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Abstract—The financial close remains one of the most labor-intensive recurring exercises in corporate finance. 

Despite two decades of ERP consolidation, robotic process automation, and continuous-accounting practice, 

exceptions and judgment-bound steps still keep the controller on the critical path. This paper presents a multi-

agent system architecture for an autonomous financial close built on SAP S/4HANA. Five specialized agents 

handle accruals, intercompany transactions, reconciliations, flux analysis, and disclosures; they act on the ledger 

only through a governed integration layer, are sequenced by a planning engine over a shared task graph, draw on 

persistent memory of prior closes, and are bounded by a tool registry that enforces least-privilege authority. 

Audit logging, segregation-of-duty controls, explainability dashboards, and a human-in-the-loop controllership 

console complete the design. The architecture was evaluated in a controlled, simulated S/4HANA environment 

processing roughly 1.2 million transactions across several reporting periods. Relative to the pilot's pre-

automation baseline, the close cycle fell from 9 days to 2.8 days, the automated reconciliation rate rose from 

52% to 94%, exception resolution time dropped from 16 hours to 3 hours, and manual controller workload 

declined by 65.9%, while journal posting accuracy reached 99.2% and every agent action was captured in a 

complete audit trail. The results indicate that autonomous agents shorten and de-risk the close only when they 

are embedded in explicit governance and auditability frameworks, and that the controller's role shifts 

accordingly from operator to supervisor. 

Index Terms—autonomous finance, financial close automation, multi-agent systems, continuous accounting, 

SAP S/4HANA, explainable AI, SOX governance. 

I. Introduction 

The financial close governs when an 

organization can report results, certify compliance, 

and give management the numbers it needs to act. 

Because the close gates external reporting and 

regulatory filing, its speed and reliability bear 

directly on investor confidence and on the quality 

of internal decisions. The work itself, however, has 

stayed stubbornly manual at its margins. Over the 

past twenty years, enterprise resource planning 

(ERP) platforms centralized the data, robotic 

process automation (RPA) scripted away repetitive 

keystrokes, and continuous-accounting practice 

pushed reconciliation and validation into the 

reporting period rather than concentrating them at 

month-end [3], [7]. Each advance shortened the 

cycle; none removed the controller from the critical 

path. 

What keeps the close from running on its own 

is not the routine postings but the exceptions: an 

unmatched intercompany balance, an unexplained 

flux, a journal that breaches a posting threshold. 

These still demand human reconciliation, 

judgment, and sign-off—and they arrive unevenly, 

which makes them hard to plan for. Agentic 

artificial intelligence (AI) changes the unit of 

automation. Rather than a single rules engine 

executing fixed scripts, a set of reasoning agents 

can plan, sequence dependent work, act through 

tools, and escalate what they cannot resolve [2]. 

The question this paper takes up is what it takes to 

apply that capability to the close without 

surrendering the controls that make financial 

reporting trustworthy. 

I present a multi-agent system in which five 

specialized agents handle accruals, intercompany 

transactions, reconciliations, flux analysis, and 

disclosures. Each agent operates against an SAP 

S/4HANA ledger through a governed integration 
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layer, is orchestrated by a planning engine, is 

informed by persistent memory of prior closes, is 

constrained by a tool registry that limits its scope, 

and is supervised through a human-in-the-loop 

controllership console. The contribution is an 

account of how autonomous agents and Sarbanes-

Oxley (SOX)-aligned governance coexist across a 

complete close, validated in a controlled pilot, 

together with a five-level autonomy taxonomy that 

situates the design and a discussion of how the 

controllership function changes as autonomy 

increases. 

The paper makes three specific contributions: 

(1) a SOX-aligned multi-agent reference 

architecture for the financial close; (2) a 

governance model that combines least-privilege 

tool access, approval thresholds, immutable audit 

trails, and human override; and (3) a controlled 

S/4HANA evaluation reporting close-cycle, 

reconciliation, exception-resolution, workload, 

posting-accuracy, and audit-preparation key 

performance indicators (KPIs). 

II. Related Work 

A. AI in ERP Systems and Financial Close 

Automation 

A growing body of work applies machine 

learning (ML) and natural language processing 

(NLP) to reconciliation inside ERP systems, 

matching ledger entries against bank statements 

and subledger detail to surface discrepancies while 

lowering transaction cost and manual effort [1]. 

The broader trajectory of AI in accounting has been 

mapped by Issa, Sun, and Vasarhelyi [2], who 

frame the shift from rule-based automation to 

intelligent audit as part of a wider “AI spring” in 

which deep learning, growing compute, and large-

scale data converge to make formalization of 

accounting judgment tractable. Within that arc, 

Moffitt, Rozario, and Vasarhelyi [3] examine how 

robotic process automation in particular reshapes 

auditing, arguing that software bots can absorb 

repetitive, rules-bound tasks and free human 

accountants for higher-order judgment—a division 

of labor the present architecture extends to agents. 

More granularly, deep learning has been 

brought to bear on anomaly detection in accounting 

data. Schreyer, Sattarov, Borth, Dengel, and 

Reimer [4] train deep autoencoder networks on 

large-scale journal-entry populations and show that 

the reconstruction error reliably flags entries that 

diverge from learned transaction patterns, 

outperforming traditional red-flag tests that depend 

on manually crafted rules. Their approach 

anticipates the kind of automated journal validation 

and predictive reconciliation that the agents in this 

paper perform continuously rather than in batch. 

Implementation studies across healthcare, 

manufacturing, and energy report shorter billing 

cycles and improved collection after S/4HANA-

based AI adoption, framing the human–machine 

relationship as an adaptive pairing rather than 

wholesale replacement [5]. Cross-industry process 

analyses confirm that the gains from layering AI 

onto enterprise systems follow recurring structural 

patterns—first standardization, then automation, 

then augmentation—regardless of whether the 

domain is logistics, healthcare, or finance [6]. A 

parallel stream argues for continuous accounting, in 

which reconciliation and validation move into the 

reporting period through cloud platforms instead of 

accumulating at period-end, freeing finance teams 

to concentrate on analysis and exception 

management [7]. 

B. Multi-Agent Architectures and Workflow 

Coordination 

Multi-agent systems decompose a problem 

into specialized roles, allocate tasks dynamically, 

and share decision protocols. Enterprise-scale 

studies report higher throughput from this division 

of labor without a corresponding loss of capacity 

[8], and agent-based simulation has been shown to 

model decentralized business processes more 

faithfully than monolithic approaches while 

remaining computationally efficient [9]. A 

substantial line of work applies reinforcement 

learning to workflow orchestration: the MARS 

system schedules tasks against the joint objectives 

of completion time and operating cost while 

preserving privacy [10], and deep reinforcement 

learning schedulers reduce both runtime and energy 

relative to conventional dispatching methods [11]. 

For workflows with complex dependencies, 

evolutionary multi-objective scheduling algorithms 

that coordinate multiple execution agents have 

been shown to outperform centralized heuristics on 

metrics such as makespan, cost, and resource 

utilization [12], and decentralized reinforcement 

learning policies allow agent networks to adapt to 

changing conditions without centralizing all state 

[13]. At the enterprise scale, foundation-model–

driven agents have been positioned as instruments 
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for data-grounded decision-making and 

autonomous operations [14], while multi-agent 

reinforcement learning has proven effective at 

managing distributed systems through dynamic 

resource allocation and scheduling [15]. These 

results establish coordination and efficiency 

benefits—but they originate in domains that lack 

the determinism and strict control obligations of 

statutory accounting, a gap this paper directly 

addresses. 

C. Governance, Auditability, and Explainable AI 

Explainability is the recurring constraint when 

AI touches the ledger. Continuous auditing 

research within ERP environments demonstrates 

that embedding monitoring directly in enterprise 

systems yields real-time risk detection, but also 

reveals that stakeholders struggle to interpret 

model-driven outputs when the reasoning is opaque 

[16]. Surveys of anomaly detection techniques 

applied to financial close processes—spanning 

supervised classifiers, unsupervised clustering, and 

hybrid methods—report measurable gains in both 

detection accuracy and processing speed, yet 

consistently note that adoption stalls when auditors 

and controllers cannot trace how a conclusion was 

reached [17], [18]. The broader accounting-

automation literature frames the central tension 

plainly: efficiency must not come at the expense of 

transparency, accountability, and regulatory 

compliance [18]. 

Operating agents inside an enterprise also 

requires trust between them. Research on trust 

models for multi-agent systems proposes 

reputation-based and verifiable interaction 

protocols that allow agents to assess one another’s 

reliability before delegating or accepting work [19], 

a concern that grows as agent populations scale. 

Finally, evidence from studies of journal 

accounting and month-end close automation 

confirms that automating these actions reduces 

manual effort and error while giving accounting 

teams timelier information [20]. What the literature 

does not yet provide is an integrated architecture 

for a complete autonomous close designed to 

operate under SOX controls against an ERP ledger 

and evaluated under realistic governance 

constraints. 

D. Research Gap 

Existing research treats reconciliation, 

anomaly detection, and scheduling as separate 

problems, or studies multi-agent coordination in 

settings that lack accounting’s strict determinism 

and control requirements. No published work 

addresses how specialized finance agents 

coordinate an entire close while simultaneously 

preserving deterministic correctness, autonomous 

posting authority bounded by policy, well-defined 

human-override semantics, and SOX-aligned audit 

logging. This paper targets that gap with a multi-

agent architecture designed for the close as a 

whole, evaluated under governance constraints in a 

controlled environment. 

III. Multi-Agent Architecture for the 

Autonomous Close 

A. From the Manual to the Autonomous Close 

For most of the ERP era the close depended 

on accountants and controllers gathering data from 

multiple modules, reconciling balances, validating 

transactions, and posting journals before the books 

could be certified. Centralized data helped, but the 

work remained manual at the edges—which meant 

delays, elevated operating cost, and persistent error 

risk. RPA automated repetitive steps such as 

journal upload, invoice matching, and 

reconciliation preparation, and continuous 

accounting distributed that work across the period. 

Both approaches compressed the routine, yet both 

executed fixed rules; when an exception broke a 

dependency chain, a human still had to reconnect it 

and decide what to do next. 

Agentic AI alters that dynamic in a 

fundamental way. Because agents can reason about 

task sequencing, select the appropriate tool for a 

given step, and recognize when they have reached 

the limit of their authority, the close can be 

distributed across several specialized agents rather 

than driven by one monolithic rules engine. The 

agents perform the work; humans supervise it. 

Concretely, the architecture is built to let agents act 

autonomously on routine, low-risk work—posting 

a standard accrual, clearing a matched 

intercompany pair—while routing judgment calls 

and material decisions to a controller who retains 

final authority. 

B. Reference Architecture 

The architecture centers on a set of 

specialized agents that interact through a shared 

orchestration layer and act on an SAP S/4HANA 

finance environment by way of a constrained tool 

and API surface covering subledgers, the general 
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ledger, reconciliation, and reporting. The defining 

design choice is that agents never modify core 

ledger objects directly. Instead, they call a 

governed integration layer whose approved 

interfaces expose reading of financial data and the 

controlled creation of postings, reconciliations, and 

reports. Routing every action through typed, 

authorized, and logged interfaces—rather than 

granting direct ledger access—is what makes 

autonomous behavior governable and auditable, 

and it contains operational risk to the surface area 

the organization has explicitly sanctioned. 

Work flows through a shared task graph that 

encodes the dependencies of the close: posting 

validation cannot begin until reconciliations are 

under way, and disclosure preparation cannot start 

until variance analysis is complete. An 

orchestration engine tracks workflow state and 

dispatches tasks according to priority, readiness, 

and each agent’s current load. Throughout, the 

human-in-the-loop controllership console gives 

controllers visibility into exceptions, approvals, 

escalations, and overrides, embedding 

accountability in the system without putting a 

human in the path of every routine posting. Fig. 1 

shows the overall architecture. 

 

Fig. 1. Architecture flow diagram of the self-driving financial close, showing the governance, planning and 

orchestration, persistent-memory, and human-in-the-loop layers around the five specialized agents and the SAP 

S/4HANA ledger. 

TABLE I 

Comparison of Financial Close Models 

Metric Traditional Close RPA-Based Close Agentic Close 

Manual intervention 

(%) 

85 45 15 

Close cycle duration 

(days) 

9 6 2.8 

Exception handling 

time (hours) 

16 9 3 

Reconciliation 

accuracy (%) 

90 95 99 

Audit readiness Medium High Very high 

Reconciliation accuracy here denotes the share of reconciling items resolved correctly; it is distinct from the 

automated reconciliation rate and the journal posting accuracy reported for the pilot in Table III. 
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C. Specialized Finance Agents 

The Accruals Agent analyzes historical data 

and current business activity to estimate 

unrecorded expenses and prepares period-end 

accrual entries. The Intercompany Agent reconciles 

balances between related entities, matches 

transactions automatically where the data support 

it, and isolates the mismatches that do not clear. 

The Reconciliations Agent performs bank 

reconciliation, subledger-to-general-ledger 

matching, and balance verification; it monitors the 

population of open items and proposes resolutions 

for the controller to confirm. The Flux Analysis 

Agent compares account balances across periods, 

flags movements that exceed expected ranges, and 

raises items for investigation. The Disclosure 

Agent assembles the inputs to financial statements 

and checks that the information required for 

regulatory reporting is present and consistent. 

D. Planning, Memory, and Tool Governance 

A model-context-protocol–style tool registry 

sits between the agents and the financial system 

and acts as the control layer. For each agent it 

declares which data may be read and which posting 

and reconciliation operations may be invoked, 

expressing organizational authority as machine-

enforceable scope. The planning engine 

decomposes the close calendar into executable 

tasks and prioritizes them by urgency, dependency, 

and business criticality, reassigning work as 

conditions change. A persistent memory layer 

records controller decisions, encountered 

exceptions, and completed workflows, so the 

system can reference prior periods to inform 

current decisions. Governance is not bolted on after 

the fact: role-based access policies control who and 

what may read or write each ledger object, and 

high-value journal entries require human approval 

before they post. 

E. Agent Coordination and Workflow Optimization 

The orchestration engine runs continuously, 

rebalancing work across agents in response to 

actual conditions. It computes each agent’s load as 

a priority-weighted sum of the execution times of 

the tasks assigned to it, which lets the system 

concentrate capacity on urgent or critical work: 

Lₐ = Σᵢ∈Tₐ  wᵢ tᵢ                    (1) 

Lₐ is the workload assigned to agent a, Tₐ is the set 

of tasks routed to that agent, wᵢ is the priority 

weight of task i, and tᵢ is its estimated execution 

time. 

Close efficiency is then expressed as the 

fraction of the cycle’s work completed without 

manual intervention, relative to the total cycle time: 

E₁ = (Σᵢ₌₁ⁿ Aᵢ) / T₁                    (2) 

E₁ is close efficiency, Aᵢ is an indicator equal to 1 

when task i completes autonomously and 0 

otherwise, n is the total number of tasks in the 

close, and T₁ is the total close cycle time. 

IV. Governance, Explainability, and Control 

A. Deterministic Correctness 

The accuracy requirements of the financial 

close are unusually exacting. The resulting 

statements feed investor relations, external audit, 

regulatory filing, and management decision-

making, and any practitioner who has lived through 

a restatement knows that the downstream 

consequences of a single misposting can be 

severe—delayed filings, qualified opinions, and, in 

the case of revenue misrecognition, legal and 

regulatory exposure. Unlike recommender systems 

or conversational assistants, where a partially 

correct response is tolerable, accounting demands 

that balances reconcile exactly and that postings 

obey ledger and reporting rules without exception. 

An autonomous finance system therefore cannot 

rely on probabilistic output drawn from learned 

patterns alone; it must enforce provably correct 

behavior and make every action traceable. 

Governance is not an afterthought bolted onto the 

agents—it is the foundation that permits them to 

act at all. 

B. SOX Compliance and Autonomous Posting 

The system is designed to operate under 

Sarbanes-Oxley (SOX) controls, of which 

segregation of duties (SoD) is central: no single 

actor—human or automated—should initiate, 

approve, and post a transaction without oversight. 

Each agent runs under least-privilege authority tied 

to its function. The Accruals Agent may compute 

and stage accrual entries but requires approval for 

postings above a configured threshold; the 

Reconciliations Agent may match transactions but 

needs controller sign-off to clear an unresolved 

item. Posting limits and approval routes are 

configured per organization, so that low-value, 

low-risk transactions proceed automatically while 

unusual or material items route to a human. Every 
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action is written to an audit log that records the 

transaction identifier, the acting agent or user, the 

operation performed, the validation result, and any 

escalation, giving auditors and regulators a 

complete trail. Table II summarizes the posting 

authority and control posture of each agent. 

TABLE II 

Governance Controls Across Autonomous Finance Agents 

Agent Posting Authority Approval Requirement Audit Logging 

Accruals Medium Required above $50,000 High 

Intercompany Low Required for mismatches Very high 

Reconciliations Low Required for unresolved 

items 

High 

Flux Analysis None Review only Medium 

Disclosure None Mandatory controller 

approval 

Very high 

C. Explainable AI and Audit Transparency 

A black-box model is unacceptable in a 

domain where every financial change must be 

supported by evidence. The architecture attaches 

metadata to each AI-generated posting that records 

its data sources, the accounting rules applied, and 

the reasoning chain that produced it, so a controller 

or auditor can trace any entry back through its 

originating transaction, workflow trigger, and 

approval history. The system maintains complete 

audit trails across all phases of the close and 

surfaces them through explainability dashboards 

that present agent activity, detected anomalies, 

exception paths, confidence levels, and outstanding 

risks. Controllers consult these materialized trails 

before they rely on—or override—a decision. 

D. Human Override and Controller Supervision 

The system runs with bounded autonomy. 

Agents carry out the repetitive, data-intensive work 

while controllers concentrate on exceptions, 

unusual transactions, and the validation of material 

entries. When an agent encounters uncertainty, an 

imbalance, or a policy violation, it does not 

proceed on its own; it routes the item to the 

controller through the console. Exception routing 

prioritizes high-risk, time-critical problems, and 

organizations configure their own materiality 

thresholds, approval rules, and escalation paths to 

match internal policy and statute. Fig. 2 traces how 

an exception moves from detection and risk scoring 

to either autonomous posting or escalation, 

controller adjudication, and resolution. 

 

Fig. 2. Exception lifecycle: a transaction is risk-scored on entry, and depending on whether it crosses the 

escalation threshold it is either posted autonomously within agent authority or routed to the controllership 

console for review, with every outcome written to the audit log and persistent memory. 
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E. Risk Scoring and Anomaly Detection 

An anomaly-detection component monitors 

journal entries and transactions while the system is 

active and assigns each a risk score against a set of 

predefined financial risk factors: 

Rⱼ = Σₖ₌₁ᵐ  pₖ xⱼ,ₖ                    (3) 

Rⱼ is the risk score of journal j, pₖ is the weight of 

risk factor k, xⱼ,ₖ is an anomaly indicator in [0,1] 

for that factor on journal j, and m is the number of 

factors considered. 

The factors include irregular posting timing, 

unusual account relationships, duplicate 

transactions, and unexpected amounts. Scores 

above configured thresholds trigger escalation to 

the controller, concentrating scrutiny on the entries 

most likely to carry control risk and strengthening 

the security posture of the automated close. 

V. Evaluation 

A. Controlled Pilot Environment 

I evaluated the architecture in a controlled, 

simulated SAP S/4HANA finance environment 

spanning the general ledger, accounts payable, 

accounts receivable, fixed assets, and intercompany 

accounting. The pilot tested whether specialized 

agents could carry out the close with reduced 

human engagement while preserving compliance 

and audit transparency. Agents reached the system 

only through the governed integration layer and its 

predefined APIs; no path allowed direct, open 

ledger access, and every posting and reconciliation 

passed through approval and validation before 

execution, reproducing the regulatory and 

governance constraints of a production close. 

Roughly 1.2 million transactions were 

processed across several reporting periods. The 

workflows covered accrual processing, bank 

reconciliation, intercompany matching, variance 

analysis, exception management, and disclosure 

preparation. The orchestration engine enforced task 

dependencies and dispatched work to the 

appropriate agent by load only once prerequisites 

were satisfied. The ML components were trained 

on data from prior accounting periods to recognize 

reconciliation, posting, exception, and approval 

patterns, and AI-produced results were checked 

against manually reviewed accounting records 

during validation. 

To make the pilot reproducible while 

protecting confidential business data, the test 

population was built from anonymized and 

redacted close-process extracts and then expanded 

with synthetic transactions that preserved the 

observed distribution of document types, posting 

dates, entity relationships, account classes, and 

exception categories. The simulation covered 

multiple company-code and intercompany 

relationships, five finance domains, and seeded 

exception classes including unmatched 

intercompany balances, duplicate invoices, unusual 

posting timing, threshold breaches, unexplained 

fluxes, and incomplete disclosure inputs. Baseline 

measures were taken from the same close calendar 

and task taxonomy used in the agentic run, and 

accuracy was assessed against manually reviewed 

records and deterministic validation checks rather 

than against model confidence alone. 

B. Quantitative Results 

The clearest gain was in cycle time. The 

pilot’s pre-automation close took about nine days; 

after the agents were deployed it averaged 2.8 

days—a reduction of roughly 69 percent driven by 

continuous monitoring and reconciliation, 

automated exception routing, and parallel work 

across agents. The automated reconciliation rate 

rose from 52% to 94%, with the Reconciliations 

Agent clearing the bulk of items without manual 

review and continuous monitoring of transaction 

patterns improving exception detection within the 

period. Manual controller workload fell 

substantially, letting controllers spend more time 

on exception review and governance and less on 

repetitive reconciliation and validation, while every 

agent action—posting decisions, validation checks, 

escalations, and approvals—was captured in the 

audit log. Table III reports the measured KPIs, and 

Fig. 3 visualizes the reduction in close duration and 

exception resolution time across the three close 

models. 
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Fig. 3. Reduction in exception resolution time and close cycle duration across traditional, RPA-based, and 

agentic close models, measured against the pilot baseline. 

TABLE III 

Pilot Results of the Autonomous Financial Close System 

KPI Before After Change 

Close cycle duration 

(days) 

9 2.8 −68.9% 

Automated reconciliation 

rate (%) 

52 94 +42 pts 

Exception resolution time 

(hours) 

16 3 −81.3% 

Manual controller 

workload (hours) 

220 75 −65.9% 

Journal posting accuracy 

(%) 

93 99.2 +6.2 pts 

Audit preparation time 

(hours) 

40 12 −70.0% 

Durations and workloads are reported as relative percentage reductions; rates and accuracy, which are 

themselves percentages, are reported as percentage-point (pts) changes. Journal posting accuracy is the share 

of postings that were correct; the automated reconciliation rate is the share of items matched without manual 

review. 

C. Decision Confidence 

Each agent attaches a confidence score to its 

decisions, computed as the mean over validation 

checks of the model’s certainty weighted by 

whether each check passed: 

Cᵈ = (1/n) Σᵢ₌₁ⁿ  sᵢ vᵢ                    (4) 

Cᵈ is the decision confidence, sᵢ is the model 

certainty for check i in [0,1], vᵢ is the validation 

outcome (1 if the check passed, 0 otherwise), and n 

is the number of checks. 

A decision that is highly certain but fails 

validation contributes little to the aggregate, so a 

low score reliably marks work that needs review. 

Decisions below the configured threshold escalate 

automatically, and the score gives controllers an 

interpretable signal they can weigh before 

approving or rejecting an action. 

D. Limitations and Threats to Validity 

The evaluation ran in a simulated S/4HANA 

environment, not in production, and therefore 

avoids much of the messiness of live data, 

integration faults, and organizational friction that a 
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real close encounters. Anyone who has managed a 

close across multiple entities knows that the hardest 

problems are often political and procedural, not 

algorithmic, and a simulation cannot reproduce 

those pressures faithfully. The results are specific 

to a single configuration and will not generalize 

cleanly across entity structures, charts of accounts, 

or levels of control maturity. Because the agents 

trained on historical data from the same 

environment, they are better at recognizing familiar 

patterns than at handling genuinely novel 

exceptions, which tempers the reported detection 

figures. 

The baseline is the pilot’s own pre-

automation process rather than a controlled trial, so 

the reported reductions are indicative rather than 

the product of a randomized comparison. Finally, 

the accuracy and confidence figures measure 

agreement with the validation checks I designed, 

not absolute correctness; the validation framework 

is itself a control whose design warrants scrutiny. A 

production pilot spanning multiple entities, with 

adversarial and previously unseen exceptions and 

an independent baseline, would be the stronger test, 

and I regard this study as establishing feasibility 

rather than settling the question. 

VI. Autonomy Taxonomy and the 

Controllership Function 

A. A Five-Level Autonomy Taxonomy 

Organizations adopt these capabilities 

incrementally, so it is useful to place the 

architecture on a ladder of autonomy, shown in Fig. 

4. At Level 0—the manual close—controllers 

perform every reconciliation, validation, and 

posting through spreadsheets, ERP reports, and 

email. Level 1 adds assisted automation: RPA bots 

and rule-based workflows take over repetitive 

tasks, but the work still needs continuous human 

monitoring and intervention. At Level 2, 

conditional agent execution, AI agents perform 

scoped tasks under fixed rules while material 

transactions are routed to a controller. Level 3 

introduces semi-autonomous orchestration, in 

which agents coordinate several accounting 

processes with automated escalation and 

dependency management, requiring only 

occasional human intervention. Level 4—human-

supervised autonomous finance and the target of 

this architecture—has agents running most 

operational functions within governance guardrails 

while controllers set policy, adjudicate exceptions, 

and own assurance. As autonomy rises, manual 

effort falls, but the demands on governance, control 

design, and assurance grow in proportion. 

 

Fig. 4. Five-level autonomy taxonomy for the financial close, from the fully manual close at Level 0 to human-

supervised autonomous finance at Level 4. 

B. The Evolving Role of the Controller 

As autonomy increases, the controller’s day-

to-day work shifts from executing the close to 

governing it: from running reconciliations to 

overseeing the agents that run them, and from 

reviewing individual transactions to setting policy, 
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managing exceptions by materiality, and owning 

the risk-control framework. Finance operations 

become continuous rather than concentrated at 

month-end, with reconciliation and variance 

analysis running throughout the period and the 

close itself becoming a confirmation step rather 

than a scramble. This is not a purely theoretical 

projection—organizations that have adopted 

continuous accounting already report a similar shift 

in the controllership workload profile [7]. 

To add value in this model, controllership 

teams will need deeper capability in AI 

governance, ERP integration architecture, control 

design, and audit analytics. The strategic value of 

the finance function shifts from manual transaction 

processing toward the interpretation of agent-

produced insight, the calibration of approval 

thresholds, and the design of escalation policies 

that balance throughput against risk appetite. In 

practical terms, the controller becomes less of a 

bookkeeper and more of a systems engineer for 

financial integrity. 

VII. Conclusion 

This paper has presented a multi-agent 

architecture for an autonomous financial close in 

which five specialized agents act on an SAP 

S/4HANA ledger through a governed integration 

layer, coordinated by a shared task graph and 

bounded by role-based authority, segregation of 

duties, audit logging, and human oversight. In a 

controlled pilot processing about 1.2 million 

transactions, the architecture reduced the close 

from 9 days to 2.8 days, raised the automated 

reconciliation rate from 52% to 94%, cut exception 

resolution from 16 hours to 3 hours, and lowered 

manual controller workload by roughly two-thirds, 

while maintaining 99.2% posting accuracy and 

complete audit trails. 

The central lesson is that autonomous agents 

shorten and de-risk the close only when they are 

embedded in explicit governance and auditability: 

the agents do the work, but explainability, 

immutable audit trails, segregation of duties, and 

human approval of material entries are what make 

that work trustworthy and let the controller move 

from operator to supervisor. Validating the design 

in production, across multiple entities and against 

genuinely novel exceptions, is the natural next step. 
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