CS 540 Introduction to Artificial Intelligence
Machine Learning Overview
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Announcements

« HW2 due on Friday, September 26th at 11:59 PM
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Today’s outline

* What is machine learning?
* Supervised Learning

* Classification

* Regression
* Unsupervised Learning

* Clustering

* Self-Supervised Learning

* Reinforcement Learning



. —p 2 . - . - — - . '
. " v ;> b : - - > g < - ¥ . . . - . - - - X - E - - e : -
N Rt e T e s gR R - . b . 2 A SIS Xy SIS s SO TS
- - - " - - - - - ) 4 . - . .. o — - - . = -
T P _~ o R g e T ey y gy
- -‘ - v - " - e . = 4 )
.‘a .,;‘lm -'-.0_\‘-. 0 0t
) - Rt
|
A =)

. T

‘,.‘ 'Y "-
- 2% v c\ £l — N s . - v - - i
R T .=‘.:\,. RUESEE L o ST S "'-f.‘_'!:\’u-' R

s n
(VLIS R im0

Part |I: What is machine learning?



e P “
— -~ - w .'
= v ""\' e
e | il ]
':' l & =, [
. ‘\ 3
NS i
: "‘v ..v
r:' . ouy,.
Y {

HUMANS LEARN FROM MACHINES FOLLOW INSTRUCTIONS
PAST EXPERIENCES GIVEN BY HUMANS



What is machine learning?

* Arthur Samuel (1959): Machine learning is the field of study that gives the
computer the abillity to learn without being explicitly programmed.




Without Machine Learning With Machine Learning

VERY SPECIFIC
INSTRUCTIONS

https://tung-dn.github.io/programming.htmi



What is machine learning?

* Arthur Samuel (1959): Machine learning is the field of study that gives the
computer the abillity to learn without being explicitly programmed.

* Tom Mitchell (1997): A computer program is said to learn from experience
E with respect to some class of tasks T and performance measure P, if its
performance at tasks in T as measured by P, improves with experience E.




Supervised
Learning

Taxonomy of ML

Unsupervised
Learning

Reinforcement

Learning




Al —a . di oo

- - - ) : - 9 - - e . 1 - . e - - ol » -.,-..' - - . '
T SN $ 3 ™ i~ _— - o E ' R . e s -2 T L P R G Sy o 0 W T 27 e -, oot e o s
e e X R W "ot S TR, " o | BN X : - BLASsS N AT ST
- —p - apnd « P - g ¥ i - 3 e o qaa o N I ey ool . : g - » LN Jid
- - e A e : " . — - o ~ - 5
e £ e -~ A s, ey : e -« e R A

‘v.‘ T v , - ol :‘ 4 *
- B &, e T Vit is U "'-{'\K F Ve
: = N o i

. T

s nn
081 8 8 -0 1§

Part |I: Supervised Learning



Example 1: Predict whether a user likes a song or not
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Example 1: Predict whether a user likes a song or not
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Example 2: CIaSSify ImageS http://www.image-net.org/




Example 2: Classify Images




Example 2: Classify Images

[/

learning (i.e.,training)¢

——>




Label: outdoor

Label: indoor

testing

) performance



How to represent data?
Input data

Y E Rd Intensity

d : feature dimension

xl Tempo
X2 | Intensity

There can be many features!

Relaxed Fast

Tempo



How to represent data?

Label Intensity

y € {0,1}

T

Where “supervision”
comes from

Relaxed




Represent various types of data

* Image
- Pixel values

* Bank account

- Credit rating, balance, # deposits in last day, week,
month, year, #withdrawals



Two Types of Supe

Classification




Example of regression: housing price prediction

Given: a dataset that contains n samples

(X1, Y1), (X2,¥2), -+, (X, Yn) B Price ¢

Task: 1f a residence has x square
feet, predict the price

Square feet



Example of regression: housing price prediction

Given: a dataset that contains n samples ®
(X1, ¥1), (X2, ¥2), -+, (X0, Yn)

Task: 1f a residence has x square
feet, predict the price

y € R

Square feet



Example of regression: housing price prediction
b 4

Input with more features (e.g., lot size)

(size, lot size) — price
H_/ H/_/

features/input label/output
x € R? y € R

(credit: stanford CS229)



Supervised Learning: More examples

X = raw pixels of the image vy = bounding boxes

Kit fox

Russakovsky et al. 2015

airplane



Two Types of Supe

Classification

* the label is a discrete variable

y € {1,2,3,...,K}




Training Data for Supervised Learning

Training data is a collection of input instances to the
learning algorithm:

(xl; yl)' (XZJ yZ)l (XBJ yB)' ) (Xn, yn)

iInput label

The training data is the “experience” given to a learning algorithm



Goal of Supervised Learning

Given training data

(X1, Y1), (X2, ¥2), (X3,¥3), -+ » (X0, Vi)

Learn a function mapping f: X — Y, such that f (x)
predicts the label y on future data x (not in training data)



Goal of Supervised Learning

Training set error

n
* 0-1 loss for classification £ = % Z 1{f(Xi) 7 Yi}

* Squared loss for regression: £ = ; Z (f(Xl) — 3’1‘)2
1=1

A learning algorithm optimizes the training objective

f* = argmin Eqyy 2(f (%), 5)  rectres )



Quiz Break

Q1-1: Which 1s true about feature vectors?

A. Feature vectors can have at most 10 dimensions

B. Feature vectors have only numeric values

C. The raw 1image can also be used as the feature vector
D. Text data don’t have feature vectors



Quiz Break

Q1-1: Which 1s true about feature vectors?

A. Feature vectors can have at most 10 dimensions
B. Feature vectors have only numeric values
C. The raw 1mage can also be used as the feature vector

D. Text data don’t have feature vectors

A. Feature vectors can be high dimensional
B. Some feature vectors can have other types of values like strings
D. Bag-of-words 1s a type of feature vector for text



Quiz Break

Q1-2: Which of the following 1s not a common task of supervised
learning?

A. Object detection (predicting bounding box from raw 1mages)
B. Classification

C. Regression

D. Dimensionality reduction



Quiz Break

Q1-2: Which of the following 1s not a common task of supervised
learning?

A. Object detection (predicting bounding box from raw 1mages)
B. Classification

C. Regression

D. Dimensionality reduction
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Part |I: Unsupervised Learning
(no teacher)



Unsupervised Learning

* Given: dataset contains no label X{,X,,...,Xn
* Goal: discover interesting patterns and structures in the data



Unsupervised Learning

* Given: dataset contains no label X1,X>,..., Xy
* Goal: discover interesting patterns and structures in the data

Intensity ® o




Unsupervised Learning

* Given: dataset contains no label X1,X>,..., Xy
* Goal: discover interesting patterns and structures in the data

Intensity ® o




Clustering

* Given: dataset contains no label X1, X>,..., Xy,

* Output: divides the data into clusters such that there are
Intra-cluster similarity and inter-cluster dissimilarity

Intensity

Tempo



Clustering

Clustering Irises using three different features

The colors represent clusters identified by the algorithm, not y's provided as input



Clustering

* You probably have >1000 digital photos stored on your phone

* After this class you will be able to organize them better
(based on visual similarity)
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Clustering Genes

Cluster 1 Cluster 7
e, W i, ¥, e, | msling, s, { cusiien { sanahan,

Genes

Individuals

ldentifying Regulatory Mechanisms using Individual Variation Reveals Key Role for Chromatin
Modification. [Su-In Lee, Dana Pe'er, Aimee M. Dudley, George M. Church and Daphne Koller. '06]



Clustering Words with Similar Meanings

- E.mr_,' Math Physics Chemistry Biology
nu ry imm ems
nucl sSics Iﬂﬂrga suy
pa Sics : :
cloct fin chemi eenng

| Arora-Li-Liang-Ma-Risteski, TACL’17,18]



How do we perform clustering?

Many clustering algorithms.
We will look at the two most frequently used ones:

* K-means clustering. we specify the desired number of
clusters, and use an iterative algorithm to find them

* Hierarchical clustering:. we build a binary tree over the
dataset



Quiz Break

Q2-1: Which 1s true about machine learning?

A. The process doesn’t involve human nputs
B. The machine 1s given the training and test data for learning
C. In clustering, the training data also have labels for learning
D. Supervised learning involves labeled data



Quiz Break

Q2-1: Which 1s true about machine learning?

A. The process doesn’t involve human inputs
B. The machine 1s given the training and test data for learning
C. In clustering, the training data also have labels for learning
D. Supervised learning involves labeled data

A. The labels are human mputs
B. The machine should not have test data for learning

C. No labels available for clustering



Quiz Break

Q2-2: Which 1s true about unsupervised learning?

A. There are only 2 unsupervised learning algorithms

B. Kmeans clustering 1s a type of hierarchical clustering

C. Kmeans algorithm automatically determines the number of clusters k
D. Unsupervised learning 1s widely used in many applications



Quiz Break

Q2-2: Which 1s true about unsupervised learning?

A. There are only 2 unsupervised learning algorithms

B. Kmeans clustering 1s a type of hierarchical clustering

C. Kmeans algorithm automatically determines the number of clusters k
D. Unsupervised learning 1s widely used 1n many applications



Self-Supervised Learning

* Given: dataset contains no label X, X, ...

)y Xn

* Goal: discover interesting patterns and structures in the data

* Approach: generate supervision signal from data.

Solve a pretext task

Example: word embeddings

cat

dog \

:Iug

Paris

woman

2

father QA
slow
queen bo son
king ""

girl

mﬂther
cats daughter fast
France
longer

/" England
/ Italy
Lnndny

Rome

fastest
shE long

hlmself
longest
herself €

Saurabh Pal — Implementing Word2Vec in Tensorflow



https://medium.com/@saurabhpal97?source=post_page-----44f93cf2665f--------------------------------
https://medium.com/@saurabhpal97?source=post_page-----44f93cf2665f--------------------------------
https://medium.com/@saurabhpal97?source=post_page-----44f93cf2665f--------------------------------
https://medium.com/@saurabhpal97?source=post_page-----44f93cf2665f--------------------------------

Self-Supervised Learning for LLMs

* Pretext task for large language models:
next-word prediction

¢ Original text: the dog chased the cat
* Split into five the - | abels
labeled problems: the  dog 4/‘/
é the dog  chased /
Inputs + the dog chased the |
T the dog chased the  cat



Self-Supervised Learning in Vision

* Another common pretext task: Image inpainting

Input Label

* High-dimensional label! .

* Type of autoencoder
* "Auto-" = "self’

He et al. Masked autoencoders are scalable vision learners. 2021.
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Part lll: Reinforcement Learning
(Learning from rewards)






Reinforcement Learning

* Given: an agent that can take actions and receive rewards

* Goal: learn to choose actions that maximize future reward
total.

iy Iyt S T
ananan
ﬁﬁﬁﬁﬁ

......

--------

------------

Gc;gle Deepmind



Reinforcement Learning Key Problems

1. Problem: actions may have delayed effects.
* Requires credit assignment

2. Problem: maximal reward action is unknown
* Exploration-exploitation trade-off

"... It was formulated during the war, and efforts <
to solve it so sapped the energies and minds of

Allied analysts that the suggestion was made

that the problem be dropped over Germany, as

the ultimate instrument of intellectual sabotage.”

- Peter Whittle, 1979

I\/IuIt| armed Bandit



Today’s recap

* What is machine learning?
* Supervised Learning

* Classification

* Regression
* Unsupervised Learning

* Clustering

* Self-Supervised Learning

* Reinforcement Learning



-

RN '; -' L’\}...g“. l.‘;" .. “"»"f {’\"“‘M‘

',”'**" =y ) Mun :
.19.

e




	Slide 1
	Slide 2: Announcements
	Slide 3: Today’s outline
	Slide 4: Part I: What is machine learning?
	Slide 5
	Slide 6: What is machine learning?
	Slide 7
	Slide 8: What is machine learning?
	Slide 9: Taxonomy of ML
	Slide 10: Part II: Supervised Learning
	Slide 11: Example 1: Predict whether a user likes a song or not
	Slide 12: Example 1: Predict whether a user likes a song or not
	Slide 13: Example 1: Predict whether a user likes a song or not
	Slide 14: Example 1: Predict whether a user likes a song or not
	Slide 15
	Slide 16
	Slide 17: Example 2: Classify Images 
	Slide 18: Example 2: Classify Images 
	Slide 19: Example 2: Classify Images 
	Slide 20
	Slide 21: How to represent data?
	Slide 22: How to represent data?
	Slide 23: Represent various types of data
	Slide 24: Two Types of Supervised Learning Algorithms
	Slide 25: Example of regression: housing price prediction
	Slide 26: Example of regression: housing price prediction
	Slide 27: Example of regression: housing price prediction
	Slide 28: Supervised Learning: More examples
	Slide 29: Two Types of Supervised Learning Algorithms
	Slide 30: Training Data for Supervised Learning
	Slide 31: Goal of Supervised Learning
	Slide 32: Goal of Supervised Learning
	Slide 33: Quiz Break
	Slide 34: Quiz Break
	Slide 35: Quiz Break
	Slide 36: Quiz Break
	Slide 37: Part II: Unsupervised Learning (no teacher)
	Slide 38: Unsupervised Learning
	Slide 39: Unsupervised Learning
	Slide 40: Unsupervised Learning
	Slide 41: Clustering
	Slide 42: Clustering
	Slide 43: Clustering
	Slide 44: Clustering Genes
	Slide 45: Clustering Words with Similar Meanings
	Slide 46: How do we perform clustering?
	Slide 47: Quiz Break
	Slide 48: Quiz Break
	Slide 49: Quiz Break
	Slide 50: Quiz Break
	Slide 51: Self-Supervised Learning
	Slide 52: Self-Supervised Learning for LLMs
	Slide 53: Self-Supervised Learning in Vision
	Slide 54: Part III: Reinforcement Learning (Learning from rewards)
	Slide 55
	Slide 56: Reinforcement Learning
	Slide 57: Reinforcement Learning Key Problems
	Slide 58: Today’s recap
	Slide 59

