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identification. The diversity of task types, limited data resources, and strict execution time requirements make
radar task scheduling a strongly NP-hard problem. However, existing scheduling algorithms struggle to
efficiently handle multiradar collaborative tasks involving complex logical constraints. Therefore, Artificial
Intelligence (AI)-based scheduling algorithms have gained significant attention. However, their efficiency is
heavily dependent on effectively extracting the key features of the problem. The ability to quickly and
comprehensively extract common features of multiradar scheduling problems is essential for improving the
efficiency of such Al scheduling algorithms. Therefore, this paper proposes a Model Knowledge Enhanced Graph
Neural Network (MKEGNN) scheduling algorithm. This method frames the radar task collaborative scheduling
problem as a heterogeneous network graph, leveraging model knowledge to optimize the training process of the
Graph Neural Network (GNN) algorithm. A key innovation of this algorithm is its capability to capture critical
model knowledge using low-complexity calculations, which helps to further optimize the GNN model. During
the feature extraction stage, the algorithm employs a random unitary matrix transformation. This approach
utilizes the spectral features of the random Laplacian matrix from the task’s heterogeneous graph as global
features, enhancing the GNN’s ability to extract shared problem features while downplaying individual
characteristics. In the parameterized decision-making stage, the algorithm leverages the upper and lower bound
knowledge derived from guiding and empirical solutions of the problem model. This strategy significantly
reduces the decision space, enabling the network to optimize quickly and accelerating the learning process.
Extensive simulation experiments confirm the effectiveness of the MKEGNN algorithm. Compared to existing
approaches, it demonstrates improved stability and accuracy across all task sets, boosting the scheduling
success rate by 3%~10% and the weighted success rate by 5%~15%. For particularly challenging task sets
involving complex multiradar collaborations, the success rate improves by over 4%. The results highlight the

algorithm’s stability and robustness.
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Fig. 5 The effect of stochastic processing on the distribution of eigenvalues of task-set relational networks
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Tab. 2 Global characteristics of the dataset for different parameter tasks
ZH THRAEEAEL /N EFRHEE B4R MSR
SERRTE AN 1 9 0.7903 5.4809 2.3955
I E AN 2 0 0.0441 13.0964 7.9675
AR ERES ) 3 A b 22 0 6 0.2592 4.9889 2.8304
AE BRI (B Sy A bR 2 6 0.5715 6.0868 1.9645
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4.2.2 REFIARMESHGNNIIZEE M RE

AR R A 2 2] D5 IR U 2RI RE A A
€, I HISCT Fra a2, 10x3 BRI
2 8z, ml LUR Y, fEBCE AN T HiR 1%
DU, SRALSE ST SE R UL T B SRR S8,
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Tab. 3 Task instance generation

x100% (21)

KA ARSEG SEBERFE] R TEES AN R AR AN

10x3 U(L,5) U(L,5) U8,30) U0, 3) U(0, 2)
20x3 U(1,5) U(1,5) U(8,30)  TU(0,3) U(0, 2)
20x10 U(1,5) U(1,5) U(12,40)  U(0, 3) U(0, 2)
30x5 U(1,5) U(1,5) U(12,40) U0, 3) U(0, 2)

W Ula, b)RTEIX [a, b] L HIFEHL i -

4.2.3 BIFEHEITEE
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BEAY s FeT oy 30w FUE IR FE g (BBM) ) 3
J SCH ) & 1 8 BE S (GTW) 2,
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Fig. 8 Training curves on instance 10x3
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Tab. 4 Test results (success rate) of models trained with
datasets of different sizes

IR AE B A 10x3 20%3 20x10 30x5
10x 3N ZrpE 96.10%  83.35%  97.90%  84.40%
20x 3N ZRAE A 94.60%  80.50%  96.75%  80.63%

20x 10V 95.10%  80.50%  96.95%  80.57%
30x 5N ZRE A 93.40%  80.30%  96.45%  81.03%
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Tab. 5 Task parameters Tab. 6 Comparison of results
G T i ROVE RN PSRN ()

BREFHIINTC 6 10 9 250 MKEGNN  86.17 85.67 0.773
RS IR EFHPT 5 10 8 250 GNN 191 $2.08 P

R RERPT 4 15 6 100 BBM 79.79 79.18 0.726

HIBREENT 3 15 4 100 GTW 75.53 80.89 0.570
FRARALRHS 2 20 2 100 Score 76.6 78.16 0.012
fRAEFSIIRLS 1 20 ! 100 VE: VIR AL RER = SLRERS /8 RO E 51

=7 MIXELHIER
Tab. 7 Test instance generation

S R % IR e Se gk AL B i) Hb HTEATR AN FEPAE S A EL

Casel 20 3 U(1, 5) U(1, 5 U(8, 30) U0, 1) U(0, 2)

Case2 20 3 U(1, 5) U1, 5 U(8, 30) U(0, 3) U(0, 2)

Case3 30 5 U(1, 5) U(1, 5 U(12, 40) U0, 1) U(0, 2)

Cased 30 5 U(1, 5) U1, 5 U(12, 40) U(0, 3) U(0, 2)

Caseh 60 5 U(1, 5) U(1, 5 U(16, 60) U0, 1) U(0, 2)

Case6 60 5 U(1, 5) U1, 5 U(16, 60) U(0, 3) U(0, 2)

#: Ula, b )RIRIEX ] [a, b] ERIBEHLS .

& 8 (B EERINE(%)
Tab. 8 Success ratio of scheduling(%)

® 9 ESMBGRAERIIE(%)
Tab. 9 Weighted success ratio of scheduling(%)

sefl MKEGNN GNN BBM GTW Score FIFO LPT EDF

seffl MKEGNN GNN BBM GTW Score FIFO LPT EDF

Casel 80.5 70.5 725 67.0 655 63.0 59.5 71.0
Case2 58.5 53.0 52.5 48.0 48.5 485 425 50.5
Case3 90.3 81.6 786 79.0 776 723 70.7 81.0
Cased 52.0 49.7 457 52.0 48.0 453 473 46.0
Cased 85.7 85.6 70.2 80.2 727 66.5 63.3 77.8
Caseb 45.0 442 40.8 42.0 40.0 394 395 40.8

Casel 81.9 699 712 685 639 61.1 582 70.8
Case2 61.3 54.7 552 504 509 50.7 449 53.0
Case3 90.8 809 794 80.0 784 726 70.6 81.0
Cased 52.7 50.1 44.8 52.5 478 444 471 46.0
Caseb 86.2 81.0 70.0 822 740 655 63.7 781
Caseb 46.6 44.0 425 438 41.0 412 41.1 429




12

K AR (R D)

14

M cased H Bl HLHEIE — A DR SE B 34T
TR AR S AT 55 A BE S R R R 10T
BATFSFESS 56, MKEGNNJT EE7E H A afh il
S BAT 55 b IR BT R D S S e, HAERSE 2K
RNSIAT S E I E IR MBI FS, R R
b T BTSSR .

M case6 H Bl HLHE % — A DR SE 34T
Z2 A B R S H R X LR 10 s, 1810
Wbyt T S RAF RIS, 7601
FEARSH, GNNAERIHIAE 7344, &5 —1
BT BEAT 55 1) 5E R T A 3837 s, TTMKEGNN
HAER A E T 38MMES, NIRRT LLEH,
MKEGNN /7 ¥ BIfE 52, 3, 455k B3 7 i
FERINIATES, WERINRE & . X525, H

STHIAT .4

AT I BEVE S

0.8
0.6
0.4
0.2
0 | I |

Casel Case2 Case3 Case4 Cased Caseb

THEA I EE5%32, FEMKEGNN J7 2% 1K) B 45
AU AT 55 25 HEAR (E 5523 sthiAT . MKEGNN /7%
FT A VA B I AT 45 5 B (8] R34 s, TR RBARAT 55
(R PAT B [8) B J (A 0 BRID AT T % 2 AT
%, B RCRA B RIET

RIS EAT 45 BB G VA ERE I RS, SR A
case3[AEMSE, AT S AEAE10~3007E 4
(R B W RE IR A e 11, AR SN B
B/ORY, BIATHIRAAR, FTA RIEIEARE LTSS
MsEaRE; MESSHEMNTE NG L, 4F
HAEM I R 2N RES, MT S H0L 2
2504 LA, AFR S I BRI R B 2 T AL K
L X ROA R IA TR A S B . AR
EBRE . SCEFTHEH I 77 VETE BRI 2 5 T T oAt
TERITEAL

R 10 BMAERESZBERINZE%)
Tab. 10 Success ratio of scheduling of different priority(%)

i MKEGNN GNN BBM GTW Score FIFO LPT EDF

5 88.8 666 83.8 888 888 66.7 55.6 77.8
AR 4 100 100 833 833 833 83.3 100 100
*MKEGNN *GNN +BBM *GTW
«Score FIFO =LPT EDF 3 100 500 500 50.0 75.0 250 75.0 75.0
. 2 80.0  60.0 60.0 40.0 60.0 80.0 80.0 60.0
Fig. 9 Average Relative Scheduling Score ! 83.3 833 833 100 833 500 500 83.3
FHiL G GNNJ7VE R B R IAE 55 HAm H R
5 T49 | T60 |T43|T27| T3/5.|T25|_.\
N
4 T15| T24 | T36/lA6 | T31 rw\'\ T48|
\
3 1‘2 | T4 Tz\14 | T57 | T47 |
2 TWF59 tmr{ T22 "-\
1 T32| T28 | T33 (ITOG-I T1 |T14| |T17| “-‘ T53 |T38| T55 |
5 10 15 20 125 30 35 W (s)
Tk // MKEGNN s R £ 5 A 4
5 T27|I,/ T49 | T60 |T43|
4| TS | T39 H T46 | T31 | T24 | T36 /{’T48|
TR [ | ] w [
o [hs [ ol 0 | [
1 EI | T33 |T14| | T53 | T28 |T32|T38|T17| T55 |T56|
5 10 15 20 25 30 35 IIE (s)

[ ] MKEGNNZ7 AR GNN 7 V38 i o 1AL %%
10 PIPPGINNAR YA 5] S 451 F i T 1 B8 235 SR H- e X L

Fig. 10 Comparison of successfully scheduling results gantt charts of two models on the same instance
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