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Abstract

Large Reasoning Models (LRMs) extend large language
models with explicit, multi-step reasoning traces to enhance
transparency and performance on complex tasks. However,
these reasoning traces can be redundant or logically inconsis-
tent, becoming a new and hard-to-detect source of hallucina-
tion. Existing hallucination detection methods focus primar-
ily on answer-level uncertainty and often fail to detect hallu-
cinations or logical inconsistencies arising from the model’s
reasoning trace. This oversight is particularly problematic for
LRMs, where the explicit thinking trace is not only an impor-
tant support to the model’s decision-making process but also a
key source of potential hallucination. To this end, we propose
RACE (Reasoning and Answer Consistency Evaluation), a
novel framework specifically tailored for hallucination detec-
tion in LRMs. RACE operates by extracting essential reason-
ing steps and computing four diagnostic signals: inter-sample
consistency of reasoning traces, entropy-based answer uncer-
tainty, semantic alignment between reasoning and answers,
and internal coherence of reasoning. The joint utilization of
these signals makes RACE a more robust detector of halluci-
nations in LRMs. Experiments across datasets and different
LLMs demonstrate that RACE outperforms existing halluci-
nation detection baselines, offering a robust and generalizable
solution for evaluating LRMs.

Code — https://github.com/bebr2/RACE

Introduction
Large Reasoning Models (LRMs) have recently emerged as
a subclass of large language models (LLMs) specifically op-
timized for long-sequence, stepwise reasoning (DeepSeek-
AI et al. 2025; Team 2025; GLM et al. 2024; OpenAI 2024;
DeepMind 2025). These models are trained with large-scale
supervised fine-tuning and reinforcement learning to pro-
duce not only final answers, but also explicit and often
lengthy reasoning traces that outline the model’s decision-
making process. Such traces have demonstrated clear ad-
vantages in complex tasks such as multi-hop question an-
swering, code generation, and mathematical problem solv-
ing (Zhong et al. 2024). While these explicit reasoning traces
enhance transparency and often boost task performance,
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they also introduce new challenges: they can be redundant
or logically inconsistent (Arcuschin et al. 2025; Chen et al.
2025b). Such issues may lead the model to produce factu-
ally incorrect or misleading conclusions, even if the rea-
soning appears plausible. Consequently, hallucination detec-
tion (Zhang et al. 2023; Manakul, Liusie, and Gales 2023;
Su et al. 2024a,b) for LRMs must consider not only whether
the final answer is correct, but also whether the underlying
reasoning trace is coherent and well-grounded.

Despite these challenges, most existing black-box halluci-
nation detection methods focus solely on output-level uncer-
tainty, typically by sampling multiple answers and measur-
ing their consistency (Grewal, Bonilla, and Bui 2024; Abdal-
jalil et al. 2025). Techniques like SelfCheckGPT (Manakul,
Liusie, and Gales 2023) and Semantic Entropy (Kuhn, Gal,
and Farquhar 2023) follow this paradigm and are effective
when model outputs are short and self-contained. However,
such methods fail when applied to LRMs, where a signifi-
cant portion of the inference behavior is embedded within
the reasoning trace (Ke et al. 2025). In practice, multiple
samples may converge on the same final answer but follow
divergent or incoherent reasoning paths. These reasoning in-
consistencies often signal hallucinations that remain unde-
tected when evaluation is limited to final answers. There-
fore, hallucination detection in LRMs demands a broader
perspective that explicitly incorporates both the model’s rea-
soning trace and its alignment with the final answer.

To this end, we propose RACE (Reasoning and Answer
Consistency Evaluation), a novel black-box hallucination
detection framework designed for LRM, which explicitly in-
tegrates both the reasoning trace and the final answer into a
unified evaluation. RACE moves beyond traditional answer-
level approaches by jointly evaluating the model’s full rea-
soning–answer behavior. It decomposes hallucination de-
tection into four complementary components: (1) reasoning
consistency, which captures the diversity and coherence of
reasoning traces across multiple generations; (2) answer un-
certainty, measured via refined semantic entropy estimation;
(3) reasoning–answer alignment, which evaluates whether
the LRM’s main reasoning trace, when treated as context,
consistently leads to the sampled final answers with high
predictive confidence, indicating that the rationale genuinely
supports the model-generated answer space; and (4) reason-
ing internal coherence, measuring the proportion of specu-
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lative content within the reasoning path. To mitigate the im-
pact of noise in reasoning paths, RACE further includes a
chain-of-thought (CoT) (Wei et al. 2022) Extraction module
that distills the most relevant reasoning steps for each an-
swer. This integrated evaluation enables RACE to detect hal-
lucinations that previous methods may overlook, especially
in cases where the sampled final answers appear semanti-
cally consistent but are derived from flawed reasoning.

We validate RACE’s effectiveness across various datasets
under black- or gray-box settings, where neither our method
nor competing baselines require task-specific fine-tuning.
We compare RACE with a wide range of existing hal-
lucination detection methods, including probability-based
metrics such as Length-Normalized Predictive Entropy
(LNPE) (Malinin and Gales 2020), semantic uncertainty-
based approaches (e.g., Semantic Entropy, SINdex (Abdal-
jalil et al. 2025)), and SelfCheckGPT, which focuses on sam-
pled answer consistency. Across various LLMs, including
both general-purpose models and those optimized for rea-
soning, RACE achieves the best overall performance among
all baselines. Further ablation studies confirm the comple-
mentary value of each module in our framework and under-
score the necessity of modeling reasoning traces for effec-
tive hallucination detection. Taken together, our results high-
light RACE as a robust, generalizable solution to hallucina-
tion detection in models with explicit reasoning behavior.

To summarize, our contributions are as follows:

• We introduce RACE, a novel black-box hallucination de-
tection framework specifically designed for Large Rea-
soning Models. Unlike prior work that focuses solely
on final answers, RACE systematically incorporates both
the reasoning trace and answer into a joint evaluation.

• We design four complementary modules (reasoning con-
sistency, answer uncertainty, reasoning–answer align-
ment, and reasoning internal coherence) and a reasoning
distillation mechanism to jointly capture intra- and inter-
sample inconsistencies for hallucination detection.

• We conduct experiments across multiple benchmarks and
model families, showing that RACE consistently out-
performs existing hallucination detection baselines on
LRMs, while generalizing effectively to standard LLMs.

Related Works
Large Reasoning Models (LRMs)
Recent work on LRMs enhances the capabilities of LLMs
by introducing explicit and multi-step reasoning mecha-
nisms (Besta et al. 2025). By integrating planning, reinforce-
ment learning, and process supervision, LRMs can address
more complex tasks than conventional LLMs (Zhong et al.
2024; Guan et al. 2025). However, despite these gains, recent
studies show that LRMs remain prone to factual hallucina-
tions (Hughes et al. 2025; Lu et al. 2025), which limits their
reliability in knowledge-intensive applications.

Hallucination Detection
This work focuses on factual hallucination, a phenomenon
that LLMs can generate text that seems accurate but lacks

factual accuracy (Huang et al. 2023). Researchers have de-
veloped several techniques to identify these hallucinations.
SAPLMA (Azaria and Mitchell 2023) and MIND (Su et al.
2024b) show that one can train a hallucination classifier
based on the model’s internal states, while INSIDE (Chen
et al. 2024) utilizes the covariance matrix of the internal
states for detection. Binkowski et al. (2025) employs spec-
tral properties of attention maps to identify hallucinations.
However, these methods require white-box access to the
LLM, limiting their widespread use. Methods based on sam-
pling consistency are gaining traction due to their black-
or gray-box nature. SelfCheckGPT (Manakul, Liusie, and
Gales 2023) detects hallucinations by measuring discrep-
ancies between sampled answers and the primary answer.
Semantic Entropy (Kuhn, Gal, and Farquhar 2023) uses
a clustering approach, replacing token-level entropy with
semantic-level uncertainty, while SINdex (Abdaljalil et al.
2025) enhances this by assessing intra- and inter-cluster con-
sistency. Grewal, Bonilla, and Bui (2024) propose evaluat-
ing consistency through pairwise similarity of full response
embeddings. While these methods primarily target shorter
outputs, they may overlook the reasoning process, leaving
room to improve hallucination detection for LRMs.

Foundations of the RACE Framework
In this section, we introduce an information-theoretic for-
mulation of hallucination detection that motivates the de-
sign of our proposed RACE framework. While existing
sampling-based approaches typically assess output uncer-
tainty by sampling multiple answers and measuring their se-
mantic consistency (Kuhn, Gal, and Farquhar 2023; Man-
akul, Liusie, and Gales 2023), such methods are primar-
ily effective for short, self-contained responses that do not
involve complex intermediate reasoning. This assumption,
however, breaks down in the context of large reasoning mod-
els (LRMs), which produce explicit and often lengthy rea-
soning traces as part of their outputs. In these cases, a sub-
stantial portion of the model’s inference is embedded within
the reasoning process itself. As a result, even when final
answers appear consistent across samples, their correspond-
ing reasoning paths can diverge significantly, revealing hal-
lucinations that remain undetected by answer-only metrics.
Figure 1 demonstrates how agreement in final answers can
fail to reveal inconsistencies in the underlying reasoning
traces. Although most sampled outputs reach the same an-
swer (“New York”), their reasoning paths differ substantially
and contain hallucinated or unsupported claims, emphasiz-
ing the need for reasoning-aware hallucination detection.

To better characterize this phenomenon, we adopt an
information-theoretic perspective, modeling the joint uncer-
tainty over reasoning R and answer A given the question Q.
Specifically, we decompose the joint entropy as:

H(R,A | Q) = H(R | Q)+H(A | Q)−I(R,A | Q), (1)

This decomposition reveals three complementary sources of
uncertainty and alignment:
• H(R | Q): uncertainty in reasoning traces;
• H(A | Q): variability in final predictions;
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Okay, ... company founded by Robert Smith is headquartered in. ... 
Procter & Gamble ... Wait, I think the company is called Smith & 
Nance. ... I think the headquarters is in New York City. ...

Okay, ... Robert Smith ... He was a ... big figure at Ogilvy and 
MCDONALD ... The multinational company founded by Robert Smith, 
which is now part of Ogilvy, is headquartered in New York City.

Alright, ... company founded by Robert Smith is headquartered in. ... I 
think it's related to insurance... isn't it Smithson's Insurance? ... I 
think ... their headquarters is probably in Washington, D.C.

Main
Output

Sample
Outputs

... It is headquartered 
in New York City.

...  is headquartered in 
New York.

Robert Smith founded the multinational company headquartered in what city? 

The ... company ...  is  
in New York City.

...  its headquarters is 
in Washington, D.C.

Okay, ... William A. Smith is known for founding Smith Barney... 
So I need to find the headquarters city of Smith Barney. ... Smith 
Barney is based in New York City. ...  it's definitely New York.

Reasoning Paths Answers Consistency

Answer-
Level

Reasoning-
Level

Label:
Hallucination!

Figure 1: This figure illustrates the importance of incorporating reasoning paths in hallucination detection for LRMs. The exam-
ple is from HotpotQA. The model is DeepSeek-R1-Distill-Qwen7B. While three of the four final answers mention “New York
City,” the underlying reasoning traces reveal divergent and often inaccurate chains of logic. Red highlights indicate hallucinated
or unsupported claims that are absent from the final answers. Thus, evaluating only the answer-level output would misleadingly
suggest that the model is consistent with the answer, underscoring the need for reasoning-aware hallucination detection.

• I(R,A | Q): consistency between reasoning and answer
space, i.e., how strongly the reasoning supports the final
answer space.

Based on the above formulation, it becomes natural to con-
sider hallucination detection as a unified assessment of three
factors: the variability of reasoning traces, the uncertainty
of final answers, and the degree of alignment between the
two. This perspective provides a principled foundation for
developing more comprehensive frameworks for hallucina-
tion detection. In the next section, we present RACE, a prac-
tical implementation of this formulation that quantifies each
component through corresponding scoring mechanisms.

Methodology
Building on the information-theoretic formulation intro-
duced above, we now present RACE, a hallucination de-
tection framework that evaluates consistency across reason-
ing and answer components. In this section, we begin by
defining notations, then describe a CoT Extraction module
to distill key reasoning steps. Finally, we present the scoring
framework that evaluates hallucination risk based on rea-
soning consistency, answer uncertainty, reasoning-answer
alignment, and internal coherence, inspired by Equation 1.

Problem Formulation
Following the paradigm of existing consistency-based hallu-
cination detection methods, we generate a main output Omain
using greedy decoding, which better reflects the model’s de-
fault inference-time behavior, and sample N additional out-
puts O1, . . . , ON for consistency evaluation. Each output O
comprises a reasoning component (R) and a final answer
(A). The goal is to perform a binary classification to deter-
mine whether the main answer Amain contains factual hallu-
cinations. Note that RACE is designed to accommodate vari-
ous model types, including not only LRMs but also standard

instruction-tuned LLMs, each of which produce outputs in
different formats. We consider three representative settings:

• LRMs: The model explicitly outputs a reasoning trace R
(often enclosed in tags like <think>...</think>).

• Chain-of-Thought from Standard LLMs: The model
is prompted (e.g., “think step by step”) to generate rea-
soning before the answer, where R corresponds to the
CoT segment and A is the concluding answer.

• Direct Answers from Standard LLMs: We also con-
sider outputs where no explicit reasoning prompt is
given; in this case, we treat the entire output of the model
concurrently as both R and A, i.e., R = A = O.

After identifying R and A, we apply a CoT Extraction
module to distill key reasoning steps and reduce noise. This
serves as a foundation for the scoring framework introduced
in Equation 1 and is detailed in the next subsection.

Reasoning Trace Distillation
Reasoning traces generated by LRMs often include ex-
ploratory thoughts or redundant steps that do not directly
contribute to the final answer (Chen et al. 2025b). Such rea-
soning noise can obscure consistency assessment and reduce
the reliability of hallucination detection. To address this, we
propose a specialized CoT Extraction module designed to
distill concise, coherent reasoning segments directly relevant
to the model’s final prediction. Formally, we define a CoT
Extraction function f that identifies the minimal yet suffi-
cient reasoning steps required to derive the final answer:

C = f(Q,A,R), (2)

where Q is the input question, A is the predicted answer,
and R is the full reasoning trace. The extracted C serves as
a condensed and faithful summary of R, used as the founda-
tion for all subsequent scoring modules.
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To train the extraction function f , we construct a syn-
thetic training set via the following pipeline. Given a QA
pair (Q,A) from a seed question-answering dataset D, a
base reasoning model MR is prompted to generate an ini-
tial reasoning trace R and the answer A. Another powerful
LLM Mp (e.g., GPT-4o (OpenAI et al. 2023)) is then used
to summarize R into multiple candidate CoTs C1, . . . , Ck,
where each candidate is structured with step-wise markers
such as [STEP] to highlight the logical progression toward
the answer. To ensure the faithfulness and informativeness
of these summaries, we apply a two-stage filtering process.
First, we verify that each candidate Ci leads to the correct
answer A when used as input alongside Q in Mp. Among
the valid candidates, we select the most concise one, i.e., the
one with the fewest reasoning steps and the shortest token
length. Second, to further filter abstraction errors, we assess
the semantic alignment between each Ci and the original
reasoning trace R using a Natural Language Inference (NLI)
classifier, discarding candidates with entailment scores be-
low 0.9, which indicates a potential semantic mismatch.

The resulting (Q,A,R,C) tuples are then used to fine-
tune a small LLM Ms to learn the CoT extraction func-
tion f . The model is trained with a standard language mod-
eling loss over the generated output C, conditioning on
(Q,A,R) as input. Once trained, the extractor Ms is fixed
and used throughout all hallucination detection modules. It
is worth noting that the extractor is model-agnostic and task-
independent, making it applicable across different LLM set-
tings without requiring re-training.

RACE Scoring Framework
Inspired by Equation 1, we develop our scoring framework,
RACE, based on several aspects of consistency. Before com-
puting the hallucination score, the CoT Extractor transforms
each R in the main and sampled outputs into C, shifting the
estimation objective from H(R,A|Q) to H(C,A|Q).

Reasoning Consistency (SCC) To reduce computational
costs of calculating consistency over all pairs of reasoning
paths (which has quadratic complexity), we approximate
H(C|Q) by measuring the consistency between sampled
reasoning paths and the main path. We compare the main
CoT (Cmain) with sampled CoTs (Ci) on a step-by-step ba-
sis, weighting each step by its importance in Cmain:

SCC =
∑
j

wj

(
1

N

N∑
i=1

δ(C
(j)
main, Ci)

)
, (3)

where C
(j)
main is the j-th step of the main CoT, Ci is one of

the sampled CoTs, and δ(C
(j)
1 , C2) denotes the contradic-

tion probability between step C
(j)
1 and CoT C2, estimated

by an NLI classifier, which is generally trained to assess
whether the relationship between two sentences is entail-
ment or contradiction (implementation details are shown in
the next section). A higher SCC indicates lower reasoning
consistency and thus a greater likelihood of hallucination.

The weight wj reflects the importance of the j-th step of
C

(j)
main to Amain, aiming to downplay potentially redundant

steps after the CoT Extraction process. Specifically, we con-
catenate the main CoT (with m steps) and main answer as:

Q <think> C
(1)
main, . . . , C

(m)
main </think> Amain.

This sequence is input to an LLM, where the average atten-
tion scores from all tokens in Amain to those in C

(j)
main are

calculated and normalized to produce weights wj . We use
the CoT Extractor as a proxy to compute attention scores,
thus reducing deployment resources and maintaining black-
box compatibility with the evaluated LLM.

Answer Uncertainty (SAA) We employ SINdex (Abdal-
jalil et al. 2025) to estimate H(A|Q). SINdex refines seman-
tic entropy by adjusting cluster probabilities based on intra-
cluster similarity. The SINdex score is calculated as:

SAA = −
n∑

l=1

p′l log(p
′
l), (4)

where n is the number of clusters from the sampled answers,
and p′l is the adjusted proportion of the l-th cluster Cl:

p′l =
pl ·
∑

x,y∈Cl,x̸=y sim(emb(x), emb(y))(|Cl|
2

) . (5)

Here, pl is the original proportion of the cluster Cl, and
sim(emb(x), emb(y)) is the cosine similarity between the
embeddings of answers x and y within the cluster. The ad-
justment factor quantifies semantic coherence within cluster
Cl. Clusters with high internal dispersion receive a low ad-
justed proportion p′l. SINdex provides a more accurate mea-
sure of uncertainty regarding the answer.

Reasoning-Answer Alignment (SCA) To estimate the
negative mutual information component, −I(R,A|Q), we
assess the alignment between the main reasoning path and
the sample answer space generated by the LLM. Specifi-
cally, for the main extracted CoT and each sampled answer
Ai, we use token-level Length-Normalized Predictive En-
tropy (LNPE) (Malinin and Gales 2020) to quantify how
well Cmain (as context) predicts Ai:

SCA =
1

N

N∑
i=1

H̄M (Ai|Q,Cmain), (6)

where H̄M (y|x) computes the average output token entropy
(i.e. LNPE) by feeding x into the LLM M and constrain-
ing the output to be y. A higher SCA value suggests poorer
alignment between the main reasoning path and the sampled
answers, indicating a higher likelihood of hallucination in
Omain. We focus on alignment with Cmain because our pri-
mary goal is to detect hallucinations in the main output, and
computing the LNPE score for all sampled reasoning paths
and answers leads to quadratic time complexity. The CoT
Extractor serves as the model M for calculating LNPE.

Reasoning Internal Coherence (SCoh) We observe that
in LRMs, discrepancies can exist between the extracted CoT
(C) and the original thinking process (R). The model’s ini-
tial reasoning path R may include speculative threads or ex-
plorations that do not contribute to the final answer. A high
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proportion of such speculative content, absent from the con-
cise form C, may be associated with an increased rate of
hallucinations. Thus, for the LRMs setting, we additionally
extract entity sets from the main CoT (ECmain

) and the orig-
inal main reasoning process (ERmain

). We then compute:

SCoh = |ERmain \ ECmain |
/

|ERmain | , (7)

where “\” denotes the set difference operator. This score
quantifies the proportion of entities omitted from the orig-
inal reasoning in the distilled core CoT. Higher SCoh indi-
cates more speculation and potential hallucination.

Final Score Aggregation Finally, we combine these four
metrics into a unified hallucination score for Omain:

SRACE = SAA + SCA + SCC + SCoh, (8)

where the last term is designed specifically for LRMs. This
linear combination assigns equal weight to each compo-
nent, a choice justified by its empirical simplicity and inter-
pretability (Equation 1). A higher score indicates a greater
likelihood that Amain contains a hallucination.

Experimental Setup
Datasets and Metrics
We conduct our evaluation on the validation sets of four
widely-used question-answering datasets: TriviaQA (Joshi
et al. 2017), SQuAD (Rajpurkar, Jia, and Liang 2018), NQ-
Open (Kwiatkowski et al. 2019), and HotpotQA (Yang et al.
2018). Following Su et al. (2024b), the main output is gener-
ated using greedy decoding with a maximum length of 2048
tokens, which represents the model’s default output for de-
tection. For sample-based baselines, we sample 5 outputs us-
ing a temperature of 1.0 and top-p sampling with p = 0.95.
For LRMs, main outputs lacking the <\think> token are
filtered to ensure a final answer is provided. Following Ab-
daljalil et al. (2025) and Binkowski et al. (2025), we employ
the Area Under the Receiver Operating Characteristic curve
(AUROC) as the metric, where a higher AUROC indicates
better distinction between hallucinated and non-hallucinated
outputs. Following previous works (Chen et al. 2025a; Li
et al. 2024), we utilize Qwen2.5-32B-Instruct as an LLM-
as-Judge to assess whether an LLM’s answer contains hallu-
cinations by comparing it to ground truths.

Model Settings
RACE accommodates diverse model types and output for-
mats. To evaluate its generality, we consider 3 representative
settings reflecting the output styles of different LLM types:

• LRMs: This is our primary setting, where the model
explicitly generates reasoning traces. We evalu-
ate seven LRMs: DeepSeek-R1-Distill-Qwen-7B
(DS-7B), DeepSeek-R1-Distill-Llama-8B (DS-8B),
DeepSeek-R1-Distill-Qwen-14B (DS-14B), Qwen3-
14B (Q3-14B) (Yang et al. 2025), GLM-Z1-9B-0414
(Z1-9B) (GLM et al. 2024), QwQ-32B(Team 2025), and
DeepSeek-R1 (DeepSeek-AI et al. 2025). Inference for
DeepSeek-R1 is conducted via its official API.

• CoT Outputs from Standard LLMs: We evaluate
Qwen2.5-14B-Instruct (Yang et al. 2024) with prompt
“Think step by step”, thereby generating the CoT and a
final answer.

• Direct Outputs from Standard LLMs: We evaluate
Qwen2.5-14B-Instruct by directly providing the question
without any additional prompting.

Baselines

We compare RACE with several zero-resource hallucination
detection baselines based on sampling consistency. These
include Semantic Entropy (SE) (Kuhn, Gal, and Farquhar
2023), which refines token-level entropy via clustering;
SelfCheckGPT-NLI (SCG) (Manakul, Liusie, and Gales
2023), which uses an NLI model to identify inconsistencies;
Semantic Embedding Uncertainty (SEU) (Grewal, Bonilla,
and Bui 2024), which assesses consistency through average
pairwise embedding similarity; and the Semantic INconsis-
tency Index (SINdex) (Abdaljalil et al. 2025), which ex-
tends SE by modeling both intra- and inter-class inconsis-
tencies. We also evaluate Length Normalised Predictive En-
tropy (LNPE) (Malinin and Gales 2020) and P(true) (Kada-
vath et al. 2022). For DeepSeek-R1, API access limits eval-
uation with methods requiring output probabilities (LNPE,
P(true), and SE). These baselines are conducted at the an-
swer level, as semantic clustering or embedding typically
fail when applied to lengthy reasoning paths.

Implementation Details

For the CoT Extraction module, the seed dataset D is 2Wiki-
MultihopQA (Ho et al. 2020). For dataset construction, we
use DeepSeek-Distill-Qwen7B (DeepSeek-AI et al. 2025)
as the LRM MR, Qwen2.5-32B-Instruct as the powerful
summarizing model Mp, and deberta-v3-large-mnli (Man-
akul, Liusie, and Gales 2023) as the NLI model to filter er-
rors. The extraction model is trained from Llama-3.1-8B-
Instruct (Grattafiori et al. 2024).

For SAA (Answer Uncertainty), we align with the SIN-
dex setup, using all-MiniLM-L6-v2 (Reimers and Gurevych
2019) as the embedding model. To adapt lengthy model
outputs in our experiments, we adjust the SINdex cluster-
ing similarity hyperparameter to 0.9. For the SCC score
(Reasoning Consistency), we use deberta-v3-large-mnli, as
employed in SelfCheckGPT, for NLI comparisons. For
the SCoh score (Reasoning Internal Coherence), we use
en core web trf-3.8.0 (Explosion 2024) to extract entities.

To highlight RACE’s contribution, we compare it with
two simple methods integrating reasoning process analysis:

• SRR: A simple adaptation where the CoT component C
in SCC is replaced by the model’s original reasoning pro-
cess R, segmented by “\n\n”.

• RACEraw: A method that fully aligns with the RACE
framework but skips the CoT Extraction module, directly
evaluating consistency using the model’s original reason-
ing path (R), equivalent to SAA+SRA+SRR + SCoh.
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Dataset Method DS-7B DS-8B DS-14B Q3-14B Z1-9B QwQ-32B DS-R1 Q2.5-14B Q2.5-14B(CoT)

HotpotQA

LNPE 53.60 54.01 46.79 61.92 48.93 58.36 — 73.88 72.36
P(true) 50.36 48.39 43.37 62.60 73.07 66.61 — 73.25 67.07
SE 54.98 56.48 52.95 56.36 51.88 55.31 — 69.76 76.86
SEU 74.66 75.37 76.26 74.75 73.28 76.25 73.53 75.03 74.83
SCG 69.17 70.30 74.83 73.43 68.53 69.96 67.41 57.01 71.98
SINdex 74.50 74.98 76.17 75.80 74.18 78.19 75.43 73.26 77.19
SRR 61.22 58.50 65.56 59.65 58.10 66.32 53.85 60.71 54.60
RACEraw 75.48 75.58 76.82 75.51 75.23 79.09 75.58 74.23 76.71
RACE 77.62 78.56 79.73 78.41 77.93 81.01 76.71 75.90 79.87

TriviaQA

LNPE 53.70 49.93 45.91 69.94 46.84 65.57 — 79.76 68.02
P(true) 59.39 50.63 41.04 63.86 83.44 78.31 — 86.11 85.56
SE 62.33 59.66 61.10 65.75 60.79 65.23 — 80.78 83.63
SEU 74.42 76.73 82.47 86.08 80.24 88.13 80.17 82.27 77.05
SCG 75.42 76.76 84.83 84.37 73.80 78.53 51.67 67.86 86.63
SINdex 77.22 77.55 82.47 87.11 82.01 88.75 81.56 84.30 87.33
SRR 60.42 58.68 65.38 61.48 61.62 70.44 52.46 73.49 69.67
RACEraw 77.36 78.27 82.72 87.49 82.43 89.01 77.32 86.06 86.88
RACE 80.60 81.81 87.03 89.67 85.54 90.96 83.14 87.02 89.79

NQ-Open

LNPE 55.34 54.26 52.37 55.96 50.40 60.04 — 65.60 59.22
P(true) 63.45 47.76 52.98 63.58 69.08 68.42 — 70.12 70.01
SE 52.95 53.73 52.22 48.10 45.47 50.95 — 62.25 67.95
SEU 75.91 67.95 71.26 72.57 72.24 70.16 66.72 69.92 73.75
SCG 72.00 65.95 71.26 70.88 66.79 65.50 61.19 62.10 71.60
SINdex 72.24 65.48 70.41 71.52 73.19 72.45 66.48 66.83 71.60
SRR 65.98 56.63 64.26 62.41 55.95 62.82 53.86 63.19 62.15
RACEraw 75.80 67.47 73.14 68.06 74.66 74.08 70.03 71.03 73.97
RACE 78.61 72.14 75.80 75.83 77.81 76.30 73.04 71.29 75.68

SQuAD

LNPE 62.08 56.15 63.27 78.73 63.02 78.34 — 80.81 76.11
P(true) 47.66 52.06 54.47 46.24 76.95 50.75 — 79.16 77.56
SE 66.41 64.24 68.30 78.30 74.20 80.33 — 85.71 77.17
SEU 72.06 69.74 73.72 73.92 74.65 73.59 83.03 76.44 77.80
SCG 63.16 58.41 64.63 71.85 57.58 57.01 66.80 60.71 75.41
SINdex 71.20 69.51 73.82 78.74 77.28 79.16 88.30 85.69 82.05
SRR 55.31 48.77 49.21 50.31 59.13 54.07 71.23 71.61 49.75
RACEraw 70.81 68.91 72.68 78.34 74.97 74.70 84.71 84.20 73.08
RACE 78.27 74.43 79.03 79.87 79.37 77.40 88.95 85.02 83.65

Table 1: The overall experimental results. DeepSeek-R1 outputs are obtained via the official API, so gray-box methods (LNPE,
P(true), SE) cannot detect its hallucinations in this setup. “Q2.5-14B” denotes Qwen2.5-14B-Instruct in direct output mode,
while “Q2.5-14B(CoT)” includes CoT; other models are LRMs. The metric is AUROC. Best and second-best results are in bold
and underlined, respectively.

Experimental Results
We address three key research questions: (RQ1) whether
jointly evaluating answer and reasoning provides a useful
signal for hallucination detection; (RQ2) whether the struc-
ture and noise in initial reasoning paths affect the assessment
of reasoning consistency; and (RQ3) how RACE alleviates
the delay caused by considering additional reasoning parts.

Main Results
Detailed main results are shown in Table 1. Overall,
sampling-based hallucination detection methods outperform
probability-based ones, as they incorporate a larger amount
of sampling information. Moreover, for RQ1, the results
show that RACE generally outperforms existing sampling-
based and probability-based methods across four datasets
and seven LRMs in most cases. Strong baselines such as

SEU and SINdex achieve the best baseline performance on
specific models or datasets. However, RACE consistently
outperforms them in LRM settings. Moreover, RACEraw out-
performs baselines in many scenarios, achieving the second-
best performance, whereas a simple assessment of reason-
ing consistency (SRR) yields poor results. This further high-
lights the effectiveness of the joint evaluation approach.
Furthermore, RACE shows strong generalizability. When
applied to Qwen2.5-14B-Instruct generating CoT outputs,
RACE significantly exceeds the best baselines. This sug-
gests that RACE’s analysis of LRM’s reasoning component
likewise applies to standard instruct models. Even in the
direct output setting, RACE provides competitive or supe-
rior performance compared to baselines. In this setting, all
sampling-based methods utilize the same information. Due
to its multi-dimensional scoring and structured extraction of
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Inference Time Percentage

LLM’s Greedy Response 30.91s 100.0%

SINdex LLM’s Response 43.28s +40.7%SINdex Score +0.02s

SRR
LLM’s Response 43.28s +54.3%SRR Score +4.40s

RACE
LLM’s Response 43.28s

+49.4%CoT Extraction +2.10s
RACE Score +0.82s

Table 2: Efficiency from generation to detection, showing
total time and the percentage of additional time compared
to the greedy response. “LLM’s Response” includes main
and sampled outputs via batch inference. All RACE compo-
nents are parallelized; SCC is the slowest (0.82s), followed
by SCA (0.24s), while the others are negligible.

potential reasoning processes, RACE continues to surpass
the other baselines. This indicates that jointly evaluating an-
swer and reasoning consistency is beneficial even when ex-
plicit reasoning steps are not prompted.

Regarding RQ2, we compare RACE against RACEraw,
which aligns with RACE but using the original reasoning
paths to evaluate consistency. The results show that RACE
outperforms RACEraw across all models and datasets, indi-
cating that noise within the original reasoning paths compro-
mises consistency assessment. By extracting these paths into
more concise, structured CoTs, RACE facilitates the detec-
tion of hallucinations associated with the reasoning process.

Efficiency Analysis
To address RQ3, Table 2 shows the average detection time.
We randomly select 100 questions from NQ-Open, using
DS-8B with a single 80G GPU. In sample-based hallucina-
tion detection, the primary overhead stems from generating
additional responses: producing both main and sampled out-
puts requires about 40% more time than the main response
alone, while computing the hallucination score adds mini-
mal overhead. However, reasoning-level hallucination detec-
tion introduce more delay than answer-level methods, as rea-
soning paths are generally lengthy and complex. RACE sim-
plifies the reasoning path using the CoT Extraction module,
achieving significantly better performance than the naive
baseline (SRR) with fewer additional delays. Additionally,
RACE involves deploying a 8B CoT Extractor. Compared
with larger state-of-the-art reasoning LLMs (for example,
DeepSeek-R1 at 617B), this deployment overhead is accept-
able. For applications demanding high reliability, the trade-
off between overhead and accuracy is often needed.

Ablation Study
Ablation of each component: Table 3 reveals the contri-
bution of each component in RACE. Removing any single
component generally leads to a decrease in performance. Us-
ing a single component results in lower performance, con-
firming that all components contribute complementary sig-

DS-7B DS-8B DS-14B Z1-9B QwQ-32B

RACE 77.62 78.56 79.73 77.93 81.01
w/ avg. SCC 77.09 78.02 79.18 77.57 80.81

w/o SCoh 77.48 78.15 79.46 77.51 80.86
w/o SAA 75.43 77.79 79.50 77.45 80.02
w/o SCA 77.26 77.82 79.50 77.48 80.49
w/o SCC 75.08 76.08 76.40 75.24 78.97

only SCoh 51.07 56.95 56.08 55.98 57.39
only SAA 74.50 74.98 76.17 74.18 78.19
only SCA 68.83 68.76 67.33 68.35 69.43
only SCC 74.98 75.49 79.81 76.76 79.46

Table 3: The ablation study of each component on Hot-
potQA. “w/ avg. SCC” means when calculating SCC , the
importance weighting for each step is not applied.

RACE RACE+ Optimal Weights

Q3-14B(NQ) 76.55 79.71 0.09 / 0.49 / 0.37 / 0.06

Q3-14B(HotpotQA) 78.33 78.76 0.13 / 0.35 / 0.29 / 0.23

DS-8B(NQ) 72.30 76.82 0.03 / 0.34 / 0.34 / 0.28

DS-8B(HotpotQA) 78.46 79.73 0.10 / 0.35 / 0.33 / 0.22

Table 4: AUROC values (first two columns) and normalized
optimal weights (last column) from optimizing RACE com-
ponent coefficients (RACE+), ordered as in Equation 8.

nals for effective detection. Note that using only the Rea-
soning Consistency score (only SCC) achieves the best per-
formance among all single components, highlighting the im-
portance of detecting consistency among reasoning paths.
Weight optimization of each component: In our main ex-
periment, we assign equal weights to each RACE compo-
nent for interpretability (Equation 1) and to avoid fine-tuning
that may lead to unfair comparisons. Table 4 shows further
gains from weight optimization. We use the first 20% of each
dataset for training and the rest for testing. On the training
set, we perform a grid search over [0, 1] with 0.05 incre-
ments, normalize the best-performing weights, and evaluate
on the test set. Results (the column of RACE+) show that
optimized weights can further improve RACE, though the
best configurations vary across models and datasets, which
suggest that RACE has strong potential in real-world appli-
cations. The results also demonstrate that despite their vary-
ing importance, all four components are indeed effective.

Conclusion

In this work, we introduce RACE, a novel black-box halluci-
nation detection framework. By jointly assessing the consis-
tency of the reasoning process and final answer, RACE pro-
vides fine-grained detection of hallucinations. Experimental
results show that RACE significantly outperforms existing
methods across multiple datasets and LLMs, highlighting its
robustness and generalizability for hallucination detection.
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