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Improving Image Similarity Measures
through Latent Space Learning
between Images and Long Texts

YosHITAKA UsHIKU,Tt TaTsuya HARADATLT2
and YASuo KuniyosHif!

To manage increasing multimedia data, methods for similar image retrieval
are widely studied. The similarity measure of images is essential for the search.
In this paper, we propose a method to improve the similarity by considering
texts around images. Proposed method can improve image similarity measures
based on the latent semantics obtained from the pairs of images and texts. It
is notable that those texts need not be some clear tags and that long texts
are applicable. Moreover, our method can improve the similarities effectively
even if little portion of images has texts. Moreover, proposed method is scalabe
because its computational complexity is linear on the data amount. In the ex-
periments, we compare our method with previous methods using some datasets
in which a portion of the images are annotated by texts. We show that our
method can retrieve semantically similar images more precisely than existing
methods.
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One jet lands at an airport while another takes off next to it.
Two airplanes parked in an airport.

-4y Two jets taxi past each other. S
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0 1 PASCAL Sentence JO0O0000O0OO0OO
Fig.1 An example of an image and captions of PASCAL Sentence dataset.

01 000O0ooooooo
Table 1 Comparison of MAP scores about similar image retrieval.

ooooo HLAC gist LBP SIFT 4+ LLC
PCA + L200 0.1109  0.0804  0.0829 0.0932
CCD 0.1356  0.1234  0.1224 0.1257

5.2 O0O0O0OO0OO0OOOOO

gooooooooooo 200000000000000D0AO0

PCA + 1200 0000O0O0OOO0OOOOOOOPCAOOCODOOOOOOOOOOODO
goboooooobooooobooooooooboon

CCDh 00000000oooooOOOOOO0O0OO0O0O0000OOoOoOoOopoboooOooo
goboooooobooooboooooboooooboo
0oo0o00bo0o00oo0O0ooOo0ooOoooooOo0ooocCcCcb0oooooooooon
0000oo000oo00ooo0ooocCccbooooooooo po0booooonno
00000000000000000pCCAOOODOODOOD 4000000000000
Oo00ooOopO0O0dOODoO100o0200009000pCCADDOOODOOOODOODOO
goboooboobooobooobb 20000 2001000000000000000A0
goboodoooooboboo 2o00b000bOb0obbo0oobboOobooa
o00ooo0oooo0oo0oo0oooOo0o0oooooUoo ccbooooooo
gbobooobooobr100o0bo0oooooooooooooboooboooooboooDo
ooo0oo ccboooooooooooooooooooooooooono

6. O0OOOOOoOooOOoOOoDbOoo

sOob000oo0ooooboooOoooooooOooooboobooOoboOooOoOooOoOooooDoboOn
OoOooooooOoOo0O0 WebOOOOOOOOOODODOOOOOODODOOOOOODO
gboooboooooboooooboooooboooooobooobooboooboOoooconDo

00o0oooooog Vol 52 No. 12 3496-3503 (Dec. 2011)

Election Baseball
Basketball Terrorism
Wedding

0 2 New York Times 000000O000ODO
Fig.2 Image examples of New York Times dataset.

go0odo0oooooooooooooooOoooooobooDoobDbooboooon
o0obooOoobooooo

6.1 New York Times OO DO OODO

Jdo0odboobooboob0oooobOobDbOoooOoboDobOoooOobOooboDboOon
000000000000 0000000000000dNew York Times APIOOO0O
00000000 electiond baseballll basketballl terrorismd weddings 0 5 00 00O 0O
oooooooooOoOoO0OO0O0 16,1520000000000000C0 200000000
00o0o0o0oodooooopooooogg goooopoooooood

6.2 DO00O0OOOOOOODOOO

gogbooooobooboobooboobobbboobooboobooboooo
OPCA+ L2000 CCDOOOOOOO CCA+L200000000O0CCAOOODOO
gobooooboobo 20b00b0oboobobobo0obDo0bOooboo AT(wt—:E)D
BT(y,—4) 00000000 (7DCCA+L2000000000000000000
gooboooobooboboboobobboooboboooo

0000000o0o0o0o0000000000000UoUO %% UUUoDUooooooooo
goodoobobooobobooboooboobo0oooboobOooboobooboooo
gooboooobooobobooobobooobobooobboooboboooboboo
CCAUODODOOU0DOOOUOODOOOUDOOOOO 1000000 OO0ODODODOUODDODOOOOOO
00000 p0000oOdbDol100o90O0Oo01ID0000OO0ODOODOODODn

(© 2011 Information Processing Society of Japan



3501 O000O0O0O0O0O0OOO0OO0O0O00O0OO0OOOO0O00000

02 000000O0O0OO0O0OO0OOOooOg
Table 2 MAP scores of similar image retrieval for each text amount.
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Fig.3 Comparison using arbitrary combinations of image features. Scores are MAP on image fea-
ture space with PCA, on image canonical space with CCA, and on latent space with proposed

CCD, respectively.
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Table 3 Comparison between proposed method, ISOLLE and pLSA.

method all election  baseball  basketball terrorism  wedding
PCA +L200 0.074 0.083 0.075 0.073 0.038 0.100
ISOLLE 0.145 0.104 0.099 0.075 0.043 0.406
pLSA 0.245 0.124 0.172 0.121 0.211 0.378
CCD 0.542 0.369 0.708 0.579 0.360 0.692

04 O0000O0O0OO0OO0ODOOOOOOODOOOODODOOOODOOOO 2000O0000000D0OD00O0OO
0000 2000
Fig.4 Overview of improved feature distribution. Left: Main 2D space of the original image
feature. Right: Main 2D space of the latent space.
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