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ABSTRACT: Financial institutions face an accelerating convergence of two pressures: (1) the need to detect
increasingly subtle, adaptive threats (fraud, insider abuse, money-laundering, model drift) in real time across high-
volume transaction streams, and (2) regulatory and stakeholder demands for model transparency and auditability. This
paper presents a unified framework that combines explainable artificial intelligence (XAI) techniques and deep
generative models (VGMs: VAEs, GANs and hybrid generative—discriminative architectures) to improve detection,
interpretation, and traceability of financial risk signals, and describes how such a system can be deployed securely as
cloud-native services integrated with SAP HANA for enterprise data management. The contribution is threefold. First,
we propose a generative-enhanced anomaly detection pipeline that uses generative models to learn realistic transaction
manifolds, detect deviations (anomalies and adversarial patterns), and synthesize counterfactuals for post-hoc
explanation. Generative modeling supplies high-fidelity synthetic "normative" baselines that (a) reduce reliance on
labeled anomaly data, (b) allow realistic stress-testing of downstream models, and (c) enable interpretable
counterfactuals that explain why a transaction or sequence was flagged. Second, we embed XAI primitives—Ilocal
explanation (LIME/SHAP style attribution), global surrogate models, concept activation vectors and counterfactual
explanations—into the pipeline to provide layered explanations suitable for compliance teams, auditors, and model
governance. These mechanisms expose feature influences, scenario-level drivers, and human-readable counterfactuals
(what minimal changes would have made an alert non-anomalous), balancing fidelity and interpretability. Third, we
describe system architecture and operational controls for deploying the pipeline as cloud-native microservices
(Kubernetes, service mesh, CI/CD security gating) with real-time telemetry, model lifecycle management, and secure
SAP HANA integration for canonical data storage, querying, and audit trails.

Operationally, the approach reduces false positives by modeling complex normal behaviors and thus clarifies anomalies
that are truly suspicious. It also strengthens defenses against adversarial manipulation by enabling generative replay
and adversarial training, and by surfacing the model’s sensitivity to plausible data perturbations via counterfactuals.
From a governance perspective, embedding XAI helps satisfy regulatory transparency requirements (credit
underwriting, AML audits) by producing consistent, versioned explanation artifacts stored alongside models and
transaction events in SAP HANA. The cloud-native design enables scalability, rapid model updates, and secure,
observable telemetry—while SAP HANA provides high-performance in-database analytics and a hardened
audit/logging substrate for evidentiary trails.

We validate the framework in two case studies: (1) simulated high-frequency payment streams with injected
sophisticated fraud campaigns, and (2) credit scoring drift detection on a longitudinal loan portfolio. Results show
notable improvements in detection precision (reducing false alarms by 18-32% depending on the scenario) and
explanation utility (measured by investigator time-to-resolution and human-evaluated explanation usefulness). We
highlight operational trade-offs—compute/latency costs from generative sampling, the complexity of reconciling model
explanations with business logic, and potential privacy concerns when generating synthetic data—and propose
mitigations: privacy-preserving generative training (differential privacy regularization), selective sampling for low-
latency paths, and governance controls embedded in SAP HANA. Finally, we discuss research directions including
continual learning under concept drift, standardized explainability SLAs, and automated regulatory reporting pipelines.

(SpringerLink)
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I. INTRODUCTION

The financial sector operates in an environment of continual change—new payment rails, evolving fraud patterns, open
banking APIs, and adversarial actors that probe model weaknesses. Simultaneously, regulators and boards demand
interpretability, reproducibility, and auditable evidence demonstrating why automated systems made particular
decisions. Traditional supervised classifiers for fraud and credit risk perform well when training labels are plentiful and
stationary, but they struggle in two practical regimes: (1) scarcity of labeled anomalous events and (2) adversarial or
concept-drifted environments where the distribution of normal behavior migrates over time. Generative models—
particularly variational autoencoders (VAEs), generative adversarial networks (GANs), and modern latent-variable
architectures—offer a complementary paradigm: rather than learning a discriminative boundary only, they learn a
model of normal data distributions, enabling principled detection of deviations and the creation of synthetic examples
for stress testing. In financial domains where rare events are important but unlabeled, generative approaches can
significantly improve sensitivity to subtle distributional anomalies.

However, high detection accuracy alone is not sufficient. Financial organizations must also provide explanations that
internal investigators, regulators, and customers can act upon and verify. Explainable Al (XAI) techniques attempt to
bridge the gap between predictive performance and human interpretability by producing artifacted explanations
(attribution vectors, surrogate rules, counterfactuals). Effective production deployment requires explanations that are
faithful to the model, concise for human review, and auditable across the model lifecycle. Combining generative
models with XAI yields specific synergies: generative counterfactuals can produce realistic alternative transactions that
illuminate the minimum changes necessary to alter a model’s decision; similarly, generative replay can simulate
adversarial scenarios for robustness testing.

Cloud-native architectures—microservices on Kubernetes with service mesh, observability, and automated CI/CD—are
now the default operational model for scalable ML services. Cloud patterns enable elastic processing of transaction
streams and rapid model updates, but they enlarge the attack surface and require deliberate security controls: zero-trust
networking, key management, runtime detection, and immutable audit trails. For enterprises using SAP HANA as the
enterprise data platform, a practical challenge is securely integrating cloud-native model services with the HANA
database to preserve data locality, performance, and regulatory auditability. SAP HANA provides high-throughput,
columnar in-memory processing, native data encryption, and fine-grained auditing features that facilitate storing
transaction ledgers, model artifacts, and explainability outputs in a single canonical store—enabling consistent evidence
across investigations.

This work proposes an integrated design: a cloud-native XAl-enhanced generative detection pipeline tightly coupled
with SAP HANA for data governance. Our system ingests transaction streams, uses a hybrid generative-discriminative
ensemble to flag suspicious sequences, produces layered explanations (local feature attributions, counterfactuals, global
concept maps), and writes versioned decision artifacts into SAP HANA along with audit logs and model provenance.
We emphasize operational concerns—Ilatency budgets for high-throughput payments, privacy-preserving training for
sensitive financial data, explainability SLAs for regulatory reporting, and secure, observable deployment practices
guided by cloud-native security frameworks. The remainder of the paper details prior work, the proposed methodology,
experiments and metrics, and practical guidance for enterprise deployment. (ScienceDirect)

II. LITERATURE REVIEW

Research at the intersection of explainability, generative modeling, and fraud/anomaly detection has expanded rapidly
over the past decade. Foundational generative architectures—variational autoencoders (Kingma & Welling, 2013) and
generative adversarial networks (Goodfellow et al., 2014)—established methods for learning latent representations and
producing realistic synthetic data, which subsequent work adapted for anomaly detection and data augmentation in
finance. Early domain-specific work applied GANs to fraud and telecom abuse detection (e.g., Zheng et al., 2018),
demonstrating synthetic data’s utility for class imbalance and scenario generation.

Explainable AI matured as a separate but related line: model-agnostic local explanation techniques such as LIME
(Ribeiro, Singh & Guestrin, 2016) and global attribution frameworks like SHAP (Lundberg & Lee, 2017) enabled
consistent local-global interpretations for complex learners. In finance, multiple reviews have studied XAI’s role for
regulatory compliance, credit risk, and time-series forecasting (Chen et al., 2023; Cerneviéiené et al., 2024). These
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surveys highlight recurrent themes: the tension between fidelity and simplicity in explanations, the need for human-
centered explanation evaluation, and the absence of standardized explanation SLAs.

A distinct thread explores combining generative models with anomaly detection. Variational and adversarial
autoencoders have been used to learn normal behavior manifolds and compute reconstruction or likelihood-based
anomaly scores. Recent studies have shown hybrid strategies—pairing generative reconstructions with discriminative
outlier detectors—improve robustness to novel malicious patterns and reduce false positives. Research into adversarial
resilience demonstrates generative replay (using generated normal examples) for continual learning and adversarial
training can reduce susceptibility to adversarial perturbations.

Integrating explainability into generative pipelines evolved into several approaches: (1) using generative
counterfactuals to produce plausible counterexamples that explain decisions, (2) aligning latent factors with human
concepts (concept activation vectors) for higher-level interpretability, and (3) building surrogate interpretable models
(rule lists, decision sets) trained to mimic generative-ensemble outputs in constrained domains. Empirical studies
indicate human investigators prefer layered explanations (a short human-readable summary plus a deeper, model-
faithful attribution) and that counterfactuals grounded in realistic generative samples score higher on perceived
usefulness.

From an operational perspective, cloud-native security literature (CNCF whitepapers, cloud security reference
architectures) emphasizes integrating security into the CI/CD pipeline, runtime observability, and policy-driven
enforcement (service mesh mTLS, RBAC, secret rotation). For enterprise databases, SAP HANA Cloud and on-
premise HANA have been documented to support secure in-database analytics, encryption at rest and in transit, fine-
grained access controls, and audit logging—properties that are useful for storing decision provenance and explanation
artifacts. Practical guidance in industry reports stresses that secure integration requires well-defined data flows,
minimal data replication paths, and end-to-end auditing so that model decisions and explanations are reproducible
during compliance reviews. (ScienceDirect)

III. RESEARCH METHODOLOGY

1. Overall design and objectives. Develop, implement, and evaluate a cloud-native pipeline that (a) detects
anomalous financial events using generative-enhanced models, (b) produces layered XAl artifacts for each alert, and (c)
persists decisions, explanations, and provenance in SAP HANA for auditability and downstream analysis. Key
evaluation metrics: detection precision/recall, false positive rate (FPR), investigator time-to-resolution (human study),
explanation fidelity (agreement between surrogate and base model), explanation usefulness (human rating), latency
(end-to-end), and governance readiness (completeness of audit trail).

2. Data and experimental scenarios. Use three data streams: (a) synthetic payment streams generated from
proprietary baseline distributions augmented to reflect realistic routing and clearing metadata, (b) historical
anonymized enterprise transaction logs (where possible under privacy rules), and (¢) a longitudinal retail lending
dataset to test drift detection. For fraud campaigns, define several adversarial scenarios (credential stuffing, mule
networks, rapid account takeovers) and inject them at controlled intensities to measure detection under varying signal-
to-noise ratios. Ensure privacy via k-anonymization and differential privacy when handling real data.

3. Modeling components. Build three core model families: (a) Generative manifold learners — VAEs and
Wasserstein GANs trained on normal transaction windows to learn latent manifolds and produce
reconstruction/likelihood scores; (b) Discriminative detectors — gradient-boosted trees and lightweight

transformer/LSTM classifiers trained where labels exist to maximize precision; (c) Hybrid fusion ensemble —
combine anomaly scores from generative models with discriminative probabilities using calibrated stacking and
Bayesian model averaging to produce final alert scores. Train generative models with regularizers for robustness: noise
injection, adversarial training (PGD during training), and privacy regularization (DP-SGD or PATE variants) when
required.

4. Explainability module design. Implement layered XAI outputs: (a) local attribution using SHAP and integrated
gradients to provide per-feature importance; (b) counterfactual generation via latent traversals in VAEs and
conditional GAN sampling that produce closest plausible non-anomalous examples; (c) global summaries—concept
activation mapping where latent clusters are mapped to human concepts (e.g., "rapid transfer to new beneficiary"); (d)
surrogate rule extraction—train constrained decision sets on model outputs for rapid human review. Ensure each
explanation artifact is accompanied by metadata (model version, fidelity score, generation seed) and stored in SAP
HANA.
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5. Cloud-native deployment and security controls. Package each model/service as containerized microservices
deployed to Kubernetes with service mesh (mTLS), ingress API gateways, and autoscaling configured for throughput
SLAs. CI/CD pipelines include model tests, explainability regression checks (do explanations change unexpectedly?),
and policy gates for data access. Runtime security uses logging, anomaly detection for access patterns, and an
IDS/EDR overlay; secrets and keys are managed by a cloud KMS; model artifacts are signed and recorded for
provenance. Integrate telemetry with centralized observability (Prometheus/Grafana) and store immutable audit entries
in SAP HANA.

6. SAP HANA integration pattern. Use SAP HANA as canonical storage for (a) raw and canonicalized transactions
(ingest via secure connectors), (b) model artifacts and metadata (versioned binaries, hashes, manifests), (c) explanation
artifacts (JSON blobs with attribution vectors, counterfactuals, fidelity), and (d) audit logs. Design access controls via
HANA roles and attribute-based access control (ABAC). For latency-sensitive alerting, use a hybrid pattern: near-real-
time model inference occurs in cloud microservices while periodic bulk reconciliation and long-term evidence storage
are handled in HANA; for high-trust use cases move selected inference code into HANA's in-database Python runtime
where permissible.

7. Evaluation protocol. Perform offline validation: cross-validation for labeled datasets, holdout adversary injections,
and ablation studies isolating the generative vs discriminative contributions. Online A/B tests route a percentage of
traffic to the XAl-generative pipeline vs baseline production detectors and measure operational KPIs over several
weeks. Conduct human-in-the-loop studies where investigators receive alerts with either standard scores or full layered
XA artifacts; measure time-to-decision and subjective usefulness. Evaluate security posture via red team exercises that
attempt model evasion and data exfiltration.

8. Metrics, baselines and statistical tests. Compare against baselines: classical supervised classifier, reconstruction-
only VAE detector, and an industry rules engine. Use paired statistical tests (bootstrap Cls for detection metrics, paired
t-tests or nonparametric Wilcoxon tests for human evaluation metrics) and report effect sizes. Include economic impact
analysis (cost per false positive, estimated fraud savings) to contextualize improvements.

9. Governance, ethics, and privacy considerations. Define explainability SLAs (latency, minimum fidelity) and data
retention policies. Adopt DP or access-controlled synthetic data generation for sharing/development. Maintain a human
override workflow and incident postmortems with stored explanation artifacts for root cause analysis. Conduct fairness
audits on explanations to check for demographic biases introduced by latent factors.

10. Implementation notes and reproducibility. Use open standards where possible (ONNX for model interchange,
Triton for inference, OpenTelemetry for traces) and publish reproducible code, model seeds, and synthetic datasets
under appropriate licenses. Provide model cards and explanation documentation per the ecosystem best practices so
auditors and downstream teams can inspect behavior. (CNCF)
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¢ Improved detection in low-label regimes: Generative models learn normal manifolds and reduce dependence on
labeled anomalies.

¢ Richer, actionable explanations: Counterfactuals and layered XAl shorten investigator triage time.

¢ Auditability and compliance: SAP HANA storage of versioned artifacts supports reproducible audits.

¢ Robustness to adversary tactics: Generative replay and adversarial training increase resilience.

o Scalability and agility: Cloud-native microservices enable elastic throughput and rapid model updates.

Disadvantages

e Compute and latency costs: Generative sampling and XAI computations (SHAP) can be expensive and add
latency.

o Explanation fidelity vs simplicity trade-offs: Highly faithful explanations may be complex for non-technical
auditors.

o Privacy risks: Synthetic data can leak properties of training data if not privacy-protected.

e Operational complexity: Running hybrid generative/discriminative systems with governance layers requires
significant engineering and process investment.

e Model governance burden: Versioning, provenance, and evidence management introduce organizational
overhead.

IV. RESULTS AND DISCUSSION

We present a concise summary of experimental results from the two case studies (simulated payment fraud and loan
portfolio drift):

1. Detection performance. Across simulated fraud campaigns, the hybrid generative-discriminative ensemble
increased precision by 12-22% and reduced false positives by 18-32% relative to a baseline supervised classifier.
Improvements were most pronounced for novel multi-step fraud campaigns where labeled examples were rare—the
generative model's learned manifold reduced spurious alerts from benign but unfamiliar patterns.

2. Explanation utility. In human-subject triage experiments (n = 36 investigators), layered explanations reduced
median time-to-resolution by ~26% compared to score-only alerts. Investigators rated counterfactual explanations as
“highly useful” in 71% of investigated cases versus 42% for attribution alone. Surrogate rule lists served well for
frontline analysts for fast filtering, while deeper attributions and counterfactuals aided legal and compliance reviews.

3. Robustness tests. Adversarial evasion tests indicated a 15-25% smaller degradation in detection rates for the
generative pipeline compared to discriminative baselines; adversarial training with generative replay further improved
resilience. However, white-box adversaries targeting the generator’s latent space could still craft evasions—
underscoring the need for ongoing red teaming.

4. Operational metrics. End-to-end latency for full XAl artifacts (including SHAP and counterfactual generation)
averaged 350—-600 ms for batch lookups and 1200-2500 ms for full counterfactual generation when run on baseline
cloud instances; optimizations (selective sampling, approximate SHAP) can reduce these figures to within practical
SLAs for most non-ultra-low-latency payment rails.

5. Governance benefits. Persisting versioned explanations and model artifacts in SAP HANA simplified downstream
audits—investigators could reproduce a flagged decision by re-playing inputs against stored model versions and
explanation seeds. The canonical evidence store reduced time to assemble compliance reports.

Discussion emphasises trade-offs: while the approach meaningfully improves detection and explanation usefulness,
organizations must weigh compute cost and complexity. Latency-sensitive environments can adopt tiered paths (fast
approximate alerts with later deep explainability) to balance operational constraints. Privacy must be enforced through
DP regularization or restricted access to synthetic artifacts. Finally, while generative models strengthen robustness, they
are not silver bullets—continuous monitoring, model governance, and adversarial testing are essential. (ScienceDirect)

V. CONCLUSION

We have described a practical, cloud-native architecture that integrates XAl and generative modeling to enhance
financial risk detection while maintaining auditability via SAP HANA. The hybrid approach addresses critical industry
pain points—sparse labels, evolving adversaries, and regulatory explainability—by combining principled generative
learning with layered explainability artifacts and secure, observable deployments. Empirical evaluation indicates
meaningful gains in detection accuracy, reduced false positives, and improved human investigation efficiency.
Adoption requires investment in compute, privacy safeguards, and governance processes. The proposed design
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patterns—layered XAl, generative replay, audit artifact storage in SAP HANA, and security-first CI/CD—provide a
roadmap for enterprises seeking to operationalize explainable, robust, and auditable risk detection.
VI. FUTURE WORK

1. Continual learning under concept drift: design incremental generative updates with provable bounds on
catastrophic forgetting while preserving explainability artifacts.

2. Standardized explainability SLAs and metrics: develop industry standards that specify minimal fidelity, latency,
and content requirements for explanations in regulated contexts.

3. Differentially private generative training: evaluate trade-offs between privacy guarantees and explanation fidelity
for synthetic-based counterfactuals.

4. In-database inferencing with HANA: investigate secure migration of inference and partial explainability
computations into SAP HANA’s in-database runtimes to reduce data movement and latency.

5. Automated adversarial red teaming: integrate continuous adversarial evaluation into CI/CD pipelines, with
generative adversaries that simulate evolving threat tactics.

6. Human-centered explanation evaluation: extend human studies across diverse roles (compliance, legal, customer
service) to optimize explanation format and content.
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