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LOGO

Machine Learning

Neural Networks and Deep Learning



Perceptron



The Neuron 

Neural Networks (Artificial Neural Networks, Precisely) are always with story of its biological 
counterpart, however, with the advancement of A.I., we now seriously believe it is a mathematical 
model of “imitating”. 



Full Connected Networks

Fully Connected Feed-Forward Neural Networks
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Bias
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Linear Combination 
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Inputs-Outputs Relations
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Inputs-Outputs Relations (Activation)
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NN and LR

A neural network = running several logistic regressions at the same time. 

The LRs are then feed into another logistic regression function. 



Auto-Encoder

Auto-Encoder is a neural network used to learn 
efficient coding. Architecturally, the simplest form of 
an autoencoder is a feedforward, non-recurrent 
neural network



Back Propagation



A Simple Example of BP



A Simple Example of BP



Illustration of Back-Propagation

Back Propagation through layers. 



A Simple Example of BP
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A Simple Example of BP



A Simple Example of BP



A Simple Example of BP



A Simple Example of BP



A Simple Example of BP



Back-Propagation 

𝑊23 is only used to compute 𝑎2, the 
error is back-propagated through 𝑎2. 



Convolutional Neural Network



Visual Receptive Field

to David H. Hubel and Torsten N. Wiesel "for 

their discoveries concerning information 
processing in the visual system".

Cells that are sensitive to small sub-regions of the 
visual field, called a receptive field 

Simple cells respond maximally to specific edge-like 
patterns within their receptive field. 

Complex cells have larger receptive fields and are 
locally invariant to the exact position of the pattern.



Convolutional Neural Networks

In Image Classification a CNN may learn to detect edges from raw pixels in the first layer, then 
use the edges to detect simple shapes in the second layer, and then use these shapes to deter 
higher-level features, such as facial shapes in higher layers. The last layer is then a classifier 
that uses these high-level features.

I admire the elegance of your method of computation; it must be nice to ride through these fields upon the horse 
of true mathematics while the like of us have to make our way laboriously on foot. — Albert Einstein



Definition of Convolution



Definition of Convolution



Convolution with a Kernel

Imagine that the matrix on the left 
represents an black and white image. Each 
entry corresponds to one pixel, 0 for black 
and 1 for white (typically it’s between 0 and 
255 for grayscale images). The sliding 
window is called a kernel, filter, or feature 
detector. Here we use a 3×3 filter, multiply 
its values element-wise with the original 
matrix, then sum them up. To get the full 
convolution we do this for each element 
by sliding the filter over the whole matrix.



Partial Connections



Shared Weights

The wiring of a two dimensional convolutional layer
corresponds to a two-dimensional convolution.
Consider our example of using a convolution to detect
edges in an image, above, by sliding a kernel around
and applying it to every patch.



Convolutional Neural Networks

In the previous example, we fed the output of our convolutional 
layer into a fully-connected layer. But we can also compose two 
convolutional layers, as we did in the one dimensional case. We 
can also do max pooling in two dimensions. Here, we take the 
maximum of features over a small patch.



A Full CNN



From Zero to One



Convolutional Neural Networks



Convolutional Neural Networks



Convolutional Neural Networks



Convolutional Neural Networks



Convolutional Neural Networks



Convolutional Neural Networks



Convolving



Stride



Paddling



Pooling/Subsampling



The Convolution Operator



The Convolution Operator



Full Connection 



The Demo 
http://scs.ryerson.ca/~aharley/vis/conv/



The Convolution Operator



The Fully connect Operator



Two-digit situation



Two-digit situation



Two-digit situation



Two-digit situation





Recurrent Neural Network



Recurrent Neural Network

St = tanh(U *xt +W *St-1)

Ot = softmax(V *St )

A recurrent neural network can be thought of as multiple copies of the same network, each passing a 
message to a successor. Consider what happens if we unroll the loop



Different RNN Structures



Problem of Long Dependency

Consider trying to predict the last word in the text “I grew up in France… I speak fluent French.” Recent 
information suggests that the next word is probably the name of a language



Long Short-Term Memory

Long Short Term Memory networks – usually just called “LSTMs” – are a special kind of RNN, capable 
of learning long-term dependencies. They were introduced by Hochreiter & Schmidhuber (1997), and 
were refined and popularized by many people in following work.

http://www.bioinf.jku.at/publications/older/2604.pdf


A Special RNN

All recurrent neural networks have the form of a chain of repeating modules of neural network. In 
standard RNNs, this repeating module will have a very simple structure, such as a single tanh layer.



The Core Idea

The key to LSTMs is the cell state, the horizontal line running through the top of the diagram.
The cell state is kind of like a conveyor belt. It runs straight down the entire chain, with only some minor linear
interactions. It’s very easy for information to just flow along it unchanged.

The sigmoid layer outputs numbers between zero and one, 
describing how much of each component should be let through. 
A value of zero means “let nothing through,” while a value of 
one means “let everything through!”



Step-by-Step LSTM Walk Through

The first step in our LSTM is to decide what information we’re going to throw away from the cell state. This 
decision is made by a sigmoid layer called the “forget gate layer.”

It looks at ht−1ht−1and xtxt, and outputs a number between 00 and 11 for each number in the cell state.
A 1 represents “completely keep this” while a 0 represents “completely get rid of this.”



Input Gate

The next step is to decide what new information we’re going to store in the cell state.
This has two parts. First, a sigmoid layer called the “input gate layer” decides which
values we’ll update. Next, a tanh layer creates a vector of new candidate values,
that could be added to the state. In the next step, we’ll combine these two to create an update to the state.



Cell State Update

It’s now time to update the old cell state, Ct−1, into the new cell state Ct.

In the case of the language model, this is where we’d actually drop the information about the old 
subject’s gender and add the new information, as we decided in the previous steps.



Output Gate

Finally, we need to decide what we’re going to output. This output will be based on our cell state,

but will be a filtered version. First, we run a sigmoid layer which decides what parts of the cell state

we’re going to output. Then, we put the cell state through tanh (to push the values to be

between −1 and 1) and multiply it by the output of the sigmoid gate, so that we only output the parts

we decided to.



Other Variants

We only forget when we’re going to input something in its 
place. We only input new values to the state when we forget 
something older.



Seq2Seq



Seq2Seq Example

•1) Encode the input sequence into state vectors.

•2) Start with a target sequence of size 1 (just the start-of-sequence character).

•3) Feed the state vectors and 1-char target sequence to the decoder to produce 

predictions for the next character.

•4) Sample the next character using these predictions (we simply use argmax).

•5) Append the sampled character to the target sequence

•6) Repeat until we generate the end-of-sequence character or we hit the character limit.



Attention Mechanism

• Input sequence -> fixed-sized vector -> 
target sequence.

• The important part is that each decoder 
output word y now depends on 
a weighted combination of all the input 
states, not just the last state.

• The attention distribution is usually 
generated with content-based attention. 
The attending RNN generates a query 
describing what it wants to focus on.



Attention Mechanism

ሻ𝑠𝑖 = 𝑓(𝑠𝑖−1, 𝑦𝑖−1, 𝒄𝒊
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Seq2Seq Example



Seq2Seq Example

Attention avoids this by allowing the RNN processing the input to pass along information 
about each word it sees, and then for the RNN generating the output to focus on words as 
they become relevant.



Neural Language Model - CBOW



Word2Vec Skip-Gram
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