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An Efficient and High-precision Power Consumption Prediction Model
for the Register Transfer Level Design Phase

LI Kang SHI Ruizhi CHEN Jiawei SHI Jiangyi PAN Weitao WANG Jie
(Xidian University, Xi’an 710000, China)

Abstract: Power consumption is identified as a critical performance objective in circuit design.Existing power
estimation tools, such as PrimeTime PX (PTPX), provide high accuracy but are hampered by lengthy
execution times and are confined to logic synthesis or physical implementation stages with an already generated
netlist. As a result, the need to reduce power analysis time and stress the importance of forward power
prediction in chip design has been recognized. A power estimation model for early-stage large-scale Application
Specific Integrated Circuit (ASIC) is introduced, which can achieve fast and accurate cycle-level power
prediction at the Register Transfer Level (RTL) design stage. The model applies the Smoothly Clipped
Absolute Deviation (SCAD) embedding method based on the power correlation principle of input signals for
automatic signal selection, addressing the impact of large input feature numbers on estimation performance. A
timing alignment method is employed to correct the timing deviation between sign-off level power and RTL-
level simulation waveform, enhancing prediction accuracy. The strong nonlinearity of a shallow two-layer
convolutional neural network is utilized by the model for power training, consisting of two convolutional layers
and one fully connected layer, which reduces computational overhead. Power labels use backend Sign-off level
power output data to enhance the accuracy of prediction results.This power estimation model is evaluated on a
28 nm Network Processor(NP) with more than 30 million gates. Experimental results demonstrate that the
Mean Absolute Percentage Error (MAPE) of this model for predicting total circuit power consumption is less
than 1.71% when compared with the PTPX analysis results following physical design back-annotation. The
model takes less than 1.2 s to predict the power curve for 11k clock cycles. In cross-validation experiments with

different scenarios, the prediction error of the model is found to be less than 4.5%.
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