the image clearly shows
what the product looks like and basically nothing else) and is accompanied by a product category
information. We propose a simple probabilistic model that assumes that an image is generated from
latent intents that each represent primitive image factors such as colour, shape, and texture. This
enables us to automatically compute a graded relevance score for each retrieved image, and thereby
to compute graded relevance evaluation measures such as nDCG (normalised Discounted Cumula-
tive Gain) without relying on human relevance assessments. We evaluate how the proposed measure,
which we call I-nDCG, aligns with human preference judgments through a large-scale crowdsourcing
experiment. Moreover, we show that image search result diversification methods can naturally be
derived based on our model by following the approaches of existing diversity evaluation measures,
namely, D-nDCG and intent-aware measures.
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BMBFABEEP B Ny 7 (A7 TY)) 2D L %
Lo THAETHD L LTER (11[12]. BEHRK, G
BRY TN IREBMOT ) F—Ya EERLIL, T
OHVEAEMHEZ, WGEEEOBIR»S, K0 EOM»
WVEERER R E R KL 7RSI REIC T A 2 2 HAY
5.
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2.3 I-nDCG
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IO F—2ek2ERBLULZBDIZRS. DD, GMM IZ
BV TN SARY) VNI T T HDTF — X DN
EHERUIZI I ARBOBREOERO IS BEE%2 L T
— Bz, BMEIEREEORIGTICE LT B2 H
ZAoNB0, {HaVvKR—Y bOESEIZL>TEDRE
BB EDRERGDZLIXHATHS.
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JEF i€,
€ liﬁﬁf INTHEHMETHSD. GMM DEME p;(i|d) &
02 1ITEWEZEDPTL, ¥—F—Ths7-0d, LK
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g(?”) = 2TI‘nDCG(q~,d'V') _ 1 (6)
3 _ XF_ig(r)/log(r +1)
nDCGEk = G () og(r + 1) (7)
3. DATA

3.1 E-commerce Shoes Dataset

S, I BERERETDICH> THHAT ST —
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3.2 Statistics of the Dataset
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ETT—XtEy FEMELR. BANIZIE, 6HHOR®E
— Xty N FEBNC AL CHR LT — R
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o TWARL (2) BEAE (3) CEAE 5T WAL (4)
LN 2\ (5) PRI —D (6) P DT XHN Y] 12
L, Ik oTHEONEY TTF—XE2y MZHLT,
Convolutional Neural Network[15] iZ & 2 38 E T %
BEHBIEINIZ/ER L. TNODETFT ML >TTF—
Ry MEEKIINUTAITEMAEL, A3 7% FIE
WIRTZZ e TCRBEREBRTH L EHEINEZHDOD
HBET—XEy b Uk, 7, WAL perceptual
hash[16] IZ K 2 EEREZT-oTW5.

4. EXPERIMENT: I-nDCG

4.1 EXPERIMENTAL SETUP

[nDCG 23H 7 IVND T ¥ F v JFH D 7z DI % T
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EYDHL TNy 7272V 200 L2ED%E—DD
MERAEHR & R U THEBE D ML, IREFHEIZE S nDCG
ZEMHITS. Yo L EMKREROMFEIE—DD Y
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BEFERERD S5, InDCG 28 0.4 BAF (low), 0.4 55 0.6
DO (mid), 0.6 2L E (high) @ =FEZ 50, T s b
5 DDMBAEREWELCFF 3BV — A — T/t
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THEREWNTONZ. 2T, 884 D7) FThEFNIZDON
T low-mid, low-high, mid-high ® =i b THEZER n & m
(10 <n+m<30) BMMFOENDI LTS, BLET—
H—I3 1,521 A, BEEIE 60,350 1275 5.

4.2 Results

HB7TVIZET B low DFRFFEEE, H527T) D low
DRBIERRT —HIRREINEZAEDS L, Zhbd
%4372 (mid or high & 0 prefer TN 7z) B OEI & &
3 5. X1 1&side-by-side D1 —VHE B} 5, £A1
T DR ROGEEDFHOITHTH S, £z, K11&
I-nDCG 12 BT low, mid, high ® 3 DD Y X7 LIZH
LTxfind b TukeyHSD 12 & 2 #iaHRE %2 1T - 72 5EH T
H5. FHEREIX Hedge's glZ ko TEHHMILTWS. 2o
DIRERNPS, ENETNOMAGELEICE L THINICER
IZEBRIRET H 5.

1 — H fowndcg

I highndeg

jow ndog mid ndeg high ndeg

1 side-by-side H#RIZEH T R

% 1 side-by-side g% Iz B9 25 td U TukeyHSD 2 & 5
FHRE (99% 15X M) DR

inst. ‘ diff ‘ lower | upper | p-value ‘ effect size

mid-low | .118 | .0927 | .143 <2e-16 .649
high-low | .270 | .244 .295 <2e-16 1.48
high-mid | .152 | .127 177 <2e-16 .836

4.3 &R

I-nDCG 7% iconic BT — Xt v MZEAL CaElifgi= &
LTEMRI 2R LUT-. 213 I-nDCG D A 12 FH W
T-RBHRER LR U AETOER L -RBEROHITH 5.
RV THDLNZEGEL 7 ) T, A2k BRI R
BThb. 5THRA=—HI—I7T) OMRBHERTH S
W, ATFTTVHDOEDON) T —varBnEni-od, haa
7 DMEEFER LMY 7 O EIZB L TEA & > T
W3, — 5T, 6 1 THOBMHAEHROMBERERTIE, KA
A7 ORBIHERE ZNHRDIZELBLULTWEEDREENT
WA ESITRZS. UL, BHERAERIZESEOS N
D T/NE W28, REFHEIX X Mg e LT
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HIGT 5 THEDOFEL UTHEL T, REHEDON
BEENLTWS.

5. %kt

BETE71L—207—2TEI-nDCG i3 T <L, sk
DERFLIBEEZ BRI L TWAR L ARTILDTE Sk
b5 vF v 7 PEE2ERTLIEDNTAETH L. ZODET
=D DL RRALIEIEO I ) 2 N ORELR & At b Lk
{bFEEFIAT 5.

9, GMM IZ&>THESNEHT IV NERBIZE T
505 AR EMBEKEART I 2ERS. DF0, &
FEE CRLR I Nz R DY, BEBREK & WD BIELED 5
ERINTVWDEEART. ZOLE, Y2 tIZDOWT
BEALIEE TR EL R E5DIIUTFTDOEDTH 5.

o tIZHT B jHHDRMEIZE )2 RMEEXOMR

p;(ilt)

o BIEERFaAYbdODjHHEHOREERIZE)ZME

R g A i (d, i)

%, HRHEEmTHE SN GMM IZEDWT, p;(it) &

ri(d,i) WM FO LS 1zkahs.

p;(ilt) = m; (8)
(A = peild) = N (f;(d)|pi, i)
rj(d,i) = p;(ild) ez, TN @), 5

9)

5.1 I-D-nDCG OEREMY X MIEDI L S#1E

HLHEGENEZ 5N 1T, FREBRICAT 2EE
ERGMMIZE>THENSE. ZhEART-E DIIKRE
BMEEEL-EGRMEL ART N TES. DFT
E, TN E EREGRER R L S,

FIA(q) = (rcol(% Z’colO) e 7’shp(Q7 7flshpO) e thw(‘]y itch) e )T(lo)

CORHMBEORERIIMRL LTRDSNTHD, Z0
REEOILERZ D OREMONKTIT > 7254, 2 D0H

BBV DOMBEMEZHLEL TSI 2B N T
5.
Simra(g,d) = Fra(q)* Fra(d) (11)

—HT, ZORKEHBEREIC L B2MED LA K M1
D-nDCG|6] OFARM Y A k3t d 5. D-nDCG 43
BENBEOZMEEAE 2RI 2D TELLELEETH
5. %4, InDCG AT TRIND LT D. ZOFE g(r)
ZLLRO 70— N VHBTERZ 726 DN D-nDCG & U
THREINTVS.

GGW%ZX}M@%@) (12)

D-nDCGIZBIF 27TV e RFa Xy bDOBEEEDE
e ESUR
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. [ P l‘, i 4\74 S8 = 8 \*&-_, & 2 s o ». ~ Colems o e w ‘?‘,gm‘ &

SN OS] N ) e Ne B, & - & VP B || - P LT
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N N N N N N N PR Py
< et < < B st s e B e OB o BT B - (il e -B Ll
200 e LE PR U L0 822800 200 0 05 0 €8 P 1200 0 W08 -..-nn-«on-d o -
2 725 InDCG IZBWVWTHEHAIT (0.6 BLE) OMFEREE, TA37 (0.4 BAE 0.6 BAT)
DWERFER, KA 37 (0.4 BUF) ORKER. KB clHbWZEGER I T ) TH 5.
9i(r) = p(ild,) (13) FHFLd i R, MRESEI L. ZOBICE SN
r1-p-npec(@.d) = > p(ilg)p(ild) (14) BROFTHREMROLHIELFL LS RaX M E2—ET
i HT7o2 =YL 240 AN 424 TH o 7=,
1 . .
=7 SN rilg,iyri(dyi) - (15) i
JEF i 6.2 I1—H=ER
- %Simm(% d) (16) RETFERIZBIT 5 [-D-nDCG DAY X + & ERR-TIA

5.2 I-ERR-IA OEEHNY R MIED<EKIL

Chapelle & [18] IZft5 &, ZZVD MY I L THD
&, HITT BMBEER | ORER p(ilt) ZHWT, MER
Mgzt D ERR 258 L CTHERTH - TFi G %
32 LT, TA-metrics lFEHIN 5.

ERR-TAGK =) " p(ilt) ERROK(i) (17)

Agrawal 5 [17], LEMMA 1 & b TA metrics ® N TOMEK
HRROZALIZ NP RETH 27280, KBET—X&vy h
TH#EREE ROT6DIE—IZH LW, L2 L, Agrawal
5 17 TRESNTWAIEMENZT 7o —FI2L 55
Y a T Hbd “PGEEL (TA-select) 12 & > TrfBE &
BRI Y A M2 (5 2 e TES I LAHSNTY
5. bbb, GMM THELN FFa Xy b OBREKER
iz d 2 #AE%EHNT, TA-select Z2EHATEZ LT
ERR-TA (281 2 5B Y ZA M 23515, KX T
WINZERREFEE UTREL, fiziT5.

6. =R

6.1 FHEER

SEIO XS e I3 — AW OFFHM R B GIRERT — X
vy MIETIERMENES THEIMIZELT, 2T
RY =Y vk T—HfER L. 240 ADT — A1
I-ERR-TA \ZH D kb & 17 - 7o MERHE R & BT R
# MPEG7 Visual Descriptors iZ & > T %17 - 72k
RiER % side-by-side THRET, 5 S2MHF»%ZE X
. TORKIZ, EDXSBEATTINEZEAZPIZONT
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DERHARIY A MIE->THRONE ZDORBIERDIL
WaEfTo7z. £ATTVNS 104, FH 780D = VI
HUTENTFNOFETE > TRERBEEZERL, =20
MEESEE % side-by-side TV —A—IZAET, ¥550%
BRRAY BfibE S, —DOBRBREENICN L CEEE
10 THREETbY . U —h — IZEBEOMEE DXH %
BB T Z LW, Z0DIERESATE
DBRTEHE>TELLNE DR T VAIZDOVNTWTR
P OBRIEREFIT R E A fTDE . BRI () 7T VITkD
BCVW2EDE2HLTWEES (b) 7V 0th, &, 77
AF ¥ DWVTNRDBLUTAS R WIGE () Bk% Bl T
MEHELEZWEGS O3 20 5%5. & 1,710 AD T —
=L 7.

6.3 fER

ZDETIX -D-nDCG OEAER Y A » & -ERR-IA ®
REAUEAR Y 2 S DL E4T 5. I-D-nDCG OHEAEK Y 2
;& I-ERR-TA QSN Y 2 NOEFRI D1 —5
DIFH L UT—DDMREBEREFRIZBEIL T 10 AD—HIiZ
FABEREFHUU 2. TORERIZBET 20T
3TH5. 2TOHERIZEL THREDEHIEIX I-D-nDCG
DMK A MDD HBENZ &b hDE,. TOKRERE Y
TVEIZETAHIED D RIEDH D t BEIL & > THEHE
EITo-DRNPER2THS. 2TORRICBVWTLI—Y
13 I-D-nDCG QOEAAY 2 N2 L DIFAED, BR1S
BMEZEDEDIZEDLBIZONTH 5E -ERR-TIA D&
PIERAR Y 2 b ASBIEND LD IZR B I b h oz,
HBHNEY It RO ¢ BWE X SN, FRRMAEK
K O® & TR EIEFES S = {dp]1 <k < K, dy € D}
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1 - @ p-bce
I1A-select

Instruction (a) Instruction (b) Instruction (c)

B 3 H|AEBOTFERICEITHHEER

x® 2 KR (a), (b), (c) BT S side-by-side HFEIZBT 5
I-D-nDCG OHMAN Y 2 + OFERIZH T 5 -ERR-IA O
FHEROIIEDH O ¢ MGE (99%SHXH) DF5R.

inst.(ia-dndcg) ‘ diff ‘ lower

upper ‘ p-value ‘ effect size
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I EDFEEZE L U7z, I-D-nDCG OHAEK Y A k&
L-ERR-TA O#U Y A b % side-by-side T — V2
XE-eZ A, I-D-nDCG OHAEK Y A M %22 —FIT LD
ATz,

SE X
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(a) -.435 | -.470 | -.400 | <2e-16 -1.64
(b) -.365 | -.401 | -.329 | <2e-16 -1.29
(c) =307 | -.342 | -273 | <2e-16 -1.16

ERDDBZEDEEL B,

6.4 =R

XERRD 7 ) BP—RIFRPA T2 TH B0 X1
BERTH DIz LT, HMEGREIZBS W TITE#RES
THHINPZIBRTHIGEM1HD. —DlF, 7T VH
RO —¥RIZ 22— I EIE A D O O IR E 2 v v S
TF—=AWH 5. HlZIET—ILEERIZE B HE o Bk
HoT, BIIERBRZEDNPMLWEGEEICHINE I &
LTfWEzWe T3, ZORYATLRGRSE, 71V
B4 EEORBEMD > b TENIZHIEAH > TTEN
EELIZODE VWS EIIZEWTERTH S, ThiExX
EFRRIZB I B =) OB MO TR S, ZD7
b, JTUPLMEBEERFMOEIND L E, ZTho DM
REME Z 5 THRVWREZERIIINCE S BERH L. ME
BRICET 2HERERAMET 2 AETIEENEZEET
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