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CHAKKARIN  SANTIRATTANAPHAKDI : THE DEVELOPMENT OF A SEMANTIC-BASED
IMAGE RETRIEVAL MODEL USING DEEP NEURAL NETWORK BY PRE-TRAINING
APPROACH. THESIS ADVISOR : Asst. Prof. SUPHAKIT NIWATTANAKUL, Ph.D.,
226 PP.

KEYWORD: Semantic-based image retrieval/Natural language supervision/

Deep neural network

This research aims to develop a semantic digital image retrieval model using a
pre-trained deep neural network, comprising three main modules: 1) Image description
set generate module: This module applies a pre-trained CLIP model to train an image
encoder and a text encoder for image captions. It distinguishes between classes
by measuring cosine similarity based on contrastive learning. The error is calculated
by comparing predicted labels with expert semantic evaluations of the images.
The loss is then used to manually adjust the weight parameters involved in learning
semantic similarity to closely match human perception. Afterwards, the model is
fine-tuned on a custom dataset, and image feature vectors are generated and stored
in the image caption dataset. 2) Query processing module: This module processes
natural language search queries using the pre-trained DistilBERT language model, which
encodes queries into vector representations and 3) Vector Matching Module:
This module matches image feature vectors with search query vectors in a multi-modal
embedding space by comparing their similarity scores. The results are ranked
by relevance and presented as image retrieval outputs, reflecting both content
and semantic contexts to the user.

The retrieval performance was evaluated by 30 experts divided into three
groups: 10 computer and technology specialists, 10 information retrieval experts,
and 10 general users. Binary image retrieval performance was measured with
the following results: Precision@k: For the top 3 retrieved results, queries based on
image names and categories as image labels, as well as short queries concerning
high-level image concepts, yielded very high precision rates of 93.9% and 86.4%,

respectively. However, since qualitative semantic meaning depends on human



perception, individual experience caused variability in evaluation, resulting in
a precision of 83.0% for queries describing qualitative image semantics. Recall@k:
For the top 3 results, queries based on image names, category labels, and short
high-level concept queries demonstrated good recall levels, whereas queries
describing qualitative semantics showed moderate recall. Recall improved as
the number of retrieved results increased, reaching 81.8%, 81.3%, and 80.2%
at 10 results, respectively. F-measure@k: For the top 3 results, under queries based on
image names, category labels, and short high-level concepts, effectiveness was good.
Similarly, queries describing qualitative semantics also showed good effectiveness.
Overall effectiveness increased as precision and recall improved together, reflecting
the robust performance of the developed model. At 10 results, the effectiveness
scores were 86.0%, 83.5%, and 81.0%, respectively.

The semantic image retrieval effectiveness was further evaluated using NDCG@k
(Normalized Discounted Cumulative Gain), comparing retrieval results between
the original CLIP model and the fine-tuned CLIP model. For image caption-based
retrieval serving as image labels, NDCG scores at ranks 1, 3, and 5 were similar between
the original and fine-tuned models. For retrieval with captions describing high-level
image concepts, slight improvements in NDCG were observed at ranks 1, 3, and 5
with the fine-tuned model. In contrast, retrieval with captions describing qualitative
semantic content showed significant NDCG increases of 21.50%, 19.90%, and 22.80%
at ranks 1, 3, and 5, respectively, when using the fine-tuned CLIP model compared

to the original.

Institute of Digital Arts and Science Student’s Signature GJ

Academic Year 2024 Advisor’s Signature g [l[/ko ’Lb




ANANSSNUSZNA

aufinusatuidnsaaarluldned {idevensiuveunssauynvinuiddiusuly

9

n1sliAUSne wuzd aduayuduasy wazdramdeluedned lnganizog1eds

AYILAIERNI13158 AT.ANNGE]) TIwINa 819138NUSNINeNTInuG TIueraR1sENnNYiny

a s aa v s

yesdiindnmansuazAadadsa uazannasdarnindy 4 MAvrdeslundngnsili
ArudrfgAun st fide lnenisedndulinseud Anviwazidelulssiausig g
pgrmaInvay BniadiduasuuaANAnALA1NS Uszaunsaluazau iy
Usglewlegaumaalunside ewiiuyuanuidsanglunsidesiu nssuungam
Wennunnglaglilasaingdssanniiisudsdn nsiseuianunuigvesguninalgtaniny
AWITTIUYIR N1TANAAMNANYULIFIAINIINNITIEUTAILAULDY WAaENITAUAEIUAN

LIAINUANNE

[ s (%

89lUNINU VNI IVVBUNTEANTDIAIANTI1TE AT, YRuT Taulaan

Y q

U3E51UN33UNT 3WAUTBIMENTI95E 79.591 D3aNa 589A1an319158 03 Astlgd yaases
LAYDI19158 AT.9I5ANA 2WANBUAIN AMNSASIUNITADUINGITNUSALAAILULUILUINIG
Iuﬂﬁﬁ%ﬁu"ié’ammﬁ‘i%’aL“ﬂuasj’ma@q

YUBUNTEAMUNINE S emAlulagasuIsTiuMsAnydmsudinan1siTeuneu

dl Y = 1 £

MdAnwrendngasUTyen nangasusugrnuiugn a1vivunaluladaisaumna
drinimeansuasfalidvia uLasvaveunsrAnIMIVIENAEYTIaANalug uzsudinld

%
[

NuaTuayunsAnuluaall

v a o

aavnell vansuveunseAnln 11501 wazAseuASIFUASIUANG Suduiisnuay

LAINEWANITOUTULR e navaasuaun1sAnwIluag19Rnanaun



f13U8Y

nii

UNARED (DN n

UNANLD (D TYIDINNI) covvvveeeeveremmmmssmsssmsssssssssss s sssssssssssssssss s A

AN TTUUTEN I s g

BINTUL oo 2

IR E31] 230 N OO OO OO ]

BTTULYTU woeeeeerrereressmmeesseee s 3
undi

QR (RO - AP W - WO OO 1

1.1 A A A YMAZTINUOITMINITITY oo 1

1.2 FQUIEIAUBINITITY coovrervrreteeressscenn s 3

13 BUURGIUNTITIVY et 3

18 YDULYRAUBINITITY weoeoroeeeeeiieisiseienenesssseeessssie et sssesesssessssssssssssssseees 3

1.5 FOANAIUBITU ettt ettt 4

1.6 USETOUURANATIELITU oo 5

L7 BOBU MR 1o s 5

2 Usimbassunssuuazauddeiieadas 6

2.1 AVTAUAUTURIN Lot ciriresssosreese e it e o benseresssesssesssssssssssessssssssssssesns 7

2.1.1 MISAUAUFTUAMATEVBADIN oeevrreerrrnerrsseenssnsensssensssesnsssens s 7

2.1.2 NSFURUFUATHOINMEON o 8

2.1.3 MIAUAUFUAMNBIADVIIMLNE e 10

2.2 MATANTAUAUTUNIBIAIIUVLNY oeeeeeeerrreenesesmesnssssmesnssssesnesseneeeees 12

2.2.1 NANANITAUAUTUA TR TEIU. o reerrrnncrensncreesenene s 12

2.2.2 MARANTIGUUILUUBIRDIMALNG oo 13

2.2.3 wadian sl ANuIloBsUEANUMINBVOIFUNAIN 14

2.2.8 WNANANITADUNTUYBIRIY....oor e 15



#1508y (s19)

v
2.2.5 WNARANITITOBUINLAT .ooovovrecrrrrrrcsnessn s 16
2.2.6 WMATANIIUUNTOLAMENSIFIUTIBUATON o 18
2.3 1ATUIUTEAWIAYITITN oo 19
2.8 ADURABNTTH VIT ooiiissieitissisisssessssssssssesee s 28
2.5 MVTLTHUTAIAULDY ooreeerrrrssinresssesesssssessesssssssesssssssssssssssesssssssse s s 30
2.6 FAUUY CLIP AQARINNUEINT e 32
2.7 M3IAUTEANBTAMNITAUANTUAMBUUTULNT e 35
2.7.1 1A IAWUULHAUIRERUYBINATNG 1o 35
2.7.2 195 3AANUABITOMUUIKABUUL . 37
2.8 AMATOMAGIIOG oo 41
ABANMTUNTTVTY .ottt 52
B B ATY et e 52
311 MIANRYATBIHU L 53
3.1.2 NMTTGUWUIL NN Ll @ W..ccooorrrirecresrnecresirensos 53
3.1.3 MITRBULUTUATU oo ssssssssssssssss s ssssseees 77
B LA NVTNIAEOU e seeressesseessss s sessssssseseee s seses e 77
315 MNTUIUITIM s e e 78
3.2 1A3SHIOTIUNTITY oo it e 78
3.3 MTAUTIUTIUVBUD oovrerrerrrerreerssererssses s 79
34 MITHATIIAUBUR oovvrrrerrrneerreserrseserssesssesesssesss s ssess s 83
NANTTARIUAZNNTDAUTWNA -..cooooeeeerrneerecneneccesseecesesese s sesesee e 84
4.1 HaNMSHALILUUIIA0INSAUAUFUAMAIVALTIAIIMINY
TnguszgndlasstneUssa Ao BadnRgrRNNLEINT o 84
4.1.1 HAMINAUINBAANITATIYAAIBSUILTUNIN w.ooorrecerererrsenerne 86
4.1.2 HAMINAUINOAANITUTEUIANATDOAIIMAUNY oo 95

4.1.3 HANITHAUILOAANITTUBLINMADT oo 96



#1508y (si0)

win
4.2 #an15UsBuUTEANEA NN SAUAUTUNNARTIAZA NI oo 98
4.2.1 wan1sUszidulszAnSamnisAuAuIUAMAITIaIGIALIINY
FruAAUULLUENT k SuSU AANATUSILT Kk SusU Laz
ANUSZANEAMNIALTIT K SUTU oo 102
4.2.2 nan15UsziiulsEAnSAmMnIsAUANTUNMAINAIBIAUVENEAIY
1At osuuulFRZLUUA oA NDCG 7 K SUSU oo 117
5 ATUWAZUBLEUBIUL oo 126
5.1 AFUNANITITY oot ssssssssssssssssssssesssssssssssssssssssse s 126
5.1.1 asunanmsimuiuudiaeanisauAusuNnaINaIenuviineg
TneUszendlaseneUszanifionBsanfigninduaamii .......... 126
5.1.2 agunansussiiudsgdnsnmnisauauIuN ALY
FruAAILULLUENT k Susiu mAAsUSILT k Susv
WAz AUTEANSANIOETIUT K U oo 127
5.1.3 asunan1susziiudszaniamnisaunusunmadviaideninumang
TR NNGUETI I oo 130

LY

5.1.4 ayunanmisuszidiudsednSamnisAuauIunmATTiaIgannaming

AuA1 NDCG LI UWIEUTENINNMSAUANTUMNAIERILUY CLIP AfY

fun1sAUAUIUNMAEAILUY CLIP fraunsUsudthmiin. ... 132

5.2 MTUTZYNANANITITY oot ssssessssssessssss s s s sesssesenees 137

5.3 dolauouurluniTIFoaSolU 138

FUHNNTONIB e 140
AAKUIN

MANUIN N 98 195UNNABTBAUUTTIUAUNLNGIIAMATN oo 149

AMARUIN ¥ KaNSNeNsaliuTIeIesuMmaIndLuuIeuiguiu

HANITUTZIUIMFDYIYIEY eervorererrrremerrrssnnernsssnesenessnesessssnenees 154



#1508y (6i0)

4
Wi
AMANWIN A FAegaNsAwIMUmTnlassUsEa Ly
WRMPUAANNTTINSUIUTINTY 2 s 163
MANWIN ¢ AANTAINNTHLLAEABE19TDANANM
NAF1INANFINTAIY ChAtGPT ..o 172
AARUIN T FIDEMHAANTIINNITAUAUTUAIN 20 SURY oo 178
U 1 a ¥ Y A ¥ dl
MANUIN 2 981U UUUTZIIUANNYNABINSAUALTUN NIRRT ........ 209
BB v 226



=]
AN

2.1
2.2
2.3

24
2.5
2.6

2.7
3.1
3.2

3.3
3.4

35
3.6
3.7
3.8
4.1

4.2
43
4.4

A13UA1379

A2UUsENaUSEUUUS L AMANUNENTINe LU susunulAsatteUsyamiie...... 20
SNUALLDYARILUU ViT AAZEIDTTU v 29

NsnAgeUUTEANEANAILUUNgNRNNWEI T uuyataya imagenet21k

WazUTULAIBE1982BEAUUYATBLR IMAGENEL2012 .....covceeerreerrcseerresseerrsennes 30
Y P aa v a1 a v

HARNS 5 SUAMNIINMTAUANFUNINAINANH1UNNTUTLEUANUYNAB e 35

ANSANUAANIUSEEANTNNIAYTIN NNANANULUUE AL AIAIIUATUDIUY oo 37

MBYNHARNEIIUIU 5 FUAMIINToAIUAUM “a tabby cat on the floor”

. a = D

NAIUNITUTZUAZUUUADIABIVD oo 38
Do« aw o DY a v oA a

N15USYIAlAde g1 umATANSANAUTUA MBIAVIUVINE o a5

Mog1agunniiduanyavaya Flickr30k kot ynUayaiiIqeTIUTINDY v 55

| v A va o

) ! N . v =
P08 IUNWVENIINYATDYE Flickr30k WasYAUDLATINIVETIUTIULDY

9 9 Y

a a

FOUDAINNUTTENYFUNMNTNBTUIEAULSTIAUATNYDIFTUN M. 57
L4 1 [ o v a
NaNIINYINTUANNUIILTUTBITIUAIAUATIITTTHINR .o 63

Mog1aNsUTEUNgUNAN1SUTHIUAUVINEYBITUNNANELTEINEY

yinuil 1 funansnensairnunaziduwestheAun s ssuna ... 65
P8I NNATOLATIITETIUTIDY it i 70
fhegneteanudumangls 3 feuly Agnasnanin ChatGPT ... 81
Admiannsduiazinegstomudumiiaiiesindd@nyisng ChatGPT ... 82
NsAANURANTIATIETayalusUveITosay MUTEAUAZUUY 5 FEAU oo 83
msfunmddsiminiedennuanisussiduamusunmlaedidey

$117U 10 YA W UUSUAM T LUUEOUNEY o 91
fhegenadnsanmsAuAuguamm 20 Susy fiunsussdiumiugndes........ 100
HansUsTEuYsEAvEAnn1sAuAugUnmLuUllaulad i uve IaanS. ... 103

NsSeuiguNamMITeiunuITedu q Nafsruaugunmdninuming

TABTHFUATNAUI oo 105



=]
AN

4.5
4.6
4.7
4.8
4.9
4.10
4.11
4.12
4.13
4.14
4.15
4.16

a.17
5.1

A13UA1579 (51D)

v
fetnamadnsannsfuAugUamiedesUnmuazmnany Tudnwae
thefduresgunniiunsUssidunnugndeslagfiBomayinui 1. 106
NamsUszELUsEAVBAMMMsAUAUFUA s TeFUAMIaL ATy
TudnuaizthomfuressunmlaesuunIMAGNETEINGY oo 108
fognamadnsannsuAusUn s demudumdy 9 e
WNARTEAUFWRIFUAIN TAFTEMYMIUA 1 109
namsUszdulsyaninmmatufusunimdetoarudumdy 4 Aeatu
WA UEBIFUAMTAET MU N AGUTEIIY oo 111
fhegmadnsannsruAuguamsederudumieiuseuming
\Banmunnwesgunmitilunisysaidiunnugniestaef i deamayinud 1............ 113
HaNsUsTEuUSEAVE A NS AUALUNWARE TR LA
fleBunrumineBinun e g mMnlag s uun N NAUEEEINY. .o 115
M08 1INANTUTZIUAINYNABIVBIHATNENTAUAUTUN WA UUIAR
SEFUGIIABEIFIIYIY st 116
msilSeulfisuanimuandensyrininisfufuguniwdesuuy CLIP dufu
funsuAuzUnmEedkuY CLIP FRUnTSUSUAIWIA L 117
fhogamadndmafuAusunmdeiuuy CLIP Aufffunisdufiugunm
Fesaiuy CLIP fikruntsuudnimiin vusadoss FUckr30K . ... 119
A1 NDCG UeIn1sAuUAUasuf 1, 3 uaz 5 FEMINMIAUAUTUNINAILAILUY
CLIP éﬁgaLﬁuﬁ’umsé’uﬁugﬂmwé”mﬁal,t,w CLIP fikun1susuentmiin ... 122
AREMNANTIE U UNAENEIINTRANLAUMITINAL 5 FUA M e 123

A70819NANN TSI UMIBUNAANS NV AU AU LUUIILUNTI8ALLDUALTIEN ... 124

A0E1NANIUSE UL UNAANSAIMNUBAILAUNMUUUT NS e 125

Y

UsglenlannmsnauluuinaensAuAug U wARTaLgaA I

= =2

TneldlAs9U8UsL @M ASUTRN NN UAIIATIY oo 133

Y



=]
AT1INN

n.1

2.1

A.1

11

2.1

9.2

2.3

A13UA1579 (5i0)

i
fhegragunmmiiduainyadeya Flick3ok uazyndoyafifisosiusiuies
HoT0AIIUITONBFUAMNTADBUNEANAMINOTIAUAN 150
HANSNENTAATUTIENEFUA MMM UUWS B Ug Ui
NANTUTHTUINELTEIRY FIUI 10 VU 155
fhognansiunmwiinlasstesyaniiiey
Slof AR WHINELFUIAITY 2. 164
Admiannsduiazinegadonuumianainddnyisny ChatGPT ... 173
fegnaadnsainnsiuAuguam 20 susu meldfouludionimium
shedegunmuazvsavsy Tudnuaiy TN AUIBITUA o 179
fhogamadndannisAufiugunim 20 Susu melddeuludeanudumdy
R URUIRATEAUGIUBITUNTI e 189

o ! o & YA o o v v Y
maEJNN@&Wﬁmﬂmiﬂwmg‘UmW 20 9uUnU ﬂ’]EJIGIL\TEJUVLGU VAIMUAUNN

NOTUIEANUMENOTIRUATNVBITUNIN coervirrirnerecsssmenneessnsescssnenesessneen 199



CaN

=b.

2.1

2.3

24
2.5
2.6
2.7
2.8
2.9
2.10
2.11
212
2.13
2.14
2.15
2.16
2.17
2.18
2.19
3.1
3.2
3.3
3.4

ire
MFAUAUTUATNATETDAIIN coeereeenerrrrmeneessmesessssmessessssessessssssesssssesessssnneseesns 7
NISEURUTUN IO e 8
nadwsnsduAusunmanLiondederudium “move forward”
v uled GOOGLE.COM ettt ettt b e saeseens 9
AU TN auLAn s AU luIUsTauuas I UNLETTY o 10
NFAUAUTUATBIADTHIIN N e 11
FOUATUNMN 3 SEFMUTU e 12
N5AUALTUNNIAETTUIMUUAININETINAU WOrANEL oo 13
NadNSSuAus gl TA MU AR IRUTNTON. 15
HATNEVAIIINUTUUTIANUGNABIAINAITABUATUVOUIIY e 16
ynooulnlad uansnadnuaysEAUATIeBUNLE Muvts 1uIn waggUse ... 17
WARITEUUUSZAMAUNANTIINGT (F18) uazlAsatneUsea i (131) ........ 19
wosiwunseunuulimuualuied (@18) LagkuuMUUALULEE (U91) v 20
1A59U18U AU UTBULUT NN oo 23
FINTUBOWAUTING oo oo 24
nsvihuvesilsidugadslulaseigUszannieniuutouludnmiin. ..., 25
1A UTEANIMAILRUUTDUNGU et 26
MISANUVBIEDNTADNTTU VIT o 28
WUIAANTTTHUTAIAULDY coeeerereeerrsemesnsresesessesssesesssssesessssssssesssssesees s 31
NFBUNITANTUYBIA MUY CLIP oo 33
FTIHAUNTZUURUULENANUUUTBUNGUL - 52
IAODVTUN covvoeeeesoovosseseeeee s 54
WUUTI809N15AUAUIUNMTIANUNNNY TAgHNHLANNTLUUABUNTIER ... 61

lassheuszamiiiguwuuleuldtaiignivuaduns

AT BE S DB oo 67



CaN

=D.

35
3.6
3.7
3.8
39
4.1

4.2
4.3
4.4
4.5

4.6

4.7

4.8
4.9
4.10
4.11
4.12
4.13

4.14
4.15
4.16

#15Uny3Y (da)

v
FeE gAML HUEANUAEEARIBIALG 71
N3EUIUNTUTEUIANATRANUAUMIAIEAIUUUATY DIStBERT -.ocovvrvevrrrrerrs 73
N13AATUITLYENTENTNINNBSFUNMNUALLINABIVBAVILAUNY v 76
NSTUALINADT TENIWINABTTUNN UATINABITOAIUAUN oo 76
wuuUssduANLgndensAuAugUn A iBoamaeiu Jotform ... 79
NNS0BNLUUKALTAILILUUTIABINITAUAUSUNIAITALTIAIIMINY
TngUszgndlaseinyssamifieaBedniignineud It 85
HAN13aTetenHUTIEeFUANlUULUUN SN BAINTLAR LLaVA ... 86
M0819N15aFUN NI INATAAUUBITUATNAURTU oo 87

nskauRauiunsasesgunmlue ivelisasvaseusnaanuwazsUnn.........88

AUTENEFUNNTHIUNTYIANAE R 1A TRAIY

WAENTSANAUALIATTIUUDAVII et 88
NS3EUTUUUABUNTIARTENIINMBS AN YR UaAIY
wazINIADSANAN WAL FUNMUUNLTNTVAN S TULUY 90
ANz duvestefiiun1wsssuud

A MUAT AN ASLAUATIAT TN oo 90
MNSUSULAIAN TN LD 9 ILUARAN SUNINTEANDETOUNG o 92
93U OYATIT WAL et e 93
TIHAGLDYAYAATBTUIITUNIN oot iecieremsereesssssss s s esssssses s ssnsnnes 94
HANTUAIT DAL AU T UEINRDT oo 95

HagnsMsAUANIUN TN sTuTarUAUMT “move forward” 1Mn#iEa ......97

v A

AMTIMUUUTIRBINMIAUAUFUNMAINBIANUINelagly

1598 UTEAMNUBIANTIQNENNUEIMTY (oo 98
fegnsUssuanugnaewessunmruiuulseiiveaulal Jotform....... 99
YDAUAUNT TEIN “photo of sunset” AU “photo of sunrise” ............... 109

7108193 NTLANUUUTUTIUANUTUNITTUUNTBLR e 112



€an
c
=b.

5.2

53

#15Uny3Y (da)

UsAnSnmnsauAugUn AT Weerauwliugn k sudu

o w

WINAU 3, 5, 10, 15 wag 20 sNua1eu

o oA

UszAnSnmmsauAugunmadvia ierAuAsusui k Susy

WINAU 3, 5, 10, 15 wag 20 mudIsu

'
aa o I

UsgdnSnmnmsauAugunmedva ersednsamlagsiui k susy

WINAU 3, 5, 10, 15 wag 20 sIUaIaU



Uil 1

UNUI

1.1 aAnudAguaziunvastigniniside
wmeluladmsieaniiiauiainndesiiduugunsaidienm@da Uszneufu
fs1afignas wazazansonisldnuludnuazeunsalnami dawaliAnguaimdiuiuain
mudayaveniuled Phototutorial (Broz, 2024, www: 1) 518911431891u3u5Un1ES
1.2 §1udrunwlud 2021 uasifisnu 1.72 Fudruamlud 2022 Srunuiifatudy
1.81 &1udmuamlud 2023 uazaelul 2025 aediguamunnndt 2 &udruam Snitad
wurlufiagiiuuindudnlueuian Ineddafondnogiinnswauindesdisninves
audnlau warngfnssunisldindetiedenusoulatlunisutsiuiessnuasSudin
Aun3ed denalifisunmduiumnmavudumesidn fufunounisullduselend
Judusipsdinsiuunuszinndeyann (Image classification) Lﬁal,wﬂgﬂmwa@mﬁumjm

[

wionana (Class) finaudnvasBullufienafieadu (Canty, 2014)

q

nilslunuiAniigniiunldedrauninarslunissiuunusziandoyaniniae
miﬁauifmam%ﬁ (Machine learning) (Aggarwal, 2015) Lﬁ@ﬂ%ﬁﬂﬁ’aﬁi’muﬂ%’auﬁ (Classifier)
melassneUsea ey (Neural network classifier) (Wozniak, 2014) ﬁLﬁEJuLLuumiﬁ’Nm
%aﬂiﬂiﬂiwﬂizmweﬂamywé (Vasilev, Slater, Spacagna, Roelants and Zocca, 2019)
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mnsunmilanududouaseinronisimuafdnyy wazdwalisdwuniseuilalifn
Lﬁuﬁmmaamiﬁ’]miL’%'auifl,%ﬁﬂ (Deep learning) (Zhang, 2019) 1u1Useyndldiuns
Suundoyagunin frensldmuuuiiiiunsiinduaimii (Pre-trained model) Tngend
wadani1satgleunisiseus (Transfer leaming) vugadoyavuialg LaIUUUTULAS
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2021) ridndusnuulRiilarudiiusszninedussseamuarsunmligndesnndian
neuavastemiuinnuninganuanisnensaldmiunisauausuAnIRUINY
dieliimeuiusesanusadilagunmlalngdifesnudinniian (Tyagi, 2017)
winsAufusuaimdaiemagiuldessiivssaviamdaenisssyuuiin
seiugefitdususssy (Concrete concept) 88193mg (Object) Aans5a (Activities)
210 (Scene) w3awnn13al (Event) walupuduadanginssudlilaeuinazAudugunin
Tnoldaruduiussznitsuuifnsedugamdususssy vazuudniduuiusssy
(Abstract concept) 88190150alkaZAMNTAN (Mood and feelings) sautdsraiuilu
Fomnuumausssund lunsanduiunudnuusignuensmlulifsnenenfiumesindy
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MsAuAuiiusansawllgasingias Wuiinnvesnuideduliidadoulsseninauuian
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(Semantic-based Image Retrieval: SBIR) laglUS8ULTIBUTENINANITHIINTAIAIILUNY
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adlUlusgasiBeanuinnuddediulngiddddsunmaAum (Image query) TunisAuAuzUuam
desansruuariieneggadnvurguawimuaiiodufuguninniuanumiiounie
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waAnssuglilaemnazAudugunmlneldnuduiusseninnudnvas sefui naunany
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2.1 MAUAUFUAN

Y A

nsruAugUnmduniduamanssuaeufinmesiviauiiyavasugunmadnaln

Y

@ v Aa P v a s v Y a t3 N
NASLUUVDUANUAIINAUNEY LW@IWF’]@@JW'J L@@iaqmqiﬂLﬂWIQEUﬂWWImﬂaLﬂENﬂJH‘HEJ@J']ﬂVlE‘j@

(213U N133F, 2555) wuswnudnuaien1sinule 3 JUkuu fe
2.1.1 msAuAugUnwaledanIm

n1sAuAusUAInAledeani1u (Text-Based Image Retrieval: TBIR)
(Tyagi, 2017) n1spupugunmlugausnazldnisidseuigudrdfsy (Keyword) Fudolnd
sUnMmvIaA185U18n N (Image description) dlenudenudinsatu (String matching)
(AbdElrazek, 2017) JUnwiiuazgnasundunadns tietnauounglddgud 21
n1swWTguiigusEnIneadrAyiuAasulesunm LLG]I‘ﬂ@M’]ﬁWUﬁ@UNﬂ%&ﬂ’]iﬁ%%@lWé
linsafuidenvasgunmm wu Folwdiduinan 1.0P6 azsilisunmumdrilianusagn

Y A

Aupuld Bnnansldmesuiennlaeuyudenaliauisaesuiglinseunguilonivesgunin

I
=

lavievun vselddennununeiuiiasaressuain AslunadnsannsAuAugUnInd g

Pomnuduinduszavsnine Wesnniilalinsendsuifnsedugavesgunn

< o o
wa'g‘dmw AIBIUIYNTN

The white anq brown dog|ls running over the surface of the snow.
Dataset ool
A whiteafid brown ¢ 7 = ow covered filed.
String matching
- is running thr'_

Adog is running in the snow.

Abrown and white dog is running through th snow.

Man on skis looking at sky in the snow.

A skier in the snow next to trees.
Sea rCh Que ry - A person wearing skies in the snow.
.
~ A skier in the snow.

BrOWn dog A blue hat skier with a red backpack.

4

% Several climbers in a row are climbing the rock.

Seven climbers are ascending a rock.

A group of people climbing a rock.

A group of poeple are rock climbing on a rock climbing wall

Acollage of ~ String matching -

Larg blaying with the sprinkler in the grass.

A dog is playing with a hose.

A brown dog running on a lawn near a garden hose.

A brown dog plays with the hose.

A brown dog chases the water from a sprinkler on a lawn.

JUT 2.1 nsAuAugUansetenIy



2.1.2 NMIAUANFUATWAINLLENN

ﬂ’liﬁuﬁugﬂn’lwmmﬁaﬂﬁ (Content-based Image Retrieval: CBIR)

'
o

(Tyagi, 2017) AonsihaudnsuzseAua (Low-level features) Faudayailaifinnumuneg
Tudes wazludefsanunuigle 4 lugunimuieuiisudumiaun Usenausie
Aadnuaizlnavuea (Global features) Fudunadnuasiuusin 9 lanzia1zas yauaude

ANude ldudeu uazUszuianaldsingd Ussnaumenudnuusd audnuusIuns

1
A a 2

AMENYMENURD LavAudnvugiwntarasinglunnasdia ldsiudunudnuuslanaa
(Local features) Faaztdugaidnuaziamzvosusazdnlugunm Jagudimaiaildsu
Anudle tewn SIFT, SURF way LBP tumu
fegnansfuiusUnmarndemaziunniudenudumangld (Search
query) LU “a dog running on snow” ﬁ'ﬂgﬂﬁ 2.2 {UFNUITHATDAIU (Text encoder)
Weudanfunnmesaudnvazdoaudum udihuulieufisuanuadsiunnines
Audnuairgunnlugadeyaiiniugadnsiazunin (Image encoden) vuiuiinisilmans
sULUY (Multi-dimension embedding) wuin fifissgunmil 1 wihduiifidnanuadioads

AuAuUmazgnAuAveanundunadns

img_name description

The white and brown dog is running over the surface of the snow.
Dataset

A white and brown dog is running through a snow covered filed
A dog is running through snow.

running Adog is running in the snow.

Result

Abrown and white dog is running through th snow.

Man on skis looking at sky in the snow.
A skier in the snow next to trees.

A person wearing skies in the snow.

Search Query

A skier in the snow.

A blue hat skier with a red backpack. »

Several climbers in a row are climbing the rock.

A dog running on snow

Seven climbers are ascending a rock.
A group of people climbing a rock.
A group of poeple are rock climbing on a rock climbing wall.

A collage of one person climbing a cliff.

Large brown dog playing with the sprinkler in the grass.
A dog is playing with a hose.
A brown dog running on a lawn near a garden hose.

A brown dog plays with the hose.

A brown dog chases the water from a sprinkler on a lawn.

JUT 2.2 nsAuAugUAImanLilem



Jagtunisdufuguamainilonivhouldegivszaniam fgui 23
maé’wémaﬁuﬁugﬂmwmnLﬁawwuﬁuléﬁﬁ google.com A28UBAITUAURA
“move forward” iusunmitidernuduilsegluniw viaidusunmmeludunaiiiviado
viaidevasstudorudumauuunaensléteanuiiegsou 9 lun1sedurenrumane
1933UN M saudunissivsindeyasnisiuasediass (Crawling) nsvirdwiilunisdum
(Indexing) aznN159ASUAUNANITAUNT (Ranking) W Laueunfld aziiuldiinadns
nsfuAugUaImanion 1wy sUa wdiideaa1udn Move Forward, Moving Forward
vi3o Forward safiwhdediieatosiudiidn Move Forward Gsagziiuldindunsdufuain
demlugunin viiedennuludumaiiideanuisadestuddumiiitu widldfarsan

NAUANYULITIANUNUNIBVRIFUN LAY

Go g|e move forward B Q

R faa

Deaugl @3l @ines O uwud ey \kastia

= i future forward party 'ﬁ‘g thailand facebook “*‘ 3

Q viowua

. _ i &
¥/ innanon E— ol i | (B e

eau - KruMon English Acade. It's Time to Move Forward - Dear Friend

Move Forward - Home | Facebook ving Forward Road Markings Move Forward Party - Wikipedia How to Move Forward in Faith | Guideposts
facebook com dreamstime.com en.wikipedia.org quidepostsiorg shutterstock.com

3U# 2.3 wadnsnsAuAugyMwaIniilenmedanuAum “move forward”

I3 14
vuules google.com

pgelshn “A picture is worth a thousand words” LLamﬁaLﬁammaqgﬂmw
ansadonnuvuigldnainratsananuduiudsenitsuuiansefugemdususssy
(Concrete concept) 881977g AINT3N NIBLMANITA wALUIANTEAUFITLTUUNETIY
(Abstract concept) 8819815ualbarAI1u3An (Barz and Denzler, 2020) fa5Udl 2.4
Fatunisufuguaimainidionidassdndiftssodafisrntadmalfifadymigesing
AIUMLNE (Semantic-gap) 3¥1319A1NFBINSYRagldRegludnvardeninudum

ATWIFITNIA AUNNIET0IFUNN wazAauiames Wesnnluauduasmginssudld
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dlvgaziivunlduauausunmlagldanuduiussenituwmnanseavgamduslsssuuay

Y

Mluwwsssy saudhedududennudum lunanduiupudnuaeignuendnlulifuas

wlanalaeldasufiamesdnidunanuifnszdvgenilugusssuindu Jelaevialy

a

Lifinnswenledlagnsesznitunfnseiugemdugusssunasiluuusssu il uuuidn
Wanrunuglugluuunuyedarusardnlala dealinisauduainladaiunsoasioy

Anunesnsvasyldlnegasuiulunnifvemuming

uuIAnsAUgAdeFUsTTN (Concrete Concept)

iwq (Objects) flanssy (Activities)
- afuld (Maid) < fwds (Woman) < ymaa (Person) - Hunate¥u (Daydreaming)

- ﬁgmmﬁsﬁ (Black dress) - Mdswealuuenmieg (Looking out of the window)

- guélerh (Wardrobe) < w3aaiien (Fumniture)

- withena (Window) a15uni (Mood)

~ UsrawBwdus (Liselund Castle) < Usanw (Castle) || wdnlan (Melancholic)

- §Angnifuounnis (Feeling locked in)

a1 (Scene) UUIANTEAUFATNNUSTTY (Abstract Concept)
- ViaafipnuswuuAnFy (Old-fashion room) <

v & , A ¥in4 (Room) < naluatans (indoor)
- MRILENLAREDY (Sunlit room) ya

B:J‘%D‘jdguaqﬂawﬁ’mﬁﬁdﬁaﬁ'mﬁnnr;‘,llﬁam (Woman in front of window next to wardrobe)

11 (Meta)
“wifwsirailumelulsiamaedug (The Dream window in the Old Liselund Castle)”
Awalag (Painting by) G. Achen <

WA Aa (Painting) < sufaus (Artwork)
aAmne@Edn (Ol on canvas) A

a @

JUN 2.4 enuduiusseninsunAnsedugendugusssuuasiduuusssy

‘1'71'm: Barz and Denzler (2020)

2.1.3 NMIAUANFUATWTIAIUNNY

ﬂ’l‘iﬁuﬁu'gﬂﬂ’lm%ﬂm’mmma (Semantic-based Image Retrieval: SBIR)
(Barz, 2020) Aamisuvasnadnuazvosguninlaidenlesszninsuuifnsydugsiiy
sUsssunasidunussaudnfefu wevinsfudusuan Tngldnaiasiie 9 lunisuva
anumneduusssadideusglusunwleglusunvuiiuywdannsaidlald e
UsyAvBnmnshufugunnligedu

fhegnadenrmfumdsoraviliAatymdesinanumnelunsdufuguam
U “Move Forward” siuudnsiiadennny ilewdaadunninesaadnvustenudum
wEuUSeuifisunundendstunudnuarsunmiinusdhstasunmegluguuuunnines

AaNvazsUAMTaglugntaya Nouartun AT e IIANENYMLIEAUNNNEYBITUA TN
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NN YUTTUNIMVBIAUIITRALTIAUNLNEY (Semantic encoder) LlalUTguLfiguAIY
AR1EATITENININADS asnudnd 3 JUamAdAIAuAdeAfuAudA1naAni1ue

(Threshold) uazgnAufueanuIuradnsAgui 2.5

img_name description

The white and brown dog is running over the surface of the snow.
Dataset
A white and brown dog is running through a snow covered filed.
A dog is running through snow.
Ea's

A dog is running in the snow.

Result

A brown and white dog is running through th snow.

A skier in the snow.

Move forward ‘ » o Ablue hat skier with a red backpack

Several climbers in a row are climbing the rock.

Man on skis looking at sky in the snow.
»l
. A skier in the snow next to trees.
Search Query l’% A person wearing skies in the snow.

»

Seven climbers are ascending a rock.
A group of people climbing a rock

A group of poeple are rock climbing on a rock climbing wall.

Acollage of one person climbing a cliff

Large brown dog playing with the sprinkler in the grass.
Adog is playing with a hose.
A brown dog running on a lawn near a garden hose.

Abrown dog plays with the hose.

A brown dog chases the water from a sprinkler on a lawn.

5UN 2.5 MsAuAugUANTIALTILNY

=Y

= & v o & Y a [
ﬁ]']ﬂzlh/] 2.5 ﬂgL‘Viu‘lﬂ']']NaaWﬁsUaﬁﬂﬁgUﬁuﬂqiﬂuﬂugﬂﬂWWL‘?jﬂﬂ'ﬂ']llﬁll']ﬁl 1@LLﬂ

aado o

sUa A 1 adeiidslutrmi suami 2 dnafnidejaminlduueenifive way
sUand 3 dnlsilunindagsludieanunty Furazamiuilaif1in “Move Forward”
Usingegluguain vieludreuresuaimiag usne 3 Uaimetadiaitunuiendedn

“Move Forward” #iutadngaludnmih suiluaudnuazidsnnumnefinsiiunuanvuy

ToANUAUMINELY
AT HeTuILuUTIaeINIsAUANTUN ARG LaLT axlys

serhauAnssdugsiiugUsssusasifuuusssalidunnandannumngluguuud
uywdarunsadlalalaglilaseineyszamiiondedniignilndudlanii Suszaiunsn
anvesieAIINETEIAIFRINse sl iTiegludnuazton 1mAum Anuvsneves
sUAW wazmoumes uazdrvatuayudlisiedeninudumaiusssusandalesiy

ANIMNNEYRIFUNNUIUNAEEnmaman g N Talreen 1w
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2.2 LﬂﬂﬁﬂﬂﬂiﬁuﬁugﬂﬂqwL‘TNF]"J'I%J‘VIZJ'IEJ

HagtufiuuAnferiunsfufuguamdnnumneuining Taensussgndiuin
va1emansuysannsniy edenlessenitauuianszfugeiidususssuuazidy
WNsTsUMeiY @mnsaduunauLAnuar SNl 6 ngu leun

2.2.1 wallaMsAuAUFUNNLUUTANESERU

JUAMNLUUNAN8TEIU (Multi-level image) ABNITILATIENANUNUIEYDY

sUnnlugvuuudn Uty (Hierarchical image analysis) (Ma et al., 2021) Wioazaule
sUnmdemosvisiiiudduiuiiiodenisianudilatuienfunisiuivosyud

o

Ing Zhang (2007) dnausluinanisuusguaindu 3 sedutu lawn sedududeyadiu

A v

(Raw data layer) Pladayavassunmluguiuuvesiiniga seautunnanume (Feature layer)

Y Y

Judnwasnisdmeainalugunn wagsgauduaiiumung (Semantic layer) fiaguny
AMUNNBVRIFUAIN uazuansdsdulsEnauresingviesvazidgnniglunin ielw

anunsawdannuvunevesguninld auiiuitlussiutunig 9 wardagliteyavesgunini

wANFNY A9gUN 2.6

Semantic Matching »| Retrieval >

L I 1
Identification L i / \ :
1

Object Relation
(Feature)—b Matching ) <+—— Feedback |=

o

Extraction >

( Raw data e

SUT 2.6 Fouagunm 3 seduiy
fi117: Zhang (2007)

91n3UN 2.6 LwalunisiiauensauAugunIm 3 seAutu Usenau 2 diume

[ '
A I

1) msmnundglunislitoyavesinglunin (Extract meaningful region) \udumeau
n1smiunmiiaulaluguain lnedunsutagineidesiussiududoyaiy wazseauty
AMdnwuy waz 2) n1smidngaulaluguaiw (Identification of interesting objects)

X Ad ] .:4' 1 Y1 o oA X AT a o A
nitungnssulutumeud 1 ssuudesseylilainingnegluiiuitufessls uazingiAuny

szgnihlUldlutuneunmsaududeyasisly
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[ [
o v [ v I~ v v

ﬂmgﬁ’uamuﬂumuuuamﬂaismumummwmEJ uwalusuIAR©I193%l

9

n1sdnauetudeyadu q u1nndningiiigsetiufes wazaruisainlugrnaasuineny

Y 1 PN

WANISNAI9 9 Wi Uduiusseninedngene q Aasanululawuyeaiug vinwu

q

a s

Auagmilonu anvazagulainlunnduiduiamansaliinfwidinseslangeed Wusu

2.2.2 wmalAN3 IULLUULBIANUTNNY
LRV ULTaAIINMNY (Semantic Template: ST) At iidouleasening
LIARsEAUg uazaudnuazvesUnmdife iy ilefvuadudunuvesnudnvus
(Representative feature) ¥a43Un 1 lag Miller et al. (1990) lausikuuvesaiumuie
uldsamitu WordNet iitelinesiodldunindsdu vnnisvhaudedlefléiinigsey
For01u Fududrddydluluszuy LagTiNNsAUMLE e VoI E U IIMETuRN
WordNet uagaziioslsusinuuvasaamuneiiierfosiomaiil emgunmiiisade

iU 2.7

Y

Keyword

concept concept
& ST ST &

cemroid|f | centroid

& weight & weight

query
processing
visual feature
database

v

image result
list

JUN 2.7 MmsauAugunmlaglduiuuuidannumungsiuiu WordNet

fa: Miller et al. (1990)
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daulvgauddenldudivuuideninuninslunisauausuamdnussynaly

=

Frudvesulnlad iedonlesmuianysuainusazlauu ag19b50s n1sldudiuuy

Weanuvanedadivedninneyldfedinudiuigyvseiiaiusinertuamin vz gunm

9E19EN T FeensenFeusveadldnuunimly

2.2.3 waiianslidenruiiieSeuianumsnevasgunm

nslddernuiteSeuirumunevesgunin (Using text to leam the image)
Hosmngunmeing q vuBuwmesidntueetsideyaunsedieiivaglimslianumneguam
U win meduie lewesdn viedmveaiumna Wudu (Dong, Wang, Qiu and Sapiro,
2020) FaflwnAnmsldfemnuiiiosuimiuminsvesgunin vunAansldnwsssuea
TUNTEUINNTAIUANMTBNITHNHUAILUUNIUNITDAIUNI1 8155501 (Natural language
supervision) Ad18s9n13911Aud 19 WU ansTHAUIsENe n1sTedrduresdeya
vidonsimundervunuazteuly iedawlinisdemsseninaywdfufnuuiiaunsedu
wazdeansldietu uasdimeliszuuiFeuduarfuusmunudonisvesdldldogied
UsyAvBnmnntudg

LIANNIIATUANAIE YIS TIIIATUA IR US TUNTFeuSuuURBUNTIAR
sgnineguninuazdenl1u (Contrastive learning for text-to-image) lusun158ne
mkuUldlan g gUn MK UTRAIUATYIETIUYR (Zhang, Koh, Baldridge, Lee,
and Yang, 2020) TagnseuaNseasssumAadunsyuumsfildnssssumnaiiolnay
LazAruANAIkuUisdoyatazdiasulslusiuuudeniny Gsarunsaufulgsuay
inanuwsiugwostuuldlunate 9 sULUU WU MsSeuiiuuunad (Patch leaming)
M3vgeTandenvesieya vienisUsukideianatn MunisniugudieniussIied
grgliinuuidlannuvanglarSulTeguaNIntuadudeIntsue g tdlaegis
fUsgAnsain uenaindunisiiouduvuaounstadszvitegUninuasdenany
Hunszuiumsiliteyafifdnvazanuduiusseninagunwiazdennuduyateyals
suvuBsuiuazidilamnumnevesguanuasdemnuludnvasiouiiou snldifeEous
dnwazfitavrosinguisaniunisaiiidiinualagguninuazdeniiuiiliieadesdu
Fagviliimunvuissuiuaridrlannuvuisvesdeyaldodrsnsounqulfiduiieddu

NSISYUTVBLLE
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2.2.4 mAlANTINRUNAUVRIL LY

nsmeundurasld (Relevance feedback) LiteuAdlamusstasinemumane
semadingléidinlulunszuiumsfumauuuiaaigldenalinsuimuesdosnisfum
sunwegls (Manning, Raghavan and Schuitze, 2008) 3lvigliUeutoyadounduainuanis
Fufuusiazaiaiiifoyalatheiinssfudeiisidsdumedanyadeyadidunadwslunisdum
afausn iearusuugmadnslinsafuaudosnisvosdldunduluadiold igud 2.8
wadwsisududvivdeaiudum Wedldvinnsidennadnsd 1, 2 waz 3 lunaiuy
waznadnsi 4 luunians svvvarddioiaueuuzinduludssinanaifiousuusmadwsiia

dl ¥ U dn( ! Y @ dl d! o U ! 901 L2 d‘
ANAULAEITBINUNINTULAR LY A95UT 2.9 Faszuuagyinnszulrunisasnaginuliies i

Y Y
unseaRasnsgnaedluszaunylinela

Y

Searchl Prevl Nextl Randoml

(144457, 252134)
00

0.0
00

‘Q'- \ R

(144433, 264644) (144433, B (144518, 257752) 144538, 525% T4 47456, 249611) (144456, 250064)
5 %N InakNas T 5
00 00 0.0 i 00 00

UM 2.8 waansisudusedlddmiudennuduniieliuinseiuy

Fian: Manning, Raghavan and Schutze (2008)
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Browsel Searchl Prevl Nex’(l Randoml

\

(144538 523403) (144538, 523835) (144538, 523529) (144456, 253569) (144456, 253568) (144538, 523799)
0.54162 0.56319296 0.584279 0.64501 0.560275 0.66709197
0.231944 0.267304 0.260881 0.351395 0.411745 0.358033
0.309876 0.295889 0.303398 0.293615 023853 0.309059
2 LT L N \ritat.
(aohoe Yo 1y St

&1y

1

(144473, 16243) (144456, 249634) (144456, 253693) (144473, 16328) (144483, 265264) (144478, 512410)
0.6721 0.675018 0.676901 0.700333 0.7017079%6 0.70297
0.393922 0.4639 0.47645 0.309002 0.36176 0.469111

0.278178 0211118 0.391337 0.339948 0.233859

JUN 2.9 HadnsnaeInUTuUTIAUgNABIIINNIIRBUNTUYRIK Y

0.200451

fisn; Manning, Raghavan and Schtitze (2008)

aglsfinnumaiianisnounduresgld o1adunisiiunisslunisrumiiu
Al esnndndudedifldsiudelunisneundudeauliiuszuy wWeusuusmadnsln

faugneeanndu uiisn1saenaetaviligldvuaainueany wazidnldeuliney

2.2.5 watansldaaulnlag
saulnlad (Ontology) Wun1simuInwITenununefivandlasadiwes
wnAnfiusseereuiraresanudianiziias dngnihlusggndldadeanudlafiugiu
Saufusgninsgfldsululawmunils q (Davies, Studer and Warren, 2006) Usgnausiag
1) wuafAn (Concept) mneds veulvavesnuiibaslaFomilslulanmiiauls wazawnsn

aSuuTwazduald 2) Audnwue (Property) vunedis Auauddag q Auunlgesuie

v s

WWIAA 3) AIUFNNUS (Relationship) u1ed iUqusuaammé’uﬁuéﬁuszwmLLmﬁm

Toun 3.1) Anuduwusuuuadutu (Subclass) e Amuduusitauaudinisaionen

9
1J

AuaudivowwiIAauluinurdngn 3.2) arudusiusuuuidudiunis (Part-of)
S [ v o‘d‘ = I~ | v} Y] & a

Ao AuduNusAnLIedIn1sidudIulsznoU 3.3) ANUAUNUSITIAIUKLNY (Syn-of)
AD ANUAUNUSTLANIDILUIAANTAINULNLBULTIAUNUEABAUY 3.4) AUAUNUS

19 JudIuny (Instance-of) Ao AUFUNUSALAnID N ISITUANITNUDILUIAA
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4) Janmualunisaseanudunus (Axiom) nuneds WoulvAmuaanizlunisulas

a o a

ANUNENTUSTENIIMIAnTUANENTR viSouwiAniuwiAa Wisliudasauvinelagnaes

ey 5) fegetaya (Instances) vaneds AAninivuaanunnglilueeulnlag

=

N1AUANTUAIMTIAUINg Nl TeaulnlagasianTaINAIUNNIE YD
sUAWAFUAUS Y uddnasdnuanuueseauiNuand19iu e 1nunnuanyue

Wennununelvnugunmiiiiemdudousaslinsuanununelalsedng lag Mezaris,
Kompatsiaris and Strintzis (2003) dnaueniswusgunineanilu audnvagsgaus
A a a o | ! & A A Y I3 = .

NoSuned funis u1a wargus1avesiud ieasialuyneoulnlad (Object ontology)

o o w a a o ey vy Y] d'
V]']llﬂ']"ﬂ']ﬂﬂﬂ'mmLsﬁﬂﬂmﬂqwmaﬂLLu?ﬁ@ﬁ%@U@jﬂwmsﬁﬂqu @IQEU‘VI 2.10

object ontology

size

intensity

[ I | {small, {little oblong,
medium, moderately oblong,
[ Luminance (L) ] (green-red (a]} [blue-yellow (b]] vertical axis ] {horizontalaxis] large} very oblong}
{very low, {green high, {blue high, {high, {left,
low, green medium, blue medium, middle, middle,
medium, green low, blue low, low} right}
high, none, none,
very high} red low, yellow low,
red medium, yellow medium,
red high} yellow high}

5UN 2.10 Ynoeulnlad uaninudnyesEAURoSUIEE Muvts un wagus
u1: Mezaris, Kompatsiaris and Strintzis (2003)

L

Hagiuivarsanddemiuundavesesulnladuitislunsfufugunw
Fanrumaneanddum ualdsunss 3 waeiuAndundnlunissuunyssnnlulamui
789n15 RAEAIULINANHNAIUNTIOWANE (Reasoning) wuudlafilife wagn1suszaians
Aw1s5suIAnulanuvesesulnlad Favqelfarursadinunainuneidudeu

Yoe3Un LAt UsEANSAMIINTY



18

2.2.6 mALANTITIUUNTRYARIENISITEUIVDUATDY
o ¥ ¥ a ¥V ﬂl . . Yl .
N19AILUNVBYANILNITLITUIVDILATDY (Machine learning classification)
a [ i a v v A R ¢
ﬂamﬂﬂmmmﬂwmamaagﬂmwmq 9 Imaﬂﬂmzmaﬂmmawal,wmmemagmm
AMANBALIBIFUAN miﬁauiﬁuaqLfﬁaqﬁ%%’aa"?meﬁuazﬁwLLuﬂ@mﬁﬂwmmaagﬂmw

wazwUannunuglusedvgedu lnon1sduundeya (Classification) (Aggarwal, 2018)

v o v

Jumelianisasrsuuuinasamsedmiduundeya (Classifier) Weovuieniiavyvesdoya
(Categories or class) lnggntayamdudunadimivasisiidwundoyaisoniignteya

Hnasu (Training data) vinluyadayaiinenn3idad (Attribute) nIotheiifu (Label)

a Y

nianyvayadiniuinnunazisendnisiseusvuuilgasy (Supervised leaming) N34

Y Y

AadnuundeyavzgnasunulInnydeuanis q assdiudunisiseuiuuululidaon

&

a

(Unsupervised learning or clustering) Niaglainsufiavsnavsivesdeys

o

Uagtuiunaremaiandngnirunldlunisasiediduundeya (Wozniak,

Y

v ¥

2014) Usgnausie 1) n1sduundeyamedulddndula (Decision tree classification)

< o £% v X = U a 17 N a [
Wunszuiunisadreduldduieldlunisdndulaandeyaniivaiavydeyassyed

LY

2) nsduundayauuuiudideu (Bayesian classification) iunisasrediduundeya
Tneuszgndlimguiivesiud (Bayes’ theorem) sAmnsaifianansatsuendaninuuigg
Juvesteyaisanesaniaiiazegluvsnmvosteyanis q fdreldaunsaduundeyald
9g19379nL5uazuiug1ge 3) N1sduuUndeyafiegiung (Rule-based classification)
Julieaflazuaninaseinveangiidnuazuuy if-thenlnousazngaveglusuvosesy
4) nnsduundeyasnnganuduiiusvesdoya (Association rule classification) §iina1n
LunAANYANELTUSYRsToyaTiusEnoUMETIBNNTAe g AvsIngsandutes q 1ileld
oSuneisguuuuiinouuisegluyateya 5) nsduundoyauuuiiieuthulndan k Susu
(K-nearest neighbor classification) LﬁUﬂ’]iL‘%EJuiIﬂEJL‘U‘%‘EJ‘ULﬁﬂUﬁu33‘Wj’N‘ﬁ@%ﬁﬁﬁ@ﬂﬂ’]i

Y = Ao o

uunanualuyateyannasunilianwuzmileuiuvsalnalAgsiuaensiiarsudoya

Y

wennsUasng 9 lngazdisaresanilaiignimuaduganiaduszunu fiansanan szeems
LuugAdn (Euclidean distance) 6) n1sdnuundayaniedunosiniinianosuuydu

(Support vector machine classification) {udane3finlun1siasizidoyauazinwundeya

a

lagardenannismduysyansvesaunisiveairudunvenngudeyanigndoutdng

Y

&

nszvaunsindulissvuseud lnsuiulddamnmisnidusdaenngudoyaiafgn way

q

e

7) Msduundeyanielasesiieuszainiisy (Neural network classifier) MaguLUUNNT

nuvedlasitieUszamveuyed lnaweudotudulvuaissouiunaledy wiaiseniy
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lasspUszamiisunuunanetu (Multi-layer perceptron) Arlsnduvodusazlnuaingain

AN Tngnszuiun1sindy Suann1sseydeyadunmdilasetngAuinadunnamiu

1%
J o Y

Ardminlulasensuuuloulutnanin (Feedforward) uaausumiminusyann (Weight)

wagluwad (Bias) mungnisiseus ielmerdnnvedlassiglvianadnsindifeadvung
= Y 1y | o Y | I3 3 - = = o

Wnge uadsihudeyadilandunseduiazdseanduoine ieiSeuieuiuandmng

1 14 L

Fuluefinnain uazazgnasdeunduluuiuaniinin (Backpropagation algorithm) lyinef

[V 4 1 [ a

(Fit) fivtoyasialy megamufeiniuiuasgsiodssuniu (Noise) ieulaniuteyadunes
¢ Aa | a3 ° v v o Y 1Y
waztednanilAwuulideites Snvisanansadwundeyalanwuuiifasuwazlififaou
sudadiusganiamlunisdiundeys winuanuduiussenitauwenynstiniunuiavyeng 9
Weadntoeaindefninanndsgniungnissandldegiaunsans
UaqUuldtinsimunluidunis3eudizedn (Deep learning) Felinsiiusiies
Tseuluudazduededudouiazitulasstnednunu ieiuussansamluniaseus

AuENYMLANN ) taedrarainras (Goodfellow et al, 2016) wagldsuniseousuing

Uizﬁw%mwiumﬁmiwﬁuazﬁﬁmEJNﬁlé’ﬁﬂdwmiﬁauiﬂmLﬂ‘%@dLLUULauLﬂuaﬂNmm

2.3 lasev1euszanieuidean

TAssdneUszamiiioy (Neural network) (Wozniak, 2014) Aslutnanianiaa1ans
dmSuUsIaNaaSAUAMUNI TTNaeIaN BEN1STIN N UYRARAT o B STl UaNR Y
fiusgneudioleadustam (Nerve cells) n3ot3an318350u (Neuron) faguil 2.11

Usznaumiy 4 damununandiiven toun loun wulesn Fululd tazudewou

branches
gendrites of axon

o
terminals

P Postsynaptic
g L

DENDRITES WITH
() SYNAPTIC WEIGHTS

JUN 2.11 uansszuulssamanunandvinel (1e) uaglassiguszanmiieu (¥37)

fin; Aggarwal (2018)
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31n3UN 2.11 N197UTessEUUYsEamMIAnIINNSB N Te niuwaa UTEam

NANURUA LTS uAazlgadUsznoumeuIussudygalssavdadisuialiouniiesu

[

Toyatiioninaulas uazdiulaevenvaduszamdnduaiiouniisdieyanonves

wadiseNdLenYou F9e19vilniAnlavanisnszdukazduds wenainil Fn1sUszuIaNa

[ 3

aelundazigaddidinisverenieanruinvesdyyiunoudssiududigiadussain

[

o a a [y A o 3 <
LAYWINAYYIUTINUAIULTANUTEAU (Threshold) NN1uUs waaUseaINIFITY Y10

anMaLaARUsall WawSsusuiudiudsenauredasatieusedan fan1s1an 2.1

a | U A a ~ ~ ) ' ~
A15199 2.1 @uUsenausruuUsTaInaunantIne S uisunulasneUssa ey

STUUUSLaMANUANTIING

TAssuneUseamiey

1931 (Soma)

a

142591 (Neuron)

wulasy (Dendrites)

a

aune (Input)

Funud (Synapses)

A (Weight)

wHALAL (Axon)

1@1ANA (Output)

N19:38UVRIUYBIITINGINNIAINNITVINNUYBITEUVUTEAM TIUeN1SvImTii

AumsAnAilanng q lnednnuidiseuniiegluaussywdtuiegdudmuiumn wWisuldiu

wadlszamianiigaveslassineUszamidien 1Sundnesigunsau (Perceptron)

(Aggarwal, 2018) ﬁﬂgﬂﬁl VAl

INPUT NODES

OUTPUT NODE

INPUT NODES

BIAS NEURON

UM 2.12 weswunseunuuliimvualuiea (F1e) waziuuivualuuea (¥31)

fian: Aggarwal (2018)
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31n3UN 2.12 laseasravaamesiunsaunsazlnug 1Suainnisdausunaunusme

[

fydnuwal (X)) Aulvundunn eguiuAminvesduwnusasia Saunusie (W)
mungNIsseus uwauSuadmin (Weight) uagluiea (Bias) newinunsiuiuwazdesiiy
HardurasId (Summation function: ) tialite1ding (V) Inalheadmsnguiniian a1nuu

dsludaflaritunsesu (Activation function) uazdwraansiLlnUAIEINR AIaNn159 2.1
0=fQLwix; +b) (2.1)

WeunuaAN1siursunesiguasoudangui 2.5 luaunisi 2.1 wyuiivua

' = a o &
Arluned ziisruavidunsal

0=f((x;*wy+b)+ (x3% wy+b)+ (x3% wy+b) +
(x4 * Wy +b) + (x5 * ws + b))

N15138usvaLnesgUnTaUARgULLLIANYBINISISBUTL UL AU Tufadaall

v Y 1

yadoyafio81s (Set of example) flogluguues (Py,t1}, (P, to}, ..., [Py, to} Mile Py

Y

]
v A

Junnnesvesdunausaziimind dlaseing uag ¢, AeA1vaaardnalmineg (Target
output) idesnsvasdunaditiy ilelilasssannsaiiavenord wadwanedulld
dmiunmaIsuiiisuivaveaednadidunadnainlassinedranuianain (eror)
untiosudluu uagiaranuianatadendnlulfludunounisusuiidsuaidadn
wagluwea sadadmaiinedang @ mungaisiSoudidmunlfluudazlasediiosieold

lpgn)N1ssEUSVRUNDIITUNTOU AIANNTTA 2.2 kae 2.3
whew = yold 4 ept (2.2)
pnew — pold 4 , (2.3)

where,e =t —a

31nngnasseuiasiivindunisiiAianuianatn (e) ulddmsunisusu

AduEn (w) wagluled (b)%whmmﬁmwmmmmﬂmsﬁwﬂ"n,aflﬁwml,ﬂ'mma (t)



22

auéhaﬂ'wLmsﬁwmﬁlﬁmﬂimww (a) %qwéﬁLﬂ@lﬁdmgmiﬁauiﬁuaqLwaémﬂmauﬂ'waq
hwiinaglaignuiu WeAerufiawaiaduaud dufeidelasseaunsniFouldun ety
uildiesednnnlassemiieuiuavee it videlednnideanisaia
o61l3fid (osanaadnvurredlasiismesisUnseunuuiuieideding
anunsalduunlflanesuuuuteyaiiamsautuenlduuudadusingy Sadufiunves
Tassremediounsounuunanedy (Multi-layer perceptron) Usznaudae 1) usaziaseuly
Tassdreazdnisdrfleddunseduuuulailefadu (Non-tinear) 1114 2) fudouiiu
fiusgneudediseudldlfidududunansetuiondnn armrsaiilduinnin 1 4y
uag 3) Imaﬁdwﬁﬁﬂwmzmﬂ%amGiaﬁ’uqa (High degree of connectivity) freAiminves

lasetie seurlafinnsinaueluuulassasninisdninwesdaseu anslulaseyredu

o A

aeAUsEnaud Ay linudnuaedng 9 vedlassiisunndiaiueenll nasnaunis

]
1%

Usurdasuardinidn luwea viswdinseiadaulalunisinasuvsslasavietindu
anndnenssusuutauluinamin (Feedforward) Alesuanudsuluiaisoun
TasengUssaniteniuuteuldtnemin (Feedforward neural network) (Aggarwal,

2018) AfldnulunisAmunuardiwinuredeyalUluiienadeiu Usenauie 3 gundn

[
U

8 U

[
v 1 v

UNe ugousu waztuIANs lngtudousuaiunsadilauinndt 1 9u uavluusdas

o))}
™)

uilddludesdisiuuisowwindu Juegiunisihludszandldiuusaslgm lagluusas

Ree

a oy

duazidiseudnuniedsluifidudeuiunelutuneiiu weagilidudonduiasousiou 9

Qe

negluddutunfniu lneiednsvesiseulutuniountasidudunsvesiiseuludusely
°o v w =i o % b = °o a Y 1a s
MINEIAU AagUTl 2.13 N1svieulsenaunieg 3 Juneu fie 1) n1sihdunadngdunaiaiees

1% '
[y 1 o v A

2) MIAIURATHEVRIBUNALAAZAINNsAMAUATn IR mMUA T ULsas Tseuludy

fausunuunenlusan (Dot product) Wez 3) NaawsaInn1snensal (Predicted output: )

N IANALALL DS
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Input Layer Hidden Layer Output Layer

Predicted
output

Outputs ®

UM 2.13 lnsenglszamiieunuudeuluthah

muuadydnwalununisauial Ut lagld al lununadwsvestasouddn k
luddud 1 — 1 wag wj, wnuivind wiviiaseudin j ludrdutu | Afdueuunan
fhseudai k lusyduduneunth wazb; Aelunea wenanillil g unuilaidunseduuagli

n eNUINUIUTITEUIUARUTUN [ — 1 @1UNTOWEAINISANUIN a} TAeaaun1sh 2.4 way 2.5

zf = ¢ =1 whaj + b (2.4)
l l

a; = g(z) (2.5)

flafdunsgduiioglutudoniududmuuniivszamifionasdmadnsoanly
dnwaugle uwiady 1) feddunszdudadu (Linear activation function) ASsuinudusius
Wadusgnindunakaziendne J9ldannsaviaimeuladimiuuiansdl wag 2) feidu
nszdunuulailgidadu (Non-linear activation function) FsfealdiunisiFousideanly
U990 (Ghosh, Sufian, Sultana, Chakrabarti, and De, 2019)

vilsluilsrdunsziuuuulaladaduiiliuamnudenlutlagtude daddusedung

(Softmax function) lviAHaEnSoaNUBElUYe 0 A 1 feguil 2.14
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JUN 2.14 flsidugendudng

n1sA1wIuANUIaziduvestieiiiu (Label probability) (Nwankpa, ljomah,

Gachagan and Marshall, 2018) Inedinldilandugendudndniudunmlunnmesvessiiuiu
939 (Logit) waavinlviduussvingiu (Normalize) AfindannisArusanielvnanaid
6 1 1 [ ° v o v v A 1 &
n1sneInsalAInNazduiazgnnaliaias lunnanduiuraianiinnaiuuiazidugs
[ a [ Y [ Y @ o [ ! <
AvzBegnaulilndifeaiu 1 wwdasliiluniasgrudmiunisuaniasadnuiissidy

pudndinvadanednnunarAanagaudniian (Max function) 91naun1si 2.6

exp(x;
flx) = Z}l%;(;) (2.6)
g x Ao nnwesdunavasinturenduling
exp(x;) fo ledduiendlniuudoauinsgiuilainsiviigy
2.71828 &nNMSInIELLINNDTBUNG
Y exp(x) fonisusualidumasgiulasanordnaiion
sl 1 wazusazaeglugis (0, 1)
n fio Sunueatomuafdululd

ﬂﬂﬁﬁuqagl,?m (Loss function) (Nwankpa, ljomah, Gachagan and Marshall, 2018)

= = @ D% | = = Y = o
Wiguiataunisaadaneladulasetigdsramiienseui dallnatedszianaiy
Toguszasalunisinau lneilusaissiianiudumnuadnslilymineuiigndeniy

nsiSews assiudinaeliadesmnlanadnsnuineans
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nsvitnuvesilaidugyidgagiinisdiuaiindnineiazandnaansain

= % ' =~ % | a gy = N
nsseusvedlaslszamiiennlgnsmAruRanaIa (Loss) Ntnainnisilseuiitey
FENINNAANTAINFILUU (Predicted output: YY) AUNAENTAI9 (Actual output: y) 113
Han1sneInsallndiuA193efifeInIsuINteukAlnuAIeAIN1sgLdsaTeaeulngy

(Cross-entropy loss) ﬁﬂgﬂﬁl 2.15

Input Layer Hidden Layer Output Layer

Predicted
Output

Outputs ®
@ B

Actual
Output

ANITaLAsATeaLulnsy AoAIMLARAINNITLINLAIANNE LT USENINaa NS

YRSV

[y

INNITNYINTAUNUHAANTATS (True label) luguiuyu One-hot encoding Litaaglvir1AIy
Weduiinneaatasiuiwiidu 1 sedlduusiuduileidurenduindluduiondnnaie
A 1 Y < o [y 1 [ [ ]
31n5UN 2.5 n1sudasAliduninsgiudmsunisuanuasanudasiunudndiuves

] I3 ¢ o ¢ & v ! = Y] ‘:4'
Aeinmnilsidugelduindienismeainisgaiduaseaeulnst deaunisi 2.7

H(pr q) = - er classes p(x) log q (x) (2.7)

Wy p(x) Ao WAGNSITIWUY one-hot AaaANIgNABIREdANYINAY 1
ATNUTI ARATIARDYRIUNAILVINAY O
q(x) fe  waawsannIsneInsalAtnunastiuvesianuun

waeesodnsduilsidurensdufing



26

a ¥

ANSYINIUVBIEATIV8UTEEMNEULTIANUY LD UNMUINIEUTEUIA0 M LU A

q

Wontayadiegraidndulunisasiadugluuy viedavuianydeya anuawnsaly

iV Y

¥ 2

n1siseusAuanyayenlul@ (Goodfellow, Bengio and Courville, 2016) lagagiin13nn
AIRANAIA (error) IMNWATNSIINAITHEINTALUTBUIBUAURAaNSAT I UTaAdug L Fe
AeuRzdsrnduLiioUsuAmTines (Parameter) Usznausiedimiin warlueaainnis
meywusvesilsidugayde elilianisgadeiianas lasidvanendnvesdanesiy
[inUseAnsnmAonisilidinisgadsdundeuiludigadanuuiiuiinisgade
(Loss surface) uazaglduadnsiduannsifioudinaeusifignuivdganuaniin Bond

nstaudeyandu (Backpropagation) faguil 2.16

Input Layer Hidden Layer Output Layer

D)

Weight Update

Predicted
Output

Outputs ® ]
B b

Error

Actual
Output

JUN 2.16 lasanguszamiiieunuudeunau

szfiulEnmsmearauianannveslassieUsyamdisunuuteuludnaminludu
anvhetiuamsaduninsgudsnsoaouinstiiouiisussnitsadnsanduuuiy
NAANFASIITNaNISNEINTAlNANUAIISIINTRYLESlA LALUATISIHIAIAIURANAIATD
Tassrguszamdsudiolfluniadouvesdrdududeuninduliaunsonldlasnss

e v U ac PP | | Y] P
IFNDIDIAYITNITNLIENINNITLULNINTZANY ANFUNITN 2.8

) . L ;
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g s D ATAIUAANAIATDILATIUIBUTEANVLTIBUAIN |

(%
LYY

Tugaudu 1
. P X a
j Ae  laidugade
z Ao A wnlaneusziuiliidunsedu g
9j o ¥

dmSuniamen o2 du luddutugaieanansaduamidlagnsaaindlaidu

)
nszAudenty dwluddutuneuntagiewlagidunsnszatedounaulagazyinaaieiu

AstauludamtigaandURANUWNLY A9FUN1SA 2.9

9j m 9j az,l(“ m +1,,,1+1
— = L e = LW 2.9
8a§- k=1 az,l(“ 6a§- k=1%k kj ( )

Tag m A uulaseludeutTun I + 1

ANUULTDATLIUAIPMINURANANN VD ILFAETEAUTULA AAINNITOMIAIAIURA NAA

Wieunutinwazaluwaalaannaunisn 2.10 waz 2.11

j _ 0j az}

9j — slol=1

0j _ aj 07 I

R s B (2.11)
abt ozt ol T U

[
tY

AIUUNS LT ALALAFRNLNTLABURLAALYUYN (Stochastic Gradient Descent: SGD)

4

'
o Y [ a

aUSuussAdmtn w asaun1si 2.12

l _ l -1 ¢l
Wikt = Wjkr—1 @ Oy (2.12)

1%
YY) J |

AIUUNITMIANN TR UATB AR TY WAL zauanlun1sUTuLmaan

[y

Wtin wagiiuysednSnmnisusuaans NS euFveaLUUIaedliausane N saiNaa NG

= Y oA

ganlieguiudnAnsgeydenimdesianviselrinuiianaintesantiuies
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2.4 aandnenssu ViT

ga1dnunssy VT (Vision in Transformer) Aaudnaa1Unens sy Transformer
(Vaswani et al., 2017) ﬁié’ﬂumsﬂszmama%’ammmﬂizqﬂﬁ%ﬁm%’umﬁﬂLLuﬂgiJm‘w
punAnvesgteyanmdudiuveaunnd (Patches) 3unasil (Flattened) Fandneriu
FBuszanamlulszlen lnswdazunadazgnusulnluunueusazilinnmesuuududu
(Linearly embedded) uaaUseinananuaIfumefIlg1siaves Transformer $auAUNSHS
ALMUsT0A10 (Positional embedding) Lﬁ@%’ﬂ@ﬂ%auﬂaL%qﬁuﬁ (Spatial information)
nasnaunsitinada Self-attention flazteliaunsaFousanuduiussniisunadgla

Alalaelifoarn D s 1w

LS,

Transformer Encoder

2 B HOL DO D O

* Extra learnable

[class] embedding Linear Projcction of Flattened Patches

RN =
gﬁg——».il%@&ﬂilﬂ (1)

©

JUT 2.17 mevhanwvesantdnenssu ViT

'17154'1: Dosovitskiy et al., (2021)

913U 2.17 mMsswungunimseandnenssy VT lumsadnaudnvazgunim
Usznoudae 6 dumeu Tdur 1) n1swusgunmeeniduwnad (Patches) vu1n 16 * 16
PaLARADS Transformer fiazutstonrusanidulndu duiu Vit asdsuguamlvidy
wnadges 9 2) N1suUaunuees (Tensor) vuin d * d * 3 Tinarsiduininesyuin

(d*d*3)*11ae9 d Ao VWINURILNAG LaIIN1sHaNes (Vector embedding) Vel
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yunvetInmasintzand1vsulnd1gainuy 3) nsiladeyadiunus (Positional
embedding) 910514 Muti-head self-attention tfieszysiuvtsunngarnnsutsgUnm
lailstaduitu edslsfiou nsvhaures Vit dusislianuaulaiudasunndinmudoniss
fusgslsunnniddiureaunnd 4) nsifimaanalniAudmsusuunguaimdiuiumindy
AmanFesnsneInsalinuanfunanisiliteyadumisudnoluldlusuuunsouiuunnd

¥ LY

Y093UNM 5) NstunaduazaaialniAunnideusoni (Concatenate) waidudndaaidnsm

Y
[

Transformer Uag 6) MITILUNTUNMIINATIATIwRVULIATIWIBNBSIgUATEUNAE TUH Y
I~ 1 1 < v} 1 v} & o [} gj v & o '3 =3 4

N5 UaRUUAIAINUNLL T UM LA R AT UVDINAANTAN NS UAAAVIINUAR L TIAT UL D WAL NG
UagUuiinsiuianrdnenssy VIT luvaie 9 13959 (Dosovitskiy et al., 2021)

LU ViT-Base, ViT-Large way ViT-Huge AfId1u3un1sfinosuanaeiumuingussasalu
n1391197U LA uswuunlasuAudsy Wi RN50, RN101, RN50x4, RN50x16, RN50x64,

ViT-B/16, ViT-B/32, ViT-L/16, ViT-L/32 wag ViT-H/14 Fap151971 2.2

A5199 2.2 51982DUAFILUU ViT LAaZsTU

12939 $ruauty U | u1alasedng | Heads |31uunwsdines
Hudoudy Uszam (8u)
ViT-base 12 768 3072 12 86M
ViT-Large 24 1024 4096 16 307M
ViT-Huge 32 1280 5120 16 632M

fia: Dosovitskiy et al., (2021)

nsnaaeUUsEansamassuuuiignilnduamiuugadeya imagenet21k uaz
JSuusauuyadaya imagenet2012 (Momin, www, 2021: 1) 198D EAFIN15197 2.3
snivindeiuuuiivwelng Tnefasanansiuiudusarsaumsiinediu sxdmals
TaanZeuduntulude whsdiiunuuugedoyaifiortu frunuiseifadentdfuuy
viT-8/32 1le9a1nldnanlunisisouddrfianuuyadeua imagenet2 1k uagUsuuss
ogsaziBuauuyatoya imagenet2012 windui 4.2 $alus lusaugilinnugnieiniuds

0.8179 agluszaufunn wagliunns1anduudu 9 ndvuelngndnuinin
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M13197 2.3 MsnadeuUszaniamimuuungnindualmtuuyadeya imagenet21k wag

Uuusisagvazidunuuyntaya imagenet2012

AU yadaya imagenet21k yadaya imagenet2012
AAnugndes | a1l (va.) | AArugndes | iy (v
R50 + ViT-B/16 0.8505 25.9 0.8492 259
ViT-B/16 0.8462 19.9 0.8461 17.8
ViT-B/32 0.8179 4.2 0.8179 4.2
ViT-L/16 0.8507 59.2 0.8505 59.2
ViT-L/32 0.8122 14.7 0.8120 14.7

fa: Dosovitskiy et al., (2021)

31NAN597 2.3 Taa ViT-B/32 S0 Vision in Transformer §u Base filduuinuned
32 * 32 iNLa WazdlduIunIsIamesUseana 88 a1un1siwes Wunisluantnenssuy

'
= =

MsiFeusiBedndiiuuiAnues Transformer deuszauanudaegegslunulszanana
AMwETIINRINUsEgNAldTUNUsEanaraa miignuisoeniduunadidn 9 lnsusiazunad
YA 32 * 32 inlea Antundarunadazgnudasdunnimesiielfifulnidu (Token)
Tunstoudrglunalaslsidesldasulagdu (Convolution) tleaain Tumaazldnaln
Self-attention fiaglu Multi-head attention Lﬁaﬁauimmﬁmﬁuﬁizwd’mLLWG}‘??‘V?WN@
TugUnn Vilfaunsnduuium (Context) fiogvinafusnn 4 Tékeusidunsnvosluina duwali
ansadsvanananmluszivlnauea (Global feature) l9ind1 Tnstamzlusuiifosnns
lamnumunoidadnuesan esnnlvnadnsidugudnuvazidsanuvaneguuuiiuiun
(Contextual features) Fsaninsoiiluldralususme 4 Tdegrafiuszadnsain wu n1ssiuun

USLANAIMTILINFITUNI BN AN ULNe A8

2.5 MITHUFAWAULDY

msﬁauﬁﬁmmmaa (Self-supervised learning) (Sawarkar, 2022) L‘ﬁu'g‘ULLUU
n1sissuswuuldfifaeuvuyadeyauvufintdreiiudnlud®@ (Automatically labeled)
idesanuuudasainsiFeuiaindeyanlisududesdthomiuarmin uddesiitheiiiu
d1m¥unisdum wazlduszloviannaaiudusiud (Relations) n3eaduAeades

(Correlations) seninanaudRvetoyadunaiuand19iu Ingdsduliuuudiasaseous
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AsuansmunInggIfudeyasonisisuinnuduiussenitegunmiutioniny
AWI5TINIA wnuiazSoudneldnanafidiinegegtuniouuauiy eduuuldiu
nstinduandernuisusslonazdamaliiuuuaunsniouidesing 1 ldnntu uazanuso
Fumuuuanuduiuuisegissenitsgunmiudoaudienisdeudieaues 91ndy
yaA3 (Knowledge) MdunadnsannnsiSeuiazgnaneleunisifous (Transfer leaming)

Tdwuudasuitelddmiuaumdn (Main task) fsgui 2.18

No. Original Image Data Augmentation
Mask some Shuffle the Grayscale
part input ce- an image
(n '

@

Represents the same concept

Match the correct animal

AAAARAALLL AL A LA AL SSTRTIY
TTTTTTT I | 'n|‘. |
)

o

Data Labeled Data Unlabeled

5UN 2.18 WNARNISIIEUIMEALDY

N3N 2.18 LwrAnnIsiSEuseauauieinaudlaguaimainnisiseus
AANYEIANIZVBIRAAL U (Represents the same concept) 1 JUAaTUAUATY

(Original image) A1nWuaERNHufIBUUlTSsusINeIndgUN Mgdvdu 9 NlsUuuunTe
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lassaeanmilouiunignisanuuasgunindualtiu (Data augmentation) Wy N1sNaRUATY
JUAMUIEIL (Mask some part) n1suusguniwesniudiuges 4 udaadusumis (Shuffle
the input) uazn1sUsugun i lulnudng (Grayscale an image) {Wusiu aziuladnnig

Seuimenueadidnvaiieriuieuivenaniwigldainsodearsnsodilaniwlingy

o Y § v ] % = - - = = Y o &1 I
giv unlideninmlandreadanniiaailelUSeuiisuiugunmdndsng o July
lannfvinazidenguningiuliegnegndes audulainnisieusienuiesiu It

Jndusdesiniraiduiiiouvinaiala 9 wileussuiuuuiifasu (Supervised learning)

o og =2 o Y =2 ¢ A = o 1% [ (K] a
ﬂﬂuuf\]ﬂgﬂU’m{LsﬁﬂUﬂWiﬂJﬂN‘ULLUUﬂﬁJUVIﬁ’]ﬁW L‘WEJNﬂNuLLUUﬁ]’]aaﬂiﬁﬂqﬂ’ﬁﬂﬁ]@ﬁwﬁﬂﬂiﬁﬁﬂﬂ

9

Ldwneiiuninew (Zero-shot Prediction) Ad1eiunywdNau1saduunlsznndvasi
wansnafiulalaenldsedinsaeunianisseusuineny
nuAeillmihuwfanisiseusaeaueanldiieliuuuiassaunsniseud uas

asrethefduaindeyamenuies lnglidndudesiianinisiiduainuyudlaense 350154

1 ¥ o

Hrgantednalunisnieutdeyandedddussnuiiuiuinnlunisiniteidukuudaa

(%
a v v 1

annsdulalanialiaiunsairteyasuinlvg fllegualuldlunisindiuuulaegne

Y

fluszansain lasuvudiassaziiousanuduiudidennunuieideusgludeya
WU ANwEenAdessEnIANLazdeALAIetUY ileatsfunudoyaliaiumune
(Semantic representations) F1eAuLaY wAMIHINMNyaNesBsd U sUsEandldly
usundideyaidruaunin udlifinisssythedduedindumnis dedsmaliuuudias

anunsonluuszendldlunuivainvaieliegeEnrdunasnsouaquuINUL

2.6 fiauwuu CLIP ﬁgnﬂnﬂudqwﬁﬁ

f11UU CLIP (Contrastive Language—Image Pre-training) (Radford et al., 2021)
Li‘;Jufff"sLLUUImwinizamLﬁsmL%qﬁﬂﬁﬂmudawﬁﬁmﬂgﬂmwLLaz%’am’mmwmﬁimﬂa
vuBumesidn 400 1ug Wannlasuitnlinamnaiilsde OpenAl fiduriesfiRns
Welyauszhvg lnglasuniseeusuin Sussansamaalunisiuwundeyauwuuliiidiens
Tun15138u3 (Zero-shot classification) N38UN1TNNTUVBIAIUUY CLIP UsEnausiy

3 Juneu Faguil 2.19
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1) msfndufnvudmiuuuasunIEd 2) maafduenuianneadeyaandaanutheiiu

Free form text cat

18] e g ia i Ferwand

cow

Text
= Photo of a Text
dog

Encoder

EJ—» Encoder

Unlabeled image

Encoder

{object}

rat

Image

Encoder

Photo of

a dog.

3) manensaidayauuvhififangn

Ul 2.19 nseunsThauvesuuy CLIP
ﬁuﬂ: Radford et al. (2021)

1) n1sEneluauLuUADUNII@A (Contrastive pre-training) LNONANUALU T

g ¥ v Y a :? A IS a v =g

sUNW uardinsiatenunssTINIRUULANSavae sULUY I51eaziBensiail
1.1) msidnsagunn (Image encode) HnWudiidnsiasuainuuy ViT-8/32
dmiunisafnaudnyarsuninaiaiufnvesan1dnenssu Transformer Avinaudiy
Taay wadwuTuldiuguain (Vision in Transformer) a1nn1sil3suiiiguaduduiug

v [

sewisunadifiosuaumfinudnuurlunsmeaauduiusfuus natanm Jediaaw
wdugrgandmingadeyaidiuiuuinne (Liv, Sun and Zhou, 2022) NAFWSIINNTTHY
U (Image embedding) ﬂ]zLuJaqL{‘Jumma%@mé’ﬂwngﬂmw (Image feature vector)

1.2) n1stdnsviateninu (Text encode) Hndudidnsiadendnundy GPT-2
vuiugiuanidnenssy Transformer ioi3oudauanglasmuvestonruusseigunm
wrazUszlon naansannisiladoninu (Text embedding) wlanduaninesaudnves
YaA1u (Text feature vector)

1.3) mi'E'JmJuéhL%’WﬁﬁagﬂmwLLaw?hLﬁﬁﬁﬁa%aﬂamuuﬁuﬁmsﬁiwmsjgmwu
AIENITRNHUANNTIUUABUNTIAATENINNFUAINKAETBAIIUAIWITITUVIANI TS U
521711990AUAUTTEEFUNNAERILINTTiatanI1u (Text encoder) Wagn15i38UIFUAM
seidsiazuaIn (Image encoden agdndunislundendy tiong1e1umergedian

(Maximize)maamaqmma@mmwqﬂﬂﬁmmnﬂLm%gﬂmw (L) @mnmma%sﬁamm (T,)

'
| [

PR Y ~ .. . 4 %
mdunnu wazuiAevda (Minimize) ¥9IALABIFUNMN (I,) LAZVOIINIABIVOAIY

(T

,) du o lallddiumemanuaseaiadaled deaunisn 2.13
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A.B n _A;B
Cos6 = = Zizudiby (2.13)
[lA[l [IBI] e
Y1 Aj | Xi=1 B
AAUA LA Auaz B A9 1nwes
i Ao 9IAUTENBUYRIINLABS (Element of vector)
n A9 MUIUVDIIAUSENBU (Number of element)

Ao naaMAeNgARER (Euclidean dot product)

[ A9 IUINVBIINAOS (Magnitude)

(%
[YERY)

Fadunszuaunsious CLUP agnensmduganiudenuiiisitesiy
wavluvazifetufiouiizuoniozdonnuilsiiieadoseenly Tnglidesiisntieiiiu
fuyudtmuelaonss BBnstdgliduuvannsndilonmuduiusidenumne it
sUnmuazdonanuldodnednteday nadnivesnnneizuninuasianimesdonnugiia
Andnuazadteadsty Ihdlndfu 1 unBeiu lumenduiu danuadeadaalaives
nawesgUMmuazweiTerNuginadn v LN uAIzanasaudlndTU 0

2) MsaseinuunUseLnnyateyaannileniiu (Create dataset classifier from
label text) Inglduszloviandauvuiignilnundiaraminlunswensaidhedifuain
Ardmidnildainninioud Tnsilsfeuiandaniaandudeaiinussersguam
(Object classes into captions) 141 “tJun1nves {Houtand) (a photo of an {object))”
130 “ATINANTBINNAD (DpULANA} (a centered satellite photo of {object)” \Hudu

3) n1sneInsaitoyawuulilifiegis (Use for zero-shot prediction) Iagdauuu
Lisndudesilyadoyadiogrduniswernsaiiiedntrodiiu Wedunngunmiidesnis
dmunsuFudistaguam teadannesilea (Embedding vecto) ntiuazriingg
Sanrmndnondstaludseninsnnnesnsiliesgunmuaznnmesnisilsdonin Tned1is
anundenddaluigsanaziduiiainasmeinsal aanguil 2.19 namsnennsaitheidy
fflrundnondsgsgaie “sUn el (a photo of a dog)”

e ivszgndlddauuy CLP AgnflndudramdhuuuuimisnisiFeudienuies
LuuABUNIIARluNTENuLUUTIaesngUA AU ANUTTIIEgUANATALLNY
aonadaafiy ilaFoudauduiudiifsitestu andusuiuaundisadsfusewing

Asuniuthediu ieduunaudnvusdnnuvinglugluuuiuyedanunsadilale
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2.7 M3iauszansamnisAupuzuawwuuluuns
n1sinUsednsarnnisAufuguarnuuuluuns (Binary relevance metrics)

(Chaudhary, www, 2020: 1) isnldauaulomuuivled Google mMsAuAwiRlouuulad

Y A a

YouTube n1sAuAuNaafagiuuivled Amazon #san15AUALUY Gmail Ludu saens

'
a

Uszilunadnsiine1tead (Relevant) Lt ufiunaawsnlaiineided (Imelevant) udiasuan

aaﬂuﬂugmwumsw Confusion matrix

(Y]

NUITEYeInUseansamnisAuAugUuAmuuulueng Meu1nsin 2 Ussan taun

9

11959 UUlUaUlaAAUVRINAGNT  LATUINTIAANULAEITDLUULTRALLUY FeumazUseiny

fanwaensldnuuanieiumuinguszasalunisussidiung I5eazidendsil
2.7.1 aasiauwuuldaulasnuvesuaans
wnsianvuldauladifuvesnaans (Order-unaware metrics) 1uu1nsin

v oA c{'

Myaulad1iuvessensNgnALANMUAKUUTIREITATUAY NadNTILLANITIFUN NN

v oA Y v - I 1o = = o 1A < o w

AuAutugnaemselal tngliddedishunimsuamiuusnngludeiu
Arog1anaansINIY 5 JUAIMAINTEAIUAUNT “the dog running on a

grass” MIM13199 2.4 AVUALTMINKARNSYNABILAZATUNIUAINTBAIIUAUNT LVINAY

1 Az asiudn mnnaanslignaewieldasudiunudeauAum Wiy 0 Azkuu

Y

] v & [y aa A a v
M99 2.4 Hagns 5 EﬂﬂqWQqﬂﬂqiﬂUﬂuzﬂﬂWWﬂzﬂ aWNWUﬂqsﬂszLNUQQWNQﬂ@@Q

1 2 3 4 5

@ @ o | O @

D A1AuLtUs1 7 k SuUFU (Precision@k) (Chaudhary, www, 2020: 1)

1d [V A ¥ o & Y A [ d‘
L‘U‘Llﬁ@ﬁ')u‘ll@QEUﬂW‘W‘WgﬂG]ENﬁ]’]ﬂﬁ]?U’JUE‘UﬂWW‘WGM@JWDWﬂﬂ’lﬁﬂuﬂu PIFNNITN 2.14

Number of relevant images in k

Precision@k = (2.14)

Total number of images in k
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91n3UN 2.20 Wawnualuaunisi 2.14 nM3AIUmAIANLLILE1YDS

[V 3 Y A 1 o @ o & A o [ o &
NﬁaWﬁﬂqiﬂ'Llﬂuz‘UﬂqWLLUUVLME’{U&L?]@']WUGUEJQN@@Wﬁ WaNUUALUU k = 3 e 5 A9y

SU7l 2 gnéfea

U7l 3 gnéfeq Precision@3 = % =1.00
5Ut 4 ligndfes

SUTl 5 gniios Precision@5 = % =0.80

(%
YY)

AT LHBANUIMMIAIAII LI UEIVOINATNENITAUAUTUAINA k = 3

Lag 5 ANVINAU 1.00 wag 0.80 #IUA1IAU

2) A1AINIUASUDIUN kBuau (Recall@k) (Chaudhary, www, 2020: 1)
JudndiuvesgunmigndesainnisAufuainituiugunimiigniesisnunluyadeya

A9AUNNSN 2.15

Number of relevant images in k

Recall@k = (2.15)

Total number of relevant item
a o PN P v v v &
IN3UT 2.20 enuITIRFUAMANgITiuTeaIUAUM AT UYA
Toyainiu 4 910 5 JUMI WaunuAluaINENNIN 2.15 MIAUIUNIAIAINATUNIUYDY

nadnsnsAuAugUnmwuuliauladiuremans Weoivuadu k = 3 uay 5 Al

U7l 3 gnéfeq Recall@3 = 3; =0.60
5UT 4 Lignéios
SUT 5 gniios Recall@5 = % = 0.80

=

AU LDATUIUMIAIAIUATUNIUYBINATNTNTAUAUIUAM k = 3

Qe

wae 5 AAYINNAU 0.60 kay 0.80 Aua1eU
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a

3) AUTEANSANLAETINN Kk SUAY (F-measure@k) ABANNANARTENINAIY
LUUTIAUAIAIUATUNIUNLANIINNITHUT I ULNBUNUTENINAIAINU LU UG 1AL ATAITY
AsUtIuYaLLsavAaanad e Wislduuinsiame (Single metric) TAANEINS0YB
LU ABNUAIAIULUUG LA AIANUATUDIY HBI9INANANUBUUE AL AIANNATUNIUL
Wuusglevidodldasnguiuly lnedldagldaudrdyduarnnuudugiuinnid

| ') =~ P E% Px A & Y U a Ay P
AAuATUNIY ewnglddiulvgdeinisliteyaiilunadninnsaiudanaesnisaum
weilunnanduiu gRaunssuuaumdeyasziduluiiAiniuasuiiy 1lesindeinisiv

1% & A v v o 5] o -
i%U‘Uﬂ‘L!‘VT’]LLﬁSLaEJﬂL@ﬂﬁﬁ‘wgﬂ@@ﬂﬁ]’]ﬂ%ﬁﬂm@lﬁl@u’m%qm PNANNIIN 2.16

2 x (precision@k)*(recall@k)

(precision@k)+(recall@k) (2.16)

F — measure@k =

AU L AUIUTIANUTEANSAINLIAESIU INANAIUBUUEN Kk = 3 hay 5
FAWNIAU 1.00 kA 0.80 LATAIAUASUNIUN k = 3 way 5 UANYINAU 0.60 way 0.80

o L = L tﬂl
AIUAIAU I1YALLDUARNIRITIN 2.5

A15197 2.5 N1SANUIUAIUSLANTAINLAETININNAIANULUUE AL ANAINUATUDIY

UINTIN @1 @2 @3 @4 @5
Precision 1/1 =100 |2/2=1.00 3/3 = 1.00 3/4 =0.75 4/5 = 0.80
Recall 1/5=0.20 | 2/5=0.40 3/5 = 0.60 3/5 =0.60 4/5 = 0.80
F-measure | 2°(1/DX1/5) | 252/2%2/5) | 2%(3/3)43/5) | 2*(3/8)%(3/5) | 2%a/5)%(4/5)

(1/1D)+(1/5) (2/2)+(2/5) (3/3)+(3/5) (3/4)+(3/5) (4/5)+(4/5)
=0.33 = 0.57 =0.75 = 0.67 =0.80

2.7.2 4IN5INAMUNYIVDILUU AR U

o q' 9] v Y ' N v =~ a
ll']mi"]@ﬂ']qllLﬂﬂ?m@QLLUUIMﬂgLLuu@nSﬂ’] NDCG 7 k 9UAU LUBIINKUIAR

[y a @

szavganluuiusssutuenagUszsiunasuuluwniuingu Faduiuvesnslduinsia

'
a

AULAEITR L UUl AT LUUAIE A1 NDCG (Normalized Discounted Cumulative Gain)
1 k sududusludiunidunisysedfiunannumneveunas sunmliaenndesiu
naneeuImesIviAt(Camevali, www, 2023: 1) lnglUIeuliiguseninan1sAuAuIUA e

ALY CLIP sadsiunisAuAugunmeiediiuuy CLIP filnunisusudiviin
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a

A1 NDCG LHumsinUszansnmuadnsnisaupugunmlagldinasilinzwuy

[ [ LY

fusUnmiliieddes ualianuddgyiudiduressunim ulsseduazuuunaitos
(Judgment score) 1 5 s¥du (5 Point scale) daus 0 e 4 Tag 0 Aogunwlafiaay
Aeadesfudonnuduniias audls 4 Aegunmilanuifsadesfudonnudumasuiiu
YNFIDYNIINHARNTNITAUAUIINTDAMNAUNT “a tabby cat on the floor” s1uaz1dn

AIMTN 2.6

M13199 2.6 FRE1NAINETILIU 5 FUAIMIINTBAUAUNT “a tabby cat on the floor”

PNIUNTUTE I UALLUUAIIULNEIVDS

a19U | JUAMAINMTAUAY | AZUUUAIY ANadu"Y
a v
\nedas
Y @ ¥ oA 1 & = 1 6 1
1) _ > 1 sUnmAngmaseguuiy fauddnaelily
£ 9 sUAMLINaNY uidlasAgIesiunig
AUMIAE on the floor
2) 4 LNANYRLUUNY ASITUTEANUAUINN
Uszn1s

3) 4 LUIANEREULINY ATIUTRANUAUMNN
Usgn1s

a) 2 Wunauiduuanded wazeguuiing
Luilaeguulsy

5) 0 Wugldv wazeguuauu lddiaiiy

Weatedle o lweiudennuAum
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INANSNN 2.6 L19UNFIBLIHNAANSINNNTAUALTUAIAUN 1 WAy 2 INIUNIT
UszluAzhuUAINUNEIT89a8A1 DCG (Discounted Cumulative Gain) UBINaaN5IINAIT

YA o w = ° vy PN
AUAU 2 AU %ﬂﬁ']m']iﬂﬂ']u’)ml@ﬂ'ﬂEJ‘U']ﬂaﬂJﬂ']iVl 2.17

DCG@k = YK reli

k=175, 1350 (2.17)

=

gk AD IWIUNAANTIINNITAUAY
rel,  fo  AzwuuAMUieddeIsTniamadnsannnsAuALAY
YOANAUN
log, o  Uadeivinl¥azuuuveswadndarnnisdudugn

ANYIOUAINIUDNTIEIY

P A Y o o o A d' A o i
Lll@LL‘V]UNaaWﬁC\]']ﬂﬂ']iﬂu¢1u1ua']ﬂUV] 1 e Ziuallﬂ']s‘m 2.17 1WaAUIUAN

original DCG U57882188n01

1 4
log, (1+1) log, (1+2)

origmalDCG@ 2=

) Ui O

= 3.52

AIUULIDVINSAAUAWUINAANS IUAPUT 1 Wag 2 Y99AN519N 2.6 Ladwny

[

AWENNIST 2.17 BNATY HOATUIRIAN qeppeaDCG HS8AZLBEARIT

4 1
log, (1+1) log, (1+2)

swappedD CG@Z =

= 4+ 0.63

= 4.63
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91ntuTeRIuINAT IDCGak Aonadunslugauafivas DCGak Fudunanisau

A d‘ Yo A o o w g.J/ v d‘
ﬂuzﬂﬂ’]wmlﬂﬂﬂLiENG]WN@’]@UQ’JW@JE‘?’]?%@W\‘I%@J@@Q&Mﬂ’]i‘Vl 2.18

IDCC@K = 4,0pesDCC@K + 011, DCC@K (2.18)

4 4

IDCG@k - log, (1+1) log, (142)

= 4+ 252

= 6.52

TUABUFAYIEABNITAUINATUTEENEHAVRINTAUAUILNTINARAINLEREIY
YB93EAUAINAIATYVDUBNATT (Relevance grade) N3N luUN15IREIRUNITAUALGAIEY

A1 NDCG @UN50AUIULARIENNISA 2.19

_ originalDCG@k
nDCGC@k = BT e (2.19)
2.52
= 0.39

a 1

anuiulddnnaslden nDCG duilefninnisiausyansamaeAnnusiug
Wesegaien Wewninsiidnisdasesdiuremadnsannsauiulasnse

ydfeilseinuszansnmnisduusunmuuuluuideiasiauuuliale
S1duvenadns Usznaudiea1niunalusfl k susu A1auasUBIuT k Susu way
Ardszansnmlaesiud k Susu safunesiaauisiteuulinzuuudieal NDCG

‘:4' YY) ~ a a a ° YA aa v a aa
N k 2UAU LW@‘LJ?SLNUU?SaWﬁﬂWWLL'UcU"i]’]a@Qﬂqiﬂu@uzﬂﬂqv\l@f\]maL?J\‘Iﬂ']’]ll%ll’]ﬂﬁluy!ﬂlm
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2.8 $uIFeNNeIU9

A % Y [V

N15USY AL UATENAYITDINUNITAUAUSUNIWLTIAIUNUNY LANLSUANNTY

Y

AUANYEIEAURTIgNannfIedanasfiud1e o neusvthuidadunuinangifeafiudiie

Y

Inud 3Us1anTeagunse (Manzoor et al, 2015) usoraiiadgyniiiielaaduninyignia

LAZNINYIENELaNIAITINOY LUNIIAY ALY WATIERIN T AMENYUEYRNUT Uagiui

[

fupnsnefusgedaiau %wmﬁ%ﬁmumiﬁé’aﬂa%ﬁmmiﬁwmwyjLﬁmﬁ’u (Mai et al.,
2017) omBunsnaunauiussiaudnued sUsa 3Unss uagiufivesguam ved
nsafadeyan nluiliaesudseaniunaiaszau (Kalimuthu and Krishnamurthi, 2015)
wilupadnvazdsnnumaisguninazgnindiefdutazdimuaaaiainuizanain
yatayafidum (Mane, 2016) el fanunsaiiaseilusuuuuiidudeulduindu deuay
Wamdunisiuaszvninanudnuae szA s uLLIAAIEA U9 (Gupta and Singh, 2018)
iiofuAuguawangiudoyanmaunalnguudumesidn lnednnguandnvazuszian
werfulmdunguiiodurnudnuais (Pattern matching) (Potapov et al., 2018) agnslsAd
Tuanuduawdinisuesninveswywdinaziiansanananunueved suamlundn
Tnofilisudusesiinudnvardviosunsiuuiferiuiamsadnduindunmudafeiuls
dawalnsuugunmealalsnadnsinssunamnglunmegisusiase
JaymidananiuihniiaidunuifAnn1sulanunu1ge4nInNaIneIRUsEnay

& o =

wsodngiusingluninidu wielualdnadnsNnsmiuaufean1sunian waswnuingiu o

q

Men1suin (Tag) wsenshinnumunevesinguuamiluieing viemdwiniaenadeiy
(Patel and Sampat, 2017) LeduAudeyaunuludnvusrldnuduiusvesdindn
(Synonym) tganlglunisAududeyanIn 1y “stone” AAIIUNUIELYULABITU “rock”

'
) [

Husu $rufvadisanuduius (Relationship) veauiinde Tnquunm 1y msiesiagse
AR 9 19U “touch” “on” “top” 1Uusiu %ﬂNﬁﬁWéﬁ%ﬂﬁUﬂ’lﬁW%ﬁgﬂLLﬁﬂi’?‘UUﬂWW
SafinsudinuunmunAdeanusamanunuguunwleunTu (Chen, Lu and Lin, 2020)
wiluauduasadanisuiindoyavunmduduiiissnisileddniddosnisuuain
ualailglimnumnevesnnlaesin Wudsriuisnsidenldeglutaqiiuegranisdudu
sunmEnulUsunsudumiinadnsannisdufuenadusunmiiitearudumduilieglunn
vieanadusunmameluduinaiiiidontedomiinsatudonnudumdinarinunuain
nslddonnuiiegseu 9 suaimluniseSureainumuievesgunin (Chen, Trouve,

Murakami and Fukuda, 2017) WAUMRAMIIANNMINEITaINTa1eLazn1sALEgIUALS



a2

suiddnansviuidaldneuanimaianisneunduvesdly iilefsmadnngldainnds
Tnsunladgmageyinemenaumiig (Anandh, Mala and Babu, 2020)
AmNuNgveIn AR T IngUTInguUN Ty Wilo T eil Rl dnadnsy
unuALINgYeIn W Wuiiivesnslinguinisesesywditnsfiarsanain
funsuazawiavosingfiiaty ieuldlunsuanumnsvesnmdsnilaseaing
afinp3nsau (Zhang et al, 2020) fensialassadratunmduatufidnisuiin uadnnudn
Arsunidludiuveanmidudtlifisamerenisiulddmiunisuvaniumang awdad
Wnsinaunausznitanslduindmdnuuaiwiunisairannuduiusseninengiae
HasUamasuua (Multiple kernel) (Zhao, Pei, Zheng and Tao, 2020) maqﬁuﬁ'?mquumw
nadwsAlddrulngFudunquuesdmdniivsngdmanuunimvingy Ssianunesn
Tdtomnu ileussenennuvsnevesnmeedeyaing 9 auasuiuluguuuuvedas vhesls

Al = = O @ v A = a4 a o & o ¥ a o v &
‘1/11‘1/1‘14 Lll@vlﬁ %QUqﬁﬁiﬁLﬂum@MMﬁwu@ﬂWiua'ﬂi@Lﬂuﬂ'ﬂ"lllf\]"lLTJUV]']EL‘WLﬂ@ﬂ?qﬂaUﬁusﬂaﬂmaaWﬁ

'
al

Alaun asiuinsldmesuenmivegiuingidldaulalidnuasluwuula duluusas

9 Y
v =

SEAUVDINITIAAIDS U8 AIUUAINTUTIAIMNA1AT F9Tin15teaulnladuradradunuinig

o

d1mfuasieguiuuaiasuig (Nhi, Le and Van, 2022) §9aziinasiiuadseianing

o

o

AMUFUNUSTENIN9TRg TauTIANUFUNUEIEnIUTELAN 8819lsAnu N1TTATIEH

[y

AIUSTEIEAUMLETBININE 8193z lilannTaaIuANNISITIngluu1ansdl Wesnuue

Y

v saa

yaingraniiuly SnvsuSunadrdniindanununeadiedunseldunuiutusinlunig
MvualinsauAsy
Lin15AnE1UITeNYIUTELIUGUNTEAIN (Aesthetics) wagAun1n (Technical

quality) suaqgﬂmwaﬂﬂ%iﬁaﬂmj 1ay Talebi and Peyman (2017) it@us NIMA (Neural

' '
a = 2 [

Image Assessment) 1l 4iuuUN1sISeRIIFANTMHIUN1TA18louAIINIINNY AR YA
ImageNet u&a3susLfinessioguninaingiudeya AVA (A Large-Scale Database for
Aesthetic Visual Analysis) LiloUszifugunwluiBsqunisain saufugiudoya TID2013
(Tampere Image Database 2013) ua zgﬁusﬁjaﬁda LIVE (LIVE In the Wild Image Quality
Challenge Database) 1o Uszifiuguninlutdsqanin iiefiarsaiuiinfiiiedeady
nsUsefiudsgqunisnmiiaenndesfuinguizasdlunuided WeRasunluseazifen
wud Junudnvusidennuming wu e1sual Uste ndnns wiewuiAnniamgud dWudu
0619l5AR usiiuuy NIMA agiiuseTewilunslianusmnesunm ussuuu NIMA figndne
Tounududuidousaingunmuatenuanny 1wy eavns dulsl favied d0d nio

anUnenssu Wi FalasunisBeuineziuudaunisnwiaisegisiionaazlinetes



43

£%
[y [y

usUnmBseamnelaense uAdeilinhuuAauisdusnimunuunaaiduuusss
YeIgUn W Lﬁ'dﬁﬁaLLUU;@@Lﬁu"LUﬁ@mé’ﬂwmgL%ammumau'méﬁyu

pg14l5Ad Jagtudinsfauneendufifoudindoyasunmsaludfdoddwidy
fuvuusuuarlassainafiuiuey Seniumuiinaming (Semantic representation) Lleyh
Tireufinesidlannumnevesguam uinsilufindsluifasunmiiedonumnety
fnnuilym esandifissteyavdnuinfuiineufinmesatnisoiinszdldainaim
wideyaiifunsdusenaudu q Adredoaununsvessuniwduliiaiunnsoiiasies
ngUunnlagnseld 1Wuiinivesnisléinaianisiseuivesadendinirslunism
anuvnevesnm daguimundunisSeusidsdnaiiganulunisiGouinudnuassing 4
Isegnamanevians uazldduusduumnnlumsiinged Weiiuussansamlunisiingey
lngianzlasanguszaniisunouligiu (Gkelios et al, 2021) [WMT8UIANUNULVRS
sunn andnuaseilutuneuvasnistinduiissyhnsdaidenaudnuneSelui@ uagvig,
UiBes q suniazldnudnuvazfifiauduiusiunadndunniign widmudedrindfofe
Aufasnsyadoyasiuuummalunadoud ieusuanimin warluweaveslnnalii
Ansgaidetiosasuariidinnugniosfigedu Tumendutu Afnansgnudivilsdesld
n¥neansane 9 lunsuszatanauiniu SeannuTouifisuudasrnuiiuandig

[y

fumuanusalunisiseuivemywdnannsaseuiasdnl q ldegrsinsa uiasiideyad

o w

o voa @ X = & a a = o =
107 IﬂﬂaqﬂﬁﬂqugLﬂﬂLUuwug’]u ‘U\'iLTJ'UV]@J']GU@QLLU?ﬂﬂﬂ'ﬁLiﬁJuELL‘U‘U Zero-shot #u18a4

[ 1

Anuamnsavesluaalunssmundogslunsitliinedeuiunneu dshifiegludeya
nsiinevusy nildusuuuiilasuanudende CLIP MiSeudmnuduiudssminsmussetsnm
wazgunmiidartnReadestuuiniign anntuduanasuuuniuadisadsfuszning
dsunmiAutherdu e uunsunmlvilaelnzunueundronds
nsUsggnaldauinuy CLP Sudnilngjasiulufinisufuugamnniwesues
fuvuiilelflunisduungunm Tnensadesuenyssianyadeyaandonnuteiiu
Tnoilsdoviandaaraadludonnuusssrsgunin lusuneugarine eldsunmidiluly
fuvvazasthemiuanmanisneinsaifeyauuulsifidedng og1slsfn visnwddediimn
Uszgndldifunisdufugunim (Bianchi et al, 2021) 910ty Le et al. (2022) Uszgndldidle
Ms9uunsnsudluyNLefiuAnAsTunNLUIAANS B BuSAenueIsEninegUnmMuAY
Fom wedntheffusasudlugunim Ussnouded u uazfirms Wuifsdafuauide
Y94 Xie et al. (2023) Yrauoiinuy RA-CLIP MjrandiuusanisiBouiiuunsunsanuuy

Audy FadldeSuieteya ieiiuauudiuglunisiuungunmuuuasiaen



a4

v

sanfinarunagiiiuledn Muidediulugydddsuninlunisdufiuguain

Y
WeAUTLNY LTB9AINTEUUITTIATIEIAM N vz JUNMMNOAUAUT Unmmdaumileuy
wsopaeAdIiuFUAImAuNT Jeaunsaandynitesinanaunuie wituaiuluase
noAnssugllagunzAuAusUNnlagldmuduiussenienuan v TEAUAT KauKaIY

wAnsyivgaidugusssy wasunusssusadieiuludennuiumaissssusiied

Y

Tudnvaguufnseauas wilunenduiunaudnuaengnuendmluliflagldaeuiiunesinduy

v

AANBEsEAUAIL Falaeilulilinsgenlesseninnudnyusseaumuas LuIAn
Y | o o & YA A a a ' oAl 7] v oA ¥
seAvas dealinadnsannisauAuiysEansamligaviniiaig dnnsmisAupulagldsunm
Aumndiliiazain wazilunswanaiseliiuglalunsmunmauatudneie
NAREIUsEYnAldnatianig 9 WeiuuseaninmnsaupugunmiBeanumuied
< o ! av ca a aa ! 1% a o ¢ av A
Wudruiunin wiaznuiddendmadawazisnisuandieaiuld ann1susdadauiden
Ngdes aursaduwundunalunisaumla 3 sukuy Ao 1) Awdn 2) JUAINAUM way
3) §9ANUNWITTIUYIA TauAUNITTUNATIANISAUALIUA IMTIRININeeanidy
7 ngu ldua 1) wadan1sAupusuninnateseau 2) alanslduduuuigeninuming
3) wallan15tdUaAULTaITEUIAUNLI8YRITUAN 4) wATlAN1TRBUNTUTBIR LY
5) wadlansidesulnlad 6) imallaMIIANqUAIENITTEUIVUATE WA 7) inATaAdY 9

| o o & Y ° aa & v a o a
WU NFINAIMNAUNUST gmmmg NIDNITANUIUNEDF LUUAU S19LLDUANINITINN 2.7
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D@ |G |2 |3 @ 6B 6 D
Manzoor et Semantic Image \/ \/ \/ \/ A domain-specific ontology is utilized for user-relevant
al (2015) Retrieval: An Ontology retrieval, where users input concepts or images
' through a hybrid classification approach that
Based Approach
incorporates shape, color, and texture features.
Kalimuthu Semantic-Based Facial \/ \/ \/ This paper proposes a semantic-based facial image
and Image-Retrieval System retrieval system that employs Adaptive Particle Swarm
. | with Aid of Adaptive Optimization in conjunction with squared Euclidean
Krishnamurthi distance to overcome limitations found in existing
Particle Swarm
(2015) methods. The system operates through three key

Optimization and
Squared

Euclidian Distance

stages feature extraction, optimization, and retrieval
utilizing both low-level and high-level features to

improve accuracy and user-relevant results.

Mane (2016)

Semantic based image

retrieval

CBIR relies on low-level features such as color, texture,
and shape to analyze, index, and retrieve images.
These features are extracted directly from the visual
content of images, enabling automated retrieval based
on visual similarity. In contrast, semantic features
involve labeling images with meaningful descriptors
and assigning them to appropriate classes, allowing
retrieval based on higher-level concepts rather than

solely on visual characteristics.

G
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v 1 P a v a a Y A a = a o
EJLLGN VBITUIY auwm* L‘Vlﬂ‘Llﬂﬂﬁiﬂuﬂugﬂﬂq‘wL‘U\‘lﬂ'ﬂ&l‘lﬂ&ﬂ&l** s'mazl,aaﬂn'ﬁ'maiﬂm’m
W@ |G |02 |3 @ 6B 6| M
Mai et al. Spatial-Semantic Image \/ \/ \/ \/ The spatial-semantic image search allows users to
(2017) Search by Visual specify both semantic and spatial constraints by
. placing concept text boxes on a 2D canvas. A
Feature Synthesis
convolutional neural network is trained to synthesize
visual features that effectively capture these
constraints, enabling more accurate and intuitive
image retrieval based on both content and layout.
Gupta and A Framework for v \/ \/ The proposed framework aims to develop software for

Singh (2018)

Semantic based Image
Retrieval from
Cyberspace by mapping
low level features with

high level semantics

complex system analysis with an emphasis on
contextual information. The process involves mapping
low-level image features to high-level semantic
concepts, testing the effectiveness of the framework,
and associating relevant metadata with existing images

to enhance interpretability and retrieval accuracy.

Potapov et

al. (2018)

Semantic Image
Retrieval by Uniting
Deep Neural

Networks and Cognitive

Architectures

This semantic image retrieval approach integrates deep
convolutional neural networks (DCNNs) for object
detection with cognitive architectures for semantic
analysis and query execution. The system, built upon
YOLOv2 and OpenCog, enables users to perform
queries that retrieve video frames containing specified

objects arranged in defined spatial configurations.

o



[y

M19197 2.7 MIUTTIAlaIdeNngItaaiumalian1sAUALIUAMBRNUNNY (D)

Annotation for Social

Image Retrieval

AN Foauide Juwa* | melAN1sAUAUIUATWIBIANMMENE s18azdenn15ITelne s
D@ G |Q[@ 3 @]|6)| 6 @

Patel and Semantic image search \/ \/ \/ This study employs Long Short-Term Memory (LSTM)

Sampat using queries networks and conducts experiments on the Flickr8K
dataset to enhance a model for generating natural

(2017) language descriptions of images. By effectively
capturing the semantic content of images, the
proposed approach also contributes to improving
image retrieval performance.

Chen, Lu and Ontology-based \/ \/ This paper presents the development of an automatic

Lin (2020) Dynamic Semantic semantic image annotation model that leverages

linked open data and ontology. The proposed model
enables users to label images and identify underlying
semantic intents, thereby improving retrieval accuracy

and better addressing user information needs.

Chen, Trouve,
Murakami and

Fukuda (2017)

Semantic image
retrieval for complex
queries using

a knowledge parser

This paper introduces the K-Parser, a tool designed to
enhance text-based image retrieval through natural
language queries. It extracts semantic representations
from both image captions and user queries. Captions

are stored as RDF triples, while queries are translated

into SPARQL to enable precise and efficient retrieval.

LY



a o

M13°99 2.7 MsUFimindTenifettesiumaiansduaugUunmgInLang (ve)
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1 |1@ 3 |@ @[3 |@]|E) 6|
Anandh, Combined global and v v IV This study identifies and applies suitable features for
} image retrieval, validating the results by comparison
Mala and local semantic

Babu (2020)

feature—based image
retrieval analysis

with interactive

with existing systems. The use of a modified binary
wavelet transform enhances similarity measurement,
while interactive feedback mechanisms and efforts to

address the semantic gap further improve retrieval

feedback performance.
Zhang et al,, Semantics-Guided v \/ \/ This paper introduces the Semantics-Guided Neural
(2020) Neural Networks for Network (SGN), which enhances feature representation
Efficient Skeleton-Based by incorporating joint semantics, including joint type
] and frame index. The model employs hierarchical
Hurman Action joint-level and frame-level modules to efficiently
Recognition capture joint correlations and temporal dependencies

across frames.
Zhao, Pei, Online multi-core \/ \/ \/ This article proposes an efficient online multi-core
. ranking model (OMKR), which is trained using triplet
Zheng and Tankmg mc,)del o loss to minimize hard negative samples across

Tao (2020) image retrieval multiple query dimensions and feature channels.

8Y
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Nhi, Le and A Model of Semantic- / \/ \/ \/ This paper presents a semantic-based image retrieval
Van (2022) Based Image Retrieval system that leverages the combination of C-Tree and
an

Using C-Tree and
Neighbor Graph

a neighbor graph to enhance retrieval accuracy. The k-
NN algorithm categorizes similar images retrieved using
Graph-CTree to generate visual words. A semi-
automated ontology framework is then constructed
from these visual words to facilitate semantic image

retrieval.

Gkelios et al.,

(2021)

Deep convolutional
features for image

retrieval

This study introduces a procedure that utilizes the

latest pre-trained CNN architectures, originally
designed for image classification, to extract features for
image retrieval. It investigates their effectiveness across
various retrieval tasks without any optimization or
exhaustive tuning. The results demonstrate that
simple normalization of these pre-trained networks
achieves performance comparable to state-of-the-art

methods.

6



[y

M19197 2.7 MIUTTIAlaIdeNngItaaiumalian1sAUALIUAMBRNUNNY (D)
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QLWN V291UIY au‘v!m L‘Vlﬂuﬂﬂ'ﬁﬂuﬂug‘d.ﬂqwL‘U\‘lﬂ'ﬂ&l‘lﬂiﬂ&l IYA[ASLIYANTIIY LAY I
1@ 3|1 @[3 |@]|®) 6|
Bianchi et al. Contrastive Language— \/ \/ \/ A multi-modal model learns from both images and text
(2021) Image Pre-training for and is trained on vast amounts of English data,
the Italian L excelling in zero-shot tasks. This study focuses on
e [talian Language
adapting the model to the Italian language.
Le et al. Tracked-Vehicle \/ \/ \/ This paper develops a vehicle retrieval system
(2022) Retrieval by Natural designed to address domain bias arising from unseen
Language Descriptions scenarios and multi-view conditions. It employs CLIP
for effective visual and textual representation learnin
p 8
With Domain Adaptive
l I PV and introduces a Domain Adaptive Training method
Knowledsge that leverages labeled data to generate pseudo labels
for new scenarios in the test set.
Xije et al. RA-CLIP: Retrieval v \/ This paper introduces Retrieval Augmented Contrastive
(2023) Augmented Contrastive Language-Image Pre-training (RA-CLIP), a method

Language-Image Pre-

Training

designed to enhance CLIP’s performance without

requiring extensive data. RA-CLIP utilizes online
retrieval to augment embeddings by sampling relevant

image-text pairs from a hold-out reference set, thereby

enriching the learned representations.

0s
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AN ¥991UIY Juwa* | melANsANAUIUATWIZIAMINE s18azdenn15ITelne s
W@ |G| @ 3@ G5B 6| [

U9 ”m“‘: The Development of \/ \/ \/ \/ Development of SBIR using CLIP Pre-Training Approach.
a Semantic-based First, contrastive training model from 400 random
| Retrieval Model image and evaluation by expert for fine-tuning model,
mages Retrieval Mode

training model on flick30k dataset and custom dataset
using Deep Neural

for semantic feature extraction encode to vector
Network by Pre-Training representation. Second, NPL search query processing

Approach

and encode for vector representation. Last, vector

matching between image vector and query vector by

cosine similarity for retrieval to user.
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1) wmpdlansAuAugUnwaNYSEU
2) wadanslduduuudmnumineg
3) wadamslddermnuitoSeudanumnevesgunm
4) wadlansmounduvegly
5) waliansldeaulnlad
6) wadamsiangusensiouiveedos

7) wiadadu 9 19y nelauduius grueud vsensAuiuneatn sy
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AN UUNTITIVY
NsRILUUTIARINTAUAUIUNMNATTagIrumEg Tagldlassieussamiioy
WGedanngaRneudlmtn IinguszasAtiofauinuudtasanisAuAuIUaInadda
Weauninglagldlasainguseanmisnidnngnilniuaimen wazUsedliudseansan

LUUTIR0INITANANTUN AR ALTIAIUvINY enluunilusenauaigiitedsidey

wsolenldlun1s3de MIsIuTIteya waenTiATIvoya

3.1 %998

udTeiildreasnisWmu1ssuy (System Development Life Cycle: SDLC)
wuuEIankUUdaunduld Tasusuugeniain Royce (1970) w1Uszgniifunuanig
nsimundagul 3.1 Usznoudne 5 dumeu léun 1) msfinudeyaidesdiu 2) mssonuuy

3) MseulUsLASY 4) N1snedau wag 5) msunldly

Preliminary

Study I
L Design

|— Coding

) T— Testing —l
T_ Implementation

UM 3.1 2sasmsimunszuuwuuinniuugdeunaule
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3.1.1 msfnudayaidiosdu
mu‘i%’aﬁfﬁmiﬁﬂwﬁagaLﬁaﬂﬁu (Preliminary study) Lﬁaﬁmummmgm
Asfidamasensimuuuuaes Usenause
1) Msfnwdeyadiussauisuaseoniund deindesnaufinnasing
seuudfuinislulasgendiulaaddianiau (Microsoft Windows 11) nilgUszuiana
dutna Aeslalni-13400T (Intel® Core™ i5-13400T) A21UL52 4.4 AngLdsnd (GHz)
mia8A21u31 DORG 16 Anglud uagiufidaivdoya 512 Anzlud Woudedumasids
wuuliane Tdnusuivledaelusunsuiduiusiiwes (Web browser)
2)nsAnyrteyaaninuiInaeulun1simuIuL Google Colaboratory
Faduu3n1suuu Software as a Service (SaaS) lnefilaanlusunsuiiu Jupyter notebook
FfuusnssueauaEAINNITTALI TR NALITULARIR LaraINISaRINIINEINTIN
Google Cloud unlglunisuseunanals lagldusnisuuuiiarlgae lnearunsald GPU
(Graphic Processing Unit) i uniasdsgananaiioatunsiiinlaeanis wazaiunsald
whgaNuIvwe 25 Anzludlulnua High-RAM
3) msAnwdeyaaninuinaeslun1siseufen1ssulusunsunwlueu
(Python) Tagld@auuy CLIP Aignilnsluliaraniia fu viT-8/32 iJuluinagiu (Baseline
model) Tun1svinanu
3.1.2 A159DAKUY
N1598NKkUY (Design) a@ndnenssukuuingaean1sALAUIUATNZIAINNINY
Usenaume 3 dananan Lakn wenan1saseynmesuleunn tegan1sussiianataniny
Fuyn uaziagansTudnnmes Ieazidondsl
3.1.2.1 ua@aﬂﬁa%f'mmﬁwa%ma'gﬂmw (Image description set generate
module) dmsuldlun1sAuausunInaInmsUTeugUANLAREARLIIANUNUIEY T8N
sunmuazdanmdum Usznaudae 3 tuseu léun
3.1.2.1.1 maw3eutoyanaunisuseaiana (Dataset pre-processing)

Adeliimuagadeya Flickr30k Mdugadeyazunimiisiusimainivled Flickr $1uau

Y Y

A va o

31,783 JUAMULarYAURYaNNITEIIUTINGITINIU 92,168 JUNNTIMGEY 123,951 UM

'
I a

AoUszanns Judennguiiegeiidulunialenianisadid (Probability sampling) auuui@n

9849 Yamane (1973) WiaUssunamadndiulsesinsNseaunnuiniu 95% Aaauni1si 3.1
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N

n= m (3.1)

fvual  n e AwInvesgunMNguanyadeya
N fa wavesgunmnsmusluyadeya

e AB ANMUAAINAGEUYBINTTEUMBE1NEaNTULA

INAUNITN 3.1 WU VUIAVBIFUNMNAFUIINYATLARL

[
o o

Wiy 398.7133 sUnm 9Adeifvuadiuauguaindiduainyateyaiindu 400 sUaw
wiseanidu 8 Tawu Tauuay 50 gUam Taviedu 400 UM suensualfug Iy 8 JULUY
Usenaudie aa1u3uiss UJoy) Aauliansla (Trust) Aaunda (Fear) auuszvainla
(Surprise) A313LATT (Sadness) AANU5LAYA (Disgust) AMNLNTS (Anger) LAZAIINAINNIY
(Anticipation) #3507 3.2 uusifuguaimuuyadeya Flickr30k $9uau 100 3Ua
wagdn 300 UAmAINYATeyaTiiuunies mudndruvessunwluyadeya fanisneil 3.1

Y

etunaistennuusseregun oS ungANUINEIBR A NYBIgUNN

\‘submlsslon

j acceptance I
)
/ | 3
/ ol 7
A Anticipatic \ B
aggressiveness ,
' 2 v 4 d

' K *

. / .

' : \
P

'
!
/ '
.
surprise N
’
g

remorse N =~ disapproval

JUT 3.2 29q001510]

fi1n: Plutchik (1980)
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Ty

sUNIN
Y

1) AUSULSS

(Joy)

2) AUNla
(Trust)

3) AIUNAT
(Fear)

4) ANUUTENRAIALA

(Surprise)

5) AINHULAST
(Sadness)

6) ANUTNHAYD
(Disgust)

7) aulnss

(Anger)

8) AUAINNII

(Anticipation)
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101597 3.1 918l Iaasredeainuussenegunnd
31U 5 51901560 13U lneuseendldluiaa LLaVA (Large Language and Vision
Assistant) @t Juluinafina U INa@IN1T0VRINISUSENIANANINLATT oAU A8 U
Wead199eANUTTEEFUNINTIAUANIEATYI TN UATUDITUNNUF UV IUYBE
) o &

HUunoudail

1) A5U 1 Aa LLaVA NHIUNSRNAUENUUNNT95U

'
wva o v A o

Sunauvuailudaniousuissuninuazdoniny Faduamautfddyivinlilunaannsn
ahadennuussenegunmdidsannaramneesnnldednaitedy

2) msdamuazuUaslvegluguuuy Tensor Fa1du
sUnuuilimaansaUszananald Ingsamianisusurunnnim (Resize) waznsviuesialad
(Normalization) saanitdmuslivedanna LLavA

3) nsa¥1edeninudds (Prompt) Al4saufunn
diensedulfluimaneuauesluudundifeanis wu msldddaiedussoreguamlulawy
ansuaiveInaBus Usenaudeansualges 5 Uszan liun “ecstasy”, “joy”, “serenity”,
“optimism” waz “love” WA InUARIEY Léun “Write a shortest ecstasy caption that
goes along with this image”, “Write a shortest joy caption that goes along with this
image”,“Write a shortest serenity caption that goes along with this image”,
“Write a shortest optimism caption that goes along with this image” wag “Write a
shortest love caption that goes along with this image” Aua9U Fadunssmuaiiama
vosnadnsliasnadosfuamudnuuzidsanumneveanin Ingaznsesinsuiiludes 1
uAsUa 8 Tow

4) nsdadfeyaniminvandy Tensor wazidadrgluina
wuuidlug ieliluiea LiaVA sihnisussananasiuseninedeyasesussian wazdndunis
afredoruusssregunmesnunlnesnlulf@ dudunadnsvesnszuiunisaiienadng
(Generate) TiAnaNMTFEUT A UTEI9gUn MazAdsluBsunssu

5) nMsfunaansamndoudeaiudineunduiludoniny
nudanguiiidnuusdudiusseresunmidaniunine Tasderudazgninunldidu
fidenlunszuiumsUssilivvesfidenngy Wefiansanindernuladeninumsnevesgunm

IalndlAesiunisuivesuywduniign
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letasadunszuiunisaditadeniiuussereguain

5 19MsluULuuNI®8engueie 1 JUAM $IuM3EY 2,000 518015 AeR1597 3.2

'
a va o

A1519% 3.2 fegagunMAguaINYAteya Flickr30k kagyadoyaifidesiusiues  #e

Y

JoAnuUTIEIeUN MBS UIEANUYINETIAMANYRIFUN M

a1y 1aANNUTIENEFUANTISUNEAUVIINELTY sUn N Tatai

ANTNYBIFUNIN

1 | (A) two women walking down a street, hugging R IEN

each other, enjoying the moment together. (Joy)

(B) two women walking arm in arm, enjoying

each other’s company.

(O) two women walking down a street, hugging

each other, enjoying the moment.

(D) two women walking down a street, holding
hands and smiling, enjoying each other’s

company.

(E) two women walking down the street,
holding hands and sharing a love that

transcends time.

2 | (A) awoman sits on the ground playing with AIS LSS

a cat. (Joy)

(B) a woman sitting on a brick walkway playing

with a cat.

(C) a woman sitting on a brick street, petting

a cat.

(D) a woman sitting on the ground petting a cat,
surrounded by potted plants and a
handbag.

(E) a woman sitting on the ground playing with

a cat.
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M131991 3.2 fegagunmiiguannyateya Flickr30k uazyndeyafifidesiusies e

JoANNUTIIYFUNMNTIBTUNIEANUMINUTIAUNNYBIFUNN (D)

a1iu|  demdnuuTIENegUATNTNIasUNEANUNNNELT sUN W ot

ANTNYBIFUN N

400 | (A) a cat and a teddy bear sit together, watching ANNANANI

the sunset. (Anticipation)

(B) a cat and teddy bear sit together, looking

out the window.

(O) a cat and a teddy bear sitting together by

a window.

(D) a cat and a teddy bear sitting together,
representing the bond between different
species and the importance of

companionship.

(E) a cat and a teddy bear sitting on a couch,

the cat looking aggressive.

9NANS197 3.1 uarmad 3.2 nsfuadernuussens
sunmdua 5 donnuse 1 sUnmBunuamsiifimusngasidudavniseslunig
UFSR Wosnamiinawanunsainnumneldvanvatsduogfundnnsiuivesywd
Fananaudiugiu vieUssaunisaivesuiasynnaiiuandtetu dduderuusses
sUnmiinanvansdeieliuuuiassaninsaSeuimsdusiumudaniumang (Semantic
representations) insauAquLaziALT AN UNINBITUATLAITUNAINNAT8 VDS
A¥5351TR (Sernantic diversity) (Young et al,, 2014) 8nvadsanndasfiunuinnd iy
vasluiaa CLIP Awgnguiiouianngunimuasdoninuussensgunmingsiu denisii
FruudusseesUunmidunisifiuduiudiesiedunavionie dwalilunaaianse

Seuiauduiustiulunea (Cross-modal alignment) lawaiug1849u (Radford et al.,

o
= 1%

2021) uonanil yadeyasunmildfuedrsunsnats 1du Flickr n3e MS COCO

9 Y

galemanuuulviudazsunmiitennuusseneunmdiuiy 5 Useloa Fauanideninuneiey
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TunsadeanuraInaIedaniwmans wasiiiedaasuliiuusiassaunsadilantvily
sedfuusTsuldATY (Lin et al, 2014) uazanunsnihluuszandldluuiunnisdufugam
Iapensfiuse@nsnin

fﬂSL@%SN%@HﬁIUMU%%SﬁLLﬁQLﬂuﬂﬁiwﬁﬁugﬂﬂﬁw
Aoun1sUsEINaN LavMshIuudermniountsUsEinana TseaziBunsiil

1) msadreguamlndannisdaundasguainduadu

(Image augmentation) (Mumuni and Mumuni, 2022) 1#8431nU5EANTAINVBINTLTEUS

'
Y (YY) =1 a

a = :’1 é’ (v a ¥ =4 v} ) =4 a (Y |
L“UﬂaﬂuuﬂuﬂuﬂimﬂmﬁumﬂaLUU“UR]R]EJ&’WWEUEJU@U%UG LALUULUIAANITUTULAIFUAIN

o

v
=l

iy N150n fn vy Wagud vnmlvilinaaseainu wielddisuniu (Noise) aslulvle

sUa wluieanun (Xu, Yoon, Fuentes and Park, 2023) tivelvihuudiassaiunsaiseus

' g ¥
= o v Yyaa

Weandrgudnvuzd1dyvesgunnlafddu Tunianduiu audnwausfilidndu

9

a 4

rgniusEuSissunsdu vislignihunGeusiay
2) 11511A1UAEB1ATBAIIULAENITAINUANINTFIU
4aM311 (Text cleansing and text normalization) (Mitchell, 2018) wust¥un1sinSey
foanunountsUszunana esandusssedgnairstusiaiisuuuuitligndeasin
msdudindeya faguil 3.3 msvihanuazeradeyaidunszuiuninsnaey avans uily
visodnguuuudeyaliogluanmimdosldau sadsauniesmnesing 9 uarfnnsesteyai
ligndesvidelsiddusonanyadoya iieliyndoyandouhluinseiuaslfusslovd

3.1.2.1.2 MIANHUANMTIRUUABUNTIARA SENIgUN AL Ta AN

v
Y

(Image-text contrastive pre-training) $1u3dadlgsanuy CLIP 1Uulunagiu ﬁqgﬂﬁ 3.3
fiseazidundeil

1) msflnsusuhstasUneheduuy ViT-8/32 fifldiay
12 u Fudoudusuan 168 9u auelasetneUszamwingu 3,072 $9u9u 12 Heads uas
86 Sumfwed annsUTeuisuauduTuSsEraLNed e A ALERTUS U
Nuiivanualunin Hadnsa1nn1slagunIn (Image embedding) azutanduiinines
AuANYUEFUNN (Image feature vector) vunn 2,048

2) mstindugdnsviadonufeduuy GPT-2 vuitugu
an1nenssu Transformer Ineni15i3en1d CLIPTokenizer ildid15Wadoninn wax
CLIPTextModel fildHsdanuuuiiuiiilanarsguuuy WieiFoudarumanelnssmvos
ToAuUIIIeFUNMusazUsElen naansannisietaninu (Text embedding) ulasdu

nnineiAuanvzlenIm (Text feature vector) YuA 768
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3) ﬂﬁL'%EJuiLLU‘UﬂaummﬁuuﬁyuﬁmiﬂwmagﬂLLUU
( Contrastive learning on multi-modal embedding space) ( Baltrusaitis, Ahuja and
Morency, 2019) tilasarnninesiivuiasiaiu Sadauienld Projection head (Weers,
Shankar, Katharopoulos, Yang and Gunte, 2023) Tumsiasuruannnesuuiiufinisils
T/ias A 256 Lﬁaﬁﬂwué’wﬁﬁﬁagﬂmw WaZANUITHATDAIUAILAIAIUAAIEAGS
1Al (Cosine similarity) (Zizka, Darena and Svoboda, 2020) mnma@m@awqﬂﬂammm
nnwesuiazg laemniluineesgiielduasiidinundiendegs assdudiumndu
Laﬂma%gjﬁLmﬂﬁmﬁ’mzﬁmmmméﬁﬁﬂﬁqﬁﬁw
Fregnsiualasendegaduendisd 1 38 Wede
AaN1YINANNNTA WU FUAN unug [ Usenaumenilavyn /; {0.45, 0.32, 0.46, 0.23}
LLazﬁﬁammmimagﬂmwiuﬁ’]ﬁuﬁ (1) “two women walking down a street, hugging

each other, enjoying the moment together” &1 Fu (2) “two women walking arm in

'
o/ =

arm, enjoying each other’s company” @19 U# (3) “two women walking down a street,
hugging each other, enjoying the moment” §16 U (4) “two women walking down
a street, holding hands and smiling, enjoying each other’s company” LLaSQfﬂ‘VI”WEJ
Tug1iudl (5) “two women walking down the street, holding hands and sharing a love

that transcends time” Wnuaae T, T, T3 T, Wag Ts (ﬁ'@gﬂﬁ 3.3
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Free form text
) e i e GPT-2 CUIP {Contrastive Languasa-image Pre-Training)
smidng th mememt ey ity
(E}tos rormem wallieg e i .
= ' Tewt < Backpropagation
() torm e waliing dowm 3
S Encoder
D) o v elkig dov s Yy v ¥ - ¥ Losits
s
fa v 1 - z - . c
{E} Swm wmme= walling down faz ‘ T ‘ T | To| Te| Ts | SCore Probzab L|t3.- E
{ I LT | LT e [l | e v P 7
S B ViT/B-32 ;] T | 1T | 7T | 1T | LT 1 . & w
. B ] L [s] 2 | ey £
g I [ B N T I oy P ¥
. i < = * R 2 =
g D if Image . E 2l pl | 10Expert|| %
5 L g w ©
e == Encoder ls LT | LT | T | LT | T Ya % P. +
. _ : S
: o J—. amn o Nl A T O Vs &+ P. >V & w
= A
b A Loss Funcuion
i by BT | T | T | BT | 7T v, P
[ L | I N
3 w |
= - L=
: = Backpropaca
Unlabeled imaze 5 Backpropagation
i
£
5 Semantic Similarity
[ ) a9
Customn Dataset * " E
Wworman [ 1 m _,3
walking " iC
— ¥
PENL - Dralf B farumrs %
o fl & £ m o i
Unlabeled image Labeled image togather . %
Image Description Set w

5UN 3.3 LuuiaeanisAuAusuAImganuviig nginduaviwuuasunIIEs

mngﬂﬁ 3.3 915458 1 806 Wnuee Ty, Ty Ts Ta 4a% Ts
Ussﬂauﬁwmﬁuam 7, {0.24, 0.46, 0.44, 0.35}, T, {-0.66, 0.69, 0.53, 0.22}, T5{0.82, 0.25,
0.98, 0.99}, T, {0.22, 0.29, 0.35, 0.67} kag T {-0.22, 0.64, 0.37, 0.78} AIUSIAU WNUATLU
dunnsh 3.2 fsoasiBended

Sim(ll,Tl) = (I1,1%T1,1)+(I1,2*T1,2)+(I1,3%T1,3) +(I1,4%T1,4) (3.2)

Jlf+122+1§+1§ *\/T12+T22+T32+T42

_ (0.45%0.24) + (0.32%0.46) +
0452 + 0.32% + 0.462 + 0.232 «
(0.46 % 0.44) + (0.23 * 0.35)
V0.242 + 0.462 + 0.442 + 0.352

= —— = 093
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INAUNTSN 3.2 NUI AIANAAI8AFILALEUSEIRINgG
sUam 1, Autiennu T, agwiriu 0.93 anifuh /; Awlusieiutennuussengsun nasy
T, 04 Ts azlanaanwsivnnu 0.26, 0.91, 0.80 wag 0.55 A1UEGU

fnirsarulualIttu1dziduvesdrenafu (Label
probability calculator by softmax function) Lﬁaﬁmmmﬁwmmmiﬂﬂﬂludawﬁ’nw‘um
unTaAtuazeglugukuuAl Logits score MAAINAIAIINAS18ARIYBUINABS IR
o £% 6 f < 6 Y 1 I3 [ 1
munlagldiandurendwdnguinladyifuuinsgiuniswanuasanuiiasidunudadu

1 '3 1 = ] [} % d‘
VDIANLDIANALADEARTE TUNATIULININY 1 ANENNITN 3.3

exp(x;
fG) = Zj#r()(lx)j) (3.3)
mmg‘dﬁ 3.3 §19819A Logits score MLARIINAIAIIY
ANEARITENIIINIADIANAN YL FUNIW /; unweiAMdnyuzdanmUTIEIEFUAN
Saeuit T, B9 T, fidwwinfu 093, 0.26,0.91, 0.80 wax 0.55 auardu andufmualy
Anadsiavadndisiminvosudardeya lneAiminazagioufnnuddyeadoya
usiazsiianduin dsedltlunsdiideyaudasiiiniuddnlivinty Weunurinnnes

UNAVRIANUTINLFUNMNEIAUN T, M 0.93 asluaunisin 3.3 d5eazidenmall

exp(0.93)
exp(0.93)+exp(0.26)+exp(0.91)+exp(0.80)+exp(0.55)

£(093) =

2.5345
2.5345 + 1.2969 + 2.4843 + 2.2255 + 1.7333

= 0.2467

wani1sudasalinduninsgrudmiunisuanuasnlm
‘Lh%L"f]ummé’mﬁawuaqmLmﬁwmmﬁﬂmimagﬂﬂWwﬁﬁuﬁ T, MRUANATEN 4 FILRUSRE
WY 0.2467 MNUUAUINARIUTEANMUUTIEEIUNNGIGU T, 3 T, aglanadnsiviniu

0.1262, 0.2418, 0.2166 waz 0.1687 MUAIAU Feflnasiuindu 1 famnsned 3.3
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a ¢ 1 I3 o w a
M1919N 3.3 Naﬂqﬁ/\lﬁ’]ﬂimﬂ’nmu’]ﬂgLﬂumaﬁﬂqﬁﬂqﬂUﬂqwqﬁisﬂJsﬂqm

foruusseesunmitasuneanuvaeds suaw HaN1TWENTal
AMATWYBIFUAN ANzl
(A) two women walking down a street, hugging : 0.2467
each other, enjoying the moment together
(B) two women walking arm in arm, enjoying 0.1262
each other’s company.
(C) two women walking down a street, hugging ' — 0.2418
each other, enjoying the moment
(D) two women walking down a street, holding 0.2166
hands and smiling, enjoying each other’s
company
(E) two women walking down the street, 0.1687
holding hands and sharing a love that
transcends time

3.1.2.1.3 n1sUSuasanndnlass o frenules (Manually set
weight parameters) \ftefnteiAudnluddmsunisium LAAINAITITYUIAMUGNYUE
BemnuvneananuETuS MeanuiAnadesszningunmuazdenuussenegunwly
SULUUNBIsTINER nduazgnateleuanulufiuuuiaonitelfieustiuugadeyad

Amuates tedndiedidudeyaliiusunindimiunisAudausuninideaituving

T518aduneall
1) ANSANUIUAIAMUINUNLRAY wazdS19A1U LT

Iﬂ&@ﬂﬁﬁ&n%’liy (Weighted mean calculation and expert-guided weight reconstruction)

Y

WUSUUTINgane3iun1sseuiNNTAIRNNRANa1AN AN SIS BUEUTENINS

HATNSAINAIUUAURATNSTIgNUsEIiiua U lag e iien1sMIAINISEe de 9N

Y

Handunisgeyde (Loss function) anntiuiAn1sagideunldiuilanduiiindssans amn
(Optimize function) dwsuuSuAamsiilinesaldlunisseuivessiuuy

ASEUIUNSHAILULAALATIVI8UTLEN ML TUNISAIAT

o o A

PrudnvesnisiimasnateluluwmadunislunszuiunisérfuniinasaUszansninveg

o
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n15t3eu3 NMsasardmnlaedaluddlagldnisisousiiunisving, (lterative learmning)

Y

pg19lsAnn Tuunsusun nsimusaiminlassiefignuies (Manually set weights)

(Liu and Motoda, 2012) nduiianusndukazimnunzauuinnii Ingenizag1edsdluusund

o w ¥

ABINIAIUANNGANTTUTsla LR TImUANRBINTTRNE VS aillvaTinvestoya

v Y Y

nsasAnniinaenuenldilonluAEn vz

v v
av

vadluaanuingusrasalunisaul lnganuddeilndmdnuinduilandunisanyde
AIUN133UN (Classification loss) waglviunindegduilandunisaaideniudiwnus

(Localization loss) t®LHUAIIUBIUE1VDINITIILUNLTIAMUALIYLALDNITNITRIA AL

17
a 'Y

(Zhao et al,, 2019) 8nvisnasAinuaUInitnaeaulesiiunumaiAgluntsuiladgnd

|
[y =

yesteyalifithoiiu dudulyminulsveslunsiinngiteyadsauming tiesain
msdndeugetoyaiittheiuegegnioaiiildtiogeuasldinaum nsusudmiinge
puteadetrsdiinszuiunisioudvesluaaliaiuisnduanuduiusideanunuis
¢ wildfidedrefifithomifuagnafiane

uona1nd lunsdifidnislilunadiniunisinuiuds
dranth wazthurlFodluluouniuansstutu mafmuadwenlitududfodudam
viensuuAnsndusienue uduisnisitisusuudalunalidrdudeyalmilioga
smdnariivszansam nglideddnlmdviessuu (Pan and Yang, 2010) naenaun s
ihaindenuesdadinldlunuitedmaasmiedniunisaiiidesnisnisniuauiudug,
WU N5ANYINATEINITUTUAINITITNDTABNITTHUTAIUNUNBLTIUINTTTUVRILULAS
vidon1sdasaniunsalianzne SsenniagiildthenseuiunsiFeudsaludinly

N1598NKUUNTEUILNSUSEIULAgIGONYDAINUTTENY
sUnmilnganfigaiismianenis ainfanaa 5 Fdeniunndrety fidmanede
Usziluidenileafinnuaenndesiunrimneidsganinuesgunmanniian msidenld
RISerl axvioufndnnisnddnluntsiamunssuutygrussivinlafunisseuiuedis

[

n11997219lUsEAUAINAADNIINAADUYIASY (Turing test) (Turing, 1950) NHINQUITEIALNE

naaeuI e useivganunsaasisufduiuslussaunlndifseiunssuivesuyed wedn
aetiun st ldusefiudeanuusseegunmdsdunalndrAglunisimundiwuuiiaiuise
AuAugUNMTInEIeldiisauwaBanuudugnTaiiay uidnseuaauluusunveInis
v = 2 o o v oA 9 A o & =
Wilamnuvsng Faduusswuddguainisruausuamlutadu nmsdenlduuimneilunui
gmvuaissidenifeinenn Jsavvieuliiutwmannisidfalununsuseiliunaves

N15ANAUIUAIMAIAUTINY Fedeea1fen1sindunuuduring (Relative judgment)
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wnunsAndusuuduysal (Absolute judgment) aLlun1siiouiainaniunisaldnasad
lunagnaReiusunnilinadnvauznnuvineidudeu vsediaumunglnalAssiuuin
LAZEINTIAEIMUNMENTUTURUUQNVISORAMNIY
2¢1915Af wuirfnszAvasmduuiusssutdueinioy
Uszdfiunaifissananuudugivintu Jaduiunvesnshigaesvgdnsiundudiunialy
n13UsEluNanIUIIeveLsar sUAMlaeandasiundnaeuimesiviad Tnegide
113UNMMAINNTENN 8 Tanuu baln AuTuLse AEndle Aunds avusenainla
¥ U a o gj le o
ANALATT AINTAAED AAINTE UazANMANT Laliuay 50 JUAMN TININEUI1UIN 400
1% a ° = ° - v = D = DY = %
sUnw wasradugadiniuuuuiiendneuiignaeaiissteiied ielrdiuuuiieus
aanwdInNNmnguusUAmlavannviae waslitendnideenisidnsalien 1Wedw1nmn

]
a

f
a ¥ 4 = 1 a ¥ 1 gj Y v a ¥ a dl
lIE‘JJLGUEJ’J“U’WEUIVWSLLUULWEIQVH'UL@UJ LLa'JL@WﬂﬁLLuuLMﬁ’]UUIUIﬂW’JLL‘U‘ULTEJ‘LIE EJ’]‘i]Lﬂ@{jiyJWWl

]

LY

WuvIziseussatouveslideygiiutulunisiiaruuusyaim dannsasaleuves

Wemayiemisnuiuliunad isegldnungentisatoussiueenty daludaseans

ey

av 1o a auv Ao vy A & | o a
ﬂgLLuum‘lﬂJa’]LaﬁN qunQSUﬂqVUWIVEJJL%U'JGU’]ZQVN 10 ‘I/I’IUSLWIJ‘J%Luuwamm%msgﬂmw
ndaanuiiedursanunnednaninesgunin fmun 1 3Uawse 5 denruusseis

LLé’aLmﬂzLLuuliJzi’NﬁmﬁﬂLﬁaL“ﬂué’hLmumwwmmaqumwﬁu F9M15199 3.4

=] o 1 = = a v o | PN
M990 3.4 G]'J'EJEJ'Nﬂ']iL‘UﬁEJ‘ULV]EJ‘UNaﬂ']i'Uﬁ%LNUQQWNWNWSTBQEﬂﬂWWQWﬂEﬂLEUEJTU']QJ/VH‘UV] 1

fTUN?Iﬂ’]SWEJ’]ﬂiﬂjﬂ’]’]SJ‘uI’WSLﬁu%@ﬂﬂﬁﬂﬁﬁﬁUﬂﬁw’]ﬁiﬁﬂJsﬁ’]a

U9AUUTIBIEFUAN sunw HaN1TWEINTAl
flasuneAamneBenuA YegUA ANty
M ) two women walking down a street, 0.2467
hugging each other, enjoying the
moment together
[] ®) twowomen walking arm in arm, enjoying 0.1262
each other’s company
[] (O two women walking down a street, 0.2418

hugging each other, enjoying the

moment
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M19197 3.4 198 9NSIUT U UNAN1TUTEEUAUNINEVRITUN AN vinud 1

funan1TNeINsaiANEIsduresthefAUNI¥ISTIUEG (519)

FaAUUTIHIEIUAN suaw HaN1TWENTAl
fa5UrBAMUNINEL TR NYBITUAW AUy
1 (A) two women walking down a street, v 0.2166
holding hands and smiling, enjoying each
other’s company
[] B) two women walking down the street, 0.1687

holding hands and sharing a love that

transcends time

va o 14

1ANIT199 3.4 {ITIATIVADUAUNINUDIVDAIY

Y 9

Ussee U mnmualiedluseduuusssy 8nsdanununglaesinlduansiaiuuinddn
wazliusngauanlsafdaan F9a0nnaeIiuInYInLIEUBINITANYINABINIST1809
anun1sainissuilulana3a (Realistic perceptual interpretation) MYaAuLsaEYAIIAI1Y

] a v a ) v o Yy A a ~ ~ v a
Jululslumsesueamillndlaesiu dsiuniseenwuulviglieivydeniigaitaaui

a = a 1 a A 4 (% . . 1 & [
wizauiga Jaildn1sszydeiignaeamneing (Objective correctness) willun13inAdy

Y

HOnARBUTINNUMNBTWRIAE (Subjective semantic alignment) Fsiolluidinddeyse
n1sUszliulsEansamveslunailiseusAmdnvazliInULNgYeUn ANt nI1un

I3
LWUUINTTTU

[ Y

AN USULTBUAUNANISNYINS T8RN UINAILUU

=) Y oA

AIUNIMIAINTELAYAToaLEUlNT WadaA1AuuraztduvesdneniAu Iiinans

o

wensadlnanuAeseidesnsuntasualnu (Eror measurement) mgilandunisgaide

AIFUNITN 3.4

H(p: Q) = - er classes p(x) logq (x) (3.4)

1 I

= Y 1 o v Adv o
I1ANITINN 3.4 G]’J@EJ’]Q{]’]EJﬂWﬂU‘V]T}‘\IJL"UEJ'J“U'WQJIVHUVI

' i
a v

deonfadaun 1 feinduthemiuase iesndinanisneinsalanuinzdugeign deu

q

FANANAUN 2 89 528117 U 0 MI9nua wnual pll, 0, 0, 0, 01 Tun19nauUAY Wans

ngnsalmuusluvestheffuanniladdusenduwdinglusdeny 1 84 5 wiidu 0.2467,
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0.1262, 0.2418, 0.2166 way 0.1687 Aua1su lasunualy gl0.2467, 0.1262, 0.2418,

0.2166, 0.1687] Wiounuluaunisi 3.4 fisvazdundi

H(p,q) = —[1*10g,(0.2467) + 0 * log,(0.1262) +
0+1log,(0.2418) + 0+ log,(0.2166) +
0+ log,(0.1687)]

H(p,q) = 2.0192

fefunanisisuileussimantsussdiuanumang
yosgUnmangldnafodndent 1 nssdunanisneinsalanuiisduvesthemiuigs
flanlufdonsl 1 dawalvidinseaioulnsd windu 2.0192 Ingazegsening 0 fslddadn
31 0 Aolifdmsgadeias defanmiivlalunanisneinsal mneraseaeulnstiirion

[y v Y

wansfaduuunensalnuinasiluvesthemivgnienssiunaUselivaniiernagla
agiula asaiudiy wikanisnensalanuinasduvestemiugndesusiiiininuiiee
I3 ¥ 1 =@ = [ 1 a 'y} '3 1 I3 o w
Wutles AaseaaulnsUnagiaiunn wuieinuxangnsainuuiagsduveasteninu
av o v v a ! d 2 o v P v
Mlaigneies udasdiinanuinasdugsiasilvimaseaeulnstunauluiig

2) NM5USULAIAIEINUNTASIUNEATULLIAANITHININTEINE
doaundu (Update weights using backpropagation algorithm) titeUsuuasarinudnlemdu
Funuvesloyalalemsdwy asuisanlasigussamiiisuwuuteuludrminegiaieg

UsENUMETUBUNG TUTOUTU WasTWeANn AIFUN 3.4

Input Laver Hidden Layer Output Layer

Predicted
output

Outputs ®

UM 3.4 lassrgUszamiieuwuuteuludrmthngnimunduns dniwin uazlulea
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INFUN 3.4 Mvualadunad X, aArdmidng W, uag
luwaa? b winAu 0.05, 0.2 way 0.3 MUAINU AIBYI9ATLUIUNITUSUAIDINMUINTNLUY
doundu (Backward propagation) iiveusumtmitn W, 3nnswieuiusvesdInisande
(Loss: L) 1isunu W, u38mudu (Gradient) ¥e9 Error 1 W, 31Aa15199 3.3 Avuali
naanstduase (Actual output: y) MNAU 1 wazkadwsan@akuy (Predicted output: )
Y9408ANNUTIEEFUANlUERUT 1 Wiy 0.2467 Weunuaasaunsi 3.5

Error_at W, = 2% (3.5)

=T G, '
weikiiesanludl w, Tu L Jedasldnganls (Chain rule)

dnfumsmeyiusvesileiduneulngdn Asaun1sin 3.6

oL aL  ay oz
= X — % —

aw, 8y o0z ow, (3.6)

dlevadluusias Term faaun1sfi 3.7 waz 3.8

x =2 2p-9) (3.7)
= —2(1—0.2467)
= —1.5066

LULAENAY

oy . .

==y (1-9) (3.8)

0.2467(1 — 0.2467)

= 0.1858



69

WiaAwIUMANBUNAT X, Aeaun1si 3.9

0z _ 0(wyixi+wyxa+b)

ow, oW, = X (3.9)
=0.05

S

Errory,, = (—1.5066)(0.1858)(0.05)
= —0.014

Wef1mundnsn13iieus (Learning rate) i1y 0.5

Y v

vanusausuaueng W, lasall

Update W1

W1 - Learning_Rate * Error_at_W1
= 0.2 — (0.5)(—0.014)
= 0.2070

N13UTZUAMNNLNEVRIFUAINUUYARIDIURUULEDN
° = v N v oA DR ] a & a
mnauignAaiiestainelaslviildedvigy 10 vivuussiduanuniiegunmiuuidudase
1w ¥ 13 o o o [ a a L L3 1 [
safiu wannudmeuliluyadneudsuluteuinguiunanisnensalnudiazdures
Ureffuandsuumenismunmainisagids el lUuSuusmsiivesauuuifn
NsuHnsEAEdoUNd

ag19lsnf n1sFnduluamlinerdenisiseuiain

U9YATUIUNINTIMA8TBY (epoch) %awmaﬁwﬁﬁauLﬁmaamiﬁﬁagaﬁﬂﬁwmLﬁi’hq
1 < = 3 ¥ =1 o < 2
szuvlina 9819b50au Tuu1ansal Tesnigluniswaunlumadulkuy 9138 wdudeg
Avualrusuaiindniesnideseu fudukuimansdslafielilenasnsnelaiaula
LANILLAZAY EAENISUSUANUIMTNLANE9TDULAEMUIZAUAUNITNARBINABINSUS LT Y
UszdvSamitasiuvadlung lnglamedledminvedunagnitnuadusignuies (Manual

. I .q" o 14 b4 v o‘a" U £ & A 1 [ [
weights) 119111vualianuisaasamadnsnasanuingussasanseld laelidesonde
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n9iFeuddn Georadsuutaddaniassaiiaviognsumuainiiuau epoch wnnsaiy
(Goodfellow et al, 2016) Bnttani5anld epoch Lfﬂuﬂaqwaﬂﬁaamﬁmﬂﬁawﬁmam
HagnsNIIaaes wulunsseuiisulassaiadunanarnvatewuunigligadoyaifeniu
v3efesnmslimnlueadusuandouludeatu uarfanandsainnszuauniadeatu nv
nsUSuAthminifissseuieaunsaannisldminensasldednditoddy Tneamz eghs
84 lovhmanassadesiulussuuiiddosinvesiunu uasnailunisUszanana
uana1ni nasldlumaiionisafnaudnus
Bannumine msdiusntminifissseuien wwthelinedndasvouananiflasiadiafu
dmaunnnndt Safufivesnuifediidmusseunisdoudifivsseuden usagduiiunise
uAsURLSILInuaesiLUY CLIP fignilndudaamth
3) madeudiuuyndayaiiiinuaies (Retrain network on
custom dataset) ilasmnmstinduuuusiassdousiSud (Training from scratch) Sududes
TdUsurndeyadiuruniniielldwuudiassiifianuaiuisalunisldarudmaly

v A o v v

(Generalization) uona1ntu Sullvednfnsuiiatuazningnslunisussuitana 3ol
a ' = 1% . Yo a I3

wadanisdielounisiieus (Transfer learning) lasuatnuilen Tasilunszuiunns
WrAruianuuudtaesilasunisindudramiunldsiudvuuudasddua daunsls
8 o A ve 1Y) s A = o & o & v a
A uiinalasunisuuusismenuies liedivansseziatlunisinlu Nl 9ndudeedinig
YFuAmnilmesiviminzauiugaanvazideauneanene newihanldlunisiseuia
vwyateyanmmvuaies iednlemiudmnumngliiuzuamainnsiseudmenuasuu
Uaya Flickr30k 913U 31,783 JUAMKATYAT0YaTIRIYTIUTINBITIUIU 92,168 JUAM
FIVIGEY 123,951 JUAIN 619915199 3.5

'
a Ya v

M1919% 3.5 MegegUNMIINYAToYaNEIILTIUTIUDS

Y

MNYAAR MWERILRES MNFIVDY mMwiaviAduaz

dedanaing
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[y a a

mAeiliaudAyiuUssinuivansvesgunmily

A va o !

adeyagunniiTesiusimennnnitfesas 75 lun1siseuivesiiuuy naenauied

Y
q Y
a a = = o A o = o a4
dnsdiuyanaiiusinglunin Jmdnideanisldsuniniusingluniivesynnanse
drunlsdrulasgredaaunaiuisailudnisszydndnuvalyanaliiludeulalunisiden
= < v o

UMW TUYAUDYANINUALDY

4) N3IEUIANUATIEARUTIANUNUIYAIENTEUIUATT
Seumenues lngderulruuudasassuinsianianuminenenudeya Wisuiiguiu
wAnszavaddusULuuLINsTIY Weasuigdudarsunmdsuriuiuluisaiumaneuin
Wouiigala da1daus 0 89 1 693UN 3.5 fred1enin “gudsassauirduauludranii”
Wigusudunin “glumaislddrmtn” mnfiansanlu@eninuadienisuesnin
(Image similarity) azwuvisasnndlanvaziunnarsiuegrsdaay lidnesduinguan
2¢19UY B IUATY T809AUTENOUVRININ MADAIUALAZNUMAY danalviAiAuAdIgAZa
Yo meagluszaun lun1anssfudiy WefiansunluAuAfIgARuTIAUNLNY
(Semantic similarity) 9z wuinvisgesnmdaulnaifssiulusedugs Weanmannves

MYaargivAILanIiangAnssuved “move forward” Fsanunsadnlvieglunguingaiy

ey

“moving forward” w38 “forward motion” fgwalinIsAUANTUAMATUTEANSA NGBS

annsaUszlulvamnsgesiianuduiusiuludenuving wisssiululgudanuel

Image Similarity Semantic Similarity

Similarity
1.0

20 6 8 = 0 036 039 0.11 .. 0.29
10 013 0 . o0 0 o.o7ﬂ . 0.06
2 0 0.24

4012 012 0 0 O 0.18 0.23 0.09 JiXeIRK:)E 0.0

5UN 3.5 fregegunmiiunsiseuianuAseAduTanumiig
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3.1.2.2u8an15UszulanatanituAuna (Query processing module)
NFEAILNITUTLUIHANIYITTINYIR AanIsuUanunnevesnasiiuneslnga1fessuy
83AAIUS (Knowledge base system) 1NTIERUAANUNUIEVBIFIEWN 9 LaTADUALDIAE
A usenisldnuisudofuiiuywdlddearsingliaulaguuuuhensaiudelassaiis
gaanwuntn AdedldFanuunie DistilBERT (Sanh et al., 2019) ﬁgﬂﬂﬂwudawﬂw
YUHUFIUNITILAINFILUY BERT uswisinesiosnindeUssuanaldsiniands
warldmsnensiadestiosnit luvaefisnwiuseansannisviieuves BERT Bldunnia
Yovay 97 aanasiunsgiuaudlaniuives GLUE dewmadiafidania Distillation
\eanuunresiiwuun1e BERT Willawnidnas Inewivdsfidrdudmsunadilaysslon
wiodon11u wazavdeiiliddy Feesilddwuuiivuimdnas wagiaaruaiuise
Tunmsiilasazadsanunungvesuselonnsotonnulaniguiis
N15%119709f WU DistillBERT 13ua nund1deninudunisiiu
Fud15%andarn (Lexicon encoder) witawandeninueanifulunify (Token) Aunis
(Position) wazsuda (Segment) anduddnludsdunounisulaslufunnmned (Weers,
Shankar, Katharopoulos, Yang and Gunte, 2023)1@8Lﬂu1wLﬁuﬁLﬂw 2§73 Av [CLS]
dielFunuiuvdadudurestoya way [SEP] dnsudunarssenintasslon uaginun
Youlnseninaselend 1 way Uselondl 2 wdeiu Embedding 3 3 1dun 1) Token
embedding v8u Trainable parameters Feseninan1sindufwuLIzAee o USudiies
LﬁaLmusﬁagaiuszﬁuﬁwaqLLGiazImﬁu 2) Positional embedding Fulumaiadeatuild
Tu Transformer LﬁaLﬁ'm%a;ﬂalﬁmﬁuﬁwLmﬂwaqﬁwm o Tiduluina wag 3) Segment
embedding 181 Trainable parameters wuiienfu wiiimduiietslilunaaunse
wonuezsznnelselond 1 wazdssloadl 2 Tngasimednganniia 3 Embedding unsaufu
Mntudleusialnidu wazadamnadssyanuaula (Attention masks) fdumuiesuug
wirfusialniay Ussneushoas 1 fudailmdulusumdaiy o snfufosfinnsan nseiu
drufuian 0 fazlignfinrsamuduanuals warargnadudmualududely fgui 3.6
nsUszananaternuislselennn [CLS] Bsgnlddulmduusnuean q Useloanoudu
Useanana Mndeans Fine-tuning oL AZLLLANAG AR ATIAIUVINETENIN

Uszloadadasitnmasimdunadnsvas [CLS] TUldfmguuniiafuinsiney
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Semantic class

Feature selection phase

Feature extraction layer
Extracted features Classification layer
from best model
after fine-tuning %

§3: S ti 2
sy TN I EEm oo

representation embeddings
P [cLS] h A SEP) 2

j T[CLS] T T ?[SEF’]

A

segmentempeddings— | [ [ || LI L[] [LLLTJ [LL]T]
+

+ ¥l + + S1: Input
Position embeddings —» | :' Blm| embeddings

+ + +
Toke"embeddings—l | L) e i) il

h
| |
Token, position, segment Lexicon encoder
Tokenization ([CLS] + [SEP))

A

Input sequence X

3UN 3.6 N32UIUNTUTZINANATEAIIUAUNIAIBFIUUUN YN DistilBERT

mm'gﬂﬁ 3.6 N52UUN13 Feature extraction \Jun1sineduluing
2 50U Tudnwauzifeafunis Fine-tuning wilusoudl 2 Suayliviuussmadnivalung
uizUuUgaamnglugausiduuniiiiuidiun esainazihdeyaduwanndlunvandy
nnwesneu wihiinduirdiien Taglifesluuily Pre-trained model sisdinnsvh Feature
extraction Sdusiomaasuaiisgadnuazrats q sUuuy WeBsuinnumnelaesaes
TaANUAUNILAREYTEIEA NAGNEABLINLABSAILNUAMINYMTIRAIIUAUNA
(Query representation vector) au1a 768 dwsuldlunisaupuguninsely
3.1.2.3 199an133uUANADT (Vector matching module) {inanA1TALIN
AuAdERAITBInNmesIneRwMesnuLlufavs s R uAIAaIEadsaInuntUTee
nszvUMsThuEIanihnnmesfunusUnmAkungis (Image vector embedded)
NANGIIHaIUAIN LAZLINLADS IV UToAILAUNITINIu15He (Query vector

embedded) 3IMNAUTITHATDAINUAUNIUIAIUIUATIAINUAAILARILUNUNLINLADS



74

(Vector space model) Laninadfsnuaazgniuisuiiisulusluuurendunsafianain
lngafiun (0, 0) Wiapvesnmeitu q vuiufinnines fnvesdondal
1) MIAUINAIANNAIIEATIUBRINNNES (Vector similarity) Se1Ing
sUn wazdornudum esninnnmeifunuguamanyadiesureguniwtuenad
ﬁﬂuaumn%uaeﬁwmmLLa8mm%’u%’aumaagﬂﬂmeﬂmiaf"fﬂ@mé’ﬂwmz LULAEITU
nawesiunutenuiumangldiflvunnauenvesteninuiuansisiu Jaihlkiiae
nnmesrunfiuandiu fdunuidetasuanuinvesanaed Wivuiawiiuil 256
vuitufinnees dWelfausaiieudeutuld
Weduvvaiuisaseuuazsidrloquinvuzsie q 114
Tunsiiasananumnegvesgunmangaresuiegun mannisilssuiieussninainaes
AadnuuzsUnmiunmeaudnwurdanufumlagnss Faaunsavildvaieds
LU Pearson correlation Wag Cosine vector similarity ognslsRnuEnInd ldwaneiu
maFsuiileuteyannnesiidouindn difunuideitadenliiBmsiaranurinssming
nnwesnudnunrsUnmiunnmenudnvLzdea ALY S nduslaseiarivingly
Huanuadisnisdnafadieid Euclidean distance faun1sdi 3.10 frag19n1sutas

ﬂl']ﬂ’ﬁllLLG]ﬂG’II’Nﬂ?QIJUN’WLﬁUﬁ’Wﬂ’J’]Mﬂéj’Wﬂﬂaﬂ anansnedunelansaunisn 3.11

7 N \/21 (G — a))? (3.10)
sim(u,m) =1/ + d(u,m)) (3.11)

fualdl Ao Srurunmudnumedng o favuaiigniiian
WigugusgnineauanyuedanlIy
AU (1) UAEAANBALITIAUNINEVRY
unm (m, ¢))

LnwaiAMAN Yz TaAILAUNY

<
o))}
©

3
o))}
®©

LINMBTAMAN BAULIBIRUMLNEVBITUAN
@ A9 NI j UDIAMENYMEITAIIUNNNEYDS
JUNN UazAMENYET j YeIRuanYME

YDAINUAUIN
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A10819N19 ULV URABLAMY (Multi-criteria matching
approach) #98135UnMaNANTT 3.3 Amunnudnvuzlenumnevesgunm (m)
Tugduuuanmas laua enjoy, move forward wag together Winfiu 30, 20 way 10 Aua1AU
Tumsnduiu aadnvazdeniudum (u) fe “moving forward” lsuvanfuguuuy

LAWY WINAU 20 wag 30 ANUANEU WaknuAluaun1si 3.10 azlanadwsiviniu 10

d(u,m) J(30—20—10)2 + (20 — 30)2

= 10.00

oL UaIAIANNLANANS UL T UAIAMUAAI8ARIFaANNIST 3.11
glARaansIAY 0.0909 Ingseauauadteadaazeglugie 0 fe 1 TneminlndiAgsiu 0

nnedsliinnuaaiendsiuey a3eudIm nnlng 1 uanvirdianuadiendiuuinige

sim(u,m) = 1/ (1+ 10.00)
= 0.0909

A79819N15 M T TEHEN1ITENINWINABTIINTBAIIUAUN
« y & A [N VR 5 v Y A S a P B
move forward” Huiipauduiuslanauiusuaingvgsaosauiifuldiania
Tusuns i; Iedanalvilidndimiings luntanduiudeaiua untdudalnuduiusiy
suamidnduddsldninandugeenunluiiumis i, waggunngrumaaslutamiily
o oA, [ I a = 6 1 o o Aa o w ) 3
A i sreudluruaznsd Felildaudnvaeniniiinuddyiugudnasluguam
109370 “move forward” tudinlgiuniseludaniin udsunin i, duenaraneadeiu

[ o '

A131 “climbing” 1nN31 WULAEIAUFUAMN iy 819AR8ATIAUAIIY “running” A1ANTT

Aausuangvgsassauiiauludrmindaliauadieadsiudeaanudumiuinian

Wuigatugunmyaaaiuludanindu o uwie1assdianueanenfawindunindeniny
Aundy “move forward together” inadnwaziduyanauinndi 1 wulumeiuluniwn

ﬁqgﬂﬁ 3.7
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[0.34,2.35,8.34, ..]

256 Dimensions

Vector Space Model

( e

)

JUN 3.7 M3finsansreznsenisnnmeMwugun nuazIninesmunudenuAum

2) N15L389A1AUAIAINNARIEAAY (Similarity sorting) 21AN1T

WUl useninanmeasAudn ¥ UanuAum sesafuA1nLAaIeafaInintutey

Data Embedding Model Vector Embedding Multi-modal Embedding Top Similarity Vector

Image Space

-1
[+
Image Vector | 2 Vector Database n=3,5,10, 15,20
» mage Encoder * 2 »‘

£
g
5

Image Description Set

Pre-trained Model

5 7z
Query Query Vector | 2 7 N
Search f A @ @ \
earch query from user : :
» xRN e g, ®
N
“move forward” ~S_ 7 .

5UM 3.8 N1353UALINNBT TE1IINMBTTUNN UasliNmestonIUALM
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3.1.3 M3 @gulusunsy
n15.38ulusunsy (Coding) N1SWAIUILUUTI@BINITAUAUTUAINATE

BemnuvsnelngUszyndldsanuy CLIP fignilnsudianth ieiduunundnlunisyhause
ML TeulusunsuAwlmou LazLAAINANTIaLE Google Colaboratory Tduu3nng
laadlusunsy Jupyter Notebook lagusemniia dmsuldsunazisenldniulnveusiniay
fivnsuuuaeufinnosuiliuinisuunand nsuwannesuidissiuisauazainly
nadeu Benldau uaznsvaaouuutBumosuendiv (nteractive) Inglidndudosinds
Tsunsundeldnineinsvesneuiiameidiuyana a1nnisldaru GPU Adnassing
Google dusun1susvananalumavuinlug yilvnszuliunsiaukuuaedinudavey
uazsamiiBaty nvisdsannsatufinnednsuasfoursmeunaiduassusunalasely

3.1.4 N15NAHAY

a

n1snaaey (Testing) A15UszIluUTEANSAINAITAUANIUAINGATI A

aelddernudumanudings 3 feuly leud 1) fenrudummedosunmuagmnmy
ludnwaugdremiuvesguain 2) Fomudunidu g Lﬁmﬁ’mm’gﬁmz@w’qumg‘Um‘w
uaz 3) fernuumiiesuiemuvsnoinunmyessunm Heulvaz 10 183 ShTaA
30 T1en1seneasIauuuldauladituveanadns Ussneudeaauudugi k Susu

AANATUNIUN k SUAU uazAUsEENSAMIAETINT Kk SuiU uuyateya Flickr30k S1uu

'
Va v o

31,783 U UazyadeyainidesausInedIuIu 92,168 JUAMN FIUNGEU 123,951

[

sunm lneivuadnwiuguanlunisuanasauiazasaianu 20 sUAW $3iUnsinAI

v v A

a o v % 1 = Y 2N v v Y o
NetasmuulvinzwuuaigAl NDCG 1 k dudiu lnggidefniiontanuAumnwginguid
' 1o A o v = % 1% < - =
AIAMULINEIT 5 d1euusngelian 31ntennuAunne 3 Hauly Weulvag 100 18013
TIUMIEY 300 519115 FEUTBAIIUAUNINIYIEINGWH1U Google Colaboratory
dlonszuiunsfufugunmasaduasuaninaansdiuau 5 JUnm
aaduitaiunisazioufisanunienvesuuudiassnanislidaululiniig
Tngianzluusunidldnuudasauiieulafiuansieiu Judufiuive ansidieviy
Whandunumlunsussdiudseansam iaiiianudiienauarandaranainiienainiy
31nnTrUINNsenludviedediinveswuudnaeddunisinuundeyadisaiuvuiely
anun1saiasalaegeliussAnsamuazasnnaediualufeenIsred Ly uonIINTY
n1sUszuNgdsingratgaudineanainuaainnfeuveinsusziiiufienainafuain

[

N1sRslRER eI EIuGeT vinlkan1sUseiiudaudeon N U $1u3el

U v

aanendeavaesiddidlunisifennquiilietviay munueitunsAndendiieviey (Experts)
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WseRilUsTEUNITal (Specialist) ¥i3apnNsIRM (95U ATaLeIA, 2538) AMnuUAlHbLIY8Y
reslnuautinudeuluseludl laun 1) aunisAnwissaudTyailnduld vieliaaug
A P ) & A Y 4 ~ ¢ P A &

AT EITILaNIEa U Ul dunUsednd 2) dussaunisalnislaunsufianesias
Suwmasitinog1etios 10 VAulY 3) Juszaunisainisldaumesuinasuazausnlinu
agnedey 10 YAuld 4) Tanuarusalunislvideninuaunilusvuuuaividingy
LAy 5) @11150U58LIuAINgNABIVRINITAUANTUNINIINTBAINAUMIAIBI§Ing ¥l
saudsAnlaianistesiunadseloviliiudou (Conflict of interest) IngfnidonslBe1ugy
aM oA P A v ao & van vo P o oA ¢ a ~

lifiduladindsiuaudde ldugnlasunausslovidiuimianauselovinadgndn

[y [

Lidudfiauduiusdiudadugide wu iuuanaluaseuasimiegindda Ldduglasu

a

wauszlovifislyadigannlasssamsidelunanssdenisdon wazlidudsnidenie
TaUSnunluniside  (Office of General Counsel the California State University, 2021)
Tnsudadilenvageanidu 3 ngu Idun 1) ngudidervsuaeuiiamesuazinalulad
2) nauidsaTgdunisduiuasauna uay 3) naudldialy nduag 10 viu sauReEn
30 vy
3.1.5 mstluldeu

n13UlU1991u (Implementation) wuudnaesn1sAUANIUAINATT S
Bapnumneiiiunmaaeulassyiiiunasoudesud wasmeunsludnuazunauised
ANSITULHIUNTANTININ TN TFIUTEA UM ALAZUIUIE LT LAUBLUINIINAT
Auduansaumaiisteseluluounn isliinddouazdaulaamsadnfesdanuiuas

% o

wuwImanmulilaeg1anite suaziilugnisdesenesdnnuslusiunisAuAuasaune
n1sUszulanan I wastdygrusshvglusuian Melulmguiuazidauszgnd dadodu
n1svenenaduluuiekasn TR asaauilunen e Medsaduayunisinluussendly

an1un1saiasasiall

3.2 130 silafldlun1s3dy
wuuUsziiiuainugniesnisAudusdamlaefidervigiadisuazyszidusiiy
wuulesuosulatisig Jotform Ingverrmeyaszianiidsinausazituszydeni
Aum el 3 el loud 1) deanudummetesunmuasmnnvy Tudnwazthemi
1993UN M 2) Fonrudumdu q RertuuuAnsedugevassUniw wag 3) Fennudumil

25UNYANUNINULTIAUNNYBIFUA M BE19AY 10 5I8NT TINIEU 30 T19MT AegUR 3.9
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wuuUszidiuaugnADs
wuudaaINTAUALFUNMWAINAITIAIMINY

Metid wedndund duddmuind dnAnvsedudiggien Wudhinmsidedes
nmswauuuaensfuAugunmadadmmneladldlassssramifienddni
grindugrni dashimidinuaniRasudulunsdugidsvgnsusadiummgnies
vosuvudrasimsAuAugUnmadvailBiaruming Jalimmdsvasdvaiivieyatom

Aumt mela 3 Fouly loun

1) AdumeTagunmuarmnawyi ludnsaethediuveazunin wiu dog, cat wie animal Wusu

1.1) " photo of a guitar

Wsaszydrmumlupluvunmidingy

Ulsavinnsag C] sUa e 1 E] sUa i 11

wuugn u‘iaviju [ suswi2 []  suamie2

"ﬁuﬁ:’:ﬂn“t‘ﬁfm D s1Un A 3 D sUami 13

F{uﬁftua’jﬁUﬁu D SUNMWA 4 D sUann 14

ASVNUATIAUD DY Y ;

WAL D sunmn 5 D sUnwn 15
D stann 6 D sUn A 16
D suUA I 7 D sUNNA 17
[:] sUNMWN 8 [:] sUn NV 18
[:] sUn N 9 [:] sUn i 19
D suUn v 10 D sUn N 20

JUT 3.9 wuudsziliuanugnaesnisauAugunnlagide sl Jotform

< v
3.3 N13NUIIUIINYDYA
asnanuniievesgunindvegludnuasuiusssunensziananinugnaes
Faduiuvesnsigideiney dhunsandudumiidlunmsdszdiuanugnseswamaansan

n1sAuALMIUNgBlasIasaniaRtyg1vesianesa (Guilford’s structure of the intellect

'
aaa

model) (Guilford, 1967) Tudid® 1 nszuIUNISAA (Operation) Luulaniiy (Convergent
production) 1884 ANUANITANEANBIVDIYAAALUNSAAMIANMBUNANER TN NN

a o .:4' = Vo = & a v aaa 19 &
wsomunasulaaumgaunaian Weldsunsoiudnsludan 2 awilenn (Content)



80

Jugunm (Figural) waginnaninuaiunsalunisueiiu (Visual) iunaludfn 3 nan1sfn
(Production) a1nnNszUUNISAANNSEVINA UL lvasnadaiunanasufmesviauNL Ty

& v ! a ¢ v A aa a o <
mansnldlunsdlahreuiumesaunsadilagunmvsednleluguuuuiienfiunisusaiiu
VBIUYWE

NI HTIUTINNANTUTEEIUAINNELTEIYYAIENITNAGB UL UUNGBIAN (Blackbox

a

WYY wAaEITUTEUTDAMUAUMIHI UL UUN DY

6

testing) A8 Y0AINNBULATIENAN

o eX°p

' v v

aaulalsiy Jotform AndugIdedndrteninuduniludeinuuuiiimuiduuy Google
= v o =Y v o

Colaboratory fiazdoA11u 1lanszulunisiaiaduaznguasnsiduguninidaing
a DY) = & v ¢ v oA D a v
Netesiunnigaunantdunadnsnisauausunn lnglvigldeivguseiiuanugndes
YegUANazsunInH Ll uulTEIuA1UgNARITagI18n1T AUATUNY 30 318013
ARRLYEIYIY 1 YU wazdLlun1sdeauATUNY 30 viu azddeyateaufuninigled
3 Weuly laun 1) TeanuAumimetesunimuwazniiany ludnvastreiiuvesgunn
2) TaANUAUMIAN 9 1NEINURUIANTEAUEIDIFUAIN way 3) TaarnudAumiiaduly
AUMNELTIAUNINUBIFUNIN B8198% 300 518N15 TINVISEY 900 S18013

da oY o °

o874l3A7 fiFoavgdulidesiliannsafmuadeaufumdvaiza
visoonavinaumatnnanglunisaiiedemmdum Wesandumsiufuguniwdlaleiun
INANNABINTVRIE LFAT 9 eiqwaiﬁt,ﬁmmaé’wégﬂmwﬁwmummmé’uﬁuﬁ%ﬁmqﬁumm
fosnsuaglinssfuariudosnis dduiediursariuazaanlifufideasiy
AI8N15831990AIUAUNIAIN ChatGPT (Chatbot Generative Pre-trained Transformer)
(Liu et al, 2023) Iiudauszloanrwrdanguiitetfuuuiniddunisadradoninudum
Tngrmun Prompt ynefis yaddsidunmdnluiiiosunsaumumieadanismeunduain
LUUSans dmsuimuaUTUN LarIa U ANRTIANI NS UALD IR YARNATId
il fiswasBeadsd 1) doarudumisdosunuasmiany ludnwaethemiuves
UM A1vuA Prompt Ju write 500 English classify classes with labels, e.g. photo of a
{object} 2) foAudUNIEY 1 Aerfunuifnsediugaveagunim drvun Prompt 1u
write 500 English sentences about actions or events or activities of a {object}

uay 3) ToANUAUMNTIDTUIEANIMNIETIAMAMYBIFUNN fimiua Prompt LU write 500

English sentences about emotions or feelings of a {object} Fa9157971 3.6
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M157199 3.6 Fegretonnuaumneld 3 Feuly Nignashanin ChatGPT

Rouluii 1 Foulaii 2 [oulaii 3
1.1) photo of a dog 2.1) the dog playing on 3.1) the dog wagged its
ground tail happily
1.2) photo of a cat 2.2) the cat pounced on a | 3.2) the cat purred
mouse contentedly while

being petted

1.3) photo of a car 2.3) the car sped down 3.3) the car revved its
the highway engine eagerly
1.500) photo of a tradition | 2.500) we enjoy our 3.500) family gathers to
family traditions celebrate cultural
every year traditions with love
and joy

[
=

av ! v PN [ a [y A & [% J
\‘1’11«!’3%EJu‘N’q&IUi%IEJﬂﬂﬁ@?@ﬂﬂﬂﬂﬂﬂi@UﬂﬁjNﬂULLN?ﬂ@i%@UQQWLﬂUEﬂﬁiﬁJ IQLLﬂ

Yng Avnssu a1n wieman1sal wagiiduuiusssy Ldwd e1sualuagal1uidn

9 9

91U 10 vanavy vanavay 10 519119 eaneARIINN1TATNTBALAUNNNDI1DBMD
NAaN15USELEU USeNaun8nuIAAUARIAIUD9 NUINDIMISHLALLATDIAYN UNUIANITVIDLTEN
NUIANITANY NUINAVAIN MUINSITUYIA nuInalulad nuefadsiaznisduiig

MUIATININALNITIIY UALVUINFIANLAZ TMUSTIN TINVIAL 100 518A15 AIA15199 3.7

v o

dedundusuamslinudigeiglunisasitenuduni Jailermgainsadentd

Y

Jaanumumaninavsaliile ussudluieaundiulaniumnudenig
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A1319% 3.7 ANENYIIINNTTENRAYAIBE19TRAINUAUMINATIINAENTIRY ChatGPT

ANANA Jouled 1 Roulaii 2 Rouluii 3
1. dog photo of a the dog playing on | the dog wagged its tail happily
dog ground
2. baby photo of a | the baby sleeps she experienced a profound
baby peacefully in the sense of joy as she held her
bed newborn baby in her arms
3. man photo of a | the man wears a the man smiles warmly as he
man blue suit plays catch with his dog
4. dog photo of a the dog playing on | the dog wagged its tail happily
dog ground
5. baby photo of a | the baby sleeps she experienced a profound
baby peacefully in the sense of joy as she held her
bed newborn baby in her arms
6. man photo of a | the man wears a the man smiles warmly as he
man blue suit plays catch with his dog
7. woman | photo of a the woman smiles | the woman laughs joyfully
woman brightly while chatting with her friends
8. euitar photo of a the man playing the | the guitarist strums
guitar guitar passionately, lost in the melody
98. religion | photo of many people find her faith in her religion gives her
religion comfort in their strength during difficult times
religion
99. friend photo of a a true friend is a true friend is always there to
friend always there for you | lend a helping hand when
needed
100. tradition | photo of we enjoy our family | family gathers to celebrate
tradition traditions every year | cultural traditions with love

and joy
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3.4 N15IASIZRVIUA

Y

mMalasginan1sAufuguanwuuluwsielusunsudnsagunieada iedssiiu

v A

Uszaninmuuudnasamsauaugunmadviaeanuvanglunnids Usenaumie
1) wnsiawvuldauladiduvemadns iluunsinivansdagunimiignAuduty
£ % ) ! 1o =% = o " Al gj o v v
gneewiseli Tngliimidadsiumisigunmdudsingluddiv Useneunie

1.1) A1A1UkUUEIN k dudU (Precision@k) tduu1nsyanldusyiiiy

UsgdvEamveanuudnges lngfiansaunaindadiuvessignisiientes luddunadnsasan

9

=

k $789M15391nN15AUAY lgardanandateglugiasendng 0 81 1 mnandilng 1 uanada
wuuaesfimuanmnsalumsdufusUnmilRededldu g gy

1.2) AAuATUEUT k SUsU (Recall@k) WWurrinAuannsavesuuudians
Tuealunsdufusunmiliieadesiomuneenin lnefiansunilusuiumensiiieades
savn fidadamilaiivsnglunadng k Susuusn

1.3) AUszanBamlagsiudl k susu (F-measure@k) uAadsasluiinyes
flfifleussiiuanuaugaszrinsianumsiuguazAmLAsURY

[y

2) wmsiaaruieidesnuuliazuuuiieal NDCG 71 k Susu Alimnudrdyiu
Srduresnemsfiisifesiiunngludduiu 9 agldsudminmnniisenisiogludi
nda Ingarazgnusulvieglurag 0 fs 1 ilomnuazainlunisiioufisussninsnisfudu
sunmBfLUY CLIP dafufunisiufugunmiesuuy CLIP fikiunisuiusmimin

msfianunanTiessideyaluzuvesiosasliherensianudile vuadedld
LNUNNITLUANANINTEAUAZLUY 5 SEAUANNUUINIIVRIEI 50U Ned (2553)

lginsananumnzailunsIn e ndean1eain i uitedaliunm s 3.8

M13199 3.8 NsAAUNANTIATIEUeyaluUvesTasay MmMuTEAUATILLY 5 SEaU

42350882 (%) sgaunITUaNa
81 - 100 AuN
61 - 80 9
41 - 60 Urunang
21 -40 Uog
0-20 tioeiign




unil 4

NANT528KAaZN158AUS1UNE

aa v A

NsRRILUUTaRINTAUAUTUNNATTagIr g Tagldlasseussamiioy

'
= =

LFIANNONENNUAIINYY hUINAaNITITowAEN1SaAUS1gNaantTu 2 d1u

Y

aa v

mudngUuszasd Laun 1) 1ieeonuuulagimuIluud1aeIn1sAuAusUaImeIvag
WanuvanglaglilasaingUssaimiieandadnigniniuaimii uas 2) tieuseily
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4.1.1 HANTHAININBAANITHINYAANDSUNEFUNN
n1siaudeganisaisyadiesuiesunmdmnsuldlunisAuausuainain
MSUSEUMBUANLATEATATIAILUTIING UTenausig 3 Hena Laun
4.1.1.1 wanawdsadeyadeuntsussanana uldsidusunmdiuiu 400

a I

sunn dmsuniulireufinnesiseuiangunnwazdeninunwisssuyd wisdugunm
uuyateya Flickr30k $1171 100 JUnW wazdn 300 JUAMINYATeyaTifidosiuTues
audndiuresdruruguamililuauide sadrsdeniuusseisguainlusuuuy
Mgy Amuali 1 Unmse 5 Yeanuussenegunm Fadunadnianluna LLavA
Flasunisierdds (Prompt) Ineld@diisaieatuansual (Emotion-related keywords)
funndinsiulundazlamu eadisdusseregunmdmsulivssfiuideninuladinig
aonadestumLvINeBinuanYesgUnmanndigeluszsulndlAssiunsiuivesyud

Faguit 4.2

3+ Ecstasy two women walking down a street, hugging each other, enjoying the moment together.
Joy two women walking arm in arm, enjoying each other’s company.
Serenity two women walking down a street, hugging each other, enjoying the moment.
Optimism two women walking down a street, holding hands and smiling, enjoying each other’s company.
Love two women walking down the street, holding hands and sharing a love that transcends time.
Ecstasy a woman sits on the ground playing with a cat.
Joy a woman sitting on a brick walkway playing with a cat.
Serenity a woman sitting on a brick street, petting a cat.
Optimism a woman sitting on the ground petting a cat, surrounded by potted plants and a handbag.
Love a woman sitting on the ground playing with a cat.
Ecstasy The boy is ecstatic, smiling and enjoying his time in the water.
Joy A young boy enjoys surfing, smiling and laughing while riding a wave with his surfboard.
Serenity A boy is happily smiling in the water, enjoying a relaxed moment.
Optimism The future is bright as a young boy enjoys his time in the water, smiling all the way.

image3 Love The little boy beaming at the camera as he surfs on a small board.

UM 4.2 wanisasisternuussenesunmluguuuunsdanguainlung LLavA

& acf a

Plasunseerneds Ingldadisaneiiuansunl

dl o o ! b ¥
WeU3UNINGI1U 400 JUAMMIINNTTEN WA 19TBAIINUTTENY
sUAN Avuaduu 5 Yeannusenilagunim suadu 2,000 18115 ENTRYA

ABUNNSUTTUIANA US10ALL8RNAIH
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1) wan1sasguaminiannnisdnutassuninduady el
wuudansanddsilddndulfenndy LLammﬁmmé’ﬂwmzﬁwﬁmmaagUmwlé’ﬁ‘éasﬁu
Usznaudienisiaeunin (Image shift) n1sWanAIW (Image flips) N15%YUAIN (Image
rotate) N13V8N8LaZERNIN (Image zoom) N1FUANIN (Image shear) NITUFUAIINAINAN

(Image brightness) Ayungunutag 5 sUnm faguil 4.3

v

1. Image Shift

v

5UT 4.3 fegrmsaieguamludannnmsdauvasgunindualiu
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PnduRauRauiuieaieguamlminignisuandadeguamn
U9du (Mask some part) msuusgunmesnidudiuges o udradusiiunia (Shuffle the

input) wagmsuusUn il dulyudin (Grayscale an image) fagudi 4.4

<

7. Mask some part

UM 4.4 nseaunanuiunsasssuamilng iieliddnsviassudnadnuussunm

2) HAN1TY1IANUAEBIATOAIIURALNITAINUANIATFIUT DAY

f &

UsznNaumle N15AALASIKLNESIARDULAEN1ITLYAaITDA N nuali T udIAuNLEN

Aa o °

FegoandanuwltuNMsidndmganiduIumanasey 9 uludagdumsiseusigedn

I
U =

Lifinsidadveaias esa1niiednAvamuaiingsansimuaauanyevesgUnm

A B C
001.jpg [1]  two women walking down a street, hugging each other, enjoying the moment together
001.jpg [2]  two women walking arm in arm, enjoving each other's company
001.jpg [3] two women walking down a street, lmgging each other, enjoying the moment
001.jpg [4]  two women walking down a street, holding hands and smiling, enjoving each other's company
001.jpg [5]  two women walking down the street, holding hands and sharing a love that transcends time
002.jpg [1]  awoman sits on the ground playing with a cat
002.jpg [2] awoman sitting on a brick wallcway playing with a cat
002.jpg [3]  awoman sitting on a brick street, petting a cat
002.jpg [4]  awoman sitting on the ground petting a cat, surrounded by potted plants and a handbag
002.jpg [5] awoman sitting on the ground playing with a cat

400.jpg [1]  acatand ateddy bear sit together, watching the sunset

400.jpg [2]  acatand teddy bear sit together, looking out the window

400.jpg [3]  acatand ateddy bear sitting together by a window

400.jpg 1] a cat and a teddy bear sitting together. representing the bond between different species and the importance of companionship
400.jpg [5]  acatandateddy bear sitting on a couch, the cat looking aggressive

JUT 4.5 AussenegUnmiNIUNSIANNEY 1 TeA LAY NIIIMUALIATEIUTEAIY
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91n3U7 4.5 reuazusndenmesniiu 3 @ Uszneusedelid

sunmlumedui A diutemnuseguninlumedul B uazdomnuusseegunnluaedu C
Faguil 4.5

2) nansEnduatnuuAsun AR serinagunmkasdenu lagld

fanuy CLIP Aignfinsudrsmiivuyateyavuinlng Jaamisadneleunnuilltldiae

Tnglidsndudesiinduiuuulnidiuddu iissuduudsiuuudiiniudogadoya

$ %4 1Y [

Mamzzadtunuidenis Wewindmuuuldissudandnuaenddgyuesgunmenl iy

£ [

Tumagiu eann1sznsilndudiuuuainifuidesnstoyadiuiuunlunsiious
SnvaiusEAvsnmAnifuuuiignadstuinesiausidu fnsandoadsd

2.1) nansHaluAsHagUnIn aredakuy ViT-8/32 dmsu
n1safanudnuuzsUaImaukuIAnvesanidnenssy Transformer unusuldiugunn
(Vision in Transformer) 9InmsiUisuiiisunrmdusiusserinisunnd tiemumemadiiug
Fuituivanualunin HAANE1NN15HIFUAIN (Image embedding) azulanduninines
AuANYMEFUNN (Image feature vector) ¥unn 2,048

2.2) wan sEnduduisFatanudeLuy GPT-2 uuilugu
an1inenssy Transformer Tagn13i3enld CLIPTokenizer fil41d15Wadanany
uay CLIPTextModel AldHlstaanuuuiiufitlarssuuuy wedeudamiumnelasruvos
JoAuUIIEeFUNMusarUsElon naansann1sietananu (Text embedding) wulaudu
nnwasAMENYMzlanI (Text feature vector) YWIA 768

2.3) mamiaidsudiuuneunsiaduuiiufinsilvianezuuuy esan
nnweiAManYazdenLkazInesAudnyur JUA MUY FedeaTenly
Projection head lunsidsunnannpe fuuiiuiinisieldiifawitu 256 wislndusaui
FENINANGITAATUAIN wagAId139a70A1UMIEAITNEIINVEULINAD AUV UAIY

ArAuAd1eadelalytl (Cosine similarity) 91NNAANABNYAATAUBILINLADSUAALE

'
= 1 =

mnilunnmesgiferiuazinmanuadieaisgs asstudumndunnnesaiiuandsiuasdl
AAuAdBAdaRiie Figui 4.6 Wieliiuuuiieuiandnuazifaninumane (Output
feature) TnovmnifunwlndifssiufaziidlndiAsstu usimndunmitsisty Aazweno
wenlyieglnafusenly uazamilndifsstuinannsassgunnlmiannisiaudassunm

suatulvidanudieeenly vieenvgSouinnauazyuLed danalvsiwuvansaseu;

Nazannauanuusiazdindinaansidunquinieiuwiazduauasyuies
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print(outputs.text_embeds.shape)

tensor([[ ©.0676, ©.0203, -0.8373, -6.0692, ©.0194, -0.0633],
[ @.0046, -0.0066, -8.8498, -6.8334, 0.8193, -0.8238],
[ @.ee85, @.e218, -0.8365, -6.0109, ©.6198, -0.8624],
[ e.e114, 0.e392, -0.8433, -6.0082, ©.0277, -0.0342],
[ @.6174, 0.0065, -8.6364, ©.8256, ©.0358, -8.8202]],

grad_fn=<DivBackwarde>)
torch.5ize([5, 256])

° print(outputs.image_embeds)
print{outputs.image_embeds.shape)
4.1963e-82, -1.4657e-82, -

-7.9573e-83, -3.9559e-02, -
-6.8686e-63, 1.4462e-02, -

N

.@852e-83, 7.5043e-82, -3.3562e-82,
.1232e-82, -3.3189%e-62, 3.4914e-82,
.6865e-82, 1.4423e-62, -3.2698e-@2,

w o

1.1482e-82, -2.7493e-82, -

5.9957e-084, 2.8132e-02,

1.6663e-82, -1.7159e-02]],
torch.size([1, 256])

~

.8859e-82, 5.2653e-82, 6.7851e-02,
.2661e-83, -9.4163e-63, 1.8983e-01,
grad_fn=<DivBackwarde:>)

w

© Print(outputs.text_embeds) NN - A |

SUN 4.6 N13SHUTLUUABUNTIAATENINNNMESAMAN YlzToAIY

s v dy d‘
wazlINMBsIAMEN ML FUNNUUNUTINSHlsranesULUL

nansAwIneuazilurestendu Wesinedneain

n1sSeuiuuARuNIaduuaragluULuual Logits score MARINAIAIIUASIEATITDY

s deluliniswanuasmnuuissiiuiandes Jedesldilanturenaninduiwlaslimdu

Y

UAsFIURINFadIuveIAeNANAkAREAAIE LasdnaTIuinAY 1 AegUN 47

AN U8 ANAUN YIS ITUIRN AU UMD UALRASRUALAN N et

Avuadunadnsainnisnennsel (Predicted output: )

© from PIL import Image

image = Image.open(r"/content/(1).jpg")
display{image)
image = preprocess(image).unsqueeze(@).to(device)

text_caption = ["(A) two women walking down a street, hugging each other, enjeying the moment toget
"(B) two.women walking arm in arm, enjoying each other's company",
"(C) two women walking down a street, hugging each other, enjoying the moment",

text = clip.tokenize(text caption).to(device)

with torch.no_grad():
logits_per_image, logits per_text = model(image, text)
probs = logits_per_image.softmax(dim=-1).cpu().numpy(})

print(text_caption, probs)

[ "(A) two women walking down a street, hugging each other, enjoying the moment together”,
"(B) two women walking arm in arm, enjoying each other's company”,
"(C) two women waking down a street, hugging each other, enjoying the moment”,
"(D) two women walking down a street, holding hands and smiling, enjoying each other's company,
"(E) two women walking down the street, holding hands and sharing a love that transcends time",

0 SR - VA

her",

"0.2467"
"0.1262"
"0.2418"
"0.2166"
"0.2166" 1

"(D) two women walking down a street, holding hands and smiling, enjoying each other's company”,
"(E) two women walking down the street, holding hands and sharing a love that transcends time"[]

JUN 4.7 annuninasiluwresthemiunwisssunanivuaduaindenvadagisiivin
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3) wan1suFuuseAniminlasgmenues lun1siseuivessiuuy
- = =~ v = a =~ = o &
WelUSyusuALATEAGATIRIIvINg dgasidendiail
3.1 wan1sAwIMAtasdIvdniede wazadrednimidning
L8 BaiieIaNNTUSHUTIEUTENINHATNEINFILUUAURAT NS NIgNUTEIlIuA UMY
laedlTgiv1gyaien1InIAIN1saqde wWedsundulusuussdriimdnaignuies

(Custom update) Ingfiagafa el mENRag NI 10 IuanIT199n 4.1

a o ! ! g L d‘ a v o
M19149 4.1 ﬂ?iﬂ?ﬂ?ﬂéﬂ?ﬂﬁ\?ﬂ?ﬂﬂﬂLﬁaﬂﬁ]’m&laﬂqiﬂigLMUﬂ’NNEUﬂ’]WI@]UQJ}L‘UU?%WQ}

11 10 udnsuildusuaihvinwuudaunau

fiienynsy | faiden dnduiin | Error L 9z | Error at | Update
(Vi) 9% W, W, W,y

1 A 0.2467 2.0192 | -1.5066 | 0.1858 | -0.0140 | 0.2070

2 A 0.2467 2.0192 | -1.5066 | 0.1858 | -0.0140 | 0.2070

3 B 0.1262 -2.9862 | -1.7476 | 0.2156 | -0.0188 | 0.2094

a4 A 0.2467 2.0192 | -1.5066 | 0.1858 | -0.0140 | 0.2070

5 C 0.2418 -2.0481 | -1.5164 | 0.1870 | -0.0142 | 0.2071

6 C 0.2418 -2.0481 | -1.5164 | 0.1870 | -0.0142 | 0.2071

7 A 0.2467 20192 | -1.5066 | 0.1858 | -0.0140 | 0.2070

8 D 0.2166 -2.2069 | -1.5668 | 0.1933 | -0.0151 | 0.2076

9 D 0.2166 | -2.2069 | -1.5668 | 0.1933 | -0.0151 | 0.2076
10 A 0.2467 2.0192 | -1.5066 | 0.1858 | -0.0140 | 0.2070
Adsiminiage 0.2074

91AA1579 4.1 Liled1eieni15eS U EsI8aTIS R $UATed
onfegsAdisimtinEudy Tnefmualividy 0.2 Wenuduanduddisimiiniaas
agUfuantmind W, 91nudu 0218u 0.2074 drmduinludiudssanimiinlassdie
faenuLed 13831015 Inanluina openai/clip-vit-base-patch32 Al 1un15EnHUWE"

1nlausns transformers LialrlalassasiaazAuiivinisuauredluing 91nUuinnIsisen

1% (%
J o Y (Y ]

ANNMNTIIMUAINAaWes visual projection duluialwasddgydmsunisaingudnuae

SUN N
Y
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3.2) HaN15USULAIANUINUNLATITIEAULUIAANITHNINTLINY
4 U z-ﬂ' 1 go’ U ldl b %4 v a HJQII % o a L%
gouUNau Lu'eNmﬂmumuﬂimmaiwﬂmsmmQJJLsumngﬂummuwwmLma%‘lumuw CLIP

=% L2

figniindudrmihisuauliviiy suideidfsnsdAniminannisduauanisgade

grietheMiunmusssumAannMsneInsalvesiwuuUTsuisuiunanisuseLiiugin
Fi¥Brvgys1uan 400 uldidugrudvidn (base_weights) TUﬂqia%WQﬁmﬁwwﬂﬂiwﬂ
Tnsudasdoyalfeglusuuuumenis (List) iemnuagmnlumsdnnis aniududiiude
AUATUSIUIUNI ST LMBSTanunTDaLaLEeS (512 * 768 = 393.216 A1) éfaaﬂ'ﬁﬁfcjmm
nsuanuakuuURR (Normal distribution) Taglddade (Mean) wazdrnuidsauunnnsgu
(Standard deviation) 9909 base_weights \iy tilel#aiiAndunddnuaslndifsuas

gonndesiudayaiy deuvzulamaumindinanidumugesves PyTorch wagdsugunsy

' ' 1
L A LY b4 =<

AeIns LledUnaimtnyaluinasiadulua

v
o

1

(Reshape) iaanadasiuauInvoaLyosi

¥

1803 visual_projection vadlutaalagnsiniensidyntayaiininaseniuaiunisiiy

Y
[

A miniduegisiinismiva dwalidnwinuanvaedidyredunaazanaulEeed

o

a o

A5 A8 UBUAIUN TN BENRASITUTIA A95UN 4.8 NeuNazitn1svuNnluma CLIP ANIu

Y

n1susuAtdIndnuaatdu CLIP trained aslu GitHub repository Lioa1ua@yaanly

NS5 ENITIIUNBNE

Q, mnaiEnuas weight (flatten): torch.Size([393216])

& embwiiady (5 uadusa, 10 s
Row 0: [-0.0026264190673828125,
Row 1: [5.0961971282958984e-05,
Row 2: [0.027496337890625, 0
Row 3: [0.0119171142578125, -0.
Row 4: [-0.007503509521484375,

.0198516845703125, -0.00862884521484375, -0.002285003662109375, -0.01314544677734375, 0.0051422119140625, -0.022003173828125, -0.
10711822509765625, 0.001922607421875, 0.01343536376953125, 0.0149078369140625, 0.0196380615234375, -0.005153656005859375, -0.001]
78843688964844, -0.0021724700927734375, 0.0215606689453125, -0.0011854171752929688, -0.00958251953125, -0.0020809173583984375, ()
4662017822265625, 0.004657745361328125, -0.01885986328125, 0.00923919677734375,-0.007663726806640625, -0.0213165283203125, -0.0
104283905029296875, -0.0096435546875, 0.01139068603515625, 0.01153564453125, -0.002529144287109375, 0.0176544189453125, -0.01924]

base_weights_set nuawnaaid: 400
base_weights auavievium: 393216

& emhmilandlian (5 unusn, 10 swsn):

Row 0: [-0.039733998477458954, -0.03921499848365784, -0.033385999500751495, -0. 500159740448, -0.03065500035881996, -0.030212000012397766, -0.0271450001746416
Row 1: [0.0013717379188165069, -0.0006997384480200708, -0.00012571501429192722, -3.369521436979994e-05, -0.00024348951410502195, 0.00043523189378902316, -0.001854
Row 2: [-0.0007524574757553637, -0.00018277231720276177, -0.0016402475303038955, 0.000443200406152755, -0.001342250034213066, -0.0013224375434219837, 0.0003228565]
Row 3: [-0.0012407874455675483, -0.0014481358230113983, -6.351948104565963€-05, 0.0015170256374403834, -0.002254421589896083, -0.001136368722654879, -0.0010778332
Row 4: [0.0001455337624065578, -0.00102856510784477, -0.001449091825634241, -0.00040971313137561083, -0.0031453983392566442, -0.00030343307298608124, -0.002142817

52 anuuldsuwilas (absolute difference) Tu 5 uaiusa, 10 dusn:

Row 0: [0.03710757941007614, 0.019363313913345337, 0.024757154285907745, 0.031039997935295105, 0.01750955358147621, 0.035354211926460266, 0.005141826346516609, 0|
Row 1: [0.0013207759475335479, 0.007817963138222694, 0.0020483224652707577, 0.013469059020280838, 0.015151326544582844, 0.019202830269932747, 0.0032990812323987:
Row 2: [0.028248796239495277, 0.0010806566569954157, 0.000532222562469542, 0.021117469295859337, 0.00015683285892009735, 0.008260082453489304, 0.002403773833066.
Row 3: [0.013157901354134083, 0.0010180659592151642, 0.004721264820545912, 0.020376889035105705, 0.011493618600070477, 0.006527358200401068, 0.02023869566619396
Row 4: [0.00764904310926795, 0.0032553398050367832, 0.008194463327527046, 0.011800399050116539, 0.014681043103337288, 0.002225711243227124, 0.01979723572731018,

Fliamiwiln visual_projection dnfauazuaaanuldsuuilassousan

5UN 4.8 mMyuTuusieAnhviniemnuwiAnnIsinsnszaedoundu

1N 4.8 HaaNSVBINTEUIUNTAS LAz USUUTIAUmTN
Tutatead visual_projection vadluna CLIP Usznaunie 3 diufe 1) Arudiundniay (Base

weights) WAIANUIMTNTILIL 5 WAILTNIINTIIVAA 400 AT B9LALAINNITATLINAIFYLEE
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[
CY

(Loss) sewdneAilaannlumaiuran1susedivangaiessiy Inganiminmeaiiiingiuan
LaYaU LanItIiAnIauarIuInYeIANNENRUSSENINsonuAun LA o Fededu

AU E (Human knowledge)aiinannUszaunisal A1si5eu3 n13ldnwl Ay

'
a = =

Wrlausun wavauaiunsalunisinuteddgvestoyalugadniilelluduuulowiu

[
1 =2

2) andwtinluifignidn (Sampled weights) uAnininignduiulagldnisuanuasuuy

q
1%

Und IegdinsAuumiedswasdiudsnuuunnsguanguumn (base weights) iivelu

1

A untinfduaulnididnwaensadflndifssiudeyaiy Fstteauaulilianiminlyg
Weauuluanusunigweingussiiulinnfuly wae 3) admdnideusuaad
(Final weights) 1JunadnsnasainsauadminfudIuIu 400 A1 wazawinfiguiul

UATUTIWIUARDINITIIUNU 393,216 A1 wawihnsuTulveglusuuuuimuesnsauldnu

DI

33sluluea lngnaansiferiimdnanyneNavgninlusuinnluaiees visual projection

Y

Y

iaiuUszansnmvedanalunsiugnadnuazsUnmdaruiuteninuaum

FIUUYATOYATNAINUALEY NTEUIUNTTANA

= ¥

3.3) NANITLIYUS
AMANBULLTIAUNUNY (Semantic features) Usenaumesunmainyadeya Flickr3ok
$1uan 31,783 3Unw wazgadoyadigitesiusiuesdiuiu 92,168 sUaw Tauvaduy
123,951 sUnm Wlesihunsudsteyaeeniiungueesvidenund (Batch) Avualviusiazuund
Usgnoudeguamdiuin 16 U Sstaelannsaussmanadoyalsegraiussansaimann
Pu uazdsarunsadafiunadnsvesuiazuuadldosraduszuu fadurzifnsovves

N5UsENIANAYTISAY 1,987 ASY AegURl 4.9

© betch_size = 16 O« TN |

features_path = Path("semantic_features™)
batches = math.ceil(len(image_files) / batch_size)

for i in range(batches):
print(f"Processing batch {i+1}/{batches}")

batch_ids_path = features_path / f"{i:810d}.csv”
batch_features_path = features_path / f"{i:e1ed}.npy"

if not batch_features_path.exists():
try:

batch_files = image files[i*batch_size : (i+1)*batch_size]

batch_features = compute_semantic_features(batch_files)
np.save(batch_features_path, batch_features)

image ids = [photo_file.name.split(".")[8] for photo_file in batch_files]
image ids_data = pd.DataFrame(image_ids, columns=['image id'])
image ids_data.to_csv(batch_ids_path, index=False)
except:
# check error
print(f'Problem with batch {i}")

Processing batch 1/1987
Processing batch 2/1987
Processing batch 3/1987

Processing batch 1986/1987
Processing batch 1987/1987

] ¥
Y o

a = v A o
gﬂ‘ﬂ 4.9 mswaugmqumauﬂavmmuﬂLE»N
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3.4) HANTLSEUTANUARILATUTIAULIEMLNTEUIUNTTOU
shesutes ieduuuiiumsiSeudiloandinudnuusidsrnunsvesgUunmudiazaing
Ungmiudiaauming (Semantic labeled) dmiunisaum uayldusyloviainannuduiug
yionrunAsfondimmmueiiuandieiu mndurraadunnnesandnuusgunin
19 vun 2,048 uwazdaiulilugadieduiegunim (Image description set) dmsuldlu

nsrUINNSAUAUgUN LY

[ [

waenUszananaudy naansazgniaiuliluguuuulng npy

Y

= ° o @ v s ¢ a Y} Y . |
Famunzdmsuiivdoyalugunuuonsisd wazlusmesifieniu sWagunim (image ID) vous

U U
L [

avanluwazwundiuazgninnulilulng .csv iieldiludeyalunisdugunnesiiefufu

Y

sUamBsRNvInesely AssUN 4.10 HadnsannszuINNTARARMENYELTIAUIINY

svUsznaumiglid semantic_features.npy MNudeyaiininesAudnwazdRURNIEaIn

Y a

n1sUszananazuamluwued Feonisuaan 16 sUlunilawund uazusasguiianmeiouia

768 §if TWaazd shape (16, 768) Gvaui@onlasniuluad image ids.csv MAUTHaT8ININ
(image IDs) @mssfuanaunnwitlgasrsiiaesiulngd .npy NilFeLRyIRU AsduRaawsnlaan

wiazwund Usznaumelndnnesamanuusvoawundin 1 38 0000000001.npy IUE

'
=

0000001986.npy wazlWds1ede image IDVoIwUAST 1 8 0000000001.csv U 4
0000001986.csv ALAIRY

|7 semantic_features  |7)0000001973 | 7)0000001959 |7 0000001945 |7 0000001931 | 7)0000001917  3]0000001903  ©|0000001889 7|0000001875 | 70000001861 70000001847
B-limage_ids £:)0000001973  [3:)0000001959  [15)0000001945  [5]0000001931  [1:)0000001917 150000001903  £-)0000001889  (3-)0000001875  [3-]0000001861  £1-/0000001847
| 0000001986 | 70000001972 | 0000001958  |]0000001944  |¥]0000001930 | &)0000001916 | 7|0000001902 70000001888 | =|0000001874 | |0000001860 | |0000001846
£-/0000001986 £:)0000001972  (1-)000000195%  [-/0000001944  [-|0000001930  [1.)0000001916  §1-/0000001902  {-|0000001388  [3-)0000001874  [1-]0000001860  {1-|0000001846
|7 0000001985 | 7] 0000001971 | 7] 0000001957 | 70000001943 |#] 0000001929 |7 0000001915 | 7] 0000001901 | 7] 0000001887 | 7] 0000001873 7] 0000001859 7] 0000001845
[-/0000001985 £:/0000001971  [5)0000001957  []./0000001943  [1./0000001929  [1.)0000001915 /0000001901  [./0000001887  {1-)0000001873  [1-|0000001859  [1:|0000001845
| 0000001984 | 70000001970  |¥ 0000001956 |7 0000001942 | 7/0000001928 | ©)0000001914 | 7)0000001900 ~ |¥]0000001386 = 0000001872  5|0000001858 | 7]0000001844
/0000001984 [:]0000001970  [1:)0000001956  £32|0000001942  [1:)0000001928  [:)0000001914  £1-]0000001900 @\0000001886 [3-/0000001872  [3-]0000001858  (1-|0000001844
|7 0000001983 | 70000001969 |7 0000001955 ~ |7|0000001941  |¥|0000001927 | 7|0000001913 |4 0000001899 70000001885 | =)0000001871 | |0000001857 | ]0000001843
£=)0000001983 B=/0000001969  [J=)0000001955 U—GGGUUGIQM @0000001927 i /0000001913 E-EGGGGGGISQQ [-/0000001885  {1=)0000001871  [}-|0000001857  [I=|0000001843
|7 0000001982 |7]0000001968 |7 0000001954 |7 0000001940 | 7/0000001926 | ©/0000001912 |7 0000001898 70000001884 = 0000001870  7|0000001856 | 7]0000001842
/0000001982 £-)0000001968  [1-)0000001954  [3-)0000001940  £]0000001926  [3.)0000001912  §3-/0000001898  {.]0000001884  @-)0000001870  [3-]0000001856  £1-|0000001842
| 0000001981 | 7] 0000001967 | 0000001953 | ¥]0000001939 | 70000001925 | ©)0000001911 | ¥)0000001897  #|0000001883 = 0000001869 | |0000001855 | 7]0000001841
£-/0000001981 £:)0000001967  [3-)0000001953  [-/0000001939  [-|0000001925  [3-)0000001911  §3-|0000001897  {-]0000001883  [-)0000001869  [1-|0000001855  {1-|0000001841
|7 0000001980 | 7] 0000001966 | 7] 0000001952 | 70000001938 |7 0000001924 |7 0000001910 | 7] 0000001896 | 7] 0000001882 7] 0000001868 | 7] 0000001854 7] 0000001840
[£-/0000001980 [-)0000001966  [1-)0000001952  [1-/0000001938  [1.|0000001924  [1.)0000001910  £-/0000001896  {-/0000001882  [-)0000001868  [J-|0000001854  [J-|0000001840
| 0000001979 |7]0000001965 |7 0000001951 |9 0000001937 | 70000001923 | ©/0000001909 | #)0000001895 70000001881 = 0000001867 ©|0000001853 | 7]0000001839
/0000001979 [:)0000001965  [3:)0000001951  [1-)0000001937  [)0000001923  [1.)0000001909  [3-/0000001895  {.]0000001881  [-)0000001867  [3-]0000001853  {1-)0000001839
|7 0000001978 | 70000001964 |7 0000001950 | 70000001936 | 70000001922 | =)0000001908 | 7)0000001894 70000001880 = 0000001866 | 7|0000001852 | 7]0000001838
£=)0000001978 [:/0000001964  [J-)0000001950  [3-|0000001936  [-|0000001922  [-|0000001908  [J-)00000018%4  [-|0000001880  [=/0000001866  {1=)0000001852  [3:|0000001838
|7 0000001977 170000001962 |7 0000001949 |7 0000001935 | 7/0000001921  |©/0000001907 | 7)0000001893 70000001879 = 0000001865  7|0000001851 | 7]0000001837
/0000001977 £-)0000001963  [1-)0000001949  [3-)0000001935  [£.]0000001921  [3.)0000001907  §3-/0000001893  {-]0000001879  @-)0000001865  [1-/0000001851  {J-|0000001837
| 0000001976 |7]0000001962 | 0000001948 | 70000001934 | 7]0000001920 | =)0000001906 | #)0000001892 #|0000001878 = 0000001864  |0000001850 | 7]0000001836
/0000001976 £:)0000001962  [3-)0000001943  [-/0000001934  [-|0000001920  [3-)0000001906  [3-/0000001892  {-]0000001878  [-)0000001864  [3-|0000001850  {I-|0000001836
|7 0000001975 | 7] 0000001961 | 70000001947 | 70000001933 |7 0000001918 | 7] 0000001905 | 7] 0000001891 | 7] 0000001877 7] 0000001863 7] 0000001849 7] 0000001835
[£-/0000001975 [-)0000001961  [1-)0000001947  [1-/0000001933  [1.|0000001919  [1.)0000001905  £1-/0000001891  {.|0000001877  [-)0000001862  [J-|0000001849  (J-|0000001835
| 0000001974 |7]0000001960 | 0000001946 |7 0000001932 | 7/0000001918 | ©/ 0000001904 | 7)0000001890 70000001876 = 0000001862  ©|0000001848 | 70000001834
£1-/0000001974 £:)0000001960  [1:)0000001946  [1-/0000001932  [-|0000001918  [3.)0000001904 (30000001890  {-]0000001876  [-)0000001862  [1-]0000001848 10000001834
<« [ r
3976 items

5UN 4.10 wavidgayafesuIegunan
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4.1.2 HANIAAILINBNANTTUTEUIANATIAUAUNN

uATeHldRILuUA1 DistilBERT wagyiin1suTuuss (Fine-tuning) Toyaluy

o

a

du Pre-trained lngvhnsiasundasalwesaavnevessnuuulimngdmiunsssydnadl
FeAnunae tuneun1siiauvesiakuuazideauianueuuUsenidulvifu
(Tokenized) udasudasusazlyimiloglugunuunnines damadwsves Token embedding
%Lﬁu%’agaﬁ'LLammmwmmaumazMLﬁ’u Segment embedding 1udaudaglifanuy
wondusng 9 Tuusglon wag Position embedding azidunislsdeyaiafudmumisves
Indluvsslonsufududeyaluliluduneudoly Wodsuiammumnelas et

AuMiazUsElen NadnsABLINMBTAIUILAMAN YA TBAUANNIYWIA 768 AsgUN 4.11

T RO

° search_query = "move forward"”

with torch.no_grad():
text_encoded = model.encode_text(clip.tokenize(search_guery).to(device))
text_encoded /= text_encoded.norm(dim=-1, keepdim=True)

print (text_encoded)

tensor([[ 5.3549e-84, -4.9347e-02, -3.7720e-02, 4.64252-83, 4.5685e-82,
5.8903e-82, 1.5251e-82, -6.3171e-082, -4.7333e-02, 4.4373e-02,
3.8441e-62, -2.6199e-82, -3.3691e-82, 5.6725e-83, 3.32085e-82,
2.8671e-82, 1.1292e-83, -7.4577e-83, -1.868%-02, 4.7684e-83,
6.7635e-83, 1.2177e-82, 3.6224e-82, -4.4504e-03, 0.4664e-83,
-2.1484e-62, 7.2823e-83, 3.2745e-82, -3.7594e-83, -3.9337e-82,
2.6474e-062, 1.58G69e-82, -9.8228e-84, -4.5868e-02, 3.7994e-83,
-1.1375e-82, 2.9386e-082, 2.8505e-92, -8.5678e-83, 2.5640e-02,
-4.3762e-02, 1.1208e-@2, 2.38652-82, -1.0006e-82, 4.6234e-02,
1.7487e-02, 3.4351e-83, -3.4637e-082, 8.9483e-03, -1.1632e-02,
-2.3727e-83, -3.1815e-83, 2.1255e-82, 1.9272e-82, 2.7542e-82,
-3.5278e-62, 3.9429e-82, -1.2894e-03, -2.9968e-82, -6.2665e-83,
2.7618e-82, -1.1574e-82, -3.353%9e-82, 4.2297e-82, 2.7832e-82,
-2.7252e-62, -1.8292e-82, 1.6968e-82, -2.1027e-82, -1.2581e-82,
4.5815e-03, -1.83@7e-02, 3.2440e-82, 4.3427e-02, -3.3691e-02,

-7.2266e-62, -1.5938e-82, 3.4271e-02, 1.4867e-81, -3.889%e-82,
1.8063e-02, -2.8554e-82, 4.2358e-082, -5.6671e-02, 6.7711e-83,
-1.1192e-82, -9.5367e-83, 2.5162e-02, 2.4852e-83, 5.3673e-83,
2.5070e-02, -3.7781e-02, 6.2927e-02, 9.3536e-03, 1.3237e-02,
2.2476e-82, 5.8289%¢-83]], device='cuda:8', dtype=torch.float16)

UM 4.11 namsudasterudundunnmes

91N3U7 4.11 mansidnsiadonnumum “move forward” HIUNTEUIUNIS
wandunnmesidsnnnumunesieilaidu encode text Fadudrunilsvadluna CLIP Ing
Mutumeuns Tokenize Famuron warsiiunisihsianelusunves torch.no erad()
dietesffunisAiuia Gradient delaisnduludunounisldanuluma (Inference) anifu

¥

nnweiiliazgnusurualilunnmeivuie (Unit vector) ien1s Normalize diga1A
81U L2 Norm tieaduaenndestunisiuseuiisua1niund1eideyy (Cosine
similarity) sEvinsnnmesteanuuasanmesnmiiegly Latent space Taufiu Fafifwiniy

512 15 wadnsnleasmnuesnusenaumedtawnatsuvuinaniutieuseunad -0.1 83 0.1
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$1uu 512 e TnedinsdniAveglusuuuy torch floatl6 uazyisuuugunssl cuda dady
M3UsEananary GPU Wiieifiuussansnnsnunanuga
FrunnmedsinandolusumueIn UL uNsTINYe T oANALMN
“move forward” dsaunsaunluldlunisiuaniuadieadsiunnmesvesnImiiniunig
drsvadelanaliionty Weldsyuvannsaduiunwiidanumnewiolhemasnadaety

[

wuafa “nrsiadeulutranin” Ieegadiuszaniam e1i anvesyanaiiiideinufiu
gunvLgAimdandounl e ingiuansiirnsesnsidoulm s
4.1.3 HaN1TNAILINBAANITIUALINADT
N13AUINAIAINLARIEARITENINUINABSTUNNLAZINABIUBAIIUAUN

[

MEITInANIARIMETEEENUUEAAA (Euclidean distance) I518asiBundail

o v

1) Yud (Insert) doyagunmiteglusuuvunnimesitudidrstaguam
Tnsnwesmaigniniulilugadiosuiesuam Ssdidnvasdugudeyannmeimdoury
msd1aBsdsgunmiuatuiomslugadoya

2) wasdearudumarngldrirulumanisilafioutaaduninimesiiy
Fudrsiateniny ieairannnesteniuiAumiidiiunisilsdmiudumsuainidl
ANUAREARAULTIAIUNINY

3) Mntuaglnnmeidenudunifiodumnnneinnsildindoadstuly
grudeyannmesuuiufinsilmatssuuuy dwsuudasanmesidvuauandisiiuliel

Y Y Y

ffinAvu 256 iileldaruisaIsuiiivuanuadieduldluuiginnimesinge
(High-dimensional vector space) A835TnT88EN19TENIININABTIUANUATLINADS
TYOAVIUAUNIMUUTEIENNUUULATA

4) nadwsanmIsFuIANAdEAdITUaL LERITIENTINIMESTUA MR
funnmesdearudumunniian lneiFesdduanuniianludsiesiian antuasidids
sUnmduatuLiethuuanssanmnRstesunldely

103U 412 wansAuAusUainanyadeyalaelddeninuduny
“move forward” BaagsioununAniunisiadeudiludrmi wdduunsulasdoniny
aananlidunnmesidsanunuieniuilesidu encode search query() Tngarda@anuu
CLIP fignilndudrani tiea¥refiunuiininesvesteninuludnvuziiaiuisaily
Wigulguduianianesvaaninlalagnss n1enaaainlaininesvesdaninunad
#WeAdu find_vector_matching() 93ANLEUNITUIHULTBULINADIAINGIAUINADIVDININ

Mavualugiudeya (Image features) LOINFIFHUANANUAILARIEATIGIAALTIAIUNLEY
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Tnel#38mstanrmadneeddaled daduisnsitoulflunsssfiuanuduiusveadoya
Tunnwesas wadwsAesunmainmisruAusIuIg 20 Mwitianuadoadsiutenn
unfiganuddiu Tngudazamuansisiansafiiidnuaraenndosiuinia “nisindeld
19U WU nNd 1, 6, 8, 11 way 12 L‘flumwsuamﬂﬂaﬁﬁwé’uﬁu Wueatunnd 2, 7

waz 13 1 0unIneInIsIINauY AaERIUANT 9, 10, ar 14 WJunnveInuunsemIafY

2 '

Ara1eanlug19nin 2819588 and 16, 17 waz 18 wiaziJutheuannia wadusun

Ad = o ¢

WmuineFedsdyanwaliineatesiunisiaaeulmlitnmen

QzLﬁulﬁ’jWLLUUﬁ?ﬂa@QﬁﬁuﬁiﬂL“E’J’WSL"DU%U‘VIL%\?ﬂ'ﬂ’]ﬂ%ﬂ?ﬁﬂ@ﬂ“ﬁ@ﬂ'}’m SERNIR

Y

(Mapping) un nniiileniaenndedluszauainuvuie lidrdnediieaingluninug

SAUDMUIAALASUSUNTILALITDIAIE LUU AISARIUN NISLAUNLN Lazn1sTuLAADY Fadu

(%
[ KY]

aNuEUeIANITaNLEEd (Human-level semantic understanding) At Faaunsainly

aa o 1% 1

UszenAlgluanuALANE SANAINNINIUVAIEUITUN LU UVBIELARINE UAUUEUA

Mot lardaniy wavszuuiugtilemaniassiuanusdlavesyldiu usu

TV B Q0D
° def search_image(search_query, image_features, image_ids, results_count=3):
text_features = encode_search_query(search_query)

best_image_ids = find_vector_matching(text_features, image_features, image_ids, results_count)

for image_id in best_image_ids:
display_image(image_id)

[16] search_query = "move forward"

search_image(search_guery, image_features, image_ids, 28)

[6]

[10] :

JUN 4.12 naansmsauAusunminetesiuteninuAum “move forward” uniian
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ANFIUMUUTIADINTAUAUTUANAITIaGIAUmang Ineldlassgdsyam

a

~ a = = ! v A v X Iy} ] o '
Winadsangnilnelua19utnfgs1stuannne e uns sUA 4.13 nsvinauriu Google

Y U

Colaboratory Wiy 2 @ Usenounie d@unas (Backend) lunisienldsuuy CLIP 7

gNRNHUAMTY WieSgusuUABUNIIAATENINNgUAINTduLNanYATaua Flickr30k

Y

[ A va o

$1u7u 100 sUNMuazandeyaTigidesusaesd Iy 300 sUnwW TaNviedu 400 A
SrufufusseIegUaIm 5 :18n3die 1 sUnmidmualaegite dmsunensaliheddiy
yesgUMnAouaziUIsuisuiunansUsIiuAvIeesgUnlaes deavg Liewan
AIUMAINISgLdenouazt lUUTUUTIMN T EN 05U IR IL UL MUKLIAANITUNINTEAY

doundu neuvzdrslounuiluldisousddnasiuugadoya Flickr30k 31wy 31,783
SUNIN wazyadoyafisidesI1uTINesdIUIU 92,168 JUAM FIUNSEU 123,951 JUAN

A [

\easeynasuIesUN LN ldAUANIUNIMAINATIUATEN I INMBTIUNNLAELININ DS

Y

¥ '
[V

TaANUAUNIAINELY vuiuninsilaaiegukuune antuazUduiusiugldsudiumi

Y

(Frontend) eAuAuUnwillig et utamuAumLNTan

Image Description Set

| GitHub [01,5

&y, ‘
4

Similarity Image

[eastnay

Google Colab

Pre-trained

CLIP

Contrastive Language-

Result

| AT Vector Matching Image Pre-training
A Euclidean __ Python
P K ,’
SR Search query Similarity Query '
i - “move forward” ‘ [
e LW

SUN 4.13 2N5ILUUTIABINSAUAUIUNAARYTIaLTIAUTILNY

'
= =2

TneltlassingUssaniieudsanionilnaualsiin

4.2 #an15UsEliuUsEANSNMNNSAUAUIUAWARTALTIAUYNNY
N15U5EAIURAAUMNNEYBIFUNIN ATUNITNAADUNIU Google Colaboratory
Imwfﬁ{]’aﬁwLﬁﬁammﬁwﬂﬂQ’QﬁaLLUUﬁﬁﬁuuwﬁuﬁaz%ﬂmé’aﬂmm"’g’mLLUUMaﬂﬁlﬁﬂé’fw
YOINAGNS UTTNOURIAIAIINUNUSIT Kk SUFU A1AITLASUBIUT k SudU
wazA1UsEANSAmlnesIndl k Sufu vugedeya Flickr30k 112w 31,783 JUnIW uazYn

I

TUATIEITYTIUTINDITIUIY 92,168 FUAW FIuvedy 123,951 sUaw lagfmundnuiu
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sUnmlumsuanwmauiazafaiiiu 20 sUam melitoanudumntudings 3 el
léuA 1) Fomnudumeisdoguaimuazmnany ludnuarthemiuesguaim 2) doanu
Fumdu 9 ertuLuAnTziugeresgUam uay 3) fennudumitedutsarumane
\Fananmvsazuam taesdmunderudumandidemyioulsas 10 mens sy
30 1913 Wensruauniaiedaduazunngradnsifugunmifiauieatesiumniigaun
wanadunadwsnisduduguamungldutazadavindu 20 sUam anduliidenmgylsadu
AMgNAB9BagUnINTiazsUA N LIV T fiuAIugndasfiag T1en1T quATUTA
30 1en1sRefiTeny 1 viu doasuiis 30 viu asdidennudumsnisdu 900 918013
wiadudeulvas 300 919015 fegran1sUsIiuALgNFDsYBITUANEILLUUYSEITY

ooulay] Jotform fsgUil 4.14

L/ 2 ud 28) uuydsnluanugadpsesnuutiasemssuAusdnindiviaL -
Z Jotform v ( ) u Nugne: YUHADY un ALy A Q

100 1 subevisslon ©

1.1) photo of a guitar - Ay 1, 2075 1157 AM

sl 28 Aag W, 2023

i’@ﬁ&ﬁ

podt a2 pleds  plawife plad S

o6 plavwl7  pleowds plowite ot 0
ot plali 2z a5l 14 plawdl 5

Pt 16 plowd 7 plawd e plaet 9

JUN 4.14 segnsUsaiiuanugnaeswesgunmiiuiuulssiivesulal Jotform

a
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NsLILUUTIARINSAUANTUNMATTAANuvInglagldlasaingUssaniiey
a = o = i Y i a a a P aa o
LIANNgNENR a1 LusRalssiludsgansninnisauAuglninaana

a I ! = a o &
WNAMNNNNEDNUU 2 @1 US18aLL0UARNIY

aa v a

4.2.1 #an13UszdiuyszansnmnisduAugunwaInalBeaunine wuuliaula

o o/ o/

A1 UVDINABNSR28AIA UM UET k SUAU A1A21UASUSIUT k SUFU wa

AUszAnSnmlaesaud k susu
n13UsEluYsEANSA NI TANANIUNINARTIALT IR UvINg A elaten Iy

dum 3 Jeuly laud 1) %ammé’umé’ha%gﬂmmawmwyz TudnwagUnenduaes

SUAN 2) TBANUAUMIHY 9 INEINULUIANTEAUEIVDININ kae 3) TaAuAUMINeaTUY

ANUMINEITIAUNINYDIFUA Reuluay 100 $189MT TIUVAEN 300 T18A15AIN1T9T 4.3

o a a a v A 1 o v v 6
19199 4.3 Nﬁﬂ'ﬁﬂi%LﬁJ‘lJUigﬁ‘Vlﬁﬂ'WWﬂ’ﬁﬂu@ugﬂﬂ']WLLUUI@JﬁUIR]aWQUNaaWﬁ

Rouly 1) Yanudunigae |2) doanudunidas [3) Yanl uAunRT
ASAUNT %agﬂnflwuaz &u 9 1Aeafu 5UNYAURUY
nuaavy ludnwag | WWIARTEAUEIYRY | LYIANAINYDY
Ungfitfiuves| sUaw U
IUAM
n15UTEIIU R ) c v c g
=) 3 3
UsAvdow | @ | = | 2 | 8 | = | 3.0 @ | = | &
v $ | S | 2| @ | 8| 2P8 | 8| =
nsAuAuIUAW| & g - a Q N = g T
= | k@3 0.939 | 0.603 | 0.734 |-0.864 | 0.590 | 0.701 | 0.830 | 0.578 | 0.682
1€
"E
Vé k@5 0.935 | 0.726 | 0.817 | 0.860 | 0.706 | 0.775 | 0.825 | 0.701 | 0.758
g
S k@10 0.907 | 0.818 | 0.860 | 0.859 | 0.813 | 0.835 | 0.819 | 0.802 | 0.810
[
>
= k@15 0.902 | 0.867 | 0.884 | 0.843 | 0.862 | 0.852 | 0.804 | 0.836 | 0.820
=
@ k@20 0.894 | 1.000 | 0.994 | 0.833 | 1.000 | 0.909 | 0.771 | 1.00 | 0.870
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MNMT97 4.3 mansUszIfiuUsEANS A mnsAuAusUAmuullauladdy
HAENSFIBAANLLLLET AAuATUfu waseUsyAnBnlasu Sreasdendd

1) nan15UsziiulszansaiwnsAuAusUnmieAALLsiuE T k Susy
anelideuladonnudumimedesunimuazmmiavyludnuasthedfuresgunm ua
ForuAumd 9 Lﬁ‘EJ’Jﬁ'ULLU’JE@?%@JUQQGUENEﬂﬂﬁwﬁuﬁﬁ’lﬂ’muLLﬁUEﬁEJgJﬂUi%ﬁUall’m
TngiavnznadnsnsAufusuIu 3 drduusn Auads 0.939 uay 0.864 MUY WA
Fomnudumiiosuisanuvaneidsganinvesgunmieglussdud Aadewindy 0.830
Fernnuusiugiuanasies 1 LLiJir;Tummi’wmumaé’wémiﬁuﬁugﬂmwﬁLﬁmmﬂsﬁu

2) wan3UspiiulsednsnmnnsAuAuUnNieAIANuATURILT k Susy
aelddeulutoninudunidiedesuainuazmnanyludnvastiedifuyeagunm
wardennudumau 9 Lﬁ'mﬁ’uLLmﬁmz@fvgwaqgﬂmwﬁ?uﬁmmmmuﬁauagﬂuizﬁua
dlenadwsannnsduAumindy 3 d1du A1ade 0.603 uag 0.590 AudIRy Asafuduy
Tomudumitesursaamneidanunimuessunndiegluseduuiunats Aadewiniu
0.578 0&1415AR LIAIAIINATUEIUILABDY 9| udusnusuiunasnsinanty uay
38191108 1 Wesurunadwsvindu 10 fidntade 0.818, 0.813 way 0.802 AUAIRU
deFeuiisuiunuideres Le et al. (2022) fiuszgndldfuuy CLIP unFeuideduie
AwsTIITIALe LU ssudlusLe AN 1Ry a1uddeves Bianchi et al.

=

(2021) NUszenAldduuy CLIP anlgAuAusunmannisiniudwuulviseuiveaniny

Y

dd‘d 1 v

U3 FUNMALUaINA I wIging wluaiwidaaniaianuasudiuiiddiu S 1, 3
way 5 sUamuuyateya Flickr30k WuldA1ANuATUNIULRAY 0.585, 0.664 Uay 0.761
pudfu fedneglusgauiiunfianela winadnstudaiialnaainainuaianiaveagly
WasnngAnssuvesgldfeeniaiismwadnsnnuiasaulaliniu (Jansen and Spink, 2006)
HAGNSIWIUNINIINAUANTINRsaElinssiuANdaInTs o lvgldidenardnideon
JUANARSINUALABINTOE1NUNATY 1A8 Jansen and Spink (2003) wui Hldaziseng
nansldifiu 5 sren1siidudy NaddieldSesay 28.3 WlunSengiiies 2-3 518013
a g.J/ b4 a (% ¢ A ! o v v L4
dnvieTeay 55 wienguaansiies 1 T1en1sde 1 AAum wazlagtuiluuilduszanas
= = o & ] = & v v Y 2

Seg 9 Feduiluanugalamiansaume iwesnluladssinniigldazidengzuamain
nan1saufunanue Jnduniadelenadiniuglinindguninuisdrunligniieng
v o Y A = v ! a ! 14 [ < [ =
AatiunsAUANTUNNIIRaaiiAIAUATUR AU 3, 5 Uag 10 lWundniilenauaues

MOANABINTVDIH Y
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3) Nan3UsEuUsEAB WS AUAUTUAMEE AN sEANE AR T k
dufumeliteuladerudumedesunmuazsannfludnvustisiduyessuamn
wazdeanudumdy q eafuunAnsedugaesgunwduiidanuasudineglussdud
[WuiefuteanuAumiesusANuIeBsnan myesgUnw aenslsAa ArUseaniamn
1P59U9LADY 9| WinTunusuunadnsTiiuandy wazasdilng 1 unddudiesuon
HASWSWINAU 10 ALRAe 0.860, 0.835 way 0.810 A&

a) \flafiansunanAIAINLL ST k SUFU ArAuATUSINT k Sudy
wazAUsEansamlaesad k S wuinduldlufiemadeniu Tnenadnisinaiuiod
ogluszfuisensuld uazliifalgmaidauuuaz duszansnimanas levhaududoya
flsimenuanneu (Poor real-world performance)

&

5) nsUIiadnuIdenaruaugunmiganuniiglutagdu lay Caicedo,
Gonzalez, and Romero (2008) Utaue3snisAuAusuamailonimenisienauauds
széﬁ’uqamnmﬁmﬁwﬁmm‘mmﬂsuaagﬂmwﬁum (Image query) Wuan ANSAUAY
% U U r') =l ] a = 1 o 4‘ o d‘ 1 [y}
MmeAMENYETEAUAIEIeE1uAeY IAAmuLiuggaadloduiud 1 sunwmiiu 0.67
1 d‘ FZ [ [ a 1 ] o a' < 1 d'
witlaldsiufiuandn vzl BIAIUNUIY ArAUkug LUy 0.80 uidzanadsae 9
WUSUSIURNUTIUIUNASNSNITAUAUTLANLNTU Tuie? Khodaskar and Ladhake (2015)
UNAUDNTUATIEMLDMFUNMNAUMNIAIINATUNUAMSN BN TIAUNNNY (Semantic
content representation) Tuguaus suiunisisteyanazn1sinvindviidmsunisAuau
FUNN N AAdULNgIagsEnIne 0.79 B9 0.89 311U Thanh et al. (2020) Wniaue
sTuvANANIUAINTIAUnIngAlesUAINAENY Wudn n1stdmaliawaiiu (K-mean)
~ ! a A ' ° W oA a =~ v v Al
W g1aAgIlAIAILLIUEIYIIAU 0.65 WitilorauNauinadatvoudulndfan
(K-nearest neighbor) 1iaeiu AraNudugiiudu 0.70 wag Nhi et al. (2020) Yaue
AIUUNITAUAUTUAIMTLLDNIINATILATIERUNMAUNIAI8N TN C-tree $I0AU
wallaioudulnaiian wudn Arauwdiuguuyateya COREL WU 0.89 s1uaziden

f9R15199 4.4
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M5l 4.4 nsUTeuLisunanTideduauidedu q Asfufusdaimideaiiuneg
TngldguninAum
MUY AAULIUEN
Caicedo, A semantic content-based retrieval method 0.67 - 0.80
Gonzalez, and for histopathology images
Romero (2008)
Khodaskar and Content based image retrieval with 0.79 - 0.89
Ladhake (2015) semantic features using object ontology
Thanh et al. A semantic-based image retrieval system 0.65-0.70
(2020) using a hybrid method k-means and
k-nearest-neighbor
Nhi et al. (2020) | A model of semantic-based image retrieval 0.89
using c-tree and neighbor graph
Nl UEJfT The development of a semantic-based | k@3 = 0.830
image retrieval model using deep neural [ k@5 = 0.825
network by pre-training approach k@10 =0.819

19991 4.4 fefiansanlusieaziden wuin drlngijdldsunmdum
TumsAuAugunmdannamng Wesinszuvasiinnesinadnuasgunmitedurugunm
AuAnuAEIeaaaiuzUnImAum Fsanunsoandymvesiteanavaneacls usluaaudy
Fnginssudlilagannazdufugunmlaeldnauduiuszniteguanvas sz fud
NALHALUIAEAUgaMiTugUssIN uazuAnseRugsiduuusssy Sadiseiudy
foanurumawissaurafiegludnvaziuifaseiugs lumsnduiugudnuiignuen
soluifRlneldreufiumefidundnuneseduduiniu Selaevhllifinadeulssenin
AMENYNETEAUALAZLIANTEAUEY dsalinadnsainnisduduliuszansamlige
wiritaas Bnitamsldgunmdumeslaiazaan uasiBunsudnnsslvugldlunsmguam
fuatiudndie dadudeuisufisufunanisdudusunmiiedeninudumiesuis
Arumneidanuamaesgunmlueuidsifidnnuusiugi i k Susfuiiiu 0.830, 0825

v A

ag 0.819 ﬁﬁ’m’mgﬂmwmﬁu 3 5Un 55U wag 10 SUAmeNaIAY asﬂuiwum

[y

waziluszAungensuld esainanunuigvessunmiegludnuusuusssuiueIniae
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Ussiliunaingniesvideligniosity ddunisudarumnenamdnnisiuvosyd
(Human perception) (Dix et al,, 2004) A18UszaUNITAUNTOAIIUILANINNNITS YT
YDAz UARAILANAAY WuldannadnsnsfuRugunMmBinumneandenudum
fiAnanuuduglidunnsisainnsidguanaumunniin

FofinsannanisUssiiuUssansnwnsiufusUn mAdasruvsn iUy
Liauladrfuveanadnd Tnsduunainngudidednay 3 ngu leud 1) nguiidervy
suneufmesuazelulad 2) nquidevaiunsdufuamsaume wag 3) naugldvild
fiswaniBeadil

4.2.1.1 wamsUsziliuUseaninimnsAuugun e Nusiug i k Sudu
AAuATUEIUT k Sud wazAUszAnsamlaesiud k sufuneliteuladenimdum
Medegunmuazvmanvyludnwarteifveessunm Mieuldfunsdufuguam
dredonrudedeyaildsunisinufindetioiitusauinienenistuly Taetluasldi
yadoyailifitheifuuazifinudazdmmeudindeya osuunaaravostoyailsain

Madeud Wy gUn e & vsedwes s dim13ned 4.5

M13197 4.5 Areg1sRadnsannIsANAuIUAINaedesUa nuazvaIany ludnuae

Ureiivvesgunniiiunsussiiuanugnaslagglieanyvinun 1

1) photo of a dog
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dl U 1 U s ¥ = 14 lﬁ' 1 L
f19199 4.5 mamawaaWﬁmﬂmiﬂuﬂugﬂmwmwagﬂmwLLawmwg luanuwug

Ureiiuvesgunniiiunmsussiiuanugnaedagdldeangyiiun 1 (ve)

2) photo of a baby
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INANTNN 4.5 HAFNEIINNITAUAUTUANAITRFUA NS NUINNY
Tudgnwazdnediduvesguniniidiunisussiiualiugnaelaelied91e Wud

AU UG 3 SUAUIINNGUNTEIVIYIUABNTIN DT haznAlLlaE NANELTYIYEY

Y

XY

AunIsAuAuasawNe kaznguilinalegluseduiuin Anaduwinfu 0.943, 0.926

Y

ey 0.853 MUAIRU AIN13199 4.6 dunansdiaiinuuiussaniamnsauausuamedly

LY I

] v Y A 4 ¥ a ) o o w
STAUGUNEUIAUNNTAUAUTUNINAI8YDAN 91nAsiUTeuLnguAIdIney (Keyword)

uRudnvuzvesgunmingninuliludnvugvesumain (Metadata) vessuninuagldnuil

memﬂﬁmumiﬁuﬁugﬂmw

o a a a P o A '
MN1919M 4.6 Nﬂﬂ'\lﬁﬂigLNUUS%&WSQWWﬂWﬁﬂUﬂUEUQWWﬂ’JEJGU’EJEUﬂ’]WLLaSWN'Jﬂ%MU

Tudnwazdhemiuvesguninlagduunainnguildesvisy

Jilieangy | 1) ndudidervnadu |2) nduiiiaavigdiu|3) nduildial
ABUNILABTUAS | NITAUAUAITAUMA
walulad
nsuseidiu c v ) v c v
D > >
Uszansan ;% — G 2% = G % = ©
iy P TSR B
nsAuANIUAW | & 2 - = 9 fr b= 2 n
= | k@3 0.943 | 0.609 | 0.740 | 0.926 | 0.595 | 0.854 | 0.853 | 0.604 | 0.694
e
&=
"é k@5 0.930 | 0.727 | 0.816 | 0.974 | 0.730 | 0.847 | 0.900 | 0.721 | 0.771
:
= k@10 0.903 | 0.825| 0.868 [0.943 | 0.836(-0.848 | 0.875 | 0.839 | 0.833
<
T
= k@15 0.901 | 0.880 | 0.890 | 0.939 | 0.882 | 0.830 | 0.867 | 0.886 | 0.838
=
e k@20 0.892 | 1.00 | 0.943 | 0.930 | 1.00 | 0.822 | 0.862 | 1.00 | 0.865

won3Nt wansdFunauazdun1valdiverngylunisussiliuainy
gnees wud Galvedndntunisaupugunmiiiaumniduseaiuiyyd 1wy deainy
AUNT “photo of sunset” iU “photo of sunrise” FagUN 4.15 NAHAAWSTITUTL 3 91 5

= N ! v I A d' v
E‘Uﬂ'ﬁ/\l GZNEﬂﬂVl"UgLLEJﬂﬁ’ﬂllLLWﬂW?QGU@ﬂE‘Uﬂ']WIW MnUsIFNBIAUTENaUDY ] WINYIVD
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photo of sunrise (A)

5UN 4.15 YoAuAum 581319 “photo of sunset” fiu “photo of sunrise”

4.2.1.2 wan1suszilulseansaamnisAuAusuninaigainuuldug
k SUSU ATAUATUOIUN k dUAU tazAUsEanSAmlaesiud k susu nelaneulutaniny
AUMIEY 9 LRgItuLUIAnsERUgenmiiiTeulafun1sAuAugUamBuilent 1oy

Ay dnd vsedwesiveuledludeing Ranssu visewmmsalnesungilonvegunin

M13199 4.7 FRgHAANEIINNTAUALTUANMETRAILAUMIEY 9 WNeItuLUIARTERUg

V93U IneRLTE 1Y vITuA 1

1) the dog running on a ground
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M19197 4.7 FIRENNAANTIINNTAUAUTUAINAIEVBANAUMIE 9 NefukAnTEiuge

V933U IneiTenvgyvinum 1 (sie)

2) the baby sleeps p

‘\'-‘i r

eaceful

ly in the bed

n ..
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1NA19199 4.7 HAENSIINNITAUANIUNINAIETRAMUAUNIEY 9
WNeIfukuIAnTEAUaessUnIminIun1sUsEIiuaIugnaelaglde131ey wuin
ANANULIUEIN 3 SUAUIINNANTEIVIYIUABUTIN DI HaTINALULAE NRUELTEIYEY

Y

AunsAuAuasawNe kaznguilinaliegluseduiuin Anaduwindu 0.827, 0.883

Y

(% =

LAz 0.883 MuAIFU Fann31eil 4.8 Sunansfsduuuiiuszansainnnsdudusuainly
seiugafleuritunisdufusunmdadon lnemaieudiousswinnudnuasdeni
Aumduaudnvar U Jeeglusiuvunnnedainnisléinadauazisniseg 9
Tuﬂ’liﬂizmamatﬁaﬁqL@ﬂ@mﬁwmwaqgﬂmw (Visual features extraction) 8anu1a@314
sutlannaudnyrveIgunIm (Multidimensional indexing) wazAupugunmlagldnaumun

vieLlavnanveagunIw Wy 0 NANTTU AN visewmanIsal

o a a a v oA v % v & a Y]
M19190 4.8 NaﬂqﬁﬂigLNUﬂﬁgﬁV}ﬁﬂWWﬂqﬁﬂUﬂug‘UﬂWW@']EJGU@F’]'J']NQUW']au § tA83INU

WWIANTEAUABIFUNMIAgMUNIINNGUELTE I8y

Jleavny | 1) ngudidenvadiu [2) nqudideavigdiu|3) nguildnaly
ABUNILADIHAY | NITAUAUAITAUWA
walulag
n15UTEIIU 3 ) & v c g
3> ) 3
Usviow | @ | = | B | B | = | 2 | & | = | &
- XOGIEN<Y \ 2
nsAuAuIUAW| & Q - 5 g T = g T
= | k@3 0.827 | 0.602 | 0.725 | 0.883 | 0.604 | 0.717 | 0.883 | 0.600 | 0.724
[
3=
Vé k@5 0.824 | 0.705 | 0.835 [ 0.872 | 0.699 | 0.776 | 0.884 | 0.714 | 0.780
£
S k@10 0.824 | 0.837 | 0.886 | 0.874 | 0.832 | 0.852 | 0.878 | 0.835 | 0.849
=Y
e
= k@15 0.803 | 0.884 | 0.910 | 0.859 | 0.888 | 0.873 | 0.865 | 0.890 | 0.851
=
@ k@20 0.802 | 1.000 | 0.964 | 0.844 | 1.000 | 0.915 | 0.855 | 1.000 | 0.881
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Wenansaunlusivasidenvoanadnsilignaas wudn Anuwdsusiu
vosgunmduguassadidgiivinliduuuduundeyaninldlifiviniiaas (Felzenszwalb,

Girshick, Ramanan and McAllester, 2010) ﬁﬂgﬂﬁ 4.16

View-Point Variation Illumination Conditions

Deformation

5UN 4.16 shegregunimianuulsusiunnulunisduundeya

mﬂgﬂﬁ 4.6 m’mLLUiﬂiauﬁwuiumﬁwLLuﬂ%’aga Usznauniy
1) AnukUsUTINYDuLRY (View-point variation) ﬁi’mqLﬁa’aﬁ’ul,wimmm’muu’; ERIENY
IevaneRAnaisnsienimuaznsdunming 2) msiasugy (Deformation) M3nsyise
fngliiudsusuirviedniderdmald inguuasudnvuzainifuessitldaisandu
3) faqursdhugnuats (Occlusion) Miedeusgvdsingdu « dswaliuszdnsainnisdiuun

zanadiey q auvuInvesiiuiuadeing 4) A1UaI19 (Ilumination conditions)

a1 1

WesngunmiuaziiAveuaawansneiu dadunisduungunmniuasaineles vieing

Tuiiatduasiusednsaindeunininglunasadnalnd 5) Wundegaunds (Cluttered

q
) A

or textured background) annnsiiingdviseatnanenaunduluiuiumas vieliinginuiu

9

wntunin viliendanisdnuundng Wesaindesuniuanniiuly wag 6) Anuwdsusiu

Aa o

aveluaana (Intra-class variation) N3 TnguateUszianiignineglunataifedfu
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Fadndusesannnuunndrsneglupana vusderiuiveisnnuwandseninead (Inter-
class variation) LteLfisszAnEamAssiuun

4.2.1.3 namsUsziliudseavsnmnsAufugunmenerauusiug i k Sudu
AuAsUEIu k Sudiu uavAUszavsanlaesiudl k Susuneldteulvdernudumi
o3ungANIMINEITIRANYBeTUN MU s Ul UASAUALTUA ITaR M e
AuNEIBYeIgudnyusressUn il uiusssuiduldiananudn A
vidotomnuiidnsisunngnisalineliiAamnnisalidususssn Ineuusssufenssuiuns
Anfildlddoiinandinurestngiuaiuarlafzusne uuiusssumAauiainaude
wazersualiidudaUsaunadisinnotiniluniunuigagnersuaiuazadnuddnli

AoumasasaiiTlan e vesgunmlaufetiunssuivesywd A 4.9

A15199 4.9 AredradnsannsAuAuIUAINAlIeTeAUAUNINTUIEAIIUNLNY

WIANINVDITUN NTHTUNTUSTEIUA UG NABS AT IR YINUN 1

i

1) the dog wagged its tail ha

ppily
B M S —_'
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A13197 4.9 g KainEIINNITANAUTUANAIETeANAUNI BT UIEAUNLNY

Wenaunmvasgunnisiunsussiiiuaugnaedaeide gy (o)

2) She experienced a profound sense of joy as she held her newborn baby in her

arms

300) family gathers to celebrate cultural traditions with love and joy

- r ‘ - - — _
| R ¢ { x iy & - e €7 Ca
D) R 4 : = g . b &
e Sae) ) T | Il 7 P : 43
] ' U ! ¥
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91919799 4.9 wadnEanmsRuAUTUAMFetenLAumMTieduY
ANuvIEL UMUK U SUsTIuAmgndRsTngiTeavia) wud1 A1aan
wiiudail 3 Suduannguiidervigsiunenianesuazinalulad ngufidervigy
funsAuAuasauma uaznguildvhliegluszfuiiuin Aademindu 0833, 0.883
way 0.773 muddiu fans1edl 4.10 Sunansisfuuuiivszansnwnsdudusunmeglu

nauid wazegluserungausulunsauausuamiBeuvaneannsiniumiuulaseg

]
= = =%

Usvamileudedniignine uaianii Lﬁa'«j’wLLuﬂUizmm%’agagUmwL%amwwmamﬂmi
Foudarudiudsevinsguanivdennuiiegludnvurdennuawisssuwd unudlas
Sruinglinaaiidrinedegiuvdowatuiy fufudeduuulifumsiinduaindenin
fadsglen awdwaliduuuansniSouddeing 9 Wuntu uagsanunsadunzuuuy
AdNTUSUegsEnIgUnmiuterumensituimenues nelddeninunumly

sULUUNMWsTIHTIRNEalesiuANIIngasFUANUUTREEan Ll nsalueinw

l:l a a a ¥ A 1% 124 b4 d‘ a
M19199 4.10 Nﬁﬂ’]iﬂi%LMUUi%ﬂVIﬁﬂ"IWﬂ’]iﬂUﬂUEUﬂ’]WG]']EJGUEJFYJ’]MV’]UVF’WI@ﬁUWEJ

ANHUVINYLTIAUNNYBIFUAMIAETWUNINNGUHLTEI U8y

Jfleavy | 1) nqudiderviadiu [2) ndudideavigdiu|3) nguildnaly
ABUNILABIUAL |  NITAUAUAITAUWA
walulad
N15UTEIIU c ) ) v c g
-} > >
Usdvdom |58 | = | 3 | @ | = | a~[ 3 | = | B
- DEARRBEEPEN
nsAuAuIUAW | & 2 n = g - S 9 n
= | k@3 0.833 | 0.595 | 0.707 | 0.883 | 0.613 | 0.714 | 0.7/3 | 0.601 | 0.676
(e
aE
Vé k@5 0.840 | 0.712 | 0.801 | 0.864 | 0.711 | 0.790 | 0.772 | 0.712 | 0.741
=
= k@10 0.818 | 0.848 | 0.857 | 0.850 | 0.847 | 0.856 | 0.788 | 0.794 | 0.791
=Y
T
= k@15 0.788 | 0.895 | 0.876 | 0.813 | 0.892 | 0.877 | 0.811 | 0.907 | 0.856
=
@ k@20 0.762 | 1.000 | 0.926 | 0.787 | 1.000 | 0.922 | 0.764 | 1.000 | 0.866
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=Y

dieiasanluseaziden wud1 nsAuALFUNIIIAIUNINELT L]

v oa 1

AATugniesegluseduR uduunnsyiugeiiiuuusssudueiniiosusuifiunaifissgnies
violigndeasindu dedunisutarnumnedadulunuvdnnisiuviveayudiinan
Uszaumsaliierudifnveusiazyana fansnadt 4.11 fegramadnsnisauruguniweie
YOAUAUYT “she experienced a profound sense of joy as she held her newborn baby

in her arms” 91131 5 SUAM

M13199 4.11 M9E1NaN15UTIUANUYNABIVDIHATNENITAUAUTUNNAIEUUIARTE AU

lnerideIuay
o w Y A
mﬂumsﬂuﬂugﬂmw
. she,
Q9 | her newborn
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ol O | baby
9
S 8 held
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g | 2
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5 <
5 in her arms
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NN]
she
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é‘,— £ | experienced
c o a profound
o w
o
Y sense of joy
© [
B e
(%)
a | o
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L

= 3 Y a L A g ]
31NA157199 4.11 wnuledn wuafinsedugemiduuiusssuly
mMsUszfiupugndestuluedfun1sinumnenurannissuivesyed suasiuldann
sua 1 89 5 gulunmudgeanndunisnliludenwuuidu uileUsziliunudnvus

Weaumaeiy wudr suand 5 duligneies iWesanniuniniindgeanidunisntily

(%

FOUUUNTUAAMAY UANA1991nBN 4 JUAmAmReNUTINgAwvgsaBnazdumsnlily
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douwau aziuladinisadnaudnvarsunimmuiwifavesaaidnenssy ViT a1nn1s
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Wiguiiguauduiusseninsnadiiemuwianifenuanyaglun1smauduiusiu
Ui Jddnsnenslunisduinuinninisainaudnvazvessuamiiazunndg

= ' a < a [ L = ¢ Y o a a !
NIRNRIIMN213P) @Sﬂﬂliﬂ@ miaﬂmmaﬂwmwaqgﬂmwmzLmeszjuummﬂisawﬁmwgmﬂm

'
¥ aa o

mnvinuuwgateyaniiviuiuliuintn lunenduiuandeenssy ViT aglinnuuiugng

Y

ninyateyaidnuiuninwe (Liu, Sun and Zhou, 2022)

4.2.2 uan15UsiuUsEANSAINNIIAUANIUNNAIT A INAUNNBA8 1IN TIR
AangtaeuuulviaziuuAI8A1 NDCG 7 k Sudu
N19USEULTBURAaAUANFUNINTENIIMILUY CLIP anAddunsAuAusUAImN

MIEAIUU CLIP NE1UNISUSUAILINLN AAUAANINLINADUNITYINUAIANTIN 4.12

M15199 4.12 MSUTHUMEUANNIIARBNTENINNTAUALTUANAEAILUY CLIP Aufiuiiy

nsAuAugUANAEiILUY CLIP Miun1susuadmiin

¥
= o

AU CLIP AgLAN

A9LUU CLIP 96U

ANNNIAUA
n1sUSUATUININ
image_path image path image _path

captions_path

captions_path

captions_path

device

torch.device(“cuda” if

torch.cuda.is_available()

torch.device(“cuda” if

torch.cuda.is_available()

else “cpu”) else “cpu”)
model name resnet50 vit-b/32
image_embedding 2048 2048
text_encoder_model GPT-2 distilbert-base-uncased
text_embedding 768 768
text_tokenizer GPT-2 distilbert-base-uncased
max_length 200 200
temperature 1 1
Image_size 224 384
num_projection_layers 1 1
projection_dim 256 512
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N5ANEELETIN15IUS U BUTENINARILUY CLIP AaLfiuuasfuuudinu
nMsU§uUss TneflanuuansirsiumsineivatsUssmsidwareUssAnsnmuesnisila
foya uaznsdugnimiuteanuetraiifed iy wildumnudsuwlamanielassainawes
Fadrsianmuazdenay Tnesauuy CLIP duiuld ResNet-50 dmfunisidnsstanin
uay GPT-2 dmidumsithaiatenny Tuvaediduuuilddunsuiulsadeuldld viT-s/32
way DistilBERT auadu w¥eusisld Tokenizer fiaonndasiu uonaindl vurnvesnInd
1¢@5un1sUSuan 224 * 224 Rnwa U 384 * 384 finwwa Wielinauainsalunisdu
sreavBondaiiui Tnaannzdleldsudulassine VT fsuvsnmifuunadifieUssanana

=

YULLAYINU VUIAVD Projection dimension Tainduann 256 WWu 512 iileveny

[
=

AUATUITOIUNITHEN YL LAZIUANUFUNUSITIA NV N NLaLTaAIulAREITU
wagmnuAAT Temperature Tun1sATUINAIINAG I8ATITOIINABSIINAUTUT Y@ IR L UL
=~ v ~ ~ U ea & ) A a v )
WalrnsiSeusunadnsianudusssukazaiunsainuseans nnwlasg1guaiugn
wilupansaesazlilassasisiugiuiediu uinisusuaiminililuead
ANNNAINITO I UNNSLSIUSTIUALLDUALTIEALLUNINNILLNEAIUINTY LU AAN ALY

Y 9

uaUsgmstunmiduiusivgateyainlu vien1sanaunatanieulun1sdudiinnes

[

AUANYETUNMLATAMEN Bz UaAUAUNLTIAININElaRATY (Radford et al., 2021)
denalinudnyuziladaiuagidoaiarugnuezainuaisladdulunisAuausunin
ag1alsfny TunariunsuSusssndsuinanisinuseansainetanandimiuiisaiy
WasuwUaafisnaniies uinaiusafianulaindwuuieunisusuadiminetadidnenin
1 | Y Y- v d‘ o N !
gandltuiives MsFuanuduiusianziu Ingemeiodiludssgnaldluauiunndin
IaunsEnAsANYaIHIwUY CLIP Aiunsinduasmiilunsauauguam TR

ATUVNNY BeFuUALAseR i TeYa g U Ie
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WIIYANLADANTVBATIUAUNTINUATAITULNULIN 5 AMNUGINER WoaUTsiluNg

¥

AunIevesgUanlundazsien1suuyadeya Flickr30k Aagd1 NDCGak lngiiviun
= 9] I I3 Y] % ) ° I & i = [
AZLUUAMUIALTBATUNMU 5 S2aU UTenaumgilavdnuiuan Adla 0 89 4 laun
O wnefls  lifeuierdeuas (Non-relevant item)
= a A v 1 .

WUIYOY  UANUNYIVBIUBY (Relevant item)

wneds  danuieadesldiunas (Medium relevant item)

nuneds  dAuAeaUesun (High relevant item)

O wneis  Henwieadewiniign (Very high relevant item)
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HAN1FAUANTUANAREFIMUY CLIP faduiun1sAuAuguaInaefkuy CLIP

'
a0

Mrunsusuadmin ndeaudunimedesunmuazvinavy ludnwazthemiures
SUAN TaAUAUMEY 9 LRgITuLLIAATEAUaIURIUN N kazdaniuAuniasune

ANIMINEdguAInTassUnnReulrag 100 518N TINNSEY 300 518015 A5 4.13

o ) I o & P Y o S a o YA Y
M1919N 4.13 @'JE]?J'NNaaWﬁﬂquUngﬂﬂ'}Wﬂ?ﬂmqLLUU CLIP @QLﬂNﬂUﬂqiﬂUﬂugﬂﬂq‘WﬂfJﬂ

AUy CLIP Misunisusuendmidn vuyadaya Flickr30k

1) YemnuAumedesuninuwasmanany ludnyazthemiuresguam

1.1) photo of a dog

fuU CLIP

AP

fuU CLIP
PUSuAN

1YINRUA

1.2) photo of a guitar

fuU CLIP

AP

AUy CLIP
PUSuAN

1YINRUA

fuU CLIP

AP

AUy CLIP
PUSuAN

1IRUA
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a o | v & v oA o Y S a W [y o
MN1919N 4.13 G]'J'EJE‘JWQNaaWﬁﬂqiﬂUﬂuzﬂﬂqWQQS(‘ﬂflLLUU CLIP ﬂﬂLﬂﬂJﬂUﬂqsﬂUﬂugﬂﬂqWQQS

MUy CLIP Misunisusuanimiin uuyateya Flickr30k (si9)

2) FoAuAuMmEY 9 NedfukAnTEAUEIveIgUAn

2.1) the dog running on a grass

fuU CLIP

AaLAL

AUy CLIP
nUSuAN

1IN

fuU CLIP

AaLAL

AUy CLIP
AUSuAN

1IN

2.100) a boy jumpin

g in the skateboard

AuU CLIP

AaLAL

AUy CLIP
AUSuAN

1IN
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a o | v & [y o Y S a W [y o
MN1919N 4.13 G]’J’EJEJqﬂNaaWﬁﬂqiﬂUﬂugﬂﬂqWQQSfﬂflLL'UU CLIP ﬂﬂLﬂﬂJﬂ‘UﬂqsﬂUﬂugﬂﬂqWQQH

MUy CLIP Misunisusuanimiin uuyateya Flickr30k (si9)

3) ToANUAUMITNOTUIEANUVINYTANUAMYBIFUAN

3.1) feel alone in the city
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91NAN5197 4.13 HansUsEIiuA NDCGek veanadnsnsAufuguamidsy
1,3 uay 5 nuddu Wsuileuseninisdufugunimdaesauuy CLIP safufunisdufu
sunmdRefLuy CLIP fiknunsuiuddimiin deduiiunisadafuagiinisussdiudnads
ATU 3 50U LlelsiruAmaIedeuanasausglustAuNseNsuls WewinanisUseidiuam

ANRAY AIASIN 4.14

M13199 4.14 A1 NDCG YeInSAUANEIAUT 1, 3 kag 5 5enianNsAuAuTUAINAIAILUY

CLIP paidnfiunisAuausunmenesiuy CLIP iiunisuSuaimiin

wouly NsAUAUIUAAIEFILUY NsALAUIUATWATEFILUY
NNIAUM CLIP aLfx CLIP #isirun1susuanimiin

NDCG@1 | NDCG@3 | NDCG@5 |NDCG@1 | NDCG@3 | NDCG@5

1) YAMUAURN 0.863 0.899 0.902 0.900 0.902 0.928
é’aa?}agﬂmw
waznuaavy Tu
anwauzteninu

Y9IgUN N

2) JDAUAUNN 0.808 0.885 0.890 0.885 0.887 0.903
Fedu 0
fgatunuain

FTAUFIVDY

3) %’amwﬁumﬁ 0.545 0.562 0.563 0.760 0.761 0.791
23UIYAUNNY
LF9IAINTNVDY

sUNIN
Y

= a v & [ = = i
AMNHI1N 4.14 Nﬁﬂ']iﬂﬁ%LNUNaaWﬁﬂqﬁﬂu@uz‘Uﬂq‘W W ULNEUTENIG

N13AUAUIUAMNATMILUY CLIP dafiuiun1sAuAuguAmalgfiiiuy CLIP Aiiun1susy

Adnidn n1ele 3 [Weuly Ao 1) Yeanuusseegunnludnyuztiemiuvesunn
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2) %’ammmsmagﬂmmﬁ'mﬁ’uLLmﬁmzé’U@waqgﬂmw way 3) TonuUITEIEgUAm
fleBungrnuminedanuninvesguam WeRinsanlumeazidon wui
Duan1sAuAuguaIndiedenuAunifisdoguainuasnuinny
Tudnwagthefduveagunim wudn A1 NDCG Aid1du 1, 3 uag 5 MnsAUALIUAMEIL
FAUUU CLIP §aLfu Lvinf 0.863, 0.899 wag 0.902 AIUAIAU LULANAIIAUNINTA
Fuen NDCG 7id1du 1, 3 wae 5 PINMIAUAUFUN MmUY CLIP FeunsUSuATmn
Wiy 0.900, 0.902 ua 0.928 My Anduifistusesay 4.29, 0.33 uay 2.88 Aud1dy
wansfisnsimundoniudum dsnasgiandenadnsannsiudugunim esanmn
fvuaifiostenata 19y “daisy” nadnsainnisauduayliganntn wimnfinudunues
fs1iana 1y “daisy flower” nadwgaInNNTAURURZRT LSy 9 wagmnfuaLluy

“photo of a daisy flower” agliNaaWsIINNITAUAUGIMNER T1021B8ARINNTIN 4.15

] o | = ~ v ¢ % v °
A15719 4.15 AI9819NaNISIUIIUNYUNEANTINNYDANUAUMIANUIU 5 E'Uﬂ']w

v 1'%
VBAIMNUAURN

daisy | fauuu CLIP

LUUNILAY
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UNINAI8TaAUAUNIAY 9 WREINULUIAATEAUZIVDS

5UNIN Wud1 A1 NDCG 761U 1, 3 wag 5 NN1TAUANTUAINAIEAILUY CLIP AdLf

WinAU 0.808, 0.885 WAy 0.890 A1uE1dU TuvazfiAn NDCG fidnsu 1, 3 uwag 5 91013

AUAUFUNMAIBAILUY CLIP AikunisusuAniivgn duiinudu 0.885, 0.887 wag 0.903

ANa1eU AcLduliinTuSesar 9.52,0.23 way 1.46 a1ua1su wansdsuszansainly

N135974uNIMg (Recognizing common objects) kavtaaauseaninmusiavegluaniunisal

nin1sdudwiuinglugunin aaenaun1sduunsIeazldeniBedn (Fine-grained

classification) 613011571971 4.16 19 aneugaty aeiugnenlyd vsedresaeus [Wudu

A15199 4.16 H2987190ANSUSUMIBUNAANSINNVDANUAUNILUUIILUNT I ALLDUALTIAN

Search Query

@1

@2

@3

@4

@5

photo of a dog

fLuU CLIP

LUUALAY

AU CLIP

d’ 1 s 1 ’D’ L4
NHNIUNITUTUATUINUN

photo of two dog

fauuu CLIP

LUUASLAL

AqLuU CLIP

dl 1 o 3 ’D’ s
NHIUNITUTUATUINLUN

photo of a Siberian

fauuu CLIP

LUUAILAL

AU CLIP

ﬂl L} o 3 ’0’ L
NNUN1ITUTUAIUIKUN
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Y A

3) HAN1IAUANFUNINAIETDAIUAUMITOTUIEAIUNUELTIAMNNTNUD

Y

5UAIW WUd1 A7 NDCG 610U 1, 3 wag 5 NNITAUANTUAINAIEAILUY CLIP ALf

WU 0.545. 0.562 WAy 0.563 A1ua1dy luvazfian NDCG fidndu 1, 3 uwag 5 99013

De

UAUFUAMNAREAILUY CLIP lunisusuainin wiindudu 0.760, 0.761 uag 0.791
auansu lnsAnduiindudesas 39.45, 35.41 wag 40.50 UATSULINANTSUSELTIUITY

a I

wAUNINTFIY kazegluseaufioausuld WANaansaINNITAUANTUNINTIAUNLETY

[
Y

Fafiaududau (Complex) waziinauduuiusssy (Abstract) 1ruiieades fad
N13WUaAUNLEAIUNENNITTUTVeMYEE (Human perception) AgUssaun1sainge
ANNSANIINNTFHUSVRILAaT UARSI AN Y

a) nsfuRugUamdudslidaldddannldenutudoaudunly
sUUsgleaUfias 1Wu vindennuussenegunimae “photo without a cat” 38 “a picture
containing no cat” KadnEN1ALALFUAMAIEF MUY CLIP fufu saufsnnsdufuzunin
Frefauuy CLIP finunisusuadmiinagliannsaduduguniniigndedld Tasiogs

HANSWIB LB UNAENSAINTRANUAUMIRUUULES AI9599 4.17

A1319% 4.17 081 HANTUTEUTIBUNEANTIINTAMLAUNIMUUUSES

Search Query @1 @2 @3 @4 @5

photo without a cat

fLuu CLIP

LUUAGLAL

ALuU CLIP

NeiUNIsUSUANLINLN

14 a

S uanisaufudvUssiangyainiilaiegluyndoyatiouiatand

Y Y

€

L4

(Pre-training dataset) Ll9U AIMUIIAT AINIIA UTOAINAITAULYU NITAUAUTUAINAE

Y Y

'
v o

AIkUU CLIP aufinaglvinadnsainnisauaugunmazaeud1asii (Poor generalization)

wasidululuiiamafeaiunisdufugunmeiesauuu CLIP ilunisusuanimnn
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2) wogan1susrananatenduAumNgLdlusUhuuatwsssuinislunan1wl
DistilBERT figniindudasmihsnuiuusslimnzandmiudhsiatonufumawsssund
TusUuuunwdsnguangld eaadunnnesnudnuazdonnudum vuin 768 14y
n1sAuALUNINselY 3) uagani1sdudnnmesAmanwuEIUMNLAZIINIRBSAMEN YL
Fornudumuuiiuiinistmatssuuuifiowanfunnmessun 256 wasthunUisudioy
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5.1.2 asunani1suseiliudseinsainnisAufusuainadnaideninunang
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Precision@k of image retrieval model

1000
20.0
80.0
70.0
60.0
30.0
400
30.0
200

10.0

00

£

(=
(=]
ﬁ,u
=
=

3 duAY 5 dudu 10 8uAy 15 dudu

B query by global labels
[ query by high level concepts of the images
query by qualitative semantic concepts of the image

o oA

JUN 5.1 UsgdvinmnisauAugunmeava eriaduuiugn k susu

WINAU 3, 5, 10, 15 kag 20 AUa1nu

1NFUN 5.1 AAINLUITUaNALTeY 9 WUSHUAUTIUIUHAENS
nIsAuANgUAMTLLNTY daguil 5.1 waasliiulisdeaiunegluguwuuvesieiiy
MwsssuyIAtuieTnduwuifnszaugs delulszaunisalvasudasynaaddnali

n1sUszdiutduuanaeiuaunannisiuizesuyed od19lshf nan1suszifiuuszansam

]
a av A o

nsAuALFUNMAIEAIANILINE g IENNAgIuNTITRivual inTeuay 80

5.1.2.2 a3Unan1sUsziindsednSamnIsAuALIUNMAIEAIAINATUNIY

v v LY =

1 k dudu dunansfauszansaimvesnisauausuamlaggandnsidiudiuiuguain

' '
= L4 =

NgnaesiifenuidedulIuglamiignassninuaiegluyateya wanifauuuingss

Y

fanuausalun1ssgunmiinegites wudn Han1suseiiulseansamnisAuAusUAW

AILAIANNATUNIUILADY 9 INNTVUAUTIUIUNARNSTLNLNINTY Larazidnlng 1 untu

v A

Wodnuiunaansiviadu 10 wag 15 d1du anelddeulvdannudumaisdoguainuias

wnanyludnuarthemivresgunineglusedud Anduiosas 81.8 waz 86.7 muanu
wazmeldideulatorudumdy q enfuunfnssiugaessunmiulidanuasuduey
Tusgdvfiduiu Anduievay 81.3 uay 86.2 muawiu Wulvlufiamadestuiudeninu
Aumiledureanumsneideganinvesgunmieglussiud Anduiesas 802 uag 83.6

AUAINU



129

Recall @k of image retrieval model
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(A)

two women walking down a street, hugging each other, enjoying the

moment together.

(B)

two women walking arm in arm, enjoying each other's company.

(@

two women walking down a street, hugging each other, enjoying the

moment.

two women walking down a street, holding hands and smiling, enjoying

each other's company.

two women walking down the street, holding hands and sharing a love

that transcends time.

a woman sits on the ground playing with a cat.

a woman sitting on a brick walkway playing with a cat.

a woman sitting on a brick street, petting a cat.

a woman sitting on the ground petting a cat, surrounded by potted plants

and a handbag.

a woman sitting on the ground playing with a cat.

the little girl is so adorable as she prays in front of the lit candle.

a young girl praying in front of a lit candle.

the little girl's eyes are closed as she blows out the candles on her

birthday cake.

a beautiful birthday cake with lit candles, ready to be blown out by a
little girl.

a young girl praying in front of a lit candle, and the girl is making a wish.

the man is in a meditative state on the wooden platform.

the man is in a peaceful and contemplative state of mind as he sits on

the wooden floor, kneeling on a green rug.

(@)

a man praying on a wooden deck with a green rug.

(D)

the man is in a peaceful and contemplative state of mind while kneeling

on a rug.

B

a man in a white shirt and black pants is kneeling on a green rug, praying

on a deck.
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Aunan (Fear)
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(A)

the boy's face is covered in makeup, giving him a scary appearance.

(B

the boy's face is smeared with fake blood, making him look scared.

(@

he is sitting on the ground, holding a hot dog, which adds to the eerie

atmosphere of the scene.

he appears to be enjoying the thrill of being scary and possibly

participating in a halloween event or a costume party.

the boy is feeling a sense of excitement or playfulness as he is dressed up

as a zombie and eating a hot dog.

the two apples are screaming.

a pair of apples with faces drawn on them, one with a screaming face and

the other with a smiling face.

the apple with the knife stuck in it has a scared face.

the apple's face is being sliced, and it's not happy about it.

the image of the two apples with faces drawn on them and a knife sticking

out of one of them evokes a sense of shock or surprise.

the woman is amazed by the taste of her food.

the woman is surprised or shocked by something she has just seen or

heard.

the woman is laughing at something.

the woman is shocked by something she sees or hears.

the woman is covering her mouth with her hand, possibly expressing

disapproval or shock at something she has seen or heard.

the two women are amazed at the large amount of food in front of them.

the two women are surprised to see a man in the background.

the two women are enjoying a meal together, with one of them smiling
as she eats. they are surrounded by various bowls of food, including a

large bowl of meat.

(D)

the two women are eating meat, but they should be eating more

vegetables for a healthier diet.

B

two women sitting at a table, enjoying a meal together and laughing.
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AMULAST (Sadness)

(Disgust)
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(A)  the woman is crying.

(B) awoman lying on a couch, feeling sad and lonely.

(O agirl with a broken heart laying on a couch.

(D) the woman is feeling sad or lonely while laying on the couch.

(E)  the woman is feeling a sense of frustration or disappointment as she lays
on the couch with her mouth open.

(A)  a small wooden figure sits next to a remote control, looking sad.

(B)  the two wooden figures sitting on the couch, one of them holding a
remote, appear to be sad.

(O a small wooden figure sits next to a remote control, seemingly lonely and
longing for companionship.

(D) a small wooden figure sitting next to a remote control.

(E)  (a small wooden figure is sitting on a couch next to a remote control. the
figure appears to be looking at the remote with a sense of curiosity or
longing, as if it wishes to control the television.

(A)  awoman in a red sweater looks at a plate of food with disgust.

(B) awoman is disgusted by the dessert on the table.

(O awoman in a red sweater is bored at the table with a plate of food.

(D) awoman sitting at a table with a plate of food in front of her, looking at
the food with a frown on her face.

(E)  awoman in a red sweater is about to eat a dessert.

(A)  aman is eating a piece of food that looks like a muscle man. he is making
a face and appears to be loathing the food.

(B)  aman is making a disgusted face while holding a piece of food on a
toothpick.

(©)  aman is bored eating chopsticks.

(D)

the man looks sad as he eats a piece of food shaped like a man.

B

the man is eating a piece of food that looks like a man.
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(A)  adog is growling at another dog while laying on the floor.

(B)  the angry dog is about to bite the smaller dog.

(Q)  the dog is yawning and the other dog is trying to bite him.

(D) awhite dog with its mouth open and a brown dog underneath it.

(E)  a large white dog is growling at a small brown dog, showing its teeth and
aggressive behavior.

(A)  amanis yelling and jumping in the air while surrounded by people.

(B)  the man is yelling with his arms raised, showing his anger.

(O aman yelling with his arms up in the air, annoying everyone around him.

(D) aman is being lifted up by his friends while he is yelling.

(E)  aman is being lifted off the ground by a group of people, and he is yelling
with his mouth open.

(A)  a group of friends are sitting around a table with a dog and a bottle of
beer.

(B)  the group of friends is eagerly waiting for the man to finish his beer so they
can continue playing the wii.

(O agroup of friends enjoying a night in, playing video games and drinking
beer.

(D) the group of friends is enjoying a fun and lighthearted moment together.

(E)  a group of friends sitting around a table, sharing laughter and camaraderie
while playing video games and drinking beer.

(A)  abaseball player in a red hat and uniform is walking across the field,
holding a baseball glove.

(B)  abaseball player is walking across the field, holding a baseball glove, as he
anticipates the next play in the game.

(C)  abaseball player in a red and white uniform walks across the field.

(D)

the baseball player is walking on the field with a smile on his face,

showing his optimism and determination to perform well in the game.

(=)

a baseball player in a red cap and white uniform is walking across the field.
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= (A)  two women walking down a street, hugging each other, enjoying the 0.2467 |Z[ |Zl
moment together.
(B) two women walking arm in arm, enjoying each other's company. 0.1262 |Zl
il .
- -(C)  two women walking down a street, hugging each other, enjoying the 0.2418 |Z[ |Z[
. moment.
Domain:
(D)  two women walking down a street, holding hands and smiling, enjoying 0.2166 |Zl
Joy each other's company.
(E)  two women walking down the street, holding hands and sharing a love 0.1687
that transcends time.
a woman sits on the ground playing with a cat. 0.5106 |Zl IZ[ |Zl
a woman sitting on a brick walkway playing with a cat. 0.0219 |Z[
a woman sitting on a brick street, petting a cat. 0.0512 |Z[
a woman sitting on the ground petting a cat, surrounded by potted 0.3103
plants and a handbag.
a woman sitting on the ground playing with a cat. 0.1059 |ZI
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the little girl is so adorable as she prays in front of the lit candle. 0.2175
a young girl praying in front of a lit candle. 0.2506 |Zl |Z[
the little girl's eyes are closed as she blows out the candles on her 0.1860 |Z[ |ZI
" birthday cake.
Domain: a beautiful birthday cake with lit candles, ready to be blown out by 0.1946 |ZI
Trust a little girl.
a young girl praying in front of a lit candle, and the girl is making a 0.1513 M
wish.
the man is in a meditative state on the wooden platform. 0.2603 |Zl
the man is in a peaceful and contemplative state of mind as he sits 0.0028 IZ[
on the wooden floor, kneeling on a green rug.
a man praying on a wooden deck with a green rug. 0.1688 |Zl |Zl |Z[
Domain: (D)  the manis in a peaceful and contemplative state of mind while 0.3699
Trust kneeling on a rug.
(E)  aman in a white shirt and black pants is kneeling on a green rug, 0.1982 M

praying on a deck.
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wenal 3 | 4 7| 8 10
(A)  the boy's face is covered in makeup, giving him a scary appearance. 0.0508
(B)  the boy's face is smeared with fake blood, making him look scared. 0.8423 |Z[ |Z[
() heis sitting on the ground, holding a hot dog, which adds to the 0.0046 |Z[ |ZI
eerie atmosphere of the scene.
Domain: (D) he appears to be enjoying the thrill of being scary and possibly 0.0051 |ZI
Fear participating in a halloween event or a costume party.
(E)  the boy is feeling a sense of excitement or playfulness as he is 0.0972
dressed up as a zombie and eating a hot dog.
(A)  the two apples are screaming. 0.0016 |Zl
(B)  a pair of apples with faces drawn on them, one with a screaming 0.2540 |Zl IZ[
face and the other with a smiling face.
(O)  the apple with the knife stuck in it has a scared face. 0.0020 |Zl |Zl
Domain: (D)  the apple's face is being sliced, and it's not happy about it. 0.0055
Fear (E)  the image of the two apples with faces drawn on them and a knife
0.7369

sticking out of one of them evokes a sense of shock or surprise.
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laughing.

o a Y o
ﬂ’]‘UiiEﬂElg‘lJﬂ'lW WNaN13 Nﬁﬂ’]iﬂi&&ﬂ%’]ﬂﬁdﬁlﬂ’)ﬂ’]i}]}
weInsal 3 | a5 | 6| 7|8 10
the woman is amazed by the taste of her food. 0.0234 |Z[
the woman is surprised or shocked by something she has just seen 0.3369 |Z[ |Zl |Z[
or heard.
the woman is laughing at something. 0.0233 IZ[
Domain: (D) the woman is shocked by something she sees or hears. 0.0621 |Z[ |Z[
Surprise (E)  the woman is covering her mouth with her hand, possibly expressing | () 5542
disapproval or shock at something she has seen or heard.
the two women are amazed at the large amount of food in front of 0.0338 |Z[ |Z[ |Zl |Z[
them.
the two women are surprised to see a man in the background. 0.0011 |Z[ |Zl
the two women are enjoying a meal together, with one of them 0.4959
. smiling as she eats. they are surrounded by various bowls of food,
Domain:
including a large bowl of meat.
Surprlse (D) the two women are eating meat, but they should be eating more 0.0007 |Zl
vegetables for a healthier diet.
(E)  two women sitting at a table, enjoying a meal together and 0.4685
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o a Y o
ﬂ']‘UiiEﬂElgUﬂ'l‘W WNaN13 Nﬁﬂ’]iU‘JSLﬁJUQWﬂQL%H’)“lﬂi}‘J’
wensal 3 |a |5 |6 | 7|8 10
the woman is crying. 0.0124 |Z[
a woman lying on a couch, feeling sad and lonely. 0.4753 |Zl |Z[
a girl with a broken heart laying on a couch. 0.0078
the woman is feeling sad or lonely while laying on the couch. 0.0650 |Z[ |Z[
Domain:
the woman is feeling a sense of frustration or disappointment as 0.4394 |Z[ |Zl
Sadness she lays on the couch with her mouth open.
a small wooden figure sits next to a remote control, looking sad. 0.7742 |Z[ |Z[
the two wooden figures sitting on the couch, one of them holding a 0.0238 |Zl M |Zl |Zl
remote, appear to be sad.
a small wooden figure sits next to a remote control, seemingly 0.0896
Domain: lonely and longing for companionship.
(D)  a small wooden figure sitting next to a remote control. 0.0372
Sadness
(E)  a small wooden figure is sitting on a couch next to a remote 0.0752 |Zl

control. the figure appears to be looking at the remote with a sense

of curiosity or longing, as if it wishes to control the television.
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Domain:

disgust

Domain:

disgust

f’EI"I‘UiiEJ’]EIEUﬂ'IW WNaN13 Nﬁﬂﬂiﬂimﬁu‘iﬂﬂéﬁﬂ’)ﬂﬂ%
weInsal 3 | 4| s 7| s 10
a woman in a red sweater looks at a plate of food with disgust. 0.7537 |Z[ |Z[
a woman is disgusted by the dessert on the table. 0.1362
a woman in a red sweater is bored at the table with a plate of 0.0682 |ZI
food.
a woman sitting at a table with a plate of food in front of her, 0.0291 |Z[ |Z[
looking at the food with a frown on her face.
a woman in a red sweater is about to eat a dessert. 0.0129 |Zl
a man is eating a piece of food that looks like a muscle man. he is 0.0887 |Z[ |Z[
making a face and appears to be loathing the food.
a man is making a disgusted face while holding a piece of food on a 0.3700 IZ[ IZ[
toothpick.
a man is bored eating chopsticks. 0.4718
(D)  the man looks sad as he eats a piece of food shaped like a man. 0.0658 |Z[
(E)  the man is eating a piece of food that looks like a man. 0.0036 |Zl
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wensal 3 | 4 6 | 7| s 10
a dog is growling at another dog while laying on the floor. 0.0018
the angry dog is about to bite the smaller dog. 0.0295 |Z[ |Z[ |Z[
the dog is yawning and the other dog is trying to bite him. 0.0219 |ZI
a white dog with its mouth open and a brown dog underneath it. 0.1144 |Z[ |Zl
a large white dog is growling at a small brown dog, showing its 0.8323
teeth and aggressive behavior.
a man is yelling and jumping in the air while surrounded by people. 0.0403 |Z[ |ZI |ZI
the man is yelling with his arms raised, showing his anger. 0.5550
a man yelling with his arms up in the air, annoying everyone around 0.2096 |Zl |Zl
him.
Domain: (D)  aman is being lifted up by his friends while he is yelling. 0.1794 |Zl
Anger (B)  aman is being lifted off the ground by a group of people, and he is 0.0157 M

yelling with his mouth open.
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wonsed | 1 | 2 | 3| a | 5| 6 | 7| 8| 9| 10

(A)  a group of friends are sitting around a table with a dog and a bottle 0.0022 |Z[ M
of beer.
(B)  the group of friends is eagerly waiting for the man to finish his beer so| () 2843 |Z[ |Z[ M
they can continue playing the wii.
(O)  a group of friends enjoying a night in, playing video games and 0.0990 |Zl |Z[
Domain: drinking beer.
Anticipation | (D) the group of friends is enjoying a fun and lighthearted moment 0.0130 |Z[
together.
(E)  a group of friends sitting around a table, sharing laughter and 0.6015 |Z[ |Z[

camaraderie while playing video games and drinking beer.

o (A)  abaseball player in a red hat and uniform is walking across the 0.3038 |Zl IZ[
' field, holding a baseball glove.
(B)  a baseball player is walking across the field, holding a baseball 0.0718 |Zl |Z[
glove, as he anticipates the next play in the game.
(O)  a baseball player in a red and white uniform walks across the field. 0.3487 |ZI
Domain:
(D) the baseball player is walking on the field with a smile on his face, 0.0007 |Z[ |Z[ M M |Z[
Anticipation showing his optimism and determination to perform well in the
game.
(E)  a baseball player in a red cap and white uniform is walking across 0.2750
the field.

91



ANIANUIN A

A19819N15ATUIUUINUN LASIVI8USLEMNEN LIBNTNUAAIUIALNLSUAULYINAY 2



A15199 A.1 A288719NN5ANUIULNMINTASIINEUSEAMWIEY WEIDMUUAAIEINTENSUAUYINAU 2

Joy

Domain:

Joy

o v
ATUITEETUN N LY y Error oL g Error Update
v Y A
ay ow, at W, W,
(A)  two women walking down a street, hugging each 1 A 0.2467 2.0192 -1.5066 0.1858 -0.0140 0.2070
other, enjoying the moment together. 2 A 0.2467 2.0192 -1.5066 0.1858 -0.0140 0.2070
(B)  two women walking arm in arm, enjoying each other's 3 B 0.1262 29862 1.7476 0.2156 200188 0.2094
company.
] 4 A 0.2467 2.0192 -1.5066 0.1858 -0.0140 0.2070
(@ two women walking down a street, hugging each
5 C 0.2418 -2.0481 -1.5164 0.1870 -0.0142 0.2071
other, enjoying the moment.
(D) two women walking down a street, holding hands 6 c 0.2418 -2.0481 -1.5164 0.1870 -0.0142 0.2071
and smiling, enjoying each other's company. 7 A 0.2467 2.0192 -1.5066 0.1858 -0.0140 0.2070
(E)  two women walking down the street, holding hands 8 D 0.2166 -2.2069 -1.5668 0.1933 -0.0151 0.2076
and sharing a love that transcends time. 9 D 0.2166 -2.2069 -1.5668 0.1933 -0.0151 0.2076
10 A 0.2467 2.0192 -1.5066 0.1858 -0.0140 0.2070
Andasimiiniage 0.2074
a woman sits on the ground playing with a cat. 1 B 0.0219 -5.5116 -1.9562 0.0214 -0.0021 0.2070
a woman sitting on a brick walkway playing with a 2 A 0.5106 0.9697 -0.9788 0.2499 -0.0122 0.2061
cat. 3 A 0.5106 0.9697 -0.9788 0.2499 -0.0122 0.2061
a woman sitting on a brick street, petting a cat.
4 A 0.5106 0.9697 -0.9788 0.2499 -0.0122 0.2061
a woman sitting on the ground petting a cat,
5 B 0.0219 -5.5116 -1.9562 0.0214 -0.0021 0.2010
surrounded by potted plants and a handbas.
(E)  a woman sitting on the ground playing with a cat. 6 c 0.0512 -4.2867 -1.8975 0.0486 -0.0046 0.2023
7 D 0.3103 -1.6884 -1.3794 0.2140 -0.0148 0.2074
8 E 0.1059 -3.2386 -1.7881 0.0947 -0.0085 0.2042
9 B 0.0219 -5.5116 -1.9562 0.0214 -0.0021 0.2010
10 A 0.5106 0.9697 -0.9788 0.2499 -0.0122 0.2061
Adasmtniage 0.2047
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° v o v o &
ATUTIBIFUNN WLYeRYIRyAaen| Y Error i 2 Error | Update
65\/ 0W1 at W, W,
the little girl is so adorable as she prays in front of the lit 1 A 0.2175 2.2008 -1.5650 0.1702 -0.0133 0.2070
candle. 2 A 0.2175 2.2008 -1.5650 0.1702 -0.0133 0.2067
a young gl praying in front of a lit candle. 3 C 01860 | -24269 | -16281 | 01514 | -0.0123 | 02062
the little girl's eyes are closed as she blows out the
4 A 0.2175 2.2008 -1.5650 0.1702 -0.0133 0.2067
candles on her birthday cake.
) ) o 5 E 0.1513 -2.7245 -1.6974 0.1284 -0.0109 0.2054
a beautiful birthday cake with lit candles, ready to be
bl . . 6 C 0.1860 -2.4269 -1.6281 0.1514 -0.0123 0.2062
own out by a little girl.
a young girl praying in front of a lit candle, and the girl is 7 B 0.2506 -1.9967 -1.4988 0.1878 -0.0141 0.2070
making a wish. 8 E 0.1513 -2.7245 -1.6974 0.1284 -0.0109 0.2054
9 B 0.2506 -1.9967 -1.4988 0.1878 -0.0141 0.2070
10 B 0.2506 -1.9967 -1.4988 0.1878 -0.0141 0.2070
At wiiniede 0.2065
the man is in a meditative state on the wooden platform. 1 A 0.2603 1.9419 -1.4794 0.1925 -0.0142 0.2070
the man is in a peaceful and contemplative state of mind 2 B 0.0028 -8.4631 -1.9943% 0.0028 -0.000% 0.2001
as he sits on the wooden floor, kneeling on a green rug. 3 B 0.0028 8.4631 -1.9943 0.0028 20,0003 0.2001
a man praying on a wooden deck with a green rug.
[ D 0.3699 -1.4350 -1.2603 0.2331 -0.0147 0.2073
the man is in a peaceful and contemplative state of mind
) ) 5 A 0.2603 1.9419 -1.4794 0.1925 -0.0142 0.2071
Domain: while kneeling on a rug.
Trust (E)  aman in a white shirt and black pants is kneeling on a 6 ¢ 0.1688 25664 16623 0.1403 0.0117 0.2058
u green rug, praying on a deck. 7 C 0.1688 -2.5664 -1.6623 0.1403 -0.0117 0.2058
8 E 0.1982 -2.3350 -1.6036 0.1589 -0.0127 0.2064
9 A 0.2603 1.9419 -1.4794 0.1925 -0.0142 0.2071
10 B 0.0028 -8.4631 -1.9943 0.0028 -0.0003 0.2001
Andasnuiiniade 0.2047
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° Y o v oA o
ATUTIBIBFUA N WLYeRYIRyAaen| Y Error oL 0z Error Update
65\/ 0W1 at W, W,
the boy's face is covered in makeup, giving him a scary 1 B 0.8423 -0.2476 -0.3154 0.1328 -0.0021 0.2070
appearance. 2 B 0.8423 -0.2476 -0.3154 0.1328 -0.0021 0.2010
the boy's face is smeared with fake blood, making him 3 B 0.8423 0.2476 03154 0.1328 0.0021 0.2010
look scared.
4 C 0.0046 -7.7642 -1.9908 0.0046 -0.0005 0.2002
he is sitting on the ground, holding a hot dog, which
) 5 A 0.0508 4.2990 -1.8984 0.0482 -0.0046 0.2023
Domain: adds to the eerie atmosphere of the scene.
(D) he appears to be enjoying the thrill of being scary and 6 A 0.0508 4.2930 -1.8984 0.0482 -0.0046 0.2023
Fear possibly participating in a halloween event or a 7 c 0.0046 -71.7642 -1.9908 0.0046 -0.0005 0.2002
costume party. 8 D 0.0051 -7.6153 -1.9898 0.0051 -0.0005 0.2003
(E)  the boy is feeling a sense of excitement or playfulness 9 B 0.8423 -0.2476 -0.3154 0.1328 -0.0021 0.2010
as he is dressed up as a zombie and eating a hot dog. 10 B 0.8423 -0.2476 -0.3154 0.1328 -0.0021 0.2010
Andnsimitiniade 0.2016
(A)  the two apples are screaming. 1 A 0.0016 9.2877 -1.9968 0.0016 -0.0002 0.2070
(B) a pair of apples with faces drawn on them, one with a 2 A 0.0016 9.2877 -1.9968 0.0016 -0.0002 0.2001
screaming face and the other 3 B 02500 | -19771 | -1.4920 | 01895 | -0.0141 | 0.2071
(Q)  the apple with the knife stuck in it has a scared face.
q B 0.2540 -1.9771 -1.4920 0.1895 -0.0141 0.2071
(D) the apple's face is being sliced, and it's not happy
) 5 B 0.2540 -1.9771 -1.4920 0.1895 -0.0141 0.2071
about it.
(E) the image of the two apples with faces drawn on them 6 D 0.0055 -7.5064 -1.9890 0.0055 -0.0005 0.2003
and a knife sticking out of one of them evokes a sense 7 c 0.0020 -8.9658 -1.9960 0.0020 -0.0002 0.2001
of shock or surprise. 8 C 0.0020 -8.9658 -1.9960 0.0020 -0.0002 0.2001
9 B 0.2540 -1.9771 -1.4920 0.1895 -0.0141 0.2071
10 A 0.0016 9.2877 -1.9968 0.0016 -0.0002 0.2001
Adasmtiniage 0.2036
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° v o v o &
ATUTIBIBFUA N WLYeRYIRyAaen| Y Error i 2 Error | Update
65\/ 0W1 at W, W,
(A)  the woman is amazed by the taste of her food. 1 B 0.3369 -1.5696 -1.3262 0.2234 -0.0148 0.2070
(B) the woman is surprised or shocked by something she 2 B 0.3369 -1.5696 -1.3262 0.2234 -0.0148 0.2074
has just seen or heard. 3 B 03369 | -15696 | -13262 | 02238 | -00148 | 02074
(©)  the woman is laughing at something.
4 D 0.0621 -4.0093 -1.8758 0.0582 -0.0055 0.2027
(D) the woman is shocked by something she sees or hears.
) ) ) 5 C 0.0233 -5.4235 -1.9534 0.0228 -0.0022 0.2011
Domain: (E) the woman is covering her mouth with her hand,
: ) o ) 6 D 0.0621 -4.0093 -1.8758 0.0582 -0.0055 0.2027
possibly expressing disapproval or shock at something
Surprlse she has seen or heard. 7 B 0.3369 -1.5696 -1.3262 0.2234 -0.0148 0.2074
8 A 0.0234 5.4173 -1.9532 0.0229 -0.0022 0.2011
9 B 0.3369 -1.5696 -1.3262 0.2234 -0.0148 0.2074
10 B 0.3369 -1.5696 -1.3262 0.2234 -0.0148 0.2074
Adasiminiads 0.2052
the two women are amazed at the large amount of 1 A 0.0338 4.8855 -1.9323 0.0327 -0.0032 0.2070
food in front of them. 2 B 0.0011 98319 | -1.9978 0.0011 -0.0001 0.2001
the two women are surprised to see a man e 3 D 00007 | -105646 | -19987 | 00007 | -0.0001 | 0.2000
background.
4 A 0.0338 4.8855 -1.9323 0.0327 -0.0032 0.2016
the two women are enjoying a meal together, with
- 5 A 0.0338 4.8855 -1.9323 0.0327 -0.0032 0.2016
Domain: one of them smiling as she eats. they are surrounded
by various bowls of food, including a large bowl of 6 B 0.0011 98319 19978 0.0011 -0.0001 0.2001
Surprlse meat. 7 A 0.0338 4.8855 -1.9323 0.0327 -0.0032 0.2016
(D)  the two women are eating meat, but they should be 8 B 0.0011 -9.8319 -1.9978 0.0011 -0.0001 0.2001
eating more vegetables for a healthier diet. 9 C 0.4959 -1.0118 -1.0082 0.2500 -0.0126 0.2063
(E) two women sitting at a table, enjoying a meal together 10 A 0.0338 4.8855 -1.9323 0.0327 -0.0032 0.2016
d laughing. A
and tausning A NUINRUNIREY 0.2020

191



A15199 A.1 f79819N15ANUIMNLN TN ASIINeUSEAMWIEY LDAUAAIUNNENSUAUWINAU 2 (5B)

° v o v o &
ATUTIBIBFUA N WLYeRYIRyAaen| Y Error i 2 Error | Update
6§1 0W1 at W, W,
the woman is crying. 1 B 0.4753 -1.0731 -1.0494 0.2494 -0.0131 0.2070
a woman lying on a couch, feeling sad and lonely. 2 B 0.4753 -1.0731 -1.0494 0.2494 -0.0131 0.2065
a girl with a broken heart laying on a couch. 3 A 0.0124 6.3335 19752 0.0122 20,0012 0.2006
the woman is feeling sad or lonely while laying on the
4 C 0.0078 -7.0023 -1.9844 0.0077 -0.0008 0.2004
couch.
) ) ) 5 C 0.0078 -7.0023 -1.9844 0.0077 -0.0008 0.2004
Domain: (E)  the woman is feeling a sense of frustration or
: di . . 6 D 0.0650 -3.9434 -1.8700 0.0608 -0.0057 0.2028
isappointment as she lays on the couch with her
Sadness mouth open. 7 D 0.0650 -3.9434 -1.8700 0.0608 -0.0057 0.2028
8 B 0.4753 -1.0731 -1.0494 0.2494 -0.0131 0.2065
9 B 0.4753 -1.0731 -1.0494 0.2494 -0.0131 0.2065
10 B 0.4753 -1.0731 -1.0494 0.2494 -0.0131 0.2065
Andasimiiniade 0.2040
a small wooden figure sits next to a remote control, 1 A 0.7742 0.3692 -0.4516 0.1748 -0.0039 0.2070
looking sad. 2 C 0.0896 -3.4804 | -1.8208 0.0816 -0.0074 0.2037
the two wooden figures sitting on the couch, one of 3 B 0.0238 53929 19504 0.0232 0.0023 0.2011
them holding a remote, appear to be sad.
4 B 0.0238 -5.3929 -1.9524 0.0232 -0.0023 0.2011
a small wooden figure sits next to a remote control,
) ) ) ) 5 A 0.7742 0.3692 -0.4516 0.1748 -0.0039 0.2020
seemingly lonely and longing for companionship.
(D) a small wooden figure sitting next to a remote control. 6 A 0.7742 0.3692 -0.4516 0.1748 -0.0039 0.2020
Sadness (E) a small wooden figure is sitting on a couch next to a 7 B 0.0238 -5.3929 -1.9524 0.0232 -0.0023 0.2011
remote control. the figure appears to be looking at the 8 E 0.0752 -3.7331 -1.8496 0.0695 -0.0064 0.2032
remote with a sense of curiosity or longing, as if it 9 B 0.0238 -5.3929 -1.9524 0.0232 -0.0023 0.2011
wishes to control the television. 10 B 0.0238 53929 | -1.9524 0.0232 -0.0023 0.2011
Andasimiiniade 0.2024
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Domain:

Disgust

Domain:

Disgust

° v o v o &
ATUTIBIBFUA N WLYeRYIRyAaen| Y Error i 2 Error | Update
6§1 0W1 at W, W,
a woman in a red sweater looks at a plate of food 1 A 0.7537 0.4079 -0.4926 0.1856 -0.0046 0.2070
with disgust. 2 A 0.7537 0.4079 -0.4926 0.1856 -0.0046 0.2023
a woman is disgusted by the dessert on the table. 3 A 0.7537 0.4079 0.4926 0.1856 20,0046 0.2023
a woman in a red sweater is bored at the table with a
4 D 0.0291 -5.1028 -1.9418 0.0283 -0.0027 0.2014
plate of food.
o ) ) 5 D 0.0291 -5.1028 -1.9418 0.0283 -0.0027 0.2014
(D) awoman sitting at a table with a plate of food in front
of her, looking at the food with a frown on her face. R A 0.7557 0.4079 -0.4926 0.1856 -0.0046 0.2023
(E) a woman in a red sweater is about to eat a dessert. 7 E 0.0129 -6.2765 -1.9742 0.0127 -0.0013 0.2006
8 C 0.0682 -3.8741 -1.8636 0.0635 -0.0059 0.2030
9 A 0.7537 0.4079 -0.4926 0.1856 -0.0046 0.2023
10 A 0.7537 0.4079 -0.4926 0.1856 -0.0046 0.2023
Andasimiiniade 0.2025
a man is eating a piece of food that looks like a 1 B 0.3700 -1.4344 -1.2600 0.2331 -0.0147 0.2070
muscle man. he is making a face and appears to be 2 B 0.3700 -1.4344 -1.2600 0.2331 -0.0147 0.2073
(oathing the food. 3 A 00887 | 34949 | -18226 | 00808 | -0.0074 | 02037
a man is making a disgusted face while holding a piece
4 B 0.3700 -1.4344 -1.2600 0.2331 -0.0147 0.2073
of food on a toothpick.
. . . 5 B 0.3700 -1.4344 -1.2600 0.2331 -0.0147 0.2073
(O amanis bored eating chopsticks.
(D)  the man looks sad as he eats a piece of food shaped 6 B 0.3700 -1.4344 -1.2600 0.2331 -0.0147 0.2073
like a man. 7 E 0.0036 -8.1178 -1.9928 0.0036 -0.0004 0.2002
(E)  the man is eating a piece of food that looks like a 8 D 0.0658 -3.9258 -1.8684 0.0615 -0.0057 0.2029
man. 9 B 0.3700 -1.4344 -1.2600 0.2331 -0.0147 0.2073
10 A 0.0887 3.4949 -1.8226 0.0808 -0.0074 0.2037
At wiiniede 0.2054

691



A15199 A.1 f79819N15ANUIMNLN TN ASIINeUSEAMWIEY LDAUAAIUNNENSUAUWINAU 2 (5B)

° Y o v o &
ATUTIBIBFUA N WLYeRYIRyAaen| Y Error oL 0z Error Update
6§1 0W1 at W, W,
(A)  adogis growling at another dog while laying on the 1 E 0.8323 -0.2648 -0.3354 0.1396 -0.0023 0.2070
floor. 2 B 0.0295 -5.0831 -1.9410 0.0286 -0.0028 0.2014
(8 the angry dog is about to bite the smaller dog. 3 D 0.1144 31278 17712 0.1013 -0.0090 0.2045
(O)  the dog is yawning and the other dog is trying to bite
a B 0.0295 -5.0831 -1.9410 0.0286 -0.0028 0.2014
him.
) o 5 A 0.0018 9.1178 -1.9964 0.0018 -0.0002 0.2001
Domain: (D) a white dog with its mouth open and a brown dog
: . 6 B 0.0295 -5.0831 -1.9410 0.0286 -0.0028 0.2014
underneath it.
Anger (E) a large white dog is growling at a small brown dog, 7 D 0.1144 -3.1278 -17712 0.1013 -0.0090 0.2045
showing its teeth and aggressive behavior. 8 C 0.0219 -5.5129 -1.9562 0.0214 -0.0021 0.2010
9 E 0.8323 -0.2648 -0.3354 0.1396 -0.0023 0.2012
10 B 0.0295 -5.0831 -1.9410 0.0286 -0.0028 0.2014
Andnsimitiniade 0.2024
a man is yelling and jumping in the air while 1 D 0.1794 -2.4787 -1.6412 0.1472 -0.0121 0.2070
surrounded by people. 2 C 0.2096 -2.2543 -1.5808 0.1657 -0.0131 0.2065
(B the man is yelling with his arms raised, showing his 3 C 0.2096 29543 -1.5808 0.1657 0.0131 0.2065
anser. 4 E 00157 | 59931 | -19686 | 00155 | -0.0015 | 0.2008
a man yelling with his arms up in the air, annoying
5 D 0.1794 -2.4787 -1.6412 0.1472 -0.0121 0.2060
everyone around him.
(D) amanis being lifted up by his friends while he is 6 A 0.0403 46331 -1.9194 0.0387 -0.0037 0.2019
Anger yelling. 7 A 0.0403 4.6331 -1.9194 0.0387 -0.0037 0.2019
(E)  amanis being lifted off the ground by a group of 8 A 0.0403 4.6331 -1.9194 0.0387 -0.0037 0.2019
people, and he is yelling with his mouth open. 9 C 0.2096 -2.2543 -1.5808 0.1657 -0.0131 0.2065
10 C 0.2096 -2.2543 -1.5808 0.1657 -0.0131 0.2065
Adasmtiniage 0.2046
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(A)  a group of friends are sitting around a table with a dog 1 A 0.0022 8.8550 -1.9957 0.0022 -0.0002 0.2070
and a bottle of beer. 2 B 0.2843 -1.8143 | -1.4313 0.2035 -0.0146 0.2073
(B)  the group of friends is eagerly waiting for the man to 3 B 0.2843 18143 14313 0.2035 00146 0.2073
finish his beer so they can continue playing the wii.
4 A 0.0022 8.8550 -1.9957 0.0022 -0.0002 0.2001
(@) agroup of friends enjoying a night in, playing video
; : 4 drinkine b 5 C 0.0990 -3.3360 -1.8019 0.0892 -0.0080 0.2040
Domain: games and drinking beer.
(D) the group of friends is enjoying a fun and lighthearted R E 0.6015 -0.7334 07970 0.2397 -0.0096 0.2048
AﬂtICIpatIOﬂ moment together. 7 E 0.6015 -0.7334 -0.7970 0.2397 -0.0096 0.2048
(E)  a group of friends sitting around a table, sharing 8 C 0.0990 -3.3360 -1.8019 0.0892 -0.0080 0.2040
laughter and camaraderie while playing video games 9 B 0.2843 -1.8143 -1.4313 0.2035 -0.0146 0.2073
and drinking beer. 10 D 0.0130 6.2662 | -1.9740 0.0128 -0.0013 0.2006
Adasiminiads 0.2047
a baseball player in a red hat and uniform is walking 1 D 0.0007 -10.3928 -1.9985 0.0007 -0.0001 0.2070
across the field, holding a baseball glove: 2 D 00007 | -10.3928 | -1.9985 0.0007 -0.0001 0.2000
a baseball player is walking across the field, holding a 3 A 0.3038 17188 13924 02115 20,0147 0.2074
baseball glove, as he anticipates the next play in the
4 D 0.0007 -10.3928 -1.9985 0.0007 -0.0001 0.2000
game.
) ) ) 5 C 0.3487 -1.5198 -1.3025 0.2271 -0.0148 0.2074
Domain: () abaseball player in a red and white uniform walks
: ) 6 D 0.0007 -10.3928 -1.9985 0.0007 -0.0001 0.2000
across the field.
Ant|C|patlon (D) the baseball player is walking on the field with a smile 7 B 0.0718 -3.8006 -1.8565 0.0666 -0.0062 0.2031
on his face, showing his optimism and determination 8 B 0.0718 -3.8006 -1.8565 0.0666 -0.0062 0.2031
to perform well in the game. 9 A 0.3038 1.7188 -1.3924 0.2115 -0.0147 0.2074
(E) a baseball player in a red cap and white uniform is 10 D 0.0007 -10.3928 -1.9985 0.0007 -0.0001 0.2000
walking across the field. ﬁwdqeﬁmﬁnmﬁla 0.2038
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AANI Houledl 1 Roulaii 2 Rouluii 3
1. dog photo of a dog the dog playing on ground the dog wagged its tail happily
2. baby photo of a baby the baby sleeps peacefully in bed the baby sleeps peacefully, cuddled in her mother's arms
&| 3 man photo of a man the man wears a blue suit the man smiles warmly as he plays catch with his dog
_ﬂ% 4. woman photo of a woman the woman smiles brightly the woman laughs joyfully while chatting with her friends
:% 5. euitar photo of a guitar the man playing the guitar the guitarist strums passionately, lost in the melody
=| 6. cat photo of a cat a black cat lounges on the windowsill the cat purrs contentedly as it curls up in her lap
(% 7. mirror photo of a mirror the mirror reflects the room she gazes into the mirror, admiring her reflection with confidence
é 8. chair photo of a chair a wooden chair sits by the table he sinks into the chair, feeling relieved after a long day
9. glasses photo of a glasses she wears round glasses she adjusts her glasses, feeling focused and ready to work
10. hat photo of a hat the hat sits on the coat rack he tips his hat with a grin, greeting his neighbors on the street
11. pizza photo of a pizza we enjoyed a delicious pizza for dinner she felt excited to order her favorite pizza for dinner
'ﬂg 12. salad photo of a salad she tossed a fresh salad with greens and tomatoes he felt refreshed after eating a crisp, green salad
'ﬂg 13. beer photo of a beer he drank a cold beer on a hot summer day they felt satisfied as they sipped on their favorite beer
?é 14. water photo of a water she quenched her thirst with a glass of cold water she felt rejuvenated after drinking a glass of cold water
;(__': 15. coffee photo of a coffee he savored a cup of hot coffee in the morning he felt energized after his morning cup of coffee
g 16. bread photo of a bread the bakery smelled of freshly baked bread the warm aroma of freshly baked bread made her feel cozy
((5 17. milk photo of a milk she poured a glass of cold milk for her cereal they felt comforted by the creamy texture of cold milk
g 18. tea photo of a tea he brewed a soothing cup of tea before bed she felt relaxed as she sipped on a soothing cup of tea
% 19. cheese photo of a cheese she sliced some cheese to go with crackers he felt indulgent as he nibbled on a piece of rich cheese
= 20. juice photo of a juice they enjoyed refreshing fruit juice on a afternoon they felt refreshed by the sweet and tangy taste of fresh fruit juice
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AANA Fouled 1 Roulaii 2 Fouluit 3
21. tourist photo of a tourist the tourist snapped photos of the famous landmark the tourist felt excited to explore the new city
22. hotel photo of a hotel they checked into the cozy hotel for the night they felt relieved to finally check into the comfortable hotel
o 23. park photo of a park families enjoyed picnics in the sunny park families felt happy as they played together in the sunny park
T& | 24. postcard photo of a postcard she sent a postcard with a picture of the beach she felt nostalgic as she wrote a postcard to her family back home
_é 25. beach photo of a beach children built sandcastles on the sandy beach visitors felt relaxed as they lounged on the sandy beach
Ué 26. car photo of a car they drove along the scenic route in their car they felt adventurous as they embarked on a road trip in their car
§ 27. souvenir photo of a souvenir he bought a keychain as a souvenir of his trip he felt delighted to find the perfect souvenir to remember his trip
=| 28. museum photo of a museum visitors explored ancient artifacts in the museum visitors felt fascinated as they explored the exhibits in the museum
29. train photo of a train they boarded the train for an exciting adventure they felt excited as they boarded the train for their journey
30. zoo photo of a zoo families admired the animals at the local zoo families felt amazed as they observed the animals at the zoo
31. test photo of a test she studied hard for the upcoming test she felt anxious about the upcoming test
32. homework | photo of a homework | he finished his homework before dinner he felt relieved after completing his homework
33. subject photo of a subject math is her favorite subject at school math is his least favorite subject in school
34. lesson photo of a lesson the teacher taught a valuable lesson about kindness the teacher taught a valuable lesson about perseverance
% 35. classroom | photo of a classroom students sat quietly in the classroom during the lesson students felt excited as they entered the classroom
t’% 36. teacher photo of a teacher the teacher explained the lesson clearly to the students | the teacher felt proud of her students' progress
é 37. exam photo of an exam they felt nervous before the final exam they felt nervous before the final exam
é 38. school photo of a school children walked to school together in the morning children felt excited to start the new school year
39. student photo of a student he is a dedicated student who always completes his he felt determined to excel as a student
assignments
40. library photo of a library she borrowed books from the library for her research she felt peaceful while studying in the quiet library

project
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AANA Fouled 1 Rouluii 2 Fouluit 3
41. doctor photo of a doctor the doctor smiled kindly at the patient the doctor's reassuring smile comforted the patient
42. healthy photo of a healthy eating fruits and vegetables keeps you healthy eating well and staying active keeps you healthy and happy
43, soccer photo of a soccer they had fun playing a soccer game at the park the soccer game stirred up feelings of teamwork, competitiveness
and excitement
§ a4. therapy photo of a therapy she attends therapy sessions to manage her anxiety therapy sessions help people manage their emotions and stress
g 45. nurse photo of a nurse the nurse checked the patient's vitals the nurse's caring touch provided comfort during the hospital stay
g" 46. exercise photo of an exercise regular exercise is good for your body regular exercise boosts mood and reduces stress levels
% 47. stress photo of a stress deep breathing helps to reduce stress deep breathing exercises can ease stress and tension
48. hospital photo of a hospital he was admitted to the hospital for surgery being in the hospital can be stressful, but the staff works to make
patients comfortable
49. sleep photo of a sleep good sleep is essential for overall well-being good sleep is vital for mental and physical well-being
50. medicine photo of a medicine she took her medicine after breakfast taking medicine as prescribed helps maintain good health
51. lake photo of a lake the lake shimmered under the afternoon sun sitting by the tranquil lake filled her with peace
52. daisy flower| photo of a daisy flower | colorful daisy flowers bloomed in the garden admiring the colorful daisy flowers in bloom filled her with happiness
53. moon photo of a moon the moon cast a soft glow over the nighttime landscape | gazing at the full moon stirred up feelings of nostalgia
(= | 54 star photo of a star twinkling stars filled the dark sky counting the stars in the clear sky sparked joy in her heart
% 55. mountain photo of a mountain the mountain peak stood tall against the horizon climbing the mountain filled him with a sense of accomplishment
% 56. tree photo of a tree a solitary tree stood at the edge of the field finding shade under the tall tree brought relief from the heat
§ 57. weather photo of a weather the weather was warm and sunny, perfect for a picnic the sunny weather lifted everyone's spirits
=| 58. beach photo of a beach children played in the sand on the beach walking along the sandy beach made her feel free and alive
59. sunset Photo of a sunset she admired the beautiful sunset over the ocean she felt peaceful watching the vibrant colors of the sunset
60. sunrise photo of a sunrise the sunrise set behind the hills, painting the sky with sunrise brought a feeling of hope and renewal

hues of orange and pink
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61. email photo of an email she sent an email to her coworker she felt excited to receive an email from her friend
62. internet photo of an internet he browsed the internet for news updates he was relieved to find the information he needed on the internet
63. video photo of a video they watched a funny video on their tv they laughed together while watching a funny video
64. game photo of a game he played a game on his console he felt accomplished after winning the game
E 65. social media| photo of a social she scrolled through social media on her tablet she felt connected to her friends while scrolling through social media
% media
é 66. computer | photo of a computer he worked on his computer to finish his project he felt productive after finishing his work on the computer
é 67. website photo of a website she visited her favorite website to read articles she felt entertained while browsing her favorite website
68. application | photo of an application | he downloaded a new application for his he felt satisfied after downloading a useful application
smartphone
69. phone photo of a phone she answered her phone when it rang she felt happy to hear her friend's voice on the phone
70. camera photo of a camera he took a photo with his digital camera he felt nostalgic as he looked through old photos on his camera
71. book photo of a book she enjoyed reading a book in the cozy corner she felt immersed in the story while reading a book
| 72. movie photo of a movie they watched a movie together on friday night they felt entertained watching a movie together
qg 73. concert photo of a concert he attended a concert with his friends last weekend | he felt exhilarated after attending the concert
aé 74. drama photo of a drama she loves watching drama series on tv she felt captivated by the drama unfolding on stage
(a(é 75. theater photo of a theater they went to the theater to see a live performance they felt enchanted by the magic of the theater
3| 76. music photo of a music he listened to music while studying he felt relaxed listening to soothing music
qé 77. comedy photo of a comedy they laughed throughout the comedy show they laughed heartily at the comedy show
§ 78. art photo of an art she admired the artwork at the gallery she felt inspired by the beauty of the art gallery
=1 79. dance photo of a dance he danced with his partner at the party he felt energized dancing with his friends
80. museum photo of a museum she explored the exhibits at the museum she felt curious exploring the museum's exhibits
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81. business photo of a business he started his own business last year she felt excited to start her own business
82. salary photo of a salary she was happy with her new salary increase he was relieved when he received his salary
q% 83. marketing photo of a marketing they discussed marketing strategies for their product | they were proud of their successful marketing campaign
Ué 84. budget photo of a budget he created a budget to manage his expenses she felt organized after creating a budget
i«% 85. customer photo of a customer she listened carefully to the customer's feedback he smiled as he greeted each customer
q§ 86. money photo of a money they saved money for their upcoming vacation they felt secure knowing they had enough money saved
l{év 87. profit photo of a profit the company made a significant profit this quarter she was thrilled when the company made a profit
é 88. product photo of a product he launched a new product on the market he was confident in the quality of his product
89. job photo of a job she found a job at a local cafe she felt grateful for her new job opportunity
90. service photo of a service they provided excellent service to their customers they were happy to provide excellent service to their clients
91. culture photo of a culture she learned about different cultures during her she felt curious to explore the local culture
travels
ﬁ 92. community | photo of a community | he felt a sense of belonging in his community he felt supported by his tight-knit community
§ 93. vacation photo of a vacation they enjoyed a relaxing vacation at the beach they were excited to go on a vacation to the beach
a§ 94. celebration | photo of a celebration | she attended a celebration for her friend's birthday she felt joyful during the celebration of her graduation
;“% 95. language photo of a language he practiced speaking a new language every day he struggled to learn a new language but felt determined
g 96. family photo of a family they gathered with their family for a holiday dinner they cherished spending time together as a family
ag 97. country photo of a country she felt proud of her country's accomplishments she felt patriotic pride for her country
g 98. religion photo of a religion many people find comfort in their religion her faith in her religion gives her strength during difficult times
99. service photo of a service a true friend is always there for you a true friend is always there to lend a helping hand when needed
100. tradition photo of a tradition we enjoy our family traditions every year family eathers to celebrate cultural traditions with love and joy
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1.3) photo of a library
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1.5) photo of a mirror
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1.7) photo of a moon
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1.9) photo of a museum
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2.1) children flew a kite in a wide-open field
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2.3) students studied in a quiet library
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2.4) a light illuminated a dark room
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2.5) a person counted their money carefully
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2.7) hikers admired the breathtaking view from the mountaintop
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2.8) visitors explored artifacts in a museum
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2.9) musicians played instruments and created beautiful melodies
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3.1) the kite soared high in the sky, creating a feeling of exhilaration
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3.4) the light illuminated the space, creating a fee
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3.5) the mirror reflected an image, evoking self-reflection or vanity
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3.7) the moon cast a gentle glow, creating a sense of romance or mystery
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3.8) the mountain stood as a symbol of strength and majesty
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3.9) the museum exhibits evoked a range of emotions, from curiosity to awe
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