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Abstract

Text readability refers to the degree to which a text can be understood by its
readers: the higher the readability of a text for readers, the better the the
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comprehension and learning retention can be achieved. In order to facilitate readers
to digest and comprehend documents, researchers have long been developing
readability models that can automatically and accurately estimate text readability.
Conventional approaches to readability classification is to infer a readability model
using a set of handcrafted features defined a priori and computed from the training
documents, along with the readability levels of these documents. However, the use
of handcrafted features requires special expertise and its applicability also is
limited. With the recent advance of representation learning techniques, we can
efficiently extract salient features from dcouments without recourse to specialized
expertise, which offers a promising avenue of research on readability classification.
In view of this, we in this paper propose two novel readability models built on top
of a convolutional neural network based representation and the so-called fastText
representation, respectively, which have the capability of effectively analyzing
documents belonging to different domains and covering a wide variety of topics. A
series of emperical experiments seem to demonstrate the utility of the proposed

models in relation to several existing methods.

Keywords: Readability, Word Vector, Convolutional Neural Network,
Representation Learning, fastText.

1. 4&m (Introduction)

—f%IM S AIEE M (Readability) & 5 B REA R BEST #2587 AT I g AYAZ E (Dale & Chall, 1949;
Klare, 1963, 2000; Mc Laughlin, 1969) » &8 % Bl = o] 58 AV » & A i ny 3
fift Ko B 1% OB R (Klare, 1963, 2000) o FHJFA SZAAY T 38 M AR RISk (AR T iy BEE ZEAY 4
& Wt RESE AN REAVIER B > 40 1 1923 4 Bertha 55 A Gt 7 /AR
FlE 2 R A 8 (Bertha & Pressey, 1923) « 534 » Vogel f1 Washburne 7£ 1928 4-H]|
THEH —{E Winnetka Formula 2R 5F&/NM% B0 =] 314 (Vogel & Washburne, 1928) < g1/
FIEEVEAERARVIRSCIEE S o KL 0 $5% Chall B2 Dale 7% 1995 fEHV4EET > £ 1980 4F Fy 1l
TEBAEY AT M A R T A 4 200 2 AT aE 4 /2 30(Chall & Dale, 1995) - 18 L{H AT AT 5E
MERRTE R 2 (R ECE B NIRE S ROk S AR E nl 3B 14 A= > 40 Flesch Reading Ease
PRS0y P B B Iy ) R & (Flesch, 1948)E Chall 1 Dale 515 #5613 &
HPAYEEZE(Chall & Dale, 1995)% » # R EAEAEEEARREZ — - 280 FEHATEEAF
FirER AR REsE SRR IR & DU {8 Y - Graesser ~ Singer F/1 Trabasso {51

BHEE R EA R AR MEEN EERE  SUFRE R A R U R g SRR
VG H 7% = A SR B 1 (Graesser, Singer & Trabasso, 1994) - Collins-Thompson 71#5 H {8
Gl ATUEZ B CFNRZBEN RIS S E ARG - BB AR A E
PR AR FHISOA AT B M Y45 5 8 52 F1'E %E(Collins-Thompson, 2014) - HE[<H » A
EMERI TR E AT - tHIT N B R T se iR E & nTs8@ M ARy BEE - 85U S dany
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WeER BB AR S HIRAR M A B A A > A6 A B 2 ey B M fE A Ak 3 [E &
SCARHTEIEE N o DURR T AT S M R Y R BE (Petersen & Ostendorf, 2009; Feng, Jansche,
Huenerfauth & Elhadad, 2010; Sung et al., 2015) -

IR O G AV - THZE N BB ER A — RGBS R0 ol sE M A AU A FH RS 8 SR S
Bf > — RGBS RHEA A KR A A [F SRR B R TR E R - HERERR
TESEIECUAR N A AR R LI T RIERES o SRR TR T A R — eE
SRS SRS 45 - Yan 5 A\ gt BHHES B EET B B E AR Bk EE (Medical
Subject Headings, MeSH)F1 iy ELEfliTzE A HRaT - BHEESFHEARIZEIE - FRIEE
FHE G S R R AR - HAIRESR > BRARERE S R R T S M N e A S B
TE SRS R B E T SERY S (Yan, Song & Li, 2006) - $#H¥#f—fsh SR EI AR BN E
EIRAEREE ORI > BEA B ST S (EER R TIRST - B0 > Yan EAF AR
At S5 [ 1 2R B 22 ) /B (Mediical Subject Headings, MeSH)HY B EET 57 [ fg &l
VE Bt S EORHE » (eI E— (RS IS - WETEMEES T R4S AT
EREEERE - 15 AR SRS FE fE(Document Scope) (Yan et al., 2006) - Borst 5 A
e FI RN T R Ry T ERERE S B T AR W o B AR s E T R
FEFS > AF Roa At B B4R PO Al g ~ ) RS FEEE H{ciB (Borst, Gaudinat, Grabar &
Boyer, 2008)

FH_EAREERZE R R » R ame i 25— Rl S R EEGE ST R E SEIBCOR I MBS RE P
satHIS 22 (Document Representation)FZ iy » A LUKH 75 FEHE K45 - HE
FERF B )5 R « AR AR > H FTad 2052 (Representation Learning) 774 7] DL H Eh{E F 1A
Bkt L EE &R se A B I S SR RO TN & R (Goodfellow, Bengio &
Courville, 2016) ° {F{SHAIFTFE BAVRHE T DR AN B R ES > RIhBRCT B— @
FE T A o PRIBE AR ST RS A AT AE A BT R85 3 VA AR B B e SO e L o] B 1
RUFT RS B0 S| B RE 5 3 TS SEIS A1 o] BB I AR A « ARG SCITN A ZEHE T -
55 G A B ATER R B A 48 vl sE M R EE B SR o] B M A AU A BR AR 5T -
2B =B AN TR E R A SR H—(E BE S [E] 0 73 A7 A (B G Sy mT s R © 55
VUi 2 IR AR SRR T RE MR AR © B iR EE AL MRAE BRI SR N ] »

2. 1HREAWFFE (Related Work)

TESCAR A S MR ST JBAERE 2 77 M (Latent Semantic Analysis, LSA) 2 F-#IFEH Z#
MEEZ M F it 2 —(Landauer & Dumais, 1997; Landauer, Foltz & Laham, 1998) - H4& 17
WE 1 R > BEEE TS 7 206 5 52 - S E 0 A1 F =7 2218 97 fi# (singular  value
decomposition, SVD) JF4fE 4R - (F 0] LARHEL HH B EE i sl B 22 [ sk e 2 S0 B e
& EHS B R B 2RO RE T U EMNEEE Z(#5E%E - A+ BE ROEZ /R
BEMAUE - fEEE > CEHFSEENHBIEEE T EEREEEE AERE T E N
FHRBAISE « 1 Graesser % Af+ Coh-Metrix 3.0 Frg{t 1 /\{EFR LSA MHREAYHEEEAOH & 4]
T-B s =AM R & (Graesser, McNamara, Louwerse & Cai, 2004) - Truran Z¢ A HIJ &£
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VEIERE R MRl 2k b 9T B 2R R PR S 22 1Y 1] 58 M4 (Truran, Georg, Cavazza & Zhou, 2010) °
Frangois A1 Miltsakaki F|FHVE{EaEE 73 255 T 5 a5 2 09 B 5 M 2 & Bl mT s PR R 1)
REETEE - DI BUASC R B EE S E A T M (Frangois & Miltsakaki, 2012) -
Kireyev F1 Landauer {§ B {ERE & 73 W 2B 2 F U VS (Word Maturity) » DU H]H 58]
B F 4 EEE (Kireyev & Landauer, 2011) - Chang 5 A K| 7B EER 0T L ERIAIE 24
RHUZERLE - F AR R0 E AR B 4ty HH B AR 4R Y 28 T3 (Chang, Sung & Lee,
2013) -

N K K N
S R \
K 2z K VT
Term-Document
M— Matrix —SVD=> M— U

(Mby N matrix)

B 1. JEFEE T a7 ) R B B
[Figure 1. Latent semantic analysis using singular value decomposition to
extract the latent semantic space.]

FH—EEER R B RNFRREE AR | AR A ER B SR T H
Hinton £ 1986 HEFRiEH - N #EfH Bysal# - n(Word Representation or Word Embedding)
(Hinton, 1986) » Bengio £ 2003 4 H [0 =\ (i 4E 4 EE 58 = 1 (Feed-forward Neural
Network Language Model (FENNLM)AY /| SR A48 » {1 S 4 H 5] S Aij 1% AH AS YRR (4 2R SR HLGEH]
[7] & F7~(Bengio, Ducharme, Vincent & Jauvin, 2003) » [fi#TH Google frE$Z%H Word2vec
HIIFT 4 B FENNLM 144 777%(Mikolov, Chen, Corrado & Dean, 2013) « 2R R FFNNLM
JeREAR —FEAYZ » Word2vee AR 7 FFNNLM 7E 3| SR EF A ERF AU IR ER RS pe g - (& PR
T AJE - K e > (FHAARE T IR - Word2vec £24E T ZfE3IS 720 77 il2
48 2| LS FEL A (Continuous  Bag-of-words Model, CBOW) J i zd] 15 U (Skip-gram Model,
Skip-gram)  ZH&E A LIEIY T BAYE R FH B AR 2 S MY BT SORTEMN E AR AU 5 M
W8 SRS RTINS 7 B AR - B B A S AR E TN & SIS - —fd sl S
AUREEAIE 2(a) K& 2(b)FTR o ££ Word2Vec HA i L4 o LS A IR /2 R S p A
i 2 &N v] LB A Hierarchical Softmax B¢ /2 Negative Sampling iy fa 5 =X 2 084 3 31| 4R 1Y
RHE © FH o Hierarchical Softmax i5HY/2 HFa/ll G &t o A [5]5] Se f / B 2E 7% & g (Huffman
tree) I (HIGHRETE (root) B A E G R EH R E—AVRSR - BEZEFISRAEIE S - REGE
WERSH L EEETEFTHIENREESS » MBS EE T ER AR - 1 Negative
Sampling A2 &5 T E R SBIIVEZL 5 R SATER T R AN EGIVEEARSS » BEAIMNET
FEEBIEAR - (EFI SRV BRE P RE S - (R IR AR R BN - tfE
BEFR(R T BB » g e [ 2 0] LB EEEIE - £ At A2ET
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&8s Word2vec [E A ATEEMERERY » (51401 Liv S A f8#KF Word2vec & B ] 58 MR AU Horp
HI—(EFH L DL~ /NSRS R (B BRI MBI AT 58 M4 (Liu, Chen, Tseng &
Chen, 2015) - Tseng Z A RIl72 1 Word2vec 454 37 5] E1#%(Tseng, Sung, Chen & Lee, 2016a)
BRI A4 (Tseng, Hung, Sung & Chen, 2016b)3 e i — & #ES [HF 73 A7 U SR ~
HE R H AR AR R CCOAR R o] s A o

Input Projection Output Input Projection Output
W(t-2) W)
W(t-1) Wi
Sum SUM
DW(D W(t)
W(t+1) W
Wee2) W(t+2)

@ (b

B 2. (a) TR FE BZ - (0) IR T B -
[Figure 2. (a) The continuous bag-of-words model; (b) The skip-gram model.]

Fi Bt AT RIBHZE AT IR S 2 VB A B B o P EE Word2vec  # AT DATEAR TR AHIER R Y
IPAZT » MR EOEEDE BB {E SR Bl B PR MR Y P fR AR - AT AR FoRER
EEED R > WL Ram SR E sl UG TE 4488 (Convolutional Neural Network,
CNN) (LeCun, 1989)g 38 7 A (festText) (Joulin, Grave, Bojanowski & Mikolov, 2016)ZF
A EFREE AR B B B R ARG - 5l SR —(E B8 58 73 AT SUa S ARy A 38
PEREAY -

. ERNETREBIEFMZ o EHER (Readability Model Based on
Representation Learning Techniques)

3.1 HREMKHEE (Convolutional Neural Network)

GRS 2 — 7y g =y o BRI GSRE e nyEEELH 2 G & (Convolutional
Layer) Rt (b€ (Pooling Layer)sE4H i (LeCun, 1989) » i 48 fE4H A BTy B sl 2 i - %6
M RE AR RS 1% - DIPBORTEATRERY « B{EG IR a4 g 125 i = [ = Yy B AR E
B MU EE T Y 2475 © BT 32 A (Sparse Interactions) ~ £: 83t = (Parameter Sharing) 5z 55
8327~ (Equi-variant Representations) (Goodfellow et al., 2016) - #HiHi32 & X Ff Rl iE 3%
(Sparse Connectivity) % %2 H I # (&% (Kernel )£ > B E HI A /INKernel Size) 28 fa i 4
TGS 570 B (BT B P I 2 B2 0 » 5T LU RO 5 B RTS8 B0 -
SYREZIENEER—EZT » §—ETEZEAEMEFMERNEET SMEED - 28
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REEGRERENEE T EHNEEEE HEESHENT » AN EETE
TEREIRIAL E AT R REEEE 2 M TLAY - RIS R KR FE P2 e s B AR SR RE - 28
HEZAYREHI AN E B E A LR - BRI A A Y R B PR — B
YR T DARE AT B (A PR B BB 2 W R R O FE R R R 2 A IR 1R
RO B R AR A B (Goodfellow et al., 2016) - H Fi&RIH (AL AR T 4L R IE
FH A E G 471 (Ciresan, Meier, Gambardella & Schmidhuber, 2010; Ciresan, Meier, Masci &
Schmidhuber, 2011; Ciresan, Giusti, Gambardella & Schmidhuber, 2012) - & & #¥ 3%
(Abdel-Hamid, Deng & Yu, 2013; Deng, Abdel-Hamid & Yu, 2013; Deng et al., 2013)F1H A
sE=EHE (Kim, 2014; Zhang & Wallace, 2015; Johnson & Zhang, 2014) - AWt E 5 &
TR A 4RI FH 2k B Bt B P S8 M B P 3R SR AR 01 P2 S e S A s 3 o L T
MR HAAEAE 3 For o (Rl SRV a2 R EH E] Dropout (Srivastava, Hinton,
Krizhevsky, Sutskever & Salakhutdinov, 2014)f$5 75 2K i op fE 7 58 & 3@ T (overfitting) 7p
3 K1) F rectified linear units (ReLU) (Nair & Hinton, 2010){E R AV &35 k¥ (active function)>
DL o BRI P ff S 54 25 (gradient vanish)[fE5E o

IR ISR
Term R u - i
/

. Pooli :
/ Convolution I(ja(l)ylenrg Multiple  softmax
Embedding ~ Layer Neural
Layer Networks
(128 DIM) (256 DIM)

1B 3. B B S < B R
[Figure 3. A Framework of Readability Model Based on Convolutional Neural
Networks.]

3.2 A (fastText) /574 (fastText Library)

4 Word2vec 2 1% > Joulin 2 \ Fi4E %% Word2vec 1YZEfE &R 1R A (Joulin et al.,
2016) o HRERSCAREL Word2vee — kA 48 5] S BRI 5ol 5 0 W R 281 » R E R —
(&l =& AR B w5 [E I RE % - 1725 285 B 15 25 (Sliding Window) S H#ET 31| SR Y4237 7] LAsE
PEE AN AR EHREINSOR o (BN — IR0 T R B A s s ORGSR &R - B
R EAE 4(a) K8 4(0)FR o BRELZ AN > AE# A G 71 > H.FH Word2vec Y unigram gi
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A n-gram G922 DLEE RS B SN SRS A B AU L o 2 RSO i g 2 R
Hierarchical Softmax B Negative Sampling HI[fE Word2vec —#% » FJLLEH R - o Mk
AR ERE A SRR A R B R 2 o0 B Word2vec - ELEERE 73 SR HI TR KI5 40
R G EGAERDE Z H o R - ANH5E L E SR PR R SCAER F 2 4 S0 R A AR

SR A AR

Input Projection Output

Input Projection

W(t-2)
W(t-1)

Sum Sum

D Label Label

W(t+)
W(t+2)

(a) (b)

B 4. () REBX A BRI - (b) (RIBERX B ZME57(R 2 -

Output

W(t-2)

Wit-1)

W(t+1)

W(t+2)

[Figure 4. (a) Continuous Bag-of-words Model of fastText. (b) Skip-gram Model

of fastText.]

4. FER LR (Experimental Results)

4.1 EEHHE (Materials)

AW S 98 FEETE H > K~ N = RHARIEAT I AREY 1-12 4R e iR BIEER
HER - BRI R E RS F USRI EFE 2 3tEt 6,230 & - SHAEE

FHEM R HEFARBERE M Z RGN - EERMRESR iR 1 Ao -

L. ERIIISHES FRIVE R
[Table 1. The statistics of the dataset.]

F4R 1 2 3 4 5 6 7 8 9 0 11 12

Rt 0 0 80 74 85 8l 389 407 325 340 331 270
HARE 0 0 72 67 67 62 172 175 157 211 355 295
B SR 24 67 61 71 69 70 37 34 28 84 41 47
I:5:

HE R 125 125 121 144 149 150 79 91 85 197 139 177

FHER
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4.2 F|GRETEEMHEAERY (Train Readability Models)

EILiRFE BRI WECAn(Chang, Sung & Lee, 2012)2CHE T o SCBT S I ATEIEAZ T -
PR AR SRR A TR S A A e R R SOAR ATl L T S T A R e R SR AR 2
M EHVERIELE SR AT HI R - R P SCA R @I A REEIS - AWFFEAI] Keras
(Chollet, 2015) T LAE(F - F&{H B g fe B R A 5-fold S B BRaaHy i =V4NE 5 Fos - #E8k
BN SREDRL A% > AT 2273 R DU R SR SO ot S SR SRR BB AR EL (1l L bk a2 -
PR S LTS E B A EET IR & SOR OB R A S LA S PRI (e g
P SRRBIRG ) BGHlsan " SR KRR R 4 ) o HEEIIRELE - ApEss
AR R R R Ry 1,000 5 SORHIRERE 1,000 K - #2350 & B BEERZ SURMRE
AYEER - MAEAEHE 2 R RIS HERR - AUTFTR G IE RS AR SRR R A& 73
il Ry 128 L 100 - ff] FH A AT 2 A1 28 R 58 1 TR R (pre-training ) Y4527 - [NE#R A JEHY
P EE R AL R Ry A A o —ESJI R -

Corpus
(6230 Texts)

Segmentation

¥ v

Train Data Test Data

H

‘ CNN + DNN / fastText

|

‘ CNN + DNN Model / fastText Model

A 4

5-fold cross
validation

I
|
|
|
|
|
|
v

Texts Readability

B 5. 5 F R R R H A TR [
[Figure 5. FlowChart of Training and Testing Readability models.]

4 3B ER4EE (Results)

A Sy AR GRS A & B R SOA AR SN 6 T S A A - G B 5 A ST 4 7T ERER
IR AR 2 0 SRR AR 3 3R 4 AR o bR T 2TEMER 4
ARUFFEHIE b~ T —EFE AR ARG AT RS > DA 2 mT ol MRS Y S8 S TR
HIRRE R AR EE o PR AT LSS B A o 2 DA AS s B2 D R S SR T s A AY
T R SR AL AT 2 B R W5 Lh & 5] & 1% (Support Vector Machine, SVM) (Vapnik &
Chervonenkis, 1974)ZE4f o [ Feffth 7] DL3& B A G 2 PR FH B IR &S RS ~ PR SOR R
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Word2vec B 1] ISR FRAA [FISEI Y SOA AR i T S PR 20 (S0 R 2Ry TRl 1
A AT LA I — A (LAY RE
7 2. B RPFEERS R IR 2 AR IR LB

[Table 2. Comparison Performance of Readability Models Based on Convolutional
Neural Network and fastText.]

; X X — ., N . waT
BAGEG  EASER | MR SN es |
HERfER
1-12 4R |BEERL &R . JEMAELE RS
) s | T (AR A 67.62% 86.76%
5%%4)@%1@11 (—J&)
A :
6,230 5 PRIESOR 69.63% 86.01%
| 5 fak
Word2vec SR 61.33% 82.2%
(Tseng et al., 2016b)
R e
Word2vec (—/=) 66.95% 85.26%
(Tseng et al., 2016b)

7 3. BITHEEHER o R IR Z # A

[Table 3. Confusion Matrices of the Convolutional Neural Network based Readability
Model.]

FREERITE{G 4] )
1234 ]|5|6| 7|89 ]10]11]12

g |1 |74|52]21/ 0100|000 O0]O0]1 49.66
B 2 |42]|92(42 1320|000 1[0]|O0]|O0 47.92
Tl {63697 63| 17|11l 121000 58.98
Foola Tals] st 2234020500000 62.64
5 |01 |22|54[165/8[29| 4 | 2|3 ] 1]1 44.59

6 |0 |2] 7 34|95 176/ 18 | 6 |10 |11 | 1 | 3 48.48

7 20| 1 |2]16|26[526|36]26|39] 1|2 77.70

8 |0|0] 0| 2|3 [29]42]|540[31 (43|12 5 76.38

9 [ 10| 0| 0| 1 232929 |454| 41| 15| 2 76.30
10|5[0] 0] 0] 5 [15]26]|23]19|58]|92]|61 | 7043
1mjojol oo 277|919 |142]630]|6 | 7275
12|14(0] 00| 05| 8| 4] 3 [122]93550]| 6971
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F 4. B AR IR 2 g A
[Table 4. Confusion Matrices of the fastText Readability Model.]
PRI TR 4] .
11213 4 5161 7 8 9 10 | 11 | 12 RO
=1 1 87 (47| 12 | 3 00| O 0 0 0 0 0 58.39
3 2 |46|97]43 | 6 00| O 0 0 0 0 0 50.52
F 3 28 | 151219 52 | 12 | 6 | 1 0 0 0 1 0 65.57
* 4 10| 56220933 [25| 10| 1 1 0 0 0 58.71
5 215128 |43 |184|75] 27| 3 0 2 0 1 49.73
6 0422|2379 |188] 18 | 5 13| 7 2 2 51.79
7 1|1] 3 2 19 |22]560| 26 | 5 | 28| 2 8 82.72
8 100 | O 1 12 |21 28 |571 | 12 | 32| 7 | 13 80.76
9 100 | O 0 8 | 18] 24 | 11 [461| 36 | 16 | 11 77.48
10 | 3[40 1 | 7 (11|47 39| 13[555|95]|57| 6671
1110|140 0 4 | 4|16 | 20| 24 | 113|619 65 71.48
12|11(3]0 0 1 (4] 11] 6 4 | 84 | 87 | 588 74.52
FEAN » AT SRR A A B Ay o] S PR AL R A s JE B > DAR

BEEHGEREITERRL - HERWR 5 Frn > AW7EEHE > DUGRIRM RS R
Y ATEE MR AL - HSRE MRS E i S SR s e B i BT L A B R
Word2vec Rty n]SEMARAY 0.97% o 2811 > HABHTRERERAI S =8 0.65% - DIEEHG
ME » BA Word2vee RyRF{#AT AT MR AR LLE S Y - (H LG HACAREER By
R R MR AT R R RS Y © Be(REF AR 2 IR 5 E - BeffI o] LLEEsR R
BOCRHAERERAT R AT A AT M A R e Y - (BT AR AR A R i (A
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2 5. FIFE RS 2 e [ B B 2 ET R [ R s
[Table 5. The Influence of the Number of Hidden Layers of Neural Networks on the
Readability Model.]

o] MR
VAR i e g Word2vec
L [E G [y | OO (Tseng et al.. 2016b)
EE p—
BRI (%) | BT HEREZR (%) %) o HATHERER (%)
BUSE - it 1 67.62 86.76 66.95 85.26
2‘:5% o2 67.09 85.99 68.59 86.11
1-12 fE4F (RS BRI
2
;J%W/;P 3 66.5 86.31 68.33 85.54
=1 6,230 1%

5. 453w (Conclusions and Future work)

A MR AR R R S B EE R RSGt » AERRNEIEFNE - AENIE
ACENTOREEERE > 1RH LG R o PSR B Bl A IR
EalleR I MY > 3 DL RS R I HOSRE B L SR — AL AYRE ST » BRIEEZAD - DIAHTZE
EBRMEIS - B R ERE R RIS SRS - ECOR - HRREl
FEnsa R SRR BT o STEIEREER - AU RAGR WA E Z AV E
BERAEIZE ~ R SRS B AN AT B e M R 2 2 -

BRICZON » AWTE th 3 3R R A Y ] S MR A Py 230 H AR SE R A TR R 25
WSO ERER BN R =Y (HAE3% 3 FIFR 4 AULLEI R DASEER » PR SO A B st
FRARHSOARE TN A - Hal et e R B B i R TR B8 3
AR ZE MR E A B e T o TS R AL RIS o3 SO A B B YRR 2 - AT FERe Ry AT RERY
FAE « W ENRFEREEESVERENS - & 7 REMEERZhE R DI
R g YIS HBAVAER - 40 © SEeEE - SieE THERATEREL - N FEER
R o i 288 e FH o R U A A AR R B (DA B SR A FE SR SRR S B Y 2L 1T
) (B ERRAY S 4E R B R ML ZAYEE) - (ESER AR o] IR SRR - M2
T REEEERAECFAEGHVEHEEARIR - NIt E LSS RERAIAE
AR - — S SRR AT ISR RO R T2 A B (U0 - BEE5C ~ réaie s esfs
IredEENRRA.. FE) - B LSO 5 B R Bl IMEE SRk o] CABSRE - DRI AE R ZACHY
wrgeeh > B 7RG A R AR AL G R AR A A (B RE 2K (ke o nT R M A A A E RO S8 3R T -
HER AW RES T v REAV IR R ER T e A S 2 AR A B B Ay m] S M A
I TT -
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