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Abstract 

Smart integration of generative AI with event-driven streaming architectures offers a promising 

avenue for enhancing Financial Crime Compliance. Presenting an approach for Intelligent 

Financial Crime Compliance (IFCC), this paper defines, delineates, and discusses the concept 

before illustrating its application in the context of strengthening detection of money laundering 

(ML) and terrorist financing (TF) activities. Generative techniques for detection, data 

risk/scoring, and anomaly identification provide accurate, explainable, actionable, and adaptive 

insights into potential compliance breaches. Evaluation frameworks tailored to the streaming 

regimes of compliance workflows address the urgency and operational nuances associated with 

real-time AML/CFT surveillance. 

Fed by diverse continuous data feeds and often governing timely responses to regulatory 

penalties, Financial Crime Compliance (FCC) processes traditionally viewed through a 

descriptive lens comprise a rich target for AI-enabled automation within a data-driven paradigm. 

Gaps in rule-based detection technologies—designed in hindsight for known patterns of illicit 

behavior or anomalies and lacking continual risk calibration—emphasize the need for a data-

centric streaming architecture. The intensifying real-time nature of ML and counter-terrorism 

financing activities further motivates broad streaming detection. At the same time, the 

availability of such vast data resources in near real-time offers potential to improve compliance 

decision-making, including for risk scoring, alert generation, and near real-time data lineage. 

Keywords: Financial Compliance, Crime Detection, Generative AI, Streaming Data, Event 

Driven, AML Systems, CFT Systems, Risk Scoring, Anomaly Detection, Real Time, Data 

Pipelines, Data Lineage, Alert Systems, Regulatory Compliance, Data Centric, Detection 

Models, Workflow Automation, Decision Making, Transaction Monitoring, Financial Analytics. 
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Financial crime remains a persistent threat to institutions and society alike. Despite 

substantial resources devoted to detection and mitigation, the rise of data-driven crime and more 

sophisticated criminals means that traditional detection methods have often failed at a cost of 

billions. Demand for detection experts currently outstrips supply, placing yet more pressure on 

long-established systems based on a patchwork of rules and heuristics. Regulatory bodies such as 

the Financial Action Task Force have also ramped up pressure on organizations to ensure 

effective crime fighting without introducing needless friction into legitimate commerce. Coupled 

with uneven particle concentration over time, this regulation demands a shift in how monitoring 

is accomplished. Financial institutions require a new normal that goes beyond simply reducing 

the number of false positives. 

One potential path towards that normal lies within a streaming, generative AI-powered 

compliance environment that combines specialist capabilities with generalist awareness to 

dynamically adapt to evolving risks in a timely manner. Generative machine learning models 

have begun to show considerable promise in learning how to detect individual types of crime, but 

their role is often device-specific. Recent work has outlined how these models can also be 

integrated into a financial crime detection function by producing auxiliary outputs—information 

that is not directly helpful for detection but aids subsequent investigators—and providing some 

level of explanation for detected anomalies. That discussion focused on adapting static models 

within the surveillance plane of an event-driven streaming architecture. While it is an important 

contribution, it is only one piece of the puzzle. What remains is to achieve a complete integration 

of generative models with an event-driven, streaming, financial crime compliance environment 

built on data and available resources. 

2. Background and Motivation 

Maintaining a secure financial system is imperative to governments and financial 

authorities around the world. Increasingly stringent Financial Action Task Force 

recommendations have expanded the obligations of financial institutions, and meeting these 

requirements is a must-have cost rather than a competitive differentiator. Financial institutions 

must monitor transactions between customers and counterparties of different jurisdictions and 

risk categories, so automation is paramount. However, the traditional rule-based systems suffer 

from their inability to adapt seamlessly to new threats. Supervisory support is limited, and when 

these systems are data-driven, the still static business rules require specialist knowledge to tune. 
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Financial institutions are under data volume pressure, and most transaction filters flag 

only a small percentage of transactions as suspicious. A separate layer of investigation is 

triggered to assess these alerts, and as a consequence of manual processing, many are closed 

without adjustment or remedial action. Artificial intelligence has a long and successful history in 

predictive tasks. Generative AI has recently sparked a revolution and found application in 

presenting models and discovered knowledge in a natural language format. Combined, streaming 

generative AI appears capable of detecting anomalies, automatically scoring alerts, and 

augmenting explanatory models. For these reasons, the aim is to discover how this integrated 

approach can improve the capture of financial crime through the use of detection, risk scoring, 

and anomaly generation.” 

2.1. Rationale and Key Objectives 

The deficit of data-driven approaches to financial crime compliance—despite regulatory 

signals favoring them—demands solutions across conceptualization, design, and implementation 

stages. Many action areas remain either dormant or undeveloped despite growing volumes of 

financial surveillance data. Regulatory compliance embodies such an underexplored space. 

Systems for anti-money laundering (AML) or combatting terrorist-financing outputs deliver far 

more alerts than necessary yet remain expensive and ineffective for many organizations. 

Progress in detection quality and scalability—two largely separate goals—would 

materially improve financial crime compliance; new investments in these areas should consider 

generative AI and event-driven streaming architectures for explanatory purposes or for low-

latency overhead. Generative AI is gaining ground in many domains, including financial crime 

detection, yet these applications remain narrow. Financial crime surveillance systems are often 

viewed through a rule-based lens in which sudden detection failures give minimal preparation 

time. But broad problem statements admit the introduction of recently invented explanatory 

techniques. 
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Fig 1: Bridging the Compliance Gap: Leveraging Generative AI and Event-Driven 

Streaming for Scalable, Interpretive Financial Crime Detection 
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3. Methodology 

The proposed study integrates generative AI and event-driven streaming architectures for 

financial crime compliance. Detection, risk scoring, and anomaly identification are treated as 

open problems with bounded solutions tested against KPI-based validation sets. The goal is to 

leverage AI techniques, combined with transparent ML governance methods, to control for 

distributional shifts and latent feature dynamics in adaptive pathways. Advanced methods and 

model frameworks capable of streaming detection and generating interpretable alerts are in 

focus. Issues surrounding data provenance, bias control, scaling, and quality assurance are also 

given due consideration. 

Generative AI applications for financial crime detection and compliance are becoming 

increasingly popular, building on the growing availability of large-scale, high-dimensional 

surveillance datasets. These efforts have however primarily focused on descriptive and predictive 

capabilities, with little consideration of prescriptive insights that enable operational pivoting, 

anomaly remediation, and risk mitigation. A classification of the AI pipeline across the stages of 

modeling, risk scoring, and MLP-intensive alerting phase identifies multiple task, data, and 

generalization trade-offs, and encourages the development of dedicated systems for each 

category. Techniques drawn from diffusion models, hybrid autoregressive structures, and 

retrieval-augmented generation are deemed best suited for generating declarative detection 

insights, while explanatory highlighting of inputs, internal mechanisms, and output distributions 

are crucial for proper teleological understanding and adoption. 

3.1. Advanced Techniques and Model Frameworks 

Within the context of compliance, use cases are primarily concerned with the detection of 

suspicious activities and persons, risk scoring of accounts, and anomaly identification. 

Generative models assist in the preparation of training data, while generative tasks complement 

training and detection of discriminative models used in the aforementioned detection tasks. 

Shaping the data for model consumption and translating model outputs into compliance actions 

are auxiliary but necessary generative tasks. Given the specialization of both generative and 

discriminative models, the former are utilized for training and auxiliary generative tasks 

supporting the main discriminative detection models that consume the data in an online or near-

real-time fashion. 
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Generative AI systems can produce multimodal outputs, automatically shape data for 

other systems, and complement the detection pipeline by supplying auxiliary information without 

additional temporal latency. Anomaly generation creates realistic yet counterfeit instances of 

detected anomalies that can serve as training data for downstream alerts. Diffusion models 

applied to tabular data with interdependent features offer a promising generative approach for 

anomaly generation. In contrast, retrieval-augmented generative models, such as LangChain 

using FAISS, can either discriminate or generate model types depending on how they are rooted. 

These models advantageously support diverse use cases. 

4. Objective of the Study 

A formal statement of the objective helps align the formulation of research questions and 

hypotheses with the investigation’s likely contributions to practice and theory. The goal is to 

aggregate the various investigations into generative AI for financial crime detection and integrate 

those techniques into an event-driven streaming architecture suitable for low-latency decision-

making. The anticipated contributions address performance, transparency, data quality, and 

regulatory concerns. 

The synthesis covers event-driven streaming architectures that satisfy functional, non-

functional, and implementation requirements in financial crime compliance. The examination 

catalogues decision-making use cases, including anomaly definition, risk scoring, simulation, 

and explainable detection alerts. For detection, the generative modelling literature is surveyed, 

leading to a catalogue of advanced techniques and model frameworks suitable for streaming 

detection and generation of actionable insights. 

Compliance with Anti-Money Laundering and Counter-Terrorist Financing laws and 

regulations is necessary for financial institutions worldwide. Data privacy and security are 

paramount in such missions, along with the ability to perform Know Your Customer monitoring, 

especially in cross-border transactions. Regulatory scrutiny on financial-market infrastructures, 

such as exchanges and cyber-risk, is increasing as the incidence of sanction evasion and terrorist 

financing grows with geopolitical instability. A streaming AI-driven architecture for managing 

financial-crime compliance is therefore timely. It addresses the volume, velocity, veracity, and 

variety of modern financial services using data from multiple distributed, heterogeneous, and 

possibly untrusted sources. 
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Equation 1: Streaming event representation 

Let the stream of events be 

ℰ = {𝑒1, 𝑒2, 𝑒3, … , 𝑒𝑡, … } 

Each event is converted into a feature vector: 

𝑥𝑡 = [𝐴𝑡 , 𝑉𝑡, 𝐾𝑡, 𝐺𝑡, 𝑆𝑡, 𝑁𝑡]
⊤ 

where: 

 𝐴𝑡 = amount-related feature 

 𝑉𝑡 = velocity/frequency feature 

 𝐾𝑡 = KYC/customer risk 

 𝐺𝑡 = jurisdiction/geographic risk 

 𝑆𝑡 = sanctions/watchlist feature 
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 𝑁𝑡 = network anomaly/behavior feature 

4.1. Research Objectives and Expected Outcomes 

Four specific objectives support the integration of event-driven streaming architectures 

with generative AI for financial crime compliance. Detection and risk-scoring systems should 

achieve state-of-the-art performance, providing decision support for further investigation. These 

systems must also operate with low latency, making predictions available as soon as the required 

data is ingested. Transparency is vital to gaining stakeholder trust and fulfilling regulatory 

requirements; models should therefore be interpretable by humans or other systems. Finally, 

detection and risk-scoring capabilities must deliver prescriptive insights that support action and 

fulfill regulatory obligations without additional effort. 

A related spectrum of generative AI applications must also be developed. Data quality in 

financial crime surveillance depends on governance and labeling provided by domain experts; 

the associated metric used to evaluate such assessment activity is user effort. Generative models 

can be deployed to automatically sample noise in the data and identify outliers for expert review, 

thus accelerating validation of empirical feature-value distributions. Model-generated scenarios 

can simulate unusual combinations of feature values to support testing of the decision support 

systems and help organizations evaluate compliance with the risk-based approach required by the 

FATF framework. 

5. Research Summary 

Research efforts in intelligent compliance activities increasingly draw on adaptive 

streaming architectures and advanced machine-learning models. Yet the practical integration of 

both to address pressing regulatory challenges remains scarce. Pressure from regulators 

worldwide is mounting for financial institutions to strengthen financial crime detection and 

prevention controls. Traditional rule-based systems, which utilize manually crafted heuristics, 

struggle to keep pace with the tactics of criminals. An adaptive approach using data-driven 

models offers the ability to learn continuously from past events and, in some instances, also goes 

beyond the implicit assumptions in the training data to recognize new patterns. 

A precise measure of the relationship between variables of interest, the staleness of the 

underlying data, and the feasibility of establishing new labels determines the applicability of 



 
 

9 | P a g e  
 

data-driven methods. A wealth of data in near real-time is generated in these areas, at reasonable 

cost, suitable for supervised learning, and with the growing demand for synthetic data regulation, 

supportive of unsupervised or self-supervised training. Generative AI techniques indeed adapt 

these architectures for many applications and have begun to gain traction in compliance 

operations. 

5.1. Overview of Generative AI Applications in Financial Crime Detection 

Generative AI has gained traction within financial crime compliance, especially in anti-

money laundering (AML) and combatting the financing of terrorism (CFT) domains. The vast 

volume of transactions—the advent of new transaction types via decentralised finance (DeFi) 

and cryptocurrencies—and increased anonymity of illicit actors present significant challenges for 

compliance teams. Consequently, there is a growing need for data-driven analytics that leverage 

delivery and response timeframes approximating the transaction lifecycle. Recent work has 

illustrated generative AI’s potential to create realistic user behavior, detect potential money 

laundering in the Bitcoin ecosystem, and ascertain motives in usage pattern anomalies. Yet, there 

is little discussion of these applications within the broader context of existing detection 

techniques. 

Generative AI encompasses numerous families of models, including diffusion models 

that capture distributional characteristics and thereby generate samples from unknown densities. 

The next class comprises autoregressive models capable of generating any distribution after 

training on sufficient samples. A final family integrates generative and discriminative 

techniques, such as retrieval-augmented generation where queries to an external knowledge base 

inform response formulation. Together these classes are suited to all types of data. Within 

compliance, they predominately support the detection of previously unseen event types through 

anomaly, novelty, or outlier identification. The formalisation of the three generative families, 

together with a discussion of data considerations, follow. 

6. Generative AI for Financial Crime Detection 

Generative AI techniques and models—encompassing diffusion, autoregressive, and 

retrieval-augmented approaches—offer diverse applications for enhancing detection of financial 

crime. Generative models can generate synthetic data and suggest explanations. Regarding 

detection, generative techniques appear best suited to label-data-scarce regimes, especially in 
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terms of distributional shifts driven by evolving offender behavior and the emergence of new 

criminal schemes. 

Financial crime has been described as “the crime of the 21st century” fueled by a wide 

range of factors, including conflict, corruption, technological advances, and the growing use of 

encrypted, privacy-centric digital currencies. As cybercriminals continually adapt and develop 

new techniques, the vast majority of cybercrimes remain undetected. Existing detection systems 

often rely on complex rule conditions capturing typical patterns of abnormal behavior or 

transactional flows. Over time more realistic scenarios may emerge and evolve that are not 

sufficiently preserved in the historical data. Labeling support frequently remains a challenge and 

representative examples are thus scarce. Detecting emerging and previously unseen scenarios is 

both difficult and costly. Rather than rule-based definitions of abnormal, unsupervised anomaly 

detection models minimize the need for labeled data. All anomalies are assigned for examination 

and only genuine positives need be identified. These properties are often attractive for high-

volume low-risk domains, where the cost of false positives is far less than false negatives. 

Data privacy and governance are fundamental concerns for any model using transaction 

data. Several considerations related to sensitive data usage arise in the construction of a detection 

engine and associated synthetic data generation approaches. A broad set of annotations can 

facilitate more advanced guided anomaly detection techniques. Generative approaches 

broadening the infection spectrum and keeping both trained and untrained examples up-to-date 

increase detection quality across unobserved scenarios. 
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Fig 2: Generative AI in Financial Crime Detection: Addressing Data Scarcity and 

Distributional Shifts via Synthetic Data Generation and Explainable Anomalies 
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6.1. Techniques and Models 

Generative AI applications in financial crime detection encompass a diverse range of 

techniques and model categories. These include techniques such as diffusion models, 

autoregressive models, language models, and retrieval-augmented generation—and their 

generated outputs can be exploited for detection, risk scoring, and explainability. Diffusion 

models, some of which have been empirically tested on the Financial PhraseNet dataset, have yet 

to be fully developed for detection tasks in the financial domain. Others have been tailored to 

support risk-scoring applications by transferring the underlying data distribution learned from 

non-financial datasets and subsequently trained on the risk-scoring task. Various knowledge-

enhanced prompt-learning strategies for autoregressive models and LLMs use the pre-trained 

knowledge in LMs to generate financial-specific textual content and to solve finance-related 

tasks. 

Additional explorations of autoregressive models have focused on generating scenarios 

for banks’ internal stress-testing procedures, thus implicitly testing the robustness of clients’ risk 

models or enabling risk scoring of synthetic transactions. Its integration in a retrieval-augmented 

setup allows the obtained scenarios to be financially coherent, context-aware, and representative. 

Such a retrieval-augmented LLM has also been trained and fine-tuned to support institutions in 

the Know Your Customer (KYC) process. Despite the adequacy of these approaches, application 

gaps remain, particularly in their descriptive and diagnostic dimensions. The need for detection 

applications that proactively alert decision-makers remains therefore unaddressed, especially for 

advanced persistent threat (APT) detection in financial crime. 

Symbol Meaning 

𝑥𝑡 transaction/event feature vector at time 𝑡 

𝐴𝑡 normalized transaction amount 

𝑉𝑡 transaction velocity / frequency feature 

𝐾𝑡 KYC/customer risk score 

𝐺𝑡 geography/jurisdiction risk 

𝑆𝑡 sanctions/watchlist score 

𝑁𝑡 network/behavior anomaly input 
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Symbol Meaning 

𝑠𝑡 anomaly score 

𝑟𝑡 composite risk score 

𝜏 alert threshold 

𝑦̂𝑡 predicted suspicious/non-suspicious label 

𝐷𝑡 drift score 

𝐿 total end-to-end latency 

6.2. Data Considerations 

Generative AI for Financial Crime Detection 

Data considerations play a crucial role in the deployment of any ML application, and risk 

management and regulatory compliance introduce unique considerations. Data privacy is 

paramount. Financial crime systems require highly sensitive data for accurate detection and 

prescribing controls, especially personally identifiable information (PII), or KYC data. Any 

training or inference workflow involving sensitive features needs to implement confidential 

computing controls, such as involving encrypted data with meaningful bindings in only a few 

carefully controlled model segments. Furthermore, compliance with the General Data Protection 

Regulation (GDPR) is a requirement. Organizations need to safeguard the provenance of data 

used for training models and make sure they are trained on representative populations to avoid 

bias. Creating synthetic data through generative methods, such as GANs, increases privacy by 

preventing memorizations during training. It also addresses the problem of distributional shift, 

where a deployed model may receive data observations beyond the original training domain, as 

well as the scarcity of labeled training sets for rare scenarios. 

The use of generative AI for explanation goes beyond generic feature importance to 

provide tailored reasons to individual alerts. It allows for probing with many descriptions, 

making it possible to use ML models for text generation, image creation, and even video 

synthesis. The goal here is not to explain a machine-learning model but rather to develop an 

integral part of the financial crime system that operates as a black box. The next section 

discusses evaluation and validation techniques used to deploy with suitable confidence. 
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7. Event-Driven Streaming Architectures for Compliance 

Low-latency, fault-tolerant systems are essential for detecting suspicious financial 

activity in the fastest time frame possible. To achieve this, an event-driven streaming architecture 

is proposed, which breaks down transactional data silos in a secure but auditable manner. 

Adapting to the ephemeral nature of data, these frameworks support interactive workloads with 

strict requirements for response time, availability, reliability, and user experience. 

Business requirements determine the appropriate streaming technology to ingest, process, 

and expose events. The two-horned approach reduces latency and increases scalability: in the 

ingestion layer, event data are cleaned and structured; in the processing layer, the order is 

preserved in logical time. Custom schemas for different classes of transactions simplify feature 

engineering; backpressure mechanisms prevent overload. Although latency is minimized, low 

dwell times in external systems are equally essential. This consideration enhances overall 

throughput while cheapening operations. Detailed conditions and handling still allow for 

dynamic monitoring and future adjustments. 
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Equation 2: Min-max normalization 

To combine very different quantities, normalize each raw feature. 

For raw feature 𝑧𝑡, define normalized feature: 

𝑧𝑡
(norm)

=
𝑧𝑡 − 𝑧min

𝑧max − 𝑧min
 

Step-by-step proof 

If 𝑧𝑡 = 𝑧min, then 

𝑧𝑡
(norm)

=
𝑧min − 𝑧min

𝑧max − 𝑧min
= 0 

If 𝑧𝑡 = 𝑧max, then 

𝑧𝑡
(norm)

=
𝑧max − 𝑧min

𝑧max − 𝑧min
= 1 

Hence every feature is scaled into [0,1]. 

7.1. Architectural Principles 

Systems need to be designed as producer-consumer systems that minimize the latency 

between a triggered action and its observable consequences by moving the ingestion and 

processing points as close to the origin of event generation as possible. Low latency is essential 

in risk scenarios, for early detection of undesirable conditions, and for rapidly responding to 

sensitive situations. At the same time, safety must be guaranteed: Sufficient redundancy must be 

provided to handle infrastructure outages and the risk of system errors. Both visible control and 

guaranteed protection from undesirable noncompliance must be implemented to ensure 

continuity of responsibility. Much of this protection mechanism can be based on thorough 

documentation and debugging controls. 

When performance is an issue, current systems tend to follow an effectively synchronous 

design, where one operation must be completed before the next can begin. Many systems, for 
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example, process large amounts of data with predefined calculation formulas. Both the detection 

of wire-fraud-related behavior patterns and their related warnings could follow a synchronous 

approach, where much larger amounts of data would need to be processed. In an event-driven 

architecture, both functionalities can be designed in a fully asynchronous manner. As warning 

conditions are detected triggering notifications, systems can decide whether the logics of risk 

scoring algorithms need to be applied or a message should be sent to the alerts’ generative 

model. 

7.2. Data Ingestion and Processing Pipelines 

Four canonical streaming data ingestion pipelines provide a foundation for low-latency 

operation. Security, risk, and compliance (SRC) data‒related organization-sensitive tasks support 

distinct data processing pipelines. All SRC data resources must support fault tolerance, 

backpressure handling, and injectivity, while SRC auditing dramatically lowers data recovery 

times. 

Real-time visible-light video feeds from multiple camera locations form the SRC data 

resource of a threat-detection-adverse-data-injection detection system. A separate data 

processing pipeline that exploits data-enhancement techniques enhances a self-supervised 

adversarial model, which recently achieved several new state-of-the-art results in threat detection 

and classification. Data-enhancement techniques also protect against conditioning imbalance 

issues prevalent in all visible-light video domains. Another pipe ingests sound data to improve 

SRC data completeness and comprehensiveness. 

A dedicated real-time audio-data-processing pipeline supports an audio-data-

classification model, while deploy-time streaming audio data provides redundancy. A concept-

drift-detection-adversarial model, also with SOTA role, enhances many SRC-related tasks and 

generates near-accurate predictions for all audio-classification tasks. Background noise and 

unexpected outliers invariably affect prediction precision and are detected through a dedicated-

quality-auditing pipeline. The fourth data-processing pipeline combines risk assessment; scenario 

classification; bypass-definition; alarm generation; decision-support-warning-generate pipelines; 

and threat-detection-adverse-data-injection detection. 
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Metric Formula Meaning 

Precision 𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

of alerted cases, how many are truly suspicious 

Recall 𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

of all suspicious cases, how many are found 

F1-score 2𝑃𝑅

𝑃 + 𝑅
 

balance of precision and recall 

False positive rate 𝐹𝑃

𝐹𝑃 + 𝑇𝑁
 

unnecessary alert burden 

Detection delay 𝑡alert − 𝑡event response timeliness 

Mean latency 1

𝑛
∑𝐿𝑖

𝑛

𝑖=1

 
system speed 

8. Integration of Generative AI with Streaming Systems 

A taxonomy of use cases connects generative capabilities in supervised, unsupervised, 

and self-supervised-learning settings with analytical processes throughout financial crime risk 

surveillance. These range from identifying dormant accounts, communication scenarios, and 

deficient AML risk indicators, to simulating flows of illicit origin and automating the labelling of 

unlabeled events. In the context of detection, two sub-cases are specifically addressed: alert 

injection and scenario backtesting. For the first, dedicated workflow orchestration implements a 

trigger-action design pattern to independently supervise and constitute the data store for a 

retrieval-augmented generative model. The second involves Pipelines-4-Spark-Structured-

Streaming, which ingest and decompose large volumes of historical data, chaotically mapped in 

structured format, into contextually rich events to train forward-scene-generation models. 

Decoupling generative steps from data preparation pipelines ensures a disturbance-free 

workflow and easier governance. Two aspects merit special consideration in overseeing these 

data-management processes: appropriateness for the intended purpose and forthcoming 

preparatory load. First, for alert injection, the general rule is that any filtering criterion expected 

to change rapidly be specified directly in the retrieval-augmented model, while parameters suited 
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to backtesting of anomalous flows remain constitutive. Second, an SMEs opinion about scenario 

plausibility supports the decision on event inclusion. 

 

8.1. Use Case Taxonomy 

Generative models and event-driven systems complement one another across a wide 

variety of applications in detection, surveillance, and major operational decision support areas, 

beyond the established usages of laboratory-level experimentation, data anonymization, or 

incident scenario generation. By overlaying these models on established event-driven streams, 

where data quality can be assured and monitored among the contributors, a number of use cases 

arise. First among these is anomalous data generation for unsupervised detection within all-

organizational sensors. In addition to classic normality conditioning of deep learning models, 

such capability for anomaly generation would directly enable data-driven models like YOLOv4-

based detection of child sexual abuse material directly in financial institutions. More custom-

labeled retrieval-augmented generation pipelines could directly assist in real-time scenario 

exploration against possible attacks on the organization’s information systems. 

Automated model monitoring over the warning and damage transcripts and other incident 

databases could leverage the RAG framework to provide always-on monitoring against past 
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incidents and hypothetical redrawings of new operational cybersecurity events. Major crime and 

analysis units would benefit from adversarial simulation for calibrating their weapon and product 

module resource allocation, directly helping ensure that scarce financial crime resources are well 

placed against the most probable emerging scenarios. The major use case for generative models 

arises from the onboarding and management of large, dynamic clusters of third-party participants 

hosted in suppliers’, delivery partners’, or other larger organizations’ computer systems. There 

can thus be decoupling of the business decision labeling requriments through the final business 

flow processes with stored production prompts across these business decision flows: financial 

crime, cash protection, fire safety, other safety, calibration of incident reporting, and close 

interactions with law enforcement for active “eye-on” scenarios against reliable early-stage 

indications of any extremes of violence or money crime. 

Equation 3: Mean vector of normal behavior 

To detect anomalies, first define normal historical behavior. 

Suppose we have 𝑚 historical normal samples: 

𝑥(1), 𝑥(2), … , 𝑥(𝑚) 

Then the mean vector is 

𝜇 =
1

𝑚
∑𝑥(𝑖)

𝑚

𝑖=1

 

Step-by-step expansion 

If each 𝑥(𝑖) has 𝑑 features, then 

𝑥(𝑖) =

[
 
 
 
 𝑥1

(𝑖)

𝑥2
(𝑖)

⋮

𝑥𝑑
(𝑖)

]
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Then the mean vector becomes 

𝜇 =

[
 
 
 
 
 
 
 
 
 1

𝑚
∑𝑥1

(𝑖)

𝑚

𝑖=1

1

𝑚
∑𝑥2

(𝑖)

𝑚

𝑖=1

⋮

1

𝑚
∑𝑥𝑑

(𝑖)

𝑚

𝑖=1 ]
 
 
 
 
 
 
 
 
 

 

8.2. Workflow Orchestration 

A streaming surveillance architecture embodies distinct, specialized components. 

Temporal considerations create the opportunity for decoupling and the specification of clear 

governance mechanisms guiding what the system can autonomously produce or disseminate; 

gradual business acceptance allows testing of advanced analysis models without lateral impact 

on the entire system. Operational resilience, incident response readiness, and monitoring 

underpin the design. The combination of generative AI and event-driven systems support 

anomaly injection and exploration into the depths of generated scenarios. 

Modern financial compliance systems deliver and permit real-time detection of potential 

regulatory breaches but are still primarily designed to satisfy external reporting submissiveness 

and fulfil the requirements of periodically needed management and regulatory documentation. 

Generating scenarios—while unsafe for live operations—provides investigators with an enriched 

playground environment to better understand the substance and manner of breaches and incidents 

occurring either intentionally or unintentionally. As detection models are trained, the advanced 

modelling techniques can be employed in a by-production role to provide open-ended, 

exploratory resources for the compliance function. 

Aspect 
Legacy rule-based 

system 

Generative AI + event-driven 

streaming 

Detection logic static rules adaptive model-driven scoring 
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Aspect 
Legacy rule-based 

system 

Generative AI + event-driven 

streaming 

New/unseen crime 

patterns 

weak stronger through anomaly generation 

Explainability rule matched generated context + explanations 

Latency batch/semi-batch near real-time 

Drift handling limited monitored and retrainable 

Data scarcity difficult synthetic data support possible 

9. Risk Management and Regulatory Alignment 

Both privacy and security concerns are primary issues when employing data from 

financial institutions or other third parties. Data stewardship policies should clearly define access 

privileges, accountability, and responsibilities at every stage in the data lifecycle. Financial 

institutions must ensure that any personally identifiable information in the data cannot be leaked. 

Such controls and the necessary precautions, policies, and procedures should be formalized as 

part of a data governance framework to reduce the risk of data exposure while generating 

strategic or tactical insights that do not contain such sensitive elements. This includes ensuring 

that sensitive pieces of information are not inadvertently included in generation tasks, such as in 

the prompts for a retrieval-augmented generative model. 

Financial legislation and its attendant regulations aimed at maintaining the integrity of 

global finance, especially the anti-money laundering and combating the financing of terrorism 

(AML/CFT) regimes, have expanded since 9/11. Significant cross-border cooperation and data 

sharing capacities have developed in support of AML/CFT purposes. However, geography 

remains a challenging barrier to detecting illicit activities, and consequently some financial 

institutions and jurisdictions remain deemed higher risk than others. These factors are highly 

consequential—if financial institutions do not know their customers or the countries in which 

they operate and the risks involved, the risk of money laundering or terrorist financing is 

inevitably elevated. Therefore, aligning such insights with AML/CFT regulations, the know-

your-customer (KYC) requirements of financial institutions, and the geographic risk assessments 

of the Financial Action Task Force and its mutual evaluation organizations is fundamental. 
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Fig 3: Integrated Data Governance and Regulatory Compliance for AML/CFT 

9.1. Data Privacy and Security 
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Data privacy and security concerns are deeply embedded in financial crime compliance 

architectures both in terms of regulatory obligations and community expectations. Data held by 

financial institutions is inherently privately generating the need for stringent controls, oversight 

on use, and ability to rapidly respond to misuse. These forces are amplified when such private 

data is combined across parties to a greater-than-usual degree and/or offered into greater-than-

usual shareable third-party access services. Key considerations in managing such issues for 

adaptive data-driven compliance and risk management systems include strong access 

governance, and response capabilities to misuse, including security and privacy incident 

response, and proper change-risk assessment processes. Financial crime compliance systems 

must also consider regulatory scrutiny on privacy and security, including explicit processes for 

data flow assessments across jurisdictions required by the New Zealand Anti-Money Laundering 

and Countering Financing of Terrorism Act 2009 to ensure respect of laws in the jurisdictions of 

both the content provider and the content user. 

While financial institutions are under obligation to maintain a KYC profile on their 

customers, failure-to-ask scenarios can either occur through data sharing or because KYC data is 

not current in a fast-moving world. The use of shared data within and across jurisdictions might, 

of course, offer KYC true, but also potentially creates a regulatory responsibility to ensure that 

there are processes for checking that shared KYC data is, in fact, true. 

9.2. Compliance with Anti-Money Laundering and Counter-Terrorist Financing 

Regulations 

Governments and regulatory bodies globally demand that financial institutions maintain 

extensive AML and CFT programs to protect the integrity of national and international financial 

systems. Laid down in the Basel Committee on Banking Supervision's (BCBS) Basel AML 

Index, the underlying principles advocate for a risk-based approach to financial crime, requiring 

that institutions develop a detailed understanding of their customers. Ratification of the 

International Convention for the Suppression of the Financing of Terrorism (1999) condemns the 

financing of terrorism in any form. A United Nations Security Council resolution requires 

member states to criminalize the financing of terrorism and provide the means to enable the 

identification, detection, prosecution, and punishment of those involved. Countries' own AML 

and CFT regulations often expand on these aspects, adding local obligations. Moreover, cross-

border legislation, such as the EU's 6th AML Directive and the United States' Bank Secrecy Act, 

requires that all stakeholders expect measures against financial crime to be in place. 
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These regulations outline the minimum requirements for KYC, including customer 

identification, risk assessment, monitoring, and transaction reporting. The regulatory burden 

increases when a business conducts cross-border transactions as part of trade or investment with 

any party associated with a sanctioned country, person, or organization. Non-compliance can 

lead to fines and sanctions, as seen in the case of British bank Standard Chartered, which had 

four settlements totalling USD 1.3 billion. While the damages to reputation and brand are 

intangible and indirect, they often represent a far greater risk than the direct costs of financial 

crime supervision. Moreover, supervisory authorities will increasingly seek to attribute financial 

crime risk to senior management. 

Equation 4: Covariance matrix 

Normal behavior also requires measuring feature spread and correlation. 

𝛴 =
1

𝑚
∑(𝑥(𝑖) − 𝜇)

𝑚

𝑖=1

(𝑥(𝑖) − 𝜇)
⊤

 

Step-by-step meaning 

For each sample 𝑥(𝑖): 

1. subtract the mean: 𝑥(𝑖) − 𝜇 

2. form outer product: 

  (𝑥(𝑖) − 𝜇)(𝑥(𝑖) − 𝜇)
⊤

 

3. average across all samples 

10. Evaluation and Validation Frameworks 

Concrete evaluation is essential to avoid overstatements regarding the real-world 

applicability of proposed techniques for risk-based compliance in financial crime detection. 

Well-defined logic is necessary to specify the scenarios under which ML-based performance is 

measured. Without such an explanation, the temptation will always be great to apply labels such 
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as state-of-the-art or superstar, provoke buzz, and worsen the arms race dynamics. More 

storytelling can usefully decouple generative model building from the associated practical risks. 

An obvious set of scenarios includes the periodic loss of some existing models. 

Additional scenarios consider the data managers who manage the full compliance suite. What 

happens if they delete all the features and rely on upstream data quality checks? In either case, an 

off-the-shelf library (pyod, in this case) serves broad purpose but lacks specific tuning. 

Therefore, detection accuracy, timeliness, and interpretability of the highest-risk events 

appearing in recent AML transaction flows—and the monitoring of trends in contextual 

explanations—remain central metrics. 

10.1. Benchmarking Scenarios 

Testing the integration encompasses Scenario A for a wide-area detection task and 

Scenario B for a localized detection task within data governed by a single entity. Scenario A 

involves a wide-area aspect, specifically detecting a major type of fraud or attack that is expected 

to take place in more than one country. Scenario B comprises a localized aspect, assessing events 

targeting a specific banking institution within a single nation. In both scenarios, the prevailing 

approach is a standard rule-based system. The generative approach is deployed to produce a 

testbed for the respective task, from which the predictive model is built. The aim is to ascertain 

whether the predictive model can match or surpass the performance of the rule-based model. 

To evaluate the generative AI approach's performance, two scenarios must be defined: 

one where the model is deployed for a class of problems where no data-driven process for 

anomaly detection currently exists, and another where a data-driven process exists that the model 

must surpass. The latter scenario must be framed as a test of adversarial resilience, the goal being 

to assess whether the model can detect the attack even if the models proposed by the detection 

systems have been deliberately trained to miss the anomaly. 

10.2. Robustness and Adversarial Resistance 

Robustness and adversarial resistance are critical properties for the detection of financial 

crimes, ensuring that a detection model performs accurately on instances drawn from the same 

distribution as the training set, as well as on samples from different distributions. The former is 

often referred to as low bias or statistical reliability, while the latter is commonly termed low 

variance or broader generalization. Broad generalization encompasses robustness to 
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perturbations occurring within the data (distributional shifts), to adversarial attacks (especially 

targeted ones), and to noise injected into the detection model (overfitting). Model integrity is 

further ensured by replacing assumptions with invariances—designing the model so that 

breaking an assumption results in a high prediction error rather than, for example, a false 

negative. 

Targeted adversarial attacks on financial crime detection models are possible, and 

sometimes the perturbations leading to faked classifications are patently nonsense (e.g., 

including a picture of a dolphin in front of a bank branch in the background of an image that is 

meant to contain the subject of the image). These attacks are specific to the model and subtly 

change its decision boundary in the vicinity of a chosen instance. Nevertheless, in a practical 

deployment setting, exploited models are constantly monitored, updated, and replaced; therefore, 

any statistical reliabilities lost through overfitting, underfitting, or deliberate targeted adversarial 

attacks are quickly mitigated against. Resilience to noise injections during training is especially 

critical, and the use of ensembles is a common solution. When the detection of financial crimes 

is contemplated, however, robustness to distributional shifts and the simulated introduction of 

subpopulations that are not present in the training set achieve higher-level insights. 

11. Implementation Considerations and Best Practices 

Implementation entails translating the conceptual design into a real-world application, 

with primary emphasis on tradeoffs that underpin the system. Decisions about cloud versus on-

premises deployments, microservices, big compute for model training, and model drift 

management are perennial. The focus here, however, is specific to extending the end-to-end AI 

pipeline into production mode, in particular the operational resilience and governance aspects 

that ensure the streaming infrastructure delivers as promised. 

Low-latency operation may not be a priority for all organizations. Maintaining a 

rudimentary rule-based risk-scoring function generates alerts that require investigation. The 

evaluation framework in Section 7 allows testing alternative designs against incident history, 

optimizing for cost, hardness, and maintainability on the risk-scoring workload. Bypassing one 

or more of the feature pipelines serves as a rapid means of releasing a barebones production 

deployment. But without proper monitoring, such a system risks drift into obsolescence. For risk 

scoring, functionally important drift manifests through changes in key distributions and 
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prediction patterns. Adapting the detections-orchestrator into an on-demand retraining function 

provides a safety net, triggering retraining when drift crosses predefined thresholds. 

Equation 5: Mahalanobis anomaly distance 

A suspicious event is one that lies far from learned normal behavior. 

𝑑𝑡
2 = (𝑥𝑡 − 𝜇)⊤𝛴−1(𝑥𝑡 − 𝜇) 

Step-by-step derivation 

Let 

𝑢𝑡 = 𝑥𝑡 − 𝜇 

Then 

𝑑𝑡
2 = 𝑢𝑡

⊤𝛴−1𝑢𝑡 

This is a quadratic distance: 

 if 𝑥𝑡 is close to the mean, distance is small 

 if it is far away in covariance-adjusted space, distance is large 

11.1. Architectural Trade-offs 

Deployment within cloud environments facilitates adoption but demands stringent 

security measures, particularly for proprietary data. Risk management policies therefore shape 

infrastructural choices, including data residency, encryption, access governance, and privacy 

controls. Regulatory obligations spanning AML/CFT, KYC, and cross-jurisdictional compliance 

scrutinize financial crime mitigation procedures. Defining KPIs, testing data requirements, and 

evaluating candidate designs ensure transparency and resilience. 

Balancing monitoring coverage, timeliness, and risk detection is fundamental to an 

organization’s risk appetite. A single-product approach may simplify development but heighten 

latency, risk exposure, and managerial burden. Conversely, alert-driven distribution provides 
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lower-latency risk insights, potentially at the cost of being overwhelmed by false positives. A 

two-tier architecture exploits the complementary strengths of each approach, distributing risk 

processing to external agencies that lack the scale to cover all event flows. Any true positive 

flagged by detection models is served back to primary processing for visibility, monitoring, and 

response. 

 

11.2. Operational Resilience 

Ensuring operational resilience is paramount for any institution facing a complex array of 

threats and risks. Plans and agreements must be in place to respond to incidents, recover from 

disruptions, and maintain or restore essential operations in a timely manner. Auditors, regulators, 

and third parties need to see both appropriate incident response plans and evidence of associated 

drills and tests. Response planning should include response, recovery, and contingency controls 

for all events and incidents. 

Operational resilience is essential in the financial services industry. A financial services 

provider, engaged in the provisioning of financial products to both individual and business 

customers, views measures across its business operations to protect, respond to, recover, and 

resume adequate provision of services to its customers as key to resilience. An advanced 

response capability, coupled with robust back-up and contingency measures, enables considered 

response to incidents and incidents requiring short- and medium-term remedial actions. 
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Resilience measures covering the entire span across services and locations provide the right level 

of support to restore customers services at the right level of timeliness and quality. 

12. Results 

Results are presented with evidence-based interpretation, including quantitative outcomes and 

qualitative insights. A word-count budget of 5,000–8,000 letters guides the selection of 

Generative AI applications; examples illustrating impact and indicating readiness are 

incorporated. These headings summarize the Generative AI detection application grouping and 

the associated synthesis. 

 

Fig 4: Gen-AI Detection Techniques & Models 

Generative AI detection encompasses techniques and models for monitoring the 

generation of media, ensuring correctness of the media generated, or detecting anomalous 
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behaviour. The techniques most relevant for detection of financial-crime-related events include 

diffusion models, autoregressive models, detection-based approaches that use retrieval-

augmented generation are also relevant for the detection task, as they enhance the intelligence of 

Detection as a Service applications by enabling the generation of high-quality answers against 

complex queries or reducing sensitivity of models to latent biases. Autonomous-integrity 

approaches optimize the detected text or entity before publication and verify consistency with the 

system manifest. 

The second Generative AI detection application group addresses previously incorporated 

considerations about the protection of persons through event-driven non-media applications. 

These engines detect sensitive, malicious, or undesirable statements and media within the 

corresponding Ingest development layer of the event-driven Operation as a Service application 

and react when a statement or media passes its conditional detection. They can also incorporate 

detection of non-confidential information being disclosed in an undesirable context; a usage 

identified as undesirable disclosure. 

13. Conclusion 

Financial institutions derive value from transactional activity across multiple regions, 

products, and asset classes. Machine learning generally and generative AI specifically present 

opportunities for behaviour-centric Financial Crime compliance strategies that scale with 

minimal latency, addressing detection rather than prevention. Such Synthetic-Financial-Crime-

Activity approaches remain in their infancy owing to data privacy, governance, and transparency 

concerns. Intelligent and Generative AI provide solutions that reconcile the polemic of 

operationalising, or escaping, the historical data-based, rule-based and event-based, instead 

facilitating exploration through signalling and simulation. 

Generative AI finds application in the detection of suspicious activity, with diffusion 

models used to generate bank transaction alerts, and autoregressive models for textual KYC-

based storytelling. Existing frameworks consider such models in isolation, final alerts as labels, 

and possible contradictions between alert timing, model explainability, and incident response 

governance. Augmentation of existing models with retrieval-augmented generation bridges these 

gaps, enabling multi-step work, customer-specific detection-path interpretation, and anonymous 

access to KYC-sensitive information without direct MSRA exposure. 
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