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e Created BERT-based transformer mutation operator.
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Fig. 2: Proposed transformer-based mutation operator model.
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« From the training set are filtered all multipliers that have a fitness value of EvoApproxLib [1] and those evolved
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« Constructed a Pareto curve by optimizing with respect to WCE and area. _ \
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« Dataset of approximate multipliers from EvoApproxLib [1]

« The distance from the Pareto curve influences the learning process by

determining the importance of each multiplier in the dataset.
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