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State of Machine Learning

Andrew Ng
Electricity transforms countless in-
dustries: transportation, manufac-
turing, healthcare, communications
and more. AI (machine learning)
will bring about an equally big
transformation
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Head Assistant

Figure: Mohammad Reza Rahmani
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Outline
Foundation

Introduction
Univariate Probability
Multivariate Probability
Statistics
Decision Theory
Optimization [Exercise Set 1]

Supervised Learning
Linear Discriminant Analysis
Logistic Regression
Linear Regression [Exercise Set 2]
Neural Networks [Exercise Set 3] [Midterm]
Exemplar-Based Methods
Kernel Methods [Exercise Set 4]
Trees
Bagging
Forest
Boosting [Exercise Set 5]

Unsupervised Learning
Dimensionality Reduction
Clustering [Exercise Set 6]

Sajjad Amini IML-S01 Course Introduction 10 / 61



Grading Policy

Your grade
Activity Grade
Exercises 6
Midterm 4

Final Exam 4
Final Project 6

Class Activity (Bonus) 1
Summation 21

Regarding your Activities
One exercise will be neglected.
Exercises will be precisely inspected for probable similarities (Similar ones
would be graded as 0)
The best communication line is my email: s_amini@sharif.edu
If you email TAs regarding the course, please CC me for future followups.
Extra class time
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What is Machine Learning

Machine Learning [1]
Consider the following three items:

Experience E

Class of tasks T

Performance measure P

Machine learning is to improve the performance measured by P of a computer
program on T using E

Machine Learning
Based on Machine Learning, definition we have the main following major types
of machine learning:

Supervised Learning
Unsupervised Learning
Reinforcement Learning
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Section 2

Supervised Learning
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Supervised Learning

Supervised Learning
Supervised Learning is:

Task T : Finding mapping f : x 7→ y (x ∈ X = RD and y ∈ Y)
x: Features, Covariates or Predictors
y: Label, Target or Response

Experience E: Set of N input-output pairs D = {(xn,yn)}Nn=1

D: Dataset
N : Sample size

Performance measure P : Dependent on the task
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Subsection 1

Classification
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Supervised Learning - Classification

Classification
General Features:

Task T : Finding mapping f : x 7→ y (x ∈ X = RD and y ∈ Y)
Experience E: Set of N input-output pairs D = {(xn, yn)}Nn=1

Specific Features:
Y = {1, 2, . . . , C} (Unordered and mutually exclusive labels)

P = 1
N

∑N
n=1 I(yn ̸= f(xn)) where:

I(e) =

{
1 if e is true

0 if e is false

P is known as Misclassification Error
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Example - Iris Flower Classification

(a) Setosa (y = 1) (b) Versicolor (y = 2) (c) Virginica (y = 3)

Figure: Different types of Iris flower
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Example - Iris Flower Classification

f1(     )=  
1 (Setosa)

2 (Versicolor)
3 (Virginica)

(a) Approach 1

f2(g(      ))=  
1 (Setosa)

2 (Versicolor)
3 (Virginica)

Sepal length
Sepal width
Petal length
Petal width

(b) Approach 2

Figure: Different types of Iris flower
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Example - Iris Flower Classification
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Figure: Exploratory data analysis - Approach 1
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Example - Iris Flower Classification
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Figure: Exploratory data analysis - Approach 2
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Frame Title
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(c) Decision tree surface

petal length (cm) <= 2.45
samples = 150

value = [50, 50, 50]
class = setosa

samples = 50
value = [50, 0, 0]
class = setosa

True

petal width (cm) <= 1.75
samples = 100

value = [0, 50, 50]
class = versicolor

False

samples = 54
value = [0, 49, 5]
class = versicolor

samples = 46
value = [0, 1, 45]
class = virginica

(d) Decision tree
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Automate Classification

Steps to Automate Classification
Parameterizing mapping: f(·) ⇒ f(·;θ)
Finding suitable θ (θ̂) using Experiment E (Model Fitting)

Enhancing performance measure P ⇒ decreasing misclassification error

Note: Limitation with Misclassification Error
Inability to distinguish different errors

f(x;θ)
Setosa Versicolor Virginica (Poisonous)

Setosa 0 (0) 1 (1) 1 (1)
y Versicolor 1 (1) 0 (0) 1 (1)

Virginica (Poisonous) 1 (10) 1 (10) 0 (0)
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Automate Classification

Empirical Risk
Empirical Risk, the generalization of misclassification error is:

L =
1

N

N∑

n=1

l(yn ̸= f(xn;θ))

Using above definition, model fitting can be done via Empirical Risk Minimiza-
tion (ERM) as:

θ̂ = argmin
θ

1

N

N∑

n=1

l(yn ̸= f(xn;θ))
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Uncertainty [2]

Epistemic Uncertainty (Model Uncertainty)
Uncertainty originated from lack of knowledge about true input-output mapping

Aleatoric Uncertainty (Data Uncertainty)
Uncertainty originated from inherent randomness in experiment E
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Uncertainty in Classification

Capturing Uncertainty
To capture uncertainty, we can define Conditional Probability Density (CPD)
as:

p(y = c|x;θ) = fc(x;θ),

{
0 ≤ fc ≤ 1∑C

c=1 fc = 1
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Softmax Function

Softmax Function
Consider the logits vector defined as:

a ≜ [a1, . . . , aC ] = [f1(x;θ), . . . , fC(x;θ)] = f(x;θ)

The softmax function for this vector is defined as:

S ≜
[
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ac′
, . . . ,

eaC

∑C
c′=1 e

ac′

]

0 1 2 3 4 5

Index

0

1

2

3

4

V
al

u
e

a

0 1 2 3 4 5

Index

0.0

0.1

0.2

0.3

0.4

0.5

0.6

P
ro

b
ab

il
it

y

S(a)

Sajjad Amini IML-S01 Supervised Learning 28 / 61



Application of Softmax Function in Classification

Capturing Uncertainty Using Softmax Function
Previously we define:

p(y = c|x;θ) = fc(x;θ),

{
0 ≤ fc ≤ 1∑C

c=1 fc = 1

Now using softmax we have:

p(y = c|x;θ) = Sc(f(x;θ))

where the following constraints are met:

0 ≤ Sc(f(x;θ)) ≤ 1, c = 1, 2, . . . , C

C∑

c=1

Sc(f(x;θ)) = 1
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Fitting Probabilistic Model

Maximum Likelihood Estimation
One approach to fit probabilistic models is Maximum Likelihood Estimation
(MLE). We can equivalently define loss function as:

l(y, f(x;θ)) = − log p(y|f(x;θ))

Using above loss, the Negative Log Likelihood (NLL) over training set is:

NLL(θ) = − 1

N

N∑

n=1

log p(yn|f(xn;θ))

Then the MLE for model parameters is:

θ̂mle = argmin
θ

NLL(θ)
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Subsection 2

Regression
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Supervised Learning - Regression

Regression
General Features:

Task T : Finding mapping f : x 7→ y (x ∈ X = RD and y ∈ Y)
Experience E: Set of N input-output pairs D = {(xn,yn)}Nn=1

Specific Features:
Y = R
P = 1

N

∑N
n=1(yn − f(xn;θ))

2

P is known as Mean Square Error (MSE)

Sajjad Amini IML-S01 Supervised Learning 32 / 61



Example - One Dimensional Curve Fitting
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Model Fitting in Regression

Model Fitting via ERM
Similar to classification, model parameters for regression problem can be found
via ERM as:

θ̂ = argmin
θ

MSE(θ)︷ ︸︸ ︷
1

N

N∑

n=1

(yn − f(xn;θ))
2
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Uncertainty in Regression

Capturing Uncertainty in Regression
To capture uncertainty, we assume the output distribution to be Gaussian (Nor-
mal) as:

N (y|µ, σ2) ≜ 1√
2πσ2

e−
1

2σ2 (y−µ)2

We make the mean depend on the inputs by defining µ ≜ f(xn,θ). Then we
have the following CPD:

p(y|x;θ) = N (y|f(x;θ), σ2)
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Subsection 3

Generalization
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Overfitting and Generalization

Population Risk
Consider p⋆(x, y) to be the true generating distribution of training set. Then
population risk is defined as:

L(θ; p⋆) ≜ Ep⋆(x,y)[l(y, f(x;θ))]

Generalization Gap
The difference L(θ; p⋆) − L(θ;Dtrain) is called generalization gap where
L(θ;Dtrain) is ERM defiend as:

L(θ;Dtrain) =
1

|Dtrain|
∑

(xn,yn)∈Dtrain

l(yn, f(xn;θ))

Overfitting
Overfitting occure when the generalization gap is large.
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Population Risk

Population Risk Estimation
In practice, we don’t know p⋆(x, y).
We partition the data into two subsets, known as the training set and test
set.
We use test set to estimate population risk as:

L(θ;Dtest) =
1

|Dtest|
∑

(xn,yn)∈Dtest

l(yn, f(xn;θ))
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Subsection 4

Real World Applications
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Real World Classification: Super resolution [3]

Image Super-Resolution via Iterative Refinement

Chitwan Saharia†, Jonathan Ho, William Chan, Tim Salimans, David J. Fleet, Mohammad Norouzi
{sahariac,jonathanho,williamchan,salimans,davidfleet,mnorouzi}@google.com

Google Research, Brain Team

Abstract
We present SR3, an approach to image Super-Resolution

via Repeated Refinement. SR3 adapts denoising diffusion
probabilistic models [17, 48] to conditional image gener-
ation and performs super-resolution through a stochastic
iterative denoising process. Output generation starts with
pure Gaussian noise and iteratively refines the noisy output
using a U-Net model trained on denoising at various noise
levels. SR3 exhibits strong performance on super-resolution
tasks at different magnification factors, on faces and natu-
ral images. We conduct human evaluation on a standard
8⇥ face super-resolution task on CelebA-HQ, comparing
with SOTA GAN methods. SR3 achieves a fool rate close
to 50%, suggesting photo-realistic outputs, while GANs do
not exceed a fool rate of 34%. We further show the effec-
tiveness of SR3 in cascaded image generation, where gen-
erative models are chained with super-resolution models,
yielding a competitive FID score of 11.3 on ImageNet.

1. Introduction
Single-image super-resolution is the process of generat-

ing a high-resolution image that is consistent with an in-
put low-resolution image. It falls under the broad family
of image-to-image translation tasks, including colorization,
in-painting, and de-blurring. Like many such inverse prob-
lems, image super-resolution is challenging because multi-
ple output images may be consistent with a single input im-
age, and the conditional distribution of output images given
the input typically does not conform well to simple para-
metric distributions, e.g., a multivariate Gaussian. Accord-
ingly, while simple regression-based methods with feedfor-
ward convolutional nets may work for super-resolution at
low magnification ratios, they often lack the high-fidelity
details needed for high magnification ratios.

Deep generative models have seen success in learning
complex empirical distributions of images (e.g., [52, 57]).
Autoregressive models [31, 32], variational autoencoders
(VAEs) [24, 54], Normalizing Flows (NFs) [10, 23], and

†Work done as part of the Google AI Residency.

Input SR3 output Reference

Figure 1: Two representative SR3 outputs: (top) 8⇥ face super-
resolution at 16⇥16!128⇥128 pixels (bottom) 4⇥ natural image
super-resolution at 64⇥64!256⇥256 pixels.

GANs [14, 19, 36] have shown convincing image genera-
tion results and have been applied to conditional tasks such
as image super-resolution [7, 8, 25, 28, 33]. However, these
approaches often suffer from various limitations; e.g., au-
toregressive models are prohibitively expensive for high-
resolution image generation, NFs and VAEs often yield
sub-optimal sample quality, and GANs require carefully de-
signed regularization and optimization tricks to tame opti-
mization instability [2, 15] and mode collapse [29, 38].

We propose SR3 (Super-Resolution via Repeated Re-
finement), a new approach to conditional image generation,
inspired by recent work on Denoising Diffusion Probabilis-
tic Models (DDPM) [17, 47], and denoising score match-
ing [17, 49]. SR3 works by learning to transform a stan-
dard normal distribution into an empirical data distribu-
tion through a sequence of refinement steps, resembling
Langevin dynamics. The key is a U-Net architecture [42]
that is trained with a denoising objective to iteratively re-
move various levels of noise from the output. We adapt
DDPMs to conditional image generation by proposing a
simple and effective modification to the U-Net architecture.
In contrast to GANs that require inner-loop maximization,
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Real World Classification: Image Generation [4]
Zero-Shot Text-to-Image Generation

(a) a tapir made of accordion.
a tapir with the texture of an
accordion.

(b) an illustration of a baby
hedgehog in a christmas
sweater walking a dog

(c) a neon sign that reads
“backprop”. a neon sign that
reads “backprop”. backprop
neon sign

(d) the exact same cat on the
top as a sketch on the bottom

Figure 2. With varying degrees of reliability, our model appears to be able to combine distinct concepts in plausible ways, create
anthropomorphized versions of animals, render text, and perform some types of image-to-image translation.

pairs collected from the internet results in a flexible, high
fidelity generative model of images controllable through
natural language.

The resulting system achieves high quality image generation
on the popular MS-COCO dataset zero-shot, without using
any of the training labels. It is preferred over prior work
trained on the dataset by human evaluators 90% of the time.
We also find that it is able to perform complex tasks such
as image-to-image translation at a rudimentary level. This
previously required custom approaches (Isola et al., 2017),
rather emerging as a capability of a single, large generative
model.

2. Method
Our goal is to train a transformer (Vaswani et al., 2017) to
autoregressively model the text and image tokens as a single
stream of data. However, using pixels directly as image
tokens would require an inordinate amount of memory for
high-resolution images. Likelihood objectives tend to pri-
oritize modeling short-range dependencies between pixels
(Salimans et al., 2017), so much of the modeling capac-
ity would be spent capturing high-frequency details instead
of the low-frequency structure that makes objects visually
recognizable to us.

We address these issues by using a two-stage training proce-
dure, similar to (Oord et al., 2017; Razavi et al., 2019):

• Stage 1. We train a discrete variational autoen-
coder (dVAE)1 to compress each 256⇥256 RGB image
into a 32 ⇥ 32 grid of image tokens, each element of
which can assume 8192 possible values. This reduces
the context size of the transformer by a factor of 192
without a large degradation in visual quality (see Fig-

1https://github.com/openai/DALL-E

ure 1).
• Stage 2. We concatenate up to 256 BPE-encoded text

tokens with the 32 ⇥ 32 = 1024 image tokens, and
train an autoregressive transformer to model the joint
distribution over the text and image tokens.

The overall procedure can be viewed as maximizing the
evidence lower bound (ELB) (Kingma & Welling, 2013;
Rezende et al., 2014) on the joint likelihood of the model
distribution over images x, captions y, and the tokens z
for the encoded RGB image. We model this distribution
using the factorization p✓, (x, y, z) = p✓(x | y, z)p (y, z),
which yields the lower bound

ln p✓, (x, y) > E
z⇠q�(z | x)

�
ln p✓(x | y, z) �

� DKL(q�(y, z | x), p (y, z))
�
, (1)

where:

• q� denotes the distribution over the 32 ⇥ 32 image
tokens generated by the dVAE encoder given the RGB
image x2;

• p✓ denotes the distribution over the RGB images gen-
erated by the dVAE decoder given the image tokens;
and

• p denotes the joint distribution over the text and image
tokens modeled by the transformer.

Note that the bound only holds for � = 1, while in practice
we find it helpful to use larger values (Higgins et al., 2016).
The following subsections describe both stages in further
detail.3

2We assume that y is conditionally independent of x given z.
3In preliminary experiments on ImageNet (Deng et al., 2009),

we attempted to maximize the ELB with respect to �, ✓, and  
jointly, but were unable to improve on two-stage training.
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Real World Classification: Image Captioning [5]

Figure 5. A selection of evaluation results, grouped by human rating.

4.3.7 Analysis of Embeddings

In order to represent the previous word St�1 as input to
the decoding LSTM producing St, we use word embedding
vectors [22], which have the advantage of being indepen-
dent of the size of the dictionary (contrary to a simpler one-
hot-encoding approach). Furthermore, these word embed-
dings can be jointly trained with the rest of the model. It
is remarkable to see how the learned representations have
captured some semantic from the statistics of the language.
Table 4.3.7 shows, for a few example words, the nearest
other words found in the learned embedding space.

Note how some of the relationships learned by the model
will help the vision component. Indeed, having “horse”,
“pony”, and “donkey” close to each other will encourage the
CNN to extract features that are relevant to horse-looking
animals. We hypothesize that, in the extreme case where
we see very few examples of a class (e.g., “unicorn”), its
proximity to other word embeddings (e.g., “horse”) should
provide a lot more information that would be completely
lost with more traditional bag-of-words based approaches.

5. Conclusion

We have presented NIC, an end-to-end neural network
system that can automatically view an image and generate

Word Neighbors
car van, cab, suv, vehicule, jeep
boy toddler, gentleman, daughter, son
street road, streets, highway, freeway
horse pony, donkey, pig, goat, mule
computer computers, pc, crt, chip, compute

Table 6. Nearest neighbors of a few example words

a reasonable description in plain English. NIC is based on
a convolution neural network that encodes an image into a
compact representation, followed by a recurrent neural net-
work that generates a corresponding sentence. The model is
trained to maximize the likelihood of the sentence given the
image. Experiments on several datasets show the robust-
ness of NIC in terms of qualitative results (the generated
sentences are very reasonable) and quantitative evaluations,
using either ranking metrics or BLEU, a metric used in ma-
chine translation to evaluate the quality of generated sen-
tences. It is clear from these experiments that, as the size
of the available datasets for image description increases, so
will the performance of approaches like NIC. Furthermore,
it will be interesting to see how one can use unsupervised
data, both from images alone and text alone, to improve im-
age description approaches.
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Real World Classification: Machine Translation [6]

1

· · ·

<latexit sha1_base64="RgJS2/fkHNO8ZVB6p+WimtYGw+A="></latexit>

L0

<latexit sha1_base64="p+zgVHZdhfBBRzbhKMT912rjbfE="></latexit>

E0

<latexit sha1_base64="iWWkrAOs6x5lOOqaEkgKx17fmdM="></latexit>

D0

<latexit sha1_base64="ZTot4D6QTuURmbFcSETjchFHOn4="></latexit>

L1

<latexit sha1_base64="TlmBtWJ0pvrt7ZTDgngFL22NqUA="></latexit>

E1

<latexit sha1_base64="NOEYY0vViegnFWr7Gzf9b2cFolI="></latexit>

D1

<latexit sha1_base64="ngogVpMrmfumJz3stwEBTqpPDkg="></latexit>

L2

<latexit sha1_base64="ACAmcMVZ3Tb+I8CUnOwJ/ciolNs="></latexit>

E2

<latexit sha1_base64="fBy1UfNpo9gEgouHA1/VdfGU8Hs="></latexit>

D2

<latexit sha1_base64="VozjWCRcfVZw6PCUtffb2BClkIY="></latexit>

LK

<latexit sha1_base64="9XT/8w3DIduuh9fS3Oe6XTGPzMc="></latexit>

EK

<latexit sha1_base64="ylLviHlOEmDZJWzDS93rL5VEmJM="></latexit>

DK

<latexit sha1_base64="wpcj6217NuzCZQodLhEjXHyINFQ="></latexit>

Z =

<latexit sha1_base64="BLxSdiz+fsPeIcDCMdr5IodKqqI="></latexit>

Representation Space

D(Z)

<latexit sha1_base64="ytkjwnxmua2iA9A1jNI9MgXF+FA="></latexit>

Figure 2: An encoder-decoder generative model of translation pairs. There is a global distribution D over
representation space Z , from which sentences of language Li are generated via decoder Di. Similarly,
sentences could also be encoded via Ei to Z .

We note that we assume this deterministic map between z and x for simplicity of exposition—in
Section 4.4 we will extend the results to the setting where x has a conditional distribution given z of a
parametric form.

We will assume the existence of a graph H capturing the pairs of languages for which we have aligned
corpora – we can think of these as the “high-resource” pairs of languages. For each edge in this graph, we
will have a corpus S = {(xi, x

0
i)}n

i=1 of aligned sentences.2 The goal will be to learn encoder/decoders
that perform well on the potentially unseen pairs of languages. To this end, we will be providing a sample
complexity analysis for the number of paired sentences for each pair of languages with an edge in the graph,
so we will need a measure of the complexity of F . We will use the covering number, though our proofs
are flexible, and similar results would hold for Rademacher complexity, VC dimension, or any of the usual
complexity measures.
Definition 4.1 (Covering number). For any ✏ > 0, the covering number N (F , ✏) of the function class F
under the `1 norm is the minimum number k 2 N such that F could be covered with k (`1) balls of
radius ✏, i.e., there exists {f1, . . . , fk} ✓ F such that, for all f 2 F , there exists i 2 [k] with kf � fik1 =
maxx2Rd kf(x) � fi(x)k2  ✏.

Finally, we will assume that the functions in F are bounded and Lipschitz:
Assumption 4.1 (Smoothness and Boundedness). F is bounded under the k · k1 norm, i.e., there exists
M > 0, such that 8f 2 F , kfk1  M . Furthermore, there exists 0  ⇢ < 1, such that for 8x, x0 2 Rd,
8f 2 F , kf(x) � f(x0)k2  ⇢ · kx � x0k2.

Training Procedure Turning to the training procedure, we will be learning encoders EL 2 F for each
language L. The decoder for that language will be E�1

L , which is well defined since F has a group structure.
Since we are working with a vector space, rather than using the (crude) 0-1 distance, we will work with a

2In general each edge can have different number of aligned sentences. We use the same number of aligned sentences n just for
the ease of presentation.
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Section 3

Unsupervised Learning
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Unsupervised Learning

Unsupervised Learning
Unsupervised Learning is:

Task T : Dependent on the task
Experience E: Set of N samples D = {xn}Nn=1

Performance measure P : Dependent on the task
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Subsection 1

Clustering
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Unsupervised Learning - Clustering

Clustering
General Features:

Experience E: Set of N samples D = {xn}Nn=1

Specific Features:
Task T : Partition the input into regions that contains similar points.
Performance measure in Compression: Compression loss
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Clustering: Gaussian Mixture Model [7]
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Subsection 2

Factors of Variation
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Unsupervised Learning - Factors of Variation

Factors of Variation
General Features:

Experience E: Set of N samples D = {xn}Nn=1

Specific Features:
Task T : Projecting data into low dimensional subspace which captures its
main aspects
Performance measure: Performance of low dimensional data in various
downstream tasks
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Principle Component Analysis [8]

(a) Original 64× 64 pixels (b) Reconstructed from 8× 8 pixels
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Subsection 3

Real World Applications
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ChatGPT [9]

Sajjad Amini IML-S01 Unsupervised Learning 53 / 61



Language Model

Language Model

{xi }

p(x)

p(“I am going home”) = 0.1
p(“I you he blackboard”) = 0.00001

Sample p(x): “I show him my drawing.”
Conditional Sampling: p(x| “Today is”)
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Section 4

Reinforcement Learning
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Reinforcement Learning

Reinforcement Learning
Reinforcement Learning is:

Task T : Learning an agent to take action in different environmental
conditions.
Experience E: Set of N condition-action-reward triplet
Performance measure P : Average reward
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Reinforcement Learning

Playing an Atari game
Task T: learning policy mapping a = π(x) where:

a: Action
x: Environmental conditions

Experience E: Set of N triplet {(xn,an, rn)}Nn=1

Performance measure P : Maximizing the reward
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Subsection 1

Real World Applications
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Reinforcement Learning
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