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ABSTRACT

Scheduling of semiconductor test facilities has been crucial since effective scheduling contributes to the profits of

semiconductor enterprises and enhances the quality of semiconductor products. This study aims to solve the

scheduling problems for the wafer burn-in test facilities of the semiconductor back-end process by utilizing

simulation and deep reinforcement learning-based methods. To solve the scheduling problem considered in this study.

we propose novel state, action, and reward designs based on the Markov decision process. Furthermore, a neural
network is trained by employing the recent RL-based method, named proximal policy optimization. Experimental

results showed that the proposed method outperformed traditional heuristic-based scheduling techniques, achieving a

higher due date compliance rate of jobs in terms of total job completion time.

Key Words : Scheduling, Semiconductor, Wafer Burn-in Test, Reinforcement Learning, Proximal Policy Optimization
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2. Previous Research

2.1 Semiconductor Packaging Line Scheduling
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2.2 Reinforcement learning-based scheduling
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3. Proposed Method

3.1 Problem Definition
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Table 1. Notation for optimization
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3.2 Interaction between simulator and neural
network

ATLo]| A wafer bumlntmt—‘—Xq 2AEY BA AEE
2

HoH PPO ruelES ABdlo|Ho] gl NES A
Yot WA AT QB AT o

oF AlEdlolEzte] TAE [Fig 11 S8l 8oF 4= St

supply chain simulator

Apply
Action

—

4 Next state,

Reward

hidden layer 1&2

{ Network _,
5 Update

State

Fig. 1. Learning Process and Neural Network Structure.
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3.3 State-Action-Reward
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4. Experiment

4.1 Dataset
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Table 3. Dataset description

Number Description
Job type 3 P1,P2,P3
Machine 5 MC-1, MC-2, MC-3,
MC-4, MC-5
Total number P1 8
of jobs 24 P2 13
P3 3
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Fig 2. Process relationship of product & machine.

4.2 Experiment setting
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Table 4. Hyper Parameters of PPO algorithm & Neural

Network Architecture
Hyper Parameters of PPO algorithm
Learning rate 0.001
Gamma 0.99
Lambda 0.99
Clip range 0.1
Epoch 12
Batch size 6000
Mini batch size 3000
Neural Network Architectur
Input layer 142
The number of nodes in hidden | 256,256
layers
Activation function ReLu
Output layer 2
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Fig. 3. Reward according to learning progress.
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