
 

Journal of Emerging Intelligence and 

Engineering Technologies 

 

J. Emerg. Intell. Eng. Technol. 2(1), 2025 

Research Article 

Reducing Hallucinations in Large Language Models Through Knowledge 
Graph Integration and Confidence-Aware Reasoning 

Eshchanova Nasiba Matnazarovna1, Girish Singh Bisht2 

1Department of Psychology, Mamun University, Urganch, Uzbekistan 
2Tulas University, Dehradun 

Email: eshchanova_nasiba@mamunedu.uz; Girish@tulas.edu.in 

Abstract 

Large language models (LLMs) generate fluent natural-language responses but may 

produce unsupported entities, fabricated relationships, inaccurate numerical statements, 

and misleading citations. This paper proposes a knowledge-graph-integrated, 

confidence-aware reasoning framework (KG-CAR) that combines entity linking, 

relation-aware graph retrieval, evidence-constrained answer generation, claim-level 
verification, and calibrated selective prediction. A structured knowledge graph supplies 

provenance-bearing triples, while a confidence estimator combines retrieval relevance, 

path consistency, entailment, source reliability, and model uncertainty. Low-confidence 

claims trigger additional retrieval, qualified responses, or abstention rather than 

ungrounded completion. The paper formulates a reproducible experimental protocol for 

evaluating factual precision, hallucination rate, evidence coverage, expected calibration 
error, abstention behavior, and latency. To demonstrate reporting and interpretation, it 

includes a clearly labeled illustrative numerical scenario rather than claiming completed 

experiments. The framework targets trustworthy domain question answering and 

identifies practical limitations involving graph incompleteness, contradictory sources, 

extraction errors, and computational overhead. 

Keywords: Large Language Models; Hallucination Mitigation; Knowledge Graphs; 
Evidence Grounding; Confidence Calibration; Selective Prediction; Explainable Artificial 

Intelligence. 

1. Introduction 

Large language models have become general-purpose interfaces for search, 
tutoring, scientific assistance, customer support, and enterprise knowledge 
management. Their ability to generate coherent text across domains is enabled 
by large-scale pretraining and instruction tuning. Nevertheless, fluent 
generation should not be confused with reliable factual reasoning. A model 
may provide a plausible answer to a question even when the necessary 
evidence is absent from its parameters or the user’s supplied context. In high-
stakes environments, a confident but incorrect statement may mislead decisions 
more severely than an explicit admission of uncertainty. The challenge is 
therefore not only to improve the average accuracy of responses, but also to 
ensure that every substantive claim can be traced to appropriate evidence. 
Hallucination is an umbrella term covering factual errors, unsupported 
assertions, invented sources, and contradictions with authoritative information. 
Some errors arise from outdated parametric knowledge, others from 
ambiguous questions or spurious associations acquired during training. Even 
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when a model has access to retrieved documents, it may conflate facts from 
separate passages, ignore temporal qualifiers, or fabricate a relation that was 
never supported. These mechanisms indicate that a single generative 
probability is insufficient as a guarantee of correctness. Reliable deployment 
requires external grounding, explicit verification, and a mechanism for 
withholding answers when available evidence does not justify a confident 
response. 
Retrieval-augmented generation (RAG) addresses part of this problem by 
introducing external documents into the prompt. Retrieved text can provide 
recent facts and enable citations without updating model parameters. Yet 
conventional vector retrieval is frequently organized around semantically 
similar chunks rather than explicit relationships. A question asking which 
organization acquired a subsidiary after a particular merger may require 
connecting multiple facts across sources. A relevant paragraph may mention 
the company and transaction without identifying the exact ownership path. 
Moreover, similarity scores measure topical relevance rather than factual 
entailment, so highly ranked passages may still fail to justify the generated 
claim. 
Knowledge graphs provide a complementary representation in which entities 
and their relations are modeled explicitly. A graph triple such as (researcher, 
affiliated_with, institution) can be connected to other triples containing dates, 
locations, projects, and provenance. Such representations are especially 
valuable for multi-hop reasoning, entity disambiguation, constraint checking, 
and source traceability. Graphs also support structured queries that restrict the 
kinds of relationships that may be asserted. However, graph-based systems are 
not automatically correct: extracted triples may be wrong, relations may be 
missing, and stale facts may conflict with more recent evidence. Consequently, 
a knowledge graph should function as an auditable evidence layer rather than 
an unquestioned oracle. 
An additional challenge is uncertainty estimation. LLM token probabilities are 
not direct probabilities that a complete factual proposition is true. A model may 
assign high likelihood to familiar but false statements; conversely, an unfamiliar 
yet correct answer may receive low likelihood. Calibration attempts to align 
reported confidence with observed correctness. In a calibrated system, claims 
assigned confidence near 0.8 should be correct approximately 80 percent of the 
time under a defined evaluation distribution. Selective prediction goes further 
by allowing the system to abstain from answering some questions, trading 
answer coverage for reduced risk on the remaining responses. 
The central proposition of this paper is that structural evidence and calibrated 
confidence should be optimized jointly. A retrieved path through a knowledge 
graph can support a claim, but path existence alone does not establish 
trustworthiness. The system should consider whether the linked entities are 
correct, whether relation semantics match the question, whether evidence 
sources are reliable, whether the claim is entailed, and whether contradictory 
information exists. A confidence-aware controller can then decide to answer, 
search again, qualify the answer, or abstain. This decision-oriented design 
directly addresses the practical cost of unsupported certainty. 
The proposed framework, called Knowledge Graph–Confidence-Aware 
Reasoning (KG-CAR), consists of six interconnected modules: knowledge 
ingestion and graph construction, question understanding, hybrid graph-text 
retrieval, evidence-constrained generation, claim-level verification, and 
calibrated decision control. Graph construction retains document identifiers, 
timestamps, and source metadata so that claims can be audited. Hybrid 
retrieval combines dense semantic search with entity-linked subgraph 
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exploration. A verifier decomposes generated answers into atomic claims and 
checks them against retrieved graph paths and source passages. Finally, a 
calibrated confidence score determines whether the response can be delivered 
without qualification. 
The framework is designed for domain-specific knowledge bases such as 
academic regulations, technical manuals, organizational records, and scientific 
literature. These settings often contain identifiable entities, specialized relations, 
and traceable source documents. They also present difficult cases involving 
inconsistent terminology, rapidly changing policies, and multi-document 
dependencies. A system must distinguish absence of evidence from evidence of 
absence and should avoid treating an incomplete graph as proof that a 
proposition is false. The proposed decision controller therefore maintains an 
explicit unsupported state rather than forcing every proposition into a binary 
true-or-false classification. 
From a research perspective, evaluating such a framework requires multiple 
complementary metrics. Exact-match answer accuracy alone can hide 
unsupported intermediate claims and overconfident errors. Claim-level factual 
precision measures how often generated propositions are supported; 
hallucination rate captures unsupported or contradicted claims; evidence 
coverage quantifies the proportion of claims linked to verifiable sources. 
Calibration metrics measure whether confidence corresponds to correctness, 
while risk–coverage curves reveal the consequences of abstention. Runtime and 
graph-maintenance costs are also important because multi-hop retrieval and 
verification can increase latency. 
This study makes a methodological contribution by specifying the KG-CAR 
architecture, formalizing its scoring and decision rules, and providing an 
evaluation protocol with ablations that separate the value of graph retrieval, 
claim verification, and calibration. Because the present work does not include 
an executed benchmark, the numerical tables and figures are explicitly 
illustrative and are intended to show how future results should be reported, not 
to establish empirical superiority. The broader objective is to define a testable, 
transparent pathway toward language systems that can distinguish supported 
answers from persuasive speculation. 

2. Related Work 

Foundational research on retrieval-augmented generation established that 
neural generators can be conditioned on externally retrieved information 
instead of relying entirely on parameters. Lewis et al. [1] introduced RAG 
formulations that combine a sequence-to-sequence generator with a dense 
retrieval component. This architecture provides a practical way to update 
factual context without full model retraining. However, retrieval introduces a 
new dependency: the quality of generation is constrained by document 
coverage, ranking accuracy, and the generator’s fidelity to retrieved evidence. 
Retrieved context is helpful but cannot by itself guarantee that every output 
claim is supported. 
Knowledge-intensive language tasks further motivated the development of 
dense passage retrieval and open-domain question answering benchmarks. 
Karpukhin et al. [2] demonstrated the effectiveness of dense representations for 
passage retrieval, while Petroni et al. [3] explored language models as stores of 
relational knowledge. Together, these lines of work illuminate the distinction 
between retrieving evidence and recalling information encoded in parameters. 
Dense retrieval can improve topical relevance, but implicit similarity does not 
reliably encode the exact subject–predicate–object structure needed for 
relational reasoning. 
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Knowledge graphs offer explicit representations of facts and their connections. 
Hogan et al. [4] surveyed the foundations, creation, and use of knowledge 
graphs, including representation and quality considerations. A graph can 
capture type constraints, relation directionality, temporal attributes, and 
provenance in a form that is more inspectable than unconstrained natural-
language completion. Yet real-world graph construction involves entity 
resolution, ontology alignment, relation extraction, and maintenance. Errors 
introduced during these stages may propagate into downstream answers unless 
confidence and source traceability are retained. 
Graph-based retrieval has emerged as a strategy for complex questions 
requiring multiple linked facts. The Microsoft GraphRAG project [5] describes 
graph-oriented indexing and community-based summarization for large text 
collections. Hu et al. [6] investigated graph retrieval-augmented generation for 
networked textual information, emphasizing joint use of text and topology. 
These approaches suggest that graph structure can improve coverage of 
connected evidence, particularly when a query spans multiple documents. 
Nonetheless, graph retrieval alone does not resolve how the system should 
express uncertainty when a path is ambiguous, incomplete, or contradicted. 
Hallucination detection has been studied through internal uncertainty, external 
evidence, and consistency across generations. Manakul et al. [7] proposed 
SelfCheckGPT, a black-box method that compares multiple stochastic responses 
to identify potentially nonfactual statements. The method is attractive when 
token probabilities or external databases are unavailable. However, repeated 
generations may agree on a shared misconception, and sampling multiple 
responses incurs extra computation. For evidence-sensitive applications, self-
consistency should therefore complement rather than replace external factual 
verification. 
Fact verification datasets and models provide additional tools for evaluating 
whether claims are supported by evidence. Thorne et al. [8] introduced FEVER, 
which links claims to evidence and labels their veracity. Such work highlights 
the importance of distinguishing supported, refuted, and insufficient-
information outcomes. Natural-language inference classifiers can help compare 
a generated statement with a source passage, but they may misread negation, 
numerical qualifiers, temporal conditions, or entity identity. A robust verifier 
should combine semantic entailment with structured graph constraints and 
human-auditable evidence. 
Confidence calibration is closely related to hallucination mitigation because 
unreliable certainty can be more harmful than acknowledged uncertainty. Jiang 
et al. [9] studied calibration for question answering and showed that raw 
language-model probabilities do not necessarily reflect answer correctness. 
Kadavath et al. [10] investigated whether language models can assess the 
validity of their own answers, including probabilities associated with 
correctness and knowledge. These findings motivate confidence estimation but 
also show that calibration depends on task formulation and distribution. A 
model’s stated confidence should not be treated as an independently verified 
probability. 
Mielke et al. [11] investigated linguistic calibration, focusing on whether 
conversational systems communicate uncertainty appropriately. Their work is 
relevant because confidence can be represented numerically, linguistically, or 
through a decision to abstain. The design of the user-facing answer matters: a 
statement qualified as tentative may still be misinterpreted as authoritative if 
the supporting evidence is unclear. KG-CAR therefore couples calibrated 
numerical estimates with explicit provenance and a controlled response policy. 
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Rather than relying only on hedging phrases, the controller can refuse to assert 
unsupported factual details. 
Work on selective prediction provides a principled framework for trading 
coverage against risk. Geifman and El-Yaniv [12] analyzed selective 
classification with guaranteed risk under specific assumptions. In language 
generation, the analogous objective is to minimize errors among answers the 
system chooses to provide while transparently recording unanswered queries. 
Thresholds can be chosen using held-out validation data, but their reliability 
may deteriorate under domain shift. Consequently, any reported selective risk 
should specify its dataset, confidence threshold, and retained answer coverage. 
Recent graph-centric hallucination detection has also explored representing 
individual generated facts as triples. Sawczyn et al. [13] proposed 
FactSelfCheck, a fact-level black-box approach that uses graph-like 
representations of claims to compare sampled responses. This direction is 
complementary to external knowledge-graph grounding: one technique 
structures the output for finer-grained checking, while the other supplies an 
independently maintained evidence repository. Their combination suggests a 
useful architecture in which atomic claim extraction and external evidence 
matching jointly determine whether a response is safe to present. 
The reviewed literature reveals three recurring gaps. First, evidence retrieval 
and factual verification are often treated as separate pipeline components, even 
though retrieval quality strongly influences verification outcomes. Second, 
graph structure may be exploited for reasoning without fully integrating source 
trust, temporal validity, and contradictions into confidence estimation. Third, 
evaluations may emphasize answer correctness without systematically 
measuring calibration and abstention behavior. KG-CAR addresses these gaps 
through provenance-bearing graph retrieval, claim-level evidence scoring, and 
a calibrated response controller. Its contribution is an integrated and testable 
design rather than an assertion that any single retrieval or confidence technique 
eliminates hallucinations. 

3. Proposed Methodology 

The KG-CAR system receives a natural-language question q and a versioned 
document corpus D. It constructs a provenance-aware knowledge graph 
G=(V,E), where V denotes entities and E denotes typed relations with source 
identifiers, extraction confidence, and timestamps. A hybrid retriever returns 
both relevant passages and a bounded connected subgraph. The generator is 
instructed to use only supported relations, after which an independent verifier 
checks atomic claims and a calibrated controller determines the final response. 
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Figure 1: Proposed KG-CAR processing pipeline (conceptual architecture). 

3.1 Knowledge Graph Construction and Provenance 

Documents are segmented into source passages, and named entities are 
normalized using domain dictionaries and embedding-based candidate 
matching. Relation extraction produces tuples (s,r,o), which are stored together 
with document ID, page or section, extraction method, and validity period. 
Entity types and relation schemas are checked to prevent invalid links. Human 
review or rule-based validation should be prioritized for high-impact facts. 
Graph updates are versioned so that a response can be reproduced against the 
knowledge state available at the time of generation. 
Equation (1): G = (V, E), e = (s, r, o, d, t, ρ), where s and o are entities, r is the 
relation, d is the supporting document, t is the validity timestamp, and ρ ∈ [0,1] 
is source/extraction reliability. 

3.2 Hybrid Retrieval and Path Ranking 

The query is mapped to candidate entities and relation constraints. Dense 
passage search supplies semantically related text, while graph traversal 
identifies paths connecting query entities. Candidate evidence is ranked by 
semantic relevance, relation compatibility, path length, freshness, and 
provenance. Limiting path depth and candidate count controls computational 
overhead and reduces spurious long-path associations. 
Equation (2): R(p,q) = α·sim(q,p) + β·rel(p,q) + γ·prov(p) − δ·len(p) − ε·age(p). 
The weights are nonnegative, fitted on validation queries, and normalized 
where appropriate. Higher R indicates more suitable supporting evidence. 

3.3 Claim-Level Evidence Verification 

The LLM produces a draft under instructions to cite evidence IDs and avoid 
unsupported additions. A claim extractor converts the draft into atomic 
propositions c₁,<,cₘ. Each claim is matched to graph triples and original 
passages. A three-way verifier estimates support, contradiction, or insufficient 
evidence. Relation direction, negation, units, dates, and entity aliases are 
explicitly checked; a cited document is not counted as support merely because 
it discusses the same topic. 
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Equation (3): S(cᵢ )=maxₚ  [R(p,q)·Entail(cᵢ ,p)·ρ(p)], where Entail(cᵢ ,p) ∈ [0,1] 
measures whether path and associated text substantiate the claim. 
Contradictory paths are scored separately rather than averaged away. 

3.4 Confidence-Aware Reasoning and Selective Prediction 

A calibration model estimates correctness from claim support, contradiction 
strength, entity-linking confidence, evidence diversity, and generator 
uncertainty. A logistic form provides an interpretable baseline, while isotonic 
regression or temperature scaling may be used on held-out validation 
examples. Confidence thresholds are selected to meet application-specific risk 
constraints; they must not be tuned on the test set. 
Equation (4): C(cᵢ )=σ(w₀+w₁S(cᵢ )−w₂K(cᵢ )+w₃D(cᵢ )+w₄L(cᵢ )−w₅U(cᵢ )), where 
σ(z)=1/(1+e≦(−z)), K is contradiction, D evidence diversity, L linking quality, 
and U uncertainty. 
Equation (5): A(q)=minᵢ  C(cᵢ ). If A(q)≥τ_high, return the evidenced answer; if 
τ_low≤A(q)<τ_high, retrieve additional evidence or qualify supported claims; 
otherwise abstain. The minimum operator conservatively prevents one weak 
factual assertion from being hidden by stronger claims. 

3.5 Optimization Objective 

Training jointly encourages supported generation, correct claim verification, 
and calibrated confidence. The calibration target is the correctness of each 
atomic claim, annotated against independent sources. Regularization 
discourages reliance on unsupported graph paths and overly confident 
assertions. 
Equation (6): L_total = L_gen + λ₁L_verify + λ₂L_Brier + λ₃L_unsupported, with 
L_Brier=(1/N)Σᵢ (Cᵢ −yᵢ )² and yᵢ ∈{0,1}. The coefficients λ₁, λ₂, λ₃ are chosen 
using validation performance. 

4. Experimental Design and Evaluation Protocol 

A reproducible study should use domain documents with source-level 
provenance and question-answer pairs that include direct factual, multi-hop, 
temporally sensitive, ambiguous, and intentionally unanswerable questions. 
Documents should be split by source or time to reduce leakage, with 
independent annotators marking atomic claims as supported, contradicted, or 
insufficiently evidenced. Disagreements should be adjudicated and inter-
annotator agreement reported. The benchmark should contain enough cases in 
each category to evaluate confidence behavior, not merely aggregate accuracy. 
Recommended comparison systems are: (B1) LLM without retrieval; (B2) text-
only RAG; (B3) graph-augmented RAG without calibration; and (B4) full KG-
CAR. All methods should use the same generator, decoding settings, question 
set, and document snapshot. Report hardware, embedding model, graph 
database, maximum retrieval depth, token budget, number of trials, and 
random seeds. Suitable implementation tools include Python, PyTorch, a vector 
index, a graph database, and an NLI-based verification model; these are 
proposed tools, not a claim that an experiment was executed. 
Equation (7): Hallucination Rate = 100 × (unsupported or contradicted 
generated claims)/(all evaluated generated factual claims). Equation (8): 
Evidence Coverage = 100 × (claims with valid source evidence)/(all evaluated 
generated factual claims). Equation (9): ECE = Σ_b (n_b/N)|acc(b)−conf(b)|. 
Coverage and selective risk should additionally be measured at each abstention 
threshold. Bootstrap confidence intervals and paired significance tests are 
recommended. 
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5. Illustrative Results and Discussion 

IMPORTANT: The following numbers are a synthetic worked example 
constructed to illustrate the intended tables, graphs, and analysis. They are not 
measured results from trained models, and no statistical significance or 
empirical performance claim is implied. All values would need replacement 
following actual benchmark execution. 

Table 1: Illustrative, non-experimental comparison of four model configurations. 

Method Factual precision 

(%) 

Hallucination (%) Evidence coverage 

(%) 

ECE Latency (s) 

B1: LLM only 72.0 28.0 12.0 0.180 1.2 

B2: Text RAG 82.0 18.0 75.0 0.130 1.9 

B3: Graph RAG 88.0 12.0 89.0 0.105 2.5 

B4: KG-CAR 94.0 6.0 96.0 0.045 3.1 

 

In this constructed example, hallucination rate decreases from 28% for the 
ungrounded baseline to 6% for the full system, an absolute reduction of 22 
percentage points. Evidence coverage increases from 12% to 96%, while 
expected calibration error decreases from 0.180 to 0.045. These values 
demonstrate how to discuss multiple quality dimensions jointly. They do not 
establish that KG-CAR achieves these improvements in practice. The example 
also shows a latency trade-off: the more elaborate pipeline takes 3.1 seconds 
rather than 1.2 seconds per answer. 

 

Figure 2: Illustrative numerical scenario: hallucination rate and factual precision by 
configuration (not empirical measurements). 

5.1 Illustrative Ablation Analysis 

Table 2: Hypothetical ablation values for planning future experiments; not observed outcomes. 

Configuration Hallucination (%) ECE Coverage (%) 

Full KG-CAR 6.0 0.045 96 

Without graph paths 11.0 0.078 79 

Without verifier 14.0 0.092 91 
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Configuration Hallucination (%) ECE Coverage (%) 

Without calibration/abstention 9.0 0.151 96 

 

The hypothetical ablation isolates mechanisms that should be tested 
experimentally. Removing graph paths may impair multi-hop support; 
removing the verifier may permit unsupported assertions despite relevant 
retrieval; removing calibration and abstention may worsen the alignment 
between confidence and correctness. A real ablation must use identical test 
queries and report uncertainty intervals. Because abstention changes which 
answers are evaluated, comparisons must additionally show both coverage and 
risk at matched coverage, avoiding misleading improvements achieved merely 
by refusing difficult questions. 

5.2 Failure Modes and Practical Implications 

A knowledge graph may contain incorrect or obsolete edges, and an apparently 
valid reasoning path may inherit those errors. Entity-linking failures can merge 
distinct people or organizations; incomplete graphs can conceal valid answers; 
and contradictory documents may differ because of temporal updates rather 
than genuine factual disagreement. Calibration may deteriorate on novel 
domains, and independent-looking evidence may originate from a single 
copied source. These issues require timestamp-aware provenance, duplicate-
source detection, contradiction reporting, and periodic recalibration. Human 
review remains appropriate for high-consequence uses. 
The proposed system should therefore be assessed not only by aggregate 
hallucination rate but also by the severity of errors, response coverage, 
demographic and domain subgroups where relevant, and operational costs. A 
trustworthy deployment should provide citations at the claim level, retain a 
trace of graph paths used, and communicate when the available evidence is 
insufficient. Confidence thresholds should reflect the consequences of errors: an 
exploratory research assistant may answer with caveats, whereas a compliance-
support tool may need to abstain more frequently. 

6. Conclusion 

This paper proposed KG-CAR, a framework for reducing unsupported factual 
generation by integrating provenance-aware knowledge graphs, hybrid 
retrieval, claim-level verification, and calibrated selective reasoning. The 
architecture formalizes how graph evidence, entailment, contradiction, and 
uncertainty can jointly determine whether a generated claim should be 
accepted, revised, or withheld. It also provides an evaluation protocol covering 
hallucination rate, factual precision, evidence coverage, calibration, selective 
risk, and computational latency. The numerical examples illustrate the intended 
analysis but do not constitute experimental validation. Future work should 
implement the pipeline on public and domain-specific benchmarks, evaluate 
robustness to graph incompleteness and temporal drift, test calibration under 
distribution shift, and quantify risk–coverage trade-offs with confidence 
intervals. The key research finding at this stage is methodological: reliable 
language generation requires explicit evidence checks and uncertainty-sensitive 
decisions, not fluent output alone. 
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