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Lecture 11: Hyperparameter tuning, 
decision trees & forests, classifier evaluation



HW1 Questionnaire Results I



HW1 Questionnaire Results II

In the free response part of the questionnaire, some students said 
that the pacing of lectures is too fast
⟹However, this plot suggests that the pacing is actually okay 

(so I won’t really be trying to speed up or slow down the pacing)



HW1 Questionnaire Results III



HW1 Questionnaire Results IV

If you are over here, I recommend that you swing by TA or my 
office hours to discuss how you approach coding/debugging

Most students finished 
within ~10 hours

Note: in the free response part of the 
questionnaire, some students complained that 
HW1 is too long or too difficult, but actually 

most students are not finding it to be too difficult



HW1 Questionnaire V
# of students who have no previous ML/deep learning experience
⇒ Most 95-865 students have already taken ML/deep learning

Unfortunately, I do think that students who 
haven’t taken an ML/deep learning course before 

are at a disadvantage but I don’t have a simple 
solution for this issue (happy to discuss though in 

my office hours to get more feedback)



HW1 Questionnaire VI
• Many students want more code demos

• Many students want more math

• I already average about 1 per lecture…not easy to get more in
• It’s important that you learn to not only find other demos 

yourself but to create your own demos

• Please make use of supplemental reading
• You can also swing by my office hours if you want to discuss 

technical details beyond the scope of the course
• Why isn’t homework worth more?

• Historically, even back when we graded HW purely on accuracy, 
everyone gets perfect or near perfect HW scores

• However, even for students who get perfect HW scores, many 
cannot answer basic conceptual or coding questions on quizzes

• Keep in mind: letter grades for 95-865 are assigned based on a curve



Quiz 1

• Mean: 78.2
• Standard deviation: 13.9
• Max score achieved: 100 (achieved by 2 students)
• Note: students impacted by the code bug were given 5 bonus points 

(check your 2(b)-i score)
We realize that this resolution is not perfect — we do not know how many 
points students who encountered the bug would have gotten if there wasn’t 
a bug & we do not know how much time was lost (it varied across students)



Quiz 1 Regrade Requests (Due Wed Apr 19, 11:59pm)

1. Please read the solutions very carefully 
(you get it where you downloaded the quiz)

2. If you think there is a genuine error in how your quiz was graded, 
then write me an email saying exactly what you think the error is 
and how many points are at stake

(a) We will regrade your entire quiz
(b) Your score can go up (which will be what mostly happens if 

there is a genuine grading error), go down, or stay the same
(c) The regraded score is final; we do not take second regrade 

requests on the same assignment
Important: We aim to be fair in grading so that everyone who makes the 
same partial progress or mistake gets the exact same number of points

If you feel like a part was graded harshly and that is why you want a regrade, 
this will typically not result in a score change (everyone else who made the 

same partial progress/mistake was awarded the same amount of credit)

(You can focus on your taxes first!)



(Flashback) k-fold Cross-Validation
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1. Shuffle data and split them into 5 (roughly) equal size portions
2. For each of the equal sized portions: 

(a) Treat the current portion has the validation data and the rest as 
proper training data 
(b) Train on the proper training data, predict on the validation data 
(c) Compute prediction error

3. Compute average prediction error

k = 5

not the same k as in k-means or k-NN classification

“cross validation score”

You need to specify how to 
measure prediction error!



Cross-Validation Remarks
• k-fold cross-validation is a randomized procedure

• Suppose there are n training data points and k folds
• If we are trying 10 different hyperparameter settings, 

how many times do we do model fitting?

• How many training data are used in each model fit during 
cross-validation?

Re-running CV results in different cross-validation scores!

• If k = n, would re-running cross-validation result in different 
cross-validation scores?

If this number is similar in size to n, CV can overfit!

Smaller # folds typically means faster training

10k

[(k−1)/k]n

For deterministic training procedure: same CV result for 
k = n (since shuffling doesn’t matter)

Tradeoff: often, training using less data results in a less accurate model



How do we measure prediction error/accuracy?



Different Ways to Measure Accuracy
Simplest way:
• Raw error rate: fraction of predicted labels that are wrong 

(this was in our cross validation example earlier)

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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Different Ways to Measure Accuracy
Simplest way:
• Raw error rate: fraction of predicted labels that are wrong 
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F1 score:
2 ⨉ precision ⨉ recall

precision + recall

= 2/5

= 1/2

False Positive Rate: 
fraction of blue points 
incorrectly predicted

= 3/7
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Decision Trees & Forests

One more class of models before we cover neural nets & deep learning…

Decision trees & forests help illustrate important model evaluation ideas

These models often work very well (especially so with smaller datasets)



Example Made-Up Data

Age (years)

Weight (lb)

4030 5020

100

200

300

Red: diabetic
Blue: not diabetic



Example Decision Tree

Age > 40?

Weight > 200?Age > 30?

no yes

no yes no yes

diabeticnot 
diabetic

diabeticnot 
diabetic



Learning a Decision Tree
1. Pick a random feature 
(either age or weight)

2. Find threshold for which red and blue are as “separate as possible” 
(on one side, mostly red; on other side, mostly blue)

210

Age (years)

Weight (lb)

4030 5020

100

200

300

Red: diabetic
Blue: not diabetic



Learning a Decision Tree

Age (years)

Weight (lb)

4030 5020

100

200

300

Within each side, recurse until a 
termination criterion is reached!

Example termination criteria: ≥90% points within region has same label,
number of points within region is <5

210
35

145
3929

Note: label within each region is majority vote

Red: diabetic
Blue: not diabetic



Decision Tree Learned
Weight > 210?

Age > 35?Weight > 145?

no

diabeticnot 
diabetic

not 
diabetic Age > 39?

Age > 29?

yes

no yes no yes

not 
diabetic

no yes

not diabetic
no yes

diabetic
For a new person with feature vector (age, weight), easy to predict!



Decision Forest for Classification

New test data point

Tree 1 Tree 2 Tree T…Tree 3

diabetic not 
diabetic

diabeticdiabetic

Final prediction: majority vote of the different trees’ predictions

Learn each tree 
separately using same 

training data

• Typically, a decision tree is learned with randomness 
(e.g., we randomly chose which feature to threshold)
➔ by re-running the same learning procedure, we can get 

different decision trees that make different predictions!
• For a more stable prediction, use many decision trees



Decision Forest for Classification
New test data point

Tree 1 Tree 2 Tree T…Tree 3

diabetic not 
diabetic

diabeticdiabetic

Important: for this strategy of training many trees to be beneficial, 
the trees need to be different!

Adding randomness can make trees more different!

Random Forest: randomize training data used for each tree, 
randomly choose a few features to try to split on 
(and among these features, choose the best one to split on)

Randomly sample 
(with replacement) 

n points
n training 

data 
points

Randomizing training data this 
way is called bagging

(bootstrap aggregating)



Basic Predictive Data Analytics Ideas

Demo


