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The Potential of Generative Al

$15.7 trillion 89%

= ~ ) ; B rank Al and GenAl as a top-three tech
(_T E ]_ 111 LJ L. 1-]. E ]. 1-1 {L{LJ l priority for 2024, and 51% put it at the top of
~ their list (cybersecurity and cloud computing
Sizing the prize: What is the real value of Al to your business?, PwC are the other two top priorities)

From Potential to Profit with GenAl, BCG, January 2024

“Generative Al technology will
substantially disrupt our industry
over the next five years.”

Calling generative Al revolutionary is no
hyperbole. Business leaders should view

it as a general-purpose technology akin
% to electricity, the steam engine, and the
internet.
How to Capitalize on Generative Al, Harvard Business Review, Nov-Dec 2023

of poll respondents agree

Source: Compiled by MIT Technology Review Insights survey, 2024

“the most important advance in technology since
the graphical user interface . . . as fundamental as
the creation of the microprocessor, the personal
computer, the internet, and the mobile phone.”

Bill Gates, March 2023
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However...
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of executives are ambivalent or

fied with their
s progress on Al and
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Al so far.
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GenAlI LLMs Need Context

How many loans
have been granted
this week?

Sorry, | don’t have

access to specific

Information about
loans

How many loans
have been granted

234 loans were
this week?

granted this week

¥ ~3__oe] Corporate
§—eq) data
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Generative Al Usage Patterns

Contextual

Prompt Engineering

Retrieval Augmented Generation (RAG)

Fine Tune GenAl Models

Train GenAl

COMPLEX COSTLY

denodo’*’




Prompt Engineering

« Crafting prompts to get better outputs
from the LLMs

O

Prompt Engineering

e Various techniques can be used
\\ %

e Chain-of-Thought \ 4
\\ Retrieval Augmented Generation (RAG) //

* Generated Knowledge prompting

* Self-refine \%‘/
* Directional Stimulus prompting \ 4
\,_Fine Tune GenAl Models
* Becoming obsolete? X y
* Still relevant for understand ‘thought 4

process’ of LLM
COMPLEX COSTLY
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Fine Tune GenAlI Models

e Further training the LLM on information
specific to your organization Contextua

SOPs, manuals and documentation, coding Frompt Engineering
standards, etc.

 Time consuming and costly

* Requires high level of understanding of
LLM workings

o Useful for ‘static’ information

. __prestraiing Fratiy
Bo. se LLM

gontic datase
(we_hw{lc books, 1:)

COMPLEX

COSTLY

S
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Train GenAlI Models

e Train a LLM from scratch
O

* Very few organizations can — or desire —
to do this

Prompt Engineering

COMPLEX COSTLY
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Retrieval Augmented Generation (RAG)

Contextual

Prompt Engineering

Retrieval Augmented Generation (RAG)

Fine Tune GenAl Models

Train GenAl

COMPLEX COSTLY
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What is Retrieval Augmented Generation?

* Additional retrieval step in Q/A process

e Use initial prompt [ Step 1] to retrieve
relevant data from ‘external data stores’
[Step 2]

* Provide augmented prompt to LLM

* Augmented with context to direct the
response

e Google '‘RAG LLM'
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) External Data Stores

" (Vector DB, Feature Store, etc)
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https://www.google.com/search?q=RAG+LLM&newwindow=1

RAG in More Detail

Continuously updating with new content

Domain specific  Split and encode Vector database
knowledge base

User prompt -. i

Query LLM Response from

Gather similar Rank chunks Augment
LLM

chunks prompt with
eligible chunks

nowledge base content split and encoded into vector database

) K
) User prompts the application
) LangChain library tools ingest the prompt, analyze it and gather similar chunks of content.

) Chunks of related content are ranked and then attached to the prompt.
9) Prompt and eligible chunks are fed to the LLM for response.

1
2
3
4
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RAG for Dynamic Data
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Question: What were
our total sales for the
central region last
month?

Extract table schema
and create embeddings

SQL database

Answer: The total sales
for 6/1/23-7/1/23 were
$542,726

0.5,0.2,...0.1,0.9

2.1,0.1,..-1.7,0.9

Vector
Database

Langghain
y

Add database table
schema and other hints to
context of this question.

Execute generated SQL
statement against
database.

"

-

Question: What were our
total sales...
Context: Sales table has 6

LLM (OpenAl)

columns, [Date, Amount, ... |.

-

Query: SELECT
SUM("Amount”) FROM
"Table" WHERE "Date" > '.
AND "Date" <"...

n ~

Receive SQL result,
Package result and
original question, send
back to LLM.

Receive LLM answer and
return to user,

Question: What were our

|

total sales...
SQL Response: [542,726]

-

Answer: The total sales for
6/1/23-7/1/23 were $542,726.
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RAG for Dynamic Data
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Extract table schema
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and create embeddings
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Question: What were
our total sales for the
central region last
month?

Answer: The total sales
for 6/1/23-7/1/23 were
$542,726.

0.5,0.2,...0.1,0.9

2.1,0.1,..-1.7,0.9

Vector
Database

Langgchain
y

Add database table
schema and other hints to
context of this question.

Execute®e ted SQL
statemg@fagainst

dampase.

"

.

.

Question: What were our
total sales...
Context: Sales table has 6

" LLM (OpenaAl)

columns, [Date, Amount, ... |.

J

-

~

Qu LECT
SUM("Amgiht"”) FROM
"Table" WHSRE "Date" > .

AND "Date" <",

Recei result,
Package It and
original q®&stion, send

bac® LLM.

Receive LLM answer and
return to user.

n "\

Question: What were our

it |

total sales...
SQL Response: [542,726)

Answer: The total sales for
6/1/23-7/1/23 were $542,726.
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RAG for Dynamic Data

0.5,0.2,...0.1,0.9

2.1,0.1,..-1.7,0.9

Vector
Database

Langgchain
y

\.

Add database table
schema and other hints to
context of this question.

rl ing Model [02]o5 o] ----]
(9]
o £ aloaos] ]
(7] 8 Objects as Vectors
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o Question: What were
our total sales for the
central region last
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L month?
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E/ E \E Answer: The total sales
for 6/1/23-7/1/23 were
$542,726.
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Execute generated SQL
statement against
database.

"

.

\

Question: What were our
total sales...
Context: Sales table has 6

" LLM (OpenaAl)

columns, [Date, Amount, ... |,

J

-

~

Query: SELECT
SUM("Amount”) FROM
"Table" WHERE "Date" > '.
AND "Date" <"..

Receive SQL result.
Package result and
original question, send
back to LLM.

Receive LLM answer and
return to user.

n "\

Question: What were our

it |

total sales...
SQL Response: [542,726)

Answer: The total sales for
6/1/23-7/1/23 were $542,726.
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ﬂ Agent Enabled by RAG and a Logical Data Fabric

How many
loans have
been granted
this week?

-

A B .,
[
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Al Agent

(Routing of Request)

Structured
Data

Virtual table metadata <« —————

>

-

|
Vector DB i
1
\

embeddings

SELECT * FROM ...

Search using
i Generation of SQL § > _
estion o

LLM
Conversation

Notes and
Documents

—

Search using
Question
Embedding

Vector DB
Notes and document
embeddings

i

AI Agent
(Formation of
response)

234 loans
were granted
last week

-~

> AA B
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KEY

. Generative Al *is* transformational TAKEAWAYS

. Retrieval Augmented Generation (RAG) will enable
you to realize the full potential of GenAl

. You need to get your data ‘Al ready’

. A logical data architecture is the quickest and .
easiest way to get ‘Al ready’ .
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Visit the Denodo Booth
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ita and quality

Logically integrate,
manage, and deliver
your distributed data

tochtech
Data Scienceliy <6 659 67%

Data Fabric %y
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