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Abstract: This paper proposes a novel method for discovering a set of image contents sharing a specific
context with the help of image collections obtained from content curation platforms. Socially curated con-
tents are promising to analyze various kinds of multimedia information, since they are manually filtered
and organized based on specific individual preferences, interests or perspectives. Our method fully exploits
the process of social curation: How images are manually grouped together by users, and how images are
distributed in the platform. Our method reveals that images with a specific context are naturally grouped
together and every image includes really various contexts that cannot necessarily be verbalized by texts. In
addition, we show how the image contexts obtained from socially curated contents can be used for several
tasks such as image classification, data visualization and image retrieval. The key idea is to incorporate the
contexts as side information to derive an embedding transformation so that images with similar contexts
are close in the embedding space. Through experiments with images obtained from Pinterest, we show that
our proposed method benefits several image-related tasks such as visualiztion, image classification and image
retrieval.
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1. Introduction
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Fig. 1 Process of social curation.
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Fig. 2 Outline of the proposed method.
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Algorithm 1 Compute pin diffusion graphs

Require: allPins: a set of all the pins in the dataset
for pin in allPins do
pin.node <« new node
Append pin.node to allNodes
end for
for pin in allPins do
parent < find the parent of pin from all Pins
if parent not exists then
parent «— NULL
end if
edge <+ new edge
edge.root = parent.node
edge.dest = pin.node
Append edge to allEdges
endo for
Return: allNodes, allEdges
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Fig. 5 Pin diffusion graph.

Algorithm 2 Compute pin diffusion graphs

Require: allBoards: a set of all the boards in the dataset
Require: allNodes: a set of all the nodes in the pin diffusion graph
Require: allEdges: a set of all the edges in the pin diffusion graph
for board in allBoards do
board.node « new node
Append board.node to allNewN odes
end for
for board in allBoards do
for pin in board do
parentBoard <— Find the board that contains pin.parent
if parentBoard exists then
nowFEdge + find the edge from parentBoard.node to board.node in all Edges
if nowFEdge not exists then
edge <+ new edge
edge.root «— parentBoard.node; edge.dest «— board.node
edge.weight «— 1
Append edge to allNewEdges
else
nowEdge.weight <+ nowEdge.weight + 1
end if
end if
end for
end for
Return: allNewNodes, allNewFEdges
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Fig. 7 Word cloud of board names in clusters (1) “Holidays”.
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Fig. 8 Word cloud of board names in clusters (2) “Art colors”.
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Fig. 9 Word cloud of board names in clusters (3) “Foods & cute”.
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oS Twa I EdRTENG. M TIIRENT
5207 7 A8, ERGBHFEPDL LI ORL TV,
Thbt, FRENRD 2 5 A%, Christmas, Halloween,
Thanksgiving % EEBIOKRH IZE R 2o TR I L TW
b, 3512, B)FEMLAaT YT ANDEY T 7 ETHRE
L7oMEICHLZED, 10 25 TENA. Christmas
RIS 2 7 T A8 DL, ZOEBEIIE —F R G
B4 527 IA%, ELIZFDOETIKHOTIEICET A2
TAYHBRENBWBULDOFERDP S, BHELZ2 T A5 T
L DMy Ty EINTYSE I EPRBEN
b, BV TAIPHMLLa T2 XA Mol ) »
DV, ko 5.1 Hi CEBRIIMFEZ KA 5.

4. A>T I X MEERE L -EGEHENEX
TCIB 1A H

CZFET, V=Y vy hFal—YarF—yroELL
72a T A NEREOMGEY BENICER T 2 I
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WTHBLT&7. 974 b5H, board diffusion graph % 7
FAY ) 7 LIRER, R 2 9 A% I2P1& L7 board 7%,
ﬁmttﬂy?ﬁxF%ﬁﬁ?éﬁﬁﬁkﬁﬁﬁélt
ERLTE. ICARZRLTIE, TOXH G LT
7?7lﬁmﬁuﬁ%%,*ﬂ® BRORBRSCIE D28
AT 2 FHICOWTHRET 5. BARIWICIE, board
diffusion graph & W Tr I 7ERBMsNza 727 A b
DOFVERZHMIERE LR %, WiFsaE ok
TCHD AL D LT RET L. CoOFLEEART5
2 LT, ary s A OBUBMR T R IC G AEEE OB
PEIRICEI T 22 L 2T EL T 5.

ARETIRET 2RI O AL T 151, learning using
privileged information (LUPI) &IHEN S, S#HEEDO A
FIFH W] RE 7 WD G 2 O 7o B ik oL 2 R L
Tw5b [36], [37]. Tabb, B M zeX CRIP
57 7A7RXVyeYCNzTFllTL5Fll&E X —Y
DEFEFNZ, TR 7 MV LI AE S il (priv-
ileged information) v € V C R? Z#F|H T 2 M4 TH 5.
CCTHERT NS, T f SN PLOARNS S
TATN)NETFHT L LS, MhiERIE TGO FY
WKCLPHWDEZENRTERVEHEWV) THD.

ARFL T, LUPLI OBATIY FrbN T 2eh o728
i 2 JOCHIR [2] ISR L, 2727 A NOFEUMKRE
ZIE L 7= G e BARR L T 5 LT IR ET 5.

4.1 FEEE

9, KEICTHMHT 2 EA & RICHIRK O MEZE 122
WIS .

WG E I dRITERZ Ml e X CRETEHER
ENENTTATNRXVyeY={12,....C} PG z26h
TWa., 510, SEEFEEEIF LT, B p RILENRY
MvoweVcR2PHBIERE L THGZONTVDH DL
5. WBEHRO BARN 2 BRSO W T, Bk
5. AREITHT B A & RICHIRIE, LUPLI ©—fk
B 7% 5 L Rk, C OBGIFEE - WilifEHR - 7 7 A X
VD= DA n i

D = {(zi,vi,yi)|xi € X, v, €V, y; €Vyi=1,...,n}.

PEERF—F L LTHEZONE X, K7 T A YE
(B YPEE) %?%ﬁﬁm%ﬁz62ckmon<@%
BoH70ODER f. X - Z % ST 22 ESHNTH S,
CITIREHDID, MIPLRENFET 5.

z=T"z, (1)

ZIT, T eRV™IIEWATHI, T 3475 0kE % 2 he
NEBT 5. RICERBL 25572005 [ 13 E o D
HEANELTHWD ZEIEEST S, $habb, #ilhs
Wold, KR f 25T L2020 ICHVWEN5.
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4.2 RBFEERHIEI SR

ARETTHRA T 2 JOtHIR T, R RI5HT (Local
Fisher Discriminant Analysis: LFDA) [38] & 1341 % it
TR 5 #T (FDA: Fisher Discriminant Analysis) DR
FHEIZEISNTHR STV, 113, ZORFFIEH
WIS HFIZ O WC T 5.

BAEIHIB AT LEDA 13, B#E ORI 2k %
BE L7230 & ROCHIR TR TH b, #IEHBIHT FDA
LWk, 77 ARG RECL, 77 ARG E /NS <
T 5 &0 AR T & —RALEAEREIC L o TRD
4. LFDA Tlt, 202 AW - 7 7 ARG HOHET,
BHEORIMELEZET 5. 7 7 AMMSTHEATY] S, B
L7 7 ANGFEATHI Sy EZNZNELT D L9 ISR
Shb.

1< T
Sp =3 ..Zl D7 (xi —zj) (T —x5)
,]=

I w T
SW = 5 Z Di,j (il)Z — :Ilj) (m, — ilfj) s

ij=1

Dh_{AMOM—Um)ﬁ%:%:q
i,]

1/n if y; # y;,
DW = Ai,j/nc if Yi = yj =c,
- 0 if y; # y;.

ZZT, n 377 A cIZHBT 2HH~N7 VO,
A ={A;;} IBEETHITHY, TOifT jHIOEE A, ;
2, i FHOR XY PV e jFEH O PV EDIH
DML KRBT 22 FFD. —#IZE, RFATr—1 »
7 [39] TH#ANRZ VBT 7 4 VAT ERRIET A LR
WHREAE SN D T &2V S LTV B [38).
FFE 2 oG EATH 2 VA Z & T, AT T 13,
PP L= VA KILHEOHE LTHRONS.
T* =argmax tr [(TT(SW + nId)T)71 TTS’bT} , (2)
TERdxm
ZIT, I e R™NE d x d B AATH, > 01ZIERIEY
FA=F, [l ML =R VA TH DB, ZOfELRE
&, LT D &9 e —iALEAERE L Sl T % [40].

Sbp = A(Sy + 1)

Lo T, ZBATH T 1%, Lito—#ftEAHEMEOED
5, FHMEADKREVIEIZ m ROEBFXRT MV oy, ..., 0,
WYL, FNAEFIR7 MLE LTI, LT D475
ELTHELNS.

T" = (¢1lpal - lem) s

4.3 1HEBYIERE B = BETHERHIRI SR
LFDA TlE, 77 4 Y475 A \ZHH 7 bV o L
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MR ZF728, COEMUBRICIGETY AN - 77 AR
HGEATHI ORI ICE AT 2 52 Tz, X ) BRI
&, 774 AATHIOBERPIKRENVEEZFORHANRZ P LD
IFZOWTOIGEEEHRL, 77 4 VATHIOBEREIVNE
BEF RO RN PV OIIZDO W T O GEIZ R T S
HE Lo TWA . R SC TR 2 B AT & BT
JEHIR AT 2] T, TOEMIZERL, 7714 AT O
BICHBERE V5. X0 BRI, HBIMEHRAED.
TLGET 74 AATHIOBERIKRE L, HBEHIKZ
BRDGECT 714 VATHOBEEINS L b &) I27%
ETAH LT, MhEHROEMUT 257 b VATHE I
FEO R & AT 5.

v; — v]?
A; j =exp (—' 12023H )

CCToldniEhE$T /87 A =5 ThHb.

4.4 THBYBIMDER AL

KRETTIE, W ERO BN R OTE 2 IR T 5.
WitsHlE, RifiCl_7zeBY, KHigz; (i=1,2,...,n)
IZDOWT 1 ARDERILNY Mv v, BHER SN, RETFE
BAEMCERET 25910, IV T2 A MU T AL ED
N5 BRI OV TORBEHRDS, BT 5 &9 124
W BN H L. FRICRETIE, 3ETHE LIy T
7 A b OFEURAFRE LB LT O 380 ORI % 3R
595%.
User: ZOREETETE, FIEDmEIZ & D2 — A EER
RO ONVTOFERERZ PIUELT AT &I2LD,
LA FFD 21— OFEUMED O WG OB Z KIS 5
Z xS . BARMYIZIE, Pinterest O —H% & [E LRI
OR7 MVEREBEL, jFEHOZ—¥DYi FHHOWI% % pin
L < Erepin L72& X212, i HHOXRZ ML v, @ 5 RIG
HOBEFE v; £ 112, ZRLSHOEEIZIZ0LT5.
Board: Z O FETIE, FrEDHEEN E D board 12
LTWBPIZoWTOFERZN7 Mk s5 281240,
FTIE board DD & W{EOF MM ZEKH T2 2 L 21
9. BT, board & M LRTLEONZ MV EHE
L, jEFH®D board 25 i HFHOW{E A & L &, i FHON
7 MV, D jRICHOESR v & 112, TS OBE
1230 &9 5.

Cluster: Z O T:1E, board diffusion graph 72~ & i
W L7z board 7 7 A ¥ IZHT L 1EHRENT PIULT 5L D
T, kbI YT I AMIETRHERSEL ETNL L WIE
ENb. BARIICIE, 29 A8 BERCRILBEONZ ML
THEL, i FHOXRZ Mo, ® j RIEHOEH v;; &L
TOXIHITRHRETS.

Vij = g/ M,
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|2 pin EN/zDRAEL, n, (&0 HOWEA pin SN/zD
NUBDOEFHETH 5.

FRE3 @) OfERFILD, Pinterest ¥ &V — T v )L
Fal—vary7F—FIMHFELTVES, T2bb, Zhb
DRI & 2B EHUL, Pinterest (26 F M7 W RAIOH
BIXT L CTRFEIET A2 EATER Y, L0 TICERT
5. KEICRET 5 FGEFEE O R ITIL O AL T LI,
HOWLOTHEEDY -y )VFal—gry7—47T
BORAD IO D2 FEH L TBITIE, RHOMWIF 5
LCOBEMADWEETH 5.

5. EE&

AKETIE, RETFLEOFME L MEET 57201247072,
Pinterest 22 HNE L 72 EBEO Y -2 v v Fa b —2 3 ¥
F= E MO EROBERIIOVTHITE., WELE
F—=HIE3FEIIRLZDDERE—T, 19 /7 boards, 104
Ji pins IC & o TREK S 5. R & #1172 board diffusion
graph 13 18 5/ — F, 32 L v V2FFOAN=ALRT T
TR, 7T TAY) 7K o TH 1,000 EO 2
T Ay S,

5.1 BEMEHLAZEGEOI TV NOEEMN

RETIZ T, Pinterest D board |2& F N5 g A4k
WOV TF I ANERONE DD, 3ETHH L TED
a7 A M@yt caior ), T02 1
REET B 72012, 4 RS L 72HBI G A 1% 0 L
wmER G L THMBaEEETT L PHERLZITo /2. 5
MLOEDZ10 7 7 ASICHET 2 HFEr HEAEL, £
DHGE%L board %4 & L CT&Tr board &, #® board I2)EF
% 30 77 pins BEL UL =—ZEE20 iz T—45 1y b &
LTHWE., =%ty FNOZEIZIZOWT, FiEdT 5
board DERFNAIET B 27 T ATV 535 L LI,
4.4 I L7z 3@ ) OT: (User, Board, Cluster) T
EEhESR A L, Ch e migastm s Lz, 20 TR
G B M 15 e T A M5 RICT v ¥ L2558 L,
FHAEGORMEZ AT 10 7 5 AD5HERE3E L,
7 A Mg Ch R OERE T WlE L7,

R 112, 3E) OMBIEROME S EL LT 4 ) D57
BRI OWTORHEEEERT. 77 ATNUVOFE50F
55, board fiBNERDS & b TEWAHEMEREE R4 2
EDRTFREND. Tbb, cluster fliBhEH & board fifiBh
TR & O FMERE DM 2205, KEIZB DiEm O£

*3 Pinterest L THE K DM ZMERTE, 7 7 ADMEIZ RN Z
oL, LTFD 10 7 7 A% 3R L7, Architechture, fashion,
cupcake, animals, chocolate, flowers, blue, sea, Christmas,
green.

A1 M OW GO 7 5 AHET 5 2 LD HETH L~
WF T RVGHOFETH A 729, board il 1ER % WG4 H=
ELTHW/ZELTYH, 100%D 5= %ENT 5 & #RGFEI
TELRWVWI EIIEETA.
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xR 1 MBI R L L TGS EEAT - 22O 3R (n
%). AT D PEGORIE, 5 Wb R ORI
Table 1 Performance of image classification with side informa-

tion as image features (in %).

User | Board | Cluster
Linear regression | 87.09 | 98.94 97.36
k=1 85.46 | 98.70 97.13
kNN k=5 88.08 | 98.88 97.64
k=10 88.78 | 98.84 97.62

RE7Z b, K1 OERIE, cluster #BIFHAT board Bl
TR EFIZFAEOTHEURTH LI L ERLTWS, T4
bbb, 3FETHHLZ, board diffusion graph ® 27 A ¥
VY SIS REFED, Falb—varF—5 I
TAHEEOT LTI X P EEPICHBTETnE Z LR
IZ3 AHERTHL LNV S,

52 A T IAPNEZEELEEHEDRRTIEDAAD
hER

BT, M Lzary 77 A MHEEOFE - MBRICH
HTH %%, REOEGEFFEE DR ICH O AR TFEIH
WICHERET A7, 202 HIZOWTHGEET .

KE T, BIEIICR L7727 — 7 95 mEA I L7z
{4 12,500 LB & OBE § 5 pin X board D IEHh % 7 —
ey hELTHETA., COF—%+ty MZEINS
Pinterest = — %% 170, board #id 630, board 7 7 A
781 390 THh o7z, WEFHED 2O OMIGEHE LT,
RETCTIE, KRBWIF#ED 1 D TH S GIST [41] 960 KT
THAVG., Tty MIEENSD 12,500 LOWIE2 5,
5,000 f & FEH & U CEEIEA ISR L, BEREEE 0K
RICH O A B DFE B L OB O FE ITFIH L 7.
I EFHNS, 5,000 OB E T A PHE L TEELIC
WL, o7 A NHEGEY o TaHEaortiEr e
L7z. LFDA B X UORFEFEIIBITZIEA L ST 2 =% ¢
i, PRMEBRICID 0.1 EFELR. T2, T 714 VAT
DIFHNT A =% o 1F, UFOEIC LD e L7z [42].

o = 27" median({lv; — v;[I}7;1) (3)

X 11 12, 960 XILD GIST HfE % 2 RICIZH DA A
PRERAERT. 22T, -EFE (cluster HihEH) %
FHGHT (PCA) - RPT#IEHRI54T (LFDA) & HEd
L. ZORMPS, WRETFEIFWATEL L TXL ) #EY)
W27 T AT TETCHLI ENGhD.

T, ' 212, EFELZWGSE DY A7 IZFH
L7 OERKREZRT. KEBRTIE, PCA - LFDA Of
12, ERICHE D IAMR % L7\ GIST 960 &G (Orig.), B &
07 7 % 3 5B O E LRI § 2 56k F1 [43)
(Graph Reg.) &, $##FFE (cluster #iBIIEHR) D%
HBT 5. BiGIFEE ORI O AR T LD R & # )
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Fig. 11 Comparison of low-dimensional embedding of image features.

*= 2

W54 2 47 - 72 0 34 kRE (in %)

17 -

sp¥idE (k-NN) OFEH, 71 @ RROTH o

A TFHEOFH. Graph Reg. = 77 7 1IERLZ W 7206 F-: [43]

Table 2 Performance of image classification.

Orig. Graph Reg. PCA LFDA | Prop.

960 dim 960 dim 10dim | 10dim | 10dim
Linear regression 39.7 39.4 33.6 38.7 42.5
k=15 37.9 - 35.7 42.5 45.1

kNN k=20 38.1 - 36.2 42.7 45.4
k=25 38.2 - 36.4 42.8 45.6

WCRHMIigT A 2 &2 HIWE 5 RERTIE, 5FGE LT,
T Graph Reg. &, HEMHAZ kL BEERIZRS &
OHRIEEYG Z BRI L, BRICHE & 3A A S 0 73 A 0 R
DS EENI RIS S S L) ICER T FRENL
fo. FTe, RVFTNVGHOBE R 5 ARERTIE,
27 7 ATMAIC (2 ) 8% ikEt L7z, T Graph
Reg. Tld, board diffusion graph # IEHI{bD 720D 75 7
RExE X LCRIH L7,

2 IZBT A ERITCHOIAA EIT D%\ Orig. L HRFEF
% Prop. LD, 277 A NEERE LB R
ZFHT 22 LICLD, FEERITCHEDPKIEICH > T b
Wb 20bod, L)ENGEERETRT L0 h 5.
¥ 72, HERiE Graph Reg. & 2T Prop. & DI, 5,
PRET DACRTCHDOIAAD T T 7 HEEOFIH ke LT &
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DY) THD g nb. T, ETFELMMOHDIA
ATHLEORBMS, VT 7 AN EEE LW #RA
SRR EICRELSFGT LI L0005,

12 BL U 13 12, #HOAARTHEZELS ¥k
OGO ZEACOKT 2R, X 12 TIXEL D05
EHOAAFEOLEZ, X 13 TIERLZ 5 HIEHROE
B EDORB 27> T ab. M 12 25, REFEIT
NOBDALRITCII BT HMOFHEL Y btk
AL, EFIEVRICTIRIEREOWRICEELTNE
LI s, 2, 13 25, DI N TlEdH 5D cluster
information 2MUORER L D b EWEREEZRT 2 L 28
RTEns.
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Fig. 12 Comparison of feature embedding.
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Fig. 13 Comparison of side information.

TED

KHLTIE, V=¥ hFal—arn7abRAICHE
Hysz kT, diloar 57 2 N &HFOWGEZIEEIC
PUTNWVEPOREICEATLFELZRETLH L LB,
FESL L 7R EE 2 R - MR D720 OB L BENY
ST 720D ERERAT Yy 7L LT, AT I7AMD
I VE 2 Z R L 7o WS E O R ICD IA A TR T SR
L7z, BEFHRIZLD, SHILPLTLOAESTHL LI
RoZwvarys s A NoHEUMEGRE, KRTm RO
HPBRICAEIRTE L L)1 b DI, TV ERDE
RS % B L7 HE - G - MERDSTTREL 2 B 2
EERRL. B EE 7 A L AERIZEY, BRT
FEOHEREE IR L2,

VeI xVFal—aro7SutAEHTLIRET
%1%, Pinterest PAADF 2 L — 3 3 v F— % & H 2T
WHIBHTTRETH B, 728 21, 7T FEIEEA M) —
IV —ERIBNWT, Z—HFPHLSOHFRIIE LTS
LAY A M2 T A 7Oy, Heage LzFa
L—2arvbEZLIENTEL, 2OZELEFHTA
&, WMOBEHEE RO BMOESG 2 RET L LIZIZF L
) GFETREIERTRETHY, TUIES T LA
AN OBEBARR EEMEE S TTREIC 2 5 [44]. 2 OfIC

6.
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REEND, BOFal—varF—FRAFT7avT
YUNOBEMT M A ILCES L E DI, EE LY T
JANERBTAATA 7T Y ORBHERSIZOW
TEVEVHFZH#ODL LD, SHROEO ML L
THEEIILLTHH).

HEE AWEOHMEEICL KR MR - W E w72
CLLBDITHBEHERMHRB Ly M2 THB L7,
NTT 2 3 2 =7 — 3 3 BRI SR BT IE AR SCIG, K
AEF FBIe E, TNFREIEH T 5.
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