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Deep reinforcement learning algorithm based on multi-start and Mask
strategy for solving the covering salesman problem

FANG Wei'2, JIE Zhong-bing"?, LU Heng-yang"*', ZHANG Tao®

(1. International Joint Laboratory on Artificial Intelligence of Jiangsu Province, Jiangnan University, Wuxi 214122,
China; 2. Jiangsu Provincial Engineering Laboratory of Pattern Recognition and Computational Intelligence, Jiangnan
University, Wuxi 214122, China; 3. China Ship Scientific Research Center, Wuxi 214082, China)

Abstract: The covering salesman problem (CSP) is a variant of the traveling salesman problem, which is widely used
in disaster planning and emergency management. Since the traditional solvers are time-consuming for solving problem
instances, deep neural networks have been proposed for solving this type of combinatorial optimization problem in recent
years, which have obvious advantages in terms of solving speed and generalization. However, existing methods based on
deep neural networks for solving CSP problems have low solution quality, especially in large-scale instances, compared
with traditional heuristics. Therefore, we propose a new method based on deep reinforcement learning to solve the CSP
problem, in which the encoder encodes the input features, propose a new Mask strategy to constrain the decoder to
construct a solution using the self-attention mechanism, and propose a multi-start strategy to improve the training process
and the solution quality. Experimental results show that the proposed method further reduces the optimality gap compared
with existing deep neural network-based solution methods, has higher sample efficiency, shows stronger generalization
ability in CSP tasks of different sizes and coverage types, and has a 10-40 times improvement in solution speed compared
with heuristic algorithms.

Keywords: covering salesman problem; deep reinforcement learning; combinatorial optimization; multi-start; Mask
strategy

Yks BEA: 2022-05-04; FFAHEHE: 2022-12-01.

ESTH: HEAREEESTH (62073155, 62002137, 62106088, 62206113);  AAA S A& B8 G5BT 98 TF il 25 45 10
H (22422213).

FERE: Z/bim.

"% . E-mail: luhengyang @jiangnan.edu.cn.

ARSE BT LT SO, T SR AT B %S CRIEME T X EAT TR .



% 4 7 A F AT S S A Mask Rk 09K B iR 5] Bk KM E 2R AT R P A 1161
0 3 = % 3 FVE R JIHLHIUS S 6N ) E T S AL AR R AT 2

Ji€ 4T 7 1] @ (traveling salesman problem, TSP)!!
e M2 A AR AL e R, LR AR B bR R AE 45 E 1T
REES TR B — B B, HF BT A TS e
H R B U n) — k. HH T 5 U A R 2 1 PR, 1% 1) A
T RUAN B8 B2 1 S P 381 L g S AR R 37 s A 49 e
BT BN % 2 F K1) e 120, R A7 [l i A RIS 9
X R PR T R 5% 7 AL P R AR, — N B
U B AR 7 808 AR B R T BA U Il (A FEAS R AT DL 2
PR FL AT (A U7 In) A FE SRR ST IR 5% N T AT
Z R, SCHR (2] Wit 178 o R AT 1] @ (covering
salesman problem, CSP) #5711, CSP 47 i &AM i A7
FE— AN T e 178 o5 00 25, A 178 5 R T 1 At
00 55 ] 45 1% Tl AP 78 5. CSP SR H s 2 72 T 4R
G F R AT EREATH), R — 25 T T
BT ) BB 7 G I e R 1R I 2 AN TR T S T
(1) 78 5 PH 2935 4 O i, CSP IR 4k >y TSP. [Al ik, TSP 7]
LA /E CSP %51, CSP A FLAT NP HEFRFAE.

X CSP HEAT SR i 3= ZEA0 F R e U SCIR (2]
T W B R R 2, Sk B RE 8 78 5 T A T A
s/ R TS R A SR 5 AR 4R A AT TSP 3R
fife. SCHR[3142 LS 1. LS 2 5092, 76 58 B MR ) B At |-
PATIMBR S IR AR o538 A 1) 0 . SR (4] a8 i )
B AN AT RO W AR AR REAT S5t I 45 & BRI
KB /MBS R RS, Ah, — SRR RR AR A SR VED T
W4 H T CSP (R . bl SCRik B £ 75 e 1 e
[f15 LS 1 FILS 2 kAR ZE AN KB SR i 48 J5 e 2ok
il T3 T K R R AU TR LR AN Wi, AR ]
AT (1Y ERE T A SR AR RIS fi 830 S 451 (] B, 3% 28 07 k%
A 7 FESIAG Ta) 1) A CE AR A, Tov2 3R B CL 48 3K fige i 1
e R P 4L £ R A

T AR, 0 43 2 3 S A R B A 22 X 2% (deep
neural network, DNN) 3K fif 21 &0t A4 i) @i 0101 77
I [)AZ AP b f B AR A 131 SR (81 ARV = )
7! (attention model, AM)!O [ B fili I, K245 CSP 4F
fEBETE 1 B AR, 32 th AM-dynamic 15 5 3K fi# CSP,
F 3 Tk 7 B 1 SR 0 2R R AR T 2 AT G, SR
fife B2 KR AR T, SR, P4 th (0 Zh & Bk N AN fE
A B PE 3] CSP 1 18] BEURFAE, 45 1) 22 5 T s 250 e
i 100 B SEG) E AR 2R R B RIS, B TR AR Y
TN — 2 R M IE AR, SR AR B B R A BRI E
BUORZERR. ST, ASCHE N8 Mask SRBE ()73 =
JIHE Y (attention model with new mask, AM-NM) LA
SR fif CSP. A2 A FH 9 L) 25 - A B 25 45 440, 2 5 255 2K FH

b, AR 25 L X CSP BT (1) Mask 5 & X i (1) 44 i
BT L0, FRE I S0 2 ol i 22 2 AR I R A e A
B SR AR . AM-NM il 53 4k 2% > 3471 5, AN
MR o o3 B (R v B, 70 SRR I e AN SR AR RS
KIS K FE T, AT 5 A S sk an

1) $i& B () Mask 50g FH T AM SRR i CSP, RE
75 K B 2R (AT SSCER B SR AR ol o, S R TR
1 DNN K fi# CSP [ 5%

2) 1 FH 2 k2 RS MS HR mAE AR R, I 0 SR Al
AT .

3) FrR v nT A4 JE R S EE B B AL ]
PR (optimality gap), 75 3R s B A& 10 5 2,
I RDLH BRI A e
1 e L RETRERNLE IR CSPR

R 1E
1.1 [El@E X

EX G = (N,Edge) N—> . 4E25 [0 ] T 7]
Tl AN = {1,2,..., 0} AEE n NI
84, Bdge = {(i,5)]i,j € N} NUHES. EXLERN
PREAERE, B, 5 (1 < 4,7 < n) R34, 5) B RE, BRI T
A0 T A A P I PGB B AT a5 i A7 AE — N T
Ve E 1) AT 78 55 46 & Sety, A A IR TO0 A5 350 W] 49 T 1514
. CSP IR H AR RIET S ES NP FHR—1
AT For = (7, me)(k < n), N
FIT A TO0sS A8 4 U 10) BOR 78 i, L o 0 8114 [ B 46 40 o
7, Bl len(7) B/, B

min len(w) =

k—1
Eﬂ'kvﬂ'l + Z Eﬂiyﬂi+1 =
i=1
k—1
|2, = Trpllz + > l2m, = Trp 2 (D)

u=1

For o, TSy (0 4T AR AR, 125 H T T
FEN = {1,2,...,8} K CSP LBl K W AT i Fr 51
7= (1,6,7). ZEHIH AT RG0S H i (924
T AT 7 i, 2 0 ) RS M 7 51 I T, 20t [

0 @

AT
Bl 1 CSPa)asLf R Al {ThE

i 50 S5 A



1162 # % 5

xR ¥39%

Rl R 7 il 1 41 T P 7 i Y T, PR 2R B RO T )
A R P 42
1.2 EFRERMNLEFE S CSPKREF

5 %€ CSP [n] G SE 41 s, 4 F @ 15 B /R ] K
T FE. SEAF) s PR IOt A bR A 28 U il i (1) T AR
ARA, T 2 ¢ BT ABNE. 3 kIR 3)
YE G, i J2 8 (0 R AT P 25 A 1 B 4E 7 81 7 2 CSP 1)
fife. ¥ ZNE 7 51 o #4742 K —len () 8 SN
Hh, B KA AN T B /MBS R K BE. 8 SRR
DR BB AR R B SF, 38 A 22 I 2 3 AL 1) BB AT 55
W po (7r|s), 1% SR W& G0 1 2 400A 0 1) DNN #E4T S 44K,
CINS Wy s

po(m|s) = po(m1]s) ... po(Tr|TE_1,...,m1,8) =
2
HpG(Wt|7Tl:t—17 5)7 k < n. (2)
=1

LIPNE Yty
P o
oo ° oo
o —_ (o)
& oo o ooo

O kUM &
@ i LI T
@ C&ViMTA °

—
W oh %I T Mask N 00, N
~ fRTAIN Lr=1 BEm

2 WS po (m]s) SRAFE— B 5 B HHE IF 15 22 il Ja,
MR A& Reinforce 535 32 47 S 16 B2 Al 1 DA 3 2 %k
0. F TR FE R AL 1 SR AE CSP A BEARHESL I 1] 2 iy

7N
1

Qjﬁ?&kﬁ

Reinfoce 4 HT

2 BETIRERLE SIKARCSPRIEAHELE

ey 5]

4 =
® oo @& |
=k

3 REKBTREE

2 AM-NM: ¥ Mask S0 3% & SR
21 AM-NM

AM-NM K F 2 0 35 - 0 8 25 14, X} 45 72 1 CSP
S AR AT SR AR, S AR W 3 BT, 1 2 i g 0 8
N ) 4 AL bR 3E AT AR AIE S B 45 B T A RN
(embedding); 7F PL L fill I 04T 22 72 A S B, R B m >
T R I I A AT AR AT SE AR A 3. MRS ES R E
FUEE T AE I 21 (1 < ¢ < k) ARBEYT I3 1)
T s BB R IR B — AN TS AT U5 1), 714 F Mask 3R
WSk /5 TN T K B, L I A T ) B
. FIR 1A T IRBUSE R R 2 50 Il R AR

Bkl BRI TR

i N: S A CSP S Il 2R 48, Total N EFFE I 2R 11
CSP 4511 % &, Epochs A I 2R 5824, bs NHLIK KN, m

NZ R, 0 NS
B AR S 0",
1) WIS 24 0.
2) forepoch = 1,2, ..
3) forstep=1,2,..., { .
4) Shs + MIYNZREE S HRFE bs 4> 5451
5) for S, € Sy do

., Epochs do
Total

0) H, < Encodery(S,)

7) {ar,az,. .. an} « NFEHS, LR m
AN

8) P? <« Decodery(a,, H,),Vz € {1,2,
..,m}

9) II7 — MRAEMEER 7340 P2 BEHLRAE SR
fRF5, V2 € {1,2,...,m}



%45

7 b AT AR s Mask Reg 09 R AR ) A KME £

AT R B A 1163

10) end for

11) 0* <« reinforce(6, P, IT)

12) end for

13) end for

A SCAE A5 Transformer #5251 24 5 25 X8 4 A\ 1)
TETI RAR AR B AT RFAE S Y. EE X CSP B A M
JIGE P TG 5% 1 I o S B i B, 456 FH it 2% H — 4k (bateh
norm, BN) % # )2 14— 1k (layer norm). I 4 Bt 7~ N9
Fish 25 ) HAR Z5 1)

® ® 6 - O—®

GETTED

C  2EpE )
17
C_ smma—u )

EZEETED)
S

C armwzE )
+

ONONONENO)

E4 mESEREN
T S I 2 ME B 28 TR i B R AIE o 3050 2
e 4 7 ], B
) =Wax;+b,i=1,2,...,n. 3)
Hep:w € R4, b ¢ RV NFS%IMSHL
N JEYERE; d, NFFE 2, I YEFE, 3B H N2, 1) € R?
TR 4 BRI GG RN n S TR A B H N R JE
SRR {7,7,,...,7,)

M RER, B HO = (B9, RY,...,h0)T € R4 4R
Je ¥ HO 0 9 5 2 20847 R AE S L, b g i 2 1 2
BNL, EArl = {1,2,..., LY RRAEE 1 ZmIGEH
e F 85 8. dmtd 2 £ Sk B & 77 (multi-head self-
attention, MHA) 214 3EAT T 2545 B flA, 7 MHA |2
Ji 8 i 42 3% 4% (feed-forward layer, FF) )2 347 95 1E 2
W, I 5] Nk 2 B AL A — A CR IR 2 X 25 1 25
ks, A

Q =WH K'=WH"" VI =W/H'""; 4

H" = BN\ MHAYQ', K", V') + H'™"); (5)

H'= BN'(H" + FF'(H")). (6)
S0k LIEgIS 5, n N TS BN CLAE FE TR AR R

HY = (hE hE, . hEYT JERRE FRE R R FLR
LEEISNOIE T N

1 n
hy =~ > wk. ©)
1=1

22 RS

R G i J 1) TR AR N R R b, BRI Z 8,
I fe i 48 AR 15 1] T s SR A E AT I . 5 s
TR SIS AR, 7Rt = IR 2R B 5 7y 7
t > 1IN 2T O AR BR A 1 BT AE
EORF ¢+ LI 20007 I (1 TH VR SR, IR D0 B P )
1, LA AR R AT AT R
221 £ RS

fEt = 1IN 2, RS 88 1B 8 . H BRI A MG
R ER AR B SR ff e T AN 2 DR RS s AN [ 7= A 22 e T
KL T 22 R R AT BE % A7 28 AR SR B2 1) 7 22, 5 B))
R T RS, DRI T A SR s 30 R 22 ) i p sk

I |
|
534 p R T Ko ip
4 |
C_ _msmmzE )| C__BABNE D C_ mgasmz D
AKey } Key @ Key
C zarsng ) | LAEERAE ) LRARRNE )
? A 4 | ? A A ?
: =1 : @ t=2 t=k-1
| @ O
% . %
OC®|| | O6® OB
r ! —
Key G € - O® . ®r
T =

s N () H® ® . ®
1=z @

5 fRERDERLE



1164 # % 5

*x R %39%

TR iE . BAAHL, 18 it — AN 2 select_percent €
(0, 1] 47 il 126 HUES r B0 i, S TIURG P 55 0 5E 1) LA
Hrm = [n x select_percent], M n /M i Bl HLIZE
BUm /NS 54 AT fR0G. I ZRET, select_percent 15
R NTIm = n, BEETA TS % HAE AR S i
i, CASR S 22 (A 1), I ARAS AR 2 5
222 HEHKER

Ve AL sy J5 L FE (> 1) I ZI 0 R A L
AR A iR TR L FIEHRN hy BE4T 9
B, B S W e € RO 1S 3] R ST
N <

he = Wheconcat(h% ,hE  h,). (8)

W he BN 2 AR S AL U AR T 1, AR RS 28 FH MHA 2 1
TOU R 0 2460 . MHA 2 1 JE R4 b #3825 ) =
ARIET SN WL € {1,2,...,n}) H i &
key, FME [F] & v;, BP

c=W¢h,, key, = WEYhE vy = WhE.  (9)
Hpwe e R4 Wk e R W» e R™NFf
SIS H I YERE AT EVK o key,; Ao, 9553, 43 0
HE num D FA (A ¢, € R, key’ € Rwm,0f €
R, e € {1,2,...,num}. % 7% i) A 4 50 (10)
TR ) R ARG AT AU AT Mask, B)
BWEN—00, H

T e
c. key;

, TR a3 /2 251

uag ; = key® (10)
—00, otherwise.
Forpr: key§ AR i £ 5 e A1 (B OB 7] &2, dieye =
nuim NT AR YESE, nag , AT FE S e 23 1)
TR T R R A uag ; BEAT softmax JH—1K,
I 55505 LB ) B o AR, 15 3]
head, = softmax(uag ;)vy. (11)

ANFFE F AR TS AE L softmax J5 BUE A 0, FH 1EFL
H R EE B AR head, . 24N T 2RISR A I
JEIBESHW, € R AT R g, KON ¢ I
Z B A 2 FRE B m &, 1

.yhead]  YW;. (12)

T f T 24 g 0 0l 5 5K 9) H key, 34T RIS
B2, >K F tanh BR 0ORN 2 W71 clip 4 58 20 (E X 8] N
[—clip, clip], FIFERTANFF & A BT S 4T Mask, &

Tk )
clip - tanh (L5200 ) 5 i 2
unormg, ; = Vd

—o00, otherwise.

q; = concat(head], ..

(13)

JE o unorm,, ; 9K HEAT H — 40 B9 HE AR K. T
unormy, ; il softmax iz 5 5 15 Z| % tH 2 p,, Bl
Pi = Po(mi1 = i|7r1:t7 5) =
softmax(unormy, ;), (14)

Hrp, Nt + 1B ZE BT A I 23 7 51 o (PR
. AEZRB BOR 95 23 BEATL R AF: (sampling) 126 £ T

AN R
i1 = sampling(p1, P2, - -, Dn), (15)
1 = argmax(pr, Pa, - - -, Pn)- (16)
2.2.3 Mask &
75 18] 5 F AL 36 o 2 o, 5 I 20 AT R
U0 If 55 B AN AL S A B 5T RUEE AT Mask. AM-

BT B AS RN, Ay R R BE A5 24 5T 4 U ik 1)
TO0 A5 BRI D TO0 A50)RS B AS 30X — R AIE. (H SE G &
BRI, H TS BOR KT 1005, #5780 Xk DL 3K CSP
v 50 AR I, G A A 1 T 25 38 . A S — o 1
Mask 52 16, BV CL 28 Uiy il ik 1 45 ASORT L BT e 78 2511
T 5 35 HEAT Mask. 12 55 W6 R B 2 b a2 A TR0 T g
(5 B AR5 0 A8 T 0T R RIASE S 91 B, 5 2R AT T A e 4%
I fi6 5. 3 45 /N T30 25 18] 616 9 AM-dynamic [ Mask
SN 5 AR SCHTHE HY Mask 50 (156 L.
O &KV inl BT £ O & By i i T0

@—@ A2 BT AL Tl a5
W Mask ZT5 4, 4308 T kA 247 i)

oo  HEo
® © ® ®
@ @
(a) AM-dynamic fJMask 5ilig  (b) A3 Mask 5%
6 PFHTRERXTEL
224 Y&k
HR AR fge fi ) 6 tH (R R 2893410 po (| s) FRHL5E
BT B 7, P A1 R AR BE AR D 22l i 5k 5 2
JIERAT ISR, I Z5 B bR i MU BRAR K, 58 A%
2k Loss N TSR 1) CSP SZ 45 K FE () 328 A
Loss(0|s) = Ep,(x|s)len(m), (17)
Horh 240038 1 7 £ 28 (baseline) [¥] REINFORCE %
VAR FRE FE T B B2k AT S, B
VoLoss = E,, (z|s)[(len(m) — b(s))Vlogpg(7|s)].
(13)



%45

7 b AT AR s Mask Reg 09 R AR ) A KME £

AT R B A 1165

B2 b(s) AR H 2 T80 B TR I AT 2
YRR A2 1 5 7 22, 24 SRS IR SR B len () v T2
LRI K HEAT F ), G T B ) 1 5. 2 FR 2R AT DL 2 4R
BUMBCE 4. P8 5K W 2% BY greedy rollout!!%!, Sk
[IS]H&H T — AT 2 e e 21 i R 2k, /D

multi
1
= 1 2. 1
b(s) —re ;Zl en(m?) (19)

Herb: multi EE B KA R, 77 9 RAE 2 2 AP
B AR SCR M 1% 2 2R BEAT I 45, 2 multi = m. XF F
CSP fit] i 5247 s, I A2 i 3R LR m 2% B AR K
P (A AR BE 26, IF 48 ] Adam (AL B3 EAT Z 40
BT RE M, 8 I 2 S SR B 2 2 P R
TP AT BTk — 25 B AR Viogpy (7] s) 75 22, g s
ROl de b, — L5 = T 1 AL AL, W GPU JIF
TR AR L 7 R WU AE, bR 7R i %
Eiif:pes S

3 ERBI

RESIE BT B U7 R B A RO, BT T SRR 1)
7£ CSP 20 (I0i 45 % & 5 20, R [F]). CSP 50 A1 CSP 100
Wk 5 5 At 77 v 75 AR 4 B 16 ) Tl s 565 2) 7
CSP 100 Il Z5 (1) # 54 7£ CSP 200 F1 CSP 300 it 4 _E
Iz AP XT LS a8 3) S5l gl ol 8 s A HE A
] PR32 A 1 o) B Sz 56 IR e ¥ B 4 AN T ) AT 78
TEA Set; (i € {1,2,...,n}) NI EHFKIITKNCA
T B A NC = 7. WK T 56 UF A B AN R 7 26
LA MIZARE S, BT AT SRR AT H AT L2
AR ). 4) Mask S WE 1 22 2 2 732 1A 801 20 B s
5.
31 EEEEIE

Rt riE S g8 KA EIELS 1. LS2 A
£ F DNN #1575 AM. AM-dynamic 347 EL 2.
TR, SEIAE A — G ML 3 Lig1T. GPURL 5 R
2080Ti, CPU %5 A Intel (R) Core (TM) i9-9900X CPU
@ 3.50 GHz. & IlZx—%¢ JFE A% 10 000> CSP 247
IS UESE VPl AT AR A, R 2 o) 2k,
3.2 FEMIEEE

T 5 A5 AL 5 1000 CSP 24 fi il it 4E 1
HBEAT MR, 2 T DNN F A58 AL 158 38 (16) K38 i, 1
Mriadr ARSI P B AR KB B AR AT B DA KR
fifi B SIEAG (1) 32 47 T 1), S5 A0 1) B EH SR A 1) % A
J5 Ten () A1 EE0 ) B A MR lenpes: 18 3 3K (20) T 545
2. 5 AM-dynamic 15 B AH [F], 4% 3 [F] FF 76 150 284 14 itk
SEREAR () J Al {5 P 187 5 4 R g — D B R

Ji R, I AT I [A) 2 3R T VR BT A S ] f 5 A, B

. len(m) — lenpest

AR = ——————=. (20)

lenyest

4 SEIRAER
4.1 INZIERELE

7 J&7R T AM-dynamic. AM 1 AM-NM 7
CSP 100 SE451_F 2% ) i 28, o oh AM-dy-32w 5 AM-
dynamic %6 {5 i 32 73 N I GRAE AR, FEHEIR KN A
64, T %t 8 71 I 2R FE A % & % 1F F, AM-dynamic.
AM 2% 3] i 26 52 5 BON I ZL, T AM-NM (1) 27 2 i
o TR, A RSO A s R AR T =L X
—J7 12 T % CSP 42 tH 1) Mask 5 B B % i ¥
25 P M SR R T AR, S — T T 2 R SR
AL T B 2 R AL B AR, A B T BRARBR B U7 2, N
BRI 5. deAh, 4 T 5 2 K260 A S5, AM-
dynamic [1) %5 =) i 26 TP %5, (3 F & i St S A7)
AR5 AM-NM {7 1E — € ZF, IX K B AM-NM £ &
IR R [F]INF, AM-dynamic Bl 2k 18] 9 12 h
T AM-NM [ 2B (R4 A 4 h,

16f —ry

‘ AM-dynamic

I —— AM-NM
12+ 1 —o— AM-dy-32w

AR

0 2'0 4'0 éo 8I0 100
YIZRFEEL

7 AM. AM-dynamic, AM-NM 7£ CSP 100 H93 S ghk
42 TEMIXERIMERELLER

K14 H T AM-NM 5 X b J7 ¥ 78 CSP 20,
CSP50. CSP 100 MiX4E b pyseig e 8. 5 g kA
M, AM. AM-dynamic. AM-NM 7£ 3R fif i 5 _E
PRI (HSR MR B AFAE — € 2288, X H A DNN
7715, AM-NM REW U1 SEAR ) S G 1T Bt 3% 1 28 3 348
Iy FE7R T % AM-dynamic F1 AM-NM [ fif 8 i fj 8. =
A ZR kAT SRk S A5 SR, R I 25 R A 2R AR
T A HH TSR 1) S AN B, SR A R N I S 4 B
/> 3 B AR Ffr ) 325 (1 A 1Y) S B8R . B T Mask 3R
s 55 2 MR/ T AT AT B AE A 1], AM-NM R i B 12
AT ) S A M AR, 6T JR) E A 2R PR AR AR FE B /0N, B A
T AM-dynamic. CSP 100 () 45 5 32 W, bt 35 Tl U 20 &
R0 38 T, AL 36 fige 1) I A b T Il A BE 22 ) AT AT Bl R
[i], 16 B AM-NM H4) 3 Je 358 S5 A1 A 1R 66 70 BT ek 59,
{EAT5 4R F AM-dynamic. J&5 2211 TA/E¥ % et — D4
F+ AM-NM 78 KBS (3K fil e



1166 # % 5

xR ¥39%

F=1 XEEFEECSP20. CSP 50, CSP 100Nt & F A SEIR 45 5R

- CSP20 CSP50 CSP 100
I
B BRI /% SRR /s BRI BER /%0 RIRF /s BAKE RO /% R /s
LS1 1.98 12.32 2.62 2.60 0.00 9.50 3.55 0.00 59.77
LS2 1.76 0.00 4.41 2.68 2.95 16.41 3.70 4.25 80.15
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