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Estimate parameters of a model by maximizing likelihood of the observed data

What s MLE in controst &y ?

MAP - maximum a posteriori estimation - parameters have some prior distribution, data is
collected, that changes the posterior distribution via Bayes Rule. Seek mode of that posterior

| just choose to minimize square loss for a binary classification problem
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Perhaps you get a local minimum instead of the global minimum

No, You may be doing well on training data but not on test data - overfitting
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Good performance on test data (future i.i.d. Samples of the distribution)

Want: Minimize the expected loss under the test distribution

What s rish

Risk is expected loss
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this is empirical because it uses empirical data to estimate the expectation of loss over the
training distribution
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Biased toward the training data - If a group is underrepresented in training data, then
performance on that group may be worse

The data itself could have historical biases baked in

Just because a group has a larger fraction of the data might not mean that we want
improvements in performance on that group to balance decreases in performance of other
smaller groups

&\6% What loss do yov choose  and wly?

What hjpobl\eses should you Sgorch over?
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What happens i you  do legistic regression on the
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What magnitude of a will result from solving this problem —- infinity - because that will
increase the likelihood of the day
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The search space of larger complexity models is larger

Why s best error il decreasing |

If its too low, it underfits the data (can not represent the “true model”)



TF Yov hove /03 dabo Sdrvyo)eS/

l\ow complex oF dote model Wwodd
y0u consider ¢

<1073, ... so choose something like like 30 or 100

Why does Um/GrSL’aley this  bradeoft  mabber?

Help select the right level of complexity

Say to look for evidence of overfitting
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Choose a neural network with 10000 or 100000 parameters

Why s bemy critically porameterized  bad
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Critically parameterized: # parameters = # data points

How many values of parameters would fit data exactly? 1. Neural net must contort itself to fit
the exact data. No expectation for generalization.

Thn bthe overparametberizéd regimeg,
do all models  with 0 b/a.’nniy &rror
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there is an infinity of model parameters that fit data exactly. Gradient descent will find one of
them. Would all solutions generalize well?

There are solutions that don’t generalize well.
Build them by adding poison training data
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Parameters that you find from
running Gd from a reasonable
initialization have small norm
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Why dogs understonding  this  bradeoft  mebber?

Expect near perfect fitting of your training data



