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Abstract

The ability to transfer from single domain to the other domain of model for cross
domain semantic dependency parsing is variable, in order to make it practical. Recently,
adversarial learning has made great performance in the task of domain adaptation. But,
the utilization efficiency of unlabeled data still stays at a low level. From our view,
self-training could cover this shortage and fully realize potential of these unlabeled
data. Nevertheless, traditional self-training proved to be inefficient. Thus we tried
apply multiple data selection strategies to cross domain semantic dependency parsing,
and proposed pseudo partial annotation for self-training, which proved to be superior

to baseline model.
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P 1. 38 KA Aol

TESHAF AT (FRHERK et al., 2016; Che et al., 2012) A[FETHRAMRAE T, Efdr 2%
JE T SURAT , 18 SCHAF P SRVFINZ AT i AR AR S5 AR R AP st B (Al 1,
ZOBARUAFICNZ AT IR, Ml WA S RN A “R7; LasLEkKrEiichaE
PHBG, 9K B — Al FIEK YHID — CBET X ). BT HRWHZELESRZE
SR BRI . AC 2K T AR U7 BT % (Gamallo and
Garcia, 2012) . TS5 (Poria et al., 2014; Caro and Grella, 2012) FIHLE$EI1FAT 55 (Le et
al., 2017; Chen et al., 2017; Wu et al., 2017), &5 FWHT5 KR KIER .

SR PR Ry o SUMRAE o A B Bt AR M @ R SR 2 BT S SRR, PRyExERE R, &bt
it B ARSI B B BN G — MRAF A i BOE @ A BLSE Y o PRI o U720 BT )
S Y UL BAS AR A . AR B TTAE S

o IRSCHE SR AL 2 S Bt PR TN B R B T ES G S 43 BT B AR ST AR B X AT

% b, ERERE A ONAR TR B i e e ) B AR U, AT T T B AR e bR v

A A AR .

o ASCHRM T )RS OhbRTE RSN, Bl LR DR AR L g RO A R R RE Sy, AT B TH O
PRERRR TR . T TATE— R T TR ST Y Y fE

2 MDA

2.1 GG W

BERT(Devlin et al., 2018). XLNET(Yang et al., 2019) . RoBERTa(Liu et al., 2019) Zjii)l|
GRS T WA 55 A U Y S TR RCR , WA RETE RAE A (BikRE et al., 2020),
BFETChR B s EROR PN B R . BT R R LAEW R A ST, I RARESE
(Share-Private) (Gui et al., 2017) ¥ H T Il briE A 45308 M )%, (Chen and Cardie, 2018)
R ZIXH M4 (Multinomial Adversarial Network, MAN) SEfifde 22 508 e A4 25 i, A
SCHRF IR IV A TR AL ) — R 7

2.2 HIlZE )i Self-training

Self-training ff:—Fh B2 I TIAE L) Z WA, BT (McClosky et al.,
2008). fir 44 LA (Liu et al.,, 2013) 2 30 A REF PSS (A H BRI RABSAY Self-
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training ¥ (Ardehaly and Culotta, 2016; Zhou et al., 2012) ASffi &l & 5T B A5 AL
FRyEEE . D4R 9 F00 5 Ak 2 > SR 35k Self-trainging(Mnih et al., 2015; Yang et al., 2018)
P TAEARA R A A5 BE A AT SR ). A SCRFE . Self-training FI-T ik H br S s
M9 FE, AT 3 B SFEE B I RICR -

3 HLEEEiR%! WAdv-SelfTrain

FeAE Jetl th— MR s G E SUAF T EE AR WAdv-SelfTrain, S8 )5 FREA TR
PERFST . FELA =304l 4> B2 Biaffine XA RI4% . XHAAAI Self-training, Biaffine
X7 A 2% TR BTt SRAF AT AR B, REUAN Self-training A T UaE LY. -

3.1 Biaffine WiM%%

A A Biaffine XM % (Dozat and Manning, 2017) 43 534 T i ARFEIRAIE AR
5k SOESURIEANTT o, B2 H I AR i A7 5 HT282 — (Shen et al., 2019),
BRI R D | e eV A e ) EAER T R

T = [egword); egpos); egchar)] (1)

9K J5 ] Highway LSTM(Zilly et al., 2017) #if x;, his'™ 327 Highway LSTM [, Wy Hl
by 2 Highway LSTM [5%%.

hist™ — HighwayLSTM (xi; Wir; br) 2)
P Biaffine MET45HFEEIRA 44 50,
S?Jl.ge _ Biaffineeolge(hfdge_depy hjdge—head) (3)

R AP ) A9l g B R AT IR AR ISk Tl Bk s o sLabel (g 07 A 00
Helbho ST AV E AR S TIHE A0

P = sigmoid(s; ") (4)
Py = softmaa(si®f) (5)

3.2 XHik

TEFE SE SURAE BT, Xt > B R AR TSR fiE s B 8 R STk 4 e o 400
SRR S 25 0 AL H AR de K AR B TR VA S 20 2R ) IE R I, (E ST RRAE S I “Sids e %
ST 2% B Ak B AR 2 d AR R BT 2 531, DB N PO BE B 452k

AR AN S%E WGAN FJEHEL (Arjovsky et al., 2017), B[R] Wasserstein #2519 % 41 5] 51|
#%. Wasserstein FHESRHiHSE LY, FRAF,

L, (5%,8%) = f7(5°) — f(S") (6)

Hrp fW A Lipschitz — 1 SR, S F1 ST XIS H R4 A HEHE 2R o

HT Wasserstein FEESHXIHI# > & —> minmax Y| ZRid#E, B
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3.3 A% JiE: Ensemble style Self-training

TEASCH Self-training (52 H A5 Pt A & 19 Dy AR EE RO T8 e A7 2 de iy B
tratgN g . ZASH LA A UIZETTE Ensemble-style Self-training [fifis (Dong and
Schafer, 2011; Yu et al., 2019), HRFFRIUIZREE Derain AFRRIBEVLER 770 511 3 AT
Fras {©77°7, 057, O}, AR AR AAFth 3 MRAF TS ) S5 R

/\UJ edge %ﬂ label

532 i
3 edge label
cdge k=1 pi7j7k label __ Zk 1 pl)]) (8)
by = 3 Pij = 3
label-edge edge Jabel
Pij =p;; *I{p5" > 0.5} 9)

Py FORIARRE R B I{plef > 0.5} FoR# plef > 0.5 W I{plef! > 0.5} %
T 1 RZ, %T 0.

Z\Word\ Z|Wm“d|+1 { label edge N}

P = 1
|Word| (10)

(Word| FR AT T4 SRR, o 25 i S RbRE AN A S B, P
EEERE.

FA K H ARSI bR g DLoost  ABAEIE P> o N IEAIHFR T4 Q (o 2
PREAI THOANE RO ) . DIARERURSE Q SLFA 6% RRRSRBEREHLR B, Q' J)5 Q Bt
P53 Dypain AT {0775, 057 O5 Y B HIL (RAEEIE 2). XH Q- Q' R
RACEEE P S EEBGR S T4, MRENURAE, R 8 3 B A5 A2 58 4 ] 5
), (Chen and Zhang, 2018) FJZBIAF5E 3T EAF R Self-training 15t 1Y A5 B & 1A 1
ST S5

Algorithm F&45IE AR M — S Self-training

Require: Dirain = Difiii® U Dyl s Daew = Dy o AN, SR P
Diguree U DY H AR CARYE RO 5 DOt DARASEE P > o b iR
Diyitetea AT Q, BEVLREE Q 153 0

1 WA AR RS DI 0 6 /IR

2: for i =1 to N; do 7: D;i:zfii) - D;‘zzzzto uQ

8 M Duain ® Dy, WEHRAEHIEE 8 Diiliea ¢ Diniaserea \ &

fearser_ gparser’ Gparsery o ond o

4: Ensemble{ellﬂl’rSeT’ @]27(17'867” egaT‘SET} T{

2. HillZ 7 Ensemble-style Self-training 5 A AR .

3.4 ANk

DA EROBEH SR AL, BILRMANMRL, AR BUNR S L, FURFFIBIR Lparser
(Self-training F/MEAMIKR) . FIARBLBR AWK L K-

L= Lparser + ’YLadv (11)

B Ja e E?‘)jcé‘ B3k, %‘6552 » 20214F8 H13HA15H .
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TR, E ARSI JobR v A K LY, I TSUE0E R, T Lparser S 32 U5 H b
N TR R A DR i R S i«

4 BX Our Model

FLAAA H DUEAR BEVE M B n e, e ) 1 i S Re M Al 285 T (Chen and
Zhang, 2018), 11 H &5 HAZ5EE A FER (Chen and Zhang, 2018) . FAT4-HIM Self-training
P RBIR WA SRR, BRI IR, o RS Self-training FMERE.

o Bl Rt: BREE AR R R, JuE B AR A TR R
FEANGEARE . T R ME, WA 76, Ml MMES,
FALIE L0 R 2 X AR SE . SEbr b, FE5Rfk2%>] (Francois-Lavet et al., 2018) Ht,
A “PSRIAE” ATARIE SC— DRI R 2%, LU ANIREE Q- 2% (Mnih et al., 2015), £ )2
AL MLP(Yang et al., 2018; Ye et al., 2020) £, IR Q-MZ L MLP WM& 4%, H
S PRT M 45 S BB 5t Reward BT 50, Bt Benenie e . M, HT R
FEEEFA (Sutton et al., 2000) >R HH MLP M4, M5t Reward AJDAHCEES 7 giAit 1155
MLP (S50l AL R TR, JORR R FIA SCORR A MLP 2544 Self-training
BRI TR 1 285

o PhbRIESREIS . X HIARERIE AR Self-training FEOURIETCARIERIRIS , X4 45 IR
TEVER . H Al ] SRR R S BRI, SR S TR AR, SR
fiiE (Zhang et al., 2017; Guo et al., 2019) R—EHE TR, N LA RN EFERH
PR R TR R AR — SR . SRR R RORA I, ARTEREIIA R, Hk
A ERIERDAR, WIMTEAR TR T T, AR AL bt R T R e,
AT PASSSRARER AR Ty, AR R T R AR IS, NI [ AR
WA GRS — SIS R . IR %, HATEF] Self-training AIRAREEI M FHIHIFETT
FAREA TRl S A C Ry, FUE SE AR T DA DI

4.1 SRS VBRI RS

mE 3, P iEa s fE Action fI i Reward SKAERMranidi i . B+
P A IARESCBIPIRAS FoR State, S XTIV A Action, Ped REHEZIXAMHLH]; K
25 0 PR B P B e B 52 1) D SE B HEAT I 25, TSR IE S 1 F IR o B e AR v e 36 14 J
i Reward, i Reward SCRERH T F— Bt 2 BB se B 2R S RO 77 . B v B2
(AL H AR i AL Reward, BN 2 AR B &R TChRE g DLvoet i 7o 8 4
Dyeuree U Diendel s A FIFAE AR (ARSI 4) o BB em BARg 1 N 4a
.

o State R ACREFIR 50 FAE—DMULBUEREIREREIMA . RITAN s
WEPTIRS (1) AT DO AL 881550 LSTM BIZ & hes (2) RAFSMHTas
X224 B D S T B AR BE pe, XIS R R (W1, Wa, bi e BN s B T he BDAED T
HOTTERRE R, TN REAS A B i e T L 18 T T S e

st:I/Vl*ht—ng*pt—kbl (12)

RSS2, BOTOT BO00TL, A, I, 2021478 H 1M E15H
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Edge Score Label Score

Biaffine J YFHHIBIEE

A

Reward

eoe®)

Embedding
Action L]
=l @
WiRnEE | KT

el 3. S B2 ST B B AR 02 ) B U SARAE 20 M

o MLP SimePI%%: FATH Agpotics (at, s¢) Frm MLP MR TSR . Hd ap 0@ 24107 s
XF IR Bl R A5 R FE bR . 2 ap=1 W, FoRBUideRean i 2 2 mith Lt H.
PR YL BB Y a,=0 B, FIRBUREPRA LA 1 Ph L. T OForey MFIR
MLP Em& /2%, %f b BRI 2SR {Ws, bato ReLU 216 R4 (Glorot et al., 2011),

2zt = ReLU (s;) (13)

Agpoticy (at, 5t) = softmax(Ws * 2 + ba) (14)

o Reward JLit: G005 50 1k 55 8 0 5% 1 B S2 00 S BUR A7 A0 AT AR AE I iE 4 B E AR
i, M2 Reward {HZ2TE; Mk, FIHLG, 2EM. HAERD, Reward AN
HE WA g (1) ESUREIRI IS Diovee BiERM; (2) H RS IR £

DY Ry FE M. mT Diguree R ok T Do ﬁn%T%@Fﬁ Dsguree |,
A EWA. HAHE Reward (HIF, RIPMEHEH T, BEIIGECE, e
LAS. fBE H bR SUs AR5 Dyiciea A Na K {B1, ., By, By}, M4 —4
BB e R RASEII LAS JFH 4 B2, Dicuree{ LASTouwree, . LASouree, .. LAS e}
Dtarget {LASiarget’ - LASltcmget7 - LASZS\%uTce}O

dev

LASsource _ | source LAStaTQCt _, target
TR = g a + 8 g a

gsource gtarget

Horr vy J& By iXAMIIRIY reward B, oo il pferoet 435X LAS J¥FFEA L
{8, oo I o9t Sy RIER VA LAS JPAIRFEARRIES: , B #HIEIIE. ATAF
R ZERN LR 3 2] 1) Reward {6, RIUREFHLMHICKFFEIER) Reward
{H.

(15)

TR EE AR E A RSBICE, #1656 Z 566

WPERIVESS, TR, 202148 H13H £15H .
(c) 2021 HFEF(E! “ 7
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Algorithm BSUE A/ — sAb2E ] IR RS L Self-training

Require: Dyqin = D20 U DS Dy = 10: BRI G R A BT 8
Djgaree U D, F R U8 T A7 v Ko {orerser gperser, gporery
D, ithetea 1 A6 Diguree il Dero™ Wik, A
1 WAL PRSI Dytrte, < 0 A (3) 155 7
2: for i =1 to Ny do 12: end for
3 Duain M Dyt WEHKIESHHE 13 [/ SR 2%
{@I{{”S”, @’2""'5”, @gwsﬂr} 14: for k =1 to N3 do
& Dt BRI, BRRGE P 5 et e erliagade S A ()
5 REEFEEASERERILOY 6% 1) 16 end for
Dﬁ;ﬁéled T Q 17: end for
6: for j=1to Ny do 18 /) P
T BEHUTE Q, 85 {B1, By, By} 100 DI« Dl UNs | Bt
8 fork=1toN;do 200 Dyittie < Dpecido Y Do,
0 A By BURSHCE I HARERER 15 20 DU ) < Dot \ Dyt
BB B2 LBy B! 22: end for

Bl 4. 554k B 25 5 Ensemble-style Self-training J AR AR .

o YIZR: EETHAM Reward [HIMNZEHADR, FATHRIEHEEERIL (Sutton et al., 2000) HKH
B MLP S 245 1250

| B
Py = @rofiey A“;—Z' S Agpoiey (a1, 5¢) (16)
t=1
Hr |By| R By XA TCAR R 15
4.2 JaibaiE
Exp mMod

< O\
ROOT H#E  fib *=E  HR , g =" 7

ROOT now he looks depressed, seems tired already

Pl 5. JREbtrim) T, AR T U0 — “FE” MR - BT PRI

WK 5, FAIHE Self-training Phtnitd) 7y, Rkl aity Bt =T AR EE
S A, FAMESE T (Zhang et al., 2017) N TARFERIMIE, Sl T wbhSfeng xt
Self-training Jaif AbRIEIEATHIIT -

+ Certainty BN : S Sclf-traning §)— 4 Db vE A0 T-HEbE 0 4 P 2L B
SATWR P e > p I, BVEERE P i—HIE P > o, BT 1 - P Y
SRR S LA B TR TR T T IR REAF AT, RO oN A (2 0 R
R, I, TSR EAHEE P > o S PHH O RRE T UL S IR A
Cij = P S RSy, BVREAELBIA 100 « PY% (AT, WAERNE R R
REARBIE MBS, HARRAL BB Rk,

« Divergence sMils: B tEsems hicitng pl'f <0 B CPIEI EIIE, T
FEAER A L TR . S BCRATODAR I 2458 (10) AT BIN T P AN et

%:1*@43%%?%%‘(#;(%”1%, %GSSﬁ:%GE}éSéE: PRI, HiE, 202148 H13H % 15H
c R aHHEE AL LRAR



WREE Y

TR, (FRAREIAFREI SR TER ¢y = pl2 % > ) TR &L diy < 6.
dij WO SCANF

label-ed, d
d: - = label-edge . label-edge
h.j = ‘max(pi,j,k Jk=1,2,3 — mln(quJ‘Jg Jk=1,2,3]

dij WA/, U 3 AMAEA T IS HAM BN o AR ESFENE R BE 2 “REATy
% WA, BARRIL BRI RN,

o Mixed RO 15 A MR IR 5 M PE WS AT WS , 0 K 19 Db ) 11 BB
I RALE I cij > p BB dij < 0o At L mi e > v MR A s B

M5
mij = Cij — d;j (18)

5 sy

5.1 Kl

AR S ELR AR SR HEAN F ARSI , JRTSK F1 LA the SemEval-
2016 task9(Che et al., 2012) TR, FRSUER 44 904 BURBOC. NS BRI .
Soft R LA AR A TR R, TEAREE R T BB 4604 & Self-training.
KT S AT H  TUS T  BEAT T 4RI Sy, TR 1,

2 1. Btk

) AT o
il D | Wi g | kg | AR
RS SEfHERE | 38000 2000 2000 0
Yo [8'a 3000 1000 1000 60000
H ki 7IVisE 3000 1000 1000 60000
s . By 2000 500 500 60000
R 5173 2000 500 500 60000

5.2 B

T AR ICHAAIE B 5 (LAS ) A R I TE AN R PR Fa b5 A E 4 Ml v 7 LSTM
H:REE R 400, Embedding J2H LSTM 2 dropout(Hinton et al., 2012) HfBil4> 5124 0.2 1 0.3,
MFHRRIRE + BEN 0.1, OWRESR I BENLR AR 0% S 25%, FR2EFISRAYIBIE 1 K
0.75, A FHIH o Jy 0.5. Bty Reward ff) Dev o ? FUEE B 3 0.75. XH7ia > 12>
Z4 0.0001, BAESEEARAAE 2 38 0.0005. XfHiaE > 1) min YIZEH max YIZRAGASRE HLGIA
A:lo JRTRARE SRS Y Ar B 0 RS 0.15, JREEME v Ry 0.6 AR B-RE ik, 5
R R NEE R 32,

5.3 SEEUR

2% 2 JR/R T IATRO BB A AR AR H Araiia i 4L b SEIR g R, T SLIRs Ry Z R
BATECEYY ., R 3 4, 452 Transfer., WAdv fil WAdv-SelfTrain, Transfer

%:Jrﬁﬂfﬂfrﬁiﬁé‘(i)ﬁgwj% %\6552:’%6@6ﬁ, PRI, HiE, 202148 H13H % 15H
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TR 2 VI GRSk Eict BN SR, AR5 FRAERT B ) H An itk b 3E— 2011 2% . Bk s
Ensemble-style 52 2 Hit2F A M Self-training 7%, RL Wb > ik
Bedn. (RN R E WAdv BARSUS AR SR A 2 T, H TS Bl i Y125

TE/NULATI, , T g e RLA A WS, A L = AN R AL 4 B 5 5.6%,2.97% H11.9%;
TERCC , Fahid RL+ B PEsms , A b =iz 43 513 = 8.5%, 2.88% 1 1.73%;
TS, figiRe RL+ RARWE, A = ARy 54 6.53%, 3.54% Fl 2.49%;
TEFNESIE, BACSEHRE RL+ AN, ML =R 55 5.38%, 4.25% H1 1.74%.

S SSRGS HIUE R T, SR A S SRR AR AR T SR AT Y AR . RS [ H
FRATEE I B R RS SR A — 2, IR AR —FE . (AR BT, RL+ RAK
WA IS T I iy 255

A 2. RTARRBIFIER LA 4 > HARGUR R LAS $545

#A (LAS (%))

! Bl RN Ja T e | B | gy | ik | Average
Transfer — - 73.39 | 70.25 | 68.22 | 68.12 69.99
WAdv — — 75.33 | 74.09 | 70.19 | 69.89 72.38
‘WAdv-SelfTrain | Ensemble-style — 76.12 | 74.43 | 70.91 | 70.56 73.01

Ensemble-style | #fjiatl: 76.45 | 74.64 | 70.86 | 70.78 73.18
Ensemble-style S 76.14 | 74.36 | 70.74 | 70.51 72.94
Ensemble-style Re 76.67 | 74.79 | 70.98 | 70.65 73.27

RL et | 77.37 | 76.23 | 72.24 | 71.43 74.32
Our Model RL a3 77.32 | 76.01 | 72.32 | 71.64 74.32
RL Re 77.57 | 75.89 | 72.68 | T1.79 | 74.48
RL — 77.01 | 75.74 | 71.74 | T1.15 73.91
Ensemble-style | Average | 76.42 | 74.60 | 70.86 | 70.65 —
RL Average | 77.42 | 76.04 | 72.41 | 71.62 —

5.4 Bk PRI PR bR TE: S 16 5 Bt
o BRERIRM T R 2 IR ARAE TIHRESEE:, PTAE 1 RL RS B 1 A
TR . RT3 FhORmE IS5 RBCTY, AT HAE 4 8
4R RL #i% Ensemble-style 435432 F T 1.31%, 1.94%, 2.19% #1 1.38%; J&
JE A SRS i e, AR T 1.16%, 1.76%, 1.17% F1 0.83%. A Jo my BRARE S uE 1) 2=
b VN E v s e i DR (S

o JRIRBRTESRIE A BT . BT /AT T DA Y, SRR A5 R R 5 00 T IR & 3RS 9y
EWAFEHEM, VR GTERE A A ISR 7. S0 RL BaEikeedsn, P 4
NGRS P ER AR ARG 23 SRR SE B D ARTESE T 0.54%, 0.55% H1 0.91%. {i
Jfl Ensemble style ¥R feas, 1 4 ANSm45 5, 5T 0.24%, 0.28% F11 0.78%.
HATRIGEA RL J5, JoiBhbriE g i RIE L T, "E=Fh RL 15N M 254 7)1
) B R VE R, A TE B AR RE 7 o A B (X P T B,
AR A5 e AR s BB AT

5.5 XIChRTEBAR AN AR5 By

ASCHI Self-training 7 YAMUTUIRIE Y 0] 2 02 b i TeAn iR M RCR . R
>J W REA I TCAR R AT SO A U, (HAH R R BRI . Sk, AL 6w & TC

%:JrEEPVr%i%%‘(#)ji%‘Ai% %\6552:’%666ﬁ, PRI, HiE, 202148 H13H % 15H
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PR 10 S50y, RIS TURAY e DT IEARE: 2] WAy TohrERdia s 0% £
100% B el 6, WAdv XF W F)FBMELE 60%-70% itfasE TR T, JRHEAE Z 8
ELRATERE P RRRGOL, AT REMER AR IR T, MR AU A RE S SCEITI T o 1A [R] R R 1R Ol
T, SR ) PR AR AR AR SR Y iR LT AL SR R T WAy, BAER &
B3k 100% i, iPREE ETHRE Y, XHSSB B 6w A TCARERE B e P I I
fE, FRATAYIT R TObR R 1 S SRR T . B A HACREML T WAdy.

RETTEEFRR TR E SR XS4 MURAIRE

78
. 1
- "° -
26 L L
L P 4a -
’__"E.LF ~F=-e--0-— _;_._)‘-‘ ——e——-e -~ /)ii-WAdv
,- . == /J\5i-RL+Mixed
74 4 r,r .___._,.o-—-o-— | o WA
£ 2= L) quEh GRS Aoy == HZ-RL+Mixed
g > L w=1¥ | - [EfF-WAdv
72 P _ | = EF-RLMixed
— e - - =E-WAdv
v o i )
v —Y e == FJi%-RL+Mixed
Ll
/7 P O - ¢
- » * "—f"' -
- ‘-.-—'.
"L#;K‘.
68 1 T T T T T T T T T T T
0.0 10.0 20.0 30.0 40.0 50.0 60.0 70 80.0 90.0 100.0
FTARIEIEEESE(%)

Pel 6. e DU 5 X TR RS TE bR 5t 1l A3 0 b

6 &Lk

AICHET Self-training X i ARAF A7 A URE W VEA TR TS . AR SCHY E 2ok s B
VEREAS A DR LSRG S A BEXS Self-trainng (Y EELARUEAT 1kt A 5l > B e g
A 6w RUBLAY F AR TC AR A SR BT B R DA s, IR 3 MR
Jey S A SR T SR B O A v Bt ) doe A (LA B 48 A B T8k, ki se k)|
GBS, RTT TR GUEGE Y I RE T X E T XU RN AT R I YRR TC AR RS 4 R
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