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i B ANASHNEREAFEERTEANRGE CRETSFEH M, AX
REUT —RETRENERELEREMG ERE SA7EF E(CNSH) . &4, AK
FERNE R MFET &, RALBW V66 WA RBERBME, NEFEAAA L8
(DPP) HiEHA it AL R E 2 B R AT LT & Kk, Al A WordNet £ & B 4
ERSREEXEREMFE SR, ST A E LR %G, AR DPP H kA Rk
FEEFRHE, REARKNFEER, SEANERFEEFMAL, R X %FE MiFE
BREERFBRERTNE, B2 AAHRE, FEIEEROA TEHRGRENMSRER
F, AR EMRLETFERERE, A% T SHE TR ERFE AXXATRETE
KB RGN E X R EFER KM S, & IAPRTC-12 fu ESP Game 2 4250
BEEFLNERER, SAATEMRAX T ERE L EAREIEMEERNFE,

Rkl E& B RE; REWE; 77X R (DPP); E X EAREHM(SH) ; & X FHEH

0 I &

I T Ik IO B A ) PR 2 R RS B 4 i 1 3
B, FLHRM 1 B B B AR g 1, O O (A B A
R B et , AT 2 0 W T R S — LR I 1Y
AR, SR AR AR R e , I BN AR
S R BAT — s 0, AN REAR 2 M R 1
A, BT LASE SRR B Slm T B Bk e 0 1] B4
TR MTAER, A TH BEM —Lu 05 I AR N R F
PRI TE U, HF IS T — 2 BRI AR o

& H airE R LT B R SR TE RGN E
HEB B ShEINLAME 2 bR 2 (OS8R Y.
B (9 R B Shis i 75 1 AT LAR B AW T
S kT R TR B 0TI, T4
SRHBRTE T 4 A2 DL 150 2 ) AR R RO AR TE S

2 BUE SR TP AR B I TR R SCH
PR ISRy 2645 , F2EITIEA BT B 4B (k-nea-
rest neighbor, KNN) 9 77 35 | 5t F 3 35 il & #L
(support vector machine, SVM) 77 #:°7 3 F e
M (decision tree, DT) 9 1" D B 3 F IR BE 2
SWITES . BTN L R R B
(e BRI Al se {5 B (CanB @ Bk B
KRS , 5T R BB AR E 5 B
22 (B BYBR-GHE R 40 A0 , 5 A R e 40 A 0 R
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AR T8 SRR G 0 25 A AT 9 28 s ot
( determinantal point process, DPP) AR 153 T
AETURPRERIARTESS R . (B i T HF B~ M 25
NG RBURFE , SR FRHIEA S 22 i , BRI
HERR AN ] AR

R T X — ) , A SO T — R TR
P28 F1iE SCJZ IR 25 48 19 B8 B 35 1 77 5 (auto-
matic image annotation method based on cascade net-
work and semantic hierarchy, CNSH) , 2B 1 REE&
o 2% BE T 70 2% 1) R A T B, DD IR RRAE 19 65 .
B2k R AFHE T 5 18 LB REE M R R b
82 [a) T SO OC 21, X LT I 5 4 B I BGE
PRI B SR AT RAE , REASTR 2 E MR B R
BRITRESIR . AR EAUENE] T6E BITR, &
REFF B AR B TUAR B AR LRSS S, R SR T 4 1

HA YRR A [

1 BETHRIEMEEXEREHNE
& B shARE

ARSCHPAERIQE 1 R, SR B R T B
Ab3E BN B0 VCG16 F1 VCG19 Tl i)l 2 4 72
PEE MR BRI . S5 AR U R AFIE I 2R 5%
4 DPP AR | SE AR A 19 R 4 S0 5 3 4
AR . IR A SR E AR ETR, S5
2 [a] MR AR o% 2, FR B[R] SRR AL F St i
BkxF, A WordNet' '™ 14 S 46 42 # L 1E SJ2
R, A 20 080 42 0 AR kA2, 5o
FHl DPP B3 A AR e AR B 41 i AT SR A, 2 1SR A
T B EE IR, P58 R T A P AR SRR L AR BT S

FREF M
adult
mountain
plant H A BE IR X
!gj’f; g e
people
) FFY PR R
A y e
T s
(7l
.. B e

1 B TREEMERE L RAEHN RSB SREREER

M, BEAEIAERRE THREBRREZNE,
FI LAAR SCRE BT B S KA B A AR 181 i
28 THNNIESE RS &2 J:0f TG A
1.1 H{ERE

AR P28 7T LA VR 2T R A 457
AEHARRAE , FT AR R 5 A W ARV 2
WA R A F B, B0 AR T R B AR A
WL VGG B M ML R AL
TSR R AE 2014 4F i HOR ORI, IR AE Z4FRY LS-
VRC IR BURHEST .  HA ) TR B2 45 AR o 22 0
SRR, VOC M BILETE TR T ZEHEHEZ
HAIFEC AN B BRI A% , 46 58 B KR 8 I 4

REZ HT R R BT , A REM S BRI , Fm B IR
T, P4k REAS B A T R RRL A R R IE T B
BRI PERE . UIZRMIE 4 B B8 T BT BRI A
[F]27 > 28 A B ARy bl e 88
REFPESAL B 19 5%, 85 R
B ) PO 25 54 S R B BRURFALE , BB RRAE A %
Foor, M HEREAR I, B s R 2 AR, A3
43 VGGL6 F1 VGG19 B Rl 45 6] [l £ 512 H 4096
YERFAE , #% J5 AR 32 1 43 43 17 3 ( principal compo-
nent analysis, PCA ) ") X} ¢ fE £ 47 W 4 , 43 51115 %1
520 ZEFFAER 620 ZLEFEAE , P21 195 ol 190 4% BB 7 —
2,153 1140 HEMRIRRAE . XFPELEE L REAT 2%
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Hu s R 5 A T R
PSR B FAAS AR AN 2 F

205k {1140 e i

2 HHEREREMR

1.2 &4 DPP &5

L X = {x, x5, BARWHEGE X TEB
g x,, Bft—MrEEy, Cr = {1,2,,m}, 7
BAE m MRERENB MR ESE. XTEGM
WETEXS (2, y) B DPP A3A0F

det(L,(x;8))

Pyl %) = oL (%3 8) + 1) (1)

Hop,m MR L, (x5 8) e R™™ ZFIERE
M, 8 BREPHSET HEAER, L(2;8) e
R FoRM L, (2;8) LS y C r MR ER
5 AR L AT R i A BB TR SRR

B L, (2;8) = [a;], 4 = (1,2,3,4), 5y =
(1,2}, AL, (x38) = [ay, an; ay, anl, ay
ay, ST R PINARE S H B4, a, M ay RIRIR
2R L, BA7800] RIRR

det(L,) = ajay — apay (2)

det(L,) #ifS ¥ 4 y AR 2 8] {9 52 A 6
SR det(L,) R/, X P52 2 BEAE Y
HEAHER Py (v x) RIEARIR/; IR det (L)) =0,
RUIX P MMRERTE MK, Ps(y| x) BIEHNO,
Al LAE L #0R L, ) O — B AT A5 st
oL, BAR, (1) RS W A IUR RS
BB TER

MRS FEMRAN, B IBER L, (x35)
SRR ME, T — 5 B8R B4 ( Gram-matrix )
A DL F R AT AT — A SR FRAERE™, BT LA 3R ( 1)
A

L(%:8) = q;(x) (%) b (x)g;(x) (3)
Hrp é = [8,,8,,,8, ] FRGE NIRRT HT
— RS, ¢ (v) TWEZESE | MRS TR

ig O 5w (|l
— 86 —

g,(x) = exp(0. 56?%) (4)
¢ (x) e R™ &—~1E WAk B Rk 1) &, Horp
| é:(x) || =1,

L.
x) = (x) = Y — & R™" 5
o(x) = ¢ (x) JL.L (5)

o(x) RETEAREZ RIFE LR, B MmiS i
B2 R TEAR, R ELSRATIURER. AT
WREL, K o(x) TR S, ACKAT 5« Tk
AR AR AR I, B .

o 1 <t,t >
(i) =5 ,

TR

Vi,jer (6)
Hoo 1, e R® FRFRAE, F GloVe B3k i 94551,
<, t > FoRPA R M AR, T || | A
I8 |, Sr ISR ¢, F e 92 S5k, WIS (1) A
DI

e [0,1]

Hiey[exp(afx)]det(ST)
Y I Lexp(8x) 1det(S, )
(7)
Hipr S, e RV S, e RV BXRTFHR%ET
LyCrMy CriyS WTFEL,

4% DPP [fAH G X, BRI 2R S 25,
ASCE A L 1N ME 6 X B BIR T 2R
SRS, SRR ERREE R LML RE R BEALBE L N
REEE S AL 8. BIG A S % 6 T AR 2 i R it
S q AR g BEREIRAE SR
1.3 MBIENBREW

R T HEARAREE Z 8] B SCHOR S &, A< ORI A
WordNet 43 %] 2 % 4 4 IAPRTC-12"*) #1 ESP
Game' ™' 14 828 L2 WK 45 4 ( semantic hierarchy,
SH) . WordNet j&— 351 g, et T ad 10 J7
AL, #E WordNet Hr, 55 SR T 89 52 18] 2 B — 1~
&) SCiR) 2, ifiy ) SC 3R] 20 =2 [R) B B B-F 3, /] -
SCEEAR-TR DL BB S iR R e R, 1
B~ [B] SCRIZH AR i i 8 R R AR i 9
AREEH

B FEAE WordNet Hr i YR g4~ 48
JFHER— I ] B4R (B AAL KB FRM K
P ) o« FEEABET, FARRIEIC R P&

Pi(yl &) =



B WS TR M SR RS i R B AR

ITHY2E (EHZEAE R A PT A RS (e, e.l)
PR . RBARET A m NRERZTE,
LATE BIE SOR KA . AERg il R R A n i 2
BRI N — N1 AR BLRE

(1) BRICACRARE T T HATEE A IATEE 5

(2) BACEETL TRBE AT

(3) TACRIREEA TR AR

(4) BEATSCHAREE A T-IATE NI 5

FERETE SUZ RS Bt R, A SCE IR T
RS [RIZE T i U, B0 26 54036 o S ik
Z I B AREEARA  1B 3 R T R SRR T RAL R
RHE 2R, B4 BRTHSBIEERN
B ZEH . Fop 30 1 AThn 8 1B U2 KA1
AORRATY 0, 56 2 AR %8 il SUZ RS R P a1 51,
55 3 ATARZE il RIS 35 45 o

A—»B Bisa A
Synonyms (—)

B3 FXEMFERILXXBRHENEREN

bone l head | | hand | leg
y
[sn | | A—»B BisapartofA |

B4 HMoSBEXRNBENEREGH

75 ML-MG %, 4 3 5 AR 4 48 47 76 (1) 4
“woman” ) , W] F BT A 4L S8 bR 2 (41 40 adult” 1
“people” , “ adult” 1 person” ) WA IETE, B &
KRS R P EARBIIRER . EARSCHREE
BN T A TS UZ RS F R A 5
ML-MG 584 A [E] , A= SCAN G il [ B 326 8 EL A 1 SUAR
HPERIP AR A, BRI An SRS AR A7 AE , WAL e
B—EANFTE, B, FHFEG AR woman” , U
FRT A e 4R 2 (“ adult” F1“ people” , “ adult” FI

“person” ) ARKEAAFELE

[7i] SRR PR 2 HAT AH R s8R B & SCAIR
75, N people” Fi1“ person” , “ street” 1 “road” ., i
1k} WordNet B9} 52 K B, 7511 22 e o B 15 040 4R
o, fl4n TAPRTC-12 #1 ESP Game, [7] 3 i) 45 48 % 35
SAFAE . Weston S5 A1 84 i Ff ) SRR AB B A
B FEASC, B SO 75 SGE &, 38
FHFBH IR R [R] AR, NI TUAR AR B
1.4 fniliE g

JIALE 4% (weighted semantic paths, WSP)
FEAE A e b 2 Hh B[R] SCIRI A SLI2 YR 5 f)
it AR LAY o AR B IAL TS SCBR AR 1 B A 4
To B BEMIER RS, ARG
FEERANAE R AR LA [E), DK 8] S5 9 —A
Vo SRR AR SUZREE M 3R B BT AT Y i, 2%
FEHEREACT AL, mE MR, AR SR 2R
T o Ba, SR RN EAS R AL, A
B 3 G AR T M s B INABGE OBt . XS RET
BARE R TR G LR RRRA

WSP = {WSP,,---, WSP,| (8)
Hr, 0 RBANMPEERIE LR

N T R bR AR A TR, A SO O
EHATH & (1) FAR S AR & & A E
BRI (B, “boy” Lt “ people” B BEAF B ) .
R, J5 A 28 B AU R 8 T AR e bn B AL E
(2) i E WA P, BB 5 UL
FAHAE, B UGBS S A N E R EARRE
2 M Sehn S & A G SR D, R2Z &HR6E
B, rL SR8 805 B0 — 1M ES
FIBMHEE . Hite, B br S A BB 5 HE 08
BT W, Z6A U L ILARLE T, 46 WSP, HibAs v, 1
B E SCH

W, =a'i/1d,| (9)
Her, | d, | FRRprsE y, BEIREL, 1, 1Ak WSP, th
B3 y, BIREL, o e (0,1) RRERHEZENEE
BT, KE a = 0.7,

T, BB SRR A P RIPREE y, BALTE
S SCHFCAE Fr A i U R AR Z #0, Bl W, =

| WSPI

> W B R R T LA R
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W= (W, Wy,~--, W) (10)

AICEE X T —EBRIRE T Y g X
PEAZ WSP,, 018l 5 BN, B BN RA Y =
{ “people”, “person”, “child”, “boy”}, B, M
SCREAYIE U, SRR 5 Y AR B R 4
BAE, BD [ (“person” , “people” ) —“child” ] ; 8% )5,
TREAR AT, “ child” BUALTE M 0.7 7B 1, 240
TR 1/0.7, B, HHAIARRZEE T K people”
F1“ person” AL EE M 0. 245 {54 0.35 = 0.245 x
(1/0.7), f0lE 6 Fion.

| people, person |

wlv (2,2,0245)
1,1,0.7)
e ©,0,1)

(layer, #descendants, weight)

BS SEERMIGEXERE

people, person

(1,1,0.35)

(0,0,1)

child

(layer, #descendants, weight)
y={people, person, child}

6 MTEEIE N BEPERMERNIE L BEE

1.5 BHMEXHEEE k-DPP R4
ARITARLE RS R AR X #f 42 (WSP) |, 3R4%
BHZEZL kMRS TH Y, X2 k-DPP R
FERIUF KA A, F RS RN 7 fim.
TRERARTES R P O A TORR S, A SO Bl [A] i
AR E KRB EPRE . BiAH, /251
RS R ROR NIRRT K A SEM
FERERFERIARZE A R B8 LB . INRAR, B
AT HEIRE TR WRE, RS0, 42k
R — MR TR, HERE b M, B
KELBRERE LW, URFBAFEIRETE Y, H

TS TR EMBA, A IR E S, A

R fE BHZ  BARYS B SRR B R N2, BT LAAR S
PERCEA S KRB A Y T4 o ime K i

[ mmnse | | meussewse |

FhRE R R B SRR AR I LR R

2
&
| wmins
! s A
EF A REOT %
|t RARARESMRESR |

7 RAEMINEX HEH k-DPP RAHEH

2 EWERSHN

2.1 XWigHE

HiBRE A SCHEERGQARTE R B FEERE 4R
HEATSC5, B TAPRTC-12 (19 628 & & 4,291 4%
% ) F1 ESP Game (20 770 fg&l{%,268 MH548) . 1E
HELE R T, K BLAE IAPRTC-12 Hiff
EFZEE G, A SOHBR T X 204 E4 (170 4~
YIZRESF 5 AIHKE ) .

B ¥ WHRENLEE TRSEE BT,
WG #2020, 38R 0. 02, %= 2] 24 50 Rk
REH WK, &N 0.9, Ht & K/NH 1024, BKJ)
JUECHR 5, L, IEMEIIZECA 1=0.0001,

BXIEEER CAHEZ ISR A T RS
MRS, e B R FE™, |/
&, XETEAR I ANE B A SRS, A ENTR
LT, 20 T 28, Bk, A CRH
THRTE SUZ KGR 15 SR bR 3L R PPl A et
A

AR SCHLAE R 2 AL S5 F HAR S 0 40, 1
BAE LR BRI 8 I 40X & kAR



B WS TR M SR RS i R B AR

TR RARSE AR A1 (RIBR 38 Y 18 1) I Bt A 15
a1, BEANE SCRAR I T 0 Ffe 2 (], LAk 4n
Pa

(1) GEit T 4z 28 148 59180 s S e
AL e LS SR AR B9, AR TRIAR R 5 —
THEARE - TERRNRE

(2) TEESCAYE XA R B R R BB
8 THE XA HSGE AR AR50

(3) R MR TENEIEARD .

FESE S T, AR SORHAR A A T P R P 2 43

#.
AICRH F EPHE SRR, A0
P = T/pred (11]
R=T/g (12)
F =2PR/(P +R) 13

Hor, T 2R Mrs 750 KR B34, pred Foom
T SR B KL, gt s BLSS TR B RR 19
B, P FoR R, R BB H#,
2.2 ZRHERSHN

Bk, 58 A B AR B J7 i DIAY® A ML-
MG 47 b4 . T DIA #RiE 3 .5 MRZER,
STBITERT 6 4> AT 8 AMEEAREE PHEATRAE, N T G
— AR, AR SCEE S DIA 7 i — B R A
W, e ARSCE L DIA Jr kbl A g R S
FLJFSCHR A B 25 5 A w2 o

HWR N T Y U W 245 B MR, AR SCELER T BT
77 vk B9 1 AP A8 4k, Bl CNSH-VGG16 il CNSH-
VGG19, CNSH-VGG16 R4 F VGG16 T Il 4
BT S ] 45 32 BUERAE ; CNSH-VGG19 3 7R AN 4

VGG19 TH I s 5l [l 0 4 BRURFAE , SR )5 Uil 4k DPP
BEAY , F i SR R A LA SN SCB%AS , e i
PRARER S AMAGE LR, KA RZ 1
PR RS FE Y H .

W5, AT S B AT R I 2 1 i A ST
XF LG, B AR SO ) CNSH 3R 755 25 CNSH-VGGI16-
VGG19,

2.2.1 LEEER 55T

WIEPRFEAR SRR AR (3 4.5 PR%E) #
SRR AR ZE R 40 AT, X A 30 5 HAbAR T
PAEBURAE IAPRTC-12 1 ESP Game | MR fE
FIAEAT LR, S RN 1 Fk 2 Fion, Bif L5
S5 R AE R — g A RIS .

T SE G a3 BT 156 I AR SO v R, AR 3
fEF VR N ANE 3 2,

55 1 282 ML-MG, BRI A F R 0ok
SRR T SUZ R ARk 44 , @t bR ds 4t
PR SRl bn 25 HA AR 20 8. Rk, #L 5 5
2% BRAE S AR 2 Z 10, W R ML-MG 5
B2y R R EERT 3 D EET 5 MR, WS 2R
PR R Z SR SEAR 2 (0 B T IAGE B FE iy B
A BARALTEAIFRSE ) Fid A AL B2 M4 2%, AR
18 i X T R 1T 2 A BE R AR TS R L (H
EARESERPTEA NIRRT E LR L, AR
HACRE B AEE .

%62 2 DIA, ERIFER FE 15 LEIREH
4 DPP RAEF G A3 BIHERR A S TR & m
iR AEZALEFEERTIZE VCGF £
P RARE , A5 SCR R YRR VGG M 284 L

F1 7 IAPRTC-12 EHMIRE L IEXIERITGEER

ok 3 i 5 hRsk

P/ % R/ % F/% P/% R/ % F/%

ML-MG 35.33 17.56 21.17 41.78 29.71 31.27

DIA* 42.99 24.86 29.81 38.37 34.73 34,27
CNSH-VGG16 41.35 25.03 29.27 37.71 34.16 33,71
CNSH-VGG19 40. 89 24.46 28.72 37.12 33. 83 33,31
CNSH-VGG16-VGG19  44.26 26.17 30.93 39.80 35.90 35.56

* JFCIE S AR IR 4 R 3 MiR% P=44.01, R=25.16, F=30.13
5 kR P=38.91, R=34.21, F=34.23
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%2 7 ESP Game EAMEE LEEIRITMH AR
- 3R 5 Ahid
P/ % R/ % F/% P/ % R/ % F/%
ML-MG 30.23 16.38 29.81 36.42 29.51 30. 38
DIA”® 40.20 29.42 32.21 34.70 39.73 35.04
CNSH-VCGG16 38.25 27.62 30.21 33.81 38.25 33.77
CNSH-VCGG19 37.96 27.25 29.86 33.28 37.19 33.08
CNSH-VGG16-VGG19  41.38 30.23 32.26 35.90 40. 44 35.83

* JFUCTE LASARITAE S R 3 MiR% P =42.37, R=30.48, F=33.43
54FR% P=36.15, R=40.10, F=35.90

EHRAFIE ., 0 SE A5 R 7T LU ), CNSH gB 815
BN T LF BIRTEVERE , 9040 Uk W G B 5 B2 o 28 IO 2%
REAE AT RSO S I PERE

45 3 22 CNSH-VGG16,CNSH-VGG19 #1 CN-
SH-VGG16-VGG19 2 [a] i Lk %, CNSH-VGG16 #i1
CNSH-VGG19 4353 m HoR A VGG16 Fi1 VGG19
B4 S BURRIE B S2 5645 FR, CNSH-VGG16-VGG19 N
R K FRERE) VGG £ TR 28 M 45 Oy I 1R 32 HUKy

TEMSEIEE IRl RSB A5 R LT LR ), T
CHRTESE F2 3 Mp%EiL 2 5 5%, CNSH-VGG16-
VGGI9( BIA L HifY CNSH) ZREIH T A1
fig.
2.2.2  FBRFRERCR

Pl 8 SR T K FH CNSH K A ThriEfS 21593504
GEFRBINT . NTARES REA — 28 W,
AR i ) B AN i AR TR TR T 2, T R B

AT H5: CNSH
building car street
centre palm people
park people building
picture tree tree
street road car

tourist tourist
people house
house tree
tree flowers
flowers sunshine
bed  bedside table
lamp night wood
room side room
table wall bed
wall
fountain lawn
tree column
water
building
tree

8 7E IAPRTC-12 EE#HIEE FRFRFEE R
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5 BICA  Fnitialid /b, L5 B E R A R A
FEATEE N . PRETURAL S JLAME L, [F] SR 26 2R
TR RETFERERTIAR A LRTTR. W0
8 FiR, 4 1 WA R A TApiEgs b, 8 T [H
T ITA B, Han(m] im) “ street” F1“ road” o 3 a3
CNSH 7533 194573 25 5 ] BB 24 28 H R SCin) A g 3
—/~ B, A TTTRESR T TOA% 5 56 2 WR I B9 N TARTESS
BR ERTEAS FRMAEXLRZNREITTR, ]
“people” 1 “ tourist” , {i Fj CNSH I 15 %] —/~ 5
B2 2 (B { “band” , “light” , “man”,
“red” ,“wheel” | ) , "B BEHED i 2R R N 2, 1B
R T IR, (AR RN 220 46 3 iR R A
THES R PEE TS FBEAELR (“bed” F1
“bedside” ) AR 4 TUA%, #| A CNSH fE 4515 | Bk 1E
W X EZFEALAIPREES R Ab, ShRiE i D AR iE
ZERAREMER AR E RN ZE RS, 12 ] CNSH g1 4
BRI, ek R P A R, G 8 BSR4
TRETR . LRGSR RET, ffi H CNSH 75 3] i) $r 48
Y N B, REMER A R 2

3 % i

ZRSCHR T — TGO R 45 FIE R RS R
A9 S 1 BbR 7 B (CNSH) |, T 894 % 5k 2 Bk
DERCRAE B AR AU RE S AR E R, B S n £
Bk, AR B ShAR TR 5000 T 48 HE R [ B, IF:
FAZ A% DPP IR HAEAT EAS, AR HE i 2 4 4 42
INBGE LR (WSP) RIS BB L kMR Bts
%4 7E IAPRTC-12 1 ESP Game 2 /3 1 342
A RSN A SCHE H I O A T AT R
H bR k. R, 2 SOk 3T 2R EH
AE AR bR R AL R PEAEACR M E M Z FE I, S 12500
Hragbntl L NAT G A SARTERY 2T 16
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Automatic image annotation method based on cascade
network and semantic hierarchy
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Abstract

There are some problems in automatic image annotation, such as the redundant labels and the lack of sufficient
information. Aiming at the problem, an automatic image annotation method based on cascade network and semantic
hierarchy (CNSH) is proposed. Firstly, from the input images and label list of dataset, image features are extrac-
ted through a cascaded VGG network. The condition determinantal point process ( DPP) model is trained to com-
pute the quality score of labels that is used to determine the list of candidate labels. Secondly, the semantic hierar-
chy and synonyms are obtained via a label set, WordNet to build a weighted semantic path. Finally, this work sam-
ples the candidate label set by using the DPP algorithm to obtain the final annotation results. Compared with the
traditional image annotation methods, the annotation results are able to accurately describe the image content with-
out redundant labels. Though many evaluation indexes are applied for the image annotation and the multi-label
learning, they only focus on evaluating the representativeness and ignore the diversity. To solve the above draw-
backs, the semantic metrics based on semantic hierarchy structure are applied to jointly evaluate the representative-
ness and diversity in this paper. Experimental results on IAPRTC-12 and ESP Game benchmark datasets demon-
strate that the proposed method produces the more representative and diversified labels than the existing methods.

Key words; automatic image annotation, cascade network, determinantal point process ( DPP) , semantic hi-

erarchy (SH), semantic metrics



