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CHAPTER 01

Your AI Doesn't Need Another
Database: Rethinking Data for
LLMs
In the rush to build AI systems, many teams reflexively reach for the latest

specialized database, convinced their large language models demand a

completely new data stack. But what if that instinct is often wrong, leading to

unnecessary complexity, increased costs, and overlooked capabilities of your

existing data infrastructure?

This post challenges the common assumption that all AI systems require

specialized vector databases. Instead, we'll explore how many AI applications,

especially those not solely focused on pure semantic search, can effectively

leverage traditional databases. Often, these established solutions offer superior

data integrity, cost-efficiency, and operational familiarity, proving to be a more

robust foundation for your AI projects.

The Reflexive Reach: Why Everyone Thinks AI Needs a New
Database

The rise of large language models (LLMs) and techniques like Retrieval

Augmented Generation (RAG) has created a boom in specialized data

infrastructure. Vector databases, designed for efficient approximate nearest-

neighbor (ANN) search on high-dimensional data, quickly became the perceived

"go-to" solution.

Developers often assume that because LLMs understand meaning semantically,

and vectors represent that meaning, a vector database is an automatic

requirement. This initial hype and aggressive marketing have frequently

overshadowed deeper architectural considerations.

The problem arises when teams adopt these specialized solutions without fully

evaluating their specific AI data needs or the robust capabilities of their existing

infrastructure. This reflexive adoption can introduce unnecessary complexity and

inflate operational costs.
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Beyond Similarity: Deconstructing AI's True Data Management
Needs

While vector similarity is crucial for certain AI tasks, real-world AI systems rarely

operate on vectors alone. They demand a broader set of data management

capabilities that often extend beyond what specialized vector databases are

designed to provide.

Why this matters: For AI outputs to be reliable, accurate, and consistent, the

underlying data must be managed with integrity and context.

Consider these critical needs:

Context and Metadata: LLMs benefit immensely from structured

metadata (timestamps, authors, permissions, categories, source IDs) to

filter, refine, and govern the data they access. This metadata helps ground

responses and ensures relevance.

Complex Relationships: AI often needs to understand connections

between entities—users, products, documents, conversations, events.

Graph-like data, or data with rich foreign key relationships, enables more

sophisticated reasoning and interaction.

Transactional Integrity: For many AI applications, especially those

involving state management or critical business logic, ACID (Atomicity,

Consistency, Isolation, Durability) properties are paramount. Ensuring data

is never in an inconsistent state is vital for reliability.

Scalability and Cost-Efficiency: While vector databases scale for vector

operations, scaling all data types within a new, specialized stack can be

complex and expensive. Leveraging existing, well-understood infrastructure

often provides a more cost-effective path.

Operational Familiarity: Introducing a new database type means new

operational overhead: monitoring, backups, disaster recovery, security, and

team training. Existing databases benefit from years of operational maturity.

• 

• 

• 

• 

• 
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The Unsung Heroes: How Traditional Databases Excel for AI
Workloads

Traditional databases, refined over decades, offer powerful capabilities that are

highly relevant to many AI workloads. They are often better suited for managing

the structured and semi-structured data that underpins intelligent applications.

Relational Databases (SQL): Systems like PostgreSQL or MySQL are ideal

for structured data, complex joins, and strong consistency. They excel at

managing user profiles, product catalogs, and structured agent memory

(e.g., facts about a user or session). SQL's robust querying capabilities allow

for precise data retrieval and filtering based on multiple criteria, not just

similarity.

CREATE TABLE agent_memory (
id SERIAL PRIMARY KEY,
session_id VARCHAR(255) NOT NULL,
key VARCHAR(255) NOT NULL,
value TEXT,
created_at TIMESTAMP DEFAULT CURRENT_TIMESTAMP,
UNIQUE (session_id, key)

);

-- Example: Storing a user's preferred language
INSERT INTO agent_memory (session_id, key, value)
VALUES ('user_abc_123', 'preferred_language', 'English');

Document Databases (NoSQL): MongoDB or Couchbase offer flexible

schemas, making them excellent for semi-structured data like conversation

histories, user preferences, or dynamic configurations. Their ability to store

JSON-like objects simplifies data modeling for evolving AI contexts.

Graph Databases: Neo4j or ArangoDB are powerful for modeling intricate

relationships and traversing connections. They are invaluable for building

knowledge graphs, social networks, or complex recommendation engines

where understanding connections is key to AI reasoning.

These established databases provide mature features such as ACID transactions,

robust indexing, replication, backup/recovery, and well-understood operational

models. As one Reddit user noted, "Traditional databases, or databases with some

AI integration, are often a better choice [for AI costs and data conflicts]." (r/

softwarearchitecture, checked 2026-05-24).

• 

• 

• 
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Case Studies & Patterns: When SQL/NoSQL is Superior for AI

Many common AI use cases find superior data management solutions in

traditional databases, often leading to better cost-efficiency and operational

simplicity.

AI Agent Memory & State Management: For conversational AI, agents

need to recall past interactions, user preferences, and internal states.

Storing this structured data in a relational database ensures transactional

consistency and easy querying. For example, a PostgreSQL JSONB  column

can efficiently store dynamic chat history and user preferences.

CREATE TABLE user_sessions (
session_id UUID PRIMARY KEY,
user_id UUID NOT NULL,
start_time TIMESTAMP DEFAULT CURRENT_TIMESTAMP,
last_activity TIMESTAMP DEFAULT CURRENT_TIMESTAMP,
chat_history JSONB DEFAULT '[]'::jsonb,
preferences JSONB DEFAULT '{}'::jsonb

);

-- Example: Appending a new message to chat history
UPDATE user_sessions
SET chat_history = chat_history || '{"role": "user", "content": "Tell me 

about AIVOID"}'::jsonb,
last_activity = CURRENT_TIMESTAMP

WHERE session_id = 'a1b2c3d4-e5f6-7890-1234-567890abcdef';

This pattern allows complex queries on structured metadata while keeping 
conversational context readily available.

Content Management & Retrieval (Beyond Pure Semantic Search):

When content needs access controls, versioning, or category-based filtering

alongside text, a traditional database excels. Store document metadata,

permissions, and links to blob storage in SQL, then use LLMs to process the

actual text.

Structured Data Augmentation for LLMs: For factual accuracy and

reduced hallucinations, LLMs can be augmented with precise, verified data

directly from relational tables. Querying product details, financial records, or

customer information from SQL is more reliable than embedding everything.

• 

• 

• 
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Cost-Efficiency & Operational Simplicity: Avoiding the overhead of

managing another specialized database, its backups, monitoring, and

scaling can significantly reduce infrastructure costs and simplify operations.

As observed by some practitioners, "Everyone’s trying vectors and graphs

for AI memory. We went back to SQL." (r/LocalLLaMA, checked 2026-05-24).

Here’s a simplified view of an AI agent leveraging a traditional database for its

memory:

This architecture highlights how a traditional relational database serves as the

persistent memory, enabling stateful, context-aware AI interactions without

needing a separate vector store for core memory functions.

When Specialized Solutions Are Essential: Identifying True
Vector Database Use Cases

While traditional databases offer broad utility, it's crucial to acknowledge the

specific scenarios where vector databases genuinely provide a superior, if not

essential, solution. These are often cases where the core problem is centered

purely on high-dimensional similarity.

Pure Semantic Search & High-Dimensional ANN: When the primary

need is finding similar items based solely on embedding proximity across

vast, unstructured datasets (e.g., image search, recommendation engines

based on content similarity, drug discovery). Vector databases are purpose-

built for fast, approximate nearest-neighbor search.

• 

• 
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Large-Scale Unstructured Text RAG: For massive corpora of documents

where metadata is minimal or secondary, and the goal is purely contextual

retrieval based on semantic meaning. Examples include indexing millions of

research papers or news articles for contextual search.

Specific Embedding Types: Handling highly specialized embeddings (e.g.,

complex biological sequences, audio features, multi-modal embeddings)

where traditional indexing falls short.

Core Operational Primitive: Use cases where the "nearest neighbor"

concept is the fundamental operational primitive, and other data integrity,

transactional, or complex relationship needs are secondary or handled by

other systems.

In these specific problem domains, vector databases offer unparalleled

performance and scalability for embedding-centric queries. They simplify the

architecture for tasks where the core challenge is efficiently comparing high-

dimensional vectors.

The Hybrid Future: Integrating AI Capabilities into Your Existing
Data Stack

The industry isn't settling for a binary choice between traditional and specialized

databases. A significant trend is the integration of AI-specific features, particularly

vector capabilities, directly into existing database platforms. This points towards a

more integrated and efficient future for AI data management.

Native Vector Capabilities: Databases like PostgreSQL with pgvector ,

Redis with its vector search module, and MongoDB Atlas Vector Search are

leading this charge. These extensions allow developers to store and query

vector embeddings alongside their structured and semi-structured data

within a single system.

-- Example: Adding a vector column to a documents table in PostgreSQL with 
pgvector

CREATE EXTENSION IF NOT EXISTS vector;

CREATE TABLE documents (
id UUID PRIMARY KEY,
title TEXT NOT NULL,
content TEXT NOT NULL,
embedding VECTOR(1536) -- For OpenAI's ada-002, for example

);

-- Example: Inserting a document with its embedding
INSERT INTO documents (id, title, content, embedding)
VALUES (

'd1e2f3g4-h5i6-7890-abcd-ef0123456789',

• 

• 

• 

• 
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'AIVOID Blog Post',
'This is the content of the blog post...',
'[0.1, 0.2, 0.3, ...]' -- Actual 1536-dim vector

);

-- Example: Finding similar documents
SELECT title, content
FROM documents
ORDER BY embedding <-> '[0.1, 0.2, 0.3, ...]' -- <-> is the L2 distance 

operator
LIMIT 5;

Multi-modal Data Management: This integration allows for managing

structured data, documents, and vectors within a unified system. Teams can

leverage existing operational expertise, tooling, and data governance

frameworks for their AI workloads, reducing cognitive load and

infrastructure sprawl.

Industry Consensus: This trend aligns with predictions like "Every

database will become a vector database sooner or later" (Hacker News, Oct

3, 2023, checked 2026-05-24), indicating a move towards integration rather

than pure replacement.

What builders should do now: Evaluate existing database extensions for your

current stack. If you're on PostgreSQL, pgvector  is a strong contender. What to

watch: Further native integrations and performance optimizations in various

traditional database systems. What to ignore: Hype around 'pure' vector

databases for use cases that are not primarily vector-centric.

A hybrid architecture might look like this:

This diagram illustrates how a single, powerful database can manage diverse data

types, including vectors, under a unified operational model.

• 

• 
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A Decision Framework: Choosing the Right Data Strategy for
Your AI Project

Making an informed decision about your AI data infrastructure requires a

systematic approach. Avoid the default choice and instead, align your data

strategy with your project's specific needs and constraints.

Here’s a framework to guide your decision:

Identify Core Data Needs:

Is semantic similarity the primary driver? (e.g., "Find images

similar to this one," "Retrieve documents semantically related to this

query.")

Do you need complex relationships or transactional integrity?

(e.g., "Track user's multi-step journey," "Ensure atomicity for agent

state updates.")

Is flexible document storage with rich metadata essential?

(e.g., "Store evolving conversation logs," "Manage diverse content

types.")

Evaluate Data Volume & Velocity:

How much data will you store, and how quickly will it grow?

What are the query performance requirements for different data

types? Latency targets?

What is the ingestion rate for new data?

Consider Operational Overhead & Cost:

What are the long-term maintenance, scaling, and financial

implications of a new database vs. extending existing ones?

Does your team have the expertise to manage a new database type

efficiently?

Can you leverage existing monitoring, backup, and security tools?

Assess Team Expertise:

Leverage existing team skills with familiar technologies where

possible. The learning curve for pgvector  might be lower for a team

experienced with PostgreSQL than adopting a new, standalone vector

database.

1. 

• 

• 

• 
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Start Simple, Scale Smart:

Begin with the simplest solution that meets your current needs.

Introduce specialized tools only when a clear bottleneck or unmet

requirement emerges that cannot be addressed by your existing stack

or its extensions.

This decision matrix helps map common AI use cases to recommended database

types, emphasizing a thoughtful, needs-driven approach.

Conclusion: Optimizing Your AI Data Stack, Not Just Expanding
It

The default choice for AI data management shouldn't automatically be a new,

specialized database. While vector databases undoubtedly serve critical functions

for specific, high-dimensional similarity problems, they are not a universal

panacea for all AI data needs.

5. 

• 
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The power, maturity, and cost-effectiveness of traditional databases—relational,

document, and graph—make them formidable candidates for a wide range of AI

applications. From managing complex agent memory and transactional state to

handling rich metadata and structured content, these "unsung heroes" often

provide a more robust, familiar, and efficient foundation.

We are seeing a clear trend towards hybrid solutions, where traditional databases

are incorporating native vector capabilities. This allows developers to combine the

best of both worlds within a unified, operationally mature ecosystem.

As you architect your next AI project, challenge the assumption that a new

database is a prerequisite. Prioritize efficiency, leverage your existing data

infrastructure where possible, and critically evaluate your specific data

requirements. The future of AI data management lies not just in expanding your

data stack, but in intelligently optimizing it with the right tool for the right job.
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