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Abstract 

The emergence of Generative AI (GenAI) unlocks new capabilities in software development and operations. A related trend calls 

for the adoption of DevOps principles and practices. Furthermore, organizations across industries seek to process data in real 

time. In financial services, that imperative applies to transaction pipelines, where volumes peak at Black Swan events, yet the 

average workload is relatively modest. Ideas from GenAI-enabled DevOps can accelerate the design, implementation, and 

monitoring of such pipelines, but tensions remain. The landscape of existing work is therefore reviewed, gaps identified, 

Generalized Enterprise Architecture Theory summoned, and research questions posed. Addressing them will yield candidate 

solutions that reconcile GenAI-enabled DevOps principles with the requirements of real-time transaction processing. A 

foundation for that exploration is laid by: specifying the functional and nonfunctional requirements for such pipelines; providing 

an overview of GenAI-driven DevOps concepts, architectures, and operational paradigms amenable to financial Pipelines; and 

articulating suitable patterns, together with the associated challenges and trade-offs. 

Real-time transaction processing pipelines in financial services must support Black Swan event volumes while meeting 

operational requirements at lower loads. Ideas from GenAI-enabled DevOps can accelerate the design, implementation, and 

monitoring of such pipelines, but tensions remain. Existing work is reviewed, gaps identified, Generalized Enterprise 

Architecture Theory summoned, and research questions posed. Addressing them will yield candidate solutions reconciling 

GenAI-enabled DevOps principles with the requirements of real-time financial transaction processing. A foundation for that 

exploration is laid by specifying the functional and nonfunctional requirements for such pipelines; providing an overview of 

GenAI-driven DevOps concepts, architectures, and operational paradigms amenable to financial pipelines; and articulating 

suitable patterns, together with the associated challenges and trade-offs. 
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1. Introduction

 
Advancements in Generative Artificial Intelligence 

(GenAI) and DevOps enable automation across the entire 

lifecycle of pipelines for online detection of fraudulent 

activities in real-time financial transaction processing. 

Historical lessons and challenges in implementing data-

driven GenAI models, organizations’ needs for accelerated 

product delivery, and rising cybercrime costs demand 

automation in operationalization as functionally as 

possible. GenAI-Enabled DevOps for Real-Time Financial 

Transaction Pipelines addresses GenAI-enabled DevOps 

for real-time financial transaction pipelines, characterizing 

stakeholders, scoping DevOps automation in control, 
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scheduling, and security, and presenting ar­chitecture 

patterns. Considered deployment scenarios and 

architectures apply specifically to online detection of 

fraud­ulent financial transactions, with a broader lens on 

operationalization-as-a-function of organizations’ data 

pipelines. 

Real-time data processing has seen increasingly adoption 

for multiple usage scenarios, especially by financial 

institutions, enabling them to detect and respond to events 

that require operational or business action ex­plaining 

GenAI-driven DevOps concepts, architectures, and 

operational paradigms suitable for financial data pipelines. 

Automation capabilities across pipeline op­erations—

model training and deployment, pipeline continuous 

monitoring, automated rollback, security-governed 

monitoring, and trade-offs—simultaneously support 

multiple use-cases, such as anomaly detection for security 

incidents, fraud detection for financial transactions, and 

prediction of user behaviours. Numerous architectures for 

secure, scalable, and performance-optimized 

implementation of data processing pipelines with controls 

on data access and governance address these challenges, 

focusing mainly on data processing. 

 

1.1. Overview of the Study 

Automation across the GenAI model lifecycle enables the 

construction of-DevOps-driven data transaction pipelines 

for inference and decision-making tasks whose latency, 

operational knowledge, and expected service horizons 

correlate. Although it is rare to parallelize model prediction 

across multiple units with independent data, since the data 

must be routed through different branches according to its 

classification, high-frequency decision-making can also be 

achieved. These models are often known as Single-Task 

Models. Application in the banking and insurance 

industries requires special attention to Model Governance 

since profound consequences from decision errors or a 

breach in trade-off rules can occur; in those situations 

where a clear violation of the Business Policy occurs, the 

reason is usually also evident, so an adequate level of 

Explainability can be achieved and its adequate monitoring 

is less critical. The GenAI-DevOps principles generally 

enable reasonably precise detection of potential errors in a 

GenAI-driven pipeline. 

Implementation in GenAI-DevOps is nevertheless sensitive 

to several factors. For missions demanding low latency and 

high throughput and, in particular, for those using recurrent 

models, the size of the model, the required speed of the 

inference rate, and the type and frequency of the 

monitoring checks introduce a complex trade-off. A 

parallelized model or an Externalized Model must avoid 

excessive size and complexity, while maintaining low cost 

and duration of inference, monitoring checks should 

preferably be executed during non-productive periods and 

by a less powerful and economical infantry non accessed 

by GenAI Decision-Making during production hours. 

 
Fig 1: Optimizing the GenAI-DevOps Lifecycle: A 

Framework for High-Frequency Inference, Latency 

Trade-offs, and Governance in Financial Decision 

Systems 

 

2. Background and Related Work 
 

Development and Operations (DevOps) shares with GenAI 

the ambition of accelerating release cycles while improving 

quality. Operational characteristics further inspire the 

adaptation of GenAI to gain efficiency, minimize 

downtime, and dynamically scale service resources. 

Integration of open-source GenAI into Hybrid Cloud 

production environments is viewed as a likely avenue: data 

ownership, residence, and sovereignty concerns associated 

with Third-Party Clouds can be ameliorated through a 
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Hybrid Cloud architecture that integrates the Cloud with 

localized Edge Machines for workloads sensitive to 

latency. More generally, Data Engineering and Event 

Sourcing for real-time processing are important domains 

that witness the emergence of GenAI tools and concepts. 

Milestones in their evolution into aligned domains are 

describ­ed, followed by an assessment of architectures, 

principles, and empirical realizations of DevOps and 

GenAI, as well as real-time processing. Real-time systems 

and their pipelines impose strong constraints on availability 

and response time; major incidents have starkly 

demonstrated the dire consequences of failure. Misuse of 

erroneous models can be catastrophic; automatic retraining 

models with new data and technologies that replace smart 

humans are, indeed, the path to disaster. Wariness of blithe 

acceptance of GenAI suggestions is warranted, and careful 

consideration is required to reduce their operation risk. 

 
Equation 1: Latency & Throughput Targets — 

complete derivations 

1.1 Transactions per second (TPS) 

Let: 

 𝑁 = number of transactions processed in time 

window 𝑇 seconds 

Definition 

TPS =
𝑁

𝑇
 

Visa up to 65,000 TPS with average latency 36 ms . 

1.2 Throughput (MB/s) and conversion to TPS 

Let: 

 𝐵 = throughput in MB/s 

 𝑆 = average message size in MB/transaction 

Then transactions per second: 

TPS =
𝐵

𝑆
 

Step-by-step 

1. MB per second divided by MB per transaction 

gives transactions per second: 

MB

s
÷

MB

txn
=

txn

s
 

2.1. Historical Insights and Key Developments 

The maturity of every social, economic, and technological 

aspect can be seen from the DevOps and GenAI literature is 

undeniable. The FiTS e-architecture is supported with 

continuously evolving industrial services. Although there is 

a lot of innovation happening at various fronts of business 

verticals, the journey of FiTS is the most appropriate to 

review for its complexity, integration, security and 

regulatory requirements. The key financial regulations like 

PCI-DSS, GDPR, BASEL III, Dodd-Frank, AML, BSA, 

the list goes on, affects every financial institution around 

the world. Many services required for these regulations are 

being offered based on Forms-of-subscribing. Data 

Processing-as-a-Service (DPaaS), Model-Lifecycle as a 

Service (MLaaS), Ground-motion-model as a Service 

(GMMaaS), Model as a Service (MaaS), Log-Monitor-as-a-

Service (LMMaaS), Data-collection and Validation-as-

Service (DCVaaS), Software as a Service (SaaS), Detect 

and Display (D&D) as a Service, Detect and Take Action 

(DTA) as a Service, Detect and Surface (D&S) as a 
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Service, etc., relieve SMEs from any capital investment and 

allow them to remain competitive with any high-cost 

subscription for complex services. Standards and tools 

allow integration with better security and reduced effort. 

Three architectural styles catering to specific transaction 

processing speed requirements have matured and have 

become reference models for Financial-as-a-Service 

(FaaS). Financial information exchange, the use of ATMs, 

and online services for transferring money, payments, 

stock-trading, etc., has integrated the services required to 

fulfil mandates. These service compositions are essentially 

integration of existing-monitoring-and-detection-and-

display services. Retail a and b evolve from these methods. 

Special channels are also formed between the bank and 

designated customers based on the high volume of 

transactions in order to serve specialized needs. Financial 

institutions are offering relational database services, and 

point-of-interest authorisation, processing, and settlement 

services are moving towards Cloud. The SLAs of these 

services, and real-world patterns of market data motion 

have enabled the COTS products like 

CORBA/IIOP/DBPSRL demand-pull-algorithms. 

 

3. Requirements for Real-Time Financial 

Transaction Pipelines 
 

A comprehensive overview of the functional and 

nonfunctional requirements for real-time financial 

transaction pipelines is presented. Data correctness, 

integrity, security, and regulatory compliance are 

highlighted as pivotal nonfunctional requirements. A clear 

treatment of latency targets and throughput metrics aligns 

the discussion with concrete service-level objectives; 

requirements for data provenance, auditing, and 

observability establish criteria for external and internal 

governance. Together, requirements for consistency 

models, fault tolerance schemes, idempotency, replay 

protection, and end-to-end reliability guarantees address the 

preservation of nonfunctional properties during fault 

recovery. 

Functional and nonfunctional requirements for real-time 

financial transaction pipelines have far-reaching 

implications yet are rarely articulated with sufficient care. 

Service-level objectives for latency, throughput, and 

rollback time influence the choice of architectural, 

operational, and governance design decisions. While 

functional and operational design considerations are often 

partitioned during design, effective implementation of the 

requirements requires integration awareness from both 

perspectives. Implementation trade-offs frequently 

necessitate intra- and cross-discipline compromises 

between security, data sensitivity, operational complexity, 

auditability, oversight, and environmental impact. 

 

3.1. Latency and Throughput Targets 

Demanding latency and throughput objectives are apparent 

from the governance policies and service-level agreements 

of many real-time financial processing environments. For 

example, Visa’s network supports up to 65,000 transactions 

per second (TPS), with an average latency of 36 

milliseconds. An internal study at JPMorgan Chase 

indicated that a latency of over 10 milliseconds during card 

authorization leads to a revenue drop. Data stream 

operators usually define their processing model and 

workflow based on the anticipated maximum rate of each 

data source, which serves as the upper input rate boundary 

for the processing workflow at scale. 

Data streaming platforms, such as Apache Kafka and 

Confluent, define a specific target throughput of MB/s 

related to each broker. The end-to-end latency of data 

streams is usually associated with the message-processing 

delay of the various consumers and the producer 

acknowledgment time. The different parts of the network 

have different latencies, which leads to the concept of 

“worst-case” end-to-end latency that can be computed 

using the equations of series arrangement in logic circuits. 

Within the context of model reproduction, a key metric in 

the DevOps lifecycle is the amount of time it takes to 

complete a round of continuous training. 
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Fig 2: Quantifying the Latency-Revenue Nexus: 

Scalable Stream Architectures and Worst-Case 

Performance Modeling in High-Frequency Financial 

Networks 

 

3.2. Consistency and Fault Tolerance 

Real-time financial systems are severely affected by node 

or region failures. In a Service Level Agreement or Service 

Level Objective–driven environment, it is paramount to 

minimize recovery windows, and therefore advanced, 

nontrivial, and often customized solutions are usually 

adopted. As highlighted in prior work, solutions consist of 

data duplication, partitioning, and replication across regions 

and clouds to address region or cloud failures. However, it 

is also important to focus on the end-to-end implementation 

guaranteeing data consistency, completing the process 

without generating duplicates or packet drops, and 

achieving exactly-once semantics. 

Managing in-flight data is critical for its correct 

management; therefore, mechanisms to identify the data 

processing path, such as sequence identifiers, and 

capabilities to replay in-flight data during a failure period 

must be implemented. Also, for proper consumption on the 

receiving side, it may be required that each message 

contains the complete state of a certain element (for 

instance, the last balance held by an account) or that 

messages define a sequence that permits reconstructing the 

information on the other side. 

 

4. GenAI-Driven DevOps: Concepts and 

Paradigms 
 

This section explains concepts, architectural patterns, and 

operational paradigms of GenAI-enabled DevOps that 

adapt to real-time financial transaction pipelines. These 

elements support automation throughout the pipeline 

lifecycle, from model training and deployment to 

monitoring, rollback, and governance. GenAI capabilities 

enable a range of automation solutions for GenAI and non-

GenAI models. Most tasks—except model training and 

some aspects of deployment—are executed in production 

environments; Model monitoring techniques are integrated 

with standard performance, security, and resiliency 

monitoring procedures. 

GenAI- and non-GenAI-based business-specific models are 

trained and validated before being deployed in their 

runtime environments. Model inputs are continuously 

assessed by standard data pipelines. Underperformance 

triggers dedicated retraining pipelines to create new model 

versions. DevOps returns these models to production 

through automated deployment processes that perform the 

necessary rollout and rollback actions. Model validation is 

similarly automated; the processes detect functional 

segmentation and quality discrepancies between new and 

incumbent models and govern making them effective. 

These procedures facilitate continuous model validation 

with low overhead and support online learning when 

appropriate. 
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Equation 2: Queueing latency under peak load (Black 

Swan) — step-by-step 

A standard minimal queueing model to show “why latency 

explodes near capacity” is M/M/1. 

Let: 

 arrival rate 𝜆 (TPS) 

 service rate 𝜇 (TPS), where 𝜇 > 𝜆 

Expected time in system 

𝑊 =
1

𝜇 − 𝜆
 

Derivation sketch (stepwise) 

2. Utilization: 

𝜌 =
𝜆

𝜇
 

2. Expected number in system for M/M/1: 

𝐿 =
𝜌

1 − 𝜌
 

3. Little’s Law 𝐿 = 𝜆𝑊 gives: 

𝑊 =
𝐿

𝜆
=

𝜌

𝜆(1 − 𝜌)
 

4. Substitute 𝜌 = 𝜆/𝜇: 

𝑊 =
𝜆/𝜇

𝜆(1 − 𝜆/𝜇)
=

1

𝜇 − 𝜆
 

4.1. Automation in Pipeline Lifecycle 

Broad automation—covering the entire financial 

transaction pipeline lifecycle—is an indispensable element 

of GenAI-enabled DevOps. It encompasses the 

development, deployment, monitoring, rollback, and 

governance of the GenAI models that serve the pipeline. 

Automation of model training and deployment is relatively 

straightforward, with platforms like Amazon SageMaker 

Stream Processing facilitating both activities. Monitoring, 

however, is more complex; a monitoring solution should 

enable not only observability into model predictions, but 

also generation of alerts when production predictions begin 

to diverge from production labels or when confidence in 

predictions falls below a specified threshold. Sufficient 

confidence is critical, as inference costs usually increase 

with model size—and delayed attention to a failing model 

may compound operational risk. Where possible, such 

monitoring should also support early warning for other 

pipeline components, enabling corrective measures (like 

alternative processing paths) that minimize short-term 

disruption. 

Automation of model rollback may also be of interest, 

especially in scenarios where a failed prediction causes 

higher downstream costs than simply waiting for a return to 

service. Additionally, prediction monitoring may yield 

sufficient lead time for supervised model retraining; any 

such retraining should incorporate the labels accompanying 

the production predictions. Governance automation 

facilitates quality-assured model updates by 

operationalizing traditional data science governance, 

testing, and monitoring procedures. A pivotal aspect here is 

the dimensionality of the training data: larger data volumes 

lead to larger models, which add cost and risk to inference. 
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5. Architectural Patterns for GenAI-

Enabled Pipelines 
 

A set of architectural patterns emerges from the preceding 

analysis and can accommodate GenAI-driven automation 

of the full pipeline lifecycle: (i) Hybrid Cloud and Edge 

Architecture Patterns define the integration of Hybrid and 

Edge-Cloud infrastructures with the application workload, 

(ii) Streaming Ingestion and Processing Patterns outline the 

design aspects of streaming data ingestion and processing 

for the pipeline. 

Hybrid Cloud and Edge Integration Patterns establish the 

topology and placement of workload execution. Depending 

on the traffic flows, processing workloads and data 

regulatory and sovereignty requirements, ingestion and 

processing may be executed using an edge-local solution or 

engineered in collaboration with the Hybrid Cloud, using 

the edge as an accelerator that moves data close to the 

Cloud resources that actually process it. The Streaming 

Ingestion Pattern governs the real-time ingestion of 

streaming data flows, focusing on the definition of the input 

event schema, control and coordination mechanisms for 

event windowing, any required event enrichment, stateful 

processing with updates to internal state stores, idempotent 

writes to external systems, and requirements for exactly-

once processing guarantees. 

 

Fig 3: Integrated Architectural Patterns for GenAI 

Lifecycle Management: Synergizing Hybrid Edge-

Cloud Topologies with Stateful Stream Orchestration 

 

5.1. Hybrid Cloud and Edge Integration 

Hybrid Cloud infrastructures enable the best of both worlds 

by combining the benefits of Public Clouds (unlimited 

scalability, low cost, diversity of services) with the 

advantages of Private Clouds (cost control, exclusivity, 

Security, and Compliance). Many financial institutions 

leverage a Hybrid Cloud setup to store non-sensitive data 

on the Public Cloud or leverage services such as Natural 

Language Processing, Optical Character Recognition, or 

SenseMaking that have a high potential cloud cost due to 

large Resource Management Management requirements. 

Workloads are offloaded to the Public Cloud when it is 

cheaper than using the on-Premise Infrastructure. 

Placing the Transaction Pipeline either fully in the Private 

Cloud or Partitioned with parts on the Public Cloud makes 

sense from a Cost Efficiency and Risk Compliance point of 

View. Certain Data Paths, such as Data Classification, 

Money Laundering Monitoring, Fraud Detection, are 

however Priority Cloud Paths for these Financial 

Institutions and are required to execute locally to Safeguard 

Sensitive Data or to Ensure Low Latency Operation. 

Executing on Private Edge Sites leverages the low-latency 

and low-continuous cost Benefits of Edge Processing while 

maintaining the Integrity of the Data within the 

Organization. Thus, a Subset of Workload is Specified to 

run on the Edge. 
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5.2. Streaming Data Ingestion and Processing 

A typical architectural pattern for continuously ingesting 

streaming data and performing real-time analysis and 

processing is shown in . Such architectures form the 

foundation of most GenAI-enabled application scenarios 

that are not one-shot transactions but require continuous 

interaction with external users or systems and, 

consequently, have a large number of transactions not all 

requiring GenAI model inference capabilities. Data is 

continuously ingested from one or multiple sources, 

analyzed, transformed, and possibly enriched using model 

inference along the way. The results from these analyses, 

transformations, and enrichments are streamed to one or 

more systems. While the simplest instantiation of this 

pattern treats all incoming data as atomic transactions, the 

pattern becomes far more useful when support for evolving 

schemas and throwing away, modifying, or adding some of 

the ingested messages over time is incorporated. 

Streaming ingestion can be driven by a variety of events 

and trigger different types of processing. Very common 

schema types for ingestion are messages from message 

buses, traffic and sensor data, logs, and clickstreams. Data 

can also be ingested in a batched manner while still being 

processed with millisecond resolutions. Every ingesting 

message has a schema associated with it. The processing 

component can be internally merged into one component or 

distributed over many for both performance and scaling 

reasons. It can process different windows of the data, re-

ingest messages into a message bus once processed, or 

route them to different processing components. Different 

processing components can operate on the same data using 

different windows or separated amounts of data. Windows 

can be generated using sliding time windows, tumbling 

time windows, or session-driven windows. Windows 

processing with complete and update models is also 

commonplace. 

 

6. Challenges and Trade-offs 
 

Concrete challenges and trade-offs surface throughout 

pipeline design and operation. Different design aspects 

must be carefully balanced to avoid misguided decision-

making. For instance, supporting strict latency and high 

throughput in an automated high-volume fraud detection 

application using 10 challenger models covered twenty 

slices of the prediction phase, adding significant overhead. 

Motivation for the additional latency and cost stemmed 

from the fact that a single successful fraud attempt, 

typically demanding at least in the low five-part sum, could 

have high impact on the business. 

User acceptance, maintenance, monitoring, and continuous 

assessment of model quality become increasingly 

challenging at scale, and the need for governance, security, 

and explainability increases with the size of the generative 

models. Manpower-demanding complex models, such as 

text-to-code or text-to-image systems, enable business 

transformation. However, negligence of all three aspects of 

MLOps could result in high operational risk or worse 

business outcomes than with simpler, well-governed, and 

comprehensively monitored solution models. 

 

Equation 3: Consistency, replay protection, exactly-

once — equations/logic 

3.1 Idempotent processing condition 

Let: 

 message has unique sequence id 𝑠 

 state store keeps processed ids set 𝐷 
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A processing function is idempotent under duplicates if: 

∀𝑠: Apply(𝑠) multiple times ≡ Apply(𝑠) once 

Implementation rule: 

if 𝑠 ∈ 𝐷:  skip output else: process and add 𝑠 → 𝐷 

This is the mathematical basis for “no duplicates” even 

under replay. 

3.2 Replay correctness 

If failure causes messages 𝑠𝑎, … , 𝑠𝑏 to be replayed, 

correctness requires: 

Final state after replay = Final state if no failure occurred 

 
 

6.1. Performance vs. Model Complexity 

Automating the development and deployment of GenAI 

models can reduce risks associated with human 

intervention but may also increase it, especially for low-

latency environments. Long-running Pipeline 

Enhancements deliver pre-trained models that potentially 

lower operational risk, but they accelerate the flywheel in 

the opposite direction, since unMonitored or poorly placed 

models can exert significant operational pressure. As with 

all changes in open systems, care must be taken to keep 

entry standards high. Human review and patience are just 

as important as the automation of mundane operational 

tasks. Although unMonitored models can relieve pressure 

from the backlog, they place additional pressure on 

operations. The addition of an unMonitored model should 

surface operational pressure in the monitoring. The 

accepted complexity of a model is not a simple median: 

model performance and operational pressure are often 

highly correlated. Balancing model size and parameter 

count with latency requirements, supported data, and 

monitoring is important to strike the right operational 

complexity. 

The tension between latency and throughput is multi-

dimensional. A single low-latency model placed at ingress 

can often be replaced with several larger models with lower 

per-inference latency and more complex processing 

pipelines with larger windowing bursts. Reducing the 

frequency that GenAI calls are made can reduce the 

pressure on monitoring and repoussé systems that track and 

redirect the model traffic and populate the training data 

needed for long-running pipelines. 

 

7. Conclusion 
 

GenAI, banks, and other financial market participants are 

keenly exploring the potential of engines like OpenAI’s 

ChatGPT for a variety of use cases. This paper narrows the 

focus to the area of DevOps applied to Financial Pipelines 

needing a real-time capability. The paper synthesizes the 

active and important area of DevOps with GenAI 

techniques and their ramifications for architecture and 

pipelines in real-time financial transaction processing 

systems. GenAI-enabled DevOps–a formalization of both 

concepts in this application domain–offers the promise of 

lessening the burden of these, often manual and random, 

activities in the operational lifecycle and governance of 

such systems, enabling pipeline owners to operate their 

systems with a greater degree of confidence. 

GenAI, banks, and other financial market participants are 

keenly exploring the potential of engines like OpenAI’s 

ChatGPT for a variety of use cases. This paper narrows the 

focus to the area of DevOps applied to Financial Pipelines 

needing a real-time capability. The paper synthesizes the 

active and important area of DevOps with GenAI 
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techniques and their ramifications for architecture and 

pipelines in real-time financial transaction processing 

systems. GenAI-enabled DevOps–a formalization of both 

concepts in this application domain–offers the promise of 

lessening the burden of these, often manual and random, 

activities in the operational lifecycle and governance of 

such systems, enabling pipeline owners to operate their 

systems with a greater degree of confidence. 

 
        Fig 4: Formalization of GenAI-Enabled DevOps 

 

7.1. Final Thoughts and Future Directions 

Despite the operational challenges and risks, the potential 

rewards warrant continued experimentation with GenAI-

enabled DevOps in real-time financial transaction 

pipelines. These systems automate the management of the 

pipeline model lifecycle, from training and deployment to 

monitoring, rollback, and governance. Such automation 

allows organizations to decisively reap the benefits of real-

time systems—reduced latency and increased business 

value—while offloading continuous operations to a 

controlled, automated process that requires limited manual 

intervention. 

As GenAI improves and stabilizes, areas to monitor and 

explore include support for dispersed Hybrid Cloud-Edge 

pipelines with strict data sovereignty constraints; reliable 

streaming data ingestion and processing; and continuously 

supervised, multi-objective, long-term training of models 

for multiple and evolving objectives. The need for 

oversight and management of the auto-generation, in-

context training, and execution risk fosters a second axis 

for monitoring and experimentation—establishing and 

controlling an appropriate balance between simplicity and 

transparency of GenAI usage and the associated risk of 

blind trust in the output. A third direction for focus is the 

definition of a suitable standard operation generator and the 

exploration of the trade-offs between operational 

complexity, optimal operation, and exploitation of 

operation explainability. 
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