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Abstract

In this thesis, I propose the evaluation method for pre-trained BERT models
with labeled sentences: input sentences to model and use [CLS] tokens from
outputs. And I compare BERT models with 2 approach: evaluation with my
method and evaluation with fill mask task, and discuss about the result of
comparison.

Pre-training type machine learning model which name was Bidirectional
Encoder Representations from Transformers (BERT') was proposed in 2018. It
uses Transformer as Encoder, so BERT can learn context from whole sentence
and help in the inprovement of the performance of natural language processing
tasks. For evaluating or comparing pre-training models like BERT, task-based
approaches were generally adopted. However, most of evaluation methods
with this approach are required fine-tuning, so there is a possibility that meta
parameters for fine-tuning influence results of the evaluations. And pre-trained
models for languages that has no standard evaluation dataset like Japanese.
Which approach is the best way for evaluating and comparing those models
right?

In this thesis, evaluation targets are 7 released pre-trained Japanese BERT
models. T evaluated and compared models with 2 indexes: score that cal-
culated from CLS embeddings for Livedoor news corpus and accuracy of fill
mask task dataset that was made from Amazon review documents written in
Japanese. I found that the result of evaluation with my method had different

tendency from the result of evaluation with fill mask task.
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2018 4F, HETEEH O HARSFEUE €71 TH % BERT (Bidirectional Encoder
Representations from Transformers) [1] 2R S Nz, FIRFELRKTHZ DEAEEE
% 2 7T SoTA ZEM L7 ZDETME, BERT ZITIC LARKDET L E & I
HASHBUWH O A 722 X7 OFEER LICEML TW, 2T, BERT i3t 35
HATFE O AR SR E T ZRH - WY 255, RV XAIX—2D7 7
B—FHAWMENZ, TOT7 T —FEHWHAMEEFAETNOI TR 7 4 >~
Fa—=VIPREENDEIEDNEL, T7 A4V Fa—=V RO R XT X — & H3FH
HICHET 2R D 2, £, FHFBRICHEHSINLT—XL2y FOFHEICL-
TEFHMEAH T — &2ty F OREDNFEAET 2, RFERTOHER LI, BEXRYF—7
T# % GLUE (General Language Understanding Evaluation) [2] <& /5% o F¥Afi
7 =&+t v I SQuAD (Standard Question Answering Dataset) [3] ZfZITRWV, L
MU, MOEHERNRFHGH 7 — 22 v bR WEEERNT OE TR G - oS e 35
BHRYDESRT—Rty b - 7R —F EEIRT 3 OHEYIE S S D

AFSL TIIHHE RS D BAE - WA E D N6 L T % BASE @ % - LARGE WWM
fRETF AV, BREERDPAFL T2 ET L2 Yohei Kikuta KAAB L TW25ETL*3,

FAL K DR « SRR LT3 EF M, HEEEM 2R (NICT) 23286

*I http://nlp.ist.i.kyoto-u.ac.jp/index.php?BERT HZAFE Pretrained E7 /L
*2 https://qiita.com/mkt3/items/3c1278339ff1bcc0187f

*3 https://github.com/yoheikikuta/bert-japanese

*4 https://github.com/cl-tohoku/bert- japanese


http://nlp.ist.i.kyoto-u.ac.jp/index.php?BERT日本語Pretrainedモデル
https://qiita.com/mkt3/items/3c1278339ff1bcc0187f
https://github.com/yoheikikuta/bert-japanese
https://github.com/cl-tohoku/bert-japanese
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LTW3ETAS Bt Laboro. AT A L TW2E7 LD 7 D% 3 - HikoD
R T2, FEFMIHL, Livedoor =2 — 23— RZADFLHEXA M BERL
CLS + =72 Y OHEDAARIN S 73V 7V EFHUTEM U ZZFHEE 4. &S
Webis-CLS-10 DHAFE R X4 Y DT —XHNDOXEPHER LT =Xty bZHWE
ZEFRHEE R R 7 (4] D 2 DD 7 ' —F TOFM - EEZ1TS

*5 https://alaginrc.nict.go.jp/nict-bert/index.html
*6 https://laboro.ai/column/laboro-bert/
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2.1 BERT

ER%F% Bidirectional Encoder Representations from Transformers ¥ 5 Z D%
TUE, FHIFEEO HASHEUHE TNV TH %, #iRF % Transformer [5] Z Encoder
WERALZZ T, WAMTO¥EEZFER L, KRBT — Xty » &AW THAYH
PITONTZET ML, ERIGEHAT 2 XA 7N T27 74 Fa—=V 7 %750
DR RAERHETH 5, BRIEERICHV SN2 & 27 13O 2 (MASK] +—
7 V) DEFN BT UZEFHHEE %175 Masked Language Model . AJj &z 2 3¢
D3 LT\ B0 5 HIE T % Next Sentence Prediction @ 2 D TH %, BERT O
HATFAE OMEEZN 2.1 1TR7T,

Masked Language Model TIZ AN XD —&% [MASK] b —2 Y LRIOHFED b —2
VIZEHL, BIRATOANXD b= B INLE LTHAT 5, R T [MASK] F—
7 v NDBHEITDR, EREA LD DIZHIOHEED b — 2 VBT 2 H 00D
BIRFICITDON S, /2, BROBENEZ b= VD OHEANLEEHL, MR ko H
OV T — R EED R THES2K) % [MASK] b —2 Y IiZiE#$ % Whole Word
Masking & WS FENRHAINGGEDRDH L, ZOXRRATZZHWTHEEN—27 U 25A))
SNFBOM R R#ELT %, Next Sentence Prediction Ti& [SEP] b—2 ¥ TRY]5
N2 XEANL, ZNODEH LI TH 20 2 0%i#ilT 5, FiiEERFICEL

L HADOIRE D =T Y EIET,
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2.3: Next Sentence Prediction % 227 (#£)

L7z,

2.2 Transformer

Transformer & Attention X —2Z® Encoder-Decoder BE€ 7L TH %, RNN ., CNN

—UIEAE S, Attention DATHEEINTVWEETLTH Y, FEILMEEL L
TEIF o2 DH, PMRED Attention Z —ERIEK - FIHELEZNSZ/MET LI LT
Attention ZFH 3% Multi-Head Attention TH 5, i, WFHLL 3 <. RNN %
CNN ZHH L T\ 3 E T LEARFIBRRFRE D N WO R H 5,

A X CTRHiifntg & L7z BERT 23U o &3 5% < 0l BAREEBUE T 7 I,
Z ® Transformer ZX—Z & LTW5,

2.3 1B¥i1AHKRIE DT

H D AARH O ETIF R EAT T LS £ AEICX 27 X— 2T %17
S LBV, —JF. FHli L2 WHDIAAERHTICH L, ABOFEETHNE L-ELE
HHIAARILD &8 U 7- HEER & OFEBUE » OFEBIZ | D 37 L 7z [6] 5Ehid 5, Z
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DIfFFETIE word2vec [7] 7R ED S5 2 THEEDOHDIAARKELID Z O HFED EK %2 KB
LTW3] EVWOIEHRIESWTED, KX OREFEZZOBAZFH L2 DT
H5,
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BRI N—XTOFH

BRI RN—= A THUFBHFAET NI T 2 BOBEIE VY, 774 v Fa—=V
JHBRTANT—RINT2EEZAEL. T 2000R S BMliR X R 7 X=X TOFF
ML TH 2, X T, FHAEZEITS DITEL TV B X R 7S S D

ARETIE, ETNLVOFMHEHTE 2 X X7 R OEENZFHEH 7 — 2+ v MiZown
Tt s,

3.1 XENHE

XESTHE ., BRON2EUXEZETLE2RA7TH 5, T — 2056 FITL
TOHEEEZZEE L, ZONRRFET VK SH#EmRISHE T 5,

o fi12 5 RIZHHET %
o K75 ADT — X DIEA K Qa5 2

ZDRRY EHAIFEFEA BERT 7 VOFHIICHH S 254, BERT ZANDX
HTHHZ e ZHELTOWRVWHRIRER T 2M0EDND 5, BRFRICEWTZ ORMEKIC
X3 2 RRER L IRIIERE T ETE LT, FHMliCE L /-2 X7 THrLeES 2 id
HR72 0, R DRTE & 7% - 72055 Tld, [CLS] b—2 > Ol % 725z O SCE N
DEHGE =27 VOV EZHWLFMZ1T5 2 & T, ZORMERIIHT 2X02 KD
A & 22 LCHEMA LR (8,
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3.2 ZEFRERE

ZERTHEsE Y 1%, Zefl ( [MASK] b —2 >) 125 Tlds 5B HEE (F—2 v) 2 FlT
BRATTHD, ETNMIBZEMMPBEME 2o - BEETH 2MEREH L. Z0EHWT
ST 3. 20X 2213 BERT OHEHZEICHG 545 Masked Language Model 12
FULTEBD, 774 v Fa—=vr%2iTb3ed—EMU LORBETTHT 3 Z 2
USRS

R CRELENEAT— Xty b2 OREFFHED T — 2y P 2L L, FHMICH
M L7z

3.3 RIEDH

B 2 1E. AN INLH NI LEDEENRD OO EENR S D ZHMNT 2
RRATTHb, Z DTty PTRMETRIABPNEINTVWDE ZenZL, €T
wﬁﬂﬁi(itmii)%%VK_L“%&Xﬁ%M<ptkté Z DD A1
KO B2 XETH-HE. FiiEB A BERT £ 7V OFEIC B\ TIEED
AR LFROBEZIZ 5 Z &2k 5,

KX DHIHF E RS TR THALT =Xty NIZDXR I ZEELDDTH
%, F7-. RIEICHRARZZEHHEED T — &Ly FDTLIC R > X ESERT— &€y b
R—DHDTH 5,

3.4 BRRE

HEIHE 2 1E. BRSO 2HE2 BRI R L, MET 22X TH5, €T
JNITERISZ e FIE Ol U CHERAT 2 TERS OXRTHANEINS, ET/UVIER
X OIERHFEZEHRR L, MET 2, 2L, 77—ty M ko TUIEMSUTHTF 5 1E
BPBERLFICHFEEL RN DD D, ZOHA, TETFVFERBEELRZN I &% H
N URFRTIR S T80,

KX T DO X Z 7 ¢ LTHALTWARY, 2B, SQUAD 132D & 27 D%k
BHOT =2ty b TH D, /o, %idT 2 GLUE IEERSCHICERSOIW RS 5 1E
R B ME I DEANT HRXAIDT =Rty bBREENTWVWS,
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3.5 HBASEHE

HAAS7EHEA (Natural Language Inference, NLI) ¥ &, » 2% —X®Hi{EL L7255
WBOWTRFXLDHEALL TV I %@l T2 2R 7 TH2, (MR THD, £
FINIHIHEL EARGSL DR T 206 THIHED SARFHHEIR T = 2 (RBAHHEE FET 5
(TE5THRV] OVWTIhDLD 7B T 2EEZHI1T 5,

RALTIRFHMBHDO X 27 ¢ LTHALTWRWY, 2B, %id3 25 GLUE Ry F<—
JWEIDRRATZ DT =Ry FBPEENTV S,

3.6 GLUE

MR EIL2HAREHEIHRETDH 256, BENLRNYF~<—27TH S General Lan-
guage Understanding Evaluation (GLUE) R>F~—27 ZRHTE 2, ZHUIFEKCE
R E R T 508 - BRICE R EDEROTF -4ty VPSR 5, ZO—8H%
#3175,

ARSI BV TRHI R & § % 7 UVIGHARBTHAFLEPTDOA TV S 2D, T
Ry F<—2 & EhHkz 0,
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# 3.1: GLUE & 227 —%&

T—&ty b (BFR) | M| B

CoLA SR | SR LTIELWD Y S 2kl s %,

SST-2 D | BRI R R DF—ZE v K,

MRPC S| ZXHFRICEKRTDH 208 5 203 %,

STS-B [EF | XD 2 W 5,

QQP | ZOOERBIXDIE CERT D % 550503 %,

MNLI IR | “XOEEBEREHE S 5, Matched (MNLI-m) &
Mismatched (MNLI-mm) O —Ff#23% %,

QNLI | BRSCOANTE RIS S % IEEH B 5 2kl
95,

RTE SR | CXOEERGREHEET b,

WNLI oH | RAGFADEBI NI, R EUTEENT VS
DA B

AX | WRGEE - AT &%ty b, IRV DERIE MNLI
Db DI,
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2.3 HIZBW T, word2vec 72 EDHI 123 THEED D IAARINL Z O HEED RO EIE
ERBELTOVS | WO BAICHE S bR, ZOBAE 72X Y ICHERAT 5
ZrT. (&I IAREIYHI FRARCRT 2HDIAARBBIC L > TRETE S 2L
SBRMIEOND, AETEINEZFHL, 7NN EGINEED T Xty
k E AW HRIEEEA BERT €7 VOFHEFEEIRE T %,

ZORBEFREFHENR L 22 E TV m R T NG I LOEETHR I
27—ty VEREL TS, ZOMEILITOBED TH 5,

1. BTV m e AL, 2O e [CLS]) F—2 2T 5,

2. % [CLS] b =2 VITHIET 23 GE N IRV EMR L. 77 AR 2R
35,

3. 827 7 AXDELEEM L., 77 ANTH A, ZFtHET %,

4. &2 7 AZDELDFIIR LT 7 A8 By, ZFET %,

5. Am % By, TEloMERET N m OFHEETH 3.

EFEFA mRNEANL, 2O N%185, ZOFETEBNLEDS B [CLS]
F—2 VOMDHIAAERIHZIRY ML LTHWS, RIZ, FEXRT FIVIHIET 53X
DI OVETERL, MIET 227 AXANRD DT 2, ZOKE7 T AXOED o™ %3
L. UTFORIHEDZ I ANI A, 2EHT 2, 272007 = o 19 — 23411
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SNILTHEE
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\ Mm=Am/Bm |/

X 4.1: ERFEDIN

THDH, Cin NIZENENT FAR G, 7 ITARXRDMTH 3,*!

ZLTRY 7 AZOELDFY g™ R, 7 5 2N B, FtH T % & Tl

DHE(HTE S, *2
N
B =Y llg"™ — gi™ (N = 2 7 22 O ff%k) (4.2)
=1

%ﬁwm®%M@%Am:%§t?50:hM%ﬁwmwﬁﬁﬁEWK7ix&uyﬁ
TEXARY MBTHBIFLNEL RS,
INFETIWRLTELRBEFEDOINEX 4.1 1TRT,

1 A EOILD 7= DITRED 2 TR AR LTWVW3,
*2 A OBE LIRS, RED FE2DEEAZLTWVWS,
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RETIHRBTR & 2 FAIFEEF A HARE BERT €7V ORMli 21TV, ZDfiR%Z
R 5, £, ZEFHEE X X 71T X 2 aHllits R 2 FRRICRR T %,

5.1 FE - /E

A CRHMIEIN R & F 2 HATFEE A HAGE BERT €7 0%%K 5.1 13”7, % BERT
EFNDOEREIFAEE CHEH SNz a— 2K Tokenizer TH %, £/, €T
NDH A RNE—FDNA R=RF R = RIMFT 20, R XL TSR e 525 ET7 L
132 BERT [1] @ Base ¥4 X7 Large %4 XDWFAICHEILL TV 5%

ZhDBE, FETAER 5L ICHB I TV ZIEICH K Base(Large) hi*?. MeCab
fi*3. SP RR*. HALAR*S. NICT R*6. Laboro hi*" & Zl#l 3 5,

*1 Base ¥4 XDEF/LIE Attension Head DA 12 TH Y. (FRAED) HDAARIA 768 KL TH
% 12 BHEDET NV TH D, Zh% 12-layer, 768-hidden, 12-heads| ¥ Rid T %, Z DFEIRIHEX
X Large %4 XD b DI 24-layer, 1024-hidden, 16-heads ¥ RIH XN 3,

*2 http://nlp.ist.i.kyoto-u.ac.jp/index.php?BERT H7FE Pretrained 7 /L A5 TR Y
4 FPATAREATVEHDD S5, Base @H AR (Large WWM iR) 2 L 7=,

*3 https://qiita.com/mkt3/items/3c1278339ff1bcc0187f

*4 https://github.com/yoheikikuta/bert-japanese

*5 https://github.com/cl-tohoku/bert-japanese

*6 https://alaginrc.nict.go.jp/nict-bert/index.html A5 Tld BPE & b iRz M L 7=,

*7 https://laboro.ai/column/laboro-bert/


http://nlp.ist.i.kyoto-u.ac.jp/index.php?BERT日本語Pretrainedモデル
https://qiita.com/mkt3/items/3c1278339ff1bcc0187f
https://github.com/yoheikikuta/bert-japanese
https://github.com/cl-tohoku/bert-japanese
https://alaginrc.nict.go.jp/nict-bert/index.html
https://laboro.ai/column/laboro-bert/
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* 5.1 FHli R & 72 2 HHiEH KA BERT €70

ETNVREIT | HA X | Tokenizer (i) HAfFH a3 — o8&
THEB R Base | Juman-+-+ Wikipedia
HHERA Large | Juman++ Wikipedia
HE Base | MeCab + NEologd (Sub- | ¥¥ AR =2 —XGlH

word tokenize 72 L)

Yohei Kikuta Base | SentencePiece Wikipedia

(do_lower_case = True)

HALKA Base | MeCab + NEologd Wikipedia
NICT Base | MeCab + Jumandic Wikipedia

HX2tk Laboro | Base | SentencePiece A& =2y EDTFR
h (12GB)

5.1.1 #EFEICK BFH

BEFEL2PHVWEETFTLOIMICIE Livedoor =2 — 23— X2AS2HHT 2, 20D
I—NRRAFT =R LT, UTD 92D T aVInHIN =2 —RTEEZANTELT
W3,

e Ny =a2—X

Sports Watch
IT A4,y 7

KEF ¥ > HI
MOVIE ENTER
M EE

IARY T A

livedoor HOMME

*8 http://www.rondhuit.com/download.html#ldcc




HHE SR 20

e Peachy

ARBFFETIEA 7 3Y T2 100 fFOREFEZHH L. 2DXA A2 AN, BT 27
TAVEZFIRATNVE LTHERL, BEFETONZIT - 7.

5.1.2 ZEFREERX XU %Z AUV -5EM

ZERHEE X R 7 % W 723l & Webis-CLS-10 [9] DHAFE R XA Y DT A b7 —&
POMELLT &ty F2fH L, MEFIHIXOBEY THE, £/ 2O—HD
MNEX 5.1 12713,

1. Y=Rek2 X7 —Xty b 2P SHEEEOE WA 2T T 5,

2. 7=ty PO HhH XN A2 a0 &G —E-t$ 5,

3. W ENAFAERIET E2 XD T~ T 5, HRHRICIE T N LA x 2
FRZd %,

AIFFETIE Webis-CLS-10 O HAGE F X 4 Y ORI O 7 R b7 =20t L, S A4
2032 E0% 5 X, & 100 XDZEFET — &ty MR-, BB A6 %

YITFICRd,

4 N
books: A&, N, &F#H, W&, B, fEah, A&, U, X&E, ZAR, N, #7, &K,

E, B, 1FE, M, YIEE, th, 5

dvd: BRE, 7Ef, A, &=, BUE, FIE, B, A b=V — AR, 77 ¥, &L, FA
N, &, 7 =X, F o=, YIEE, A, 5, 7t 5o

music: #H, 7UNL ER, N, B2 KU, 77 ¥, &, NV K, B, #GH, B, ¥ 2 —,

W, CD, %8l v > R, 74 7, > 7L, HifE
\_ J

77 AV Fa—=V THIOFENRET LV EHWT, MELEZT—XEy MRS 3
(RS T NOVICEEE SN/ HEETH 2R 2HE LTz, T VORI Z DiERD
SEEE R W2,

fll
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D205E % RER

8% 50
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X)L

5.1: XDOEREPLZEFHEET — Xty b 2HET 25k

5.2 EHERER

FTRREFETOMAERRZ XK 5.2 RUOK 5.2 1TRF, ZEAHEE & R 7 % i 7= i

RIFEL 53 MUH 53 ITRLTH 5,
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700

FRim{E

200

100

0

# 5.2: IBEFEZH W€ 7L OFHE

ETIL A, B, | #HfiifE
FK Base | 240131.79 | 337.83 | 710.81
HK Large | 311331.96 | 409.40 | 760.46
MeCab 97536.21 | 154.37 | 631.06
SP 67744.36 | 104.05 | 651.06
Ht 49991.31 | 65.64 | 761.58
NICT 106698.11 | 151.27 | 705.37
Laboro 153378.22 | 273.83 | 560.13

I I I I | I I .;Ffﬁﬁ

T Base

W Large

MeCab

:ETJL'

5.2: IEBFEZHVWSE 7L 0FHi{E

Lahoro

NG 200KRNL, REFILTOFBERRIZZEMHEE X R 7 2 H\W

B AEAEZHE L TWAZ DS IR - 2,

APAIAS SR & 1



2.0000%

HHE FHE 23
3% 5.3: ZEFDIEMOHEETH A HER (FHME)
E5IL books dvd music | &Y¥¥
K Base | 11.53% | 11.18% | 9.24% | 10.65%
K Large | 14.78% | 16.90% | 11.52% | 14.40%
MeCab 11.24% | 13.62% | 7.62% | 10.83%
SP 7.36% | 9.86% | 6.41% | 7.88%
ik 14.04% | 12.76% | 10.81% | 12.54%
NICT 11.90% | 12.63% | 8.68% | 11.07%
Laboro 8.86% | 10.44% | 9.85% | 9.72%
16.0000%
14.0000%
12.0000%
10.0000% -
8.0000% -
g 6.0000% -
K 4.0000% - e

0.0000%

ﬁ‘#’@&ﬁ

%’f‘

,:;:

E=FI

A

'%'

&

5.3: ZERRHERE X A 7 % B2 E 7L O i 5
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ARETI 5.2 HiTm USSR K IR R FIEIT X 3 314G S 23 22 e i © o 21liAS SR &
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V—2a—F Al &4 Ul 71 27 F 4 extract-title.py

1 #!/usr/bin/env python3

2

3

4 __doc__ = """egtract title from news tezxt.
5

6 Usage:

7

extract-title.py <src_dir> [-h[--help] [--title_line=<n_line>][--
output=<out_dir>]

8 extract-title.py gen_ssv_dataset <src_dir>... [-h[--help] [-1/--

length=<n_len>/--n_test=<num_test>[/--n_validate=<num_val>]

*1 Python OMFERIEITREDIEEZ D Web 7 7V r— 3 >, ETARER TR 2T L2 HDIAAT
EEERTE %, a— FEIEEROTny ZIZHEILTER L. 7ay 7EIca— FOMRE - E1708T
ERRANG LT =N
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9

10 Options:

11 —--output=<out_dir> where to save results [default: ./result/]

12 ——title_line=<n_line> line number of title [default: 3]

13 -1 --length=<n_len> nums of whole dataset(dataset mode) [default:
240]

14 --n_test=<num_test> nums of test data(dataset mode) [default: 20]

15 --n_validate=<num_val> nums of walidation data(dataset mode) [default
;207

16 -h, ——help show this message

17 nnn

18

19 from docopt import docopt
20 from pathlib import Path
21 import random

22

23 def sample_titles(titles, n_target, seed=20200122):
24 random.seed(seed)

25 return random.sample(titles, n_target)

26

27 def extract_all_titles(filepath, title_line):

28 texts = filepath.glob("*.txt")

29 whole_text = []

30 for txtfile in texts:

31 whole_text.append(extract_title(txtfile, title_line))
32 return whole_text

33

34 def extract_title(filepath, target_line):

35 with open(filepath, "r") as f:

36 for i, text in zip(range(target_line), f):
37 if i+1 == target_line:

38 return text

39

40 def write_ssv(filepath, ssv_dataset):

41 ssv_text = []

42 with open(filepath, "w") as f:

43 for i in ssv_dataset:

44 label, title = i[0], i[1]

45 ssv_text.append(’y’.join([str(label), titlel))
46 f.writelines(ssv_text)

47

48 args = docopt(__doc__)
49 out_d = Path(args[’--output’])
50 title_line = int(args[’--title_line’])

51 print("extracting...")

52

53 if not out_d.is_dir():

54 out_d.mkdir ()

55 1f args[’gen_ssv_dataset’]:

56 src = [Path(d) for d in args[’<src_dir>’]]

57 n_label = len(src)

58 len_dataset = int(args[’--length’][0])

59 n_test_data = int(args[’--n_test’])

60 n_val_data = int(args[’--n_validate’])

61 n_train_data = len_dataset - n_test_data - n_val_data
62 train_dataset = []

63 test_dataset = []

64 validate_dataset = []

65 for i, root in zip(range(n_label), src):

66 titles = extract_all_titles(root, title_line)

67 sampled = sample_titles(titles, len_dataset)
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41

data = [(i, x) for x in sampled]

train_dataset += datal:n_train_data]

test_dataset += datal[n_train_data:n_train_data + n_test_datal

validate_dataset +=data[n_train_data + n_test_data:]
write_ssv(out_d.joinpath("train.ssv"), train_dataset)
write_ssv(out_d.joinpath("test.ssv"), test_dataset)
write_ssv(out_d.joinpath("validation.ssv"), validate_dataset)

else:
src = Path(args([’<src_dir>’])
with out_d.joinpath(src.name+"-titles.txt").open(mode="w") as result:
for src_file in texts:
t = extract_title(src_file, linenumber)
result.write(t)

Y —Za—F A2: X7 MVEUE T 1 275 A extract-ndarray.py

#!/usr/bin/env python
# coding: utf-8

# Inl[1]:

import torch

from transformers import BertConfig, BertTokenizer, BertModel,
BertJapaneseTokenizer

from mytokenizers import JumanTokenizer, JumanPreprocess, JumanBertEncode
, SentencePieceTokenizer

import numpy as np

import gc

from tqdm.notebook import tqdm

from pathlib import Path

# In[2]:

#RN=2T LI R) FDBEEET 7). HHEEELCOBBREZIEE

BASEDIR = Path("./src/livedoor-news/")

BASENAME = "

TARGET = BASEDIR. joinpath(BASENAME)

target_word = "[CLS]"

BERTBASE = "./jumanpp/BERT-large-wwm/"

BERTDIR = Path(BERTBASE+"model")

use_gpu = True

use_preset = False

tokenizer_type = "jumanpp"

mecab_dic_dir = "/usr/lib/mecab/dic/mecab-ipadic-neologd/"
sentencepiece_model = str(BERTDIR.joinpath("wiki-ja.model"))
sentencepiece_vocab = sentencepiece_model.rstrip(".model")+".vocab"
use_subword_tokenize = True if "neologd" in mecab_dic_dir else False

# Inl[3]:

if use_preset:
conf = BertConfig.from_pretrained("bert-base-japanese")
bertmodel = BertModel.from_pretrained("bert-base-japanese")
else:
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conf = BertConfig.from_json_file(BERTDIR.joinpath("config.json"))
bertmodel = BertModel.from_pretrained(BERTDIR. joinpath("pytorch_model.
bin"), config=conf)
bertmodel.to("cuda") if use_gpu else bertmodel.to("cpu")
bertmodel.eval()
texts = TARGET.glob("*.txt")

# Inl4]:

if use_preset:
tokenizer = BertJapaneseTokenizer.from_pretrained("bert-base-japanese")
elif tokenizer_type == "jumanpp":
tokenizer = JumanTokenizer.from_pretrained(str (BERTDIR))
elif "mecab" in tokenizer_type:
tokenizer = BertJapaneseTokenizer.from_pretrained(str(BERTDIR),
word_tokenizer_type="mecab", mecab_option="--dicdir="+mecab_dic_dir,
do_subword_tokenize=use_subword_tokenize)
elif tokenizer_type == "sentencepiece":
tokenizer = SentencePieceTokenizer(sentencepiece_model,
sentencepiece_vocab)

else:
raise ValueError("tokenizer_type_is junseted")

# In[5]:

for text in tqdm(texts):

tokens = []
with open(text, "r") as t:
for line in t:
if tokenizer_type in ["sentencepiece"]:
token = tokenizer.tokenize(line.rstrip("\n"))
token = tokenizer.convert_tokens_to_ids(["[CLS]"]+token+[" [SEP
"D
else:
token = tokenizer.encode(line.rstrip("\n"))
sentence = tokenizer.convert_ids_to_tokens(token)
if target_word in sentence:
tdx = sentence.index(target_word)
elif target_word == "[CLS]":
tdx = 0
with torch.no_grad(:
inputs = torch.tensor([token]).to("cuda") if use_gpu else
torch.tensor([token])
generated = bertmodel (inputs, token_type_ids=None) [0]
data = generated[0] [tdx].to("cpu").tolist() if use_gpu else
generated[0] [tdx].tolist ()
tokens.append(data)
dataarray = np.array(tokens)
print(dataarray.shape)
np.savez_compressed(text.parent. joinpath(str(text.name).rstrip(".txt")+
".npz"), dataarray)
# In[6]:
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95 print("arrays generated!")
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Y —ZXa—F A3: fHEEFEH 1 27 Z 4 evaluate-clustering.py

"""Eyaluate output with clustering.

usage: evaluate_clustering.py [-h] [--cluster_length=<N>] [-q/--quiet] <

model_root_dir>. ..

options:

nnn

--cluster_length=<N> how many datas a cluster has [default: 100]

-q, ——quiet print only root score
-h, —--help show this message

from docopt import docopt
from pathlib import Path
import numpy as np

def text2path(path_str):

#

return Path(path_str)

def evaluate_model(root_dir,cluster_length):

if

root = []

dirs = list(root_dir.glob("*.npz"))

for cluster in dirs:
data = np.load(cluster, allow_pickle=True)
root.append(data["arr_0"])

root = np.concatenate(root)

gi=1I]

print(root.shape)

Am_i = np.zeros((len(dirs), root.shape[1]))

for i in range(0,len(root),cluster_length):
cluster = root[i:i+100]
g_i = np.sum(cluster,axis=0) / cluster_length
for div in g_i - cluster:

Am_i[int(i/cluster_length)] += np.abs(div)**2

gi.append(g_i)
g = np.sum(gi,axis=0) / len(gi)
Am = np.sum(Am_i)
Bm_i = np.abs(gi - g)**2
Bm = Bm_i.sum()
return Am/Bm, Am, Bm

_name == ’__main__":

args = docopt(__doc__)

root_dirs = map(text2path, args[’<model_root_dir>’])

root_dirs = list(root_dirs)
cluster_length = int(args[’--cluster_length’])
for d, i in zip(root_dirs, range(len(root_dirs))):
M, Am, Bm = evaluate_model(d, cluster_length)
print ("Model"+str(i)+" Score:"+str(M))
if not args[’--quiet’]:
print ("Am:"+str(Am))
print ("Bm:"+str(Bm))
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YV —Xa—F A.4: eval-masked-prediction.py

#!/usr/bin/env python
# coding: utf-8

# Inl1]:

import torch

import random

import json

from transformers import BertConfig, BertTokenizer, BertForMaskedLM,
BertJapaneseTokenizer

11 from mytokenizers import JumanTokenizer, SentencePieceTokenizer

12 from torch.nn.functional import softmax

13 from tqdm.notebook import tqdm

14 from pathlib import Path

15

16

17 # In[2]:

18

19

20 #RN—=ZRTA LI RI, DHEEET 7M. A5 ARELZIEE JSON

21 BASEDIR = Path("./src/cls-amazon/fill-mask/")

22 BASENAME = "

23 TARGET = BASEDIR. joinpath(BASENAME)

24 srcfile_filter = "x"

© 00 N O Uk Wi

=
o

25 src_type = ".dat"
26 max_seq_length = 512
27 BERTBASE = "./jumanpp/BERT-large-wwm/"

28 BERTDIR = Path(BERTBASE+"model")

29 use_preset = False

30 use_gpu = True

31 tokenizer_type = "jumanpp"

32 mecab_dic = "/usr/lib/mecab/dic/mecab-ipadic-neologd"

33 sentencepiece_model = str(BERTDIR. joinpath("webcorpus.model"))
34 sentencepiece_vocab = str(sentencepiece_model).rstrip(".model")+".vocab"
35 random_seed = 20200424

36 mask_sentence_sep = "."

37 retokenize = True

38 pre_tokenized = True

39 lower_case = False

40 use_subword = True if "jumandic" in tokenizer_type else False
41

42

43 # In[3]:

44

45
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if use_preset:
conf = BertConfig.from_pretrained("bert-base-japanese")
bertmodel = BertForMaskedLM.from_pretrained("bert-base-japanese")
else:
load_ckpt = not BERTDIR.joinpath("pytorch_model.bin").exists()
conf = BertConfig.from_json_file(BERTDIR.joinpath("config.json"))
bertmodel = BertForMaskedLM.from_pretrained(BERTDIR, config=conf,
from_tf=load_ckpt)
bertmodel.eval() if not use_gpu else bertmodel.to("cuda").eval()
texts = TARGET.glob(srcfile_filter+src_type)

# Inl4]:

if use_preset:

tokenizer = BertJapaneseTokenizer.from_pretrained("bert-base-japanese")

elif "mecab" in tokenizer_type:
tokenizer = BertJapaneseTokenizer.from_pretrained(str(BERTDIR),
do_subword_tokenize=use_subword, word_tokenizer_type="mecab",
mecab_option="--dicdir="+mecab_dic)
elif tokenizer_type == "sentencepiece":
tokenizer = SentencePieceTokenizer(sentencepiece_model,
sentencepiece_vocab, do_lower_case=lower_case)
elif tokenizer_type == "jumanpp":
tokenizer = JumanTokenizer.from_pretrained(str (BERTDIR))
else:
raise ValueError("tokenizer_type or use_preset flag is unseted")

if tokenizer_type == "sentencepiece":
mask_token = "[MASK]"
cls_token = "[CLS]"
sep_token = "[SEP]"

else:

mask_token = tokenizer.mask_token
cls_token = tokenizer.cls_token
sep_token = tokenizer.sep_token

# Inl[5]:

def tokenize_sentence(tokenize_func, sentence):
global cls_token, sep_token
sentence = tokenize_func(sentence.rstrip("\n"))
if len(sentence) > max_seq_length-2 and sentence[0] != cls_token:
sentence = [cls_token]+sentence[:max_seq_length-2]+[sep_token]

elif len(sentence) > max_seq_length-1 and sentence[0] == cls_token:

sentence = sentence[:max_seq_length-1]+[sep_token]
elif sentence[0] != cls_token:

sentence = [cls_token]+sentence+[sep_token]
return sentence

# In[6]:

n_sentence = []

p_true = []

for text in tqdm(list(texts)):
predict_result = []
random.seed(random_seed)
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103 p_correct = 0

104 n_mask = 0

105 with open(text, "r") as t:

106 for line in t:

107 if mask_sentence_sep != None:

108 words = line.split(mask_sentence_sep)

109 masked_word = words[0].lower() if lower_case else words[0]

110 context = words[1:]

111 if retokenize and pre_tokenized:

112 1 = "".join(context) .replace(masked_word, mask_token, 1)
if tokenizer_type not in ["sentencepiece", "jumanpp"]
else "".join(context)

113 if tokenizer_type == "jumanpp":

114 sentence = tokenizer.juman_tokenize(l.rstrip("\n"))

115 else:

116 sentence = tokenize_sentence(tokenizer.tokenize, 1)

117 elif retokenize:

118 1 = context.replace(masked_word, mask_token) if
tokenizer_type not in ["sentencepiece", "jumanpp"] else

context

119 if tokenizer_type == "jumanpp":

120 sentence = tokenizer.juman_tokenize(l.rstrip("\n"))

121 else:

122 sentence = tokenize_sentence(tokenizer, 1)

123 else:

124 sentence = context

125 sentence[context.index(masked_word)] = mask_token

126 if retokenize and tokenizer_type in ["sentencepiece", "jumanpp"

]:

127 for i, token in enumerate(sentence):

128 if masked_word in token:

129 splited = sentence[i].replace(masked_word, ", "+

mask_token+" ") .split(",")

130 sentence[i:i+1] = [t for t in splited if t != ""]

131 break

132 elif [c for c in masked_word] in sentencel[i:]:

133 endidx = sentence.index(masked_word[-1])

134 sentence[i:endidx+1] = [mask_token]

135 break

136 if tokenizer_type == "jumanpp":

137 sentence = tokenize_sentence(tokenizer.bert_tokenize, " "
.join(sentence))

138 masked_idx = sentence.index(mask_token)

139 else:

140 sentence = tokenize_sentence(tokenizer.tokenize, line.rstrip(

Il\nll))

141 masked_idx = random.randrange(l, len(sentence)-1)

142 masked_word = sentence[masked_idx]

143 sentence[masked_idx] = mask_token

144 masked_id = tokenizer.convert_tokens_to_ids([masked_word])[0] if

tokenizer_type == "sentencepiece" else tokenizer.
convert_tokens_to_ids(masked_word)

145 token = tokenizer.convert_tokens_to_ids(sentence)

146 with torch.no_grad(:

147 input_tensor = torch.tensor([token]) if not use_gpu else

torch.tensor([token]).to("cuda")

148 generated = bertmodel (input_tensor) [0]

149 prediction_logits = softmax(generated[0, masked_idx, :], dim=0).

to("cpu") if use_gpu else softmax(generated[0, masked_idx,
:], dim=0)
150 predicted_token_logit = prediction_logits[masked_id]
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164

predicted = tokenizer.convert_ids_to_tokens([torch.argmax(
prediction_logits)]) [0]

p_correct += predicted_token_logit

n_mask += 1

predict_result.append({"masked_sentence": "".join(sentence).
replace("##", ""), "predicted": predicted, "masked_word":
masked_word, "masked_word_percentage": predicted_token_logit.
tolist(O})
print("accuracy, ({1}):{0:.4f}".format (float(p_correct / n_mask), text.
name))

p_true.append(p_correct)

n_sentence.append(n_mask)

with open(str(text).rstrip(src_type)+".json", "w") as r:
json.dump(predict_result, r)

# In[7]:

165 result = float(sum(p_true) / sum(n_sentence))
166 print("model accuracy: {}".format(result))
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