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e, ECERIESCHIENEIE, 21, EIFEERE. N, ZOUR HETERUNEE RN L
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R I&Dropout i BN E EIEE VLA, TREBIGEW X 4 e HUR 1A 7l &R
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Abstract

The semi-supervised neural machine translation based on back-translation has achieved
remarkable results in low-resource neural machine translation. However, due to the
scarcity of Chinese-Myanmar bilingual corpus and large structural differences, the self-
attention mechanism at the encoder of traditional Transformer based back-translation
cannot effectively distinguish the influence of the noise of pseudo parallel data in
translation on sentence encoding, resulting in problems such as omission, multiple
translation and mistranslation of the translated text. Therefore, this article proposes
a semi-supervised Chinese-Myanmar neural machine translation based model uncer-
tainty. In Transformer network, Monte Carlo dropout based on Variational Inference
is used to construct model uncertainty attention mechanism to obtain sentence vector
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representations that can distinguish noise data. On this basis, it is fused with the
sentence encoding vector obtained by the self-attention mechanism, so as to obtain
the effective sentence encoding representation. Experimental results show that com-
pared with traditional Transformer based back translation , the BLEU score of the
proposed method improves by 4.01 and 1.88 points respectively in Chinese-Myanmar
and Myanmar-Chinese translation directions, which fully verify the effectiveness of the
proposed method in Chinese-Burmese neural machine translation tasks.

Keywords: back-translation , model-uncertainty attention , Semi-Supervised
Neural Machine Translation , Chinese-Myanmar Neural Machine Translation

1 5lF

ETRFENTEESHERER/EREFIES X, Wk, RWE, S TR EE
Seo IR, XTINLEARENE, B TIERRIREMENN BEMEREOR, BEEKHERFE
i, 23, BEERINE, F8E T Transformerfm s B Self-attention L ] AN BEH %L X Al [A] 15
R AR O P AT EOR B R N ) RS RN, BUEENE T N T E R BRI R R IREY
TN BRI AE - nENETR, EDGE-AimEEEIE DT W L, mysE B AR E S 0 TS B S HE
R, zh-bases (£ 41 B3 7 1 B S PAT NGB E BRI ER15 21 A0 40 518 — DUE BB B3 AR Al
FINIERIERL . FEEE T Transformer 8133 77 V2R 40 A & B 1B my [B]15 5 £ 75 Blzh-base “R Q@
fraa fleo flae Hea f, [Haa . 7, (00 E£BPEMALGHER) ), SiAnFFrEks
R 738 1 S84 R I8 Dropout B Y [B] 13 5 78 FH 1A 2 A1) B RN 8 1 K/, AN E MM
M, MR IRZIA R ZRA 8T {5 (Wang et al., 2019). “HE" X MAEX M) FHEE
HILTRR, S5ELEEES B IEREER AT (G < <@l - <HhER) AEE, WEREITE
FEXPEE N IHERRKER AR EEE (BRI ERRR<0.1508857) |, [RIFFXT H IS
RG-SR EMNERS (“0.116445”7) , FHHzh-basefE B TN B A 1R AHER
AR, BHiE, ZERNRH.

my: %o la'f ‘o £3@@ @@ B 2y 3m 3 < g5 L @@ eepm © b0 ©

zh-base: ﬁﬂ@@ @@@ E@@ E@@ it '
0.007120 0.204566 0.172024 0.228607 0.137386 0.000081

#ee@ || #isee tee || Zhee || 7@@ tE&
0122404 || 0.056681 || 0.094535 || 0141943 || 0281515 || 0.140450

0.000070 || 0.000033

¢

my: gm § ‘i“,@ sco & s@ gonm & §P:@@ o £ n@@@éi@@ i< & £ 360 -

@
¢ 6qpC - gPi0D § oas@:s@@ 9 MI@@ @@ oqm ~ g2 i

zh-base: | A@@ @@ hee fle@ HA@ &
0.132633 0.049105 0.104230 0.252785 0.150885 0.099532

; Hee =] ‘ ERf
0.000096 | | 0.069730 || 0.057263 || 0.116445 || 0.000102

Figure 1: E -4 ) 15 B ESS PRI R fmodel-uncertainty 717

my N A EIER S, zh-basestmy?s % 53 8] 13 77 & I 2k B B AR T AS B A DOE RS AR
TE 1% BitransformerZR F 78 2 N 45 & BB E M@ EAR (Wang et al., 2019),5& tH—Fh#T Y
Bk, ETERENHEEL R B DA s 2L as B B, 50 T R <8 1 mil
 Transtormer RIS —2E(T, $2H SRR E R A IR, P E VR T BB A

E, 202148 13HZ15H.,
(c) 2021 FEFEES
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EME 51N EEmbedding T IR ERIS LRI SN 2B AR SS b S256 UE BRI R
PEAR A B U AL S BE BUARE B SUR M ANE R 2, B EIEMERE, 7E165 FIT4IW
EHUEE FICE-AE RIS ERATAT T 24.7200BLEVUE, ZHM1E-TOERIRIES FFA]
15%15.95fBLEUE - ARSCHIDIRALn T -

(1) 3R H TR E A HR AR BN 2B B, R H DASER SRR &
WL GG SEEN T B R AN 8 P FFE Transformer g G — R FAE, R T [813% /7 1 5 A 7E
PN 2S BT S5 P AR E A A .

(2) RHEEB AT EEER NG, H BERIVHEREEUN E % 5 Embedding 7T
FERLE, (HYRiSumRE T I AR B DBk B A) F 1a & RAE -

(3) TE16J5 HOTX A XNOE BG4 b POE-20 3 78 FF T 5 B A 1A 2124.72/BLEUME , 4 f)
- POBEBREALSS A 135 215.95F BLEUTE -

FTT LR T 40 B AR B R N B B A R AE, SE3THEIA T AN B MR
fIp BN AN AR B BRI B A, FaTE S ST ], R ENE AL
;wm@%k?mmﬁ%Tﬁﬁiﬁﬁmﬁ%Kiﬁ%mm%g%ﬁﬂéiﬁﬁ%ﬁ%%ﬁﬁ
— BRI R TAE -

2 MXIE

IR R TAERI S AWK, 43 Bl 2 20 A 1 1) e S LR 8 DAUSIR B RS 5 1R S LA
FHEMR - 5 TH@EPVSEENR TE: BEl, HTAHEENIGERIRE LD, 5
T4 ) 7 LS B IR O AR, Nwet&E A (2011) %2 H —Fi 1o 40 f) 18- 5% 75 1R 6 5F [ 9%
MOt LanBIE Vs, HTXMTIEE—ERE L2FFERA/NIREH, NwetS A (2011)#
— IR LB Y R ANOE B AT R RALES BT o DR T4 AL AR BN I ST
RETHITNTR, BT 7 2T E RE R NGE T BB E 2 WOE-FAT R, giEiER
— PR BRR S AE S, MRS AR 2 E A TG - G5 —MHIER
BRAE S, BORKEIEE S ML IER NEEZGR: ()ETTBE M ENL 48
B (Lakew et al., 2018; Sachan and Neubig, 2018; Dabre et al., 2019; Firat et al., 2016):
EEFZREAR, K EIEFEIE S ISR ST B 2R RS SN I gk -
) VE A EAE B 2 R BT EE RN, BN TR S ) 0 BAR R AT R B 40 A 1E L
FIZLRPEREAEE - (2) PR BE M HL28 B P BB R PN A R ICE R TR AL BEE
37 ¥: (Sennrich et al., 2015a; Gulcehre et al., 2015; He et al., 2016), T 2648, [HiF (Back-
translation) 75U ENLARENFEA H FIEER T AT Z WA EIR (Sennrich et al., 2015a), [H]
B B A TR B SOERHERE VISR 15 2L as B, ARG 2RS4
B AR T s B T BB A A GE DR~ AT BORGE T RHE o K5 B SEANOE AT 18RRI A2 55 Y
HPTIR G 525 HRINGR - B X P e rfE BAEFE S, B 2 A TR
TR N ZRBET - R, BN ENLEBIEEA A B S IE R TEr B A RERE, &
HEEEIR S AR PR, WHA S S EIEIEGE, FrAlfEZHIE (zero-shot) EF L,
HTRES S BESESEREERKR, L% BIRES 2NEES 7 M ENEEE)I 27
BRI EL, WAL AT S, TR RSN SEONRE H 8 HIRE S 2ITRIE S B BHER A
2%, bledlEM%, #H—HF2EENEE BTG S im B GE BRI R, A7 A8, I
B, L, HEIERRE .

3 A

AL TARFELEWang® A (2019) TAEF BRI B S R TiE, (EHK —MREEA
i R B IR IR N 228 [ 2 B R AT ) B0 B TR BB E M 0 PR DU DL 2 B i R
%, (ERETISRI AR 332 O 75 RHA) T4 A B BERNIE = B 6) 7 P AT TR B AT E R (E, RF
TR € ME Rl transformer® — R RAL, ] B EE D HLHIR R PR R T E 1 5 T
JEEmbedding AT IR RS o 3. 180 FEAR R AN 2 1 D9 A AR A TG 2 3 SRR A B AR
18, 3288 R T BT ANE E METE R I HL ] S Self- Attentionf S WL HI SKES, 3388 BT T K
RN MR L B

%:ﬂi&ﬂfﬂﬁ%ﬁ%‘(ﬁ)ﬁ%”i? P e i G
c Al

e 20214E8 H13HE15H .
2021 HEFERH ST HET 2T S
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3.1 REBUNH N AR A LS B R

T DU TR 2 > Bt i, AN e VA B LA e RSN A [ i A\ i LA B O T U7
TERHRE, EARLTIES, FATELE (Wang et al., 2019) TAE BB TIN AT E 1077
W, DU 4 o T B S I T S LSS B R 400, (B
I~z R Monte Carlo Dropout (Gal and Ghahramani, 2016) 3K 15 [F] 110 7% 71 B M2 1)
PR SRS TR R AR IR AT it — D R E N - Dy FRoR B HIRUE FA715
B, ?é‘fé—/l\ﬁEﬁiﬁgiiﬁiﬁﬂféDmﬁPB@Eﬁiﬁ%ﬁ%@?y%ﬂyﬁ&ﬂ@%ﬁ@, Ul i
M4 5K B AR A M BRI SR BRI D P(0y—:|Dy), W (1) Frox, [EE
AR B RE S 2ERE S BFEER R

( ’y n ’ A<nz ’ Ay—)a?an /P |y ’ <za y%JC’Db)dey‘)$7y(n) € {Dm} (1)

E21 B T AR RN E 1 9 AR DL e B A R OO BAR, lE’ﬂ‘#ﬁ*‘Eﬁj\ Fi [ (Wang
et al., 2019) TAEH BRI AT EIER 7%, ERFEIREF, G -1 ELXWEES
ATy, y € {Dp}, BEILFRER transformerS AL A5 TN H E’J:n T EARBIAE TN A
E’J’F%%”Tﬁﬁqué B TR I BRI R R AL ERE LA & o JE i B AL IE A NMTEER R 5

2L (dropout) FHEFITEEIFMRR (FRRFEFyM2EE) AT EIFBER IR . HRA
?WEIJKYJ\HT oy BB R R A KRR FAE) s F R AE Sk dropout /5 AL ISR, %4

ERKUCEREP(2]y, 0F) V. TR BIE MR A T 2R

n 1 K n n
B[Py, %), 0y0)] ~ 2= (@ |y, 227,67, (2)
k=1
A2 R R 2R ) T 22 AT RN
n) A 1 X n
VarlP(ely, a8, 0ye)) = 2 Y (8 19,85, 0,0,)° = BIP( Iy, 35, 0,500 ()
k=1

a3 (2)M(3), [EFS AR A EXS T M AT AN E MR R AR -

Var[P(i |y, 2%, 0,-:)] 5
E[P(& |y, 2%),0,5)]

(DR B REAEGE S, BOIAE N2, uncertaintyy, BE TG E HOEIL . H T HARRE S
£ T TransformerZs i3 ¥ii 1) Self-attention L ] A GEH 25 X A1 7] 13 /1 7= A 1 0 S 17 £ 98 ) i s
Wt AT R AD BN, A S I AE B R A B O P AT OB 1B R Dy AN AT BB TE R X
E’Juncertamtybt}: AART— i AN ER B3 N 25 A T AN 8 PR Y R A i o

3.2 ImiSum IR ANE E R R T L 5 Self- Attention il & HLH

I HL 3 R 9 T ¥ 5512 25 & 17 ik Aembedding/2HY, = (29,29, ..., ) )HIBS 2R
H ) RORIRTE 5 A) 7= E’]embedd1ng$713 PRIChY A HE A E% HAi e [l,]-
ﬂﬁattn(q,K,V)ﬂ?E%fﬁmﬁ?U Hrq, K, V411 £ 7Rquery, key, value- iX B — 1~d4EH)
&, KIVIZEEN K| =|V|- l—AkeKﬂmevﬂﬁ&E&MmiaieHKHoE%ﬁ
ML R T

uncertaintyy = (1 —

(4)

4 can((w-a)T , |K]|
attn(q, K,V) = Zainvi, ;= p(( qq)K(WKKZ)) 7 = Zexp((wqq)T(WKKi)) (5)

i=1 =1

Hhw,, WFWy i 7] PL 22 3] 1) 2 38 - fEVaswani®s A (2017) T 1F 57 i & 71 4L
filattn(q,K,V)HIEZ LEBIILH], AR SCHREUT X AL, L (Vaswani et al., 2017) T
1B, B R & SUN:

FFN(z) = Womax(Wiz + b1,0) + ba (6)

%:1*@43%%?%%‘(#;(%”1%, %35ﬁ—§€;45ﬁ REAIVESE, HE, 20214E8H13H E15H.
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Figure 2: BAUNHENE AR AN Sl B %

HeooZ2 BN, Wi, Wa, b, b BRIMSE . S gmisim BEAE 2 >] 5] 13 i &= 5w 1Y
FRRIGRAE, XA R EBIRAE (R, 85, Z3R0E) XA 78R &R
P, ASCRM (7). EFVER, e [L],

hl = a(attng(hl, Hi ' HSY)) 4+ y(attng (b, uncertaintyy, uncertaintyy)) (7)

H Fattn Fattn,, & NFEAZEANER I ILHERE (LAKG) . oy BT KBS
(AL 58 IR 5 Bl ] & 46 & SL 3G — DRI o Fl r § BUE RIS R AN EA RE 115 B 7 L 5 Self-
AttentionBl & HLH) - BEEH—F R AAR(6)E L IELM T HZFFN(), FEIHEE|TRENE
RAC T [ R R (ARSI R Hp = (FFN(h), ..., FFN(hy)) - e gt s 250 H e
—BHIBEHEZ RS HE - DR M A transformer iR G0, BRI RFFELAT EEB SIS R
WA T AT N IE o HFattng, attn., 7515 Rself-attention MR T AN E METE R AIHLH -

3.3 BEAHEMER YL

Transformerf #% /0 & 12 F £ 3k B9 B 1F & J1Self-attentiont/l ], & — M 1ERE I HLH L
HESMN TTEBRBMATF e = (21,..,2,), EH2r € d, ZEIWTHEEHREKENF
Fle = (c1,.ycn), EHe € do FERICF, FATHZ € n x diRIE XA A]F M 2 FFHE,

B ET SR R RSB, 364501, IEAIEEE,

hE, 202148 H13HZ15H,
(c) 2021 HEPFERERUHBET LN ER
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- d
Uncertainty context C € R™

’ Uncertainty Enc-Attention

X, € R™
Figure 3: AT E MR AL Bk R 2 B

Fazvmt € nox dbRig S SURA) 70 5T R RU N E M - aniE3foR, BB R E TR IR L]
EEZF

ci =Y duj(z™WY) (8)
j=1

HA14, 2 softmax R ET R AV E 2%

($§exth) (:Lﬂ{nbt WK)T
\/5 ) (9)

RETYANH E MEE R ILAIR JE TH BAS 45 6 0] 7 SO [r) & RAE AT AN 78 1R RAE RIFET8UZ 7]
&c, Hcen x d. fETransformerfildinfx/a —/2, BIEANEEmEE BINESFI - 6
X o OB IR A B ) -2 B o] B2 FA DU ) F [ B2t € n x d5 1% AT IR 57 RTRREL AT €
PEE R B € n x AEEBRAVLHIGE], XA FoRIDRAERT IHHEE] BT OB &
HAE, TEGRIDI AT ISR E M E R KRS TR Z HR0E, DU Se IR A R dmtd o 72
REFIFRIX 0% B ORERI PRI A £, RIVRTE, B85, 2100 . ERmE—EERH T
Y22 M LEFIZ 1T —1L -
4
4.1 EIRE

FTATFE D EN RSB T AT %, PR AY 7 ¥ Emulti-bleu.perl Hl A #& it I BLEU
(Papineni et al., 2002)7H 8 5% o YIZREE 2160k BE FATIERE,  H 20k A P40 XGE
188K B T Asian Language Treebank(ALT) (Riza et al., 2016), R PFRE B TEZES X218
#HZE (Christodouloupoulos and Steedman, 2015) 2L A TS, iBRBEIREE, XS .
A0 EE ) R B R R AR B R L TCBU SR g ) T AR B, e A), BERADTSNNE, K
T30 MAMIERI LUS , 0EE REEREME N 200k A /)5 BB A) 7 - KRR IZRE
& e WBIONOE AT I8 A1) « O ARG f) 75 19 5) F FH 20 TR 2300 16k byte pair encoding
(Sennrich et al., 2015b)FFATFRALER , POHE R B K/NR10k, 204 1517 B K /N R 5k o AR SR 5

G4 = softmax(

%:JrEEPVr%i%%‘?‘é)k%‘@li% %35ﬁ—§€;45ﬁ, PRI R
c Al

S S B B o
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FUANHA 78 1 20 PR B AL 2 B0 13 5505 RN A 7E Transformer (Vaswani et al., 2017). BE:AMl £ o f#
HSHKER = 0.9f6; = 0.98Fle = 1072fJAdam®® A\ (Kingma and Ba, 2014){E/L 25010
B . A 12 B Vaswanigs A (2017)ﬁfiffﬁﬂ%ﬁiﬁﬁwarmsteps = 4000Hwarm-up 3 #& >
B2z S 2 FERALIZRIHE], lable smoothing #8254 e;s = 0.1 (Szegedy et al., 2016) - 7EII|
ZxfMonte Carlo DropoutfIid A, dropout IS EUL E H0.1, KIKEAM20. ELEH, &
MHBESE LT E N2, o, v BUBRE4L2T AN 18 . FrA S 7L NVIDIA GTX 2080Ti
GPU Li##47 .
4.2 ZRiSum B AU E R E R N HLH S Self- Attention Rl & 1L SR HG
4.2.1 BB R I 5 Self- Attention Rl & H

FIRWAT AT o @ r ARBUER LR LERTm, HERATLGHa @ 7 =06 0.4
BUEZE— MRS S, fEa @ 7 =0.6 © 0.4HUEBIEEA b/ MERLUNT € PR E R I HLH DR
G Hpl SRR, VISR R RIS o 7 =0.8 : 0.20F T RFEHER24.72,
Bbaselined@&ft 74.01 1 blews, - HILFILIE H o &y BIARNRIBUEREBEGEE A [F R0 -

Algorithm Bleu A
Baseline 20.71 -
a . r=0.9":0.1 22.52 +1.81
a . r=0.8:0.2 24.72 +4.01
a . r=0.7:03 16.47 -4.24
a . r=05:05 16.73 -3.98

Table 1: a @ r ANFEBUE T BN E % E & 71 VL 5 Self-Attentionfl & b 5] 52 56 45
£, Encoderfil & ZE(4 N6

4.2.2 AW E M EE SIVLH S Self-Attentionfll & Encoder 23

Algorithm Bleu A

Baseline 20.71 -
F—2 22.46 +1.75
=2 23.86 +3.15
G=)Z 23.90 +3.19
NE 24.72 +4.01

Table 2: @ © 7 =0.8 | 0.28UA TBEEL I E HELERE A HLB SScli-Attention ZE A £ AU
i

SCYSIE B 7E AR Y g 15 i @il N ) F IR 5T Auncertaintyy, X B8 22 5] O 75 RHE) ) F FRAE
FH SEPRE R, 7RIS S BN TE MR R /1L HI S Self- Attention®l & H 1] R AT 1B 4 L
v A FE BRI R RS, HRE Y e © 7 =06 04 IRBIEREE R RIBER TR, #£
A i i N0 2 WO RAE S DT A T S, M B MR BE o o — PR A T g i i AR L AN
T € M1 & 1ML 5 Self- Attentionf@ll & H B IS 77 S B HHE R AT IR B L. K2R T
TEa @ r=0.8 " 0.2BUE MERUAHHE MEER I LHIRL G E gD A F R EO0 Seaa g v, i
FA DS, RN E R JTHLHI AL A 7E Transformer Y 2 s v & — 2 B R Y A0 200 SR 2 B 0T
() o RAEBUNI E T R VLRI & RSy BT — B G —BAURENIAR, SN E T
EE ILH R 7E SR — R I 5 IR AR AR N

4.3 SEEREE R RO A

ARIOEEXT SIS R
(1)Sennrich %5 A (2015a)F] F7A IR A B S P AT 15BN SR B E VL2 B A 2528 s i P 7
T AGEER, HREEINPAT NEERFE S PATE R — R YIS B [EE T 1 .

%:Jrﬁﬂfﬂfr%i%%‘(i)j(%wi% P e i G
c Al

e 20214E8 H13HE15H .
2021 HEFERH ST HET 2T S
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(2)ZophF&E A (2016)F 2 ST i B SR AL 2R UE R SR R TR A 5 VA RGE IR BT RE Sl 3

(3) Wang5 A (2019)7F] Fi 3 70 7§ 22 9371 S 30 T (25 8 ) 70 0 £ o e I e
fE -

(4)Transformer (Vaswani et al., 2017): A TR BN AE Transformer B2 | A FH [A]1
JTEAIRRER AN B T IR A SR 4E R -

(5)EE4.2TT KL R, TR A TTERE « @ =08 0.2, BEAHEHTE N
5 Self- Attentionfill & g i i 2 HUN6/Z -

Algorithm Chinese—Myanmar Myanmar— Chinese
Transformer 20.59 13.18
Zoph& 20.63 14.34
Sennrich%% ([A]1) 20.71 14.07
WangZ§ 21.44 15.17
AIT55 24.72 15.95

Table 3: FELLG4E

WNFE3FTIR, AR SCHE O 75 AR RN RE MR 2N SR B DR L2 B 3 BV AR DOE- 48 ) 75 B3 7
M _EBLEUEIA®] T 24.72 - MECT AINEIE 7 IEF ) B il Transformer (2017)7F BH 2 3527+,
& T4.131BLEU{E, MMSennrich% A (2015a)#& H #I1E 58 B3 7 % A FEE il Transformer 2
Tr0.120 A, RGN EE S R Buncertaintyy, 8 B4 B LR AT 40 3 (B3 AR A BURIE 5
BB BRI Z R, B, IWIERIRIE, SRR IZRAS AR R I R P AT RGE TR R E Y
MRFE . [RIINF, FHEC T Wang5 A (2019) 7 FH B THRERUANHA € B A1 % 3 B 5 B A A) 7200 &
5 (CEV) BGERIFEMAEIE, AONEWEHER, &7 T3.28BLEUE, EAA
FITEENERTIRE S EMERRRIIES A L, HWWang® A (2019)32 Huncertaintyy, #
A B R 454, (B B Transformer 1 4T £LLIR oK 24 (B FSelf-attention N (B 55 A5
WHEER . Ao, ALFRHTEMR T ZophSE A (2016) % GiE 2 S K E = B IRIE S 70
AR MR R IR TR R T BRI, &7 T4.09MBLEUME, kB4 & 75 A1 H b
B S ZRIMEEEZERER KR, BENMHTHS ) AR BT 24618 LSRR
o A mIE-DOERIRE T [0 £, AR H ATV ABLEUEIA R 115.95 « AT AR 7 1%
FOREZY AT 78 M 1 B il Transformer$& F1 T 2.77BLEUE , 171 5 POE-4 fa 15 77 16 16 (LA R Y
FAE T Sennrich® A (2015a) B1% Gt [0]35 /7 {ETE 2t Transformer i 1 5 LTS48 f) 75 #1357
MR, #7089 TBLEUE A, M55 #F — bR T [E]13 A1 if Rk 5 E5E & s mm [|) 35 7 VA B
e, DOB-4HRVE 77 [r B2 L4 ) 7E-DUE 7 (m BRI 2R B 784>, BLEUEHE 5, #%
R 58 |3 J7 ¥k i2 AR ) iE-DOE BNE 7 1a) b GRS E N DOE- 0 B BE s dl) SR
T, AT ERZO B MEET 4 FHEEA Z E R S BONGRA TR, BERS 1S Bh i X) 57
Huncertaintyy, T RERS LT 22 S B OhIERLH)A) FRAE - [N, FE40EE-DOEEIE T A L
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