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Machine Learning
L3_Geometric view and K-NN

Data Science, Semester 6, Spring 2021

https://cloud.google.com/products/ai/ml-comic-1/



Today’s outline

• Notes on Supervised learning evaluation

• Geometric view of data

• K-nearest neighbor

• K-nearest neighbor vs Decision Trees



Real-world classification

Google has labeled training data, for example from people clicking the 
“spam” button, but when new messages come in, they’re not labeled



Experimental setup

Training
Data

past

How do we tell how well we’re doing?

future

Testing
Data

(data with labels) (data without labels)

REAL WORLD USE OF ML ALGORITHMS



Classification evaluation
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Use the labeled data we have 
already to create a test set with 
known labels!

Why can we do this?

Remember, we assume there’s an 
underlying distribution that 
generates both the training and test 
examples



Classification evaluation
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Classification evaluation
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Classification evaluation

Data Label

1

0

Pretend like we don’t 
know the labels



Classification evaluation

Data Label
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Classification evaluation

Data Label
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classifier

Pretend like we don’t 
know the labels

Classify
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Compare predicted labels 
to actual labels

How could we score 
these for classification?



Test accuracy
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To evaluate the model, compare the predicted 
labels to the actual labels

Accuracy: the proportion of 
examples where we correctly 
predicted the label



Proper testing

Training
Data

Test
Data Evaluate model

One way to do algorithm 
development:
- try out an algorithm
- evaluated on test data
- repeat until happy with results

Is this ok?

No.  Although we’re not explicitly looking at the examples, 
we’re still “cheating” by biasing our algorithm to the test data



Proper testing

Test
Data

Evaluate model

Once you look at/use test 
data it is no longer test data!

So, how can we evaluate our algorithm during development?



Development set

Labeled
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Proper testing

Training
Data

Development
Data

Evaluate model

Using the development data:
- try out an algorithm
- evaluated on development data
- repeat until happy with results

When satisfied, evaluate on test data



Proper testing

Training
Data

Development
Data

Evaluate model
Any problems with this?

Using the development data:
- try out an algorithm
- evaluated on development data
- repeat until happy with results



Overfitting to development data

Be careful not to overfit to the development data!

All
Training

Data

Training
Data

Development
Data

Often we’ll split off development data multiple times (e.g. K-fold 
cross validation) 
you can still overfit, but this helps avoid it



Machine Learning: A Geometric View



Apples vs. Bananas

Weight Color Label

4 Red Apple

5 Yellow Apple

6 Yellow Banana

3 Red Apple

7 Yellow Banana

8 Yellow Banana

6 Yellow Apple

Can we visualize this data?



Apples vs. Bananas

Weight Color Label

4 0 Apple

5 1 Apple

6 1 Banana

3 0 Apple

7 1 Banana

8 1 Banana

6 1 Apple

Turn features into numerical values

We can view examples as points in an n-dimensional space where 
n is the number of features 
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Examples in a feature space

label 1

label 2

label 3

feature1

feature2



Test example: what class?
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Test example: what class?

label 1

label 2

label 3

feature1

feature2

closest to red



Another classification algorithm?

To classify an example d:
Label d with the label of the closest example to d in 
the training set



What about this example?

label 1

label 2

label 3

feature1

feature2



What about his example?

label 1

label 2

label 3

feature1

feature2

closest to red, 
but…



What about his example?

label 1

label 2

label 3

feature1

feature2

Most of the 
next closest are 
blue



k-Nearest Neighbor (k-NN)

To classify an example d:
Find k nearest neighbors of d
Choose as the label the majority label within the k
nearest neighbors



k-Nearest Neighbor (k-NN)

To classify an example d:
Find k nearest neighbors of d
Choose as the label the majority label within the k
nearest neighbors

How do we measure “nearest”?



Euclidean distance

In two dimensions, how do we compute the distance?

(a1, a2)

(b1, b2)

D(a,b) = (a1 -b1)
2 + (a2 -b2 )2



Euclidean distance

In n-dimensions, how do we compute the distance?

(a1, a2, …, an)

(b1, b2,…,bn)

D(a,b) = (a1 -b1)
2 + (a2 -b2 )2 +...+ (an -bn )

2



Euclidean distance

In n-dimensions, how do we compute the distance?

(a1, a2, …, an)

(b1, b2,…,bn)

Measuring distance/similarity is a domain-specific 
problem and there are many, many different 
variations!



Decision boundaries

label 1

label 2

label 3

The decision boundaries are places in the features space where 
the classification of a point/example changes

Where are the decision boundaries for k-NN?



k-NN decision boundaries

k-NN gives locally defined decision boundaries between classes

label 1

label 2

label 3



Choosing k

label 1

label 2

label 3

feature1

feature2

What is the label with k = 1?



Choosing k

label 1
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label 3

feature1

feature2

We’d choose red. Do you agree?



Choosing k

label 1

label 2

label 3

feature1

feature2

What is the label with k = 3?



Choosing k

label 1

label 2

label 3

feature1

feature2

We’d choose blue. Do you agree?



Choosing k

label 1

label 2

label 3

feature1

feature2

What is the label with k = 100?



Choosing k

label 1

label 2

label 3

feature1

feature2

We’d choose red. Do you agree?



The impact of k

What is the role of k?  Defines the decision boundary, controls 
the degree of smoothing
How does it relate to overfitting and underfitting? Low k may 
lead to overfitting (decision boundary tries to separate every  
single instance), large k may lead to underfitting (decision 
boundary generalizes in the separation)
How did we control this for decision trees? E.g. with tree 
depth parameter



k-Nearest Neighbor (k-NN)

To classify an example d:
Find k nearest neighbors of d
Choose as the class the majority class within the k
nearest neighbors

How do we choose k?



How to pick k

Common heuristics:
often 3, 5, 7
choose an odd number to avoid ties

Use development data
• Experiment with different k values (using cross 

validation for example) and choose the best k (that has 
best performance measure)



k-NN variants

To classify an example d:

 Find k nearest neighbors of d

Choose as the class the majority class within the k
nearest neighbors

Any variation ideas?



k-NN variations

Instead of k nearest neighbors, count majority from all 
examples within a fixed distance

Weighted k-NN: 
Right now, all examples are treated equally
weight the “vote” of the examples, so that closer examples 
have more vote/weight



Decision boundaries for decision trees

label 1

label 2

label 3

What are the decision boundaries for decision trees like?



Decision boundaries for decision trees

Axis-aligned splits/cuts of the data

label 1

label 2

label 3



Decision boundaries for decision trees

label 1

label 2

label 3

What types of data sets will DT work poorly on?



Problems for DT



Decision trees vs. k-NN

Which is faster to train?

Which is faster to classify?

Do they use the features in the same way to label the 
examples?



Decision trees vs. k-NN

Which is faster to train?
k-NN doesn’t require any training

Which is faster to classify?
For most data sets, decision trees

Do they use the features in the same way to label the 
examples?
k-NN treats all features equally.  Decision trees “select” 
important features



Machine learning models

• Some machine learning approaches make strong assumptions 
about the data 
• If the assumptions are true it can often lead to better performance
• If the assumptions aren’t true, the approach can fail miserably

• Other approaches don’t make many assumptions about the 
data
• This can allow us to learn from more varied data
• But, they are more prone to overfitting and generally require more 

training data



Machine learning models

What are the model assumptions (if any) that k-NN and decision 
trees make about the data?



• No model assumptions: this why K-NN is called non-parametric
• It only assumes that proximity relates to class

• K-NN is an Instance-based learning algorithm: it doesn’t 
explicitly learn a model. Instead, it chooses to memorize the 
training instances which are subsequently used as 
“knowledge” for the prediction phase. 

K-NN



Decision tree model

label 1

label 2

label 3

Axis-aligned splits/cuts of the data



Bias

The “bias” of a model is how strong the model assumptions are.

low-bias classifiers make minimal assumptions about the data (k-
NN and DT are generally considered low bias)

high-bias classifiers make strong assumptions about the data
• E.g. linear classifiers 



Summary

• KNN can be used for regression

• Instead of outputing the majority class (in case of 
classification), output the mean labels of neighbors



Summary: Pros and Cons of KNN

Pros:
• Simple to understand and easy to implement. 
• KNN works just as easily with multiclass data sets whereas 

other algorithms are hardcoded for the binary setting.
• Non-parametric nature of KNN gives it an edge in certain 

settings where the data may be highly “unusual”.

Cons:
• Computationally expensive testing phase 
• KNN can suffer from skewed class distributions. For example, 

if a certain class is very frequent in the training set, it will 
tend to dominate the majority voting of the new example 
(large number = more common). 

• Accuracy can be severely degraded with high-dimension data



Summary: Pros and Cons of KNN

Cons:
• Sensitive to outliers
• Need to handle missing data before using KNN



Summary: Improvements to KNN

• For skewed class distributions:  use weighted K-NN. This 
ensures that nearer neighbors contribute more to the final 
vote than the more distant ones.

• Changing the distance metric for different applications may 
help improve the accuracy of the algorithm. (e.g. Hamming 
distance for text classification)

• Rescaling your data makes the distance metric more 
meaningful. For instance, given 2 features height and weight, 
an observation such as x=[180,70] will clearly skew the 
distance metric in favor of height. One way of fixing this is by 
normalizing data

• Dimensionality reduction techniques like PCA should be 
executed prior to appplying KNN and help make the distance 
metric more meaningful.



Extra: KNN Decision boundaries



Extra: KNN Decision boundaries



Extra: KNN Decision boundaries



Reading

A Course in Machine Learning. Hal Daumé III (HL)
• Chapter 3

Shalev-Shwartz and Ben-David (2014) Understanding Machine 
Learning: From Theory to Algorithms (MLA)

• 2.1 and 2.2


