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‣ Data 

‣ Assume targets are generated by  

‣ Target distribution: 

‣ Log likelihood:
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Curve Fitting: Maximum Likelihood Estimates
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Figure: Gaussian conditional distribution 
(Bishop 1.16)
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‣ ML: minimize                                                w.r.t. w and # 

‣ Maximum likelihood solution: 

‣ Predictive distribution:
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Curve Fitting: Maximum Likelihood Estimates
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Figure: Gaussian 
conditional distribution 

(Bishop 1.16)
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