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Abstract: An energy consumption model for softwares using machine learning is proposed to
address the problem that software developers either are usually not aware of the specific energy
consumption of their codes, or may measure the energy consumption of the application softwares
using some tools but do not understand the factors which affect energy consumption and the
relationship among them. The Ridge machine learning algorithm is adopted based on testings of 4
different machine learning algorithms to establish the model for estimating the software energy
consumption characterized by software performance events. First, the collected measurement
values of energy consumptions and the data of the software performance events of a set of
softwares are used as the training samples, and the machine learning algorithm is applied to build
up the energy consumption model. Then the average energy consumption of any other software is
estimated using this model. On this basis, a real-time program energy consumption model for the
running programs is established. Experimental results show that the energy consumption

prediction error given by the proposed average energy consumption model is less than 9%. A
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comparison with the average energy consumption model shows that the real-time program energy

consumption model further reduces the prediction error. When the software designers use the

proposed model to get the energy consumption of their codes, they are not required to measure or

train their own software. Not only can the energy consumption of the software be accurately

estimated, but also the causes of energy consumption can be explained, and the energy efficiency

of the software can be optimized according to the prediction result.

Keywords: machine learning; software energy consumption model; performance event; energy

efficiency
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