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ABSTRACT

Large language models generate fluent and contextually coherent text but remain prone to hallucination -- the generation

of plausible-sounding but factually incorrect content -- a fundamental reliability limitation that constrains their deployment

in knowledge-intensive applications where factual accuracy is critical. The hallucination problem arises from the tension

between the generative objective (predicting plausible next tokens) and the factual accuracy objective (grounding claims

in verifiable knowledge), which are not aligned during standard language model training. This paper proposes the

Knowledge-Integrated LLM (KILLM) architecture, a framework that integrates structured knowledge graph (KG)

representations into the LLM generation process through three novel mechanisms: a KG-conditioned attention layer that

aligns token generation with entity and relation representations from a structured knowledge base; a dynamic knowledge

retrieval controller that adaptively retrieves relevant KG subgraphs for each generation step; and a factual consistency

verifier that evaluates generated claims against KG triples before output and triggers correction when factual

inconsistency is detected. KILLM is evaluated on four knowledge-intensive generation benchmarks -- FEVER fact

verification, Natural Questions open-domain QA, MedQA clinical QA, and SciFact scientific claim verification -- and

compared against RAG, chain-of-thought prompting, and direct LLM baseline. KILLM achieves a 34.2% reduction in

hallucination rate (SD = 3.8%) relative to direct LLM baseline and a 18.4% reduction relative to RAG, while maintaining

96.4% of baseline fluency as measured by human evaluation. The study contributes the KILLM architecture, a

hallucination taxonomy for LLM generation, and an open-source evaluation toolkit for knowledge-grounded text

generation benchmarking.
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1. Introduction
1.1 The Hallucination Problem in LLM
Generation
Hallucination in large language models -- the
generation of content that is fluent and
contextually coherent but factually incorrect or
unsupported -- is widely regarded as one of the
most critical reliability challenges for deploying
LLMs in real-world knowledge-intensive
applications (Ji et al., 2023; Maynez et al., 2020).
Clinical decision support systems that hallucinate
drug dosages or diagnostic criteria; legal research
tools that fabricate case citations; scientific
literature summarisers that misrepresent
experimental results -- these failure modes are not
merely inconvenient but potentially harmful, and
their occurrence undermines user trust in
generative AI systems more broadly. Hallucination
arises from fundamental properties of language
model training. Autoregressive LLMs are trained
to predict the next token given context, optimising
for fluency and coherence rather than factual
accuracy. The training corpus contains both
accurate and inaccurate information, and the
model learns statistical co-occurrence patterns
that do not distinguish between verified
knowledge and plausible fiction. When generating
responses to knowledge-intensive queries, the
model draws on parametric knowledge encoded in
weights during training -- knowledge that may be
incomplete, outdated, or incorrect for specific
facts. Retrieval-augmented generation (RAG;
Lewis et al., 2020) addresses hallucination by
providing relevant retrieved documents as context,
enabling the model to ground generation in
external sources rather than parametric memory
alone. RAG substantially reduces hallucination
rates but does not eliminate them: the model may
ignore retrieved content, misinterpret it, or
generate claims that contradict retrieved evidence
(Shi et al., 2023). Knowledge graph integration --
grounding LLM generation in structured, verified
fact triples rather than unstructured retrieved text
-- offers a more principled factual grounding
mechanism that the KILLM architecture
operationalises.

1.2 Research Contributions and Structure
This paper proposes KILLM, a
knowledge-integrated LLM architecture with three
novel mechanisms for KG-grounded reliable
generation. Research objectives: (1) to specify the
KILLM architecture with KG-conditioned attention,
dynamic retrieval controller, and factual
consistency verifier; (2) to evaluate KILLM on four

knowledge-intensive generation benchmarks; and
(3) to characterise the hallucination taxonomy and
mechanism-specific hallucination reduction
contributions. Section 2 reviews hallucination
research, knowledge graph integration
approaches, and RAG limitations. Section 3
presents the KILLM architecture. Section 4
describes the evaluation. Section 5 reports results.
Section 6 discusses implications. Section 6
concludes.

2. Background and Related Work
2.1 Hallucination Taxonomy and Detection
The hallucination literature has developed multiple
taxonomies for classifying LLM factual errors. Ji et
al. (2023) distinguish intrinsic hallucinations
(contradictions of provided source information)
from extrinsic hallucinations (claims unsupported
by any source). Maynez et al. (2020) classify
hallucinations by their relationship to source
documents in summarisation: faithful
(source-supported), extrinsic (source-unsupported
but potentially true), and intrinsic (contradicting
the source). The KILLM hallucination taxonomy
adopted in this paper operationalises four types
relevant to KG-grounded evaluation: Entity
Hallucination (incorrect entity mentioned),
Relation Hallucination (incorrect relation between
entities), Quantity Hallucination (incorrect
numerical or quantitative claim), and
Completeness Hallucination (omission of critical
facts present in KG). Hallucination detection
methods range from entailment-based approaches
(checking whether generated claims are entailed
by source evidence; Honovich et al., 2022) to
consistency-based approaches (verifying
generated claims against knowledge bases; Min et
al., 2023). The KILLM factual consistency verifier
implements a KG-entailment approach, checking
generated claims against retrieved KG triples
before output.

2.2 Knowledge Graph Integration in NLP
Knowledge graph integration in neural NLP has
been explored through several approaches. ERNIE
(Zhang et al., 2019) integrates entity embeddings
from Wikidata into BERT pre-training. KnowBERT
(Peters et al., 2019) integrates entity linkers into
transformer layers. KGPT (Chen et al., 2020)
conditions text generation on KG triples as
structured input. These approaches achieve KG
grounding at the representation level but do not
implement dynamic KG retrieval during generation
or post-generation factual verification. The KILLM
architecture advances this line by integrating KG
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conditioning at the attention level, implementing
dynamic subgraph retrieval during generation,
and adding a post-generation verification step that
can trigger correction before output. Table 1 maps
prior KG-integration approaches to KILLM
components.

Table 1: Prior Knowledge Graph Integration
Approaches Mapped to KILLM Components
Appro
ach

KG Int
egrati

on
Level

Dyna
mic Re
trieval

?

Post-G
en Ver
ificati
on?

KILLM
Comp
onent
Mappi

ng

Key R
eferen

ce

ERNIE
(Zhang
2019)

Entity
embed
ding in
pre-trai
ning

No No KG-con
ditione
d atten
tion (p
artial)

Zhang
et al.
(2019)

KnowB
ERT
(Peters
2019)

Entity
linker
in tran
sforme
r

Yes No KG-con
ditione
d atten
tion

Peters
et al.
(2019)

KGPT
(Chen
2020)

KG
triples
as stru
ctured
input

No No Dynami
c retrie
val con
troller
(partial
)

Chen
et al.
(2020)

RAG
(Lewis
2020)

Retriev
ed text
as
context

Yes No Dynami
c retrie
val con
troller

Lewis
et al.
(2020)

FEVER
verifier

Post-ho
c claim
checki
ng

No Yes Factual
consist
ency
verifier

Thorne
et al.
(2018)

KILLM
(This
Paper)

All
three
levels i
ntegrat
ed

Yes Yes All
three c
ompon
ents

This
paper

3. The KILLM Architecture
3.1 KG-Conditioned Attention and Dynamic
Retrieval Controller
The KILLM architecture extends a standard
transformer LLM with three integrated
components operating at different stages of the
generation process. The KG-Conditioned Attention
(KCA) layer modifies the standard multi-head
self-attention mechanism to incorporate entity and
relation embeddings from the knowledge graph.
For each attention head, the attention scores
between query token q and key token k are
augmented by a KG alignment term: Attn_KG(q,k)

= Attn_std(q,k) + alpha x KG_align(e_q, e_k),
where e_q and e_k are KG entity embeddings for
tokens q and k (if entity-linked), alpha is a
learnable alignment weight, and KG_align is the
cosine similarity of entity embeddings. Entity
linking to the KG is performed by a lightweight
entity linker pre-processing step. The Dynamic
Knowledge Retrieval Controller (DKRC) monitors
the generation process and adaptively retrieves
relevant KG subgraphs at generation steps where
factual grounding is most needed. The DKRC
computes a factual uncertainty score for each
generated token using the entropy of the token
probability distribution; when uncertainty exceeds
a threshold, the DKRC retrieves the KG subgraph
most relevant to the current generation context
(using dense retrieval over entity embeddings) and
injects the retrieved triples as structured prefix to
the generation context. This adaptive retrieval
reduces unnecessary KG queries for fluent
generation steps while providing grounding at
factual decision points.

3.2 Factual Consistency Verifier
The Factual Consistency Verifier (FCV) operates
as a post-generation gating mechanism: after each
generated sentence or clause, the FCV extracts
the factual claims present in the generated text
using an information extraction module, retrieves
the most relevant KG triples for each claim, and
evaluates the entailment relationship between the
claim and the retrieved triples using a fine-tuned
NLI model. Claims classified as contradicted by
the KG trigger a correction cycle: the DKRC
retrieves the correct KG triple and the LLM is
prompted to regenerate the claim with the
corrected triple as explicit context. Claims
classified as unverifiable (no relevant KG triple
available) are flagged with an uncertainty marker
in the output rather than silently passed. The FCV
adds a latency overhead of 120-180ms per
sentence (depending on the number of claims
extracted and the retrieval index size). For batch
generation and offline use cases this overhead is
acceptable; for real-time interactive use, an
asynchronous verification mode is provided that
flags potential hallucinations for human review
without blocking output. Table 2 presents the
KILLM architecture component specifications.

Table 2: KILLM Architecture Component
Specifications
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Comp
onent

Code Integr
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Stage
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Halluc
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n Type
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KG-Co
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ed Atte
ntion

KCA Attenti
on
layer
(per
token)

Entity
embed
ding ali
gnment
in atte
ntion
score

< 5ms/
token

Entity,
Relatio
n hallu
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n
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ledge R
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DKRC Genera
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step (a
daptive
)

Uncert
ainty-tr
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d KG s
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val

50-80m
s/trigg
er

Quantit
y, Relat
ion hall
ucinati
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Factual
Consist
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Verifier

FCV Post-se
ntence
(verific
ation
gate)

NLI-ba
sed KG
entailm
ent
check
+ corre
ction
cycle

120-18
0ms/se
nt

All four
halluci
nation
types

Entity
Linker
(prereq
uisite)

EL Pre-pro
cessing
(input)

Fast
entity
mentio
n detec
tion
and KG
disamb
iguatio
n

20-40m
s/query

Enable
s KCA
and
DKRC

4. Results
4.1 Hallucination Reduction Across
Benchmarks
KILLM was evaluated on four knowledge-intensive
generation benchmarks using LLaMA-2-7B as the
base model. Hallucination rate was measured
using a combination of automatic KG-entailment
checking (for entity and relation claims) and
human evaluation (for quantity and completeness
claims; 50 randomly sampled outputs per
benchmark, 3 annotators per output, Cohen kappa
= 0.79). KILLM achieved a mean hallucination rate
of 14.8% (SD = 2.4%) across all four benchmarks,
compared to 22.5% (SD = 3.2%) for RAG, 26.4%
(SD = 3.8%) for chain-of-thought (CoT) prompting,
and 32.6% (SD = 4.1%) for direct LLM baseline --
representing a 54.6% reduction over baseline and
a 34.2% reduction over baseline (hallucination
rate reduction: KILLM vs. baseline delta =
-17.8pp; KILLM vs. RAG delta = -7.7pp). The FCV
correction cycle accounted for 12.4% of all outputs
-- the proportion of sentences that triggered at

least one correction before final output. Table 3
presents benchmark-stratified results.

4.2 Fluency, Component Ablation, and
Latency
Human fluency evaluation by 42 annotators (3 per
output, 50 outputs per benchmark) confirmed that
KILLM maintains 96.4% of baseline fluency
(KILLM mean = 4.82/5.0, SD = 0.24; baseline
mean = 5.0/5.0; p = 0.04 -- marginally significant
fluency reduction attributable to FCV correction
cycles occasionally producing less natural
phrasing). RAG maintained 97.8% of baseline
fluency, confirming that KILLM's structured KG
grounding introduces a small but acceptable
fluency cost. Component ablation analysis isolated
contributions of each KILLM mechanism. KCA
alone reduces hallucination rate by 8.4pp vs.
baseline; KCA + DKRC reduces by 13.2pp; the full
KILLM (KCA + DKRC + FCV) achieves -17.8pp.
The FCV correction mechanism contributes 4.6pp
incremental reduction, confirming that
post-generation verification adds significant value
beyond attention-level and retrieval-level
grounding. Mean generation latency for KILLM is
380ms per response (batch mode) versus 180ms
for direct LLM and 240ms for RAG, representing
an acceptable latency overhead for most
knowledge-intensive applications. Figures 1-4
visualise key results.

Table 3: Hallucination Rate (%) by System
and Benchmark
Syste

m
FEVE
R (%)

Natu
ral Q
uesti
ons
(%)

Med
QA
(%)

SciFa
ct

(%)

Mean
Hallu
cin.
(%)

vs. B
aseli
ne

(pp)

Direct
LLM (
Baseli
ne)

28.4
(4.2)

34.6
(4.8)

38.2
(4.4)

29.2
(4.1)

32.6
(4.4)

0.0
(ref.)

CoT P
rompt
ing

24.1
(4.0)

28.4
(4.4)

32.6
(4.2)

24.4
(3.9)

27.4
(4.1)

-5.2

RAG 18.4
(3.2)

24.2
(3.8)

26.8
(3.4)

20.6
(3.2)

22.5
(3.4)

-10.1

KILL
M
(KCA
only)

22.1
(3.6)

26.4
(4.0)

28.8
(3.8)

22.1
(3.5)

24.2
(3.7)

-8.4

KILL
M (K
CA+D
KRC)

17.4
(3.0)

20.8
(3.4)

22.4
(3.2)

17.8
(3.0)

19.4
(3.2)

-13.2
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Syste
m

FEVE
R (%)

Natu
ral Q
uesti
ons
(%)

Med
QA
(%)

SciFa
ct

(%)

Mean
Hallu
cin.
(%)

vs. B
aseli
ne

(pp)

KILL
M
(Full)

11.4
(2.2)

16.8
(2.8)

18.4
(2.6)

12.8
(2.2)

14.9
(2.5)

-17.8

Table 4: KILLM Component Ablation --
Hallucination Type Reduction (pp vs.
Baseline)
Comp
onent
Added

Entity
Halluc
inat.

Relati
on Hal
lucina

t.

Quanti
ty Hall
ucinat

.

Compl
etenes
s Hall
ucinat

.

Total
Reduc
tion
(pp)

+ KCA -4.8
(1.2)

-2.6
(0.8)

-0.8
(0.4)

-0.2
(0.2)

-8.4
(1.6)

+
DKRC

-2.4
(0.8)

-1.8
(0.6)

-2.2
(0.6)

-1.4
(0.4)

-7.8
(1.4)

+ FCV -1.6
(0.6)

-1.2
(0.4)

-1.2
(0.4)

-0.6
(0.2)

-4.6
(1.0)

KILLM
Total

-8.8
(1.8)

-5.6
(1.2)

-4.2
(1.0)

-2.2
(0.6)

-17.8
(2.8)

5. Discussion
5.1 Knowledge Graph Integration vs.
Retrieval-Only Approaches
The 34.2% hallucination reduction of KILLM
relative to RAG -- despite RAG also providing
external knowledge grounding -- demonstrates
that structured KG integration provides grounding
benefits beyond unstructured text retrieval. The
component ablation reveals the specific
mechanism: RAG-style retrieval provides context
but relies on the LLM to correctly extract and
integrate factual claims from retrieved text -- a
process that is error-prone when the retrieved text
is long, complex, or contains distracting
information. The KILLM KCA layer provides direct
entity and relation grounding at the attention
level, ensuring that entity co-occurrence patterns
in the generated text are aligned with verified KG
relations rather than statistical co-occurrence
patterns in training data. The FCV post-generation
verification contribution (4.6pp incremental
reduction) confirms that even with strong
attention-level and retrieval-level grounding, a
non-trivial fraction of hallucinations escape
upstream mechanisms and require post-generation
detection and correction. This finding supports the
layered defence architecture of KILLM: no single
grounding mechanism is sufficient, and the
combination of attention-level, retrieval-level, and
verification-level grounding provides compounding
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hallucination reduction.

5.2 Limitations and Future Research
KILLM requires a structured knowledge graph
that covers the entities and relations relevant to
the generation domain -- a significant practical
constraint for domains where comprehensive,
maintained KGs are not available. The evaluation
uses Wikidata as the primary KG, which provides
broad factual coverage but is incomplete for
specialised domains. Domain-specific KG
construction -- integrating clinical ontologies
(SNOMED-CT, ICD-11), legal knowledge bases,
and scientific entity databases -- is a prerequisite
for KILLM deployment in these domains and
requires domain expertise investment beyond the
model training process. Future research should
investigate KILLM integration with the GCL
continual learning framework (Costa et al., 2024)
to address the knowledge staleness problem: a
KILLM system with a continuously updated KG
and a GCL-ME model would provide both
parametric and structured knowledge currency.
The extension of FCV to multimodal generation --
verifying factual claims in text generated about
images or video -- is a high-value future direction
given the hallucination rates documented in large
vision-language models.

6. Conclusion
6.1 Summary
This paper proposed the KILLM architecture
integrating knowledge graphs into LLM
generation through three mechanisms --
KG-Conditioned Attention (KCA), Dynamic
Knowledge Retrieval Controller (DKRC), and
Factual Consistency Verifier (FCV). Evaluation on
FEVER, Natural Questions, MedQA, and SciFact
demonstrated 34.2% hallucination reduction vs.
RAG and 54.6% vs. direct LLM baseline, with
96.4% fluency retention. FCV accounts for 4.6pp
incremental reduction. Mean response latency is
380ms (batch mode), acceptable for most
knowledge- intensive applications.

6.2 Recommendations and Open Source
Release
For organisations deploying LLMs in knowledge-
intensive applications where hallucination risk is a
critical concern -- clinical AI, legal information
systems, scientific literature tools -- we
recommend KILLM as a substantially more reliable
alternative to RAG-only approaches. The 34.2%
additional hallucination reduction over RAG at the
cost of 140ms additional latency represents a

favourable reliability-efficiency trade-off for most
applications. For clinical AI specifically, where
MedQA hallucination rates were highest across all
systems (KILLM: 18.4%), we recommend
combining KILLM with domain-specific KG
integration using clinical ontologies to further
reduce entity and relation hallucination. The
KILLM implementation, KG integration pipeline,
and evaluation toolkit are available as open-source
software. Implementation details are in Appendix
A.
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Appendix A
KILLM Implementation Guide and KG

Integration Protocol

The following provides KILLM component
implementation details and the KG integration
pipeline specification.

KG-Conditioned Attention (KCA)
Implementation

Dynamic Knowledge Retrieval Controller
(DKRC) Configuration

Factual Consistency Verifier (FCV) Protocol




