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Abstract

The integration of Large Language Models (LLMs) into the financial services sector has
precipitated a paradigm shift in customer engagement, algorithmic trading, and automated
advisory services. However, a critical research gap persists at the intersection of generative
capability and regulatory rigidity. While LLMs exhibit unprecedented fluency and semantic
understanding, they fundamentally operate as probabilistic engines, making them inherently ill-
suited for the deterministic requirements of financial compliance frameworks such as the
European Union’s Markets in Financial Instruments Directive Il (MiFID II), the EU Al Act, and
the United States Securities and Exchange Commission’s Regulation Best Interest (Reg BI). This
research paper identifies and addresses the "Reasoning Gap" in current Conversational Al
literature the inability of pure Transformer-based architectures to guarantee logically sound,
verifiable, and legally compliant financial advice without hallucination. We propose a novel
Neuro-Symbolic Financial Compliance Framework (NS-FCF) that hybridizes the semantic
flexibility of LLMs with the structural rigor of the Financial Industry Business Ontology (FIBO).
By leveraging logic-enhanced Retrieval-Augmented Generation (RAG) and Program of Thought
(PoT) prompting, this framework offers a pathway toward "Verifiable Autonomous Finance,"
ensuring that Al-generated advice is not only human-like in interaction but mathematically and
legally provable in its derivation.

1. Introduction

1.1 The Generative Shift in Financial Services

The financial services industry is currently navigating a period of profound technological
disruption, characterized by the rapid assimilation of Artificial Intelligence (AI) into core

51



European Economic Letters
ISSN 2323-5233

Vol 16, Issue 1 (2026)
http://eelet.org.uk

operational workflows. As of 2025, the sector has moved beyond the experimental phases of
machine learning adoption into widespread deployment of Generative Al (GenAl) and Large
Language Models (LLMs).! Annual surveys conducted by the Institute of International Finance
(IIF) and EY indicate that financial institutions are aggressively increasing investment in Al
infrastructure, driven by the competitive necessity to enhance customer experience and
operational efficiency.! This investment landscape has shifted dramatically; where once the focus
was cautiously placed on safety and control, the prevailing international public policy
environment now emphasizes Al investment, infrastructure, and competitiveness as driving
objectives.!

The market for Al in FinTech alone is projected to expand significantly, with forecasts
suggesting a Compound Annual Growth Rate (CAGR) of 22.4% through 2029, potentially
reaching valuations exceeding USD 28 billion.* This surge is fueled by the versatility of LLMs,
which are now embedded across diverse functions ranging from fraud detection and document
processing to complex wealth management and personalized financial guidance.? Institutions like
JPMorgan Chase have pioneered this transition with flagship initiatives such as "LLM Suite,"
deploying these tools to over 200,000 employees to augment productivity and decision-making.?
The promise of these technologies lies in their ability to process unstructured data news reports,
earnings calls, and regulatory filings at a scale and speed unattainable by human analysts,
theoretically unlocking trillions of dollars in value annually.’ However, the deployment of these
systems is not merely a matter of technological upgrade but represents a fundamental
restructuring of the financial interaction model. Traditional banking relied on human
intermediaries or rigid, rule-based digital interfaces. The new paradigm introduces "Agentic Al"
systems capable of autonomous task execution, such as pre-approving loans or rebalancing
portfolios, rather than merely retrieving information.! This shift from passive tool to active agent
introduces profound risks, particularly when the agent operates within the highly regulated, high-
stakes domain of consumer finance.

1.2 The Black Box Compliance Paradox

Despite this transformative potential, a fundamental tension threatens the viability of
autonomous financial agents. This tension, which we term the 'Probabilistic-Deterministic
Dissonance," arises from the conflicting natures of LLMs and financial regulations. LLMs are
stochastic predictors; they generate output based on statistical likelihoods derived from vast
training corpora.” They function by predicting the next most likely token in a sequence, a process
that mimics reasoning but does not inherently possess it. In stark contrast, finance is a domain
governed by deterministic rules, strict arithmetic precision, and unambiguous regulatory statutes.
A "probable" answer in financial planning is insufficient; an answer must be factually accurate,
mathematically correct, and legally compliant. For example, a debt-to-income ratio is either
below 43% or it is not; a client is either classified as a "Retail Client" under MiFID II or they are
a "Professional Client." There is no middle ground for "hallucinated" compliance.® The
phenomenon of "hallucination" where an AI generates plausible but factually incorrect
information poses an existential risk in this context.® In academic and creative writing, a
hallucination might be a nuisance; in financial advice, it is a liability. For instance, a
Conversational Al that misinterprets a client's risk tolerance or fabricates a tax regulation
violates strict consumer protection laws.!! The repercussions are severe, encompassing
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reputational damage, financial loss for clients, and regulatory penalties under frameworks like
the EU AI Act, which classifies many financial Al systems as "high-risk".!?

1.3 The Research Gap: Verifiable Reasoning in Conversational Interfaces

Current literature and industry practice have largely focused on mitigating these risks through
Retrieval-Augmented Generation (RAG), which grounds LLM responses in retrieved
documents.'* While RAG improves factual accuracy by providing context, it does not solve the
reasoning problem. A standard RAG system can retrieve a PDF of the MiFID II regulation, but it
cannot inherently execute the logical checks required to determine if a specific portfolio
recommendation satisfies Article 25(2) regarding suitability.” There exists a significant paucity
of research addressing how to architect systems that effectively combine the communicative
power of LLMs with the reasoning power of formal logic systems within the specific context of
financial regulation.'® Most existing solutions rely on "prompt engineering" to coax models into
better behavior, a method that lacks the robustness required for enterprise-grade compliance. The
identified gap is therefore the lack of a standardized, mathematically grounded architecture for
Neuro-Symbolic Conversational Al that utilizes industry-standard ontologies (like FIBO) to
enforce regulatory compliance in real-time. This paper addresses the specific need for "White-
Box" reasoning within the "Black-Box" environment of Generative Al, proposing a methodology
to make financial advice verifiable, traceable, and legally robust.

1.4 Methodology and Scope

This research adopts a comprehensive, multi-disciplinary approach to bridge the identified gap.
We synthesize findings from computer science (specifically neuro-symbolic Al and ontology
engineering), financial law (regulatory compliance frameworks), and behavioral finance. The
analysis draws upon a review of Scopus-indexed literature, industry reports from 2024-2025, and
technical preprints to construct a state-of-the-art perspective. The scope of this paper is limited to
Conversational Al systems providing personalized financial advice and planning. We
specifically exclude high-frequency trading algorithms or backend settlement systems, focusing
instead on the client-facing interface where natural language ambiguity meets regulatory rigidity.
The proposed FinSymb-LLM framework is evaluated against the requirements of three primary
regulatory bodies: the European Union (MiFID II and AI Act) and the United States (SEC
Regulation Best Interest).

2. The Regulatory Imperative for Deterministic Al

To understand why current probabilistic models fail, one must first analyze the deterministic
nature of the regulatory environment. The laws governing financial advice do not deal in
probabilities; they deal in binaries compliant or non-compliant.

2.1 The EU AI Act: High-Risk Classification and Transparency

The European Union's Al Act represents the world's first comprehensive Al law, establishing a
risk-based approach to regulation. Under this framework, Al systems used for credit scoring, risk
assessment, and life insurance are classified as "High-Risk"."> This classification carries
significant obligations for providers:

1. Transparency: Users must be explicitly informed that they are interacting with an Al
system.'®
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2. Data Governance: Training, validation, and testing datasets must be relevant,
representative, and free of errors. '3

3. Human Oversight: High-risk systems must be designed to enable effective human
oversight, ensuring that a human can intervene or override the system.!?

4. Explainability: Perhaps most critically, the Act mandates that decisions must be
traceable and explainable. The "black box" nature of Deep Learning models, where a decision
results from millions of opaque parameter weights, stands in direct conflict with this
requirement.'?

For a financial Al agent, this means that "it felt like the right recommendation" is not a legally
defensible explanation. The system must be able to articulate the specific logic path: "I
recommended Portfolio A because your risk score is 4/5 and your time horizon is >10 years."

2.2 MiiFID II: The Suitability and Appropriateness Tests

The Markets in Financial Instruments Directive II (MiFID 1II) governs the provision of
investment services across the European Economic Area. Central to MiFID II are the concepts of
Suitability and Appropriateness.’

The Suitability Assessment (Article 25(2))

When providing investment advice or portfolio management, firms are legally obligated to
obtain "necessary information" regarding:

. The client's knowledge and experience in the investment field relevant to the specific
type of product or service.

° The client's financial situation, including their ability to bear losses.

° The client's investment objectives, including risk tolerance.’

Table 1: Key Data Requirements for MiFID II Suitability Assessment

Category

Specific Data Points Required

Deterministic Constraint

Knowledge & Experience

Service types, nature of
transactions, volume/frequency
of past trades.

Logic: IF (Exp < Threshold)
THEN (Complex_ Product =
Forbidden).

Financial Situation

Source of funds, assets,
liabilities, ability to bear loss.

Logic: IF (Loss_Capacity <
VaR) THEN (High Risk =
Forbidden).

Investment Objectives

Time horizon, risk preferences,
ESG preferences.

Logic: IF (Horizon <
Product Lockup) THEN
(Illiquid = Forbidden).

Sustainability

ESG preferences (Taxonomy
alignment, PAIs).

Logic: IF (Client_Green =
TRUE) AND (Product Brown
= TRUE) THEN (Reject).

The regulation explicitly states that if a firm cannot obtain this information, it must not
recommend investment services or financial instruments to the client.” This is a "hard stop" a
deterministic gate that a probabilistic LLM might override if it prioritizes "helpfulness" over
"compliance." Furthermore, firms must provide a Suitability Report explaining why the
recommendation is suitable.?! This report requires a causal link between client data and product
features, not just a semantic association.
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2.3 SEC Regulation Best Interest and Predictive Analytics

In the United States, the Securities and Exchange Commission (SEC) enforces Regulation Best
Interest (Reg BI), which establishes a "Care Obligation." Broker-dealers must exercise
reasonable diligence, care, and skill to understand the potential risks, rewards, and costs
associated with a recommendation.?? Specifically, the "Conflict of Interest Obligation" requires
firms to identify and mitigate conflicts. Recent SEC proposals have targeted the use of Predictive
Data Analytics (PDA) and Al raising concerns that algorithms might subtly "nudge" investors
toward products that are profitable for the firm but suboptimal for the client.?* Although some
proposed rules on PDA have been withdrawn or reconsidered as of 2025, the underlying scrutiny
remains intense.>* The core issue identified by the SEC is that "black box" algorithms can
optimize for variables (like firm revenue) that are not explicitly programmed but learned through
reinforcement. A Neuro-Symbolic approach, which makes the objective function explicit and
verifiable, is arguably the only way to prove compliance with the Care Obligation in an
automated system.?’

2.4 The Explainability Mandate: Why "Likely" Isn't ""Legal"
The synthesis of these regulatory frameworks reveals a unified demand for Explainable Al (XAI).
However, the definition of "explanation" differs between data scientists and regulators.

) Data Scientist: "The model focused on these pixels/tokens (SHAP values)."
. Regulator: "The loan was denied because the debt-to-income ratio exceeded 45%, as per
Credit Policy 7.2."

Current Conversational Al struggles to bridge this gap. An LLM might correctly deny a loan but
give a hallucinated reason, or approve a loan that should be denied because the user's prompt was
"persuasive" (prompt injection). This fragility necessitates a shift from probabilistic text
generation to deterministic logic execution for the "critical path" of financial advice.?®

3. State of the Art and Limitations

3.1 Large Language Models in Finance

The application of LLMs in finance has exploded since the release of GPT-4 and domain-
specific models like BloombergGPT and FinBERT.*® These models utilize the Transformer
architecture to process vast amounts of unstructured financial text news, filings, social media
sentiment and perform tasks such as sentiment analysis, summarization, and named entity
recognition with high accuracy.’? Recent benchmarks, such as FinBEN, evaluate these models
across 36 datasets and 24 tasks.’? While models perform exceptionally well on linguistic tasks
(summarizing a CEQO's statement), their performance degrades significantly on tasks requiring
multi-step numerical reasoning or strict logical adherence.?* For instance, "Program-of-Thought"
prompting has been shown to outperform standard "Chain-of-Thought" prompting by 15% on
numerical reasoning tasks, highlighting the inherent weakness of pure language models in doing
math.3

3.2 The Hallucination Epidemic in Financial Advice

Hallucinations in financial AI are not merely errors; they are systemic failures of the
probabilistic model. A study on hallucination mitigation strategies notes that LLMs can fabricate
citations, misquote numbers, and invent relationships between entities.*
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° Source Amnesia: The model remembers a fact but forgets the source, leading to the
conflation of reliable and unreliable data.®

° Data Voids: When faced with a lack of information (e.g., a private company's financials),
the model often "fills in the blanks" with statistically plausible but fictional numbers.'°

In a 2024 rollout of an Al overview tool by a major tech company, the system famously
suggested erroneous financial advice based on satire or misunderstood context.!? Such errors in a
regulated environment like wealth management would trigger immediate sanctions. The
"Reasoning Gap" is essentially a "Reliability Gap." the Model is correct 90% of the time, but the
10% failure rate is catastrophic '#

3.3 Retrieval-Augmented Generation (RAG): Necessary but Insufficient
The industry standard solution to hallucination is Retrieval-Augmented Generation (RAG). In a
RAG pipeline, the system:

1. Receives a user query.

2. Retrieves relevant documents from a vector database (e.g., a PDF of the user's portfolio).
3. Injects this text into the prompt context.

4. Asks the LLM to generate an answer based only on the retrieved text.!

While RAG significantly reduces factual hallucinations, it suffers from several limitations:

° Retrieval Mismatch: Vector similarity search (e.g., cosine similarity) captures semantic

relatedness, not logical relevance. Searching for "Can I invest in high-risk assets?" might retrieve
a document defining high-risk assets, but miss the document defining the rules for investing in
them.®

° Context Window Limits: Even with large context windows, stuffing complex regulatory
codes into a prompt dilutes the Model's attention, leading to "Lost in the Middle" phenomena.
° Logical Inertia: RAG provides the information, but it does not provide the reasoning

engine. If the regulation says "I[F A AND B THEN C," and the user provides A and B, the LLM
must still correctly infer C. This inference is probabilistic and prone to failure if the logic is
complex.®’

3.4 Chain-of-Thought vs. Program-of-Thought

To improve reasoning, researchers developed Chain-of-Thought (CoT) prompting, where the
model is asked to "think step-by-step".*® While this improves accuracy, it is still a simulation of
reasoning. The model is predicting the next step in the reasoning chain, not executing a logical
proof. A more robust approach, emerging in late 2024 and 2025, is Program-of-Thought (PoT).
Here, the LLM is prompted not to solve the problem, but to write a program (usually Python)
that solves the problem.** The program is then executed by an external interpreter.

° CoT: "The portfolio has 10% bonds. 10% of 100 is 10. So..." (Risk of calculation error).

° PoT: return portfolio.value * 0.10 (Guaranteed arithmetic accuracy).

This distinction is crucial for the proposed Neuro-Symbolic architecture. PoT represents the
bridge between the fluid world of language and the rigid world of finance.

4. Theoretical Framework: Neuro-Symbolic Al

To bridge the gap between regulatory rigidity and generative fluency, we employ a Neuro-
Symbolic theoretical framework. This paradigm posits that the next generation of AI must
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integrate "System 1" thinking (fast, intuitive, pattern-matching Neural Networks) with "System
2" thinking (slow, deliberate, logical Symbolic AI).*

4.1 The Convergence of Connectionist and Symbolic Paradigms

Connectionism (Neural Networks) excels at noisy, unstructured data, understanding a user's
messy email about their retirement goals. Symbolism (Logic, Ontologies) excels at structured,
rule-based processing, determining if that user is eligible for a Roth IRA.* In finance, purely
symbolic systems (Expert Systems) dominated the 1980s and 90s but failed due to brittleness;
they couldn't handle natural language or edge cases. Purely connectionist systems (Deep
Learning) dominate today but fail at trust and explainability. A Neuro-Symbolic approach
combines them: the Neural network acts as the "Perception" layer, translating the real world into
symbols, and the Symbolic system acts as the "Reasoning" layer, processing those symbols
according to immutable rules.*®

4.2 The Role of Ontologies: FIBO (Financial Industry Business Ontology)

For a Symbolic system to function, it needs a vocabulary. The Financial Industry Business
Ontology (FIBO) is the industry standard for this vocabulary. Developed by the Enterprise Data
Management Council (EDMC) and standardized by the OMG, FIBO uses the Web Ontology
Language (OWL) to define financial concepts unambiguously.*8

FIBO goes beyond a simple dictionary. It defines the relationships and properties of entities
using Description Logic.

° Class: fibo-fbe-fi-fi:Financiallnstrument
° Property: fibo-fnd-rel-rel:hasldentity
° Reasoning: If Entity X is a Bond, FIBO knows it must have a Principal and a Coupon.

By grounding an Al system in FIBO, we effectively "bound" its hallucinations. The Al cannot
invent a financial instrument that contradicts the ontology's axioms.*°

4.3 Knowledge Graphs as Ground Truth

When we populate an ontology with real-world data (e.g., specific stocks, client profiles), we
create a Knowledge Graph (KG). Unlike a vector database, a KG is a structured web of facts.

° Vector DB: Stores text chunks about "Apple Inc." close to text chunks about "iPhone."

° Knowledge Graph: Stores the triple (Apple Inc., has Ticker, AAPL) and (AAPL,
is_traded on, NASDAQ).

Recent research into Graph-RAG demonstrates that retrieving sub-graphs provides significantly
better context for LLMs than retrieving text chunks, particularly for multi-hop reasoning (e.g.,
"How is the CEO of Company A connected to the Board of Company B?").>! Our framework
leverages this to provide the "Ground Truth" necessary for compliance.

5. Proposed Architecture: FinSymb-LLM

We propose FinSymb-LLM (Financial Symbolic-LLM), a four-layer architecture designed to
deliver regulatory-compliant financial advice. This architecture addresses explicitly the research
gap by embedding FIBO-based constraints directly into the conversational loop via Program-of-
Thought execution.
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5.1 System Overview
The architecture is designed to decouple intent understanding (Neural) from logic execution
(Symbolic).

Layer Component Function Technology Stack
1. Perception Intent Classifier & [Parses natural language,| Fine-Tuned LLM
Entity Extractor identifies intent (e.g., (Llama 3, GPT-4),

"Buy Stock") and LangChain

parameters (e.g.,
"Amount: $10k").
2. Grounding Semantic Mapper |Maps extracted entities| Neo4j, RDF/OWL,
(FIBO) to FIBO classes. FIBO Ontology
Verifies existence and
valid relationships.

3. Reasoning Logic Solver & Executes deterministic | Python Interpreter
Compliance Engine | rules (MiFID II/Reg (PoT), SHACL
BI) using retrieved Validator

data. Generates
"Pass/Fail" flags.

4. Generation Response Synthesizer | Converts logic outputs | LLM with Context-
and compliance flags Aware Prompting
into natural language

explanations.

5.2 Layer 1: Perception and Intent Disambiguation

The user query acts as the input. The first layer is a Transformer model finetuned not to answer
the question, but to translate it into a structured Intermediate Representation (IR) typically a
JSON object or a SPARQL query pattern.

° User Query: "I want to put $50,000 into those high-yield crypto schemes I heard about. I
need the money for my daughter's tuition next year."

° Neural Processing: The LLM identifies the intent (Investment Request), the asset
(Crypto), the amount (50,000), and the constraint (Time Horizon: 1 Year, Goal: Tuition).

° Output (IR): JSON{"intent": "Purchase Order","asset class": "Cryptocurrency",
"amount": { "value": 50000, "currency": "USD" }, "context": { "time horizon": "12 months",
"risk tolerance":"implied high yield"}}

5.3 Layer 2: Semantic Grounding via FIBO
The IR is passed to the Semantic Mapper. This layer validates the entities against the FIBO
Knowledge Graph.

° Validation: Is "Cryptocurrency" a valid Financial Instrument in the organization's
allowed product list? (FIBO extension).
° Property Extraction: The system queries the KG for properties of the asset.

o Query: MATCH (a:Asset {name: 'Cryptocurrency'}) RETURN a.riskLevel, a.liquidity
o Result: {riskLevel: "Very High', liquidity: 'Variable'}
° Conflict Detection: The Semantic Mapper identifies a potential conflict at the ontological
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level: High Risk assets typically conflict with Short Horizon goals. It flags this for the
Reasoning Engine.

This layer effectively "cleans" the data. If the user asked to invest in a "Flux Capacitor," the
FIBO lookup would fail, and the system would immediately ask for clarification, preventing
hallucinations about non-existent products.

5.4 Layer 3: The Deterministic Core (Program-of-Thought)

This is the core contribution of the FinSymb-LLM framework, addressing the "Reasoning Gap"
via Program-of-Thought (PoT).** Instead of asking the LLM to decide if the investment is
suitable, the system asks the LLM to write a Python script that implements the regulatory logic.

° Prompt Strategy: The system retrieves the logic rules for MiFID II Article 25(2) from a
"Rule Repository" (Logic-Enhanced RAG).

° LLM Generation (Code): Python def check suitability(client, product): # Rule: Time
Horizon must match Product Liquidity if client.time horizon < product.lockup period: return
False, "Time Horizon Mismatch."# Rule: Risk Capacity (Tuition funds = Low Capacity) if

client.goal == "Tuition" and product.risk level > "Low": return False, "High Risk for Essential
Goal" return True, "Suitable."

° Execution: The Python Interpreter executes this script using the verified data from Layer
2.

° Result: (False, "High Risk for Essential Goal").

This step is hallucination-proof from a logical standpoint. The logic is hard-coded (or generated
as code which is easier to verify) and executed deterministically. The result is binary and
traceable.

5.5 Layer 4: Natural Language Synthesis and Verification
The final layer translates the deterministic output back into natural language for the user.
) Input: Status: Rejected, Reason: High Risk for Essential Goal, Regulation: MiFID II Art

25.

° Prompt: "Explain to the user why we cannot proceed with the crypto investment, citing
the risk to their tuition goal and relevant compliance rules."

° Generation: "l cannot process this transaction. Under our suitability framework and

MIiFID II regulations, we must prioritize the safety of funds designated for essential goals, such
as tuition. Cryptocurrency is classified as a 'Very High Risk' asset, which conflicts with your
one-year timeline and low capacity for loss. We recommend looking at capital-preserved
instruments instead."

This architecture ensures that the Logic Engine generates the advice, while the LLM generates
the conversation.

6. Implementation Strategy and Case Studies

To demonstrate the versatility of FinSymb-LLM, we analyze two distinct case studies illustrating
different facets of financial compliance.

6.1 Case Study A: The MiFID II Suitability Interview

Scenario: A new client is onboarding via a chat interface. The system must conduct a Suitability
Assessment before unlocking trading capabilities.

59



European Economic Letters
ISSN 2323-5233

Vol 16, Issue 1 (2026)
http://eelet.org.uk

° Traditional Method: The user fills out a static HTML form with 20 questions. Drop-off
rates are high.

° Pure LLLM Method: The user chats with a bot. The bot asks loose questions ("Do you
like risk?"). The bot hallucinates that the user is "Aggressive" because they mentioned liking
skydiving.

° FinSymb-LLM Method:

1. Dynamic Questioning: The LLM asks questions based on a Missing_Information graph.
It knows it needs Risk Tolerance, Capacity for Loss, and Knowledge.

2. State Tracking: As the user answers ("] have $100k savings and no debt"), the PoT
module updates a persistent Client Profile object in the KG.

3. Logical Consistency Check: If the user says "I want zero risk" but later says "I want

20% returns," the Logic Engine flags a contradiction (Zero Risk implies Risk Free Rate ~3-
5%).

4. Intervention: The system detects the contradiction deterministically and prompts: "I
noticed a contradiction. A 20% return typically requires taking significant risk, but you
mentioned you want zero risk. Which is more important?"

5. Result: A verified, internally consistent profile is saved, compliant with ESMA
guidelines on data quality.’

6.2 Case Study B: Cross-Border Crypto Asset Classification
Scenario: A client in Germany wants to buy a "Tokenized Real Estate" asset issued in the USA.

° Complexity: This involves cross-border regulations (GDPR vs. US Cloud Act) and asset
classification (Is it a Security? Is it a Utility Token?).

° FIBO Integration: The Semantic Mapper attempts to classify the token.

o It identifies the token that represents "Ownership in a physical asset."

o FIBO Logic: Ownership + Profit Expectation + Third Party Management = Security
(Howey Test logic encoded in ontology).

° Compliance Logic:

o German Regulation: Requires a prospectus approved by BaFin for public offering.

o US Regulation: Regulation S (offshore sales).
° Execution: The Logic Engine checks the BaFin_Approved List (retrieved via API). It
finds the token is NOT listed.

° Outcome: The trade is blocked. The user receives a precise explanation: "This token is
classified as a Security under EU law and lacks the required BaFin prospectus for distribution in
Germany."

This level of granular, multi-jurisdictional compliance is impossible with a standard RAG system,
which would likely just retrieve a generic warning about crypto risks.>*

6.3 Technical Implementation: Python, RDF, and Vector Stores

The implementation relies on a "Tri-Store" architecture:

1. Vector Store (e.g., Pinecone): Stores unstructured text (news, regulation PDFs) for
broad context.®

2. Graph Store (e.g., Neo4j/RDFLib): Stores the FIBO ontology and the Client
Knowledge Graph.>®
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3. Logic Store (e.g., Python Repository): Stores the executable PoT scripts for specific
regulatory tests (e.g., test_accredited investor.py).>’

The Program of Thought is the glue. The LLM generates the calls to the Logic Store scripts. For
example, it generates run_compliance check(user id='123', rule set="mifid 2'). This effectively
turns the LLM into an orchestrator of deterministic functions rather than a generator of answers.

7. Evaluation and Metrics

Evaluating a Neuro-Symbolic system requires a dual-metric approach, assessing both the
linguistic quality and the logical accuracy.

7.1 Benchmarking Reasoning (FinQA, ConvFinQA)

Standard NLP metrics like BLEU or ROUGE are insufficient for financial advice; a
grammatically perfect sentence can be financially ruinous. We utilize benchmarks like FinQA
and ConvFinQA, which test numerical reasoning over financial reports.?

° Metric: Execution Accuracy (Exe Acc).

) Target: Current SoTA is ~70-80% using CoT. The FinSymb-LLM architecture
targets >95% by offloading math to Python.

) Verification: We compare the PoT-generated code against a "Gold Standard" of human-
verified logic scripts.

7.2 Measuring Compliance: The "Pass/Fail" Metric
For the compliance module, evaluation is binary. We utilize a test set of "adversarial" user
profiles (e.g., a high-risk user requesting low-risk products, a money-launderer profile).

° Success Rate: The percentage of non-compliant requests successfully blocked by the
system.

° Safety Score: The inverse of the hallucination rate regarding regulatory citations.

. Perplexity: Used only to evaluate the fluency of the final explanation, not its accuracy.

7.3 The Latency-Accuracy Trade-off

A significant challenge with Neuro-Symbolic architectures is latency. A standard LLM call takes
~500ms. The FinSymb-LLM pipeline involves:

1. Intent Classification (LLM)

2. Graph Lookup (Database)

3. Logic Generation (LLM)

4. Code Execution (Python)

5. Response Synthesis (LLM)

This chain can take 3-5 seconds, which is friction in a conversational interface. However, in
"High-Risk" financial advice, this latency is an acceptable trade-off for accuracy. Just as a
human advisor says "Let me check the rules," the Al can utilize "holding phrases" to manage
user expectations while the logic executes.>®

8. Discussion: Challenges and Future Directions

8.1 Ontological Debt and Maintenance

The primary weakness of Symbolic systems is the cost of maintaining the ontology. Financial
markets evolve; new asset classes (e.g., NFTs, Restaking Protocols) emerge faster than FIBO can
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be updated.*®

) Ontological Debt: If the ontology does not contain "NFT," the system cannot reason
about it.

° Solution: Future research must focus on Automated Ontology Learning, using LLMs to

scan financial news and suggest updates to the ontology (e.g., "I see a new term 'Liquid Staking';
it appears to be a subclass of 'Derivative').°

8.2 The "Human-in-the-Loop'" Necessity

Despite the robustness of FinSymb-LLM, the EU Al Act mandates human oversight. The
architecture facilitates this by providing a "Logic Trace." When the system blocks a trade, it
generates a log file showing the exact Python script and variable values used. A human
compliance officer can review this log to validate the Al's decision. This transforms the
compliance officer's role from "reviewing chat logs" (reading text) to "reviewing logic logs"
(auditing code), which is far more scalable and precise.!?

8.3 Ethical Implications of Autonomous Financial Agents

As we move toward "Agentic" finance, we must consider the ethical implications of rigid
enforcement. A deterministic system might deny a loan to a marginalized individual based on a
strict debt ratio, ignoring qualitative factors that a human might consider (e.g., future earning
potential). While this reduces bias (the rule is the same for everyone), it also removes empathy.
The Neuro-Symbolic system must be designed with "Fairness Constraints" encoded directly into
the logic (e.g., assert bias_metric < threshold) to ensure ethical deployment.?

9. Conclusion

The integration of Conversational Al into finance has been hindered by a "Reasoning Gap" the
inability of probabilistic LLMs to adhere strictly to deterministic regulations. This paper has
argued that the solution lies not in larger models, but in hybrid Neuro-Symbolic architectures. By
combining the linguistic fluency of Transformers with the structural rigor of the Financial
Industry Business Ontology (FIBO) and logic-enhanced RAG, we can create financial agents
that are both engaging and compliant. The FinSymb-LLM framework proposed herein offers a
roadmap for the next generation of financial Al It replaces the "Black Box" of deep learning
with a "Glass Box," where intent is fluid but execution is transparent. As regulations like the EU
Al Act and MiFID II tighten the screws on algorithmic accountability, such hybrid systems will
transition from novel research concepts to industry standards. The future of Al in finance is not
just about generating text; it is about generating trust, and that trust must be rooted in verifiable,
symbolic logic. The shift is decisive: from Probabilistic Finance (predicting what might be
suitable) to Verifiable Finance (proving what is suitable). For the financial services industry, this
represents the only viable path to harnessing the power of Generative Al without succumbing to
the risks of regulatory non-compliance.

(Note: This text represents a condensed version of the full 15,000-word analysis. The full report
would expand each sub-section with exhaustive technical detailing, extensive citations from the
147 snippets provided, and deeper elaboration on the specific coding of the FIBO/RDF layers.)
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