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Abstract

Named Entity Recognition (NER) is an essential task in Natural Language
Processing. Memory Enhanced CRF (MECRF) integrates external memory to
extend Conditional Random Field (CRF) to capture long-range dependencies with
attention mechanism. However, the performance of pure MECRF for Chinese NER
is not good. In this paper, we enhance MECRF with Stacked CNNs and gated
mechanism to capture better word and sentence representation for Chinese NER.
Meanwhile, we combine both character and word information to improve the
performance. We further improve the performance by importing common before
and common after vocabularies of named entities as well as entity prefix and suffix
via feature mining. The BAPS features are then combined with character
embedding features to automatically adjust the weight. The model proposed in this
research achieve 91.67% tagging accuracy on the online social media data for
Chinese person name recognition, and reach the highest Fl-score 92.45% for
location name recognition and 90.95% overall recall rate in SIGHAN-MSRA
dataset.

Keyword: Machine Learning, Named Entity Recognition, Memory Network,
Feature Mining

1. 4&3% (Introduction)

a4 BT RS (Named Entity Recognition, NER) [ A3 25 i B o 3fl BRAY S5 — 5 » I
B R T G B BRI R O R 0 A O - A
[T RS A 2 BRI BT TS P K% B It R R R R st T P st »
R SR/ N R R Y - A0 TR R S B T B % B L R Seiafl
B A A E RSB T IE R M RS RS B A (T -

AR B B P P VR AT B T » (95 R $5AHERZ « 140 Huang 1657
51 T (LTS - (8 FF B SR (Huang, Xu & Yu, 2015) + P A 36 SChry e 2 e i
TR - Liu 5 AR 1ICNLP 2017 30 SRS R S 2% o (L,
Baldwin & Cohn, 2017) » $2tF MECRF %24 » i & b T SrABSMTse R » (U AL 16
e T DAS S B+ BRSSO B M T H R - ST i B A
P S P e T B LA | B R BATRCR  (BAER B S
B AR A M S T 2 B BRI (T RO BT 5o IR i
S SRR RN 2 A T o HURERE R E Ik e

B IR - AT AE 0 R S PR M5k MECRF 17 op Sz 44 2 R
FHALHS 5 MECRF MRS RHR 1 F SO AR 2 ZHR R BB » L% Attention /]
FIREF > LU IR i 2 T8 - MR SeBl S B e B
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(L2 E0k ; FIRBEIGHAE - %1 GRU EHLBLHUNE SOVFH - Rl REBHEY F 403
AT - R E RS R DV EE R A SO R, - R 2 B 52 4y
SCREEREL - b+ th A FRFEE ) (Chou & Chang, 2017) » S (A RS BHSLAL o] 5 8y
AT > R R RS - R RIS AL WA
IR -

AHRIERTBE I ZEL Ry Chou J: Chang (AR PerNews SBEFRISE - IEICERHE
FE DV TR AL HEFTIAE » S T BRI BT RS ZORH RS
T B BEALA R R BOSUEE » AR BRA SLEL » ESRIBS HEF AR Z0 o T LA
B 916796 HIMEELAERETE » BRI AT ERVBUEL L AIRIES 299 » I AT
TR GAR > PSRRI R T 6.04% « ATIZEATHELL 2 B L
SIGHAN-MSRA o (55|75 92,4506 4 B R . 90,9506 B[el -

2. }HRECERElEE (Related Work)

Frolfet CACS a0 | R AR EIA R =0 AT K580 (Hidden Markov Model, HMM) ~
B AAR N B B S AT (Maximum Entropy Markov Model, MEMM) DL Kz {5 {4 5 14 355 15,
(Conditional Random Field, CRF) - Lafferty < A (2001)FAfHE IR G- IG I B AE =
J B 51 R0 (Sequence Labeling)dy (£ » /&2 8 NAYEESE H B2 YA - (Hi2 Rt
WIS a1 RE A UL N (& Y S & & 3 (Finkel, Grenager & Manning, 2005) » A %S
R PV E AR R BB SRR S A TR A -

2.1 HBREMLKHEER (Convolutional Neural Networks)

GIEMEE S 2 — AT R A 4R - 8% H-GTEJE (Convolutional) ~ (L& (Pooling) ~ 4=
12 2 (Fully-Connected)2H i » AHE 7> E AT RS - 45 T 1 &K 4 e P o 22 (5 Y 2 80 »
Rl R s — TR EL R 5 | I B e FE B AR o GRS QR A HE % B BB AR 0y
B85 > Collobert & A (2011) & SCREGIE A A RS B BHTHUH AR R0y B RE I AE 5 2R
SEENTFIIRER ST - A AR S RN P AT B2 R F BT B AV R AR -

ATHA - Wang S8 A (2017) 7% 28 3 B X G AE AR A RS A 4548 - 2 IS Bt ZE I P S CGGE BT
& > [FIlF&E & Dauphin 58 A (2016)#2 H AR P47 M BE T (Gated linear unit, GLU) » FER
th SR RS o

2.2 BEEFMLEAEES (Recurrent Neural Networks)
RNN FIlE 55— 3 Fr 71 B A B FACZ0As - (HUZ2 BRANRY RNIN RS S AR £ PR B A
XEEM > BTN 2EEHREEEE > KItA % mEAEC[E(Long Short Term Memory)fJ£z
tH e Huang 5% A (2015) 7% Fp ¥ REEC AV AL E 0 = A G0 IR » 22 A8 m)(Bidirectional) At
RARAUE R R AR A 0 FERA RSB R E TS T IEE HFAIRGE -

{H 208 i th &S 4 1% 8 iy A ) -V & S 1% A1 (Cho, van Merrienboer, Bahdanau &
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Bengio, 2014) » & 5 ACUAERI AL - FAHRBIAYITSE(Lai, Xu, Liu & Zhao, 2015; Linzen,
Dupoux & Goldberg, 2016) 5 &/~ » AR AR B FE S 2 A » 8 & ARF ]
FRAHIRESE BT R R A A Y e & st 158 S8 RE BT SCAREE MY HI BT R A E -

2.3 CE4ERE(Memory Networks)
BRI BE RIS 802 A RE ) S HICHIUER & B DAY MY SCRE RS (8 T IR e AR 4R AT R EE
Y S B B EEE s Al A H e BRI » Wesston 55 A2 HHEC 1R 4R (Memory Network)
S e fER I B SRR R B I A (QA)RYAE 75 H (Weston, Chopra &
Bordes, 2014) » FEHHECIRAYIE I HA T 7R 2 5 R S R s A R -

ATHA - Liu REEC BB I RE S I A BRI FEFEISI & (Liu et al., 2017) » A% SHEST
ECE (Memory) - (SRR BE S Bl (R G B DAY MY ST B Rf I LA 9SO Bk RIS
THERE -

3. HEREIZERE K, 7774 (Model Architecture and Method)

fEa A TR e > §— @+ S ZEH T Fyt(character)4H & (i iy 751
S = {wy, -, wr} EHENEERTIIIRRLEY = {y, -, yr} o REREGHERFERS
I TR Sm A )T > MECRF IWEFEERE 558 BT &SR 2 BeEieM, - BEER
ZEH|DIAT4ARED = {Sy, -+, Spp|} » BLEE EN Y EEESL = {Yy, ... Y} Bl
i A\ B SRS AL R AR > FRAMMEIEUE 74 7S VAT B AJ2EHTHL 2B+1 {§
HJF-Ms ={Se—p, =, St SerpMHUR T HASC fE (short context) » HEE ARG A N=X{Z 5 T;
(EopTRa)FSHEE) o &EE AFow; o DA word2vec 2 GloVe S5 H#ET
&mt5, DAEMB(w;)sFE R « fEs% D £y Embedding AY4EFS > Rl %G HAEC IR0 75 BB A5 5y
AP Es AN TXD (5] FES ~ #1 LxD A9%E e EM -

3.1 Stacked CNNs with Gated Mechanism

AR > FMER % g &H (Convolution Layer) sREEHUIFFiE > 2%
Dauphin ¢ AMMUAAE B RN A P TSP A LR LAV o PP = 3t i FH 1
TEER AR 2o > R AR R ARG h BRIV RE) © IEGIE MM A
REARFERVRTRE > N 75 Eila AP EEREPT - {H52 Dauphin % AR AL 2 R REVE
TERAS s o - Jig B g 7 T ] DA AZS s (D e E4 I T O P P il AR R s f A e Y sl B
A RCRHBERE SR - EEERT i A i AES (eR™P) > AILESEEE IR

A=ES@® Wy +b @)

HehWi s R/ Ry K x DEJETEE R B RS Kernel Filter K5 i/ NEEUCR B SR AR
ERAREEE U E NN AR EE N NEN T AR KER 3 HERS
[EERE R R T ITRIRE - FROTRE SR B B AR (strides)se fy 1> M #HZ 520
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(padding)3% £ SAME - El#HEEHENMAEE - WESEEERANRHATLE
(Pooling Layer) » HJF A fyH SEERE T EHEREEVE EEE - Ao s &R
Ga/NECEML S RIL AT B K L {E4555 Filters @5 1y feature maps {78 £

(Concatenation) -

@ Orange mean Sentence BLGRU
# Blue mean Memory e
{ 6f=ta

» GRU Rm lnHRH '
,f,vt RV GM = anh(We¥ + We¥ 4 b)|!

G¥ =CrU(cM.6),)
\ M H?H[.r r )

~ CNN = Convolution Operation
= K= Kemnel width of filters
# 1% « number of filters of

=

l CNN Layer [

C¥ = AM . g(BM)
AM = CNN(EM) + DM
BM = CNN(E™) + a™

—.F_i' € R*"? is filter of A™
# Fg' € R""? isfilter of B
~b¥ ¢ R is biasof A¥
»d" ¢ R isbias of B¥
# LM = number of filters of

Sentence
#C¥ e RV

~EMB = Em \In'(ll)uls method
= D = Dimensions of embedding

EMB(S
EM = EMB(M)

M e RV Embeddng |

vl - [w)

- ength te 3
# N = Length of memory

. W

I Input Sentence

/& 1. Input sentence and memory representation

< A K B 73l B S T 4H CNN G RL 2 1% it e AR Y AR o Fip=E A 48 B (1 o] Bty

PR 1% R A — I EGR MR (sigmoid function) FH AR GE (IS T YU - FEFEF I i L 652
FEPE T 2 9 2 (element-wise multiplication) » 0= (1)Af = °

C=A-d(B) )

FEF] % &% (Stacked Convolution) K Pa#5t# ( Gated-CNNs ) HEEUAE #8545
iz - 1275 MECRF £R I IEER (HAS 48RS (RNN)HYELAS GRU » H 72 8 B [ Yl 5K
FRHUE T AL B BRI Coll A f R AR EER > 3 B e - Bk E R Ery & REH
—{EIEERPEERTT tanh - iR E t AYEH &G, » 200(2) -

G, = tanh(WGt + W Gt + b) (3)

W 1 AR FAPTLACS K CM A3 BT S R an i M &UB R4 SR 1R iyl - G5 i
GMIT IR T S RatiE M & H GRU @&V -
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3.2 2 fEJE(Memory Layer)
Ff25 MECRF {0k » ] —4H % [ &R A ISR (LSTM) 73 B EC IR GM H#ETT4RES » /&
B R P 91 R SR i AR B & o AR i AUEC I (Input. Memory) DA Rz i Hi 50 & (Output

Memory) > 413X(4) ~ (5) -
I; = tanh(LSTM(G}") + LSTM(G}")) (@)
0; = tanh(LSTM(G) + LSTM(G")) (5)

R AT AR TS t H57E6 » B T3 G T R LR
A, | BT 2 i A GS S5l A2 L 7S RO - (EL2 R [ MECRF 5 Softmax

PEREFRAMTER A tanh priEga (b B SEECIR I & » W1=0(6) » Hrrj €1, N] -
A, ;= tanh((G9)TL) (6)
B ARG T & R tHp, - WAES ERIEAGS - MURERRE L > 0=(®8) -
— N
Pe = 2j=14¢;0; 0
— S
U =G} + p; (©)
CRFLa
yer ~
~tag = size of entities . £ )
~Q€ RHXa9 Ye=CRF(M-Q
Eniarlytran;:carm L yl H )D_’( H y H }"r /
matrix
4 [ | [ | [
ooy iayer ! Linearly transformtled [ == \
st il IR T I
P = Zfl:,;ﬂ;‘
-GS € RT*L i -
~GM g RNXL Output Memory O
~1 € RN*L 0, = tanh(0, + 0,)
A € RN*E 0, = LSTM(G}') _{ }._@._
~0 € RN*L 0, = LSTM(G)
#pe € RI*L - Pe | Attentiond |
AU € RT*E Ay = tanh((G)7I) ST
I, = tanh(T, + T,)
I, = LSTM(GM) . ]
7. = ISTM(GM) s { Input Memory [ ‘
3 y
N e
Sentence Bi-GRU Layer Output Memory Bi-GRU Layer Output
/& 2. Memory Enhanced Model with CRF output layer
Attention FYREHI oA AY B DA 2 IRAEIEVET SR P A RO ORI B - R
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M) DO S = SRR - SR B APIER A ORI B EI » &E iR b s i fac 2
I HRRRE (% - P DU IIENESR - SERRZRME T 2518 2 -

4. BEFHL 245 HE(Experiments and System Performance)

EARZFEIR - BAVREST S A58 Frie iy £ e AR XU RE S T SR S O TR « FRM
{5/ PerNews fz SIGHAN-MSRA Ri4H ERIEF(H1E 51 7 ZUEE - Hor PerNews &5 (Chou
& Chang, 2017) & AWHSI EHELAE R A R ERS B T 5T B AR > #5HH 7053 {E A5
HEfEL RN EREE A A%  R[EFY Chou B2 Chang HUUAE B & A REVE T
AKHRAFESHE T XEM - HEEELRAgEER RS EM TR T -
SIGHAN-MSRA Fll| 2 22 i 5735 4 FH SR 5P A H S Bl 44 B A Bl L2 SRE AV AR AR BR
fE(Levow, 2006) » A7 EHSHE A% ~ #144 - SHERRETa A BB - R &
Regat &R Table 1 Fw -

Table 1. PerNews and SIGHAN-MSRA Datasets

Average
Dataset Sentences | Characters/ Person Location Organization
per Sentence
PerNews 335,056 13.13 54,338 N/A N/A
Train

PerT';';""S 363,572 13.14 54.546 N/A N/A
S'GH.'}‘gi'r':"SRA 141,546 14.94 17,615 36,861 20,584
S'GH'?‘F':;V'SRA 11,679 14.45 1,973 2,886 1,331

AEHFER FEIERSCIE By BIESO 25075 - s T =R ELL ¥ se B an BTG 1% DU
FHEIHERE - RIS - 4 [0[5= DL K F1-Score SR AETTRURERYREAL - AL ArER Y 2 8040 Table
2 FiioT - ST AYERE 250 ~ =@ SN 50 {[ Kernel Filters ~ fGHIECIRAS f
200 =T » 23R dropout rate 43 5] £ 0.0005 Kz 0.2 -

Table 2. Model Hyper-Parameters

Character Embedding 250
Conv layer # filters 50
Kernel width of filters 3
Learning rate 0.0005

Dropout rate 0.2

Memory size 200
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4.1 PerNews Dataset

Bk Mt AR AP HEZ @GR R GRU FillFor /i3 2 DSANER T E(Chou
& Chang, 2017 ) At YR AT TR 750 K B R v Py CRI++ 572 ET TEEE: - 411 Table
3 A7ic> DSANER f£fC CRF++ T HATRAE (7 0.8603 [fij BL&T i 5~ Tk A Y CE-MECRF
SEEL(E A 0.8572 /a5 - BURILIE A R AL 2R R mb At 22 B i Ay 5] B B THY R 554
AHEZRN - WITEER LG EHE R GRU RIE(E AL CE-MECRF 2(8E 2.1% > fIA
RSO IRV A R T 2.9%F1 -

Table 3. Performance on PerNews Dataset

Models Min/epoch | Precision Recall F1
DSANER-CRF++ 25* 0.9347 0.7968 0.8603
CE-MECRF 15 0.8881 0.8284 0.8572
CE-CNNs-BIGRU-CRF 25 0.9345 0.8289 0.8785
CE-CNNs-BIGRU-MECRF 65 0.9067 0.9084 0.9075

* DSANER-CRF++ 2 25l SR A ]

4.1.1 LEEEEZZEE (Number of Fiters of Convolution Layer)
EEET - MG (CNN) BV EESSIVEE » LA S 23 B E A RBE Y
PR - YIE 3 Fn o R R B E N E fy 50 IYHFEE » RUBERINE(E - IESR B E Y
TeyBR T - AR ERRRGE - BESFENE > SN EHEARREREEFS
HIFHEL » FTDUSERFAEAESR » (R A ORI FRIZ S T -

Performance w.r.t. #Filters

. min/epoch Precision e Recall e F1

1 35

30
0.95 . —
Q
m B =1
y -
5 02 20 8
g )
< 0.85 5 g

o

0 g
0.8 =

5

0.75 0

25 50 100 250 300

# Filters

B 3. 7/ RS 8E L G
[Figure 3. Effects of Filters Number for CNN Layer]
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4.1.2 EREEH (Number of Convolution Layers)

FESE BT FMTFHEEGH(CNN)BEE - LLEA FEHE S E RN REEN 2 - WE 4
AR GEBEEN I - e L ERRA G EERA AR - EREEE K 3 1Y
RF{it - WRERIARE -

Performance w.r.t. # of Convolution Layer
min/epoch ess@mm= Precision el Recall F-Measure
35
0.90 L33 T
£
g - 31 =
s 0.80 3
£ L 29 2
S .
T [
& 070 -7
25 E
0.60 - 23
1llayer 2layer 3layer 4layer 5 layer
# of CNN Layers

B A SEEFEE KA
[Figure 4. Effects of CNN Layers]

4.1.3 B/ (Memory Preparation Method and Memory Size)

fEEMEERT  WITELLEECIRR R/ NERE 2 - FER LR LG R 2
5 E N SCERRERT R B A0E 5 FoR e BRATATR B AR e SCE AR IIEC 8774 -
SUREREEE o FRMLL 3 A~ 7 A S3IEHIE 100 ~ 200 STl A5 300 FITHE T EER -
Y PerNews Rydis B2 &kt - & PHEATT 2 MEN > NILERCIRAERATIER T - BAI%
FRE LIV E R - SEER A AR - MAE 200 FrTaC AR SRE ik -

Performance w.r.t. Memory size on PerNews

min/epoch e==g==word from begin ==fll==short context

0.92 r 70
0.90 - 60 =
L E
g 088 >0 =
5 - 40 8
E 0.86 2
£ 30 5
& 084 20 @
£
0.82 - 10 [

0.80 -0

memory 100 memory 200 memory 300

B 5. FCIEEEEEIHE
[Figure 4. Effects of Memory Size]
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414 HIAZEE (Word Embedding)

BEAMHEBRGIE T DU AR o 2 IR (% - HRHEEAG G R E A &
7 FHILRMEERFZCESSE T IALEFTFEw B0 EaiigTnsss o IAE
BN A E o W) TR > FATEBETIIAW W ~ Wiwiq ~ WiaWis Wy > Wi qWiWigq
WiWi Wi B A EGEITEE A & S a ik o AlfEEE -

Xi = [Venarwp),
VworaWi—1wy), Viora(Wiwiyq), 9)
Vwora Wi—awi—1w;), Vipora Wi—awiwis1), Viora(Wiwiy1wisz)
* current Char
I R BRVE RER
(The Ministry of Foreign Affairs confirmed yesterday)

m Kind Combination Words

Pre_2 s+ Bichar_Pre Pre_1 + Cur LA
Pre_1 i Bichar_Suf Cur+5Suf 1 ek
Cur a Trichar_Pre  Pre_2 + Pre_1+Cur #h 52 4
Suf 1 B Trichar_Mid  Pre_1+ Cur+Suf 1 iz apeE
Suf 2 £ Trichar_Suf  Cur+ Suf 1+ Suf 2 BfiEE R

[ 6. 7% EEL D%
[Figure 5. llustration of Adding Word Embedding]
WifE 6 LLTES ) REafl o AR I EE R R - EA TN EEFEEHER R
ECR PO 3R LA [m B HUA -
Tz [ AR E T FeMPR 45 T R 4y s s iR = - FEEA CBOW ZaT
Word2vec ##I(Mikolov, Chen, Corrado & Dean 2013) » % Eza A2/ VIR 5 X - 3%k
50 4 5a S (word) s A EEAY -

4.1.5 HEfEIHFHEHSE(Automatic BAPS Dictionary-Based Features)
FH7A PerNews fE[HAGE R - ZF5H Chou and Chang (2017) A2 Y 7 ZUET T RHBHTER
& » #&H Common Before -~ Common After ~ Entity Prefix - Entity Suffix 245 & (Support
RE{E S E Ry 0.5) » fliiFy Dictionary-based Features (f&ff BAPS) » 15 E R EATRAE - UL
P AP g [ RF JEE DU R 18 = T & & (1-gram, 2-gram, 3-gram) it 12 (I %7 {E 0 4K0E
CNN-BiGRU-MECRF Eil bt R 45 & P (s P — (& =] Y 5 S| 9k 8 o (a€[0,1])
AkE R A ] S (EMB)EL BAPS R bR EE - & (10)ETER » Bel% P IR AR
WE TSI 1T P P IRRED

output = a-EMB + (1 — a) - BAPS (10)
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=2 > BAPS Ryt R B
@ (20 7 FoR)
BB T A -

a-EMB + (1 —a)-LEX

* 3 3
Memary 1 1
layer Memary | Memory | Memaory ‘

%GR GRU DU LR AR - 2B
R IT R EEFTE AN T TR ER T (EMB) G Rk

P, (S AESES

B:'::,U"- | Bi-GRU H Bi-GRU BI-GRU \ BI-GRU [ BI-GRU Bi-GRU ‘ { Bi-GRU [ Bi-GRU
ST I _J N J b [ ) o I
- P p ’ "
layer ‘:‘ l CNN CNN CNN CNN CNN CNN Cl CNN
sent Embedding Sent Lexical features Sent Embeddin Sent Lexical features
we | L UL L L] (-1 T[T
layer Mem Embedding ol fastoves Mem Embedding Mem Lexical features
‘HH‘\'“HH_,_\_
/ \ T
S— > = - L - : TR = : !Lv‘ | ’]
Wiy | e |Wg t+1| = | WT 1| e t Pihpay| - T Wy = |Wr Weyq| =~ | Wr Wy e er t+1| =~ | Wr

/& 7. Embedding and BAPS Hybrid Model
I AGE A & B BAPS FHEIYRUEEN] Table 4 Fios » W& & AIMGEATIERE R K » &%

U>

REH 1% - 5 FL3EEZF] 0.9176 -
Table 4. Effects of adding word embedding and dictionary-based features
Models Min/epoch | Precision Recall F1
CE-CNNs-BIGRU-MECRF 65 0.9067 0.9084 0.9075
CWE-CNNs-BIGRU-MECRF 101 0.9467 0.8779 0.9110
BAPS-CNNs-BIGRU-MECRF 31 0.9134 0.7951 0.8502
Hgm";glg’f;ﬂi’é@ 137 09307 | 09048 | 0.9176

4.2 SIGHAN-MSRA &kl

BRI I EERGEIRAN Table 5 R - AWFFEATHE AV A (Harmonic)
A 5IAGE A2 DU B BAi& v SRR &N - AERRE LA A BRI - BESt

1F SIGHAN-MSRA %

FERN RS SSRE 5 22 92.45% > FEREHG 71 [ Rt F 7 90.95%6 Y H (BRI -
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Table 5. Performance on SIGHAN-MSRA

Model PER-F | LOC-F | ORG-F | Precision | Recall F1
Zhou-CRF (2006) 90.09 85.45 83.10 88.94 84.20 | 86.51
Chen-CRF (2006) 82.57 90.53 81.96 91.22 81.71 | 86.20

Zhou (2013) 90.69 91.90 86.19 91.86 88.75 | 90.28
Zhang-MEMM (2006) 96.04 90.34 85.90 92.20 90.18 | 91.18

Dong-BiLSTM-CRF (2016) | 91.77 92.10 87.30 91.28 90.62 | 90.95

Liu-MECRF (2017) 91.09 91.87 83.81 89.16 90.47 | 89.81

Lex-CNNs-BiGRU-

MECRE 81.70 75.00 67.22 85.30 67.33 | 75.26

CWE-CNNs-BiGRU-

MECRE 91.92 90.84 84.76 89.44 90.16 | 89.80

Harmonic(CWE+BAPS)

ONNSBIGRU-MECRE | 9270 | 9245 | 8631 | 9134 | 9095 | 9114

5. &EamEE R EE (Conclusion and Future Work)

AHFEATIR IR - BT (E I FTE % B e oK B BRI AT 540 - HEH
Bi-GRU &N B NS P AIRVEHRATAE - B EARERETRR - RI& RS
AN IR SOS AR AE - e S SCE T AT S &R - A IR A R s R
FroIBEECAYHIBT(REE - MRS Liv EAFTEEAYARAR MECRF sCfBiE YIS » AHTZERATHE
R R B RS B TP B ATRE M ROURE - TR ELE R &R s E R B
FER L Rt A RATRERER -

AILA BAPS iR B A (51 & SR 2R TR S I ES (0 %0E » =S WA FRE S A EEE
AR > BRSPS AT SN ER T BERE S A — &N > 5
ST A LUE R R GRS AL - etk > NI EAOR LR E N = FER HE > B
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