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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.
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How to describe 606/607 to a friend

606/607 is…
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The class you should take to 
prepare for future coursework 

in machine learning
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Image from https://www.greencarreports.com/

Machine Learning 
is NOT a 

self-driving car



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
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WHAT IS MACHINE LEARNING?
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Artificial Intelligence
The basic goal of AI is to develop intelligent 
machines. 

This consists of many sub-goals:
• Perception
• Reasoning
• Control / Motion / Manipulation
• Planning
• Communication
• Creativity
• Learning
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Artificial 
Intelligence

Machine 
Learning



What is Machine Learning?
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What is ML?
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Calculus Linear Algebra

Computer 
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Speech Recognition

1. Learning to recognize spoken words

13

“…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…”

(Mitchell, 1997)

THEN

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

NOW



Robotics

2. Learning to drive an autonomous vehicle

14

“…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)

THEN

waymo.com

NOW



Robotics

2. Learning to drive an autonomous vehicle
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“…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)

THEN

https://www.geek.com/wp-
content/uploads/2016/03/uber.jpg

NOW



Games / Reasoning

3. Learning to beat the masters at board games

16

“…the world’s top computer 
program for backgammon, 
TD-GAMMON (Tesauro, 
1992, 1995), learned its 
strategy by playing over one 
million practice games 
against itself…”

(Mitchell, 1997)

THEN NOW



LeRec: Hybrid for On-Line Handwriting Recognition 1295 
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Figure 2: Convolutional neural network character recognizer. This architecture 
is robust to local translations and distortions, with subsampling, shared weights, 
and local receptive fields. 

number of subsampling layers and the sizes of the kernels are chosen, 
the sizes of all the layers, including the input, are determined unambigu- 
ously. The only architectural parameters that remain to be selected are 
the number of feature maps in each layer, and the information as to what 
feature map is connected to what other feature map. In our case, the sub- 
sampling rates were chosen as small as possible (2 x 2), and the kernels 
as small as possible in the first layer (3 x 3) to limit the total number of 
connections. Kernel sizes in the upper layers are chosen to be as small as 
possible while satisfying the size constraints mentioned above. The last 
subsampling layer performs a vertical subsampling to make the network 
more robust to errors of the word normalizer (which tends to create vari- 
ations in vertical position). Several architectures were tried (but clearly 
not exhaustively), varying the type of layers (convolution, subsampling), 
the kernel sizes, and the number of feature maps. 

Larger architectures did not necessarily perform better and required 
considerably more time to be trained. A very small architecture with 
half the input field also performed worse, because of insufficient input 
resolution. Note that the input resolution is nonetheless much less than 
for optical character resolution, because the angle and curvature provide 
more information than a single grey level at each pixel. 

Training proceeded in two phases. First, we kept the centers of the 
RBFs fixed, and trained the network weights so as to maximize the log- 
arithm of the output RBF corresponding to the correct class (maximum 
log-likelihood). This is equivalent to minimizing the mean-squared er- 
ror between the previous layer and the center of the correct-class RBF. 

Computer Vision

4. Learning to recognize images
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“…The recognizer is a 
convolution network that can 
be spatially replicated. From 
the network output, a hidden 
Markov model produces 
word scores. The entire 
system is globally trained to 
minimize word-level 
errors.…”

(LeCun et al., 1995)

THEN NOW

Lecture 7 - 27 Jan 2016Fei-Fei Li & Andrej Karpathy & Justin JohnsonFei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 7 - 27 Jan 201678

(slide from Kaiming He’s recent presentation)

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



Learning Theory

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

18

Sample%Complexity%Results

34

Realizable Agnostic

Four$Cases$we$care$about…

1. How many examples do we need 
to learn?

2. How do we quantify our ability to 
generalize to unseen data?

3. Which algorithms are better 
suited to specific learning 
settings?



What is Machine Learning?
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To solve all the 
problems above 
and more



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

• Foundations
– Probability
– MLE, MAP
– Optimization

• Classifiers
– KNN
– Naïve Bayes
– Logistic Regression
– Perceptron
– SVM

• Regression
– Linear Regression

• Important Concepts
– Kernels
– Regularization and Overfitting
– Experimental Design

• Unsupervised Learning
– K-means / Lloyd’s method
– PCA
– EM / GMMs

• Neural Networks
– Feedforward Neural Nets
– Basic architectures
– Backpropagation
– CNNs

• Graphical Models
– Bayesian Networks
– HMMs
– Learning and Inference

• Learning Theory
– Statistical Estimation (covered right 

before midterm)
– PAC Learning

• Other Learning Paradigms
– Matrix Factorization
– Reinforcement Learning
– Information Theory

20



ML Big Picture
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Learning Paradigms:
What data is available and 
when? What form of prediction?
• supervised learning
• unsupervised learning
• semi-supervised learning
• reinforcement learning
• active learning
• imitation learning
• domain adaptation
• online learning
• density estimation
• recommender systems
• feature learning
• manifold learning
• dimensionality reduction
• ensemble learning
• distant supervision
• hyperparameter optimization

Problem Formulation:
What is the structure of our output prediction?
boolean Binary Classification
categorical Multiclass Classification
ordinal Ordinal Classification
real Regression
ordering Ranking
multiple discrete Structured Prediction
multiple continuous (e.g. dynamical systems)
both discrete &
cont.

(e.g. mixed graphical models)

Theoretical Foundations:
What principles guide learning?
q probabilistic
q information theoretic
q evolutionary search
q ML as optimization

Facets of Building ML 
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

Big Ideas in ML:
Which are the ideas driving 
development of the field?
• inductive bias
• generalization / overfitting
• bias-variance decomposition
• generative vs. discriminative
• deep nets, graphical models
• PAC learning
• distant rewards
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WHY DO WE NEED MATH / CS FOR 
MACHINE LEARNING?
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Why Math for ML?

To best understand     A     we need     B

23

A B



Why Math for ML?

To best understand     A     we need     B
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A B

Derivation of Principal
Component Analysis 
(PCA)

Linear Algebra
• Vector spaces, Functions and Function Spaces
• Matrices and linear operators
• Matrix decomposition



Figure from https://medium.com/@luckylwk/visualising-high-dimensional-datasets-using-pca-and-t-sne-in-
python-8ef87e7915b

Principle Component Analysis (PCA)
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SVD for PCA
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SVD for PCA
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Why Math for ML?

To best understand     A     we need     B

28

A B

Derivation of Principal
Component Analysis 
(PCA)

Linear Algebra
• Vector spaces, Functions and Function Spaces
• Matrices and linear operators
• Matrix decomposition



Why Math for ML?

To best understand     A     we need     B
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A B

Derivation of Principal
Component Analysis 
(PCA)

Linear Algebra
• Vector spaces, Functions and Function Spaces
• Matrices and linear operators
• Matrix decomposition

Gradient-based Matrix 
Factorization and 
Collaborative Filtering

Calculus
• Chain-rule; Partial Derivatives; 
• Matrix Differentials; Second and Higher Differentials



Collaborative Filtering
Latent Factor Methods

30
Figures from Koren et al. (2009)

• Assume that both 
movies and users 
live in some low-
dimensional 
space describing 
their properties

• Recommend a 
movie based on 
its proximity to 
the user in the 
latent space



Example: Matrix Factorization 
for the Netflix Problem

31
Figures from Aggarwal (2016)

3.6. LATENT FACTOR MODELS 95
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(a) Example of rank-2 matrix factorization

(b) Residual matrix

Figure 3.7: Example of a matrix factorization and its residual matrix

3.6. LATENT FACTOR MODELS 95

   1 

   2 

   3 

   4 

   5 

   6 

   7 

HI
ST

O
RY

 

RO
M

AN
CE

 

 X 
HISTORY 

 ROMANCE 

ROMANCE 

BOTH 

HISTORY 

 1 1 1 

1 1 1 

1 1 1 

- 1 

- 1 

- 1 

- 1 

- 1 

- 1 - 1 - 1 

1 1 1 1 1 1 

1 1 1 

1 1 1 1 

1 1 1 

0 0 0 

0 0 0 

0 0 0 

NE
RO

 

JU
LI

US
 C

AE
SA

R 

CL
EO

PA
TR

A 

SL
EE

PL
ES

S 
IN

 S
EA

TT
LE

 

PR
ET

TY
 W

O
M

AN
 

CA
SA

BL
AN

CA
 

 R  U 

VT 

NE
RO

 

JU
LI

US
 C

AE
SA

R 

CL
EO

PA
TR

A 

SL
EE

PL
ES

S 
IN

 S
EA

TT
LE

 

PR
ET

TY
 W

O
M

AN
 

CA
SA

BL
AN

CA
 

0 

0 

0 

- 1 

- 1 

- 1 

1 

1 

1 

1 

1 

1 

1 

1 
1 1 1 

1 1 1 1 0  0 

 0  0  0 

  6 

  7 

  5 

  4 

  3 

  2 

  1 

AT
TL

E

N

O US
CA

ES
AR

O
PA

TR
A

PL
ES

S
IN

SE
A

T T
Y

W
O

M
AN

AB
LA

NC
A

0 0 0

0 0 0

0 0 0

0 0 0

NE
RO

JU
LI

U

CL
EO

SL
EE

P

PR
ET

CA
SA

1

BOTH

HISTORY
0 0 0

0 0 0

0 0 0 0 0

0 0 0

0 0 0

1

2

3

4

ROMANCE

0

0

0

0

0 0

1

0 0 0

1

0 0 0

0 0 0

15

6
0 0 1 0 0 0

R

7

(a) Example of rank-2 matrix factorization

(b) Residual matrix

Figure 3.7: Example of a matrix factorization and its residual matrix



Matrix Factorization

• User vectors:

• Item vectors:

• Rating prediction:

32

Figures from Koren et al. (2009)

H�i � Rr

(Wu�)
T � Rr

Matrix$factorization$as$SGD$V$why$does$
this$work?$$Here’s$the$key$claim:

Figures from Gemulla et al. (2011)

Vui = Wu�H�i

= [WH]ui

(with matrices)



Matrix Factorization

• Stochastic Gradient Descent

33

Figures from Koren et al. (2009)

Matrix$factorization$as$SGD$V$why$does$
this$work?$$Here’s$the$key$claim:

Figure from Gemulla et al. (2011)

(with matrices)
Matrix$factorization$as$SGD$V$why$does$

this$work?

step size 

Figure from Gemulla et al. (2011)



Why Math for ML?

To best understand     A     we need     B
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A B

Derivation of Principal
Component Analysis 
(PCA)

Linear Algebra
• Vector spaces, Functions and Function Spaces
• Matrices and linear operators
• Matrix decomposition

Gradient-based Matrix 
Factorization and 
Collaborative Filtering

Calculus
• Chain-rule; Partial Derivatives; 
• Matrix Differentials; Second and Higher Differentials



Why Math for ML?

To best understand     A     we need     B
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A B

Derivation of Principal
Component Analysis 
(PCA)

Linear Algebra
• Vector spaces, Functions and Function Spaces
• Matrices and linear operators
• Matrix decomposition

Gradient-based Matrix 
Factorization and 
Collaborative Filtering

Calculus
• Chain-rule; Partial Derivatives; 
• Matrix Differentials; Second and Higher Differentials

Probabilistic Study of 
Ordinal Regression

Probability
• Events
• Discrete/Continuous Random Variables
• Mean & Variance; Factorization
• Multivariate Distributions



Sentiment Analysis

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

36

of word chunks.

In spite of richness of word and parts-of-speech,
chunks models using word unigrams perform the
best. We can attribute this to the data sparseness,
never–the–less, this results is in line with the find-
ings in Pang et al. (2002). Last column of Table 3
clearly shows that use of overall rating as input fea-
ture significantly improves the performance. Clearly
this validates the intuition that aspect ratings are
highly co–related with overall ratings.

For the remaining experiments, we used only the
unigram words as features of the review text. Since
overall ratings given by reviewers may contain their
biases and since they may not always be available,
we did not use them as input features. Our hope
is that even though we train the predictors using re-
viewers provided aspect ratings, learned models will
be able to predict aspect ratings that depend only on
the review text and not on reviewer’s biases.

5.2 Results

Table 5 shows the results of our evaluation. Each
row in this table reports average rank loss of four
different models for each aspect. The baseline rank
loss is computed by setting the predicted rank for all
test examples to 5, as it is the most frequently occur-
ring rank in the training data (see also Table 2). As
shown in Table 5, the average baseline rank loss is
greater than one. The third column shows the results
from the neural network–based numeric regression.
The fourth column corresponds to the Perceptron–
based PRank algorithm. The MaxEnt classification
results appear in the last column. For these results,
we also detail the standard deviation over the 10
cross–validation trials.

Aspects Base- Back- Percep- MaxEnt
line Prop. tron

Atmosphere 1.036 0.772 0.930 0.740 ± 0.022
Food 0.912 0.618 0.739 0.567± 0.033
Value 1.114 0.740 0.867 0.703± 0.028
Service 1.116 0.708 0.851 0.627± 0.033
Overall 1.077 0.602 0.756 0.548± 0.026
Average 1.053 0.694 0.833 0.637± 0.020

Table 5: Average ranking losses using different predictive
models

6 Analysis

As can be seen in table Table 5, Atmosphere and
Value are the worst performers. This is caused by
the missing textual support for these aspects in the
training data. Using manual examination of small
number of examples, we found that only 62% of
user given ratings have supporting text for ratings
of these aspects in the reviews.

For example, in Figure 2 the first review clearly
expresses opinions about food, service and atmo-
sphere (under appall of cigarette smoke), but there is
no evidence about value which is ranked three, two
notches above the other aspects. Similarly, the sec-
ond review is all about food without any reference
to service rated two notches above the other aspects,
or atmosphere or value.

Because of this reason, we do not expect any pre-
dictive model to do much better than 62% accuracy.
Manual examination of a small number of examples
also showed that 55% of ratings predicted by Max-
Ent models are supported by the review text. This is
89% of 62% (a rough upper bound) and can be con-
sidered satisfactory given small data set and differ-
ences among reviewers rating preference. One way
to boost the predictive performance would be to first
determine if there is a textual support for an aspect
rating, and use only the supported aspect ratings for
training and evaluation of the models. This however,
will require labeled data that we tried to avoid in this
work.

Figure 2: Example of ratings with partial support in the
text review

To our surprise, MaxEnt classification, although it
minimizes a classification error, performs best even

40

Figures from Gupta et al. (2010)



Ordinal Regression

37In this example only categorical explanatory variables
have been used. However, where the effect of an
explanatory variable is linear it can be entered as a linear
variable, as is the case in binary logistic regression, with a
resultant saving in the number of parameters to be fitted (as
done by O’Rourke et al.1 for age and pregnancy intention).

Interpretation of findings
In general, it is best to interpret the ORs as indicating the
relative odds of a higher level response, for the value of the
explanatory variable under consideration, relative to its
reference category. For men the odds of using more
effective contraception is greater by 40% than women (with
the 95% confidence interval for increase in odds being 23%
to 61%). As regards age group, the increase in odds of using
more effective contraception is about 60% for those aged
20–29 years, relative to those aged 30 years and over. This
can be confirmed by examining Figure 1, where it can be
seen that this age group reported greatest use of
contraception at all (some vs none) and relatively more use
of effective contraception (high vs moderate/none).
Conversely, the youngest age group had decreased odds of
effective use of contraception, relative to the oldest age
group, by about 20%.

What precautions are needed?
The benefits of a special statistical method will accrue only
if it is suited to the research question of interest, and the data
comply with the assumptions required for that method.
Furthermore, the usual caveats apply, as for general
application of statistical methods, and for logistic regression
modelling in particular. If there is an ordinal association
then it can be envisaged that there should be an overall shift
in the entire distribution of responses for a specific value of
an explanatory variable compared to its reference category.
The ordinal response values can be thought of as

representing a set of thresholds along the range of possible
values at which comparisons can be made of the cumulative
frequencies above and below the threshold. Therefore, the
key assumption needed for ordinal regression is of
proportional odds, which can be thought of as parallel
cumulative frequency distributions for any two subgroups
for which association is being estimated (e.g. males and
females). When this applies for a particular explanatory
feature then the ‘threshold’ ORs can be assumed to be
constant along the range, so that only one OR (parameter)
needs to be estimated, which is the approach taken by
ordinal logistic regression.

Overview
The fact that ordinal logistic regression fits just one
parameter per association, regardless of the number of levels
of the response variable, reduces the number of parameters
that have to be fitted, thus increasing power and simplifying
reporting and interpretation. If the research interest is in
effects (association with the explanatory variables) across
the range of possible response values, then provided the data
and underlying true association are suited to the method,
ordinal logistic regression2 is the analytic method of choice,
because it provides a more succinct representation and more
powerful testing of the associations at work.

Statements on funding and competing interests
Funding None identified.
Competing interests None identified.
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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 response. [Note that this is specified only in
multinomial regression because in binary logistic regression there are only two possible response values, and so the
reference value can be assumed to be the only other possible response value.]

The outcome or dependent variable that is to be modelled/tested.
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What is it?
When a response variable has only two possible values (e.g.
recurrence/not), binary logistic regression is commonly
used to test or model the association between that response
and a number of potential explanatory variables, with each
association estimated in terms of an odds ratio (OR).
Multinomial logistic regression is an extension of this
approach to situations where the response variable is
categorical and has more than two possible values. Ordinal
logistic regression is a special type of multinomial
regression, which can be advantageous when the response
variable is ordinal. [See Box 1 for glossary of terms.]

When/why is it useful?
Ordinal response variables are common in medical research,
but for the purposes of analysis it is often the case that such
a variable will be recoded to just two levels, in order to be
able to use standard binary logistic regression. For example,
a pain score might be recoded to ‘some pain’ versus ‘none’,
or ‘severe pain’ versus the rest. However, this strategy risks
both data dredging (to ‘select’ the recode to be used) and
loss of valuable information in the data.

Alternatively, standard multinomial logistic regression
could be applied. This, however, requires fitting of a large
number of parameters, so the number of degrees of
freedom used in the model-fitting process can make
excessive demands on the dataset. Furthermore,
reporting/interpretation might have to be complex/lengthy.
More problematically, multinomial logistic regression does
not take into account the ordinal nature of the response
variable, and so the analytic power to detect an association
with an explanatory variable will be suboptimal when the
association with response variable is effected evenly across
the range of its possible values, namely when the entire
distribution of responses is shifted along its ordinal scale
(either up for a positive association or down).

Ordinal regression, however, is geared to response
variables with ordinal effect, since it works with the
cumulative distribution for the response variable, and the
parameter it fits for each association represents the general
trend across the ordinal values of the response variable.

Example of technique
A demonstration dataset has been created to illustrate these
notes, where the ordinal response variable is effectiveness
of contraception used, which for simplicity has three levels,
from ‘none used’ to ‘high’ (whereas in the O’Rourke et al.1
article in this issue the very similar outcome variable has
four levels). Figure 1 shows this artificial dataset:
‘effectiveness of contraception used’, by two explanatory
variables, namely gender and age group (those using no
contraception are not shown but would make the columns
total 100%). Modelling these data by standard multinomial
regression, the ORs for the association with gender and age

Ordinal logistic regression
Pamela Warner
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group would be as shown in the left panel of Figure 2. For
the explanatory variables, the reference category for gender
is female and for age is ≥30 years. For the response variable,
the reference value is specified as ‘no contraception’, and
association is estimated for each of its other values against
this reference value. Therefore in this example, two sets of
parameters are estimated, and in each ‘sub-analysis’ only a
subset of the dataset is involved. It can be seen that all
associations estimated for the response comparison
‘moderate vs none’ were found to be non-significant,
whereas there were statistically significant associations for
the more extreme comparison of ‘high vs none’. Note that it
is unknown to the analysis that ‘moderate’ is intermediate
between none and high.

In contrast, ordinal regression, using the entire dataset
and taking into account the ordinal nature of contraception
effectiveness, finds that there is a statistically significant
trend for men to use more effective contraception than
women across the range of effectiveness levels
(high/moderate rather than none, and high rather than
moderate/none). Similarly, for age group there are trends
across the levels of the response variable, albeit in different
directions for the two younger age groups (relative to the
oldest). The ordinal logistic regression estimates can be seen
to have narrower confidence intervals than those by
multinomial logistic regression, confirming the greater
power of this method for the same overall dataset. As would
be expected, the ordinal OR estimates lie between the
corresponding separate estimates by multinomial regression.

Figure 2 Estimates of associations with effectiveness of
contraception used [odds ratio (OR), 95% confidence interval],
using multinomial and ordinal logistic regression (artifical data)
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Figure 1 Effectiveness of contraception used, by gender and age
group (artificial data)
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Ordinal Regression
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Figures from Bender & Grouven (1997)



Why Math for ML?

To best understand     A     we need     B
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A B

Derivation of Principal
Component Analysis 
(PCA)

Linear Algebra
• Vector spaces, Functions and Function Spaces
• Matrices and linear operators
• Matrix decomposition

Gradient-based Matrix 
Factorization and 
Collaborative Filtering

Calculus
• Chain-rule; Partial Derivatives; 
• Matrix Differentials; Second and Higher Differentials

Probabilistic Study of 
Ordinal Regression

Probability
• Events
• Discrete/Continuous Random Variables
• Mean & Variance; Factorization
• 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 ML?

To best understand     A     we need     B

40

A B



Why Computer Science for ML?

To best understand     A     we need     B
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A B

Analysis of Exact 
Inference in Graphical 
Models

Computation
• Computational Complexity
• Recursion; Dynamic Programming
• Data Structures for ML Algorithms



Factor Graph Notation
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• Variables:

• Factors:
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Factors are Tensors
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• Factors:

v 3
n 4
p 0.1
d 0.1

v n p d
v 1 6 3 4
n 8 4 2 0.1
p 1 3 1 3
d 0.1 8 0 0

s vppp …
s 0 2 .3
vp 3 4 2
pp .1 2 1
…

s vppp …
s 0 2 .3
vp 3 4 2
pp .1 2 1
…

s vppp …
s 0 2 .3
vp 3 4 2
pp .1 2 1
…s

vp
pp



Inference

Given a factor graph, two common tasks …
– Compute the most likely joint assignment,
x* = argmaxx p(X=x)

– Compute the marginal distribution of variable Xi:
p(Xi=xi) for each value xi

Both consider all joint assignments.
Both are NP-Hard in general.

So, we turn to approximations.

44

p(Xi=xi) = sum of 
p(X=x) over joint 
assignments with 
Xi=xi



Marginals by Sampling on Factor Graph

45time likeflies an arrow

X1 ψ2 X2 ψ4 X3 ψ6 X4 ψ8 X5

ψ1 ψ3 ψ5 ψ7 ψ9

ψ0X0

<START>

n v p d nSample 6:

v n v d nSample 5:

v n p d nSample 4:

n v p d nSample 3:

n n v d nSample 2:

n v p d nSample 1:

Suppose we took many samples from the distribution over 
taggings:



Marginals by Sampling on Factor Graph

46time likeflies an arrow

X1 ψ2 X2 ψ4 X3 ψ6 X4 ψ8 X5

ψ1 ψ3 ψ5 ψ7 ψ9

ψ0X0

<START>

n v p d nSample 6:

v n v d nSample 5:

v n p d nSample 4:

n v p d nSample 3:

n n v d nSample 2:

n v p d nSample 1:

The marginal p(Xi = xi) gives the probability that variable Xi
takes value xi in a random sample



Marginals by Sampling on Factor Graph

47time likeflies an arrow

X1 ψ2 X2 ψ4 X3 ψ6 X4 ψ8 X5

ψ1 ψ3 ψ5 ψ7 ψ9

ψ0X0

<START>

n v p d nSample 6:

v n v d nSample 5:

v n p d nSample 4:

n v p d nSample 3:

n n v d nSample 2:

n v p d nSample 1:

Estimate the 
marginals as: n 4/6

v 2/6
n 3/6
v 3/6

p 4/6
v 2/6 d 6/6 n 6/6



Why Computer Science for ML?

To best understand     A     we need     B
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A B

Analysis of Exact 
Inference in Graphical 
Models

Computation
• Computational Complexity
• Recursion; Dynamic Programming
• Data Structures for ML Algorithms

Implementation 
Design of a Deep 
Learning Library

Programming & Efficiency
• Debugging for Machine Learning
• Efficient Implementation / Profiling ML Algorithms



Finite Difference Method

Notes:
• Suffers from issues of 

floating point precision, in 
practice

• Typically only appropriate 
to use on small examples 
with an appropriately 
chosen epsilon
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Chain Rule Quiz #1:

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

Differentiation

50

Finite

Difference

Solution:



Backpropagation
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Training

Automatic Differentiation – Reverse Mode (aka. Backpropagation)

Forward Computation
1. Write an algorithm for evaluating the function y = f(x). The 

algorithm defines a directed acyclic graph, where each variable is a 
node (i.e. the “computation graph”)

2. Visit each node in topological order. 
For variable ui with inputs v1,…, vN
a. Compute ui = gi(v1,…, vN)
b. Store the result at the node

Backward Computation
1. Initialize all partial derivatives dy/duj to 0 and dy/dy = 1.
2. Visit each node in reverse topological order. 

For variable ui = gi(v1,…, vN)
a. We already know dy/dui
b. Increment dy/dvj by (dy/dui)(dui/dvj)

(Choice of algorithm ensures computing (dui/dvj) is easy)

Return partial derivatives dy/dui for all variables



Why Computer Science for ML?

To best understand     A     we need     B
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A B

Analysis of Exact 
Inference in Graphical 
Models

Computation
• Computational Complexity
• Recursion; Dynamic Programming
• Data Structures for ML Algorithms

Implementation 
Design of a Deep 
Learning Library

Programming & Efficiency
• Debugging for Machine Learning
• Efficient Implementation / Profiling ML Algorithms

Optimization for 
Support Vector 
Machines (SVMs)

Optimization
• Unconstrained Optimization
• Preconditioning
• Constrained Optimization



Hard-margin SVM (Primal) Hard-margin SVM (Lagrangian Dual)

Support Vector Machines (SVMs)

53

• 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)

• Definition: support vectors are those points x(i) for 
which α(i) ≠ 0



SVM QP
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SVM QP
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SVM QP

56



SVM QP
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SVM QP
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SVM QP
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Why Computer Science for ML?

To best understand     A     we need     B
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A B

Analysis of Exact 
Inference in Graphical 
Models

Computation
• Computational Complexity
• Recursion; Dynamic Programming
• Data Structures for ML Algorithms

Implementation 
Design of a Deep 
Learning Library

Programming & Efficiency
• Debugging for Machine Learning
• Efficient Implementation / Profiling ML Algorithms

Optimization for 
Support Vector 
Machines (SVMs)

Optimization
• Unconstrained Optimization
• 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 best understand     A     we need     B
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A B

Analysis of Exact 
Inference in Graphical 
Models

Computation
• Computational Complexity
• Recursion; Dynamic Programming
• Data Structures for ML Algorithms

Implementation 
Design of a Deep 
Learning Library

Programming & Efficiency
• Debugging for Machine Learning
• Efficient Implementation / Profiling ML Algorithms

Optimization for 
Support Vector 
Machines (SVMs)

Optimization
• Unconstrained Optimization
• 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)

Note:
You may want to take the 10-607
schedule with a grain of salt given
Matt’s propensity in 10-606 for
swapping in new applications as
the semester progressed.



SYLLABUS HIGHLIGHTS
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Syllabus Highlights

The syllabus is located on the course webpage:

http://www.cs.cmu.edu/~mgormley/courses/606-607-f18

The course policies are required reading.
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606/607 Syllabus Highlights
• Grading: 55% homework, 10% in-

class quizzes, 30% final exam, 5% 
participation

• Final Exam: 
– 606: Mini-I final exam week, date 

TBD
– 607: Mini-II 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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606/607 Syllabus Highlights
• Grading: 55% homework, 10% in-

class quizzes, 30% final exam, 5% 
participation

• Final Exam: 
– 606: Mini-I final exam week, date 

TBD
– 607: Mini-II 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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Lectures

• 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 I ask a question…
– I 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)
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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
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LOGIC
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Propositional Logic

Chalkboard
– Form of arguments
– Components of propositional logic
– Two-column proofs
– modus ponens
– Inference rules
– Lemmas

70



Exercise: Inference Rules
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Exercise: Inference Rules
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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
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Exercise: Mini-Sudoku
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Proof Techniques

Chalkboard
– Proof by Construction
– Proof by Cases
– Proof by Contradiction
– Proof by Induction
– Proof by Contraposition
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