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Cross-lingual Sentiment Classification Based on Bilingual Dependency Graph

BAI Rui-Rui, WANG Zhong-Qing, ZHOU Guo-Dong
(School of Computer Science and Technology, Soochow University, Suzhou 215006, China)

Abstract: Cross-lingual sentiment classification is very important in natural language processing and has been widely studied. It uses label
information from the source language to construct a sentiment classification system for the target language, thereby greatly reducing the
laborious labeling work in the target language. A fundamental challenge in cross-lingual sentiment classification is the obvious difference
in the expressions of different languages. This study proposes a method for cross-lingual sentiment classification based on a bilingual
dependency graph model. Although the expressions in different languages are various, their internal syntactic dependencies are similar. By
establishing edges among word nodes in different languages to represent the semantic relevance of bilingual comment instances, the
bilingual dependency graph can explicitly model the similarity of the dependency relationships among words in different languages,
allowing graph neural networks to integrate syntactic structure information within and across languages for cross-lingual sentiment
classification. Experiments conducted on datasets in both English and Chinese show that the proposed method achieves an improvement of
3% over the baseline method. It is proven that bilingual dependency graphs can effectively model the correlation of comment instances in
different languages, thereby significantly improving the accuracy of cross-lingual sentiment classification.

Key words: graph neural network (GNN); sentiment classification; cross-lingual

« HEETH: EXARBEIES (62076175, 61976146); 11754 WA 1H 1311
AR 1] 2023-11-14; AEEE]: 2024-02-14, 2024-05-04; 5% F I E]: 2024-06-26; jos 7E£% HL R [7]: 2024-12-25
CNKI 2% 8 & 5} ) : 2024-12-26

© TEBREEEEIEDT  htp/ www. jos. org. cn


mailto:wangzq@suda.edu.cn
http://www.jos.org.cn/1000-9825/7246.htm
http://www.jos.org.cn/1000-9825/7246.htm
http://www.jos.org.cn/1000-9825/7246.htm
http://www.jos.org.cn/1000-9825/7246.htm
http://www.jos.org.cn/1000-9825/7246.htm
http://www.jos.org.cn/1000-9825/7246.htm
http://www.jos.org.cn/1000-9825/7246.htm
http://www.jos.org.cn/1000-9825/7246.htm
http://www.jos.org.cn/1000-9825/7246.htm
http://www.jos.org.cn/1000-9825/7246.htm
http://www.jos.org.cn/1000-9825/7246.htm
mailto:jos@iscas.ac.cn
https://doi.org/10.13328/j.cnki.jos.007246
https://cstr.cn/32375.14.jos.007246
http://www.jos.org.cn

2828 HAFFIR 2025 FF 36 5% 6 &

ANFITE S W BAREAE B0 Ay, Kb SR B 208 5 I B R R R 2 B 2, A T I S 1
Gy W IE. R RS & FIAREE R, BB B AR E S AT SOAE BRIt 7 25, DR, 35 A ok AR AZ O ) R AT
ML TE T E BN, HA A B ESE B IR IR B ORI, B R ST AR SR A [B] SR w47 51 5
3R RGN BAENL IS B PR, B A A S5 R (BLAEGE R AT AT TR 55 ) I 2R 4 SR BRI 1 uy
PR HIBEAS T A 8 7R A A~ FAT RIR RE S L. i BB AR R T 155 Z A RS SAHE, IR FTE S S
A TR, BAEIE AN A TR R R DU 298 3 I 4038 S AR (1) 0 mBERT. XLM)M
2 Horh, il 2208 S TIN5 5 TR AT R i 0 T R 32 0 U1, I e 2 4 5 I A Y
REBSTE S P E IS T4 N GIRZIN R, (HHZ AR 1 S RO T 55 S MRV E S, T %A
ZETE T A AEG M ZE R, AT 5IRIE ST IERRE R BARES, it REHEBFME S LRz rERe TR

XTSRS IR 2R, B MR I, ARNE S RRIETT BT ZE R, (R NI AERIE R R 2
LR MR AT R84 3 1] 2 TR R A9 o0 &R, Wi B8] 1 BT, 9 SR 1A H 1 “food-great“bad-service“actually-great” /£
P SC R BRI AR BN R I AR AR AE R R, AR - RS- 22 SEBR b iR 2 R, AR SCHR I A
BERTARAE R BRI A [R5 2 8] B A VA AR AU 06 SR kAT B QU AL, TR X0 A A7 DR 16 Il v, AR A) VAR A7 S5 M 7E
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TSI T, SR IIK e KT H BERE I S 5. O T IR AR AR 1 AR, SRRt AR T 2 R R
792 U5 AR TR 7 U S g U020, AR e R 4 B o M vk B, S gk AN
S SRS RR, DL AR 1 0 A5 25 5 I A0 — BB TR 1 A AT S HE 248 PO R S AT sk
P15 (cross-domain data augmentation, CDDA), & H )4 MR J5 45038 ) b 5080 14 26 oK & H s AUsslb v 4
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s : “Not only was the food outstanding, but the little ‘perks’ were great.”

s A EAREE, T BN AR R AR AR

FEPRAE & AR RAF RHRE G, = (V.E) ™, 47 4R V RISV STA s I BT ), 1A4E E %) T A 1)
WAF R R, KKK G, 7] LLFHAT R BE A, KRR, I 9 s, T EFER IR, WE G, (FRAMEITE 2 I $iE
AP R R EEMIE. 10, (B4R “the food” F1“outstanding” Z [AIAFLEAKAE K R, FTUATE A, edge(the food, outstanding) =
1. TEHFRE S B R R G, = (VE) 1, W RE V RSOV SUR s FIFTE IR, 184 E R ZA)F AT 1
WAERFRI, B 10 2 G, IABIRAERE A, . FIREHL, #8E G, 3 F IR0 B b 2 5 1 B A7 6 R A A 1. gl ]
YA IR A EE R AR R R, W edge(BWD, 1RFE) = 1. BT AR IGVE IR 2 48] 2 8] (1 G 614, FRIE, B G, AT G,
H 2 To ) B, FE R I I AR 2R AR ARG R I T ).

2
? E :.;3 3%: 2 o =B =
ER IR I EE=Egifos=
notonly | 0|0 ojlofofolo|o ML oo ojlojofo|o
was [0]0 ojo/ofo|o]|o T oo ojlojofo|o
the food 0 0/0|0]0 1R FE ojofoflo|o
outstanding | 0 | 0 0/0/0[0|0]|0O mH jolofofojojo]o
but [0[0/0|0[0|0|0]O AN fofololo]o 00
thelittle |0 |0 [0]|0/0]0 00 #wF fololo|o 00
perks ([0 [0|0[0]|0 010 #lojojojlojol0]|o0
were |[0[0[0[0/0|0|0]O REE oo 0 0
great | 0 | 0 0 0 0
B9 ik (FIES) KRAF R E A8 pE R ] Bl 10 il (AAREF) WA IR A EE B R4

FEHET s M s MIEIXUEARAE RERE G, = (V.E) 1, 1 mide v A PIAE S 1IFR SO T A1, 5B G, f
G, THIARIAF, G, iU E R XUERAF R RIL. WHFEFE A, TR E G, faiH, i 11 pros, BA
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B I3 5 AT AGE R RBRBGEE T HRASE 2835

TEA, A edge(BY), 1R = 1, I HgW RI<IR 1B X 5517 7 1) & “the food”Fl“outstanding”, FTLATE A, H&H
edge(the food, 1R1%) = 1 1 edge(& ), outstanding) = 1 .

gm:é:é g_&”e‘a

EsE223E8L8 4
ML oo 0/0/0/0/0
LegY 0 ojojofo
1R HE 0 ojoflofofo
mH [o/o|ofofo]j0o]|0|0O
ANETfofololololo0 00
#wHF lojolofofo 00
#lojoloflofojo|o|o0
B#E {olofo 0 1

BT XUE AT SRR P SRR 7 1

BEAh, FEFET s s W3 I XUE -0 R 18 G, = (V,E) o, T8 VAR RNE 3 PR SOA BT 1], i 48
E ORI - SRR L. AR REA, F T ROREG, BIGEH, W R A RIS A A 5, MTEA, b A
edge(i, j)=1. B®G, FFZETLRE.

9 5E WABARAE IR B AR AR FE A, , A T7 VR0 P R B 0 B4 SR T S R s B 6. RN 2% (R N S PR
= PR S b A B A AR AT SR BRI, I ELFTA RO B R AT S m TS B, T H VR PRI SE I R
IR, Hy BTHEA XU T:

Hy=GAT(W,, W,, A,) @)

28 7 RS 1] -1 %o 55 BRI AR BRI A, , AR5 048 F BSR4 SR T H ST B R o . X R S N RS

B VTR S b 1) B AR FUOGE ] -1 X 5 B, Hn s J, AR TR Sl B 0R, Hy IR A
H,=GCN(W,, W,, A,) ®)

Wb A, 2 58 BB AR AT ORI B AR B A, A7 140 i I AR I 4 SR SR IV 12 S 81 g [ ‘e om. FRATTA | N

Hy 5 HIARZRIFE 5 A HARE & I s 2R, B
Hs = GCN(W,, A,) O)
H; =GCN(W,, A,) (10)

Hr, w, R FANIEIE S PSS R BT A, W, 2 B ARE S T AT VP S R R A 1.
424 1EEO SR

(1) XU oy A 1Y

24 591 A OUTE A A7 5 T B R 00 3] -3 o 5% B PP 45 BV S8 1) TR SRR H R H 25, AR50 Je R A 3t
PR AR A AN 7 AR B M R, SR 5 ) B AN 2R A5 B T PP T4 ) 17 B A

BB Ry A N M B 1R 3 343 #

1 = [Hp||Hgl|H4] 1)
RIG, B 1N Softmax i ZH T 4335
O = Softmax(W,I +b,) 12)
Hor, Hp RAFREBING IS R R, || RondHiit, w, flp, ZHbZE NS4

(2) S 4 e
Wb, ATy I R R 25 0 E RV 2 00 RO H 0 Hy SRR R 208, UM #061
VPR SC R T Hy HEAT 145, 285 PR A 5 LR TS 105 0 .
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XFFIRIE S, IR RS R B3RN0

I, = [Hgl|Hs] 13)
RIG, B I N Softmax $H 2 H T35
O, = Softmax(W,I, + b,) (14)
X HARE S, BB R RSB A ERIR 1, 09
I, = [HE||Hr] (15)

RIG, ¥ 13N Softmax Hr 2 4024
O, = Softmax(W .1, + b,) (16)
Hep, W by W, R, RTFEEENSHL
(3) BRI 2R
4B VRSB AN H AR R AR, 175 7 S48 IO 55 TR PR S0t H A e 1 1] 20 i 175 R k. PRLIE, )11
H b fi /MG — LI ZRRE R (¥ B S AR 25 AN TI00 b 265 2 1) R 38 SO R, Th SR A R

1 N M
L==-5 2" piologp(o)+ AI6IF {17

Horp, NRFALE, MAREGEE, y, ZFEAR KISy, 423 one-hot Zi i Ja £ 58 ¢ N2 L IIUE, §. &
FEA i J& T30 c MR TINER, 0 REMSHES, A/ L NI R E BEAR AR R KA ABUE 1
I AR BN 1) B R R AN (A, (ERASE S SEAR A8 M R .
4.3 HRERERGFIR

N T SRR oy PR RE, LR TR B, AT7 iR A sy >0 ) S AR, 0 S MU A k70 28 5 0 Tt &85 SR AR AT
HRE U, BRI IR 24 X T A 2.

25 5E FARIE 5 BN BUREAS &, BRATIR A 82 T B RO B EE 5 MU BURE A &, 555 R F P BB 1 0 28
FA B BUREAS x A X IR 0,(x) A1 O,(x') , FFAI I XUE S B K 8345 31 (v, x) IR O, x) , U
BUREAS x RE I BN 7345 O(x) i AKX

O(x) = avg[O(x',x), 0,(x'), O:(x)] (18)

o, avg FORM AR 73 S35 (0 TR LR S5 RO 24 {.

5 WSS

AT P A S AT B B SRR TR R LA I SR 2 U vE, SRR E A IR A BEEAT SEER (R 45 2, IF
ST TR AR R R A 281
51 SIERE
5.1 % 4

SIS FR A FH P RS S 43 e S SRR L, B SR R skl 2 https://drive.google.com/drive/folders/
1w5ramwgbEP7GS0j090xKrMnjQJPN_tJp?usp=sharing. 3& S HHE &L+ 2 NI, 4 342K H SemBval-14 $(#E 4
RETE (Res) LA UK (Lap) MIPHREERE. JF B, B F50>3 AR LN IEREAR, B350 <3 AR A SFEA. e
HImAEALE s M KB KYi. B B DuR, 2N E 5 USSR .

BAVo AT T WA 7 ) SESS. WSR2 Bw, FE IR 1A SESG R, (3 A 96 SO/ R RIEAE 5, TR H AR 8 & 1 SCHIPP
Yo S 1 TR . ISR 350 A BIETEIRREARRI 350 L EiCA B ITIEFEA, S IE 700 Z0F e REA. M4
N5 ARG, B R KYj. B, Bt TR, AL 400 LT IRFEAR. JIAMIMER 100 2B IETFBFEA
H1100 25 B0 A AT IR FEAANE A IR IESE. 7RI W) S2Be b, 23 048 F vh SCRISESCHE RIEE S M B ARE S . g
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B I3 5 AT AGE R RBRBGEE T HRASE 2837

Hi 5 B, BIR B K5, Bihi. A Boh, fENOUREE 150 Z20FIRFEA, B3% 750 R IRFEA. iESE
[FIREE AN 5 A SCHAE SR EAT T, S I B4R 250 S0P IRREAR. IR 70 Dy 2 ANER 2y, BIEAETH AN 10 A R
AU BTN 400 Z% PPASHEAS. AL I ) I R B2 A0 IE SR AP A 1.

K2 RELHRERE AR ST

EE e ATk SPEAL
W ZREE Res+Lap 350+350
I iE4E Res+Lap 100+100
FH 400
P - Y 400
AR 5§ I 400
Ui 400
ETHEN 400
B FKHAR Y+ i+ B B 150+150+150+150+150
T I AFEE FEBA+Z Y+ -+ E iR 50+50+50+50+50
AL E:; s

5.1.2 VbR

A SIS AE YRR (Accuracy) RAETEARRN /KM fe, HatH AKX

TP+TN
TP+FN+FP+TN
Horr, TP JyIE o A8 IEM TN IESE AR AR H ;. FP JyIE 8 4y FERA R TN N S SR IR AR H ; FN
AN AR M TN A IE R IR AL E ;. TN A5l 43 228 TE A b T A S S I RE AR 40 H
513 & ¥

A5256 4% F Hugging Face FFYR I T 4515 5 #51%) xlm-roberta-base (https://huggingface.co/xIm-roberta-base) 1f
NG EE, Xt xIm-roberta-base HIFA & 75T I ZR4E I LA Batch K/NHN 32, 2231 F 4 1E-3, #H4T 3 IRIEARTE K,
BT 43 AEREUETE 5 A0 B AR S PR ORI MR, TEIZRIE B R AR, AR S50 il 1 30 E AR A T 2 4. A
MESHBE IR 3 Pros, EH L2 Adam. FrA L5 41E 1 5K Nvidia RTX 2080S GPU L 58

*3 BHESHRE

Accuracy = (19)

SR ZHE
AT IR 100
Batch A/ 32
Ka = 4E % 128
Sk 1E-3
L21EM 0.001

5.2 Hixsik

N VTR AT AR TE BT S 1 R AT BB R, ARSI 5 R T DR AR T

o CLD-based"™: 7| F 78 2% 1 AP 4715 b B b AR T o5 e ol B ARIE 5. o, CLD-KCNN FlI A P47 15
B _FYRIE S RN 5 H AR E 5 020 25558 CLDFA-KCNN & —Fh g 28 4, & R ST B #5
TS AT RIS B

e Adversarial DAN (ADAN)!: S 55—l ek % 70 VI R4 0 518 55 92 AL RS 7 (K 5 75, 8 {030 1) P S UG ik
NAE AN, AR AE SR X CALE B FIE & A= A A A R AE
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o ZiEF WAL FRATILEL T 215 5 Pl Z-%i 4 XLM-RoBERTa. 7EASLIG H, & JeFI H IFIE 5 I ZRdExT
xIm-roberta-base HEATHH, SRJE XS H biE 5 PR S5 B2 T 17 SR 2%

o CLHG™"": {# F] xIm-roberta-base /E &GS, J-7E HAR1E 5 VRIS 5 Z A @ EE 5 &, Bdskeit, J0mfh
TS SO AR T s, B A AR R (BRI A G 35 SCHAUME RSO B 1077 SRk
KB, R A F - BERE R A R LK R, RE NG m B & M g 7 R85 . 5 CLHG J7iEAN R, A0
H B YRR PR AT 5 I SRR AT R, FEAS RIS 5 BT 52 0] 43550 4 1 NGB A AT 5% R I 55 314, 743 310
TEARAT 0 2 RN U ] -1 5 55 .
53 SWERSHH

AT E SR BT 5 R S R AR T VAT FE A A A, AR e Rl S B T A () PR A PR e AT VRN 4 AT,
Ji5 0 I S A3 AT e A A BB A Rk
53.1 HHELLIHTIENL

KA-FK 6Ll TIEREE RS R, Hdr, 77k XLM-R Bl 2R84 H 192 05 5 158, 7% XLM-R
(Trans). CLD-based (£13#5 CLD-KCNN #1 CLDFA-KCNN). ADAN. CLHG #1732 (#1758 Bl 1)1 24 5 72 3L
TESATIERL. N T T4 — EL i, AN 5256 {8 B xIm-roberta-base 2D 25 [ 7] B % 7~ /E 9 CLD-based A1 ADAN J5 %
(R RN . TE T B, B S SRENGE MRS (LG B ARTE = 0 S A0 ) F L35 80 1315 20 M EAE 5 It 4E) 1
AR B A RN XS 15 I8 43 2R 2% I TOUIN 45 SR, 4R Ji5 5o B 38 AR UUIE A B 0 2 58 1) TN &% SR A7 e 5 I, 2 v o
HUHERR. K 4G HE T BARES RIBE KR ERTE BAAE S NRE L s R, & 5 A1 TIHIES RiEE K
Sy RARTER R RS 5 MR LT 45 5, 3R 6 45 th T 7E 00U WA bR FH 4 B 2 20 )R AT RE 2R 6 41 i 11 5
USELE )

R4 LRSI (P20 B KINHETIR (%)

AR, XLM-R XLM-R (Trans) CLD-KCNN CLDFA-KCNN ADAN CLHG AR5
FH 75.5 76.5 78.2 79.4 75.5 81.5 83.1
FYi 70.6 71.3 76.1 76.8 77.9 76.7 78.2
58 5 72.8 74.1 77.6 78.5 80.8 80.9 84.3
EN 74.7 75.6 76.5 77.2 78.4 80.7 84.3
= 77.1 78.8 79.7 80.5 81.6 83.4 84.6
Py 74.1 75.3 77.6 78.5 78.8 80.6 82.9

RS IEFSEERIE (00 B KT R (%)

A, XLM-R XLM-R (Trans) CLD-KCNN CLDFA-KCNN ADAN CLHG A T7 1
FH 76.2 77.2 76.6 77.3 74.1 80.2 82.8
FTi 71.4 70.5 74.5 75.3 78.2 76.1 77.9
B 55 73.1 73.7 76.8 76.1 78.6 79.7 83.9
EYS 74.3 74.8 75.7 71.7 79.3 81.1 83.6
I 75.9 76.6 78.3 79.8 80.8 82.5 84.2
P 74.2 74.6 76.4 77.2 78.2 79.9 82.5

IR [ IE 1) S 56 45 R AT LG Y, XLM-R (Trans) ff A XGEFATE R B XLM-R R A 5 — 35 5 1R L
BAF. FIF, 7T LA B CLD-based 1 ADAN 77348 T mPLM J7i (145 XLM-R Al XLM-R (Trans)), X i B £ mPLM
LR L, To i85 B 1 5 IR AR S B S R IR, B a8 FE G 2 IR ) S B M HE AT B VS 5 1 IR 2R
R RN Jesh, BT BN (B4 CLHG MAR ST %) BUS T M ik R, 1 BAR SCIR 5% R AL T oAt e 28
Jiik, FESEIL T X CLHG HFFER I, 3 3 W AR S0 AT 23T A1 FEE ) 2 P 0B A0 A R IBG I AN X 1] - ) %o 5 PRI E A%
BT Hh R IE RS 2 A 1 R R R
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I3 5 AT ARGE R RBREEE T HRASE 2839

R4 TR S AR Hoh, “ENTZROR HARTE 5 AR T B KA B AR, < ZHRORIEIE 5 B
TG R SR A B TIN5 2R, “UND 2R3 X B MO 7 188 70 SR 2% (0 T A < AT I A I T RO 45 R ke 7 o, A&
SCHR M A FIRE RS T iR AFIOTERE, 3 — DRI GE & VRS M5 B2 T B i B 075 8 UL 2 [ R R R A2 AR
AT L, T LR B 17 R PR SO0 A7 SR BB P RO ] - 3] X 55 PRI FR) A5 R 1

%6 IEl9rEMREE LA A I T (%)

i, XLM-R XLM-R (Trans) CLD-KCNN CLDFA-KCNN ADAN CLHG AILTTIE
FE 77.8 79.4 78.9 81.1 76.2 82.3 85.9
KYi 722 71.8 71.3 78.4 79.8 79.4 80.1
53 15 745 75.6 79.1 79.6 82.4 81.1 85.5
EES 76.3 76.2 78.2 79.3 80.7 81.5 86.4
TR 783 79.7 80.6 81.2 82.5 84.6 86.8
5 75.8 76.5 78.8 79.9 80.3 81.8 84.9

27 WS TS (%)

A XLM-R (Trans) CLD-KCNN CLDFA-KCNN ADAN CLHG AR T7 i
EN 74.6 75.4 76.8 773 80.3 81.5
Res ZH 73.5 74.8 76.1 75.6 78.9 80.3
UNI 75.2 76.3 77.6 78.5 81.2 82.6
EN 72.1 74.2 75.1 75.5 76.9 78.2
Lap ZH 71.6 73.6 732 74.6 753 77.6
UNI 73.4 75.1 75.5 76.7 78.4 79.8
EN 73.4 74.8 76.0 76.4 78.6 79.9
T ZH 72.6 742 74.7 75.1 77.1 79.0
UNI 743 75.7 76.6 77.6 79.8 81.2

532 BE4imsgm

T I ARSI BT AN R B AL A AR I 45 IR AN 3R 8 IR, IR HLAE 5 R 9 R T AR B HA A, 1]
VA B, To 02 W Fh 7y =C IR B 25 e 20 5, B PR HE R e B I T B4R 7572 XLM-R 1) 75.8%, 1X i B 25 JEXE 2 [1]
FITE SOOI A . TER 8 WP, 2 3 4si UE R -R % SR I, 2067730 1 HER S N IEE1 T 77.4%; Mk Hiw
TERAF RN, AAT73 2 MVERTR TR T 80.2%. ML T, 253 BB IRAE e B, BB HER R T B&
A2 XYL, TR AR R 1] - 18] 0] 55 B3 A WU AR A DRI B, 7E 3808 WS 2 [R] R SR I 7 T A R # 7 H 22E
. H, 77 Full [ B3] -3 5o 55 B A BB AR A < Bk ), A5 f 3 28 PERE L XLM-R & 1 ¥
BT

RS AR T R RS (MERR) IR (%)

Al XLM-R 1 2 3 Full
FH 77.8 78.7 80.5 83.7 85.9
Ei) 722 73.7 76.5 79.2 80.1
5t 5 74.5 76.2 80.7 83.4 85.5

i 76.3 78.3 81.2 85.6 86.4
TR 78.3 80.3 82.2 84.9 86.8
RE2 75.8 77.4 80.2 83.4 84.9

533 Sl
10 2 BAR RS2 08, I 4% H FRE S &R SOA, 4 XLM-R. CLHG FlI7A 35 3%k 4T B A& i st
Eb 3.
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AMFUFEEHT  httpy/ www. jos. org. cn




2840 HAFFIR 2025 FF 36 5% 6 &

®9 ARAEGHMAE

S a) 1 2 3 Full

X -1 5 \ - v \

BB AT R BRI - N \ N

TR A7 S B N N — N

F£10 2B 55T
PR SCA HEMRME XLM-R CLHG A7k
H OB R RE M, BR TSk R RS 22 05, HALTE eI BR G, ARSE, ST E A, R x N v
IRVGIEANEHE, A5 AT, S 180 KR A sORE, (22 0 4% (8 B, B AR Ef ’ 5 N
S, P AR, LU LR ST

Pz N FoR T IE R, < FoR B 2

M 10 AT AFE B, 3 B P SRR SCAR I IR S5 MR AT — s A 2R, 6 T35 1 /AT SCA, CLHG A
SCHR AR5 2 B I A TN . HL S PR A K P g O S R I SRR R REAT T R A, U WA X
WRAERIR NS T #5785 1 KRR A R, SR T35 2 20 PR SOR, 555 1 R FIR ST EL, e R AES I TN
S22k, AT AT 1A 773 TO00N 21 1180 7 A 28 3 BRI DA A7 SR TR P B 6 47 0] 2 1) ) RV AR A7 G 2R, A8
BURT LSS A0 S5 K5 AT 15 AR PR TR LA b S R B 17 AR ST HH PR O A A7 R IR PR AR B B S e 6 /A 5
WAL 5 (055 5 K ARES 5 B, (4570 BB RL T X H AR 5 B A AESE ) TR ORI IEB RO
JEAR A 7

6 & i

N TSN FIE B PR S 2 18 A A3 4 R AR AP AT B S, e IR 5 P78, AN SCHR HE R T XU AR AT SR I
PR 5 1 00 28, FE A SCHR I TV o, 1 SR IR AR IR A O R A BB R XGE AR A7 SR, T R Kt s
ANTFI T 5 2 18] B P AE SR I I L AT DLIE B2 PRI 28 o0 246 st Ak, M) FH X0 SCAR B 1) 6 5% ) 2 X ] - 1 0 55 181 R J o
ToH Pl T 0 X 288 L T X EARAF SRR L PG AR R 4 18 P XU ] -3 6 5 P, BRI Sl BT B 38, I
Fey S AT RO 177 125 73 SR8 T V18 SI 451 R 175 S P 5 J P P88 B >0 ) REARL, X AN [ AR 70 SR8 O TN 45 2R
BEATHR & I, 752 HARE 5 10 S0 i iR 25 BObR 2. St 45 AR, XUEARAF RIK BRI R A RO RIE A FIE &
PRS2 8] SCAHSGTE, AT 25 527 H AR 18 5 5 SR HERA .

FER T ORI AR, BATHE A CAR BT T JEBIEFL. (1) i — P P8 & A0 B AR 5 Z A B, RS
A7 RIS 1 5 R SR AR DS I ) SRAT 5. (2) AW FE R T 18 5 BB 1 ik, T HL B JE 2 1 AvA (R
J TH 2 RANIR R ALK 2 70 S0 8 5 2 UK TS S AL 25 &, N4 i B 5 5 IO e T .
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