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Introduction

• “fitting a straight line”

• a statistical analysis method to determine the quantitative relationships 
between two or more variables through regression analysis in 
mathematical statistics.
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Univariate linear regression (Simple LR)
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ො𝑦 = 𝑚𝑥 + 𝑏 
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Gradient Descent
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1. Keep changing w,b to reduce J(w, b) 

2. Until we settle at or near a minimum
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1. Keep changing w,b to reduce J(w, b) 
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Local minima
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1. Keep changing w,b to reduce J(w, b) 

2. Until we settle at or near a minimum
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Gradient Descent
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Gradient Descent
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Batch gradient decent 

• Batch gradient uses all training set data in learning phase.
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Knime
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The END
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