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AI as a Black Box – Concepts and Foundations

Opening the Box (1) – Traditional Machine Learning

Opening the Box (2) – Deep Learning

Modern AI and Research Directions



Traditional ML Pipeline
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Why Deep Learning!?

4RIAD SONBOL - AI FOR INTERDISCIPLINARY RESEARCH



Why Deep Learning!?
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Riad Sonbol - 



What is Deep Learning?
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can we learn underlying features directly from data



What is Deep Learning?
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can we learn underlying features directly from data
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The Concept
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The Concept
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Biological Neuron 
vs 

artificial neuron



The Concept
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Deeper Neural Networks!
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Example:
▪ Input: Raw data—such as images—is represented as a set of numerical 

features (e.g., pixel intensities in an image).

▪ Output: a predicted class label representing the category or type of the input 
data.

Machine “2”
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The function 𝑓 is represented by a neural network
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Training Algorithm

15DR. RIAD SONBOL - AI FOR INTERDISCIPLINARY RESEARCH



Training NNs
▪ The network parameters 𝜃 include      𝜃 = 𝑊1, 𝑏1,𝑊2, 𝑏2, ⋯𝑊𝐿, 𝑏𝐿

▪ Define a loss function/objective function/cost function ℒ 𝜃  that calculates 
the difference (error) between the model prediction and the true label
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Gradient Descent Algorithm

Total 
Loss 𝐿

w

▪ Steps in the gradient descent algorithm:

1. Randomly initialize the model parameters, 𝜃0

2. Compute the gradient of the loss function at the initial 
parameters 𝜃0: 𝛻ℒ 𝜃0

3. Update the parameters as: 

𝜃𝑛𝑒𝑤 = 𝜃0 − 𝛼𝛻ℒ 𝜃0

◦ Where α is the learning rate

4. Go to step 2 and repeat
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Backpropagation
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Batch vs Epoch
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It is wasteful to compute the loss over the 
entire training dataset to perform a single 
parameter update for large datasets

E.g., ImageNet has 14M images

Compute the loss on a mini-batch of 
data, update the parameters 𝜃, and 
repeat until all data are used
At the next epoch, shuffle the training 
data, and repeat the above process



Batch vs Epoch
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An epoch is one complete pass of 
the entire training dataset through a 
neural network, 

A batch is a subset of that dataset 
processed before the model's 
internal parameters are updated



Well Known DL Architecture
CNN, RNN, LSTM
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Well Known DL Architecture
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Well Known DL Architecture
▪ What kind of neural networks can be used for large or variable length input 

vectors (e.g., time series)?

▪ Common networks:
◦ CNN, RNN, etc
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Convolutional Neural Network (CNN)
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Convolutions for feature extraction
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The same patterns appear in different regions.



Convolution Neural Network
▪ A convolutional neural 

network refers to any 
network that includes an 
alternation of convolution 
and pooling layers, where 
some of the convolution 
weights are shared.

▪ Architecture:
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The whole CNN

Fully Connected 
Feedforward network
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Example
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Parameters
▪ # of filters: integer indicating the # of filters applied to each window.

▪ kernel size: tuple (width, height) indicating the size of the window.

▪ Stride: tuple (horizontal, vertical) indicating the horizontal and vertical shift 
between each window.

▪ Padding: “valid” or ”same”. Valid indicates no input padding. Same indicates that 
the input is padded with a border of zeros to ensure that the output has the 
same size as the input.
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Architecture design: VGG
▪ What is the preferred filter size?

▪ VGG (Visual Geometry Group at Oxford, 2014): stack of small filters is often 
preferred to single large filter
◦ Fewer parameters

◦ Deeper network
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64 channels of a 
3*3 filter size and 
the same padding

128 filter size and 
filter size (3, 3)



Recurrent Neural Networks
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RNN
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Bidirectional RNN
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We can combine past and future evidence in separate chains



Recurrent Neural Networks
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