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•Computational graphs 
•Gradient-descent optimization 
•Logistic regression 
•Regression neural networks
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•Each of us learns something today 
•Stop me with any questions
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C O M M U N I T Y

•Each of you arrived here with your own backgrounds, specialty, and path in 

life 

•Your experience and expertise are valuable here, no matter what it is 

•If the activity is within your background, help others! 

•If you are totally (or a little) lost, ask for help! 

•It is our shared goal to have each of us leave with some new skill/

knowledge/understanding



M A C H I N E  L E A R N I N G :  

L E A R N I N G  F R O M  D ATA
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R E G R E S S I O N
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S U P E R V I S E D  L E A R N I N G
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1
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Loss function  
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L E A R N I N G  ( L O S S )  C U R V E S



T R A I N I N G

Remember that our goal is NOT to minimize loss on training data! 

Learning curves
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D ATA

NORMALIZATION 

•Puts each feature on same scale  

•Allows default hyperparamters to be a good 

starting point 

     - learning rate, initialization of weights, etc. 

•Options depend on data distribution 

•Standardization: mean: 0 stdev: 1 

•Min-max: [0,1]
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D ATA

ENCODING 

•Non-numeric data 

•Class-based features: 

• One-hot encoding: 3  [0 0 1] [0 1 0] [1 0 0] 

• When classes do not have sequential 

meaning: ✅ cars vs dogs vs plants ❌ months 
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B U I L D I N G  A N D  T R A I N I N G  M O D E L S

TRAINING 

•The most challenging part of machine 

learning is gaining the experience for tuning 

models well. 

•We will work on this skill! 
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