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Abstract: To enhance the efficiency and performance of sparse reconstruction-based pruning methods, a pruning method
based on fused feature sparse reconstruction was proposed. Firstly, a cross-layer feature fusion strategy was developed by
modeling the dependency relationships between upper-layer filters and corresponding lower-layer filter channels. This
strategy extracted inter-layer dependency features, enhancing the accuracy of redundant filter selection. Subsequently, a
£,, norm-constrained feature reconstruction model was constructed based on these features. Through model optimiza-
tion, joint structured sparse selection was performed on the upper-layer filters and corresponding lower-layer filter chan-
nels, enhancing the robustness of redundant filter selection. Finally, after pruning the filters in all layers, the compact
structure was fine-tuned in a single step to optimize pruning efficiency. Experimental results on CIFAR-10 show that the
proposed method achieves a 62.0% reduction in computational complexity and an 89.7% compression in storage space,
with a 0.34% accuracy drop for the VGG-16 model. The proposed method proves effective both theoretically and experi-
mentally, with results across multiple datasets demonstrating its efficacy in deep neural network compression.
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Ao X R GRS IR A3 BT B b,
FEAG I SR R EOBUR AR AR AL 2 25 0. R T4
R ML 3 £ 0 5 2 S B OB R AT DR A5 B
T R, 45 T R G e X 2% T R S 1 5 1 A 3
IR RBUERE AT, ARG TR A 1 51F 75
AR ER e R, RPEATCENTERA

Nl
R} = Zla;.,j =12\, (28)

Horb, a, RoR AP AT AIRE . R TR

RIBTERE P, 5 RPEUNAIN, P ASTTRE N0, H

fih oo = B O 1, 15 B U8 BCE T0 R VA K ) &
m' e RV HAHHAHN

! — 0,i e argsort(Rl) |:3N1P1]
LA

Wm0 I, TP WA, %
B, TRV ' B A U A 0 B A 3 T A A
B Mm=1 I, FoRIER W AR .

XA R S RETEREE, BARTE TR
BB DR THERE AR, (HIHF o R R A
RERI N B, AR BTG BB Ay |2 — Ik
TR B 5925, 8 T R R B B U AR I S E LAVR R A
HPERE.

4 SELESTAT

4.1 BEHOEIRRE

N VEA B B A SV I A S R, AR
£ CIFAR-10M415 ImageNet 2 A i #dh 45 E i T
TSI T . BIRIPAL 4R bR B4 Top-1 H Top-5 7328
MR KT R, 25E, DAL SEH 0=
(FLOPs) #7H it 5. %1% CIFAR-10 $ 4k 4
K FH BB ATL K P 80 5 5 05 A0 3R AT B 3G 5, R
SGD It Ak, #8 % 59 B¢ J5 (8 B4 50 150 A1 25 7 3
(epoch). HAMEEWI T ZhEHN0.9, fLERNN
256, WG >1%50.1, FHAEE 50 #1100 4> epoch
25 3] RN R 10%. %1%} ImageNet £ 545,
K BENLER G« BEATLER B AR v A B A AT 40 3
o 155 K2 HOIMBIE 5 Lt AT ER
FH SGD 1t 1k 28 401 90 4~ epoch.  H:Ath 52 56 it & 4n
T WIRF1%50.1, FHAES 30 160 4> epoch Hf
2 ) REONIE K 10%, SGD H KIALE F RS H %
N 1x1074, 75 CHIP Al FPUM fxf tL g, R

(29)

T 5 HMER SRR, B N4
SRS A5 ) 2R I 1804 epoch.
4.2 ET CIFAR-10 Bl 57 KR SI RSB M RE 7 17
EF X CIFAR-10 204l 45, 70530 2 3 450/
W28 AT T B RO LLSEEG A b . SR P A R
WEERIIVGG-1618M%s, DL 2 34581 ResNet-
56. ResNet-11044 A1 DenseNet-404 {4 2% , 7= 3 B
B R N -r, N FLOP B4R .
SR R 2R T AE SR 45 VGG-
16 FRIBIR SEIR s B, Hok, Tl SHERS 2
3.28x 1000}, AL FHERI R (93.98%) B
FEMERLAL (93.96%) BEA &, AHLL L1 F1 FPGM
2 Tl U 28 2 BT B 7800 AR 1 0.58% F110.44% .
FETT B N 158.92x10°~195.14x 1001, i bt 4 Ffr J
TR B A BY B Sk MCTSO PRl SSSEZRI
DNALPY, A S5 VA R R R0 B335 5 T A
Frfmflt. Hk, BEEERGERENINGE, ES8EN
2.04x100~2.67x10% I} , A% 3 77 v B 4 TH R F
HRank. GCNPPVAI GALP* 732 . 5 FPUM A LL ,
KT FAESHERRES R E LR . U455
Bk — B K46 & 1.54x 1000, A S5 40 e AR £F
93.62% MIHERI %, RII T FPUM 77k, &% BFr
W, ARSCTEAE RS AR 2 b R I R A1 i
RitE, REMSTEAFEZEREE N IRRRER R 5115 AL
R PAE .

T2 ET CIFAR-10HEER VGG-16 145 R

WiRrS iRTES ZHE TR
VGG-16 93.96% 14.98x10° 313.73x10°
FPGM 93.54% — 206.43x10°
L1 93.40% 5.40x10° 206.12x10°
DNAL 93.53% 3.73x10° 195.14x10°
VP 93.18% 3.92x10° 190.00x10°
SSS 93.02% 3.93x10° 183.13x10°
MCTS 93.90% — 171.00x10°
A3L-0.49 93.98% 3.28x10° 158.92x10°
GAL 93.42% 2.67x10° 171.89x10°
HRank 93.43% 2.51x10° 145.61x10°
FPUM 93.61% 2.27x10° 73.09x10°
GCNP 93.27% 2.21x10° 134.22x10°
A-0.58 93.85% 2.04x10° 133.16x10°
AL-0.62 93.62% 1.54x10° 119.12x10°
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hallis

¥k

¥ 46 %

% AR SR I PR 3 . FH 1 ResNet-56
ResNet-110 Fll DenseNet-40 iX 3 i 22 3 45 ¥ I 28 1E
NFEEER . TR 2SOk AL, SR IE I A BT A
(1) 7 25 B B A AN [ 43 2 R i AH R a0 T
DenseNet-40, SZIGHN T fLEAE, A FE D
() 47 I B 43 9 SR A (R I, SR R ) R ) O 1 AR A7
Lo

F3JER T H T ResNet-56 15 7Y (it B K 45 5L,
SIS R R, RTEEARM R4 FE T3
RIUMIR R ERE. BIEME, YZHEHDSE
0.66x10° I}, A SC 7 VL HLAS T 94.08% ¥ HE#f &,
AR T R UHERE R 93.26% IVER R, 1 HAETT
HEEIMEM T, ®L1. HRank F1 Sketch J5 %
BRI 043%, BN ERB M SHENT BB
3R . BB HE D E 038100/, ATk
1) HE B 2208 93.73%, AT 94 68 Ik 6k o A5 AR g o 1
2, [FREERT M. B, 5 GAL ik
ML, ACTTEE SR D 037x10%, 1A &
BEAR 4.15x108 (15 50 K, % £ 355 8 v 10 o g R
(93.73% vs 92.98%) . 4 Z H &Ik D> & 0.24x10°
I, < 375 9 A1 FPUM A HRank 7€ A1 3T 1) 2 30
M EEELT, RIERENS KR, 5%
THE f % 8 FPUM M1 HRank 43 71 2 7+ 0.30 /4N 1 43 15
F10.46 1~ 47 55

<3 ET CIFAR-10 HIEEHI ResNet-56 BI i 45 R

T HiRUIES ZHE TR
ResNet-56 93.26% 0.85x10° 125.49x10°
L1 93.06% 0.73x10° 90.90x10°
HRank 93.52% 0.71x10° 88.72x10°
Sketch 93.65% 0.68x10° 88.05%10°
AR3L-0.28 94.08% 0.66x10° 90.35x10°
GAL 92.98% 0.75x10° 78.30x10°
HRank 93.17% 0.49%10° 62.72x10°
MCTS 93.56% — 57.00x10°
CP 91.80% — 62.00x10°
CLR-RNF 93.27% 0.38x10° 54.00x10°
AL-0.57 93.73% 0.38x10° 54.45x10°
FPUM 92.48% 0.24x10° 34.78x10°
HRank 92.32% 0.24x10° 34.78x10°
A3L-0.72 92.78% 0.24x10° 34.56x10°
A-0.92 90.23% 0.07x10° 10.35x10°

F4JEIR T H T ResNet-110 #4578 (1 BB 45 5,
TESH RN 1.04310° B OL T, AR EIAE T
94.34% (1) 73 K HERI 2, LT HRank (94.23%) Al
FEAERAY (93.50%), [FIW 5 & # HRank J5 1 %
£ 8.16x10° MSAE I F 0.54x10°0), ATy
TR BITER RN 93.73%, A1 4R v - 35 vHE A 7Y 1) vk
Ko R FPGM J7 i AR A 3R b (R BIE A T A S
J7i% (93.85% vs 93.73%), {HHFHE &~ 121.00x
108, & A X (71.69x10%) f) 1.69 1% . &
FPGM J5 154k, Xf b At 73, ASCTETERASH
AR A, SRl T B R ENITFH RN SR
GEVk . B, ARSCTTAR L GAL 7 5 R AR
58.51x10°, ZHE AL 0.41x10°, [H] 45 5 = 1)
HERIZR (93.73% vs 92.55%) .

%4 ET CIFAR-10 H#E& A ResNet-110 BIF 45 R

Jiik e ES S HEE
ResNet-110 93.50% 1.72x10° 254.99x10°
HRank 94.23% 1.04x10° 148.70x10°
A3L-0.45 94.34% 1.04x10° 140.54x10°
FPGM 93.85% — 121.00x10°
GAL 92.55% 0.95x10° 130.20x10°
HRank 93.36% 0.70x10° 105.70x10°
Sketch 93.44% 0.69x10° 92.84x10°
CLR-RNF 93.71% 0.53x10° 86.80x10°
AR-0.72 93.73% 0.54x10° 71.69x10°
A32-0.90 91.25% 0.15x10° 25.91x10°

H:F DenseNet-40 #5571 8T A7 45 5% 5 s
SEIG S5 R B, B AR HRank J7 V76 8 2% 05
MTARSCTE, ABLESEE AR AER 2 1R L
ARICTEFEA . BN, ALTTIEAESHE N 0.62x
108, 58N 1733910 I TH 0L K, HEW KA =
1K 94.44%,  FH G FE AR A 1) 7R A R A 2R 0.37 %
HRank 77 % 7E 2 80 & N 0.66x10°. iF H & A
167.41<10C BN, HERIR N 94.24%. U5 H =
WD 2039100/, ARSCTIERIHERfZE (93.71%)
1 F % EE B GAL (93.53%) Al VP (93.16%) J7
%, FR, EEEMSHENARTH, A3
EBR T XA k. BB 3R & S gE MR s
IS RR, ARSCITVETENS 2 32 25 F 0 265 13 A7 R 7Y
BY R I ATY 98 5 88
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5 ET CIFAR-10 B#EE A DenseNet-40 I 2%

4.3 ET ImageNet El{§ 5 KB RARE L RES

Ik AL U R RIS AUEAR ST AR R 4R 52 (ImageNet)
DenseNet-40 94.81% 1.04x10° 282.00x10° FHIERE, A L ResNet-50 1 Sy 5 v b 700 33 47 B
HRank 94.24% 0.66x10° 167.41x10° WSz, Soib sk AN 6 Fin. Wot, (R Y
A-0.39 94.44% 0.62x10° 173.39x10° SEIG R, RS, HEEAUERR N
HRank 93.68% 048:10°  11015+10° i #34% T SSS. GAL. HRank Al CLR-RNFPS 712 ,
GAL 93.53% 0.45x10° 128.11x10° R B IS 25 T MCTS Al DNAL, {H A< 77 178
VP 93.16% 0.42x10° 156.00%10° Top-1 1 Top-5 FR&F LRI H B KL H . BR
A3C-0.60 93.71% 0.39x10° 113.08x10° Sketch I Z ¥ s AT H B RAK T A7, HHE
A 3-0.88 90.54% 0.10x10° 33.45x10° Top-1 TR A S 1 1.09%.  1F o4 i R
=6 £TF ImageNet H#E LAY ResNet-50 BT 45 R
T Top-1 Top-1 | Top-5 Top-5 | TR SR
SsS 76.12%—74.18% 1.94% 92.86%—91.91% 0.95% 2.82x10° 18.60%10°
CcpP 74.99%—72.84% 2.15% 92.20%90.80% 1.40% 2.73x10° —
Sketch 76.13%75.22% 0.93% 92.86% 92.41% 0.45% 2.64x10° 16.95%10°
CLR-RNF 76.01%74.85% 130% 92.96%92.31% 0.65% 2.45%10° 16.92x10°
SFP 76.15%—74.61% 1.54% 92.87%—92.03% 0.84% 2.38x10° —
FPGM 76.15%—75.59% 0.56% 92.87%—92.63% 0.24% 2.36x10° —

GAL 76.15%71.95% 420% 92.87%90.04% 2.83% 2.33x10° 21.20%10°
HRank 76.15%—74.98% 1.17% 92.87%—92.33% 0.54% 2.30x10° 16.15%10°
Sketch 76.13%74.68% 1.45% 92.86%—92.17% 0.69% 2.23x10° 14.53%10°
MCTS 77.34%—76.80% 0.54% 93.27%—93.00% 0.27% 221x10° —

DNAL 75.19%74.07% 1.12% 92.56%92.02% 0.54% 2.07x10° 15.34x10°
AL-0.45 76.15%—75.79% 0.36% 92.87%92.76% 0.11% 2.26x10° 15.09x10°
FPGM 76.15%74.83% 132% 92.87%92.32% 0.55% 1.90%10° —

GDP 75.13%—71.19% 3.94% 92.30%—90.71% 1.59% 1.88x10° —

GAL 76.15%—71.80% 435% 92.87%90.82% 2.05% 1.84x10° 19.31x10°
ThiNet 72.88%—71.01% 1.87% 91.14%—90.30% 0.84% 1.82x10° 12.40x10°
DNAL 75.19%73.65% 1.54% 92.56%91.74% 0.82% 1.75%10° 12.75%10°
TSFR 74.99%—71.45% 3.54% 92.20%—90.64% 1.56% 1.70x10° 12.30%10°
HRank 76.15%—71.98% 417% 92.87%91.01% 1.86% 1.55%10° 13.77x10°
Sketch 76.13%73.04% 3.09% 92.86% 91.18% 1.68% 1.51%10° 10.40x10°

A3-0.63 76.15%—74.67% 1.48% 92.87%—92.13% 0.74% 1.52x10° 11.05x10°
DNAL 75.19%—72.86% 233% 92.56%—91.34% 1.22% 1.44x10° 10.94x10°
GAL 76.15%—69.31% 6.84% 92.87%—89.12% 3.75% 1.11x10° 10.21x10°
CLR-RNF 76.01%72.67% 3.34% 92.96%91.09% 1.87% 1.23x10° 9.00x10°
ThiNet 72.88%68.42% 4.46% 91.14%88.30% 2.84% 1.10x10° 8.66x10°
HRank 76.15%69.10% 7.05% 92.87% 89.58% 3.29% 0.98x10° 8.27x10°
Sketch 76.13%—>69.43% 6.72% 92.86%—>89.23% 3.63% 0.93x10° 7.18x10°
#30-0.77 76.15%—72.93% 3.22% 92.87%91.15% 1.72% 0.95x10° 8.02x10°
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#

{18 46 %

JE 45 S2 5, Sketch R IR B R, H
Top-1 " B&Za53 3 = AR S5 1.61% F113.50%. |
WA RFH, WG RGERRERINR, AC7iEME
Sketch /7 VAL AR R R . FHIR, % K46 5250
HH KT FPGM 7 V230 8 i T 48 S 56 A 1) DNAL 7V AE
TR A ST 9.25% A1 11.92% BT BLF
Top-1 T P& AL ik 2D 0.16% F1 0.89%. M4k, [
GDPI I Sketch 775 4b, AR S 7 1L 7E vh S5 fl i
JEARSEIGH, AR bR AT AT S AT L T

F 6 AR S TT VR IR S 6 45 R 35K F A0 90 A
epoch 1) 7 X3, A THLRXTELI A, £S5
CHIP 1 FPUM J5 ¥ LL ey, SESG R 51X 2 Fh s
TRAR R 2 2] R R s ms (RISR A AR 9% 08 K i e
S0 180 4> epoch) , SEEG 45 R ANEK 7 FToRN .
PR B R 45 S gs v, AR ST V% ) Top-1 A Top-5 T
B S5 73 51l 9 0.64% F1 0.32%, It F- CHIP A1 FPUM,
[ I 1 42 & B B I T CHIP F FPUM.  7F ¥ JE 4
SEEG A, CHIP. FPUM 7E 77% i 5 2 1 67% 1
SRR IE LT, 2SI T 2.85% F12.97% I
Top-1 FF&, MEZ R, RICTTIEET5% Wit H &
1 74% ZEEARIE LT, SLI T 2.49% (1) Top-1
R BEARSIIRZE TR, AR SCTVELESR T Bk
RIFEINS, 7R B AL MERE 7 A — 2 LA .
4.4 BT ENDEIRSEEARR G

NIGAIE BT HE BY B 7 VEAEAS [T 45 i JE A A
BI 5515 AT #ME 55, LA DeepLabv361y JEfili HE 22,
K E AN [F] BY B 7712 40 32 J5 ) ResNet-50 i)l 545
RUVENEF M %, 7E PASCAL VOC2012B7 % 45 4
VPGB R T vEVERE . SRE0 H ASPP R H S H [ 2
H(6,12,18), Multi Grid M=~ (1, 1, 1). H
fh 25 T A% 48 DeepLabv3 B T ECE, 1FNE
RS E. FEEMFEHZIEE (mloU,

HRank 1 FPUM J7 2 8 k5 J5 #5570 1038 S 49 31 10 14
Ae, SLIREERuRSFiN.

#=8 ETIBNHIMEZHERERER
WARFS mloU i T
Baseline 75.03% 39.05%10° 50.72x10°
L1 73.49% 24.97x10° 30.13x10°
HRank 73.78% 24.97x10° 30.13x10°
FPUM 74.02% 24.54x10° 29.53x10°
A-0.65 74.33% 24.49x10° 29.32x10°

MRS FLLE th, ACBIR 7 LA D2
AR E TR 7B S mloU. [AIE, XA
W) 77 6 BB G BB R e kAT 1 A4 o B,
K5 ffr7~, FHo Ground Truth 215 & 2 bRy B9 B 52
FoX k. ME5PTLLEH, L1, HRank. FPUM
J7E 5y B 45 RAEVAR 0T A0 B EARAE AN
WML A TR, SREEEH. \W5BE1T
R FRES B, M2, KXTrdEA s m
SEGER S BT EEY S, MUEBREH
FRIX 3, & RERE L JE YR R 5 RS FE. 18
IR 5 o BIORE BE T, AR SO VE R
PR, HE—BIE 1B 7 VA AR 4R R AE
AR IR FR, R S BT S K R
(38 1
4.5 JHRLSLIG

9 T B8R 2 T AROURE AR 1) B &, 7E CIFAR-
10 %4 % | XF ResNet-56. ResNet-110 fil VGG-16
AT T RRSEES 0B SEEG Y, BRFRAE FE AL S EL
WA S, HABSLIG BB B R — 8. XL 2
VAR H R AR AN FH 2 P9 DB U 28 2 R S BT AL 79 28
HEZE . B, NHEBRTOA R, BYEL S B

mean intersection over union) o

&) BF%F b T L1,

PIARBATROM, FEMERIL A RUER R . £ VGG-16

=7 FHT ImageNet 2 IEEE A ResNet-50 BI#7 45 R (RUAR A K2R A RIGEEE S S %)
ik Top-1 Top-1 | Top-5 Top-5 | THHEE S
CHIP 76.15%—75.26% 0.89% 92.87%—92.53% 0.34% 1.52x10° 11.05x10°
FPUM 76.15%—74.80% 1.35% 92.87%—92.39% 0.48% 1.52x10° 11.05x10°
ATL-0.66 76.15%—75.51% 0.64% 92.87%—92.55% 0.32% 1.38x10° 11.05%10°
CHIP 76.15%—73.30% 2.85% 92.87%—91.48% 1.39% 0.95x10° 8.02x10°
FPUM 76.15%—73.18% 2.97% 92.87%—91.32% 1.55% 0.95x10° 8.02x10°
A3-0.75 76.15%—73.66% 2.49% 92.87%—91.71% 1.16% 1.02x10° 6.56x10°
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" @JE  (b)Ground Truth ©LI

(f) A32-0.65

(d) HRank (e) FPUM

B5 AR BIR T5 VAR o B 55 B 4 R TR L

R, AR G ARZ A R I BT A 7E ResNet-
110 B8, %f 45> Block 188 — />4 12 #E4T
[ LE A5 ) B g o B B AR A 73 SR HE A R i 6
B

— &~ RN H
« —o— EIHBHE

80%

60%

WAz

40%

20%

Ne- — —
5% 10% 5%  20%  25%  30%
B B4
(a) VGG-16

& —o - EHEREEH
AN —o— 2 MK RAE
80% |- AN

60%

273

40%

20%[

10% 20%  30% 40% 50% 60%  70%
IR LA
(b) ResNet-110

&6 %% VGG-16 F1 ResNet-110 B4 J5 AT (1143 S e ff %

ME 6 AT LAE Y, SRR AR AL 45 3 1 BT
RITVEAEAN R B KL 7 43 LR B 73 S HERf 32 45 B 250
TAUE R WIEEAS 2 Bt AT BT R i ik B4t
R 9P, o Ja Bk BE B R R T A=
TR ARSI B 7. Rik 24N 2B 25 S 50 0IF
TR WARKERAE A R . RN, BEAE BT A Y
Tt 2 MRS BURCA AT SO I, HER R B
SRR FE IR T P - F,  HOR AR T IR A A vk
BE, W] T X P R AR P e A0 B

®9 BETENENFRSHSEEKRBIFERNIRER

VGG-16 93.26% 93.98%
ResNet-56 93.21% 93.73%
ResNet-110 93.88% 94.34%

SRR R 2 (R AIE A4 7 548 3 BT A A%
PE, fEAHFIE4Z N, K5 Baseline CRETED .
Random (BEMLEI A EH 25D . Reverse (BYHL AL
TTENRNE B ER ) X, BB 7 0 RKifEf R
ALEN, 3FPBIAYR, HTIERERURIIARE, &
W] CIFAR-10 | 3 Ff 5 R A7 78 B % 248 TU R o LA,
AT KU L, S uk HoAa 2otk . [F
Random 4: 8¢ 5 - Reverse, 3t —20E B A L7 1E4E
i 16 HL YR A% A R .

Tt —4k (BN, batch normalization) =X
LAEHE IR TAER, S8 T BN JZEX AR B
HERmsm, SERGIANESHEAR, BERZES
BN Zfl & N ERZ. RTREFENERES
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B AR STV E R B B E . P 5 ResNet-56 LA &E k-

A BN 2 VGG-16 #2754, 7F CIFAR-10 £ 54 I
BEAT W RLSRES M, AR NE 10 . LI 4s

KU, BT HSM BRI VEAE CIFAR-10 #0455
L HERRRI AT T AP AR T
R BT HE B R TV E A R, A S A 5256
THRRHRAEHES IR AR . KT ESH
AN At I T YR A8 S HOBIROT VARG 8, MR
I 2D I SEER T FEIR N 2 AT

9% zzaBaseline  EZXR Reverse
N N A& 5 =5 Random
94%
. 7
3%
£ o0l
92% %
%
91%} /
%
7 :
90%

ResNet-5 ResNet— 1)0
Bl7  BFxs 3 R R £ Fh v 0 23 S dEdf 2

R0 ESUEAM AR ERREMN

Baseline e 24 HERf 2 SR TR
x 93.98% 3.28x10°  158.92x10°
N 94.17% 3.28x10°  158.92x10°
VGG-16
x 93.85% 2.04x10°  133.16x10°
N 93.93% 2.04x10°  133.16x10°
x 93.73% 0.38x10°  54.45x10°
N 93.88% 0.38x10°  54.45x10°
ResNet-56
x 92.78% 0.24x10°  34.56x10°
N 93.14% 0.24x10°  34.56x10°
5 #HEERIE

AL T — T R AR A R A A B
ik, B AR BUAT DE B AR BB T IR A R A K
WOk R AR LA R o 82 Hr A AR A BUZ B
WSUNRBR R, MR R EARBURFE,  JFR 8
W BRI R4 0 €, YEEZD IR ()2 R ARORRS
AL F A ) L, G I A AR R AR R, SR T
Xt BB R A Rk . Al IR =S
BORTT USRI T $2 BT B SE RO VR RE R SR WT 7T 4%
TR NAR T 2 A AR NS HoAl 8 5 4% 2 08T B 5 ik
(e FH A
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