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Abstract— Hallucination causes critical safety challenges in Large Language Models (LLMs), particularly in high-stakes
domains where faculty reliability and logical consistency are essential. Retrieval-augmented and reasoning-enhanced
architectures tried to reduce hallucination. However a systematic, model-agnostic framework for quantifying hallucination is
insufficiently explored.In this work, we are proposing a Model-Agnostic Verification Framework (MAVF) that operates as an
external safety layer over LLM based systems. The framework introduces a formal hallucination risk function integrating three
complementary dimensions: semantic evidence alignment between generated outputs and retrieved context, logical consistency
generation, the proposed approach enables continuous and interpretable risk quantification independent of underlying model
architecture.

We provide a mathematical formulation of hallucination risk metric and validate the framework through API-based experiments
on benchmark question-answering tasks. Improved hallucination detection capability can be seen by experimental results and
enhanced interpretability of reliability scoring compared to baseline retrieval-augmented pipelines. The proposed framework
establishes a principled foundation for reliability-awaredeployment of LLMs in safety-critical applications validated through
theoretical analysis and administrated empirical evaluation.

Keywords— Large Language Models, Hallucination Risk Quantification, Model-Agnostic Verification, Confidence Calibration,
Semantic Alignment

I. INTRODUCTION

In natural language processing tasks, LLMs have demonstrated remarkable capabilities, evolving from experimental language
generators to decision-support systems in real-world environments. How ever the generation of plausible yet unsupported or
incorrect information known as hallucinationis one of the most persistent limitations of LLMs [1]. While recent advances such as
Retrieval-Augmented Generation (RAG)[2]attempt to ground outputs in external knowledge sources, observational data shows that
hallucination may still occur even when relevant context is provided. In many instances, models selectively overemphasize internal
parametric knowledge or produce logically conflicting reasoning despite access to accurate retrieved evidence. This reveals that
hallucination is not solely a retrieval failure, but  a reliability modelling problem. Current research mostly concentrates on
architectural improvements,detection heuristics, or retrieval optimization. Even if these approaches reduce error rates,they rarely
provide a principled mechanism to quantify hallucination risk as a continuous and interpretable measure. Binary hallucination [3]
detection is insufficient in safety critical domains. A structured estimation of risk that captures degree of uncertainty, reasoning
inconsistency, and evidence misalignment is highly required.In this work, we reconceptualize hallucination as measurable safety
risk instead of generation artifact. We proposed a Model-Agnostic Verification Framework (MAVF) that operates as an external
safety layer over LLM systems. The framework evaluates generated outputs along three orthogonal dimensions. These are semantic
evidence alignment, logical consistency, and calibrated confidencefurthermore integrated into a composite hallucination risk
function that produces a continuous reliability score.By decoupling verification, the proposed framework shifts the research focus to
quantifying their likelihood from suppressing hallucination. This frame of reference enables architecture-independent deployment
also supports risk-aware decision-making in actual systems.Experiment evaluation shows that benchmark question-answering tasks
demonstrates more interpretable and structured reliability assessment in case of proposed framework compared to retrieval-
augmented pipeline.
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Hallucination refers to the generation of factually incorrect or logically inconsistent content despite fluent output. Previous studies
distinguish between intrinsic hallucinations, where generated text counters provided context, and extrinsic hallucinations, where
unsupported information is introduced. Hallucination occurs due to over-reliance on parametric knowledge, exposing bias and
probabilistic decoding mechanisms. Most approaches treat hallucination as a binary detection problem instead of modelling it as a
continuous reliability risk.RAG integrates external knowledge sources to improve factual grounding. RAG reduces hallucination [4]
by combining parametric generation with non-parametric retrieval. Retrieval quality improved in recent variants through reranking,
multi-hop reasoning, and contextual expansion.However, models may ignore context or generate inconsistent reasoning,as
hallucinations persist even with accurate retrieved evidence.However, these perspective primarily focus on upgrading retrieval or
verificationprecision rather than building a formal, quantitative reliability structure that models hallucination risk.Existing methods
approaches employ semantic similarity scoring,entailment verification, or consistency checking between generated outputs and
source documents. Some analyses internal model signals, while others supportNatural Language Inference [5] (NLI) or embedding
based alignment techniques.These strategies improved detection accuracy, even so they typically operate in a binary framework and
are often tightly coupled with specific architectures limiting the generalizability.Moreover most detection methods run within
architecture-specific pipelines, restricting generalizability across diverse LLM systems.Confidence calibration focuses onto aligning
model-predicted probabilities with empirical correctness.Techniques like temperature scaling and post-hoc probability [6]
adjustment boost alignment between predicted confidence and empirical accuracy. Even so, calibration signals are rarely integrated
with semantic grounding and logical reasoning [7] into a unified framework.In spite ofadvances in calibration techniques,
incorporated integration of semantic grounding, logical uniformity, and calibrated confidence into established risk model remains
little-known.Across these research directions, notable progress has been made in detection precision, fact-based prompting and
reliability estimation. Even so, current approaches remain disunited, treating hallucination detection, semantic verification, and
calibration as isolated processes. Based on our information, a model-agnostic framework that deliberately quantifies hallucination as
a structure reliability risk fusing these components has not been systematically developed.

Retrieval mechanisms,detection heuristic or calibration techniques in isolation have been improved by existing literature. However,a
model-agnostic framework that integrates semantic alignment, logical consistency and calibrated confidence into a formal
hallucination risk function staysbroadly undiscovered. This gap inspires the suggested verification-based risk quantification
approach.

Il. PROPOSED METHODOLOGY

To systematically quantify hallucination in Large Language Models, we propose a Model-Agnostic Verification Framework
(MAVF) [8] that operates as an external post-generation safety layer. Unlike traditional approaches that focus on improving model
architectures or retrieval pipelines, MAVF evaluates outputs independently, providing a continuous, interpretable risk score. The
framework integrates three complementary dimensions: semantic evidence alignment, logical consistency, and confidence
calibration. Each module generates a normalized score that reflects a distinct aspect of output reliability, and the combination of
these scores via a multiplicative risk function captures compounded weaknesses in a mathematically bounded manner. This design
allows the framework to be architecture-independent, modular, and deployable across diverse LLM systems, supporting risk-aware
decision-making in both experimental and practical environments.

A. Problem Formulation
Let a Large Language Model (LLM)M generates a response y for a given query ¢, using retrieved contextual evidence [9]
mentioned below:
R={ry,r,rs,...}

Where R is the retrieved evidence and the generation process can be represented as:

Y=M(a.R)
The generated response Ycan contain unsupported claims, logical inconsistencies[10], or unjustified certainty,despite access to the
relevant evidence. We define hallucination as a continuous reliability risk, instead of treating it as a binary event.
Our objective is to estimate a hallucination risk score:

H(y) €[0.1]
Where higher values indicate greater likelihood of hallucination.
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To ensure bounded and stable risk estimation, all intermediate component scores are normalized to the interval [0,1]. This
normalization helps to guarantee that the risk score remains well defined, interpretable across different models.

B. Framework Architecture

The proposed Model-Agnostic Verification Framework (MAVF) operates as an external post-generation verification layer. That
helps to evaluate reliability of responses produced by the LLM models [11]. It functions independently on its own architecture
instead of modifying the existing model, making the proposed model seamless to integrate with any existing model. The proposed
framework is consisting of three modules such as 1.Semantic Evidence Alignment Module, 2. Logical Consistency Assessment
Module, and 3. Confidence Calibration Module. Each module helps to capture different outputs of LLM models. The semantic
module helps to evaluate grounding with retrieved evidence, the logical module assesses internal coherence and contradiction, and
the calibration module measures alignment between predicted confidence and empirical correctness. The overall workflow is
illustrated in figure 1. Crucially, MAVF does not improve model parameters or retrieval mechanisms. It is architecture-independent
further more can be merged with any LLM-based system.

Retrieved Evidence R LLM M Generated Response y

MAVF Verification Layer

Semantic Evidence Alignment (Se)
Logical Consistency (Le)
Confidence Calibration (Ck)

Hallucination Risk H(y)

Figure 1. Schematic of LLM hallucination Framework

C. Semantic Evidence Alignment Module
This section analyses whether the originated response is supported by retrieved avowal.
Let:
e yrepresents the generated output
¢ Rindicates the retrieved context
We evaluate a semantic verification alignment score:

Se =Alignment(y, R)
Where Alignment (.) calculates semantic similarity or entailment strength between the response and redeemed documents. This can
appliedusing embedding-based cosine similarity [12], cross-encoder scoring, or entailment probability estimation.
The derived score satisfies:

Se €[0, 1]

Higher valuesshow stronger establishing. Below figure 2 shows illustration of the SEA module.

Alignment Function
(Embedding / NLI / Cross-Encoder)

Generated Response y Semantic Evidence Alignment Score Se € [0,1]

Figure 2. Semantic Evidence Alignment (SEA) module

D. Logical Consistency Module
A response mayseem semantically coordinated but contain reasoning flaws or contradictions.
We describe a logical consistency score:

L. =ConsistencyScore(y, R)
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Where ConsistencyScore() estimates internal coherence and absence of contradiction with recovered confirmation. Natural
Language Inference(NLI) models or contradiction detection frameworks [13] can compute this.

L. [0, 1]
Higher values show stronger logical consistency. Figure 3 shows the overall flow of this module.

Generated Response y Logical Consistency Scoring Module
+ Retrieved Evidence R (NLI / Contradiction Detection)

Logical Consistency Score Le € [0,1]

Figure 3. Logical Consistency Module

E. Confidence Calibration Module
Large Language Models frequently shows overconfidence in inaccurate outputs. We incorporate calibrated confidence estimation to
model reliability more accurately.
Let:

Cy=CalibratedConfidence(y)
Raw token-level probabilities are extracted from the LLM and balanced using post-hoc calibration techniques [14] like temperature
scaling.
The calibrated score fulfils:

Cel0,1]

Higher values show stronger alignment between predicted confidence and empirical exactness possibility. Visual representation of
the module is shown in the figure 4.

Confidence Calibration Module Calibrated Confidence Score Ck € [0, 1]

Generated Response y

(Post-hoe Calibration: Temperature Scaling)

Figure 4. Confidence Calibration Module

F. Non-Linear Hallucination Risk Function
We model reliability as a multiplicative interaction among semantic grounding, logical consistency, and calibrated confidence rather
than combining components linearly.
The joint reliability score:
R(y)=SeLF-C

Where:

atfty=1
and a,f3,y>0 direct the relativesignificance of each component.
The hallucination risk isthenexplained as:

H(y)= 1-R(y)
Thus:
H(y)=1-(Se*LP-C)

This expression has preferable properties:
o Overall reliability decreases significantly, If any component is low.
e  Concurrent weaknesses increase risk.
e Risk remains bounded in [0, 1]
e The model captured interaction effects.
This non-linear formulation better displays the jointreliance of grounding, reasoning, and confidence in deciding
outputdependability. Below Figure 5 shows the illustration of risk function calculation.
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Semantic Alignment Se —|

Multiplicative Risk Function
Logical Consistency Le R(y) = Se® - L¢? - Ck7
Hallucination Risk H(y) = 1 — R(y)

Calibrated Confidence C'k g

Figure 5. Non-Linear Hallucination Risk Function

G. Algorithm Description
Algorithm 1: Hallucination Risk Estimation:

Query q + Retrieved Context R + Generated Response y

Compute Semantic Alignment Se

Compute Logical Consistency Le

Compute Calibrated Confidence C'k

Compute Joint Reliability
R(y) = Se™ - Le? - CkT

Compute Hallucination Risk
Hiy) =1- R{y)

Output H(y)

Figure 6. Algorithm Flow

1. EXPERIMENTAL EVALUATION
A. \Validation Setup

To obtain the behaviour of the suggested hallucination risk function [15]
H(Y)zl'(seu'l—cﬁ'cky)

We run controlled validation under both analytical and simulated reliability conditions.

Calculated values of represented components:

e S (semantic alignment),
o L (logical consistency),
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o  Cy(calibrated confidence),
Are normalized to the interval [0,1].
For unbiased assessment, we set:
a=p=y=1/3
unless under other condition stated.
Effectiveness examines:
»  Sensitivity to discrete component degradation
Behaviourunder excessive cases.
Collaboration effect.
Stability under small distresses.

YV V VYV

B. Baseline Formulations
We compare the multiplicative formulation against two alternative aggregation strategies [16] to evaluate the effectiveness of it:
Linear Risk Model:
Hiin(Y)=1(aSe+BLcHyCy)
Semantic-Only Risk Model:
Hsem(y)=1-Se
These references represent commonly used additive aggregation and single-factor grounding proposals.

V. RESULT AND DISCUSSION
A. Extreme Case Behaviour
If ant component come near zero:
S.—0 or L;—0 or C,—0
Then
H(y) — 1.

Where other components may compensate for severe failure in one dimension, this property does not hold equivalently under linear
aggregation.
Thus, the multiplication model prohibits critical defect more strongly.
Sensitivity Analysis:
Observe a scheme where two components stay high (0.9) while one degrades:
Multiplication framework:

H=1-(0.9"%.0.9"%.X"?)
Linear framework:

Hiin=1-((0.9+0.9+x)/3)
As x— 0, the multiplication risk demonstrates stronger joint dependencymodel by increasing more sharplythan the linear risk.

B. Stability Under Perturbation
The bounded gradient ensures Lipschitz continuity. Therefore, for smallagitations:
[IAHII<LIIAXI|
Where X=(Se,L,Cy).
This promises stable risk approximation under minor scoring noise.
We simulate representative reliability profiles to further demonstrate discriminative behaviour. The multiplicative model providing
clearer separation between reliable and unreliable cases, consistently assigning higher risk to compounded weakness. Simulated
result graph is illustrated in figure 7.
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Comparative Hallucination Risk Across Scenarios
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Figure 7. Comparative Hallucination Risk Across Scenarios

The proposed hallucination risk formulation after checking the validation results:

o s statistically well-defined and bounded.

e Isunvarying and interaction-sensitive.

o Interdicts compounded reliability failures more intensely than additive models.

e  Stays steady under small perturbations.

The multiplicative formulation captures joint dependency among semantic grounding, logical coherence, and calibrated confidence.
This behaviour aligns more closely with safety-critical deploymentrequirements. If failure occurs in any single reliability dimension,
it may substantially increase overall risk.The framework is directly extendable to large-scale empirical benchmarking across diverse
datasets and domains, while current validation is controlled and analytical.

V. CONCLUSIONS

This work is about a Model-Agnostic Verification Framework (MAVF) for risk quantification in Large Language Models.We
formalized hallucination as a continuous reliability risk variable and proposed a multiplicative risk function integrating semantic
evidence alignment, logical consistency, and calibrated confidence.The suggested formulation was meticulous examined and shown
to appease key mathematical properties,involving boundness, monotonicity, interaction sensitivity, and Lipschitz continuity.The
multiplicative model is more effectively captures joint reliability dependence and penalizes compounded weaknesses in grounding,
reasoning, and confidence estimation, compared to additive aggregation strategies.Controlled validation shows that the
structureprovides interpretable and stability-aware risk evaluation appropriate for safety-critical applications. By decoupling
verification from generation, the suggested perspective allows architecture-independent deployment over different
LLMsystems.Future work will expand the model to large-scale practical benchmarking, adjusting weight optimization, and domain-
specific calibration strategies. The proposed risk modelling outlook offers a principled foundation for credibility-conscious and
confidence-based deployment of Large Language Models.
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