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Administrivia שׂ ĘŝϐƀįȍŝϐƨƳȎϐɊƨƆǡƀŝŕϐƳǵǭϐǡǭǵŕȔϐƳƨϐǡǵǖŝǙȍƆǡŝŕϐƝŝįǙƨƆƨŸΥ

שׂ ùƀƆǡϐĘŝŝƙΡϐ=ƝǵǡǭŝǙƆƨŸϐȎƆǭƀϐǭŝȓǭϐŕįǭį

שׂ ³ŝȓǭϐĘŝŝƙΡϐDƆƦŝƨǡƆƳƨįƝƆǭȔϐäŝŕǵŎǭƆƳƨΠϐäŝŎƳƦƦŝƨŕŝǙϐìȔǡǭŝƦǡ

שׂ ³ŝȓǭζ³ŝȓǭϐĘŝŝƙΡϐ=ƳǵǙǡŝϐĘǙįǖζĀǖϐЏϐeƆƨįƝ

שׂ DŝįŕƝƆƨŝǡΡ
ζ mĘ͓ϐŕǵŝϐù¾±¾ää¾ĘΠϐùǵŝǡϐέ͖͐ ϐ͏͏Ρ͓͗á±

ζ ìǵŌƦƆǭϐ=ƳƨŎŝǖǭϐЏϐáǙƳŸǙįƦƦƆƨŸϐƳƨϐfǙįŕŝǡŎƳǖŝ
ζ mĘ͔ϐäŝƝŝįǡŝŕϐĘŝŕϐέ͖͑
ζ §äϐ͕ϐŕǵŝϐeǙƆϐέ͖͓ ϐ͏͏Ρ͓͗á±

שׂ ³ƳǭŝǡϐƳƨϐǭƀŝϐŝƨŕϐƳŷϐǭƀŝϐǘǵįǙǭŝǙ
ζ fǵŝǡǭϐáįƨŝƝϐMȓǭǙįϐ=ǙŝŕƆǭΡϐ±Ƴƨϐέ͖͏ ͓ϐΰŕǵǙƆƨŸϐƝŝŎǭǵǙŝα
ζ mĘ͕ϐŕǵŝϐùǵŝǡϐέ͖͏ Π͔ϐ³¾ϐ§ ùMϐD Ğì
ζ ùįƙŝζmƳƦŝϐeƆƨįƝϐMȓįƦΡϐĘŝŕϐέ͖͏ ͕ϐθùƀǵǙǡϐέ͖͏ ͖

͐



Addressing 
LR Questions
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ThinkThinkThink

ĘƀįǭϐƆǡϐǭƀŝϐǙŝǡǵƝǭϐƳŷϐįǖǖƝȔƆƨŸϐįϐŎƳƨȍƳƝǵǭƆƳƨϐǵǡƆƨŸϐǭƀƆǡϐƙŝǙƨŝƝϐ
ƳƨϐǭƀƆǡϐƆƨǖǵǭϐƆƦįŸŝΧ

Āǡŝϐȓ͏͏ ϐȟŝǙƳϐǖįŕŕƆƨŸϐįƨŕϐįϐȓ͐͐ ϐǡǭǙƆŕŝ

rƦįŸŝϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐ¥ŝǙƨŝƝ
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Pooling Another core operation that is similar to a convolution is a pool .

שׂ Idea is to down sample an image using some operation

שׂ Combine local pixels using some operation (e.g. max, min, 
average, median, etc.)

Typical to use max pool with 2x2 filter and stride 2

שׂ Tends to work better than average pool

6



Weight 
Sharing

=ƳƨǡƆŕŝǙϐǡƳƝȍƆƨŸϐįϐŕƆŸƆǭϐǙŝŎƳŸƨƆǭƆƳƨϐǭįǡƙϐƳƨϐ͐ȓ͖͐ ͖ϐƆƦįŸŝǡΟϐìǵǖǖƳǡŝϐrϐ
ȎįƨǭŝŕϐǭƳϐǵǡŝϐįϐŷǵƝƝȔϐŎƳƨƨŝŎǭŝŕϐƀƆŕŕŝƨϐƝįȔŝǙϐȎƆǭƀϐ͖͒ϐƨŝǵǙƳƨǡ

ĘƆǭƀϐ=ƳƨȍƳƝǵǭƆƳƨǡϐΰįǡǡǵƦŝϐƨϵ͏͏ Π͎ϐƨϵ͐͐ α͎

͕



Hyperparameter 
Optimization
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Transfer 
Learning

Share the weights for the general part of the network
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=ƝǵǡǭŝǙƆƨŸϐ
¾ȍŝǙȍƆŝȎ

͏͎



Recap שׂ For the past 6 weeks, we have covered different supervised 
learning algorithms

שׂ ³ƳȎΠϐȎŝσǙŝϐŸƳƆƨŸϐǭƳϐŝȓǖƝƳǙŝϐunsupervised learning methods 
ȎƀŝǙŝϐŕƳƨσǭϐƀįȍŝϐƝįŌŝƝǡϐέϐƳǵǭǖǵǭǡϐƆƨϐȔƳǵǙϐŕįǭįǡŝǭǡϐįƨȔƦƳǙŝΟ

שׂ Note that several of the concepts you learnt for supervised 
learning, such as cross-validation, overfitting, bias -variance 
tradeoff, accuracy, error, etc. no longer apply in unsupervised 
learning!
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Unsupervised 
Learning

שׂ A type of machine learning that detects underlying patterns in 
unlabeled data.

שׂ Examples of unsupervised learning tasks:
- Cluster similar articles together.

- Cluster gene sequences.

- Recommend items, searches, movies, etc.
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±§ϐáƆǖŝƝƆƨŝ
ΰìǵǖŝǙȍƆǡŝŕα

͏͑13
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ML Pipeline
(Unsupervised)
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Clustering

15

SPORTS WORLD NEWS

³ƳǭŝϐǭƀįǭϐȎŝσǙŝϐƨƳǭϐǭįƝƙƆƨŸϐįŌƳǵǭϐƝŝįǙƨƆƨŸϐǵǡŝǙϐǖǙŝŷŝǙŝƨŎŝǡϐΰȔŝǭϐθ
come back next week J). 

Our case study is document retrieval . Given that someone read a 
particular article, what similar articles would you recommend 
(without personalization)?



Labeled Data
What if the labels are known? Given labeled training data.

Can do multi -class classification methods to predict label.

However, not all articles fit cleanly into one label.

Further, oftentimes real -ȎƳǙƝŕϐŕįǭįϐŕƳŝǡƨσǭϐƀįȍŝϐƝįŌŝƝǡΟ
16

Training set of labeled docs

SPORTS WORLD NEWS

ENTERTAINMENT SCIENCE

Example of
supervised learning

SPORTS

WORLD 
NEWS

ENTERTAINMENT

SCIENCE TECHNOLOGY



ĀƨƝįŌŝƝŝŕϐ
Dįǭį

שׂ rƨϐƦįƨȔϐǙŝįƝϐȎƳǙƝŕϐŎƳƨǭŝȓǭǡΠϐǭƀŝǙŝϐįǙŝƨσǭϐŎƝŝįǙƝȔϐŕŝɊƨŝŕϐ
ƝįŌŝƝǡϐǡƳϐȎŝϐȎƳƨσǭϐŌŝϐįŌƝŝϐǭƳϐŕƳϐŎƝįǡǡƆɊŎįǭƆƳƨ

שׂ ĘŝϐϐȎƆƝƝϐƨŝŝŕϐǭƳϐŎƳƦŝϐǵǖϐȎƆǭƀϐƦŝǭƀƳŕǡϐǭƀįǭϐǵƨŎƳȍŝǙϐ
ǡǭǙǵŎǭǵǙŝϐŷǙƳƦϐǭƀŝϐΰǵƨƝįŌŝƝŝŕαϐƆƨǖǵǭϐŕįǭįϐὢΟ

שׂ =ƝǵǡǭŝǙƆƨŸϐƆǡϐįƨϐįǵǭƳƦįǭƆŎϐǖǙƳŎŝǡǡϐƳŷϐǭǙȔƆƨŸϐǭƳϐɊƨŕϐǙŝƝįǭŝŕϐ
ŸǙƳǵǖǡϐȎƆǭƀƆƨϐǭƀŝϐŸƆȍŝƨϐŕįǭįǡŝǭΟ
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Define 
Clusters

In their simplest form, a cluster is defined by

שׂ The location of its center (centroid )

שׂ Shape and size of its spread

Clustering is the process of finding these clusters and assigning 
each example to a particular cluster. 

שׂ ὼgets assigned ᾀᶰρȟςȟȣȟὯ

שׂ Usually based on closest centroid

Will define some kind of objective 

function for a clustering that determines 

how good the assignments are 

שׂ Based on distance of assigned
examples to each cluster.

שׂ Close distance reflects strong similarity between datapoints.
18



Ęƀŝƨϐ±ƆŸƀǭϐ
ùƀƆǡϐĘƳǙƙΧ

=ƝǵǡǭŝǙƆƨŸϐƆǡϐŝįǡȔϐȎƀŝƨϐŕƆǡǭįƨŎŝϐŎįǖǭǵǙŝǡϐǭƀŝϐŎƝǵǡǭŝǙǡΟ

fǙƳǵƨŕϐùǙǵǭƀϐΰƨƳǭϐȍƆǡƆŌƝŝαϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐϐfƆȍŝƨϐDįǭį

19



Not Always 
Easy

There are many clusters that are harder to learn with this setup

שׂ Distance does not determine clusters

20



pollev.com/cs416

ThinkThinkThink

שׂ Think of 1-2 problems that you might want to use clustering 

for. For each problem, describe:

- Why unsupervised learning is the right approach.

- What the input features are for the clustering algorithm.

- What clusters you hypothesize would emerge.

21

1 min



ǖƳƝƝŝȍΟŎƳƦέŎǡ͒͏͔

Group

שׂ Think of 1-2 problems that you might want to use clustering 

for. For each problem, describe:

- Why unsupervised learning is the right approach.

- What the input features are for the clustering algorithm.

- What clusters you hypothesize would emerge.

22

2 min



MƦŌŝŕŕƆƨŸϐ
ùŝȓǭϐDįǭįϐ
äŝȍƆǡƆǭŝŕ
TF-IDF

23



Converting 
Text to 
Numbers 
(Vectorizing):

Bag of 
Words

שׂ Idea: One feature per word!

MȓįƦǖƝŝΡϐρìǵǡƀƆϐȎįǡϐŸǙŝįǭΠϐǭƀŝϐŷƳƳŕϐȎįǡϐįȎŝǡƳƦŝΠϐŌǵǭϐǭƀŝϐ
ǡŝǙȍƆŎŝϐȎįǡϐǭŝǙǙƆŌƝŝρ

This has to be too simple, right?

שׂ Stay tuned (today and Wed) for issues that arise and how to 
address them J

24

sushi was great the food awesome but service terrible



Bag of Words Pros

שׂ Very simple to describe

שׂ Very simple to compute

Cons

שׂ =ƳƦƦƳƨϐȎƳǙŕǡϐƝƆƙŝϐπǭƀŝρϐįƨŕϐπįρϐŕƳƦƆƨįǭŝϐŎƳǵƨǭǡϐƳŷϐ
uncommon words 

שׂ ¾ŷǭŝƨϐƆǭσǡϐǭƀŝϐǵƨŎƳƦƦƳƨϐȎƳǙŕǡϐǭƀįǭϐǵƨƆǘǵŝƝȔϐŕŝŷƆƨŝϐįϐŕƳŎΟ

25



TF-IDF (Term 
Frequency 
Inverse 
Document 
Frequency)

Goal: Emphasize important words

שׂ Appear frequently in the document (common locally)

שׂ Appears rarely in the corpus (rare globally)

Do a pair-wise multiplication to compute the TF -IDF for each 
word

שׂ Words that appear in every document will have a small IDF 
making the TF-IDF small! 

26

tf *  idf

Term frequency =

Inverse doc freq. = log
# docs

1 + # docs using word

word counts
num words



Understanding 
IDF

27



Recall the 
Bag of 
Words 
Example 
from Lecture 
5

28

Sushi was great the food awesome but service terrible rancid

1 3 1 2 1 1 1 1 1 0

1 1 0 1 1 0 0 0 1 1

Review

ñSushi was great, the food was awesome, but the service 

was terribleò

ñTerrible food; the sushi was rancid.ò

Note that if we divide the Bag of Words embedding by the num words 
in the document, we get the TF!



pollev.com/cs416

ThinkThinkThink

שׂ Which word(s) have the largest IDF? Which word(s) have the 
smallest IDF?

29

1 min

Review

ñSushi was great, the food was awesome, but the service 

was terribleò

ñTerrible food; the sushi was rancid.ò

Sushi was great the food awesome but service terrible rancid

1 3 1 2 1 1 1 1 1 0

1 1 0 1 1 0 0 0 1 1

Note that if we divide the Bag of Words embedding by the num words 
in the document, we get the TF!
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Group

30

2 min

Review

ñSushi was great, the food was awesome, but the service 

was terribleò

ñTerrible food; the sushi was rancid.ò

Sushi was great the food awesome but service terrible rancid

1 3 1 2 1 1 1 1 1 0

1 1 0 1 1 0 0 0 1 1

שׂ Which word(s) have the largest IDF? Which word(s) have the 
smallest IDF?

Note that if we divide the Bag of Words embedding by the num words 
in the document, we get the TF!



Brain BreakBrain BreakBrain Break
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K-Means 
Clustering

32



K-Means
Clustering
Algorithm

שׂ We define the criterion of assigning point to a cluster based 
on its distance.

שׂ Shorter distance => Better Clustering

33

Algorithm
Given a dataset of n datapoints and a particular choice of k

Step 0: Initialize cluster centroids randomly 

Repeat until convergence:
Step 1: Assign each example to its closest cluster centroid
Step 2: Update the centroids to be the average of all the points

assigned to that cluster



Step 0 Start by choosing the initial cluster centroids 

שׂ A common default choice is to choose centroids ‘ȟȣȟ‘
randomly

שׂ Will see later that there are smarter ways of initializing

34

‘

‘

‘



Step 1
Assign each example to its closest cluster centroid

For  É= 1 to n

ᾀᴺÁÒÇÍÉÎ
ᶰ

‘ ὼ

35



Step 2
Update the centroids to be the mean of points assigned to that cluster.

‘
В ᾀ Ὦὼ

В ᾀ Ὦ

Computes center of mass for cluster!

36



Repeat
until 
convergence

Repeat Steps 1 and 2 until convergence

37



k-Means 
Stopping 
Condition

Stopping conditions

שׂ =ƝǵǡǭŝǙϐįǡǡƆŸƨƦŝƨǭǡϐƀįȍŝƨσǭϐŎƀįƨŸŝŕ

שׂ =ŝƨǭǙƳƆŕǡϐƀįȍŝƨσǭϐŎƀįƨŸŝŕ

שׂ Some number of max iterations
have been passed

What will it converge to?

- Local optima

- Global optima

- Neither

38



Visualizing k-
Means

39
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ThinkThinkThink

שׂ What cluster assignment would result from these centroids?

40

1 min

Centroids (D)

(C)(B)(A)
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Group

41

1 min

Centroids (D)

(C)(B)(A)

שׂ What cluster assignment would result from these centroids?
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ThinkThinkThink

שׂ In what direction would each of the centroids (roughly) move?

42

1 min

Cluster Assignments

(A) (B) (C)

(D)
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Group

43

2 min

Cluster Assignments

(A) (B) (C)

(D)

שׂ In what direction would each of the centroids (roughly) move?



44

No more 

changes
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Different k gives different results



Effect of 
Initialization

46
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Initialization Final Clusters

Different initialization can give different results
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ThinkThinkThink

שׂ ĞƳǵϐįǙŝϐŎƝǵǡǭŝǙƆƨŸϐƨŝȎǡϐįǙǭƆŎƝŝǡϐǵǡƆƨŸϐǭƀŝϐŷŝįǭǵǙŝǡϐπάϐǡǖƳǙǭρϐįƨŕϐπάϐ
ƆƨƖǵǙȔΟρϐmƳȎϐȎƳǵƝŕϐȔƳǵϐƆƨǭŝǙǖǙŝǭϐǭƀŝǡŝϐŎƝǵǡǭŝǙǡΧ

שׂ πùƀƆǡϐƆǡϐįϐŎƝǵǡǭŝǙϐƳŷϐΤδǡƳƦŝϐŎƀįǙįŎǭŝǙƆȟįǭƆƳƨεΤϐįǙǭƆŎƝŝǡΟρ

48

1 min

Initialization Final Clusters
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Group

49

2 min

Initialization Final Clusters

שׂ ĞƳǵϐįǙŝϐŎƝǵǡǭŝǙƆƨŸϐƨŝȎǡϐįǙǭƆŎƝŝǡϐǵǡƆƨŸϐǭƀŝϐŷŝįǭǵǙŝǡϐπάϐǡǖƳǙǭρϐįƨŕϐπάϐ
ƆƨƖǵǙȔΟρϐmƳȎϐȎƳǵƝŕϐȔƳǵϐƆƨǭŝǙǖǙŝǭϐǭƀŝǡŝϐŎƝǵǡǭŝǙǡΧ

שׂ πùƀƆǡϐƆǡϐįϐŎƝǵǡǭŝǙϐƳŷϐΤδǡƳƦŝϐŎƀįǙįŎǭŝǙƆȟįǭƆƳƨεΤϐįǙǭƆŎƝŝǡΟρ



Effect of 
initialization

What does it mean for something to converge to a local optima?

שׂ Some initialization can be bad and affect the quality of clustering

שׂ Initialization will greatly impact results!

50



Smart 
Initializing w/ 
k-means++

±įƙƆƨŸϐǡǵǙŝϐǭƀŝϐƆƨƆǭƆįƝƆȟŝŕϐŎŝƨǭǙƳƆŕǡϐįǙŝϐπŸƳƳŕρϐƆǡϐŎǙƆǭƆŎįƝϐǭƳϐŷƆƨŕƆƨŸϐ
quality local optima. Our purely random approach was wasteful 
ǡƆƨŎŝϐƆǭσǡϐȍŝǙȔϐǖƳǡǡƆŌƝŝϐǭƀįǭϐƆƨƆǭƆįƝϐŎŝƨǭǙƳƆŕǡϐǡǭįǙǭϐŎƝƳǡŝϐǭƳŸŝǭƀŝǙΟ

Idea: Try to select  a set of points farther away from each other.

k-means++ does a slightly smarter random initialization 

1. Choose first cluster ‘ from the data uniformly at random

2. For each datapoint ὼȟcompute the distance between ὼand 
the closest centroid from the current set of centroids (starting 
with just ‘). Denote that distance Ὠὼ .

3. Choose a new centroid from the remaining data points, where 
the probability of ὼbeing chosen is proportional to Ὠὼ .

4. Repeat 2 and 3 until we have selected Ὧcentroids.

51



k-means++ 
Example

Start by picking a point at random

Then pick points proportional to their distances to their centroids

This tries to maximize the spread of the centroids!
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k-means++
Pros / Cons

Pros

שׂ Improves quality of local minima 

שׂ Faster convergence to local minima

Cons

שׂ Computationally more expensive at beginning when 
compared to simple random initialization
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Assessing 
Performance
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Which Cluster?
ĘƀƆŎƀϐŎƝǵǡǭŝǙƆƨŸϐȎƳǵƝŕϐrϐǖǙŝŷŝǙΧ

DƳƨσǭϐƙƨƳȎΠϐǭƀŝǙŝϐƆǡϐƨƳϐπǙƆŸƀǭϐįƨǡȎŝǙρϐƆƨϐŎƝǵǡǭŝǙƆƨŸϐΟ

DŝǖŝƨŕǡϐƳƨϐǭƀŝϐǖǙįŎǭƆǭƆƳƨŝǙσǡϐŕƳƦįƆƨζǡǖŝŎƆɊŎϐƙƨƳȎƝŝŕŸŝϐįƨŕϐ
ƆƨǭŝǙǖǙŝǭįǭƆƳƨϐƳŷϐǙŝǡǵƝǭǡΥ
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