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Abstract 

Enterprises have automated business processes for decades using business-process-management 

(BPM) notations and, more recently, robotic process automation (RPA), but both approaches 

require every step of a workflow to be explicitly modeled in advance, leaving them brittle whenever 

a process encounters a case its designers did not anticipate. Generative AI, and specifically large-

language-model agents capable of maintaining memory across multi-step tasks, offer a way to 

handle exactly these unanticipated cases, but introducing autonomous, generative decision-making 

into a workflow that was previously fully deterministic raises governance and scalability concerns 

that neither the BPM nor the RPA literature was built to address: an agent empowered to take 

unsupervised action inside an enterprise process needs a governance mechanism deciding when its 

action may proceed autonomously and when it must be reviewed by a person, and the infrastructure 

running that agent needs to serve highly variable, bursty inference load without degrading the 

latency of the business process it supports. This paper proposes GOWA (Generative-AI 

Orchestrated Workflow Automation), an architecture in which an agentic workflow orchestrator 

routes BPMN-style process steps through memory-aware large-language-model agents, every 

agent action is passed through a risk-tiering governance gate aligned with the NIST AI Risk 

Management Framework before it is allowed to execute autonomously or escalated to a human 

reviewer, and the resulting workload is served by a scalability layer purpose-built for efficient 

large-language-model inference under container orchestration. Following a design-science research 

approach, GOWA is illustrated, not empirically validated, through a comparative capability table, 

a short case scenario, and two  figures, with every quantitative value explicitly labeled as an  

estimate rather than measured production data. The paper situates GOWA against the literature on 

business-process management and robotic process automation, generative-AI agent capabilities and 

memory mechanisms, responsible-AI governance frameworks, and scalable infrastructure for 

large-language-model serving, and discusses the architecture's practical implications, assumptions, 

and limitations. 

Keywords: Generative AI; Workflow Automation; Business Process Management; AI Agents; 
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Introduction 

Business-process-management notations gave enterprises a disciplined way to model, automate, 

and audit multi-step processes, and the resulting BPM literature treats a workflow as a graph of 

explicitly defined steps whose execution order, inputs, and outputs are specified before the process 

ever runs[1]. Robotic process automation extended this discipline to the user-interface layer, letting 
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a software “robot” replay a sequence of recorded actions across legacy systems that were never 

designed with an automation interface in mind, and the RPA literature documents real, substantial 

efficiency gains wherever a process is repetitive and its steps are fully specifiable in advance[2]. 

Both approaches share a structural limitation that this paper takes as its starting point: neither can 

act sensibly on a case its designers did not foresee, because neither BPM's explicit process graph 

nor RPA's recorded action sequence contains any mechanism for reasoning about a novel situation 

rather than merely executing a predefined one. 

Generative AI changes this picture by introducing agents that can reason about a task description 

rather than only replay a fixed sequence, and that, when equipped with a memory mechanism, can 

carry context forward across the many steps a realistic enterprise process involves rather than 

treating each step as an isolated prompt[3]. This capability is a genuine advance over BPM and 

RPA's inability to handle novel cases, but it is not a free one: a workflow step that used to be fully 

deterministic becomes, once a generative agent is given latitude to decide how to complete it, a 

point at which the enterprise is exposed to the consequences of an autonomous decision it did not 

explicitly specify in advance. The responsible-AI and AI-governance literature has developed 

frameworks for managing exactly this kind of exposure in general-purpose AI systems[4][5], but 

that literature was not developed with a specific eye toward the step-by-step structure of an 

enterprise workflow, and the BPM and RPA literature was not developed with any generative-agent 

governance concern in mind at all. The result is a gap between a literature that knows how to model 

a workflow and a literature that knows how to govern an autonomous AI decision, with no shared 

architecture connecting the two at the level of an individual workflow step. 

A second, more operational gap compounds the first. A workflow automated with generative-AI 

agents inherits the inference-serving demands of large language models, and those demands are 

well known to be substantial and highly variable: the efficient-serving literature documents the 

scheduling, batching, and resource-allocation techniques large-scale deployments require to keep 

inference latency and cost under control[6], while the cloud-native and container-orchestration 

literature documents the operational substrate that question assumes but does not itself 

resolve[7][8]. An enterprise workflow that routes through an under-provisioned or poorly 

scheduled agent tier risks degrading the latency of the business process itself, which is a different 

and more consequential failure mode than a slow chatbot response. 

This paper addresses both gaps together by developing GOWA (Generative-AI Orchestrated 

Workflow Automation): an architecture in which an agentic workflow orchestrator routes BPMN-

style process steps through memory-aware large-language-model agents, a risk-tiering governance 

gate decides, per step, whether an agent's proposed action may proceed autonomously or must be 

escalated to a human reviewer, and a scalability layer built on efficient large-language-model 

serving and container orchestration executes the resulting workload. The remainder of the paper 

reviews the literature on business-process management and robotic process automation, generative-

AI agent capabilities, AI governance and risk management, and scalable AI infrastructure, 

describes the design-science methodology used to construct and illustrate the architecture, presents 

the architecture alongside a comparative table, a short case scenario, and two  figures, and discusses 

the architecture's practical implications, assumptions, and limitations before concluding. 
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Literature Review 

Business Process Management and Robotic Process Automation Foundations 

Van der Aalst's[1] comprehensive survey establishes business-process management as the 

discipline of modeling, executing, monitoring, and improving organizational processes represented 

as explicit graphs of tasks, gateways, and events, and identifies process-model fidelity to the real 

underlying process as the central determinant of whether an automated workflow behaves as 

intended once deployed. This fidelity requirement is precisely what strains when a process 

encounters a case its model did not anticipate, since the model has no native mechanism for 

reasoning outside the paths it explicitly enumerates. Khantong and Sriboonlue's[2] systematic 

review of robotic process automation within business-process management documents the same 

limitation at the implementation layer: RPA robots execute recorded or scripted action sequences 

reliably and efficiently for stable, repetitive processes, but the review's integrated framework 

explicitly flags the handling of process exceptions and unanticipated variation as an open problem 

that conventional RPA tooling does not solve, framing precisely the capability gap this paper's 

architecture is built to close with a generative-AI agent layer[1-9]. 

Generative AI and Agentic Capabilities for Enterprise Automation 

A rapidly developing literature establishes that large language models can be organized into agents 

capable of multi-step reasoning and action rather than single-turn response generation. Jiang, 

Wang, Shen, Kim, and Kim[9] survey large-language-model capabilities for code generation and 

related structured tasks, documenting a general capacity for working through a multi-step problem 

toward a specified outcome that extends naturally to the multi-step structure of an enterprise 

workflow task. Zhang et al.[3] survey the memory mechanisms that let a large-language-model-

based agent carry relevant context forward across many sequential steps rather than treating each 

step independently, which this paper treats as the specific capability that allows a generative agent 

to meaningfully substitute for a human working through a long BPMN process rather than only 

handling an isolated, single-step decision. Neither literature, however, addresses how an enterprise 

should decide when to trust an agent's resulting action to execute unsupervised, which is the 

governance question taken up next. 

AI Governance and Responsible-AI Risk Management 

Tabassi's[4] NIST AI Risk Management Framework establishes a structured approach to 

identifying, assessing, and managing the risks a given AI system's use case presents, organized 

around functions — govern, map, measure, and manage — that apply generically across AI 

applications rather than to any one domain, and explicitly calls for risk treatment to be tiered to the 

specific context and consequence of a system's use rather than applied uniformly. Gunasekara et 

al.'s[5] systematic review of responsible-AI principles and practice documents human oversight 

and accountability for autonomous decisions as recurring, cross-framework principles, and further 

documents that translating these principles into a specific operational mechanism — deciding, case 

by case, when a system's output requires human review — remains an implementation gap the 

reviewed literature identifies but does not itself close. Read together, this literature supplies the 

governance principles GOWA's risk-tiering gate operationalizes, but supplies no workflow-specific 

mechanism for applying them at the level of an individual automated process step, which the 

Methodology and Results sections develop. 
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Scalable Infrastructure for Enterprise AI Workflow Execution 

A final literature establishes the infrastructure concerns a generative-AI-driven workflow inherits 

once its agent layer must run at enterprise scale. Miao et al.[6] survey algorithms and systems for 

efficient large-language-model serving, documenting that request batching, scheduling, and 

memory management substantially affect achievable throughput and latency under the kind of 

bursty, variable demand an enterprise workflow is likely to generate as process volume fluctuates 

through a business day. Deng et al.[7] survey cloud-native computing broadly, establishing the 

containerized, orchestrated operational substrate this serving layer typically runs on, and Marchese 

and Tomarchio[8] show specifically that how workloads are grouped and scheduled onto a 

Kubernetes cluster measurably affects resource efficiency and load distribution. None of this 

literature, read on its own, addresses how a workflow's governance layer and its scalability layer 

should interact — for instance, whether an escalation to human review should relieve or compound 

load on the serving infrastructure — which is a design question GOWA's architecture takes up 

directly in the Results section[10-17]. 

Methodology 

Research Approach 

This paper follows a design-science research approach: it develops an architecture — GOWA — 

intended to address a practical problem (governing and scaling generative-AI agent action within 

an enterprise workflow that was previously fully deterministic), and it evaluates that architecture 

against the cumulative findings of the peer-reviewed literature rather than against a production 

deployment, because no such deployment of this specific architecture yet exists to study. The 

comparative table and figures in the Results section are accordingly  constructions, explicitly 

labeled as such, built to be directionally consistent with the cited literature's findings rather than 

presented as measured outcomes. 

Development of the Architecture 

GOWA was developed by identifying what a BPMN-style process model would need in order to 

safely delegate individual steps to a generative-AI agent rather than only to a deterministic script 

or a recorded RPA action. The process-fidelity concern van der Aalst[1] establishes and the 

exception-handling gap Khantong and Sriboonlue[2] document together motivated an agentic 

workflow orchestrator that routes each process step to a memory-aware agent (informed by Zhang 

et al.[3], and the multi-step reasoning capability Jiang et al.[9] document) only when the step 

genuinely requires reasoning beyond a fixed script. The governance gap documented above 

motivated a risk-tiering gate, applied to every agent-proposed action before execution, that 

operationalizes the NIST framework's tiered-risk-treatment principle[4] and the human-oversight 

principle Gunasekara et al.[5] document as a binary routing decision: autonomous execution for 

actions tiered as low risk, and escalation to a human reviewer for actions tiered as high risk. The 

scalability concern documented above motivated a dedicated execution layer built on the efficient-

serving techniques Miao et al.[6] describe, operated on the container-orchestration substrate Deng 

et al.[7] and Marchese and Tomarchio[8] establish, so that governance review and inference load 

are handled by architecturally distinct layers rather than competing for the same resources. 
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Construction of  Evaluation Data 

Because no production GOWA deployment exists to measure, the quantitative content of the 

Results section was constructed through explicit, reasoned estimation. Construction began from a 

directional finding reported in the cited literature — Khantong and Sriboonlue's[2] finding that 

conventional RPA cannot handle process exceptions, or the human-oversight principle Gunasekara 

et al.[5] document as a recurring but operationally unresolved governance requirement — and built  

values directionally consistent with that finding at a plausible order of magnitude. Every figure's 

note names the specific source informing its construction. 

Rollout Framing 

The  six-month rollout trajectory presented in the Results section is framed around an incremental, 

continuously deployed automation program rather than a single cutover event, consistent with the 

continuous-delivery practice Shahin, Zahedi, Babar, and Zhu[10] document as the norm for 

organizations introducing new automation into production systems: workflow steps are delegated 

to agents, piloted, and expanded in successive increments, which is also the point in a program at 

which governance gaps of the kind this paper addresses are most likely to surface as unreviewed 

high-risk actions before a tiering policy has matured. 

Scope and Assumptions 

This paper assumes an organization undertaking workflow automation already has, or can obtain, 

a BPMN-style or equivalent process model sufficient to support the orchestration GOWA's agentic 

layer depends on; it does not itself develop that underlying process-modeling discipline, which the 

literature reviewed above addresses. It is scoped to the coordination of agentic orchestration, risk-

tiered governance, and scalable execution; it does not address the organizational change-

management or workforce-retraining questions a workflow-automation program also raises. All 

quantitative results in the Results section are  estimates grounded in the literature rather than 

measurements[18-24]. 

Results 

Architecture Overview: GOWA 

GOWA organizes generative-AI workflow automation around a continuous cycle rather than a one-

directional pipeline, reflecting that a governed automation program revisits its own decisions as 

agents and policies mature. A business process defined in BPMN or an equivalent notation[1] is 

first routed by the agentic workflow orchestrator, which dispatches each step either to a 

conventional deterministic handler or to a memory-aware large-language-model agent[3][9] when 

the step requires reasoning beyond a fixed script, consistent with the exception-handling gap 

Khantong and Sriboonlue[2] identify in conventional RPA. Every action an agent proposes passes 

through a risk-tiering governance gate before it executes, operationalizing the NIST AI Risk 

Management Framework's tiered-risk principle[4] and the human-oversight principle Gunasekara 

et al.[5] document: actions tiered as low risk proceed to autonomous execution, while actions tiered 

as high risk are escalated to a human reviewer. Both paths converge on a scalable execution layer 

built on efficient large-language-model serving[6] under container orchestration[7][8], and the 

outcome of every executed or reviewed action feeds a monitoring and feedback stage that returns 



THE COMPUTERTECH 

(An International Peer Review Journal) 

65 | P a g e  

tiering-relevant signal to the governance gate, closing the cycle back to the orchestrator for the next 

process instance. 

 

Figure 1. GOWA (Generative-AI Orchestrated Workflow Automation): a circular process-flow 

architecture showing the continuous cycle from process definition through agentic orchestration, 

risk-tiered governance, scalable execution, and feedback. 

Table 1.  capability comparison across workflow-automation approaches. 

Dimension Conventional RPA 
Ungoverned Agentic 

Automation 
GOWA 

Handling of process 

exceptions and novel 

cases 

Weak; limited to 

recorded or scripted 

action sequences 

Strong; generative 

agent reasons about 

the novel case 

Strong; same 

generative-agent 

capability, within a 

governed gate 

Governance of 

autonomous actions 

against risk level 

Not applicable; no 

autonomous decision 

is made 

None; actions execute 

without risk-based 

review 

Strong; every action 

passes a risk-tiering 

gate before 

executing 

Scalability under 

variable inference 

load 

Not applicable; RPA 

actions are not 

inference-bound 

Weak; no dedicated 

serving or scheduling 

layer 

Strong; dedicated 

efficient-serving and 

orchestration layer 

Use of cross-step 

agent memory for 

process continuity 

Not applicable 
Partial; depends on ad 

hoc implementation 

Strong; memory-

aware orchestration 

by design 
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 Case Scenario 

Consider a hypothetical enterprise automating its vendor-invoice reconciliation process. Under 

conventional RPA, a robot matches invoices to purchase orders only when the recorded field-

matching sequence applies exactly, and any invoice with a discrepancy the sequence was not 

scripted to handle is routed wholesale to a human queue, regardless of how minor the discrepancy 

is. Under ungoverned agentic automation, a generative agent could instead reason about the 

discrepancy directly and resolve most of them itself, but without a risk-tiering gate, the same agent 

might also autonomously approve a large or unusual payment discrepancy that should have 

received human review, and under bursty month-end invoice volume the agent tier could simply 

fall behind without a dedicated scaling mechanism. Under GOWA, the agent reasons about the 

discrepancy as in the ungoverned case, but the risk-tiering gate escalates discrepancies above a 

defined payment-amount or anomaly threshold to a human reviewer while allowing small, well-

understood discrepancies to resolve autonomously, and the scalable execution layer absorbs the 

month-end volume spike through the same efficient-serving mechanisms Miao et al.[6] describe. 

This hypothetical sequence is offered to illustrate the architecture's reasoning, not as a report of an 

actual deployment. 

 Capability Scores Across Workflow-Automation Approaches 

 

Figure 2.  capability scores (0–10 scale) for conventional RPA, ungoverned agentic automation, 

and GOWA. 

Note. These capability scores are  estimates constructed for this paper's comparative framework 

rather than the product of a scored evaluation instrument; they were shaped by the exception-

handling limitation Khantong and Sriboonlue (2026) document for conventional RPA and the 

human-oversight gap Gunasekara et al. (2025) document for ungoverned autonomous systems, and 

should be read as a reasoning aid rather than a benchmark. 

Conventional RPA scores weakly on exception handling, governance, and continuity because it 

was not designed to reason about novel cases at all; ungoverned agentic automation closes the 

exception-handling gap but scores weakly on governance and scalability because it adds generative 

reasoning without a review mechanism or a dedicated serving layer; GOWA is positioned, by 
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design, to lead on every dimension because it adds the governance gate and scalability layer the 

ungoverned approach omits. 

 Unreviewed High-Risk Actions Over a Six-Month Rollout 

 

Figure 3. Hypothetical unreviewed high-risk autonomous actions reported per month during a 

six-month automation rollout, by approach. 

Note. This is a hypothetical,  trajectory rather than measured incident data; the ungoverned 

approach's mid-rollout spike reflects agent autonomy expanding faster than any ad hoc review 

practice can track, consistent with the oversight-implementation gap Gunasekara et al. (2025) 

document, while GOWA's near-flat trajectory reflects high-risk actions being caught by the risk-

tiering gate before they execute autonomously. 

Discussion 

Implications for Practice 

The architecture developed here suggests that an enterprise introducing generative-AI agents into 

a workflow should treat risk-tiered governance and scalable execution as integral parts of the 

automation architecture itself rather than as separate concerns addressed after an agent is already 

acting autonomously, since the comparison in the Results section illustrates that governance gaps 

left unaddressed tend to widen, not narrow, as an ungoverned program's autonomy expands. 

Limitations 

No production GOWA deployment or measured incident data informed this study; the table and 

figures in the Results section are explicitly  constructions. The architecture's risk-tiering gate 

depends on an organization's ability to define and maintain accurate risk thresholds for its specific 

processes, a task the responsible-AI literature identifies as a recurring implementation challenge[5] 

rather than a solved problem; GOWA provides the gate's position in the architecture but not a 

general-purpose method for setting its thresholds correctly. The scalability layer's effectiveness is 

bounded by the efficient-serving techniques Miao et al.[6] describe, which the cited literature itself 

treats as an actively advancing area rather than a fixed ceiling. 
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Future Research 

Empirical work instrumenting an actual workflow-automation program using GOWA's risk-tiering 

and scalability layers, compared against a matched program using ungoverned agentic automation, 

would directly test this paper's central claim. Research developing domain-specific methods for 

calibrating risk-tiering thresholds, and research on how escalation volume should inform the 

scalability layer's resource allocation, would strengthen the architecture's practical guidance. 

Conclusion 

This paper has argued that introducing generative-AI agents into enterprise workflow automation 

solves the exception-handling limitation of conventional business-process management and robotic 

process automation[1][2] but, left ungoverned, opens a governance and scalability gap that neither 

the agent-capability literature[9][3] nor the general-purpose AI-governance literature[4][5] 

addresses at the level of an individual workflow step. Building on the efficient large-language-

model-serving literature[6] and the cloud-native and container-orchestration literature[7][8], this 

paper has developed GOWA as an architecture in which an agentic workflow orchestrator, a risk-

tiering governance gate, and a scalable execution layer together close that gap as one continuously 

revisited cycle rather than three independently managed concerns. The architecture was illustrated, 

not validated, through a comparative table, a case scenario, and two  figures, with every quantitative 

value explicitly labeled as an estimate. Future empirical work instrumenting a real workflow-

automation program would be necessary before an organization could adopt GOWA with 

confidence in its specific thresholds and scaling parameters, but the underlying argument — that 

agentic automation, risk-tiered governance, and scalable execution should be designed together 

rather than bolted on sequentially — rests on peer-reviewed evidence this paper has synthesized 

specifically for that coordination problem. 
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