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Embedding and retrieval of images and text data using probability distribution
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Multimodal data including images, sounds, texts is accumulated on the Internet. We can expect general-purpose
data representation to perform tasks such as data discrimination, generation, and retrieval on various modalities
datasets. The key idea for acquiring the representation is embedding a point from a data space of each modality in
a point of common space. However, if data is embedded in a point, it becomes difficult to interpret the ambiguity
of the data’s meaning and the inclusive relation among the data. Of course, representation of data point does not
necessarily need to be a point. In this study, we embed image and text into a normal distribution in a common
space. This improves the performance of image retrieval.
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2. FEER

2.1 VSE (Visual Semantic Embeddings)
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HIZHDIAL 72012, VSE Tl rank-loss & IFXN 2 AT DR
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2.2 VSE++

VSE++ (Improved Visual Semantic Embeddings)
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VSE TIEHBHELZWT =X HETIZBWTOMEZ & > T\
TS, KT — X RUIB T BEEOTTERRDIEL 25T —
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RO NDEDIAADVAIREL R L UREMA 5.
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AL TR, RANHES, TFANF— R 2L EBERDA
IEMT S, O, SHEEMRICT 57201, ERAHOX
RTEAZMNE M 2 ARE U, T 5N Rk D AR D Z
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1: The whole model of the proposed method.
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fﬁ%@i



3L2-05

The 32nd Annual Conference of the Japanese Society for Artificial Intelligence, 2018

7% 1: Effect of feature and fine-tuning.

Caption Retrieval

Image Retrieval

Model R@1 R@5 RQI0 Medr Meanr R@1 R@5 RQI0 Medr Meanr
VSE++(VGG) 52.0 82.0 899 1.0 5.3 39.6 745 857 2.0 9.6
Ours(VGG) 52.6 82.3 90.5 1.0 5.2 40.5 75.0 86.2 2.0 8.5
VSE++(ResNet) 59.2  86.1 93.2 1.0 4.0 43.8 78.0  88.2 2.0 7.6
Ours(ResNet) 59.4 86.7 93.8 1.0 3.8 44.9 78.9 88.9 2.0 6.7
VSE++(VGG, finetune) 57.6  86.0  93.0 1.0 4.1 452 79.1  88.9 2.0 8.3
Ours(VGG, finetune) 58.4 86.5 93.6 1.0 4.1 45.4 79.3 88.9 2.0 7.5
VSE++(ResNet, finetune) 64.3  89.5 95.9 1.0 3.1 50.0 83.3 914 1.6 6.0
Ours(ResNet, finetune) 64.3 90  96.3 1.0 3.1 50.5 83.3 91.4 1.4 5.4

4. FBRRUHER

H¥F—X+ v k& LT, Image Caption Retrieval T—f%
WZHWS 5, Microsoft COCO 7— Xt w b [Lin 14](BAF
MS COCO) ZHH L, BT A b RO OMEE % S
3 5. MS COCO &, WiAWAl, ¥ 7 AV F—ay, v 7
v a =y I DdORKBUERESE TXA DT Xy b T
»%. Image Caption Retrieval Tl&, ¥¥ 7> a = 7H®D
F—REHAVWS. Xy T am v ITHOT— &%, 1 O
WX LUTC, ZOBAZTITIAD (Fr T av)hs o5
ZAH6NTWS, T—ROHENE, VSE++DiwxX & ARk,
T — &2 113,287 M, MGEET — X 12 5000 B, #Eili T — & 12
5000 O ZFAL TV, BT — Xk, CNN ~AD AN
WEIC IR ERD 5 T 2 B LI 224 x 224 DREZITYIHHL
TW5.

85 A —ZOEEALT VT Y X LIZIE, Adam [Kingma 14]
EHWTWS, NAR=RF A =XF, —BBEEHDOZRY 78
% 30, FERIIFMD 15 TRy 7% 2.0x 1074 EbD 15 T
Ry Z7%220x10° ICHELTWS., “BEHOYEHIZTRY
% 30, FERRFBHO 15 TRV 7% 20 x107°, FHEH O
15 TRy 2% 2.0 x 1070 IZFZE LT W5, PR —ERH
IZRHUT 01 FEINTWS DL, BifRD Y DEE 217745 > T
W28, — B H THEE X N PO RARE I H LT,
WDRARANEDPS Z L 2z TH 5.

¥ 72, KWL Tlx CNN O fine-tuning & feRXFiEZMAE
b FEBRETH->TWS. CNN D fine-tuning 1%, — B H
DT L7212 ONN DT A — X DEEZEIZTL, THRy 2
B 15, FEK 2.0 x 107 ITHELTWVWS. DK, CNN O
NS RXA—=REEFELT, Gk U BEEHOZEE & REORE
THWMEFEIETVE. 2o DFEEOD rank-loss DY —
ViF, fine-tuning 2 {7HRWEEIZ 0.2 2, 1755613 0.15 %
AL TV 5. MERAEROFMIBRIZ 1Z—/#IZ Image Caption
Retrieval THW 515 RQk, Med r, Mean r ZfHWTW 5.
FEA T — £ 5000 BUiE 1000 B3 DK U THEEZ TV, 5 DD
FEAME DY % FEMiAE R & LT 5.

HERTIE, 4 DDOEMEREITBWTHAETETH S VSE++
CIRETETH D IEHOMGANOHDIAAZ LIKT 5. 4 DD5%
21X, CNN IZ VGG % ResNet 2 W26 %, ThTh
fine-tuning » D DHFEH LR L DHED 4 32 — TR LT
W5, ZhoDHEIX, VGG X ResNet DH & Wo 72705
FrER 2 W72 B8 IC b R FENEHTE 5 Z &, fine-tuning

LHIABGDOED ZEDVHRETH D I L E2RTDIZIT> T
5. fERER 1ITRT.

#£1DEMS, VGG, ResNet, VGG + fine-tuning, ResNet
+ fine-tuning OHEIZE T BAFFE (F) L REFE (F)
DI TH 5. RQ1,RQ@5RQ@10,Med r, Mean r 2T DFEFEIZ
BV, REFIEORE D ELTWD. F7-HEGME#E (Image
Retrieval) & 7 F X MR (Caption Retrieval) % i d 5 & |
A 0D G | AR ER D mean r HBHE TH 5. FHZ, VGG,
ResNet, VGG + fine-tuning, ResNet + fine-tuning D5
T Caption Retrieval ® Mean r (&*F#3 0.075 OWETH 5 D
12X} LT, Image Retrieval @ Mean r (&7 0.85 1Z /N & <
o TWb. UEDZ o, SRETFIENEBGMEMD Mean
riZH LT, RESHEEZRIZLTWEZ W00 5.

=
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#1 &0, VGG, ResNet OO H 125 5 % W72
BIBVTEH, BEOH ERRSNTWE Z Lh s, REFIE
NHEFHEIC LS THEAETH I EZOND. ZOHE
WS, HEDDFER A2 5 CNN ETIVOWREDHEA T
B, TOETIVICIREFEZEATHE, MBHKEOX S
L EDHAFTCE S,

Iz, Mean r DFEEAA LU ZBHIZ O WTELR A7 . M
2 1%, BHMERIZBWT Mean r 2 KE L HEI T HIDO—D
TH5. M2 FTOERIZBITS Rank 1Z, 7TV - x5 TFA
MIHUTIEf#E 722 EO®EGD W INEN Z R L TW5D. L
54FBHDTFAMD Rank 275 &, VSE++13 665 i e
HB L TR D KEWEZI>TWS. TFA MDORNAICEH
T2L, ZOTFANDA “bus” WS HENEENT VA
W, ZHE, VSE4++28 LSTM O IZHWT, TF A MHNOD
“bus” £\ BEEDEFED AT, Bk L 75 A N ZEUEDE
WEHAIOIAATLUE>TWEEEZ NS, LA L, DM
DIDIAAZFT I RETED Rank 13282 TH 0, k= k%
LTW3. ZHIEX2 EONZOHEGDOSERE KEL L B0
“bug” LWIHHEDEENTWVWARY, LS5 4FHDOTFF A b
DR ERES LD LI, BEFENFH LN ELEHER
5ENE. ZOIZ DS, BEFIEEET — X DR DFEROIELE
IEEIATVWBREEZOND.
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Rank
Caption VSE++  Ours
Passenger bus stationary in traffic on city street. 3 2
A modern city commuter bus in traffic during the day 2 1
A bus parked on the side of the road while in traffic 5 6
a modern train is parked against the sidewalk curb 665 282
A bus stops at a curb in a busy city street. 6 3

2: An example of greatly improving Mean r.

% 1 O fine-tuning » Y L O ZE B2 & FHlifE O EAS
INEVWHEDER OGNS, T, fine-tuning §5Z £ITX-T,
ETNVOERBANPRKEL Z->TWEIDHFRTELEHEAON
5. ImageNet TOHFIFE I HW 2 EHROKBUL 120 JIHUF
ERDIZR LT, MS COCO DT — X Hux 11 ARIEFE L
MWD T, fine-tuning (2 & > T, FHOFETEFEEZELZ
LTWAHREMERDH S, TDD, TDEDDHBDFEIZL S
WEOWH EVRHR#IZ R s7meFEZ N5, UL, HEMRED
mean r IZB LU TIEHAKESWHEL TVWED, EFIEIZLS
WED, HADHBIZE 2D IEHEZIZ .

e o
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ARG TIE VSE++DHEDIAAD H 1% RS AHF DO &
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WTCERTDEWVWIELEEZMAT, HET—RETFANTF—
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15717, e LR FEETH I EVAREE 2D, Mk
R EX Nz, ZOMRL S, BETEI B EM T8 E
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LIERNN R EEHT B Vo LEDWARETH 5. AFFETIE
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PIZHDIAL Z e HEZ6NDE. /2, NHENDOHDIAA%E
fFoTWB IS, H-BREAMLOBEAELEZEZ 5N5. file
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TR, v X aray TENHED DALY D HE DR
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DAANDHDIAAD 7DD EAMEIZ X T, €T NDOPALEE

N NP i F R g g
ARWIFEIE R (16K12487) DX 4E , 4 SCOPE(Zff
#F5 172107101) DZEFEE %2 Tirbh
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