Software Engineering and Applications ¥/ T8 58 FH, 2018, 7(5), 261-272 Hans XM
Published Online October 2018 in Hans. http://www.hanspub.org/journal/sea
https://doi.org/10.12677/sea.2018.75030

Intelligent Recommendation for Literature
Reading in Digital Library

Huisheng Zhu, Lin Chen, Yu Zhang, Yu Lu

School of Computer Science and Technology, Taizhou University, Taizhou Jiangsu
Email: zhs@fudan.edu.cn

Received: Sep. 20", 2018; accepted: Oct. 1%, 2018; published: Oct. 8", 2018

Abstract

Digital library has become a mainstream platform for readers to read literatures with its advan-
tages of large information capacity, fast transmission speed, and less spatio-temporal restrictions.
How to provide readers with high guidance quality and good personalized services is a key to
transform digital library into smart library. In this paper, an intelligent recommendation algo-
rithm for literature reading in digital library is proposed. After scanning the given literature
reading stream only one pass, the algorithm mines frequent episodes by depth-first-search, stores
frequent episodes by a shared prefix tree, and compresses the search space by episode monotoni-
cally. Experiments show that the proposed algorithm has better spatio-temporal performance and
higher mining quality than the classical algorithms. The mining results can reveal the reading ha-
bits of readers and predict the reading tendency of readers, which helps the digital library to im-
prove the utilization rate of literature resources and provide readers with better personalized
services.

Keywords

Digital Library, Intelligent Recommendation, Frequent Episode, Depth-First-Search,
Shared Prefix Tree

e EBIE T RISCER R & R

RAEE, O, K & B F
TMZ BT SIHLR 3 5 AR, YL ZoM

Email: zhs@fudan.edu.cn

Woks H . 201849200 FAHEM: 20184F10H1H: & HM: 20184F10H8H

SCES| KR, BR, SR, BT BRI R BSORR I B BEHERE D] M TR S N, 2018, 7(5): 261-272.
DOI: 10.12677/sea.2018.75030


http://www.hanspub.org/journal/sea
https://doi.org/10.12677/sea.2018.75030
https://doi.org/10.12677/sea.2018.75030
http://www.hanspub.org

KL 55

R

HYEBEURBEEAFER. FRERER. NEREIDENS, CRONEEREIRIERTE. 0
FEEREASAER. MELEFIRS, ERTFEREAEIBRPEEZNRE. £TI, #H—MX
FiR DR eI Sk . R R B ERIR M SR I, AR R RRIZIR R T, UItE
BT BMRAEMERE T, U T RAERESEERER. KBRRA, 5LRE0MAL, FREERAR
W R VR R R IR R, 2RSS SRR RN v Y B3 S B T i B SR, AT B
THr B R R & SR BHR A 2 5F e R i MR

Xiia
HrBEHE, FaEE, MEET, REREER, HEWHEM

Copyright © 2018 by authors and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY).
http://creativecommons.org/licenses/by/4.0/

1. 5|8

BB PIELEGEAERER, B E. W2 REl DS, CBONERE RSO 2R T & .
PAH E 1P CNKT A6, 16y H a4 sk K oSc8er B HE, CNKIL 2 40 24 E K X A%
B, Hvim s 100 75 AR TEEH TR IR RN, Qo] st 2 R at S e MR i ik
%, SR AT ) R R R T A A O

SCHR B SR B B IR R i e AR I D S SR R A, H R 2GR S E R OB Sk
B REHERE B LEXT SCHR BRI EAT 43 0T, F2 80 A0 H LA SCHR P B (R AT S 1), AT A IS 2 1 [ 13 >0 467
AT 23 1) e SR I, XK BT Hr R A PR B v SR R R PR R FH 2 9 e i SR AL I IR 55

H Manilla [1]55 A5 NFAR ERATEAE 208 0B LR, A2 =ExflbRIr TR, e T2
RFEMESIF . WINEPI [1]. WinMiner [2]f1 HUEM-GAO [3|5HE# A& H T —ANME T R BE L R i sh & o
AN KR S8 1245 1 19 SCER B2, T MINEPI [1]. EPT [4]. Clo_episode [5]+ Ap-epi [6]- UP-Span [7]. DMinEpi
[8]1F1 MELLO [9]55 52 ) 2 T — MG 15 1 fe /N R AR R XFE I — /NI IR] X JA], =5 R 19 15 72 b R AR
EANE HATAT 7 X 8] E R AR IRBCR U FAX IS TSRS . A0, XSS EEEIZ R fE h R 2 i
P, HHPA T KERMEEE T . B4, REEEE T~ ME SRR T RS TS 2
RE SR A, Wi 2 S U R AE BT 507 w8 i, SR S = <(AL1), (A,2), (B.3), (D.4), (A,5),
(C,6), (B,7), (E.8), (A,9), (C,10), (B,11), (A,12), (C,13)>, &Ky 3, MEMR S P13 -1+3=15
MNEBIE T, Bl W1 =<(A,1)>, W2 =<(A,1), (A,2)>, W3 =<(A,1), (A,2), (B,3)>, W4 =<(A,2), (B,3), (D,4)>,
W5 =<(B,3), (D,4), (A,5)>%, REFET<BD>E S EHRHILT —IX, {HH WINEPI 5551 A B0
<BD>{ 3R RN 2006 N AN BB TS S E 11 W4 Al W5), i MINEPI %5735 1 575 31 1 75 T <ABC>
PISCREE R 3 (6 R = AN B & A /N X [A][2,6], [5,10], [9,13]).

NTFRUE N AR TR i, FEAETAEESRECME TR AERIEESR, 4
HAUH I A — O A BBE 5 — RO A 2 Ja) T T A A i 15924 5774 Discovery Non Over
[10]. NONOVERLAPPING [11]HI NONEPI [12], XEF P NAMEEH T — 4~ H 0L, ik i 3
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AP AR IR B IX L F S LR IERS, AT Gevt i AH RS 17 AR B R A . AR IR B By
Gp e TG RAR) TR M, (BT EAEE S R AR R RN A, BT DX SRS 1A
1575 H A REAR G M IR — MG FAR SRR 2 R R BE O & . i, HH %% NONEPI 793 (115 11 <ABC>
HEFMER S ERSE R AER[L6) (BI<(A,D), (B,3), (C,6)>), HAZHR/NMEE2,6] (EI<(A,2), (B,3),
(C,6)>).

R, ARSCEEH T — PSRN AE 11298 592 MANEPI (Minimal And Non-overlapping EPIsode).
GEVERE T i HARE & R AR — MBI SCREEE, BE AT DR iR — /M 1 i S R 8 2 ) (1
BB AR, SO LB R AR OB WA %R R S R RS I Y, R
% B T AR B AT AR E T, KRR AR A . 4, % BIEAE 2L T R SR A7 i
SREAETT, R TG 1SR M e 4 A T A R A, DAz IR R . FOR o A A SR IS VRN R
PR RO IR 45 8 AR R .

2. MEHEIA
2.1. AR

ESCL G e SR e = (EE,, -, E,}, —AFERE A ZndlE), H, Ece
t FRONGEMMR AR 2 XAE ¢ RIEMR S RiE THEHR R AR L FEHBINT S, £RA
S=((Et,)o(Essty)o(E,ot,)) » Felit <t (1<i<j<n) o

SEX 2 (1) BT ot B TR RUARNFS, Wha=(EE,E), HPE(1<i<k)ee H
SEFHTE I i R j (1<i< j <k )ifE E BRHE E 20T 157 arh F42RA MR N oI K S, 188 of o
KRN k BT k=155 .

B3 (I, M) GG aflp, & INHRIE ot ML, BT 5 o (fix s
HORA B, WL TGS, Bk, il alas p.

SEX 4 (BI): WIS a=(EE,-E,), WKW g=(EE,E_ ) ZafJii%.

SESLS (HHR): BENE T o B, K AT SR % FUUT FITE o HITE B 8T 5 1588 ofl B
¥, 1N concat(a f)-

X6 (RAE): GBI S B a=(EE, - E,), %5 ((E.0).(Eyub). (Bt ) R S R
THEEES, Hi <t (1<i<k-1), WKRKHE [, NalE S LH—RKE, 1 -4 NEREMXEK
B, 6 NIZRAERAEI R, 4 A% R A b,

ST (BUNRAR): B [8, 8, ) RAE alEF R S B KR # S EATE ) SRR A [1,1]
ifFe, < He <t,, 8t <t Be<t,, B[] <[t.0,], WRR[e.t,] RafE S ERI—RENRE. ETia
TEFR S I FTA BN R A SRS amo.

EX 8 (BN HAFEZRAE): W[, | (e, 0] RIE AEFMI S LW /ANRAE, B, <t
el <t WER[,0, ] R0, 0] RafE S B/ HARE S KA 15T oAEFR S BRI RN HAFES
RAEH B B KRG L N amano.

TE X9 CLHFE): EE amano IR amano|FRATE T al I, iE Nasup.

FE S 10 (SENET): A SCFFZ A min_sup, #1E1 a1 SCFFER T T min_sup, WFRafE—A
BB

2.2. 5|3 1: HPc a, MABsup> asup
UEW: PRNBR alt) 5T, Wkt T amano d1alffER PR/ HARE &R L [1.0, ) M1t ] —

is? Jjs>" je
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et e A RN A AR [ ) R0, ] W[ ] e[ R0 ] et ] - ks
|Bmano| > |a.mano|, BPBsup > asup. 513 1 iEE. W

23. BE 1: FREHEHHEMEEDHRIEREN, MEFPHEMFED LMK

EH 1 WA T R
WERA: B PE 1 AE X 10 Aff5HE. W

2.4. [EJREHEIR

25 E PRI S MISCREFE B min_sup, WA )y: Bt — 288 S LA MBI RS%, 2R,
1) AR S; 2) MDA ARSI 3) RAaaeb R 2 #H K.

3. MEEDHIZIEE L MANEPI
3.1. HERTER

T VF 2P EAE RA M E AT, WA R], BRI i S A s Y. ST
M SPT (Shared Prefix Tree)se —HRA MMM, WAL S N &R A—A Ut (label, mo, mano,
children), ™1 label EE 5L N RL AR, MREE R label A7, MARSS RURFEM 1345 55 N
B2 EITH label B)HFE R RINENE 1T s mo NG KN NSRS T ol /N R AR, M4 S mo 2~
s mano NG5 R NS RLRIENE T ot/ HIEERE B KL, RS K mano N7 children J48 R 45
MON BTSSR E, HaX s I e £ 145 5 label HIF3UTHED, BrA W45 S children
N AMEFR W, SPT RS, SO R4S AR 15 2 H T #4145 mO0 RS A I RT 4%, L=
W IE T 1S 44

3.2. B3 MANEPI #iR

S MANEPI F)FEASBARSE e il A Hi 2 2 AR, A KBTS 15575, R)ax 2kl
) — MR AT o — DM 11575 e BEAT HR R, TRR— DMK i+1 BIBHE TS concar(ae), XA TEHE
AL a NI — IR IE T8 . 35 concat( o) STREE/INT 25 e HISZ R RIAE, W concat(o,e) AAESE
595, HEE 1 AT, concat(a,e) PATATHERTE 1T AR AE R, KM ICHLA concat(o,e) NRTEFEAT I 11
W R, & concat(ae)ICHFERNTET 4 ESCFERME, W concat(oe) NANENET, HikHEHL
concat(o,e) N ETEE FHIHEAT T — G I, WA A2 L AR A AT 1 a UK. R
MANEPI (D15

AlgorithmMANEPI(S, min_sup)

Input: S: an event stream = <(E1,t,), (Ex,5), =, (Et,)>;

min_sup: a support threshold

Output: SPT: a tree which stores all frequent episodes within S

1: Create SPT with simply a root node

2: Scan S once to find all frequent 1-episodes and Sort them in lexicographical order

3: For each frequent 1-episode edo

4: Create node N, as a child of the root

5: For each frequent 1-episode edo

6: MineGrow (N,)
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Procedure Mine Grow (N,)

Input: N,: the node to be expanded

Objective: find all frequent episodes with prefix o
1: For each 1-episode e do

2: Let B = concat(a,e)

3: Let f.mo = ComputeMO(a,e)

4: Let f.mano = ComputeMANO(f)

5: If B.sup > min_sup

6: Create node Ny as a child of N,

7: MineGrow(Np)

3.3. BT

MANEPI {#Z 021G T MineGrow, R MR Bt THE — NS T B0 SCHE R, BRI &,
AR WA AR S O R IS =185 15 o 145715 e SRR IUBN G 19 concat( o, e) A I/ HAFE & KA
B KES. BMW L, AT amano 1 e.mano K¥ii& concat(oye).mano. X1, HTEFLEL T
af BRAFEZ N amano, TWIEFEW— N amano, #HTREFE concat(ae)lf)— /N HAEE S kA E
&, TR ASBE R I T RIS T .

Blan, ¥#% S=<(A1), (A2), (B,3), (D,4), (A5), (C,6), (B,7), (E,8), (A,9), (C,10), (B,11), (A,12), (C,13)>,
a=<AA>, e =<B>, B= concat(ae), 7 1 HIHH 72T S LA T BEHI aomano BEATIH TG PRI TE o

ML 1T BT LA H, TIRIEFEE— amano, #ANGELS B IEHTI B mano, FIAPFIEIE N HI|Bmano)
T 1, (HFESE E|Bmano| = [{[1,3], [5,111}| = 2, % min_sup = 2, WER TIEEL Al W, 28850
FAETR, AAE SPT R ARAFES /5 0 mano, WA 2 DAREAT IERR A1 TG, AT BE S SR EGEE EE1T 1)
FRe N, BEPREEETTERK S NP B, B R amo M e.mo 133 concat(a,e).mo,
XA NRAE S R ME— I 55 00, i B i concat(ae).mo 13 B R I concat(ae).mano.
N concat(a,e).mo IRAF T concat(a,e) M)A S /NRKA, FTLLH concal(ae).mo 13 E) 5 5 H L)
concat(a,e).mano HxFE K concat(a,e) T f /N HAEE S KA. HT amo Al e.mo CHGLE € M FAFI
FN AT BRAN X, iy LS T3 A R AR X TA) EAT B 57 G 1 b4 8 SR 2 434 . 34k, SPT
HHREANGE KU mano PR IRAT TR RS 5 mo WO N f /N R AEIFRER . TR R T (B P AS T
) B D ARG o

SubProcedure Compute MO(a,e)

Input: a: a frequent i-episode with its mo;

e: a frequent 1-episode with itsmo
Output: concat(a,e).mo: the moof concat(a,e)
: Letconcat(a,e).mo = ¢
cLeti=1
: For each occurrence [¢';, ] ee.mo do
: Starting from i, find the first index j of a.mos.t. [¢;, t;.] € a. mo and ;. <t'; and ¢y, > t'
: Append [¢, '] to concat(a,e).mo
cLet/=j

~N N L AW N

: Return concat(a,e).mo
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Table 1. Two cases of episode growth
= 1. AT KE ISR

a.mano €.mano S.mano
{[1,2], [9,12] } {[3.31, [7.7], [1L,11]} {1,313
{[2,5], [9,121} {[3,31, [7,7], [11,11]} {2,713

SubProcedure Compute MANO(f)

Input: B an episode with its mo

Output: S. mano: the earliest mano of episode
1: Let B. mano = {1}

2:Leti=1

3:Letj=i+1

4: While j < | mo| do

5: Find the first index k of S.mo after js.t. [t, t;.] € f. mo and [t, t.] € S mo and t;, <ty
6: fmano=p. mano U {k}

7:Leti=k

8:Letj=i+1

9: Return B.mano

3.4. B3 MANEPI Z{TsLH1

WEHIER S =<(A,1), (A,2), (B,3), (D,4), (A,5), (C,6), (B,7), (E,8), (A,9) (C,10), (B,11), (A,12), (C,13)>LL
K min_sup=2. H%, MANEPI BT H IR S, 192 FrA RAE 1-159<A>, <B>fI<C>, IH7E SPT
HE R 45 S #% T 45 B Nepss Nepol Neeos SRJEHEATSE — XIS TG G, 3 RIS Ti<A> 5%
1185 <A> B G T BOHT IS T <AA>, Il A ComputeMO 1 ComputeMANO 13 F|<AA>.sup = |{[1, 2], [5,
91}| =2 > min_sup, {E SPT HARIALE i N #2555 Naass 165, TS S8 K, ORI
AEIG T <AASSHE -5 <A> B E TS TT<AAA>, 5<AAA>sup = |{[1, 5]} = 1 < min_sup,
U, TEHUA<AAASAATEATIETK, SikiRAE F—2, KO EE T <AASS5HE 151
<B>H L GBS 1T<AAB>, -5 BJE, fES BRI T Wi 2 Frosi 18 MK, 2RI A
L HTZEM ] 1 oo

3.5. E3E MANEPI iFf43iEER

513 2. A H/NRKAEERTET ofl e, ITFE ComputeMO BEWE IERATH BT concat( oy e) i/ NRAE
£

EM: X T emo AR ANRAEe, 0] (38 317), ComputeMO il i34 e.mo AR — KM
JOE ATV b 1] € amo Ht, <t/ Hi,, >0, FHAEERRER jo WE IS emo. B[1,,1, | Ra
HITE e IR [o, 0] Z BTG — IR A, il [tjx,t;] & concat(a,e) ] — X /NK A, concat(ae).mo &
concat(a,e)FT B/ NRAEANNES. 51H 2iFE. A

SIEL 3. e NR SN B, W ComputeMANO REWS IER VT 5 Al LI AT A e/ HARE &
KA IRKRES -

iJ—_EEUa:
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Figure 1. The shared prefix tree for frequent episodes within S
1. S _ERSRE BT Z AT

Table 2. All frequent episodes with S
% 2.S EHBREET

number episode mo mano
1 <A> {[1,1], [2,2], [5,5], [9.,9], [12,12]} {1,2,3,4,5}
2 <B> {[3,31, [7,7], [11,117} {1,2,3}
3 <C> {[6,6], [10,10], [13,13]} {1,2,3}
4 <AA> {[1,2], [2,5], [5,9], [9,12]} {1,3}
5 <AAB> {[1,3], [2,7], [5,11]} {1,3}
6 <AAC> {[2,6], [5,10], [9,13]} {1,3}
7 <AB> {[2,31, [5,7], [9,11]} {1,2,3}
8 <ABA> {1251, [5.9], [9,12]} 1.3}
9 <ABAC> {[2,61, [5,101, [9,131} {1,3}
10 <ABC> {[2,6], [5,10], [9,13]} {1,3}
11 <AC> {[5,6], [9,10], [12,13]} {1,2,3}
12 <ACB> (5,71, 9,111} {1,2}
13 <BA> {[3,51,[7.91, [11,12]} {1,2,3}
14 <BAC> {[3,6], [7,10], [11,13]} {1,2,3}
15 <BC> {[3,6], [7,10], [11,13]} {1,2,3}
16 <CA> {[6,91, [10,12]} {1,2}
17 <CB> {[6,71,[10,11]} {1,2}
18 <CBA> {[6,91, [10,12]} {1,2}

1) I ComputeMANO &5 fmo FE— A KA, IR G i(i = DEISINE Bmano F (56 1 1T),
WIGNEEI T =i+ 1 FFRCE 4 17) i Smo, AE I /NI k(G 5 4T)i 2 [t ti] € Bmo H. ti, <ty
BRI N5t LJIEEBIR Ll G, BHAFLEXFEN &, WHF IR Bmo. BT RRENE
Bomano FHVRACHE 6 1755 41T fmano WG —IRKAEAEE S, FrUARZ N Bmano Niie S tH L
T A AEE S R AEHBES
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2) HEIE 2 %I, Bmano & PHIE/NRELE,

gt DA 2), SIEI3EEE, W

513 4. WTFERIMPESE T a, T MineGrow BEWSIER K DUTHE UL N BT I EE T, IHAE
SPT T A BUAH B B 45 Ao

W TS o, 2 MineGrow WRIETIFE 2 FI51H 3, #ATLLaATTEF) —IRKIG TG 2-4
17), # concat(ae) e AEIMENT, WAL SPT WA pUAHMN 14 m, ARIEERE 1, concat(o,e) 1T A ST
WRASEN, I MineGrow ¥ UL ST EHHAT N — MG T KCGE 1 17)s 4 concat(a,e) 2 E K],
1E SPT W AE SAH LI 45 B3 6 1T), FE LA concat( e, e) N RTAHT — I TG (G 7 17), WitiE R W,
Rets RIUTHE LN TSR ENE T, IRAE SPT AL BRAH NI 45 5. 513 4 iR, |

FIBES: g8 FA S FISCRFFERIME min_sup, $% MANEPI Ge% LR RIS A S EE T, I
1E SPT A O L4 R

WER] MANEPL & 5GBS RILFTASE 1-15 15 (58 147), ARG AN 145193047 4 R AL 2.
£ SPT WA RIS i, DU 1O AT S0 AT i 38K G 2~6 17). BI5GB 4 51, MANEPI f2Re%
ROVITEAEENT, FHAE SPT WA Al Righ . 513 2.5 f3iF. W

3.6. E3x MANEPI E2E 91

W SN LA BRI FER, e S FRHRALEE, FE NS FIIFTE BN TR IS sup_max
HNETEIE 115 TR KSR, W SE MANEPI W) 2R B A B F -

SEHE 2: MANEPI IR RIS 3 E N O(|FE| - |&] - L)

IEBH: XF T FE W A EAE T afl e P I RAME 155717 e, BIERBISR T HILN concat(a.e).mano
AR 15 1T M KA AR S MANEPT 1) 32 22 (AR o S8R IG5 HG K A 7 Bl 948 aemo A1 e.mo, JLIN [A) 52 2%
ENOL). BER 1 AIH, MANEPI RFELL FE HBAMET N ATSOEATE K, WK ARECHIME
LA H AR, R, 5%k MANEP 58 % A 5R A% 5 38 K488 Bt 7% B0 1) & 2% 5 N O(|FE) -
el - L) EF2EHE. W

SEBE 3: MANEPI 1173 [8] 52 3% 5 8 O(sup_max - |FE)).

UEBHSE MANEPL 35T |FEVNMREAEST, MEBANEE T EZH sup_max N/ HAEE SR
E, MBI E 2 N Osup_max - |FE|). EPE 3 iFEE. A

4. SCIVE

A IE I - SIS VAN B MANEPI SEB 0 T T MANEPI F& 53 MINEPI 1171 NONEPI [12]
FIIZ AT I 8]« PN A7 T84 A2 98 5 5 o S 38 IO A4 3455 3.6 GHz Intel(R) Core(TM) i7-4790 CPU, 17 8 GB,
BE RGN Windows 8, T2 K VC++ 6.0 SZ3L.
4.1. BIEE

AR CNKI 19— Web IRZ588 A 2017 4E 11 A 1 HZE 2017 4F 11 H 30 HA9HEH0E, #ZH
HHAROHE TG X 156259 FhAS[F] SCHR T 207498 A [ 5 i 5%
4.2, SRR

SEEG 1 IBATIF ] vs SCRRRE BUE @ I O SCREBE UE, R EIWE] 2 B = AN EETE SR 4E Eiig
AT [ (LA AP AT ) o
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80000
—+ MANEPI
% 60000} —=-NONEPI
) —o— MINEPI
=40000}
Z
1520000 \\
0 " " n
5 6 7 8 9

SRR A

Figure 2. Averageruntime vs. min_sup

B 2. B1TRYE) vs THFEEE

RTLAE Y, Bl SRR A A0, =AML RS AT I IR ER L P, 5350 IR 99 S ) 32 B R R -
MANEPI %1 1 IR FEAL 5618 R 5Kmg, 1) MINEPI Fl NONEPI %H 1 ) FEAR e 48 R 5008

SEAG 20 JATHE A vs A BRI BRAE S BHT 6 K BT 12 K. BT 18 K. §iT 24 RIFEMAEANIIAFF
B, W SCRFEEBUAS 7, 19201015 3 Bros 7 51K BTS2 (] B 52

ATLAE H, = ANEERSAT I B A 7 510 B 3 In i 4 M3, BB AT et (] P R X b 46 SR 1]
A 1, FEOXLEIL R JEF SR 1 MR R .

SEH 3. NAEFTAS vs SCRFRE U IS IS O SCRFFERIME, 1530101 4 s i = AN ERE SRS B
TETFES (LA KB N HLAT) o

ATLAEH, B SRR BUE B, =ANEIE AT AR I, 3 80X S i R S5 R 5 5256
1 FfgREAHE ] o

SEH 4 NAFIFRY vs FRAIK B SCRFEERIME N 7, B EINE 5 BT i S R = AR N AT
B o

ATLVEH, =ANEIEN AT AR S 7 P B M 3 i, H MANEPI (73 [ e At T
MINEPI 1 NONEPI, ‘SIS )5 K 5 S5 1 Mg A

SEAG S AREAFNIANEL vs SR BB I SO SRR A, A RIE 6 TR i SR R IR A S
N
AILLE Y, BEAE SRR BB RN, MANEPI 1 MINEPI ¥R T 0 2 RAERE, X 2B NER
—F b, SRR BN, R SR BE R AR B R . RIS, AT DAL R TE [F — S
W b MINEPI #2480 BN, L2 T MANEPI, X — IS WAES: T MINEPI 72 5 S8 k4 “id i3
WA, JERTET MINEPI 5T /N AR E—ME T SCRRE, 10 MANEPL 3T /b HAFE & R Ak
THE— MG SRR

SEAS 6 ANEAE WKL vs TR E LR RE N 7, HRIAE 7 BT I XS MANEPL
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