
0.

Lecture 1: Introduction & KNNs

Jikael Gagnon (Based on slides by Sheheryar Parvaz and Shidan Javaheri)

McGill Artificial Intelligence Society

Winter 2026



1. Introduction

Who are we?



1. Introduction

lecturers

Ritchie

• From Calgary, Alberta
• Was once a MAIS student too
• Enjoys badminton

Jikael

• Graduated Fall 2025
• Starting master’s in AI for

healthcare at UofT
• Once met Christian Bale (American

Psycho) at a urinal



1. Introduction

lecturers

Ritchie

• From Calgary, Alberta
• Was once a MAIS student too
• Enjoys badminton

Jikael

• Graduated Fall 2025
• Starting master’s in AI for

healthcare at UofT
• Once met Christian Bale (American

Psycho) at a urinal



1. Introduction

lecturers

Ritchie

• From Calgary, Alberta
• Was once a MAIS student too
• Enjoys badminton

Jikael

• Graduated Fall 2025
• Starting master’s in AI for

healthcare at UofT
• Once met Christian Bale (American

Psycho) at a urinal



1. Introduction

team

https://mcgillai.com/team/2025-2026
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1. Introduction

technical project managers (TPMs)

• Antoine Dulauroy - antoine.dulauroy@mail.mcgill.ca
• Emma Kondrup - emma.kondrup@mail.mcgill.ca
• Mikael D’Agostino - mikael.dagostino@mail.mcgill.ca
• Isaac Hu - isaac.hu@mail.mcgill.ca



1. Introduction

goals

• Develop an intuition for fundamental concepts in machine learning
• Ease the transition to more advanced classes
• Learn to use standard tools
• Make friends



1. Introduction

non-goals

We prioritize intuition over mathematical rigor. Consider the more advanced
classes at McGill (such as COMP 451 or COMP551) for a more complete overview.
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class logistics

• 8 mandatory lectures covering theory
I 2 hours per week

• 3 assignments, covering the practical components
I 3-6 hours per week

• a final project, consisting of 4 deliverables and a presentation

Make sure you’ve joined Slack and MyCourses. You can find the syllabus and
roadmap under “Content”.
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announcements

• First deliverable for the final project will be uploaded tonight (due Feb 17th).
• Next lecture is in Leacock 109!



2. What is machine learning?

What is “machine learning”?



2. What is machine learning?

A model is said to learn from experience for some task, if its performance at the
task improves with experience.

∼ paraphrased from Tom Mitchell’s “Machine Learning”

http://www.cs.cmu.edu/~tom/files/MachineLearningTomMitchell.pdf

http://www.cs.cmu.edu/~tom/files/MachineLearningTomMitchell.pdf


2. What is machine learning?

A model is said to learn from experience for some task, if its performance at
the task improves with experience.

http://www.cs.cmu.edu/~tom/files/MachineLearningTomMitchell.pdf

http://www.cs.cmu.edu/~tom/files/MachineLearningTomMitchell.pdf


2. What is machine learning?

examples of tasks
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image classification

https://upload.wikimedia.org/wikipedia/commons/f/f7/MnistExamplesModified.png

https://upload.wikimedia.org/wikipedia/commons/f/f7/MnistExamplesModified.png


2. What is machine learning?

object detection

https://upload.wikimedia.org/wikipedia/commons/3/38/Detected-with-YOLO--Schreibtisch-mit-Objekten.jpg

https://upload.wikimedia.org/wikipedia/commons/3/38/Detected-with-YOLO--Schreibtisch-mit-Objekten.jpg


2. What is machine learning?

language modelling

https://chat.openai.com/

https://chat.openai.com/


2. What is machine learning?

image captioning

https://commons.wikimedia.org/wiki/File:Captioned_image_dataset_examples.jpg

https://commons.wikimedia.org/wiki/File:Captioned_image_dataset_examples.jpg


3. Supervised learning

supervised learning (at a glance)

given a set of features, predict the target
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3. Supervised learning

Features and targets can be vectors or scalars:
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Two Types of Supervised Learning



3. Supervised learning

Regression vs. Classification

https://python.plainenglish.io/regression-vs-classification-in-machine-learning-whats-the-difference-19c57837c203

https://python.plainenglish.io/regression-vs-classification-in-machine-learning-whats-the-difference-19c57837c203


3. Supervised learning

classification (example #1)

General Task: Predict some discrete label from a set of features.
Example: Predict whether a patient has diabetes (label) based on blood pressure,
BMI, and age (features).

Dataset
# Blood Pressure (x0) BMI (x1) Age (x2) label (y)
1 72 33.6 50 Diabetes
...

...
...

...
...

101 66 26.6 31 No Diabetes
...

...
...

...
...

https://www.kaggle.com/datasets/uciml/pima-indians-diabetes-database

https://www.kaggle.com/datasets/uciml/pima-indians-diabetes-database
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3. Supervised learning

classification (example # 2)

General Task: Predict some discrete label from a set of features.
Example: Predict species of Iris flower (label) based on a set of measurements
(features).

# sepal length (x0) sepal width (x1) petal length (x2) petal width (x3) label (y)
1 5.1 3.5 1.4 0.2 I. setosa
...

...
...

...
...

...
101 6.3 3.3 6.0 2.5 I. virginica
...

...
...

...
...

...

(a) Iris setosa (b) Iris versicolor (c) Iris virginica

https://archive.ics.uci.edu/dataset/53/iris

https://archive.ics.uci.edu/dataset/53/iris
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3. Supervised learning

regression

Predict a continuous value (target) from the features.



3. Supervised learning

regression (example dataset)

# med. income (x0) house age (x1) . . . pop. (x4) median price (y)
1 8.3252 41. 322. 4.562
2 8.3014 21. . . . 2401. 3.585
...

... . . .
...

...
100 7.2574 52. 496. 3.422

https://www.dcc.fc.up.pt/~ltorgo/Regression/cal_housing.html

https://www.dcc.fc.up.pt/~ltorgo/Regression/cal_housing.html


3. Supervised learning

(a) underfit (b) “good” fit (c) overfit
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3. Supervised learning

(a) degree 1 (b) degree 3 (c) degree 20



4. Unsupervised learning

unsupervised learning (at a glance)

extracting patterns from data
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unsupervised learning (at a glance)
extracting patterns from data



4. Unsupervised learning

clustering

https://commons.wikimedia.org/wiki/File:K-means_convergence.gif

https://commons.wikimedia.org/wiki/File:K-means_convergence.gif


4. Unsupervised learning

dimensionality reduction

https://github.com/probml/pyprobml/blob/master/notebooks/book1/20/pca.ipynb

https://github.com/probml/pyprobml/blob/master/notebooks/book1/20/pca.ipynb


break time, go make friends



5. KNNs

Our first “model”

, is the k-nearest neighbours algorithm,
a supervised-learning algorithm for both classification and regression.
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Notation

We denote our dataset as a set of pairs of features and labels / targets

D = {(~x(1),~y(1)), (~x(2),~y(2)), . . . , (~x(N),~y(N))}

where N is the number of pairs in the dataset.

For some 1 ≤ i ≤ N ,

~x(i) = (x(i)
0 , x(i)

1 , x(i)
2 , . . . , x(i)

n )

are the features of instance i

~y(i) = (y(i)
0 , y(i)

1 , y(i)
2 , . . . , y(i)

m )

are the labels / targets of instance i.
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5. KNNs

Toy Example: KNN for Classification

To motivate the KNN model, we will use the following dataset containing
measurements of apples and clementines:

# Diameter (x0) Weight (x1) label (y)
1 3.2 7.9 Clementine
2 6.4 10.1 Apple
...

...
...

...
30 5.3 12.2 Apple

Test Yourself: What is N?
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5. KNNs

Let’s plot this and see what it looks like:



5. KNNs

Now suppose we are given the measurements of some new mysery fruit (green
circle). Using our existing data, how could we classify it?

Notice: The measurements of our mystery fruit are closer to those of apples than
clementines.
Idea: Classify mystery fruit using the class of the nearest neighbour (ie. the closest
point in our dataset).
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5. KNNs

Using our strategy, classify this mystery fruit:

Answer: Clementine
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Using our strategy, classify this mystery fruit:

Answer: Clementine



5. KNNs

What about this one?
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What about this one?



5. KNNs

Problem: The closest fruit in our dataset is a clementine, but it feels like this
should be an apple. We need to adjust our strategy to account for these cases.

Idea: Instead of looking at one point, we can look at multiple points and pick the
most frequent. We will denote the number of neighbours we look at using k. For
example, if k = 3, then we classify new points as the class of the 3 nearest
neighbours.
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5. KNNs

Using k = 3, how should this point be classified?

Answer: Apple
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5. KNNs

And this one?

Answer: Clementine
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Answer: Clementine



5. KNNs

And this?

Answer: Apple. Yay, our problem from earlier is solved!



5. KNNs

Distance Metrics

Question: For the idea of a “nearest neighbour” to make sense, we need a notion
of distance. How should we define distance?

Answer: Any distance metric. Given two points ~x(i) = (x(i)
1 , x(i)

2 , . . . , x(i)
n ) and

~x(j) = (x(j)
1 , x(j)

2 , . . . , x(j)
n ) we have several options of distance metrics, such as:

• Euclidean distance: d(~x(i),~x(j)) =

√∑n
k=1(x

(i)
k − x(j)

k )2

• Manhattan distance: d(~x(i),~x(j)) =
∑n

k=1 |x
(i)
k − x(j)

k |
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5. KNNs

Distance Metrics: Visualized

https://subscription.packtpub.com/book/data/9781787121515/3/ch03lvl1sec33/calculating-the-distance

https://subscription.packtpub.com/book/data/9781787121515/3/ch03lvl1sec33/calculating-the-distance


5. KNNs

Recap (so far)

So far we have seen that the k-nearest neighbours algorithm allows us to classify
unlabelled data point ~x∗ by finding the k-nearest neighbours of ~x∗ in our existing
labelled data.

Algorithm: KNN Classification
Inputs: (dataset: D, k, distance metric d, unclassified point ~x∗)
Output: Our predicted class for ~x∗

Steps
1. For each point ~x(i) ∈ D, compute the distance d(x(i),~x∗) and sort them from

smallest to largest
2. Let {~x(1),~x(2), . . . ,~x(k)} be the k-nearest neighbours
3. Set the label y∗ to be the most frequent label among the set

{y(1), y(2), . . . , y(k)}
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5. KNNs

Toy Example: KNN for Regression
Suppose we are predicting someone’s weight (y) using their height (x):

Question: How can we predict the weight using a similar strategy to before?



5. KNNs

Given a height ~x∗ and k = 3, we can predict the weight by taking the average
weights of the three nearest neighbours of ~x∗:

• The three nearest neighbours are:
x(1), x(2), x(3)

• Their corresponding weights are:
y(1), y(2), y(3)

• Predicted weight:

y∗ =
1

3
(y(1) + y(2) + y(3))



5. KNNs

Recap (so far)

We have now also seen that the k-nearest neighbours algorithm allows us to
perform regression on an unlabelled data point ~x∗ by finding the k-nearest
neighbours of ~x∗ in our existing labelled data.

Algorithm: KNN Regression
Inputs: (dataset: D, k, distance metric d, unclassified point ~x∗)
Output: Our predicted value for ~x∗

Steps
1. For each point ~x(i) ∈ D, compute the distance d(~x(i), x∗) and sort them from

smallest to largest.
2. Let {~x(1),~x(2), . . . ,~x(k)} be the k-nearest neighbours
3. Set y∗ = 1

k
∑k

i=1 y(i)
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6. Considerations for KNN

feature scaling (why?)

d(~x(i),~x(j)) =

√
(x(i)

1 − x(j)
1 )2 + . . .+ (x(i)

n − x(j)
n )2

If some feature has values significantly larger than other features, then it might
“overcontribute” to the distance and “overshadow” the other features.
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6. Considerations for KNN

feature scaling (problem)

In this case, the income will contribute a lot more to the distance since the values
are much larger, this gives it more weight when computing our nearest neighbours.

# age (x0) income (x1)
1 30 100,000
2 42 40,000
...

...
...

100 23 23,000



6. Considerations for KNN

feature scaling (how to do it)

To get all the features on the same scale, we update them using the “standard
score” before doing KNN (or before using any other model). To rescale feature j
for datapoint i we subtract the mean of feature j across the whole dataset and
divide by the standard deviation:

x
′(i)
j =

x(i)
j − mean(x(1)

j , x(2)
j , . . . , x(N)

j )

stdev(x(1)
j , x(2)

j , . . . , x(N)
j )



6. Considerations for KNN

effect of k

The colour of each region tells you how a new point would be classified if it were in
that region:

k is what we call a “hyperparameter”. How can we pick k?

https://github.com/probml/pyprobml/blob/master/notebooks/book1/16/knn_classify_demo.ipynb
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7. Hyperparameter Tuning

our goal when training a model

We can choose any value of k for KNN, so how do we know which to select?

Things to keep in mind...
• We build our model based on our dataset D
• Our dataset is a small subset of the total population.

I Ex: We only had measurements of 30 apples and clementines, but there are
millions of them in the world

• We need to ensure that our model doesn’t overfit to our dataset
I ie. We need to make sure we aren’t optimizing the accuracy of our model to fit

our dataset. It should also work on new data it has never seen. In other words it
should generalize well.

Result: We should be picking the value of k that generalizes the best.
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7. Hyperparameter Tuning

Our goal is to find the value of k that generalizes the best to new data. We will do
this by testing various choices of k and picking the best one. This process is known

as hyperparameter tuning.



7. Hyperparameter Tuning

hyperparameter tuning at a high level

Hyperparameter tuning is a analagous to studying for an exam:
• When you are studying you are building your mental model (knowledge) of the

course material

• The exam tests whether your mental model generalizes to new questions

In hyperparameter tuning:
• We try a bunch of different values of k (different study strategies)
• We test each model on unseen data to see which one generalizes the best (each

study strategy writes the final exam).
• We pick the value of k that performs the best (best study strategy for exam)
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7. Hyperparameter Tuning

hyperparameter tuning: strategy # 1 - train/test split

Study strategy:
1. Read all the lecture notes
2. Do the exam and pray for the best



7. Hyperparameter Tuning

hyperparameter tuning: strategy # 1 - train/test split

• Our training set is used to create (or
“train”) the model

• Our testing set is used to test our
trained model

• Note: The split is done randomly



7. Hyperparameter Tuning

hyperparameter tuning: strategy # 1 - train/test split
Step 1: Split the data into train (orange) and test (blue) sets:
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hyperparameter tuning: strategy # 1 - train/test split
Step 2: Compute accuracy using training data only (here we have k = 3)

accuracy =
# training correctly classified

# training data points

Note: The closest point to a point in the data is itself (as seen in the diagram)!
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7. Hyperparameter Tuning

hyperparameter tuning: strategy # 1 - train/test split
Step 3: Compute accuracy for the test data. Note that the neighbours must be
elements of the training set! k is same as training, so k = 3:

accuracy =
# test correctly classified

# test data points



7. Hyperparameter Tuning

hyperparameter tuning: strategy # 1 - train/test split

Step 4: Pick the value of k that results in the best test accuracy:

https://github.com/probml/pyprobml/blob/master/notebooks/book1/16/knn_classify_demo.ipynb

https://github.com/probml/pyprobml/blob/master/notebooks/book1/16/knn_classify_demo.ipynb


7. Hyperparameter Tuning

the problem with train test split

Question: Can you spot any bias in this strategy? Is it fair to say that the model
that performed best on the test set is truly the model that generalizes the best?

Answer: The problem is that we can “overfit” to the test set. Just because our
model is good for this random test set doesn’t mean it will do well in general. Just
because a student did really well on this exam doesn’t mean they’re an expert in
the material. They could’ve just been lucky with the material they chose to study.
In a sense, the test accuracy isn’t very meaningful.
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7. Hyperparameter Tuning

hyperparameter tuning: strategy # 2 - train/test/validation split

Our previous study strategy wasn’t great. We can improve it by doing practice
problems to test our understanding. This gives us a gauge of which study strategy
is the best before the exam.



7. Hyperparameter Tuning

hyperparameter tuning: strategy # 2 - train/test/validation split

Using this improvements we can study in the following way:
1. Read all the lectures notes (each clone tries reading them in a different way)

2. Test each clone’s understanding by doing the practice problems
3. Send the clone that performs the best on the practice problems to do the exam.
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Using this improvements we can study in the following way:
1. Read all the lectures notes (each clone tries reading them in a different way)
2. Test each clone’s understanding by doing the practice problems
3. Send the clone that performs the best on the practice problems to do the exam.



7. Hyperparameter Tuning

hyperparameter tuning: strategy # 2 - train/test/validation split
Step 1: Split into train (orange), test (blue), and validation (green) sets:



7. Hyperparameter Tuning

hyperparameter tuning: strategy # 2 - train/test/validation split

Step 2: Compute validation accuracy for various choices of k and find the one
that performs the best:

(a) k = 1 (b) k = 3 (c) k = 5



7. Hyperparameter Tuning

hyperparameter tuning: strategy # 2 - train/test/validation split
Step 3: Compute the accuracy of the model on the test set using the best k from
step 2:



7. Hyperparameter Tuning

improvements from before

Question: Why is our model’s test accuracy more meaningful now?

Answer: Because we picked our model based on the validation set, so we had no
chance to overfit to the test set.



7. Hyperparameter Tuning

hyperparameter tuning: strategy # 2 - train/test/validation split

Why not pick k using the testing data?

https://www.cs.mcgill.ca/~yueli/teaching/COMP551_Fall2022/comp551_syllabus.html

https://www.cs.mcgill.ca/~yueli/teaching/COMP551_Fall2022/comp551_syllabus.html
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7. Hyperparameter Tuning

hyperparameter tuning: strategy # 3 - cross validation

Problem: We want our training data to be a representative sample of the data. In
our previous two strategies, however, we randomly split our data. We might get
unlucky in the way we split our data and get a bad sample for training.

Solution: Cross-validation



7. Hyperparameter Tuning

hyperparameter tuning: strategy # 3 - cross validation

In k-fold cross validtion we...
1. Randomly split our dataset into k

folds of equal size
2. Reserve one fold for validation and

the remaining k − 1 for training
3. Compute the validation accuracy
4. Repeat k times, using a different fold

for validation each time
5. Accuracy = average accuracy across

all folds

https://mlu-explain.github.io/cross-validation/

https://mlu-explain.github.io/cross-validation/


7. Hyperparameter Tuning

hyperparameter tuning: strategy # 3 - cross validation

Example: 3-fold cross validation for KNN with k = 1 neighbour:



8. Success Metrics

measuring model performance

How do we tell how well our model did?

Well, it depends on the task. For today,
let’s consider the example of binary classification
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8. Success Metrics

binary classification

Our model will make mistakes - but there are different kinds of mistakes.

Some mistakes can be more costly than others...
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8. Success Metrics

metrics for binary classification

Accuracy = TP+TN
(TP+FN)+(TN+FP) | Precision = TP

TP+FP | Recall = TP
TP+FN
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metrics for binary classification

Accuracy = TP+TN
(TP+FN)+(TN+FP) | Precision = TP

TP+FP | Recall = TP
TP+FN

• Precision: Of all the times the model predicted positive how often was it
actually right?
I Important when we want to be sure it never accidentally predicts a true negative

to be positive. Eg. Criminal sentencing.

• Recall: Of all the actual positive cases out there, how many did the model
find?
I Important when we want to be sure it finds all the positive cases. Eg. Cancer

screening.
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9. End

bibliography & further reading

• Infamous ML textbook (but very dense) - “Probabilistic Machine Learning:
An Introduction” by Kevin Murphy (2022)
https://probml.github.io/pml-book/book1.html
Suggested readings: chapter 16

• KNN explained in 2 minutes -
https://youtu.be/0p0o5cmgLdE?si=h5ZPLYTe3G8PYQPr

• Beautiful train/test/validation explanation -
https://mlu-explain.github.io/train-test-validation/

• Beautiful cross-validation explanation -
https://mlu-explain.github.io/cross-validation/

https://probml.github.io/pml-book/book1.html
https://youtu.be/0p0o5cmgLdE?si=h5ZPLYTe3G8PYQPr
https://mlu-explain.github.io/train-test-validation/
https://mlu-explain.github.io/cross-validation/
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