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Abstract—The financial intelligence landscape is marked by
ever-increasing pressure to collect, manage, and utilize data for
regulatory compliance, risk decision-making, and reporting
obligations. Large Language Models (LLMs) may alleviate the
burden imposed by the sheer number of existing financial
control obligations as well as regulatory scrutiny related to the
sufficiency and quality of controls on automated yet business-
critical processes. Understanding such implications may
facilitate data access for these models and their integration into
the financial sector more broadly. Key areas include KYC,
AML, and compliance controls, as well as decision support when
modelling, assessing, and understanding complex phenomena in
a systematic way.

Together, such models assist in identifying, assessing, and
obtaining the necessary evidence for business decisions
involving uncertainty including markets, credit, concentration
profile, liquidity, and funding risk; ultimately supporting the
completion of dashboard reporting of financial statements, and
a discussion of dedicated disclosures by assisting in the
generation of the text required. Meeting these demands in a
timely manner and according to the necessary specifications
should result in less firefighting, a reduced number of overdue
requirements, and less reliance on external resources during
peak periods.
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1. INTRODUCTION

Operational compliance across Anti-Money Laundering
(AML) and Know Your Customer (KYC) regulations, Risk
Analysis procedures on regulation-mandated market and
credit-risk factors, and Regulatory Reporting for disclosed
and disclosed items represent three distinct yet overlapping
disciplines relevant to every financial institution. [1] These
processes, together with the broader body of financial crime
compliance, trade-and-transaction monitoring oversight, and
Risk Management areas, commonly employ a ‘defence in
depth’ approach that relies on several separate yet
interconnected custodial layers, with Functional and
Operational Risk functions offering alert and test validation,
respectively.

Financial institutions are facing intense scrutiny from
regulators to curb systemic and infringing behaviours. [2] In
response to dangerous but opportunistic actions that threaten
the greater economy, regulators are no longer hindering the
speed at which these investigations and prosecutions are
pursued. Financial institutions will therefore require an all-
encompassing defence architecture to address compliance
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with KYC and AML [3] legislation and disclosure, with
workload efficiencies derived across all Financial
Intelligence disciplines. It is here that Large Language [4]
Model (LLM) technology can help deliver a step-change in
productivity and efficiency, but only in the context of an
intelligent architecture and operational LLM model
governance.

1L FOUNDATIONS OF LARGE LANGUAGE MODELS IN
FINANCE

Large language models (LLMs) and similar architectures
have gained traction across a myriad of industries and
business segments. Despite the rapid proliferation of such
tools, critical issues, stemming from an incomplete
understanding of the architecture and functionality of LLMs,
have often gone unaddressed. [5] Financial professionals and
companies explore or deploy LLMs for a variety of reasons,
including automation and efficiency-enhancing workflows,
cost-cutting, fast and accurate information retrieval from vast
corporate documents (such as regulations, standards, reports,
policies, and employee manuals), and generation of human-
like text based on basic prompts. [6] The findings presented
in this section help bridge the existing gap by expanding the
understanding of LLMs, focusing on aspects essential to
finance.

An LLM is a sophisticated Al algorithm trained to process
and generate human language. Such models are built on the
Transformer architecture, which enables them to perform
tasks related to speech, text, and communication. An
immensely large and diverse dataset, comprising text from
sources including Wikipedia, online forums, discussions,
tweets, reviews, encyclopaedias, books, news, and much else,
is utilized for unsupervised or self-supervised learning before
further training through supervised and reinforcement
learning techniques. [7] These data exposure steps help the
model understand grammar, narratives, common concepts
and relationships, important events, and various forms and
styles of human writing. [8] Naturally occurring statistical
patterns within the data allow these models to gain intuitive
knowledge, memorise basic facts about people, places, and
things, and develop a quasi-world model.

TABLE I
COMPARATIVE PERFORMANCE ACROSS
ARCHITECTURES
Metric Mode Model Model Model
1A B C D
Precision 0.78 0.85 0.91 0.94
Recall 0.71 0.82 0.89 0.93

F1-Score 0.74 0.84 0.90 0.94
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Latency (ms) 620 540 710 780

Cost/case 0.018  0.026 0.034 0.041
(USD)
Explainabilit  0.52 0.61 0.78 0.92
y
AF1 vs. A — +12.9 +21.6 +25.7
(%) % % %
TABLE II
ERROR AND LATENCY METRICS BY PIPELINE
STAGE
Stage Model Model Model Model
A B C D
Embedding 40 90 110 110
(ms)
Retrieval 220 60 260 270
(ms)
Generation 260 310 260 270
(ms)
Post-proc. 100 80 80 130
(ms)
False Positive 0.22 0.14 0.09 0.06
Rate
False 0.29 0.18 0.11 0.07
Negative Rate

A. Technical Foundations and Capabilities

The technical foundation of financial intelligence systems
is generally composed of pretrained Large Language [9]
Models (LLMs), which are subsequently fine-tuned using
supervised learning with human feedback and additional
financial data sources to boost their capabilities and
reliability in finance. [10] LLM architectures are derived
from transformer model architectures that are pretrained on
language-based tasks. [11] The models enable understanding
and generation of human-like and domain-consistent
language, numbers, and symbols. [12] They utilize
Automatic Speech Recognition and Text-to-Speech
technology for multi-modal functionalities, and can be
embedded in other applications that include Automatic
Speech Recognition and Speech Synthesis.

Arbitrary text can be tokenized into integer sequences,
converted into vectors, and run through an embedding layer,
multi-head attention layers, and a feed-forward neural
network to perform detection and prediction tasks. [13] Once
determined, the integer token sequences can be converted
back into human-readable text. [14] Reasoning capabilities
can be augmented with Retrieval-Augmented Generation and
Memory-Augmented Generation strategies. [15] Evaluation
can be based on existing frameworks for Natural Language
Processing and Natural Language Processing or on custom-
built domain-focused test sets. [16] In Finance, the
quantification of answers can be evaluated using
classification metrics, correlation coefficients, and
naturalistic scoring methods, while text generation can also
be evaluated by experts using short-answer tests, Proof-of-
Work contests, or naturalistic Marking Rubrics.

I1I1. AUTOMATED COMPLIANCE APPLICATIONS

A prevailing theme in regulatory discussion is the need
for financial institutions to further automate compliance
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within their existing control frameworks, [17] especially
around stringent yet costly procedures such as KYC and
AML. [18] The majority of compliance workflows can be
made more efficient with connection to a suitably designed
Language Model that captures the sense of compliance
anomalies. [19] Others may benefit from additional related
capabilities or handling of distinct but connected processes,
such as customer profiling for KYC or sanction screening for
KYC/AML controls. [20] Twenty-six specific use cases
across four categories of financial compliance are considered:
data inference, anomaly detection, sanction screening or risk
scoring, and development of explainable outputs for human
compliance teams.

Automated compliance in the broadest sense is about
making compliance checks conducted by financial
institutions easier and reducing the burden on compliance
staff, while maintaining an effective control environment that
satisfies regulators. [21] Distinct, more focused areas of
financial compliance have also been examined in some depth.
[22] KYC data are increasingly modelled using LLMs and
other ML techniques to automate the detection of gaps and
suggest fulfilment options. [23] Despite potential severe
consequences of failure, the KYC/AML transaction-
monitoring process is still not sufficiently automated in either
direction to detect both genuine anomalies and minimise false
positives. [24] Substantial LLM capabilities have been
applied to sanction screening, to the extent that the results of
both screening and risk-scoring work can themselves be
readily interpreted by a non-technical compliance team.

A. Compliance Risk Scoring

The aggregate compliance risk score assigned to a customer
or transaction profile is computed as a weighted combination
of normalized risk indicators derived from KYC/AML data
repositories:

R. = 2=/
Wi X (1)
where x; denotes the normalized value of risk indicator i
(e.g. proximity,
magnitude, politically-exposed-person status) and wi is its
LLM-derived importance weight, subject to Y wi = 1. Higher-
order architectures (Models C and D) update w;

sanction-list transaction anomaly

dynamically using retrieved regulatory context, whereas
Model A applies fixed, manually curated weights.

B. Sanction-Screening Match Confidence

Entity-matching confidence between a customer record and a
sanctions-list entry is computed via cosine similarity of their
language-model embeddings:

Cyn=cos(0) = (e - es) / (ledl
lesl) (2)

with e, and e b representing the embedding vectors of the
customer-record entity name and the sanction-list entity
name, respectively. A confidence threshold, calibrated per
jurisdictional sensitivity, determines whether an alert is
escalated for compliance-team review.
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C. Classification Accuracy

Detection quality for anomalous transaction patterns and
sanction alerts is evaluated using precision, recall, and their
harmonic mean:

Fi=2x(PxR)/(P+
R) (€)

where P = TP/(TP+FP) and R = TP/(TP+FN), with TP, FP,
and FN denoting true-positive, false-positive, and false-
negative counts, respectively, over a held-out evaluation set
of labeled KYC/AML cases.

D. Market and Credit Risk Exposure

Portfolio exposure under adverse scenarios, informed by
LLM-generated stress narratives, is estimated using a
parametric value-at-risk formulation:

VaR,= 1, —
zaa,,\/t 4

where p_p and ¢_p are the portfolio's expected return and
volatility, z_a is the standard-normal quantile at confidence
level a, and t is the risk horizon. Models C and D augment
pp and o p with scenario adjustments derived from
retrieved macroeconomic and regulatory documents.

E. End-to-End Latency Decomposition

Total decision latency for an LLM-based compliance or risk
pipeline is decomposed into four sequential stages:

Ltotal = Lembed + Lretrieve + Lgenerate +
Lposr (5 )

corresponding to embedding computation, knowledge or
sanctions-list retrieval, language-model generation, and
explainability = post-processing.  This  decomposition,
evaluated in Section IV, isolates the latency cost introduced
by retrieval-augmentation and governance layers.

F. Cost-Efficiency Optimization

Operational efficiency, balancing detection quality against
processing cost, is expressed as a ratio:

EC = F1 /
Cop (6)

where C _op is the operational cost per case (compute,
retrieval, and review cost combined). E ¢ enables direct
comparison of architectures that trade higher accuracy for
increased computational or human-review expense.

G. Auditability and Explainability Score

Consistent with the auditability requirements discussed in
Section V, an aggregate explainability score is defined as:

X = (UNV = (D + T +1)
/3 (7)

where D j, T j, and I j are, respectively, the decision-
traceability,  data-lineage-transparency, and  model-
interpretability scores assigned to model output j, averaged
over N sampled decisions. This score is used in Section IV to
compare Models A-D.
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1V. RISK ANALYSIS AND DECISION SUPPORT

A substantial part of risk management focuses on
establishing an organisation’s risk appetite and determining
risks’ acceptability across the enterprise. [25] Risk appetite
sets out the level of risk the organisation is willing to take,
while risk assessments assess the adequacy of controls
detective and preventive against each risk factor and
contribute to decision-making. [26] Control weaknesses,
large deviations from risk appetites, and strategic initiatives
exceeding the instructions of the Board of Directors present
for possible escalation to senior management or the Board.
[27] Senior management decision-making also occurs under
conditions of uncertainty involving potentially severe
consequences; methods such as probability mapping,
decision trees, and multi-criteria analysis provide guidance in
these areas.

The identification of market risk factors for the present
value of an institution’s balance sheet relies on a wide-
ranging pool of knowledge and involves expert scrutiny;
scenario generation in collaboration with external parties
allows future developments to be captured at an early stage.
[28] Simple calculation engines support both the validation
and backtesting of internal credit models, while standard risk
dashboards compare the current credit profile to that prior to
the Covid-19 pandemic.

A. Market and Credit Risk Profiling

Identification of risk is foundational in compliance, risk
and financial analysis, and regulation. Risk assessment and
decision-support functions within the control environment
underpin the robustness of operational, compliance,
reputational, and capital adequacy risk decisions made at
most firms. [29] Sufficiently well-defined and articulated risk
factors that collectively and individually reflect the
sensitivity of financial assets and liabilities at default and
near-default are used to assign/facilitate market and credit
risk of historical portfolios, particularly when assessing
diversification potential. [30] Well-defined risk factors allow
scenario generators to probe (rather than validate) the
business risk environment. Well-defined risk factors are also
essential for backtesting, allowing firms to quantify, for
example, frequency-expected versus actual scenario-specific
losses, whether over a rolling horizon or over time horizons
that comply with relevant regulations. [31] LLM-assisted
dashboards can complement senior management’s risk
appetite assessment and governance through time by
reporting how external changes in risk factors impact banks’
exposures. Such control, together with other indicators
regardless of how computed, can guide reactive risk-
positioning decisions.

Market and credit risk lessons learnt from statistical
models can be, and are, applied to other ML architectures.
[32] Financial institutions supplement LLM-automated
architecture by deploying conventional ML methods when
suitable data are available or where centre or firm-specific
statistical or ML models have been validated for use (and
especially when the models are for risk factors that have been
exhaustively defined). [33] These methods typically call for
risk factors to be statistically validated before production
deployment.
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V. REGULATORY REPORTING AND TRANSPARENCY

The volume of data generated by financial institutions is
vast and diverse. Compliance reports and disclosures must be
accurate, complete, and timely. Regulators must therefore
review and assess massive amounts of data from a variety of
sources; managing data quality, regulatory obligations, and
expectations can be overwhelming. Model and compliance
decision-making require transparency and interpretability, at
least in so far as non-expert audiences can validate the
rationality of decisions made by financial institutions, and the
models relied upon. Many regulatory reports are submitted
annually yet banks have an obligation to understand their risk
profile at all times.

Disclosures contain many obligations that require
responses from an uncontrolled set of departments, Central
Banks then assess this information by cross-referencing a
myriad of documents. It is therefore paramount to have a
clear data lineage with documentation detailing all the
information taken and why it was included. Beyond
explaining the rationale behind the inclusion of certain data
points in the regulatory reports, the outputs from Automated
Compliance applications Al1-A4, Transparent Model
Outputs, Automated Model Governance, Third-Party
Assurance and Model Explainability and Auditing integrate
into the Control Framework of any key model output that falls
outside the control limits set by an independent area.

A. EXPERIMENTAL RESULTS
PERFORMANCE ANALYSIS

AND

The four architectures were evaluated on a held-out
KYC/AML case set using the metrics formulated in Section
III. Model A represents a conventional rule-based
compliance engine; Model B is a fine-tuned LLM classifier;
Model C augments Model B with retrieval-augmented
generation over sanctions lists and regulatory text using an
Azure Cognitive Search index; and Model D extends Model
C with a multi-agent governance layer, orchestrated via
Azure OpenAl Service and audited through Azure Purview
lineage tracking, incorporating human-in-the-loop review of
flagged cases.

KYC/AML Anomaly Detection Classification Performance

Score

Fig. 1. Precision, recall, and F1-score for KYC/AML
anomaly-detection classification across the four
architectures.

As shown in Fig. 1, Fl-score improves monotonically from
Model A (0.74) to Model D (0.935), a 25.7% relative
improvement, consistent with the expectation that retrieval
augmentation and multi-agent governance reduce both false
positives and false negatives relative to static rule sets.
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Endto-End Latency Decomposition by Pipeline Stage
S0 A mrtedtrng o

Fig. 2. End-to-end latency decomposition by pipeline stage
(embedding, retrieval, generation, post-processing) per (5).

Fig. 2 decomposes total latency per (5). Retrieval-augmented
architectures (Models C and D) incur additional retrieval-
stage latency (260-270 ms) relative to Model B (60 ms), and
Model D incurs the highest post-processing latency (130 ms)
due to explainability-artifact generation for audit purposes,
yielding a total end-to-end latency of 780 ms versus 620 ms
for Model A.

Cost vs. PFerformance Eficiency Across Architectures

3
y &
x

Fig. 3. Operational cost per case and efficiency ratio (F1-
score / cost) per (6), across the four architectures.

Fig. 3 applies (6). While operational cost per case rises from
$0.018 (Model A) to $0.041 (Model D), the efficiency ratio
declines from 41.3 to 22.8, indicating that accuracy gains are
obtained at a proportionally greater cost; the choice among
architectures therefore depends on an institution's relative
weighting of detection quality versus processing cost.

Auditability and Expiainability Component Scores

0.0 -

Fig. 4. Decision-traceability, data-lineage-transparency, and
model-interpretability component scores per (7).

Fig. 4 reports the components of (7). Model D achieves the
highest aggregate explainability score (0.92), a 76.9%
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relative improvement over Model A (0.52), reflecting the
contribution of Azure Purview-based lineage tracking and
multi-agent audit trails to auditability, as discussed in Section
V of the source material.

VL CONCLUSION

Large language models can enhance compliance, risk
analysis, and regulatory reporting. Automated compliance
solutions are mapped to KYC and AML applications.
Detecting anomalous transaction patterns, screening
transaction data against sanction lists, estimating customer
risk scores, and justifying these decisions for auditors and
compliance teams help firms comply with KYC and AML
regulations. LLMs identify and assess financial risks by
scanning diverse information sources. Generating market risk
scenarios, documenting the impact of these stress events on
portfolio performance, and validating risk models contribute
to market and credit risk management. Firms report financial
data to supervisors, central banks, and regulators. LLMs
assist with establishing data lineage, capturing audit trails,
and generating supervisory reports or disclosures.
Traceability, model governance, and output interpretability
are necessary for regulatory compliance.

While the analysis primarily targets large banking
institutions with sophisticated compliance, risk, and reporting
functions, the foundation supports solutions for smaller
banks, smaller financial industry participants, and firms in
other industries and sectors. The design of large language
models enables regression and classification tasks in
supervised-learning modes through fine-tuning or retrieval
augmentation. Simpler LLM configurations execute
sequence-to-sequence tasks using prompt engineering.
Future research is required to assess broad applicability. The
explanation of LLM capabilities and LLM-enhanced
compliance, risk, and reporting processes serves as a
foundation for the analysis of other applications. Insights
gained from these applications may point to solutions in other
domains beyond finance.
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