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Introduction

[:} Explore how Generative Al and Retrieval Augmented Generation (RAG) can transform

business. In this paper, we'll talk about how to use it, the challenges businesses might face,

and how Adeptia’s solution can enable organizations to exploit the power of RAG to evolve

business.

In today’s rapidly evolving business landscape, the
integration of Artificial Intelligence (Al) has emerged as a
catalyst for driving innovation and achieving competitive
advantage. Among the latest advancements in Al
technology, Generative Al (GenAl) stands out as a
transformative paradigm, revolutionizing the way
businesses harness information retrieval and text
generation capabilities. This whitepaper explores the
transformative potential of Generative Al and a
technique called Retrieval
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Augmented Generation (RAG) on data integration,
delving into its implementation strategies, the
challenges inherent in its adoption, and the innovative
solutions offered by Adeptia to effectively leverage
GenAl and RAG for enhanced decision-making

and content creation. Through a comprehensive
examination of GenAl's impact and Adeptia’s
specialized application of RAG, this whitepaper aims
to illuminate the path towards seamless Al-driven
integration and sustainable business growth.
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What is Retrieval Augmented

Generation?

[:} Retrieval Augmented Generation (RAG) represents a

significant evolution in the application of Generative

Al within the business context. By definition, RAG is

a hybrid approach that combines the raw generative
power of large language models (LLMs) with the ability
to retrieve and securely use enterprise data at run-
time. It enriches the Al's responses with the depth and
specificity that come from real-time access to enter-
prise databases and knowledge bases. RAG works by

Consider a financial advisory firm that utilizes an RAG
system to provide customized investment advice.
When a client inquires about investment opportunities,
the GenAl and RAG system retrieves the latest mar-
ket data, historical investment performance, and the
client’s portfolio preferences from the firm’s databases.
It then generates advice that aligns with the client’s risk
profile, recent market trends, and the firm’s strategic
investment models. This advice is up-to-date, tailored
to the client, and grounded in the firm's specific opera-
tional data.

The ability to generate business-relevant responses
is where GenAl and RAG truly shines. Unlike standard
Generative Al, which may produce generalized con-

‘@

According to a Cornell research study, RAG-
based responses are nearly 43 percent
more accurate than answers created by an
LLM that relied on fine-tuning. [1]
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dynamically querying a vector database populated with
enterprise data during the generation process. When
Al receives a prompt, it doesn’t rely solely on its pre-
trained knowledge. Instead, it actively searches for and
incorporates relevant enterprise data into its output.
This process ensures the responses are not only based
on generalized patterns learned from training data but
are also informed by the specific, current, and propri-
etary data of the business.

tent, RAG's outputs are intrinsically aligned with the
business’s context and data. This means that when
business users interact with the Al, the guidance they
receive takes into account the business’s products,
services, policies, and customer data, making it opera-
tionally relevant.

RAG transforms Generative Al from a tool for ideation
and content generation to one that can play a direct
role in operational workflows. By including enterprise
data in the generation process, the responses pro-
duced by the Al are not only relevant but actionable.
This enables the Al to function as a decision-support
tool, providing insights and recommendations that can
directly influence business operations and strategy.
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What is Retrieval Augmented

Generation?
cont.

RETRIEVAL AUGMENTED GENERATION FRAMEWORK
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The inclusion of enterprise data is what sets RAG apart
from other GenAl models. This capability allows the Al to
output information that reflects current business data,
whether it's the latest inventory levels, real-time
financial information, or up-to-the-minute customer
feedback. Such a system doesn't just generate re-
sponses—it generates informed responses.

Ultimately, the power of GenAl lies in its ability to
augment its knowledge base with a business’s specific
data. This means that the more a business can inte-
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grate its data into the GenAl RAG system, the more
intelligent and helpful the Al becomes. It's a synergistic
relationship: the Al enhances its performance through
enterprise data, and the enterprise leverages this en-
hanced Al to achieve greater efficiency and effective-
ness in its operations.

Retrieval Augmented Generation is not just an improve-
ment in Al capability; it's a reimagining of how Al can be
utilized in business. It's about turning data into a dia-
logue and insights into action.
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Implementation Strategies for
Retrieval Augmented Generation

[:} Implementing Retrieval Augmented Generation (RAG) in a business

environment involves two critical technical steps:

/ ) STEP ONE:
/4// EMBEDDING BUSINESS DATA
//))77/

Al models, specifically those based on neural networks, operate on numerical data. The first step in making
business data usable for GenAl is converting text data into a numerical form known as embeddings or tokens
which is used in a vector datastore. This process involves:

Tokenization: Breaking down text into units (words,
characters, or subwords) that the model can
understand.

Embedding: Transforming tokens into vectors, which
are arrays of numbers that represent the semantic
features of the tokens in a high-dimensional space.

Vector Store ETL Pipeline: Establishing an Extract,
Transform, Load (ETL) pipeline to automate the
process of tokenizing text data and storing the
resulting embeddings into a vector database. This
pipeline should:

o Extract data from enterprise systems.

e Transform the data into the appropriate
format for embeddings.

« Load the embeddings into a vector database
designed for efficient similarity search and
retrieval.
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Embedding Models: Choosing the right embedding
models (such as BERT, GPT, or domain-specific
models) that can create rich vector representations of
the enterprise data.

Vector Database: Utilizing a vector database (like
FAISS, Elasticsearch, or Milvus) that can handle the
storage and retrieval of high-dimensional vector data.
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” STEP TWO:
g INFERENCE OR RETRIEVAL
/ ///
/7777

[:} Once the enterprise data is embedded and stored, the next step is to retrieve relevant information in response to
user prompts:

Query Embedding: When a prompt is received, it is Orchestration: Orchestrating the flow from prompt

first converted into an embedding using the same reception to data retrieval requires complex workflows.

model that was used to embed the stored data. Seamless Integration: The retrieval process must be
seamless to the user. This requires a well-designed API

Similarity Search: The query embedding is used to layer that abstracts the complexity of the underlying

perform a similarity search in the vector database to operations.

find the most relevant data embeddings.

Generative Al Model: Finally, the retrieved data is
Data Retrieval: The most relevant data points are passed to the Generative Al model, which uses it to
retrieved from the vector store. This might involve generate a contextually rich and informed response.
complex queries that consider various factors such as
time-sensitivity, data source reliability, and relevance
to the current context.

The successful implementation of GenAl and RAG demands a sophisticated technical setup that can handle the
nuances of vectorization and retrieval efficiently. It is a blend of software engineering, data science, and systems
architecture, all aimed at enhancing the Al's ability to provide meaningful, business-specific insights.
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Challenges of Implementing Retrieval
Augmented Generation (RAG)

[:} Retrieval Augmented Generation (RAG) offers substantial benefits to businesses

by bringing the depth of their proprietary data to the generative capabilities of Al.
However, its implementation is a complex task that presents several challenges:

RAG systems require a multidisciplinary team with
diverse skills:

Al Expertise: A deep understanding of Al and machine
learning is essential, not just for creating or fine-tuning

models but also for prompt engineering, which involves M U LT| D|SC|P| NARY
crafting prompts that result in high-quality Al outputs. EXPE RT'S E REQU | RE D

Users must know how to effectively design prompts that
elicit the best responses from Al is a unique skill set. It
requires an understanding of how Al models interpret
and process language.

Integration and Orchestration: Expertise in integrating
various systems and orchestrating workflows is critical.
This ensures that the Al system can communicate with
enterprise databases, vector stores, and other
components in the tech stack.

Word Embeddings and Vector Databases: Selecting the
right word embedding techniques and maintaining a
vector database is complex. It requires knowledge of the

latest developments in natural language processing and
database management.



Challenges of Implementing Retrieval
Augmented Generation (RAG)

cont.

The Al knowledge base is not static; it requires
ongoing maintenance and updates:

Creation and Curation: IT staff are often called upon
to assist business users in creating and refining their
Al knowledge base, a process that can be time-
consuming and requires specialized knowledge.
Incremental Updates: As businesses evolve, so too
must the Al knowledge base. Incorporating new and
incremental information can be cumbersome,
demanding a mechanism for regular updates without
disrupting the system.

Data Management: Deciding when to create new
tables, manage access to different datasets, and
delete outdated information requires careful
management. This ensures the knowledge base
remains relevant and accurate.

CONTINUQOUS
KNOWLEDGE BA
MANAGEMENT




Challenges of Implementing Retrieval

Augmented Generation (RAG)

cont.

The technical implementation of RAG involves several /
intricate processes:

Query Retrieval and Merging: Retrieving the right

knowledge and effectively merging it with the query for TEC H N | CAL

the Al can be complex, especially when dealing with CO M PLEX'TlE Q
large datasets.

Handling Large Knowledge Responses: Sometimes,
the knowledge retrieved is too voluminous for

the prompt context window. This necessitates a
summarization mechanism akin to “map-reduce”
techniques to iteratively work with the foundation
models such as Large Language Model (LLM) across
multiple queries and responses. [2]

Advanced Orchestration: Implementing advanced
orchestration is necessary to manage the flow of
interactions between the user prompts, the retrieval
system, the vector database, and the LLM. This
orchestration must be both efficient and scalable.

In summary, while RAG can significantly enhance the capabilities of generative Al by personalizing it to a busi-
ness’s needs, the path to its successful implementation is fraught with technical and managerial hurdles. Over-
coming these challenges requires a concerted effort from a skilled team, coupled with a commitment from the
organization to continuous learning and adaptation.
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Adeptia’s RAG Solution

[:} Adeptia offers a sophisticated GenAl solution for businesses looking to
implement Retrieval Augmented Generation (RAG) to improve their data
integration processes. This approach addresses many of the challenges
associated with RAG by providing a user-friendly and versatile platform.

Al KNOWLEDGE BASE
MANAGEMENT

Adeptia empowers business users
to take charge of their Al knowledge
base:

o\ ADEPTIA LABS

User-Driven Data Curation: Business
users can select and import their data .

sources into the Al knowledge base ger_!ercflt!\fe AlRnowigege Eaus
without the constant need for IT staff
intervention. This self-service
capability enhances agility and quick
responsiveness to changing business
needs.

My Documents

Access Control: Adeptia provides

robust access control mechanisms, What 1 d pe 1P | busines: >
ensuring that users have appropriate

access to the Al knowledge base. This

feature maintains data security and

integrity, allowing businesses to control

who can view and edit the data.

Prompt Customization: With Adeptia’s system, users
can specify from which data tables to retrieve
information when crafting Al prompts. This granularity
ensures that the retrieved data is highly relevant to the
user’s query.
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Adeptia’s RAG Solution

cont.

STREAMLINED
INFERENCE PROCESS

Adeptia’s solution simplifies the inference process,
making it seamless for users:

Automated Retrieval: The system automatically retrieves
the relevant information from the selected data tables
within the Al knowledge base, streamlining the process
and reducing the potential for error.

LLM Interaction: Adeptia facilitates direct interaction
with Large Language Models (LLMs). It combines the
user’'s prompt with the retrieved knowledge, then
communicates with the chosen LLM to generate a
response.

Response Delivery: After processing the prompt and
retrieved knowledge, Adeptia delivers the LLM'’s
response back to the user, completing the RAG
workflow.
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VERSATILE USE
CASE SUPPORT

Adeptia’s RAG solution is designed to support all the Al
business use cases mentioned earlier:

Interactive Chat: It enables interactive chat capabilities
for human users, providing real-time, data- informed
responses to inquiries.

API Service: The solution offers an API service that
other applications can use, allowing for the integration
of RAG capabilities into a variety of software
ecosystems.

Data Processing Runtime: Adeptia supports the use of
Al in data processing runtimes, enhancing capabilities
such as data quality checks, enrichment, and
extraction.
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Adeptia’s RAG Solution

cont.

LLM AGNOSTIC PLATFORM

One of the standout features of Adeptia’s RAG solution is its flexibility regarding the choice of LLM:

LLM Flexibility: Customers are not restricted to any single LLM provider. Adeptia’s platform can interface with
various LLMs, whether they are OpenAl's models, Google’s PaLM, or open-source alternatives like Llama.

Adaptability: This LLM agnostic approach means businesses can choose the best model for their specific
needs, based on performance, cost, or data privacy considerations.

D} In summary, while RAG can significantly enhance the capabilities of generative Al by personalizing it to a busi-
ness’s needs, the path to its successful implementation is fraught with technical and managerial hurdles. Over-
coming these challenges requires a concerted effort from a skilled team, coupled with a commitment from the
organization to continuous learning and adaptation.
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Harnessing the Power of GenAl

and Retrieval Augmented
Generation in Business

[>> RAG represents a significant advancement in the

application of Generative Al, enabling businesses to
tailor Al capabilities to their specific operational needs
through the integration of enterprise data.

We began by acknowledging the growing interest in
Generative Al among businesses and the challenges
presented by its standard application, which often
lacks the specificity and operational relevance required
in a corporate context. We then delved into the various
approaches for integrating enterprise data with
Generative Al, highlighting their respective benefits
and challenges.

The implementation of RAG, despite its technical

and managerial complexities, stands out as the most
promising approach. It offers a balanced and effective
way to combine the vast knowledge encapsulated

in business data with the generative capabilities

of Al models. This synthesis not only enhances the
relevance of Al-generated content but also transforms
Al applications from theoretical tools into practical,
operational assets.
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Adeptia’s RAG solution offers an advanced, user-
friendly approach to implementing this technology. By
enabling businesses to manage their Al knowledge
base, providing a streamlined process for data
inference, and offering support for various use cases,
Adeptia demonstrates how RAG can be effectively and
flexibly integrated into a variety of business functions.

The journey to integrating RAG into business
operations is not without challenges. It requires a
multidisciplinary effort, ongoing management of
the Al knowledge base, and continuous adaptation
to technological advancements. However, the
benefits far outweigh these challenges. Businesses
that successfully implement RAG can expect to
see significant improvements in decision-making,
operational efficiency, and customer engagement.

As we look to the future, RAG stands as a beacon of
innovation in the business world, promising to unlock
new levels of insight, creativity, and effectiveness.
Its ability to dynamically incorporate the unique data
and insights of a business into Al-driven processes
marks a new era of personalized, intelligent business
operations.
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We empower businesses to Automate, Integrate and Observe
data flows.

Adeptia began not as another integration solution provider
but as a pioneer of Al-powered approaches to integrating
businesses.

Since 2000, Adeptia’s automated, Al and self-service-driven approach to
integration has been helping clients around the world to integrate their
businesses and partners securely, easily, and quickly. Our self-service
integration solution is the only data integration technology available as a self-
service business application that is designed for non-techie business users,
enabling companies to transform how they do business and deliver the value
they’ve promised to their customers. Adeptia serves hundreds of mid- and-
large-sized businesses around the globe with easy-to-use self-service data
integration that scales up to meet the production data volume demands
needed by Global 2000 businesses.

To learn more how Adeptia software can help save your business money, visit
www.adeptia.com

Al Whitepaper: Part 3



Joanna Schloss
Chief Marketing Officer, Adeptia

Joanna is the Chief Marketing Officer of Adeptia,
responsible for the company’s marketing, business
development, branding, strategic positioning, go-to-market
strategy, and sales enablement.

Previously, Joanna was at SmartBear, a leading information
technology company, where she served as Senior VP of
Marketing. Before that, she was VP of Product Marketing
at Sauce Labs, Senior Director of Product Marketing at
Confluent, and Director of Product Marketing at Datameer,
among other positions.

Over the past 25 years, Joanna has launched a variety of
platforms and applications, from business-focused analytic
applications to data-management tools, for both startup
and Fortune Global 500 companies, including Confluent,
IBM, and Oracle.

Joanna has a Bachelor's Degree in Chemical Engineering
from the University of California, Los Angeles.

Al Whitepaper: Part 3



© Copyright 2024 Adeptia.
All marks are the property of their respective owners.



