Retrieval-Augmented Generation (RAG) in Banking

Architecture, Implementation, and Governance for Intelligent Financial Systems
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A strategic guide to marrying Generative Al with Information Retrieval to solve the 'Black Box' problem in finance.
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Generative Al Alone Cannot Meet
Financial Standards

Standard Large Language Models (LLMs) suffer from three critical deficits in high-stakes environments.

1. The Knowledge Cutoff | 2. Hallucinations 3. The ‘Black Box’
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Problem: Models only know their training data. | Problem: Models prioritize fluency over fact, Problem: Lack of citations or audit trails.
Bank Impact: Cannot answer questions about | 9enerating confident but wrong answers. Bank Impact: Impossible to audit for
yesterday's market rates or a policy updated Bank Impact: High risk of providing incorrect compliance (e.g., 'Where did this risk
this morning. financial advice or regulatory interpretation. assessment come from?').
Key Insight: A vanilla model is a genius with no memory. Banking requires a genius with access to the files.
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RAG Provides the ‘Open Book’ for

Enterprise Intelligence

Retrieval-Augmented Generation (RAG) connects the LLM to an external, real-time knowledge base.

Standard LLM
(The Closed Book)

An employee taking a test from memory alone
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RAG System
(The Open Book)

The same employee referencing the bank's file room.

€9 Grounded Answers: Responses are based on retrieved
documents, not guesswork.

€) Traceability: Every answer includes citations (e.g.,
‘Reference: 2024 Credit Policy, Section 4.2').

o Data Privacy: Private data is injected only at query time;
public models are never trained on it.
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The RAG Architecture: A Dual-Phase Pipeline

THE OFFLINE PHASE (Building the Knowledge Base)

— | 10
— o *x T4 o ¥
Documents Ingestion & Chunking Embedding Vector Database
Cleaning Model
Shared
Knowledge
THE ONLINE PHASE (The Query Loop) Index
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User Question Query Embedding Vector Search  Prompt Construction LLM Grounded
(Retrieval) (Context + Question) Answer

The system functions by pre-processing knowledge into a searchable format (Offline) and retrieving specific
“needles in the haystack” for generation (Online).
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Phase 1: Ingestion and Metadata Enrichment

Raw banking data is messy. It must be normalized and tagged before it is useful to Al.

Data Processing Factory
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CRITICAL FOR BANKING: Metadata allows
the system to filter results later, ensuring a
Legacy DB UK employee doesn't accidentally
retrieve US-specific compliance rules.
Source Aggregation Cleaning & Normalization Metadata Enrichment
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Phase 2: Chunking and Vector Embedding

Chunk A
(Tokens 0-500)

Embedding Transformation

Chunking Strategy
(e
| Overlap ensures context 1
isn't lost if a sentence
/ straddles a split.
}_ Overlap 3
) (10-15%) A1
) o
\. Chunk B ;
| (Tokens 450-950) Embedding Model
) (Financial Fine-Tuned)
L%

—~=p [0.12, -0.45, 0.88, ...]

Vector Representation

Bank Specificity: Specialized financial embeddings are crucial. They understand that ‘KYC' and
"Due Diligence” are semantically close, whereas a generic model might miss the connection.
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Phase 3: The Vector Database and Hybrid Search
High-speed similarity search is the engine of RAC.

Infrastructure
Considerations:

Dense Vector Sparse / » Managed Cloud
S h K d S h (Encrypted)
iy YA CRdT B * On-Premise

(Air-gapped for
maximum
security)

Finds Concepts /

Meaning Finds Exact Matches

"~ Search -

- Maximum Recall.

- Combines semantic
. understanding
i with precision
KX lookup. 5%
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« Policy Code '‘PL-578'
¢ Client Name ‘Acme I
Corp’ !

* ‘Mortgage Penalty’
matches ‘Early
repayment fee'

» Nearest Neighbor

Algorithms (HNSW) * BM25 /Inverted

Index
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Phase 4: Retrieval and Ranking (The Online Query)

Finding the *right* needle in the haystack, not just *a* needle.

Tell me about KYC.
Jr Query Transformation: ‘KYC' = ‘Know Your Customer

Stage 1: Initial Retrieval

l\lectnr Search (Top 100)

--—| WHERE user_role = 'HR' ]
If User != HR, hide HR docs.

Stage 2: Pre-Retrieval || _
Filtering (ACLS) IJE
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Stage 3: Re-Ranking Cross-Encoder Scoring

The final 3 documents ready for the LLM.

Top-K Context
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Phase 5: Generation and Grounding

Constructing the prompt to force factual accuracy

Prompt Template

SYSTEM INSTRUCTION: Answer the user question based ONLY on

the following context. You must cite your sources. =

CONTEXT: Generation e T
[1] 2024 Credit Policy, Section 2.1: "Maximum leverage is 4.0x." > AErE VIR0 M. 0.

. : : Exceptions require CRO
[2] Email Update Oct 12: "Exceptions require CRO approval." approval [7].

USER QUESTION:
What is the leverage 1imit?
i 3 4 Y
Safety Check Safety Check
V) **Citation Insertion**: Linking claims to source @ Groundedness Check*: Validating the answer against
metadata. the context to prevent ‘silent failures’.
. . \, v
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Optimizing for Enterprise Scale

Moving from prototype to high-performance system.

Continuous Result LLM
Freshness Diversification Choice

Nightly ingestion jobs or Forcing retrieval of chunks Cost/Performance Trade-off.
event-driven updates (e.q., from different documents to e Smaller On-Prem (13B):
SharePoint triggers) to solve provide a well-rounded High privacy, lower cost.
the “stale data” problem. answer, rather than 5 chunks e Large APl Models: Better
from the same paragraph. reasoning, higher cost.

RAG allows smaller models to
punch above their weight.
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Use Case: Front Office and Customer Service

Empowering staff with instant, accurate policy answers.

Scenario
The Pain Point The RAG Solution

Y %

User (Agent): What is the penalty for early
8 mortgage repayment?

- ; w
System (RAG): According to the 2024 Terms
& Conditions (Clause 4.1), the fee is 2% of

Jhe outstanding balance.

=

Agent puts customer on hold to
search 500-page PDF manual.

Source: T&C_2024.pdf | Confidence: 98%

Banking Value

, Faster Resolution**: No @ Consistency**: Every agent @ Pll Protection**: System
manual searching. gives the same answer. masks sensitive data.
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Use Case: Regulatory Reporting and Compliance

Automating synthesis and policy checking.

The Query

Retrieval &
Synthesis

The Output
(Draft Report)

Document Comparison

Summarize changes in Due Diligence
requirements between AMLDS and AMLDG.

DRAFT REPORT: AMLDS vs. AMLD6E Comparison DI

+ Enhanced Due Diligence: AMLDE expands requirements for
crypto-assets (Article 3), and expciting revnove report for
crypto and premuomement, and new stronds or unstanding
matormnts for crypto-assets (Article 3).

+ Liability: Explicit criminal llability introduced (Article 7). The
requirement itw in some comer and data appmances and
regulatory propostation that intoduces interrated wordb
comprtiation for crypto assets (Article.

= [AMLDE: Art. 3.1(a)]

l—d* [AMLDE: Art. 7.2]

Banking Value

@ Reduced manual effort.

@ Traceable sourcing for
auditors.

& Standardization of regula-
tory interpretations.
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Use Case: Credit Risk Analysis

Synthesizing structured financials with unstructured narratives.

Client Risk Profile

Query: Summarize risk profile for Client X.

Banking Value
Generated Risk Profile
" & Holistic risk view.
Financials: Leverage is 2.5x. LT i
u (Source: Financial Statements Q4) @ Automatic h[gh“ghtlﬂg of
\ deviations.
2 Policy Check: Exception flagged. Standard limit is 2.0x. ‘ S 2
. (Source: Credit Policy 2024) & Integration of qualitative
1 and quantitative data.
Qualitative Context: Approved by Committee Jan 2025 due to strong collateral.
(Source: Committee Minutes) X

RAG pulls from disparate sources: Spreadsheets,
Policy PDFs, and Meeting Notes. JetBrains Mono.
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The Shield: Security, Privacy & Governance

RAG must be secure by design, or it cannot be deployed.

Data Residency

Keeping EU data in EU regions
for both processing and vector
storage.

Identity Management (IAM)

Zero Trust: Permissions travel
with the chunk. If user can't see
the doc, RAG won't retrieve it.

Compliance (EU Al Act)

Logging: Every query, retrieved
doc ID, and generated answer
Is logged for auditability.

Prompt Defense
Guarding against malicious
inputs and prompt injection
attacks.
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The Blueprint for Implementation
Strategic Roadmap to Adoption

Scale & Optimize

Expand to complex L
domains (Risk, Advisory) @

with human-in-the-loop \&4.°
validation. v

Stakeholder
Integration

Involve Legal,
Compliance, and IT
Security from Day 1.

Pilot Phase

Start with low-risk (oo
internal use case (e.q.,
IT Support Chatbot).

“Final Thought: RAG transforms Generative Al from a risky
novelty into a reliable, compliant business asset.”
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