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Abstract

Deep learning has achieved good results in more and more computer vision tasks.
It usually relies on a large number of manual annotation information, which requires a
high cost to obtain. The self-supervised learning algorithm only needs to use the un-
labeled data, according to the correlation between the data, automatically extract the
appropriate “supervised information”, guide the model for effective learning. And it
can be used in various downstream tasks. In view of the self-supervised algorithm of
computer vision, a variety of auxiliary task training models are constructed by using the
correlation between images. But the image is single-modal data so that its representa-
tion information is weak and its semantic level is low. How to mine deeper supervised
signals is the main challenge of self-supervised learning research.

Because the semantics of text is stronger than that of image, and the information of
multimodal data is complementary. This paper chooses to construct a self-supervised
learning algorithm in multimodal scene, using the correlation between multimodal data
to provide supervision information for the algorithm, breaking the limitations of single-
mode information carrier. Multimedia data on the network usually appears in pairs in
the form of picture text. The semantic content of the two is similar, and the semantic
features of the text can be acquired by training alone. Therefore, we take the semantic
information of text as the monitoring signal, regard the pre calculated text representation
features as the semantic labels of the corresponding pictures, design the appropriate loss
function, and train the visual feature representation model.

In this paper, we use the free and open data set collected from Wikipedia web page
and social media platform as training data without annotation. we train the deep con-
volution neural network with different language models and learning loss measurement
functions. Finally, in order to verify the reliability of the algorithm, a lot of compara-
tive experiments are done. It is found that the self-supervised learning algorithm frame-
work proposed in this paper can surpass most of the single-mode self-supervised algo-
rithms, help the model learn more discriminative visual feature representation which
have stronger generalization ability in downstream task like image classification, tar-

get detection, semantic segmentation, and even cross-modal retrieval. We have reason
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to believe that the self-supervised learning algorithm based on multimodal data will

become the main research direction in the future.

Key Words: artificial intelligence; machine learning; self-supervised learning; rep-

resentation learning; multimodal context understanding
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I ) SCARFAE @(t) NIEREA, HORRY A REA, X IR dAT
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M M
1
Loss = MOI-D ;j:;j#[(l =8+ [m—.5;1,] (3.3)
EVIR K
M M
1
Loss = m ;j:;j#[m + Sij - Sii]+ 3.4)

;E\:EF[ [x]+ jj hinge jﬁﬁ@éﬁs Xﬂug)ﬂi max(x,0), S,‘j %%i+ﬁ X; 5 tj 5@@%
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LDA TEVERHEA S SIAISHG: w5 P (w2, ) (IR E AR 52
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SR — RIE MR O EA 5 ) «

—. BEHmA

Word To Vector(Word2Vec[44]), Z4aREIPA 2013 42 H Y To W& 27 > &y,
FI W ZE AT A BEF T2k, MR A oA s 3o . SUROPRN em-
beddings. it KA B, I A A B [ B RHOCVE N IR B, 1l il R e
BRI UM S5 SRR o IIZRI B i P RRE L (1)CBOW(Continuous Bag
of Word, FEZEIRILERIA), JHEZ5 & Ay bR SOVE o A\ K 2% i in] . (2)Skip-
gram(BkirlAY ), A28 E AR Dt N T2 BRl Y BT 3

BFNERAY B ERNE, Fel A BRI S B ERIA
RFAE I i R TR AR BB (S5 —J2) 28 W € ROP vh, C FoniBkE
BRI, D SRIRFHELEE R/ N o HHIC TR A B e sl SRATRA 5 T 1l
MHEST o 255 — DA B ZR B S HA T HURHIE R i w, € Wi =1,2,..,T,
BRI H b i KA PR EOER P, TN 55 HEE T softmax pREZ 432K

PRSI,
1 T-k
mme:afg;kgp(wAwhw~-»m%) (3.9)
el
p(wlw -+ wy) = S o (3.10)

TR i,y B —IRAFZR A G AR H— X B e, s
28 2R M E RS, Hh U, b 2225, h @XPRE W I
PR (AT A9 1448 (concat) B T4 (average) $54F o

y=b+Uh (W, Wi W) (3.11)
= XA
Document To Vector(Doc2Vec[38]), Word2Vec [ B, AT X ER R4

FORE BB BOE A, A R BOE I B R, RIS R ERIE A9
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L, g4EE N A BRIEBE, HiaEsh W INE w, 2R, Bikfidd D N
[ g, 2. I BRI 0T w, 5 g, B0, WL

N—-k

1
arg max— logp (w,|w,_;, =W, 3.12
g max ; &P (WoIWo = W) (3.12)

M AN 2 i softmax pREU= A1), HA 0 & softmax MZEH R[22 ] 2%, W
PR — DM A W/ P TR E B E o h 2 M R EE . BlE BR1HE [A)
B REE R
exp (07x,)
W) = o 3.13
P (Wl = Wass) >, exp (07x,) .

X, = h (g W, s W, ;D W) (3.14)

PO, Fill AR E

F/1{# /] Bidirectional Encoder Representations from Transformers(BERT[8]),
N RMER BN 258 S AL, £E 2018 AR TS R G5, B = v
THEERET WA, VEARRIM AL T IS _EROE nRIS IR IRCR - I
Tl Bt 2 HINE Y, ML TE 2 TSR ERY SRR _E R SUE R, ZRIBOA
E A7~ . BERT £54) 3 i g1 £ Transformer-Encoder BRI HEZ M 1%, Trans-
former{63] J& —PET BIER VA A5t R4 Z AR 2 B R R IR B A K
2RI, AT T OSORIY RGeS . R R ] LA A A 1) (query) F1—4H
- (key-value) XS 4 H A9 RE, Hrr query. key. value Ml i # /2 1
TFTR Q, K, Vo Hirth g value(V) HIAIAURL, Hrp i Fozs 451 value YALE
Hi qeury MIAHIZRY key fUBTHEARH . dy /2 key [AIERYLERE R/

. OKT
Attention (Q, K, V') = softmax \/_ | 4 (3.15)
dy

FINGINZ LERS, POSHGRBEMERE I EE, 20 EH Q K, V K5E
AR ZMESE EARE B, SO VPR AN R A A7 B LR Sk B AN A 567 728
FIRAE o AR AT 3 58 il TR T BRA R THE, TR A RS H 45
R,

MultiHead (Q, K, V') = Concat(head |, ---, head h) wo
(3.16)
where head ; = Attention (QI/I/iQ,KI/I/I.K, VVVI.V>

16



PR AR AR A X

BERT {443 1) 11 25 75 2 2 B 1 B3Rl A48 o A ) 1SS IR T, i e 3l

GBI 15% M BRI 718 2% (mask) #R0E, FER RIS IR LT, 5

R 5 A SRR A 7o Hosr— S BEAL 3 oy HoAtb A 7, SRR KR 2R

MR o TR TN, BRLRESC T BRIRZ0N 5 A 2O s UE S, T

BERT FiRL J5— /2S5 — 1A (token) % H Al #i FH SR AR A A) 1 RYAFAE
TR
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FUE ETHEEREANRIIIEL
B0 NEREES

AR 26 S 1L =0 0 5 R PR P S ST 7 ST AR
PRI 5 B AR 19 26 S P SCHURBRAE S B 5 2 AP 0 A FF TR
SR RS PR T (Wikipedia) I 32 B4 (Instagram, Flickr %) -
B Tl T — 2L EA AR . B T G S A SR SR A
L.

K41 (EABARERIEAS G R

ZHK FAEGE SOREUR SURFERE BRI

ImageCLEF 100k 35k 1200+ iy 100%
English-Wikipedia ~ 420M 170M 1200+ YE 30%
Webvision-1.0 240M 240M 10+ ZiER 40%
InstaCities1M 100M 100M 20+ ZiERh 100%

P ERE 2B BT MR ER2BIH . H AT 4000 75
SCEEZH N, W M 299 RORNRITE S o HER: [ Rk SO i i SORTIHAB S A ) 22 AR
XI5 (B S AIRAIOCE) 2, TR AT AN 25525 S0k o AR S SR e A
FHM AR T RHEEE 28, ImageCLEF([62] A1 English-Wikipedia[S0], #ifs SR
AT E 4. 1577

1. ITmageCLEF 1] 237, 434 sRAEELTRHA J MIAHOC SCEEA A, SCE 4 =
HE (O BENATE) BRAS, HZ2 %2 —4 G G
B (caption)o FKATTHAFE &I, I8/ NG (<256 12 =) HIHA IPG
PAAME R BB, XTI SR80 86 152 H 100, 785 IR IER A 35, 582 f
TR7SCEEL AR (— s SCER W 22 5K B8

2. English-Wikipedia /& ImageCLEF Z{f58E 12T A, M 290 £~
AR BEA Sk 7 5, 614, 418 5 SCREMNIMHRHER, [z T A
FR AR, UL ESCHEE], B/ T 256 ERAVIE oAb
TS50 PERIYSCE, JE 420 J7 5K IE AT 170 5 R S7 SCEH L (P
B OCERE 2.3 IR R, AR NIRRT TR, NHEEE. R
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BATHEUT KZ) 30% HYECR R

oav Dog

From Wikipedia, the free encyclopedia

This article is about the domestic dog. For related species known as "dogs", see Canidae. For other uses, see

Scientific classification

(a) Cat (b) Dog

K41 AEEET R DR, 2 S P AR R 4% (B OA A

W2 AL AT A R 2 BESEE EEORIE T R e P DTk, M RAERESS
& b EHOHATRSS, SOTRESERNA, BRE A2 kB A
SR DX P AE I 5 20 T3 AR 25 T T Y (& 7 SO IRIHGX 2L TR T
() 22 ARG HARE S Rk . IRATH 2 T2 IT 9 2 BUAR TChR IR
InstaCitiesIM[16] F{1 WebVision[39], FEAREAIE 427K o

1. Webvision Z{#EEE 635 240 £ 775K M Flickr W57 Google & -8 2 HrflERL
B, AL T IXLE UG IR B SO E R (s P FRiciiig) . 241
A2 1.0 jfuAs, IFH R 1M Google W BRI £ (LB ERR] 40%),
W AAE FHEEESE B B AR GEE R0 T 1000 25).

2. InstaCities1M [{%3E 2 M Instagram FIEER, 548k 10 A D& 2 H05:
YT . BAE N 10 J75kE 53t 100 75k R, 3R
9 300x300, AR E HI U AL S BB IE Y, 5 MG SRR
AR H AR R IR IR % (hashtag).

SERENZIHMEEWR 4107R, ALV, A AER R S 4R TR
BAREERCZ AN 22 5K o B 1 i SAEOR A 2 — XS R, SRR LA
ZAHIE () Ak, BT 2 M. RELIE SR, FEE R 53CARZZ XS
—HIR R, SUARJURBHMHA R, B Taies. ORISR it
RS B B BIE B SEAS B R AR, SE 2R AL AR T YR
FIREISE
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Bobby is only super These two vultures were

obedient like this when part of a group of 6 sitting Family Road Trip Gluten free raspberry,

there's food on offer. on this roof waiting for o0an®& Hello yoghurt and elderflower

cocker spaniel bobby dog | their turn with a dead California!! -&-# #roadtrip |cake. & #glutenfree

k-9 pet canon 5d squirrel on the road. bird #familyfirst #springbreak | #baking #raspberry

70-200mm 2.8 IS vulture #losangeles #sweet #sydney #australia
(a) Webvision (b) InstaCitiesIM

[ 42 RSSO G S BURARR G, IR P
B EEIZRAETS

XS T AN R] A SOAR 2 it e A 156 LDA BR8P 38730 5 LI e EAJC AL  Word2vec
Doc2Vec. BERT AL 7 sigmord IH—10 ) —TT 28 XU BR Eal B Aty >
AR BRI EL . X T Word2vee iX R HURIRIZE R FpAE AR, B SO RFAE SR
N T SR RO RS . AT AEEE T REGR S, T SO AR
Je¥E(EH BERT SRR BOCARHE, H TR S53CRFAZ N R R, B
AR T R 2 S IR SR EL, SORRFIELERE ST — 0 40 B 4005 MALACIR (A
KR GNITOIXLERR T, SCARRHIELE 48—/ 200 B 400(BERT FEAUER5h, BERT
FENA R Sy Y JZAE 2 768).

A Bl B RO BEHLRE R R B A5 [S3] AU, A kAt RV (batch
size) W EY 128, FUBICHCI I HEE OB 40, 000-60, 000 Vi, M1 3T %%
0.01, ZE- =47 (momeentum) 4 0.9, £F1%4L 20, 000 YR 2) %KLL 0.1, B o
o W =0 BB A RO Ii4a 21 256*256 SR/, FEREHLEET 224224 [
DI, LA 50% FUMBERIEA TP B . SomilBEMH R EIE CRE. X
JE IR AR HEATEEN LS.

Vet A BN JZ (HUARHELL [30]) ORI AlexNet[35] W24 00 ue 2 Al 4
{§i F PyTorch[49] FFIFAHEZE4E A, 7F Nvidia 1080Ti 1 GPU _Ei)l[%%:. LDA.
Word2Vec. Doc2Vec fi#i Fl Gensim ZEV 5231145, BERT {i# ] Facebbok [ Fairseq
JES PRI 2550 (%5 RoBERTa-base[40] i A%).

Dhttps://radimrehurek.com/ ‘gensim/
®https://pypi.org/project/fairseq/

20
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SRS QEEEAMERIE
E£—1 WIHIESE

FATEA R B B A 1 R SE g SR B UE SR A e, IPAl I B
JTEE SN AL R RE . AT B2 R E B — E AL E M B . (8
AR AEEFE: PASCAL VOC[11]. ImageNet[7]. Places 205[78], Multimodal-
Wikipedia[54].

PASCAL VOC # TG 25, Hrtall, 5 e EdEsE, %
(142 2007 5 2012 [\ fiA, VOC 2007 £ 9,963 /M& f, 1120 25, pikils
1 50% B R/ IEREAT S0% HIMEEEE, VOC 2012 SKEL, H2 e s
2T 2 5%, ZEARE RN Tl B B I BEE MRS 1E R e

ImageNet FrifE 1 B0 RS EIRE, 1hT 2009 £, 4« AR A
7, A 1000 FOANFEIZESIE R, HAETAT Y (A% A 128 73l 2R BR8N
5 TRESREGE, H RPN B WE S ST ZR T 2 1Y REAE SRR RE

Places 205 iZ 50l 3L A 250 JTskE . 9008 205 25, FEE ARSI
&, 5y ImageNet Z£{0L, BTG ERIERITE, WAl T A e
A FIETERE

Multimodal-Wikipedia Z 55K R AW L, EH 2, 866 NG SCRIXTEH K
I35 0% 2, 173 & - SCAKT B ZREERT 693 & - SCARRT AR R o 424 Fr-3C
ARG A ZERIE R G4, T T 2 AES e R ETETERER PR

FT XEELE

HEIZ R TR, B &M A RIEE SR, SOR gD as . FKREL,
HENZER M ERE . ] PASCAL VOC 2007 £i#li %, 52 BTHYSIER
W [22, 48] PRAF—E, FF & AlexNet AL AR ZH B [ & A RIRHE CBTRZ
convd-convs, EHEZ fc6-fc7), #>]—X 2] SVM[2] 432K e (] Python [
sklearn Y SLH), £ VOCOT IYIIZREE Bl ZRi% 5228, HRAEIIEER M4
RS, RN E LR L2 BPEM TR (mAP).

ARG 3RS 1(a) R T 4ERE R SRV S5 R, (S SRR 1%

@ https://scikit-learn.org/stable/
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HERAROR A AR R

SN O HVRFELE RS RN, BT LAE H ] LDA SR $2 BUOCASRFAE A RO S T
M T IZ AR SRR SRR R BOE . BaRgmttsr, AR SURZ RE U 7t
W, AT R SRR U IR EIRIE UE R, EAF A REFER
SEAHRANE W 2827 TR B AR . 5.1(b) R BT S AR B S G 45 5, ]
DA i Word2Vee BRI 4T, FF H S4BT RIEHR SRR ZE TIRZ . X2
TR AR R B SO SR N, BB R, AAERZARE & F4F
MR BB AR, BT ORI E S BB TCEAR I I & 4% 4F . RIfZ BERT
BRI AR NS  SCARTE SUF R KD, IRXMESRIEDS B AR, ISR B
SR T, TCEE S N T AR

HAREMEEIUN 2S5 1o AREEE LS G -5 H B A SR G i
a1 T Wikipedia /2 ImageCLEF FUEGRES FehiiAs, Al LAE HIHE R &k 5
HIR/IN, BEIE MR THETERIMERE, XAENLs 7 P 2IRFE W EE, BuRi%,
BARLRE 7 S B RREAF MRS, A RIE R R TR des . JF HBWRA Pt
MR E R, WebV(Webvision) Za SEXTFA TR EIL B AU —28, Al REA N
AR Y InsIM(InstaCitiesIM) B/,

WL EE F5.1(d))ERARILFEE A, {§i] InstaCities]IM F1 Word2vec
ARG o ] LUE HIRFEASAT A AL B, 2l 1 34 )7 R ZE K iR %L (MSE)
AR Z , RINEBE I 2R AR H AR R B8Ot #H Sigmoid 5 7T
A SRR R B (BCE) AR I R AR R B3 . I H Sl 1 B2 >0
A1 BREY (triplet, contrastive) B, PERESE—E LTS

EHYSR, e [ RER AN LDA SUARG Ay, RN Z RS I
BRANEZE FRINEE, I BB TARESAR ML, 16 T 55 LB 1t RE R
SR, XFFERATRI U [T A BAAREHREE, 1 word2vec $2 A
FEAE, XT CNN it B E e L2 IH—4k, B ST IR RS — 1Y
JE R A BN IFATIN, ROER & 5a FATE A R ER SN T B B2 4K
e, SZATHHWE S IR TR, 55k s2ffr, Al LU BIEATRY
B EELHE T 2016 2R FmAE, (B2 ENEIREIIEZ K.

B=T &KMEoRes

52 BTHI R SE TARGR S — 20, FRATIE E R 45 )2 HY41E, £ Imagenet 1
Places Zflif B >J Zelbiran . RIS R ny m WRRE IR SS, AL+
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# 5.1 XHESERRY L

(a) ImageCLEF 5 /N [A| SUA i (b) InsIM SR[R ARG
Method conv5 fcb Method conv5 fcb
LDA(40) 47.1 483 LDA(200) 343  30.2
Word2Vec(40) 43.5 438 LDA(400) 36.5 32.7
Word2Vec(400) 40.4 449 Word2Vec(200) 40.2 36.5
Doc2Vec(40) 412 395 Doc2Vec(200) 324 269
Doc2Vec(400) 42.6 345 BERT(768) 351 324

(c) 1 FIR R 22 S AR B (d) AT Bk R %K

Dataset Type conv5 Loss func Norm  conv5
ImageCLEF+LDA  Wiki  47.1 MSE loss None 30.1
Wikipedia+LDA Wiki  50.8 BCE loss sigmoid  40.2
InsIM+Worc2Vec  Social  40.2 triplet loss L2-norm 41.4
WebV+Worc2Vec  Social  41.3 contrastive loss L2-norm  42.7

T4 ANFFERT AR . S AlexNet #6284, $2EUEE TR HLIT (convl-convs) £
HRE AU (ReLU) it HYRHIE, AL RG2S 3, 73], RN RE)Z 06 M Y
BRI R, A T HRIEA S, XA L E T RS 4 ZE AL AN,
WX g — sk 8 7 B T3 8T , 85K B 1 I HER Rz AR
A HERR . ImageNet 25524152 5.3, Places 551132 5.4/~ . 1 LLE H IR0
JTTEREIRE) 2018 A [ HEHE (baseline) /K-, B AR RS B W E L, I8
/INT 5 ImageNet 4= W B Il R 1 22 0 o

<
L\ﬂ

Py

Bk H B B RHIER T 22 ST RE T, SRIESRE PASCAL VOC HilisE, %
BB D RBIRREAZUR D, B FE ARSI 18 8 MBI 2R 1 M 45
VENBIIRCERAIAME , 15 NIFESS (A2 Harkailll. 35 Lo #) Lt
A, 2SR VOCO7 s, 43 #IkT VOCI2 £, AlexNet {F
N T ML, BEArkeilldeH Fast-RCNN HESE [14], 15 50 H11EH FCN HESE [41].
PEAG RIS SR 2% (3, 34], %4114k 80, 000 ¥k, i f SGD+momentum fift.

H
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#52 ANEBIELE VOC 2007 73 KE55 LIGHERE, 7E AlexNet /R[A] 2B EERHAE L2
SVM 732485, FEMAEETTH A% mAP 15245

Method Ref conv4 convS fc6  fc7
ImageNet Supervised(2012) [15] - 65.6 69.6 73.6
Places Supervised(2014) [15] - 63.2 653 66.2
Sound[48](2016) [48] - 46.7 47.1 474
Tracking[68](2015) [68] - 422 424 402
Jigsaw[46](2016) [22] 53.0 - - -

Colorization[75](2016) [22] 49.0 - - -

Ours(Ins1M+Word2Vec) - 424 427 41.5 40.1
Ours(Wikipedia+LDA) - 51.2 508 532 54.0

# 5.3 AFHIETE ImageNet Zifli e ERYLEIR (JTUEERAY top-1 HERG%) . 1] AlexNet+ £
PEor s, IGIREGEIR, * FoR AR R AlexNet [M25 454

Method convl conv2 conv3 conv4 conv5
ImageNet Supervised 193 363 442 483 505
Random 1.6 17.1 169 163 14.1
Jigsaw(2016) 182 28.8 340 339 271
Colorization(2016) 125 245 304 315 303
> SplitBrain[76](2017) 177 293 354 352 328
Rotation[13](2018) 188 31.7 387 382 365

DeepCluster®[3] (2018) 129 292 382 398 36.1
Ours(Ins1IM+Word2Vec) 164 265 31.0 293 263
Ours(ImageCLEF+LDA) 18.1 29.5 351 32.0 292
Ours(Wikipedia+LDA) 200 321 373 386 334

. FERCUEER DREGEZSAL, MR RREIR, Wk S5FR. W LUGA 5%
) BIRREAE S 2 AR5 BRI, RE S LF TR B W& A=
. I HAE BRI RS EPERERy . SE IRl T RHIERY S5 R R AL RE
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# 5.4 R[FSEILAE Places 205 Xflte EAYZER (JEIEEERY top-1 HER %), fiiJT] AlexNett £
Peoras, WZIREGGIZ, * R AR AlexNet [ 254545

Method convl conv2 conv3d conv4 conv5
Places Supervised 22.1 351 402 433 446
ImageNet Supervised 2277 348 384 394 387
Random 157 203 19.8 19.1 17.5
Jigsaw(2016) 23.0 321 355 348 313
Colorization(2016) 16.0 257 29.6 303 29.7
SplitBrain(2017) 213 30.7 340 341 325
Rotation(2018) 21,5 310 355 346 337
DeepCluster®(2018) 186 308 370 37.5 33.1

Ours(InsIM+Word2Vec) 164 254 289 281 272
Ours(ImageCLEF+LDA) 19.8 287 314 30.1 295
Ours(Wikipedia+LDA) 21.6 324 356 340 327
BAT ZRORER
VEN A SRR ) Bk PRAl 22 ) BRI LS R 1A 2 SR R AT 55
L RITERE . FAT1E ] MultiModal-Wikipedia[54] £t4fa 82, 43 9 18 v &1 3OS (Image
Query) 5 SURA A f (Text Query) PIFMESS LA, 705l R HUE 7M1 SCARHRAIE |
FRAFE RIS G (B 7 8O0 580 A BeE i EE R (R R 52 )
LA K E/ MR 1T 557414 mAP(mean Average Precision) , £ 415% 5.6
No
e TR Y AR A 2 T AR P B 19 SO St die (B S 1) $R IR
Rk, PEditdar CERMZMZT, CNN) SRR GAE, (B B B2k
L, SRHA I E TR 2B R AR T - SRS R ZEBITRAEE IS
WA T AT I IZRAY ImageNet UM 201 0R 10 . AT LA H AT
B REAEESSR RS ERA —ERH ORI, HFHRRIERS A RE
()5 5 22 R AR N
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5.5 ARBYHANEYJHI%, /£ PASCAL VOC iRtk L TR ~J 925 R (570K
FbRt 38 L FItE55)

Classification Detection Segmentation

Method
(%mAP) (%mAP) (%mloU)

ImageNet Supervised 79.9 59.1 48.0
Random 533 43.4 19.8
Jigsaw(2016) 67.6 53.2 37.6
Colorization(2016) 65.9 46.9 35.6
SplitBrain(2017) 67.1 46.7 36.1
Rotation(2018) 73.0 54.4 39.1
DeepCluster®(2018) 74.7 55.4 45.1
Ours(ImageCLEF+LDA) 66.9 50.3 36.7
Ours(Wikipedia+LDA) 70.3 54.6 38.5

# 5.6 {t Multimodal-Wikipedia 25 tE BN FFEH IS IAHL K AR (%mAP), i * LR
WET, T RBIEE

Method Image Query Text Query Average
CCA[24](2010) 19.7 17.8 18.8
PLS[55](2006) 30.6 28.0 29.3
JESSL*[65](2016) 42.8 39.6 41.2
CCA-3V#[18](2014) 40.5 36.5 38.5
LCFS*[66](2013) 41.9 38.5 39.9
Ours(Ins1M+Word2 Vec) 32.2 30.6 314
Ours(ImageCLEF+LDA) 36.8 36.2 36.5

Ours(Wikipedia+LDA) 37.4 39.8 38.6

26



HE BB A AR Ell i8530

FEIRR SR, BARH T — T2 R a A B2 8%, A
BRI bR G RIS e N TARE AR . L ) o2 ) BBk o L
AR5 EGZ NS, FHSORIE UG BENIEEE S, 836 RUE M
2%k, £ AR ERRERREST o FATZ0 T AR R TR R 2 AR ASEY
Yate . HANRITE S BRIV EN SR Gt an SEBOCAHIE , FFA5 & T o4 > Gy
LUK R, BT I T AEAIH R S H S, R T Bl A AT RIAER
MZHICE S G . O 7Rk B B RIE S TR ER AR, )m B IE A
G, Bkl A RS BN sr iz B & TR 2
PN, RIHAREIR U HIERE 212 F0 i T55 0, SRRy 0 WERE 1 2L RET)
IR E o AR B BB 2 I SRR AR PR IR _ERERS BBy I 2
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