uni 3
WAnHUNUIY
Tuunilzeduieiugadeyadonuuaninnudaiuiinedfulsawsy F959U59001910
Vules TripAdvisor Aldlulasseuil wagisnmsanduau fsil
3.1 yataya (Dataset)

Tunuideatuilldynteyauninnsailsausuann TripAdvisor Nianunsaandtilvantanain

. . Ao v ) PN
www.tripadvisor.com lagilinunizveitoyanininusenaun 3.1

1 Text RateType

2 0 The story started after we ate at Baoshuan and headed downstairs to exit the hotel with allsmiles. Then, tho 1
| & 1 This is worst and pathetic experience with The Oberci New Delhi Zahir Hussain marg. Staffs doesn't know hc 1
4 2 Very bad Experience with property ever in my life and there is two Staff Member Vikrant and Jatin they miss t

5 3 This is very bad property and pathatic services. Staff doesn't have manner to talk with customers. There is tv 1

6 4 On our second night, as we were about to enter the elevator, a guy in black from the front desk came rushir 1
[ ¥ 5 I checked into this hotel on Saturday and given below has been experienced Good experience The driver w b
| G 6 Coming from Eurcpe I chose the Oberoi due to its excellent reputation... Before departure getting an exrtra | t
| &) 7 Seems like I over rated / over expected from this big old brand an otherwise excellent engagement with the 1
10 8 Wanted to stay at the hotel and after speaking to the Sales Director, a room was booked for me. On the day 1
13 9 One of the worse dining experience as we booked for lunch buffet. The service was poor, empty dishes and b
2 10 The hotel was oldfashioned and outdated in a bad way. Even the superior rooms were small and desperatel t
3 11 First off we have stayed at the Oberoi on two different occasions while in Delhi and it truly is a beautiful hots 1
14 12 After being left at the airport for over an hour only to get lost for two hours in a local taxi, the oberoi startec 1
115 13 I'm in Delhi every month for work but this was the first time I have stayed at the Oberol which on this occas b
16 14 I had money 180 stolen from my room on the last day of our holiday. Luckily I had gone to put the AED in t
5z 15 Warst experience I've ever had in a hotel in Dubai I will avoid staying at this hotel from the staff, services, a 1

18 16 Service level was clearly shown before arrival when I tried to contact hotel and Accor customer service to upt 1
9 17 I frequently travel, 2 weeks every month and in different hotels experiencing different levels of services and b
20 18 On checking in the lovely male receptionist offered us an upgrade for 1000 dirims. In total After two nights ! t
21 19 We were looking forward to our stay at the Fairmont hotel also due to its pool, beach and garden which can 1
22 20 Bad experience, the air conditioning is very, very, very bad, and there is a female employee in the reception ' 1
23 21 My family and I checked in yesterday to the fairmont on the palm. Quite frankly, check in process was unprc b
24 22 We booked Gold rooms and expected to be on levels 8 or 9 as per the website. We were allocated rooms o1 t
25 23 READ BEFORE YOU TAKE YOUR FAMILY!Don't recommend this hotel for the price. I took my family of 5 her 1
26 24 Probably the worst hotel Ive ever stayed in in Dubai. Arrived at 9am had to wait until 3pm for a room, I bot 1
27 25 We have been regularly visiting Little Miss India, and the experience have always been nice. This time, it was b

28 26 This Is the 56th time I have stayed at the Fairmont Palm in the last 8 years. There was been significant dete t

MwUsznaun 3.1 Yndeyauninnsailsausuain TripAdvisor

Inedeyaiinnilyanan d91u3u 30,145 uniansal lnudnuurvesdoyaly 1 A3

AALUATUTZNOUME T9ANULAAIUNITA] FUAUALLUUVDIUNIANTA]
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3.2 N52UNISANLUUIIY

[ Pre-lraining BERT ] [ Fine-tuning for a specific NLP Task ]
Data Transformer 1 | Train Data Fine-tuning Prediction !
| 1
"""" N i
LR - B Positive
Wikipedia Sentiment | | BeRY :
\ 1 Softmax
Books 1| Prediction | vifas [Sn] &2 gl \ Neuiggl
cs T e . oky | Negative

.......................

awusznaudl 3.2 nseumsailiunuvedunaniuanesuwesdmiunisduunanuidn

nseunsandunulunmsuszendlumakuunsuane s sdmsumMsTunAuIEn

[ | [ A
U 2 gIurane A

dufl 1 Ao Pre-Training BERT Aanisasialunadiedeyatonasdiuiuning dadu
wnansilldndudesiinanaaiiua islilunaiinaididila Language Model Wude vinle

Tuwat e ludNEwULYaIN 1 WIDNIS T NN

@il 2 Ao Fine-tuning for a specific NLP Task @sfifie mzﬁﬁauﬂaﬁtﬁm%mﬁ’wu
Fifosn1sUszanananvhnisusualuliaadiléain Pre-training Ima%’auﬂaﬁﬁwm Fine-tuning
msidudeyaiifinaiaaiua Weltlun1susu weight ielsinareidu Decision Model fisioson
11970 BERT a7ntiuazih Decision Model #ldann BERT 1Uldsauifuiledu SoftMax iesuun

AnuiAnvesenansle
3.3 Pre-training of BERT

1%
[ [

nguidulunsadrenmuseneud 3.3 Language Model wuu BERT lnafitumaudisil



31

Input incoding
> Add & Norm Add & Norm
Feed
Feed Forward ‘ Forward
i ——
Multi-Head
Multi Head Attention | Attention
1 t 4 i
Token I0% Input Masks Iput type 0% | — )
| Positional
Positional Encoding EﬂCOdiﬂg _9
Input
—— Embedding
Input Embedding | I
t Inputs
Input

AmUsznaud 3.3 Language WuU BERT

i - https://www.researchgate.net/figure/Transformer-Encoder-Architecture-BERT-or-

Bidirectional-Encoder-Representations-from figl 349880253

Yuneuil 1 : N15971uYeyauaiIANTz0 M TYa

nounazinveyalenals 1WgnszuIunITAAA Lﬁ‘aqmﬂ%’agammmmmmﬁﬁu
Tripadvisor fdayatenarsinululaseadnwuy HTML Fadulassaiedoyaiiiuin (Tag) iy

a a v ) | I . . Y a
WiaaSuredoyalenals a1usnlanedd981991nL3U Tripadvisor taananyusenaun 3.4
egadeyalanalsanniiu Tripadvisor

mwlsznaudl 3.4 fegrstoyalenalsaniiu Tripadvisor



32

Foudnmanihudwitlidmusuludensussua Ssulusesiauiinmaiioonain
Yeyatonarsidenou luvazidiu “USunteniy (Context)” Fududrudldiiodudeya
nans SaflasAussneuunsdiildfinusndusenisussanana snfegaey 31 (Emoj
Snusmwduiu Sedndudesdnesdusznoumanioondae Fenszurunisiauiinuassa
psAUsznevudniilisuduresdoyaienans anunsavildsnonisii deyalassaing HTML
glusunsudmiudnd Wedeyalassaine HTML Krunszurumsiadaulddeyaienansi
wiondmiunisuszananauds avideyatonansluiiulifilng .csv ANTauAR It URaUseY

Taannnnusenaun 3.5

o [
FIFILLN

oBING

(% o v ‘o .
finesnUsznauiilad i

Tufinveyatenansiilwa .CSV

AMNUSZNOUN 3.5 Aag19LUSHASUE NS UARAN
Yumauil 2 : n15anA7 (Tokenization)

AsAnANLN oas19luLAaues BERT 214 WordPiece Tokenizer lun1suendonaiu
ganilu “An” WegluguuuuiiFendn “guuuuvesAnin (Full Form)” wiailu “Tudiuvesd
(Word Pieces)” n5l% WordPiece Tokenizer aztigandnuiuaaslunasmdny wazuddaym

Out-of-Vocabulary (O0V) [5] 8nfae

lunsdl uenteaueanidu “A1” egluguwuuiiienia “guuuuvesaiu (Full

'
o A v/ a

9 O = v < = <3 = v o =1 a v o
Form) UUﬂ@MUQﬂ’]VIG]G]Iﬂﬁ]ﬁ‘WQ’]im'WL‘UUM‘HQIV]LF‘TU (Token) F9N1FEAALUUUILDINIUARIAN

[V Y]
v Aa o

2489 WordPiece Imaﬁagmaummu 30,000 A1 [18] @1U150LEAIA8819A1989 WordPiece Tu

“sUnuuvesduay” 1afan15en 3.1
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M15719% 3.1 N13ARAAIE WordPiece IlAsUwuuvaIALAY

Word Token(s)
surf [“surf’]
snow [‘snow’]

TunsalfvinnisdnAinuukentamueantdu “Fudiuress” du Snwulunisdnsia

[
o v Aa

WURKAL YS0AININSIAY Prefix %59 Suffix TuAMduAsaauns o Indnyt (Root Form)

=) < (J 1< 4 O A < & ! o a o v a ) = <
nyotdumuInanie [Wunu uuﬂawuwumuﬁuaqmwmlmzwmam%ﬂuwmimﬂu lay

1% £

“ay 1 Oy d’ 1 = < 1 . G . o & ci’ 1
PUAIUVDIAN VliJ'WNﬁiJL‘U’]IU 130 WUud1uues Prefix w58 Suffix TuAauatyu IeTudiuves

'
[

AILILRNIE AZTNITAL ## NUA a1y WevsvanIndududiumnandrnoanuiwas lalle

Y
' v
o

AMaglundaA1vas WordPiece aN15OLAAIRIBENNITLEN “AN” kaE “TudIurasdn” lan

AN 3.2

M15199 3.2 N15AAANME WordPiece MlagUkuuvesudILYedm

Word Token(s)
surfing [‘surf’, ‘##ing’]
surfboarding ['surf', '##tboard', '##ing']
snowboard [‘snow’, ‘H##tboard’]
snowboarding ['snow', '##board', '##ing']
Kiatnumchai [‘Kia’, ‘“##t’, ‘##num’, ‘##chai’]

MIfnAUULendonmeanu “Fudiuresrn” Juiinsguiun1sAnALUY greedy

algorithm [21] Aeassialilaunniign Haunsadululaluadsimdny wu A1in ‘surfing’ Tunda
o o f o 1 ¢ y L I o 1 ¢ "y v o o =2 @ - ¢ y = g o o a

AfwsiANI ‘surf usilaiianan ‘surfi’ luadsadnndsdialaandn surf dadurianunsaiian
nl' L% v = L% o U '3 C% 1 o « o 9 Y o Y} F2-Y) Ql'
Aanunsasalakaslundamdny (@u15aag19etu “A” Tupdsmdnnlassnimusenaun

3.6)
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vocabulary.txt X

61 temperature
statement

o (3

AWUTLNOUN 3.6 Fg19AtL “A” TuPaIAIANN

= 1 v o v & o < = ! < 1
dlorunszuIuNsAnAuad Tutuneudalasidunsnleuudaginiauludeyaonans
TnSeunaziinglumanuu BERT Falsiaauwuy BERT a8in15vina1uiavan 3 Jumnaunail

(AU OLAAITUR DUNINUALARINNUTENBUN 3.7)

B A N P _‘] . A Wy Y ™ T ™ 7
Input (ICLS] my (dog]i \'sgl(cute | [SEP] |(he (likes}( playw ##ing ([SEP]W

Token

Embeddings Erers By Bio H E. H E e H Efcer) E. |Elikes By Erting | Eleen)
=+ = = &+ =+ + == -+ + =

Segment

e | & | [BIE[&][E &[]][] & ][]
=+ L =+ +* += + =+ + + =+ +

Position

toeanss | B || & || EJ[E][E][ & ][&][6 [[6 ][ & [[&]

AMwUsEnauN 3.7 ﬁumaumam‘%amwiaﬂwLﬁuiu%’a;gaLaﬂmidamiﬁéimmauw BERT

ﬂgumauﬁ 3 : Token Embeddings

v

Token embedding Lunszuaunssiasudlinarsidudaavsuuuunnnes lngld
WaNN5783 WordPiece Embedding aziasududasfiazlanisinsnduiiavsiuiudud
annsaUsvenidmaiunrgniudsudunnneslelu lookup table vosadsrdnyt @il
Fruruddmiog 30,000 Adnit Tuvuzivuiavesnnnoslu lookup table fvunn 768 iR
ileflazannsautannnesvosudazdndu 12 duilelviaenndesiuduiu Head Attention
719 ud unauves Multi-Head Attention uagnaufi avviinszuaunsluniuh Token
embedding Tuina BERT azifialndufivawiude nidu [CLS] Hndhanveaenarsteniny

wazLiisniay [SEP] Tnei
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A [CLS] Wulnpuiievdmiunisdwunuseian (Classification) gnldidusauny

Yostayaonansiu dmiunumunsiuunussan

¥

Ay [SEP] WulniufivrivdmsusenUsgloavioduanusslen wolilumasugdinm

Taduvasuselealn

n15%11 Token embedding f8 WordPiece Embedding fitunauniil
(1) winlmau [CLS) Vithamigauaziialnidu [SEP] 1idanthanvesdaya

NANTHINNUSENBUN 3.8

rorr

‘', 'love’, ‘programming’, .

[CLS], i, 'love’, 'programming’, , [SEP]

AMnUsznaufl 3.8 nsuiulndudfivese [CLS] wag [SEP]

(2) WasuusazA i dudiavinawaudmsuuenieguaainnesiu lookup

table fanmUsEnauN 3.9

[[CLS], ", ‘love’, ‘programming’, ‘., [SEP]]

[101, 1045, 2293 , 4730, 1012, 102]

awdsznaudl 3.9 nsidsudbiiludavdmsuueniieguadanmasiu lookup table

(3) thdiavvewsaziilumilouiiusueniioguasinmesiu lookup table

'
aaa

Wnns1aaeuiu lookup table WeRwnmesuung 786 diNvesusdazaludayaienais

AnUsENaUR 3.10



101
1045
2293
4730
1012
102

[0.03, 0.55, -0.04, ..., 0.02, -0.07]
[0.12, 0.02, -0.52, ..., 0.07, -0.02]
[0.22, -0.01, 0.11, ..., -0.67, 0.23]
[0.31, 0.04, 0.47, ..., 0.09, 0.11]
[0.05, 0.34, 0.33, ..., 0.13, -0.10]
[0.03, -0.41, -0.08, ..., -0.66, -0.23]

AMWUTENBUN 3.10 N5AINKMBIVUIA 786 HiRNveusazlutoyaenans
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dlovhtunautaduasandy taglanguresinmeifivsuenasmeigludeyatenans

wazannsauanseanulugukuuLvMsNglasianised 3.3

M19199 3.3 lWyisnduanaInmasvaAnzAlutayalendans

[CLS]
[

love

do d, d; d. d7es d7e7

0.03 -0.55 -0.04 0.02 -0.07

0.12 0.02 -0.52 0.07 -0.02

0.22 -0.01 0.11 -0.67 0.23

programming 0.31 0.04 0.47 0.09 0.11
0.05 0.34 0.33 0.13 -0.10

0.03 -0.41 -0.08 -0.66 -0.23

[SEP]

Alvueglulsslendiunvilaludeyaienans Felunauuu BERT aganunsasuuseloaiin

Jumauii 5 : Segment Embeddings

Segment Embeddings fian1siasumiaveslselealudoyatonansiiioilinaius

a

Y

1

lualdnssae 2 Yselen [23] indmiualy “i love programming.” Wulssleausnlugadoya

wnans Uszloailazgnila Segment Embeddings Tiilunnmasuuin 768 fdlaeivndfdien

k4

Wi 0 (index #1 0) uazrimualy “i love my job.” Wuusgleait 2 luyadeyaienaisusslen

3

flazgnils Segment Embeddings Tildunnmesyunn 768 IRlaeinndAtAv1iu 1 (index 9

1)
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A157197 3.4 A219819N1583719 Segment Embeddings

do d, d; d. d16s d7e7
[CLS] 0 0 0 0 0
i 0 0 0 0 0
love 0 0 0 0 0
programming 0 0 0 0 0
0 0 0 0 0
[SEP] 0 0 0 0 0
[ 1 1 1 1 1
love 1 1 1 1 1
my 1 1 1 1 1
job 1 1 1 1 1
1 1 1 1 1
[SEP] 1 1 1 1 1

Yunauil 4 : Positional encoding

v o

Positional encoding L1 94A2871 Transformer #nN15Y11 recurrent (310 RNNs) Lag
convolute (311 CNNs) eanld Tgyviiindude Tuvaugnmassnanadladnilaey L

I‘NQ‘ ‘d‘ 1 o 1 o o 1 o el o ‘ﬂ‘ 1 o
Lifidenagaglunsssysiumisvesidagiu 1meuiideUssinanamiuilslulsyloa @

=

Inuegamumin Alnuegaumas Jslatinsiiiugdiuves Positional Embedding 1l et

'
N o w

Tlumaaunsasuiiuniavasmmaanasaney Feldan sin/cos lun1sunu position #ineq

mnaunsAusia ULl
PE (pos 2y = sin(pos/100002!/dmodel) 31
lDE(pos,Zi+1) = Cos(pos/loooozi/dmOdel) 3.2
1ng pos  AosuMsURIAlueNaIs
i Ao uviaveusiardayaegluninnesvesusiayen

drogel  ABVUIAVBILINLADIVDIAN
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ANAITNT 3.5 @NWITAIUIUAT Positional encoding MuaNN1Is 3.1 way aunisi
U d’j

3.2 lmadl

AUIUAT Positional encoding ¥84 [CLS]

PE (00 = sin (0/10000%7¢8)
= sin (0)
=0

PE (0,1) = cos (0/10000%768)
= cos (0)
=1

PEoy = sin (0/10000%7%)
= sin (0)
=0

PEo7ee) = sin (0/1000076¢/76¢)
= sin (0)
=0

PE 0767 = COS (0/1000076¢/768)
= cos (0)

=1
ATUIUAT Positional encoding ¥as “i”

PE (10 = sin (1/10000%768)
= sin (1)
=0.8415

PEqy = cos (1/10000%78)
= cos (1)
= 0.5403

PEn, = sin (1/10000%7)
= sin (0.9763)
=0.8284

PE (1765 = sin (1/1000075¢768)



= sin (0.0001)
= 0.0001
PE(76n7 = cos (1/10000765/768)
= cos (0.0001)
= 0.9999

ATUUAT Positional encoding 84 “love”

PE 20 = sin (2/10000%768)
= sin (2)
= 0.9093

PE 2) = cos (2/10000%768)
= cos (2)
=-0.4161

PEy = sin (2/10000%7%)
= sin (1.9526)
= 0.9280

PEee = SN (1/10000766/768)
= sin (0.0002)
= 0.0002

PE (2767 = COS (1/10000766/768)
= cos (0.0002)
= 0.9999

ATUAUAT Positional encoding U84 “programming”

PE 3.0) = sin (3/10000%768)
= sin (3)
=0.1411

PE 3.1) = cos (3/10000%7¢8)
= cos (2)
=-0.9899

PE (3.2 = sin (3/10000%768)



= sin (2.9289)
=0.2111

PE 5766 = sin (3/1000076%/7%8)
= sin (0.0003)
= 0.0003

PE (5767 = cos (3/1000076¢/768)
= cos (0.0003)
= 0.9999

ATUAT Positional encoding va4 “.”

PEwo = sin (4/10000%7%%)
= sin (4)
= -0.7568

PE 4.1 = cos (4/10000%7€8)
= cos (4)
= -0.6536

PE 412 = sin (4/10000%7¢8)
= sin (3.9052)
= -0.6915

PE 766 = Sin (4/1000076%/7%%)
= sin (0.0004)
= 0.0004

PE@7n = cos (4/100007597%)
= cos (0.0004)
= 0.9999

ATU2AT Positional encoding ¥4 [SEP]

PEwy = sin (5/100000/768)
= sin (5)
= -0.9589

PEgy = cos (5/10000%7%)
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PE (1.766)

PE (4.767)

cos (5)
0.2837

sin (5/10000%768)

sin (4.8815)
-0.9857

sin (5/1000076¢/768)

sin (0.0005)
0.0005

cos (5/10000766/768)

cos (0.0005)
0.9999
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INTIAIYDININABSVBY Positional Encoding Yasusazsumislutoya

Na1T L UINGIAUAIYBIAINLINLABS YD Word Embedding vasusiagsuvisvasdoyaty

LONE1T FIANWITOUAAINITAIUIUBE1NELARIAITIN 3.6 LATEINITOLEAINATINYDIAN

Positional encoding, Token Embeddings Wag Segment Embeddings (LLaﬂﬂlﬁﬁ'\‘ims’Nﬁ 3.7)

A5197 3.6 HATILVEIAN Positional encoding, Token Embedding, Segment Embedding

[CLS]

love

programming

[SEP]

do d, d, d. d76s de7
003+0+0 | -055+1+0|-004+0+0 002+0+0 | -007+1+0
0.12 + 0.02 + 0.54 -0.52 + 0.07 + -0.02 +
0.8415 + 0 +0 0.8284 + 0 0.0001 + 0 0.9999 + 0
0.22 + -0.01 + 0.11 + -0.67 + 0.23 +
0.9093 + 0 (-0.4161) + 0 0.9280 + 0 0.0002 + 0 0.9999 + 0
0.31 + 0.04 + 0.47 + 0.09 + 0.11 +
0.1411+0 (-0.9899) + 0 0.2111 +0 0.0003 + 0 0.9999 + 0
0.05 + 0.34 + 0.33 + 0.13 + -0.10 +
(-0.7568) + 0 | (-0.6539) + 0 | (-0.6915) + 0 0.0004 + 0 0.9999 + 0
0.03 + -0.41 + -0.08 + -0.66 + -0.23 +
(-0.9589) + 0 0.2837 + 0 (-0.9857) + 0 (-0.0005) + 0 0.9999 + 0
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A1919% 3.7 NAAWSVDINATINAT Positional encoding tag Word embedding

do d, d; d. d7es de7

[CLS] 0.03 0.45 -0.04 0.02 0.93
i 0.9615 0.56 0.3084 0.0701 0.9799
love 1.1293 -0.4261 1.038 -0.6698 1.2299
programming | 0.4511 -0.9499 0.6811 0.0903 1.1099
-0.7068 -0.3139 -0.3615 0.1304 0.8999
[SEP] -0.9289 -0.1263 -1.0657 -0.6605 0.7699

Fumauii 5: Multi-Head Attention

Multi-Head Attention flanszuaunisdl Self-Attention lanwsau 9 fu Tnatovany 9
Self-Attention 1nsisvuuiuluiielilunaauisaiseusanuduriusiavatsyuuedluniaug

U 7198739191 “Bobby takes his cats to the park because they love climbing trees.” 9

<

Winlaan “cats’ fmuduiusiu ‘Bobby + takes’ TugiuznssuvesUszlea wagA1dn ‘cats’” 69

]
v ¢ = o 1

fiauduiusiv ‘love + climbing’ Tugugiiludszsiu (uiidlfeddn they’ 181983nduly

D

Ao 1 ¢ y a ¢ 3 . , A v v §w ¢ y { & a A
M71 “cats’) wazlu@eanunung ‘climbing trees’ fiANuUdURUSHAU ‘cats’ ins1zinduds?

NINLUBOU bl

LY

Afaflaunnelaetein ‘the park’ foadl ‘trees’ ialiminduduladneae
91NA79819NNAIT AU LB 1 Self-Attention head Faa13150L58U3 lAkAAMUTURUS
susuuLien lanelunisiFeusamsinveanaUsslon Tunaun1919IUYe9 Multi-Head

[

Attention TagNa5u19N191177 “‘love’ inail

(1) a¥1anmes Query (Q), LINAas Key (K) wazianmeas Value (V) Lol
LNWes 3 ffe LNwes Query (Q), NWBS Key (K) waznmas Value (V) Sadudud iy
Tun1s¥n Attention Mechanism Tulaniasnelu nsiiagldiinmes Query (Q), Key (K) wag
Value (V) tiu Tngagtianmesfildandunoudl 1 wgaifu Weight Vector #ildinainnisasu
(Train) fazldnnmosanguunn 768 x 3 Mnturnisuennnmesdesndunnmeides 3
nAwaslauA LInmes Query (Q), NWaS Key (K) uaztintmas Value (V) Tngaziivuiawindy

VNRBIVRIANI “love” Fellvurawindu 786 Tf (Panandluninlsznau 3.11)



a4

Vector Query

B -
Vector of "love”

768X 3
S | Vector Key
Vector Query, Key, and Value

concatenated weight matrix

Vector Value

] e -
™

768 dimensions 768 X (768 * 3)

AMwusznaud 3.11 a5ennmes Query (Q), Key (K) wag Value (V)

2

(2) wUannmesliaonndeatusiuiu Attention Head auu@inlulaiweddl
Anualifll Attention Head (h) Wity 12 faufdeeinn1suuanmeaes Q, nmed K wag
nwed V sendiu 12 dauing fu Tneliiviiusiuauees Attention Head sadudlennimes
fluunm 768 wazsUIU Attention Head (h) wihiu 12 ety sau 768/12 Az 64 tufous
av Attention Head fazld¥unnnediiinnuennvuin 64 lUs 12 Attention Head @it
funeed Q, nNWes K wagtanimes V uadndanvnedelduming 1§ Fadlvuin 64 x 12 F

ARpruIATaLINMES Q, NWBS K wazinwmas V (d,, d,) (fenmuseneudl 3.12)

Query Vector

P& [ T[T F—=—

768

64%12

Key Vector

L

[ ————

768

64%12

Value Vector

{ [[TTTTTFH——=

6412

AMUSENAUN 3.12 NSWULINWas Q, K waz V Ntlvuiawinnuliiuwmay Attention Head
nuNsulesansndues Q, K uay V aanidu 12 d@imwing fu uaisnassiiniu
Attention Head w@agia @9lunidl Attention Head 12 @1 (Ran1nusenaun 3.13 Attention

Head wsiag@anusenaumigdinaaainmas Q, 1Inmas K wag V)



AMWUIZNBUY 3.13 Attention Head Uraz@iiusynaumediuteinaes Q, Kuag VvV

Head 12 [I]j Q12

a5

(3) AU Attention Score Yaausiay Attention Head nS¥UIUNNSTILAA b

wiiay Attention Head vildnwasinilauiulumn Attention Head fetiuazuanisiogsaniy

Tu Attention Head # 1 tws1zn1591191ulu Attention Head Bu¢) agsinsiutiiesdinnmasi

YT WU FINITATUIUNN Attention Score HAUNITANSAIUIURIT

Attention(Q,K,V) = softmax(QKT) |74 (3.3)
N

oy Q fFennmesvesdweliieiihfedoya (Query Vector)

K fonnnesvesdsivsuaniadoya (Key Vector)

V  Aennmesvestaya (Value Vector)

T fefuavfivanshumisvasdludernuenans

dp  ARUUIALNABIVBINADS K

ddiuusn Aenstnnmes Q vesdfimasinnsandedin “love” Tugaidunnmes K

YoNAUTBYALENANS Falguadin [CLS], “I7, “love”, “programming” , “.” wag [SEP]

leldnaresnisgaunuaiaziinly scale MenIMsiu v(dy) Behfe v64 tued wagtiid

ilaritu SoftMax Liveliavildegluguwuuimiavaruinnziu (anwdszneud 3.14)



Kicrs) L Kiove  Kprogamming K Kisee)

Y

0

Qiove

Kigpe Viove

AMWUILNUN 3.14 LARINISANUIA Attention Score UBIWAaY Attention Head
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o o ' o 1 [y 4 o X = DA o
aWWUWaNWUWQWWImU@ﬂJﬂUL’JﬂLG]’eJi V VBN A ﬂ’]5@ﬂ«!MiQULUuLﬁNSUﬂ’]ﬂMUWMUﬂ

(Weight) 91ansiiansaundbnuunian @A “” agAunian wsieen Score Niunlugad

Anunniign weaaandit Score Taaunnmes v vnea Aeztheiilduvnasiu (Sum)

NUALIAINKDS r (NMNUsENauUR 3.15)

Vicis) v Viove  Vprogamming V. Viser)

B ® & @ ® ®

Tiove

AMWUIENAUN 3.15 NMIAUINWES V Uasn1sainainines r

(4) NMFIIUFWINGDS 1 LBIFNAINUGAE Attention Head nasa1ndila

s . = s a Y s
LINLABDT 1 ﬂi‘UVJﬂ Attention Head 999UALINLEDT r ATUIUIALNINY 64 AUYUIAVDILINLG DT

gnudalineunih luiegsilaglainmes r 11 12 f (snmdsznaud 3.17) a1ntduien

LVAWBS rl DINMBS r12 U1 concatenation MU WAlALINWBSIAINILTVLIAWNAULINADS

o ¥ v & a | W
YDIAPNHU BIUVUIALNINY 768



a7

—_
Head 1 D:Dlh l I J |K| [ | I ‘V\ __- rligva
] 64 64
64
w  OOEe DEE- DI . -
: : : . HE HE
—
" ol Boiiove
Head D]:J Q i l [ Ml" i I I EJ ¥ _-64 e r1gye - r12),y, Concatenation 768
v (e DN« - e
&4 o4 64 64
—

AMWUsENauTN 3.16 Concatenation 13NLAaS r 1N Attention Head Wnaneiu

(5) AAUINLABS 1 FIELINING Projection ApINMBsNlAANTUROUN 4 191
. X % 9 a ¢ . X P A eav v & & o
Projection snen1spauiulin3ng Projection Fauluwmingilaainnisaeu anuunveld
¢ o = ag va 1 ¢ . & @ | oa &
VNResIFme auuRliteIINmes r-Projected Bedluwawiniu 768 WA &9 o 9a9 i

filo3dun13duannsvin Attention Mechanism (wandsianinwdssnauil 3.17)

768 X 768

ERENEE © oM |

rljoye - T'12jve Concatenation 768 r — projectedoy,. 768

Projection Matrix

ANUSZNAUTN 3.17 WaRINISASIINABS r-Projected

Sunauil 6 : Add & Norm

Add & Norm Tunszuaumsiifinisvinuagiianun 2 dufle Residual Connections
(Feiisdnlude ResNet) Aomsthinnmesieuntiflasdng Sublayer ddlufiduanefis Multi-
head Attention 3nuanfunnmesfignuszananasme Sublayer 1ud uideuiazinnines
suaniuldifu asfeninnnesfignuszananadae Sublayer ssiumsvi Dropout ereu
1ng Dropout fienisguliianmasunsdiunanedu 0 \Wioudtam overfitting Taaa Tneluina
Tramsformer Husia dropout rate = 0.1 PN annmesTEesiLTUInus @S 3.3

(LAMIRININUTENBUN 3.18)




768 768 768

L JON x HE - IEEEEs

% + Dropout {Sublayer(x))

Dropout(Sublaye

Dropout rate = 0

768

Sublayer(X)

AMNUSZNBUN 3.18 NSTUIUNTSYIN Residual Connections

< Y 1 . . a W & & o &
ﬂ%%L‘UWEﬂﬂSSU')UﬂWi Layer Normalization 1PeiNaNNISYNNA 4 TURDUAIY

Tng

love

(1) ANUIUANREAY (Mean)

a8

2 fie Layer Normalization Wieldnaansainnsguiunis Residual Connections

1
p==Xikix (3.4)
fio ALl
m  fg Purudayaluninmes
Xi fio doyaluniaesdd
winfmualineesves “love” oyansil
A5197 3.8 deyaveaanines “love”
0.6 0.23 -0.11 0.45 0.37 -0.27
g (06+0.23+(—0.11) + 0.45 + 0.37 + (—0.27))
B 6
w127
-6
g = 02117

(2) wArAUwUsUIIU (variance)



1ng

1ng

1« (3.5)
2 _ = § A2
o ~m '_1(xl )

Ao ANALLUTUSIU
Ao ALRAY
Ao Innudeyaluinines

A v s A
Ae SUEJEJuaIULFJﬂLG]@iGYJVI |

0% = 1 ((06-0.2117)2+(0.23-0.2117)2+(-0.11-0.2117)?
+(0.45-0.2117)2+(0.37-0.2117)2+(-0.27-0.2117)2)

o* = 1(0.5685)

g2 = 0.095

(3) Usulmduaunnsgiu (Normalize)

x. —
2 = 12_“ (3.6)
o° — &

3

v

P s A
Xi A8 sua;‘gaiunmmaimw I

'
I I

P

Ao ALaGY
g AAIULUTUTIY
7o /1 epsilon (azgnlansauiualunnseu Tuftdfmusli = 0)
%, 06— 02117
v0.095 - 0
%, 0.3883
~ 0.3082
%,  =1.2599
%, _0.23-0.2117
v0.095—- 0
%, 0.0183
~0.3082

£  =0.059
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WiavinnsUsUlAmEA1NInsEINMAIINABIVDY “love” FzuanIlad

M191991 3.9 TeyaTaaInmes “love” naiaRINUTUMEANIRNTEIY

_ —0.11 - 0.2117
v0.095 — 0

_—0.3217

~ 70.3082

= ~1.0438

_ 0.45— 0.2117
V0.095 — 0

02383

~ 03082

= 0.7732

037 - 0.2117
v0.095 — 0

_0.1583

~ 03082

= 0.5136

=027 - 02117
v0.095— 0

—0.387

~ 03082

= —1.2557

[y

91

50

love 1.299

0.0594 -1.0438 0.7732 0.5136 -1.2557
(4) YSumsmanawasdn (Scale and shift)
Norm(x;) = yXx, + (3.7)

lng X Ao Amnsguvestoyalulaninesiai i




=

Y A® A1 gamma

B faea

Norm(x,)

Norm(x,)

Norm(x;)

Norm(x;)

Norm(x,)

Norm(x,)

Norm(x3)

Norm(x;3)

Norm(x,)

Norm(x,)

Norm(xs)

Norm(xs)

4{' 2 & & 3 « ” Yo
Weotadadunszuiulinninesves “love” aguanslanail

Y
aa o
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(azgnlumausuanlunnseu Tuniliimuali = 0.5)

= 0.5(1.299) + 0.3
= 0.9495

= 0.5(0.0594) + 0.3
= 0.3297

0.5(—1.0438) + 0.3
—0.2219

0.5(1.299) + 0.3
0.6866

0.5(0.5136) + 0.3
0.5568

0.5(1.299) + 0.3
—0.3279

1 beta (Rggnlunauiueluynseulunidimunl = 0.3)

v

M1319% 3.10 Yeyavennines “love” nasnUumgAanauasIn

love 0.9495

0.3297

-0.2219

0.6866

0.5568

-0.3279

Yumauil 7 : Feed Forword

<

Feed Forword tJunszuiunisfitn Feed-forward neural networks fiaawduluwnanil

lassasaniseudengn mszdn mssnidunisvesoyasslululufianaies Afe Sudeya

[

Yy

971 input layer uddslusialuds hidden layer 15089 aunszisdis output layer Aazvgn lag
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£
v A

nN15¥1 Feed-forward neural networks 313 Activation function agvilsfiniuee eidu gelu

TAYANNNTOLENINITYINNUVDIVUNDULAININUTZNBUN 3.19

FC linear layer
Input: emb_dim
QOutput: hidden_dim

FC linear layer
Input: hidden_dim
Output: emb_dim

AMNUSENAUN 3.19 N15YN9UVBY Feed-forward neural networks

fisn - https://medium.com/dissecting-bert/dissecting-bert-part-1-d3c3d495cdb3

Wguré)auﬁ' 8 : Add & Norm

Add & Norm Tusoull WutunauneInutunaun 6 Wisaldsunnmasniinisuln
Audu NwWasnauazti Feed-forward neural networks AU LNWasNEUU1 Feed-forward
neural networks g w1t Weauduneuinietdunisaunisasne pre-training BERT Tu 1

Encoder ua7

Taelun1svin pre-training BERT Wuazdl Encoder Block #9Aatuvod Encoder 153
Seaiunmun 12 9u ielbilunauSuadminvesteyaenansiielvilunaiinlalassaiiania
o 14 5 @A gj 1Y PN
1Y ANRUTDINIW BAZNISITNIYT UUAAD Language Model WuLad (LaAIRINIWUTZNBUN

3.20)

12 { ENCODER ]

2 [ ENCODER ]
1 [ ENCODER J

[CLS]

BERT

AUsENaUR 3.20 Fua89 Encoder nelulanawuy BERT

fian - http://jalamlmar.github.io/illustrated-bert/
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ﬁUﬁauﬁ 9 : Task of Pre-training BERT

WBNIUNISHN Pre-training BERT n15618 Encoder 14 12 Fulidqluiaaliuyu BERT g
PMNYFHWDINILINUNIAUA 2 UMY LBUSUAIUNATNYRILUMA LD MALLLARLYNLD

[

TASIAS 1NN WIUINTITUY FINUNLAAWUU BERT Ty st ailnad

(1) Mask Language Model (MLM)

Aewufiarii word sequence \d BERT aziln1sunu “A1” luwsiag sequence aigly
W [MASK] 13891 “Masked Word” 1uau 15% wdaanntuliinaszyinnsyiungasaia
(Original Value) ¥e3 Masked Word dneenilifl MASK #i38n31 “Non-masked Word” @aiiu
U'%Uwﬁagjiau “Masked Word” Tu word sequence 5uﬂ ﬁm%’umiﬁmwﬁwﬁ'L‘f’lul,mﬁwm Ay

= o a L d’j
UNTTINUUNTITAIU

Jupauil 1: quivdsudlutoyaenarsizindrgluwauuu BERT ilulniau [MASK]
U 15% nuuddgnIzuIunis Input Embedding uag Positional encoding Litaass

nnneivesazAlutoyatenans wagtdninglunauuu BERT

[CLS], “my”, “name”, “is”, “kia", “##t”, “##num”, “##chai”, [SEP]

[CLS], "my”, "name”, [MASK], “kia", “##t", “##num”, “##chai", [SEP]

amUsznaudl 3.21 nisduldsudiludeyaienansdiuin 15% Wulmaw [MASK]

[
v

TUABUT 2 : WlaNnesveusazAlugAvtayaeNaISHIUNTIMTUAIELUAALUY BERT
Wa? ArdNINMBIVaY “Masked Word” g lunaiiovinuieatsaduay tnslunagmsu
VugAIRLANITUTENOUMY 2 diufe Feed-forward Neural Network uag #leidu SoftMax

Mgsadulieawuy BERT 71 encoder layer Fuuuanvasluiaauy BERT Hules

1
v

Tunauil 3 : WedniglunaadmiuiunganuiL azldfmiavanuuiaziduveg

AWAAINAITUILNY “Masked Word” (LaRINISYINUNIUALananInUsenaui 3.22)
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Use the output of the
masked word's position
to predict the masked word

[ FFNN + Softmax ]

BERT

Randomly mask .

15% of tokens
[cLs] [MASK]

Input

[CLS]

AMmUsENaUT 3.22 Jumounisviaiuludiunes Mask Language Model
(2) Next Sentient Prediction (NSP)

Tufunou Next Sentient Prediction vaslnaauuy BERT azuilymidu [CLS] vas
encoder Fuuugalusadfuliaadimivyhunedusslon Tun1svin Next Sentient Prediction
asuustloadnundug uazasSeudiiovinne dusgloafiaedluguselonfisudnandy
subsequence Tudayatenaisduatiy sevienisSeudiu 50% vestoundunmasniugusslon
(Pairs of Sentences) Tneuszleaiigesfinnundsuseleausndeaduy subsequent sentence Tu
foyatenansiuatiu Tuvazi 8n 50% vesdeyadunmilivae aw1du random sentence 910
afuanansignidenuniiulssloatiaos diuiotelilinausnuesseniansusyloalunis
Beusld lumsvsinsslafiaeadonsofuussloausnasavioli Tidudunsnudunon
sioluil

fupoudl 1 : thaunartomedglannauuy BERT

fumeuil 2 : [CLS] azgniningluinadisesyfu encoder duuuanues BERT Tuluiaa

2zUsenaunl8duved Fully-Connected layer ag Wentu SoftMax Feaglainimasnaans

R 2x1 AUsuandepuunasdun 2 Usyleadudulseloaiisiaiu sreflaidu SoftMax

AN1130LARITUNUNTSYINUluAIUTDY Next Sentient Prediction aaa
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Predict likelihood
that sentence B
belongs after
sentence A

1% | IsNext

99% | NotNext

[ FFNN + Softmax ]

BERT

Tokenized cee

Input [MASK]

Input [cLs] [MASK] [MASK]

.
Sentence A Sentence B

AMNWUSLNBUN 3.23 TURUN15YIN91UTuAINYDY Next Sentient Prediction

TudunouveINIs3uu3luna BERT 11 Masked LM uaw Next Sentence Prediction

awlasumsieusiuiu Inedidmunelunisan Loss Function N153uuainyisaeinagns

3.4 Fine-tuning BERT

Fine-tuning BERT Aan1susulutnawuy BERT Tivinauianig (specific task) si1e9La
wienaglluiaaiuy BERT @1u1s0vina1us1un1sduunaImusan (Sentiment Classification)

¢y aedeshdeys fisausauain Tripadvisor Miuyateyanansuuuiiearaarua g
nsrvaunsl Tususifeadulumanuy BERT azgnd endeddulunadiniunisduun
AINTAN FeazUsznousie Fully-connected Layer uazilaridu SoftMax Tneluwmadngunis
Suuneudint azdetudniulunauuy BERT fsumisvadindy [CLS] Fadulniudniu
$uFLUNBNATT (Text Classification) 71 encoder %uuuqm uenanBulAALUY BERT &adl
nsudnaiFeusuns encoder fuil 1 - 6 lalliusuAhminuazinsfweslulusswinenis
N3LUIUAIT Fine-tuning waztUalil encoder Fudl 7 - 12 Yduahmdauasmisfiwesly
wouqulumadmiunisduunaudn Weduannszurunmauditarldlinadnunis
F1uunAm3An (Sentiment Classification Model) iitgldlunuianizigainis dedunounis

AMLUIUNIT
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(1) shlsnadmuduuneuidndeudetulamauuy BERT fisumisvasinidy
[CLS] 44 encoder Huuwan Felumadmsuduunaudnuseneusie Fully-Connected
layer wazilaidu SoftMax Amusliinnimesnadnéilsnlunnadmiviuunauddnivuin
3X1 Bevsuenfanananiuaria 3 aandldun mnuddnuan (Positive) Anuddnidunans
(Neutral) uazAu3aNBeaU (Negative)

(2) ¥imsudnisiFeusues encoder il 1 - 6 lalliusuAiwinuazmnmiineslulu
S¥WINNITNINTEUIUATS Fine-tuning Lﬁ@lﬂﬁ‘[uLma'ﬁmayjﬁuﬁwﬁmﬁﬂmaﬂmmauw BERT
snnaufuluauinlugiym overfitting [22] I¥uaudali encoder dufl 7 - 12 Ysuamiwmiin
waznsiwesluniouqfuluwadmsunisduunanuian

(3) vihdioyaiisrusiuan Tripadvisor iglumailalilanmamsuy furthminls
WzENAUNUTUNAIINTEN

A3N30LARITURBUNTT Fine-tuning BERT dmfususuunarmidnldfanmusenou

#1 3.24 JumoUNT Fine-tuning BERT @S UauTuuNAINIEAN

TripAdvisor dataset

| text label [ SoftMax ]
This hotel i d 3
S [ Fully-Connected Layer ]
Breakfast is not delicious 1
The view of the hotel is very beautiful. |3 D:D I I T I [
[ Encoder 7-12 (Learning Weight) ]

Encoder 1-6 (freeze Weight) ]

iFom

[cLs) ‘this’ *hotel’ is' ‘good’ [SEP]

AWUsENaUN 3.24 TuRouNT Fine-tuning BERT diuauduunauian

Weduganszuiunistieduiamuaualnaglalunadmsunisdiuunainugdn

(Sentiment Classification Model) #ianunsathluldlunsiuunanuidnuninnsallsasuuds
3.5 fimag1an1sAuIMnsUsEululuy Multi-class

Tulaseauillonsuseiuuse@ns Analeaun1s NI SAUILN UL UUSEANS AN

Tuguwuusing laun Aadugndes (Accuracy) AANsEEN (Recall) Armanausiugh (Precision)
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wazAweN (F1, F-score) Ingn1snagloaunistumanilunisaiuinagiia1ann asuiaguwun

4

309 wlglunsAuae

Avual AeuRItulnIng fvanun 3 class Lawn Ausanuan (Positive) Amu3EN

Junans (Neural) uazauidnau (Negative) wazdivoyananisnad 3.11

M15199 3.11 $79819 ABUTITULUNSNTWUU 3 class

Actual Results
Positive Neural Negative
Positive 1918 66 23
Prediction
Neural 63 1716 243
Negative 11 164 1825

[

dl o 1 a a a U ¥ dy
AMNANTNT 3.11 @amnsamuauAInsUseiliulssansnnwangs laasl

A1ANQNABY (Accuracy: Acc)

ldUszdiunsviunenduiseranaignassaInduiudeyayanaaeuviavan daunis

TunnsAulusadl

TP+ TN (3.8)
TP+TN + FP +FN

ACC =

Y

8 AT LUNENANTTRLAYINUIEIITTY Lagduasy

o))y

1ng TP
N
FP
N

v o £

ANFITUNENasTayainueIThiase wasiuliiass

o))
©

o o v

8 AfmduunenastayainugdIese uiduliase

o))

8 AmfidTuunenastoyaviueinliase widiuduase

o)

7+2+1

A= g o+ 1+2+3 431241

10
0.2778

ACC =

ACC = 0.2778
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ANA1352aN (Recall)

Affinnsanddeyaiiluauduaisuendt a5 ualiegniiansandielunaud?

Tunavgyiunena “a39” lagndesuasnsaiumneu daunistunisAiueial

rp (3.9)
Recall = - :
TP+ FN
Tng TP fie AiFdLUNENENITRYAYIILEI1ATe Uaviuasa

FN @® ﬂ"]ﬁ(;f’aﬁf’lLL‘LJﬂL@ﬂﬁ’]i%@y‘,aﬁ’mw’jﬂﬁﬁﬁ\‘] wrsTuduase

7
Recallpysitive = m
7
Recallpysitive = E

Recallpsitive = 0.6364

2
Recallyewrar = gr575
2
Recallyeyrar = 1

Recallyoyrar = 0.1667

1
Recallyegative = 91311
1
RecallNegative = 1_3

Recallyegative = 0.0769

[

LarEINIsaMALRAY (Average) ¥09A1 Recall lalmadiaunislunismuiunad

Y Recall (3.10)

Averagepecan = n

1ng ZRecall Ao ANNATINYDIAT Recall vaamazAand
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n Ao IWIUAANE

0.6364 + 0.1667 + 0.0769
3

Averagegecan =

0.88

Averagegecan = 3

Averagepecan = 0.2933

ANA21ULAUUEN (Precision)

AnveIMsunengudayailumaiansanan sraudeyanivinnengudndy “a3e”
& & v a v v ) =~ -:4' = = v o o & oA’
vianuatil winasaagnassnntesiiiedle Wewssuiiguiudnnutdeyanmualunguindu

“ 2o A o % di’
939”7 Haunslun1sATuIuAl

rp (3.11)
Precision = :
TP + FP
Tng TP fie MIFALUNENANTTRNAYTIIUEI1ATY Uariuasa

FP i AffIdILUNleNansToLaUIEINR5e w5

. . 7
Precisionpesitive = 74849

. . 7
Precisionpysitive = ﬁ

Precisionpgitive = 0.2917

2
Precision
Neural 1+2+3

. . 2
Precisionyeyrar = g
Precisionyeyrqr = 0.3333

. . 1
Precisionyegative = 34+2+1
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1
Precisionyegative = 3
0

Precisionyegative =

[

| a | L. ~ ° &
LAYANTNIANRAY (Average) B84AN Precision lalasdiaunislunisaulumedl

Y. Precision (3.12)
Averageprecision = n
Tng ZPrecision AD ATNATINVDIAN Precision VoILAazAaNd
n AD INUIUAAE

0.2917 + 0.3333 + 0.1667
Averageprecision = 3

0.7917
Averageprecision = 3

Averageprecision = 0.2639

Ao (F1, F-score)

I v v A 1 ! ! = ! I o
Wusianidunisaunani (Balanced Score) 58MINAIAMNTEANLALATAIULNUEN

¥ 1 ‘:ll a . a o o dy
peAaagLuUgslulla (Harmonic Mean) faunslunisAuiaasil

Recall * Precision (3.13)
. .
Recall + Precision

F1 =2

A 1 =

Tng Recall Ao A1ANNAYE

Precision & ANAINMIUEN

1 5 0.6364 x 0.2917
L = *
Positive 0.6364 + 0.2917

0.1856
Flpositive =2 * 0.9281

Flpositive = 0.4000
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1 , 0.1667 * 0.3333
= *
Neural 0.1667 + 0.3333

0.0556
FlNeuTal = 2 * 0 9281

Flyowras = 0.1198

1 5 0.0769 = 0.1667
. = *
Negative 0.0769 + 0.1667

0.0128
FlNegative = 2 * 0.2436

Flyegative = 0.1051

LaYaNINIALAAY (Average) 989A F1 lalpedlaunislunisaiuiu

Y F1

Averagep; = ——
n

ZFl Al ANASINVDIAT F1 VaIuAazAad

A o

n A8 NUIUAAE

0.4000 + 0.1198 + 0.1051
Averager, = 3

0.6249
3

Averager, =

Averager; = 0.2083

[

N

i

(3.14)
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