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MR. Witchaphon TIEANCHO : Development of Thai Image Captioning Method
Using Deep Learning Thesis advisor : SOPON PHUMEECHANYA, Ph.D.

This thesis designed and developed a deep learning model to create Thai
image captions using Convolutional Neural Network (CNN) such as VGG16 and others
to extract image features and use Bidirectional LSTM is used to create captions,
where CNN is the encoding process and Bidirectional LSTM is the decoding process.
Bidirectional LSTM is another type of LSTM that allows the model to learn in two
directions. The forward and reverse directions allow the model to learn and
distinguish similar words and improve the model's memory capacity. And the dataset
used for training and testing includes: The first database is Flickr8k, which is a public
database that contains 8091 images and 5 English subtitles, which will be translated
into Thai using Google Translate first. Most of this database. It will be pictures and
descriptions related to daily life.-and the second database is A custom-made traffic
dataset containing 429 images and 5 Thai language captions. This database contains
images and captions related to road traffic such as A girl was walking across the road.
A red light warns all cars and motorcycles to stop. The reason for creating this data
set is because this thesis hopes that in the future this research will be able to create
a warning system for drivers on the road or even people traveling on the road, not
just drivers. The only notification- systemis an audio notification when the model
receives image input, but this thesis does not go into that system. Therefore, the
experiment of this thesis will combine the two datasets because we want to not
only see traffic-related results but also to see general image description results.
Moreover, combining the datasets also enhances learning for the model as well And
finally, the subtitles generated by the model were evaluated against the reference

subtitles using the BLEU metric.
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wilanignuuuuinIndulima Computer Vision Ndfigalugaliagiuga VGG16 fe
@ a YA = afvo o o [ %
JulumamsBeuidnilddmivnunmsduunsmidunaniagaaUnenssunely
UsznauluMmewadyuseaiieuianus 16 3u tngluksasduazyinaunisussaiana
amdayadunsiuureadureylUiazyiinsiinyssavsa nanuwiudglundazgu
TUseda VGG16 el Convolutional Uy 3"x" 3 wagyiinis Stride awfivazl

wagld maxpool 1Uu 2'x" 2 uazvir Stride difivaz 2 Lazazgniousiasietu Fully

Connected 2 9 uastutednagavinasdu Softmax



224 x224x3 224 x224x64

112 x 128

1x1x4096 1x1x1000

@ convolution+ ReLLU

@ max pooling
fully connected+ReLU
() softmax

Uil 2-4 anilmenssalanna VGG16

‘17%11'1
https://www.researchgate.net/publication/328966158/figure/fig2/AS:69327876
4720129@1542301946576/An-overview-of-the-VGG-16-model-architecture-this-

model-uses-simple-convolutional-blocks.png

VGG-16
|
™ N | N ™ NM ™ NM N M -
- .::.@&AE\M&S’&HE‘J»ME’HS! a
ol > >0 |2(20 2220|2220 (22|20 [GI&|E B
£ ge8 |g28 8826 EEES |EEES 2883
QlO| | [Olo]T| [O]o|o 0|00 0|00 o
|

g‘dﬁ 2-5 015911 Convolutional w89 VGG16

o
NI

https://miro.medium.com/v2/resize:fit:828/format:webp/0*6VP81rFoLWp10FcG



2.1.2 Resnet50

=

Resnet50[3] A Convolutional Neural Network tuu 50 ‘Bzu AD
Usznousaedu Convolutional 48 $u ua 44 Maxpool 1 $u 52udeu
average pool 0 1 %u sy 50 Gﬁy’u 1n8) Resdual Neural Network g
TassreuszamifienifsuuuuiaieteidunisGosdouudenlag Resnet50

2xU5eNaUMENISYIN Convolutional 7"x" 7 kagyii Stride awfivay 2 $2ud4

v
[y

$in131 max pooling Stride alfivag 2 Saufetudusdn AU NAL]

50 Fu

34-layer residual

image

Y

7x7 conv, 64, /2

pool, /2

3x3 conv, 128 i

3x3 conv, 128
3x3 conv, 128
3x3 conv, 128
3x3 conv, 128

U7 2-6 aannenssu Resnet50

i https://i.stack.imgur.com/XTo6Q.png



2.1.3 MobileNetV2

MobileNetV2 [4] Aaan1linenssu Convolutional Neural Network(CNN)
\uandnenssuiignesnuuuindivivuennaladunisussdiuuuviiodense
Inséwviindounl Jegritannlaeinidsves Google fiiann MobileNetv2 Tindngu
Aounindenufiiawves MobileNetv2 Aeminuannaszninvuinvesluinauas
auuugilifumingfugunsainnnmiegunsaiffivuindndsludives
MobileNetV2 ﬁaﬂﬁﬂizﬂauﬁﬁﬂﬁ@ﬁa 1. Depthwise Separable Convolution 2.
Inverted Residuals 3. BottleNeck 4.Linear Bottlenecks 5.Squeeze-Excitation 1ng
am“dizﬂa‘uma'wﬁﬁdaaamﬂam%’u%’aumsﬁﬂmmmaqmeﬁaaw"ﬂﬁqﬂﬂﬁaﬂaj

ndusedldenauriniivseansanguagamnsasnenisanuinivssansamll

n=1280

o n=1280 ?"‘
., 0
k- ‘m.\\‘. :
M widhea bFCn

128x128x3 128x128 32x32

Fully Connected

MobileNetVv2 Classifier

- - -
Preprocessing  3x3 Conv, RelU Max pool 2x2

U 2-7 @annenssy MobileNetv2
it
https://www.researchgate.net/publication/350152088/figure/fig1/AS:10027177

03045121@1616077938892/The-proposed-MobileNetV2-network-

architecture.png


https://www.researchgate.net/publication/350152088/figure/fig1/AS:1002717703045121@1616077938892/The-proposed-MobileNetV2-network-architecture.png
https://www.researchgate.net/publication/350152088/figure/fig1/AS:1002717703045121@1616077938892/The-proposed-MobileNetV2-network-architecture.png
https://www.researchgate.net/publication/350152088/figure/fig1/AS:1002717703045121@1616077938892/The-proposed-MobileNetV2-network-architecture.png
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2.2 lpssneussamifisuuuuiingl (Recurrent Neural Network)
) o < ! ! o Y o o a ! L =% o a ¥
Junshnunuaaniugneunihudidluyimsieseiludmdaludaindesls
fudeyauszinndeainuienaieiteaiunisuianiyl nsnenNsalona N15IATIEInIe
Viuneviu Jamannisves RNN[L] aveudeyafiavtuudaliiduaniug(statem3e anuzdou

(hidden state) wa1a13vin1sviunelutussudaldlnediaunisiuniseiula State At

ht - fh(wl - Xt + Wr - ht—l + bl’l) (1)

=

A1 hy Aeen State 3o Hidden State a Uagdu , f}, Aefladdulunisinszinie
Uszananadaiinisiienld Activation Tiwmunzauiuaiy , Wy fiar weight , X¢ Aadaya

dunn(input Data) , Wy Aaf1 weight U843 hidden state , hi_4 #e state nounthil , by,

1Y

fie bias uarmsiuamA Output Seuniswsil
Vi = fy (Wy ; ht + by) (2)

A1 V¢Aaen Output fy AatenTy Activation Wngdanlmuunzaunuau | Wy, 0]

AN weight , htﬁa state by A® bias

i N 1
Wyh Wy & Wyh
Whh
»’ unfolc/l',;»—Whh Whh

th th

-

U 2-8 N153UsBUMNE1VRY RNN

th

fian https://www.researchgate.net/profile/Jian-Zheng-
17/publication/312593525/figure/fig3/AS:667699034210310@1536203263467/The-

architecture-of-RNN.jpg
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2.3 Mir8AMNIMUUEL-817 (Long Short-Term Memory)
MU8AI1UTIMUUAU-817 (Long Short-Term Memory)[1] filasead1ande

anntnenssuadreiu RNN Tnewauntuiienindgmilunszuiunisves RNN 1Has91nRNN

[y

ldanansadamsivdeyaniianugmunniululaaunininsig RNN azdudeyaludiuduiu

LsnaMnuInauntn dety LSTM Jelintnlunisusulgedeidevas RNN a1835n15A8

[

LSTM 9zilanusveamad(Cell state) fianmnsadonlainasiiunieasdudeyanountilalag

[ o

drulsznaunIyINuNdIAyves LSTM Tasil

1. Forget Gate vihnsidieninauifivfeyavsefudoyaves state nountiue

[

ltinseilunszuiunisdalunselileedilvaudamndeyaluuiiiiuilddfyudiee

yinsauAtuly
2. Input Gate NN5NALTNNTTUIUNTHILABINIUNTZUIUNNT Forget Gate

wuamsztunaulududasinisiiudeyafiddaily

3. Output Gate fiafUseiliudeyagavinefianunsaidionladn Cell state T
Uszananaseludadndeuldlunsamanguuuuvesdseloninseloasdeluasidudselen

ozls

SUT 2-9 Tassadreanninenssy LSTM

i https://miro.medium.com/max/1400/0*D23ahAAuVce22¢0).png


https://miro.medium.com/max/1400/0*D23ahAAuVce22goJ.png
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2.4 Bidirectional LSTM ( BiLSTM )

Bidirectional LSTM [5].[6] %38 LSTM fivihaunuuassfianisaelumawuuidugisu

v '
v A =%

NUsgnausie LSTM 2 du suninilslddmiunisuseuanadeyadunauwuuludramin

(% '
U )

Forward Direction kagdntuaInsun1suseuIananAn19gaunay Backward Direction &

nszUrUNIsvinaulunduwuuaasien1vinlilumat e udunussenIea1sulaf o9y

Aauiie81931 “wnzianisindeisedluawiung” fu “Wngugniaunsvioveai”

=

Toelrdwnanmin wng TuuseloanI@oa Mo utndoun ULAAIIUALIOWANAIINY

¥ v
=3

ANNduiusLuUNANegiun1sSEuIInAIneuntIun §e Bidirectional LSTM vilviluna

'
= Y 1

Wlapuduiudsafionsaetdldlamnia LSTM wuuund eaandmenssuves Bidirectional
LSTM 428 LSTM wuufirniaifienassda dandainsdssananaludremduazsnsvnig
Usvananadeundusaiuasyiliiinnnsdssuiananuy 2 wiedelnainiatiousnazla sy
token mufiuet wagdninietnelasumdsdoundu duntatnevisansiiazfan vector

anuazueonuuazieinpgarineaysain iz uanisdesni et e uanng
— f b
Pt = Pt + Pt
Pt #o nnwmeimezudugainevea3enis

{ flo nnwasanudazduanesevienisyssananatuuiansluimtves LSTV

p

p{ Ao nnwesAnuandunesevenIUssaraluuTicsdeundures LSTM

outputs
A A

backward
layer LSTM LSTM LSTM

A A A
forward 15[ [STM LSTM
layer
inputs X X X1

5U# 2-10 aninenssuwes Bidirectional LSTM

iz https://www.baeldung.com/wp-content/uploads/sites/4/2022/01/bilstm-1.png
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2.5 N13n35293U3Ag (Object Detection)

[

nM3n5193UTng (Object Detection)[1] LunuidAgunlunumunmngzlens

<

nsussdiunmazAesnsIvaeuealsenaufieglusunmiiinesdiusenauvseliinglaeg
lugunmunsegnadu 5o vian vl saln 1eTesdy aunume uazdus wazdesinisinsey
(Bounding Box) deusauinguuliniasunitfewusentssinnvesinglidaauiueday

v A

nannslunisnsaduingasivannisitddeyey 2 35Ae

1. M3158uveuAIe (Machine Learning) vinmsmamdnwuziduiieglunimlag

9199LUAINTVOULUIAY LUIUDY LUIDES L“fluéfu

2. M3FeusITean (Deep Learning) 3¢l CNN Tunisidhuvihnisiiasigvinazdanus

< ad 1 a 1 A
90N UJUITNTU0DN 2 DY9AD

N19M3799U 2 AT (Two-stage detector) lagazilosAUsznaundnfodiuiizenii
Backbone 7114 CNN Anusnansassiulunmviaiinisueningiaula wazn1snsiaduasai
2 fothdsAnuenintuluyszinanadiwuneanunduinglousisideiduaearaldnanlu

NTAATITINIDUSEHIANAUIY

N195919299U. 1 A5Y (Single-stage detector) lneniAUsznoungny Backbone agv
N1TIATIINTEUTTIANALNYY 1 ATIWITUZIINIsAnToudaNsauinguuliaetafiues

aada < 1Y A A 1 1 o CY
TolfelinusialTAdelEuAeealiiliugannin

—— —— — — — ¥

gﬂﬁ 2-11 Object Detection

fian https://learn.alwaysai.co/hubfs/object-dectection-4.jpg
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One Stage Object Detection
Bounding
Regression Boxes
E =] Box
Image s 5‘ Object
i 3’ Cl ifi ion lCIass
S Box
Two Stage Object Detection
Bounding
i B
= = l Reg;zf.on oxes
Image .8 Object
I F3 Proposal . . Object
g- i Classification Class
Box

JUN 2-12 1139 5139U2A59 Uag N13ATIATU 1A

‘17]111’1
https://www.researchgate.net/publication/353284602/figure/fig3/AS:104607204667392

7@1626414419841/Two-stage-vs-one-stage-object-detection-models.ppm

2.6 M3UszuaNan1¥1535uYR(Natural Language Processing)
NsUTEIIaNaN 855N RA(Natural Lansuage Processing)[1] %138 NLP 1Junsldy

silud msuanwanawwsentater s iduasdnualsnuslasaziudunm

dranfudenruudrihnmsudasteniiudusiauudiinsinszidmdnnisinaues

[

Usgneulumediuiidnanil

1. Text Classification AianisienUsznnvaswemiulagvinisananvaely
Jernutiunsedennuiidudiudiraudiinnnyinsussinaranieiseninnisinaowu(Train)

A A IS 1Y b o ¥ v
LW@VI']']W@QJ?J@WJ'HJ“Q@EL‘VIML“U'Wiﬂf\]319]?1'111'13‘0‘\]'1LLUﬂUiSLﬂVIGU?N“U@%IJabLﬂ

2. mameadnvagludeniny fevinisuenaudnvazludornuiiiluisnyisies

¥ a & YY) 3 Y @ Y] 1
wUastoA MU dussnysuulmdudavnau
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Training
labels >
machine
: learning
feature | 'thc
algor
selector feature sets
training texts
Testing
V
feature el
extractor/ —>[ [ | [ | > Classification L1 papes
. . 3 Model
selector feature sets
test texts

U7l 2-13 lnavunsuves Text Classification

i https://www.researchgate.net/profile/Mingyu-
Wan/publication/335234564/figure/fig2/AS:807733112610820@1569589989596/A-

diagram-of-machine-learning-for-automatic-text-classification.png

2.7 MIUTANUANAINYIBINITRYUIATUTTELIANAILIMIND (Assessing the quality

of deep subtitle learning using matrices)

lususunisussananan1esssugAnse NLP. finnuddgidusihannuasiiedn

Us2ANTNINUUUI1a8d NLP F9aa9in15Und13 a5 arunsngunuseludadiid inndayly

o

Town [8] Tt

2.7.1 BLEU (Bilingual Evaluation Understudy)

@ o a

Lo & | a v o ' ° ) P v v .
#3990 BLEU ﬂ@‘ﬁu’)EJ']@Wuaﬂlﬂjﬂu@'EJ'NQJ']ﬂﬁ']WiUQ']u‘V]LﬂEJ’JSUENVl'N@']u Machine

Translation 41999 BLEU A935n15UseLiiuAmNINYadA1usseneignainesuainluna

o o

WisuLisuiuyaAusseednsdeiiainuyed Tae BLEU 9314 n-grams filuasudves

1 ﬂl dl’ ! 1 L o ! d‘ dIQ L |dl o ! dl d! a o a
mmmaLummmﬂmgimumgqq@maLuawuﬂﬂﬁummmsaw 4 ANFDLUDNYIUALIYN

Y

[y 1 1

o o a . . . d‘ L 3 o dl
A1RUAIBNBENNIN unigram, bigram, trigram Waeaue MUY BLEU 3¢AIUIUANUNEINTI

0991UIU n-grams N Tnsdsdsdinsusuanudulumusseenlumaasatuduningn

1 o

UTI81891984 Fa919AzIULYae BLEU 9zghl 0-1 71 0 Asliididussenslamenlunaaians

[y

AUAIUITENYDN19DY @ 1 ADANUSTEENIULARASIIRTINUAIUSTENYD19DINIALA
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BLEU = BP -exp ON_;w, logp,) @

1 ifc >r

BP = (5)

T

e ifc <7

2.7.2 ROUGE (Recall-Oriented Understudy for Gisting Evaluation) Score

fi¥ ROUGE Rowuindfigneanuuuifienisadoyasussensasuiiadidlagluina
WguRudeyadusssrsainuywd 39 ROUGE azlddifuresd n-grams fiviudouriudaei
AZLULYBY ROUGE a31uiaa1nmai3enau n-grams UaztaanzuuLyes ROUGE 9zoeffl 0-
1 Wuideadu BLEU 71 0 Aslifidussenglaaeiilunaairenseiudussenesnsds duw 1 fe
Ausseeluaasinsatfusiusseesedsiamn i ROUGE dagnitsonidu ROUGE-N
Alan1sviudounes n-grams ROUGE-L SaddiusiuienilanvesAiussens ROUGE-S Jn

NSYIUFRUTDIATINALLIUSENINAIUTTEN8YRILAARALATUTTEN 814D

2.7.3 BERT Score

(%
Y [

§1%9 BERT Aolumingainsuntsussiiulamnannen1w1sssuefasinnisussidi v
Tnun1siarusseneiilainaasdudiusseies1sdeiuatiuinfnundiondeiuegdls
wilouu BLEU waz ROUGE @vanrdnenssuans BERT nialassadienisvaunanas
Usgnouluaag 1.Contextual Embeddings 2.Cosine Similarity 3. Token Matching for

Precision and Recall 4. Importance Weighting 5. Baseline Rescaling

2.8 9Adeiiifeatos
2.8.1 A Sparse Transformer-Based Approach for Image Captioning(CONGCONG ZHOU,
ZHOU LEI, SHENGBO CHEN, YIYONG HUANG, XIANRUI LIU)[9]

Tuunanuideillaiiauslumaldnnisiisiasasaensialuguuuulndfnaiunse

nsrangaudAyvessUnmladinssiaazyinsuenaudnvasvessunmluae seRy

[
) 4

vsoLdenn1Inszateauddylaudnsnsiaiazdesdideyanuiniiisaneiszaiunse
nsrareaudfglugunnle wazludiuveanisaensiaaziludiuiniinisusulwdiud

NetesluguninieglugluuuunivesMatrix damsviwuuiiluguamdigliaiunsaiden
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drunifetaannigalauazazyiibinisadadiussenstuiiauuiuguindu Felusnuaiu

'
o w =

Image Captioning NM1305333uUinlunmuazauduiuslugunmiuieinludddgddu

o

N3¥UIUNTTYINUVBY Image Captioning JUAMBUNRILYNIINSINTHasULATEU1Y CNN
ievhnsuenaudnuarlugunmaniuasidudunoureinszuiuns RNN Mludiuges

v ) o o & aa o v a o 1 o A
ﬂ?iﬁ@ﬂiﬂﬁ@@ﬂﬂ%ﬂﬂﬂ?%ﬁ’m‘]ﬂ'] 1NUUITNITVDI LSTM 8NINITIALIYIB 1R UIVDIAN

£
v v v av A

lpanntunsunsuntlduiusiuguninduns uwiluunanuddetlavinis@nwidndudas

1 =

Junauiinslviaue

(Y (% (3

yivesAUsznovlunmmnuanIeuniuluvilvesrusznaunil

(%
L Y a o

AnudrAwsiassiunateduiianuddyuiniuivesausenevdwinlioraindelin waim

[
v =

TumsusssrefiaamadoulddsiuismsnszaoanuddyiddalunwisinudFaun
wazddlalunmieuddryiessiuidinisandu “Local Adaptive Threshold” WWilwma
flmiiaglunsiimnudfgiuesiusenaulunimienisnszaneauddalugs Matrix
v3eiFunin Attention Matrix #aglvianuaulatiosiuesdusznauiiidiusudes uag auls
psAUsznevivdnvdeutulunmidifenaylsiduludwid dyunigelunmlngliinig
yanosUuAtoya MSCOCO fiusznaudetoyazuamitsuua 30,000 3UT 80 Ussinv uay
il 5 Ausserede 1 guamsanddddied Salunisusefiuuszdniaiwlunisussensda
Usznausie BLEU, METEOR, CIDEr 4a% Rouge g BLEU aglipazuuufimmnnisussens

YJUFU METEOR agiANimnuningpaignsstnatfegsnunuaunninusslaaunusuieuli

YU CIDEr AgAWInAILIAUagYeIA1 ROUGE InUseavsn1nvestaninugnieg

Ours: a woman blowing out candles on a Ours: a black and white photo of a street

with a clock tower

Ours: a wooden table with chairs and a Ours: a picture of a tray with a candle on it

book shelf cake

AoANet: a row of chairs sitting on a table

GT1: Multiple wooden spoons are shown
on a table top

GT2: Atable surrounded by chairs and
filled with cooking utensils

GT3: Wooden spoons laid out across a
kitchen table

AoANet: a couple of women sitting at a
table with a candle

GT1: A young girl inhales with the intent of
blowing out a candle

GT2: Ayoung girl is preparing to blow out
her candle

GT3: Akid is to blow out the single candle
in a bowl of birthday goodness

AoANet: a black and white photo of a
building with a clock tower

GT1: A tall massive clock tower towering
over a city

GT2: A couple of street signs hangingon a
pole

GT3: A large stately building is adorned
with steeple and a tower

JUN 2-14 fegerussenengnasadu

AoANet: a picture of a jar of food and &
table

GT1: A painting of a table with fruit on top
of it

GT2: Painting of oranges, a bowl, candle,
and a pitcher

GT3: a painting of fruit and a candle with a
vase
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0

(a) Bleu (b) CIDEr (c) Meteor (d) Rouge

=i a o v v
E‘U‘Vl 2-15 Naﬂ’]iﬂigLNUﬂ’]iUiiEﬂEJE‘Uﬂ’]‘WVILL‘U\‘Iﬂ’]i@]i’lﬁ]ﬁE]Uﬂ’)’]ﬂJQﬂG]ENUUGQWUBHa

MSCOCO waztU3suieuiuisnugu

2.8.2 Thai IC: Thai Image Captioning based on CNN-RNN Architecture(Pakpoom

Mookdarsanit, Lawankorn Mookdarsanit)[10]

v
av

TuunaaddeilminaueluwanisiSeus@dnlunsaidusserenwinelagly
aa ! a Y a = . 1 4 v Y d' £
TBN199199 0031538 U AN (deep learning) ag1en1sKnsTAAY CNN LivewenAManYaE
Tusunnlaelunilly VGGNet-16 ivegnisdnnguvesingiogluninuaviinisienugiu

1 & o a d' I3 = v o [ 1 @

aaglunmiaenszuiunshesunmBunaiilunind RGB udrinisandadiuvesnindu
220x224x3 MN8N NEIUINAINNT19 224 pixelhageni224pixelkazildosrusenoutdu
uAd Ben 1 dodnnssuiunstetVGGNet 16avfosiimsanainanuidingziluguuuy
nsiInualuwma saud9nnasld RNN Wus1nensiansaisonin RNN-decoder 71l
niaeAUIIFU-g1908n 181U (Long Short Term Memory) Lievn1siseuseaUsylen

neinglinssmuanuvuievesgunin Jan1sussenssenuiluniwivetudilngozi

Y] v a A 9] Y] o, 1 | = 15 A
fugiuteyasunminestesiuanudulneegiaty Ussmallne winhegludsenalne

(4
[

LaIgavinevinsUseLliunaefada Bilingual Evaluation Understudy(BLEU) @amainazad

BLEU azilAaglugae 0-1 mnuanidtasgaiuuiveanisused@nsnmangn lnen1smaaes

[

szviiugadeyazunin Flickr8k udrusznavlumegiudeyadoninuimdy

kY

e

PI9NUA

Mw1danguiideguad saudaligudeyadiusseneniwingfaireduuedagiiuluniu

[

deuvaeing

o
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An RGB Image Input
R CNN Encoder Visuals in Scene RNN Decoder a P R
------ HGGOUOQI“NONI

L Pk e O
C> E> P 12 A E> E> (50UAUINMIA
' [ % | LSTM .
=, ™ 3 fou | i3000A0gH1N A
- \ " /

244x244x3

Ul 2-16 aninenssu CNN-RNN Tunsasisussensnim

fe7 k8

Y P—— Ty

1 1x1x409 1x]x1000
12

Tx7Tx812

H2x128
convolution

max pooling
6 fully connected

WA x4 x 64

U 2-17 annilnensss VGGNet-16 ffunsifinswacn

. 4
(@) & aaauaqmﬁ U (A hoat is floating on river)

(@) Gauauriia (4 boat is running through a temple)
(O] Bﬂﬂﬂﬂg"ﬂ fia (A4 boat is parking in front of a temple)
) Juioruda (Driving a boat through a temple)

v & m 1
(5) 1AAI0YITNUN (A temple is located along river)

U7 2-18 msusseemmluniwilvendugluidnidmszenfiduanuiiddglulve

o
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2.8.3 A Comprehensive Survey of Deep Learning for Image Captioning(MD. ZAKIR
HOSSAIN, FERDOUS SOHEL, MOHD FAIRUZ SHIRATUDDIN, HAMID LAGA)[11]

Tuunanuiddeiiladnauenis@nwinassuaaumaiaiiugiulunisasisriusseny
AM(Image Captioning) @slavinnisAnwiAgafunisitesUseloanuudnlulffonineiseiny
nsinfeunthdfeglunmienisSeswuadutudfay wmsendndAgyseuun1sasneem
U5581898A 301 0 eAUsEnauluinguaIne fedunaun15as 9 UTTENELANNTAUTTEY

14 Y v o w = o ¥ g 1 a Y <
ganulamunantdudf Fnisvihenudilalugunmiuaunsanvanaiialaiu 2 Ysean

v A
GhGD
1. wadansBeuirannsotuuauin WunsenauanyasuuuAuANNaIfaNIs

(% '

ft AY a v =~

wenamdnvuziudunsuenieiiouywdddidadanindoyandunivualvguazduau

11NLYN IANAAIILATEN

2. wallAnsBeuinenTeudedin andnuazlusmazgnuenuazgningewu(Train)

Ingdnludfuazanansadnnisiuynteyanvuiaivguasidauiuunla

' 3
(% a

wazgwaladAgynauidedlavinisAnwiAenisasisaiussengninuwuuIninie Novel

Caption AivannsdIAYADNITAS NATUSIEIENHUNNISHOLAURA T NUNLUUWANERRA

( Type of Learning: 1

Supervised Learning
VS, Architecture:

Other Deep Learning Encoder-Decoder

I Architecture

s r ™
Feature Mapping

Visual Space
Vs,
Multimodal Space
L. A

Vs,

Compositional

L Architecture p

Deep Learning based
Image Captioning

T =y )
(" Language Models: | Number of Captions

LSTM Dense Captioning
Ve, v
Others Whole Scene based
~ — Captioning
Others: ] \_ y

Attention based
Semantic Concept based
Novel Ohject based
Stylized Caption

JUN 2-19 sIuMsAnyIAINATEUARUNNTISEUSIRENTuN1saT 19 UTSEEn N



21

0~
et

\
O/( \
Image Encoder \ Gy
Input Tmage  |—»f .I — o Captions
Aﬁmodal Space |

-

i il

Lu.nguuglc Encoda

Image-Language
Encoder
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2.8.4 Flickr30k Entities: Collecting RegionRegion-to-Phrase Correspondences for Richer
Image-to-Sentence Models(Bryan A. Plummer , Liwei Wang-, Chris M. Cervantes , Juan
C. Caicedo _ Julia Hockenmaier , Svetlana Lazebnik)[12]
1uwmmﬁé’aﬁtﬂumwssmmﬁmﬁ’m;msﬁagaﬁﬁwﬁmﬂsﬂu Image Captioning
tufifeyndeya Flickr3ok Mfumasgiudmiunisussotsnmiifulssloalaglunuideid
msusasudusTEnaildn 158k Aussenalasiinnidagedoua Flickr3ok dAusseny

'
£% = a

e 244k A1Ussee Tnenuseasavesayiteatuiifenisivyndeyainsounguiay

Y

unlngNnseuaguauielun1TussereamIslainasiiuAusseedlugnvsluy

v
av avy ¥

a A A g PR P .
NATeilden1sasidvsoyssleamduninsguwuulndnidnugiuuain bounding box
wsziununglunisasisussloafanisaannai lasiain bounding box @4 bounding
box Wun1slinannislunisasraduinquuuaniufeszgsienisiinvualiaraminves

G I3 r-:l' o
AUNEFUNIMNTDDIAYTZNDUNTALAU
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{ ]
L B - A\
A man with pierced ears is wearing glasses and an orange hat,  Dwring a gay pride parade in an Asian city, some people hold A couple in their wedding attire stand behind

A man with glasses is wearing a beer can crotched hat. up rainbow flags to show their support. with a wedding cake and flowers.
A man with gauges and glasses is wearing a Blitz hat. A group of youths march down a street waving flags showing A bride and groom are standing in front of their wedding
A man in an orange hat staving at something. a color spectrum. cake 2t their reception.
A man wears an orange hat and glasses. Oriental people with rainbow flags walking down a city street. A bride and groom smile as they view their wedding
A group of people walk down a street waving rainbow flags cake 2t a reception.
People are outside waving flags A couple stands behind their wedding cake.

Man and woman cutting wedding cake.
JUN 2-21 MeguMmusTenganyateya

2.8.5 Multitask Learning for Cross-domain Image Captioning(Min Yang, Wei Zhao, Wei
Xu, Yabing Feng, Zhou Zhao, Xiaojun Chen, Kai Lei)[13]

v
av A

Tuunanaidedldussseiamsfinumeinuilygiussfugaaaiiieafunisaing
fussEIen mkuUsaluTATSend1 “Image Captioning” wilunisadradussenenmiy
whosodeteyafiisiumunniarinannuiadugUasselunisairssiussenanindeily
Asedsdeviaus “MLADIC  Jusdanesiuuuulngdiidedn “Multitask Learning
Algorithm for cross-Domain-Image Captioning” LWﬁﬂzasﬁu MLADIC AResyuu Multitask

A o L

insUsuinganuaesdstunanigriuiiunisSeuiveaniealuuguuLdusagslsing
11U Image Captioning 3zgninaeunlelunan1siisiauasaensiasgiady CNN
LSTM L#i8d519n150535818AIM31NATN input Minun wagludiuaniinelaiinisnaaes
Usgansnmaes MLADIC tngl MSCOCO WJudoua domain fiunis uagld Flickr3ok way
< ¥ . = v 6 3 o & [~ 1
Oxford-102 1Judeya domain Ua1emn1s@iamadng MLADIC lauszauaudnsaduegiewin

= a Aa eiel 1 1 1 v . .
LLazm‘UizaWSmwmmﬁqLLsuﬂumumu Image Captioning
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A l
- S gssscessssssescsscssscssssssssssssssssscssasssesses
: : Image Captioning : y'
: state This flower has petals
’1; ""’4...........;.... actlon that are pink and has
B : yellow stamen. ‘& __(rec)
X: : 7’
. Y mid ‘B

s . ‘xmid : .

o < LSTM Generator - The flower has petals

- that are pink and has

£ fissssssssssssessssssssssssassassasrassnananaTannns yellow stamen. s, o . (eval)

s . — % 2
X \‘\’,,- ’ state y &

- % - x B, 4 & o

Gl [E— S = S==-0 R The flower has petals that |.+*

r s — B - 3t “ are light pink in color with

=: N(O,1) yellow larger stamen.
Images | Image synthesls

Text descriptions
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2.8.6 Image Captioning for Thai Cultures(Sarin Watcharabutsarakham, Sanparith

Marukatat, Kantip Kiratiratanapruk, Pitchayagan Temniranrat)[14]

(2
a o =

NuATedlavinnisussetganate neftnetestvaniunvewielaglayin

'
=

grudoyailiierrvanuineaiiorlulssmalve Falin1sua Inceptionvs uilddauen
Audnualz 2048 AudnuaEIINFUNMLATAI AN YUzt uEg LSTM fignilnaeudie
A lneg warlunisneassdingsly BLEU dwsuusefiunisussensvadlana ngainuenn
ﬁammﬁwmsmaamu%%’aﬁdagﬂmwmaﬁwuﬁsimlﬂnEJLﬁaamﬂﬁmwmé’waﬂﬁqﬁ’umﬂimm
ag3y aghadurUIumsasalUns iU aiusssuvesUstinaduqlddaius aiinns
fﬁ’mumﬁﬁamuaﬂiziaﬂuwﬂiziﬂﬂLLazﬁ?iaﬁzJaai“suuﬁﬁuLﬁaa 1 class Wity wavluguves BLEU
T imUssuiiigumnziuussniiselepsndaasUsvlenilumaadaoonundenuisodle
nadwsuansisaausiugrdemainnisAumnIuuy Greedy Search #igsndn BLEU lny
o aal

Greedy Search dzdrfifiay vz duaindueeniniiassiumis@iagly output fieanun

fAnugnAeewn
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input_6 input: (N 209 | (v 29))
one, None,
InputLayer | output:
A
embedding_1 | input: input_5 input:
(None, 29) | (None, 29, 300) [(None, 2048)] | [(None, 2048)]
Embedding | output: InputLayer | output:
dropout_3 | input: dropout_2 | input:
(None, 29, 300) | (None, 29, 300) (None, 2048) | (None, 2048)
Dropout | output: Dropout | output:
Istm_1 | input: dense_6 | input:
(None, 29, 300) | (None, 128) (None, 2048) | (None, 128)
LSTM | output: Dense | output:
add_1 | input:
[(None, 128), (None, 128)] | (None, 128)
Add | output:
dense_7 | input:
= None, None,
gy s (None, 128) | (None, 128)
dense_8 | input:
(None, 128) | (None, 4096)
Dense | output:
dense_9 | input
(None, 4096) | (None, 128)
Dense | output:
dense_10 | input:
(None, 128) | (None, 1747)
Dense | output:
= =
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Greedy

BLEU

n-gram-3

n-gram-10

55.23%

53.40%

43.12%
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2.8.7 LEARNING DISCRIMINATIVE ACTION AND CONTEXT REPRESENTATIONS FOR
ACTION RECOGNITION IN STILL IMAGES (Miao Xin, Hong Zhang, Ding Yuan, Mingui
Sun)[15]

Tunuidedldedureinanusiu Computer dufunufivnmemsgdadidymnisian

Y

QIIQ 1 1 d‘ = d‘d a 1 [ A 1% = o d" Qy Y a
VHananeg udulielsUnm 2 sunmnTuIunSmiuvserseadiunndsdaymilleiia
X o S o v a o a A [

Furnitunaiy lunuilRedmslidnsteuiiuuunindiiossy class aelu lngusvas
MAvatuiilidnaveflsidunsgayidenivedn  composite-triplet  ngSeuiilandui
AgATatulaensaIndeya  B9IsN1sasgnUssliuuwyadeya  PASCALVOC  #eyndayail
Usznauluimesun1snseii 10 sULUU Wazaa1adus) 8n 1 Aana lngdgnisvesnuiduaduil
fiuszdvsnmanninismhuieuifleulngUssauninudiiamenn AP 1de 90.6% &l

[

ﬂﬁ@%maﬁﬂﬁ%’umﬁqmtﬁa composite-triplet m‘ﬁl
Case 1. P(s|v1) # P(s|v2), P(c|v1) = P(c[v2)
Case 2. P(slv1) = P(s|v2), P(c|v1) # P(c|v2)
Case 3. P(s|v1) # P(s|v2), P(clvl) # P(c|v2)
Case 4., P(slv1) = P(s|v2), P(c|v1) = P(clv2)

lagdl vi,v2 uanafagunannisnssyl 2 3U Ao vi wag v2 mMuaIfu feun s ag ¢

Husiudsilsvosimisiunaesuyuslaeits ¢ nsdiiasoungquynaniunisailunis
Wisuidisy wasdieliussavanudidalunsmuionivanitaomiveuwaniansgsi
sufsveuwnvesnnLazesdUsznauiignueneeninlagly AC-YOLO vi3edeifiufe Action
Context Yolo fisiiunundeufunsnsisduveumnuiunlasagaidenisngindu AC-

YOLO gnuenaanidu 2 A1Ae compositetriplet loss wagAgdgydenisnsiaduau

,y.‘:;l'

oo h h V o /

U7 2-26 anninenssuyes AC-YOLO

Detection Loss  Ctriplet Loss
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AP(%) Jumping Phoning  Playing Instrument  Reading  Riding Bike  Riding Hose  Running  Taking Photo  Using Computer  Walking | mAP
Maji [10] 59.3 324 hd ns 85 884 2 3.2 4 8.2 3.1
Khosla [21] 69.1 [t us 6.6 Wd 93.2 942 87.6 84 70.6 756
Oquab [7] 8 160 5.6 5.3 935 95.0 86.5 9.3 06.7 695 | 702
Hoai (22| 823 529 LK] 53.6 95.6 9.1 §0.7 60.4 7.0 79 | %3
Gkioxari [5] 87 67.8 910 66.6 9.6 9.2 9.2 76.0 834 6 | 826
Simonyan (6] [ 89.3 73 0T 73 7.1 8.2 90.2 7.3 8.5 664 | 840
Ghioxari [1] 915 §dA 93.6 83.2 9.9 8.4 93.8 85.9 926 818 | %02
Qurs 018 8.7 92 83.6 7.1 08.5 926 87.2 04,1 822 | 906
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2.8.8 BLIP: Bootstrapping Language-lmage Pre-training for Unified Vision-Language
Understanding and Generation (Junnan Li, Dongxu Li, Caiming Xiong, Steven Hoi,

Salesforce Research)[16]

Tuaddeaduilldfinnsinaue BLIP Faduwlsidsn WP suwuulniiianunsaSeus
! v oo = A vy a a < o o 1%
Avasgunmuardemunddymiusuniu 81 BLIP feladidussansamnviuadelumus

o

downstream vision-language g BLIP aginapuiisiawarnansialuunalsukuy
aamilagldyndoya bootstrapped 31n5UNMKAETRAIUALH Y e 10U TUNIUTIVIUNIN
~ caa ~ a a a v v Y Y A °
wazdinisaianisalitnnsnasanunsaiuusgdnsaaw BLIP 1idaedu 3 99fe 1. v1ns
Bootstrapping uuynteyaninludiuaunaisseu 2. aduAussenafisunaissienise
sUniaLiidadeteyaneuntsiinasy 3. lunanliilnasufiussensuasdinsoananun
eAegnIuiule CapFilt @3 CapFilt Aan13 bootstrapping Ynteya Fenaaguuad BLIP la

Uszaunud1i5alun1sussensnIn nseeumaiumenIn nsimarasienin saului

AslanaumenIn wazlavinn1siSeutiisu BLIP AU VLP

“blue sky bakery in

sunset park ” QC:; '“'
“chocolate cake
with cream frosting

and chocolate 0@ lml
sprinkles on top”
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Feed Forward Feed Forward Feed Forward

o
e}
N
Nx Cross Attention | Cross Attention
L+

Self Attention
Image Bi Self-Att Bi Self-Att Causal Self-Att
Encoder 7

ey 92— —

[y
L

LHRUNCY

" | Text Image-grounded Image-grounded

‘ a Encoder N[CB“[:]M Text encoder “[Encode) +[:]" Text decoder “[Decode] *D"
i f

d “a little girl holding a kitten next to a blue fence”

JUN 2-29 anUngnssuluing pretraining uazinguszasAveas BLIP

2.8.9 ClipCap: CLIP Prefix for Image Captioning (Ron Mokady, Amir Hertz, Amit H.

Bermano)[17]

Tuanddedlafinisly  cLP  Wudnhwiidussenenmsudeldisns  mapping
network wagyhn1suSulsdanan1eneIiNeas1aAusTaNenInds CLIP foandudidsia
= A & A . . =
EULLUUMWI%%LW‘U@G CLIP Ag Contrastive Language Image Pre-training @3 CLIP gn
PONLUUNLNOMYUANITUTTLIOTINAUNIGUA LR text  prompts  Iaegagl¥nisiinaeu
WNeatusunMLazAuIseendduIutIngly - contrastive loss  Juhlvinniiuanseeaniu
Yoanuieanindanuweulesiulusdiwin - lagddnnslunisideillanadlaenisilnaou
. PN [ & A 1o 2
mapping network MaguUanisily CLIP 1 uiuyl GPT2 wsgiad CLIP wazlumanian1wili

auduliey  dwalillamUngnssunlddudeunsizidiunnineidos st

Hnasuldsinswazldinanlaiuiu

. Prefix embeddings
Mapping lGPTz
> Network
> l Caption tokens
A A 'y A
A
Const. A cat is sleeping on top of a blanket on a bed.™

gﬂﬁ 2-30 nmwan1dnensaulanadiinaeu Mapping Network vauedidans CLIP

g GPT-2
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(A) Conceptual Captions

Model ROUGE-L 1 CIDEr 1 SPICE 1 #Params (M) | Training Time |
VLP 24.35 77.57 16.59 115 1200h (V100)
Ours; MLP + GPT2 tuning 26.71 87.26 18.5 156 80h (GTX1080)
Ours; Transformer 25.12 71.82 16.07 43 72h (GTX1080)
(B) nocaps
‘ in-domain near-domain  out-of-domain Overall
Model CIDEr! SPICE 1| CIDEr SPICE | CIDEr SPlCElClDEr SPICE|ParamsJ, Timel
BUTD [4] | 743 115 | 569 103 | 301 81 | 543 101 | 52  960h
Oscar [19] | 79.6 123 | 66.1 115 | 453 9.7 | 63.8 11.2 ] 135 74h
OUI"S: MLP + GPT2| 79.73 12.2 ’67.69 11.26 |49.35 9.7 ’ 65.7 11.1 ‘ 156 7h
tuning
Ours; Transformer | 84.85 12.14 | 66.82 10.92 | 49.14  9.57 |65.83 10.86 | 43 6h
(C) COCO
Model B@4 1t METEOR 1 CIDEr1 SPICE 1 #Params (M) | Training Time |
BUTD [/] 36.2 27.0 113.5 20.3 52 960h (M40)
VLP [47] 36.5 28.4 117.7 21.3 115 48h (V100)
Oscar [1Y] 36.58 30.4 124.12 23.17 135 74h (V100)
Ours; Transformer 33.53 27.45 113.08  21.05 43 6h (GTX1080)
Ours; MLP + GPT2 tuning 32.15 27.1 108.35  20.12 156 7h (GTX1080)
(D) Ablation
Ours; Transformer + GPT2 tun- 32.22 27.79 109.83  20.63 167 7h (GTX1080)
ing
Ours; MLP 27.39 24.4 92.38 18.04 32 6h (GTX1080)
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2.8.10 Encoder-Decoder Model for Automatic Video Captioning Using Yolo Algorithm
(Hanan Nasser Alkolouti, Dr. Mayada Ahmed AL Masre)[18]

nUsvasAvesidelifeimuInsusseneInlosuusnlulalneliisnsnsiauas

[

noATEnIUN1SSEusITaEnlnulvuneun idnfapsenafe 1 luwaniGendn KANTA lunis

1 o

LaaﬂL‘WimmmmmmiaLLauaumu‘mlmm aaﬂl‘d 2. 19un15v19usmAUsEI1e YOLO

uaz LSTM Ing YOLO wi3edsifiude You Only Look Once gltlunissusesdusznauiie
Tuwsiidle wag LSTM wiseteidude Long Short-Term Memory 7ilglun1sasesAussens
Falauszyndld YOLO vugadeoya MSVD wazlutuneuanynednisussulunanigusng

2819 METEOR
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Sy v Fowaaies
e, __ —
—

° aces | KATNA | mesar O | x| YOLO

Figure 2: Architecture of Proposed Model.
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Paper Percentage in METEOR on MSVD dataset

Less Is More: Picking 0.33
Informative Frames for
Video Captioning [7].

M3: Multimodal Memory | 0.2658
Modelling for Video
Captioning [6].

STAT: Spatial-Temporal 0.33
Attention Mechanism for
Video Captioning [2].

Temporal Deformable 0.308
Convolutional Encoder-
Deccoder Networks for
Video Captioning [3].

Proposed model 0.35
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2.8.11 Geometry-Entangled Visual Semantic Transformer for Image Captioning (Ling

Cheng, Wei Wei, Feida Zhu, Yong Liu, Member, Chunyan Miao, Senior Member)[19]

1
a v Al I

uneiteilsinauaedetiessuulmiiten  Geometry-Entangled  Visual
Semantic Transformer(GEVST) uaglddamizlunmsiinuseansawlunisideusin3enans
Si’faagaﬁdwiamwwmﬂ FelaasnunIoadnsranisulaluuauudsa Ao W(Pure Visual),
VS(Semantic fused to Visual), SV(Visual fused to Semantic), SS(Pure Semantic) Tunns

aseAusserenmganieTiuiadnisiiusslevinnanumneiiidiussegegnanraiy



31

wazddwuannswluisiomieatesiusuinm Fensaiiunuazinuuynteya
MSCOCO  uazaavinenuin GEVST lpuszaumnudisauaziinnuaansawuy real time Tu

ANSASIANUTTYIATN

Dense-Caption
Model Decoder

I et ¥
Layer N

Layer1 [ ° Layer N

- - -

Object-Detection

Model Encoder . Encoder
Layer | . Layer N
Y —_—
_______________ 5
Encod VV-Branch Encod Decod
“ncoder g “ncoder ecoder
Layer | o LayerN |i Layer |
-  S—

U7 2-30 nwisiesluing GEVST

- -2 X -
Model B-1 B-2 B-3 B4 M R C

c5 c40 c5 c40 cS5 c40 c5 cd0 5 c40 c5 c40 c5 c40

SCST cveron 781 937 619 860 470 759 352 645 270 355 563 707 1147 1167
Stack-Cap aaaons 778 932 616 861 468 760 349 646 270 356 562 706 1148 1183
Up-Down cveraos 802 952 64.1 888 49.1 794 369 685 276 367 571 724 1179 1205

CVAP wwnois 80.1 949 647 888 500 797 379 690 281 370 582 731 1216 1238

HAN aaanow 804 945 638 877 488 780 365 668 274 361 573 719 1152 1182

SGAE cvea0i 806 950 650 889 501 796 378 687 28.1 370 582 731 1227 1255
VSUA [52] a0 799 947 643 886 495 793 374 683 282 371 579 728 1231 1255

GEVSTous 808 951 651 892 504 805 382 701 287 379 582 733 1251 1278

U 2-35 sUmseuaninsiuseuieu GEVST fU3snisau

2.8.12 NEURAL MACHINE TRANSLATION BY JOINTLY LEARNING TO ALIGN AND
TRANSLATE(Dzmitry Bahdanau, KyungHyun Cho, Yoshua Bengio)[20]

¥
LY el\'Lvo

Tuunenuddelilainausluwadnassein RNNsearch Tunisuiaainniuidingy

TUidunSura@slunuisetlanulaymnriinisld vector Nianuenaiazidunevanluns

=

UFuusslssdnSameasnisiisiiauazaensia Jslavinnsmnisvenenevinlagaglvidiluma

a 1 [

AuMEIUANevesUsElenfumaiseuseloandudunaneuuuusnlud® uwazannisvnaes

9

WU RNNsearch loUseansnininnindidnsvanazaensiawuuunfsgiuiuladn
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2.8.13 Pragmatic Issue-Sensitive Image Captioning (Allen Nie, Reuben Cohn-Gordon,

Christopher Potts)[21]

[
a v dbLSU 1 =2

Tuunanuddedldnanddymiissuunmsussenanmuisssuudassautanai
AoutRziiauasiBungeuagaunsUTIBe UM MUNIUSllainsaussengliasiBen
wnne waviiiefiazdnnisiudymIadiuauedsudtann ISICUssue-Sensitive Image
Captioning) Immim’ﬁjzym%Lﬁulﬂ‘i?imamu@m%’aaﬂawﬁmmﬂsﬁummﬁu galu ISIC
Suwmaqﬁmﬁmstwﬁ’jwmwﬁﬁu’a amuaziym wuudiudsiymaeyavesgunindign
LL'U'&?i’maaﬂmLLUULawwmzmL‘fJuaahqmﬂ’j’]ﬁsﬁagaimﬁwﬁé’aﬂauiw‘%aLﬁ'm%’amﬂuﬁmw
Tnsn1svnasswesnuifeildliyatoya Caltech-UC San Diego-Bird dwsznauludass

ussenenivanainseuaquinliauIsoAnwnansenuselunalinsouAquNINTY

Issues Target Caption

What is the color of the bird?

a small brown
bird with a tan
chest and a tan
beak

S

What is the head pattern of the bird?

aaa .

this bird has a
brown crown a
white eyebrow
and a rounded
belly
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Issue Target Caption

{(ml} (ml} {0} N
((mm} (M) (o )
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2.8.14 VinVL: Revisiting Visual Representations in Vision-Language Models (Pengchuan
Zhang, Xiujun Li, Xiaowei Hu, Jianwei Yang, Lei Zhang, Lijuan Wang, Yejin Choi,

Jianfeng Gao)[22]

=

Tuunanuideatuiilainausnisiingow OD wie lumanisnsaaduinglaedunis

IS

Anaeuwuuarmii Jalwaa OD szwananidingilugudnans Inslunuidedaziins

(Y )

U5UU59 OD dwisusu vision language fugatayanIsnsIduingiamenuuasisuy 4

9

Yn wagyinNsUTuLsslunaEtaedEnuY Visual Genome YN I33uinguazaEnyY
16 lnsnadnsuanslriulnlumaaiuisanaul SoTA laad1auina1nsueany Vision

Language

2.8.15 VirTex: Learning Visual Representations from Textual Annotations (Karan Desai,

Justin Johnson)[23]

NITsatUilndaus Virtex NEIMSUNISHN@BUANNRUNVIAIUTTNUNTNINUIY

WD IUSNITUAAILAZNITUTIEBATN 1aBIIN15 convolutional ANALTIAUAINTUIL

sala |

delUgan5anTuuy downstream @4 Virtex anunsalinadnsiauasudugndnnizeusan

v

Wmiindeyaann ImageNet Fslun1sneasalavinnisinasu Virtex 310 scratch fugatoys

Y

(%
v @

COCO uagyn13Usziiun1siSeuseae visual backbone 71gn freez teliunsdiu Bnviadadl

! dl = ¥

MIsaNyAgIuieunIzitn1snaaesiuife agdeddrusseienmidnnumneninuyy
wazdnudagaiunsagisiissuinudnvugnisueniulaegsivalddoyadiniuns

Hnasuluinatiovas dnvvsvazideaidiAyvesluina Virtex azUsgnauluniy Visual

o w

Backbone, Textual Head, Model Size, Tokenization k&g Training Details %a%qmﬂzg%aa

Y

#1 Visual Backbone 7luiA3ed18 Convolutional #lglunisfnuwenandnuazveagunim
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ffu Textual Head MIuluaan1eIMazAIALAIAIUTTENSLUUADIN AN T LaY

goUNAUMIUAIRU

(7%7 % 2048)

a brown and white puppy

Attenrion Heads:
A=H/64

Feedforwand
Size: Fe4H

[505] a brown and white ...

—‘1‘1’&‘
<

Visual Backbone

apples at looking lawn green
4 4 I
(ResNet-50)

A brown and white puppy
lying on a green lawn
looking at apples.

[E0S] apples

Visual Features at looking lawn ...

(T=TxH) Textual Head

JU 2-38 Lpanisilinaeuaanti Virtex

Pretrain COCO Instance Segmentation LVIS Instance Segmentation  PASCAL VOC Detection  iNat 18
Metbel WS AR APSY APEY AR APRY AP AR APRY AP AR APRT APRY Topl

1) Random Init 36.7 56.7 40.0 337 538 359 174 278 184 338 60.2 331 614
2) IN-sup 1.28M 411 62.0 449 372 59.1 40.0 226 351 237 54.3 81.6 59.7 65.2
3) IN-sup-50% 640K 403 05 61.0_19 44000 3660 58.01y 39307 20124 3335 22354 52155 804, 5707 6329
4) IN-sup-10% 128K  37.9.3> 58235 4l.1.ag 34725 55239 37029 175.s; 280,57 18453 4260117720006 438,450 60247

5) MoCo-IN 1.28M  40.8 3 61.6 . 447 (5 369 ,: 584 (5 39752 228, 354, 242,05 56.1,,5 8L5,, 6247 632,7
6) MoCo-COCO 118K 385, 58535 420,30 35055 556,35 37555 20740 32335 219,85 47647 75443 510g7 605 44

7) VirTex 118K 409> 61.74: 448 369 584 7 3972 230404 354,04 243,06 55340 81343 61043 634 4

SUN 2-39 WS8uLigu Virtex NUSIUDY

Y
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3.4 Msin3guYAtaya

3.4.1 fegrayadeya Flickrsk

5% 1

JUN 3-5 fegragunmainyatoya Flicksk

1.A lady wearing a helmet holding a bike.
2.A woman in a blue vest and a sky blue helmet stands with her bicycle in

traffic.
3.A woman in a helmet rides her bike behind a car.
4.A woman with a helmet and a backpack walks next to her bike.

5.Women with bike and a helmet wait for traffic.
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AIBINgUIRLANIIUIWIINIsLUanndarmna1wdInguiuntwlnelagladud

lavansndegnanlulusunsulnseou

Leindsaunuannutiendodns o
@ L

A
= -4 3 - ! = - = = = L]
2.Nnme1ma"‘annﬂummm:—,wmnnuuaﬂﬁﬂ'wuag VINTUIUUDIUED

MUNANNITVING

¥ = - = & e P e I
3. AN UIAIUHUINAULDATINTYIUDYHAIIDBUA
4.F:TH@Qﬁ?ﬂﬂﬂ?ﬂﬁﬂﬁﬂﬂllﬁz!ﬂﬁzﬂ‘IEJHﬁ'QLau‘!’IJ‘I#ﬁ'ﬂ‘IH'Iu

- e me a2

5. THiIJQ‘ﬂiJBﬂ‘iU’]uuﬂzﬂﬁ‘]ﬂﬂuuaﬂ’iﬁﬂﬁi]°.f'l"|)3

ol

JUT 3-7 sedesdusseenwdainguiignuuaiiuniuinesie Google Translate



39

3.4.2 18819YAY0LANTITINTNINYINTULES

v il T

JU 3-8 f108133UNMN159TATNINVINTULeS

1.304NTUTUEIUFANUIUNINABATIA WAL 1L
2. 504NTNUEUFUAE AWLAZ T AU WIUMINAN A eATadtyr o Il Lol

3. 7090uNINAanTa A iU BIn1
4.508N TN UUALAZIOEUAANUILNIN AN TR AR WA W T 125 A T we

5. sndnseuaUilazsnaufAuuIIN LU WY
SUT 3-9 #79819AUTIEYNNYATOYANTTITITAIAVIN TS

Ingduauninlugadaua Flickr8k Ananua 8091 sUnazudazUlaA1UTIENY
o ° | v Ao o X a o ] A o

AWTINGY 5 AIVTIBY @IUYATOYANITITIITNTAVITULD T IUFUTavLR 429 UTA
Ussgren1wlng 5 Aussens seduiledigadeyanitaeunsidiuazlasunmnvun 8520
U warAIUTINY 42600 ATUTTENELALAUTTEENTINTLAIsduAUTIEIEn 1w lng ue
Puusunmnmuatudidismedenisiinasulinaiiesanyadeyaddinnuvainvay

3 = v PN a o v A = J
YapInUsEnaunsenudnvusiunAuluylilel naeulunaeenu1LvIANITAIAMIAY
UITEN8ANaINNaefai U aeiin1siA1mIneNn Imagenet WnY8Es LA IRMAL

ANUVANVANEVDITBYA



40

3.4.3 ImageNet
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5U#l 3-10 Feg1egUnmaNn ImageNet

i https://thaikeras.com/wp-content/uploads/2018/06/2D0D1C81-15D3-4622-9749-
8CTF68596B08.jpes

iImageNet Aogiugateyauuinlngfignirvsasmiiesaulusu Visual Object
Recognition ¥3BMUALNTSIUNALEN L1835 Falu ImageNet fidnuauguan

1NN 14 Fun kagdsenaulume 20000 maanyguazluusasniinazdsenaulume
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sUnmdnuaneSesnan il ImageNet Aounauiusiusanesrusenauiivoneudniiads
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3.5 89NLUU CNN Bazunlumani1sa519AIUsTe1gUTWAILN

1N19599NkUUTUYY CNN wazlaimulumalunisaseamussensanaun [24] 34

luea CNN dlavinisesnuuuniugui

500

Input:45 Output:43 Conv2D(128 3x3 Input: 300,300,3)
(maximum length of the MaxPooling2D{2x2 Output: 250,150,128) |
caption) l
! Conv2DN128.3x3 Input: 230,150,128)
" Ny MMaxPooling2D(2x2 Qutput: 125,75123
Embedding Input-45 coling2D(2:2 Qutput: 123,13.128)
Output 45,128 |
- S Conv2D(128 3x3 Input: 123,75,128)
! MaxPooling2D(2x2 Output: §2,37,128)
Bidirectional TETM{128) - l
Input:45,128 Output:236 ConvaD(256,3x3 Input: 62,37.236)
d MaxPooling2D(2x2 Output: 31,12.256)
L4 +
DIDFCI'Ilﬂ:U.d-} lnputi'.Sﬁ Dutput:?ﬁﬁ CDII.TED(ES&,EX; III.p'LItZ 3 ].=1 S,Ef 6:]
v

Conv2D(256,5%3 Input: 15,9.236)
MaxPooling?Di2x2 Output: 7.4.256)

|

( Flatten(7168) |

|

( Classify(2048, Features Images) |

ADD Input:128,128 Output:128 Dropouti0.4) Input-2048 Output:2048
. / Dense{128) Input: 2048 Output-123
l Dense({122) Input: 128 Output:128

Dense(128) Input:128 |
Output:123

!

Dense(6%00) Input:128
Output-§200

!

w Foaow
Text Generator ™ uﬂLﬁuﬂL‘E'I'H‘]J'Eli'@‘ﬂﬂﬂﬁrlﬁiﬁﬂm‘ﬂﬂ{]w"

b A

5UT 3-11 luiaa CNN 7goniuued hag luiean1sasnedussengn niituniemn
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1n891n3U7 3-11 n13911 convolution vaewntulsidenty Activation Function 1Uu relu
A o . < ° ) DY) b ) % ]
uaglilevi convolution L@339¢¥11N13 MaxPooling Tfiunndu waglutugaienseduves

M3 Fully Connected 10 l4 2048 waglsidenld Activation Function tJu Softmax

S+ Model: "model 1"

Layer (type) Output Shape Param # Connected to
input_2 (InputLayer) [(Non;Tzzg)] 2] [1 T
input_1 (InputLayer) [(None, 2048)] 2] [1
embedding (Embedding) (None, 45, 128) 883200 ['input_2[@][@]"]
dropout (Dropout) (None, 2048) 2] ['input_1[@][@]"]
bidirectional (Bidirection (Mone, 256) 263168 ["embedding[@][0]"]
al)
dense_1 (Dense) (None, 128) 262272 ["dropout[e][e] "]
dropout_1 (Dropout) (None, 256) 2] ['bidirectional[e][e]"]
dense_2 (Dense) (None, 128) 16512 ['dense_1[e][0] "]
dense 3 (Dense) (None, 128) 32896 ['dropout_1[e][@]"]
add (Add) (None, 128) 2] ['dense_2[0][@]",
‘dense_3[e][e]"]
dense 4 (Dense) (None, 128) 16512 ['add[e][e]"]
dense_5 (Dense) (None, 6900) 890100 ['dense_a[e][0] "]

Total params: 236466@ (9.02 MB)
Trainable params: 2364660 (9.02 MB)
Non-trainable params: © (@.60 Byte)

JUN 3-12 msasUannnsfiwesues CNN 1oenikuueswazliaanisa319e

UTTUWANALININAIUN

3.6 2BNWUULAZNAIUIUAANTTEFI9AIUTTEBAINATE e
a a & o Ao A v ) ' = Aaa %
Inednusiavuilnilumantaain [24] URaIUILAEARYATIRNNUNRNTNT Y
LSTM wuvundnmansulumanimunladinisdn Bidirectional LSTM 1419t UNS2UIUANS
Jsufaiinseonwuutu Dense Trdlaeloiuty Dense Wludn 1 vu TudsvaanisAnnen
ANANYUEYRIFUNMUTEN15Y1 Convolutional uazAmuaduiy Kemel Tnsllvfunndu

lngandnenssulaaalauanadagui 3-13
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Input:70 Output:70 (maximum

length of the caption)

. ¥ 4

\ 4

’ N\

Embedding Input:70
Output: 70,128
\ ™

v

[ Bidirectional LSTM(128) ]

Input:70,128 Output:256

\ 4

Dropout(0.4) Input256 Output:256
Dense(128) Input:256 Output:128

a3

Dropout(0.4) Input:4096
Output:4096
Dense(128) Input:4096
Output:128
Dense(128) Input:128
Output:128

ﬁ[ ADD Input:128,128 Output:128

4

Dense(128) Input:128 Output:128

v

Vs

.

Dense(7018) Input:128 Output:7018

~N

J

A\ 4

Text Generator

!

< ] a & da v
n’mﬂarnuﬂuqmm‘luwmuuwummu'h.lmu

I0ANTUULUAURLINEUG

JUN 3-13 andnenssuwuuinassiioaniuuuwasiau
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Model: "model 1"

Layer (type) Output Shape Param # Connected to
=;nput73 (InputLayer) [(None, 7@)] 2] [1

input_2 (InputLayer) [(None, 4896)] 9 [1

embedding (Embedding) (None, 70, 128) 898304 [*input_3[e][e]"]

dropout (Dropout) (None, 4096) ] ["input_2[@][e]"]

bidirectional (Bidirection (None, 256) 263168 [ "embedding[@][@]" ]

al)

dense (Dense) (None, 128) 524416 ['dropout[e][e]"]

dropout_1 (Dropout) (None, 256) 2} ['bidirectional[e][e]"]

dense 1 (Dense) (None, 128) 16512 [ 'dense[@][0]"]

dense_2 (Dense) (None, 128) 32896 ['dropout_1[e][e]"]

add (Add) (None, 128) 0 ['dense_1[@][@]",

‘dense 2[®][0]"]
dense 3 (Dense) (None, 128) 16512 ['add[e][e]"]

dense_4 (Dense) (None, 7018) 995322 ['dense_3[@][e]"]

Total params: 2657136 (16.14 MB)

Trainable params: 2657130 (10.14 MB)
Non-trainable params: © (8.0 Byte)

U7 3-14 mssaguansfimesvesluinaiiooniuume VGG16 wag Bidirectional LSTM

1n3U 3-13 ssiuldlanandnlunisairedivssensnmazdseneusie VGG16 7
SunmBunatsudynsAauennuAnazLas Bidirectional LSTM simihiilunisaing
FuTIENEn NG oAU Bidirectional LSTM Aaagil cell block Wiiutiuanannidudnuiun
iievinsluwadeyalufirmefoundusmeviefiiunds backward motion Wws1zn15Ming

a k% £ [y [y q i ¥ ] a a a o Y <
LiEJUELLU‘U‘EJEJ‘L!ﬂan’JMﬂ‘Uﬂ’]iLi‘EJL!ELLUUI‘U‘UN‘VI‘UWHJMWWLW&JUigﬁVIﬁﬂ’]W“UENWNQJﬁHVL@L‘LJ‘L!

o '
v A

98197 wazANIUT 3-12 awnsadunaiiulainduiidu Bidirectional LSTM ifnunduau
kernel Tumouusnidu 128 wilusnswaguamnsfiwesiumarziinduuiilu 256 mszdes
finsudefianiavesaniuglutramiuazdoundu Awuainguiinisesuielasiaiilag

avlBuanugUil 3-15 uay 3-16
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Input:70 Output:70 (maximum
length of the caption)

!

Embedding Input:70
Output:70,128

1

Bidirectional LSTM(128)
Input:70,128 Output:256

!

Dropout(0.4) Input256 Output:256
Dense(128) Input:256 Output:128

JUN 3-15 nmsyhaudisnvedding

Y =

Tuduusnazdinssu Input MluAImNeIasEnveIAUTIEeTTetiiunddluye

Toyatlaglaan 70 Mty azgnidailandu Embedding weazwasuyadoyaliluagly
sUsuUvRIINes feutdigiudftyogns Bidirectional LSTM faziludulunisdnasanis

JupoAuAINEIAUTENINAILAEAR lUTIERIiAnIe taanaziinisyi drop out Liieanns

(%
a

overfitting 9 nuudslUga Dense %30 Fully connected @ activation function vesguil

Banlidu relu
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v
Dropout(0.4) Input:4096
Output:4096
Dense(128) Input:4096
Output:128
Dense(128) Input:128

Output:128

JUN 3-16 n13vhauduiaasedlung

ludrufigesfienissudoya input MlusuninifiovinnisAnuenaudneuznie

asdusznaulugy Fusladenlyd CNN (Convolutonal Neural Network) sUluu VGG16 lu

nsvinludiud saufsdinisdien weight 89 Imagenet M UNIFUIUNTARLENAMSNYE

109 VGG16 Wnndieidumstewibifulunaressdnaeaintuniniii Dropout 1 4u
g = o A a w v a g A a v 1

wag Dense 2 9 §3N1591 Dense winAafiu1u18n 2 suiiludidisegaunnlulinaves

s esiuiEeuslafd activation function ves dense 2 Fuilldidu relu wWudeaiu
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L{ ADD Input:128,128 Output:128

Dense(128) Input:128 Output:128

N

Dense(7018) Input:128 Output:7018
J

\ 4

Text Generator

l

) ] a iood da v
maanafuauiunehudeanimihidullseg

sndnsuususuas s

JUR 3-17 Msvhaudiunanuva duing

Tudun3vsadiuanyineazidudiuiisueily Feature 919U Dense davingves

N3rUILNTRauNTUAIINUNIIN1SAMUA Dense 802 9 Ing Dense nou Dense anaving lol

donld activation function \u relu wag Dense Fugaieidanldilu softmax wazidng

Y

Text Generator #3aHandUAS19AIUTTENY

3.7 UszLiUNaansANUSs818R28 BLEU(Bilingual Evaluation Understudy)

I
v 1

Waluma e a5 19N UIIENEAINDBNUILAITUN DU DUIABNITUS LT UNAa NS lUNS
US58188UNUAIUTTENRURTU Inednusatuilisdn matrix AGYInNYT37 BLEU 11N
Tilunisuszidiunisussenglagnadnsves BLEU AoYiinziuuiagseninagie 0-1 lngdidn 0

PUNBDIAIUTTIUNLULARAS 19T DAALA190n U LU ATITUAIUTTEIED19D LAl LasAT 1

(%
Y

PUNBRIANUTTENUNLULAARS 1T DAIAMIDDNUIRTINUAIUTTINEDDINIVUA LA8BIIAL LU
989 matrix 450 lUdmARENAE F9 BLEU A29n1AUAAI09UNNUNATUAININUIUYDY N-

gram NFsUnNAAEInegN d-gram AenisinAussenslulselendzifieulAesnIugnaedgand
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nn 4 AuUssENBaunsEsaulsylen Taeazivuaaidaadu (1, 0, 0, 0), (0.5, 0.5, 0, 0),
(0.33, 0.33, 0.33, 0.33) way (0.25, 0.25, 0.25, 0.25) Lagn1uunfinIsM191uYe9 BLEU a1y
an3i (@) wlelunsdesiunnuiianaslunsdiimamusseefifisussninsiuiiiusses
TadussenenisiduiuluaafadeRanaindiviliaazuuusenunidy 1 fafinuduass

219895 AUTTE18NYNININTU

=

. o . a ' 4 4 g w0 T [

Reference(fussnedrad) = ['ne anas i ww, uane e dlav wie ville, 7 4 10 da a0 dnseou onf, e somuef]
. . = v = ) - . d 4 = v - ¢ <
Candidate{dwssneiiluanaine) = ‘s asas, 3 e guane, T, e, woky wide e 0 dae s dnseu et e snoued)

Qll 0 1 o ¥ a I 2 [J PN 2/
E‘U'Vl 3-18 F1BY1NANUITINYDNBUNYUAUATUTIENENLULAAAT S

INFUN 3-18 ANUTIYIWINBWALATVTILENLAaT 1R T UYNTAINULAASINAT

[
IS) IS}

AZWUY BLEU vaensaidaziindu 1 waeldfielaenlunsaiu

u - o d o d e e
Reference(mussenashds) = ['ne anae i waw guner, T e wie il i T doe o snse, e wae, saesi]

Candidate(dusengiilunaging = ['ns,anas, T uaw, qune, oy wie sl 5w, e so dnsen, aud une 3a

'
=

JUT 3-19 fegemusTegedafiguiumusseielunaaialiavilam

INFUN 3-19 AIUTIEIL1BMAEATUTIEITURaATITRA 1 A1 Weiguiulad

BLEU nuTaRanatntuysylaanlunagsialaieunumusse1s01999maivinti b anaswuy

a o

BLEU 191 0.9391 ins1ziidnfing1uiuntemlaenisanal BLEU lasazidunazaiuinlaain

gns (4)

Reference(musnegneds) = ['moeanar i waw, dumer, Y, o iy il 30 viae W owr, s e, e wae ol
Candidate(ussneiluanaig) = '8, T ol o nssfhe s B w1 B one valing g, Sl maaer, o

IDREELSY

5UN 3-20 fhegadussenendaiiuiumussenelunaaiamavausylen

91NJUN 3-20 AUTIBIEBMaTAUTIENETLUaasRaTIIUsElen Waeuiu

wa7 BLEU nutaianatntulseleanlumads1alafiguniuaiussetgonedanaivinlibamn

(%
a Y

AzlUY BLEU 10 0 insnziidmanauszloalusussoneiluinaasis
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3.7.1 Aede BLEU

Tuineriwudiauldvhnsmeiaiores BLEU fayndeyatinasuuazvaaou
Taglsmaaouiuluinanisusseisnmiiasiaiae CNN(Convolutional Neural
Network) $23/1U Bidirectional LSTM @en1svnanadeves BLEU luseuusnaziim
vssseilunaldadatuiisuiuiuussesduatuniedusseedsdeiifudign
Fouusseslilugndoyanas Flicksk way gadoyanisanasiidavinduodaonadng
filsazumnensfululunsiagluadslunavesnisnaasslia BLEU fisnnninlunad

° ™ = ~ 2 ] 1
'LﬂlnLU?EJ‘ULV]ElULLag"\]gllﬂ']iLLa@QIllLﬂaaue]i'ﬂllﬂilﬁl

References = [' mwu' A, 'mmﬂ' B, 'agj’, ', S ),
s, &, e, ', ik, e, A, 'mﬂlﬂ' ey, 'ag, U, Tan]
v, &, Yana, de, g, U, P, W',
e, &, Yeng, ok, @', e, ide 'éd' Weny, HW, e, A e,
[qva, &, drena, WAL, A, e, U, "wu' o]

Candidates = ['gia, '@, Yhana, B4, ot U, Py, o]
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VGG16 + Bidirectional LSTM ﬁgﬂﬂﬂaau 100 s8U

BLEU Train(6816) Test(1704)
BLEU-1 0.698177 0.607605
BLEU-2 0.546698 0.420551
BLEU-3 0.440029 0.307364
BLEU-4 0.349506 0.221886

4.9 sUuazdussBrea A elngia¥eainluna ResNet50 + Bidirectional LSTM

(yntayasav)

Model: "model 1"
Layer (type) Output Shape Param # Connected to
input_3 (InputLayer) [(None, 70)] 0 [1
input_2 (InputLayer) [(None, 2048)] 0 [1
embedding (Embedding) (None, 70, 128) 898304 ["input_3[e][e]"]
dropout (Dropout) (None, 2048) 0 ['input_2[0][0]"]
bi?irectional (Bidirection (None, 256) 263168 [ "embedding[@][@]"]
a
dense (Dense) (None, 128) 262272 ["dropout[e][e]"]
dropout_1 (Dropout) (None, 256) 0 ['bidirectional[@][0]"]
dense_1 (Dense) (None, 128) 16512 ['dense[@][0]"]
dense_2 (Dense) (None, 128) 32896 ['dropout_1[0][0]"]
add (Add) (None, 128) 0 ['dense_1[0][0]",

‘dense_2[0][0] "]
dense_3 (Dense) (None, 128) 16512 ['add[e][e]"]

dense_4 (Dense) (None, 7018) 905322 ['dense_3[@][0]"]

Total params: 2394986 (9.14 MB)
Trainable params: 2394986 (9.14 MB)
Non-trainable params: @ (©.00 Byte)

U7 4-101 agulanma ResNet50
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ResNet50 + Bidirectional LSTM #igniinaeu 50 seu

BLEU Test
BLEU-1 0.646815
BLEU-2 0.462727
BLEU-3 0.344358
BLEU-4 0.252195
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ResNet50 + Bidirectional LSTM #igriindew 100 s0u

BLEU Train(6816) Test(1704)
BLEU-1 0.669693 0.611543
BLEU-2 0.511792 0.430566
BLEU-3 0.404764 0.319303
BLEU-4 0.315446 0.233104




4.10 gUnazAUsIEIENMATEIneiai1sannlana MobileNetV2 + Bidirectional

LSTM (yadayasia)

Model: "model_1"
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Layer (type) OQutput

input_3 (InputLayer)

input_2 (InputLayer)
embedding (Embedding) (None,
dropout (Dropout) (None,

bidirectional (Bidirection (None,
al)

dense (Dense) (None,
dropout_1 (Dropout) (None,
dense_1 (Dense) (None,
dense_2 (Dense) (None,
add (Add) (None,
dense_3 (Dense) (None,
dense_4 (Dense) {None,

Total params: 2296682 (8.76 MB)
Trainable params: 2296682 (8.76 MB)
Non-trainable params: @ (©.ee Byte)

[(None, 7@)]

Shape

[(None, 1280)]

7@, 128)
128@)

256)

128)
256)
128)
128)

128)

128)

7e18)

Param # Connected to

- o g
e 0]
893304 [*input_3[@][@]"]
= [“input_2[e][e]"]
263168 [ "embedding[@][@]"]
163968 ["dropout[e][e]"]
e [*bidirectional[e][e]"]
16512 ["dense[e][e]"]
32896 ["dropout_1[e][e]"]
e ["dense_1[@][e]",

"dense_z2[@][@]"]

16512 ['add[e][e]"]
985322 ['dense_3[e][e]"]

sUT 4-133 agulaiiea MobileNetv2
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MobileNetV2 + Bidirectional L STM figniinaot 50 584

BLEU Test
BLEU-1 0.614416
BLEU-2 0.438282
BLEU-3 0.326279
BLEU-4 0.238734
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MobileNetV2 + Bidirectional LSTM ‘ﬁgﬂ?]ﬂaau 100 sou

BLEU Train(6816) Test(1704)
BLEU-1 0.681907 0.622566
BLEU-2 0.527521 0.441552
BLEU-3 0.421062 0.326594
BLEU-4 0.332014 0.237952

4.11 Tamanurundseuiiau

Model: "model_ 1"

Layer (type) Output Shape Param #  Connected to
=;nput_3 (InputLayer) [(Mone, 7@)] 2} [1

input_2 (InputLayer) [ (None, 4096)] 0 [1

embedding (Embedding) (None, 7@, 256) 1796608 [ 'input 3[@][e]"]
dropout (Dropout) (None, 40@96) 2] ['input_2[@][0]"]
dropout_1 (Dropout) (None, 7@, 256) 2} [ 'embedding[@][0]"]
dense (Dense) (None, 256) 1048832 [ 'dropout[e][e]’]
Istm (LSTM) (None, 256) 525312 ['dropout_1[@][0]"]
add (Add) (None, 256) 2] ['dense[@][0]",

‘lstm[e][e]"]

dense_1 (Dense) (MNone, 256) 65792 ['add[e][e]"]
dense_2 (Dense) (None, 7018) 1883626 [ 'dense_1[@][0]"]

Total params: 5240170 (19.99 MB)

Trainable params: 524817@ (19.99 MB)
Non-trainable params: @ (0.8 Byte)

UM 4-153 luwaasUlumaimhundssuiiey
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Embedding Input:45
Output:45.256

Dropout(0.4) Input:45.256
Output: 45,256

LSTM(256) Input:45,256 Output:256

Dropout{0.4) Input: 4096

Cutput:4096

Drense(256) Input: 40986

Output: 256

ADD Input:256,256 Output:256

w

Dense(256) Input:256 Output-256

|

Dense(d200) Input:256 Output: G200

|

Text Generator

|
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JUN 4-154 lasgasralumaiminaiSeuliiey

M13199 4-14 AWaAzIUY BLEU 9833ntayasiu Flickrek Wag ¥atayan15as1asiumad

uUseufigungninaeu. 100 seu

BLEU Train(6816) Test(1704)
BLEU-1 0.665669 0.564001
BLEU-2 0.513675 0.379860
BLEU-3 0.414095 0.271847
BLEU-4 0.332521 0.192607
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BLEU BLEU-1 BLEU-2 BLEU-3 BLEU-4

VGG16 +
Bidirectional 0.607605 0.420551 0.307364 0.221886
LSTM 100 32U

ResNet50 +
Bidirectional 0.611543 0.430566 0.319303 0.233104
LSTM 100 sau

MobileNetV2 +
Bidirectional 0.622566 0.441552 0.326594 0.237952
LSTM 100 58y

Method From
0.564001 0.379860 0.271847 0.192607
[24] 10052V
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BLEU

BLEU-1

BLEU-2

BLEU-3

BLEU-4

VGG16 +
Bidirectional

LSTM 100 38y

0.698177

0.546698

0.440029

0.349506

ResNet50 +
Bidirectional

LSTM 100%8u

0.669693

0.511792

0.404764

0.315446

MobileNetV2 +
Bidirectional

LSTM 100 sau

0.681907

0.527521

0.421062

0.332014

Method From [24]
100 59U

0.665669

0.513675

0.414095

0.332521

M15199 4-17 Wisuiguluea CNN figeniuutesiulumantiuneuiieuvesgnvagey

CNN fnslassadnates 5 4 MobilenetVv2(lsl
VGG16(135 imagenet) | Resnet50(laidl imagenet) + .
+ Bidirectional LSTM 4 imagenet) +
+ LSTM 5058y LSTM 5058V
505U LSTM 508U
BLEU1 =
BLEU1 = 0.513043 BLEU1 = 0.482294 BLEU1 = 0.465117
0.433215
BLEUZ =
BLEU2 = 0.283934 BLEUZ2 = 0.271646 BLEU2 = 0.250106
0.229439
BLEU3 =
BLEU3 = 0.177309 BLEU3 = 0.175115 BLEU3 = 0.158585
0.142761
BLEU4 =
BLEU4 = 0.112540 BLEU4 = 0.113238 BLEU4 = 0.103232
0.089530
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Neural Network (CNN) dsunisienaanuaenIndunm uag Bidirectional LSTM dwsy
adumusseeneugUnmuazdarudeuni Tas ONN fildidentdtuivomn 3 vin
Aoleun VGG16, ResNet50 waz MobileNetV2 33 CNN W1 3 At g IN R Uy
Bidirectional LSTM saufi489din15919lAaseaa519909 CNN Losuwdaurluvinnisnaaneiu
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v A
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Enhancing THAI Image Captioning Performance
using CNN and Bidirectional LSTM

Witchaphon Tieancho
Department of Electrical Engineering
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Abstract— This research has designed a deep learning model
to create Thai captions using a convolutional neural network
(CNN)in VGG16 format to extract image features, and it is used
to procreate captions using bidirectional LSTM. The data
warchouse used for training and testing is  Flickr8K, which
combines  customized traffic-related image and caption
information. For the first set of data, that is Flickr8k, all
subtitles had to be translated from English to Thai using Google
Translate, and ways to deal with the data before training were
to remove special characters to prevent the Thai language
description from being distorted. Then, to evaluate the result of
the captions the model produced compared to default captions,
the BLEU metric was used to measure the score. The resulting
average score was effective because it was higher than the
compared models. The score values were paralleled up to 4
grams.

Keywords—Thai captions, convelutional neural network,
bidirectional LSTM, BLEU

1. INTRODUCTION

Image captioning is work related to the description of
images. It has linked vision and language to create captions.
The main principle of it is to disseminate the elements of the
image as much as possible. This is a field of study that is
becoming progressively more prevalent right now. Most of the
work is in the field of English narrative; it has very little in
other languages. We perceived the importance of this;
therefore, we came up with the idea of creating Thai image
captioning. We recognized the study which we did could be
further developed in the future, such as making it into a
notification system, so we included a traffic data set because
we thought that just presenting the current data set might not
be sufficient.

We conduct our lectures with the Flickr8k [1] and custom-
collected traffic datasets, respectively. First, visual
information and lecture information in English must be
translated into Thai using Google Translate [2]. Second, the
canvas observation and recital datum will be manually
written. By combining the two datasets together, we train
them using a generated image captioning model and display
the results. However, traffic datasets were generated because
we recognized that research in this area could be applied in a
variety of ways, such as when the model receives images of
people walking across the road, an audible warning can be
issued to drivers to be cautious, but this research does not
extend beyond creating alerts.

In this paper, we designed our own model using a
convolutional neural network (CNN) to extract image features
and a bidirectional LSTM to generate subtitles. This is an

979-8-3503-8155-9/24/831.00 ©2024 IEEE
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Silpakorn University
Nakhon Pathom, Thailand
phumeechanya_s(@su.ac.th*
*Corresponding author

exceptionally significant process. Finally, the BLEU [3] score
is to be used to measure the accuracy of the output compared
to the original dissertation. It evaluates all the commentary
that is part of the test and illustrates the average consequence.
The values that came out had a higher assign score than the
primitive model.

1. RELATED WORK

Before designing the Thai language caption model, we
analyzed style prototypes from several research papers on
English description. Desai and Johnson [4] presented Virtex
with a pre-training tutorial using multiple captions to learn
how to reveal images and train a convolutional network from
the beginning, and then transferred it to downstream
recognition. Later, Bahdanau et al. [5] proposed that neural
machine translation is a new process for machine translation
in which they proposed a strategy for expanding the bottleneck
by having the model automatically search for sections of the
source sentence, as encoding the source sentence into a fixed-
length vector has been determined to be the bottleneck. Also,
the dataset used in training is flickr8k [1], and we used
imagenet [6] for the pre-training CNN model. After that, Li et
al. [7] exhibited BLIP, a new VLP outline that pre-trains
multiple encoders and decoders using bootstrapped datasets.
Cheng et al. [8] presented a maiden design named Geometry-
Entangled Visual Semantic Transformer (GEVST). It consists
of four parallel encoders: VV (pure visual), VS (semantic
fused to visual), SV (visual fused to semantic), SS (pure
semantic) for creating the final subtitles where geometric
properties are used visually and semantically in the fusion
module and self-attention module.

Currently, there are multiple research studies regarding the
creation of captions for images that can be studied, as well as
different methods. Like the work of Mokady et al. [9], they
used CLIP encryption as the subtitle prefix and a mapping
system, then adjusted the language model to create a
description. The main idea of this research is to combine the
GPT?2 pre-trained language model, where the results of the
method can effectively generate rich and significant captions.
Later, Zhang et al. [10] showed the details of a method to
improve visualization for visual language tasks and to develop
an object detection model that provides object-centered
visualization. They intend to propose that visual features are
highly significant in VL models. Nie et al. [11] proffered
receptive issues related to image captioning, such as the minor
problems that arise in the images.

In addition to the previous studies, there is additional
study that is mostly used to establish image captioning
models. O’Shea and Nash [12] presented an introduction to
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convolutional neural network (CNN). They concluded that
CNN differs from neural networks in that it focuses on the
entire problem domain and knowledge about specific inputs
is retained. Staudemeyer and Rothstein Morris [13] stated
Long Short-Term Memory is a very powerful ambulatory
classifier, including how LSTM-RNN is improved and
LSTM self-resetting has been introduced that can increase the
available space memory of extraneous information.
Mahadevaswamy and Swathi [14] summarized the technical
information on sentiment analysis using bidirectional LSTM.
Onward, Schuster and Paliwal [15] proposed an amplified
RNN for a bidirectional recurrent neural network that could
be instructed without limitations on the input data to
predefined future frames by training simultaneously in both
the forward and backward directions. The bidirectional
structure can be easily adjusted to allow a good estimation of
conditional exploration feasibility.

Mookdarsanit et al. [16] used a deep learning model to
create Thai captions using CNN encoding in VGG16 to
extract objects in the image as well as using RNN that have a
long short-term memory (LSTM) inside to compose Thai
sentences to match the meaning of the pictures, and then the
image description was evaluated by the BLEU score.
Watcharabutsarakham et al. [17] created an interesting model
training structure using Inceptionv3 and an LSTM that
generates captions through opportunistic search. Papineni et
al. [18] proposed an automatic machine translation estimation
method called BLEU. Another significant point is to
acknowledge the work of [19], who designed a captivating
captioning framework using CNN and LSTM in the method.
It demonstrated how to design model structures and make
comparisons.

III. THE PROPOSED METHOD

This section describes the content used in designing the
structure of the research and various methods for preparing
and manipulating data.

A. Datasets

We have taken the dataset from flickr8k [1]; it consists of
a pair of pictures and English subtitles. There are 8091 photos
in total, and each photo has five different captions. Combine
them with our custom-made traffic image-related data set,
which contains 429 images and 5 different Thai subtitles for
each image as well. So, there were 8520 images in total and
42600 captions.

B. Data Preparation

Before training the data, we observe the dataset in
Flickr8k [1] that mostly consists of images of dogs running
on grass, people skiing down mountains, racing cars on the
race track, girls playing on the grass, etc. As a result, when
adding traffic information, we must provide not only traffic-
related elements, but also other relevant elements in detail,
such as girls, boys, old people, colors, and so on. Because not
only does it add features, but it also reinforces repeated
learning. In addition, the captions that accompany Flickr8k
images are in English. We have translated all captions into
Thai using Google Translate [2]. As for the traffic data set
with Thai subtitles, we wrote it ourselves. However, there are
several features to consider while translating English captions
into Thai for the Flickr8k dataset, such as the usage of Full

Stops, Question Marks, Exclamation, Commas, Colons,
Apostrophes, Semicolons, Hyphens, and Quotation Marks.
Even after translating them into Thai, they still do not
disappear. Therefore, before or after translating, we have
deleted those things because they affect training and make
Thai sentences different. An example of the English subtitles
translated into Thai from Fig. 1 is shown in Fig. 3.

~ o g/
1.A lady wearing a helmet holding a bike.
2.A woman in a blue vest and a sky blue helmet stands
with her bicycle in traffic.

3.A woman in a helmet rides her bike behind a car.

4.A woman with a helmet and a backpack walks next to
her bike.

5.Women with bike and a helmet wait for traffic.

Fig. 1. Example images and captions from the Flickr8k dataset.
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Fig. 2. Example images and captions of custom traffic datasets

1.A lady wearing a helmet holding a bike.

2.A woman in a blue vest and a sky blue helmet stands with her bicycle in
traffic.

3.Awoman in a helmet rides her bike behind a car.

4.A woman with a helmet and a backpack walks next to her bike.
5.Women with bike and a helmet wait for traffic.
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Fig. 3. Example caption is translated by Google Translate.
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C. Model Development Design

The architecture of the caption extraction model in this
research uses VGG16 to encode images to extract a total of
4096 features and it also has a total of 16 main layers, it
accepts RGB color image of size 224%224 as input data. All
the extracted features were combined with training
Bidirectional LSTM later. Before combining them, we
designed them to have a layer of one dropout layer and two
dense layers on the image encoding side. On the other side,
bidirectional LSTM also receives values from embedding,
where it internally receives a maximum caption length of 70
and vocabulary size of 7018. Then the input of images and
text was combined to decode, and the last two density layers
were defined before importing the text generator function to
create captions. In which the activation function of Dense is
used on all layers as Relu with the exception of the last layer,
which is used as Softmax. As for compiling the model, set the
loss function to categorical_crossentropy and the optimizer to
adam.

Input:70 Output:70 (maximum
length of the caption)
Embedding Input.70

Output:70,128

Bidirectional LSTM(128)
Input:70,128 Output:256

Dropout(0.4) Input:4096
Output:4096
Dense(128) Input:4096

ut:128
Dense(128) Input:128
2

Output:128
ADD Input:128,128 Output:128

Dense(126) Input:128 Output:128
Dense(7018) Input:128 Output:7018

Dropout(0.4) Input256 Output:256
Dense(128) Input:256 Output:128

Text Generator

s . s dow
mmwan‘\‘.ﬂuqum‘lu.amwwuww\Lﬁw

ménsumeusfuacsnous
Fig. 4. The model architecture designed and developed.

IV. EXPERIMENTS

Before doing the image and text training, we divided the
data into train 80% and test 20%, respectively. The first
consists of non-random Flickr8k images combined with a
selected traffic dataset to be used for training. The training is
carried out on an A100 GPU. This is because our model has
a large number of images and text, with each caption being

quite detailed and long. As a result, appropriate resources that
give good processing speed must be chosen, and the training
model was set at 100 epochs, using the same number of
epochs as the model being compared with [19]. Then, once
the model completes training, we evaluate the caption which
it produces against the original five captions using the BLEU
metric. The results are shown in Table 1.

TABLE L THE RESULTS OF MEAN BLEU SCORE VALUES OF
TRAINING AND TESTING SETS.

Our method Method from [19]

Train Test Train Test
BLEU-1 | 0.698177 | 0.607605 | 0.665669 | 0.564001
BLEU-2 | 0.546698 | 0.420551 | 0.513675 | 0.379860
BLEU-3 | 0.440029 | 0.307364 | 0.414095 | 0.271847
BLEU-4 | 0.349506 | 0.221886 | 0.332521 | 0.192607

From TABLE 1, it can be seen that our BLEU average
score is higher than the compared models. This shows that the
model we have designed performs well when the training
parameters are set as described and our highlight is using
bidirectional LSTM instead of the normal LSTM by [19].
‘Where the range of its score will be in the range of 0 to 1.
‘Where 0 means no score at all or the predicted sentence does
not match the real sentence, a value of 1 means that the
anticipated sentence matches every veracious clause. The n-
gram of BLEU is measured at a maximum of 4 grams and has
a set weight value in each gram to be (1,0,0,0), (0.5,0.5,0,0),
(0.33,0.33,0.33,0) and (0.25.0.25,0.25,0.25) respectively.
There are sample images and captions from the test set,
according to Fig.5 to Fig.14. Including showing the equation
for calculating the BLEU score by (1) from [18],

BLEU =BP - exp(Zh w, logp, ) )

where BP is brevity penalty, w, is the weight film based on
N, N is n-gram sequence and p, is a n-gram precision.
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Fig. 5. Example 1: Test image and caption related to traffic.
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Fig. 6. Example 2: Test image and caption related to traffic. Fig. 10. Example 1: Test image and caption from Flickr8k.
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Fig. 7. Example 3: Test image and caption related to traffic.
Fig. 11. Example 2: Test image and caption from Flickr8k.
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Fig. 8. Example 4: Test image and caption related to traffic. Fig. 12. Example 3: Test image and caption from Flickr8k.
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Fig. 9. Example 5: Test image and caption related to traffic. Fig. 13. Example 4: Test image and caption from Flickr8k.
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Fig. 14. Example 5: Test image and caption from Flickr8k.

The result shows success in the visualization description
because it can be communicated to create understanding, but
there are some consequences that do not represent enough
details in the explanation from the images, such as Fig. 12.
and Fig. 13., which we hope will have particulars related to
sex, is also described, but none are available.

V. CONCLUSION

The operation of creating Thai captions in this research
focuses on the design and experimentation of deep learning-
based architectures that include CNN and bidirectional
LSTM. By experimenting with Flickr8k combined with a
custom traffic dataset, the BLEU metric is used to measure
the score of the model compared to the original captions, both
for testing and training. The results from the experiment are
satisfactory because the average BLEU scores of the model
test set in this research are 0.607605, 0.420551, 0.307364,
and 0.221886, respectively, which are higher than the average
scores of the model that we compared, but there is still a part
that needs to be careful. When translating English captions
from the Flickr8k dataset into Thai using Google Translate,
certain characters must be removed before or after
translation, such as Full Stop, Question Marks, Exclamation,
Commas, Colons, Apostrophes, Semicolons, Hyphens, and
Quotation Marks because the Thai description was
mistranslated. Finally, for this research, we appreciate [19]
for designing the image caption creation model that was used
as a prototype for this research to develop and expand upon.
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