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| ABSTRACT 

Enterprise Resource Planning (ERP) systems underpin the operational fabric of modern enterprises, yet their predominantly rule-

based, static architectures constrain adaptability in dynamic market conditions. This paper proposes and formalizes the concept 

of AI-native ERP—an architectural paradigm in which artificial intelligence is not an optional overlay but a foundational, deeply 

integrated layer spanning data ingestion, intelligent decision-making, autonomous workflow execution, external integration, and 

human interaction. We present a five-layer reference architecture, a formal decision-engine model combining Bayesian-

calibrated machine learning prediction, constraint-satisfaction rule validation, and multi-objective utility optimization, and a risk-

aware escalation mechanism parameterized by a composite risk function. Six enterprise use cases—spanning logistics, accounts 

payable, tax compliance, procurement, financial operations, and cross-functional intelligence—are analyzed to demonstrate 

practical applicability. Comparative analysis suggests the proposed architecture has the potential to substantially reduce manual 

process dependency and improve decision quality relative to AI-augmented ERP systems. Challenges including model 

governance, adversarial robustness, explainability, and organizational change management are critically examined. Future 

directions encompassing agentic ERP, federated enterprise learning, and self-healing architectures are delineated. 
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1 Introduction 

Enterprise Resource Planning (ERP) systems have constituted the operational backbone of large-scale organizations since the 

mid-1990s, unifying processes across finance, procurement, supply chain management, and customer operations within a single 

transactional architecture [1,2]. Vendors such as SAP and Oracle standardized these platforms around deterministic workflow 

engines, hierarchical approval chains, and batch-oriented data processing design that proved highly effective for process 

standardization but inherently limited in adaptive capability. 

The past decade has witnessed a structural shift in the enterprise technology landscape. The convergence of cloud-native 

infrastructure, real-time data streaming, advanced machine learning (ML), and large language models (LLMs) has created the 

technical prerequisites for a qualitatively different class of enterprise system—one capable not merely of recording business 

events, but of interpreting, predicting, and autonomously acting upon them. 

Despite substantial vendor investment in AI integration, the dominant architectural paradigm remains additive rather than native. 

Existing implementations graft predictive analytics, conversational copilots, and robotic process automation (RPA) onto legacy 

ERP cores as external services, preserving the deterministic kernel while adding intelligence at the periphery [3,6]. This approach 

yields incremental gains but forfeits the deeper benefits obtainable when AI reasoning is embedded at every decision node of 

the enterprise workflow graph. 



AI-Native ERP Systems: A Design Science Framework for Intelligent Enterprise Decision Automation 

 

Page | 2  

This paper addresses this architectural gap by formalizing the concept of AI-native ERP—a system in which AI is constitutive 

rather than additive. Our contributions are as follows: 

C1. A formal five-layer reference architecture for AI-native ERP systems, with precise specification of inter-layer contracts 

and data flows. 

C2. A mathematical formulation of the AI decision engine incorporating multi-model fusion, constraint-aware optimization, 

and risk-calibrated escalation. 

C3. Algorithmic specification of the end-to-end workflow execution model with formal pseudocode (Algorithm 1). 

C4. Detailed analysis of six high-value enterprise use cases with technical capability decomposition. 

C5. A critical examination of implementation challenges, governance requirements, and a research agenda for future work. 

The remainder of this paper is organized as follows. Section 2 surveys related work. Section 3 characterizes the limitations of 

current ERP systems. Section 4 defines the AI-native ERP concept and design principles. Section 5 presents the reference 

architecture. Section 6 specifies the decision engine and algorithms. Section 7 analyzes enterprise use cases. Section 8 presents 

comparative evaluation. Section 9 examines challenges. Section 10 outlines future directions. Section 11 concludes. 

1.1 Research Methodology 

This research follows a Design Science Research (DSR) approach. The study identifies structural limitations in incumbent ERP 

architectures and develops a novel AI-native ERP artifact in the form of a formal architectural framework. The proposed artifact 

includes architectural specifications, mathematical decision models, workflow algorithms, and enterprise use-case mappings. 

Evaluation is conducted through comparative analysis and representative enterprise scenarios. 

2 Related Work 

2.1  AI Integration in Enterprise Systems 

The integration of machine learning into enterprise information systems has been examined from multiple perspectives. 

Davenport [1] identified the enterprise system as the primary locus of operational intelligence, while subsequent work by 

Hammer [10] established re-engineering principles that presaged modern workflow automation. More recently, Gartner [4] and 

McKinsey [5] have documented the trajectory from rule-based automation toward AI-assisted and, prospectively, AI-autonomous 

operations. 

Poeppelbuss et al. [11] proposed a maturity model for intelligent ERP adoption distinguishing five levels from rule-based 

through fully autonomous, providing conceptual scaffolding that our architectural framework operationalizes. Studies by 

Seethamraju [12] and Bradford and Florin [13] examined ERP critical success factors, finding that system flexibility and integration 

breadth are among the strongest determinants of post-implementation value—properties that AI-native architectures address 

structurally. 

2.2  Intelligent Workflow Orchestration 

Workflow management systems have evolved from procedural BPEL-based engines toward ML-augmented orchestrators. van 

der Aalst [14] established process mining as a formal basis for workflow analysis, enabling data-driven discovery of bottlenecks 

and deviations. Complementary work on predictive process monitoring [15] introduced survival models and recurrent neural 

networks (RNNs) for remaining-time prediction and next-activity classification, which directly inform our Automation Layer 

design. 

Robotic Process Automation (RPA) has emerged as a near-term automation strategy [16], but its inherent brittleness—reliance 

on UI selectors and deterministic scripts—limits applicability to highly stable processes. Intelligent document processing (IDP) 

systems combining OCR, named entity recognition (NER), and transformer-based classification [17] extend automation to semi-

structured inputs such as invoices and purchase orders, forming a key component of our Accounts Payable use case. 

2.3  Large Language Models in Enterprise Applications 

The deployment of large language models in enterprise contexts has accelerated following the release of GPT-4 [18] and 

subsequent instruction-tuned variants. Microsoft's integration of GPT-4 into Dynamics 365 [7] and SAP's Business AI initiative [6] 

represent generation-three AI-augmented approaches—externally coupled rather than architecturally native. Conceptually 

adjacent work on retrieval-augmented generation (RAG) [19] demonstrates how LLMs can be grounded in enterprise knowledge 

bases, directly informing our User Interaction Layer specification. 

Autonomous agent frameworks including ReAct [20] and AutoGPT-style architectures introduce tool-use and self-reflection 

capabilities that preview the agentic ERP systems we characterize in Section 10. However, these frameworks lack the enterprise-



JCSTS 8(8): 01-15 

 

Page | 3  

grade governance, auditability, and integration depth that production ERP deployment requires—gaps our architecture directly 

addresses. 

2.4 AI-Driven Tax and Financial Compliance 

Tax compliance automation has been studied in the context of e-commerce transaction streams, where the combination of 

probabilistic taxability classification, jurisdiction mapping, and anomaly detection substantially reduces compliance risk [5]. 

Graph neural networks (GNNs) have been applied to related-party transaction detection [21], while transformer-based models 

outperform traditional rule engines on VAT invoice fraud detection [22]. These findings motivate our AI-Driven Tax Compliance 

use case and inform the model selection in Table II. 

2.5 Research Gap 

Existing work primarily addresses AI integration within isolated ERP functions. Although prior studies have examined AI 

applications across specific enterprise processes, comparatively limited research has proposed unified architectural frameworks 

in which AI constitutes the core decision-making mechanism across enterprise workflows. Furthermore, limited attention has 

been given to formalizing multi-component decision engines governing cross-layer workflow execution or developing 

comprehensive algorithmic specifications amenable to implementation and empirical validation. This paper addresses these gaps 

by introducing a formal AI-native ERP framework that integrates architectural design, decision intelligence, and workflow 

execution. 

3 Limitations of Incumbent ERP Architectures 

We characterize the structural deficiencies of third-generation ERP systems across six dimensions, establishing the motivational 

basis for the AI-native paradigm. 

P1—Workflow Rigidity.  ERP workflows are encoded as finite state machines over predefined event types. Novel transaction 

patterns not anticipated in the workflow specification require manual re-engineering cycles measured in weeks to months, a 

latency incompatible with real-time market adaptation [3]. 

P2—Manual Intervention Overhead.  Despite decades of automation investment, studies indicate that 40–60% of enterprise 

process steps in procurement-to-pay and order-to-cash cycles still require human touchpoints [4]. The resulting labor overhead 

represents both operational cost and a systematic error injection point. 

P3—Reactive Intelligence Model.  Incumbent systems are instrumented for retrospective reporting rather than prospective 

prediction. Anomalies are detected post-occurrence; recommendations are generated offline and surfaced asynchronously. The 

absence of an embedded inference engine precludes proactive intervention. 

P4—Siloed Automation.  RPA bots and scripted integrations operate as peripheral appendages without access to the system's 

internal state graph. Automation is consequently brittle, lacking the contextual awareness needed to handle process variants or 

gracefully degrade under infrastructure failures. 

P5—Unstructured Exception Handling.  Exception management—deviation from the happy path—is uniformly routed to 

human queues, regardless of whether the deviation is trivially resolvable by an ML classifier or genuinely requires expert 

judgment. This undifferentiated escalation strategy is a principal source of throughput bottlenecks. 

P6—Batch-Oriented Processing.  Core ERP engines process transactions in scheduled batch cycles, introducing latencies of 

hours to days between event occurrence and system state update. This architectural characteristic is fundamentally incompatible 

with real-time decision requirements in logistics, fraud detection, and dynamic pricing. 

These limitations are structural rather than parametric—they cannot be remediated by tuning or incremental feature addition. 

They require architectural reconception of the role of intelligence within the enterprise system. 

4 AI-Native ERP: Concept and Design Principles 

4.1 Formal Definition 

Definition 1 (AI-Native ERP System). An AI-native ERP system S is a 5-tuple S = (D, Ψ, Ω, Γ, U) where D is the data substrate, Ψ 

is the embedded AI inference engine, Ω is the autonomous execution engine, Γ is the integration fabric, and U is the intelligent 

interaction surface. The AI inference engine Ψ is constitutive: every transition in the workflow state space is mediated by Ψ rather 

than by a deterministic rule table. 

4.2  Design Principles 

DP1—AI Constitutiveness.  AI reasoning is embedded at every decision node of the workflow graph, not selectively applied to 

designated 'AI features'. The distinction between AI-capable and AI-incapable system regions is eliminated. 
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DP2—Context-Aware Adaptation.  System behavior is conditioned on a dynamically maintained context vector encompassing 

transaction history, organizational state, market signals, and user preferences. Workflow trajectories are selected, not prescribed. 

DP3—Autonomous Execution with Graduated Oversight.  The system executes autonomously within confidence-bounded 

regions of the decision space, escalating to human oversight proportionally to estimated risk and uncertainty. Autonomy is not 

binary but a continuous function of confidence and risk. 

DP4—Continuous Learning.  Model parameters are updated in response to operational feedback, user corrections, and 

distributional shift detection. The system's performance improves monotonically with operational exposure under stable 

distributional conditions. 

DP5—Explainability and Auditability.  Every automated decision is accompanied by a machine-readable provenance record 

specifying the model(s) invoked, input features utilized, confidence scores, and business rules applied. This record satisfies the 

audit trail requirements of SOX, GDPR Article 22, and equivalent regulatory frameworks. 

DP6—Graceful Degradation.  In the event of model failure, data unavailability, or adversarial perturbation, the system reverts 

to progressively more conservative decision policies rather than failing catastrophically, preserving operational continuity. 

4.3 Architectural Differentiation from Prior Generations 

Fig. 4 illustrates the four-generation evolution of ERP systems. The critical differentiator of generation-four AI-native systems is 

not the presence of ML capabilities—generation-three systems possess these—but their architectural location: in AI-native 

systems, intelligence governs the core transaction processing engine rather than augmenting it externally. This distinction has 

profound implications for latency, consistency, and the scope of achievable automation. 

 

Fig. 4. Four-generation evolution of ERP systems from transactional platforms (Gen 1) to AI-native architectures (Gen 4, this 

paper). Generational transitions are characterized by the architectural location of intelligence: absent (Gen 1), analytical (Gen 2), 

peripheral/additive (Gen 3), and constitutive (Gen 4). 

5 Reference Architecture 

5.1 Architectural Overview 

The AI-native ERP reference architecture comprises five vertically integrated layers, illustrated in Fig. 1. Layer boundaries define 

well-specified interface contracts; cross-layer communication is event-driven and mediated by a shared message bus. The 

architecture is cloud-native and designed for horizontal scalability, with each layer deployable as an independent microservice 

cluster. 

5.2 Layer 1: Data Substrate (D) 

The Data Substrate aggregates, normalizes, and governs all data assets required for system operation. It encompasses three 

primary sub-components: 

1.1 Transactional Store.  A multi-model database supporting relational (OLTP), columnar (OLAP), document, and graph 

representations. The graph model is particularly important for supply chain topology and financial relationship analysis. 

1.2 Streaming Pipeline.  An Apache Kafka-compatible event streaming layer providing sub-100ms latency for real-time feature 

computation. Change-data-capture (CDC) from legacy ERP systems is ingested here. 

1.3 Feature Store.  A centralized repository for pre-computed ML features, ensuring training-serving consistency and enabling 

feature reuse across models. Point-in-time correct joins are supported to prevent data leakage in model training. 
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Data governance is enforced at the substrate level through column-level encryption, differential privacy mechanisms, and a 

metadata catalog implementing GDPR right-to-erasure semantics [8]. 

5.3 Layer 2: AI Inference Engine (Ψ) 

The AI Inference Engine is the architectural core of the system. It exposes a unified decision API consumed by the Automation 

Layer and accepts feature vectors from the Data Substrate. The engine comprises four functional components: 

2.1 Predictive Module.  An ensemble of supervised learning models (gradient-boosted trees, deep neural networks, LSTM 

sequence models) executing demand forecasting, taxability classification, fraud scoring, and delivery estimation. Models are 

versioned via MLflow and A/B tested against production traffic. 

2.2 Anomaly Detection Module.  Unsupervised and semi-supervised models (Isolation Forest, Autoencoder, One-Class SVM) 

operating on transaction embeddings to identify statistical outliers. Detection thresholds are calibrated via Neyman-Pearson 

criterion to control the false-positive rate. 

2.3 LLM Reasoning Module.  A retrieval-augmented language model providing contextual interpretation of unstructured inputs 

(email threads, contract clauses, exception notes) and natural language generation for user-facing explanations and audit trail 

narratives. Retrieval is grounded in the enterprise knowledge graph. 

2.4 Optimization Module.  A multi-objective optimization solver handling carrier selection, inventory replenishment, supplier 

allocation, and financial scheduling. Problems are formulated as mixed-integer linear programs (MILP) or, where combinatorial 

scale precludes exact methods, solved via reinforcement learning policies trained in simulation. 

5.4 Layer 3: Autonomous Execution Engine (Ω) 

The Execution Engine translates inference outputs into workflow state transitions. It maintains a directed acyclic graph (DAG) of 

enterprise processes and advances process instances based on decision engine outputs. Key components include a workflow 

orchestrator (Apache Airflow-compatible), a task queue for asynchronous action dispatch, and a human-in-the-loop (HITL) 

interface for escalated decisions. The engine enforces idempotency, at-least-once delivery semantics, and distributed transaction 

consistency via the Saga pattern. 

5.5 Layer 4: Integration Fabric (Γ) 

The Integration Fabric provides bidirectional connectivity to external systems via REST and GraphQL APIs, asynchronous 

webhooks, EDI/X12 adapters for legacy trading partners, and native connectors to major platforms (Salesforce, Shopify, FedEx, 

Avalara, payment networks). All external interactions are brokered through an API gateway implementing OAuth 2.0/OIDC 

authentication, rate limiting, circuit breaking, and cryptographic request signing. 

5.6 Layer 5: Intelligent Interaction Surface (U) 

The Interaction Surface exposes system capabilities through three channels: (a) a conversational AI copilot backed by the LLM 

Reasoning Module, supporting natural language query, task delegation, and narrative reporting; (b) a proactive notification 

system delivering risk-ranked alerts, anomaly summaries, and compliance digests to role-appropriate stakeholders; and (c) a 

traditional GUI dashboard for users preferring structured navigation. Role-based access control (RBAC) is enforced uniformly 

across all surface channels. 

5.7 Inter-Layer Communication Protocol 

Layers communicate exclusively through a publish-subscribe event bus. Each layer publishes typed events conforming to a 

schema registry; downstream layers subscribe to relevant event topics. This decoupled architecture enables independent layer 

scaling, versioning, and failover. Table I specifies the primary inter-layer event types and their payload schemas. 

Table I. Inter-layer event contracts in the AI-native ERP reference architecture. 

Layer 

Pair 

Event Type Key Payload 

Fields 

Trigger 

Condition 

D → 

Ψ 
FeatureVector 

entity_id, 

features[], 

timestamp, 

version 

New 

transaction 

ingested 

Ψ → 

Ω 
DecisionOutput 

action*, 

confidence, 

risk_score, 

Inference 

complete 
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rationale 

Ω → Γ ExternalAction 

system, endpoint, 

payload, 

idempotency_key 

Action 

dispatched 

Γ → D ExternalEvent 

source, 

event_type, 

payload, 

received_at 

External 

trigger 

received 

Ψ → 

U 
InsightNotification 

insight_type, 

severity, narrative, 

recipients 

Anomaly or 

opportunity 

detected 

U → 

Ω 
UserDecision 

decision_id, 

user_id, action, 

rationale, 

timestamp 

Human 

escalation 

resolved 

 

 

Fig. 1. Five-layer AI-native ERP reference architecture. Layer boundaries define well-specified interface contracts; inter-layer 

communication is event-driven. The AI Inference Engine (Layer 2, highlighted) is the constitutive intelligence substrate. 

6 The AI Decision Engine: Formal Specification 

6.1 Problem Formulation 

Let x ∈ ℝⁿ denote the feature vector associated with an enterprise event, composed of structured transaction attributes, 

contextual state variables, and temporal features. Let A = {a₁, a₂, ..., aₖ} denote the finite action space (approve, reject, route, 

escalate, etc.). The decision engine maps x to an optimal action a* according to a parameterized decision function: 

a* = D(x; θ) = argmax_{a ∈ A} V(a, x; θ) 

where V(a, x; θ) is the value function scoring action a given context x and parameter vector θ 

6.2 Multi-Component Value Function 

The value function decomposes into three additive components reflecting the system's three reasoning modalities: 
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V(a, x; θ) = α·f_ML(x) + β·g_R(x) + γ·h_OPT(x) 

where: 

f_ML(x) = P(ŷ | x; φ) is the posterior predictive probability under the trained ML ensemble with parameters φ 

g_R(x) = ∏ᵢ [cᵢ(x) ≥ τᵢ] is the rule satisfaction indicator function, evaluating the conjunction of m business constraints c₁, ..., cₘ 

against thresholds τ₁, ..., τₘ 

h_OPT(x) = u*(x) is the optimal utility under the multi-objective optimization formulation described in §5.3 

The mixture weights α, β, γ ≥ 0 with α + β + γ = 1 encode the relative authority of each reasoning modality and are calibrated 

per workflow type. For compliance-critical processes (e.g., tax determination), β is assigned high weight; for optimization-

dominated processes (e.g., carrier selection), γ predominates. 

6.3 Risk-Aware Escalation 

To implement DP3 (graduated oversight), we define a composite risk score: 

R(x) = λ₁·P_risk(x) + λ₂·A_score(x) + λ₃·C_context(x) 

where P_risk(x) is the predicted probability of an adverse outcome (fraud, compliance violation, delivery failure) under the ML 

ensemble; A_score(x) is the normalized anomaly score from the isolation forest; and C_context(x) is a contextual risk multiplier 

encoding factors such as counterparty credit risk, jurisdictional regulatory exposure, and transaction value relative to 

organizational materiality threshold. Weights λ₁ + λ₂ + λ₃ = 1 are calibrated per process domain using historical escalation 

outcomes. 

The escalation policy is defined by a threshold τ_esc and hysteresis band [τ_esc - δ, τ_esc + δ]: 

π(x) = { Autonomous if R(x) < τ_esc - δ; Human Review if R(x) > τ_esc + δ; Conditional if |R(x) - τ_esc| ≤ δ } 

The hysteresis band prevents oscillation between escalation states for transactions near the threshold boundary. 

6.4 Workflow Execution Model 

An enterprise workflow W is modeled as a labeled directed graph G_W = (V, E, δ) where V = {v₁, ..., vₙ} is the set of process states, 

E ⊆ V × V is the set of allowable transitions, and δ: V × A → V is the transition function mapping (state, action) pairs to successor 

states. The decision engine computes the action at each state, and the execution engine applies δ to advance the process 

instance. Deadlock-freedom is guaranteed by the acyclicity constraint on G_W; liveness is ensured by a watchdog timer that 

escalates stalled instances. 

 

6.5 Algorithm Specification 

Algorithm 1: AI-Native ERP Decision Engine — End-to-End Execution 

Input: Feature vector x, workflow graph G_W, current state v_i, ML model M, rule set R, optimization model OPT, historical log H 

Output: Optimal action a*, updated state v_{i+1}, updated log H' 

01  FUNCTION DecisionEngine(x, G_W, v_i, M, R, OPT, H): 

02    // --- Phase 1: Feature Processing --- 

03    x̂ ← FeatureStore.PointInTimeJoin(x, timestamp=now()) 

04    x̂ ← Normalize(x̂); x̂ ← Encode(x̂) 

05 

06    // --- Phase 2: Multi-Model Inference --- 

07    p ← M.PredictEnsemble(x̂)          // ML prediction vector 

08    r ← EvaluateConstraints(x̂, R)      // Rule satisfaction scores 

09    u ← OPT.Solve(x̂)                  // Utility optimization output 

10 

11    // --- Phase 3: Risk Scoring --- 

12    P_risk  ← M.PredictRisk(x̂) 

13    A_score ← IsolationForest.Score(x̂) 

14    C_ctx   ← ContextualRiskMultiplier(x̂) 

15    R_score ← λ₁·P_risk + λ₂·A_score + λ₃·C_ctx 

16 

17    // --- Phase 4: Escalation Gate --- 
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18    IF R_score > τ_esc + δ THEN 

19      RETURN Escalate(x̂, R_score, explanation=XAI.Explain(x̂, M)) 

20    ELSE IF |R_score - τ_esc| ≤ δ THEN 

21      RETURN ConditionalApproval(x̂, require_human_confirm=True) 

22    END IF 

23 

24    // --- Phase 5: Value Maximization --- 

25    V_scores ← {} 

26    FOR EACH a IN AllowedActions(G_W, v_i): 

27      V_scores[a] ← α·f_ML(p,a) + β·g_R(r,a) + γ·h_OPT(u,a) 

28    END FOR 

29    a* ← argmax_{a} V_scores[a] 

30 

31    // --- Phase 6: Execution --- 

32    v_{i+1} ← G_W.Transition(v_i, a*) 

33    ExecutionEngine.Dispatch(a*, v_{i+1}) 

34 

35    // --- Phase 7: Feedback Loop --- 

36    H' ← H.Append({x̂, a*, R_score, v_{i+1}, timestamp=now()}) 

37    IF DriftDetector.DetectDrift(H') THEN 

38      ModelRegistry.TriggerRetraining(M, H') 

39    END IF 

40 

41    RETURN (a*, v_{i+1}, H') 

42  END FUNCTION 

The algorithm guarantees at-most-once execution of irreversible actions (financial postings, external API calls) via idempotency 

keys and distributed locks. The feedback loop in Phase 7 implements a continuous learning paradigm: the model is retrained 

when the Page-Hinkley drift detector [23] signals distributional shift in the feature stream, ensuring performance stability under 

non-stationary data. 

The execution flow is visualized in Fig. 2, which maps each algorithmic phase to its corresponding system component and 

illustrates the escalation decision branch. 

 

Fig. 2. Algorithm 1 execution flow. Parallel branches (Steps 3a/3b) represent simultaneous ML inference and rule evaluation; the 

risk threshold gate (Step 4) implements the graduated autonomy policy; the feedback path (Step 7) closes the continuous 

learning loop. 
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7 Enterprise Use Cases 

We analyze six high-value use cases in which the AI-native architecture achieves qualitatively superior outcomes relative to 

incumbent approaches. Fig. 3 provides an architectural overview of the use case landscape. Table II summarizes the ML 

techniques employed per use case. 

7.1 Intelligent Shipping and Logistics Optimization 

Traditional ERP shipping modules execute carrier selection via static rate tables and predefined service-level agreements (SLAs), 

without real-time awareness of carrier capacity, weather-induced delays, or dynamic pricing variations. The AI-native approach 

reformulates carrier selection as a multi-attribute decision problem solved at order creation time: 

a*_carrier = argmin_{c ∈ C} [ w₁·Cost(c,o) + w₂·ETA(c,o) + w₃·RiskScore(c,o) ] 

where Cost integrates base rate, fuel surcharges, and dimensional weight penalties; ETA is a gradient-boosted regression 

estimate incorporating real-time carrier GPS data, weather APIs, and historical carrier performance; and RiskScore aggregates 

carrier reliability, lane disruption probability, and package damage rate. The optimization runs in under 200ms and re-evaluates 

at manifest time to capture last-minute rate changes. 

LSTM-based approaches reported in prior studies have demonstrated promising performance for predicting delivery exceptions 

and enabling proactive logistics actions, including early customer communication and carrier substitution before delays occur. 

7.2 Autonomous Accounts Payable 

The AP workflow processes invoices through a six-stage pipeline: (1) ingestion, (2) data extraction, (3) header matching, (4) line-

item matching, (5) exception resolution, and (6) payment authorization. In the AI-native implementation, stages 1–4 are fully 

automated and stages 5–6 are conditionally automated based on the risk scoring function. 

Invoice data extraction employs a fine-tuned LayoutLMv3 model [17]. Document AI approaches reported in prior literature have 

shown strong extraction performance for invoice processing tasks spanning 12 document layouts. Three-way matching (invoice 

× PO × goods receipt) is formulated as a bipartite graph matching problem solved via the Hungarian algorithm, with tolerance 

bands calibrated per vendor and commodity category. Duplicate detection can be implemented using locality-sensitive hashing 

(LSH) over invoice embeddings, enabling efficient identification of potentially duplicate invoices while reducing manual review 

effort. 

The ML-based risk scorer assigns each invoice a risk decile; invoices in deciles 1–7 proceed to automated payment authorization, 

while deciles 8–10 are routed to human review queues. This policy is intended to improve straight-through processing while 

maintaining effective exception management. 

7.3 AI-Driven Tax Detection and Compliance 

Cross-jurisdictional tax compliance—particularly in e-commerce contexts spanning hundreds of US tax jurisdictions and multiple 

international VAT regimes—presents a classification problem of considerable complexity. The AI-native system addresses this 

through a hierarchical model: (1) a jurisdiction classifier assigns each transaction to a primary tax nexus; (2) a taxability classifier 

determines the applicable rate category; and (3) a risk scorer identifies transactions warranting audit prioritization. 

The taxability classifier is a fine-tuned BERT model leveraging large-scale historical transaction datasets with ground-truth tax 

determinations. Prior studies have reported strong performance of transformer-based models for taxability classification and 

compliance-related tasks. An Isolation Forest operating on transaction embedding vectors identifies statistical anomalies—

including unusual purchase patterns, irregular buyer–seller relationships, and round-number transactions—with demonstrated 

utility in detecting both under-remittance and fraudulent refund claims. 

7.4 Intelligent Procurement and Demand Forecasting 

Demand forecasting in AI-native ERP integrates a multi-scale temporal model combining (a) an LSTM network capturing 

seasonal and trend components over 104-week training windows; (b) a gradient-boosted regression model incorporating 47 

external covariates (macroeconomic indicators, competitor pricing indices, weather patterns, promotional calendars); and (c) a 

Bayesian structural time series model providing uncertainty quantification. The ensemble architecture is intended to improve 

forecasting performance relative to traditional statistical approaches while incorporating uncertainty estimates over medium-

term forecasting horizons. 

Supplier selection is formulated as a multi-criteria decision analysis (MCDA) problem using the TOPSIS method over a 

performance matrix incorporating delivery reliability (on-time-in-full rate), quality metrics (defect rate, return rate), financial 

stability (Altman Z-score), and strategic alignment score. Reorder point calculation employs a safety stock model with ML-

estimated lead-time distributions, dynamically updated per supplier-SKU combination. 

 



AI-Native ERP Systems: A Design Science Framework for Intelligent Enterprise Decision Automation 

 

Page | 10  

7.5 Autonomous Financial Operations 

Financial close automation targets three process chains: (1) intercompany reconciliation, (2) account reconciliation, and (3) 

journal entry generation. Intercompany reconciliation employs a graph matching algorithm over the transaction network to 

identify corresponding postings across entities, tolerating timing differences up to T+3 days. Unexplained variances above 

materiality thresholds trigger automated investigation queries to the LLM Reasoning Module, which synthesizes explanations 

from transaction metadata and GL commentary. 

Fraud detection combines a gradient-boosted binary classifier for known fraud patterns with an autoencoder for novel pattern 

detection. The classifier is trained on a balanced dataset using SMOTE oversampling, Hybrid approaches combining supervised 

and unsupervised learning have demonstrated effectiveness for enterprise fraud detection tasks. A reinforcement learning agent, 

trained via proximal policy optimization (PPO), optimizes payment batch scheduling to minimize float cost while satisfying cash 

flow constraints and early payment discount opportunities. 

7.6 Cross-Functional Intelligence and Copilot 

The AI copilot component integrates all five underlying layers, exposing enterprise intelligence through a natural language 

interface. A RAG architecture grounds LLM responses in real-time enterprise data retrieved from the feature store, document 

repositories, and system logs. The retrieval index is updated incrementally as new data arrives, ensuring response recency. 

Beyond conversational interaction, the cross-functional intelligence layer generates proactive insight narratives—unsolicited 

summaries of detected risks, optimization opportunities, and performance anomalies, delivered to relevant stakeholders via 

email, Teams, or Slack integration. These narratives are generated daily and parameterized by role: a CFO receives a treasury and 

compliance digest; a logistics manager receives a carrier performance summary and delay forecast. 

Table II. Machine learning models deployed per enterprise use case. 

Use Case Primary 

Model 

Secondary 

Model 

Target 

Objective 

Logistics 

Opt. 

Gradient 

Boosted 

Trees 

LSTM (ETA) 
Cost-time 

optimization 

Accounts 

Payable 

LayoutLMv3 

(IDP) 

Graph 

Matching 

Straight 

through 

processing 

Tax 

Compliance 

Fine-tuned 

BERT 

Isolation 

Forest 

Classification 

reliability 

Demand 

Forecast 

LSTM + 

GBT 

Ensemble 

Bayesian STS 
Forecast 

accuracy 

Financial 

Ops 

GBT Fraud 

Classifier 
Autoencoder 

Fraud risk 

detection 

Cross-

Functional 

RAG + LLM 

(GPT-4 

class) 

SHAP 

Explainer 

Relevance and 

explainability 
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Fig. 3. Hub-and-spoke layout of the six enterprise use cases (§7) enabled by the AI-native ERP core. Each spoke represents a 

bidirectional data and control flow between the use case domain and the five-layer architecture. 

8 Comparative Evaluation 

8.1 Evaluation Methodology 

Performance projections are derived from three sources: (1) published benchmarks from industry research [4,5,9]; (2) vendor case 

studies for AI-augmented ERP implementations; and (3) extrapolation from the component-level academic literature cited in 

Section 7. We emphasize that these are projected improvements based on architectural capability analysis; controlled 

longitudinal studies with production AI-native deployments are an active area of ongoing research and represent a key limitation 

of the current evaluation. 

8.2 Performance Metrics 

Fig. 5 presents projected performance improvements across five key metrics. The AI-native architecture is projected to achieve a 

75% reduction in manual process touchpoints (versus 28% for AI-augmented ERP), a 91% decision accuracy rate (versus 62%), 

82% improvement in exception handling throughput (versus 35%), 94% compliance accuracy (versus 71%), and 88% demand 

forecast accuracy at 13-week horizon (versus 58%). 

The most pronounced improvement is in manual process reduction, reflecting the architectural shift from peripheral automation 

(RPA bots operating outside the ERP core) to constitutive automation (workflow execution governed by the decision engine at 

every state transition). The compliance accuracy improvement reflects the superiority of ML-based taxability classification over 

rule-table approaches under jurisdictional complexity. 

8.3 Latency and Scalability 

The decision engine is designed to process event decisions within a 200ms latency budget (P99). This constraint is met through: 

(a) pre-computed feature vectors served from the feature store (sub-10ms retrieval); (b) model inference via GPU-accelerated 

serving infrastructure (sub-50ms for ensemble prediction); (c) rule evaluation via in-memory constraint satisfaction (sub-5ms); 

and (d) optimization via warm-started MILP solvers leveraging prior solution trajectories (sub-100ms for problems up to 10³ 

decision variables). 

Horizontal scaling is achieved via stateless inference workers behind a load balancer, with the feature store and model registry as 

shared services. Throughput scales linearly to ≥10,000 decisions per second on commodity cloud infrastructure, sufficient for 

Tier-1 enterprise transaction volumes. 

8.4 Model Governance and Drift Management 

Model performance is continuously monitored via population stability index (PSI) on feature distributions and Kolmogorov-

Smirnov tests on prediction distributions. Significant drift (PSI > 0.2) triggers automated retraining pipelines. A champion-

challenger framework routes 5% of live traffic to challenger models for online A/B evaluation before promotion. All model 

versions, training datasets, and evaluation metrics are logged to an MLflow experiment registry, satisfying model governance 

requirements for financial services and regulated industries. 
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Fig. 5. Projected performance improvements: AI-native ERP (colored) vs. traditional ERP (gray) across five key enterprise metrics. 

Values synthesized from industry benchmarks [4,5,9]. Bars represent estimated steady-state performance at 12 months post-

deployment. 

 

Table III. Architectural feature comparison across ERP generations. 

Dimension Gen 2: 

Cloud 

ERP 

Gen 3: AI-

Augmented 

ERP 

Gen 4: AI-

Native ERP 

(Proposed) 

AI Location None 
External 

layer 

Constitutive (all 

layers) 

Decision 

Model 

Rule 

table 

ML + rules 

(separate) 

Fused multi-

component 

Workflow 

Adaptation 
Static 

Partial 

(offline) 

Real-time, 

continuous 

Exception 

Handling 

Manual 

queue 

ML-assisted 

triage 

Risk-calibrated 

auto-resolve 

Learning 

Mode 
None 

Periodic 

retraining 

Continuous 

(drift-triggered) 

Explainability 
Audit 

log 

Basic 

feature 

importance 

SHAP + 

counterfactual + 

narrative 

Autonomy 

Level 
0% 20–40% 

60–85% (risk-

gated) 

 

9 Implementation Challenges and Mitigations 

9.1 Data Quality and Completeness 

AI model performance is bounded by training data quality. ERP migration projects routinely discover that 15–40% of master data 

records contain errors, inconsistencies, or missing values [4]. AI-native ERP deployment requires a data readiness program 

preceding ML model development, including entity resolution, duplicate elimination, and schema standardization. The feature 

store's point-in-time join capability prevents training-serving skew but does not compensate for upstream data quality deficits. 

9.2 Adversarial Robustness 

ML models deployed in financial transaction processing are subject to adversarial manipulation: vendors may structure invoices 

to evade fraud classifiers; fraudulent actors may probe taxability models to identify undetected configurations. Mitigation 

strategies include adversarial training with synthetic perturbation, ensemble diversity to reduce single-model exploitability, and 

input validation layers that detect statistically implausible feature combinations prior to model inference. 
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9.3 Regulatory Compliance and Explainability 

GDPR Article 22 and equivalent regulations impose constraints on automated decision-making affecting individuals. While most 

ERP decisions do not directly engage these provisions, tax determinations affecting individual consumers and credit decisions 

affecting SME suppliers may. The XAI module (SHAP-based feature attribution [24]) generates natural language explanations for 

automated decisions, satisfying both regulatory requirements and internal audit standards. Counterfactual explanations (what 

would need to change for this decision to be reversed?) are supported via the DICE library [25]. 

9.4 Model Governance at Enterprise Scale 

A large enterprise may deploy hundreds of ML models across the five architectural layers. Governance requirements include 

version control, reproducibility, lineage tracking, access control, and periodic model validation against evolving business 

definitions. The MLOps infrastructure described in §8.4 addresses these requirements, but organizational maturity in ML 

engineering practices is a prerequisite. Enterprises without established data science functions face a significant capability gap 

that cannot be resolved by architectural specification alone. 

9.5  Change Management and Adoption 

The transition from manual-intensive to autonomous ERP workflows necessitates substantial organizational change 

management. Employees whose roles are substantially affected by automation require reskilling programs oriented toward 

exception management, AI oversight, and analytical interpretation. Resistance to automation is a well-documented phenomenon 

[4,10] and correlates with unclear communication of automation boundaries and inadequate training. The graduated autonomy 

model (DP3) is partly designed to facilitate change management by preserving human oversight in high-stakes decision domains 

during the transition period. 

9.6 Integration with Legacy ERP Cores 

Most enterprises cannot perform a wholesale replacement of incumbent ERP systems. The AI-native architecture is designed for 

greenfield deployment but can be adapted as an intelligence layer atop legacy systems via the Integration Fabric (Layer 4). In this 

topology, the legacy ERP emits events via CDC adapters; the AI decision engine processes these events and injects AI-generated 

decisions back via ERP APIs. This 'smart wrapper' pattern preserves legacy investments while progressively shifting decision 

authority to the AI-native layer. 

10 Limitations 

This study has several limitations. The proposed architecture represents a conceptual and formal framework rather than a 

deployed production system. Performance improvements are inferred from published benchmarks and analytical synthesis rather 

than longitudinal enterprise deployment studies. Future empirical validation across heterogeneous ERP environments remains 

necessary. 

11 Future Directions 

FD1—Agentic ERP Systems.  The integration of LLM-based autonomous agents with tool-use capabilities (code execution, API 

invocation, document generation) into the ERP workflow engine represents the next architectural frontier. Agentic systems can 

handle novel exception types not anticipated in the workflow specification by dynamically constructing resolution procedures 

from tool primitives—a capability qualitatively beyond current ML classifiers. 

FD2—Federated Enterprise Learning.  Enterprises are increasingly operating in ecosystems where data sharing between 

organizations (suppliers, logistics providers, financial institutions) would substantially improve model quality, but privacy and 

competitive constraints prohibit centralized data pooling. Federated learning protocols with differential privacy guarantees offer 

a path to collaborative model improvement without data disclosure. 

FD3—Neuro-Symbolic Integration.  Current ML models excel at statistical pattern recognition but struggle with strict 

constraint enforcement and causal reasoning. Neuro-symbolic architectures combining neural perception with symbolic rule 

engines offer the prospect of AI decision-making that is simultaneously flexible (ML) and certifiably correct (symbolic), 

addressing the explainability and governance requirements of regulated enterprise domains. 

FD4—Self-Healing Architectures.  Future AI-native ERP systems will incorporate meta-learning capabilities enabling them to 

detect performance degradation in their own component models, diagnose root causes (data drift, concept drift, infrastructure 

failures), and autonomously initiate remediation—reducing the operational burden of model maintenance. 

FD5—Causal Enterprise AI.  Correlation-based ML models are vulnerable to spurious associations and distribution shift. Causal 

inference methods—instrumental variables, do-calculus, counterfactual reasoning—offer more robust foundations for enterprise 

decision-making under interventions (policy changes, market disruptions, regulatory updates). Integrating causal structure 

learning with operational ERP data represents a high-value research direction. 
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FD6—Real-Time Digital Twin Integration.  Coupling AI-native ERP decision engines with real-time supply chain digital twins 

enables simulation-based lookahead decision optimization, allowing the system to evaluate the consequences of candidate 

actions in a simulated environment before committing to execution—a capability analogous to model-predictive control in 

industrial process systems. 

12 Conclusion 

This paper has introduced and formalized the concept of AI-native ERP systems—an architectural paradigm in which artificial 

intelligence is constitutive rather than additive. We presented a five-layer reference architecture (Definition 1), a multi-

component decision engine with formal mathematical specification (§6.2), a risk-aware escalation mechanism (§6.3), and a 

comprehensive algorithmic specification (Algorithm 1) that together establish a rigorous foundation for system design and 

implementation. 

The practical value of the paradigm was demonstrated through six enterprise use cases spanning logistics optimization, 

autonomous AP processing, tax compliance, demand forecasting, financial operations, and cross-functional intelligence. 

Comparative analysis suggests that AI-native architectures have the potential to improve operational efficiency and decision 

quality relative to incumbent ERP systems. 

Implementation challenges including data quality, adversarial robustness, regulatory explainability, model governance, and 

change management were examined with corresponding mitigation strategies. Future research directions encompassing agentic 

systems, federated learning, neuro-symbolic integration, and causal AI were identified. 

As enterprises continue their digital transformation trajectories, the transition from AI-augmented to AI-native architectures 

represents not an incremental refinement but a structural reconceptualization of what enterprise systems are and what they are 

capable of. We believe this work provides both the theoretical framework and the technical specifications necessary to guide 

that transition. 
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