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linear classifiers
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just like before, we are still trying to find the
parameters for a straight line that best “fits” the data

now “fit” is the line that best separates the classes, 
rather than tracks the data points (“linear separator”)

more generally called a “decision boundary” 



  

we need a function to turn the outputs of
our linear function into class labels

Threshold(z) = 1 if z >= 0
                       0 if z < 0

w
i
 ← w

i
 + α (y – h(x)) * x

i

where h(x) = Threshold(w ◦ x) 



  

what's the problem?

the (step) threshold function has no non-zero derivatives!

(we know what direction to change, but not by how much, 
learning is unstable!)

logistic
function

1
1+e-w◦x
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         Loss = (y - h
w
(x))2

δ/δw
i
 Loss = 2 (y - h

w
(x)) * δ/δw

i 
(y - h

w
(x))

                  = 2 (y - h
w
(x)) * h

w
(x) * (1-h

w
(x)) * δ/δw

i 
(w◦x)

                  = 2 (y - h
w
(x)) * h

w
(x) * (1-h

w
(x)) * x

w
i
 ← w

i
 + α ((y - h

w
(x)) * h

w
(x) * (1-h

w
(x)) * x

i 
)

I know it looks complicated, but it's easy to calculate!
all we need to know is x, y, and h(x)



  

unstable learning 
with hard threshold

smoothed learning curve 
using logistic threshold
(and nice derivatives)

“logistic regression”



  

overfitting



  

we've said in previous lectures that learning a
model from data assumes that your data is i.i.d

(independent and identically distributed)

this means your data is produced by the same
underlying (true) model/trend, and variations from

that trend are simply due to random noise



  



  

we want to be able to capture the true underlying trends
 in our data, but we do not want to be modeling

any artifacts due to noise (if we can help it)

(iPython example!)



  

we could add noise to our observations
(or our features/parameters) to prevent the model from
fitting exactly to the (imperfect) observations we have

noise would change every optimization iteration
(meaning it would be impossible to fit to)

unlike noise in our data set (which is fixed)

unfortunately adding noise also distorts our underlying data
(but is simple and can be effective in preventing overfitting)



  

cross-validation



  

hold-out method



  

k-fold cross validation

adds noise to training without introducing noisy data!

creates both mean and variance of prediction score!

generally awesome... and standard practice

(see “bootstrapping” for more delicious goodness)



  

can also use a distinct validation set if you have extra data...



  

early stopping with a validation error



  

(iPython example revisited)



  

bias vs. variance trade-off

high bias models haven't fit the data well (often due to too 
limited flexibility of the model – i.e. underfitting)

high variance models are too sensitive to the differences
 in each instance of data (i.e. overfitting) – accurate on 

average, but inconsistent



  

precision vs. recall



  

when in doubt, choose the simplest model possible
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