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Abstract

Automatic evaluation of machine translation is one of the most critical tasks in ma-
chine translation. However, the source sentence information is completely ignored and
only the reference is used to measure the translation quality in previous work. For this
shortcoming, the paper presents a novel automatic evaluation metric incorporating the
source information: extracting the quality embeddings that describes the translation
quality from a tuple consist of the machine translations and their corresponding source
sentences, and incorporating it into the automatic evaluation method based on con-
textual embeddings by using a deep neural network. The experimental results on the
dataset of WMT’19 Metrics task show that the proposed method can effectively en-
hance the correlation between the results of the automatic evaluation metrics and that
of the human judgments. Deep analysis further reveals that the information of the
source sentences plays an important role in automatic evaluation of machine transla-
tion.

Keywords: machine translation , automatic evaluation of machine translation ,
quality embeddings , contextual embeddings , natural language inference
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0 5IF

PLgs S e 2L a B B AR - EAANEE—ERE L EEIE RS
PERE, LRETERNIE RS A 1R S EAHERUERI AL - B, BFFHLER S0 B BTN L2 B
FERIRBRMNAEEBERNE L -

TR, FEZHLERIRESCE SN AR L, BENTRILEEIE RSN E LIRS
NI S HEFEHT R E B2 E ¥ R E - RIEX N XAES FRER, Bl
N ETFIAEICEL A /75, WBLEU(Papineni et al., 2002)FINIST(Doddington, 2002)%; #F
RIEANEEEMICEL R /7%, WPOSBLEU(Popovié and Ney, 2009)F1POSF (Popovié¢ and Ney,
2009)%; ETIREE UEBILEK T, W5 ABRRFEFMeteor Universal(Banerjee and
Lavie, 2005)#ITERp(Snover et al., 2008)5 ~ 5l A¥E LA PR ERITEPRMEANT (Lo, 2017)%%
%o ERBASMABRMEEBRIES OB R IZNA, — S5 3E F 8 5 R R R
I 42 W 25 5 AR 5 L B R G PR SO T2 % 3 ST S B sy, & T ER S
&Eword2vec(Mikolov et al., 2013)#) /7 ¥ (Chen and Guo, 2015) ~ T 371" A 2BERT (Devlin
et al., 2018)HYJ7 % (Mathur et al., 2019)~ Fl % T 122 () 48 454 1) 77 1%5ReVal(Gupta et al.,
2015)MRUSE(Shimanaka et al., 2018)55%%

INTAT, XL TTVETEAN LA 1% S0 0 3 B B A 2 B EBLEU (Papineni et al., 2002) #9343
e PERESUEEOE T A LS E R, HFERESE” - WX MW AE L, FCEEhF AR
AT BN FCMA TS FE WAL - Bk, B3 A3 R 72 28 TIRIES A
¥, BRI MR A 7500 P A A B T3S e . BT, HEIGSIRIES A
FHATESCHSNEM IR, FLREREIE S H TN S5 AT B R - Bk, Ff1%
I ANFRE S ) FAEERE TR E M E (Quality Embedding, QE) , JERFHEE
FBIEIE | & 0% S H SR 77 ¥E (Mathur et al., 2019) TR B R & 858 F 3L B shitMr, &
mFESC A BNEN 5 AN T AR R

1 MXRITAE

TEEETIRE MM SR SCH B, Lo(2017), FChen(2015)% A3 HiF FH 17 &
B RN, BASTIIZREIA A Eword2vec(Mikolov et al., 2013), RiEmLasF LA L
22 3 SO HURS [R] SCIA] ~ 3l ST A B R SR U A VR 2 « Guzmdn(2019)%F A& T — & T
1 [ A L P RIS S H BN T, REMRESEANLSHFE LR T, h—
RILER SO R R IO, A 2R 45 AT LU s il F 3 [ B3 AR A 3 8 B AN X
FIR o Gupta(2015)55 AR & T W 4544 A K FEHEAZ 4% (Tai et al., 2015) (Long Short-Term
Memory network, LSTM) M HL&8 3 A A TS H A TG, RIENEHZETEREERM
Fe At EALEIE LRI &S 4 - Shimanaka(2018) % Af# XU MLSTM (Bidirectional LSTM
Bi-LSTM) S HL&#E SO A T2 % 3 0TS, HF FH 2 2 AL B AT o AT 833 5
FI &S5 - Mathur(2019)% A FBERT(Devlin et al., 2018)15 5% 17 [a] & FIBi-LSTM M 4%
G INLERFE A LS B R NA) T RoR, FHR BRIESHEES B &5 (Mou et al.,
2015) K3 38 751 #E PR AL (Chen et al., 2016) (Enhanced Sequential Inference Model, ESIM)
FIABIWLEFESCHENEM F, ZITEEWMT 195 HENEM S (Metrics Task) FHUS Tk
RIS, B, ASCREMathur(2019)58 AR TAERA B, R HEE S 6) 7RI BUE R
BN HIEM S, - PHERFESC SN AOTERE -

2 HEMMA
2.1 ET B A & 13 BshiFm

HORE S T RIERULSE L (hypothesis) & & AT EUATTRIEA] (premise) FHIHEBTIRER,
CHELHNTFMHEFIEFHRLL . BRI, SE A TLSEF R (G /1
REME, RN ALSHE LSRR () MREREWEE; 2K - A BRIE
SHEWTAUHEZE T, Mathur(2019)5% A & 5319 [7] & 70 A R L8 UM A L2530, HR
PR A AL BAR R B A IE LR & - B RIE 5 HEWT E & 5 (Mou et al.,
2015) LA KX ESIM J7 ¥ (Chen et al., 2016), Mathur® A4 Fl#& H T (Bi-LSTM+attention) gprr 15
I H B IER (ESIM) pprr 3 3C A EIEM 72 -
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2.1.1 (Bi-LSTM+-attention)gggrr ¥ 3L B BT 771

W4 BE N1 10N 52813 S0 R N1 LR850 53 5 R FIBERT 15 5 17 [0] &3 1T 20K
{8 FIBi-LSTM M 28 X Hof 7 g AB A5 8 N TS B UANLER U E & £ 30E UHR & %
Rhey, (T =10)~ hyy, (y = 1.0, 3B A& SFSKE A LS % FE RN 883 S0 LR AR
BEA, ARITZEa;; = bl hy,, FIFAARIEREREA, H&n, b, HHEATSHFEIRVLEEEH
FEFR:

lr
- exp(a; ;)
=S o PAed) 1
' ; Zj exp(a; ;) @
!
= S, 2)
' = > exp(a; ) '

FAR P B BT, A S, BN B, FRh, S M S, R

T G B o T B SR8 55 S B B R 6 RO 018 (Chhen o al., 2016), ¥
(B Bh D, 4 BT B (LR P (L, HM 555 BIDE B B By P, 6 LR %58
J1E(Mon et al., 2015) 4 P {5 ) e B0 7 MR A B AR S 1O 2 % ) B

m=[vi®v D (v ©v) D (ve — vy)] (3)

HAff5 ‘o ZoR M EHHERIE, 150" TR RMEZILRMIRERE - &EAEmEIE
BT LE P 2 R A T IS SO T2 B3 CRORRIRE R, RIS & 1550

2.1.2 (ESIM)BERT%)‘C H i ik

ESIMJ7 ¥ F A 20 (4)F1(5) it B AL SR 15 300N T.5 %5 3% R R 8 W Em N TS %
BEXHEHLZRIF LR R R W Em, . AERERSHE MM, FH RIS E NS 2
Fm Fim, B e 2R B 4E & - Bi-LSTMM 28 8% F/E X B 4E 5 1015 BT 9w ag, DAEG 2 H
AEE BB LT XRRME - oL e mEF T PR R, s s
Rravg > Vrmaz 0t avg ~ Vima BEATHHEE, TEREEKE M Ep, B

my = [hy © h @ (ht ® ilt) @ (hy — Bt)] (4)
my = [hy & he & (hr © ﬁr) @ (hr — Br)] (5)
p= [Ur,avg @ Ur mazx ) Vt,avg ©® Ut,max] (6)

B 6] B p B VB ISR 22 M 28 B A T I L2813 SO = 1590 -

2.2 BFXRERERRRTE

TR &R &R EE R EN mE, ©NIEE S AT EAE RN #RE S
HE, ZeAFEEDANLSHF TR . BRI ERRE R ERBUTEREETIEA
/4% (Recurrent Neural Network, RNN) [4RiE35-fEiSes 7 (Bahdanau et al., 2014) K77
¥ (Kim et al., 2017; Li et al., 2018)F1Z& T Transformert& (Vaswani et al., 2017)#) 75 % (Fan et
al., 2019; Wang et al., 2019) - ‘EATPRHEE S 77 FAHAL &3 S H 58 624 > 177 2 A 2114k
UFEP AL AR B Y AR (8 FH R 5 252 M 48 046 1T s0 f tmax 53 28 Bl — J2 W 48 F it ] &2
TERMLER B E A B RN & = -

BERESAT, NTHRBVLSIECTEMENRENE, ETRKEMEM %A

(Unified Neural Network for Quality Estimation, UNQE) (Li et al., 2018)# F{EFE BT & 7

B o BRE P M SRR U & M THES BIR LI IR T RNN A5 5% 2555 2 R T A
FTRNNWTIN S, AT URBCEMA R R, H Bz AAEWMT18A] 725 i & i E5
S T LR ARG (Specia et al., 2018), HESE T HAR -
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3 HiEFERERNYLEEH SN

N THIEE S A ERTINEL M T, BATURENEENTIAR, FEEFRiEs
AIFIFOL LSS IE R BRI R4S E AN LS EFECE I MLES RECH R R m TRl & - 1%
BB R, ERFFSsres mtflre f 7 AR RFIES AT - MAFE XA ALSEREL .
B0 #A B I UNQE T 4 (Li et al., 2018) IR TE 5 A1) R0 HCATL 25 13 S0 A 52 B HS 54 B 35 ot
BB ERE, I EMNABL-LSTMM 4 B A F 0 R E W&, KA D#RE
i (Bi-LSTM+attention) ggrr 2 (ESIM ) pgrr /7 1% (Mathur et al., 2019) 8 L8 iE XA T 5%
VRN ER AR E, B LRI RENES T BRI R R BT, Ko
Je P v A N R TR 222 90 28 AT 281 SC i 24547 -

Score

Linear&ReLU

Sentence representation Sentence representation
of mt given src of mt given ref

(Lwpontos ] [ stoxpoung | (Bi-LSTM-+attention)sssr/ (ESTM)sexr

Bi-LSTM

Quality |
Embedding |

I’m relieved . BBLT . B 1R KR .

L. GIABEIOR & A S IR 231 00 B s PO AR TR

3.1 (Bi-LSTM+-attention)pgrrqr P X BB 1%

HI T RIS 3 ) T AL 28 S PR LA B 1 B R I A, BIMLER R SR A
(token) BFI— 4S8R RBALIERE, ML ECMA LS %S TR LR R HE
MEEOTE, HTER-BRE-EEFHE, BERRRARE —SHERETRAE
R - Bi- LSTMIW 4 4 FI S A B R R 1 B ege,, (k = 1. L), Bley,, WAS LT
IS BHIA R (k= 1...1), B A h BT BRI AT, F LS A R
RIS 5] T A F R R B R R vge:

hq€7k = BI_LSTM (eq€7 k) 7Vk € [17 s 7lt] (7)
! 1
Vge,maz = rl?éi( hqe,ka Vge,avg = E Z hqe,kz (8)
- k=1
Vge = [Vge,avg © Vge,maz] 9)

H AT 5 0ge,avg RIS hg AT FEIHA T HIZEIR . v man RIS R HEAT TR IAL 5 HIZE
R, EFRRATHREFS
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FENLERE SO A TS % R A BRI 98 [0 & U5 1, Bi-LSTM M £ 4 kX N T2 %1%
SCRANLERIE S RESE IR M E AR, FAR(1)-(2) KB A LS E R LS FE M ERR, b
JEFI FECR) T AR ERZC(0) PR EARAE SRR T N LS 3 30 F FRoro, FIHLAS 13 A TR
/Tvto

T RN (E B ARG AL L B AN ET T BA R o, Mo 21T RS B 5RA
&, FIRREE S A B 5 20(9) AL B B0 A 75 U R (7] B vge D R T RCHT ) ] 7€ 4 2 7]

=

iﬁl:

@)

)

m=[v @ v, ® (v ©Ovy) ® (v — vy) B Vg (1

ot BF Frog o) F 2 1AL ST 1) By o B8 K AL ST 1] B mao PF 52 5 T2 B 1
B vpseh, B EIAL IS 8 Eor qug M B KA 7] Bopmae R SR TR A & - )5 5 17
EmEARIBH M SRR, T SR =S5

Yscore = w? ReLU (Wi +b) + ¥/ (11)

HZ28w, W, b, VENRIBEHEMAUE -
N TNGFEROFTESE, FXEANENTE D yscore S N TIFNIF I BT IR AN
RARLIATIAL, Pt B PRIEA#IAR D

M
1 ) )
— E : (i) _ )2
lOSS - M — (yscore h ) (12)

Hry e T BENEN T R FHERLASESCAT S, RO N AN TIRMER, MAI%GEE
AL -

3.2 (ESIM)ggrr+qr i X BEIPFH AL

N T EEITE S PR A, BT (4) 0 (5) B B NSRRI A T3 %% R
S BT, m, B — N PR SRR . S BILSTMA TS, LUBSIER
WS BHE T SRR B B flm,, W (13)-(14)FT% - 9 T 3] AR B IR0 22i% 3 [ 3T
B Bl T Rem, Firm, T AR A M (LI 801 B 51385 S0 B 80000, avg T0ge max [ R 3E
%ﬁﬁ%%%ﬁ@%ﬂ%ﬁ%ﬁ%ﬁ%%ﬁ%ﬁﬁ%@%%ﬁ%%%%%%kuﬁwmﬁﬁi
Blit Zre

i = Bi-LSTM (F (my;),4),¥i € [1,...,1] (13)

My j = Bi-LSTM (F (m,.;),§),Vj € [1,...,1,] (14)

P = [Ur,avg ® Vr;maz ® Ut,avg ® Vt;maz D Vge,avg ® Vge,maz) (15)
Yscore = w' ReLU (W5 +b) +V/ (16)

HEE . JHRTIAFS, FRFBIEREIRLUN SR B EMER; (15)+
155 g P15 e 11 5B 2 PP TR AL TR 51,009 TV a5 B, FHIHAL T
BRI : (16)F 0, W, b, VE LA RS M AR S AR, BT
P EFRABZE VI 258 b B/ ML E BT S yeore 5 A TIFN S ARIIEI T 22, 72 (12) 7

A

RE T WLas AT RAIMESE, BT EBAMIRE (BOUSE) PyLEs RSO a) 740
BABCFEEARIE RGN AGRS (BOCEEH]) B .
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4 SEE
4.1 SEHEE

N T ARSI AR E B ANLE S H BN TERIRUR . BATAEWMT 19 Metrics Task(Ma
et al., 2019)ITEIEAESS - PERALFZMBERES TR - N T B REESCH SN T ER
PERE, FATTEMEWMTNE 75 BIEGER FH BUR R R 2805 B 18/ R A H BIH& B 5hiF
e AN VRN G5 SR R G RA M R EFI 6] F R RNE, FRFRME R R BECE /R R R
HoBOK, MERVEBLT .

UNQEFEB R F 8 « AR5 E IR M E4EE 700, FEHRAESS F 2 &4 5500 -
A A Bi- LS TMPE 2 IR S 4 4 [E] %€ 79300, DropoutiX & 40.2, {#HAdaml it 25 4L
R, WITAS>1ZR0.0004, YRR KR/ N R32, 8 H “bert-base-uncased” $& B 3 H] & 15 1A
&, f#/H “Dert-base-chinese” FEHH S A) FIBIR1F [H] & -

TESEES Y, FATAOUR AR SCHE ) J7 1% 5 BLEU (Papineni et al., 2002) ~ chrF(Popovié,
2015)LA &BEER(Stanojevi¢ and Sima’an, 2014)% & $ f) FiE#F 47 T &, A
5Mathur(2019)% A& H B Hh WM 7%~ SAEH AL S % 3% R &R & G377
TXUNQE(L et al., 2018)#E4T T % b o 75 2 Ui B B & Mathur<s A SR & PG M 7] B bRiE =

(HanfEsefnse) 30 H S EMIZREERRETEIIZE, MEASIATIRREE, HE%
FRIESCHT 937 5K Bk 9032 A RIRIE 5 22 SR R SN, Bl TR0 &35 30 A B 2R S 5L
PE MR o FEOETE S A A2 WMT 15-17 Metrics task(Bojar et al., 2015; Bojar et al.,
2016; Ondrej et al., 2017)EFIE S XA FRANESEIRE - X THEMEMESNTS, 8
YNGR YNGR BRI RN, LA T CWMT 18BH1% it & 1A 75 s Fl s B F 5T E
HIERL . FEETT A RRO: LB R IIZR AN &K £, s fnsar J7 m 58 2 FHCWMT 185
RV EIR IR EMIT X8, BREIRSITRITR « W& HIWMT’19 Metrics
TaskHVEGHES, BAEERSITHINER2PTR -

de-en zh-en en-zh

YIZ8E 1458 8785 12865
HFRE 162 1064 1040

.

1B PIAIEARIIGRE - FFRERIEST

de-en zh-en en-zh

systems 16 15 12
WMT’19 sentences 2000 2000 1997
sum 32000 30000 23964

% 2. WMT’19 Metrics taskf&3 « FHIAI gL LSS A0 SR E R S 1T

4.2 SCEGEER

FRIMEATFIAEH TAEWMT’19 Metrics task 5| AJRE S A7) F18 B BE S B 3NEMN H1E
5% HRIE S B BEN T ES N T B )T 00 F1 R GERA A A -

Fe3REE R B ATRE F A 715 B 17 £ 4(Bi-LSTM +attention) pprrqe” Fl“(ESIM)
perTiQe EEH « FEMAF=ZAFBEN L, EATIFENMHAE FRIME XD
1B 4> B = T 8 5518 ) & 19 A % 4(Bi-LSTMA+-attention) gprr” F1“(ESIM) grr” » “(Bi-
LSTM+attention)ggrrqe” 8 ¥ T “(Bi-LSTM+-attention)gpry” 7E 2 95 « H1 3« T =M E:
% LA BT T4.6%~ 3.2%F13.8%, “(ESIM)pgrrqe” X F“(ESIM)pprr” 77 15 4 5 12 7+
T7.5%~ 2.8%#16.3% - H H¢(Bi-LSTM+attention)gprrqe” H IETE = & B X L% H A F R
iJ Ea&?éﬁzi@%ﬁi% o XU BA 5 AR B BERG SR AL 2 130 B BN 5 A TR0 A A) F 2 51 48
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de-en zh-en en-zh avg.

UNQE 0.011 0.243 0.258 0.171

sent BLEU 0.066 0323 0.270 0.216

BEER 0.128 0.371 0.232 0.244

chrF 0.122 0.371 0.301  0.265
(ESIM)ggRT 0.134 0362 0.336 0.277
(Bi-LSTM+-attention)gggrr 0.153 0375 0345 0.291
(ESIM)BERT+QE 0.144 0.372 0.357 0.291

(Bi-LSTM+-attention)ggrr+qe 0.160 0.387 0.358 0.302

* 3. WMT’19 Metrics TaskHI{85 « FpIeMizesp LS5 £ B 5 A TR A) 7O k4

de-en zh-en en-zh avg.

UNQE 0.264 0.688 0.916 0.623

BLEU 0.849 0.899 0.901  0.883

BEER 0.906 0.942  0.803 0.884

chrF 0917  0.956 0.880 0.918
(ESIM)gerr 0.896 0.951 0.967 0.938
(Bi-LSTM+-attention)ggrr ~ 0.910  0.956  0.965 0.944
(ESIM)pgrT4QE 0.806 0.958 0.970 0.941

(Bi-LSTM+-attention)ggrr+qe 0.917 0.972  0.965 0.951

# 4. WMT’19 Metrics TaskfIFE5E « AR FHEALSS B HENEN 5 AN T B RS A A R

FEAR F PR 5% B AR SC B 32 7 1 4(Bi-LSTM +attention) ggrr i qe” F1 “(ESIM) ggrr 4 qr” 75 12
P PRAEF=DES NS B, 5 ANLTIEG B RGHHHE x ZEEIEE D 5 &
T 4(Bi-LSTM+-attention) gprr” F1“(ESIM)ggrr” » “(Bi-LSTM4-attention)pprr . qu” FHXF T «(Bi-
LSTM-tattention)pgrr” /7 IE LR « AR LIRA T0.8%M1.7%, EEFES LRFF—
Eg “(ESIM)BERT+QE”*EXTJ-%:“(ESINDBERT”ﬁ‘{ir—qj% HHUESS £ Rl T70.7%F10.3%,
TEREDE ERFF—30 XU S| AR (5 B REHS s L8813 30 B sh i 5 N LI i) RS0 A 5

e

AAW§MERﬁ%W%EU,méfﬁﬁklﬁ%wiﬁmmmﬁ%mﬁklﬁh
CERERAMERE .. REEEFHHERE LS THEFRAATLSEFZ LN E, HE
SsentBLEU /7 A 7E ¥ A) F 2 BIAE R AP RGBT A XM L ZBEH AR, f%$mﬁ
F LR B 1 (0.258) 1 B 2 = TBEER /7 1£(0.232), T;&@Eﬁ/wﬂiﬁwaaﬁé(o 916) L /&
FBLEU(0.901) ~ BEER(0.803) ~ chrF(0.880)5 /5 1% - X 1BH T i {5 B3 30 B e EAN IR 5
ﬁ%%,&~¢Wﬁ%ﬁ?£ﬁﬁ%ﬁiﬁ%ﬂkﬁiEﬂﬁ%%%%%ﬁiaﬂﬁ%%@
HE -

4.3 EEHET

NT =BG TR (E B S B Eh M TR R A, T T A5 L5 BIHE T
BRI B B SN B SEFIE AT AT o SRS H T XN ESGEITIT 0 BSE ], EHHTERZ
FRRILER SOt N TR BRI S % 3 ref R BN/ RBIRESIELKENE, B
ATABERFEATIT A RIEE R - BEhiF0 7 iEX I HLEs 30T 40k 38 A T4T43 (1-HTER),
FHZ B B AN 7 VERHE SR RN RS -

TEH— DG, JRIE S A o 35k i 38 8 R 7 R A 15 SO B 2 6T LR E . R AR
IRIFRE S, (H(Bi-LSTM+tattention) gprr F1(ESIM ) prrr A1 48 T 1R i B 42 A ﬁKi%ﬁ%
:J:Tﬁj\iéj Eﬁ% L]\IHTER&I\@ E Eﬁ (Bl—LSTM+attent10n) BERT+QE %H (ESIM) BERT+QE ji /i A l:l
TIRTE S A T8 BXE SCGHAT A, BE S R AR 1 SO 2 B AR, R, L FX
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thEAa N T2 %3 3UE BIT 9 1 (Bi-LSTM+-attention) gprr A1 (ESIM ) ggrr /7 15, 51 ARG E S /)
JIEEAVEM B - R AT, NESEECPHEESE . SEMERNEN, HiESa
FH “Tokyo, Japan”# it FERIEER AR I FICH AT o K THXFFOL, AICTIEMKIR
. (Bi-LSTM+-attention) gprr A1 (ESIM) pprr 58 2 N TIT 7345 RHTER - X BRI UL T 45 &
Trm (5 B HILERE S B BT 7 A RE B 38 40 M VRIS 5 6] F 15 BXT B U & AT 4

src: QIR ASA T A PRI TT A T R Ui L2 P, el .

mt: This scale of urban development urban traffic is both a challenge and an oppor-
tunity.

ref: This scale of urban development urban traffic is both a challenge and an oppor-
tunity to urban transportation.

ANT#T43(1-HTER): 0.833

(Bi-LSTM+attention)gprri5457: 0.883 (ESIM) ggrr /543 0.862
(Bi-LSTM+attention)pgrrqefFs: 0.833 (ESIM)pgrrqef3s: 0.845

src: The African Development Conference was dominated by Japan, and the previous
five meetings were held in Tokyo, Japan or Yokohama, so this meeting will be the
first move to Africa.

mt: FWERLZWHBATS, ALRSWAERS - B AR EZSTT, BEiX
IR & VORI BB — IR BRI 28

ref: EEWFHFLSWHBARES, HATH LIRS WIZE B R RAEEMESET, B
i, AR S VALK 2 E IR -

ANTFT43(1-HTER): 0.836

(Bi-LSTM+attention)ggrr 593 0.705 (ESIM)pgrrfE493: 0.904
(Bi-LSTM-attention)pgrrqefFs: 0.888 (ESIM)ggrrqefF5: 0.879

* 5. ANE BRI T IES LR R ST 90 5L

5 45

AR H 5 N R B B BIVLES 3 L BN T - 5E5IRIBLEU ~ BEER ~ chrF& 34
BFrFELL, SIAVRNE BROPLES IE X BHomEM AL, Ma TIRIBES AT - ALSHIEL - Pl
BN =FREER, SRR 2HBEESH R FE URE - AR TIEY, AT A7EE KiE
BHE - BZANES X BT, US| AN e R T ok 2 iR RS R, DR ELEY
BESC BB JTIERITERE -

22 ik
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