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clean_etc_reg_ex(titlel:
ar(input String): e
S [CDFET, O, inputString)

Cjoin(text_kor.split()) n
return text_kor title
title
aet_dict_valueltoken, dictionary): title
boc title
token| dicionarye| kevgte= EMEHCHH oS valu = title
v title
title
title

I f token in dictionary:

return dictionary[token] .
|se: title

return title

return token

) L . . o . clean_with_pos(title):
clean_with_dict(tokenized_title, dictionary): ""Til = -
- _ _ R =52 HiZroz CiolE M

stzl EM tokens0| ditionarye| kevdtHl =FEHCHHA F_HEH i . -

e agged_tuples = tokenizer. pos(title)

token_list = tokenized_title.split(" ")

cleaned_list = for tag in tagged_tup

for token in token_|ist: if tag[1] not in P
cleaned_list.appendiaet _dict _value(token, dictionary)) tmp. aprend( tag[0])

return * " join(cleaned_|ist) return " "L Jointtng)
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=2 : ok MX2| + Simple Dense Layer 22

0: UserWarning: Converting sparse Ind

sent_

accuracy: 0.5444 - yal _loss: g4 val _accuracy:

return sent_clean o o
accuracy: [0, 8031 val _loss: [0, 7EGEY val _accuracy:
trainl'cleaned_title']l = trainl'title']. ar
test['c d_title'] = test['title']. ap

accuracy: [0.8727 val_loss: 0,67 val _accuracy: [

val _loss: 0,649 val _accuracy:

train_label = np.asarrav(train.topic_idx)

L 14 trasfordirabn o) astme 10a138) # 23 HO\S® ' <clacs ‘mn.flotaz'" o1 A=l 510|m mi2}0o| E
. dense layer :128
. dropout:0.2
e S - activation function : softmax
. loss fuction : sparse_categorical_crossentropy
. optimizer : adam

il learning_rate=0.0017,

L% = train_label [ 400007,

Ctrain_tf_text[40000:],train_label [40000:17,
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Held - Mol MXE| + Simple Dense Layer 22

0: UserWarnina: Converting

- val_loss: 0,827 val _accuracy: 0O

at 37 i 0.5705 - val_accuracy: 0

acy: 0.9186

dnn_model {1 *l'-g-EI_I -6|-0|]I'| ]Il'El'DlE'l . O} EE'”_]__I_l- %Cﬂ
model
model
model | a

turn noel : Prepro_Simple_DNN.csv 0821686747

model = dnn_model (]

model . conpi el | =
optinizer = tf.optimizers, ddani learning_rate=0.001),
metrics = [‘accuracy'])

Simple_DNN.csv 0.7877327492

history = model . fit(x = train_tf_text[:40000],v = train_label [:40000],

validation_data = (train_tf_text[40000:].train_label [40000:]),
epochs = 4) |
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layer@| P& S8 d2 HapPt 3| §iS

= validation, test accuracydlA 25 Hs = B
overfittingS YX[S}2| £/3h dropoutE AtE

= val accuracy :0.83

categorical entropy, sparser categorical entropy<|
input typeO| CtE — one-hot vectorZ AtE

= testaccuracy:
= public:0.79
= private:0.82

val accuracy : 0.78

test accuracy
= Public:0.75
= Private:0.78




01. RNN

02. Bi-LSTM
a. Bi-LSTM
b. Bi-LSTM (+Fasttext)
c. Bi-LSTM & CNN ensemble

03. BERT

a. KoBERT (1)
b. KoOBERT (2)
c. DistilBert
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RNN

Konlpy2| HElia EJLIOIEE Sall (Al BANZE TX2[E O{X 28

# TX train GIO|E2t test C|O|E gi®4A |l0| HiE=E THE|

X train = np.array([x for x in train merge[ 'title detok morph']]
X test = np.array([x for x in test['title detok morph']])

Y train = np.array([x for x in train merge[ ' topic idx']])

print (X train.shape)
print (X test.shape)
print (Y train.shape)

print (X train)
print (X test)
print (¥ train)

(9131, [rolE mE BE7| TE FUE ofdy mE MY dolM P2 ZW B0 0|2 M AY
E 4555;’, o2t 92 7IE w5 M 012 ZH MY R ... AAE 725 12 "2 MH Ex ofE)

B HiY|E =E 2 H=E 4F' 'Els fad Ny Aldd UE 2 il SEY 4dF )

['REE UE Y F20j0lE RI¥ B 2 ool B S2M U AW ¥ WA U 27} B} 0 =8
WA S0F a8 RA A9 AR A EE ZOH' AR of2jy ofmEst JHwed &3 s ZA

‘el Bl BB A 52 A HA B AY M 2P
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RNN

S g2 122 TS 2 X10] XZ|0f| M HiA| — =Y = H|SE X}X[ot=X] 22l
"[189] # Tokenizer

from keras.preprocessing.text import Tokenizer
vocab size = 2000

tokenizer = Tokenlizer(num words = vocab size)
# Tokenizer = HO|E0| E@isi= 2= ©OE == M Bx 2 JEHA
# num_words O AZE I A= HESL, LOX= 0 22 BHEELC
tokenizer.fit on texts(X train) # Tokenizer 0| GO &HZE ¥
sequences train = tokenizer.texts to sequences(X train) #
sequences test = tokenizer.texts to sequences(X test) #

—

-

g W
g W

Ho Ao
rin rin
m rn
}-.
H
re
oo

Kol Hol

[ ri
=1
s re

U
e
1

print(len(sequences train), len(sequences test))

tho EEH(vocabulary)2l 37| : 28002

=o Bt 1 olstel =9 T2 +: 10364

e EEHlA B He HlE: 37.0116420255696

A S8 vxolM =9 B S8 Yk H|E: 2.7398419118618977
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RNN

A O|O|E{of|A] 2}& 20|72} 21 2|Eet XA C|o|E| 20| B I &t

=1 L.

2|72 =ol Z0 : 16

2l5el H ZO| : 8.28558286239979 Document lengths
10000 - === Sequence length mean:E}
0& Document lengths II
[
8000 - 05 - i
. :
B 0.4
E 6000 z :
WA . n
5 & 03
o I
.E 4000 :
= E'E T |
- l
i I
2000 0.1 - I ||.|
[
I}D I I I I ! I I I
0 - 0.0 25 5.0 75 10.0 12.5 15.0 17.5

0 2 4 b B 10 12 14 16
length of samples ?H::! :|r_| _E_:ﬂ-% 16 ]HE| El-m%r j'l.?-'d- % E‘Q% 0 ?Hﬂ '.'_'_":'1% ?l':"‘-'l—'_—' H%thla
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RNN

%8 2|52 20| 1622 T

[{o}

# =4S Co|E] FHXE 2
## T2 &0|7] ®ZHZol7| wi2o| HE 37| O OIS
#—# agi8g2 Fo A3 "ol 37(211) o 4H4siAH #e2ln
## IiH (padding) HYUS S8 LIHA| 8 2IrE 022 XS

max length = 16 # FiolM = =Yl ¥ Y
padding type='post'

train x = pad sequences(sequences train, padding='post’', maxlen=max length)
test x = pad sequences|sequences test, padding=padding type, maxlen=max length)

print(train x.shape, test x.shape)

(45654, 16) (9131, 16)
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RNN

Simple RNN Layer At 2 &
(37H2] RNN Layer Atg)

#LCHO|E E3

vocab size = 17640 # {0lM 8 AfO|=
embedding dim = 100

max length = 16 # FloflM iz ol ¥ HE

padding type="post e e O e Parem .
embedding 4 (Embedding) (None, 16, 100) 1764000
# Simple RNN Z|0|HE AtEE ©E (modell) & _ ,
modell = Sequential ([Embedding(vocab size, embedding dim, input length =max length), simple_rnn_3 (SimpleRNN) (None, 16, 64) 10560
tf.keras.la}rers.S{_mpleRHH{un%tE = 64, return sequences = True), simple rnn 4 (SimpleRNN) (None, 16, 64) 8256
tf.keras.layers.SimpleRNN(units = 64, return sequences = True),
tf.keras.layers.SimpleRNN(units = &4), simple rnn 5 (SimpleRNN) (None, 64) 8256
Dense(7, activation='softmax') # @10l 0-4 0|22 Dense(5)
1) dense 4 (Dense) (None, 7) 455
modell. cﬂmpil& { logs= 'ecat Egﬂrical_ﬂ rossentr opy ! ' e T T Y Y T Y Y Y T Y T Y Y T T T Tt
#0217 HE F st UF= ZH0[22 &4 &= categorical crossentropy Total params: 1,791,527
optimizer= 'adam', Trainah}e params: 1,791,527
metrics = ['accuracy']) Non-trainable params: 0

modell.summary( )
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epochs=10, batch_size=100, validation_split= 0.2

Konlpy ©X2| £|7| M RNN

loss of LSTM (model2)

134

124

11 A1

10 A1

09 1

03 1

07

OG-

— loss
==~ wal_loss

2 4
Epoch

= -
o

accuracy of LSTM (model2)

075 1
070 -
065 | —— accuracy
=== val_accuracy
LAY
0ad 4 £
’!.‘ - "" \'\\
~ e T ,
f “\ﬁ ’,f it \\‘-—-
nss54 T
£,
£
T T T T T
0 2 4 G ]

Konlpy MX{2| £l & RNN

loss of RNN (modell)

144

124

10

0.8 1

06 4

0.4 4

02 1

— loss
=== val_loss

S

=
()
=y
(=]

accuracy of RNN (modell)

095 4

090 -

(L&85 4

080 4

075 4

070 4

065 4

—— accuracy
=== wval_accuracy

Epoch 1/10
366/366 [=m=m====

1.2989 - val_accuracy:
Epoch 2/10
366/366 [=mmm====

0.5237

=] -

1.1444 - val_accuracy:
Epoch 3/10

0.5887

=] =

366/366 [====m===
1.1602 = val_accuracy:
Epoch 4/10

366/366 [====m===

0.5570

1.1912 - val_accuracy:
Epoch 5/10
366/366 [====m===

0.5450

-]_

1.1227 - wval_accuracy:
Epoch 6/10

0.5816

-]_

366/366 [========
1.1441 - wval_accuracy:
Epoch 7/10

366/366 [========

0.5727

1.1494 - wval_accuracy:
Epoch B/10

0.5648

=] =

366/366 [=mmmm===
1.1288 = val_accuracy:
Epoch 9/10

366/366 [==m=m===

0.6093

1.2020 - val_acecuracy:
Epoch 10/10
366/36F [=mmmm====

0.5651

-]_

1.2051 - val_accuracy:

Epoch 1/10

0.5603

-]_

366/366 [===========
Epoch 2/10
366/366 [===========

Epoch 3/10

366/366 [====s=======
Epoch 4/10

366/366 [===========
Epoch 5/10

366/366 [===========
Epoch 6/10
366/366 [===========

Epoch 7/10
366/366 [===========

Epoch 8/10

366/366 [===========
Epoch 9/10

366/366 [===========
Epoch 10/10

366/366 [===========

10s 13ms/step - loss: 1.0782 - accuracy: 0.6051 - val_loss:

4s

4z

45

4s

s

4is

l0ms/step - loss:

l0ms/step - loss:

l0ms/step - loss:

l0ms/step - loss:

l0ms/step - loss:

l0ms/step - loss:

l0ms/step - loss:

l0ms/step - loss:

l0ms/step - loss:

22s 46ms/step -
l6s 45ms/step -
27s T4ms/step -
17s 47ms/step -
17s 46ms/step -
18s 49ms/step -
17s 45ms/step -
17s 46ms/step -
17s 47ms/step -

17s 47ms/step -

0.

0.

0.

Q.

0.

0.

0.

0.

Q.

7873

7417

7187

6380

6852

6681

6566

6422

6287

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

loss:

= accuracy:

= accuracy:

= accuracy:

= accuracy:

= accuracy:

= accuracy:

= accuracy:

= accuracy:

= accuracy:

0.7939 - accuracy:
0.5029 - accuracy:
0.4213 - accuracy:
0.3566 - accuracy:
0.3053 - accuracy:
0.2576 - accuracy:
0.2215 - accuracy:
0.1937 - accuracy:
0.1607 - accuracy:

0.1461 - accuracy:

0.7313

0.7457

0.7523

0.7574

0.7605

0.7643

0.7674

0.7707

0.7739

val_loss:

val loss:

val_ loss:

val_ loss:

val_ loss:

val_loss:

val loss:

val_ loss:

val_loss:

0.7341 -
0.8363 -
0.8606 -
0.8808 -
0.8984 -
0.9127 -
0.9248 -
0.9349 -
0.9466 -

0.9506 -

val loss:
val loss:
val loss:
val loss:
val loss:
val loss:
val loss:
val loss:
val loss:

val loss:

0.8469

0.8696

D.9022

1.0168

0.9735

1.0917

1.0488

1.2147

1.4264

1.4409

val accuracy:
val accuracy:
val accuracy:
val accuracy:
val accuracy:
val accuracy:
val accuracy:
val accuracy:
val accuracy:

val accuracy:

0.7098

0.7076

0.6892

0.6725

0.6940

0.6854

0.6805

0.6615

0.6417

0.6495
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DACON XN|= ZH 1}

20220201 RNN_2.csv 5099.07.02 935841 0.7886089814
0.7520805957
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Bi-LSTM

UHISE LSTME AL (Bi-LSTM, Ko et al., 2018)

O|F A&l Tho] MK & ofL|at, hs
CHe Ao Cho] HEE A810| 9|8t o
oo
L
@
® ® . o o ®

LETM LETM LSTM LSTM LST™
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Bi-LSTM

Bi-LSTM Layer A%t R =
(3712] Bi-LSTM Layer A+2)

Model: "sequential 5"

_ i — Layer (type) Output Shape Param #
# LY LsTM BO|0S AMEEt EE (modell) FE2 e mmm——m e m—— e m————mm———m————mm——————————————————————————==
model3 = Sequential([Embedding(vocab size, embedding dim, input length =max length), embedding 5 (Embedding) (None, 16, 100) 1764000
tf.keras.layers.Bidirectional (LSTM(units = 64, return seguences = True)),
tf.keras.layers.Bidirectional (LSTM(units = 64, return sequences = True)), bidirectional 9 (Bidirectioc (None, 16, 128) 84480
tf.keras.layers.Bidirectional (LSTM(units = 64)), nal)
Dense(7, activation='softmax') # E310] 0-4 0|22 Dense(5)
1 bidirectional 10 (Bidirecti (None, 16, 128) 98816
onal)
model3.compile(loss= 'categorical crossentropy', # 027 &EE = Lt SF= EH0EE &4 & bidirectional 11 (Bidirecti (None, 128) 98816
optimizer= 'adam’, onal) -
metrics = ['accuracy'])
model 3 .summary( ) dense 5 (Dense) (None, 7) 903

Total params: 2,047,015
Trainable params: 2,047,015
Non-trainable params: 0
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Bi-LSTM

epochs=10, batch_size=100, validation_split= 0.2

Konlpy M%2| =l 2 RNN

loss of RNN (modell)

144

124

104

0.8 1

06

04 1

02 1

— loss
=== val_loss u

accuracy of RNN (modell)

0.95 1 — accuracy
=== val_accuracy
090 4
(.85 4
0.80 4
0.75 4
p7od TTT TNl P
‘H"-u-.-"# ‘---‘--""-\.__
0.65 - T
0 2 4 3 B
Epoch

Bi-LSTM

loss of Bidirectional LSTM (model3)

14 1

124

10 1

— loss
=== val_loss 4

S

= -
%]
=
(=3
[==]

accuracy of Bidirectional LSTM (model3)

0.95 1 — accuracy
=== val_accuracy

0.90 4

0.85 A

0,80 4

0.75 4

0704 T Tsel —

-""*n.-......-.-'"" Smm——

0.65 Rt
T T T T T
o 2 4 & ]

Epoch

Epoch 1/10

366/366 [========s============co=o=oooo ] - 22s déms/step loss: 0.7939 accuracy: 0.7341 val loss: 0.Bd469 val accuracy: 0.7098
Epoch 2/10

366/366 [======s============c=c====cc== ] - 16s 45ms/step loss: 0.5029 accuracy: 0.8363 val loss: 0.8696 val accuracy: 0.7076
Epoch 3/10

366/366 [============================== ] - 27s T4dms/step loss: 0.4213 accuracy: 0.8606 val loss: 0.9022 val accuracy: 0.6892
Epoch 4/10

366/366 [======s============c=c====cc== ] - 17s 47ms/step loss: 0.3566 accuracy: 0.8808 val loss: 1.0168 val accuracy: 0.6725
Epoch 5/10

366/366 [====s======s=s================= ] - 17s 46ms/step loss: 0.3053 accuracy: 0.8984 val loss: 0.9735 val accuracy: 0.6940
Epoch 6/10

366/366 [====s=s======================= ] - 18s 49ms/step loss: 0.2576 accuracy: 0.9127 val loss: 1.0917 val accuracy: 0.6854
Epoch 7/10

366/366 [============================== ] - 17s 45ms/step loss: 0.2215 accuracy: 0.9248 val loss: 1.0488 val accuracy: 0.6805
Epoch 8/10

366/366 [====s=s======================= ] - 17s 46ms/step loss: 0.1937 accuracy: 0.9349 val loss: 1.2147 val accuracy: 0.6615
Epoch 9/10

366/366 [============================== ] - 17s 47ms/step loss: 0.1607 accuracy: 0.9466 val loss: 1.4264 val accuracy: 0.6417
Epoch 10/10

366/366 [===================c=c====cc== ] - 17s 47ms/step loss: 0.1461 accuracy: 0.9506 val loss: 1.4409 val accuracy: 0.6495
Epoch 19/20

366/368 [======s====s=======c==oooooooo ] - 695 187ms/step - loss: 0.1327 - accuracy: 0.9538 - val loss: 1.6017 - val accuracy: 0.6932
Epoch 20/20

366/368 [======s====s=======c==oooooooo ] - 68s 185ms/step - loss: 0.1256 - accuracy: 0.9559 - val loss: 1.6632 - val accuracy: 0.6898




DAy 003

Bl_LSTM # AZ nit A4S

n fold = 5

[ seed = 42

cv = StratifiedKFold(n splits = n fold, shuffle=True, random state=seed)

# E|AEC0|Ee] oFdt ©E = 4Y

. e test v = np.zeros((test x.shape[0], 7))
= Bi-LSTM RS &g

# F7| B8 4 =7} Loading...
es = EarlyStopping(monitor='val loss', min delta=0.001, patience=3,
verbose=1, mode='min', baseline=None, restore best weights=True)

=< =< .
. j:lls mxl-jn-ls(StratlfledKFOId) for i, (i trn, i wal) in enumerate(cv.split{train x, ¥ train), 1):
x_-ll_g_'é'l.j_ EEIEI <)El|H_I-§-I- print(f'training model for CV #{i}')

model3d.fit(train x[i trn],
to categorical(Y train[i trn]),

=< =< 2 >c validation data=(train x[i val], to categorical(Y train[i wval])),
= val_loss 7|&C 2 XV|F5& FHE 7| cpochs=10,
atch size= '
callbacks=[es]) # E7 25 54

test y += model3.predict(test x) / n fold # LIZ OISiE&S uit 48 =2 L=h

training model for CV #5

Epoch 1/10

T12/72 [==============================] - 4l5 58lms/step - loss: 0.4265 - accuracy: 0.8571 - wval loss: 0.4275 - val accuracy: 0.8567

Epoch 2/10

T2/12 [=============c================] - 425 579ms/step - loss: 0.4040 - accuracy: 0.8656 - val loss: 0.4575 - val accuracy: 0.8453

Epoch 3/10

12/72 [==============================] - 425 584ms/step - loss: 0.3903 - accuracy: 0.86B8B3 - val loss: 0.4817 - val accuracy: 0.8394

Epoch 4/10

72/72 [======s========================] - ETA: 0s - loss: 0.3775 - accuracy: 0.8737Restoring model weights from the end of the best epoch: 1.
12/72 [==============================] - 435 5%bms/step - loss: 0.3775 - accuracy: 0.8737 - val loss: 0.5045 - val accuracy: 0.832Z1

Epoch 00004: early stopping
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Bi-LSTM & FastText

= pythonQ| FastText 2j0|HE{2|E A&k

oiEHA HHEz2l k| 2Had=2 oIl X|SH
lpip3 install fasttext o H_l_ - -I | - = 0O= E'H.llo - O

import fasttext

# fast text 9| QUEEZ O F=27} =0} T " FaStTeXtE -6-I-L|-'o—| EI_I-O-l (I)_I-O"E 0:| E'-I

# input must be a filepath. The input text does not need to be tokenized EI'O'l — Ol xxI.l_é_l-l_ 7_I OE jl_x
— = — —_ A— — ’

# as per the tokenize function, but it must be preprocessed and encoded as UTF-8.

- e
model = fasttext.train supervised('./data train.txt', dim = 100, ws = 3, minCount = 100) *-I = -?-_I - (Su bWO rd)% _'| E—1 OI'O:| gll-ﬁ
#7] 20| ol Al 1}E] array([[ 0, 0, 0, ..., 5302, 2558, B8262],
tokenizer = Tokenizer() [ 0, 0, Oy - ¢ 1375, 3026),

. . ( . [ 0, 0, 0, «.uy 68, 387, 3922)],
tokenizer.fit on texts(data train)
& @ @
vocab size=len(tokenizer.word index)+l1 [ 0, 0, 0, +.., 2111, 36, 821,
data train = tokenizer.texts to sequences(data train) [ 0, 0, 0, «uu, 670, 12284, 4067],
data test = tokenizer.texts to sequences(data test) [ 0, 0, O, veus 29, 10106, 28002)), dtype=int32)
#2= SEOM 7 70 B e Zo| 4817
maxX len=max(len(l) for 1 in data train) array([I 0, 0, Oy «ues 44, 1441, 3307,
[ 0, 0, O, «vuy 373, 11313, 3090],
#max len®| SHEM TS5} [ 0, 0, 0, ..., 4354, 2216, 106],
i _ i _ RN
X train = pad sequences(data train, maxlen = max len) [ 0, 0, 0, ..., 108, 551, 617,

X test = pad sequences(data test, maxlen = max len) [ 0, 0, 0, ..., 1439, 5196, 1077],
[ 0, 0, 0, «uuy 44, 417, 4372)], dtype=inti2)
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Bi-LSTM & FastText

Bi-LSTM Layer A&

max len=16

# Of2f J2i=o0lA max length 1622 H3
vocab size=28003

embedding dim = 100

model 5=Sequential (|

Embedding(vocab size, embedding dim, weights=[embedding matrix],input length=max len,trainable = True),
tf.keras.layers.Bidirectional (LSTM(64, dropout=0.2, recurrent_dropout=0.2,return_sequences=True)),
tf.keras.layers.Bidirectional (LSTM(64, dropout=0.2, recurrent dropout=0.2,return sequences=True)),

tf.keras.layers.Bidirectional (LSTM(64, dropout=0.2, recurrent dropout=0.2)),
Dense(7, activation='softmax')}])

Model: "sequential 1"

Layer (type) Output Shape Param #
embedding 1 (Embedding) (None, 16, 100) 2800300
bidirectional 3 (Bidirectio (None, 16, 128) 84480
nal)

bidirectional 4 (Bidirectio (None, 16, 128) 98816
nal)

bidirectional 5 (Bidirectio (None, 128) 98816
nal)

dense 1 (Dense) (None, 7) 903

Total params: 3,083,315
Trainable params: 3,083,315
Non-trainable params: 0

2 (37H2] Layer)

A8l of0| I mi2ta|E

dropout : 0.2

Recurrent_dropout : 0.2

activation function : softmax

loss fuction : categorical_crossentropy
optimizer : adam
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Bi-LSTM & FastText
E——

Early stopping & model checkpoint 7}

es = EarlyStopping(monitor='val loss', mode='min', verbose=1, patience=4)
mc = ModelCheckpoint( 'best model.h5', monitor='val acc', mode='max', verbose=1, save best only=True)

from sklearn.model selection import train test split
X train, X valid, y train, y valid = train test split(X train, y train, test size=0.2, random state=1000)

from tensorflow.keras.utils import to categorical
model 5.compile({optimizer='adam', loss='categorical crossentropy', metrics=['accuracy'])

history = model 5.fit(X train, y train, epochs=15, callbacks=[es, mc],
validation data=(X wvalid,y wvalid), batch size =100, validation split = 0.2)

L2 2 epoch — overfitting

L2 M2 epoch — underfitting
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Bi-LSTM & FastText

loss of Bidirectional LSTM (fasttext)

accuracy of Bidirectional LSTM (fasttext)

0.40 { = loss e - accuracy
=== val loss _.-""H === val accurac
035 = = 0.98 - = Y
0.30 A Pl
- 0.96 -

0.25 A e

020 0.94 -

0.15 - T

0.10 A 0.92 4 """'--.__

0.05 - .

T 0.90 4 =
! ! ! ! ! ! ! I ! I I ! I ! ! I !
0.0 05 140 15 20 25 30 15 40 00 05 140 15 20 25 ia0 15 40
Epoch Epoch

Epoch 4/15
150/150 [==============================] - ETA: (s - loss: 0.0412 - accuracy: 0.98B6WARNING:tensorflow:Can save best model only with va
150/150 [==s====s========================] - 195 J2éms/step - loss: 0.0412 - accuracy: 0.9886 - val loss: 0.3431 - val accuracy: 0.9075
Epoch 5/15
150/150 [==============s===============] - ETA: (s - loss: 0.0284 - accuracy: 0.9925WARNING:tensorflow:Can save best model only with va
150/150 [=s====s========================] - 185 32Zms/step - loss: 0.0284 - accuracy: 0.9925 - val loss: 0.4074 - val accuracy: 0.9008

Epoch 00005: early stopping

cho] JChE 4

FastText2| 7}|=X|

o LS 458 B

ol
[
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1T X2[7t
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o
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Bi-LSTM & FastText

DACON X|=

20220201_BILSTM.csv

20220201 _Fasttext2t 37i_BILSTMA|S.csv

247
=1

2022-02-03
09:39:48

2022-02-02
21:00:04

0.7875136911
0.7678453211

0.7805038335
0.7380639509
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Bi-LSTM & CNN

- _—
I —
and -
do

SN

rent
it

n x k representation of Convolutional layer with Max-over-time Fully connected layer
sentence with static and multiple filter widths and pooling with dropout and
non-static channels feature maps softmax output

Figure 1: Model architecture with two channels for an example sentence.
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Bi-LSTM & CNN

CNN 2 & OfAMEL XH HEAI

CNNClassifier(nn.Module):

def __init__(
self,
input_size, y_hats =[]
word_vec_size,
n_classes,
use_batch_norm=False,
dropout_p=.5,
window_sizes=[3, 4, 5],
n_filters=[100, 100, 100], model.eval()

for model in ensemble:
if config.gpu_1id >= 0:
model.cuda(config.gpu_1id)

y_hat = []
for idx in range(0, len(lines), config.batch_size):

e x = text_field.numericalize(
= le iz L) text_field.pad(lines[idx : idx + config.batch_size]),
device="cuda:%d" % config.gpu_id if config.gpu_id >= @ else "cpu",

self.emb = nn.Embedding(input_size, word_vec_size) )

self.feature_extractors = nn.ModuleList()
for window_size, n_filter in zip(window_sizes, n_filters):
self.feature_extractors.append(
nn.Sequential(
nn.Conv2d(
in_channels=1,
out_channels=n_filter, y_hats += [y_hat]
kernel_size=(window_size, word_vec_size),
)s model.cpu( )
nn.RelLU( ),
nn.BatchNorm2d(n_filter) if use_batch_norm else nn.Dropout(dropout_p), y_hats torch.stack(y_hats).exp()

y_hat += [model(x).cpu()]

y_hat = torch.cat(y_hat, dim=0)

y_hats = y_hats.sum(dim=0) / len(ensemble)

self.generator = nn.Linear(sum(n_filters), n_classes)

self.activation = nn.LoSoftmax(dim=-1)[])
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Bi-LSTM & CNN

5 BAECL =X ¥E

SCORE 7& RMNM CHNM
=B [WVALDATICN PRIATE PUBLIC UXE| Z2E |batch size n epochs word wec size  |dropout  |rmin hidgen size (mlayers |Cnm batch norm  |window sizes |n filters
1 QE237 1 128 0 256 03|10 512 41X X X X
Q7193107 OB14B008T| P27 128 0 206 03|10 512 41X X [ X
RC1 Q7rred Pz 128 0 256 03|10 512 4|0 X 345678 :E . :E -
- : - - - . - - 128 128 1
RCZ 0833 7 0. ™19 pZ 128 10 256 03|10 512 (O X 345678 128 128
- P — - 4 m . - - - - - 128 128 12
RC3 Q8164 £ OTBTS Pz 28 0 256 0.3|10 512 0|0 X 345678 178 128
o - - . - - 128 128 12
RC4 08419 7 0./260 Rz 128 10 128 03|10 1024 6|0 X 145ETE 128 128
- - maen e - e . . - . 128 128 12
RCE Q8318 07 Q714848883 OFL1B0T220 P2 28 0 256X D 024 6|0 O 345678 175 178
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BERT

BERT= TransformerZ 0|238f 1164
BERT Base2t BERT Large= 20|0{9| J==0]| {2} L&

BERT2| model pretrain &4l
MLM (Masked Language Model)
NSP (Next Sentence Prediction)

BERTO| 0||:|.|||:_I
Contextual Embedding : A&l /H0| &|= $IE UH|Y
Position Embedding : /x| §EE 5517 2o U

Segment Embedding : &= 2H2| Z2&& =57 fler UHIE

?----------

BERT(12-layers)

t ¢+ttt t ¢+ ¢+ _t _t ¢
segment [0 (0 (0 [0 ) [o) o) @O@ @ @ ) OO
+ + o+ o+ O+ O+ O+ o+ o+ 4+ o+
Position (0] (O] (2 0 3 =) @0 ) =0 @0 O
+ + O+ O+ O+ O+ O+ o+ o+ o+ 4+
werdrizce (D) D D D D D D D O O e

[CLS] my dog 15 cute [SEF] he |likes play ##ing [SEP]
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Masked Language Model(MLM)

Berto| A 2= 2ld, 2ls 8T 2

Ol
I o =
01T MO 2 El TS S oSS

L_O L- OO

Hols= 0ls

02 S0Ibs U HAES| 15%2| Tof2 AHO = DpAZ
8t = F2t0jl TojS0| 7Y Fols D, 7Yl S0

EX) 'Li= [MASK]O 27t 220 A &2 [MASK]E M - 714, 7 S

cat
al @ B S O B B
BERT(12-layers)

S o b = S = G5 S8 6. 6. .

[CLS] my [MASK] 1s cute [SEF] he likes play ##ing [SEP]

" 'dog’ EE2 [MASK]Z HZE|RGLIC.
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BERT
Next Sentence Prediction(NSP)

Bert= 18| 282 & 20 O] 20| 0|0 X|= 2&IX| OfLIX|E HF=HA0=2 =H
50: 50 HIZ2 &K 0|0{X|= F2le| 28 #HEO Z 0|0 20 = ole| 282 =11 23 A|Z
Sentence A%} Sentence Betl 3= Mff, 282 A5dS =dQlet 32 OFX| B2 32
HOz
= O|0{X|= 2H2| BR
= Sentence A : The man went to the store. ° 80%2| CHH{ =& [MASK]=Z B4
= Sentence B : He bought a gallon of milk. Ex) The man went to the store = The man went to the [MASK]
Label = ISNethentence ° 10%9| I:I_I'O‘|%% E.'_HEEIQE E_I_I_O_Ijl_ Ifl_:ljo:|
= 0|0{X|= 2Xl0| OfLl 22 Ex) The man went to the store - The man went to the dog
= Sentence A : Thte man went to the store ° 10%8| CIH=2 SYUoH| =
= Sentence B: dogs are so cute. Ex) The man went to the store = The man went to the store

Label = NotNextSentence.
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KOBERT

= ot=2 ?7| 2[BHEF 5M, 0] 54M) 2 2 o5t B3

(SentencePiece)

SKTBrain / KoBERT

Korean BERT pre-trained cased (KoBERT)

Z29_
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KOBERT(1)

1) &9 G0y 2=7]

: _splitltrain, tes 2, randon_state=42)
printl train clenttraind)
printivalic iz, lentvalid))
data_train = BERTDa
.KoBERT €/ G|O| 2 Tt=7| data_valid = BERTDa

using cached model. fcontent/.cache/k

nizer(tokenizer,

. SKT Kobert pretrain model Al&
. train, validation &%
soitioud i . E3LIOIX ¢
. BHE XDt
. Ho]e 4l Fe

ab = get_pytorch_kobert _nodel ()

en__(self,il

sentences[i] + (self.labels[i].))
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KOBERT(1)
= OIH|=! 247} Of| A

data_train[0]

(arrav([ 2, , Bl112, BE27, 7053, . 743, 1292, 7003, 40684, 4577,
G 1, 1,
1,
1,
1,

1,

1, 1,
1, 1,
1, 1,
11, dtype=int3z),

1
1,
1,
1
1

,. 1,
arrayi12, dtype=int32),
array( [0, 0, 0, 0O, 0, 0, 0, 0, O, O, .. , 0, 0,00 0,0 0,0
o, o, 0,0, 0,0 0,0 00 .. , 0,0, 0,0 0,0 0,0
o, 0, 0.0, 0,0 0,0 0,0 .. , 0,000 0,00,

dtype=int 32,

M Em : D E A|-A
=y : 20|} EfRio]f| 25t LHE

—

M| B - oSl OpA3 A - A
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KOBERT(1)
— 2) 8H& T AL

BERTClassifier(nn. Module):
__init__[{|sel f,
bert,

num_c

FiC
= dr_rate

ifier = nn.LinearChidden_size,nun_classes) mUItl ClaSS|flcat|0n _E_x'"

i f dr_rate:

self.dropout = nn.Dropout (p=dr_rate) SN n u m_cl a SS —_ 72 *E-l Io'l

attention_ma

for i,v in enumeratefy
attention_mask[il[:v] = 1

return attention_mask, float(]

. sednent_ids):
(token_ids,valid_length)

self.bert(input _ids = token_ids, token_twpe_ids = seament_ids. lonal).attention_mask = attention_nask.float() toltoken_ids. device))

nodel = BERTClassifieribertnodel, dr_rate = 0.5). cudal)
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KOBERT(1)

no_d = ['bias', "LaverNorm.weight ']

optimizer_grouped_paraneters = [
[p for n,p in model . named_paranetersi) if not anvind inn for nd in
[p for n.p in model.named_parameters() if anyind in n for nd inf no_

aptinizer = AdanWioptimizer_grouped_paraneters, lr=learning_rate)
fn nn.CrosskEnt ropy

t_total = lenitrain_datalo
warnup_step = int(t_total+=warnup_ratio)

schedul er get _cosine_schedule_with_warnup(optinizer, num_warnup_steps=warmnup_step,nun_training_steps=t_total)

train_acc =
return train_acc




KOBERT(1)

acc 0.8BB897534151894617
epoch &
for & in rangelnun_epochs): 571/571 [11:57 <00:00, 1.14s/it]
print(f’ 97
train_acc '97

test_acc = 0.0 lteration 41 7

model . traini) lteration 61 BT
for batch_id, (token_ids, valid_length, seament_ids, label) in enuneratel(tgdn_notebook(train_dataloader)): lteration B .97

optimizer.zero_grad(] lteration 101 a7
token_ids = token_ids. long(). cuda() lteration 121 07
segnent _ids = segment_ids. lonal ), cudal) lteration 141 .97
valid_length = valid_length [teration 161 .97
label = label. longl). cudal) Iteration 181 .97
out = model (token_ids, valid_length, seanent_ids) Iteration 201 37
loss = loss_fnlout, label) Iteration 221 97
loss, backward() Iteration 241 =l
torch.nn.utils, clip_grad_norn_{mode! . paraneters(), max_grad_norm) Iteration 2 2
opt inizer.stepl) :EEE:E:EE ;E: 'g;
scheduler. step() lteration 321 :QT
train_acc += calc_accuracy(out, label) lterat lon 341 a7
if batch_id ¥ log_interval == 0 e e 350 g7
print(f'lteration %3.d | Train Loss %.4f | Classifier Accuracy %¥2.2f' ¥ (batch_id+!, loss.data.cpu().numpy(), train_acc / (batch_id+1))) Iteration 381 a7
print{"epoch {} train acc {}".format{e+!, train_acc / (batch_id+1)}) lteration 401 .97
|teration 421 g7

model . eval lteration 441 g7
Iterat ion 461 g7

for batch_id, (token_ids, valid_length, seament_ids, label) in enumerate(tadn_notebook(valid_dataloader)): Iteration 481 =t
token_ids = token_ids. longl().cuda() Iteration 501 7

segnent_ids = segment_ids. lona(), cuda() eretien &) Classiiier (eenrae Uhdl
valid_length = valid_length [terat ion B4l | Classifier dccuracy 0,97

Vel = el ol T el Iteration 561 0.0171 | Classifier Accuracy 0,97

out = model(token_ids, valid_length, segment_ids) ool 3 el tee 087 seazsiliEalisl
test _acc += calc_accuracy(out, label ) 100% 143/143 [01:08<00:00, 2.281t/s]

printi"epoch {1} walid acc {3". format(e+l, test_acc / (batch_id+1))) epoch 5 valid acc 0.8B92604488534721

_

Classifier &ccuracy
Classifier fccuracy
Classifier Accuracy
Classifier Accuracy
Classifier Accuracy
Classifier Accuracy
Classifier Accuracy
Classifier Accuracy
Classifier Accuracy
Classifier Accuracy
Classifier Accuracy
Classifier fccuracy
Classifier Accuracy
Classifier Accuracy
Classifier Accuracy
Classifier Accuracy
Classifier Accuracy
Classifier Accuracy
Classifier Accuracy
Classifier Accuracy
Classifier Accuracy
Classifier fccuracy
Classifier Accuracy
Classifier Accuracy
Classifier Accuracy
Classifier Accuracy

[teration
[teration

0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.
0.

o O o oo oo oo oo oo oo oo o0 o000 oo ooo oo
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KOBERT(1)

Accuracy

data_test, batch_siz hatc ZE, ML _W

chfutils/d ata : : Userllarning: This Data By

= validation accuracy : 97%

predic
with

= testaccuracy: 85%

segnent _ids, label) in enunerateltadn_notebook(test _dataloader)):

id_length, seament_ids)

0).detach() ) .In L e () lf D AC O N x'" % DE:| .T.'.l'

cationWarning: This function will be removed in tadn==5.0.0

1 doing imports until
V11020000, 226 kobert remove index 0723.csv 0.856516977

er.py 481 UserWlarning: This Dataloader will create b worker pr 0.8258869908
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KOBERT(2)

= kykim/bert-kor-base (kykim/bert-kor-base - Hugging Face)
= kykim/albert-kor-base (kykim/albert-kor-base - Hugging Face)

= beomi/kcbert-base (Beomi/KcBERT: &8 Pretrained BERT model
& WordPiece tokenizer trained on Korean Comments)

= beomi/kcbert-large (Beomi/KcBERT: &8 Pretrained BERT model
& WordPiece tokenizer trained on Korean Comments)
» Qut of Memory
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KOBERT(2)

000

def define_argparser():
p = argparse.ArgumentParser()

.add_argument("--model_fn", required=True)
.add_argument("--train_fn", required=True)

.add_argument("--pretrained_model_name", type=str, default="beomi/kcbert-base")
.add_argument("--use_albert", action="store_true")

.add_argument("--gpu_id", type=int, default=-1)
.add_argument("--verbose", type=int, default=2)

.add_argument("--batch_size", type=int, default=32)
.add_argument("--n_epochs", type=int, default=5)

.add_argument("--1r", type=float, default=5e-5)
.add_argument("--warmup_ratio", type=float, default=0.2)
.add_argument("--adam_epsilon", type=float, default=1e-8)

.add_argument("--use_radam", action="store_true")
.add_argument("--valid_ratio", type=float, default=0.2)

p.add_argument("--max_length", type=int, default=100)
config = p.parse_args( )

return config

.

%> MINC c/Users/timo/COnelirive - x| CHEEa /bitamin/project/news_topic

% python ./s c/trai _fn . / C ain_fn ./train/tr
ain.P2.ts - G Tela size 256 --rnn —-
hidden_size 1824 --n_lay

28 128 128 128 128

Embedding(8372, 256)
LSTM(256, 1824, num_layers=6, batch_first=True, dropout=0.3, bidirectio

features=2048, out_features=7, bias=True)
x{dim=

LA = Pd [ -

B S I I N A

) LA
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KOBERT(2)

- 1]
Transformers, torch, torchtext, ignite A&

) ©

def main(config):
tokenizer = BertTokenizerFast.from_pretrained(config.pretrained_model_name)
train_loader, valid_loader, index_to_label = get_loaders(

config.train_fn, tokenizer, valid_ratio=config.valid_ratio

)

print(
*|train| =",
len(train_loader) * config.batch_size,
"|valid| =",

len(valid_loader) * config.batch_size,

)

n_total_1iterations = len(train_loader) * config.n_epochs
n_warmup_steps = int(n_total_iterations * config.warmup_ratio)
print(

"#total_iters =",

n_total_iterations,

"#warmup_iters =",

n_warmup_steps,
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i et ed W d e i i
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kvlomy/albert-
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Knowledge Distillation : 2% = 1|s + Distillation loss

= ), ti x log(s;)
223 (teacher a larger model) / 22 2 %! (student - a compact
model =0 SHA0| MAHO| =X HEA I

o 1

« Softmax-temperature

exp(zi/T)
XEAISICH EAHSE BHS0H0| HHS £ Ol signalS2 HHOH| &l Pi = 53 exp(z;/T)
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-]
BERTO| Knowledge Distillation H-&%t 2=

Table 1: DistilBERT retains 97% of BERT performance. Comparison on the dev sets of the
GLUE benchmark. ELMo results as reported by the authors. BERT and DistilBERT results are the
medians of 5 runs with different seeds.

Model Score CoLA MNLI MRPC QNLI QQP RTE SST-2 STS-B  WNLI P, | _7I,_C_ BERT El-_él |_'_|-| |:||,

ELMo 68.7 44.1 68.6 76.6 71.1 862 534 915 70.4 56.3
BERT-base  77.6 48.9 84.3 88.6 893 895 713 917 91.2 43.7
DistilBERT  76.8 49.1 81.8 90.2 90.2 892 629 927 90.7 45

o/, 2F

Table 2: DistilBERT yields to comparable . e c e " *l-o | 5 40 /0 - —+—
performance on downstream tasks. Com- Table 3: DistilBERT is significantly smaller

. ) ) while being constantly faster. Inference ] _¢_ oL X
parison on downstream tasks: IMDb (test ac . — e
curacy) and SQuAD 1.1 (EM/F1 on dev set). t%me of a full pass of GLUE. task STS_B. (sen-
D: with a second step of distillation during ;1ment analysis) on CPU with a batch size of n N LU — E=| 9 7 % @ X|
fine-tuning. ' o I

Model # param.  Inf. time
Model ?:(1:13; &%11)) (Millions)  (seconds)
BERT-base 0346  81.2/88.5 e e 100 o

DisiIBERT (D) -  79.1/86.9
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VS BERT

Pretraining

* DistilBert= 7|&2| Bertel &2| token-type embedding,
poolerE Ar&5HX| 42
<forward return value>
* BertModel:
sequence_output, pooled_output,
(hidden_states), (attentions)

= J|& kobert2| 12 LayerZ 3 LayerZ =% (distilbert: 6
layer)

Layer X7|3t0| AL 7|& KoBERTQ| 1, 5, 9tHR| layer 242
2 AL

Pretraining Corpuse 2t=20{ ||, L1222, A S &
10GB2| H|0|E{E AtR3HCMH, 3 epoch && * DistilBert :
sequence_output, (hidden_states),

(attentions)
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T
Parameter Setting

max_len = £

batch_size = 3¢

Import Tokenizer & Model

from kobert _transformers import get _distilkobert _model

learning_rate = Se-5

_, vocab = aet _pytorch_kobert _model ()
' Ibert _nodel = ¢

lizer = aet_tok

fcontent/m oyt hon-0, 996/

Downloading: 100% 441/441 [00:00<00:00, 11.0kB/s]

Downloading: 100% 108MA108M [00:03<00:00, 40 9ME/<]

SOmE weic

from sklearn. = st_split
train, valid Lest_sp st _size=0.2, randon_state=42)

print(‘train s
print(‘valic
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BERT Dataset&Classifier

BERTDat aset (Dataset ) : BERTClassif
el f : abel _idx, bert_tokenizer, max_len,

data_|list ist(dataset.iloc[il) for i in range(lenidataset))]
transform o, data, BERTSent enceTransform(

ax_len, pad=pad, pair=pair) .

_ . | R . super (BERTC ifier, selfl.__init__{]
sel f.sentences = [transformi[i[sent_idx]]) for i in data_list] self.bert = bert
self.labels = [np.intB40i[label _idx]) for i in data_list] self.dr_rate = dr_rate
_aetiten__lself, i) self.classifier = nn.Linear(hidden_size . num_classes)
return (self.sentences[i] + (self.labels[i], )
= nn, Dropout (p=dr_rate)
__len__{=elf): , i . . .
return (leniself.labels)) den it fon i sel i Toaenlos, el ey
: ken_ids)

data_train = BERTDataset ( ol max_ | en, . ) attention_m )
data_valid = BERTDat valid, 0,1, tok, max_len, , ) return attention_mask, float ()

train_dataloader = torch.utils. data.Dataloader(data_train, batch_size=batch_size, num_workers=2] on_Mase 6 : cen_ids, valid_lenath)
val id_datalcader = torch.utils. data. Dataloader{data_valid, batch_size=hatch_size, num_workers=2]

ids = token_ids,
attent ion_mask. float (). toltoken_ids. device))
if self.dr_rate:

alut = =2l f. dropo .
return self.c ier(out)




DAy 003

DistilKoBERT

Optimizer (AdamW) & Schedule Setting Model Training

epoch 1 batch id 1101
epoch 1 batech id 1121 o
epach 1 batch oe 0,72
epoch 1 train acc 0.7 ;
D0y ! f : /dist-pac s/ ipykernel _launcher.py:40: TadmDeprecat i
I'UIU]IJ Ple HSE instead of “tgdm,tgdm_notebook”
1005
epoch 1
inteer = Aot In ser arous ' 100% 1142/1142 [1:07-42 <0000, 2.925/it]

oss_fn o= nn. CrossEnt rop:

epoch 5 batch id 1061 0. z train acc 0.
) ) epoch 5 batch id 1081 ] train acc 0.

= |len(train_dataloader) * num_epochs epoch & batch id 1101 . ' - train acc O
warmup_step = int{t_total + warmup_ratio] epoch 5 batch id 1121 ’

epoch 5 batch id 1141 05570764 train acc 0.9

scheduler = get _cosine_schedule_with_warnuploptinizer, num_warnup_steps=warnup_step, num_training_steps=t_total) epoch 5 train a
1002 286/286 [05719<00:00, 1.121/5]
epoch & validation acc 0O, 8BEZGE541 0044501
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D i S t i I K O B E R T from torch.utils.tensorboard import SummaryWriter

-] writer arviriter()
running— =0.0

madel . traint)

for batch_id, (token_ids, valid_length, seament_ids, label) in enumerate(tgdn_notebookitrain_dataloader)):
optimizer, radl
; i ids. langl )
ient _ids. longl)
valid_length = valid_length
label = label.longl]

runnind_loss += |osg, item()

Tensorboard summarywriter=
- train_acc += calc_accuracy(out, label)
ST 7|2

if batch_id ¥ log_interval == 0:
print(” 1] 1 id {F loss 1) in acc 1 logs.data, cpul ) nunpy(d, train_acc / (batch_id+1)0)
writer.add in
writer.add_scalarl ™4

printl"epoch {1} train acc 11" . formatfe+l, train_acc / (batch_id+1)))

made | . evall)

for batchoid,
token_ids

(token_ids, walid_length, segment_ids, label} in enumeratef{tgdm_notebook(valid_dataloader)):
aken_ids. longl )
nent_ids. longf )
alid_lenath alid_lenath
label = label.longl)

out = model|{to

", test_acc / (batch_id+1), batch_id)

11" . farmat{e+l, test_acc / (batch_id+1)))
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Accuracy/test
tag: Accuracy/test

Accuracy/train
tag: Accuracy/train

200

400

I
600

800

Loss/train
tag: Loss/train
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|
800
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Test data output

submission[ topic_id:'] = label_answer
submissi

topic_idx

9126
927
9128
9120 54733
9130 54784

9131 rows x 2 columns

644944

H>

X
ic]
ro
15
>
HI

1a0d 4

1500 4

1400 4

1500 4

1200 4

1100 4

1000 -

p
4

M

distilbert_result.csv

DACON H|= %]

-01 0.83320968237
56 0.8096802453
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SimpleDNN RNN

private 0.7568
public 0.7877

m) KOoBERT (1)

(||

0.7520
0.7886

Bi-LSTM Bi-LSTM(with FastText) Bi-LSTM & CNMN  KoBERT{(1) KoBERT(2) DistilBERT
0.7678 0.7380 0.7649 0.8258 0.8188 0.8096
0.7875 0.7805 0.8148 0.8565 0.8495 0.8332

* DACON M& A3 (H 1 7|58

o] ‘4501 218 =2l LIEtE
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DistilBERT, a distilled version of BERT: smaller,
faster, cheaper and lighter

LSTM

LSTM(EER?| 719 HERI)2t BAE ARHE 25

¥ictor SANH, Lysandre DEBUT, Jullen CHAUMOND, Thomas WOLF
Hugging Face
{victor,lysandre, julien, thomasMhuggingface co

I=H01E

AAHoIE

» LSTM(EEH7] 7|9 I ESI)2t At

O[A| SIX AHO|E, =22 AO|E, OrZE A0 EHM Z0ofLi= &

- J22 Btel H 22| 23 & LEFELIC (2
ACIE, &)

= A0IE, of%:

1.712 703

BERT(Bidirectional Encoder Representations from Transformers)= 20183 0] - 20| 2742t AHEH =
Ei=l=!

ZEO e OiE, 8AE &g S0 22 H2I0M 7HE S22 952 EE5 AT M2 E0r
34 71+

EEHHS ZH2 context-free YH|E ZEE AMET}

Lot 5o

~ 2og 12{5x] 23 CtI0jL S20|2/0{E TEHA o= 2XEO| Y

« Pretraining and finetuning (Transfer learning) with Big-LM.

RERT Muttiingual BERT
(Google)  [Google)

g [ LOMERT
fung)
GPT-2 VILBERT RART
(Openal) [Facebook) (Facebook]
XM VideoBERT XLNet RoBERT VisualBERT ALBERT TS5 MR ELECTRA
{Facebonk)  [Google) (Googla)  (Facebook)  [ai2) [Gocgle]  {Google| [Facebook) [Google)

ar
Unicoder IL-BERT, IR,
iMicmsofti  Unicoder

[Microsol

B Lenguage modelpee. [ Multilingual/cross-lingus| [ Vision + Language
training e taining pre tiaireg

BERTE DS Chojo] 24t o|0| S O|¢f5}7| 93] 2A0| 7 tho|E 27o| [}E B E thojol Yz A|
74 O|$BHC}, (U= Ofsi M B8

I A He got bit by Python (H| ©F2) "Python’ - 'bit' T 0{2] &

QIACE ALE

Convolutional Neural Networks for Sentence Classification

Yoon Kim
MNew York University
yhk2558nyu. edu

Ahbstract local feat
invented |
subsequer
and have
parsing (
(Shen et
brenner e
tasks (Col

We report on a series of experiments with
convolutional neural networks (CNN)
trained on top of pre-trained word vec-
tors for sentence-level classification tasks.
We show that a simple CNN with lit-
tle hyperparameter tuning and static vec-
tors achieves excellent results on multi-
ple benchmarks. Learning task-specific In the p
vectors through fine-tuning offers further one _]EFH
gains in performance.  We additionally obtained
propose a simple modification to the ar- m‘ﬂ T
chitecture to allow for the use of both al. (2013
task-specific and static vectors. The CNN and are p
models discussed herein improve upon the word vect
state of the art on 4 out of 7 tasks, which eters of tt
include sentiment analysis and question parametel
classification. resulis or

Is becomes more prevalent

se large models in on-the-
" inferznce budgets remains
re-train a smaller genzral-
RT which can then he fine-

Enriching Word Vectors with Subword Information

Piotr Bojanowski* and Edovard Grave®and Armand Joulin and Tomas Mikoloy
Facebook Al Research

{bojanowski,egrave, ajoulin, tmikolov}@fb.com

Ahbstract

Continuous word representations, trained on
large unlabeled corpora are useful for many
natural language processing tasks  Popular
models that learn such representations ignone
the morphology of words, by assigning a dis-
tinct vector toeach word. This is a limitation,
especially for languages with large vocabular-
ies and many rare words. In this paper, we pro-
pose a new approach based on the skipgram
meede]l, where each word is represented as a
bag of character n-grams. A vector repressn-
tation is associated to each character n-gram;
words being represented as the sum of these
representations.  Our method is fast, allow-
ing to train models on large corpora quickly
and allows us to compute word representations
for words that did not appear in the training
data. ‘We evaluate our word representations on
nine different languages, both on word sim-
ilarity and analogy tasks. By comparing to
recently proposed morphological word repre-
sentations, we show that our vectors achisve
state-of-the -art performance on these tasks.

et al., 20010; Baromi and Lenci, 2010). In the neural
network community, Collobert and Weston (2008)
proposed to lkeam word embeddings using a feed-
forward neural network, by predicting a word based
on the two words on the left and two words on the
right. More recently, Mikolov et al. {2013b) pro-
posed simple log-bilinear models to leam continu-
ous representations of words on very large corpora
efficiently.

Maost of these technigues represent each word of
the vocabulary by a distinct vector, without param-
eter sharing. In particular, they ignore the internal
structure of words, which is an important limitation
for morphologically rich languages, such as Turk-
ish or Finnish. For example, in French or Spanish,
most verbs have more than forty different inflected
forms, while the Finnish language has fiftieen cases
for nouns.  These languages contain many word
forms that occur rarely (or not at all) in the training
corpus, making it difficult to leam good word rep-
resentations. Because many word formations follow
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