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Abstract

This paper proposes an algorithm for the Unrelated Parallel Machine Scheduling Problem (UPMSP) without
setup times, aiming to minimize total tardiness. As an NP—hard problem, the UPMSP is hard to get an optimal
solution. Consequently, practical scenarios are solved by relying on operator's experiences or simple heuristic
approaches. The proposed algorithm has adapted two methods: a policy network method, based on Transformer
to compute the correlation between individual jobs and machines, and another method to train the network
with a reinforcement learning algorithm based on the REINFORCE with Baseline algorithm. The proposed
algorithm was evaluated on randomly generated problems and the results were compared with those obtained
using CPLEX, as well as three scheduling algorithms. This paper confirms that the proposed algorithm
outperforms the comparison algorithms, as evidenced by the test results.
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<Table 1> Notation for Equation 1~9
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max (d; — p;; —t;,0)

ATC(t;); = ;exp (—

= ) (10)
pq,j kp,

<Table 2> Notation for Equation 10

C Completion time of /—th dispatched job on
machine 7

T, | Tardiness of /~th dispatched job on machine 7

Decision Variable.
Yiﬂ Is 1 if Job ;j was processed in /—th sequence on
machine 7, O otherwise
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[Figure 1] (a) Overviewing figure of the MatNet encoder architecture. (b) Flow chart of Multi—Head Mixed—Score Attention.

(c) Overviewing figure of decoder architecture.
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[Figure 2] Explaining how the proposed algorithm solves a scheduling problem
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<Table 4> Result table of scheduling algorithms:
Ours trained and tested for each problem size
CPU CPU
Problem Size | Algorithm Ta?(ci)ifelss 1?2)) Time Problem Size | Algorithm Ta’rr;felss IEZI)) Time
(sec.) (sec.)
EDD—Min 2353 142.85 <1 EDD—Min 1498 49.55 <1
ATC 1328.7 37.13 <1 ATC 1279.3 27.71 <1
n =50 MA 1160.72 | 19.80 1031 n=>50 MA 1122 12.01 1049
Ours 1019 5.17 2.1 Ours 1094.8 9.29 2.7
=5 CPLEX 968.9 0 1722.4 o= 10 CPLEX 1001.7 0 3600
EDD—Min 8468.8 | 255.06 <1 EDD—Min 4376.3 59.02 <1
ATC 3206.6 34.44 <1 ATC 3238.8 17.69 <1
n=100 MA 3069.22 | 28.68 1848 n=10 MA 3126.65 | 13.61 2044
Ours 2489.9 4.39 4.8 Ours 2805.2 1.93 7.2
CPLEX 2385.2 0 3600 CPLEX 2752 0 3600
<Table 5> Result table of scheduling algorithms:
Ours trained in problem sizes of 50 jobs for each number of machine
CPU CPU
Problem Size | Algorithm Ta?(?ifiss 1?5/;1)) Time Problem Size | Algorithm Ta’f((i)itr?elss Ig/;l)) Time
(sec.) (sec.)
EDD—Min 2353 142.85 <1 EDD—Min 1498 49.55 <1
ATC 1328.7 37.13 <1 ATC 1279.3 27.71 <1
n = 50" MA 1160.72 | 19.80 1031 n= 50" MA 1122 12.01 1049
Ours 1019 5.17 2.1 Ours 1094.8 9.29 2.7
=5 CPLEX 968.9 0 17224 =10 CPLEX 1001.7 0 3600
EDD—Min | 8468.8 | 255.06 <1 EDD—Min | 4376.3 59.02 <1
ATC 3206.6 34.44 <1 ATC 3238.8 17.69 <1
n=100 MA 3069.22 | 28.68 1848 n=10 MA 3126.65 | 13.61 2044
Ours 2764 15.88 4.8 Ours 3225 17.19 7.2
CPLEX 2385.2 0 3600 CPLEX 2752 0 3600
* Problem Size for training Ours
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