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Abstract- Financial institutions face an increasingly
interconnected set of threats spanning transaction fraud,
money laundering, adversarial manipulation of scoring
models, payment-system exploitation, and network-level
intrusions against the infrastructure that hosts these
services. Point solutions built for a single threat category
leave institutions exposed at the seams between systems,
since a fraud model, an anti-money-laundering (AML)
pipeline, a credit engine, and a network intrusion detector
are rarely designed, evaluated, or governed together. This
paper proposes a Unified Financial Crime Defense
(UFCD) framework that integrates transformer-based
fraud detection with conformal risk control, quantum-
classical graph learning for AML entity resolution, smart-
contract-verified payment security, calibrated and fair
credit risk scoring, adversarial stress testing and certified
robustness, homomorphically secured federated fraud
analytics, and transformer-based intrusion detection into
a single layered architecture with shared governance,
explainability, and audit controls. The framework is
organized into six layers: data and telemetry ingestion,
representation and graph construction, domain-specific
detection models, adversarial and privacy hardening,
decision intelligence and explainability, and institutional
governance. We synthesize findings from the fraud, AML,
credit-risk, and network-security literatures to justify each
layer, present a comparative assessment of detection
paradigms, and discuss deployment challenges around
data heterogeneity, adversarial adaptation, regulatory
alignment, and cross-institutional trust. The paper
contributes a reference architecture that treats
robustness, privacy, and explainability as first-class
design requirements rather than post-hoc additions, and it
outlines validation directions for future empirical work.
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L INTRODUCTION

Digital financial systems now process fraud,
laundering, and credit decisions at a scale and
velocity that manual review cannot match, and
machine learning has become the default control
layer across banking, payments, and capital markets
[18]. This shift has produced deep, largely separate
literatures: deep learning survey work on transaction
fraud [5], graph-based approaches to money
laundering detection [46], federated and privacy-
preserving fraud analytics across institutions [2], and
network intrusion detection for the infrastructure that
underpins financial services [1]. Each of these
threads has matured independently, but real financial-
crime incidents rarely respect these boundaries: a
laundering network may exploit a payment rail whose
fraud model has been adversarially probed, while the
same infrastructure is simultaneously targeted by
network-level  intrusions  against  transaction-
processing endpoints.

Three gaps motivate this paper. First, fraud, AML,
credit-risk, and network-security models are typically
trained, evaluated, and governed in isolation, which
leaves seams that adaptive adversaries can exploit
[37]. Second, robustness and privacy are frequently
treated as optional extensions rather than integral
design requirements, even though adversarial
perturbations measurably degrade discrimination and
calibration in production credit and fraud models [4],
and centralized data pooling across institutions is
often precluded by regulation [48]. Third,
explainability is unevenly distributed across the
pipeline: interpretable outputs are common in credit
scoring but far less consistent in graph-based AML
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and intrusion-detection systems [13]. The central
question addressed here is: how can fraud detection,
AML, credit risk, payment security, and network
intrusion detection be organized as a single,
governable Al architecture without sacrificing the
specialized performance each domain requires?

This paper makes three contributions. It proposes the
Unified Financial Crime Defense (UFCD)
framework, a six-layer architecture spanning data
ingestion through institutional governance. It maps
recent domain-specific systems — including
transformer-based fraud scoring with conformal risk
control, quantum-classical AML graph learning,
smart-contract-secured payments, Bayesian credit

calibration, adversarial stress testing,
homomorphically secured federated training, and
transformer-based intrusion detection — onto the

layers where each contributes the most value. Finally,
it  identifies  governance, robustness, and
interoperability requirements that determine whether
such an integrated system can be deployed
responsibly.

II. BACKGROUND AND RELATED WORK

A. Machine Learning for Transaction Fraud

Classical fraud detection relied on rule-based systems
and shallow classifiers, but comparative studies
consistently find that machine learning approaches
outperform static rules as fraud patterns evolve [16].
Deep learning surveys document a shift toward
hybrid architectures that combine convolutional,
recurrent, and attention-based components with
ensemble classifiers [3], while explainable-Al
additions such as SHAP and LIME are increasingly
used to justify fraud decisions to auditors and
regulators [44]. Bibliometric analysis of this literature
identifies  adversarial = robustness, multimodal
learning, and federated training as the fastest-growing
themes, suggesting that isolated accuracy-only fraud
models are already considered insufficient by the
research community itself [38].

B. Graph Learning for Fraud and Money Laundering
Because fraud and laundering are inherently
relational — shared devices, beneficial ownership
chains, and coordinated transaction bursts — graph
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neural networks (GNNs) have become a dominant
paradigm. Foundational work applied graph
convolutional networks to Bitcoin transaction graphs
for anti-money-laundering forensics [46], and self-
supervised node-embedding methods have since
improved laundering detection without requiring
exhaustive labeled data [20]. Surveys of the field
report that GNN-based detectors consistently
outperform tabular baselines on relational fraud tasks,
particularly when combined with temporal attention
over evolving transaction graphs [36], and quantum
graph neural networks have recently been explored as
a way to represent higher-order entity relationships
more efficiently in AML entity resolution [9]. Case
studies using leaked financial records such as the
FinCEN Files have wused heterogeneous graph
isomorphism networks to recover laundering
typologies that transaction-level models miss [39].
Federated variants of graph learning extend this
relational approach across institutions without
centralizing raw transaction data [32].

C. Credit Risk, Uncertainty, and Fairness

Credit-risk scoring shares much of its methodological
toolkit with fraud detection but carries additional
regulatory  obligations around fairness and
explainability. Antifraud scoring systems built for
banking computer security incident response teams
(CISIRTs) illustrate how gradient-boosted and
calibrated models are already embedded in
institutional response workflows [31]. Conformal
prediction provides a distribution-free way to attach
calibrated uncertainty to individual decisions [37],
building on earlier work establishing the theoretical
guarantees of conformal inference [45]; this matters
directly for credit decisions, where a point score
without a confidence interval understates the model's
actual reliability under distribution shift.

D. Adversarial Robustness and Privacy

Financial ML models are attractive adversarial
targets because a successful evasion translates
directly into monetary gain. Recent work applying
gradient-based attacks to tabular credit-scoring and
fraud models shows measurable degradation in
discrimination and calibration, with direct economic
and governance consequences [4]. Privacy risk
compounds this: membership-inference attacks
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demonstrate that trained models can leak information
about the individual records used to train them [37],
which is a material concern when institutions pool
transaction data for collaborative fraud modeling.
Federated learning addresses the data-centralization
problem by keeping raw data on-premise and
exchanging only model updates [22]; foundational
federated-averaging work [49] has since been
extended with differential privacy and secure
aggregation for credit-card fraud detection
specifically [50], and with defenses against poisoning
attacks in adversarial federated settings [43].

E. Payment Security and Network Intrusion
Detection

Beyond the analytical layer, the infrastructure
carrying financial traffic is itself a target. Synthetic
transaction simulators such as PaySim have been
widely used to benchmark fraud detection under
controlled mobile-money conditions [21], while
GAN-based deepfake and synthetic-identity fraud in
online payments represents an emerging attack vector
that traditional classifiers were not designed to catch
[15]. At the network layer, intrusion detection
research has converged on transformer and
autoencoder architectures capable of generalizing to
previously unseen attack types [12], evaluated against
established benchmark datasets including KDD-
derived sets [41], UNSW-NBI15 [24], Bot-IoT [17],
CICIDS2017 [28], and IoT botnet traffic captured in
N-BaloT [23]. Federated deployment of these
detectors at the network edge reduces reliance on
centralized monitoring while preserving detection
latency [26], and explainable variants make alerts
auditable for security operations teams rather than
opaque black-box flags [13].

Across these five sub-fields, a consistent pattern
emerges: each has independently rediscovered the
need for robustness, privacy, and explainability, but
almost no published work integrates fraud, AML,
credit, payment security, and intrusion detection into
a single governed architecture. The framework below
addresses that integration gap directly.
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I1I. PROPOSED FRAMEWORK: UNIFIED
FINANCIAL CRIME DEFENSE (UFCD)

UFCD is organized into six layers, summarized in
Table 1. The first layer, data and telemetry ingestion,
collects transaction logs, device and session
metadata, KYC/beneficial-ownership records,
network traffic, and payment-gateway events into a
common governed data plane. The second layer,
representation and graph construction, builds
transaction and entity graphs alongside tabular
feature sets, since fraud and AML detection
increasingly depend on relational structure rather
than record-level features alone [19].

The third layer, domain-specific detection, hosts
specialized models mapped to the sub-problems
identified in Section II. A hybrid transformer with
gated token mixing and conformal risk control
provides calibrated, uncertainty-aware fraud scoring
with statistically guaranteed error bounds rather than
a single confidence number [25]. A hybrid quantum-
classical graph learning pipeline performs entity
resolution and evidence-subgraph discovery for AML
transaction screening, extending classical GCN-based
laundering  detection  with  quantum-enhanced
relational representations [26]. A smart-contract-
verified payment layer, informed by decentralized-
identifier (DID) assisted hybrid fraud mining, secures
payment execution itself rather than only the post-hoc
detection of fraudulent payments [27]. A calibrated
credit-intelligence module applies shift-robust, fair
risk scoring using Bayesian uncertainty combined
with gradient boosting, addressing both the
distribution-shift and fairness gaps identified in
Section II-C [28].

The fourth layer, adversarial and privacy hardening,
is applied horizontally across every model in Layer 3
rather than being domain-specific. Adversarial stress
testing and certified robustness checks probe each
detector for evasion vulnerabilities  before
deployment [29], while homomorphically secured
federated aggregation with poisoning-resilient
training allows multiple institutions to jointly
improve fraud and AML models without exposing
raw transaction data or accepting a single point of
trust for model updates [30]. This layer also
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incorporates network-facing protection: a
transformer-based intrusion detector with zero-day
generalization and explainable attribution monitors
the infrastructure hosting the payment and scoring
services themselves, closing the gap between
application-layer fraud defenses and network-layer
security controls [31]. Relational anomaly detection
extends this hardening to graph-structured fraud
signals directly, using self-supervised graph neural
methods with adversarial robustness and explainable
reasoning to catch coordinated attack patterns that

single-transaction models miss [32].

The fifth layer, decision intelligence and
explainability, converts model outputs from all four

preceding layers into ranked alerts, calibrated risk
scores, and human-readable justifications, reconciling
conflicting signals — for example, a transaction
flagged as low-risk by the fraud transformer but high-
risk by the AML graph model — before it reaches a
human analyst. The sixth layer, institutional
governance, implements audit trails, model-risk
management, and regulatory reporting aligned with
recognized risk-management and Al-management
standards [25] and with financial-crime reporting
obligations defined by national and international
authorities [7].

Table 1. UFCD Framework Layers and Representative Components.

Data & Telemetry Collects transaction,
Ingestion KYC, and network data

Payment logs, device/session data, network flow records

Representation & Graph | Builds tabular and Entity graphs, transaction graphs, feature pipelines

Construction relational views

Scores fraud, AML,
credit, and payment risk

Transformer fraud scoring, quantum-classical AML graphs,
credit calibration, smart-contract payment security

Domain-Specific
Detection

Stress-tests and protects
all models

Adversarial testing, certified robustness, homomorphic
federated training, transformer IDS, graph anomaly
detection

Adversarial & Privacy
Hardening

Decision Intelligence & | Reconciles and explains Ranked alerts, calibrated scores, human-readable rationale

Explainability alerts

Institutional Governance | Provides oversight and Audit trails, model-risk controls, regulatory reporting

reporting

Iv. COMPARATIVE DISCUSSION have been shown to outperform tabular baselines on

relational fraud and laundering benchmarks [36], but

Table 2 summarizes the trade-offs among the major
detection paradigms surveyed in Section II,
positioned against the design requirements each
UFCD layer imposes. Tabular gradient-boosted and
transformer models offer the fastest inference and the
most mature explainability tooling, but they treat
transactions independently and therefore miss
coordinated, multi-account laundering activity that
only becomes visible in graph structure [19]. Graph
neural approaches recover this relational signal and
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they are more expensive to train, harder to explain to
non-technical auditors, and more sensitive to graph-
construction choices such as edge definition and
time-window aggregation [46].

Federated approaches solve the cross-institutional
data-sharing problem central to both AML and fraud
detection [2], but they introduce new attack surfaces:
without secure aggregation and poisoning defenses, a
single malicious participant can degrade the shared
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model [43], and membership-inference risk persists
even in federated settings unless differential privacy
or homomorphic protections are layered on top [37].
This is precisely why UFCD treats privacy hardening
as a horizontal layer rather than a per-model
afterthought: a fraud detector that is individually
accurate but trained on a poisoned federated update is
a governance failure, not merely a modeling one.

Conformal and Bayesian uncertainty methods add
relatively little computational overhead while
providing calibrated confidence bounds that
materially improve both credit-decision defensibility

and fraud-alert triage [37], which is why UFCD
places conformal risk control directly inside the
fraud-scoring component rather than as a separate
post-processing step. Finally, extending intrusion
detection into the same governance layer as fraud and
AML models — rather than leaving it with a separate
security team and a separate risk register — directly
addresses the observation from Section I that adaptive
adversaries do not respect organizational boundaries
between application-layer fraud and network-layer
intrusion [1].

Table 2. Comparative Assessment of Detection Paradigms Within UFCD.

Tabular / Transformer
Scoring

Fast inference, mature explainability

Misses multi-account relational
patterns

Graph Neural Networks

Captures relational fraud and AML structure | Higher training cost, harder to audit

Federated Learning
pooling

Enables cross-institution training without data | Vulnerable to poisoning without

hardening

Conformal / Bayesian
Uncertainty

Calibrated, defensible risk scores

Requires careful calibration data

Transformer-Based IDS

Generalizes to zero-day network attacks

Needs continuous retraining against
drift

V. IMPLEMENTATION CHALLENGES AND
LIMITATIONS

Several practical barriers stand between the UFCD
architecture and production deployment. Data
heterogeneity across institutions — differing KYC
formats, transaction schemas, and labeling
conventions — complicates the shared representation
layer, and synthetic benchmarks such as PaySim,
while useful for controlled evaluation, do not fully
capture real institutional data distributions [21].
Regulatory alignment is non-trivial: AML reporting
obligations [7] and evolving Al-specific risk-
management expectations [25] must be satisfied
simultaneously, and the governance layer must be
able to demonstrate, not merely assert, that automated
decisions are traceable to an accountable control.

IRE 1722714

Adversarial adaptation is an ongoing arms race rather
than a one-time hardening exercise; certified
robustness guarantees hold only against the threat
models they were designed for, and attackers
targeting financial ML have both the incentive and
the resources to search for new evasion strategies [4].
Finally, this paper's evaluation is analytical rather
than empirical: the framework was assessed against
completeness, interoperability, privacy-by-design,
and auditability criteria drawn from the reviewed
literature, but end-to-end validation on real, cross-
institutional data — with the access and privacy
constraints that implies — remains future work.

VL CONCLUSION

This paper proposed the Unified Financial Crime
Defense (UFCD) framework as a way to close the
integration gap between transaction fraud detection,
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anti-money-laundering analytics, credit-risk scoring,
payment security, and network intrusion detection.
By treating adversarial robustness, privacy-preserving
federated training, and explainability as horizontal
layers applied across every domain-specific model
rather than isolated features of individual systems,
UFCD reframes financial-crime defense as a
governance and integration problem as much as a
modeling one. The framework maps recent
transformer-based, graph-based, quantum-enhanced,
and federated techniques onto a coherent architecture
and identifies the regulatory, data-heterogeneity, and
adversarial-adaptation challenges that must be
addressed before such integration can be validated
empirically across real institutions. Future work
should prioritize cross-institutional pilot
deployments, standardized relational fraud-and-AML
benchmarks, and longitudinal evaluation of certified
robustness guarantees under live adversarial pressure.
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