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Recitation: More on Hyperparameter 
Tuning and Model Evaluation



(Flashback) Hyperparameter Tuning in General 
(Not Just for k-NN Classifier)

1. Train classifier on proper training data using hyperparameter setting 
<latexit sha1_base64="YpDM8TQPlBY0UL9erhhacfkoSKc=">AAAB7XicbVDLSgNBEJyNrxhfUY9eBoPgKeyKr4OHgBePEcwDkiXMTnqTMbM7y0yvEJb8gxcPinj1f7z5N06SPWhiQUNR1U13V5BIYdB1v53Cyura+kZxs7S1vbO7V94/aBqVag4NrqTS7YAZkCKGBgqU0E40sCiQ0ApGt1O/9QTaCBU/4DgBP2KDWISCM7RSs4tDQNYrV9yqOwNdJl5OKiRHvVf+6vYVTyOIkUtmTMdzE/QzplFwCZNSNzWQMD5iA+hYGrMIjJ/Nrp3QE6v0aai0rRjpTP09kbHImHEU2M6I4dAselPxP6+TYnjtZyJOUoSYzxeFqaSo6PR12hcaOMqxJYxrYW+lfMg042gDKtkQvMWXl0nzrOpdVi/uzyu1mzyOIjkix+SUeOSK1MgdqZMG4eSRPJNX8uYo58V5dz7mrQUnnzkkf+B8/gClaY8s</latexit>

✓

2. Use a score function to evaluate how well the trained model predicts 
on validation data

Use classifier corresponding to whichever value of  achieves the best score
<latexit sha1_base64="YpDM8TQPlBY0UL9erhhacfkoSKc=">AAAB7XicbVDLSgNBEJyNrxhfUY9eBoPgKeyKr4OHgBePEcwDkiXMTnqTMbM7y0yvEJb8gxcPinj1f7z5N06SPWhiQUNR1U13V5BIYdB1v53Cyura+kZxs7S1vbO7V94/aBqVag4NrqTS7YAZkCKGBgqU0E40sCiQ0ApGt1O/9QTaCBU/4DgBP2KDWISCM7RSs4tDQNYrV9yqOwNdJl5OKiRHvVf+6vYVTyOIkUtmTMdzE/QzplFwCZNSNzWQMD5iA+hYGrMIjJ/Nrp3QE6v0aai0rRjpTP09kbHImHEU2M6I4dAselPxP6+TYnjtZyJOUoSYzxeFqaSo6PR12hcaOMqxJYxrYW+lfMg042gDKtkQvMWXl0nzrOpdVi/uzyu1mzyOIjkix+SUeOSK1MgdqZMG4eSRPJNX8uYo58V5dz7mrQUnnzkkf+B8/gClaY8s</latexit>

✓

For each hyperparameter setting  (in a list of hyperparameter settings 
we are willing to try):

<latexit sha1_base64="YpDM8TQPlBY0UL9erhhacfkoSKc=">AAAB7XicbVDLSgNBEJyNrxhfUY9eBoPgKeyKr4OHgBePEcwDkiXMTnqTMbM7y0yvEJb8gxcPinj1f7z5N06SPWhiQUNR1U13V5BIYdB1v53Cyura+kZxs7S1vbO7V94/aBqVag4NrqTS7YAZkCKGBgqU0E40sCiQ0ApGt1O/9QTaCBU/4DgBP2KDWISCM7RSs4tDQNYrV9yqOwNdJl5OKiRHvVf+6vYVTyOIkUtmTMdzE/QzplFwCZNSNzWQMD5iA+hYGrMIjJ/Nrp3QE6v0aai0rRjpTP09kbHImHEU2M6I4dAselPxP6+TYnjtZyJOUoSYzxeFqaSo6PR12hcaOMqxJYxrYW+lfMg042gDKtkQvMWXl0nzrOpdVi/uzyu1mzyOIjkix+SUeOSK1MgdqZMG4eSRPJNX8uYo58V5dz7mrQUnnzkkf+B8/gClaY8s</latexit>

✓

Suppose that we have a classifier with hyperparameter setting 
<latexit sha1_base64="YpDM8TQPlBY0UL9erhhacfkoSKc=">AAAB7XicbVDLSgNBEJyNrxhfUY9eBoPgKeyKr4OHgBePEcwDkiXMTnqTMbM7y0yvEJb8gxcPinj1f7z5N06SPWhiQUNR1U13V5BIYdB1v53Cyura+kZxs7S1vbO7V94/aBqVag4NrqTS7YAZkCKGBgqU0E40sCiQ0ApGt1O/9QTaCBU/4DgBP2KDWISCM7RSs4tDQNYrV9yqOwNdJl5OKiRHvVf+6vYVTyOIkUtmTMdzE/QzplFwCZNSNzWQMD5iA+hYGrMIjJ/Nrp3QE6v0aai0rRjpTP09kbHImHEU2M6I4dAselPxP6+TYnjtZyJOUoSYzxeFqaSo6PR12hcaOMqxJYxrYW+lfMg042gDKtkQvMWXl0nzrOpdVi/uzyu1mzyOIjkix+SUeOSK1MgdqZMG4eSRPJNX8uYo58V5dz7mrQUnnzkkf+B8/gClaY8s</latexit>

✓

could consist of multiple hyperparameters 
(think of  as a tuple)

<latexit sha1_base64="HPq6OeaOcPhs1LbfZWDOZLTltGs=">AAAB7XicbZDLSgMxFIYz9VbrrerSTbAIroYZqdqFi4IblxXsBdqhZNJMG5tJhuSMUIa+gxsXirj1fdz5NqbtCFr9IfDxn3PIOX+YCG7A8z6dwsrq2vpGcbO0tb2zu1feP2gZlWrKmlQJpTshMUxwyZrAQbBOohmJQ8Ha4fh6Vm8/MG24kncwSVgQk6HkEacErNXqwYgB6ZcrnlvzZsKeW/0GbwF+DhWUq9Evf/QGiqYxk0AFMabrewkEGdHAqWDTUi81LCF0TIasa1GSmJkgm287xSfWGeBIafsk4Ln7cyIjsTGTOLSdMYGRWa7NzP9q3RSiWpBxmaTAJF18FKUCg8Kz0/GAa0ZBTCwQqrndFdMR0YSCDahkQ/CXT/4LrTPXv3DPb6uV+lUeRxEdoWN0inx0ieroBjVQE1F0jx7RM3pxlPPkvDpvi9aCk88col9y3r8Aty2POA==</latexit>

✓

⚠ How we randomly split the training data into 
proper training/validation sets affects the scores we get

⚠ If the classifier’s training procedure is random, then using different 
random seeds could also change the scores we get
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✓

could consist of multiple hyperparameters 
(think of  as a tuple)

<latexit sha1_base64="HPq6OeaOcPhs1LbfZWDOZLTltGs=">AAAB7XicbZDLSgMxFIYz9VbrrerSTbAIroYZqdqFi4IblxXsBdqhZNJMG5tJhuSMUIa+gxsXirj1fdz5NqbtCFr9IfDxn3PIOX+YCG7A8z6dwsrq2vpGcbO0tb2zu1feP2gZlWrKmlQJpTshMUxwyZrAQbBOohmJQ8Ha4fh6Vm8/MG24kncwSVgQk6HkEacErNXqwYgB6ZcrnlvzZsKeW/0GbwF+DhWUq9Evf/QGiqYxk0AFMabrewkEGdHAqWDTUi81LCF0TIasa1GSmJkgm287xSfWGeBIafsk4Ln7cyIjsTGTOLSdMYGRWa7NzP9q3RSiWpBxmaTAJF18FKUCg8Kz0/GAa0ZBTCwQqrndFdMR0YSCDahkQ/CXT/4LrTPXv3DPb6uV+lUeRxEdoWN0inx0ieroBjVQE1F0jx7RM3pxlPPkvDpvi9aCk88col9y3r8Aty2POA==</latexit>

✓

⚠ How we randomly split the training data into 
proper training/validation sets affects the scores we get

⚠ If the classifier’s training procedure is random, then using different 
random seeds could also change the scores we get



Which score function is used for 
measuring accuracy matters!



Score Functions for Accuracy
What we already saw:

• Raw accuracy: fraction of predicted labels that are correct

In “binary” classification (there are 2 classes such as spam/ham) when 
1 class is considered “positive” and the other “negative”:
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Score Functions for Accuracy

In “binary” classification (there are 2 classes such as spam/ham) when 
1 class is considered “positive” and the other “negative”:

True class: +True class: −

Outlined in 
dotted black: 

predicted label + 
 

(all other points 
predicted to be −)

Recall/True 
Positive Rate: 
fraction of red 

points correctly 
predicted

Precision: 
fraction of dotted 
points correctly 

predicted

= 2/3
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• Raw accuracy: fraction of predicted labels that are correct



Score Functions for Accuracy
In “binary” classification (there are 2 classes such as spam/ham) when 
1 class is considered “positive” and the other “negative”:

True class: +True class: −

Outlined in 
dotted black: 

predicted label + 
 

(all other points 
predicted to be −)

Recall/True 
Positive Rate: 
fraction of red 

points correctly 
predicted

Precision: 
fraction of dotted 
points correctly 

predicted

= 2/3

F1 score:
2 ⨉ precision ⨉ recall

precision + recall
= 1/2

False Positive Rate: 
fraction of blue points 
incorrectly predicted

= 3/7



Generalizing F1 Score to More Than 2 Classes

• Treat class  as the positive class and compute the F1 score<latexit sha1_base64="MWsVwFkrH7KTL2QQZe5jWrcFruc=">AAAB6HicbVDLSgNBEOz1GeMr6tHLYBA8hV3xdfAQ8OIxAfOAZAmzk95kzOzsMjMrhCVf4MWDIl79JG/+jZNkD5pY0FBUddPdFSSCa+O6387K6tr6xmZhq7i9s7u3Xzo4bOo4VQwbLBaxagdUo+ASG4Ybge1EIY0Cga1gdDf1W0+oNI/lgxkn6Ed0IHnIGTVWqrNeqexW3BnIMvFyUoYctV7pq9uPWRqhNExQrTuemxg/o8pwJnBS7KYaE8pGdIAdSyWNUPvZ7NAJObVKn4SxsiUNmam/JzIaaT2OAtsZUTPUi95U/M/rpCa88TMuk9SgZPNFYSqIicn0a9LnCpkRY0soU9zeStiQKsqMzaZoQ/AWX14mzfOKd1W5rF+Uq7d5HAU4hhM4Aw+uoQr3UIMGMEB4hld4cx6dF+fd+Zi3rjj5zBH8gfP5A8fXjOs=</latexit>c

For each class  :
<latexit sha1_base64="a4vbdOm7W0qiKxKCk0S19WbJkvo=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1gEVyURXwsXhW5cVrAPaEKZTCft0MkkzEyEGvolblwo4tZPceffOGmz0NYDA4dz7uWeOUHCmdKO822V1tY3NrfK25Wd3b39qn1w2FFxKgltk5jHshdgRTkTtK2Z5rSXSIqjgNNuMGnmfveRSsVi8aCnCfUjPBIsZARrIw3sKvGY8CKsxwTzrDkb2DWn7syBVolbkBoUaA3sL28YkzSiQhOOleq7TqL9DEvNCKezipcqmmAywSPaN1TgiCo/mwefoVOjDFEYS/OERnP190aGI6WmUWAm84hq2cvF/7x+qsMbP2MiSTUVZHEoTDnSMcpbQEMmKdF8aggmkpmsiIyxxESbriqmBHf5y6ukc153r+qX9xe1xm1RRxmO4QTOwIVraMAdtKANBFJ4hld4s56sF+vd+liMlqxi5wj+wPr8Afusk0w=</latexit>

c 2 C

How do we aggregate across the different classes’ F1 scores to 
produce a single number as an overall score?

set of possible classes

 Denote the resulting F1 score as:
<latexit sha1_base64="xCokVbf80vTstxDIVjdP1g/ZWb8=">AAAB8HicbVDLSgNBEOyNrxhfUY9eBoMQL2FXfB08BATxGME8JFnD7GQ2GTIzu8zMCmHJV3jxoIhXP8ebf+Mk2YMmFjQUVd10dwUxZ9q47reTW1peWV3Lrxc2Nre2d4q7ew0dJYrQOol4pFoB1pQzSeuGGU5bsaJYBJw2g+H1xG8+UaVZJO/NKKa+wH3JQkawsdLDTdd7TMvkeNwtltyKOwVaJF5GSpCh1i1+dXoRSQSVhnCsddtzY+OnWBlGOB0XOommMSZD3KdtSyUWVPvp9OAxOrJKD4WRsiUNmqq/J1IstB6JwHYKbAZ63puI/3ntxISXfspknBgqyWxRmHBkIjT5HvWYosTwkSWYKGZvRWSAFSbGZlSwIXjzLy+SxknFO6+c3Z2WqldZHHk4gEMogwcXUIVbqEEdCAh4hld4c5Tz4rw7H7PWnJPN7MMfOJ8/wAaPuA==</latexit>

F (c)
1

Option #1: report an equally weighted average across classes
<latexit sha1_base64="EcNUVXb4xJNNwFGa57qBiQc3Nk0="></latexit>

F equally weighted
1 =

1

|C|
X

c2C
F (c)
1

Option #2: weight each class by how often it appears in the data that 
we’re evaluating the F1 score for

<latexit sha1_base64="HGL1ntptfV+kuKejxnAS4tkTYyU="></latexit>

Fweighted
1 =

X

c2C
[fraction of points in class c]⇥ F (c)

1



“Receiver Operating 
Characteristic” (ROC) Curves



Probability Thresholding

To get final predicted class of test feature vector x: 
pick whichever class has the highest probability

Recall that logistic regression predicts the probability of each class for 
any test feature vector x

Predict positive if P(positive | test feature vector x) ≥ 0.5
Predict negative otherwise

When there are 2 classes positive and negative

We can vary this 50% threshold!

(MNIST: for any test image, we predict probabilities for all 10 digits)



Binary Classification: ROC Curves

False positive rate

True 
positive 

rate

1

10

50% threshold

0% threshold

100% threshold

25% threshold

75% threshold

TPR and FPR are computed using test data



Binary Classification: ROC Curves

False positive rate

True 
positive 

rate

1

10

A classifier with the green curve is better than the 
one with the blue curve



Binary Classification: ROC Curves

False positive rate

True 
positive 

rate

1

10

It’s possible that different models are better in 
different regimes



Binary Classification: ROC Curves

False positive rate

True 
positive 

rate

1

10

The ideal curve 
(typically impossible to achieve)

Area under the 
curve (AUC) is a 

popular metric for 
comparing models 

(higher is better)



Binary Classification: ROC Curves

• For a classifier that we can set the threshold probability to different 
values, we can plot an ROC curve

• True positive rate (TPR) and false positive rate (FPR) are evaluated 
on test data

What we just saw:

Other variants are possible:

• Plot precision vs recall instead of TPR vs FPR

• Can actually plot ROC/precision-recall curves sweeping over 
hyperparameters aside from threshold probability!

• For ROC/precision-recall, rather than evaluating on test data, can 
evaluate on validation data during training to help choose 
hyperparameters



Binary Classification: ROC Curves

False positive rate

True 
positive 

rate

1

10

Different hyperparameter settings 
(need not be only for threshold probability)

Can also be computed on validation data instead of test data!



One more PyTorch thing…



Constructing PyTorch Models with nn.Module

Another way to write this (we’ll need this level of detail for next lecture):

deeper_model = nn.Sequential(nn.Flatten(), 
                             nn.Linear(in_features=784, out_features=512), 
                             nn.ReLU(), 
                             nn.Linear(in_features=512, out_features=10))

class DeeperModel(nn.Module): 
    def __init__(self, num_in_features, num_intermediate_features, num_out_features): 
        super().__init__() 
        self.flatten = nn.Flatten() 
        self.linear1 = nn.Linear(num_in_features, num_intermediate_features) 
        self.relu = nn.ReLU() 
        self.linear2 = nn.Linear(num_intermediate_features, num_out_features) 

    def forward(self, inputs): 
        flatten_output = self.flatten(inputs) 
        linear1_output = self.linear1(flatten_output) 
        relu_output = self.relu(linear1_output) 
        linear2_output = self.linear2(relu_output) 
        return linear2_output 

deeper_model = DeeperModel(784, 512, 10)


