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Blockchain and Construction Industry




Blockchain enables peer to peer transfer of digital assets

without any Intermediaries




How does a transaction get into the blockchain? (8/8)

v "
N | 2 PN 2
@ T @Y
A transaction A block representing The block is sent to every MNodes validate
is requested and that transaction is node (il.e. participant) the transaction
autheticated created in the network

The transaction The update is distributed The block is added to Modes receivw a reward
Is complete across the network the existing blockchain  for proof of work, typically
in cryptocurrency



Why Blockchain is a revolutionary idea?

The way of tracking and storing data.

Creating trust in the data.

No more intermediaries




Blockchain Types

Public Blockchain Private Blockchain Hybrid Public-

Private Blockchain
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Smart Contract

A piece of code deployed in the blockchain node.

Execution of a smart contract is initiated by a message embedded In the transaction
Digital currency transfer request simple addition and subtraction.

Ethereum enables transaction that may carry out more sophisticated operations.

For example, a transaction could require a conditional transfer, it may require some
evaluation, it may need more than one signature for transfer of assets, or it may involve

waliting for a specific time or date.
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1.

Project Finance

Tokenized Assets




2.
Supply Chain Management

Document
Validation




3.
Data Transfer (Digital Media)

: Antifraud
Ownership Detection




4.

Document Submittals and Validation

Authentication Forgery Detection




b.
|dentity Management

One ID Card for
everywhere
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Robotic Process Automation (RPA)




What 1s Automation?

- Automation, in essence, involves
- leveraging technology, software, or machinery

- to carry out tasks that would typically require human effort.

- Its beauty lies in its ability to minimize or eliminate the need for constant human

Intervention, allowing processes to run smoothly and efficiently




Why automation Is such a game-changer?

Because it revolutionize the way businesses and individuals operate.
L_eads to increased efficiency and improved accuracy by reducing human errors and
streamlining processes,

Allows organizations to cut costs, enhance scalability, and provide 24*7 operations

By automating repetitive tasks, employees can focus on more strategic and creative

responsibilities, leading to higher job satisfaction.
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Main Automation Categories

1. Task Automation
2. Business Process Automation

3. Robotic Process Automation (RPA)

2. Al and Machine Learning Integration




RPAs, fastest growing enterprise software

Minimum
Expenditure

Great ROI

No Infrastructure
Disruption

Code-less
Environment
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PCHE  ROBOTIC PROCESS AUTOMATION MARKET SIZE 2023 T0 2033 (USD BILLION)

180
162
144
126
108
90
72
54
36
18
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$ 178.55

$ 140.38

$110.70

$18.41

2024 | 2025 | 2026 | 2027 QM 2028 QM 2029 | 2030 | 2031 | 2032 J 2033

Source: https:/www.precedenceresearch.com/robotic-process-automation-market




How to work with a Robot?

What it is Operates with minimal human intervention Operates on your computer
Executing fully automated processes with high- Becoming a trusted assistant
volume transactions Takes charge of repetitive tasks, accelerates
Typically, in task-intensive back-end environment processes

Where On dedicated workstations, servers, or web On PC, laptop, departmental server
services

Trigger Types * Via an automation management tool « By the user
« Based on a set schedule « By certain events on the user’s machine

« By an activity or event

« By anther robot
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Q.

What can be roles involved in designing RPAS?




Q.

What can be opportunities to use RPAs in your work?
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Artificial Intelligence
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Vor. Lix. No. 236.] [October, 1950

M IN D

A QUARTERLY REVIEW _ S
RUAREY | S 595 T Wl VA0
PSYCHOLOGY AND PHILOSOPHY Sl s g (sl ol
IL—COMPUTING MACHINERY AND R PRLCIRVIN-N
INTELLIGENCE

By A.M. TuriNg

1. The Imatation Game.

I PrOPOSE to consider the question, ‘ Can machines think ?’
This should begin with definitions of the meaning of the terms
“machine ’and  think ’. The definitions might be framed so as to
reflect so far as possible the normal use of the words, but this
attitude is dangerous. If the meaning of the words ‘ machine’

ol Caino 4D Jliyzud (sl gyglid Cy pio



i (93,5 1S5 4y I8 I yilo L 2 paan o aSST (gl 4 ((g5Luonlio b) -

oS (oyp sl
o)) g g s e walts 45 48 b, (laieS 4y ailg5 o opyeilo L

ooy BB

5 595 Connd

*e

A5 g5k

=

R "‘-i"" o

: >

A
2
.
¥
e
-
i Lo
k2 b
B 3 =
B - & e
| Tt
N
E o
SR o &
) \i {

i

;
/
)
2
o

Alan Turing
(1912-1954)



1956 Dartmouth Conference:
The Founding Fathers of Al
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Ray Solomonoff

Herbert Simon Arthur Samuel Oliver Selfridge Nathaniel Rochester Trenchard More
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Machine Learning
(ML)
Natural Language
Processing (NLP)

(PR (VR

Pattern Recognition S Coud

Expert Systems

Speech Recognition

Computer Vision
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Artificial Intelligence

Machine Learning

Deep Learning
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(Supervised Learning) Cusys w b (6,350

Input Model Output
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Hypothesis hg(x) = 0y + 6, x
Parameters 6o ,04
1 m
. N 2
Cost Function J(60,01) = %Z(he (x®) = y®)
i=1
90l sladiges JS aluss :m
Goal minimize [(6,,6;)

00r01



Hypothesis Cost Function
m
he(x) = 6, x J(6,) = %E(he(x(‘)) _ y(z))z ool s
i=1
Parameter Goal
01 minimize J(6,)
1
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Bowl-shaped
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Have some function J (6o, 61)

Want min J(6p,6;)

90,01

Outline:
* Start with some 6, 64
* Keep changing 6y, 01 toreduce J(6p,0;)

until we hopefully end up at a minimum
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B (Optimization)
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repeat until convergence {

0
9' = 9] — aaTJ(HO,GI)

&pSob ¢ 5 2l
(learning rate)
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(Machine Learning) .l c,55.
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Field of study that gives computers the ability to learn without explicitly programmed
Arthur Samuel (1959)



d

Well-posed Learning Problem

%
QL

A computer program 1is said to
learn from experience E with respect to some task T and some performance measure P,

if its performance on T, as measured by P, improves with experience E.

Tom Mitchell (1998)




Declarative, Classic Al Non-Declarative

(Symbolic Al) (Machine Learning)
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Confusion Matrix |  Ssopesd yusb

Preclliction

Salmon Sea Bass

Salmon v

Actual
Situation |

Sea Bass v
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Bayes Classifier | ..l

pxlw) /—l)(xlwl)
/—[)(xlwz)

If Plwi|x)>P(wz|x), xisclassified to
If Plwi|x)<Plwz2|x), xisclassified to w>

\E X() +00

: 1 1

_ LAR P, = 5 plx|wy) dx + 5 plx|wy) dx
X0 X e Xo




Confusion Matrix |  Ssopesd yusb

Predicted Condition

A
| 1

Prediction Positive | Predicted Negative
(PP) (PN)
Positive (P) True Positive False Negative
Actual |
Condition
Negative (N) False Positive True Negative
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Confusion Matrix | ((2Usy) o pile) (SiBw yodyd s yile -
N sylxo -
Accuracy | Cowo -

Overall Accuracy (OA) 8 Cowo -

Average Accuracy (AA) awgio Cono - @b’é ‘:",3) )‘
Reliability L Validity | sleel - Sadi
Average Validity (AV) dawgie )lael -
Kappa | LK -
o dumilile Jlro
Z-Score | Z Lol -

McNemar’s Test L (Significance Test) Cuodl (yg0 5 -



Confusion Matrix | S b

Predicted Condition

1
Class 1 Class 2 Class C
Class 1 Nqq Nqy Nic Acc (1)
S
= Class 2 Nyq Moo Noe Acc (1)
S
T
=
(&
<
Class C Neq Neo Nee Acc (C)
Val (1) Val (2) Val (C)
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byl oo

Predicted Condition

Sample '
NUmbers Cl C2 C3 C4 Accuracy
Cl 30 12 1 3 4 12/30
S
S C2 25 0 16 2 2 16/25
S -
= C3 15 0 3 10 0 10/15
5
C4 40 0 0 0 40 40/40
Validity 12/12 16/20 10/15 40/46
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Decision Rules
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(Unsupervised Learning) Cuwy s o (53 paouss
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Meaningful Structure Image Customer Retention
Compression Discovery Classification
Big data Dimensionality Feature ety fyad Classification Diagnostics

Visualistaion Raducton Elicication Detection

Advertising Popularity
Prediction

Learning Learning Weather

Machine W=

Growth
Prediction

Recammender Unsupervised Supervised
Systems

Clustering Regression

Targetted

Marketing Market

Forecasting

Customer

Sl L carning

Estimating
life expectancy

Real-time decisions Game Al

Reinforcement
Learning

Robot Navigation Skill Acquisition

Learning Tasks
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(Ant Colony
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U9 (95 (iluisre Sl2o)8 (S
Scheduling Problems
Sequential Ordering Problem (SOP)
Job-Shop Scheduling Problem (JSP)

Resource-Constrained Project Scheduling Problem (RCPSP)

Assembly Sequence Planning (ASP) problems
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U890 SIS Siludinge sloap S S
Vehicle Routing Problem
Capacitated Vehicle Routing Problem (CVRP)
Multi-depot Vehicle Routing Problem (MDVRP)
Split Delivery Vehicle Routing Problem (PVRP)
Stochastic Vehicle Routing Problem (SVRP)

Vehicle Routing Problem with Time Windows and Multiple Service Workers
(VRPTWMS)
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Genetic Algorithm (GA)

a method for solving both constrained and unconstrained
optimization problems based on a natural selection process that
mimics biological evolution.

The algorithm repeatedly modifies a population of individual

solutions.
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(Particle Swarm

Intelligence)

Current motion part Momentum part
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Walter Pitts
(1923-1969)

A LOGICAL CALCULUS OF THE IDEAS IMMANENT IN
NERVOUS ACTIVITY*

B WARREN S. MCCULLOCH AND WALTER PITTS
University of Illinois, College of Medicine,
Department of Psychiatry at the Illinois Neuropsychiatric Institute,
University of Chicago, Chicago, U.S.A.

Bulletin of Mathematical Biology
(1943)

Warren S. McCulloch
(1898-1969)
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Activation Functions

a
N+1
"""""" /—
—/ n
T
0
.............. _1

a = logsig(n)

S

Log-Sigmoid Transfer Function

0.0

-0.833 +0.833
a = radbas(n)

n

Radial Basis Function
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a = tansig(n) fx) = \ + o-0x

Tan-Sigmoid Transfer Function
a
___________ Al
A
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a = purelin(n) a = hardlim(n)

Linear Transfer Function Hard-Limit Transfer Function




1 Input Neuron w Vector Input
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Network Topologies

- Acyclic Topology
- Consists of no feedback loops.
- Also called feedforward topology.

- Often used to approximate a nonlinear mapping between its inputs and outputs.

>0




Network Topologies

- Cyclic Topology
- Contains at least one feedback loop.
- Also known as a recurrent network.

- Leads to a nonlinear dynamic system model that contains internal memory.

- Used in competitive structure.




NN @
Multi-layer Perceptron (MLP)

Inputs Layer 1
f N A
iw”l i nll 031
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1 bl,
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B
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Px n'g ag
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Recurrent Neural Network vs. Feed-forward Neural Network
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NN @
MLP and Supervised Learning

The goal is to achieve a balance between:
 respond correctly to the input patterns that are used for training
(memorization)

« give reasonable responses to input that is similar, but not identical, to that used

In training (generalization)
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14

10

gradient

=2

Gradient = 0.039346, at epoch 6

Mu = 1¢-05, at epoch 6

Validation Checks = 6, at epoch 6

val fail

2 3
6 Epochs

Mean Squared Error (mse)

Best Validation Performance is 0.070548 at epoch 0

—Train
— Validation
— Test
- Best

2 3 4
6 Epochs

Validation
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Output ~= 0.87*Target + -0.071

Output ~= 0.88*Target + -0.068

Training: R=0.93159

13

05 0 05
Target

Test: R=0.93564

o Data

Output ~= 0.87*Target + -0.077

Output ~= 0.87*Target + -0.071

1!:3

Validation: R=0.94342

o Data
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0
Target

All: R=0.93394
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Performance so far...

Performance

Small Al
models

Amount of data



Deep Learning | s S0l

Machine Learning

& — &y — 3257 Il

Input Feature extraction Classification Output

Deep Learning
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Email Spam? (Y /N) Spam Filtering
Advertisement, Click? (Y/N) Online Advertising

User Info
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Computer Vision - Safety
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Computer Vision - Inspection
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Computer Vision - Inspection
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Computer Vision - Inspection
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Computer Vision - Inspection

Crack Mean Crack P
- 2 ‘ Classification
Number | Width (in.) | Length (in.)
0.0318 37.2646
0.0192 104.4501
0.0283 4.578
0.0154 16.4322
0.038 3.0166
0.0156 8.307
0.0152 1.046
0.0159 2.2587
0.0153 25.1009
0.041 56.5291
0.015 7.2696
0.0339 8.762

-

2
3
4
5
6
74
8
9

0.0251 18.0214

0.0143 1.8881

0.0173 22,5181

0.0136 5.0583
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