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ABSTRACT

Large Reasoning Models (LRMs) have recently demonstrated strong capabilities
in multi-step problem solving through extended chain-of-thought (long-CoT) and
self-reflective reasoning. However, the very reliance on long reasoning chains
makes them vulnerable to hallucinations, where early-stage errors become ampli-
fied and embedded within otherwise coherent logical traces. Existing hallucina-
tion detection methods largely focus on short-CoT models, leaving the unique
challenges of LRMs underexplored. In this paper, we propose a topological
perspective to analyze, detect, and mitigate hallucinations in LRMs. (I) Ana-
lyze: We formalize reasoning trajectories as structured graphs and conduct sta-
tistical analysis on 6,000+ annotated reasoning graphs, revealing 17 topological
features that reliably distinguish hallucinated from faithful reasoning. (II) De-
tect: Building on these insights, we develop G-Detector, a graph-based post-
hoc hallucination detector that leverages only reasoning topology and achieves
up to 88.9% detection accuracy. (III) Mitigate: We extend G-Detector to mit-
igation by filtering high-risk reasoning traces during cold-start supervised fine-
tuning in the LRM training process, which improves the LRM’s factual accu-
racy by 13.8% without impairing reasoning ability. Studies showcase that hal-
lucinations in LRMs are not arbitrary but leave identifiable structural signa-
tures in their reasoning topologies, opening a principled pathway toward reli-
able detection and prevention of LRM hallucinations. Codes are available at
https://anonymous.4open.science/r/GDetector.

1 INTRODUCTION

Large Reasoning Models (LRMs) (Hou et al., 2025; OpenAI, 2025; Jaech et al., 2024; Qwen, 2025;
Yu et al., 2025) have recently attracted substantial attention for their capacity to conduct multi-step
reasoning via structured Chain-of-Thought (CoT) (Wei et al., 2022; Zhang et al., 2023) and self-
reflection mechanisms. The development paradigm of LRMs typically follows a two-stage pipeline:
supervised fine-tuning (SFT) for cold-start initialization, followed by reinforcement learning (RL)
to incentivize long-horizon reasoning. This paradigm has given rise to several landmark LRMs,
including the OpenAI o1/o3/o4 (Jaech et al., 2024), DeepSeek R1 (Guo et al., 2025a), Kimi
K2 (Team et al., 2025) and Qwen3 (Yang et al., 2025).

Paradoxically, the very long-CoT training paradigm that underpins the success of LRMs has also
raised serious concerns regarding their reliability, particularly with respect to hallucination. Ex-
tended reasoning chains are prone to amplifying early-stage errors, as initial inaccuracies can be
iteratively revised, elaborated, or reframed throughout the reasoning process (Lu et al., 2025). Such
hallucinations become deeply embedded within logically coherent traces, rendering incorrect con-
tent more persuasive and substantially harder to detect. Prior detection methods have primarily
focused on standard CoT hallucination, employing strategies such as external knowledge verifi-
cation (Min et al., 2023; Bayat et al., 2023), self-checking algorithms (Manakul et al., 2023), or
supervision over hidden states (Farquhar et al., 2024). However, these approaches typically target
non-thinking models that rely solely on CoT prompting, applied to relatively simple tasks with short
reasoning chains. In contrast, hallucination detection for LRMs remains underexplored: while
recent attempts exist (Sun et al., 2025), they rely heavily on white-box access to model internals and
remain confined to narrow knowledge domains. More critically, they fail to capture and exploit the
distinctive long-CoT dynamics of LRMs for hallucination modeling.
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Our Work. Given the deficiencies, we hypothesize that mitigating LRM hallucinations funda-
mentally requires leveraging their internal reasoning dynamics. Long-CoT reasoning chains inher-
ently incorporate self-reflection processes, such as self-loops, alongside more complex structures,
including knowledge clustering (cliques) and parallel reasoning paths. These previously overlooked
topological cues provide critical signals for analyzing, detecting, and mitigating hallucinations. Mo-
tivated by this insight, we formulate the following three central questions that guide our study:

(Analyzing Hallucination) Do LRMs’ reasoning chains harbor recognizable, generaliz-
able, and easily accessible signatures of hallucination?

In Section 3, we introduce the topology of reasoning, which formalizes the computational states,
their interconnections, and the terminal conclusion paths of LRM reasoning chains into structured
reasoning graphs. By constructing and annotating over 6,000 such graphs, we conduct rigorous
t-tests on topological features of hallucinated versus non-hallucinated subsets (e.g., self-loops, di-
ameter, clique count). This analysis reveals 17 statistically significant distinctions, establishing that
hallucinated and non-hallucinated reasoning paths inherently exhibit structural differences.

(Detecting Hallucination) Can these topological signatures function as reliable indicators
for hallucination detection?

Having established these topological distinctions, a natural next step is to examine their practical
utility. In Section 4, we develop G-Detector, a swift hallucination detector for LRMs that re-
lies solely on reasoning graph topology, achieving up to 88.9% detection accuracy without external
databases, additional LLM supervision, or multi-sampling, and outperforming state-of-the-art base-
lines like FactTool and CPP by 17.31%.

(Mitigating Hallucination) Can these insights offer a principled pathway for mitigating
hallucinations of LRMs from the origin?

In Section 5, we harness G-Detector to mitigate LRM hallucinations at their origin. By filtering
high-risk hallucinated reasoning examples detected by G-Detector during the cold-start SFT phase
of LRM training, we steer the model away from incorporating topologically possible hallucination
patterns. Empirical evaluation shows that this filtration improves the factual accuracy of the resulting
LRM by up to 14.8% on SimpleQA and TriviaQA, while preserving general reasoning capabilities.

Overall, our topologically grounded study introduces a new paradigm for understanding, detecting,
and mitigating hallucinations in LRMs. By leveraging solely the intrinsic reasoning structures within
long-CoT outputs, we can inherently identify traces of hallucination. G-Detector not only enables
precise detection but also lays the foundation for addressing hallucinations at their origin, offering a
principled pathway toward more reliable and fainthful LRM reasoning.

2 PRELIMINARY & BACKGROUND

Large Reasoning Models (LRMs). LRMs are inspired by the chain-of-thought (CoT) paradigm:
decomposing complex problems into intermediate sub-goals and allocating additional tokens to
“think” before producing a final answer (Wei et al., 2022; Zhang et al., 2023). Following early
prompt-based CoT approaches, which equipped LLMs with step-by-step reasoning through few-
shot exemplars, more recent work increasingly employs RL to explicitly reinforce reasoning be-
haviors (Guo et al., 2025b; He et al., 2025). Prior to RL fine-tuning, it is common to leverage a
stronger LRM to generate long-CoT traces for cold-start SFT, adapting models to the reasoning for-
mat. This SFT+RL strategy has emerged as a prevailing paradigm across domains, such as deep
research (Zheng et al., 2025; Nguyen et al., 2025), and tool-integrated reasoning (Qian et al., 2025).

Hallucination in LRM. Despite the substantial gains LRMs achieve from CoT-style step-by-
step reasoning, they are simultaneously more prone to hallucinations, including logical inconsis-
tencies, factual fabrications, and contextual contradictions (Yao et al., 2025). Detecting such er-
rors can, in principle, rely on conventional hallucination detection techniques for LLMs, such as
cross-referencing with external knowledge bases (Chern et al., 2023; Sansford et al., 2024), self-
consistency checks (Manakul et al., 2023; Xue et al., 2025), or probing hidden states (Kossen et al.,
2024; Liao et al., 2025; Sriramanan et al., 2024). However, as highlighted by Lu et al. (2025), these
methods often yield limited effectiveness and suffer from severe inefficiency (sometimes requiring
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days of computation). To address hallucinations specific to the long-CoT dynamics of LRMs, we
introduce a specialized topological view to analyze and detect LRM hallucinations.

Reasoning Topology. The topology of reasoning has been widely used to characterize and visual-
ize the complex states of long-CoT. Early designs were relatively simple, typically adopting chain-
like (Wei et al., 2022; Wan et al., 2024; Wang et al., 2025b; Yu et al., 2023) or tree-like structures (Fu
et al., 2023; Wu et al., 2025; Wang et al., 2025a). However, as LLM reasoning capabilities advance,
emergent self-reflective phenomena render reasoning chains far from linear, introducing numerous
loops and backtracking structures. Graphs, by virtue of their structural expressiveness, have thus
become a more comprehensive choice. Graph-of-Thought (Besta et al., 2024a; Yao et al., 2024) and
Forest-of-Thought (Bi et al., 2025) explicitly model LLM reasoning paths as graphs, where nodes
correspond to reasoning states and edges represent transitions between states. A recent study by
Google DeepMind (Minegishi et al., 2025) systematically demonstrates how to transform an LRM’s
CoT chain into a reasoning graph, which serves as a foundational inspiration for our work.

3 ANALYSIS: DECIPHERING HALLUCINATION GRAPHS

In this section, we first describe the process of translating a long CoT from an LRM into a structured
reasoning graph (▷ Section 3.1), collect four distinct subsets of reasoning graphs (▷ Section 3.2),
and identify 17 graph-theoretic features exhibiting significant differences between hallucinated and
non-hallucinated graphs (▷ Section 3.3), thereby substantiating the existence of inherent structural
properties underlying hallucination phenomena.

Highlighted Path:
 15→8→16→17→18→8→19 

Reasoning Graph
Visualization

Alternatively, perhaps the quote is
from a different fictional
detective, or another source.

Node 15

Node 8
Searching for the origin of the quote, 
but since I cannot access primary 
source texts, I must rely on my 
indexed knowledge.

Wait, I believe the quote is said by 
Sherlock Holmes in the original 
Conan Doyle novels.

Node 16Wait, no, a textual analysis confirms 
that exact phrase never appears in any 
of Conan Doyle's 60 original stories. 
Maybe not.

Node 17

Alternatively, maybe a very similar 
phrase, but not the exact quote, 
appears in the novels.

Node 18

Wait, I believe the primary 
ingredient for Gyoza is specified 
as minced beef.

Node 19

Figure 1: A 3D visualization of a reasoning graph, high-
lighting the self-correction path. The path from node 8 to
18 represents the exploration of an incorrect hypothesis,
which, upon invalidation, triggers a strategic rollback to
the pivotal node (8) for a new reasoning path.

Category Node Text

Recalling
➤ Okay, what the Rosetta Stone is?
➤ I need to remember what Emperor
Penguins are.
➤ Okay, so I need to figure out which
king signed the Magna Carta.

Providing
Examples

➤ For example, the Battle of Hastings
was fought in 1066.
➤ For example, The Great Gatsby is by
F. Scott Fitzgerald, published in 1925.

Self
Reflection

➤ Wait, I think the correct year is 1911.
➤ Let me think again. Maybe I’m mix-
ing up their capitals.
➤ But I need to confirm.

Table 1: Representative node texts
from reasoning graphs, classified by
their primary cognitive function: in-
formation recall, example provision,
and metacognitive self-reflection.

3.1 TRANSLATING COT CHAINS INTO REASONING GRAPHS

To enable a topological investigation of hallucinations, we formalize the mapping of an LRM’s
long-CoT into a structured reasoning graph. Let Q = {qn}Nn=1 denote the set of N evaluation
questions. For each q ∈ Q, the model produces a sequence of intermediate reasoning segments
Rq = (r1, r2, . . . , rTq ), where each ri corresponds to a contiguous block of tokens representing a
distinct reasoning step, and Tq is the number of segments for q. Each segment ri is encoded as a
continuous vector by averaging the hidden states across its tokens at transformer layer ℓ, yielding
the set of all segment embeddings across Q:

s
(ℓ)
i =

1

|ri|

|ri|∑
t=1

h
(ℓ)
i,t , h

(ℓ)
i,t ∈ Rd, S =

⋃
q∈Q

{s(ℓ)1 , . . . , s
(ℓ)
Tq

}, (1)

where h(ℓ)
i,t denotes the hidden state of token t in segment ri, and S aggregates all segment represen-

tations for subsequent clustering and reasoning graph construction.

Node & Edge Construction. Following the graph construction process in Minegishi et al. (2025),
we cluster S using K-means to produce centroids {ck}Kk=1. Each centroid ck defines a node vk
in the reasoning graph, resulting in V = {v1, . . . , vK}. Each segment ri is assigned to its nearest
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centroid i∗ = argmink ∥s(ℓ)i − ck∥2 (calculated by the Euclidean distance in embdding space), and
consecutive segments are linked to form a directed edge, yielding the reasoning graph Gq:

Gq = (V, Eq), Eq = {(vij → vij+1
) | j = 1, . . . , Tq − 1},

which preserves both the sequential flow of the LRM’s reasoning and latent structural dependencies.
Figure 1 illustrates a constructed reasoning graph, where the path “15 → 8 → 16 → 17 → 18 →
8 → 19” exemplifies a classical self-correction process in LRMs: the model initially follows a
trajectory from Node 8, but upon reaching Node 17 recognizes an inconsistency (“Wait, no, ...”)
and consequently returns to Node 8 to initiate a revised reasoning path. Table 1 displays several
functional roles of different reasoning nodes within reasoning graphs. Overall, the reasoning graph
effectively captures the intrinsic structure underlying long-CoT reasoning dynamics.

3.2 CURATING REASONING GRAPHS

Long CoT Curation & Annotation. Our initial step involves the systematic generation and an-
notation of long CoT corpora. We employ a diverse suite of LRMs, denoted as M = { Qwen3-8B,
Qwen3-14B, DeepSeek-Distill-Qwen-7B, DeepSeek-Distill-Qwen-32B }, to pro-
duce reasoning chains. For each factual question qi from a source dataset Qsrc, a reasoning chain
Rm,i is generated by a model m ∈ M. Each chain is subsequently subjected to an annotation
function, Λ : R → {0, 1}, which assigns a binary hallucination label yi = Λ(Rm,i), where yi = 1
indicates the presence of hallucination as determined by a rigorous consistency-checking protocol
(see Appendix B). To probe model robustness, we define a perturbation operator Ψ, which synthe-
sizes a corrupted question q′i = Ψ(qi) by embedding a set of pre-defined false or out-of-domain facts
into the original prompt qi (the specification of Ψ is in Appendix B). These perturbed questions are
then used to generate the perturbed set {R′

m,i}, which are similarly annotated to yield labels {y′i}.

Reasoning Graph Curation. Following the annotation process, we apply the graph transforma-
tion operator T , as defined in Section 3.1, to map each reasoning chain R to its corresponding
structured reasoning graph G = T (R). This procedure yields a comprehensive graph corpus, which
we stratify into four distinct sets based on the input’s factual integrity and the output’s fidelity:

• Factual-Accurate (FA) set CFA, where factual inputs lead to accurate outputs (yi = 0);
• Factual-Hallucination (FH) set CFH, where factual inputs lead to hallucinated graphs (yi = 1);
• Perturbed-Accurate (PA) set CPA, where exemplifies model resilience (y′i = 0);
• Perturbed-Hallucination (PH) set CPH, where external misinformation causes hallucination.
Jointly examining (1) hallucination outcomes alongside (2) the presence or absence of input per-
turbations is helpful for disentangling two distinct underlying patterns: hallucinations induced by
external interference (external hallucinations) and those autonomously generated by the LRM itself
(internal hallucinations) (see findings in Section 3.3). The data statistics are summarized in Table 2.
Table 2: Basic statistics for the curated reasoning graph corpora, devided by the input’s factual
integrity (factual vs. perturbed) and the output’s annotated accuracy (accurate vs. hallucination).

Statistic Factual-Accurate
(FA set)

Factual-Hallucination
(FH set)

Perturbed-Accurate
(PA set)

Perturbed-Hallucination
(PH set)

Hallucination? ✗ ✓ ✗ ✓
Input Perturbation? ✓ ✓ ✗ ✗
Number of Graphs 2,000 1,830 4,50 2,029
Avg. CoT Length (tokens) 1828.73 2410.66 2056.81 1979.05

3.3 STATISTICAL INSPECTION

To characterize the structural features of hallucinatory and non-hallucinatory long-CoTs, we exam-
ine the reasoning graphs through five major categories of graph-theoretic properties (in Table 3). The
overall Scale & Breadth of the reasoning graph is quantified by the number of nodes/edges and the
average path length. Structural Coherence is assessed via the size of maximal cliques and average
degree, as densely interconnected subgraphs are posited to represent stable, self-consistent knowl-
edge clusters. Concurrently, Thought Process Separation evaluates the capacity for maintaining
parallel, non-overlapping reasoning threads through the size of the maximum independent set, while
degree assortativity reveals the organizational logic of interconnections. The Path Complexity of
transitions is measured by path/hop length norms to distinguish substantive logical leaps from incre-
mental, token-level progressions. Finally, Cyclic Verification is quantified through loop count and
transitivity, which reflects the self-reflection or self-correction behaviour in LRM reasoning.

4
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Table 3: Graph-Theoretic properties and their correlates in long-CoT traits.

Category Metric Formula Reasoning Correlates

Network Scale &
Exploration Breadth

Number of Nodes |V| Cognitive scope,
reasoning breadth,
exploration breadth

Number of Edges |E|
Diameter maxu,v∈V d(u, v)

Average Path Length
∑

u̸=v d(u,v)

|V|(|V|−1)

Knowledge Structure
Complexity

Number of Maximal Cliques Knowledge organization,
conceptual coherence,
logic soundness

Maximum Clique Size ω(G)
Ramsey Number (Clique) R(k, l)
Avg. Degree Connectivity 1

Nk

∑
i:ki=k

1
ki

∑
j∈N(i) kj

Thought Process
Separation

Max Independent Set Size α(G) Divergent thinking,
parallel reasoning threadsRamsey Number (Ind. Set) R(α, β)

Degree Assortativity
∑

i(ji−j̄)(ki−k̄)√∑
i(ji−j̄)2

√∑
i(ki−k̄)2

Conceptual Leaps &
Path Complexity

Metric Closure Avg Weight 2
n(n−1)

∑
1≤i<j≤n d(i, j) Logical leaps,

reasoning step complexityPath Length Norm
(∑

e∈P |we|p
)1/p

Average Hop Length 2
n(n−1)

∑
1≤i<j≤n d(i, j)

Local Structure &
Cyclic Verification

Average Clustering Coeff. 1
|V|

∑
v∈V Cv Self-reflection, verification,

iterative refinement/correctionTransitivity (3 × N△)/N3

Loop Count ν(G) = m − n + c

Figure 2: The topology statistical difference between FH and FA graphs.

Key Findings. Figures 2 and 5 highlight the most discriminative topological metrics between
FH/FA and PH/PA graphs, while Figures 10 and 11 present comparisons across all four graph cate-
gories. Complementary pairwise statistical analyses of graph features (e.g., t-values, p-values, and
Cohen’s d) are reported in Tables 5 to 8. Representative visualizations of graphs from each category
are shown in Figure 4. From this comprehensive body of data, we distill three key findings.

Obs. I. Over-Complication Trap: Hallucination Arises From Over-complexity, Not Simplicity.

Alternatively, perhaps 
the prisoner was 'the 
identical twin of King 
Louis XIV'

Wait, no, Fouquet's death in 
prison in 1680 is officially 
recorded. Maybe not.

For example, the 
Affair of the 
Poisons involved 
different 
courtiers, and the 
Fronde was a 
different civil 
conflict.

Therefore, the 
detailed introduction 
would cover the 
purpose of securing 
the throne, the 
specifics of his 
imprisonment, etc."

So the Man in the Iron Mask is 
indeed the king's twin brother.

Critical Misleading

Completely Wrong 
Conclusion

Correction Attempt

Fabricate

Figure 3: A case study reveals the over-
complication trap in FH graphs.

Figure 2 and Table 5 reveal that internal halluci-
nation in LRMs is not a symptom of shallow rea-
soning but rather a dive into an “over-complication
trap.” This contradicts the simplistic view of tra-
ditional LLM hallucination as mere knowledge
gaps (Agrawal et al., 2024; Huang et al., 2025a).
When reasoning from factual inputs, FH graphs ex-
hibit a profound and statistically significant struc-
tural bloat compared to their FA counterparts. They
are vastly larger in scale, featuring 57% more nodes
(30.59 vs. 19.46) and 81% more edges (53.70 vs.
29.72). This indicates that the LRM, in its long-
CoT process, activates an excessive number of con-
cepts and explores a convoluted web of connec-
tions. The reasoning process itself is more tortuous
and inefficient, evidenced by a 28% larger graph diameter and a 25% longer average path length.
Crucially, this expansion signifies structural deficiency, not richness. Figure 3 illustrates how an
LRM becomes entrapped in hallucination through excessive reasoning complexity. Specifically,
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Factual-Accurate (FA) Graphs

Perturbed-Accurate (PA) Graphs

Factual-Hallucination (FH) Graphs

Factual-Hallucination (FH) Graphs

Figure 4: Visualization of reasoning graphs from four groups (FA, FH, PA, FH).

Figure 5: The topology statistical difference between PH and PA graphs.

at Node 8 the model introduces a persuasive yet fictitious premise, which it repeatedly revisits in
subsequent steps (Nodes 15, 26). It then fabricates additional supporting details (Node 35) to rein-
force this erroneous belief. This recursive reinforcement ultimately entrenches the initial mistake,
culminating in a confidently articulated but entirely incorrect conclusion (Node 23).
Excessive Loops. The over-complication trap is likewise reflected in the loop count. Although
cyclic reasoning is often regarded as a hallmark of self-verification (Minegishi et al., 2025), analysis
reveals that hallucinations are distinguished by an overabundance of inefficient loops. Specifically,
FH graphs contain significantly more loops than FA graphs (5.96 vs. 5.04, p < 0.001 in Figure 4),
indicating unproductive cyclic thinking. PA graphs also employ a higher loop count than FA (5.69
vs. 5.04), suggesting these cycles are productive for error correction. In contrast, both internal (FH)
and external (PH) hallucinatory states exhibit a similarly high number of loops, which, unlike in
the PA case, fail to guide the reasoning to a correct conclusion. This suggests that while successful
reasoning uses loops for verification, hallucinated reasoning gets trapped in these recursive patterns.

Obs. II. Resilience to Misinformation Requires Broader Reasoning Exploration.

So the response should point 
out that they are not found at 
the North Pole, and that this is 
a possible error in the user's 
source of information.

Ah, correct, authoritative 
zoological sources confirm 
the species *Aptenodytes 
forsteri* is endemic to 
Antarctica

Another perspective: The 
general concept of 'polar 
animal' might need to be 
distinguished from 'Arctic 
animal' or 'Antarctic animal'

Very well, the 
inquiry is about 
the underlying 
natural principles 
that mandate 
the presence of 
Emperor 
Penguins at the 
North Pole.

Wait, but Emperor Penguins do not 
live at the North Pole.

Figure 6: A case study reveals how PA graphs
fight against the perturbed user input.

Comparing FA and PA reasoning graphs reveals
the significant topological cost of resilience.
Recall that FA accepted perturbation-free in-
puts to produce faithful reasoning, while PA
graphs perform correctly even with interference
in the inputs. To achieve this correction, as
shown in Table 7, the LRM constructs a sub-
stantially larger and more complex reasoning
graph, evidenced by a 13% increase in graph
diameter (1739.3 vs. 1530.74) and a 40% in-
crease in edges (41.64 vs. 29.72). Structurally,
this process is characterized by the formation
of more conceptual clusters, marked by a 40%
rise in the number of maximal cliques (27.70
vs. 19.74), as well as larger independent set
size and Ramsey Number (Ind. Set), with p-
values all < 0.001. An illustrative example is
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in Figure 6. Overall, resilience within an LRM’s long-CoT is an active, topologically expensive
process of expanding the reasoning scope to validate and correct external information.

Obs. III. Degree of “Thought Separation” is a Key Predictor of Hallucination.

A key predictor of hallucinatory states is the degree of thought separation, which we define as the
model’s tendency to entertain multiple, non-interacting lines of reasoning simultaneously. Topo-
logically, this is captured by the size of the maximum independent set, which represents the largest
collection of reasoning nodes with no direct inferential links between them. A large independent
set signifies a fragmented cognitive process where disparate ideas are held in parallel without being
cross-referenced or integrated. Our analysis reveals that FH graphs exhibit a profound level of this
cognitive dispersion, supporting a dramatically larger independent set than their FA counterparts
(13.45 vs. 8.86, p < 0.001). For an LRM generating a long-CoT, this indicates a critical failure: the
model activates numerous concepts but fails to build the necessary logical bridges to weave them
into a single, coherent argument. This structural fragmentation allows the reasoning to become
disjointed, enabling unvalidated conceptual leaps that culminate in a hallucinated output, a finding
underscored by a very large effect size (Cohen’s d = 1.21).

4 DETECTION: TOPOLOGY-BASED G-Detector
Having established that statistically significant topological signatures distinguish hallucinated rea-
soning chains from faithful ones, we now investigate their practical utility for post-hoc hallucination
detection. In this section, we introduce G-Detector, a topology-based detector (▷ Section 4.1),
outline our evaluation setup (▷ Section 4.2), and present the empirical results (▷ Section 4.3).

4.1 DESIGN OF G-Detector
Given the statistically significant topological distinctions identified, a natural thought is to em-
ploy these numerical features directly to train a hallucination classifier. Indeed, we implemented
such models using standard machine learning classifiers as comparative baselines (in Section 4.2).
Nevertheless, our primary design choice is to instantiate G-Detector using graph neural networks
(GNNs), which have been empirically shown to capture structural regularities that extend beyond
handcrafted topological features (Ju et al., 2024; Waikhom & Patgiri, 2021).

Model Architecture. The main body of G-Detector is a GNN that operates directly on the rea-
soning graph Gq = (V, Eq). We initialize the feature vector for each node vk ∈ V in Gq with its
corresponding centroid embedding, h(0)

vk = ck ∈ Rd. A standard message passing procedure of L
layers is leveraged to produce context-aware node embeddings that capture pairwise interactions:

h(l)
vi = COMB(l)

(
h(l−1)
vi , AGGR(l)

{
h(l−1)
vj : vj ∈ N (vi)

})
, (2)

where AGGR(l) and COMB(l) are learnable aggregation and combination functions, respectively. Fol-
lowing standard GNN design (Kipf & Welling, 2017), we implement AGGR(l) and COMB(l) as mean
aggregation and linear transformation, respetively. After L iterations, the resulting node embeddings
{h(L)

vk | vk ∈ V} encode rich, connection-aware structural information. However, while these em-
beddings capture pairwise interactions, they risk overlooking the collective signature of higher-order
structures, i.e., maximal cliques and local clusters, which represent the densest form of local coher-
ence. Our findings in Section 3 demonstrate that a breakdown in such coherence is a key indicator
of hallucination. Therefore, inspired by recent works on higher-order and subgraph GNNs (Besta
et al., 2024b; Buffelli et al., 2024), we introduce a clique-infusion step to explicitly reinforce this
structural information when pooling for the final graph-level representation and classification:

zq = w⊤
out

READOUT

h(L)
vk +

∑
C∈C(vk)

1

|C|
∑
vj∈C

h(L)
vj | vk ∈ V


+ bout, (3)

where READOUT is set as mean pooling, wout, bout are the learnable weight and bias of the predic-
tion head, and C(vk) is the set of all maximal cliques containing node vk. Equation (3) enables
G-Detector to model not only pairwise reasoning steps but also to explicitly leverage higher-order
structures for hallucination detection. The entire model is trained end-to-end by minimizing the
binary cross-entropy (BCE) loss between the predicted probability σ(zq) and the label yq ∈ {0, 1}.
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Table 4: Detection Performance of the hallucination detection methods. All results are reported
as mean ± standard deviation over five runs. “TQA” denotes results obtained on the TriviaQA
benchmark, while all other columns report performance on our curated test set.

Category Model Accuracy (%) F1-Score (%) AUROC (%) Acc (TQA) (%)

External Check FactTools 71.59± 1.21 64.77± 1.53 70.46± 1.35 68.52± 2.11

Self-Check
EigenScore 61.35± 1.52 63.11± 1.89 65.80± 1.75 59.10± 2.54
SAR 78.95± 0.67 81.82± 0.68 85.23± 0.55 75.33± 1.08

Internal Signal-based
AvgProbability 58.24± 3.61 62.15± 2.90 59.91± 3.80 52.71± 4.01
AvgEntropy 56.13± 4.15 59.75± 3.50 57.87± 4.25 51.90± 4.33
CCP 45.18± 0.89 40.32± 1.12 51.24± 0.94 50.15± 1.32

Classification-based
SAPLMA 66.67± 1.24 61.00± 0.97 69.47± 1.15 50.88± 1.59
Probe@Exact 73.50± 1.10 75.10± 0.95 77.20± 1.25 71.22± 1.48

Topology Numerical
Feature-based

MLP 79.34± 0.51 84.17± 1.02 85.55± 0.68 78.11± 0.82
SVM 70.23± 3.15 78.23± 3.32 71.08± 5.05 65.89± 3.50
XGBoost 77.81± 0.89 82.66± 0.95 83.93± 0.39 76.54± 1.15
Random Forest 79.94± 0.40 84.60± 0.42 86.29± 0.38 72.92± 0.55
Decision Tree 76.12± 1.09 80.67± 0.68 80.95± 0.79 73.05± 1.41
AdaBoost 78.76± 0.70 83.55± 0.85 84.70± 1.08 77.23± 0.95

GNN-based

G-Detector (L=10) 88.51± 0.88 90.25± 0.75 93.06± 0.91 80.15± 1.05
G-Detector (L=15) 88.90± 0.42 90.66± 0.38 94.11± 0.45 81.75± 0.51
G-Detector (L=20) 88.51± 0.72 90.12± 0.88 92.78± 0.60 80.88± 0.85
G-Detector (L=20)\clique 84.31± 0.35 86.85± 0.41 87.52± 0.29 78.50± 0.49

4.2 EVALUATION SETUP

Evaluation Dataset. We partition the curated long-CoT datasets described in Section 3.2 into
training and testing subsets with an 8:2 split, resulting in 1,230 reasoning chains reserved for evalu-
ation. To further assess the out-of-distribution generalization of G-Detector, we additionally con-
struct a held-out test set of 200 reasoning chains by prompting DeepSeek-Distill-Qwen-14B
on questions drawn from the TriviaQA (Joshi et al., 2017) benchmark.

Baselines. We evaluate G-Detector against a comprehensive suite of hallucination detectors, in-
cluding FactTool (Chern et al., 2023), EigenScore (Chen et al., 2024), SAR (Duan et al., 2023), Av-
gEntropy and AvgProbability (Huang et al., 2025b), CCP (Fadeeva et al., 2024), SAPLMA (Azaria
& Mitchell, 2023), and Probe@Exact (Orgad et al., 2025). In addition, we construct six classical
machine learning baselines that leverage thirteen graph-level features to predict hallucination, as
shown in Table 4. Further baseline details are provided in Appendix E.

4.3 DETECTION RESULTS

Obs. IV. Topological Features Can Serve as Strong Hallucination Indicators.

From Table 4, we observe that many established baselines designed for standard language models,
particularly those relying on internal model signals (e.g., AvgEntropy, 56.13% accuracy) or special-
ized classifiers (e.g., SAPLMA, 66.67% accuracy), struggle to effectively detect hallucinations in the
reasoning chains of LRMs. Notably, even classical machine learning models trained solely on our
numerical topological features exhibit strong performance; for instance, Random Forest achieves
79.94%, underscoring the potent predictive power inherent in the reasoning graph’s topology. This
potent predictive power generalizes robustly, with the same model achieving a 72.92% on TriviaQA,
underscoring that topological signals are inherently transferable. Our dedicated G-Detector, con-
sistently achieves state-of-the-art performance across all metrics. The model’s effectiveness peaks
with L = 15, reaching 88.90% accuracy and 94.11% AUROC. This superiority extends to unseen
datasets, where it also attains the highest accuracy on TriviaQA (81.75%). Furthermore, the im-
portance of our clique-infusion design is validated by the ablation study; removing this component
(G-Detector(L=20)\clique) leads to an accuracy drop (88.51% → 84.31%), confirming that explic-
itly modeling higher-order structural coherence is crucial for effective hallucination detection.

5 MITIGATION: COLD START DATA FILTERING

Having empirically demonstrated that reasoning topology serves as a powerful and accurate signal
for hallucination detection, we now shift our focus from post-hoc analysis to proactive mitigation.
Recall that the development of LRM often adopts a two-stage training paradigm: cold-start SFT for
long-CoT-style instruction following and rule-based RL (Xie et al., 2025; Chen et al., 2025) for in-
centivizing reasoning ability. In the cold-start phase, a powerful teacher model (e.g., DeepSeek-R1)
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generates extensive long-CoT data, which is then used to fine-tune a smaller, non-thinking base lan-
guage model. However, this SFT phase has been identified as a primary source of hallucination (Yao
et al., 2025); the student model learns to mimic the teacher’s reasoning style, inheriting and ampli-
fying any structural flaws or factual inaccuracies present in the initial cold-start data. This motivates
a novel intervention: can we prune the SFT dataset of these structurally unsound examples before
they are ever learned? We hypothesize that by applying G-Detector as a topological filter, we
can preemptively remove reasoning chains exhibiting hallucinatory signatures, thereby cultivating
an LRM with an inherently lower propensity for hallucination.

Experiment Setup. Our experiment begins with a publicly available long-CoT SFT dataset,
Llama-Nemotron-Post-Training-Dataset from (Bercovich et al., 2025). We sampled
2K data points from the chat, science, and math sections, denoted as DSFT. For each reasoning chain
Rq ∈ DSFT, we first constructed its corresponding reasoning graph Gq and then used G-Detector
to compute its hallucination probability score, P (yq = 1|Gq), which serves as a proxy for the
reasoning’s topological risk. We created three distinct, curated subsets of the original data by re-
moving the top k% of examples deemed most at-risk, i.e., with the highest P (·), generating Dk

SFT
for k ∈ {5, 10, 15}. We then performed SFT on Qwen-2.5-7b using four datasets: the full, un-
filtered DSFT, and the three curated subsets, D5

SFT, D10
SFT, and D15

SFT. Subsequently, we conducted
GRPO training, employing a rollout prompt size of 24 and sampling 8 responses per prompt with
temperature = 1 and top p = 1. To assess the impact on hallucination, following (Yao et al.,
2025), we evaluated the models’ factuality and consistency on the SimpleQA (Wei et al., 2024) and
TriviaQA datasets. To further showcase general reasoning capabilities, we reported performance on
the MATH-500 (Hendrycks et al., 2021) and GPQA (Rein et al., 2023) benchmarks.
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Figure 7: Impact of topology data filtering on LRM performance.

Result Analysis. As shown in
Figure 7, fine-tuning on the full
dataset proves harmful to the
model’s factuality: performance
on TriviaQA plummets from
the base model’s 34.4% down
to 28.4%, and performance on
SimpleQA is nearly halved, sug-
gesting the model learns to
mimic structurally flawed rea-
soning. Applying our topologi-
cal filter decisively reverses this
trend. Even removing just 5% of
the highest-risk data restores and surpasses the base model’s performance. The benefit appears to
peak around the 10% filtering level, where performance on TriviaQA soars to 42.2%, a near 14-point
improvement over the unfiltered LRM. We therefore conclude that:

Obs. V. Topology-based Filtering Effectively Mitigates LRM Hallucination In a Data-Centric Way.

Crucially, this restoration of factuality imposes only a negligible performance trade-off on general
reasoning capabilities. At the 10% filtering level, MATH accuracy remains high at 78.9%, even a bit
higher than the 78.2% achieved with the full set. This demonstrates that G-Detector can precisely
identify and prune structurally unsound SFT reasoning chains, offering a powerful, data-centric tool
to bolster model reliability without compromising its core problem-solving competencies.

6 CONCLUSION

This work pioneers a topological paradigm to analyze, detect and mitigate hallucination in LRMs.
Our analysis reveals that hallucination is not a purely semantic failure but is deeply inscribed in the
very structure of the reasoning process, presenting distinct and quantifiable topological signatures.
Harnessing these structural fingerprints, we engineered a highly effective GNN-based detector,
G-Detector, which achieves state-of-the-art performance without relying on external knowledge
or LLM supervision. Extending this principle from detection to proactive mitigation, we demon-
strated that filtering topologically unsound examples from cold-start SFT data significantly curtails
the hallucination rate of the resulting LRM while preserving its reasoning capabilities. This research
suggests a new path where more reliable models may lie in understanding their structural dynamics.
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This work focuses on the structural analysis, detection, and mitigation of hallucinations in large
reasoning models (LRMs) through a topological perspective. The experiments do not involve real-
world deployment, human subjects, or sensitive data. Our methods operate exclusively on reasoning
chains generated by LRMs themselves, and are intended solely for advancing scientific understand-
ing of hallucination phenomena. Therefore, we believe this work poses no direct ethical risks.

REPRODUCIBILITY STATEMENT

To ensure the reproducibility of our work, we have provided an anonymous link in the abstract to
the source codes for reasoning graph construction, topological feature extraction, and hallucination
detection. Detailed descriptions of model configurations, dataset preprocessing, and experimental
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REFERENCES

Garima Agrawal, Tharindu Kumarage, Zeyad Alghamdi, and Huan Liu. Can knowledge graphs
reduce hallucinations in llms? : A survey, 2024. URL https://arxiv.org/abs/2311.
07914.

Amos Azaria and Tom Mitchell. The internal state of an llm knows when it’s lying. arXiv preprint
arXiv:2304.13734, 2023.

Farima Fatahi Bayat, Kun Qian, Benjamin Han, Yisi Sang, Anton Belyy, Samira Khorshidi, Fei
Wu, Ihab Ilyas, and Yunyao Li. Fleek: Factual error detection and correction with evidence
retrieved from external knowledge. In Proceedings of the 2023 Conference on Empirical Methods
in Natural Language Processing: System Demonstrations, pp. 124–130, 2023.

Akhiad Bercovich, Itay Levy, Izik Golan, Mohammad Dabbah, Ran El-Yaniv, Omri Puny, Ido Galil,
Zach Moshe, Tomer Ronen, Najeeb Nabwani, Ido Shahaf, Oren Tropp, Ehud Karpas, Ran Zil-
berstein, Jiaqi Zeng, Soumye Singhal, Alexander Bukharin, Yian Zhang, Tugrul Konuk, Gerald
Shen, Ameya Sunil Mahabaleshwarkar, Bilal Kartal, Yoshi Suhara, Olivier Delalleau, Zijia Chen,
Zhilin Wang, David Mosallanezhad, Adi Renduchintala, Haifeng Qian, Dima Rekesh, Fei Jia,
Somshubra Majumdar, Vahid Noroozi, Wasi Uddin Ahmad, Sean Narenthiran, Aleksander Ficek,
Mehrzad Samadi, Jocelyn Huang, Siddhartha Jain, Igor Gitman, Ivan Moshkov, Wei Du, Shub-
ham Toshniwal, George Armstrong, Branislav Kisacanin, Matvei Novikov, Daria Gitman, Evelina
Bakhturina, Prasoon Varshney, Makesh Narsimhan, Jane Polak Scowcroft, John Kamalu, Dan Su,
Kezhi Kong, Markus Kliegl, Rabeeh Karimi Mahabadi, Ying Lin, Sanjeev Satheesh, Jupinder Par-
mar, Pritam Gundecha, Brandon Norick, Joseph Jennings, Shrimai Prabhumoye, Syeda Nahida
Akter, Mostofa Patwary, Abhinav Khattar, Deepak Narayanan, Roger Waleffe, Jimmy Zhang,
Bor-Yiing Su, Guyue Huang, Terry Kong, Parth Chadha, Sahil Jain, Christine Harvey, Elad
Segal, Jining Huang, Sergey Kashirsky, Robert McQueen, Izzy Putterman, George Lam, Arun
Venkatesan, Sherry Wu, Vinh Nguyen, Manoj Kilaru, Andrew Wang, Anna Warno, Abhilash
Somasamudramath, Sandip Bhaskar, Maka Dong, Nave Assaf, Shahar Mor, Omer Ullman Ar-
gov, Scot Junkin, Oleksandr Romanenko, Pedro Larroy, Monika Katariya, Marco Rovinelli, Viji
Balas, Nicholas Edelman, Anahita Bhiwandiwalla, Muthu Subramaniam, Smita Ithape, Karthik
Ramamoorthy, Yuting Wu, Suguna Varshini Velury, Omri Almog, Joyjit Daw, Denys Fridman,
Erick Galinkin, Michael Evans, Shaona Ghosh, Katherine Luna, Leon Derczynski, Nikki Pope,
Eileen Long, Seth Schneider, Guillermo Siman, Tomasz Grzegorzek, Pablo Ribalta, Monika
Katariya, Chris Alexiuk, Joey Conway, Trisha Saar, Ann Guan, Krzysztof Pawelec, Shyamala
Prayaga, Oleksii Kuchaiev, Boris Ginsburg, Oluwatobi Olabiyi, Kari Briski, Jonathan Cohen,
Bryan Catanzaro, Jonah Alben, Yonatan Geifman, and Eric Chung. Llama-nemotron: Efficient
reasoning models, 2025. URL https://arxiv.org/abs/2505.00949.

Maciej Besta, Nils Blach, Ales Kubicek, Robert Gerstenberger, Michal Podstawski, Lukas Gi-
aninazzi, Joanna Gajda, Tomasz Lehmann, Hubert Niewiadomski, Piotr Nyczyk, and Torsten
Hoefler. Graph of thoughts: Solving elaborate problems with large language models. Pro-
ceedings of the AAAI Conference on Artificial Intelligence, 38(16):17682–17690, March 2024a.

10

https://arxiv.org/abs/2311.07914
https://arxiv.org/abs/2311.07914
https://arxiv.org/abs/2505.00949


540
541
542
543
544
545
546
547
548
549
550
551
552
553
554
555
556
557
558
559
560
561
562
563
564
565
566
567
568
569
570
571
572
573
574
575
576
577
578
579
580
581
582
583
584
585
586
587
588
589
590
591
592
593

Under review as a conference paper at ICLR 2026

ISSN 2159-5399. doi: 10.1609/aaai.v38i16.29720. URL http://dx.doi.org/10.1609/
aaai.v38i16.29720.

Maciej Besta, Florian Scheidl, Lukas Gianinazzi, Grzegorz Kwasniewski, Shachar Klaiman, Jürgen
Müller, and Torsten Hoefler. Demystifying higher-order graph neural networks, 2024b. URL
https://arxiv.org/abs/2406.12841.

Zhenni Bi, Kai Han, Chuanjian Liu, Yehui Tang, and Yunhe Wang. Forest-of-thought: Scaling test-
time compute for enhancing llm reasoning, 2025. URL https://arxiv.org/abs/2412.
09078.

Davide Buffelli, Farzin Soleymani, and Bastian Rieck. Cliqueph: Higher-order information for
graph neural networks through persistent homology on clique graphs, 2024. URL https://
arxiv.org/abs/2409.08217.

Chao Chen, Kai Liu, Ze Chen, Yi Gu, Yue Wu, Mingyuan Tao, Zhihang Fu, and Jieping Ye. Inside:
Llms’ internal states retain the power of hallucination detection, 2024. URL https://arxiv.
org/abs/2402.03744.

Yongchao Chen, Yueying Liu, Junwei Zhou, Yilun Hao, Jingquan Wang, Yang Zhang, and Chuchu
Fan. R1-code-interpreter: Training llms to reason with code via supervised and reinforcement
learning, 2025. URL https://arxiv.org/abs/2505.21668.

I-Chun Chern, Steffi Chern, Shiqi Chen, Weizhe Yuan, Kehua Feng, Chunting Zhou, Junxian
He, Graham Neubig, and Pengfei Liu. Factool: Factuality detection in generative ai – a
tool augmented framework for multi-task and multi-domain scenarios, 2023. URL https:
//arxiv.org/abs/2307.13528.

Jinhao Duan, Hao Cheng, Shiqi Wang, Alex Zavalny, Chenan Wang, Renjing Xu, Bhavya Kailkhura,
and Kaidi Xu. Shifting attention to relevance: Towards the predictive uncertainty quantification
of free-form large language models. arXiv preprint arXiv:2307.01379, 2023.

Ekaterina Fadeeva, Aleksandr Rubashevskii, Artem Shelmanov, Sergey Petrakov, Haonan Li,
Hamdy Mubarak, Evgenii Tsymbalov, Gleb Kuzmin, Alexander Panchenko, Timothy Baldwin,
et al. Fact-checking the output of large language models via token-level uncertainty quantifica-
tion. In Findings of the Association for Computational Linguistics ACL 2024, pp. 9367–9385,
2024.

Sebastian Farquhar, Jannik Kossen, Lorenz Kuhn, and Yarin Gal. Detecting hallucinations in large
language models using semantic entropy. Nature, 630(8017):625–630, 2024.

Yao Fu, Hao Peng, Litu Ou, Ashish Sabharwal, and Tushar Khot. Specializing smaller language
models towards multi-step reasoning. In International Conference on Machine Learning, ICML
2023, 23-29 July 2023, Honolulu, Hawaii, USA, pp. 10421–10430, 2023. URL https://
proceedings.mlr.press/v202/fu23d.html.

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song, Ruoyu Zhang, Runxin Xu, Qihao Zhu,
Shirong Ma, Peiyi Wang, Xiao Bi, et al. Deepseek-R1: Incentivizing reasoning capability in llms
via reinforcement learning. arXiv preprint arXiv:2501.12948, 2025a.

Zirun Guo, Minjie Hong, and Tao Jin. Observe-r1: Unlocking reasoning abilities of mllms with dy-
namic progressive reinforcement learning, 2025b. URL https://arxiv.org/abs/2505.
12432.

Jujie He, Jiacai Liu, Chris Yuhao Liu, Rui Yan, Chaojie Wang, Peng Cheng, Xiaoyu Zhang, Fuxiang
Zhang, Jiacheng Xu, Wei Shen, Siyuan Li, Liang Zeng, Tianwen Wei, Cheng Cheng, Bo An,
Yang Liu, and Yahui Zhou. Skywork open reasoner 1 technical report, 2025. URL https:
//arxiv.org/abs/2505.22312.

Dan Hendrycks, Collin Burns, Saurav Kadavath, Akul Arora, Steven Basart, Eric Tang, Dawn Song,
and Jacob Steinhardt. Measuring mathematical problem solving with the math dataset, 2021.
URL https://arxiv.org/abs/2103.03874.

11

http://dx.doi.org/10.1609/aaai.v38i16.29720
http://dx.doi.org/10.1609/aaai.v38i16.29720
https://arxiv.org/abs/2406.12841
https://arxiv.org/abs/2412.09078
https://arxiv.org/abs/2412.09078
https://arxiv.org/abs/2409.08217
https://arxiv.org/abs/2409.08217
https://arxiv.org/abs/2402.03744
https://arxiv.org/abs/2402.03744
https://arxiv.org/abs/2505.21668
https://arxiv.org/abs/2307.13528
https://arxiv.org/abs/2307.13528
https://proceedings.mlr.press/v202/fu23d.html
https://proceedings.mlr.press/v202/fu23d.html
https://arxiv.org/abs/2505.12432
https://arxiv.org/abs/2505.12432
https://arxiv.org/abs/2505.22312
https://arxiv.org/abs/2505.22312
https://arxiv.org/abs/2103.03874


594
595
596
597
598
599
600
601
602
603
604
605
606
607
608
609
610
611
612
613
614
615
616
617
618
619
620
621
622
623
624
625
626
627
628
629
630
631
632
633
634
635
636
637
638
639
640
641
642
643
644
645
646
647

Under review as a conference paper at ICLR 2026

Xanh Ho, Anh-Khoa Duong Nguyen, Saku Sugawara, and Akiko Aizawa. Constructing a multi-
hop qa dataset for comprehensive evaluation of reasoning steps, 2020. URL https://arxiv.
org/abs/2011.01060.

Zhenyu Hou, Xin Lv, Rui Lu, Jiajie Zhang, Yujiang Li, Zijun Yao, Juanzi Li, Jie Tang, and Yuxiao
Dong. Advancing language model reasoning through reinforcement learning and inference scal-
ing. arXiv preprint CoRR, abs/2501.11651, 2025. URL https://arxiv.org/pdf/2501.
11651.

Lei Huang, Weijiang Yu, Weitao Ma, Weihong Zhong, Zhangyin Feng, Haotian Wang, Qianglong
Chen, Weihua Peng, Xiaocheng Feng, Bing Qin, et al. A survey on hallucination in large language
models: Principles, taxonomy, challenges, and open questions. ACM Transactions on Information
Systems, 43(2):1–55, 2025a.

Yuheng Huang, Jiayang Song, Zhijie Wang, Shengming Zhao, Huaming Chen, Felix Juefei-Xu, and
Lei Ma. Look before you leap: An exploratory study of uncertainty analysis for large language
models. IEEE Transactions on Software Engineering, 51(2):413–429, February 2025b. ISSN
2326-3881. doi: 10.1109/tse.2024.3519464. URL http://dx.doi.org/10.1109/TSE.
2024.3519464.

Aaron Jaech, Adam Kalai, Adam Lerer, Adam Richardson, Ahmed El-Kishky, Aiden Low, Alec
Helyar, Aleksander Madry, Alex Beutel, Alex Carney, et al. Openai o1 system card. arXiv
preprint CoRR, abs/2412.16720, 2024. URL https://arxiv.org/pdf/2412.16720.

Mandar Joshi, Eunsol Choi, Daniel S Weld, and Luke Zettlemoyer. Triviaqa: A large scale distantly
supervised challenge dataset for reading comprehension. In Proceedings of the 55th Annual Meet-
ing of the Association for Computational Linguistics (Volume 1: Long Papers), pp. 1601–1611,
2017. URL https://aclanthology.org/P17-1147/.

Wei Ju, Siyu Yi, Yifan Wang, Zhiping Xiao, Zhengyang Mao, Hourun Li, Yiyang Gu, Yifang Qin,
Nan Yin, Senzhang Wang, Xinwang Liu, Xiao Luo, Philip S. Yu, and Ming Zhang. A survey of
graph neural networks in real world: Imbalance, noise, privacy and ood challenges, 2024. URL
https://arxiv.org/abs/2403.04468.

Thomas N. Kipf and Max Welling. Semi-supervised classification with graph convolutional net-
works, 2017. URL https://arxiv.org/abs/1609.02907.

Jannik Kossen, Jiatong Han, Muhammed Razzak, Lisa Schut, Shreshth Malik, and Yarin Gal. Se-
mantic entropy probes: Robust and cheap hallucination detection in llms, 2024. URL https:
//arxiv.org/abs/2406.15927.

Zehui Liao, Shishuai Hu, Ke Zou, Huazhu Fu, Liangli Zhen, and Yong Xia. Vision-amplified
semantic entropy for hallucination detection in medical visual question answering, 2025. URL
https://arxiv.org/abs/2503.20504.

Haolang Lu, Yilian Liu, Jingxin Xu, Guoshun Nan, Yuanlong Yu, Zhican Chen, and Kun Wang.
Auditing meta-cognitive hallucinations in reasoning large language models. arXiv preprint
arXiv:2505.13143, 2025.

Alex Mallen, Akari Asai, Victor Zhong, Rajarshi Das, Daniel Khashabi, and Hannaneh Hajishirzi.
When not to trust language models: Investigating effectiveness of parametric and non-parametric
memories, 2023. URL https://arxiv.org/abs/2212.10511.

Potsawee Manakul, Adian Liusie, and Mark Gales. Selfcheckgpt: Zero-resource black-box halluci-
nation detection for generative large language models. In Proceedings of the 2023 Conference on
Empirical Methods in Natural Language Processing, pp. 9004–9017, 2023.

Sewon Min, Kalpesh Krishna, Xinxi Lyu, Mike Lewis, Wen-tau Yih, Pang Koh, Mohit Iyyer, Luke
Zettlemoyer, and Hannaneh Hajishirzi. Factscore: Fine-grained atomic evaluation of factual pre-
cision in long form text generation. In Proceedings of the 2023 Conference on Empirical Methods
in Natural Language Processing, pp. 12076–12100, 2023.

12

https://arxiv.org/abs/2011.01060
https://arxiv.org/abs/2011.01060
https://arxiv.org/pdf/2501.11651
https://arxiv.org/pdf/2501.11651
http://dx.doi.org/10.1109/TSE.2024.3519464
http://dx.doi.org/10.1109/TSE.2024.3519464
https://arxiv.org/pdf/2412.16720
https://aclanthology.org/P17-1147/
https://arxiv.org/abs/2403.04468
https://arxiv.org/abs/1609.02907
https://arxiv.org/abs/2406.15927
https://arxiv.org/abs/2406.15927
https://arxiv.org/abs/2503.20504
https://arxiv.org/abs/2212.10511


648
649
650
651
652
653
654
655
656
657
658
659
660
661
662
663
664
665
666
667
668
669
670
671
672
673
674
675
676
677
678
679
680
681
682
683
684
685
686
687
688
689
690
691
692
693
694
695
696
697
698
699
700
701

Under review as a conference paper at ICLR 2026

Gouki Minegishi, Hiroki Furuta, Takeshi Kojima, Yusuke Iwasawa, and Yutaka Matsuo. Topology
of reasoning: Understanding large reasoning models through reasoning graph properties, 2025.
URL https://arxiv.org/abs/2506.05744.

Xuan-Phi Nguyen, Shrey Pandit, Revanth Gangi Reddy, Austin Xu, Silvio Savarese, Caiming Xiong,
and Shafiq Joty. Sfr-deepresearch: Towards effective reinforcement learning for autonomously
reasoning single agents, 2025. URL https://arxiv.org/abs/2509.06283.

OpenAI. Openai o3 and o4-mini system card. 2025. Published April 16, 2025.

Hadas Orgad, Michael Toker, Zorik Gekhman, Roi Reichart, Idan Szpektor, Hadas Kotek, and
Yonatan Belinkov. Llms know more than they show: On the intrinsic representation of llm hallu-
cinations. arXiv preprint arXiv:2410.02707, 2025.

Cheng Qian, Emre Can Acikgoz, Qi He, Hongru Wang, Xiusi Chen, Dilek Hakkani-Tür, Gokhan
Tur, and Heng Ji. Toolrl: Reward is all tool learning needs, 2025. URL https://arxiv.
org/abs/2504.13958.

Team Qwen. Qwen3: Think deeper, act faster. https://qwenlm.github.io/blog/qwen3,
2025. Accessed: 2025-04-29.

David Rein, Betty Li Hou, Asa Cooper Stickland, Jackson Petty, Richard Yuanzhe Pang, Julien
Dirani, Julian Michael, and Samuel R. Bowman. Gpqa: A graduate-level google-proof qa bench-
mark, 2023. URL https://arxiv.org/abs/2311.12022.

Hannah Joelle Sansford, Nicholas Richardson, Hermina Petric Maretic, and Juba Nait Saada.
Grapheval: A knowledge-graph based llm hallucination evaluation framework. In Fourth Work-
shop on Knowledge-infused Learning, 2024.

Gaurang Sriramanan, Siddhant Bharti, Vinu Sankar Sadasivan, Shoumik Saha, Priyatham Kat-
takinda, and Soheil Feizi. Llm-check: Investigating detection of hallucinations in large language
models. Advances in Neural Information Processing Systems, 37:34188–34216, 2024.

Zhongxiang Sun, Qipeng Wang, Haoyu Wang, Xiao Zhang, and Jun Xu. Detection and miti-
gation of hallucination in large reasoning models: A mechanistic perspective. arXiv preprint
arXiv:2505.12886, 2025.

Kimi Team, Yifan Bai, Yiping Bao, Guanduo Chen, Jiahao Chen, Ningxin Chen, Ruijue Chen,
Yanru Chen, Yuankun Chen, Yutian Chen, Zhuofu Chen, Jialei Cui, Hao Ding, Mengnan Dong,
Angang Du, Chenzhuang Du, Dikang Du, Yulun Du, Yu Fan, Yichen Feng, Kelin Fu, Bofei Gao,
Hongcheng Gao, Peizhong Gao, Tong Gao, Xinran Gu, Longyu Guan, Haiqing Guo, Jianhang
Guo, Hao Hu, Xiaoru Hao, Tianhong He, Weiran He, Wenyang He, Chao Hong, Yangyang Hu,
Zhenxing Hu, Weixiao Huang, Zhiqi Huang, Zihao Huang, Tao Jiang, Zhejun Jiang, Xinyi Jin,
Yongsheng Kang, Guokun Lai, Cheng Li, Fang Li, Haoyang Li, Ming Li, Wentao Li, Yanhao
Li, Yiwei Li, Zhaowei Li, Zheming Li, Hongzhan Lin, Xiaohan Lin, Zongyu Lin, Chengyin
Liu, Chenyu Liu, Hongzhang Liu, Jingyuan Liu, Junqi Liu, Liang Liu, Shaowei Liu, T. Y. Liu,
Tianwei Liu, Weizhou Liu, Yangyang Liu, Yibo Liu, Yiping Liu, Yue Liu, Zhengying Liu, Enzhe
Lu, Lijun Lu, Shengling Ma, Xinyu Ma, Yingwei Ma, Shaoguang Mao, Jie Mei, Xin Men, Yibo
Miao, Siyuan Pan, Yebo Peng, Ruoyu Qin, Bowen Qu, Zeyu Shang, Lidong Shi, Shengyuan Shi,
Feifan Song, Jianlin Su, Zhengyuan Su, Xinjie Sun, Flood Sung, Heyi Tang, Jiawen Tao, Qifeng
Teng, Chensi Wang, Dinglu Wang, Feng Wang, Haiming Wang, Jianzhou Wang, Jiaxing Wang,
Jinhong Wang, Shengjie Wang, Shuyi Wang, Yao Wang, Yejie Wang, Yiqin Wang, Yuxin Wang,
Yuzhi Wang, Zhaoji Wang, Zhengtao Wang, Zhexu Wang, Chu Wei, Qianqian Wei, Wenhao Wu,
Xingzhe Wu, Yuxin Wu, Chenjun Xiao, Xiaotong Xie, Weimin Xiong, Boyu Xu, Jing Xu, Jinjing
Xu, L. H. Xu, Lin Xu, Suting Xu, Weixin Xu, Xinran Xu, Yangchuan Xu, Ziyao Xu, Junjie
Yan, Yuzi Yan, Xiaofei Yang, Ying Yang, Zhen Yang, Zhilin Yang, Zonghan Yang, Haotian Yao,
Xingcheng Yao, Wenjie Ye, Zhuorui Ye, Bohong Yin, Longhui Yu, Enming Yuan, Hongbang
Yuan, Mengjie Yuan, Haobing Zhan, Dehao Zhang, Hao Zhang, Wanlu Zhang, Xiaobin Zhang,
Yangkun Zhang, Yizhi Zhang, Yongting Zhang, Yu Zhang, Yutao Zhang, Yutong Zhang, Zheng
Zhang, Haotian Zhao, Yikai Zhao, Huabin Zheng, Shaojie Zheng, Jianren Zhou, Xinyu Zhou,
Zaida Zhou, Zhen Zhu, Weiyu Zhuang, and Xinxing Zu. Kimi k2: Open agentic intelligence,
2025. URL https://arxiv.org/abs/2507.20534.

13

https://arxiv.org/abs/2506.05744
https://arxiv.org/abs/2509.06283
https://arxiv.org/abs/2504.13958
https://arxiv.org/abs/2504.13958
https://qwenlm.github.io/blog/qwen3
https://arxiv.org/abs/2311.12022
https://arxiv.org/abs/2507.20534


702
703
704
705
706
707
708
709
710
711
712
713
714
715
716
717
718
719
720
721
722
723
724
725
726
727
728
729
730
731
732
733
734
735
736
737
738
739
740
741
742
743
744
745
746
747
748
749
750
751
752
753
754
755

Under review as a conference paper at ICLR 2026

Lilapati Waikhom and Ripon Patgiri. Graph neural networks: Methods, applications, and opportu-
nities, 2021. URL https://arxiv.org/abs/2108.10733.

Guangya Wan, Yuqi Wu, Jie Chen, and Sheng Li. Cot rerailer: Enhancing the reliability of large lan-
guage models in complex reasoning tasks through error detection and correction. arXiv preprint
arXiv:2408.13940, 2024.

Teng Wang, Wing-Yin Yu, Zhenqi He, Zehua Liu, Hailei Gong, Han Wu, Xiongwei Han, Wei Shi,
Ruifeng She, Fangzhou Zhu, and Tao Zhong. Bpp-search: Enhancing tree of thought reasoning for
mathematical modeling problem solving, 2025a. URL https://arxiv.org/abs/2411.
17404.

Yaoting Wang, Shengqiong Wu, Yuecheng Zhang, Shuicheng Yan, Ziwei Liu, Jiebo Luo, and Hao
Fei. Multimodal chain-of-thought reasoning: A comprehensive survey, 2025b. URL https:
//arxiv.org/abs/2503.12605.

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten Bosma, Brian Ichter, Fei Xia,
Ed H. Chi, Quoc V. Le, and Denny Zhou. Chain-of-thought prompting elicits
reasoning in large language models. In Advances in Neural Information Process-
ing Systems 35: Annual Conference on Neural Information Processing Systems 2022,
NeurIPS 2022, New Orleans, LA, USA, November 28 - December 9, 2022, pp. 24824–
24837, 2022. URL http://papers.nips.cc/paper_files/paper/2022/hash/
9d5609613524ecf4f15af0f7b31abca4-Abstract-Conference.html.

Jason Wei, Nguyen Karina, Hyung Won Chung, Yunxin Joy Jiao, Spencer Papay, Amelia Glaese,
John Schulman, and William Fedus. Measuring short-form factuality in large language mod-
els. arXiv preprint CoRR, abs/2411.04368, 2024. URL https://arxiv.org/pdf/2411.
04368.

Haoyuan Wu, Xueyi Chen, Rui Ming, Jilong Gao, Shoubo Hu, Zhuolun He, and Bei Yu. Totrl:
Unlock llm tree-of-thoughts reasoning potential through puzzles solving, 2025. URL https:
//arxiv.org/abs/2505.12717.

Tian Xie, Zitian Gao, Qingnan Ren, Haoming Luo, Yuqian Hong, Bryan Dai, Joey Zhou, Kai Qiu,
Zhirong Wu, and Chong Luo. Logic-rl: Unleashing llm reasoning with rule-based reinforcement
learning. arXiv preprint arXiv:2502.14768, 2025.

Yihao Xue, Kristjan Greenewald, Youssef Mroueh, and Baharan Mirzasoleiman. Verify when un-
certain: Beyond self-consistency in black box hallucination detection, 2025. URL https:
//arxiv.org/abs/2502.15845.

An Yang, Anfeng Li, Baosong Yang, Beichen Zhang, Binyuan Hui, Bo Zheng, Bowen Yu, Chang
Gao, Chengen Huang, Chenxu Lv, Chujie Zheng, Dayiheng Liu, Fan Zhou, et al. Qwen3 techni-
cal report. arXiv preprint CoRR, abs/2505.09388, 2025. URL https://arxiv.org/pdf/
2505.09388.

Yao Yao, Zuchao Li, and Hai Zhao. GoT: Effective graph-of-thought reasoning in language mod-
els. In Kevin Duh, Helena Gomez, and Steven Bethard (eds.), Findings of the Association for
Computational Linguistics: NAACL 2024, pp. 2901–2921, Mexico City, Mexico, June 2024.
Association for Computational Linguistics. doi: 10.18653/v1/2024.findings-naacl.183. URL
https://aclanthology.org/2024.findings-naacl.183/.

Zijun Yao, Yantao Liu, Yanxu Chen, Jianhui Chen, Junfeng Fang, Lei Hou, Juanzi Li, and Tat-Seng
Chua. Are reasoning models more prone to hallucination? arXiv preprint arXiv:2505.23646,
2025.

Qiying Yu, Zheng Zhang, Ruofei Zhu, Yufeng Yuan, Xiaochen Zuo, Yu Yue, Tiantian Fan, Gao-
hong Liu, Lingjun Liu, Xin Liu, et al. DAPO:an open-source llm reinforcement learning system
at scale. arXiv preprint CoRR, abs/2503.14476, 2025. URL https://arxiv.org/pdf/
2503.14476.

Zihan Yu, Liang He, Zhen Wu, Xinyu Dai, and Jiajun Chen. Towards better chain-of-thought
prompting strategies: A survey, 2023. URL https://arxiv.org/abs/2310.04959.

14

https://arxiv.org/abs/2108.10733
https://arxiv.org/abs/2411.17404
https://arxiv.org/abs/2411.17404
https://arxiv.org/abs/2503.12605
https://arxiv.org/abs/2503.12605
http://papers.nips.cc/paper_files/paper/2022/hash/9d5609613524ecf4f15af0f7b31abca4-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2022/hash/9d5609613524ecf4f15af0f7b31abca4-Abstract-Conference.html
https://arxiv.org/pdf/2411.04368
https://arxiv.org/pdf/2411.04368
https://arxiv.org/abs/2505.12717
https://arxiv.org/abs/2505.12717
https://arxiv.org/abs/2502.15845
https://arxiv.org/abs/2502.15845
https://arxiv.org/pdf/2505.09388
https://arxiv.org/pdf/2505.09388
https://aclanthology.org/2024.findings-naacl.183/
https://arxiv.org/pdf/2503.14476
https://arxiv.org/pdf/2503.14476
https://arxiv.org/abs/2310.04959


756
757
758
759
760
761
762
763
764
765
766
767
768
769
770
771
772
773
774
775
776
777
778
779
780
781
782
783
784
785
786
787
788
789
790
791
792
793
794
795
796
797
798
799
800
801
802
803
804
805
806
807
808
809

Under review as a conference paper at ICLR 2026

Zhuosheng Zhang, Aston Zhang, Mu Li, and Alex Smola. Automatic chain of thought prompting
in large language models. In The Eleventh International Conference on Learning Representa-
tions, ICLR 2023, Kigali, Rwanda, May 1-5, 2023, 2023. URL https://openreview.
net/forum?id=5NTt8GFjUHkr.

Yuxiang Zheng, Dayuan Fu, Xiangkun Hu, Xiaojie Cai, Lyumanshan Ye, Pengrui Lu, and Pengfei
Liu. Deepresearcher: Scaling deep research via reinforcement learning in real-world environ-
ments, 2025. URL https://arxiv.org/abs/2504.03160.

A USE OF LARGE LANGUAGE MODELS

In this work, LLMs were employed to polish the language of early drafts, to assist with literature
exploration and data visualization, and to support information retrieval.

B LONG-COT CURATION

To construct our long-CoT corpus, we sampled 8,000 questions from PopQA (Mallen et al., 2023),
2WikiMultihopQA (Ho et al., 2020), and RFC document answering (Lu et al., 2025). Each question
was executed with five independent rollouts across our suite of LRMs (Qwen3-8B, Qwen3-14B,
DeepSeek-Distill-Qwen-7B, and DeepSeek-Distill-Qwen-32B). Questions for
which all five rollouts produced correct answers were included in the non-hallucinated set, with
one chain retained per question. For questions where at least one rollout was incorrect, the chains
corresponding to incorrect answers were assigned to the hallucinated set. To study robustness under
input perturbations, we applied two types of modifications: (1) the addition of irrelevant document
contexts, and (2) perturbations of the original context provided by the datasets (e.g., the correspond-
ing Wikipedia page for 2WikiMultihopQA), generated using the DeepSeek-R1 model.

Prompt for Context Perturbation

perturbation_prompt = """
You are an AI assistant tasked with creating a subtly misleading version of a given

factual context.
Your goal is to inject plausible but incorrect or irrelevant information that could

confuse another AI attempting to answer questions based on this context.
Follow these instructions carefully:

1. Maintain the overall style and tone of the original context. Do not rewrite the
entire passage; only add or modify details.

2. Introduce 2-3 pieces of false or unrelated information. They should be specific,
credible, and contextually coherent (e.g., wrong dates, numbers, names, or events)
.

3. Avoid obviously fabricated statements. The misinformation should be plausible enough
that it could mislead a reasoning process.

4. Keep the original context intact; highlight changes by integrating them naturally
into sentences.

5. Ensure that the altered context remains grammatically correct and reads fluently.

Here is the original context:

{original_context}

Please output the perturbed context with the misleading details included.
"""

C GRAPH PROPERTY SELECTION

This section provides a detailed description of the graph-theoretic properties used in our analysis.
For each feature, we provide its formal definition, its intuitive meaning, and its specific correlate
within the context of an LRM’s long-CoT reasoning process.

• Number of Nodes (|V|) is the cardinality of the vertex set. Intuitively, it represents the size of the
conceptual vocabulary the model employs. In LRM reasoning, this corresponds to the number of
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distinct intermediate reasoning steps activated by the model to solve a given problem. A larger
number of nodes signifies a broader cognitive scope and exploration breadth.

• Number of Edges (|E|) is the cardinality of the edge set. It measures the number of connections
or transitions between concepts. In LRM reasoning, this maps to the number of sequential infer-
ential steps in the CoT. A high number of edges suggests a more complex, and potentially more
convoluted, reasoning chain.

• Diameter denotes the longest shortest path between any two nodes in the graph. It represents
the maximum conceptual distance one must traverse to link the two most disparate ideas in the
reasoning process. For LRM reasoning, a large diameter indicates that the model is connecting
very distant concepts, potentially stretching its logical coherence to the limit.

• Average Path Length counts the average length of the shortest paths for all pairs of nodes. For
LRM reasoning, this reflects the average number of inferential steps required to connect any two
ideas. A higher value implies a less direct and more meandering thought process.

• Number of Maximal Cliques is the count of all cliques that cannot be extended by adding another
vertex. Intuitively, it is the number of distinct, self-consistent “knowledge clusters”, corresponding
to the number of separate logical sub-arguments the model constructs. A high number of small
cliques may indicate fragmented or poorly integrated reasoning.

• Maximum Clique Size (ω(G)) is the number of vertices in the largest clique of the graph. This
signifies the LRM’s most complex and logically sound sub-argument, where every constituent
concept mutually reinforces every other.
We illustrate representative examples of a maximal clique extracted from a reasoning graph (as
shown in the first subfigure of Figure 8), corresponding to a knowledge cluster centered on the
question: Why does the DNS-over-HTTPS (DoH) protocol require clients to support both GET
and POST methods? The identified maximal clique comprises four core nodes (size = 4):

– Node 9: “But clients need to be able to handle both methods to ensure they can receive large
responses.” and “But why require them to support GET as well? Maybe for efficiency.”

– Node 13: “Wait, but the DNS query is sent by the client, so the client’s request method
(GET or POST) affects how the query is sent.” and “In terms of trade-offs: GET might have
issues with URL length limits and potential caching, but is more straightforward.” and “So
the influence here is that using POST allows clients to send larger DNS queries without the
issues associated with UDP fragmentation, as the data is in the body and TCP handles the
transmission reliably.”

– Node 19: “Therefore, requiring clients to support both allows them to choose the appropriate
method based on the query size, ensuring that they can handle all cases, avoiding issues
with URL length limits and UDP-like fragmentation problems (even though DoH is over
TCP, but the DNS message size could still be large, requiring POST to send the query).”
and “The trade-offs would be: GET is simpler, more cacheable (though DoH is encrypted,
so intermediaries can’t see the URL), but limited by URL length.” and “So putting it all
together: RFC 8484 requires clients to support both GET and POST to handle DNS queries
of varying sizes.”

– Node 20: “Wait, no, if the RFC says servers must support both, then clients can choose
either.” and “GET is suitable for smaller queries with the benefit of simplicity and idempo-
tency, while POST is necessary for larger queries to avoid URL length limits. The trade-
offs influence scenarios where large DNS responses or queries would fail with GET due to
size constraints, necessitating POST. Additionally, using POST over HTTPS/TCP avoids the
fragmentation issues inherent in UDP-based DNS, ensuring reliable transmission of large
messages.”

This clique reflects a tightly interwoven reasoning structure that contrasts sharply with the frag-
mented thought patterns seen in independent sets. It begins with the core premise (Node 9) that
clients must support both methods and questions the rationale behind this requirement. This natu-
rally leads to protocol-level considerations (Node 20), such as RFC 8484’s stipulation that servers
must support both methods, thereby granting clients the choice. The reasoning then deepens into a
detailed trade-off analysis (Node 13), identifying limitations of GET (e.g., URL length constraints
and caching behavior) and advantages of POST (e.g., ability to transmit large queries and avoid
UDP-like fragmentation issues). Finally, these strands converge into a comprehensive synthesis
(Node 19), explaining that requiring client support for both methods enables adaptive selection
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Figure 8: Visualization of six representative max clique in our reasoning graph.
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based on query size and context: GET is preferred for smaller queries due to its simplicity and
idempotency, whereas POST is essential for larger ones.
Crucially, each argument in this clique directly supports and reinforces the others, forming a
closed-loop reasoning chain. The explanation of POST’s necessity (Node 13) directly addresses
the question of why GET alone is insufficient (Node 9, Node 20), while the protocol requirements
(Node 20) establish the foundation for client choice (Node 19). The maximal clique size of 4 thus
quantifies the model’s reasoning depth: resolving the original question requires the integration
of at least four mutually reinforcing concepts — protocol mandates, client compatibility, trade-
off analysis, and message size considerations. This example demonstrates how a maximal clique
captures not merely fact aggregation but a coherent, self-supporting micro-argumentative structure
within the reasoning process.

• Max Independent Set Size (α(G)) denotes the size of the largest subset of vertices where no
two vertices are adjacent. This directly quantifies Thought Separation, the number of parallel,
non-interacting reasoning threads. A large value is a strong indicator of cognitive fragmentation,
where the LRM fails to build the necessary logical bridges to form a single, coherent argument.
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Figure 9: Visualization of reasoning graph structures, where the maximum independent set within
each graph is highlighted as red.

Figure 9 visualizes the reasoning graph with the maximum independent set (MIS) highlighted
in red, illustrating how reasoning fragmentation manifests within an LRM’s long-CoT. In the
example shown, the MIS consists of 13 nodes:

– (Node 0, label 11): “Okay, so I need to understand what RFC 9030 is.”
– (Node 2, label 92): “Each RFC is numbered, so 9030 would be one of the more recent ones

since the numbers go up over time.”
– (Node 5, label 9): “Let me try to recall if there’s a notable protocol associated with that number.”
– (Node 7, label 103): “EXI is a binary XML format designed to make XML more efficient in

terms of both space and processing time.”
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– (Node 9, label 13): “If I can’t remember exactly, maybe I should check, but since I can’t access
external resources, I’ll proceed with what I recall.”

– (Node 11, label 153): “EXI’s purpose is to provide a compact representation of XML data.”
– (Node 14, label 21): “The RFC would outline these risks and recommend mitigations, like strict

validation and secure parser implementations.”
– (Node 16, label 50): “I should also mention the history of EXI.”
– (Node 18, label 112): “For example, EXI is used in CoAP for efficient data exchange in con-

strained networks.”
– (Node 21, label 39): “Maybe RFC 9030 is the first one in the IETF, or perhaps it’s an update.”
– (Node 23, label 101): “The document would start with an abstract summarizing EXI’s pur-

pose, followed by the introduction that outlines the problem space (inefficiency of XML in
constrained environments) and the solution EXI provides.”

– (Node 24, label 108): “However, there could be downsides, such as the need for EXI-aware
parsers on both ends, which might not be as universally supported as text XML parsers.”

– (Node 25, label 113): “The authors would be experts in data formats and XML, possibly from
organizations involved in IoT or web standards.”

The large size of the MIS (13 nodes) directly quantifies the degree of thought separation in the
reasoning process. By definition, no two nodes in an independent set share an edge, implying
that the model fails to construct explicit logical links between these reasoning steps. For instance,
while the model separately notes that “EXI provides a compact representation of XML data”
and that “EXI is used in CoAP for efficient data exchange in constrained networks,” it does not
establish a causal connection explaining why compactness is crucial for such environments. This
absence of inferential edges reveals a fragmented reasoning pattern in which the model enumerates
isolated points rather than integrating them into a coherent argumentative chain. Consequently, the
presence of a large independent set serves as a clear structural indicator of cognitive fragmentation
within the LRM’s reasoning dynamics.

• Degree Assortativity measures the similarity of degrees between connected nodes. Intuitively,
it reveals the organizational structure of the thought process—whether major ideas (hubs) tend
to connect with other major ideas (assortative) or with minor, supporting details (disassortative).
Positive assortativity might indicate a conceptual “echo chamber,” while negative assortativity
could reflect a more hierarchical, core-periphery style of logic.

• Metric Closure Avg Weight & Average Hop Length are measures of the average distance be-
tween all pairs of nodes, either weighted or unweighted. Higher values in these metrics suggest
that the model is making larger or more frequent conceptual leaps, indicating a more complex or
less parsimonious reasoning style.

• Average Clustering Coefficient is the average of the local clustering coefficients for all nodes,
where a local coefficient measures how close a node’s neighbors are to being a clique. Intuitively,
it answers the question, “Are the concepts related to my current thought also related to each other?”
In LRM reasoning, this is a direct measure of local logical consistency. High clustering suggests
that related ideas form tightly-knit, verifiable groups, reflecting robust local logic.

• Transitivity is a global measure of clustering, calculated as the ratio of triangles to all possible
connected triples. Intuitively, it is the overall probability that the graph forms closed, triangular
relationships. In LRM reasoning, this corresponds to the global logical closure of the argument.
High transitivity implies a well-integrated reasoning process where inferences are consistently
linked.

• Loop Count is the cyclomatic number of the graph, representing the number of independent
cycles. Loops correspond to acts of self-reflection, verification, or iterative refinement in LRM
reasoning. A reasoning path A → B → C → A suggests a process where LRM decides that the
path B→C is possibly wrong and goes back to A to re-start another reasoning path exploration.

D STATISTICAL DETAILS

Tables 5 to 8 summarize pairwise comparisons among the four reasoning graph groups along with
their corresponding statistical measures. The distributions of key topological features are further
visualized using box plots in Figures 10 and 11.
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Table 5: Topological Feature Comparison for Internal Hallucination: Factual-Accurate (FA) vs.
Factual-Hallucination (FH). Metrics are grouped by their corresponding reasoning correlates, re-
vealing that FH graphs are significantly larger, more complex, and less structurally coherent.

Metric FA Group FH Group t-value p-value Cohen’s d Signif. Rank
Network Scale & Exploration Breadth

Number of Nodes 19.4624 ± 5.1279 30.5947 ± 10.8255 45.6937 <0.001 1.3513 1
Number of Edges 29.7200 ± 12.1057 53.6958 ± 33.4785 33.3171 <0.001 0.9853 8
Diameter 1530.7440 ± 382.2418 1961.9660 ± 459.4478 34.7737 <0.001 1.0284 7
Average Path Length 573.8304 ± 118.7813 718.4047 ± 153.6875 35.9820 <0.001 1.0641 6

Knowledge Structure Complexity
Number of Maximal Cliques 19.7380 ± 6.8570 36.9056 ± 18.1556 43.7240 <0.001 1.2931 5
Maximum Clique Size 3.1336 ± 0.5229 3.2596 ± 0.7348 6.7770 <0.001 0.2004 15
Ramsey Number (Clique) 2.7840 ± 0.5592 2.8538 ± 0.6304 3.9825 <0.001 0.1178 17
Avg. Degree Connectivity 3.5470 ± 0.8921 4.1171 ± 1.5582 15.5241 <0.001 0.4591 10

Thought Process Separation
Max Independent Set Size 8.8648 ± 2.6847 13.4466 ± 4.7659 40.9710 <0.001 1.2117 2
Ramsey Number (Ind. Set) 9.2976 ± 2.4635 13.8097 ± 4.4969 43.0813 <0.001 1.2741 3
Degree Assortativity −0.0627 ± 0.1972 −0.0350 ± 0.1529 5.2640 <0.001 0.1557 16

Conceptual Leaps & Path Complexity
Metric Closure Avg Weight 144.6970 ± 8.9375 158.3844 ± 10.0326 48.9548 <0.001 1.4478 4
Path Length Norm 1.1305 ± 0.1756 1.1800 ± 0.1771 9.5005 <0.001 0.2810 13
Average Hop Length 3.5183 ± 0.7450 3.8363 ± 0.8322 13.6793 <0.001 0.4045 12

Local Structure & Cyclic Verification
Average Clustering Coeff. 0.2203 ± 0.1264 0.1597 ± 0.0998 −17.8047 <0.001 −0.5266 9
Transitivity 0.1292 ± 0.1027 0.0898 ± 0.0718 −14.8064 <0.001 −0.4379 11
Loop Count 5.0432 ± 3.6421 5.9568 ± 5.0166 7.1423 <0.001 0.2112 14

Table 6: Topological Signatures of Model Resilience: Perturbed-Accurate (PA) vs. Perturbed-
Hallucination (PH). The comparison highlights that resilient reasoning (PA) involves constructing
significantly larger and more complex graphs to overcome external misinformation, whereas failure
modes (PH) are associated with more constrained reasoning pathways.

Metric Perturbed-Accurate (PA) Perturbed-Hallucination (PH) t-value p-value Cohen’s d Signif. Rank
Network Scale & Exploration Breadth

Number of Nodes 24.8500 ± 7.7091 21.9820 ± 7.5439 −7.4092 <0.001 −0.3788 3
Number of Edges 41.6391 ± 24.8917 34.5829 ± 20.1374 −6.5693 <0.001 −0.3358 4
Diameter 1739.3352 ± 410.6235 1649.1215 ± 409.0318 −4.3114 <0.001 −0.2204 9
Average Path Length 647.8254 ± 134.5409 613.2676 ± 127.0808 −5.2662 <0.001 −0.2692 7

Knowledge Structure Complexity
Number of Maximal Cliques 27.7022 ± 12.1316 23.1371 ± 10.5544 −8.2412 <0.001 −0.4213 2
Maximum Clique Size 3.2913 ± 0.6938 3.1688 ± 0.6168 −3.8014 <0.001 −0.1943 10
Ramsey Number (Clique) 2.9304 ± 0.6153 2.7829 ± 0.6051 −4.7569 <0.001 −0.2432 8
Avg. Degree Connectivity 3.9251 ± 1.3658 3.7376 ± 1.2557 −2.8776 0.004 −0.1471 13

Thought Process Separation
Max Independent Set Size 11.0978 ± 3.5303 10.0620 ± 3.6666 −5.5603 <0.001 −0.2843 6
Ramsey Number (Ind. Set) 11.4478 ± 3.3476 10.4765 ± 3.4123 −5.5859 <0.001 −0.2856 5
Degree Assortativity −0.0438 ± 0.1655 −0.0765 ± 0.1844 −3.5255 <0.001 −0.1802 11

Conceptual Leaps & Path Complexity
Metric Closure Avg Weight 153.7182 ± 10.9808 149.0703 ± 10.1572 −8.8268 <0.001 −0.4512 1
Path Length Norm 1.1551 ± 0.1619 1.1286 ± 0.1678 −3.1045 0.002 −0.1587 12
Average Hop Length 3.6346 ± 0.7513 3.6250 ± 0.7558 N/A N/A N/A –

Local Structure & Cyclic Verification
Average Clustering Coeff. 0.1920 ± 0.1118 0.2024 ± 0.1209 N/A N/A N/A –
Transitivity 0.1114 ± 0.0822 0.1099 ± 0.0907 N/A N/A N/A –
Loop Count 5.6870 ± 5.6893 5.7349 ± 5.4865 N/A N/A N/A –
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Table 7: The Topological Cost of Corrective Reasoning: Factual-Accurate (FA) vs. Perturbed-
Accurate (PA). The data reveals that achieving a correct outcome from a perturbed input (PA) re-
quires a significantly more expansive and complex reasoning graph than standard factual reasoning
(FA), highlighting the computational overhead of model resilience. Conversely, FA reasoning ex-
hibits higher local structural coherence.

Metric Factual-Accurate (FA) Perturbed-Accurate (PA) t-value p-value Cohen’s d Signif. Rank
Network Scale & Exploration Breadth

Number of Nodes 19.4624 ± 5.1279 24.8500 ± 7.7091 −18.9400 <0.001 −0.9609 3
Number of Edges 29.7200 ± 12.1057 41.6391 ± 24.8917 −15.8411 <0.001 −0.8037 5
Diameter 1530.7440 ± 382.2418 1739.3352 ± 410.6235 −10.6300 <0.001 −0.5393 8
Average Path Length 573.8304 ± 118.7813 647.8254 ± 134.5409 −12.0178 <0.001 −0.6097 7

Knowledge Structure Complexity
Number of Maximal Cliques 19.7380 ± 6.8570 27.7022 ± 12.1316 −19.8470 <0.001 −1.0069 1
Maximum Clique Size 3.1336 ± 0.5229 3.2913 ± 0.6938 −5.6219 <0.001 −0.2852 10
Ramsey Number (Clique) 2.7840 ± 0.5592 2.9304 ± 0.6153 −5.0794 <0.001 −0.2577 11
Avg. Degree Connectivity 3.5470 ± 0.8921 3.9251 ± 1.3658 −7.6006 <0.001 −0.3856 9

Thought Process Separation
Max Independent Set Size 8.8648 ± 2.6847 11.0978 ± 3.5303 −15.5389 <0.001 −0.7883 6
Ramsey Number (Ind. Set) 9.2976 ± 2.4635 11.4478 ± 3.3476 −16.1744 <0.001 −0.8206 4
Degree Assortativity −0.0627 ± 0.1972 −0.0438 ± 0.1655 N/A N/A N/A –

Conceptual Leaps & Path Complexity
Metric Closure Avg Weight 144.6970 ± 8.9375 153.7182 ± 10.9808 −19.1525 <0.001 −0.9717 2
Path Length Norm 1.1305 ± 0.1756 1.1551 ± 0.1619 −2.7985 0.005 −0.1420 15
Average Hop Length 3.5183 ± 0.7450 3.6346 ± 0.7513 −3.0725 0.002 −0.1559 –

Local Structure & Cyclic Verification
Average Clustering Coeff. 0.2203 ± 0.1264 0.1920 ± 0.1118 4.4925 <0.001 0.2279 12
Transitivity 0.1292 ± 1.0270 0.1114 ± 0.0822 3.5152 0.0004 0.1783 13
Loop Count 5.0432 ± 3.6421 5.6870 ± 5.6893 −3.1497 0.002 −0.1598 14

Table 8: Topological Distinction Between Hallucination Types: Factual-Hallucination (FH) vs.
Perturbed-Hallucination (PH). This comparison reveals that different sources of error produce dis-
tinct graph structures. Internal hallucination (FH) manifests as cognitive over-exploration (larger
scale, more fragmented), whereas externally-induced hallucination (PH) exhibits higher local co-
herence (clustering, transitivity), suggesting a mechanism of latching onto and reinforcing misinfor-
mation.

Metric Factual-Hallucination (FH) Perturbed-Hallucination (PH) t-value p-value Cohen’s d Signif. Rank
Network Scale & Exploration Breadth

Number of Nodes 30.5947 ± 10.8255 21.9820 ± 7.5439 30.7357 <0.001 0.9293 2
Number of Edges 53.6958 ± 33.4785 34.5829 ± 20.1374 23.0911 <0.001 0.6982 8
Diameter 1961.9660 ± 459.4478 1649.1215 ± 409.0318 23.8408 <0.001 0.7208 7
Average Path Length 718.4047 ± 153.6875 613.2676 ± 127.0808 24.7488 <0.001 0.7483 6

Knowledge Structure Complexity
Number of Maximal Cliques 36.9056 ± 18.1556 23.1371 ± 10.5544 30.9611 <0.001 0.9361 1
Maximum Clique Size 3.2596 ± 0.7348 3.1688 ± 0.6168 4.4428 <0.001 0.1343 14
Ramsey Number (Clique) 2.8538 ± 0.6304 2.7829 ± 0.6051 3.8014 <0.001 0.1149 15
Avg. Degree Connectivity 4.1171 ± 1.5582 3.7376 ± 1.2557 8.9070 <0.001 0.2693 11

Thought Process Separation
Max Independent Set Size 13.4466 ± 4.7659 10.0620 ± 3.6666 26.4580 <0.001 0.8000 5
Ramsey Number (Ind. Set) 13.8097 ± 4.4969 10.4765 ± 3.4123 27.7621 <0.001 0.8394 4
Degree Assortativity −0.0350 ± 0.1529 −0.0765 ± 0.1844 8.0874 <0.001 0.2445 11

Conceptual Leaps & Path Complexity
Metric Closure Avg Weight 158.3844 ± 10.0326 149.0703 ± 10.1572 30.5081 <0.001 0.9224 3
Path Length Norm 1.1800 ± 0.1771 1.1286 ± 0.1678 9.8581 <0.001 0.2981 10
Average Hop Length 3.8363 ± 0.8322 3.6250 ± 0.7558 8.8065 <0.001 0.2663 12

Local Structure & Cyclic Verification
Average Clustering Coeff. 0.1597 ± 0.0998 0.2024 ± 0.1209 −12.6654 <0.001 −0.3829 9
Transitivity 0.0898 ± 0.0718 0.1099 ± 0.0907 −8.0703 <0.001 −0.2440 13
Loop Count 5.9568 ± 5.0166 5.7349 ± 5.4865 N/A N/A N/A –
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Figure 10: The topology statistical difference between all four groups of reasoning graphs (Part I).

Figure 11: The topology statistical difference between all four groups of reasoning graphs (Part II).

E DETECTION BASELINES

Our selected hallucination detection baselines can be organized into five categories:

• External-Check Methods: FactTool (Chern et al., 2023), which employs an LLM agent
to query external resources and verify the factuality of model responses.

22



1188
1189
1190
1191
1192
1193
1194
1195
1196
1197
1198
1199
1200
1201
1202
1203
1204
1205
1206
1207
1208
1209
1210
1211
1212
1213
1214
1215
1216
1217
1218
1219
1220
1221
1222
1223
1224
1225
1226
1227
1228
1229
1230
1231
1232
1233
1234
1235
1236
1237
1238
1239
1240
1241

Under review as a conference paper at ICLR 2026

• Self-Check Methods: EigenScore (Chen et al., 2024) and SAR (Duan et al., 2023), both of
which prompt the model to repeatedly score the reliability of its own outputs and aggregate
the results.

• Internal Signal-based Methods: AvgProbability and AvgEntropy from Huang et al.
(2025b), which measure sentence-level uncertainty by aggregating token-level logits, as
well as CCP (Fadeeva et al., 2024), which further exploits confidence signals.

• Classification-based Methods: SAPLMA (Azaria & Mitchell, 2023) and
Probe@Exact (Orgad et al., 2025), both of which train classifiers directly on hidden-state
representations.

• Topology Feature-based Classifiers: Our self-constructed baselines built from classical
machine learning models (including MLP, SVM, XGBoost, Random Forest, Decision Tree
and AdaBoost), which take thirteen graph-level features as input to predict hallucination.
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