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BAB I

PENDAHULUAN

Computer Vision (CV) telah membuat kemajuan vang signifikan dalam
gambar pengolahan, seperti kategorisasi gambar dan objek pengakuan. Keterangan
gambar yang dikenal dengan state-of-the-art problem “lmage Captioning”

ses oleh orang-orang dengan gangguan peng

yang terjadi di tempat kejadian yang sedang dipantau. Aplikasi potensial lain dari
keterangan gambar termasuk di mesin pencari, untuk membantu pengguna
menemukan gambar dengan lebih mudah, dan di media sosial, untuk membantu
pengguna memahami konten gambar yang dibagikan oleh orang lain.



[

Banyak algoritme yang tersedia saat ini untuk menyampaikan esensi gambar
dengan kata-kata didasarkan pada arsitektur encodfer-décoder, di mana infrastruktur
decoder dapat memprediksi kata-kata dengan memanfaatkan fungsi yang diterima

dari jaringan encoder. Studi tentang pembenan keterangan pada gambar ini secara

Membuat keterangan :aa.l:nht'liqmt Mﬂ untuk berbagai tujuan,
pmgqnulm wijaly  mencinkan jminrldu dﬁﬂgm gangguan penglihatan,
meningkatkan kualitas kueri foto, dan banyak lagi. Tugas yang menantang dalam
mengembangkan deskripsi bahasa alami dari informasi dalam gambar berada dalam
antarmuka CV untuk ekstraksi fitur gambar dan mghuﬂhﬂﬂﬂuﬁw

i mobil. mengembangkan  sistem

EIMW!:M di beberapa bidang, seperti pencarian ymhnr]m&thngal
:ﬁﬁﬂm ilmu, seperti pengembangan perangkat lunak mmﬁmhlhms.
pengawasan dan keamanan video, dan antarmuka antara manasa dl'n'inmpulnr.

SOTA IC untuk mmﬂ foto menggunakan berbagai pendekatan
jaringan saraf tiruan. Sehagai contoh, Comolutivnal Newral Network, ConvNet,
atau yang dikenal sebagai CNN ini Hilﬁfﬂpimli dénﬁn arsitektur hahasa lain, seperti
Recurremt Newra! Network (RNN), sebagai pendekatan kerangka kerjo berbasis
CNN-RNN, Pekerjaan ini menggunakan arsitektur standar menggunakan model

CNN yang sudah dilatih sebelumnya (pre-trained) untuk membangun vektor fitur.



Mereka kemudian dimasukkan ke dalam RNN sebagai deceder yang bertanggung
jawab untuk menghasilkan deskripsi bahasa.

Struktur berulang dari RNN. juga tipe RNN vang ditingkatkan, seperti Long
Shart Term Memory (LSTM). membuatnya lebih sulit untuk dilatith karena sifatnya
yang berurutan, di mana pada akhimys; implementasinya dalam IC dapat
menghasilkan skor evaluasi vang Inhﬁ-m&hpaﬂ:mndel berbasis RNN standar.
Namun, masalsh parnlelisme yang menjadi kekurangan pada RNN-hased akhimya
diatasi oleh mode! SOTA Transformer neural menvek: Karena arsitektur tersebut
w& atas nmknh'm]trhmm {attention W}mdupat membaca
shhi}:ﬂaks. model tersebut juga dapat bﬁmﬂnﬂmmwm fase
pelatihan dan tidak memertukan urutan tertentu.

Dalam masslah keterangan gsmbar dalam bahasa Indonesio. pendekatan
GRU pada penelitian sebelumnyy untuk pembuatan kelerangan gambar berbahasa
Indomesia digunakan untuk mengatasi beberspa masalah yang ada pada RNN.
Namun, karens modelnys masih berbasis RNN, temuan mercka menunjukkan
bahwa-mpﬂﬂ'm-mm knnt&kﬂihﬂ.mpmkm bahwa perfumya
implementasi penelition SOTA untuk pembuatan sequence dalam bahasa Indonesia.
Penelitian lainnya untuk pﬂnterla.n teks bahasa Indonesia pada gambar juga
menggunakan CNN dengan arsitektur pra-pefatihon VGG-16 untuk encoder model
dengan tipe RNN lain yaitu LSTM sebagal decoder pada modelnya, tetapi tanpa
menyelidiki dampak ekstraksi fitur pada pengukuran kualitas teks gambar untuk

kinerja model. Temuan mercka memmjukkan bahwa hasil model memiliki skor



evaluasi yang lebih baik dengan BLEU 1-4 (masing-masing 50.00, 31.40, 23.90,
13.10).
yang dapat mengatasi kelemahan model berbasis RNIN dengan sifat paralelnya dan




BAB I

PUBLIKASI FERTAMA

foto: CNN dengan ResNet sebagai encoder, dan Transformer, mekanisme
berbasis perhatian diri sehagai decoder. Dengan menggunakan kumpulan
data khas Indonesio, bernama FlickrBk Baohasa, kami menggunakan
pendekatan berbasis Transformer untuk membuat model pembuatan teks



bahasa Indonesia dan foto. Kami menunjukkan bahwa strategi berbasis
Transformer Indonesia mengungguli vang lama, di mana hasil terbaik
diperoleh dengan BLEU-1 hingga 4, METEOR, ROUGE L, CIDEr
masing-masing 56.00, 41,17, 29.42, 20,57, 19.30, 44.16, 57.26. Selain

OLITE R [J:lﬂdll Pm—Pﬂhﬂ‘lﬂ.ﬂCﬂ”

masalah dalam {mage Captioning yang
- Mengidentifikasi arsitektur decoder apa yang lebih efekiif dari model
Image Captioning yang berbasis CNN dan LSTM



- Mengidentifikasi pre-trained model CNN apa yang memiliki hasil yang
lebih baik sebagai emcoder berbasis ResNet dalam model Image

Captioning untuk ekstraksi fitur gambar

= Mengdentifikast  hyperparameter  terbaik  dalam  masalah  Tmage

pada decodermodel

7. Kesimpulan Penelitian
Beberapa hal yang dilaporkan dalam makalah ini dirangkum oleh (1) Riset
dan eksperimen dengan model Image Captioning bahasa Indonesia, (2)
menggunakan encoder-decoder sebagai model pembuatan keterangan
gambar dalam bahasa Indonesia. (3) menggunakan arsitektur Transformer



dengan ResNet-family yang telah dilatih sebelumnya sebagai decoder-nya,
Implementasi model berbasis Transformer dapat mengungguli desain model
sebelumnya menggunakan daraser skala kecil hingga menengah karena




BABIIT

FUBLIKASI KEDUA

dipertukan_ Penelitian ini bestujuan untuk menentukan arsitektur atau model
pra-pelatihan CNN mana yang dapat melakukan yang terbaik dalam
mengekstraksi fitur gambar menggunakan model Transformer sebagai
dikidetiva Tidek werts arsitaktur Transhriier sl K wisenipkens
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cary vector-to-sequence alih-alih sequence-to-seguence. untuk modelnya,
Dataser Flickr8k Bahasa Indonesia digunakan dalam penelitian ini.
Evaluasi dilakukan menggunakan beberapa arsitektur terlatih, termasuk
ResNetl®, ResNet3d, ResNet30, ResNetl0l, VGG16, Efficientnet b,

Efficientnet b1, dan Googlenet. Hasil inferensi model kualitatif dan skor

1 model secara signifikan. Uniy

memahami konteks urutan dalam masalah sekuens pada arsitektur

berbasis RNN (GRU atau LSTM)?
- Bagaimana pengaruh model pre-trained CNN yang berbeda sebagai
encoder pada kualitas hasil teks vang dihasilkan model?

- Bagaimana pengaruh CNN dengan channef size yang berbeda?



- DBagaimana efek fimetuning pada emcoder model CNN dengan
Transformer sehagni decoder-nya?
5. Tujuan Penelitian
- Mengembangkan model yang memiliki performa lebih baik untuk
masalah dalam fmage Captioning yang berbasis berbasis CNN + GRU

- Arsitektur Transformer sebagai decoder lebibh efektif karena dapat
memanfaatkan paralelisasi saat pelatihan dan dapat memahami konteks
urutan dengan mekanisme berbasis perhatian (attention mechanism),
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- Diidentifikosi bahwa model pre-trained CNN berbasis ResNetS0
memiliki hasil evaluasi yang lebih balk dibandingkan ResNetl8.
ResNet34, ResNetl01, VGG16, Efficientnet b0, Efficientnet b1, dan
Googlenel.

- Diidentifikusi bahwa pengaruh GNN dengan channe size yang berbeda

BT kecuali untik ukuran kanal

n ini menggunakan beberapa model CNN. yaity
ResNetS0,  ResNetlOl,  VGG16,
Efficientnet bl. dan Googlenel. untuk men
oo geunakan ResNet30 dan
benar secara tata bahasa. Eksperimen menunjukkan  bahwa
menyempumakan model pembuat enkode hampir selalu meningkatkan
keluaran model dekoder, menghasilkan skor evaluasi yang lebih baik sekitar

2% daripads model CNN lainnya pada validasi. Model ResNeiS0
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hﬂ*bnnbmemﬁnmabemidﬁnﬂu.ﬂ'Mhﬂﬂhﬂnﬁhﬁﬁ!y&
lebih baik dibsndingkan pendekatan pembuatan caption sebelumnya
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Automatic Indonesian Image Captioning using CNN
and Transformer-Based Model Approach

Rifgi Mubwan
Pon (irduste Program
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g mialyaw dents smikam o id

Abwract — lmage captioning iovelves s phrose texi
peneration or more fer the visusl contemt descriptions from
imnpes. Caption peoerabion for sm imape i considored
impartant to aid homan ectivities in comprebemding visual
malerial, such @ captions on medicn] imapes, omon contac
with robats, pud Belping visumly mpaired people exploim
vismals. Our stusdy aims 1o creste an lodenesian  image
dnmplinn ametl nssess how successiul the caption’s spproach i
Trumslated Flickrik d are provided En‘ﬂ.ﬁrruﬂlglﬂ“
This stuady empleys twe methsds for lm
phnto: CNN with HesNet as the encoder, sl Trl.nq.ma
self-attentinn-based mechanism ai the decnder. ;ﬂm
Indonesisn  dustascls, named m Ratuna, we dsed o
Trunsfarmer-hased lppr"ﬁh m-ll mmw
peneration model from #h. We w&.w
Indbimesizn Trunsformer-based siroiesy i wld
ume, where the bist reults were obinined with BLEU-D io 4,
METEOQR, E[}me of 5680, 4117, 3941, 057,
1950, 44,06 57.24, hﬂ.ﬂumpll!n:lhlnnd:l:
performance using | Reshici-baned CNN pre-irmimed
madels, o larger m H “ maf FEaramies Gy SECHCECY
imprmyement Mlgﬁ*-mﬁ;ﬂ'lr-nq procemses.

Keywords — Deep Newral, Netwairk, Convolutionl Newril

Network, OV, didonesion dmage | Caprivning, Transformer,

h

Comgpater wm.]lu M-ﬂyﬂﬁrunt progress in fmage
processing. such’ g8 onage categonzation und objent
recognition.  Image paptionmg wsc: advinces i image
Lim:fcﬂluﬂmﬁuwﬁmmtmn io crente one or more lexd
captions that mﬂy.ﬂ.mlﬂmﬂtnﬂi} describe the content
of an mage [1].

The automatic pencration of full and natural descriptions
of photos benefits titles ﬂtﬂql o news nl-mh.
deseriptions related 10 the medic,
languayr, information accessed By visually mpumﬂ USCTS, 05
well as the interaction of human and robot development §2
Written dicscriptions of visunl content, such nsﬁuﬁng&
imnke the information more digesitble.

A more sophisiicated  onderstanding  of  mmage
cotegorzntion amd detection s required to gencmie o proper
notural lanpuage text for w photograph. This ssue 13 mingung
becouse it merges two of Amifical Inteligence’s key ficlds
[3F i1} Computer Visien or CV, (2) Maotural Lonzuapge
Processing (NLP), alernatively referred o s Natural
Longuage Understanding (WL, The conventional way of
solving this problem s to use o CWK or Convolutionn] Neural
Network (ConvNet) and an LSTM decoder mrchuiecture,
which stands for Long Short Term Memory. The input image
is encoded using newrn] networks, and the dotn captions are
created wsing an iterative newural network called 1STM [4]
However, this stratcgy has the disadvantage of requimng that

“Cormesponding author: Andi Sunyoho (i acid}

©2073 JEEE

Andi Sunyom”
Post Ciradimte Progrom
Limiversitns Amikom Yopynkana, Indonesiz
andiinaamikam.nc. ud

Alva Hemds Mubammasd
Post Gradoate Program
Unsversitzs Amikom Yopyakoria, Indonesin

alvadaamikom s ad

the sequence be hondled sequentially. Mumerous reseurchers
recently used the Transformer model for LSTM replocement
to mfoermtically generate capiions for photos usimg a range of
lonzuape-based datasets to overcome: this constramt,

CWN and attention-based mechonism discoveries [5]
illﬂﬂlh: used in this work to offer images with descriptions
Jﬂﬂnﬂ. Along with providing  descriptions in
thestechnigue should strive for as natural syntox
m close bo-that of buman kngunge [1]. Additionally,
experiment compires our sugrested Indonesian caption-
wﬁmg model i & more substantial layer of the CNN
modde] that s Iw:n Iﬂﬁw

ﬂ+ LUOTRATURE REVIEW

A Awroomgtie fmeize Capéion

A recont captiomng technique wses the widely
utilized encoder-decoder framiework wvpes. The model &
consimcted mm_mlmmm [}, such. s the
cid-inend  framework oiilized: me tion with the
ComvNet for picture cocoding el th nqhm_sm: for
senfence pencration.

ConviNet [7] 15 ntihzed o ﬂuﬂ_fwns m this work
This type of feed-forward neom] nebwork mvestipates the
hierarchical strucure . of an onage by unalyrng the
representation of imemal foutres and pencralivng those
fentures in an m:#]lw, such 'H:igﬂ:t recogmition wnd

uther compuier; 3 'hh [Fk hﬁr in [lacll:: the
umplementation H-ﬂ cture can be applied in other
felds that = .ﬂlﬂl is the problem of

clasmaiymg nmm for semsculiure [9] and detection
of CT-Scan lung discuse jmages for the health sector [10],
Fipl Lllushmﬂhwﬂ CWN architecture to recopmize the
compater yision mige elassfication.

Fiz. 1. WM Architecturo Inage [7]

8. Tronsformer-Based Adrchitecture Model

Research “All You MNeed s Attention” [11] debuted a new
Transformer wrelnteclure  According 1o the tale of the
rescarch, the desien mokes wse of the previously eeporied
attention mechamsm, a sell-only atienbon-based archiectore
that convents one sequence to another usimg two cncoder and
decoder components.



Fiz I Chriginal Tl Model Ar-hitoctun fmese (1]

The stiention-hosed. is the first transduction
miode] that cumwmi m ot representations purcly
throogh  self-atienton.
Trnnsfl:n'm:ﬂnn&:l—bqﬂ
selfattention ond pointwise li}u:ﬂ: that completely eonneel
and withze the i;_p‘n&m*ﬁﬁﬂtmhmsm ta emplicatly
fink the inforniative rezion. Fig 2on the lefi and night are the
encoder-decoder pan of the on Transformser. where we
replaced the ::;'; mﬂm‘: with 5 Reshict-

C. Refoted Work *

Moy studies weTe inusly done n English since the
rebevunt datascts were: Eﬂ lish. The sttention-mechanism
was wiered to create %hmwm

Most oriicles rmpiqd mﬂfﬂ:ﬂt“mﬂf

pimlrﬂmumgml’k{'l%[l
iy g‘mﬂrﬂ“‘

also mplemented the pre-irmned
[2] for the feabure image. m?

some rescarchers. For other lonpuages. resemchers crented
subtitles m Chmese [15). [16], Japancse Yoshe u [17],
Arabic [18] Bahasm Indonesia’s adaptive

Gated Recurrent Unit (GRLU) [20], and using the FEEF-ID

Flickeitk’s datuset [21] i addition 1o English.

Some studics also use Transformer architecture as the
basic model, although ecach study wses vs method, where
rescarch obtamed the highest BLEU seore with 81.7, 66.8,
324, and 404 (BLEL 1 to 4). These methods include [22]
ustng Image Transformers, [23] usmg Meshed-Memory
Transformers, [24] using Boeosted Transformers, snd [25]
using  Multmodal Transformers with  mult-view  wisunl
representnbion approaches.

A Transformer-hased model was alse utthzed to caphion
ymages using an Enghsh dotesct. Ly and s colleagues [26]
looked ot a Transformer-architect-based sequence modelling

framework for pacture text peneation that was solely made up
of atiention and feed-forward layers. Furthermore, m thew
study [27]. ohject spatial connecton modelling was wsed for
itmage captioning, notubly mside the architecture, osing the
Transformer as o model encoder o incorporie the module’s
ohjeet relation types In sddition. Athha ond Eok [28]
proposed and employed imape caption nugmentation n 8
dtaset to find & selubon 1o the preture captioning challenge,
mcorporating BERT sugmentation,

Zhang also wses a ConviNet as the encoder for the pre-
trained CWNN model for exracing pictee features. The
Tramsformer 15 used Lo construct caphions using the encoder’s
outpul vector, which contnins criical mformation from the
mmage. In contrast in their study [22], the 1maze Transformer
for pecture capionmg was prosenied wath cach  lwwer
implementing  numerous  sub-Transfommers  for - spatial

1L PROPOSED METHOD

Fig. X TIIIHEIIDH—“M I 'iiﬂml:mlm Flwcian

[Maty  Prepafion, m Flw{mmg {pectures  amd
phirases), ‘v! I [wrfnm ‘extraction and caption
pencration), ind premary procedures in

v the four
thes stusdy techmguie Fig jdcmi: flowchan of our study
for caption | generition in Indoncsia wiilizng o

Transformer.
A Bt Preparation

The dutasel was retricved using common Flickrik and then
tronsloted into @ of 40460 caphions wsing Coogle
Translate imo pesian, cross-checked. also mamually

Mﬁmnt H ased in this study. Named Flickrik
: m mg in ! ic

this “Indonesizn Flickrsk datasct contuins 509
photogrphs and a caption file with five types of wonds, 6000
train, 1000 testing, and validatim,

B, Freprocessing

Preprocessing consists of two major steps: Image resirng
nnal tex1 preprocessing. The preprocessing input approsch wos
emploved (o normatize the mape to adopt the pretare formad
utilized m the ResMet pre-tmned model for the image
CXIFACION PrOCoss.

We afso chonge oll phrases to lowercese to make coanting
the number of umque words in the datasel casier. The
“<start="{ calbed S05) token 15 added to the first sentence, and
thie “=end>=" token 15 added to the last section of the semtence



(EOS), s the model can generaie photo sentences when 1
encounters 1he begmmng ioken and siops when 1t encounters
the end token.

Addinonally. we divided the text into individual words for
senfences to ensure that our Bahas Indonesin dataset had 2
un vocabulary. these words nio sequential
wuﬁumdrm ] mﬂycwm 1o represent the Erud:r of
words in o senience. A “Pad”™ m the frumework returns #ero if
the vector's length s less than the supplicd value ond deletes
the end of the vector if the length excesds the specified value
before then. shafimg the word order vector by one step to study
the model for the followmg phrase.

© Model Definition

Three ontical components contribute 1o the defimamon of
our  Transformer-based model:  ResMetS0,  Positional
Encoding, and Attention m Muliple Heads. Residusl

Metworks are also known as ResMets. Like the encoder, w:‘:- j
emplmved & CNM archilectore from Ih{pm fmﬂx,w =

generte one-dimensicnal vecior represen

-‘-‘__ ﬁlfﬂ:mﬂupmm
. ol the | function is constructed:; of

inpul embeddmg. n

POSHION 15 Dhlﬁ.‘: _

utienition, The -- 15 103! (IIHHYLKIEHLI’H
V (vahec) must be K and ¥ must hove penoltmate

id iz 'I'I!::nw_rsxmbaudml:h:

method to- seloct the w
decoding slep, as 1t ident

I Evalwaiion

The evalumton wclodes rammz snd 1

implemented (v run smmilaneously. The s | i

resulis evaluntion 15 done with the B1im§.ul Ewlu.unun
Understudy, BLEU [29]. This metnc evaluates the resulting
sentence io the tarpet sentence. The score means how close the
genertted caption text with the expected text or caption, The
resultmg sentence similar to the turpet sentence will be given
ascoreof L0 if it 1s not sumilar, it wall be given a score-of 0.0,
This evalustion method calculates precision usmg the Ngrams

To muxamize our dm: H‘ﬁh e Hﬂt ar

metric, where the maxmurm length of n-grums s four because

it hns the hirhest comelanon with people’s pudesment. The
score 15 measured using the below formla;

BLEU = 8P, exp (Efa; W log py) i

In Equation |, where the p,, is the modified precision for
7I-ZTHL, Ihchascfugulhtmuaibas:c w, for the weight
from 0 o 1 of logp, . TX_,w, equols to 1. The brevity
penalty (BP) for machmse Im:s'tntlm penalizatien can be
cakeuloted w=ing the below formuka:

1 ife>r
BF: = {H'FU—-] ifc=r 2y

ﬁiqwtm the ¢ 15 for the unigrams (length) numbers
eandidate sentence nnd r for the best match of each
3 ms!maﬂ::uﬂwdn.m

i b spus:msmnnpg:ﬁmmwh:hu
gencretion problems as o boss
Mlp scquired i this study were
¢ papular metrics [29] like METEOR.
enttonally wsed by omy
umitng Transformer-hased

from the stort {i.e, knowing \l’tlﬂ.lll?c&;l’:-
trmined Resnet -:nmth' n:r:cq:mumg

/ EI_EU scome phus the
Elnl:s of 56,00, 4117,

i mhﬂnmﬁg#nﬁﬂﬂ:ulﬁ:

edictson of the Transformer-based
i imoge does not exist m the previous
re certnm mmeges and senlences from our

'}IIEIE Ishuw: the quantimtive score for the Indonesian
Flickr8k Bahasa dataset using Transformer in comparison 1o
Nugrahn's GRU-based model [20], Mulvanio's Flickrik
FEEH-ID datuset’s LSTM-based model opproach (211, and
Mlnhadi"s LSTM-adopiive-atiention model [19]
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TABRIFEI Teapmirsas [ysew Ciryperas Mesioo Coastssasos Rrvoam
BLED z = "
Mcthad Diatuset 2 =
I b ¥ 1 5 z -
| ssconpertiokrik | s7s0 | 510 3ns0 ] 3400 00
NN = LETAL 1) FLICKREKTFTLH-I so.00 | 34 || zew | e -
CNN# ﬁﬂﬂm FLICKRIE B0 | 1TED | e | 02N = 1ra™ >
ﬁmmiﬂm FLICKREK RAHASY Sa00 | aAlIT | M4 m L T 1.5
W?Iwhi[::i;ﬂﬁumﬂﬂh #I!Trfggflihﬂ:zﬂ TAHLETL Pre-marsrn Moter Biremmiesero. Risioos
phote coptiomng. 'IasL. with the exception of adaptive- - ] 3
attention-hused considering the Flicketk dues<t. the languase E oy §
used is very sl enmpared o what they use. where they e T L | B 2
combine two dm?: thut wre guate Tarpe o terms of wmage I 2 ¥ 1 = | 5 -
captioning  and ‘the mplementation of - ottention-based - — - - :
mechanisms in theie methods with ESTM-based models. RESNETIS | SUEURISINSY | SN (T | i | o
As o resull of this finding and oor ovailable compuinhonsl WESNETD) SESEESEE H l-i'l' M [ALIE [ T
resources, we may compere our Transformer-based model | [MSNET0] SO0 | 006 a7 [ W | [ | st
approach for the Indonesian lﬁﬁlﬁﬂ:ﬁﬂlw '
senerstion mode] for sﬂ-ﬂk ﬂnﬂ;!m:hm

Flickrik.

Expermments were elso carried ot to implement other pre-
traimed architectures using oor Indonesian Flickr#k Bahasa

intuset beemse the scores evaluated using this Trnsfommer-

based model were unsatisfactory. In contmst, we SHspoct the
lurper pre-tramed CWN model can improve each menhoned
mictrics score and vige-versi

The results ane obtmned through some of the cxpenments
uxtng other ResNet's pre-tramed CKN models for the encoder
with standard one Transformer’s muli-heads wienson. The
channel sirc when applving different ResMet-based CNN pre-
tromang models is adjusted o 512 for ResMNeil®, 248 for
ResheeS0, and ResNetl0l on the model flow-through 30
epochs with the criteria for stopping traiming if there & no
improvement in BLEUS in the last ten epochs, as noted in
Table IL

Az nodgd in Toble T ResMet50 proved o be the best model
fiar our datakes @s il gives the highest score compared w the
esMeil 8 and ResNetl ] pre-trained CWN models.

Usmg these ResNet50 pre-immed CNN models. we also
HI& 10 the decoder heads number, as we expect o
incrense the mumbar of Transformer-based  muln-head
pttention while trmmmg oor dataset. The results - shoold
ncrease the score ns the Transformer’s architectore can aiiend
to information from different subspoces of representation.

TABRLE TIL Heanes Nemanen ¥V amrsmes Exrrnmoesras Brsoirs
BLEL § ; o
HEADS E | R | &
& E P
S 1 - (- A

1 SEO0 | 4007 | 2041 | MLET | 190 | 4408 | 5126

o] 549 | WL | 2706 | RW | 1908 | 4309 | M2

1 5543 | AR R 190 | 1921|4322 5230




Az we can see in Table 1L there is o model soore
improvement i it 45 we suspect that i ing the nammber of
heads also causes our Transformer-hased o overfil for
the small dotasel like Flickr#k compared o hgger ones hke
Flicke3the, MSCOCO 14, or 17,

V. CONCLUSHN
In this paper, our rescarch attempts 10 find the most
effective approoch and sensitivity for the Indonesian image
captioning problem using Indonesin Flickrék's. Bahasa

Several things reported in this paper are summarized by
(1} Rescarch ond experment with the Bahasa Indoncsia image
captioning model, {2) using encoder-decoder 15 nn image

cupbion genermtion model 0 Indonesian, (3} using
Transformer architecture with pre-tramned s family as
the decoder.

1] £ Amirian. KB
TeviEw On iMmngE O
It Cowl Ramuge Process. Conpmd. Fision, Pattern
10-1%, 019,
121 L Shi, PULL B Wang, and Z. Wene, “Image o L
on deop reindorcement earmmg ™ imhwﬁmﬂq
Fer_, vl DIO5L pp. 1-7. 20K, doi: (0L LAET40NTEI THMHME.
(11 i Thang et wl, <A reversible Pucorescent pil-sesing system
hesed on e ooe-pot symthess of miurs] silk fhon-opped
ooger nmmncfusters. ™ . Msier Chem Coval 4 na, T, pp.
I50-15LE T006, doa: 1 1GIWhicONt] da
4] 5. PaPuAumg, W, Pa Pa, ssed T Nwe. “Auiomsi: M yasmar
Image Captianmg using UNN and LSTM-Beed Langaage
Model,” Froc: it Mok, Spek Lowg Technol Under-
resourcef Lawg, Collah. Compa. Under-Brvosnoed Lang., no.
May, pp. 138143, 2000, [Cinfime]. Available:
Iipafwww.achveb.org smdbology 202 she- 1 LW

|5|: M_-HL e ef al, A ion Mechanisms in Comy Wision: A
Survey,” vol 14, no. & pp 137, 2000, [Online]. Availuble:
ity Farsivoegiabu2| | 1624,
[l F Siohiberg “Neurad maching trsbation: A seview,” 4. ARl
il e, val #9, pp. 34521 B, 2124, doi
LA BA TR | L2007,
M A Aji K Achrva and A. Samania, “A Review of
i 1 | M eural N ks, dnt. Conf Emery. Treneds Infl
Terkwol Eng, ne-ETPTE 2000, ppe 15, 2020, doi: V0| L0 i
ETITESHI3 2020049,
] A F Ciod, Practiced Comgtuter Visin dppdicasions Ui e
Fesarming with £V 2111,
9] A Jnbank aod A Suvyobs, *A peeformance svaluation of
conviismmal neursl nevwork archneciure fir claamficanon of
b rice bel disease.” LUES Int J. _frhl dniedl, wal. 10, no 4, pp
LOTH. 2021, do: 10,1 32 UTEALY HEH.PPLO6S- LOTR,
il 1, D “fowhifudrng 26 &7 + fiiiy gy &2,
gowirgan Thendo | Sz &5+, vl 1,
- 2-M0T, I2]
o -l you et Adh: Newrad Inf
o Mips, pp. S99 6004, 2017,
; €. Schwing, "Comvalutiosal
i JFEEE Compd Soc, Cond. Comyp, Fir
i F5S1-2570. MK doir

' Wiz W Yang, ond

Alwlinwed Cp

2016, dow 10U 145291 1996201 220,
rete, and A. Takesche, “STAIL capioss:
ale Japanese nnage caption dstmel.” 101
More. Aoor. Comgpwi. Lingwist Proc. Conf
1 pp A1T-421, 2007 doi: 10L1B653A LTI 7-
0,
3 i, T. M. A Lvahya, muf H. Benhidur, “Autmic
mscke] 2l CNK. . & v Comipme. i, dppl., vod 9, n
. 6773, 2018, doi 11456 TACEA TOIE CRO6F0.
[1%§ ilimh.ﬁﬁmﬂtﬂm"m
Atiention Generanom fisr Indosesian image Captonmeg. ™ 2000
ik dnr, el it Coummae. Technmd FCaCT 2020, 2024, dox;
WL 1 Tl UT 49345, 202071 #6244,

207 AN hnph.ﬁ_ﬁlﬁlm.mdm“ﬁ:m-@
descrigtinn on I lopmpre iming
novwenk ond gafed recurmes onit,” 2009 o fnl Gl el
Comuenn, Tk [T 260%, pp. -6, 2019, dai:

10 S R CT 200 S BRASATIE




1] T Maly

i

B4

E. L Set E M. Yuniarso, amd M. H.
Tamoma, “ Ao Iadonesian Imuge Capion Grnsnition
uing CNN.LSTM Mode! and FEEH-ID) Dataset,” 3009 FEEE
fit Cownf” Compur. diell. ¥irtwad Ervvarom: Mo, Siar. App.

CIVEMEA 2009 - Proc. 2019, ot
161 O TVEMS AL 640 2019 9T 1612
S He. W Lisa, H B Tavabii, Wl Yamg. B Rusenbuabn, and N.
e Compuee. Sei. fincluding Suboee Lece. Nates Arif el
Lext, Nitex Siniwfarmaticsy. vl 1262% LNCS, pp. 13- 169,
2021, dni | LT RTA 000085162510
ML Coonte. M. SteFanini 1 Barahdi, s B Cucchinr, “Meshed-
muemory irns furmer for mmege caprommg.” Proc. [EEE Compu
Sac. Cunf, Coompuit. Fioc Petticrn Recogwit , pp. 10675 10584,
2000, chan: LIk | FOH W PRAZG00 20201158,
4,1, - Y, L Elo, amal W, Zhng; “Binmted e ries fir
imagn caphoming.” Ayl et vol %, no.

26}

1 ¥ L Li Z Y and ). Hung, “Maliimedal Tramformes wiih
Aalii-View Vinml Hepresenmion for Image Caprioning,” (EEE
Tram. Circait Syt Videes Fechnnl.. val. 30, no. 12, pp. 4367-
0, 1024, doi: HLLHRTCSY T HHY 254742
G Li L S3 P, Liu, el Y. ¥omg, “Entangled sransdormer for
imuge captioning.” Froc. IEEE Int. Cof” Compu. Fir, vol
20h9-Dctoh, ne. 2 ppe 89278906 1014, dri-
L HCCY 2005 050
5. Herilade, A. Kappeler, K. Boakye. and J, Soares, “image
captioming: Transforming ahjects o wards.” L. Newral Inf
Proceee S, vl 32, pp. L1 2018,
. Aslit st 13, Sk, “Ternt aupmentatinn using REAT for
image captioming.” Al St vob. 10, oo, 17, 2020, dok:
103N g 101 TSITE
. Cui. G Vang. A, Vet X Hang, §. Belomgie. and € Tech.



PRE-TRAINED CNM ARCHITECTURE AMNALYSIS FOR
TRANSFORMER-BASED INDONESIAN IMAGE CAPTION
GENERATION MODEL

ERSEMFPLAR PUBLIKASI IT

Disusun oleh:

Rifigl Mulyawan 21.55.1029

PROGRAM STUDM MAGISTER TEENIK INFORMATIKA
UNIVERSITAS AMIKOM YOGYARKARTA
023



Pre-Trained CNN Architecture Analysis for Transformer-Based
Indonesian Image Caption Generation Model
Rifgi Mulyawan?, Andi Sunyeto®®, Alva Hendi Muhammad®

¥ Paxt Gromdwete Progrom, L&w lmdtﬂwm-‘m}uql ke 35283, Imolonexns
ﬂmu;r ;ﬂwﬂpr et el

Abxtract ﬂl.luﬂulhlgﬂ*f qﬂhwmiu Wen wmmﬁtmﬂmuﬂ The
meriheod is wiiem used mﬂ..._...,_ '] ¥ in piciure !'lmm I'h('mﬂnl.luld MNeursl Netwark
(CNN L In the populnr state-sEthe-ar [Eﬂ'rﬁtﬂ‘mwg a caption on llm H-hﬂx.l.lﬂrm in nficn used for feature
extraction of an imsge 31 on encuder. Insiend ul'ﬂﬁ'iu.lg direct du:lraulml.hq‘lw festures are sent from the encoder to
the decoder section “W ﬁg segpuenee. So, s NN lnyers related is ﬁrmﬂﬂi i reiguired. This study minms
to determine which CNN architecture ar model con perform the best in Mmm wming o sinte-af-the-art
Tramsformer model nhm Unlike the eriginal Transformer’s architeciure, we wﬂllﬂl‘l way instead
al fm. _m d 3 mhulﬂmﬁhﬂlwlnnmﬂhumm‘mnﬂd
CTee md.lg mml Fr{-ﬂm ‘mm-ru. inclhuding Hes™etll, Hes™etld, ResNeeSo, W!. m Efficientnet b,
Eificieninet_hl, and F-mhhuﬁw merdel infervmee results und guaniitative evaluagion mmmln i hiis smd y,
The test resnlts shaw thai (e ResNet=ll architecture con produce sisble sequence penersiion with Ihl‘w secarncy value. With
0TI e:permel*l. Mﬂl enmuder con sipuificanily increase the model evalustion seore. As .ﬁr future work, foriher
exploration with hrh' mmm:m M OO 14, MS OO0 17, andd ether imape caplioning H in Indonesian als
implementing o nﬂr‘n‘l!w:ﬁﬁ cum b waend o et @ better Indonesion auiematic imspe captioninge model.

Kevworis — hﬂfm“mmﬁq} !ﬂ.mdn:',:nﬂ'rnlllhlll ‘memrn] netw ork; |ndlnpﬁllwqﬁnt Wl.llun; tramsfurmer.

ol vttt fovermed i Aprmanicr Piruafmmiion 1o Seeerad ander a Crmmr misses . (iribtdor Shree Afbe 20 .h.u'cm.lmrml'.hn:rn'r

Wamucripf smetera’ 28 N 3002 arovpiond 08 S, 2003

Many curmently aviluble caplinning alporithms to convey:
m words an cssence of on mage are bascd on the archileetyre
of an encoder-decoder, in which a decoder :nﬁmm:w'
anbicipate words by making use of o hmction

encoder network through o atiention epproach’ Smdies on

image subiithng have mamly concentrated on 4 translsiion
approach consisting of & visunl encoder and o languape
decodar [1].

Creating imapge caphions may be obleed for vanous
purposes.  mcluding  awtomating  the drwving of  autos
developing  face  recogmition  systems,  chamclerizing
wndividuals with visual impaiments, enhaneing the guahy of

to-gpweries, and mare. The diffscult task of devel
E:qunl:u] ngung:mdrscnphm of the 1|1ﬁm'r|.|t|u|1hi.mE
piciure resades within the compuier vision (CV) mterface for
image feature extraction mnd renerating the sequence using the
natural language processing (NLP) technobogy.

The lﬂqfﬂ“tapuun generalion has slready had 2
srgnificont impac m several Felds, such as image search also
\'unuus 1 , sich as softwore development for people

ies, vieo surveillance and: scounty, and the
mhhhmﬂmuns and computers [2].
Prhduihgc ivahang sequence modelmg, the
stage-o SOT A problern of photo caption generation
uses vonos approsches. For example, the Convolutional
Newral Network, ConvMet, known s the CNN, s apphed wih
other  lenpuage archiecwre, bke the Recumment Newral
Network {RNN), as 2 CNN-RNN-based framework opproach
|31 This work uses the siandand encoder-decoder architecture
using o pre-trained CNN model to buld featore vectors. They
gre then fed mio on RNN os the decoder responmble for
gencraing the lnguage descnphon.

The standand encoder-decoder model was also ublized n
[4] and |#] 1o make subtitles ot of photographs. However, the
recurrent structure of the enhanced RN tvpe, Iike the Long
Short Term Memory { LSTM). makes vt harder to trum beeanse




of its sequential watere, resultmg m a lower cvaluation score
on the standard BNN-based model However, i [6], the
parallclism problem was fimally oveome by the SOTA
model. the Transformer. Due b the face that the architectune 15
built om & context-aware attention mechunism, it can operate in
paralke] throughout the truining phase and does not require a
certuin onder.

For mmege captioning m Indonesinn, the GRLU approach in
[7] for generatimg, Indoncsisn capions on an Image 15 wsed 1o
cvercome some problems that exist in the RNN. However, 15
the mosdel 15 still RNN-based, ther finding shows that o bncks
context undersianding ond stuted that the peed for SOTA
rescarch  implementation  for  sequence  pemeration
Indoncsian = 2 must. Enrher research for Indonesman caption
peneration o [8] alse uses CNMN with the pre-truomed
architecture of VGEG-16 for the model s encoder wath another
ENN type, the LSTM, a5 the decoder. bt withoot
investipahing fenture extraction impact & megsaring mage
text quakbity for the model’s performance. 'I']m:ﬁﬂ:l:qg showg
that the model’s result has & better evaluaty |HIB_|Q_EI_
14 (50,00, 3140, 2390, 13.10, W
rescarch in [7] and [8] for gem ""hugc : m
Indonesion leoves o space I'uls
mnssther pre-truined CHR
Transformer-hosed thak are ooy

Inclomesian image
standard ben c
model. {2 H’n:lpu:rﬂ: w—huﬂ:d model wsng CHN
es the encoder to g;cm o m Indonesmn, (3)
o tﬂﬂ}ﬂ'%! : ‘un attentin-mechamism-
?.‘3&'"51?5# {4) Compared § ¢ b pre-trained CNN as
photo feature extraction i ﬂﬁ;ﬁﬁmr-hsad model. (3}
: e h‘t previous spprosch m

Flickrik [9] and
I's performunse in
o image ©
SOTA Transformer-based
architcciure. Fig. 2 ;mgbs:d Transformer-based
model’s approach o mages i Indoocsian,
This rescarch am‘"‘hw winch CNN archiechmre 5

the most. effective ot ‘genem
comparing and contrastng -t
cight different pre-tramed CNNs, Ti
the effeet of varying Cﬂs ne
Transformer-based madel perfor
exiraction,

A Image Caption Generation in Arother Langugge

S:m:nﬂdmmwrmm&.ghﬂ:.mwtuflbc
study for coptiom peneration was done mo thol language,
whereas in [11], the attention-based mechanism 15 adapied for
caphion pencratim.

Mot studies implement the ViGG-16-for the encoder part
of the copbonmg model, ke the Conv¥et o [12]. However,
severnl nesearchers also emploved the pre-tramed AlexNet in
[13], [4]. or Residun] Network | ResMet) for the visoal feature
and BILSTM m [13] 15 also used.

For other linruages. other datasets ke Chinese [14], [15],
Japanese Yoshikawn [16], Ambic [17], Bahasa Indoncsia 1n
[18] {custom datasct thal combiocs MS COCO  and

uf |I5:!f When CNN 15 cmphoved

Flickr3ok), Indonesian Flickr3ok [7], and the FEEH-ID
Flickritk"s dutaset [§] also created besides English.

B. Image Caption Generalion nsing Attention-Mechanism

A sigmificant number of nescarchers inthe post have made
use of viseal abtention (o English datesets. Encoder-decoder
rescarch has used iwo primary kinds of attention, namely for
the purpose of nnmg images or videos. The first sort of
aftention uuﬂm attention, wiich refers 1o attention
o words. The second one of wtiention is known as spatul
attention, which relates to the focus placed on images.
Research by Xu et al [19] on phole caplionmg saw the
mtroductsen of o mode] for visual attention for the first nme.
They cither applicd “hard” pooling, winch finds the regron tha
15 more likely o be aftended. or “soft™ poolmg, which takes
the average of the sponal qualities ond assigns attentive
s to cach of those varighles.
eoter, in |20]. CNNs Channel-wise Anention and

5 ﬁm were both put 1o use when watching the

:Mln' Chen et al [21] also wsed visual
w'hﬂm; cupl:uusfm'llmpmmm Also, In

pddel was used in RNNs o lnk the
il ideas to creake the pichere

Tfﬂn:ﬁ?mcr Barxed Approach
ormer a3 the model’s decoder

modelmg  in - : _ it was inttiafly
mmuummamh tention and feed-forward

luyers.
Imaddtion. the study pmﬁmﬂm use of spaiial
‘eiject relationship mud:imfm' generation. 1
15 explicitly done inside the i

2 architecture
ne b implementing the

nsig the SOTA Tmrsﬁn:l:r Tris

objert relation mo damdwf’mnq:m
developing 1 Homs. Hes Ei [._‘Tj that
sugmenting the ptions i & d addiional
nfomaton. vz HER m;g?n be en cffective
micthod for '?ﬂi:qsﬂmuu o the problem of
Image capiion

Hv.-smmk, : ﬂ:lwuﬁﬁﬁmmmms of architectire
crs-one for the graphical mn'pmtmt and

Transfu #suy:dfnrﬂ't: dr:mclmgsmlmnflh:
] e engoder and decoder modeks wiere utilired
Ih, wi consirucied wsing o Transformer, wiich

ﬂ‘lwﬂrbﬂhnﬂ encoder and ndcmd:r In
" emplavs a system for aocking | !E. stention on

as mm encoder, &5 expl

i [27], mage features may be obtamed. and the encoder’s
output is @ context veclor contuining the most agnificant
piciure miormation. Afier that, this vector s seni o
Transformer, which creates the captions for the pictures based
on those captions.

Tao put it inte perspective, rescarch i [28] presemed the
image Transformer a5 o tool for imege caphoning . Ench lover
of the Transformer mmplements several sub-Transformers that
enable the encoding of spatinl relationships between prcture
portions and decoding of the different forms of information
vontained within the image regions.



IL THE MATERIALS AND METHOD

A Dataset

The dataset used for this analysis s the standord English
FlickrRK [28]. We translpted 1t o Indonesizn wang Google
Translate and mameally eross-checked the annomtion. Named
Flickr#k Bahosa [9], ke the ongnal FlicksSk. our datasct
features 8001 photos. There are 6,000 traming photos. 1000
valdotion, and 1006 for testng.

In addition, five hummn-cresied  eference - captions are
linked to each image, meaming that for every mage in our
traming set, there are 40,460 corresponding caption samples,

We also prepared Indoncsinn Flickr30&™s Bahasa, which
consists of 158015 cophions to test our final model
performance. This translated datusel contums 31,783 photos.
mcluding 2 capiion file compnsing five types of sentences,

20000 used for training, 1,000 used for testing 31513.-.

validanons.

8 System Design

Fig 1, u‘]ud\mb:s:mwmﬂm 0
ntpruocssllhutdﬁl:'ribmm i CTHMET

resulting 1n ﬂt i L
CNN method with i

ResMetli], VG
Cooglonet. ﬁnndﬂt
inferences of the CNN=

.ﬁlmermudci

Fir 1. Indoneian lmage Captionng Model Anatysis Flowchan

O CNN-Transfarmer

The RexMet CNN model was tilized as our choice for the
encoding algonthm baseline. Vectors of fixed-length festure
representation that CNN extracts ore called encoder’s hidden

states, which are then used as the basis for the atiention
mechunism alongside the annotation veciors.

Vorous networks.  including  ResMetld, ResMetM,
ResNelst, ResNetl 01, VGGG, Efficientnet b0, Efficientnet
bl, sﬂGuu,_dmd..wm 0 our tests, Smoe we are not
interested in classifving the mput, the last pooling ond softmax
layer are unneeded, and retrieved annotation veciors from the
lnst convohuional leyer instead. Here, the sutput is of the swee
that can be expressed with x = y, m, where no1s the CNN
feature  clannels thol vary with the particufor  encoder
emploved and x, y represents the shape of the feature mop.

Afterward. n nomsber of decoder layers was apphed to the
summed-up ouiput. Each decoder laver comprised three
further layers: (1) a sub-loyer of masked muln-head attention
that includes both a podding mazk and a look-zhead mask. (2)
an uttention sub-lover wath muny heads with o padding mask

‘siceepts the cocoder output as mputs {with two mputs). {3)

' k _ -Eulti—bmd. attention sub-lover that has an output

s amd the padding mask of the Trans fornser were
" i sub-loyers that were disguised. Within
ridl desipn context, the third layer was

ln'hl.:cﬁnc

Fig 2 NN andd Tramsformer-Hased Deooder Model Archneciure

Unlike RNN, where we send the words of a senlence one
by one mita the model, we send the whole sentence o the
decoder smmultuneousty. This parallelization s the muin
benchit of wihy the wrchitecture i foster o tram compared
the previous one, like RNN/LSTM and GRLU.



. Model Evaluation Metrics

When sssessing the quality of mutomatically pencrated
captions, we make wse of BLEU [20], METEQOR [30]
ROUGE [21], und CIDEr [32]. Utilizing n-grams, BLEU [29]
determines the de of similerty between 8 collecton of
reflerence lexis the text crented by o computer. The word-
to-word matchmg algonthm METEOR [30] uses equivalent
word siems mnd svnonyms to find straight matches between
words ROUGE [31] mecusures sentence s larrty using word

pairmgs, n-prums, and word sequences. wherens  extam
research on picture captioning makes considerable wse of
different metrics hke BLEU, METEOR, and ROUGE In
sddivtion, CIDEr [32] is also otthred o quantify the simlarity
between e iexis and predicied eext for every n-pram.
O the other hand, it has been discovered that CIDEr has a
stronzer cornelation with uman evaluntion [33]. As o resuli,
we conchuded that including CIDEr would provide & mione
securnte depicion of the caption quality,
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Fig 1. ENNTramuformser Model Tnference eafiative Resuits Comgarson W, et Peedmmned C“'ﬂ.lrl:ilﬂhu':

__ Enceder RLEU 1.4 METEOR m c'lm:u
FeaMall 5470 M40 T3 um 19.68 FRET T 547
HeNaitd mes 41 gﬁ D0M5 2024, 4503 so.08
RedMets . B6ET M1 MIST O 1Ml 0% 453 60T
Res¥ei 100 5555 445 240 Mls 200 4531 6163
VGG 556K G IETTS Y 20 AaST 59.40
CinogleMat 52N FIA4 DGEU BRSO INT FIED 5145
Efficient¥etbl 5208 173% 3517 1M1 1900 49 .x1 5357
Efficient™eibl 5180 37.76 2631 IE30 1936 43105 55 (1

ITL. RESULTS AND TRECUSSI0ON

Three Transformer layers usmz A BesNet30 model as the
enender was owr basie confipuration for the Reshet-
Transtormer architecture, where one head s used for cach
SOTA Trnsformer layer. Here, we camed oot some
experiments; one m which we vareed the encoder pre-tramned
mode] type; another in which we used the inference.

Fig. 3 shows the qualitatre model inference comparison,
where the ResNet®0 genersles the Indonesian coptwn with a

sigbly generated prediction (trensluted coption can be scen
below ench pererated capbon) and the detml of the
experiment’s quantitatnve tost resuls m Toble L

On the graphics processimg unit (GPU) of a Google Colab
Pro, experiment was trmned at a constant img raie of
k(W4 usmng the Adam optimizer. 1t s done withm Hifty
epochs and stopped i there has been no mmprovement
BLEU- throughout the most recent 10 spochs (the haling
trmmng criteria), where the overall miming process s done in
3-12 hours on coch pre-trmned CNN archisteciure.



Pythan with PyTorch's Library 15 the performance anakysis
environment for cach CNN model that includes three phases:
(1) Truining phase. (2) Validation, {3) Testing. In other words,
we implement the parallelzation io 0. a5 the Transformer’s
architecture supports the simublancous process.

Az seen in Fig. 2, here we changed the model's encoder
part of the Transformer with o CNN. Instead of modeling
sequence-in-sequence, like in the angmal Transformers, the
modeling 1= done i a vechor-to-sequence way. The mpuot s the
imape we send info the CNN as the backbone. A Transformer
decoder can handle the sequences gencrabion part, which can
cenerale the next word of o sentence. The decoder nocepls
these enput festures that extract input images from the CRN
backbone ws the viswal bockbone, where they predict the
caption generation token by token. The penemted coptions nre
formulted as Caps = (€4, £, O, Cgoovs Crptens Croemea )
The first pencrated caption E"_d: 505 > where the “SO8”
stands for the start of a sentence, and the C;, g0y = < EOS >
where “EOS" is the umique token meant u’iﬁ lost of the;
senilence. In shorl. this model architectuns hastwo difforént
sources of mput: | 1) The image we 'Ih#jn_:d}hunrﬁjm
\'Ihrr_'fl:ruc:uu:nrc we wanl it i generite bul shificd ane word o

e

To bepin, we use m:qﬁ:ﬁhﬁ' 1d postional embeddings.
t0 transform the 1ukﬂliﬂ'ﬂl up the w
Affier that, the veetor
nunnnhzai:: out. I.lllur. mnrr_#?&uﬁnd

mbo o serics of|

A sren in the proposed model arcintecture, the model uses
the decoder component from the ongimal Transformer. In
aekfition to conducting masked multi-hend self-attention on the
token vectors, mage vectors incach layer implement & two-
lnyer fully-comnecied network for every vector 1 fum.

The third step, laver normalization, comes afier these three
operntions nnd 15 preceded by & dropout wrapped m o ressdual
connection. Through ther sftenfion. soken vectors interact
with one mnother token. The maskme that occurs throwrhoot
this ‘procedure kecps the final predictions’ causal structure
ntact  After applying  the lost Tmnsformer layer, the
unnormalized fop  probobilities  throughout the  token
vocabulary are predicted by applying o Imear layer w each
vector thnt ocowrs after the appls n of the end of the
Transformer layer. The pre-tramed ResMet30 network, afier
the kst convolutional loyer, whes on mmage with dimensions

%]mmnu?h?mﬂuﬁumwilhnmm
i SRS,
Mufﬂummmu{ﬂt pre-traming

] ! CWN chamnel must be changed o cach
Y m CNN chamnel for ResMell®: and
‘HesNeti4, m."u‘ur

glchict, 1280 for Efficientnet, 2048

for Reshietsl), und” The leaming mte znd epoch

* yahies mwm#mm were also
vonsistent throsghaut the cxperiments.

CL I IRY TRy 11Ty ]
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A
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ksl b . e e
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slifihe = on -mw e

Fig.d. .Pm-lnmgil:'q\mmmu:ﬂ:mhrmm
N ein r.xpncllhu:h-ﬂ'!ﬁ:au&:ﬁmnu Flckritk's Balasa

Using the eight's di
Fig 4 shows that the
evaluation resudt.

As showm in Fig, 4 mmﬁw
SLICOT affects the prediction resulis ;Iudw:rd The
the size, the higher the ar:-:ﬂrm value obtuined. Based mﬁ
visualizntion of the test msul!s, thas mereased
applics to el tested CNN detls:chnl'urIJr
CNN pre-tmaned mode] type wilh o 2048 channel si.a:. We

TABLEN

Frarosen P s ara UK S Bese e

Encod BLEL |2 METEOQR ROUGE L. CIDER
ResMellE 5291 IS5y IS0 1739 IRTD 4231 4985
HesNet14 5573 403K ZHA|l 1957 1929 4353 337
HesNe ™ SH0 419 MR4D 2103 k)2 4531 GRS
ResMet 10 5624 4146 244 038 MAS 15ER &L=
YOG 5370 3BS94 DMAAA  INOD IAER 42413 97
CinogleMat 3 I IS5 1120 R4S 41106 4541
Efficiemt™etbl 5773 4251 W33 2110 30462 4573 B257
EfficientMeth]l 5684 4207 W24 23124 2040 4559 6109




TARLETH

Hrom—-Tuy dnr Rem o Comr mmms (s [nsyrmes us 3o © ormmmes

Mlimdel Dutasct BLEL 14 METEOR ROUGE L. CIDER
CNN +GRU[T) FLICKRIOK INDONESIAN 1870 17H0 06,70 02400 - = H
CNM + LETM [E] FLICKRSK FEEH-ID Hpgny 3140 2340 130n - =
CNN + LSTM with Adaphive MS COCD + FLICKRME 6780 5120 3TS0 2740 - A
Atiention [15]
Ours | CNN + Transformet) FLICERYEE BAHASSA ShI0 4290 3Me4n0 2103 32 4532 LR ]
Churs (NN + Transfarmer) FLICKRE3MK BAHASA TE34 hlB4  SBERE Aa4 1752 SHS52 1 HLIR
The finctuned model’s results in Table 11 effectvely
mncrease the overall model’s resalt scone evoluation excepe for RIFERENCES

HesMell® as 1l seems other parnmeters ke lesmmg rate or
Transformer”s layer for the Reshet | 5-based mode] need 1o be
readjusted.

With some cxperimeniztion, we tesied our Transformer-
bused finctuned model with the larger Fhokr20k Bahasa
dutaset that has been prepared for experimental work. A.jm:
expected. the validation resulis were outsisid
Transformer-bosed model works betier with
datn. Based on the results, we can now g
other previous spproaches in :

Here, Transformer’s comtex-

the model” 5dr:md:rpm\'cd.%

that used an RNN-

model’s decoder

Table 111 W

il | by the Trunsformer
Isuu:s of the CRN

-:[atn-:t_Ammbﬂrtymul 1 o 1 NN pr
architectures and rl:npl:nu:umg Eir-:ummg m Ih: mmd:r
umprove the ootput of the Transformer-based decode :
for every differemd pre-tramed encoder s ot
BLEU 14, 'ML'ETEUR_ ROUGE_L. CIDEr of 587 L
3040, 21.13, 20,12, 4512 6080 respectively for Fllch:rﬂk
Baham and BLEU |4, METEOR, ROUGE L. CIDEr of
75.34, 62,84, 50.58, 40.04, 27.52, 58.52. 110,28 for-the final
validated model on Flickri0k Bahasa dutoset.

As for future work, as our compuiational resources ane
platform-hmied, further exploration of larger datsets such o=
Flickridk, MS COCO 14, MS COCO 17, and other datasets
rekated to image captioning undoubtedly improves the model's
performance, Hopefully, as this finding only foceses on the
encoder part of the model. i would be fascmating o test the
impact of emploving pre-tramed wond embeddings for the
decoder part. mamly m Indonesiom, g5 well 2s a more complex
Transformers-hased model.
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