AR 8 H 3 th % &k Vol. 48, No. 8
2022 4 8 H ACTA AUTOMATICA SINICA August, 2022

ETilgRmE RN REmEE LG A

A kT Fx RER AR
W OE R s T 10 5 2 B SUA 2 1 T 3 AR AT B AL ) TR . A O
PR S A A B TR RS b S 03 SR PR 5 90, ol R T3 B = 2 KRR R B ). e, B T — A
ST U 2 U R B M 0158 60 7, T T 23 o 0 M 710 o 5 20 0 R P 26T B o I b
T U T 7 0 0 A R R, R DU 7 BT (5 S SR P AT S, 1T EL RS 78 40 % 18 52 2 A A B _E T A
B A A B AR 7 B AR e B o 3T T o I 5 s B W B WL 7 EE R T 5 A B KO, B T 3
BRI 2 (AR DA 2 4, 3P T 00 253 25 2m B e 4 « 36 26 F BOS 3 I BBy b 30
AT R SR B PPDB = ANFRFE. S 3 AN SR SR A7 S0 T, T T 25 V116 7 BB W A 4 T
B3, MR B T 48 H I S 7 VR 29.89%.
LU BRI, DRI R, BRI, T S R
SIMMR AN, BT, 25, B, R ST UG R B I W M. BB E AR, 2022, 48(8):
2075—2087
DOI 10.16383/j.aas.c200723

English Lexical Simplification Based on Pretrained Language Representation Modeling

QIANG Ji-Peng' QIAN Zhen-Yu' LI Yun' YUAN Yun-Hao' ZHU Yi'

Abstract Lexical simplification (LS) aims to replace complex words in a given sentence with their simpler alternat-
ives of equivalent meaning, so as to simplify the sentence. Recently unsupervised lexical simplification approaches
only rely on the complex word itself regardless of the given sentence to generate candidate substitutions, which will
inevitably produce a large number of spurious candidates. Therefore, we present a lexical simplification approach
BERT-LS based on pretrained representation model BERT, which exploits BERT to generate substitute candid-
ates and rank candidates. In the step of substitute generation, BERT-LS not only does not rely on any linguistic
database and parallel corpus, but also fully considers both the given sentence and the complex word during generat-
ing candidate substitutions. In the step of substitute ranking, BERT-LS employs five efficient features, including
BERT's prediction ranking, BERT-based language model and the paraphrase database PPDB, in addition to the
word frequency and word similarity commonly used in other LS methods. Experimental results show that our ap-
proach obtains obvious improvement compared with these baselines, outperforming the state-of-the-art by 29.8 Ac-
curacy points on three well-known benchmarks.
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Fig.1  The substitution candidates generated by the

three lexical simplification methods are compared® '
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Fig.2

BERT-LS uses the BERT model to generate candidate words, and the input is “the cat perched on the mat”
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1) Randomly mask a certain percentage of words in S
excluding w as 5,

2) Replace word w of S into [MASK] as S,,

3) Concatenate S and S, using [CLS] and [SEP] as
SS;
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vy
C
3
8
3

K2y

15) avg rank<—average(all ranks);

16) best<—argmax,(avg rank);

17) if freq(best)>freq(w) or loss(best)<loss(w) do;
18) return best;

19) else return w.
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HATPRETE L. BT BB N BRE N L AT bR
T, Bl SRR A R R m . AR
S E A FREAEE D S AR

2) BenchLS!": H1 929 FLiE Szl 41 1k, H
LSeval fll LexMTurk P/ #0d8 52 45 6100 A, Ktk
BenchLS 8 5 % [ H Frid]. LSeval 155 429 ~5E
B, BE 46 7 “turker” fl 9 18 LN SemEval
2007 ]I A 55 1 20 4 10 o 4 1) ] R HE
B LSeval I A H B AR AR, o DR v 1) ]
AR EG H A i 5. 2 R A AE — LE D S AR,

3) NNSeval®!: i 239 > JE 15 L 4H %, %50
4 & BenchLS FIMIR, 1 BRE AR TE N L3
A7 LUR WAL 8 ok JESEE] (B AR A A
s Sk, Rl PE AR (i R BN Dy e B R ).
AR At E 4 42, NNSeval B AERfHLE 2 7 BHETE
FEEN L. RO T iEHOR, B AR B AR
Hr A B AR 1 78 7 Y BB S LU A it B /).

SEEEFE T 9 NIRRT LR MR 50k B
) AR B S AN ], o6f BRI 9 BAE 5 2K

1) i XA #: Devlin™ f§ i} WordNet, Kajiwara
ZE00 fif ] Merriam 17] 8, Pavlick 2529 {# F &2 A
P .

2) “FATIERLZE: Biran 551 A Horn 551 i ]
YEHL \REAI ] B4 E R IR AT 5] TR

3) WHRABIAL: Glavag S50 5 1) 3] ik
AR Paetzold S b T STEEN AR
R,

4) JRAT71%: Paetzold S5 i H AT 15 KL F11H]
] EEAR A Devlin S50 481 FHE 5 200 PE AR R AR Y,

5) BERT (77 AXTJ7¥EN BERT-LS. N
TGP BEAT R B, B BN A T H AR RS JS
YENH NI TG, #8224 Bert-Single.

REC-LS J7i:f8 1 g s b it i AR kAT
SEH. (RIS R, TiYIZE BERT AR A BERT-
Large, 2 #69 4 (WAL https://github.com/
google-research /bert). BERT-LS Jji%H, % 1 )
B TR SR B A A LE TR 50%, A AR
i1 % H A2 10, fEikislHFF o BERT £ F
SRR E N 5.

f3E 2 1R BTl

TRMRE S m IREG], Forh & ¢ ASREGI
L 217w, N TARER B ARAES p, HE
FEAERE IR B AR AN ¢, 1 #(p) A1 #(q;) 5351
T p Mg A R ECE .

15 1 5 AR 3 2B B KB A LA 3 AN AR R4 T

3.2


https://github.com/google-research/bert
https://github.com/google-research/bert
https://github.com/google-research/bert
https://github.com/google-research/bert
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WA
1) AEHAER: AR R fige e B AR 8 T N DA
)9 o i 3 5 AR B H ) B g
f: #(pi N qi)
Precision = Zzlmi
_:El#((h')

X, ping BRPINESFILEMAEES.
2) Al A g ik & A F 8 T N ThRE
Frial 5 B N bRy & AR A 2 5 B e

> #(piNai)
Recall = =

;#(Pi)
3) F{E: R 504 [B] 2 1 AP 35 1A

[ 2 x Precision x Recall

Precision + Recall

#1517 BERT-LS R H 7 v ) S 56 45
B.omFE 1A LAE S, BERT-LS fE&NEdE 5
WS 7 iem i FAE, MR iUS & F
B 1Y) PaetzoldNE J5¥%, 0 Al#E Tt T 37.4%. 19.1%
A1 41.4%. {E PaetzoldNE J7i%r, 24—/ M ik ia]
BUAE “hps” v, U2 a] 1 BT A T 28 728 e im B T SAE
W, RIIEERAR T 2 B ks iR, X A Bl 28
ik L REEAR .

BERT-LS 7% ¥ A~ 5 BRI 0T,
A R B R 3  ARE 5 B T 1A B TR AS 1) A, i ik B AR
L BA A FTEAS B E — 171G, 2118 [ & 1
J7iEAR [E 1A A (R S 1) 1 1) S AR AL AR &,
Rl AT RE H B, S8 T A [FIRE K. X BERT-
LS #l BERT-Single 455, BERT-LS Hif3 | 5 4F

IR, Ay BERT-Single 78 4F sl fiz g i i) A 2% &
THRITFI S T UE B A % R B bR E 4410 1
X, 1R %5 HArE 4418 2 FAR KR 2 8 E N
ik 3 1A].

3.3 SEEM LS RGI1TE

% LS FRGGHET VP, B 516 i 1 2 e 72
FIRER B A, IR BT m AVRED], Hoh 2
i ARE R 05 230 w,, NIRRT 19 8 G i
& py FERR PR R B AR o,
SRR P A R AT 2 4
1) R A R R S B 0 8 AR A
BRI SR A TbR A e 0 E

m

Z (1(t7::wi)H1(tz‘€Pi))

Precision = =

m

ML sy BOLIF, Ly 1, BIR 05 24
LIBT p AN, Lycpn N L, BIAO.

2) #EffA: A FEA T B 2 B AR AN 2 H brin]
BAE N ARV A L.

MR 2 MEFRAT LR ), a0 RA AT 1 4 Uk
B 1, HERIER Y 0. S 52 At il 4350 R At ik 1
BEAT B B, DR B 2R A 26 LA R ) 4R

Zl 1(ti€pi)

Accuracy = =
m

RK2EBRTEANTHUARGHEE R, BERT-LS
FETA R4 BHRAS T s I HER R, MR T
PaetzoldNE, 7 A$EF+ T 17.2%-+ 41.9% F1 30.1%
IVERE. Rec-LS HUIS 1 m OAS 1 22 A IR ARV Aff
X PR ATZ I EAE R o3 T A A A8 e 4

® 1 fidkin A ol FE PP 45 R

Table 1  Evaluation results of candidate word generation process

. LexMTurk BenchLS NNSeval
ik LLES EEICIES PlH LLES EEICIES PlH LiLES EEJCIES PlH
Yamamoto 0.056 0.079 0.065 0.032 0.087 0.047 0.026 0.061 0.037
Biran 0.153 0.098 0.119 0.130 0.144 0.136 0.084 0.079 0.081
Devlin 0.164 0.092 0.118 0.133 0.153 0.143 0.092 0.093 0.092
Horn 0.153 0.134 0.143 0.235 0.131 0.168 0.134 0.088 0.106
Glavas 0.151 0.122 0.135 0.142 0.191 0.163 0.105 0.141 0.121
PaetzoldCA 0.177 0.140 0.156 0.180 0.252 0.210 0.118 0.161 0.136
PaetzoldNE 0.310 0.142 0.195 0.270 0.209 0.236 0.186 0.136 0.157
Rec-LS 0.151 0.154 0.152 0.129 0.246 0.170 0.103 0.155 0.124
BERT-Single 0.253 0.197 0.221 0.176 0.239 0.203 0.138 0.185 0.158
BERT-LS 0.306 0.238 0.268 0.244 0.331 0.281 0.194 0.260 0.222
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IRAER A, IR SR A e e, BRI S, B
AT 2R 8 1 4 R 55 e ] A R 4 SR SR AL, IE D
TARSCHR R TS A .

®2 BMERGEIHELSR

Table 2  Evaluation results of the whole
simplified system
N LexMTurk BenchLS NNSeval
Jii:

LB AR E i E S 1 R RS

Yamamoto 0.066  0.066 0.044  0.041 0.444  0.025

Biran 0.714  0.034 0.124  0.123 0.121  0.121
Devlin 0.368  0.366 0.309  0.307 0.335  0.117
PaetzoldCA  0.578  0.396 0.423  0.423 0.297  0.297
Horn 0.761  0.663 0.546  0.341 0.364 0.172
Glavas 0.710  0.682 0.480  0.252 0.456  0.197

PaetzoldNE ~ 0.676  0.676 0.642 0.434 0.544  0.335
Rec-LS 0.784  0.256 0.734  0.335 0.665 0.218
BERT-Single 0.694  0.652 0.495  0.461 0.314  0.285
BERT-LS 0.864  0.792 0.697  0.616 0.526  0.436

3.4 I BERT-LS RZGHE =

1) HEFFHRFIERT 22 G0 BAR I e (1 521

T W B ARRE AR, A SCHEAT T
SEEG ) B9 E BERT-LS AH FH I 5 ANRFAE X fige 12 1] HE
7 Hsem 25 BN 3 Fis.

HHE 3 ml%n, {4288 5 MFFE, BERT-LS
1 3 MECHR LR B9V S50kE 1 22 A HE R 22 73 3l 4 0.696
F10.615, HeB TR R SHER R, 17 SCARLE 5
PRFELE 2 BT R G s . N gs T
LA W, WS AT 1 ANRRAE 2 BRAR T V2 RS
FRFNERA 2R, T HLIX 2 AR 2 18] B HE P 52
K. BERT # i i HE 4 25 F BERT 19 L.
NIRRT PPDB RRE 1% 5 A . 8
SR 3 N EARER IR, R AEH BERT

W T HE 4, BERT-LS FHS i 28 R0 HE % %
79 0.662 F10.608; WIRAfEHET BERT ¥ £ T
SRR, RGOS B R AR R % 0.686 F
0.593; IR A{E ] PPDB $F4E, £ 48 kS i R AN v
W BN 0.679 A1 0.606. A LAFE H, X 3 NERAE
F B8 A0 oF 0 3 1) P R #1026 R0 . [, PP-
DB X} BERT-LS 520 &z /)N, vl fig s i TR A1
PPDB el & 5., ARt 70k 223808 F A [F] 1) 5w
5| X\ PPDB.

B2 5 ANERIE A N M RE AT R T 3T, AR
RE Bh T HE s VR R R YEBE . H T I SRR AE X HE
P FE A SR I R AN 8], A SR 5 ] i 3 A 1 77
PRI EEHE R AR, A 2 P35 4 1) 5 =X

2) A BERT AN 5 45 1520

T RAAFE BERT BEE REHI, AL
TELE LexMturk $dlE 4 Al 3 #ARF ) BERT
RS AT SE5G:

a) BERT-base (Base): 12 EHM S &K
110 M, H MR8 1 B,

b) BERT-large (Large): 24 M S5 &H
340 M;

¢) BERT-large (&1a#f%): 24 FHIA, 24
TN 340M. A ST FH A 4 i FE AT A — b ok Ah B
M, Wp iR BEAT HERD A, 55 BEAMAE, A & — A
. EA TR AR AR R T E 4 i R 1)
J7 TN BB Re 05 32 T+ AE NLP R 5%% b
RSN

# 4 Bor TR BERT BARUE = NG
£ TSR, MR A TTULER, ¥R
GUUTA Y, AT 1) R GRS T S5 i IR
RFUERZ, HIXT Large #524 () 42 B3 A2 &1 5 W
1. Ak, Large SR I PEREIR T Base B84, itk
A AT RS Y S BERT ROBLAY A B T HR 4L A
RS ERE. WA HE L BERT B8, mT L%

3 ANFRFER G HE T R

Table 3  The influence of different features on the ranking of candidates

L LexMTurk BenchLS NNSeval S 4H
ik AR R AR R AR ik AR iR
BERT-LS 0.864 0.792 0.697 0.616 0.526 0.436 0.696 0.615
1 BERT Tl k4 0.772 0.608 0.695 0.502 0.531 0.343 0.666 0.484
%K BERT HlHES 0.834 0.778 0.678 0.623 0.473 0.423 0.662 0.608
ES o N et S 0.838 0.760 0.706 0.614 0.515 0.406 0.686 0.593
FBRAHALE 0.818 0.766 0.651 0.604 0.473 0.418 0.647 0.596
F2 BRAA A5 0.806 0.670 0.709 0.550 0.556 0.397 0.691 0.539
% PPDB 0.840 0.774 0.682 0.612 0.515 0.431 0.679 0.606
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Table 4 Evaluation results using different BERT
models
" i 3 2 P A MR G AN
Hofi e Foi :
K dR% PE ORHE R

Base 0.317 0.246  0.277 0.746 0.700
LexMTurk Large 0.334 0.259  0.292 0.786 0.742
AR RS 0.306 0.238  0.268 0.864  0.792

Base 0.233 0317 0.269  0.58  0.537
BenchLS Large 0.252 0.342  0.290 0.636  0.589
AR 0.244 0.331 0.281  0.697  0.616

Base 0.172 0.230  0.197 0.393 0.347
NNSeval Large 0.185 0.247  0.211 0.402 0.360
AiAHERY 0.194 0.260  0.222 0.526 0.436

B R S BERT #8Y, iA 33— s
REGMEREM H M.

3) R L5 X 2R G B P BE 52

N T RIFCAFFERS EL 5 R G2 M, A SO
HES EL A5 53 B B BN 0% ~ 90%, {F LexMturk %{
PR B AT SEIG HE 5 ISR P A AR N
R HTHA 2 MHHEMA) T2 BERT H, 55 2 A
CAEE TEMEN L. FXUER, F 1 AR TES
BRFEREE B FUER. A TRE L. TXUER
MRS, AT 1 AR L N SCHA TR,

H & 3 AT LA, BB HEAD Lu ) 4 T, B
FR I BE A IS AR B AR AL, e 1) AR B FE KAREE 50% ~
80% WU T Fe s kG H R . AR F FAE. MK 4
Al LLE H, AN R G R AR LE A 50%
FEAW AR T e,

4 A R 1] PR R S RE RS

N T AR I B 1A BT RS R N, A
YAE LexMturk Bl 48 EdbAT 5256, B A= ilifiis i
BRI E N 5 1 1 3 5 f%. B 5 Bor T AR
i 33 1] 1 B 6 ZR G5 R 1 ).

BT N TARVER) “hrRZE” A B At 1 187 4k 1] 1 4
T [ I, B AR R R BRI RN, RS R
WS PRAR, BER—E ST, IRt E AR 1
AR R TR AR R B 10 B, FEEUR T i
KAE. RIS FEXT RGPS, K1 26 5 HER 2R AE
i e R B 20 B U B S5 R, 2 R 2igb
FasE. HIAT40, BERT-LS R4 B i fa e It
L pEE.

3.5 RSN

1) A A i A R R 5 20 B
% 3.2 ~ 3.4 TSI H R € =X BERT-LS

0.30 -

- FEHf A R
0.28 | | ¥ ARIFEE L

- P-4
o6l .\-\./././././._.
0.24 v\‘\v/‘,v/v/'/‘/v

0 10 20 30 40 50 60 70 80 %
BEALIERD 1 L1

B3 AR L RS0
Fig.3  The influence of different mask

proportion on the system

0.86 -

0.84 H =< FEHR-R 4
- EHR-R4

0.82

0.80 -

0 10 20 30 40 50 60 70 80 %
BEALHERS 1 L g1

Bl 4 ASRIHERS LA R e
Fig.4 The influence of different mask
proportion on the system

BEAT oM, A SCOE R B BERT-LS 45 3.
8 LexMturk £¥E 44T SLEG I fE v, 294
A 35 1A] BB A 10 B, AR R AR A R VR — A
FE BRI A B A S AR B BB N 1.6%,
Bl BERT-LS RAE 8 M b A r= AR — A
R AR, A B e 1/ £ 15 B 1% b
BN 0.8%; 244 i ik i 5 30 1), iZ B
%N 0.2%.

TEARTT R A ik im B0 A 10 i, SR80
(G A — AN ILTE “FR2E v 1 R R AT Bk
YHT. 5 R T 8 AR, S T RA). N AR
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Fig.5 Evaluation results of different number of

candidate words generated

() “HRRE7 | HE R 5 gt B A 1A Rl e & B X, &2
ZR A AN R RIZR PRl

2 5 iTLUE H, A1 5 R HARE %0 “de-
monstrated” fEIG A “UEBH . IESE, JRE. R
R, (BN TARES HE R Z R E
N, X EAEAE IR, WA RGE I “proved (IE
) & A E Y A AR A) - 7 H, “dynamic en-
ergy” HAEITPE N “BhRE”, Rt “dynamic (3)7111)”

W& B R B AR A7 8t A “altered
(B2, “modified (%) e & H A ) 6 B 4K ]
X 3 AEE R T AN TIEBRAR S & 8.

MR M 5 N (F) 1. A) 2, A) 3. A) 4 fl
1) 6) WA HE AT A — NS g i SR AR R
“H AR AR AN SR R R, %A 1 Ak T RE B
AT IRA R EE. WNER F, BERT-LS XL
B 7 AR G I RRCE R A 1) B R SO R R
EHE I E). ATRe Ky BERT-LS A B fig i 1] s
F T FEAE AL B B T RS B IR, M AE B A R
] BTG G B AT Ik 1] A BT A I i
A B R, AR S T A AR R R R g i
“the, momentum, velocity”. IXFEHH 2 I H b
(1), AR XN /T LA R RIS 2 5 A B T
(17, ATRER R K /2 2% BERT [iE R = K&
EIXHZA) 0 B RSB fEASRR TAEH, 7K
EFXFRL BB R, NELTR 2 ANT7 R TAE: 1)
7 BERT £ “[MASK]” 7 & 1118 o 5] NiE 24
(1% ) SCam] i SO, A TR 22 00 AR il 5 A
T Z (RO ARABLRE s 2) SREBUIA] AT f 4L 747 Bl , A
FI~FAT £04E 6 BERT #EAT 0, 48 J5 R FH S0 J5
() BERT A5 74304717 5 fa £ F0 4% 348 17 26 K.

2) fig3d I HE R AR A B

BERT-LS JLT- AT A MIFEAR# R4 B — A 5%
ZANEEMBERE, (HRERL RS RIFARELIE
P 55 6038 MG I B AR A E R e & B R, AT

# 5 LexMTurk %4 A pyfaifb a4

Table 5

Simplified sentences in LexMTurk

)T ) AR ARG e
1 Much of the water carried by these streams is diverted; Changed, turned, moved, rerouted, separated, split, altered,
veered, ...; transferred, directed, discarded, converted, derived; transferred
Following the death of Schidlof from a heart attack in 1987, the Amadeus Quartet disbanded; dissolved, scattered, quit,
f] 2 separated, died, ended, stopped, split; formed, retired, ceased, folded, reformed, resigned, collapsed, closed, terminated;
formed
..., apart from the efficacious or prevenient grace of God, is utterly unable to...; ever, present, showy, useful, effective,
f] 3 capable, strong, valuable, powerful, active, efficient, ...; irresistible, inspired, inspiring, extraordinary, energetic,
inspirational; irresistible
4 ..., resembles the mid-19th century Crystal Palace in London; mimics, represents, matches, shows, mirrors, echos,
favors, match; suggests, appears, follows, echoes, references, features, reflects, approaches; suggests
5 ...who first demonstrated the practical application of electromagnetic waves,...; showed, shown, performed, displayed;
suggested, realized, discovered, observed, proved, witnessed, sustained; suggested
...a well-defined low and strong wind gusts in squalls as the system tracked into...; followed, traveled, looked, moved,
#] 6 entered, steered, went, directed, trailed, traced...; rolled, ran, continued, fed, raced, stalked, slid, approached, slowed;
rolled
...is one in which part of the kinetic energy is changed to some other form of energy...; active, moving, movement,
a7 motion, static, motive, innate, kinetic, real, strong, driving...; mechanical, total, dynamic, physical, the, momentum,
velocity, ballistic; mechanical
8 None of your watched items were edited in the time period displayed; changed, refined, revise, finished, fixed, revised,

revised, scanned, shortened; altered, modified, organized, incorporated, appropriate; altered
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Table 6  Simplified sentences in LexMTurk

GER JEA); hRaks AR e
Triangles can also be classified according to their internal angles, measured here in degrees; grouped, categorized,

)1 arranged, labeled, divided, organized, separated, defined, described ...; divided, described, separated, designated;
classified

H]92 ...; he retained the conductorship of the Vienna Philharmonic until 1927; kept, held, had, got maintained, held, kept,
remained, continued, shared; maintained

3 ..., and a Venetian in Paris in 1528 also reported that she was said to be beautiful; said, told, stated, wrote, declared,
indicated, noted, claimed, announced, mentioned; noted, confirmed, described, claimed, recorded, said; reported

4 ..., the king will rarely play an active role in the development of an offensive or ....; infrequently, hardly, uncommonly,

barely, seldom, unlikely, sometimes, not, seldomly...; never, usually, seldom, not, barely, hardly; never

PERI M el BEIJEIRL. 26 6 oK REIA AE 2L a4k 1
A B P AE DT BRI R 4B AR TR A R T
SRR, B 1 PGSR HE T SRS A IR R B
A, WRIERE TR, R 6 nIA, ) 1 54) 3 ARk
) B A B AR 5 B ) F A0 B AXR] [ ISt AE AR 2
W R RS LB RS 22 OB R G R
158 FH S5 AR AR 1) 1 A 58 P i TV A e 4 B AR ] X
TR NA) 1 AR RGA “divided” RIS Zipf {85 A
3.649769, TR iE “classified” {18 8 Zipf 14 )9
3.83091, &4l N “classified” b “divided” 5 i &
L A) 3 WX A, AERA “noted” Y Zipf {H N
3.682769, 1M Jfid “reported” ] Zipf E N 4.179451.
BRI AER) 1 A1) 3 R R el A e B AR e &
B, 2B 2 ME LR HE T SRR A s A IE R
BRI, fER) 2 FR) 4 ) AR R SR A 34 1)
HHIAERRZS ) E & HE 4 5 58 5 1 ik B AR R 7R
FREE L. SRR, ) 2 AA) 4 i E AR
1] 2 A HR 0 TR A A 1], (H R AEARZE TR
PR 22 5 ) 25 AT 0 d K, BERT-LS 1£
RZFEGIH P22 T BRI SE 3, BT bRy 2R 1
JR R S BB A R k. Rk, BERT-LS 78 {64 i)
AR AN LR B T B RS E ORI S R
U rIPERE.

4  HRIE

ASCER T AT HUE S SRR R
B WL 7 BERT-LS, FIH BERT FIHEALE & Ak
Y EAT i 328 18] 0 A2 BORNRE SR . AN~ AT 1 R
B = B FE S LT, BERT-LS 784 sl f i %
WO FEHBEERE T AR N HERE T 440 B T
. AE 3 NS HERE S Lt AT OeEe, Seat g R
i 7 BERT-LS H45 1 & 4F (IR, T BERT A
FIF T RSSO EHET IR, P ANERE S 1 BERT
FEA (G e, EAE . VRE HIESE) i ok,
DR 112 7 9 ] DASE A 3156 V8 5 ARt 473 1 T4k

BERT-LS [J—APR il & A 58 A8 Ble— N 1] 1 A

s AR B R R Wi, N — BRI BERT-
LS SCHF 2 A AR, D et R S A .
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