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DRL-SCFO: deep reinforcement learning-based sparse cross-floor path
optimization for multi-floor pickup and delivery problems

MENG Yun, LI Chaof, SUN Jun

(School of Artificial Intelligence and Computer Science, Jiangnan University, Wuxi 214122, Jiangsu, China)

Abstract: Pickup and delivery problems in multi-floor environments pose significant challenges for automated
transportation systems, mainly due to the sparse inter-floor connectivity caused by the limited number of elevators. This
results in loosely connected subregions, which makes it difficult for existing path optimization methods to generate
high-quality cross-floor routes. Although deep reinforcement learning (DRL) has shown strong potential in vehicle
routing problems, most DRL-based approaches struggle to effectively model such sparse cross-floor topologies. To
address this issue, this paper proposes a DRL-based sparse cross-floor path optimization (DRL-SCFQO) method. In
DRL-SCFO, the encoder jointly extracts spatial features within individual floors and across different floors, and
integrates them through an adaptive fusion strategy to capture complex cross-floor topological structures. The decoder
decomposes each decision step into two stages: a global planning stage to determine a potential target, followed by a
local execution stage to select a feasible path node guided by this target. Experimental results demonstrate that DRL-
SCFO achieves superior solution quality compared with existing DRL-based routing optimization methods on multi-
floor pickup and delivery problems, and shows good adaptability across different task topologies and problem scales.

Keywords: deep reinforcement learning; pickup and delivery problem; attention mechanism; dual-stage decoder
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R, DA R B A8 T 2 AT PELI TR [R] I, e
Wi 7 55 % 2 PR 4 JR) 51 3, AT i b B 5 BELA T Ak
P E BRI 5 PAT B B IZ 2 22 T, PDSdec fig
i B 7 i I W MF-PDP HR 25 (8] 3 3 260X — R ik
Pa IG5 46 Pt Sk i) pk .

5, B (17) 80 (18) 4 31 LR TR AME
RERPER S Z N, DAAR BT B [ B A 2 ) ) &
1% M) ) & — 2P I N MHA B, 15 2 AH B
glimpse [f) &, JFH T4 5 AT B B 5 Sk £
4 Flr7, AT B Bo AR o B AE RG24 E AR+
—F, L MHABBRESHE T L= &
s € {p, r} s HHTH Bt L pRon MRIFT B, 3R
ANRATIBO), W B s (4 glimpse 7] &b W 45— 38R
A:

W b
h: = MHA ( (W, + Wihere) H - ) . (19)
Wy, + Wier) HE

Hoepr, Wy e R FIW e R 53 5 R B B
s E W BEAE SO AR, Wikere RTW share g
AN BOL A E R S5 B E S T
REMEPATERF B L ER, LERE
TAIRM B B ) — B0 R 28 SURHE, AT
FRI B B BAT B B 8] B I [R) A A B v B ¢
T FH ) S (B S SE R RS 2 HR Y BURR B #0505 3L =
B AR R Bl s, R A i), B AN i # e 2t
[ 45 MHA B )4 N, EE A B B AR Ot B 1
glimpse [ & b . A% glimpse [, JF 2K AM"
A1 Heter-AM™ [R5 77 K, 20 1T 5500 R BEAT 3
ATBY B RO B R 0 AT, TR e ARG ARV, A
AT AR F PR AEAS BRI flor ST o) 1
KL L, AT B BOK FI AR softmax, 20 11 #E
RHEESH R, 7R ESA B0I4ME 5. M
KIBY Bt AN 1E N B 24 B8 A% T 51) ) 8 0 ) A
B, A0 BRAER A 2 3 BOB6 AR ML AR T 2L, HOR H
Gumbel-Softmax'™ 317 ] S ALL, 1 #4643 A 9 1
255 5 REE [nl Ak 2 AR Be 2 4, SEILPIBI B 1) i
B RS,

IR P B e 5k 45 4 5 43 PDSdec 1) 5 I 4 [H]
AH L B B AR RS 3515 21 1 40 . BN IA) 22 ¢ (R AR
BN s, BB BRI s, B R /AT AT &
F, LRI R 345 P(ay|s,), a, € F,. PDSdec H, H %
T R oP ANHEN IR 2R T A1, AR SR ) A 05

TR, 1Nz, =P, 0P € V,. #i ik, PDSdec 1)
Sl ] T AT A B R ) 7 J = S5
Pdml(at]st):ZZtthPp(zt\st)-Pr(at]st,zt),at e F,.

(20)
Ho P,(z,]s,) 8 ¥ R g 12V, b BE 20 A1,
P.(a,|8,, 2,) A CA 2, ]9 2 A B AT SR B 72 F, B (R
HOAT. M P (ay|8s, 20) T H 2z, € VARFRS, F3C
BAAY 2, ERI B — A0, S0 T F T BSRB; TM
AN FEN 2,383 A 3 (18) BB HAT B F SCM T S 2L
AN TF) B 26 AT 53 AT, Pt 1 22 A4S AN 8] 43 A1 1R 4 20
A, Bef Rk B — 3 AT VAT 5 1 2 A S R Im 4T
[A ik, PDSdec 114 55 M 25 (] 7 A8 A 55 B B BB 25 1)
M 7 [H].

fE MF-PDP v, F, 32 21540 (8) BR il A B & 24 Hif
MR R 5 HUEG T R, TV, e AR 2 Y BUE
BT AL R F, C V.. LIRSS R Y R AR b B
HHBM G E L. M2, € V\F NHABEE T S
I, FARAN 3 AAT BN S AL P (¢ sy, 2,) WA T
NHERTS R LR m MR LA S R R a1 s L H
WE). Hz, € FNAREZET RN, Po(-|s,, z) i
) T B 3 5 R B 2 R B . X AR i AN (R 4
Je B bRt JR BB A 7 A 22 e A R R ) R R T, a2
BRI B AR AL A8 T[] — AR AS R B H 1] e o3 A BT 62
SEI ). PDSdec K 4 Ja BRI 5 JR # AT 0 A,
it — 20 JR ER AN AR 5 B i 1) 4 R B AR A OB, M
ARG AR Tk i) .

LT H = (v, 07, ..., v )3 7~ H PDSdec 4E
FSCHIRAT 15 S0 10 73 410, SR T 25 8 1) 1) i S 491 X
HARRS T 5 1) A BONE 26 1T 23

P(x|X) = Py(0}|X) Py (5|25, X)

T
Hpﬂ(vf‘v;: t—17 'Ui): t—17 X)
t=1

Py(v]|vy., v, X). (21)
o, 9IRS B p BT 1] 2 2] S8
33 HEERI%

DRL-SCFO [{iIZid FER 3L T REINFORCE™
(SIS A B Ty 25, AE ARSI RSl L, AR AR 24 1 5
WS R %D M i — 4k e BBk AR, I DAL AR 2
Jil, FH ¥4 5 s 2 H0 T BT 1M A 60U B RS AL
Hl 47 J& T 2 H AL ML B, 7] /£ REINFORCE 3 B
B FEHESE N AT AR Ak, L SRmE AR FE AT R A i =,
TEIE 2 112 2 R B R nORIE SRS S B0 S % R
AP AR R I 1 R, ARSI R
B B 55 AT B BB 28 KA | greedy rollout JE 2k [T



8 # % 5

*OR

THE DL 28 S H0 0 B 8T X T 25 58 OS2 X, SRmg
B EE R T R
LX) B 1)) -8 o P 1)
i, o(m| X) R E m RS20 X s A (R
BKEE), b(X)FR R greedy rollout 7 25 5 & 75 S 451
X FBIR AR AR, F T BRACRR LAl 1EJ7 22, X T
FEAINZRREIR, &SR greedy rollout 7E 2 28 5
B&. 1£ greedy rollout FEZHLHI N, 4 41 WK £ 545
X AR B L T HE L Al i), 2 SR S0 9 2
HI RS . 5448 Actor-Critic J7 %7 5] A Critic &
LBV b, 2328 T T AN SR AR R 4%, AT 7E SE
PRl grid #5 o BAT S A AR M. R S 4 01 i ik
T %K 25 1f) REINFORCE i £ 4l v #E47 5 37 7E19
M UNZ5 epoch 45 W Ja, A 24 2 1 SRBE 7E 1 Ae B2 3%
T B SRR IS, A X R AT HH. X — B 4t
THRL 6 2 8 0 4 HT SRS 5 greedy rollout & 46 71 %
R A ERIYEREZE R AT RO ¢ A 50 R 78 I, 56
UEXT GO — AN 10000 AN SEG B S2 568 UE 4R, 2
FE KR A« = 0.05.

H¥%E1 S FREINFORCE[{DRL-SCFOIIZRH 12

AN NGEX, AR E, BRIRES, #a K/
B, KW SH0, LK S H 0, BEMNKTa

1: WIEAAL R0 0% M 252400, 0B

2: forepoch = 1to E

3: forstep= 1to S

4: fork= 1to B

5: X, + RandomInstance(X ) //BEALFAE
6: WG B2 T,

7: t<+<0

8: while fi# ), AR 52K do

9: v~ Py, 7,1, V14, X,) //Gumbel-Softmax
10: vy ~ Py (vy,,_, v, X;) //Softmax
11: T 4 [Ty, 07)

12: t<—t+1

13: end while

14: 7Bl Pyor(X,) /] HELRHERAT

15: end for

16:  MAARQ)ITHMAHVL

17: 6 + Adam(0,VL)

18: end for

19:  If OneSidedPaired TTest( Py, Pysr) < « then
20: 65T +— 6

21: endif

22: end for
i TATRE

4 SEWEREST
4.1 SEIEHE

FESZIG v FTAT T 0 o 2 E) AR bR 48 7E BT
IE75 I BEMLA R, BDIRA 2R 50 3 AU ([0,1)°, 3%
SRR gt AR R — B0 W A R R e
KX [ [1, f] EARSTRAE, IR BSOS 5100 A, HER
Z)|iE MF-PDP [ [a] @45 b, ASCRH =704 (n, m, f)
I 0] R, I A n R R BB 5 026 TR ) AL
(BP3E Bin /24 BUE BT 55), maB 7 RGP 4R,
FRREERE. J5 85250 0 BITE = Fh A R R (1)
MF-PDP =24 _F#E47, B (20, 3, 3). (50, 4, 4) F1 (100,
5,5), 3 LN, OB KBS ) MF-PDP
i) R ot AN [ B o0 A1 5 )RR (9 4, AT 5
SIAE R 10000 AN IESZ AT 10000 AWK 31 FH T
PEREVEAY.

TEVEAS Y B, A ST Al ik i5 greedy 5 sampling-
1280 PHRHERR W B T IS5 . H, greedy RonTERE
— DR RS I 1 B 2 i K ) B4, sampling-1280 %
TR REAN AR S5 KAE 1280 2% 58 BEBR A%, FE R B
HARAY B0/ N B AR N B 2. D ARAIE SRR T 1)
— i, B 2 T DRL #)J7 V£ 4E sampling-1280 4
BN 3R F A R R FE B S SR S B R A
Setting 51 41) Hi 8- 77 2 06F N7 F0 SR A i 2 15
42 S5ELHBHHER

A5 K DRL-SCFO 5 £ Fi B 28 77 v E 47 Xt Ee
AT, BRI RIE Gk A 7 LL R DU Rl T DRL 1)
J7E. Horh, PIRAL 4807353 518 Gurobit(— Ff 3
T4 3 5 Ft (branch-and-cut) 1) AL AL 3K A 25 ) A
OR-Tools"™ (—Ff JF- ¥ i1 53 2 ISR ARME4R). DU o 3
T DRL [ % 2% 77 ¥ 6 #& AM".. Heter-AM™.,
MVMOoE"™ #1 RRNCOM"Y, #H 56 75 92 ELZE BT 78 BLAR 43
B 25 45 o 4T A 44 3T Gurobi™ A1 OR-Tools™,
SR BN SEA R T 1000 B SR AR AT FR 41, 3
IAE /NI (20, 3, 3) SEf) 14 B g N L, e
Gurobi 7F I PR P SR A5 (1 M 1 S i T 8 11 2 56 B
1E (50, 4, 4) A1 (100, 5, 5) FiBiseH) |, T MF-PDP
R SRR S U AW (8)(9) 5IAN T E
AlIEPEFR 1), Gurobi 1173 3 1% 2 2% (] 2R 2 K, OR-
Tools JU| ¥t LLTE L 5 R 3UME B R 74 36 95 /2 4 30 5 )2
LRI RTAT AR, P38 350 A R AE B B P 3R ] 25 5 i —
MR IFHE MF-PDP JireAT, fE4 3t PDP HoR ff 5K fig
2% FIREA B AL /N S 451]'. MF-PDP ¥ 4 5 44 1)



FxH

& B E e AR R R G P AL R RS 5] IS RS AR AL T ik 9

LY RGE Rt — B InJE 7K — R PR T R IR,
A SCAOS EATE NS L 1R Se 96 45 RBEAT 1 4t
T R VLR T & T3 AR AN R S AR g~ 2 H

bR EUE (Obj.), 5 FTE X7 aE 3k B s A fift 2
6] 1 e Z2 70 (Gap), BT B IR AT AT S 49 At () 4 BE
P[]

#1 DRL-SCFO S5EZERAMEELLE (DRL 5353 greedy 5 sampling-1280 FFHi% &)

(20,3, 3) (50, 4, 4) (100, 5, 5)
Method Setting
Ob;. Gap Time Ob;. Gap Time Oby;. Gap Time
Gurobi MIP solver 7.74 1.70% 413.62s — — — — — —
OR-Tools heuristic solver 7.85 3.15% 784.25s — — — — — —
AM greedy 8.44 10.91% 0.81s 15.39 11.68% 1.72s 24.15 9.92% 3.89s
Heter-AM greedy 8.44 10.91% 1.04s 15.38 11.61% 1.93s 24.38 10.97% 3.94s
MVMoE greedy 8.43 10.78% 1.11s 15.37 11.54% 2.25s 24.07 9.56% 2.65s
RRNCO greedy 8.08 6.17% 1.12s 14.83 7.54% 2.40s 23.79 8.28% 8.84s
DRL-SCFO greedy 7.90 3.81% 1.04s 14.62 6.04% 2.70s 23.36 6.33% 7.24s
AM sampling-1280 7.93 4.20% 126.36s 14.22 3.19% 303.60s 22.33 1.64% 527.21s
Heter-AM sampling-1280 7.92 4.07% 404.57s 14.20 3.05% 318.42s 2222 1.14% 568.43s
MVMoE sampling-1280 7.92 3.94% 463.55s 14.21 3.05% 352.04s 22.28 1.41% 711.17s
RRNCO sampling-1280 7.73 1.58% 478.64s 13.81 0.15% 471.69s 22.05 0.36% 846.51s
DRL-SCFO sampling-1280 7.61 0.00% 483.80s 13.79 0.00% 426.21s 21.97 0.00% 756.27s

W% 1 fiz~, DRL-SCFO 7 # Fh Al 3 B R 1
R R R T & 3L k. 1E (20,3,3) MEBE S I,
DRL-SCFO ] H b ef BUE B IR T7 1 RRNCO BRI
T 2.23%, % AM. Heter-AM Al MVMOoE [ 1k T £
6.3%~6.8%. Pt 3% H1iE X —A (20, 3, 3) L7 ERTE
T JIALE A3 A7 R AR SR 4 SR AT T AT AL A AT
£ (50,4,4) F1 (100,5,5) #L A% SZ 4 |, DRL-SCFO [F]
FERUAS T B AR 1 H A5 o £UE, 38 T RRNCO K H
flont b 7%, Bk g B4R B, DRL-SCFO [ it &
PR TR 5 R A By, T AR = R 72 /N RS
Sl b, 5 WAL 4 1540 e, DRL-SCFO(g) i H Ax
PREE S Gurobi BONHziL, HAL T OR-Tools.

£ sampling-1280 & & ~, irf DRL J5 V£ R
JH A 7] (1) R V- %, DRL-SCFO 7E £ HiAR 1 475 B 15
T AL B bR R BUE, T IR TT % RRNCO. £ 71
FUAHSEB I, DRL-SCFO(s) ) H br R EUE T Gurobi
A1 OR-Tools. i & [n] A A5 3G K, & 75 Z 1AL |
Gap 2 IUIE 5 45 /N a3, 3X 1] B -5 K RIS S 49 o o
ANBEZE T S ECE G N %, 115 A DRL 7552
5 2 A 0L A IS P 52 T A T ik 55

TEAERERS (8] 7510, B PDSdec 51\ T HiR BLuk
H L FE, DRL-SCFO [ 4E 3L i [B] 1% 55 T AM 25 HL
B9 59k, {H 5 RRNCO 4 F [/ — &= 4% . 1£
sampling-1280 ¥ & T~ , DRL-SCFO [t #f£ £ i [&] /£
(50,4,4) F1 (100,5,5) ¥ I H 2= KT RRNCO. Z5 &
K&, DRL-SCFO 7Eff Jii &t i F 3 FH T4+, pr sl
NIIERAM B H A 22 N 3 BN
43 JHELI

N T #E— 252 B DRL-SCFO 1 4 fith 2% A1 fift iy
B R, A</ DSAenc Al PDSdec 437 8
N AM [gRig 2 AfRIS 2% (Bl AMenc 1 AMdec), K
HEAT X N I 9 R S B%. FITA RS Y ) 5 A [R] R
ZHICE T MR, HRHS5%R 1 —E01 greedy
F sampling-1280 #EFE 152 B #EAT VPAL, DURH PR 5256 45
FHAT b, SR MR RS I A T
2,

%2 DSAenc 5 PDSdec BYEFHSEIE

(20,3,3)  (50,4,4)  (100,5,5)
Method Setting

Obj. Gap Obj. Gap Obj. Gap

AMenc+PDSdec  greedy  8.16 7.24% 15.16 9.94% 23.84 8.51%

DSAenc+AMdec greedy 8.00 5.12% 14.77 7.08% 23.72 7.94%

Full model greedy 7.90 3.81% 14.62 6.04% 23.36 6.33%
ling-

AMenc+PDSdec Sari’;g‘(‘)‘g 7.86 3.22% 14.12 2.41% 2220 1.01%
ling-

DSAenc+AMdec sang‘(‘;g 7.64 041% 13.84 038% 22.15 0.82%
ling-

Full model SaT;’S‘Sg 7.61 0.00% 13.79 0.00% 21.97 0.00%

%% 2 frsx, DRL-SCFO 7£ P it fige i 55 &~ (1)
H Ax ok H0ME 35K T % F Bl AR 44, 3% B B 4 th i)
DSAenc Al PDSdec & #4445 1Y vb & 4% 7 R AE H.
BARIN S, £Em b5 45 Rl S48+, K AMenc # #t
DSAenc &, H br bR £ AR 58 ARG N2 1.0%
# 3.5%, & W] DSAenc 7E % E MF-PDP A [ £ 11 2
e 78] 9% R 7 1 B B AR . 6 TR AMdec & #:
PDSdec ARAY, H H b o BUE AR 58 AR Y 22 /b 3G
T2y 0.38%, & B 7EARRG T B, (504K 8= 50 5 Bk 41 3



10 = % 5

& 51 AMdec LA 78 43 B MF-PDP )4 e B &)
Pkik, T PDSdec BT 51 A I B B S b A B T3
SEAR (1) 4 R B AR LRI R 0. LAk, b ST LUK
L, HZE R B3R TR 2 AT — s — 2 AR Rl s 50
Bt R B PR RE AR AN SX Ui BH, BT 58 HH B4 2 B 25 0 fie
a5 (10 [F) AR F R A8 1 — 2D ORI BT 0, AT i
% 7 DRL-SCFO I 57 [ B AR PE RER L. 1X — L S8
T AN BB A A B AE % 0 Th B8 Ho4h. DSAenc )
inter 73 3 201 L2405 J5 8045 AR 2 2045 7 5 1
JE A5 5., PDSdec HIFLKIBY B AE 42 JR i 46V, |
LRI AR, @A (18) ¥ HAR N IEA AT
TR, AT RS A R R P A A D SR R SR 1 5
S55. UL ERIE LN AMenc I, 5 SR AR R
PR R DX o, BRI B TE v A P 2 U 2 ) 42 )R
FLET. M fho 28181k A AMdec I, DSAenc 2 fith i) X1
PRI B = A 2 )= B o SRV JEE . BRIk, 7 AN
Pl AT — ¥ 22 B 55 1 — B R, 58 BB
PERESETH 35 KT 2% s — AR S Al T SR 1R 24k
4.4 BRI

N ARG FAE DRL-SCFO W2 AL BEH1, AT £
ANE FE AT SO B0 IE, L 5 U 43 A 5 ) R AR
1z A 4% 40 PDP B 137 5 iz Ak, DA IH] ) B
L2 F AT AN A, BRI, & 77
il FAE 2 S BE AL 20 A b )1 50 58 B AR R A 2, A 3k
17 B I ZRE . AT 5, BT R FH BB 7 A
B 4 IR0 A0, A mRE A = (0.5,0.5),
FRAEZE N o = 0.15, FF#ErF 15 5 X 45K [0, 1)° 1 ;
JT SR FH B ) RBLERARE g (50, 4, 4) AT (100, 5, 5) 3% 4 Fil
BRI ) A, A& — (20, 0, 1) FELIE . A
N (RSB 45 D R TR 3 b FESR R, (20, 0,
1) MR E XL T —FOAAELE sk BT A 1 AT
&) — 1% 2 I RE %k MF-PDP, SZBr b S T 145 42 1)
PDP. [A| i, X — 524 Al i — 2P vPfli DRL-SCFO 7E4%
4% PDP Y 5¢ N HIZALRE /). 03 3 iR, DRL-SCFO
1E greedy £ sampling-1280 P Fit fif i 35 1 1~ 35 HW A3
TEAKK H bRk BUE. 7E (50, 4, 4) F1 (100, 5, 5) P
T B8 RRAR S 9] |, R 7E $ids 43 A i A2 AR 4 HL T
JEHAR I K 15 5, DRL-SCFO [ H #5 bR BUE 52
RRNCO 7E greedy W& MK 1 1.3% H17.8%.

IEAR, 7E (20, 0, 1) FUR ] R 1) S e 25 SRR B,
DRL-SCFO 1 [f] 4% 4t PDP 3 5 3T #% I 4% B % B 45
BT SR AR SOR . (A3 E E 2, RRNCO 1R iZiB 1L
Vs R Re R TR, F B AR RS T Al
1%, X B RRNCO (132 FEAE g 85 AL 1) % 22 4% 2 4

~ K5 N
* R FxH
=3 BAEREEBEAEMES S EIESE AT EEE

50,4, 4 100, 5, 5 20,0, 1

Method Setting ( ) ( ) ( )
Obj.  Gap Ob;. Gap Obj. Gap
AM oreedy 877 12.29% 1471 14.03% 3.02 13.96%
Heter-AM  greedy 8.67 11.01% 13.81 7.67% 329 24.15%
MVMoE  greedy 873 11.78% 14.59 10.54% 321 21.13%
RRNCO  greedy 8.53 9.22% 1470 13.95% 529 99.62%
DRL-SCFO  greedy 842 7.81% 13.56 5.12% 2.86 7.92%
AM Sa‘g‘gg' 807 333% 1378 6.82% 272 2.64%
Heter-AM SaTg;‘é‘g' 813 4.10% 13.59 3.49% 282 6.42%
MVMoE sa?;é‘gg' 799 230% 13.57 5.19% 2.81 6.04%
RRNCO sar;‘;é‘(;‘g' 791 128% 1370 620% 4.84 82.64%
DRL-SCFO(s) SaTgé’gg' 7.81 0.00% 1290 0.00% 2.65 0.00%

FISGE A A7 AE B BmAR A, TE O BR 1T 25 B K B X DL 2
Ak, M2 F, DRL-SCFO 7EiZ 375 P RE: 74
UFIRSR AR &, REL T SRR MBS i B M. SR
PL_E &5 A PUA H, DRL-SCFO 78 AN [A] 0] f 13 & T
HEAT BT (72 A R B, X 8 43 JL A 1] ) 52 bR MF-
PDP [ A% 4t PDP 3 5cit, AG B2 /D ko 455 4 B 307 1)1 25
(RS, R B T A RLAE R [R5 R I T 3 8 o A ]
FH 1.

R S BT A O S AT IR T R 1z AL
& 1. ik — 3 ¥F4l DRL-SCFO 7E 43 4 4 H 52 % 1
JE 0N b I05E FIE, AR SCR A Wang 25 AP ATF %
A0SR = 4 288 B AU (% 18N EEEE
e 69 N HLBAAT B AE R 25 18] 73 A R R, MR AE A
it 5 926 AU — B MF-PDP AR S2 45 (4 0 A
10000 AN), (T AP ZS [ oA ok B J i . & 1%
P18 FHAE 38 20 BE LS 1 I S5 (AN L B

W12 4 fi 7%, DRL-SCFO 1E = Fl i %E | 2y By 15
T RARK H AR R B, 5 st 45— 80 1
(100, 5, 5) KHHE 524 |, DRL-SCFO 1348 T kAR 77
% RRNCO, Gap N 1.03%, & B J5 ¥ 76 K MR B 51
WA R R T4 /1. eAh, MVMOE £ /N i %
(20, 3, 3) FiBALH 5, Gap ik 46.97%, 1B 1 kAR
R AR 8.25%, Ui B HR & K R a5 MIE T S AU

F=4 ETLFHRHBIESTH T DRL 5EMEEEER

(20, 3, 3) (50,4, 4) (100, 5, 5)
Method
Obj. Gap Obj. Gap Ob;. Gap

AM 4.81 8.22% 8.46  6.09% 13.06 2.92%
Heter-AM 4.81 8.22% 8.41 5.44% 1322 4.23%
MVMOoE 6.53  46.97% 8.63 8.25% 13.73  8.25%
RRNCO 4.53 2.11% 8.10 1.03% 1282 1.03%
DRL-SCFO 444  0.00% 7.98  0.00% 12.69  0.00%




FxH

B % @9 SREEREN R IE RN S HRIE ER AR T & 11

/b I} HE LA FE 23 300% . Heter-AM 5 AM % B #2231,
Gap BITE 4% 2| 8% . [A], F W 5413 = S pLITE 2
ATHMA S EoR A RAAME 25

5 & #

NN A St G AT 1) 22 1 2 UK B ) 4
DA B AR T BTy R Bk R, AR SCA H T MF-
PDP ixX — i) #7220k S, B — 28 B 7 X 3 ]
T I 3% B2 0 0 45 #4108 28 PDP A8 A& 7 LS il |
Wt 7 — P IR B Ak 2 S I R i B 2 B AR AL
75 ¥% DRL-SCFO. 1% J7 1538 sk U0 38 2 18] 33 7 71 G
2% (DSAenc), 73 1) Z | [ 7% )2 N 1) %2 AL B R R
5 R R R RS s B 454, RIS, 5IN “TETE ALK
SERRAT” XU B AR &% (PDSdec), 14 R Mk 5 &
AT Z 8] ST R AL, AT R 2% iR MF-PDP
H EH AR J2 T 3 2 R PR A SR I DR SR Bk R SR &5
& B, DRL-SCFO fEA [F] MF-PDP L4 | #H % T
Z P F SRR 7 VRIS T AR SR R P R, I
FE AN [5) H0Hs 23 A F ) AR (R0 45 3B 40 1% 4t PDP
MG TE) N ORKE T Fo e R AR 0T &, B0 H AL (32
(i

RRI TAERG NN JE T — D4R R AR STV
TEJT R YETT1H, #33#— 2 563% DSAenc Hl PDSdec
(1 45 R R T, A FE R AS AR 5 ) R 285 4 AR 12 1) 1
B BE PR R I SRR %, AT # DRL-SCFO
(38 Y B 2 24 451 PDP J3 2 5 — i 1) VRP
vl R i) 00 A A T, 24 AR AR A A A B A TG R
5 H AT R EAT, ML bR st b R ER
PR B AR AE A ST AL X6 T AR A RLE,
AT TE ARG B BAES 500 A 2 B RS IR e 3l A i
SCRAT S HIHEAD S5, 2 AN AR XU B SR 1
FLABERE, DSAenc FITEEBL 1 23 (B #0410 K RIRAZ 25
A IR, T ERR SR ], nR R AN
SRR, BILE TS AR 2 B AR AR I S I L R
(1) TG 25 4% 5 12 4T FES, [R5 55 SURFAE oI N B
B AR A AF SR LAY 530 2 i 25 Xt 3 25 JB AT AR 11 J%
HReS). LY A AR ILA i i AR AL
LW IR T, 33— PR AR LR SE bR 2 2
&g s i
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