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Agentic digital twins can extend mining systems from prediction to closed-
loop decision making, but autonomy should contract when the twin's state 
or uncertainty becomes unreliable. This study develops an Eco-Cognitive 
Mining Systems (ECMS) architecture in which calibrated operational self-
awareness governs decision authority at runtime. A goal-directed grinding-
classification agent is supervised by an independent assurance layer that 
evaluates state alignment A(t), uncertainty calibration C(t), calibration 
direction CDI(t), and the composite Calibrated Self-Awareness Index (C-SAI). 
These signals drive a four-level authority policy ranging from full autonomy 
to safeguarded fallback and escalation requests. The framework was 
evaluated using a fully matched common-random-number benchmark 
comprising 4,536 simulation episodes across nine operating/challenge 
conditions, three severity levels, seven policies, and 24 replications per cell. 
Across the balanced benchmark, C-SAI+CDI gating reduced mean decision 
regret from 0.02757 for ungated autonomy to 0.00847 (69.3%; paired mean 
difference = −0.01911; stratified 95% bootstrap CI: −0.01919 to −0.01903; 
Holm-adjusted randomization p < 0.001) and reduced the observed high-
regret decision rate from 4.95% to 0%. Compared with an always-safe 
reference controller, it reduced regret by 25.3% while increasing mean 
reward from 0.13644 to 0.15252. The ablation analysis indicated that 
calibration provided most of the protection, while C-SAI+CDI achieved the 
lowest balanced-grid regret. The benefits were challenge-dependent, with 
the ore-hardness regime shift remaining a boundary condition. The results 
support calibrated self-awareness as a runtime governance signal for 
selective mining autonomy, while the findings remain simulation-based and 
should not be interpreted as evidence of industrial safety certification. 
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1. Introduction 

Mining digitalization is entering a stage in which the central question is no longer only whether 
a computational system can estimate, predict, or optimize a process, but whether increasingly 
autonomous systems can be trusted with operational authority. Industry 5.0 broadens the design 
objective from efficiency-centred automation toward systems that are resilient, sustainable, and 
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explicitly human-centred [1]. Mining digital twins already support monitoring, simulation, 
optimization, disturbance diagnosis, maintenance, and decision support across the value chain [2–
5]. Recent reviews nevertheless emphasize that industrial-scale validation, interoperability, data 
quality, synchronization, and governance remain persistent barriers to mature autonomous 
deployment [3–5]. 

At the same time, digital-twin research is moving rapidly from AI-enhanced prediction toward 
autonomous and agentic decision-making. Reviews of AI-digital-twin integration describe a 
trajectory from simulation toward adaptive and autonomous systems [6]. Ivanov [7] formalized the 
emerging concept of agentic digital twins in operations management, while Hasan and Nguyen [8] 
proposed a multilayer architecture in which agentic AI performs goal-oriented reasoning and action 
through a digital-twin substrate. The mining domain is already entering this transition: Collaoet 
al.,[9] proposed a semi-autonomous multi-agent digital-twin architecture for ball-mill predictive 
maintenance. These developments create a new assurance problem. A system may be capable of 
acting, yet its action should not automatically be authorized when the twin is biased, poorly 
calibrated, outside its modeled regime, or operating with misleading confidence. 

This problem connects agentic digital twins with a much older engineering question: how should 
decision authority be constrained when an advanced controller cannot be assumed to be 
trustworthy under all conditions? Runtime-assurance architectures such as Simplex separate a high-
performance advanced controller from a trusted fallback controller and use runtime monitoring to 
determine when control should switch [10, 11]. The relevance to agentic systems is direct, but an 
important design question remains unresolved for mining digital twins: what runtime evidence 
should determine how much authority an intelligent agent receives? Binary switching based on one 
consistency statistic may be either too permissive or too conservative when degradation develops 
gradually. 

A complementary research line concerns engineered self-awareness. In cyber-physical and 
autonomous systems, self-awareness does not imply consciousness; it describes operational 
knowledge about the system's state, environment, capabilities, and limitations that can influence 
runtime behavior [12, 13]. Probabilistic machine learning adds a related requirement: uncertainty 
should be calibrated, not merely narrow [14–16]. Recent agent research has independently 
emphasized abstention as a competence: a capable agent must sometimes recognize that it should 
not act [17]. In industrial human-AI decision systems, recent work similarly argues that calibration 
and adaptive reliance are central to trustworthy collaboration under uncertainty [18]. 

Eco-Cognitive Mining Systems (ECMS) were introduced as a mining-specific architecture for 
integrating operational intelligence, environmental reasoning, adaptive behavior, and human-
centred supervision [19]. A subsequent implementation introduced a Self-Awareness Index (SAI) for 
digital-twin state alignment and demonstrated sustainability-aware, human-in-the-loop control 
[20]. The next ECMS development extended SAI into a Calibrated Self-Awareness Index (C-SAI), 
separating tolerance-normalized state alignment from uncertainty calibration and diagnosing 
overconfidence through a signed Calibration Direction Index (CDI) [21]. That work established C-SAI 
as a diagnostic construct, but deliberately stopped short of using it to control autonomy. The 
present study addresses that missing step: whether calibrated self-awareness can govern decision 
authority in an agentic mining digital twin. 

The literature now contains three neighboring capabilities, but they remain only partially 
connected. First, agentic digital twins can perceive, plan, and act through a synchronized digital 
representation [7–9]. Second, runtime-assurance systems can switch or restrict control when safety 
monitors trigger [10, 11]. Third, calibrated self-awareness can quantify whether the twin's state 
representation and uncertainty remain credible [12–16, 21]. What is missing in the mining context 



Intelligent Modeling and Decision Analytics 

Volume 1, Issue 1 (2026) 44-63 

46 
 
 

is a quantitative mechanism that converts calibrated self-assessment into graded operational 
authority rather than treating autonomy as a fixed on/off property. This gap is especially important 
because mining disturbances are heterogeneous: recognized measurement noise, persistent bias, 
actuator mismatch, ore-regime shift, and compound degradation do not affect the credibility of the 
twin in the same way. 
 
1.1 Objective, hypotheses, and contributions 

The objective is to develop and test an Agentic ECMS architecture in which decision authority is 
adjusted at runtime using calibrated operational self-awareness. The study does not claim that C-
SAI is a formal safety certificate or that it replaces classical runtime assurance, reachability analysis, 
NIS/NEES consistency testing, or human responsibility. Instead, it evaluates C-SAI as an assurance 
signal for selective, graded autonomy in a mining digital-twin setting. 

H1: Across the balanced matched benchmark, C-SAI+CDI-gated ECMS will reduce mean decision 
regret relative to an ungated agentic digital twin. 

H2: Dynamic C-SAI+CDI authority will avoid the persistent performance penalty of an always-
safe reference controller while retaining lower mean regret. 

H3: Relative to NIS gating, C-SAI+CDI gating will produce a distinct regret-performance-
escalation trade-off by using alignment, calibration magnitude, and calibration direction rather than 
innovation magnitude alone. 

H4: The full C-SAI+CDI gate will outperform alignment-only and calibration-only ablations on 
balanced-grid mean decision regret, indicating complementary value from the combined assurance 
signal. 

H5: Benefits will remain challenge-dependent; degradations that are weakly expressed in the 
available self-awareness signals may remain difficult to manage, providing a falsifiable boundary on 
the proposed framework. 

The contributions are sixfold. First, the study defines dynamic decision authority as an 
operational extension of ECMS self-awareness. Second, it implements a four-level authority 
mechanism combining full autonomy, constrained autonomy, safeguarded fallback, and escalation 
request. Third, it adds a reference-based static-safe baseline so that dynamic gating is compared 
with the same fallback controller operated continuously. Fourth, it performs alignment-only and 
calibration-only ablations to isolate which self-awareness components actually contribute to 
authority management. Fifth, it evaluates all seven policies in one fully matched common-random-
number benchmark spanning all nine conditions and three severity blocks, eliminating the earlier 
separation between descriptive and inferential datasets. Sixth, it explicitly reports challenge classes 
and sensitivity analyses that limit the strength of the claim rather than treating lower simulated 
regret as proof of general safety. 
 
2. Related Work 
2.1 From digital twins to agentic digital twins 

Digital twins are commonly distinguished from static simulations by sustained physical-virtual 
coupling, synchronization, and decision-oriented updating [2, 22–24]. In mining, reviews show 
applications across exploration, drilling and blasting, haulage, mineral processing, maintenance, 
safety, and environmental monitoring [2–5]. Process-specific advances include disturbance-aware 
SAG-mill twins, explicit mining digital-twin design frameworks, grinding models intended for 
deployment, and physics-informed surrogate models for mineral-processing forecasting [25–28]. 

The emerging agentic-digital-twin literature adds goal-directed autonomy to this foundation. 
Ivanov [7] frames agentic digital twins as a bridge between model-based and AI-driven decision 
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support. Hasan and Nguyen [8] integrate perception, knowledge management, reasoning, decision-
making, action, and feedback around a shared digital twin. In mining, Collaoet al.,[9] combine a 
predictive-maintenance agent and a quality-assurance agent for ball mills. The present work differs 
by focusing not on how the agent reasons, but on how much operational authority the agent should 
receive when the credibility of the twin changes. 
 
2.2 Runtime assurance and graded authority 

Runtime assurance provides a useful engineering precedent. The Simplex family of architectures 
separates an advanced controller from a fallback controller and transfers authority when runtime 
monitors indicate unacceptable behavior [10, 11]. Modern variants extend this idea to autonomous 
and multi-agent cyber-physical systems. The attraction is architectural separation: high-
performance algorithms can evolve while a comparatively simple assurance layer constrains their 
operational envelope. However, conventional switching logic is often formulated around explicit 
safety properties or reachability sets. Mining digital twins introduce an additional epistemic issue: 
the system may not know that its internal representation has become misleading. The proposed 
framework therefore treats calibrated self-awareness as an additional supervisory signal, not as a 
substitute for physical safety constraints. 
 
2.3 Calibration, self-awareness, and abstention 

Calibration literature distinguishes predictive accuracy from the reliability of expressed 
uncertainty. Regression calibration methods seek agreement between nominal and empirical 
coverage [14], while proper scoring rules reward probabilistic forecasts that are both calibrated and 
sharp [16]. Neural-network calibration studies further demonstrate that predictive confidence can 
be systematically misaligned with empirical correctness [15]. In ECMS, this distinction motivated C-
SAI: an accurate point estimate should not be considered fully self-aware if its uncertainty is 
unjustifiably narrow [21]. 

The same principle appears in current agent research under the language of abstention and 
selective action. Liuet al.,[17] show that task-solving competence does not guarantee that an agent 
recognizes when it should refrain from acting. Recent human-AI research also emphasizes adaptive 
reliance under calibrated uncertainty rather than fixed trust [18]. These developments reinforce the 
conceptual basis for dynamic authority: reliable autonomy requires mechanisms for acting, 
constraining, deferring, or escalating as epistemic conditions change. 
 
2.4 Positioning of the present study 

The novelty claimed here is deliberately narrow. The study does not claim to originate agentic 
digital twins, runtime assurance, uncertainty calibration, or fallback control. It proposes their 
integration within the ECMS research trajectory by using calibrated operational self-awareness as a 
graded decision-authority signal in an autonomous mining digital twin. The empirical question is 
whether that integration improves the regret-performance-escalation trade-off under controlled 
mining-relevant degradation. 
 
3. Agentic ECMS Framework 

The proposed architecture separates goal-directed decision generation from epistemic 
assurance and authority allocation. As illustrated in Figure 1, the digital twin supplies the 
operational state estimate to the worker agent, whereas a logically separate assurance layer 
evaluates state alignment and uncertainty calibration before the authority manager determines 
how much of the proposed action may reach the process. This separation is deliberate: the agent is 
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optimized for operational performance, while the assurance pathway is designed to challenge the 
credibility of the information on which that performance-seeking action depends. The following 
subsections define the process model, agent, assurance quantities, and authority logic used in the 
experiments. 

 
Fig. 1. Agentic ECMS architecture linking the physical mining process, digital twin, goal-directed agent, 
calibrated self-awareness assurance layer, dynamic decision-authority gate, safe fallback, and human 

supervision 

 
3.1 State representation and digital-twin process model 

The proof-of-concept environment represents a grinding-classification process in engineering-
tolerance coordinates. The normalized state vector contains six operational variables: feed-rate 
deviation Qf, product-size deviation P80, specific-energy deviation E, water-demand deviation W, 
recovery deviation R, and process-stability deviation S. Normalization by engineering tolerances 
allows heterogeneous variables to be interpreted on a common operational scale while preserving 
different state weights. 

z(k+1) = z(k) + Δt [A z(k) + B u(k) + d(k) + g(z(k))] + w(k) (1) 

Here A is the reference process-dynamics matrix, B is the control-effect matrix, d(k) is a 
scenario-specific disturbance, g(z)=0.012 tanh(z)⊙z introduces a mild nonlinear term, and w(k) is 
process noise. The digital twin uses a deliberately imperfect dynamics matrix A_DT, so nominal 
operation already includes small model discrepancy rather than assuming an exact simulator. 
 
3.2 Goal-directed agent 

The agent is implemented as a model-based, goal-directed decision component rather than an 
LLM. The term agentic is used here in the control-theoretic sense of goal-directed closed-loop 
agency: the component perceives through the digital twin, optimizes toward an explicit objective, 
proposes an action, observes feedback, and repeats the cycle. It does not imply a general-purpose 
reasoning agent or an LLM-based cognitive architecture. This design isolates the decision-authority 
problem from language-model behavior while retaining the perception-planning-action-feedback 
loop relevant to autonomous industrial control. 

u_raw = arg min_u  || M z_hat + G u - z_target ||_Q^2 + λ ||u||_2^2,    u ∈ [-2.5, 2.5]^6 (2) 
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The target favors moderate throughput, recovery, and stability while discouraging excessive 
product-size deviation, energy, and water use. The resulting u_raw is the action proposed by the 
agent before any authority restriction. 
 
3.3 Calibrated self-awareness assurance layer 

The assurance layer uses the C-SAI formulation developed in the preceding ECMS study [21]. 
The present paper does not redefine C-SAI; it uses the construct as a supervisory input. A protected 
or reconciled assurance reference x_ref is compared with the twin estimate x_hat. For state i with 
engineering tolerance T_i, the normalized error is 

e_i(t) = [x_ref,i(t) - x_hat,i(t)] / T_i (3) 

D^2(t) = Σ_i w_i e_i^2(t),      Σ_i w_i = 1 (4) 

A(t) = 2^[-D^2(t)] (5) 

A(t) therefore approaches one under strong state alignment and decreases monotonically as 
tolerance-normalized discrepancy grows. Uncertainty calibration is evaluated over a rolling window 
using central prediction intervals with nominal coverage q in {0.1,0.2,...,0.9}. If ĉ_i(q,t) denotes 
empirical local coverage for variable i, 

E_cal(t) = Σ_i w_i mean_q |ĉ_i(q,t) - q| (6) 

C(t) = clip[1 - 2 E_cal(t), 0, 1] (7) 

Because calibration magnitude alone does not distinguish overconfidence from conservative 
overcoverage, the signed Calibration Direction Index is retained: 

CDI(t) = clip[ 2 Σ_i w_i mean_q(ĉ_i(q,t)-q), -1, 1 ] (8) 

Negative CDI indicates undercoverage and therefore overconfidence; positive CDI indicates 
overcoverage. The composite used by the gate is 

C-SAI(t) = A(t)^α C(t)^(1-α),      α = 0.50 (9) 

Thus, the same C-SAI can arise from different combinations of alignment and calibration. A(t) 
and C(t) are therefore retained as diagnostic components, while CDI(t) is retained as a directional 
override because severe undercoverage represents overconfidence. Predictive sharpness is not 
included in the authority score, avoiding the assumption that narrower intervals are inherently 
better. 
 
3.4 Dynamic decision authority 

Decision authority is represented by four discrete levels, summarized graphically in Figure 2 and 
numerically in Table 1. The full gate uses C-SAI thresholds of 0.65, 0.78, and 0.90, with CDI 
overconfidence overrides at -0.45, -0.30, and -0.15. Downgrades occur immediately when the 
current evidence satisfies a lower-authority condition, whereas upgrades require two consecutive 
qualifying checks to suppress rapid authority oscillation. The four levels implement a graded 
transition from full agent action to safeguarded fallback rather than a binary autonomous/manual 
switch. L1 and L0 generate escalation requests; because no human operator is simulated, these 
events are treated as supervisory requests rather than completed human interventions. 
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Fig. 2. Four-level C-SAI+CDI dynamic decision-authority policy. Downgrades are immediate; upgrades require 

two consecutive qualifying checks. L1 and L0 generate escalation requests, not simulated human 
interventions 

  
Table 1 
Dynamic decision-authority levels and action-blending rules for the full C-SAI+CDI gate 
Leve
l 

Interpretation Trigger (hierarchical) Executed action 
Escalation 
request 

L3 Full autonomy C-SAI≥0.90 and CDI≥-0.15 100% agent No 

L2 
Constrained 
autonomy 

otherwise: C-SAI<0.90 or CDI<-
0.15 

45% agent + 55% safe No 

L1 Guarded authority 
otherwise: C-SAI<0.78 or CDI<-
0.30 

10% agent + 90% safe Yes 

L0 
Safeguarded 
fallback 

C-SAI<0.65 or CDI<-0.45 100% safe fallback Yes 

  
The action-blending rules in Table 1 use a safeguarded fallback controller that computes the 

same goal-directed control form from the protected/reconciled assurance reference rather than 
the digital-twin estimate and scales the action to 80% of nominal magnitude. This common fallback 
is intentionally shared by the adaptive gates and the reference-safe baseline so that improvements 
cannot be attributed merely to privileged access to a stronger controller. Table 2 defines the seven 
policies used to separate the effects of ungated agency, permanent conservatism, innovation 
gating, reference-safe control, and the A-only, C-only, and full C-SAI+CDI assurance signals. 
 
3.5 Information separation and assurance assumption 

A critical experimental constraint is that the online agent and authority gate do not observe the 
latent true plant state. The latent state is used only after each decision for offline oracle-regret 
evaluation. C-SAI instead receives a simulated protected/reconciled assurance reference equal to 
the process state plus an independent reference-noise channel. This represents a deployment 
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assumption - for example, redundant instrumentation, laboratory reconciliation, high-integrity soft 
sensing, or supervisory data fusion - rather than a claim that ground truth is available online. The 
assumption remains strong. Its integrity, latency, independence from the primary sensing path, and 
common-mode failure risk must be demonstrated before industrial use. Importantly, RS, NG, AO, 
CO, and CG all use the same assurance-reference-based fallback, so comparisons among them 
isolate authority logic more cleanly than comparisons against the ungated agent alone. 
 
3.6 Comparison policies 

 The policy definitions in Table 2 make NIS gating an important comparator because innovation-
consistency monitoring is standard in state-estimation practice [29].  
 
Table 2 
Decision policies and ablations evaluated in the matched benchmark 
Code Policy Authority logic 

AG Ungated Agentic DT Always execute raw agent action at full authority. 

SC Static Action-Shrinkage 
Always execute 50% of raw action; no reference 
fallback or dynamic trust logic. 

RS Reference-Based Static Safe 
Always execute the same safeguarded reference-
based action used by adaptive gates. 

NG NIS-Gated DT 
Use innovation-consistency thresholds; guarded blend 
or safeguarded fallback when triggered. 

AO Alignment-Only Gate 
Four-level hysteretic gate using A(t) only; component 
thresholds derived from C-SAI thresholds. 

CO Calibration-Only Gate 
Four-level hysteretic gate using C(t) only; component 
thresholds derived from C-SAI thresholds. 

CG C-SAI+CDI-Gated ECMS 
Four-level hysteretic gate using C-SAI plus CDI 
overconfidence overrides. 

  
A chi-square-style threshold of 16.81 for six degrees of freedom initiates guarded authority and 

a threshold of 30 initiates fallback. The A-only and C-only policies use analytically derived 
thresholds rather than outcome-fitted thresholds, allowing the ablation study to test whether 
alignment, calibration, or their combination carries the observed supervisory value. 
 
4. Experimental Design 

The experimental methodology was structured to test both effectiveness and failure boundaries 
of the proposed authority mechanism. A common process environment, estimator, action 
objective, and stochastic realization were held fixed within each matched comparison block; only 
the decision-authority policy changed. The evaluation therefore proceeds from a defined simulation 
horizon and parameter set, through a challenge taxonomy, to a fully matched multi-policy 
benchmark and prespecified statistical analysis. This design enables policy effects to be interpreted 
against identical disturbances rather than against independently sampled episodes. 
 
4.1 Simulation horizon and parameters 

Each episode covers 60 min with Δt=0.2 min (301 simulation points). Agent decisions occur 
every 1 min. A challenge begins at t=10 min. For model-mismatch scenarios with scheduled 
recalibration, the mismatch is reduced at t=30 min. The estimator is a reduced-order diagonal 
Gaussian recursive filter with process and measurement uncertainty expressed in tolerance 
coordinates. This study evaluates authority allocation, not estimator superiority; more 
sophisticated full-covariance filters or particle methods are compatible with the architecture. Table 
3 consolidates the principal timing, uncertainty, calibration-window, action-bound, and authority-
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threshold parameters so that the numerical setup can be reconstructed independently of the 
narrative description. 
  
Table 3 
Principal simulation and assurance parameters 
Parameter Value 

State vector [Qf, P80, E, W, R, S] 
Nominal physical state [100, 80, 16, 1.20, 90, 0.90] 
Engineering tolerances T [5, 4, 1.2, 0.09, 1, 0.05] 
Time step Δt 0.2 min 
Episode length 60 min (301 points) 
Decision interval 1 min 
Challenge onset 10 min 
Calibration window 25 samples 
Central interval grid q 0.1 to 0.9 by 0.1 
C-SAI mixing α 0.50 
Full-gate thresholds C-SAI 0.65/0.78/0.90; CDI -0.45/-0.30/-0.15 
A-only/C-only thresholds 0.4225/0.6084/0.8100 (squared C-SAI thresholds) 
Agent action bounds [-2.5, 2.5] per normalized channel 

  
4.2 Challenge taxonomy 

Nine conditions were selected to separate nominal operation, acknowledged noise, persistent 
sensing failures, missing observations, digital-twin mismatch, actuator-model mismatch, ore-regime 
shift, and compound degradation. Each non-nominal challenge was applied at low, moderate, and 
high severity. The taxonomy intentionally includes conditions expected to be detectable by C-SAI 
and conditions expected to expose its limits. Table 4 lists the nine challenge classes and their 
intended epistemic role, making explicit which disturbances primarily affect sensing, model fidelity, 
actuation, regime validity, or several mechanisms simultaneously. 
  

Table 4 
Challenge classes used in the matched all-scenario benchmark 
Cod
e 

Challenge Mechanism Purpose 

N0 Nominal Baseline model, sensing and actuation 
False-restriction / 
performance check 

F1 
Recognized 
measurement noise 

Additional P80 noise represented in R Acknowledged uncertainty 

F2 
Persistent sensor 
bias 

P80 bias = 0.5, 1.0, 1.5 tolerance units Confident misperception 

F3 Sensor drift P80 bias grows linearly to F2 magnitude Progressive misperception 

F4 
Short sensor 
dropout 

P80 missing for 0.6, 1.6, 3.0 min Temporary observability loss 

M1 
Twin-model 
mismatch 

Structured A_DT mismatch with partial 
recalibration 

Model degradation 

A1 
Actuator-model 
mismatch 

Changed control effectiveness and cross-
coupling 

Hidden actuation mismatch 

H1 
Ore-hardness 
regime shift 

Changed process rates and actuation response 
Out-of-regime process 
dynamics 

C1 
Compound 
degradation 

Forcing + bias + twin mismatch + actuator 
mismatch 

Multi-source challenge 
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4.3 Fully matched all-scenario benchmark and mechanistic subgroup 
The primary benchmark contains 9 conditions × 3 severity blocks × 7 policies × 24 stochastic 

replications = 4,536 episodes. For each scenario-severity-replication block, the identical pseudo-
random seed is reused across all seven policies. Because random draws are therefore common 
within each block, policy differences are paired throughout the complete scenario grid rather than 
only in selected high-risk conditions. The three nominal severity blocks are independent stochastic 
replications under identical nominal dynamics and preserve a balanced 72-episode representation 
for each condition. This single matched benchmark is used for both descriptive and inferential 
analyses. 

Persistent bias (F2), sensor drift (F3), and compound degradation (C1) are additionally reported 
as a mechanistic subgroup because they directly corrupt perception and/or confidence. The 
subgroup is secondary and does not replace the all-scenario primary analysis. Its purpose is to show 
where the mean benchmark benefit originates and to prevent a strong high-risk effect from being 
misrepresented as uniform superiority across nominal and weak-degradation conditions. 
 
4.4 Evaluation metrics 

The primary endpoint is decision regret. At each decision time an offline oracle computes the 
action that minimizes the same one-step operational objective using the latent true state and true 
scenario dynamics. This oracle is never available to the online controller. Let J(u) be the reference 
cost for an executed action and J(u*) the cost for the oracle action: 

Regret(k) = max{0, J[u(k)] - J[u*(k)]} (10) 

Episode decision regret is the mean of this quantity over decision epochs. A high-regret decision 
is defined as regret >0.15 in the normalized reference-cost scale. This threshold is an engineering 
analysis convention, not a claim of physical harm or certified hazard severity; the code and outputs 
therefore use the term high_regret_decision_rate rather than harmful-decision rate. Secondary 
outcomes are mean operational reward, escalation-request rate, full-autonomy rate, fallback rate, 
and diagnostic C-SAI/CDI values. Escalation request means that L1 or L0 was reached; no human 
response, latency, workload, or intervention quality is simulated. Physical safety-envelope 
violations were also monitored, but zero observed violations inside this limited simulation envelope 
are not used to claim safety certification or comparative safety superiority. 
 
4.5 Statistical analysis 

The estimand for the primary analysis is the balanced-grid mean difference in decision regret 
across the 27 scenario-severity strata. CG is compared with AG, NG, RS, AO, and CO. For each 
comparison, uncertainty is quantified using a 10,000-resample paired bootstrap that resamples the 
24 matched stochastic blocks within each scenario-severity stratum and then averages the 27 
stratum means. Two-sided paired sign-flip randomization tests (200,000 permutations) test the 
mean-difference null while preserving the matched design, and Holm correction controls family-
wise error across the five primary policy comparisons. Correct paired rank-biserial effect sizes and 
Wilcoxon signed-rank tests are retained as sensitivity analyses rather than the primary test because 
the scientific estimand is the balanced mean effect and policy effects are expected to be 
heterogeneous across challenge classes. Simulation-based p-values quantify stochastic evidence 
within this benchmark; they do not imply sampling from the population of real mines. 

The balanced-grid estimand gives equal weight to each scenario-severity stratum rather than 
allowing conditions with larger variance or more extreme regret to dominate the overall conclusion. 
The paired bootstrap preserves within-stratum stochastic matching, and the sign-flip randomization 
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test evaluates whether the observed mean paired difference is compatible with a zero-effect 
assignment under the matched design. Wilcoxon signed-rank tests and paired rank-biserial effects 
are reported as sensitivity analyses because their estimands differ from the balanced mean. 
Accordingly, a significant balanced mean with a nonsignificant Wilcoxon result is interpreted as 
heterogeneous average benefit rather than universal pairwise dominance. 
 
4.6 Reproducibility 

The simulation uses deterministic pseudo-random seeds. For each scenario s, severity v, and 
replicate r, seed = 20260913 + 100000s + 10000v + r, and that exact seed is reused across all seven 
policies. Source code, the complete 4,536-episode matched CSV, analysis script, primary and 
secondary statistics, and README are supplied as supplementary material. Policy thresholds, 
ablation definitions, challenge transformations, and numerical matrices required to reconstruct the 
reported experiment are included in the code. 
 
5. Results 

Results are reported in the same order as the experimental questions: overall matched-
benchmark performance, paired inferential comparisons and ablations, severity response, scenario-
specific behavior, and negative or boundary-condition findings. Descriptive means are used to 
characterize operating behavior, while the inferential claims are based on matched policy 
differences within the 27 scenario-severity strata. 
 
5.1 Fully matched all-scenario benchmark 

Figure 3 and Table 5 summarize the primary all-scenario benchmark.  
 

 
Fig. 3. Mean decision regret across the fully matched 4,536-episode benchmark. All seven policies use the 

same stochastic blocks within each scenario-severity-replication cell 

  
Across the complete matched benchmark, the full C-SAI+CDI gate (CG) achieved mean decision 

regret of 0.00847 compared with 0.02757 for the ungated agent (AG), a 69.3% reduction. Mean 
high-regret decision rate decreased from 4.95% to 0% under the prespecified >0.15 analysis 
threshold. CG retained mean reward of 0.15252 versus 0.15637 for AG, while only 0.096% of 
decision epochs used the full safeguarded fallback; most authority reduction occurred through 
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intermediate constrained levels. The always-safe reference controller (RS) also suppressed high-
regret decisions but produced lower mean reward (0.13644) and higher mean regret (0.01133) than 
CG. Static action shrinkage (SC) was the most conservative in performance terms and had the 
lowest reward (0.09441). 
 
Table 5 
Overall performance across the fully matched all-scenario benchmark 

Policy Mean regret High-regret rate Mean reward 
Escalation 
request 

Full autonomy 

AG 0.02757 4.953% 0.15637 0.00% 100.00% 
SC 0.03181 0.000% 0.09441 0.00% 0.00% 
RS 0.01133 0.000% 0.13644 0.00% 0.00% 
NG 0.01013 0.048% 0.15088 21.27% 78.73% 
AO 0.02761 4.953% 0.15636 0.00% 98.36% 
CO 0.00955 0.025% 0.15343 2.86% 55.67% 
CG 0.00847 0.000% 0.15252 8.32% 54.01% 

  
Scenario-level patterns were strongly heterogeneous. CG produced large regret reductions 

under persistent bias (F2: 0.08139 to 0.00816), drift (F3: 0.05979 to 0.00666), and compound 
degradation (C1: 0.04959 to 0.00918). In nominal operation, recognized noise, short dropout, and 
the tested twin-mismatch case, AG regret was already below 0.0004 and CG introduced a small 
absolute regret increase from precautionary authority restriction. Under actuator mismatch (A1), 
CG reduced regret from 0.05025 to 0.04213 but remained worse than the always-safe reference 
controller. Under ore-hardness shift (H1), CG increased regret from 0.00583 to 0.00778. These 
boundary conditions are retained in the benchmark rather than excluded from the overall result. 
 
5.2 Primary paired inference and policy ablation 
  
Table 6 
Primary paired comparisons for balanced-grid mean decision regret. Differences are CG minus comparator 

Comparison CG mean 
Comparator 
mean 

Mean difference 
[95% CI] 

Relative change Holm p 

CG-AG 0.00847 0.02757 
-0.01911 [-
0.01919, -
0.01903] 

-69.3% <0.001 

CG-NG 0.00847 0.01013 
-0.00166 [-
0.00174, -
0.00158] 

-16.4% <0.001 

CG-RS 0.00847 0.01133 
-0.00286 [-
0.00293, -
0.00279] 

-25.3% <0.001 

CG-AO 0.00847 0.02761 
-0.01914 [-
0.01922, -
0.01906] 

-69.3% <0.001 

CG-CO 0.00847 0.00955 
-0.00108 [-
0.00115, -
0.00101] 

-11.3% <0.001 

  
The paired estimates in Table 6 quantify the differences visible in Figure 3. For the primary 

balanced-grid estimand, CG reduced mean decision regret relative to AG by 0.01911 (69.3%; 
stratified 95% bootstrap CI -0.01919 to -0.01903; Holm-adjusted paired randomization p<0.001). 
Relative to RS, CG reduced regret by 25.3% while preserving substantially higher reward, 
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demonstrating that the benefit is not explained simply by access to the assurance-reference 
fallback. Relative to the A-only ablation, the reduction was 69.3%; A-only behavior was nearly 
indistinguishable from the ungated agent, indicating that point-state alignment alone was 
insufficient for the dominant misperception challenges. 

Compared with calibration-only gating (CO), CG reduced balanced-grid mean regret by 11.3%, 
and compared with NIS gating (NG) by 16.4%. For both comparisons the stratified bootstrap 
confidence interval for the mean difference excluded zero and the paired randomization test 
remained significant after Holm correction. The effect was nevertheless not uniform across 
individual stochastic blocks: for CG versus NG, the Wilcoxon signed-rank sensitivity test was not 
significant (p=0.437), because CG is slightly more conservative in several nominal or low-regret 
conditions while producing larger improvements in bias, drift, and compound degradation. The 
correct interpretation is therefore lower balanced-grid mean regret, not universal pairwise 
dominance of C-SAI over NIS. The performance-assurance trade-off is shown in Figure 4, while 
Table 7 isolates the F2/F3/C1 mechanistic subgroup to show where the strongest benefit originates 
rather than implying uniform superiority across all conditions. 

 
Fig. 4. Performance-assurance trade-off across the fully matched benchmark. Marker area increases with 

escalation-request rate; labels identify policy codes 
  

Table 7 
Secondary mechanistic subgroup (F2, F3, C1) across all severities 

Policy Mean regret High-regret rate Mean reward 
Escalation 
request 

AG 0.06359 14.511% 0.15875 0.00% 
RS 0.00998 0.000% 0.13531 0.00% 
NG 0.01153 0.000% 0.14287 57.02% 
AO 0.06363 14.511% 0.15874 0.00% 
CO 0.01128 0.076% 0.15196 8.19% 
CG 0.00800 0.000% 0.14962 22.85% 
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 5.3 Severity response across the complete scenario grid 
The severity-stratified results in Table 8 show a monotonic increase in challenge burden for the 

ungated policy and a corresponding increase in selective authority restriction for CG. Across the 
complete scenario grid, AG mean regret increased from 0.00552 at low severity to 0.05537 at high 
severity. CG increased from 0.00235 to 0.01592, while escalation-request rate increased from 
0.13% to 21.19%. NG showed a higher escalation-request rate at every severity (7.57%, 25.20%, and 
31.03%). The full gate therefore spends decision authority selectively as severity increases, but the 
reward comparison also shows the cost of this conservatism: at high severity CG reward was 
0.14144 versus 0.14744 for AG, 0.13850 for NG, and 0.12729 for RS. 
  

Table 8 
Severity-dependent performance across all nine conditions 
Severity AG regret NG regret RS regret CG regret CG escalation req. 

Low 0.0055 0.0048 0.0066 0.0024 0.13% 
Moderate 0.0218 0.0077 0.0091 0.0071 3.65% 
High 0.0554 0.0178 0.0182 0.0159 21.19% 

  
5.4 Scenario-specific behavior and ablation interpretation 

 Figure 5 and Table 9 expose the scenario dependence that is hidden by a single overall mean. 
The mechanistic subgroup confirms where the overall benefit arises. Across F2/F3/C1, CG mean 
regret was 0.00800 versus 0.06359 for AG, 0.01153 for NG, 0.00998 for RS, and 0.01128 for CO. CG 
mean reward (0.14962) exceeded NG (0.14288) and RS (0.13531), while its escalation-request rate 
(22.85%) was markedly lower than NG (57.02%). Calibration-only gating captured most of the 
protection, but the full C-SAI+CDI gate lowered subgroup regret by a further 29.1% relative to CO. 
Alignment-only gating did not protect against the dominant confident-misperception failures, which 
is consistent with the conceptual distinction between being close to a state estimate and knowing 
whether confidence in that estimate is justified. 

 
Fig. 5. Scenario-dependent mean decision regret for AG, NG, RS, CO, and CG under matched stochastic 

blocks 
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Table 9 
Scenario-specific mean regret and CG escalation-request rate across the matched benchmark 

Scenario AG regret NG regret RS regret CG regret 
CG escalation 
req. 

N0 0.0003 0.0003 0.0062 0.0006 0.0% 
F1 0.0004 0.0004 0.0062 0.0006 0.0% 
F2 0.0814 0.0098 0.0062 0.0082 29.9% 
F3 0.0598 0.0086 0.0062 0.0067 20.0% 
F4 0.0003 0.0004 0.0061 0.0006 0.0% 
M1 0.0003 0.0003 0.0062 0.0005 0.0% 
A1 0.0503 0.0482 0.0343 0.0421 0.1% 
H1 0.0058 0.0069 0.0129 0.0078 6.3% 
C1 0.0496 0.0162 0.0175 0.0092 18.7% 

  

5.5 Negative results and boundary conditions 
The scenario-level values in Table 9 and Figure 5 also expose cases where the assurance signal is 

insufficient or unnecessarily restrictive. Under A1 actuator mismatch, CG improved on AG but not 
on the always-safe reference controller. Under H1 ore-hardness shift, CG was worse than AG and 
NG. Under N0, F1, F4, and M1, absolute regret was already extremely small and CG paid a minor 
precautionary cost. These results are scientifically important: C-SAI monitors state-and-uncertainty 
credibility; it is not a direct actuator-health, model-domain, or process-safety certificate. A future 
competence layer should therefore add actuator-effectiveness estimation, model-validity and 
distribution-shift diagnostics, operational-design-domain checks, and hard constraint monitoring. 

 

6. Discussion 
The results indicate that calibrated self-awareness can be operationalized as an authority-

allocation signal, but they also show that its value is conditional on the failure mechanism being 
expressed in the monitored epistemic quantities. The discussion therefore interprets the observed 
gains together with the ablation results, the NIS and static-safe comparisons, and the scenarios in 
which the gate was neutral or disadvantageous. This distinction is essential to avoid treating C-SAI 
as a universal safety metric. 

 

6.1 From self-awareness as a score to self-awareness as authority 
The main contribution is the change in function assigned to self-awareness. Earlier ECMS work 

used SAI and C-SAI to describe whether the digital twin's internal state representation remained 
credible [19–21]. In the present architecture, self-awareness becomes actionable: it governs how 
much of the agent's proposed action reaches the plant. This moves ECMS from monitoring its own 
epistemic condition toward modifying autonomy in response to that condition. 

The matched results support this concept, but with a narrower interpretation than a universal 
superiority claim. As shown by the overall means in Table 5 and the paired contrasts in Table 6, the 
largest average benefit is produced by reducing regret under epistemically damaging conditions 
rather than by improving already-benign operation. Figure 5 and Table 9 show that the effect is 
heterogeneous: large gains occurred when the challenge directly created confident misperception, 
especially persistent bias, drift, and compound degradation, whereas low-regret or regime-shift 
conditions could be neutral or mildly over-conservative. The central finding is therefore not that 
one scalar index solves safety, but that calibrated self-assessment can improve balanced decision 
quality when it is used to contract authority under identifiable epistemic degradation. 

 

6.2 Relationship to runtime assurance 
The architecture resembles runtime-assurance and Simplex designs in its separation between 

an advanced decision component and a conservative fallback [10, 11]. Figure 2 and Table 1 make 
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the distinction operational: the proposed gate does not switch only between “advanced” and “safe” 
control, but allocates graded authority through L3-L0. The difference is also in the trigger structure. 
Classical runtime assurance often asks whether an explicit safety property is about to be violated. 
C-SAI asks an epistemic question: whether the twin is aligned with an assurance reference and 
whether its uncertainty remains empirically credible. These trigger types are complementary. A 
mature industrial implementation should therefore combine epistemic authority gating with 
independent hard safety constraints rather than treating C-SAI as a replacement for formal runtime 
safety assurance. 
 
6.3 Why C-SAI and NIS behave differently 

NIS and C-SAI are not substitutes. NIS tests innovation consistency relative to the estimator's 
assumed covariance [29] and can operate without an external reference. C-SAI uses a 
protected/reconciled assurance reference and local empirical coverage, so it addresses a different 
epistemic question. Table 6 shows lower balanced-grid mean regret for CG than NG, while Table 7 
shows that this advantage is concentrated in persistent bias, drift, and compound degradation. The 
nonsignificant Wilcoxon sensitivity result for CG versus NG further indicates that the benefit is not 
uniform pair-by-pair. This pattern supports complementarity rather than replacement: innovation 
statistics remain useful for residual inconsistency, whereas calibrated self-awareness adds 
information about sustained confident misperception. 
 
6.4 Human oversight and selective autonomy 

The authority ladder in Figure 2 provides a mechanism for selective human oversight, but this 
study does not simulate a human operator. L1 and L0 record escalation requests only. The severity 
results in Table 8 show how frequently those requests would be generated as challenge intensity 
increases, but they do not measure whether a human would respond correctly or quickly. Human 
response latency, acceptance, workload, situation awareness, decision quality, and organizational 
responsibility are outside the experiment. Consequently, the results support an escalation 
architecture, not a measured human-in-the-loop performance claim. 
 
6.5 Mining and Mining 5.0 implications 

Mining is a suitable testbed for dynamic authority because process conditions change for 
reasons that are difficult to encode exhaustively: ore hardness, mineralogy, sensor condition, 
equipment wear, water availability, and plant configuration can all alter the relationship between 
model and process. The scenario decomposition in Figure 5 and Table 9 illustrates why a single 
confidence or safety trigger is unlikely to be sufficient: sensing faults were handled more effectively 
than the H1 regime shift, while A1 actuator mismatch remained only partially mitigated. Recent 
mining-digital-twin reviews report growing predictive and autonomous capability but also 
emphasize limited industrial validation and persistent data-integration challenges [3–5]. Agentic 
ECMS therefore fits Mining 5.0 most credibly as a layered governance architecture in which 
adaptive autonomy is paired with protected assurance, explicit fallback, auditability, and human 
escalation. 
 
6.6 Limitations 

The principal limitation is external validity. The evidence is simulation-based and depends on a 
protected or reconciled assurance reference, represented here by the latent process state plus 
independent reference noise. The matched benchmark supports controlled policy comparison, but 
it does not establish plant-wide reliability, regulatory compliance, or industrial safety certification. 
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Validation should therefore progress through historical plant replay, hardware-in-the-loop testing, 
and supervised field trials, with explicit assessment of reference latency, common-mode failures, 
drift, and cybersecurity exposure. 

The authority thresholds and controller-estimator configuration are also design-specific. 
Thresholds were prespecified rather than fitted to observed outcomes, and ablation thresholds 
were derived analytically from the C-SAI thresholds, but their optimal values may vary with process 
risk, escalation cost, estimator structure, planning horizon, and control architecture. The present 
reduced-order Gaussian estimator and one-step quadratic planner should therefore be interpreted 
as a proof-of-concept implementation rather than a universal agentic-control solution. 

Finally, the challenge set and evaluation metrics are intentionally bounded. The A1 and H1 
results in Table 9 show that state alignment and calibration do not directly measure actuator 
competence, structural model validity, or every regime shift. Decision regret is defined relative to 
the study's one-step oracle objective, and the >0.15 high-regret threshold is an engineering analysis 
convention rather than a physical hazard threshold. Adversarial attacks and compromised 
assurance channels were outside scope and require separate cybersecurity and assurance-diversity 
mechanisms. 
 
6.7 Next research step: competence-aware ECMS 

The negative results suggest a specific next step rather than an open-ended call for more 
research. Calibrated self-awareness should be extended with competence awareness: a system 
should estimate not only whether its current state belief is calibrated, but also whether the current 
operating regime, actuator response, and model structure remain within the domain in which the 
agent is qualified to decide. Candidate signals include out-of-distribution detection, model-residual 
structure, actuator-effectiveness estimation, change-point detection, and explicit operational-
design-domain constraints. This would move ECMS from 'How reliable is my current belief?' toward 
'Am I competent to exercise this authority under the current regime?'. 
 
7. Industrial Deployment Roadmap 

A realistic path to industrial validation should proceed in stages rather than moving directly 
from simulation to autonomous actuation. Table 10 translates the experimental findings into a 
staged validation pathway, beginning with offline replay and shadow-mode monitoring before 
progressing to advisory use, constrained closed-loop trials, and finally selectively gated autonomy. 
Advancement between stages should depend on evidence that both under-intervention and over-
intervention remain acceptable under representative disturbances. 
  

Table 10 
Proposed staged validation pathway for industrial Agentic ECMS deployment 
Stage Environment Primary evidence Authority ceiling 

1 Historical plant replay 
C-SAI discrimination, false-trigger rate, 
calibration, decision replay 

Advisory only 

2 
Hardware-/operator-in-
the-loop 

Latency, hysteresis, operator response, fallback 
behavior 

No direct plant actuation 

3 Shadow-mode live plant 
Real-time synchronization, reference 
independence, drift detection 

Read-only 
recommendations 

4 Bounded pilot control 
Formal constraints, interlocks, audit trail, 
approved fallback 

Restricted autonomous 
authority 

  
At each stage, the authority mechanism should be evaluated not only for under-intervention 

but also for over-intervention. Excessive escalation can make an otherwise safe architecture 
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operationally unusable. The objective is therefore a calibrated balance among decision regret, 
process performance, human workload, and evidentiary confidence. 
 
8. Conclusions 

Taken together, the matched benchmark, ablation study, and negative-result analysis support a 
qualified conclusion: calibrated self-awareness is useful as a runtime governance signal when 
epistemic degradation is observable in alignment and calibration, but it should operate as one layer 
within a broader assurance architecture rather than as a standalone safety mechanism. 

This study extends Eco-Cognitive Mining Systems from calibrated self-assessment to dynamic 
authority management. A goal-directed mining digital-twin agent was coupled with a C-SAI+CDI 
assurance layer and a four-level decision-authority gate. A fully matched 4,536-episode benchmark 
compared seven policies across nine conditions, three severity blocks, and 24 stochastic replications 
per cell. On the balanced all-scenario estimand, CG reduced mean decision regret by 69.3% relative 
to the ungated agent, by 25.3% relative to an always-safe reference controller, by 16.4% relative to 
NIS gating, and by 11.3% relative to calibration-only gating. The high-regret decision rate under the 
prespecified threshold fell from 4.95% for AG to 0% for CG, while mean reward remained 
substantially above the always-safe baseline. The ablation study showed that alignment alone 
provided little protection and that calibration carried most of the signal, with the combined C-
SAI+CDI gate giving the lowest balanced mean regret. These improvements were not uniform: ore-
hardness shift and several already-low-regret conditions exposed the cost and limits of self-
awareness-based gating. 

The broader implication is that autonomy should not be treated as a fixed property of an 
intelligent mining system. Decision authority can expand, contract, or generate an escalation 
request according to evidence about the credibility of the system's own operational knowledge. C-
SAI+CDI provides one such evidence channel, but it is not a formal safety certificate and cannot 
diagnose every failure mode. The next ECMS development should combine calibrated self-
awareness with model-validity, actuator-competence, distribution-shift, hard safety-constraint, and 
assurance-channel health monitoring, followed by validation on historical plant data, hardware-
/operator-in-the-loop platforms, shadow-mode operation, and bounded live control. 

 
Appendix 
Appendix A. Reproducibility Parameters 
  

Table A1 
Principal numerical parameters. Exact matrices and scenario transformations are supplied in the 
reproducibility code 
Quantity Value 

Reference dynamics A 6x6 matrix supplied in supplementary code 
Digital-twin dynamics A_DT 6x6 imperfect matrix supplied in supplementary code 
Control matrix B diag[0.11, 0.10, 0.09, 0.08, 0.07, 0.09] 
Process-noise scale [0.018, 0.020, 0.020, 0.018, 0.018, 0.018] / sqrt(min) 
Twin process-noise scale [0.025, 0.026, 0.026, 0.024, 0.025, 0.025] 
Baseline measurement variance 0.0064 per normalized state 
Initial covariance variance 0.01 per normalized state 
Assurance-reference SD 0.08 tolerance units 
Agent target z_target [0.80, -0.20, -0.15, -0.10, 0.35, 0.30] 
Agent objective weights [0.9, 1.5, 0.9, 0.8, 1.1, 1.3] 
Control regularization λ 0.04 
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Appendix B. Authority and Ablation Algorithm 
At each decision epoch, the agent proposes an action from the digital-twin estimate and the 

assurance layer computes A, C, CDI, and C-SAI. CG then assigns L3-L0 using the stated C-SAI 
thresholds and CDI overrides; A-only and C-only ablations use the analytically derived component 
thresholds. Downgrades are immediate, whereas upgrades require two consecutive qualifying 
checks. The selected level blends the agent action with the common safeguarded reference action, 
with L1/L0 recorded as escalation requests. The bounded action is then applied to the simulated 
process. Latent truth is never used online and is accessed only afterward for oracle-regret 
calculation. 
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