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train length: 10565

1 D test length: 1103
e TRAIN DISTRIBUTION
(] —

Semantic similarity pair with
Semantic similarity pair with
Semantic similarity pair with
Semantic similarity pair with
=) Semantic similarity pair with
T BenChmqu E” O| -I = RG Semantic similarity pair with
S(]mpl_“’]g Ol-Ofl = Lé é E al % S TEST DISTRIBUTION
L l: Semantic similarity pair with
|> — | |- Semantic similarity pair with
o N : Semantic similarity pair with
o dal. / - Semantic similarity pair with
4 =. Kl'ue rObertG lorge Semantic similarity pair with
Tokenizer. BertTOkenizer Semantic similarity pair with
Dataset
o Klue-STS
o Kor-STS
(== (== |> Train Dataset Length: 5749
©) u c:!-]-, o o|-2 2 Train DISTRIBUTION
0 Semantic similarity pair with
re(]l.— I.G bel/score — Semantic similarity pair with
. Semantic similarity pair with
PreproceSS|ng Semantic similarity pair with
_ = Semantic similarity pair with
@) [Il’% A —CI]— E = _+_ —'?— < X‘” j‘l Semantic similarity pair with

o Labels = Labels /5

Train/Test IOl & Al 9:1= 2 bH

score
score
score
score
score
score

w» W NN+ O o

to 0.5 : 3200 (30.288689067676287%)

5 to 1.5 : 1229 (11.632749645054425%)
to 2.5 : 688 (6.5120681495504025%)
to 3.5 : 1343 (12.711784193090391%)
to 4.5 : 3559 (33.68670137245623%)
to 5 : 504 (4.770468528159015%)

to 0.5 : 334 (30.28105167724388%)

5 to 1.5 : 129 (11.695376246600182%)
to 2.5 : 72 (6.527651858567543%)
to 3.5 : 140 (12.692656391659114%)
to 4.5 : 371 (33.63553943789665%)
to 5 : 54 (4.895738893925658%)

A Klue-STS OO =&

to 0.5 : 592 (10.297443033571057%)

5 to 1.5 : 833 (14.489476430683599%)

5 to 2.5 : 902 (15.68968516263698%)

5 to 3.5 : 1359 (23.63889372064707%)

5 to 4.5 : 1435 (24.96086275874065%)

5to 5 : 362 (6.296747260393112%)

A Kor-STS HIO|EH & &
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class CustomPooling(nn.Module):
def _ init_ (self): )
super (CustomPooling, self). init_ ()
self.robert = AutoModel.from pretrained("klue/roberta-large") )
)

self.cos_score = nn.Sequential(

7 ot = Siamese BERT , e
Network= 0| =olf, 2 sentence L ey

output_one = self.robert(input_ids=senone['input_ids'], attention_mask=senone[ 'attention mask'],
b d d = O_” l token_type ids=senone['token_ type ids'])
I I l e I n g I I eq n - poo I n g output_two = self.robert(input_ids=sentwo[ 'input_ ids'], attention_mask=sentwo['attention mask'],
X H token_type_ids=sentwo[ 'token_type ids'])
tionS =Jt2 X &sl C
O p e ra I O n |- ; 0 O SI n e pooled one = mean_pooling_fn(output_one, senone['attention mask'])
SI I lq rl_t ?_ ol_ U /\ I o E /\_| j4| C| O—I pooled two = mean_pooling_ fn(output_two, sentwo['attention mask'])

OI A Ll [:l, cos_sim = torch.cosine_similarity(pooled one, pooled two)
logit = self.cos_score(cos_sim)

return logit

V1
Batch Size 8 16 8
Learning Rate 1.00E-05 1.00E-05 2.00E-05 3.00E-05
Warm up 0.1 0.1 0.2 0.6
Weight Decay 0.01 0 0 0.01
Epochs 4 4 5 5

A Model

mean_pooling fn(output, attention_mask):

D:| El embedding = output.last_hidden_state # (batch len, longest sentence length, 1
Kl.ue pa perO‘” o /\l [ att_msk = attention_mask # (batch_len, 1024)
mask = att_msk.unsqueeze(-1).expand(output.last hidden_state.size()).float()

hyperpa rﬂmeter% _CII_ _F_ /\l E 6" jl 0“ E masked_embedding = output.last_hidden_state * mask

me_sum = torch.sum(masked_embedding, 1) # (batch_len, 1024)
o © I-” 91|:O| 9}10-| 4Ul_-| 0-” r(]ndom SeGrChE ms_sum = torch.clamp(mask.sum(1l), min=1le-9) # (batch_len, 1024)
mean_pool = me_sum/ms_sum # (batch_len, 1024)

o o #lAHBIRASLILL

return mean_pool

A Mean-pooling



Name Smoothed Value Step Time elative
. 0.8901 0.894 4 Sat Apr 2,18:58:59 1h 6m 52s
ag. valid Pearsonr
0.894

Klue-STSHI B4R S =
N E24ds=S 2 = 2 valldatlon set0fl A
My Model Klue z| 1 &=

Pearsonr: 89.4 Pearsonr: 93.35

F1 Score: 84.9 F1 Score: 86.63

Avg Loss: 0.594 A Pearsonr

TT O
0
cI_OOE—l— T

{
o
(]
E J| =0t} SLILEL (s 252 epoch?ll X0l 2
E O':‘I Ll [:l,) Name Smoothed Value Step Time Relative

o . 0.8901 0894 4 Sat Apr 2,18:58:59 1h 6m 52s

Ol 24 2 Kor-STS test setlfl GISAIH=Z 2 1t
e Spearman:77.63 F1Score: 77.93

Cz FAGI E2ds=S 20 FUOIHE A

e o b} AUt = =00 Random Sampling & GI 0l & A 0f
* * BYSH CtAl fine-tuning ot A &LILCH

A F1 Score




Final Model & API

CtAl Fine-Tuning= &l&ist &2 1t APl Dl s
Klue-sts-dev

e Pearsonr: 88.45 (-0.95) Get (1:1 & = Predict)

= F1Score: 85.02 (_0-11) requests.get("http: //127 .0.1:5000/predict",
Kor-STS-test {'sentence one': 'St EX}7} HIES El1 9‘E|'7H:|’. L

e Spearman: 83.55 (+592) 'sentence_two': 'St HAPZL BHEE EtD 227t QUCE. 'y)

e F1Score:83.83(+5.9) Similarity Score:
Ol 5= BEHF=USLICE. b’4.906567573547363’
Metric Post (1:N & = Predict)
Pearsoanl- S':)e(:”“rr]clnS [:I- op = open('/content/drive/MyDrive/data/KorNLUDatasets/KorSTS/sts_sentence.csv', 'r')
|:| C—II = O| /\—| _Lf X.” (o} l:-II /\—i post_example = requests.post("http://127.0.0.1:5000/predict",

= E params={ 'base sen': 'St A7} AEOM BES YO AUCL. '},
| Ol-jl —,—l OH I- Ol- Ll EI— . files={'uploaded file': op})

F1Score: Predict 2t labelOH 0-5

rcmge = 30/l ThresholdE 204 dl
J1I/\Fo} =L
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Overview

o dl
=

klue/roberta & Kobert

SElA 40| )t =8t KorBERTE
AtEot] AA2LE AlZ2E2] WO A CHE
bert 222 AtEZ0t I SLICEH.

FOIOIE Al

IA—I ROt Bl AE train_original_news
(AI—Hub)

Text / Extractive / Abstractive 3742l
ColumnBt At=Z ot sLICH

Cleaning Data

Abstractive 2 220| Si= JIAF (400)
Extractive Column0i| None st
(8IH)

= MHStASLICEH.




Preprocessing

JlZ2 8 xel : ,
o U2/E2/T A D Candidates Prunin

Special Characters= Iﬂﬂ MatchSum paper
St =L CH blOCklng§ INE=Xels

Dol A5 Q=
== &l Al non-anonymized TES ASol A=

version2 Algsls 212 5 Pruning ot 2 L,

coo J|K 9 A = BertSum Paper0il
Xt

EXol=E 2R E2 (12 C=2X] Summary X‘”J—Efoﬂ A
OF OF A Greedy-Selection
o A S LI b
AMEot A S LICEH
MatchSum Papertl Al S AIE 3
&M 2| Steps
e Candidates Pruning (BertExt)
* ¢ o9 Candidate Combination
® ® % Sorting based on Rouge
***  (1+2+L)/3




greedy highest

Preprocessing

[2,3,10,1,0] [2,3,10,5,8]

MatchSum paper L0l A trigram blocking=S AtZ 6t Xl [2,4,11,1,0] [2,4,11,9,38]
Z=BertSum 222 2EY -2 20N 2 JIAE
5-10=ZZ Pruning ot 2LE OIS LN E &g e 2
BertSum Paper0il & Al=, Oracle Summary Xl £} 0f [2,3,4,0,1 [2,3,4,0,6]
A& &l = Greedy-Selection/Combination-Selection
A NRIES WA ARSI ASLICH 5,7,4,21 57420
e Extractive Column (AFEO0| =
T35 Rouge 1&2 & 42 [} 3} 5t ARnca oSl
=0l {H s SH LT Ind G

8,5,7,2,1 [3,5,7,2,4]

*Greedy Algorithm AtE Al

52l 2&H 22 0|F 0 & ‘Extractive’= OIS B2 220t (index 0
5C2 + 5C3 = 2074 2| Candidate Summary Xl &1) Fit2 885t=
22 Hl ot (Rouge1+2+L)/3 &I It 280l L 0f Highest
. « SAUZ BESIASLICH Column?| index At

=0
e o o




Tokenization & Model

Document (2 & ), Candidate Summary, Gold Summary
(AHE &Y QA2)EF
[CLS] + Tokenized + [SEP] Format2 & E23} 5t =0
Google ColabJt &= handle ot Xl = ol
e Candidate Summary JH2| =&
e Candidate Summary max_length =& (Default:
180)
Document max_length =& (Default: 512) =
Batch Size =& o ] ——
S22 ZRZ ot}ASLICH B |

it_ (self):
 (MatchSum,

MOdel eeze(1).expand_as(cand_emb)
e Siamese-Bert architecture (Document, Candidate & e ey
Gold summary2| Embedding 2 )
[CLS] E2 Y2 EM /R E Representation A MatchSum
MarginRankingLoss AtE (Margin-Based triplet loss)
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Overview

%
KcElectra-base
HI Ol =24 =21 O
tokenizer?} Electra 2 &
%._} E%E, qu Mstst

O Ty B3

Zretot A s LI

A Est GIOI & Al
e Korean-Hate-Speech-Detection
(Kaggle)
e Comments, Hate ColumnBt
AMEotA S LICH
Data Cleaning
* o oo At /special characters
® ® % URL&HTML

none 3486
offensive 2499
hate 1911
Name: hate, dtype: inté64

none: 0.44148936170212766 of the dataset
offensive: 0.31648936170212766 of the dataset
hate: 0.24202127659574468 of the dataset

A Hate-Speech Dataset
(Hate Column Label) & &




class HateClassifier(nn.Module):
O def _ init_ (self, hidden size, n_label):
re p ro c e ss I n g super (HateClassifier, self)._ init ()

dropout_rate = 0.5
linear_layer size = 515

Multi-Class Classification Task = {oll Label= self .kcelectra = Autolodel.from_pretrained|'beoni/KCELECTRA-base" )
self.classifier = nn.Sequential(
([ J [1,0,0] . None (O) nn.Linear (hidden_size, linear layer size),
. nn.ReLU(),
® [0,1,0] Oﬁen3|ve (1) nn.Dropout (dropout_rate),
. nn.Linear(linear layer size, n_label),
e [0,0,1]: Hate (2) :
o2 HEFIAS
— E d = Ol- AN = Ll ['_’l- def forward(self, input ids = None, attention mask = None, token type ids = None):

output = self.kcelectra(input ids=input_ids, attention_mask=attention_mask
, token_type_ ids=token type ids)

(1, 0, 0], [0, 0, 1]
i £ A F2g ') cls = output[0][:,0]
logit = self.classifier(cls)

return logit

Discriminator2 Soll L= CLS E2 % & E 3712l Labeldl A Hate-Speech Classifier
CHoll 2F2+2] 2= 2 Return dt= Classification Head 2 o=

& VAl A PredictionS &l gL Ct.

e Optimizer: AdamW

° Loss Function: CrossEntropyLoss



e o
e o
[ ) [ ) ° PY
Fine-Tuning/Test A
VA V2 V3 V4
412l Ct2 Hyperparameter Setting0ll A Batch Size 32 32 32 32
Lo N2 K| BH =04 A Learning Rate  2.00E-05 2.00E-05 2.00E-05 2.00E-05
Fine-Tuning= &l ot A5 U u, Dropout Rate 0.1 05 05 05
e V3:V2SettingUil Al Special Eps 1.00E-08 1.00E-08 1.00E-08 1.00E-08
Character 2t Punctuations= Epochs 4 4 4 4
HHEEK &2 M0|E A2 Hidden Layer 7?8 515 515 515
V4 /\F% _Cnl_ % KCEleCtrG—bGSG N Warm up len*0.1 len*0.1 len*0.1 len*0.1
kcelectra-base-v3-discriminator A Fine-Tuning Details

C —
PE A=

V2 epoch 1 (Validation Set) 0l A

0 =333 J2ik XOotelFE WS HOMM FEAUCH o LIS 2K/7F ATUNE

e 74%2| Accuracy ! ECE sr-gsea
Blelofsts SH3ZH T s2tn HE2F oy e
° 0.6339—| Loss telO|SH= G ZAF|TH o2t M fE|Lftof E |
2 JIZE5IYSLItH ATMZISHLLE QLT 2iEa|X ATLIRE!! LS o Zgo|e
e o o F3iS of= & o|Hl Hsict...
* ® Raggle Competition Score : 0.66421 (#2) A Ol Al Prediction

comments label

2

o O o



Decision
Tree
Learning &
Linear
Classifiers ...




O*TEI 2 Overfitting=S & X[ o) —rl off 2t&
NodeZ Prune otH, &&= Al treel| & &
L LIHSIE S LICY.

Z=Jt=2, Perceptron Learning Rule 3t Hard Threshold S
Z0ot= Classifier, Logistic Regression= HIE 2 2

& S ot= ClassifierE #8010, Clean/Noisy Gl 0| & 2t

Learning Ratedt 50 Ol Xl= S &= sfse = U=

H IO = =L

Decision tree St52 WAl OO0IEHZ=Iris GIOIE Al S
AtE ol A 1, Classifier st& = 7ol Earthquake Gl O] &
o= M% PM LICF.
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T2NE Qo

I —/

Exact String Matching@ £ Xt AtZ &l = Boyer-Moore
ZAE I €25 Heot¥ =Ll

e Bad Character Heuristic

e Good Suffix Heuristic
S IHNZ2 0I2FAHAN 2De|EL 2 pattern?] L X &S
JlZE2 = JtE optimal 8t shift€ & Z&LICEH.

Preprocessing
e Bad Character Heuristic
o IHEO| D& character& L 0tCHE shift ol Of
ol=RXl matching Ol & Ol Ol2| Hl&F & L|Ct
e Good Suffix Heuristic
o Border2 Shift & arrayE H &HELICH
o Shift[i]:i-10l Al mismatchJl L H Y Al shift&
e o o a/t
e o o (@) Border: j—ll- EHEJ—OJ EIV&(}” EH6H jl'jg H2
border®| Jt& it E index

def preprocess_badchar(pattern):

default = -1 # default: jumping over mismatch
badchar = [default for _ in range(256)] # all char
i=o
for char in pattern:
badchar[ord(char)] = i
i+=1

return badchar

A Bad Character & X 2|

def preprocess_goodsuff(pattern, border, shift, pl):
ione = pl
itwo = pl + 1
border[ione] = pl + 1  # border is outside of pattern

# strong good suffix
for _ in range(pl):
while (itwo < pl + 1) and (pattern[ione-1] != pattern[itwo-11): #th

if shift[itwo] == 0:
shift[itwo] = itwo - ione # amount to jump

itwo = border[itwo] #

ione, itwo = ione - 1, itwo - 1
border[ione] = itwo

# partial good suffix
for index in range(len(border)):
if shift[index] == 0:
if index > border[0]:
shift[index] = border[border[0]]

else:
shift[index] = border[0] # widest boarder of the pattern

/A Good Suffix & X 2|




2 Jels [ ALE Ul Al

Input 04 Al
Array 1: List of patterns to be matched
Array 2: List of Text to be matched

[ |laaall .
[ "aaaabbaabbccdd”,

"aaaabb", "aabbcc", "abb",

Output 0l Al

Mode 1

llbccll,

o 2 IHE 0l textOl ZXHot= Xl Yes/No=Z

Return
Mode 2

o 2 TextOll CHoll 27 THE& 2| = &4 IH

appearancel| & B I{ indexE return

Mode 3

beccll ,

"aabbccddcceeaabbaaaaa” )

o 2 TextOil CHoll 2F IHE 2| 2= appearancell

X U indexE return

def boyer_moore(pattern, text, mode):
position = []

pl, tl, index = len(pattern), len(text), @ # pattern le

border = [0 for _
shift = [0 for _

in range(pl + 1)]
in range(pl + 1)]

rb = preprocess_badchar(pattern) # reference for
preprocess_goodsuff(pattern, border, shift, pl) # prepr(
# print(rblord("a")]1)

while (index < t1 - pl + 1):

# print(index)

# check for mismatch index (on the text) (examine f
mismatch = -1

for x in range(1, pl+1): # 1~8
if text[index + pl - x] != pattern[pl - x]: #8
mismatch = index + pl — x # index + 8 - (1~§
break

if mismatch == -1: # matched
position.append(index) # list.append(index) # td
if mode != 3:
return positio4
else:
index = index + shift[0]
# determine what shift to take (bad_char/good_suff)
else:
gsi = good_suff_shift(shift, index, mismatch)
bci = bad_char_shift(rb, text, index, mismatch)
# print(gsi, bci)

index = index + max(gsi, bci)

(when finding all possib

A Main &102|3

return position #no match
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tomic Sentencelll True/False gft= £ 0o
HI Ol A Dt 3 2l £ entail =Xl ZHEHEHL| CF.

SCHM =2 HAalo2= XAHIOIAL R &Y
=cls 8o HEG o= AFY S D\ Bt
ot Resolution € 12| &2 *&otASLIC

o AHZBHOZ FH2|Jlentail & = UK 2IEELIC

o
=l
=)

=

Sentence
AtomicSentence

ComplexSentence

OPERATOR PRECEDENCE

-

—

-

AtomicSentence | ComplezSentence
True| False| P| Q| R ...

( Sentence ) | [ Sentence ]
- Sentence

Sentence N\ Sentence
Sentence V Sentence
Sentence = Sentence

Sentence < Sentence

_'7 /\7 \/’ :>7<:>

A Backus-Naur Form

A Resolution & 12|
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Bayesian Network structureE & st &, Al JtXl =&
2elsS FEot»SLI.

EnumerationS 0|2 &t & B M Exact Inference € 12|52
e XMLBIF LI 0 A =& Evidencell et 2 F 2

variablel| &= 2| & LILC}.

K 70

t i
f o1

1 Gk 22 Approximate InferenceE fIoi M =
e Prior Distribution= J|Bt2 & D= EventE M &0l A Bayesian Network 0| Al
Evidence 2t & Bt%|l= EventE Ml J1dt= Rejection
Sampling
Evidence2t & & St Event@t 44 45l Rejection
Samplingl HIe 2482 E&tote
Likelihood-weighting
o o = U)2ES FEOIUSLIL
e o o
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JFX1 2l Entities2t CHA JFXI 2 RelationshipsZ 0|20 A
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