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Announcements

• Office Hours—watch calendar 

• ML assignment out later today 

• Analysis project deliverable out soon



Today

• Overfitting and Regularization



Train/Test Splits
• By definition, trained models are minimizing their 

objective for the data they see, but not for the data 
they don’t see 

• What we really care about is how the model does 
on data we don’t see 

• So we split our training data into disjoin sets—a 
train set and a test set—and assess performance 
on test given parameters set using train.



Train/Test Splits
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Train/Test Splits
Train
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Train/Test Splits
Train

MSE = 6
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Train/Test Splits

Test
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Train/Test Splits

Test

MSE = 12
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Train/Test Splits
Train

MSE = 4

Problem gets worse as models get 
more powerful/flexible
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Train/Test Splits

MSE = 14

Problem gets worse as models get 
more powerful/flexible
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Cross Validation

accs = [] 
for i in range(num_folds): 
    train, test = random.split(data) 
    clf.fit(train) 
    accs.append(clf.score(test))

• Some train/test splits are harder than others 

• To get a more stable estimate of test 
performance, we can use cross validation 



Overfitting
• Models are likely to overfit when the model is more 

“complex” than is needed to explain the variation 
we care about 

• “Complex” generally means the number of 
parameters (i.e. features) is high 

• When the number of parameters is >= the number 
of observations, you can trivially memorize your 
training data, often without learning anything 
generalizable to test time



Regularization
• Incur a cost for including more features (more non-zero 

weights), or for assuming features are very important (more 
higher weights) 

• Or “early stopping”—for iterative training procedures (i.e. 
gradient descent) stop before the model has fully converged 
(i.e. you assume the final steps are spent memorizing noise) 

• By definition regularization will make your model worse 
during training… 

• But hopefully better at test (which is what you really care 
about)



Regularization

• Adds an extra “hyperparameter” which controls 
how much you penalize 

min✓

�
loss(x; ✓) + �cost(✓)

�
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Dev/Validation Sets
• Often you need to make meta-decisions (not just set the 

parameters), E.g.  

• Which model is better (i.e. generalizes better to held out data)? 

• What regularization to use? 

• How many training iterations? 

• Do do this, you have to split into train/dev/test, not just train/dev. If 
you use test to set these parameters, you are “peaking” at unseen 
data in order to fit the model, and thus test performance is no 
longer actually representative of how you would do in the real 
world



Norms
• L1 norm:                                 encourages sparsity 

• L2 norm:                                 more stable  

• Lp norm:

l1 =
X

i

|xi|
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• Linear Regression — No regularization 

• Lasso Regression — Linear regression with L1 penalty on the loss 

• Ridge Regression— Linear regression with L2 penalty on the loss 

• Logistic Regression usually uses l1 or l2 regularization by default (e.g. in 
sklearn)

Norms

minw

�
(y � w · x)2 + �l1(w)
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minw

�
(y � w · x)2 + �l2(w)

�
<latexit sha1_base64="W29i2vXKmsscygEDuhoTnk5Uj6E=">AAACHnicbVDLTgIxFO3gC/GFunRzIzGBGMkM0eiS6MYlJvJIACedToGGTmfSdkRC+BI3/oobFxpj4kr/xg6wUPAkTU7Pufe293gRZ0rb9reVWlpeWV1Lr2c2Nre2d7K7ezUVxpLQKgl5KBseVpQzQauaaU4bkaQ48Dite/2rxK/fU6lYKG71MKLtAHcF6zCCtZHc7FnAhDuAlse6ecgP4QTMhfihhocC3EEJjqHFzTgfA3dL+UEhqSy42ZxdtCeAReLMSA7NUHGzny0/JHFAhSYcK9V07Ei3R1hqRjgdZ1qxohEmfdylTUMFDqhqjybrjeHIKD50QmmO0DBRf3eMcKDUMPBMZYB1T817ifif14x156I9YiKKNRVk+lAn5qBDSLICn0lKNB8agolk5q9Aelhiok2iGROCM7/yIqmVio5ddG5Oc+XLWRxpdIAOUR456ByV0TWqoCoi6BE9o1f0Zj1ZL9a79TEtTVmznn30B9bXDzaUns0=</latexit><latexit sha1_base64="W29i2vXKmsscygEDuhoTnk5Uj6E=">AAACHnicbVDLTgIxFO3gC/GFunRzIzGBGMkM0eiS6MYlJvJIACedToGGTmfSdkRC+BI3/oobFxpj4kr/xg6wUPAkTU7Pufe293gRZ0rb9reVWlpeWV1Lr2c2Nre2d7K7ezUVxpLQKgl5KBseVpQzQauaaU4bkaQ48Dite/2rxK/fU6lYKG71MKLtAHcF6zCCtZHc7FnAhDuAlse6ecgP4QTMhfihhocC3EEJjqHFzTgfA3dL+UEhqSy42ZxdtCeAReLMSA7NUHGzny0/JHFAhSYcK9V07Ei3R1hqRjgdZ1qxohEmfdylTUMFDqhqjybrjeHIKD50QmmO0DBRf3eMcKDUMPBMZYB1T817ifif14x156I9YiKKNRVk+lAn5qBDSLICn0lKNB8agolk5q9Aelhiok2iGROCM7/yIqmVio5ddG5Oc+XLWRxpdIAOUR456ByV0TWqoCoi6BE9o1f0Zj1ZL9a79TEtTVmznn30B9bXDzaUns0=</latexit><latexit sha1_base64="W29i2vXKmsscygEDuhoTnk5Uj6E=">AAACHnicbVDLTgIxFO3gC/GFunRzIzGBGMkM0eiS6MYlJvJIACedToGGTmfSdkRC+BI3/oobFxpj4kr/xg6wUPAkTU7Pufe293gRZ0rb9reVWlpeWV1Lr2c2Nre2d7K7ezUVxpLQKgl5KBseVpQzQauaaU4bkaQ48Dite/2rxK/fU6lYKG71MKLtAHcF6zCCtZHc7FnAhDuAlse6ecgP4QTMhfihhocC3EEJjqHFzTgfA3dL+UEhqSy42ZxdtCeAReLMSA7NUHGzny0/JHFAhSYcK9V07Ei3R1hqRjgdZ1qxohEmfdylTUMFDqhqjybrjeHIKD50QmmO0DBRf3eMcKDUMPBMZYB1T817ifif14x156I9YiKKNRVk+lAn5qBDSLICn0lKNB8agolk5q9Aelhiok2iGROCM7/yIqmVio5ddG5Oc+XLWRxpdIAOUR456ByV0TWqoCoi6BE9o1f0Zj1ZL9a79TEtTVmznn30B9bXDzaUns0=</latexit><latexit sha1_base64="W29i2vXKmsscygEDuhoTnk5Uj6E=">AAACHnicbVDLTgIxFO3gC/GFunRzIzGBGMkM0eiS6MYlJvJIACedToGGTmfSdkRC+BI3/oobFxpj4kr/xg6wUPAkTU7Pufe293gRZ0rb9reVWlpeWV1Lr2c2Nre2d7K7ezUVxpLQKgl5KBseVpQzQauaaU4bkaQ48Dite/2rxK/fU6lYKG71MKLtAHcF6zCCtZHc7FnAhDuAlse6ecgP4QTMhfihhocC3EEJjqHFzTgfA3dL+UEhqSy42ZxdtCeAReLMSA7NUHGzny0/JHFAhSYcK9V07Ei3R1hqRjgdZ1qxohEmfdylTUMFDqhqjybrjeHIKD50QmmO0DBRf3eMcKDUMPBMZYB1T817ifif14x156I9YiKKNRVk+lAn5qBDSLICn0lKNB8agolk5q9Aelhiok2iGROCM7/yIqmVio5ddG5Oc+XLWRxpdIAOUR456ByV0TWqoCoi6BE9o1f0Zj1ZL9a79TEtTVmznn30B9bXDzaUns0=</latexit>

minw

�
(y � w · x)2)

<latexit sha1_base64="FElZ1VQTiwG2SiAP1faFW0hndoA=">AAACCnicbVC7TsMwFHXKq5RXgJHFUCG1A1VSIcFYwcJYJPqQ2hA5jtNadZzIdoAo6szCr7AwgBArX8DG3+C2GaDlSFc6Pude+d7jxYxKZVnfRmFpeWV1rbhe2tjc2t4xd/faMkoEJi0csUh0PSQJo5y0FFWMdGNBUOgx0vFGlxO/c0eEpBG/UWlMnBANOA0oRkpLrnkYUu7ew75HBxVYSeEJ1A/sRwo+VOEtrMOqa5atmjUFXCR2TsogR9M1v/p+hJOQcIUZkrJnW7FyMiQUxYyMS/1EkhjhERqQnqYchUQ62fSUMTzWig+DSOjiCk7V3xMZCqVMQ093hkgN5bw3Ef/zeokKzp2M8jhRhOPZR0HCoIrgJBfoU0GwYqkmCAuqd4V4iATCSqdX0iHY8ycvkna9Zls1+/q03LjI4yiCA3AEKsAGZ6ABrkATtAAGj+AZvII348l4Md6Nj1lrwchn9sEfGJ8/emKXig==</latexit><latexit sha1_base64="FElZ1VQTiwG2SiAP1faFW0hndoA=">AAACCnicbVC7TsMwFHXKq5RXgJHFUCG1A1VSIcFYwcJYJPqQ2hA5jtNadZzIdoAo6szCr7AwgBArX8DG3+C2GaDlSFc6Pude+d7jxYxKZVnfRmFpeWV1rbhe2tjc2t4xd/faMkoEJi0csUh0PSQJo5y0FFWMdGNBUOgx0vFGlxO/c0eEpBG/UWlMnBANOA0oRkpLrnkYUu7ew75HBxVYSeEJ1A/sRwo+VOEtrMOqa5atmjUFXCR2TsogR9M1v/p+hJOQcIUZkrJnW7FyMiQUxYyMS/1EkhjhERqQnqYchUQ62fSUMTzWig+DSOjiCk7V3xMZCqVMQ093hkgN5bw3Ef/zeokKzp2M8jhRhOPZR0HCoIrgJBfoU0GwYqkmCAuqd4V4iATCSqdX0iHY8ycvkna9Zls1+/q03LjI4yiCA3AEKsAGZ6ABrkATtAAGj+AZvII348l4Md6Nj1lrwchn9sEfGJ8/emKXig==</latexit><latexit sha1_base64="FElZ1VQTiwG2SiAP1faFW0hndoA=">AAACCnicbVC7TsMwFHXKq5RXgJHFUCG1A1VSIcFYwcJYJPqQ2hA5jtNadZzIdoAo6szCr7AwgBArX8DG3+C2GaDlSFc6Pude+d7jxYxKZVnfRmFpeWV1rbhe2tjc2t4xd/faMkoEJi0csUh0PSQJo5y0FFWMdGNBUOgx0vFGlxO/c0eEpBG/UWlMnBANOA0oRkpLrnkYUu7ew75HBxVYSeEJ1A/sRwo+VOEtrMOqa5atmjUFXCR2TsogR9M1v/p+hJOQcIUZkrJnW7FyMiQUxYyMS/1EkhjhERqQnqYchUQ62fSUMTzWig+DSOjiCk7V3xMZCqVMQ093hkgN5bw3Ef/zeokKzp2M8jhRhOPZR0HCoIrgJBfoU0GwYqkmCAuqd4V4iATCSqdX0iHY8ycvkna9Zls1+/q03LjI4yiCA3AEKsAGZ6ABrkATtAAGj+AZvII348l4Md6Nj1lrwchn9sEfGJ8/emKXig==</latexit><latexit sha1_base64="FElZ1VQTiwG2SiAP1faFW0hndoA=">AAACCnicbVC7TsMwFHXKq5RXgJHFUCG1A1VSIcFYwcJYJPqQ2hA5jtNadZzIdoAo6szCr7AwgBArX8DG3+C2GaDlSFc6Pude+d7jxYxKZVnfRmFpeWV1rbhe2tjc2t4xd/faMkoEJi0csUh0PSQJo5y0FFWMdGNBUOgx0vFGlxO/c0eEpBG/UWlMnBANOA0oRkpLrnkYUu7ew75HBxVYSeEJ1A/sRwo+VOEtrMOqa5atmjUFXCR2TsogR9M1v/p+hJOQcIUZkrJnW7FyMiQUxYyMS/1EkhjhERqQnqYchUQ62fSUMTzWig+DSOjiCk7V3xMZCqVMQ093hkgN5bw3Ef/zeokKzp2M8jhRhOPZR0HCoIrgJBfoU0GwYqkmCAuqd4V4iATCSqdX0iHY8ycvkna9Zls1+/q03LjI4yiCA3AEKsAGZ6ABrkATtAAGj+AZvII348l4Md6Nj1lrwchn9sEfGJ8/emKXig==</latexit>



Feature Selection
• Explicitly remove features from model before training 

• Lots of heuristic techniques (no magic solutions, requires trial and error) 

• Some techniques: 

• Remove correlated features  

• Remove low-variance features 

• Iteratively add features with highest weight or information gain 

• Iteratively remove features with lowest weight or information gain 

• Dimensionality Reduction (e.g. SVD, which you are all experts in now)


