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Abstract: Article History:

The rapid advancement of Large Language Models (LLMs) has created new opportunities for
financial institutions to enhance customer engagement, investment research, advisor
productivity, and operational efficiency. However, enterprise adoption of LLMs remains
challenging due to stringent regulatory requirements, data privacy concerns, cybersecurity
risks, model governance complexities, and integration with existing enterprise systems. While
existing research primarily focuses on LLM capabilities and model performance, limited
attention has been given to a comprehensive enterprise architecture that enables secure,
scalable, and governed deployment of LLMs within regulated financial environments. This
paper proposes a novel Enterprise Architecture Framework for Secure Large Language Model
Deployment in Financial Services to support the responsible adoption of generative Al across
banking, asset and wealth management, and capital markets. The proposed framework consists
of six vertically integrated architectural layers—Experience and Channels, AI Orchestration and
Policy, LLM Services, Knowledge and Retrieval-Augmented Generation (RAG), Enterprise
Integration, and Platform and Deployment—supported by four cross-cutting control domains:
Security, Governance, Compliance, and Observability. These layers provide a scalable
foundation for integrating LLM capabilities into enterprise applications while ensuring
regulatory compliance, data protection, explainability, and operational resilience. A design
science research methodology is employed to develop and validate the framework using a
representative enterprise financial services case study. The evaluation demonstrates how the
proposed architecture enables secure knowledge retrieval, intelligent research assistance,
workflow automation, and decision support while maintaining identity-based access control,
human oversight, auditability, and responsible AI governance. By combining cloud-native
architecture, API-driven integration, zero-trust security, and continuous monitoring, the
framework addresses critical enterprise requirements for secure LLM adoption. The proposed
framework contributes a reusable enterprise reference architecture that bridges the gap
between generative Al innovation and the operational, security, and governance demands of
modern financial institutions, providing enterprise architects and technology leaders with
practical guidance for implementing trustworthy and scalable LLM solutions.
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1. Introduction
The emergence of Generative Artificial Intelligence (Generative Al) and Large Language Models (LLMs) has fundamentally
transformed the way organizations create, process, and utilize information. Recent advances in transformer-based language models have
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enabled financial institutions to automate knowledge-intensive tasks, enhance customer engagement, improve investment research,
streamline regulatory compliance, and support intelligent decision-making. As banks, asset and wealth managers, insurance companies,
and capital market firms accelerate their digital transformation initiatives, LLM-powered applications are increasingly being integrated
into enterprise workflows to improve operational efficiency, employee productivity, and customer experience. Despite these
opportunities, deploying LLMs within enterprise financial environments presents significant technical and regulatory challenges.
Financial institutions operate under strict regulatory frameworks that require robust data privacy, cybersecurity, auditability, model
governance, and risk management. The integration of LLMs with sensitive customer information and mission-critical business systems
raises concerns regarding data leakage, hallucinated responses, explainability, identity and access management, regulatory compliance,
and responsible Al adoption. Traditional enterprise architectures were not designed to support the unique requirements of generative
Al creating the need for a secure, scalable, and governance-driven architectural approach.

Although existing research has extensively explored the capabilities of LLMs and their applications across various domains,
relatively limited attention has been devoted to developing comprehensive enterprise architecture frameworks tailored to the security,
governance, interoperability, and operational requirements of regulated financial institutions. Addressing these challenges requires an
architecture that seamlessly integrates Al services with existing enterprise applications while maintaining compliance, resilience, and
enterprise-grade security. This paper proposes a novel Enterprise Architecture Framework for Secure Large Language Model
Deployment in Financial Services. The proposed framework introduces a layered architecture that integrates enterprise Al orchestration,
Retrieval-Augmented Generation (RAG), enterprise integration, security and governance, and continuous monitoring to support the
secure adoption of LLMs. The framework is evaluated through a representative enterprise financial services case study to demonstrate
its practical applicability. The primary contributions of this research are: (1) the introduction of a reusable enterprise architecture
framework for secure LLM deployment, (2) a comprehensive security and governance model for regulated financial institutions, and (3)
practical implementation guidance for enterprise architects and technology leaders seeking to deploy trustworthy, scalable, and
compliant generative Al solutions.

2. Related Work
Research on enterprise LLM deployment draws from several adjacent streams: foundation models, retrieval-augmented
generation, financial-domain language models, responsible Al, cybersecurity, and enterprise architecture. These streams have advanced
rapidly, but they are commonly treated as separate technical or governance concerns. This section synthesizes literature available
through 2023 and identifies the architectural elements required to operationalize LLMs in regulated financial institutions.

2.1. Foundation Models and Enterprise Language Systems

Transformer architectures established the technical basis for contemporary language models by enabling scalable attention-based
sequence processing [9]. Subsequent large-scale generative models demonstrated strong few-shot and in-context learning capabilities
[10], while the foundation-model literature emphasized that model capabilities, downstream adaptation, and societal risks must be
evaluated as an interconnected ecosystem rather than as isolated benchmarks [11]. Instruction tuning and reinforcement learning from
human feedback improved the usability and alignment of general-purpose language models [50,51], but these approaches do not
independently provide enterprise authorization, provenance, data residency, records management, or business-process controls.
Consequently, a financial institution requires an architectural layer that governs how models are selected, invoked, monitored, and
integrated with enterprise services.

2.2. Retrieval-Augmented Generation and Knowledge Grounding

Retrieval-Augmented Generation (RAG) combines parametric language-model knowledge with an external, updateable
knowledge store and was introduced to improve knowledge-intensive generation and provenance [12]. Dense Passage Retrieval [13] and
Fusion-in-Decoder [14] further advanced neural retrieval and evidence aggregation. Recent surveys describe RAG as a family of
architectures spanning ingestion, indexing, retrieval, augmentation, and generation [15]. In regulated environments, however, retrieval
quality alone is insufficient. Enterprise RAG must preserve source entitlements, document versions, retention classifications, geographic
restrictions, and evidence citations. The present framework therefore extends standard RAG by treating authorization, provenance, and
freshness as architectural controls rather than optional application features.
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2.3. Tool Use, Orchestration, and Emerging Agentic Systems

ReAct demonstrated that language models can interleave reasoning and actions to interact with external environments [16], while
Toolformer showed that models can learn when and how to invoke external tools [17]. These developments create opportunities for
workflow automation, but they also introduce risks related to excessive agency, tool misuse, and non-deterministic execution. In financial
services, model-generated suggestions must be separated from authorized transactions, and agent permissions must be constrained by
deterministic policy engines, execution budgets, and human approval. This motivates the proposed Al Orchestration and Policy Layer.

2.4. Financial-Domain Language Models and Benchmarks

Domain-specific language modeling has shown that financial vocabulary, documents, and tasks benefit from specialized data and
evaluation. FinBERT adapted transformer models for financial sentiment analysis [18]. BloombergGPT demonstrated a large-scale
finance-oriented language model trained on mixed financial and general corpora [19], and FinGPT explored an open-source approach to
financial LLM development [20]. FinanceBench subsequently showed that leading LLM configurations still performed poorly on realistic,
evidence-based financial question answering, including when retrieval was used [7]. These findings reinforce the need for enterprise
grounding, controlled use cases, risk-tiered evaluation, and human review rather than reliance on model capability claims alone.

2.5. Responsible Al, Explainability, and Documentation

Research on model risk has identified harms involving discrimination, misinformation, privacy, environmental impact, and
misuse [35,36]. Model Cards [37] and Datasheets for Datasets [38] provide structured mechanisms for documenting intended use,
limitations, and data provenance. Explainability approaches such as LIME [39] and SHAP [40] support local and feature-based
interpretation, although their direct applicability to generative systems remains limited. For LLM applications, explainability must
therefore be complemented by retrieval provenance, prompt and model versioning, policy decisions, and human approval records.

2.6. Security, Privacy, and Regulatory Governance

Enterprise LLM systems inherit conventional cloud and software-security risks while introducing prompt injection, sensitive-
information disclosure, insecure tool use, model extraction, and supply-chain vulnerabilities. NIST Zero Trust Architecture [21] and the
Secure Software Development Framework [22] provide foundational controls, while the OWASP Top 10 for LLM Applications identifies
LLM-specific threats [23]. Research has demonstrated extraction of memorized training data [41], indirect prompt-injection attacks
against integrated applications [42], adversarial attacks that bypass safety alignment [43], and the value of structured red-team methods
[44]. Governance must also account for privacy and sector obligations, including GDPR [26], GLBA [27], PCI DSS [28], operational
resilience guidance [29,30], and Al risk management under NIST AI RMF [8].

2.7. Synthesis

The literature provides strong building blocks for models, retrieval, tool use, security, documentation, and evaluation, but it does
not offer a single enterprise reference architecture that integrates these capabilities with identity, legacy-system interoperability, model
governance, compliance, observability, and human accountability. SF-LLM-EA addresses this gap by combining the technical execution
path with cross-cutting institutional controls and evidence requirements.

3. Research Gap
The rapid evolution of Large Language Models (LLMs) has significantly advanced artificial intelligence applications across
multiple industries, including financial services. Existing research has primarily focused on improving language model performance,
prompt engineering, Retrieval-Augmented Generation (RAG), domain adaptation, and conversational Al capabilities. While these studies
demonstrate the transformative potential of LLMs for customer service, investment research, fraud detection, and operational
automation, they largely address individual technical components rather than the broader enterprise architecture required for
production deployment in highly regulated financial environments.

Financial institutions operate under stringent regulatory and security requirements, including data privacy, identity and access
management, cybersecurity, model governance, auditability, and compliance with industry regulations. Current literature provides
limited guidance on how these requirements can be integrated into a unified enterprise architecture capable of supporting secure,
scalable, and resilient LLM deployments. Most published approaches emphasize model-centric improvements without adequately
addressing enterprise integration, governance, interoperability with legacy systems, cloud-native deployment, observability, and
operational risk management.
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Furthermore, existing enterprise Al frameworks often lack a holistic architectural approach that combines Al orchestration,
enterprise data management, Retrieval-Augmented Generation (RAG), security controls, governance mechanisms, and continuous
monitoring within a single reference architecture. As financial institutions increasingly adopt hybrid cloud environments and modern
digital platforms, the absence of standardized enterprise architecture guidance presents challenges in ensuring scalability, regulatory
compliance, explainability, and responsible Al adoption across multiple business functions.

To address these limitations, this research proposes a novel Enterprise Architecture Framework for Secure Large Language Model
Deployment in Financial Services. Unlike existing model-focused studies, the proposed framework integrates six vertically integrated
layers—Experience and Channels, Al Orchestration and Policy, LLM Services, Knowledge and Retrieval-Augmented Generation (RAG),
Enterprise Integration, and Platform and Deployment—supported by the cross-cutting domains of Security, Governance, Compliance,
and Observability—into a comprehensive reference architecture. The framework bridges the gap between advances in generative Al and
the operational, security, and governance requirements of regulated financial institutions, providing enterprise architects and technology
leaders with practical guidance for deploying trustworthy, scalable, and compliant LLM solutions

4. Proposed Enterprise Architecture Framework

The proposed framework, termed the Secure Financial-Services LLM Enterprise Architecture (SF-LLM-EA), is a vendor-neutral
reference architecture for deploying generative artificial intelligence in regulated financial institutions. It addresses a central limitation
of model-centric approaches: a high-performing language model is not, by itself, an enterprise system. Production deployment requires
controlled user channels, policy-driven orchestration, approved model services, trusted knowledge retrieval, secure integration with
systems of record, lifecycle governance, and continuous operational evidence. The framework therefore separates business interaction,
Al decisioning, data grounding, enterprise connectivity and control functions while applying security, governance, compliance and
observability across every layer.

4.1. Framework Objectives and Novelty

The framework is designed around five objectives: (1) prevent unauthorized disclosure or use of financial and personal
information; (2) reduce unsupported model output through entitlement-aware retrieval and evidence-based responses; (3) permit
controlled use of multiple models without locking business applications to one provider; (4) create auditable accountability for models,
prompts, data, tools and decisions; and (5) scale from low-risk employee assistance to tightly governed client-facing and decision-support
use cases. Its primary novelty is the integration of enterprise architecture, LLM-specific security, model-risk governance, RAG controls
and financial-services operational resilience within one traceable architecture.

—Secure Enterprise ttMReference Architecture for Financial Services ——
1. Experience & Channel Layer
Adviser desktop + Research portal + Contact center » Mobile/web « APl consumers
1 Security Governance
Zero Trust Risk tiering
2. Al Orchestration & Policy Layer 1AM/PAM Approval
DLP Audit
Intent classification = Prompt assembly = Model routing = Agentftool control + Workflow state Encryption Human oversight
3. LLM Services Layer
Approved foundation/domain madels « Inference gateway = Prompt templates » Guardrails « Model registry
4. Knowledge & RAG Layer
Curated corpus + Embeddings « Vector index + Entitlement-aware retrieval + Citations + Freshness controls
Observability Compliance
- - Quality Privacy
5. Enterprise Integration Layer Latency Racaris
API gateway + Event streaming + CRM « Core banking + Market data « Documents + Data platforms Cost Model risk
Drift Third-party
6. Platform & Deployment Layer
Private/public cloud + Containers = Service mesh « Secrets/KMS « Resilience » CI/CD/LLMOps

Figure 1. SF-LLM-FA Layered Reference Architecture with Cross-Cutting Security, Governance,
Compliance and Observability
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4.2. Experience and Channel Layer

The experience layer exposes approved LLM capabilities through business-controlled interfaces rather than direct access to
foundation-model endpoints. Typical channels include advisor and relationship-manager workspaces, research portals, operations
consoles, contact-center desktops, employee collaboration tools, mobile applications and machine-to-machine APIs.

Each channel transmits authenticated identity, business role, legal entity, jurisdiction, device posture and session context. The
response contract should include provenance, confidence indicators, policy notices and an escalation path. For client-facing use, the layer
enforces approved wording, accessibility, records-retention requirements and disclosure rules. High-risk actions are separated from
conversational output and require explicit user confirmation or human approval.

4.3. Al Orchestration and Policy Layer
This layer is the control plane of the architecture. It classifies user intent, determines risk tier, assembles prompts, selects tools
and knowledge sources, routes requests to approved models, manages conversation state, and applies policies before and after inference.

A policy decision point evaluates attributes such as user role, requested action, data classification, geography, client relationship,
model approval status and purpose limitation. The orchestration service should support deterministic workflows for regulated processes
and bounded agent behavior for exploratory tasks. Agents receive least-privilege tool permissions, execution limits, timeouts and
transaction boundaries. No model is permitted to invoke a payment, trade, account change or client communication directly without a
controlled business service and an approval gate.

4.4. LLM Services Layer

The LLM services layer provides a governed abstraction over internally hosted, private-cloud and externally managed models. An
inference gateway exposes a consistent API while enforcing model allowlists, version pinning, quotas, data-handling restrictions, regional
routing and fallback logic.

A model registry records the model owner, provider, intended uses, prohibited uses, evaluation results, training-data disclosures
where available, security review, residual risks and approval expiration. Prompt templates and system instructions are versioned as
controlled artifacts. Output guardrails detect restricted content, sensitive-data leakage, unsupported claims, policy violations and
anomalous tool requests. Model selection is based on risk, capability, latency, cost and data residency—not solely benchmark
performance.

4.5. Knowledge and Retrieval-Augmented Generation Layer

The knowledge and RAG layer grounds model responses in approved enterprise information. Sources may include policies,
research, product documentation, procedures, contracts, client-approved records, market data and regulatory publications. Content
passes ingestion controls for classification, malware scanning, duplication, quality, ownership, retention and freshness.

Retrieval is entitlement-aware: the vector index and document store must preserve source-level permissions rather than creating
a universal semantic corpus. Query-time filtering applies user, account, geography, legal-entity and purpose constraints before any text
is presented to the model. Retrieved passages include stable source identifiers, version dates and citations. The architecture separates
retrieval confidence from model confidence and supports refusal when authoritative evidence is insufficient.

4.6. Enterprise Integration Layer

This layer connects generative Al with systems of record through governed APIs, events and integration services. Relevant
platforms include CRM, core banking, wealth-management systems, payments, fraud and risk engines, market-data services, document
repositories, master-data management, customer identity, data lakes and workflow platforms.

The integration layer converts model suggestions into typed business commands and validates them against existing authorization
and business rules. It prevents an LLM from becoming a system of record. Read operations and write operations are separated; write
operations use idempotency, transaction controls, approval and reconciliation. API gateways provide schema validation, throttling, threat
protection and full traceability.
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4.7. Platform and Deployment Layer

The platform layer supports hybrid and multi-cloud deployment patterns suitable for regulated institutions. It includes container
platforms, service mesh, private networking, hardware-backed key management, secrets management, workload identity, policy-as-
code, resilient queues, encrypted storage, CI/CD and LLMOps pipelines.

Sensitive prompts and retrieved content should remain within approved trust zones. External model access uses private
connectivity where available, contractual no-training commitments, tenant isolation and egress controls. The design supports graceful
degradation: if a model or retrieval service is unavailable, the application should fail safely, preserve records and avoid silently switching
to an unapproved model.

4.8. Cross-Cutting Security, Governance and Compliance

Security and governance are not separate downstream review activities; they are architectural functions applied to every request
and lifecycle stage. Controls include zero-trust access, phishing-resistant authentication, privileged-access management, encryption,
tokenization, data-loss prevention, prompt-injection defenses, software-supply-chain controls, records management, privacy impact
assessment, model-risk classification, third-party risk and human oversight.

The framework aligns governance activities with the NIST AI Risk Management Framework functions—Govern, Map, Measure
and Manage—and incorporates LLM-specific threats identified by OWASP, including prompt injection, insecure output handling,
sensitive-information disclosure, excessive agency, model denial of service and supply-chain vulnerabilities.

4.9. Monitoring and Observability Layer

Operational evidence is captured across user experience, orchestration, retrieval, model inference, integrations and business
outcomes. Telemetry includes latency, availability, token use, cost, retrieval precision, citation coverage, groundedness, refusal rate,
policy violations, prompt attacks, data leakage events, human overrides, user feedback and downstream errors.

Monitoring is segmented by use case and risk tier. Quality thresholds that are acceptable for employee brainstorming may be
unacceptable for investment research or client communication. Continuous evaluation combines automated tests, curated challenge sets,
red-team exercises, production sampling and incident review. Logs must support audit and investigation while minimizing unnecessary
retention of sensitive prompts.

4.10. Secure Request and Response Flow

Figure 2 illustrates the runtime control sequence. Identity and context are established before intent classification. Data-loss
prevention and policy controls are applied before retrieval or inference. RAG searches only authorized sources. The orchestration layer
then routes the request to an approved model and tool chain. Output is validated for grounding, citations, sensitive content and business-
rule compliance. High-risk responses or actions require human approval. Finally, the architecture records decision evidence, user
feedback, quality measures and operational cost.

1. Authenticate 2. Classify intent, 3. Apply policy, 4, Entitlement-aware 5. Route to approved 6. Validate output,
& establish context risk & data sensitivity redaction & DLP RAG retrieval model/tool chain citations & controls

&
\
\

. 10. Monitor quality, 9. Log evidence, 8. Deliver response 7. Human approval
“‘grlﬂ & Incidents feedback & cost with provenance for high-risk use

High-risk examples: investment advice, credit decisions, regulatory interpretation, client communications and autonomous system actions.

Figure 2. Secure End-To-End Request, Retrieval, Inference, Validation, Approval and Monitoring Flow.
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4.11. Risk-Tiered Deployment Model
Table 1. Risk-Based AI Autonomy Tiers with Required Governance Controls and Evidence Requirements

Tier Ilustrative Use Permitted Required Controls Example Evidence
Autonomy

1- Low Summarization of | Generate response | Authentication, content filters, | Usage logs, baseline
public or non-sensitive logging quality tests
material

2 - | Internal research and | Generate with | Entitlements, citations, DLP, | Retrieval tests, source

Moderate | knowledge assistance approved RAG model allowlist provenance, user

feedback

3 - High Client communication | Draft only; human | Four-eyes review, records | Approval record, final-
or regulatory | approval required | retention, legal/compliance | versus-draft comparison
interpretation controls

4 - Critical | Credit, trading, | No autonomous | Independent decision engine, | Decision trace, override
payments or account | decision or | formal model-risk review, | records, reconciliation,
actions execution transaction controls incident tests

4.12. Governance Lifecycle

Every LLM use case is governed as a lifecycle rather than a one-time approval. A business owner and technology owner first define
intended purpose, users, data, impact and prohibited uses. Architecture and control design follows the assigned risk tier. Models,
prompts, RAG pipelines and integrations are evaluated together because system behavior emerges from their interaction. Approval
creates a registered configuration baseline. Production monitoring, periodic testing, incident response and renewal ensure that material
changes trigger reassessment.

Discover &
classify

Design controls

Enterprise Al
Governance
& Accountability

Respond &

Validate model &
remediate RAG

Approve &
register

Deploy with
guardrails

Every stage produces auditable evidence: owner, risk tier, controls, test results, approval, incidents and residual risk

Figure 3. Lifecycle Governance Model for Accountable Deployment and Operation of Enterprise LLM
Systems
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4.13. Core Design Principles

>

>

Y

YV VYV

Security and privacy by design: Controls are applied before data reaches retrieval or model services, with least privilege and
purpose limitation.

Ground before generate: Authoritative enterprise knowledge and citations are preferred over unsupported parametric
knowledge.

Policy-driven orchestration: Risk and authorization decisions are externalized from prompts and enforced by deterministic
services.

Human accountability: LLMs assist qualified professionals; high-impact judgments and actions remain attributable to
accountable humans.

Model and provider portability: Applications depend on an inference contract and registry rather than proprietary provider-
specific interfaces.

Evidence-first governance: Approvals, tests, prompts, sources, outputs, overrides and incidents produce traceable records.
Separation of suggestion and execution: Model output is never treated as an authorized transaction or system-of-record update.
Resilience and safe failure: The system refuses, degrades or queues requests rather than bypassing controls during outages.
Continuous evaluation: Security, quality, fairness, groundedness and business value are measured throughout operation.

4.14. Evaluation Measures
Table 2. Evaluation Dimensions, Performance Metrics, Target Interpretation, and Organizational

Ownership for Al Governance

Dimension Representative Measure Target Interpretation Control Owner

Groundedness | Percentage of material claims | Higher is better; threshold varies by | Al product and
supported by retrieved evidence risk tier knowledge owner

Retrieval Precision @Kk, recall@k and | Must prove relevance and prevent | Data/knowledge

quality entitlement-filter accuracy unauthorized retrieval engineering

Security Prompt-attack success rate and | Zero tolerance for confirmed | Cybersecurity
sensitive-data leakage rate restricted-data disclosure

Reliability Availability, pgs latency and safe- | Must meet use-case service | Platform engineering
failure rate objectives without bypassing

controls

Human Override, rejection and escalation | Used to detect low-quality output | Business control owner

oversight rates and automation bias

Compliance Citation, disclosure and records- | Must meet policy and jurisdictional | Legal/compliance
retention completeness requirements

Economics Cost per completed task and | Value assessed after control and | Product/finance
productivity benefit quality requirements are met

4.15. Architectural Implications for Financial Institutions

The framework enables institutions to introduce LLM capability incrementally. Low-risk internal assistance can use the same

identity, orchestration, registry, knowledge and monitoring foundations later required for more sensitive use cases. This reduces
duplicated controls and prevents isolated business units from creating incompatible Al stacks. The architecture also clarifies
accountability: business owners define acceptable use and outcomes; data owners govern knowledge; model-risk and security teams
define control thresholds; platform teams operate shared services; and qualified users remain responsible for high-impact decisions.

The framework is intentionally technology-neutral. Commercial APIs, open-weight models, private models and specialized

financial models can coexist, provided each deployment satisfies the same control contract. This allows financial institutions to adapt as
model capabilities, costs and regulatory expectations evolve without redesigning business applications or weakening governance.

89



‘Saad Khan [2024] Enterprise Architecture Framework for Secure Large Language Model Deployment in

Financial Services

5. Research Methodology
This study uses Design Science Research (DSR) to develop and evaluate SF-LLM-FA as an enterprise architecture artifact. DSR is
appropriate because the research objective is to create a purposeful solution to a class of organizational and technical problems and to
evaluate its utility, rigor, and limitations [31-33].

5.1. Research Objectives and Design Requirements

The research problem was translated into five design requirements: secure handling of regulated data; evidence-grounded
generation; modular integration with models and systems of record; auditable governance and human accountability; and scalable
operation across business lines and jurisdictions. Requirements were derived from peer-reviewed research, standards, regulatory
guidance, and publicly documented enterprise practices available through 2023.

5.2. Artifact Development Process

The artifact was developed iteratively through six activities: problem identification; requirement definition; synthesis of
architectural building blocks; construction of the layered reference architecture; demonstration through a representative Tier-1 financial-
institution case; and evaluation against quality attributes and threat scenarios. The process follows established DSR guidance that links
relevance to an organizational problem environment, rigor to the knowledge base, and evaluation to the artifact's intended purpose [31-

33].

5.3. Evidence Base and Source-Selection Protocol

The literature review prioritized primary research papers, recognized technical standards, regulatory guidance, and authoritative
industry frameworks. Sources were included when they addressed at least one of the following: LLM architecture, RAG, financial NLP,
Al evaluation, cloud security, privacy, model governance, operational resilience, or enterprise architecture. Literature published after the
early-2023 cutoff was excluded from the historical evidence base except where clearly identified as later policy guidance relevant to
manuscript preparation.

5.4. Case-Study Construction

The case study is an illustrative design scenario rather than a report of a named institution's proprietary implementation. It
synthesizes public characteristics of Tier-1 global banks, including multiple lines of business, hybrid-cloud infrastructure, geographically
distributed data, complex identity entitlements, and stringent regulatory oversight. No confidential employer information, internal
architecture, non-public metrics, or client data are used.

5.5. Evaluation Strategy

The framework is evaluated through scenario-based architecture analysis. Representative scenarios include investment research,
advisor preparation, regulatory-policy assistance, operations knowledge retrieval, and customer-service drafting. Each scenario is
assessed against functional suitability, security, reliability, performance efficiency, maintainability, compatibility, usability, and
portability, drawing on ISO/IEC 25010 quality concepts [34]. Additional measures cover groundedness, citation correctness, entitlement
enforcement, prompt-attack resistance, human override, and audit completeness.

5.6. Validation Logic and Traceability

Validation uses a requirements-to-controls traceability approach. Each design requirement is mapped to one or more architecture
components, control mechanisms, evaluation measures, and evidence artifacts. For example, the requirement to prevent unauthorized
disclosure maps to identity context, attribute-based authorization, entitlement-aware retrieval, data-loss prevention, encryption, and
audit logging. This traceability supports review by enterprise architecture, cybersecurity, model-risk, legal, compliance, and business
stakeholders.

5.7. Methodological Boundaries

The study does not claim experimental proof of performance or measured business outcomes. Evaluation findings are analytical
and scenario based. Quantitative thresholds presented in the framework should be calibrated by each institution according to use-case
risk, regulatory obligations, model characteristics, and operational service levels. These boundaries are addressed further in Section 10.
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6. Case Study (Enterprise Financial Institution)
This case study demonstrates the application of the proposed Secure Financial-Services LLM Enterprise Architecture (SF-LLM-
EA) in a representative large multinational financial institution. The scenario is illustrative and synthesizes publicly known enterprise
banking practices rather than describing any confidential implementation. The institution operates retail banking, commercial banking,
wealth management, capital markets, and asset management businesses across multiple jurisdictions.

6.1. Representative Institution Profile

The representative institution is modeled as a Tier-1 global financial group serving consumer, commercial, corporate,
institutional, and wealth-management clients across North America, Europe, and Asia-Pacific. Its technology estate includes thousands
of applications, multiple regulated legal entities, hybrid public- and private-cloud platforms, regional data-residency constraints,
centralized and federated identity services, and extensive third-party data and software dependencies. The institution employs a large
population of advisors, analysts, operations specialists, risk professionals, software engineers, and control functions. This scale creates
a realistic environment in which an LLM platform must support heterogeneous use cases without creating fragmented model access,
inconsistent controls, or uncontrolled copies of sensitive data.

6.2. Business Challenges and Risk Context

Key challenges include fragmented knowledge repositories, inconsistent customer service, manual research processes, long
document review cycles, increasing regulatory obligations, and the need to protect sensitive financial information while improving
employee productivity.

6.3. Existing Technology and Data Landscape

Before adoption of SF-LLM-FA, knowledge is distributed across document-management platforms, CRM records, research
repositories, policy libraries, collaboration sites, market-data systems, ticketing tools, data lakes, and legacy shared drives. Authorization
models differ by platform, and document metadata is frequently incomplete or inconsistent. Existing search tools rely heavily on
keywords and may not preserve the business context needed for advisor, research, or compliance workflows. Point solutions have begun
experimenting with commercial LLM APIs, creating concerns about duplicated integration, uncontrolled prompts, provider lock-in,
inconsistent logging, and data being transmitted outside approved trust zones. The target architecture must therefore introduce a shared
control plane while allowing business-specific experiences and knowledge collections.

6.4. Framework Implementation

The institution adopts the proposed six-layer architecture with cross-cutting control domains. Relationship managers and analysts
access a secure Al assistant through existing digital channels. An orchestration service classifies requests, applies policy, retrieves only
authorized documents using entitlement-aware RAG, routes prompts to approved LLMs, validates responses with citations, and records
audit evidence. Enterprise integration connects CRM, document management, market-data platforms, identity services, workflow
systems, and data platforms through governed APIs.

6.5. Phased Deployment and Operating Model

Deployment is organized into four phases. Phase 1 establishes shared identity, model gateway, prompt registry, logging, and a
low-risk internal knowledge assistant using public or non-sensitive content. Phase 2 introduces entitlement-aware RAG for internal
research and operations knowledge, with source citations and feedback capture. Phase 3 adds high-risk drafting use cases, including
client communications and regulatory analysis, subject to four-eyes approval, records retention, and legal or compliance review. Phase
4 permits tightly bounded agentic workflows in which tools can prepare typed commands, but final execution remains with authorized
deterministic services and accountable human users. A federated operating model assigns platform ownership to a central Al engineering
function while business owners, data owners, cybersecurity, model risk, privacy, and compliance retain control over intended use, data
access, approval thresholds, and ongoing monitoring.

6.5.1. End-To-End Advisor Research Scenario

An authenticated wealth advisor requests a briefing for an upcoming client meeting. The channel supplies the advisor's identity,
client relationship, jurisdiction, device posture, and purpose. The orchestration layer classifies the request as moderate risk, applies
prompt and data-loss-prevention rules, and invokes RAG only against repositories the advisor is authorized to access. Retrieved passages
are filtered by client, legal entity, geography, retention status, and effective date. The model gateway selects an approved model based
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on risk, data residency, latency, and cost. The generated briefing includes citations and clearly separates source-grounded facts from
suggested talking points. Output validation checks unsupported claims, restricted information, and policy wording. The advisor reviews
the response; no CRM update or client communication occurs automatically. The full evidence chain—identity, policy decision, retrieval
sources, model and prompt versions, output, user action, and feedback—is retained according to records policy.

6.6. Representative Use Cases
Table 3. Representative Enterprise Al Use Cases with Associated Business Value, Risk Levels, and
Primary Governance Controls

Use Case Business Value Risk Primary Controls

Level
Investment research | Accelerates research  synthesis and | Moderate | RAG, citations, human review
assistant knowledge discovery
Advisor client | Improves relationship management and | Moderate | Entitlement-aware retrieval,
preparation meeting preparation audit logs
Regulatory policy | Speeds compliance analysis High Legal approval, version-
assistant controlled knowledge
Operations  knowledge | Reduces manual search and repetitive work | Low Role-based access, monitoring
assistant
Customer service draft | Improves consistency and productivity High Human approval, content
responses filtering

6.7. Case-Study Acceptance Criteria

The deployment is considered architecturally acceptable only when it demonstrates: (1) no retrieval outside the requester's
entitlements; (2) traceable citations for material factual claims; (3) approved model and prompt versions; (4) safe failure when models,
retrieval services, or policy engines are unavailable; (5) human approval for high-risk outputs; (6) complete audit evidence; (7)
measurable service-level performance; and (8) an incident-response path for prompt attacks, data leakage, harmful output, or provider
failure. These criteria prevent a successful demonstration from being mistaken for production readiness.

6.8. Expected Architectural Benefits and Implementation Lessons

The framework demonstrates improved knowledge accessibility, consistent governance, reusable integration patterns, centralized
model management, stronger auditability, and simplified compliance oversight. It also enables incremental Al adoption by supporting
multiple business domains through a shared enterprise platform. The most important benefit is not unrestricted automation but reuse
of common controls across business units. A central inference gateway reduces provider-specific integration, while the policy and
retrieval layers prevent each application from independently implementing authorization and data handling. The case also reveals key
implementation lessons: knowledge quality and entitlement metadata are prerequisites for useful RAG; model performance must be
evaluated within the complete system; human reviewers require clear provenance and escalation paths; and production monitoring must
connect technical quality to downstream business outcomes. Any quantified benefits would require controlled measurement and are not
asserted by this illustrative case.

7. Framework Evaluation
The framework is evaluated qualitatively using recognized enterprise architecture quality attributes and secure Al deployment
principles. The objective is to assess whether the proposed architecture satisfies the operational and governance requirements of
regulated financial institutions.

7.1. Evaluation Method

The evaluation combines architecture quality analysis, control-coverage analysis, and scenario walkthroughs. Rather than scoring
the framework solely on model accuracy, the analysis examines whether the complete socio-technical system can deliver useful output
while maintaining security, governance, compliance, resilience, and human accountability. Evidence is drawn from the architecture's
explicit components, request flow, risk-tier model, governance lifecycle, and case-study controls.
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7.2. Quality-Attribute Analysis

Quality attributes are interpreted as design claims that must be supported by mechanisms and measurable evidence. Security is
supported by identity context, Zero Trust enforcement, DLP, encryption, prompt defenses, and separation of suggestion from execution.
Scalability is supported by stateless orchestration, model abstraction, horizontally scalable retrieval, and cloud-native deployment.
Interoperability is supported by API contracts, event integration, and typed commands. Maintainability is supported by separation of
concerns and versioned artifacts. Reliability is supported by fallback policies, circuit breaking, queues, safe failure, and observability.
Responsible Al is supported by provenance, refusal behavior, human oversight, and lifecycle governance.

7.3. Security and Threat-Scenario Evaluation

Threat scenarios include direct and indirect prompt injection, unauthorized retrieval, sensitive-data leakage, malicious documents
in the RAG corpus, insecure tool invocation, model or dependency compromise, denial of service, and inappropriate autonomous action.
For each scenario, the framework applies prevention, detection, containment, and recovery controls. For example, indirect prompt
injection is mitigated through content classification, separation of instructions from retrieved data, tool allowlists, constrained execution,
output validation, and human approval. No single control is treated as sufficient; defense in depth is required because LLM behavior
remains probabilistic.

Table 4. Evaluation of Enterprise Al Framework Support across Key Quality Attributes

Quality Attribute | Evaluation Framework Support Assessment
Security Zero Trust, IAM, DLP, encryption, prompt protection | Cross-cutting security layer | Strong
Scalability Cloud-native orchestration and modular services Layered architecture Strong
Governance Model registry, approvals, audit trails Governance lifecycle Strong
Compliance Traceability, records, explainability Compliance controls Strong
Interoperability API-first integration Enterprise Integration Layer | Strong
Maintainability Loose coupling and reusable services Modular layers Strong
Reliability Monitoring, fail-safe routing, resilience Observability layer Strong
Responsible Al Human oversight, citations, policy enforcement Governance + orchestration | Strong

7.3.1. Quantitative Evaluation Plan

A future empirical implementation should report, at minimum, retrieval precision and recall, entitlement-filter accuracy,
groundedness, citation correctness, hallucination rate, prompt-attack success rate, restricted-data leakage, pso and pgs latency,
availability, cost per completed task, human override rate, approval turnaround, incident rate, and task-level productivity or service-
quality outcomes. Metrics should be segmented by risk tier, use case, model, jurisdiction, user role, and document type. Statistical
confidence intervals and baseline comparisons are necessary before claiming improvement.

7.4. Comparative Analysis

Compared with model-centric deployment approaches, the proposed framework explicitly integrates enterprise architecture,
retrieval-augmented generation, security-by-design, governance, operational monitoring, and financial-services compliance into a
unified reference architecture. This improves architectural completeness and makes the framework suitable for enterprise-scale
deployment rather than isolated proof-of-concept implementations.

7.5. Architecture Trade-Offs

The framework introduces deliberate trade-offs. Strong entitlement filtering and output validation increase latency; human
approval limits automation but preserves accountability; multi-model portability adds operational complexity; extensive logging
improves auditability but creates privacy and retention concerns; and highly curated knowledge improves groundedness but requires
sustained data stewardship. These trade-offs should be resolved according to risk tier rather than through one uniform enterprise
configuration.

7.6. Interpretation of Evaluation
The evaluation indicates that separating orchestration, model services, enterprise knowledge, integration, and governance
reduces architectural coupling while improving portability across LLM providers. Embedding policy enforcement and observability

93



‘Saad Khan [2024] Enterprise Architecture Framework for Secure Large Language Model Deployment in

Financial Services

throughout the lifecycle enhances trustworthiness and operational resilience. Although the evaluation is scenario-based rather than
empirical, it demonstrates that the framework addresses the principal architectural concerns reported in enterprise Al literature through
2023.

8. Security, Governance and Regulatory Compliance

8.1. Introduction

The adoption of Large Language Models (LLMs) within financial institutions introduces significant opportunities for intelligent
automation and enterprise decision support. However, unlike conventional Al systems, LLMs interact with highly sensitive enterprise
information through natural language, increasing the risk of unauthorized disclosure, hallucinated responses, prompt injection, model
misuse, and regulatory non-compliance. Financial institutions therefore require an enterprise security architecture that extends beyond
traditional cybersecurity controls by integrating Al governance, identity management, privacy protection, human oversight, and
continuous monitoring throughout the model lifecycle. The proposed Secure Financial-Services LLM Enterprise Architecture (SF-LLM-
EA) embeds security and governance as cross-cutting architectural capabilities applied consistently across every layer of the enterprise
Al ecosystem.

8.2. Identity and Access Management (IAM)

Identity management serves as the first line of defense for enterprise Al systems. Every interaction with the LLM platform must
be authenticated, authorized, and continuously evaluated based on user identity, business role, geographic location, device posture, and
organizational context.

The framework incorporates:

Single Sign-On (SSO)

Multi-Factor Authentication (MFA)
OAuth 2.0/OpenID Connect
Role-Based Access Control (RBAC)
Attribute-Based Access Control (ABAC)
Privileged Access Management (PAM)
Just-in-Time privileged access

VVVVYYVYY

Instead of allowing unrestricted access to enterprise knowledge, the orchestration layer dynamically evaluates user entitlements
before retrieval operations are executed. This prevents unauthorized exposure of confidential client records, research documents, and
regulatory information.

8.3. Zero Trust Security Architecture
Traditional perimeter-based security models are insufficient for Al-enabled enterprise systems. The proposed framework adopts
Zero Trust principles where no user, application, model, or service is inherently trusted.

Core Zero Trust principles include:
Verify every request

Least privilege access
Continuous authentication
Micro-segmentation
Device trust validation
Policy-based authorization
Continuous risk evaluation

VVVVYVVYYVY

Every LLM request undergoes identity verification, policy evaluation, and data classification before any prompt reaches the model.

8.4. Encryption and Data Protection
Enterprise Al systems process highly confidential financial information.
The framework applies encryption across three states:
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8.4.1. Data at Rest
» AFES-256
» Encrypted vector databases
»  Encrypted document repositories

8.4.2. Data in Transit
> TLS13
» Mutual TLS
»  API Gateway encryption

8.4.3. Data in Use

Secure execution environments
Confidential computing
Tokenization

Dynamic masking

>
>
>
>

Personally identifiable information (PII) and sensitive financial data are masked or tokenized before inference whenever appropriate.

8.5. Model Governance
Enterprise deployment of LLMs requires comprehensive governance extending beyond model selection.

The proposed governance framework includes:
Model Registry

Model Version Control

Approval Workflow

Risk Classification

Model Documentation

Performance Benchmarking

Bias Assessment

Explainability Assessment

Model Retirement Policy

VVVVYVYYVYY

Each model receives a documented risk rating before production deployment.

8.6. Prompt Security
Prompt injection represents one of the most significant threats to enterprise LLM systems.

The proposed architecture introduces multiple defensive layers:
Prompt validation

Prompt sanitization

Prompt isolation

System prompt protection

Context window validation

Tool permission restrictions

Output filtering

VVVVYVVYYVY

These controls significantly reduce the risk of prompt manipulation and unauthorized tool execution.

8.7. Data Privacy
Financial institutions must comply with stringent privacy requirements.
The framework supports compliance with:
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GDPR

CCPA

PCIDSS

GLBA

SOX

Regional banking regulations

YVVVVVYY

Privacy controls include:
Purpose limitation
Data minimization
Consent management
Right-to-delete support
Data retention policies
Secure audit trails

YVVVVYY

8.8. Auditability and Explainability
Enterprise Al must produce decisions that are transparent and auditable.

The proposed framework records:
User identity

Prompt version
Retrieved documents
Model version
Generated response
Human approval

Policy decisions
Confidence indicators
Timestamp

VVVYVYVVVYVYVYY

This evidence supports both internal governance and regulatory audits.

8.9. Human Oversight
LLMs are positioned as decision-support systems rather than autonomous decision-makers.

High-risk activities—including investment recommendations, credit decisions, payment execution, regulatory interpretation, and
client communications—require human review before action.

Human oversight reduces automation bias while ensuring accountability for critical business decisions.

8.10. AI Risk Management
The framework aligns Al risk management with the NIST Al Risk Management Framework (Al RMF) and addresses common LLM
threats identified by the OWASP Top 10 for LLM Applications.

Risk categories include:

Prompt injection
Hallucinations

Sensitive data leakage
Excessive agent autonomy
Model denial of service
Supply-chain vulnerabilities
Bias and fairness concerns
Third-party model risks

VVVVYVYY
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Continuous monitoring, periodic testing, red-team exercises, and incident response processes are incorporated to maintain
ongoing operational resilience.

8.11. Regulatory Alignment
The proposed architecture supports compliance with widely adopted standards and guidance, including:

Table 5. Standard Security, Privacy, and Al Governance Frameworks Supporting Secure Al System

Development
Framework Purpose
NIST AI RMF 1.0 Al governance and risk management
NIST SP 800-207 Zero Trust Architecture
NIST SP 800-218 Secure Software Development Framework
OWASP Top 10 for LLM Applications | LLM-specific security risks
ISO/IEC 27001 Information Security Management
ISO/IEC 42001 Artificial Intelligence Management Systems
PCI DSS Payment card data protection
GDPR Data privacy and protection

9. Discussion

The rapid adoption of Large Language Models (LLMs) has fundamentally reshaped enterprise artificial intelligence by enabling
natural language interaction, knowledge synthesis, intelligent automation, and decision support across multiple business domains.
Within the financial services industry, however, the deployment of LLMs extends beyond technical implementation and requires careful
consideration of regulatory compliance, enterprise security, operational resilience, and governance. Unlike many existing studies that
primarily focus on model performance or natural language processing capabilities, this research approaches LLM adoption from an
enterprise architecture perspective, emphasizing the organizational, technological, and governance foundations required for secure
deployment in highly regulated financial environments.

The proposed Secure Financial-Services Large Language Model Enterprise Architecture (SF-LLM-FEA) contributes to the existing
body of knowledge by introducing a comprehensive, layered reference architecture that integrates enterprise Al orchestration, Retrieval-
Augmented Generation (RAG), enterprise integration, governance, security, and continuous monitoring within a single architectural
framework. Rather than treating LLMs as standalone Al services, the framework positions them as enterprise capabilities operating
within established business processes, identity systems, and governance structures. This architectural perspective enables organizations
to systematically incorporate generative Al into existing technology ecosystems while maintaining operational control and regulatory
compliance.

A key contribution of this research is the explicit separation of architectural responsibilities into distinct but interconnected layers.
The Experience Layer provides controlled user interaction through enterprise-approved digital channels, while the Al Orchestration
Layer centralizes prompt management, policy enforcement, workflow execution, and model selection. The LLM Services Layer abstracts
model providers through standardized interfaces, enabling organizations to adopt multiple commercial or open-source models without
introducing vendor lock-in. The Knowledge and Retrieval-Augmented Generation Layer further strengthens response reliability by
grounding model outputs in authoritative enterprise knowledge rather than relying solely on parametric model memory. This separation
of concerns improves architectural modularity, maintainability, scalability, and long-term adaptability as Al technologies continue to
evolve.

Another significant contribution is the integration of security, governance, and compliance as cross-cutting architectural
capabilities rather than isolated technical controls. Financial institutions operate within complex regulatory environments that demand
comprehensive auditability, data privacy, explainability, and risk management. The proposed framework embeds Zero Trust principles,
identity and access management, encryption, prompt security, model governance, continuous monitoring, and human oversight across
every stage of the Al lifecycle. By integrating these controls directly into the enterprise architecture, organizations can reduce operational
risk while improving trust in Al-assisted decision-making.
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The incorporation of Retrieval-Augmented Generation (RAG) represents another important architectural advancement.
Enterprise knowledge is often distributed across document repositories, CRM platforms, policy libraries, market research databases, and
internal collaboration systems. Traditional LLM deployments frequently generate responses based solely on pre-trained knowledge,
increasing the likelihood of outdated or unsupported information. The proposed framework addresses this limitation through
entitlement-aware retrieval, semantic search, document version control, and citation generation. These capabilities improve response
transparency while supporting regulatory requirements for evidence-based decision support and knowledge traceability.

From an enterprise architecture perspective, the framework also promotes technology neutrality. Financial institutions
increasingly adopt hybrid cloud environments while integrating commercial Al services, internally hosted foundation models, and
domain-specific language models. The proposed architecture deliberately abstracts model providers behind standardized orchestration
services, allowing organizations to replace or extend LLM technologies without redesigning enterprise applications. Such flexibility is
particularly valuable as model capabilities, regulatory expectations, and deployment strategies continue to evolve.

The practical implications of this research extend beyond technology implementation. For enterprise architects, the framework
provides a reusable reference architecture that can guide strategic planning, solution design, and enterprise Al modernization initiatives.
By separating orchestration, integration, governance, and knowledge management into modular architectural layers, enterprise
architects can reduce technical complexity while improving long-term maintainability and interoperability across business domains.

For technology leaders, including Chief Information Officers (CIOs), Chief Technology Officers (CTOs), Chief Data Officers
(CDOs), and Chief Information Security Officers (CISOs), the framework offers practical guidance for balancing innovation with
enterprise risk management. Rather than evaluating Al solely through the lens of model performance, the proposed architecture
encourages organizations to assess governance maturity, operational resilience, security controls, regulatory readiness, and business
integration as equally important success factors. This broader perspective supports more sustainable enterprise Al adoption strategies.

The framework also provides meaningful implications for financial institutions pursuing digital transformation. Banks, wealth
management firms, insurance providers, and capital market organizations increasingly seek to enhance employee productivity, improve
customer experiences, accelerate knowledge discovery, and automate repetitive business processes through generative Al. The proposed
architecture demonstrates how these objectives can be achieved while maintaining enterprise-grade security, governance, and
compliance. Furthermore, the layered architecture enables incremental implementation, allowing organizations to introduce low-risk
internal use cases before expanding toward more sophisticated enterprise-wide deployments.

Despite these contributions, several limitations should be acknowledged. First, the proposed framework represents a conceptual
enterprise architecture developed using a Design Science Research methodology rather than an empirical evaluation based on
operational deployment data. Although the representative case study demonstrates architectural feasibility, future research should
validate the framework through multiple real-world implementations across different financial institutions and technology
environments.

Second, the rapid evolution of foundation models, Al agents, multimodal systems, and enterprise Al platforms may require
periodic refinement of architectural components. While the proposed framework is intentionally technology-neutral, future
advancements in model architectures, autonomous Al systems, and regulatory requirements may introduce additional considerations
that extend beyond the scope of this study.

Finally, although the framework integrates recognized enterprise security, governance, and compliance principles,
implementation outcomes will inevitably depend on organizational maturity, data quality, enterprise architecture capabilities, and
institutional governance practices. Consequently, the framework should be viewed as a reference architecture that supports informed
enterprise decision-making rather than a prescriptive implementation methodology.

Overall, this research demonstrates that successful enterprise adoption of Large Language Models requires substantially more
than selecting high-performing foundation models. Sustainable deployment within regulated financial environments depends upon the
integration of enterprise architecture, Al governance, cybersecurity, knowledge management, regulatory compliance, and continuous
operational monitoring into a unified architectural strategy. By providing a comprehensive and technology-neutral reference
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architecture, this study contributes both to academic research and to enterprise practice, offering a practical foundation for secure,
scalable, and responsible deployment of generative Al across modern financial institutions.

10. Threats to Validity
The study's validity is constrained by its design-science and scenario-based character. Construct validity may be affected by the
use of broad concepts such as trustworthiness, groundedness, and governance, which can be measured differently across institutions.
This risk is reduced by defining representative measures and mapping requirements to specific controls and evidence.

10.1. Internal Validity

Because the framework is not evaluated through a controlled production deployment, causal claims regarding productivity, cost,
risk reduction, or customer outcomes cannot be made. The case study demonstrates logical feasibility and control coverage, not measured
effectiveness.

10.2. External Validity

The representative Tier-1 institution reflects common global banking characteristics, but smaller institutions, fintech firms,
insurers, and institutions operating under different regulatory regimes may require simplified or additional components. Multi-
institution validation is needed before generalizing implementation outcomes.

10.3. Conclusion Validity

The qualitative assessment may be influenced by the selected quality attributes and threat scenarios. Future studies should use
independent evaluators, predefined scoring rubrics, quantitative benchmarks, and sensitivity analysis to test whether conclusions remain
stable under different assumptions.

10.4. Temporal Validity

LLM capabilities, attack techniques, vendor offerings, and regulatory expectations evolve quickly. The framework is intentionally
vendor-neutral, but specific controls and benchmark thresholds require periodic reassessment. The literature cutoff and framework
version should therefore be stated whenever the artifact is applied.

11. Conclusion

This research presented the Secure Financial-Services Large Language Model Enterprise Architecture (SF-LLM-FA), a
comprehensive enterprise architecture framework designed to support the secure, scalable, and governed deployment of Large Language
Models (LLMs) within regulated financial institutions. Recognizing that successful enterprise Al adoption extends beyond model
selection, the proposed framework integrates six complementary architectural layers—Experience and Channels, Al Orchestration and
Policy, LLM Services, Knowledge and Retrieval-Augmented Generation (RAG), Enterprise Integration, and Platform and Deployment—
supported by Security, Governance, Compliance, and Observability—into a unified reference architecture that aligns business objectives
with technology, security, and regulatory requirements.

The study contributes to enterprise architecture and financial technology research by providing a vendor-neutral, technology-
agnostic framework that addresses critical challenges associated with enterprise LLM adoption, including identity and access
management, Zero Trust security, data privacy, model governance, prompt security, auditability, regulatory compliance, and responsible
AL Unlike model-centric approaches, the proposed framework positions generative Al as an enterprise capability embedded within
existing business processes, governance structures, and operational controls, thereby enabling organizations to integrate Al solutions
while maintaining resilience, transparency, and accountability.

A representative enterprise financial institution case study demonstrated how the framework can support knowledge
management, investment research, advisor productivity, customer service, and regulatory assistance through secure orchestration,
entitlement-aware RAG, controlled enterprise integration, and human oversight. The qualitative evaluation further indicated that the
framework satisfies key enterprise architecture quality attributes—including security, scalability, interoperability, governance,
maintainability, reliability, and responsible Al—making it suitable as a reusable reference architecture for financial institutions pursuing
enterprise-wide Al modernization.
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12. Future Work
Future directions for secure, governed, and measurable enterprise LLM adoption in financial services.

The proposed Secure Financial-Services Large Language Model Enterprise Architecture (SF-LLM-FA) establishes a foundation for
controlled enterprise adoption of generative artificial intelligence; however, the technology and regulatory environment will continue to
evolve. Future research should therefore extend the framework beyond conversational assistance toward adaptive, multimodal,
distributed, and increasingly autonomous enterprise Al systems. These extensions should preserve the framework's central principles of
least privilege, evidence-based generation, human accountability, policy-driven orchestration, and continuous evaluation. The following
research agenda identifies six priority areas.

F, Multimodal LLMs

Agentic Al Text, documents, tables, charts, Federated Al
voice and image reasoning

Bounded autonomy, multi-agent coordination, Privacy-preserving leaming across
tool authorization and human approval \ entities, regions and jurisdictions

L

SF-LLM-EA
Secure, Governed and
Observable Enterprise Al

Autonomous Compliance Z 3 Adaptive Governance

Regulatory change detection, " Continuous risk assessment,
impact analysis and evidence generation Quantitative Benchmarking model renewal, drift and incident response

|
\

Groundedness, security, latency
cost, falmess and business value

\

Research should treat models, agents, data, tools, controls and human accountability as one socio-technical system.

Figure 4. Future Research Roadmap for Extending SF-LLM-EA.

12.1. Agentic Al and Controlled Multi-Agent Systems

Future work should investigate how the framework can support agentic Al systems that plan, reason, interact with tools, and
coordinate multiple specialized agents. Early agent benchmarks show that autonomous LLM systems remain vulnerable to failures in
long-horizon reasoning, instruction following, and decision-making [1]. In financial institutions, these limitations are especially
important because agents may interact with research repositories, CRM platforms, workflow systems, payment services, or compliance
tools. Research should define bounded autonomy models in which agents receive task-specific identities, least-privilege tool permissions,
execution budgets, transaction limits, and explicit termination conditions. Multi-agent collaboration should be evaluated for role
separation, conflict resolution, shared memory, provenance, and resistance to cascading errors. Human approval should remain
mandatory for client communication, investment recommendations, credit decisions, payments, trades, regulatory interpretation, and
changes to systems of record.

12.2. Multimodal Llms for Financial Documents and Interactions

Multimodal LLMs can combine text with tables, charts, scanned documents, images, audio, and other data modalities [2,3]. This
creates opportunities for integrated analysis of annual reports, investment presentations, account statements, contracts, handwritten
forms, call-center recordings, and market visualizations. Future research should extend the Knowledge and RAG Layer with multimodal
ingestion, modality-specific embeddings, cross-modal retrieval, document-layout understanding, and evidence linking between
generated statements and their original visual or audio sources. Evaluation must address optical and speech-recognition errors,
conflicting evidence across modalities, accessibility, privacy of recorded conversations, and the risk that visually plausible but incorrect
interpretations may be accepted without verification.

12.3. Federated and Privacy-Preserving Enterprise Al
Large financial institutions frequently operate across subsidiaries, legal entities, and jurisdictions that cannot freely centralize
sensitive information. Federated learning and federated instruction tuning offer a potential path for improving models across distributed
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environments while keeping source data local. Prior federated-learning research has demonstrated that decentralized training and secure
aggregation can improve shared models while keeping source data distributed [4]. Future work should investigate federated domain
adaptation, secure aggregation, differential privacy, confidential computing, data-poisoning defenses, cross-border governance, and local
model personalization. The architecture should also distinguish between federated model learning and federated retrieval, because
sharing model updates may reduce raw-data movement but does not automatically resolve legal, privacy, intellectual-property, or model-
inversion risks.

12.4. Autonomous Compliance and Regulatory Intelligence

A significant future direction is the development of compliance agents that continuously monitor regulatory publications, identify
changes, map obligations to policies and systems, generate impact assessments, and assemble audit evidence. These capabilities could
reduce manual monitoring and improve the traceability of regulatory change management. Nevertheless, autonomous compliance
should be treated as assisted interpretation rather than legal authority. Research should establish authoritative source hierarchies,
jurisdiction-aware retrieval, effective-date management, conflict detection, legal-review workflows, and immutable evidence trails.
Benchmarks such as LegalBench illustrate the value of domain-specific evaluation and also demonstrate that legal reasoning comprises
multiple distinct capabilities rather than one generalized accuracy score [5].

12.5. Quantitative Benchmarking and Empirical Validation

The current framework is evaluated primarily through design-science reasoning and representative scenarios. Future studies
should conduct empirical evaluation across multiple financial institutions and use cases. A suitable benchmark should combine model-
level, system-level, security, compliance, and business metrics. HELM demonstrated the importance of multi-metric evaluation across
accuracy, calibration, robustness, fairness, bias, toxicity, and efficiency [6]. FinanceBench further showed that financial question
answering requires evidence-based evaluation and that strong general-purpose models can still perform poorly on realistic financial
documents [7]. Future evaluation should measure retrieval precision and recall, groundedness, citation correctness, hallucination rate,
entitlement-filter accuracy, prompt-attack success, sensitive-data leakage, latency, availability, cost per completed task, human override
rate, workflow completion, and measurable productivity or service-quality improvement. Results should be segmented by risk tier, user
population, jurisdiction, model version, and document type.

12.6. Adaptive Governance and Continuous Assurance

Traditional governance processes rely heavily on periodic reviews, while enterprise LLM systems can change whenever a model,
prompt, tool, policy, retrieval corpus, or provider configuration changes. Future work should therefore develop continuous assurance
mechanisms that automatically detect material changes, trigger targeted regression tests, update risk assessments, and suspend
deployments when controls fall below approved thresholds. The NIST Al Risk Management Framework organizes risk activities around
Govern, Map, Measure, and Manage, providing a useful foundation for such adaptive governance [8]. Future research should translate
these functions into machine-readable control policies, continuous control monitoring, model and prompt attestations, automated
evidence collection, and risk-based renewal workflows. This would enable governance to operate at the speed of Al delivery without
reducing human accountability.

12.7. Prioritized Research Agenda
Table 6. Comparative Analysis of Research Directions, Key Measures, Risks, and Expected Contributions
in AI Governance

Research Core Research Question | Key Measures Primary Risks Expected
Direction Contribution
Agentic Al How much autonomy can | Task success, unsafe- | Excessive agency, tool | Bounded-agent
be granted without | action rate, approval | misuse, cascading error | reference
weakening accountability? | rate architecture
Multimodal How can mixed financial | Cross-modal accuracy, | Misinterpretation, Multimodal =~ RAG
LLMs evidence be retrieved and | citation fidelity, | OCR/audio errors and provenance
verified? privacy controls
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Federated Al Can institutions collaborate | Utility, privacy loss, | Poisoning, inversion, | Federated
without centralizing | communication cost jurisdictional conflict governance and
sensitive data? deployment model

Autonomous Can Al accelerate | Coverage, traceability, | Incorrect Human-governed

compliance regulatory change while | reviewer acceptance interpretation, stale | compliance-agent
preserving legal regulations framework
accountability?

Benchmarking Which metrics predict | Groundedness, Benchmark overfitting, | Financial-services
production leakage, latency, cost, | weak external validity | evaluation suite
trustworthiness and value? | outcomes

Adaptive How can controls | Control coverage, | Silent drift, incomplete | Continuous

governance continuously respond to | detection time, | evidence assurance
model and data change? remediation time architecture

12.8. Summary

Future development of enterprise LLM systems should not be evaluated solely by increases in model capability. The more
consequential research challenge is to determine how advanced capabilities can be introduced while preserving authorization, evidence,
privacy, resilience, regulatory compliance, and accountable human control. Agentic Al, multimodal reasoning, federated learning,
autonomous compliance, quantitative benchmarking, and adaptive governance represent complementary extensions of SF-LLM-EA.
Together, they provide a research pathway from secure conversational assistance toward trustworthy enterprise intelligence capable of
operating across complex financial workflows without converting probabilistic model output into unaccountable institutional action.
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