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Abstract: 

This paper proposes the Epistemic Calibration Network (ECN), a novel sociotechnical framework 

designed to bridge the widening Epistemic Gap between human perception and AI output veracity. This 

gap is critically amplified by the proliferation of high-fidelity multimodal generative systems. The central 

problem is the divergence between the Human Illusion, wherein cognitive biases such as automation and 

normalization bias lead to critically miscalibrated human trust (over-reliance or under-reliance), and the 

AI’s Objective Signal, which is often poorly calibrated and susceptible to catastrophic failures like 

mismatched grounding. The ECN framework integrates three core, computationally modeled modules: 

(A) a Metacognitive Objective Signal Generator (M-OSG) utilizing cross-modal consistency for robust 

Uncertainty Quantification (UQ); (B) a Computational Human Bias Modeler (C-HBM) which predicts 

miscalibration risk based on derived cognitive profile ; and (C) a Dynamic Calibration Loop Interface (D-

CLI) that employs adaptive, friction-based interventions . ECN provides an architectural blueprint for 

achieving genuine epistemic alignment, which is essential for fostering appropriate trust, ensuring robust 

decision-making, and facilitating ethical AI deployment in sensitive, high-stakes environments. 
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1. INTRODUCTION 

1.1 The Epistemic Gap: Illusion vs. Signal Failure 

Recent breakthroughs in Large Multi-Modal Models (LMMs) have produced synthetic content of 

unprecedented fluency and coherence, accelerating workflows in fields like healthcare and legal services 

[2]. However, this capability introduces systemic vulnerabilities, necessitating a structural solution to the 

resulting Epistemic Gap—the divergence between human interpretation and the machine’s actual 

reliability. This crisis is defined by two interlocking failures: 

 

A. The Human Illusion (Cognitive Biases) 

Human interaction with highly fluent AI is influenced by cognitive heuristics, resulting in an unwarranted 

confidence in the output [1]. 

Automation Bias and Normalization Bias lead to an uncritical acceptance of AI-generated content, even 

when errors are present [1].This behavior can result in ethical myopia, where the individual’s perception 

of ethical standards is distorted by the technology, favoring efficiency over rigorous inquiry [1]. The 

consequence is collective epistemic drift, where passive acceptance of authoritative, easily digestible AI 

output erodes the demand for diverse evidence and critical evaluation [7]. 

 

B. The Objective Signal Failure (Model Fragility) 

The AI’s output often suffers from fragile veracity signals. Multimodal outputs are vulnerable to 

mismatched grounding, a state where a confident textual claim lacks corroboration in associated visual or 
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audio data [3]. The AI’s internal uncertainty metrics (confidence scores), while mathematically available, 

are frequently poorly calibrated relative to true accuracy, undermining their utility as a reliable signal for 

human decision-makers [9]. Addressing this misalignment requires systems that not only measure their 

own uncertainty reliably but also anticipate and manage human cognitive vulnerabilities [4]. 
 

1.2 The Necessity of Bridging the Gap 

Bridging this gap is fundamentally necessary to achieve appropriate trust, defined as reliance precisely 

calibrated to the AI’s genuine capacities and limitations. Miscalibration presents severe operational and 

ethical risks: 

Over-trust leads to critical safety failures and reliance on algorithmic limitations [6], while Under-trust 

results in system rejection or micromanagement, undermining efficiency. The ECN adopts a 

sociotechnical approach to proactively manage Compound Human-AI Bias, where the cyclical 

interaction between human cognitive biases and algorithmic failures amplifies error, requiring the 

treatment of the human-machine as an inseparable system. 

 

2.  EPISTEMIC CALIBRATION NETWORKS (ECN) 

The ECN is formalized as a tri-modular architectural blueprint for dynamic epistemic alignment. Its 

objective is to actively minimize the distance between human-perceived confidence and the AI’s 

Calibrated Confidence Score (CCS). 

 

2.1 The Epistemic Gap and ECN Mitigation 

The framework identifies three critical dimensions of alignment failure and maps them to ECN's core 

mitigation strategies: 

 

Dimension of 

Failure 

Human Side 

(Illusion/Bias) 

AI Side (Objective 

Signal Failure) 

ECN Mitigation Strategy 

Veracity Normalization/Com

placency Bias 

Confident 

Hallucination/Mism

atched Grounding 

Cross-Modal Consistency Check 

(Module A) 

Reliance Automation 

Bias/Authority Bias 

Poorly Calibrated 

Confidence Score 

Adaptive Trust Cue Presentation 

(Module C) 

Source Integrity Source 

Blindness/Belief 

Entrenchment 

Data Integration 

Complexity/Biased 

Inputs 

Expert-Derived Confidence 

(EDC) Integration (Module A) 

Table 1 : Critical dimensions of alignment failure 

 

2.2 ECN Architecture Overview 

The ECN operates under the principles of continual learning and recursive self-improvement, aligning 

with Scientific AI frameworks [11]. 
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ECN Component Function Mechanism Example Targeted Outcome 

M-OSG (Module A) Objective Signal 

Quantification 

Cross-modal UQ; 

Entropy-based 

uncertainty 

Reliable, Granular 

Calibrated Confidence 

Score (CCS) 

C-HBM (Module B) Modeling Human 

Susceptibility 

Logistic Regression of 

reliance behavior 

Predict likelihood of 

miscalibration 

D-CLI (Module C) Behavior 

Modification 

Dynamic TCCs; 

Deliberate Friction 

Achieve Appropriate 

Reliance (Trust 

Alignment) 

Table 2: ECN Architecture Components 

 

2.3 Module A: Metacognitive Objective Signal Generator (M-OSG) 

The M-OSG endows the AI with metacognitive capabilities, enabling self-assessment of knowledge 

limitations and the generation of a robust Calibrated Confidence Score (CCS). 

 

Advanced Uncertainty Quantification (UQ) 

The M-OSG generates the CCS using advanced UQ techniques. This includes Entropy-based UQ, such 

as quantifying uncertainty using Shannon entropy, which captures the dispersion of the output distribution, 

vital for risk-sensitive applications [12]. 

The core technical innovation to combat multimodal fragility is UQ based on cross-modal consistency. 

This mechanism internally cross-validates the coherence of outputs across modalities (e.g., grounding 

textual claims in visual data). If the generated output is statistically confident but semantically ungrounded 

across modalities, the M-OSG drastically downgrades the CCS, functioning as a primary epistemic safety 

filter against confident fabrications [4]. 

 

Expert-Derived Confidence (EDC) 

The M-OSG integrates domain expertise via the Expert-Derived Confidence (EDC) score. This metric 

fuses computational uncertainty with authenticated human domain experience by having experts review 

complex or ambiguous scenarios that challenge the AI model's internal knowledge [10]. 

 

2.4 Module B: Computational Modeling of Human Bias (C-HBM) 

The C-HBM proactively models the user’s susceptibility to the Human Illusion by transforming cognitive 

biases into measurable computational inputs. It uses contextual and historical interaction data to predict 

the likelihood of misaligned reliance decisions. 

This predictive capacity determines the risk that the human user will fail to calibrate their reliance correctly 

(over- or under-trust). The  calculation must integrate the user’s Dispositional Trust (inherent tendency) 

and Situational Trust (context-driven trust) . Critically, the C-HBM operates as an Autonomy 

Safeguard: ECN intervention is only triggered when the user's biases are likely to lead to an inappropriate 

reliance decision, ensuring interventions are timely and necessary, not paternalistic [8]. 

 

2.5 Module C: The Dynamic Calibration Loop Interface (D-CLI) 

The D-CLI executes the closed-loop control for trust alignment, monitoring user reliance behavior and 

adjusting the user's Learned Trust based on recursive feedback. 

 

Adaptive Intervention and Deliberate Friction 

If the C-HBM predicts a high, the D-CLI activates an Adaptive Trigger to present context-aware Trust 
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Calibration Cues (TCCs) . These TCCs move beyond static numeric displays (which are often 

misinterpreted) toward dynamic dialogue or comparative evidence visualization [8]. 

A crucial intervention is the strategic introduction of deliberate friction. By introducing intentional 

pauses or required reflective decision steps, friction forces users to engage higher-level cognitive functions 

(System 2 thinking) before accepting an output associated with high [5] . To maintain the integrity of 

calibration and mitigate the risk of users circumventing or manipulating a predictable system, the D-CLI 

must incorporate variability in the timing and type of TCCs. 

 

 
Fig 1 : Step by Step Flow: The Dynamic Calibration Loop of ECN 

 

3. CONCLUSION 

The Epistemic Calibration Network (ECN) provides a necessary conceptual architecture to address the 

fundamental epistemic asymmetry inherent in human-multimodal AI interaction. By structurally 

integrating the M-OSG, C-HBM, and D-CLI, ECN facilitates the critical process of appropriate trust 

calibration. This framework establishes the need to transition AI safety efforts from ensuring mere 

technical correctness to achieving dynamic epistemic alignment. The design mandate of the ECN involves 

the machine actively managing the cognitive environment of the human user to foster critical engagement, 

positioning principled, risk-guided friction as an ethical necessity for countering compound bias and 

preserving human critical thinking. 

The ECN blueprint necessitates empirical validation. Future research must focus on: (1) developing 

standardized metrics for quantifying across diverse domains; (2) conducting longitudinal studies to assess 

the efficacy of variable TCCs and friction placement in mitigating user circumvention; and (3) extending 

ECN principles toward general-purpose Scientific AI systems to ensure future Artificial General 
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Intelligence (AGI) is engineered with intrinsic epistemic humility. 
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