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Automatic image annotation method based on probabilistic
distance metric learning

Tian Jing Guo Zhi Huang Yu Huang Tinglei Fu Kun
(Key Laboratory of Technology in Geo-spatial Information Processing and Application System, Institute of Electronics,

Chinese Academy of Sciences, Beijing100190, China)

Abstract: Most of the traditional approaches for image annotation based on distance metric learning generally suppose
that the constraints on training data is explicit, which only works on small datasets with exact labels. As the scale of the
dataset becomes larger and most images are accompanied by noisy labels, this ideal assumption will be not efficient. In
this paper, we propose a novel distance metric learning method based on probabilistic topic model. The uncertain and
latent side information can be mined by a probabilistic topic model and afterwards used in distance metric learning. The
learned semantic distance metric then can be used in the search-based image annotation. Experiments on Flickr dataset
demonstrate that the proposed model outperforms the state-of-the-art annotation methods.

Keywords: image annotation; distance metric learning; probabilistic topic model; Gibbs sampling

o B AN 2 SRR X A T O R A B X T
FEAS T P 2 1] (1 A 0 (“ must-link™) 55 R H1 f8L (* cannot-

KL BB 31 S0 B T AREA Z I BE B Link™) 26 2 A7 (B BE A% 4 A — /4 “ chunklet”, BL EJE 2
L F IR MMERERE T th B B R B DL Ak AR R B B4 B — S JB T A TARTE . i CBIR B AH 36 1 &
LT — A e ISR Z MISC R BB B . g o A R A /N R RS U SO B T LS —
RFHETF R ERBRE ki B B IR et M ik 5 W P19 A A EL 3 4 b

il

B2 A R0 IR B RUBE SR A i s A TR R S 8 R 45 R R E A A7 W L TR B I P S Rl 3 T B AR A 2 A L e
2 DAL D B 5 QS50 3 IR T AR MO T gy o g 2 D P2 — B0 TR 05 I
RARTE T M A, AR G0 S L BE B RUBE 2 2] J5 ik, 4= 7 Hy* must-link” 2 5 .

TR B S87 (relevent con analysis, RCAY™, il —4 B L1 A B T — B R T S B MG
R 2 2 O B ROE RIS BB o s 4 5% 43 43 7 7 2 Cmulti-modal correla-
M AN RIS BB 9 S o . JUH AR B 10 29 A ted topic model based relevant component analysis,

s HHE:2015-03
*» FATH . EHK 863 3% (2014AA7013033) % B H

[ R A% 1 EAb L TR A 19—



g 3 B &

MMCTM-RCA), &%,k H £ LDA (multi-modal
LDA, MMLDA) ") HE 42 > 45 P % | B AR A 25 S0 A
2 PR S Y B s . IR B B OA A 56 3 AR Y (correlated
topic model, CTM)") ot [ 8 4 1F 25 43 A 1E Sy 32 8 4y A
SR S5 5 A R A G F B0 I Ok 2 A ] —
IR LG AR, RE.CRAET
Gibbs SR FE T E 1SR A A R AR, 15 B SRR AR 5 R A
EUE AR YN N VN (SR RS (A
58 . HET K45 2] 09 BE 2R 5 B 5 81 b otk 9 4 ¢
[l R L TN 7 L EDVAL Y = 7 =S
F— AR MERRE M., &5, %5858 0%
FRUBE M AT LLAE Dy #H oL 1 BT A5 48 R B B 09 B &t b o,
I o AR AL AR B b B R AT HE A L HET L O BE T A B R 4
G bR 5 5 . 7 NUS-WIDE #4570 I (il 52 56 32
B, B4 R MMCTM-RCA J5 2 78 & A M 75 (19 B A
PG4 A L nl DL G 48 7 bR T A RE

2 ETZsESEXEITIRBOMEEXLK S5
ik

RSO T 22 2 R G 3 A R A HE A A OC A 4
Mrds ik, LB ER B A s e . 3650 2 BB i CEEEg
ROEE 25 2] By Be M AR F Bk i B B

TE T SCHE B RUBE 27 ) B B -

1) R I 2488 26 2 REASE 80 A M R Al B 5 8 5

2 H A5 3 (0 ML S A0 DI A B Ay o ) R SC B 20 20 B
FEREA 2 B — AT SR M,

e BR A 2 b i B Be < R B 2 2] 15 21 00 B 3 R
M A S AR ARL A P A48 3R B B Y B2 kA o L 3 3 X A AR
BUG A b 28 BEAT 8 5 L HE PP L 0 8 15 31 d5 2% A9 T8 480 A 1
gk,

2.1 BETESHESHXETRBENBFRARX R
&R

AR SCHE B 28 B 2SR G S AR AL, R ) MMILDA #y
HEHR R FEASE 2 bS5 1 B L O 2 AT 3 043 A1 1) S8 50 e
% CTM ) £ A0 e e 5 , NI AR 22 2 B HH 6
F B O A ( multi-modal
MMCTM),

HARE g mE 1 prw, 5EE04 CTM M .
MMCTM #4401 7 % EAR B A A B, A7 2 2k 42 o At
AR GBS, NEBAI PR UG H 84 30k
I Fhr P A ASEES B B A AR R A OB R SO Bk B
B DX RSO 4 LA M, AR, N,
AN 1) 4L R TP i ) B 3R L 48 BE 3 A WOV, R SEUAY
Heproh Ko BT xS S B W E Ak, AR &
o D) WETESEER DG, HIES-0-5 0 5
A

correlated topic models,

— 20 — HEAMETIEHA

c0I5%F 7 B
$34E BT H

(=)@

oY
) :

Bl 1 MMCTM #5455 A

R

Xof A — S SR d A — A SCAS TR w,,,, AR BE R
Vao s BB IR IR 7 A S R AT

1) AR 3 R 53 B A O o AR I8 WE 25 40 A0 e % SO 1y 20
SRBERE B maama | (e D0 b~ NCuo D000 Horft (ua D7) ~
NIW (o500 s W sk o

2) A A RS B A3 AT o MR 3B 8 A TR 2P
AR R o AR EE NS0 = () =
exp %Licqu,o

3) RS w,,,

D 18 22 10 2 4y A w6 Bk 2 — A E L =0, [0, ~
Mult (0,) .

QML E FE =5, KT M2 500k FE—4
i w,, | ik ~ Mult (o )

DA AT v,

IR 2 W o Ak R R B — A O, 2L |00~
Mult(0,) .

5) M FH =, SN2 W0 A
T v | 200 A ~ Mult (A ),

BERIAT 55 BH0E BRI S I 3. BRHE T8 5
EM 1y J5 277 LA SE 3 HOR A, (H 2 — B AL T, 2840 EM
Bo ZHIEACRS R . I, 2 1 T Gibbs RAE )
Ik R YE LB Se d , TR AL RN T3

2.1.1 REEFHAR 2,20,

X RAE B 2y, o ARG DU ST A ), CTE R A AT B
AR o

p(zu = k| ) o pley,, =kl -
P Wu | 2aow = ksa) D
A 56 1 IR A

Pz = k| ) oc et (2)

FOMER 2 TRIF W
P | 20 = Boa) :J 2Co | B pCoun | gd, (3
[

T [ Bk A% 0 30 )



2015% 7 B
$£345 BT H

HEH plo | P 5 plwan | @) H— X KA T H-2
itk oA N B R @ AT 25 AT A

7+ a
p("(/ULLm ‘ Zdom — kya) = W

25 o e

et TR AR B w ., BT BEE) Y BT 8 2, BOUREL.

4

PRI AF 3 =, AR5

ﬁ(zd‘m :k“)ocffv" '# (5)
D0t tay
[FIHE, =, BOBEHT AR Fis .
Py, = k| ) = plo,, = | ) ¢
P (Vg | 20w = kaf) oC €™ o ‘"i (6)
D0 By

2.1.2 RAEFMITEAEI 9
Y5 5E SCRY o T SCARTR A3 LA B A0 36 3 43 1 3 43 G <
Filzi B A D LLBCSHTSCRYZERR & LASR O Al
R AR 7, SR M SR AR AR R b AR gl
AFRAE . ARG DL L o B 2 PR
POl ) o p (et s 20 )
p(zj}'\r]ﬁ,r]ﬁ,) -p(zf)\riﬁ},riﬂc,) (7)
(DI — TR IE 55 -

P (et a | e 20)= NGloaga | 20 D) (8)
KD = =T .
P gt = [ 2P0 )
o Eexp(qﬁ[)
o Zexp(rll,)

P e 5 RR Z )@ T A 2440 A, — AN BB A
JE B o BLHCR AR T e T RO )7 (aata argmenta-
tion) " {4 5 v AT LA M HE 3 50 A SRR . S IR AR TE —
A AT

R e e
PG QL NLON (o | s (6l (1)

M SRR S R Y 3 kA A T AR B o 0 SRR AR
AR BRI R SR AT 4 T4 Gibbs SRAER ARG — A
o2 RIE 38 AL S AKAT s o oy B0 A T 0L 00 25
(RSP

e ALGh)? a2
p(qﬁ‘lﬁ)%exp(wﬁ,‘oﬁ,* {2‘0;1 )N(ﬁf,‘,uﬁ,,(a')ﬁ)
(12
X (o)’
p(}{f,‘r]f,)oc exp(* = )PG(/\‘N,O) (13)

2,
Fe B (12) AT (13) 347 476 8 2R B¢ L B AT 45 2] 45 4 =X

SHEEEE 2 Fveii Rl

Bg 95 D&

DT (25 .
2.1.3 REMSHER

M BB E T BSEERM (D)) R
BE IR EE A4 NCalo | o D) FIIE 255301 70 4%
I3 AT NIW (o py Wy o) 22 0BG SEHLHE L 515075 55 %0
5 %

PGrsa” | ) ~ NIW (o s W, i) (14)

[ Qo po“V’D* -
Mo 100+DMO+ 0o Ui (15)
o = p+D (16)
v, = WO+Q+pf’°+DD<7;—M><¥;—#O>T an
:‘Co/ - :‘C()+D (18)

Hofre g = 50 g0 Ky . Q= 2, (p—pCp —

DT B R

IR BRI S50 0 T AR — R « T DR 4
PSR p (x| 202"y W HAE R B chunklet” 5 EE « 2
] B 2 DA IR G R 09 R AL A o B B RUBE 2 S RVL
A

2.2 MEEBEREEE

B = REMR  FTACR B RRAE 1 &, = O K A B
“chunklet” fj—14~, H. e B “chunklet” =, FII{E , X FEFT
A B chunklet” i B 4 B — BB FE o = (o ooy
pi) o MR P = (pyyeeeopp) ARF T ASLHIHHE— 5K
“chunklet”f B I 7 Lt o = (pi7sees pI) N80 i A0S
BIRIRERR A0, H pi© AR 4S E B“ chunklet” =, JLAFBCZA 5 @
LGB D p° = pla | =0 .

FER R (AT — B B A5 30 A9 Al 1 1 % AR ¢ R
WP AT TR, B4 P, = [ pla] 50 o o ook
pCas | =0 KT — B BeAR B i 45

PR ROBE 2 3 1) B AR 2 > — A e U0 Y IR e R
M € R™ 2546 B B 3G Z A 1 B AR 39 AH 2 ke 23 23 A7
I X Bz B P A Tl A

1 K

min 2 pr“ Iz, — g | 3 — Alog | M ||
g k=1

M=00p 51

st [ P—=Po |+ <7,
D = 1p =040 = 1, (19
-

A28y = 0 ORI MR C R M PS5 Rk P
ZI A A EN R, |- | ARG F i H
B e BB 2 1 TR /N S ] 5 ¢ chunklet” 318 897 7
IS 55 2 T2 JhE A SR i MR X A SR A 2 T 1) T 40 5 24 TR
FAEP I B A RORFF A P SRR P 1)
i 22 AR /N 5 2 IO MER 2954

Bt Lz A A IR R 0 2 3 A8 & ML P R e AR ER
PEEAR AL, HL g AT LATESR A P22 )5 SR A% o i 42 Ja) fe AL it

EAME T EEAR  — 21 —



g 3 B &

i A T8 ). M A8 SR 10T o 38 TR 20 4 25 18 )
B PR A SO R PR AL S 2 3 3540, 1)
SE PRl B AL M 2) 5 ML ARAL P33) 852 P RIM,
KA o,

515, S M TR AR B RCAL B M — %Lit

th.C 4 i chunklet” 7E 45 AR G P BIDI 7 2. 45 3
B AR = PTX R,
552 25 S MR N 0 1R B A

min >3 335 = |t S I P—Po |

i=1 k=1

st 20p =1.p® = 04i= 1, n (20)
&

KR SR B ) R A D — A R ALK AR ] A
BTA N p £ MBS W) i LR AL
o ASHE A ST A5 E

min > p. o =i+ L p—po I

PER p—
St p=1ap, =0k = 1. um 2D
=1

o FEREA B e Tok X b3 R B8 B 7K i 75 51
H bR R -

L=fp+Llp—plito: (2pe=T)=n+p

(22)

K 1= Cla =g s 2= g 30 0 R RLAS B
Hfe ¥ X p KRS AT 15

L

I

Hidig A KKT &4, BHZ p, >0, =0, X
LA pe >0, 015,

= fitvpe—pu) Fp— 9 =0 (23)

b= po,.,—%<p+fk> (24)
FATH p =0 . 7] 1%:
0 = max(0.py, f%<p+fk>> (25)

SRIF A HE I 10 7 ik B RTSRAS o 1 SR PR A
35 it p = PTXORMAGE.

3 5= 1%

3.1 HIEERSHIEE

AT P AR 5 22 A 3 1 B RO 22 ) 10 ik b AT
TXF H AL < A0 OE R0 43 B (RCAD ™, X 431 il 43 43 A
(discriminative component analysis, DCA)™Y DL & UDML
(unified distance metric learning)™'*,

LK fE NUS-WIDE B &£ 19— 4~ T4 Likfr. 3t
TEHLT 200 000 M &, 3531 3 #R %«

116 000 B fHOBE A 29 H Al 31 5

22 000 Wi fgrie 2 5

— 22 — HEAMETIEHA

2015 7 B

FI4E F7H s

3) Pl A ABCHE . TERRAEBRIRET, B 1 AR T
SIFT HEAEJIf A2 pUAL 58 ) . DA F 78 32 BB 7 v i A7
B8 2,3 A4 IR U6 L 00 % SO SRR, U fE 3R AT
FRAE MR AP B A

XF T AL GE I BE B R 2 2] ik 45 RCALDCA DL R
UDML, X | 45 40 42 B 58 48 AF F0 SCA B 78 R 47 58 26
RIEHRELERMEREGREEI WA, HLh
“chunklet” 1 BU{H 48 — 1% & 500 4. Xt MMCTM-RCA,
TEME R A TR PEAG B BE 1% B B “ chunklet” () 4N 80 k500 4>,
B AT B Ry 1000 4, SCATRZEBE Ry 2 000 45 78
LA B B KU 22 ST B B AT K1 o U 0. 55 ZEAH UL
PR A8 R W B 5008 18 R AT 2 19 A8 oL B8 0 $0RE oy 30 1
JFH A5 2 1 5 e AR E T R 10 A 3 BRI T 25 155 AR 1
EE
3.2 EmER BEETMH

& 2 FnlE 3 4 i TR [ R TR T 1~ 10 A4 ie) b
SR N R R | R e R S T R R o7 RV W e e LY v
AT 1~10 M AR

035
030
30.25
Eo.zo u RCA
Z0.15 = DCA
Bo0.10 UDML
0.05 = MMCTM-RCA
0
1 2 3 4 5 6 7 8 9 10
i MR
B 2 %77 A bR R A SO E R S
DRI NRTES RS
0.10
0.09
0.08
‘E@[‘om
g-gg =RCA
Ry 0:04 =DCA
50,03 UDML
0.02 = MMCTM-RCA
0.01
0
1 2 3 4 5 6 7 8 9 10
BiAbRAE R

Bl 3 48 D5 i AR AR TE ] A RO E T RSP 3 R R

LR 2 FT 7R (359 IE 8 3R] LA &k B L % SC i 8 1 1)
MMCTM-RCA # 1~10 A5 517 0915 18 T H:8E 240
FH A X LB AL, a0, fE AT 6 A bR S LT
MMCTM-RCA # %t F RCA.DCA L &% UDML 4} 54
2.8%,4. 9% 5. 4V By F . I EE, MMCTM-RCA #5574
BSF- 25 43 [ 36 A 4 3 bR T 1 19 1F &L F S TR RE L T 5T L
I,

3.3 AREIESH B THREMRE
AU 1 8 2R W BE S AT B S B0 B TR AR 52 i A T 09
o P AT M AR EH 4 B 10.20,30,40 150

pausg
[y

T [ Bk A% 0 30 )



2015 7 H

mmmm  $34% F 7 H

if MMCTM-RCA {5 7E - IE 2, E HPar L,
TS YA B AR 40 BP AR EMERE e i, X £ 8
E O, Y AR A B i R, M TR A 5 i [ R BE 2 1
KM BCH N A T EEE K E A Ak

Fa R
030
025}
g 020} = #i10
Hoas) = 20
0.10} « Hi30
d 0.05} = Bi40
’ 0 = HI50

1 2 3 4 5 6 71 8 9
B MR

4 TER IR T AR F B RE T Y 3 05 ) R R

T — Pl R T 20 3 O A R ) AR AR A G A
ROy MT T . HAERINZ RS LDA 5 A5G 32 R RS A 45
B BRE SR B IR | SR 48 SO 2 Rl RS 25 1 B8l » %
DRFEE R B AR B o SR R B A B A B 15 B
AR o ke i B0 AR O B 20 A Bk B A L 2 2D 1 B — A AL
(T SCEE B R o feJim » T o 2 4 310 4 B g RURE T LUAE R
AR P54 2R B B ) B s o 3 e o A ) PR ) s 2
PEAT R VHERE L AT A B R A B KRR A R T
Flickr $ii 4 9 5256 & WL B 2 i) MMCTM-RCA J7
TEAE 5 AT MRS B R B TR 4R 5 b mT DU 35 B R pn T Y
PhfE.

& % x W

(1] sk, 7, A=, & 36 TR E B BURM £ R ]2 2
B AR DSl AR LT ], F 70 5 AL AR 24 4. 2014,
28(8):909-914.

[2] BAR-HILLEL A, HERTZT., SHENTALN, et al.
Learning a mahalanobis metric from equivalence con-
straints [ J]. Journal of Machine Learning Research,
2005, 6(6):937-965.

[3] HOIC H, LYU M R. A novel log-based relevance feed-
back technique in content-based image retrieval [ C].
Proceedings of ACM Multimedia Conference,2004 . 24-31.

o Bk A% 0 30 )

7

Bg 95 D&

[4] RAMAGE D, HEYMANN P, MANNING C D, et
al. Clustering the tagged web[ C]. Proceedings of the
ACM International Conference on Web Search and
Data Mining, 2009: 54-63.

[5] BLEID, LAFFERTY J. Correlated topic models[J].
Advances in neural information processing systems,
2006(18): 147.

[6] NEAL R M. Markov chain sampling methods for
Dirichlet process mixture models [ J]. Journal of com-
putational and graphical statistics, 2000, 9 (2):
249-265.

[7] CHUA T S,TANG J,HONG R,et al. NUS-WIDE: a
real world web image database from National Univer-
sity of Singapore[ C]. Proceedings of ACM Interna-
tional Conference on Image and Video Retrieval,
Greece, 2009:48.

[8] MURPHY K P. Conjugate bayesian analysis of the
Gaussian distribution[ ] ]. def, 2007:16.

[9] TANNER M A, WONG W H. The calculation of
posterior distributions by data augmentation [ J].
Journal of the American Statistical Association,
1987, 82(398):528 - 540.

[10] BEZDEK J C, HATHAWAY R J. Convergence of
alternating optimization[ JJ]. Neural, Parallel &. Sci-
entific Computations, 2003,11(4):351-368.

[11] HOI S C, LIU W, LYU MR, et al. Learning distance
metrics with contextual constraints for image retrieval C].
Proceedings of the IEEE Conference on Computer Vision
and Pattern Recognition,2006: 2072-2078.

[12] WU P, HOI S C, ZHAO P, et al. Mining social images
with distance metric learning for automated image tagging
[C]. Proceedings of the ACM International Conference on
Web Search and Data Mining. 2011. 197-206.

£ & @ A
B3R 1087 4R L BF S0 RS0 1 8

PRIz I R H B AR TE .
E-mail : tianjing0303(@163. com

EAME T EEA  — 23 —



