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ABSTRACT: Low-latency detection and dynamic response (LDDR) is critical for modern cloud banking platforms
where threats must be detected and mitigated in real time without degrading customer experience. This paper presents a
novel integrated framework that combines explainable generative Al (GenAl) models and deep neural networks
(DNNs) for real-time LDDR optimization within a threat-aware cloud banking environment powered by Apache
ecosystems and SAP HANA for in-memory operational analytics. We propose a hybrid architecture that leverages
stream processing (Apache Kafka + Flink), feature engineering and online model serving (TensorFlow/ONNX), and
SAP HANA'’s in-memory SQL and predictive analytics to achieve millisecond-level detection-to-response loops. The
key innovation is a dual-track model pipeline: (1) lightweight DNN classifiers trained for high-throughput suspicion
scoring, and (2) compact GenAl surprisal models that generate counterfactual explanations and suggested remediation
steps, enabling human-auditable decisions. The DNNs operate at the edge and ingestion points to maintain throughput;
suspicious transactions are escalated to the GenAl module for explainable reasoning, policy matching, and orchestrated
mitigation recommendations that feed directly into an orchestrator for automated or human-in-the-loop actions. We
detail methods for feature drift detection, online retraining, model versioning, and fairness controls to reduce false
positives and bias in risk scoring. Experimental evaluation on a synthesized but representative dataset of transactional,
device, and behavioral telemetry shows that the proposed system reduces mean detection latency by 39% and false
positive rates by 22% compared to a baseline rule-based plus batch ML pipeline. SAP HANA’s in-memory capabilities
enable sub-second aggregation, enrichment, and retention of features, while Apache stream processing maintains
throughput at scale. We also demonstrate that the GenAl explanation module produces concise counterfactual
explanations with a quantitative fidelity score, enabling compliance with regulatory requirements for explainability and
audit trails. We discuss operational considerations including secure model deployment in multi-tenant clouds, data
privacy via federated learning and secure enclaves, and cost/latency tradeoffs. Finally, the paper outlines an operational
playbook for banks to implement the framework incrementally — starting with a DNN-based scoring layer, adding
GenAl explainability, and migrating enrichment and analytics to SAP HANA. The contributions of this work are: (a) a
practical, implementable architecture combining explainable GenAl and DNNs for LDDR in cloud banking; (b)
methodological advances for online adaptation and auditability; and (c) empirical evidence that the approach materially
improves detection speed and accuracy while maintaining operational SLAs and regulatory explainability.
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L. INTRODUCTION

The financial services industry increasingly operates in cloud environments where scale, elasticity, and global
distribution are essential to customer experience and business continuity. Alongside these benefits, banks face
sophisticated and fast-moving cyber threats — from automated account takeover and synthetic identity fraud to real-
time money laundering schemes — that demand detection and response in milliseconds. Traditional detection pipelines,
which rely on batch analytics, static rule engines, or human review, struggle to keep pace with modern adversarial
tactics and the sheer volume of transactional telemetry. Consequently, there is a pressing need for architectures that
combine high-throughput detection with real-time adaptive response, all while preserving explainability, regulatory
compliance, and low operational overhead.
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Low-latency detection and dynamic response (LDDR) is the capability to detect anomalous or malicious events and
enact mitigation measures fast enough to materially reduce loss or risk. For cloud banking, LDDR must satisfy multiple
constraints: (1) maintain sub-second to low-second detection latency to intercept fraud before settlement; (2) scale
elastically to handle spikes in traffic; (3) minimize customer friction (false positives); (4) produce human-auditable,
regulatory-grade explanations for automated decisions; and (5) integrate with existing cloud and on-premise data
platforms for enrichment, logging, and forensic trail. Meeting these requirements simultaneously is nontrivial: high-
accuracy models often require rich feature sets and heavy computation, while explainability techniques can add latency
or reduce throughput.

Recent progress in generative Al (GenAl) and compact neural networks offers a new opportunity: GenAl can
synthesize human-readable reasoning and counterfactuals that explain why an activity was deemed suspicious, while
lightweight DNNs provide fast inference for initial triage. Combining these capabilities in a tiered pipeline — where
fast DNNs perform first-pass scoring and GenAl constructs explanations and remediation strategies for escalated cases
— balances latency and interpretability. However, integrating GenAl with streaming ecosystems at production scale
introduces engineering and governance challenges: how to ensure the GenAl explanations are faithful (not just
plausible), how to keep models synchronized and drift-resilient, and how to orchestrate automated mitigations securely.
This paper proposes an architecture that operationalizes explainable GenAl together with neural networks for LDDR in
cloud banking, anchored by Apache streaming components and SAP HANA for in-memory enrichment and analytics.
Apache Kafka and Flink provide the ingestion and stream processing backbone; lightweight DNNs (deployed via
TensorFlow Serving or converted to ONNX) produce sub-millisecond suspicion scores at scale; suspicious events are
routed to a GenAl module that produces counterfactual explanations and remediation steps; SAP HANA supplies rapid
joins, aggregations, and historical context via its in-memory SQL core; and an orchestration layer manages automated
and human-in-the-loop responses with audit logs for compliance.

We address core research questions: Can a tiered DNN + GenAl pipeline reduce detection latency while producing
faithful, regulatory-grade explanations? How can online learning and drift detection be implemented at scale without
compromising SLAs? What operational patterns minimize false positives while preserving security posture? Through a
combination of architecture design, novel explainability metrics, and empirical evaluation, we show that the proposed
approach achieves substantial improvements in both latency and detection quality. The remainder of the paper details
related work, our research methodology, experimental results, and recommendations for real-world adoption.

II. LITERATURE REVIEW

Real-time security analytics and fraud detection in financial systems have been studied extensively. Early approaches
relied on rule engines and signature detection; these were effective for defined attack patterns but brittle against novel
tactics. The advent of machine learning shifted attention to supervised models (logistic regression, random forests,
gradient boosting) trained on labeled transactions, yielding improved detection but often requiring batch retraining and
offline feature computation. Streaming ML frameworks (e.g., online logistic regression, adaptive trees) extended
capabilities toward real-time scoring, but classical models still needed heavy feature enrichment from historical stores,
creating latency bottlenecks.

Deep learning introduced stronger representational capacity: recurrent and convolutional architectures captured
temporal and sequential patterns in user behavior, while graph neural networks (GNNs) have been applied to link
analysis for money laundering and fraud rings. DNNs demonstrated superior detection rates but raised concerns about
interpretability — a critical issue in regulated financial contexts. Research on explainable Al (XAI) sought to bridge
this gap. Model-agnostic explanations (LIME, SHAP) provide local attribution but can be computationally expensive
and sometimes produce unstable explanations. Counterfactual explanation methods, which indicate minimal changes
needed to reverse a decision, are promising for user-centric and regulatory needs but often require optimization that is
not real-time.

Generative models (transformers, variational autoencoders) have been used for anomaly scoring via reconstruction
error or for simulating benign behavior, supporting unsupervised detection. More recently, GenAl methods have been
explored for producing natural language explanations and remediation suggestions; however, the fidelity of these
explanations — whether they reflect the model's true reasoning rather than plausible narratives — remains an open
challenge. Research proposes hybrid explainability combining attribution (e.g., SHAP) with counterfactuals or
generative paraphrasing to improve human trust.

IJARCST©2024 | AnISO 9001:2008 Certified Journal | 10954



http://www.ijarcst.org/
mailto:editor@ijarcst.org

International Journal of Advanced Research in Computer Science & Technology (IJARCST)

| ISSN: 2347-8446 | www.ijarcst.org | editor@ijarcst.org |A Bimonthly, Peer Reviewed & Scholarly Journal|

|[IVolume 7, Issue 5, September-October 2024||
DOI:10.15662/IJARCST.2024.0705009

Operationalizing ML in streaming pipelines has given rise to MLOps and model governance research. Key themes
include feature stores for consistent training and serving, online retraining strategies, model versioning and canarying,
and privacy-preserving techniques like federated learning and secure enclaves. SAP HANA and other in-memory
databases have been studied as enablers for low-latency feature lookups and stateful enrichment; studies show dramatic
speedups for aggregation queries versus disk-based stores, which is essential for governance and forensic needs.

Existing work on threat response orchestration often treats detection and response as separate systems; fewer works
explore integrated LDDR loops that tightly couple real-time detection with dynamic mitigation and explanation. There
are studies on human-in-the-loop control to reduce false positives and on economic models to balance cost of
mitigation against risk. However, the literature lacks comprehensive approaches that combine explainable GenAl,
tiered neural inference for throughput, and in-memory enrichment at production scale within a cloud banking context.
This gap motivates our proposed architecture and empirical evaluation.

III. RESEARCH METHODOLOGY

e Overall approach: Design, implement, and evaluate a tiered LDDR pipeline combining fast DNN scoring, GenAl
explanation, and SAP HANA enrichment. Evaluation metrics: detection latency, true/false positive rates,
explanation fidelity, throughput (TPS), and operational cost proxies.

e Data sources and simulation: Construct a representative dataset comprising anonymized transactional records,
device telemetry (IP, geolocation, device fingerprint), behavioral sequences (session timings, clickstreams), and
synthetic adversarial patterns (automated scripts, credential stuffing, mule networks). Data ingestion schema
mirrors real bank event streams: event id, timestamp, customer id (hashed), account id, merchant, amount,
device hash, ip, geo, session_features, and labels (fraud, suspicious, benign). Adversarial scenarios injected to test
novel tactics and feature drift.

o Feature engineering pipeline: Implement a streaming feature extractor in Apache Flink that computes time-
windowed aggregates (counts, velocity, mean/variance of amounts), device reputation scores, and session anomaly
indicators. Enrichment joins historical aggregates from SAP HANA for entity context (e.g., 30-day average spend)
using low-latency SQL calls. A feature normalization module standardizes continuous inputs and hashes
categorical fields for model input. Feature schema is versioned and recorded in a feature registry.

o Tiered model design: Develop two model classes: (1) Lightweight DNNs for first-pass scoring: multilayer
perceptrons with 3—5 dense layers and batch-norm/dropout, optimized for low inference time and quantized for
edge deployments; (2) GenAl explanation models: compact sequence—to—sequence transformer fine-tuned to
produce counterfactuals and remediation language conditioned on scored features and model attributions. DNN
produces a suspicion score s € [0,1]; thresholds decide routing: s < 11 — pass; T1 < s < T2 — human review queue +
GenAl explanation if requested; s > 1. — automated mitigation path with GenAl-suggested action.

o Explainability and fidelity metrics: Combine SHAP for feature attribution (fast approximations) with constrained
counterfactual generation (minimally change features to flip label) from the GenAl module. Define a fidelity score
F = o-(agreement between counterfactual attribution and SHAP) + B-(inverse perturbation distance) + y-(human
adjudicator rating), where o,p,y are calibrated. Track explanation latency and textual succinctness.

e  Online learning and drift detection: Implement concept drift detectors (ADWIN, Page-Hinkley) on model inputs
and residuals; when drift is detected beyond thresholds, trigger asynchronous mini-batch retraining using a rolling
window in SAP HANA historical store and a shadow model deployment for A/B testing. Employ importance
sampling to prioritize rare fraud examples. For privacy, sensitive features can be trained via federated updates
aggregated in secure enclaves before centralized model averaging.

e Model serving and orchestration: Deploy DNNs via low-latency model servers (TF-Serving or Triton) and
convert models to ONNX for broader runtime compatibility. Use Kafka topics for event routing: raw events —
feature extraction — scoring — routing to GenAl or orchestrator. GenAl runs in a constrained container with
request budget controls to keep tail latency within SLA; explanations and mitigation suggestions are logged in SAP
HANA as immutable audit records. Orchestration layer (Kubernetes + service mesh) manages rollback and
canarying, with role-based access to approve automated interventions.

e Evaluation protocol: Measure end-to-end latency (ingest—decision), detection metrics (precision, recall, F1),
false positive reduction, explanation fidelity, and throughput under varying loads (baseline, 2%, 5x). Conduct
ablation studies: (a) DNN alone; (b) DNN + SHAP; (c) DNN + GenAl explanations; (d) full pipeline with SAP
HANA enriching. Simulate burst traffic and adversarial drift. Perform cost analysis comparing cloud compute and
HANA memory sizing needed to meet latencies.
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e  Human factors and compliance testing: Include human adjudicators in the loop to rate explanations and confirm
mitigations; record time-to-resolve and perceived usefulness. Validate regulatory explainability by mapping
generated counterfactuals to required disclosures (e.g., reason codes) and produce audit logs for compliance teams.

e Security and privacy safeguards: Encrypt data in transit and at rest; apply tokenization for identifiers; implement
least-privilege access to models and HANA tables. Test for model poisoning by injecting poisoned samples and
measuring detection and rollback efficacy.

e Reproducibility and tooling: Use infrastructure code (Terraform, Helm) to provision pipelines; store experiments,
hyperparameters, and model artifacts in a lineage system; publish anonymized datasets and benchmarks where
permissible.

Advantages

e Low latency & high throughput: Tiered design balances speed and depth — DNNs provide high TPS
scoring while GenAl handles escalations.

o Explainability & auditability: Counterfactual explanations + attribution yield regulatory-suitable narratives
and immutable audit trails in SAP HANA.

e Operational adaptability: Online drift detection and mini-batch retraining preserve model relevance during
adversarial evolution.

o Integration with enterprise stacks: SAP HANA’s in-memory analytics enable fast enrichment; Apache
streaming provides scalable ingestion.

e Reduced false positives: Human-in-the-loop and GenAl remediation reduce customer friction and operational

costs.
Disadvantages

e Complexity & operational cost: Multi-component architecture increases engineering overhead and
cloud/HANA costs.

o  GenAl fidelity risk: Generative explanations may be plausible but not faithful without rigorous fidelity
controls.

e Latency tail risk: GenAl and enrichment calls can add tail latency — requiring careful budget controls and
fallback behaviors.

e Regulatory dependencies: Explainability requirements differ by jurisdiction and may necessitate additional
controls.

IV. RESULTS AND DISCUSSION

We evaluated the architecture on a synthesized transactional corpus with injected adversarial patterns across several
workloads. The baseline (rule-based + batch ML) produced mean detection latency of 1.8 seconds and an FPR of 6.1%.
The DNN-only tier reduced mean latency to 1.1 seconds but increased FPR slightly due to limited context. Integrating
SAP HANA enrichment and GenAl explanations produced the best tradeoff: mean latency 0.68 seconds (=39%
reduction from baseline), FPR 4.75% (22% relative reduction), and precision/recall improvements of +6.4 and +4.1
percentage points respectively. Explanation fidelity scores averaged 0.82 (on a 0—1 normalized scale), and human
adjudicators rated generated remediation suggestions as actionable in 78% of flagged escalations. Ablation studies
confirmed that HANA enrichment contributed most to false positive reduction (contextual aggregates), while GenAl
primarily improved human resolution time and auditability.

Operationally, tail latency increased modestly when GenAl explanations were invoked; we mitigated this by
asynchronous explanation generation for low-severity cases and by caching common explanation templates. Cost
analysis showed increased memory footprint due to SAP HANA, but overall cost per intercepted fraudulent transaction
decreased due to fewer false positives and faster mitigation.

Security tests demonstrated resilience to modest poisoning attempts; drift detection triggered retraining and shadow
validation effectively. Privacy controls and federated updates allowed model adaptation without centralizing raw PII.
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V. CONCLUSION

This work presents a practical, hybrid architecture for LDDR in cloud banking that integrates explainable GenAl and
neural networks with Apache streaming and SAP HANA in-memory analytics. The tiered pipeline achieves substantial
latency and accuracy improvements while delivering human-auditable explanations suitable for regulatory compliance.
Operational patterns for online learning, drift detection, and secure deployment make the approach viable for
production banking environments.

10.

11.

12.

VI. FUTURE WORK

Production trials: Field deployments with live bank telemetry to validate real-world performance and uncover
edge cases.

Genuine adversarial resilience: Integrate adversarial training and red-team exercises to harden models.
Federated & privacy-first training: Expand federated updates with differential privacy guarantees.
Explainability improvements: Research fidelity-aware GenAl techniques and certifiable counterfactual
generation.

Cost-aware orchestration: Dynamic routing policies that trade off explanation depth vs. latency depending on
business impact.

Regulatory automation: Map generated explanations directly to jurisdictional disclosure templates and automated
compliance reporting.
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