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Artexte 512 K o TITON B S BRI O S FBIX A REME 2 WEE S 2 %5 T3,

FECHHTYE X7z BERT €7 /1@ Embedding JE % & { Transformer 2J&®D
R R =R % HH LT, Embedding DAZHIDEFEDOHZFET — A TH¥E L.
ZDH’, WFETT7 74 ¥ F 2 —=V7 L1=ET /LD Embedding #5% 5D FFET
243 L7z Embedding TEE#ZT¥usay b a R Y HNEREEEIT-
724E5%, Multilingual BERT OFSE LS Z & 2R L 7.

DFERD &, Transformer @ FAIEIEZEFBIKFL TV RVWESEZ SN 5.
% ZC Embedding JE72 1 % HAGERAIF ICHAEE S 2 721 CEMRAE /2 JE5E D A
ETNEHABAFICZOEEMATEL L EZ L. FEHITL, KV Y —REFE
TE a5 OHEFEEIEHE LRI TS, BEET LD Embedding 8D 721
TERRERET VMR T E 2 A[REMNAE Z BN 5.

AL TIE. Artexte & DB TREE S L7270 o 7 9438 & HAGER O 5 iK% A]
AeEZ & LoD, Transformer @ BN ZFBEICHKFEL TV EI0E I DLEEEL
7z, EEBTIIEEEARGE BERT 07 X —X%~X— 2% LT, Transformer &
% 2 THHE L72RET Embedding D A% HAGE — A TH¥E TSI THAR
FEMNT BERT M L7z, 7 VO Amazon L b 2 — 7 — X ORKIESHT
WS B IEMRZ R L 7.

BEFEIC & > THE XN HAFE BERT 13 Multilingual BERT DOf§EEIZIE %
%9, Embedding D ADIHEIC X > CTHFEOEKEERET L EZFIDF
FBICHHEEMHIGTES 2 /R L. —/ T, #HILK BERT OFEEICITKIXR
hol=Z 5, Transformer ® Embedding & b ENMOEIIKA L L TEEEIC
FLTWR LW ERICTE o 7.
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Abstract

In a study conducted by Artexte et al. to test the language transferability
of monolingual representations, they froze the entire Transformer layer of a
learned English BERT and trained only Embedding on a monolingual corpus
in another language. They then replaced the Embedding in the fine-tuned
English model with Embedding learned in that language and performed zero-
shot cross-lingual transfer learning, showing that it competes with Multilingual
BERT’s accuracy.These results suggest that the upper layers of Transformer
are language-independent. Therefore, I thought that English trained models
could be used as-is for Japanese by simply adjusting the Embedding layer for
Japanese. If this is realized, it may be possible to construct a highly functional
model by simply learning the Embedding layer of an existing model, even in
a low-resource language where pre-training from scratch is difficult.

In this study, I investigated language transferability between English and
Japanese, which was not verified in Artexte et al. and considered whether
the upper layers of Transformer are language-dependent. In the experiment,
I trained only the Embedding layer on a Japanese corpus, with all the Trans-
former layers frozen, based on a trained English BERT. I demonstrated that
the Japanese BERT constructed by the proposed method approaches the ac-
curacy of Multilingual BERT, and that the existing model can be adapted to
another language to some extent just by adjusting the Embedding layer. On
the other hand, it did not reach the accuracy of TohokuBERT, suggesting that

the layers above Embedding in Transformer are language-dependent.
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Artexte & [1] DB FEEXRH O ZFEIAAREMEOMIFETIE, HFEa — SXATHATFEE L
7= BERT [2] ® Embedding Jg% & { Transformer [3] gD $F X — X & HfE X E720K
RET, MOHEFFEa — X% W T Embedding DAERFEE L. 20K, WEETT7 74 >~
Fa2—=27L7%ETND Embedding %% L7 Embedding TEX#tZ 2¥tn>av
FD v R ¥ AR AT o AR, KA Multilingual BERT(MBERT) [2] &
BRETEIeERL, ZEBRHEMEORVHSERIIC X 2 SEOMENRESEDLH 2
ZeZEmLT.

DI eh5, Transformer & Embedding B & D BN OEIZSEEICKFEL Ty
bEZAHNS. £ T, Embedding JE721F % HAGERIT ITHEE T 2 Z & TrEitkAE 72 5538
DERBAETNEZDOEENHATE 2N TE, ARVI R MTHARERIFIDET L
PHETEZ20TIERVWHAEE R .

R, RY Y —RAFFETE a2 5 DHEATHEE 2T BECEERERET LV EE
3 HELWIRIICBWT S, BFEDETFLO Embedding JE D28 72 1) T LB E#%
RERET VR TZZARMENEZ HNS.

ARIFFLTIE, Artexte DL THE I N TWARD o FHGE & HARGER O FFEIRED
AIREMEZ A& S % & & 31, Transforemer ® Embedding & D BN D@ S EEICHKTE L
TWENREIDZEMET S I e 2@e L, #BFEAKEE BERT D85 X —X &2 RX—2
¥ LT, Transformer J&% 2 CHifs L 72 IKAET Embedding D A% HARGED 2 —¢2
TH¥ET 2 I THARBATOET VLS L 5IXEE T % Z L THAGERY BERT %
MR L7z, 7V OFHMIICIE Amazon L E 2 — 7 — X QRKIE M3 2 EfER % v
7o, HBT2EF AL LTEROZEa — 20 5 HEF%EE I TWws MBERT ¥ ¥t
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REFEL Lo THEREINLETVIZ MBERT OFEEICHS 2 & 253G L, Embed-
ding HOADIHHEI X o TR O SRR ET LV 2RO EFEICH 2 HREHELEIEL 2 L
MTEZZrZmll. —/T, LK BERT OFEEIIT AN IR0 0 7o HR D,
13 D Transformer ® Embedding B X D EAOBEEEFEIKFL TVWEDREAS LW

HERIZE 5 7=,
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2.1 HEEORIRIA

HEE DRI HAS B B W THEE 2l L 72X 7 V22 FICE DAL FiE
T, HEEOEKRPXMREIEZ 2 DICHERATH 5. N7 MLVZEMICHFEEORHE T MLy
LTHDIATLZ 0o, HDAARBE MINE. HEENRT PLTRINEZZ LI
XD, BRAEE, 2F DHADEERME S SFE2EMN S 2N TE 5. Bag-of-Words
% TF-IDF @ X 5 ICXEHDOHFEDOHBEIED 5 X7 b A ZERT 2 FiEP, Bibd 5
Word2Vec D & S ICRKED A=A H=a—F %y 8T —2 2o THEREDTHER
ReyBT2FE01DH 5.

2.2 word2vec

word2vec [4] [5] 1& 2013 ££12 Tomas Mikolov 52353 L= BB EIRH 28T 5
FETHS. ANE, PRE, HOE»SR2 =2 -3y bV — 27 THREIN 2R
BAy b7 =0T, @EEOTHOHENANETH 570, @ETHETHERBZFEE T
2 eHHKD. Fi [4] TiE 16 BEOT— Xty M5 1 HUNTHEBESHRI % ¥
BTE2 bk, MENKIEICH T2 2EZRC I DMEEL, TEROTFEL EARVETE
aRNCHERMEST2Z%E2/RLTZ. word2vec DET VDT —F 727 F v Diffl % DL
TCHHAT 5.
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221 CBOW

CBOW /Continuous Bag-of-Words Model) (&4 D HiED 5 HL DO HEEZ TS 5
ETNTHS. FEREPEL, RELT—&ty MW 20RO EEITE L T
Wwas.

AR TRl 5
2{EFTDEEE
LE s o B3R
TR HHEEE
L& o B a3
AR D EFE

X 2.1: CBOW O A X —Y X

2.2.2 Skip-gram

Skip-gram(Continuous Skip-gram Model) I&HO D HEED & EA O HiE2 THIS % €
TN TH%. CBOW Lk HAFHICK X002 %08, MET 2 HEEDTHBERIHOMREIZR <
RoTWa.

2.3 Transformer

Transformer [3] I% 2017 4EI1Z Vaswani HIC X o TIREZNLET AT —F 77 F % T
H5. ZTNFETEGMS 5 7% RNN(Recurrent Neural Network) OMiFIFHEIZ DRV &
W9 [iIE%, CNN(Convolutional Neural Network) DR X OKEREGREZIER 5 Z & HY%E
L) HEEMRLT, Attention BifZ N—AICL7ETLTHS. 8 DD GPU
T 3.5 H¥H L % Transformer E 7 VI EGED S 7 T ¥ ZFEANDFIEREZ X 7128 WVWT,
LR D RS2 RLER L 7z,
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AR gig! HAh

2{ER D EEE

HERTDEFE

FRT 2HEE -

ME& D EEE

2ME DB EE

2.2: Skip-gram DA X —I K]

2.3.1 Transformer DETIL T —FTIF ¥

Transformer 3L >3 —KX e 7a—Xn6MDID. Zrya—XiF 6 BOR—LA
YWER->72DDT, FENPZNZFN Multi-Head Attention & position wise fully
connected feed-forward network € W5 H 7L A4 ¥ 2FD. &Y 7L A Y ORICIIEE
fia e LA YIEREATHONS. Transformer DL TOH 7L A4 Y ORITITEHEZ B S
T B7DI512KTOH N2 T 5. 7a—Xb6BOR—LAVIHER-ZHDT, T
YA=KD2ODH T LA YORICT Y a— XD % 3ZIFH % Multi-Head Attention
PEMENZ7D, SEOFTVLAYERD. Ta—XTHREAKIE, £ T4 YD
BRICIIREEE L LA YIEREfTbI S, £/, 1 2HD Multi-Head Attention 1%
Masked Multi-Head Attention ICZH X, KKRDERE~AF V7T 5 2 & TREA
DHENZDAKFT 2 X518 oTWVW5E. 7Fa—X T 71%I1F Linear & Softmax 12
Lo THERDMBELNS.

2.3.2 Attention & Multi-Head Attention

Attention Z3KD 22X 2.1 1TR”7.

Attention(Q, K, V) = softmaac(Q—KT)V (2.1)
VDy,
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Attention ZXJT Dy @ Query(Q) & Key(K) ® K v MEXREIHEL, Dy TARAY —
V¥ 7RIV, softmax BIEEE L7AEHR L Value(V) TRy MEERFTE L2 D21
£3%. 2D, Query & Key OFLEDFHEZ1T> T, Query 20 L THRHIEW Key
R, Key IZRET % Value #RD XS5 0S5 2 TH 3.

F 72, Multi-Head Attention I& 512 KITDE—®D Attention Z W2 DT L, 7
H L 7EHBDO/NZIWRITD Attention # ZNZNKDT, HIEZ—2XKET2DD
TdH 5. Vaswani 5% Attention Z 8 77HIL, 64 XITD Attention 225 1% KD 7-.
Multi-Head Attention (3572 2 (M EDOXRH D SFMEE5 Z e ZAlREICL, FIEaX b
EMA - F EMREZA LT5 2 eATES.

24 BERT

BERT [2] (Bidirectional Encoder Representations from Transformers) (& 2018 4
10 A2 Google 22 6 R X X &SRR FHIFEEFAET LT, Transformer [3] THEH
X7z Multi-Head Attention ¥ WS E#® 12 BE 7213 24 BEERIETLTH L. XHE
ZH—FANFE T AEROET VIR D, FHHiHEIC Masked Language Model
¥ Next Sentence Prediction £\ 5 Z X7 ZERHT % Z & THITIAD b DFE DA HETR
7o, XREBAETZENDPEL KoTW5. ¥/, 120 BERT €7 LI LT, #z
BEERL T 74V Fa—=V %175 2 THABRBREFBIUIE X X 7 ITHEIGT X 58
NP R RO, ERINTZET VI 768 XTT 12 &1 572 5 BERT-base & 1024
I 24 f@7 572 5 BERT-large 3% 3.

2.4.1 BERT OFFiF¥E
BERT 3T D2 00#HEH L X R 7 Z#FWTEHAIFEEIN5S.

e X 27 1: Masked Language Model (MLM)
AN EENDZ VL DN OHGEE~Y R L, A7 SNETITA S ILDHGE
ETMT 2R THS. LTOBNITCHR [2] 225 DEIHTH 5.
(1) AIXICEENZHEBEON 15% & 7 ¥ X LGRS,
(2) FENI-HEFEE 80% DfERT [MASK] b—27 > 5 5.
my dog is hairy — my dog is [MASK]
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(3) BINHGEZ 10% OFERT S VX LIRBEEICT 5.
my dog is hairy — my dog is apple
(4) FINHGEZ 10% OERTZDOEEOHEITT 5.
my dog is hairy — my dog is hairy
(5) [MASK] F—2 Sl HEEA A 2 BRI O IRD & FHlT 2

MLM 2 &> T, [MASK]| b —27 VIZ k> TRINZHGEE X OHI%KD 5 FHIL
T 7D, WHAEZFRORMFEEETABELNS.

e X A7 2 Next Sentence Prediction (NSP)
ATTE UTHBITH T WS 2 DD ZZITID, 50% DOERT 2 XHZH DA
NPHDT Y RAK ] SNTEXIZ 2%, 1 XHE 2 XHPFEBRIHEOWTWS
E0THTEERTHS. LTORNITTHN 2] D5 IHTH 5.

1 = [CLS] the man went to [MASK] store [SEP] he bought a gallon
IMASK] milk [SEP] (B2 RS- 7 /& 1 40 v 222 2 B o 1)

— IsNext (2 33ERK LTV & Tfl)

12 = [CLS] the man [MASK] to the store [SEP] penguin [MASK] are
flight #+less birds [SEP] (BB LTz /Ry F I NIMARIZVET)

— NotNext (2 32iEHE L TWign e Fill)

NSP 12 & - T, BERT (% 2 XOBREZZEEL T 2D, Q&A XX 72 HA
S et & Vo RO X DBR R T 2 0 EDH D XA ICHHEAT 5 I L
MTES.

242 TyAYFa—=>J

774 YF2a—=V71E BERT 2FFED X A7 ICRHLEIE 2 X5 1T 5 ut R
%1579, BERT 3HFiIZEE 2@ L CTEPRFHERREETLD, 7740 Fa—=0 7
Lo TREDRXRAZICHIEEIEZ 22T, TOXRAZIIHLTEWEREZEH TS
PMTES.
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F a2 —=V 27 Tld BERT OFRMEBICX A7 ICEOE LSRR Y, BINOE
ZHlAIAT. 2%, BRIFETHEONIRFXA =2 2gHEE LT, S ET—X
Z\WT BERT IR D T XA =X HT 5. HENDBD T — &5 o @tk €
TR TZ ZHCHRABRRAZIIICHTZ 25805, INKFAHZATVS.

243 BERT DAARZT RIL

W

BERT O ANARZ b3 3 EOERI DS, Z0FMEXK 23 1TRT. £35
Z BN HEEFEFEIC L D 2R NHEFEICHIE T % id(token id) It , BERT
AN &N 3. Token Embedding X HEE (token id) —D—DIZHIET 2 HHIAARKE,
TROLHEEIHERIRTH 2. T OHGEDIEEREIZ BERT OHAT¥E 2l L THEE S
5. Segment Embedding 13 Z M ZHDITHIGT 2 HDIAARITH 5. Position
Embedding 3 AJ) SN 7 EHFEOMBITHIGT 2HDIAALRBITH L. ZhHD 32D
HHAARIEEGEI L2 Z b BERT DAHIRT bl i3,

AR =2 Egy b—2 ENY b—7
input [cLs]| | my || dog is || cute | |[SEP]| | he ||likes || play | |##ing| |[SEP]
Token 2 E:[CLSI Emy Edog Ej; Ecute IE:[SEP] EhE Ejjkes EP'“)’ Esring E[SEP}
Embeddings i u

S t
Efﬂgbrzzzmgs EA EA EA EA EA EA EB E—B EB EB EB

Position

Embeddings Eo ||Ey || E2 || Es || Ea || Es || Ee¢ || E7 || Eg || Eo ||Eq0

2.3: BERT O A f15RH

2.5 RoBERTa

RoBERTa(Robustly optimized BERT approach) [6] 1%, 2019 %I Liu 512k T
I X7z BERT OWBERET LV TH 5. RoBERTa i& BERT 2"HAF B IZHE W
TENMEREZ/RS /7T, BERT 3EF L CHIBARETHD, S5RL2HRMPAETDH
% L WVWIHIREICHEDOWT WS, BERT 2o ZEI N K2 LT TiHilHT 5.
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e LDEKDTF—%&, XDRWVEFR, XDREZZANYFTETFTAZIIMT 2

BERT TR HER¥EHD T -2ty b & L THEE Wikipedia & BookCorpus
DEEF16GB 7 —&+t vy FEMHL TW52, RoBERTa Tlx CC-News,
OpenWebText, Stories & W5 7 =Xty FZBEML, A5 160GB D7 —%
Ly PRHEMFFEMLTVDS., JAUTKDHES R ELEZ 2R
NTW3. ¥72, BERT TlE Ny FH 4 X 256 T 100 5 A7 v FDAlEBITHH
TW52s, BERT EFLT =&ty FZHWTANY FH A4 X2 Z LS B mmLA
DFEERZED, Ny FH A X 2000 T 12 J5 5000 2T v FDEE DT HFEE L E
NTVWDZEDREINTNS.

e Next Sentence Prediction % Hlf&3 %
NSP OEHELAN % RS THEAIEE L7 L0 KRERICE D, NSP 217b7%
WHDFEEDA E3 2 2 oRE N, NSP OBEMENEE XN,

o IRV —F VXTS5
T — XD ANTTELN 2 RS THITFE L e T VORKERICED, 125X
LD RF 2 Xy bh oL 7 512 BiEhE AT 2§ 258 OREDIH LT 2 LR
N, EOhRWI—F U ZAPBER EICEFET 5 Z e PR s 7.

o AT —XICHHT 2~ RAF 2 IR =V ZEIINICZELEE S

AV P FND BERT TIFEEHRHIC 1 EZL T AF U 7 2{ToT05 (BT AF
7). 120X E%Z I0E#EHL, ZhAZNES Y AX Y TONELZERT %03,
40 TRy ZEILTWB DR UYA 72 4 BIH2 Z 21245, 5L T RoBERTa
T, FETIECAF Y T ERITI 72D, BELES v X7 DOXENE TG
ENB (BN~ ZAFT ). B~ ZAX 2y BN~ R F 2 7R B LA D
EBTIEEN~AF > 272k D BERT IZIEFAE»ETRWHEEDNH 2 2 &7k
INTWVW5.

INBDOFEERD AN/ RoBERTa I3 FHRTEE T 20 a— X 2L TRIDIRFEIC
BOTHLTHT— Xty b T BERT-Large DFEEERZBZ /2. 20K, a— R2A%HEP
T HEEDODRT Yy THEHERS T I LIk o TE LR BBEERL, IBRLEEH
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EOEMIEZRL 7.

2.6 Multilingual BERT

Multilingual BERT [2] 1%, ZEBMEOHERIFEEETLE LTHERINIZETILTH
%. MBERT & BERT ®7 — %7 27 F ¥ ZX—RI1ZL, 104 SiE®D Wikipedia 7— &
FRHOTEHPEIA TV, @D BERT TIXHE—SiE0T7T—Xt vy FTHEHIND
DIZX L, MBERT TRREHEEDOT &ty P ZRIFICHWT, HED =27 b
Trya—X—%HEFFTE. LD, ETADPEBEECOL2NHNREERMAE
FEL, BREZ25HEOXRX 7 ITHANEICKRS.

%7z, Pires 5 [7) ® MBERT O %SRBI ZHE T 2% TI1E, MBERT © 7 »
AVFa—=VIRICANE LTEZTORVWHIOSFEICNT 2 XA ZITHLTHREW
MREDIHY 5 Z ¥ R &E 4, MBERT 2#sfStEgEx B L T b RN TWS. —/5T,
FEEY HAED X 5 X ORERLTWIRWE BT L TR IEREIMR L 2 L AR S
i, MBERT I3NAHMNARZ SERIVIFETE TV, FBIHICBRT 2 ARG
BEHEDFEETETVARVE WS REZRR TV 3.

2.7 On the Cross-lingual Transferability of Monolingual
Representaions (B E@BRADEFBImEAGEN)

Artetxe 5% Pires & [7] 28 MBERT 2’¥ v 2 v b TORSFFEIRZICKIN L2
%%, MBERT O FiE%# 2 7-I{LEES) 25 L o>, MBERT OEEEICHT 5
HFAFHCHLAEROEZ T IHPIT 2RE 7 Fn—F & LTHEERIIC X 2 BE5E
kR R L7z

RRXNAETFHERK 241077, 73, (a) 535 L1 ©a—,92 (¥5E) 12 & > T BERT
ZHEATEE L%, (b) S LI THIFEE LELETLVOMDETORED T X=X Z2H
fi LK TERE L2 02— R ZHWTERE L2 O LWHOAATHZEE T2k
THLVWEBICIEELTWS, ZAC KD HEETHEINLET AL OFFERT O
ETANCHBINS.

T/, MXATTbtunyay M2 BSEREERINIR L. E2HEAS
i L1 BT VR 568 L2 ICHE L 72, (c) 538 L1 OE 7L OEDIAKRITHZ B L7

1}



H2E  BHEE 18

[ Transformer/g ] [ Transformer/@ ]
Transformer . .
[

i SRR

Transformer/& } [ Transformerf@ ]

I I

[ Segment Embedding ] [ Segment Embedding  JER¥E ]
Embedding [ Position Embedding Position Embedding  jg#& ]
[ E#L20TokenEmbedding |

* *

)
R

[ E#EL10Token Embedding

\—_—)

( EELLOI—/Z | ( EEL203—2 ]
(a) BEELI(ZEBE)COEfFE (b) E5EL2TToken Embedding% %%

2.4: HEEERIDIRE

FEEELL DTN EF— XTI 7 4 v F 2=y R0, (d) 1, FIE (b)
THEEHL-EEL2 OMDIAATHITEEIZ 22 T¥uyay MK B ESEIREY
1IToTW5.

{ Transformerf@ ] [ Transformer/@ ]
Transformer . .
2E : : LERE
[ Transformer/@ ] [ Transformer/@ ]
[ Segment Embedding ] { Segment Embedding  JER$E ]
Embedding [ Position Embedding

{ Position Embedding }iﬁ]
| E®@L1oToken Embedding H#) » | EfEL20TokenEmbedding |

*

[ EELos~afEF-5z |

(c) E58L1(¥3E) TDFineTuning (d) (b) THEE L1-E5EL2DToken
Embedding CTE #8223

2.5: ZeroShot 1T &k 3 B 5 iE5X
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Z DFHEIT K o THGE BERT 2 6 MO FFBICIE I N E T MVIEEN LRt a s a2 v
FZBRRAY UYHARYF2—2IZBWT MBERT 55 2%/l 24Uk, §
FEETOY 7T — FOHEERZHOEiEICO R 2 AL MBERT 122 - TRETIX
BRWZEZEIL, HEEETUDNEELZ VR, SiaOMRNZM Rz ETs L
L7,



20

53

Tk

N

E.—l—. i

he

=7

3.1 3HEE BERT ¥ HAEE Embedding IC& 2 R E B nxFH

PEED & HAGEAND RS FEIRE A E D RETH 20 B MAET 5 72012, Artexte & [1]
X B HSFEMEEEEOFEESEICLT, UTO XS RTFIEC & - TEGHFEAREGE
BERT ¥ HAGE Embedding D212 &k % BERT 2#8 ¥ 2. IERTFEOA X -V %
3LIWRT. 7z, MPVEREFIEBEOETHHT .

o (1): MFO¥YEAYGE BERT 2X—2 L THET 5.
(2) : ¥ AHFE BERT @ Embedding &% H7AFE BERT @ Embedding /& T

BEHZ 5.

o (3): HARFEa — X% fii > T Embedding YA DJED T X — X %2 THA L7

¥ %, # LW TokenEmbedding Z%#¥ 5% Z & TETNVZ HARGBIIEITIE 5.

32 BIBETI

ARIFFETIE, IREFIRIC > THEINZET L E MBERT, % L CTHItLAK BERT
%, HABOBIEOHZ A7 OIEMREHWTCHES 2. L, BEFEICEZEFL
73 Multilingual BERT &5 h & 95 2 L2 MEEZ RS 51X, REED O HAFEANDIR
EPAMTHL L, MATEZROEHE L - HICHFESIEL IR BFHEMTHY
WHBIELZeDENMLEIpEHMTE S, £, IBEFECLZETVEHILK
BERT TKIEIZE 72 2 KilE Transformer EIZH 5728, FBEICKEZRENR S HNUL,
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Transformer 3B ICHIF L TWRWI L ZMRFETE 5.
COHERZBEL T, EFENSEREZICBWT MBERT % LR D, [FIFIC
Transformer MWEFBICHKEFE LR WI 22 RT 2 eI XN 5.

5
[ Transformerf@ ] [ Transformer/@ ]
Transformer 5 5
28 : : LERE
[ Transformerf@ ] [ Transformer/g ]
[ Segment Embedding ] [ Segment Embedding  JEfE ]
Embedding || Position Embedding ) ( Position Embedding i |
[ Token Embedding ] [ BAZEDToken Embedding ]
( A&EI—/R )
(1) BEO¥BEXEEBERTZHE (2) HA&3EBERT M Token Embedding TiE#:

(3)E%HH L TAKEI— AR TLE

3.1: MEFEDA X=X
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41 ETFILOFFFEZJICEAL-O—N1X

2023 4E 11 A 20 HFf 0 HAGFE Wikipedia D& > 77 7 A VW 57 F 2 Fa—R 2
AR L=, wikiextractor ZFHVWTTF A M7V —= v P 24T o 7214, BEOD txt 7 7
ANEFEE U THILE 2TV, 1171 X062 1207 F A M LA, AR hiza—
RRAT7 7 ANME 3.4GB T, #2400 FOXTHER SN TN 3.

42 ETILOFGFFE

HATFE 2T OBROETLVOHEI AR X =& LTEEFEADIE BERT TH 3,
BERT-base bert-base-uncased)* 2% FtAAAT. X BT, FtARAATE B AKEE
BERT @ word_embedding(TokenEmbedding {2& 7z 2 ¥ DHiAAR) FH DT X —& %
FALRFDEZ « FaARBIFEEDER L 7z HAGER BERT (1%, HALK BERT L FER) [cl-
tohoku/bert-base-japanese |*3® word_embedding D857 X — X TEZIZ /2. Z D,
embedding DZEEIZfE-> THEEHTBZETND b — 27 Y %FEZE BERT @ 30522 7255
LR BERT @ 32000 ICEHE L7z, ZOMORITHEREIRY, ETNVDT —F 727 F ¥
BERT-base 72 6ALE L TWAWV. ZORKTDOETNDA X - %2X 4.1 1R7.

*1 https://dumps.wikimedia.org/jawiki/latest/ PID”jawiki-latest-pages-articles.xml.bz2”
*2 https://huggingface.co/bert-base-uncased
*3 https://huggingface.co/cl-tohoku/bert-base-japanese
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[ Transformer/@ (Z2BERTMD /X5 X — &) ]

Transformer .
2E .
[ TransformerB(EBERTD /X5 X — &) ]

[ Segment Embedding (J2BERT D /%5 X — &) ]

Embedding [ Position Embedding (EBERTM /¢ X — &)
[ itABERT®Token Embedding

D B EHEEFEBERTDToken Embedding%
RitKDHLD LMY IERZ S

4.1: Embedding J& D &1

X2, word_embedding AN DT X — X ZHG L, 4.1 HiTiliR7z HAGE Wikipedia
2 — %R £ HALK BERT @ tokenizer [cl-tohoku/bert-base-japanese %o T MLM
DHEDHEZTo7. MLM O%E$ 41 2 F 1D BERT & FRICHED 15% %
IMASK] TEEMZ T3, ZOFIHCHOEFALDA X —IHEM 4.2 1SR

ETNEHET BED GPU 1213 NVIDIA GeForce RTX 3090(24GB) ZfH L, v
FHA X 16 T 10 TRy 7 9%H L. FRiEEIEEB K2 200 K05 7.

4.3 Amazon LEa—ODxHRIHIE

ETIVEMRL 2%, HARFED Amazon L E 2 —%2 X R LIEREDHT X A 71281
LIEfRREZMODFEEASEET NIRRT 2HTET VO ZIT - 7.
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[ TransformerE(TEBERTD /X T X — &) ]
Transformer .

N : E2ERE

[ Transformer/E (FEBERTMD /85 X — &) ]

[ Segment Embedding (EBERTD/XF X — %) ]

I8 1hA

Embedding | [ Position Embedding GSBERT®/$5 X —%) | if
| %L ABERTDToken Embedding ]
[ B#&:EWikipediad —/¥ X ]

Q@ERBONF A —2%EFEL, HAEEWikipedia
d—/YX TToken EmbeddingZMLM TE£E

4.2: Embedding J&g D%#¥

431 FHMERT—42tvhk

A 7 — 2121k Webis-CLS-10" 2 WS 7 =&ty bEEHLZ. 27 —%tv b
WX N A VEE, 75 RFE, HAGE, FFED Amazon L b 2 —XEMIERZ T NB 5,
AEBRTIRIHAEOXELZFH L. 7—2DF~LE Amazon L E 2 —DEOHER
LTED, 3ZBR 1265 FTO4EMBTREINS. AFEERTIE, F0uh4, 5D
7 — X el (positive), ZLH 1, 2 DT — R EAKFH (negative) & LTH X721
Vo — AR H B E S 2 2 HOKIE N E2 1T - 7.

¥/, ZOT7 =Xty MIIFIEI LIT books, dvd, music D 3L H D, 2
AUCHI T — & 2000 i, 72 hF—% 2000 EBPEREATVWS. ZOW, T —Xx
DFEFED & 100 EEFRH 7 — %, 101 fHE» & 200 MEEZMFEHT—2 & L. £,
TAMF =213 2000 HETHEHALE. FHLET—X20NRER 411TRT. 7T—X
v PAD<text>X JHNDOXEZL E2—AKALE LTW53D, books D7 R b T —&RIZ

*4 https://zenodo.org/records/3251672
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1072 <text>X 7RIV E 2 =0 NWT — XN H - 72728, books DT A b7 — XK
DA 1999 f@ic iz > TV 3.

#F4.1: 7—Xty FOHNER

H books | H dvd | H music
AR T — 100 100 100
FREE T — 100 100 100
TAPT—X 1999 2000 2000

432 FEFILOFHE

T — &% 100 HHWCETFLE I 7 A v Fa—=v 7L, 1 EEEIKDDI LI
B LT T IVICHGE T — & % 100 fEHWT loss ZEHHI L 72, loss DEMEICIIRZT v
P —Z2fHLE M43 IORT XD CEEHEBALO LV — 7% 30 =Ky 7 L TITW,
MREE T — Z 203 2 loss D/ IMHEDS 3 [MIHEHT X7k h o 7235812 early stopping & A72
LTETADT 74 v Fa—=V 7 2@R@RPTILD T, ZORHRETT loss Ao 7

ETFNERAMETFLE LTHREFEL.

BEIICARA M ET LI LT A b7 —&% 2000 fE{#HH LT Amazon L ¥ 2 —9 5

Z ORI 2 M2 TS 2 2 HORE DI X X 7 217w, IEfERZEHHIL .

DETFNDFHM % books, dvd, music DFEIET L ICZFNEFIUT-> T W 5.

30epoch5E T & L £ [ EarlyStopingf|FE X T

h 4

X 4.3: &5 L0

RAFETILT
T AR

-
—
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433 FHENRDETIL

ARFEEETIELLT D 3 ODFEHTETNVZFML 7z, FEMPANIEZDIROUMEET. £
7z, #Hli T — &% b—27 ML T BBEFHET 2T BT B b =2 F A4 —E A
L7.

e HAFEDIMFT — XTI 74 v F 2—=> 72 L% Multilingual BERT(JP-
MBERT)

o HARFEDIMF — XTI 74 Vv F 2 —=vF LEREFIRIC X % BERT(My-
BERT)

o HAFHOIET -2 T7 74 > F 2 —=> 2 Lrgik BERT($4LA BERT)

4.4 HERER

4.3 HICHIALZ 3 DDEFILIC Amazon L E 2 —F— X EXRE LEESH X 2
7. ERRER 42 EK 441877, MEROED, I#RFIERCLOERSNL
EFNME, HERETZ7 74 v Fa—="27 L7 MBERT ORE X b 2EKMMIDLE - T
Wb, dvd 7—&ty MZBWTHEZ LR >/ Z e 0o 7.

® 4.2: BIBIHT & R 7 DIEfRSR

JP-MBERT | My-BERT | &4tk BERT

books 0.640 0.553 0.765

dvd 0.611 0.638 0.806

music 0.651 0.602 0.719
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5.1 RFBUHAEEDOSHEITEDAREMEICDOWVWT

£ 42 &0, BEFEICI > THEIN/ZBERT X DVD LY 2 —7—RIZBWT
HAGEDIM T — 2T 774 »Fa2—=r27 L7 MBERT OfE % LAl > 7. books
¥ music TIEHEEDNL > TWVWEH, 2RMNICE % & MBERT IZHEENEH-TWEEE
RBIEDTole (REL). TOZenb, HiELOHAEABANOSHBIETH-TDH
Embedding DO AZ#E T2 THHIREFELZIMENRZ2DTERVLEEZS
ns.

£ 5.1: BAEIHT X AT DIERRRDFHHE

JP-MBERT | My-BERT | #A4tk BERT

IEfER D E 0.634 0.597 0.763

5.2 Transformer B EEBICKEFET IS5 H

242 &0, BEFECEL > THEINZ BERT 32TOL L2 —7 —XIZBWTH
Lk BERT DFFEEZ KIEIC T o 72, BRFIRIC K o THRS N T VEE R AR
% BERT @ Embedding % Transformer 28 ®D %5 X — & % #fifli L 72 JREECTHARGED
=R Ko THEHINTWS 2%, Embedding B HAGEFITICHE I N TW S 03,
Transformer IFHFEXFEH L7z IXA—XDEETH 5. MLT, HIKBERT IFHA
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HOHE &

FBOFEH - Lo TR LEHEINTWVWS 78, Embedding % Transformer
&S URHAARGEZEE LI TG RA—=RERoT VS,

Embedding BlZE¥H 5DET LS HARGEZEE L TWaEH, Transformer &3 H
LEBRBOEWIE T, R51ITREND L ITEMBRDFINC 0.17 KA~ P DE
WhiH o7z, Ko T, Transformer B2FE LAEFEIC L o TIEEEIRDZ I L5,
Transformer JEIZR13 D SFEICKIFEL TV BD TR RV RAEEZONS.
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ARRTIE, ®EEE HAGEROSBIEAOnRENZHE T % £ & H1Z, Transforemer @
Embedding & D FUDEREFEIHKIFL TWE DY I 2ET 2 e 28k L, #
B AIEE BERT D89 X — X% ~X—2 ¥ LT, Transformer &% 4 CTHifG L/7-IREET
Embedding D&% HAGED 2 — SR THEET 3 L THABMITOET LR S X5
BT % 2 e THARGEMY BERT 2/ L 7. Amazon L ¥ 2 — 7 — X DEIEDHT &2
AWK o TIEMRBELZMDET VB L 25, IREFHRICL > THREINET
)L Multiligual BERT OFEEIZES Z 2235 D, Embedding JEDADFHEEIC & - T
MAEOEHKEZRET AV ZHOSHECHIBEEHEISZELIENTEL I ERLE. —
73T, ®ILK BERT OFEEICIE 2RI KIZ R 2 72FE» 6, & D Transformer @
Embedding J&§ & D L OBIEERBIKFEL TVWEDTIEFRVWIAE VWS BRIZE S 7.

SHROEL L LTIE, Transformer 2 % #fi L THAZED Embedding & D A% %
THEDA—RRBRLFPREEEET L2, HiEHh O HAEANLIHEIE LD TIE
%<, FBIER ORI HARTBIC L DIAWERED O HARBEAN XS T 2 ERS
ns.
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KD 2 12DHT=> T, ZLDITHE, THI2TEWAEEHE OFiNE=AERIC
RABEHWTLET. £, HLAOMEHZE L TZ < ORERSCRE Z THW 72 Frit 75 =
DERICEH L X
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(6]

Mikel Artetxe, Sebastian Ruder, and Dani Yogatama. On the cross-lingual trans-
ferability of monolingual representations. CoRR, Vol. abs/1910.11856, , 2019.
Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. BERT:
Pre-training of deep bidirectional transformers for language understanding. In
Proceedings of the 2019 Conference of the North American Chapter of the As-
sociation for Computational Linguistics: Human Language Technologies, Volume
1 (Long and Short Papers), pp. 4171-4186, Minneapolis, Minnesota, June 2019.
Association for Computational Linguistics.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones,
Aidan N Gomez, L ukasz Kaiser, and Illia Polosukhin. Attention is all you need.
In I. Guyon, U. V. Luxburg, S. Bengio, H. Wallach, R. Fergus, S. Vishwanathan,
and R. Garnett, editors, Advances in Neural Information Processing Systems,
Vol. 30. Curran Associates, Inc., 2017.

Tomas Mikolov, Kai Chen, Greg Corrado, and Jeffrey Dean. Efficient estimation
of word representations in vector space. In Yoshua Bengio and Yann LeCun,
editors, 1st International Conference on Learning Representations, I[CLR 2013,
Scottsdale, Arizona, USA, May 2-4, 2013, Workshop Track Proceedings, 2013.
Tomas Mikolov, Ilya Sutskever, Kai Chen, Greg S Corrado, and Jeff Dean. Dis-
tributed representations of words and phrases and their compositionality. In
C. J. C. Burges, L. Bottou, M. Welling, Z. Ghahramani, and K. Q. Weinberger,
editors, Advances in Neural Information Processing Systems, Vol. 26. Curran As-
sociates, Inc., 2013.

Yinhan Liu, Myle Ott, Naman Goyal, Jingfei Du, Mandar Joshi, Danqgi Chen,
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Omer Levy, Mike Lewis, Luke Zettlemoyer, and Veselin Stoyanov. Roberta: A
robustly optimized BERT pretraining approach. CoRR, Vol. abs/1907.11692, ,
2019.

[7] Telmo Pires, Eva Schlinger, and Dan Garrette. How multilingual is multilingual

bert? CoRR, Vol. abs/1906.01502, , 2019.
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4.1 GBI L7288 T L 7=, Wikiextractor TTF ¥ A M2V —=V F %2470 72t
O HAGE Wikipedia 7 — Z D % D icxt L TRILE 21TV, 1 X 1{TOFF R b F—X&

A )

WEET2Y—Xa— K%z A1ITRT.

YV —ZXa—F A.1: TestPreprocess.py

34

1 # H

2

5B Wikipedia T—REZER TS

3 import glob

4 from bs4 import BeautifulSoup

5

6 with open(’./tmp.txt’,’w’) as f:

7

8

9
10
11
12
13
14
15
16
17
18
19
20

21
22

for directory in glob.glob(’./OUTPUT/*’):
for name in glob.glob(directory+’/*’):
with open(name, ’r’) as r:
for line in r:
# title ZHIFRY
if ’<doc,,’ in line:
next (r)
next (r)
elif ’</doc>’ in line:
f.write(’\n’)
continue
else:
# A - BUTHIFR. ANXFZINXFICEH:
text = BeautifulSoup(line.strip()) .text.lower
O

f.urite(text)
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print ("Finish Stepl...")

input_file_path = ’tmp.txt’
output_file_path = ’JPWikiCorpus.txt’

# JPWikiCorpus.tzt ICETAL
with open(input_file_path, ’r’, encoding=’utf-8’) as input_file, open(
output_file_path, ’w’, encoding=’utf-8’) as output_file:
for line in input_file:
# T oXEHMEL. 13X 1179 D JPwikiCorpus. tat ICEFTAL
sentences = line.split(’o )
for sentence in sentences:
if sentence.strip(): # ZERITZHEMN

output_file.write(sentence.strip() + ’o \n’)

print ("Finish...")

42 HICHHALZZH O THEHALZ, ETLVOHEFMFEEZIT5 Y —Ra—F%2 A2

Y.

S

© o N o O

10
11
12
13

14
15

16
17
18

YV —AZa—F A.2: PretrainBert.py

# BERT DEFIFH

# GpU DTEFA
import torch
device = "cuda:0" if torch.cuda.is_available() else "cpu"

print (device)

# Tokenizer DFRE

from transformers import BertJapaneseTokenizer, BertModel

Jbert = BertModel.from_pretrained("cl-tohoku/bert-base-japanese")

tokenizer = BertJapaneseTokenizer.from_pretrained("cl-tohoku/bert-base-

japanese") #8RAtK BERT D

tokenizer

text = "HIAIBBDHDZEEIALART IHEDEEBTHSH. Fhld. WAL
bOEHEIVWEES, "

print ("tokenizer [ BRFESR")

print (tokenizer.tokenize (text)) # tokenizer ODZPRFESD
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42
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# ETILDRE
import copy

from transformers import BertForMaskedLM

EbertMLM = BertForMaskedLM.from_pretrained("bert-base-uncased")

EbertMLM = EbertMLM.to(device)

EbertMLM.resize_token_embeddings (32000)
EbertMLM. train()
EbertMLM.bert.embeddings.word_embeddings.weight.requires_grad = False

EbertMLM. bert .embeddings .word_embeddings.weight = copy.deepcopy(Jbert.

embeddings .word_embeddings.weight)

print ("config MEER")
print (EbertMLM. config)

# INTA—RDFRE
for param in EbertMLM.bert.parameters() :

param.requires_grad = False

# word_embedding 0DI»BHT
EbertMLM.bert.embeddings.word_embeddings.weight.requires_grad = True

print ("/NT X—SFRIETET )

#* ENFERT -2ty FOERE

from transformers import LineByLineTextDataset

# TERAPZ 1T OHMAAT = VICEHR

dataset = LineByLineTextDataset (
tokenizer=tokenizer,
file_path=’JPWikiCorpus.txt’, # d—/\2R
block_size=512, # tokenizer () maz_length

from transformers import DataCollatorForLanguageModeling
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59

60 # T—REY DS TIDIVIMERITRD, TOVILOEELLTNYTF

61
62
63
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
90
91

4.3

1 # T—=2E 7 7AIIICER TR0 5L tsv
2 # BBEEOL—T 1 VI ZEICERT S 52

fic

7= PA
ICHRS

data_collator = DataCollatorForLanguageModeling/(

tokenizer=tokenizer,
mlm=True,

mlm_probability= 0.15

# BaFH

from transformers import TrainingArguments

from transformers import Trainer

# BAIFBICEATANIA—FDRE

training_args = TrainingArguments (
output_dir= ’231201jpenBERT/’,
overwrite_output_dir=True,

num_train_epochs=10,

per_device_train_batch_size=16, # TIEXEUARE 32

save_steps=10000,
save_total_limit=2,

prediction_loss_only=True

# BRFBIBZIVREVR

trainer = Trainer(
model=EbertMLM,
args=training_args,
data_collator=data_collator,

train_dataset=dataset

trainer.train()

trainer.save_model (’231201jpenBERT/’)

Y —2Xa—F A.3: Mkldce.py

MBAL =8  CHEHLE. SEBEDL —F 1 > 7% Positive ¥ Negative @ 2
EICER L 72DB, tsv 7 7 AMHTIT 2 Y —Ra— N2 A3ITRT.
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import re

with open(’train.review’) as f:
#with open(’test.review’) as f:
data = f.read()
data = data.replace(’\n’, ’’).replace(’\r’, ’’)

reviews = re.findall(pattern=r’<item>(.+?)</item>’,string=data) #

rating |EHBDIC text HRVWRIEZELD
fR<

alldata = []
for item in reviews:
raiting = re.findall(pattern=r’<rating>(.+?)</rating>’,string=item
)

text

re.findall (pattern=r’<text>(.+?)</text>’,string=item)

text = ’\n’.join(text)

raiting = int(float(raiting[0])) - 1 # 5 ERPEDFEZEUS
label = O if raiting >= 3 else 1 # RZT1sT%Z0, XHT17T%1

text = str(label) + "\t" + text

alldata.append(text)

with open(’trainl00.tsv’,’w’,encoding=’utf-8’) as f:

# train |$EEEDS 100 E%ZER

for i in range(100):
f.write(alldatal[i])
f.write(’\n’)

with open(’valid100.tsv’,’w’,encoding=’utf-8’) as f:

# |3FEEEDS trainior ~200 BEEER

for i in range(100,200):
f.write(alldatal[i])
f.write(’\n’)

nnn

with open(’test.tsv’,’w’,encoding="utf-8’) as f:

# |32 THER test
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for i in range(len(alldata)):
f-write(alldatals])
f.urite(’\n’)

nnn

tsv 7 7 A V% pickle 7 7 A WMICH T 5V —Ra—F% A41TRT.

(S S N O]

© o N O

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32

YV —AZa—F A.4: Mkdata.py

from transformers import BertJapaneseTokenizer, BertTokenizer
import pickle

import re

#tknz = BertJapaneseTokenizer. from_pretrained(’cl-tohoku/bert-base-
japanese’)

tknz = BertTokenizer.from_pretrained(’bert-base-multilingual-cased’)

xdata, ydata = [],[]
#with open(’trainl00.tsv’,’r’,encoding="utf-8’) as f:
#with open(’valtd100.tsv’,’r’,encoding="utf-8’) as f:
with open(’test.tsv’,’r’,encoding=’utf-8’) as f:
for line in f:
line = line.rstrip()
result = re.match(’~(\d+)\t(.+?)$’, line)
if result:

ydata.append (int (result.group(1)))

sen = result.group(2)

tid = tknz.encode(sen)

if (len(tid) > 512): # mARIFs512
tid = tid[:512]

xdata.append (tid)

# ztrain DVBEEE id JIDV X FDES
#with open(’ztrain.pkl’, ’bw’) as fw:
#with open(’zvalid.pkl’, *bw’) as fu:
with open(’xtest.pkl’,’bw’) as fw:
pickle.dump(xdata,fw)

# ytrain BIANIL

#with open(’ytrain.pkl’, ’bw’) as fw:
#with open(’yvalid.pkl’, ’bw’) as fw:
with open(’ytest.pkl’,’bw’) as fw:



33 pickle.dump(ydata,fw)

A32HICHBALEHDTHALE, T2 774V Fa—=r7F 3V —Ra— R
% A5 IR, F7z, early stopping i DFEEHICIZ B L DFEHE! 2S5EIC L.

YV —AZa—F A.5: DocclsEarly.py

1 import torch
2 import torch.nn as nn

import torch.optim as optim

S

import torch.nn.functional as F

from transformers import BertModel, BertConfig

import numpy as np

import pickle

© o J o wu

10 class EarlyStopping:

11 nuneqrlystopping J 7 A """

BB
https://qiita. com/ku_a_1i/items/ba33c9ce3449da23b503"""

13

14 def __init__(self, patience=b, verbose=False, path=’best_model.
model’) :

15 nig |8 L RIMEDIEEFH D U 2. RRBE. ET VB patnr

16

17 self .patience = patience #REA MY Tho>R

18 self.verbose = verbose #RNDEE

19 self.counter = 0 HMREDHD X 1E

20 self.best_score = None #NA X7

21 self.early_stop = False #A v T 73545

22 self.val_loss_min = np.Inf #FIEIOANX kX7 ER

23 self.path = path #XNZX METILIEM path

24

25 def __call__(self, val_loss, model):

26 AT

27 (calDAXYVy FRBICEBIL—TATRNZEFH LD EDZHESE

B85

28 loss

29 i

30 score = -val_loss

31

*1 https://qiita.com/m__k/items/6f71ab3eca64d98ecifc
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34
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40
41
42
43

44
45
46
47
48

49

50

51
52
53
54

55
56
57
58
59
60
61
62
63
64

if self.best_score is None: #1Epoch E®DILIE
self.best_score = score #!Epoch BIFEDEREIANIAMXAT L

L TEEERT 3
self.checkpoint (val_loss, model) #CERZICETILZRELT
AAT7RTT S
elif score < self.best_score: # NAMXAT7ZEHTETHD -
o)

self.counter += 1 #A MY THIU 2% +1
if self.verbose: #RNEZBMCLIGRIIFEZRT

print (f’EarlyStopping counter: {self.counter} out of {

self.patience}’) #HREDHVVR%ZERT
EX)
if self.counter >= self.patience: #RENI Y b ZE LRSS
AbYTITST% True ICEE
self.early_stop = True
else: #MNAMXOA7ZBHLI-BE
self .best_score = score #NANXAT7%Z LEE
self.checkpoint (val_loss, model) #ETIINZHFEEFELTRXIAT
xR
self.counter = 0 #A by Fho > RUty bk

def checkpoint(self, val_loss, model):
PORZMZATEFRICRITSNZF v IR MRS
if self.verbose: #RNZBMICLTIIBZBEE. BIBIOARAMXOT7H5
ENFEITEHLED? ZRT
print (f’Validation loss decreased ({self.val_loss_min:.6f},

-->,{val_loss:.6£f}). Saving model...’)

torch.save (model.state_dict(), self.path) #NXMETFILZIEEL
fc path ICIRTF
self.val_loss_min = val_loss #EDBFD loss Z5CIRT S

device = torch.device("cuda:0" if torch.cuda.is_available() else "cpu"

)

# Data setting

with open(’xtrain.pkl’,’br’) as fr:

xtrain = pickle.load(fr)

with open(’ytrain.pkl’,’br’) as fr:

ytrain = pickle.load(fr)

with open(’xvalid.pkl’,’br’) as fr:
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65
66
67
68
69
70
71
72
73
74
75
76
77
78
79
80
81
82
83
84
85
86
87
88
89
90
91
92
93
94
95
96
97
98
99
100
101
102
103
104
105

xvalid = pickle.load(fr)

with open(’yvalid.pkl’,’br’) as fr:
yvalid = pickle.load(fr)

# Define model

bert = BertModel.from_pretrained(’bert-base-multilingual-cased’)

# FEH
class DocCls(nn.Module) :
def __init__(self,bert):
super (DocCls, self).__init__(Q)
self.bert = bert
#self.cls=nn.Linear(768,9)
self.cls=nn.Linear(768,2)
def forward(self,x):
bout = self.bert (x)
bs = len(bout[0])
ho [ bout[0] [i] [0] for i in range(bs)]
hO = torch.stack(h0,dim=0)
return self.cls(h0)

# REEF
class DocCls2(nn.Module) :
def __init__(self,bert):
super (DocCls2, self).__init__()
self .bert = bert
#self.cls=nn.Linear(768,9)
self.cls=nn.Linear(768,2)
def forward(self,x):
bout = self.bert (x)

bs = len(bout[0])
ho = [ bout[0] [i] [0] for i in range(bs)]
hO = torch.stack(h0,dim=0)

return self.cls(hO)

# model generate, optimizer and criterion setting
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106
107
108
109
110
111
112

113
114
115
116
117
118
119
120
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

net = DocCls(bert) .to(device)
net2 = DocCls2(bert) .to(device)

optimizer = optim.SGD(net.parameters(),1r=0.001)

criterion = nn.CrossEntropyLoss()

earlystopping = EarlyStopping(patience=3, verbose=True) # loss H 3
BiCEHSINAGD 575 EariyStopping

# Learn

net.train()
earlycheckloss = 0.0
for ep in range(30):

lossk = 0.0

for i in range(len(xtrain)):

x = torch.LongTensor (xtrain[i]) .unsqueeze(0) .to(device)

y = torch.LongTensor([ ytrain[i] ]).to(device)
out = net(x)

loss = criterion(out,y)

lossk += loss.item()

if (i % 50 == 0):

print(ep, i, losskK)

lossk = 0.0
optimizer.zero_grad()
loss.backward ()
optimizer.step()
outfile = "doccls-" + str(ep) + ".model"
torch.save(net.state_dict() ,outfile)

print (outfile, " saved")

net2.load_state_dict (torch.load(outfile))
net2.eval()
vlossk = 0.0
for i in range(len(xvalid)):
vx = torch.LongTensor(xvalid[i]) .unsqueeze(0) .to(device)

vy = torch.LongTensor ([ yvalid[i] ]).to(device)
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146 out2 = net2(vx)
147 vloss = criterion(out2,vy)
148 vlossK += vloss.item()
149 if (4 % 50 == 0):
150 print(ep, i, vlosskK)
151 earlycheckloss = losskK
152 vlossk = 0.0
153
154 earlystopping(earlycheckloss, net)
155 if earlystopping.early_stop:
156 print ("Early Stopping!")
157 break
432 HiICHA LD THEAL:, RN T —XTETAEFHETZY —RAa—F%
A6 ITRT.
YV —AZa—F A.6: DocclsTest.py
1 import torch
2 import torch.nn as nn
3 import torch.optim as optim
4 import torch.nn.functional as F
5 from torch.utils.data import Dataset, Dataloader
6 from torch.nn.utils.rnn import pad_sequence
7 from transformers import BertModel, BertConfig
8
9 import numpy as np
10 import pickle
11 import sys
12
13 argvs = sys.argv
14 argc = len(argvs)
15
16 config = BertConfig.from_pretrained(’bert-base-multilingual-cased’)
17 bert = BertModel(config=config)
18
19 device = torch.device("cuda:0" if torch.cuda.is_available() else "cpu"
)
20
21 # Data Setting
22 with open(’xtest.pkl’,’br’) as fr:
23 xtest = pickle.load(fr)
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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
57
58
59
60
61

with open(’ytest.pkl’,’br’) as fr:
ytest = pickle.load(fr)

# Define model

class DocCls(nn.Module) :
def __init__(self,bert):
super (DocCls, self).__init__()
self .bert = bert
#self.cls=nn.Linear(768,9)
self.cls=nn.Linear(768,2)
def forward(self,x):

bout = self.bert(x)

bs = len(bout[0])
ho = [ bout[0] [i] [0] for i in range(bs)]
hO = torch.stack(h0,dim=0)

return self.cls(hO)

# model generate, optimizer and criterion setting

net = DocCls(bert) .to(device)
#net.load_state_dict (torch.load(argus[1]))
net.load_state_dict (torch.load(’best_model.model’))

# Learn

real_data_num, ok = 0, O

net.eval()

with torch.no_grad():

for i in range(len(xtest)):
x = torch.LongTensor (xtest[i]) .unsqueeze(0) .to(device)
ans = net(x)
ansl = torch.argmax(ans,dim=1) .item()
if (ansl == ytest[i]):
ok += 1

real_data_num += 1

print (ok, real_data_num, ok/real_data_num)
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