& http: /www. jsjkx.
Vfﬁ:m*{‘? ttp:// isj com

COMPUTER SCIENCE DOI:10. 11896/jsjkx. 250200029

ETAERKRBENFZEELZFIRUMNMES FEAR

B B EIT-HB X & KA
MIFEAFHIEERATRASEAERLRE  #T &4 321004

(duanchao@ zjnu. edu. cn)

W OE FIRAAMNMRERFITF 60 F AEFIAT AR RIRA B F L Rt 5 AT A B $OF & 6 347 F 7, A ®
GAROEERFERFHAE, SR EHRNGEF LR FZALIBAE, 45T RRES T EH A %R (Varia-
tional Autoencoder, VAE) R #& 4% 4 & & AF A 09 & 22 M, A i 3T 4 M % (Generative Adversarial Network, GAN) & 4t 22 &} 4] 7 71|
KB DN GER, FEEREFPANBEM—FTINAEFLITHEINRAHRLS TR AEARKERETEHEF M, 207 —
FrAETARBERGFALELFI RN RESFT %, LA®T, G LA RS R K442 12 MW % (Bidirectional Long
Short-term Memory.BiLSTM) # VAE 2t GAN #7413, RALAE N Fm e 2 69 S A4 % . m B B 3F B M F A 574 A5
FIMBEAH LM RKRX Z AR MBERIE XK ANBFIANS R EZEZANG R ASAEHEAERMIBG RSk H,it
mEERBERE R RGE,FREERBERL 2 F KM K (Synthetic Minority Oversampling Technique, SMOTE) % F
Blending £ R ¥ T B RA#A T RS A LG HKEFLEAATEOORR . RHETHEEEKRGAEARED, EANALEFEHE
ELTHIFTTREFR.ERAN.ZEEATAERD A ZOHE AR ANBERSALEFZ LR EFEGRINED KNG —F
AT A A /x\i%ms#anvﬁ;uiﬁ%iﬁm%%o

K. F T AR ; A RBER ;R REHMITICRME% EFE A ;R RT %

HESES TP391

Research on Hybrid Methods for Predicting Students’ Online Learning Performance Based on
Generative Model

DUAN Chao, WANG Yiqging, WANG Jie and ZHANG Mingyan
Key Laboratory of Intelligent Education Technology and Application of Zhejiang Province,Zhejiang Normal University, Jinhua,Zhejiang 321004,
China

Abstract Learning performance prediction can help teachers to intervene in time by using the learning behavior data of students
on the online learning platform to identify at-risk students, but it faces the problem of data imbalance, which makes it particularly
difficult to accurately identify at-risk students. Addressing the issues that the mainstream deep generative model VAE, cannot
guarantee the rationality of generated samples in current solution strategies,and GAN tends to introduce new errors when pro-
cessing time-series data,with either over-training or under-training of the generator or discriminator leading to a decline in the
quality of generated data,this paper proposes a new prediction method for student learning performance based on generative mo-
dels. Firstly,the VAE based on bidirectional long short-term memory(BILSTM) is utilized to initialize the GAN, enabling it to
start training from a more stable point while also better understanding the correlation and periodic characteristics between subse-
quent data points in the student behavior sequence. Secondly,a multi-head attention mechanism is introduced in the discriminator
part to enhance its ability to distinguish between real data and generated data,and then continue to game with the generator. Fi-
nally,the deep generative model and the classical resampling strategy SMOTE are integrated based on the idea of Blending en-
semble learning, which effectively combines the advantages of data and algorithm to improve the overall generation ability of the
model. A large number of experimental results on real student data sets show that the model can generate high-quality data to im-
prove the recognition ability of the prediction model for at-risk students,and is superior to the baseline method in multiple evalua-
tion indicators.
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T Ry 2l 5 B 24 Az 5 FP 36 R 8 22l 8 o 19 24 A i 40 o
2l KUBS: 27 2E 5 FIN DU 2R 75 8 27l IR 2% A 58 300 28 27 Ml i 2
4,2 BE&ERE

T BEA B ZE B R T T VR 0 A BOPE % BMVGS H R
H5UT 7 MR T L X 7 R A Y (5 B AL AR AR RE
HEAT T

Origin . {ff A B4R 745 77 1 19 RE 43 28 4545 390 16 S
R I UE SR VA T vk R A R IO BE R R

SMOTE ; J& — i i T A 38 AS - £ 5406 4R 19 3 R B 4
A A 7E D B AR 22 A AR G BURE A Sf 1 b B i AR
F Mk, DT Bl 3 43285 i /0 B2 1 1R 501 g

VAE" & — il B VR B2 2 30 1 AF B A 5l 5 R /b
BE M UESE T A CELBO) o R AE 43 #E Wi > 5i BLJS 56 43 i, A
T 5 B 8040 149 7R 2805 ) R AR

GAN & R TIREX I W R MBI Bk
YNGR — A A B F— A ) 551 4 E A7 X B 52 2T A6 1T Bl e 4
BT AL 43 A0 I A2 RO A B FEAS

VAE-GAN™ 2 —Fh 45 & 748 4 1 S i 6 (VAE) Fil 2
RS0 2% (GAN) R BE 2 A BE 80 L 5i 3 il & P O ROk R &
FEAS AR BB BT FH AR

RNN-VAE-GANU SR HIE B 42 43 A 4 15 #8 (VAE) 1
9 A AR B RNN AR 2 50 2% . (36 VAE K5 i 8] 35 25
Fili 3R 30 2% > 1% Bl A 1] A8 A 9 VR AE A ) b X B R I 2R )
ALY A = S I 1) P B B0

LSTM-VAE-GAN™/ . fE£ VAE-GAN # 8 th 5] A LSTM
i LSTM-VAE-GAN K& 89, 42 7t i [8] | 5] 5 4% I A9
PERE .
4.3 ELWiKE

ARSI BT AE 64 7 Windows 11 #4545 Y 2K T
K& Jupyter Notebook 6. 5.4 47, f# H Python 3. 9. 17
i FE 18 T I & . Tensorflow 2. 10. 0 B 2% > HEZR, i fili
) E BB EEA sklearn F .numpy JE . pandas JF . imblearn
J& .matplotlib JE &%, 5 14 3 55 f Intel™ Core™ i7-4790K
CPU @ 4.00 GHz,NVIDIA GeForce GTX 1080, 7E%#E %
R0 07 B RIS AR R IR 8 1 TGN 2R 48 . B0 iE 45 . i 2) 1Y
FLIW 47400 4 . BMVGS #5258 /) A6 4% 5 H Adam, 2% > SRk
B4 0.0002, 3t K/ batch size BIE X & N 512, IR EL ep-
och 2}y 20, HK, ¥ HE SMOTE J5 ¥ 9 & % sampling_strate-
gy A minority HEM .

250200029-5



Com puter Science

HEHES  Vol. 52,No. 11A, Nov. 2025

4.4 MeEXtEL iz
40401 AERLME AR TG

T AT BMVGS KRB PERE o H 5 2 Rk 27
5 BT AR A SE B A5 PE T BEAT 1O He oA o B Xl XU 2

A B LI TN A 55 L 45 BB B SE R A5 R INSR 1 BT AL B TR
W T R L (SO R T 58 1 B0 A 3 BT AR DG A% o) W B A B
R Hop A AR RR A R T SR A OHL . WA &5 SR T T £
R,

F 1 2l RO 25 AR R T 4% 2R L B
Table 1 Comparison of early prediction results of academic risk students

LECE X #A %187 # 3BT 4 BT %587 #T R %9 BT
Origin 0.779 0. 831 0. 846 0.861 0.903 0. 889
SMOTE 0.752 0. 881 0. 885 0.902 0.909 0.901
VAE 0. 807 0.910 0.922 0.925 0.931 0.929
Accuracy GAN 0. 808 0.929 0. 930 0.935 0.936 0.937
VAE-GAN 0.823 0.932 0.934 0.942 0.946 0.943
RNN-VAE-GAN 0.843 0.934 0.935 0. 945 0.949 0.948
LSTM-VAE-GAN 0.851 0.935 0.937 0.947 0.950 0.950
BMVGS 0. 875 0.944 0.950 0.953 0.956 0.956
Origin 0.637 0.796 0.774 0.796 0.876 0. 824
SMOTE 0.565 0. 754 0.764 0.792 0. 830 0. 800
VAE 0.777 0. 881 0. 894 0.901 0. 909 0.909
GAN 0.811 0.914 0.923 0.922 0.920 0.917

Precision

VAE-GAN 0.822 0.919 0.924 0.932 0.922 0.925
RNN-VAE-GAN 0. 850 0.920 0.923 0.924 0.924 0.917
LSTM-VAE-GAN 0. 850 0.921 0.926 0.932 % 0.928
BMVGS 0.873 0.928 0.936 0.941 0.933 0.960
Origin 0.248 0.474 0.629 0.675 0.738 0.770
SMOTE 0.597 0.829 0.849 0.853 0.833 0. 844
VAE 0.379 0.763 0.802 0.803 0.823 0.815
Recall GAN 0.359 0. 807 0.803 0. 824 0. 831 0. 838
VAE-GAN 0.431 0.814 0.817 0.842 0. 869 0. 854
RNN-VAE-GAN 0.492 0.819 0.822 0.863 0. 880 0.884
LSTM-VAE-GAN 0.526 0. 824 0.829 0.862 w 0.878
BMVGS 0.615 0.853 0. 869 0.876 0.897 0.871
Origin 0.338 0.583 0.639 0.718 0.798 0.784
SMOTE 554 0.788 0.798 0. 820 0. 829 0.818
VAE 0.508 0.818 0. 845 0. 849 0. 864 0. 859
) GAN 0.495 0. 857 0. 859 0. 824 0.873 0.875
H VAE-GAN 0.561 0.863 0.867 0. 885 0. 895 0. 888
RNN-VAE-GAN 0.623 0. 867 0. 870 0.893 0.901 0. 900
LSTM-VAE-GAN 0.650 0.870 0.875 0.896 0.904 0.902
BMVGS 0.721 0.889 0.901 0.907 0.915 0.913

SR B IE SR e E SNV VE -5 |9

G BT A BMVGS #5820 76 it 45 9P A 15 4w 1 35 i 3R
T R AR Y P RE G LR AERITT AR LA 3 BT L MR T
Origin B, 240l KB 2% A B9 IR0 BE ) 22 15 e b WA . Bt
& 2 2] BT 3 B B HER R Accuracy R HLH RS LT
e A, 3 AR AT B U PR A 7 Ak B 2 I A R e R
Ref% 2 A WAL BT N T2 B 4 T A9 RRIE R AE

WA 3 23] It . BMVGS B A 1] % Re-
call gt 235 % 85. 3% , K5 #i i Precision 35 #] 92. 8%, {H J&
AR S PR 4 2 2 BOTAE B TR R . R R E T
FEHS 4 2E 2 B0, BB Y A [ % Recall 257 22 86. 9% . K i
J Precision B &% T 93. 6% A& K, B b LM 2, H
W HITZ R AL U RE T 8 AR R R A 1S e i
HICIE A G

e B8R L EIERES 2 LSTM-VAE-GAN ##Y,
X—EE RIS NE S, —T71H, LSTM W 4 1l LLA 25 i
2 A B 2 S 55— D5 T . LSTM-VAE-GAN #5175 b 3y

Hh e T EVA IR AR AT VAE 5 GAN fgfL#, 75 — 2 12
LSS T D RE R B A T B A [ Recall SR,
LSTM-VAE-GAN #1131 B F R B0 B A7 By 520l KU 2 2E
PUNMERE AR, SMOTE J ik fE 2 802 J ot h R 3L T 452
o eI RE T . SR (E A5 T S , SMOTE SR+ 75
FE BT A 0] 28 10 (] B, U 4 T 65 v ) 158 43 P SR IR R, 3 3L
HAEKE T B Precision J5 18 38 H A KR BE AR LAY
4.4.2 FEE AR X

S T S AE T B A A 1992 AL RE ) % BMVGS BRI FE 2022
EHRFEWHIE LHTNHR. A TELMES 4 %2850
Ry B AR TR ) A, B8 0 ) 2 000 4 R AT 4 A2 ST BT
2 IR A AT R BR kAR 2 B AT AR AL T Al RURE 1 2 AR
HEATTOM . SEER 5 RN SR 2 BT A, o5 HE M BE 45 SR 2 4 i AR
TR WIREE R T RLARIC.

M 2 s g5 Roh AT LIS BN T 2508

B, I HE BMVGS B 7E 45 10046 b L A58k AR S5k 10
PEfE. 7E 2022 AE R AR BUAR 4 22 2] Bt EARARHA 90 % LU
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A S < BT A R A ) 27 A TR 2R 2 ) R BN R & O vk T

=

RS B S R DL R B AR 2 80 Y B A [ R L X e AL KA T
BMVGS BB B AT R 47 Rz Ak fig 71, (6 e 8 4 b, 5 8K T
LLKESS 4 2% 2] S ITAHE Sy T 300 e A i AL

HWR M T Origin BEH, BMVGS 8 75 & 24 3] 50 1)
BUHEbs BT WA A0AE R AR T AT R S5 4 2
2] BT b BMVGS 8 5 T 22 47 50 H 29 30 %6 By 4 lk KU 2
A2 Bl Recall (A4 TF . X —45 1A J1 Ho3F W T 5045 SF
B T LA L (R B U B0 TR T AR ST I A 1 S A T T 8 ) 7 IH
B S . SRR A AR BMVGS B RL 45 1k 51 75 48 2
2 B IREE X RIS R G IR 4 B TR R
TIN5 5L, #00W AT LA FE S A T 0 R) S X 2 22 4R

30 YO FETE Sl KU 1) A JIEAT 1 0o P 0 2 5, 25 o v 25902
A2 5] R W E R T IR A T IR DR M k5] 83. 3%,
FFR , SMOTE J5 ¥k 7E M I T 2022 4F 50305 48 19 A ) 2% >
BT ARAR R B T B (R AL RE . HKTT S B TE Re-
call A 1] %X — 5 #5 £ 9 £ BAL K T Fr 48 18 1 BMVGS
W SR AE VF A5 TR 50 2 AR K 5 JE B Precision ¥ # R 45 5
-, SMOTE J5 % 1) 3 BT 98 R B Al 35 208 1% A6 pl s 8,
5 WEARPERESRF , LSTM-VAE-GAN K BUK IH 5 35
S TR E HMERR A Accuracy MZE ST I8 48 F1 E ALK
F BMVGS # A, H 76 K5 5 J& Precision |- 5 RNN-VAE-
GAN LA X 2% My K 27 A 500 o 0 B85 1) 5 Wi AS 21 A

2 FTF 2022 R R A2 AL DA

Table 2 Generalization testing based on the 2022 dataset
i 48 AT #A F1B7T %38 E4BETT F5BT £ 8T %9 %
Origin 0.756 0.793 0.794 0. 809 0.814 0. 837
SMOTE 0.774 0. 849 0. 860 0.876 0. 897 0. 900
VAE 0.795 0. 865 0. 885 0.891 0. 904 0.910
GAN 0.786 0.868 0. 881 0. 889 0.901 0.904
Accuracy
VAE-GAN 0.817 0.891 0. 899 0.902 0.916 0.922
RNN-VAE-GAN 0. 844 0.901 0.914 0.915 0.919 0.926
LSTM-VAE-GAN 0. 868 0.906 0.916 0.920 0.924 0.928
BMVGS 0. 881 0.921 0.927 0.932 0.938 0.945
Origin 0.587 0.614 0.591 0.603 0.769 0.799
SMOTE 0.597 0.728 0.724 0.772 0.803 0.814
VAE 0.720 0.852 0. 900 0.901 0.913 0.929
. GAN 0.790 0. 896 0.908 0.910 0.911 0.922
Precision
VAE-GAN 0.755 0.891 0.907 0.912 0.915 0.929
RNN-VAE-GAN 0.820 0.908 0.918 0.919 0.923 0.932
LSTM-VAE-GAN 0.868 0. 900 0.910 0.921 0.924 0.929
BMVGS 0.902 0.919 0.926 0.931 0.938 0.951
Origin 0.242 0.446 0.492 0.526 0.586 0.592
SMOTE 0.629 0.747 0.784 0.796 0. 824 0.828
VAE 0.433 0.617 0.657 0.681 0.719 0.728
Recall GAN 0.318 0.593 0.636 0.662 0.710 0.712
ced VAE-GAN 0. 606 0. 689 0.708 0.712 0.767 0.783
RNN-VAE-GAN 0.522 0.713 0.756 0.760 0.774 0.789
LSTM-VAE-GAN 0.615 0.741 0.774 0.777 0.788 0.801
BMVGS 0.637 0.781 0.798 0.816 0.830 0. 844
Origin 0.323 0.476 0.507 0. 546 0.621 0.663
SMOTE 0.610 0.734 0. 760 0.781 0.817 0.821
VAE 0.536 0.715 0.759 0.776 0. 805 0.816
E GAN 0. 447 0.713 0.748 0.767 0.798 0. 804
! VAE-GAN 0. 606 0.776 0.795 0. 800 0. 835 0. 848
RNN-VAE-GAN 0.638 0.799 0. 829 0.832 0.842 0. 855
LSTM-VAE-GAN 0.720 0.813 0. 836 0.843 0. 850 0.861
BMVGS 0.747 0. 844 0. 858 0.869 0.881 0. 895
4.5 HEAEI 0955
N N o ¥ N 0935
J T B AE BMVGS #5850 v 0 28 14 % e ¢ 25 3 i B 22 31 \
0915
e A R A 1 BILSTM 1% 3% T 5 6L T \
HEFT T OG0 P I 4 A B 11 4 5 SR 1 R 0 67 o \ .
3 . s D L \ N @ m—
e DLW OR VEAR 0 G vi v RO B v . BRI &, T S5 Y 1 0855
BRI IT A BR A AL 43 S LR B RS B . 1) BMVGS, on B 0835
= : » » X 0815
REEF BILSTM, AR B [a] LSTM W 48 Xif 2l XU 2 A= B
0795
N ¥ - - N — BMVGS w/o Bi w/o Attention
5] 5> B H50 40 E 47 2% 2 FAE B 5 2) BMVGS,onvenion 28 78 28 2 —=F1 0901 0864 0864
N . . —+= Precision 0936 0920 0.881
LERAVLH L EH BRI BR L RERHE, HEF 4.4 Recall 0869 0814 0849
A e i e g s e e N Accuracy 0950 0932 0930
IR A R AE T R S 4 2 2] BT Ry d AR T B )
BB AS N B 1 T BT 4 2% 3 B 00 A4 BOIE HE 47 R Y 0 mlb sz 3 BILSTM M2k B ) ML X 5 36 45 51 09 52 i)
I, SIS SR LR 3 RS, 1% 8 T UM R R TS PR R R A Fig. 3 Influence of BILSTM and multi-head attention mechanism

BIPEREAY XS L L

on the experimental result
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W3 P 3 BTN S 25 SR A X L AT LA B LT 2548

D 542 i) BMVGS # A5 H L, 25 F BILSTM i i F
LSTM [ 46 i . A5 200 14 v A WA Gl A 0 B X — B4 7 e
UE T LSTM T4/ $8 2 i JRURS: 24 A= v 78 #: AE {5 B 7 T 1) Ja) R
PE, AL F 3l 51 A BILSTM ML, K % g % 5 oy 4 i H
i AT 2 2 2 ST AT SR BB T 2 B 0 4 2% DG I R T e AR A

DERLZLEBNIH AR T - EMNER, X
B 0 % A B 2 A AL R T SRR R AR A B Y R
— 2 A B T B T A X A3 L SRR 5 R U
ReJ). T Z kR HLHG  H0 45 T LU 2 )2 T 4 32
BT = B 04 2 A R AE A 8 LR 1 4SS 7R S S R R iF 1) AR
TR B A o 0 T A 6K o T P % R 1 T R R o L S B
Az BB 1 X 43 BE

32X BILSTM #1245 H £ 3k i 7% J AL ) % 455 A8 fje 2¢ 1k
6 B9 5 Wi M 2 42 30T, HAAR R BUAE MER R Accuracy MZEA I
br F1 LILF R EER . X— WL Rk — L LT 4
BLAS 5 50 AR AE U Shad AR h R BAR A SR SR R,
FEAA]— 75 P 4545 20 T 10 08 338 AN 2 0 23 5% I i ¢ 26 9 4504
FEA R R, Mzt A BILSTM ke 28 A 2 3k 78 2 1 WL A0 K5 o
J Precision W i 3 7] A A& fy 45 20t Ak OF 22 b 4K 68+ 24
AR P ARE AT PR XA B F b TUAR R B T 4
BRI A 2 > TE AR AR B 2l RS 25 A 5008 st B8 i 4 3 R
TR Xk RS . LR B S p T R i 4 T M4
25l XU 27 AR 5 20 47 R R T U 09 G T A ) 94 L T 4
RN IE AR AR AE 24 S B AR e AW Tk 4R B s &2
Pl KU 2 A= L JF 11 5 308 71 Recall HHX F2EH £ 3k 1
1ML B A
4.6 BBSHEM

AT E BT IS 250 At & K /) (Batch Size) Fil i 8¢ 4k i
(Hidden Dimension) X 45 % PGB 49 52 W . 4 1 BT 47 b 0 4% 458
B AR AL G 3 B B ME B 3 Accuracy FIZR-B 16 bR F1 18 R i
A M RE I HE AR

1) A [k Ak B K /N Jof 52 36 45 55 14 5%

FESC G P At /N Y 3 L R {32,64,128,256,
512,1024} , [A] B B 17 A 88 2 B2t 35 HL dm p G 8 AR A% L 25
W 4 s,

0955 0904
=0= Accuracy =@= F1

0900
0951

0947
0892

0943 0888

0949 0884
32 64 128 256 512 1024

P4 o RN 5

Fig. 4 Influence of batch sizes

M AT LUt B AR BN 3 A R R G
FHE TR AL AR B R /N Ay 512 B AR PE R dc i, 7E — 5230
Fl A 48 it DR/ (Bateh Size) AE % 41 TH A5 AU (¥ 950000 2% 6, 24
Batch Size By 32 I, A P AE R BUA AL XAR AT REAH T
/NI GIAT R A R L R T T T SR AR
W E . RAFHE K Batch Size AJ LA JE I kil B, {EAH R M
PR, BRI PERE R L RS B R AR, WA 4

7R .Y Batch Size JANZE 1024 I, 82 R PE GE T 46 2 B F (&
[EE

2)) A ) ot i 248 B o 5% 6 45 % 114 5 Wi

S0 r 3 MK 028 P B4t BE Y 42 A R {4,8.16.32,64)
I Bl S B R R R R 7R . 3R 3 A M T A [ e 4
JE X SCUG A A SN . A TR A R 4 AR Ak A A Y A
Il PR 2N A2 S5 6 3000 225 52 S 0 3 4 T 3/ INBIS R DU AR

3 AT B2 B /N S 0 4 SR Y
Table 3 Influence of different hidden dimension sizes on

experimental results

%94 4 8 16 32 64
Accuracy — 0.9480 0.9498 0.9498 0.9486 0. 9480
Fl1 0.8976 0. 9006 0.9013 0.8982 0.8974

N 3 WAl LIE Y BRR A o 4 B BB R GA R 2
PR, 3k AT BB S B T UGB TRk A EE B A SR Z R R 42 & .
Wt 5 et 4 FE 386 0 22 8 B L AR ORL I 4 2 o) S Ay A BN A
FRAE. 465 16 B, B0 AR 2 20 Al 0% X 2% A= A T 7 45 AiE F
F1 6 540 B2 R T8 3 14 2 >, 30 T f ¢ 00 T 45 SR ik B 0 4
14 T YR 5% 3 R s A AR BB T 4R T B D B T B e
R TR R £ R G AR S i, S O LA
SR Fp A RS SRR AE 1 20 T B I R A
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BiLSTM K VAE X} GAN B 47 9] b ik, i 15 GAN H 7
fiE f% D\ — S AR S 14 5 T B DI 25 0 [ B, A 18 05 AR gt 3
fff 2 AR 2 AT R BT S G B M RN R B MR R AE . LK TE
VAE-GAN #2711 40 51 2% o A £ 3k 1 2 0 BLA 48 45 4 531
T LA A 250 TR T A BN 09 DG B XA, 494 5 L X L S
B AR BB 0 XA 8 g R T S A AR Ak e g . B
FIET W VAE-GAN B 5 2 URFE 77 136 T Blending
4 LA 2T I SEARIEA T G DA 4 v R A ORI A i RE T . R
e ARV R R AT T I 45 SRR W] T B AR Y R 6%
A R g JOR SRR AR ST B e T 0 AR A el R 2 A
P RE TT o

it F R A AT FE TAE 7T LB AN 5 1 i — A R AT
1) g 5 2 A ] A AR Al B 2 3T 00 B0, =F B0 RRAE D 3k
— R T RIYE B 5 2) 2 Ak 28 BLAY B30 I R AE {45 B8 7E B
RUPERE Y B2 T 1, T R AR I T A 45 R 45 2 A AR AL A
4 fige A% AN B (LS R 2 1) T TR Bt L 5 0o B 2 T K AT fige R v
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