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Our Mission
DeepLearning.AI is an education technology company that is empowering

the global workforce to build an AI-powered future through world-class

education, hands-on training, and a collaborative community.

Our Story
DeepLearning.AI was founded in 2017 by machine learning and education

pioneer Andrew Ng to fill a need for world-class AI education.

DeepLearning.AI has created high-quality AI programs on Coursera that have

gained an extensive global following. By providing a platform for education

and fostering a tight-knit community, DeepLearning.AI has become the

pathway for anyone looking to build an AI career. Resolve



Are these questions in your mind?

1. What is the difference between Artificial Intelligence (AI), Machine Learning 
(ML) and Deep Learning (DL)? 

2. What is the relationship between AI model and AI algorithm? 

3. Is unsupervised ML better than supervised ML? 

4. What is a parametric ML algorithm and how is it different from a 
nonparametric ML algorithm? 

5. What is the difference between underfitting and overfitting of data? 

6. Is large amount of data equivalent to big data? 

7. Will AI be a solution to my day-to-day geo-related work?
3
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• Terminologies

• (Classic) Machine learning basics

• Deep learning basics

• Geological and geotechnical engineering applications

Major Items



Artificial Intelligence (AI)

Example: 

robots

Machine learning (ML)

Example: 

Reinforcement learning

Deep learning 

(DL)

Classic ML

Example: convolutional 

neural network (CNN)

Example: logistic 

regression

The big family of “AI” 

(many are subsets of AI)

1. Artificial Intelligence (AI) = learning, reasoning,

understanding, grasping truths, seeing

relationships, considering meanings, separating

fact from belief.

2. Machine learning (ML) = larger concept

containing deep learning and classic ML.

3. However, people may sometimes use ML and

classic ML interchangeably. Need to judge by

context. 5



What do you think?

• My interests are in geotechnical engineering and retaining wall design

• My interests are in soil mechanics, rock mechanics, foundation 
engineering

• Geotechnical engineering include the above sub-disciplines!

• Artificial Intelligence (AI) vs Machine learning (ML) 
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How do we call the elements?

Computer Science Perspective 

7

Data Terminology

OutputAttribute = Program(InputAttributes) 



AI Models vs AI Algorithms
• This can be confusing as both algorithm and model can be used 

interchangeably. Not really!!!

• Model as the specific representation learned from data and the algorithm as the 
process for learning it.

Model = Algorithm (Data) 

• e.g., a decision tree or a set of coefficients are a model 

• e.g., C5.0 and Least Squares Linear Regression are algorithms to learn those 
respective models.

8
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• Terminologies☺

• (Classic) Machine learning basics

• Deep learning basics

• Geological and geotechnical engineering applications

Major Items



Machine Learning (ML)

• The goal is to create a simulation of human learning so that an
application can adapt to uncertain or unexpected conditions.

• To perform this task, machine learning relies on algorithms to analyze
huge datasets.

•The key task is to LEARN a function.

10



Learning a Function

• Machine learning algorithms are described as learning a target function (f) that 

best maps (verb) input variables (X) to an output variable (Y).

Y = f(X)

• This is a general learning task where we would like to make predictions in the 

future (Y) given new examples of input variables (X). 

• We don’t know what the function (f) looks like or it’s form. If we did, we would 

use it directly and we would not need to learn it from data using machine learning 

algorithms. 

• In geotechnical engineering language, it’s the physical law. For example, you 

don’t know s’ = s - u.

11



Learning a Function

• There is also error (e) that is independent of the input data (X).

Y = f(X) + e

• This error might be error such as not having enough attributes to sufficiently 

characterize the best mapping from X to Y. This error is called irreducible 

error because no matter how good we get at estimating the target function (f), 

we cannot reduce this error. 

• Learning a function from data is a difficult problem. Again, it’s because we 

don’t know the exact physical law
12



Parametric and Nonparametric Machine Learning 
Algorithms

Parametric Machine Learning Algorithms

• A learning model that summarizes data with a set of parameters of 
fixed size (independent of the number of training examples) is called a 
parametric model. 

• No matter how much data you throw at a parametric model, it won’t 
change its mind about how many parameters it needs.

• The algorithms involve two steps:

1. Select a form for the function.

2. Learn the coefficients for the function from the training data.

13



•An easy to understand functional form for the mapping 

function is a line, as is used in linear regression:

B0 + B1 × X1 + B2 × X2 = 0
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Parametric Machine Learning Algorithms:

Benefits

• Simpler

• Speed

• Less Data

Limitations

• Constrained: By choosing a functional form these methods are highly constrained to 
the specified form.

• Limited Complexity: The methods are more suited to simpler problems.

• Poor Fit: In practice the methods are unlikely to match the underlying mapping 
function.
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Nonparametric Machine Learning Algorithms

• Algorithms that do not make strong assumptions about the form of the mapping function.

• They are free to learn any functional form from the training data.

• Nonparametric methods are good when you have a lot of data and no prior knowledge, and 

when you don’t want to worry too much about choosing just the right features. (no clue about 

the physical law?)

• Nonparametric methods seek to best fit the training data in constructing the mapping function, 

whilst maintaining some ability to generalize to unseen data. As such, they are able to fit a 

large number of functional forms. 

• An easy to understand nonparametric model is the k-nearest neighbors algorithm that makes 

predictions based on the k most similar training patterns for a new data instance, e.g. joint set 

clustering in stereographic projection. 16



Benefits

• Flexibility

• Power

• Performance

Limitations

• More data: Require a lot more training data to estimate the mapping function.

• Slower: A lot slower to train as they often have far more parameters to train.

• Overfitting: More of a risk to overfit the training data and it is harder to explain why specific 

predictions are made.

17
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Supervised, Unsupervised vs Semi-Supervised Learning

• Supervised learning is where you have input variables (X) and an output variable (Y) and 

you use an algorithm to learn the mapping function from the input to the output.

Y = f(X)

• The goal is to approximate the mapping function so well that when you have new input data 

(X) that you can predict the output variables (Y ) for that data. 

• It is called supervised learning because the process of an algorithm learning from the 

training dataset can be thought of as a teacher supervising the learning process. 

• We know the correct answers, the algorithm iteratively makes predictions on the training 

data and is corrected by the teacher. 

• Learning stops when the algorithm achieves an acceptable level of performance (not 

necessarily 100%)

18



Supervised learning problems can be further grouped into classification and regression 
problems

• Classification: A classification problem is when the output variable is a category, such 
as red or blue or disease and no disease.

• Regression: A regression problem is when the output variable is a real value, such as 
dollars or weight.

• Some common types of problems built on top of classification and regression include 
recommendation and time series prediction respectively.

Some popular examples of supervised machine learning algorithms are:

• Linear regression for regression problems.

• Random forest for classification and regression problems.

• Support vector machines for classification problems.
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Unsupervised Machine Learning

• Unsupervised learning is where you only have input data (X) and no 

corresponding output variables in the training data. 

• The goal for unsupervised learning is to model the underlying structure or 

distribution in the data in order to learn more about the data.

• These are called unsupervised learning because, unlike supervised learning, 

there is no correct answers and there is no teacher. 

• Algorithms are left to their own devises to discover and present the 

interesting structure in the data problems.
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Unsupervised learning problems can be further grouped into clustering and 

association problems.

• Clustering: A clustering problem is where you want to discover the inherent 

groupings in the data, such as grouping customers by purchasing behavior.

• Association: An association rule learning problem is where you want to 

discover rules that describe large portions of your data, such as people that buy 

A also tend to buy B.

Some popular examples of unsupervised learning algorithms are:

• k-means for clustering problems

• Apriori algorithm for association rule learning

21



Summary

Supervised: All data is labeled and the algorithms learn to predict the 

output from the input data.

Unsupervised: All data is unlabeled and the algorithms learn to 

inherent structure from the input data.

Semi-supervised: Some data is labeled but most of it is unlabeled and a 

mixture of supervised and unsupervised techniques can be used.

22



Hand-crafted features (structured data)

If features can be structured in a table, they are regarded as hand-crafted features or structured data

Task: using classic ML to predict the price of a house

Feature 1

Size (m2)

Feature 2

Location

Feature 3

A school nearby?

… Feature n

Bedroom#

Price (million 

dollars)

50 Hong Kong Island No … 2 10.5

60 Kowloon Yes … 3 11.2

… … … … …

100 Kowloon Yes … 4 ?

➢ Hand-crafted features are extracted based on domain knowledge – usually done manually

➢ Sometimes, what features should be extracted is quite difficult to know.

➢ Feature engineering is usually needed.
23



Sub-classes of classic ML

Classic ML

Supervised 

learning

Unsupervised 

learning

Classification Regression Clustering Others

Others
Labels (targets) provided ?

Continuous labels?

Using supervised learning to help illustrate 

basic concepts of classic machine learning
!!!

24
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Task: using classic ML to predict the price of a house

Feature 1

Size (m2)

Feature 2

Location

Feature 3

A school nearby?

… Feature n

Bedroom#

Price (million 

dollars)

50 Hong Kong Island No … 2 10.5

60 Kowloon Yes … 3 11.2

… … … … …

100 Kowloon Yes … 4 ?

How machine learning “learns”

1. The learning occurs as a result of analyzing ever-increasing amounts of data. No data, 

no learning.

2. The basic algorithms don’t change. Need to try many algorithms. 

3. But the algorithm’s internal weights and biases used to select a particular answer do.
25
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Training, validation, and testing data

➢ Training data

➢ Validation data

➢ Testing data

Training data should be representative. It must truly represent the problem domain 

To avoid possible underfitting and overfitting

To test how well the algorithm learned

underfitting overfittingappropriate



Understanding the meaning of weights

Size of a house

S
el

li
n
g

v
o
lu

m
e

One-dimensional issue in a two-

dimensional system, only one parameter

Two-dimensional issue in a three-

dimensional system, two parameters

Q: What about a higher-dimensional issue?

A: Just imagine a hyperplane to fit the samples

27



Steps for classic ML 

1. Structure the data in a table 

Feature 1

Size (m2)

Feature 2

Location

Feature 3

A school nearby?

… Feature n

Bedroom#

Price (million 

dollars)

50 Hong Kong Island No … 2 10.5

60 Kowloon Yes … 3 11.2

… … … … …

100 Kowloon Yes … 4 ?

2. Select a machine learning algorithm

3. Train the algorithm using training data

28

4. Check whether underfitting or overfitting occurs using validation data

5. Test the trained algorithm using testing data

6. Save the model (weights) – more elaboration of weights in the coming slides



29

• Terminologies☺

• (Classic) Machine learning basics☺

• Deep learning basics

• Geological and geotechnical engineering applications

Major Items
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Deep learning? Or Neural networks?

Don’t be overburdened. They are the same thing in today’s semantics

“Using the name ‘deep learning’

is for branding”



Different workflow

Input

Input

Hand-crafted 

features

Simple features

Mapping 

from features

Abstract features

Output

Mapping 

from features

Output

Classic ML

Deep learning

➢ No need to understand the details of the two flowcharts.

➢ Just have an intuition that classic ML and DL have similar flowcharts but

different representation of features

31



Features for DL (unstructured data)

1-D: i.e. Audio

2-D: i.e. Image

3-D: i.e. Point cloud

➢ No need to manually extract features from

inputs.

➢ Algorithms will automatically learn abstract

features from simple features, such as RGB

values, gray-scale values, etc.

➢ Then using abstract features to do

prediction.

➢ However, the meaning of abstract features is

quite non-interpretable.

➢Why some abstract features work is kind of

“black-box”

32
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• Classic ML and DL are two different AI disciplines but are sometimes
used interchangeably. (LW does not like such situation)

• The biggest differences of them are the representation of features

Brief Summary



The size of the dataset

T
h

e
p

er
fo

rm
an

ce

Classic machine

learning

Simple deep

learning

Medium deep

learning

Complex

deep learning

Before 2010’s After 2010’s

Why deep learning?

Classic ML is unable 

to address issues with 

millions of parameters

34
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Neurons and hidden layers 

sizes

Number of

bedrooms

District

Number of

metro

stations

around

Distance

to schools

Living

quality

Education

Tax

imposed

Price

Input (layer) OutputHidden layers

➢ Neural networks have different layers, each 

one having its own weights

➢ The neural network segregates computations 

by layers

➢ Weights represent the strength of the

connection between neurons in the network



Forward propagation (FP) and back propagation (BP)

Principle of FP

36

sizes

Number of

bedrooms

District

Number of

metro

stations

around

Distance

to schools

Living

quality

Education

Tax

imposed

Price

➢ The principle of back propagation (BP) is not in the scope of this presentation.

➢ Just know BP is used for seeking the optimum weights (coefficients)



Simple features
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240 225 180 126

255
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204

137
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182

217

91

240

…

175

133

Convert images to numeric data

How a computer read an image? ---Using RGB values

37
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• DL is a data-driven AI discipline

• Brief introduction of

1. neurons and hidden layers

2. forward propagation and back propagation

3. simple features

Brief Summary
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What happened in a neuron

To examine the operations that neural networks execute in detail, inputs and outputs in different ways:

“a”:

➢ The result stored in a unit in the neural network after being processed by the activation function (called g).

➢ This is the final output that is sent further along the network

“z”:

➢ The multiplication between “a” and the weights.

➢ “z” represents the signal going through the connections, analogous to water in pipes that flows at a

higher or lower pressure depending on the pipe diameter.

➢ In the same way, the values received from the previous layer get higher or lower values because of the

connection weights used to transmit them.

A detail of FP in a neuron
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Produce a prediction (4-layer example)

Seven steps used to produce a prediction in a neural 

network made of four layers (Top right figure)

1. The first layer (notice the superscript 1 on a) loads the value

of each feature in a different unit:

(1)a X=

2. The weights of the connections bridging the input layer with the second layer are multiplied by the

values of the units in the first layer. A matrix multiplication weights (w1 w2) and sums the inputs for the

second layer together.
(2) (1) (1)z W a=

As a matrix
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Produce a prediction

3. The algorithm adds a bias constant to layer two before

running the activation function g. The activation function

transforms the second layer inputs. The resulting values are

ready to pass to the connections.

(2) (2) (2)( )a g z bias= +

4. The third layer connections weigh and sum the

outputs of layer two.

(3) (2) (2)z W a=

5. The algorithm adds a bias constant to layer three before running the activation function. The activation

function transforms the layer-three inputs.

(3) (3) (3)( )a g z bias= +
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Produce a prediction

6. The layer-three outputs are weighted and summed by the 

connections to the output layer.

7. Finally, the algorithm adds a bias constant to layer

four before running the activation function. The

output units receive their inputs and transform the

input using the activation function. After this final

transformation, the output units are ready to release

the resulting predictions of the neural network.

(4) (3) (3)z W a=

(4) (4) (4)( )a g z bias= +
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• Terminologies☺

• (Classic) Machine learning basics☺

• Deep learning basics☺

• Geological and geotechnical engineering applications

Major Items



Hong Kong 

• Large amount of (too much) 
geological and geotechnical data

• Categories

• Images 

• corebox photos

• rock specimens before and after UCS 
test

• aerial photos

• Qualitative description 

• rock color, texture

44

Borelog

Quantitative vs 

qualitative



Hong Kong 
• Large amount of (too much) geological and geotechnical data

• Categories
• Images 

• corebox photos

• rock specimens before and after UCS test

• aerial photos

• Qualitative description 
• rock color, texture

• Spatial-temporal data 
• Landslide occurrence (location and time)

• Numerical values
• Soil lab test results vs soil name

• Field measurement (settlement)

• TBM advance rate
45

Would you call 

them BIG DATA?

https://towardsdatascience.com/what-is-big-data-lets-answer-this-question-933b94709caf



Big data (https://en.wikipedia.org/wiki/Big_data)

• Is a field that treats ways to analyze, systematically extract
information from, or otherwise deal with data sets that are too large or
complex to be dealt with by traditional data-processing application
software.

• ≠ large amount of data

46

https://en.wikipedia.org/wiki/Data_set
https://en.wikipedia.org/wiki/Data_processing
https://en.wikipedia.org/wiki/Application_software
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1. Predicting ground response (earth-structure) response behind which
the physical laws are not easy to be developed in geotechnical
system, e.g. pile capacity (interplay of tens of numerical parameters)

2. Automatic crack detection based on computer vision (images)

Geological and Geotechnical engineering applications



3. Predicting flyrock distance

48

4. TBM advance rate



5. Landslide prediction and early warning

(geological parameters and time)

49

1. Geology

2. Topography (gradient)

3. Rainfall

4. Site history

5. RQD

6. Joint spacing 

7. …

8. …

Structured data?

Attributes of each instance?

(numeric vs non-numeric?)



DeepLearning.AI <thebatch@deeplearning.ai>
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Take the problem of diagnosing medical patients from X-rays. The deployment options include:
1. Human only: No AI involved.
2. Shadow mode: A human doctor reads an X-ray and decides on a diagnosis, but an AI system shadows the doctor 

with its own attempt. The system’s output doesn’t create value for doctors or patients directly, but it is saved for 
analysis to help a machine learning team evaluate the AI’s performance before dialing it up to the next level of 
automation.

3. AI assistance: A human doctor is responsible for the diagnosis, but the AI system may supply suggestions. For 
example, it can highlight areas of an X-ray for the doctor to focus on.

4. Partial automation: An AI system looks at an X-ray image and, if it has high confidence in its decision, renders a 
diagnosis. In cases where it’s not confident, it asks a human to make the decision.

5. Full automation: AI makes the diagnosis.

https://www.diagnosticimaging.com/view/deep-learning-
algorithm-identifies-more-missed-lung-cancers-on-x-ray



Are these questions in your mind?

1. What is the difference between Artificial Intelligence (AI), Machine Learning 
(ML) and Deep Learning (DL)? √

2. What is the relationship between AI model and AI algorithm? √

3. Is unsupervised ML better than supervised ML? √

4. What is a parametric ML algorithm and how is it different from a 
nonparametric ML algorithm? √

5. What is the difference between underfitting and overfitting of data? √

6. Is large amount of data equivalent to big data? √

7. Will AI be a solution to my day-to-day geo-related work? √
51
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1. You are smarter than me → you can develop your AI projects

2. Hong Kong has lots of data→ investment to compile and label the data

3. AI-enabled automation is often portrayed as a binary on-or-off (either
automated or not). But in practice, automation is a spectrum, and AI teams
have to choose where on this spectrum to operate→ don’t be disappointed if
100% accuracy is not obtained

Conclusions

https://en.wikipedia.org/wiki/Desktop_computer
https://www.vectorstock.com/royalty-free-
vector/cartoon-human-brain-vector-21908216

https://www.corporatecomplianceinsights.co
m/model-governance-to-ai-ml-systems/



throw out a brick so as to draw pieces of jade

(throw out a minnow to catch a whale)
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Louis WONG 

LNYWONG@hku.hk

https://www.51ywwk.com/34279.html


