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Addressing
LR Questions
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Another core operation that is similar to a convolution is a pool.
Idea is to down sample an image using some operation

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

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

—_—

Tends to work better than average pool
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max pool with 2x2 filters
and stride 2 6|8
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Weight
Sharing
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Hyperparameter
Optimization

How do we choose hyperparameters to train
and evaluate?

o 0,0 o

SN s 'S \ Hyperparameters
L @ @ ® © 7 on 2d uniform grid
® .a L]
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Random search: °* ome’

® 0 ® ® . Hyperparameters
° randomly chosen
® o ® 7

Bayesian Optimization: @‘%@
e, %o @

Grid search:

A

"~ Hyperparameters

(7]
o O ¢ adaptively chosen
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Transfer Share the weights for the general part of the network
Learning

Neural net trained for Task 1: cat vs. dog /
13 \
13 dense S
z ] Use simple classifier
pootg T e.g., logistic regression,
SVMs, nearest neighbor,...
JL J
Y
More generic Very specific
Can be used as feature extractor toTask 1
Should be ignored

for other tasks

Keep weights fixed!







For the past 6 weeks, we have covered different supervised

learning algorithms

3 YOne 0s cUs 8 Y Y supadvisad Eeariing Nnéeticis
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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!




U nsuperVised A type of machine learning that detects underlying patterns in
Learning unlabeled data.

Examples of unsupervised learning tasks:
Cluster similar articles together.

Coupled indoor navigation for people who are blind
A Nanavati, XZ Tan, A Steinfeld - Companion of the 2018 ACM/IEEE ..., 2018 - dl.acm.org

This paper presents our design of an autonomous navigation system for a mobile robot that

guides people who are blind and low yisign.ig indoor settings. It begins by presenting user ...

Q. unsupervised| v¢ Save 99 Cite Cited by 11 <Ee|ated articles )

O, unsupervised learning Cluster gene seqqgr;\

O, unsupervised recommender system ) HHHE%HHH! ! 1 ““

O, unsupervised learning recommendation system )

Q. unsupervised learning example h LU |

Q. unsupervised machine learning . Dl | L. .

O, unsupervised ”“““““! I FRITE]IH ! THE ]“

O, unsupervised learning algorithms Recom mend items, searches movies, etc.
Unsuperwsed Products related to this item Page 10f 35
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- Deployment Bias

- Historical Bias
- Representation Bias

- Measurement Bias Optimization

algorithm




ML Pipeline
(Unsupervised)

-Hi stori cal
-Represent at
-Measur ement

Optimization

algorithm
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Clustering

WORLD NEWS

3Y(0860bj 06050U862Y0680] NkDJ2VYBj®DYgyo
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.

WORD

However, not all articles fit cleanly into one label.

Further, oftentimes real-OYUNf 8f j 0] 6f Y8 &
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In their simplest form, a cluster is defined by

Define The location of its center (centroid )

Clusters

Shape and size of its spread

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

o gets assigned a ¥ phchB hQ

Usually based on closest centroid .

Will define some kind of objective

function for a clustering that determines

how good the assignments are

Based on distance of assigned .

examples to each cluster.

Close distance reflects strong similarity between datapoints.
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Not Always There are many clusters that are harder to learn with this setup

Easy Distance does not determine clusters
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@ Poll Everywhere

Thnk n&k

1 min

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.



@ Poll Everywhere

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.
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Converting
Textto
Numbers
(Vectorizing):

Bag of
Words

Idea: One feature per word!

MFfj RONSPBpi ganbd60j a6YUSj oNneoghse
as50000560] a89o35UUDONS D
sushi | was | great | the | food | awesome | but | service | terrible
I S I T B B | l \ [

This has to be too simple, right?

Stay tuned (today and Wed) for issues that arise and how to

address them J

L)



Bag of Words Pros
Very simple to describe

Very simple to compute

Cons
=YRRY26O0OYUf aBNOKkSEBTTODSEpB] 2af BT] p
uncommon words
%9 082686000a8690hs8863gaOYRRY280OYUfasod




TF-IDF (Term
Frequency
Inverse
Document
Frequency)

° C.c’f‘{) @ws of 10 00 Aoc_u\mev\-&_g
e “the" o« TS SNV doc A LOO YivwmeS
Goal: Emphasize important words

Appear frequently in the document (common locally)

’TF<'\"\'\‘Q (74 \\ -
T F-= Termfrequency = word counts ‘LDU

num words \th«’C‘S
Appears rarely in the corpus (rare globally)
F A <
TOF=Inversedocfreq. = [ldg }— o> .
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idf

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

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



Understanding
IDF
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= Review
»Ys OO
ASushi was great, the food
O1'C was terriblebd
- olls nTerrible food: t he sushi \
. [ )

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

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




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

1) Po . are smallest IDF?
Review
& ASushi was great, the food

was terriblebo

AnTerri ble food; t he sushi \

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

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




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

1) Po : : smallest IDF? Red = \ow
Review ce =W Vel
082 8 Gveern=h's
U L2 fSushi was great, the food |was aweso
was terrible
ATerrible food; the sushi \
Note that if we divide the Bag of Words embedding by the num words
in the document, we get the TF!
Sushi pywas/(great “)(the @ eso @ ervic <@ fancid 3
1 1 2 1 1 1 1 1 0
1 0 1 1 0 0 0 1 1
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K-Means We define the criterion of assigning point to a cluster based

Clustering on its distance.
A|g0r|th m Shorter distance => Better Clustering

OW\“C v
yper €27
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Algorithm
Given a dataset of n datapoints and a particular choice of k

Step O: 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




Start by choosing the initial cluster centroids

A common default choice is to choose centroids ¢ 8 H
randomly

Will see later that there are smarter ways of initializing




Vorono: Tesselation
Assign each example to its closest cluster centroid

For EE1ton
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Update the centroids to be the mean of points assigned tthat cluster.
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Repeat Repeat Steps 1 and 2 until convergence
until

convergence




k-Means Stopping conditions
' =NgaosUej aadoYeRS8e(a j 0820Q060bj 2VYs
oppmg 6 9] 6D 6 Ob
Condition =820U0Y0OfaBbj 08200860 .
Some number of max iterations
have been passed

What will it converge to?
Local optima v
~Stobateptma
Neijther




Visualizing k-

KMeans Iteration: Total Within Cluster Sum of Squares:
Means -
200k |
150k |
100k |
50k |
0 2 3 G . 10

Kmeans Iterations




@ Poll Everywhere
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What cluster assignment would result from these centroids?
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@ Poll Everywhere

Group 252
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What cluster assignment would result from these centroids?

Xo! latitude -~

x1: longitude

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

Think &

@ Poll Everywhere N “’

1 min g
x1: longitude
Cluster Assignments (D)

(A) (B) (C)




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

Group 252

@ Poll Everywhere N “’

xo: latitude -

7 ©

x1: longitude
Cluster Assignments (D) X
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Xxo: latitude .' .

NO more
changes

X1: longitude
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Effect of
Initialization
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Different initialization can give different results
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Effect of
Initialization

What does it mean for something to converge to a local optima?
Some initialization can be bad and affect the quality of clustering

Initialization will greatly impact results!

15 T T T T T T T T 15
. ®
10 L 10 | L
.... ....
5 . 5 ®
v i B e
0 .- ,.'. - % o .- ’ 8.. %
. '.* q- . ] '.. *‘ . @»
‘e .
. .
-5 .. .. * . * =5} ...’ .' ° ® ‘
. ...#. ¢ .'.”.
. 1‘+ o o 98
Moo 5 5 2 0 2 2 ¢ & Yo s 6 9 3 0 2 4 & s
15 i 15
. ®
10 .4 10+ [
* . ° ®
. ob e o®
5 . 5 @
L I * @
oo e @ o ® =
» '.,' o’ * f.,' o”
0 PN CR 0 %
+ ..d... o @ . o 4 e e
. .
. . o . o9 @ e o °
= " . -5 F
* ..: » * .l:‘.‘.
"o . o o @8 °
=10 L y =10 L




+j k0aYB8agUs8obs86022200] NOhsrfr80sezoU
guality local optima. Our purely random approach was wasteful

Smart 4020860004605 0080Yaa00N3BGD| 068222
Initializing w/

k_ means++ 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 hcompute the distance between ¢ and
the closest centroid from the current set of centroids (starting
with just ‘ ). Denote that distance Q w .

3. Choose a new centroid from the remaining data points, where
the probability of @ being chosen is proportional to ‘A w) .

4. Repeat 2 and 3 until we have selected ‘Qcentroids.




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
Pros / Cons Improves quality of local minima

Faster convergence to local minima

Cons

Computationally more expensive at beginning when
compared to simple random initialization




Assessing
Performance
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