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Abstract—Large Language Models (LLMs) can produce fluent but factually incorrect statements, known as hallucinations, which
limits their reliability in healthcare, law, education and other critical domains. This paper reviews methods that reduce
hallucination by grounding generation in external knowledge. Retrieval-Augmented Generation (RAG) retrieves relevant passages
at query time and conditions the model on them, while Knowledge Graphs (KGs) provide structured, verifiable facts and explicit
relations that support multi-hop reasoning. The review explains dense passage retrieval, retrieval-augmented pre-training, graph-
based RAG that summarizes communities of related entities, and reasoning that walks over knowledge-graph paths. It also covers
evaluation, including truthfulness benchmarks and metrics for faithfulness, context relevance and answer relevance. A hybrid
architecture is proposed that combines vector retrieval with knowledge-graph lookup, assembles grounded context, generates
answers with citations and verifies claims before responding. Research gaps, objectives, a comparison of grounding strategies and
challenges such as retrieval errors, outdated knowledge, graph construction cost and latency are discussed. The review concludes
that combining unstructured retrieval with structured knowledge offers a practical route to more accurate and transparent LLM
applications.

Index Terms—Large language models, hallucination, retrieval-augmented generation, knowledge graphs, GraphRAG, factuality,
dense retrieval, grounding

I. INTRODUCTION Intrinsic ]
(contradicts source)
-o( Types —

LLMs answer questhns, summarize documen.ts and write )-G (uniﬁ%g::fed) ]
code, but they sometimes state false facts with complete
confidence. Ji et al. [1] define hallucination as generated —— Dense RAG ]
content that is nonsensical or unfaithful to the source or to LM ’[ Grounding ]‘[E GraphRAG )
world knowledge. In a hospital chatbot or a legal assistant, Hallucination| |
such errors can cause real harm. p——— KG triple lookup J
A key cause is that an LLM stores knowledge only implicitly .[ Grounding ]_[E Path reasoning (ToG) )
in its parameters. That knowledge may be incomplete,
outdated or blended incorrectly. Two complementary ’[ checking ]‘I} Claim verification J
remedies supply knowledge explicitly at inference time: Citation enforcement ]

retrieval of relevant text passages, and lookup in a knowledge
graph of verified facts. Pan ef al. [2] describe a roadmap for
unifying LLMs and knowledge graphs, arguing that each
compensates for the other's weaknesses. 2.2 Knowledge Graphs

Fig. 1. Hallucination types and mitigation families.

This paper reviews RAG and KG-based grounding, proposes
a hybrid architecture and discusses evaluation and open
problems.

A knowledge graph stores facts as (subject, relation, object)
triples, such as (Pune, located in, Maharashtra). Hogan ef al.
[3] describe how knowledge graphs are built, queried and
II. BACKGROUND AND RELATED WORK validated. Because each fact is explicit, answers derived from

a graph can be traced and checked.
2.1 Types Of Hallucination 2.3 Review Of Related Studies

Fig. 1 distinguishes intrinsic hallucinations, which contradict [ ewis et al. [4] introduced RAG, combining a dense retriever
the provided source, from extrinsic ones, which add ith a sequence-to-sequence  generator, and showed
unsupported information, and lists the main mitigation  jmproved factual accuracy on knowledge-intensive tasks.
families. Karpukhin et al. [5] proposed dense passage retrieval with

dual encoders, which outperformed keyword search for open-
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domain question answering. Guu et al. [6] incorporated
retrieval into language-model pre-training with REALM, so
the model learns to use retrieved knowledge.

Gao et al [7] surveyed RAG and distinguished naive,
advanced and modular designs that add query rewriting, re-
ranking and iterative retrieval. Edge ef al. [8] proposed
GraphRAG, which extracts an entity graph from documents,
groups it into communities and summarizes them, improving
answers to broad questions that require connecting many
sources.

On the knowledge-graph side, Sun et al [9] introduced
Think-on-Graph, in which the LLM iteratively explores
paths in a knowledge graph to gather evidence for multi-hop
reasoning. For evaluation, Lin et al. [10] built Truthful QA to
measure whether models repeat common misconceptions,
and Es et al. [11] proposed RAGAS metrics for faithfulness,
answer relevance and context relevance. Table I summarizes
these works.

TABLE I Summary of Literature Survey

III. RESEARCH GAP AND OBJECTIVES
3.1 Identified Research Gaps

e GI1: RAG can still hallucinate when retrieved passages
are irrelevant, contradictory or ignored by the model.

e G2: Building and maintaining domain knowledge
graphs is costly and slow.

e G3: Few systems combine unstructured retrieval and
structured graphs in a principled way.

¢  G4: Evaluation metrics for grounded generation are not
standardized.

e G5: Added retrieval steps increase latency and cost.
3.2 Objectives Of The Review

To analyse the causes and types of LLM hallucinations.
e Toreview RAG techniques and knowledge-graph-based
grounding.
e To propose a hybrid RAG + KG architecture with
verification.
e  To compare grounding strategies and evaluation metrics.
e To discuss challenges and future directions.
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Ref. Method Key Findings Limitations .
[1] | Survey of Defined intrinsic | Pre-dates 3.3 Design Of The Proposed System
hallucination | and extrinsic many LLM j
in NLG types methods uﬂj‘é‘g{,‘:ﬂin { Entity extraction J( Query rewriting J
[4] | Retrieval- Better factuality | Retriever 7 oumr ) (Vector indexsearcn ) ((_Entitynking )
augmented on knowledge errors Retrieval | ( KG triples / paths )
generation tasks propagate ) ‘ _
[5] | Dense passage | Beats keyword Needs 3. contexe | [__Rernkng  J[ Dedupicaton )
Assembly [ Source citations J
retrieval search for QA training pairs ] /
[6] | Retrieval- Model learns to | Costly pre- centpion |{Groundea prompt ) iimanswer )
augmented use retrieval training —
pre-training 5. { Claim checking ] [ Remove unsupported J
[8] | GraphRAG Better global Expensive  Verification | claims
community sense-making graph [ Evaluation and Monitoring ]
summaries indexing
[9] | Think-on- Multi-hop Depends on Fig. 2 presents the proposed hybrid grounding architecture.
Graf)h p ?th ;{ez}somng over KG coverage Fig. 2. Proposed hybrid RAG and knowledge-graph
exploration .
[2] | Roadmap for | Framework for Conceptual architecture.
LLM-KG combining both | roadmap 3.4 Query Understanding Layer
unification
[11] | RAGAS Measures Uses LLM The user question is analysed to extract entities and intent,
. . . and may be rewritten into clearer sub-queries.
evaluation faithfulness and | as judge .
metrics relevance 3.5 Dual Retrieval Layer
A dense retriever searches a vector index of documents,
while entity linking maps detected entities to the knowledge
graph and retrieves related triples and paths.
© 2026 IJSRET



%}

International Journal of Scientific Research & Engineering Trends
Volume 12, Issue 5, Sep-Oct-2026, ISSN (Online): 2395-566X

3.6 Context Assembly Layer

Passages and triples are re-ranked, de-duplicated and
assembled into a prompt that cites each source.

3.7 Generation Layer

The LLM is instructed to answer only from the supplied
context and to cite sources, or to say that the answer is not
available.

3.8 Verification Layer

Claims in the draft answer are checked against retrieved
evidence and graph facts; unsupported claims are removed or
flagged.

3.9 Methodology

Fig. 3 shows the processing steps. Dense retrieval scores a
passage p for query q by the similarity of their embeddings

s(q,p) =E_q(q) - E_p(p) (1)

and faithfulness is measured as the fraction of answer claims
supported by the retrieved context:

Faithfulness = |supported claims| / |total claims| (2)

_.[

r “
1. Receive user
question

v

2. Extract entities and
rewrite query

5. Generate grounded
answer

v

6. Check: All claims
supported? (if not:
revise or state

uncertainty)
3. Retrieve passages 7. Return answer with
and KG facts citations

4. Assemble cited
context

Fig. 3. Hybrid grounding workflow.

IV. DISCUSSION AND COMPARISON

Table II compares grounding strategies. Vector RAG is easy
to deploy, GraphRAG handles global questions, KG
reasoning gives precise multi-hop facts, and the hybrid
approach combines coverage with verifiability.

TABLE II Comparison of Grounding Strategies

4.1 Challenges And Future Directions

Table III summarizes challenges. Future work includes
automatic knowledge-graph construction with LLMs,
adaptive retrieval that triggers only when needed, better
faithfulness metrics and domain-specific deployments in
Indian languages.

TABLE III Challenges and Mitigation

Challenge Mitigation
Irrelevant retrieval Re-ranking; query
rewriting
Outdated knowledge Scheduled index and KG
updates
KG construction cost LLM-assisted triple
extraction

Ignored context Citation enforcement;

verification

Strategy Strength Weakness Latency

No grounding Simple Frequent hallucination Low

Vector RAG Broad text coverage Irrelevant retrieval Medium

GraphRAG Global summaries Indexing cost Medium—High

KG reasoning Precise, traceable Limited coverage Medium

Hybrid + verification Coverage + checks Complexity High

Challenge Mitigation
Latency Caching; adaptive retrieval

V. CONCLUSIONS

Hallucination is one of the main barriers to trustworthy LLM
applications. The reviewed literature shows that grounding
generation in retrieved text reduces unsupported statements,
and that knowledge graphs add structure, traceability and
multi-hop reasoning. A hybrid system that retrieves from
both sources, cites evidence and verifies claims offers a
practical path to more reliable and transparent Al.
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