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LARGE LANGUAGE MODELS 
(LLM)



-ccelerator.com michaelhousman.com

8
3536

What is artificial intelligence?

ARTIFICIAL 
INTELLIGENCE 
IS PATTERN 
RECOGNITION 
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HOW DOES A LARGE 
LANGUAGE MODEL WORK?

What is artificial intelligence?

Let’s say we want to create 
a simple LLM off of the 
works of Charles Dickens. 

9
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It was the best of times, it was the 
worst of times, it was the age of 
wisdom, it was the age of 
foolishness, it was the epoch of 
belief, it was the epoch of 
incredulity, it was the season of 
light, it was the season of darkness, 
it was the spring of hope, it was the 
winter of despair.

10-ccelerator.com michaelhousman.com

HOW DOES A LARGE LANGUAGE MODEL WORK?

We start by calculating 
which letters commonly 
appear after other letters 
and we create a table of 
probabilities
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TABLE OF PROBABILITIES

AFTER:

A B C D E F G H I J K L M N O P Q R S T U V W X Y Z

But this simple approach 
produces so-so results

HOW DOES AN LLM WORK?
What is artificial intelligence?
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TABLE OF PROBABILITIES

AFTER:

A B C D E F G H I J K L M N O P Q R S T U V W X Y Z
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What is artificial intelligence?

But this simple approach 
produces so-so results

HOW DOES AN LLM WORK?
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TABLE OF PROBABILITIES

AFTER:

A B C D E F G H I J K L M N O P Q R S T U V W X Y Z
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What is artificial intelligence?

But this simple approach 
produces so-so results

HOW DOES AN LLM WORK?
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IN TRAINING

IT WAS THE BEST OF TIMES, IT WAS THE WOR

PLEASE SIR, I ’D LIKE SOME MO

GOD BLESS US, EVERYO

14michaelhousman.com

What is artificial intelligence?

What we do instead is calculate the next letter based on 
previous words and sentences by using a giant brain 
called a neural net. That gets us better results. 

HOW DOES A LARGE LANGUAGE MODEL WORK?
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What is artificial intelligence?

1)
Instead of 
training on 
Dickens, we 
train on the 
entire internet
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2)
Instead
of predicting
the next letter,
we predict a
token (fragment, 
code, etc)

IN TRAINING
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But there are two big 
differences when we 
implement this for real

HOW DOES AN LLM WORK?
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How should companies be thinking about leveraging generative AI?

MISINFORMATION
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WHAT IS RETRIEVAL AUGMENTED 
GENERATION (RAG)?

How are organizations leveraging generative AI?

“All the world's a stage,
And all the men and 

women merely 
PLAYBOYS”

“To be or not 
to be, that is 

the question.” 

https://michaelhousman.com/

NOW
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Text

Response

WHAT IS RETRIEVAL AUGMENTED GENERATION (RAG)?
How are organizations leveraging generative AI?
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Figure 1 | Benchmark performance of DeepSeek-V3 and its counterparts
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Figure 1 | Benchmark performance of DeepSeek-V3 and its counterparts DeepSeek R1 vs. Open AI 01
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THE STRENGTHS / WEAKNESSES OF MAJOR LLMS
What is artificial intelligence?

https://michaelhousman.com/

NOW

michaelhousman.com 21
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GENERATIVE ADVERSARIAL 
NETWORK (GAN)
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HOW DOES A GENERATIVE
ADVERSARIAL NETWORK (GAN) WORK?

What is artificial intelligence?
NOW

28
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HOW DOES A GENERATIVE
ADVERSARIAL NETWORK WORK?

What is artificial intelligence?
NOW

29
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HOW DOES SYNTHETIC 
DATA WORK?

What is artificial intelligence?

35
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What is artificial intelligence?

35

HOW DOES SYNTHETIC 
DATA WORK?
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What is artificial intelligence?

HOW DOES SYNTHETIC 
DATA WORK?
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What is artificial intelligence?

HOW DOES SYNTHETIC 
DATA WORK?
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GENERATIVE ADVERSARIAL 
NETWORK (GAN)

MULTI-MODAL MODELS



-ccelerator.com michaelhousman.com

NOW

39



-ccelerator.com michaelhousman.com40



-ccelerator.com michaelhousman.com41



-ccelerator.com michaelhousman.com42



-ccelerator.com michaelhousman.com

HOW DOES A MULTI-MODAL MODEL WORK?
What is the latest and greatest in artificial intelligence?

https://michaelhousman.com/

NOW

michaelhousman.com 43
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“

“AI is the new front 
door to your 

business for millions 
of customers”

Allie Miller

AI thought leader, former IBM executive
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GOOGLE TRAFFIC SHARE VS BING + CHATGPT

-ccelerator.com michaelhousman.comSource: ARK Invest. SimilarWeb
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What is artificial intelligence?

ChatGPT Launches
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Friendship

Emotional Support

Humor or Entertainment

Therapeutic Conversation

Comforting in Times of Distress

Encouragement

Venting

Significant Other Relationship

Coping Strategies

Validation

Sexual Support

Providing Safety

Other

WHAT SUPPORT PEOPLE SEEK IN REPLIKA?
What is artificial intelligence?
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REINFORCEMENT LEARNING

GENERATIVE ADVERSARIAL 
NETWORK (GAN)

MULTI-MODAL MODELS

AGENTS & AVATARS
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What are some recent breakthroughs in artificial intelligence?

71-ccelerator.com michaelhousman.com
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What are some recent breakthroughs in artificial intelligence?
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What are some recent breakthroughs in artificial intelligence?
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☠

HOW DOES REINFORCEMENT LEARNING WORK?
NOW

What is artificial intelligence?

Agent in S0 Environment

S1

R1

AO

74
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🍄

HOW DOES REINFORCEMENT LEARNING WORK?
NOW

What is artificial intelligence?

Now Agent in S1

A2

Environment

S2

R2

Now Agent in S2

75
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ROBOTS READY TO REVOLUTIONIZE WORK!Meet the Humanoids:



-ccelerator.com michaelhousman.com 81



-ccelerator.com michaelhousman.com 82



-ccelerator.com michaelhousman.com 83

From sci-fi to reality: 
The rise of thinking 
machines

michaelhousman.com-ccelerator.com
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Future-proofing yourself: 
How organizations can 
stay ahead

Exponential tech
vs. linear minds:
The adoption gap
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Exponential tech vs. linear minds: The adoption gap
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A NEW MOORE'S LAW FOR AI AGENTS

Data source: METR (2025) CC- BY AI DIGEST

Exponential tech vs. linear minds: The adoption gap
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A NEW MOORE'S LAW FOR AI AGENTS

Data source: METR (2025) CC- BY AI DIGEST

Exponential tech vs. linear minds: The adoption gap
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WHY THE EXPLOSION IN 
ARTIFICIAL INTELLIGENCE?

Why Now?

9797
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WHY THE EXPLOSION IN 
ARTIFICIAL INTELLIGENCE?

How do I leverage artificial intelligence?
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WHY THE EXPLOSION OF ARTIFICIAL INTELLIGENCE?

NOW

2020s AI

2010s Mobile

2000s Apps

1990s Internet

1980s Networks

1960s Semiconductors

1970s Systems

Exponential tech vs. linear minds: The adoption gap
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BUILDING AN ”AI EXPERIMENTATION ENGINE”
NOW

103

How are organizations leveraging generative AI?House: Slide here about how the initial adoption of ChatGPT hasn’t been sustained 

103-ccelerator.com michaelhousman.com
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NOW
How are organizations leveraging generative AI?
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0 0 1%

18%

25%

34%

0 0 1%
4% 6%

9%

2020 2021 2022 2023 2024 2025

Any Everyday

AI CAPABILITY VS HUMAN ADOPTION 
Exponential tech vs. linear minds: The adoption gap
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AI Capability (in minutes)
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GPT 4

2 hrs

1h 30m
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NOW
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Quality

1616 112

WE STARTED WITH THE CARROTS
Exponential tech vs. linear minds: The adoption gap
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Quality

1616 113

THEN WE MOVED TO THE STICKS
Exponential tech vs. linear minds: The adoption gap
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“

“

Bradley Miller, Chief Information Officer, Moderna

90% of companies want to do GenAI,
but only 10% of them are successful, 

and the reason they fail is because 
they haven’t built the mechanisms of 

actually transforming the work-
force to adopt new technology

and new capabilities”

115
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NOW

DEVELOPING AN “AI FIRST” CULTURE
Exponential tech vs. linear minds: The adoption gap

116
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HOW I USE AI

When I don’t get the response I
want from the first prompt, I try again

I use AI to get ready for the following workday

I start my day using AI

I research and try new prompts

I regularly share my prompts / 
top tips on AI usage with my co-workers

I regularly experiment with different ways of using AI

I make it a priority to learn how to use AI effectively

I ask co-workers what prompts they find most useful

Before starting a task, I ask myself, 
“could AI help me with this?”

Percent of each group selecting at least occasionally

25
%

50
%

75
%

10
0%

Skeptics Novices Explorers Power Users

When I don’t get the response I
want from the first prompt, I try again

I use AI to get ready for the following workday

I start my day using AI

I research and try new prompts

I regularly share my prompts / 
top tips on AI usage with my co-workers

I regularly experiment with different ways of using AI

I make it a priority to learn how to use AI effectively

I ask co-workers what prompts they find most useful

Before starting a task, I ask myself, 
“could AI help me with this?”

119
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HOW AI IMPACTS MY 
EXPERIENCE AT WORK

25
%

50
%

75
%

10
0%

Percent of each group who agree

It makes my overwhelming workload more manageable

It helps me be more creative

It helps me be more productive

It helps me enjoy my work more

It helps me focus on more fulfilling work

It helps mw focus on the most important work

It makes me feel more motivated

It has improved my work-life balance

I wish AI could do even more on my behalf

I don’t want to go back wot working without AI

It makes my overwhelming workload more manageable

It helps me be more creative

It helps me be more productive

It helps me enjoy my work more

It helps me focus on more fulfilling work

It helps mw focus on the most important work

It makes me feel more motivated

It has improved my work-life balance

I wish AI could do even more on my behalf

I don’t want to go back wot working without AI

Skeptics Novices Explorers Power Users
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T
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A

From sci-fi to reality: 
The rise of thinking 
machines

Future proofing yourself: 
How organizations can 
stay ahead

Exponential tech vs. 
linear minds:
The adoption gap
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For each one of a set of 18 realistic consulting tasks 
within the frontier of AI capabilities, consultants using 
AI were significantly more productive (they completed 
12.2% more tasks on average, and completed tasks 
25.1% more quickly), and produced significantly 
higher quality results (more than 40% higher
quality compared to a control group)."
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0.0
1 2 3 4 5 6 7 8

GPT + Overview
GPT Only
Control

Quality
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Experimental Evidence on the Productivity Effects of
Generative Artificial Intelligence

Shakked Noy
MIT

Whitney Zhang
MIT

March 2, 2023
Working Paper (not peer reviewed)

Abstract

We examine the productivity effects of a generative artificial intelligence technology—the
assistive chatbot ChatGPT—in the context of mid-level professional writing tasks. In a
preregistered online experiment, we assign occupation-specific, incentivized writing tasks
to 444 college-educated professionals, and randomly expose half of them to ChatGPT.
Our results show that ChatGPT substantially raises average productivity: time taken
decreases by 0.8 SDs and output quality rises by 0.4 SDs. Inequality between workers
decreases, as ChatGPT compresses the productivity distribution by benefiting low-ability
workers more. ChatGPT mostly substitutes for worker effort rather than complementing
worker skills, and restructures tasks towards idea-generation and editing and away from
rough-drafting. Exposure to ChatGPT increases job satisfaction and self-efficacy and
heightens both concern and excitement about automation technologies.

We gratefully acknowledge financial support from an Emergent Ventures grant, the George and Obie Shultz
Fund, and the National Science Foundation Graduate Research Fellowship under Grant No. 1745302. The
research described in this article was approved by the MIT Committee on the Use of Humans as Experimental
Subjects, and was preregistered at the AEA RCT Registry (AEARCTR-0010882). We thank Daron Acemoglu,
Nikhil Agarwal, David Autor, Lucas Barros, Talia Benheim, Amy Finkelstein, John Horton, Simon Jäger, Ailidh
Leslie, Jackson Mejia, Ilan Noy, Liora Noy, Emily Partridge, Charlie Rafkin, Aakaash Rao, Nina Roussille, Chris
Roth, Frank Schilbach, Benjamin Schoefer, Lexi Schubert, Advik Shreekumar, Shine Wu, and participants at the
MIT Labor Lunch for helpful comments and conversations.

Our results show that ChatGPT
substantially raises average productivity: 
time taken decreases by 0.8 SDs and 
output quality rises by 0.4 SDs.”
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GENERATIVE AI ARMS RACE
Future-proofing yourself: How organizations can stay ahead

NOW

These technologies scale intelligence, especially for knowledge workers

138
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NOWNEXT
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TRADITIONAL PATH
Often 30-50 days in duration

140

Order Title

Examine

Generate Commitment

Search package to 
enumerate exceptions

With updated exceptions

Cure

Identified defects

Clear
To Close

Finalize

Loan Terms

Update

Settlement
Statement

Generate

Closing Documents

Schedule

Notary

Conduct

Closing

Disburse

Funds

Record

With County

michaelhousman.com 140
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DATA SCIENCE & MACHINE LEARNING CAPABILITIES 
DRIVE CORE AREAS OF DOMA INTELLIGENCE

Platform 
Components

DATA 
SCIENCE

Predictive Risk 
Model Suite

Transformer–based
Natural Language Processing

Transformer–based 
Computer Vision

Decision science
and ML algorithms 

instantly underwrite
~80% of refi orders using 

hundreds of title & 
property data points

Deep Neural Networks
are trained on

100K+ title and escrow 
emails to instantly 

comprehend customer 
requests

Deep Neural Networks 
create specialized Optical 

Character Recognition 
algorithms to reconcile 

fees and certify the 
correctness of legal terms

UNDERWRITING COMMUNICATIONS
“COMMS”

DOCUMENTS
“DOCS”

D O M A  I N T E L L I G E N C E 
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Order Title
3-5 days

Examine Title
7-10 days

Generate Commitment
5-7 days

Cure Identified Defects
10-15 days

Conduct Closing
1 day

Clear to Close
3-5 days

Generate Closing Documents
5-7 days

Schedule Notary
3-5 days

How its done:

How its done: 

How its done: 

How its done: 

How its done: 

How its done: 

How its done: 

How its done: Disburse Funds
1-2 days

Record with County
3-5 days

How its done: 

How its done: 

Time (in days)

2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54 56 58 60 62 64 66
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Order Title
1-2 hours

Examine Title
7-10 days

Generate Commitment
5-7 days

Cure Identified Defects
10-15 days

Conduct Closing
1 day

Clear to Close
3-5 days

Generate Closing Documents
5-7 days

Schedule Notary
3-5 days

How its done:

How its done: 

How its done: 

How its done: 

How its done: 

How its done: 

How its done: 

How its done: Disburse Funds
1-2 days

Record with County
3-5 days

How its done: 

How its done: 

Time (in days)

2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54 56 58 60 62 64 66

143



-ccelerator.com michaelhousman.com

Order Title
1-2 hours

Examine Title
2-4 hours

Generate Commitment
5-7 days

Cure Identified Defects
10-15 days

Conduct Closing
1 day

Clear to Close
3-5 days

Generate Closing Documents
5-7 days

Schedule Notary
3-5 days

How its done:

How its done: 

How its done: 

How its done: 

How its done: 

How its done: 

How its done: 

How its done: Disburse Funds
1-2 days

Record with County
3-5 days

How its done: 

How its done: 

Time (in days)

2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54 56 58 60 62 64 66
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Order Title
1-2 hours

Examine Title
2-4 hours

Generate Commitment
1-2 hours

Cure Identified Defects
10-15 days

Conduct Closing
1 day

Clear to Close
3-5 days

Generate Closing Documents
5-7 days

Schedule Notary
3-5 days

How its done:

How its done: 

How its done: 

How its done: 

How its done: 

How its done: 

How its done: 

How its done: Disburse Funds
1-2 days

Record with County
3-5 days

How its done: 

How its done: 

Time (in days)

2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54 56 58 60 62 64 66
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Order Title
1-2 hours

Examine Title
2-4 hours

Generate Commitment
1-2 hours

Cure Identified Defects
2-3 days

Conduct Closing
1 day

Clear to Close
3-5 days

Generate Closing Documents
5-7 days

Schedule Notary
3-5 days

How its done:

How its done: 

How its done: 

How its done: 

How its done: 

How its done: 

How its done: 

How its done: Disburse Funds
1-2 days

Record with County
3-5 days

How its done: 

How its done: 

Time (in days)

2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54 56 58 60 62 64 66
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Order Title
1-2 hours

Examine Title
2-4 hours

Generate Commitment
1-2 hours

Cure Identified Defects
2-3 days

Conduct Closing
1 day

Clear to Close
1 day

Schedule Notary
3-5 days

How its done:

How its done: 

How its done: 

How its done: 

How its done: 

How its done: Disburse Funds
1-2 days

Record with County
3-5 days

How its done: 

How its done: 

Time (in days)

2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54 56 58 60 62 64 66

Generate Closing Documents
5-7 days

How its done: 

How its done: 
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Order Title
1-2 hours

Examine Title
2-4 hours

Generate Commitment
1-2 hours

Cure Identified Defects
2-3 days

Conduct Closing
1 day

Clear to Close
1 day

Generate Closing Documents
1-2 hours

Schedule Notary
3-5 days

How its done:

How its done: 

How its done: 

How its done: 

How its done: 

How its done: Disburse Funds
1-2 days

Record with County
3-5 days

How its done: 

How its done: 

Time (in days)

2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54 56 58 60 62 64 66

How its done: 

How its done: 
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Order Title
1-2 hours

Examine Title
2-4 hours

Generate Commitment
1-2 hours

Cure Identified Defects
2-3 days

Conduct Closing
1 day

Clear to Close
1 day

Generate Closing Documents
1-2 hours

Schedule Notary
1-2 hours

How its done:

How its done: 

How its done: 

How its done: 

How its done: Disburse Funds
1-2 days

Record with County
3-5 days

How its done: 

How its done: 

Time (in days)

2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54 56 58 60 62 64 66

How its done: 

How its done: 

How its done: 
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Order Title
1-2 hours

Examine Title
2-4 hours

Generate Commitment
1-2 hours

Cure Identified Defects
2-3 days

Conduct Closing
30 minutes to 1 hour

Clear to Close
1 day

Generate Closing Documents
1-2 hours

Schedule Notary
1-2 hours

How its done:

How its done: 

How its done: 

How its done: 

Time (in days)

2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54 56 58 60 62 64 66

How its done: 

How its done: Disburse Funds
1-2 days

Record with County
3-5 days

How its done: 

How its done: 

How its done: 

How its done: 
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Order Title
1-2 hours

Examine Title
2-4 hours

Generate Commitment
1-2 hours

Cure Identified Defects
2-3 days

Conduct Closing
30 minutes to 1 hour

Clear to Close
1 day

Generate Closing Documents
1-2 hours

Schedule Notary
1-2 hours

How its done:

How its done: 

How its done: 

How its done: Disburse Funds
1-2 hours

Time (in days)

2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54 56 58 60 62 64 66

How its done: Record with County
3-5 days

How its done: 

How its done: 

How its done: 

How its done: 

How its done: 
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Order Title
1-2 hours

Examine Title
2-4 hours

Generate Commitment
1-2 hours

Cure Identified Defects
2-3 days

Conduct Closing
30 minutes to 1 hour

Clear to Close
1 day

Generate Closing Documents
1-2 hours

Schedule Notary
1-2 hours

How its done:

How its done: 

How its done: 

How its done: 

Disburse Funds
1-2 hours

Record with County
1 day

Time (in days)

2 4 6 8 10 12 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42 44 46 48 50 52 54 56 58 60 62 64 66

How its done: 

How its done: 

How its done: 

How its done: 

How its done: 

How its done: 
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MACHINE INTELLIGENCE + OPERATIONS
Drastically reduces minutes per file across every activity in the process…

June 2020 Dec 2020 Q4 2023 E

100%

22%

Represents processing time per order
Efficiency with quality and scalability
As volume increases, customer experiences also 
continually improve through Doma Intelligence

Consistent gains across process points
Validates broad applicability and value of Doma
Intelligence across the entire transaction

Feeding the flywheel
Increasing volumes of data lead to improved 
machine intelligence-powered efficiency

Minutes Per File metric on Doma Intelligence

78%
Decrease

46%
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WE’VE REINVENTED IT ALL FROM SCRATCH

Fee Balancing

Document QC

POWERED BY NLP

Communications

Escrow

ML-Driven Instant 
Underwriting 
Algorithm

Title

POWERED BY ML

Digital Closing

Online Notarization

Funds Transfer

From 3–5 Days 30–50 Days1 MinuteTO 7 Days TO

Intelligence
PLATFORM

Over 100
Public Data Sources

Exception Handling
Centralized Operations

Ops. Team

Millions of
Historical Transactions

Close

FROM
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A GAME-CHANGING EXPERIENCE FOR OUR CUSTOMERS
Our technology has shown it is capable of

15% Faster 
Closings

Top 10 Non-Bank Originator

100% Wallet Share 
Since January ‘21

50%
Fewer 
Touches

Top 5 Mortgage Originator

2X Wallet Share 
Since October ‘20

21% Higher Pull-
Through Rate

National Mortgage Broker

3X Wallet Share 
Since December ‘20

84%
Underwritten 

Instantly

Top 3 Mortgage Originator

8X Wallet Share Since 
September ‘20

(1) Wallet share applies only to the Direct Channel business in states in which Doma is currently active.
(2) Pull-throughrate is defined as the percentage of mortgage applications that are opened that result in funded loans. 155



-ccelerator.com michaelhousman.com



-ccelerator.com michaelhousman.com157



-ccelerator.com michaelhousman.com-ccelerator.com michaelhousman.com158



-ccelerator.com michaelhousman.com159



-ccelerator.com michaelhousman.com160



FROM 3D 
MODELING

-ccelerator.com michaelhousman.com161
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Mission Objective: Reduce Engineering Cycles of EPC to build 
facilities faster



SmartDraw:
AI-Powered Engineering Diagram Digi2za2on Process

The topological structure and 
component relationships in 
engineering diagrams are crucial for 
Design of Facilities and Failure 
Predictions in Operations. However, 
extracting this metadata has 
traditionally been a tedious, manual 
task resistant to automation—until 
now.



Engineering diagrams are the ground truth data source for an industrial 
facility

Design and Construction Operations Safety Checks 



SmartDraw Approach: A Co-Pilot
Multi Modal AI Approach:  Different technique suitable for different types of diagrams and documents. 

Basic 
Engineering 
Package from 
Licensors 

Engineering 
Diagrams 
(Images)

Documents
(texts)

Images embedded 
inside PDFs (xxx)

Regular PDF but 
Unstructured 
Template (xxx)

Regular PDF with 
Structured tables 
(xxx)

Regular PDF but 
Unstructured 
Template (xxx)

Computer Vision + 
Generative AI + NLP

Generative AI + NLP

Expert System + 
GeneraBve AI + NLP

Expert System + 
Generative AI + NLP



Topology 
Extract



Lines Extract



Symbols 
Extract



Symbols 
with Text  
Extract



The Problem:  Engineering Data is Complex & Disconnected

● Engineering diagrams (P&IDs) hold critical 
design & connectivity information.

● Traditionally, extracting relationships 
between components has been a tedious 
manual task.

● Lack of structured data leads to 
inefficiencies, design errors, and 
maintenance challenges.

● We solved this by transforming static 
P&IDs into an AI-powered knowledge 
graph.



Knowledge Graph from P&IDs

● Our AI extracts symbols, component IDs, 
and connections from raw engineering 
diagrams.

● Each element (e.g., valves, pumps, control 
systems) is automatically classified and 
linked.

● The knowledge graph represents real-
world relationships between assets, 
creating a live digital twin.

● This structure enables instant analysis, 
process validation, and predictive 
maintenance insights.



The Power of AI: Interactive, Searchable & Actionable 
Engineering Data

● Our AI extracts symbols, component IDs, 
and connections from raw engineering 
diagrams.

● Each element (e.g., valves, pumps, control 
systems) is automatically classified and 
linked.

● The knowledge graph represents real-
world relationships between assets, 
creating a live digital twin.

● This structure enables instant analysis, 
process validation, and predictive 
maintenance insights
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“People don’t simply 
buy products — they 
hire them to make 
progress in a specific 
circumstance.”

Clayton Christensen

JOBS TO BE
DONE THEORY
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“We didn’t do 
anything wrong, 
but somehow
we lost.”

- NOKIA

186



-ccelerator.com michaelhousman.com 187



-ccelerator.com michaelhousman.com

House: Find and leave image of a human focus group here.
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THE DEATH OF THE AGENCY
Future proofing yourself: How organizations can stay ahead
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THANK 
YOU.

Phone: +1 (310) 867-1307

Email: michael@michaelhousman.com

URL: michaelhousman.com

Twitter: @michaelhousman

LinkedIn: Michael Housman
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