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Introduction to Modeling

e

» Known Physical Laws » Unknown/Complex Laws
» Few Data > Large Volumes of Data
(1) (2)
kA 4
Differential Machine
Equations Learning
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Modeling Data
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Machine Learning

Algorithms that learn from data without explicit programming

Machine
Learning

Supervised Unsupervised Reinforcement

Learning

Learning Learning
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Supervised Learning

Algorithms that feed on (input, target) data and try to find a mapping:
X: inputs - Y: targets

Classification Regression
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Supervised Learning Algorithms

Linear Regression Logistic Regression  DecisionTree @ K-Nearest Neighbors

bal

Naive Bayes Linear Discriminant Support Vector Artificial Neural
Analysis Machines Networks
‘ @)
O
o Oo
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Ensemble Techniques
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Unlabeled data

Clustered data

Unsupervised Learning
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Reinforcement Learning

Agents that learn optimal policies that solve a task through trial-and-error, by
interacting with an environment

V Agent |
N ~ RL Algorithms
'
{ 4
State reward action Model-Free RL Model-Based RL
S, R, A, ) L
{ 4 { 4
1 Policy Optimization Q-Learning Learn the Model Given the Model
: / N
545,” . Environment <4—

Goal: maximize cumulative returns G; = Ry 1 + Ryyp + -+
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Why Neural Networks

v Non-linear relationships

v’ Large volumes of data

v’ Many features

v’ Easy to Adapt

v Impressive performance

v NNs — Supervised, Unsupervised, Reinforcement Learning

v Universal Approximation Theorem
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Perceptron

Dendrites

Nucleus

Linear
function

n

Yy =u(wix; + woxy + - Wpx, + wg) = U z w;x; + wy
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Linear Model

4 =1

étep Function
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Terminal branches of axon
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Perceptron Example
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Deep Neural Network (DNN)

Multi-Layer Perceptron (MLP) Convolutional Neural Network (CNN)
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Multi-Layer Perceptron (MLP)

HIDDEN

OUTPUT

Neural Networks with at least one hidden layer.

* Layers:
» Input Layer
» Hidden Layers
» Output Layer

Deep neural network

* Each layeris also called “Dense” or “Linear”.  wuae
» Input layer —» Hidden Layers — Output Layer

» Each neuron applies a transformations and passes it
to the next layer

»Shallow Networks: Maximum 2 hidden layers.
* Deep Neural Networks: More than 2 hidden.

QOQOOO
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Image Classification with MLPs
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Convolutional Neural Network (CNN)

* Used for Image Classification, Recognition, Detection
* Each layer applies convolutional filters, which are learnt by the Neural Network

fc_3 fc_4
Fully-Connected Fully-Connected
Neural Network Neural Network
Conv_1 Conv_2 RelU activation
Convolution Convolution 1 /—M
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CNN Operations

Convolution Filter
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Recurrent Neural Network (RNN)

* Model sequential data, such as timeseries . Time Series Plot of Trade
Y1,Y2,Y3 - Yt N
» MLP considers that y; input is independent.
> Instead, RNNs keep a memory weight wy, that remembersthe  Z -
previous input that the neuron received. 40
* Then, it uses wy, to compute its hidden state h;

* h; is updated every time a value is passed to the neuron
Recurrent (RNN) Cell

o i
o
®—

(a) Recurrent Neural Network (b) Feed-Forward Neural Network

h; = wx + hwy,
y =hw+w,
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Long Short-Term Memory (LSTM)

yi(t+1)
Forget Gate *
r I\ ci(t) output layer
—(——(® >
Egnh> Input Gate
f_’ 9 hidden LS
ol lolfemlfa] | | | T
hi(t - 1) I )-:l(t)

x; (1)

* Improved RNN architecture, which:
» Passes each cell’s (neuron’s) state to the other neurons.

» Includes gate mechanisms for the input and its memory which bound the values, and thus
mitigating the Exploding Gradient problem.
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Temporal Convolution Network (TCN)

Residual block (K, d)
Batch Norm + ELU

1x1 Conv
(Optional)

Dilated Causal Conv

Batch Norm + ELU

Dilated Causal Conv

21
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Transformers

BERT
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Timeseries

Sequence of observations ordered by time
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Timeseries Forecasting

Goal: given past observations y;_r, V¢_74+1, ----, V¢, Predict the values of the next
observations V¢, 1, Ve1o, -
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Probabilistic Forecasting

Goal: given past observations yi_r, V¢—741, -

observations

past

forecast

., V¢, predict the quantiles of future
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Regression Metrics
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Conclusions

* Deep Neural Networks achieve exception performance, but require large volumes of data
* |In comparison to statistics, work well under noisy data and datasets with many features

* Applications:

. .
G
<
&" |
v v

Facial Stock Social Aerospace Signature Healthcare Defence Weather
Recognition Market Media Verification Forecasting
Prediction and Handwriting
Analysis
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