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ABOUT THIS COURSE



How to describe 606/607 to a friend

606/607 is...

a formal presentation of mathematics and
computer science...

motivated by (carefully chosen) real-world
problems that arise in machine learning...

where the broader picture of how those
problems arise is treated somewhat informally.



How to describe 606/607 to a friend

606/607 is...

The class you should take to
prepare for future coursework
in machine learning



Machine Learning
is NOT a
self-driving car

Image from https://www.greencarreports.com/




Reorganization of Today’s Lecture

* 10-606 Students:

— Don’t worry! We’re going to leave the entire
next section (course overview, syllabus until the

end)

— That way, you can leave class early if you don’t
want to hear it all over again

* Non-10-606 Students:

— We’ll save the big introduction until later and
jump right into some core content

— Save your questions about course orginization
until later




WHAT IS MACHINE LEARNING?



Artificial Intelligence

The basic goal of Al is to develop intelligent
machines.

This consists of many sub-goals:

Artificial

* Perception Intelligence
* Reasoning '

. . . Machine
* Control [ Motion [ Manipulation Learning
* Planning
* Communication
* Creativity

* Learning



What is Machine Learning?
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Speech Recognition

1. Learning to recognize spoken words
THEN NOW

“...the SPHINX system (e.g.
Lee 1989) learns speaker-
specific strategies for
recognizing the primitive
sounds (phonemes) and
words from the observed
speech signal...neural
network methods...hidden
Markov models...”

Google Now Siri Cortana

(Mitchell, 1997)

Source: https://www.stonetemple.com/great-knowledge-box-
showdown/#VoiceStudyResults
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Robotics

2. Learning to drive an autonomous vehicle

THEN

“...the ALVINN system
(Pomerleau 1989) has used
its learned strategies to drive
unassisted at 70 miles per
hour for 90 miles on public
highways among other
cars...”

(Mitchell, 1997)

waymo.com



Robotics

2. Learning to drive an autonomous vehicle
THEN NOW

“...the ALVINN system
(Pomerleau 1989) has used
its learned strategies to drive
unassisted at 70 miles per
hour for 90 miles on public
highways among other
cars...”

< chell. 1 https://www.geek.com/wp-
(Mitchell, 1997) content/uploads/2016/03/uber.jpg
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Games [ Reasoning

3. Learning to beat the masters at board games
THEN NOW

“...the world’s top computer
program for backgammon,
TD-GAMMON (Tesauro,
1992, 1995), learned its

strategy by playing over one > L C

11 . ALPHAGO L 24 &
million practice games .00:10:29 90 | @ (L)E(S%E%D%O
against itself...” eOe I o & a S s

® ﬁ ®
Yot
AlphaGo

(Mitchell, 1997)
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Computer Vision

4. Learning to recognize images

THEN

NOW

“...The recognizer 1s a
convolution network that can
be spatially replicated. From
the network output, a hidden
Markov model produces
word scores. The entire
system 1s globally trained to
minimize word-level
errors...."

Revolution of Depth

152 layers
B
22 Layers 19 laven I I

3.57 8 Lyers 8 layers

ILSVRC'IS  ILSVRC'14  ILSVRC'I4  NSVRC'13  ILSWRC'12  NSVRC11  ILSVRC'10
ResNet GoogleNet VGG AlexNet

ImageNet Classification top-5 error (%)

Research

(LeCun et al. 1995)

Images from https://blog.openai.com/generative-models/
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Learning Theory

e 5.In what cases and how well can we learn?

Lt —J
Sample Complexity Results ﬁae Tpes § Emnz
Definition 0.1. The sample complexity of a learning algorithm is the Jl A - |
number of examples required to achieve arbitrarily small error (with @ Trve Eror (“’(—"' ex clrﬁ,c\. ﬁs[f.> (ﬁ LA . Gean |~ zo.-Li». Emr>

respect to the optimal hypothesis) with high probability (i.e. close

to1). R(k) = Px

Four Cases we care about...

Realizable Agnostic
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inite || ability (1 — &) all h € # with R(h) > €| that with probability (1 — 4) for

R(h)| < e.

N = O(} [VC(H)log(L) +log(1)]) la- | N = O(% [VC(H) +log(2)]) la-
Infinite |H| beled examples are sufficient so that | beled examples are sufficient so

with probability (1 — d) all A € H with | that with probability (1 — §) for
R(h) > ehave R(h) > 0. all h € H we have that |R(h) —
R(h)| <e

| PAC Lo,
O o b RE) Jows D R(“Y"
ki Ves!

PAC sbds £ Rl
14 xwhl

Cpmwl—

_Dz;: E(;annm 1
R(k, [RO-RW|£€) = |-

?A(_ ﬁy.mu 7«@\&5 7()0'({.,5& ’4, u’l»«“cL s

wximndely ‘correct ' R mO
R A kqla (\)m\'x‘ai);l} R(R(U%O>£1

x)(‘)o ol M(X)) T WL7.< Oulewosm

@TN« 5‘mr (Glcq ewpineal I‘RLB

N > 1 [log(/H]) +log(})] labeled ex-| N > 5l [log(/H]) +log(2)] la- R(k\ = \

N > ! [log((H) +log(})] lab (c*(x) # h) S={x" .., x™]
ha;/;e 1’?((11)_> 0. . all h € H we have that |R(h) — = _ i j_(c*(x(‘)) + L]( x(t))) Laom cov-fu L I
-,:)— ,é 1 (ym # W(x?)

How many examples do we need
to learn?

How do we quantify our ability to
generalize to unseen data?
Which algorithms are better
suited to specific learning
settings? .



What is Machine Learning?

To solve all the
problems above
and more




Topics Covered in an ML Course
(e.g.10-601)

Foundations Neural Networks

— Probability — Feedforward Neural Nets

— MLE, MAP — Basic architectures

— Optimization — Backpropagation
Classifiers — CNNs

— KNN * Graphical Models

— Naive Bayes — Bayesian Networks

— Logistic Regression — HMMs

— Perceptron — Learning and Inference

- SVM * Learning Theory
Regression — Statistical Estimation (covered right

— Linear Regression before mic.jterm)
Important Concepts — PACLearning

_  Kernels * Other Learning Paradigms

— Regularization and Overfitting — Matrix Factorization

—  Experimental Design — Reinforcement Learning

Unsupervised Learning — Information Theory

— K-means/ Lloyd’s method
— PCA
— EM/GMMs
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ML Big Picture

Learning Paradigms: Problem Formulation:

feature learning

. ' . PP -

What data is available and What is the structure of our output prediction: v

when? What form of prediction? boolean Binary Classification 5 G

°  supervised |earning categorical Multiclass Classification 28

" unsupervisedlearning ordinal Ordinal Classification ) = =

0 semi-supervised learning 3] S n

*  reinforcement learning real Regression v O Y

°  active learning ordering Ranking < L0

. imitation learning . . o g c 8 e

. domain adaptation multiple discrete  Structured Prediction s Qg ch

«  online learning multiple continuous (e.g. dynamical systems) o S 3 =

. . . . X X . S - J
SN EH Mo both discrete & (e.g. mixed graphical models) & 2 a’. 5

*  recommender systems [T S T By

. I X Z>Wn

manifold learning

cont.
. dimensionality reductior;| Facets of Building ML
. ensemble learning

Big Ideas in ML:

g distant supervision
O hyperparameter optimization

Theoretical Foundations:
What principles guide learning?
O probabilistic

O information theoretic

L evolutionary search

O ML as optimization

Systems:

How to build systems that are

robust, efficient, adaptive,

effective?

1.  Data prep

2.  Model selection

3. Training (optimization/
search)

4. Hyperparameter tuning on
validation data

5. (Blind) Assessment on test
data

Which are the ideas driving
development of the field?

* inductive bias

*  generdlization / overfitting

*  bias-variance decomposition
e generative vs. discriminative
* deep nets, graphical models
*  PAClearning

e distant rewards



WHY DO WE NEED MATH / CS FOR
MACHINE LEARNING?



Why Math for ML?

To bestunderstand A weneed B




Why Math for ML?

To bestunderstand A weneed B

Derivation of Principal Linear Algebra
Component Analysis * Vector spaces, Functions and Function Spaces
(PCA) * Matrices and linear operators

¢ Matrix decomposition
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Principle Component Analysis (PCA)
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SVD for PCA




SVD for PCA




Why Math for ML?

To bestunderstand A weneed B

Derivation of Principal Linear Algebra
Component Analysis * Vector spaces, Functions and Function Spaces
(PCA) * Matrices and linear operators

¢ Matrix decomposition
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Why Math for ML?

To bestunderstand A weneed B

Derivation of Principal Linear Algebra
Component Analysis * Vector spaces, Functions and Function Spaces
(PCA) * Matrices and linear operators

¢ Matrix decomposition

Gradient-based Matrix Calculus
Factorization and e Chain-rule; Partial Derivatives;
Collaborative Filtering ¢ Matrix Differentials; Second and Higher Differentials
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Collaborative Filtering

Latent Factor Methods

e Assume that both “T = |
movies and users - i)

(The Coter Purpie] [ Amadews
live in some low- E] %

dimensional
— ]

space describing
their properties

Gearet | Serdidiity Grave
e Recommend a e —
movie based on E]
its proximity to
the user in the = .
The Priacets
latent space | Dlaries_|

Figures from Koren et al. (2009)
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(a) Example of rank-2 matrix factorization

Figures from Aggarwal (2016)



: [Beavebeart]
Matrix Factorization C) :t 4
(with matrices) - E2 e -
 User vectors: T A L
(W )T c Rfr I“":.‘:l?w
U * baps
o Item VECtorS: Figures from Korenet:.(zoog)
H*’L E R’I" H.f
* Rating prediction:




Matrix Factorization
(with matrices)

e Stochastic Gradient Descent

Hi

o

require that the loss can be written as

L= )" YVij, Wi, Hsj)
(i,5)€Z

Algorithm 1 SGD for Matrix Factorization

Require: A training set Z, initial values W and H
while not converged do {step}
Select a training point (7, j) € Z uniformly at random.

W;, — W{. pes Can'f%l(Vt’j’ Wt‘u H'j)
H.j \ p H.j - CnNgﬁ:l(Vijv Wt'-v H'J')
w". [ oad W:,

end while step size

Figure from Gemulla et al. (2011)




Why Math for ML?

To bestunderstand A weneed B

Derivation of Principal Linear Algebra
Component Analysis * Vector spaces, Functions and Function Spaces
(PCA) * Matrices and linear operators

¢ Matrix decomposition

Gradient-based Matrix Calculus
Factorization and e Chain-rule; Partial Derivatives;
Collaborative Filtering ¢ Matrix Differentials; Second and Higher Differentials

34



Why Math for ML?

To bestunderstand A weneed B

Derivation of Principal Linear Algebra
Component Analysis * Vector spaces, Functions and Function Spaces
(PCA) * Matrices and linear operators

¢ Matrix decomposition

Gradient-based Matrix Calculus
Factorization and e Chain-rule; Partial Derivatives;
Collaborative Filtering <+ Matrix Differentials; Second and Higher Differentials

Probabilistic Study of  Probability

Ordinal Regression * Events
e Discrete/Continuous Random Variables
* Mean & Variance; Factorization
e Multivariate Distributions
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Sentiment Analysis

* Task: Given a restaurant description, predict
how many stars the author would give for
the “Overall” rating

P ol ol S -
APty Ratings Reviews
Atmosphere (&% Heavy. uninspired food, eatenunderappal!
Food e of ogaratte smoke. Very slow service,
Value '3 B though not unirniendly. There are Mary
Service e betterrestaurants in Ashland. Not
Overal - recommercded
o - .
Atmosphers [aa s 19 Bave 1o disagree with My Kitago's take on
Food "2 B aleast one part of the evening. | believe the
Value "2 B | chicken Tikka Narsalawas slightly dry.
Service L 2 & & Decent portion, but nét succulent 35 1 am
Overall "2 B | aouttomed to. In addition, the Gulub Jaman
is served cold, anathema tothisdiner. | will
agree with My X that the mango lassi was
delicious, Bet overall i believe
was slightly inflated

Figures from Gupta et al. (2010)



Ordinal Regression

Il 'i'
w ]

5

Ordinal logistic regression

Pamela Warner

Box 1: Glossary of statistical terms used in this article

Binary variable
Categorical variable
Cumulative distribution

Degrees of freedom
Logistic regression

Multinomial variable
Odds (of a specified response)

Odds ratio (OR) for a specified
response

Ordinal variable

Parameter

Power
Reference category

Reference value

Response variable

This is a categorical variable with only two possible values (e.g. case or non-case). Also termed dichotomous or binomial.
Such a variable has a limited number of distinct values, which might be non-quantitatively descriptive (e.g. hair colour).

For each value of an ordinal or continuous variable, the cumulative frequency presents the accumulated number of
occurrences for that or any ‘lower’ value (rather than indicating simply the frequency of occurrence of that value alone, as
in an ordinary frequency distribution). The cumulative frequency for the last (highest) value must therefore encompass the
entire sample. Cumulative frequency is often reported not as counts but as a percentage of the total sample, in which case
the last value must have a cumulative frequency of 100%.

This can be thought of as the modelling capacity (or independent elements of information) in the dataset.

This is a method for analysis of the occurrence or not of a particular response value, in relation to potential explanatory
variables. What is modelled for each combination of explanatory variables is the logarithm of the odds of that response
value (which is termed a logistic transformation). Each association in the model is summarised/estimated in terms of an
odds ratio (OR).

This is a categorical variable with more than two possible values. Also termed polychotomous.

This is the number of occurrences of that response value divided by the number without that value (e.g. cases divided by
non-cases).

For a binary explanatory variable, the OR is calculated as the odds of the specified response in those with the explanatory
feature, divided by the odds of that response in those without the explanatory feature. If there is truly no association then
the two odds should be approximately equal and the OR approximately 1, which is therefore the value for a ‘null
association’.

This is special semi-quantitative type of categorical variable where the values are conceptually ordered, such as degree
of pain (e.g. none, mild, moderate, severe) or effectiveness of contraceptive method used (e.g. none, moderate, high).

This is a component in the model, which needs to be estimated from the data, and doing so uses up available degrees of
freedom. [The number of parameters needed for a multinomial regression model is a multiple of the number needed for a
binary logistic regression model.]

This term is used here, loosely, as the probability of detecting from the study data what is in fact the real situation.

The category within a categorical explanatory variable that is chosen as the comparator for calculation of ORs (i.e.
denominator odds).

This is the value within a response variable that is used as a comparator r
multinomial regression because in binary logistic regression there are only
reference value can be assumed to be the only other possible response value

The outcome or dependent variable that is to be modelled/tested.

Figures from Warner (2008)




Ordinal Regression

Ordinal logistic regression

If the response variable Yis ordinal, the categories can
be ordered in a natural way such as ‘health status
good/moderate/bad’. The polytomous logistic regres-
sion model can be applied but does not make use of
the information about the ordering. One way to take
account of the ordering is the use of cumulative proba-
bilities, cumulative odds and cumulative logits. Consider-
ing k+1 ordered categories, these quantities are
defined by

P(YSi) = fpyt. +p,
P(¥<i)

) _ prketp,
odds (Y<0) = T—pyzy = bitee. P

P(Y<i) o
m‘{) sy =l

The cumulative logistic model for ordinal response
data is given by

logit(Y <i) = @B X +.. 48X, 1=1,..,k

Like the polytomous logistic regression model, we
have k model equations and one logistic coefficient f3;
for each category/covariate combination. Hence, the
general cumulative logistic regression model contains
a large number of parameters. However, in some cases
a more parsimonious model is possible. If the logistic
coefficients do not depend on i, we have only one
common parameter f; for each covariate. It follows
that the cumulative odds are given by

odds(Y <i) = exp(oy) exp(By Xj+..+B8,X,) , =1,....k

which means that the k odds for each cut-off category
i differ only with regard to the intercepts o; in other
words, the odds are proportional. Hence, McCullagh*
used the term proportional odds model. The relatively
stringent proportional odds assumption may be espe-
cially valid in cases where the ordinal response Y is
related to an underlying latent continuous variable?,

logit (Y <i) =ln(

Figures from Bender & Grouven (1997)

Polytomous logistic regression

If the response variable Y is discrete with more than
two categories, for example Y=marital status defined in
the 3 categories ‘married, ‘divorced, separated or wid-
owed’ and ‘single’, then the standard binary logistic
regression model is not applicable. One possible way
to handle such situations is to split the categorical
response Y in several ways, for example Y,="married
yes/no’, Y,="single yes/no’, and to apply binary logis-
tic regression to each dichotomous variable. However,
this will result in several different analyses for only one
categorical response. A more structured approach is to
formulate one model for the categorical response by
means of so-called generalised logits. Suppose that Y has
k+1 categories and the probability for category i is
given by P(Y=i)=p, for i=1,...,k+1. Then the k generalised
logits are defined by

) ,i=l,.,k

logit(Y=i) = In B O WP O
1= (prt..+py) Pent

This means that the generalised logits relate the proba-
bilities p; for the categories ¢=1,...,k to the reference
category k+1.

For m covariates the general polytomous logistic
regression model becomes

logit (Y=i) = 0P X, + oo + B X,y i =1,...k

Note that the polytomous logistic model is given by %
equations if Y has k+1 categories and that we have one
logistic coefficient 3, for each category/covariate com-
bination. Hence, it is not possible to summarise the
effect of a covariate on the response Y by a single
measure such as one odds ratio. Although the poly-
tomous model offers the advantage of sinas

testing the effect of
categories, polytomou

cumbersome amount ) e
is difficult for physiciai  \N€ “ Ci'_)vn
nations of this class of 1 a
DeMaris!®. undefS

ote: This is JUST T2
c



Why Math for ML?

To best understand A weneed B

Derivation of Principal Linear Algebra
Component Analysis * Vector spaces, Functions and Function Spaces
(PCA) * Matrices and linear operators

¢ Matrix decomposition

Gradient-based Matrix Calculus
Factorization and e Chain-rule; Partial Derivatives;
Collaborative Filtering <+ Matrix Differentials; Second and Higher Differentials

Probabilistic Study of  Probability

Ordinal Regression * Events
e Discrete/Continuous Random Variables
* Mean & Variance; Factorization
e Multivariate Distributions

The core content for this course is the mathematics (Column B), but you
will apply what you learn to real problems in machine learning (Column A)




Why Computer Science for l\/\m

To bestunderstand A weneed B




Why Computer Science for ML?

To bestunderstand A weneed B

Analysis of Exact Computation
Inference in Graphical ¢ Computational Complexity
Models e Recursion; Dynamic Programming

* Data Structures for ML Algorithms

41



Factor Graph Notation

e Variables:
X=1{X1,....Xi...

e Factors:

Vo, Vg, Py, - -

where o, 3,7v,... C {1,...n}

Joint Distribution

p(@) = - [] v(wa)




Factors are Tensors

e Factors: s

vp
Vo, Vg, Wy oo




Inference

Given a factor graph, two common tasks ...
— Compute the most likely joint assignment,

x" = argmax, p(X=x)

* — Compute the marginal distribution of variable X

p(X;=x,;) for each value x,

Both consider all joint assignments.

Both are NP-Hard in general.

So, we turn to approximations.

AN

p(X:=x,) = sum of

p(X=x) over Qi




Marginals by Sampling on Factor Graph

Suppose we took many samples from the distribution over
taggings: »@) =, [[va(a)

Sample 1:
Sample 2:
Sample 3:
Sample 4:
Sample 5:

Sample 6:

?

<START>

20000000
()
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#O0O00000
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Ul




Marginals by Sampling on Factor Graph

takes value x. in a random sample

The marginal p(X; = x,) gives the probability that variable X,

Sample 1:
Sample 2:
Sample 3:
Sample 4:

Sample 5:

Sample 6:

B

?

#O0O00000

H
N
N
(o)

20000000
()

<START>



N

Marginals by Sampling on Factor Graph

Estimate the
marginals as:

47

Sample 1:
Sample 2:
Sample 3:

Sample 4:

Sample 5:

Sample 6:
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Why Computer Science for ML?

To bestunderstand A weneed B

Analysis of Exact Computation
Inference in Graphical ¢ Computational Complexity
Models e Recursion; Dynamic Programming
* Data Structures for ML Algorithms
Implementation Programming & Efficiency
Design of a Deep * Debugging for Machine Learning
Learning Library * Efficient Implementation / Profiling ML Algorithms

48



Finite Difference Method

The centered finite difference approximation is:

9, _(J(O@+e-di)—J(O—€-d;))
89iJ(e)~ 5 (1)

where d; is a 1-hot vector consisting of all zeros except for the ith

entry of d;, which has value 1. R

Notes:

* Suffers from issues of
floating point precision, in
practice

* Typically only appropriate
to use on small examples
with an appropriately
chosen epsilon




Differentiation

Chain Rule Quiz #1:

Suppose x =2 and z = 3, what are dy/dx
and dy/dz for the function below?

rz  sin(log(z))

y = exp(zz) 4 |
log(x) exp(zz)

Finite
LR = 1< > Cr02) + xo2/10900) o sinclopCRd) / Exacxed
Solution: P— .

' e > ' e te: Thisis ‘C\‘é rre\‘g;t‘\\r/‘ité%r}c ‘

J ecigr(;?;ﬁétthese topics latet
n



Training ~ Backpropagation

Automatic Differentiation — Reverse Mode (aka. Backpropagation)




Why Computer Science for ML?

To best understand A weneed B

Analysis of Exact Computation
Inference in Graphical ¢ Computational Complexity
Models * Recursion; Dynamic Programming
* Data Structures for ML Algorithms
Implementation Programming & Efficiency
Design of a Deep * Debugging for Machine Learning
Learning Library  Efficient Implementation [ Profiling ML Algorithms
Optimization for Optimization
Support Vector * Unconstrained Optimization
Machines (SVMs) * Preconditioning

* (Constrained Optimization



Support Vector Machines (SVMs)

Hard-margin SVM (Primal) Hard-margin SVM (Lagrangian Dual)
1 N 1 LN N .
mi? §||W||§ max Z o = 3 Z Zaiajy(z)y(a)x(z) . x )
w, | | ¢ =1 i=1 j=1
s.t. y(z)(wa(Z)—}—b) >1, Vi=1,...,N s.t. a; >0 Vi=1.....N

N
Z aiy(i) =0

* Instead of minimizing the primal, we can maximize the
dual problem

* For the SVM, these two problems give the same
answer (i.e. the minimum of one is the maximum of the

other)
. o, o _ . . t"on—
* Definition: support vectors are those \te: This '\St\k\‘lgtngﬁ“ﬁed to,
which a0 e cover e o e
U/B



. SVM Quadratic Program

Classification with SVM (w=[-2.00, 3.00])
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1.0 -

0.5 -

0.0 -

—-0.5 -

—-1.0 -

-1.5- | |
-1.5 -1.0 -0.5 0.0 0.5 1.0 1.5




2 -

. SVM Quadratic Program

e frogran

Classification with SVM (w=[0.37, 1.51])

2.0 -

15-

1.0 -

0.5 -

0.0 -

—-0.5 -

—-1.0 -

-1.5- | |
-1.5 -1.0 -0.5 0.0 0.5 1.0 1.5




. SVM Quadratic Program

44 ! | | L
N R NN

2- -

Classification with SVM (w=[0.62, 1.58])
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Why Computer Science for ML?

To best understand A weneed B

Analysis of Exact Computation
Inference in Graphical ¢ Computational Complexity
Models * Recursion; Dynamic Programming
* Data Structures for ML Algorithms
Implementation Programming & Efficiency
Design of a Deep * Debugging for Machine Learning
Learning Library  Efficient Implementation [ Profiling ML Algorithms
Optimization for Optimization
Support Vector * Unconstrained Optimization
Machines (SVMs) * Preconditioning

* (Constrained Optimization

The core content for this course is the computer science (Column B), but you will
apply what you learn to real problems in machine learning (Column A)




Why Computer Science for ML?

To bestunderstand A weneed B

Analysis of Exact
Inference in Graphical
Models

Implementation
Design of a Deep
Learning Library

Optimization for
Support Vector
Machines (SVMs)

* (Constrained Optimization

The core content for this course is the computer science (Column B), but you will
apply what you learn to real problems in machine learning (Column A) 0




SYLLABUS HIGHLIGHTS



Syllabus Highlights

The syllabus is located on the course webpage:

The course policies are required reading.



606/607 Syllabus Highlights

Grading: 55% homework, 10% in-
class quizzes, 30% final exam, 5%
participation

Final Exam:

— 606: Mini-l final exam week, date
TBD

— 607: Mini-ll final exam week, date
TBD

In-Class Quizzes: always
announced ahead of time

Homework: 4 assignments with
written [ programming portions
— 2 grace days for the unexpected

— Late submissions: 80% day 1, 60%
day 2, 40% day 3, 20% day 4

— No submissions accepted after 4
days w/o extension

— Extension requests: see syllabus

Recitations: Fridays, same
time/place as lecture (optional,
interactive sessions)

Readings: required, online,
recommended for after lecture
Technologies: Piazza (discussion),
Gradescope (homework), Canvas
(gradebook only)

Academic Integrity:

— Collaboration encouraged, but
must be documented

— Solutions must always be written
independently

— No re-use of found code / past
assignments

— Severe penalties (i.e. failure)

Office Hours: posted on Google
Calendar on “People” page
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written [ programming portions
— 2 grace days for the unexpected

— Late submissions: 80% day 1, 60%
day 2, 40% day 3, 20% day 4
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days w/o extension

— Extension requests: see syllabus

Recitations: Fridays, same
time/place as lecture (optional,
interactive sessions)

Readings: required, online,
recommended for after lecture
Technologies: Piazza (discussion),
Gradescope (homework), Canvas
(gradebook only)

Academic Integrity:

— Collaboration encouraged, but
must be documented

— Solutions must always be written
independently

— No re-use of found code / past
assignments

— Severe penalties (i.e. failure)

Office Hours: posted on Google
Calendar on “People” page



| ectures

* You should ask lots of questions

— Interrupting (by raising a hand) to ask your
question is strongly encouraged

— Asking questions later on Piazza is also great
* When | ask a question...

— | want you to answer

— Even if you don’t answer, think it through as
though I’'m about to call on you

* Interaction improves learning (both in-class
and at my office hours)



Expected Background

10-606 (Math Background 4 ML)

You should be familiar with some of the
following...

* Calculus:
— can take scalar derivatives
— can solve scalar integrals
* Linear Algebra:
— know basic vector operations
— seen matrix multiplication
* Probability:
— seen the basics: conditioning, Bayes Rule,
etc.

* Programming;:
— know some Python
OR

have sufficient programming background
to pick up the basics of Python

But we’ll offer practice to make sure you
can catch up on your weaker areas

10-607 (CS Background 4 ML)

You should...

* be comfortable with all the topics
listed for 10-606

* ideally, have the mathematical
maturity of someone who completed
10-606 because it will aide in
understanding the motivating
examples from machine learning

That said, the content of 10-607 is
designed stand alone



LOGIC



Propositional Logic

Chalkboard

— Form of arguments

— Components of propositional logic
— Two-column proofs

— modus ponens

— Inference rules

— Lemmas



Exercise: Inference Rules

« modus ponens: from premises ¢ and ¢ — w, conclude y. . Aasoomw:ow:u A Bnd vV aro assochivg: £ doosn't mathor how we

o A NUoduchion: @ Wwe Soparaoly Orove ¢ and ¢, thon that consttutos a proal of parenthesize N Capresson e a A b A c A d. (S0 D 1act we ohen st loeve tho
eAY. parontheses oul)

o A CAMINAION: OM ¢ A ¢ WO Can ConTiude othor al ¢ and ¢ soparatoly. ¢ Dstribuizily. A and v dstrtute gwey 0no tncthor, for campie, o A (DY ) 8

¢ v nirpduchion: IMom ¢ We Gan 0Onaiuoe ¢ vy ior any . oot o (aABIV{aAc)

e VvV eAminaton (akso coliod proot by Gasost: f 'wo Snaw ¢ v p (Iho cases) and wo e Commutatiity: both A and v e commutative [symmelrc in the onder ol thor
have DOth ¢ «» y 0nd ¢ «» y (the Case-apeciic prools), then we can conouce . WQATOMS), 50 W G e-Omky hor arguments however wo ploase. For marmplo,

o Tinkoducton: we can conchuae 7 Iom no assuTpbons., bvecvasoqrweniiDavive

¢ Foimmtion Yom F we can condiude an arbdrary fonmuda 6. (This rule 5
soMeImes collod ax Lo or ax Ao Quocibed, from the Latn for "fom fasohood.
arything. ™) This nde can be countorniutive, Dot one way 10 think about £ is thes we
shaud never be atio 1o prove £, 50 1horn's nd dangor in 1oting Curseivas pove an
artrary formuia given F.

Use the above inference rules to prove

(anb) - (bAaa).
Write your proof in two-column format: i.e., give an explicit justification for each statement
based on previous statements.

Reminder: use only the above rules, even if you've learned other useful rules in previous
courses.
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Exercise: Inference Rules

o ASsoOavRy. DOth A and Vv aro asscchilive: £ goosn’'t matter how we

« modus ponens: from premises ¢ and ¢ — w, conclude y.
Parenthesize &N apresson e a A b A c A d. 150 0 1act we ohen st leeve the

e A nUoduChion @ we Soparoly Orove ¢ and ¢, 1hon that consitiutos a proal of

AV parentheses out)
o A CAMINGION: HOM ¢ A ¢ WO GanN condiudie ethor ol ¢ and ¢ soparatoly. ¢ Dstribuizily. A and v dstrtute gwey 0no tncthor, for campie, o A (DY ) 8
¢ v nirpduchion: IMom ¢ We Gan 0Onaiuoe ¢ vy ior any . oot o (e ABIV (aac)

o Commuiativty: bath A and v e commutatve [symmelrc in the onder ol thor
WQATOMS), 50 W G e-Omky hor arguments however wo ploase. For marmplo,

bvecvasocuweniipavéve

V Amnaton (ko colliod proo! Dy Gasos) f wo now ¢ v (1ho Cases) and 'wo
have DOth ¢ «» y 0nd ¢ «» y (the Case-apeciic prools), then we can conouce .

T inboducton: we can conciuae 7 rom no assuTpbons.,

F gimination: Yom F we can condiude an arbdrary fonmuda ¢. (This nuile 5
soMeImes collod ax Lo or ax Ao Quocibed, from the Latn for "fom fasohood.
arything. ™) This nde can be countorniutive, Dot one way 10 think about £ is thes we
shaud never be atio 1o prove £, 50 1horn's nd dangor in 1oting Curseivas pove an
artrary formuia given F.

Use the above inference rules to prove
(anb) = (bAaa).

Write your proof in two-column format: i.e., give an explicit justification for each statement
based on previous statements.

Reminder: use only the above rules, even if you've learned other useful rules in previous
courses.

Exercise, version 2: prove the same statement without using the inference rule for
commutativity.
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Classical Logic

Chalkboard

— Negation and constructive logic
— Law of the extended middle

— DeMorgan’s laws

— Double negation elimination

— Contraposition

— Resolution

— Scoping rules



Exercise: Mini-Sudoku

In mini sudcku, the digts 1.4 must appear exactly onca in each row, column, and boid-
edged 22 box of the grid. In the grid below, we've been given five Bad dgits (e.9., the 3
in the upper right cornér). The squanes labeled a, b, ¢, d are currently blank, and we'd ke
to figure out how to fil them in:

For exarmple, we know that square d can't contain the digit 2, because there's akeady a 2
dirnctly above 1 in the same column,

Fll in tha squares a, b, C, d. (Note: no gueassng 8 required.)

Use the rules of propositional logic 1o write down the constrants thal squares a, b, ¢, d
must sabsfy. For exampie, you shoukd write that the digt 1 must appear exactly once in
the squares a, b, c, d. (it may take saveral logical formulas to implement thes constraint.)
For another excample, you shoukd write that the digt 2 can't appesr in squares b or d
(because of the 2 above them in the same column),

Prove that the sciution you gave above s comect, using your formuation of the

constrants 1ogether with the rules of propositional logic. >



Proof Techniques

Chalkboard

— Proof by Construction
— Proof by Cases

— Proof by Contradiction
— Proof by Induction

— Proof by Contraposition



