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WE BN SRR R IR OEE 77 5. 2K, SR AF T RGBT Rk,
F GRS T ik, BRAF T R R ISR BHNRN ARG, &5A A BEHIL K
BRARIAGZ AR RAE TR E NERAEFEWAIHE L TR T LRRIE, ZREAKR
X W ETREBRMNE S o REB WA E 7% ki B2 F 7208 KRN AR o
P R TE R, KA B ER 1 T vk R LUK AR Y [ LA AL B o 40 BOR MR, MR T A& 7 i BUR & 1 6t
%
XHEIE ALK, BREEE, Aottt BuF T, miRES

1 51§

B LG ok i PR R AN T 37 38 4 (0 H 2 32, RBLRE ) 38 D) AU 200k, [
fRA P A, DRI PR 58 O TA AR 5%, LR RC /2 KL I A A S B 3RS, X KL 2 i
FEREAT R BEANRAG R P AL R B 2T 1], H AT, WL ROk AR 7 4 131 (1 37 A FEE e 5 2 A

SIAME: B ek, Dikae, IR, 5. BT UREERIL S SIAMEIIT R I LR IKEh AL = 2l B 7 2. T ERFE: (5 BFRHE, 2024,
54: 1441-1457, doi: 10.1360/SSI-2023-0197
Zhong J C, Ma H Y, Long M S, et al. Scheduling approach for aircraft assembly pulsation production lines with
deep reinforcement learning and knowledge transfer (in Chinese). Sci Sin Inform, 2024, 54: 1441-1457, doi: 10.1360/
SSI-2023-0197

© 2024 (PERZE) it www.scichina.com infocn.scichina.com



P G BT IR BE DR AL S AN R AL ) BB C ik sl 2B 7 2 2 7 1%

PI7 A L RN A IR MBS 7). DAL, a0 e] ey 8o o KL EC ik 3 A P2 B b AT & BRI TP R B2, SCBLfE
ARHG R, AR e A A E T B AR A ). TROALRE T T B A L SR ) R o A e T T
J7 (RS AR I TR) RN BT £E R R O B Y (fixture), B ERATRIK SN A 7= AL R AL TR . BRI kL L
FEERR B I RTHE T, L IRRE MAE P25 (takt time) 58 A= TR, FERKSNAE P22 b, T3 [ % 1,
FEAR IR 14K (resource load) F& AL FE ) 2 EALAL H x.

N T RO VA E ) R, AR SR RO T Ik 50 A 77 2 1 U B2 37 s % XA ARy — A B0
X (integer linear programming, ILP) #E84. ZHAM H —H L & AR RO AL 4L . A= 140 . 2E T
VR 7 8] S5 U S I 75 oK, PARRAR A D SR8 H bR, W] DUSE FH BT A B ORI SR g 2 3 1 (B an
Gurobi?), CPLEX? Hl OR-Tools® %) FEATHLAL K AR, $R 23 & & ILY R I B 77 sl s AR ) 1 B2 7
AR R AR AU R 2 22 HL I NP- S 1) ) AEE PR T VR IA. AL Ty C40A
BT RR, AR R AR L2 5. BEE S CWYLEE RN, 22 B30 K, Fha i 5
RN T7 12 AR ME ™ A AT AT I T 5.

A T — PR TR AL ST R ANRIERE (knowledge transfer) [ B 77 VK Ag H K ATLZEAC
VAR e . AT AR ST BT R R U, s o) R PIRI S — & nT DLl i 7 DL 2 0 3
Birh AT IR AR, B B2 2] VA9 0] @ ) S5 R RE R, D0 T R AN B R R YA B ] ) 4
JRARA H AR T AR BT R e R A BRI T, AR TR R T LU R R R A R 5 8 R i
R, s ) 738 mT DL 4 sy B AR AT AR Ak, smfb 2 105k 00 i @ E R 2 A A n) /B E gk
UE B R, Wi AT R i) #1561, g R AR (78] S5 (B R FH S A 2 ST R R AL I A R ) AT SR T I
A R

H—ANHERE LSRR ) A2 7 2 1) 5 1 B ) A DL BB RO T R AT R B (Markov
decision process, MDP). A< SCA1 M 4 Hoks LS BC Bk s A2 7= 2k 1 18 B in) LA N AN A1 55 —
Fe AR S A LA BN S5 d R AE TN N R BN, AT S QR BARTT 2. (R A
b, ARSCHRE PP X E 5L 2 ST HESE (bi-level reinforcement learning framework), P/ H 5 GEAA 7 1
WME, 733 58 O A TAE 55

BB AN AL A ST Z SRR FE YR ORAIE. 75 RS B SR A I TR B ) RS NP- MERY, JoiE ORE
SRS ST R BE T R . A SCHR A — R B B T A 1) 5 1k AR AR — ME R R e FH R
FEE SR AN 2 2] 0 FE i) @RUBEAT TSR M, AR I8 A BE T 585 PRI W00 T S b B AR AT IS,
BYRRRI, A P B HOR R SR s ik — DAk, X — 7 REERT DU T SR fige o &, tHREAE i v 46 77 = b
AFFE LR GFAT B T 22 5, W R a7 S0 R T LRk, B30, AR 45 & KL RS K
AP L S T DR AR E GRS B B R WL LA, B 5 >
(I ZRME RS, 7 f B AT B MR R b, PRt — 0 25 18 TP R sh S B AR g05. S huE I
FRIE RS BOR A W21, Refs W & e m SR AR AR

ZR bR, A EE TR T

o ASCUABRAR A J3 S 8 Al H bR, 1 0] 35 ROV LAE EL K 2 A2 7 2 ) 1 B2 75 SR S 1 B Ao R
TR 30 v e i e SR i e L T 22 BT O AR B AT A0 A, B LSRR SR e BNy R LAk ) A
A4 Dy B A A7 B BT AN T A R A TR, SR X N RO A S ST AR B, P N R LR
TR SR R AR 3 0 TIU N 77 S RAE T () N 77 5 38T 1EAT T R B, T LA R A i v o )

1) Gurobi Optimizer. https://www.gurobi.com.
2) CPLEX Optimizer. https://www.ibm.com/analytics/cplex-optimizer.
3) Google OR-Tools. https://github.com/google/or-tools.
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o NGRS S T IR Z SRIGE R E O E R, A SCIR I T — R B BRI RS SRR T3 7%, W]
PIORs aAL 27 ST R AN R0 VT RS 2 RAUBK S 2L 7 2 22 AR R B T FERR IS b | of B 5ot e R i 47 B
B, A A G AR BAT R AL A, RRIER 778 70 R s AL 22 21 7 S b BRSR Mg SR, A
SCER R T3 SN 1 X AR B SRR, KIESR T T I8 SRR,

o ASCIIL T — AN TR EE SR AL 5 S) RN VAT AL ) KL 0 8 P58 [ R SR A7 58, JFAE KL
KB R e EEAT SRR, G5 RAER] AR T VAR T R B A I
ZRUR AR A AL E ik sl A 7= R L3 53¢, A Rt A2 R 2 R AR A I HN 0 S e bm pI b 1 P 7
F. ARSI I I AMESR AR &, AT X R R 2R Sk AT LIRS R 7% A D PR

2 TYHERECHKEhAE PR B) R

RHLRE LA WAL AL S B AT R A A Y, 2 kLG T2 i EED IR KR kL
RRAELRAA THFEZ . AP ERER TR AR RS . LT R 5 ) R A
DRER SO AR 55 RERE 12 IR AR T R S R T3, DAL BRURA I 2, BRAR Ayt P2l A, 48 3
SEBRAL T IR S B AR [

2.1 KHRECAKENE 4k

BkanFAE A G A =5, AR L PO B & K K A= 77 R O B A 7 o R A P e i A%
G KB C A P 2 SR A e vh () LR T, T NAE [5E 3 T it AT #E AR AR, 8RR “ NBIHLAE].
BRSNS, S AL T AT (L MR, 2 e 1 G LR Mk — R
5 I ] J A E AN [F) AL R B 2 TR, W R — PR IR IR K i =X 31 AL A &, AR g 18T
A 7 2 DL s O B % 5 USSR AT 25, Rk J I — 3 G L IF A e,
ZERMLTERCH ), XA 8 B BK SN A RR AR PR AR 77 5 0. kel e P Eia e i) oG s, 72 T 4ERrAa e 1A
PR, RIS E AL, JEERER RN AR R0 R I A )BT 55 I 8 S L, B RE AR N 5E R
APt Rl RS A R AR AE R AT A, AR A R B AN TR TN g, A T R R
T ATA = B bR 2 [ AR, W=k (1) Fros:
THRI T
B ) W
B, w2 ER 300 K, BEH 12 /N, 29RHLIT$ Y 30 220, A IAREE S (1) tHEAR
B A 10 K77 LML, BIRTH R AE TR, BRI AT 10 R, HEit 120 AN
HFEHAMBZEREFER] (working horizon). KHLEERECH, BUALEREARRIN T3z, KHL&
AR B BB BOAT 55 #0 7 AT N AR 4 b 5e k. RLE— BB BRSNS S fE R b 58 il
BTy, Z G ENT AR, SR B R ST AR T — M B e, 228 1 58 RV B A 2
—ANHEN R B B IR, R SRR, N T RSN AE PR R 1 SR A R I R e, St IR R
—IRABE E SRR, TR R AAE ) RN — A LR R B AR, A SR TRALIY
Xof R B 6 I L 4. i TR R AR R — B RS A, N T SR R RALIRT SRS, I
SRR AT L BB R SR . R A A B4R — N W LER B S bR ] DAZEXT B R 4 | (5 B
W], SRR AR e, RS R Hy 2 AT T s, st (2) Bor, Hod #()
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Fixture

Aiircraft moving

j Output \%0 E
& W E> per takt timg '
;r i
— j ]
~— !
! ’ L . L M Ly Time | . )
0 1T 2T 3T AT 5T 6T 1T 1 Working horizon
B 1 (MERFEE) N AR S P2 i B3R AN

Figure 1 (Color online) Fixtures and takt-time model in aircraft assembly line

RN fRCERH .
Hy =T x 7(f). (2)

B 1 U T RS A P A A PR 2 TB R R KL BAE Y2 a, b, ¢ RIFPRES. X
2RI S, BENEP A A CHLERBL AR . U2 0 T ay, a0 PIERSE, IA Y H, 9
27, A, 2N ¢ (2R He 9 3T. AR LA 55 #0EAE T ML) 267 P ST 9 52 i, o DR
AN RHLHR B B AR P 1 10 58 GRS, AT PRALE CHLRE AR b S e 42 R A = A am kAT

2.2 KHRECEEEHARIRE

AN VEGH )R LR IC K B A 7™ S 1 e 8 B I R FR) 8 AN 20 RS, AR S L FH 37 5t 4
HH T4 11 B B3O R e A

AR E, WYL K S) A & mT L GO 24 7 KB RSN s A [ e 8, & — 21 B
T — L, B2 T B RO R SRR TR, T B i A B s B I T 22 1)
e G PR R, T BI& 2 Z M2 P2 A B 2R 2y o A kB B e A = 28 Bk 7R Z % R T
N EAE (AR R B8 2 Ja] i) B 7] PR A

Jik B AR = Bt i ORI AR E B A 7= AN A 7 ISR OR e 2B P s Sl R AT, AR T SRR A
HEFEE . 22 g 1) R B T A H ARAE KB AR 7 G 3 S P il RO IR T 20 0R. R AR H AR
FEAE LT BHEAF LR A AT T RRAR S 03, DLABIFAR TNFE SR, FEH SRR, S L
RS HI. NI E a4 AR SCHUA A L) SRR AT S L

o I LT FES, HPHATF jcl;

o F: MUZRAES Hrp AL f e T,

o K: LML, HfmATH kK,

o M: PRk A&, Hrh BRI A m € M;

o Jp: 1RV m TS THFES, K I, C J;

o A: THRIFEHL CHLEE S, Hd a € A;

o Hyp: BIZL f A o IR )
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o Cpy: VEMVHE £ o P 2210 2 () PR 1

° tg-a): KL o BIZERCATESS 5 B0 TAEFERT;

o nl8): ML o MRS j B TR & 9T AN

o niex: [EII AR TM kK T AN

. sga): KL @ BOBERCATSS 5 RO an I ]

o s\ KWL a FERAT £ 1 AE S5 (R AH N [];

o P Kbl o MRS § AT B 5 05,

e Loc(j, f): FEMATSS j(@) FERIBE £ S8R 1, BWK o;

o NextTakt(a): B0 CHL o J5 F—F54A B HL.

AL BERR. AT HFR R BRARN 7 5038 AR BN R A AT AR AR, x4k H bR mr 2
AR E M FIS AR B &S NI RN RIS, A% 0 A = e i 2 o it e L1 TSR A H Al
RN HE BSOS S Y B 5 40 R R I R AR SORE R Bl Az 7 e el B il R 0L R 8

min Z np (3)
kekK
st sl <l VaeAVj €l jeP?,  (4)
S;a’) Yy sgfl), Vf € F,a’ = NextTakt(a), (5)
s+l < s 4y, v € {5 Loc(j, 1)}, (6)
DY <SEOI < s+ 17) 3o 0@ <O Ym e MG €T, (7)
@’ ex,, keK
ST < s < s+ 1l9) 0l < e Vk €K, j@ e, (8)
j@’ ey

Horp) 29 AR (4)~(8) & LT,

o i (4) FRIGINAR: FAME S F EAE K AT BEAESF45 5 A4 REIT U6 HAT. Se P ikign $h 4
AR A L e R S A L0 TR AR SIS P v, I 8 PR P A B RS, 491 A0 AR ST Y s KL A
FB, LA/ NI g — A B T

o 3 (5) RARMIAINLAA: (ERkSh L Lerh, X F—RMA, & Mkshn T #ERE <
PR KL TR, LA CHL o IOBEIE AR L ARAE £ (ARaRms i) 50" AL — N 2
AL TR T J5, XS RLE) T —22 KL o = NextTakt(a) FIAHGHIB 2 BAERISRAYLE ¢ PIAEAR AR IKS)
AL T R ] 18] B ] 72 D9 — AN R B TR) 7. — DM RE RTINS AR B — 2 KL, M2
DU ZE RN B M, AHSE WL e & B TSR AR, KL S R AR R OT Y, R EORS
KB B BB 18] B —ANEE 540 T AR SR IR e, il Re e B ARl M R AS 1740 7. kLA
TR I B AL Y R A ) R IR 5 R B2 e HEANE IO R 20T

o X (6) FARRZE AR, AR INARMA TS T RUZEAT SE PR I BE 2% 1 R il
—ANRZEEIN H A R RHL, Oy 7 ORAE RBLE AR R B B R A RAF 2L R T AT R BN
ENEHRAE, EORERAL NI RS L A5 B I E) A — N BR, RO 4 Y |y, ol SOy g i
X (2) Pow, BB Hy A ARt BASE F MBS H #(f) BE.

o 20 (7) AR TAF A 1] IR : TAAE CHLARBL EREAT T ARBCAR LI, 32 323 [l A0 22 4R, £E
[l — AL X 5 P [R] A B E L N R O, 1) 225 B, 4N B 25 R AL IR 32 [e]
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1, 753 [l o. H@;a) < s§?))ﬂ(s§?> < s§“) +t§a>) FIWT T 55 5 e LAER ) FAFERC SR, fEENR
[l 1, J)ez iz 0.

o I (8) s2 i KIAIIS TAE N8 LA W ninax RIRME k ) T ANH 52 RN TAE AL, 2k
A B BRIV GE y. NER 5 30 (7) P it 2 Tl B R AL, H2 55 2 X0 R 2, 78 S B ) Eicdis
W TAEZS [ m 5RBREE5E, ARIZER ALK KL o A1 o TEANFEIZEE AT 3500, 78 T/E 2SR L HA
T, M TCANFFEHTA TRF2RILE, £ (8) A j Al 57 Mzt Bl 2 = i AR .

R RO R TR AR B S RIS AR 7 2615 B, R AR ST VA RN SIS (1 HE R, 7R SE s ]
REAAAE ARSI 0PRG54 (kR ) e B8, ] DB ZS by 4 & ik i) d i rhr, AR
AFHEII R,

FRMEXMERR. 18K RGO K Bl AE 77 e 1A FE I @3t A B O R 1n) R, mT DA B R R R
RISKR A48 B Gurobi, CPLEX #1 OR-Tools #FATR M. (H & BEEHNR ) 2 NP- XMER, KRR
B a2 WL fldn, BARME A SRR S 1 22 /L, 2 ANEZE) Rt 400 ANEERCAE
25 PR FEE 0] RS, W] ALERS B N 5k, (R BRI 2R T VR I T B R B 4 R Ry SR AR B A FR AR
O, — 4L KPR TP s s a1, B Jeit VLA S e, T e USa 2s R hn. oK
A B J B A = R B I T, 3 R R T AR KL B R TR L AR B S LR I AR B A 2R 1 T
SO EEEAE T, AR LR A BT, A SRR B — AN AT R R TR LR E R L
JA. Sk, BT N TTARN I & AL IR I A2 50, SRAAAH S FE 0] R 75 4 5 g A ) 2P R i
P BRI L R T ik 30 A 77 e (1) T 18 FE AT A6t - 1 B 3 B 42 B gk AT N TR L

2.3 REBUEF SRR CHRECRE )

AR SR A R P SR AN 2 ST KAL) R B SR 30y 14 i3 R RO, % e o R A R 8 SR P Fee P i
. AL A 3] — Pl I S PR A B S WAl AT R A SR v . A A 5] R A4 I W SRR B
i — R AR, PSR H &, i KA RE R MRS 3RAG 1 22 . sk SR g4 &tk
I N RES BT X6 4 R H bR, H S HLTE (0] BUGUE A S h AT ER R, 2 > i) 4 2 2 (8] TRy 7 (1 B A
FEER, T ARSI L 50K R i e SR AN 4 R B AR o8 R A2 AR AR, SRS ST i — KAR# & mT b
H SR 2R I8 A 2 8], AR S SRS 24 SRR TR B il — M bsic 5. SR, Ko fb s
>N FH 3R LAE Ok B A= 77 28 1A R FEE ) R TR 3 APk

Peik 1: STRARECRKENE AR AR BT MDP 8. sRfbep S RIS Ak R A 3
Ferp, #5 MDP #)% W7 R K FT A SO AHESE (classic greedy framework) (561 544,22 3] B REAA S
Ak AR (priority) 5 TS, HOUOHELLRA AT 55 MRS LE T B 2(a) JB7R T &ML 0T O AESE
(SRR, 28 30 D00 7 VAT 53 T AR AR, R v RESR AT 45 L aa I 1), 7R & KEAT 55 R TAE,
SEE R, HA R B ARARTE. A SO R SR A 22 STHESE (bi-level reinforcement
learning framework), 41/ 2(b) Fr~. XUE 5RAS: >JHE BLKs ik 3l A 7= 2 1 5 A0 A 10 /LR 2 s Tt N 7
BB E A TP BE A TAE 55 IR TN BEAR 7, (resource agent) ZG TN 77 i 4k, 78 T
N 5 R BRI P A 7 1 B BEAR 7, (scheduling agent) A il 5 8 AR FE 7 .

ik 2: VAR RIBURZSASESNASEAE. B AERLE 171 B i R b 2 MR %A I 220 F) S vk 30 2 s o
ST S TR SE R, PRIk 75 S AR v ] of 38 P88 i) 0 ) sR A R 3R AT B A A0 A 11 ) R, iy
A SR AR EE ) R TR (A5 B TR A R AT R E 1) 5, NG 4 I 2 A OB FE SR, A AR AR
TR A 0 B I )R A SO R AMT S TP MAEST 2, T A Z IR R AT 1Al B4R
FE ) JR B — AN N G LSS RN A0S S B I () A SR A P T AR, O T SR A R S )
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(a) Classic greedy framework (b)  Bi-level RL framework
Schedule
a t

T 83 . e X Predictedcaps

D Place upfront Place under caps
Resource > — /\
o gy 070102 WA

. . e . : Resource Resource

| e - | oo OO SEEBD ;| s o

Tasks topology Working horizon PO Waiting list Working horizon

2 (MEIRFE) WEBRLFEIJERSZATDVERNELR. £R2FEXFRRGIN, 2AETMERSEETHE
FSREFIRLUBE R THAZE R, SHERABAE; WERBLFEIFEELARNOERZIMSIANTUNB FIRLR, (%
BRI FREARERNEER R

Figure 2 (Color online) Comparison between (a) classic greedy framework and (b) bi-level reinforcement learning
framework. In the absence of explicit resource constraints, the classical greedy framework tends to start tasks as early
as possible to meet project deadlines, resulting in an imbalance in resource loads. The bi-level reinforcement learning
approach introduces predicted resource constraints beyond the classical greedy framework, enabling the generation of
scheduling solutions with optimized resource loads

B, ARG NEER SIM Y (graph attention networks, GATs) ) #EAT R B 1n) @ 0 R on 2] B R
W2 e — 2R L T AL FR P SRR B i BT AP 2 2%, RT DARE 2 AN 18] R /INI) R N, D B AT
F TG R P A NS I PR ARFALE [ . R T A A ) A PR 22 X 2% 16100 By R g I 44
B 705 ROFR B, ST\ T VER AL E RN 2] TR Z A SC &R, (8 TR A R L 2 [ A
KAk

Pibk 3: SRUULFESIKBEBMRRIE. TR I I R BTN 52 B BT 2+
AR, AR 22 R R LRI R BE 1 AR 5T /2 NP- M ) J, (5] IASEA50 52 31 B Sz A PRI BR 1), FEA 7
ATHINZ AN 00 R — B R P52 2] 752 (1 B B i — 15 1) R T 2 ORI A 25 =0 it PR 8 7 22
Ji. AR — M RN A 7 VR DA I — MR S A VAR B 9 A o SO0 B2 i AT TR A, i
H ) 7 5 PR e ) SR e I R R IR AT IS, A BT f R BN R SR AR AT IR &
A X —T5 SR iR A A 20 2 B B T AN IR IT F8 B REBOR R BT RGN o, [R5 & 1 9l 2 ) PR HE
R H, SR BTR S AR BRI W] LLSRTE SR AR BT, RS SO i Ak 27 21 7 S h AN & L AR AR
T2, w bR E S 7 SR R T A REAE, B GSBIEGRIE. 540, 2 Bl L A
BNA5 AR, AT DURE O T SR B AR RS BT O BT Ry i o, B RIR AR O
VR BETT 58 B EAT 00U, LA 3 I 37 A 1) v 280 R e

3 ETRERAFEIMMIBAVEERIBKES

3.1 EEMEET(ERE

Bl 3 JRas 1A SR A 3 TR ol o SRR T A% B R B 7 VR I S B AR AR R BE T iR R
SRS TR R S DRI IE R T ZEER A R B BRI
RKR LA S, smil s 518 B MRS A T3 A0 TAS B AR $h < R AF H R B2 ok 5, A G E
Ji g WEETT VMG SR AN, BRI Al A S B REAR 4 Y RO T 5, R AR T A2 T BRI
AN 47 S8 B RO R P I 20 A2, VAl B Hh 2 8 P SR xS PR A FARAEL. S fb = 29 3l
PRAIHE T 20 AR AR 2 5 AN BT AL B AR, 9B REIR SR BHE 5

AR ) 5 BE R LTI 7y 9 AN B AR5 — B B b s Ak A 51 ELRR S H A AR KR BE T 5
S B Bk s A T BE R IE RS 2R B0 I BY R, AT ORISR A 75 5 AL 2 > R R
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Job variation

Job details (=93 f Bi-level RL agent \ [/ Knowledge transfer
I 1

- X p !

» : 4 Resource agent : :
Topological | . 1! New
= Scheduling =Y ILP solver ;
d d hedul

ependency : evaluator (Env.) ¢ @ : : e
= ! L
! -

Py Scheduling agent

Cost model

\ /
~ s,

___________________________________________

3 (MERFE) AXHFRMTETIER: BAKBEILERR S AWNERLE SIRBAIIRTHEHRNME
Figure 3 (Color online) The complete workflow of this approach in the paper can be divided into two main stages: bi-level
reinforcement learning and knowledge transfer

B 275 S HEATIROR . 2R A SRR S T 5 BRI FE AR, 7T LB R AT S8 B I B AR,
AT AE K O R BETT S R E RS B R EOR R BT B b, T BB RISR AR 2 0R A 5 &,
PRI RATAE BT 3 5 (R B T R

3.2 WEBUFIJER

N T BESLRARIK SN L7 B B2 i R MDP, ASCHR T — RO E Ak 2 STHESE, Inl&l 2 o, K
FR BN 277 2 U8 T R S N 05 At 60 T33O0 A 1 2 A AR T 0 R ) 0 AL BT S e v
ST 2% P B E H]_EBR (resource cap), TP R AE AR AE AR N A BE IR IR )T A BB A 1 2
Jr. ARG LTSI B, VR R 0 g S ) R BER I BOR AT

FIRTUN B RELE. BHETIE RER o, ARAE S B 42 JR) IS S, ELRRTIN H =24 i e e
PREENS m, T AR AR G A LI AR S B A A RT ASRARE (0 E R LA S, AR A
TG BRI R R G, DB VER & AN AN R AR B2 N ) 5 e 8 (e o A . FLAdcth, 9308
TR B A AR AR R E o) N G, R s (Gauss) AP RIIIAME . (RMeX|G) € RIKI ZERERIA J)
PRI SRACRE — B A S B S P S E R T A N (o (R G), 1) ERFEIRAT. AER3E
S5 DUPRE FREIN S (9 N 3 SR AR A 9 BRI 20 3R, o 3 A B R e AR A i T AT B TR BE T 5. BRI & g
AR 22 il o KR BT A U P T ) A R DR R — 30, 2 i S P U8 B 7 5 i i A N B i A e B
— o . IR R RE AR TCVAAE AT ) DU IR A R A 2R R, SRS S
HAANIMA — NS ORGS0 SRS T e A 0 e B DSk A — 2B ant, 2 #0 MDP, 58815
G AR S 1) N, o R T N 93, B AN ER B0 T P N g B A v B

THiREERER. TR AER =, fE25 € I BEIRIRE T, 4877 50 A SRR 1 P9 52 iR B AR, &
JSH A2 TS RN T AT IR L D5 56 R LI PR IR A Bk 17 L R 1A 2 Ak, A 45k BRI TN S e 1A 2
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Figure 4 (Color online) Bi-level reinforcement learning framework. The framework takes as input a directed acyclic graph
representing aircraft assembly tasks. A graph attention network maps each task to its corresponding feature embedding and
generates a global feature. These problem feature embeddings are shared between the resource agent and the scheduling
agent. The resource agent utilizes the problem feature embeddings to predict resource constraints. Subsequently, the
scheduling agent combines the problem feature embeddings and the predicted resource constraints to iteratively generate
scheduling plans
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Figure 5 (Color online) Results of worker resource loads on simulated data and historical data from aircraft assembly

lines. (a) and (b) present evaluation results for different problem scales; (c) and (d) display evaluation results for real case

E under different production demands. (a) and (c) compare final solutions of the two-stage solving process, while (b) and
(d) compare initial solutions in the first stage
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Figure 6 (Color online) Sensitive analysis. (a) Impact of supervised warm-start and directed exploration on the overall

reinforcement learning optimization process; (b) sampling efficiency of reinforcement learning solutions; (c) influence of
different transfer coefficients A on the two-stage transfer effects
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Abstract Aircraft assembly is a critical process in aircraft manufacturing. Scheduling the assembly pulsation
production lines of aircraft assembly in a rational manner for cost reduction and efficiency improvement is an
important scientific problem in the intelligent manufacturing field. However, the scenario of aircraft assembly
lines is complex, with each assembly involving tens of thousands of operations, which poses new challenges for
formally modeling and efficiently solving the aircraft assembly scheduling problem. Thereby, current industry
practices heavily rely on manual scheduling through the expertise of human professionals. This paper aims to
minimize human resource load and proposes two domain-specific techniques to address the scheduling problem
of aircraft assembly pulsation lines. Firstly, the scheduling problem of aircraft assembly pulsation production
lines is modeled as two Markov decision processes, and a bi-level reinforcement learning agent is used to make
decisions on feasible scheduling solutions for aircraft assembly. Secondly, to tackle the problem of robustness
deficiency in reinforcement learning decisions, a domain-knowledge transfer paradigm is proposed, whereas the
problem-solving knowledge obtained via reinforcement learning is transferred to the constraint pruning process
of the integer linear programming model, and the final scheduling solutions with excellent overall performance
are attained through an integer programming solver. Experiments are conducted on real scheduling data from
aircraft assembly pulsation production lines. Results demonstrate that the proposed scheduling method based
on reinforcement learning and knowledge transfer can successfully scale up to scheduling the assembly pulsation
production lines with a yield of nearly one hundred aircraft per year, a problem intractable for combinatorial
optimization methods. The solving time of the proposed method is reduced to minutes, and the performance
exhibits significant advantages compared to baseline methods.

Keywords aircraft assembly, intelligent scheduling, combinatorial optimization, reinforcement learning,
knowledge transfer
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