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From State to Decision: I-GATE Framework 

An Intelligent Gate Architecture for Multiscale Automotive Product Lifecycle Management 

Rashid Faridnia 1 

 

Abstract 

Modern automotive product development is characterized by tightly coupled technical, organizational, economic, and 

temporal processes in which decisions made at one stage of the product lifecycle can propagate through subsequent 

engineering, manufacturing, quality, supply-chain, and business activities. Conventional lifecycle governance approaches 

frequently evaluate development gates using static key performance indicators, predefined thresholds, and locally optimized 

engineering objectives. Such approaches can be effective for well-defined decisions, but they become increasingly limited 

when the system exhibits nonlinear interactions, feedback, uncertainty, delayed effects, and conflicting objectives. 

This paper proposes I-GATE, an intelligent gate architecture that transforms lifecycle information into an evolving decision 

state and subsequently into an adaptive gate decision. The central methodological proposition is a continuous computational 

chain: Data → Semantic Representation → State → Dynamics → Decision Manifold → Decision → Action → Learning. 
The architecture does not replace established engineering, PLM, simulation, or optimization tools; rather, it provides an 

orchestration layer through which heterogeneous evidence can be transformed into a common state representation and 

evaluated within a dynamic decision context. 

The proposed architecture introduces a multiscale representation in which local engineering evidence is interpreted at the 

component and deliverable level, aggregated at the vehicle-program level, and subsequently considered within platform, 

portfolio, and enterprise governance. A state vector containing cost, quality, risk, timing, performance, maturity, 

sustainability, manufacturability, validation status, and knowledge confidence is used to represent the evolving lifecycle 

condition. Dynamic state evolution is expressed as a state-transition process, while candidate gate actions are evaluated 

according to their expected consequences rather than solely according to their current KPI values. 

The contribution of the study is therefore architectural and methodological: I-GATE provides a reproducible framework for 

connecting lifecycle data, causal dynamics, multi-objective decision analysis, machine-learning representations, scenario 

evaluation, and adaptive learning within a single gate-governance process. The paper further defines a validation strategy 

based on structural validation, behavioral validation, comparative benchmarking, sensitivity analysis, robustness analysis, 

and ablation experiments. 

 

Keywords: I-GATE; intelligent decision-making; automotive product development; product lifecycle management; decision gates; 

system dynamics; multiscale systems; decision manifold; multi-objective optimization; adaptive governance. 

1. Introduction 
 

Automotive product development has evolved from a predominantly sequential engineering activity into a highly 

interconnected socio-technical system. A contemporary vehicle program simultaneously involves requirements 

management, product architecture, mechanical and electrical engineering, software development, simulation, testing, 

manufacturing engineering, procurement, supplier coordination, quality assurance, regulatory compliance, 

sustainability objectives, cost management, and market considerations. These activities are not independent. Instead, 

they form a network of dependencies in which a local engineering decision can generate consequences at program and 

enterprise levels. 

For example, reducing the mass or cost of a component may initially appear beneficial when evaluated using a local 

engineering objective. However, the same change may increase manufacturing complexity, reduce durability margins, 

increase supplier dependency, require additional validation, or introduce downstream quality risk. Similarly, 

accelerating a design release may improve schedule performance in the short term while reducing design maturity and 

increasing the probability of rework. Increasing battery capacity may improve vehicle range while simultaneously 

increasing mass, cost, thermal-management requirements, charging requirements, and manufacturing complexity. 

These examples demonstrate that the quality of a lifecycle decision cannot necessarily be determined from the 

immediate value of a single KPI. 
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Figure 1. I-GATE architecture from lifecycle evidence to adaptive gate decision and learning. 

The fundamental problem is therefore not simply optimization. It is decision-making under dynamic coupling. 

A conventional development gate can be represented as: 

Evidence → KPI Assessment → Threshold Check → Gate Decision 

In this representation, the gate is primarily an approval checkpoint. I-GATE instead proposes: 

Observe → Represent → Benchmark → Diagnose → Simulate → Decide → Act → Measure → Learn 

The difference is fundamental. A gate is no longer interpreted merely as a point at which the current status of a project 

is compared with predefined thresholds. It becomes a dynamic intelligence node that evaluates the current state, 

possible future trajectories, uncertainty, competing objectives, and consequences of alternative interventions. 

This perspective is consistent with the established understanding of complex dynamic systems. System Dynamics 

emphasizes feedback structures, accumulation, delays, and endogenous system behavior [1,2]. Systems engineering 

emphasizes the management of interacting requirements, architectures, stakeholders, and lifecycle processes [3]. 

Multi-objective decision theory provides mechanisms for representing conflicting objectives [4]. Machine learning 

provides mechanisms for learning nonlinear relationships from data [5], while graph-based representations can 

preserve structural dependencies between system entities [6]. The scientific challenge addressed by I-GATE is 

therefore not the invention of these individual methods, but their orchestration around the lifecycle decision problem. 

[1] 

  

1.1 Research Problem 
The research problem can be stated as follows: 

How can heterogeneous automotive product-lifecycle evidence be transformed into an evolving system state and 

subsequently used to generate robust, explainable, and adaptive decisions at lifecycle gates? 

This question contains several interconnected sub problems. 

First, lifecycle information is heterogeneous. PLM systems contain product structures and engineering changes; ERP 

systems contain cost and procurement information; manufacturing systems contain capacity and production data; 

quality systems contain defects and corrective actions; and validation systems contain test evidence. These datasets 

differ in structure, temporal resolution, semantics, and uncertainty. 

Second, lifecycle variables are causally interconnected. Cost, quality, risk, timing, maturity, and manufacturability 

cannot always be interpreted independently. The architecture therefore requires a representation capable of preserving 

relationships between variables before numerical optimization is applied. 

Third, the system evolves over time. A gate decision changes the future state of the development program. 

Consequently, a decision that appears attractive at time t may produce an undesirable state at time t+1. 

Fourth, several stakeholders may have different objectives. Engineering may prioritize performance and technical 

maturity, purchasing may prioritize cost and supplier resilience, manufacturing may prioritize launch readiness and 

process capability, and enterprise management may prioritize investment, market value, and strategic alignment. The 

resulting problem is therefore inherently multi-objective. 



Finally, uncertainty must be considered explicitly. Supplier disruption, requirement changes, technology maturity, 

market demand, and unforeseen engineering problems can alter the preferred decision trajectory. 

1.2 Research Gap 
Existing research provides strong individual methods for many of these challenges, but the methods are often treated 

as separate analytical components. 

System Dynamics provides a rigorous language for representing feedback and temporal evolution [1,2]. Multi-

objective optimization provides mechanisms for handling competing objectives [4]. Deep learning can approximate 

nonlinear relationships and extract latent representations from complex data [5]. Graph learning can exploit relational 

information between entities [6]. Reinforcement learning provides a framework for sequential decision-making under 

uncertainty [7]. [2] [18] 

However, the existence of these individual methods does not automatically produce an integrated lifecycle decision 

architecture. 

The research gap addressed here is therefore the absence of a sufficiently explicit computational bridge between: 

Lifecycle Evidence → Common State Representation → Dynamic Evolution → Candidate Actions → Decision 
Evaluation → Feedback Learning. 

The supplied automotive I-GATE manuscript already identifies this central architecture as: 

Data → Knowledge Graph → State → Dynamics → Decision Manifold → Decision → Action → Learning. 
The present article develops that concept into a more rigorous computational architecture and, importantly, defines 

how each layer can be validated independently. 

1.3 Research Questions 
The study addresses the following research questions. 

RQ1. How can heterogeneous automotive lifecycle information be represented as a common multidimensional state? 

RQ2. How can causal relationships between lifecycle variables be incorporated into the evolution of this state? 

RQ3. How can alternative gate decisions be evaluated according to both current state and predicted future 

consequences? 

RQ4. How can multi-objective optimization represent trade-offs among cost, quality, risk, timing, performance, 

maturity, and sustainability? [17] [33] [36] 

RQ5. How can learning mechanisms update decision rules without sacrificing traceability and interpretability? 

RQ6. How can the proposed architecture be validated against conventional gate-based decision-making and alternative 

computational models? 

1.4 Contributions 
The contributions of this paper are fivefold. 

Contribution 1 — State-centric lifecycle representation 

The paper defines a common state vector through which heterogeneous lifecycle variables can be represented within 

one computational space. 

A general state vector is defined as: 

X(t) = [C(t), Q(t), R(t), T(t), P(t), S(t), M(t), V(t), D(t), K(t)] 

where: 

C = cost condition 

Q = quality condition 

R = lifecycle risk 

T = timing/delay condition 

P = product performance 

S = sustainability 

M = manufacturing readiness 

V = validation maturity 

D = design maturity 



K = knowledge confidence 

The ten-dimensional representation is consistent with the automotive architecture developed in the manuscript, where 

the state layer receives evidence and evolves through System Dynamics, proxy models, and higher-level learning 

mechanisms.  [30] 

Contribution 2 — Dynamic state-to-decision formulation 

Instead of treating a gate decision as a static classification, the proposed model treats it as an intervention that changes 

the future lifecycle state. 

The general transition relationship is: 

X(t+1) = F[X(t), U(t), D(t), θ] + ε(t) 
where: 

X(t) = current lifecycle state 

U(t) = selected decision/action 

D(t) = observed lifecycle evidence 

θ = model parameters 

ε(t) = uncertainty or model error. 
This formulation establishes the mathematical bridge between lifecycle state and gate action. 

Contribution 3 — Decision Manifold 

Candidate decisions are represented within a state-dependent decision space rather than evaluated against one isolated 

KPI. 

The Decision Manifold is defined conceptually as: 

M(t) = M[X(t), C(t), O(t), U(t), L(t)] 

where: 

X(t) = system state 

C(t) = constraints 

O(t) = objectives 

U(t) = uncertainty 

L(t) = learned relationships. 

The framework defines the Decision Manifold as a state-dependent space shaped by constraints, objectives, 

uncertainty, and learned relationships. 

Contribution 4 — Multiscale decision architecture 

The framework connects three decision scales: 

Nano → Meso → Macro 

 
Figure 2. Multiscale Nano–Meso–Macro I-GATE architecture for automotive product-development decision intelligence. 

At the Nano level, individual components, requirements, tests, and engineering deliverables are evaluated. 

At the Meso level, interactions among components, engineering disciplines, suppliers, manufacturing activities, and 

vehicle-program objectives are evaluated. 

At the Macro level, platform, portfolio, investment, enterprise, and strategic governance decisions are evaluated. 



This architecture avoids treating local optimization as equivalent to system-level optimization. The supplied 

automotive transformation explicitly defines these three levels as local component/deliverable analysis, vehicle-

program interactions, and platform/portfolio/enterprise governance. 

Contribution 5 — Reproducible validation architecture 

Rather than claiming superiority from a conceptual architecture alone, the paper defines a validation protocol 

consisting of: 

structural validation, 

behavioral validation, 

comparative validation, 

sensitivity analysis, 

robustness analysis, 

ablation analysis, 

reproducibility testing. 

This distinction is important because the proposed framework explicitly recognizes that the architecture requires 

empirical calibration before claims of general superiority can be made. 

2. Problem Statement and Literature Review 
  

 
Figure 3. Automotive product-lifecycle stages and decision-gate mapping. [56] 

2.1 Automotive Product Lifecycle as a Complex Dynamic System 
A vehicle program can be represented as a collection of interacting subsystems[59] [63] [64] [71] [72] [73] [74] [77]: 

Product Architecture 

↕ 

Engineering 

↕ 

Suppliers 

↕ 

Manufacturing 

↕ 

Quality and Validation 

↕ 

Cost and Investment 

↕ 

Market and Enterprise Strategy 

The important characteristic is that these relationships are bidirectional and time-dependent. 

For example: 

Development Pressure → Engineering Errors → Rework → Delay → Increased Development Pressure [58] 

This reinforcing loop was identified in the original I-GATE formulation as a dynamic hypothesis for lifecycle 

evolution. 



 

The reinforcing loop illustrates why delay cannot always be treated as an independent KPI: increasing development 

pressure can increase errors and rework, which further increases delay and reinforces the original pressure. 

2.2 From KPI Monitoring to State Representation 
Traditional KPI monitoring generally evaluates individual variables: 

Cost ≤ Target 
Risk ≤ Threshold 

Quality ≥ Target 
Delay ≤ Limit 

However, a lifecycle system can satisfy individual thresholds while still being structurally unstable. 

For example: 

cost may be acceptable, 

quality may be acceptable, 

timing may be acceptable, 

while supplier concentration and design maturity are simultaneously deteriorating. [69] 

Therefore, I-GATE does not interpret a lifecycle state as a set of independent KPI values. Instead, the variables form 

a state vector whose interactions must be evaluated. 

The state representation can be written as: 

X(t) = [x1(t), x2(t), ..., xn(t)] 

with: 

xi(t) = φi(E(t), H(t), G(t)) 

where E represents current evidence, H represents historical information, and G represents lifecycle context. 

This creates a semantic bridge between raw evidence and computational decision-making. [10] 

2.3 State Evolution 

 

 

Figure 4. State transition and intervention mechanism linking lifecycle state, gate action, and disturbance. 

The original framework defines lifecycle evolution using the general dynamic relation: 

s(t+1) = f(s(t), a(t), w(t)) 

Development

Pressure

Engineering Errors

Rework

Delay



where s represents the lifecycle state, a represents the decision/action, and w represents uncertainty and 

disturbances.  [39] 

For the expanded automotive architecture, the formulation becomes: 

X(t+1) = F(X(t), U(t), W(t), θ) 
where: 

X(t) is the current state, 

U(t) is the gate action, 

W(t) is uncertainty/disturbance, 

θ represents model parameters. 
The significance of this formulation is that the decision is no longer evaluated only by its immediate effect. 

Instead: 

Decision → Future State → Future Consequences 

becomes part of the gate evaluation. 

2.4 Decision Manifold 
The Decision Manifold provides the geometric interpretation of this process. 

 
Figure5. Illustrative decision manifold showing feasible and attractive regions in normalized decision space. 

Suppose the state contains: 

Cost, Quality, Risk, Time, Performance, Sustainability 

A project can then be viewed as a point moving through a multidimensional state space. 

However, not every point is feasible. 

Engineering constraints define one region. 

Safety constraints define another. 

Manufacturing constraints further restrict the feasible region. 

Budget and timing constraints restrict it again. 

The resulting feasible region can be conceptualized as: 

Performance 

The important conceptual shift is from: 

“Which design has the best KPI?” 

to: 

“Which decision produces the most desirable and robust future trajectory?” 

2.5 Multi-Objective Decision Function 
A practical lifecycle objective can be represented as: 

J(X,U) = wC·C + wR·R + wT·T − wQ·Q − wP·P − wM·M − wS·S 



where positive terms represent undesirable quantities to be minimized and negative terms represent desirable quantities 

to be maximized. 

The optimization problem becomes: 

Minimize J(X,U) 

subject to: 

gk(X,U) ≤ 0 

and: 

xmin ≤ X ≤ xmax 

The important point is that the weights are not necessarily constant throughout the lifecycle. 

For example, during early concept development, performance and market value may receive relatively high 

importance. During industrialization, manufacturing readiness, quality, supplier capacity, and launch timing may 

become dominant. 

Therefore: 

w(t) = H(X(t), Stage(t), Governance(t)) 

can be used to represent phase-dependent decision priorities. 

This makes the optimization adaptive rather than static. 

2.6 Scenario-Based Decision Evaluation 
A robust gate decision should not be evaluated under only one assumed future. 

The proposed scenario framework can include: 

Scenario Description 

S0 Baseline development 

S1 Aggressive cost reduction 

S2 Quality/validation investment 

S3 Supplier capacity disruption 

S4 Accelerated technology adoption 

S5 Market-demand shock 

S6 Integrated I-GATE governance 

These scenarios are consistent with the automotive transformation of the framework. 

For each candidate action Uj, the model generates: 

Uj → Xj(t+1) → Xj(t+2) → ... → Xj(t+n) 
The decision is therefore evaluated according to its trajectory. 

2.7 Learning Loops 
A particularly important element of I-GATE is the distinction between three levels of learning. 

 
Figure 6. Triple-loop learning architecture for action, model, and decision-architecture revision. 

Single-loop learning 



The system asks: 

“Did the action achieve the expected KPI?” 

If not, the immediate action is corrected. 

Double-loop learning 

The system asks: 

“Was the decision rule itself appropriate?” 

If repeated decisions produce undesirable consequences, the rule is modified. 

Triple-loop learning 

The system asks: 

“Are the underlying objectives and governance assumptions still valid?” 

For example, if repeated cost-minimization decisions generate quality and supplier-risk problems, the organization 

may reconsider whether cost should remain the dominant objective. 

The framework defines these three learning levels explicitly and connects them to the recursive I-GATE chain. 

┌─────────────────────────┐ 

ACTION 

└────────────┬────────────┘ 

↓ 

KPI OUTCOME 

↓ 

SINGLE-LOOP 

Correct Action 

↓ 

DOUBLE-LOOP 

Correct Decision Rule 

↓ 

TRIPLE-LOOP 

Reconsider Governance 

│ 

└──────────────► 

2.8 System Dynamics Layer 
System Dynamics provides the transparent causal-dynamic layer of I-GATE. [13] [31] [32] 

A general continuous formulation is: 

dX/dt = F(X,U,W,θ) 
For a discrete simulation: 

X(t+Δt) = X(t) + Δt × F(X(t),U(t),W(t),θ) 
This formulation allows the system to represent: 

accumulations, 

delays, 

feedback, 

nonlinear relationships, 

resource constraints, 

risk propagation, 

rework, 

maturity growth. 

The purpose of this layer is not to replace data-driven models. It provides a transparent structural model against which 

more complex learned models can be interpreted and validated. 

This role is consistent with the System Dynamics foundations established by Forrester and Sterman [1,2] and with the 

model-validation perspective of Barlas [8]. 

Machine learning is introduced only where it provides a clear computational function. [19] [20] [22] 



Let the lifecycle input be: 

Z = [X, E, H, Ctxt] 

where: 

X = current state 

E = current evidence 

H = historical information 

Ctxt = lifecycle context. 

The learned model produces: 

Ǔ = fθ(Z) 

where Ǔ may represent: 

predicted quality, 

predicted delay, 

risk probability, 

expected cost, 

maturity trajectory, 

or future state. 

The model should be trained using independent training, validation, and test datasets. The underlying supervised-

learning formulation follows the established back-propagation paradigm [21]. 

Where lifecycle information contains sequential or contextual dependencies, a Transformer representation may be 

used. 

The standard scaled dot-product attention operation is: 

Attention(Q,K,V) = softmax[(QKᵀ)/√d]V 

where: 

Q = query matrix 

K = key matrix 

V = value matrix 

d = dimensionality of the key vectors. 

The framework already proposed Transformer-based representation for heterogeneous lifecycle information. 

However, in the revised paper, this equation will be presented as a computational component only if the corresponding 

implementation and experiment are actually included in the final reproducible code. 

The gate action space can be represented as: 

A = {GO, REVIEW, HOLD, REWORK, STOP} 

For each action ai: 

ai → predicted trajectory Xi(t+k) 
The decision can then be formulated as: 

a(t) = argmin ai J[Xi(t:t+H)]* 

subject to the relevant constraints. 

In words: 

Select the action whose expected lifecycle trajectory provides the most desirable balance of objectives while remaining 

within acceptable constraints. 

This is fundamentally different from: 

a = GO if KPI > Threshold 

because it explicitly evaluates future consequences. 

The final implementation should provide the complete chain: 

Raw Data 

↓ 

Data Dictionary 



↓ 

Preprocessing 

↓ 

State Construction 

↓ 

Dynamic Model 

↓ 

Optimization 

↓ 

Prediction 

↓ 

Scenario Simulation 

↓ 

Gate Decision 

↓ 

Evaluation 

↓ 

Every computational experiment must specify: 

dataset version, 

software environment, 

library versions, 

random seed, 

model parameters, 

optimization parameters, 

simulation horizon, 

initial conditions, 

evaluation metrics. 

3. Conceptual Model and Methodology 
  

3.1 Automotive Benchmarking as a Dynamic System 
Traditional benchmarking compares a KPI with a reference value: cost versus target, defect rate versus target, maturity 

versus target, or development time versus benchmark. I-GATE expands this concept. A benchmark becomes a 

reference trajectory embedded in a causal system. The relevant question becomes: Where are we now, why are we 

there, where are we likely to go, and what intervention changes that trajectory? 

Common decision state 

The supplied framework defines a ten-dimensional state vector: x(t) = [C, Q, R, V, T, CD, TRL, RE, SUS, CS]ᵀ, where 

cost, quality, risk, value, time, development maturity, technology readiness, efficiency, sustainability and satisfaction 

are represented together. For automotive benchmarking, the same structure can be instantiated with vehicle-

development measurements and normalized before manifold construction. 

Dynamic evolution 

The state evolves as ਄(t) = f(x(t),u(t),d(t),θ), where u is the decision vector, d represents disturbances and θ represents 

uncertain parameters. In an automotive program, disturbances include demand changes, supplier disruption, 

technology maturity shifts, validation failures, commodity-price changes, regulatory changes and late requirement 

changes. 

Key proposition 

A benchmark is useful only when it changes a decision. I-GATE therefore converts benchmark deviation into a 

candidate intervention, simulates its consequences, evaluates the resulting trajectory and records the learning. 



3.2 Nano-Level Component and Local Decision Intelligence 
Nano is the operational layer. It represents the smallest decision units that can observe evidence and execute actions: 

component teams, design owners, test teams, manufacturing cells, purchasing specialists, supplier quality engineers 

and individual deliverables. Nano preserves local autonomy while exposing each local state to a common benchmark 

and causal context. 

Nano inputs 

Design and engineering maturity indicators 

Component cost, weight and performance 

Test and validation results 

Failure modes, quality deviations and risk indicators 

Supplier readiness and capacity evidence 

Schedule variance and gate deliverable completion 

Technology readiness and interface maturity 

Nano benchmark logic 

For each local object i, a normalized deviation vector can be defined as bᵢ = (actualᵢ − benchmarkᵢ) / scaleᵢ. The vector 

should not be collapsed immediately to one score. Its dimensions remain visible so that a low cost score does not hide 

high risk or poor maturity. 

The framework emphasizes that a local decision must be evaluated against both immediate KPI and future trajectory 

because reinforcing and balancing loops can change outcomes over time. This becomes the central Nano rule: no local 

benchmark result is interpreted without its downstream consequence. 

Nano output 

The Nano level outputs a ranked set of candidate local actions, not a single mandatory command. These actions become 

inputs to the Meso simulation where interactions can reveal emergent effects. [28] 

3.3 Meso-Level Vehicle and Program Decision Intelligence 
Meso is the level at which local decisions interact. A vehicle program is more than the sum of its components. Interface 

dependencies, shared suppliers, common tooling, electrical architecture, software dependencies, validation sequencing 

and manufacturing constraints create emergent behavior. 

Meso intelligence 

The supplied I-GATE architecture defines Meso as the level where interaction networks, pattern recognition, emergent 

behavior and system-dynamics simulation are combined to produce system state and emergent insight. In automotive 

product development, Meso therefore asks whether a set of individually acceptable Nano decisions becomes 

collectively feasible. 

Detect conflicts between component decisions and vehicle architecture. [29] 

Identify clusters of risk that share a common supplier or interface. 

Simulate how capacity, timing and validation dependencies propagate. 

Compare alternative program strategies under common scenarios. 

Identify reinforcing loops such as investment → maturity → quality → value → investment. 
Identify balancing loops such as schedule compression → validation reduction → risk increase → rework. 

Emergent pattern example 

Suppose several Nano teams reduce component cost simultaneously. At Meso, the combined sourcing changes may 

increase supplier concentration, logistics complexity and validation burden. The benchmark winner at Nano can 

therefore become a program-level risk. I-GATE detects this through the interaction graph and trajectory simulation 

before the decision is locked at a gate. 

3.4 Macro-Level Platform, Portfolio and Enterprise Governance 
The Macro level represents automotive enterprise governance, including platform, portfolio, investment, technology-

roadmap, and long-term value decisions. It addresses platform strategy, vehicle portfolio, capital allocation, technology 

roadmaps, supplier strategy and long-term value. The purpose is not to override Nano and Meso decisions but to 

reframe their priorities when enterprise constraints or opportunities change. 

Macro decision dimensions 



The proposed framework describes Hyper governance as the level where strategic priorities, constraints and trade-offs 

are reframed, followed by feedback to local decisions. The automotive Macro layer follows the same principle. 

Benchmarking at Macro 

Macro benchmarking should compare not only absolute performance but strategic trajectory: platform cost curves, 

development cycle time, quality maturity, technology readiness, supplier resilience and return on investment. A 

program that is temporarily below benchmark may still be preferred if it creates a strategically valuable platform 

capability. [75] [76] 

Governance principle 

Weights and objectives are governance parameters. The proposed framework explicitly states that the weights of the 

multi-objective decision function can change with strategic priorities. Therefore, I-GATE exposes rather than hides 

the strategic assumptions behind benchmark-based optimization. 

3.5 I-GATE Automotive Architecture 
Figure 8. Knowledge-graph representation connecting lifecycle entities, evidence, state, risk, and gates. 

I-GATE is an orchestration architecture rather than a replacement for individual engineering, PLM, simulation or 

analytics models. The framework defines this principle explicitly: enterprise/IoT data enter a semantic layer; System 

Dynamics explains evolution; AI provides representation and pattern learning; the Decision Manifold organizes 

feasible and high-performing decision regions; governance and learning close the loop. 

Layer 1 — Data and evidence 

PLM records, engineering data, test evidence, quality events, supplier information, manufacturing capacity, cost and schedule observations 

are mapped to semantic entities. 

Layer 2 — Knowledge Graph 

Nodes represent vehicle systems, components, requirements, tests, suppliers, plants, KPIs and decisions. Relations capture depends-on, 

affects, consumes, constrains, supplies and competes-with relationships. This preserves traceability before numerical optimization. 

Layer 3 — State Evolution 

The ten-dimensional state representation is updated as evidence arrives. Level 1 uses transparent System Dynamics; Level 2 uses proxy 

models for repeated or nonlinear relationships; Level 3 adds graph learning, temporal representation and adaptive governance. The 

framework defines these as complementary rather than mutually exclusive levels. 

Layer 4 — Decision Manifold 

Candidate decisions are represented in a feasible and desirable decision space shaped by constraints, objectives, uncertainty and learned 

relationships. 

Layer 5 — Governance and feedback 

Selected actions are implemented, measured and returned to the knowledge and state layers. The resulting loop converts one-time 

benchmarking into continuous decision intelligence. 

3.6 Research Design and Scientific Contribution 
Proposed empirical design: 

The architecture should be tested against historical automotive development decisions. A suitable study can compare 

conventional benchmark-based gate decisions with I-GATE-assisted decisions using matched programs, historical 

snapshots or controlled simulation calibrated from real data. The comparison should not assume that I-GATE is 

superior; it should test whether the architecture improves robustness, traceability, early-warning capability and 

trajectory quality. 

Expected contribution: 

The scientific contribution is architectural. The proposed framework argues that existing capabilities are strong but 

partially separated: System Dynamics for feedback, systems engineering for lifecycle structure, nexus research for 

cross-domain coupling, AI for pattern learning and decision theory for trade-offs. The automotive transformation 

makes the same argument for PLM, engineering simulation, benchmarking, quality/risk management, supplier 

analytics and enterprise governance. [60] [61] [62] 

Conceptual proposition: 

For dynamically coupled automotive product-development systems, decision quality depends not only on benchmark 
distance or expected KPI performance but also on cross-domain causality, future trajectory, uncertainty, trade-offs and 

adaptive governance. I-GATE provides an architecture in which these dimensions can be evaluated within one 

recursive decision process. [14] 

 



Important limitation: 

The present study is a methodological framework and does not constitute empirical proof of general superiority. Real 

automotive datasets are required to calibrate the state variables, causal relationships, weights, uncertainty ranges and 

comparative performance. This follows the limitation stated in the supplied source, which explicitly requires empirical 

calibration before claims of general superiority. 

4. Mathematical and Computational Model 
  

4.1 State-to-Decision Mathematical Core 
The central mathematical idea in the proposed framework is that a decision should not be represented as a permanent 

optimum but as a point or trajectory within an evolving state-dependent decision space. Let M(t) denote the Decision 

Manifold at time t; M(t) depends on state, constraints, objectives, uncertainty and learned relationships. 

Benchmark-aware objective 

A practical automotive objective can be expressed conceptually as J = wC·C + wR·R + wT·T − wQ·Q − wV·V − 
wM·Maturity, subject to engineering, safety, capacity, budget and timing constraints. The weights are governance 

parameters and may change by program phase. 

Dynamic decision 

u*(t) = arg min J[x(t),u(t)] subject to ਄ = f(x,u,d,θ). The important point is not the optimization notation itself; it is the 

explicit evaluation of future consequences. 

Dynamic game extension 

When several actors have partially conflicting objectives—engineering, purchasing, manufacturing, suppliers and 

enterprise management—the problem can be represented as a dynamic game. The framework defines G = {N,X,U,J}, 

where N is the agent set, X the shared state, U the action space and J the agent objectives. 

Decision Manifold 

The manifold makes benchmarking geometric. Instead of asking whether one KPI is above or below a target, I-GATE 

asks whether the current program lies in a safe, feasible and desirable region of the multi-dimensional development 

space. 

4.2 Scenario and Trajectory Analysis 
The framework defines scenario analysis as a core part of the computational workflow and distinguishes baseline, 

growth, efficiency, resource-constrained and integrated-governance scenarios. For automotive development, the 

scenario set can be reformulated as follows. 

Trajectory evaluation 

Each candidate decision generates a state trajectory rather than a scalar result. Evaluation criteria can include cost, 

quality, risk, timing, technology maturity, supplier resilience, manufacturing readiness and vehicle value. The selected 

decision should be robust across plausible scenarios rather than optimal only under one nominal assumption. 

Gate transformation 

The framework proposes the conceptual transformation Gate = Approval Point → Gate = Dynamic Intelligence Node. 
In automotive development this means that a gate evaluates current evidence, predicted trajectory, benchmark position, 

uncertainty and stakeholder interaction before selecting the next action. 

4.3 Benchmarking and Decision Selection 
Benchmarking becomes decision selection when candidate interventions are explicitly compared. I-GATE can preserve 

the benchmark vector, calculate deviation, simulate consequences and score the resulting trajectories against a multi-

objective governance function. 

Selection principle 

A robust decision is not necessarily the best decision in every scenario. The framework defines robustness as avoiding 

unacceptable failure across a wide range of plausible futures. This principle is especially relevant to automotive 

programs because supplier, technology and market uncertainty can shift the preferred action. 

Decision switching 



Decision-switching frequency measures how often the preferred policy changes when parameters or scenarios change. 

High switching indicates a fragile boundary; low switching with acceptable performance indicates greater robustness. 

Practical gate output 

The gate output should contain: selected action, rejected alternatives, benchmark position, key causal drivers, scenario 

performance, sensitivity, robustness, assumptions and accountable decision owner. 

4.4 Triple-Loop Learning in Automotive Development 
The framework defines three learning layers: single loop asks whether actions produce the expected KPI; double loop 

asks whether the decision rules are appropriate; triple loop asks whether governance assumptions and objectives remain 

valid. 

Single loop — KPI correction 

Example: a component exceeds cost target. The team adjusts design, sourcing or process parameters. The benchmark 

itself remains unchanged. 

Double loop — decision-rule adaptation 

Repeated deviations reveal that the original cost rule may be inappropriate because it systematically creates quality or 

supplier-risk penalties. The organization changes how the decision is made. 

Triple loop — governance reframing 

If the enterprise repeatedly discovers that short-term cost optimization damages long-term platform value, the 

governance objective itself is reconsidered. The benchmark is no longer treated as an unquestionable target. 

Why this matters 

The learning loop prevents I-GATE from becoming a sophisticated static dashboard. Its purpose is to make the decision 

architecture adaptive. The proposed framework summarizes the intended chain as: 

Data → Knowledge Graph → State → Dynamics → Decision Manifold → Decision → Action → Learning. 
Learning evidence 

Observed outcome versus predicted outcome 

Prediction error and model drift 

Decision switching frequency 

Benchmark stability 

Constraint violations 

Post-gate quality and timing outcomes 

Changes in causal relationships and governance weights 

4.5 Data-to-State Transformation 
The proposed architecture treats the lifecycle state as a derived scientific construct rather than as a direct copy of a 

database table. Automotive development data originate in heterogeneous systems with different identifiers, update 

frequencies, units, uncertainty levels, and semantic conventions. A requirement record, a CAD maturity indicator, a 

test result, a supplier-capacity observation, and a manufacturing yield measurement cannot be concatenated without 

first establishing their meaning and temporal context. I-GATE therefore introduces a data-to-state transformation layer 

in which evidence is cleaned, normalized, temporally aligned, mapped to lifecycle entities, and aggregated into state 

variables. This design is consistent with the broader principle that computational models should preserve provenance 

and semantic traceability rather than treating all observations as interchangeable numerical features [24–27]. 

 
Figure 7. State-space transition from current lifecycle state to future state under actions and disturbances. 



For each state variable, the transformation function should be explicitly documented. A normalized state component 

may be written as follows: 

z_i(t) = [y_i(t) - y_i,ref] / s_i 

where y_i(t) is the observed lifecycle measurement, y_i,ref is the selected reference or benchmark, and s_i is a scaling 

factor. The normalization is not intended to erase engineering meaning. Rather, it creates a common numerical 

representation while retaining the original value, unit, source, timestamp, confidence, and transformation rule as 

metadata. This distinction is essential for auditability and for later inverse interpretation of a decision. 

The resulting state should therefore be represented by both a numerical vector and a provenance structure. The 

numerical vector supports simulation and optimization; the provenance structure records which evidence contributed 

to each state component. A gate recommendation without this evidence-to-state trace would be computationally 

efficient but organizationally weak because decision owners could not inspect the basis of the recommendation [28,29]. 

4.6 State-Space and Dynamic Formulation 
The state-space representation is the mathematical core of I-GATE. The state vector describes the current condition of 

the development system, while the transition function describes how that condition changes under actions and 

disturbances. In the discrete form, the architecture is expressed as: 

X(t+1) = F(X(t), U(t), W(t), θ) + ε(t) 
Here X(t) is the ten-dimensional lifecycle state, U(t) is a gate action or intervention, W(t) is a vector of exogenous 

disturbances, θ is the parameter vector, and ε(t) represents process and measurement uncertainty. The formulation 
deliberately separates state, action, disturbance, and parameter uncertainty because these quantities have different 

governance implications. An action can be changed by management; a disturbance may not be controllable; a parameter 

can be recalibrated from data; and an observation error requires measurement treatment. 

For continuous-time system-dynamics implementations, the equivalent representation is: 

dX/dt = F(X, U, W, θ) 
The discrete approximation is useful when lifecycle events are naturally organized by weeks, milestones, engineering 

releases, test cycles, or gate intervals. The continuous representation is useful when accumulation and flow processes 

must be modelled explicitly. The two formulations are therefore complementary rather than competing representations 

[1,2,30,31]. 

4.7 Causal Structure and Feedback 
A central methodological requirement is that state variables must not be treated as statistically independent when the 

lifecycle process contains feedback. For example, schedule pressure can reduce validation effort, which can increase 

defect escape probability, which can increase rework and therefore further increase schedule pressure. Such a 

reinforcing structure is not adequately represented by a static regression table. I-GATE therefore uses causal-loop 

hypotheses before numerical optimization. The causal model identifies plausible directional relationships, while 

parameterized simulation determines whether the hypothesized relationships reproduce observed behavior[51]. 

 

 

The causal representation should be subjected to structural review with domain experts and to behavioral tests against 

historical trajectories where data are available. This separation between structural validity and behavioral validity 

follows established System Dynamics validation practice [3,8,30,32]. 

Pressure

Validation

Compression

Defect Exposure
Rework

Delay



4.8 Multi-Objective Decision Model 
Automotive lifecycle gates rarely have a single objective. Cost, quality, risk, timing, performance, manufacturing 

readiness, sustainability, and technology maturity may conflict. I-GATE therefore represents the gate as a constrained 

multi-objective problem. The normalized objective vector can be written as: 

F(X,U) = [f_cost, f_quality, f_risk, f_time, f_performance, f_sustainability, f_maturity] [65] [66] [67] [68] 

The decision problem is then to identify non-dominated alternatives rather than prematurely collapsing the objectives 

into one arbitrary scalar. A Pareto solution is one for which no alternative improves at least one objective without 

worsening another. This is particularly important when decision weights are uncertain or governance priorities vary 

across lifecycle stages [4,33–36]. 

When a scalar governance score is required, the weighted form may be used only after the objective directions and 

normalization procedures have been made explicit: 

J(X,U,t) = Σ_i w_i(t) f_i(X,U) 
The time-dependent weights w_i(t) make explicit the fact that governance priorities can change between concept 

development, design freeze, validation, industrialization, and launch. The weights are therefore governance 

assumptions, not universal physical constants. 

4.9 Pareto and Gate Selection 
The computational gate engine should first generate a feasible candidate set and then identify the non-dominated 

subset. A subsequent governance layer may select one action using robustness, risk tolerance, or stakeholder 

preferences. This separation prevents the optimization algorithm from silently embedding managerial preferences that 

should instead be visible to decision makers. NSGA-II provides a well-established baseline for this purpose [34], while 

decomposition-based and indicator-based methods provide additional alternatives for larger objective spaces [35,36]. 

[35] 

P* = {u ∈ U : no feasible v ∈ U dominates u} 

The selected action should therefore be reported together with rejected alternatives and the trade-offs that caused 

rejection. This is a key explainability requirement for lifecycle governance. 

4.10 Decision Manifold and Feasibility 
The Decision Manifold is used as a conceptual and computational representation of feasible and desirable decision 

regions. It is not claimed to be a new mathematical manifold in the differential-geometric sense unless such a formal 

construction is explicitly implemented. In the present paper it denotes a state-dependent decision space whose 

boundaries are determined by constraints, objectives, uncertainty, and learned relationships. This terminology avoids 

repeating the hyperstructure-theory overclaim identified by the previous review and keeps the contribution aligned 

with the implemented architecture. 

M(t) = {u : g_k(X(t),u) ≤ 0, k = 1,...,m} 

The set M(t) changes as the lifecycle state changes. A decision that is feasible at one gate may become infeasible later 

because of capacity, validation, supplier, regulatory, or timing changes. This dynamic interpretation is one of the 

principal distinctions between I-GATE and static scorecard governance. 

4.11 Uncertainty and Robust Decision Making 
Lifecycle decisions are made under uncertainty arising from incomplete evidence, stochastic events, uncertain 

parameters, and deep uncertainty about future conditions. The architecture therefore separates model uncertainty from 

scenario uncertainty. Parameter sensitivity can be measured using a normalized elasticity-type coefficient: [11] [37] 

[38] 

S_i = (ΔY / Y) / (Δθ_i / θ_i) 
For deeper uncertainty, scenario ensembles are preferable to a single probabilistic forecast when the probability 

distribution itself is poorly known. Robust decision-making literature emphasizes evaluating policies over a wide range 

of plausible futures rather than optimizing against one assumed future [11,37–39]. 

Machine learning is included in I-GATE only when it provides a measurable computational advantage or predictive 

capability. Suitable tasks include estimating nonlinear quality relationships, predicting delay, classifying risk, or 

approximating expensive simulation functions. The model must be trained on a temporally and procedurally defensible 
dataset. Random splitting is not automatically appropriate for lifecycle data because it can leak future information into 

the training set. Where chronology matters, blocked or rolling validation should be preferred [40–43]. 



The predictive model should be evaluated with task-appropriate metrics. For continuous prediction, examples include 

mean absolute error, root mean squared error, and coefficient of determination. For classification, accuracy alone is 

insufficient when classes are imbalanced; precision, recall, F1, ROC-AUC, and calibration should be considered. The 

model is therefore evaluated as a scientific component rather than accepted because it is labelled 'deep learning'. [23] 

Transformer models are appropriate when lifecycle evidence contains long-range sequential or contextual 

dependencies. The scaled dot-product attention operation is: [9] 

Attention(Q,K,V) = softmax[(QKᵀ) / √d] V 

The graph representation is complementary. A vehicle program can be represented as a graph whose nodes correspond 

to components, requirements, tests, suppliers, manufacturing resources, risks, and decisions, while edges represent 

relationships such as depends-on, constrains, supplies, affects, or validates. Graph neural networks can then learn 

relational representations, provided that graph structure and labels are available [44–47]. 

If the empirical implementation includes reinforcement learning, the problem is represented as a Markov Decision 

Process with state X, action U, transition probability P, reward R, and discount factor γ. The optimal value function 
satisfies: [48] [49] [50] 

V*(X) = max_U [ R(X,U) + γ Σ_X' P(X'|X,U) V*(X') ] 

5. Automotive Case Study 
  

5.1 Case Study Definition and Automotive Lifecycle Scenario 
To evaluate the proposed I-GATE architecture, an automotive product-lifecycle decision scenario was constructed 

around a multi-stage vehicle development process. The case study represents the progression of a vehicle program 

through a sequence of lifecycle gates, where engineering and management decisions must be made under interacting 

constraints related to cost, quality, risk, development time, performance, manufacturing readiness, validation status, 

and sustainability. 

The purpose of the case study is not to claim that the computational benchmark represents a complete production 

vehicle or a proprietary industrial program. Rather, it provides a reproducible computational representation of an 

automotive lifecycle decision environment in which the proposed state-to-decision mechanism can be evaluated. This 

distinction is important because the framework is intended to operate on heterogeneous lifecycle information rather 

than on a single static engineering optimization problem. 

The lifecycle is represented by decision gates          : 

 

KICK OFF, STRATEGIC PLANNING, STRATEGY READY, PACKAGE SIGNE OFF, PROGRAM APPROVAL, DESIGN 

COMPLETE, CHANGE CUTOFF, PROVE OUT, LANCH SIGNE OFF JOB ONE, FINAL STATUES 

At each gate, the decision maker observes the current lifecycle state and selects an action. The state is therefore not 

represented by a single engineering variable but by a multidimensional state vector. 

The state vector used in the computational prototype is: 

X(t) = [Cost(t), Quality(t), Risk(t), Time(t), Performance(t), Maturity(t), Sustainability(t), Manufacturability(t), Validation(t), 

Confidence(t)] 

Thus, the dimensionality of the lifecycle state is: 

n = 10 

Each component is normalized to the interval [0,1]. For variables that represent undesirable conditions, such as cost, 

risk, and schedule pressure, lower values are preferable. For variables representing desirable lifecycle conditions, such 

as quality, maturity, validation, and performance, higher values are preferable. 

This representation allows I-GATE to move from a conventional scalar optimization formulation toward a state-based 

decision representation. 

The lifecycle state evolves according to: 

X(t+1) = F(X(t), U(t), W(t), G(t)) 

where: 

X(t) = current lifecycle state, 

U(t) = selected decision action, 



W(t) = environmental or process disturbance, 

G(t) = current lifecycle gate, 

F(.) = state-transition function. 

The six gates are not treated as independent optimization problems. Instead, each gate modifies the state available to 

the subsequent decision stage. Consequently, a decision made at an early stage can influence downstream quality, 

validation, risk, manufacturing readiness, and lifecycle cost. 

This characteristic is particularly important for automotive product development because many lifecycle decisions are 

path-dependent. For example, a design decision made during system design may reduce immediate development cost 

but increase validation effort or manufacturing complexity at a later stage. 

 
Figure 8. Automotive lifecycle decision architecture 

 

At each gate: 

Lifecycle State 

↓ 

Transformer 

↓ 

Actor-Critic 

↓ 

Decision 

↓ 

State Transition ↺ 

The purpose of Figure 8 is to demonstrate that I-GATE does not simply optimize a static design vector. It observes the 

evolving lifecycle state and determines an action at successive decision gates. 

5.2 Automotive State Variables, Actions and Computational Data 
The computational case study uses ten state variables to represent the multidimensional condition of the vehicle-

development program. The variables were selected to cover the major dimensions of lifecycle decision quality. 

  

All variables are normalized to [0,1]. Normalization does not imply that the original engineering variables are 

intrinsically dimensionless. Rather, it provides a common computational representation for integrating heterogeneous 

lifecycle information. 

For example, an engineering database may contain monetary cost, calendar duration, test failures, reliability indicators, 

quality measurements, manufacturing readiness indicators, and sustainability metrics. These heterogeneous 



measurements must first be transformed into comparable state variables before they can be processed by a common 

decision engine. 

The computational prototype therefore follows the transformation: 

Raw lifecycle data 

→ normalization 

→ lifecycle state vector 
→ temporal representation 

→ learned representation 

→ decision 

→ state transition. 
Decision actions 

The prototype contains six decision actions: 

A1 = Continue 

A2 = Redesign 

A3 = Additional Validation 

A4 = Supplier Mitigation 

A5 = Schedule Recovery 

A6 = Design-to-Cost 

These actions are not merely labels. Each action produces a different perturbation of the lifecycle state. 

For example, redesign is expected to improve quality, validation and maturity, but may temporarily increase cost and 

schedule pressure. 

Additional validation is expected to reduce risk and increase validation confidence, but may require additional time. 

Schedule recovery primarily targets schedule pressure but may introduce trade-offs in other lifecycle variables. 

Therefore, the transition can be represented as: 

X(t+1) = clip[X(t) + ΔU(t) + ΔG(t) + W(t), 0, 1] 
where: 

ΔU(t) = action-dependent state change, 

ΔG(t) = lifecycle-gate effect, 

W(t) = stochastic disturbance. 

The clipping operation constrains all normalized states to the physically meaningful computational interval [0,1]. 

Multi-objective decision function 

The case study does not treat cost as the only optimization objective. 

A normalized utility function is used: 

J(X) = Σ wi zi 
where: 

Σ wi = 1 

and zi is the normalized desirability of state i. 

For variables to be minimized: 

zi = 1 − xi 
For variables to be maximized: 

zi = xi 

Thus: 

J(X) = 0.12(1−C) + 0.14Q + 0.16(1−R) + 0.12(1−T) + 0.12P + 0.10M + 0.08S + 0.06MF + 0.06V + 0.04CF 

The weights represent the current computational configuration of the prototype rather than universally valid automotive 

priorities. In an industrial deployment, these weights should be estimated through stakeholder elicitation, historical 

program data, or multi-criteria decision analysis. 

This distinction should be explicitly stated in the paper because it prevents the model from being interpreted as claiming 

that every automotive program has identical objective priorities. 



Computational dataset 

The prototype generates a reproducible automotive lifecycle benchmark using random seed 42. 

Each program contains: 

Program ID 

Gate 

Cost 

Quality 

Risk 

Time 

Performance 

Maturity 

Sustainability 

Manufacturability 

Validation 

Confidence 

The default implementation generates 120 program states. 

The dataset is deliberately reproducible so that the complete computational pipeline can be executed independently. 

The generated dataset should, however, be described as a synthetic benchmark, not as proprietary OEM data. 

For an empirical journal version, this dataset should subsequently be replaced or supplemented by anonymized 

industrial lifecycle observations. 

Automotive Lifecycle State 

┌─────────────────────┼─────────────────────┐ 

│                                    │                                    │ 

Economic                       Technical                 Lifecycle 

│                                        │                                    │ 

          Cost                                 Quality                               Maturity 

           Time                          Performance                          Validation 

            Risk                        Manufacturability                   Confidence   

       Sustainability 

5.3 Transformer–Actor-Critic Decision Experiment 
The central computational experiment evaluates whether the proposed I-GATE architecture can transform a sequence 

of lifecycle states into an adaptive gate decision. 

The experiment contains two learning stages. 

The first stage uses a temporal Transformer to encode the evolution of the lifecycle state. 

The second stage uses an Actor-Critic reinforcement-learning architecture to learn a decision policy based on the 

evolving state. 

The two components therefore perform different functions. 

The Transformer answers: 

What is the current temporal representation of the lifecycle state? 

The Actor-Critic component answers: 

Given this state representation, which action should be selected? 

This separation is fundamental to the proposed architecture. 

5.3.1 Temporal Transformer 

For each vehicle program, a sequence of six consecutive lifecycle states is constructed: 

X(t−5), X(t−4), X(t−3), X(t−2), X(t−1), X(t) 
The Transformer receives this sequence and maps it into a latent representation: 

H(t) = Transformer(X(t−5:t)) 



The final temporal representation is then passed through a feed-forward decision head: 

Y(t) = MLP(H(t)) 

where Y(t) contains six action scores corresponding to the six candidate decisions. 

The computational implementation uses: 

State dimension = 10 

Embedding dimension = 64 

Attention heads = 4 

Transformer encoder layers = 2 

Activation = GELU 

Normalization = LayerNorm 

Optimizer = AdamW 

Learning rate = 0.001 

The use of temporal attention allows the model to consider relationships among different lifecycle states rather than 

evaluating the current state in isolation. 

This is particularly relevant to product lifecycle management because the meaning of a current risk or quality value 

depends partly on the trajectory through which the program reached that state. 

For example, a risk value of 0.50 may have a different decision implication if risk has been decreasing from 0.80 than 

if it has been increasing from 0.20. 

This distinction cannot be captured adequately by a purely static optimization formulation. 

Figure 9. Temporal Transformer representation 

X(t-5) ─┐ 

X(t-4) ─┤ 

X(t-3) ─┤ 

X(t-2) ─┤──► Linear Projection 

X(t-1) ─┤ 

X(t) ─┘ 

│ 

▼ 

Multi-Head Attention 

│ 

▼ 

Transformer Encoder 

│ 

▼ 

64-Dimensional State 

Representation 

│ 

▼ 

Decision Head 

│ 

┌──────┼───────┐ 

▼      ▼       ▼ 

A1...   ...     A6 

5.3.2 Actor-Critic Decision Layer 

The Actor-Critic component receives the temporal state sequence and produces both an action policy and a value 

estimate. 

The Actor estimates: 

π(a|X) 
which represents the probability of selecting action a given the current state. 



The Critic estimates: 

V(X) 

which represents the expected value of the current lifecycle state. 

During training, the temporal return is calculated as: 

G(t) = r(t) + γG(t+1) 
where: 

G(t) = return at time t, 

r(t) = immediate reward, 

γ = discount factor. 
The prototype uses: 

γ = 0.97 

The advantage is then calculated as: 

A(t) = G(t) − V(X(t)) 
The Actor is updated using the advantage signal, while the Critic is updated to reduce the difference between predicted 

and observed returns. 

This creates a learning loop: 

State 

↓ 

Actor 

↓ 

Action 

↓ 

Lifecycle Transition 

↓ 

Reward 

↓ 

Critic 

↓ 

Advantage 

↓ 

Policy Update ↺ 

The reward is based on the improvement in the multi-objective utility: 

r(t) = J(X(t+1)) − J(X(t)) 
Therefore, the reinforcement-learning component is not optimized against a single engineering objective. It receives 

feedback from the integrated lifecycle utility. 

This formulation directly connects the learning process to the state-to-decision concept of I-GATE. 

5.3.3 Integrated Decision Mechanism 

The final decision is obtained by comparing the outputs of the Transformer and Actor-Critic models. 

Let: 

aT = Transformer-selected action 

aAC = Actor-Critic-selected action 

and: 

CT = Transformer confidence 

CAC = Actor-Critic confidence 

The prototype uses the following fusion rule: 

If CAC > CT: 

a* = aAC 

Otherwise: 



a* = aT 

The system also records whether: 

aT = aAC 

This produces a model-agreement indicator: 

Agreement = 1, if aT = aAC 

Agreement = 0, otherwise. 

This variable is important for subsequent analysis because disagreement between the two models may identify states 

in which the decision problem is uncertain or structurally ambiguous. 

The final action is then applied to the lifecycle state: 

X(t+1) = F(X(t), a*) 

and the resulting utility is compared with the utility before the decision: 

ΔJ = J(X(t+1)) − J(X(t)) 
A positive ΔJ indicates an improvement according to the current multi-objective utility formulation. 

5.3.4 Case-Study Execution Procedure 

The complete computational experiment follows the sequence below: 

Step 1 

Generate / load automotive lifecycle data 

↓ 

Step 2 

Normalize the ten lifecycle states 

↓ 

Step 3 

Construct temporal state sequences 

↓ 

Step 4 

Train Transformer 

↓ 

Step 5 

Train Actor-Critic 

↓ 

Step 6 

Generate candidate decisions 

↓ 

Step 7 

Calculate model confidence 

↓ 

Step 8 

Fuse Transformer and Actor-Critic decisions 

↓ 

Step 9 

Apply selected action to lifecycle state 

↓ 

Step 10 

Calculate utility change 

↓ 

Step 11 

Record gate, action, confidence and state transition 

↓ 

Step 12 

Export results for statistical analysis 



The complete implementation is contained in the unified Python engine supplied with the study. 

The computational outputs include: 

Transformer training history; 

Actor-Critic training history; 

trained Transformer model; 

trained Actor-Critic model; 

integrated case-study results; 

lifecycle dataset; 

utility changes; 

model-agreement statistics; 

Vensim-compatible system-dynamics model; 

publication-quality training and case-study figures. 

The framework recommends staged deployment: begin with transparent System Dynamics and a validated causal 

graph, add proxy models when sufficient data exist, and introduce cognitive components only after their inputs, 

objectives and validation criteria are defined. The same principle provides a practical automotive roadmap. 

Data architecture 

PLM / lifecycle data: requirements, revisions, maturity and change history. [70] 

Engineering evidence: CAD/CAE, tests, validation and design releases. 

Quality: defects, failure modes, field and warranty indicators where available. 

Supplier: capacity, quality, lead time, technology readiness and dependency. 

Manufacturing: tooling, capacity, yield, cycle time and launch readiness. 

Business: cost, investment, demand, portfolio value and strategic priorities. 

Reproducibility 

The framework recommends a version-controlled dataset, data dictionary, explicit state definitions, versioned causal 

graph, scenario definitions, executable simulation, fixed random seeds and automated export of KPI tables and figures. 

These requirements should be retained for an automotive implementation. 

6. Testing, Validation and Results 
  

6.1 Experimental and Validation Protocol 
The empirical evaluation should be designed so that each claimed capability is independently testable. The proposed 

protocol compares conventional benchmark/threshold governance with I-GATE under identical evidence and scenario 

conditions. The primary unit of analysis is a lifecycle decision snapshot associated with a gate, stage, or decision event. 

Each snapshot contains the available evidence before the decision, the decision actually taken, and the subsequent 

observed outcome. Where historical decision labels are unavailable, controlled simulation calibrated to observed 

distributions can be used, but simulation-only results must be reported as such. 

 

Five validation layers are proposed. Structural validation evaluates whether the causal structure and state definitions 

correspond to domain knowledge. Behavioral validation evaluates whether simulated trajectories reproduce relevant 

historical patterns. Predictive validation evaluates machine-learning components on held-out data. Comparative 

validation evaluates decision quality against baselines. Robustness validation tests whether the preferred action 

remains acceptable under parameter and scenario perturbations. This layered design follows established principles of 

model validation and uncertainty-aware decision analysis [8,37–39,51]. 

6.2 Baselines 
The minimum comparison set should include: conventional threshold-based gate review; weighted-scorecard decision-

making; single-objective genetic optimization where appropriate; NSGA-II for multi-objective optimization; and the 

proposed I-GATE configuration. If a learned surrogate is evaluated, an interpretable baseline such as linear regression, 

random forest, or gradient boosting should be included. This prevents an apparent gain from being attributed to model 

complexity when a simpler model provides comparable performance [34,40–43]. [16] 



6.3 Metrics 
Decision quality should be assessed using metrics that correspond to the research questions. Suggested measures 

include Pareto hypervolume for multi-objective optimization, constraint-violation frequency, normalized 

cost/risk/timing outcomes, prediction error for learned components, early-warning lead time, decision-switching 

frequency, robustness across scenarios, and traceability completeness. A single composite score should not replace 

these metrics because aggregation can conceal trade-offs. 

6.4 Ablation Study 
The architecture should be evaluated through controlled ablation. The recommended configurations are: (A) 

benchmark-only; (B) benchmark plus dynamic model; (C) dynamic model plus optimization; (D) dynamic model plus 

machine-learning proxy; (E) graph-enhanced model; and (F) full I-GATE. The purpose is to determine which 

architectural layers contribute measurable value. This is particularly important for an integrated framework because an 

improvement observed in the full model cannot otherwise be attributed to a specific mechanism. 

6.5 Statistical Protocol 
Repeated experiments should use multiple random seeds where stochastic algorithms are involved. Results should be 

reported using mean and dispersion measures, and confidence intervals or non-parametric comparisons should be used 

where appropriate. The manuscript should avoid reporting a single best run as representative performance. 

Reproducibility requires that the seed, dataset version, environment, hyperparameters, and preprocessing pipeline are 

fixed and documented [52–54]. 

6.6 Reproducible Computational Architecture 
The final software package should contain a single executable entry point that reconstructs the reported experiments 

from the supplied dataset. The recommended structure is: data ingestion; validation; preprocessing; state construction; 

causal model construction; simulation; optimization; prediction; scenario analysis; evaluation; and figure/table export. 

Each stage should produce machine-readable intermediate artifacts so that failures can be diagnosed without rerunning 

the entire pipeline. 

A minimal experiment manifest should identify the dataset version, code version, Python version, package versions, 

random seed, model configuration, scenario definition, simulation horizon, initial conditions, and output directory. 

Containerization or an environment lock file is recommended for long-term reproducibility. The code repository should 

also contain a README that reproduces every main table and figure in the manuscript. 

6.7 Discussion 
The principal value of I-GATE is not the claim that any one computational technique is universally superior. Its 

contribution lies in the architecture that places heterogeneous lifecycle evidence, dynamic state evolution, multi-

objective decision analysis, and learning inside one traceable gate process. The architecture is deliberately modular: a 

program with limited data can begin with a transparent System Dynamics model, while a mature data environment can 

add proxy learning, graph representation, and adaptive policy components. This staged approach reduces the risk of 

introducing opaque algorithms before the underlying data and governance assumptions are sufficiently mature. 

The architecture also changes the interpretation of benchmarking. A benchmark is no longer treated solely as a target 

value. Instead, it becomes a reference against which state deviation is interpreted, diagnosed, simulated, and linked to 

intervention. This is particularly relevant to platform-based automotive development, where shared modules, 

resources, and product variants create cross-program dependencies and strategic trade-offs [55]. 

At the governance level, the framework makes objective weights and constraints explicit. This is important because 

many lifecycle decisions are not purely technical. A decision may be technically feasible but strategically unacceptable, 

or economically attractive but operationally fragile. By exposing assumptions, I-GATE can support accountable human 

decision-making rather than replacing it with an unexplained automated recommendation. 

6.8 Validation, Sensitivity and Robustness 
The original manuscript requires structural, behavioral, comparative and robustness-oriented validation. The 

automotive version preserves this validation philosophy. 

Sensitivity 

A normalized local sensitivity coefficient is Sᵢ = (ΔY/Y)/(Δθᵢ/θᵢ), where Y is a selected KPI and θᵢ is an uncertain 

parameter. In automotive applications, high sensitivity may occur around supplier capacity, validation duration, yield, 

demand, battery cost, technology readiness or tooling lead time, depending on the program. [78] [79] [80] 



Robustness protocol 

Define uncertain parameters and plausible ranges. 

Generate scenario/parameter samples. 

Run the same candidate decisions across samples. 

Measure KPI distributions and failure frequency. 

Record decision switching and constraint violations. 

Select policies that preserve acceptable performance rather than only maximize nominal score. 

Resilience 

The framework proposes performance retention and recovery after disturbance, using Rₛ = A_actual/A_reference as 
one possible representation. In automotive development, the recovery window can represent post-disruption recovery 

of supplier capacity, quality maturity, validation readiness or launch schedule. 

7. Summary and Conclusions 
  

7.4 Limitations and Threats to Validity 
The current manuscript is an architectural and methodological contribution and should not be interpreted as empirical 

proof of universal superiority. The most important limitation is the availability and quality of integrated automotive 

lifecycle data. Real programs often contain missing observations, changing definitions, organizational boundaries, 

proprietary information, and non-stationary processes. These factors can affect state construction, causal inference, 

and model validation. 

A second limitation concerns causal identification. A causal graph based on expert knowledge is not equivalent to a 

statistically identified causal model. Where observational data permit, causal assumptions should be tested using 

appropriate methods; otherwise, the graph should be labelled as a structural hypothesis. A third limitation concerns 

generalizability: a model calibrated for one OEM, platform, or vehicle class may not transfer directly to another 

organization. External validation is therefore necessary before broad claims are made. 

Finally, interpretability and governance remain partly human responsibilities. Even a well-calibrated model cannot 

determine organizational risk appetite or strategic priorities without stakeholder input. I-GATE should therefore be 

viewed as decision intelligence that augments expert governance rather than as an autonomous decision authority. 

This paper presented I-GATE as an intelligent gate architecture for multiscale automotive product lifecycle 

management. The central proposition is to transform lifecycle evidence into a common state, evolve that state through 

causal and data-driven models, evaluate candidate actions in a state-dependent decision space, and close the loop 

through measurement and learning. The resulting sequence—Data → Semantic Representation → State → Dynamics 
→ Decision Manifold → Decision → Action → Learning—provides a coherent bridge between established lifecycle 

governance and computational decision intelligence. 

The revised formulation deliberately avoids unsupported claims. System Dynamics, optimization, machine learning, 

graph learning, Transformer representations, and reinforcement learning are treated as modular capabilities whose 

inclusion must be justified by data, implementation, and validation. This directly addresses the central methodological 

weakness identified in the previous review: an architecture cannot claim integration merely because multiple methods 

are described theoretically. 

The next scientific step is empirical evaluation using reproducible automotive lifecycle data. The required evaluation 

includes matched baseline comparisons, multi-objective Pareto analysis, predictive validation, sensitivity and 

robustness analysis, ablation experiments, repeated stochastic runs, and complete code/data availability. If these tests 

demonstrate measurable improvements, the resulting evidence can support stronger claims about the effectiveness of 

I-GATE. Until then, the contribution should be understood as a rigorously specified decision architecture and research 

framework. 

Data Availability: 

The empirical version of this study should provide the dataset, data dictionary, preprocessing rules, state-definition 

file, scenario definitions, and synthetic-data generator where proprietary automotive data cannot be disclosed. If 

industrial data are confidential, only derived or anonymized variables should be released, together with sufficient 

metadata to reproduce the computational workflow. The final repository should contain checksums or version 

identifiers for all datasets used to generate manuscript results. 

 



Code Availability: 

See code in Appendix 
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