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BERT [FEZENEMFEETILCHY, ZLDBASHELEIRTLICEVWTE
DBEEHREIN TS, BERT DE{KIE Transformer D encoder THIFAEIN D
Multi-head attention Z 12 B (5 3L\ 24 B)BEAENRZRVET—UTH 3.
BETIEX, ADSNEEEDEDAAHRIRIICTHLU TRISHDEREITL, TiRfE
RTHDIEFDIEDIAARIRINZE T D. COBRRIFHEFBDIEDAHRIRD, B
ERDBITHRR ICXARICHIE U BIRE R TIEDRAARRICERIND EIRA D
ENTES.

U722 T BERT AT DHEZFDIEHIAHKRIRIE, TDHEENIENLZXDX
IRICEKFLU TS, CDehHDEBFE w ORBIZIEL, BERT [CLWUEFESND
BEEwICX T DIBDAARRENS, ENSDNBIEER T D&, TOIEIFETE w
DEBERDLNVICHIGTDEEZOND. T TEHEREBCEREBETRICENSHE
ZEORAMZINEL, PBIEDLLERZIT oz ZREBICHUTIIARTBORUE, BR
[SHUTIFNT B ABUENE D CEMNFEINSD. Rz BERT DEDLIEDREE
NREEFEBRDLDVVICHEULTCLWSINERELEL. UAULINSERNS, LEED
PEHIETFERDOLNVZRAETSDIXRETH S DM 27z, TDREICD
WTERTS.
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Abstract

In this paper, to investigate the relationship between word embeddings out-
put by BERT and semantemes, we divide words into polysemous and monose-
mous words. And compare the variance of the word embeddings, i.e., poly- semy.

BERT is a pre-learning model of language and has been shown to be ef-
fective in many natural language processing systems. The entity of BERT is
a network of 12 layers (or 24 layers) of multi-head attention used in Trans-
former’s encoder. In each layer Performs some conversion on the embedding
string of the input word, and outputs the embedding string of the word that is
the conversion result. This process can be understood as the embedding of a
word is gradually transformed into an embedding that expresses the meaning
corresponding to the context with each layer.

So,word embeddings output by BERT depends on the context of the sen-
tence in which the word appears. Therefore, we collect examples of word w
and calculate their variance values from word w” s embeddings obtained by
BERT, and it is considered that the variance values correspond to the poly-
semy of word w. Wecollected examples of polysemous words and monosemous
words and compared the variance values. We expected that variance values for
polysemous would be large and variance values for monosemous words would
be small. We also investigated which BERT position has the most influence
on polysemy. However, we found that it is difficult to measure polysemy using

the previous variance values, and we considered the cause of this difficulty.
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A5 ClE BERT E N9 SEEDIEDHIAHRIREEREDEARZRANRDIEHIC,
FRa CBRFEICDIT, TNOEDAARTDDEIE, DXUEBRDLHINY ZELLERT D.
BERT WE AT SEFEDEDAARBEHERZREL VD ES, ZREICHT 9
EIXXRELS, BHFREICHTIOBUEIINE<RDIENTFET

BERT FEFZEDHERIFEETINCHY, EFRMICIEANINZEREEINZEINT SEHEE
DIEDAHTRIRICEHT D, CDETHELSNDEEDEDAHFKIRIL wordavee [2] 7%
ENBR™IONDIAEMEBIRDLDICEARELZARI RILVTIFRL, ZOEENENTZXRK, D
FUANINEZEEFIEKFLTCWD. COINSHDEE w EET X s & BERT [
ANU w IS T DIRDIAHKRIR e ZFZET, ew [ s RICHITD w DEEFRZEFRULT
WDEEZOND. KX Tld ew ZUNEL, TDDEUE Vw 5D ET w DEBRDIL
MY (ZHRE) 2N D ZE T, BERT NH AT SHEEDIEDAHRIREFERE DRERE
ERID.HFITFEITDIDIFERE w [CHTD ew DDBIE Vo THD. ew NERZR
LTWBDTHNIL, e DOFME Vi IFFEBITNEWVE T THD. CNZEZFRSE w ITxt
D ew DTEME Vi EDELENSHEERT D

F7= BERT [&#]B& Multi-head Attention DB% 12 BERLETI THY, ZEE
[CEFE w (ST DIEDIAAKIR eww HNEOND. 55 | BOEE w (ST DIEDIAHTK
Wz el, EH<. DFEY ey = e'2 THD. ew BHDIEEDLNY (DBUED ZFRF>TL
1z&EUTEH, el [TDBRBISEWERDT, TOENY (FFUE) NS, BZRD
[CREVRRICEHAUNBEL TVLWEEZOND. AR TIEIBBEC SICHEE V,: =
KD, EDEEBTHRENREARAETIBINTOINZHERTD. CNICE>TEDERBN
BREFEITDIDICHEFELTVLSIINERETED.
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2.1 BERT Z=#IAUZEEREERTADH

BERT DY DIBDAAHRIFEEBREDEEMRICEAT SHFLE LT, BERT =518
U7z EEHIEBRIEAZE (Word Sense Disambiguation; WSD [3]) DRFEN 3.

X (BERIED [4]) TIE BERT DT DIBOHIAHRIBZFFHENRINLEUTRIAL
T, BERHYUEEIZELY WSD Z{ToTL\ 3.

ERERERHE IR DEZREDEZRZHN T DUIETHS. FIZIFEFEIKIL,
BE, () EMIDR, (b) RINA, D 2 DDOEFRZFS, [RIZEZZTXHLDIFERD
REINSZASNTZEEIT, XHRDIRIDFERD (a) H (b) H BT SUEN WSD
Thd.

SEATOMRTIEZARZ Juman++ TEEDEIL, TDEEESZ _LEC BERT ICHT,
HATNIZEEBIEDIAHRIZFTIN S, WSD DOXNREZEDIEDIAARIRZRULEL, N
Z WSD OffERIMLELE. ZHICIF 2 BOZ1—3I)IbRxvhD—0ZALVz, £
BT —YZ=NIET .

CDEBRRICEINIE, WSD TRERDAWVWSNFEEARFIEICLEART, KFEDIERE
NEWIENERTED. RBAENRL2FUTCVWSHASER BERT BRIFEETIVE
SemEval-2 [5] OEHAEFHEIRIT Y ZHVWZERTHE, IFRICEVIEEEZRL
. ARRICEVWTHERDFBE[BICTTE VWD EEERET 5L, BERT 1S
WSD DFHER IV ERSERENTIINZEERS.
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2.2 BERT AT BIEDIAAFRRZISRAYIIIT TS
e

BERT DENTDIEDAARREISRII T T DAL, BEROLMNYICET S
ARERELTLS.

X (ILAREED [6]) T, BEDZSHRIEEBHRDLNYZIRADTZHIC, XARIE
SNEBEFERIVNVEEH SHEEBRIEZERFT I SFEZRELR. ELMo [7] ® BERT
[CRDTHBONDIIIESNIZBEERINMVEREITRII T T EICLYMHEER
MR/ IDFEEZRRTD. CNICKY, REEDODERXEHRDONIRZEEZER UIZEEE
KIANFONDIEZHFITD. T/, BNICOSRIBERETTDISIRIIVIIF
FEAWSIET, REEICHUCGEYIGERBNEIVE TONSCEEHFT 5.
2.1 [CRRFEICI O TIH/EONLEEEBRREZARILLEAZRT . plant (T35, HE
M MEFNEN factory H KU flower EERDMEEETFS, RKXDLNYERIFTET
WD EMRDHS.

DFY.BERT DHE AT BIEDAARREITRIV T THEICKLUEERKRIRE
ER/L TV, COMEBRRMAREICE T DIEBRDISRYICHBLTLD.

THERBR DGR, XIRZEZR U SEW\IRITIFBIFEF AL AFU LDOEREZRL, XiREZE
BT DIRITIIBFFELVEEVERZER L. COMEIERTEE B EEEORRIERL
BHEIRIVSLUCHERDOBREESIAVICHALT, TNonEERLEZRZLTUL
3.

2.1: BEEETRISRITD AL DA
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SHIF&ETET /U BERT

3.1 BASHELE
3.1.1 R

FHIFBTT )V BERT ZENT RIS, BREFHFLECOVWTHENY

BASENELF, JVE1—FICANEO>TVSERBZELETEIRMZEKT D,
ABDEE(BAEE) EHMTUEL, ARZME TSI ETT. BAMICIE, SFEOX
BV —YaVTESIFRUERIN'S, SMXDEIHAEIFEIF TOH
REBENRELT, TNODEENF ORBKZE SXTERAE TR T SUBRMT =15
9.

BASEWERL, ROXDGRNTRHRITEIND, T, REERRNT [8] ZAWT, X&E
ZEFRREDR/NEM (FERER) ICYIV DT 5. KREEFEBFT &I, TFRT—5Z T BIK
EROR/IBROBENAL (BEEICHRL, XEPIL—XDABZHIET 276 AL\SHE
MiTHB. RIS, T—IIL IV TERANT, FELRXFHZEYERL. Bag of words [9]
BREZAWT, WERERBIRZT 2T —9ZRIMVOERICE#T 5. Bag of words
ElF, XERICHIRT DHEZHR, TORERHETIHETHD. XEICHITHHRIE
FIEFEBINRZVDT,. VU TIEBRIETHSD. x&IC, tf-idf (term frequency —
inverse document frequency) REZRWT, ZHEEOEEE Z 9 5. t-idf  [EX
EICHIFTREEOEREEZEEITDHET, EICHEBRRROSEYIDHREDDEFTH
Lons.
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3.1.2 BASHENEDERSG

5, BASEWRIZ<LDECATHRATNS. fIZ I, ARENEROLEI—DELD
BRTFANEZDNT 5. BARASEWBRZEA (EF—TJ—RFothBembLeLTE
NSOBREROEREDTLEY, TSICETFANKEORBNEENDEERNDDFH]
ETED.ARBFILELI-ICHROT, BmDRARZNRET D ENTES.

BASENIEICIE, HABREIRIBHINGSD. fIZ L, Z<DEEIE, BEETR—HR
ENEREZHZL, ETRIULTHMLTWS. BREELEL, TDL ST —Y&0
UCTKYVARICEED Z—XICWINT S &IT%IID. Ko, BAEBWIEIL, XEDH—
VERBHDDITFENDNS. SNS ECHHABMMNEDLSCRTIEHSN TS MY

T=WBZE(CEDT, IERIZIRICIIB D.
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3.2 BERT
3.2.1 [RIE

BERT (&, <0 NLP EFIILOHRTERICHEENSVWETILEENNS. BERT T
FHCHHREN S o7z DIE, [FEFIFE | EFEINDFEDAETHS. BERT BIEFDEFIF
BN, BERTONAMZERENICSEHDZEICDEN T,

kD NLP EFI)UIE, CNN ®® RNN &W\o7eZa1—3)IbRVET—UZFBLTL\D
fz. —7, BERT (& Transformer ZRWZERIFEET IV THY, BIFOERITETIVIC
MINTBET, EDETETINOREZA LI EZIENTES. BIFETIVICATH
95 &%, Fine-tuning B3+ E) & 5.

BERT DEFIFEDAIRHFHIE, XET—4ZE(C, Transformer N ARZE I A
(Bidirectional) ICEFEITH_ETHD.

Transformer DR =T—07—FT7OF v %M 3.1 (9. Transformer &, #8521
NDIVIA—Y—&TA—F—2RIYIFTBEICFODTERIND T I—F —-T
O—45—1EETHD. M3.1DELAIIFTYa—4—7TdY . Multi-Head Attention &5
LR CERINTHY, ANI—/\REFHBER I VKT 272HICERATNS.
ARIETI—9 =T, AAFII-F-DEAETFRARRTHS. NI, Masked
Multi-Head Attention, Multi-Head Attention, $ KURMIERDFMGFSHREH S
I REHDTEHER CERINDS.
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Qutput
Probabilities

s B
Add & Norm
Feed
Forward
-
W
A0k & Norm Mult-Head
Feed Attention
Forward F ) Nx
Nx [ Add & Norm :
Add & Norm Moasked
Muiti-Head Mutti-Head
Attention Attention
T - t
— ) U =)
Positional ®_(3 Positional
Encoding ¢ Encoding
Input Output
Embedding Embedding
Inputs Qutputs
(shifted rigit}

3.1: BERT @ Transformer & k7 —2*!

3.1 DEBIE LATDE 3.2 DITrm X9 D Transformer Block T& 3.

*I'https:/ /qiita.com/Kosuke-Szk/items/4b74b5cce84f423b7125
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BERT (Ours)

3.2: BERT Ox\w bJ— &2

3.2.2 BERT OFFIFEICDWLT

ENTIL BERT OFFIFETHLSND, 2 DOFEER TV,

Masked Language Model(MLM) = AAURXENS, BEAICHEULR 15 %D ~—
DERRIL, LTFDEIBEIEGTERULTHS, BRIDON—I VXA THEHIZE T
I DIUEHRIREN MLM Thd.

BERT 38R Tl&, WordPiece b—202M 15 WM S VYT LICRAOEIND. EFTI)IVZES
L—Z20092EE, NIA—IEZEBFDLEHICXENRETIVICEREESNE TN,
Google [FCNSDEFEZBEIVRITEINDITTEBUEEAN, YRIUTIHEEZERE
L7z1%, 80 % DHEXRTEERANS. [mask] IC 10 XDERTHDEEFICETTRZ 3.
10 % DHEERT. TTD—I UHMRFFINS.

BIZIE LT DM 3.3 DL DITRTY.

*2 https:/ /qiita.com/Kosuke-Szk/items/4b74b5cce84f423b7125
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« 80%: my dog is hairy -> my dog is [mask]
* 10%: my dog is hairy -> my dog is apple
* 10%: my dog is hairy -> my dog is hairy

3.3: Masked Language Model

Next Sentence Prediction(NSP):Q & A R&, XETDREBREZEE T DRIREICTLT
(&, MLM [ERETEEEA. EZT, 2 DOXHBERSHDINETRT DN, NSP TH
B.

FERAT—YD 50 %Z=XE A.BHERHDIED, 50 ZEEEURRENDET D, EL
T, XEBNIXEA DEICHEWNT, BERNMEDIHNESHETFRATEHETHS.
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BERT [IEFZFENERFEETIVCTHY, EANICIIADEINEEINER LT DE
EDEDIAARRINICERTD. COETH/ONDIEEDEDHIAHRIRIEL wordavec
(Mikolovetal.(2013)) @ ENS/ESNDDHTIRD LS ICEE LRIV TR,
TOEENRNIEXAR, DEVWANINEZEEIICTEKFLTWVS. CORNSHDEEE
wZEZEX s Z BERT [CAAL, wITHINT DIEDHIAHKRIR e Z1F72ET, ewld s KA
CHITD wDBEHRERLTCVWDEEZIOSND. FAEXTlE ew ZIEL, TDHEE Vo
Z3DET w DERDILNY (ZHRE) ZRANDZE T, BERT BNEATDHEEDE
DIAARREEREDAREERTS. FFITEFEITDDIEERE w (X TD ew DOEK
BV, THB. ew NERERLTVDDTHNIL, ew DDBUE Vy FIERICNSWVFTT
H3. NZZRE w ITNT D ew DOEUE Vi EDLEBHNSHEEET 5.

&7z BERT |&#}#& Multi-head Attention DEZ% 12 BERZETITHY, BEE
[CEEE w [T DIEMIAHRE e DEOND. SF i BOREE w ICXHTDIEDAHEK
Rz el, &B<. DFY ew =2 THD. ew NHIBEDLNY (DEUE) ZHF>TL)
12&EUTEH, el [EDBRBITEVWERDT, TDEMNY (FEUE) IFNEL, BERD
[CREVRRICIENUNBL TV EEZ OND. AR CTIERBEBI EICHEIE V) &=
Keh, EDBEBTHRIENRERE<EINT 2N EHRT . CNICEO>TEDEEN
EREFRETDIDICFSLTVSNNBERTED.

ERCTIIZHREFEELUCIEATRMR (M ek IS TRE 10 6 BEE, B;|ETEE L
Al , ] , Begl , 10D 5 BEEENRICUTORUE V ' ZRHDZ &
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T, BERT O NI D EEBIEDIAARIRDEBERDILNY DU,
UDUEERHS, LERUSEIETIIEZBRZDLNVEINETDIDIER#THDZIZEN D
Molz. TFORAICDODVWTHEERT .

4.2 EFEEDIAAFRIRDDEBUEEERDILDY

BEE w 280X s & n @5, TNS5%ZE 51,52, - ,sn & FD. TNS5DOX%E BERT
[CAATD.si FD w ICxHiEg D BERT HHBSNDIEHIAHRITE ¢! &F 3. e

L 1 :
I‘u' — E ”Fu _""u',Hj
I

1=1

4.1: DEUE

B w DEFRODLMNVE Vy [CEOTHIBZEICTS.

F7z BERT 0% i EEDHAADEE w ([T DIBDAHFRIRE ¢, &HT, TDH
HiEE Vi EP<.BERT X 12 BHSRZ2DT, VIS vy, hMEo5Nnd.In

SMIEZEHETD_ET, dBRNPEICRIBBUEZERT D.
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5.1 BHRBEZSHRIEEDIEBZERDLNVDE

NREULEER, Z2FRFBEUCIEIMERIMZAGEGEEINSE 1M1 D 6 &5,
BRECUTIEELBCAL EHL BEL REID58FETH 5. FHEFEFEORMIE
BCCWJ KUBBHE®D * 9315 7 98 FDEEEMN DT VY AICERWUHUTE.

Rz AARTIE, BAFREICHISUEZEIFEETIIVELT, REIARFEE ARARE
BLLTDOY S TRRUCUVW\SHEAEE BERT HEaiFEET IV EERAT 5.

http://nlp.ist.i.kyoto-u.ac.jp/index.php?ku_bert japanese

BXY U7z A BIE = R RER AR U IZRESRE subword [CHEILTZEDEEAREARIEL.
BAZETF+RXDH (Wikipedia ZF|[A) T pretraining ULEU7=.

TOR BB UIZRABIDBETSNIZDBIEIC DLW TES&REITH 5.1, BHREEM
5.2 [C/RY.


http://nlp.ist.i.kyoto-u.ac.jp/index.php?ku_bert_japanese
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L5 EHR
HiZE | B % E 5 =% fig
F 2% 82 91 191 151 184 74
pa-7 4] 197.07 241.28 112.96 213.29 179.72 172.50
5.1: %E&FEDABIEEERERE
B ZE HE Bk Bk s AR
FA 713% 110 434 82 42 33
oy B 163.81 162.73 204.19 162.00 189.38

5.2: BZREDABIEE RERIER

%%en 6 BEICN T D OBUEDTIIE 186.14, BFKREE 5 BHEICKN T S BUED I
176.43 THY, BREDDBIEDHHNEREDDEIELVENE<ROTVS. 7Z71ZL

MEREREIISS, COEBRBERNSIITFRL TV EZRREIFTSNEH 7.
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5.2 BERT OREEICHTIERDLNEYDEIL

BERT D&EEBICHITIEBERDILNYDEALZRANT. ZREDERZH 5.3 I, B
REDERZM 5.4 [TRY.

300

100

50

5.3: BERT OFBEBICHITD0BUE (FHE)
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5.4: BERT DEEBICHITE0EME (BFKE

CEODHEREERECHEREICATIRELFRSCENTERD o2, FZERDL B
Vg DEUEIXEBN LMD ICH O THRAICKELGE >TH<EEZSNSD. LHL
EE5DHRVGERICOFBEN LR ITDIEVNIRTIIGRS, HA4EBEHEIBHIYIC
DR TFEUZVFEICRD L DGERTFHRRSNS.

BERT WE N T SEEDIEDIAARKRNERERBELTVDDRS, ZREICHTD
PEUBIFAEL, BREEICH T 08B/ NS <@ EMHIFFINEN, EROGREEE
DOBUBICKEREFEL D 7.
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ZEoa CPREDIEDIAHRBDAER R

KR TIIZREICH T DOEMEE BHRFEICH I D DREICKT

BEWVIGH . N

FERDLPVZBRICHBENSEHEL ZCEICEIDENDTZEEASNSD. 57, 58
(SX T DIEDHAHTRIRIEH 6.1 DL IRMUERRICEDEFERL VL. M 6.2 DIFEIL,
EMNCZREBICH T DIOREFIARES, BFFEION T IDBUEIINET<7ES.

o®
® Y 3
&
X )
o
HEEZTEOEH AR
ZBROES

(> o#fE : X

¥ 6.1: %/EULJTL\T

it

&

5 HJFEEDIEHIAR
F=HEOES
(> orifdE - )

& BFREDEDIAHRIRDAER R
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6.2: HEDZFHRE L BREDEDAHKRRDAER R

UNUERRIIAZIEE 6.2 DK DIRMUBERBERICR DTV EZEEZOSND. HDLOIR
HalE, ZREICHTDIOREE BEEICT T I EUBEICKIEVFELURV. SVHA
NIX ZREICOH T E2DHEEEREICH T D0EIIRKERETHD.

6.2 EHIAAFRIREDIITIEERE

EBERDILNYZHEEET S720IC, BERT BB ASNSXIRETE w ICXHT DIEHIAH
T ew DEEADERTICH U TEDERREEKSD, TDFEDERZRIEL. &R%E
6.3 &£ 6.4 ITRIN, EBHAAKRIVEDIIIEEREICRAL CEERFEERFBR TIEKR
IREFEU TR,

AR X ClIIFEZRDLNY EBDAARTDAERR TS EMNTEDEEZ TV,
BRAICIEENNTETVGRN. [REEUTUTD3DONEZ5NS.

1. BEROISRAININENEIFRS 7N
BZE w DABIZES T, BERT IMOEHAEIND w DIBHIAHEKRIR erw DESZE
Y, ZTHBISRIVITITNIEERN IS AINMERINS.
L), COEBRDISRAINMNEWIEZREL TV, BHRE w [CHUTIE ew
DEENERNISRAYBRERTEITRDN, FIEOERRITZORTINE
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BHEE Gl B 54 Eaki EE fitg
T HEUE 197.07 241.28 112.96 213.29 179.72 172.50
P14 B e 19.97 22.09 15.08 20.72 19.01 18.70
6.3: ZFEDIBOHIAAHRIRED IR
H3E A Bk B i AR
Sy Bl 163.81 162.73 204.19 162.00 189.38
) PR 18.21 18.06 20.33 18.21 19.75
6.4: BEIEDIBEHIAHFRIRE DR
[CINE LTV EZERUTULS.
2. BERDIVS AN KT VEIEZRS L
EEDITAINGDIREDAKESEZR>TWELTE, BEDIVSXYHEER

w [T D ew DEEDDIBEIFIKRELEBDILT THS.

), COERD VS AIEERNARETVNEFRL LV, UNUATEDERT (X
ZTDELDRFRIEITTINGE DTz,

K, BROIUSAYEERIIFERDERICXHIGLTVWSDT, TNSDET S
HENBY, —FRICAT VW E(EBRS L.

=N ZAWS/EEABINSREICE O TVWRVWAREEH D
AERCAVWVEZREIINU TCERICERDPES DA EIRETE TV SN ZEMHER

TETTLVRL,
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FEED 3 SIS, TEZTE BERT AT SEDAARIRBARDNERERIFELT
WBDHEDIHEESZDIHNENGSD. BERT (&, A3K, ERELY XU ZFIAL CTFine-
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from __ future__import absolute_import
from _ future__import division
from _ future__import print_function

import codecs
import collections
import json

import re

import modeling
import tokenization
import tensorflow as tf

14 flags = tf.flags

15

16

17

18

19

20

21

FLAGS = flags.FLAGS
flags .DEFINE_string("input_file", None, "")

flags . DEFINE_string("output_file", None, "")

22 flags.DEFINE_string("layers”, "-1,-2,-3,-4", "")

23

24 flags.DEFINE_string(
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25 "bert_config_file", None,

26 "The_config_json_file_.corresponding_to_the_pre-trained_BERT_model._

27 "This_specifies_the_model_architecture.")

28

29 flags.DEFINE_integer(

30 "max_seq_length", 128,

31 "The_maximum_total_input_sequence_length_after WordPiece_
tokenization. "

32 "Sequences_longer_than_this_will_be_truncated, and_sequences,,
shorter_"

33 "than_this_will_be_padded.")

34

35 flags.DEFINE_string(

36 "init_checkpoint", None,

37 "Initial_checkpoint_(usually_from_a_pre-trained_BERT_model).")

38

39 flags.DEFINE_string("vocab_file", None,

40 "The_vocabulary_file_that_the_BERT_model_ was_
trained_on.")

41

42 flags.DEFINE_bool(

43 "do_lower_case", True,

44 "Whether_to_lower_case_the_input_text. Should_be_True_for_uncased."

45 "models_and_False_for_cased_models.")

46

47 flags.DEFINE_integer("batch_size", 32, "Batch_size_for_predictions.")

48

49 flags.DEFINE_bool("use_tpu", False, "Whether_to_use_TPU_or_.GPU/CPU.")
50

s1 flags.DEFINE_string("master", None,

52 "If .using_a_TPU,_the_address_of_the_master.")

53

s4flags.DEFINE_integer(

55 "num_tpu_cores", 8,

56 "Only_used._if ‘use_tpu‘_is_True._Total_number_of TPU_cores_to_use."
)

57

ss flags.DEFINE_bool(

59 "use_one_hot_embeddings", False,

60 "If_True,_tf.one_hot_will_be_used_for.embedding_lookups,_ otherwise_
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61

62
63
64

"tf.nn.embedding_lookup_will_be_used..On_TPUs, _this_should_be_True_

"since_it_is_much_faster.")

65 class InputExample(object):

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

def __init_ (self, unique_id, text_a, text_b):
self.unique_id = unique_id
self.text_a = text_a
self.text_b = text_b

class InputFeatures(object):

rrreer

"4 single set of features of data.

def __init__ (self, unique_id, tokens, input_ids, input_mask,
input_type_ids):
self.unique_id = unique_id
self.tokens = tokens
self.input_ids = input_ids
self.input_mask = input_mask
self.input_type_ids = input_type_ids

def input_fn_builder(features, seq_length):

nreeee

"""Creates an ‘input_fn‘ closure to be passed to TPUEstimator.

all_unique_ids = []
all_input_ids = []
all_input_mask = []
all_input_type_ids = []

for feature in features:
all_unique_ids.append(feature.unique_id)
all_input_ids .append(feature.input_ids)
all_input_mask .append(feature.input_mask)
all_input_type_ids.append(feature.input_type_ids)

def input_fn(params):



DE

34

99
100
101
102
103
104
105
106

107

108
109
110

112
113
114
115
116
117
118
119
120
121
122
123
124
125
126
127
128

129

""" The actual input function.””"”

batch_size = params["batch_size"]

num_examples = len(features)

d = tf.data.Dataset.from_tensor_slices({
"unique_ids":
tf.constant(all_unique_ids, shape=[num_examples], dtype=tf
.int32),
"input_ids":
tf.constant(
all_input_ids, shape=[num_examples, seq_length],
dtype=tf.int32),
"input_mask":
tf.constant(
all_input_mask,
shape=[num_examples, seq_length],
dtype=tf.int32),
"input_type_ids":
tf.constant(
all_input_type_ids,
shape=[num_examples, seq_length],
dtype=tf.int32),
})

d = d.batch(batch_size=batch_size, drop_remainder=False)
return d

return input_fn

130 def model_fn_builder(bert_config, init_checkpoint, layer_indexes,

132
133
134

135
136

use_tpu,
use_one_hot_embeddings):

"""Returns ‘model fn‘ closure for TPUEstimator.”"""

def model_fn(features, labels, mode, params): # pylint: disable=

unused-argument
"""The ‘model fn‘ for TPUEstimator.”"""
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137
138
139
140
141
142
143
144
145
146
147
148
149
150
151
152
153
154
155

156

157
158
159
160
161

162
163
164
165
166
167
168
169
170
171
172

173

174

175

unique_ids = features["unique_ids"]
input_ids = features["input_ids"]
input_mask = features["input_mask"]
input_type_ids = features["input_type_ids"]

model = modeling.BertModel(
config=bert_config,
is_training=False,
input_ids=input_ids,
input_mask=input_mask,
token_type_ids=input_type_ids,
use_one_hot_embeddings=use_one_hot_embeddings)

if mode != tf.estimator.ModeKeys.PREDICT:
raise ValueError("Only_PREDICT_modes_are_supported:_ %s" % (mode))

tvars = tf.trainable_variables()
scaffold_fn = None
(assignment_map,
initialized_variable_names) = modeling.
get_assignment_map_from_checkpoint( tvar
s, init_checkpoint)

if use_tpu:

def tpu_scaffold():
tf.train.init_from_checkpoint(init_checkpoint, assignment_map)
return tf.train.Scaffold()

scaffold_fn = tpu_scaffold
else:
tf.train.init_from_checkpoint(init_checkpoint, assignment_map)

tf.logging.info("****_Trainable_Variables_****")
for var in tvars:

init_string = "
if var_name in initialized_variable_names:

init_string = ", _*INIT_FROM_CKPT*"
tf.logging.info("_name_=_%s, shape_=_%s%s", var.name, var.shape

init_string)
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176

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
204
205
206
207
208
209
210
211
212
213
214
215
216

all_layers = model.get_all_encoder_layers()

predictions = {
"unique_id": unique_ids,

for (i, layer_index) in enumerate(layer_indexes):
predictions["layer_output_ %d" % i] = all_layers[layer_index]

output_spec = tf.contrib.tpu.TPUEstimatorSpec(
mode=mode, predictions=predictions, scaffold_fn=scaffold_fn)
return output_spec

return model_fn
def convert_examples_to_features(examples, seq_length, tokenizer):
""" Loads a data file into a list of ‘InputBatch ‘s."""

features = []
for (ex_index, example) in enumerate(examples):

tokens_a = tokenizer.tokenize(example.text_a)

tokens_b = None
if example.text_b:
tokens_b = tokenizer.tokenize(example.text_b)

if tokens_b:
_truncate_seq_pair(tokens_a, tokens_b, seq_length - 3)
else:
# Account for [CLS] and [SEP] with "- 2"
if len(tokens_a) > seq_length - 2:
tokens_a = tokens_a[0:(seqg_length - 2)]

tokens =[]
input_type_ids = []
tokens .append("[CLS]")
input_type_ids.append(O)
for token in tokens_a:

tokens .append(token)
input_type_ids .append(O)
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217
218
219
220
221
222
223
224
225
226
227
228
229
230
231
232
233
234
235
236
237
238
239
240
241

242
243
244
245

246

247

248

249

250
251
252
253

254

tokens .append ("[SEP]")
input_type_ids.append(0O)

if tokens_b:
for token in tokens_b:
tokens .append(token)
input_type_ids.append(1)
tokens .append("[SEP]")
input_type_ids.append(1)

input_ids = tokenizer.convert_tokens_to_ids(tokens)

input_mask = [1] * len(input_ids)

# Zero-pad up to the sequence length.
while len(input_ids) < seq_length:
input_ids .append(O)
input_mask .append(O)
input_type_ids.append(O)

assert len(input_ids) == seqg_length
assert len(input_mask) == seq_length
assert len(input_type_ids) == seq_length

if ex_index <5:

tf.logging.info(

Wk

_Example_***")

tf._logging.info("unique_id: %s" % (example.unique_id))

tf.logging.info("tokens:_¥%s" % "_.".join(
[tokenization.printable_text(x) for x in tokens]))

tf.logging.info("input_ids: %s" % "_".join([str(x) for x in
input_ids]))

tf.logging.info("input_mask:_%s" %

—_ -

join([str(x) for x in

input_mask]))
tf.logging.info(

"input_type_ids:_%s" % join([str(x) for x in

input_type_ids]))

—_ -

features.append(
InputFeatures(
unique_id=example.unique_id,
tokens=tokens,



DE

255 input_ids=input_ids,

256 input_mask=input_mask,

257 input_type_ids=input_type_ids))
258 return features

259

260

261 def _truncate_seq_pair(tokens_a, tokens_b, max_length):

262 """Truncates a sequence pair in place to the maximum length."""
263

264  while True:

265 total_length = len(tokens_a) + len(tokens_b)
266 if total_length <=max_length:

267 break

268 if len(tokens_a) > len(tokens_b):

269 tokens_a.pop()

270 else:

271 tokens_b.pop()

272

273

274 def read_examples(input_file):

275 """Read a list of ‘InputExample’s from an input file."""”
276 examples = []

277 unique_id =0

278 with tf.gfile.GFile(input_file, "r") as reader:

279 while True:

280 line = tokenization.convert_to_unicode(reader.readline())

281 if notline:

282 break

283 line = line.strip()

284 text_a = None

285 text_b = None

286 m = re.match(r"AC*)_¥|¥|¥[|_.(.*)$", line)

287 if m is None:

288 text_a = line

289 else:

290 text_a = m.group(1)

291 text_b = m.group(2)

292 examples .append(

293 InputExample(unique_id=unique_id, text_a=text_a, text_b=
text_b))

294 unique_id += 1
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295

296

297

return examples

298 def main(_):

299
300
301
302

303

304
305

306
307
308
309
310
311
312

314
315
316
317

318

319
320
321

322

323
324

325
326
327
328
329
330

332
333

tf._logging.set_verbosity(tf.logging.INFO)
layer_indexes = [int(x) for x in FLAGCS.layers.split(",")]

bert_config = modeling.BertConfig.from_json_file (FLAGS.
bert_config_file)

tokenizer = tokenization.FullTokenizer(
vocab_file=FLAGS.vocab_file, do_lower_case=FLAGS.do_lower_case)

is_per_host = tf.contrib.tpu.lnputPipelineConfig.PER_HOST_V2
run_config = tf.contrib.tpu.RunConfig(
master=FLAGS . master,
tpu_config=tf.contrib.tpu.TPUConfig(
num_shards=FLAGS .num_tpu_cores,
per_host_input_for_training=is_per_host))

examples = read_examples(FLAGS.input_file)

features = convert_examples_to_features(
examples=examples, seq_length=FLAGS.max_seq_length, tokenizer=
tokenizer)

unique_id_to_feature = {}
for feature in features:
unique_id_to_feature[feature.unique_id] = feature

model_fn = model_fn_builder(
bert_config=bert_config,
init_checkpoint=FLAGS.init_checkpoint,
layer_indexes=layer_indexes,
use_tpu=FLAGS.use_tpu,
use_one_hot_embeddings=FLAGS . use_one_hot_embeddings)

estimator = tf.contrib.tpu.TPUEstimator(
use_tpu=FLAGS.use_tpu,
model_fn=model_fn,



DE

334 config=run_config,
335 predict_batch_size=FLACS.batch_size)
336

337 input_fn = input_fn_builder(

338 features=features, seq_length=FLAGS.max_seq_length)

339

340  with codecs.getwriter("utf-8")(tf.gfile.Open(FLAGS.output_file,

341 "w")) as writer:

342 for resultin estimator.predict(input_fn, yield_single_examples=

True):

343 unique_id = int(result["unique_id"])

344 feature = unique_id_to_feature[unique_id]

345 output_json = collections.OrderedDict()

346 output_json["linex_index"] = unique_id

347 all_features = []

348 for (i, token) in enumerate(feature.tokens):

349 all_layers = []

350 for (j, layer_index) in enumerate(layer_indexes):

351 layer_output = result["layer_output_ %d" % j]

352 layers = collections.OrderedDict()

353 layers["index"] = layer_index

354 layers["values"] = [

355 round(float(x), 6) for x in layer_output[i:(i + 1)].
flat

356 ]

357 all_layers_.append(layers)

358 features = collections.OrderedDict()

359 features["token"] = token

360 features["layers"] = all_layers

361 all_features.append(features)

362 output_json["features"] = all_features

363 writer.write(json.dumps(output_json) + "¥n")

364

365

366 if _ name___==" main ":

367  flags.mark_flag_as_required("input_file")

368 flags.mark_flag_as_required("vocab_file")

369  flags.mark_flag_as_required("bert_config_file")
370 flags.mark_flag_as_required("init_checkpoint")
371 flags.mark_flag_as_required("output_file")

372 tf.app.run()
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BIEUTEINEZT71ILDTF RN S Mecab ik BERT (K DEEEDIEHAAKIR
% json J71IVICHALET, ETIVBERT DYV —XI—R% A.2 [IRY.

V—2—R A.2: bert-each-layer.py
1 #//usr/bin/python
2 #-*- coding: utf-8 -*-
3

4 import sys

5 import numpy as np

6 import torch

7 from transformers import BertConfig, BertModel, BertTokenizer,
BertJapaneseToke$

8

9argvs = sys.argv

10argc = len(argvs)

11

12 target_word = argvs[1]

13 sentences_file = argvs[2]

14 f = open(sentences_file,’r”)

15 sentences = f.read().strip().split("¥n’)

16sennum = len(sentences)

17 f.close()

18

19 config = BertConfig.from_json_file(’/home/data/bert/tohoku/config.json’
)

20 config.output_hidden_states=True

21 model = BertModel.from_pretrained(’/home/data/bert/tohoku/pytorch_model
.bin’,co$

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

23 target_word_id = tknz.convert_tokens_to_ids(target_word)

24

25 allvec = np.zeros(12*sennum*768).reshape(12,-1,768)

26 mvec = np.zeros(12*768).reshape(12,768)

27

28elenum =0

29 for sentence in sentences:

30 ids = tknz.encode(sentence)
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31
32
33
34
35
36
37
38
39
40
41

42
43
44
45

46

if target_word_id inids:

target_index = ids.index(target_word_id)
else:

continue

ids = torch.tensor(ids).unsqueeze(O)
model.eval()
with torch.no_grad():
a = model(ids)
for i in range(12):
lay =i - 1
vec = a[22][lay][O][target_index] -numpy()
allvec[i][elenum] = vec

mvec[i] += vec
elenum += 1

47 mvec = mvec / float(elenum)

48

49 for lay in range(12):

50

51

52

53

54

55

vsum = 0.0

for ele in range(elenum):
d = allvec[lay][ele] - mvec[lay]
vsum += sum(d**2)

print(lay,vsum/elenum)

BERT M /1T3 3 json T7MILHS FEDEREEICXT T DIRDAHARITDANI IV
EZRUYHETY—XO—R%E A3 ITRY.

YV —XJ—RK A.3: features.py

1 import pandas as pd

2 import numpy as np

3
4
5
6
7

8

with open(’all_12.json’, ’r’) as json_file:

Ist =[]

for i, line in enumerate(json_file):
ds = pd.read_json(line)
for feature in ds[’features’]:
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9

10

11

12

13

43
if feature['token’] == "B#&E’:
v = feature[’'layers’][0]['values’]
Ist +=[v]
break

14 np.save(’seiseki_features12’, np.array(lst))

DEUEZETE T DY —RXI—R% A4 TR

J—XO—F A.4: var.py

1import numpy as np

2word_list=[]

3

4

5

N O

20

21

22

23

24

25

26

word1=np.
word2=np.
word3=np.
word4=np.
word5=np.
word6=np.
word7=np.
word8=np.
word9=np.
word10=np.
word11=np.
word12=np.
word_list
word_list
word_list
word_list
word_list
word_list
word_list
word_list
word_list
word_list
word_list
word_list

load(’ishiki_features1.npy’)
load(’ishiki_features2.npy’)
load(’ishiki_features3.npy’)
load(’ishiki_features4.npy’)
load(’ishiki_features5.npy’)
load(’ishiki_features6.npy’)
load(’ishiki_features7.npy’)
load(’ishiki_features8.npy’)
load(’ishiki_features9.npy’)
load(ishiki_features10.npy’)
load(’ishiki_features11.npy’)
load(’ishiki_features12.npy’)
-append(word1)

-append(word2)

-append(word3)

-append(word4)

-append(word5)

-append(word6)

-append(word7)

-append(word8)

-append(word9)

-append(word10)
-append(word11)
-append(word12)

27 mean_word=[]

28 var_imi=[]
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20 for i in word_list:

30
31
32
33
34
35
36
37
38
39
40
41
42

43

mean=np .mean(i,axis=0)
mean_word . append(mean)
var=np.var(i,axis=0)
var=np.sum(np.power(np.linalg.norm(i-mean,axis=1),2))/20
var_imi.append(var)
mean_word=np.array(mean_word)
mean=np . mean(mean_word, axis=0)
ave=np.sum(np.power(np.linalg.norm(mean_word-mean,axis=1),2))/12
var_imi=np.array(var_imi)
A=np.mean(var_imi,axis=0)
answer=A/ave

with open(’ishiki_var’,’w’) as f:
f.write(str(answer))

TIEZEEETDY—RXI—R%E A5 (TRT.

—XO—F A.5: average.py

1import numpy as np

2word_list=[]

3

4

5

word1=np.load(’seiseki_features1.npy’)
word2=np.load(’seiseki_features2.npy’)
word3=np.load(’seiseki_features3.npy’)
word4=np.load(’seiseki_features4.npy’)
word5=np.load(’seiseki_features5.npy’)
word6=np.load(’seiseki_features6.npy’)
word7=np.load(’seiseki_features7.npy’)
word8=np.load(’seiseki_features8.npy’)
word9=np.load(’seiseki_features9.npy’)
word10=np.load(’seiseki_features10.npy’)
word11=np.load(’seiseki_features11.npy’)
word12=np.load(’seiseki_features12.npy’)
word_list.append(word1)
word_list.append(word2)
word_list.append(word3)
word_list.append(word4)
word_list.append(word5)
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20 word_list.append(word6)
21 word_list.append(word7)
22 word_list.append(word8)
23 word_list.append(word9)
24 word_list.append(word10)
25 word_list.append(word11)
26 word_list.append(word12)
27 mean_word=[]

28 #var _imi=[]

29 for i in word_list:

30 mean=np .mean(i,axis=0)

31 mean_word . append(mean)

32 Hvar=np.var(i,axis=0)

33 #var=np.sum(np.power(np.linalg.norm(i-mean,axis=1),2))/20
34 #var_imi.append(var)

35 mean_word=np.array(mean_word)

36 mean=np.mean(mean_word, axis=0)

37 ave=np.sum(np.power(np.linalg.norm(mean_word-mean,axis=1),2))/12
38

39 with open(’seiseki_ave_result’,’w’) as f:

40 f.write(str(ave))
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