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Class learning is finding a description that is shared by all positive

examples and none of the negative examples.
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Knowledge extraction
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Generalization SRIVOIAZY =
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A machine learning hypothesis is a candidate model that approximates a
target function for mapping inputs to outputs

https://machinelearningmastery.com/what-is-a-hypothesis-in-machine-learning/
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Hidden or latent attribute
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Variance Vv.s. Bias
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Pattern Recognition ana Machine Learning (Bishop)
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