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Learning materials
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Learning objectives

m Understanding the concept of Deep
Learning (DL)

m Familiarising with the DL jargon

m Getting to know world renowned DL
frameworks
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Rise of Al/DL
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Rise of Al/DL

Prompt:
Photorealistic
closeup video of
two pirate ships
battling each
other as they sail
inside a cup of
coffee

Source: SORA
OpenAl
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Rise of Al/DL
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Rise of Al/DL

Number of Al publications in CS worldwide, 2013-23

Source: Al Index, 2025 | Chart: 2025 Al Index report
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https://hai.stanford.edu/assets/files/hai_ai_index_report_2025.pdf

Rise of Al/DL

Global corporate investment in Al by investment activity, 2013-24

Source: Quid, 2024 | Chart: 2025 Al Index report
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https://hai.stanford.edu/assets/files/hai_ai_index_report_2025.pdf

Rise of Al/DL

Number of Al-related bills passed into law in 116 select geographic areas, 2016-24
Source: Al Index, 2025 | Chart: 2025 Al Index report
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https://hai.stanford.edu/assets/files/hai_ai_index_report_2025.pdf

Rise of Al/DL in Science
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https://iclr.cc/virtual/2025/workshop/23980
https://iclr.cc/virtual/2025/workshop/23992
https://iclr.cc/virtual/2024/workshop/20581
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https://neurips.cc/virtual/2025/loc/san-diego/workshop/109578
https://neurips.cc/virtual/2024/workshop/84714
https://neurips.cc/virtual/2024/workshop/84752
https://neurips.cc/virtual/2024/workshop/84717
https://neurips.cc/virtual/2024/workshop/84717

Rise of Al/DL in Science

m Climate, Space, Biology, Chemistry,
Particle Mechanics, ...

CCC-ParaSolS 12/69


https://iclr.cc/virtual/2025/workshop/23980
https://iclr.cc/virtual/2025/workshop/23992
https://iclr.cc/virtual/2024/workshop/20581
https://iclr.cc/virtual/2023/workshop/12834
https://iclr.cc/virtual/2023/workshop/12837
https://iclr.cc/virtual/2023/workshop/12837
https://iclr.cc/virtual/2023/workshop/12823
https://neurips.cc/virtual/2025/loc/san-diego/workshop/109577
https://neurips.cc/virtual/2025/loc/san-diego/workshop/109577
https://neurips.cc/virtual/2025/loc/san-diego/workshop/109578
https://neurips.cc/virtual/2024/workshop/84714
https://neurips.cc/virtual/2024/workshop/84752
https://neurips.cc/virtual/2024/workshop/84717
https://neurips.cc/virtual/2024/workshop/84717

Rise of Al/DL in Science

m Climate, Space, Biology, Chemistry,
Particle Mechanics, ...

m Workshops at reputed conferences
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Rise of Al/DL in Science

m Climate, Space, Biology, Chemistry, Select ICLR workshops
Particle Mechanics, ... m XAl4Science, Al4Mat
m Workshops at reputed conferences m Al4Differential Equations in Science

m Physics for Machine Learning, Neural
I c L R Fields across Fields, ML4Materials
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Rise of Al/DL in Science

m Climate, Space, Biology, Chemistry,
Particle Mechanics, ...

m Workshops at reputed conferences
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Select ICLR workshops
m XAl4Science, Al4Mat
m Al4Differential Equations in Science

m Physics for Machine Learning, Neural
Fields across Fields, ML4Materials

Select NeurlPS workshops

m Machine Learning and the Physical
Sciences (ML4PS), Al for Science

m Foundation Models for Science,
Al4Mat, Machine Learning and
Physical Sciences
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Rise of Al/DL in Science
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Why now? (Al Timeline)

« Dewelopment of LISP by McCarthy (1958]

* Dartmouth Workshop 11958) 15 ot stanford (1970) « Retun of NNs and Backpropagation (19€8)  ASIMO (2005) * EMU ibrartzs (2017)
o st (19908 » Perceptrons and Backpropogation |1969) « Driverless Car (1986) + DARPA Grand Challenge (2005)
Purine « ELZA 1965) + Japar's 5th Gen, Computer (1982) * Singularioy s ear £2005)
= Minsky's NN Machine (1951} = 18M Deep Blue (1997) * DARPA Urban Challenge (2007)
oy  Ewpart Systems [1990°5) » 18N Deeper Blue (1997] + Doep Mind AlphaGo (2016)
+ Bombe Machine (1941) ar:l-\mhﬂu-lmm » Robo-Cup [1557) 1BM Watson (2011)

@=it1 === o O C )
130 =) = ED

ARTIFICIAL INTELLIGENCE

Al stirs great excitement (a hype?)
in its early stages. Machine Learning
gives an impetus to Al

m Neural Networks vs Deep Learning Kaynak, 2021

CCC-ParaSolS
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https://link.springer.com/article/10.1007/s44163-021-00009-x

Why now? (Lots of Data)

Stanford Al Re

port, 2025

3000T

1000T

300T!

Number of tokens (median - log scale)

Estimated median data stocks
Source: Epoch Al, 2025 | Chart: 2025 Al Index report
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https://hai.stanford.edu/assets/files/hai_ai_index_report_2025.pdf

Why now? (Growing compute power

EpochAl, 2022
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https://epoch.ai/blog/compute-trends

Why now? (Forest of frameworks)

m The MAD 2025 landscape m Linux Foundation Al and Data
landscape
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https://www.mattturck.com/landscape/mad2025.pdf
https://landscape.lfai.foundation/?group=projects-and-products&view-mode=grid
https://landscape.lfai.foundation/?group=projects-and-products&view-mode=grid

But, really, why now?

The real magic lies in the algorithmic advances.

performance

| arge Hellﬁal
—al

ium neura
Small neural

Classical

amount of data
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DL building blocks
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DL building blocks

CS Fundametals
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DL building blocks

Machine Learning

CS Fundametals
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DL building blocks

Deep Learning

Machine Learning

CS Fundametals
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DL building blocks

Generative Al

Deep Learning

Machine Learning

CS Fundametals

CCC-ParaSolS
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What is Machine Learning?
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What is Machine Learning?

Data
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What is Machine Learning?

Data

Learning
Algorithm
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What is Machine Learning?

Data

Learning
Algorithm

Learnt hidden rules/
function
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What is Machine Learning?

Data

Learning
Algorithm

new data

|

Learnt hidden rules/
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What is Machine Learning?

Data

Learning
Algorithm

new data

|

Learnt hidden rules/
function
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Data in ML

Learning
Algorithm

input

|

CCC-ParaSolS

Learnt hidden rules/
function

l

prediction




Different data forms

Unstructured data

Semi-structured data

Structured data

The university has 5600
students.

John's ID is number 1, he is
18 years old and already
holds a B.Sc. degree.
David's ID is number 2, he is
31 years old and holds a
Ph.D. degree. Robert's ID is
number 3, he is 51 years old
and also holds the same
degree as David, a Ph.D.
degree.

<University>
<Student ID="1">
<Name>John</Name>
<Age>18</Age>
<Degree>B.Sc.</Degree>
</Student>
<Student ID="2">
<Name>David</Name>
<Age>31</Age>
<Degree>Ph.D. </Degree>
</Student>

</University>

ID | Name Age | Degree
1 | John 18 B.Sc.
2 | David 31 Ph.D.
3 Robert 51 Ph.D.
4 | Rick 26 M.Sc.
5 | Michael 19 B.Sc.

CCC-ParaSolS
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ML learning algorithms

Data

Learning
Algorithm

new data

|

CCC-ParaSolS

Learnt hidden rules/
function

l

inference
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ML learning algorithms

Supervised learning
Unsupervised learning
Semi-supervised learning

Recommender systems

Reinforcement learning

o
oA

| !
NG\ £
4," 4 v

Self-supervised learning

Contrastive learning

Transfer learning
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Supervised learning algorithm

Learns from being provided with true
answers/ground truth
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Supervised learning

Input (X) Ground Truth (y) Application
Email Spam (0/1) Spam filter
Audio (speech) Transcripts Speech2Text

DEM contact parameters

Bulk characteristics

Paramter calibration

CCC-ParaSolS
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Supervised learning

Input (X) Ground Truth (y) Application
Email Spam (0/1) Spam filter
Audio (speech) Transcripts Speech2Text

DEM contact parameters

Bulk characteristics

Paramter calibration

Data
Input (X) & Ground Truth (y)

Learning
Algorithm

CCC-ParaSolS

new data

Learnt hidden rules/
function

\

inference
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Single variable linear regression

m Data: [X,y] pairs

House price prediction

X
x
xx xxx"x
x % gc:?‘x

500
Area (X) | Price (y) =
2104 | 399.900 % 400
1600 329.900 S
2400 369.000 = 300
=
8 200}
o
1
0%OO

CCC-ParaSolS

1,000 1,500 2,000 2,500
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Single variable linear regression

m Data: [X,y] pairs

House price prediction

X
x —]
xx xxx"x
%X ’g()?(x -

. 500
Area (X) | Price (y) =
2104 399.900 & 400
1600 329.900 S
2400 369.000 = 300
c
X := feature, y := target values/labels § 200 |-
a
1
0%OO
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Single variable linear regression

m Data: [X,y] pairs

Area (X) | Price (y)
2104 399.900
1600 329.900
2400 369.000

X := feature, y := target values/labels
m Learning .=y =1(X), y #vy

1000's ($)

rice in

P

CCC-ParaSolS

House price prediction
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Single variable linear regression

m Data: [X,y] pairs House price prediction

500 T T T
Area (X) | Price (y) = x *x

2104 399.900 & 400
1600 329.900 S

2400 369.000 = 300
c

X := feature, y := target values/labels § 200 |-
m Learning .=y =1(X), y #vy -

m Fit is continuous function, i.e., can 10%00 17600 1,E;OO 2,000 2,500
have infinite number of possible Area (feet?)

outcomes
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Single variable classification

m Data: [X,y] pairs

Tumor size (X) | Ben./Mal. (y)
2 0
2.5 0
4 1

CCC-ParaSolS

Benign/Malignant

cancer detection

- KX IV

0 4 8
Tumor size (cm)
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Single variable classification

m Data: [X,y] pairs

Tumor size (X) | Ben./Mal. (y)
2 0
2.5 0
4 1

X := feature, y := target values/labels

CCC-ParaSolS
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cancer detection
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Single variable classification

m Data: [X,y] pairs

Tumor size (X) | Ben./Mal. (y)
2 0
2.5 0
4 1

X := feature, y := target values/labels
m Learning .=y =1(X), y #vy

CCC-ParaSolS

Benign/Malignant

cancer detection

- X

0 4 8

Tumor size (cm)
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Single variable classification

m Data: [X,y] pairs

Tumor size (X) | Ben./Mal. (y)
2 0
2.5 0
4 1

X := feature, y := target values/labels
m Learning .=y =1(X), y #vy
m Fit is a discrete function, i.e., has
limited possible outcomes; y € 0,1

CCC-ParaSolS

Benign/Malignant

cancer detection

- X

0 4 8

Tumor size (cm)
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Multiple variable classification

cancer detection

70 ‘ %
« X
60 x X X % |
2 o50) x X
40| :
300 4 8

Tumor size (cm)
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Multiple variable classification

cancer detection

70 ‘ %
« X
60 x X X % |
2 o50) x X
40| :
300 4 8

Tumor size (cm)
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Unsupervised learning algorithm

Learns from unlabelled data alone, i.e.,
no target values/labels (y)
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Supervised vs Unsupervised

Data: [X,y] pairs

70
60

&0

2 50
40
30

cancer detection

‘ X
x
B X i
x X 5% x
i x X |
| |
0 4 8

Tumor size (cm)

Data: [X]

CCC-ParaSolS

Age

70
60
50
40
30

cancer detection

x
X

x X 3% x
% X

X

4
Tumor size (cm)
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Supervised vs Unsupervised

Data: [X,y] pairs Data: [X]
cancer detection cancer detection
70 T x 70 T x
% X
60 - x X xx % 60 - -
) i x X i () i i
<‘E° 50 <bED 50
40 - - 40 - -
| | 0
300 4 8 3 0 4 8

Tumor size (cm) Tumor size (cm)
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Unsupervised learning algorithms

Dimensionality Reduction Anomaly Detection Clustering

/|
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So far

m Rise of Deep Learning
m Building blocks of DL

m What is ML?, data forms and classes
of learning algorithms

m Terms: Feature, target/label
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Single variable linear regression

m Data: [X,y] pairs House price prediction

. 500 \
m Learning % *
) 400
A~ N ~ - % -
y=1(X),y#y o X . %
_ S x
f(X)=w=Area+ b S 300l x X ’;’?(xx |
m w = weight, b := bias 'E Xy Jxx XX
2 2001 0 %% .
o x

10 | | |
%00 1,000 1,500 2,000 2,500
Area (feet?)
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Single variable linear regression

m Data: [X,y] pairs House price prediction

_ 500 T
m Learning x "
) 400 |-
y=Ff(X).9#y y
f(X)=wxArea+ b € 300l
m w = weight, b := bias E
2 200+
a

1 | | |
0%00 1,000 1,500 2,000 2,500
Area (feet?)
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Single variable linear regression

m Data: [X,y] pairs House price prediction

_ 500
m Learning
2 400
y=Ff(X).9#y y
F(X)=wxA b S
(X) = w * Area + S 300
m w = weight, b := bias E
2 200+
a

10 | |
%00 1,000 1,500 2,000 2,500
Area (feet?)
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Single variable linear regression

m Data: [X,y] pairs House price prediction

' 500
m Learning

&l
y="1(X),y#y n 400 -
f(X)=w=xArea+ b S a001

m w = weight, b := bias E
m How do you find the best w and b to ;_C) 200

get a good model?

10 | |
%00 1,000 1,500 2,000 2,500
Area (feet?)
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Problem statement

House price prediction
500 \

%)

(

00 |-

300

200

Price in 1000's

10 | | |
%00 1,000 1,500 2,000 2,500
Area (feet?)
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Problem statement

Data := [X,y] pairs

%)

(

I

Price in 1000's
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House price prediction
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Problem statement

Data := [X,y] pairs

Model type

J=fup(X)=w*xX+b

%)

(

I

Price in 1000's

CCC-ParaSolS

House price prediction
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10 | | |
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Problem statement

House price prediction

Given
500 \ "
Data := [X,y] pairs — x x
< 400
Model type 2
- o
= 300
J=fup(X)=w*xX+b c
(]
Find = 2000
w, b such that y is close to y

10 | | |
%00 1,000 1,500 2,000 2,500
Area (feet?)
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Loss function

House price prediction

A 500 ‘
(y—v) x *
W—/ Q
error Tn/ 400

P

=

S 300

£

(]

L 200}

[a

10 | | |
%00 1,000 1,500 2,000 2,500
Area (feet?)
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Loss function

House price prediction

. 500 \
(y - )’) x "x
M -
(y—y)? > 0
S
— 300
k=
(]
8 200
a

10 | | |
%00 1,000 1,500 2,000 2,500
Area (feet?)
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Loss function

House price prediction

. 500 \
(y _)’) x "x
v ”
G 400
y=y) S
1« ; me = 300
3 (fax) ) 2
i=1 ()
2 200
o

10 | | |
%00 1,000 1,500 2,000 2,500
Area (feet?)
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Loss function

House price prediction

. 500 ‘
(y_)’) x "x
v -
Aerror ) Tn/ 400
V- 3
1« ; me = 300
i=1 ()
2 200 |
o

10 | | |
%00 1,000 1,500 2,000 2,500
Area (feet?)
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Loss function

House price prediction
500 T T T

()A’ _)’) x "x
SN—— &
Aerror ) \m/ 400 -
y-v) §
1« ; me = 300
- 2 200
o
I | | |
I—eaSt square €rror: 10%00 1,000 1,500 2,000 2,500

Area (feet?)

CCC-ParaSolS 36/69



Minimisation problem

9= fun(X)=wxX+b

Loss function
Jw,b) = 3" (fup(XD) = y10)’

Minimise

CCC-ParaSolS
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Minimisation problem

9= fun(X)=wxX+b

Loss function
Jw,b) = 3" (fup(XD) = y10)’

Minimise

Simplified
Model
y="Ff(X)=wx X

Loss function

1 « ; 2
Jw) = 53 (7XO) — y0)
i=1
Minimise
min J(w)
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Minimisation problem

— w=0.5
40 || — w=2
—_ w=b
X
ES 20
O il
0 2 8 10

CCC-ParaSolS
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Minimisation problem

40 |

— w=0.5
—_ w=2
—_— w=b

= 20|

0 2

2

4

6

8

Goal: Choose w to minimise J(w)

10



J(w, b)

800
700
600
500
400
300
200
100
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J(w, b)

800
700
600
500
400
300
200
100

20
15

Goal: C‘S’hooa)
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Gradient Descent (Optimiser)

Loss function

1 ; 2
J(w) = 2; (£ (X)) — y)
Minimise
min J(w)
Steps

m Start with some w, say w =0
m Update w to decrease J(w)

m Till we settle at a minimum

CCC-ParaSolS
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Gradient descent algorithm

m Presuming J(w, b)
0J(w, b)

w

W=Ww—«
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Gradient descent algorithm

m Presuming J(w, b)

0J(w, b)
w=w-—a«
ow
b p_ 0J(w, b)
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Gradient descent algorithm

m Presuming J(w, b)

0J(w, b)

w=w-—a—?=>=>""2
ow

B 0J(w, b)

b=b-a—5—

m « = learning rate

CCC-ParaSolS
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Gradient descent algorithm

m Presuming J(w, b)

0J(w, b)
wW=w-—q———
ow
B 0J(w, b)
(T
m « = learning rate

m Algorithm
0J(w, b)
tmp.w =w —ao——/——
ow
B 0J(w, b)
tmp_b=b— « 95

w = tmp_w
b=tmp_b

simultaneous update!

CCC-ParaSolS
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Gradient descent convergence

20 | 8

18

Q‘\ 167 -

D 14

12 :

| | | |
0 2,000 4,000 6,000 8,000
iterations
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Effect of learning rate (a)

Small « Large o

N A

Jwy | e ](w)\ /

minimum

Machine Learning Specialisation
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Talking about loss functions

Jow,b
(w.b) A @ -

J(w, b)

Machine Learning Specialisation

CCC-ParaSolS
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Binary logistic regression (classification)

m Data: [X)y] pairs, e.g., y € [0,1]
m Learning
y="1(X),y#y

1
fw,b(X) = 1+ exp—(w*X-l—b)
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Binary logistic regression (classification)

m Data: [X)y] pairs, e.g., y € [0,1] A
m Learning J(W, b) non-convex
y=Ff(X).9#y
_ 1 w,b
ol X) = T o0 G >

m When using least squares error loss

m

o 5) = 5037 (oK) -y

i=1
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Logistic loss function

S 8) = 5 > (=]

i=1
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Logistic loss function

i —log(f »(X1)) if y() =1
—log( 1 — fwb(X( ) if y) =0

i=1

EIH
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Logistic loss function

cccccccccc



Brings us back to happy convex scenario

Jow,b
(w.b) 4 @ -

Jw, b)
B
3

20

15
5 10

Machine Learning Specialisation
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Life's more than univariate regression/classification

Data := [[X1,X2,....Xx], ¥]
Model

Y = fau(X) = wiXy + ... + woX, + b

Loss function

J(wy, ..., w,, b) %i(;ﬁab )? ('))2

Minimise

CCC-ParaSolS
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Life's more than univariate regression/classification

Data := [[Xl,X2

Model

..... X.], vl

Y = fau(X) = wiXy + ... + woX, + b

Loss function

J(wi, ..., w,, b)

Minimise

CCC-ParaSolS

m Update weights and bias

0J(w, ..., wp, b)
«
w;
0J(wy, ..., w,, b)
Ob

wWp = Ww; —

b=b—a
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Life's more than univariate regression/classification

Data := [[X1,X5,....X,], ) .
Hata [X0. Xz, X0, ] m Update weights and bias

Model
N - B 0J(w, ..., wp, b)
y:fﬁ,b(X):W1X1+...—|-Wan—{—b W= w; —« aWJ
Loss function b b—an(Wl""’W"’b)
ob
1 & ” S0 2 ) )
J(Wl;-.-;Wn7 %Z(fﬁb X > fW/’b(X): VV'X-’-b
= N Y G
Minimise vectorised ¢ Y j —?Wj
min J(w, b) b:b—an(W’ b)

CCC-ParaSolS
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And, that's machine learning

new data

|

Learning
Data Algorithm )
X,y or > Model Learnt hidden rules/
X Loss function, function
Optimisation l

inference
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So far

m Rise of Deep Learning

m Building blocks of DL

m What is ML?, data forms and classes
of learning algorithms

m Terms: Feature, target/label, weights,
bias, loss function, gradient descent
optimiser
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So far

m Rise of Deep Learning

[ Buildin.g blocks of DL -""1""/“2.\
m What is ML?, data forms and classes 4‘»' AW "‘\
s ] A\‘ e ‘
of learning algorithms ‘s 4/0 '§\\, mw/
m Terms: Feature, target/label, weights, JJ §'\‘ "m/

bias, loss function, gradient descent
optimiser

m Feature scaling and engineering

m Different types of optimisers

m Bias-variance trade off, i.e,
overfitting /underfitting, regularisation
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DL building blocks

Generative Al

Deep Learning

Machine Learning

CS Fundametals

CCC-ParaSolS
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Artificial neuron

input ————» @ output

CCC-ParaSolS 53/69



Activation function Equation Example 1D Graph
Unit step 0, 7<0, Perceptron 1
(Heaviside) #(z) =405, z=0, variant —
1, z>0,
Sign (Signum) ~1, z<0, Perceptron 1
p)=40, z=0, variant _—t
1, z>0, -
Linear Adaline, linear 1
P2) =1z regression 74
Piece-wise linear 1, 2 % Support vector
$2)=4z+5, -3 <z<y, Mmachine
0, z< -3,

CCC-ParaSolS
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Logistic (sigmoid) Logistic
. L~
P(z) = T4 o= regression, .
¢ Multi-layer NN
Hyperbolic tangent et —e*t Multi-layer I
yp g H(2) = _ y
e + e—2 Neural C»
Networks —_/
Rectifier, RelLU Multi-layer I
(Rectified Linear d(z) = max(0, z) Neural _L.
Unit) Networks
Rectifier, softplus Multi-layer /
o(z) = In(1 4 €?) Neural T—————
Copyright © Sebastian Raschka 2016 Networks

(http://sebastianraschka.com)
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Artificial neuron network, univariate example

Y
<>

w1
@ Z:W;X;—|—b

a(z) := activation
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Artificial neuron network, three variables example

3
7%
@ 2 z= E w; Xi + b » output
i=1

W a(z) := activation
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Perceptron (1958)

~—~ <

1

3
1)
=1

W a(z) := step function
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Single layer perceptron (SLP)

Output Layer

cccccccccc



Due to limitations of SLP, Multi layer perceptron (MLP)

cccccccccc


https://tikz.net/neural_networks/

Aspect

Architecture

Problem

Solvability

Activation

Function

Learning

Algorithm

Output

Single-Layer Perceptron (SLP)

One input layer, one output layer (no
hidden layers)

Solves only linearly separable problems
(e.g., AND)

Step function (binary output)
Perceptron learning rule (no

backpropagation)

Binary (0 or 1)

CCC-ParaSolS

Multi-Layer Perceptron (MLP)

Input, hidden, and output layers

Solves both linear and non-linear problems
(e.g., XOR)

Non-linear functions (e.g., sigmoid, RelU,
tanh)

Trained using backpropagation and gradient

descent

Continuous (for regression) or multi-class
(for classification)

Abhishek Jain, medium
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SLP vs MLP

m Single-layer perceptron:
2 inputs/features (X;-X, coordinates) and 3 outputs (3 colors)
m Multi-layer perceptron:

2 inputs/features (Xj-X, coordinates), one hidden layer with 50 neurons, and 3
outputs (3 colors)

Linh Tran, medium
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SLP vs MLP

Single-layer perceptron Multi-layer perceptron

Linh Tran, medium
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Closer look at MLP
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https://tikz.net/neural_networks/

=0 (W]_)]_Xl + W1’2X2 + ...

=0 (zn: W17,'X,' + b1>

i=1

a(l)
1 Wi1 Wip
agl) Wr1 W22
= 0 )
357%) Wmi Wm2
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—+ W]_yan =+ b§0)>

Wl,n
W2,n

Wm,n

X by

0
X | b§l )
X, bs;(?))

Tikz Neural Networks
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Deep learning in a nutshell

Data
X,y or

Deep Learning
Algorithm
Model,
Loss function,
Optimisation

new data

l

Learnt complex hidden
rules/function

CCC-ParaSolS

l

inference
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Exercise #1

m Get a Google account. Note that having a gmail address implies you already have a
Google account.

m Check out the Multi-layer Perceptron spreadsheet. Follow the steps as described in
the description in the following linked article (click here).
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Exercise #2

m Go ahead only if you have MS Excel installed on your machine. If not skip this
exercise and move to the next one.

m Check out how forward and backward propogation works in a neural network.
Follow the steps as described in the description in the following linked article (click
here).
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Exercise #3

FEATURES

X‘D
c

X2

Y=

4neurons

0000

+ — 2 HIDDEN LAYERS

D &

2neurons

;
N

OUTPUT

Test loss 0.700
raining loss 0.675

[m]

tdata O

Check out the graphical DL tool from Deep Playground (click here).

CCC-ParaSolS
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