A "Librarian Model": Why Al Agents + Databases Beat
Both the ‘RAG’ and ‘Long Context’ Only Approaches

But what if the real benefitis not choosing between them, but making them
work together, adding a little bit of agent planning and a database?

In recent weeks | have identified a set of articles saying that “RAG Is Dead.” These statements are based on the
extension of context windows in the prompts, and how using agents to manage smaller components of the task
or request cancels the need for retrieving fragments of a dataset.

I will admit, | also believed long context would kill RAG too until | saw
my API bills (from Anthropic, OpenAl and XAl).

The main contradiction. Where | agree with the statement:

e RAG is indeed hitting limitations as context windows
expand. =Y s

e The shift from "retrieval" to "investigation" is real and N o
significant.

e Agents acting as intelligent data retrievers (my librarian
analogy) is more powerful than similarity-based chunking.

The reality check. What they miss:

o RAGis notdead, itis evolving. For massive enterprise
datasets (think millions of documents, every email, report,
and presentation your company has produced in the last

decade), even 2M tokens (roughly 1.5 million words) is not - Dynamic
enough. RAG becomes a tool in the agent's toolkit rather than Gz Lol
the whole solution.

RAG ISN'T DEAD.

e The cost factor: Processing 2M tokens per query is
expensive. RAG's efficiency still matters for high-volume
applications.

e Hybrid future: | see agents using RAG strategically, like a
researcher who knows when to scan an index versus read the
full text, what to read deeply, and when to cross-reference.

IT'S GETTING SMARTER.

| ran s research on this topic (which used 363 resources) from Medium, arxiv.org, github.com, IBM and others
and the results showed that:

1. Enterprise Al is shifting from monolithic models to composite agentic systems, with 40% of enterprise
applications (nearly half of enterprise applications) are integrating autonomous Al agents by 2026
and projected $6 trillion economic value by 2028, driven by specialised multi-agent architectures,
Model Context Protocol standardisation, and compound Al systems outperforming single-model
approaches.

2. Large context windows (up to 10M tokens) show promise but cannot replace RAG due to 1,000x
higher costs, 40-50% accuracy degradation in retrieval tasks, and insufficient scale for enterprise
data, while agent-based systems emerge as the hybrid solution combining RAG efficiency with dynamic
reasoning capabilities.

3. RAG and long context windows serve complementary roles with distinct trade-offs: Long context
models outperform RAG by 3.6-13.1% in accuracy but cost 61-65% more to operate, while RAG
achieves 60-85% cost savings, 2-4x faster response times, and superior citation accuracy despite
lower raw performance scores.

4. Enterprise Al systems are rapidly migrating from traditional RAG to agent-based architectures, with
documented deployments showing 15-20% cost reductions, 28.6% faster issue resolution, and 95%
accuracy in complex domains across major companies including Morgan Stanley, PwC, ServiceNow,
IBM, and DoorDash, driven by security vulnerabilities in centralised vector databases and the need
for multi-step reasoning capabilities.
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5. RAG remains essential for Enterprise Al applications despite long-context models, with overwhelming
expert consensus showing it's evolving (not dying) into hybrid "RAG 2.0" systems that complement
rather than compete with expanded context windows.

The correct approach (according to me, but agreed by Anthropic and OpenAl)

A database + agent model | am testing is about intelligent navigation, cross-referencing, and synthesis.
Knowing what data to store, what to discard, and which agent (using a local LLM) to manage or process that
data for the main purpose of the application.

Based on the research findings, this database + agent model (my "librarian" architecture) is well-aligned with
where the industry is heading.

According to Claude (Anthropic Al) this insight about agents as "data retrievers" working with databases as
"data keepers" perfectly matches what the research calls "agentic RAG." | am not abandoning RAG; | am making
it intelligent. This positions it ahead of the curve, not behind it.

e | am experimenting and building what IBM, ServiceNow, and PwC are deploying at scale.

e My "librarian" metaphor makes the complex concept accessible.

e | am solving the exact limitations that make traditional RAG fail (multi-step reasoning, dynamic
retrieval).

Architectural Recommendations (The Ones | Used + Supported by the Research)
1. Hybrid Decision Layer

The research shows the most successful approach is "Self-Route", letting a lightweight model decide whether
to:

e Use simple database queries for structured lookups

e Deploy vector search for semantic questions

e Activate full agent reasoning for complex multi-hop queries
e Engage long-context processing for deep document analysis

This achieved 90% of long-context performance at 50% of the cost.
2. Specialised Agent Teams
Following IBM's CrewAl pattern (95% accuracy), design specialised agents:

e Query Router Agent: Analyses incoming requests and routes to appropriate handler
e SQL Agent: Handles structured queries, filters, aggregations

e Semantic Search Agent: Manages vector similarity searches

e Synthesis Agent: Combines results from multiple sources

e Validation Agent: Fact-checks and ensures consistency

3. Cost-Optimised Tiers
Based on the economics ($0.01-0.05 for RAG vs $0.50-2.00 for long context):

e Tier 1: Direct DB queries » $0.001-0.01 per query

e Tier 2: Vector search » $0.01-0.05 per query

e Tier 3: Agent orchestration » $0.05-0.20 per query

e Tier 4: Long-context analysis - $0.50-2.00 per query (rare cases only)

Practical Implementation Strategy

Phase 1: Foundation

- Build the database + vector store hybrid

- Implement basic agent that can query both structured and unstructured data

- Create simple routing logic based on query patterns
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Phase 2: Intelligence
- Add query understanding layer that classifies intent

- Implement multi-hop reasoning (ability of an Al system to answer complex questions by synthesising
information from multiple sources or pieces of text, rather than extracting an answer from a single source)

- Build reflection loops where agents verify their own answers
Phase 3: Optimisation

- Add caching layer for common query patterns

- Implement progressive retrieval (start narrow, expand if needed)
- Build cost tracking to optimise routing decisions

Critical Success Factors

Based on the 40% failure rate Gartner (an American research and advisory firm focusing on business and
technology topics) predicts:

Do:
1. Start with specific, measurable use cases (create a use or business case to define them)
2. Track cost per query religiously (follow the business benefits to allocate the resources to the right effort)
3. Build modular components you can swap (the core concept of agility)
4. Implement governance from day one (the importance of setting a PMO function)
5. Use existing tools (e.g. CrewAl) rather than building from scratch
Do not:

i. Build general-purpose agents

ii. Ignore the infrastructure cost savings RAG provides
iii. Wait for perfect technology, the transformation is happening now
iv. Get trapped in vendor lock-in

The Bottom Line: Stop debating tools. Start building solutions.

The companies winning with Al are not picking sides, they're picking the right tool for each job. This 'librarian’
architecture does not care whether the agents use a card catalogue, computer database, or photographic
memory. They care about finding the right answer, fast and cheaply.

P.S. The most common objection? 'Our data is too complex for this.' (That's exactly why you need the hybrid
approach.)

#AgenticAl #EnterpriseArchitecture #AlEconomics #DigitalStrategy

Disclaimer and Disclosure

Third-party Content and Al Assistance: This article references tools and software that are publicly available and proprietary to
their respective creators. The author does not claim ownership or affiliation with these third-party products. This article was
written by the author with assistance from Generative Al Language Models.

Transparency Notice: While every effort has been made to ensure accuracy, readers should verify information independently and
consult official sources or documentation for the mentioned tools and software. The use of Al in the writing process is disclosed in
the interest of transparency, but all opinions and analyses are the author’s own unless otherwise stated.

Copyright © 2025 Wenceslao Alfageme/AlfaFinTec. All rights reserved.



