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Abstract

In recent years, the pre-training models has greatly improved the perfor-
mance of machine learning systems. BERT, a pre-training model, can process
a variety of natural language processing tasks with high performance by pre-
training on a large corpus and finetuning with downstream task data.

Japanese sentences as input to BERT are split into Token units by morpho-
logical analysis and BPE. The Tokens are each converted to the corresponding
token embeddings and input to the following Transformer layers. The core of
the Transformer layer is the Multi-head Attention model. It outputs vectors
that embed the relationships between tokens. The model is pre-trained by two
unsupervised tasks: Masked Language Model and Next Sentence Prediction.
The pre-trained model outputs contextualized word representations.

However, since BERT processes at the Token level, it is difficult to learn
unknown words that are split by the BPE or representations that consist of
multiple words. Training such a representation can be solved by expanding
the BERT vocabulary with a token embedding that is trained as a single to-
ken. The purpose of this paper is to establish a method for constructing token
embeddings of additional vocabulary in the vocabulary expansion of BERT for
such multiple words. In the proposed method, the token embedding of syn-
onyms is added to BERT as an approximate token embedding of the additional
vocabulary, assuming domain adaptation with additional pre-training.

In the experiment, we expanded the vocabulary of 20 words that appear
frequently in the Amazon review corpus and infrequently in the Wikipedia pre-
training corpus. In addition to the proposed method, we conducted vocabulary
expansion experiments on the static word representation method, the mean
vector of subwords method, and the BERTRAM method, respectively, and
evaluated them by the prediction accuracy of the added vocabulary by MLM.
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HATFEET ML, ZLOBASENES 27 208 RER A EXE TV [1] [2]. il
YHEETNO—DTH S BERT [3] I, Transformer [4] €7 /LD Multi-head Attention
ZZEICHAERLETVTH YD, ATJHEEINIH T 230k %e # & L 7= BB DA A K
e 52280 TES.

FHIFEEET VX, KB - (X THAEE LEET AV ZICH X R 7 57— &IZ#EH
TBH5IET, RABIHZ A7 Z2EREICLET 2. 2oMHEE, JBHXZAZD XA >
DHEAFE LA —RRAD FXA Ve RESERD L, IWHER I 2R RBEIEL K5
TRWEIBGE G D FEDFEE T 5. Gururangan & [5] 1%, HFIFHE €7 /L2 HEGEG X €
%FHr LT, Domain-Adaptive Pretraining (DAPT) & Task-Adaptive Pretraining
(TAPT) OZ2%#RELTW3. ZOZODFRICHE U BE LML, WHXAZ K
AA Y DA—NRATEMOFHFEEEZITH I8 THS. DAPTIIEHXRAZ FXA Ui
JR B U - Zii7a LORER =R ZHWTEEZITS DXL, TAPT (2 DAPT
CHBUTRXRAZIZEDEE L, XD/NERa— 1 XT¥E%2ITS5. Gururangan 5
¥ RoBERTa T3 & FHii 21T > TWd 2%, BERT THAUIICHAX R Z KX A4 D a—
2R ZUTHK LT Masked Language Model 2 & 2 BIIEERTZEE 2 F4HUT K.

HATPAEE TV ORBGESOMEIL, FBRICOBND. HFEEETLOW S R,
HATFEE L a— S RAKEL CGRES NS, RN BERT €7 VOREREX, FHHiY
Ba— AN T 25BEDNORET 2. ZDD, ICHER Y 7 —XIZHEE DFERIC
DWTE, FRIEEET AR ZeNTET, B@YILREEBITARV. JSHEXR 77—
KIWZHN ZFERICHEIST 572D, FRRENRT 20EIDH 5. HRFEET VDHE
BRI B 2 RERE DILRFIEIC OV T, Yao 5D Adapt-and-Distill [6] %, Hong &
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® AVocaDo [7], BERTRAM [8] ¥ \\ o 72W%h3d 5.

HRHFEIZOWTIE, ERED X S ICEAMICITEVEECUE T 2 Z 2B TERWVA, &
Y72 BERT CEATRERR D RFFE L LT T 5 Z i3 LW, BERT NO AN X
&, TEHREEMMT ¥ Byte-Pair Encoding 1 & - T/ H| X 17z Token Hfi TUIH X 3.
UKD, REGEDBEAIOEBOEICHBINTUWHINS Z 2T, DPRVIEERTS
COHGEZMMTE 2. L L BERT @ & 5 BHFIFEET ML, Token L ILDRH
ZHET 57010, BROBTHRSN2EEECEAR, (ORI EETLL
BREETH 2. (M1.12R) flZE, Ak E WS BEEEICOWTUET 2 ¢ %, T1)
Tl THH#D) D 3 DD Token I3 EI XN, ZH2h Token L~V TR ITHN
%. ZDO¥r %=, BERT E7WZ Token IO FHRNCOWTIIEMEIITO 2N TE S
728, 3Token DN—D®d Token 25 MASK L7z LTH, THINAIGETHS. L1
L, TR0 T4 T#4#R) @ 3Token 2 T% MASK L7855, BERT €7 /U TR
Py 2 LTORRZEE L TWARWED, 1 D0 Token # Tl 2354 L LERTFHlD
W75, 2D XS REHE—DOD Token ¥ LTKZIZ, #YIRTHAAREIICKR 3.

BHOBTHRINZ YT 4 74 OHDIAARBREEE T 22D 0HMEEET
L LT, LUKE [9] 2% %. LUKE 1%, ##% ® Token DM &AARE & 13HlIc =
VT AT ADRDODEDIAARBEZHEL, BHED Token L TV 7 4 7 4 [HOBFRL
Entity-aware Self-attention IZ & > CTET UMb - F#H T 5. 72721, BFOFEMFEET
NELYT 4T AT 2 FETIERL, LUKE R YT 4 7 4 2280 gE R /- 7
HYPFBETATH 720, KB — Rk 253X N ENYE2ET 3.

AT, HAFEEEA BERT EFMICBWTHEELD Token THREL XN 2352 M5
IZ LTRBRIRZAT O RO, BINFERDOHDIAARBOMEFIRICOVWTIRET 5. 38
FILRTIE, BIGFEROMDAAKREEZB/Z e TERR IV, JEHERZ F—&IC
Lo TEMOHEFY¥EE 2TV, FAIEERAE TV EHEEICE 2 2 Z2Hifi L Th
X, Z ORI TEMEROELINZHEDAARIZEBML TS, WYL EHIARET H
2rEZD.
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2.1 NLPICHIT3MMEEF L BEEEDHIAHRIA
2.1.1 SVM & RNN

EAS 3B (Natural Language Processing, NLP) 12BWTIE, fEk & b K-S
R UI2Z A AT APRERINTE . FlZE, NLP A7 D—2TH5X
EBICHA SN MR TIEL LT, K- bRZX—<> ¥ (SVM) HELHS
NTW3. SVM &, h—3V bV v 22k o CIERERMEZ T E 2 Z & 2R OM
WA EFETDH 3.

F7z, XERHPEBLLTORRIMNER: LTHKS 2 2E2E, RNN 20T
%. RNN IZHRNR =2 -1y bV —2ThhH, RRIEHZ LT = 2 #iN7H
ETNVTH L. BIZIX, A 2o KWL TRORINERTH % x1 2 FHlIT 5 K 5 ICHHE
MREFET 2 LA TE S, AREEFWMCHE VT, B w,(t € {0,1,2,...,n})
BhEZoNe =, BBV OERERDPSFTHEERD XS ICETNMET 5.

P(wo,wl,wg,...,wn) —P(wO)P(w1|w0) ~P(wn|w0,w1,'~ ,U)n_l) (21)
logP(w ZlogP Wi |Wet) (2.2)
t=0

RNN B ZDEILRBHEETNZEETHIEHNTES. HENRICHZAZICEAT 5
RNN €712 LTE, ZORBFETH S LSTM ABLL MR TWS. LSTM iZmnwE
BhER RO D ICUHEEEB VR D 5. Zhucx LT, REH XD b UUEHEE
2N RNN EF 12 LT GRU 235 3.



2.1.2 BoW & TF-IDF

—/iT, HASHEEMMEEET VTR HE, E7T ML TED XS Rk MEzE AT)
ETEDIEICHEL 25, HECERREOBANE BVl 5YITH 5 HASER, Z
NZFTEATREIR AR Y P IVICEIT 2 08 0D 5. b HANZL T LT Bag of Words
(BoW) 3% 5. BoW 1%, XEHFAFICHHR T2 HBEOHE LR ML T2 ML TDH 5.
NEFIHIE T2 HEN ZOXEFE 2R LTRHEINS. LrLZDHETIE, £
ONETHHLTLRW, XFZRHEOT2HEL LTI ETDLLRWVEED HELRHEGEL
LTRIHASNTLEOSMED DS, TG LRI LT TF-IDF 3% 5. TF &
Token frequency TH b, BoW k[Fltk, HFEDHETH 5. IDF i Inverse document
frequency TH b, HAFETIIHXEHEZ L SbNS. L, EXFEPICHLHEEZE
OCXEOHEDHHER 72D THY, ZLOXFIHE T ECERWHEZL 2.
ML oT, ZLOXFBIHRLEEZRHEOT 2 HEEL L THETIEZRWEEIIHN LT
&, ZOHEEEZ TIF2 L5 1RBSNS. XE BT 2HEt ORBBE ny g, E
dZBI2E2TOHEY € d DHBEE Y, cyne g, EXERZ |D|, HiEt 250E
Be |{de D:det)| t32L %, TFIDF 3XATEYES.

tFidf(t,d, D) = tf(t, d) - idf (t, D) (2.3)
tf(t,d) = 55;%?%%;:; (2.4)
D)

idf (t, D) = log

{d e D :det}
B, ERAMZ0REZBI 2RELT20ENH 5. Lo TF-IDF O TidH
FICTHEE LR VWHEE L IZOWTEE T 255, idf HOZTRHNZ 0 &7 D 0 RESFEET
5. Fie, RTOXEICHERT 2HEOHE, A ED 0122 D tHEIBRETERIR
%. Python OftFE 7 4 77V TdH 5 scikit-learn TIX, T 5 DEEINIEGL T idf
EZRXAD LS ICERLTWVS.

1+ |D|

idf(t, D) =log i e b d e )

+1 (2.6)

BoW % TF-IDF 3 XEZRHTEZRZ b TH . ZHICH L THERZRYZ FILT
FKITFEL LTIE, one-hot REDDH 2. T, ROFEEEZRT MLOZEZRICE DY
T, HEBIINIGT A RITTDEZEDA 1, ZHUNDRITTOERE R 0 £t TEHRHTH 5.



H2E  BHEE 10

BoW % TF-IDF, one-hot BRI X 27 MU, HEEE DTS RITED K X VB
N7 MV RBFHEDD 5. @RITTRZ ML RE UEMEE T, ZoTobiviz
Ko THEEMPNEICR D, WYNWHE ST 2 Z e B TERW.

2.1.3 Word2Vec

ERTCD RN b T & 2 RITDOWIN D RTEIZLT 5 72D IiE, [KRITTRER T R v
WEoTHASHEEZRIDELRD . TD L5727 MLERHE LT Word2Vee D X 5
BROMRBADB LS ONTWS., DEERBIZHEEZ XD P AZERICHDIAATZRIATDH
ZEED S, HEEHDAARI Y BN S, HHIEIIE Word2Vec Df1ic b, fastText
2 GloVe R EDD 5.

Word2Vec 1%, HEEDOEMRIZZ DHFEORAPIC M T 2 HEIC Lo TIRESN S LW
I DRI EE DK EF L TH S, Word2Vec LIAMZ S, HEBEEERXITTDE RS M LT
RTHFEBEHOIAARBDZ {1X, ZOFMAREFHIZHEDOVWTWS. Word2Vec 12 & % 77
KB, =2—F NIy VI TERINLETAEFETEZILTHLIZENTE
%. Word2Vec &, skip-gram ¥ CBoW (Continuous Bag-of-Words) @ 2 ffHD €T
DGV SHNS. skip-gram &, HEEFIDH 2 HEEEZ AT L LIz &, ZORIRIHGE
FHIT 2 X 5IEEEITS. ZHUSKHR LT CBoW i, skip-gram & A HSIBER255 & 72
5. BIRBEGEDP S, =2y e RJZEFBETUT 25188 T2. wihdb=a—
Nty b7 —2 OMBE A2 SHREEAH T 225G e, TEE» S FHEAD
RGP 585, AJNIHEED one-hot REITEZ S5, & Softmax BIEUE i@
L CHBEDOMENRRAa7 e LTSI, 2EE, 710 E one-hot &
RTEZONBEMINNVEDORELY P —HEZR/MLT 2 X512 ETS.
DES XL TELNLFAEFAET VOIS 2 FHEEIIGT 2 HEERED, HiEDD
BRI 725, CBoW &R L T skip-gram O /7 2338 H HEE T RIS EHEREICB W TE
WHEETTZE T2 TE5. LaL, skip-gram FEHHE 3 2 F DEW softmax B
BOWNFDZ N, CBoW O EHICEE 2175 Ze N TEHHE2DH 5.

Word2Vec T & 2 7 BIRBIOREIIIMEMEECH 2. HIZE, THA) & TEH) O
THRERBZ A L TR o2 0HEERIE, THRE OBER L SWELME2HED. Lk
35T, Word2Vec IZ & 3 7 BIRBUIHIEM OBGRERBTE 288 2D,

Word2Vec D8 7 — 213, HEEO—RIZEHRET Z HoA T /DI, KEsa— <
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ATHEETS. ZDES XL TRONEFEEHFAOTHEIRZ, LSTM THKE NS
EOBEMAEETNADANE LTHWT, X—=F v P RBZICHEZRZ T—XIZX -5
TETNAEZHEETS. ZOXIBRFHIIBBEHDO—DOTHS. ZDL5IZ, ISHEKXX
75— R DB ORI TR o — S 2T X 3 HFEE 2TV, WHE A7 ICEH S
25T E, HHFEEET LR, Word2Vec 13 Z DA THEIEEET L E
MRZENTES.

THRBIE, ZRZNOHGFEISN L T —THIGT 2 H—DEREKBEZ2#E 3 5. L
D UFEROHEEZ, UK TEBOERZELT. HIZIE TR W HEETHIUE, B
VIDORDGEDMIZ, A4 DERSIFET 5. DX 5 RERHOER L FOHEE I
LT, Word2Vec D X9 R ETIIN TR TERWV., BROEBELZFHOFELIET 2
RAZNZ, BRBERIEMRE & XN 5.

2.1.4 ELMo

PRI R IO L U CHEEI D IAA R L IS 3 2 Fike LT ELMo [1] 235 5.
ELMo &, HFEIIH L T—X—THInT 2 EREB 2 HDALDTIER L, ZOHGEN
MRS 2 XIRICHKTE L TELT 2 HOIAARBIZ 1T 5. 20X 5 REDIAARIIZ
XHRA BEE I A A KB (contextualized word representation) & FEX 5. CAR{LH
FEHLDIAARBUINT LT, KD Word2Vec @ & 5 1A ARBUIERIY 72 BGEE A
ARBLE TIN5 .

ELMo &, MAOD LSTM EF WIS &k o T¥E T 5. LSTM X, FERVIIER%ZZEX
WIS 2 RNN E7LVDRMED S, RANT — X2 BRI L IT5 2 e B TER.
HASHE I DM OBR» 5, & 2HFEIIH L TIEZ DRIROHEE DG HE
kb, BAAOUEDOATTS LSTM T, 2 HED RN L T2 DR D HEE
DAERMULANT 2 Z e TERY. B OHEAMIEREHDIATIE, BAHO
LSTM IZHNA T, Z0MAHOMUE%EFTS LSTM ZEBMTHELw. Zoksig, —
S® LSTM % W TG RO % 1T 5 € 7 Lid Bi-directional LSTM & FEIX 5.
ELMo &, Z® Bi-directional LSTM % ZBICHAERZETFLTH 5.

ELMo 12 & 2 HEEHDIAARKRENL, ZEICHEAER SN Bi-directional LSTM D&
O DEADTMER -7 DZHWV5.

ELMo Q%IRRT — R X 5o TTH HHIFEHETLVD—DOTH 5.
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ELMo 12 X 2 HiGEMDIAARBZ IO &2 2 7 1T 2 B1%, #EROEH 72 BEEH D
RAARBUCHIE L THWS. T X512, FHHFEE LT PARBETANDATINRY
FMLORHEE Y UGBS % FiklX, feature-based approach ¥ ME.

2.1.5 Transformer & Attention

INETERTH o7 RNN R=XDET /IR D D, Attention X—ZXDEFILH
HEHZED X o0 D—2IF, Transformer E7/VDIRRETH 5. Transformer 13,
Attention ETNAN—ZDEMBERDO /=D DET AL TH 5. TEROEIMEERPZ < DER
S Z 2 7 1A I N 2T 4 —F 7 —= v 7 ETFE, RNN % L <& CNN 2 W
LNTE/. LaL, Transformer EFMIZDESH S5 HHWTIZ, Attention ET L%
FUDMZET VML TV 5.

Attention € 7 VHAMKIZ, Transformer D2 5 BASTFEUBE X X 7 ITHEHA ATV
%. Attention ETNVDEZ X, HHME Query 2525 X, Query IZixd—HT
% Key 3K, Zd Key IZ0t3 % Value ZH 1T MBI R TLTH 5.

Transformer A D BA S BN 77 #TlX, Attention €7 /L% Seq2Seq €7 /LI
HIAATZET IV [10] DX KA SN TWS. Seq2Seq [11] 1FRINT— 2% A1 LTHRS
T—R2EHNTEETNTHD, BASENHEOEMEIER X 2 7 1EHTZ 5. Seq2Seq
¥ Encoder-Decoder ET7 /L& L THRINTED, E7/LD Encoder #77TATI & 7%
LHR5 T — &M DiAA, Encoder THOIAAZRT FLh 5 Decoder #f7 TH %R
AWK T 5. Z® Encoder-Decoder €7 /L DFEMAIZ LSTM THEXNS. ASHEE
B X LSTM O A e L, ANERIE AT HEEES OFRIR<EDS>Z KT MLk AT
3 3. <E0S>XZ FILA S D LSTM 1% Decoder & UL THEREL, LSTM O H f1 %2 XD
LSTM D AN § 25 Z e THABENZGE2 Z e TE 5. LSTM 7V THEES R
7z Seq2Seq DREKIE, BWRIITFT —&% LSTM IZANT 256, LSTM H»E# % R
Fced, AN7—2E L @Yz »ARECRs 28 TH5. 2D X5 REHEE
WXL L T, Attention €7V ZAHAIAA TS Seq2Seq 1%, AJIRFIEH%Z £ D Decoder
WASIT 2 LTINS, ERD Seq2Seq DEMIEHMEZL LSTM €7 L TH D,
Encoder 7° & Decoder I X3 57— &%, Encoder DRERINIHTL2HITDATH
5. ZHUZH LT, Attention ETFNZMHAIAAT Seq2Seq TIFRINDETD AN
35 LSTM O /1% Encoder 7> 5 Decoder 1252 5. Decoder 1%, #%&® LSTM @
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71 Encoder ®Hi /1% Attention EF VI ASI T 2. LSTM @ H /113 Attention @
Query & L TH X 54, Encoder D 11d Key, Value £ LTHEZHNS. ZHUZED,
Attention € 7 /L1Z Decoder ® LSTM D1 )7 =V & OREHEAEIZIL U 7z Encoder @
H1%15%. Decoder D&M HS11Z, LSTM OHS1 2 Attention EF L DH ) & &
BLERZ PV A L BREEOH 18725,

Transformer €71 D Attention &7 /L1%, Seq2Seq T X172 Attention ¥ 1Xi& -
7= HETHHEN TV, Transformer 1I2381) % Attention X, Self-Attention & FEZ4L
%. Attention ET VDAL, Query, Key, Value D 3 0H 503, ZD3DDANE
TRE—DORZ L2522, ZHICEk->T, RIUCHEINIBWTHEROBEGRZHD
AT N %G5 Z e TE S, 72 Transformer TlX, Z® Self-Attention % W4
FHE 3 % Multi-head Attention THK X 415.

Z ZC, Multi-head Attention IZDW T T/RT. Attention D Query, Key, Value
DI ODANTONVT, ZAZN Q, K,V £RT. &, HIEHDIAARED m KL T
H o723 5. Multi-head attention TlE m XITRZ L% dip(= m/k) RITIZ HEHi
TAMELEE T Q, K,V ZR 2NN L THET 5. Q,K,V OFERIZ di x dp DI
TEAEHATH|TdH %. Multi-head attention D A& n HD m RITXZ7 ML TH % 03,
DT DEMET n x dpy DITH X &, Q, K,V IZEIH n x dp DITHI
XQ, XK, XV »TZx%. Zho%z Q,K', V' £BZ, Scaled Dot-Product Attention
IZ& D self attention #1T75.

softmax (L\/Idij) v’ (2.7)
ZhUEn xd, OITHITH 5. FELOWHEZ kENITLTITS &, n x dy Q17505 k A
R Eh, TAHZMELTn xm OITHIMBERTE 5. 2z HIZFERTTITHIEZ
% Z & T Multi-head attention ®HHI2ESN 5.

RNN EF NV TRRINT — X2 BRI T 27012, KEaX MR KEro7. Zh
WX LT Self-Attention 12 & % Transformer € 7V TIERS 7 — & & Al 5| L AT HE 72 7=
O, EENENAIRETH D, F72, Transformer EFI/LTHW 2 HGEHDIAARIIL,
ERDE TV L FRRIC Word2Vec 72 & THATFEE 21TWHE S N mEEREZ w5
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2.2 BERT

BERT O D —o1%, HRiZEEEAD BERT £7 /L% finetuning § 37213 T, 4
REHRSEWE R 2 7 2 EfEE IR TE 3 2 TH 5. ELMo 1X, FRi¥EE LTS
ND % Word2Vee D X 5 7 BGREL & RIFRIC X R 7 B D 72 8 DIREKE T AND A
712 L THW3 feature-Based approach THH XN 2. ZiucxfLT BERT &, €7
NDRMBICXRZIHRAOSRKEEZ 1 BMA T, ETAEKE XA ZIEO 012
T E V. 20 X 5% FiE% finetuning approach & PR,

PERDBEAZIEWER RV %R T4 —T 7 —=V27F7WZ, Word2Vec D & 5 72
TEFRBL Y, EIZLSTM THI X2 X A 7 D€ 7LD T % AWV 2 HE D H -
72. BERT ¥, HFEMDAARTE L X2 7oA % —>DE 71V T, End-to-End T
FELUWHT 28 TES.

221 EFTIL

BERT OO e LT, XIRMLHEFEHDAARBZ M TE 2805 5. Rk
HEEHDIAARE R 1T 2ETLE LTX ELMo 23% %. ELMo & OEW\WD—DI3,
ELMo %3 Bidirectional LSTM Z&#EQ/ETALTH 2 Z 2iZxf LT, BERT €7 /LA
Transformer @ Multi-head Attention ZERQZET L THS Z & TH5. ELMo T,
WA TADOXAREIER T 27912, BAHO LSTM % 2 DU T 2 08 R H o7z, L
L, Multi-head Attention TIXWNAG ROz —EOUHCTESET 22N TX5. N
HEDXRE 1 ODDETILTRETEZZhD, 2O0DFETFTILOMAEDLETRET 3
HBEIDEORIENIELNS.

¥ 72 Seq2Seq T/RL7z & 512, ELMo THWHTWS LSTM X HEEM S RIEHET
H2HEFEZOMOEAGREEE TS Z L BWEEIC2 5. Multi-head Attention ZRH L 7
BERT T, & DIRHEHFHAOKFREGREZHEDAL I EHNTES.

222 ZHpFEH

Multi-head Attention T D ARZ E T 2 72 DIIFHEKLBEE (HRYEEE) » Tk
TARRELRD 5. [FAFEIC Multi-head Attention THAE X 315 Transformer ° GPT-2 T
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BERT

A Transformer

Layer[-1] F;éd
Layer[-2]

Forward

decoder

Multi- encoder

. Head
Layer(0] Attention SN

2.1: BERT O€ 7K

1, —IRINZEFEETND X SITRINT — X TH 5 BB Z IHICFHRIER TRD TN L
BRPD, =7 v P eR2BEEORGTHEEINEZ A X v 7ah, RGTHOXRZEH#HD
AT Z LIZLTWAS 7. SAUSH LT BERT 1%, Masked Language Model 12 & -
THAFE%1T5. Masked Language Model OEAMN2E 2 /1%, AJIHGEF| D HGE
BZRAZ LD MOHGBICE SR D T2 TRONS ) A X2 BARHGE» S,
TLOHGESNZ TRl 2 Z & THB. — kY% Masked Language Model 12813 % / £ X
ZETHIBEINE, ASIHEEYIO 15% 1 LT, KD XS REHTERT 5.

e 830% X, ¥k b —2 > TH 2D [MASK] ICEZXHLZ 5.
o 10% 1%, FVXLBHD =2 VITEEHZ 5.
o D 10% X, ZDXFKT.

ANBGEH "R X, SRAIRBREICEX>TI AR GATZHEEYE X HEE L 1T 57 A ¥
YT DEHEE m; THRT L X, Masked Language Model 13 XD & 5 12£E 5.

T
logP(x|xX) ~ thlogP(a:Aﬁ) (2.8)

t=1

Masked Language Model 23HGERI 2 HHliF#E T5 Z LA T, BERT i3 2 X
AN LB % T 572912, Next Sentence Prediction TEHRI¥E %2179 . Next
Sentence Prediction 1%, 2 DD AN L TV 20 E0 %2 THIT2METHZ. Z
DERAI BT 270, ANb—=27 53K 22D K517 5.

DL E, Kkt —2 > [CLS] IXNT 2 HMDIAARI 2 REDEREFICANL, A
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[CLS] @ Sentence A Tokens [SEP] @ Sentence B Tokens @ [SEP]

2.2: BERT I 2 X AT 255D b—2 V4

TD 2 XD HEGE L2 TH20%THIT 3.

2.2.3 BERT @ Input Embeddings

BERT "D AJIXIX, HREERMITIC X > TIERERICHEIL /2%, Byte-Pair Encoding
&> T BIHEX NIz Token FNCEFLI NS, ZHIZ Kk oT, TESRDBPEHIDE
WHEISNRARERFE LRV X S I L TV 3.

BERT TiX, €7D AJ Token FIORXFEE XN S. Z4UX, Self-Attention D
BRUICANRIZEDE TG X—X2HET 27D TH 5. ASIHFESIO BERT DEIEA
NEAOMIGHIZR 2.3 12RF. AT 2HBEINORIVETNVTHRE LLRAATE
IhfEVWe &, HEEFIO®KRAERKN—2 > TdH5 [PAD] THEHD L. AJIT % HFES D
REVETNVORRKATNEIDEVE &, BRARIDRVEHESO®RS O 2D 15
T5.

Attention of BERT

[ J__ LI )

[ Jo JL_J

(leLsI) To )T T2 ) 73 | T4 |{ 75 ][[SEP]

(feLsj{ to Jl T (T2 ) 73 [ T4 |[ 75 (ISEP]

[T6 ) 77 ]

1
1
(fcLsI)(_ T o J{_T 1 J([SEPI]([PAD]|[PADI|([PAD]||[PAD]}:
1
1
|
1
1
I
I
|

2.3: BERT D[EEATTEANDXTIG

AJIL D Tokenize MHIZ & - T &7z Token 5ilE, Zh2h BERT OE 7L~
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3
]
gl

BERT

a. — )

Token Embeddings
[E[Tnkem]] [E[Tnken2]] [E[Tnkenﬁ]] [Erruken-:]] [Errnkenm]

Segment Embeddings

Position Embeddings

\-----/

2.4: BERT ® A2 bov

DA DIz DIDAARBUZEH S NS, BERT O AJ) & 7% 3 DiAALKIUE Token
Embeddings & Segment Embeddings, Position Embeddings @ 3 fHdH 5. (X 2.4
ZI)

Token Embeddings 1%, &4 ®HLGE Token 12Xt L7723 DIAARIETH 5. BERT 8
RARHNIC TS 2 BEEH DA AR, RIS U TEL T 2 )RILHEEE D IA A LB
TH5. L»L, BERT NDANRZT bl r i3RI DEDIAARIIE, Token & —*f
—THIG L 7=FEE DM DAAEIL YL 72 5. Token Embeddings DFEZENZ, FEREEMHNT
¢ BPE (2 X % Tokenize %17 - 7z Token Z LB F 2355, #EBRAYIC 32000 FEFZE 1T
ELFEET5.

Segment Embeddings &, 1 XHY 2 XHZAZNZHIG L EDIAARIITH 5.
BERT 1 2 XOANZHIGLTED, Zhb 2 Xe 2020l 5720 0MDIAARE
HTH5.

Position Embeddings 1%, A7 Token O EFEH T 5 X 2 HDIAARHTHTDH 5.
BERT T kiE#HZz L5 % Attention B TIX, RNN L EWKERINCE T 2 1EH %z
Fitzlsw., 2079, (EIZET 5HRE ANOHDIABLKRITEZ 5.

IS =DDHDAAKED, BERT D Transformer EAND AT & 72 5.
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2.3 BERT ANDEFEMFL

¥ %A BERT €7 VICEERZIEMT 257, BERT @ Token Embeddings TH W
H N2 HDIAARINEBMEERIIHICT 2 HOIAARBT ZEBMTUX I W, LdisT
sEEENFEE, BERT O OAARIZEMICE T 2 BMFEEOMOIAARKEZ £ D X
NG 2D REE 12 5.

231 MBRGHBEOIAARRZFALILFE

BINFEROEDIAARBEE 2 TEDO—21, word2vec % fastText [12] [13] D & 5
BAWMREE T NS X 28R HEEEDIAARBZAHT 2 5IETH 5. BINT 2R
DHFERE LD HERETNER/ S e N TENR, #1E BERT O DiAALE
WWEBATHE IV, BT 28R EZEERADTHRRETADFELRVEETH,
BERT €71V~ o HH¥E T2 LD b, BIREREGALERESTIRERAET
N —PoEE TNV EIX N TIERT 2 2B TES.

HARINCIX, E3EMEBRZAE LM ERRETLVEHAES 5. X2, BERT &
THRIHAET A THBEL TEEH L TV AEBRESZ R, THERBETNVOHEDIAARE
B% BERT OHEDAARBUCER T 2 720 DEBUTHREE T 5. 20D &5 REHI,
Mikolov & [14] DIRRL=FiEEH WS Z e TE%. Mikolov 5 DFIETIE, oD
Y — RAHEER Y ML R—7y MHGENRY MLOVH T REEE/NS LT B KD ICHER
WAELRE FIETHER1TS. TO X5 LTHELALEREF A ZFA LT, HiRE
B IAARELD & BERT O DIAARBIZEMNICER L7 BIMGERE O DIAHLRE %
55.

HY R BRI DA A KRB Z M T 258, ZRET VORI IE SN2 HDIALKE
OEEEAT 5. XD EMEREIETVEERT 27201201%, 7HERRETLVOMH
HIAARIE BERT OMDIAARILZ Z N ENHENAAN T MIWVTIERLS 2 72 ¥ 0L %
B3 5. 15 [15]1F, R HEEEDAAKE %2 BERT OHGEHEDIALZERAY v
Y73 BRI P AVORIEREREFRICOVWTIREL TV 5.
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2.3.2 subword DFHEXRT k)L

HEiFEE A BERT €7 V0 A Z A L GENGEROMDIAARIZ/{ 25 FiEL L
TlX, subword DR P A ZHWEFEDRDH . ZDFiEIF Yao 5D Adapt-and-
Distill [6] iIZBVWTHHOHNTWVS.

BMONRE 72 25650, FHIEEFAE T B W TEE Token TUH NS, fi
ZE TR e W SEETHIUE TR T##m) TH#4#HR) D 3Token TH 5. HFTEE
BEAETMZIE 25 3Token D Token Embeddings 23228 X TWwW3. HiigH B4
BERT €725 245 3Token @ Token Embeddings DGR 7 ML zKeD, 2%k
BNFEROMDIAARIE LTEINT .

Z DFETIE BERT OHHFIFEET VDA% WV TENGERDOMDAALRB 2155 Z
EMTE5S. £/, subword DT MDD LERT 2DATH D, BIMFERDOHEDIAA
RIAD 72 DEE FZRME L.

2.4 BERTRAM

BERTRAM [8] 1%, 28 %4 BERT €7 L0 AR L CGEIMGERDEDIAAR
B%f35FETHS. BERTRAM O TIE, FHHiEEFAD BERT 23Hii4E Lk
=R BT 2 HBRPIMBEIHELFEDOBIMEZNRICL TV S.

BERTRAM T, ;BMFEREDEDIAAFKE % Form-Context Model T¥¥H 3§ 5.
Form-Context Model 1%, H®»iAARI%Z Form Model & Context Model 2> &AL S
%. Form Model TEXFRN—ATHEDOHDIAALREZH 2. ANHFEREI® L DXF
WHEIEN, £ TDOXF n-gram DFEXT +Lh3, Form Model 12 & 2H01AARE
%, XF n-gram OEHIAARBIL Form-Context Model DFFIC X > TERINS.

Context Model T XARD & HEEDH DHIAA R Z1F 5. Context Model DRI,
BERTRAM D% Tk SHALLOW ¢ REPLACE, ADD @ 3 DD FEDKA LN T
W3%. SHALLOW(M 2.5 Z|) Ti&, X DEMEER%Z [MASK] F—27 VITEE#Z T
FHIFEEA BERT ICAI L, BERT 23 L7z [MASK] F— 2 g % )RLE
Bl IAA R % Context Model DMIDIAAREL L § 5.

REPLACE(X 2.6 Z§) Ti&, [MASK] F—2 %z b3, Form Model IZ X %
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*

| a* (A« +b)+(1—a) - Viom

BERT V4haram| v, ngram) e ey egram

@ 9 9 9

Efcis) | | Eokent | |Epmask) | | ETokenz

Token1 | FhiRs5=  Token2

2.5: BERTRAM @ Context Model F#:47 SHALLOW D358 O AL

DIAARBITXHOBMGERL B XX CTHMEEEA BERT KA1 T5. LT,
BERT %3177 L 7z Form Model T X % #1A ARBTG5 XARICEGEE DA BB
% Context Model DHIDIABLEI L F 5.

ADD(K 2.7 H8) ®F %1k, SHALLOW ¢ REPLACE OFE Ml AA bELFik
Thd. 573, XhoEfER%E [MASK] F—27 VICEZRZ S, 2Dk, XEHIZ Form
Model iT X 28lDAALKBE [ OHGESZENT 2. ZOLS L THRONLXEE
A28 A BERT (AL, BERT 23t/ L7z [MASK] b+ —2 »xfisd % XAR{LEEE
HiAAEKI % Context Model D DIAHLKILE T 5.

Form Model D33 iAARIL ¥ Context Model D DAARB A S HE 3 Tk
1%, Context Model DFi£EDY SHALLOW TH 256, X (29) KXo THELHNS.

Vw,0) = @ (A 0{gE 4 0) + (1—a) - ofy (2.9)

Context Model ®Fi#5 REPLACE % ADD T» %3&1%, Context Model @ A J71Z
Form Model IZ & 23 AARBDBHW LN TV B 7, & Form-Context Model
D Context Model D DIABRIAZRILZEIR T 2 DA TH 5. (I (2.10))

ity = (A - i G +b) (2.10)
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{ A+l +b ]
BERT ]
= A 4 P S
Efcis) | | ETokent y/form .

V/,-gram| y/n-gram| . . . |y, n-gram
Token1 FEE= Token2 | - - -

X 2.6: BERTRAM @ Context Model Fi£ED REPLACE D354 D UL

FEERNE, X (2.11) WRTHEEBEKRTIEEADVER/IMET 2 K512 E T 5. e, ITHEE w
IZAEF 2 BERT 12 X 2 BIHIOIDIABLRIITH D, vy o) &, HFHw X C 2 AN
¥ 3% Form-Context Model THL X417z BERTRAM OH /1 TH 5.

lew = vl (2.11)

BERTRAM 048X 3 X7 v 7 Titb#rs. Context Model ®DFi#ElZX ADD &3 3
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&

BERT ]
> 2 2 o 2 4
Efcis yform E- Etokent | |[Epvask] | | Etoken2 | * * -

Token1 | | #3R8=  Token2 | =+ + -

X 2.7: BERTRAM @ Context Model FiED ADD D& D UL

L%, ROFIETHEET 5.

1. SHALLOW ®OFHAIZ & - T Context Model iZ & 23RN L w5 D &
BT 5.

2. Form Model IZ X 2FBER7 L DAEE T 5.

3. ADD OFEIC X 2 X~ 7 b L DEHIZ X 5T BERTRAM €7 L EEKDRZ
R—RRFET B,

ADD 8 XU REPLACE OF%T BERTRAM 0¥ E %2175 S, HmIIOFIMET RN
7 MV RFET 2RHE SHALLOW OFETHET 5. B, FHOLRXT v I T¥Y
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%A BERT E7F L OEFIHE XN 3.

BERTRAM TiX, BERT ICFE®EZEMT 2 & %, BMFE®E 'OO) % [<BERTRAM:
OO>) R LEFHEN—27 2 LTEMT 5. BERTRAM 12 X o GEMX /-39
ABRB NS 2858, 7— 2P 0EMEER%Z [<BERTRAM: OO>) OXRFLITE XL
TIET 3.
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ELI3EF
BZ= 2
EI:/TE g )

HATEEET X, WHEXAZ RX A4 VICHEBEIST 2 28Ik TR R 25
WHEE TR 2R TEZ ZeHHSNTWVWS. Gururangan 5D FEIC K-> T, £T
AMIBHRRAZ KX A4 D7 — X TERMFRFEET 5 & &, HAFE €T N OEMER
DIDIABRIUIIE L2 BB T D o T HEBMFFTEEIC X o THUIRIEDIAAKRE 2
FYETZHEZOLNS.

BIFEROIUIRIDIAARBIZ, BINFEROEELEIOR/LIIENTES. $k,
BINGER DR EIFEAFEH A BERT OFERICELETHNR, HEEFEOHDIAARK
FIE BERT 23BEICHEE LTW53. L7d o TARRERERFIETIE, HAiFEEA BERT OfF
RICEUHEFREOHDIAARBZ, BIMFEROHDIAAKRI LT BERT IZEMT 5.
Z LT, afsdlik%O BERT Z2SH X 27 77— X TEMFERTFET 5.

FFRFEOHEE 1T Word2Vec O X 5 7 #FIV72 BEEH DA ALK 2 1 15 2 D HERB €T
NERWS. JHERRETF VX, BMEER e BERT OO T 2%E LT V2R
5%, BIREREZEDIEEEASTBERT 2 —20FHmiFE T4 L0 D, KRBT
TNEFET PR MIEETES.

FEERILER U 7 XS CIlIEFEGE O M DIAA R L BIRER DO EDIAARBIF —TH 5.
L L, BINERIFEIC & - T BERT ® Token Embeddings % &3228 85 X — X £4f
EEETNR, TR ENRELREDAARB Z2FETE 5. BINERFEEIZICHEX R 2
T —REH¥EFT—K 2 LT, Masked Language Model T BERT €T /L D2EF T X —
X e{K% finetuning 3 5.
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KRR TE (X 3.1 B) O BAERRFIHIRD L5127k 5.

Bk PR AD Word2Vee D X 5 ROAWMBRIHET NV EHET 5.
2. BNFERDEHREY, DHRHEE TV THET 3.
3. HEE L7-HZEEDN, BERT OFEREICE N 555D BERT OHDAAKB %, &
IEERE DM DIAARILE LT BERT 1B 5.
A, ENIEER % ST 2 — S R TEEELEN%® BERT % Masked Language Model Cifd
INERTEE T 5.
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Word2Vec

(a) FHREREZZEH LTV A HERES LV EHAE
Word2Vec

(b) HFER DR ZHEE

(" BERT

.
" Word2Vec )

L. "y

(c) BERT D& $1 2 BT 2 BERT D HlsdiAA R 2 HHER O IAAKIIC
Transformer Layers
L L g

(d) HHAHFEEE &1 BERT RA% B2

N

(" BERT

3.1: MEFEOBEZK
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41 HERERT

AREBRTIE, FAIFEEHEADHAE BERT €712 M RICERIGEZ1TS (K 4.1
). IETHROMIUS, FHVZHFEEDAAREZHMA S 5Tk, subword DR
FVOFHEE, BERTRAM OFEZ A S.

REFERICBWT, BIFEROEKREZ KD 5 K OHMEDOFFIX cos FLUETK
D 5.

ETOFET, UTORETHEEZITS.

o R TOEBFIETHERMNTIE Mecab TLIHF 3.

o XFIETHBHEEMEIT o7 BERT 7 W&, WINbIEHX R 77— X D¥H
7T — X TEMOHEREEZITS. ZOBEMFMEEZ, BERT OFHIEY CHEHE
112174 % Masked Language Model T/T 5

o FHiilx, HHFERDAE MASK b—2 VICBEIRZ T, HillaEREHETE 28
EER 5.

o EBIMOHEWZEE LIHED 7R REF VKX LY — FEEZTHEDIEL 5 TV,
KRR TIEZ OFMHEERT.
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EFETIENME=D

TS e

Y m=em
ERIE
. —

BIERIFE

IIIIIIIIII’}

4.1: FEFARR DTN

411 FHaFHAEHA»BERT EFIL

BERT O HHIFEHFEAET ML, RILKFEHAEDP R L TW2ETLEMVS.
Z ik, Hugging Face #:® Transformers 74 77 V*! 208, £ 714 cl-tohoku /bert-
base-japanese’ THIITZ 2E7/LTH 5. FHiiFH 3 — S RIIEHARFE Wikipedia 73
AuwsinTtwnwad., EHEHELT 32000 38, &7 L1E Transformer JEHS 12 JED BASE £ 7L,
BRRANRIZ 512 TH 5.

412 SFERBETIL

B 72 BB DA BRI R H 1§ 2 EEBE T LI, UTO¥ A FTREIT
W5 HAGE Wikipedia > 7 4 7 4 X7 ML [16] ZHWV 5. 24 Word2Vee E 7L
THEINTWS. ZOFMEBET L, RETFIEL B HEEH DA AR % FH
TRFIETHAT 3.

http://www.cl.ecei.tohoku.ac.jp/~m-suzuki/jawiki_vector/

4.1.3 BERTRAM

BERTRAM O%E1%, LUTFTD 22034 b TAMENTWS BERTRAN DX D
FHRET0 TS LABBEIL, HAEBERT Kb L7027 2%2 W3, BERTRAM
D¥E T — 2121, HAGE Wikipedia ZHW 5.

*1 https://github.com/huggingface/transformers


http://www.cl.ecei.tohoku.ac.jp/~m-suzuki/jawiki_vector/
https://github.com/huggingface/transformers
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https://github.com/timoschick/bertram

https://github.com/timoschick/form-context-model

414 F—2tvh

AEBRTER - FHlZTSNHEZ A2 7 =212, UTOH A4 P TREAZHATWS
Amazon L' a2 —a— 22 HW3.

https://webis.de/data/webis-cls-10.html

ZDA—=RRF, V2 -—NROBEMHOBEICL o TRXL VYRR TFohTnS. Z
DaA—rRAD KX A X, Books & DVD ¥ Music ® 3 05H 5. AKREETIX, Books D
FAXAYDF—&ZZHW3S. Amazon LY 2 —a—RZADF— X+t v ML, BEROXH
LRZBZLEa2—XEL, ZOLE 2—TfFSN7HMEiD 2 DD T ~fFiF EhTwn
%. ARFEERX Masked Language Model 12 & 2 & iz LFEE TS50, 7—XtEv b
DN Z XVIEH L 2w, B 645 XEZSA2DUIHEIL, BITNROER
ZERUXDALREY - FHiio 7T -2ty b LTHWS.

BINT 25851%, £4.1IWRT 2058835, THHDEIE, AEBRTHEHT 2 HA1Y
FHE A BERT TIXEE Token TUB XN ZFETH 5. £z, FFiF¥H L% Wikipedia
I— XA TOHBRFEEIMEL, JCHAX A2 D Amazon L ¥ 2 — 3 — S 2GR B H S
PEETH5. FH TR T —ZOHBE L RFAEROHARIBUIR 4.1 ITRTED TDH 5.

42 HERFER

REFECBVWTRDLENGEROHEFE L ZOHELEIER 4.2 1TRF. BRFET
1, ZhoDHEFED BERT @ Token Embeddings % 3B MFEH D Token Embeddings
¢ U CEBFBME T o 7.

BFIEOFEBHEROEMEBIIR 4.3 17T, £ 4.3 T, SR HEEDIABREZF
ALFEOBREZIMERIE L OURLTWS., REFER OHMRHOFIEL X Y
N7 PVOFIREZ, BINGESE%E Masked LM CRIEEICTFHIT 22 TETWAS. L
7L, BERTRAM OFEDOERTIE, EBIEFEEO TRANEEIZE L KL R,


https://github.com/timoschick/bertram
https://github.com/timoschick/form-context-model
https://webis.de/data/webis-cls-10.html

KA1 BINT 2ERE T — 2K

5]=]

BNEER | FET—X | TAMT =X
ENINN 9 7
5 8 13
LA R 8 16
LI 8 17
BA1E 7 9
BT A 7 10
RS 7 9
wAF 7 10
LTS 6 6
& 6 16
IF = e 6 10
LS 5 12
WD T 5 11
AL 5 11
X 5 8
[ 4 10
izl 4 9
AR 4 8
B 4 7
W= 3 6
5 118 205




RETIE

% 4.2: BINT 53R L RETUCRN L iEsn

emEEs

F[= ==

JAFRAE

cos JE{LUE

NS 0.7330

B4 ZH
=}

0.5981

B
WL

0.6012

| Uk

0.5903

A

0.6094

Pk
N

0.6639

AT | H

Bt
g

0.7338

.
.H:

val

0.5126

e

0.4621

E4E

G

0.6759

GRS | B

0.7076

(LS ROV

0.6447

VW | B E

i LT

0.7478

i)
£23°4

0.6276

N

0.6828

BE AR

0.6625

i i

0.5795

==
AR

b

0.6326

BT | BRD

0.6791

0

i

0.5344

TTHERE

R 4.3: FHHR (ERR)

0.3703

SR b v
0.3723

BERTRAM

0.3792

0.1320
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5.1 RENEBZEBOFABEICE SR

Masked Language Model 12 & 2B/FER D THRIFEEICOWT, &iE®EBD THIFEE
2R 51IRT. ZOEEBOTHNEED SMEREZ IS 5.

BERTRAM OFEIC & 2 iERBEMEIT o 72T A O FHRKEEIZ ANV R
ote. EFEANCE % ¥, BERTRAM 2 EREICTHITZ 25581, ZofioTFiEc
BOTHHREHEEICTH T2 228 TETWS. OFiEr BERTRAM OFED#E
WD —D1X Tokenize AFHIZH 3. BERTRAM @ Tokenize YL TIZ, BMMEERE OO
% [<BERTRAM: OO> OEROFHK b —27 > 2 UL TUE L7z, K%k~ — 27 > OB E
TN Th 2 720, WEERNTOBRIGEVWEEALRESES S 5. BERTRAM OHf
FUTBOVW TR LTWSREIEEETH 5. HEOHE, HAGELEVAR—ZXXY]
D TREDIREFETEINFRETD 5. HFEEZ MR L L BERT @ Tokenize LEIZK, X
R—=ZXY)H THFEDEIL /=5 ¥ BPE IZ X % subword #7#l% 32N TH D, HAGE
TITS £ O RIBREHREMMABIC L 2 0FNITOIRV. 20X REND 2720, HAGE
YIEVWHRBTIIRR N — 7 VICEEIRZ 2 Z R ICK B2 ERI NS o ATREEDLE Z 5
ns. SHROMEL LT, HARETENEROXRBZR R N—2 e LTS HELZ
STRVWHE L DTHRENDHEBEZHE ST 2MENDZEZTNS.

BEHROREL LTI TR FVOFENEPIZEH VD DD, BRAOKBEZ RS &
ENENRED D 5. TBAE) TBUE) R DRERICOVWTI, DBERHADOFIERFIGRY
MLOFETIHIZE A FRITE R 572d DD, IREFETIIHENEWEECTHI
TEHIENTETCVWS. IBEFETHOWEZALDEFEX TN TFEFE THE) »

¥
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R 5.1 ek BNERED TR (EMER)

BNEER | REBFE | pEERE | P2 v | BERTRAM
NS 0.7429 0.7429 0.6571 0.4000
Y 0.3692 0.4615 0.4462 0.0154
FAIGZ | 0.6875 0.6625 0.6375 0.1250
PRI 0.1059 0.0941 0.2117 0.0000
N 0.1500 0.0000 0.0750 0.0000
BT P 0.8400 0.9400 1.0000 0.9200
EES 0.6889 0.5556 0.5556 0.1111
FLHF 0.0400 0.1400 0.1800 0.0000
e e 0.0333 0.1667 0.1000 0.0000
& 0.0250 0.0875 0.1000 0.0000
FEHG | 0.5000 0.4800 0.4200 0.0000
(S 0.6000 0.8364 0.7818 0.8545
WWIIER | 0.2769 0.2615 0.2923 0.0000
an LJT 0.0000 0.0000 0.0000 0.0200
153" 0.0250 0.0000 0.0000 0.0000
[ 0.4400 0.0200 0.2400 0.1600
e 0.5333 0.6222 0.4222 0.0000
AT 0.4667 0.6000 0.5333 0.0000
BT 0.6286 0.4857 0.4286 0.0000
W= 0.5667 0.5667 0.6333 0.0000
EEEN 0.3703 0.3723 0.3792 0.1320

%oTHED, cos HLUZIX 0.60 Z#EZ 5.

— 5T, AT e R DOERICOVTIE, FHEROFIELEINT LT
FC k2 PHREE X D b REFEOTFHRKENMEL, RETFHT 2 ehTERD 5T,
BEFETHVW W DHEZFE I ZAEN THFE) T8 7o TED, cos HLEIX
0.5126 ¥ 0.4621 T, HEAWERWELETH 5.
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ZDEIBFERD S, BEFECBVTHELEOEDIAARIZ W TEREBMT %
x| BNEERE L EFEE OBME ORI, BINERIFEBROMDALRIOKEED
SIHET LI Th 5. BUlEOSWEREEZMHATE 28ROV, thoTF
BICHARNTREFEIENTHLEZLNS.

fDOFiEL IR L THEIR T PLOTFETTHREED G 8o 72385, s T4
&A1 AT THE RYTHs. 2SR LT, b Mg Tefr) 2o
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5.2 AR A\DEI

AJERTIE, Masked Language Model 12 & % 83RO TR 231 L7, L
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5.2.1 BAXRBOXENLE
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Amazon L ¥ 2 —a— RRDEE T — RITFET SEE2EMNT 5.

i3 % BERT OHEFIFEEFEAT TV, FER L A Hugging Face @ Trans-
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TNLTH5.

FEEEX, EDEOIEMRETHS.
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522 REODOEBEBRRHL

AFEBERTIX, Masked Language Model & X 2 BIGERED FHIFSE 25 L=, L
L, EAMCIEEREBMBOERZE T T NVIICHR A7 2@ o ffishs. Z
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FEZ RIS 5.
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T 2 0EERHAE T M, gensim 7 A 75V TE 7 L% glove-wiki-gigaword-300’
THHTZZ2ETLTHS. ZOETNE, FHNRHEGERDIAARBRZ H 13 % 0HER
HWETND GloVe ZH¥HLLETNTHS. FEHa—,R121F Wikipedia 23V 50T
W5,
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*1 https://github.com/huggingface/transformers
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A DFEDOERIILLE > 7-FEETH 525, BERTRAM OFEIZ K % Recall DI
HELTELZo7. IDZLOEERHZLEL THERSIEZZ2ZLNTESLE
AbN5.



i

1

B

37

Books

0.83
0.82
0.81

0.8
0.79
0.78
0.77
0.76
0.75
0.74
0.73

M BeRT [ BERTRAM
(a) Books fHI D IEf#R

DVD

0.83
0.82
0.81

0.8
0.79 —
0.78

0.77
0.76
0.75
0.74
0.73

M BERT [ BERTRAM

(b) DVD D EfiR

Music

0.83
0.82
0.81

0.8
0.79
0.78
0.77
0.76
0.75
0.74
0.73

M BERT M BERTRAM

(c) Music FEIROD EfRHR

5.1: XENFE R 7 OFEE (EER)



by

i
1
pl

0.83
0.825
0.82
0.815
0.81
0.805
0.8
0.795
0.79
0.785

0.83
0.825
0.82
0.815
0.81
0.805
0.8
0.795
0.79
0.785

0.83
0.825
0.82
0.815
0.81
0.805
0.8
0.795
0.79
0.785

Ffi&

=

M iZ#perT M BERTRAM M GloVeH E432IR
(a) FHIC X 246

Precision

M i=#perT M BERTRAM M GloVe S E4353R
(b) Precision & & 2 f§ 4

Recall
-
M 1Z#BerT M BERTRAM [ GloVe ) BRRIR

(¢) Recall IZ Xk 2 K5

5.2: FEHRBMHE X2 7 DF§E



39

Tk

+za
P ol

AFFETIE, BROETHRI N2 EGHEPCEARI, A)ORH L W o 7% Token
TRHAINZEEEZNRIZ, FRIFEEAD BERT €7 VL EEINRT 20, BG5S
DHDABRBLOEETFIEIIOVTIRE L .

REFETIE, DHEZRZ 7= L TGEMOFERTFE 2175 Z e Z2Hitee LT, &
IEERDBREE L THERBLE T L HHEE L, FHTFEFEA BERT OHEFRE I T 2 H
DIABRILZ BMFERDOHDIAARB U TEREMNZIT o /2.

FRTIIRBFEOMIT, R EEEDIAARIAZHNH S % FiE L subword 1203
% BERT O DAARFEDFEE XY FvE WS FE, BERTRAM OFEIC K 5555
JLER %17 o 72. Masked Language Model 12 & 2 B HNFEZ O T HIKE & T K FIE % 5 L
7o, HiEmBOTHRKE YL, IREFETHWEIBEOHLE L OED o, HEUED S
WHFREEE F W CRERILIR 21T O IR BFENENTH 2 Z e 2R L 7.

AREERTHR L UIiE#lE, BPEIC X o THE Token I EISNZFETH 7. 5%
DB L LTIE, BROBEETHRE NS EERBSLA L Vo 2RBUTH L THHRZ
HHIAARB 2GS 2 & DT BERBIMTFIENDILRIE Z 5N 5.



40

Ef

AW EAED 5 12H7>T, %< DT T 158 HE OHTE S B A
LT, S, BHO#MMEEL TS QR RBZ HOHHNIIZEE ORI RE L
7.



41

S Xk

1]

Matthew E. Peters, Mark Neumann, Mohit Iyyer, Matt Gardner, Christopher
Clark, Kenton Lee, and Luke Zettlemoyer. Deep contextualized word represen-
tations. In Proceedings of the 2018 Conference of the North American Chapter of
the Association for Computational Linguistics: Human Language Technologies,
Volume 1 (Long Papers), pp. 2227-2237, New Orleans, Louisiana, June 2018.
Association for Computational Linguistics.

Alec Radford, Karthik Narasimhan, Tim Salimans, and Ilya Sutskever. Im-
proving language understanding by generative pre-training. Technical report,
OpenAl., 2018.

Jacob Devlin, Ming-Wei Chang, Kenton Lee, and Kristina Toutanova. BERT:
Pre-training of Deep Bidirectional Transformers for Language Understanding.
In NAACL-2019, pp. 4171 —4186, 2019.

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones,
Aidan N Gomez, Lukasz Kaiser, and Illia Polosukhin. Attention is all you need.
In Advances in neural information processing systems, pp. 5998-6008, 2017.
Suchin Gururangan, Ana Marasovi¢, Swabha Swayamdipta, Kyle Lo, 1z Beltagy,
Doug Downey, and Noah A. Smith. Don’t stop pretraining: Adapt language
models to domains and tasks. In Proceedings of the 58th Annual Meeting of the
Association for Computational Linguistics, pp. 8342—-8360, Online, July 2020.
Association for Computational Linguistics.

Yunzhi Yao, Shaohan Huang, Wenhui Wang, Li Dong, and Furu Wei. Adapt-
and-distill: Developing small, fast and effective pretrained language models for

domains. In Findings of the Association for Computational Linguistics: ACL-



S R 42

[10]

[11]

[13]

[14]

IJCNLP 2021, pp. 460-470, Online, August 2021. Association for Computational
Linguistics.

Jimin Hong, TaeHee Kim, Hyesu Lim, and Jaegul Choo. AVocaDo: Strategy
for adapting vocabulary to downstream domain. In Proceedings of the 2021
Conference on Empirical Methods in Natural Language Processing, pp. 4692—
4700, Online and Punta Cana, Dominican Republic, November 2021. Association
for Computational Linguistics.

Timo Schick and Hinrich Schiitze. BERTRAM: Improved word embeddings have
big impact on contextualized model performance. In Proceedings of the 58th
Annual Meeting of the Association for Computational Linguistics, pp. 3996—
4007, Online, July 2020. Association for Computational Linguistics.

Ikuya Yamada, Akari Asai, Hiroyuki Shindo, Hideaki Takeda, and Yuji Mat-
sumoto. LUKE: Deep contextualized entity representations with entity-aware
self-attention. In Proceedings of the 2020 Conference on Empirical Methods in
Natural Language Processing (EMNLP), pp. 6442-6454, Online, November 2020.
Association for Computational Linguistics.

Thang Luong, Hieu Pham, and Christopher D. Manning. Effective approaches
to attention-based neural machine translation. In Proceedings of the 2015 Con-
ference on Empirical Methods in Natural Language Processing, pp. 1412-1421,
Lisbon, Portugal, September 2015. Association for Computational Linguistics.
Ilya Sutskever, Oriol Vinyals, and Quoc V Le. Sequence to sequence learning with
neural networks. In Z. Ghahramani, M. Welling, C. Cortes, N. Lawrence, and
K. Q. Weinberger, editors, Advances in Neural Information Processing Systems,
Vol. 27. Curran Associates, Inc., 2014.

Piotr Bojanowski, Edouard Grave, Armand Joulin, and Tomas Mikolov. Enrich-
ing word vectors with subword information. Transactions of the Association for
Computational Linguistics, Vol. 5, pp. 135-146, 2017.

Armand Joulin, Edouard Grave, Piotr Bojanowski, and Tomas Mikolov. Bag of
Tricks for Efficient Text Classification. arXiv preprint arXiv:1607.01759, 2016.

Tomas Mikolov, Quoc V. Le, and Ilya Sutskever. Exploiting similarities among



S R 43

languages for machine translation. CoRR, Vol. abs/1309.4168, , 2013.

[15] P, B, IREWE—. #RHEEEHDIARIC K 2 X H FeEE MR L
bert DFEFALER. 5 REEREE 27 BIEX KL (NLP2021), 2021.

[16] SAAIESY, MRFERFEE, BOARER, FRER, §2EKES. Wikipedia LS 3 2 HL0REH
KT NNVOZEMNE. FFBILEERE 22 HFERKE (NLP2016), 2016.



(N

44

A RBEFEORBROLOHICFEALLEY—XO—F

REFEOTFIE 2 T, THERET LD HBMEERICHT % BERT OFERICEEND
MFREBELHEL, FOEBEL 7 7 AVE T 270502 Y —2a—F A1ITRT.
BEFTEOTFNE 3 T BERT ICREEEZBMNT 2 0o 4%Y —2a2—F A2 I1R7.

© 0 N O Ot ke W

10
11
12
13
14
15
16
17
18
19
20
21
22
23

YV —ZXa—F A.l: get_similar_vocab.py

from gensim.models import KeyedVectors

import os

from transformers import BertJapaneseTokenizer

def

def

load_vocab(vocab_file: str):
words = []
with open(vocab_file, ’r’) as reader:
for line in reader:
line = line.strip()
word = line.split(’\t’) [0]
words . append (word)

return words

get_similar_list(w2v_model, new_vocab, bert_vocab):

similar_list = []

for word in new_vocab:
if word not in w2v_model:
print (’not_found,,"{}"’ . format (word))

continue
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w2v_model .most_similar (word)
for index, (similar, degree) in enumerate(similars):
if similar in bert_vocab:

similar_list.append([word, similar, degree])

print (’not_found,,"{}"’ . format (word))

return similar_list

save_similar_list(similar_list, similar_file=’similar.txt’):

with open(similar_file, ’w’) as writer:

for similar in similar_1list:

writer.write(’\t’.join(list (map(str, similar))) + ’\n’)

get_common_vocab(w2v_vocab, bert_vocab) :

return list(set(w2v_vocab) & set(bert_vocab))

get_save_similar_list(W2v_mode1, new_vocab, bert_vocab,

similar_file=’similar.txt’):

common_vocab = get_common_vocab(w2v_model.index_to_key,

bert_vocab)

with open(similar_file, ’w’) as writer:
for word in mnew_vocab:
if word not in w2v_model:
print (’not_found ,"{}",in word2vec vocab’.format (word)

)

continue

similar = w2v_model.most_similar_to_given(word,
common_vocab)

writer.write(’\t’.join([word, similar]) + ’\n’)

if __name__ == ’__main__’:

CWD = os.path.dirname(__file__)
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model = KeyedVectors.load_word2vec_format (os.path.join(CWD, °
jawiki.all_vectors.300d.txt’))

# BIIRNROFBERERT 71
new_vocab = load_vocab(os.path.join(CWD, ’amazon-corpus’, ’books

> ’selection_vocab.txt’))
tokenizer = BertJapaneseTokenizer.from_pretrained(’cl-tohoku/bert
-base-japanese’)

bert_vocab = tokenizer.get_vocab() .keys()

get_save_similar_list(model, new_vocab, bert_vocab)

YV —Aa—F A.2: add_similars_to_bert.py

from transformers import BertJapaneseTokenizer, BertForMaskedLM

import os

def load_similars(file_name) :
similars = {}
with open(file_name, ’r’) as reader:
for line in reader:
line = line.strip()
row = line.split(’\t’)
similars[row[0]] = tokenizer._convert_token_to_id(row

[11)

return similars

def add_similars_to_bert(model, tokenizer, similars):

new_words = list(similars.keys())

tokenizer.add_tokens (new_words, special_tokens=True)

new_vocab = {}
for word in new_words:
new_vocab [word] = tokenizer.encode(word, add_special_tokens=

False) [0]
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if

model .resize_token_embeddings (len(tokenizer))

for new_word in new_vocab:
model .bert . embeddings .word_embeddings.weight.datal
new_vocab[new_word], :] = model.bert.embeddings.
word_embeddings .weight .datal[

similars[new_word], :]

return model, tokenizer

__name__ == ’__main__’:

CWD = os.path.dirname(__file__)

model_name = ’cl-tohoku/bert-base-japanese’

tokenizer = BertJapaneseTokenizer.from_pretrained(model_name)

model = BertForMaskedLM.from_pretrained(model_name)

similar_file = os.path.join(CWD, ’amazon-corpus’, ’books’, °’
similar.txt’)

similars = load_similars(similar_file)

model, tokenizer = add_similars_to_bert(model, tokenizer,

similars)

save_dir = os.path.join(CWD, ’proposed_add_model’)
os.makedirs(save_dir, exist_ok=True)

tokenizer.save_pretrained(save_dir)

model .save_pretrained(save_dir)

tokenizer.save_vocabulary(save_dir)
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