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YEL. O IFFHRATRER AT X — R TH B, BNy Zh TV —DREFRCIILTH .
Hhy OFEROEIE, ZhZhh T3V —~OFHOEEEZRTDIOTHS. Tk
AT MR, y O jBHOEROMEZ ] FEHOHN TV — IR T 20 Ra7 %%
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2.2 Word2Vec

Word2Vec i& b —2 20 UTIRICKFE T —BERRBAL 52 2ETLTHS. F—
7N L TXRIIE UK 2 52 2 E7 0 LTI TELMoJ 5% %. Word2vec &
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OEMICTEH L THEEEZRY LT 2 FETH 5. HEOREKRERZ LT st



2 BHEE 11

T, ACEIRERPHEOLNTZTEHEICLLWVWARYZ MLESEZ B3N TES. H
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2.2.2 Skip-Gram

/\

? ? — I\ ? ?
/\ /\ -iﬂll /\ /\
Hiit- 1% pall A B3 IFE
0_ 0.2 0.4 0.3 0.5 0.3 0.5 0.3
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2.3 Zero-Shot Learning

Zero-Shot Learning 3 Rz 2 0Wd D, S0 D% Tl % 72D DR
FHOEMD—DOTH 2. @EONEL R DEE, HlZIX, Tk & 1K oEf
ZHEELUTREED o= v~ BEBRSANSNGE, WP ED 7 7 2T
3. Lo L, Zero-Shot Learning D&, R 7 ADT—& [¥=v~<) BASHZ
NEGETHORADIELWY (YU~ 725 RAHETES. 2L, Ty~ O
%o THRORH & FENORIE 22> a—XH 1511, Word2Vec 7 & OFHH{HEE
BAETNT [=v~] PEMHDIETH 2 L VI HFHFERZI DAL Z LB HRTWS
PHTH 5.

Zero-Shot Learning @ FHfilc i1

o RHNZ Z A ITx T 2Rk EREZ M 5 Zero-Shot Learning
o BILHNZ 2 R e RHZ 2 RI2hts % alakMERE 2l 5 Generalized Zero-shot Learning

Md5.

2.4 BERT

Bidirectional Encoder Representations from Transformers(BERT) [1] 1 2018 i
Google X D N X NF-HAHEBIEAETTNLTH L. HARSERX AT THREO R
DETFNOMREZ KE K LRI 2MAEZ/R L7z, BERT 3 Xk% &R L 7z 0k 2 £
KT 2ETNTH2S. BERT LUHiH S5 XARZZER T €T MIFEL TWdi, BERT
Tld Attention & W5 FIRTHENZAMEDOHRDIID AN s Z e TE%. BERT &
Transformer &9 €7/l [6] THZLE S 417z Transformer Encoder & F:EL 2 Attention
PHWE=a2—=9 3y b =2 ZHWTW3. Transformer Encoder ® ZNLZHDJE
3B H I, Multi-Head Attention & Feed Forward Network 2> SR X415,

BERT OWHEHEIZ 2.4 D K ST, ANT—ZBXRT bafeEh, BIZEIRZD
HABRDEICEEN L. 2L T, REDEDH A BERT & LTohtis.

%72, BERT CHEFIFE L 77 AV Fa—0 7D DD EDERND 3.
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X 2.4: BERT O Nk,

2.4.1 Scaled Dot-Product Attention

Scaled Dot-Product Attention (& Multi-Head Attention ORERERTH 3.

Pl LT, nfilD b —27 Y TRRSNIZXELZUHET 52, —DOHDOETD i &H
D=7 NHIETH2HNERY ML g, THEZABND T 5. ThZPhOHTHL T
5 Wa,WE WY TRIEEIEITS 222k, 732V ¢, F— ki, NV 2—v; EFEIQ
=20 dRXILNRT MR EEFHT 5.

qi = ;W1
ki = 2, WF
V; = .CEZ'WU

Scaled Dot-Product Attention TIXZNZFND =27 VIEINHD=DDXRT FILIZ
IR, Z2LTC, ZRAFND =7 L TR bva; ZHIT 3. a4
FENY) 22— v; DEAMEFY

n
a4 =y dn,;v;
j=1

THEZbN2eT5. Eha; ZiBHDO =27 V2T, jH/ED =220
BWEZERT2EAVERLTVS. BARF—L 27T UDbRES. i FHO =2
ZUFES BIICIE, 2027 2) EBEERIREIVWE S RF —2HKO =27 VIZEHAI
KELHE5$ 5 X512% 5. Transformer TiZ, Scaled Dot-Product TZ TV ¥ ¥—%
TS 5 .

Scaled Dot-Product 1% ¢; & k; OWHi%E Vd THloTH oI5 a;; EAa7 & LTH
W5,
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?%6&7’:2 az d@l,di,g,...,di’n IZ Softmax Bﬁ@(’?jﬁﬁﬁ?% Z Z'C\ %%@E@L:%&

i=|
A5 1,04,2, 0,050 2155

[CLiJ, CLZ'72, ceny ai,n] = Softmax(dm, CALZ‘72, ceny (Alz,n)

$h, BBS L -2 VIHT B HARHACHET 20 TIEE L, —DOFFIHETH)
BECHITED. A, 23V, F—, AV a—, HADZNZRERICHS LIS
%, ZRENX,QK,V,A LB HWH AR

A = Attention(Q, K, V) = Soft (QKT
= ention(/, L, = Dojtmax
Vd

¥ Fx 3. Scaled Dot-Product Attention OULFEDFHIUIK 2.5 D LS ITRKE 3.

W

X1 X2 Xn
Query | | 42 S dn
k | mEE ik
Ke 1 k> T n | | NiE%SoftmaxiZBHT 5
g - —
Value || 1 V2 i Un

2.5: Scaled Dot-Product Attention OUFHD L.

Attention TWEH 2% +—27 Y 2T 2 L 212, IXNTO +—27 Y OFEREZELH VT
HhzFHET 2. 207D, EIHNE -2 COEROBEYNCE RS 5 Z L AATRET
H5.

2.4.2 Multi-Head Attention

Multi-Head Attention &, 7=V, ¥ — NV 2 —DMHZEHEHEL, zhvehnoficxt
L T Scaled Dot-Produc Attention 2@ L, &ZICH T2 —DICENT 2 FIETH 5.
Scaled Dot-Product Attention Tl&, FiDEDHN z; R LT, 75 W, WE WV
ZHA LT ¢, ki, v; 21972, 207D, 1750 (W(?), Wi, Wi)(l=1,2,...h) %
HEHAET 22T, 72V, ¥—, NV 2—OMEEBIERT 2 Z k3. 2hze
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NDfF| D% FWT, Scaled Dot-Product Attention @ H /] agl) 185, ZLT, %
NoZRITHEF L T—2DRZ ML, EHIZ W, KX DFBEIRZITS ZLicd D,
BRI a; 2135 (WG, WE, W), WO ERIA=RTHS).

Multi-Head Attention 3 3 RXTO b+ =27 Y ZF D TUMT LN TES. AT
7LV, F—, N a—DZNENEMICHE LEATIE, ZAZL X,Q, K,V LEE,
Scaled Dot-Product Attention i1 T XTD =2 >V THEZHEG L TITANC L7 B
D% AD ¥ L, Multi-Head Attention D12 FRICITINC LS D% A LEL. §

% ¥, Multi-Head Attention ®H 7 A 1%

A = hstack(AD |, A® . AP)pe

ERE D (hstack 13ATHN 2K S5 5 B%X). %7 Scaled Dot-Product Attention D
Hi AD i3

AW = Attention(XW

K Vv
@y XWiay, XW))

k%ﬁ%.XW@thﬁE@%%%@@?é#%&@,Xwgqu«wﬁa@ﬁﬁ%

H@,XW%tLX%ELT&ﬁ@%?%%%T%&%%%O.

243 BERT ODAHAH

BERT TlZ 1 DDXERIFZ 2 DDOXEDRTBANENS. B—DXEDLGHIILE
r—2bLiz0b, =2 VFOMHEIC [CLS] h—2 > %, KEIZ [SEP] h—2 >
ZMZ 5. 2 O0OXEDRT DEEIX, —OHOXED b—27 V3| 2 OHDFED b —
7 VAR, XOHEFIZ [SEP] b—2 Y2 EE, b—2 VHIDFKBIC [CLS] =2~
%, REIZ[SEP] b—=2 Y% MZ 5.

XERZ N =7 VB L72H I, b= ERT MLICEEH#Z TBERT AT
T3, 20k, LFOLS K b—=2 Yy, XEXAL T, XEFOMEZNZIUILE TN
7 MLvOfI%Z BERT NAJT 5.

o A XM m(EEEE) 0175 ET ZHEL, #BEYO j BEHO b= VBN
&, BT © jITHDITRZ PLVICEE#HZ S, ZOXSRXXEFD i BHDO h—2
VENRT MUVCEBE#MZDDE ] vEL.

o B A XN (2;m) DFTF] E¥ ZHET 3. BERT KANT 2 XED 1 XDADYE
Blrzhzho b= % B O LITHDITRY MULCEEH:Z 2. BERT ICA
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NENZBLED 2 X ORI NBHER, BOIOICEENE V=2V % ES D
LITHOIIRZ LB EHZ, 2 0HOXICEENS =2 V% ES ©® 21THD
TR PNVICEERZAS. COXS5ENEFD i FHOF—27 2R T7 FILICE
R 2bDE e LiEL.

e BERT ICANAJHERIRAD b —27 VD% L ¥ L, ¥4 XH (L,m) D15 EX %
HET 2. XEHD i FHO b—2 2 %475 EF © i {TTHDITRZ FLICE X
Z, el YEBL.

(3

BN, XEFO i HHO b= YE3200BRETHEZ3 2OXRZ MR ELz ¢
WEZ#:2 TBERT KA1 T 5.
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eizei +€i +ei

244 ZFHFH

BERT D23 0R L2 & 512, HHi22E ¢ fine-tuning #1795

FHIFE RN AERD CRKBO T - R ZNRTE L2, TNLDDVTVARNT —
RDATITS. Fi, FHi¥HITIX Masked Language Model(MLM) & Next Sentence
Prediction(NSP) @ 2 223% %.

Masked Language Model 1%, & 2 HGEZ m HOHFEI L TFHT L W0WI XX I TH
5. ¥F, AMEhtr—=2>0 15% 25k b —2 > [MASK| ICEZ#:12 5. 2L T,
BEZ 5h7-X&E% BERT ICAJIL, [MASK] b—2 Y OfiEIIEAH o/ b=
ZTHT 5.

Next Sentence Prediction & = ODXEDE#HMELZHEET 272D D XA ThHb. F
HIFEICIEEIZZODOXXDORTBANENDE. T—KRD 50% 138K T 2 IR ->TH
D, RO D 50% 3EH L TWARWIZKR->TWS., ZLT, 22O0D0XHERLTWS D
CODEHETEIRRAZERNTEET 5.

2.45 fine-tuning

fine-tuning T X2 VWE R DI NN E T =456, BERT 252D X X7 IZHHL
T2 X2 EZITS. fine-tuning 2175 & ZZIX, ETNDAT X —XOYIHEE L
T, BERT D87 X —RIFHFIFE THRONTZ T X=X EHW, #ilzicz o izmn$E
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ORI RA—RIE T VR LREREEZS. LT, UL EF—&%HAWT BERT
EREBROMIT DT XA =R EEET L. BHIFETHEON AT X -2 2HHEE L
TS 2T, HBIDBDOFE T — 2o THEWVERRDET V2G5 e TES.

HH{FH & fine-tuning % F ¥ ® TS EE (Transfer Learning) ¥ N 5. —H#HO
TRALUZX 2.6 DL ST B.

V=2 B—47 bk

Y—ATEEL:
ETIVEZI—H vk
[ZEEESE 5

Er e > £ )l

ERIFE fine-tuning

2.6: R DA,

2.5 Multilingual BERT

Multilingual BERT(mBERT) (& BERT LR CET VT —F 727 F ¥ L FEH Ik
RioTWBZSHEOENEEFEAETNLTH S [1]. mBERT RHEFTEHICHW S
Wikipedia @7 —&i21% 104 DEBENEZEFNTWVWS. mBERT TlX WordPiece €7V
YLD, EFANEREETHOAAKRB 2GS 2 Z e AR TVWS. FERICIIMN A
BREBDF X 77 XZHB Ao TED, BEEIIN 12 77 token H 5. HAFEOETIE 1 X
FC 2 LFDOEFHEEITI RV, HAZEDOD 2 SLFLL ED token 135 1000 iz LT, Nz
HoTWa], TeikoTWiz] REDEWVWHDDHDH 5.

Cross-Lingual 2R ¥ ¥H % L7zE7 /L& LT Goyal 50 XLM-R 235 % [7]. XLM-
RIMAZ70Z2) U HARYF—27I1BWT mBERT & b KiEICERTWS. £
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72, XLM-R 3M&V Y — X SFEBICBVWTRHICENTREZ R LTWS. fEko XLM £
T LT XNLI DRFENRAT7 L VERP YL Ry —3ETH ELTWS., 2D L5 7%,
HERE2EL7-0121F

o FDOEEL BEDAHEAL

e BUY—REFFEBLIKY Y —RFFEDATr—iu

D= FAT7BHRICBEBRLTWS. 251, XLM-R & GLUE & XLNI 2B\ T
NBHEFEET NV EEFCEHVERFNZH LTS,

2.6 Zero-Shot Cross-Lingual Transfer

Zero-Shot Cross-Lingual Transfer (& Single-Source Transfer ¥ XN, YV —RXF
H(ZLDBE, MUY —XERE) TETALIIML, Z0®kX—7 v b FiENERKITRX
THFETHS [4).

D BERT FOHEFFEEFEAET VX, St LW EEREEIAEETHL L
DFIHNTWS. PIZIFEFESR T 7 0 XGER DI, BliiEd 2, R"EETHEEL
TG 7 7 Y AGED R A7 WCERBDRBEARD I TH L. 612, TOWEBFEI
HEEHOEE (L) e MAHOEEE (L2) L oz, HEOERN/ 2 THA]
BETH2Z. ZOMRDPD, Fifie XWEEEFEICIAHEOSFEOM S 2 ORIEHF
HOBEEL TWa eEZ LN TV,

Li & OFERFIFEE SN FFBE T MIBIT #7272 cross-lingual & 8] Ik 5 &, 25
LY aA— XD EBICHAEARTA—XDBHET 270, BEiEa— (AWM THET 258
BORWEGERT F X MPIFFICER 2D S DTH - TH Zero-Shot Cross-Lingual
Transfer D3A[RETH % L RSN TV 3.

Artexte 5 DHFFERF D FEEIERIREMEICOWT [5] TlE, it L1 THEEEE I N
THREBETAVESHE L2 a—RAZMM LB LV =27 Y OMDIALEZEET L L
WEDHLWERE L2 WX L7z (HEI 77— FOMEL 2 V) E7TVIEREmDEZ S
FEE TV L Zero-Shot Cross-Lingual Transfer N> F~— 27 TR IHEAEL /2. U,
ZEBETNTEREROLEDHAFA P L — =2 7 RERN I ZRL TV .

DFD, M27TDEIIIAY ¥ —7RFiE A T fine-tunig # L7ZET LT, s —&
WHOWLNTWRWS A F—REEBOT AT =X TiHMliz 32 Z e HKS.
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3.1 SREOZHMEDFNRDER

RABDPDRAZ % Zero-Shot Cross-Lingual Transfer T#E<L & &, T — XIS
ROZRMEZ R GA LI T — X ICEEOZHREZ G EE R o GEOREE R
BT 2 Z itk o THlMT — R ICEFBEOSMM 2 S S 2R LR TE 5. AFRK
T, XEDFHAKX AV % Zero-Shot Cross Lingual Transfer TEWTHEZ KT 5 Z
EWKoTEHEOEREZEFE 2R EHERT 2

32 SHROZHMEZICIRT —FDIEK

mBERT T3tk 4 25z W5 Z L 3k 208, KRIIFETIISHEE, A Vel 79
RFED TN ET =2 2T -2 LT, HREZT AT =X LTHWS. §
NTDT—&KIZ 1,245 DFANDD Z NN T NS,

AEFFETH WS Webis-CLS-10 7 — &+t v F*U2iX, $RXTOEFED ltrain) & test]
D7 A NKIZ 2000 LT DRFToNTHE0, EB56D7—KBECTELED 7~
¥ Amazon LE 2— D7 F A FDHD 7, Ttrain & (test] 7+ VX DT —XEED
724000 XO 7= ot LTI T —& e LTHWS. HAREDO T R F 7 =&k
ltest) 7 4L XD 2000 XDT—XZHW5

3.1 D K S ITEFED T — & 3300 X» HFI#T — & 1000 3, MEE7T—& 100 3¢, &f
1100 X% 3 oEb ZHFHEL E2, E3 £ L7=. FA ViEESRRICHIET— % 1000

*1 https://webis.de/data/webis-cls-10.html
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EETIE Webis-CLS-10 7— &t v b1 2wk, Zo7—&ty MIUIHAGE, %
FE, RAVEE 77V AFEPIGREINTVWS. FNLELE2—DROHTHD, 125
5FETOLBRMFHETHZ. 72720, AN 3 DT —XIFEELRY. REBRTIEIIAN
D1, 2 DT —R% negative, 4, 5 D7 — X% positive & UTFFHIDH (2 EHDHE) %2
To7z.

DT =Rty MIUIHARGE, HEE, KA VEE, 77 Y AFEZFNZNIT books, dvd,
music D 3 DDFEBH D 5. FFiEDFHEBUSHIFT — & 2000 X, 7 X b7 —%& 2000

*1 https://webis.de/data/webis-cls-10.html
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7% 5.2: HARGE 1000 X T fine-tuning

J1 T fine-tuning L7z €70 HAGE TR

E1E2E3 0.7905
D1D2D3 0.7450
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E1E2D1 0.8035
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ole. ZORMRIZIT —XICHNEET —Z0EE0 TV 5E (DX D Zero-Shot
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1 from cmath import log

2 import os

import argparse

from pathlib import Path

import pathlib

from sre_constants import OP_IGNORE
from turtle import forward

import torch

© 0 N O Ot ks W

from torch.utils.data import Dataloader, Dataset

10 from torch.optim.lr_scheduler import StepLR

11

12 import pytorch_lightning as pl

13 from pytorch_lightning.callbacks import EarlyStopping, ModelCheckpoint

14

15 from transformers import BertForSequenceClassification, BertTokenizer,
AdamW, AutoTokenizer

16 import torchmetrics

17

18 from pytorch_lightning import loggers as pl_loggers
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19 from pytorch_lightning import seed_everything

20
21
22

23
24
25
26
27
28
29

30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48

49
50
51
52
53
54
55
56

class ClassificationDataset(Dataset) : #7‘-“—/5112 vk 0)1’EEJZ

def

def

__init__(self, data_file: Path, tokenizer: BertTokenizer) ->

super () . __init__()
self.input_ids = []

with open(data_file, ’r’) as reader:

for line in reader:

row = line.strip() .split(’,’)

if int(row[0]) < 3:#DFNIL%Z 1,20(negativel)l’, DTN

W& 3,41 (positive)lICT B

1 =0
else:
1=1
label =1
text = ’,’.join(row[1:])

encoded = tokenizer.encode_plus (
text,
add_special_tokens=True,
padding=’max_length’,
truncation=True,
return_attention_mask=True,

return_tensors=’pt’

self.input_ids.append(
dict (
input_ids=encoded[’input_ids’] .flatten(),
attention_mask=encoded[’attention_mask’] .
flatten(),
labels=torch.tensor (label)

len__(self) -> int:

return len(self.input_ids)

def __getitem__(self, index) -> dict:
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57
58
59
60
61

62
63

64

65

66
67

68
69
70

71

72

73
74
75

76
T
78

79
80
81

82
83
84

return self.input_ids[index]

class ClassificationDataModule (pl.LightningDataModule) :

def

def

def

def

def

__init__(self, dataset_dir: Path, batch_size : int,

pretrained_model_name: str) -> None:

self.train_file = dataset_dir.joinpath(’train_E1E2E3.csv’) #l#R
T—HDIEE

self.val_file = dataset_dir.joinpath(’val_E1E2E3.csv’) #RaET —
B DIETE

self.test_file = dataset_dir.joinpath(’test_ja.csv’)#7 X bT—
X DIEE

self .batch_size = batch_size

super () . __init__Q)

self.tokenizer = AutoTokenizer.from_pretrained(

pretrained_model_name)

setup(self, stage = None) —-> None:

self.train_dataset = ClassificationDataset(self.train_file,
self.tokenizer)

self.val_dataset = ClassificationDataset(self.val_file, self.
tokenizer)

self.test_dataset = ClassificationDataset(self.test_file, self

.tokenizer)

train_dataloader (self) -> Dataloader:
return Dataloader (self.train_dataset, batch_size=self.
batch_size, shuffle=True, num_workers=os.cpu_count(),

pin_memory=True)

val_dataloader (self) —-> Dataloader:
return Dataloader (self.val_dataset, batch_size=self.batch_size,
shuffle=False, num_workers=os.cpu_count(), pin_memory=

True)

test_dataloader (self) —-> Dataloader:
return Dataloader (self.test_dataset, batch_size=self.batch_size
, shuffle=False, num_workers=os.cpu_count(), pin_memory=

True)

class Classifier(pl.LightningModule):#ﬁiﬁEEEODfFEﬁ
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86
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93
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114
115
116
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119
120

def

def

def

def

def

def

__init__(self, bert_model: BertForSequenceClassification) ->
None:

super () . __init__()

self .model = bert_model

self .metric = torchmetrics.Accuracy()

forward(self, input_ids, attention_mask, labels=None) :
outputs = self.model(input_ids, attention_mask=attention_mask,
labels=labels)

return outputs[’loss’], outputs[’logits’]

training_step(self, batch, batch_idx):
loss, preds = self.forward(input_ids=batch["input_ids"],
attention_mask=batch["
attention_mask"],
labels=batch["labels"])
return {’loss’: loss,
’batch_preds’: preds,
’batch_labels’: batch["labels"]}

validation_step(self, batch, batch_idx):
loss, preds = self.forward(input_ids=batch["input_ids"],
attention_mask=batch["
attention_mask"],
labels=batch["labels"])
return {’loss’: loss,
’batch_preds’: preds,
’batch_labels’: batch["labels"]}

test_step(self, batch, batch_idx):
loss, preds = self.forward(input_ids=batch["input_ids"],
attention_mask=batch["
attention_mask"],
labels=batch["labels"])
return {’loss’: loss,
’batch_preds’: preds,
’batch_labels’: batch["labels"]}

training_epoch_end(self, outputs) -> None:

epoch_loss = torch.sum(torch.tensor([x[’loss’] for x in
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121
122
123
124
125
126
127
128
129
130

131
132
133
134
135
136
137
138
139
140

141
142
143
144
145
146
147
148
149
150
151
152
153
154
155
156
157
158

def

def

outputs]))
self.log(
’train_loss’,
epoch_loss,
prog_bar=True,
logger=True,

on_epoch=True

validation_epoch_end(self, outputs) —-> None:
epoch_loss = torch.sum(torch.tensor([x[’loss’] for x in
outputs]))
self.log(
’valid_loss’,
epoch_loss,
prog_bar=True,
logger=True,

on_epoch=True

test_epoch_end(self, outputs) -> None:
epoch_loss = torch.sum(torch.tensor([x[’loss’] for x in
outputs]))
epoch_preds = torch.cat([x[’batch_preds’] for x in outputs])
epoch_labels = torch.cat([x[’batch_labels’] for x in outputs])
self .metric(epoch_preds, epoch_labels)
self.log(
’test_loss’,
epoch_loss,
prog_bar=True,
logger=True,

on_epoch=True

)

self.log(
’test_accuracy’,
self .metric,
prog_bar=True,
logger=True,
on_epoch=True

)
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159
160
161

162
163
164
165
166
167
168
169
170
171
172
173
174

175

176
177
178
179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195

if

def configure_optimizers(self):
optimizer = AdamW(self.model.parameters(), lr=2e-5)
scheduler = {’scheduler’: StepLR(optimizer=optimizer,
step_size=1, gamma=0.2)}

return [optimizer]

__name__ == ’__main__"’:

parser = argparse.ArgumentParser ()
parser.add_argument (’--seed’, type=int, default=50, help=’seed’)

args = parser.parse_args()

seed=args.seed

seed_everything (seed=seed, workers=True)
num_epoch = 10#LRv I

pretrained_model_name = ’bert—base—multilingual—cased’#ggﬁﬁ32§§5§59
ETFILDISE

bert_model = BertForSequenceClassification.from_pretrained(
pretrained_model_name, num_labels=2)

model = Classifier(bert_model)

dataset_dir = pathlib.Path(’dataset’, ’multi’)
batch_size = 8#/\YFH A X

run_name = ’E1E2E3_10_zeroshot’

checkpoint_callback = ModelCheckpoint (
dirpath="./checkpoints/{}-seed{}".format (run_name, seed),
filename=’{epoch}’,
verbose=True,
monitor=’valid_loss’,

mode=’min’

trainer = pl.Trainer(
max_epochs=num_epoch,
gpus=1,
callbacks=[checkpoint_callback],
logger=pl_loggers.TensorBoardLogger (save_dir=’logs/{}/’ . format (

run_name) )
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196
197
198

199
200
201
202
203

data_module = ClassificationDataModule(dataset_dir=dataset_dir,
batch_size=batch_size, pretrained_model_name=

pretrained_model_name)

trainer.fit (model=model, datamodule=data_module)

HERR DR
result = trainer.test(ckpt_path=checkpoint_callback.best_model_path

, datamodule=data_module)

YV — 23— F A.2: Zero-Shot Cross-Lingual Transfer T2 WD 70 75 4
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10
11
12
13
14

15

16
17
18
19
20
21
22

23
24

25

from cmath import log

import os

import argparse

from pathlib import Path

import pathlib

from sre_constants import OP_IGNORE

from turtle import forward

import torch

from torch.utils.data import Dataloader, Dataset

from torch.optim.lr_scheduler import StepLR

import pytorch_lightning as pl
from pytorch_lightning.callbacks import EarlyStopping, ModelCheckpoint

from transformers import BertForSequenceClassification, BertTokenizer,
AdamW, AutoTokenizer

import torchmetrics

from pytorch_lightning import loggers as pl_loggers
from pytorch_lightning import seed_everything

class ClassificationDataset(Dataset) :#7 —Xt v FD{ERK
def __init__(self, data_file: Path, tokenizer: BertTokenizer) ->
None:
super () . __init__Q)
self.input_ids = []
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26 with open(data_file, ’r’) as reader:

27 for line in reader:

28 row = line.strip().split(’,’)

29 if int(row[0]) < 3:#DFNIL%Z 1,20(negative)l", DTN
L& 3,41(positive)lCT B

30 1=0

31 else:

32 1 =1

33 label =1

34 text = ’,’.join(row[1:])

35

36 encoded = tokenizer.encode_plus(

37 text,

38 add_special_tokens=True,

39 padding=’max_length’,

40 truncation=True,

41 return_attention_mask=True,

42 return_tensors=’pt’

43 )

44

45 self.input_ids.append(

46 dict(

47 input_ids=encoded[’input_ids’] .flatten(),

48 attention_mask=encoded[’attention_mask’].

flatten(),

49 labels=torch.tensor (label)

50 )

51 )

52

53 def __len__(self) —> int:

54 return len(self.input_ids)

55

56 def __getitem__(self, index) -> dict:

57 return self.input_ids[index]

58

59

60 class ClassificationDataModule(pl.LightningDataModule) :

61 def __init__(self, dataset_dir: Path, batch_size : int,
pretrained_model_name: str) -> None:

62 super () . __init__Q)

63 self.train_file = dataset_dir.joinpath(’train_E1E2E3.csv’) #I#&
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64

65

66
67

68
69
70

71

72

73
74
75

76
7
78

79
80
81

82
83
84

85
86

87

88

89

def

def

def

def

TR DIEE

self.val_file = dataset_dir.joinpath(’val_E1E2E3.csv’)#ﬁ%ﬁfif—‘
2 DIEE

self.test_file = dataset_dir.joinpath(’test_ja.csv’)#7 XA b7 —
RDIETE

self .batch_size = batch_size

self.tokenizer = AutoTokenizer.from_pretrained(

pretrained_model_name)

setup(self, stage = None) -> None:

self.train_dataset = ClassificationDataset(self.train_file,
self.tokenizer)

self.val_dataset = ClassificationDataset(self.val_file, self.
tokenizer)

self.test_dataset = ClassificationDataset (self.test_file, self

.tokenizer)

train_dataloader(self) -> Dataloader:
return Dataloader (self.train_dataset, batch_size=self.
batch_size, shuffle=True, num_workers=os.cpu_count(),

pin_memory=True)

val_dataloader (self) -> Dataloader:
return DataLoader(self.val_dataset, batch_size=self.batch_size,
shuffle=False, num_workers=os.cpu_count(), pin_memory=

True)

test_dataloader (self) -> Dataloader:
return Dataloader (self.test_dataset, batch_size=self.batch_size
, shuffle=False, num_workers=os.cpu_count(), pin_memory=

True)

class ClassificationDataModule2(pl.LightningDataModule) :

def

__init__(self, dataset_dir: Path, batch_size : int,

pretrained_model_name: str) -> None:

super () . __init__()

self.train_file = dataset_dir.joinpath(’train_Jl.csv’)#Ezl-(g'E—C"‘
fine-F BT-HDINET— X DIERE tuning

self.val_file = dataset_dir.joinpath(’val_J1.csv’)#HZ&EET
fine-9 BT-DDIEIET — X DISTE tuning

self.test_file = dataset_dir.joinpath(’test_ja.csv’)#7 XA bT—
2 DIETE

self .batch_size = batch_size
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95

96
97
98
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104
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115
116
117
118

def

def

def

def

self.tokenizer = AutoTokenizer.from_pretrained(

pretrained_model_name)

setup(self, stage = None) —-> None:

self.train_dataset = ClassificationDataset(self.train_file,
self.tokenizer)

self.val_dataset = ClassificationDataset(self.val_file, self.
tokenizer)

self.test_dataset = ClassificationDataset(self.test_file, self

.tokenizer)

train_dataloader (self) -> DataLoader:
return Dataloader (self.train_dataset, batch_size=self.
batch_size, shuffle=True, num_workers=os.cpu_count(),

pin_memory=True)

val_dataloader (self) —-> Dataloader:
return Dataloader (self.val_dataset, batch_size=self.batch_size,
shuffle=False, num_workers=os.cpu_count(), pin_memory=

True)

test_dataloader (self) —> Dataloader:
return Dataloader (self.test_dataset, batch_size=self.batch_size
, shuffle=False, num_workers=os.cpu_count(), pin_memory=

True)

class Classifier(pl.LightningModule) : #5)3B23DIER

def

def

def

__init__(self, bert_model: BertForSequenceClassification) ->
None:

super () . __init__()

self .model = bert_model

self .metric = torchmetrics.Accuracy()

forward(self, input_ids, attention_mask, labels=None) :
outputs = self.model(input_ids, attention_mask=attention_mask,
labels=labels)

return outputs[’loss’], outputs[’logits’]

training_step(self, batch, batch_idx):
loss, preds = self.forward(input_ids=batch["input_ids"],
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154

def

def

def

def

attention_mask=batch["
attention_mask"],
labels=batch["labels"])
return {’loss’: loss,
’batch_preds’: preds,
’batch_labels’: batch["labels"]}

validation_step(self, batch, batch_idx):
loss, preds = self.forward(input_ids=batch["input_ids"],
attention_mask=batch["
attention_mask"],
labels=batch["labels"])
return {’loss’: loss,
’batch_preds’: preds,
’batch_labels’: batch["labels"]}

test_step(self, batch, batch_idx):
loss, preds = self.forward(input_ids=batch["input_ids"],
attention_mask=batch["
attention_mask"],
labels=batch["labels"])
return {’loss’: loss,
’batch_preds’: preds,
’batch_labels’: batch["labels"]}

training_epoch_end(self, outputs) -> None:
epoch_loss = torch.sum(torch.tensor([x[’loss’] for x in
outputs]))
self.log(
’train_loss’,
epoch_loss,
prog_bar=True,
logger=True,

on_epoch=True

validation_epoch_end(self, outputs) —> None:

epoch_loss = torch.sum(torch.tensor([x[’loss’] for x in
outputs]))

self.log(

’valid_loss’,
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176
177
178
179
180
181
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185
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193

if

def

def

epoch_loss,
prog_bar=True,
logger=True,

on_epoch=True

test_epoch_end(self, outputs) —-> None:
epoch_loss = torch.sum(torch.tensor([x[’loss’] for x in
outputs]))
epoch_preds = torch.cat([x[’batch_preds’] for x in outputs])
epoch_labels = torch.cat([x[’batch_labels’] for x in outputs])
self .metric(epoch_preds, epoch_labels)
self.log(
’test_loss’,
epoch_loss,
prog_bar=True,
logger=True,
on_epoch=True
)
self.log(
’test_accuracy’,
self .metric,
prog_bar=True,
logger=True,

on_epoch=True

configure_optimizers(self):

optimizer = AdamW(self.model.parameters(), lr=2e-5)
scheduler = {’scheduler’: StepLR(optimizer=optimizer,
step_size=1, gamma=0.2)}

return [optimizer]

__name__ == ’__main__"’:

parser = argparse.ArgumentParser ()

parser.add_argument (’--seed’, type=int, default=50, help=’seed’)

args = parser.parse_args()

seed=args.seed

seed_everything (seed=seed, workers=True)
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211
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218
219
220

221
222
223
224

225
226
227
228

num_epoch = 10#TRv I

pretrained_model_name = ’bert—base—multilingual—cased’#ggﬁﬁ§é§§ﬁ§59
ETILDIEE

bert_model = BertForSequenceClassification.from_pretrained(
pretrained_model_name, num_labels=2)

model = Classifier (bert_model)

dataset_dir = pathlib.Path(’dataset’, ’multi’)
batch_size = 8#/\wFH A1 X

run_name = ’E1E2E3J1_10_zeroshot’

checkpoint_callback = ModelCheckpoint (
dirpath="./checkpoints/{}-seed{}".format (run_name, seed),
filename=’{epoch}’,
verbose=True,
monitor=’valid_loss’,

mode=’min’

trainer = pl.Trainer(
max_epochs=num_epoch,
gpus=1,
callbacks=[checkpoint_callback],
logger=pl_loggers.TensorBoardLogger (save_dir=’logs/{}/’ . format (

run_name) )

data_module = ClassificationDataModule (dataset_dir=dataset_dir,
batch_size=batch_size, pretrained_model_name=
pretrained_model_name)

trainer.fit(model=model, datamodule=data_module)

#ARBTIFAVFa—ZV 793D ETILDERRDORT
result = trainer.test(ckpt_path=checkpoint_callback.best_model_path
, datamodule=data_module)

###J1 finetuning###

ckpt_path=checkpoint_callback.best_model_path



i

46

229
230

231
232
233
234
235
236
237
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data_module2 = ClassificationDataModule2(dataset_dir=dataset_dir,
batch_size=batch_size, pretrained_model_name=

pretrained_model_name)

trainer2 = pl.Trainer(
resume_from_checkpoint=ckpt_path, HHREBDETILDFHAAH
max_epochs=num_epoch,
gpus=1,
callbacks=[checkpoint_callback] ,
logger=pl_loggers.TensorBoardLogger (save_dir=’logs/{}/’.format (

run_name) )

trainer2.fit (model=model, datamodule=data_module2)

*AXREBTI7AVFa—Z VI LEETIOEREORR
result = trainer2.test(ckpt_path=checkpoint_callback.
best_model_path, datamodule=data_module2)
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