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A Study on Image Caption using Double Embedding Technique and
Bi-RNN

by Jun-Hee, Lee

Department of Electrical & Electronics Engineering
The Graduate School of Korea Maritime and Ocean University

Busan, Republic of Korea

Abstract

This thesis proposes a detailed image caption model that applies the
double embedding technique to improve sentence expressiveness and to
prevent vanishing of image feature vectors. It uses the bidirectional
recurrent neural network (Bi-RNN) to generate a sequence of sentences
and fit their contexts. In the double-embedding technique, embedding
[ is a word-embedding process used to vectorize dataset captions
through one-hot encoding to improve the expressiveness of the
captions. Embedding II prevents missed sentence components by fusing

image features and word vectors to prevent image features from
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vanishing during caption generation. The decoder area, composed of a
Bi-RNN that acquires vocabulary and image features in both directions,
learns the sequence of sentences that fits their contexts. Finally,
through the encoder and decoder, the detailed image caption is
generated by considering both sequence and sentence expressiveness by
fusing the acquired image features, sentence presentation features, and
sentence sequence features into a multimodal layer as a vector space.
The proposed model was learned and evaluated using image caption
datasets (e.g., Flickr 8K, Flickr 30K, and MSCOCO). The proven
BLEU and METEOR scores demonstrate the superiority of the model.
The proposed model achieved a BLEU score maximum of 20.2 points
and a METEOR score maximum of 3.65 points, which is higher than

the scores of other three caption models.
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2.2 Recurrent Neural Network
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Fig. 2.3 The structure of Recurrent Neural Network

&S QWA ANNE HE Qs Edo| 22 SgHolntn 14

71l &= AgstA] &tk 19 2.3 Recurrent Neural Network(RNN)[29]
(bdskAl YERIEE RNNS A 9] &3 §t& Hidden lo]ofe] A=
2 Q2 dolm Agas] dEd HAs dolHg Agse wred
A= A S AR FAgt olg g WS ANNS| Fxet &

ol oz AAE dHolHet Zo] waHor HARE daxt sk HoH

il
o
B
o
ot
12
rlr
=
m
o
u
ot
)
re
2
SE
o
oX,
r O
1
=)
S
rlo

& oFoll A

Collection @ kmou



7]1E-2 0] RNN CNN#} vpa7bx 2 wtelul g o289 GradientE 2H&
lol # A< ule}v|Ee|E 2= Stochastic Gradient Descent(SGD)E ©]-8-3} 7]

Ol
N

ol wl ~=lvlt} GradientE 4F&E35Fe] g5S a3t} Gradient AlAF

& u 29 Chain ruleS AFg3t7] wWjio] £33 27

£

od

}o]  Activation

i
1>

[e}
function?] Hyperbolic Tangent®} Sigmoid= 4% €22 4= Gradient
7} 09 ¥ 3} Gradient vanishing &-7o] A3}

of
d oAz AawA %a 1 AAzx dolEHd gt ERAA Sk

_

of ole YA EAL AR oleld st EAE A7) 98 ONN

o] &= Relutl= A & Activation functionS % -&3to] A =3t5o] 71538

)

A RE RNNel A= ReluEs A&3sto]® 1 Al doleel g 7% <l
7190 Aol WA st ZEAQ A Aol ofyfus diel v oY
st g4dS sAsty] 918} FHtodl= Long Short-Term Memory(LSTM)}

Gated Recurrent Unit(GRU)#Z 2 ¥18 ¥ RNNo| o] ALgH )

Collection @ kmou



2.3 Long Short-Term Memory
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2.4 Gated Recurrent Unit
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Fig. 2.5 The structure of Gated Recurrent Unit Cell
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2.5 Bidirectional Recurrent Neural Network

Bidirectional Recurrent Neural Network(Bi-RNN)[32]-> 574 A& A<
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Fig. 2.6 The structure of Bidirectional Recurrent Neural Network
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2.6 Bi-Lingual Evaluation Understudy

Bi-Lingual Evaluation Understudy(BLEU)[20]:= AF1o] =] g] #-ofol| A 7]
A MYe AEow Fristy] fla) Abgsts ARA A B7HAEEA

ol MMM % wo] ALEE L glth olu|x] FAAMo|A BLEU 7} W

He dolgAEs] Foj2l AH BFE /F0R oA A4 walo] 4
Hehe 43 muE B A5E HEI og 4 21D 4 @12

1 if e>vr
BP:{ (1_%) u B (2.11)
. <
1 N
BLEU= BPxexp|—= Y, logP, (2.12)
Ni=,

2l (2.11)2] BPi= Brevity Penalty24 w739 Hol7l #& H$ =&
s whe Ago g AdEHE F7] 98 AREEHE, o7]edA re] A

o= HelHAEANA Foix el Aol c= RdoA Adet= A

f

o] deol& omdtt. 4 (2.12)= HF 4 BLEU H5 b A2
= Bl AFSE = Gramd] 75 YERUE Py F7bel ASE Gram
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SYSTEM A :|Mary|noslap the witch green

1-Gram 4-Gram
Reference : Mary did not slap the green witch.

SYSTEM B :[Mary did not|give a slap the|green witch

3-Gram 2-Gram

¥ 27 BLEU H oA =%
Fig. 2.7 The example sentence of BLEU score

a9 279 BLEU A5 Al&Eel7] Aot 1kest oA 48 B

.

BLEU HA+E 2H=3st7] 9l 1-Gram ~ 4-GramS AF&35FY  1-Gram<

FN

Folxl g4 Asgeld AASE BES 19 golE o g vz
Aot 4Grame AEH 4718 WOl E Agslel B 7o) fAEE

=

Hlaghoh ¥ 218 ¥ 279 dA] 284S 53 2 Gramol A9 A=

¥ 21 19 279 BLEU # A3}

Table 2.1 The results of Fig. 2.7 BLEU score

SYSTEM A SYSTEM B
1-Gram Precision 5/6 7/9
2-Gram Precision 1/5 5/8
3-Gram Precision 0/4 3/7
4-Gram Precision 0/3 1/6
Brevity Penalty 6/7 10/7
BLEU-4 0 0.46
- 18 -
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2.7 Metric for Evaluation of Translation with Explicit ORdering

Metric for Evaluation of Translation with Explicit ORdering(METEOR)[21]
1A WM9S Wrbehe 7IE] shuEM BLEUONA 2ddE £AHS

rr

473tk METEOR: BLEU®} vizlb7Fx| 2 Algho] A E4v wd
of A% T g T H4E ASSAW BLEUT A¥ A FF
o HuE T HAFE ESE 9W METEOR: &8 e AIWE

=
=
e A= v 4 METEOR A5 Ab& W

m
P=— .
" (2.13)
m
R= (2.14)
10PR
mean R+OP (215)
c 3
p= 0.5(—) (2.16)
METEOR=F.,. (1—p) (2.17)
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& wu,> "B # Unigram® & vt A 217)2 HFA<

o
)
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METEOR #5% ¢ju|gtt). th 17 282 METEOR 5 Ab&
e dA B4e mda
Reference : Mary did not slap the green witch.
SYSTEM B : Mary did not give a slap the green witch.
Matching Ref : Mary did not slap the green witch.
Matching SYS : Mary did not slap the green witch.

1% 2.8 METEOR A oA &%

Fig. 2.8 The example sentence of METEOR score
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Table 2.2 The results of Fig. 2.8 METEOR score

Parameter Value
P 7/9
R 7/7
Eoen 0.972
c 2
Uy 7
P 0.012
METEOR 0.96

SYSTEM B9 79 BLEUA] Atghate] 74 FAE7E =2 A

59l
BLEU-4 A= 0460 UgAvF METEOR A2 Alg3dte] H71e A9
0.960] U= Ag g2 & 4 vt wEbA METEOR H47F &%

=

Abglo] &4 8k Reference =43 A= AL k¢l & 5 9t}
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Embedding I

W(“cat”) = (0.2, -04, 0.7, ...)

W(“mat”) = (0.0, 0.6, 0.1, ...)

Caption
Generation

CNN
(Inception V3)

Input Image

a9 3.1 Aeksk ojux] AM wd s

Fig. 3.1 The concept of proposed image caption model
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: 256 Recurrent
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ST ! 1 3
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Fig. 3.2 The structure of proposed image caption model
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3.2 Multimodal @ o] & o] &3 A AAH A
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Fig. 3.3 The structure of Multimodal layer
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Table 4.1 The categorizing of the benchmark datasets
Dataset Training set Validation set Test set
Flickr 8K 6,000 1,000 1,000
Flickr 30K 28,000 1,000 1,000
MSCOCO 82,783 40,504 40,775
Flickrk 8K+= 2 olmA|o] 570¢] A &&o] FHo= AleHH
85:5:10 M2 3%, AF, HAES HolHAES ERET £¥ %
HolH M EeA Az #Fo= o] dHdy AAS AXH AA HA

ol Al 53]
A2 o] A

ko 2 A8 = Wo]= Unkown H|O|HZE #5735}

Y
s

A dolE Abgsts A wiAlstEs dE T Flickr 30K
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+ Flickr 8K &gy o2 Fx+ Flickr 8Kt s dstth. 3 MSCOCO

o Agel= 2 elm Ao s7je] &ge] FojAu

Flickr 8K} 5L 3HA =] 2] gkt

diole dAe A4

E 42 ofFU B vl §39

Table 4.2 The number of different word types in the vocabulary
Dataset Number of different word type
Flickr 8K 2,939
Flickr 30K 7,415
MSCOCO 8,792
E o428 AAY A4S 59 7 Gl MENA AR o3 g2
wol 49 2

vebWA T Flickr 8K9] 2 9o & 2,53971¢] ©ol = Flickr
30K 7,41570, MSCOCO: 8,79270¢] w@olE 7hA] a1 )
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Fig. 4.1 Decrease of image vector size due to caption generation
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Proposed model
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(@)
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50
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19 42 dolEAES Y BLEU A A7) .
(a) Flickr 8K, (b) Flickr 30K, (c) MSCOCO

Fig. 4.2 The results of BLEU score by models on the dataset :
(a) Flickr 8K, (b) Flickr 30K, (¢) MSCOCO
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Fig. 4.2 The vresults of BLEU score by models on the

dataset(cont.) : (a) Flickr 8K, (b) Flickr 30K, (c) MSCOCO
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# 43 dolEAES] ®Ed BLEU d5 23}

Table 4.3 The results of BLEU score by models on the dataset

BLEU
Dataset Model Bl ‘ B2 ‘ B3 ‘ B4
Google NIC[11] 63.0 41.0 27.0 176
Flickr SK Hard Attention[12] | 67.0 45.7 314 21.3
¢ m-RNNI[13] 58.0 28.0 23.0 14.2
Proposed model 69.4 48.2 30.7 23.8
Google NIC[11] 66.3 42.3 27.7 18.3
. Hard Attention[12] | 66.9 439 29.6 199
Flickr 30K m-RNN[13] 600 410 280 190
Proposed model 68.4 45.5 31.3 21.4
Google NIC[11] 66.6 46.1 329 24.6
Hard Attention[12] | 71.8 50.4 35.7 25.0
M5COCO m-RNNI[13] 67.0 49.0 35.0 25.0
Proposed model 73.5 48.4 36.4 26.2
¥ 432 7 9 BLEU H5 d¥s A #elsty] & A

2 2% #7)89t}. Flickr 8K 7§ BLEU-39A] Hard Attention

vl Aa7F WAINE BLEUA4ON A & Rl ool Hla] =2 45 7HA
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o MHpHR o7 ol 7bsal. w3 Flickr 30K

Ae- AAH o2 Aetst= Rdo] AFo] 31 MSCOCO2 75l

Flickr 8K} ¥]<=3}A] BLEU-29]4] Hard Attention 2 2ol wv]a] A7} &

A "E 4-Grams o] &% W 7F WA Q1 BLEU-4oIA A7 A4 U o2y

AR Fael mAPe] Algrel HAN fAlel BEHE AL
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Fig. 4.3 The results of METEOR score by models on the dataset
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44 dolElAES & METEOR 4 A%

Table 4.4 The results of METEOR score by models on the dataset

Dataset Model METEOR

Google NIC[11] 14.20

) Hard Attention[12] 20.30
Flickr 8K m-RNN[13] B

Proposed model 21.70

Google NIC[11] 16.40

) Hard Attention[12] 18.46
Flickr 30K m-RNN[13] -

Proposed model 20.05

Google NIC[11] 23.70

Hard Attention[12] 23.04

MSCOCO m-RNN[13] 22.10

Proposed model 24.74

7} 22’y METEOR #4 23& ety BLEU
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(a) (b)

(©) (d)

Reference : A boy in blue jumps his skateboard off some steps while his friends watch.
Google NIC : aman riding a skateboard over a hurdle.

(2) Hard attention : a man riding a skateboard down a snow covered slope.
m-RNN : a man is sitting on a skateboard and people are sitting.

Proposed model : a man in blue is riding a skateboard and people are sitting on bench.

Y 44 2RO o3 AR A AF

Fig. 4.4 The samples of captions generated by models
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Reference : A blond woman in a blue shirt appears to wait for aride.

Google NIC : a young boy wearing a red shirt is playing with a basket ball.
(b) Hard attention : a person holding a cell phone in their hand.

m-RNN : a woman is standing outside holding a cell phone.

Proposed model : a woman in a blue shirt 1s holding a cell phone and is m the driveway.

Reference : A group of people ride bikes while holding onto large trash bags.
Google NIC : a man wearing a helmet rides a bike.

(c) Hard attention : a group of people riding bikes down a street.
m-RNN : a group of people ride bikes on the road.

Proposed model : a group of people riding bike have trash bags on the road.

Reference : Four young kids have apicture taken of them while in midair.
Google NIC : a group of people are playing soccer.

(d) Hard attention : a couple of young men playing a game of frisbee.
m-RNN : a group of people around playing outside.

Proposed model :-a group of four children jumping in midair.

Y 4.4 ol ofs) Y= AT AE(AS)

Fig. 4.4 The samples of captions generated by models(Cont.)
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