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[Abstract]

Semiconductor production management becomes increasingly challenging due to the growing
complexity of products, raising issues with the inefficiency of on-site scheduling. The complexity of the
production environment and the multitude of variables make it difficult for traditional scheduling
methods to effectively respond to real-time production changes, limiting the ability to achieve optimal
productivity and quality. In this context, production experts are demanding solutions that provide insights
into production direction and operational status. Based on the requirements, I conducted research on a
solution that uses machine learning to analyze actual semiconductor Fab log data, identifying and
visualizing decision-making factors that impact scheduling. This study is significant in that it suggests a

direction for future schedulers and provides a foundation for building an Autonomous Fab.

» Key words: Decision making, unsupervised learning, decision tree, correlation analysis,
hybrid learning, scheduling, semiconductor production, manufacturing scheduling
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I. Introduction
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II. Preliminaries

1. Related works
1.1 Scheduling
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1.2 Job Shop Scheduling Problem
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IV. Data Engineering

4.1 Data Parsing and Feature Selection

1. Data Parsing
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V. Experiment Results
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Table 1. Correlation between schedule weight parameters
Feature| W1 W2 W3 W4 W5 Wé W7 w8 W9 W10 W11 W12
W1 1.00 -0.19 -0.25 -0.17 -0.07 -0.06 -0.03 -0.06 -0.05 -0.06 -0.02 -0.01
W2 -0.19 1.00 -0.21 -0.14 -0.06 -0.05 -0.03 -0.05 -0.04 -0.05 -0.02 -0.01
W3 -0.25 -0.21 1.00 -0.20 -0.08 -0.07 -0.04 -0.07 -0.06 -0.07 -0.03 -0.02
W4 -0.17 -0.14 -0.20 1.00 -0.06 -0.05 -0.03 -0.05 -0.04 -0.05 -0.02 -0.01
W5 -0.07 -0.06 -0.08 -0.06 1.00 -0.02 -0.01 -0.02 -0.02 -0.02 -0.01 0.00
Wé -0.06 -0.05 -0.07 -0.05 -0.02 1.00 -0.01 -0.02 -0.01 -0.02 -0.01 0.00
W7 -0.03 -0.03 -0.04 -0.03 -0.01 -0.01 1.00 -0.01 -0.01 -0.01 0.00 0.00
W8 -0.06 -0.05 -0.07 -0.05 -0.02 -0.02 -0.01 1.00 -0.01 -0.02 -0.01 0.00
W9 -0.05 -0.04 -0.06 -0.04 -0.02 -0.01 -0.01 -0.01 1.00 -0.01 -0.01 0.00
W10 -0.06 -0.05 -0.07 -0.05 -0.02 -0.02 -0.01 -0.02 -0.01 1.00 -0.01 0.00
W11 -0.02 -0.02 -0.03 -0.02 -0.01 -0.01 0.00 -0.01 -0.01 -0.01 1.00 0.00
W12 -0.01 -0.01 -0.02 -0.01 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00
Table 2. Definition of selected features
Feature Category Description
W1 Efficiency Consider the production efficiency of each chamber.
W2 Progress Adjust the production target progress for each step.
W3 Progress Control the production progress for each block(a group of continuous steps).
W4 Progress Assign a weighted priority based on product characteristics.
W5 Job Evaluate and assign weights to each lot based on priority.
Wé Efficiency Reward cases where the recipe matches the current equipment operation.
W7 Efficiency Evaluate overall chamber efficiency.
w8 Progress Determine product priorities based on rule-based decision-making.
. Ensure the next process starts within a designated time to prevent quality
W9 Quality .
degradation.
W10 Efficiency Assign a score when the recipe group matches the equipment process.
W11 | TAT (Turn Around Time) | Adjust the turnaround time for each lot.
W12 | FIFO (First In, First Out)| Assign priority to jobs exceeding a certain waiting time.
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5.4 Decision Tree
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