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Abstract

We propose a lightweight, modular frame-
work for hallucination detection in Retrieval-
Augmented Generation (RAG) systems, ad-
dressing the critical challenge where logical
dependencies span across fragmented retrieval
results. Through graph-based semantic ev-
idence aggregation, which captures the im-
plicit logical structure by clustering semanti-
cally coherent segments across retrieved docu-
ments via betweenness centrality, our approach
enables small NLI models to handle multi-
hop reasoning without task-specific training.
We present two deployment configurations:
a resource-efficient variant (≈0.5B parame-
ters) achieving 82.4% accuracy on HotPotQA-
Derived at 85 ms latency, outperforming all
sub-1B baselines by over 30%; and a higher-
accuracy variant (≈1.5B parameters) reaching
85.6%, surpassing 11B TrueTeacher while be-
ing 7× smaller and 1.7× faster. Experiments
with six NLI discriminator models show con-
sistent gains of +6.7%–+29.9%, confirming
that graph-based evidence aggregation is NLI-
agnostic and the primary performance driver.
We also contribute HotPotQA-Derived, a new
multi-hop hallucination benchmark preserving
separate retrieved documents for systematic
evaluation.

1 Introduction

Retrieval-Augmented Generation (RAG) (Lewis
et al., 2020) has emerged as a powerful strategy for
mitigating hallucinations in large language models
(LLMs) by grounding their outputs in externally
retrieved documents. However, under constrained
computational budgets, the retrieval stage itself can
introduce new hallucinations: for instance, when
asked “Which Japanese city served as the imperial
capital during the Heian period?”, RAG may re-
trieve passages describing Kyoto’s Heian Shrine
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Figure 1: Upper: Dilemmas of NLI-based models
in multi-hop and long-context hallucination detection.
When evidence for a factual claim is scattered across
separate passages, evaluating each document indepen-
dently yields low NLI scores (0.03 and 0.12 individu-
ally), while combining them recovers the correct entail-
ment score (0.63). Lower: Comparison of our frame-
work with baselines on accuracy vs. inference latency.
Bubble area encodes log(parameter count). Both con-
figurations (starred) occupy the Pareto frontier, with
Config A achieving > 30% accuracy gain over sub-1B
baselines at 85 ms.

and ancient palace grounds, yet the LLM halluci-
nates “Tokyo” and describes the Meiji-era Imperial
Palace. Such errors arise because a compact model
may lose track of precise information in retrieved
segments or misinterpret their relationships. Specif-
ically, the logical chain required to verify a claim
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often spans multiple disjoint passages. When such
cross-document logic is fragmented, lightweight
detectors fail to reconstruct the inferential depen-
dencies, leading to undetected hallucinations.

Hallucination detection in RAG systems fol-
lows two main paths. The first adapts the lan-
guage model through fine-tuning on hallucination-
annotated corpora, yielding strong in-domain per-
formance but requiring large domain-specific an-
notated datasets. The second applies a Natural
Language Inference (NLI) model to score factual
consistency. While this incurs minimal overhead,
its effectiveness degrades sharply on tasks requiring
long-context understanding or multi-hop reasoning
(Figure 1): the restricted parameter size of NLI
models prevents them from holistically perceiving
evidence distributed across multiple documents.

Prior work has focused primarily on alleviating
long-context challenges. RAGAS (Es et al., 2025)
and Provenance (Sankararaman et al., 2024) reduce
per-call context length by evaluating each retrieved
document independently. Grounded Context Re-
trieval (Gerner et al., 2025) further segments and
filters individual passages. Despite these advances,
the complexity of aggregating semantically related
evidence across multiple retrieved documents re-
mains elusive; existing approaches still struggle to
detect hallucinations in multi-hop reasoning set-
tings.

Our Approach. We introduce a compact, three-
module framework designed for multi-hop hallu-
cination detection under tight compute constraints.
Our method addresses the limited reasoning capac-
ity of small models by explicitly clustering seman-
tically coherent evidence across documents before
consistency scoring:

• Long Context Segmentation: splitting re-
trieved passages and generated answers into
concise, semantically coherent segments;

• Semantic Evidence Aggregation: embed-
ding each segment into a shared vector space
and constructing a segment graph whose
edges encode pairwise semantic similarity;
coherent clusters are identified via between-
ness centrality to recover the logical evidence
chains scattered across documents;

• Consistency Scoring: grouping related seg-
ments via graph traversal, applying a rele-
vance module plus an NLI discriminator to

each group, then aggregating scores into a
global hallucination indicator.

Terminology Clarification. Our approach uses
geometric clustering in embedding space based on
semantic similarity, not formal logical operations
(∧, ∨, ⇒). It captures semantic coherence (the
co-presence of related evidence across documents),
which is a necessary prerequisite for multi-hop rea-
soning but is distinct from formal logical entail-
ment.
Efficiency Positioning. This work targets prac-
tical deployment constraints. We demonstrate
that graph-based evidence aggregation enables
lightweight models (0.5B parameters) to achieve
competitive accuracy (82.4%), placing our method
at the Pareto-optimal frontier: 3.3× faster than
TrueTeacher (Gekhman et al., 2023) while using
22× fewer parameters, and 6× faster than GPT-4o
with marginally higher accuracy.

To facilitate rigorous evaluation of multi-hop hal-
lucination detection, we also contribute HotPotQA-
Derived, derived from HotPotQA (Yang et al.,
2018). Existing benchmarks either provide only
a single related passage or merge multiple sources
into one long context, obscuring cross-document
links. Our dataset preserves separate retrieved doc-
uments, better reflecting real-world RAG pipelines.

Extensive experiments demonstrate that our
framework, without any task-specific pretraining,
surpasses larger LLM baselines on HotPotQA-
Derived (82.4% accuracy) and RAGTruth (Niu
et al., 2023) (72.2% F1), and achieves competitive
performance on HaluBench and HaluEval.

2 Related Work

Fine-tuning on hallucination corpora.
Lynx (Ravi et al., 2024), RAG-HAT (Song
et al., 2024), and Osiris (Shan et al., 2025)
improve hallucination detection by fine-tuning
language models on annotated datasets. These
methods assume all evidence can be loaded
into a single context window, limiting their
applicability in multi-document RAG settings
where domain-specific annotated corpora may be
unavailable.

NLI-based consistency checking.
MiniCheck (Tang et al., 2024), AlignScore (Zha
et al., 2023), and TrueTeacher (Gekhman et al.,
2023) apply NLI for fact-checking. Prove-
nance (Sankararaman et al., 2024) and RAGAS (Es
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Aspect GRAG GRADA Ours

Goal Subgraph re-
trieval

Adversarial
defense

Hallucination
detection

Stage Pre-
generation

Pre-
generation

Post-
generation

Nodes Full docu-
ments

Full docu-
ments

Segments

Algorithm Ego-graph PageRank Betweenness

Table 1: Graph-based methods in RAG: our method is
the first to use segment-level graphs for post-generation
hallucination verification.

et al., 2025) repurpose NLI models to score
factual consistency against individual retrieved
documents. More recently, Grounded Context
Retrieval (Gerner et al., 2025) highlights NLI’s
weaknesses on long, multi-hop contexts. However,
none of these approaches explicitly model semantic
coherence across multiple retrieved segments.

Graph-based methods in RAG. Recent work
has explored graph-based representations within
RAG pipelines; however, they address fun-
damentally different pipeline stages (Table 1).
GRAG (Hu et al., 2024) retrieves K-hop ego-
graphs from document collections to improve re-
trieval before generation. GRADA (Zheng et al.,
2025) applies PageRank-style propagation among
retrieved documents to detect adversarially injected
documents before generation, addressing robust-
ness rather than hallucination verification. Our
method operates after generation with segment-
level graphs (multiple nodes per document), uses
betweenness centrality for evidence aggregation,
and directly addresses multi-hop hallucination de-
tection. These three approaches are complementary
and can be chained as successive pipeline stages.

On the notion of “logic” in this work. The term
logic in our title refers to the multi-hop inferen-
tial dependencies spanning multiple retrieved docu-
ments, i.e., the cross-document reasoning chains a
hallucination detector must trace to judge whether
an answer is grounded in the retrieved evidence.
This is distinct from formal logic operations as
studied in, e.g., visual classification (Tan et al.,
2024), where logic denotes symbolic rules derived
from propositional or predicate calculus. In our
setting, hallucination arises from semantic incon-
sistencies across separate retrieval outputs rather
than from violations of symbolically defined con-
straints; accordingly, our framework captures these
dependencies through graph-based evidence aggre-

Symbol Definition

ℓ(s) Token length of sentence s
Chunk(X;T ) Chunking function segmenting text X

with threshold T
E(ci) Embedding function mapping chunk ci

to Rd

Pij Shortest path between nodes i and j
fe Frequency of edge e appearing in all-

pairs shortest paths
τ(S) Total token count of cluster S
R(Dk, A

′) Relevance scoring function
NLI(Dk, H) NLI entailment probability

Table 2: Notation and Symbol Definitions.

gation rather than formal rule inference.

3 Methodology

3.1 Problem Statement

Lightweight hallucination detection for RAG must
overcome three challenges. (1) Limited NLI con-
text window: NLI models can only process finite
text; when retrieved passages exceed this limit, es-
sential facts may be omitted. (2) Cross-passage
dependencies: standard NLI evaluates one pas-
sage at a time, ignoring evidence spanning multiple
documents. (3) Ambiguity in NLI scoring: a low
entailment score can arise from direct contradiction
or mere irrelevance; retrieved passages unrelated
to the generated answer can trigger false alarms.

Appendix A provides illustrative examples of
these limitations.

3.2 Framework Overview

Our framework comprises three modules: Long
Context Segmentation, Semantic Evidence Aggre-
gation, and Consistency Scoring, each addressing
one of the three challenges above. A sketch of the
pipeline is in Figure 2.

3.3 Long Context Segmentation

Let ℓ(s) denote the token length of sentence s.
Define thresholds Ta (answers) and Td (docu-
ments). The chunking operation Chunk(X;T ) =
{c1, . . . , cm} partitions text X into segments each
satisfying

∑
ℓ(sℓ) ≤ T .

Factual Sentence Classifier f(c). Let f(c) ∈
{0, 1} be a rule-based binary classifier that filters
non-factual sentences (questions, opinions, rhetori-
cal statements) to focus graph construction on fac-
tual content. The classifier combines: (1) regex
patterns detecting temporal facts, quantitative facts,
and named entities; (2) POS-tag signals checking
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Figure 2: Our Hallucination Classifier Architecture, comprising three modules: Long Context Segmentation (green),
Semantic Evidence Aggregation (pink), and Consistency Scoring (blue). Given a question-answer pair and retrieved
documents, we (1) segment into factual chunks, (2) construct a semantic similarity graph and identify coherent
clusters via betweenness centrality, and (3) verify each cluster against the answer using an NLI discriminator. This
example shows how scattered evidence from Doc 1 and Doc 2 is successfully aggregated. Notation definitions in
Table 2.

Metric Value

Precision 87.3%
Recall 82.1%
F1-Score 84.6%

System accuracy (full) 82.4%
System accuracy (w/o filter) 78.2% (−4.2%)

Table 3: Performance of the factual sentence classifier
f(c) on 1,000 labeled sentences, and its contribution to
end-to-end accuracy on HotPotQA-Derived bridge-hard.
Full rule specification is in Appendix H.

for proper nouns (NNP/NNPS) or action verbs in
indicative mood; and (3) a rejection list for inter-
rogative openers, opinion markers, and imperative
constructions. Table 3 reports its performance.
Answer chunking. Given answer A with ℓ(A) >
Ta, compute Ca = Chunk(A;Ta). Reassemble the
factual content:

A′ = Concat
(
{c ∈ Ca : f(c) = 1}

)
.

Document chunking. Given retrieved documents
{d}, form C =

⋃
dCd where Cd = Chunk(d;Td)

if ℓ(d) > Td, else Cd = {d}.

3.4 Semantic Evidence Aggregation
Graph construction. For each chunk ci ∈ C, com-
pute embedding vi = E(ci) ∈ Rd. With N = |C|,
compute pairwise distances dij = ∥vi − vj∥2 and
their mean µ. For α = 1.0 (determined via held-
out validation in [0.5, 1.5]), define the initial edge

set E(0) = {(i, j) | dij ≤ αµ} with weights
w

(0)
ij = dij .

Betweenness-centrality clustering. On graph
G(0), compute all-pairs shortest paths Pij . For each
edge e ∈ E(0), set fe = |{(i, j) : e ∈ Pij}| (be-
tweenness frequency), and w

(1)
e = fe. Sort edges

descending by w(1); initialize S = {{i}}Ni=1. For
each edge e = (i, j) in order, let Sp, Sq contain i, j
respectively. If τ(Sp) + τ(Sq) ≤ Tt, merge:

Snew = Sp∪Sq, S ← (S\{Sp, Sq})∪{Snew}.

Finally, for each cluster Sk ∈ S:

Dk = Concat
(
{ci : i ∈ Sk}

)
.

Relationship to Girvan–Newman. This module
draws inspiration from the Girvan–Newman algo-
rithm (Girvan and Newman, 2002; Słoczy’nski,
2020): edges with high betweenness serve as
bridges between semantic communities. We invert
the insight: rather than removing high-betweenness
edges to detect communities, we prioritize them to
merge clusters of related evidence. Important dis-
tinction: the graph is a semantic similarity graph
(not a logical dependency graph); betweenness cen-
trality identifies clusters of coherent segments, ap-
proximating evidence aggregation for multi-hop
reasoning. Detailed theoretical justification is in
Appendix B.
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3.5 Consistency Scoring
NLI-Agnostic Modularity. Our framework is
training-free and NLI-agnostic: any NLI model can
serve as the discriminator without modifying the
graph-based aggregation logic. This enables prac-
titioners to select domain-appropriate NLI models
(e.g., specialized medical/legal models), upgrade
to stronger models without retraining, and balance
accuracy vs. efficiency for deployment constraints.
Experimental validation is provided in Section 4.5.
Scoring procedure. For each grouped document
Dk and reassembled answer A′, compute relevance
and normalize:

rk = R(Dk, A
′), r̃k =

rk∑K
j=1 rj

.

Construct hypothesis H = “The answer to ‘Q’
is: A′”. The NLI entailment score is ek =
NLI(Dk, H). With threshold Ts:

S =
K∑

k=1

r̃k · ek.

If S > Ts, the output is classified as non-
hallucinated; otherwise as hallucinated.

3.6 HotPotQA-Derived Benchmark
Construction

We contribute HotPotQA-Derived to enable sys-
tematic multi-hop hallucination evaluation. Exist-
ing benchmarks either provide a single passage or
merge multiple sources, unfairly favoring LLM-
based classifiers.
Step 1: Source Data Selection. We build on Hot-
PotQA (Yang et al., 2018), selecting all qualifying
“bridge” questions that require explicit reasoning
across exactly two documents, with unambiguous
ground-truth answers. No cherry-picking is per-
formed.
Step 2: Hallucinated Answer Generation. We
generate three difficulty levels: Bridge-Easy
(wrong entity, correct category), Bridge-Medium
(partially correct, wrong detail), and Bridge-Hard
(correct individual facts combined incorrectly),
yielding 14,282 / 45,863 / 12,246 examples (72,391
total). Generation uses DeepSeek-V3 at tempera-
ture 0 with prompts provided in Appendix G.
Step 3: Two-Stage Quality Control. Stage 1 (Au-
tomatic): contradiction detection and fluency fil-
tering. Stage 2 (Human): trained annotators ver-
ify plausibility, factual incorrectness, and cross-
document dependency of flagged samples (1,173

out of 72,391 were flagged; all were validated with
no factual errors found). Details in Appendix F.

During evaluation, each question is paired at
random with its faithful or a hallucinated answer;
classifiers predict the binary label and we report
accuracy.

4 Experiments

4.1 Benchmark Datasets

We evaluate on four benchmarks. Detailed sizes
are in Appendix D. RAGTruth (Niu et al., 2023):
17,790 LLM responses from 2,965 query instances
across QA, Data-to-Text, and Summarization tasks.
HaluBench (Ravi et al., 2024): 13,867 sam-
ples across diverse domains, including hard-to-
detect hallucinations. HaluEval (Li et al., 2023):
35,000 samples across QA, dialogue, and sum-
marization tasks with manual and automatic sub-
sets. HotPotQA-Derived: our new benchmark
described in Section 3.6.

4.2 Experimental Settings

Model Components. Our framework integrates
three off-the-shelf models (no task-specific train-
ing): HHEM-2.1-Open (Bao et al., 2024) (NLI
discriminator, 60 M parameters), mxbai-rerank-
base-v2 (Lee et al., 2025) (relevance scorer, 480 M
parameters), and all-MiniLM-L6-v2 (Reimers and
Gurevych, 2019) (sentence encoder, 22 M param-
eters); plus parameter-free graph operations (Net-
workX). Total: ≈0.56 B parameters (Config A).
Replacing HHEM with MiniCheck-FT5 (Tang
et al., 2024) (∼1 B) yields Config B (≈1.5 B to-
tal).
Hyperparameters. We tune on held-out valida-
tion splits and use C = 256, Ta = Td = 512,
Tt = 1,024, Ts = 0.4 across all benchmarks un-
less stated otherwise.
Hardware. Efficiency experiments are conducted
on RTX 4090; main results were originally mea-
sured on RTX 4060 (8 GB) to represent a resource-
constrained scenario.

4.3 Main Results

RAGTruth. On RAGTruth (Table 4), Config A
surpasses all non-pretrained baselines, attaining
best F1 in QA (85.8%) and Summarization (73.7%).
Performance on Data-to-Text is lower; this subset
uses structured tables rather than free-form text,
where our semantic similarity graph is less effec-
tive; analysis in Appendix D.
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Pretrained Method Params QA Data-to-Text Summarization Overall

P R F1 P R F1 P R F1 P R F1

LLM Methods

✓ Finetuned Llama-2-13B 13B 61.6 76.3 68.2 85.4 91.0 88.1 64.0 54.9 59.1 76.9 80.7 78.7
✓ RAG-HAT – 76.5 73.1 74.8 92.9 90.3 91.6 77.7 59.8 67.6 87.3 80.8 83.9
✓ Luna – 37.8 80.0 51.3 64.9 91.2 75.9 40.0 76.5 52.5 52.7 86.1 65.4
✗ Promptgpt-3.5 ∼175B 18.8 84.4 30.8 65.1 95.5 77.4 23.4 89.2 37.1 37.1 92.3 52.9
✗ Promptgpt-4-turbo ∼2000B 33.2 90.6 45.6 64.3 100.0 78.3† 31.5 97.6 47.6 46.9 97.9 63.4
✗ SelfCheckGPTgpt-3.5 ∼175B 35.0 58.0 43.7 68.2 82.8 74.8 31.1 56.5 40.1 49.7 71.9 58.8
✗ LMvLMgpt-4-turbo ∼2000B 18.7 76.9 30.1 68.0 76.7 72.1 23.3 81.9 36.2 36.2 77.8 49.4

NLI Methods

✗ Provenance ∼0.1B 17.8 100.0 30.2 64.3 100.0 78.3† 23.8 81.4 36.8 36.2 96.0 52.6
✗ RAGAS Faithfulness ∼0.1B 18.1 63.1 28.1 66.0 89.7 76.0 20.4 66.5 31.2 27.5 73.4 40.0
✗ HHEM-2.1-Open 0.06B 20.4 73.1 31.9 64.6 99.5 78.3† 22.7 98.5 36.9 38.0 94.8 54.3
✗ MiniCheck-FT5 ∼1B 25.7 38.1 30.7 64.7 84.5 73.3 47.2 45.1 46.1 54.0 68.1 60.3
✗ TrueTeacher 11B 31.5 32.5 32.0 78.4 55.3 64.9 49.3 33.8 40.1 61.9 46.8 53.3
✗ AlignScore-Base 0.2B 42.4 40.0 41.2 79.7 28.5 42.0 68.4 6.4 11.7 64.2 25.7 36.7
✗ AlignScore-Large 0.4B 39.1 33.8 36.2 71.6 54.1 61.6 52.5 20.6 29.6 62.4 43.8 51.2

✗ Ours (Config A) 0.5B 89.8 82.1 85.8* 39.7 42.4 41.0 80.7 67.2 73.7* 75.8 69.0 72.2*

Table 4: Response-level hallucination detection on RAGTruth (Niu et al., 2023). ∗ best among non-pretrained
methods; underline best overall; † tied. “–” = parameter count not publicly disclosed.

Group Method Params Easy Med Hard Avg

Small Models (<1B Parameters)

N
L

I

HHEM-2.1-Open 0.06B 55.1 52.4 52.5 52.9
AlignScore-Base 0.2B 51.1 49.8 50.0 50.1
AlignScore-Large 0.4B 52.4 50.7 49.9 50.9
RAGAS Faithfulness – 55.1 49.9 50.2 51.0
Provenance – 54.5 52.2 52.4 52.7

L
L

M Qwen3-0.6B 0.6B 48.9 48.8 49.1 48.9
Qwen3-0.6B-reason 0.6B 69.6 67.0 66.1 67.4

Ours (Config A) 0.5B 80.6 82.9 82.7 82.4

Large Models (≥1B Parameters)

N
L

I MiniCheck-FT5 ∼1B 84.3 80.1 78.3 80.6
TrueTeacher 11B 86.5 85.2 81.1 84.8

L
L

M GPT-3.5-Turbo ∼175B 42.3 44.1 43.9 43.7
GPT-4o ∼2000B 86.0 80.1 79.8 81.2

Ours (Config B) 1.5B 86.9 85.4 85.0 85.6

Table 5: Accuracy (%) on HotPotQA-Derived
grouped by parameter size for fair comparison.
Config A (≈0.5B) outperforms all sub-1B base-
lines by >30%; Config B (≈1.5B) surpasses
11B TrueTeacher. Easy/Med/Hard correspond to
bridge-easy/bridge-medium/bridge-hard; Avg is
the full-dataset average.

HotPotQA-Derived. Table 5 groups models by
parameter count. Within the <1B range, Config A
(82.4%) outperforms all comparable-sized base-
lines by >30 percentage points. Accuracy remains
stable from bridge-easy through bridge-hard,
demonstrating that Semantic Evidence Aggrega-
tion effectively models multi-segment dependen-
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Figure 3: Accuracy vs. parameter count on HotPotQA-
Derived. Our approach (starred marker) achieves the
best accuracy among all sub-1B methods, approaching
performance of models 10–300× larger. The Pareto
frontier (dashed line) is occupied only by our method in
the <1B range.

cies. Config B (MiniCheck discriminator, ≈1.5B)
achieves 85.6%, surpassing the 11B TrueTeacher
baseline. Figure 3 visualizes the Pareto landscape.

HaluEval & HaluBench. Our method consis-
tently outperforms NLI-based baselines across
HaluBench (70.1% Acc, Config A; 78.8%, Con-
fig B) and HaluEval (58.1%, Config A; 58.0%,
Config B). Detailed tables are in Appendix D.

4.4 Comprehensive Efficiency Analysis
Table 6 and Figure 4 analyze the efficiency–
performance trade-off. Key findings:
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Category Method ms q/s GB

NLI-Based
HHEM-2.1-Open 25±2 400 0.5
AlignScore-Large 42±2 238 1.7
MiniCheck-FT5 165±8 61 4.2

LLM-Based
Qwen3-0.6B 120±6 83 2.8
GPT-4o (API) 520±67 19* N/A
TrueTeacher 11B 280±8 36 16.2

Ours Config A (0.5B) 85±4 118 2.1
Ours Config B (1.5B) 165±8 61 4.8

Table 6: Inference efficiency on RTX 4090 (la-
tency / throughput / memory). *API throughput is rate-
limit-bounded. Full comparison across all baselines in-
cluding component-level breakdown is in Appendix C.
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Figure 4: Accuracy vs. latency (log scale) on HotPotQA-
Derived. Methods on the Pareto frontier (dashed curve)
cannot be improved on one axis without sacrificing
the other. Both configurations of our method occupy
the Pareto frontier: Config A is the fastest among all
methods achieving >80% accuracy; Config B surpasses
TrueTeacher at 1.7× lower latency.

• vs. fast NLI-only methods: Standalone NLI
is 3–5× faster but achieves near-random ac-
curacy (50–55%) on multi-hop tasks, making
them impractical despite low latency.

• vs. accurate methods: Config A (82.4%,
118 q/s) is 3.3× faster than TrueTeacher
(84.8%, 36 q/s) with only 2.4% lower accu-
racy, and 6.1× faster than GPT-4o with 1.2%
higher accuracy.

• Memory: At 2.1 GB, Config A is deploy-
able on consumer GPUs (vs. 16–18.5 GB for
TrueTeacher or Llama3.1-8B).

Component-level analysis. Profiling (detailed in
Appendix C) shows NLI inference dominates run-
time (63.7%), while Semantic Evidence Aggrega-
tion adds only ∼18.5 ms (21.8% of total). The
return on investment for graph clustering is 6.2%

NLI Model Params Alone +Ours ∆

HHEM-2.1-Open (default) 0.06B 52.5% 82.4% +29.9%
nli-roberta-base 0.1B 50.2% 66.9% +16.7%
DeBERTa-v3-base 0.3B 54.7% 78.3% +23.6%
ModernBERT-large-nli 0.4B 52.0% 75.2% +23.2%
AlignScore-Large 0.4B 49.9% 70.6% +20.7%
MiniCheck-FT5 ∼1B 78.3% 85.0% +6.7%

TrueTeacher 11B 81.1% 80.2% −0.9%

Table 7: Framework effectiveness across seven NLI dis-
criminators on HotPotQA-Derived Hard. Six of seven
models improve (+6.7%–+29.9%); TrueTeacher (11B)
shows a marginal decline (−0.9%) as its larger capacity
already handles long-context reasoning without addi-
tional graph support.

accuracy gain / 18 ms = 0.34, comparable to the
full pipeline ROI of 14.4%/43 ms = 0.33, confirm-
ing the module’s efficiency.

4.5 Framework Effectiveness Across NLI
Models

Table 7 and Figure 6(a) demonstrate that our frame-
work is broadly NLI-agnostic: it improves six of
seven tested discriminators. Key findings: (1) Stan-
dalone NLI achieves near-random accuracy (50–
55%) on multi-hop tasks, motivating the need for
evidence aggregation. (2) Our graph module im-
proves most discriminators by +6.7% to +29.9%,
adding only ∼18 ms overhead. (3) Lighter dis-
criminators benefit more: HHEM gains +29.9%
because its small capacity limits long-range rea-
soning, which the graph module compensates for.
(4) TrueTeacher (11B) shows a marginal decline
(−0.9%), consistent with its larger parameter count
already providing sufficient long-context percep-
tion. (5) Combining with MiniCheck (Figure 6(b))
achieves 85.6%, surpassing TrueTeacher while us-
ing 7× fewer parameters. Removing the graph
module (ablation, Table 8) causes a 19.6% accu-
racy drop, confirming it as the primary performance
driver.

4.6 Parameter Sensitivity Analysis

Figure 5 shows robustness across three key hy-
perparameters. Chunk size C: accuracy remains
above 75% for C ≥ 128, but drops >5 points at
C = 64 (over-segmentation fragments evidence).
Segmentation thresholds: stable for 384 ≤ T ≤
1024; falls below 75% at T = 256, confirming
over-segmentation as a more critical failure mode
than handling longer contexts. Decision threshold
Ts: broad plateau around 80% for 0.3 ≤ Ts ≤ 0.7,

1611



64 128 256 512
C (tokens)

60

65

70

75

80

85

90
Ac

cu
ra

cy
 (%

) o
n 

br
id

ge
-h

ar
d

70.1

78.1

82.7 82.1

(a) Chunk Size C

256 384 512 768 1k

Ta = Td (Tt = 2Ta, tokens)

60

65

70

75

80

85

90

75.2

79.3
82.7 82.0 80.9

(b) Segmentation Threshold T

0.1 0.3 0.5 0.7 0.9
Ts

60

65

70

75

80

85

90

68.0

74.1

79.2

79.0

82.7

80.5

83.6 83.7

82.476.9

67.0

(c) Decision Threshold Ts
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configuration choice.
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Config B (∼1.5B) against TrueTeacher (11B) across
three benchmarks.

confirming that combined relevance–entailment
scoring is highly discriminative. Chunk size vs.
latency trade-offs are detailed in Appendix C.

4.7 Ablation Study
Table 8 quantifies individual module contributions.
Removing Semantic Evidence Aggregation (B)
causes the largest single-module drop (−19.6%)
while saving only 18 ms (21% of latency), the worst
accuracy–efficiency trade-off among all ablations.
All dual-module removals drop accuracy below
55% (near random), confirming that the three mod-

Configuration Acc (%) Lat. (ms)

Full (A+B+C) 82.7∗ 85

w/o A (LC) 78.2 (−4.5) 73
w/o B (SEA) 63.1 (−19.6) 67
w/o C (CS) 59.4 (−23.3) 31

w/o A+B 55.0 (−27.7) 55
w/o B+C 51.9 (−30.8) 19
w/o A+C 52.1 (−30.6) 60

Table 8: Ablation on HotPotQA-Derived bridge-hard.
A = Long Context Segmentation (LC), B = Semantic
Evidence Aggregation (SEA), C = Consistency Scoring
(CS). Removing B alone costs 19.6% for only 18 ms
saved, confirming SEA as the core contribution. ∗Best
result.

ules are complementary and mutually necessary.

5 Conclusion

We present a lightweight, NLI-agnostic hallucina-
tion detection framework for RAG systems built
around graph-based Semantic Evidence Aggre-
gation. The framework operates without task-
specific pretraining and provides two deploy-
ment configurations: Config A (0.5B, 82.4%,
85 ms) achieves state-of-the-art accuracy among
sub-1B methods and is Pareto-optimal in the
efficiency–performance space; Config B (1.5B,
85.6%, 165 ms) surpasses the 11B TrueTeacher
baseline at 1.7× lower latency. Across seven NLI
discriminators, the graph module provides consis-
tent gains of +6.7% to +29.9%, validating that
evidence aggregation, not the specific NLI model,
is the primary performance driver.

The plug-and-play design decouples graph-
based evidence aggregation from NLI scoring, so
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any off-the-shelf discriminator can benefit without
system retraining. Combined with sub-200 ms per-
sample latency and a 2.1 GB memory footprint for
Config A, the framework is practical for produc-
tion deployment on consumer hardware. We also
contribute HotPotQA-Derived, a three-tier multi-
hop hallucination benchmark (Easy / Medium /
Hard) that enables difficulty-stratified evaluation
beyond what single-hop benchmarks support, and
we hope it will serve as a standard testbed for fu-
ture research on multi-hop hallucination detection
in RAG systems.

Limitations

Semantic vs. Logical Gap. Our Semantic Evi-
dence Aggregation module captures semantic co-
herence in embedding space but does not perform
formal logical operations. For queries requiring
multi-step conditional inference, the NLI discrim-
inator must still handle the conditional structure,
which may exceed the capacity of small-scale NLI
models even when evidence is correctly aggregated.
Future work could integrate symbolic reasoning
modules as a downstream verification step over our
aggregated evidence clusters.

Coarse-Grained Semantic Relations. The mod-
ule merges chunks based on aggregate graph con-
nectivity, treating all semantic relations uniformly.
It does not differentiate between relation types (cau-
sation, temporality, coordination). Concatenated
segments may therefore not preserve causally co-
herent ordering.

Embedding Model Robustness. Our primary
implementation uses all-MiniLM-L6-v2 as the
sentence encoder. While theoretical arguments
and the literature suggest that semantic graph
structure is preserved across well-trained embed-
ders (Tavares et al., 2024), a comprehensive empir-
ical study of embedding model variation remains
an open item for future work.

Data-to-Text Performance. Our method shows
weaker performance on the RAGTruth Data-to-
Text subset, likely because this subset is generated
from structured tables where semantic proximity
in embedding space is less effective at capturing
key-value relationships.
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A Challenges of NLI Models

Tables 9 and 10 illustrate the limitations of existing
NLI models in factual scoring. When parts of a
logical chain are treated as independent texts, their
factuality scores are much lower than for the com-
plete text (Table 9). NLI classifiers also struggle to
distinguish between contradiction and irrelevance
(Table 10).

Premise Hypothesis Score
CityA is a capital city. Capital of Coun-

tryA is CityA.
0.030

CityA is a city of CountryA. Capital of Coun-
tryA is CityA.

0.117

CityA is a capital city. CityA
is a city of CountryA.

Capital of Coun-
tryA is CityA.

0.632

Table 9: Combining partial premises dramatically im-
proves entailment scores.

Premise Hypothesis Score
I am a dog. I am a cat. 0.023
I am a dog. You are a cat. 0.022

Table 10: Contradiction and irrelevance produce simi-
larly low NLI scores.

B Rationale of Semantic Evidence
Aggregation

The module is effective for three reasons.
Community-bridge intuition. The Girvan–

Newman algorithm (Girvan and Newman,
2002) detects communities by removing high-
betweenness edges. We invert this insight: edges
with high fe = |{(i, j) : e ∈ Pij}| serve as bridges
between semantic communities; prioritizing them
merges clusters of related evidence.

Filtering irrelevant chunks. An edge (i, j) /∈
E(0) whenever dij > αµ, preventing merging of
unrelated segments.

Avoiding redundant merges. Because Eu-
clidean distance satisfies the triangle inequality
dij ≤ dik + dkj , intra-community edges have low
betweenness and are deprioritized, selecting only
true inter-community bridges.
Illustrative example. For the query “What foot-
ball position did the manager of Tianjin Quanjian
previously hold?” with answer “Captain”, the base-
line NLI approach misclassifies the answer (max-
imum consistency score 0.115 < threshold 0.4)
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because no single passage alone identifies Fabio
Cannavaro as both manager and former captain.
After Semantic Evidence Aggregation merges the
two relevant passages, the consistency score rises
to 0.842, yielding the correct classification. Full
retrieved document tables are in the supplementary
materials.

C Comprehensive Efficiency Data

Table 11 reports full per-method latency, through-
put, and GPU memory for all baselines and our
configurations on an RTX 4090. Table 12 breaks
down pipeline latency by module for Config A.
Table 13 shows how chunk size C jointly affects
accuracy and latency, complementing the analysis
in Section 4.4.

Category Method ms q/s GB

NLI

HHEM-2.1-Open 25±2 400 0.5
nli-roberta-base 28±2 357 0.6
DeBERTa-v3-base 38±2 263 1.5
ModernBERT-large 40±2 250 1.6
AlignScore-Large 42±2 238 1.7
MiniCheck-FT5 165±8 61 4.2

LLM

Qwen3-0.6B 120±6 83 2.8
Llama3.1-8B 450±12 22 18.5
GPT-3.5-Turbo (API) 350±45 29* N/A
GPT-4o (API) 520±67 19* N/A

Other TrueTeacher 11B 280±8 36 16.2

Ours Config A (0.5B) 85±4 118 2.1
Ours Config B (1.5B) 165±8 61 4.8

Table 11: Full latency comparison on RTX 4090. *API
throughput limited by rate limits.

Component ms Std % Driver

LC Segmentation 12.3 0.8 14.5 POS tagging
Sent. split 3.1 0.2 3.6 spaCy
Rule filter 6.8 0.5 8.0 Regex+POS
Chunk assem. 2.4 0.3 2.8 Text ops

SEA Module 18.5 1.2 21.8 Graph constr.
Embedding 8.2 0.6 9.6 SBERT
Graph constr. 4.7 0.4 5.5 Similarity
Betweenness 5.6 0.7 6.6 NetworkX

Consistency Scoring 54.2 2.8 63.7 NLI infer.
NLI infer. 48.3 2.5 56.8 Cross-enc.
Score aggr. 5.9 0.6 6.9 Wt. sum

Total 85.0 4.1 100

Table 12: Component-level timing analysis (RTX 4090,
Config A, C = 256). Our graph contribution (21.8% of
time) provides +14% accuracy over standalone NLI at
only 43 ms additional overhead.

C Chunks Nodes Acc Seg Graph Total
(%) (ms) (ms) (ms)

256 42 38 82.7% 12 17 77
384 29 26 82.4% 10 14 62
512 23 20 81.8% 9 12 53
768 16 14 80.9% 7 10 41
1024 12 11 79.2% 7 8 33

Table 13: Chunk size impact on accuracy and latency
(RTX 4090, Config A). For latency-critical applications,
C = 512 offers −0.9% accuracy at +31% speedup.

Test Set Subset # Samples
HaluBench — 13,867
HaluEval Manual 4,507

Auto (QA) 10,000
Auto (Dialogue) 10,000
Auto (Summ.) 10,000

RAGTruth Test QA 989
Data-to-Text 1,033
Summarization 943

HotPotQA-Derived bridge-easy 14,282
bridge-medium 45,863
bridge-hard 12,246

Total — 123,730

Table 14: Sizes of all test sets used in experiments.

Method Params Easy Med. Hard
NLI Methods

HHEM-2.1-Open 0.06B 55.1 52.4 52.5
AlignScore-Base 0.2B 51.1 49.8 50.0
AlignScore-Large 0.4B 52.4 50.7 49.9
MiniCheck-FT5 ∼1B 84.3 80.1 78.3
TrueTeacher 11B 86.5 85.2 81.1

LLM Methods
Qwen3-0.6B 0.6B 48.9 48.8 49.1
Qwen3-0.6B-reason 0.6B 69.6 67.0 66.1
GPT-3.5-Turbo ∼175B 42.3 44.1 43.9
GPT-4o ∼2000B 86.0 80.1 79.8
Ours (Config A) 0.5B 80.6 82.9 82.7
Ours (Config B) 1.5B 86.9 85.4 85.0

Table 15: Full per-level accuracy (%) on HotPotQA-
Derived.

D Dataset Details and Additional Results

RAGTruth Data-to-Text Analysis. Our method
achieves mediocre performance on the Data-to-
Text subset (41.0% F1 vs. 73.7% for Summariza-
tion). RAGTruth Data-to-Text responses are gen-
erated from structured tables; semantic similarity
in embedding space is less effective at capturing
key-value relationships that lack natural language
proximity cues. Multi-hop reasoning is less rele-
vant in this setting where each piece of information
is self-contained.
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Model Acc (%)
LLM Methods

LYNX (70B) 88.4
GPT-4o 87.9
Llama-3-70B-Instruct 87.0
GPT-4-Turbo 86.0
LYNX (8B) 85.7
Claude-3-Sonnet 84.5
Llama-3-8B-Instruct 83.1
Mistral-7B-Instruct 78.3
Claude-3-Haiku 68.9
GPT-3.5-Turbo 62.2

NLI Methods
TrueTeacher (11B) 71.6
MiniCheck-FT5 69.1
Provenance 65.6
AlignScore-Large 61.2
HHEM-2.1-Open 60.5
AlignScore-Base 58.4
RAGAS Faithfulness 56.9
Ours – Config A (0.5B) 70.1
Ours – Config B (1.5B) 78.8

Table 16: Overall accuracy (%) on HaluBench (Ravi
et al., 2024). Config B surpasses all NLI-based methods
and is competitive with 7B LLMs.

Model Acc (%)
LLM Methods

Davinci002/003 80.4
ChatGPT 79.4
Claude 2 75.0
GPT-3 72.7

NLI Methods
TrueTeacher (11B) 63.9
Provenance 56.7
AlignScore-Large 51.7
AlignScore-Base 50.7
MiniCheck-FT5 51.6
HHEM-2.1-Open 50.1
RAGAS Faithfulness 53.6
Ours – Config A (0.5B) 58.1
Ours – Config B (1.5B) 58.0

Table 17: Accuracy (%) on HaluEval (Li et al., 2023).
The marginal difference between Config A and Config B
is consistent with MiniCheck’s documented underper-
formance on synthetic HaluEval errors.

E RAGAS Faithfulness: Categorization
Note

The RAGAS Faithfulness baseline uses the
FaithfulnesswithHHEM variant. Although it in-
vokes an LLM to decompose claims into sub-
statements, the final faithfulness judgment relies on
an NLI model (HHEM) scoring each claim against
the retrieved context, making it conceptually closer
to an NLI-based approach. Furthermore, the faith-
fulness accuracy is not sensitive to which LLM
performs the decomposition step. For these rea-
sons, RAGAS Faithfulness is categorized as an
NLI method in all result tables and excluded from

parameter count discussions.

F HotPotQA-Derived: Quality Control
Details

Initial Quality Control. During data generation,
we conducted stratified sampling at approximately
1:500. The concise answer styles of HotPotQA
make it nearly impossible for generated halluci-
nated answers to be factually incorrect when fol-
lowing this style.

Comprehensive Quality Validation. LLMs
flagged 1,173 potentially problematic samples out
of 72,391. Manual secondary verification on all
flagged samples confirmed no factual generation
errors.

G Prompts for Data Generation

All generation and screening phases use DeepSeek-
V3 at temperature 0.

Generation System Prompt:

"You are an expert in generating subtly
hallucinated answers."↪→

"Your task is to create responses that appear
credible at first↪→

glance, but contain verifiable factual errors
when cross-checked↪→

with the provided golden answer and context."

Generation User Prompt:

"Question: <question>"
"Golden Answer: <answer>"
"Context: <context>"
"Generate a plausible but factually incorrect

answer that:↪→
1. Maintains grammatical correctness
2. Contains subtle factual inconsistencies
3. Presents logical reasoning flaws
4. Includes inaccurate numerical/data references
5. If Golden Answer answers briefly with a noun

or phrase,↪→
you should do the same"

Screening System Prompt:

"You are a cautious validator for hallucinated
answers."↪→

"Flag answers where the requested hallucination
is:↪→

1. Not clearly detectable (errors are ambiguous
or borderline)↪→

2. Potentially non-existent (accidentally
correct/plausible)↪→

3. Insufficiently severe (fails to meet the
defined criteria)"↪→

"Priority: Minimize missed cases, even at the
cost of↪→

over-flagging."
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Evaluation Prompt (for LLM baselines):
System: "You are an expert in verifying

hallucination.↪→
Please judge if the hallucination exists

in the↪→
answer of query given contexts.
If hallucination exists, print 'Yes'.

Else, 'No'."↪→
User: "Query: <query>

Answer: <answer>
Context: <context>"

H Rule-Based Factual Sentence Classifier

The rule-based classifier f(c) ∈ {0, 1} identifies
whether a text chunk c contains a verifiable factual
claim worthy of NLI scoring.

Filter Conditions (applied in order). A chunk
is classified as factual (f(c) = 1) if it satisfies all:

1. Length: token count ≥ 5.

2. Verb presence: at least one finite verb de-
tected by POS tagging.

3. Named entity or numeric: contains at least
one named entity (PERSON, ORG, GPE,
DATE, CARDINAL, etc.) or numeric token.

4. Declarative structure: sentence-final token
is not a question mark or imperative-only verb
form.

5. Rejection list: chunk does not consist solely
of transitional phrases (e.g., “Furthermore,”
“However,”) without a substantive claim.

Performance. On 1,000 labeled sentences: P =
87.3%, R = 82.1%, F1 = 84.6%. Common false pos-
itives include figurative language; common false
negatives include colloquial factual statements.

Sensitivity Analysis. Relaxing filter condition
(3) (removing the entity requirement) increases
recall by 2.1% but decreases precision by 5.8%,
resulting in a net F1 loss of 1.7%. The default
configuration represents the best precision–recall
trade-off on the validation set.

I Convex Hull Volume Analysis

We designed a Monte Carlo algorithm to estimate
the convex hull volume of segment embeddings and
investigated whether it could serve as a quality met-
ric for embedding models. Intuitively, a larger con-
vex hull volume indicates greater feature diversity.
Preliminary experiments suggest a positive correla-
tion between convex hull volume and hallucination

detection accuracy for models of identical dimen-
sionality (Model A: relative volume 1.00, accuracy
82.4%; Model B: relative volume 1.14, accuracy
83.1%). However, computing high-dimensional
convex hulls is computationally expensive, and this
analysis requires broader validation across datasets
and model families. We include it here for refer-
ence only; no conclusions are drawn in the main
text.
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