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Retrieval Augmented Generation (RAG) and Constitutional AI represent a powerful combination that enhances the accuracy, 
relevance, and ethical alignment of AI systems. RAG enables generative models to retrieve contextually relevant information 
from curated datasets, virtually eliminates hallucinations, and ensures responses are grounded in an organization’s proprietary 
knowledge. Techniques such as vectorized1  query2 and hierarchical3 RAG systems transform generic AI models into 
domain-specific advisors capable of delivering precise, context-aware outputs that can transform your organization.

Complementing RAG, Constitutional AI embeds ethical and legal principles into the operational framework of AI systems, 
ensuring outputs are accurate, fair, transparent, and compliant with evolving regulatory standards. Together, RAG and Consti-
tutional AI address the dual imperatives of technical excellence and ethical responsibility, enabling organizations to unlock 
transformative capabilities while fostering trust and accountability. This paper explores the mechanics of RAG, its integration 
with Constitutional AI, and their combined potential to redefine the future of responsible AI innovation.

1 “Vectorized embeddings” are a way of turning words or ideas into numerical values so that computers can process and understand them and their relationship to other words and concepts.
2 “Query translation" is the process of taking a question or request and changing it into a form that a system, like a search engine or an AI, can understand and respond to.
3 “Hierarchical indexing” is a way of organizing information into categories and sub-categories so that a computer can search and retrieve information more efficiently.

Abstract



As generative AI systems mature, RAG has emerged as a powerful architectural approach for grounding model outputs in real-time, 
external information. By retrieving relevant data at runtime, RAG helps overcome common limitations of generative models—such as 
outdated training data and factual inaccuracies—making AI outputs more accurate, current, and context-aware. While Large 
Language Models (LLMs) have demonstrated remarkable proficiency in generating human-like content, their outputs are o�en 
constrained by the information encoded during training. They can suffer from issues such as outdated information and "hallucina-
tions"—the generation of plausible but incorrect information. These challenges underscore the need for approaches that enhance the 
accuracy, specificity, and contextual relevance of generative outputs.

RAG addresses these potential weaknesses by integrating LLMs with curated knowledge bases, creating a dynamic system where the 
LLM retrieves and incorporates contextually relevant, up-to-date information before generating a response. This approach shi�s the 
paradigm from relying solely on the model’s pre-trained parameters to a collaborative process where the model leverages an organi-
zation’s authoritative datasets. By grounding outputs in an organization’s data, RAG virtually eliminates hallucinations, improves 
accuracy and transparency, and enables domain-specific customization.

Moreover, RAG represents a convergence of strengths: the linguistic capabilities of LLMs combined with the precision and recall of 
advanced retrieval systems. Through processes such as query embedding, vectorized search, and real-time retrieval, RAG systems 
dynamically tailor responses to the specific needs of users, making them indispensable in applications across the entire organization. 

By enabling AI to draw on proprietary and contextually relevant information, RAG ensures that generative AI systems are not only 
more accurate but also adaptable to complex and rapidly changing environments. This capability has made RAG a cornerstone 
strategy for organizations seeking to deploy AI systems that meet the dual imperatives of reliability and contextual intelligence.

Introduction

Before implementing a RAG pipeline, organizations must ensure their data is accurate, relevant, and policy-compliant. Services like 
ActiveNav Cloud identify, map, and classify sensitive or regulated content, enabling responsible use of enterprise data in 
downstream AI workflows. This upfront governance reduces the risk of embedding bias, duplications, or non-compliant data into AI 
systems.
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Preparing Data for RAG: The Role of Governance Tools
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RAG pipelines involve three key stages:

1. Indexing: Organizational data, such as documents or datasets, is pre-processed into an optimized format for retrieval. Using 
techniques like token embeddings and vectorization, data is converted into high-dimensional numerical representations stored 
in vector databases. This formats the organization’s data in the same way information is formatted in an LLM, making retrieval 
much more effective. 

Services like ActiveNav Cloud can serve as a foundational step in RAG pipelines by automating the discovery, classification, and 
governance of unstructured enterprise data. Before vectorization and embedding, organizations must know what data they have 
and where it lives.

◦ “Example: An HR department’s policies, procedures, and employee guidance are placed within a RAG database to create an 
Ask HR internal chatbot.” 

2. Retrieval: When a query is submitted, it is embedded into the same vectorized format. Then, search technology looks for 
similarities in the query or prompt, and the vectorized information in the RAG database. 

◦ Example: A query about a compliance policy retrieves the top matches from a corporate policy database.

3. Generation: Retrieved documents are fed into the LLM's context window4, enabling it to generate answers directly tied to the 
organization’s data.

◦ Implementation: A prompt template such as "Based on the context below, answer the following question..." is o�en used to 
guide the model.

This workflow ensures that generative outputs are not only accurate but also aligned with an organization’s proprietary knowledge.

How RAG Works

RAG leverages cutting-edge innovations to address the challenges of integrating an organization’s knowledge with generative AI, 
ensuring accurate, contextually relevant, and trustworthy outputs. These innovations include:

1. Query Translation

◦ Improves retrieval quality by modifying user prompts to align with the indexed data’s structure. Techniques such as query 
rewriting, multi-query generation, and decomposition ensure vague or poorly-formed prompts yield relevant results.

◦ Example: Expanding a prompt into multiple perspectives increases the likelihood of retrieving precise and contextually 
appropriate content.

2. Vectorized Search and Embedding Optimization

◦ Advanced embedding techniques turn documents and questions into complex sets of numbers (i.e., “vectors”) that a 
computer can understand. By embedding traits or topics instead of full documents, RAG systems can optimize storage and 
retrieval.

◦ Example: Storing key attributes like "topic" or "summary" at specific vector locations reduces redundancy and enhances 
retrieval efficiency.

4 A"context window" is the specific portion of information that a system, like a computer or AI, focuses on at any given time in order to understand or process something.

Key Innovations in RAG

Indexing Retrieval Generation

3. Hierarchical Indexing

◦ Advanced RAG techniques like RAPTOR employ multi-level indexing, recursively clustering data and generating summaries 
at each level. This hierarchical approach enables retrieval at various abstraction levels, offering both granular and holistic 
results. By preserving contextual relationships in a tree-like structure, these methods enhance retrieval efficiency and 
relevance, addressing limitations of traditional flat indexing systems.

4. Feedback Loops and Active RAG

◦ Dynamic refinement through feedback loops ensures relevance and faithfulness. Systems can re-query or adjust retrieval 
parameters to improve output fidelity when flagged for weaknesses, such as outdatedness or irrelevance.

5. Hybrid Retrieval Approaches

◦ Combining “dense retrieval”5  with “sparse retrieval”6  methods (e.g., BM25) can significantly enhance performance, 
especially when working with a diverse dataset. 

6. Enhanced Context Windows

◦ Leveraging larger context windows in LLMs enables integration of detailed datasets, reducing the risk of critical omissions.



While RAG enhances technical capabilities, Constitutional AI ensures ethical and legal integrity. Inspired by constitutional principles, 
this framework embeds ethical guidelines and compliance checks directly into AI systems. 

Core Principles

Constitutional AI operates on:

1. Fairness and Non-Discrimination: Mitigating bias by enforcing equitable treatment through constitutional instructions.
2. Transparency: Requiring models to disclose limitations and sources.
3. Privacy: Embedding robust data protection measures to comply with laws and best practices.

Legal Compliance: Integrating real-time updates from regulatory frameworks into the AI’s constitution, allowing it to respond agilely 
to a fluid regulatory environment.

Clarifying the Scope of Constitutional AI

While Constitutional AI introduces a powerful framework of ethical guidelines, legal directives, and alignment mechanisms, it is not a 
standalone compliance architecture. Real-world adherence to laws and regulations, particularly in sensitive or heavily regulated 
domains, requires a broader ecosystem of complementary processes such as robust data governance, periodic audits, detailed 
logging of AI interactions, and ongoing monitoring. In other words, Constitutional AI can help steer outputs toward fairness, 
transparency, and legal conformity, but it must be complemented by operational safeguards and accountability measures that 
address the entire data lifecycle.

Tagging and flagging sensitive data before it enters the RAG pipeline helps reinforce privacy, transparency, and legal accountability. 
Platforms like ActiveNav Cloud complement Constitutional AI by providing the data hygiene and oversight necessary to ensure 
compliance throughout the AI lifecycle. By integrating Constitutional AI into a holistic compliance program that includes continuous 
auditing, thorough documentation, and active oversight by technical and legal experts, organizations can build AI systems that not 
only reflect ethical and legal norms but also withstand scrutiny and maintain long-term trust.

activenav.com 4

Constitutional AI: Ethical and Legal Guardrails

RAG leverages cutting-edge innovations to address the challenges of integrating an organization’s knowledge with generative AI, 
ensuring accurate, contextually relevant, and trustworthy outputs. These innovations include:

1. Query Translation

◦ Improves retrieval quality by modifying user prompts to align with the indexed data’s structure. Techniques such as query 
rewriting, multi-query generation, and decomposition ensure vague or poorly-formed prompts yield relevant results.

◦ Example: Expanding a prompt into multiple perspectives increases the likelihood of retrieving precise and contextually 
appropriate content.

2. Vectorized Search and Embedding Optimization

◦ Advanced embedding techniques turn documents and questions into complex sets of numbers (i.e., “vectors”) that a 
computer can understand. By embedding traits or topics instead of full documents, RAG systems can optimize storage and 
retrieval.

◦ Example: Storing key attributes like "topic" or "summary" at specific vector locations reduces redundancy and enhances 
retrieval efficiency.

3. Hierarchical Indexing

◦ Advanced RAG techniques like RAPTOR employ multi-level indexing, recursively clustering data and generating summaries 
at each level. This hierarchical approach enables retrieval at various abstraction levels, offering both granular and holistic 
results. By preserving contextual relationships in a tree-like structure, these methods enhance retrieval efficiency and 
relevance, addressing limitations of traditional flat indexing systems.

4. Feedback Loops and Active RAG

◦ Dynamic refinement through feedback loops ensures relevance and faithfulness. Systems can re-query or adjust retrieval 
parameters to improve output fidelity when flagged for weaknesses, such as outdatedness or irrelevance.

5. Hybrid Retrieval Approaches

◦ Combining “dense retrieval”5  with “sparse retrieval”6  methods (e.g., BM25) can significantly enhance performance, 
especially when working with a diverse dataset. 

6. Enhanced Context Windows

◦ Leveraging larger context windows in LLMs enables integration of detailed datasets, reducing the risk of critical omissions.

5 Once a document or query is turned into a vector (using advanced embedding techniques), dense retrieval compares these vectors to find matches. Dense retrieval is o�en used in search 
engines and AI applications, where understanding the meaning behind words or phrases is key to finding the right answers or content.
6 Like dense retrieval, “sparse retrieval” is a method used by computers to search for information. However, sparse retrieval utilizes simple, straightforward representations of data (e.g., 
specific keywords or tags) instead of the complex number-based representations used in dense retrieval. 



Together, these techniques transform AI from a generative tool into a principled advisor:

• Enhanced Accuracy: RAG minimizes hallucinations by grounding responses in well-curated data.
• Ethical Integrity: Constitutional AI ensures alignment with organizational and societal values.
• Operational Efficiency: Systems handle complex queries with precision and accountability.

Why RAG + Constitutional AI?
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An Example of Constitutional AI

Constitutional AI is a means of creating a specific persona that the AI solution 
takes on, and then providing rules on how the solution executes its persona. 
For science fiction fans, think of the persona as the solution’s prime directive, 
and the constitutional principles are like Asimov’s Three Laws of Robotics.

As a practical example, we created an AI Agent for a large healthcare company 
for parents who have autistic children. We built a RAG database of thousands 
of pages of resources for parents, caregivers, and educators. We linked it to an 
off-the-shelf generative AI model and then wrote the Agent’s persona and 
constitution. 

The use cases below provide further examples of the ways that organizations 
in various industries can utilize RAG and Constitutional AI in tandem to 
enhance their operations.

    Persona Statement:

You are a chatbot agent whose prime 
purpose is to provide parents, teachers, 
caregivers, and similar users with accurate 
information in response to their queries 
about children with autism. It is critical that 
you are friendly, compassionate, 
sympathetic, culturally sensitive, gender 
neutral, and rely primarily on the data 
located [RAG DATABASE LOCATION]



Use Cases

activenav.com 6

Legal and 
Compliance

Navigating extensive legal 
documents is 
time-consuming and prone 
to errors.

Problem

• RAG: Dynamically retrieves 
legal documents and 
precedents from 
proprietary databases.

• Constitutional AI: Ensures 
outputs are tailored to the 
specific needs of the user. 

Solution

A compliance officer queries 
the system for cross-border 
data transfer regulations. 
RAG retrieves the latest 
clauses, while Constitutional 
AI ensures jurisdictional 
compliance.

Example

Customer 
Support

Generic chatbots struggle 
to provide accurate, 
context-aware responses.

Problem

• RAG: Retrieves real-time 
support materials such as 
updated FAQs and 
manuals.

• Constitutional AI: Ensures 
responses are transparent, 
fair, and compliant with 
consumer laws.

Solution

A chatbot resolves a 
customer’s warranty issue by 
referencing updated policy 
documents while maintaining 
transparency.

Example

Research and 
Development 
(R&D)

Synthesizing insights from 
large datasets is 
challenging.

Problem

• RAG: Extracts insights from 
technical papers, patents, 
and reports.

• Constitutional AI: Ensures 
adherence to the 
organization’s ethical rules 
and values, including 
privacy and fairness, so that 
the person(s) conducting 
the search and/or reading 
the synthesized 
information does not 
violate any internal rules 
(e.g., regarding who can 
access certain sensitive 
information).

Solution

A chatbot resolves a 
customer’s warranty issue by 
referencing updated policy 
documents while maintaining 
transparency.

Example
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In conclusion, by investing in both RAG and Constitutional AI technologies, organizations not only gain a competitive edge but also 
establish themselves as leaders in responsible AI innovation. Solutions like ActiveNav Cloud provide essential data governance 
foundations, enabling RAG and Constitutional AI systems to operate with trustworthy, well-managed data from the start. 

Personalized 
Education

Educators need tailored 
materials to meet diverse 
learning needs.

Problem

• RAG: Retrieves 
educational resources, 
such as lesson plans and 
textbooks, customized to 
learner goals.

• Constitutional AI: 
Ensures inclusivity and 
compliance with 
education objectives.

Solution

A teacher retrieves accessible 
materials for students who 
are visually impaired.

Example

Financial 
Advisory
and Risk 
Management

Analyzing market data and 
regulatory updates is 
complex and time sensitive.

Problem

• RAG: Instantly retrieves 
financial data and 
regulatory updates.

• Constitutional AI: Ensures 
outputs comply with laws 
like AML and Dodd-Frank.

Solution

A financial advisor queries 
ESG investment options. RAG 
identifies relevant assets, 
while Constitutional AI 
ensures adherence to 
disclosure requirements.

Example

Healthcare

A hospital’s patient records 
are stored in a variety of 
locations due to the large 
number of medical 
practices and healthcare 
providers operating within 
it, and the records are 
protected by numerous 
regulations that are difficult 
to navigate.

Problem

• RAG: Retrieves the totality 
of the patient’s medical 
records. 

• Constitutional AI: Ensures 
proper user access 
controls, de-identification 
procedures, and 
cross-checks for 
compliance with 
regulations like HIPAA.

Solution

A healthcare provider can 
provide patient data to a 
third-party laboratory that 
cra�s personalized gene 
therapies to improve a 
patient’s outcome while 
adhering to legal constraints 
and ethical principles.

Example


