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ABSTRACT

Recently, various types of large dataset give the great help for the deveopment of AI technology as the same
way as ImageNet does for the computer vision area. Unfortunately, however, there is no such large dataset for
cross-modal retrieval between the text of Korean language and color images. This paper proposes the method
how to easily collect and arrange to construct such dataset for cross-modal retrieval from Instagram, a kind of
SNS(Social Network Service). Then we construct the dataset according to the methos, and the applicability has
been proven by performing the cross-modal retrieval experiments. In the experiment, several methods for
cross-modal retrievals are adopted including attention-based deep learning approach to compare the performances.
The dataset in the study can be used to various multi-modal machine learning which requires the analysis of
short Korean sentences, and the attention-based deep learning model which provides the best performance can be
applied to automatically generate a Korean sentence from a color image, or a color image from a Korean

sentence in SNS.
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MCSM 0.579 0.551 0.565
CMPL 0.517 0.495 0.488
CMDN 0.524 0.506 0.515
Deep-SM 0.539 0.519 0.529
DCCA 0.549 0.489 0.519
KCCA 0.461 0.457 0.459
CFA 0.453 0.449 0.451
CCA 0.183 0.188 0.186
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Table 3. Recall @ K results for the algorithm
Recall@1 Recall @5 Recall @10
Method
I2T | T2I | Avg | I2T | T21 | Avg | 12T | T2I | Avg
MCSM 0.581 | 0.515 | 0.548 | 0.796 | 0.627 | 0.712 | 0.897 | 0.779 | 0.838
CMPL 0.558 | 0477|0518 | 0.734 | 0.609 | 0.672 | 0.876 | 0.766 | 0.821
CMDN 0.563 | 0492|0528 | 0.757 | 0.616 | 0.687 | 0.852 | 0.755 | 0.804
Deep-SM | 0577 |0.501 | 0.539 | 0.764 | 0.620 | 0.692 | 0.863 | 0.761 | 0.812
DCCA 0.570 |0.499 | 0.5350.761 | 0.618 | 0.690 | 0.861 | 0.757 | 0.809
KCCA 0.501 |0.452 0477 |0.711 | 0.581 | 0.646 | 0.801 | 0.718 | 0.760
CFA 0495 [0.397 | 0.446 | 0.681 | 0.541 | 0.611 | 0.756 | 0.683 | 0.720
CCA 0.365 |0.247 | 0.306 | 0.622 | 0.534 | 0.578 | 0.733 | 0.668 | 0.701
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Fig. 5. Result of cross-modal retrieval of MCSM
algorithm

4.3.2 el FAMTIof w2 Zf

el AuAels & 5 e
KoNLPy(Korean NLP)*el|4] AlFal= sefjs &
7] ERolle mmnl, Il EQE7} EAlsh 4
= EQJE], Iwzh mmnl £o7 w2} ¥ 404E

3712 eljA £497]el] whE Precision®]| ¥, 3 5%

-
)
)

1 2 r&

Recall@KE 73t Aol 374 #4719
Precision, Recall@K =5 v]5=gt A7-&E 71xlc) o}

ehd kb whE E9H BA7L Badele

oF 4 glrk

I 4. & 47]e w2 Precision A3}
Table 4. Precision Results by Morpheme Analyzer

Precision
Analyzer
2T T21 Avg
hActs 0.581 0.550 0.566
Izt 0.577 0.547 0.562
E2E] 0.579 0.551 0.565
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o

5. 3eja #47]] wE Recall@K A3}
able 5 Recall@K Results by Morpheme Analyzer

Recall@1 Recall@5 Recall@10

Analyzer

I2T | T2I | Avg | I2T | T2 | Avg | I2T | T2I | Avg

mzzel | 0.580 | 0.513 | 0.547 | 0.798 | 0.626 | 0.712 | 0.898 | 0.781 | 0.840

== 0579 | 0514 | 0.547 | 0.794 | 0.628 | 0.711 | 0.874 | 0.780 | 0.827

=218 | 0581 | 0515 | 0.548 | 0.79 | 0.627 | 0.712 | 0.897 | 0.779 | 0.838

4.3.3 Word2Vec®e| xiof| mz Z1nt

Word2Vect= 22} 100, 300, 50074H1-3- A3}
Skip-gramm% shailon, S Aake] S-S flE
5-F= WAPZZ(5-fold cross validation)S AHE-3131
v} w3l 702 Word2Vec s ARSSHA] ot @
Ho g F 7o dholE My dle] AgS =13 3}
9k & 6= Word2Vecell W& Precisionte] Aels}h
vk 4714 A8 5 12T (image to text) 4= 3002}
A wf B Fe A3t vskon) T2 (text to
image) ¢} kel A= 50021 wf 71} 2 A3
7} vk

gk ¥ 794+ Recall@52] T219} Recall@102]
T219] AFE AQgt nE FHox 50021 X}
300349 Fhel T2 AR Jehgth T 7E
Precision¥} Recall @K ]38 v 3003k1o] 713+
2 A9E vellon, 500x%10] o] £ A=
velWS o 2 b7t v skl alA] AlibeEE

2k o, 3002k10] o1& EEAHYe & 5 9l

H 6. Word2Vecol| u}2 Precision
Table 6. Precision according to Word2Vec

Precision
dimension
2T T21 Avg
d-100 0.552 0.537 0.545
d-300 0.579 0.551 0.565
d-500 0.575 0.562 0.569
Random 0.498 0.513 0.506

F 7. Word2Vecell w2 Recall @K
Table 7. Recall@K according to Word2Vec

dimensi Recall@1 Recall@5 Recall@10
on I2T | T2I | Avg | I2T | T2I | Avg | I2T | T2I | Avg

d-100 | 0.564 | 0.493 | 0.529 | 0.751 | 0.610 | 0.681 | 0.855 | 0.731 | 0.793

d-300 | 0.581 | 0.515 | 0.548 | 0.796 | 0.627 | 0.712 | 0.897 | 0.779 | 0.838

d-500 | 0.579 | 0.513 | 0.546 | 0.781 | 0.633 | 0.707 | 0.873 | 0.781 | 0.827

Random | 0497 | 0453 | 0475 | 0.692 | 0.557 | 0.625 | 0.756 | 0.684 | 0.72
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Fig. 6. Visualization of Word2Vec using t-SNE
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