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Machine Learning
(ML)
Natural Language
Processing (NLP)

(PR (VR

Pattern Recognition S Coud

Expert Systems

Speech Recognition

Computer Vision




Artificial Intelligence

Machine Learning

Deep Learning
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(Supervised Learning) sy ww b (550

Input Model Output







Bayes Classifier | joJo4sl
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Confusion Matrix | ((2Usy) o pile) (SiBw yodyd s yile -
N sylxo -
Accuracy | Cowo -

Overall Accuracy (OA) IS Cowo -

Average Accuracy (AA) (awgie Covo - @U& ‘:"i) )‘
Reliability L Validity | sleel - Sadi
Average Validity (AV) lawgio jluel -
Kappa | LK -
o dumilile Jlro
Z-Score | Z Lol -

McNemar’s Test b (Significance Test) Cuodl (yg0 }T -
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Predicted Condition

Sample

Actual Condition
A

Numbers Cl C2 C3 C4 Accuracy
C1 30 12 1 3 4 12/30
C2 25 0 16 2 2 16/25
C3 15 0 3 10 0 10/15
c4 40 0 0 0 40 40,/40
Validity 12/12 16/20 10/15 40/46
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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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Pheromone Model
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Multi-layer Perceptron (MLP)
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Recurrent Neural Network vs. Feed-forward Neural Network
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Deep Learning | s S0l

Machine Learning
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Input Feature extraction Classification Output

Deep Learning
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Input Feature extraction + Classification Output




1980S-ERA NEURAL NETWORK

Hidden
layer
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Links carry signals
from one node
to another, boosting
or damping them
according to each
link's 'weight'.

DEEP LEARNING NEURAL NETWORK

Multiple hidden layers
process hierarchical features
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Deep learning

Input image Convolutional layers Fully connected layer Output class
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INnput === Output

A B Cawy g b (60500 (glad )l
Email Spam? (Y/N) Spam Filtering
Advertisement, Click? (Y/N) Online Advertising
User Info
Image, Radar Position of Other Cars Self-driving Cars
CT Scan Diagnosis Healthcare



INnput === Output

Image by Phone Defect? (Y/N) Visual Inspection
Audio Recording Text Transcript Speech Recognition

Review Sentiment (Pos/Neg) Reputation Monitoring




Inspection

Connecting structure drone imagery with Al algorithms (Partnership with Aren) to
create 3D models which can highlight and classify structure deficiencies.

Automated deficiency detection & crack mapping

Safe, thorough, comprehensive, unbiased, & cost effective

Multiple levels of reporting, both summary & granular following AASHTO standards
Aids In predicting future issues, maintenance, & lifespans through tracking multiple
cycles of data collection

Applicable to other assets, not only bridge structures Performed over 1.5 million square

feet of Al analysis




Inspection

Collect Create Reality Perform Deliver
Data Capture Model Al Assessment Actionable Insights
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How can AT help you?

Assess
Boost

Productivity\\

o ~ Maintain
Autonomous » Safety
equipment -
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CUPIX

< Back

Shooting Method

Fast, Easy, and Affordable
Way to Create 3D Virtual
Spaces Only Using an
Off-the-Shelf 360 Camera

Comnaced Camevx

l Lmoh'mmn

BrRicohzt  75%@D 18GB@ s

DIY and Frequent
3D Virtual Site Capture

© Cupix, Inc. All rights reserved. a CUPIX




Cupix Al-Powered Capture Solution

Quick and easy job site
documentation with
accurate 3D trajectory

mapping
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Cupix Al-Powered Capture Solution
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Cupix Al-Powered Capture Solution

CUPIXWORKS BT < Level0l ~
T Cupix Building in San... e
- N XKWL b
| Search SiteView Q ] « \ \ ‘ . r__:\ &
b =\ I ‘— - “-w‘ g
Annotations Add Group | v '

HEN

E Field Issues © "~

&

a Piping issue found Name of New Annotation
Updated: Jul 24, 2020

Name *

Need concyete specification

= 1ssues
E [ Jui 20,2019
B Repors

$e
N
N\

Hide All A
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Al 1n Construction

3

AUTOMATION
Daily Report
Safety Risk Monitoring
Billing Reconciliation

Productivity Tracking

PREDICTIONS

Schedule Delays
Safety Risks
Budget Variance

RECOMMENDATIONS

Operations Changes

yya



New Insights or Recommended Actions
* Automated Resolution
* Machine Leaming
* Artificial Intelligence

What Should I Do? ’ Cognitive
* Deterministic Optimization
‘

Optimization

* Stochastic Optimization
* Tradeoffs

Al as Decision

, What Will Happen?
‘ Predictive * Simulations ang at-if” Scenarios
* Sensitivity Curves S U p po rt TOO I

» Statistical and Causal Forecasting

Information

Attainment Difficulty

Why Did It Happen?
*Root Cause Ana:sis (RCA)
*Simulation & "What-if* Analysis
* Segmentation

®
a
|

What Happened?
*Reports & Dashboards
* Cluttering, Association
* Pattern-Based Attributes

Hindsight Insight Foresight
Value Source: Logilty

Data
&
]
-1
s

Fiqure 2: Analytics maturity curve



P Industries like ICT and media have seen the most digitization and
productivity growth. Construction is at the opposite end of the spectrum.

roductivity &
digitization have lagged

I Unlearning by doing

United States, gross value-added*
Per hour worked, 1947=100

1,600

Agriculture
1,200

Manufacturing
800

Wholesale and retail

Construction
B SC—

1947 60

70 80 90 2000 10

Source: McKinsey GlobalInstitute ~ *At constant prices

5% 4

4%

3%

2%

1%

-1%

» Average year-over-year
growth rate, 2005-2015

-2%

Source:

INCREASED PRODUCTIVITY

& MORE DIGITIZED
. Media:
2% of GDP

Information
Communications
Technology:
6% of GDP
Real estate: 13% of GDP
— Oil and gas: 1% of GDP
Basic goods
manufacturing
Chemicals and
h :
PORITA Finance and
insurance
ernment ST e
e Digitization score
— —
60 80 100
Health care
Mining
Hospitality
Education
Transportation/warehousing
Construction: 4% of GDP
STAGNATING PRODUCTIVITY

& LESS DIGITIZED

McKinsey Global Institute

Note: Circles sized by share of GDP

recode

| — indus.ail




Positives and Negatives

Lack of industry

standards
Optimization of
cost, time, & risk

Large data
requirements

More accurate
forecasts

Requires massive
computational power
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Chatbots

Open-Source

Applications Models




One Stop Al Assistant

All-in-one Chatbot Al Reader Al Writer

Group Al Chat

* 0l & ol-mini, GPT-40 mini, GPT-40, Claude, Gemini and Liama
are supported

Ask any question and receive an immediate solution

» Ask one question, get all answers from all @bots

ChatGPT 40 supported

Download Now
%_

ChatPDF

Basic
© Sider Fusion

@ GPT-40 mini

% Claude 3 Haiku

% Claude 3.5 Haiku
+ Gemini 1.5 Flash
00 Llama 3.3 70B
Advanced

@ GPT-40

€) Claude 3.5 Sonnet
© Gemini 1.5 pro

@ Llama 314058
Super advanced

() ol-mini

‘ol

Integrated Image Tool

Gemini 1.5 Flash

Gemini 1.5 Pro

Claude 3.5 Haiku
Claude 3.5 Sonnet
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Run Al Models Anywhere

Al should be open source, transparent, and available to everyone. GPT4All enables
anyone to run open source Al on any machine.

+ Run Llama, Mistral, Nous-Hermes, and thousands more models

+ Run inference on any machine, no GPU or internet required )L’é&w QSLQJA«O
¢ Accelerate your models on GPUs from NVIDIA, AMD, Apple, and Intel

+ Customize your models with retrieval augmented generation

GPTAAIl for Enterprises

w  Hugging Face

Wy
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- : |=[8] X |
APl keys - OpenAl API X 53] Tokenizer - OpenAl API X ‘ <+
#& platform.openai.com/api-keys 2 w v » 0O :
° Personal ¢ |/ Default project © Playground Dashboard Docs  APIreference @
(D pasHBOARD API keys + Create new secret key

Chat Completions
Assistants
Batches
Evaluations
Fine-tuning
Storage

Usage

APl keys

Cookbook

Forum

Help

As an owner of this project, you can view and manage all APl keys in this project.

Do not share your APl key with others or expose it in the browser or other client-side code. To protect vour account's security, OpenAl may
automatically disable any APl key that has leaked publicly.

View usage per AP| key on the Usage page.

NAME SECRET KEY LAST USED @ CREATED BY PERMISSIONS
DocumentMiningl sk-...3T4A MNariman All U W
Test AP Key sk-...tKsA Nariman All G W




Meet the models

GPT-40

Our versatile, high-intelligence
flagship model

Text and image input, text cutput
128k context length

Smarter model, higher price per
token

GPT-40 mini

Qur fast, affordable small model for
focused tasks

Text and image input, text output
128k context length

Faster model, lower price per token

Exploreall >

Pricing 2

ol & o1-mini

Reasoning models that excel at
complex, multi-step tasks

Text and image input, text output
128k context length

Uses additional tokens for reasoning
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Using API Keys

cO & Colab - First Test.ipynb ¥

File Edit View Insert Runtime Tools Help Last edited on(

0O X

:= Secrets

Q Configure your code by storing environment variables, file paths, or
keys. Values stored here are private, visible only to you and the
{x} notebooks that you select.

Secret name cannot contain spaces.

- Programming IDEs like

Notebook Name Value Actions
access

@ OpenAl_API_key eesecscsssse: © | i “Google Colab”

4+ Add new secret

Gemini APl keys ~

Access your secret keys in Python via:

0 &

from google.colab import userdata
userdata.get('secretName')

<>
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Adding Open Al and Getting API Key

1 !pip install openai

M B

Show hidden output

[2] 1 import openai
2 # import os

[3] 1 from google.colab import userdata
2 openal.api_key = userdata.get('OpenAI_API key')
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Prompt .

o [4] def 1llm_response(prompt):
response = openai.chat.completions.create(
model="gpt-3.5-turbo’,
messages=[{'role':'user’, 'content’:prompt}],
temperature=0
)

# return response.choices[@].message[ "content']
return response.choices[@].message.content.strip()

0O~ & WM

v
Os

prompt =
Classify the following review
as having either a positive or
negative sentiment:

W oo o bW R

response = llm_response(prompt)

1@

Ei} Neutral

print(response)
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Hypothetical Problems




https://intellidraft.ai/

IntelliDraft Al - Clause Generator

Generate a clause with Clausifi - A VISDOM Artificial Intelligence tool

IntelliDraft's Clausifi can generate clauses from the IntelliDraft Al's clause library, please review and accept the Terms of Use to continue. This site uses generative

artificial intelligence, the output may not be fit for your and any particular use or may not be relevant at all. All output should be confirmed by a qualified legal professional
prior to use.

Search for clauses Generate Clause



https://intellidraft.ai/

POTENTIAL CLAIMS RISKS RELATING SPECIFICALLY TO Al

> Design changes instigated by the owner
Mitigation of Damages

The mitigation of damages doctrine, also known as the doctrine of avoidable consequences, prevents an injured party from recovering damages that
could have been avoided through reasonable efforts.

Does “reasonable”

How can a GC . change if you have a
reasonably mitigate a Can an expert witness schedule not prepared
delay if its schedule was use Al to determine by an Al platform?

Are GC’s required to go what is a reasonable

out and utilize Al to mitigation effort after
determine what it can the fact?

reasonably mitigate?

already the theoretically
shortest possible
duration?




Subcontractors not performing

Greater susceptibility to delays based on the theory of criticality
Greater susceptibility to losing entitlement for compensable time extensions

Greater amount of subcontractor claims

Elastic Material

v

Colo Caio 3 Jlusod slagyglid Co e



Plausible solutions (1/5)

Contract based solutions
General contract terms and conditions
Define Owner's obligations not to facilitate early completion schedules
Better definitions of what Is a delay and how it relates to float
Include key delivery dates for OFCI & other deliverables
Provide a detailed definition of concurrency and pacing
Include requirements for the contractor and its subs to certify claims

The Impact of Artificial Intelligence on Owners, Contractors, and Managing Claims

Calw Cais ) Jlusud slag)slid Copio VY ¥a




Plausible solutions (2/5)

Contract based solutions
Al specific contract terms and conditions
Require the contractor to provide software and hardware

Define how Al can be applied to scheduling, change order estimates, and other facets
of the project

Provide clear guidelines for access and auditing the data used by the Al platform as
well as the allowable sources for that data

Incorporate a standalone specification just for Al

Potentially prohibit the use of Al on projects

ol Caino 4D Jliyzud (sl gyglid Cy pio




Plausible solutions (3/5)

Other owner considerations
Resolve problems early, don't wait to the end
Train staff about Al and delays
Know the contract better than anyone else
Document issues in great detail and communicate them timely

Be prepared for more unigue and challenging claims, in particular time extensions and

Impacts to productivity claims

Lean into Al, especially as it relates to mitigating

ol Caino 4D Jliyzud (sl gyglid Cy pio




Plausible solutions (4/5)

Special Contractor Considerations
Incorporate clear scheduling and performance expectations in subcontractor

agreements

Understand upfront how concurrency is defined

Produce a solid change management plan and stick to it
Work the contract and submit changes as prescribed
Validate data and constraints imported into the Al platform

Triple check resulting work product

ol Caino 4D Jliyzud (sl gyglid Cy pio



Plausible solutions (5/5)

Call to arms
Need for industry published guidelines and practices

Proactive approach by owners
Lean into Al and embrace it as it is the human element that will cause the major

problems

Contractors need to recognize Al will highlight its poor project management practices,

especially as it relates to scheduling and change management

Expert witnesses will need to be versed in more than just cost and time but data

science and Al

ol Caino 4D Jliyzud (sl gyglid Cy pio
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Data Privacy and Ownership
Bias and Fairness
. Transparency and Accountability

Misuse and Ethical Boundaries

Regulatory Compliance

sl




HARYV ARD

LAW REVIEW

NYT v. OpenAl: The Times’s About-Face

HE NEW YORK TIMES HAS SUED OPENAI AND MICROSOFT FOR THE
unpermitted use of Times articles to train GPT large language models. The case could

have a significant impact on the relationship between generative Al and copyright law,
particularly with respect to fair use, and could ultimately determine whether and how Al
models are buiit.

https://harvardlawreview.org/bloa/2024/04/nyt-v-openai-the-timess-about-face/

ol Caino 4D Jliyzud (sl gyglid Cy pio



https://harvardlawreview.org/blog/2024/04/nyt-v-openai-the-timess-about-face/

aa I’I‘ Atkinson, Andelson
Loya, Ruud & Romo

A Professional Law Corporation

Dueling OpenAl Copyright Cases to Remain Separate, Parallel

Actions on Both Coasts

With the growing popularity and prevalence of generative artificial intelligence, courts are increasingly being called
upon to decide novel legal issues based on never-before-seen phenomena that are challenging the traditional

paradigm applied to human-generated content. And copyright law is no exception.

More than a dozen copyright lawsuits have been filed against OpenAl alleging similar use of copyright-protected

works to train the large-language models (“LLMs”) used by OpenAl’s ChatGPT.




Cpyob B>

© 2024 Massachusetts Institute of Technology

All rights reserved. No part of this book may be used to train artificial intelligence
systems or reproduced in any form by any electronic or mechanical means (include-ing
photocopying, recording, or information storage and retrieval) without permis-sion in

writing from the publisher.

The MIT Press would like to thank the anonymous peer reviewers whq providf,d
comments on drafts of this book. The generous work of academic experts is essent.lal
for establishing the authority and quality of our publications. We acknowledge with

el L ek - nb thace ntherunece nncredited readers.
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I 0
Tokenizer: GPT3

GPT-40 & GPT-40 mini GPT-3.5 & GPT-4 GPT-3 (Legacy)

, ™

Jeaosele dwwge 33 syalid Gy ol e iS

\. b
Clear Show example

Tokens Characters

41 36

0060 PJ“J“C-‘:]‘ .00 00, civ: 00..000000.



I 0
Tokenizer: GPT3.5 & 4

GPT-40 & GPT-40 mini GPT-3.5 & GPT-4 GPT-3 (Legacy)

Jasele dwwg o 33 5yglid Gyl wAS

Clear Show example

Tokens Characters

26 36

LS'iu-.JJ—_'tSC.EJ'JjLS- mwl edsso)s




I 0
Tokenizer: GPT40, 40 mini

GPT-40 & GPT-40 mini GPT-3.5 & GPT-4 GPT-3 (Legacy)

Jeaosale dwwge 30 syalid Gy ods wiS

Clear Show example
Tokens Characters
11 36

Sed Cn—_u—_r-\—_ 30 psedw Jﬁ.:u—__*
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Retrieval Augmented Generation (RAG)

!

Retrieval Retrieved
Query Texts

:

-




What is a neural
network?
-
[ ]
LangChain o
10101
01010
[ Question Embedding ] [ Answer }
@ A
L J @
[ ) olo10 [ )
___| Chunk of text (document)y ——— 10101 Embeddings L Semantic Search LLM
L ) 01010 | ) .
( ) 01010 | ) a »
—> Chunk of text (document) |———— > 10101 Embeddings —
g ) 01010 | ) (
> Ranked Results
[ ) 01010 [ ) l
—»{ Chunk of text (document) ———— > 10101 Embeddings —> Vector Store
. A °|°|° . v, (Knowledge Base)
Amazon Aurora
I ™y Olﬁlﬂ ' ™ PostgreSQL with
|| Chunk of text (document) — - 10101 Embeddings -
L ) ol1010 | )




9 Query Vector Store e Retrieve Relevant Info

- i

o Get Reply

!

Create Completion
o User Inputs Prompt

with Relevant info l
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25%

My job will be
transformed and will
require significant

reskilling

My job will no longer
exist or demand for my
job will significantly
decrease, and | will

need to reskill for a _
different job Some of my tasks will

change, and this will
require some new sKkills

My job will not be
affected

Source: 2023 BCG/The Network/The Stepstone Group proprietary web (conducted Q4 2023) and analysis.
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Focus areas Key challenges _
BCG's 10-20-70 model Respondents citing the challenge (%)

= Algorithms

i) 10%

Technology

20%

People and
processes

70%

Lack of specialized Al engineers 3

Lack of accurate/reliable models

Lack of access to high-quality data 43%

Difficulty integrating with existing IT systems 56%

IT budgets limiting investments in Al 48%

Difficulty ensuring security and compliance 46%

Expensive scaling due to high model run costs

Difficulty establishing Rol on identified opportunities " (-5 N (.)))J )){
Difficulty prioritizing opportunities vs other concerns . .
sly aglejlo o)

Difficulty making a business case for scaling initiatives

Difficulty realizing cost takeout/savings 54%

Resistance and fear that Al will impact jobs 48%
Lack of a clear Al case for change 42%

Difficulty measuring predetermined KPls 38%

Al )‘ (00 100

Lack of leadership alignment and communications YD)

Difficulty reimagining workflows and processes JEYE)

7% BCG, “Where’s the Value in AI?”, Oct. 2024
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Solution-driven Rollout meets adaptive challenge

How’s that working for you?
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Focus areas Key challenges _
BCG's 10-20-70 model Respondents citing the challenge (%)

= Algorithms

i) 10%

Technology

20%

People and
processes

70%

Lack of specialized Al engineers 3

Lack of accurate/reliable models

Lack of access to high-quality data 43%

Difficulty integrating with existing IT systems 56%

IT budgets limiting investments in Al 48%

Difficulty ensuring security and compliance 46%

Expensive scaling due to high model run costs

Difficulty establishing Rol on identified opportunities e (-5 N (.)))J )){
Difficulty prioritizing opportunities vs other concerns . .
sly aglejlo o)

Difficulty making a business case for scaling initiatives

Difficulty realizing cost takeout/savings 54%

Resistance and fear that Al will impact jobs 48%
Lack of a clear Al case for change 42%

Difficulty measuring predetermined KPls 38%

Al )‘ (00 100

Lack of leadership alignment and communications YD)

Difficulty reimagining workflows and processes JEYE)

7% BCG, “Where’s the Value in AI?”, Oct. 2024
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My job will be
transformed and will
require significant

reskilling

My job will no longer
exist or demand for my
job will significantly
decrease, and | will

need to reskill for a _
different job Some of my tasks will

change, and this will
require some new sKkills

My job will not be
affected

Source: 2023 BCG/The Network/The Stepstone Group proprietary web (conducted Q4 2023) and analysis.
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Starting point: Change project(s) with clear goals
analysis of status quo where to go and what to achieve
with issues Fixed timeline and measures/tools
to fix issues
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Improved system
Better version of the past
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Co-creation in experiments and

Clear purpose and o :
vaguepvlilsion of the iterative learning loops
future > Targets the modification of beliefs

> Fluid process & progressive planning

Reinvented
organization
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CHANGE

Real-Life Storles of How
People Change Their Organizations
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Auther of istermationdl Bestseller Leading Change
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Is Melting
Changing and Succeeding Under Any Conditions
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The award-winning author from Harvard Business School
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Outcome-driven

Authentic agreement meaning Princl ple
the right people in the room, Ag reement
agreeing on things that matter, on outcomes

express in their own words. before solutions

Meaningful outcomes,
not just numbers, not just targets,

but needs met, happy endings to stories, the world changed for people in meaningful ways
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Agendashift Academy, home of Leading with Outcomes
Leadership and strategy in the transforming organisation

Developing strategy together Pursuing strategy together

Establish Context Test the Strategy

IDEAL ) MEANING
{ MEASURE

%

e~
OBSTACLES } %
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e
OUTCOMES * METHOD

Every scope and scale
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Organise the Strategy Feedback & Learning

Working backwards from key moments of impact and learning

[ Agendashift Academy leading-with-outcomes.com
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The Generative
Change Model

THE DYNAMICS
OF (GENERATIVE
CHANGE

DIALOGIC ORGANIZATION DEVELOPMENT
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GERVASESRISB USHES PHID:

Gervase R. Bushe,

“The Dynamics of Generative Change”, 2020

Identify the Adaptive
Challenge

Reframe into a
Purpose Statement
(Generative Image)

Scale-up and Embed

Success Probes

Engage Stakeholders
in Generative
Conversations

Learn from Success

and Failures

Stimulate Self-
Organized
Innovations (probes)
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HDD — Forming a Hypothesis you can test

We believe that <act/onable change>

will result in <meaningful outcome>.

If successful, we might expect to see:

<observable impact 1>

<observable impact n>



The Agendashift Experiment A3

Hypothesis Assumptions & Dependencies

We believe that Assumptions (to be validated) Dependencies (to be resolved)
will result in

If successful, we might expect to see:

Pilot experiments (new A39

Downside Upside
(to be avoided/mitigated) (potential to be nurtured)
People Insights
Directly impacted Other stakeholders & influencers
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Corporate Governance

Data Governance
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TURN IT INTO ACTIONABLE
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ACTIONABLE
INSIGHTS

AV

...AND THEN IMPLEMENT
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OF THE DAY.
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DATA-INFORMED,
NOT DATA-DRIVEN.
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