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NOAFCHERA N2 7 —ZOEBE 7 A P THAINS 7 — X OHEBS R
Z T, BEICEENHTL %5 Domain Shift &\ 5 BEELNCZ > TW3.
BERT @ & 5 LHAIEEHFADOHASHEUWHET LTIE, THEARAZIZBVWTET
V% fine-tuning §5 Z & TZOREIIHNLT 2 Z e TES. IHIT, X—Fy
bR ZMEBDOa— 2% WT BERT €7 VDBMEE 2T/ LT, 71
O fine-tuning 232 Z ¥ TERZMREDH EER>TW3., LA L, BERT €5
VDEMFEEBIEZRIZFTERBERS DN E 2 7=, HHICIEETT 2 2 e TER
W, AT, MIHEHhE X =5y P OO 32— X b KRR D OB EYITH 5
D3, Z WV o J2XRFERD 7 NN E T =X KRBICEDHND LIFR SR,
BERT O EFED 1 O TH % Masked Language Modeling 1Z A 15025 L
TV O DOHGEZEEIMZ T, ZOBEIMALHEELTHT 2 e TH¥EZ2T-
TW3. oL, ZOHEOEZHIIIANLD 15% HRoE L {ThIhR WD,
ANXEEPETVDEFCH S T2 e N TERWY. 22T, ELECTRA ¥ FE
NHHFFEET N TIEZZD MLM % Replaced Token Detection ¥ FEEH 2 Tk
WCEZHZ %5 2 2T BERT OFERIFEOHENRELZHARLTWS. Z0k®, &
LR EHTE TV DBMEEZITS 2D TE 3.
AFETIE B3R L7z Domain Shift @I, ELECTRA OFHFI¥E €71 % E
L, TIRERAZIZBVWTE =7y P RLZEBDA—R"ZAZHNTIDETLDE
MAEB 21T 2 THLT 2 FEZRET 5.
HAGE ELECTRA OHFIFEEHEAET A ZMEL, HAEDO =2 —A7FEDT —
N L TCLEAHDO X R DEBRZITV, HENROFEFIFEETLLD DR
TF=NZBIIAUREORI L ETLVOFENEREORI /R 7.
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Abstract

In recent years, when solving natural language processing tasks with a ma-
chine learning approach, the problem of Domain Shift, which affects accuracy
due to the difference in data between the source area and the target area,
has become serious. Pre-trained natural language processing models such as
BERT can address this problem by fine-tuning the model in downstream tasks.
Furthermore, additional training of the BERT model using the corpus of the
target domain and fine-tuning of the model are used to further improve the
performance. However, additional training of the BERT model is not easy to
implement because it requires significant computing resources. In addition, a
large corpus of the target domain to be used is appropriate, but it is not always
possible to collect a large amount of labeled data in such a target domain.
The pre-training model called ELECTRA replaces the BERT pre-training
method Masked Language Modeling with a method called Replaced Token De-
tection, which improves computational efficiency and allows additional train-
ing of the model to a practical extent.

In this paper, we propose a method to deal with the problem of Domain Shift
by constructing an ELECTRA pre-training model and additionally training
this model using the corpus of the target domain in the downstream task.
We built a pre-trained model of Japanese ELECTRA and experimented with
the task of document classification on data of Japanese news articles. The
results show that a smaller model than the pre-trained model to be compared

performs just as well.



B1E

E2E
2.1
2.2

E38
3.1
3.2
3.3

B4E

BS5E
5.1
5.2
5.3
5.4

BO6E
6.1
6.2

BTE

BE Xk

X

53

4

EIpETHE
RN R > 7 O N7 UaHIE6E ik
Domain Tuning & Task Tuning .

EFBETIL ELECTRA

Masked Language Modeling . . .
Replaced Token Detection . . . .
ELECTRA O%EFE .. .. ..
REFE

HAGE ELECTRA €7 LD |
BT —X .
FEEAER ..
BIEE
EE

ETNHYA X
BINEE ORI HR

RE

10
10
11

15
15
17
19

21

23
23
24
25
26

27
27
28

29

31



HXx 5

D> 32
A HAGE ELECTRA O tokenazion 7 7 AZER LY —ZAa—FK . ... 32



2.1
2.2
2.3

5.1
5.2
5.3

6.1

X

Domain Tuning & Task Tuning 8% . . . ... .. ... ... ... 11
PPCEME IZ/3 2 il & Z I DIEMES . . . ..o 13
WNUT & CoNLL 2003 iZx 3 2 BEHERIAGEHORRE . . . ... .. .. 14
BEHTTVOREZ NV eEER ... 24
fine-tuning OFEERFER (IEMR) . . . . . . ... 25
BINZEER D fine-tuning OFEERAER (IEMR) . .. ... ... ... 26

ETVOHEFPEERRG (IMstep) . . . . . .. 27



3.1
3.2
3.3

4.1

X

Masked Language Modeling ORI . . . . . ... . ... ... ... 16
Replaced Token Detection DMFER . . . . . . . ... ... ... ... 17
RTD ZAIfH L7z ELECTRA OfFZX . .. .. ....... ... .... 18

HREZEBWHEFALD GLUE 227 . . . e 22



|

X 5

HASHEUHED XX 7 Z2EMFEB O 7 7u—F TRIRT 2856, AT — & O
(Y —RMEH) & 7T AT —XOFHEK (& —7 v FEEK) 238725 £S5 Domain Shift @
FEAEAITH 5. BERT [1] 0 & 5 HEMEHHEAEF VI THOXAZICE D EFL
% fine-tuning 3 %7, domain shift OREIHLTE 5. X HITAFEIFE—7 v MHE
WD a— 2% HWT BERT OEMFEEZITV, BMN¥EETEX/AET L% fine-tuning
T35 THRIEER EXZINTWS. 7272 L BERT OEMY¥EE IS R HERK
BEPHETH D, T 23 TERrv. AT 22—y MEBO 3-8
A KBELR S DPEEINDD, ZDXIRA—NAPBERIFIAFTERNI LD
2\,

AW TIE LR OREADOLE LT ELECTRA (Efficiently Learning an Encoder
that Classifies Token Replacements Accurately) [2] DFIHZAA 5.

ELECTRA & BERT THW 5415 Masked Language Modeling (MLM) % Replaced
Token Detection (RTD) &\ 5 FEICEZMZALFNFEETLTHS. MLM 1ZAN)
ATH LTV D0 HEE%E [MASK] ICEE#Z, 2D [MASK| Z2#E3T 5 I TE
THAEFFEXETWS. LHL BERT TiE [MASK] OEZHZ B EED 15% THH
WEPBEN, ZORERB LD RTD TH 5. RTD TlX Generative Adversarial
Network(GAN) [3] DEZICEDVWTERET L EHINET LD 2 O0DETLEHEL,
AMET M X o TERINTE b —27 UH, @HIET M X o TASSUTH L TEHR
ENTVEHE S0 2 HAETHAFEZIT> T, RTD TEETD =27 v 2%
B Ze B TEL0 X DEIREMEENRL, RTD ZHMHMH L% ELECTRA €7V
X[FA—H A XD BERT £7 L KL THENIMREZHEEST 2 Z RO TVS.



H1E 9

FERTIE TR/ D ELECTRA EFLEMELE. KITZ—4 v MMERK
DN — 2% FA L, 20 ELECTRA EFVOBMEE %175 2 & T
ft# @ ELECTRA €7 V2R L. HEL 2HER Lo ELECTRA €7 VI,
BERT-base & D &/NERETATEDH 5D, X—7 v MEBOXEFESTEHX A 710 L
T, BERT-base & D b MRED KW Z & 2R T = 7.
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2.1 RINFARV 2T OEEM U rREE R

ELMo % BERT O & 5 BRXRDIE RS N7z iR Z LT 2 T UL, 70U
SN TVWARVWARIE I — 22 W THFIEE 21T 28T, RBIEAWHARSHELE X X
JWZHlo TRWHEEZHET 2 Z PN TwS. LrL, ZhHDETIVIEFEY
12 Wikipedia =2 —ZAF7F A b Wolza—R2ARFHLTWEED, X—7 v b0
FX¥ RN OEBPEINTDEREE I —RREKELBRBEE, ZO7 7 u—F
B THLIESPEIRETHS. 22T, #X [4] T&, &=y MEROFF 2 b
ZAHEA L COEERB % fine-tuning 3% Z & THEEM L2 X > T\ 3.

FATIRZE T X, FIHERFEE Y Twitter D 2 2DFF XA b2 R —4 v MEKYE LTTF
ZAFLTW3S., YhLJHEFEOENEEHa— R IIKREL BRED, BEINEFE
WX DEHD BERT £E7 VLD dERAMNLBEZENEONI L ZRLTVAS.



H2E  BHEE 11

2.2 Domain Tuning & Task Tuning

—fic, Z—%2"y NMEEIERFEE 3 - R B 35E, SUIRICIE U2 BB EERE
E R T R R IR DP I OAREED D 5 L ST WS, U, 7T &
NIeT =2 X—F 9 FPDTFALERESBRLIAGNEDLD 5720, Al L OHEK
BICTRFICRANTH 5. OIS 572012, & [4] FTIEEATZ L O
HED=HD AdaptaBERT EF VD FEEZERL TV 5.

BARII2X, UTFo 22007 Fa—F2EHALTW3

MDomain Tuning X —7%" v MEB® 7% 2 b % {fi > THH% LT BERT OSFEET L
Fa—=r 7351k Bz, Wikipedia TH¥% L7z BERT % Twitter D7 ¥ X
FefioTHEET 2N INICELS

M Task Tuning #HfiT— X %2> T BERT #F 2 —=> 27335k FlzX, BER
HERETH UL CoNLL 2003 2f#->T BERT 2 8L ET V2R EFZHEXEE 0T
T H 725

KD 2.1, Domain Tuning & Task Tuning OEEZR LD TH 5.

Domain Tuning T, X—7% v MEBROETOT—X LRED Y — AFEBMD 7 <L
FENTOWREWT—ZEZHWT, MLM R LSRRI I b —7 Y OiERE T
HL, 78EHEEF 2 —=>2"3 5. Task Tuning TlX, Y — RMHEED T ~AHFEH
R = 2R AT, FEDTNRY 2T RR DRDIHUEREF 2—= 7T 5.

% 2.1: Domain Tuning ¥ Task Tuning DHEE

Domain Tuning | Task Tuning

Prediction | masked token tags

Data source+target source

Hi: 363 [4] H Table 1 % TICEE DIERK.
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FEERRE X, Domain Tuning ¥ Task Tuning DHAESDHEICELDLITD 4 D% ED
TW5.

e Frozen BERT
e Task-tuned BERT
o AdaptaBERT
e Fine-tuned BERT

Frozen BERT &, BERT ZH ¥ 3R MR L LTHWS SIETH 5. Task-
tuned Bert 1%, ¥V —XFEHOANT =7 — X% - T BERT 2¥HXELHETH 5.
AdaptaBERT 1, &—7" v FMEBOEEZ L 7—&2%#->T BERT #F 2 —=>7
L7z, V—AHBOAMNE T —X 2o TET AN ZEHIELHETHS. HED
Fine-tuned BERT W5 DI, X—7 v MEBO T —X2%ioTBERT #&{LE7 L
EREFBEIELTIERZIELTWS.

F2E#CTld Penn Parsed Corpus of Early Modern English(PPCEME) 1231 % fil
& 711 & Workshop on Noisy User Text(WNUT) 2016 (23817 % [EHRIFEFHITOW
TiHfiZ 1T > TWa. faal X 2 Tld, ¥V —RMEEOa—,82 ¢ LT Penn Treebank
(PTB) corpus of 20th century English, & —4%"v FEEOD 32— 2 2 LT PPCEME %
fioTE D, PTB 3HFEEE, PPCEME 1 15 id2 5 17 thid o HGESR X —5 v ML
Jea—rnNRAtKkoTW5. EHERBEGKTIZY —AMHEO a2 — 2 LT Conference on
Natural Language Learning(CoNLL) 2003, &% —7%" v MEBDa— ¢ LT WNUT
2016 Z{fio>THED, CoNLL 2003 F= 2 —ZA2NRT, WNUT T Twitter 250HR &
oTW3.



H2E  BHEE 13

fnad 2 7PN T 2 EZEAERIEIULTOR 22 0dEH TH 5. RS, Domain
Tuning 2> CTX—% v MEEOD 2 — AT BERT 2¥EX¥ % Z & CHRENM LT
bbb, Kz, Out-of-vocab @ b —27 T 2HEENRKEL M ELTWS.

# 2.2: PPCEME 126t $ 5 fihiill & 241 D IE R

PPCEME PTB
System Accuracy In-vocab  Out-of-vocab  Accuracy
b7z UsEIEGE G
1. Frozen BERT 7.7 83.7 61.0 91.4
2. Task-tuned BERT 85.3 90.4 71.1 98.2
3. AdaptaBERT 89.8 90.8 86.8 98.2
M D b TG
4. Fine-tuned BERT  98.8 99.0 T 93.2 t 92.4

H#L: §55C [4] @ Table 2 % ITICEE BERK.
H: T~—21%, PPCEME OF—&ty FDEBEEEFHFHLTWE I Z2EKT 3.

6 A RIS T 2 EBRAERIUTOL 23 @D TH L. KiRHrH, TH6H
Tweet %W T Domein Tuning #7352 Z ¥ THENA LELTWE Z b d

P ED & 5 2fdi & 26000 ¢ FEE REZEHRD 2 DDEERE RS 5, Domain Tuning %
AL TE =5y FMEBO 2 — 2T BERT 2%#EE€¥ 2 THEpm LT sz e
Ao TW5S. =7y MEBRO XU &7 — XPKRBICHERTERWEETY, X—
7y VEBOFEIEL T —Z 2o THAEEETNE T 2 —= V7T 577 THRED
FMET 20 HDICERNTHS VR 5.
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# 2.3: WNUT ¥ CoNLL 2003 {Zxt3 % [&H R BERR O FE R

WNUT CoNLL
System DA data Precision Recall F1 F1
Fhitizz U iEIEOE S
1. Task-tuned BERT n/a 50.9 66.6 57.7 97.8
2. AdaptaBERT WNUT training 52.8 66.7 58.9 97.6
3. AdaptaBERT + 1M tweets 53.6 68.3 60.0 97.8
4. AdaptaBERT WNUT train+test 57.7 68.9 62.8 97.8
A D REIEGE T
5. Fine-tuned BERT n/a 66.3 62.3 64.3 80.9
6. Limsopatham and Collier (2016) n/a 73.5 59.7 65.9

i 363 [4] O Table 3 % TTICEE DIERK.
I¥: Limsopatham and Collier(2016) i%, 2016 #:® WNUT Shared Task {235W\T
ROMERED R 0722 X7 4.
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3.1 Masked Language Modeling

MLM Ti&, ANXHOBRERZREDEHIEG (B 15% 2E) TvRA 2735, K310
£, YR INHEBIERIOFERESLRHRR b —2 V1 TH 25 [MASK] 72 EICHE E
Z, TORAZEINIHGELTHTE2X2RA7ZETNMCHDETTVS., ZOX5RHE
APEBFIEEM A7z BERT 1%, FTRXRAZDEZL THROSIEE TV EIERE T % 1EhE
FEL. LL, 20 MLM OFHEIRI~Y R 27 SREBEOTHEITS XA TH S 7
B, ANMXZTIZ15% O A7 INHELPETAVDIICEHF G LRV, 207D,
MLM %2 L CEFAEHIEE T 2D ARFEERE DB T5. %, <
A2 %3RS MASK] &5 b —7 VIFHAIFERIC LFEE T, fine-tuning RHIZIZH
iz, ZOHEFIFEE L fine-tuning & DD [MASK] b—27 Y OA—H%, MLM i<
LB HEAFEHETLVOMEL DT LK TS 3.

1 R OHED 2 WVIEHEO 2RI E—EREDOZ L.
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Hui¥E e 7 ELECTRA

B3

cooked

chef

chef cooked the meal

the

3.1: Masked Language Modeling OB E[X]



H3F HEi¥E €7V ELECTRA 17

3.2 Replaced Token Detection

ELECTRA Tl3, MLM D> KR H %k # T % 7212 Replaced Token Detec-
tion(RTD: Bt b — 27 VM) XN 2H L VHERIERFRERALTWS. &
&, WEROBFEET LD LI ICETOANI»HHEE Lgs 6 MLM @ & 512807 Mtk
ETAZEELTVS.

Generative Adversarial Network(GAN: HOMHVAERNR A Y 7 —2) OEZZEITL T
RTD T, 4% & a1 O ANHGEEZXAT 2 X5 CERET AT 5. K
32D %512, BERT DX >5i1ch 2 HiE% MASK| ICBE#Z 2 Z e TANLEMRT O
TIERL, TOXEHEBEL TR TWA2 L 5 LW [MEY)) OBFEICEZIRZ 228 T
ANZLEFHLTOVS. KICEREFTADPHLIEZXEASTE LT, TOASILE LT
COHENEZHZ N TV ERE S 02 THlT 2 X5 ICHAET LV ZIIMT 5.

replaced original replaced original original

3.2: Replaced Token Detection OBFEX]

X 33Dk, EREFTVE, F—27 T I2HINHEEERT 27 L THIUR
EDE272bDTH XD, LI TIEEAE 7L e AR 2/hE 72 MLM @
ETN, TRDLL, BEIUEDOY A X2/NE W BERT €740 Z2HLTWS. ERET NV
EAE TN DBIRIZATRD GAN ORE L I TW5 2%, GAN 27 ¥ X b I3
52 3NEETHS. 22T, ERETNAEHNINICTIERLS, YR 7 SN HGEE Tl
TEDICRALELZHOTI#EZ LTWaS. F/z, ERETADNYRY INHFED

TLDHEEZ S TRIL 223581, ZOHBIEITORETH L & 7NN IS 5.



#3E HAEEE7 L ELECTRA 18

ERCE TV B T VIR U AN HEEDOHDIAAZ G L, HEERICERET
WVIFHIBRE N, #5517V (ELECTRA £7V) DA NRX A7 THEEIND. Fiz,
2 ODETIMIHIZ Transformer D=2 —S V7 —FF 7 F ¥y Z2FHL TV AS.

Sample
the —> [MASK]—™ [ > the —> —>original
chef—> chef — chef—> —>original
cooked—> [MASK] — Generator - »ate —> Discriminator —replaced
the —>  the —>  crmirniinn the —>  ELECTRA L, riginal
meal—> meal —> meal —>| —>original

3.3: RTD Z#MH L7 ELECTRA OMZEX

L 555 [2] D Figure 2 % TTICEE DMERK.
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3.3 ELECTRA OFEFX

ELECTRA &, £AREFLV G LHBANEFTAD D200 =2 —5 1%y F7—27 %I
LTW3., ZRZNDETVE, AN V=0V o =11, 0, D=7 ¥ 2%, XR(LX
N7z PARBDY =57 VR EHT 5. GZoNAE (2 2T, 2= [MASK]
DONE) 1t LT, ERETF N G i3 softmax BTRED b —27 > oy BERT 2HEREH

N5 5.
exp(e(wt)ThG(x)t)

> exple(a’) ha(x),)
CZT, el b =27 OHEDAAERT.

WAET L DX, 52O6NMBIINLT, b=2Y a3 A THEHhE 5,
TibE, ZADBERET N G DM O TR TTOHEETH 508 5 2%, sigmoid
HAEEFWTTFHIT 5.

Pg(zy | ) =

D(x,t) = sigmoid(w” hp(x);)

ERRET L G &, MLM 2573 % X5 CHlfE N5, AN 2 = (11,20, 2] D5
263y, MLMIZET, m=[my, 2|28~ R7T3MEDT VX aizty b (1
D5 n OFOEE) 23EINT 5. BRINLMED F—27 Vid, [MASK] F—7 VICEZ
Mxohs. Zhk, amesked = REPLACE(z,m,[MASK]) £ 3%. #BlE7L D
X, ANMXFDO =T Ve ERET VG OV Y TNICL-oTEHEZOhI b= VL
EXAT 2 &0 ICHIE NG, BRI, 22N =2 Y EERETIL G OV
¥ INVTEER L THER L 726 zeorPut ZAER L, 2P ND YD b—2 Y HBITTD AT ©
T 20%THT 2 =0Z#AE TV D 2T 5.

R, EFLVOANEIRD XS ITERKEIN 5.

m; ~unif{1,n} for i =1 to k
gmashed — REPLACE(x,m,[MASK])

mask:ed) for i cm

T NPG(%’ | x

2Tt = REPLACE(x,m, %)

*20%, k=1[0.15n]. 2D, b=2 YD 15% HBTRZINTN5.
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7, HKRERIZ

LMLM(ZU, HG) =K <Z — lngG(xl ‘ xmasked)>

1Em

n

Lpisc(x,0p) =E (Z 1 (2" = x,)log D(z°"TP 1)

t=1
_]l(xgorrupt % xt) 10g(1 . D(wcorrupt7t)))

TRINS.
%L T, ELECTRA DETIVIFELH 57 2 KEBZHEEHa— 22w, 2
DOEKEBE R/MET 2 X 51T 5.

min ﬁ(x,(gc) +)\£Disc(x79D)

0c,0p
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EA4E

REFE

#is Bl itk p, FHHFEETLVOFEERICHVOL NI —RRITX 5 TANL TR
ZFBZEIRENTVWS., EEDY AT AN RICT 2 HBICFHE L - HRi%E 7
LWEBETR, ThENATZ2IL TCEOHERICBI ZEEEZA LEXEZ A TE
5. UL, BIEOHEFMFPETFEDOZ L, RERBET 2 DI RRGHERZ HE
Y35, AHEREHS L THENEEETAE, TREXRZOBENM ET 255018
A TH 270, FHIFEEITOBETRE A7 ORBER T TRL, FHEMREDEET
BZREDND .

%72, X [2] T, HAxH A XD ELECTRA £EFLE¥E L, HERBICHTET
MR A7 OWEREZFHMEL TW5. BARWICIX, BASEEMONYF~<v—20 GLUE O
I, BRIDEEM O F~<—27D SQUAD 2T 2FEBEEIToTW5b., FETILD
GLUE 0 2a7%##£L7X4.1 &b, ELECTRA E7E, fIORAEHD HRS BN
EFALHKRLTY, RALFAEETHIL, 1EROFELD BWEINDL ZLDRINT
W3, flz1X, RoBERTa 3 XU XLNet @ 25% AKiiOFIHEET, FFOMRER RBHES
22 oT0W5. IR eEDZ L, H—d GPU T, 4 HETHEAIRER
ELECTRA-Small Ti¥, GPT &b dENRT7 + -V AZHMEL, FIHERIZ 307D
1 THELZ Do TWVW5.

Z ZTAMTIE, KOEHEMEEO RWERIEEFIETH S RTD 284 L7z ELEC-
TRA ZFIHL CTEMYEETVEMREL X -7y MEEHO 2 — A TEMEREITS
T, XETEEZZAZZBWTHGFEORERFEET VI T 2BEE2ROET Ve X
D DI WEHR B & E I TR T 5.

-
—



[o] oo
N e
1 1

GLUE Score

(o]
o
L

ELECTRA-1.75M
_ELECTRA-400K —v

RoBERTa-10 RoBERTa-500K

LECTRA-Small
GPT

—&— MLM Pre-training

BERT-Small .
—¥— RTD Pre-training

0 5 10 15 20 25 30
Pre-train FLOPs [1e20]

4.1: BAREEWHES LD GLUE 227

H: 363 [2] O Figure 1 ZTTICEE DIERK.
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5.1 HBHZAGFE ELECTRA ETFILDIEE

HAZE CHE22 Y %17 > 72 ELECTRA EF LV 2R T 372012, N GitHub
FUZRBENTWS 1 2 L electra/run pretraining.py % L, Google
Colaboratory(Colab) Lo #ERID TPU & ¥ Google Cloud Storage(GCS) ZFIH L
7z. Colab £® TPU &HFEZFHT 2 Z T, GPU & b IS ICFEREZEMT S Z
EDA[RETH . F£7z, Colab D TPU X GCS ZNLTOAT — XD A ATRET
D57, GCS ZHHT 2HEND 3.

AT O 2 — S 2N R T 5 % HALKEH06 L 72 BERT (tohoku-BERT)
¥ HAGE Wikipedia £ X %M L, tokenizer % [ L Mecab-NEologd % ffifl 3 5.
tohoku-BERT DA GitHub*? Lizdh 23 7w 27 22 FAL, ZEHHa— RXDMEHK,
T XA MORTLE, Exw 7 7> A VDOEK, Z L THEFEE DD tensorflow 7 — &
v POEREITo TV 3.

*1 https://github.com /google-research /electra
*2 https://github.com/cl-tohoku /bert-japanese
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52 REBRT—X

A, L 72 7L O/ NEBREIR D I I BT 2 XE S X R 7 OMREIC L D 1T o
7z. fine-tuning FRHIZfEH U723l 7 — Z 1% Livedoor-news 2 — A ZHHL . Z
NSt e > Y 4 v F2RSRAXA TV S livedoor =2 — ZADHAFE= 2 — A H
REDTFT XLy N THBH. FXEIZ URL, 1ERHRE, XA ML, KXHh ok DMK
7203, ZZTIFREAKEST 2 A 73V THEIANLEZMNTZ. 920AT7IVIIET
LZEREAXEIGHT -2 T A T =R, AT —XTETAZYEL, 7A
TR TALBEARAXDPLZDELFEDA TV 2 THIT 0D Y ESEX R 2TV, %
D IEfRHRCHERERHIi 21T 5 .

BHTAVDEIEZ NV EENTVERLEHEL 5.1 ITRT.

5.1 BTV DEIET L L FLHE

class category train | test

0 L= il 87 | 696
1 IT 247,y 87 696

2 REF v 1L 86 692
3 livedoor HOMME | 51 409
4 MOVIE ENTER 87 696
5) Peachy 84 674
6 IRy TR 87 696
7 Sports Watch 90 720
8

Py =a2—2X 7 616

sum 736 5895
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5.3 REER

ER L7z 7L ELECTRA-Small 1Z%7 X — &2 tohoku-BERT & [f] U Base ¥ A
AT, Small 4 XD RT X=X THAFEZIToTWS. ZHUIFERIEEICE
J A EMEEDZERLTVWEHTHS. fine-tuning TIEFE X 50epoch FTIT-
TW5. epoch TEWXHELLETANEZREFEL, FETINVTEXRT DIEMRREIREDKZ
WHEHZEIRL 72, #iRZ2ER 5.2 1TR7.

ETNDOLENRE LTEEXRTI, KRRt >F T Al oA Tw S
SenetencePiece X— 2 D HAGE ELECTRA €7/ (ELECTRA-SenetencePiece) DLt
BEHEITo> TS, TDET/ME ELECTRA-Small &[T 8T X — X 4 X THHf
FREFoTVBEETLTHS.

Ko HHSD K 512, ELECTRA-Small @€ 71, ELECTRA-SenetencePiece
DETNLIDEEVWEREBEZHLTWS., L2L, ETLDT X=XV A4 XH Base
YA XK DPhE VD, HEBHROD tohoku-BERT DIEMHE & D# 4% 13 LR WRERIC
BRoTWVW5.

7 5.2: fine-tuning O EERAER (IEMEER)

model B (FmfH)
tohoku-BERT 0.8835
ELECTRA-Small 0.8412
ELECTRA-SentencePiece 0.8024
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5.4 EMFH

fine-tuning REICEBICHI L L2/MRE a2 — "2 2@ LTI E 1T > TW 3 23,
ELECTRA 7NV OHAIFEEOFEMRMEITEHL, /M a— <22 {# - TE
MTHEAEEZITS 28T, HEBEXMRICIEEHT 2 ETAVDPBETE LA RENEDLD 5.
Z 2T, WRDLDITHEEZITo . BHERIICIE, EDEBETHWA Livedoor-news
A—NRRADEHEAXZFEXDEEMOHL, 1 DOFEFMEEFHT—&Xty P LT
ELECTRA-Small ®EMOHEH¥-E 21T o 7.

ELECTRA-Small (ZBEiZ 1Mstep, FEFHEIC L T 24 IRREIZE OHFIFE 21T- T
W3, ZOETMIZE HIZ 0.25Mstep, FEFFENC LT 10 FREIZ Y OEMEE 21T - 72
(ELECTRA-Small-1.25M).

BINFEEHZOETNLTRIZED fine-tuning % 5 FIEITL, 5ETDELDETFTALS
RHEWIERROMEZID ML, 2OV mkEEZE 5.31KT.

KOOSR K SIZ, BV SFI X =R A ZD/NEWET L THoTH, FHEFHL
D/NEE a — R A TEMFEE 2175 Z £ T, tohoku-BERT % E[F]%2 ELECTRA €71
DERTX L e 2B TE L.

# 5.3 BINFEROD fine-tuning O EERAGEHR (IEMR)

model SEEME | EReEfE
tohoku-BERT 0.8814 | 0.8835

ELECTRA-Small-1.25M | 0.8834 | 0.8864
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Z5

6.1 ETFIYAX

DTo#E6.11%, 7 4% A4 XGFlo TPU ZHH L7z 1Mstep £ TOERTEE RO T
HfEERLZBDTH S,

K52 OERIFRFEETNDNRTIRA—RI AL WX BEREDND 220, WE
REFAMEBEDLE L 1TV Z 2. LA L, tohoku-BERT & [H U85 X —&X ¥4 XD
ELECTRA EFLEHET 5I1C1E, £6.1DED 150 TPU BEFEZFMAL TS 18
FEOFERMEZET 5. ET AT A XPRKRELBRNIRZITY, BRIFEEIITEKR
HEEREDEY TS0, FHFEESARME TS L 3REIC LS. EF LD
BN NZIVETIIEE T X —=Z5FED R W ELECTRA €71 THIUE, Small
VA XTHoTHENRD OURERRIE LD ETAI A ZDENNC X 2 REEERE T
FTWRIEESRV. KD IEMERETAHREDEZZTER T 5 DI A —% 4 XDHEFIF
BEFNVERHETIRENRD S, DR TIISHROBETH 5.

* 6.1: E7IVOHEATFERE (1Mstep)

model R
ELECTRA-Small | 1d 22hs
ELECTRA-Base 7d 1h
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6.2 EBMFEDRR

£ 52, 53DMEPS, TMERZ ORNCHEBURLL 7/ 2 — A TET LV
DHEFIEE #2175 Z 2T, fine-tuning ROETNVOMEER LICORNZ Z LIZHLNT
»%. BERT % ELECTRA THoTHETFNADNAT XA —XH A4 AHBKEL LN, Z
DN ENF B ORRID 2> TLES 2, BINEEEITS ZeAREETHS. LiL,
Small 4 XDEFILTHIUL, BINFEE D 5 KEEE Base 4 XDEFT L XD bk
W2 THE. X - T, ELECTRA-Small & 7/LICH LU CHEBEHLO/MIE 2 — 32T
BB EZTS 22X, EDDRVEITERTHELZRET 2 e ETHI L 5X 5.
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ARGTIX, Domain Shift OFIEINLT 27912, ELECTRA £ 7L OFERNHRME
ERT—LVDOREOHREORIWCEHLT, =7y MEBO/NIKE I — 22 H0TX
h D WEFEER ¥ 2 ERE T ELECTRA £ 7ILVOBMEE 2Ty, LR oH
AIFEEAD ELECTRA €7 VMR L /2. MR L ELECTRA € 7 MBS
® tohoku-BERT & D b/NERETFTNANTH S0, X—7 v MEHROLFNFDO XA T
&, BB %175 Z & T tohoku-BERT kb d @G22 e S TE .

¥ 7z, ARWFFETIX tohoku-BERT &R UH 4 XD HAFE ELECTRA OEZRAL.
HRTEEIHEH L8 a— 213 ELECTRA-Small ¥ [A USTETER L, FEITERBED
[AHkIC Google Colaboratory L TITW, #ELIZET LT IRE X7 DFEBRZIT- 7.
LA L, ELECTRA-Small DEF NV XD HREEPENEWIHERICK o7z, BRFE LT
X, FEa— SZRDOERICKRL TW3, B2 WIEERIEERIDNA =T X — XD
BRAENEZOLNS. LrL, Base ¥4 XDETFTINLDOHFPEFIIZRE D ZRGTER
MEREr T2, #UBELETT 2RI+ REREREFEITS 28T
ERERV/INY

SRIZ XD EERET AR LOMRIEZITS 2012, F—3 A4 XOHEFIEEET IV
DHFEZHEL L.
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A HZAEE ELECTRA O tokenazion 7S A& E&HZEZLF-YV—X
9—k

ELECTRA EF L OMEICIE, AR GitHub E*NCABE XA TWSE 17 F 4
electra/run pretraining.py & 8y 7 —IH2MH L THFEE 2ToTW0W5. 20
Y — 23— FiZ Python TEIPNTED, 74 —FF7—=VT7DI7L—LV—=2D1D
TH 5 Tensorflow ZHWTHEITENS. 72/5L, DY —Ra— KX, HAGEDT
F 2 b OHILHAFIREZ tokenizer DERMFIEL AV, £ T, HABOHAEEHOD
T — SR DERIC B A L RALKREA R L T HAFE BERT* LD tokenization
7 I A%EFR LT 0T L bert-japanese/tokenization.py & ELECTRA O to-
kenization 7 7 ADVER SN TWS 15 L electra/model/tokenization.py %
2512 LC, ELECTRA OFEHIFEHETHART — Xty F ORI AIREICZR 5 Y — R
2— I tokenization_japanese.py ZfFiL7z. TOY—RXa—F%z A.1I1TR7.

Y —Za—F A.l: tokenization_japanese.py

—

"""Tokentzation classes, the same as used for BERT."""

from __future__ import absolute_import

from __future__ import division

from __future__ import print_function

import collections

import unicodedata

© 00 N O O ke W N

import six

*1 https://github.com /google-research /electra
*2 https://github.com/cl-tohoku /bert-japanese
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39
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45
46
47

import tensorflow.compat.vl as tf

def convert_to_unicode(text):
"hiConverts ‘text’ to Unicode (if it’s not already), assuming utf-8
input. """
if six.PY3:
if isinstance(text, str):
return text
elif isinstance(text, bytes):
return text.decode("utf-8", "ignore")
else:
raise ValueError ("Unsupported string type: %s" % (type(text)))
elif six.PY2:
if isinstance(text, str):
return text.decode("utf-8", "ignore")
elif isinstance(text, unicode):
return text
else:
raise ValueError ("Unsupported string type: %s" % (type(text)))
else:

raise ValueError("NotUrunninguonUPython2uoruPythonu3?“)

def printable_text (text):

"""Returns text encoded in a way suitable for print or ‘tf.logging°‘.

nnn

# These functions want ‘str‘ for both Python2 and Python3, but in one

case
# 1t’s a Unicode string and in the other it’s a byte siring.
if six.PY3:
if isinstance(text, str):
return text
elif isinstance(text, bytes):
return text.decode("utf-8", "ignore")
else:
raise ValueError ("Unsupported string type: %s" % (type(text)))
elif six.PY2:

if isinstance(text, str):
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48
49
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87
88

return text
elif isinstance(text, unicode):
return text.encode("utf-8")
else:
raise ValueError ("Unsupported string type: %s" % (type(text)))
else:

raise ValueError ("Not_running on_ Python2 or Python 3?7")

def load_vocab(vocab_file):
"""L.oads a vocabulary file into a dictionary."""
vocab = collections.OrderedDict ()

0

with tf.io.gfile.GFile(vocab_file, "r") as reader:

index

while True:
token = convert_to_unicode(reader.readline())
if not token:
break
token = token.strip()
vocab[token] = index
index += 1

return vocab

def convert_by_vocab(vocab, items):
"nnConverts a sequence of [tokens/ids] using the wvocab."""
output = []
for item in items:
output . append (vocab [item])

return output

def convert_tokens_to_ids(vocab, tokens):

return convert_by_vocab(vocab, tokens)

def convert_ids_to_tokens(inv_vocab, ids):

return convert_by_vocab(inv_vocab, ids)

def whitespace_tokenize(text):
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91
92
93
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95
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104
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107
108
109
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111
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113
114
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119
120
121
122

123
124
125
126
127

"""Runs basic whitespace cleaning and splitting on a piece of text.

nimnn

text = text.strip()
if not text:

return []
tokens = text.split()

return tokens

class FullTokenizer (object):

"""Runs end-to-end tokenziation."""

def __init__(self, vocab_file, do_lower_case=True):
self.vocab = load_vocab(vocab_file)

self.inv_vocab = {v: k for k, v in self.vocab.items()}

self .basic_tokenizer = BasicTokenizer (do_lower_case=do_lower_case)

self.wordpiece_tokenizer = WordpieceTokenizer (vocab=self.vocab)

def tokenize(self, text):
split_tokens = []

for token in self.basic_tokenizer.tokenize (text) :

for sub_token in self.wordpiece_tokenizer.tokenize(token) :

split_tokens.append (sub_token)

return split_tokens

def convert_tokens_to_ids(self, tokens):

return convert_by_vocab(self.vocab, tokens)
def convert_ids_to_tokens(self, ids):

return convert_by_vocab(self.inv_vocab, ids)

class BasicTokenizer (object) :

"""Runs basic tokenization (punctuation splitting, lower casing, etc

) nmn

def __init__(self, do_lower_case=True):

"""Constructs a BasicTokenizer.

Args:
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163

do_lower_case: Whether to lower case the input.

nnn

self.do_lower_case = do_lower_case

def tokenize(self, text):
"""Tokenizes a piece of text."""
text = convert_to_unicode(text)

text = self._clean_text(text)

# This was added on November 1st, 2018 for the multilingual and
Chinese

# models. This 1s also applied to the English models now, but <t
doesn’t

# matter since the English models were not trained on any Chinese
data

# and generally don’t have any Chinese data in them (there are
Chinese

# characters in the wocabulary because Wikipedia does have some
Chinese

# words in the English Wikipedia.).

text = self._tokenize_chinese_chars (text)

orig_tokens = whitespace_tokenize(text)
split_tokens = []
for token in orig_tokens:
if self.do_lower_case:
token = token.lower ()
token = self._run_strip_accents(token)

split_tokens.extend(self._run_split_on_punc(token))

output_tokens = whitespace_tokenize(" ".join(split_tokens))

return output_tokens

def _run_strip_accents(self, text):
"""Strips accents from a piece of text."""
text = unicodedata.normalize ("NFD", text)
output = ]
for char in text:
cat = unicodedata.category(char)
if cat == "Mn":

continue



(NEZS

37

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
196
197
198
199
200
201
202

203

output . append (char)

return "".join(output)

def _run_split_on_punc(self, text):
""Splits punctuation on a piece of text."""
chars = list(text)
i=0
start_new_word = True
output = (]
while i < len(chars):
char = chars[i]
if _is_punctuation(char):
output .append ( [char])
start_new_word = True
else:
if start_new_word:
output . append ([])
start_new_word = False
output [-1] . append (char)
i+=1

return ["".join(x) for x in output]

def _tokenize_chinese_chars(self, text):
"""Adds whitespace around any CJK character."""
output = []
for char in text:
cp = ord(char)
if self._is_chinese_char(cp):
output .append (",")
output . append (char)
output .append (" ")
else:
output . append (char)

return "".join(output)

def _is_chinese_char(self, cp):
"""Checks whether CP 1s the codepoint of a CJK character."""
# This defines a "chinese character” as anything in the CJK Unicode
block:
# https://en.wikipedia.org/wikt/CJK_Unified_Ideographs_(
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204
205

206

207
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209
210
211
212
213
214
215
216
217
218
219
220
221
222

223

224
225
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227
228
229
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231
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233
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237
238

Unicode_block)

#

# Note that the CJK Unicode block is NOT all Japanese and Korean
characters,

# despite its mame. The modern Korean Hangul alphabet s a
different block,

# as 1s Japanese Hiragana and Katakana. Those alphabets are used to
write

# space-separated words, so they are not treated specially and
handled

# like the all of the other languages.

if ((cp >= Ox4E00 and cp <= 0x9FFF) or #
(cp >= 0x3400 and cp <= Ox4DBF) or #
(cp >= 0x20000 and cp <= 0x2A6DF) or #
(cp >= 0x2A700 and cp <= 0x2B73F) or #
(cp >= 0x2B740 and cp <= 0x2B81F) or #
(cp >= 0x2B820 and cp <= 0x2CEAF) or
(cp >= 0xF900 and cp <= OxFAFF) or #
(cp >= 0x2F800 and cp <= O0x2FA1F)): #

return True

return False

def _clean_text(self, text):
"""Performs invalid character removal and whitespace cleanup on
text. """
output = []
for char in text:
cp = ord(char)
if cp == 0 or cp == Oxfffd or _is_control(char):
continue
if _is_whitespace(char):
output .append (" ,")
else:
output . append (char)

return "".join(output)

class WordpieceTokenizer (object) :

"""Runs WordPiece tokenziation."""
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def __init__(self, vocab, unk_token="[UNK]",
max_input_chars_per_word=200) :
self.vocab = vocab
self .unk_token = unk_token

self .max_input_chars_per_word = max_input_chars_per_word

def tokenize(self, text):

"""Tokenizes a piece of text into its word pieces.

This uses a greedy longest-match-first algorithm to perform
tokenization

using the given wvocabulary.

For example:
tnput = "unaffable”
output = ["un", "##aff", "##able"]

Args:
text: A single token or whitespace separated tokens. This should
have

already been passed through ‘BasicTokenizer.

Returns:

A list of wordpiece tokens.

nnn

text = convert_to_unicode(text)

output_tokens = []
for token in whitespace_tokenize (text):
chars = list(token)
if len(chars) > self.max_input_chars_per_word:
output_tokens.append (self.unk_token)

continue

is_bad = False

start = 0

sub_tokens = []

while start < len(chars):
end = len(chars)

cur_substr = None
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277 while start < end:

278 substr = "".join(chars[start:end])
279 if start > O:

280 substr = "##" + substr

281 if substr in self.vocab:

282 cur_substr = substr

283 break

284 end —= 1

285 if cur_substr is None:

286 is_bad = True

287 break

288 sub_tokens.append (cur_substr)
289 start = end

290

291 if is_bad:

292 output_tokens.append (self.unk_token)
293 else:

294 output_tokens.extend (sub_tokens)
295 return output_tokens

296

297

298 def _is_whitespace(char):

299 ""iChecks whether ‘chars‘ is a whitespace character."""

300 # \t, \n, and \r are technically contorl characters but we treat them
301 # as whitespace since they are generally considered as such.

302 if char == "" or char == "\t" or char == "\n" or char == "\r":

303 return True

304 cat = unicodedata.category(char)
305 if cat == "Zs":

306 return True

307 return False

308

309

310 def _is_control(char):

311 """Checks whether ‘chars‘ is a control character."""

312 # These are technically control characters but we count them as
whitespace

313 # characters.

314 if char == "\t" or char == "\n" or char == "\r":

315 return False

316 cat = unicodedata.category(char)
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350
351
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355
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if cat.startswith("C"):
return True

return False

def _is_punctuation(char):
""iChecks whether ‘chars‘ is a punctuation character."""
cp = ord(char)
# We treat all non-letter/number ASCII as punctuation.
# Characters such as """, "$", and "‘" are not in the Unicode
# Punctuation class but we treat them as punctuation anyways, for
# consistency.
if ((cp >= 33 and cp <= 47) or (cp >= 58 and cp <= 64) or
(cp >= 91 and cp <= 96) or (cp >= 123 and cp <= 126)):
return True
cat = unicodedata.category(char)
if cat.startswith("P"):
return True

return False

"""Tokentization classes for Japanese BERT models."""

import collections
import logging
import os

import unicodedata

from transformers import BertTokenizer, WordpieceTokenizer

# from transformers.tokenization_bert import load_vocab

logger = logging.getLogger (__name__)

class MecabBertTokenizer (BertTokenizer) :

"""BERT tokenizer for Japanese text; MeCab tokenization + WordPiece

nimnn

def __init__(self, vocab_file, do_lower_case=False,
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do_basic_tokenize=True, do_wordpiece_tokenize=True,

mecab_dict_path=None, unk_token=’[UNK]’, sep_token=’[
SEP]’,

pad_token=’[PAD]’, cls_token=’[CLS]’, mask_token=’[
MASK]’, **kwargs) :

"""Constructs a MecabBertTokenizer.

Args:
**yocab_filex*: Path to a one-wordpiece—per-line vocabulary
file.
**do_lower_case**: (‘optional‘) boolean (default True)
Whether to lower case the input.

Only has an effect when do_basic_tokenize=True.
**do_basic_tokenizex*: (‘optional‘) boolean (default True)
Whether to do basic tokenization with MeCab before

wordpiece.
**mecab_dict_path**: (‘optional‘) string
Path to a directory of a MeCab dictionary.

nnn

super (BertTokenizer, self).__init__(
unk_token=unk_token, sep_token=sep_token, pad_token=
pad_token,

cls_token=cls_token, mask_token=mask_token, **kwargs)

self .max_len_single_sentence = self.max_len — 2 # take into
account special tokens
self .max_len_sentences_pair = self.max_len — 3 # take into

account spectial tokens

# if not os.path.isfile(vocab_file):

# raise ValueError(

# "Can’t find a vocabulary file at path ’{}’.". format(
vocab_file))

self.vocab = load_vocab(vocab_file)
self.ids_to_tokens = collections.OrderedDict (

[(ids, tok) for tok, ids in self.vocab.items()])
self.do_basic_tokenize = do_basic_tokenize
self.do_wordpiece_tokenize = do_wordpiece_tokenize
if do_basic_tokenize:

self .basic_tokenizer = MecabBasicTokenizer (do_lower_case=
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do_lower_case, mecab_dict_path=mecab_dict_path)

390

391 if do_wordpiece_tokenize:

392 self .wordpiece_tokenizer = WordpieceTokenizer(vocab=self.
vocab, unk_token=self.unk_token)

393

394 def _tokenize(self, text):

395 if self.do_basic_tokenize:

396 tokens = self.basic_tokenizer.tokenize(text, never_split=
self.all_special_tokens)

397 else:

398 tokens = [text]

399

400 if self.do_wordpiece_tokenize:

401 split_tokens = [sub_token for token in tokens

402 for sub_token in self.wordpiece_tokenizer.

tokenize (token) ]

403 else:

404 split_tokens = tokens

405

406 return split_tokens

407

408 class MecabCharacterBertTokenizer (BertTokenizer) :

409 """BERT character tokenizer for with information of MeCab

tokenization"""
410
411 def __init__(self, vocab_file, do_lower_case=False,
do_basic_tokenize=True,
412 mecab_dict_path=None, unk_token=’[UNK]’, sep_token=’[
SEP]’,
413 pad_token=’[PAD]’, cls_token=’[CLS]’, mask_token=’[
MASK]’, **kwargs) :

414 """Constructs a MecabCharacterBertTokenizer.

415

416 Args:

417 **yocab_filex*: Path to a one-wordpiece—per-line vocabulary

file.

418 **xdo_lower_case**: (‘optional‘) boolean (default True)

419 Whether to lower case the input.

420 Only has an effect when do_basic_tokenize=True.

421 **do_basic_tokenizex*: (‘optional‘) boolean (default True)
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450
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454

def

def

Whether to do basic tokenization with MeCab before
wordpiece.
**mecab_dict_path**: (‘optional‘) string
Path to a directory of a MeCab dictionary.
super (BertTokenizer, self).__init__(
unk_token=unk_token, sep_token=sep_token, pad_token=
pad_token,

cls_token=cls_token, mask_token=mask_token, **kwargs)

self .max_len_single_sentence = self.max_len — 2 # take into
account special tokens
self .max_len_sentences_pair = self.max_len - 3 # take into

account special tokens

if not os.path.isfile(vocab_file):
raise ValueError(
"Can’t_find a vocabulary_ file at path ’{}’.".format (

vocab_file))

self.vocab = load_vocab(vocab_file)
self.ids_to_tokens = collections.OrderedDict (

[(ids, tok) for tok, ids in self.vocab.items()])
self.do_basic_tokenize = do_basic_tokenize

if do_basic_tokenize:

self .basic_tokenizer = MecabBasicTokenizer (do_lower_case=

do_lower_case, mecab_dict_path=mecab_dict_path,

preserve_spaces=True)

self.wordpiece_tokenizer = CharacterTokenizer (vocab=self.vocab,

unk_token=self.unk_token, with_markers=True)

_convert_token_to_id(self, token):

"mhConverts a token (str/unicode) to an id using the wvocab."""

if token[:2] == ‘##’:
token = token[2:]

return self.vocab.get(token, self.vocab.get(self.unk_token))

convert_tokens_to_string(self, tokens):

"miConverts a sequence of tokens (string) to a single string.
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nnn

out_string = ’.,’.join(tokens) .replace(’##’, ’’).strip()

return out_string

class MecabBasicTokenizer (object) :

"""Runs basic tokenization with MeCab morphological parser.”"""

def __init__(self, do_lower_case=False, never_split=None,
mecab_dict_path=None, preserve_spaces=False):

"""Constructs a MecabBasicTokenizer.

Args:
**do_lower_case**: (‘optional‘) boolean (default True)
Whether to lower case the input.
**mecab_dict_path**: (‘optional ‘) string
Path to a directory of a MeCab dictionary.

**preserve_spaces**: (‘optional ‘) boolean (default True)

Whether to preserve whitespaces in the output tokens.

nnn

if never_split is None:

never_split = []

self.do_lower_case = do_lower_case

self .never_split = never_split

import MeCab

if mecab_dict_path is not None:

self .mecab = MeCab.Tagger (’-d {}’.format (mecab_dict_path))

else:

self .mecab = MeCab.Tagger ()
self .preserve_spaces = preserve_spaces
def tokenize(self, text, never_split=None, with_info=False, **

kwargs) :

"""Tokenizes a piece of text."""

never_split = self.never_split + (never_split if never_split

is not None else [])

text = unicodedata.normalize(’NFKC’, text)
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tokens = []

(]

token_infos

cursor = 0
for line in self.mecab.parse(text).split(’\n’):
if line == ’E0S’:
if self.preserve_spaces and len(text[cursor:]) > O:
tokens . append (text [cursor:])

token_infos.append (None)

break

token, token_info = line.split(’\t’)

token_start = text.index(token, cursor)

token_end = token_start + len(token)

if self.preserve_spaces and cursor < token_start:
tokens.append (text [cursor:token_start] )

token_infos.append (None)

if self.do_lower_case and token not in never_split:

token = token.lower ()

tokens . append (token)

token_infos.append (token_info)

cursor = token_end

assert len(tokens) == len(token_infos)
if with_info:

return tokens, token_infos
else:

return tokens

class CharacterTokenizer (object):

"""puns Character tokenziation."""

def __init__(self, vocab, unk_token,
max_input_chars_per_word=100, with_markers=True) :

"""Constructs a CharacterTokenizer.
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def

Args:
vocab: Vocabulary object.
unk_token: A special symbol for out-of-vocabulary token.
with_markers: If True, "#" is appended to each output
character except the
first one.
self.vocab = vocab
self.unk_token = unk_token
self .max_input_chars_per_word = max_input_chars_per_word

self.with_markers = with_markers

tokenize (self, text):

"""Tokentizes a piece of text into characters.

For example:
tnput = "apple”
output = ["a", "##p", "##p", "##1", "##e"] (if self.
with_markers s True)
output = ["a", "p", "p", "1", "e"] (if self.with_markers is
False)
Args:
text: A single token or whitespace separated tokens.
This should have already been passed through ¢
BasicTokenizer®.

Returns:

A list of characters.

nnn

output_tokens = []
for i, char in enumerate(text):
if char not in self.vocab:
output_tokens.append(self.unk_token)

continue

if self.with_markers and i != O:
output_tokens.append (’##’ + char)
else:

output_tokens.append (char)

return output_tokens
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