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Fine-Tuning Method for Lightweight Neural Network Classification

XU Shuaijie, WANG Shitong
(School of Artificial Intelligence and Computer Science, Jiangnan University, Wuxi 214122, China)

Abstract: Lightweight neural networks are a special type of neural networks which can operate efficiently
through resource consumption optimization in resource-constrained environments. Their training process
usually aims to optimize the overall performance. However, in practical applications, such a trained neural
network sometimes suffers from low classification accuracy for some classes of interest, which are more
important to users or applications than others. To address this problem, a structural fine-tuning method for
lightweight neural networks—Synaptic join method based on the sub-minimum value threshold (SMVT-SJ)
is proposed. This method defines the threshold for new synaptic weights using the second-smallest value
strategy and selectively improves the classification accuracy for the target class by adding a small number of
cross-layer synapses from hidden layers to the corresponding output neuron. In order to select more efficient
new synapses, the SMVT-SJ method proposes a synaptic evaluation process to evaluate the performance of
each candidate synapse according to the distribution of all possible appropriate weights. Experimental results
on different datasets show that the proposed method can effectively enhance the classification accuracy of
specific target class and maintain the overall accuracy without a significant decrease, and has good
generalization and robustness.
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Pytorch-CPU 2.2.2 B HE 22 & S 80 o Hy i e &
CPU #17-12700,2.10 GHz, N7} 16 GB.,
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3.1 BEEEMEEN

MNIST % 4 % 5 & 60 000 7K JIl 25 F1 10 000
SRR A Bk 2818 R X 28 R E T 5 B+
K&, FEAR PR AR R M0, 255140k 2 [0,
1], 09— 4L A 3445 0.130 7 A5 ifE 22 0.308 1.

Fashion-MNIST $ 4 4 £ & 10 8 IR 4 1Y
TR E &, 5 MINIST 048 5 0 25 46 A1 AL, {H 3 42
Z= A EE I S S R A 3 5, H— R4 36 60 000 4
YIZRFEAFT 10 000 AN REAS | 35 R K B2 4% .k
AAb BT 205 MNIST M [H .

SVHN %4 % i Google 5 % v ] 15 %L
TR AL, 3 600 000 TR FE A, 4L 7 73 257 5K Il 25 5]
&1 26 032 5K X R, bR 4 1~9 FLO(BR 2 K
10) , B {EFFRHEZE 0.5,

EMNIST Balanced /& MNIST B9 4" & , £ & 9%
LR/NG F BT T 5 K R, St 131 600 5K
FE 53 4742850, U2 UG A2 2 800 5K, T i
MG R 400 5K B E AR IEZE 0 0.5, R 1F1H
T A BIRENTEANE R

x1 HIEEER

Table 1 Dataset information A
GRS FEAHL FRAERC  JEIIEL
MNIST 70 000 784 10
Fashion-MNIST 70 000 784 10
SVHN 99 289 3072 10
EMNIST Balanced 131 600 784 47

AR S5 SR N T T A e b 4 i 42 i 46 )
% AT 3N RERE . AR E T Eh ’GE
X OME T R e BRORE M 2 or Bl [ B 2
P2 TC R B B 2 B B0 B REOZ i Re-
LU B400% oR 28, 4 2 0 FH Softmax 52 380 — 16 4
Ko MZEAERMR 2R

R2 MEMZLEN

Table 2 Neural network structure

= FH Bk /A
1 Input —
2 Fully-connected ReLU 100
3 Fully-connected ReLU 64
4 Output Softmax —

3.2 XWFEE

A AT AR SCHR R SMVT-ST 75 5 Kim
SO B Synaptic join (ST) 77 ik AR Y AR RS
PEATXT b o AR RSB fd RN T3 3 i 5 o Al A 28 )
% (R 2). AT PRUEAS A J7 2 FAAS [m] 5540 4 1 Xt
Fb A 6 X, 26 2 BT AR R B A AR L2 R Y
MR KN B AR [ By 01 % pR A, b b R ik B

BEBLAS BE T Rk, 27 2 R38R 0.001, Yl 2Rtk
FNBE A 64, 5% R BR e F 28 UM 5 2K A
587N T B4 B AL AE 1% AR B v AN ) 2 1)
8 00 3R R R R A I O B R AR ki k. X
MNIST %4 4 , 285 32 000 Yk 32 A8 )5 A K B ]
K EN93.75% , Ho e 2 50 576 BT A 28 5 o G 43 28005
A%, 24 89.69 % , 5 K 2] 5 4F S MINIST %4 42
W B #Fr 25 ; ¥ T Fashion-MNIST %k 3% 45 |, £ oot
227 000 Y EAL T B AKS BE W] 3K 5] 87.96 04, Hirh 28
I 6 7E BT A 28 51 v 9 43 K BE BRI,y 70.50 04, %
TEW ) 6 4F S Fashion-MINIST 34 42 1 B AR 2K
X T SVHN $¥E 45 |, o0k 275k AR 5 B AR K B
Al A 82.44 %6 , o 28 51 8 76 T A7 2 ) v 9 43 2K
FERAR, R 70.78% , 2% JEAE Z 0 8 1 2 SVHN % 4f
L HPRZE, % T EMNIST Balanced 5t 4E , 25t
468 000 K 1% AR J5 S 40K B2 T 3k 5] 82.17 %, Hirpi 2k
S AL AE BT AT S TP i o3 2808 BE B I, S 50.50 %0, %
R 2 B 41 7 3 EMNIST Balanced ¥ 4 (19 H

R,

100F —
< 50y =
g a0l | —5
31 — 6
< =]
20+ 8
—9
| L ...
0 5 10 15 20 25 30
Iteration / 10’
(a) MNIST
100 i AT
. 80} [F
= | AN
= 60f 1
% M
-
g 4or |
< 20}
ot —Overall
0 50 100 150 200
Tteration / 10°
(b) Fashion-MNIST
100 |
° 80
> 60f
3
§ 40+
< 20f
0 50 100 150 200 250
Iteration / 10’
(c) SVHN
BES O [) B 42 8 A 0 G 8 R A 28 0 RS B A AR Ak
2

Fig.5 Change curves of overall test accuracy and each type

of test accuracy on different datasets
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3.3 PR

A SCHE R WL B AR 2R K B TA LS AOK
FE OA E Ry 3 ZEVPAN 48 br ok i 1 N 25 45 10 2830 7
Al sl 2 R R 5 R o

P G RAE I H AR o3 R B R AR SCI i
TR, I B AR S AY 43 280G B = VAl O vk bk
fiE 1Y B S AR, BD

TP,

F 34 A TTETEA R BB i 280 ;
F AWK T SMVT-SI. ST VLR JF b5 52 A1 (Original)
P2 HFR 2 JORE B TA LEAORE B OA DLRAE H AR
KB Jr 2K DOT-RV 255 T (1R

*3 BSYNERERESHE
Table 3 Hyperparameter values and number of active

neurons

TAj - ij T FN/ o i iMV : j:le n > scale
A TP, ERR H AR 2S5 19 Bir A FF A v g 1E B 7 MNIST 7 1 2 1
PR RS N, KRR B T HIRZE j A A Fashion-MNIST 8 4 2 12
A % TN Sy A 2 0 ) R AR B SVHN 4 4 1 2
SRS BE R e TS T AE T A 200 R AR EMNIST Balanced 7 2 2 2

oI o B
G
OA—E;TA,. (4)

A TA, RN 5 j 28 Wi I 5 Ty 1E 288 A A %L
i, CoN By EEL

AR 30 51 A TJ7 22 1972 IR 45 B DOT-RV (al-
teRed varianc of decreased off-target class) , ] T &
bR B bR SRS B T BB AR . AR bR TR
2 < X i ARG B I R AR R [ i AR B bR 2
THS RS B2 A A9 1 O R, I B LA 98 23 28 301l Y
i . DOT-RV BB, KoxdE HAREHN B T B
W R 8 R B8 A O S A7 L AR AR T AR S PR AR 7
BVERERSE =S H g DU AR 32 T H AR 2K
JEE B [ B, A 78 Xof JH b 248 3] e e ) T P AR
|S(1|§(pl 0,) (5)
Sy R s AR H bp 28 ok B kAR B AR AY 2800 46
B B 48 S5 1 I R TS S, T o 2 I R
BE 0, RN Sy ER (S SR ARG E
3.4 LW

A PR SCHR ) SMVT-ST U5k 5
STk e R R B G 5 F iR .

DOT — RV =

STEG ZE R F W], SMVT-SIE 248 4 |
AR F ST ¥k o D2 4 nl i, M HE B 4R B R
SMVT-SJ 7 MNIST . Fashion-MNIST ., SVHN I
EMNIST Balanced iX 4 A4~ %5 85 45 - A 42 T B 43
A 1.68% .1.10% . 1.75% #12.00% , ¥ 81 & &5 F
ST 5k X R 1.34%,0.60% .0.91% F1 1.00% .
5 2 FE A B4R T SMVT-ST A L ST #i A 3k
187 0.34%~1.00% 1 B b5 2800 B2 14 25, P 72
EMNIST Balanced I A% $& 7t 1§ B 29 54 ST H) A5 .
55 RIS W3 b 5 3k 1 R AAORS B 35 PR R 7E B2 R i
Y (9 KT, 1 W 7R B AR R B R W 3E R B A T 4R
T, SMVT-STREM 1625 B 4 FHF2L s e ST
Ky HRFEAR T

DOT-RV ff & 4E H br 25 09 85 B A8 fb 3% {5
B o BN DOT-RV &£ om % 4B H br 25 19 52 i 58
N HEREH R . S5 WoR , SMVT-SI#E MNIST
Al Fashion-MNIST | ¥ B4 (KA DOT-RV, ££
SVHN I W = 0 5 FL 8 9 28 1 H AR R4 T4 6

5 LA Fashion-MNIST 4 # , 3 40 & " T
SMV T-SJ il Ji 4 B 7 7 45 2 51 AR IARORS B B i
Feds ., Al LAE 2|, SMVT-STE# T B bR 284 5 10

R4 AAFEEARALEELHIBER

Table 4 Experimental results of different methods on different datasets

. SMVT-SI S Original

A TA/% OA/%  DOT-RV  TA/% OA/% DOT-RV  TA/% OA/% DOTRV

MNIST 91.37  93.62 2.433X10° 91.03  93.61 2.490X10° 89.69  93.75 —
Fashion-MNIST ~ 71.60  87.97 5.200X10° 71.10  87.90 9.911x10°° 70.50  87.96 —

SVHN 72.53 8244  3.785x10°°  71.69 8245 7.149x107 70.78  82.44 —
EMNIST Balanced ~ 53.50 8211  5.490x10°° 51.50  82.09 5470X107° 50.50  82.17 —

£5 SNEANBERLEEREE(SMVT-S)XtF Fashion-MNIST £ #E %)
Table 5 Accuracy of each category and overall accuracy (SMVT-S]J for Fashion-MNIST dataset)

J7 % =0 #1 #2 #3 #4 #5 #6 #7 #8 #9 OA
Original 81.80 96.90 79.50 90.00 80.50 94.40 70.50 95.10 95.70 95.20 87.96
SMVT-SJ 81.40 96.90 79.40 89.80 80.40 94.40 71.60 95.10 95.50 95.20 87.97
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R EsF, X6l H bR 28 52 m /0 56 30F 4% R P RE Y
(AN -

6 BN T AEA B4R L N W) 7 5 1 T BR
P 28 T B8 (num) RS 43+ 358 380 2 ik 1) i 1 K AE
(count) . SMVT-SJ7E 25 B 48 4 1 43 501 vT i 4 th
21,1327 f1 15 DI R A 20T, B e 2 F ST 5 ik
(19.2.6 .4) ; [FI I, HCA B H A 4 3 58 fh LA o o8 1
countfl , il i 7E MNIST | Kk 14,1 ST K 7,
XM A SMVT-SIHIE T W 2845150250 Hbr
FNEEAR 23 m T HAR 0 2ok .

F6 HRMATHEMEBIRIEFTRAMA count &
Table 6 Number of active neurons and the count value

of partial synapses

A SMVT-SJ SJ
num count num  count
MNIST 21 14,13,10,9 19 7,7,6,4
Fashion-MNIST 13 6,5,4,3 2 3,2
SVHN 27 2,2,2,1 6 1,1,1,1
EMNIST Balanced 15 4,4,4,3 4 3,2,2,2

i b, SMVT-SIHE QAR 2682 T+ A A pRE+
PUA ] B 5 fih 5 306 28 R 2 J5 TR B A8 T Synaptic join
Tk TR A I T A R A 2 I 45 R AT 55

A AROHE S s A
3.5 AEMEHMET SMVT-S] 77 % 19 iE A
ST

AT EE T SMVT-ST J7 i 78 N 7] B A A5 Y |
PR BE , SEE6 2 5L T MNIST St 45 . ¥k 2ty
W 286 52 S ASE A 1, 5| A S5 AL QN2 7 B m AL 2,
At )2 KN FF G MNIST &% & .

KT HEE2HMEKLEN

Table 7 Network structure of model 2

JZ | Btk /A
1 Input 784
2 Fully-connected Rel.U 128
3 Fully-connected ReLU 96
4 Fully-connected ReLU 64
5 Output Softmax 10

S8 i ptiflops T H 11 54 R % B8k i ] 4%
# W 7% 45 8 B i (Floating point operations,
FLOPs) M2 40, % 8 JB/R T 9l A SMVT-ST i )5
M9 A8 Ak BEA 1 2 40 H 85 614 1 % 85 621,
FLOPs [ 85 778 1 % 86 226; #i &l 2 2 ¥ & iy
119 722 ¥4 % 119 723, FLOPs 1 120 010 %4 &
120 074, 0f UL, SMV T-STAX 3G il /b it 15 J2 37 58
fiill, XF 280 FLOPs s Wi/ 45 T R AP 1952 5t
R

T E UL A B 2 B0 U i 1, FLOPs

BN 64, 2 KR OT B AR VAR 5 AT RLES I 14 4
A R BT 2 ko 3K B e /NG AL B AR T O vk
CARTT A L R T AT R A A e A O Y

F S A T SMVT-ST 78 AR A 1 /4 1 BE L 34
WER T HARORS B, BB ORS E EARRR e . U
FERUASE R KA AL 2 1, AR 2K B 2 T [R) i 4
R 5E AR5 AL, B SMVT-ST %A /] B A R
I HA R aE T .

#*8 ARERMLRILE (SMVT-SI3TF MNIST ##E£)
Table 8 Comparison of the effects of different models
(SMVT-SJ for MNIST dataset)

IR Tk TA/Y% OA/%  Z%#  FLOPs
Original ~ 89.69  93.75 85614 85778
SMVT-SJ]  91.37  93.62 85621 86226
Original ~ 89.35  93.76 119722 120010
SMVT-ST  91.03 93.76 119723 120074

6 Gk n T SMV T-ST T Ji P AR L i) B A 4
PR ], 4 B A R) 38 3 Py Torch eval #5X  Jo 6
R 30 U AR B O A A L T AR CPU B
B N AT HAS AT . S5 WoR A 1 4
] {1 0.005 7 ms 4 % 0.007 7 ms, B % 2 /1 0.006 6 ms
14 % 0.008 6 ms, B [ 15 1 54 0.002 ms, 5% M 2 T
Hi.

0.008 F

0.006 -

0.004

(ms + sample )

0.002

Average inference time /

0.000

After SMVT-SJ
(a) Model 1

Original

0.008

0.006

0.004

(ms * sample ')

0.002

Average inference time /

0.000

After SMVT-SJ
(b) Model 2

P 6 S [ B 50 B A e B I (1] X

Fig.6 Comparison of single-sample inference time for differ-

Original

ent models

Zi b, SMVT-ST LT N 3 fin A5 50 &2 2% %, fig
AT B AR o0 2k B I DR R5 B AORS B R KA
B E BRI, R A 1) T i R T R X A (] A
o) 24 1) 35 FH 4
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3.6 AEFEEBREIER

AT AT SMVT-ST J7 3 B XF AS [6] 5 46 4
FHIE R B AR B i B2 TR . R 990 Hh DU 4R
K B e iR (255,89.69%6) (M A8 (25 3,92.67 % ) Fil i
= (280,98.16 %) 2450 2 H bR i (9 5 A5 28 B K
IR, JE IR BARE BE N 93.75% . &5 WoR, A
KRR S T B 35,18 1.68 %05 2 3 12k 0
YE 9 B AR I 09 52 7153 51 2 0.99 20 F10.51% . A&
R EAR LA K, 22 57 R BRI B2 b

B, SMV T-ST U7X Hin KA RO 5 H s
J5 0 TG RS 1 I 2 B — S P AH G R G RS
FEAK B 28 51, SMV T-ST (1 £ TH 330 4 B &, L (A
FE T TR A RS B2 B AIK ) S 038 4 7 BB 2 R 2
FIREAS , SMV T-STJ7 ¥ 78 5 il PEAl o 72 Hh BE A8 I3
S A R PR S e B R Y B 2 B T R AT AN T
B R B A B THUIEE Ty . ML R RS
B A A 200 TR o R AR D 454 2 R
JE I 23 18] 32 B, WORS B2 32 THAR XS AR .

ZE b ATk, SMVT-ST 5 2 8 B« 55 26 1 ok
AT AR 38 ok XEEORS BE 2 A A X R AR AR
PRI RS F RS B R, S0 T o 3 1 M e 4
Fho 3K —FEVE 15 9% 5 vE U L AE F T 48 T I s
T e 3 20300 SRS A 10 2 ) U P
x99 ERAEARBEBRENELILER(SMVT-S) 3t F

MNIST % #E £ )

Table 9 Experimental results of selecting target classes
with different precision levels (SMVT-SJ for
MNIST dataset)

H#n2eH  2E50EAD) K30H) K OURH)
TA/% 91.37 93.66 98.67
OA/% 93.62 93.68 93.62
DOT-RV ~ 2.433X10° 3.389X10 " 1.855x10°

3.7 AR EE B R B Xt B

5 E SMVT-ST 5L T W/MA 1B 8 1% B i
%) 1R 01 R IE B 1, AR L MINTS T 2090 46 %) e T
UC/IMA V= /IME S 0 /INME X 3 Fp 3R g 7 H bR 2
HEMAEE LRI (F£10),

BE AR, Ay iE— 25 43 W AN ] (390 1 BSR4 et
PE22 5 AW BT IROME 5 58 = /ME SR W, 43 g

$10  MNIST %1% % b 7R ) 16 i R 56 W 1 S0 00 25 2
Table 10 Experimental results of different threshold se-

lection strategies on MNIST dataset %
1] 30 SR s TA OA
W/ME 91.37 93.62
% =/ME 91.48 93.54
25 04/ ME 91.82 93.56
5 h/ME 92.26 93.47

17 5% M 7 9286 (36 11) , I 38 3 Bl X 2 K 56
(paired rtest) #EAT ST B F 0 Hr . KB 45 R W
R p R 0.015 7, /N T 8 MK 0.05, R P&
TE SRS B 128 5 .35, B0 iE 1 Wk /IMEL SR 7 AR 5
REARPERE T T A RS E PE AL H

F11 MNISTHUE% E“X/ME" 5% = ME B EUR R

B OA XL
Table 11 Comparison of OA values between the “second

smallest value” and “third smallest value” se-

lection strategies on MNIST dataset %
SR G UOMEBEIBUR NS 5 = /ME RIS
1 93.62 93.54
2 93.82 93.76
3 93.97 93.94
4 93.38 93.38
5) 93.77 93.75

H1 2 10 R B, AR B W /ME SR Mg BE itk — 2D
$ETHH bR AORE EE L HAE BRSSP RE R TE K. /b
(B R M e 32 T H bR 205 B2 (B2 71 1.68 %6 ) i [m] i), £
B AORE BE R 0.13 %6, S TSP Y R AR g
A SRR E L BE SR TR TR A X H AR ZE Y
Wi 137 3 B, A ) 3 21 DE 1R 3 AR 3 H AR 2R RS
2 A S R0 26 AR H AR 2, S BUR IR M fE
R o U/ INEL SR I 300 o A o 4 ) 10 3 S A 28T A
T ARSI S AR BAREA B T/ ME R
W TS0 B 80 4 > )RR AR 25 Tl Ll o e Ah R [ 1
L 328 JBUSRE WAL 52 W) 3 3 2 ik 1) DA HE R L AS e s Y
B AEFY M S HRL . SMVT-SIUTE 2ok 2 5 B
i 1) 51 B D B B O M, BT HE S5 A 7 Ak
N HEBE B TR E R FEERKRIAEIZ
F B 2 fish PPAG T35, 35 B AU 5 i) AT 2 o

£f LTI BT UC/IME R BUR I (1 SMV T-ST
T3V A DR B ARG B2 1 ) B, ] A A T H AR 2E
AE , 2 AH X e FLP A 1 1 S 3 7 =
3.8 5ERAENILLLE

Ay k2L B E SMV T-ST 5 ik 7E 82 T+ H AR 2 HG
JEE 5T %) RO R S L AR SR 3 T A R T A
(BT B 1Y B A B 4 7 VR A S o B R A
1 (Class-weighted pruning, CW-P) 135 51| f5 & %
57 K (Class-sensitive pruning, CS-P) . H i,
CW-P 255 20 AU 2k 5 42 J) Wi 59 B« S e
2 R BP0 H AR ST S R AR, X R 2% AT D
R U SO DI 25, SRS i BRASUARL 266 X8 1 R/ INE 42
R BT 42 R B AL, AL DR B R (R R %
CS-P £ % Cross-layer importance FEAr 5 g, i1
SR [ 22 32 42 0 45 288 031 ) WO, O 5 B o H bR 26
DURRA /NI PR T4 . MR R TR T
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W 28 T A S A ) i R TR R B, T TR R
a6+ HAREHGER " A, 5 SMV T-STHEATX
7E MINTS T 204 5 FIAS SCHY e A o 22 I 245 (3
2) LHFATICE SRR 12 R, fECW-P ik,
TR B BOKE 27 ) AR UBCE R 2 > R 0.1 4% o
%12 MNIST##E& ESMVT-S] 5518 ik m b &
Table 12 Comparison of SMVT-SJ and pruning meth-
ods on MNIST dataset

Ik TA/% OA/% e ie
Original 89.69 93.75 85614
CW-P 90.81 93.53 84 757
CS-P 89.69 93.75 83 826
SMVT-SJ 91.37 93.62 85621

MEE R WL CS-P Uy ik 7E H AR S HG E TA M
SR B OA J7 a3 & 38 T, 5 D I A5 3 £ 4 —
AR L E HAR S BB/ S . CW-P T
Hbs 208 L2877 /g 42 7 (il 89.69% T &
90.81% ), {H G ARG B T B B Oy 3, B B RO B
PETH LA e . ML Z R, SMVT-S] Jrik
SEPLT A 7 iR R R i H RR 2R E (91.37%)
) B ST A 207 0.1 90 A B AORS B R [, 7 H A 2 1
5 5 4% PR R e P 2 1) BUAS: O G S £

TERERIE A )7 i, CW-P 5 CS-P )y it i &
BOOTAL LT O )RR B ) R 4, S 80 s T
1% F2% AR & RS B 5%, 5 3 0 R ok B
WAEBEHETE . I SMVT-STJy B i s m 7 4 %
25 fil v 3 (S 80k 85 614 1 % 85 621) , i 7R 45
R LT AAE R4 T 5280 T 808 B2 19 B bR ks
JE A

g5 b B T AR S 80T 4 5 T s HLA (B
AT RE 5| ARG U 2h ok R M R R R, T SMVT-SJ
J7 15 B AR AS LU R 4 A0 O H A, ELASG 2o % 2 25 4
Pl ST W A HORRE B M RE R, 45 M LR
ANAR PRI A Y £ A R

4 &

kBT VR 7 PR A B R A A 2 2% e R S T AR
THHEFRIER 0 JERE BE AR SCHR T — MR g 45
¥ B0 5 B SMVT-SI. 1% 5 B 76 4% 35 i A W 4%
FARLER) 5 S BRI AR BT T, 6 Beo 2
FI) H A A 28 00 10 2 i 1 2 0k 5 i A T VEAR
I 2R U /ML S W65 5 2 1o 2050 2 1) LA (3 1, AT
sk 1k H bR 2R A8 7, [6] B e i 4% o A R

SMV T-SJ J7 1 I\ 45 44 J2 18 P Ab A AL i 1y, 52
PR SRS B . MR T ST O kO /M
I3 B 5 W, SMIV T-SJ J5 325 2R R /INMELAE by 87 28 ik
FUE ) BE 97 K Tk 28 fh 2 (|) L 42 7 T 88
IEVR AT FEAS B RE T3, [R) B 3 5 1 % 30 BR b 48 T i iR

B . SR SR E R W/IMAE SR W 4R T H bR
KB 1 R s A 5] T R H ARSI 8, 78 24 Bl
EEYRA B EMRORE - GESRENE, B
SMV T-SJ J7 i B A & 2 BORm T8 TF 85 1 /0
AR OR A ER .

555 AR T A7 N 253 XA [R] AR SC I 4%
R )T A L BN 4l ok | R B a1
R A 0 R A7 BR A5 1R T X 6 T 2 A o AT A AT
55 e SR A MR N K T I AR A 2R ) 1) RS B R 4
F1 i A A R AR SRR o P 25 A AL it
TR AR, ok HR T 2 W 4% A ] st T g R
PESRGE T 7 vk 3 a .

MR AR SCHIFGEATAEAE — 5 Jay BRAE - (1) 2% i 7%
Tk B R 784 5 LA R P ) 48 338 AL R ok T
PRZEN A P48 58 19 3 A0 o, 52 B8 HL e il e i)
O 58 5 (2) AR S B R AR W 4%, % TR Ak
T2 25 K0 35 B M A R il — 2B 0 E . ROk T i
EPERIZR MG G H 2 KRS ZHGE LS,
Ptk — A5 42 T O 1k 0 8 Rk 5 A T

S E Wk
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