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Abstract: To improve the prediction accuracy and efficiency for logic synthesis in digital integrated circuit design process, a logic
synthesis delay predicting method based on long short-term memory (LSTM) was proposed. The timing path was treated as an
ordered sequence of standard cells, and key feature parameters such as cell type, fanout, load capacitance, and input transition time
were extracted and organized into structured sequence data. With the context memory capability of LSTM-based timing modeling,
the complex timing dependencies between cells at different levels in the path were captured, achieving high-precision prediction of
path delay. Experimental results showed that, compared to existing machine learning-based estimation methods that accumulate cell
delays and wire delays, the LSTM-based prediction method demonstrated better adaptability to different types of cases while
maintaining accuracy. In terms of running speed, a speedup of 2.8 to 3.2 times was achieved in most test cases. The prediction
method was also validated on generic netlists without technology information and the performance was superior to traditional static
timing analysis methods, demonstrating its effectiveness and potential for early-stage design applications.
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wire load("1K_hvratio 1 4") {
capacitance : 1.774000e-01;
resistance : 3.571429¢-03;
slope : 5.000000;
fanout_length (1, 1.3207);
fanout_length (2, 2.9813);
fanout_length (3, 5.1135);
fanout_length (4, 7.6639);
fanout_length (5, 10.0334);
fanout_length (6, 12.2296);
fanout_length (8, 19.3185);
}
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Fig.1 Example of wire load model
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Fig.2 Flow diagram of timing prediction method
for logic synthesis stage
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Table 3 Comparison of prediction accuracy at technology mapping stage
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Table 4 Comparison of runtime at technology mapping stage
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SCHR[30] Jrik AT 5
B21 0.25 0.01
Or1200 5.80 2.04
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Table 5 Comparison of prediction accuracy before
technology mapping stage
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