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Abstract

Large Reasoning Models (LRMs) achieve promising results
on complex reasoning tasks but remain susceptible to hal-
lucinations. Existing hallucination detection methods based
on Large Language Models (LLMs) often focus solely on
final answers, overlooking inconsistencies between the an-
swer and reasoning process. This limitation reduces their
ability to detect hallucinations during inference. Moreover,
training-free approaches lack mechanisms for confidence es-
timation, resulting in an unquantified detection output. In
contrast, training-based methods can provide fine-grained
assessments but often neglect the self-correction capability
of LRMs, where earlier errors may be corrected in subse-
quent steps, leading to inaccurate hallucination detection.
To address these challenges, we propose ConfFuse, a uni-
fied framework that fuses global and local confidence scores
for hallucination detection. A Global Hallucination Detection
Model (GHDM) is trained using Direct Preference Optimiza-
tion (DPO) to assess hallucinations at the level of entire rea-
soning chains, yielding global confidence estimates. Simulta-
neously, a Process Reward Model (PRM) estimates step-wise
confidence scores to capture local logical flaws. A weighted
fusion strategy combines the global confidence score with
the minimum local score to jointly reflect overall reason-
ing consistency and local soundness. Experimental evalua-
tions demonstrate that ConfFuse surpasses Qwen3-1.7B and
Qwen3-8B by up to 11.86% and 5.46% in F1 score on in-
distribution datasets, and achieves average improvements of
4.65% and 2.80% on out-of-distribution datasets. These re-
sults verify the effectiveness and generalizability of the pro-
posed framework.

1 Introduction
Large Language Models (LLMs) have achieved remarkable
success on complex reasoning tasks, such as mathemati-
cal problem-solving (Nguyen et al. 2024; Xu et al. 2025;
Kang et al. 2025) and scientific analysis (Lam et al. 2023;
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Figure 1: We analyze the consistency between reasoning
processes and final answers on mathematical benchmarks
(ASDiv and SVAMP), using DeepSeek-R1-Distill-Llama-
8B as the generation model and GPT-4o for hallucination
annotation. Our findings reveal that LRMs exhibit in-
consistencies between the validity of the reasoning pro-
cess and the correctness of the final answer. Specifi-
cally, such inconsistencies arise in two forms: cases where
hallucination-free reasoning results in incorrect answers,
and cases where hallucinated reasoning nonetheless pro-
duces correct answers.

Xia et al. 2025b). A notable subclass of LLMs, known as
Large Reasoning Models (LRMs)—including DeepSeek-R1
(Guo et al. 2025) and OpenAI’s O-series (OpenAI et al.
2025)—typically generates complete reasoning traces be-
fore producing final answers, showcasing advanced multi-
step reasoning capabilities. However, despite these ad-
vances, LRMs remain susceptible to hallucinations (Yao
et al. 2025; Chowdhury et al. 2025), often generating log-
ically inconsistent content that undermines the reliability of
their reasoning processes.

Effective hallucination detection in LRMs necessitates
rigorous evaluation of whether a model’s reasoning process
aligns with verifiable ground truth. Mathematical reasoning
is particularly well suited for this purpose, owing to its strin-
gent logical dependencies, and deterministic reference solu-
tions that facilitate objective validation.

Hallucination detection methods in mathematical reason-
ing generally fall into two categories. The first category
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comprises training-free methods that employ LLMs to di-
rectly detect hallucinations from reasoning traces. Represen-
tative approaches include SelfCheckGPT (Manakul, Liusie,
and Gales 2023), LM vs LM (Cohen et al. 2023), and CoVe
(Dhuliawala et al. 2023). Relying solely on the intrinsic rea-
soning capabilities of LLMs, these approaches require no
supervised training and are thus highly flexible and gener-
alizable. The second category involves training-based meth-
ods that use a Process Reward Model (PRM) to detect hal-
lucination in step-level reasoning. Representative methods
include FG-PRM (Li, Luo, and Du 2024), PathFinder-PRM-
7B (Pala et al. 2025), and ReasonEval-7B (Xia et al. 2025a).

However, most existing hallucination detection methods
primarily focus on evaluating the final answers, often over-
looking the logical structure and validity of the explicit rea-
soning processes generated by LRMs. As shown in Fig-
ure 1, our empirical analysis reveals that the final answers
generated by LRMs exhibit inconsistencies with their cor-
responding reasoning processes. Therefore, answer-based
detection methods cannot adequately identify halluci-
nations occurring within the inference process. Further-
more, training-free methods typically lack explicit confi-
dence estimation mechanisms and therefore struggle to pro-
duce quantified judgments for hallucination detection. In
contrast, while training-based methods offer fine-grained
confidence estimation, most existing PRMs still overlook the
self-correction behaviors often observed in LRMs, where er-
rors made in early steps may be corrected later in the reason-
ing process (Xu et al. 2025).

To address these limitations, we propose ConfFuse—a
hallucination detection framework that fuses global and lo-
cal confidence scores. Specifically, we train a Global Hallu-
cination Detection Model (GHDM) to assess the entire rea-
soning process and generate a global confidence score re-
flecting overall reliability. In parallel, we introduce a Pro-
cess Reward Model (PRM) that identifies local-level reason-
ing errors and produces local confidence scores. By fusing
these two complementary scores via a weighted mechanism,
ConfFuse enhances hallucination detection performance.
Experimental results demonstrate that ConfFuse consis-
tently outperforms strong baselines on both in-distribution
and out-of-distribution datasets.

In summary, the main contribution of this work is as fol-
lows.

• We propose GHDM, the first hallucination detection
model specifically designed to assess the entire reason-
ing process of LRMs. GHDM jointly produces step-level
hallucination explanations and global confidence scores
that quantify overall reasoning reliability.

• We present ConfFuse, a unified detection framework that
integrates GHDM’s global confidence with PRM’s local-
level confidence scores, enabling robust and fine-grained
hallucination detection.

• We validate ConfFuse on multiple in-distribution and
out-of-distribution mathematical reasoning benchmarks,
where it consistently outperforms strong baselines.

2 Related Work
Hallucination Detection. Hallucination detection plays a
critical role in ensuring the reliability of LLM-generated
content. Recent studies propose detection methods across
varying levels of granularity, including token-level (Liu et al.
2022; Zhang et al. 2023), entity-level (Yeh et al. 2025),
claim-level (Hu et al. 2024), and response-level (Miao,
Teh, and Rainforth 2023). At the token level, HaDes (Liu
et al. 2022) introduces a reference-free annotated dataset,
whereas HaMI (Niu, Haddadi, and Pang 2025) formulates
the task as a multiple-instance learning problem that jointly
optimizes token selection and hallucination identification.
Entity-level approaches verify the factual correctness of
mentioned entities, with HalluEntity (Yeh et al. 2025) eval-
uating uncertainty-based methods. Claim-level detection fo-
cuses on individual statements: FActScore (Wang et al.
2023) decomposes text into atomic facts; Pelican (Sahu,
Sikka, and Divakaran 2024) and RefChecker (Hu et al. 2024)
further refine the analysis at the claim level. Response-level
methods assess overall hallucination risk. SelfCheckGPT
and CoVe (Dhuliawala et al. 2023) adopt self-verification,
MetaQA (Yang et al. 2025) introduces prompt variation, and
FG-PRM (Li, Luo, and Du 2024) focuses on step-level hal-
lucinations in mathematical reasoning.

LLM-as-a-Judge. As LLMs gain stronger evaluation
capabilities, the “LLM-as-a-Judge” paradigm becomes a
widely adopted approach for hallucination detection (Li
et al. 2025; Zhang et al. 2025). It enables automatic as-
sessment of model outputs without human annotation and
supports high scalability. Representative works include MT-
Bench (Zheng et al. 2023), G-Eval (Liu et al. 2023), and
LLM-as-a-Judge (Gu et al. 2025), which show strong con-
sistency and reliability in evaluating dialogue, factual cor-
rectness, and safety. This paradigm is also widely applied
to the detection of hallucinations. SelfCheckGPT (Manakul,
Liusie, and Gales 2023) and ChainPoll (Friel and Sanyal
2023) prompt models to verify the consistency of their out-
put. Reward-model-based variants further extend the LLM-
as-a-Judge paradigm. Process Reward Models, such as those
introduced in (Lightman et al. 2023), are primarily used
to evaluate the soundness of step-wise reasoning, while
Outcome Reward Models (Cobbe et al. 2021) focus on
the correctness of the final answer. Notably, models like
PathFinder-PRM-7B (Pala et al. 2025) and Qwen2.5-Math-
PRM-7B (Yang et al. 2024) are specifically designed to as-
sess multi-step reasoning in mathematical tasks.

In this work, we propose a unified LLM-as-a-Judge
framework that fuses local-level and global-level hallucina-
tion detection, enabling structured analysis of hallucinations
in complex multi-step reasoning processes.

3 Methodology
3.1 Global Hallucination Detection Model

Training
Reasoning Process Collection. To enhance the global hal-
lucination detection capability of the base model on the rea-
soning processes of LRMs, we adopt the DPO (Rafailov
et al. 2024) training paradigm. The construction of the

34621



Direct Preference Optimization (DPO) training dataset is
illustrated in Figure 2. We use GSM8K (Cobbe et al.
2021) and MathQA (Amini et al. 2019) as the origi-
nal datasets. For each math question, independent reason-
ing is performed using seven widely used LRMs. The
selected models include Marco-o1 (Zhao et al. 2024),
five models of the DeepSeek-R1-Distill series: DeepSeek-
1.5B/7B/8B/14B/32B (DeepSeek-AI 2025) and Skywork-
OR1-7B-Preview (He et al. 2025).

During data construction, we introduce a strong-weak
model agreement strategy (Xu et al. 2024), which lever-
ages the performance gap between a strong model and a
weak model in hallucination detection to construct prefer-
ence pairs. Specifically, we use Qwen3-32B as the strong
model and Qwen3-0.6B as the weak model. Based on their
disagreement in hallucination judgments, we construct a
DPO training dataset comprising correct hallucination as-
sessments (chosen) from the strong model and incorrect
assessments (rejected) from the weak model, thereby pro-
viding supervision signals for preference-based fine-tuning.
Details of the prompt are provided in Appendix A.

DPO Chosen. To construct the DPO chosen samples, we
utilize hallucination detection outputs generated by a strong
model Ms as supervision signals for preference optimiza-
tion. For each question qi with its reasoning process ri and
reference solution ai, the strong model Ms evaluates halluci-
nation by producing an explanatory decision es,i and a con-
fidence score cs,i ∈ [0, 1], i.e., Ms(qi, ri, ai) 7→ (es,i, cs,i).
Here, es,i provides a textual explanation indicating whether
hallucinations are present in the reasoning process, while
cs,i serves as a global hallucination confidence score, re-
flecting the model’s confidence in the reliability of the entire
reasoning process. Lower confidence indicates reduced reli-
ability (i.e., a higher likelihood of hallucination). We adopt a
threshold-based hallucination evaluation method (Tao et al.
2024; Chen and Mueller 2024). A sample is retained as a
DPO chosen instance if and only if the explanation aligns
with the confidence score—specifically: (i) if es,i indicates
non-hallucinated and cs,i ≥ 0.5, or (ii) if es,i indi-
cates hallucinated and cs,i < 0.5. This consistency
criterion ensures that the selected samples reflect agreement
between the model’s interpretation and its self-assessed con-
fidence, thereby supporting the construction of high-quality
preference data for DPO training.

DPO Rejected. To mitigate the impact of linguistic style
discrepancies in DPO learning, we utilize smaller Qwen3
models to generate reject samples, ensuring consistency in
language expression and formatting with the DPO chosen
samples. A weaker model Mw is employed to perform hallu-
cination detection on the reasoning input (qi, ri), without ac-
cess to the reference solution ai. Specifically, for each sam-
ple, Mw outputs an explanatory judgment ew,i and a con-
fidence score cw,i, i.e., Mw(qi, ri) 7→ (ew,i, cw,i). A DPO
reject sample is constructed when the outputs of the weak
model and the strong model Ms are contradictory. Typical
contradiction cases include: (i) cs,i ≥ 0.5 while cw,i < 0.5;
or (ii) cs,i < 0.5 while cw,i ≥ 0.5. These discrepancies indi-
cate a clear divergence in hallucination judgments between
the two models, thereby providing effective supervision sig-

nals for preference learning.
We then construct a preference pair (y+, y−) by combin-

ing the positive sample y+i = (es,i, cs,i) and the negative
sample y−i = (ew,i, cw,i), and incorporate it into the DPO
training set DDPO. We construct a total of 55,425 preference
pairs to support DPO training. A detailed case study of the
constructed training data is provided in Appendix B.

To verify the quality of the DPO training data, we ran-
domly sampled 10% for manual review. Two annotators
with mathematical reasoning backgrounds independently la-
beled each pair. The resulting Cohen’s Kappa coefficient of
k = 0.8421 indicates almost perfect agreement, confirming
the reliability of the chosen and rejected labels.

DPO-based Preference Learning for GHDM. DPO en-
hances the model’s probabilistic preference for better re-
sponses through pairwise comparisons of preference sam-
ples, thus enabling the modeling of preference signals and
supporting the calibration of reasoning confidence. We for-
mulate the hallucination detection task as a preference learn-
ing problem. Given an input x that consists of a math prob-
lem and its associated reasoning process, we construct a pair
of hallucination detection outputs {y+, y−}. In this setup,
y+ denotes the hallucination detection output produced by
a strong model, which serves as the preferred (and presum-
ably accurate) judgment. Conversely, y− corresponds to the
output generated by a weaker model and is treated as the less
preferred (and potentially erroneous) alternative. The goal is
to train a GHDM πθ that prefers y+ over y−, thereby im-
proving its ability to identify hallucinations in the reasoning
process for the same input x.

DPO aims to maximize the relative log-probability margin
between the preferred and less preferred outputs. The DPO
loss objective is formally defined as:

LDPO(θ) = − log σ

(
β ·
[
log

πθ(y
+ | x)

πθ(y− | x)

− log
πref(y

+ | x)
πref(y− | x)

]) (1)

where πθ and πref denote the conditional distributions of the
target and reference models, respectively. β is a temperature
parameter, and σ(·) is the sigmoid function. This objective
encourages the target model to prefer y+ over y− more con-
fidently than the reference model. Detailed training parame-
ters are provided in Appendix C.

3.2 Confidence Fusion Mechanism
To enhance the reliability of hallucination confidence es-
timation, we propose a fusion mechanism that integrates
two complementary scores: the global confidence score pre-
dicted by a GHDM and the local-level confidence score as-
sessed by a PRM. Given a problem qi and its associated rea-
soning process ri, the output of the GHDM πθ can be for-
mally represented as

πθ(qi, ri) 7→ (êi, ĉi), (2)
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Figure 2: The overall pipeline of ConfFuse involves generating multi-step reasoning processes from large reasoning models,
constructing a preference dataset based on strong–weak model agreement, and training a GHDM. It then incorporates local
confidence signals from a PRM, fuses global and local confidence within the framework, and finally applies a threshold-based
decision strategy to identify hallucinations in the reasoning process.

where êi denotes the global hallucination analysis explana-
tion, and ĉi ∈ [0, 1] represents the corresponding global con-
fidence score, indicating the reliability of ri.

Meanwhile, the PRM evaluates each step r
(j)
i in the

reasoning process and produces a sequence of local-level
scores {s(1)i , s

(2)
i , . . . , s

(n)
i }, where each s

(j)
i ∈ [0, 1] re-

flects the model’s confidence that step j is logically valid and
hallucination-free. To capture the weakest reasoning point
that may determine the overall correctness, we take the min-
imum score across all steps to represent the most vulnerable
part of the reasoning chain:

smin
i = min

j∈[1,n]
s
(j)
i , (3)

a higher value of smin
i indicates that even the weakest step

maintains logical validity.
The final fused hallucination confidence score fi is com-

puted as a convex combination of the two confidence scores:

fi = λ · ĉi + (1− λ) · smin
i , (4)

where λ ∈ [0, 1] is a tunable hyperparameter that balances
the importance of the model’s overall confidence and the
localized reasoning robustness. This fusion mechanism en-
ables a comprehensive assessment of both global consis-
tency and local vulnerabilities, and effectively mitigates the
limitations of relying on a single evaluation perspective, par-
ticularly in cases where global and local signals diverge. A

sample is ultimately classified as non-hallucinated if fi ≥ τ
and hallucinated otherwise, where τ ∈ [0, 1] denotes the
decision threshold. An information-theoretic analysis (Ap-
pendix D) demonstrates that the fused confidence score pro-
vides a more informative signal than either the global or lo-
cal score alone.

4 Experiments
4.1 Experiment Settings
Datasets. We evaluate the proposed method under both
in-distribution (ID) and out-of-distribution (OOD) set-
tings. For the ID evaluation, we merge the test datasets of
GSM8K (Cobbe et al. 2021) and MathQA (Amini et al.
2019)—denoted as (G+M) to align with the DPO training
setup. For the OOD evaluation, we adopt two mathematical
reasoning benchmarks, ASDiv (Miao, Liang, and Su 2021)
and SVAMP (Patel, Bhattamishra, and Goyal 2021), to
assess the model’s ability to detect hallucinations under
distribution shift. We use LRMs to automatically generate
step-by-step reasoning processes on the test sets, which
are then annotated for hallucinations to construct evalua-
tion data. Further dataset details are provided in Appendix E.

Models. We adopt Qwen3-1.7B/8B (Team 2025) as base
models for DPO training. The reasoning processes in
the OOD test datasets are automatically generated by

34623



DeepSeek-R1-Distill-Llama-8B (DeepSeek-AI 2025).
Hallucination labels are annotated using GPT-4o (OpenAI
et al. 2024). Based on the evaluation of PRM’s hallucination
detection capability in mathematical reasoning presented
in (Pala et al. 2025), we adopt Qwen2.5-Math-PRM-7B
as the local-level hallucination detector. In addition, we
employ Marco-o1 (Zhao et al. 2024) as an alternative LLM
architecture to evaluate the generalizability of ConfFuse.

Metrics. The following evaluation metrics are employed to
evaluate hallucination detection performance:

Accuracy (ACC). Measures the model’s ability to cor-
rectly distinguish hallucinated from non-hallucinated in-
stances.

F1 Score (F1). The harmonic mean of precision and re-
call, providing a balanced evaluation when false positives
and false negatives matter equally.

Area Under the Curve (AUC). AUC measures the ability
of the hallucination detection model to distinguish between
hallucinated and non-hallucinated samples across different
decision thresholds.

Expected Calibration Error (ECE). ECE reflects the reli-
ability of the model’s confidence expression, where a lower
value indicates that the model’s confidence aligns more
closely with its true performance, demonstrating better cali-
bration capability.

Pearson Correlation Coefficient (PCC). PCC quantifies
the correlation between global hallucination confidence
and local-level PRM scores. A lower PCC indicates greater
divergence between global and local assessments, suggest-
ing that the two provide complementary perspectives for
hallucination detection.

Baselines. We compare the proposed ConfFuse method
against four representative categories of hallucination de-
tection approaches: (1) Hallucination detection frameworks,
which directly assess the consistency or factuality of LLM
outputs using the model itself, such as SelfCheckGPT
(Manakul, Liusie, and Gales 2023); (2) LLM-as-a-judge
paradigms, which rely on a strong language model to judge
whether a reasoning process contains hallucinations, such
as DeepSeek-R1 (DeepSeek-AI 2025); (3) Process reward
models, which provide fine-grained local-level hallucina-
tion scores to evaluate logical correctness within reason-
ing chains, e.g., PathFinder-PRM-7B (Pala et al. 2025); (4)
Global hallucination detection models, which are fine-tuned
via DPO to distinguish between hallucinated and faithful
reasoning traces. A representative model in this category is
GHDM-8B, proposed in this paper. Implementation details
of the baselines and the proposed ConfFuse framework are
provided in Appendix A.

4.2 Main Results
Performance on the in-distribution test dataset. As shown
in Table 1, we train GHDM at two different parameter
scales: GHDM-1.7B and GHDM-8B. Compared to their re-
spective base models (Qwen3-1.7B and Qwen3-8B), these
models achieved AUC improvements of 3.9% and 4.65%
on the ID dataset, respectively, demonstrating that DPO

Figure 3: Confidence calibration results of GHDM-8B on
two datasets. The top plot shows results on the ID dataset,
and the bottom on OOD dataset. Each curve depicts the re-
lationship between predicted confidence and observed accu-
racy, partitioned into confidence bins. The dashed diagonal
line in the figure represents perfect calibration, where the
predicted confidence exactly matches the observed accuracy.

training enhances the hallucination detection capability of
the models. For the smaller GHDM-1.7B model, the F1
score also increases significantly by 8.64%, indicating that
even with a smaller parameter size, appropriate optimiza-
tion strategies can substantially boost hallucination detec-
tion performance. Compared to the current best-performing
PRM, Qwen2.5-Math-PRM-7B, GHDM-8B achieves an F1
score that is 6.26% higher, demonstrating a stronger capa-
bility for hallucination detection in LRM reasoning scenar-
ios. Moreover, compared with the QWQ-32B, GHDM-8B
achieves comparable performance in terms of F1 and accu-
racy, while further improving AUC by 4.55%. This suggests
that our DPO training strategy achieves overall performance
comparable to that of much larger models and demonstrates
superior hallucination detection capability. The ConfFuse-
8B framework, which integrates hallucination confidence
scores from both GHDM-8B and Qwen2.5-Math-PRM-7B,
achieves the best performance on the ID dataset. Specifi-
cally, its F1 score improves by 2.73% compared to GHDM-
8B and by 8.99% compared to Qwen2.5-Math-PRM-7B.
Performance on Out-of-Distribution Datasets. We eval-
uate the generalization ability of various hallucination de-
tection models on two OOD datasets: ASDiv and SVAMP.
Both GHDM-1.7B and GHDM-8B exhibit consistent im-
provements over their respective base models. On SVAMP,
GHDM-1.7B and GHDM-8B achieve AUC gains of 2.69%
and 2.26%, respectively, confirming that DPO training not
only enhances in-distribution performance but also improves
overall discriminative ability under distribution shift. More-
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Method Type Model G+M (ID) ASDiv (OOD) SVAMP (OOD)
AUC F1 ACC AUC F1 ACC AUC F1 ACC

HD Framework SelfCheckGPT 0.7300 0.6522 0.7243 0.6975 0.7876 0.8569 0.7590 0.6626 0.8250
ChainPoll 0.8506 0.8077 0.8319 0.9433 0.8552 0.9380 0.9604 0.8947 0.9233

LLM-as-Judge JudgeLRM-7B 0.7232 0.5997 0.6737 0.7939 0.5021 0.8324 0.7890 0.6239 0.7739
QWQ-32B 0.8789 0.8220 0.8379 0.9435 0.8071 0.9121 0.9507 0.8703 0.9125
DeepSeek-R1 0.9421 0.8538 0.8733 0.9571 0.8675 0.9351 0.9701 0.8831 0.9353

PRM ReasonEval-7B 0.7164 0.5848 0.6555 0.8067 0.4349 0.8350 0.7850 0.5402 0.8296
PathFinder-PRM-7B 0.8146 0.7350 0.7240 0.9171 0.7694 0.9001 0.9097 0.8260 0.8885
Qwen2.5-Math-PRM-7B 0.8802 0.7694 0.7994 0.9363 0.8023 0.9169 0.9405 0.8465 0.9052

GHDM Qwen3-1.7B-base 0.8032 0.6822 0.7558 0.8662 0.7493 0.8978 0.8531 0.7955 0.8554
Qwen3-8B-base 0.8779 0.8047 0.8296 0.9338 0.8363 0.9209 0.9468 0.8764 0.9333
GHDM-1.7B 0.8422 0.7686 0.8068 0.8585 0.7790 0.9169 0.8800 0.8216 0.8969
GHDM-8B 0.9244 0.8320 0.8491 0.9606 0.8550 0.9208 0.9694 0.8864 0.9343

ConfFuse ConfFuse-1.7B 0.8983 0.8008 0.8272 0.9335 0.7911 0.9188 0.9380 0.8467 0.9083
ConfFuse-8B 0.9360 0.8593 0.8739 0.9665 0.8709 0.9458 0.9777 0.8978 0.9365

Table 1: Performance of hallucination detection methods on ID and OOD datasets.

over, the ConfFuse framework, which integrates global and
local confidence scores, achieves further performance gains
across all evaluation metrics. On ASDiv, ConfFuse-8B sur-
passes GHDM-8B by 1.59% in F1 (0.8709 vs. 0.8550) and
2.50% in accuracy (0.9458 vs. 0.9208). Compared to the
strong baseline DeepSeek-R1, ConfFuse-8B achieves com-
parable performance, with similar F1 scores (0.8709 vs.
0.8675) and accuracy (0.9458 vs. 0.9351). These results
highlight the robustness and effectiveness of ConfFuse in
hallucination detection for LRM reasoning traces, demon-
strating its strong generalization capability across both ID
and OOD settings.
Confidence Calibration Analysis. As shown in Figure 3,
the base model exhibits a certain degree of miscalibration,
particularly in high-confidence regions where a clear gap
remains between predicted confidence and actual accuracy.
For example, on the ASDiv dataset, the base model achieves
only 57% accuracy in the highest confidence bin, while
GHDM-8B improves this to 100%; correspondingly, the
ECE decreases from 0.0833 to 0.0655. On the ID dataset,
ConfFuse raises the high-confidence accuracy from 79% to
87% and reduces the ECE from 0.1213 to 0.0991. These
results indicate that GHDM-8B further enhance confidence
calibration in high-confidence intervals.
Framework Generalization Analysis. We provide an ex-
tended discussion on the generalization capability of the pro-
posed framework in appendix F.

4.3 Parameter Sensitivity Analysis
We perform a parameter sensitivity analysis to assess the
impact of varying the global score weight λ (from GHDM)
and its complementary local-level weight 1−λ (from PRM)
in ConfFuse-8B, as illustrated in Figure 4. We report AUC
scores on the ID dataset and the OOD dataset SVAMP. On
the ID dataset, performance improves monotonically with
increasing λ, reaching a peak AUC of 0.936 at λ = 0.75.
A similar trend is observed on SVAMP, where the highest
AUC of 0.978 also occurs at λ = 0.75, suggesting that

Figure 4: AUC heatmaps under varying weights of global
and local-level confidence. The upper figure shows results
on ID dataset, and the lower on SVAMP. Each cell indi-
cates the AUC score for a specific weight combination, with
darker colors representing better performance.
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local-level robustness continues to contribute under distri-
bution shift. As both datasets favor a strong—but not ex-
clusive—reliance on global confidence, we adopt λ = 0.75
in all subsequent experiments. This configuration achieves
near-optimal results and underscores the importance of
combining global and local-level confidence for robust
hallucination detection. We provide a detailed threshold
analysis in Appendix G, confirming 0.5 as the optimal and
consistent choice with training.

4.4 Ablation Studies
Ablation Study on Reasoning Process in GHDM. We in-
vestigate the impact of explicitly generating step-by-step
reasoning in GHDM on hallucination detection perfor-
mance. Table 2 compares a GHDM under two inference set-
tings. On the ID dataset, enabling the reasoning process for
hallucination analysis in GHDM-1.7B improves the F1 score
from 0.5904 to 0.7686 (+17.82%) and ACC from 0.6981 to
0.8068 (+10.87%). The gains are even more pronounced on
OOD datasets: on ASDiv, F1 increases by 24.55%, and on
SVAMP by 27.20%. The GHDM-8B model exhibits a simi-
lar trend across all benchmarks. These results demonstrate
that, compared to relying solely on confidence scores, ex-
plicitly generating the reasoning process within GHDM
substantially improves hallucination detection capability
and enhances generalization performance in OOD sce-
narios.

Model G+M ASDiv SVAMP
F1 ACC F1 ACC F1 ACC

w/o R-1.7B 0.5904 0.6981 0.5335 0.8063 0.5496 0.7964
w/ R-1.7B 0.7686 0.8068 0.7790 0.9169 0.8216 0.8969
w/o R-8B 0.7947 0.8263 0.7193 0.8977 0.8098 0.8958
w/ R-8B 0.8320 0.8491 0.8550 0.9208 0.8864 0.9343

Table 2: We conduct an ablation study to evaluate the impact
of hallucination analysis generation on the hallucination de-
tection performance of GHDM. “w/o R” denotes models that
output only a global confidence score, while “w/ R” denotes
models that generate both hallucination analysis reasoning
and confidence scores.

Ablation Study of Confidence Fusion Mechanism. As
shown in Table 3, the F1 scores of different models are
presented on the ID dataset and OOD datasets (ASDiv),
comparing the results before and after applying the Conf-
Fuse confidence fusion mechanism. Integrating global and
local-level confidence scores leads to greater performance
changes in GHDM. For example, the F1 score of GHDM-8B
increases from 0.8320 to 0.8593 on the ID dataset and from
0.8550 to 0.8709 on ASDiv; GHDM-1.7B exhibits gains
of 3.2% and 1.2%, respectively. In contrast, the changes
observed in the Base models without DPO fine-tuning are
relatively limited. The F1 score of 1.7B-Base improves by
0.7 points on ASDiv, while 8B-Base shows minimal change
on the ID dataset (0.8047 to 0.8050) and a slight decrease
on ASDiv (0.8363 to 0.8346). These results indicate that
the fusion mechanism has a more pronounced impact on

models with established global discriminative capacity,
particularly under distribution shift, while its impact on
base models lacking hallucination-specific fine-tuning is
minimal.

Model G+M ASDiv

Qwen3-1.7B / ConfFuse 0.6822 → 0.7234 0.7493 → 0.7565
GHDM-1.7B / ConfFuse 0.7686 → 0.8008 0.7790 → 0.7911
Qwen3-8B / ConfFuse 0.8047 → 0.8050 0.8363 → 0.8346
GHDM-8B / ConfFuse 0.8320 → 0.8593 0.8550 → 0.8709

Table 3: Effect of ConfFuse confidence fusion on F1 scores
for G+M and ASDiv datasets.

4.5 Correlation Analysis Between Global and
Local Confidence Scores

Table 4 presents the results of a correlation analysis. As
the parameter scale of GHDM increases from 1.7B to 8B,
the PCC between the global and local confidence scores
rises from 0.6250 to 0.6911, indicating that improved rea-
soning ability enhances their correlation. Conversely, after
DPO training, the PCC values of GHDM decrease across all
three datasets compared to the base models, suggesting re-
duced alignment but increased complementarity between the
global and local confidence scores. These findings support
ConfFuse’s design goal of integrating both perspectives
to improve hallucination detection performance. We pro-
vide case studies in Appendix H that further illustrate the
complementary nature of PRM and GHDM in hallucination
detection.

Model G+M ASDiv SVAMP

Qwen3-1.7B 0.6331 0.7341 0.6958
GHDM-1.7B 0.6250 0.7175 0.6594
Qwen3-8B 0.7429 0.8217 0.7975
GHDM-8B 0.6911 0.7780 0.7694

Table 4: Pearson correlation coefficient of GHDM and base
models on the ID dataset and OOD datasets.

5 Conclusion
This paper proposes ConfFuse, a unified hallucination de-
tection framework that integrates global confidence scores
from a trained GHDM with local-level assessments from a
PRM. The GHDM is explicitly trained to evaluate hallu-
cination risk across entire reasoning chains, enabling cali-
brated and holistic detection. ConfFuse facilitates the accu-
rate identification of hallucinations within the reasoning pro-
cesses of LRMs on mathematical tasks. Our analysis under-
scores the importance of evaluating intermediate reasoning
steps, which are often overlooked by existing response-level
methods. Experimental results across multiple mathemati-
cal reasoning benchmarks demonstrate that ConfFuse con-
sistently outperforms strong baselines in hallucination de-
tection performance.
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