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· Part | Regression

- Supervised learning · Notation:
- Specific example:
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· Gauss Paradigm:
I probabilistic formulation
2. Objective function bloss
3. Learning algorithm
4. experiments, theory
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· Unification: S =fz(X)
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· Regression
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3.
min LossLE) by gradient-based method
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· Classification: individual categories
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· Introduce temperature
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· Case C =2
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